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Abstract 

This collection of 101 published papers is based on 19 years of research, mainly in South 

Africa and recently also in Australia. The main thrust of this work was the simulation of 

mineral processing operations where conventional modelling was inadequate owing to 

their ill-defIned nature. These papers presented some of the fIrst applications of 

knowledge based systems and neural networks to mineral processing problems. 

A new methodology was proposed for modelling ill-defmed kinetic processes by relating 

rates to process conditions via non-parametric methods. The kinetic and equilibrium 

parameters could be related to adjustment factors if reference conditions changed. These 

methods were applied to batch and continuous flotation, leaching and adsorption systems 

as well as pyrometallurgical processes. In the case of continuous process data intrinsic 

reaction rates could be back -calculated and then related to process conditions via a neural 

net. It was explained how the configuration of mineral processing circuits could be 

optimised by a two-stage linear programming method where the constraints were 

determined interactively by a knowledge based system or neural network. In the case of 

non-linear system constraints neural nets were shown to detect and locate gross errors 

efficiently in material balancing problems. Several novel hybrid neural net architectures 

were proposed which allowed the integration of parametric fundamental knowledge with 

non-parametric heuristic knowledge. Furthermore, it was shown how neural nets could be 

used to extract knowledge from historical process data records. 

Pioneering work was conducted on the application of textural image analysis to flotation 

froth surfaces and ore particles on a conveyor belt. It was possible to relate image 

features to metallurgical performance via neural net architectures. Different types of 

topological maps were used to classify froth types, to track the proflle of changes in 

process and flotation conditions, and to relate froth class to concentrate grade and 

recovery. Perturbations in the comminution circuit were reflected in perturbations in the 

froth image features and metallurgical performance. It was also shown that the spray 
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angle of a hydrocyc1one as determined by image analysis could be used as input to a soft 

sensor for predicting size distribution. 

A model was developed to combine transport phenomena in the froth phase with fluid 

flow behaviour in order to optimise mechanical cells and flotation columns. Rate 

constants for the various sub-processes were determined by fitting models to 

concentration profiles measured at industrial plants. It was shown that the behaviour of 

the froth phase during the flotation of sulphides, gold and uranium was affected by 

galvanic interaction between metallic iron and the individual mineral species. A 

conceptual model was developed for the flotation behaviour of free gold in the presence 

of refractory sulphides for different oxidative conditions and different sequences of 

reagent addition. 

The use of diagnostic leaching to evaluate the efficiency of mineral processing operations 

was explained in detail. A first attempt was made to relate diagnostic leaching data to 

mineral liberation via semi-empirical equations and neural nets. It was explained how the 

liberation patterns of different types of gold ore could be distinguished by using 

topological maps. The mechanisms of selected sundry processes such as electrokinetic 

solid-liquid separation, flow splitting, induced aeration and jet reactors were also 

investigated. 
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Samevatting 

Hierdie versameling van 101 publikasies is gebaseer op navorsmg oor 19 jaar, 

hoofsaaklik in Suid-Afrika en onlangs ook in Australie. Die fokuspunt van hierdie werk 

is die simulasie van mineraal prosesserings operasies waar konvensionale modellering 

ontoereikend is vanwee swak gedefmieerdheid. Hierdie publikasies toon van die heel 

eerste toepassings van kennis gebaseerde stelsels en neurale netwerke op mineraal 

prosesserings probleme. 

'n Nuwe metodiek is voorgestel vir die modellering van swak gedefinieerde kinetiese 

prosesse deur die reaksie tempo's te verbind met proses toestande via nie-parametriese 

tegnieke. Die kinetiese en ekwilibrium parameters is in verb and gebring met 

. verstellingsfaktore indien die verwysingstoestande verander het. Hierdie metodes is 

toegepas op enkellading en kontinue flottasie, loging en adsorpsie stelsels, asook op 

pirometallurgiese prosesse. In die geval van kontinue proses data kon die intrinsieke 

reaksie snelhede terugbereken word en in verb and gebring word met proses toestande via 

'n neurale net. 'n Twee stadium lineere programmerings metode is voorgestel vir die 

optimale ontwerp van mineraal prosesserings aanlegte deur die beperkings interaktief te 

bepaal met 'n kennis gebaseerde stelsel of neurale netwerk. In die geval van nie-lineere 

stelsel beperkings is getoon dat neurale nette effektief buitengewone foute kon uitken en 

opspoor in massabalans probleme. Verskeie nuwe hibriede neurale net argitekture is 

voorgestel om parametriese fundamentele kennis te integreer met nie-parametriese 

heuristiese kennis. Verder is getoon hoe neurale nette gebruik kan word om kennis te 

ekstraheer uit historiese rekords van proses data. 

Pioniers werk is gedoen om tekstuur gebaseerde beeldanalise tegnieke toe te pas op 

flottasie skuim oppervlaktes en erts partikels op 'n vervoerband. Dit is moontlik om beeld 

kenmerke in verb and te stel met metallurgiese doeltreffendheid via neurale netwerk 

argitekture. Verskeie topologiese afbeeldings is gebruik om skulln tipes te klassifiseer, 

om die profiele van veranderings in proses en flottasie toestande te volg, asook om die 

skuim klas in verb and te bring met herwinning en konsentraat graad. Versteurings in die 
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groottereduksie aanleg is afgebeeld deur ooreenkomstige versteurings in die skuim 

kenmerke en metallurgiese gedrag. Daar is ook getoon hoe die sproei hoek van 'n 

hidrosikloon soos bepaal deur beeldanalise, gebruik kan word as inset tot 'n sagte sensor 

om partikelgrootte verspreiding te voorspel. 

'n Model is ontwikkel om oordragsverskynsels in die skuimfase te kombineer met 

vloeipatrone om sodoende meganiese flottasie selle en kolomme te optimeer. 

Snelheidskonstantes vir die verskeie sub-prose sse is bepaal deur modelle te pas op 

konsentrasie profiele soos gemeet op industriele aanlegte. Daar is getoon dat die gedrag 

van die skuim fase in die flottasie van sulfiede, goud en uraan bemvloed word deur 

galvaniese interaksie tussen yster metaal en die onderskeie mineraal spesies. 'n 

Konseptuele model is voorgestel vir die flottasie gedrag van vrye goud in die 

teenwoordigheid van weerbarstige sulfiedes onder verskillende toestande van oksidasie 

en volgorde van reagens byvoeging. 

'n Gedetailleerde verduideliking is gegee vir die aanwending van diagnostiese loging om 

die doeltreffendheid van mineraal prosesserings operasies te evalueer. Diagnostiese 

loging data is vir die eerste keer in verband gebring met mineraal vrystelling deur semi

empiriese vergelykings en neurale nette. Daar is verduidelik hoe die vrystellingspatrone 

van verskeie goud erts tipes onderskei kan word deur 'n topologiese afbeelding. Die 

werking van verskeie prosesse soos elektrokinetiese vloeistoflvastestof skeiding, vloei 

verde ling, geYnduseerde belugting en spuit reaktore is ook ondersoek. 
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1. Scope of Submission 

In 1981 Jannie van Deventer started a major research programme on mineral processing at the 

University of Stellenbosch. From the beginning the research has been directed at both mineral 

. processing problems as well as hydrometallurgy and pyrometallurgy. This is unusual, because 

most researchers specialise only in one of these areas. The main unit operation studied in 

mineral processing has been froth flotation, with an emphasis on the froth phase rather than 

the pulp phase as investigated by most other researchers. Adsorption onto activated carbon 

and leaching of gold ores have been the main focus of the hydrometallurgical research, while 

the pyrometallurgical work has emphasised carbothermic reduction of metal oxides. Both the 

chemical mechanisms governing these systems as well as their mathematical modelling have 

been studied. 

Even in the early 1980's it became evident that conventional mathematical modelling 

techniques have limited value in simulating these complex systems which are to a large extent 

ill-defined. Often the relationship between variables is convoluted and difficult to establish 

from industrial process data. It is for this reason that artificial intelligence techniques were 

developed in collaboration with Markus Reuter at the end of the 1980's. With the rapid 

development of computer technology and advances in the field of neural networks the initial 

work on hybrid knowledge based systems was superseded by the development of special 

hybrid neural network architectures. These techniques were applied to mineral processing 

operations, hydrometallurgical unit processes as well as selected high-temperature processes. 

It was also shown that neural nets could be applied to a wide range of other ill-defined process 

engineering problems. 

In many mineral processing operations such as froth flotation visual information contributes 

to operational decision making. Nevertheless, at the time no formal method was available to 

capture this knowledge on-line. The development of computer vision techniques for froth 

flotation, the spray angle of a hydro cyclone and ore particles on a conveyor belt was 

consequently a natural extension of the work on artificial intelligence techniques. The thrust 

of the contribution is encompassed in the integration of textural computer vision methods 

with neural network architectures. 
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Multidisciplinary research usually yields new knowledge at the interface of disciplines. As a 

result of the research on leaching of refractory gold ores and the work on mineral processing, 

new methods were developed for interpreting diagnostic leaching data in terms of mineral 

liberation. It was also logical to apply neural nets to identify this ill-defined relationship 

between diagnostic leaching behaviour and the liberation of the host minerals in terms of 

particle size distribution. 

For the purpose of this submission it was decided to divide the published research into two 

categqries, as listed in Sections 3 and 4. The papers on the mechanisms of mineral processing 

operations and their modelling are listed in Section 3. Most of these papers discuss the 

development of artificial intelligence and computer vision techniques specifically to meet the 

needs of mineral processing problems. However, some hydro metallurgical and high 

temperature applications are also discussed in these papers in order to demonstrate general 

applicability. Only the papers listed in Section 3 should be considered to formally constitute 

this submission. Many of the presentations listed in Section 4 are relevant to this submission, 

but are not available in a published form and overlap in any case with the papers in Section 3. 

The papers on hydro metallurgy , pyrometallurgy and waste processing listed in Section 4 do 

not form part of this submission, but are nevertheless listed in order to give a complete profile 

of the research by Jannie van Deventer. These papers also help to explain the rationale behind 

some of the work on artificial intelligence discussed in the submission. 

The research papers included in this submission are placed in the following categories: (1) 

Process synthesis, (2) Knowledge based systems, (3) Neural networks: Theoretical concepts, 

(4) Neural networks: Applications, (5) Computer vision, (6) Froth flotation and interfacial 

phenomena, (7) Fluid mechanics, and (8) Diagnostic leaching. This categorisation is not 

absolute and a certain degree of overlap is inevitable. The content and context of these papers 

are summarised in Section 6 of this submission. Copies of the actual papers are given within 

each of the categories mentioned above in Sections 7 to 14. The personal role of Jannie van 

Deventer in the submitted research is explained in Section 2, especially in view of the fact that 

all the work has been conducted in collaboration with postgraduate students and co-workers 

over 19 years. Whereas Section 6 explains the significance of each submitted research paper, 
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Section 5 summarises the impact of the entire submission in terms of a citation count and the 

transfer of research results to industry. At the end of Section 4 a list of postgraduate students 

who have graduated from this research is provided. If nothing else, it is evident that the 

research has contributed substantially to the advanced education of professionals. 
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2. Personal Role in Research 

Unless stated to the contrary below, all research was planned, initiated and managed by Jannie 

van Deventer (JvD) in his role as supervisor of research students. Upon graduation many of 

these ex-students have continued to collaborate with JvD, so that papers have appeared with 

these ex-students over many years. In the majority of papers included in this submission the 

actual research work was conducted by the students and co-workers under the guidance of 

JvD. Unless the entire paper was written by JvD, the student was usually placed as the first 

author. There are a few papers such as numbers 3, 5, 10, 67, 74 and 75 (listed in Section 3) 

which were written solely by JvD with the co-workers placed as the first authors. As many of 

the co-authors of the papers listed in Section 3 were not Anglophone JvD had to do 

substantial rewriting of many papers. Therefore, the contribution of JvD to most of the listed 

papers was substantial in terms of planning, structuring, interpretation and editing. 

Communication with the editors of journals, textbooks and conference proceedings in the 

process of submission of papers was conducted by JvD for more than 80% of the papers, 

except for the following papers, where JvD has been closely involved in such communication: 

15, 21, 27, 35, 47, 48, 53, 54, 55, 57, 60, 83, 85, 86, 90, 95, 96 and 101 (as listed in Section 

3). While the composition of the research team has always been in a state of transition over 

the 19 years of this work, JvD has clearly provided the leadership and continuity. The 

~espective contributions of JvD and co-workers to ideas in each of the research categories of 

Section 3 will be explained below. 

Process Synthesis 

Jim Green initiated the work on the application of linear programming to the optimisation of 

flotation circuits. In 1984 and 1985 JvD supervised Markus Reuter and the principles 

eventually published were the result of a true team effort. In 1990 JvD solely proposed and 

planned the work on gravity separation circuits executed by Keith Anthony. Based on the 

plant experience of Johan Rademan during his project supervised by JvD and Leon Lorenzen, 

JvD proposed in 1993 that an off-line simulation programme for the repulp section should be 

developed. The programming was conducted by Johan Rademan, but the suggestions by JvD 

were instrumental in achieving a positive outcome. 
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Knowledge Based Systems 

As an extension of the work on process synthesis, JvD and Markus Reuter in a team effort 

identified the need for artificial intelligence to capture heuristic knowledge in process systems 

during 1987. The ideas for the overall knowledge based structure were proposed more by 

Markus Reuter, while JvD played a key role in integrating this structure with processing 

systems and reaction kinetics during 1990. The use of a knowledge base to determine the 

constraints in a two-stage linear programming system was a natural sequence to the work on 

process synthesis, for which JvD and Markus Reuter could claim equal credit. JvD and 

Markus Reuter developed the generalised kinetic model for incorporation in the knowledge 

base as a true team effort from 1989 to 1991. The development of a knowledge based 

structure for gold leaching in columns was proposed and planned by JvD in 1990, although 

the programming was conducted by Wimpie van der Merwe. 

Neural Networks: Theoretical Concepts and Applications 

Tjaart van der Walt suggested in 1990 that the knowledge based approach should be replaced 

by neural nets as part of his thesis. In 1991 Markus Reuter suggested independently to JvD 

that a major research effort should go into neural nets for reaction kinetic problems. 

Consequently, Tjaart van der Walt spent time with Etienne Barnard at the University of 

Pretoria during 1990 and 1991 to learn about cutting edge work on neural networks at that 

stage. Subsequently, numerous papers have appeared on neural nets in which Markus Reuter 

played a key role together with JvD in directing research. The generalised neural net kinetic 

rate equation was a culmination of the knowledge based work and new neural network 

research, for which Markus Reuter and JvD could claim equal credit. The idea to combine 

heuristic and fundamental knowledge in a neural net architecture was proposed by JvD, while 

the development and programming of the specific configuration was done by Tjaart van der 

Walt. JvD proposed the partitioning of the variable space of high-dimensional systems and the 

back-calculation of rate information from continuous systems. The idea to apply neural nets to 

metal-slag equilibrium and other high temperature processes was offered by Markus Reuter. 

The research on neural networks progressed rapidly when Chris Aldrich joined the team as a 

mature PhD student in 1991. JvD proposed that neural nets should be used for material 

balancing and process synthesis by decoupling of recycle streams in circuits. The associated 
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work on gross error detection and location was suggested by Chris Aldrich, who developed 

the theory and various network structures in close collaboration with JvD. All the published 

applications of neural nets to processing problems were initiated and planned by Chris 

Aldrich and JvD as a true team effort. JvD solely proposed the use of neural nets for solvent 

extraction systems and the kinetic modelling of thermal decomposition processes. 

Computer Vision 

When it became evident that more heuristic knowledge should be obtained on-line in order to 

provide adequate information as input into a neural network for prediction of plant 

performance, JvD propo~ed the video graphic monitoring of processes. In an exchange of 

ideas between JvD and Wayne Stange during 1992 it became evide.I1t.that computer vision of 

flotation froth was an obvious choice. Wayne Stange then also proposed the video graphic 

monitoring of the spray angle of a hydro cyclone. Derick Moolman joined the team in 1993 as 

a PhD student and made an enormous contribution regarding the development of image 

analysis tools and the practical implementation of the technology. Chris Aldrich contributed 

substantially to the integration of neural net theory with image analysis results. This was such 

a talented team that less need for reliance on the intellectual input from JvD for rapid 

progress. Nevertheless, JvD played a key role in guiding Derick Moolman and Chris Aldrich 

to achieve practical and research goals. JvD proposed the direct application of neural nets to 

pixel data, while Derick Moolman suggested the use of textural methods for feature extraction 

and Chris Aldrich proposed the application of topological maps to froth features. The progress 

in this field was the result of a true team effort between Derick Moolman, Chris Aldrich and 

JvD. 

JvD was responsible for supervising the work of Morne Bezuidenhout on several plants in 

Australia. JvD has been intimately involved in the interpretation of these data sets. JvD has 

also proposed the separation of long term shifts from short term fluctuations in metallurgical 

and computer vision data. Together with Chris Aldrich, JvD supervised the work of Kurt 

Petersen on image analysis of hydrocyclone underflow and particles on a conveyor belt. JvD 

was closely involved in the modelling of underflow spray angles and made several 

suggestions for relating such values to particle size data. Although Kurt Petersen proposed the 

use of variance and range operators for determining particle size distributions, JvD proposed 
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the integration of this infonnation with an overall simulation programme for closed circuit 

comminution. 

Froth Flotation and Interfacial Phenomena 

Robert Dunne suggested the flotation problem investigated by JvD and Victor Ross in 1983 

and 1984. Robert Dunne was largely responsible for experimental planning in view of a lack 

of flotation experience by JvD at that stage. However, together with Victor Ross, JvD played 

a key role in the interpretation of flotation and electrochemical results. The subsequent re

interpretation of results in tenns of galvanic interactions was conducted solely by JvD from 

1991 to 1995. JvD was invited in 1996 to supervise the thesis of Adam Teague on the 

flotation of gold ore at the Royal Melbourne Institute of Technology. From 1996 to 1998 JvD 

solely proposed the entire research programme investigating the behaviour of free gold versus 

locked gold, and he also played a major role in the interpretation of results. The actual work 

was conducted by Adam Teague. The methodology of linking the flotation of uranium to its 

associated mineralogy was proposed by JvD, although Leon Lorenzen participated in the 

execution of the project. 

In 1983 Frikkie Cloete suggested to JvD that the flotation process could be intensified by 

sparging air into a hydrocyclone. At the same time Robert Dunne alerted JvD to the work 

already conducted by Jan Miller of Utah. JvD subsequently decided to continue with the 

design of Jan Miller and involved Frikkie Cloete in the project. JvD played a pivotal role in 

interpreting results and modifying the original Miller design. JvD solely planned subsequent 

work in 1987 and 1988 where the distribution of air along the length of a porous cylinder was 

modified. While Victor Ross was employed by Mintek, frequent interaction with JvD in 1986 

and 1987 led to the concept of modelling the mass transport phenomena in flotation froths in 

tenns of rate processes and flow patterns resulting from mechanical design. The ideas in this 

work were the result of team work by Victor Ross and JvD, but the actual modelling, 

programming and practical work were conducted solely by Victor Ross. The design of a 

moving froth bed to support hydrophilic particles, while hydrophobic particles act as film 

breakers, was proposed by Victor Ross. Together with Leon Lorenzen, JvD supervised this 

project of Wynand van Dyk. JvD played a key. role in research planning, equipment design 

and the subsequent modelling of results not yet published. 
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The work on' electrokinetic solid/liquid separation was proposed by staff from De Beers 

Research Laboratories in 1984, but'the project was supervised entirely by JvD. The principles 

of modelling electro-osmotic dewatering were developed by JvD, but the computational work 

was conducted by Markus Reuter. 

Fluid Mechanics 

During the Master's research by Andre Burger in 1984 it became evident that segregation of 

coars,e particles during flow-splitting was a problem. It was JvD's initiative that this problem 

was investigated and he also proposed a final practical solution. The work on induced aeration 

was initiated and planned entirely by JvD in 1983, but executed by Chris Aldrich. In 1993 

JvD proposed and designed a jet reactor system for gold leaching, which was subsequently 

used by Leon Lorenzen, JvD and co-workers in a test programme. The concept of the high

intensity gas-liquid jet reactors investigated by Gideon Botes was developed solely by JvD in 

1994. JvD also played a key role in the interpretation of the mass transfer results. 

Diagnostic Leaching 

The concept of diagnostic leaching was developed by Leon Lorenzen in collaboration with 

co-workers at the Anglo American Research Laboratories in the mid 1980's. Based on his 

knowledge of mineral liberation models, JvD proposed the application of such models to 

diagnostic leaching data in 1992. JvD also suggested the concept of attributing some of the 

leaching to non-liberation phenomena. Leon Lorenzen played a key role in the execution of 

this research. Whereas JvD proposed in 1995 that neural nets and topological maps should be 

used to capture the ill-defmed relationship between diagnostic leaching data, liberation and 

size reduction, Chris Aldrich developed the final network architecture, as published in Paper 

99. 
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[3] 

8. Reuter, M.A. & Van Deventer, J.S.J., "A knowledge based system for the simulation and optimization 
of metallurgical plants", Revue de l'Industrie Minerale, les Techniques, vol. 74, no. 5, 1992, pp. 161-166 
(invited paper). 

Refereed Papers in Conference Proceedings 

9. Reuter, M.A. & Van Deventer, J.S.J., "A knowledge-based system for the simulation of batch and 
continuous carbon-in-pulp systems", Extraction Metallurgy '89, Institution of Mining & Metallurgy, 
London, 1989, pp. 419-442. [London Tara Hotel, England, 10-13 July 1989]. [2] 

10. Van der MelWe, I.W., Van Deventer, J.S.J. & Reuter, M.A., "Knowledge-based computer simulation 
of gold leaching in batch and continuous systems", 14th Congress of the Council of Mining and 
Metallurgical Institutions, Institution of Mining & Metallurgy, London, 1990, pp. 147-160. [University 
of Edinburgh, Scotland, 2-6 July 1990]. [1 ) 
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11. Reuter, M.A. & Van Deventer, J.S.J., "A knowledge-based system for the simulation of batch and 
continuous carbon-in-Ieach systems", Proceedings 0/ APCOM '90, TUB-Dokumentation, vol. 51, no. 1, 
1990, PI>. 343-356. [XXIIth International Symposium on the Application of Computers and Operations 
Research in the Minerals Industry, Technical University of Berlin, Germany, 17-21 September 1990]. 
[1) 

12. Reuter, M.A. & Van Deventer, J.S.J., "A knowledge based system for the simulation and optimization 
of metallurgical plants", Proceedings: XVII International Mineral Processing Congress, vol. I, 1991, 
pp.409-420. [Dresden, Germany, 23-28 September 1991]. {also published by invitation in: Revue de 
l'Industrie Minerale, les Techniques, vol. 74, no. 5, 1992, pp. 161-166.} [2) . 

Non-Refereed Conference Papers 

13. Reuter, M.A. & Van Deventer, J.S.J., "A knowledge-based system for the simulation of metallurgical 
plants", Personal Computers and the Process Industry, Northern Transvaal Branch of the South African 
Institution of Chemical Engineers, 9 p. [University of Pretoria, South Africa, 24-25 April 1989]. 

14. Reuter, M.A. & Van Deventer, J.S.J., "Knowledge-based simulation and identification of various 
metallurgical reactors", IFAC Workshop on Expert Systems in Mineral and Metal Processing, 6 p. 
[Helsinki University of Technology, Espoo, Finland, 26-28 August 1991]. 

Neural Networks: Theoretical Concepts 

Papers in Refereed Journals 

15. Reuter, M.A., Van Deventer, J.S.J. & Van der Wait, TJ., "A generalized neural-net kinetic rate 
equation", Chemical Engineering Science, vol. 48, no. 7,1993, pp.1281-1297. [12] 

16. Van der Walt, T.J., Van Deventer, J.S.J. & Barnard, E., "The dynamic modelling of iIl-defmed 
processing operations using connectionist networks", Chemical Engineering Science, vol. 48, no. 11, 
1993, pp. 1945-1958. [4) 

17. Van der Walt, TJ., Van Deventer, J.S.J. & Barnard, E., "Neural nets for the simulation of mineral 
processing operations: Part I. Theoretical principles", Minerals Engineering, vol. 6, no. 11, 1993, pp. 
1127-1134. [1] 

18. Aldrich, C. & Van Deventer, J.S.J., "The use of neural nets to detect systematic errors in process 
systems", International Journal o/Mineral Processing, vol. 39,1993, pp. 173-197. [3] 

19. Aldrich, C. & Van Deventer, J.S.J., "Identification of gross errors in material balance measurements by 
means of neural nets", Chemical Engineering Science, vol. 49, no. 9, 1994, pp. 1357-1368. [2) 

20. Aldrich, C. & Van Deventer, J.S.J., "The'use of connectionist systems to reconcile inconsistent process 
data", The Chemical Engineering Journal, vol. 54, 1994, pp. 125-135. [1] 

21. Van der Walt, T.J., Barnard, E. & Van Deventer, J.S.J., "Process modeling with the regression 
network", IEEE Transactions on Neural Networks, vol. 6, no. 1, 1995, pp. 78-93. 

22. Aldrich, C. & Van Deventer, J.S.J., "Comparison of different artificial neural nets for the detection and 
location of gross errors in process systems", Industrial & Engineering Chemistry Research, vol. 34, no. 
1,1995, pp. 216-224. [1) 

Invited Chapters in Textbooks 

23. Aldrich, C. & Van Deventer, J.S.J., "Estimation of measurement error variances and process data 
reconciliation", Chapter 13, NEURAL NETWORKS FOR CHEMICAL ENGINEERS, Editor: A.B. 
Bulsari, pp. 335-370, Elsevier Science B. V., Amsterdam, The Netherlands, 1995. 

10 

Stellenbosch University  https://scholar.sun.ac.za



Refereed Papers in Conference Proceedings 

24. Van der Walt, T.J., Van Deventer, J.S.J., Barnard, E. & Oosthuizen, G.D., "The simulation of ill
defined processing operations using connectionist networks", Proceedings of APCOM '92, SME-AIME., 
Littleton CO., Editor: Y.C. Kim, Chapter 85, 1992, pp. 879-888. [23rd International Symposium on the 
Application of Computers and Operations Research in the Minerals Industry, The University of Arizona, 
~, AZ, U.S.A., 7-11 April 1992]. 

25. Van Deventer, J.S.J., Van der Walt, T.J. & Reuter, M.A., "The simulation of ill-defmed 
hydrometallurgical plants using artificial intelligence", Proceedings of the 2nd International Conference 
on Hydrometallurgy (ICHM' 92), vol. 1, Editors: Chen Jiayong, Yang Songqing & Deng Zuoqing, 
International Academic Publishers, Beijing, 1992, pp. 132-137. [Changsha, China, 23-26 October 
1992]. {Medal awarded for best paper of conference} 

26. Aldrich, C., Van Deventer, J.S.J., Van der Walt, T.J. & Reuter, M.A., "Recent advances in the 
simulation of mineral processing circuits using artificial intelligence", Proceedings of XVIII 
International Mineral Processing Congress, vol. 2, The Australasian Institute of Mining and 
Metallurgy, Parkville, Vic., Australia, 1993, pp. 529-537. [~, Australia, 23-28 May 1993]. [1) 

27. Aldrich, C. & Van Deventer, J.S.J., "Artificial intelligence methods for process monitoring and 
modelling of metallurgical plants", Proceedings of PSE '94: 5th International Symposium on Process 
Systems Engineering, Editor: En Sup Yoon, vol. II, 1994, pp. 1297-1303, Korean Institute of Chemical 
Engineers. [Kyongju, Korea, 30 May - 3 June 1994]. 

28. Van Deventer, J.S.J., "Identification of hydrometallurgical processes using neural networks", 
Proceedings of Australasia - Pacific Forum on Intelligent Processing and Manufacturing of Materials 
(IPMM'97), vol. 1, pp. 261-267, Editors: T. Chandra, S.R. Leclair, lA. Meech, B. Verma, M. Smith & 
B. Balachandran. [Gold Coast, Australia, 14-17 July 1997]. 

Non-Refereed Conference Papers 

29. Van der Walt, T.J. & Van Deventer, J.S.J., "The simulation of ill-defmed metallurgical processes using 
a neural net training program based on conjugate-gradient optimization", IFAC Workshop on Expert 
Systems in Mineral and Metal Processing, 6 p. [Helsinki University of Technology, Espoo, Finland, 26-
28 August 1991]. (3) 

Neural Networks: Applications 

Papers in Refereed Journals 

30. Reuter, M.A., Van der Walt, T.J. & Van Deventer, J.S.J., "Modeling of metal-slag eqUilibrium 
processes using neural nets", Metallurgical Transactions B, vol. 23B, 1992, pp. 643-650. [11] 

31. Van der Walt, T.J., Van Deventer, J.S.J. & Barnard, E., "The estimation of kinematic viscosity of 
petroleum crude oils and fractions with a neural net", The Chemical Engineering Journal, vol. 51, 1993, 
pp. 151-158. (4) 

32. Van der Walt, T.J., Van Deventer, J.S.J. & Barnard, E., "Neural nets for the simulation of mineral 
processing operations: Part II. Applications", Minerals Engineering, vol. 6, no. 11, 1993, pp. 1135-
1153. 

33. Aldrich, C., Van Deventer, J.S.J. & Reuter, M.A., "The application of neural nets in the metallurgical 
industry", Minerals Engineering, vol. 7, nos. 5-6, 1994, pp. 793-809. [3] 

34. Aldrich, C. & Van Deventer, J.S.J., "Hybrid' connectionist modelling of the kinetics of thermal 
. decomposition processes", Thermochimica Acta, vol. 257, 1995, pp. 127-137. 
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35. Aldrich, C. & Van Deventer, J.S.J., "Modelling of induced aeration in turbine aerators by use of radial 
basis function neural networks", The Canadian Journal of Chemical Engineering, vol. 73, 1995, pp. 
808-816. (3) 

36. Rademan, lA.M., Moolman, D.W., Lorenzen, L., Van Deventer, J.S.J. & Aldrich, C, "Neural net 
based knowledge extraction from the historical data of an industrial leaching process", Hydrometallurgy; 
vol. 43,1996, pp. 95-116. 

Invited Chapters in Textbooks 

37. Aldrich, C., Reuter, M.A. & Van Deventer, J.S.J., "Artificial intelligence in process engineering", Part 
B of Chapter 4, MEASUREMENT, CONTROL AND OPTIMIZATION IN MINERAL PROCESSING, 
Editor: H.W. Glen, pp. 123-156, S. Afr. Inst. Min. Metall., Johannesburg, South Africa, 1993. 

38. Aldrich, C. & Van Deventer, J.S.J., "Modelling ill-defmed behaviour ofreacting systems using neural 
networks", Chapter 18, NEURAL NETWORKS FOR CHEMICAL ENGINEERS, Editor: A.B. Bulsari, 
pp. 471-488, Elsevier Science B.V., Amsterdam, The Netherlands, 1995. 

Refereed Papers in Conference Proceedings 

39. Aldrich, C. & Van Deventer, J.S.J., "New computational methods for the application of connectionist 
networks to mineral processing", Proceedings of XXIX APCOM: International Symposium on the 
Application of Computers and Operations Research in the Minerals Industries, Editors: l Elbrond & 
Xiaoli Tang, vol. 3, 1993, pp. 211-218. [Sheraton Centre, Montreal, Quebec, Canada, 31 October - 3 
November 1993]. [1] 

40. Aldrich, C., Moolman, D.W., Stange, W.W. & Van Deventer, J.S.J., "Application of artificial
intelligence techniques to industrial data", Proceedings of XVth Congress of the Council of Mining and 
Metallurgical Institutions (CMMI) , Editor: H.W. Glen, S.Afr. lnst. Min. Metall, Symposium Series 
SI4,. vol 2, 1994, pp. 271-278. [Sun City, South Africa, 4-8 September 1994]. 

41. Rademan, lA.M., Moolman, D.W., Van Deventer, J.S.J., Lorenzen, L. & Aldrich, C., "A methodology 
for modelling and analysing an ill-defmed leaching process from historical data", Proceedings of the 
International Conference on Engineering Applications of Neural Networks (EANN'95), 1995, pp. 209-
212. [Helsinki, Finland, 21-23 August, 1995]. 

42. Van Deventer, J.S.J., & Aldrich, C., "Application of neural nets to solvent extraction systems", 
Proceedings of the International Solvent Extraction Conference (ISEC'96): Value Adding Through 
Solvent Extraction, The University of Melbourne, Editors: D.C. Shallcross, R. Paimin & L.M. Prvcic, 
Volume 1, 1996, pp. 831-836. [Melbourne, Australia, 19-23 March 1996]. 

43. Van Deventer, J.S.J., Bezuidenhout, M. & Moolman, D. W., "The monitoring of mineral processing 
operations using computer vision and neural networks", Proceedings of AusIMM'97 Annual Conference, 
pp. 249-257, AuslMM, Carlton, Vic. [Ballarat, Vic. Australia, 12-14 March 1997]. 

Non-Refereed Conference Papers 

44. Aldrich, C. & Van Deventer, J.S.J., "Connectionist modelling of chemical and metallurgical 
processes", Proceedings of the 7th National Meeting of The South African Institution of Chemical 
Engineers, pp. 237-245. [Esse len Park, Kempton Park, South Africa, 22-24 August 1994]. 
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Computer Vision 

Papers in Refereed Journals 

45. Moolman, D.W., Aldrich, C., Van Deventer, J.S.J. & Stange, W.W., "Digital image processing as a 
tool for on-line monitoring of froth in flotation plants", Minerals Engineering, vol. 7, no. 9, 1994, pp. 
1149-1164. (12) 

46. Moolman, D.W., Aldrich, C. & Van Deventer, J.S.J., "The monitoring of froth surfaces on industrial 
flotation plants using connectionist image processing techniques", Minerals Engineering, vol. 8, no. 1-2, 
1995, pp. 23-30. (4) 

47. Moolman, D.W., Aldrich, C. & Van Deventer, J.S.J., "The analysis of videographic process data with 
neural nets", Acta Chimica Siovenica, vol. 42, no. 1, 1995, pp. 137-142. [1) 

48. Aldrich, C., Moolman, D.W. & Van Deventer, J.S.J., "Monitoring and control of hydrometallurgical 
processes with self-organizing and adaptive neural net systems", Computers & Chemical Engineering, 
vo1.19 Supplement, 1995, pp. S803-S808. 

49. Moolman, D.W., Aldrich, C., Van Deventer, J.S.J. & Stange, W.W., "The classification of froth 
structures in a copper flotation plant by means of a neural net", International Journal of Mineral 
Processing, vol. 43, 1995, pp. 193-208. (6) 

50. Moolman, D.W., Aldrich, C., Van Deventer, J.S.J. & Bradshaw, DJ., "The interpretation of flotation 
froth surfaces by using digital image analysis and neural networks", Chemical Engineering Science, vol. 
50, no. 22,1995, pp. 3501-3513. (13) 

51. Aldrich, C., Moolman, D.W., Eksteen, J.J. & Van Deventer, J.S.J., "Characterization of flotation 
processes with self-organizing neural nets", Chemical Engineering Communications, vol. 139, 1995, pp. 
25-39. (5) 

52. Van Deventer, J.S.J., Moolman, D.W. & Aldrich, C., "Visualisation of plant disturbances using self
organising maps", Computers & Chemical Engineering, vol. 20, Supplement, 1996, pp. S1095-S1100. 
[1) 

53. Moolman, D.W., Aldrich, C., Schmitz, G.P.1. & Van Deventer, J.S.J., "The interrelationship between 
surface froth characteristics and industrial flotation performance", Minerals Engineering, vol. 9, no. 8, 
1996, pp. 837-854. (4) 

54. Moolman, D.W., Eksteen, 1.1., Aldrich, C. & Van Deventer, J.S.J., "The significance of flotation froth 
appearance for machine vision control", International Journal of Mineral Processing, vol. 48, 1996, pp. 
135-158. (4) 

55. Petersen, K.R.P., Aldrich, C., Van Deventer, J.S.J., McInnes, C. & . Stange, W.W., "Hydrocyclone 
underflow monitoring using image processing techniques", Minerals Engineering, vol. 9, no. 3, 1996, 
pp. 301-315. (2) 

56. Bezuidenhout, M., Van Deventer, J.S.J. & Moolman, D.W., "The identification of perturbations in a 
base metal flotation plant using computer vision of the froth surface", Minerals Engineering, vol. 10, no. 
10, 1997,pp. 1057-1073. 

57. Petersen, K.R.P., Aldrich, C. & Van Deventer, J.S.J., "Analysis of ore particles based on textural 
pattern recognition", Minerals Engineering, vol. 11, no.10, 1998, pp. 959-977. 

Invited Chapters in Textbooks 

58. Moolman, D.W., Aldrich, C. & Van Deventer, J.S.J., "Introduction to connectionist computer vision 
systems", Chapter 6, NEURAL NETWORKS FOR CHEMICAL ENGINEERS, Editor: A.B. Bulsari, pp. 
129-162, Elsevier Science B.V., Amsterdam, The Netherlands, 1995. 

59. Moolman, D.W., Aldrich, C. & Van Deventer, J.S.J., "The videographic characterisation of flotation 
froths using neural networks", Chapter 21, NEURAL NETWORKS FOR CHEMICAL ENGINEERS, 
Editor: A.B. Bulsari, pp. 525-545, Elsevier Science B.V., Amsterdam, The Netherlands, 1995. [1) 
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60. Moolman, D.W., Aldrich, C. & Van Deventer, J.S.J., "The interrelationship between flotation variables 
and froth appearance ", FROTHING IN FLOTA nON II, Chapter 8, Editors: 1.S. Laskowski & E.T. 
Woodburn, Gordon and Breach Science Publisht:rs Ltd, New York, 1998, pp. 245-273. 

Refereed Papers in Conference Proceedings 

61. Moolman, D.W., Aldrich, C & Van Deventer, J.S.J., "The development of an intelligent control system 
for industrial flotation plants based on image analysis and neural networks", Proceedings of the 
International Conference on Engineering Applications of Neural Networks (EANN'95), 1995, pp. 213-
216. [Helsinki, Finland, 21-23 August, 1995]. 

62. Petersen, K.R.P., Aldrich, C., Moolman, D.W., Van Deventer, J.S.J., Stange, W.W. & McInnes, C., 
"Hydrocyclone underflow analysis using videographic techniques", Proceedings of the 8th IFAC 
Symposium on Automation in Mining, Mineral and Metal Processing (MMM 95), 1995, pp. 361-366. 
[Sun City, South Africa, 29-31 August 1995]. 

63. Moolman, D.W., Aldrich, C, Van Deventer, J.S.J., Eksteen, 1.1., Stange, W.W., Marais, P., Goodall, C. 
& Veitch, R.S., "On-line image analysis to improve industrial flotation plant performance", Proceedings 
of the 8th IFAC Symposium on Automation in Mining, Mineral and Metal Processing (MMM 95), 1995, 
pp. 367-372. [Sun City, South Africa, 29-31 August 1995]. [1] 

64. Van Deventer, J.S.J., Aldrich, C. & Moolman, D.W., "The tracking of changes in chemical processes 
using computer vision and self-organizing maps", Proceedings of the IEEE International Conference on 
Neural Networks (ICNN'95), Editors: M. Palaniswami, R.J. Marks II & Toshio Fukuda, 1995, pp. 3068-
3073. [~, Western Australia, 27 November - 1 December 1995]. 

65. Van Deventer, J.S.J., Bezuidenhout, M. & Moolman, D.W., "The monitoring of flotation performance 
using neural computer vision of the froth phase", Proceedings ofChemeca 96: 24th Australian and New 
Zealand Chemical Engineering Conference. Editor: G. Weiss, Vol. 3, pp. 59-64. [~, Australia, 30 
September to 2 October 1996]. 

66. Bezuidenhout, M., Van Deventer, J.S.J. & Moolman, D.W., "The diagnosis of metallurgical problems 
using videographic interpretation of flotation froth structure", Proceedings of Extraction Metallurgy 
Africa '97, S.Afr. Inst. Min. Metall. [Johannesburg, South Africa, 25-26 June 1997]. 

67. M. Bezuidenhout, Van Deventer, J.S.J. & Moolman, D.W., "Fault diagnosis of froth flotation using 
computer vision", Proceedings of Australasia - Pacific Forum on Intelligent Processing and 
Manufacturing of Materials (IPMM'97) , vol. 1, pp. 518-524, Editors: T. Chandra, S.R. Leclair, 1.A. 
Meech, B. Verma, M. Smith & B. Balachandran. [Gold Coast, Australia, 14-17 July 1997]. 

68. Van Deventer, J.S.J., Bezuidenhout, M. & Moolman, D.W., "On-line visualisation of flotation 
performance using neural computer vision of the froth texture", Proceedings of XX International 
Mineral Processing Congress (XX IMPC) , vol. 1, pp. 315-326, Editors: H. Hoberg & H. von Blottnitz, 
GDMB, Germany. [~, Germany, 21-26 September 1997]. 

Non-Refereed Conference Papers 

69. Moolman, D.W., Aldrich, C., Petersen, K.R.P. & Van Deventer, J.S.J., "The application of computer 
vision systems in chemical engineering", Proceedings of the 7th National Meeting of The South African 
Institution of Chemical Engineers, pp. 197-205. [Esse len Park, Kempton Park, South Africa, 22-24 
August 1994]. [2] 

70. Bezuidenhout, M. & Van Deventer, J.S.J., "Identification of plant disturbances in froth flotation using 
computer vision", CD-ROM Proceedings of CIMlCMMIIMIGA '98, [Montreal, Quebec, Canada, 3-7 
May 1998]. 
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Froth Flotation and Interfacial Phenomena 

Papers in Refereed Journals 

71. Ross, V.E. & Van Deventer, J.S.J., "The interactive effects of the sulphite ion, pH'and dissolved 
oxygen on the flotation of chalcopyrite and galena from Black Mountain ore", Journal of the South 
African Institute of Mining and Metallurgy, vol. 85, no. 1, 1985, pp. 13-21. [6] 

72. Wilmans, W. & Van Deventer, J.S.J., "Electrokinetic solid-liquid separation of an ultrafme kimberlite 
suspension", Journal of the South African Institute of Mining and Metallurgy, vol. 87, no. 2, 1987, pp. 
41-51. (3) 

73. Van Deventer, J.S.J., Burger, A.J. & Cloete, F.L.O., "Intensification of flotation with an air-sparged 
hydrocyclone", Journal of the South African Institute of Mining and Metallurgy, vol. 88, no. 10, 1988, 
pp. 325-332. [1) 

74. Nieuwoudt, 0.1., Van Deventer, J.S.J., Reuter, M.A. & Ross, V.E., "The influence of design variables 
on the flotation of pyrite in an air-sparged hydrocyclone", Minerals Engineering, vol. 3, no. 5, 1990, pp. 
483-499. [1) 

75. Reuter, M.A., Van Deventer, J.S.J. & Wilmans, W., "A semi-empirical model for the electro-osmotic 
dewatering of slurries between fixed electrodes", Minerals Engineering, vol. 5, no. 7, 1992, pp. 835-
849. 

76. Van Deventer, J.S.J., Ross, V.E. & Durme, R.C. "The effect of milling environment on the selective 
flotation of chalcopyrite from a complex sulphide ore", Revue de l'Industrie Minerale, les Techniques, 
vol. 74, no. 5, 1992, pp. 86-89 (invited paper). 

77. Van Deventer, J.S.J., Ross, V.E. & Dunne, R.C., "The effect of galvanic interaction on the behaviour 
of the froth phase during the flotation of a complex sulphide ore", Minerals Engineering, vol. 6, no. 12, 
1993, pp. 1217-1229. (3) 

78. Teague, A.1., Swaminathan, C. & Van Deventer, J.S.J., "The behaviour of gold bearing minerals 
during froth flotation as determined by diagnostic leaching", Minerals Engineering, vol. 11, no. 6, 1998, 
pp. 523-533. 

79. Teague, AJ., Van Deventer, J.S.J & Swaminathan, C., "A conceptual model for gold flotation", 
Minerals Engineering, in press 1999. 

80. Teague, AJ., Van Deventer, J.S.J & Swaminathan, C., "The effect of galvanic interaction on the 
behaviour of free and refractory gold during froth flotation", International Journal of Mineral 
Processing, in press 1999. 

81. Teague, A.J., Van Deventer, J.S.J & Swaminathan, C., "The effect of copper activation on the 
behaviour of free and refractory gold during froth flotation", International Journal of Mineral 
ProceSSing, in press 1999. 

Invited Chapters in Textbooks 

82. Van Deventer, J.S.J., "Dependence of froth behaviour on galvanic interactions", FROTHING IN 
FLOTATION II, Chapter 11, Editors: 1.S. Laskowski & E.T. Woodburn, Gordon and Breach Science 
Publishers Ltd, New York, 1998, pp. 337-364. 

Refereed Papers in Conference Proceedings 

83. Cloete, F.L.D., Burger, A.J. & Van Deventer, J.S.J., "Flotation of pyritic ore in an air-sparged 
hydrocyclone", Proceedings of 3rd International Conference on Hydrocyc/ones, Editor: P. Wood, 
Elsevier Applied Science Publishers, London, 1987, pp. 215-220. [Oxford, England, 30 Sept. - 2 Oct. 
1987]. (3) 
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84. Ross, V.E. & Van Deventer, J.S.J., "A computer model to predict froth behaviour in the scale-up of 
flotation cells", Proceedings of APCOM '87: Metallurgy, The South African Institute of Mining & 
Metallurgy, Johannesburg, Editors: U. Barker & R.P. King, vol. 2, 1987, pp. 73-88. [XXth 
International Symposium on the Application of Computers and Operations Research in the Minerals 
Industry, Johannesburg Sun Hotel, South Africa, 19-23 October 1987]. [2] 

85. Ross, V.E. & Van Deventer, J.S.J., "Mass transport in flotation column froths", Column Flotation '88: 
Proceedings of an International Symposium on Column Flotation, Editor: K.V.S. Sastry, Society of . 
Mining Engineers, AIME, Littleton, Colorado, 1988, pp. 129-139. [SME Annual Meeting, Phoenix, 
Arizona, U.S.A., 5-28 January 1988]. [5] 

86. Ross, V.E. & Van Deventer, J.S.J., "Evaluation of the performance of the froth phase in flotation", 
International Deep Mining Conference: Innovations in Metallurgical Plant, The South African Institute 
of Mining & Metallurgy, Johannesburg, Editors: G.A. Brown & P. Smith, vol. 1, 1990, pp. 81-90. 
[National Exhibition Centre, Johannesburg, South Africa, 17-21 September 1990]. 

87. Ross, V.E. & Van Deventer, J.S.J., "The evaluation of flotation froth behaviour on the basis of mass 
transport phenomena", Proceedings of 4th World Congress of Chemical Engineering: Strategies 2000, 
DECHEMA, Editor: D. Behrens, 1992, pp. 681-686. [Karlsruhe, Germany, 16-21 June 1991]. (selected 
papers published by invitation). 

88. Van Deventer, J.S.J., Ross, V.E. & Dunne, R.C. "The effect of milling environment on the selective 
flotation of chalcopyrite from a complex sulphide ore", Proceedings: XVII International Mineral 
Processing Congress, vol. II, 1991, pp. 129-139. [Dresden, Germany, 23-28 September 1991]. {also 
published by invitation in: Revue de l'Industrie Minerale, les Techniques, vol. 74, no. 5, 1992, pp. 86-
89.} [2] 

89. Lorenzen, L., Van Deventer, J.S.J. & Muller, G.P., "The behaviour of individual uranium bearing 
minerals during froth flotation", Proceedings of XVIII International Mineral Processing Congress, vol. 
4, The Australasian Institute of Mining and Metallurgy, Parkville, Vic., Australia, 1993, pp. 929-935. 
[~, Australia, 23-28 May 1993]. 

90. Van Dyk, W.A., Van Deventer, J.S.J. & Lorenzen, L., "The dynamic behaviour of coarse particles in 
flotation froths", Proceedings of the XIX International Mineral Processing Congress (XIX IMPC), 
Society for Mining, Metallurgy, and Exploration, Inc. (AIME), Littleton, Co., 1995, vol. 3, Chapter 16, 
1995, pp. 99-103. [San Francisco, California, U.S.A., 22-27 October 1995]. 

Non-Refereed Conference Papers 
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Cape Branch of the SAIMM. [Somerset West, South Africa, 3-4 August 1995]. 

171. Moolman, D.W., Aldrich, C. & Van Deventer, J.S.J., "The development of an integrated intelligent 
system for milling and flotation control", 14th Annual Mineral Processing Symposium, Western Cape 
Branch of the SAIMM. [Somerset West, South Africa, 3-4 August 1995]. 

172. Rademan, J.A.M., Lorenzen, L., Moolman, D.W., Van Deventer, J.S.J. & Aldrich, C. "A methodology 
for modelling and analysing an ill-dermed leaching process from historical data", 14th Annual Mineral 
Processing Symposium, Western Cape Branch of the SAIMM: [Somerset West, South Africa, 3-4 
August 1995]. 

173. Van Jaarsveld, J.G.S., Van Deventer, J.S.J. & Lorenzen, L., "Detoxification and immobilisation of 
solid waste by reactive polymerisation", 14th Annual Mineral Processing Symposium, Western Cape 
Branch of the SAIMM. [Somerset West, South Africa, 3-4 August 1995]. 

174. Aldrich, C, Moolman, D.W., Gouws, F.S. & Schmitz, G.F. (presented by Van Deventer, J.S.J.) 
"Machine learning strategies for control of flotation plants", 8th IFAC Symposium on Automation in 
Mining. Mineral and Metal Processing (MMM 95), 1995. [Sun Cjty, South Africa, 29-31 August 1995]. 

175. Botes, F.G., Lorenzen, L. & Van Deventer, J.S.J., "The development and modelling of jet reactors", 
Chemical Engineering R&D, Western Cape Branch of the SAIChE. [Cape Technikon, Cape Town, 
South Africa, November 1995]. 

176. Petersen, K.R.P., Aldrich, C., Moolman, D.W. & Van Deventer, J.S.J., "The use of image analysis for 
mill feed particle size estimation", Chemical Engineering R&D, Western Cape Branch of the SAIChE. 
[Cape Technikon, Cape Town, South Africa, November 1995]. 

177. Lorenzen, L., Annandale, G.l. & Van Deventer, J.S.J., "The interrelationship between mineral 
liberation and leaching behaviour of refractory ores", Proceedings of the 5th International Congress on 
Applied Mineralogy (ICAM '96),1996, pp. 72-76. [Warsaw, Poland, 2-5 June 1996]. 

178. Van Deventer, J.S.J. & Moolman, D.W., "The development of an on-line computer vision system for 
monitoring froth appearance in industrial flotation circuits", National Workshop on Process Control & 
Sulphide Flotation. [RMIT, Melbourne, Australia, 8-10 July 1996]. 

179. Du Preez, A.F., Lorenzen, L. & Van Deventer, J.S.J., "The modelling of diffusion controlled 
competitive elution from activated carbon", Proceedings of Minerals and Materials '96, Vo!. I, pp. 351-
358, S. Afr. Inst. Min. Metall., 1996. [Lord Charles Hotel, Somerset West, South Africa, 31 July -2 
August 1996]. 

180. Buckle, R.L., Lorenzen, L., Alberts, C. & Van Deventer, J.S.J., "Immobilisation techniques for various 
plant pollutants originating from industrial waste and other waste compounds", Proceedings of Minerals 
and Materials '96, Vol. I, pp. 373-381, S. Afr. lnst. Min. Metall., 1996. [Lord Charles Hotel, Somerset 
West, South Africa, 31 July -2 August 1996]. 

181. Jansen van Rensburg, A.E., Petersen, K.R.P., Lorenzen, L. & Van Deventer, J.S.J., "Design of a 
leaching procedure for testing immobilised industrial waste", Proceedings of Minerals and Materials 
'96, Vol. I, pp. 382-389, S. Afr. Inst. Min. Metal!., 1996. [Lord Charles Hotel, Somerset West, South 
Africa, 31 July -2 August 1996]. 
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182. Moolman, D.W., Aldrich, C., Strydom, O.M. & Van Deventer, J.S.J., The application of non-contact 
sensors for process monitoring in the metallurgical industry", Minerals Engineering '96. [Sheraton 
Hotel, Brisbane, Australia, 26-28 August 1996]. 

183. Van Deventer, J.S.J., Bezuidenhout, M. & Moolman, D. W., "Visualisation of the behaviour of a base 
metal flotation plant using textural image analysis and neural networks", Minerals Engineering '96. 
[Sheraton Hotel, Brisbane, Australia, 26-28 August 1996]. 

184. De Villiers, P.G.R., Van Deventer, J.S.J. & Lorenzen, L., "The use of ion-exchange resins for the 
recovery of valuable species from slurries of sparingly soluble solids", Minerals Engineering '96. 
[Sheraton Hotel, Brisbane, Australia, 26-28 August 1996]. 

185. Van Jaarsveld, J.G.S., Van Deventer, J.S.J. & Lorenzen, L., "The potential use of geopolymeric 
materials to immobilise toxic metals", Minerals Engineering '96. [Sheraton Hotel, Brisbane, Australia, 
26-28 August 1996]. 

186. Liebenberg, S.P. & Van Deventer, J.S.J., "Dynamic simulation of in-pulp sorption processes using the 
lumping of competitive and fouling phenomena", Minerals Engineering '96. [Sheraton Hotel, Brisbane, 
Australia, 26-28 August 1996]. 

187. Lorenzen, L., Jansen van Rensburg, A.E., Petersen, K.R.P. & Van Deventer, J.S.J., "The design of 
leaching tests to determine the effectiveness of heavy metal immobilisation in solid wastes", 
Proceedings of Wastecon '96 International Congress - Waste Management in Crisis, Vol. 1, pp. 521-
531, The Institute of Waste Management, South Africa. [~, South Africa, 17-20 September 
1996]. 

188. Hayward, N.J., Van Jaarsveld, J.G.S., Van Deventer, J.S.J. & Lorenzen, L., "The utilisation of waste 
materials in the immobilisation of solid and liquid waste by reactive polymerisation", Proceedings of 
Wastecon '96 International Congress - Waste Management in Crisis, Vol. 2, pp. 22-33, The Institute of 
Waste Management, South Africa. [Durban, South Africa, 17-20 September 1996]. 

189. Lorenzen, L., De Jager, B., Petersen, K.R.P. & Van Deventer, J.S.J., "The mechanism and kinetics of 
the degradation and migration of cyanide in various types of soils", Proceedings of Complex Ores '97, 
pp. 28-33, CSMA Minerals and Cambome School of Mines, U.K. [Bulawayo, Zimbabwe, 19-21 March 
1997]. 

190. Van Jaarsveld, J.G.S., Van Deventer, J.S.J. & Lorenzen, L., "Geopolymerisation: The conversion of 
solid toxic waste to safe construction materials", ACHEMA '97: International Meeting on Chemical 
Engineering and Biotechnology, DECHEMA. [Frankfurt am Main, Germany, 9-14 June 1997]. 

191. Van Deventer, J.S.J., Bezuidenhout, M. & Van Jaarsveld, J.G.S., "Improvement of plant performance 
using historical plant data, neural networks and computer vision", ACHEMA '97: International Meeting 
on Chemical Engineering and Biotechnology, DECHEMA. [Frankfurt am Main, Germany, 9-14 June 
1997]. 

192. Teague, A.J., Swaminathan, C. & Van Deventer, J.S.J., "The behaviour of gold bearing minerals 
during froth flotation, as determined by diilgnostic leaching", Minerals Engineering '97. [Crowne Plaza 
Hotel, Santiago, Chile, 30 July to 1 August 1997]. 

193. Van Deventer, J.S.J. & Rees, K.L., "Improved leaching of gold: Does the literature offer a solution?" , 
Minerals Engineering '97. [Crowne Plaza Hotel, Santiago, Chile, 30 July to 1 August 1997]. 

194. Liebenberg, S.P. & Van Deventer, J.S.J., "The quantification of shifting adsorption equilibria of gold 
and base metals in a carbon-in-pulp plant", Minerals Engineering '97. [Crowne Plaza Hotel, Santiago, 
Chile, 30 July to 1 August 1997]. 

195. Van Deventer, J.S.J. & Van Jaarsveld, J.G.S., "Leaching behaviour as a determinant of grinding 
efficiency", Comminution '98. [Sheraton Hotel, Brisbane, Australia, 16-18 February 1998]. 

196. Van Jaarsveld, J.G.S. & Van Deventer, J.S.J., "The microstructure and leaching characteristics of fly 
ash based activated binders", Advances in Cement and Concrete, Engineering Foundation Conference. 
[Banff, Alberta, Canada, 5-10 July 1998]. 

30 

Stellenbosch University  https://scholar.sun.ac.za



197. Van Deventer, J.S.J., Van Zyl, R.L., Lorenzen, L. & Van Jaarsveld, J.G.S., "The stabilization of 
jarosite in cementitious materials", Advances in Cement and Concrete, Engineering Foundation 
Conference. [Banff, Alberta, Canada, 5-10 July 1998]. 

198. Van Deventer, J.S.J., "The modelling of leaching and adsorption in the processing of copper-gold 
ores"; National Symposium on Cost Effective Gold Recovery from Refractory Ores. [RMIT, Melbourne, 
Australia, 12-14 July 1998]. 

199. Van Deventer, J.S.J., "Soft sensor development in mineral processing and hydrometallurgy", Invited 
Panel Discussion on Computational Intelligence, 9th IF AC Symposium on Automation in Mining, 
Mineral and Metal Processing (MMM'98). [Cologne, Germany, 1-3 September 1998] 

200. Rees, K.L. & Van Deventer, J.S.J., "The mechanism of gold extraction from ore constituents in the 
presence of activated carbon", to be presented at Minerals Engineering '98 [Stakis Grosvenor Hotel, 
Edinburgh, Scotland, 14-16 September 1998.] 

201. Lukey, G.C., Van Deventer, J.S.J., Shallcross, D.C. & R.L. Chowdhury, "The effect of salinity on the 
capacity and selectivity of ion exchange resins for gold cyanide", to be presented at Minerals 
Engineering '98 [Stakis Grosvenor Hotel, Edinburgh, Scotland, 14-16 September 1998.] 

OTHER PRESENTATIONS AND REPORTS 

Unpublished Presentations at Smaller Meetings 

202. "Selective chlorination of Richards Bay ilmenite", Second UCT/US Minerals Processing Symposium, 
Univ. of Cape Town, South Africa, 27 May 1983. 

203. "Kinetic models for carbon adsorption processes", Third USIUCT Minerals Processing Symposium, 
Univ. of Stellenbosch, South Africa, 11 May 1984. 

204. "The future role of the universities in industrial development in South Africa", P.E. Rousseau Memorial 
Lecture, Univ. of Stellenbosch, South Africa, June 1984. 

205. "Factors influencing the rheology and stability of coal-water suspensions", Seminar on Energy 
Research, ERI, Univ. of Cape Town, South Africa, 16 April 1985. 

206. "Flotation of pyrite in an air-sparged hYdrocyclone", Fifth USIUCT Minerals Processing Symposium, 
Univ. of Stellenbosch, South Africa, 8 August 1986. 

207. "Chemical engineering education in a mixed society", Fifth AECI-Wits Conference of Chemical 
Engineering Lecturers, Univ. of the Witwatersrand, Johannesburg, South Africa, 23 January 1987. 

208. "Recent advances in the technology of gold extraction in South Africa", Meeting of the Kalgoorlie 
Branch of the Australasian Institute of Mining and Metallurgy, 20 June 1988. 

209. "Recent advances in research on the extraction of gold", Seminar of Chemistry in Western Australia, 
£mh, 26 October 1988. 

210. "The future role of chemical engineering education in Afrikaans", AECI-Wits Conference of Chemical 
Engineering Lecturers, Univ. of the Witwatersrand, Johannesburg, South Africa, 19 July 1991. 

211. "The ill-defmed nature of chemical and metallurgical processing operations", Colloquium on artificial 
intelligence in process engineering, Western Cape Branch of SAIMM, Stellenbosch, South Africa, 24 
April 1992. 

212. "A knowledge-based system for the dynamic simulation of ill-defmed mineral processing operations", 
Colloquium on artificial intelligence in process engineering, Western Cape Branch of SAIMM, 
Stellenbosch, South Africa, 24 April 1992. 

213. "South Africa's mineral wealth: asset or liability?", Professorial Inaugural Address, University of 
Stellenbosch, South Africa, 15 September 1992. 
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214. "Minerals, technology and politics in South Africa: partners or enemies?", Invited Stellenbosch Forum 
Lecture, University of Stellenbosch, South Africa, 23 February 1994 {published by invitation in 
Afrikaans in the newspaper Die Burger, 31 March 1994}. 

215. "The future of Afrikaans in science and technology", South African Academy of Arts and Sciences, 
University of Stellenbosch, South Africa, 27 October 1994 (invited lecture in Afrikaans). 

216. "The application of connectionist computer vision in mineral and process engineering", Department of 
Chemical Engineering, The University of Melbourne, Australia, 3 February 1995. 

217. "How computer vision and neural networks can assist process engineers", Department of Chemical 
Engineering, Monash University, Melbourne, Australia, 21 March 1996. 

218. "Diagnostic leaching: Theory and Practice", Newcrest Mining Metallurgical Seminar, Perth, Australia, 
25 March 1996. 

219. "Application of neural networks in the metallurgical industry", Newcrest Mining Metallurgical Seminar, 
£mh, Australia, 25 March 1996. 

220. "Mineral processing in Australia: Ancient art or modem science?", Professorial Inaugural Lecture, The 
University of Melbourne, Australia, 15 August 1996 . 

. 221. "Theory and practice of gold cyanidation in Australia", Normandy Mining Metallurgical Seminar, Perth, 
Australia, 11-12 September 1996. 

222. "Factors affecting the performance of CIP plants", Normandy Mining Metallurgical Seminar, £mh, 
Australia, 11-12 September 1996. 

223. "Identification of ill-defined processes: a challenge to the computationally minded chemical engineer", 
Department of Computer Science, The University of Melbourne, Australia, 12 November 1996. 

224. "A side view on the hedging of stones Down Under", Australian Geomechanics Society: Victoria 
Group, Annual Dinner, Melbourne, Australia, 13 November 1996. 

225. "Geopolymerisation: Ancient wisdom and new ideas", Inorganic Chemistry Seminar, The University of 
Melbourne, Australia, 11 August 1997. 

226. "Mineral processing research at the University of Melbourne", Technical University of Delft, The 
Netherlands, 19 September 1997. 

227. "A high-tech survival strategy for the gold mining industry", Gold Processing Workshop, Minproc 
Limited,~, Western Australia, 6 February 1998. 

228. "The interrelationship between mineral processing and environmental management", Department of 
Civil and Environmental Engineering, The University of Melbourne, Australia, 3 April 1998. 

229. "Geopolymers: Reinventing materials for beyond 2000", Department of Chemical Engineering, Monash 
University, Melbourne, Australia, 6 May 1999. 

230. "Geopolymers: The rebirth of ancient materials for a high-tech millenium", Department of Chemical 
Engineering, The University of Melbourne, Australia, 26 August 1999. 
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UNPUBLISHED RESEARCH REPORTS 

231. Van Deventer, J.S.J., "Kinetic model for the adsorption of metal cyanides on activated carbon", 
Research report for Anglo American Research Laboratories, 1984,337 p. 

232. Visser, P.R. & Van Deventer, J.S.J., "Rheology of coal-water suspensions", National Programme for 
Energy Research, Foundation for Research Development, CSIR, 1987,312 p. 

233. Van Deventer, J.S.J. & Lorenzen, L., "The decomposition of refractory minerals in various acids", 
Confidential contract research report, October 1991, 20 p. 

234. Van Deventer, J.S.J. & Aldrich, C., "The simulation of an industrial hydrocyclone circuit", 
Confidential contract research report, September 1991, 35 p. 

PUBLISHED REPORTS ON CONFERENCES 

235. Van Deventer, J.S.J. & O'Connor, C.T., "Spotlight on research into minerals processing", Journal of 
the South African Institute of Mining and Metallurgy, voL 86, no. II, 1986, pp. 463-465. 

236. O'Connor, C.T. & Van Deventer, J.S.J., "Spotlight on minerals processing in the Western Cape", 
Journal of the South African Institute of Mining and Metallurgy, vol. 87, no. 12, 1987, pp. 438-439. 

237. Van Deventer, J.S.J., "Conference report on APCOM '87", Minerals Engineering, vol. 1, no. I, 1988, 
pp.91-92. 

238. Van Deventer, J.S.J., "Spotlight on minerals research in the Western Cape", Journal of the South 
African Institute of Mining and Metallurgy, vol. 90, no. 11, 1990, pp. 315-318. 

239. Van Deventer, J.S.J., "Report on International Symposium on Gravity Separation Technology", 
Minerals Engineering, vol. 4, no. 2,1991, p. 190. 

240. Van Deventer, J.S.J., "Report on 2nd European Metals Conference", Minerals Engineering, 1994. 

241. Van Deventer, J.S.J., "Report on XIX International Mineral Processing Congress, Minerals 
Engineering, vol. 9, no. 2, 1996, pp. 273-274. 

SUPERVISOR FOR COMPLETED DOCTORAL THESES 

University of Stellenbosch, South Africa 

1. V.E. Ross, "Mass transport in flotation froths", PhD. (Ing.) , December 1988. [Sponsor: Mintek] 

2. P.F. van der Merwe, "Fundamentals of the elution of gold cyanide from activated carbon", PhD. (Ing.) , 
December 1991. [Sponsor: Gencor] 

3. M.A. Reuter, "Knowledge based simulation and diagnosis of metallurgical reactors", PhD. (Ing.), 
December 1991. [Sponsor: FRD] 

4. T.J. van der Walt, "The development of connectionist networks for the modelling of chemical 
engineering systems", PhD. (Ing.), December 1992. [Sponsor: Sasol] 

5. L. Lorenzen, "A fundamental study of the dissolution of gold from refractory ores", PhD. (Ing.), March 
1993. [Sponsor: Anglo American Corp.] 

6. C. Aldrich, "The simulation and optimization of steady state process circuits by means of artificial 
neural networks", PhD. (Ing.), December 1993. [Sponsor: FRD] 

7. J. Svoboda, "Developments in the magnetic separation of minerals with specific reference to the 
treatment of fine particles", D.Ing., December 1993. [Sponsor: De Beers] 

33 

Stellenbosch University  https://scholar.sun.ac.za



8. A.J. Burger, "The use of bubble loads to interpret transport phenomena at the pulp/froth interface in a 
flotation column", Ph.D. (Ing.), December 1994. [Sponsor: Mintek & De Beers] 

9. F.P.· de Kock, "A generalised competitive adsorption theory of non-ideal substances", PhD. (Ing.) , 
December 1995. [Sponsor: Mintek] 

10. D.W. Moolman, "The interpretation of flotation froths using computer vision and connectionist 
networks", PhD. (Ing.) , December 1995. (Co-supervised by Dr C. Aldrich). [Sponsor: Lonrho & 
Kenwalt] 

11. F.W. Petersen, "Interaction between porous adsorbents, solutes and fme particles", PhD. (Ing.) , 
December 1995. [Sponsor: FRD & Mintek] 

12. J.A.M. Rademan, "The simulation of a transient leaching circuit", PhD. (Ing.), December 1995. (Co
supervised with ProfL. Lorenzen). [Sponsor: Impala Platinum] 

13. K.R.P. Petersen, "The monitoring of hydrocyclone underflows and mill feed systems using image 
processing techniques", PhD. (Ing.), December 1998 (Co-supervised by Prof Dr C. Aldrich). [Sponsor: 
FRD] 

14. W.A. van Dyk, "The dynamic behaviour of coarse particles in flotation froths", PhD. (Ing.), December 
1999 (Co-supervised with Prof. L. Lorenzen). [Sponsor: De Beers] 

Royal Melbourne Institute of Technology 

15. Teague, "The behaviour of gold during the flotation of refractory ores", PhD., July 1999. (Co
supervised with Dr C. Swaminathan) [Sponsor: Stawell Gold Mines] 

SUPERVISOR FOR COMPLETED MASTER'S THESES 

University of Stellenbosch, South Africa 

16. V.E. Ross, "The interactive effects of the sulphite ion, pH, dissolved oxygen and milling environment 
on the flotation of chalcopyrite and galena from Black Mountain ore", MIng. cum laude, March 1984. 
[Sponsor: Mintek & Gold Fields] 

17. B.S.Camby, "The effect of thermal regeneration on the adsorption characteristics of activated carbon", 
MIng., March 1985. [Sponsor: Gencor] 

18. L. Lorenzen, "Galvanic interactions during the electrochemical dissolution of gold", MIng. cum laude, 
March 1985. [Sponsor: Anglo American Corp.] 

19. C. Aldrich, "Rates of induced aeration in liquids and slurries in agitated vessels", MIng., December 
1985. [Sponsor: FRD & Sasol] 

20. M.A. Reuter, "The simulation of flotation networks using lint;:ar programming methods", MIng., 
December 1985. (Co-supervised by Prof. M. Sinclair) [Sponsor: Anglo American Corp.] 

21. W. Wilmans, "Electrokinetic dewatering of fme-particle suspensions", MIng., March 1986. [Sponsor: 
De Beers] 

22. A.J. Burger, "Flottasie van 'n growwe pirieterts in 'n luggeborrelde hidrosikloon" (English: "Flotation 
of a coarse pyritic ore in an air-sparged hydrocyclone"), MIng., December 1986. (Co-supervised by 
Prof. F.L.D. Cloete) [Sponsor: Mintek] 

23. P. Jansen van Rensburg' "Mathematical simulation of the adsorption of metal cyanides onto activated 
carbon in columns", MIng. cum laude, December 1986. [Sponsor: Gencor] 

24. T.P. Hanekom, "Die gedrag van skuimers tydens die flottasie van piriet" (English: "The behaviour of 
frothers in the flotation of pyrite"), MIng., December 1987. [Sponsor: Sasol] 

25. P.R. Visser, "Rheology and stability of coal-water mixtures", MIng., December 1987. [Sponsor: CSIR] 
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26. H.W. Scriba, "Selective leaching of base metal sulphides in chloride solutions", MIng., December 
1988. [Sponsor: Anglo American Corp.] 

27. H. Fourie, "Die kinetika van die skuimfase tydens steenkoolflottasie" (English: "Kinetics of the froth 
phase during the flotation of coal"), MIng .. cum laude, March 1989. [Sponsor: Sasol] 

28. I. Nieuwoudt, "Dynamic model for the competitive adsorption of metal cyanides on activated carbon in 
batch reactors", MIng. cum laude, December 1989. [Sponsor: Sasol & Chamber of Mines of SA] 

29. F.W. Petersen, "Inhibited mass transfer to porous adsorbents by organics and fme particles", MIng., 
December 1991. [Sponsor: FRD] 

30. I.W. van der Merwe, "A knowledge-based system for the simulation of gold leaching", MIng., 
December 1992. (Co-supervised by Dr M.A. Reuter) [Sponsor: FRD] 

31. J.P. W. van der Westhuysen, "A mathematical model for the thermal regeneration of spent activated 
carbon", MIng., March· 1993. (Co-supervised by Prof. L. Lorenzen) [Sponsor: Mintek & FRD] 

32. M.T. van Meersbergen, "The electrochemical dissolution of gold in bromine medium", MEng.Sc., 
December 1993 (Co-supervised with Prof. L. Lorenzen). [Sponsor: FRD] 

33. A.E. Giles, "Modelling of mass transfer operations with artificial neural networks", MIng., March 
1995. (Co-supervised by Dr C. Aldrich). [Sponsor: Mintek] 

34. J.J. Eksteen, "The development and technology transfer of an industrial machine vision system for the 
control of a platinum flotation plant", MIng., March 1995. (Co-supervised by Dr C. Aldrich). 
[Sponsor: Kenwalt] 

35. G.J. Annandale, "An evaluation of liberation models for the prediction of diagnostic leaching results", 
MIng. cum laude, December 1995. (Co-supervised with Prof. L. Lorenzen). [Sponsor: Gencor] 

36. S.P. Liebenberg, "The dynamics of muiticomponent elution of metal cyanides from activated carbon", 
MIng., December 1995 (Co-supervised by Prof. L. Lorenzen). [Sponsor: FRD] 

37. F.G. Botes, "The development and modelling of jet and venturi reactors for gas/liquid contact", MIng. 
cum laude, March 1996. (Co-supervised by Prof L. Lorenzen). [Sponsor: Sasol] 

38. c.J. Alberts, "The immobilisation of inorganic pollutants in fly-ash and other waste components", 
MIng., December 1996. (Co-supervised by Prof L. Lorenzen). [Sponsor: Sasol] 

39. A.E. Jansen van Rensburg, "The development of a leaching procedure to determine the effectiveness 
of immobilising nickel as a heavy metal in solid wastes", December 1997. (Co-supervised with Prof. L. 
Lorenzen). [Sponsor: FRD] 

40. R.L. van Zyl, "The immobilisation of heavy metal ions in metallurgical waste", December 1997. (Co
supervised by Prof:L. Lorenzen). [Sponsor: FRD] 

41. A.F. du Preez, "The modelling of mass transfer and equilibrium controlled competitive elution from 
activated carbon", March 1998. (Co-supervised by Prof. L. Lorenzen). [Sponsor: FRD] 

SUPERVISOR FOR PRESENT DOCTORAL STUDENTS 

University of Stellenbosch, South Africa 

42. P.G.R. de Villiers, "Simultaneous dissolution and sorption reactions in the presence of weakly soluble 
solids", started in 1993 (Co-supervised by ProfL. Lorenzen). [Sponsor: Mintek] 

The University of Melbourne 

43. S.P. Liebenberg, "Dynamic modelling of competitive elution from activated carbon", started in 1996. 
[Sponsor: Newcrest Mining & ARC] . 

44. J.G.S. van Jaarsveld, "Immobilisation of pollutants in geopolymers", started in 1996. (Co-supervised 
by Prof. L. Lorenzen) [Sponsor: ARC] 
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45. M. Bezuidenhout, "The interrelationship between flotation conditions and froth appearance", started in 
1996. [Sponsor: Univ. Melbourne & ARC] . 

46. KL. Rees, "A dynamic analysis of leaching and adsorption phenomena in a gold extraction plant", 
started in 1997. [Sponsor: Newcrest Mining & ARC] 

47. G.c. Lukey, "The characterisation of leaching reactions using in-pulp extractants", started in 1997. 
[Sponsor: Newcrest Mining & ARC] 

48. H. Xu, "The reactivity of mineral components during geopolymerisation reactions", started in 1998. 
[Sponsor: ARC] 

49. Coster, "The fuzzy dependence of metallurgical efficiency on operating variables in smelters", started 
in 1998. [Sponsor: G.K Williams CRC] 

50. J. Phair, "The effects of matrix composition on the immobilisation of metals in geopolymers", started 
in 1998. (Co-supervised by Assoc. Prof. J.D. Smith). [Sponsor: ARC] 

51. D. Debrincat, "The effect of agglomeration of fmes on the behaviour of particles during flash 
smelting", started in 1998. (Co-supervised by Dr C. Solnordal) [Sponsor: GK Williams CRC] 

52. W. Lee, "The effect of ionic additives on the reaction mechanism of geopolymerisation", started in 
1999. [Sponsor: ARC] 

53. R. Louey, "Tramp element detection in molten steel", started in 1999. (Co-supervised with Dr D.E. 
Langberg & Dr D.R. Swinboume) [Sponsor: G.K Williams c.R.c.] 
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5. General Statement of Impact 

The scientific research community considers impact numbers and citation counts as the main 

indicators of the quality of published research. The population size of a specific scientific 

discipline detennines the probability that a paper be cited, so that impact numbers for journals 

and citation counts could hardly be compared across discipline boundaries. It is possible to 

base the selection of a journal as a publication medium mainly on its impact record. However, 

this does not mean that the paper will then receive adequate exposure in the target discipline. 

A further complicating factor is that professionals in a more applied discipline may make 

extensive use of the principles presented in a specific paper without ever citing that paper 

owing to the fact that they are practitioners who do not write papers. Therefore, despite the 

importance of citation counts, such data should be interpreted with caution. 

Mineral processing, which is the subject of this submission, constitutes a very small research 

community world-wide. Even the more general field of chemical engineering is small 

compared with the basic sciences or biotechnology disciplines. The work in this published 

collection appeared in specialist mineral processing journals, general chemical engineering 

journals, as well as a range of conference proceedings and textbooks. In each case the 

publication was aimed at a selected target audience instead of maximising the citation count. 

A further aspect is that papers are often cited in theses, conference proceedings and textbooks, 

but these citations are not included in the Science Citation Index count, which refers only to 

citations in journals. 

Total Citations According to Science Citation Index, Excluding Self-Citations 

Subject of Publications Citations 

Process Synthesis 25 
Knowledge Based Systems 16 
Neural Networks: Theoretical Concepts 28 
Neural Networks: Applications 22 
Computer Vision 56 
Froth Flotation and Interfacial Phenomena 26 
Fluid Mechanics 3 
Diagnostic Leaching 7 
Total of Publications Included in this Submission 183 
Total of Publications Not Included in this Submission 230 
Total of all Publications 413 
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Against this background the citation record relevant to the papers included in this submission 

as given in the table above is most satisfactory. (The citation count for each paper is given as 

[] in Sections 3 and 4 behind each reference.) For all 101 papers in this submission the total 

non-self citation count is 183, which means 1.81 citations per paper. When only the 52 

published journal papers are considered the corresponding citation count is 137, which means 

2.63 citations per journal paper. Considering that the impact number for the top chemical 

engineering journals is around 1.0 and for mineral processing journals it is substantially 

lower, this citation record is sufficient evidence of the impact of this work in the research 

community. 

One of the most important contributions of this research is not the number of citations, but the 

postgraduate students who have participated in the work and who have subsequently 

transferred their knowledge to industry and other research groups. Section 4 shows that of the 

total of 15 PhD and 26 Master's graduates supervised by Jannie van Deventer, the work of 10 

PhD and 10 Master's graduates is covered by this submission. Markus Reuter, Chris Aldrich 

and Leon Lorenzen have subsequently established an own reputation in mineral processing 

research. Moreover, from discussions with professionals in industry it is apparent that the 

numerous presentations at conferences and in industry (as listed in Sections 3 and 4) have 

enhanced the general acceptance of artificial intelligence and image analysis techniques. 

Although Section 6 summarises the significance of the individual publications, a brief 

statement of the theoretical and industrial impact of the research work is given below: 

• The two-stage linear programming method of process synthesis has been the basis for a 

number of subsequent studies by other researchers. 

• The many papers on knowledge based systems and neural networks represent a major 

attempt to introduce these techniques to the process engineering community. 

• The generalised kinetic model using knowledge based systems or neural nets is a simple 

but very useful and original method for simulating ill-defmed dynamic systems. Other 

authors have already based their work on this concept. 
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• Three of the PhD graduates of this research programme have fonned a software business 

(Crusader Systems) based on the principles of artificial intelligence developed in this 

research. They have introduced this software to numerous companies and have also 

cornmercialised a computer vision system based on the methods developed in this 

submission. The substantial industrial impact of this work is not reflected at all in the 

citation count. 

• By employing Kurt Petersen, De Beers has recently decided to further develop the image 

analysis methods for detennining the spray angle of a hydro cyclone and the size 

distribution of particles on a conveyor belt. 

• The research on the effect of galvanic interactions on flotation froths is novel and has been 

used by a number of mining companies in process optimisation. 

• Other authors and a number of research students at other universities have recently based 

their work on the papers discussing the interrelationship between diagnostic leaching data 

and mineral liberation of gold ores. 
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6. Summary of Submitted Publications 

In this section a summary is presented of all papers listed in Section 3. The categories of 

research and the reference numbers of papers are the same as those in Section 3. 

6.1 Process Synthesis 

Papers 1 to 3 discuss the application of linear programming to the optimal design of mineral 

processing circuits, which was an extension of the work previously published by le.A. 

Green. The methodology proposed by Green was cumbersome and very difficult to apply to 

practical mineral processing circuits. In Paper 1 a method . .was proposed where the 

optimisation of the circuit was based on two sequential linear models, but the structure of the 

circuit was based on total flow rates instead of component flow rates. Subsequently, a linear 

programming methodology was proposed which was a substantial improvement on the 

technique proposed by Green. An advantage of this method was that the only data required by 

the simulation model were the separation characteristics, i.e. the split factors in the individual 

processing units, the tailings grade constraints, and the feed rates. This approach could be 

used in the design phase of a plant where accurate separation infonnation is not available. 

Once improved separation data are available during the operation of a plant, it is possible to 

update the simulations and hence the optimisation of the circuit configuration. 

Paper 2 was a substantial extension of this approach by incorporation of regrind mills in the 

circuit, as well as mineral liberation and a distribution of flotation response in the case of 

modelling of flotation circuits. The novelty of this method was associated with the fact that 

milling affects the liberation distribution of species and that this could affect the optimisation 

of the overall mineral processing plant structure. This paper catalysed a substantial number of 

further process synthesis studies in the mineral processing literature. Usually the simulation of 

mineral processing circuits incorporating regrind mills is extremely complex. In this paper the 

action of a regrind mill was incorporated in the bounds on the separation factors, which meant 

that a change in the degree of mineral liberation or the floatability of a component due to 

changes in the surface chemistry could be incorporated in the mathematics in a simple 

manner. 
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The shortcoming of Papers 1 and 2 was that the separation factors had to be specified, and 

where changes in the circuit operating conditions were encountered, subsequent changes in 

the split factors were not considered implicitly. Therefore, no methodology was proposed to 

change these split factors during the optimisation. Many of the subsequent papers in which 

Markus Reuter participated considered the use of knowledge based systems, and 

subsequently, neural networks to relate split factors in processing plants to operating 

conditions. These methods provided a way in which an updating of split factors could be 

accomplished during a sequential linear programming approach, as explained in Papers 1 and 

2. An example of this methodology was given in Paper 3, where gravity separation was used 

as an example. Similar to Papers 1 and 2, a sequential linear programming model was used, 

where the first model optimised the circuit structure based on total flow rates, while the 

second linear programming model optimised the flow of individual elements and hence the 

total grade. A knowledge base was used to generate the bounds on separation factors, and in 

this way, the separation factors could be updated by the knowledge based system. It is also 

possible to use a neural network to simulate the split factors for processing units in a circuit 

and hence conduct process synthesis for a non-linear system such as a hydrometallurgical zinc 

recovery plant (Papers 33 and 37). Such a process simulator could be used to determine the 

environmental and economic impact of process decisions. This work has recently been 

extended substantially by Markus Reuter. A further example of the use of neural nets in 

process synthesis is the decomposition of circuits containing recycle flow streams, as 

explained in Paper 39. 

Paper 4 discussed the application of standard dynamic modelling methodology to the re-pulp 

section of a leaching plant where a reaction occurred in the re-pulping tanks. In that plant, 

milling of the. material occurred on a stop.:.start basis so that steady-state was never achieved. 

Furthermore, virtually no on-line instrumentation was available owing to the harsh conditions 

on the plant. The proposed approach made use of a dynamic simulation model which 

prompted the user for additional information, such as valve positions, the time of milling, and 

an estimation of flow rates. This program provided the operators with an off-line control 

technique to optimise and stabilise pulp density and hence the consistency of flow into the 

ultimate leaching autoclaves. Reaction was taking place in the re-pulping tanks, so that an 

estimation of the reaction kinetics had to be. taken into account. This study has wide 

implications in the sense that many plants in the metallurgical industry are controlled by the 

intuition of the operators, owing to a lack of suitable on-line instrumentation. This means that 
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operators often have to guess the level of fluid in tanks as well as the flow rates to reactors. 

To a large extent process operators are expected to solve a dynamic material balance 

intuitively without having the assistance of an off-line model available. Further work is 

currently being conducted to apply this methodology to the high temperature industry. 

6.2 Knowledge Based Systems 

Papers 5 to 14 discussed the development of knowledge-based systems for mineral 

processing, hydrometallurgical and pyrometallurgical systems. This work was conducted in 

the early days of the application of knowledge-based systems to mineral processing problems, 

so that standard packages were not used. Instead, it was attempted to develop a new 

me.thodology in which the intrinsic behaviour of systems could be incorporated within the 

structure of the knowledge base. At the end of the 1980' s when this work was conducted, an 

object or Windows based approach was not available in standard software and the few 

knowledge-based structures that existed were seriously lacking in their ability to incorporate 

generic process knowledge. Furthermore, the data base structures that are widely available 

currently were also lacking. This provided the justification for the development of a structure 

as proposed in these papers. To some extent this work was part of the pioneering effort in 

getting knowledge-based systems accepted within the metallurgical industry. While 

substantial software development was associated with the papers listed here, it was soon 

overtaken by commercial development of knowledge-based systems and databases. 

The novelty of the approach presented in this collection of papers lies in the way in which a 

pivotal condition is selected and how the knowledge base is used to determine adjustment 

factors in order to change the pivot values. In this way, meta-classes, classes and sub-classes. 

of objects were defined in order to organise the knowledge space. Interaction factors were 

also calculated within the data base in order to account for the multi-dimensional nature of the 

data space. A methodology was proposed for the inverse application of the knowledge based 

system for the purpose of fault diagnosis. A distinction was made between shallow and deep 

process knowledge. Shallow knowledge was defined in terms of qUalitative or heuristic 

information expressed as objects, labels and rules. These objects were related to adjustment 

factors via if-then rules. At the time when this work was conducted little attention was paid to 

deep process knowledge. The overall structure of the knowledge' base and the use of an object 
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oriented approach were not novel, because a similar methodology had been proposed in the 

chemical engineering literature. However, artificial intelligence and knowledge engineering 

received very little attention in mineral processing at the time. Moreover, no clear 

methodology existed to incorporate deep knowledge such as fundamental equations and 

models, correlations or differential equations in an object oriented knowledge based approach. 

In order to overcome the shortcoming of incorporating kinetic data and dynamic behaviour in 

the knowledge based models a novel methodology was proposed in papers 5 to 14. In essence 

the kinetics of a reaction were finger-printed by considering the slope of a batch kinetic curve 

at any position in tenns of process conditions. This meant that as process conditions changed 

during a batch experiment, the splines were described via the objects and adjustment factors 

of the knowledge based system. Therefore, the usual incorporation of process conditions into 

the rate constant was replaced by the changes in slope. In this way any complex reaction 

kinetic system could be simulated without taking the reaction mechanisms into account. This 

method enabled the data to be the complete data base instead of a curve fitted kinetic model. 

By applying this method to a wide range of processes it was found empirically that simple 

proportional adjustment factors could be used to adjust kinetic curves for different initial 

concentrations, solid/liquid ratios and process equilibria. This unique method provided a 

useful strategy of linking deep process knowledge and systems equations with shallow 

process data. For example, reaction rates used in continuous dynamic material or heat 

balances were related directly to batch data via the knowledge base. This also meant that the 

identification of reaction kinetics could be conducted by back-calculation from continuous 

process data. 

Unfortunately this methodology was published only in the mineral processing literature, 

which has a more limited exposure than the more general chemical engineering literature. 

Consequently, this methodology has not been actively pursued by other authors. 

Unfortunately, few other authors have adapted deep knowledge based systems for application 

to dynamic data sets. Papers 5 to 14 used mainly published data sets to facilitate comparison 

of model fitting. Papers 5, 6, 9, 10, 11 and 13 explain how this approach was applied to batch 

leaching, . continuous co-current and counter-current leaching of gold ores, as well as 

adsorption of gold cyanide onto activated carbon in batch reactors, periodically operated 

counter-current cascades, columns and carbon-in-Ieach systems. Different process conditions 

such as cyanide concentrations and different degrees of adsorbent fouling could be taken into 
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account using adjustment factors through the knowledge base. This approach was 

computationally more efficient than utilising the more rigorous adsorption and leaching 

models published by van Deventer and others. Papers 7, 8, 12 and 14 integrate a knowledge 

based approach with the two stage linear programming methodology proposed in Paper 2 in 

defIning bounds on split factors for flotation circuits. This approach allowed the steady-state 

simulation and optimisation of circuit configuration by taking reagent concentrations, reagent . 

quality, changes in ore mineralogy, and hence changes in batch flotation kinetics, into 

account. As explained in Paper 6, the knowledge based kinetic methodology was also applied 

successfully to the oxidative leaching of sphalerite, the leaching of chalcopyrite at elevated 

temperature, the leaching of cobalt concentrate, the carbothermic reduction of ilmenite, the 

decarburisation of liquid iron by carbon dioxide, and the reduction of nickel oxide by 

hydrogen. 

6.3 Neural Networks: Theoretical Concepts 

It is not entirely possible to separate the neural net papers dealing with fundamental concepts 

from those discussing engineering applications. Papers 15 to 29 deal mainly with new 

theoretical concepts concerning the adaptation of neural network methodology to processing 

problems. While neural networks are currently used more widely in process engineering, 

these papers presented some of the fIrst attempts to introduce neural networks to the· fIeld of 

mineral processing. That was indeed the purpose of Papers 17,24,25,26 and 27, 

It was a logical step to combine the knowledge based kinetic methodology proposed in Papers 

5 to 14 with various neural network architectures. Paper 15 used the same methodology 

explained in Papers 6 and 7, but a neural het instead of a knowledge base was used to relate 

the adjustment factors, concentration values and rate data to process conditions. At the time 

all papers in the process engineering literature dealing with the application of neural nets to 

reaction kinetics incorporated time as an input. Therefore, intrinsic rate information was not 

captured. The approach explained in Paper 15 applied a fIrst order kinetic expression to rate 

data, where the rate "constant" could be a complex function of concentration and process 

conditions. A pivot set of concentration and rate "constant" data was defmed as being 

independent of process conditions, i.e. the kinetic mechanism did not change. A neural net 

was then used to relate changes in process conditions such as temperature, density, reagent 
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levels, pH and stirring conditions to the adjustment factors. No curve fitting was required, as 

the kinetic rate equation utilised experimental data directly. The neural net approach of 

capturing process information allowed the identification of process conditions and hence fault 

diagnosis if the adjustment factors were known. A procedure was also proposed for 

incorporating the neural net kinetic equation into the material balance equations for mixed 

flow reactors, both in the case of macro mixing and micromixing. It was shown that this novel 

approach could be applied to industrial hydrometallurgical and flotation data sets. Due to the 

useful features of the method proposed in Paper 15 it has been used as a basis for further work 

by other workers in the field. Nevertheless, most papers that appear on the application of 

neural nets to kinetic problems still consider rate data in a black box manner without 

attempting to capture intrinsic rate information. 

In industrial plants it is not always appropriate to link batch data to continuous operations 

owing to differences in operating conditions. Therefore, intrinsic rate information should be 

extracted from continuous data, as proposed in Papers 16, 24, 28 and 29. The implicit 

assumption was made that conservation equations could be decoupled and in the case of a 

simplified dynamic material balance a quantity representing the intrinsic reaction rate could 

be back-calculated by assuming mixed flow behaviour. Despite the fact that these 

assumptions were not necessarily valid, the calculated rate information incorporated all the 

associated non-idealities. The back-calculated rate data, coupled with the associated process 

conditions, could then serve as training data for a neural net. This methodology was applied 

successfully to countercurrent adsorption systems involving complex intrinsic reaction 

kinetics. 

The scaling and transformation of input data to reflect trends inherent in the data were also 

demonstrated in Paper 16. This enhanced the efficiency of training and simulation of the 

neural net. It was also shown that it is not always efficient to train a neural net over the entire 

variable space. Instead, a methodology of partitioning the variable space into sub-spaces was 

proposed, as also explained in Paper 32. A simple perturbation analysis was applied, which 

used a neural net to estimate first order partial derivatives of a multivariate function. These 

partial derivatives then quantified the relative effects of the variables at different positions in 

the variable space, so that sub-spaces of reduced dimensionality could be identified by 

eliminating less significant variables from certain sub-spaces. As a further simplification, 

neural nets were then used to identify simple mathematical relations between the rate 
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infonnation and variables. At the time this approach was essential in order to reduce 

computational demands when applying neural nets to highly non-linear data spaces. However, 

with powerful computers and sophisticated neural net architectures commercially available 

today there is less of a demand for this sub-space approach. Nevertheless, there are still 

numerous problems in reaction engineering systems where the variable space is less 

continuous and smooth, so that a partitioning approach may still be preferable. 

Papers 18, 19, 20, 22, 23 and 26 proposed a novel method for the detection and location of 

gross (systematic) errors as well as the reconciliation of inconsistent process data by using 

neural networks. Paper 23 presented a comprehensive summary of this work and explained 

the methodology involved. Numerous methods have been published on material balance 

smoothing and gross error detection. However, most of these methods are based on the 

assumption that measurement errors are randomly Gaussian with a known covariance matrix 

and distributed around a zero mean. Likewise, most methods for gross error detection involve 

statistical tests based on the characteristics of the constrained residuals of the measurement 

errors. These tests are only useful when the system constraints are linear or could be 

linearised, which is usually not the case in mineral processing. When a neural net was used to 

capture the relationship between the properties of the constraint residuals and those of the 

measurement residuals, this problem of assumptions and non-linearity was overcome. This ill

defined neural net relationship then served as the basis for the estimation of measurement 

error variances or gross error detection schemes. 

In Papers 18 and 19 conventional back-propagation nets with sigmoidal or preferably 

hyperbolic tangent transfer functions were used to detect gross errors in material balance 

measurements in hydrocyc1one and grinding circuits. In Paper 20 data reconciliation was 

conducted using a conventional crossbar or Hopfield net with full lateral connections, a 

modified Hopfield net with a multi-dimensional array of hidden layers, and the latter structure 

with feedback connections and a direct search method with a systematic reduction in the 

search space. Paper 22 presented a comparison of network architectures during the detection 

and location of gross errors in a number of synthetic mineral processing problems. Back 

propagation, probabilistic, learning vector quantization (L VQ), radial basis and general 

regression neural nets were found to all detect gross errors very well. However, the more 

complicated problem of locating the sources of gross errors in a process system was handled 

best by LVQ nets. Probabilistic nets perfonned almost as well, but back-propagation nets 
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were not suitable for this purpose. The reason was that the neural nets had to interpret 

complex patterns of constraint residuals that were dependent not only on the location of 

systematic errors, but also on the actual values of the process variables at the time of 

sampling. There are still problems with the on-line training of neural nets under industrial 

conditions, so that these methods have not yet been used industrially. 

Despite the methods proposed in Papers 15 and 16, few neural net architectures inherently 

include the functional relationships between variables based on fundamental knowledge. For 

example, if it is known that two variables have a multiplicative, additive or exponential 

relationship it makes sense to include this as part of the network structure. This will also 

allow some differentiation between parametric and non-parametric knowledge. Standard 

architectures are not suitable for this purpose, which provided the justification for the 

regression network proposed in Paper 21. This represeJ1ted a unique approac~ with substantial 

potential to link fundamental deep knowledge with shallow heuristic knowledge. It also meant 

that the regression network had the ability to extrapolate beyond the scope of the training 

data, which is usually a weakness of neural nets. Paper 21 showed that the regression network 

far outperformed back-propagation structures and multiple adaptive regression splines. 

Unfortunately, the training of this type of network was difficult owing to the presence of 

plateaus adjacent to valleys on the error surface. Paper 21 proposed various optimisation 

methods to overcome these difficulties in order to train the network optimally. With enhanced 

computational power available today there is a greater justification for use of the regression 

network concept than was the case in the early 1990's. 

6.4 Neural Networks: Applications 

Papers 30 to 44 demonstrated that neural networks could be applied to a wide range of 

process engineering problems. The objective of these papers was also to enhance the 

acceptance of neural networks in the wider process engineering community. Although these 

papers discussed optimal network architectures for specific problems, the aim was not to 

develop new generic knowledge in artificial intelligence. 

Neural nets have only recently found application in the pyrometallurgical community. Paper 

30 was one of the first publications addressing this topic and hence has been cited by several 
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authors. It was shown that neural nets could relate slag properties such as viscosity and metal

slag equilibria to composition, whereas the fundamental and empirical models available in the 

early 1990' s were not able to do so. Today sophisticated slag models are available which have 

better predictive performance, but they still fail for very complex systems. Provided that 

sufficient experimental data are available, neural nets could be used to correlate complex 

equilibrium relationships not amenable to conventional modelling. Paper 37 showed how such 

trained neural nets could then be used to interpret metallurgical processes. This approach was 

also used to correlate equilibria in solvent extraction systems (paper 42) and multicomponent 

adsorption systems. With more sophisticated neural network architectures becoming available 

it is recommended that aspects of fundamental equilibrium models should be combined with 

non-parametric structures, as proposed in Paper 21. 

Although most. neural networks are not transparent in terms of the structural relationship -. . 

between variables, Paper 31 demonstrated that backward analysis could be used to analyse the 

weight matrix of a three layer perceptron. It was shown that the viscosities of crude oils could 

be correlated with their measured properties at different temperatures. In view of the non

linearity of the system the neural net gave better correlations than any of the published 

empirical equations. Likewise, Paper 32 showed that ordinary sigmoidal back-propagation 

neural nets gave better prediction of the classification efficiency of a hydrocyclone than 

multiple adaptive regression splines (MARS) methods. The shear stress versus shear strain 

relationship for superplastic materials such as a copper. alloy was simulated accurately using a 

hybrid neural network incorporating an Arrhenius relationship for the effect of temperature. 

Paper 44 showed that it was important to incorporate such fundamental knowledge, so that 

hybrid neural nets had better extrapolative ability than conventional architectures. As 

mentioned before, it was shown that the pre-processing and scaling of data were important. 

Paper 33 also emphasised this point. For inadequate or sparse data sets a hybrid sub-space 

approach was recommended. 

Papers 33, 36, 37, 39, 40 and 44 explained how the inputs and outputs for an entire processing 

plant could be related via neural nets in order to construct a plant-wide connectionist 

simulator. Depending on the geometry of the data space it was important to design an optimal 

network architecture and to select the best transfer function. Often a hyperbolic transfer 

function was preferred to a sigmoidal form so that low valued and high valued outputs could 

be treated equally. In view of the non-linear nature of most plant-wide models, neural 
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networks yielded a better representation of reality than multi-linear regression models. The. 

following case studies were considered in terms of operating variables: (a) the losses on a 

gold plant; (b) the consumption of cyanide on a gold plant; (c) the extraction efficiency of a 

uranium plant; (d) the consumption of reagents on a phosphate flotation . plant; (e) the 

pyrometallurgical recovery of base metals from industrial flue dusts; and (f) the optimisation 

of a rotary salt flux furnace for the processing of secondary aluminium. 

The methodology of representing the intrinsic kinetics of a complex reaction system using a 

neural net, as explained in Paper 15, was applied in Papers 34, 37, 38 and 44. As 

demonstrated for superplastic behaviour in Paper 44, it was shown in Papers 34, 38 and 44 

that a kinetic neural net had better extrapolative abilities if the highly non-linear effect of 

temperature was excluded from the net ~d instead incorporated as an Arrhenius relationship 

in a hybrid architecture. This confirms the contention that the inputs into a neural net structure 

should be minimised and that a combination of parametric and non-parametric information 

structures has superior predictive capabilities compared with a total black-box approach. 

A large variety of neural net architectures were used and applied to selected case studies 

which revealed distinctive geometries of variable space. In Paper 35 radial basis transfer 

functions were used for the hidden nodes, while the pattern layer representation was 

constructed solely by self-organisation, with the output layer being trained using standard 

techniques. This architecture was used to correlate the onset and rate of induced aeration with 

rheological and design variables. It was shown that conventional back-propagation nets did 

not deliver a satisfactory result. The concept of a cascaded net structure was also proposed in 

which a stage-wise prediction of variables was facilitated. A hybrid neural net with a self

organising Kohonen layer was used in Paper 42 to correlate the equilibrium of rare-earth 

solvent extraction with process conditions. An interesting hybrid structure was developed in 

Paper 42 to relate a dimensionless number for drop coalescence in liquid/liquid dispersions to 

operating and solvent parameters for distinctly different classes of solvents. As shown in 

Papers 43 and 99, a sigmoidal back-propagation neural net with a Kohonen hidden layer was 

used to relate the liberation of gold from refractory ore components to diagnostic leaching 

data. 

It is often difficult to derive any conclusions from a statistical analysis of an industrial data set 

in which the relationship between variables is ill-defined. Such a case study is the pressure 
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leaching of copper-nickel matte described in Papers 36 and 41. Rather than performing a 

quantitative prediction of the performance of the process, the outputs were classified in a 

fuzzy manner as either high or low in order to simplify the data set. Learning vector 

quantization (LVQ) and back-propagation nets were used to extract knowledge from the 

historical process data and thereby determining the relative importance of process variables. 

In this work it became apparent that the determination of residence time and hence the time ... 

delay between processing units from sparse data sets were problematic. Although this 

problem was again addressed in Paper 56, a generalised methodology has been developed 

since in the Ph.D. work by Bezuidenhout. 

6.5 Computer Vision 

The aim of the work on knowledge based systems and neural networks was to utilise ill

defined information for predictive purposes. Therefore, it was a natural extension of this work 

to develop computer vision methods for mineral processing operations and to link such 

information via neural networks to process performance. At the time when this work was 

initiated in the early 1990' s the few available studies were either very computationally 

intensive (Woodburn's early work on coal froths) or very simplistic by considering only 

average grey level. The numerous studies on computer vision in the electronic engineering 

literature had focused mainly on artificial and well defined examples at that stage. Papers 45 

to 70 represent a major effort to develop and transfer computer vision technology to mineral 

processing. There is necessarily an overlap with the previous sections on neural network 

applications, because this work represented the first comprehensive attempt to integrate 

computer vision and neural network principles in a mineral processing application. 

Paper 58 presented a comprehensive overview of computer vision and how neural networks 

could be applied either directly to image data or indirectly to features extracted from such 

data. When neural nets are used for image compression at the level of raw pixel data a 

significant reduction in storage space and an increase in the level of computation are attained 

(Paper 47). Morphological edge filtering was also shown to be computationally more efficient 

when using neural networks. The analogy of machine vision systems with biological systems 

was also explained in terms of the processing time, the size of the feature space and the level 

of information (Papers 46 and 58). 
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Paper 45 was the first journal publication on the analysis of industrial flotation froth images 

and how the extracted features correlated with physical values such as bubble size and 

concentrate grade. Despite the use of Fourier Transfonns as a less efficient image processing 

tool, this paper has been cited by many other authors who have continued this work. Until 

recently the description of flotation froth appearance in the literature has been convoluted, 

vague and without any consistent reference for the classification of froth types in tenns of 

bubble size, mobility, stability, texture and colour. Paper 54 presented an extensive overview 

of the descriptions of froth in the literature and proposed a new classification system which 

could serve as a basis for a computer vision system used for on-line control. This was the first 

time that a link was made between the diffuse descriptions in the literature and the 

quantification of froth texture by machine vision. It also provided a strategy for linking froth 

image knowledge to on-line plant analyses via an intelligent systems engineering approach, as 

outlined in Papers 61, 63 and 69. 

An important extension of this work was the introduction of textural image feature extraction 

techniques. This was the first time that spatial and neighbouring grey level dependence matrix 

methods were applied to flotation froth images, as explained in many of the publications, 

including Papers 49 to 52. Although the analytical use of the SGLDM and NGLDM features 

was limited owing to the inherent difficulties in the interpretation of feature sets of high 

dimension, they effectively captured knowledge of the process reflected in the structure of 

the flotation froth. The ratio of the Energy features of the SGLDM method calculated at 90 

degree angles was shown to be indicative of the average bubble shape and could identify 

elliptical bubbles. A thresholding method for calculating froth mobility and stability 

parameters was also proposed. Paper 50,-which has been cited frequently; showed that the 

second moment of the NGLDM method correlated well with the flow speed of the froth. 

Depending on the froth type, one or more textural features could be related directly to the 

coarseness of the froth image and hence the average bubble size. 

In many of the papers neural nets were used to relate the image features of the froth to 

flotation perfonnance. Initially, it was attempted to classify the froth in categories which 

corresponded to those descriptions used by the. operators. Subsequently, the image features 

based on textural analysis were used for this classification. For example, Papers 49 and 59 

demonstrated that textural froth features could be combined via an LVQ neural net to classify 
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froths. It was also shown that without froth classification the textural image features could be 

related to process conditions and metallurgical performance via a simple neural net in the case 

of batch flotation (Paper 50). 

In a series of publications (Papers 48, 51, 52, 53, 56, 59, 60, 64, 65, 66, 68, 70) froth image 

features were projected onto a two-dimensional mapping to obtain a visualisation of the 

differences between froth classes in space. It was shown that pre-allocated classes of froth 

occupy reasonably different positions in such a mapping. The degree of dispersion on such a 

map and consequently the separation between froth types were quantified (Papers 51, 52 and 

59). Initially simple Kohonen self organising maps (SOM) were used. However, for 

applications where it was not possible to train the net on all possible process conditions prior 

to implementation, fuzzy adaptive resonance theory maps (ARTMAP) were used as explained 

in Paper 48. In Papers 53 and 60 Sammon maps were used due to their more faithful 

representation of the structure of the original data space. However, as explained in Paper 60, 

conventional Sammon maps have the shortcoming that when new data are evaluated, the 

entire map has to be reconstructed. Hidden target mapping neural nets were used in Paper 60 

to overcome this shortcoming. In many of these papers it was shown how a two or three

dimensional mapping could be used to track changes in process conditions. In that way 

operators could be provided with a tool which helps to visualise complex multivariate 

changes and relate those to metallurgical performance. It was shown in Papers 53 and 60 that 

the position on a map was related not only to the type of froth and the set of operating 

conditions, but also the recovery and grade of the froth. 

During application of a computer vision system at mines in South Africa and Australia it was 

found that perturbations in processing units such as comminution preceding the flotation 

circuit were reflected in perturbations in the froth image features. Papers 56, 65, 66, 67, 68 

and 70 showed that long residence times between the points of perturbations, the position of 

the froth monitor and the points of on-stream analysis did not always allow a direct 

correlation between froth features and metallurgical performance as measured by the taking of 

lumped samples. However, it was possible to relate short term fluctutations in image features 

to short term fluctuations in metallurgical performance. Paper 56 proposed a methodology 

whereby such short term perturbations and long term shifts in the base line could be 

distinguished on an empirical basis. Recent unpublished work has significantly advanced this 

methodology by devising a novel filter which eliminates shifts in the base line of data sets. As 
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illustrated in Paper 56, SOM plots of the sign of perturbations presented a meaningful 

classification of froth types. 

None of the papers mentioned above discussed the closing of a control loop during the 

monitoring of industrial flotation froths. This is a daunting task in view of the complexity of 

flotation systems. However, further industrial work by Moolman has succeeded in achieving 

this goal through the integration of a sophisticated software platform with the computer vision 

system. That system marketed by Crusader Systems in South Africa is now being used 

commercially. In that respect the above work has made an impact on industrial practice in 

addition to the contribution to the body of knowledge. 

In an extension of the work on froth monitoring, Papers 55 and 62 proposed a method for 

quantifying the underflow spray angle of a hydro cyclone as an indicator of changes in cut 

size. In further work it was shown that the spray angle in combination with information such 

as inlet pressure, flow rate and pulp density could be used in a neural network as a soft sensor 

for prediction of particle size distribution. Even today very little is known about the 

relationship between spray angle profiles and the fluid behaviour in a hydrocyclone, so that 

this work presented a pioneering effort in the field. Although a few papers have been 

published on the image analysis of material on conveyor belts this is a very complex problem 

that has not been resolved satisfactorily. Paper 57 presented a novel textural pattern. method 

for recognition of types of ore and projected particle size distribution on a conveyor belt using 

range and variance operators. Although more sophisticated methods have been published, this 

textural method offered a simple and computationally efficient method which could be 

incorporated in a commercial system. It was explained how changes in the textural features 

could be related to changes in operating conditions. 

6.6 Froth Flotation and Interfacial Phenomena 

Papers 71, 76, 77, 78,79,80,81,82,88 and 89 discussed chemical aspects of froth flotation 

with an emphasis on electrochemistry, galvanic interactions, reagent-mineral interactions and 

mineralogy. Engineering aspects of flotation, such as the flow behaviour in an air-sparged 

hydrocyclone, mass transport in conventional and column froths, and the development of a 

moving froth bed system, were discussed in Papers 73, 74, 83, 84, 85, 86, 87, 90 and 91. A 
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limited effort on solid-liquid separation by electrokinetic means was presented in Papers 72 

and 75. 

Despite the wealth of information on flotation chemistry available in the literature, Paper 71 

made a valuable contribution by showing that rest potential and Eh measurements should be 

interpreted with care, especially when pulp and solution values are compared. This paper was 

one of the few that used rest potential values to draw conclusions about xanthate speciation at 

the mineral surface. It also explained the relationship between rest potentials and pulp 

potential. This work laid the foundation for Papers 76, 77, 80 and 82 in which it was 

demonstrated how changes in the milling conditions affect galvanic interactions and 

subsequently froth behaviour. In contrast with other papers which related galvanic 

interactions only to pulp phenomena, this was the first time that froth behaviour was related to 

galvanic interactions. It had been argued conventionally that a reduction in potential caused 

by the addition of metallic iron should reduce the floatability of sulphides. On the other hand, 

it had been well known that an overload of hydrophobic gangue should reduce froth stability. 

These papers showed that the addition of iron reduced the recovery of undesirable 

hydrophobic particles and hence yielded an improved froth with higher grades and recovery. 

Paper 80 showed that these phenomena had an interesting effect on the behaviour of free gold 

during flotation. Paper 89 presented a study in which uranium containing minerals were 

selectively destroyed in order to investigate their relative floatabilities with respect to uranium 

recovery. The methodology in this study was analogous to Papers 78, 79, 80 and 81 which 

considered gold flotation. It was found in Paper 89 that small additions of iron promoted the 

recovery of pyrite and hence uranium, but higher additions of iron had a detrimental effect. 

Even when oleic acid was used to enhance the flotation of oxides small additions of iron had a 

positive effect. This effect could not be explained in terms of electrochemical theory as in the 

case of sulphides. It is evident that the above papers provide a basis for future work in this 

field. 

Many papers have appeared on the flotation of gold ores, but no other studies have 

distinguished analytically between free and lock gold in this context. Papers 78, 79, 80 and 81 

presented recent results which showed that a large percentage of free gold was recovered by 

entrainment. Therefore, the optimal grade/recovery combination for gold was shown to be a 

compromise between factors promoting entrainment and factors promoting the 

hydrophobicity of sulphide minerals. The flotation of free gold was affected largely by 
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physical constraints such as the shape and size of particles, the degree of water and gangue 

transport to the froth, the froth stability and the extent of bubble loading of sulphides which 

could provide a b~er towards the hydrophobic bubble attachment of free gold. Quantitative 

XRD was combined with diagnostic leaching to distinguish between free and locked gold in 

the individual minerals. The specific ore studied contained a large percentage of gold 

associated with pyrrhotite instead of pyrite, which is unusual. Consequently, a compromise 

had to be reached between oxidising conditions promoting pyrite recovery and reducing 

conditions promoting pyrrhotite recovery. Paper 81 was one of few studies which investigated 

the sequence of copper addition in relation to xanthate conditioning. When copper sulphate 

was added after the collector the recovery of free gold increased significantly with a 

concomitant increase in the total gold recovery. 

Although the concept of the air-sparged hydro cyclone was developed by Jan Miller, there was 

a lack of data on its applicability to specific ores and the associated reagent consumption. 

Papers 73 and 83 compared the recovery of pyrite in the air-sparged hydrocyclone with that in 

a batch cell and concluded that satisfactory results were obtained for a rougher operation, but 

that reagent consumption was three times that of conventional flotation. Pilot scale 

experiments at the University of Stellenbosch also showed that important improvements could 

be made to the original design. Papers 73, 74 and 91 demonstrated that an underflow spigot in 

which the flow was restricted by an orifice was more successful than an annular opening in 

preventing blockage by wood chips in the slurry. In an interesting modification of the original 

design non-porous sections were inserted at various positions along the length of the cylinder. 

Papers 74 and 91 showed that improved performance was obtained when the lower section of 

the porous cylinder was sealed off for certain ranges of operating conditions. 

Papers 84, 85, 86 and 87 presented different features of a mathematical model to simulate the 

behaviour of flotation froths on the basis of mass transport phenomena by taking account of 

the rates of flotation, entrainment and drainage of various solid species and water. This 

methodology could be applied to mechanical or column flotation cells in order to simulate the 

effect of changes in design parameters on flotation efficiency. For example, Paper 87 

explained that smaller mechanical cells should be used or additional concentrate launders 

should be provided for enhanced recovery of coarse particles. A two dimensional regionalised 

streamline model for the froth was used to relate flow patterns to transport phenomena. The 

model was calibrated by fitting concentration profiles to measured values. Test work on the 
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rougher, cleaner and recleaner cells of pyrite and fluorspar flotation plants demonstrated the 

general validity of the method. Paper 86 showed that the extent of detachment of floating 

species could be inferred from the concentration profiles, which allowed the calculation 

(Paper 84) of the optimal froth depth. The approach presented for flotation columns in Paper 

85 served as the basis for a number of studies by other authors. Current work at the University 

of Melbourne is aimed at the integration of these mass transport phenomena in the froth phase 

with froth image features determined by computer vision. 

Coarse hydrophobic particles are poorly recovered in conventional flotation. As an extension 

of an invention by Victor Ross, Paper 90 proposed a novel moving froth bed system in which 

the ore particles were fed from the top onto the froth bed. The hydrophobic particles acted as 

film breakers and were recovered as a sink product, while the hydrophilic particles were 

supported by the froth bed and were recovered as overflow product. As expected, the 

mass/projected area ratio was an important determinant of the recovery efficiency of particles. 

More papers will in due course appear on this work. 

As a one off project, ultrafine kimberlite slurries which could not be dewatered by 

conventional means were subjected to electrokinetic dewatering techniques. Paper 72 

presented the results of both electrophoretic and electro-osmotic experiments, with the latter 

being more energy efficient than the former. At the time very little information was available 

on the industrial application and efficiencies of these methods. Paper 75 presented an 

extension of this work in which a temperature dependent mathematical model was developed 

for electro-osmosis and applied to two kimberlite samples and a coal slurry. It was shown that 

a gap existed in the literature in terms of temperature-conductivity relationships for slurries. 

6.7 Fluid Mechanics 

This section is a collection of a number of ad hoc studies on fluid flow phenomena which 

supported the major thrust of the research discussed in the rest of the papers. For example, the 

segregation of particles of different size, density and composition in a flow-splitting device is 

commonplace in mineral processing applications. Paper 92 presented the first detailed 

quantification of this phenomenon and explained why a Y -piece is preferred to aT-piece 

when splitting a slurry. 
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Induced aeration is used frequently in flotation cells and bioleaching reactors. In the mid 

1980's little information was available to predict the onset of such aeration and the rate of 

aeration in terms of design and rheological variables. Papers 35, 93 and 94 presented results 

and correlations to fill this gap in the body of knowledge. Paper 93 showed that at low 

viscosities an increase in viscosity resulted in an increase in aeration rate, while the opposite 

was true for highly viscous fluids. Paper 94 explained the effects of fluid density and the 

presence of suspended solids on aeration rate. 

In many mineral processing operations there is justification for process intensification. The 

work on the air-sparged hydrocyclone was such an example. In Paper 95 a high velocity 

impinging stream cross flow reactor was proposed for the enhancement of l~aching of gold 

ores. Although not proven conclusively, it was suggested that micro-cracking on the surface 

of particles caused by the impinging stream of leaching solution could increase gold 

dissolution from refractory ores. Similarly, Paper 96 explained how the configuration of 

liquid and gas nozzles in a compact reactor could affect the efficiency of mass transfer. This 

work on high intensity jet reactors was a new contribution to the field, as little has been 

published in this regard. As expected, the angle of impingement between the gas and liquid 

streams was the most important aspect to affect the efficiency of mass transfer. A mechanism 

of bubble formation and break-up in a reactor operated in the bubble mode was proposed and 

a design methodology for such reactors was also formulated. 

6.8 Diagnostic Leaching 

Diagnostic leaching is a methodology which bridges the gap between mineral processing and 

hydrometallurgy. It applies selective destruction of minerals by leaching to determine the 

amount of gold associated with each mineral group. This information could then be used to 

evaluate the efficiency of mineral processing operations such as flotation. Papers 97 to 101 do 

not claim to have invented the technique, which was pioneered by Leon Lorenzen and co

workers. However, Papers 97 and 100 demonstrated the industrial application of diagnostic 

leaching and discussed factors affecting the selectivity of mineral destruction. At the time the 

purpose of these papers was to transfer the technology to the wider mineral processing 

community. 
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Papers 98 and 101 presented a pioneering effort to relate mineral liberation to diagnostic 

leaching results. The King liberation model was used as a simple representation of gold 

liberation with changes in particle size. Consequently, the grain size of gold was back

calculated from leaching data as a mineralogical parameter. Even with little size reduction 

some gold leaching was measured, so that it was postulated that a fraction of leachable gold 

could not be attributed directly to liberation. This simple fust attempt has' since been refmed 

and has served as the basis for a number of further liberation models published by other 

authors. In a further development Paper- 99 explained how neural nets could be used to relate 

diagnostic leaching data to size reduction infonnation. In contrast with Paper 98 where a 

specific functional fonn was assumed for the liberation model, the non-parametric nature of 

the neural net in Paper 99 eliminated the need for a particular functional relationship. A 

Kohonen feature map was constructed to project the multi-dimensional gold liberation 

problem onto a two-dimensional space in order to quantify the differences in liberation 

behaviour between different ore types. A measure of clustering and the centres of gravity for 

the positions of unmilled and milled ores on the topological maps were used in this 

characterisation of ores. In a novel neural net architecture the unmilled ore characteristics as 

detennined partially by diagnostic leaching were summarised in a Kohonen layer and then 

related to the liberation data via a back-propagation structure (Paper 43). Further work is 

being conducted at the University of Melbourne to relate mineral liberation and diagnostic 

leaching data for refractory and preg-robbing gold ores. 

58 

Stellenbosch University  https://scholar.sun.ac.za



( 

Section 7 Publications on 

Process SynthesiS 

. . . 
~ .; .. . . :- . 

Stellenbosch University  https://scholar.sun.ac.za



CMmical Enginuring Sci,nc<. Vol. 43. No.5. pp. 1039-1049. 1988. 
Printed in Great Britain. 

0009-2509/88 S3.00 + 0.00 
ID 1988 Pergamon Press pic 

OPTIMAL DESIGN OF MINERAL SEPARATION CIRCUITS 
BY USE OF LINEAR PROGRAMMING 

M. A. REUTER and 1. S. J. VAN DEVENTER 
Department of Metallurgical Engineering, University of Stellenbosch, Stellenbosch 7600, South Africa 

J. C. A. GREENt 
Department of Chemical Engineering, University of Stellenbosch, Stellenbosch 7600, South Africa 

and 

M. SINCLAIR 
Department of Applied Mathematics, University of Stellenbosch, Stellenbosch 7600, South Africa 

(First received 13 Muy 1987: accepted in revised form II September 1987) 

Abstract--A model is proposed for the simulation of mineral separation plants using linear programming. A 
mineral separation plant is described here by two linear models, one beinga subset of the other. These models 
arc solved in succession, the first producing the total flow rates between the banks and the circuit 
configuration, and the second the flow rates of mineral species. Circuit configurations produced by the 
simulation model are similar to those encountered in industry. This suggests the feasibility of applying the 
model in the design of separation plants in practice. The grades and recoveries obtained also closely resemble 
those of similar separation plants in industry. The only data required by the simulation models are the 
separation characteristics, tailings grade constraints and the feed rates. 

INTRODUCTION 

Mineral separation processes often consist of a 
number of similar units which are grouped into banks 
and interconnected in a predefined manner. In some of 
these processes no transformation takes place in the 
particle size distributions. This means that the feed is 
simply split into different fractions on the basis of one 
or more properties such as density, magnetic suscep
tibility, conductivity, surface properties and fluor
escence. For example, a gravity concentration plant 
may comprise a number of cones or spirals which are 
grouped into rougher, scavenger and cleaner banks, in 
order to split a feed into concentrate, middlings and 
tailings streams. 

Many papers have been published on the simulation 
of flotation plants, which separate minerals on the 
basis of hydrophobicity. However, very few papers 
deal with the design and simulation of other mineral 
separation circuits such as gravity concentrators (Burt, 
1984). 

When designing mineral separation plants, it is 
attempted to produce an optimal configuration as well 
as optimal operating conditions. In this paper a general 
optimisation routine is proposed that may be used to 
simulate any mineral separation plant comprising a 
number of banks. 

Most flotation plant simulators and optimisation 
routines are based on numerical methods. Mehrotra 

tpresent address: Department of Quantitative 
Management, University of South Africa, Pretoria, South 
Africa. 

and Kapur (1974) optimised the mean residence time 
of mineral species and obtained an optimal structure of 
flotation cells from a generalized circuit by direct 
search methods. The circuit structures thus produced 
do not correspond to circuit configurations generally 
encountered on an industrial plant. King (1976) de
veloped the NIM simulator, which consisted of mass 
balance equations defined for mineral classes in a fixed 
structure. The system of equations, which include a 
flotation model, was solved iteratively, producing 
mineral class flow rates and flotation bank retention 
times. Sutherland (1977) applied a pacer type optimis
ation to simulate flotation circuits which could include 
regrind mills in their structure. 

Williams and Meloy (1983) and Williams et at. 
(1986) employed a technique introduced by Meloy 
(1983) called "circuit analysis" to simulate mineral 
separation processes with or without mUltiple feeds. In 
this approach it was assumed that individual unit 
operations are linear. A selectivity function defined the 
split of the feed into concentrate and tailings. The 
ensuing equations were linear algebraic equations that 
could be solved without the use of any numerical 
methods, and could be applied to countercurrent, 
cocurrent and multiple-feed processes. 

Green et at. (1985) developed mass balance equa
tions that defined the flow rates of mineral species 
between the flotation banks in terms of split factors, as 
suggested by Nagiev (1957). The mass balance equa
tions of a fixed structure produced a coefficient matrix 
which yielded bounds on the flow rates via Ostrowski's 
theorem. Subsequently, the flow rates of the mineral 
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species could be computed usmg parametric linear 
programmmg. 

As an extension to this work, Green (1984) linearise.ct 
the mass balance equations by considering the valuable 
mineral species Cu only. The resulting linear model 
could be solved using linear programming, and the 
separation characteristics of the Cu in each bank were 
given as bounds. This produced an optimal structure 
based on Cu and optimal Cu flow rates between the 
banks. Subsequently, given the process structure, an 
iterative procedure was used to calculate the flow rates 
of the remaining mineral species. It is noteworthy that 
the Cu flow rates after this iterative procedure were not 
the same as those produced by the linear programming 
procedure. This is obvious, since the computed struc
ture is based on Cu only and not on all the mineral 
species in the circuit. Furthermore, the circuits pro
duced by this method are difficult to apply in practice 
owing to their complexity. These difficulties are over
come in the simulation routine proposed in this paper. 

SIMULATION ROUTINE 

The mass balance equations proposed here are an 
extension of those defined by Green (1984). It is clear 
that the mass balance equations for a system of k 
mineral species are highly non-linear. These non-linear 
equations must be linearised in order to apply linear 
programming methods. This is accomplished by re
writing them as two sets of linear equations, which 
form the basis of two linear simulation models, one 
being a subset of the other. 

The first linear simulation model produces an 
optimal configuration and optimal total flow rates 
between the banks of separators. This solution is a 
function of the mineral separation in each bank, the 
plant size and constraints on the grades. The second 
linear simulation model produces the flow rates of the 
mineral species subject to the first solution. This 
second model is subject to the same separation charac
teristics of the separator and the same constraints on 
the grades as the first linear simulation model. 

In contrast to most other simulators, this simulator 
includes the separation characteristics of a mineral 
species at a particular bank as bounds and not as a 
model included in the mass balance equations. This is a 
realistic approach if it is considered that most simu
lation models for mineral separators are not funda
mental, but empirical, and suitable for a particular 
application only. For example, the operation of gravity 
concentration cones is represented mostly by separ
ation curves and not by fundamental models, which 
are, if they exist, based on numerous assumptions 
(Sivamohan and Forssberg, 1985). The separation 
characteristics of a gTavity concentration cone can then 
be deduced, within bounds, from these separation 
curves for a particular type of cone. 

The two linear simulation models must both be 
solved with the use of linear programming. They will 
be discussed separately below. 

The Formulation of Linear Programming Simulation 
Model 1 

This model will be discussed with reference to the 
different constraints imposed on the system. 

M ass balance constraints. The mass balance con
straints define the total flow rates between the banks of 
mineral separators. Consider the two separator banks i 
and j in Fig. 1. The middlings stream Z could recycle 
around any bankj, but would not constitute a product 
from the circuit. This is the case in a circuit of gravity 
separation cones (Alexis, 1978; Van der Spuy, 1982). 

From Fig. I the following four steady-state mass 
balance equations may be derived: 

I rmij + I rYij +Irzij+ ui=mi+ Yi+zi (1) 
j. i j j j. i j j 

I rmij +bj = mj (2) 
i. i j. j 

I rZij = Zj (3) 

I rYij + a j = Yj · (4) 
i.i:;' ) 

External constraints. These constraints include the 
following: 

(a) The total flow rates from the separator banks 
may not exceed certain values due to pipe diameter and 
pumping speed limitations [constraints (5)-(7) below]. 

(b) The flow to a flotation bank must not be too low 
or too high, since this affects the retention time (cell 
volume/flow rate) and hence the separation charac
teristics of the separator [constraints (5)-(8) below]. 
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Fig. 1. Steady-state tota l flow rates from bank j to i. 
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Note: (a) and (b) must be considered together. 

(c) The designer must establish which separators 
produce concentrate and which produce tailings [con
straints (9) and (10)]. 

(d) Excluding certain recycle streams. For example, 
a recycle of final product back to the rougher bank 
would be pointless. Conventional flotation does not 
produce a middlings stream, although this could be 
possible in column flotation cells and banks. If the 
design objective is to produce novel circuit configur
ations, these constraints may be neglected [constraints 
(1l}-(13) below]. 

(e) Due to production limitations, the feed rate to 
the plant cannot exceed certain limits. Note that the 
feed can be a multiple feed, i.e. it may be fed to all j 
separator banks, if required [constraint ( 14) below]. 

(f) Grade constraints, in other words the product 
must be of a particular grade [constraint ( 15) below]. 

The above may be summarized by the foll owing 
constraints: 

Ij = [Vj{ljsj] / [mj + Zj + Yj]. 

For the production of concentrate and tailings: 

L U aj ~ aj ~ aj 

bjL ~ bj ~ bY. 

(5) 

(6) 

(7) 

(8) 

(9) 

(10) 

For particular recycle streams ij that are not per
missible, the following three constraints are necessary: 

rm ij = 0 

rZij = 0 

rYij = O. 

(11 ) 

(12) 

(13) 

For the (multiple) feed to the plant, the following 
constraint may be formulated: 

(14) 

The bounds on the tailings grade are defined by 

( 15) 

Separator constraints. The separation of the feed 
into concentrate, middlings and tailings characterizes 
this ::onstraint, which may be established either by the 
application of theoretical models, separation curves, 
empirical models or from plant experience. 

The separation characteristics of the separator j may 
be defined in terms of the separation factors ymkj and 
zmkj as follows: 

(16) 

(17) 

Due to variations in the conditions in separator bankj, 
the separation factors may vary between an upper and 
lower bound. Hence, if the separation factors are not 
known precisely, constraints (18) and (19) may replace 
equalities (16) and (17): 

(ymkj ) Lmkj ~ Ykj ~ (ymkj ) U mkj (18) 

(zmkj)Lmkj ~ Zkj ~ (zmkj)umkj' ([9) 

The separation characteristics affect the magnitude of 
the total streams from the separator. The equations 
which define the separation into total streams are 

yj=(~C~ymkj)mj (20) 

z· = ("Ic!zm .. )m. J L.. OJ OJ J' 
k 

(2 [) 

If G~ , ymk j and zmkj are bounded [constraints 
(l5}-( [9)], the following two constraints may replace 
constraints (20) and (2 [): 

where 

(YMkj)Lmj ~ Yj ~ (YMkj )umj 

(ZMkj)~j ~ Zj ~ (ZM kj) umj 

(YMk j )L = I (ym kf(GDL 
k 

(YMkj)U = I (ymkj )u(G0)U 
k 

(ZM kj)L = I (zmkj)L(G0)L 
k 

(ZMkj)U = I (zmk)u(G~)u. 
k 

(22) 

(23) 

Objective function. Given constraints (1 }-(7), 
(9}-( 14), (20) and (21), or (22) and (23), the objective of 
this simulation routine is to maximize the total con
centrate recovery. This can be stated as 

(24) 

where OB] is the production cost of total concentrate; 
and Wj is the cost to produce the total concentrate aj , 

which depends on current operating costs (e.g. 100 
monetary units/tonne). 

Linear Programming Simulation Model I. The linear 
simulation model will consist of eqs ([H7), (9H[4), 
(20) and (21), or (22) and (23), and (24). This model 
produces the optimal structure, the optimal total inter
bank flow rates and the optimal concentrate and 
tailings flow rates. 

The Formulation of Linear Programming Simulation 
Model II 

The minerals being concentrated in a separator are 
denoted as species k. The manner in which a species k is 
defined depends on the type of separation circuit under 
consideration. In a flotation circuit, species may be 
defined on the basis of the percentage mineral content 
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in a particle. In a gravity separation plant density may 
he used to distinguish between species. 

The flow rates of the mineral species k are simulated 
by the linear model which will be developed in this 
section. Most of the constraints of this second model 
are gleaned from the solution of Linear Programming 
Simulation Model 1. 

M ass balance constraints. The structure of the mass 
balance constraints for species k in the separator circuit 
is similar to that developed for Linear Programming 
Simulation Model l. Mass balance constraints pro
duced by Linear Programming Simulation Model I 
must also be included. 

The same separation factors and grade constraints 
used in Linear Programming Simulation Model I are 
used here. 

From Fig. 2, the following four mass balance 
equations may be derived for species k flowi ng between 
separators bank i andj (variables denoted by an • have 
been evaluated by Linear Programming Simulation 
Model I): 

I t~mkj + I c~ Ykj + I e7jZk j 
j . i j j j . i j j 

(26) 

(27) 

I C~Ykj+a:tjYkj = Ykj ' 
i.i j j 

The bounds on the feed rate are given by 

(28) 

(29) 

The following five constraints are produced as a result 
of Linear Programming Simulation Model I: 

mj= I mkj (30) 
k 

Zj=IZkj (31 ) 
k 

yj = I Ykj (32) 
k 

bj = I fJ'h mkj (33) 
k 

aj = I (XCjYkj (34) 
k 

uj = I ukj . (3 5) 
k 

Ex ternal constraints. The only external constraint 
imposed on this linear simulation model is the grade 
constraint on the flow rates of the tailings, i.e. con
straint (IS). 

* Lt lj 
j 

* + Le ljZkj 
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F ig. 2. Steady· state flow rates of species k between banks i and j . 
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Separator constraints. These constraints are similar 
to those imposed on Linear Programming Simulation 
Model I [constraints (16) and (17) or (18) and (19)]. 

Objective function . Given the constraints (IS}-(19), 

and (2S}-(3S), the objective is to maximize the recovery 
of the valuable mineral species k. This can be stated as 

OBJM = I Wkjakj 

j. k 

(36) 

where OBJM is the total earnings due to the recovery 
of the valuable mineral species k from banksj; and wkj 

is the price weight for mineral species k at bankj, which 
is based on current mineral prices (e.g. 200 monetary 
units/tonne). 

Linear Programming Simulacion Model II. This 
model consists of eqs (ISH 19), and (25H36). 

APPLICATIO ALGORITHM 

This section will explain the application of the linear 
programming simulation models defined above. 

(a) Establish the separation characteristics of the 
separator j by applying the defining eqs (16) and (17). 
The separation characteristics of a separator may be 
established from pilot plant data, separation curves, 
theoretical and empirical separation models, or separ
ation plant experience. For example, the flotation rate 
(I<d, the number of flotation cells (N j ) and the 
retention time Tj may be related to the separation 
factor ymkj (Lynch eC aI., 1981) by the theoretical 
flotation model: 

(37) 

Multiple linear regression models, which define the 
separation factors, may also be implemented. These 
may even be included in the simulation models. 

If in the course of batch flotation or pilot flotation 
plant work it was established that kkj, Tj and N j may 
vary between certain limits for a particular bankj, it is 
clear that an upper and lower bound for ymkj may be 
established for constraint (18). Hence constraint (18) 
replaces equality (16) in this instance. A similar ap
proach will produce a constraint for the separation 
factor zmkj • 

(b) Determine the bounds on constraint (15). This 
depends on the production grade requirements and 
product specifications set by the designer. 

(c) Define the constraints given by eqs (20) and (21), 
or (22) and (23), using the constraints developed in (a) 
and (b) above. 

(d) Define the bounds imposed on the feed rate to 
the separation plant as well as the bounds on the 
product flow rates from each separator bank j [con
straints (14) and (5}-(7)]. 

(e) Establish the bounds imposed on the recycle 
streams, i.e. to exclude those recycle streams that 
are not feasible. For example, middlings streams in 
flotation cells are not a general feature of industrial 
flotation plants. 

(f) Use a linear programming package to solve 
Linear Programming Simulation Model I. 

(g) From the solution of the Linear Programming 
Simulation Model I obtain the structural parameters 
and total flow rates and define the constraints given by 
eqs (2S}-(3S). 

(h) The same tailings grade constraints [constraint 
(IS)] and separation constraints [constraints (16) and 
(17), or (18) and (19)J used in Linear Programming 
Simulation Model I are used in the formulation of 
Linear Programming Simulation Model II. 

Note: It is not a prerequisite to define the grade 
constraints here, since they have in fact been included 
in the formulation of Linear Programming Simulation 
Model I. 

(i) Use a linear programming package to solve 
Linear Programming Simulation Model II in order to 
produce the flow rates of mineral species k. 

(j) From the solution of the Linear Programming 
Simulation Model I and Linear Programming 
Simulation Model II the retention time and the 
flotation rate constants may be established, which 
ensure optimal recovery. This may be achieved by 
using the definition of the retention time Ceq. (8) J and a 
separation model [e .g. eq. (37)]. 

SAMPLE PROBLEMS 

Four solutions produced by the simulation model 
will be discussed, demonstrating its applicability 
during the design of separation plants. 

Examples 1- 3 demonstrate the simulation of 
flotation plants and example 4 demonstrates on appli
cation to a gravity separation plant. Note that in the 
formulation of the simulation model for a flotation 
circuit, the middlings streams are excluded. 

For the purpose of illustration, the use of Linear 
Programming Simulation Models I and II will be 
explained in example 1 in more detail than in the case in 
examples 2~. 

Example 1 
This example demonstrates a very simple 

rougher-cleaner flotation circuit {j, i: 1, 2}, which 
separates species k = 1 (100 % chalcopyrite), species 
k = 2 (90 % silica, 10 % chalcopyrite) and species k = 3 
(100 % silica) into concentrate and tailings streams. 
The feed flow rates to the rougher bank (j = 1) of 
species 1-3 are U 11 = 6 t/h, U 11 = 3 tfh and U 31 

= 291 t/h, respectively. These data are taken from 
Lynch et ai. (1981). 

By the application of eq. (37) and taking variations 
of the retention time, flotation rates and the number of 
cells in a bank into consideration, the following 
bounds on the separatio'l factors for species 1-3 at the 

rougher bank (j = I) could be produced: 1 ~ ym ll 

~ 24.0, 0.01 ~ ymll ~ 1 and 0.1 ~ y m31 ~ 0.3. For 
the cleaner bank (j = 2) the separation factors are: 3.1 
~ yml1 ~ 4.0, 0 ~ ym21 ~ 0.127 and 0 ~ ym32 
~ 0.006, respectively. The tailings grade constraints 
[constraint (15)] for mineral species k at each bank j 
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are defined as the following (designer's choice): 

m m l2 
0 ~ _ 1_1 ~ 0.001 0.010 ~ - ~ 0.0158 

m l m2 

0 ~ m
21 ~ 0.0095 0.005 ~ m

22 ~ 0.0265 
m l m 2 

0.832 ~ m31 ~ 0.992 m32 
0.950 ~ - ~ 0.96. 

m l m 2 

Subject to the tailing grades defined above and the 
separation factors, constraint (22) for banks j = 1 and 
j = 2 could be defined as follows: 

0.0832m l ~ YI ~ 0.33 m, 

0.0310m2 ~ Yz ~ O.072m z · 

From the above data the following simulatio n 
models can be constructed for a two-ba nk flotation 
plant. 

Linear Programming Simulation Model I 

Equations Remarks 

OBJ = I WjQ j Objective function: 
j = I WI = 100 monetary 

units/ tonne 
rm 21 +rhl +u2 = m2 + Y2 Mass balance constraints 
rm l2 + rYI2 + U I = ml + YI 
rm 12 + b2 = m2 
rm 21 +b l = ml 
rYI2+ Q2=Y2 
rY21 +QI = YI 
0.001 ~ mj ~ 400 

0.001 ~ Yj ~ 400 
300 ~ U I ~ 300 

o ~ U 2 ~ 0 
o ~ Q I ~ 0 

o ~ Q2 ~ 20 
o ~ b l ~ 20 
o ~ b2 ~ 0 

0.0832m l ~ YI ~ 0.33ml 
0.0310m2 ~ Y2 ~ 0.072m2 

Top bound corresponds to 
maximur.1 pumping capacity 

Feed to rougher (fixed) 

No concentrate from 
bank I (rougher) 

No tailings from 
cleaner 

No concentrate recycle 
from cleaner to rougher 

The following structural parameters are produced 
by Linear Programming Model I (consult Fig. 3): 

* J l ' * - O· * - O· * - l ' * - O· t 12 - ,t 2 1 - 'C I2 - 'C 21 - ,O:CI - ' 

The total flow rates, which are also produced by this 
simulation model, may be obtained from Fig. 3. 

Linear Programming Simulation Model II 

Equations 

OBJM = I WnQn. 
.. = 1.2 

C! l mtl +C!IY.I + Uu = mu + Yu 
Cf2mU +Cf2Yu +ukl = mkl + Ykl 

Remarks 

Objective function: the 
value of Wn depends on 
current mineral prices 
(W12 = 200 monetary 
units/ tonne) 

c! I mkl + Pi-I m' l = mkl See structural 

Cf2 mU + Pnmu = mu 
C!IYkl + ClC IYkI = Yki 
cf2Yn + Clbyu = Yu 

6 ~ U II ~ 6 
3 ~ U 21 ~ 3 

191 ~ U 3 1 ~ 191 

293.495 = m7 = L ml! 

90.349 = mi = L 111' 2 

96.854 = Y7 = L Yl! 

6.505 = Y! = L Yu 

293.495 = bf = L m" 
• 

6.505 = ai = L Yu 

Iml1 ~ YII ~ 24m II 
0.01m 21 ~ Y21 ~ Im21 
0. lm31 ~ Y31 ~ 0.3m 31 
3.1m12 ~ YI2 ~ 4m l2 
Om 22 ~ Y22 ~ 0.127m22 
Om 32 ~ Y32 ~ 0.006m 32 

parameters above for 
these constraints: 
also consult Fig. 1 

Feed rates of each 
species k to bank j 
(fixed) 

Total flow rates are 
ob lained from Model I 
for the co nslrainls 
below (sec Fig. I) 

/iTI = I 

Wn = 0 

The separation factors 
for the different 
species k at each bank 
j 

The flow rates of the mineral species, which are 
produced by this model, are depicted by Fig. 3. 

Process variables. From the results depicted by 
Fig. 3, the following calculations regarding the reten
tion time and flotation conditions may be done: 

(a) Retention time 
Assume the following data (Lynch el at. 1981): 

Mass percent solids: 40 % 
Specific gravity of species 1: 4.20 
Specific gravity of species 2: 2.81 . 
Specific gravity of species 3: 2.65. 

From these data the relative pulp density of the 
rougher and cleaner feeds could be calculated as 1.34. 

Volume of a rougher cell: 15 m ) 
Volume of a cleaner cell: 1.5 m 3

. 

From eq. (8) the retention time in a rougher cell is 
calculated as 1.23 min and in a cleaner cell 0.5 min. 
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~ 
293.495 • 

0 30 

96.854 

Rougher Bank 

All flov rates tonnesfh 

Feed 
Species 
1: 6.0 
2 : 3.0 
3: . 29l.0 

Tailings 

Species 
1: 0.297 
2 : 2.696 
3: 290.502 

Concentrate 
to Cleaner 
Species 
1 : 7.129 
2: 2.697 
3 : 87.028 

90.349 

6.505·~ 

Cleaner Bank 

Concentrate 
Species 
1: 5.703 
2: 0.304 
3: 0.498 

Tailings 
to rougher 
Species 
1: 1. 426 
2: 2 . 393 
3: 86.530 

Fig. 3. Circuit structure and flow rates for example I. 

(b) Flotation rate constants in the rougher 
By the application of eq. (37) and assuming that the 

rougher bank consists of 16 cells, the following rate 
constants can be calculated: 

kll = 0.180 min - 1 
k21 = 0.036 min - 1 
k31 =0.013min- l. 

(c) Flotation rate constants in the cleaner 
The following rate constants can be calculated for 10 

cleaner cells in a similar way to (b) above: 

kl2 = 0.350 min - 1 
k22 = 0.020 min - 1 
k32 = 0.00 1 min - I . 

Hence, for an optimal flotation circuit and optimal 
recovery, the chemical environment in a flotation cell 
must be such that it supports these calculated flotation 
rates in the rougher and cleaner cells. These flotation 
rates are of the same order as those given by Lynch et 
al. (1981). 

Example 2 
This example illustrates a simulation of a four-bank 

flotation circuit. The circuit consists of a rougher, a 
scavenger, a cleaner and a recleaner bank. By the 
application of eq. (37) the separation factors for species 
1-3 at the rougher bank (j = 1) could be produced: 
1 ~ ymll ~ 24.0, 0.01 ~ ym21 ~ I and 0.1 ~ ym)1 

~ 0.58. For the scavenger and cleaner banks (j = 2--4) 
the separation factors are: 3.0 ~ ym 12 ~ 4.0, 0.01 
~ ym22 ~ 0.127 and 0 ~ ym32 ~ 0.2, respectively. The 
bounds were produced by taking variations of the 
number of cells, retention time and flotation rates into 
account. 

From appropriate tailing grades [constraint (15)J 
and the separation factors above, the following con
straints for banks 1--4 may be defined [constraint (22)]: 

0.0832m l ~ YI ~ 0.600m l 

0.0310m2 ~ Y2 ~ 0.200m 2 

0.0310m) ~ Y) ~ 0.100m) 

0.0310m4 ~ Y4 ~ 0.450m4. 

From the above data the respective simulation models 
can be formulated. The results for this example are 
depicted by Fig. 4. The other process variables may be 
calculated as was done in example 1. 

Example 3 
The data used for the simulation of a four-bank 

flotation plant was taken from Green (1984). In this 
plant a feed consisting of 3.28 kg/min of species 1 (eu), 
1.72 kg/min of species 2 (Ni) and 1309 kg/min of 
species 3 (gangue) are separated into concentrate and 
tailings. It was established that the separation factors 
for each species produce the following constraints 
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14 . 14 
293 . 64 ---. 

352.37 

211.41~ ________ __ 

58.73 

Rougher Scavenger 

All flow rates tonnesfhour 

Feed 
Species 
1: 6.0 
2: 3.0 
3 : 291.0 

Concencrace 
to cleaner 
Species 
1: 7 . 790 
2: 3 . 328 
3: 200.292 

Tailings to 
scavenger 
Species 
1: 0.325 
2: 3 . 328 
3 : 348 . 717 

Tailings 
Species 
1 : 0.065 
2: 2.953 
3 : 290.622 

Concencrate 
to rougher 
Species 
1: 0.260 
2: 0.375 
3: 58.09 5 

205.05 

20.5 

Cleaner 

Concencrace 
to recleaner 
Species 
1 : 7.419 
2: 0 .417 
3 : 12 . 664 

Tailings to 
rougher 
Species 
1: l.855 
2 : 3.281 
3: 199 . 914 

6.36 

Recleaner 

Concentrate 
Specie s 
1: 5 .93 5 
2: 0.047 
3: 0 . 378 

Tailings to 
cleaner 
Species 
1 : l.484 
2: 0.370 
3: 12 . 286 

Fig. 4. Circuit st ructure and flow rates for example 2. 

(Green, 1983): 

0.05 mNij ~ YNij ~ 3.5 mNij 

O. lm Cuj ~ YCuj~ 10m Cuj 

O.Olm cj ~ hj ~ 0.1 m Cj ' 

From suitable grade constraints a nd the above separ
ation factors, the following bounds for constraint (22) 
may be produced for all j banks: 

0.0822mj ~ Yj ~ 0.5mj . 

The results for this example are depicted by Fig. 5. 

Example 4 
The data for this example were taken from Van der 

Spuy ( 1982), an example of a gravity separation plant 
separating a feed of 0.015 t/h of species I (ura
nothorianate), 1.68 t/h of species 2 (Zr0 2 ) and 418.305 

t/h of species 3 (gangue) into concentrate a nd tailings. 
From the data the following separation facto rs 

could be identi fied: 

ym1j = 3 

ym2j = 2 

zm2j = I . 

Furthermore, from the given material balance (Van der 
Spuy, 1982), the following bounds can be defined for 
constraints (22) and (23): 

OAmj ~ Yj ~ 0.6mj 

0.2mj ~ Zj ~ OAmj . 

The results for this example are depicted by Fig. 6. 

OISCUSS IO 

Example 1 
This example shows a practically feasib le circuit 

configuration. 
The eu grade produced is 30.5 /.l and the recovery 

91 %, very close to the va lues give n by Lynch eC al. 
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114.26 I 1256.86 

--.i 

13i4' 
1114 

~200 200 

Rougher Scavenger 

All flo~ rates kg/min 

Feed 
Species 
1: 3 . 28 
2 : 1. 72 
3 : 13 09 . 00 

Concentrate 
to cleaner 
Species 
1: 2.982 
2: 1.29 
3: 195.728 

Tailings to 
scavenger 
Species 
1 : 0.298 
2: 0.43 
3: 1113.728 

Tailings 
Species 
1: 0.059 
2: 0.264 
3 : 1256 .537 

Concentrate 
to cleaner 
Species 
1: 0.593 
2 : 0.791 
3 : 198.616 

I 

~2.86 

171.4 

Cleaner 

Concentrate 
to recleaner 
Species 
1: 3 . 543 
2: 1.873 
3: 165.984 

Tailings to 
scavenger 
Species 
1: 0.354 
2: 0.625 
3: 341.881 

-

5~ 

Rec1eaner 

Concentrate 
Species 
1: 3 . 221 
2: 1.45 6 
3: 52 .4 63 

4 

Tailings to 
cleaner 
Species 
1: 0.322 
2 : 0.417 
3: 113.521 

Fig. 5. Circuit structure and flow rates for example 3. 

(1981) for the same flotation circuit configuration and 
feed rates. 

Example 2 

The simulation produces a four-bank flotation 
circuit which shows the function of a recleaner 
flotation bank very clearly. The circuit configuration is 
typical of flotation plant practice. A concentrate Cu 
grade of32.4 % and a Cu recovery of94.3 'Y" is achieved 
by the simulation. 

Example 3 
The circuit configuration produced by Green (1983) 

is profoundly different from that produced here for the 
same data. Furthermore, the circuit shown here cor
responds closely with circuit configurations suggested 
by Lynch et al. (1981). 

Example 4 

The circuit depicted here shows the recycle of 
middlings around the rougher and cleaner Reichert 
cones used for gravity concentration. This is normal 
practice in gravity concentration. 

The solution produced a recovery of S6 % of the 
valuable mineral species I, which is in close agreement 

to the recovery of 60 % reported by Van der Spuy 
(1982). Only a section of the plant described by Van der 
Spuy was simulated, hence the lower recovery. The 
circuit configuration exhibited by this example is very 
typical of gravity separation plants. 

CONCLUSIONS AND SIGNIFICANCE 

From the application examples it can be concluded 
that: 

(a) Circuit configurations produced by the simu
lation model are similar to those encountered in 
industry, hence permitting the application of these 
simulation models in the design of separation plants. 

The grades and recoveries obtained correspond closely 
with those of similar separation plants in industry. 

(b) The simulation models are very time efficient, 
producing solutions within seconds, making them 
superior tc time consuming iterative numerical 
procedures. 

Note: The model can never produce negative flow 
rates as may be the case in some iterative procedures. 

(c) The only data required by the simulation models 
are the separation characteristics, tailings grade con
straints and the feed ra tes. 
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106 

420 90 11. 2 

224 56 

Rougher Bank Scavenger Bank 

All floy rates tonnesfh 

Feed 
Species 
1 : 0.015 
2 : 1. 68 
3: 418.305 

Concentrate 
to cleaner 
Species 
1: 0.0056 
2 : 0.84 
3 : 105.154 

Tailings 
Species 
1 : 0.0019 
2: 0.42 
3: 223.5781 

Middlings to 
scavenger 
Species 
1: 0.0075 
2: 0.42 
3: 85.5725 

Concentrate 
to cleaner 
Species 
1: 0.0056 
2 : 0.28 
3: 33.7144 

Tailings 
Species 
1: 0 . 0019 
2: 0 . 14 
3: 55.8581 

Middlings 
recycle 
Species 
1: 0.0075 
2: 0.14 
3: 11.0525 

34 

100 

Cleaner Bank 

Concentrate 
Species 
1: 0.0084 
2 : 0 . 7467 
3: 39.2449 

Tailings 
Species 
1: 0.0028 
2: 0.3733 
3: 99 . 6239 

Middlings 
Recycle 
Species 
1: 0.0113 
2: 0.3733 
3: 19 . 6154 

Fig. 6. Circuit structure and flow rates for example 4. 

(d) Approximate separation data may be used 
during the formulation of the simulation models. The 
solutions are not subject to inaccurate separation 
models. 

Note: Exact separation data are not a prerequisite. 
This is meaningful, since in the designing stages of a 
plant exact separation data may not be available. 

(e) The simulation model supports a multiple feed 
strategy, if required. 

These points reflect a simulation model that may be 
useful in the design of separation plants. Subsequently, 
once the plant has been commissioned, the model may 
be used to simulate its operation. If conditions change 
drastically in the plant, the simulation model may 
suggest an alternative circuit configuration and new 
operating conditions quickly. 

NOTATIO 

Variables of Linear Programming Simulation M odels 

I and II 

(G~)L 
(G~)U 

kk j 

m jL 

my 
N j 

OSJ 
OSJM 

total concentrate recovery from separator j 
lower bound on a j 
upper bound on aj 

total tailings recovery from separator j 
lower bound on b j 
upper bound on bj 

grade of mineral species k in tailings stream 
j 
lower bound on tailings grade 
upper bound on tailings grade 
Reaction rate of mineral species k at separ
ator bank j 
total tailings from separator j 
tailings flow of mineral specIes k from 
separator bank j 
lower bound on m j 

upper bound on m j 

number of subunits in separator bank j 
total cost to produce concentrate 
total earnings due to the recovery of 
valuable mineral species k 
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yf 
yy 
ymkj 
(ymkj)L 

(ymkj)U 

(Y M kj)L 

(YMkj)U 

Zj 

Zkj 

Zf 
ZU 

J 

zmkj 
(zmkj)L 

(Zmk)U 
(ZMkj)L 

(ZMkj)U 

total recycle of tailings from separator 
bank j to i 
total recycle of concentrate from separator 
bank j to i 

total recycle of middlings from separator 
bank j toi 
pulp density at bank j 
mass fraction of solids in pulp at bank j 
retention time of a separator cell j 
total feed to separator j 
lower bound on U j 

upper bound on uj 

feed of mineral species k to separator bankj 
lower bound on ukj 

upper bound on ukj 

bank volume 
price weight of a/ depends on current 
production costs 
price weight of mineral species k from 
separator bank j: depends on current min
eral costs 

total concentrate from separator j 
concentrate flow of mineral species k from 
separator bank j 
lower bound on Yj 

upper bound on Yj 
separation constant between Ykj and mkj 
lower bound on ymkj 

upper bound on ymkj 

lower bound on IG[;ymkj 

upper bound on IG~ymkj 
total middlings from separator j 
middlings flow of mineral species k from 
separator bank j 

lower bound on Zj 

upper bound on Zj 

separation constant between Zkj and mkj 
lower bound on zmkj 

upper bound on zmkj 

lower bound on I G~zmkj 
upper bound on I G[;zmkj 

Constants produced by Model I 
!XCj fraction of Yj that is concentrate product 
aj total concentrate flow rate from separator j 
f3D fraction of mj that is tailings product 
bj total tailings flow rate from separator j 

C0 fraction of Yj that is recycled from separator 
bank j to i 

e0 fraction of Zj that is recycled from separator 
bank j to i 

m* total tailings from separator j 
J 

l0 fraction of mj that is recycled from separator 
bankj to i 

u; total feed to plant separator j 
y! total concentrate from separator j 

J z; total middlings from separator j 
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ABSTRACT 

Reuter, M.A. and van Deventer, ,J .S . .1., 1990. The use of linear programming in the optimal design 
of flotation circuits incorporating regrind mills. Int. J. Miner. Process., 28: 15-43. 

Two linear models, the second being a subset of the first, are proposed for the simulation of 
flotation plants by use oflinear programming. The first linear model produces the circuit structure, 
as well as the optimal flow rates of the valuable element between any number of flotation banks 
incorporating any number of recycle mills. An optimal grade for the valuable element in the t.::on
centrate is given by the second model. Operating conditions in the flotation banks and recycle 
mills are included as bounds in these models, permitting their possible application in expert sys
tems. The simulated circuit structure, concentrate grade and recoveries closely resemble those of 
similar industrial flotation plants. The only data required 9Y the simulation models are the feed 
rates ofthe species of an element, and their separation factors which are estimated from a multi
parameter flotation model. 

INTRODUCTION 

Froth flotation is one of the most commonly used unit operations for the 
separation of valuable minerals .from associated gangue impurities. The pro
cess is based on the property of some mineral particles to adhere stronger than 
others to air bubbles formed by an air flow in chemically treated water. Flo
tation plants usually consist of cells which are grouped into banks and inter
connected in a predefined manner (Lynch et al., 1981). Although considerable 
research has been published on the chemically and process-engineering of flo
tation, it is still extremely difficult to design and control such plants. 

Fine grinding is normally required to adequately liberate a fine-grained ore 
before flotation (Johnson, 1987). Over-grinding of the ore could cause lower 
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recoveries of the valuable mineral, increased entrainment of hydrophilic gan
gue and consequently lower grades. Composite particles containing both val
uable and gangue minerals cause problems in flotation. Many of the complex
ities of flotation circuits are due to attempts to find the most efficient way tu 
treat composite particles so that recovery of the valuable minerals is main
tained at a maximum while dilution of the concentrate by gangue is minimised 
(Lynch et aI., 1981). In some flotation plants intermediate tailings and/or 
concentrate must be reground prior to further processing. 

When designing flotation plants, it is attempted to produce an optimal struc
ture as well as optimal operating conditions. Few authors (King, 1976; Suth
erland, 1977) have considered the effect of regrind mills in their simulation 
routines, which are normally based on numerical methods. 

Mehrotra and Kapur (1974) derived an optimal flotation structure from a 
generalized circuit by direct search methods. The simulator of King (1976) 
consisted of mass-balance equations defined for mineral classes in a fixed 
structure, which were solved iteratively. Niemi et al. (1982) included a recycle 
conditioning tank in the design of flotation networks. Williams and Meloy 
(1983) and Williams et al. (1986) used a technique called "circuit analysis" 
to simulate mineral separation processes. Unit operations were assumed to be 
linear, so that the ensuing linear algebraic equations could be solved without 
the use of any numerical methods. 

Green (1982, 1984) and Green et al. (1985) developed mass balance equa
tions in terms of split factors and bound on the flow rates in flotation banks. 
The resulting linear models could be solved by use of linear programming. An 
optimal structure was based on the valuable element, with the flow rates of the 
remaining mineral species being calculated by an iterative procedure. It is no
teworthy that the flow rates of the valuable mineral after this iterative proce
dure were not the same as those produced by the linear programming proce
dure. Furthermore, the circuits produced by this method are difficult to apply 
in practice owing to their complexity. 

In a previous paper, Reuter et al. (1988) optimised mineral separation cir
cuits by solving two sequential linear models, but based the structure on total 
flow rates. However, regrind mills were not considered and the concentrate 
grades were not necessarily optimal. 

It is the aim of the present paper to propose a general optimisation routine 
for flotation plants which incorporate regrind mills. Both the recovery and 
grade of valuable mineral in the concentrate will be optimised by use of two 
sequential linear programming models. Realistic solutions are yielded by this 
model, as will be illustrated by three sample problems. 

BASIS OF SIMULATION MODEL 

Significant progress has been made in recent years on the mathematical 
modelling of mills (Klimpel and Austin, 1984; Austin et aI., 1987a, b). Never-
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theless, more work is needed before these models could be used reliably. It is 
possible, however, to predict bounds on the size distribution caused bya mill. 

Various method for the measurement of mineral liberation and the modell
ing thereof have been proposed (King, 1979; Malvik, 1982; Holland-Batt, 1983; 
Finch and Petruk, 1984). It is possible to quantitatively estimate the mineral 
liberation for different particle sizes from image analyses on polished ore sec
tions (King, 1979). Hence, bounds could be determined for the change in min
eralogy within different particle sizes caused by milling. 

Flotation is influenced not only by particle size and liberation, but also in
teractively by surface properties and conditions in the pulp and froth phases. 
consequently, it is extremely difficult to predict flotation behaviour solely from 
milling and liberation models. 

In this paper flotation species s are defined by lumping milling, liberation 
and flotation response in one batch flot.ation test, where the recovery R of 
element k is given by a model such as (Lynch et aI., 1981; Ross, 1984): 

R=<1> [l-{(l-Q)'exp(-krt)+Q'exp (-kJ)}] (1) 

with [1 - <1>] being the non -floating, [<1> - Q] the slow-floating and [<1> 0-Q) ] 
the fast-floating species. Such flotation tests may be conducted on material 
from different positions in the flotation plant, and before and after a regrind 
mill. The effect of a mill will be simulated here by a matrix which transforms 
flotation species l into s. Suitable models (Ross, 1988) may be used to convert 
the values of ke and ks to kkj for plant conditions. The element k may also be a 
lumped entity such as the total sulphur content. 

The separation factor ym kj of species s at bank j defined by: 
s . 

s Ykj 
ymkj=-s 

mkj 
(2) 

could be related to the mean retention time tj in a cell, the Nj cells in bank j 
and the rate constants kkj derived from eq. 1 (Lynch et aI., 1981): 

ymkj= (l+k kj t)Nj-1 (3) 

Hence, bounds on ymkj could be estimated if bounds on kkj and tj are known, 
or derived from plant experience. 

In contrast with most other simulators, this SImulator includes the separa
tion characteristics of a mineral species at a particular bank as bounds and not 
as a model included in the mass-balance equations. This is realistic if it is 
considered that most flotation, milling and liberation models are empirical and 
suitable for a particular application only. A knowledge-base(j system could be 
used to define and modify such bounds. 

The mass-balance equations which define the flow rates of flotation species 
s of elements k and the structural parameters in a flotation plant are non-linear 
(Reuter et aI., 1988), and must be linearised in order to use linear program-
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ming methods. This is achieved here by structuring them as two sets of linear 
equations, the second set being a subset of the first. 

An optimal circuit structure and flow rates for the valuable element between 
flotation banks are produced by the first linear modd, which is based on the 
maximization of the recovery of the valuable element. The second linear model 
produces the flow rates of the non-valuable elements subject to the flow rates 
of the valuable element and circuit structure produced by the first linear model. 
In the second model the grade of the final concentrate is maximized, which is 
equivalent to the minimization of the recovery of the non-valuable elements. 
These models are described separately in the next two sections. 

MAXIMIZATION OF THE RECOVERY OF THE VALUABLE ELEMENT 

Linear Programming Model I optimises the flow rates and the path of the 
valuable element h between the flotation banks and through the mills. This 
simulation model will be developed here by formulating all possible constrains 
imposed on the mass-balance equations. 

Mass-balance constraints 

The mass-balance equations define the flow rates of the valuable element h 
between the flotation banks and through the mills. Since a particular element 
is conserved in a mill at steady state, the flow rate through it remains constant. 
However, the mill could affect the floatability of an element, including h, and 
hence its separation characteristics in the flotation banks. Therefore, the mill 
does affect the flow rates of concentrate and tailings of the valuable element h 
from the flotation banks. 

Fig. 1 defines the mass flow rates of the valuable element h between two 
flotation banks i andj. The three steady-state mass-balance equations for the 
valuable element hare: 

I rmt + I ryt +Uhi =mhi +Yhi 
j.i#j j,i#j 

" rm~ +bh · - mhO L- IJ J - J 
i,i#j 

I ryt +ahj =Yhj 
i.i#j 

External constraints 

(4) 

(5) 

(6) 

A number of external qmstraints should be imposed on the following three 
mass-balance equation .. ----

( 1) The production capacity of a flotation bank limits the total flow rate of 
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Lrmh. . + Lryh .. 
. ' -J.' lJ . '-.J' lJ J,lTJ J,l+J 

Flotation 

bank 

i 

Flotation 

bank 

j 

L > b hj 
h 

ffi h ' > Lrm .. 
J . . ~ . 1J 

1,1-,.J 

L > ahj h 

- Yh' > Lry .. 
J . '.1.1J 

1,1+J 

Fig. 1. Steady state now rates of the valuable element h from nota tion bank j to i. 

19 

the valuable element h in its feed. These constraints also determine which 
banks produce concentrate and which produce tailings. If desired, fresh feed 
can be supplied to more than one flotation bank (eq. 7). The bounds on the 
(multiple) feed rate of the valuable element h, final concentrate flow rate and 
the final tailings flow rate are defined by the following constraints: 

U~j <Uhj <u~ 

a~j < ahj < ahl 

b ~j < bhj < b hl 

(7) 

(8) 

(9 ) 

(2) All the flow rates of the valuable element h from a flotation bank have 
a lower bound of zero to ensure that no flow rate becomes negative. 

(3) Certain recycle streams ij which are not physically meaningful, must be 
excluded, e.g. recycling of rougher tailings to the cleaner banks (eqs. 10 and 
11 ): 

rm~=O lJ 

ry ~=O lJ 

(10) 

(11 ) 
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Flotation constraints 

The degree of separation of the valuable element h into concentrate and 
tailings is determined by the (lfficiency of the flotation process. In this paper 
the valuable element h is characterized by three flotation species s, i.e. a fast 
floating, a slow floating and a non-floating species. Bounds on separation fac
torsymhj may be obtained from operational experience, or by fitting a flotation 
model such as eq. 1 to batch or plant data: 

(12 ) 

By defining the separation factor ymhj as bounds, the optimization model be
comes well-suited for inclusion in a knowledge-based simulator that permits 
the intelligent choice of bounds. 

Milling affects the flotation rate constants, and hence t he separation factor 
ym hj' by changing amongst others the degree of m ineralliberation or the su r
face chemistry of the different minerals. This is taken into account here by 
shifting the bounds on constraint 12. The transformation of species by milling 
will be considered in the second simuiation model. 

The separation of the valuable element h in the feed into a concentrate and 
a tailings stream is a function ofthe fraction of species s present in the valuable 
element h in the tailings (F hj ), and the separation characteristics of species s: 

(1 3 ) 

(14 ) 

An upper and a lower bound on eq. 14, together with eq. 12 produce eq. 15: 

(YMhj)L mhj ~Yhj < (YMh)U mhj 

where: 

(YMhj)L= L (ymhj ) L (F I)) L 
s 

(YMh)U = L (ymhj)U (Fh)U 
s 

Objective function 

(1 5 ) 

The aim of the optimization is to maximize the recovery of valuable element h 
in t he concentrate, subject to the constraints 2, 4 to 11, and 15. This can be 
stated as: 
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MAXh = I Whj a hj 
j 

(16 ) 

where :MAXh= is the objective function which maximizes the production of 
valuable element h, Whj = the price weight for the production of ahj (e.g. mon
etary units/tonne), and j = bank (s) from which concentrate is vented. 

Linear Programming Model I 

Linear Programming Model I consists of eqs. 2, 4-11,15 and 16. This model 
produces the optimal circuit structure, and the optimal flow rates and recovery 
of the valuable element h . 

MAX IMIZATION OF THE CONCEN'I'HATE CHADI': 

Linear Programming Model II simulates the Dow rates of a ll species s of 
elements k in such a way that the concentrat.e grade is maximized. This model 
is subject to the optimal flow rates for valuable element h and the circuit struc
ture produced by Linear Programming Model I, as well as the sepa ratio n con
straints for all species s and the t ransformat ion effects produced by the mill (s). 

Fig. 2 defines the steady state flow rates of all species s in elements h between 
banks i and j, and Fig. 3 presents the transfcrmation of species in the mill (s ). 
Mass-balance equations will be formulated with reference to these diagrams. 
(Variables denoted by an * are constants produced by Model I). 

Mass-balance equations for species s 

The general structure of the mass-balance equations for all flotation species 
s is very similar to that developed for the valuable element h in Model I: 

"t'!'.msk·+" e'!'.msk·· + 0'1*,· m sk· = msk· L.. 1J J L., 1J J }J J J J 
i.i ~j i.i~j 

The optimal flow rates of h produced by Model I are included as: 

M-* " 5 hj = L..mhj 

Y* " ,., hj = L.,Yhj 
s 

(17) 

(18) 

(19) 

(20) 

(21) 
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* s * s sk sk Et .. m k ' + Ec .. y k ' + EM . . + EY .. 
. . ..,t . 1.) ) . . .+..1.) ) . ' ..+' 1.) . ' .J.. ' 1.J 
),1.,) J,1. r ) J,1. T J ),1. r J 

L> 
s 

U kj ---> Flotation s 
rn ki 

bank 

i s 
> Y ki 

* s 

t
> ~ Tjm kj 

s * s -rn k' > Et .. m k ' 
J . '..J. .1.J J 

1.,1.+) 

* S > Ee · ·m k ' (to mill) 
• • ..J. . 1. J J 
1.,1.T J 

Flotation 

bank 

J 
* s 

t
> a CjY kj 

lIYJ!lm ••• lli- s * s IIil Y k' > Ec . . Y k ' 
J . '..J.' 1.J J 

1.,1.+) 

* S > I:g . . y k' (to mill) 
• • ..J. . 1. J J 
1.,1. T ) 

Fig. 2. Steady state flow rates of flotation species s of an element k between banks i and j, and 
through mills in streamsg~ and e~ . 

A * , S 
hj = Lahj 

" 
B* 'b" hj = L hj 

" 

External constraints 

(22 ) 

(23) 

The bounds on the (multiple ) feed rates of the flotation species s are given 
by: 

(24 ) 
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* s e ijm kj 

* S 
g ijY kj 

MILL IN 
TAILINGS 
STREAM 

MILL IN 
CONCEN
TRATE
STREAM 

--> ySk .. 
1) 

Fig. ;\. The transformnt ion of notat.ion species / of e ll'lllcnt. I .. int.o not.at. ion species -' in ( I1\.' mills 

situat.ed in str('aJlls~~ and ('~. 

Grade constraints 

The grade constraint for element k is defined as: 

Im~j 

(G~)L< I-;Im~j < (G~~) U (25) 

k s 

Flotation bank constraints 

The separation constraints for the non-valuable elements are similar to those 
for the valuable elements given in eq. 12, so that the following general sepa
ration constraint may be defined: 

( s )L S < s < ( S )U s 
ymkj mkj -Ykj - ymkj mkj (26) 

Mill constraints 

In Fig. 3 the transformation matrix for the mill is b~\ in stream e~ and that 
for the mill in stream g~ is d'k'jj . Eqs. 27 and 28 define the transformation of 
flotation species l of element k in a mill into flotation species s: 

M sk - '\ bS
k'- · e*- mkl . 

1J - ~ IJ IJ J 
(27) 

I 

Ys k Id sl * I .. = k·· g··Yk · 
~ ~ ~ J 

(28) 
I 
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These constraints may be extended into bounded constraints if the trans
formation matrices are not known exactly: 

"(bSl )L * 1 ........ Msk ........ " (bSl)U * 1 ~ kij eij mkj ~ ij ~ ~ kij eij mkj (29) 
. 1 I 

"(dSl)L * 1 ......... y si< ........ '(dSl)U * I ~ kij g ij Y kj ~ ij ~ ~ kij g ij Y kj (30) 
1 I 

Objective function 

The objective function of Linear Programming Model II is the maximization 
of the grade of the valuable element h, subject to eqs. 17 to 30. This is equiva
lent to the minimization of the recovery of the non-valuable gangue elements. 

grade = I I (ahj -a~) (31) 
j 5 

where grade = objective function which maximizes the grade, ahj =valuable 
species in concentrate, a ~j = non-valuable species in concentrate, and 
j = banks (s) from which concentrate is vented. 

Linear Programming Model II 
Linear Programming Model II consists of eqs. 2 and 17-31, and yields the 

optimal flow rates of the non-valuable elements and water, and the maximum 
grade of the final concentrate. 

APPLICATION ALGORITHM 

In order to design an optimal flotation circuit, Linear Programming Models 
I and II should be solved in succession as described below. 

(a) Define bounds on the (multiple) feed rate (s) of the valuable element, 
and bounds on the flow rates of final concentrate and final tailings in eqs. 7-
9. 

(b) Establish bounds imposed on the recycle streams in eqs. 10 and 11, i.e. 
to exclude those recycle streams which are not practically feasible. 

(c) Bounds on the separation factors for all species of the valuable element 
in eq. 12 must be established from fundamental models, batch flotation data, 
plant experience or by an appropriate knowledge-based system. 

(d) Bounds on the composition of the valuable element in terms of species 
s, i.e. the distribution offloatabilities of the valuable element should be selected 
for the construction of eq. 15. 

(e) Any linear programming package may now be used to solve Linear Pro
gramming Model 1. 

(f) The structural parameters and the optimal flow rates for the valuable 
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element produced by Linear Programming Model I may now bE; used to con
struct eqs. 17 to 23. 

(g) The feed flow rates of the flotation species s to a bankj should be bounded 
in eq. 24. 

(h) Production requirements must be established, which could be related to 
the constraints on the grade of element k in the tailings streams, as defined in 
eq.25. 

(i) Constraints on the separation factors for all species s of all elements k in 
eq. 26 could be derived from batch flotation data, plant experience or an ap
propriate knowledge-based system. 

(j) If a mill is included in the flotation circuit, eqs. 27-30 should be formu
lated. For this purpose a matrix for the transformation of species l to species s 
must be constructed from milling, liberation and flotation data measured in 
batch experiments, pilot plants or industrial operations. An appropriate 
knowledge-based system may also be used to update these bounds on the trans
formation matrix. 

(k) A linear programming package could be used to solve Linear Program
ming Model II, which yields the flow rates of flotation species s that maximize 
the grade of the valuable element in the final concentrate. 

(l) The solution of Linear Programming Model II produces a set of exact 
separation factors for each species s and a transformation matrix for the mills. 
Theoretical flotation, liberation and milling models may subsequently be used 
to specify the operating conditions in the flotation cells and mills which will 
produce an optimal recovery and grade of the valuable element. 

In the sample problems described below a linear programming package FMPS 
on a UNIVAC 1100 computer was used to solve the models. Less than 5 s of 
central processor time was required in each case. 

PROBLEM 1: A TWO-BANK CIRCUIT FOR THE FLOTATION OF PYRITE 

A simple 2-bank rougher-cleaner circuit for the flotation of pyrite (FeS2) 
from a quartzitic ore will be used here to demonstrate the applicability of the 
simulation model to the design of flotation plants which incorporate recycle 
mills. The performances of circuits with and without mills will be compared. 
While the bounds on separation factors are hypothetical, they are similar to 
those for real ores (Liddell and Dunne, 1984; Hanekom, 1987). Element 1 
(pyrite, FeS2), element 2 (gangue) and element 3 (water) are separated into 
concentrate and tailings streams. 

The bounds on the separation factors for the three species of the three ele
ments are given in Tables I and II for a circuit that includes a recycle mill 
between the rougher and cleaner bank. In this example it is assumed that N j = 5 
and Tj = 5 (min) for all banks and mineral species, respectively. Although these 
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T ABLE I 

B()unds on sepa ra tion facto rs (ymkj ) fo r rougher (j = 1) 

Spec ies 

:; =1 
8=2 
5= 3 

TABLE II 

Element: 
k=1 

1060- 448401 
7-1 56 
o 

4.83-96 
0.4- 2.7 

o 

k = :3 

0.06-0.28 
o 
o 

Bounds on sepa rat ion facto rs (y m kj ) for cleaner (j = :2 ) 

Spec ies Element: 
k = 1 k =2 h=3 

.> =1 1:3:30-640972 :3 - 45 0.06-0.28 
8= 2 1-524 1.1-11.2 0 
.<; = 3 0 0 0 

M .. .>. . REL'TF.H .'>' ND ·1.S .• 1. VAN DEVE NTER 

values will differ between banks in practice, identical values are used here for 
simplicity. All flow rates are given in tonnes/h. 

Rougher bank 

By using the separation factors for the species of the valuable element, bounds 
may be established for constraint 15. The upper and lower bounds on YMhl 

(h=FeS:z ) for the rougher bank are produced as follows: 

(YMhl )L="L (YM~I)L (F~I)1. 
s 

= ( 1060 X 0 ) + (7 X 0 ) + (0 X 0 ) 

=0 
(YMh1)u="L(ymhl)U (Fh1) U 

s 

= (448401 XO.000053) + (156XO.0015)+ (O x l) 

=24 

The values for (F hj)L and (F'h j ) U could be obtained from experimental batch 
flotation data, plant data or set by the designer as a design variable. Hence: 

o ~ (YFeS2) 1 < 24 ( m FeS2) 1 
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Cleaner bank 

The same procedure is followed to obtain bounds for the separation of pyrite 
at the cleaner bank, i.e. (YMh2 )L and (YMh2 )U: 

( Y M h2 ) L = I (ym h2 ) 1. (F h:2 ) L 
s 

= (1330xO) + (l6.6xO)+ (OxO) 

=0 
(YMhZ)U = I (ymhZ)l; (FhZ) U 

Hence: 

s 

= (640972 X 0.00001) + (524 X 0.0049) + (0 X l) 

= 9 

o < (YFeS~ ):2 < 9 (mFeS~):2 

In this example milling increases the mineral liberation and the flotati on 
rates in the cleaner bank. If a mill is not included in the circuit, the flotation 
rates and hence the separation factor will be lower. The bounds (YMh2 )L and 
( YM h2) U for the cleaner bank in a circuit that does not include a mill are: 

(YMh2 )L = I (ymhZ)L (F h2 )L 
s 

= (1191 X O) + (10.6xO)+ (OxO) 

=0 
(YMh 2 )U = I (ym~2)U (F h 2 )U 

Hence: 

s 

= (573824xO.0000l)+ (243xO.00l)+ (OXO) 

=6 

o < (YFeS2 ) :2 < 6 (mFeSl ) 2 

From the above data the following simulation models can be constructed for 
a two-bank flotation plant. 

Linear Programming Model I 

Objective function 

MAXh = 200 (ares:!) :2 
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Mass-balance constraints 

( FeS:! ) + ( FeSl ) + ( ) ( ) + ( ) rm 12 ry 12 UFeSl 1 = mFeS:! 1 YFeS:! 1 

(rm FeSl )21 + (ryFeSl )21 + (UFeSz ) 2 = (mFeS.J 2 + (YFeS:! h 

(rm FeS2 ) 12 + (bFeS:z ) 2 = (mFeSl ) 2 

(rm FeSl)21 + (b FeS2 ) 1 = (mFeS2 ) 1 

(ryFeS
l

) 12 + (aFes~J 2 = (YFeS.J 2 

(ryFeS
2

) 2 1 + (aFeSz )1 = ( Y FeSl ) , 

Feed constraints (fixed) 

(UFf:!Sl ) 1 =8.4 

(UFeS 'L ) 2 = 0 

Concentrate constraints 

(aFesJ 1=0 

o < (aFeS:! )2 < 20 

Tailings constraints 

o < (bFesJ 1 <20 

(bFf:! s :! )2 = 0 

Recycle co ns traint 

(rm FeS2 ) 2 1 = 0 

Separation constraints for valuable element (mill included) 

o < (YFeS:! ) 1 <24 (mFeS:! ) I 

o < (YFeS:z ) 2 < 9 (mFeS.,) 2 

Separation constraints for valuable element (no mill included) 

o < (YFeS2) 1 <24 (mFeS:!) I 

0< (YFeS2) 2 <6 (mFeS2)2 
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Linear Programming Model II 

The structural parameters and the flow rates of the valuable element h 
(FeS2 ), which are produced by Linear Programming Model I, are shown in Fig. 
4 and are also included in this model. The structural parameters are: 

t72 =1 t~l =0 

C72 =0 C~l =1 

a CI =0 at:2 = 1 

b~' l =1 b~'2 =0 

The elements k in this model are FeS2 (valuable element) , gangue (G) and 
water (W) . 

Objective fun ction 

grade = L (a~'cS~ ) 2 - La (~2 - L a~\,2 

67~~ 11 B~K 11 -65-4'~46 <-- >II-BAN-
2

K-II=-22---'} : 

Rougher Bank~'21r9=7======~ Cleaner Bank 15.154 

>I! MILL 11-> 
[Flow rates in tjh] 

All flow rates tonnes/h 
(WFeS2 )2 = $200 jtonne 

Concentrate Tailings 

1: 8.4 
2: 291.6 
3: 370.0 

Tailings 
to rougher 

1: 0.892 
2: 4.131 
3: 17.119 

1: 8.028 
2: 2.333 
3: 4.793 

1: 0.372 
2: 289.267 
3: 365.207 

Concentrate 
to Mill 

1: 8.920 
2: 6.4643 
3: 21.912 

Fig. 4. Circu it st ruct ure and flow rates of elements for Problem I. 
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Objective function 

grade = L (aFeS2)2 - LaC2 - La tv2 
5 5 5 

Mass-balance constraints for species s 

t * S + YSk + 5 5 + 5 21 mkl 21 Uk2 = mk2 Yk2 

tT2 mk2 +cT2Yk2 + Ukl = mkl +Ykl 

t* mS +b* m S m S 

12 . k2 1'2 k2 = k2 

YSk + * 5 s 21 a CI Ykl =Ykl 

Flow rates of valuable element (FeS:;J produced by Model I 

8.92 = L (YFcS2) I 8.028= L (YFeS2)2 
5 5 

0.372= L (mFeS2 )1 0.892= L (mFeS2)2 
2 5 

0.372= L (bFeS2 )1 8.028= L (aFeS2)2 
5 s 

Feed rates for species s 
FeS2: 

( u }eS2 ) I = 5.46 

(u ~eS2) 1 = 2.772 

(U~eS2) 1 =0.168 

Gangue (G): 

ubi =6.124 

ubi =2.624 
:1 

UCI = 282.852 

Water (W): 

U~I =370 

SepJration factors of species s 
These values are given in Tables I and II. 
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TA BLE III 

Flotatio n ra les ( h 'k j min -I ) in ro ugher (j = 1 ) 

Spec ies Element.: 

h= 1 

s =1 2.5 

s= 2 0. 15G 

s = :~ 0 

TABLE IV 

Spct i()n f<:It'l1lt' 111 : 

1.- =1 

s=1 .) -_ . I 

s=2 (). ()() 2 

s = ;j () 

Grade constraint 

~m S L w~ 

1' - 'J \ -- h= :l 

0.085 O.OOl 
O.tH -1 0 
0 () 

I' _.) , -- 1.-= :; 

() . (J() . t (l.t) 1 
( J.( ):l :2 () 

() () 

:n 

This constraint ensures that the fraction of water in the final concent rate is 
larger than 0.3. 

Transformation matrix for gangue material in the mill 
The transformation of species within the valuable element has been taken 

into consideration in the first simulation model. Hence, the transformation 
matrix of only the gangue element is considered in this model: 

Species 
1 
2 
3 

12 3 

r 
0.5 0 0 J o 0.5 0 
0.5 0.5 1 

This matrix implies that 0.5 of t he fast floati ng species of the gangue has been 
t ransfo rmed to t he non -floating species. The same holds for the slow floating 
fraction. 
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Final results 

The operating conditions could now be estimated by applying eq. 3 to the 
optimal separation factors for the different species of the three elements. Ta
bles III and IV summarize the optimal rate constants, from which operating 
conditions could be estimated by use of phenomenological models (Ross, 1988). 
The flow rates of the elements k produced by Model II are given in Fig. 4, which 
shows a practically feasible two-bank circuit configuration. 

A sulphur grade of 32.2% and a recovery of sulphur of 95.4 % in the concen
trate are produced by the circuit without a regrind mill. These values could be 
improved to 41.3% and 95.6%, respectively, by the inclusion of a mill in the 
concentrate stream from the rougher to the cleaner. These values are typical 
of those attained in practice. 

PROBLEM 2: A FIVE-BANK CIRCUIT FOR THE FLOTATION OF CASSITERITE 

The valuable element concentrated in this circuit is cassiterite (Sn02), with 
gangue (G) and water (W) constituting the non-valuable elements. Five flo
tation banks (i.e. a rougher, scavenger, cleaner, recleaner I and recleaner II) 
will be used here to demonstrate the applicability of the optimization proce
dure. Again, the effect of a regrind mill will be investigated. Hypothetical bounds 
on the separation factors are similar to data given by Sutherland (1981) and 
Frew and Trahar (1982). Whereas the use of Models I and II was explained in 
more detail under Problem 1, only the more essential information will be sum
marized here. 

The bounds on the separation factors are summarized in Tables V and VI. 
It is assumed here that N j =8 and Tj =4 (min) for both the rougher and scav
enger banks, whereas N j = 8 and Lj = 2 (min) apply to the cleaner banks. A mill 
is assumed to be included in the concentrate stream from the rougher bank to 
the recleaner I bank. 

From these data the following constraints could be formulated for the valu
able element cassiterite (SnO:z) for each flotation bank: 

TABLE V 

Bounds on separation factors (ym ~j ) in both the rougher (j = 1) and scavenger (j = 2) 

Species Element: 
k=1 k=2 k=3 

8=1 38.3-5764800 12.8-200475 0.097-0.85 
8=2 1.0-6560 1.7-6560 0 
8= 3 0 0 0 
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TABLE VI 

Bounds on separation facto rs (ym kj) in cleaners (j = 3 to 5 ) 

species Element: 
k=l k=2 k=3 

8=1 4.8-6560 0.33-7.2 0.024-0.19 
s= 2 0.1-8.2 0.23 -2.76 0 
8= 3 0 0 0 

<~ 13 . 834 

l '2.803 21.386 < l-=-J L <- 1 2:~ 
3.027 

0.614 < 

5.085 8.333 > 

>~I MILL ~----->------------~ [Flow rates in t/h) 

Rougher scavenger Cleaner RecleanerI RecleanerII 

All flow rates tonnes/h 
(Wsn02 )5 = $100 /tonnes 

Feed Tailings 

1: 0.254 1: 0.011 
2: 9.746 2 : 9.682 
3 : 12.0 3 : 11. 693 

Concentrate streams: 
Rougher to Scavenger to 
RecleanerI RecleanerI 

1: 0.938 
2: 2.212 
3: 1.935 

1: 0.075 
2: 0.0002 
3: 8.257 

Tailings streams: 
Rougher to Cleaner to 
Scavenger Rougher 

1: 0.086 
2: 9.682 
3: 19.950 

1: 0.77 
2: 2.147 
3: 9.885 

Concentrate 

Cleaner to 
RecleanerI 

1: 0.538 
2: 0.256 
3: 0.237 

1: 0.243 
2: 0.064 
3: 0.307 

RecleanerI to 
RecleanerII 

1: 0.784 
2: 0.320 
3: 1.923 

RecleanerI to 
Cleaner 

RecleanerII to 
RecleanerI 

1: 1.308 
2: 2.403 
3: 10.123 

1: 0.541 
2: 0.256 
3: 1.616 

Fig. S. Circuit structure and flow rates of elements for Prohlem 2. 

23 
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o < (YSn02) 1 <11.00 (mSn02) 1 

0:::;; (YSn02)2 < 7.00 (mSnO:J 2 

o < (YSn02)3 < 0.70 (mSnoJ 3 

0< (YSn02)4< 0.60 (mSn02)4 

o < (YSn02)S < 0.45 (msno2)s 

i'>1.:\ . RElJrER AND .J.S .. J. VAN DEVENTER 

Without a mill being included in the concentrate stream from the rougher to 
recleaner I, the separation factor for recleaner I (bank 4) is: 

o < (YSn02 ) 4 < 0 .35 (mSnOz) 4 

The transformation matrix for the gangue material is: 

Species 
1 
2 
3 

123 

[ 

0 .5 0 0 J o 0.5 0 
0.5 0.5 1 

The circuit structure and the flow rates of the elements for the case where a 
mill is included, are depicted in Fig. 5. Operating conditions were estimated by 
the application of eq. 3, and are summarized in Tables VII to XL 

The simulation produces an unusual circuit configuration for a flotation cir
cuit comprising of five flotation banks, although there are certain distinct sim-

TABLE VII 

Flotation rates (k ~j min -I) in rougher (j = 1) 

Species Element: 
k=l 

s= 1 0.146 
s= 2 0.091 
s=3 0 

TABLE VIII 

Flotation rates (kkj min -1) in scavenger (j = 2) 

Species Element: 
k=l 

s=l 0.146 
s= 2 0.095 
s=3 0 

k=2 

0.09 
0.05 
0 

k = 2 

0.097 
0.033 
0 

0.003 
o 
o 

0.017 
o 
o 
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TABLE IX 

Flotation rates (kkj min-I) in cleaner (j=3) 

Species Element: 
k=l k=2 

s=l 1.0 0.01 8 
5=2 0.033 0.01 3 
s = 3 0 0 

TABLE X 

Flotation ra tes (kkj min- I) in recleanerI (j=4 ) 

Spec ies Element: 
k=l 1' - ') ,- -

8= 1 0. 123 0.018 
8= 2 0.028 0.01 3 
5= 3 0 0 

TABLE XI 

Flotation rates (k kj min-I) in recleanerII (j=5) 

Species Element: 
k=l k= 2 

s=l 1.0 0.018 
s=2 0.16 0.013 
s=3 0 0 

35 

0.001 
o 
o 

h=3 

0.011 
o 
o 

0.011 
o 
o 

ilarities to existing industrial flotation plants. For example, the tailings are 
recycled to previous banks. The circuit which does not include a mill, produces 
an Sn grade of 51.1 % and an Sn recovery of 44.0%. When a recycle mill is 
included in the circuit as depicted in Fig. 5, the Sn grade in the final concen
trate increases to 67.3% and the Sn recovery to 75.4%. 

PROBLEM 3: A FOUR-BANK CIRCUIT FOR THE FLOTATION OF GALENA 

As in Problem 2, the models are not presented in detail, and only the more 
important data are given here. A fixed circuit structure is selected and the 
influence of two regrind mills on optimal flotation performa:r:ce will be deter
mined. The final circuit incorporation the mills is shown in Fig. 6. Mills are 
placed in the tailings recycle between the cleaner and rougher, and in the con
centrate stream between the rougher and the recleaner. 
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I 
44.421 

MILL 1 1 < r-- - - -- 20.61 

> BA~K : BA~K 21.51 > BA~K 
45.321 [> l 

. 7.597 < 

MILL 2 11 ->--------------' 
. [Flow rates in t/h] 

Rougher Scavenger 

All flow rates tonnes/h 
(wPbS )4 = $100 /tonne 

Feed Tailings 

1: 3.1 1: 0.762 
2 : 93.3 2 : 92.904 
3 : 96.4 3 : 91.537 

Concentrate streams: 
Rougher to Scavenger to 
Recleaner Cleaner 

1: 2.719 1: 0.534 
2: 0.727 2: 0.849 
3: 3.251 3: 43.938 

Tailings streams: 
Rougher to Cleaner to 
Scavenger Rougher 

1: 1.296 1: 0.915 
2: 93.753 2: 1.180 
3: 135.474 3: 42.326 

Cleaner Recleaner 

Concentrate 

1: 2.338 
2: 0.396 
3: 4.863 

Cleaner to 
Recleaner 

1: 0.732 
2: 0.462 
3: 20.316 

!{ecleaner to 
Cleaner 

1: 1.113 
2: 0.792 
3: 18.705 

Fig. 6. Circuit structure and flow rates of elements for Problem 3. 

Bounds on the separation factors for the flotation of galena (PbS) from 
gangue (G) material were chosen so as to approximate the flotation data given 
by Forssberg et al. (1982) and Sutherland (1977). These bounds are given in 
Tables XII to XIV. In this problem it was assumed that N j =8 and tj= 2 (min) 
for the rougher and cleaners, and N j = 10 and tj = 2 (min) for the scavenger. 

By the application of these data the following constraints could be formu
lated for the valuable element galena (PbS): 

-
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TABLE XII 

Bounds on separation factors (ym kj ) in rougher (j = 1 ) 

Species Element: 
k=l k=2 

s=l 2.84-63 0.46-6.53 
8=2 0.02-3.0 0.024-0.087 
s=3 0 0 

TABLE XIII 

Bounds on separatio n factors (y m ~j) in scavenger (j = 2) 

Spec ies Element: 
h= 1 );=2 

.'1 =1 3.3-109 0.48-2.7 
8=2 0.27-1.59 0.14-0.48 
8= 3 0 0 

TABLE XIV 

Bounds on separation factors (ym kj ) in cleaner (j = 3) and recleaner (j = 4 ) 

Species Element: 
k=l 

s=l 4.1-112.4 
s=2 0.082-2.0 
s=3 0 

0< (YPbS)2 <0.7 (mpbS)2 

0< (YPbS)3 <0.8 (mpbS)3 

0< (YPbS)4 <2.1 (mpbS)4 

k=2 

1.07 -15.8 
0.082-1.19 

0 

37 

k=3 

0.024-0.087 
0 
0 

k=3 

0.14-0.48 
0 
0 

k=3 

0.04-0.48 
0 
0 

Without the two mills in the circuit, as shown in Fig. 6, the separation factors 
for the valuable element galena in the rougher and recleaner banks change to: 

0< (YPbS)l <0.6 (mpbS)l 

o < (YPbS)4 < 0.8 (mpbS)4 

The transformation matrix for the gangue material in both mills is taken to 
be: 

Stellenbosch University  https://scholar.sun.ac.za



Species 
1 
2 
3 
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12 3 

l 0.5 0 0] o 0.5 0 
0.5 0.5 1 

The flow rates of the three elements for this circuit are depicted in Fig. 6. 
The operating conditions were estimated by the application of eq. 3, with the 
results being summarized in Tables XV to XVIII. 

The simulation produces a typical sulphide flotation circuit consisting of 
four banks. It is clear that the two mills have a marked effect on the perform
ance of this circuit. The recovery of the valuable element Pb in this circuit is 
95.6%, while the grade produced is 68.8% Pb. Without these mills included in 
the circuit, the grade and recovery drop to 30.2 and 87.7% Pb, respect ively. 

TAB LE XV 

flotation rates (k~j min - I) in rougher (j = 1) 

Species Elemen t: 
k=l 

5=1 0.5 
5= 2 0.09 1 
5= 3 0 

TABLE XVI 

Flotation rates (k kj min - I ) in scavenger (j = 2) 

Species Element: 
k=l 

s = 1 0.1 
5= 2 0.041 
5= 3 0 

TABLE XVII 

Flotation rates (kkj min - 1) in cleaner (j = 3) 

Species Element: 
k=l 

5=1 0.156 
5= 2 0.051 
5= 3 0 

k=2 

0.033 
0.018 
0 

k=2 

0.025 
0.008 
0 

k= 2 

0.064 
0.007 
0 

k=3 

0.002 
0 
0 

0.025 
o 
o 

k= 3 

0.034 
0 
0 
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TABLE XVIII 

Flotation rates (kkj min -1) in recleaner (j = 4) 

Species Element: 
k=l k=2 k=3 

8=1 0.6 0.064 0.02 
8=2 0.079 0.007 0 
8=3 a 0 0 

CONCLUSIONS AND SIGNIFICANCE 

The solutions to the sample problems serve to demonstrate a number of 
properties of the simulation model, as discussed below. 

(a) The circuit structures produced by Linear Programming Model I are 
similar to those encountered in industry. Furthermore, Linear Programming 
Model II produces grades and recoveries which compare favourably with those 
of similar flotation plants in industry. Hence, the two-step approach for the 
optimization of a non -linear simulation problem produces meaningful results. 
It ws shown that the effect of regrind mills on the recovery and grade could be 
simulated realistically. Although not demonstrated by the sample problems, 
the simulation model could also consider a multiple feed strategy as described 
by Williams et al. (1986). 

(b) The simulation model produces solutions within a few seconds, which 
makes it more time-efficient than iterative numerical procedures. This feature 
makes the model particularly attractive for inclusion in a control algorithm. 

(c) Most flotation models yield only approximate predictions of recoveries 
and grades. Since the separation characteristics are included here as con
straints rather than a flotation model, the inaccuracies in any flotation model 
may be introduced as an upper and a lower bound. This implies that only ap
proximate and not precise separation data are required by the simulation model. 

The construction of bounds for the separation characteristics is meaningful, 
since the operating conditions in a flotation plant may vary greatly and hence, 
may not be defined accurately by a theoretical or an empirical separation model. 
Therefore, the bounding of the separation characteristics as is done in this 
simulation model also embraces the dynamics encountered in a flotation circuit. 

(d) The data for the estimation of bound may be obtained from a data base, 
which may be updated by the user or by the simulation model in a control loop. 
The inclusion of operating conditions as bounds makes this model particularly 
attractive for use in a knowledge-based system, which could manipulate the 
available data base to estimate bounds. 

(e) The only data required by the simulation models are the separation fac
tors for the fast and slow floating species of a particular element k, and the 
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feed composition of element k in terms of the fast floating, slow floating and 
non-floating species. 

Once a flotation plant has been designed and commissioned, the model pre
sented here may be used to simulate and, if used in a control algorithr..1, control 
the operation of the plant. If, for example, there are drastic changes in the ore 
body and subsequently in the flotation conditions, this model may be used to 
suggest an alternative circuit and new operating conditions. 

APPENDIX - LIST OF SYMBOLS 

Ghj 
a~j 
a s. 

7.) 

al. hj 
u Ghj 

A;;j 

bhj 
bS hj 
b L hj 
b U hj 

B;;j 

b'k1ij 

(bk1ij )L 

(b'k\j ) U 

c:" 
1) 

d 'k' 1) 

(d'k1ij ) I. 

(d'k1ij ) U 

e'" 1) 

F " hj 

G~ 
(G~ )L 

( G~ )U 

gij 

Grade 

hr 
h. 
h" kj 

= 
= 

concentrate recovery of valuable element h from notation bank j 
concentrate recovery of species s of valuable element h from nota tion ba nk j 

concentrate recove ry of species s of non- valuable elements z from notat io n bank 

J 
lower bound on ahj 

upper bound on a hj 

concentrate now of valuable element h from nota tion bank j; optimal va lue 
produced by Linear Programming Model L 
tailings recovery of valuable element h from notation bankj 
tailings recovery of species s of valuable element h from nota tion bank j 

lower bound on bhj 
upper bound on bhj 
tailings new of valuable element h from notation bank j ; optimal value produced 
by Linear Programming Model I 
breakage of species s of element k in to species l by use of a mill in tailings recycle 

lJ 
lower bound on b'k1ij 

upper bound on b 'k\j 

fraction of Yhj that is recycled from nota tion bank j to i; optimal value produced 
by Linear Programming Model I 
breakage of species s of element h into species l by use of a mill in the 
concentrate recycle ij 
lower bound on d'k\j 

upper bound on d'k\j 

tailings stream that includes a mill: optimal value produced by Linear 
Programming Model I 
m't,J"Lm'h( fraction of species s in element h in the tailings 

grade of element k in tailings stream j 

lower bound on tailings grade 

upper bound on tailings grade 

concentrate stream that includes a mill; optimal value produced by Linear 
Programming Model I 
objective function that maximizes the grade 
ra te constant of the fast noating species 
rate constant of the slow noating species 
notation rate of the species s of element k in notatio n bankj 
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Mok 
I) 

l*. 
I) 

Yhj 

Y~j 

ym~j 

(ym~j )1. 

(ymkj )1I 

YMhj 

(YMhY' 

(YMh) U 

YOk 
I) 

Uhi 

U~j 
L Uhj 
U 

Uhj 

(U~j ) L 

(U~j ) U 

Whj 

Greek letters 

/JTj 

tailings flow of valuable element h from bank j 
tailings flow of species s in element k from bank j 

tailings flow of the valuable element h from flotation bank j; optimal value 
produced by Linear Programming Model I 
Ibk1

ij eij m~j: flow rate of species s of element k from a mill situated in the 
I 

tailings recycle stream ij 
total earnings due to the optimal recovery of valuable element h 
number of cells in flotation bank j 
recovery in batch flotation 
recycle of valuable element h in the tailings from flotation bank j to i 

= recycle of valuable element h in the concentrate from flotation bank j to i 

flotation time 
fraction of mhj t hat is recycled from flotation bank j to i optimal value produced 
by Linear Programming Model I 
concentrate flow of valuable element h fro m notat ion ba n k j opt.ima l value 
produced by Linear Programming Model I 
co ncen t rate flow of valuable eleme nt h from fl otat. ion ba nk j 
co nce ntrate flow of species s in element. k from notation bank j 

separa tion factor: Y~j / m~j 

lower bound on ym ~ j 

upper bound on .'I'm t j 

Lf~jymf\j 

lower bound on (I F ~ ym hj ) 

upper bound on (IFhj ymhj) 

I d~lij g ij y ~j: flow rate of species k from a mill situated in co ncentrate recycle 
I 

stream ij 
feed of valuable element h to flotation bank i 
feed of species s of element k to flotation bank j 

IGwer bound on U hj 

upper bound on Uhj 

lower bound on U ~j 

upper bound on U kj 

price weight of valuable element h in the objective function MAXh 

= fraction of Y hj that is concentrate product; optimal value produced by Linear 
Programming Model L 
fraction of mhj that is tailings product; optimal value produced by Linear 
Programming Model I 
ultimate recovery at infinite time 
fraction of the ultimately floatable species that is slow floating 
retention time of a ll species s in bank j 
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ABSTRACT 

A knowledge-based system for the steady-state simulation and optimization 
of gravity separation circuits is presented. The only data required by the 
simulation models are the number of separation banks. number of species. feed 
rates. composition of feed and the separation factors of the different species. 
A knowledge-base which permits the intelligent choice of bounds. is used to 
generate the bounds on the separation factors. The knowledge-base may be 
updated by the user or the simulation model itself. III this paper. a gravity 
cOllcentratiOIl plant is described by two linear models. one being the subset of 
the other. The computer program fOrmulates and solves these linear models 
sequentially by using any suitable linear progranlming (LP) package. The first 
model optimizes the flow rates and the path of the valuable elements between 
the separator banks. This model produces the optimal flow rates of the 
valuable elements between the banks. as well as the circuit configuration. The 
second model simulates the flow rates of all elements in such a way that the 
concentrate grade is maximized. An optimal grade for the valuable elements 
in the concentrate is given by the second model. The circuit configurations. 
grades and recoveries produced by the simulation model are similiar to those 
encountered in industry. This model may also be used to suggest all alternative 
circuit structure and operating conditions in the case of drastic changes in the 
operating environment of the plant. The simulation model is very time efficient 
and produces solutions within minutes. 

Keywords 
Expert systems; gravity concentration; knowledge-base; linear programming 

INTRODUCTION 

The use of computers in the mineral processing industry must be increased in order to 
enhance plant performance. Data base modelling has been part of the minerals industry for 
some time, with micro-computers being used for process modelling, flowsheet design and 
optimization, material balancing and plant simulation. The concepts of knowledge-based 
simulation, expert systems and artificial intelligence, however, are relatively new to most 
engineering disciplines. 

Gravity concentration is not understood sufficiently well, so that fundamental models are 
not capable of predicting plant behaviour at different operating conditions. If totally 
empirical models are formulated, it is difficult to decide on model forms that will be valid 
for a wide variety of conditions. Since gravity cQncentration is very difficult to model on 
a theoretical basis, expert systems, which utilize and infer knowledge from a data bank," 
could supplement or replace theoretical modelling. This wide-ranging heuristic 
information, which is particularly abundant within the mineral processing industry, can be 

311 
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incorporated easily into a knowledge-based system. Furthermore, rules of thumb, 
equipment malfunction or deterioration, and operator experience (especially where there are 
little known data) can be taken into account in expert system simulation. 

When designing mineral separation plants, it is attempted to produce an optimal 
configuration as well as optimal operating conditions. Reuter et al. (1988, 1990) optimized 
mineral separation circuits by solving two sequential linear models using linear 
programming. The mass balance equations which define the flow rates for a system of k 
mineral elements in a gravity concentrator plant are highly non-linear (Green et aI., 1984), 
and must be linearised in order to apply linear programming methods. Reuter and Van 
Deventer (1990) accomplished this by rewriting the equations as two sets of linear equations. 
These two sets form the basis of two linear simulation models, the second set being a subset 
of the first. In this paper, the methodology proposed by Reuter and Van Deventer (1990) 
will be applied to gravity separation circuits. 

The first linear simulation model produces an optimal configuration and optimal flow rates 
for the valuable elements between the banks of separators. This solution is a function of 
the mineral separation in each bank, the plant size and constraints on the grades. The 
second linear simulation model produces the flow rates of the non-valuable mineral 
elements in such a way that the concentrate is maximized. This model is subject to the 
optimal flow rates for the valuable elements and the circuit structure produced by the first 
model. This second model is subject to the same separation characteristics of the separator 
and the same constraints on the grades as the first linear simulation model. 

This simulator includes the separation characteristics of a mineral element at a particular 
bank as bounds and not as a model included in the mass balance equations. This approach 
is realistic if it is considered that most simulation models for mineral separators are not 
fundamental, but empirical and suitable for a particular application only. Since the 
separation constraints may be established either by the application of theoretical models, 
separation curves, empirical models or from plant experience, a knowledge data base can 
be used to generate the bounds on the separation factors. With the use of an extensive data 
base, the effect of ore type, mineralogy of the ore and the type of equipment used, can be 
included in determining the separation of the mineral element. 

The objective of this paper is to formulate the structure of the proposed expert system and 
knowledge data base, and to demonstrate its application in optimizing a gravity 
concentration circuit. Both the recovery and grade of the valuable mineral elements in the 
concentrate will be optimized by the use of the two sequential linear models. The model 
will be applied to three sample problems taken from the literature. A sensitivity analysis 
will also be carried out in order to determine the effect of structural changes to the circuit 
on the recovery and grade of the valuable minerals. 

STRUCTURE OF KNOWLEDGE-BASED SYSTEM 

An expert system is a computer program that behaves like an expert in some, usually 
narrow, domain of application. The main.feature of these systems is the separation of 
knowledge about the subject from the techniques that are used to think about this 
knowledge. Because expert systems. have to be capable of solving problems that require 
expert knowledge in a particular domain, they should possess that knowledge in some form. 
Therefore, they are also called knowledge-based systems. An expert system should also be 
capable of explaining its behaviour and its decisions to the user. An additional feature that 
is often required is the ability to deal with uncertainty and incompleteness. Two functions 
are needed to build an expert system. The problem-solving function must be capable of 
using the domain-specific knowledge - this may require dealing with uncertainty. The 
user-interaction function includes the explanation of the system's decisions during and after 
the problem-solving process (Bratko, 1986). 

An expert system can be divided into three main modules: a knowledge base, an inference 
engine and a user interface. 
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A knowledge-base comprises the domain knowledge, including simple facts about the 
domain, rules that describe relations or phenomena in the domain, and possibly also 
methods, heuristics and ideas for solving problems in this domain. An inference engine 
contains the techniques and procedures that drive the thought-process. A user interface 
caters for smooth communication between the user and the system, also providing the user 
with an insight into the problem-solving process carried out by the inference engine. The 
inference engine and the user interface can be conveniently viewed as one module, usually 
called an expert system shell, or simply a shell for brevity. 

The foregoing scheme separates knowledge from algorithms that use the knowledge. This 
division is suitable for the following reason: the knowledge base depends on the 
application, while the shell is, in principle at least, domain independent. This is a rational 
way to develop a shell that can be used universally, and then to plug in a new knowledge 
base for each application. 

The development of an expert system can be divided into the following (Bratko, 1986): 
I. Select a method for representing and organizing knowledge. 
2. Design an inference mechanism that corresponds to this formalism of knowledge. 
3. Add user-interaction facilities. 
4. Add a facility for handling uncertainty. 

Knowledge organization 

Conditional statements, also known as if -then rules, will be used to represent knowledge and 
organize data. Elements of knowledge are contained in rule premises. When these elements 
become true, the system can "infer" about the truth of other elements within the rule 
conclusion. As conclusions are made, the system moves to other rules containing these 
"inferred" elements in the premises. In this way, the search process is driven, not by 
referencing the linked rules, but rather by the data themselves, which act as connections 
between rules. Such data are referred to as structural knowledge. 

Knowledge located in data base 

The first step in developing a knowledge base system is to start the process of knowledge 
acquisition. The domain knowledge for a gravity separation plant could consist of the 
following, for example: 

Ore type 

Equipment 

Operating conditions 

Circuit constraints 

External factors 

constituents and mineralogy 
relative density 
particle shape 
particle size 
water-solids ratio 
type and design 
number of banks 
size 
arrangement 
malfunction or deterioration 
effect of regrind mills 
tables (effect of slope and stroke; flow rate and distribution of 
water) 
spirals (effect of water-solids ratio; setting of splitters) 
Pipe diameters 
Pumping speed limitations 
Excluding certain recycle streams that are not permissible. 
Production grade requirements 
Production limitations 
Price weights of concentrate or mineral element 

These elements are transformed into sentences or statements that are incorporated into rules. 
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Expert program structure 

The expert program structure is the shell which consists of the inference engine and the 
user interface. The user must input certain information about the gravity concentration 
plant, such as the number of separation banks, equipment used, ore type, ore mineralogy 
and feed rate of the different mineral elements. The inference engine interacts dynamically 
with the knowledge-base to determine the bounds on the separation constraints and certain 
streams, the exclusion of certain recycle streams and the price weights of concentrate and 
certain mineral elements. The user can optionally change the parameters obtained from the 
knowledge-base. The first linear simulation model is formulated by the system and solved 
by using any suitable linear programming (LP) package. This model produces an optimal 
configuration and optimal flow rates of the valuable elements between the banks of 
separators. The second linear simulation model is formulated subject to the solution of the 
first model, and solved by LP. The system can also be used for sensitivity analysis. What-if 
questions about changes in the circuit structure can easily be solved by the expert system. 
The structure of the expert system and knowledge base is depicted in Figure 1. 
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IIODtL II 
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lOtOIII.lNI 
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~TA 
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COLLICTIOH 
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SCIMARIOS 

SOLlIE 

MODEL I I 

Fig.l Structure of expert system and knowledge base 
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Knowledge- base modelling and expert systems in the minerals industry can be applied in 
various ways. Expert systems could be used to formalize aU the existing experience 
concerning a particular metallurgical plant and utilize it to do fault analysis. The data bank 
for this expert system could be updated by plant superintendent and operator alike. Ores 
can be characterized by devising simple tests for a sample of ore, the results of which could 
be used by an expert system to predict the behaviour of the ore. Hence, the plant 
superintendent could establish operating conditions by consulting the expert system. An 
expert system could assist in selecting the correct empirical model for a particular set of 
operating conditions, hence rendering the empirical approach more general. Ultimately, the 
above mentioned methods can be applied in adaptive control loops to control various 
metallurgical plants. This approach focuses not only on equation oriented simulation, but 
also on reasoning capabilities, which utilize heuristic knowledge and other qualitative 
information so as to assist the engineer to verify the assumptions made regarding the process 
during the design stages. The structure of the expert system as part of an integrated 
methodology for plant optimization is shown in Figure 2. 

~~AULI D' AQIOS I0 I 
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COW:~~ 
\...-/ 

( DATA { MATlJUAL 
CHAHGE 
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Fig.2 The expert system as part of an integrated methodology for plant optimization 

SIMULATION ROUTINE 

As discussed previously, the mass balance equations for the separation of k mineral elements 
are highly non-linear. These non-linear equations must be linearised in order to apply 
linear programming methods. The two linear simulation models will be discussed separately 
below. 
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The formulation of Linear Programming Model I 

Linear Programming Model I optimizes the flow rates and the path of the valuable elements 
between the separator banks. Density is used to distinguish between different elements in 
a gravity separation plant. In this paper the valuable element h is characterized by only one 
species, and not by three species as in Reuter and Van Deventer (1990). This simulation 
model will be developed here by formulating all possible constraints imposed on the mass 
balance equations. 

Mass balance constraints 

The mass balance constraints define the flow rates of the valuable elements h between the 
banks of mineral separators. Consider the two separator banks i and j in Figure 3. The 
middlings stream z could recycle around any bank j, but would not constitute a product 
from the circuit. 

From Figure 3 the following four steady-state mass balance equations may be derived: 

. 2: . rmhij + b hj 
~. ~7"'J 

2: rzh
ij = Zhj 

~ 

l: nnh .. + l: ,)t .. + l: ,-!t .. 

;. ~,rr=i.=;=~j=lj=====J=. ===lj======9 

Uhi ---> 

separator bank i 

~================d 

separator bank j 

------> mhi 

------> zhi 

------> Yhi 

I> bhj 

-m .~> l:nnh .. 
hJ . .• . 1J 

'. ',J 

-zhJ·----> l: ,-!t .. 
. 1J 
1 

-Yhj~> l: . ,)tij 
~l,'tJ 

> ahj 

Fig.3 Steady-state flowrates of the valuable element h from bank j to i 

(l) 

(2) 

(3) 

(4) 
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External constraints 

A number of external constraints should be imposed on the fcur mass balance equations. 
These constraints include the following: . 

(a) Due to production limitations, the feed rate to the plant cannot exceed certain limits. 
If desired, the fresh feed can be a multiple feed, i.e. it may be fed to all j separator 
banks, if required. 

(5) 

(b) Certain recycle streams ij which are not physically meaningful, must be excluded, 
e.g. recycling of rougher tailings to the cleaner banks. 

rmh .. = 0 (6) 1 J 

rzh . . = 0 (7) 1 J 

ryh i j 0 (8) 

(c) The designer must establish which separators produce concentrate and which produce 
tailings. 

b L
h· < bh· < bU

h· J - J - J 

(9) 

(10) 

(d) The total flow rates from the separator banks may not exceed certain values owing 
to limitations in pipe diameter and pumping rate. 

ZLhj ::5 Zhj::5 zUhj 

yLhj ::5 Yhj::5 YUhj 

Separator constraints 

(11 ) 

(12) 

(13) 

The separation of the feed into concentrate, middlings and tailings characterizes this 
constraint, which may be established either by the application of theoretical models, 
separation curves, empirical models or from plant experience. 

The separation characteristics of the separator j for the element k may be defined in terms 
of the separation factors ymkj and zmkj as follows: 

( 14) 

(15) 

Due to variations in the conditions in separator bank j, the separation factors may vary 
between an upper and lower bound. By defining the separation factor for the valuable 
element ymhj as bounds, the optimization model becomes well-suited for inclusion in a 
knowledge-based simulator that permits the intelligent choice of bounds. Hence , if the 
separation factors are not known precisely, constraints (16) and (17) may replace equalities 
(14) and (15): 

[ymhj]L mhj ::5 Yhj::5 [Yffihj]U ffihj 

[zmhj]L mhj ::5 Zhj ::5 [Zffihj]U ffih j 

(1 6) 

(I7) 
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ObjectiYe function 

The aim of the optimization is to maximize the recovery of the valuable elements h, subject 
to the constraints (1)-(17). This can be stated as: 

OBJ = ~ wh·ah · J J J 
(18) 

where OBJ is the objective function which maximizes the production of valuable element 
h; and Whj is the price weight for the production of ahj, which depends on current operating 
costs (e.g. 100 monetary units/tonne). 

Linear Programming Model I 

The linear simulation model will consist of equations (I )-(18). This model produces the 
optimal circuit structure, and the optimal inter-bank flow rates and recovery of the valuable 
element h. 

The formulation of Linear programming model II 

Linear Programming Model II simulates the flow rates of all non-valuable elements k in 
such a way that the concentrate grade is maximized. This model is subject to the optimal 
flow rates and the circuit structure produced by Linear Programming Model I, as well as 
the separation constraints for all elements k. 

Mass balance constraints 

------> mki 

separator bank i ------> zki 

b=================d 
------> Yki 

Separator bank j -Zkj---> !: e -i!kj 
I 

---YkjL > . L: ~ ii:>'kj 
~, ~"'J 

* > a CjYkj 

FigA Steaciy state flow rates of element k between b::mks i and j 

From figure 4, the following six mass balance equations may be derived for element k 
flowing between separator banks i and j (variables denoted by an * have been evaluated by 
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Linear Programming Model I): 

bkj = B*Tjmkj 

* akj a CjYkj 

rmk . . 
1 J t*· ·mk' 1 J J 

ryk .. * = C i jYkj 1 J 

rzk .. * = e i jZkj 1 J 

The bounds on the feed rate are given by 

31 9 

(19) 

(20) 

(21 ) 

(22) 

(23) 

(24) 

(25) 

The optimal flow rates of the valuable elements h produced by Linear Programming Model 
* * * b* d * I are: m j, z j, y j, j an a j 

Separator constraints 

These constraints are similiar to those imposed om Linear Programming Model I [constraints 
(14) and (15), or (16) and (17)] . 

Grade constraints 

The grade constraint for element k=l is defined as: 

(26) 

Objective function 

Given the constraints (16) and (17), and (19)-(26), the objective is to maximize the grade 
of the valuable elements h. This is equivalent to the minimization of the recovery of the 
non-valuable gangue elements (k4:h). This can be stated as: 

(27) 

where grade is the objective function which maximizes the grade, ah' is the valuable 
element in the concentrate, and L; akj are the non-valuable elements in t6e concentrate. 

k,kjLh 

Linear Programming Model II 

This model consists of equations (16) and (17), and (19)-(27). 

SAMPLE PROBLEMS 

The computer program was used to simulate three gravity concentration circuits in order to 
demonstrate its applicability during the design of separation plants. For the purpose of 
illustration, the use of Linear Programming Models I and II will be explained in more detail 
in example 1 than in the case of examples 2 and 3. The bounds on the separation factors 
were produced by taking 25% variations in the flow rates into account. In the sample 
ME4/3_H 
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problems described below, a linear programming package, LP88, on an IBM AT personal 
computer, was used to solve the models. Less than 5 minutes of central processor time was 
required to solve the models in each case. A sensitivity analysis to determine the effect of 
multiple feed rates on the recovery of the valuable element was also carried out. 

Example 1 

The data for this example were taken from Van der Spuy (1982), and represent a 
rougher-scavenger-cleaner gravity separation circuit. Only the low phosphate circuit of the 
plant is simulated here. In the circuit, the feed consisting of 0.015 t/h of element 1 
(uranothorianate, and depicted here as U30 a), 1.68 t/h of element 2 (ZrOz) and 418.305 t/h 
of element 3 (gangue) are separated into concentrate and tailings. Figure 5 illustrates the 
simplified flowsheet. 

129.48 35.31 

I7~ G~~J 
B~ >B~> {3~J 20.98 --> Bank 1 Bank 3 r-->J 420 ~r8 

~>l r>l 
223.34 46.22 115.15 

Rougher Scavenger Cleaner 

All flow rates tonnes/hr 

Feed Concentrate 
Element Element 
1: 0.015 1: 0.0093 
2: 1.68 2: 0.8571 

3: 418.305 3: 34.440 

Concentrate Concentrate 
to cleaner to cleaner 
Element Element 
1: 0.0073 1: 0.0046 
2: 0.9882 2: 02118 
3: 128.480 3: 20.760 

Tailings Tailings Tailings 
Element Element Element 

1: 0.0019 1: 0.0012 1: 0.0025 
2: 03953 2: 0.0847 2: 03429 
3: 222.9400 3: 46.1300 3: 114.800 

Middlings to Middlings Middlings 
scavenger recycle recycle 
Element Element Element 
1: 0.0058 1: 0.0037 1: 0.0075 
2: 0.2965 2: 0.0635 2: 0.2571 
3: 66.8800 3: 6.9200 3: 17.2200 

Fig.S Circuit structure and flow rates for example 1 
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The bounds on the separation factors for the three elements are given in Tables I and 2. 

TABLE 1 Bounds on separation factors (ymlcj) for example 1 

Element Bank: 

j = 1 j = 2 j = 3 

k = 1 2.25 - 3.75 225 - 3.75 225 - 3.75 

k = 2 1.5 - 2.5 1.5 - 2.5 1.5 - 2.5 

k=3 0375 - 0.625 0.45 - 0.75 03 - 0.5 

TABLE 2 Bounds on separation factors (zmlcj) for example 1 

Element 

k = 1 

k=2 

k = 3 

j = 1 

3-5 

0.75 - 1.25 

0.3 - 0.5 

Bank: 

j = 2 j = 3 

3-5 3-5 

0.75 - 1.25 0.75 - 1.25 

0.15 - 0.25 0.15 - 0.25 

The separation constraints for the valuable elements U 30 a and Zr02 for all banks j are: 

2.25 m U308,j ~ YU308,j ~ 3.75 m U308,j; 

1.50 mZr02,j ~ YZr02,j ~ 2.50 mZr02,j; 

The bounds on the following streams were chosen arbitrarily: 

o ~ mhj ~ 0.005; 0 ~ Yhj ~ 0.01; 0 ~ Zhj ~ 0.01 

o ~ bhj ~ 0.005; 0 ~ ah3 ~ 0.01 

Fresh feed is only fed to the rougher bank: 

UU308 1 = 0.015; uZr 02 1 = 1.68 , , 

Only the cleaner bank produces concentrate: 

The following recycle streams are excluded: 

rmhij = 0, with i, j = 1, 2, 3 

ryh i j = 0, with i = 1, 2; j = 1, 2, 3 and i = j 

rzh ij = 0, with i = 1 and j = 1,2,3 

rzh ij = 0, with i = 2,3; j = 1,2,3 and i = j 
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The objective function for Linear Programming Model I is: 

OBJ = 100 an + 100 a23 

The optimal flow rates of the valuable elements produced by Linear Programming Model 
I are schematically shown in Figure 5. The following structural parameters are also 
produced by Model I: 

t\ j = 0, with i, j = 1, 2, 3 

c\ j = 0, with i, j = 1, 2, 3; except c* 31 = c32 = 1 

* 0 'h" 123 * * * 1 e i j = , WIt 1, J = , , ; except e 21 = e22 = e33 = 

* * 0 * a C1 = a C2 = ,a C3 = 1 

13\, = 13* T2 = 13* T3 = I 

The following mass balance equations for the non-valuable element k, are derived from the 
above structural parameters: 

The feed rates of each element k to the rougher bank are fixed: 

u" = 0.015; u2' = 1.68; u3' = 418 .305 

Ukj = 0, with k = 1, 2, 3 and j = 2, 3 

(rougher bank) 

(scavenger bank) 

(cleaner bank) 

The grade constraint for the non-valuable element (element 3) for each bank j is defined 
as (designer's choice): 

The objective function is 

grade = aU308,3 + aZr02,3 - agangue,3 

The flow rates of the non-valuable mineral element, which are produced by this model, are 
depicted in Figure 5. The solution produced a recovery of 62.3% of the valuable element 
1 (U30 8), compared with a recovery of 60% reported by Van der Spuy (1982). The U 30 8 
grade produced is 0.026% compared with 0.017% given by Van der Spuy. The Zr02 grade 
produced by the model is 2.43% and the recovery 51.02%. Van der Spuy reports a Zr02 
grade of 4.2% and a recovery of 67%. Only a section of the plant described by Van der 
Spuy was simulated and the separation factors were characterized by bounds, hence the 
slightly higher recovery for U30 8. The reason for the difference between the grade and 
recovery of Zr02 produced by the model and the actual values is that Zr02 is recovered as 
a byproduct, but the same price weight as that of U30 8 was used in the first model. 

Example 2 

This example illustrates the simulation of a four-bank gravity separation circuit. The data 
were taken from Holland-Batt et al. (1982), except that the spirals were omitted from the 
circuit in the simulation as the latter showed that the spirals did not yield a significant 

Stellenbosch University  https://scholar.sun.ac.za



Simulation and optimization of gravity separation circuits 323 

additional upgrading of the concentrate. The circuit consists of a rougher, scavenger, 
cleaner and recleaner. Reichert spirals and Reichert cone concentrators for the rougher, 
scavenger, cleaner and recleaners were used. In the circuit depicted in Figure 6, chromite 
(element 1) is separated from gangue (element 2). The separation factors for elements 1 and 
2 are given in Tables 3 and 4. 

The chromite grade produced is 97.02% and the recovery 96.93%, which are very close to 
the values of 95.05% for the grade and 95.05% for the recovery reported by Holland-Batt 
et al. (1982). The results for this example are depicted in Figure 6. 

->0 1000 H1 
700 

All flow rates tonnes/hr 

Feed 
Element 

1:50 
2: 950 

Concentrate 
to bank 3 
1: 48.65 

2: 251.47 

Tailings 
Element 

1: 135 
2: 698.53 

300 

Concentrate 
to bank 3 

1: 1.29 
2: 62.50 

Tailings 
Element 
1: 0.18 

2: 249.98 

Middlings 
recycle 

Element 
1: 0.13 
2: 35.0 

314 

Concentrate 
to bank 4 
1: 50.14 
2: 31.25 

Tailings 
Element 
1: 1.47 

2: 312.48 

Middlings 
recycle 

Element 
1: 5.01 
2: 37.5 

49.9 

Concentrate 
Element 
1: 48.46 
2: 1.488 

Tailings 
Element 
1: 1.67 

2: 29.76 

Middlings 
recycle 

Element 
1: 4.51 
2: 8.63 

Fig.6 Circuit structure and flow rates for example 2 

TABLE 3 Bounds on separation factors (ym.) for example 2 

Element Bank: 

j = 1 j=2 j = 3 j = 4 j = 5 

k = 1 21-22 4-7 20-34 17-29 1-2 

k=2 0.33-0.56 0.26-0.43 0.1-D.23 036-0.77 0.05-0.11 

Stellenbosch University  https://scholar.sun.ac.za



324 K. R. A NTHON'!' el al. 

TABLE 4 Bounds on separation factors (zmlcj) for example 2 

Element 

k = 1 

k=2 

j = 1 j = 2 

0.68-1.15 

0.14-024 

Bank: 

j = 3 j = 4 j = 5 

3.4-5.8 2.7-4.6 

0.12-0.21 0.17-0.29 

Example 3 

The data used for the simulation of a four-bank gravity separation circuit (shown in Figure 
7) were taken from Voges (I982). A very low-grade tin ore is concentrated by three-stage 
jigging, spiral concentration and tabling to give a high grade concentrate. The circuit 
consists of a primary spiral (bank 1), secondary spiral (bank 2), primary table (bank 3) and 
secondary table (bank 4). In this plant a feed cons is ting of 0.0684 tonnes / hr of element 1 
(tin) and 58.9316 tonnes / hr of element 2 (gangue) are separated into conce ntra te and 
tailings. The separation factors for each element are given in Table 5. 

--> 
59 

1 

11----> 

12.96 

46.25 

All flow rates tonnesjhr 

Feed 
Element 
1: 0.0684 
2: 58.932 

2 

11----> 
3.33 

9.62 

3 

0.06 

0.99 

r->l 
2.34 0.93 

Concentrate 
Element 
1: 0.0498 
2: 0.0138 

Concentrate Concentrate Concentrate 
to bank 2 to bank 3 to bank 4 
1: 0.0613 1: 0.0595 1: 0.0541 
2: 12.891 2: 3.2709 2: 0.9345 

Tailings Tailings Tailings Tailings 
Element Element Element Element 
1: 0.0071 1: 0.0018 1: 0.0054 1: 0.0043 
2: 46.0403 2: 9.6204 2: 23364 2: 0.9207 

Fig.7 Circuit structure and flow rates for example 3 

No middlings streams and recycle streams are produced by the circuit. The results for this 
example are depicted in Figure 7. A tin recovery of 72.84% and grade of 78% are achieved 
by the simulation, while the reported tin recovery (Voges, 1982) is 67 .50% and the tin grade 
is 66%. This discrepancy could be explained by the fact that the model used optimal values 
for the separation factors, which are not necessarily those used in the plant. As stated 
before, the bounds on the separation factors were selected arbitrarily to differ by ± 25%, 
which is probably more than feasible on an industrial plant. As the knowledge- base in the 
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expert system is enlarged, more accurate bounds could be established, and such 
discrepancies will then be reduced. 

TABLE 5 Bounds on separation factors (ymkj) for example 3 

Element 

k 1 

j 1 

5 - 9 

Bank: 

j = 2 

19 - 33 

j 3 j 4 

6 - 10 7 - 12 

k 2 0.28 - 0.46 0.34 - 0.56 0.40 - 0.67 0.015 - 0.025 

Sensitivity analysis on example 2 

The data of example 2 were used for the sensitivity analysis. The circuit was simulated for 
multiple feed rates, as shown in Table 6. Case no . I represents the base case as described 
for example 2. 

TABLE 6 Sensitivity analysis on example 2 

case condition recovery of chromite grade of chromite 

1 Feed to bank 1 96.93 % 97.02% 

2 Feed to banks 1 and 2 92.05% 97.87% 

3 Feed to banks 1-3 94.57% 96.94% 

4 Feed to banks 1-4 95.93% 96.70% 

In the cases no's 2-4, multiple feeds were applied to the same circuit configuration as that 
of example 2. The feed stream was fed to both banks 1 and 2 for case no. 2, to banks 1-3 
in case no. 3, and to banks 1-4 in case no. 4. In the case of multiple feeds, the 1000 
tonnes/hr of feed stream was divided equally between the different banks. The recovery 
of the chromite increases as the number of feed points increases, as can be seen in Table 6. 
These recoveries, however, are still lower than the case in which the feed point is only at 
bank 1 (case no. 1). The grade of the chromite, however, decreases as the number of feed 
points increases. It is interesting to note that the highest grade was obtained when the feed 
was divided equally between banks 1 and 2. 

Although only multiple feed streams were considered in the sensitivity analysis, the program 
can also be used to investigate other changes in the circuit structure or the operating 
conditions which will determine the separation factors. 

CONCLUSIONS 

From the solution of the three application problems it can be concluded that 

(a) The circuit configurations, grades and recoveries produced by the simulation model 
are similiar to those found in industry. The model can thus be used to simulate 
gravity concentration plants in practice. 
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(b) The simulation model could also consider multiple feeds and bounds on the feed 
rates. 

(c) The simulation model produces solutions within minutes which makes it more 
efficient than time consuming iterative numerical methods. 

(d) Since the separation characteristics are included as bounds rather than a model, 
approximate separation data could be used to accommodate any inaccuracies in the 
gravity concentration model. 

(e) The inclusion of the operating conditions as bounds makes this model attractive for 
use in a knowledge-based system, which would manipulate the available data base 
to estimate bounds. The knowledge in the data base may be updated by the user or 
by the simulation model. 

(f) The only data required by the model are the circuit parameters (number of banks and 
number of elements), feed rates and composition, and the separation factors. 

The model can be used in the design of gravity separation plants, since exact separation data 
and feed rates may not be available in the designing stages. Subsequently, once the plant 
has been commissioned, the model may be used to simulate its operation. The simulation 
model may suggest an alternative circuit configuration and new operating conditions quickly 
if conditions change drastically in the plant. 
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NOTATION 

Variables of Linear Programming Models I and II 

concentrate recovery of valuable element h from separator bank j 
concentrate recovery of element k from separator bank j 
tailings recovery of valuable element h from separator bank j 
grade of element k in tailings stream j 
objective function that maximizes the grade 
tailings flow of valuable element h from separator bank j 
tailings flow of mineral element k from separator bank j 
total earnings due to the optimal recovery of valuable element h 
recycle of tailings flow of valuable element h from separator bank j to i 
recycle of concentrate flow of valuable element h from separator bank j to i 
recycle of middlings flow of valuable element h from separator bank j to i 
feed of valuable element h to separator j 
feed of mineral element k to separator bank j 
price weight of valuable mineral element h from separator bank j 
concentrate flow of valuable element h from separator j 
concentrate flow of mineral element k from separator bank j 
separation constant between Ykj and mkj 
middlings flow of valuable element h from separator j 
middlings flow of mineral element k from separator bank j 
separation constant between Zkj and mkj 

Optimal values produced by Model I 

(lfltc' fraction of y. that is concentrate product 
* J rl a )1j concentrate ow of valuable element h from separator j 

/3 T j fraction of m j that is tailings product 
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tailings flow of valuable element h from separator j 
fraction of y j that is recycled from separator bank j to i 
fraction of Zj that is recycled from separator bank j to i 
tailings flow of valuable element h from separatar j 
fractian af m· that is recycled fram separatar bank j to. i 
cancentrate daw af af valuable element h fram separatar j 
middlings flaw af valuable element h fram separatar j 

Superscripts 

h valuable element 
k element 
L lower baund on variable 
U upper baund on variable 
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ABSTRACT 

An off-line computer simulation program is proposed CO control a repulping section of a 
plant that has previously been controlled solely by an operator. The off-line computer 
program can be used as a tooL by the operator to improve the control of repuLping a 
certain materiaL before leaching commences. Controlling the repuLping section is of 
special importance. especially to processes employing unit operations after the repulping 
section with fast reaction kinetics. The fast reaction kinetics make it essential to controL 
the conditions of the incoming pulp to the Leaching vessel. The simulation uses dynamic 
mass balance equations to simulate the physical properties of the system It then solves 
the set of differential equations with an iteration procedure that uses the fourth order 
Runge-Kutta(RK) procedure and the Golden Section Search(GSS) optimisation procedure. 
thus obtaining optimum settings so that the desired conditions in the process could be 
maintained or reached as quickly as possibLe. The simulation was tested on a plant and 
indicated that considerable improvement in the stability of the operation could be 
achieved. Two caLculation methods were also investigated for the mathematical models. 
i.e. the Runge-Kutta procedure mentioned above and the Laplace transform solution. 
Comparing the two methods it was evident that the Laplacian solution was not as 
accurate as the Runge-Kutta solution due to the inherent linearisation step employed. This 
was especially evident for large deviations from the desired conditions. 

Keywords 
Repulping; leaching; control; optimisation. 

INTRODUCTION 

With the development of process control technology, the industry adopted more modern control methods 
by using computerised control. Therefore, processes with higher capacities, smaller equipment and higher 
yields could be developed, thus making processes more sensitive to small variations in operating conditions, 
which in turn necessitates more stringent control. During difficult economic times, it is important that 
existing operations run efficiently. Some improvements are usually possible by the more productive use of 
available instrumentation and control hardware. Some additional, simple and cheap control systems may 
significantly improve production. 

The concept of the off-line computer simulation is to help improve the process and the control thereof with 
an inexpensive tool - a computer. All hydrometallurgical processes involving solids have at least one unit 
operation in common and that is repulping. This is u~ually the part of a process that is neglected in the 
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sense of its control, and depending on the process and the conditions, a poorly controlled repulp section 
could negatively influence other unit operations further down stream. Because repulping is one of the 
primary unit operations, especially in leaching processes, more stringent control on this operation could have 
considerable improvements in the operational stability of the down stream unit operations, as well as 
possible cost savings depending on the sensitivity of the unit operation following the repulping section. 
Therefore the case study presented in this paper is to demonstrate the concept and methodology of 
controlling the repulping section with an off-line computer simulation and the advantages of having better 
control on this section for any applicable processes. 

The main objective of the computer simulation described in the case study, is to restrict perturbations 
coming from the repulping section to the leaching process, which could cause instabilities in the leaching 
process. The aim of the simulation program is to prevent perturbations from leaving the repulp section, 
rather than to rectify for these perturbations in the leaching process. 

Two methods were investigated for the calculation of the mathematical model. The obvious method would 
be to use Laplace transfonns for the calculation procedure, or the alternative method is to use a numerical 
method for the calculation procedure. However, to use the Runge-Kutta(RK) procedure to predict the 
different settings in the repulp section, an optimisation procedure was necessary. A one-dimensional region 
elimination method , the Golden Section Search(GSS) method was chosen due to the following : (i) it is an 
easy method to compile in a program, (ii) calculation and optimisation method (or time) is fast, and (iii) 
this method's accuracy is sufficient for this specific problem. 

THE NEED FOR PROCESS CONTROL: CASE STUDY 

The repulping section which will be discussed in this case study (see Figure 1) consists of a feed streaT!1 
from the mill into tank 1. From tank 1 the milled pulp stream is passed through a stream splitter into tank 
2 and finally to the leaching vessel. Tanks land 2 can also be described as two CSTR's (continuous stirred
tank reactors) due to the reactions that occur in these tanks, therefore the repulp section can also be called 
the preleach section. In this case study it is necessary to know the basic leaching reactions occurring in the 
repulp section (preleach) and leaching process following the repulping section, in order to have a better 
understanding of the possible improvements induced by the off-line computer simulation. 
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Fig. l Repulping section of the plant. 
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The material being leached in this process consists mainly of sulphide minerals (AxSy and BxSy) and some 
alloys of species A. The approximate compositiorts of the material and acid solution are: 

SpecIes A 
Species B 
Acid 

Material 

51.2 % 
28.0 % 

The main leaching reactions that occur in the pulp are: 

AxSy + yB2+ ~ yA2+ + A(x_y)S + ByS(y_I) 

AxSy + 2H+ + 1/20 2 -7 (x-y)A2+ + yAS + H20 

Acid solution 

28.3 gll 
21.6 gil 
100 gil 

(i) 

(ii) 

(iii) 

Batch experiments emulating the conditions in tanks 1 and 2 confirmed that substantial reactions occur in 
these two tanks. The purpose of the simulation is therefore to maintain the optimum reaction conditions in 
these two tanks. Therefore the optimum reaction conditions for tanks 1 and 2 would be where the maximum 
leaching for species A, equations (i) and (ii), and maximum cementation of species B, equations (i) and (iii ), 
occur. At the current operating conditions the approximate residence times in tanks 1 and 2 are 300 minutes 
and 180 minutes, respectively. The leaching efficiencies of species A for tanks 1 and 2 with the indicated 
residence times are 7.2% (with a pulp density of 1900 kg/m3) and 6.5% (with a pulp density of 1600 
kg/m3), respectively. 

The data for Figures 2-5 were obtained from batch experiments emulating the conditions in tanks 1 and 2 
and the leaching vessel. Figure 2 indicates the variation in the concentration of species A in the solid 

Concentration [Solution - g/l; Solids - %] pH 
60~-------------------------------------.5 

40 
3 

30 

2 
20 

10 
1 

OL---~~~~~+---~~~---+--~~--~r-~--H 

o 50 100 150 200 250 300 350 400 450 

Time [min] 

+ Species B(solution) "* Species A(solids) --- Solution pH 

Fig.2 The experimental batch emulation of Tank 1. 
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phase, the concentration of species B in the solution and the pH changes with time. Figure 3 shows the 
variation in the concentration of species A in the solid phase and the concentrations of species B and acid 
in the solution phase for tank 2. From Figures 2 and 3 the leaching rate of species A, the cementation rate 
of species B out of the solution and the pH increase (acid decrease) are evident. The results as presented 
in Figures 2 and 3 emphasise the need for controlling the residence time (tank levels) in tanks I and 2. 

Concentration [g/l , %] Concentration [g/I] 
60~--------------------------------------~ 

30 

Solution - g/l 
Solids - % 

--

10 

8 

4 

2 

20 L---~--~---L--~--~--~---=~==~--~-U 

o 50 100 150 200 250 300 350 400 450 

TIme [min] 

- Acid solution + Species 8(solution) "* Species A{solids) 

Fig.3 The experimental batch emulation of Tank 2. 

The aim of this leaching process is to leach species A and at the same time keeping species B cemented 
in the solid state. Therefore, the problem that arises from the repulping section, is that the pulp from tank 
2 sometimes still contains a high concentration of species B in the solution when it arrives at the leaching 
vessel. In such a case the leaching process would not be able to cement species B out of the solution in the 
leaching time available in the actual leaching vessel. 

The need to control the repulp section is confirmed by the results of Table I, which gives the assays of 
samples taken from tanks I and 2 of an operating plant. From Table I, at times 8, 9 and 10 hours, the 
solution analyses of tank 2 indicate a large increase in species B and acid concentrations which will result 
in a perturbation to the leaching process, following the repulping of the material. This perturbation could 
be ascribed to the higher pulp density in tank 1, because less acid was added to this tank and less reaction 
could thus occur. When the pulp was pumped to tank 2, more acid was needed in this tank to maintain the 
desired pulp density, which increased the acid concentration, as well as the concentration of species B (acid 
solution contains approximately 2Ig/l of species B) in this tank. This inevitably led to a higher concentration 
of species B in the leaching vessel. 

The effect of the variation in the pulp density is most evident in the leaching vessel according to the batch 
experiments conducted, emulating the leaching vessel with variations in the pulp density. The results from 
these experiments indicate that the leaching rate of species A (Figure 4) increase with a decrease in the pulp 
density of the reaction mixture. Figure 5 indicates on the other hand that the cementation of species B is 
faster and more complete at higher pulp densities. The reason for this could be that, for a lower pulp density 
more acid soi'Jtion is added, which means that more of species B is added, which in tum must be cemented 
in the leaching process. These results confirm the necessity of controlling the density of the pulp going to 
the leaching vessel in order to obtain the maximum leaching of species A, while keeping the concentration 
of species B in the solution below a certain concentration. 
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Concentration of species A in solids [%] 
6O,------------------------------------1 

10L-~--~~--~~--~~--~~~~--~~ 

o w ~ 60 ~ 1001W1~1601~WO~02~ 

11ma [min] 

I- PO=1300 kg{m3 +PO=1350 kg{m'*PO=1400 k9/m'] 

PO - Pulp density 

Fig.4 The effect of pulp density on the leaching characteristics of species A 
in the leaching vessel, as emulated in a batch test. 

TABLE 1 Solution samples taken from the repulp section every hour 

Concentration of species 8 In solution [gJ1] 
25.------------------------------------, 

w ~ 60 ~ 1001W1~1601~WO~02~ 

11ma [min) 

I- PO=1300 kg{m1 + PO=1350 kglm1 * PD=1400 kg/nfl1 

PO - Pulp density 

Fig.S The effect of pulp density on the leaching characteristics of species B 
in the leaching vessel, as emulated in a batch test. 
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Control strategy 

The simulation will be used as a tool to help the operator to control the tank levels (which in effect will 
mean the residence time in the tanks) and pulp densities in the repulping section. The tank levels and pulp 
densities are controlled by calculating the fiowrates of the pulp and acid streams to and from tanks 1 and 
2 so that the desired conditions could be maintained, or reached. Therefore, the rationale for developing the 
computer program to control the repulp section is to obtain a pulp stream flowing to the leaching vessel 
with a constant pulp density and a constant chemical composition. 

One function of this model is to maintain the pulp densities in tank 1 and especially tank 2, at the desired 
pulp density. The desired pulp density in tank 2 is achieved by changing the feed rates of the pulp from tank 
1 and the acid feed stream. Maintaining the desired pulp density in tank 1 is difficult because the pulp 
stream coming from the milling circuit is not continuous, as well as the untimely re-entering of recycled 
solids to tank 1. The recycle of solids to tank 1 and the acid solution used to wash (and repulp) the solids 
into tank 1, are taken as a continuous input (although it is actually a step input), in order to simplify the 
calculating procedure. 

Controlling the tanks at specific pulp levels is as important as maintammg the desired pulp densities, 
because the variations in the tank levels will influence the residence time of the pulp in both tanks 1 and 
2, and therefore the extent of the reaction. Because of the non-continuous pulp stream coming from the 
milling section to tank 1, the level of tank 1 cannot be controlled at a specific level. The milling operation 
starts when the level is below the minimum level and stops when the level reaches the maximum level. The 
desired level of tank 2 is obtained by manipulating the pulp and acid feed rates to tank 2. 

OUTLINE OF SIMULATION PROGRAM 

The attraction of this control method is that it requires only a personal computer (a PC with a 386 or higher 
processor). An operator familiar with a computer can be used successfully to maintain the system. 
Furthermore, it is inexpensive to implement, because no physical changes in the process equipment are 
necessary with only a computer that must be acquired. The trained operator can use the package to 
determine optimum conditions on the PC with plant data [I] . This enables him to make the necessary 
changes to the plant process control equipment quickly and correctly, if needed. 

Input 

The user has different options to enter the input values for calculations in the input section for the 
simulation program, depending on what information the user wishes to obtain. Therefore, the input options 
for the program are divided into three sections, i.e. 

1) calculating the flowrate settings and predicting the time when milling 
operation will commence and end, 

2) calculating the flowrate settings with the milling time known, and 

3) calculating the conditions in this section when the flowrate settings 
are guessed. 

Output 

The outputs of the program will include the calculated settings for the flowrates, as well as the predicted 
conditions in tanks 1 and 2 at the end of tI-Je time period. As outputs the user has the following options to 
view the calculated results: 

, . 
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1) Mill conditions, milling times and conditions for tanks 1 and 2 

2) Mill conditions and milling times 

3) Conditions in tanks 1 and 2 

4) Graph of the pulp density change with time for tanks 1 and 2 

5) Graph for the tank level changes with time in tanks 1 and 2 

MATHEMATICAL MODEL 

Two assumptions were made during the compilation of the mathematical model to control the repulp 
section: 

(i) all the feed streams to and from tanks I and 2 are continuous , 
except for the pulp stream from the mill to tank I, 

(ii) variations of pulp densities in the tanks will not directly affect the 
variation in the tank levels (the volume is independent of the pulp 
density) 

The values of the different variables for the milling process are calculated with a steady state mass balance 
over the mill. 

The demineralised water feed rate to the mill is: 

WF 

The pulp ftowrate from the mill to tank I is: 

MF 
F =WF+-

3 P 
M 

(1) 

(2) 

The values of the different variables for tanks I and 2 are calculated with dynamic mass balance equations 
over tanks 1 and 2, respectively. 

The dynamic state equations for tank I are as follows : 

(3) 

(4) 
Equation 4 was derived from equation 3 with the assumption that the change in the pulp volume is 
independent of a change in pulp density. This is assumed because no extensive leaching occurs in either 
tank I or 2, therefore the leaching would not have a noticeable effect on the pulp density of the pulp in 
either of the tanks. Therefore by substituting equation 4 into equation 3 an equation for the density changes 
of the pulp (due to the ftowrates of the different streams entering the tank), equation 5, in tank 1 can be 
obtained. 
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The dynamic state equations for tank 2 are as follows: 

d(P7VI) 
---=P2F2 +P6F6 -P7F7 dt 

(5) 

(6) 

(7) 

Equation 7 was derived from equation 6 again with the same reasoning as discussed above for tank 1. 
Therefore by substituting equatio n 7 into equation 6 an equation for the density changes of the pulp in tank 
2, equatio n 8, can be obtained. 

(8) 

Equations 4, 5, 7 and 8 could now be solved with the fourth order Runge-Kulla procedure. 

CALCULATION METHOD 

Runge-Kutta 

The numerical method that was chosen to solve the differential equations was the fourth order Runge-Kutta 
method. This method is also the most widely used in computer solutions to differential equations [2] . 

The Runge-Kutta(RK) calculation procedure is used to calculate the pulp volume of tank 1 (V) and tank 
2 (V I)' the pulp density in tank 1 (P2) and tank 2 (P7). (The tank level has a linear relation to the tank 

V VI 
volume and is as follows : tank 1, h and tank 2, hI = .) . However, before 

Volume of tank Volume of tank 
these variables could be calculated the optimum input settings for the manipulated variables must be 
detennined (acid flowrate to tank 1 (F 1)' pulp flowrate from tank 1 to tank 2 (F2) and the acid flowrate to 

tank 2 (F6) ). 

Golden Section Search 

The optimum flowrate settings for the manipulated variables (F I' F2 and F 6) are detennined through a 
region elimination optimisation method, called the Golden Section Search(GSS) [3]. The strategy employed 
in the GSS is to locate the two interior points so that the interval eliminated on one iteration will be of the 
same proportion regardless of the interval length. For any particular interval Lk, ak and bk are the current 

bounds of the interval at stage k in the search and the two interior points are located at x~=a Ie+ XsL Ie 

and Where the fraction is known in ancient times as the 

"golden section" . 
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Determining the function values for f(x~) and f(,q) and seeing that If"(xl
le
) -p Tl I> 1f(~Ie) -P Tl l hence 

for minimising, at the next step ale+l=x~ and bk+l=b k . The interior point ,q is replaced by xtl and 

we select the new interior point as ,q+I=bk+I_XsCbk+l-ak+I). 

This procedure is repeated until the difference between the calculated value (j(xk)) and the desired value 
(PTI or ?T) is less than the specified margin of accuracy. 

Calculation sequence 

A short description of the calculation sequence in the program and the relevant rationale for the sequences 
which are presented in Figures 6a-e, are discussed below. 

Still milling? 

Yes -:::---=:::::: 

Mill calculation 

RK calculation 
for P2• V 

Repeat until 
calculation time 

Milling now? 

RK calculation 
for P7, VI, P2• V 

Repeat until 
calculation time 

Fig.6a Flow diagram of the main program of the computer simulation 
to control the repulping section of a plant. 
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Input options 1 and 2: (see Figure 6a) 

The whole procedure is iterative and begins where starting values for the manipulated variables are 
detennined with the GSS method (Figure 6b) in that specific range of the variable (minimum and 
maximum). The starting values for the pulp fiowrate from tank 1 to tank 2 (F2) and the acid ftowrate to tank 
2 (F6) are calculated first (F2 and F6 are the manipulated variables for tank 2), because F2 is necessary to 
perfonn the RK calculation on tank 1. 

F6 , F2 
Exit to 
output 

Yes 

GSS-2 I 
... 

Interval ak, bk 

Interior points x1(Fs), x2(Fs) 

~ 
Maximum flowrate: 

F6 + F2 = VT~:L, + F7 

F2 = (F6 +F2)-x,(X2 ) 

Test F2>F2MIN 
F2<F2MAX 

! 
GSS-1: Optimise for F, 

RK-2: Calculate Pl. V, . P2• V 
f(x,) = P7(X,), f(x 2 ) = P7(X 2 ) 

No 

6
es 

f(x) = f(x 2 ) 

¥<0.05% 

f(x) = f(x,) 

if(x~~Pnl < 0.05% 

~ 
Shorten interval with 
new interior points 

for F6 and F2 
f(x,) = f(x 2 ) 

GSS-1 
RK-2 

f(x 2 ) = P7 

Repeat until C2 

(specified number) 
iterations completed 

1 

Fs, F2 
Exit to 
output 

Shorten interval with 
new interior points 

for Fs and F2 
f(x 2 ) = f(x,) 

GSS-1 
RK-2 

f(x,)=P7 

L-____ ~ Output options 1+-----' 

Fig.6b Row diagram of the Golden Section Search procedure 2 (GS S-2) of the computer simulation. 
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Milling time 
UNKNOWN 

Milling now? 

RK calculation RK calculation 
for Pl. V,. P2• V for Pl. V, . P2• V 

V < VM1N 

No 

Repeat until Tank 1 
calculation time 

Yes No 

Repeat until 
calculation time 

RK calculation 
for Pl. V, 

Still milling? 

Ye 

Mill 
calculation 

RK calculation 
for Pl. V, 

Repeat until 
calculation time 

To GSS-2 

RK calculat ion 

Repeat until 
calculation time 

Fig.6c Flow diagram of the Runge-Kutta procedure 2 (RK-2) of the computer simulation. 

689 

A value for the acid ftowrate to tank 1 (FI) is determined (FI is the manipulated variable for tank 1) with 
the GSS method (Figure 6d), before the RK calculation (Figure 6e) for tank 1 is conducted. The RK 
calculation determines the pulp density (P2) and the level (h) of the pulp in tank 1. The pulp density in tank 
1 (P2) calculated from the objective function is then used as the value which is compared with the desired 
value. If the calculated value is not within the margin of accuracy (99.95%) which is specified, the GSS 
method continues to optimise for the acid flowrate to tank 1 (FI). The pulp density in tank 1 (P2) is used 
as the measure of accuracy for the GSS optimisation process. The acid ftowrate to tank 1 (FI) is the 
variable to be optimised and is dependent on the level of the pulp in tank I (h). The maximum flowrate of 
acid to tank 1 (FI) is determined according to the available volume In tank 1; 

V~OL +F2 -(F3 +F4 +Fs) . This procedure will continue until the set condition is reached or it will 

terminate after a specified number of iterations (C I) was performed. 
I'E 8:6 -H 
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F, 
Exit to 
GSS-2 

J. A. M. RADEMAN et al. 

Interval ak, bk 
Interior points x,(F,), x2(F,) 

Maximum f1owrate: 
F, = Vroh;::L +Fz -(F3 +F4 +Fs) 

Minimum f1owrate: 
F, = FWIN 

RK-1: Calculate Pz, V 
f(x,) = Pz(x,), f(xz) = PZ (x2 ) 

Yes 

f(x) = f(x 2 ) 

I(X~-PT I < 0.05% 
T 

f(x) = f(x,) 

I(X~-PT I < 0.05% 
T 

Shorten interval F, 
with new interior Exit to 

point for F, GSS-2 
f(x,) = f(xz) 

RK-1 
f(x2 )=PZ 

Repeat until C, 
(specified number) 

iterations comoleti9J I 

Shorten interval 
with new interior 

point for F1 
f(xz) = f(x 1 ) 

RK-2 
. f(x,) = P2 

'------+ ToGSS-2 ~ 
Fig.6d Flow diagram of the Golden Section Search procedure 1 (GSS-l) of the computer simulation. 

After the acid ftowrate to tank 1 (FI) has been calculated, the RK calculation for tank 2 is conducted 
(Figure 6c). Due to the fact that the pulp density in tank 1 (P2) is a disturbance to tank 2 the RK 
calculations for both tanks 2 and 1 are performed simultaneously for each time step, so that the influence 
of the variation of the pulp density in tank 1 (P2) on tank 2 could be taken into account in the calculations. 
The objective function in the RK calculation for tank 2 will calculate the pulp density (P7) and the level 
of the pulp (hI) in tank 2. The calculated value of the pulp density in tank 2 (P7) is used to compare with 
the desired value to determine if the chosen combination of F I, F6 and F2 satisfies the required margin of 
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accuracy_ The flowrates of the pulp from tank 1 to tank 2 (F2) and the acid to tank 2 (F6) are dependent 
on the available volume in tank 2, as well as the flowrate from the pulp from tank 2 to the leaching vessel 

( Vn-VOLl F ) If th d- ·· . . -TIme--+ 7 · e set con IlIon IS not met, the GSS procedure for deterrmnmg the pulp flowrate from 

tank 1 to tank 2 (F2) and the acid flowrate to tank 2 (F6) will continue, therefore, repeating the whole 
process described thus far. 

Milling time 
UNKNOWN 

Yes --=:::::---c:::::::~ 

Tank 1 
V < VM1N 

Yes~--c-

Milling now? 

Mill calculation 

RK calculation 
for P2. V 

Tank 1 

Repeat until 
calculation time 

RK calculation 
for P2 • V 

Tank 1 
V < VM1N 

No 

No 

Repeat until 
calculation time 

Still mi lling? 

Ye 

calculation 

RK calculation 
for P2• V 

Repeat until 
calculation time 

To GSS-1 

Repeat until 
calculation time 

Fig.6e Flow diagram of the Runge-Kutta procedure 1 (RK-l) of the computer simulation. 

This whole procedure above will continue until the optimum values for FI, F2 and F6 are obtained (specific 
conditions are satisfied) or until the specified number of iterations (C:2) have been completed (measure to 
stop the program from running ad infinitum if no exact solution is possible). 

Input option 3 (see Figure 6a) 

In this section the input values for the acid flowrate to tank 1 (FI)' the pulp flowrate from tank 1 to tank 
2 (F2) and the acid flowrate to tank 2 (F6) are given by the user, therefore the program will only perform 
the RK calculations for tanks 1 and 2 to determine the end conditions (pulp densities in tanks I (P2) and 
2 (P7) and the pulp levels in tanks 1 (h) and 2 (hI » of the process. 
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LAPLACE TRANSFORMS 

The Laplace transfonnation of the mathematical model is a linear model that approximates the dynamic 
behaviour of a non-linear system in the neighbourhood of specified operating conditions. Linearisation is 
widely used in the design of control systems for the following reasons (4]: 

(i) Closed-fonn, analytical solutions are possible for linear systems. This is not possible for non-linear 
systems, and computer simulation provides us only with the behaviour of the system at specified 
values of inputs and parameters. 

(ii) All the significant developments toward the design of effective control systems have been limited 
to linear processes. 

The one major disadvantage of the Laplace transfonn solution of the mathematical model is that the 
necessary accuracy can not be obtained. Furthermore the Runge-Kutta(RK) solution (including the GSS 
optimisation method) of the mathematical model is more accurate than the Laplace solution, as can be seen 
from Table 2, by comparing the results of the two calculation methods for the pulp densities in tank 2 (P7 -
highlighted columns). In almost al l the cases the RK solution calculated the pulp density in the required 

margin of accuracy, except for three situations where it was physically impossible to reach the desired pulp 
density in the specific time period. This in effect will mean that the ftowrate settings (F2 and F6) calculated 
by the RK procedure are constantly more accurate than the Laplace solution. 

TABLE 2 Sensitivity analysis and comparison of the Laplace transform solution 
and. the Runge-Kutta solution on the mathematical model for tank 2. 

Set conditions for calculations: F7 = 0.052 m3/min 
P2 = 1900 kg/m3 

Ps = 1200 kg/m3 

Calculation time = 60 minutes 
Desired conditions for calculations: h1 = 75 % 

P7 = 1600 kg/m3 

Margin of accuracy(P7) > 99.95% 

Initial Initial La ace solution n'-''''''-''''utta solution 

1600 75 0.0223 0.0297 75.00 
75.00 

75 0.011 0 0.041 0 
73 0.02090.0356 75.04 0.0236 0.0317 ~(· . 

77 0.0237 0.0250 75.02 0.0209 0.0278 
73 0.0321 0.0232 74.98 0.0377 0.0176 .• 

0.0350 0.0137 75.02 0.0356 0.0131 
73 0.0096 0.0457 74.98 0.0096 0.0457 
77 0.0125 0.0362 
7 0.0448 0.0072 

00.0520 

1800 
1800 85 0.0353 
1400 65 
1400 
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The problem with the inaccurate solution of the mathematical model with Laplace transforms is due to the 
fact that the values that are used to linearise the model around the steady state conditions of the process are 
not close enough to the initial values. This happens in any linearisation procedure where the point at which 
the linearisation occurred is not close enough to the point of calculation. Therefore, the further the initial 
value is from the point of linearisation the more likely it is that the inaccuracy of the calculation will 
increase. 

PROGRAM IMPLEMENTATION 

The simulation program was implemented in a plant for a period of 16 hours to determine the effectiveness 
of the simulator. Because little or no automatic measuring equipment is in use in this section of the plant, 
it was quite difficult to perform a test run with the program. The flowrates of all the streams had to be 
measured (with a bucket and a stopwatch) and the valves had to be calibrated manually. The valves had to 
be calibrated so that the settings calculated by the program could be made reasonably accurately. The 
experimental and simulated results for the two tanks are presented in Figures 7-10. 

Level [%] 
110 

100 * * * 
90 

* * * * 
80 * 
70 

60 

50 

40 

30 
2 4 6 8 10 12 14 16 18 

lime [hours] 

* Actual - Predicted 

Fig.7 Comparison of the predicted and actual levels in Tank I. 

The program gives a good simulation of the tank level changes in tank 1 (Figure 7) and a reasonable 
simulation of the tank level in tank 2 (Figure 8). From Figure 7 it is evident that the predicted tank level 
of tank I is for practical purposes very accurate. The predicted tank levels for tank 2 show some variations 
from the actual levels of the pulp in the tank. The desired pulp level in tank 2, which is being controlled 
by the simulation program, is 80.0%. The constant variation in the actual level of tank 2 is due to the 
sensitive nature of the setting on the stream splitter; i.e. the screen box of the pump feeding the stream 
splitter tends to get choked, therefore decreasing the flowrate to the stream splitter. The pump is designed 
to pump at approximately 0.30 m3/min . A stream with a flowrate of approximately 0.03 m3/min is splitted 
from the main stream from the pump, hence a small variation in the pump flow rate will have a significant 
influence on the level in tank 2. This is confirmed by the results for the predicted level of tank 1 (Figure 

Stellenbosch University  https://scholar.sun.ac.za



694 1. A . M. RADEMAN ~t al. 

7) and the actual level of tank 2 (Figure 8). At 15 hours the predicted level of tank 1 is 35.5% and the 
actual 'level 57.0% and for tank 2 it is the opposite where the predicted level is 80.0% and the actual level 
is 64.0%. Practically this indicates two possibilities for these variations: (i) the calibrated settings on the 
valve of the acid solution flowrate to the tank 1 are inaccurate, and (ii) the setting on the stream splitter did 
not deliver the desired flowrate to tank 2 due to choking of the pump feeding the stream splitter. 

Level [%] 
100~--------------------------------------~ 

90 
)I( 

80 )I( )I( )I( )I( 

)I( 

70 

60 

2 4 6 8 10 12 14 16 18 

Time [hours] 

* Actual - Predicted 

Fig.8 Comparison of the predicted and actual levels in Tank 2. 

Pulp density [kg/m~ 
2,400 ,-------------------------------------------, 

2,200 

* * 2,000 

1,800 

1 ,600 L-.l...--..L

2
---L---'-4-'---..L.

S 
---'----'-8--'----'-1 0---'----'12----''---1.L.

4
---'---1...J-

S
--'----'18 

Time [hours] 

* Actual - Predicted 

Fig.9 Comparison of the predicted and actual pulp densities in Tank 1. 
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Pulp density [kg/m~ 
1,800~---------------------------------------, 

1,700 
* 

* * p * / 1,600 * * * * * * * * * 
1,500 * 

1,400~~~~~~~~~~~~--~~~~~--L-~~ 

2 4 6 8 10 12 14 16 18 

Time [hours] 

* Actual - Predicted 

Fig. lO Comparison of the predicted and actual pulp densities in Tank 2. 
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The desired pulp densities for tanks I and 2 are 2000 kg/m3 and 1600 kg/m3, respectively. For both tanks 
1 and 2 the program gives good simulation results for the pulp density changes in the tanks. The variations 
in the pulp density of tank 1 (Figure 9) could be ascribed to: (i) the solids recycled to tank 1 are not 
recycled on a continuous basis, and (ii) the amount of acid solution used to wash the recycled solids into 
tank 1 is not always the same. 

The variations of the actual pulp density values in tank 2 (Figure 10) from the predicted values are mainly 
due to the ineffective stream splitting of the stream splitter and to the variations of the actual pulp densities 
from the calculated pulp densities in tank 1. 

CONCLUSIONS AND IMPLICATIONS 

The simulation program gives a reasonable prediction of the actual process, as discussed in the case study, 
in spite of the influence of the practical problems. More accurate and better control with the simulation 
program will be obtained if the control instrumentation of the process in question is more advanced. 

The calculation of the mathematical model for simulation purposes indicated that the Runge-Kutta 
calculation method, which incorporates the Golden Section search optimisation procedure, is better than the 
Laplace transformation calculation for this specific type of control. 

In general the implications of the control of the pulp density in a tank are very important for a variety of 
processes, other than leaching, such as flotation, roasting and filtration . This simulation concept, for 
example, could also be used in solvent extraction processes where the ratios of the reagents to be added 
could be calculated and controIled. 

Level control in any tank in a plant wiIl help to minimise spillages, prevent stoppages due to empty tanks, 
simplify the operator's job and therefore ensures that processes run more smoothly. 
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NOMENCLATURE 

Variable Description Units 
C, Iteration limit (tank 1) for Golden Section Search -

procedure 

Fs 
F7 
F'MIN 

F'MAX 

F2MIN 

F2MAX 

FSMIN 

FSMAX 

h 
h, 
MF 
p,.ps.ps 
Pz 
P3 

P4 

P7 

PM 
PT 

P T1 

Pw 
VOL 
VOL1 
V 
V, 
VT1 

VM1N 

VTOT 

V'MIN 

V, MAX 

WF 

Iteration limit (tank 2) for Golden Section Search 
procedure 
The flowrate of acid solution to tank 1 
The pulp flowrate from tank 1 to tank 2 
Pulp flowrate from mill to tank 1 
Flowrate of recycled solids to tank 1 
Solution flowrate used to wash the recycled solids 
tank 1 
The acid flowrate to tank 2 
Pulp flowrate from tank 2 to the leaching vessel 
The MINIMUM flowrate of acid solution to tank 1 
The MAXIMUM flowrate of acid solution to tank 1 
The MINIMUM pulp flowrate from tank 1 to tank 2 
The MAXIMUM pulp flowrate from tank 1 to tank 2 
The MINIMUM flowrate of acid solution to tank 2 
The MAXIMUM flowrate of acid solution to tank 2 
The level of tank 1 
The level of tank 2 
Material feedrate to the mill 
Pulp density of the acid solution 
The actual pulp density in tank 1 
Desired pulp density of the mixture leaving the mill 
The pulp density of the recycled solids to tank 1 
The actual pulp density in tank 2 
Density of the material 
The desired pulp density in tank 1 
The desired pulp density in tank 2 
Density of the demineralised water added to the mill 
The initial volume of the pulp in tank 1 
The initial volume of the pulp in tank 2 
The volume of the pulp in tank 1 
The volume of the pulp in tank 2 
The desired volume of the pulp in tank 2 
The MINIMUM volume of the pulp in tank 1 
The MAXIMUM volume of the pulp in tank 1 
The MINIMUM volume of the pulp in tank 2 
The MAXIMUM volume of the pulp in tank 2 
Derriineralised water flowrate to the mill 

m3/min 
m3/min 
m3/min 
m3/min 

into m3/min 

m3/min 
m3/min 
m3/min 
m3/min 
m3/min 
m3/min 
m3/min 
m3/min 

% 
% 
Uh 

kg/m3 

kg/m3 

kg/m3 

kg/m3 

kg/m3 

kg/m3 

kg/m3 

kg 1m3 

kg/m3 

m3 

m3 

m3 

m3 

m3 

m3 

m3 

m3 

m3 

m3/m in 
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ABSTRACT 

Most unit operations and processes of gold extraction are ill-defined and 
cannot be simulated adequately by conventional mathematical models. This 
is caused mainly by the complex chemistry and mineralogy of most ore slurries. 
An object-oriented knowledge-based system (KBS) is proposed here for the 
dynamic simulation and fault-diagnosis of various sub-processes in the 
extraction of gold. Two approaches are used. viz.: ( 1) where the parameters 
of simple empirical expressions are related to a data base via all evolution of 
operating conditions. and (2) where the dynamic behaviour of a system is 
finger-printed by the gradient of change of a state variable. The first 
approach is applied to the simulation of gold leaching in batch reactors. 
cascades of continuous reactors. and countercurrent Kamyr towers. The 
depletion of cyanide and/or oxygen is also taken into account. 

The second approach is applied to C1P and CIL cascades. The centre (deep 
knowledge) of this model is a database containing concentration-time data and 
an accompanying generalized kinetic model. The knowledge-base is defined 
by various facts. objects. rules and functions. which capture both deep as well 
as shallow knowledge regarding the process. Furthermore. it is explained how 
KBS simulation can be used in fault-diagnostics and the identification and 
characterisation of ores. slurries and adsorbents. The proposed KBS.produces 
realistic simulations of e.xperimental and published data. It is evident that the 
accuracy of prediction is entirely dependent on the accuracy and population 
density of the data base. In most cases. dynamic simulation by KBS has 
reduced CPU time drastically.in comparison with the numerical solutiol1 of 
more phenomenological models. 

Keywords 
Expert system, knowledge base system, gold metallurgy, activated carbon, 
leaching, cyanide, adsorption 

INTRODUCTION 

Despite intensive efforts to model unit operations and circuits in the mineral processing 
industries over the last two decades, most sub-processes of gold extraction, such as milling, 
flotation, eIP adsorption, ion-exchange and leaching are still ill-defined. In most cases, 
these processes cannot be simulated accurately and in a generalized way by fundamental 
mathematical equations that usually require a large number of parameters to fit the data. 

• Present address: Institut fUr Metallhiittenwesen und Elektrometallurgie, R.- W. 
Technische Hochschule, 5100 Aachen, Germany 
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Even in the more phenomenological models it is sometimes difficult to interpret the value 
of parameters in terms of specific physical phenomena. Existing models are usually 
incapable of considering the effects of pH, ionic strength, carbon deactivation and ore 
mineralogy. 

Moreover, the chemistry and mineralogy of most slurries are complex and ill-defined, 
which means that in most cases the results obtained for one ore cannot be applied to another 
ore. The liberation pattern of different minerals, and the associated density distribution 
according to particle size, specific gravity, hydrophobicity, magnetic susceptibility or 
leachability, are extremely difficult to determine a priori. Consequently, it is very difficult 
to design gold extraction plants optimally, or to devise a control strategy for such plants. 
Empirical simulation models can usually be developed only after commissioning of a plant, 
and use mainly historical data from a specific plant. 

Nevertheless, this type of ill-defined problem is not unique to the minerals industry, and 
has received attention in the literature. Recently, knowledge-based systems (KBS) have 
found increasing application for treating ill-defined problems, especially in the chemical 
industry [1-12]. Although considerable attention has been paid in the literature to the 
application of expert systems and artificial intelligence to chemical engineering problems, 
little emphasis has been placed yet on similar applications in mineral processing. The expert 
system of Tucker and Lewis (13] for shaking table diagnostics is an example of such 
pioneering work. 

Most KBS in the chemical industry have been formulated for fault diagnostics, steady-state 
circuit design and simulation, process selection, operator training, data management and 
scenario analysis by means of "what if?" questions [1-12]. However, the dynamic simulation 
of ill-defined processes by use of KBS is a new concept, and as such has received little 
attention in the literature. Reuter and Van Deventer [14,15] explained the application of 
KBS to the simulation of CIP and CIL circuits. The concept of qualitative simulation has 
been explored in this regard [16], but has clearly not advanced to the stage where it can be 
used for complex systems, or where it can compete with a hybrid of KBS and differential 
equations. 

It is the objective of this paper to broaden the concepts of KBS computing published earlier 
[14,15], with special reference to the extraction of gold. Two approaches will be explained, 
viz.: (1) where the parameters of simple empirical expressions are related to a data base via 
an evolution of operating conditions, and (2) where the dynamic behaviour of a system is 
finger-printed by the gradient of change of a state variable. The first approach will be 
applied to the simulation of gold leaching in batch reactors, cascades of continuous reactors, 
and countercurrent Kamyr towers. The consumption of cyanide and oxygen will also be 
taken into account. The second approach will be applied to CIP and CIL cascades. 
Furthermore, it will be explained how KBS simulation can be used in fault-diagnostics and 
the identification and characterisation of ores, slurries and adsorbents. 

GENERAL CHARACTERISTICS OF KBS 

An expert system is a computer program that behaves like an expert in a usually narrow 
field of application [1-12]. One of the features of an expert system is the separation of 
knowledge from the techniques that are used to think about this knowledge. In view of the 
fact that expert systems require expert knowledge in some form, they are also called KBS. 
An expert system should be able to explain its behaviour and decisions to the user. In 
addition, a KBS should be capable of dealing with uncertainty and incompleteness of 
information. An expert system consists usually of a knowledge base, an illference engille 
and a user interface. The inference engine contains the techniques and procedures that 
drive the thought process. An expert system she!! is the collective term for a module 
consisting of the inference engine and the user interface. 
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The application of expert systems or KBS in process engineering may be grouped into the 
following areas: 

The synthesis of process engineering flow sheets in hybrid type systems, i.e. the 
integration of KBS with equation based simulation programmes [1-3]; 

Programmes for the selection of equipment, processes or reagents, e.g. DECADE for 
the selection of catalysts [4,5]; 

Synthesis of operating procedures for process plants [1,6-8]; 

Malfunction diagnosis for complete process plants [9-12]; 

Control synthesis [1,17-19]. 

Although different architectures are used to define a KBS, most KBS use both qualitative 
(experiential and heuristic) as well as quantitative (equation orientated) knowledge, also 
termed shallow and deep knowledge respectively [1-12]. In these systems, data and 
knowledge are mostly represented as: 

Objects (a chunk of structured knowledge [I D, which are also called jrames; 

Productioll rules, which are characterized by ij-then type statements, and 

FUllctiolls, which define the equations for quantitative simulation of unit operations. 

These data structures form the basis of the various knowledge-based systems and are 
embedded in various architectures which include: 

Object-oriented [1,12] or frame-oriented [3] systems; 

Hybrid systems in a Blackboard (Blackboard is the global database permitting the 
interaction of all knowledge sources) architecture [4,5]; 

Hierarchical diagnostic systems in which every node in the structure represents a 
malfunction hypothesis, the top node containing general malfunction information and 
vice versa, hence the information is grouped into various levels of abstraction [6,9], 
or 

Goal-tree-success-tree architecture used for the design of control systems [19]. 

Most of the systems that perform maljunction diagnosis do so on a macroscopic level i.e. 
analyse flowrates, temperatures etc. and suggest appropriate remedial action. However, few 
of the systems in the literature attempt to analyse the environment within a particular unit 
operation and suggest appropriate action on the basis of the intrinsic parameters that 
characterise the process. This weakness, as well as the inability of most systems to embrace 
dynamics, are addressed in this paper. 

REPRESENTATION OF KNOWLEDGE IN THE KBS 
( 

An object-oriented approach was applied in the KBS proposed here in order to define the 
structure of the knowledge-base. Most of these systems implement object-oriented 
languages such as KEE or CommonLISP [1] for the programming of the qualitative modeL 
Nevertheless, Turbo Pascal was used to program the proposed KBS so as to permit the 
definition of complex data structures and perform numerical analysis in the same 
programme. This avoids the time consuming communication between two different 
programmes, i.e. one to perform the knowledge engineering and the other the numerical 
simulation. A very large data base will require an AT machine for efficient computation. 
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Techniques of knowledge (shallow and deep) representation form an important aspect of 
the proposed KBS system. As discussed by Tzouanas et al. [17], these techniques may 
include facts, objects (frames), rules and functions: 

Facts may include the type of unit operation or process under consideration, such as 
leaching, adsorption, ion-exchange or flotation, or the type of reactor system, such as a 
cascade of continuous stirred tanks or countercurrent columns. 

Each Object (Frame) is structured so as to include all relevant information regarding a 
particular process variable and its effect on the process, or information regarding a 
particular unit operation e.g.: 

Unit-operation-object for a elP-plant 

unit operation: 
mass of adsorbent in reactor: 
Feed concentration: 
Pulp density: 
volume of the reactor: 
% adsorbent leaking cocurrent: 
number of reactors in series: 
time one operating cycle [Ts]: 
number of operating cycles: 
initial adsorbent loading: 
% of adsorbent transferred: 
feed flowrate of the pulp: 
% short circuiting of feed: 
% dead volume of reactor: 
% of Ts used for transfer: 

continuous reactors 
23.5g/1 
2.26ppm 
1460kg/m3 

4001 
o 
5 
48h 
5 
Oppm 
100% 
800ljh 
o 
o 
o 

This object was used to compute the simulation results for the CIP plant discussed below. 
Although given here for a CIP-plant, the general structure of this object permits the 
simulation of any similar type of process such as resin-in-pulp. Another possible object is 
the cost-object used for economic evaluation. 

The Rules (production rules) defined here fall into various categories which include the 
following: 

Adjustment rules (process specific) 

if pyritic ore type 7 is leached ·by cyanide in batch 
and cyanide level is 150 p.p.m. 
and level of oxygen is 6.5 p.p.m. 
and temperature is 25°C 
and pH = 13.1 
and average particle size is 90 J.Lm 
and mass % solids in slurry is 54 
and rate of agitation is 130 r.p.m. 
and time of solid-liquid contact is 2 hours 
then concentration gradient factor = 0.95 

Search rules 

For a pyritic ore from a particular ore-body in the mine for example, the chemical 
environment which produces a particular recovery and concentration - time gradient can 
be estimated as follows: 
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if concentration gradient 2 
and concentration gradient 1.8 
and Au recovery is 96% 
and Au recovery is 98% 
then pH=12.4 

density=1460 kg/m3 

particle size is between 25 and 125 }.Lm 

etc. 

The user has control over the search accuracy of this type of rule. 

Procedural rules 

As this model is an off-line system, these rules are addressed manually at present. 

if leaching reaction 
and train of continuous reactors 
then use CSTR procedure 

107 

Functions include the kinetic models, differential equations that define the non-ideal flow 
through the continuous reactors, or equations that describe fundamental aspects of the 
process such as the Arrhenius equation. Hence, a function could contain the following 
elements: 

TYPE OF OPERATION (defining label) 
Kinetic model (differential equation) 
Unit-operation-object (as above) 
Non-ideal flow model (differential equation) 
Regression adjustment-objects which relate kinetic information to process 
conditions 
Fundamental relationships such as mass or heat transfer correlations (e.g. 
Sh=a(Re )b(Sc )c+d) 

TREATMENT OF KINETIC DATA 

The basis of the knowledge representation discussed above is the concentration-time data 
of the various processes, which represents the deep knowledge regarding the process. The 
remainder of the knowledge is structured in such a way that it has access to these data or 
transformations thereof in order to perform simulations and interactive fault-diagnosis. A 
knowledge-base that is general requires a process independent kinetic model. Such a 
general kinetic model has been formulated for CIP and elL processes by Reuter and Van 
Deventer [14,15], which has subsequently been extended to various metallurgical and other 
mineral processing (e.g. flotation) operations. A similar methodology will be explained in 
the subsequent sections. 

The kinetic models which define the deep knowledge of leaching and adsorption are 
developed below and then applied to continuous leaching, crp and CIL processes. As 
mentioned previously, leaching data are treated by two diferent approaches, viz.: (I) where 
the parameters of simple empirical expressions are related to a data base via an evolution 
of operating conditions [20], and (2) where the dynamic behaviour of a system is 
finger-printed in terms of the gradient of change of a state variable [14,15]. 

Leaching Data 

The kinetics of the dissolution of gold from cyanided pulps cannot be modelled in a 
straightforward manner. It has been found experimentally that the following model fits 
accurately most concentration-time data from a batch test on Witwatersrand ores [20]: 

Stellenbosch University  https://scholar.sun.ac.za



\08 

Solid Phase: 

Liquid Phase: 

M. A. REUTER et al. 

dg/dt=-k(g-g*)n= r1 

£dl[dC/dt] = (l-£)dok(g-g*)n = r2 

(1) 

(2) 

Thus, the empirical parameters k, nand g* may be estimated from batch experimental data 
by regression analysis, and then related to process conditions according to the first approach 
mentioned above [20]. -. 

As a result of the leaching reaction, as well as the undesirable leaching of base metals and 
the oxidation of ore constituents, oxygen and cyanide are consumed. This causes the 
leaching environment in the reactor to be changing continuously. It is therefore necessary 
to adjust the leaching condition as time proceeds. The depletion of oxygen and cyanide can 
be simulated by a simple first order rate equation~ where the rate "constant" evolves with 
changes in the operating conditions [20]. This approach is similar to the second approach 
mentioned above, where the dynamic behaviour of a system is finger-printed in terms of 
the gradient of change in a state variable [14,15]. It should be obvious that, in a CIP or 
CIL plant, where the carbon becomes deactivated owing to fouling by organics and fine ore 
solids, a similar gradual shift in the adsorption conditions can be accommodated easily by 
the KBS. 

In terms of the second approach, the rate variable k[g(t)] is defined here to be only a 
function of the grade get), and is determined from a batch leaching curve, which covers the 
leaching up to the equilibrium leaching point. It is clear that k[g(t)] is also a function of the 
knowledge-base via objects. 

For the soluLion phase: 

dC/dt = k[g(t)]g(t) = r3 (3) 

For the solids phase: 

dg/dt = -13k[g(t)]g(t) = r4 (4) 

Adsorption Data 

As in the case of leaching data, the basis of the adsorption model is batch 
concentration-time data, and the corresponding loading-time curve that covers the 
adsorption profile up to the equilibrium loading [14,15]. Nicol et a1. [21,22] presented an 
example of such data. From this curve and the corresponding concentration-time data, the 
rate variable k[y(t)], which is defined here to be a function of only the loading y(t), may be 
determined. This rate variable is subsequently used to predict the change in concentration 
and carbon loading at any carbon concentration Mc, and at any initial concentration at the 
prevailing chemical process conditions. 

dC/dt = -(as/a6)k[y(t)]C = rs 

dy/dt = ask[y(t)]C = r6 

where: k[y(t)] = -2(Cn+1-Cn)/ot(Cn+1+Cn) 
Q:S=(Ml/Mch 
a6=(M l/Mc)6 

(5) 

(6) 

It must be noted here that these models do not attempt to suggest a mechanism for the 
reaction under consideration. What they do imply, however, is that a kinetic curve which 
describes a process up to equilibrium is a finger-print of that reaction and therefore of the 
reaction mechanism. Consequently, the model can be used as a basis to describe the 
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reaction under all possible conditions, given that the mechanism does not change. The 
database will obviously cover all possible mechanisms for a particular system. This basic 
finger-print curve and its associated shallow and deep level knowledge, defined as objects. 
are termed the pivot-data, or the standard condition. These pivot-data serve as a reference 
with which other curves are compared, and which can subsequently be used for 
fault-diagnosis or process identification. 

Any condition that differs in whatever way from this standard condition or the pivot-data, 
is considered to be nOll-standard. Consequently, any change in the empirical parameters 
(such as in Eq. 1), or the profiles of k[y(t)] or k[g(t)] should be considered as the combined 
effect of different deviations from the standard condition, and therefore as taking all 
interactions into account. The changes in the leaching, adsorption or other reactions may 
be caused by changes in the mineralogy and chemistry of the ore, deactivation of the 
adsorbent, or changes in the concentration of reagents. It is convenient to express 
deviations from the pivot-data or standard parameters as percentages, which are estimated 
through experience, directly from the plant or from experimental data. It is also possible 
to express these deviations in terms of qualitative statements according to the principles of • order-oj-magnitude reasoning [23]. The proposed system is totally flexible, and more 
variables can be added through rules, if required. 

OVERALL STRUCTURE OF THE KBS 

Figure I illustrates the overall structure of the KBS, which consists mainly of: (1) A 
data-base for entering/editing of all relevant experimental and heuristic information; (2) 
An inference procedure for utilizing the data in the database to effect the diagnosis of 
problems, the identification and classification of unknown ores, and the simulation of 
different reactor systems; (3) A working memory which contains the current input and 
status of the specific problem being solved. The different modules of the system 
communicate via files in order to increase the working memory; (4) A user-friendly 
interface used to communicate with the above three components. 

FAULT -DIAGNOSIS AND PROCESS IDENTIFICATION 

If the type of process and reactor configuration (for example leaching in pachucas) are 
known, the KBS may perform fault-diagnosis or process identification of the system under 
consideration. This is effected by a search through both shallow and deep knowledge 
subject to iJ-then rules and a comparison to the pivot-data. The results of such a 
fault-diagnosis are saved in the system so as to facilitate learning of the KBS and an 
improvement of the expert capabilities of the system. 

For example, a CIP or CIL plant may produce an unexpectedly high concentration of gold 
in the tailings. If sufficient knowledge about this particular plant and other similar 
operations has been saved in the KBS, a fault-diagnosis of this problem could have 
identified reasons such as poisoning of the carbon by organics, the origin of the organics, 
insufficient regeneration or elution of the carbon, etc. The more general data and heuristic 
information are saved in the system, and the more information is provided regarding a 
specific problem, the more exact the diagnosis from the expert system will be. 

The KBS can also be used for the identification of ores, slurries, reagents or adsorbents. 
For example, the leaching characteristics of an unknown ore can be compared with those 
of known ores in the system at similar operating conditions [20]. The more information is 
known about the unknown ore, the more accurate the identification will be. This procedure 
is analogous to the mineralogical characterisation of ores by means of diagnostic leaching 
[24]. The IDENTIFY option of the proposed KBS enables the user to take advantage of the 
vast amount of information available on the leaching (for example) of known ores. In view 
of the tedious and expensive nature of experimental testwork to determine the complete 
leaching characteristics of an ore, it is advantageous to minimize such work and to rather 
utilize the existing body of relevant information in the KBS [20]. 
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Fig.l Overall structure of KBS. 

Any two ores, leached at the standard or pivot condition, will exhibit their own batch 
leaching curves. When these two curves differ widely, it can be said that the two ores are 
different. When the curves differ by only a slight margin, it could be said that the ores may 
be similar. Nevertheless, gold leaching curves are not unique to a specific gold ore, which 
means that a small difference cannot be considered as sufficient evidence that the two ores 
are the same. In order to complete the identification of an ore, the effects of various 
process variables on the leaching curves should be determined [20]. An ore can be 
characterized completely only when the effects of the major process variables are 
understood. In the database, the different ores are classified according to their basic 
mineralogy (i.e. refractory, sulphidic, oxidic, quartzitic, etc.). Therefore, if the type of 
mineralogy of the unknown ore has been established, the identification procedure becomes 
easier. The KBS is ideally suited for the inclusion and manipulation of diagnostic leaching 
data. 

It is essential to set a sensitivity level for the comparison of the unknown ores with the 
known ones in the KBS [20]. The larger the number of known ores, the smaller the level 
of tolerance and the more accurate the identification process will be. It is clear that this 

Stellenbosch University  https://scholar.sun.ac.za



Simulation of gold extraction processes III 

IDENTIFY option could be applied in a similar fashion to the characterization of activated 
carbon used in CIP/CIL, the flotation response of ores, or the size reduction and liberation 
behaviour of ores. 

MODELS FOR CONTINUOUS FLOW REACTORS 

The kinetic equations (1) to (6) can be incorporated into suitable process models which 
describe continuous flow systems. The difference between batch and continuous models lies 
in the material balance terms for flow into and out of the reactor, and the possible effect 
of non-ideal flow conditions. The simulation of continuous leaching, CIP or CIL processes 
will be given below as examples. Similar equations may be developed for the dynamic 
simulation of other mineral processing operations such as milling and flotation. As 
mentioned earlier, this deep knowledge can also be used in fault-diagnostics on continuous 
reactors. 

The equations (7) to (9) that define the change of concentration in the solution, loading on 
the carbon and element content (gold in this case) in the ore were published previously 
[14,15]. Ideal fl ow is assumed in the formulation of these models , althou gh in the KBS 
non-ideal flow in the form of short-circuiting [C i-1= <l> C i -1+(1 - <l»C i-2] and dead volume 
[V act=V total- V dead] is incorporated. The theoretical va lues of the dead volume and bypass 
streams can be obtained from tracer tests, or can be estimated by comp:lri ng real plant 
behaviour with that predicted from an ideal flow model. 

dCddt = [vp, in/V act]C i -1 - [vp,out!Vact]Ci + r5 + r3 

dyddt = [mCcc/Mccc t][Yi+1-yd + [mCoc/ Mcoc t][Yi-l-yd + r6 , , 

(7) 

(8) 

(9) 

Depending on mCc
c' MC\ t, mCoc and MCoc t any type of carbon transfer mode , ranging 

from a low periodicity to 'continuous, co-cu'rrent to counter-current or a combination of 
these may be simulated. Reuter and Van Deventer [14] showed how the same philosophy 
of integrating KBS and dynamic material balance equations could be used to simulate the 
adsorption of gold or silver cyanide on activated carbon in fixed beds or periodic 
countercurrent columns. It is clear that similar equations may be developed for the 
depletion of cyanide and oxygen in continuous flow systems [20], or for the simultaneous 
leaching and/or adsorption of different species such as gold and silver cyanide. 

The material balance equations for the countercurrent leaching of gold ore in a Kamyr 
column were explained in a recent paper by Van der Merwe et a1. [20], and will not be 
repeated here. However, the methodology of simulating Kamyr columns by KBS will be 
outlined briefly below. 

In the Kamyr leaching column, the pulp enters at the top and leaves at the bottom, while 
the clear leaching solution enters at the bottom and leaves as clear solution at the top [20]. 
In modelling this operation, two distinct streams were defined, namely: (l) the pulp stream 
containing a mixture of leaching solution and solids, and (2) the clear leaching solution 
stream. As the leaching solution leaving the top of the column contains no solids, it is 
assumed that the solid phase exhibits only a downward flow. However, the liquid phase can 
move in either direction. It is therefore possible that the entering pulp can have a lower 
specific gravity than the pulp leaving at the bottom, or vice versa. By viewing the column 
as a series of non-ideal reactors, each containing a CSTR unit, it is possible to simulate a 
complex flow pattern. As explained by Van der Merwe et a1. [20], a dead volume and 
bypass could be used on each of ~hese reactor stages to cater for non-ideal flow conditions. 

In order to simplify the computational procedure, it could be assumed that any change in 
the specific gravity follows a linear profile through the length of the reactor. When the 
number of mixed reactor stages is known, the change in the liquid fraction for each reactor 
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stage can be calculated. Under normal operating conditions, only the inlet conditions at 
opposite ends of the column are known. This causes some difficulty in the numerical work, 
because the material balance equations require values at both sides of the column. An 
iterative procedure could be followed whereby the out1~t conditions for the pulp stream at 
the bottom are guessed initially. The material balances for gold in both solution and solid 
phases, as well as those for oxygen and cyanide, are then solved stage-wise from the bottom 
to the top of the column. The calculated concentrations in the clear stream outlet at the top 
are then compared with the given values, and the procedure repeated until the material 
balances are satisfied over the entire column [20]. 

SIMULATION RESULTS 

In this section, the results of only a few case studies on simulations of leaching, CIP and 
CIL will be shown. In view of the fact that most of these simulations are based on a large 
body of information regarding the behaviour of the system under consideration, it is not 
possible to provide here all background information requi red for reproducing the 
simulations . Hence , the following figures and tables are merely indica ti ve of the versatility 
and practical capabil ities of the proposed KBS model. 

Batch leaching 

The Mintek leaching model [22] (Equations 1 and 2) was employed here as a basis for 
determining the k[g(t)] values used to predict the values in columns (b) and (d) of Table 1. 
The values in column (c) were determined by increasing the rate in the Mintek rate equation 
by a factor of 2.857. Hence, the if -then rule produced from the adjustment-objects for the 
particular ore under consideration may be: 

if Au-leaching 
and pyritic ore 
and particle size 75% -74 J.1.m 
and [CN]=200 ppm 
and density=1460 kg/m3 

and temperature is 300 C 
then slope factor=2 .857 

(The calculated results are shown in tabular form so as to facilitate a more accurate 
comparison of actual values and those simulated by the KBS.) 

TABLE 1 Data in columns (a) and (c) were used to calculate k[g(t)), which was 
used to estimate the ore grades [g/ton) in columns (b) and (d) respectively. 

(a):dg/dt=-0.7(g-0.19)2 
(0):dgjdt=-2.0(g-0.19)2 

TIME (h) (a) (b) (0) ( d) 

0 2.3 2.3 2.3 2.3 
1 1.03 1.03 0.594 0.607 
2 0.705 0.702 0.413 0.417 
4 0.476 0.474 0.308 0.309 
8 0.334 0.334 0.251 0.251 

16 0.256 0.256 0.221 0.221 
23 0.23 0.23 0.211 0.211 
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Leaching in a series of CSTR's 

The KBS was used to compute the leaching behaviour of 10 t/h of a refractory ore in a 
slurry containing 50 mass % solids fed to a cascade of 11 CSTR's, each having a volume of 
400 m3, a dead volume of 10%, and in which 10% of the slurry is short-circuiting. The 
sensitivity of this ore to changes in the level of oxygen during batch leaching at 150 g 
NaCN/t is illustrated in Figure 2. In Figures 2 to 4 the solid lines represent KBS 
predictions on the basis of the existing data base which takes all the various interactions into 
account. 

g 
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0 

1.2 .-----------------------------------------------. 
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-+- (02) = 8.2 ppm 
o 

20 

Fig.2 Effect of oxygen on the batch leaching of an ore containing initially 3.4 g Au/t. 
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12 

Fig.3 Effect of initial level of cyanide on the leaching of a gold ore in a series of CSTR's. 

Figure 3 illustrates the sensitivity of the cascade of CSTR's to different initial levels of 
cyanide. The cyanide levels in the leaching or CIL sections are controlled by on-line 
analytical equipment on a number of gold plants. This causes not only less consumption of 
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cyanide, but also improved metallurgical results due to the significant effect of cyanide on 
adsorption in CIP. Hence, it will be most useful if a KBS could be used to predict the 
behaviour of the leaching or CIL plant at different levels of cyanide. Moreover, if the 
nature of the ore changes, the consumption of cyanide will be different. If sufficient batch 
data or plant data for similar ores are available, the KBS could be used to simulate plant 
behaviour at new conditions. Few conventional simulators are capable of performing such 
functions . 
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80 

FigA The dynamic response of leaching of a gold ore in a series 
of CSTR's to a step change in the flow rate . 

The KBS can be used to simulate the dynamic response of the cascade of leaching reactors 
to changes in either the operating conditions or the characteristics of the feed . Figure 4 
shows as an example the response of the ore grade to a step change in the feed rate from 
3 to 1 Ot/h for the first three reactors. 

Leaching in a countercurrent column 

The simulation of a continuous countercurrent column takes more CPU time than that of 
the simpler systems. In the example used in Figures 5 and 6, the column with a diameter 
of 5m and a volume of 400m3 was subdivided into 11 theoretical mixed reactor units, as 
described earlier. The flowrate of the same slurry used in Figures 2 to 4 was maintained 
at 10 ton of pulp per hour. As this type of reactor configuration is relatively new, little 
industrial data are available to support the KBS predictions in Figures 5 and 6. ' However, 
the trends appear to be realistic. In Figure 5, the ore grade is depleted as at moves down 
the column, while the concentration of cyanide decreases from the bottom to the top. 
Figure 6 illustrates the effect of a higher level of cyanide fed to the column. 

Batch adsorption 

Table 2 compares the loading-time adsorption data produced by the Dixon model [25] to 
those produced by the proposed KBS model. All entries in the (a) columns give the results 
produced by the given Dixon model (pulp density 1460 kg/m3, 1:1 mass ratio solids:liquid). 
All the predictions at other carbon masses and starting concentrations in the (b) columns are 
based on the concentration-time data of the entries in the l(a) column only. (St=lh was 
used to define k[y(t)]. This example illustrates the use of a fact (discussed earlier) during 
simulation. 
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Fig.6 The steady-state profile of gold in the ore at different levels of cyanide 
through a countercurrent leaching column. 

Adsorption in a countercurrent CIP cascade 

liS 

Only facts and functions describing the process were used here to perform the simulation. 
The evolution of k[y(t)] for this simulation was produced via Equations 5 and 6 from the 
data given by Nicol et aI. [21] (p. 40). The following values were used in calculations: pulp 
density = 1460 gil, mass % solids = 50 %, [Au]av= 0.8ppm in the first stage throughout and 
25g carbon per litre slurry. These data are summarized in Table 3. 

The computed values for k[y(t)] could then be used to simulate a 5-stage eIP pilot plant as 
described by Nicol et aI. [22]. The volume of one reactor stage was 4001, the flow rate of 
pulp was 800 ljh, and the entire carbon inventory of each stage was transferred every 48h. 
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In Table 4, the entries in columns (a) are measured process values given by Nicol et al. 
(22], the entries in columns (b) are predictions by the model suggested by Nicol et al. [22], 
and the entries in columns (c) are computed by the KBS model proposed here. 

t 

Me 
Co 

TABLE 2 Concentration-time data corresponding to the loading data in 
column lea) were used to calculate kly(t)), which are applied to predict the 
loadings in (ppm] on the carbon in all columns (b). Initial loadings = O. 

(a) : dy/dt = 0.014C(11000-y)-0.004y (b) : Eg. 5 & 6 

0.5 gil 5 gil 15 gil 15 gil 
30 ppm 1 ppm 1 ppm 15 ppm 

(h) 1 (a) l(b) 2 (a) 2 (b) 3 (a) 3 (b) 4 (a) 4(b) 

1 3628 3600 94 92 46.5 46.1 693.5 692 
2 5909 5893 127 126 48.5 48.5 727.2 727 
4 8427 8413 143 143 48.6 48.6 729.0 729 
9 10400 10390 145 145 48.6 48.6 729.0 729 
19 10844 10835 145 145 48.6 48.6 729.0 729 
29 10861 10848 145 145 48.6 48.6 729.0 729 

The amount of carbon predicted by the model proposed here i.e. 23.5g/l, is much closer to 
the real process value of 25g/1 than the value of 16g/1 predicted by Nicol et al. [22]. Using 
the rules of the KBS model, the process conditions could be determined which produce the 
exact carbon concentration of 25g/l. This could be expected in view of the fact that the 
database is an accurate representation of the real data. 

TABLE 3 Summary of the calculated kly(t)) values according to equations 5 & 6, 
using the data of Nicol et ai. 121) 

Loading Range [g/t] Slope Time [h] 

0.00 to 4000 -3.42 0 to 50 
4000 to 6804 -2.40 50 to 100 
6804 to 8176 - -1.17 100 to 150 
8176 to 9168 -0.85 150 to 200 
9168 to 9986 -0.70 200 to 250 
9986 to 10307 -0.27 250 to 300 

10307 to 10512 -0.18 300 to 350 
10512 and larger -0.00 350 and larger 

Leaching and adsorption in a countercurrent CIL cascade 

This simulation is an extension of the eIP simulation discussed above, with adsorption and 
leaching taking place simultaneously. As is the case in many elL plants, the first few 
stages are used for leaching only, while the subsequent stages are then used for combined 
leaching and adsorption on activated carbon. The retention time in the three 
"pre-adsorption" leaching pachucas is 3 h/pachuca, while that in the subsequent five 
leaching/adsorption tanks amounts to I h/pachuca. The corresponding results are 
summarised in Table 5. It is clear that the simulated values agree closely with those given 
by Nicol et al. [22], although the KBS model is capable of taking considerably more factors 
and even heuristic information into account. Although not shown here, the model can 
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simulate various carbon transfer modes e.g. continuous, or continuous over a small fraction 
of the total operating time (periodic transfer). A simulation involving a continuous transfer 
of carbon was discussed by Reuter and Van Deventer [15]. 

TABLE 4 Comparison of process data, predictions by Nicol et al. [22] 
and simulations by the KBS model. 

stage 

Feed 
1 
2 
3 
4 
5 

He 

STAGE 

FEED 
1 
2 
3 
4 
5 
6 
7 
8 

Solution (g/t) Loading (g/t) 

(a) (b) (e) (a) (b) (e) 

2.26 2.26 2.26 0 0 0 
1.12 1.00 1.06 6503 6512 6561 
0.39 0.44 0.41 3693 2835 2890 
0.15 0.19 0.16 1972 1196 1071 
0.08 0.08 0.06 550 467 372 
0.03 0.03 0.023 189 141 103 

25g/1 16g/1 23.5gjl 25gjl 16gjl 23.5gjl 

TABLE 5 Comparison of predictions produced by the 
CIL-model developed by Nicol et al. (221 (column a) and the 
model proposed in this paper (column b). 

SOLIDS (gjt) SOLUTION (g/t) CARBON (g/t) 

(a) (b) (a) (b) (a) (b) 

2.3 2.30 0 0 - -
0.6 0.70 1. 70 1. 59 0 0 
0.4 0.41 1. 90 1. 89 0 0 
0.38 0.31 2.02 1. 99 0 0 
0.25 0.29 0.43 0.48 3072 3089 
0.25 0.27 0.09 0.12 669 835 
0.24 0.26 0.02 0.03 158 282 
0.23 0.25 0.006 0.01 44 67 
0.23 0.25 0.002 0.004 12 20 

CONCLUSIONS 

The KBS approach can be applied to ill-defined processes that cannot be simulated 
adequately by conventional phenomenological models. The flexibility of a KBS was 
combined with the dynamic simulation properties of a set of simple ordinary differential 
equations. Although the proposed KBS model has been applied to limited field data, it 
appears to give realistic simulations of leaching, elP and elL plants . It is clear that the 
KBS is especially useful to perform a sensitivity analysis and to answer "what-if' questions. 
The KBS can also be used to perform fault-diagnosis and process identification. This can 
Ge most valuable when designing new gold plants . 

As expected, the system is heavily dependent on the accuracy and population density of the 
available data. By using sufficient data over a wide range of operating conditions, a 
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detailed understanding of the various interactions between the process variables is 
unnecessary. The user has total control over all shallow and deep knowledge presented in 
the form of facts, objects (frames), rules and functions. These define both physical and 
chemical conditions in the process units and may be edited via user-friendly 
menu-interfaces. 

LIST OF SYMBOLS 

a,b,c,d,n 
C,Cj,Cn 

Empirical parameters: 
Concentration in a batch reactor, concentration in stage i and data point n 
respectively [ppm]. 

dl,do 
g,gj,gn 

MCC 
c,t 

r 
t 
V act 
vp, jn 
Y.Yj'Yn 

6t 

Density of liquid and ore respectively [kg/m3]. 
Ore grade in a batch reactor, grade in stage and grade data point n 
respectively [g/ton]. 
Refractory gold in ore [g/ton] 
Rate variable as a function of yet) and get) [h-']. 
Mass concentration of carbon, liquid and solids respectively [gil]. 
Mass flow rate of the carbon counter-current and mCo

c for co-current flow 
[kg/h]. 
Mass of carbon being transferred counter-current and MCO C t co-current [kg]. 
Rate equation [ppm/h]. , 
time variable [h]. 
Active stage volume [m3]. 

Pulp flow rate in and vp out out of a stage [m3/h]. 
Carbon loading in a batch reactor, loading in stage i and loading data point 
n [ppm]. 
Time increment. 

Re, Sc, Sh 
c 

Reynolds, Sherwood and Schmidt numbers. 
Volumetric fraction of pulp that is liquid. 
Fraction of pulp short-circuiting reactor stage. <I> 

1. 

2. 

3. 

4. 

5. 

6. 

7. 

8. 
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Knowledge-Based Simulation and 
Identification of Various Metallurgical Reactors 

M.A. REUTER and J.S.J. VAN DEVENTER 

A knowledge-based system (KBS) is discussed for the dynamic simulation and fault diagnosis 
of various metallurgical reactor systems. The fundamental basis (deep knowledge) of the model 
is a data base containing concentration-time data and an accompanying generalized kinetic model. 
The knowledge base is defined by various facts, objects, rules, and functions, which capture 
both deep as well as shallow knowledge regarding the process. This approach permits the sim
ulation and fault diagnosis or identification of metallurgical reactors at all reactor conditions 
catered to by the knowledge base. Various examples, which include adsorption, leaching, and 
reduction (pyrometallurgical) reactions, illustrate the various facets of the proposed knowledge
based simulation (batch and continuous), process identification, and knowledge representation. 

L INTRODUCTION 

RESEARCH on the application of expert systems and 
artificial intelligence teChniques in chcmical engincering 
(lIay be grouped into the following. areas: 

(I) the synthesis of chemical cngincering flow sheets in 
hybrid-typc systcms (hybrid system: knowledge-based 
system (KBS) integr'lted with equation-orientated sim
ulation programs).II.~.JI 
(2) selection programs, ('.g., DECADE'" for the scJec-

'DECADE is a tradel1lark of Combustion Engineering. Inc .. 
Stamford. CT. 

bon of catalysts,IOI 
(3) synthesis of operating procedures for chemical 
plants,I1.6-KI 

(4) malfunction diagnosis for complete chemical 
plants,19-I~1 and 
(5) control synthesis.II.IJ-'SI 

Although different architectures are used to define the 
knowledge base, all cited examples apply both qualita
tive (experimental and heuristic) and quantitative 
(equation-orientated) knowledge, also termed shallow and 
deep knowledge, respectively. In these systems, data and 
knowledge are mostly represented as 

(I) objects (a chunk of structured knowledge),111 which 
are also called frames, 
(2) production rules, which are characterized by if-then 
type statements, and 
(3) functions, which define the equations for quantita
tive simulation of unit operations. 

These data structures form the basis of the various 
knowledge-based systems and are embedded in various 
architectures which include: 

(I) object-orientatedl,.121 or frame-orientatedlll systems, 

M.A. REUTER, formerly Senior Lecturer. University of 
Stellenbosch, is Research Metallurgist with the Institute for Non-Ferrous 
Ptocess Metallurgy. Aachen University of Technology. 5100 Aachen. 
~eral Republic of Germany. 1.S.1. VAN DEVENTER, Professor. 
IS with the Department of Metallurgical Engineering. University of 
Stcllenbosch. Stellenbosch 7600. Republic of South Africa. 
. Manuscript submitted May 29. 1990. 
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(2) hybrid systems in a Blackboard (Blackboard is the 
global data base permitting the interaction of all knowl
edge sources) architecture.I •. ~1 
(3) hierarchical diagnostic syslems in which every node 
in the slructure represl:nls a malfunction hypolhesis. lhe 
lOp node containing general malfunction information and 
I'in' \'('/"S(J (hence. the informal ion is grouped into var
ious levels of abstraci ion ),1.·."1 or 
(4) goal lreC-Sliccess lree archilecture used for the 
design of control systems for dislillation columns."~1 

Of the possibililies listed. an object-orientated ap
proach was applied in the program discussed here to de
fine the structure of the knowledge base for the proposed 
diagnostic and simulation system for metallurgical re
actors. Whereas most of these types of applications im
plement object-orientated languages (e.g., KEE or 
CommonLlSP)11I for the programming of the qualitative 
model, Pascal, which permits the definition of complex 
data structures and performance of numerical analysis in 
the same program, was applied. This makes the time
consuming communication between two different pro
grams, i.e., one to perform the knowledge engineering 
and the other the numerical simulation, unnecessary. 

Most of the systems that perform malfunction diag
nosis attempt to diagnose malfunction on a macroscopic 
level, i.e., analyze now rates, temperatures, etc., and 
suggest appropriate remedial action. None of the dis
cussed systems, however, attempt to analyze the envi
ronment within a particular unit operation and suggest 
appropriate action on the basis of the basic parameters 
that characterize the process under consideration. This 
weakness in the cited diagnostic systems, as well as their 
inability to embrace dynamics, is addressed in this ar
ticle. There are, however, qualitative modeling ap
proaches, e.g., the QSIM· algorithm, which embrace 
dynamics and can be included in model-based reasoning 
systems,I I61 but these have not been applied extensively. 

In order to be able to define a general knowledge base 
for the proposed system, a general fundamental basis had 
to be defined, as was done by Tzouanas et ot.,11 31 who 
applied basic control theory and accompanying transfer 
functions to define the deep knowledge for the control 
of a distillation column. The numerous kinetic models 
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available to describe various metallurgical reac
tionsll8--26.29.3 I -.l61 render the definition of such a gen
eralized system hardly possible, as the number of 
parameters among these models vary. This necessitated 
the development of a generalized kinetic model, which 
permits the definition of a generalized fundamental 
basisY7.2!11 The subsequent structure of the knowledge 
base was based on the single parameter of this model 
(determined directly from concentration-time data of the 
process under consideration) and the equilibrium recov
ery, loading, or conversion (depending on the type of 
reaction). The effects of all possible process parameters 
on this single par.ameter were defined as objects (which 
define both shallow and deep knowledge), rendering the 
model totally general. This is in contrast to most existing 
kinetic models which lump all effects into a number of 
parameters, which make these kinetic models totally 
process and chemical environment specific. Hence, the 
existing models are usually incapable of modeling the 
effects of chemical process conditions, e.g., pH, ionic 
strength, carbon activity. ('tc., and hence performing fault 
diagnosis. 

The basis of the mood (deep knowledge) is formed 
by the data base which contains concenlration·time dala. 
('.K .• adsorption d;lla llKI and leaching data."~1 This hasis 
permits 

(I) the fonnu\;tlion or a prm:..:ss-ind..:p..:ndcnt kin..:tic 
model, 
(2) the definition of a process-independ..:nt knowlcoge 
base which defines objects and rules that cover kinetic. 
physical, and economic aspects. and 
(3) dynamic fault diagnosis by the inter.lctive use of the 
above-mentioned kinetic model, objects, and rules by 
comparing dynamic simulation results with production 
goals. Hence, the model that is proposed here may be 
compared to a hypothesis-and-testtype approach, as dis
cussed by Kramer and Moore. I171 

The shallow knowledge (experiential and heuristic) in 
the proposed model is defined as objects, and the deep 
knowledge is defined by the proposed kinetic model. How 
this knowledge is defined with regard to the proposed 
model will subsequently be discussed with reference to 
various metallurgical batch and continuous reaction 
systems. 

n. FORMULATION OF MODELS 

TeChniques of knowledge (shallow and deep) repre
sentation form an important aspect of a knowledge-based 
system. As discussed by Tzouanas et 01.,1 131 these tech
niques may include facts, objects (frames), rules, and 
functions. As stated above, the basis of the knowledge 
representation discussed in this article is the coneentration
time data of the metallurgical reaction being considered. 
This represents the deep knowledge regarding the pro
cess; the remainder of knowledge is structured in such 
a way that it has access to these data or transformations 
of the data to perform reactor simulation and interactive 
fault diagnosis. The above-mentioned techniques of 
knowledge representation are applied as follows in order 
to define the knowledge base. 

Facts may include, for example, the type of reaction 

542- VOLuME 22B. AUGUST 1991 

under consideration, be it leaching, adsorption Or red 
Uc. 

tion, or the type of reactor system. 
Each object (fram~) is struct~red in or?er to inclUdt 

all relevant information regarding a particular PI"Ocess 
variable and its effect on the.process ~see adjustmentob. 
ject in Section llI-B-l), or mformatlon regarding a par. 
ticular unit operation, e.g.: 

Unit operation object for a carbon-in-pulp (CIP) plant 
UNIT OPERATION : continuous re;tcton 
MASS OF ADSORBENT IN 

REACfOR 
FEED CONCENTRATION 
PULP DENSITY 
VOLUME OF THE 

REACfOR 
PCf ADSORBENT 

:·22 gil 
: 2.02 ppm 
: 1460 kg/m3 

: 400 1 

LEAKING COCURRENT : 0 
NUMBER OF REACTORS 

IN SERIES 
TIME ONE OPERATING 

CYCLE ITs} 
NUMBER OF OPERATING 

CYCLES 
INITIAL ADSORBENT 

LOADING 
PCT OF ADSORBENT 

TRANSFERRED 
FEED FLOW RATE OF TilE 

PULl' 
PCT SHORT CIRCUITING 

OF FEED 
PCT DEAD VOLUME OF 

REACTOR 
PCf OF Ts USED FOR 

TRANSFER 

5 

48 h 

: 5 

: 0 pplll 

100 pct 

4001/h 

:0 

: 0 

:0 

This object was used to simulate the CIP plant dis 
cussed in Section lll-O-i. Although given here for; 
CIP plant, its generality permits the simulation of an! 
similar type of adsorption process, such as resin-in-pulp 
for example. Another possible object is the cost objec 
used for economic evaluation. 

The rules (production rules) defined here fall into Val 

ious categories which include the following: 

Adjustment rules (process specific) 

if NiO reduction by H2 
and porosity is 0.728 
and temperature is 299°C 
and pellet radius is j:0.77 cm 

then. slope factor = <l> = 1.46 
load factor = D. = I 
cost factor = I 

Search rules 

For a cobalt ore from a particular ore body frorn tb 
Blackbird mine, for example, the chemieal environtnd 
which produces a particular recovery and slope facie 
can be formulated as 

if slope factor :$1.12 
and slope factor;::: 1.0 
and. Co recovery is ;:::94 pet 
and Co recovery is :$96 pet 

METALLURGICAL TRANSAcnO~ 

Stellenbosch University  https://scholar.sun.ac.za



then temperature is 150°C 
30 pct solids 
20 gil Na~S04 
1200 kPa 

BY controlling the tolerances on the slope factor and 
the Co recovery, the user has control over the search 
aCCuracy of this type of rule. 

procedural rules 

As this model is an off-line system, these rules are 
,ddreSsed manually at this stage: 

if leaching reaction 
and train of continuous reactors 

then use CSTR * procedure 

'continuous stirred tank reactor 

Functions include the kinetic models, differential 
equations that define the non ideal flow through the con
tinuous reactors, or equations that describe fundamental 
aspects of the ~rocess, if applicable. for exampl:, the 
Arrhenius equatlon. A functlon would hence contain the 
following clements: 

Type oj opermioll (defillillg laIn'/) 

II) Kinetic model (differcntial cquation) 
(2) Unit operation objcct (as above) 
(3) Nonideal flow model (ditTcrcllli;ti equation) 
(4) Regression adjustlllcnt objccts (;tS in Section B) 
(5) Fundamental correlations k.g .. Sh = lI( Rc)"(Sc)," 
+ d as in Section 13) 

This knowledge represcntation is integratcd in a user
friendly simulation program which is wrillen in TUR130 
PASCAL. * Figures I and 2 present now diagrams of the 

'TURBO PASCAL is a tradcmark of Borland Intcrnational. SCOIIS 

Valley, CA. 

program, which will be discussed in detail below. Since 
the concentration-time format of the deep knowledge and 

Kno .... ledge 

Base 

Input data Objects: 

type - adjustment 
- cost 
- unit -opera tion 
Functions 
Rules 

the accompanying kinetic model form the basis of the 
two integrated activities, namely, dynamic simulation and 
dynamic fault diagnosis or process identification, this will 
be discussed first. The simulation and fault diagnostic 
(conditions within reactor) or process identification ac-

. tivities will be discussed subsequently. 

A. Kinetic Models 

A general process-independent knowledge base re
quires a process-independent kinetic model. Such a 
general kinetic model has been formulated for CIP and 
carbon-in-leach (CIL) processes by Reuter and 
van Deventer,t27 •

2H
I which has subsequently been ex

tended to various metallurgical and other mineral pro
cessing (e.g., flotation) processes. 

The kinetic models which define the deep knowledge 
of adsorption, reduction, and leaching reactions will be 
developed below and extended to continuous processes. 
Although the three models have been defined separately, 
they are, in fact, identical, the adsorption model being 
the most general and the other two simplifications 
thereof. It must bc noted herc that these models do not 
allempt to suggest a mechanism for the rcaction under 
consideration. What thcy do statc, however. is that a ki
netic curve which describes a proccss up to equilibrium 
is a fingerprint of that rcaction and, therefore, of the 
reaction mcchanism. Conscqucntly. thc model can be used 
as a basis to describe the rcaction under all possible con
ditions. given that the mechanism docs not change. IThe 
data base will obviously cater to all possible mechanisms 
for a particular system. (See Section I1l-C-3).] This basic 
fingerprint curve and its a<;sociated shallow and deep level 
knowledge, defined as objects, arc termed the pivot data. 
These pivot data serve as a reference to which other curves 
are compared, which can be used for fault diagnosis or 
process identification, as depicted in Figure 2. See Sec
tion lIl-E for a discussion of these aspects of the model. 

Simulation of Final results 
metallurgical - costs 
reactors - recoveries 

I 

Input I Output via 
menus. graphs & 
printer 

Fig. I-Generdl now diagram for the knowledge·based simulation aspects of the program. 
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Input doto 
type if 
kno .... n 

I 
I if-then rules J { Batch I 

1 
-\ Kno .... ledge Suggested 

process I Bose 

! conditions 

1 .~ if-then rules ~ i Continuous I 
Input 
C VS. t 
if known 

l if-then rules J 

I 
Input! Output vio 
menus . grophs & 
printer 

I. Adsorptio/l nwdd 
As mentioned above. the basis of the model is an ad

sorption concentr&tion-time and corresponding loading
time curve that covers the adsorption kinetics up to the 
equilibrium loading capacity .P"1 From this curve and the 
corresponding concentrdtion-time, the rate variable k{ y(/) J, 
which is defined here to be only a function of the loading 
y(t). may be determincdY"1 This rate variable is subse
quently used to predict the change in concentration and 
carbon loading at any carbon concentration M c, any so
lution density, and any starting concentrations at the pre
vailing chemical process conditions. 

dC 
- = -<l>·(a,/a~)·kly(t»),.·C = r, 
dl 

dv 
...:- = <1>. a, 'k{yU»)'" C = r~ 
dt 

wherekly(/»). = -2(C.., - C.)/bt(C •• , + C.); 
a, = (M,/Mcl,: and 
a2 = (M,/Mch 

hold for fl· y.(I) ~ y(l) ~ fl · y •• ,(I) . 

(I) 

12) 

The rate variable kl y(t)) is also a function of the 
knowledge base via objects; i .t!., it is adjusted with ref-
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erence to the pivot data, pcmlitting modeling at chemical 
and physical process conditions other than the pivot data. 

2. uaclzillg model 
As for the adsorption model, klg(I»), which is defined 

here to be only a function of the grade g(t), is determined 
from a leaching curve, which covers the leaching up to 
the equilibrium leaching point or until complete disso
lution of the valuable element has occurredYS] As for 
the adsorption model, k{g(/») is also a function of the 
knowledge base via objects . 

dC 
- = <I>. k{g(I)]..· g(t) = r J 
dl 

dK - = -<I>. (3. klg(/»).· K(I) = r. 
dl 

where kIK(t»). = 2(C •• , - C.)/bt(K •• , + g.) and 
(3 = (M,/M,) 

hold for K".,(/) ~ gU) ~ K.U) . 

PI 

14J 

In the case of deviation from the final recovery as giV~ 
by the pivot conditions, the above equations are adjuste 

to 
dC 
- = <1> . klg(/»)n ' lg( l ) - g;" (1 - fl)] 
dt 
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,.,hich 'holds for 

g. - D . [g~ - gnil(t)] :s; g(t) :s; g" - D . [g~ - gn(t)] 

3. Carbon-in-leach model 
As stated by Nicol et af. ,t l9 t the adsorption and leach

ing reactions are independent of one another. Hence, the 
CIL model proposed here is a linear combination of the 
abOve-mentioned two models .t27.28t 

4. Reduction reactions 
As is the case for leaching reactions, the rate k[r(t)], 

which is defined here to be only a function of the ele
ment being reduced, r(t). is detemlincd from a reduction 
ClIfVe, which covers the reduction up to the point at which 
equilibrium has been reached or complete reduction has 
taken place. 

dC 
-;;; = <1> • kI r(t) In· r(t) = r~ 

dr 

dt 
-<1>. klr(t)I,, · r(t) = r" 

where klr(t)L, = 2(c", , - c")/iil(r,,,, + r,,) 
holds for r ", ,(I) S r(t) :S r ,,(I) . 

151 

A similar final n:covery adjlumellt equatioll that holds 
for leaching also holds for reductioll . 

B. Kl1owlcdgc-Ba.w'd Modd 

The overall integration of the kinetic model and the 
various objects to perform the s imulatioll and diagnostic 
activities are depicted by Figures I and 2, respectivel y. 

I. Simulation 
The data may be divided into both shallow and deep 

knowledge . The shallow knowledge is given in the fonn 
of qualitative (heuristic) data regarding the process. As
sociated with this qualitative (heuristic) data is a set of 
kinetic data and an appropriate kinetic model. This, as 
well as equations which define various physical prop
erties, e.g . , the Arrhenius equation , present the deep 
knowledge of the model, the ba<;is on which fault diagnosis 
or process identification is performed . 

The shallow and deep knowledge for a particular re
action system is addressed initially by giving an appro
priate input, as may be seen in Figure I. The input to 
the model comprises initially of a primary input regard
ing the type of reaction under consideration, followed 
by a secondary input which could be a special charac
teristic of that reaction or system . Hence, possible input 
could be (I) NiO reduction with H~ followed by select
ing (2) the pellet porosity . This selection subsequently 
ex.tracts the following knowledge of the process from the 
knowledge base . 

a. Shallow know/edge 
(I) Objects, which are each defined by a describing 
label, e.g . , temperature, etc., are applied to capture this 
type of knowledge. Associated with each object are : ad
IUstment factors for the rate, final attainable conversion, 
and cost ; and interaction factors which reOect any inter
lCtion which may exist between the heuristic data. These 
:nteraction factors reOect the effect of the 11 - I other 

~lETALLURGtCAL TRANSACTIONS 13 

adjustment objects on the considered object. Hence. the 
II - 1 factors below (third item in object below) reOect 
no interaction with other items (= I) . One adjustment ob
ject of n possible objects with m subdivisions is defined 
as follows: 

ADJUSTMENT OBJECT LABEL 
SUBDIVISION OF ADJUSTMENT 

OBJECf 
n - 1 INTERACfION FACTORS 
SLOPE FACTOR 
LOAD FACfOR 
COST FACTOR 

temperature 

299°C 
I 
(1) = 0 .96 
D = I 
I 

(2) Rules, which permit the extrapolation of knowledge 
from existing heuristic knowledge , if it is not explicitly 
available . 
(3) The k objects. also defined by a label. but correlat
ing heuristic as well as fundamental aspects on a statis
tical basis and not by factors as shown above, are given 
below. Hence. similar to the above object, a regression 
adjustment object may be defined as 

ADJUSTMENT 
OBJECT 
LAB EL telllper;llure 

VALID 
RANGE 50 °C to 70 °C 

k- I INTERACTION 
FACTORS {/ + hT + ( T ~ + t/<, IT"' lr + iT' 

SLOPE 
FACTOR 

LOAD 
FACTOR 

COST 
FACTOR 

4> 

n 

(} 

= 

= 

+ 

{/ + 

a + 

hT + 

liT 1- (T ~ + d (' IT ' "IT 

hT + cT~ + d(, lT' " I T 

cT~ + de /Tl I' I T + iT) 

+ n·) 

+ iT) 

The coefficients of the given regression equation are de
termined by the appropriate statistical methods , which 
may be accessed by suitable menu options in the pro
gram. The user has a choice of which type of the above 
two objects he wishes to use. The first may be used to 
define knowledge which is difficult to correlate, e .g ., 
rules of thumb of the considered plant. and the second 
which permits a semi theoretical approach . By the ap
propriate selection of a set of adjustment objects which 
correspond to the operating conditions of the plant, the 
final adjustment factors are obtained with reference to 
the pivot data via if-then rules. 

b. Deep kllow/edge 
(I) Kinetic data for all important species that have an 
inOuence on the kinetics of the process. These data are 
regarded here to be the key to fault diagnosis and a very 
simple simulation strategy . Typical kinetic data for the 
leaching of gold. for example, could include changes in 
(Au], [Ag], [Cu], (CN-], and pH. 
(2) Equations which define various fundamental aspects 
of the process, e.g . , the Arrhenius equation (if it is pos
sible to define the temperature dependence of the given 
reaction by this equation) or by the application of the 
above-mentioned objects . 
(3) Regress ion equations which correlate fundamental 
aspects of the process on a stati stical or semi theoretical 
basis, e .g . , mass-transfer correlations . 

Sh = a (Re)"( Sc)'" + d 
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This equation is included as an subobject in the simu
lation functions. adjusting the rate constant with refer
ence to the Sherwood (Sh) number of the pivot data. It 
would also be clear that the following holds: 

<t> = f(Sh)lf(Sh)~_ 

where k = f(Sh). 
(4) The influence of the secondary components on the 
leaching of the principal element is defined by additional 
regression adjustment objccts . Consider. for example. 
the leaching of gold during which. among others. the 
cyanide concentration changes. The kinet ic modds for 
both gold and cyanide are solved simultaneously. and 
via a regression adjustment object for cyanide , k[g(r) J 

for gold is adjusted continuously. 
(5) Differential equations that define the appropriate 
continuous unit operations. covering both idcal and non
ideal operation . 

The application of the deep and shallow knowledge 
for process simulation of a particular mctalluq;ical unit 
operation would typically procccd throu gh thc following 
steps: 

(I) A particular illput made to thc Illmkl se lects thc type 
of metallurgical reaction allo rcactor sys tem hcing 
considered. 
(2) A set or kinetic data is extractcd from ti1c data bank. 
smoothed by an appropriate numcrica l Illcthod . (' .K., a 
spline, transfonned illto slope- lo;lo data (scc above ki · 
netic mooels) and aojusted according «) the rules ex· 
tracted from the knowledge base. 
(3) The corresponding knowledge (shallow and deep) 
are extracted from the knowledge base. 
(4) These adjusted slope·load data, as well as physical 
process variables, are then used to pcrfonn process 
simulation . 
(5) Suitable regression adjustment objccts of the data bank 
continually adjust the kinetic model as the simulation 
proceeds as a function of changes which may occur dur
ing the process simulation, as discussed for Au and CN-

. above. 
(6) An overall economic evaluation is finally perfonned 
and the respective simulation data retained as shallow 
knowledge for future application during first-level fault 
diagnosis . This knowledge may also be tenned exper
iential knowledge . 

To summarize the above, a pivot object is given that 
defines both shallow and deep knowledge regarding the 
process . The given object refers to the e xample dis
cussed in Section lll-C-3: 

TYPE OF REACTION 
SYSTEM 

DISTINGUISHING 
CHARACTERISTIC 

n FACTOR 
ADJUSTMENT 
OBJECTS 

k REGRESSION 
ADJUSTMENT 
OBJECTS 

Y,6-VOLUME 22B . A UGUST 1991 

NiO reduction by H2 

porosity (0.728) 

none defined 
temperature (e.g . • 

Arrhenius equation) 
pellet size ( 1 Ir). etc. 

KINETIC DATA (l sets 
possible per reaction 
system) 

TYPE OF OPERATION 

COST DATA 

: Timc 
: 0 
: 2.5 

(!tc. 

COI1\'c r sioll 

o 
0 .69 

: batch/con~inuous (select: 
appropnate function) 

. function of type of S 

operation (none in thi' 
case) -

All other adjustment objects would refer to this piv 
object (all adjustment factors = I) for process simulati~ 
and process identification . TIle adjustment objects use: 
in this pivot object are labeled pivot adjustment objects 
All objects and physical data may be ed ited by the user 

2. Diagllostic jUllctiolls 
A flow diagram. wh ich dcpicts the routes follOWed II 

analyze the process and perfoml fault diagnosis (con 
ditions within reactor) is given in Figure 2 . This diag 
nosis and an:llysis is effected hy a search (backwan 
chaining) through hoth shallow and deep knowlede, 
suhject to if-then rules and a compari son to the pi\~ 
data . Thi s procedure involves Ihc use or hOl h sh3110v 
and deep knowkd);e . either scp;lra{dy or simullaneously. 

a. Oil /ion I 
The appliC:llion of shallow knowledge for fault diag 

nosis or process identification is discusscd under {hi: 
heading. 

This search is initiatcd by inpullil1g a sct of kinetic 
data . which is transformed 10 produce two values . viz .. 
time-weighed sum of s lopes and thc final recovery (equi· 
librium loading or final reduction) . These are comparc.e 
to the available shallow knowledge. i.c .. time-weighec 
slopes and final recoveries of all other applicable pivol 
objects and pivot data to predict, for example, the ore 
char:leteristics and hence characterize the ore. The math· 
ematical b:ls is for this may be found in the following 
integr .. lI : 

1~ t · k' . C · fir = c" 1" t · k' . c -t·, . dt = Col k' [7J 

o " 

Her:ce, the sum of time-weighed slopes for a first-ordCl 
process produces the result C"I k' . Th is integral has been 
generalized here for the d iscrete k[r(t)J. values to (Eule! 
integration of Eq . [7]) 

C~/k" = C;;· L V k[r(r)).· r(t). · or [8J 

This equation fonns the basis for fault diagnosis in batch 
reactors . 

b. Option 2 . 
If the types of reaction, ore. and reaction system. for 

example , leaching in pachucas, are known,. the modc~ 
may perfoml fault diagnosis or process identificatIOn 0 
the system under consideration . This is effected by the 
simultaneous application of shallow as well as deep p~ 
cess knowledge on an interactive basis , e.g . , the Au ~n 
CN- example above. It typically involves the folloWIng 
activ"it ies:' 
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Batch systems 

Kinetic concentration-time data of the process to be 
diagnosed are entered. This is transformed into time
weighed slope and final recovery data. All shallow and 
deeP knowledge is consulted for the system under con
sideration to establish which adjustment objects could 
JXO<iuce the kinetic data being considered via if-then rules. 
A. comparison to the pivot data for the process under 
consideration can establish which process variables de
viate from the pivot data and hence diagnose faults . 

Continuous systems 

A similar procedure is followed as that given for the 
fault diagnosis of batch systems. The difference lies in 
that a continuous process model such as that defined in 
Section C is applied . Hence, given a particular recovery 
of the continuous process to be diagnosed, the model 
consults both shallow as well as deep knowledge to de
termine which process conditions could produce the said 
recovery . This is compared to the pivot data for the pro
cess from which deviations may be established and hence 
process identification . 

These results of the fault diagnosis are retained, if so 
required , to perfoml the shallow-level diagnosis dis
cussed in option I , hence constituting the learning pro
cess of the model. 

It is clear from the above that the following diagnostic 
exercises may be conducted: 

(I) ore , slag, or adsorbent identification on the basis of 
leaching, reduction , and adsorbent kineti c data. 
(2) process fault diagnosis for both continuous and batch 
processes on the basis of kinetic data and/or final re
covery by interactive consultation of the shallow and deep 
process knowledge and comparison to the pivot data. 

C. Contilluous Process Models 

The above-mentioned kinetic models may be included 
into suitable process models which describe continuous 
systems. The simulation of continuous CIL processes will 
be given as an example, and hence, only these equations 
will be discussed . Similar equations may be developed 
for slag-reduction reactions in continuous electric fur
naces, for example. This deep knowledge is used to per
form fault diagnosis in continuous reactors , as discussed 
previousl y. 

Continuous models Jor CIL systems 

The equations that define the change of concentration 
in the solution, loading on the carbon, and element con
tent in the ore (Eqs . (9] through III], respectively) will 
be given subsequently (see List of Symbols for the 
meaning of the symbols). Ideal flow is assumed in the 
formulation of these models (Eqs . 19] through III]) al
though in the KBS , non ideal flow in the form of short
circuiting I{C;-Jncw = {aC;-1 + (I - a)C i - 2}o,dl and dead 
volume IVoct = V,,,,.I - Vdc.dl is formulatedY7 .2x l 

19J 
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dy . m" m~" 
.-:. = .;, [Yi+1 - yJ + M'O [Yi -I - Yi ] + r2 [10 ] 
dt /y'o c.t 

dg i v~n v;:'" 
- = -gi-I - -gi + r4 [II] 
dt Va<1 Vac' 

Depending on me;, M~~/ m~, and M~~/ any type of car
bon transfer mode, ranging from batch to continuous 
cocurrent to countercurrent, or a combination of these: 
may be simulated. 

III. V ALIDA TION OF THE MODELS 
AND DISCUSSION OF RESULTS 

The defined kinetic model forms the basis of the s im
ulation and fault diagnosis or process identification. To 
validate the model, various reactions and processes have 
been simulated as a function of the shallow and deep 
knowledge of the knowledge base. The results have been 
compared to results produced by well-established models 
or published industrial data . Subsequently, these kine tic 
models have been appl ied to si mulate continuolls pro
cesses. Fina ll y . the app l ication of thesc model s during 
fault dia!.!nosis will be di scussed . The model s arc so lvcd 
by Rung~-KlItl;J 1l1cthods L "11 

A . Atf.wr,lfi()11 M oi/(" 

This model has alrc;Jdy been validated in a previous 
articleY"1 The performance of the adsorption model was 
compared in that articlc to the well-establi shed Dixon 
Model.12uI Table I compares the loadi ng-time data pro
duced by the Dixon Model to that produced by the pro
posed model. All entries in the (a) column give the results 
produced by the given Dixon Model1191 (pulp density 
1460 kg/m', 1 : I mass ratio solids: liquid) . All the 
predictions at other carbon masses and starting concen
trations in the (b) columns are based on the concentration
time data of the entries in the I (a) column, which covers 
the adsorption up to the maximum equilibrium loading , 
i.e . , ±3541. (Dr = 1 h was taken to define klg(t)) . Only 
a few points are shown). This example illustrates the use 
of a fact during simulation. 

From column I (a) in Table I, it would be clear that 
for the first two and last entries, the following values for 
kl y(t) 1. may be calculated if or = I h: 

o ::s y(t) < 3248* k[y(t)l, = +0. 844 
3248 ::s y( r) < 3449 kly(r)h = +0.094 

y(t) 2: 3541 kl y(t) 1. = 0 

*3248 ppm = 1(30 - 12.2)'0.73/4000] ' 106 

The results (given in table form in order to illustrate 
the accuracy) compare favorably with the results of the 
Dixon Model. 1101 Similar simulations may be performed 
for adsorption onto ion exchange resins. 

B. Leaching Models 

A variety of leaching data from the literature will be 
used to illustrate the applicability of the proposed kinetic 
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Table L Concentration-Time Data in Column l(a) Were Used to Calculate Jc{y(t)], 
Which Is Applied to Predict the Con«ntration in Parts per Million in AU Columns (b) 

(a) d)' I d( = 0 . 12C(3600 - y) - 0 .022)' (b) Equations (1) and (2) ---
Me 

4 gil 1 gil 0 .5 gil 15 gil 

Time 1 (a) 1 (b) 2 (a) 2 (b) 3 (a) 3 (b) 4 (a) 4 (b) 

0 30.0 30.0 30.0 30.0 5 .0 5.0 1 1 ---12.2 12 .8 25 .3 25.1 4.0 4.1 0 .0027 0 .0036 
2 11.1 11.5 25.1 25.1 3.5 3.2 0 .0025 0 .0 
4 10.6 10.8 25 . 1 25 . 1 3 .0 3 .0 0 .0025 0.0 
9 10 .6 10.6 25 .1 25 . 1 2 .7 2 .7 0.0025 0 .0 

17 10.6 10.6 25 . 1 25.1 2 .7 2 .6 0'<>025 0 .0 
29 10.6 10.6 25 . 1 25 . 1 2.7 2.6 0 .0025 0 .0 

model. In each case. one kinetic curve was used to cal
culate k[g(t)1 and to predict the kinetic data under other 
operating conditions . 

The first and second examples compare the perfor
mance of the proposed model to two published shrinking 
core modelsyu~1 The third example is an approximation 
of data given by Nicol et a/.II"I The founh example uses 
experimcnta l data to predict kinetic data and appropriate 
adjust1l1ent fac tors under a variety of oper.Hing condi tions. 

I . LC(lcliillg of ZIIS ill (l{111<'OUS FcCI, .w/wioll 
Rath ('( (lIPI! showed that the kinetics of the reduction 

of ZnS in FeCI, so lution follow s a diffu sion-controlled 
shrinking core model. Their derived reac tio n rate con
stants w~rc used to determine the kinetic data which arc 
given in columns (a), (c). and (e) of Table II . The da(;j 
in column (a) was used to determine kl .':(t) I and produce 
the results presented in column (b) . The entries in col
umns (d) and (f) arc produced by adjusting kl.':« ()1 ac
cording to the reaction rates given by Rath ct o/yll From 
their given rate constants, appropriate adjustment factors 
could be determined with reference to the data in column 
(a), viz . , 0 .328 and 0 .0467 for 50°C and 30 °C, re
spectively; hence. the rule for the adjustment factor used 
to predict the values in column (d) would have the fol
lowing form: 

if ZnS leaching by FeCI) 
and distinguishing characteris tic 
and panicle size 100 pet - 75 /-Lm 

and temperature is ')0 °C 

then slope factor = <1) = 0 .328 
load factor = !l = I 
cost factor = I 

-

This if-then rule could be constructed from the fol
lowing temperature adjustment-objcct which holds for 
the ZnS leaching system characterized by a panicles siZe 
of 100 pct - 75 /-Lm (pivot data 60 °C): 

AOJUSTMENT OBJECT LABEL 
SUBDIVISION OF ADJUSTMENT 

OB.JECT 
11 - I INTERACTION FACTORS 
SLoi'E FACTOR 
LOAO FACTOR 
COST FACTOR 

tcm perature 

50°C 

(1) = 0.328 
n = I 

: I 

2 . Lcacliing of c//(//c0l'yrit(' (l/ ('/('V(l/cd temperature 
Yu ('( (J/y~1 showed that the leaching of chalcopyrite 

at elevated temperature can be described by a reaction
controlled shrinking core model. They showed that the 
linear rate constant may be defined by a Langmuir-type 
isothenn, which is a function of both temperature and 
oxygen pressure . These data could be used to define rules 
for both temperature and pressure. If the data in column 
(a) are used as a basis. inclusive of operating conditions 
(forming the pivot data). the adjustment factors in the 
form of pressure and temperature rules were 0 .872 and 
2.225 for columns (d) and (f) , respectively. The data in 
columns (a), (c), and (e) were determined using the pro
posed model and kinetic data of Yu et af. iJ2t (sec 
T able II) .t)}1 A regression equation describing the (I/fo) 

Table II. Data in Column (a) Are Used to Calculate k[g(t»)* 

(al, (c), and (e) : 
(b). (d), and (f): 

Time 
(min) 

o 
20 
40 
60 

100 
140 
180 
220 
260 

I - (2/3)a - (I - a)~t) = i;r 
Equations 13J and 141 

(a) 

o 
0.416 
0.559 
0 .657 
0 .790 
0.877 
0.936 
0 .975 
0.996 

60° C 

(b) 

o 
0.414 
0 .559 
0 .657 
0.790 
0.877 
0.933 
0.975 
0.996 

(c) 

o 
0 .250 
0 .345 
0.413 
0 .515 
0.592 
0 .653 
0 .704 
0 .748 

(d) 

o 
0 .248 
0 .344 
0.413 
0 .5 15 
0 .591 
0 .653 
0 .704 
0.748 

(e) 

o 
0.098 
0 . 137 
0 . 167 
0 .213 
0 .250 
0.281 
0 .308 
0 .333 

30 ·C 

(f) 

o 
0.062 
0 . 120 
0 . 167 
0 .213 
0 .249 
0.281 
0.308 
0 .333_ 

__ '~A~I~tc~n~ln~' c=s~a=r~e~&~a~cl~io~n~al_r_c_co_v_c_ri_cs_· . _______________________________________________________________ _____ 
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dependence of particle size on the reaction rate could 
alSO be defined, although not required. 

From Table III, it is clear that the pivot data for this 
eXample would include the adjustment objects for pres
sure and temperature and the concentration-time data for 
COlumn (a) . The regression adjustment object that de
scribeS the pressure dependence could be defined by 

MlJUSTMENT OBJECT 
LABEL 

/I - 1 INTERACTION 
FACTORS 

VALID RANGE 
SLOPE FACTOR 
LOAD FACTOR 
COST FACTOR 

pressure 

75 :s Po, :s 400 psi 
<I> = A . Po,/( I + B . Po,) 
n = I 

The A and B values in the above regression object were 
taken from the referenced text (Table II), with A ad
justed in order to nomlalize the object with reference to 
the pivot object. 

3. Leaching of Gold 
The Mintek leaching modeJ' '"I was used here as a basis 

for determining the kl g( t)] valucs used to predict the val· 
ues in columns (b) and (d) or Tahk IV. The va lues in 
column (a) were deterlllined by thc g.ivcn Mintek ral':: 
equation, while the values in co lullln (c) werc produced 
by increasing thc rate by a factor 2.X::; by an aprropriatc 
adjustment rule . Ikncc. thc ir-then ruk produccd fron l. 
the adjustment objects for the particular orc under con
sideration could be 

if Au leaching 
and pyritic ore 
and particle size 75 pet - 74 J.llll 
and (CN] = 200 ppm 
and density = 1460 kg/m' 
and temperature = 30°C 

then slope factor = <I> = 2.85 
load factor = n = 1 
cost factor = I 

4. Leaching of Blackbird cobalt concentrate 
The data given by Harris et al. (331 were used in this 

example to illustrate the use of a number of rules to pre
dict the kinetic data . The data in column (a) of Table V 
were used as a basis for subsequent predictions given in 
columns (d) and (f). The data in column (a) correspond 
to a leach of the Blackbird cobalt concentrate performed 
at 1200 kPa, 150°C, 30 pct solids, and 46 gil Na2SO., 

which are the pivot data with a reference slope factor 
of I. 

From the given data rules which include O 2 pressure , 
temperature and level of Na2SO. could be defined. The 
adjustment factor for the rate for the decrease in tem
perature from 150 "C to 140 °C could be determined from 
the given kinetic data to be 0.666, for the decrease of 
Na~04 from 46 to 20 gil an increase of 1.1, and for 
the decrease in operating pressure from 1200 to 860 kPa 
as 0.1. These adjustment factors were obtained directly 
from the given data with reference to the pivot adjust
ment objects, which were applied during the definition 
of the following if-then rule for this process: 

if leaching of Blackbird concentrate 
and distinguishing characteristic 
and. O2 pressure = 1200 kPa 
and temperature = 150°C 
and 30 pet solids 
and 46 gil Na2SO. 

then slope factor = <I> = I 
load factor = n = 1 
cost factor = 1 

For the case for which the Na2S0. concentratio n de
creases to 20 gil. thc adjustlllent rule wo uld be 

if ic;lChing or Blackbird conccntr;llC 
and 
and 
and 
and 
and 

then 

distingu ishing. characte ristic 
O2 rr.::ssure = 1200 kl';1 
telllperaturc = 150 °C 
30 pet so lids 
20 g./1 Na 20. 
slope factor = <I> = I. 
load factor = n = I 
cost factor = I 

This rule will later be app lied to demonstrate the fault 
diagnostic activities . 

C. Pyrometallurgical Reactions 

As an illustration, three reactions are discussed as a 
function of various data in the knowledge base. 

I. Ilmenite reduction with graphite 
EI-Guindy and Davenportl341 proposed a diffusion

controlled shrinking core model to describe the reduction 
of ilmenite to Fe and Ti02 by carbon . The activation 
energy of this reaction was calculated to be 268 kJ/mol 
between 1075 °C and 1140 0c. From the data given, a 
reaction rate of 0 .00115 min-I could be estimated for a 

Table III. Data in Column (a) Used to Calculate k[g(t»)* 

Time 
(min) 

325 psia 
160°C 

250 psia 
160 °C 

(b) (e) (d) (~ ~) 

250 psia 
175 ·C 

0 0 0 o 0 0 0 

(f) 

0 .388 0 .345 0.345 30 0 .388 0.713 0 .713 
0 .660 0.600 0.600 60 0 .660 0 .968 0.968 
0 .836 0.779 0.778 90 0.836 1.000 1.000 
0.938 0 .894 0.894 120 0.938 1.000 1.000 
0.985 0 .960 0 .960 150 0 .995 1.000 1.000 
0 .998 0 .990 0.990 180 0.999 1.000 1.000 

------------------------------------------------------------------------~~--------~~~----
• All entries are fractional recoveries . -----------------------------------------------------------------------------------------------
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reduction performed at 1075 O( with 9.6 pct C. Using 
the given activation energy and shrinking core model, 
the kinetic data in columns (a), (c), and (e) of Table VI 
could be detennined . As with the previously defined 
models, a regression equation describing the (I /r~) de
pendence of panicle size on the reaction rate could also 
be defined. 

The kinetic data of column (c) foml the basis for the 
predictions in columns (b), (d), and (f), respectively. 
The predictions are produced by adjusting k[r(r)] ac
cording to the temperature rule . which predicts an ad-

Tahk IV . Data ill Column (a) Were Used to 
Calculate k(.t:(I) \, Which Is Used to Estimate the Ore 
Grades (ppm\ ill Columns (b) and (d), Respectively· 

(a) d~/dl = -0 .7(g - (} .1 9)~ 
(b). (d) Equalions 1:1\ and 141 

Re.:sullS or Equalions 

Time.: (a) (b ) (c) 

0 ") ~ 2 .. 1 2 .:1 
I 1.0 :; 1.03 (l .) ')-1 
~ () 71lS 0 .702 0.4 1:1 
-1 I).·nll o -17-1 <l.:\OS 
S 11.:1.1-1 <UJl 1l .2S I 

IC! 0 .2:;(, 1l .2)(l 0 .221 
2 ~ 1l .2.1 1l .2.1 . 0 .21 I 

(d) 

2.:1 
O.(,O7 
(l .-11 7 
O .. 11l') 
0.2) I 
1l .22 1 
1l .211 

justment factor of 0.64, I, and 1.98 for the temperatu 
1075°(,1100 0(, and 1140 0c. respectively . res 

2 . Dccarburizorioll of liquid iron by carbon diOXide 
Sain and BeltonP~1 showed that between 1160 0c 

. . f h· h arb and 1600 O( the decarbunzatlon 0 Ig C On iron is fi 
' ~R 

order with respect to Pco, · 
The values in Table VII were taken directly from th 

gr<lphs; hence , only the two-decimal accuracy (data i~ 
columns (c) and (d) arc for the same iron sample). Th 
data bank consisted of two rules. viz . • o.ne for temper~ 
ature and one for pressure . The respective adjustme t 

I . n factors necessary to produce the va ues In columns (d) 
and (f) are 0 .656 and I, rcspectlvely . These were cal. 
culated by the application of the givcn kinetic model and 
the given rate constants given in a In (k) vs I /T format 
for the different types of iron samples. Hence , the pres. 
sun: factor object, which could be defined for the data 
in coluillns ([) with respect to the data in column (b), is 

ADJUSTMENT OBJECT 
LABEL 

SUBDIVISION OF 
ADJ USTM EN'!" 
OBJECT 

/I-INTERACTI() N 
FACT()I{S 

SLOPE FACTOR 
LOA!) FACTOR 
COST FACTOR 

: pressure of (02 

(1. -l ~ ; 1l111 

j I'le. 

<I' 2.4 ' ( =OAX/O.2') 
!! = I 
j 

*0 .2 rC·jll\:sellt s tilL· pi vot pressure . 

Tahle V. Da(a in Column (a) Arc Usc'd (u Cakulale klg(t) 1* 

1)0 °C 150 °C 

Time 
ISO °C 140 °c 20 g/I Na,SO. 860 kPa 

(min) (a) (b) (c) (tI) (e.:) (I") (g) (h) 

0 0 0 0 0 () 0 0 0 
:10 0 .75 0 .75 0 .50 0.54 (l.X:I O.XO 0.10 0.09 
45 o. <)2 0 .92 0.72 0 .75 0 .9 S 0')4 0. 12 0. 13 
60 0.95 0.95 0.87 O.XX 0 .95 0 .95 0.15 0. 17 
75 0.95 0.95 0.95 0')4 0 .95 0.95 0.20 0.21 
90 0 .95 0 .95 0.95 0.95 0.9) 0.95 0.26 0.26 

*AII cnlric:-. aTC fraction.al recoveries. 

Tahle VI. Da(a in Column (el Are Used (0 Calcula(e klr(t)I" 

(a), (e) . and (el: I - (2/3la - (I - a)u .' = kl 
(bl, (tl), and (f): Equalions 15J and 161 

k 1075°C 

Time 0.00115 

(min) (a) (b) 

0 0 0 
20 0.40X OA09 
40 0 .550 0.551 
60 0 .646 0 .647 
X(J 0.720 0 .720 

100 0 .779 0.779 
120 0.827 (l .827 
140 0 .866 0.866 

IIO() °c 
0.OOI7<J 

(el (tl) 

0 0 
0.495 O.4<J5 
0 .656 0 .6)6 
0 .7(,1 0.761 
0 .8:16 0 .8:16 
0 .!!9:1 (UN:I 
0.935 0 .9:15 
0.966 0.966 

(el 

1140 °C 
0.00354 

o 0 

(f) 

0 .653 0.653 
0 .X33 0 .833 
0.932 0 .933 
0.985 0.985 
I.(){)() 1.000 
I .OO() 1.000 
I. ooo I. 000 

I SO 0.927 0 .927 0 .999 O.99X I .OO(J 1.000 ____ 
--~~----~~--~~----~----~~-------------
__ '~A~II~c~n~lr~ic~,~"~~~rr~"c~l~io:n:"I~r~c~c<~)v~c~ric~'~. _______________________________________________________________ ----
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Table VII. Data in Column (a) Are Used to Calculate .liril)]* 

----------------------------------------------------------------------------------------------
(a). (c ). and (c) Data from Sain and 13cltonl-'51 
(b). (d). and (f): Equations 15] and 161 

1550°C 1400 °C 1400 °C 

Time Peo: = 0.2 Pco: = 0.31 Pco, = 0.48 

(sec) (a) (b) (c) (d) (e) (f) -- 0 0 0 0 0 0 0 
60 0.17 0 . 17 0 . 11 0 . 11 0.17 0 . 17 

120 0.34 0 .34 0 .23 0.22 0 .34 0 .34 
IgO 0.52 0 .51 0 .34 0.33 ---------------------------------------------------------------------------------------------------

• All entries an: );!ivCIl as loss of mass in ~rall1s . 

---~--------~----------------~-------------------------------------------------------------------

3. Nic/.:eI oxide reductio/l lI'ilh hn/rogel/ 
Szekely and Evans l ... •1 used a structural model to de

scribe the reduction kinetics of solid and porous NiO pel
lets with H~. Since the two porosities of O.3R4 and 
approximately 0 .73 correspond to two different diffu
sional scenarios. they cannot be compared purcly by a 
manipUlation of the rate co ns(;t nt. Each porosity ha s its 
own characteristic kinetic rate tLII;1. I kllce. in thi s ex
am ple . column (c) of Tab le VII\ W;IS USl:ti to calculate 
k[r(I)1 and subsequently predi l· t the \'; i1ues in columns 
(b) and (d) wh ile the v;i1ues ill l'OIUIllII (~) were used to 
predict the values ill l'olulllIl , (f) ;lIld (hl. This could he 
achieved by ddillin~ two ruks for e;ldl porosity, OIlC 
for temperature on the h;lsi, nf the ~i \,l' 1I ;lctiv;l tion ell
ergy and one hased Oil tile illvl'I'se of the r;ldius of the 

pellet. 
Hence. the if-then rule for COIUIllIl (;1) would h;lve the 

following form : 

if NiO reduction by II ~ 

and porosity = O.72X 
and temperature = 2<)<) °C 
and pellet radius = 0 .77 cm 

:hen slope factor = <j> = 0.%'1.53 1.47 
load factor = n = I 
cost factor = I 

The adjustment factors produced by the other rules are 

summarized in Table VIII. The subseq uent deep knowl
edge is used to perfonn the simulation. The two-decimal 
accuracy is attributed to the inaccur..tcies involved while 
est imating data from the kinetic curves given by S7.ekely 
and Evans .I''''1 

D. COlll i llllOIlS Adsorplion (lnd Le(lching lI[otlels 

The simulation of continuous processcs is illus tra ted 
here by simulati ng ;1 el l) and ;1 C I L clscltie and com
paring the results 10 I)uhlisheti d;II;1. Only LICb alld fUllc
tions describing the prllcess Wl're IIsed hne to perform 
the simulation. (Thl'se reslllt, ;Irc' si milar to til;lt given 
in an earlier ;lrtide) .I.'SI 

I . Simul(llion liF iI ('linl inUlllls ell' ('(1.\'('(1( / " 

The /.:1."(1)1 for thi s s imulation is produced ,·ill Eqs . III 
and 121 fmlll the d;l(;I given by Nicol ('I (1/ .. 11'1 taking a 
pulp density of' 1460 gil. I: I liquid to so li ds Illass 
ratio. [AuL = O.R ppm "' in the first stag.e throughout. 

'This value coulo he c ,iculalco from E'l . It I'''' up Il) a loaoing of 
4(X)(J pplll . COlTcspondin!! cOIH ... cntr:.&tinn-timc data for Figure 1'1111 shoulu 
he availahle in oroer 10 cakulale klyll)\. hUI since Ihe,c were nol 
avail;.sblc. O.H was used as an avcr~lbc conccl1lr.J(joll over all loading.s . 

and 25 gil carbon . These data arc summari zed in 
Table IX. 

These values for kl ."(1) I Illay now be used to simulate 

Table VIII. Data in Columns (c) and (g) Arc Used to Calculate .l1r(1) I for the Two Respective Porosities* 

(al, (el. (e), and (g): Szeke ly and Evans l ll' l 

(b). (d) . (fl, and (hl: Equations 151 and 161 

r" 0 .77 cm 

Time (min) 

o 
2.5 
5.0 

10.0 
15 .0 
20 .0 
45.0 

Temp 
Porosity 

Factors r" 
Temp 

Prod 

~II emric, arc fraClional recovcrie, . 

ETALLURGICAL TRI\NSI\CTIONS I! 

299°C 
O.72H 

(a) (b) 

0 0 
O.W) 0.g6 
1.00 1.00 
1.00 1.00 
1.00 1.00 
1.00 1.00 
I .O{) 1.00 

1.53 
0 .96 
1.47 

1. 178 cm 
301 °C 
0 .734 

(e) (d) 

0 0 
0 .69 0.6g 
0 .95 0.94 
1.00 1.00 
1.00 1.00 
1.00 1.00 
1.00 1.00 

I 
I 

O.HO em 1. 12R cm 
303°C 293 °C 
O.3H4 0 .3 H4 

(e) (f) (g) (h) 

0 0 0 0 
0 .39 0.37 0 .24 0 .24 
0.60 0 .56 0.40 (J.40 
O.HO O.ln 0 .6 1 0.61 
0 .95 0 .9H 0 .77 0.77 
I .00 I. (J(J 0.H9 0 .89 
I .00 1.00 I.O(J I.(JO 

1.41 
1.23 I 
1.73 
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Table IX. Summary of the Calculated 
k(y(t)] Values According to Equations (lJ 
and (21 Using the Data of Nicol et al. I " I* 

Loading Range Ippm] kl.r(I) ]n Time Ih1 

0.00 to 4000 +3.42** o to 50 
4000 to 6804 +2.40 50 to I ()() 
6804 to 8176 + 1.17 100 to 150 
8176 to 916R +0:85 150 to 200 
9168 to 9986 +0.70 200 to 250 
99116 to 10.307 +0.27 250 to 300 

10.307 to 10.512 +0. 11\ 300 (0 350 
10.5 I::! and lar~cr +0.00 350 and largcr 

'Tahlc t;oken frolll Rcfcrcnc'e 27 . 
"Frolll Eq . 121: It4000 - 0) · 25 · 10 '1/IO.7J · () .X· 501 = +3.42 . 

a five-stage CIP system as described by Nicol et al. II •'1 

(Volume of reactors 400 t and otha data arc as in 
Table X) . 

In this s imulation. the pulp flow rate amounts to 
400 I/h and a total transkr of the carbo n inventory oc · 
cures evay 4 l) hours . The entries in co lumns (:1) of 
Tahle X :Irc measurcd prncess d :tl :l. the e ntrie s in col · 
Ulllns ( h ) :11'<: as s illlul:ll cd by the Illode l su~~es t ed hy 
Nicol , ' I (/ / .. \1 "1 and thc c lltr ics ill co lulllns (c) arc :IS 
~ i mulated hy thc 1l11 ldcl prnpo scd he rc . 

The amount oj' clrhon prcdi ctcd by the 11Hldei pro· 
posed here. i .e .. 22 ~/I . is nwc h c loser to the real pro
cess value or 25 t:/1 thall th:lt pred icted by Nicol ('/ (// .1" '1 
of 17 gil. Using the rules oj' the dat:1 Ins-: Illodel. the 
process cond i t ions cOllld he determ i ned w hi c h produce 
the exact carbon concentratioll of 25 ~/I. Thi s could bc 
expected in view of the fact th ;lt the data hase is an ac
curate representation of the re:ll data . 

2. SimularioJl of 11 cOllliJllWUS CIL ClISCOi/(' 
This simulation is an extension of the CIt> simulation 

discussed above. with adsorption and leaching taking place 
simultaneously. The retention time in the three leaching 
pachucas is 3 h/pachuca. while that in the following five 
leaching/adsorption tanks alllount s to I h/paclluca. Tile 
reader is referred to Reuter ('/ ,d . I~71 for tile results of tllis 
simulation . A simulation involving a continuous transfer 
of carbon and tile effect of carbon poisoning was dis
cussed by Reuter and van DcventerYKI 

E. Faull Diagllosis 

To illustrate various aspects of this model. two typical 
edit windows of tile program are gi ven. Figure 3 depict s 

the editing of the adjustment object oxygen pressure, While 
Figure 4 illustrates the final result after a search t!:trough 
the shallow knowledge to identify a fault in the Blackbird 
system.!331 

I . Faull diagllosis ill a batch reactor (optioll 2) 
Consider the leaching of the Blackbird cobalt concen_ 

tmte. t331 The if-then rule comprised of the appropriat 
pivot adjustment objects is repeated here: e 

if leaching of rllackbird cobalt concentrate 
and distinguishing characteristic 
and pressure = 1200 kPa 
and temperature = 150°C 
and 30 pet solids 
and 46 g/I NalSO. 

then slope factor = <\> = 
load factor = n = I 
cost factor = I 

The concentration-time data associated with this pivot 
data may bc found in column (a) of Table V . The ob
jective now is to diagnose the process if the data in col. 
umn (c) of the same proccss arc gi ven as an input. The 
appropri :lte sum of time·weiglled slopes is subsequently 
detertlli ncd from tlli s d:lla (b.j . IXI) . :lI1d if poss ible , the 
fin:t1 alt ;,in:lhle rcco very is produced . 

I\ s n1:1 y be scen from Table X I. on I y a few of the 
s lope·load d :tl:t point s :Ire given . It is possible to cal
eubtc the time-weighed slore for each of the complete 
data set s . whicll are 2(l.04l for tile pivot data and 18 .075 
for the ll:lta being diagnosed. respectively. As these data 
:lrc inversely proportional to the rate /.;" (Eq. [8]) and 
since the s tarting cOllcentration of each arc identical, a 
<I> = value of 1. 11 (20 .043/ I X.075) could be estimated. 
It is :t1 so obvious from the given data that the final 
recovcry for Co for both sets of data is 95 pct; hence, 
n = I. Tllese two bits of inforrn;Jtion arc the basis of 
subscljuent diagnoses. 

Tile inference engine now attempts to match these ct> 
;Jnd n values with the knowledge aV;Jibble within a pivot 
object which corresponds to the type of ore being con· 
sidercJ. I\s D. = I, the search focuses on <\>, and it would 
be clear that tile diagnoses would produce the following 
operatillt: conditions: 

tcmperat ure = 150 °C 
30 pet solids 
20 gl I Na~SO. 
1200 kPa 

as these data produce an ;Jdjustmcnt rule with a <P value 

Tahle X. Comparison or Process Data, Predictions hy Nicol el ar.,""1 and the Model Proposed in this Article 

4001/h 

Solution (~/r) 

Stage (a) (h) (c) 

Feed 2 .02 2 .02 2.02 
t 0 .76 0 .52 0.51 
2 0 .24 0 . 13 0 . 13 
3 0 .039 (1.034 0.032 
4 tl.O I) (l.OO9 O.OOX 
) (l.OO::! (U)02 0 .002 

/<1(. 25 gil 17 gil 22 gil 

55~- vOLUME ~2lJ . AUGUST 19'11 

(a) 

0 
3092 
1600 

16X 
40 
IX 

25 gil 

Loading (~/I) 

(b) (c) -
0 0 

3097 3179 
793 792 
201 195 

49 46 
10 10 

17 gil 22 g!:.--

Or-it 
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ig . 

I TYPE OF ORE :::::: 
PROPERTIES I 

A TEMPERATURE ) } 

B DENSITY [ EDIT: < 1200 kPa > ] 
C [Na2S0~] Interaction with 

0 PRESSURE Interaction with 

E ........... Interaction with 

F ... - . ... .. Interaction with 

G ....... .. .. .. .. Interaction with 

H .. .. .. . ... .. Interaction with 

I ... .. ........ Interaction with 

J .. .... .... .. Interaction with 

K ........ ...... Interaction with 

L .. .... ...... Interaction with 

H ...... .. .. Interaction with 

EXIT Interaction with 

Interaction with 
.. Slope Factor 

Loading Factor 

Cost Factor for 

Menu-Itetl 

Menu-It_ 

Menu-It811 

Menu-It_ 

Menu-Iteal 

Menu-It_ 

Menu-Ite .. 

Menu-It_ 

Menu-Item 

Menu-It_ 

Menu-Ite", 

Menu-Item 

Menu-Item 

this Item 

A 

B 

C 

O 

E 

F 

G 

H 

I 

J 

K 

L 

M 

[aJ 

[8J 

= 1.00000 

= 1.00000 

= 1.00000 

1.00000 

= 1.00000 

1.00000 

1.00000 

1.000pO 

= 1.00000 

= , .00000 

= 1.00000 

1.00000 

1 .00000 

1.00000 

1.00000 

1.00000 

ELECT I 
<>v--OWOSE Me.=131833 

3- Editillg the oX y~~ 1l pi\,\ll (,hjcf.:t 1111 Iht.." BI:u.:khird cuh:tl t C'HlC~lllra t c.: . 

ELECT 

P---~--~-=~EURISTIC DATA 

TEMPERATURE 

DENSITY 

[Ha2S0~] 

PRESSURE 

· .... .......... .. ..................... I 

· ................................... . .. .. ... 
· . .... . ...... ........... .. ..... .... ...... , 
· ... ...... .... .. . ....... ....... .... ....... 

· .......... .. ........................... , 

· ........................................... 

· ....................... .o.o.o .... . .... , 

· ...... .o ••• ••••• • • .o •••• •• ••••• , 

· . .......... .. ................. I 

· ... ..... . .................... I 

· ... ....... . .... . ............... . . 

CONOITI~======~===-~~ 

150 DEGREE CELCIUS ::f: 
30X SOLIDS ::::: 

,:{: 
209/1 1-:::·:· 

1200 kPa \: 

I:>:: 
.. ;..: 

.............................................. ;';':: 

............. . .... .o • .o • .o • •• ••• : .:: : :: 

. .... .... .. .o ....................... . :::::: 

~.-... -... -... ~ ... -... -... ~ ... ~ .. = ... ~.:= ... = ... = . .. =.· ·~···=···=··=··· ~···~··I f; 

IF YOU WANT TO PRINT SOLUTIOft 

<>v"--QiOOSE (J -SELECT (Eec)-RETURN 

18:3 

~=~~101 

'ig. 4_ Result after a scarch through the Blackbird knowledgc hasc . 
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Table XL Data in Columns (a) and (e) 
of Table V Transformed into Slope Data 

Column 
in 

Table Y (a) (e) 
Time g(l) klg(I)]. g(l) klg(I)]. 

0.0 1.000 0 .0293 1.000 0 .0343 
0 .9 0.974 0 .0301 0 .969 0 .0354 
1.8 0.947 0.0309 0.939 0 .0364 
2.7 0.921 0.0317 0 .908 0 .0376 
3.6 0.896 0 .0325 0 .878 0 .0387 
4.5 0 .870 0.0334 O.S4 8 0.0399 
5.4 0.844 0.0343 O.SIS 0.0412 

57.6 0 .0504 0.0041 0.0482 (l.()() I 0 
58.5 0 .0502 0 .0025 0 .0489 (J.()() 15 
59.4 0.0501 0.0017 0.0496 0.0012 
60.3 0 .0500 0 .0013 0 .0502 0 .0010 

of 1. 1 and a n value of I. This diagnostic activity would 
then point out that the Na~SO. is 20 g/1. helow the 
46 gil of the pivot ohject. 

To summarize. an initial shallow level search would 
have produced the results given above if they had been 
present (option I) . If these data were not availahle. a 
second deep-level search would have been performed by 
the application of if-then search rules until a matching 
final recovery is ohtained. If a matching final recovery 
is found. the search proceeds to a search of the sum of 
time-weighed slopes. 

2 . Fault diagllosis ill cO//lilluous r('(lCtor.\" (oplion 2) 
The simulation of the continuous CIP is taken as an 

example here. As was clear from the results of this ex
ample discussed previously, the model produced a car
bon concentration of 22 gil. while it is 25 gil in actual 
fact. This discrepancy is a((rihuted to process conditions 
being d'issimilar to the pivot data that are valid for the 
calculated slope-load. 

Fault diagnosis of this process would have identified 
a decrease in the loading capacity of the carbon due to 
carbon poisoning as a possible reason . This is effected 
by a deep-level scarch through the knowledge base. a 
simultaneolls numerical simulation of the CIP process, 
and a comparison to the pivot data for this process . 

IV. CONCLUSIONS AND SIGNIFICANCE 

The discussion and results above serve to illustrate the 
following regarding the knowledge-based system: 

I. The shallow and deep knowledge of the knowledge 
base can be applied to simulate batch and continuous 
adsorption, leaching, a comhination of these. and re
duction processes . 

2. It is shown how a very simple model and adjustment 
factors can be used successfully to perform both fault 
diagnosis or process identi fication and the above
mentioned process simulation . 

3. The application of shallow and deep knowledge in 
the form of adjustment objects grouped into larger 
obje::ts (e.g., pivot objects) permits the simulation of 
the above-mentioned reaction systems at all process 
conditions catered to by the knowledge base . 

4. The user has total control over all shallow and deep 
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knowledge presented in th~ form of facts, objects 
(frames), rules, a~d funcl1~~s. ~ese define both 
physical and chemical conditIOns 111 the reactors a d 
may be edited \·ia user-friendly menu interlaces. n 

5 . Although not shown, cost objects and associated e 
~ . be I'ed ost adjustment objects may a~p I to perlorm eco-

nomic evaluation of the menlloned processes. 
6. No example has been given i~ :o'hich. the load ad

justment factor has been expltcltly diSCUSSed. 10 
interested reader is referred to an article by Reut e 
and van Deventer.\71 in which this aspect is discus:~ 
for notation . 

LIST OF SYMBOLS 

A, IJ constants 
a. h. constants 

c . d 

C, C. 
C. 

Co . c: 
g. g,. 

g" 

k'. k" 

Me. M" 
M, 

p 
r(l) 

v"" \.;:, 
y. y,. 

y" 

[il 

Re. Sc. 
Sh 

conccntration in a batch reactor, 
concentration in stage i and data point n, 
respectively [ppml or [-I 
inili;d concentration [ppml or [-I 
me grad~ in a hatch reactor, grade in stage i, 
;Ind gLide data point 11. resrectively [g/ ton] 
or I- I 
pi vot ;llld init ial o re graue . respec tively 
I g/ tolll 
I";II C V;II'i; lble as a function o( Y(ll. r(I), and 
g( l) Ih 'I 
tillle-weighed s lopes Ih - II 
Illass concentration of carhon. liquid 
(g solution/liter pulp), and solids (g solids/ 
liter pulp). respectively [g/I] 
Illass !low rate of the carbon countercurrent 
;Jnd 11(." for cocurrent now [kg/h) 
mass of carbon being transferred 
countcrcurrent and M::':, cocurrent [kg) 
pressure 1 Pa I 
concentration of unreacted compound in 
pyrollletallurgical reactions [ppm) or [-) 
rate equation [ppm/h] 
radius of pellet [cm] 
time [hi 
temperature [OCI 
active stage volume [m>1 
pulp now in and v;:Ubut of a stage [m 3/h] 
carhon loading in a batch reactor, loading in 
stage i , and loading data roint n [ppm] 
or [-I 
time increment 
Reynolds, Schmidt, and Sherwood numbers 

recovery [-I 
(M,/Mdl.2 for adsorption 1-] 
(M,/M,) for leaching 1-) 
slope and load adjustment factors, 
respectively [-] 
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ABSTRACT 
\ 

13 

Reuter, M.A. and Van Deventer, J.S.J., 1992. The simulation and identification of flotation processes 
by use of a knowledge based model. Int. 1. Miner. Process., 35: 13-49. 

This paper illustrates the application of a knowledge based system to perform fault-diagnosis, dy
namic simulation and the optimization of batch and continuous flotation processes. The proposed 
approach is essentially useful to simulate ill-defined dynamic processes where existing fundamental 
and empirical models fail owing to their lack of generality. 

A generalized kinetic model is defined and linked to a knowledge base via adjustment objects in 
order to perform flotation process simulation. The kinetic model and the accompanying knowledge 
base are also applied to produce the bounds to a generalized linear programming model of a general
ized flotation plant to assist in its optimal design. It is shown that the proposed approach could be 
used to simulate flotation data for batch and continuous operations. In contrast with most existing 
models, no curve-fitting is required, as the kinetic model utilises experimental data directly. Also, 
adjustment factors are defined in an intelligent way in the knowledge-based system so as to relate the 
operating conditions to the kinetics of flotation. In this way, a generalised description of kinetic be
haviour is effected. 

It is shown how the generalized kinetic model is applied to perform fault diagnosis i.e. to identify 
the process conditions within a flotation cell or bank, and to recommend process conditions which 
could improve flotation behaviour. 

1. INTRODUCTION 

The simulation, identification and optimization of flotation circuits is very 
complicated by virtue of the large number of process variables which are in
volved during flotation. The numerous factors that influence the flotation of 
valuable components in a flotation cell are well documented (Lynch et aI., 

Correspondence to: M.A. Reuter, Institut fUr MetallhUttenwesen und Elektrometallurgie, RWTH, 
Aachen, Germany. 

0301-7516/92/$05.00 © 1992 Elsevier Science Publishers B.V. All rights reserved. 

Stellenbosch University  https://scholar.sun.ac.za



14 M.A. REL!TER AND 1.S.1. VAN DEVENTER 

1981; Frew and Davey, 1988; Frew, 1982). Schumann ( 1942) explained that 
the kinetic behaviour of minerals during flotation will in many cases supply 
worthwhile information regarding the process and hence the effect of the var
ious process conditions. Schumann (1942) demonstrated that changes of 
process conditions within flotation cells have a measurable effect on the flo
tation response. In view of this observation, Dowling et al. (1986) investi
gated the reliability of various kinetic flotation models to describe the flota
tion of selected copper ores, a first step in the direction of the optimization of 
a flotation process. Of the thirteen models that were considered a two param
eter first order model with a rectangular distribution of floatabilities and a 
two parameter model with constant floatability were found to be superior. 
However, the claimed superior first order model with a rectangular distribu
tion produced a final recovery of more than 100% for the least squares fitted 
data. Most other models performed badly owing to a large confidence limit 
on the fitted parameters of the models. Although the authors could demon
strate that, for example, the final recovery increases with decreasing particle 
size, the large confidence limits makes any precise characterization of the spe
cific flotation process difficult. The large number of different rate equations 
with parameters which all have a different meaning (except the final recov
ery) makes the formalization of a specific identification method even more 
difficult. 

The parameters of the many existing fundamental models lump numerous 
process conditions, hence, little information regarding the process can be ob
tained from them other than the final recovery which could increase or de
crease. Attempts have, however, been made to define the parameters of the 
rate equations in terms of specific process conditions. For example, Frew 
( 1982) suggested an exponential relationship to define the variation of the 
first order rate variable as a function of density in zinc cleaning circuits, while 
Lynch et al. (1981) related the collector addition rate to the ball mill of a 
chalcopyrite circuit to the slow floating fraction of this ore as described by a 
four parameter model. Performing this type of analysis for each specific model 
(claiming it to be better than another model), does little to place all these 
in vestigations on a common base. 

Hence, it is the objective of this paper to propose a two parameter knowl
edge-based kinetic model which should have the following characteristics: (i) 
it must fit the data exactly, irrespective of the type of process, (ii)· variances 
in fitted parameters produced via least squares methods must not affect the 
accuracy, (iii) it must be a function of all possible process conditions e.g. 
frother and collector addition, depressant, pH, aeration rate, dep-sity etc., (iv) 
anu the proposed model and accompanying knowledge bas~d structure must 
be simple to facilitate its solution by the application of a commercial knowl
edge based tool e.g. a hybrid expert shell such as "Leonardo" (1989). 

The manner in which this is accomplished in this paper is by using a hybrid 
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knowledge based approach, i.e. both qualitative (experiential and heuristic) 
and quantitative (equation orientated) knowledge is used to describe the ki
netics of the flotation process. This is achieved by applying a variety of tools 
offered by knowledge based technology, as is clear from the various applica
tions. Variou~ ill-defined chemical engineering and mineral processing prob
lems have been modelled and solved by using knowledge based techniques. 
Most of these applications (many prototype examples), however, have been 
concerned with steady-state circuit design (Stephanopolous et al., 1987; 
Kirkwood et al., 1988; Beltramini and Motard, 1988), programmes for the 
selection of equipment, processes or reagents e.g. DECADE for the selection 
of catalysts (Banares-Alcantara et al., 1987; 1988), synthesis of operating 
procedures (Stephanopolous et ai., 1987; Lakshmanan et al. 1988; Fusillo 
and Powers, 1988; Foulkes et aI., 1988), malfunction diagnosis (Shum et aI., 
1988; Rich and Venkatasubramanian, 1987; Ramesh et ai., 1988; Venkata
subramanian and Rich, 1988; Hoskins and Himmelblau, 1989) and control 
synthesis (Stephanopolous et ai., 1987; Tzouanas et al., 1988; Lewin and 
Morari, 1988; Birkey et ai., 1988). 

Little emphasis has, however, been placed to date on the application of these 
techniques to the modelling of mineral processing systems. Tucker and Lewis 
( 1988) applied a knowledge based system to simulate gravity separation 
plants, while a couple of applications for the control of mineral processing 
plants have been reported (Ynchausti and Hales, 1990; Davis et ai., 1990). 
The dynamic simulation of ill-defined problems by the use of these tech
niques has, however, found little application in the literature. DaIle Molle et 
al. (1988) and Kuipers ( 1984) proposed the use of qualitative simulation for 
this purpose. Reuter et ai. (1991) and Reuter and Van Deventer (1991) 
demonstrated how a KBS can be combined with a system of dynamic equa- . 
tions to simulate leaching, pyrometallurgical reduction, adsorption onto resin, 
carbon-in-pulp (CIP) and carbon-in-Ieach (CIL) systems. No diagnostic sys
tem has really attempted to address diagnostics on a basis that includes all 
possible process conditions within a particular unit operation. Model based 
diagnosis, as it is proposed here, has been reported for the diagnosis of elec
tronic circuits ( Davis, 1984). 

In the above-mentioned systems various architectures have been applied to 
formalize the knowledge e.g. object orientated (Stephanopolous et al., 1987; 
Venkatasubramanian and Rich, 1988), frame orientated (Beltramini and 
Motard, 1988), hybrid systems in blackboard (Banares-Alcantara et al., 1987, 
1988), hierarchical (Lakshmanan and Stephanopoulos, 1988; Shum et aI., 
1988) and goal-tree-success-tree (Birkey et aI., 1988) systems. A variety of 
problem solving strategies exist to solve these problems which may be divided 
into (i) AI-programming languages e.g. PROLOG (Clocksin and Mellish, 1981 ) 
and LISP and (ii) general shells e.g. "Leonardo" for knowledge representa
tion, which include forward and backward chaining, inheritance frames, con-
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straints, and probabilistic, non-monotonic and temporal reasoning; some sys
tems only support rules e.g. OPS5 (Forgy, 1981) and EMYCIN (Shortliffe and 
Buchanan, 1975; Van Melle, 1981) while others are hybrid systems combin
ing a number of knowledge representation techniques e.g. KEE (1986). 

The methodology selected to solve the··problem discussed in this paper is 
based on an object orientated approach. The various objects are situated in 
an hierarchical network architecture permitting various rules to be applied so 
as to extract knowledge from the knowledge base following a backward chain
ing algorithm as applied in the MYCIN expert system, for example. In this 
paper, this methodology will be applied to illustrate the following regarding 
the proposed model: 

its ability to simulate batch cells and continuous flotation banks as a func
tion of the physical and chemical environment within the reactors, and 
perform fault diagnosis of the process conditions within batch and contin
uous flotation cells and banks respectively by following a rule and object 
orientated approach. . 

Diagnosis is implied here to encompass the identification of the process 
conditions within the flotation cell, and not the fault analysis of actuators, 
sensors, pumps etc., which constitute the macroscopic aspects of a plant. 
Hence, the results of a fault diagnosis will produce information regarding the 
conditions within the cell and hence how the faults can be alleviated to pro
duce an optimal recovery once again. 

It will also be shown how a steady state optimization approach can be in
tegrated into the proposed knowledge based (KBS) model discussed in this 
paper. The basic theory that has been applied to perform this optimization 
task on the basis oflinear programming has already been developed by Reuter 
and Van Deventer (1990). 

2. DEVELOPMENT OF THE KNOWLEDGE BASED MODEL 

The importance of an accurate and generalized kinetic model was empha
sised in the introduction. As the kinetic model proposed here forms the basis 
of the knowledge based model this will be discussed first. The mathematical 
basis for characterizing an ore and to perform fault diagnosis will be discussed 
followed by the development of the knowledge base in the form of rules and 
objects. Finally, the integration of the linear programming model with the 
knowledge based model to perform circuit optimization will be discussed. 

2.1. Kinetic model 

As has been defined for leaching, adsorption (activated carbon and resin) 
and pyrometallurgical reactions (Reuter et al., 1991; Reuter and Van Deven
ter, 1991), the rate of depletion of the valuable element in the slurry of a 

Stellenbosch University  https://scholar.sun.ac.za



SIMULATION AND IDENTIFICATION OF FLOTATION PROCESSES WITH A KNOWLEDGE BASED MODEL 17 

batch cell has been defined by a non-linear first order rate equation, in which 
the "rate variable" k [ ce (t) ] n is only a function of Ce (t), the concentration 
of element e (e.g. e=galena, water, gangue). What this definition of k[ C e (t)]n 
postulates is that the concentration of a species remaining in the pulp during 
a batch flotation test for example, is an indication of its floatability. This re
lationship between concentration of the valuable species remaining in the pulp 
and its rate is postulated here to be an identification number (lD) of the 
flotation process being considered. Flotation species (e.g. fast and slow float
ing species within e) are implicitly catered for in this model. The value of the 
slope k[ Ce (t) ] IT and valid concentration ranges are determined as given be
low from a flotation curve, which covers the flotation process up to the final 
recovery R of the process i.e. until the slope approaches zero. 

dCl' 
Tt= -k[ Cl'(l)]n C"(l) 

where 

k[C('(t)]n=-2(C~+I-C~)/6l(C~+1 +C~) 

holds for 

C~+ I (t) ~ ce(t) ~ C~ (t) 

( 1 ) 

It is clear that k[ Ce(t)]n is the average slope between concentrations C~ and 
C~+ I' The value of k[ ce (t) ] n corresponds to the pivot process variables i.e. 
the standard conditions (discussed in more detail below). Any deviation from 
the pivot-data is reflected by the ex and p values of the adjustment objects, 
which will also be defined below. If these ex and P values deviate from 1, the 
following equation may be applied to predict the kinetics of the flotation pro
cess, were k [ Ce (t) ] n is determined by eq. 1. 

dce 
Tt= -ex·k[ Ce(t)]n [Ce(t) -Cb' (1-P)] =r (2) 

The adjustment of the validity range for each slope variable k[ Ce(t)]n is 
peI:formed as follows: 

Co - p. [Co - C~+ I (t)] ~ Ce(t) ~ cg - p. [Cb - C~(t)] 

From the definition of this model, it is clear that each flotation process within 
a given environment is defined by a set of discrete slopes and corresponding 
concentrations and can, within bounds which depend on the flotation pro
cess, be manipulated by the ex and p values via objects and rules. As this model 
follows the kinetic curve, it gives an accurate description of the rate as well as 
the final recovery, which are determined directly by simple algebra from the 
kinetic data (the number of intervals for n may be adjusted to suit the re
quired accuracy). This would hence imply that no curve fitting is performed 
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and that any type of flotation process could be described accurat.ely. Refrain
ing from the use of least squares curve fitting has the advantage that parame
ter variances arising during fitting are not included in the cx and fJ values. The 
normal kinetic models for flotation (Dowling et aI., 1986) would hence not 
permit such an accurate manipUlation with cx and P values, unless, however, 
the applied kinetic model is a complete description of the kinetic data, i.e. 
when the variances for the estimated parameters are zero. 

The simplicity of the model permits the following theoretical "first" order 
equation to be formulated for batch processes: 

(3) 

which holds for the interval n to n + 1. 
The generality of this model will not become clear by considering flotation 

only (see Reuter et aI., 1991 and Reuter and Van Deventer, 1991, for appli
cations other than flotation). However, in order to demonstrate its generality 
in this paper, its performance will be compared to three other well established 
flotation models. 

The kinetics of all other components (secondary) are also described by the 
same kinetic model (eq. 1). This includes all other mineral species as well as 
for example, the depletion of collector in a flotation cell or bank. 

2.2. Equationsfor fault diagnosis 

Not only does the kinetic equation (1) permit a precise description of any 
kinetic data but it also creates a basis on which a flotation process may be 
characterized. This also permits the diagnosis of the chemical and physical 
process conditions within the cell. 

Consider the classical first order reaction rate equation and the following 
time-weighed slope integral for this rate law: 

= = 

jtkceodt= jtokoCoe-ktodt=Colk' (4) 
o 0 

If the value for 11k (normalized with respect to Co) is compared to that of 
another curve with a normalized rate constant k' , the ratio k' I k gives a value 
for the adjustment factor cx. For this equation, P is equal to 1.0 as the final 
recovery for both rate equations are 100%, irrespective of the rate constants. 
For fJ =f. 1.0, k' I k must be divided by {J. For a process described by the rate 
equation ( 1 ), eq. 4 is generalized by an Euler integration of eq. 4 to: 

Colk" = Itnok[ ce(tn)] -ce(tn)-& (5) 
n 
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By comparing two different sets of kinetic data normalized with respect to 
Co, the ratio of the inverse of the resulting time-weighed average k" -values 
gives an estimate for a. Furthermore, the ratios of the final recoveries, i.e. 
where k[ ce (t) ] n become zero for the two data sets, are an estimate for p. As 
already pointed out earlier, the condition for which a and p both equal 1 is 
considered to be the pivot condition. 

The value for k" and the final recovery serve as a finger-print of the kinetic 
data on which they are based. These two values form the basis of all ore char
acterization as well as diagnostic functions. The algorithm applied to perform 
the diagnostic functions will be discussed below. 

2.3. Knowledge representation 

Knowledge representation (KR) can be considered to be the central prob
lem of modern artificial intelligence. Hence, the representation of shallow 
(experiential and heuristic) and deep (equation orientated) knowledge for 
the application in knowledge based systems, is probably one of the most im
portant aspects of the modelling approach discussed here. One of the first AI 
researchers to realize that knowledge representation had to be addressed as a 
problem in itself was Quillian ( 1969). He introduced semantic networks for 
representing knowledge, which contain information about objects, concepts 
and the relationship between them. This has been extended to frame systems, 
which can be thought of as hierarchical relational databases with inheritance 
properties (Chabris, 1988). 

In the approach discussed here the batch flotation concentration-time re
covery data of the valuable element, as well as all other species involved, form 
the basis of the knowledge base. These data are transformed into a useful 
form by the discussed generalized kinetic model, the "rate constant" also being 
a function of all the effects of the flotation process variables via a and p ad
justment objects. The organization of the data in this manner permits the 
interaction between the batch flotation concentration-time data, process 
variables, kinetic model and mathematical modelling. This is achieved here 
by knowledge representation techniques such as objects (frames), rules and 
functions (Dalle Molle et al. 1988). 

2.3.1. Pivot object 
Each pivot-object is structured so as to include all relevant information re

garding a particular process class and sub-class and its effect on the process. 
Values which are not contained by the slots of this object are inherited from 
other objects. An example here is the pivot-object, that defines both shallow 
and deep knowledge regarding a sphalerite flotation process. The pivot con
ditions which are captured by this object are those for cells 1-4 of experiment 
1 (Frew and Davey, 1988). 
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Class 
Sub-class 
Kinetic data U sets of kinetic 
data e.g. change of reagents) 

4 Factor adjustment-objects 

k Regression-objects 
Unit operation 
Function/procedural 
Cost object 

M.A. REUTER AND l.S.l. VAN DEVENTER 

Sphalerite Ore A 
Stope X 
Time 
o 
0.5 
etc. 

ce 

1 
0.946 

Particle size 
Total % Zn in feed 
Depressant addition 
Collector addition 
None 
Continuous 
See below 
None 

As explained above, each of this object's class and sub-class are character
ized by the kif and final recovery values for the gi venkinetic data. This im
plies that the sub-class of a class inherits the values of kif and R as a function 
of the contents of slots within this object. The knowledge base would consist 
of a variety of these pivot objects to create a meta-class, i.e. a knowledge base 
for a specific flotation plant. 

This pivot object consists of a variety of other types of objects which will 
be discussed briefly below. Due to the importance of the adjustment objects, 
a separate section is devoted to discuss them. 

Unit operation object. This object describes the physical operating conditions 
of a set of reactors (data from Frew and Davey, 1988). 

Unit operation 
Mineral content of feed 
% Solids in feed 
Retention time of cells 1-4 
N umber of reactors in series 
Feed flowrate of the pulp 
% Short circuiting of feed 
% Dead volume of reactor 

Continuous reactors 
11.8% 
43.3% 
112 min 
4 
43.3 t/h 
o 
o 

The' user may edit these values if it is required. 

Function/procedur(1./ object. These objects include the kinetic models, differ
ential equations that define the non-ideal flow through the continuous reac
tors or equations that describe fundamental aspects of the process. Each func
tion/procedural object would hence contain one of the following elements: 
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Kinetic model (differential equation as above) 
U nit-operation-object (as above) 
Non-ideal flow model (differential equation) 
Linear programming optimization model 
Fundamental correlations (e~g. Sh=a(Re)b(Sc)c+d) 

The last three items in this object will be discussed here briefly. 
Non-ideal flow model. Ideal flow is assumed in the formulation of the con

tinuous flow model for the depletion of an element e in cell i in the example 
below, although in the KBS non-ideal flow in the form of short-circuiting 
CY-l={<1>CY-I+(I-<1»Cf-2}OId] and dead volume [Vact=VtotaI- V dead ] is 
incorporated. The theoretical values of the dead volume and bypass streams 
can be obtained from tracer tests, or can be estimated by comparing real plant 
behaviour with that predicted from an ideal flow model. 

dC; Fp,in C" Fp,OUI ce -=-- i 1--- i+ r 
dl VaCI - VaCI 

(6) 

Linear programming model. Although the basic linear programming model 
has already been developed by Reuter and Van Deventer (1990), the more 
important equations will be repeated here, as they are a simplification of the 
former formulation. This simplification arises due to the already mentioned 
fact that only elements e are considered in this model, whereas the generalized 
kinetic model intrinsically caters for all flotation species of an element e. Con
sequently, in view of this simplification, the linear programming model may 
be formulated as follows for the valuable element e: (Consult Reuter and Van 
Deventer (1990) for details, as the redevelopment of this linear program
ming model falls outside the scope of this paper. ) 

OBl = I. w cacj 
j.i #- j 

I. rmij + I. ryij + Uej = mej + Yej 
j.i#-j j.i#-j 

I. rm0" + bej = mej 
j.i #- j 

I. ryij + aej = Yej 
j.i #- j 

(ymej) Lmej ~Yej ~ (ymej) Umej 

( Uej ) L ~ Uej ~ (Uej) U 

or instead of eq. 12, eqs. 13 and 14: 

( aej ) L ~ aej ~ (aej) U 

(bej)L~bej~ (bej)U 

(7) 

(8) 

(9) 

(10) 

(11 ) 

(12) 

(13) 

(14 ) 
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Subject to the structure and flow rates produced for the valuable element e, 
a similar model may be formulated for the other elements. The objective 
function attempts to maximize the recovery of the valuable element e based 
on the mass balance equations only and the weight gives the cost for the val
uable element. This objecti ve function would become more complex for lin
ear programming models that include a number of economic equations in 
addition to the mass balance equations. 

Fundamental correlation. A semi-empirical correlation may also be applied 
to adjust the pi vot rate via the Sh-number, which is a function of the rate: 

Ci= f(Sh )/f(Sh )pivot (15 ) 

This approach permits the adjustment of Ct over a range of operating condi
tions dictated by the validity range of the specific correlation being considered. 

;::: : I· !·il._III~~:: 
1 .. m 

INTERACTION, 

SlOPE.lo.\O& 
COST FACTORS 

Fig. 1. Position of an adjustment object in the knowledge based system. 
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Cost object. These have not been defined here, but contain all cost data for 
the pivot object which can also be adjusted by appropriate cost adjustment 
factors in the adjustment objects. 

2.3.2 Adjustment objects 
The adjustment objects form the link between the kinetic model and the 

knowledge base. Two types of adjustment objects have been defined here viz. 
the factor and regression adjustment objects respectively. Their function is to 
define deviations from the pivot conditions and the effect these deviations 
have on the lX and fJ values. In this capacity each object must be independent 
of the other, otherwise their combined effect cannot be determined by multi
plication. If the independence of each adjustment object cannot be ensured 
for too large deviations from the pivot values, a new sub-class or pivot object 
should be defined. Another approach is also possible in which a number of 
dependent adjustment objects are grouped together to produce a particular 
adjustment object group, with the additional filling of the interaction slots 
with suitable values. 

The position of a factor adjustment object in the knowledge base is de
picted by Fig. 1. 

Factor adjustment object. Each factor adjustment-object is characterized by a 
property (m possible) and n sub-properties. The following four adjustment 
objects define the pivot conditions of the pivot-object given above for the 
sphalerite flotation described by Frew and Davey (1988): 

Property 
Sub-property 
n - 1 interaction factors 
Slope factor 
Final recovery factor 
Cost factor 

Property 
Sub-property 
n - 1 interaction factors 
Slope factor 
Final recovery factor 
Cost factor 

Property 
Sub-property 
n - 1 interaction equations 
Slope factor 

Final recovery factor 
Cost factor 

Particles: dso = 80 flm 

11.5% < 10 flm 
1 
lX l = 1 
fJI = 1 
1 

%Zn in feed 
11.8% 
1 
lX2= 1 
fJ2= 1 
1 

Collector 
14 g/t 
1 
lX3= 1 

fJ3 = 1 
1 
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Property 
Sub-property 
n - 1 interaction equations 
Slope factor 
Final recovery factor· 
Cost factor 

Activator 
140 g/t 
1 
a 4 = 1 
/34= 1 
1 

M.A. REUTER AND 1.S.J. VA~ DEVENTER 

Note that the bottom three objects are dependent on one another. If they 
are to be included in the same pivot-object, they must be defined in such a 
way that they include interaction effects. They must thus always be consid
ered to form an adjustment object group. 

The following two objects reflect the effect of the depressant ZnS04 on the 
flotation kinetics of galena and marmetite (Lynch et aI., 1981, p. 144): 

Property 
Sub-property 
n - 1 interaction factors 
Slope factor 
Final recovery factor 
Cost factor 

Property 
Sub-property 
n - 1 interaction factors 
Slope factor 
Final recovery factor 
Cost factor 

ZnS04 
790 g/tonne 
1 
a s= 1 
/35= 1 
1 

ZnS04 
250 g/tonne 
1 
a6= 1.33 
/36= 1.022 
1 

These objects assume that all other pivot conditions remain constant. The 
/36 value originates from the ratio of the final recoveries for the two sets of 
kinetic data defined by these adjustment objects viz. 96/93.9. The a6 value 
could be defined by considering the ratio of the two time-weighted slopes for 
the two sets of kinetic data which are 0.5744 and 0.4235 respectively. The 
calculation of time-weighted slopes will be illustrated by an example in the 
fault-diagnosis section below. 

The freshness of sodium isopropyl xanthate and its effectiveness is best de
fined by a factor adjustment object such as (from the data of Ackerman et ai. 
1986) : 

Property 
Sub-property 
n - 1 interaction factors 
Slope factor 

Collector freshness 
Commercial sample 
1 
a7= 1 
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Final recovery factor P7 = 1 
Cost factor 1 

Two other objects that refer to the same collector freshness are gi ven below. 
They also assume that all other pivot conditions [concentration of collec
tor=5x 10- 5 mol/I; pH= 10.5; particle size -48 to +65 mesh (Tyler)] re
main constant i.e. only collector freshness affects the process. 

These objects are characterized by discrete sub-properties (n) with refer
ence to the pivot value for each property. This definition permits the inclu
sion of knowledge such as if (property) then (response changes by a certain 
percentage or factor). 

Regression adjustment objects. This type of object (k possible) differs from 
those given above in that the discrete sub-properties of the factor objects are 
replaced by a continuous regression equation (logarithmic, polynomial and 
power), as has already been done by various authors, albeit for various dif
ferent models. It must, however, be noted that each object must still be inde
pendent of the other. 

An example which implies independence is the definition of a functional 
relationship between the slow floating fraction ¢ for the flotation of chalco
pyrite at Mount Isa (Lynch et aI., 1981, p. 137) and the collector addition z 
to"the secondary ball mill (¢= 1.069-0.00024· z for 1000 < z< 3000 ml/min). 
A relationship for a hypothetical set of data given later in Table 4 produces a 
relationship of a = 1.8 - 4·¢, hence permitting the definition of the hypothet
ical regression adjustment object: 

Adjustment-object label 
k- 1 interaction factors 
Valid range (z) 
Slope regression equation 
Final recovery regression equation 
Cost regression equation 

2.3.3 Rules 

Collector (z ml/ min) 
1 
2600-3000 ml/min 
as=0.00096· z- 2.48 
Ps= 1 
1 

Rules (Davis et aI., 1977) have the general form: if (statement) then (ac
tion). These rules are used either to create an overall adjustment factor, i.e an 
adjustment rule, or to create a rule to perform diagnosis, i.e. the search rule. 

Adjustment rule. This rule creates an overall adjustment factor from the in
dividual objects of a specific pivot object. If each of the objects are indepen
dent from one another these may simply be multiplied: 
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if Sphalerite Ore A (class) 
and Stope X (sub-class) 
and dso = 80 ,urn: 11.5% < 10 ,urn 
and Zn recovery = 11.8% 
and Sodium ethyl xanthate = 14 glt 
and Copper sulphate= 140 glt 
then CX=CX\·CX2·CX3·CX4= 1·1·1·1 = 1 

/3=1 
Cost factor = 1 

These rules are constructed after an interactive dialogue with the knowl
edge base, hence a batch-wise interviewing methodology is followed here 
(Puppe, 1988). This interactive dialogue is effected via user friendly 
interfaces. 

Search rule. This rule forms part of process diagnosis. In the rule below, the 
Zn recovery, which has a value between 62.8 and 63.2% for Cells 1 to 4, is 
associated with a particular cx- and /3-factor set. By a backward chaining al
gorithm the action part of the rule is determined. 

if Zn recovery is ~ 62.8% 
and Zn recovery is ~ 63.2% 
and Cells 1-4 of rougher bank 
then dso = 80 ,urn: 11.5% < 10 ,urn 

Zn content offeed= 11.8% 
Sodium ethyl xanthate = 14 glt 
Copper sulphate= 140 glt 

The user has control over the search accuracy of this search rule i.e. the 
tolerance on the percentages. 

3. ALGORITHMIC DETAILS 

The overall system structure is depicted by Fig. 2. The main algorithms 
involved in each of the three main sections of the proposed prototype system 
will be discussed under separate headings below. 

3.1. Knowledge base 

User friendly interfaces facilitate the dialogue with the knowledge base as 
well as the editing of the knowledge, as is usual for expert systems. An initial 
selection of a meta-class i.e. type of operation, confines subsequent queries 
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~----------------~ 
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• PRINTER 
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KNOWLEDGE BASE 

DEFN1lON OF 
PIVOT DATA 

CAlCUlATION OF 
k[g(t»] etc. 

OBJECTSIAUlES 

FUNCTlONS 

LEAC.-..G 
ADSORPTION 
REDUCTION 

'- FLOTATION 

.. 
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~ 
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.. 
""\. 

INFERENCE ENGINE J~ 
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DIAGNOSTICS 

SUM OFllM:-
WBGl-ED SlOPES 

F AUL T -FlNOtNG 

DETERMINE 
CONOfT1ONS IN 
REACTOR 

IOENTFY ORE. 
ADSORBENT atc. 

\.. ~ 

" 
OPTIMIZATION ~J 

.. 
SAVE DATA FOR FUTURE , 
USE I SYSTEM LEARNING I 

~ 

Fig. 2. General structure of the knowledge based system. 

, '" SIMUlATION 
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CONTNJOUS ee. 
CONTNJOUS CoC. 
F1XED- &. MOVING
BED COll.JMN 
REACTORS 

MASS-BAlANCING 

FLOTATION lite. 

.. 

into the knowledge base to a particular area. A session would typically follow 
the following path: 
-Selection of a class and sub-class and hence an appropriate pivot object. 
-Subsequently the primary kinetic data are obtained. 
- Calculation of slope-concentration data applying eq. 1. 
- Calculation of k if via eq. 5 and saving this value together with the final 

recovery in a record which can be applied to perform a shallow level search 
for fault diagnosis. 
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- Selection of operating data via an interacti ve consultation with the knowl
edge base and subsequent calculation of adjustment factors. 

- Set pointers to correct physical process and economic data, as well as data 
for fundamental correlations used to adjust process data on a fundamental 
basis. 

-Selection of economic data as pertaining to the various adjustment. objects. 
-Adjustment of the slope-concentration data as a function of the selected 

adjustment objects for subsequent use in the simulation and diagnostic as
pects of the programme via eq. 2. 
Figure 3 depicts the selection of adjusted slope-load data which are applied 

during simulation and diagnosis. 

3.2. Simulation offlotation cells and banks 

The simulation of a batch flotation cell and a continuous flotation celli 
bank is discussed below under two separate headings. Figure 4 illustrates the 
continuous interaction between the numerical procedure and the knowledge 
base during simulation. 

Batch flotation celf 
Appropriate adjusted kinetic data are obtained for a specific class and sub

class as discussed above. Subsequently the following activities are performed: 
- Smoothing of the kinetic data i.e. for primary and secondary elements. 
-Calculation of the relevant k[ C £' (t)]n and validity ranges C~(t) to 
C~+ t (t) for the gi ven kinetic data via eq. 1. 

-Numerical solution using the 4th order Runge-Kutta method (Press et aI. , 
1989) . This involves the selection of the relevant k[ C £' (t)]n for a particu
lar C£' (t) value during each iteration step. 

- Equation 3 may also be applied to solve this problem analytically. 

Continuous flotation cell/bank 
The steps which are followed to perform this activity after having selected 

an appropriate class and sub-class, include: 
-Relevant pivot kinetic data (primary and secondary) are obtained and ad

justed by the appropriate adjustment objects. 
-Editing of process and operating cost data, as well as the additional adjust

ment of slope-concentration data via fundamental correlations. 
-This knowledge is passed to the relevant simulation objects where it is used 

to simulate a continuous flotation cell or bank by the application of eq. 6. 
Both primary and secondary data are simulated. 
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Fig. 3. Flow diagram illustrating the selection of adjusted slope-concentration data which are 
applied during simulation and diagnosis. 

-Changing concentrations of the secondary components may also be used to 
continuously generate new adjustment factors by continuously consulting 
appropriate regression adjustment objects, which are defined for this 
purpose. 

- Final results are produced which are either reported to the printer, graphic 
screen or to the knowledge base. 

3.3. Diagnostic capabilities 

As was pointed out earlier, the diagnosis is limited here to the identification 
of the process conditions within flotation cells or banks. The elements of these 
diagnostic activities may be summarized under the following two headings: 
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INPUT FROM KNOWLEDGE BASE 
alpha and beta V AUJES 

C-t DATA FOR PRIMARY 
COMPONENT 

KJNE1lC DATA FOR 
S8X)N()ARY 

.~(S) 

REGRESSION EOUATlONS R_---.. 

t+dt 

RUNGE-KUlT A PROCEDURE 
PRIM'JtY 
COMPONENT 

SECONDARY 
COMPONENT(S) 

YES 

NO 

PERFORM ECONOMIC 
EVALUATION 

110 TO PAINTER, FLE. 
CONSOLE ate. 

NO 

YES 

Fig. 4. Algorithm for the interaction between the numerical procedure and the knowledge base 
during simulation. 

3.3.1. Identification oj a class and sub-class oj a meta-class 
This aspect of the diagnostic activity enables for instance the determina

tion of the characteristics of an unknown ore. A file containing k" and final 
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recovery values as well as the appropriate pointers to the knowledge base form 
the basis of this diagnostic method. The elements of this algorithm are: 
- Enter the· primary kinetic data of a particular process into the system. 
- Establish the final recovery of the process and the calculation of k" (eq. 5) 

for these data. 
- Search through an index file, which contains all the k" values for all the 

pivot objects, to determine which recoveries and subsequently which k" 
values correspond within a predefined search accuracy. 

-Presentation of three most likely pivot object candidates. 
-. Manual selection of anyone of the three pivot object candidates as a final 
solution. 

This search procedure covers all pivot-objects and can hence base its diag
nosis on all available classes and sub-classes. The above procedure also en
ables the identification of a pivot object for application during simulation, as 
discussed earlier. 

3.3.2. Identification oJthe process conditions within a flotation cellJor a 
specific class and sub-class oj a meta-class 

The identification of the process conditions within batch and continuous 
cells/banks is discussed under two headings below: 

I Batch cells. The steps followed to identify the process conditions within a batch 
flotation cell are: 
- Enter the pivot-object and associated adjustment objects for the class and 

sub-class of the system to be diagnosed and other associated knowledge. 
-Subsequently, the kinetic data for the system to be diagnosed are entered 

into the system. 
-These kinetic data are then compared to the pivot-object and deviations 

are quantified as a and f3 values according to eq. 5. 
-Calculated a and f3 values are either compared to an index file which con

tains past simulation data (shallow level search), or a backward chaining 
algorithm is applied to determine suitable adjustment objects and their as
sociated properties. 

-The final results are reported to the monitor interface or, if required, to the 
printer. 
These aspects are depicted by Fig. 5, which shows the flow diagram for the 

inference engine applied during the diagnosis of operating conditions within 
a batch flotation cell. 

Continuous cells/banks. Two possible methods exist for the diagnosis of con
tinuous flotation banks. 

The first method is identical to that used for batch cells and involves re
writing concentration-cell data for a particular bank as concentration-reten-

", ;.. .,~ -" - . ....... . .. -.'~ .... -:: .. 
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Fig. S. Flow d iagram for the diagnosis of operating conditions wi th in a batch flot atio n cell. 

tion time data and applying eqs. 1, 2 and 5. Dowling et al. (1986) applied 
this approach to compare different flotation models and flotation processes. 
These authors also used the approach of equating cell number with time and 
performing the same analysis as for concentration-retention time. If the 
method of these authors is followed then the kinetic data of the pi vot objects 
of the knowledge base must be replaced by concentration-retention time (or 
concentration-cell number) data and the knowledge base must be con
structed around these pivot data. In doing so, pivot objects are constructed 
for every flotation bank and all possible ore types. 
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A computationally more involved and lengthy second method, which ap
plies batch kinetic data as a basis, would contain the following steps: 
-The usual steps as applied above to obtain suitable knowledge and batch 

kinetic data for a particular class and sub-class. 
-An iterative procedure is then initiated in which a and f3 are adjusted until 

the final recovery which is attained on a particular flotation bank is pro
duced. Meta-rules (Davis, 1980) assist in this search procedure. One meta
rule is based on the equation that defines the recovery from N ideal CSTR's 
l.e. 

[ ce / Co] = ( 1 - R) + R· ( 1 + k· 7:)- N ( 16) 

From this equation an average k value may be estimated from the given value 
for [ce / Co] pi vot and [C/ Co ] observed respectively (quasi forward chaining). 
-As for the batch process, once a and f3 values have been determined, the 

backward chaining inference engine determines the appropriate operating 
conditions from the appropriate objects. 

3.4. Optimization model 

The link between the knowledge base and the optimization model is ef
fected by use of eq. 11. The values for (ym ej ) Land (ymej) U are determined 
as follows: 

- the expected operating conditions in a bank of cells are selected, which 
produce an adjusted kinetic model (eq. 3), 

- this model is then used to simulate a bank of continuously operated flo
tation cells (eq. 6), 

- from this simulation result a separation factor for each element e at the 
bank can be determined, 

- the above is repeated for all banks in the flotation plant, 
- formulate a linear programming model for the valuable element e (eqs. 

7to14),and 
- formulate a linear programming model for all other element (s), gangue, 

water etc. flow rates, subject to the structure produced by the linear program
ming model for the valuable element e. 

Details will not be given here as this procedure has already been discussed 
earlier by Reuter and Van Deventer ( 1990). 

4. MODEL VALIDATION 

Various examples will be given in the subsequent section to illustrate the 
application of the developed models. The results will be presented in tabular 
form to illustrate numerical accuracy. 
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4.1. Balchjlotalion 

The generality of the proposed kinetic model (eqs. 1 and 2) is illustrated 
by comparing its performance to that of three well known kinetic models viz. 
the classical first order rate equation, a first order rate equation with a rectan
gular distribution offloatabilities and a four parameter model, as well as prac
tical kinetic flotation data. 

4.1.1. Theoretical comparison 

Twofirst order rate equations. A number of values for k[ Ce(t)]n for the con
centration-time data in Tables 2 and 3 are summarized in Table 1. These 
values are subsequently used to produce the results in the (b) columns of 
Tables 2 and 3. 

TABLE I 

Summary of the calculated k[C" (t))n values according to eq. I, using the data in column I (a) in 
Tables 2 and 3 

Column 1 (a) of Table 2 
Ct! /Co= 1-R[ 1- (l-e- kl )/kl) 

C" Range 

1.00 to 0.95 
0.95 to 0.90 
0.90 to 0.86 
etc. 
..... to 0.00 

TABLE 2 

0.496 
0.487 
0.478 
etc. 
0.00 

l (min) 

0-0.102 
-0.204 
-0.306 

etc. 

Column 1 (a) of Table 3 
C" /Co= 1-R[ I-e- k l

) 

C" Range k[ C" (l») l (min) 

1.00 to 0.90 0.999 0-0. 102 
0.90 to 0.82 0.999 -0.204 
0.82 to 0.74 0.999 -0.306 
etc. etc . etc. 
... .. to 0.00 0.00 

Columns (a) : Concentration-time data from the 1st order model with rectangular distribution of 
floatabilities . Data in column l(a) were used to determine k[C(t)) by eq. I, which were subse
quently used to predict values in columns (b) according to eq. 2. (a): C"/ Co=I-R[I
(I-e-kl)/kl); (b) : eqs. 1 and2 

R andk 1.0 and 1.0/min 0.5 and 0.1 /min 0. 1 and 4.0/min 
f3 and a 1.0 and 1.0 0.5 and 0.1 0. 1 and 4.0 

l (min) 1 (a) I (b) 2(a) 2 (b) 3(a) 3(b ) 

0.0 1.000 1.000 1.000 1.000 1.000 1.000 
0.5 0.787 0.787 0.988 0.988 0.943 0.943 
1.0 0.632 0.633 0.976 0.976 0.925 0.925 
2.0 0.432 0.433 0.953 0.953 0.913 0.913 
4.0 0.245 0.246 0.912 0.912 0.906 0.906 
6.0 0. 166 0.166 0.876 0.876 0.904 0.904 
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TABLE 3 

Columns (a ): Concentration-time data from the 1st order model. Data in column 1 (a ) were used to 
determine k [ C' ( t) 1 byeq. 1, which were subsequently used to predict values in columns (b) accord
ing to eq . 2. (a) : C /CS= l-R [1_e- kt

]; (b) : eqs. 1 and 2 

R and k 1.0 and 1.0/min 0.5 and v. l / min 0.1 and 4.0 / min 
{J and a 1.0 and 1.0 0.5 and 0. 1 0.1 and 4.0 

t (min ) l(a ) 1 (b) 2 (a) 2 ( b ) 3 (a ) 3 (b ) 

0.0 1.000 1.000 1.000 1.000 1.000 I .OQO 
0.5 0.607 0.607 0.976 0.976 0.914 0.914 
1.0 0.368 0.368 0.952 0.952 0.902 0.902 
2.0 0.135 0. 136 0.909 0.909 0.900 0.900 
4.0 0.01 8 0.0 18 0.835 0.8 35 0.900 0.900 

TABLE 4 

Columns (a) : Concentration-time data generated by a 4~parameter model with R= 1, k f = 1 min- I 
and k, = 0. 1 min -I . Data in column I (a) were used to determine k[ C ' (t) 1 by eq . 1, which were 
subsequently used to predict values In columns (b) according to eq. 2. (a): C/CS 
= ( 1_ ¢ )e - iOt+ ¢e-o.1 t; (b): eqs. 1 and 2 

¢ 
{J and a 

t (min) 

0.0 
1.0 
2.0 
4.0 
6.0 
8.0 
10.0 
12.0 
14.0 

0.2 
1.0 and 1.0 

l(a) 

1.000 
0.475 
0.272 
0. 149 
0.112 
0.090 
0.074 
0.060 
0.049 

1 (b) 

1.000 
0.479 
0.274 
0.149 
0. 11 2 
0.090 
0.074 
0.060 
0.049 

0. 1 
1.0 and 1.4 

2(a) 

1.000 
0.422 
0.204 
0.084 
0.057 
0.045 
0.037 
0.030 
0.025 

2 (b) 

1.000 
0.373 
0.200 
0.117 
0.087 
0.065 
0.049 
0.037 
0.029 

0.3 
1.0 and 0.6 

3 (a) 

1.000 
0.529 
0.340 
0.214 
0.167 
0.135 
0.110 
0.090 
0.074 

3(b) 

1.000 
0.631 
0.421 
0.231 
0. 162 
0.131 
0. 112 
0.098 
0.087 

It is clear from the results summarized in Tables 2 and 3 that the model 
proposed here can predict results identical to those of the two different theo
retical models. 

Four parameter rate equation. A comparison of the proposed two parameter 
model with a typical four parameter model e.g. CjCo= 
l-R [1- (1-¢) 'exp( -krt ) -¢'exp( -kst)] (Lynch et ai. , 1981) , shows that 
the correspondence is not exact, unless if ¢ remains constant and the k's vary 
by a constant factor. The values in the (b) columns of Table 4 reflect a rea-
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sonable correspondence with the theoretical values in the (a) columns for 
different ¢ values. 

The relationship between a and ¢ in Table 4 is a= 1.8 - 4·¢ (derived from 
only the three values in Table 4 for illustrative purposes). This relationship 
was used to construct the hypothetical collector adjustment-object for Mount 
Isa mentioned earlier in the section on regression adjustment objects. Note 
that this example is merely illustrative, and shows how previously determined 
relationships i.e. for ¢ in this case, can be rewritten for a. 

4.1.2. Practical comparison 
Two sets of data will be discussed here. 

Effect oj a depressant . The data applied for this example involves the recovery 
of galena in favour of the gangue sulphide mineral marmatite from a Broken 
Hill ore (Lynch et ai. , 1981, p. 144). The data in column 1 (a) of Table 5 
represents the pivot data with a ZnS04 addition of790 g/tonne. 

The adjustment rule that has been created from the relevant pivot object to 
predict the entri~s in column 2 (b) of Table 5 is: 
if Broken Hill Galena Ore A (class) 
and Stope X (sub-class) 
and (other process conditions) 
and etc. 
and ZnS04 = 250 g/t 
then a=at· ... ·an = 1.33 

fJ= fJ· .... fJn= 1.022 
Cost factor= 1 

Table 5 displays a reasonable correspondence between practical and simu
lated data. 

TABLE 5 

Columns (a) give the practical data obtained from p. 144, Lynch et al. (1981 ). Data in column 1 (a) 
were used to determine k [C " (t) 1 byeq. 1, which were subsequently used to predict values in columns 
(b) according to eq. 2 and the given adjustment objects 

ZnS04 790 g/t ZnS04 250 g/t 

[ (min) l(a) l(b) 2(a) 2(b) 

0.00 1.000 1.000 1.000 1.000 
0.50 0.380 0.380 0.180 0.160 
1.50 0.180 0.180 0.100 0.078 
2.50 0.100 0.100 0.072 0.065 
4.00 0.080 0.080 0.056 0.051 
7.00 0.061 0.061 0.040 0.040 
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TABLE 6 

Columns (a ) gi ve the practical data obtained from Ackerman et al. ( 1988) . Data in column I (a) 
were used to determine k [C' ( l ) ] byeq. I, which were subsequently used to predict val ues in col umns 
(b) according to eq. 2 and the given adjustment objects 

Commercial Fresh sample Commercial 105 

l ( min ) I(a ) I (b) 2 (a) 2 (b ) 3 (a ) 3( b ) 

0.00 1.000 1.000 1.000 1.000 1.000 1.000 
0. 10 0.780 0.780 0.560 0.600 0.920 0.860 
0.50 0.350 0.350 0. 140 0.160 0.630 0.580 
1.00 0. 190 0.190 0.050 0.031 0.350 0.370 
1. 50 0. 100 0. 100 0.020 0.010 0.250 0.250 
2.00 0.050 0.050 0.010 0.0 10 0.210 0.210 

Freshness of collector. The effect of freshness of sodium isopropyl xanthate on 
the recovery of chalcocite by batch flotation is demonstrated in the example 
below (Ackerman et ai. , 1986). The freshly synthesized sample of collector 
forms the pivot data. The adjustment objects for two commercial samples of 
different freshness are: 

Property 
Sub-property 
n - 1 interaction factors 
Slope factor 
Final recovery factor 
Cost factor 

and 

Property 
Sub-property 
n - 1 interaction factors 
Slope factor 
Final recovery factor 
Cost factor 

Collector freshness 
Fresh sample 
1 
alO= 1.77 
PIO= 1.042 
1 

Collector freshness 
Commercial sample (105 days) 
1 
all =0.47 
P11 = 1 
1 

The value of PIO is simply obtained from the ratio of 99/95 (the final re
coveries given later in Table 8) and alO from the ratios of the time-weighted 
slopes 0.4274/0.2298· PIO (given later in Table 8). The value of P11 being 1.0 
indicates that the final recovery is also equal to 95% and not 79% as pointed 
out by Ackerman et al. (1986) . As the kinetic data for this 105 days old col
lector sample have obviously not reached its final recovery, it was not possi
ble to determine the time-weighed slope. Hence all = 0.4 7 was detemined by 
trial-and-error. 
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The adjustment rule that has been created from the relevant pivot object to 
predict the entries in column 2 (b) of Table 6 is: 

if Chalcocite Ore A (class) 
and Stope X (sub-class) 
and Particle size: -45 to +65 mesh (Tyler) 
and pH= 10.5 
and Collector concentration = 5 X 10- 5 mol/l 
and Collector freshness = Fresh sample 
then Ci=CiI·Ci2·Ci3·Ci4= 1·1 · 1·1.849= 1.849 

13=131'132'133'134= 1·1·1·1.042= 1.042 
Cost factor = 1 

4.2. Continuous flotation 

In order to illustrate the application of this aspect of the proposed KBS to 
a practical system, the flotation of sphalerite is considered (Frew and Davey, 
1988) . 

In their example, Frew and Davey (1988) could describe the flotation by 
simple first order kinetics. The pivot-object for cells 1-4 was defined by means 
of the factor adjustment objects as explained earlier (experiment 1, as de
fined by Frew and Davey, 1988). The kinetic data slot contains first order 
kinetic data with a rate constant of 0.11 min -I as given by Frew and Davey, 
1988). This implies that the final recovery is zero (13 always equal to 1 for 
this example) and that the computed rate constant k[C e(t)jn has a constant 
value of 0.11 min - I. 

Since the adjustment objects which are considered for this example are de
pendent on one another, adjustment object groups must be defined if their 
values deviate from the pivot conditions. These are for cells 1-4 and experi
ment 2 as defined by Frew and Davey (1988): 

Property 
Sub-property 
Interaction: collector 
Interaction: activator 
n - 3 interaction factors 
Slope factor 
Final recovery factor 
Cost factor 

Property 
Sub-property 
Interaction: %Zn in feed 

%Zn in feed 
15 .0% 
0.884 
0.884 

Ci I 2=1.45 
1312 = 1 
1 

Collector 
32 g/t 
0.884 
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Interaction: activator 
n - 3 interaction equations 
Slope factor 
Final recovery factor 
Cost factor 

Property 
Sub-property 
Interaction: %Zn in feed 
Interaction: collector 
n - 3 interaction equations 
Slope factor , 
Final recovery factor 
Cost factor 

0.884 
1 
a13=1.45 
[313=1 
1 

Activator 
180 g/t 
0.884 
0.884 
1 
a I4 =1.45 
[314 = 1 
1 

The group characteristics of these adjustment objects are indicated by their 
identical adjustment and interaction slots. These interaction slots only serve 
to indicate that there is an interaction and their values only hold for the group 
as a whole. The magnitude of these slots are such that when the three adjust
ment objects are multiplied, their total value equals the slope factor of one 
adjustment object of the group. From the given pivot object for this example 
the following adjustment rule could be defined for cells 1-4 of experiment 2 
as defined by Frew and Davey, 1988): 

Cells 1-4 

if Sphalerite Ore A (class) 
and Stope X (sub-class) 
and dso = 80 .urn: 11.5% < lO.um 
and Zn content of feed = 15% 
and Sodium ethyl xanthate = 32 g/t 
and Copper sulphate = 180 g/t 
then slope factor=a=al'aI2 ' a13'aI 4= 1.45 

final recovery factor=[3=[3I'[312'[313'[314= 1 
cost factor= 1 

Instead of defining the above adjustment object group, it is also possible to 
define a new pivot-object, with the above three objects of the group forming 
the pivot objects for cells 1-4 for experiment 2, as defined by Frew and Davey, 
1988). The kinetic data, which correspond to experiment 2, must be included 
in such a pivot object. 

By defining similar pi vot objects (any of the two methods) for cell groups 
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TABLE 7 

Comparison of the practical data (C e / CO) for experiment I (rougher and scavenger) of Frew and 
Davey ( 1988 ) with those generated by the proposed KBS 

Cell Plant KBS Plant KBS Plant KBS 
No. ZnS ZnS Gangue Gangue Water Water 

1 0.75 0.76 0.995 0.995 0.96 0.98 
2 0.57 0.58 0.99 0.99 0.94 0.96 
4 0.36 0.34 0.985 0.985 0.92 0.92 
7 0.076 0.077 0.98 0.96 0.8 8 0.88 

10 0.016 0.016 0.97 0.95 0.85 0.84 

5-7 and 8-10 suitable adjustment factors could be defined. In the example 
described here , experiment 1 was always taken as the pivot condition. 

By assuming ideal flow, by using the appropriate unit-operation-object, and 
by applying eqs. 1-3, the given retention times (Frew and Davey, 1988) and 
the adjustment objects for the respective cell groups , the results summarized 
in Table 7 could be produced for experiment 1 of Frew and Davey ( 1988) . 

A similar approach must be followed for all other relevant components, 
such as galena, pyrrhotite , non-sulphide gangue and water in the above ex
ample. For each of these components, an associated adjustment-object must 
be defined. For the gangue under the prevailing conditions, for example, the 
rate of water recovery is a factor a = 0.055 of that of the sphalerite in cells 1-
4, 0.027 in cells 5-10, and for the gangue a = 0.0 12 for all cells. This infor
mation is captured by appropriate adjustment-objects. The results for these 
simulations are also presented in Table 7. 

4.3. Optimization of aflotation circuit 

The circuit optimization is conducted using the data of Frew and Davey 
( 1988). This example serves only to illustrate how the link between the 
knowledge base and optimization model is created, but is not a detailed ex
ample as this has been discussed by Reuter and Van Deventer ( 1990). 

The simple objective function for this example attempts to maximize the 
recovery of the valuable ZnS in the circuit and its weight is merely a price $ / 
mass for the valuable ZnS. From the simulation results in Table 7 for the 
sphalerite flotation, the following linear programming model could be de
fined for rougher, scavenger and cleaner banks (i = 3 andj= 3): 

OBJ= 100azns 1 

" ZnS +" ZnS + + L- rm ij L- ry ij UZnSj = m ZnSj YZnSj 
~i#j ~i#j 
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" >ZIlS+b ~ rm ij ZnSj = mZnSj 
j.i #- j 

" ZnS+ ~ ry ij a ZnSj = YZnSj 
j.i #- j 

0~aZnS3 ~20 

0~bZnS2 ~20 

2.04~uZnSI ~2 .04 (assay data of Frew and Davey, 1988) 

OmZnS I ~YZnSI ~ 11.98mzns l (Table 7) 

OmZnS2 ~ YZ nS2 ~ 3.8mznS2 (Table 7) 

OmZnS3 ~YZnS3 ~ 90rnZnS3 (assay data of Frew and Davey, 1988 ) 

aZnSI=O; aZnS2 =0; (only concentrate from bank 3 ) 

bZnSI =0; bZnS3 = 0; (only tailings from bank 2) 

UZnS2 =0; UZnS3 = 0 ( only feed to bank 1 ) 

rm ZnS -0' 32 - , rm ZnS -0' 12 - , (no recycle of final tailings) 

ry ZnS -0' 23 - , r y
ZnS 

-0' 13 - , (no recycle of final concentrate) 

rm ZnS-o' 31 - , . (no recycle of rougher tailings to cleaner) 

The constraint for the two cleaners, which were grouped here into one bank, 
could be estimated from the given assay data of Frew and Davey (1988), as 
kinetic data for these banks were not supplied. Note that of the twelve recycle 
possibilities five have been eliminated due to process constraints. 

The result of this simulation is the depicted circuit structure (Fig. 6) for a 
maximization in the sphalerite recovery. The recovery for this structure is 
98.4%. However, if the concentrate recycle of the scavenger is forced to report 
to the rougher, i.e. the structure as given by Frew and Davey (1988), the 
recovery drops to 98.2%. To determine the optimal grade, a similar model 

0.033< 0.022 

0.160 

2.04 - -
'-- -

fr 
-

>- Bank 1 Bank 2 Banks 
3&4 -

0.127 
1.902 

2.007<-

Rougher Scavenger Cleaners 

Fig. 6. Circuit structure and sphalerite flow rates in t / h for the optimal circuit produced by the 
KBS. 
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can be developed for the other elements e to minimize their flow for the gi ven 
optimal structure determined for the sphalerite (Reuter and Van Deventer, 
1990) . 

From the above flow rates it is clear that they do not differ much from those 
given by Frew and Davey (1988) for their experiment 1. However, the struc
ture differs in that the concentrate reports to the cleaner and is not recycled 
to the rougher. 

4.4. Fault-diagnosis 

Fault-diagnosis is discussed under three headings viz. the identification of 
a class and sub-class of a meta-class, fault-diagnosis for batch flotation cells 
and fault-diagnosis of continuous flotation banks. As was already pointed out, 
diagnosis implies an identification of the process conditions within the flota
tion unit operations. Each of these aspects will be discussed under separate 
headings. 

4.4.1. Identification of a class and sub-class of a meta-class 
The data of Ackerman et al. (1986) referring to collector freshness will be 

used to illustrate this feature of the proposed system. As indicated by the ad
justment rule for this example (given earlier), the class and sub-class are 
Chalcocite Ore A and Stope X respectively. The pivot kinetic data for this 
example are given in column 1 (a) of Table 6 and the resultant slope-concen
tration and time-weighted slope data for these data are summarized in col
umns 2 to 4 of Table 8. 

Consider a meta-class that contains various chalcocite flotation classes and 
sub-classes. For argument's sake, consider the kinetic data of column 1 (a) of 
Table 6 to be of a class and sub-class yet to be determined. As explained under 

TABLE 8 

Slope-concentration data for the kinetic flotation pivot data (commercial collector) and fresh collec-
tor sample respectively (Ackerman et aI. , 1986) 

eq . 5 L=0.4274 L=0.2298 

Time Slope C"(/) Time Slope C" (I) 
n (min) (eq.l) (min) (eq.l) 

I 0.000 3.4698 1.000 0.000 7.1540 1.000 
2 0.020 3.2648 0.933 0.021 7.2740 0.860 
3 0.040 2.5344 0.874 0.042 6.0478 0.738 
4 0.060 1.7274 0.831 0.063 4.3715 0.650 
5 0.080 1.4234 0.803 0.084 3.5602 0.593 

100 2.000 0.0000 0.050 2.000 0.0000 0.0 10 
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the heading "Diagnostic capabilities", the first step to determine what class 
and sub-class the kinetic data represents is to determine the time-weighted 
slope and final recovery. These are respectively 0.4274 and 95%. The search 
procedure would subsequently search through an index file that contains the 
time-weighted slope and final recovery data for all available classes and sub
classes of the meta-class. A search rule would then obviously have pointed to 
the class and sub-class Chalcocite Ore A and Stope X respectively (Tables 6 
and 8). This search would also have produced the process conditions under 
which the pivot kinetic data were determined via the pivot adjustment ob
jects, all with a value of 1. 

The above process may also be applied to perfonn process identification. 
lfthe method of defining a pivot-object for every data/knowledge set is opted 
for, rather than defining adjustment objects which contain values higher or 
lower than 1.0, the above method would also produce process conditions via 
the pivot adjustment objects. 

4.4.2. Identification o/the process conditions \vithin a batch flotation cell 
Also consider the flotation data summarized in Tables 6 and 8 for this ex

ample. For argument's sake, the aim in this example is to determine why the 
recovery of chalcocite increased (data columns 2, Table 6) relative to the 
pi vot data (data columns 1, Table 6). 

The algorithm for this was discussed earlier. It commences by determining 
the time-weighted slope and final recovery of the kinetic data to be identified. 
These values are respectively 0.2298 and 99% respectively. From these values 
a and f3 values are determined which are 1.77 and 99/95 = 1.042 respectively. 
Subsequently, a search through all available adjustment objects would have 
pointed out that most probably a fresh collector was used (see lXlO and f310 in 
the section with heading "Freshness of collector"). 

4.4.3. Identification 0/ the process conditions H;ilhin a continllous flotation 
bank 

The two methods outlined in the section with heading "Diagnostic capabil
ities" will be discussed separately below. 

Method 1. This method does not use eq. 6 to define the dynamics of a flota
tion bank, but applies eqs. 1 and 2 (as for batch flotation) to describe the 
kinetics of the flotation bank as a whole. This approach implies that the pivot 
objects are defined accordingly, i.e. they do not include batch kinetic data but 
contain concentration-retention time (or cell number) data. All adjustment 
objects are defined accordingly with reference to these data. One would ob
viously not be able to perform process identification in batch cells with these 
data. 

Table 9 summarizes the effect of various a and f3 values on the recovery-
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TABLE 9 

Effect of a and {J val ues on the recovery profi le (given as C " ICo) in the Tennessee Copper rougher 
circuit (data from Dowling et aI. , 1986 ) 

T ime Pivot a = 1.0 a =0.5 a = 1.0 a = 2.0 
(min ) data {J= 1.0 {J= 1.0 {J = 0.8 fJ = 0.9 

0.000 1.000 1.000 1.000 1.000 1.000 
1.600 0.987 0.987 0.997 0.989 0.976 
2.400 0.980 0.980 0.990 0.984 0.964 
4.000 0.967 0.967 0.983 0.974 0.929 
8.000 0.921 0.92 1 0.967 0.9 37 0. 703 

12.000 0. 804 0.804 0.949 0.843 0.459 
16.000 0.670 0.670 0.922 0.736 0.309 
20.000 0.517 0.51 7 0.876 0.6 14 0.221 
36 .000 0. 190 0.190 0.599 0.352 0. 127 
52.000 0.055 0.055 0.363 0. 244 0. 127 
64.000 0.030 0.030 0.233 0.224 0.127 
72.000 0.030 0.030 0. 19 1 0.224 0. 127 

retention time data given for the Tennessee copper rougher circuit described 
by Dowling et al. (1986). Note that the induction period reflected by these 
data is easily modelled by eq. 1. This would of course not have been possible 
when using the other standard kinetic models, except if these could be modi
fied accordingly. It is exactly this induction period which could be decisive 
during process identification (eq. 5), and which would be neglected by the 
other models. 

If this approach is to be followed for diagnosis, the same algorithm could 
be used for batch reactors. If for argument's sake, the mentioned rougher cop
per flotation bank would produce the kinetic data in the last column of Table 
9, then via eq. 5 and the final recovery with respect to the pivot data, a = 2 
and /3=0.9 would have been generated. These values are linked via adjust
ment objects to the relevant knowledge, from which the process conditions 
could be identified. Subsequently, remedial action could be undertaken on a 
plant. 

Method 2. Whereas the batch fault-diagnosis procedure as applied in method 
1 uses eq. 5 to determine an estimate of a, eqs. 1-3, 6 and 16 are applied here 
as the basis of diagnostic procedures. This implies that batch kinetic data form 
the basis of this method. 

The adjustment object defined for the continuous flotation example is also 
used in this example. For argument's sake consider the grade ofZn in the first 
four cells to be 27%. The question to be answered is what operating condi
tions in the flotation cells would produce this recovery? 

Initially a search tolerance is given as an input, as reflected by the statement 
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part of the search rule below. Subsequently the diagnostic procedure would 
have applied eq. 16 to estimate an a value relative to the pivot object. This 
equation produces a value of k=O.l from the given retention time (2.8 min) 
and recovery data (R = 1 ), and k= 0.145 for the process to be diagnosed (re
tention time = 2.68 min). This implies that the pi vot data must be adjusted 
by a factor a = 1.45. If it is assumed that [3= 1, eq. 2 in association with eq. 6 
and other relevant data could be used to produce a final Zn grade of 27% for 
the first four cells of the rougher bank. This result would then be tested against 
the statement part of the search rule below, which is true in this case. At this 
point a backward chaining algorithm determines which adjustment objects 
correspond to the a= 1.45 and [3= 1 values. In this case the adjustment object 
group given earlier would be applicable here, and is given in the action part 
of the rule below. 

if Zn-grade is ~ 26.8% 
and Zn-grade is ~ 27.2% 
and Cells 1-4 of rougher bank 
then dso = 80 ,urn: 11. 5% < 10 ,urn 

Zn content of feed = 15% 
Sodium ethyl xanthate = 32 g/t 
Copper sulphate 180 g/t 

If the final recovery grade lies outside the range given by the statement part 
of the above rule, a new estimate for a and f3 is calculated, but this time it is 
increased or decreased (dictated by rules) by a small factor. This is repeated 
until the final recovery lies within the defined range. 

Note that the same method discussed for method 1 above could also have 
been applied here, with the difference that the concentration-retention time 
data are contained in the pivot object. 

5. CONCLUSIONS AND SIGNIFICANCE 

The simulation, optimization ·and identification of batch and continuous 
flotation processes by using an object-orientated knowledge based system and 
linear programming was discussed in this paper. The central theme is the de
velopment of a kinetic model that can be adjusted by two adjustment factors 
a and [3 respectively. These should not by affected by variances that occur 
during least squares parameter fitting, hence a direct calculation of appropri
ate rate variables and final recoveries from the kinetic data was opted for. 
Therefore, in the form that this model and its "parameters" are presented 
they are very useful for process identification (or diagnosis). 

The simulation, identification and optimization results serve to illustrate 
the following regarding this modelling approach: 
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-It was shown how a generalized non-linear first order rate equation (two 
parameter model) can be used to approximate three different well-known 
theoretical flotation models and a variety of practical flotation data. Al
though not shown here, it has been demonstrated (Reuter and Van Deven
ter, 1991) that this same <:pproach could be applied to approximate leach
ing, adsorption and pyrometallurgical reduction reactions. In all cases the 
approximation was almost exact. 

-This general form of the rate equation permits the definition of a general
ized knowledge base which can interact with the rate variable and the final 
recovery via objects. This permits the definition of a well-defined kinetic 
model for any type of flotation process under consideration. 

-The application of this kinetic model was used to simulate the recovery of 
sphalerite, gangue and water in continuous rougher and scavenger banks 
by taking the process conditions within a cell into consideration. The re
sults in this case compare well with industrial data. 

-The interaction of the data produced by the simulation and process iden
tification activities and a linear programming optimization model to pro
duce optimal circuits, was demonstrated. A circuit was produced giving 
approximately the same results as the industrial flotation plant being sim
ulated, the difference being that the concentrate of the scavenger reports to 
the cleaner and not to the rougher. If this stream is forced to report to the 
rougher by a suitable constraint (as in the real plant), the recovery drops 
by 0.2%. 

-Fault-diagnosis/process identification can also be performed by utilizing 
the adjustment information a and f3 of the generalized kinetic model. By 
comparing this information to the pivot-data, the model can suggest the 
possible conditions within batch or continuous reactors under 
consideration. 
From the results of the knowledge based system, it is evident that the KBS 

could render an ill-defined flotation process well-defined, and that this ap
proach is able to perform simulations and process identification that stan
dard simulation programmes are not capable of doing. 

6. SYMBOLS USED 

a,b,c,d 
aej, b('j 

(aej) U 

(bej)u. 

C e
, Cf, C~ 

Constants ( - ) 
Mass flow rates of final concentrate and final tailings of 
element e from bank j respectively (t h - 1 ) 

Upper bound on aej [Lower bound (aej) L] (t h - 1 ) 
Upperboundonbej [Lower bound (bej)L=] (th- 1

) 

Concentration in a batch reactor, concentration in stage i and 
at data point n of element e respectively (ppm) 
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Co 
Fp,in 

k[ ce (i)]n 
kr, ks 

k' 

N 
OBl 

e e 
rmij' rYij 

r 
R 
(rmij)L 

Sh, Re, Sc 
t 

liej 

( Uej) L 

Vact 

we 
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A knowledge based system 
for the simulation and optimization 

of metallurgical plants 

INTRODUCTION 

N ulllerous factors influencc the flotation of valuable 
componcnts in a notation cdl 11-21. Allhough a 
number of fundamenlal Illodels have been pr~pll

sed for flotation. the parameters of these models usually 
lump togcther numerous process variablesili. Hence. lillie 
infonl1ation reg'lrding the process can be extracted fmm 
these parameters. Therefore. it is the obiectiv~' of this 
paper to propose a knowlL"tlge-hascd SystCI{1 (KBS) modd 
IVhich would enahle the inclusion of all possihle tlotation 
variables. e.g. frother 8: collector additioll. pll. ;Icralion 
ratc. I'/C". to relllkr the as yet il/-ch:lilll'l! tllltatilln process 
IVcll-dclllled. This is acclllllplish~'d hcre by usill~ ;1 hybrid 
K BS appro;tcll. i.l'. bllth qu;tlit;lIiv~' (".I/'c'ric'mill! III/(!!Il'/(
rislic) knowkdge and quantit;lIivc (c'(llllllioll ori"lIllIll'c/J 
knowledge an: used to descrihc the kinctics or tlotation. 

Thc 1I1l1dcllillg of varillus ill-defined chemical ell!!illce
ring problems have been performed by usillg K BS' tcch
niques_ Most or these applications arc. however. conrined 
to steady-state circuit design 1:1-51. the sekction of cquip
melli, proccsses or reagents e.g. DECADE for thc selec
tion or catalysts 16-71, synthesis of operating procedures 
13-X-IO], malfunctioll diagnosis 11-14 and Clllltrol synthe
sis3-15-17. lillie emphasis has beell placed to date 011 the 
application or these techniques to the modelling or mine
rai processing systems II X I. Allhough the dynamic simu
lation of i/l-d('filled prohlems by the use of these tech
niques has found little application in the literature, 
qualitative simulation has been explored in this regard 
119]. It has already been shown how a KBS and a dyna
mic equation orientated system can be combined to simu
late CIP and Cil systems 120-211. 

In the above-mentioned systems various architectures 
have been applied to fonnalize the knowledge e.g. ohject 
orientated 13-141, frJme orientated 151. hybrid systems. in 
a blackboard 16-71, hierarchical IX-II] and goal-tree-suc
cess-tree 117) systems. Of these systems the object orien
tated approach was used to define a KBS that can 
embrace both the dynamics of a process as well as do pro
cess malfunction diagnosis on the basis of the chemical 
and physical environment within the reactor. Although 
this model could be applied to leaching, adsorption 'Or 
pyromellalurgical processes, it is applied here to simulate 
the rougher and scavenger banks of a sphalerite flotation 
process I. It is also demonstrated how the KBS system can 
suggest an optimal flotation circuit by coupling the dyna
mic equations and the knowledge base to a linear pro
gramming model 1221. 

KNOWLEDGE REPRESENTATION 

The representation of shallow (experiential alld h('uris
lic) and deep (equal ion oriellla/ed) knowledge for appli-
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cation. in knowledg.e based systems is probably one of the 
mose IInponant aspects of this modelling approach. In the 
approach discus.'ied here. the hatch notation concentra
tion-time recovery data of the valuable clement. as welle 
as all other species involved. fonn the hasis of the know
ledge hase. These dat arc transfonned into a useful fonn 
hy a generalized kinetic modd. the ratc constant alos 
heil.lg. a runction of all the effects of the flotation process 
v;~nables: The o~gani/.ation of the data in this manner per
nllts the IIlleractlon between the hatch flotation concentra
tion-time data. process variables. kinetic model and 
mathematical modelling.. This may he reali/.ed hy know
ledge repr~'sentation techniques such liS Iilos. (lhj('cl.I' 
(/r(//J/('sJ. mil's lIlItlIi(//oiolls 1191. Thesc tcchniques arc 
used hcn: in the fnllowin!! manncr : 

/-'II('/S may include 1'0;' ~'xalllpk the type of reactioll 
under consideration. he it kaching.. adsorption or reduc
tIon. Ilotation or the type of reactor system (hllld/. CST!?, 
(,OIllI/('r-Cllln'll/ ('IC.). 

elld, Ohj('cl (Fr(//J/(') is structured so as to include all 
relevant inf~1I'm;~lion regarding. a particular process 
van:lh.1c ;1IIt! I.ts dlcet 011 the process. An eX;lIl1plc here is 
the plvot-ohJect. that defines hoth shallow and deep 
knowledge regarding a process under consideration (It 
refers here to the said sphalerite flotation process with the 
c.onditions of Experiment I 121 rorming the pivot-condi
hons). 
1\'1'1' OIJlO/(Jlioll sysle/ll 
Dislillguisitillg c/1CI/'a(·/('ri.l'lic 
II FacIOI' ocijus/I1I('I1I-ohje('/.I' 
I.: Regre.uioll-o/ijecls 

Kine/ic data (j sets oj I.:illelic 
data e.g. dlClllg(' oj reagellls) 

TYI'e oj ol'('I'(//ioll 

SI'ha!erite JllI/alioll 
1:\'I'e oj ore hod)' 
Partide si:e, etC'. 
Tota! % ZII ill jeed 

Col/ector addilioll, elC'. 
Tillie C 
() 1 
05 O.C)46 
elc. 
Ba/chlC Oil/ iIlIllJ/l.~ 
ifllllc/ioll-oiJjects & 
IIllit-ol'eratioll-ohjeCl } 

Cos/ dala : FlIllctioll oj operatioll 
This object comprises of various other objects which 

include amongst others the following unit-operation
object: 
Ullil ol'('I'atioll 
Reactors 
M ill('l'(J/ COIII(,111 oj j('cd 
% so!ids ill feed 
Retell/ion time oj cel/s /-4 
NUll/her oj rcaClors ill serics 
F('ed JlolI'mle oj Ihe pU!I' 
% short circlIiting oj jced 
% d('ad l'o/ulI/e oj reac/or 

CONTINUOUS 

/I.R % 
43.3 % 
11.2 mill. 
4 
43.3 Ilh 
o 
() 

1. Inslilul rur M~lalihullcnwcscn uno Elci.:.lrmnel:Jllcrgic. RW·Tcc.:hnischc 
HI)ChscllUlc. Aachen. Gcnn;u1Y. 
2. Ocpanmctlt of Melallurgical En!!inccring. UniYcr~ilY of Slcllcnhosch. 
Slcl\cl1oosch. 7f><KI. South Africa .• 
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or the adjustmellt-objecr comprising of II possible ohjeCls 
with m sub-divisions which define the effects of the 
deviation of process variables on the pivot process condi 
tions : 

Adjustment-object label 
Suh-division of adjustment-ohject : 
n-I interactioll factors 
Slope facto 
Filial recovery factor 
Cost factor 

Particle si: e 
dSO = 80 III/II 

I 
1= a 
I = j1 
I 

or the k regression -ohjects (simi lar to the object above) 
that define the effects o f process va r iables via various 
types of regression equations (logarithmic. polYllomial & 
power) e.g. : 

Adjustment-object lahel 
k-I Illteractioll factors 
Slope regressioll equatioll 
Filial r('C(}l 'ery regressioll 

: Total %ZII ill feed 
: I 
: O.oS88(%Zn )+OJJ=a 

equatioll : I = 11 
Cost regressioll ('lllIatioll : I 

T his regression rule (taken from data of fn:w &. Davey 
12J would imply that fo r a ked grade of 11.5 'Yr" a would 
be unity (no deviat ion from pi VO L), hence correspond ing 
to the pivot-rate 'which is 0 ,11 mi ll"i or the corresponding 
pi l'lll kl Cel t) \" values (see be low) . 

The Rilles (product ioll rilles) defi ned here f;)11 into 
various catego ries which include amongst others the fol 
low ing adjustment and search rules respecti vel y : 

if Sph;)lcrite notati on 
and Type of ore boby 
and Zn content of feed = 17.9 % 
alld dso = 80 fJ-m 
alld etc_ 
tilell slope factor=CI.= I x 1.3X= 1.3X and load factor=B= I 
if Zn recovery is ~ 64 % 
alld Zn recovery is ~ 66 % 
alld Cells 1-4 of rougher bank 
thell Zn content of fe~d = II .X % 

d50 = XO fJ-1ll 
etc. 

The user has cont ro l over the search accuracy of thi s 
search rule_ 

Flllloilll/S include the kinetic models, differential equa
tion s that defi ne the non-ideal now through the conti 
nuous reactors or equations that describe fund amental 
aspects o f the process . A function would hence contain 
the following clelllents : 

T,'"I )(' of operation (defilling lahe/) 
K illclic lIIode l (d i/ll'relll ial eqllalioll : see hc!ow) 
U lIil -oJlerllf iOIl-o/Jjecl ( 11.1' aho\"(' ) 
NOIl-idwl j7011" II/odc! (dUjl'rellf ial ('q ll illioll : scc he/ow) 
N e.'-: rcss i O il ({(Ij lls I III ( ' /11 -ohjec/S (as IIdj IISIIIIC II I-ohjeC/ 

IIho\ '" lI'illl jlloor /"(' II /I)III("('d hy (/ regre.Hioll elflwlili/l ) 
L illell r {Jrogr(/lIIlII i llg o{J lillli:lll ioll lIIodel 
F IIIIIIIIIII('/ 11111 cor relaliolls (eg . Sh = a(Re)"(ScY+d) 
Thi s know ledge repn.:sent ati oll is inlegrated in a user-

friend ly simulat ion programme which is w ritten in Turbo 
P~lscd . fi gure I depic ls Ihe inlegralion of thcse dala. 

Fig. 1. - Overall structure 01 KBS. 

User-friendly interface 
via menus 1 

Input/output via ~en~s'~ l 
1 .... f----,.------1-1 graphs, graphs & printer 

~========~~~~~ ~._ .. _____ -_-_._ .. _oo-_-_-_-_-_-_-__ .. ~ 
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Finger-printing of batch data 
Definition of pivot data 
Objects (Frames) 
Heuristic rules 

--

Interaction between process 
parameters 

Leaching 
Adsorption on carbon 
Adsorption on resins 
Flotation 
Reduction 

~ I. Internal communication- ·- 11 ...... f-------- --,1 
via inference engine 1 

,
. . 

Diagnostic 

~u~~io~~ ... _ 

I 
I 

I 

Accuracy of search speci fied 

Fault-finding diagnostics 
for systems 

Identification of slurries . 
ores, reagents or adsorbenls 

Optimization 

Linear Programming 

Save new data 

I 
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Reactor 
Configurations: 
Batch reactor 
Cascade of CS rR's 
Countercurrent cascade of CSTR's 
Fixed bed column 
Countercurrent columns 
Non-ideal flow 
Periodiety of countercurrent flow 

Simple numerical methods 
such as 

Runge-Kutta 

Flotation, CIP, CIL 
Leaching 
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DEVELOPMENT OF 

THE KNOWLEDGE BASED MODEL 

As has been mentioned above. a generalized kinetic 
model has been developed which may ~be used to describe 
the kinetics of leaching. adsorption and pyrometallurgical 
reduction reactions. In this section it will be shown how 
this model can be applied in conjunction with a know
ledge base to describe batch flotation kinetics and the flo
tation in continuous cells. FunhemlOre. it will be shown 
how optimal flotation circuits can be detennined and fault
diagnosis can be perfomled by using this kinetic model. 

Knowledge based kinetic model 

As has been defined for leaching. adsorption and pyra
metallurgical reactions [20-211 . the rate of depletion of 
the valuable clement in the slurry of a batch cell has been 
delined by a non-linear lirst order rate equation. in which 
the rate variable k[C~(t)[ is only a function of C~(t) . the 
concentration of element e (e = !!akna . waleI'. !!an!!uc. 
elc.). No Ilotation species (e.g. fasl and Sill\\' llo;i1ing ~pc
cies wilhin elemenl e) are ctlered for in Ihis modd. ;IS 
these are implicilly included in Ihe ra le variahk kIC~(t)1 
and Ihe accompanying kn()\vkdge base. which covn all 
possihle particle size distribulions. cell operating condi
tions and mineral compositions. ThL' v;tllIL' of kICe(I)[ is 
detennined as !!.iven below from a nOlalion curve. which 
covers the llol;uion up to the linal recovery R. 

dC~ - = -k[C~(t)1 C"(I) 
dt 

\\'h('r(' : k[ C~(t) [" = - 2(C~n + I -C~,,)/ &I(C-,,+ I + C~,,), 

(I) 

The value of k[Cc(t)J corresponds to the flil 'o/ pmc(',u 

"ariah/es. Any deviation from these pivot-data is rellected 
by the a and B values of the adjus/l11ell/ oiJjec/s. If these 
values deviate frome I. the following equation may be 
applied to predict the kinetics of the flotation process, 
were k[CC(t)]" is as deteml!ned by equation I and the dis
crete ranges of CC(t)n scaled linearly to fit between I and 
(I-fiR) [R = final recovery foreq , I]: 

dCe 
- = - ex · k[CC(t)1 10(t) - (I - ll)1 = r. (2) 
dt 

Continuous flow model 

Ideal flow is assumed in the formulation of the conti
nuous flow model for the depletion of an clement e in cell 
i, although in the KBS non-ideal flow in the form of 
shon-circuiting [Cci.1 = <.1) CCi.1 + (I - <I)C'i.2J and dead 
volume IV"'-1 = Vlol"1 - V dc"d] is incorporated. The theoreti
cal values of the dead volume and bypass streams can be 
obtained from tracer tests, or can be estimated by compa
ring real plant behaviour with that predicted from an ideal 
flow model. 

Vp.in 

V"CI 
Cei.1 

_ Vp.OUI C 
'i + r. 

v"'" 

linear programming optimization model 

(3) 

The constraints which define this model habe been 
developed by Reuter and Vand Deventer [22] and the rea-

DECEMBRE 1992 

der is hence referred to this rci'erence for funher details. 
Note. however. that the linear programming model that is 
defined here is a simplilication of that defined in [22], as 
no flotation species are defined . Of all the constraints in 
the linear programming model that are of imponance, the 
one that defines the separation of element e at bank j and 
links the KBS to the optimization routine. is repeated here : 

(4) 

Values for (ymcjlL and (ymc/ I arc deten11ined as fol
lows: (i) the expected operating conditions in a bank of 
cells are selected. which produce an adjusted kinetic 
model ('((.2), (ii) this can subsequently be used to simu
late a bank of continuously operated flotation cells (eq .3) 
and finally from this a separation factor for each clement 
e can be detennined. 

Process identificaion and Fault-Diagnosis 

The dclinition of the ratL' variable k[C,·(t)1 in the manner 
as described by eq. 1 is very usci'ul to perform fault dia
gnoslis using kinelic (I;. t;1 only. Consider a lirsl order reac
lion ;Ind Ihc follll\ving lilllc-weigkd slop~' inlegral : 

j ~ h.C til = j ~k~1 til = I/k (5) 
o (\ 

If Ihi~ \';tlue for I/k is conlp;lred 10 Ih;1I of another curve 
wilh rale constanl k'. the ra lio k'/k !!ives a v;ilue for the 
adjuslmL'n l LlclOr a. which Clll suh~equenlly be used in 
conjunclion wilh tl 10 search Ihrough all adjustment-rules 
to delt:rmine whal Ihe chemical environl11ent in a batch 
notalion cell is. Thi s has been !!enralized for the rale 
variable kIC"( t)l" in Ihe following ~nanner : 

I/k" = ~ til' kIC"( t)[" Cc(t)" I'll. 
" 

(6) 

For the process idenlification in a continuous bank of 
cells . the a and b values arc adjusted continuously. until 
the recovery corresponds to that obtaincd fmlll the planl. 
The 0: and B values are an indication of the deviation from 
the data in the pi\'{)/'()/)jec/ which subsequently poi nt s to 
the appropriate adjlls/lJlell/·o/JjeCls, which then suggest the 
appropriate operating conditions. 

SIMULATION RESULTS 

Various examples will be given in the subsequent sec
tion to illustrate the application of the developed model s. 

Batch flotation 

The generality of the proposed kinetic model [eqs. 1 & 
2] is illustrated by comparing its performance to that of 
two well known kinetic models. A number of values for 
k[Ce(t)ln for the concentration-time data in tables 2 and 3 
are summarized in table I. These values are subsequently 
used 10 produce the results in the (b) columns of tables 2 
and 3. 

It is clear from the results summarized in tables 2 and 3 
that one model can predict the same results as two diffe
rent well known theoretical models. It may be mentioned 
here that the same model has also been applied to adsorp
tion. leaching and pyrometallurgical reactions, with 
results comparable to flotation above [20-21]. 
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TABLE 1 
Summary of the calculated k(Ce(llln values according 
10 equalion 1, using the dala in column l(a) in Table I 

Column l(a) of Table 2" 
CO = 1-R[1 ~-l<t)lkt] 

Column 1 (a) of Table 3 
C' = 1-R[1 ~·ktJ 

CO Range k[C"(t)] t[mln] C. Range k[ce(t)] t[min] 

1.00100.95 -0.496 0·0.102 1.00100.90 ·0.999 0-0.102 

0.95100.90 -0.487 ·0.204 0.:90 to 0.82 ·0.999 ·0.204 

0.90100.85 ·0.478 -0.306 0.82toO.74 ·0:999 ·0.306 

elc. etc. etc. etc. elC. etc. 

... 10 0.00 0.00 ... 10 0.00 0.00 

TABLE 2 
Columns (a) : Concentration-time dala from the given 

model and Rand k values. Data in column 1 (a) 
were used to determine k(Ce(t)] by eq. 1, 

which was subsequently used to predict values 
in columns (b) according 10 eq. 2 

(a): C/Co=l-R[l-(l~·kt)/ kt] (b): Eq. 1 & 2 

R&K 1.0 & 1.0/min 0.5 & 0.1 min 0.1 & 4.0/min 

13&" 1.0 & 1.0 0.5 & 0.1 0.1 & 4.0 

I (min) 1 (a) 1 (b) 2 (a) 2 (b) 3 (a) 3 (b) 

0.0 1.000 1.000 1.000 1.000 1.000 1.000 

0 .5 0.787 0.787 0.988 0.988 0 .943 0.943 

1.0 0.632 0.633 0.976 0.976 0.925 0.925 

2.0 0.432 0.433 0.953 0.953 0.913 0.913 

4 .0 0 .245 0.246 0.912 0.91 2 0.906 0.906 

6.0 0.166 0.166 0.876 0.876 0.904 0.904 

Continuous flotation 

To illustrate the app li cltion of Ih i ~ proposed K HS 10 a 
practical system. the sphalerilL' nOlal illn dala of Frew and 
Davey [21 were u ~ed . For Ihi ~ purpll ~c. Ihe va rious dal;1 
o/Ji('ClS arc defined as Ihll ~' ~i"en aho'·,. All hough nol 
shown here. ohj('c/s which definL' Ih, effect of rcagenl 
additions, ked grades and panick ~ ~izes (III Ihe ilotation 
rale constanl. musl also he inclu(le-d . Fre\\' ;Ind Davey 121 
descrihed notal ion hy simpiL' fir~ 1 lInler kinctics . From 
their dala it is clear that Ihe rale Clln"anl kl("(t)I" has a 
constant value of n. 11 min ' I fnr thL' Ilil"ol'ohjcc/ defined 
ahove for cells I --t Assul1ling ideal 110\\'. using Ihe appro
priate IIl1il-Ofl<'Wliol1 -ohjcu . applying eqs . 1-3 and the 
!!iven relent ion limes. the re~ults sUl1lmarized for cells 1-4 
in lable 4 could h<: produced f(lr Experiment I 121 . 

From the simulalion result~ for cells l-..f and the process 
conditions within cells 5-7. appnlpriate (/cljll .~ III/<'IIIS
ohjeCls would suggest that the IliI 'ol -rale 1-:1("(t)l" should 
be adjusted by a factor of 2. Suhsequenlly, these cells as 
well as cells X-HI could he ~ il1lulaled hy following the 
same method. From the ah(l\'~ it i~ clear that the compari
son is excellent. 

A similar approach must h<: followed for all other com
ponents involved. e.g. in the aha,·, ,xample galena, pyr
rhotite, non-sulphide gangue and \\'at~ r. For each of these 
an associated adjllsllI/('III-ohjecl I1IUS h~ defined. For 
example, fOf the gangue und~r Ih~ prevailing conditions, 
Ihe rate of waler recovery is a faclof a = 0.055 of that of 
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the sphale rile in cel ls 1-4, (),()27 in cc ll s 5-1 () and for the 
gangue a = 0,012 for all cells. 

Optimization of a flotation circuit 

Once the various simulations have heen perfonned for 
variolls tlotation scenarios and recycle possibilities in 
order to detem1ine the appropriate separation facto rs, a 
linear programming model for the valuable element, in 
this case sphalerite, could he developed according to (22[. 
From lable I the separation factor for the sphalerile in the 
rougher and scavengcr banks respectively could be d:::ter
mincd 10 produce the following two constrainls : 

() I11l.n.'\ I ~ Y/Jls I ~ II. \)X I1l IJ,S I, 

() I1l/J,S ~ ~ Y/"S ~ ~ 3.X ml.nS ~. 

The constraint for Ihe cleaners. which we re grouped 
here inlo one bank, could he estimated frol11 the given 
data 12110 he (kinetic dat;1 not given for Ihese hanks) : 

() ml.nS -' ~ Y/J'S .1 ~ \)() ml.nS .;. 

The result of Ihis simulalion is Ihe depicted ci rcu it 
SlrUClure (fig. 2) for a l1laximi zalion of the sphaleri le reco
very. The recovery for Ihis slructure is t)X,4 'k. However, 
if Ihe Cllllccnirale recvcle of Ihe scaVe n!!er is forced to 
report 10 Ihe 1\l\I~her. i:e. Ihe slruClure as given hy 121. the 
recovery drops to \)X.2 %. Wilh a view 10 determine the 
grade. a similar l\1odel can he developed for the other ele
mcnts in order to minimi ze Iheir ilow for the given opt i
m;t1 siruc iu re for Ihe sphalerile (sec 1221). 

TABLE 3 
Columns (a) : Concen tration-time data from the given 

mode l and Rand k values. Data in column 1 (a) 
were used to determine k(Co(t)] by eq. 1, 

w hich was subsequently used to predict values 
in columns (b) according to eq. 2 

(a): C/Co=l -R(l-(l~·kt)/kt] (b) : Eq, 1 & 2 

R &K 1.0 & 1.0/min 0.5 & 0.1 min 0.1 & 4 .0/min 

l3&u 1.0 & 1.0 0.5 & 0.1 0.1 & 4.0 

t (min) 1 (a) 1 (b) 2 (a) 2 (b) 3 (a) 3 (b) 

0.0 1.000 1.000 1.000 1.000 1.000 1.000 

0 .5 0.607 0 .607 0.976 0.976 0.914 0.914 

1.0 0.368 0 .36B 0.952 0.952 0.902 0.902 

2.0 0.135 0.136 0.909 0.909 0.900 0.900 

4.0 0.018 0.018 0.835 0.835 0.900 0.900 

TABLE 4 
Comparison of the practical data for Experiment 1 

(rougher & scavenger) of Frew and Davey (2] 
with those produced by the proposed KBS 

Cell Plant KBS Plant KBS Plant KBS 
N° Zns ZnS Gangue Gangue Water Water 

0.75 0.76 0.995 0 .995 0.96 0.98 

2 0.57 0.58 0.99 0.99 0 .94 0.96 

4 0.36 0.34 0.985 0.985 0.92 0.92 

7 0.076 0.077 0.98 0.96 0.88 0.88 

10 0.016 0.016 0.97 0.95 0.85 0.84 
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Fig. 2. - Circuit structure and sphalerite flow rates in tlh (or 
optimal circuit as produced by the KBS (flow rates tl h). 

From the aboye now rates it is clear that they tlo not 
dirkr much from those given in 111 for Experiment I. 
despite the ditTcrence in structurc. 

Fault-Diagnosis 

In order to illustrate the identification of a process on 
the basis of its batch notation curve. cq. ) is applied to 
the Ilira/-ticl/(/ of the notat ion example 111 for which k = 
0. 11 min-I . The integral will prodUCl' a va lue of ().()() . If 
another curve is ulillparl'd to thi s, say with a ratl' const ;l1lt 
k = (l.UI mil1'l, thc integr;d prodlln's a vallll' of (1 .2:'i . 
hence n = !J.()() / (1,1) = 1.--1). The se;m'h rolltil1l' \I 'ill 
allempt to prodllcc a nlat ch for thi s ;1 ;IIHI Sll ggl'St appro
priate operatillg cOIHl itions. 

If the sC;lrch wit' for ce lls 1-.:1 is considl' rl'd. it is cic;lr 
that the re sult for th is search wOlild Ill' thc Ilil'lll·('ol/t/i . 
liol/s as !!ivcn. Il owever. if the sC;lrl'h r;IIl!!CS werc tn 
change to' ghose given below. the result woul~1 habc poin
ted to an increased /..n kcd gr;l(k of 17 .() 'J, 

(/1/(1 Zn rccovery is ;::0: 7'2 % : 
(/1/(1 Zn recovery is ::; 7.\ 'J" : 
(/1/(1 Cells 1-4 or l'Ou!!her bank : 
Ift/'I/ 7..n cOlltent or k~d = 17 .lJ 'I, 

d sCl = XO mm ; 
~ = 1.:lX; 
II = I; 
('Ie. 

From the simulation of Experiments '2 alld :I for cells 1-
4 12 ], it would have become clear via the To/(/I ckZII ill 
j('('d-o/}jecl that the total Zn ked (fresh & recycle) to the 
rougher has to increase so as so to produce the measured 
recovery. 

DISCUSSION OF RESULTS 

The simulation or batch and continuous notat ion by use 
of an object-orientated K [3S , was di scussed above. Fur
thermore, it was shown how the data of these silll uitations 
could be used to optimize a flotation plalll and perform 
fault dia!!nosis. 

The re';;ults of these simulations serve to illustrate the 
following regarding thi s simulation approach: 
- it was shown how a genera li zed non-linear first order 
rate equation can be u~ed to approximate two different 
well-known theoretical notation models. Altho u!!h not 
shown here, it has been demonstrated that this same- equa
tion could be applied to accurately simulate leaching , 
adsorption and pyromelallurgical reduction reactions; 
- this form of the rate equation pemlit s the definition of a 
generalized knowledge base which can interact whith the 
rate va riable and the final recovery via objects. This per-
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mit s the definition or a well-ddincd kinctic model for any 
type of reaction under considcr;l1ion , be it leaching , 
adsorption, reduction or notation: 
- the application of this kinetic model was used to simu
late the recovery of sphalerite. gangue and water in conti
nuous rougher and scavenger hanks hy taking the process 
conditions within a cell into consideration. The results in 
this case were very good: 
- fault~iagnosis/proccss identilication can also he perfor
med by utilizing thc adjustment infonnation a and b of the 
generalized kinctic model. By comp;lring this infomlation 
to the pivot-data , the mooel can suggest thc possihle 
conditions within the reactor under consideration; 
- it was demonstratcd how the simulation and process 
idelllilieation activitil's coulo he integrated with a linear 
progrJmming optimization modcl. A circuit was produced 
which gave nearly the samc results as the industrial Ilota
tion plant. with thc difk-rence IX'ing that the concentrate 
of the scavenger rcpol1s 10 lx' cleaner and not to the rou
gher. If this stream is f(lf(xd to rcport to the rougher, the 
I\'co\'el')' drops by (1.2 ',4. 

Frolll till' rcslIlts (. 1' tile KBS . it is CiL';II' tilat the KI3S 
could rl' ll(kr an l'lI-dL'll lll'd pn 'l'l'SS \wll-dl'lined, and it is 
;Ibk I., jll'rfol'ln Silllll \;llio lb lil;1I st;IIHlard sinlll\;ltion pro
gr;l ll llllCS could n.,1 jlL' rrnl'l n. 

r 
R 

V act 

Vp.in 

Ot 
c11 

0:, II 

SYMBOLS USED 

CllIiL'l'n trati()1l ill a batch. concentration 
in st;lgc i ;lIld (Llt;1 point n of clement e 
rl'sllL'Ct i \'cl y. 
R;ltl' va riabiL' ;IS a function of C"(tl / min·1 
M;lss rlow rates of tailin!!s ;lI1d concen
trate or clement e at bank 'j rcspcctively / 
t h· l . 

Ibtc of Ilotation / min·l. 
Final rccovery. 
timc variable / min. 
Active stage volume / m '. 
i>uln Ilowrate in ano vp,out out of a stage 
/m'min· l. 
Lower houno on the separation factor or 
clement e at bank j. I (ym,./' u{J{Ja 
h(}(lIId f. 
Time increment / min. 
Fraction of pulp Shol1-circuiting reactor 
stage. 
Adjustment factors/equations . 

Sh. Re , Sc Sherwood, Reynolds and Schmidt 
numbers. • 
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A KNOWLEDGE BASED SYSTEM FOR THE SIMULATION OF BATCH AND 
CONTINUOUS CARBON-IN-PULP SYSTEMS 

M.A. Reuter Hons.-B.Eng., M.Eng., M.S.A.I.M.M. 
1.S.1. van Deventer Pr.Eng., Hons.-B.Eng., Hons. B. Com. , 
Ph.D.(Eng.), M.S.A.I.M.M., M.S.A.I.Ch.E. 

Department of Metallurgical Engineering, University of 
Stellenbosch, Stellenbosch, 7600, South Africa. 

SYNOPSIS 

A knowledge based kinecic model for the adsorption of gold and 
silver cyanides on activated carbon is proposed. The kinetic 
model requires only one set of experimental adsorption data to 
produce predictions of adsorption behaviour in batch, counter 
current cascade and column reactors respectively. Whereas mas t 
kinetic models require a prediction method to estimate the 
parameters in the model, the proposed model uses simple algebra to 
estimate its single parameter directly from the experimental data 
selected from a database. It is clear that if a set of adsorption 
data is available at operating conditions which are different from 
those of existing adsorption kinetic models, e.g. different levels 
of oxygen, carbon blinding, carbon poisoning etc., the model will 
still be able to·produce predictions. This model is subsequently 
llsed to predict the performance of packed and moving columns, and 
counter current cascade reactors. 

Due to the simplicity of the model, its minimal memory and data 
requirements, and the fact. that it requires batch data in a 
concentration-time format, it is suitable for application in a 
knowledge based system. Hence, a section of this paper is devoted 
to the discussion of a knowledge based system that is currently 
being developed. It is clear that all simulations are very much 
dependent on the correct choice of batch data. To ensure that the 
correct data are chosen, heuristic knowledge regarding the process 
is also included e.g. rules of thumb, operator knowledge etc., 
'.Jhich controls the choice being made on the basis of oper~ting 

parameters. 

The proposed knowledge based model is tested for a wide variety of 
experimental operating condition~. A good correspondence between 
the experimental data and the predictions is obtained. 
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INTRODUCTION 

The kinetic modelling of the adsorption of gold cyanide and silver 
cyanide on activated carbon has received considerable attention in 
the past number of years. This is reflected by the large number 
of kinetic adsorption models. that are discussed in the literature. 
Several model~ such as semi-empiricall , adsorption-desorption2 and 
branched-pore 4 models have been employed in the simulation of 
unit operations. MenneS used a kinetic adsorption-desorption 
model to predict the gold adsorption kinetics of industrial pulps, 
while Nicol et al. 6 used a semi-empirical model to predict the 
behaviour of multistage adsorption circuits. Jansen van Rensburg 
and Van Deventer7 , 8 formulated a branched-pore model to predict 
the performance of gold and silver adsorption on activated carbon 
in packed-bed and moving-bed columns while Van Deventer9 used the 
same model to predict the performance of counter current 
adsorption cascades. 

Most of the above-mentioned models, however, have a relatively 
large number of parameters that have to be estimated in order to 
fit the data. These parameters, which could include film transfer 
coefficients, intraparticle diffusion coefficients and equilibrium 
constants, sometimes yield good predictions, but are numerically 
tedious to estimate. Furthermore, the need for an isotherm or 
pseudo-isotherm in these predictions involves a considerable 
amount of experimental work. 

Consequently, a single-parameter kinetic model for the adsorption 
of gold and silver cyanides on activated carbon is proposed here. 
Contrary to the published models, this single parameter is not 
es timated, but calculated directly from batch· concentration- time 
data by simple algebra. Since concentration-time data in a data 
bank form the basis from which all predictions originate, the 
model is termed a knowledge based kinetic model. 

This model is exceptionally suited for application in a knowledge 
based system, since the lack of parameters imposes very few 
additional demands on the concentration- time database. 
Furthermore, the simplicity of the model minimises the 
computational effort, so that more time can be devoted to the 
search for concentration-time data in the database. The inclusion 
of heuristic knowledge of the process in the' database to assist in 
selecting the correct concentration-time data, is another 
attractive feature of this approach. 

The next section will be devoted to the development of the 
knowledge based kinetic model, and subsequently its application in 
t:he simulation of batch reactors, counter current cascades and 
packed carbon columns will be discussed. Finally, the application 
of th{s kinetic model in a knowledge based system, which is 
currently being developed, will be discussed. 

Stellenbosch University  https://scholar.sun.ac.za



3 

KNOWLEDGE BASED KINETIC MODEL 

Usually the rate of a reaction is defined bylO: 

dX 
r =- -- 1 

dt 

where 

x Dimensionless concentration of adsorbed component in 
solution 

It is assumed here that the rate of adsorption can be represented 
by a first order rate equation: 

dX 
r = K(load) X --2 

dt 

KCload)= a function of the loading load on the carbon . This 
implies that K(load) changes as the loading changes. 

The results of Van Deventer3 ,4,11 show that the diffusion into the 
macropores could control the rate of adsorption at higher loadings 
Cliquid diffusion coefficienc is on average 1000 cimes as large as 
che macropore surface diffusion coefficienc). Since k f is usually 
assumed to remain constant for a particular set of operating 
conditions, one can assume that the rate KCload) is only dependent 
on the loading load of the adsorbed component (Au or Ag cyanide) 
on the carbon . If however K(load) becomes a function of kf' a new 
batch curve must be selected from the data bank to calculate the 
corresponding K(load) values. The estimation of K(load) will be 
discussed subsequently . 

Using equation 2 it may be seen readily that the value for KCload) 
at a particular stage i of a batch adsorption process , may be 
given by: 

KCload i ) 
dX· 1. 

dt X· 
1. 

- - 3 

By using finite differences, an expression for K(load i) may be 
formulated from N dimens ionless concentration- time data points. 
This expression is subsequently used to define an expression for 
the rate r: 

N 
r = Iai KCload i ) X = 

i=l 

X· -x· 1 1. 1.- x -- 4 
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where 

a· 
~ 

If [load i -1] ~load~ [load i] then ai becomes 1, else 
a·-O for all J~L . For each load value equation 4 
r~duces to r-k.(load) X , a simple first order 
equation. 

Note that equilibrium is catered for 
since after a certain loading load 
becomes zero. 

implicitly 
the slope, 

in this model , 
i. e. K(load), 

In the nex t section it will be demonstrated how this model may be 
used to predict the performance of batch stirred tank reactors , 
counter current a ds o rption cascades and pa cked b e d adso rption 
columns. 

Simulation of a batch stirred tank reactor 

By substituting equation 
defines the change of 
reactor is given by: 

4 into 1, the differential equat i on that 
dimensionless concentration ~n a batch 

r = 

dX N 

I ai K(load i) X 
dt i=l 

--5 

Since the loading on the 
mus t be referred back to 
calculated from: 

carbon in the simulated batch 
the original batch data , the 

reactor 
load is 

d load 
= r --6 

dt 

\.fuen equations 5 & 6 are used to predict the performance of a 
batch stirred tank reactor, the following procedure is used : 

The database of the kinetic model is searched for a set 
of batch adsorption concentration-time data, which 
corresponds to the type of activated carbon being used 
and the operating conditions present in the reactor . 

From the dimensionless batch concentration- time data 
points, values for K(load i ) may be determined using the 
defining equation 4, after having smoothed the data 
with a cubic spline. These data are stored in an array 
which has the format [loadi_l , loadi, K( load i ) ] . 

At time zero the initial 
e qual to 0 and hence 
K( loadi ) is K(loadl ) . 

loading load on the carbon is 
the corresponding value for 
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By means of an appropriate numerical method (Runge
Kucca or EUler12 ) , the resulting differential equations 
5 & 6 may be solved to produce the next value for X in 
the batch reactor and the next carbon loading load. 

The K(load i ) that corresponds to this new loading load 
is chosen and the' previous step repeated for as long as 
is required. 

The concentration-time data selected from the data+base 
corresponds obviously to particular operating conditions e.g. mass 
of carbon (M), stirring speed, carbon mesh size (dp )' volume of 
reactor (V) etc. prevalent during their determination in a batch 
adsorption experiment. When equations 5 & 6 are used to predict 
the adsorption kinetics at o,perat i ng conditions other than those 
r epresented by the chosen data, the rat e r in equations 5 & 6 is 
modified by substituting r by rl: 

where 

r pcVdp / 6k f M 

[pcVdp/6kfMll 

- - 7 

This equation follows directly from the liquid fhase rate equation 
at a particular k f as proposed by Van Deventer. If, however, k f 
varies markedly between these different sets of operating 
conditions, a new set of concentration-time data must be obtained 
from the databank which corresponds to the input conditions, i.e . 
M, V, dp ' stirring speed (agitation) and Pc ' 

If r is equal to rl (i . e . r=rl)' but the initial concentration in 
the simulated batch reactor . is Cal' while the chosen data 
correspond to an initial concentration of CO, the differential 
equation that defines the change in concentration in the simulated 
batch reactor may be written as: 

dX 
--8 

dt 

The simulation of counter current adsorption cascades 

The mass balance equation over 
reactor in a cascade, where 
fractions, is given b y 9 

dX · 
J 

d t 

W 

[XJ' - l - XJ·l / r J. - I Wi' r i J' 
,£=1 J 

the j - th continuous stirred tank 
each reactor contains W l~ading 

--9 
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The calculation of wi" the discrete loading 
discussed elsewhere ll . ~he loading in each loading 
the j-th stirred tank reactor is given by: 

d load fj 

dt 

fraction, 
fraction i 

is 
in 

- -10 

The solution of these 
and equation 10 for 
conducted in the same 

equations, i.e. equation 9 for each reactor 
each loading fraction ..e in reactor j, is 

way as for the batch reactor. 

The simulation of packed carbon adsorption columns 

The simulation of activated carbon adsorption columns is well 
established7 , 8. Var ious models exist that define the change of 
concentration in adsorption columns, two of which are plug-flow 

d 1 7 8 d k' . 13 14 Tn. ... 1 h f' d 1 mo e s' an tan s-~n-ser~es' Wil~ e t e ~rst mo e assumes 
that no axial dispersion takes place the second model accounts for 
backmixing. 

Since the diameters of the experimental columns are considerably 
larger than the mean size of the activated carbon particles, it is 
assumed here that no axial dispersion takes place 15 Hence the 
plug flow model is used here to define the change in concentration 
in the packed bed column. If the equation developed by Van 
Deventer and Van Rensburg8 is used as a bas is, it can be shown 
that adsorption in a column can be described by the following 
dimensionless equation: 

ax ax 
+ 

a4> ae 

where 

e 

L 
+ y rl =0 - - 11 

zlL 

tv / L 

Kinetics for a batch reactor as defined by equation 
5 to 7. 

If each section 4> of the column is considered to be a stirred tank 
reactor and the absolute starting concentration is 0 ppm, the 
loading on the carbon at locations 4> in the column may be 
calculated from: 

--12 
dB 
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where 

Cav Is the average starting concentration (ppm) in the 
column at al~ locations ~. throughout the 
adsorption. This concentration may be estimated to 
give the best fit for breakthrough curves for a 
variety of operating (i. e. different v. Land T) 
conditions for a particular column. 

Co The inlet concentration (ppm). 

The solution procedure is similar to that given for the batch 
reactor. the only difference being that the partial differential 
equation is solved by means of an implicit method12 

KNOWLEDGE BASED SYSTEM 

Although the knowledge based system being developed at the 
University of Stellenbosch has not been completed entirely, the 
basic elements thereof will be discussed and illustrated by means 
of figures from the system in this section. 

The basic elements of the knowledge based system may be divided 
into two distinct sections, i.e. the Expert System and the 
Hathematical Hodelling System respectively. The expert system is 
programmed entirely in Prolog and makes extensive use of the 
artificial intelligence (AI) capabilities of this AI-language. 
The principal activities of this system are: 

The management 
concentration-time 
process, etc. 

of a 
data, 

database consisting 
heuristic knowledge of 

of 
the 

The inference section, which selects the correct data 
from the database, subj ect to the input conditions. 
The rules that form part of this section, control the 
quality of the data produced. 

This expert system produces a file from the chosen concentration
time data which represents the input to the next section of the 
system. i. e. the !1athematical Hodelling Section. which is 
programmed in Pascal. The basis of this system is the knowledge 
based kinetic model, which was derived in the previous sections. 
The principal activities of this system are: 

The manipulation of the data produced by the e:xpert 
system, i.e. the calculation of K(load), using a cubic 
spline. 

The simulation of reactor systems, that use the data 
produced by the expert system to simulate the selected 
carbon-in-pulp unit operation. 
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Figure 1 shows the pop-up main menu of this Hachemacical Hodelling 
Syscem and the self explanatory menu-options that may be selected . 
This figure depicts the View/Edic Daca option being exercised, 
i.e. the data produced by the expert system may be viewed, edited 
and saved if so required. The data points that are being edited 
in this figure are the data used to simulate the counter current 
cascade, which will be discussed later on. Figure 8, a graphics 
output from this system, also depicts these data. Note that the 
Imporc Daca menu option permits the importation of data from 
databases other than the Experc Syscem, e.g. Lotus 1-2-3, dBASEIII 
or user data-files. 

The input data for the simulation of a counter current cascade are 
depicted by figure 2. These input conditions correspond to those 
used in the simulation of the counter current cascade, which is 
discussed later in this paper . 

I, 
MAIN MENU FOR THE SELECTION OF CIP REACTOR SYSTEMS I 

I 

I 
QATCH DATA 

I 1.00000 0.00000 

I 

Fig. 1 

~ ENU 0.93000 0.25000 
BATCH REACTOR 0.86000 0.50000 . . 
COUNTER CURRENT CIP CASCADES 0.76000 1.00000 
CIP ADSORPTION COLUMNS 0.70000 1.50000 
VIEW/EDIT DATA -C;AVE FILE 
VIEW SPLINE l Save Edited File <yin> J IMPORT DATA 
QUIT SYSTEM 0.58000 3.50000 

0.55000 4.50000 
0.53000 5.00000 
0.50000 6.00000 
0.47000 7.00000 
0.45000 8.00000 
0.42000 9.00000 

PRESS <ARROWS> TO SELECT AND <RETUR' 

The main pop-up menu for the mathematical modelling 
system. 

, 
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OPERATING VARIA8LE(S) IN THE REACTOR SYSTEM(S) 

j!:.L!:.Cl 
Mass of Carbon in Reactor 
Initial Concentration in Reactor 
Carbon Particle Diameter 
Volume of the Reactor 
Density of the Carbon 
Number of Reactors in Series 
Time of One Operat ing Cycl e 
Number of Operating Cycles 
Retention Time in a Reactor 
Fraction of Carbon Transfered 

= 
= 
= 
= 
= 
= 
= 
= 
= 
= 

40.00000 
8.30000 
1.85000 
5.30000 

960.00000 
5.00000 

16.00000 
7 . 00000 
1.20000 
0.40000 

PRESS <ARRO WS > , <U> TO UPDATE AND <RETURN> TO CONTINUE 

II 

Fig . 2 The input conditions for the simulation of a five 
reactor counter current cascade system . 

SOURCES OF DATA 

All the experimental data for the adsorption of gold cyanide and 
silver cyanide on activated carbon in batch reactors, counter 
current cascades and packed column adsorption columns were taken 
from the papers and theses by Van Deventer and Jansen van Rensburg 
3,4,7 - 9,11,16, which may also be consul ted for the experimental 
methods. 

RESULTS AND DISCUSSION OF MODEL PREDICTIONS 

The model predictions will be discussed under 
batch stirred tank reactor, counter current 
and moving bed column reactors respectively. 
experimental results and the subsequent model 

Batch stirred tank reactor 

three headings viz. 
cascades and, packed 

Figures depict the 
predictions . 

The simulation results for the batch stirred tank reactor all 
reflect an excellent correspondence with the experimental data. 

It must be noted here that the data that we re used in simulations 
1 to 4 reflect an independence of k f . This may, however, not be 
che case when a multi-component system is being simulated. As 
pointed out earlier, a new set of batch data must be selected by 
the expert s y stem from the data bank , which defines the adsorption 
under these multi comp onent adsorption conditions. (See figu re 8 
later) . 
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A time increment of dt=O.5 hour was applied during the solution of 
equation 5 by Euler's method. K(load i ) was computed by taking 
ot=lhour. 

Simulation 1 

Figure 3 depicts experimentally determined data for the adsorption 
of gold cyanide on Le Carbone charcoal (sample A) with the 
following experimental conditions: stirring speed=lSOrpm, V~2l, 

M=2g and 1.4:Sdp:S1. 7mm. The concentration-time data for Co~25ppm 

were selected to determine the values for K(load i ). The 
subsequent predictions by the knowledge based kinetic model are 
given as solid lines in figure 3. 

a 
u 
"-u 

Fig . 3 

1.0 

o. g 
~ C.o-S0!=Jpm Au 

0... a 

T c.o-~aappm ~u 

C.7 T - ~P::~T SYS7~M 

0...<1 

I 
c.:r T .. 

0...4T 

0.3 T 
c. 2 ~ 

I 
C ... 1 -

o. C 
C 

• 

10 = 30 

TIME CHOURSJ 

The effect of initial concentration on the adsorption 
kinetics of gold cyanide in a batch stirred tank 
reactor. 

Simulation 2 

The effect of different masses of carbon is illustrated by figure 
4 The experimental conditions for the adso-rption of silver 
cyanide on Le Carbone charcoal ( sample B) were: s cirring 
speed=lOOrpm, V=5l, Co=72ppm and 1. 4~dp~1. 7mm. The adsorpcion 
curve for M=5g was selected to decermine the values for K(load i ). 
Predictions for the other masses of carbon were based on chis 
choice. 
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1_C~----------________________________________________________ -, 

a 
u 
"u 

e.g 

e.s 

10 

·W-5g 

.. W- 1 09 

• W-2 09 

,. W-30g 

- ;::XP~T SYSTEM 

:IC 

T:~E CHOURSJ 

Fig. 4 The effect of different 
adsorption kinetics of 
stirred tank reactor 

Simulation 3 

masses of carbon 
silver cyanide in 

on the 
a batch 

Figure 5 depicts adsorption data 
conditions other than those used by 
same Le Carbone (sample B) charcoal. 
curves A, Band C respectively · are: 

for a variety of operating 
simulation 2, but using the 
The operating conditions for 

A: V=2l; M=O.S7g; 
Co=2Sppm. 

stirring speed=180rpm and 

B: V=2l; M=2g; 1.7~dp~2.0; stirring speed=240rprn and Co=38ppm. 

C: V=2l; M=2g; 1.7~dp~2 . 0; stirring speed=240rpm and Co=20ppm. 

In order to predict these profiles, the same K(load i) values as 
those used for simulation 2 were applied. From the predictions it 
is clear that the stirring speed does not have a significant 
effect. This is in accordance with Van Deventer4 , who stated that 
above lSOrpm the effect of stirring speed is negligible at high 
ini tial concentrations. The s light inaccuracy that may exis t in 
the predictions may be attributed to the slight difference in 
particle size between the data of simulation 2 and those of 
simulation 3. 
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This simulation demonstrates that the proposed model can predic.t 
adsorption data over a wide range of operating conditions, given 
one set of adsorption data for a particular carbon . 

1. a 

a. .. 

::1 
o.el 

a a.~1 u 
"-

I u 

0. ... -

I 
C_:J -

I 
0.2 T 
C .. :. ~ 

0.0 I 
0 

Fig . 5 

• 
B 

• c 

EXPO::RT SYSTEM 

• 
• 

• 
• 

!O :zo 30 :10 00 

,IME D-IOURSJ 

The effect of a wide range of operating conditions o~ 

the adsorption kinetics of silver cyanide in a batch 
stirred tank reactor. 

Simulation 4 

This simulation demonstrates the ease with which competitive 
adsorption of gold and silver cyanide can be described by the 
model, hence eliminating the use of complex multi-component 
equilibrium isotherms. Figure 6 depicts the experimental data 
which were used to determine the values for K(load i) for both 
silver and gold cyanide respectively. The experimental conditions 
were: stirring speed=240rpm, M=2.Sg, Co (Au)=34ppm, . Co (Ag)=28ppm, 
V=2l and 1.7~dp~2mm. 
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Q.a 

0.._ 

a ::r\ u 
"-u I • 

C_ 4 T 
c_~ T 
0 ... z ~ 

I ::1 
c 

Fig. 6 

~3 

~ AS C:=-ZBppml 

• 

• 
!a . :'0 :sa "a 7C 

TIMe: ~HaURS:J 

The simultaneous adsorption of gold cyanide and silver 
cyanide in a batch stirred tank reactor with M=2.Sg. 

Figure 7 depicts the resulting prediction using these data in a 
batch reactor with e xperimental conditions: stirring speed=240rpm , 
M=4g, Co (Au)=34pprn, Co (Ag)=28ppm, V=2l and 1.7sdps2mrn. 
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l_a~----------------------------------------------------------~ 

c 

Fig. 7 

- =:XP!O:RT SYSTE..Y 

• 
:0 = :00 

,IHE: CHCURSJ 

The simultaneous adsorption of gold cyanide and silver 
cyanide in a batch stirred tank reactor with M=4g. 

Counter current cascade 

The data used for this simulation are given by the dots in figure 
8, the graphics output from the Hachemacical Hodelling Syscem . As 
pointed out earlier, some of these data are also given in figure 
1. These data were taken from adsorption experiments conducted 
using an industrial leach slurry, containing a wide range of 
components (The slurry had a specific densicy of 1.4, pH=8.7, mass 
fraction of solids=O.49, aCCivated carbon:Le Carbone G2l0 AS, 
Components:8.3ppm Au, O.6ppm Ag, 24.lppm Cu, ~.lfpm Ni, 3.7ppm Fe 
and 363.8ppm Ca, 2.8ppm Hg and 28 .9ppm free CN ) . The solid line 
in figure 8 represents the prediction of the knowledge based model 
in a batch reactor. It is clear that the correspondence between 
experimental and predicted values is excellent. 
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15 

ADSORPTION IN" A BATCH REACTOR 
-

1..00 

0 . ,0 

0.80 

0.70 

0.&0 

o .. ~o 
0.40 

0 . :10 

0.20 

O . ~O 

0.00 ' 

a II 1.6 24 l2 40 49 56 6. 7 2 80 

TIME EHOURSl 

The simulation of the performance of a 
adsorption reactor using an industrial slurry. 

batch 

"y use of the slopes calculated from these exper i mental data , a 
"ive bank counter current cascade could be simulated" Figure 9 
"epresents the loading on the carbon over seven cycles in the 
"irst of five reactors, the loading profile over the five reactors 
fter seven cycles , and the concentration profile ov er the five 

"eactors after seven cy cles" These estimations are all produced 
)y the Hathematical Hodelling Sy stem (see figure 2 for the input) " 
.'he agreement in all cases i s reasonable, indicating that the 
lpproach can be used to simulate counter current cascades . 

~o~--------------------------------------------------------------, 

~o 

.... 
III 
.! 

~ ~ 4 

" III a.c ~ 

u 

tr • • • • 
IT • ~ 

• EXP"ERI MENTAL 
1 0 

• EXP"ERT SYSTI!!:M 

0+-----~-----+----~------~----+_----~----~----_+----~----__4 
2 " .. "1 

CYCLES 
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Fig . 8 

15 

ADSORPTION IN A BATCH REACTOR 

.1..00 

o.~o 

I 
0.80 

0 .. 70 

0.60 

0.::50 

0.40 

0.:10 

0.20~ 
i 

O • .LO ~ 
! 

0.00' 

a 8 .1.6 2 4 32 40 48 ::56 &4 72 80 

TIME aIDURSJ 

The simulation of the performance of a 
adsorption reactor using an industrial slurry. 

batch 

By use of the slopes calculated from these experimental data, a 
five bank counter current cascade could be simulated . Figure 9 
represents the loading on the carbon over seven cycles in the 
first of five reactors, the loading profile over the five reactors 
after seven cycles, and the concentration profile over the five 
reactors after seven cycles. These estimations are all produced 
by the Mathematical Modelling System (see figure 2 for the input) . 
The agreement in all cases is reasonable, indicating that the 
approach can be used to simulate counter current cascades . 

.... 0 

J 
M J rn 
.! 

~ ~ .... '\ 
~ rn 

J 
u 

• • • • • 
C" • ~ 

• EXPERII-IENT,A,L .. 
• E XP ERT SYSTEI-I 
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• 

• 

0- • 

-1 -

-~ -

• ~ 

• 
• 

EXP::~IHENTAL 

EXP-=:RT SYSTEH 

-3 +---------------+-------------~------~------~------~------~------------~ 

'1 
] 
-z 1 

I 
] 
-!S 

1f 
~ 

• 

.. 

STAGe:: NUMBER 

• 

.. 

:s 

STAGe:: NUMSER 

EXPO::RIHENTAL 

• E:X?::RT SYSTEM 

The adso r pcion in a concinuQus CQuncer currenc cascade 
with Q=4.441/h , M=40g, ~=O .4 and T=16h . 
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Packed and moving bed column reactors 

As in the case of the batch reactor, excellent agreement was 
obtained between simulations .and experiment~\ data. A voidage 
fraction of £-0.42 and a density of 476kg m for the activated 
carbon were used throughout ~he simulation of the columns. 

A L/dL ratio of 50 was used for all computations involving columns 
and dt was taken as 0.5 s. A value of 1 hour was taken for ot 
during the computation of K(load i ). 

Simulation 1 

This simulation illustrates the effect of different flow rates 
through the packed bed and the effect of packed bed height on the 
performance of ' the adsorption column . The column has an inner 
diameter of 3lmm. Figure 10 depicts the experimental silver 
cyanide adsorption batch data that were used to determine the 
values for K(load i ) , which in turn were used to predict the 
breakthrough curves given in figure 11. The experimental 
conditions for the batch experiment are given in figure 10, while 
these conditions for the column were: Co=4 . Sppm, 0.:Sdp.:S2.36mm and 
pH=8 . S. For this simulation the value for (Cav/Co ) is taken as 
0 . 1, to predict all three curves . 

1.0 

0- .. 

0- .. 

0-

7 1 
Q 

0." I 
u 

" O-~T u 

0.4 T 
0.3 T 
C. % T 
o. L T 

. 0_ a 
C 

Fig. 10 

• e:xP~IMENTAL- OATA 

pH-S.!l: • V-2. Sl • "'-3S.' =-!l:. 7pprn 

1 0 1::, 

TIMe: CHOURSJ 

The adsorption of silv er cyanide in a batch stirred 
tank reactor . 
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Fig . 11 The prediction of silver cyanide breakthrough curves 
in a packed bed reactor with various bed heights and 
an inner diameter of 3lmm . 

Simulation 2 

A similar simulation was conducted with a gold cyanide solution , 
using a packed column with a height of SOcm and inner diameter of 
3lmm . The batch data which were used to determine K(1oad i)' as 
well as the relevant experimental conditions , are given in figure 
12 . The experimental conditions for the column are identical to 
that for the batch reactor . The value for (Cav/Co ) is taken as 
0 . 03 (Co=Sppm) during the course of the simulation . Figure 13 
reflects a close correspondence between the simulated and 
experimentally determined results . 

Stellenbosch University  https://scholar.sun.ac.za



a 
u 
"-u 

Fig . 12 

19 

1_0 
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.. EXP!::RIMENTAL DATA 
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The adsorption of gold cyanide in a batch stirred tank 
reactor. 
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The prediction of gold cyanide breakthrough curves in 
a packed bed reactor with a bed height of SOcm and an 
inner diameter of· 31rnm. 

Simulation 3 

The final simulation illus trates an application to a moving bed 
adsorption column, which has an inner diameter of 25rnrn and a bed 
height of 34cm. The batch data that were used to determine 
K(load i ), were obtained from Van Deventer and Jansen van 
Rensburg. 8 These data represent the adsorption kinetics for a 
clarified industrial leach solution (7.43ppm AU). 

Figure 14 depicts the breakthrough curves for the cyanide leach 
solution (7 . 43ppm Au) fed at 61/h to the periodic countercurrent 
moving bed. The column was operated in cycles of 24 hours, i.e. 
after 24 hours the bottom 40% of the column was removed from the 
column, while fresh carbon was added to the top. The value for 
( Cav/Co ) is equal to 0.77 for these experimental conditions . 
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CONCLUSIONS 

TIME Cl-tCURs:l 

The prediction of breakthrough curves 
solution in a moving bed reactor with a 
34cm and an inner diameter of 2Smm., 

,,,. 

for a leach 
bed height of 

It is clear from the results that the knowledge based approach 
that is represented here, produces excellent predictions for a 
wide variety of adsorption experiments in batch stirred tank 
reactors, packed bed column reactors as well as moving bed column 
reactors . 

The inclusion of this model in a knowledge based system is 
relatively easy. Due to the simplicity of the model and the low 
demands that it imposes on the database, more time may be devoted 
to the search, up-dating and management of the database. It is 
intended to make the programmes described in this paper 
commercially available in due course. 

Although the effect of oxygen and other operating conditions e . g . 
carbon blinding and poisoning were not discussed here, it is clear 
that, given a set of adsorption data that includes these effects, 
that predictions for batch and column runs could be made . 
Furthermore, the ease with which experimental data are 
manipulated , makes the knowledge bas ed kinecic model easier to 
apply and more practical than previously published models, which 
usually require the estimation of a large number of parameters. 
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LIST OF SYMBOLS 

a· 1. 

dL 

dt 

load 

loadJ?j 

K(load i ) 

L 

M 

r 

t 

T 

v 

z 

o or 1 depending on the loading of the carbon 

Initial concentration in a batch reactor or inlet ... ', 
concentration for a column reactor (ppm) 

Average starting concentration in column (ppm) 

Incremental bed height used in computations (m) 

Incremental time used in computations (s) 

Average particle size of activated carbon (m) 

Dimensionless loading on carbon 

Dimensionless loading on carbon in loading fraction J? 

in reactor j 

Film diffusion coefficient (mos- l ) 

-[X.-X. l]/[X at] (s-l) 
1. 1.- av 

Adsorption column length (m) 

Mass of carbon (kg) 

Rate of reaction (s-l) 

Rate of reaction (s-l) for loading fraction J? in 
reactor j 

Rate of reference adsorption reaction (s-l) 

Time (s) 

Period for one ad~orption cycle (hour) 

Volume of reactor (m3 ) 

Number of loading fractions in a reactor j 

Loading fraction 1 in reactor j 

Dimensionless concentration 

Dimensionless concentration in reactor j 

Axial distance variable in column 
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Greek 

(3 

at 

T 

T· 
J 

v 

e 
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Fraction of carbon and pulp moved to previous reactor 
in a cascade. 

Time increment for the calculation of K(load) (s) 

Apparent density of activated carbon (kg.m- 3 ) 

T for reac tor j 

Liquid velocity (m.s- l ) 

Dimensionless axial distance in column, zlL 

Dimensionless time, tv/L 
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Knowledge-based computer simulation of 
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systems 
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SYNOPSIS 

As the dissolutio·n.,of gold from its ores is an ill-defined 

problem, the us~· of knowledge-based computing is 

proposed for the· simulation of vario,us batch and 

continuous leaching systems. The proposed system 

consists of three distinct modules: . 

INTRODUCfION 

Although a vast amount of expertise has been 

;J.ccumulated over the years. the process of dissolution of 

gold from its ores can still be regarded as an ill-defined 

problem, mainly, because there is no quantitative 

mathematical model to describe the process accurately. 

Also. the complex chemistry associated with cyanidation 

1) a data base which contains all the information of of real ores is not understood adequately. 

the different ores, and which can be updated as 

more knowledge becomes available; 

2) an expert section where all available knowledge on 

known ores are used to identify, ~Iassify aod 

compile heuristic data for unknown orcs; 

3) a simulator which can be used to predict leaching 

behaviour in both mixed reactor and 

countercurrent leaching systems by implementing a 

simple n-th order rate expression. The parameters 

in this expression are used to characterize each type 

- of ore at a specific set of leaching conditions_ 

As leaching proceeds, the pH, [CN-], level of dissolved 

The importance of gold in the South African economy 

cannot be over-emphasized. However, few major 

technological developments such as the Carbon-in-Pulp 

process have been introduced. With escalating capital 

and running costs, as well as rapidly decreasing ore 

grades, improved recoveries have become essential. This 

means that new innovations will be required. 

The leaching process in the gold recovery circuit has long 

been identified as a particularly weak link which is 

seriously hampering further imp!ovement· of recovery 

efficiency. 

02' etc. may change, which leads to an evolution of The kinetic modelling of gold dissolution has received 

\caching conditions. In this simulator. the evolution· has considerable attention in the past. but no attempt to 

been discretized with respect to time and new parameters formulate a phenomenological model for this unit 

aave to be retrieved at the end of each time increment. operation has yet been published. The reason for this is 

The proposed system produces realistic simulations. It is 

: evident that the accuracy of prediction will be entirely 

dependent on the accuracy and population density of the 

data base_ The selective use of knowledge has reduced 

CPU time drastically in comparison with published 

empirical models. which involve complicated parameter 

t:Stirnation. 

147 

the complex chemistry of the process as described by 

Adamson l and King2_ They recognised the importance 

of well controlled high levels of cyanide and oxygen, but 

did not propose a comprehensive model. 

Lorenzen) studied galvanic interactions during the 

electrochemical dissolution process. while Gasparrini4 

descrihed the effect of ore mineralogy on the leaching 
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process. It is obvious that the degree of liheration of gold 

from its associ:lIed minerals will have a pronounced 

effect on leaching kinetics. Various authors5·S suggest 

that pretreatment of the ore (i.e. notation and roasting) 

can also innuenee the leaching process. In some ores. 

preg·robbing inhibits the rate of leaching due to the re

adsorption of dissolved gold onto the ore constituents 

such as clays and organic material. 

In addition to the factors mentioned above. other process 

parameters, not discussed in this paper, such as pH. 

particle size, viscosity, etc. can innuence the process to 

some extenL Nevertheless. the levels of free cyanide and 

oxygen in the leaching reactor appear to be the most 

prominent factors innuencing the process. 

As a result of this complex chemistry and lillie insight 

into the kinetics of the process. gold leaching plants are 

seldom optimally designed. and process control is usually 

inefficient. In order to improve process control, a 

number of empirical correlations has been proposed.lO,1l 

These methods use historical plant operating data to 

effect process control. Normally. a number of key 

variables are identified and included into a mathematical 

model of the process. These existing rate expressions are 

applicable to only a limited range of plant conditions. 

and Brillan and Van Vuuren 10 pointed out the need for a 

unique mathematical model for each individual plant. 

Most of these models have a relatively large number of 

parameters that have to be estimated in order to fit the 

data. Furthermore. as these models are developed only 

after the commissioning of the plant. they cannot be used 

in the plant design calculations. 

However. this type of ill-defined problem is not unique to 

the gold industry and receives increasing allention in the 

literature. IO•15 Recently, knowledge·based systems have 

found increasing application for treating other ill-defined 

engineering problems. Although considerable attention 

is paid in the literature 10 the application of expert 

systems and artificial intelligence to chemical engineering 

problems. little emphasis has yet been placed on such 

concepts in the minerals industry. 

A computer system which stores knowledge explicitly and 

manipulates that knowledge to solve prohlems in a 

specific domain, is referred to as a knowledge-hased 

system 12. Scheck et al.13 described a system which 

comprises of two modules: the first uses theoretical and 

empirical formulae. while the second uses knowledge

based rules to analyse the results produced hy the first. 

Reuter and Van Deventerl~ proposed a knowledge based 

model to simulate the hehaviour of carhon-in-pulp 

processes and adjust a data base for changes in the 

characteristics of the carhon and slurry. 

It is the objective of this paper to propose the use of 

knowledge-based computing for gold dissolution. The 

system comprises of a knowledge-base which controls the 

input to the theoretical calculation of gold dissolution via 

an elementary n-th order rate equation. The parameters 

for this rate expression are calculated directly from batch 

concentration-time data and operator experience, by use 

of simple algebra. 

TIle system was written In Turbo Pascal and can be 

implemented on IBM PC compatible computers. A very 

large data base could require an AT machine for efficient 

calculations. This paper describes the overall program 

structure. the data base, an option to- identify and

characterize ores. the dynamic equations. and selected 

examples of simulation results. 

OVERALL STRUCTURE 

The standard condition: 

TIle kinetics of the dissolution of gold from cyanided 

pulps cannot be modelled in a straightforward manner. 

It has been found experimentally that the following 

model fits the concentration-time data from a batch test 

on Witwatersrand ores very accuratelyl5: 

14R 

Solid Phase: 

dg 

dt 

Liquid Phase: 

de 
€Vd --

1 dt 

TIlerefore: 

( 1) 

(2) 
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dC 
(J) 

dt 

Thus, by performing a batch test on the ore, this simple 

first order model can be fitted to the experimental data. 

and the leaching parameters k, nand g' may be 

estimated by regression analysis. 

However, as the leaching parameters are all functions of 

the mineralogy and leaching conditions, these data will 

apply only to one set of conditions. Furthermore, when 

the effect of each process variable is to be determined, 

the interactions from the other variables must also be 

taken into account. By viewing the leaching condition 

·not as consisting of a number of different process 

variables, but as one un it, the net effect of such a 

condition o n the lea h' be c 109 parameters may 

determined. For this purpose. a standa rd sta rting 

condition for the batch process can be defined for eac~ 
ore type (Table I). 

Table I: Standard leaching condition 

Variable Std Value Unit 

Cyanide level 250 (g/t) 
Oxygen level 8.2 (g/t) 
Gold in solution 0 (g/t) 
Ore grade 6.4 (g/t) 
Liquid fraction 45 (%) 
Temperature 20 (. C) 
pH 12 (-) 
Particle size -74 (micron) 
Viscosity JOO (cP) 
Ore density 2500 (kg/ mJ ) 

Any condition which differs in whatever way from the 

above. will be seen as a non-standard condition. It 

follows therefore. that any change in the leaching 

parameters (k,n,g *), caused hy a non-standard condition. 

must be seen as the net effect of deviations from the 

standard condition, and therefore as taking all 

interactions into account. This change in the leaching 

parameters is expressed as a percentage, and is estimated 

through experience, or directly from plant. hellristic data 

or experimental data. 

Furthermore. when two different ores exhihit the same 

leaching characteristics at the standard leaching 

condition, they may have the same mineralogy. This can 

then he lIseu as a means of classifying an unknown ore in 

terms of known ores as will he described i:J.ter. 

It should be noted that the variables used in tbis 

definition can he edited. i.e. additional variables can be 

added. 

1lle System: 

[-'rom the above discussion it wOllld be clear that a 

knowledge-hased system for simui:J.ting gold leaching 

processes should comprise of the following components 

illustrated in Figure I: 

A data base fo r entering/editing all the relevant 

experimental and heuristic data: 

An inference procedure for utilizing the data in 

the data base to effect the identification and 

classification of unknown ores, and simulating of 

different leaching systems; 

A working memory which contains the current 

input and status of the specific problem being 

so lved. In order to increase the working memory, 

the different modules of the system communicate 

via files . 

A user friendly interface used to communicate 

with the above three components . 

The system is initiated via the l\1ain Menu. Initially the 

DATA BASE must be run to supply appropriate kinetic 

and heuristic data. 

1-19 

I n the data hase, the different ores are classified in terms 

of their basic mineralogy (i.e. refractory, sulphidic, oxide, 

quartzitic, etc.). After choosing the ore being treated, the 

concentration-time data from the batch test performed at 

the standard condition can he entered. Equation 1 is 

then fitted to the data to provide the leaching parameters 

at the standard condition . 

Following this, the heuristic data can be entered. These 

data can be divided into two matrices which are coupled 

through the matrix index: (1) a matrix consisting of 

leaching conditions different from the standard 

condition. and (2) a matrix containing the perc~ntage 
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Run System 
I 
I 

II 
I Main I; Men" I 

II 
I! I t I! 

II II II 
Data Base Identify Simulate 

Batch test Ore ID, Batch , 
data, optimum continuous 

conditions mixed and 
Effect o f and pre- counter-
process treatment, current 
parameters, column 

compile 
Heuristic heuristic 
data data 

~ T 

I! I ! IT 

I' ~ I Saved data 
I I 

I 
I 

End systeml 

Figure 1. System overall structure 

change in the leaching parameters due to deviations from 

the standard condition as defined in ( 1). 

The second matrix also contains two factors describing 

the depletion of the oxygen and cyanide levels. As a 

result of the leaching reaction. reactants are being 

co nsumed. and products fo rmed. This causes the 

leachi ng condition in the reactor to he changing 

continuously. It is therefore also neccesary to adjust the 

leaching condition in the reactor as lime proceeds. For 

the purpose of this paper. the levels of oxygen and 

cyanide in the pulp have heen identified as having a large 

effect on the leaching parameters (k.n.g·). The factors 

influencing the concentration of these two \":Jriahlesare 

numerous. and depletion factors based on experience 

have been included in the heuristic data. 

After saving the heuristic dat:J. the effects of individual 

process varia hies on Ihe leaching characteristics can he 

entered. These data :Jre normally obtaincd by 

experiment and are used whenever new unknown ores 

must he classified. The entering of these data will 

no rmally require a numher of additional balch tests. 

which must he c:Jrried out with all Ihe process variahles 

at the standard condition. while only the vari:Jhle under 

consideralion muq he changed. At least [our lests must 

be doni! for each variable to be consiJered if a wide 

range of d:Jta is required. 

After s:Jving the data. and suhsequently returning to the 

m:Jin menu. either the IDENTIFY or SIMULATE 

options c:1o be selected. 

The IDENTIFY option leads to a pop-up menu which 

enables the user to cl:Jssify an unknown ore in terms of 

known ores. In this case. the effects of the individual 

process variables, entered through the DATA BASE, are 

used extensively_ As is the case with all knowledge-based 

systems. the accuracy of this type of operation is heavily 

dependent on the scope and quality of the data available. 

The classification is done hy comparing the leaching 

characteristics of the unknown ore with those of known 

ores at the standard condition. Any known ore, which 

exhibits the same leaching characteristics as the unknown 

ore, is then further investigated to compare the effects of 

the different process variables on the leaching 

characteristics. 

As the title implies, the SIMULATE option gives access 

to the simulation of di fferent leaching systems. Extensive 

use is made of the heuristic data entered through the 

DATA BASE. As previously mentioned, the condition 

in the reacto r is changing continuously_ Because of the 

depende ncy of the model parameters (k,n,g *) on the 

leaching conditions. the condition in the reactor must be 

estimated before the leaching parameters can be 

determined. For the purpose of this paper, only the 

depletion of oxygen and cyanide will be considered. 

although the model is capable of considering any other 

change with time . 

It is :Jssumed that the depletion of oxygen :Jnd cyanide 

(including oxidative decomposition of eN' in air) 

proceeds through a first order reaction: 

150 

(4 ) 

This can then be solved analytically for the case of Ihe 

batch re:Jctor to yield equation (5) : 

C e-bt 
ao 

( 5) 
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THE DATA BASE 

Figure 2 depicts the menu for the data base. 
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Figure 2: Menu for data base 

I 

As mentioned previously, the different ores in the data 

base are classified in terms of their basic mineralogy (i.e. 

refractory, sulphidic, oxide, quartzitic, etc.). This 

approach provides a pointer to the data used In 

subsequent steps. Choosing any ore will invoke a 

checking procedure. This procedure checks the current 

status of data available on the chosen ore. The results of 

this check are shown in the status screen. (Figure 2 

reflects the status of the ore named VRE3. The v31ue of 

"I' in front of the ore name points to the ore mineralogy: 

refractory in this case) Initially all the values in this 

window are FALSE and will only change to TRUE if the 

minimum amount of data needed is available. After 

choosing the ore being treated, the concentration time 

data at the standard set of reaction conditions should be 

entered. 

Once the concentration·time data have been entered, the 

leaching curve (equation 1) could be fitted through the 

data to produce the standard leaching parameters: kstd ' . 
nstd ' g std ' These data are stored and used in 

subsequent steps of the programme. 

As will be seen later, a very basic knowledge of the 

effects of different process variables on the standard 

leaching curve is neccessary to classify unknown ores in 

terms of known ores. The various types of effects used in 

this system are listed below: 

Linear: 

q (6) 

Polvnomi:ll : 

q 

Exponential : 

q (8) 

_ .. vou 1'OtI O&TA lAse - - f.rr tCTS _ L.LJ.C)CtllC cu_c --, 
or ••• ,_ 11:""11:_ 
':' ,,11: .t .c. .. _._ c ..... '«1_ 

... c .. _ &.,-< .. ,.c_ 
C.ur ... e "Ieoo< ~lc.,_ 
see __ '" c_IC.1_ 

sc .. __ ('OI1t··c 
(C(.ct. ! nruc 
II ..... ~ .t ~ C ... c.. : ':'IIUC 
C~1t~ ..... , cO""llu:l .... I ntUC 
p r • • tr .... ca .... c. : 7ltVC 

t. t ... ee t _l[] 

I 
" .. , _,,,_, ,nu, 'c __ .,.". C'tI_IC.'_' I =-"'t 
c .. _~:r; : nl\,,: 
st-.,'.t. C:l : ~uc 

Figure 3: Entering of effects on leaching curve 

In figure 3, the effect of temperature on the leaching 

parameter, k. is entered as a linear effect with two 

coefficients: Po = 0.2, and PI = 0.3. For the polynomial 

effect, provision is made for as many as five coefficients. 

A typical effect of temperature on the leaching curve is 

shown in Table II. 

Table II: Effect of temperature (Deg C) 

on the standard leaching curve of lVRE3. 

Leaching Effect Coefficients 
Parameter 

k Linear Po: 0.2 
Pl : 0.3 

n Polynomial Po: 0.2 
Fl : 0.:2 
P2 : 0 . 12 

* Exponential g A : 0.1 
P : 0.07 

The next option in the dat:l base menu is the editing of 

heuristic data (Figure 4). As descrihed previously, the 

heuristic d3ta consist of two matrices 'which are coupled 

through the matrix index. A, can he seen, the condition 

shown in the menu differs from the standard condition 

(Table I). As a result, the value of the leaching 

parameters k, nand g * will change by the percentages 

shown. The changes shown here are the net effect of the 

total change from the standard condition. n,is imp lies 

that. for the simulation of the different leaching ~ystems. 

a dewiled know le dge of the interactions between the 
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process variables is unneccesary. 
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Figure 4: Editing of heuristic data 

THE IDENTIFY OPTION 

When the leaching of an unknown ore is to be simulated. 

it can be done only after obtaining a substantial amount 

of data on the leaching characteristics of the ore. This is 

normally done by extensive experimentation and trial 

runs which are, invariably, a very lengthy and expensive 

process. The ID ENTIFY option enables the user to take 

advantage of .available data on known ores to estimate 

leaching characteristics and optimum plant conditions for 

unknown o res. For this exercise. a small number of 

experiments are needed as each new ore is introduced 

into the system. 

Any two ores, leached under the standard condition, will 

e~hibit their own standard batch leaching curves. When 

the two curves differ widely, it can be said that the two 

ores are quite different. When the curves differ by only a 

slight margin, it could be said that the ores may be 

similar. However, because leaching curves are not 

unique to a specific gold ore, a small margin of difference 

cannot be taken as enough evidence that the two ores are 

quite the same. To complete the comparison lJetween 

the ores, the eifects of the various process variables on 

the leaching curves must he investigated. If there is still 

close conformity, the two ores can be considered to be 

similar for practical purposes. 

Experience has shown, that although there are numerous 

process variables influencing gold dissolution. a relatively 

small number can be viewed as more important (See 

Table I). When investigating the effects of the various 

process variables, no attention is given to the interaction 

between the different variables. 1l1is means that all hut 

the variable under consideration, must be kept at the 

standard condition . The results of the experiments must 

be presented in such a way to describe the type of crfect, 

i. e . l i ll~ar. polynomial or exponential (Table II ). 

This reasoning can been applied to a situation where a 

new. unknown ore is introduced into the system. The only 

data available on this ore. are the standard batch 

leaching curve, and the effects of a. number of process 

variables on the leaching parameters (k,n,g -). After 

entering these data into the data base, the IDENTIFY 

option can he used to compile heuristic data for the 

simulation of leaching characteristics in the following 

way: 

The firs t step involves the setting of a sensitivity level for 

the comparison of the unknown ores to the known ores. 

This indicates the margin o f difference that will be 

tolerated , and will depend on the number of known ores 

available. The larger the number of known ores, the 

smaller the level of tolerance. 

For the next step, the standard leaching parameters of 

the unknown ore are compared to those of the known 

ores of similar mineralogy. Only those known ores, with 

standard leaching characteristics differing by a margin of 

not more than the given level from the unknown ore, will 

be examined further. 

The following step involves the comparison of the effect 

of each of the process variables on the leaching 

parameters. When the search is completed, the ores 

selected could be used to estimate the leaching 

characteristics of the unknown ore . The different sets of 

data are then combined to produce one set of heuristic 

data for the unknown ore. This is then stored and can be 

updated hy the DATA I3ASE. 

THE SIi\IULATE OPTION 

On selecting this option. the user is prompted to choose 

from the following systems: 

Pe rfectly mixed batch reactor, 

Continuous mixed reactors in series, and 

Continuous coullter-current column. 

Each of these will be discussed in detail below: 
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Perfectly mixed hatch reactor 

For the purpose of this paper the dissolution reaction is 

assumed to proceed according to equations I and 3. 

These equations can be solved simultaneously by using a 

fourth order Runge Kut!a method. However. to do this. 

the values of the leaching parameters must be known. As 

the reaction proceeds. the reaction conditions will 

change, and hence also the leaching parameters. As 

there are no mathematical equations available to 

describe the dependency of the leaching parameters on 

the leaching conditions, the data must be extracted from 

the data base. This is done in the following way: 

When commencing the reaction. the initia l set of 

leaching conditions is known (PI)' With PI' the data 

base is searched for the set of reaction conditions which 

is in best agreement with PI' Call this Pla' It should be 

noted that only the heuristic data applicable to the 

specific ore are searched. The condition Pia corresponds 

to a certain matrix index. which in turn acts as a pointer 

to the following five values: 

Change in k (kv) 

Change in n (nv) 

Change in g' (gv) 

Cyanide depletion factor 

Oxygen depletion factor 

(% ) 

(%) 

(%) 

(hr- I ) 

(hr- 1 ) 

Thus, in order to calculate the concentration-time data 

for the batch reactor. the following steps must be taken: 

1. 

2. 

3. 

4. 

Get the standard leaching parameters for the ore 

being treated. 

Get the current plant conditions. (PI)' 

Search the data base for the set of heuristic 

conditions which best resembles the current plant 

conditions. (P la)' 

At P \a retrieve the factors kv, nv and gv t~ 

calculate the leaching parameters k, nand g . 

Solve equation (I) and then equation (3) using a 

fourth order Runge Kutta method. 

5. At Pia retrieve the depletion factors for cyanide 

and oxygen and solve equation (5). 

6. Check numerical stability by performing a total 

gold mass balance on the reac(() , system. 

7. Increase the time by one increment and repeat 

process from step (\). 

Because the depletio n factors for cyanide and oxygen are 

continuously updated. pseudo first order reaction kinetics 

can be assumed. 

Continuous mixed reactors in series 

In a series of perfectly mixed reactors. a ll reactors can be 

viewed as identical. with the output of the first reactor 

being the input of the next reaclOr. Non -i deal flow 

characteristics in the reactor system have also been 

incorporated. as shown in figure 5. The values of the 

theo retical dead volume and hypass streams are given as 

percentages. Such values can be ohtained from tracer 

tests. or estimated by comparing real plant behaviour 

with that predicted from a flow model. By using this 

syste m. the vo lume and flow through the reactor can be 

calculated as follows: 

v (9) 
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F (10) 

Similar to the batch reactor the following equations can 

be writ!en for the dynamic simulation of the ith reactor in 

the system: 

Solid phase: 

(11) 

Liquid phase: 

(12) 
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Figure 5: Mixed reactor system 

If the kinetic parameters for the depletion of the cyanide 

and oxygen are assumed to be identical to those in the 

batch reactor, then the concentration-time data can be 

calculated in the same way as fo r the batch reactor by 

utilising equations ( II) a nd ( 12) . The process would start 

at reactor number I and be repeated thro ugh to the las t 

reactor, before the next time interval is solved. 

The continuous countercurrent co lumn 

In this type of operation the pulp enters the column at 

the top and leaves at the bottom. while the clear leaching 

solution enters at the bottom and leaves as clear solution 

at the top. 

In modelling this operation two distinct streams were 

defined: i) the pulp stream containing a mixture of 

leaching solution and solids, and ii) the clear leaching 

solution stream. As the leaching solution leaving the top 

of the column contains no solids, it is assumed that the 

solid phase exhibits only a downward flow. However, the 

liquid phase can move in either direction. It is therefore 

possible that the entering pulp can have a lower specific 

gravity than the pulp leaving at the bottom, or vice versa. 

By viewing the column as a series of non-ideal re'actors 

containing a CSTR unit, it is possihle to facilitate a 

complex flow pattern. As can he seen from figure (6b), 

dead volume on each reactor and a bypass on the pulp 

stream are used to include non-ideal flow characteristics. 

Pulp 
out 
€,g,c

P 

• Leach i 
soln o· 

CL 

'------~ Leaching 
Soln in 

c Lo 

Figure 6(a): The leaching column 

i 

CLi+ 1 
FLi+ 1 

Pulp 

Leaching 
Soln 

Figure 6(b) : The leaching column as a series of non-idea 

reactors. each containing a CSTR unit. 

It should be clear that before any attempt to calculate the 

concentration-time, the various streams throughout the 

reactor must be calculated. In order to avoid an iterative 

solution. it is assumed that any change in specific gravity 

takes a linear profile through the reactor. When the 

number of mixed reactors used in the simulation is 

known, the change in the liquid fract ion for each mixed 

reactor can he calculated. 

As the flow of solids is only downward and constant. it 

can he shown that: 

y (13) 

x (14 ) 
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F Li +l ( F pi) (€ i) + F Li 

(Fpi- 1 ) (€i-1) (16) 

With these equations all relevant streams can be 

calculated. In order to save memory space. these 
calculations must be performed for each cycle. As these 

are straightforward calculations, they do not take up 

much CPU time. 

Under normal operating conditions only the inlet 

conditions at opposite ends of the col umn are know n. 

This causes some difficulty in the numerical work. 

because the mass balance equations require values at 

both sides of the mixed reacto r system. Th is has been 

overcome hy making use of the abi lity of the Runge

Kutta method to use historical data to estimate future 

data. Firstly, a short summary is presented of the 

equations needed: 

For steady state : 

From a mass balance for gold around the ill! reactor on 

the solid phase: 

Then, a gold balance in the liquid phase, at the mixing 

point MP in Figure 6(b): 

Cp i = ( F pi -1) (F b i) (€ i -1) (Cp i -1 ) + 

xC i J / ( (F pi) (€ i) J ( 18 ) 

A gold balance in the solid phase around point MP 

yields: 

gpi = (Fbi - 1 ) (Fbi) (1-€i-1) (gpi-1) + 

(Fpi - 1 ) (1-Fbi ) (1-€i-1)giJ/(Fpi(1-€i) J 
(19) 

Then, similar to equation (17), a gold balance In the 

liquid phase around the illr reactor yields: 

k * n (xCi + FLiC i - (gi-g ) Vd o 
(1-€iR)-(Fp i-1) (1-Fbi ) (€i-1) 

(Cpi-1)J/(FLi+1) (20) 

A similar approach is followed in calculating the cyanide 

and oxygen concentration: 

For the cyanide/oxygen in the liquid phase around the ill! 

reactor: 

CALi+ 1 = (XCAi + FLiCAi + 

bCAiVd1(€iR) - (Fpi- 1 ) (1-Fbi ) 

(€ i-1) (CApi - 1 ) J/ (Fli+1) (21) 

For the pulp stream around the ill! reactor: 

CApi (Fpi - 1 ) (Fbi) (oi -1) 

(CApi - 1 ) + (xCAi ) J/( (Fpi ) (Ei) 1 (22) 

Simulation of gQld dissolution 

To estimate the dynamic behaviour of the ore in the 

countercurrent column reactor, the following steps must 

be taken: 
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1. Get the numher of mixed reactors used In the 

simulation. 

2. Get the current plant conditions. 

3. 

4. 

5. 

Estimate the ou:let conditions for the pulp stream 

at the bottom of the column. 

Starting at the bottom, calculate all the relevant 

streams for reactor number r, using equations 13-

16. 

Get the leaching conditions in reactor number r. 

With these conditions, retrieve the neccessary data 

from the data hase as for the batch reactor. 

Calculate the relevant mass balances using 

equations 17 - 22. Estimate the levels of oxygen 

and cyanide fo'r the next reactor. 
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6. Proceed to the next reactor until thc top of the 

column is reached. Compare the calculated outlet 

values for the clear stream with the given values. 

If the difference is larger than a given tolerance. 

repeat the procedure from step 3. If the difference 

is smaller than the given tolerance, check for 

numerical stability. If the stability is acceptable, 

proceed to the next time increment. If a numerical 

instability has occurred, terminate the simulation, 

and prompt the user for a smaller time intervaL 

SIMULATION RESULTS 

As the system can still be improved, the field data 

available at present are not sufficiently extensive. This 

data base will have to be extended for ores from specific 

regions. Howeve r. the available data have been entered 

into the data base in order to test the systcm. The 

following are some examples of the type of results that 

can be obtained: 

Experimental conditions: 

Throughout the experiments. the system was tuned to use 

the standard condition as the leaching condition. 

Deviation from this condition was effected by changing 

only one variable at a time. This approach provides 

easier management of expe ri mental data. 

Batch reactor 

For the batch reactor. a total reaction time of 18 hours 

was used for experiments on a Witwatersrand ore. As 

can be seen from figure 7. the data show typical leaching 

characteristics. 

Figure 7: Batch Leaching 
Efleet of InlUol cyanld$ level 

1.2,-------------------
_ S.,...lem 

oL----~----~---~---~ 
a 10 

Time (IH) 
I~ 

As eXliected. a higher initial cyanide level will give a 

faster and better recovery. When the system was used to 

simulate the same conditions. excellent agreement with 

the experimental data was ohtained (rigure 7). Similar 

results were obtained when the effect of oxygen was 

investigated (rigure 8). 

ContinlioliS leaching in a series of mixed reactors 

In this case. the following values were entered into the 

system vi a the variuus menu options: 

Number of reactors: 

Volume of each reactor: 

Dead vo lu me per reactor: 

Bypass per reaClOr: 

Flowrate: 

11 

400 m3 

10% 

10% 

lOt/ hr 

FIgure 8: Ba tch leaching 
(floct 01 Inillel oxyoen I •• el 

~~---~---~~---~---~ 
D ~ 

Time ( hr) 

The leaching profile is given in figure 9. From this figure 

it clear that very little leaching is taking place in the last 

two reactors at steady state. It would seem therefore that 

this plant wa~ overdesigned. By specifying various 

scenarios. the system can be used in design applications. 

As will be indicated later, the dynamic response of the 

system can be tested as welL 

Figure 9: Leaching Profile 
Ser' ... of mll:ed reoclOtI - sleadT 11ate 

12r-----------------~ 

'ft,el 

? ,n 

lS6 
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foigurcs 10 :lnd 11 present examples of some scenarios 

which can be investigated. As C:ln he expected, a \ligher 

Oowrate will result in a reduced recovery (Figure 10). 

This is mainly due to a decrease in the actual reaction 

time in the reactor, but on also be as a result of an 
increased bypass or dead volume formation in practice. 

It should be clear that, hy using the system, a sensitivity 

analysis can he performed to investigate ill-defined areas 

such as the effect of non-ideal now. 

FIQure 10: leachlnQ Protlle 
tH.d of palp !low-role 

11~-----------------------------------' 

I k." 
\ ' ·1 . ... lQm J 

06 , " ", 

o \ ' , 

~:: \.,"'~ 
"'-------------------°"1 

OL-----~----~----~----~----~,O----~,·l 
o • 0 8 

ReOClor Number 

- J l itH -- 10 unr 

FIgure II: leaching Protlle 
Elfeel of Inilial cyanide I •• el 

oL-----~----~----~----~----~------
o 4 0 e If) I , 

Reador Number 

A very recent development in gold leaching is to control 

Ihe level of free cyanide in the leaching pachucas. Any 

such system can be simulated easily by varying, either the 

actual now pattern definition vi:l the menu options. or by 

adjusting the depletion factor for cyanide (Figure 12). 

This can be very helpful when improvements on leaching 

plants are planned. 

The dynamic simulation of the continuous process can he 

used to investigate the response of the leaching system 

due to a sudden change in leaching conditions. For 

e.~ ample, if the flowrate should he increased suddenly 

from a lower 10 a higher value. a response such as figure 

13 can he expccleJ . four simplicity. o nly three reactors 

Figure 12: leaching Proflle 
tl'-ct of coatroll.d C"Tonlde leve l 

l.~ r------------------------------------, 

oL-----~----~--~----~----~----~ 
o , 0 a 

fleodor Number 
10 

- Coni roll~ le-vel - N()(mol ,jeC'I'!"'lIon 

are given here. It is clear that the reaction time for the 

first reactor is shor~er than that for the third reactor. By 

analysing the response of the leaching system being 

investigated. it should he possihle to provide fo r such 

instah ilities in order to prevent gold losses. 

Figure IJ: Dynamic Response 
Mixed reactors In .erh,. 

~----------------

oL-----~~------~--------~--------
o :'0 .10 c-0 ~o 

!Irr~ ( hrs) 

- f?~x!c r I - r.~Clcr : - P.~·:=:'Jr ) 

Continuous countercurrent column 

Simulating the counter-current column is more time 

consuming than any of the other leaching syslems. This 

comes as a result of the more complex flow pattern 

existing in the column. 

Here the leaching system used consisted of one column 

which was subdivided in eleven mixed reactors as 

described earlier. The flowrate was adjusted to 10 tonne 

pulp per hour. and the column diameter to 5 m. A total 

volume of.400 m3 for the reactor was assumed. 
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As this is a relatively new development in gold 

dissolution technology, very little industrial data could be 

ohtained. I lowever. when using the system at the steady 

state. rea list ic results were produced. As can he seen 
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Flqure 14: Leachlnq Prollle 
COUQI.r-carr.al eohlQ\o ~ H.adT 11ale 
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1 ~ 

0 8 
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o ~ '0 00 I'() 100 1:0 

Heigh! Irom lop Of column (%) 

- Gold oroflle ........... Cyanide crollle 

from figure 14, the ore grade is depleted as it moves 

down the column. In contrast with this, the cyanide level 

decreases from the bottom to the top. Figure IS 

illuslrates the effect of a higher initial level of cyanide fed 

to the column. 

Simulating the column in a dynamic way can be done in 

much the same way as for the mixed reactor system. This 

process takes much longer to simulate on a PC, because 

of the more complex flow pattern and repetitive 

numerical solution of coupled differential equations. 

Q 
I 
Q . 

Figure 15: Leaching Prollie 
(Heel of an Increased cyanide lovel 
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CONCLUSIONS 

The dissolution of gold is an ill-defined process and can 

therefore not be simulated in a straightforward way hy 

means of mathematical equations only. The system 

proposed here consists of three modules: 

I) 

2) 

A data base which contains all the information of 

the different ores; 

An expert section where all available knowledge o n 

known ores are used to identify, classi fy and 

3) 

c(l,':'pile heuristic data for unknown ores; 

A simulator which can he used to predict leaching 

behaviour In both mixed reactor and 

countercurrent leaching systems by implementing a 

simple n-th order rate expression. 

It can be concluded that. although only limited field data 

are available at present. the system appears to give 

realistic simulations of the following reactor 

arrangements: 

Batch reactor, 

Continuous mixed reactors in se ries. 

Continuous countercurrent column. 

In addition to this. a sensitivity analysis on any realistic 

change in the leaching conditions can be performed. 

Thus, the effect of any process variable on the recovery 

efficiency of gold can be investigated. This can be very 

useful when designing new gold leaching plants. 

As expected. the system is heavily dependent on the 

accuracy and population density of the available data. By 

using heuristic data about the process, a detailed 

understanding of the various interactions between the 

process parameters is unneccessary. Furthermore, 

heuristic data for unknown ores can be compiled by 

utilising the knowledge about other. well known, ores. 

This would normally require a small number of 

additional batch leaching experiments. 

Finally, it would seem that for a mathematically ill

defined process such as gold leaching, the ease with 

which experimental data are manipulated, makes the 

knowledge-based system easier to apply and more 

practical than previously published models, which usually 

require the estimation of a large number of parameters. 
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NOI\-lENCLATURE 

A 

b 

Constant in exponential expression 

Rate constant for cyanide and oxygen 

depletion (hr- l ) 

Concentration of free cyanide In liquid 

phase (g/ t liquid) 
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:CN )0 

'A 

-ALi+l 

-Ao 

. 
'po 

'Lo 

fb 

f bi - 1 

fL 

FLi+ 1 

g 

go 
* g 

gv 

k 

kv 

n 

nv 

p 

Initial concentration of free cyanide 111 q Effect of process variahle (eq. 6-R) 

Time (hrs) liquid phase (g/t liquid) t 

Concentration of gold in liquid phase (g V Volume (m3) 

Au/t liquid) V d Dead volume (0/0) 

Concentration of cyanide or oxygen (g/t 

liquid) 

Concentration of cyanide or oxygen in 

clear stream at inlet to reactor i (g/t liquid) 

Initial concentration of cyanide or oxygen 

(g/t liquid) 

Concentration of cyanide or oxygen in pulp 

stream at inlet to reactor i (g/t liquid) 

Gold concentration at pulp inlet (g Au/t 

liquid) 

Gold concentration at leaching solution 

inlet (g Au It liquid) 

Gold concentration in reactor i (g Au It 
liquid) 

Gold concentration in clear stream at inlet 

to reactor i (g Au/t liquid) 

Density of ore (t/m3) 

Density of leaching solution (t/m3 ) 

Flowrate of pulp (ton/hr) 

Bypass (%) 

Bypass of reactor i,1 (%) 

Flowrate of clear stream (t liquid/hr) 

Flowrate of clear stream into reactor i (t 

liquid/hr) 

Flowrate of clear strea'm leaving reactor i 

(t liquid/hr) 

Flowrate of pulp stream (t pulp/hr) 

Flowrate of pulp stream entering reactor i 

(t pulp/hr) 

Flowrate of pulp stream leaving reactor 

(t pulp/hr) 

Grade of ore (g Ault ore) 

Initial grade of ore (g Au/t ore) 

Refractory gold in ore (g Au/t ore) 

Change in g. (%) 

Rate constant for gold dissolution 

Change in k (%) 

Exponent in eq(l) for gold dissolution 

Change in n (%) 

Concentration of dissolved oxygen in liquid 

phase (g/t liquid) 

Initial concentration of dissolved oxygen in 

liquid phase (g/t liquid) 

Coefficients in eq(6)-(i\). 

x 

y 

z 

€ 

Liquid from reactor i (t liquid/hr) 

Liquid from bypass around reactor (t 

liquid/hr) 

Process variahle in eq(6)-(8) 

Liquid fraction (%) 

Initial liquid fraction (%) 

Liquid fraction in reactor i (%) 

Liquid fraction of pulp entering reactor i 

(0/0) 
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Ein wissensbasiertes System zur Simulation kampagnenartig und 
kontinuierlich arbeitender Carbon-in-leach Systeme 

M.A. Reuter 
J.SJ. van Deventer 

University of Stellenbosch, Stellenbosch, Sudafrika 

Es wird ein wissensbasiertes Modell vorgeschlagen zur Simulation von Adsorp
tion, Laugung, und einer Kombination von beiden in Form eines wissensba
sierten Systems. Grundlage des Modells ist eine Datenbasis, die eine Manipu
lation der zur Anreicherungszeit vorliegenden Daten gestattet, und die bei 
Adsorptionsprozessen eine Adsorption bis zum maximal erreichbaren Bela
dungsgleichgewicht bzw. bei Laugungsprozessen einen hochstmoglichen Grad 
der Auslaugung abdeckt. Weiterhin konnen diese Daten zur Fehlerdiagnose, 
wirtschaftlichen Bewertung, und zur ProzeBsimulation kampagnenartig oder 
kontinuierlich arbeitender Systeme herangezogen werden. Das zur ProzeB
simulation benutzte kinetische Modell ist identisch sowohl fUr Adsorption als 
auch fUr Laugung, und sein einziger Parameter ist eine Funktion der in der 
Datenbasis enthaltenen Daten. 1m Gegensatz zu bereits veroffentlichten Model
len wird keine Kurvenanpassung vorgenommen; der Parameter wird durch 
~infache Algebra direkt aus den zur Anreicherungszeit vorliegenden Daten 
ermittelt. Dies erlaubt die Formulierung eines allgemeinen Modells, das zur 
Simulation jeglicher Laugungs- und Adsorptionsprozesse unter beliebigen 
chemischen Bedingungen herangezogen werden kann. Ais Anwendungen 
werden in dieser Veroffentlichung It carbon-in-pulp, leaching and carbon-in
leach systems" vorgestellt. Die Voraussagen des vorgeschlagenen wissens
basierten Modells werden - mit guter bis sehr guter Obereinstimmung - bereits 
veroffentlichten Daten gegenubergestellt. 

A Knowledge Based System for the Simulation of Batch and 
Continuous Caron-in-leach Systems 

M.A. Reuter 
J.S.J. van Deventer 

University of Stellenbosch, Stellenbosch, South Africa 

A knowledge based model is proposed here for the simulation of adsorption, 
leaching and a combination of these in the form of a Knowledge Based System. 
The basis of the model is a database which manipulates concentration-time data, 
which covers adsorption up to the maximum equilibrium loading possible and 
leaching up to final leach grade for adsorption and leaching processes 
respectively. These data can subsequently be used to perform fault diagnosis, 
economic evaluation and process simulation of batch and continuous systems. 
The kinetic model used for the process simulation is identical for both adsorption 
and leaching and its one parameter is a function of the data in the database. In 
contrast with previously published models, no curve fitting is performed, the one 
pa:-ameter is determined directly from the concentration-time data by simple 
algebra. This permits the formulation of a generalized model which could be 
used for the simulation of any leaching and any adsorption system under any 
chemical process conditions. The application of this model is limited in this paper 
to carbon-in-pulp, leaching and carbon-inleach systems. Predictions of the 
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proposed knowledge based model are compared with published data, with a 
good to excellent correspondence. 

HaY'Iao 060CHOBaHHaH CHCTeMa ,nJlH CHMYJlHD.HH D.HKJlH'IHblX H 

He[J.HKJlH"IHblX CHJI-cHCTeM 

~ ~:LA. POHTeP 
H.C.H. BaH ,LJ;eBeHTep 

YHHBepCHTeT CTeJIJIeH6om, r. CTeJIJIeH6om, lOAP 

IIpeAJlaraeTCH HaY~rHoo6oCHOBaHHaH MO~eJIb ~JIR CHMYJIRD.HH, ~COp6D.HH H 

BbIm;eJIaqHBaHHR H AJUI COqeTaHHR 06eHX ¢OPM HayqHOo6oCHOBaHHOH CHCTeMbI. 

OCHOBOH MOAeJIH CJIY)KHT 6a3a ,naHHbIX KOTopaR o6ecne~iHBaeT o6pa6oTKY JJ.aHHbIX 

HMeIOIIJ;HXCH KO BpeMeHH o60ram:eHHR H KOTopaR B anCOp6D.HOHHbIX npOD.eccax 

rapaHTHpyeT a.nCOp6D.HIO .no MaKCHMaJIbHO ,nOCTHraeMoro Beca 3arpY3KH JIH60 B 
npOD.eCce BbIm;eJIaqHBaHHR HaHBblcmyIO CTeneHb BhI1I{eJIa"iHBaHHR. KpOMe Toro Te 

)Ke ,naHHbIe MoryT 6bITb HCnOJIb30BaHbI .nJIR AHarHOCTHKH omH6oK, 3KOHOMH"ieCKOH 

OD.eHKH H ,nJUI CHMYJIRD.HH npOD.eCCOB, KaK D.HK..TIi'qHbIX Tal< H HeD.HKJIHqHO 

pa60TalOm;HX CHCTeM. HcrroJfb30BaHHaR .nJIR CHMY JIRD.HH rrpOD.eCCOB KHHeTHqeCI<aR 

MO,neJIb H,neHTH"iHa, KaK AJUI a,ncop6D.HH TaK H .nJIR BbIID;eJIa"iHBaHHR H ee 

eAHHCTBeHHhIM rrapaMeTPOM RBJIReTCR ¢YHKD.HR J1.aHHbIX, co,nep)KalOm:aRCH B 

6aHI<e ,naHHhIX. B OTJIHqHH OT paHee ony6JIHKOBaHHbIX Mo.neJIeH He 

ocym;eCTBJIReTCR ~anTaD.HR KPHBbIX, a rrapaMeTp orrpe,neJUIeTCR C rrOMO~IO 

rrpOCTOH aJII'e6pbI HenocpeJJ.CTBeHHO H3 HMelOIlU{HCR KO BpeMeHH o60ram:eHHR 

,naHHbIX. TaKoe rr03BOJUIeT ¢OPMYJmpOBaTb 06~IO MO,ne.JIb, c.rry)Ka~IO ,nJIJI 

CHMyrum.HH JII06bIX rrpOD.eCCOB Bblm:eJIaqHBaHHR H ~COp6D.HH rrpH JIlO6bIX 

XHMHqeCKHX YCJIOBHJIX. KaI< npHMep npHMeHeHHR B ,HaCTOHm:eii rry6m!I<aD.HH 

rrpe,nCTaBJIRlOTCR "carbon - in - pulp, leaching and carbon -. in - leach - systems". 

IIporHo3aMH rrpe,nJIOJKeHHOH HayqHOo6oCHoBaHHoH Mo,neJIH rrpeACTaBJUIIOTCR - npH! 

xopomeM COOTBeTCTBHH - paHHee ony6JIHKOBaHHble ,naHHbIe. 
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INTRODUCTION 

Two major disadvantages of the gold adsorption and leaching models which 
ha ve been formulated to date are 0) their large number of parameters 
(equilibrium isotherms and kinetic parameters) which have to be determined 
and (ii) their limited scope of application as these parameters only hold for 
the experimental conditions under which they were detennlned. 

Numerous models have already been formulated to define the adsorption of 
gold onto activated carbon e.g. semi-empirical1.2, adsorption-desorption3 

and branched pore models4~. Each of these models is characterized by a 
number of parameters which hold for particular process conditions only. 
Subsequently, these models have been used to simulate continuous 
operations2.6-8. These models are, however, not capable of performing 
fault 'diagnosis, Le. establish why a plant is performing in a particular 
fashion. Neither are these models capable of considering chemical process 
conditions e.g. pH, ionic strength, carbon activIty, or the physical process 
conditions e.g. the type of mixing, non-ideal flow, non-ideal carbon 
transfer etc.. The same discussion as above also holds for the established 
leaching models2 •9 • 

The model proposed here consists of a database containing adsorption 
concentration-time data e.g. (Nicol et al. p.4D which covers the adsorption 
up to the equilibrium loading)! and leaching concentration-time data e.g. 
(Nicol et 81. p.75}l. The reason for defining the model on this basis is 
fivefold viz.: 

These concentration-time data characterize the adsorption and 
leaching processes under the prevailing process conditions. A set of 
slopes and, the equilibrium loading, which are produced from these 
data, facilitate the searching of data, adjustment of data as a 
function of the chemical process variables and form the basis for 
fault diagnosis. 

If the effects of the various chemical and physical process conditions 
on the rate and loading are known, these effects can be included in 
a very simple procedure to adjust these slopes and equilibrium 
loadings accordingly. This is done in the form of adjustment factors 
and polynomials. 

If the chem1cal process conditions change drastically and adjustment 
factors are not accurate enough. it is a simple task to search the 
database tor data that correspond closest to the required process 
conditions. 

The slope and equilibrium data make it possible to detlne a very 
simple kinetic model which is identical for both adsorption and 
leaching, and which may subsequently be used to simulate continuous 
adsorption and leaching systems under various physical process 
conditions e.g. reactor arrangement, carbon flow pattern etc .. 
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A general knowledge based . model may be defined which is 
independent of the adsorption or leaching system under consideration, 
Le. resin-in-pulp, ion-exchange may also be included, for example. 

In association with each of these data sets is an economic data set, which 
includes price weights for each of the adjustment factors, all physical 
process variables etc.. This permits e.g. the investigation into the effect 
of carbon poisoning on the economical performance of the circuit. 

To summarize, the model proposed here is based on a database permitting 
modelling, economic evaluation and simulation under all physical and 
chemical process conditions catered for in the database. This will be 
shown in the subsequent sections. 

FORMULATION OF MODELS 

The database, adsorption (carbon-in-leach), leaching and carbon-in-Ieach 
<CIL) models will be formulated subsequently. These models form part of a 
user-friendly simulation programme, the Knowledge Based System, which is 
written in Turbo Pascal. This System is driven by mouse via various 
graphics and text menu interfaces. Runge-Kutta methods are used 
throughout to perform the numerical integrations12. 

Database Model 

This model cannot be defined in terms of formulae, hence only a general 
description will be given here. It is characterized by the following 
activities that it can perform: 

The model can search the database for the required adsorption-time 
data which corresponds to the inputs. These inputs include: 

the type of carbon (in total 1125 different sets of data), 
type of data, i.e. changes in [Au!. (AgI, [CN-j etc., 
up to 30 user-defined inputs, which may include inputs such as 
carbon blinding, stirring mechanism, pH, scale-up etc., and ~ 

16 of these user-defined inputs may be subdivided into 15 
sub-divisions or adjustment factor increments and the balance 
(I4) into regression equations that define the adjustment 
factors over a range of inputs. 

All these inputs may be edited by the user. 

The database model produces the respective rate variables k(Y( t)l and 
k{g( t)l from the selected concentration-time data. The sum of the 
time-weighed k(y(t)J and k{g(t»)· (equations 1&2) values over a given 
period of time and the equilibrium loading and final leach grade are 
the basis for the search of data. 

Continuous leaching, carbon-in-pulp and carbon-in-Ieach systems 
may subsequently be simulated. The equations that define this 
activity will be defined in later sections below. The physical process 
conditions, which form the input.s to these physical models, include: 

carbon concentration, pulp· density and ore grade, 
number, size and configuration of reactors, 
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carbon and pulp flow arrangments, non-ideal fl ow through 
reactors, carbon short-circuiting, etc .. 

Given l eaching or adsorption concentration-time data. which have 
been transfonned into slope and equilibrium loa ding data, the 
database model can estimate what type of chemical process conditions 
were prevailed during their estimation. This is a valuable additional 
tool which can be used during fault finding. 

Database house keeping, organization etc. is perfonned continuously 
during the various abovementioned activities. 

This model is illustrated best by depicting one 
interfaces in Figure L Note that all the factors 
carbon which was used was assumed to be fresh. 

of the numerous user 
are uni ty. since the 

Figure 1 

~ IIEURISTIC OIlTII 
U TYPE Of CIIRDON r 

DIITCH AND HEURISTIC DATil ~ 

Carbon Mass (9/ l)~ 25.00 U 
Ii' CIIRDON IIGE A CIIRDON AGE 

D STIIlIlING~ 
C CIIROON 0, 
o OXYGEN L 
E TEMPERIIT 
f pH 
G CYlINIOE 
/I CIITIONIC 
I ..... . . . 
J ....... . 
K ••••••• • 
L ..••••.• 
M • ••••••• 

~ EXIT 

[ EDIT: < FRESII CIIRDON > ) ~ 

Interaction with Menu- Item II ~ 1.00000 II: ::::: :: I 
Interaction with Menu - Item 0 & 

Interaction with Menu-Item C = 
Interaction with Menu - Item 0 -
Interaction with Menu - Item E ~ 

Interaction with Menu- Item f -
Inter~ction with Menu-Item G = 
Interaction with Menu-Item II = 
Interaction with Menu-Item I -
Interaction with Menu-Item J ~ 

Interaction with Menu - Item K -
Interaction with Menu - Item L = 
Interaction with Menu-Item M 

Slope Factor 
Loading factor 

Cost factor for this Item 

1 . 00000 
1.00000 
1.00000 
1.00000 
1.00000 
1. 00000 
1.00000 
1.00000 
1. 00000 
1 . 00000 
1.00000 
1.00000 
1.00000 
1.00000 
1. 000 00 

.... .. ........ 

.. .. .. .... .. .... 

............ .... 

......... .. 

.......... .. 

.. .............. 

........ .. .... 

............... 
.. . ........ .. 
........... .. 

<U> - UPOIITEI!<E>-EOITII·J 

A user-interface of the database model depicting the slope, 
loading, cost and adjustment factors for age of carbon. 

A similar model may be defined for leaching systems. 

Adsorption Model 

This model has already been fonnulated in dimens ionless fonn by Re uter 
and Van DeventerlO and is given here again. but in practical units. The 
basis of the model is an adsorption concentration-time and corresponding 
loading- time curve that covers the ads orption kinetics up to the 
equilibrium loading capacity e.g. data pAO Nicol et aV. Prom this curve 
and the corresponding concentration-time the rate variable k[y( t)], which is 
defined here to be only a function of the loading y( t), may be determined. 
This rate variable is subsequently used to predict the change in 
concentration and carbon loading at any carbon concentration Me, any 
solution density and any starting concentration at the prevailing chemical 
process conditions. 

de 
-(utiuz)kly( t) je --1 

dt 
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= 

-2(Ca+l-CIl)/ot( CIl+1 +Ca) 
(Mu'Mch 
(Mu'Meh 

--2 

The rate variable k[y( t) I is also a function of the database, permitting 
modelling at chemical process conditions other than those prevailing during 
which the rate variable was determined. This renders the model totally 
general. 

Leaching Model 

As for the adsorption model. klg( t) I. which is defined here to be only a 
function of the grade g( t), is determined from a leaching curve, which 
covers the leaching up to the equilibrium leaching point. As for the 
adsorption model. k[g( t) I is also a function of the database. 

dC 

dt 

dg 

dt 

where: 

k[g( t) Jg( t) 

-0k[g( t) ]g( t) 

k[g(t)] 
o 

Carbon-in-Leaching Model 

2(CIl+I-C,,)/Ot(gll+l +gll) 
(Mu'Ms) 

--3 

--4 

As stated by Nicol et a1.7, the adsorption and leaching reactions are 
independent of one another. Hence the ClL-Model proposed here is a linear 
combination of the above-mentioned models. 

Continuous Models for CIL-Systems 

The equations that define the change of concentration, loading on the 
carbon and element content in the ore (equations 5 to 7 respectively) will 
be given subsequently (see LIST OF SYMBOLS for the meaning of the 
symbols). Ideal flow is assumed in the !onnulation of these models 
(equations 5 to 7), although in the Knowledge Based System non-ideal flow 
in the fonn of short-circuiting and dead volume is !onnulated. 

dCl 

dt 

dt 

.. -' 

Vp,l11 Vp,Ollt 

Cl-1- Cl + rl + r3 
Vact Vaet 

rrrcce 

----[yl+l-ytl+ 
Mee e •t 

IT'l'-°c 
---[Yl-l-yil+ 
MeOe,t 

--5 

--6 
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Vp.1n VP,4ut 

= gt-l- --7 
dt Vaet Vaet 

Depending on mcee, Meee,t. IfP>e and Mcoe•t any type of carbon transfer 
mode, ranging from batch to continuous, co-current to counter-current or a 
combination of these may be simulated. 

VALIDATION OF THE MODELS AND DISCUSSION OF RESULTS 

The results produced by each of the above-mentioned kinetic models will 
now be compared to results produced by well established models or 
published industrial data. Note that in all cases ideal transfer of carbon 
and ideal flow through the stages was assumed. 

Adsorption Model 

The performance of the adsorption model is compared to the well 
established Dixon Modell. Table 1 compares the concentration-time data 
and Table 2 the loading-time data. All entries in the (a) columns give the 
results produced by the given Dixon Models (pulp density 1460kg/fI'il. 1 : 1 
mass ratio solids:liquid). All the predictions at other carbon masses and 
starting concentrations in the (b) columns are based on the concentration
time data of the entries in the 1(a) column, which covers the adsorption up 
to the maximum equilibrium loading i.e. ±3540 (Table 1) and +10861 (Table 
gl. (ot=lh was t3.ken to deline k[g(t)]. Only a few points are shown.) 

Table 1 Data in column l{a) are used to calculate k[y( t)l. which is 
applied to predict the solution gold concentrations [ppm] in 
all columns (b). The model given by Williams et a1.11 was 
applied. 

(a):dy/dt = 0 .12C(3600-y)-0.022y (b):Eq.l&2 

Time 1(a) I(b) 2{a) 2(b) 3(a) 3(b) 4(a) 4(b) 
Me 4 gil 1 gil 0 .5 gil 15 gil 

0 30.0 30.0 30.0 30.0 5.0 5.0 1 1 
1 12.2 12.8 25.3 25.1 4.0 4.1 .0027 .004 
2 11.1 11.5 25.1 25 . 1 3.5 3.2 .0025 0.0 
4 10.6 10.8 25.1 25.1 3.0 3.0 .0025 0.0 
9 10.6 10 .6 25 . 1 25.1 2.7 2.7 .0025 0.0 
17 10.6 10.6 25.1 25 .1 2.7 2.6 . 0025 0.0 . 
29 10.6 10.6 25.1 25.1 2.7 2.6 .0025 0.0 
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Table 2 Concentration-time data corresponding to the loading data in 
column I(a) were used to calculate k[y{ t) I. which is applied 
to predict the loadings in [ppml on the carbon in all columns 
(b). 

(a):dy/dt = 0.014CO 1000-y)-0.004y (b):Eq.l&2 

Time Ha) l(b) 2(a) 2(b) 3(a) 3(b) 4(a) 4(b) 
Me 0 .5 gil 5g/l 15 gil 15 gil 
Co 30 ppm 1 ppm 1 ppm 15 ppm 

0 0 0 0 0 0 0 0 0 
1 3628 3600 94 92 46 .5 46.1 693 .5 692 
2 5909 5893 127 126 48 .5 48.5 727.2 727 
4 8427 8413 143 143 48.6 48 .6 729.0 729 
9 10400 10390 145 145 48 .6 48.6 729.0 729 
19 10844 10835 145 145 48 .6 48.6 729 .0 729 
29 108 61 10848 145 145 48 .6 48.6 729.0 7 2 9 

As may be seen from the above, the proposed model compares favourably 
with the results of the Dixon ModeL 

Leaching Model 

As in the case of the published leaching models, each m~del holds for the 
process conditions under which the parameters were estimated. Hence the 
data in the (a) and (b) columns are used respectively to detennine the 
appropriate k[g( t)l values, and then to determine the values in the 
respective (c) columns. The entries in (b) were estimated via the model 
(b) in Table 3, and which are an approximation of the data .given by Nicol 
et 81.2 , as these were not explicitly given in their paper. 

Table 3 Data in columns (a) and (b) used to calculate k[g( t)1. which 
is used to estimate the ore grades in columns (c). 

(a}:dgldt=-0.7(g-0.19)2 
(c):Eq.3&4 

RESULTS OF 
(a) (c) 

TIME 
0 2.3 2.3 
1 1.03 1.03 
2 0.705 0.702 
4 0.476 0.474 
8 0.334 0.334 
16 0.256 0.256 
23 0.23 0 .23 

(b):dgldt=-2(g-0.19)2 

EQUATIONS 
(b) (c) 

2.3 2.3 
0.594 0.607 
0.413 0.417 
0.308 0 .309 
0.251 0 .251 
0.221 0.221 
0 .211 0.211 

The leaching model produces results which are almost in total agreement 
with the Mintek leaching models2 . 
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continuous CIP Model 

The k[y( t} 1 for this simulation is produced via equations 1 and 2 from the 
data given by (Nicol et a1. p.40)1, taking a pulp density of 1460 gil , 1:1 
liquid to solids mass ratio, {AuJav=0.8ppm+ in the !irst stage throughout 
and 25g11 carbon. These data are summarized in Table 4. 

Table 4 Summary of the calculated k[y( t} 1 values according to 
equations 1&2, using the data of Nicol et a1.2· 

Loading Range (ppm] Slope Time IhJ 

0 .00 to 4000 -3.42 0 to 50 
4000 to 6804 -2.40 50 to 100 
6804 to 8176 -1.17 100 to 150 
817 6 t o 916 8 -0.85 150 to 200 
9168 to 9986 - 0 .70 200 to 250 
9986 to 10307 -0 .27 250 to 300 
10307 to 10512 -0.18 300 to 350 
10512 and larger -0 .00 350 and larger 

These values for k[y( t)] may now be used to simulate a five stage carbon
in - pulp system as described by Nicol et ai.2 • (Volume of reactors 4001 and 
other data as in Tables 5&6) 

The results of two simulations are summarized in Tables 5 and 6, at two 
different pulp flow rates with a 48h period between two successive carbon 
transfers (J 009(, transferred). The entries in columns (a) are measured 
process data, the entries in columns (b) as simulated by the model 
suggested by Nicol et aJ.2 and the entries in columns (c) as simulated by 
the model proposed in this paper. 

+ This value could be calculated from equation 1 (Nicol et ai.}1 
up to a loading of 4000ppm. Corresponding concentration-time 
data for Fig. It should be available in order to calculate k[y( t) J. 
but since these were not available 0.8 was used as an average 
concentration over all loadings . 

Stellenbosch University  https://scholar.sun.ac.za



Table 5 

Table 6 

- 352 -

Comparison of process data. predictions by Nicol et 81.2 and 
the model proposed in this paper. 

800l/h 
Solution (g/t) Loading (g/t) 
(a) (b) (c) (a) (b) (c) 

STAGE 
Feed 2.26 2.26 2.26 0 0 0 
1 L12 1.00 1.06 6503 6512 6561 
2 0.39 0.44 0.41 3693 2835 2890 
3 0.15 0.19 0 . 16 1972 1196 1071 
4 0 .0 8 0 .08 0 .06 550 467 372 
5 0.03 0 .03 0.023 189 141 103 

Me 25g/ 1 16g/1 23.5g/ l 25g/l 16g/l 23.5 

Comparison of process data. predictions by Nicol et a1.2 and 
the model proposed in this paper. 

4001lh 
Solution (g/t) Loading (g/t) 
(a) (b) (c) (a) (b) (c) 

STAGE 
Feed 2.02 2.02 2.02 0 0 0 
1 0.76 0.52 0 .51 3092 3097 3179 
2 0.24 0 . 13 0.13 1600 793 792 
3 0.039 0.034 0.032 168 201 195 
4 0 .015 0.009 0.008 40 49 46 
5 0 .002 0 .002 0.002 18 10 10 

Me 25g/l 17g/l 22g/l 25g/1 17g/l 22g/1 

The amount of carbon predicted by the model proposed here Le. 23.5 and 
22g/1 respectively. is much closer to the real process value of 25 gil. than 
tha t predicted by Nicol e t a1.2 of 16 and 17 gil respectively. 

Continuous CIL Model 

Using the same values for k[y( t») in Table 4 above and the entries in 
column (b) of Table 3 to produce k[g(t)1. it was possible to simulate an 
eight stage CIL-system. with a three hour retention time in the three 
leaching reactors. The remaining process variables remained as for the 
CIP-simulation described above. with the further addition that leaching also 
takes place in the five adsorption stages. 
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Table 7 " Comparison of predictions produced by Nicol et aJ.2 's CIL-
model and the model proposed in this paper. 

SOLIDS (glt) SOLUTION(glt) CARBON(glt) 
STAGE (a) (b) (a) (b) (b) (a) 

FEED 2.3 2.300 0 0 0 0 
1 0.6 0.70 1.70 1.59 0 0 
2 OA OAI 1.90 1.89 0 0 
3 0.38 0.31 2.02 1.99 0 0 
4 0.25 0.29 0.43 0.48 3072 3089 
5 0 .25 0.27 0.09 0.12 669 835 
6 0.24 0.26 0.02 0 .03 158 282 
7 0.23 0.25 0.006 0.01 44 67 
8 0.23 0.25 0.002 0 .004 12 20 

The proposed model predicts a carbon concentration of 23g/I, once again 
much closer than that produced by the model proposed by Nicol et a1.2 of 
16g/L There would have been a closer correspondence between the 
leaching data if appropriate batch data had been supplied by Nicol et aJ.2 . 
From Table 7 it is clear that the correspondence is reasonable. 

Database Model 

The results of this example are summarized in Table 8, which are an 
extension to the CIP-example discussed above. If the results in Table 5 
are used as a basis {column (a) in Table B1. two additional simulations are 
given showing the effect of a typical physical parameter e.g. continuous 
counter-current carbon transfer [column (b):4Bh retention time] and a 
typical chemical process parameter e.g. carbon poisoning [column (c):50~ 

decrea.se in the rate k[g(tJ]] on " the perfonnance of the CIP-circuit. 

Table 8 The effect of continuous counter-current transfer of the 
carbon and carbon poisoning on the perfonnance of the 
circuit. 

400l/h: Mc=22g/l 
Solution (g/t) Loading (g/t) 
(a) (b) (c) (a) (b) (c) 

STAGE 
Feed 2 .020 2 .020 2.020 0 0 0 
1 0.510 0.510 0 .980 3179 3029 3044 
2 0.130 0.130 0.3"90 792 754 1387 
3 0.032 0 .032 0.160 195 186 534 
4 0 .008 0.008 0 .060 46 45 192 
5 0 .002 0 .002 0.025 10 9 55 

From these results i t is clear that continuous counter-current operation 
differs marginally from the counter-current operation. On the other hand 
the carbon poisoning causes a marked increase in the concentration of the 
gold i n the stages, hence a large gold loss. 
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the carbon poisoning causes a marked increase in the concentration of the 
gold in the stages, hence a large gold loss. 

DISCUSSION AND SIGNIFICANCE 

The discussion and results above serve to illustrate the following regarding 
the Knowledge Based System: 

The database can be applied in the simulation of adsorption, leaching 
and a combination of these systems. 

It is shown how this very simple model can be used successfully to 
simulate various continuous systems. 

Chemical process variables are included in the model, permitting the 
simulation of the above-mentioned systems at all process conditions 
catered for by the database. 

The user has total control over all process variables, physical or 
chemical, via user-friendly menu interfaces. 

Although not shown here, the model can perform fault-diagnosis and 
economic modelling. 

To summarize: the model proposed here permits the inclusion of all process 
variables present in leaching and adsorption systems in a totally 
generalized modelling system. 

LIST OF SYMBOLS 

C,Ct,C. 

k 

Mc,MI,Ma 

r 

t 

Vact 

Concentration in a batch reactor, concentration in stage i 
and data point n respectively [ppm]. 

Ore grade in a batch reactor, grade in stage i and grade 
data point n respectively [g/ton). 

Rate variable as a function of y{ t) and g{ t) [h-1 ]. 

Mass concentration of carbon, liquid and solids respectively 
[g/l]. 

Mass now rate of the carbon counter-current and ['[f=°c (or 
co-current now [kg/h). 

Mass of carbon being transfered counter-current and MCOc,t 

co-current {kg]. 

Rate equation (ppm/h]. 

time [hJ. 

Active stage volume [m3 ). 
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A KNOWLEDGE BASED SYSTEM FOR THE SIMULATION AND 
OPTIMIZATION OF METALLURGICAL PLANTS 

• M.A. Reuter and J.sJ. van Deventer 

Department of Metallurgical Engineering. University of Stellenbosch, 
Stellenbo~ 7600, South Africa. 

SUMMARY 

This paper illustrates the application of an object-orientated knowledge based system 
(KBS) to perform fault-diagnosis and dynamic simulation of batch and continuous flotation 
processes. A two-stage linear programming model could be used in association with the 
KBS to optimize flotation circuits. The dynamic behaviour of a flotation process is finger
printed by the gradient of change in the concentration of a species. The KBS is defined by 
various facts, objects, rules and junctioltS, which capture both deep and shallow knowledge 
regarding the flotation process. It is evident that the accuracy of prediction is entirely 
dependent on the accuracy and population density of the data -base. The proposed KBS 
produces !ealistic simulations of published data for the flotation of sphalerite in rougher 
and scavenger banks. 

INTRODUCfION 

Numerous factors influence the flotation of valuable components in a flotation cell 
[1,2]. Although a number of fundamental models have been proposed for flotation, the 
parameters of these models usually lump together numerous process variables [1]. Hence, 
little information regarding the process can be extracted from these parameters. Therefore, 
it is the objective of this paper to propose a knowledge-based system (KBS) model which 
would enable the inclusion of all possible flotation variables, e.g. frother & collector 
addition, pH, aeration rate etc. to render the as yet ill-defined flotation process well-defined. 
This is accomplished here by using a hybrid KBS approach, i.e. both qualitative (experiential 
and heuristic) knowledge and quantitative (equation orientated) knowledge are used to 
de~cribe the kinetics of flotation. 

The modelling of various ill-defir..ed chemical engineering problems have been 
performed by using KBS techniques. Most of these applications are, however, confined to 
steady-state circuit design [3-5], the selection of equipment, processes or reagents e.g. 
DECADE for the selection of catalysts [6,7], synthesis of operating procedures [3,8-10], 
malfunction diagnosis [11-14] and control synthesis [3,15-P]. Little emphasis has been 
placed to date on the application of these techniques to the modelling of mineral processing 
systems [18]. Although the dynamic simulation of ill-defined problems by the use of these 
techniques has found little application in the literature, qualitative simulation has been 

• Present address: Institut fUr Metallhiittenwesen und Elektrometallurgie, 
RW-Technische Hochschule, Aachen, Germany .. 
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explored in this regard [19]. It has already been shown how a KBS and a dynamic equation 
orientated. system can be combined to simulate CIP and CIL systems [20,21]. 

In the above-mentioned systems various architectures have been applied to formalize 
the knowledge e.g. object oril!ntated [3,14]. frame orientated [5], hybrid systems in a 
blackboard [6,7], hierarchical [8,11] and goal-tree-success-tree [17] systems. Of these 
systems the object orientated approach was used to define a KBS that can embrace both the 
dynamics of a process as well as do process malfunction diagnosis on the basis of the 
chemical and physical environment within the reactor. Although this model could be 
applied to leaching. adsorption or pyrometallurgical processes, it is applied here to simulate 
the rougher and scavenger banks of a sphalerite flotation process [1]. It is also 
demonstrated how the KBS system can suggest an optimal flotation circuit by coupling the 
dynamic equations and the knowledge base to a linear programming model [22]. 

KNOWLEDGE REPRESENTATION 

The representation of shallow (apen"ential and hewistic) and deep (equation 
orienlated) knowledge for application in knowledge based systems is probably one of the 
most important aspects of this modelling approach. In the approach discussed here, the 
·batch flotation concentration-time recovery data of the valuable element, as well as all 
other species invloved, form the basis of the knowledge base. These data are transformed 
into a useful form by a generalized kinetic model, the rate constant also being a function of 
all the effects of the flotation process variables. The organization of the data in this manner 
permits the interaction between the batch flotation concentration-time data, process 
variables, kinetic model and mathematical modelling. This may be realized by knowledge 
representation techniques such as facts, objeds (frames), rules and functions (19]. These 
techniques are used here in the following manner: 

Facts may include for example the type of reaction under consideration, be it leaching, 
adsorption or reduction, flotation or the type of reactor system (batch, CSTR. counler
cr...urent etc.), 

Each Object (Frame) is structured so as to include all relevant information regarding a 
particular process variable and its effect on the process. An example here is the pivot
objed, that defines both shallow and deep knowledge regarding a process under 
consideration (It refers here to the said sphalerite flotation process with the conditions of 
Experiment 1 [2] forming the pivot-conditions.). 

1YPE OF FLOTATION SYSTEM ¥vha1erite fl9tation 
DISTINGUISHING CHARACTERISTIC · Upe.1e o~e body · n FACTORADIUSTMENT-OBJECTS · artIc e srze, etc. · k REGRESSION-OBJECTS · Total %Zn infeed 

Collector addJ.tion, etc. 
KINETIC DATA? sets of kinetic · pme- r · 
data e.g. change 0 reagents) · 

0.5 0.946 
etc. 

TYPE OF OPERATION · Batch/Continuous 
(function-objects & 

COST DATA 
unit-operation-object) 
FunctIOn of operation 
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This object comprises of various other objects which include amongst others the following 
unit-operation-object: 

UNIT OPERATION · CONTINUOUS · REACTORS 
MINERAL CONTENT OF FEED · 11.8% · % SOLIDS IN FEED · 43.3% · RETENTION TIME OF CELLS 1-4 · 11.2 min · NUMBER OF REACTORS IN SERIES · 4 · FEED FLOWRATE OF THE PULP · 43.3 t/h · % SHORT CIRCUITING OF FEED " · 0 · % DEAD VOLUME OF REACTOR . 0 · 

or the adjustment-object comprising of n possible objects with m sub-divisions which define 
the effects of the deviation of process variables on the pivot process conditions: 

ADJUSTMENT-OBJECT LABEL 
SUB-DWISION OF ADJUSTMENT-OBJECT 
n-l INTERACTION FACTORS 
SLOPE FACTOR 
FINAL RECOVERY FACTOR 
COST FACTOR 

Particle size 
d5(J=80JUTI 
1 
1 = a 
1=/3 
1 

or tbe k regression-objects (similar to the object above) that define the effects of process 
variables via various types of regression equations (logarithmic, polynomial & power) e.g.: 

ADJUSTMENT-OBJECT LABEL 
k-1INTERACTION FACTORS : 
SLOPE REGRESSION EQUATION : 
FINAL RECOVERY REGRESSION EQUATION: 
COST REGRESSION EQUATION : 

Total %Zn in feed 
1 
0.0588(%Zn) + 0.33 = a 
1=/3 
1 

This regression rule (ta.ken from data of Frew & Davey [2]) would imply that for a 
feed grade of 11.5%, a would be unity (no deviation from pivot), hence corresponding to the 
pivot-rate which is 0.11 min-I or the corresponding pivot k[ce(t)]n values (see below). 

The Rules (production rules) defined here fall into various categories which include 
amongst others the following adjustment and search rules respectively: 

if 
iuui 
and 
and 
and 
then 
if 
iuui 
and 
then 

fuJhalerite flotation 
TYPe of are b~ 
Zri content of feed = 17.9% 
~t8. = 80",m 

slope factor = a = 1x 138 = 138 and load factor = /3 = 1 
Zn recovery is ~64% 
Zn recovery is ~66% 
Cells 1-4 of rougher bank 
Zn content of feed = 11.8% 
~=80",m 

The user has control over the search accuracy of this search rule. 

Functioru include the kinetic models, differential equations that define the non-ideal 
flow through the continuous reactors or equations that describe fundamental aspects of the 
process. A function would hence contain the following elements: 
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mE OF OPERA IroN (deftnin~ labe/) 
Kinetic model (differential equation: see below) 
Unit-operation-object (as above) 
Non-ideal flow model (differential equation: see below) 
Regression adjustment-objects (as adjustment-object above with factor replaced by a 
reQ'"essian equation) 
Linear programming optimization model 
Fundamental correlations (e.g. Sh=a(Re)h(Sc)c+d) 

This knowledge representation is integrated in a user-friendly simulation programme 
which is written in Turbo Pascal. Figure 1 depicts the integration of these data. 

Figure 1 Overall structure of KBS. 

IUser-!riendly 
'I 

II interrace 
II via menus I 

<--> <--> 
'~II Input/output Vld j 

menus, graphs, I 
graphs , printer 

r-<-->----~IInternal communication 
I via in!erance engine 

illi 'II, . Knowledge base . !I Diagnostic 
II Functions 

II 
I 11;= ===B=i=!Il=u=l=a=t=i=o=n== !I'I 

<--> 

412 

II Accuracy 
j! of. search 

I
SpeCi!led 

I 
Fault-!inding 
diagnostics 
for systems 

I 

Identification 
of slurries, I 

ores, reagents I 
or adsorben ts I 

I 

!Reactor 
,configurations: I. 

Batch re~ctor 
I Cascade o~ CBTR's 
I Countercurrent 
cascade of CSTR's 
Fixed Ded column 
Countercurrent 
colU!l1Ils 
Non-ideal !low 
PeriocHci ty ot 
countercurrent flow 

simple nwnerical 
methods such as 

Runge-Kutta 

Flotation, CIP, CIL 
Leaching 

rr====o=p=t==imi===z=a=t=i==o=n=======~~<--->~ 

Linear Programming 
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DEVELOPME~l OF THE &~OWLEDGE BASED MODEL 

As has been mentioned above, a generalized kinetic model has been developed which 
may be used to describe the kinetics of leaching, adsorption and pyrometallurgica.l 
reduction reactions. In this section it will be shown how this model can be applied ir. 
conjunction with a knowledge base to describe batch flotation kinetics a..'1d the flotation in 
continuous cells. Furthermore, it will be shown how optimal flotation circuits can be 
determined and fault-diagnosis can be performed by using this kinetic modeL 

Knowledge Based Kinetic Model 

As has been defined for leaching, adsorption and pyrornetallurgica1 reactions (20.21], 
[he rate of depletion of the valuable element in the slurry of a batch cell has been defined 
by a non-linear first order rate equation. in which the rate variable k[<:(t)] is only a 
function of 0 (t), the concentration of element e (e = galena, water, gangue, etc.). No 
~lota~iai1 species (e.g. bst and slow floating species within element e) are catered for in this 
il1odei, J.S these ::ire irr.~licitly included in the rate variable k[0(t)] and the accompanying 
~nowiedge base, wilich cover ail possible panicle size distributions, ~eil operating 
.:onditioilS and rrUnerat compositions. The value of ~[0(t)] is deteilllined as given below 
~':-~; C1 a iiot:J.tion curve. which covers the :lotarion up to the final recovery R. 

,.re 
~''''' 

= 

~:.e 'ialue of !«Ce(;.)] (orresconcs to the pivot ;;Tcce~s van'ables. A,I1Y deviation IIOill 

: 'lese pivot-data is retlec~ed by the 0: wd f3 values Of the adfustmer.t obiects. If these '::liues 
_..:·riate from 1. the followi.n~ equation !TI8.Y be aDDlied ~c predict the :'cinerics of the flotation 
:7~)CeS~, ; ';~:ere k(Ce(::\l :s :-.5 d ,:: ~e~iDcd ~y eGu~tion : 3..J.id ::.,"!e disc ... ete ranges of C:(i:\ 
:~J.lej li~e::triy to Et Cer',vee;l 1 a.tJ.d (>.::R.) [R=~r::::.l :-eCQvei/ ~or ~q, n: 

• " , f r~ 1+-\] , ,.....~ ( t) _ I 1 -/3 \" _ -" '.- ','-, L'-- , \.1. I ~ - .:.. 

: :;nt~i1uoI.!S Flow ~"1odel 

~~:ea; .new :5 assumed ill the ~or.nulation of ~he continuous flow :nodel for ilie 
<~?ietion of an element e in cell i, although in the KBS non-ideal flow in the form of snort
· jrC'Jitil~g [0\_1 = ,~ cei-l i- (l-~ )C\2j and dead voiume [V act = V rotal-V cead] is incorporated, 
--:-11e theoretical values of the dead volume and bypass streams can be obtained from tracer 
tests, or Cli1. be estimated by comparing real plant behaviour 'Nlth that predicted from an 
ideal flow modeL 

,iCe v ~J 

""" ! ~ce, ~~, (3) = ;- r 
1-1 V I dt V

act :\ct 
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Linear PrQ£;ramminc Optimization Model 

The constraints which define this model have been developed by Reuter and Van 
Deventer [22] and the reader is hence referred to this reference for further details. Note, 
however, that the linear programming model that is defined here is a simplification of that 
defined in [22], as no flotation species are defined. Of all the constrainL'\ in the linear 
programming model that are of importance, the one that defines the separation of element 
e at bank j and links the KBS to the optimization routine, is repeated here: 

(yIn .) L m . :5 Y . :5 (ym .) Urn. (4) 
CJ ' CJ CJ CJ CJ 

Values for (yrncj)L and (ymc·)U are determined as follows: (i) the expected operating 
conditions in a bank of cells are delected, which produce an adjusted kinetic model (eq.2j, 
(ii) this can si..!bsequently be used to simulate a bank of continuously operated flotation cells 
(eq.3) and finally from this a separation factor for each element e can be determined. 

Process Identificati on end Fault-Diagnosis 

The ddinitior. of the rate variable k[CC(t)] in the manner as described by eq. 1 is very 
useful to perform fed t diagnosis using kinetic data only. Consider a first order react ion and 
rhe fol1o\\rir.g time-'''''eighed slope integral: 

"Ictj t kC dt= 
JO 

reo 

It ke-kt dt = 11k 
Jo 

(5) 

If this value for 11k is compared to that of another curve with rate constant k', the 
ratio k'/k gives a value for the adjustment factor n, which can subsequently be used ill 
conjunction with B to search through all adjustment-rules to determine what the chemicai 
environment in a batch flotation cell is. This has been generalized for the rate variable 
k[ce(t)]n in the following manner: 

= (6) 

For the process identification in a continuous bank of cells, the a and f3 values are 
adjusted continuously, until the recovery corresponds to that obtained from the plant. The 
a and f3 values are an indication of the deviation from the data in the pivot-object which 
subsequently points to the appropriate adjustment-objects, which then suggest the 
appropriat.e operating conditions. 

SIMULATION RESULTS 

Various examples will be given in the subsequent section to illustrate the application 
of the developed modeis. 

Batch Flotation 

The generality of the proposed kinetic model [eqs.l & 2] is illustrated by comparing 
i:~ performan~c to that of two well known kinetic models. A number of values for k[Ce(t)]n 
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for the concentration-time data in Tables 2 and 3 are summarized in Table 1. These values 
are subsequently used to produce the results in the (b) columns of Tables 2 and 3. 

It is clear from the results summarized in Tables 2 and 3 that one model can predict 
the same results as two different well known theoretical models. It may be mentioned here 
that the same model has also been applied to adsorption, leaching and pyrometallurgical 
reactions, with results comparable to flotation above [20,21]. 

Table 1 Summary of the calculated k[ce(t)]n values according to equation 1, using 
the data in column l(a) in Table I. 

Column 1(a) o~ £~le 2 Column 1(a)_~f Table 3 
Ce =1-R[1-(1-e- )/kt] Ce =1-R[1-e ] 

Ce 

1.00 
0.95 
0.90 

il · ... 

Table 2 

Range k[Ce(t)] t[min] Ce Range k[CQ(t)] t[min] 

to 0.95 -0.,(96 0-0.102 1. 00 to 0.90 -0.999 0-0.102 
to 0.90 -0 . .(87 -0.20,( 0.90 to 0.82 -0.999 -0.20,( 
to 0.86 -0.,(78 -0.306 0.82 to 0.7.( -0.999 -0.306 

etc. etc. etc. etc. etc. etc. 
to 0.00 0.00 .... to 0.00 0.00 

Columns (a): Concentration-time data from the given model and Rand k 
values. Data in column l(a) were used to detennine k[ce(t)] by eq. 1, which 
was subsequently used to predict values in columns (b) according to eq. 2. 

(a) : C/CO=1-R(1-(1-e-kt)/kt] (b) : Eq. 1 , 2 

I R , k 1.0 , 1.0/min 0.5 , o.l/min 0.1 , ,.o/mini 
f3 « a 1.0 , 1.0 0.5 , 0.1 0.1 , '.0 

t(min) 1(a) l(b) 2 (a) 2(b) 3(1I.) 3 (b) 

0.0 1.000 1.000 1.000 1.000 1.000 1.000 
0.5 0.787 0.787 0.988 0.988 0.9'3 0.9'3 
1.0 0.632 0.633 0.976 0.976 0.925 0.925 
2.0 0.,(32 0.,(33 0.953 0.953 0.913 0.913 
.(.0 0.2,(5 0.2,(6 0.912 0.912 0.906 0.906 
6.0 0.166 0.166 0.876 0.876 0.90.( 0.90,( 

Continuous Flotation 

To illustrate the application of this proposed KBS to a practical system. the sphalerite 
flotation data of Frew and Davey [2] were used. For this purpose, the various data objects 
are defined as those given above. Although not shown here, objects which define the effect 
of reagent additions, feed grades and particles sizes on the flotation rate constant, must also 
be included. Frew and Davey [2] described flotation by simple first order kinetics. From 
their data it is clear that the rate constant k[CC(t)]n has a constant value of 0.11 min-1 for 
the pivot-object defined above for cells 1-4. Assuming ideal flow, using the appropriate u.n.i.t
operation-object, applying eqs. 1-3 and the given retention times, the results summarized for 
cells 1-4 in Table 4 could be produced for Experiment 1 [2]. 
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Table 3 Columns (9): Concentration-time data from the given model and Rand k 
values. Data In column l(a) ~re used to detennlne k[C!(t») by eq. I, whleh 
was subsequently used to predict values In columns (b) according to eq. 2. 

(a) I C/Co=l-R[l-.-Jtt ] (b) I Eq. 1 , 2 

R , Jt 1.0 , 1.0/ain 0.5 , O.l/ain 0.1 , ...O/ain 
p , a 1.0 , 1.0 0.5 , 0.1 0.1 , 4.0 

t(lIlin) l(a) l(b) 2 (a, 2(b) 3 (a) 3(b) 

0.0 1. 000 1.000 1.000 1.000 1.000 1.000 
0_5 0.607 0.607 0.97' 0.976 0.914 0.914 
1.0 0.368 0.368 0.952 0.952 0.902 0.902 
2.0 0.135 0.136 0.909 0.909 0.900 0.900 
4.0 0.018 0.018 0.835 0.835 0.900 0.900 

Table 4 Comparison or the practical data for Experiment I (rougher & scavenger) of 
Frew and Davey [2] with those produced by the proposed KBS. 

Cell Plant r;B8 Plant !tH8 Plant r;B8 
No ZnB ZnB Gangue Ganque water water 

1 0.75 0.76 0.995 0.995 0.96 0.98 
2 0.57 0.58 0.'9 0.99 0.94 0.96 .. 0.36 0.34 0.985 0.985 0.92 0.92 
7 0.076 0.077 0.98 0.96 0.88 0.88 
10 0.016 0.016 0.97 0.95 0.85 0.84 

From the simulation results for cells 1-4 and the process conditions within cells 5-7, 
appropriate adjustment-objects would suggest that the pivot-rate k[ce(t)]D should be 
adjusted by a factor of 2. Subsequently, these cells as well as cells 8-10 could be simulated 
by {allowing the same method. From the above it is clear that the comparison is excellent. 

A similar approach must be followed for all other components involved, e.g. in the 
above example galena. pyrrhotite, non-sulphide gangue and water. For each of these an 
associated adjustment-object must be defined. For example, for the gangue under the 
prevailing conditions, the rate of water recovery is a factor a =0.055 of that of the sphalerite 
in cells 1-4, 0.027 in cells 5-10 and for the gangue a = 0.012 for all cells. 

Optimization or a Flotation Circuit 

Once the various simulations have been performed for various flotation scenarios and 
recycle possibilities in order to detennine tbe appropriate separation factors, a linear 
programming model for the valuable element, in this case sphalerite, could be developed 
according to [22]. From Table 1 the separat.ion factor for the sphalerite in the rougher and 
scavenger banks respectively could be detennined to produce the following two constraints: 

o mz.ns 1 ~Yz.ns 1 ~ 11.98 mz.ns 1 , 
o rnz.ns 2 S Yz.ns 2 ~ 3.8 rnZnS 2 
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The constraint for the cleaners, which were grouped here into one bank., could be 
estimated from the given data [2] to be (kinetic data not given for these banks): 

o mZoS 3 ~ yZoS 3 ~ 90 mz.nS 3 

The result of this simulation is the depicted circuit structure (fig. 2) for a maximization 
of the sphalerite recovery. The recovery for this structure is 98.4%. However, if the 
concentrate recycle of the scavenger is forced to report to the rougher, i.e. the structure as 
given by [2], the recovery drops to 98.2%. With a view to determine the grade, a similar 
model can be developed for the other elements in order to minimize their flow for the given 
optimal structure for the sphalerite (see [22]). 

2.04 --> 

Figure 2 Circuit structure and sphalerite flow rates in t/b for 
optimal circuit as produced by the KBS (flow rates t/h) 

< 
0.033< 0.022 

6 
0.160 6, > 

~ 3&4 
0.127 

1. 902 2.007< 
> 

Rougher scavenger Cleaners 

From the above flow rates it is clear that they do not differ much from those given in 
[2] for Experiment 1, despite the difference in structure. 

Fault-DiaenQsis 

In order to illustrate the identification of a process on the basis of its batch flotation 
curve, eq. 5 is applied to the pivot-data of the flotation example [2] for which k=0.11 min-I. 
The integral will produce a value of 9.09. If another curve is compared to this, say with a 
rate constant k=0.16 min-I, the integral produces a value of 6.25, hence a =9.0916.25 = 1.45. 
The search routine will attempt to produce a match for this a and suggest appropriate 
operating conditions. 

If the search rule for cells 1-4 is considered, it is clear that the result for this search 
would be the pivot-conditions as given. However, if the search ranges were to change to 
those given below, the result would have pointed to an increased Zn feed grade of 17.9%: 

and 
and 
and 
then 

Zn recovery is ~72% 
Zn recovery is ~73 % 
Cells 1-4 of rougher bank 
Zn content of feed = 17.9% 

~~lj~llm 
8=1 
etc. 

From the simulation of Experiments 2 and 3 for cells 1-4 [2], it would have become 
clear via the Total %Zn in feed-object that the total Zn feed (fresh & recycle) to the rougher 
has to increase so as to produce the measured recovery. 
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DISCUSSION OF RESULTS 

The simulation of batch and continuous flotation by use of an object-orientated KBS, 
was di.scussed above. Furthermore, it was shown how the data of these simulations could be 
used to optimize a flotation plant and perform fault diagnosis. 

The results of these simulations serve to illustrate the following regarding this 
simulation approach: 

It was shown how a generalized non-linear first order rate equation can be used to 
approximate two different well-known theoretical flotation models. Although not 
shown here, it has been demonstrated that this same equation could be applied to 
accurately simulate leaching. adsorption and pyrometallurgical reduction reactions. 

This form of the rate equation permits the definition of a generalized knowledge 
base which can interact with the rate variable and the final recovery via objects. This 
permits the definition of a well-defined kinetic m6del for any type of reaction under 
consideration, be it leaching, adsorption, reduction or flotation. 

The application of this kinetic model was used to simulate the recovery of sphalerite, 
gangue and water in continuous rougher and scavenger banks by taking the process 
conditions within a cell into consideration. The results in this case were very good. 

Fault-diagnosis/process identification can also be perfonned by utilizing the 
adjustment information a and f3 of the generalized kinetic model. By comparing this 
information to the pivot-data, the model can suggest the possible conditions within 
the reactor under consideration.. 

It was demonstrated how the simulation and process identification activities could be 
integrated with a linear programming optimization model. A circuit was produced 
which gave nearly the same results as the industrial flotation plant, with the 
difference being that the concentrate of the scavenger reports to the cleaner and not 
to the rougher. If this stream is forced to report to the rougher, the recovery drops 
by 02%. 

From the results of the KBS, it is clear that the KBS could render an ill-defIned 
process well-defined, and it is able to perform simulations that standard simulation 
programmes could not perform. 

SYMBOLS USED 

k[ce(t)] 

r 

418 

Concentration in a batch reactor. concentration in stage i and data point n 
of element e respectively. 

Rate variable as a function of ce(t) / min-I 

Mass flow rates pf tailings and concentrate of element e at bank J 
respectively / t h-

Rate of flotation / min-1 
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A KNOWLEDGE BASED SYSTEM FOR THE SIMULATION OF METALLURGICAL 
PLANTS 

by 

M.A. Reuter and J.sJ. van Deventer 

Department.of McL'1l1urgicnl Engineering 
University of Stellenbosch 
Stellenbosch 
7600, South Africa. 

SYNOPSIS 

The application of a knowledge based model for the simulation of metallurgical plants is discussed. Other than 
most knowledge based systems, the model permits the dynamic simulation of metallurgical unit operations. 
Hence, it will be able to control metallurgical plants in a dynamic supervisory capacity. 

As is the case with most knowledge based systems, the model consists o f a data base and a set of rules etc. to 
infer data from the data bank. This heuristic data and concentration-time data are then used to simulate 
carbon-in-pulp balch, counter-cu rrent, fIxed bed column and moving bed column reactors respectively. Results 
produced by the model are given and compared to experimental data. It is also possible to infer operating 
conditions given concentration-time data. 

A discussion of the Turbo Pascal programme, that is currently still being developed by the author, is given with 
reference to the various user interfaces produced by the programme, which include menus, graphs etc .. 
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INTROOUCfION 

In the past number of years Artificial Intelligence concepts have found increased application in various 
Chemical Engineering disciplines. A large portion of these applications focus on fault diagnosis of chemical 
processes and selection of equipment (Bunn et. a/. 1). They discuss various applications of expert systems in 
chemical engineering, whi~h include top~cs such .as ~mergc.ncy j~olati01 contr~1 of ~are systems, pressure relief 
systems and valve sequencmg. In a specIfic applicatIOn, ShlOzaki et. al. uses SIgn dIrected graphs to explain the 
faults which are observed in a chemical system. In another application, Rich et. a/.3 used Artificial Intelligence 
and Knowledge-Based Expert System methodologies to develop a prototype process independent expert system, 
MODEX, which can be used in the automated diagnosis of faults in chemical process plants. 

In ·a paper byStephano polous 4, the use and future of expert systems in Chemical Engineering is discussed. A 
section of the article is devoted to the discussion of the Design Kit which is currently being developed at the 
Laboratory for Intelligent Systems for Process Engineering. This programme is used to develop pr~cess flow 
sheets and the accompanying control-loop structure of complete plants. Not only does the Design Kit focus on 
equation orientated simulat ion, but also on reasoning capabilities, which utilizes heuristic knowledge and other 
qualitative information to help the engineer to justify his selection of equipment, layout etc .. 

Norman et.al.6 discuss the conlrol of a grinding mill by means o f an expe rt syslem. Whereas most norm al 
superviso ry con trol systems make usc of stJte SPJce models, the outpu t o f this system is limited to suggesting 
appropriate cqurses of action, depe ndi ng on the level of plant ope rat ion. A sim ilar approach is followed by 
Inomata et.al . to control reactors. 

From the above discuss ion it would be clear that the principal compo ne nt in an expert system is its knowledge 
base and thg n:odcl that in fe rs data from it. A typical expert system would thell comprise the following 
components, '/lZ. 

a knowledge hase; 

an inference procedure for utilizing the data in the knowledge base; 

a working memory which contains the current input and status of a specific problem being solved, and; 

a user-friendly interface used to communicate with the above three components. 

However, none of these mentioned expert systems include a dynamic state space process model, which permits 
the dynamic control of plants. It is shown in this paper how a general kinetic model is incorporated In a 
knowledge based system to simulate the dynamic behaviour of various continuous carbon-in-pulp systems. 

The various clements of the knowledge based system (still /Lllder developmellt) will be discussed under the 
headings: 

The o\'erall structure; 

Knowldege Based System (KBS), and; 

Mathematical Modelling System (MMS) . 

Each of these headings will be discussed by refering to the user inlerfaces produced by the programme. 

THE OVERALL STRUCTURE 

The programme is controlled via a main menu [rom which eilher the KBS is run or the MMS. These two 
systems communicate via files. Initially the KBS musl be run before the MMS, since appropriate kinetic data 
must be available before the MMS can operate. Figure 1 depicts the main menu. 
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RUUT HEHU FOR IWOWLE1lGE BI\SEO HOUEL1.llIf; Of CUIIT lllllUUS CII HOOll- I H -PU LP SYSTEHS 

_-ROOT HEIIIJ -- •.. __ . _- . _._- -

I 
KNUWLEDGE Ol\SEO Sy:;n:H lKOSj 
HIITlIEHI\TlCIIL HUIlHLIIiG SYSTEH lHHSJ 
EXIT 

-.- -- . . --

Fig. 1 The main pop-up menu for the System . 

The selection of these items lead to menus which conIrol the KBS and the MMS respectively. 

THE KNOWLEDGE BASED SYSTEM 

This system is introduced by a menu depicted by figure 2. 

Fig. 2 

HEIIU FOR EXl'ERT SYSTF.H 

~=======~F.XrEnT SYSTF.H HF.HIJ-=_=_ =.=._= .. =_=. =====~ 
IIDJUST KIHETIC DI\H USIHG TilE OIlTA FnUH TilE ExrERT SYSTEH 
ESTIHATE ~EIICTOR COIiOITIons GIVEH KInETIC DIITA 
EXIT TO HIIIH HEIIU 

The main menu of the KBS. 

rnF.SS < 
<U> UPOIITE 
<E> EDIT 

From this menu two courses may be followed viz. i) the selectiun of concentration-time data for a specific 
carbon-slurry system subject to heuristic information regarding the process and reaction, and ii) secondly, the 
inference of operating conditions, given concentration-time adsorption dala for a specific carbon. 

The first option of the this menu firstly produces the carbon-type mcnu and subsequently the various data 
available for the adsorption in various slurry types. This is depicted by figure 3. 
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HENU FOR EXPERT SYSTEH 

CARBON TYPE 
II Le Carbone C7.10AS 

Extrude Le Carbone C210AS 
Norit Carbon /I 
Brazili Carbon B 
Sutcllf Carbon C 
Sentrac Carbon 0 
Ifaycarb Carbon E 

Carbon F 
Carbon G 
Carhon H 
Carbon I 
Carbon J 
Carbon I\. < ) 

Cltrbon L <U> UPDATE 

I 
Cnrbon H ] <6> EDIT 

INITIALIZE SYSTE Carbon H < ) 

Fig. 3 The selection of carbon-type and sub-type. 

Once these concentration-t ime data have been selected, the appropriate heuristic data for the selected slurry
carbon system is loaded. A menu gives access to these heuristic data, which makes it possible to conduct the 
follov.ing activities: 

editing the dJta, editing menu entries and the heuristic knowledge; 

edit the interaction rules existing between the different data; 

edit the heuristic rules which ef[ect the concentration-time data, and; 

adjust the basic concentration-time data using the heuristic info rmation regarding the reaction. 

These options are all reOected by figure 4. 

MENU FOR EXPERT SYSTEH 

N---------~T=====-==~HAIH HEHU-=======~------"r~======~CARDOH AGE-=======~I"" 
TYPE O~ CAR80H , fRES~ 
CAR80H AGE !I 0 - 2 WEEKS OLD 

8 STIRRIHG SPEED U -2 WEEKS OLD 
C CAn80N 8LINDIHG/ ACTIVITY 2 - 4 WEEKS OLD 
o OXYGEN LEVEL 4 - 6 WEEKS OLD 
E TEHPERATURE 6 - 9 WEEKS OLD 
f pH 9 -) WEEKS OLD 
o CYANIDE CONCENTRATION 
If CATIOHIC STRENGTIf 

II EXIT ;==[ EDIT : < 1 - 2 WEEKS OLD 
. Interaction uith Henu -Itc ~ 

Interaction uith Henu-Itc~ 
I~teraction uith Henil-Item 
Interaction uith Henu-Iten 
Spline: Slope factor 
Spline : Loading Factor 

G 
B 
C 
o 

) J= 
1 . 00000 
1.00000 
1.00000 
1 . 00000 
0 .1 0UOO 
1 . 00000 

< > 
<U> UPDATE 
<E> EDIT 

Fig. 4 The editing of heuristic data and rules, and the adjustment of concentration
time data. 

Exiting from this menu"option results in the saving of all relevant data which is required by the MMS. 

The second menu-option of the KBS leads to data inference section, where possible operating conditions may 
be determined, given concentration data for adsorption in a particular slurry-carbon system. This option is 
illustrated by figure 5. 
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MENU FOR EXPERT SYSTEM 

HArN HENU- :-=o=BhTCIt DATA==-
,y" Of C"'O, I 1. "00"0 0.00000 
IHPORT C- t DATA 0 . 00700 0 . 25000 
IHFER OPERATINO CONDITIOHS 0 . 66700 0 . 50000 
EXIT T ,.--PARAH/\TERS CORRESP HOING TO SELE TEO C-t OATA-- 00 

Has" or Carbon in Reactor (kg) = 0 . 00300 00 
Concentration in Reactor (ppa) = 5 . 70000 00 

,.-TO Carbon Particle ~ i ameter (aa) = 1. 66000 00 
<0> Volume or the Reactor (a3) = 0 . 0025 0 00 
<I> Density or the Carbon (kg/a3) = 465 . 0UOOO 00 
<U> 00 
< > : Hove cur"or in Tabel I 0.16900 4 . 50000 

~ 
SAVE FILE 

~ 
0 . 16600 5 . 00000 1-

Save D"t" File <y/n> 0.14700 5 . 50000 
0 . 13300 6 . 00000 DATE 
U. I0500 7 . 00000 IT 

Fig. 5 Determining the operat ing conditions gIven concentration-time data for a 
carbon-slurry system. 

The M MS system, which runs subservie nt to the KI3S , will be discussed in the next sect ion. 

MATHEMATICAL MODELLING SYSTEM 

After having run the KI3S and subsequently returning to the main-menu, the option that leads to the KBS may 
be selected. This choice leads to the main menu of the MMS and is depicted by figure 6. 

[ KNOWLEDGE BASED SIMUL/\TIOH Of CI P- SY ST EHS 

HAIH HEHU-
BATCIt REACTOR ~ 
COUHTER CURREHT CIP C/\SC/\DES 
CIP ADSORPTION COLUMNS I 

CIP MOVI NG BED COLUMNS 
VIEW / EOlT DAT/\ 
VIEW SPLINE THROUGII O/\TA 
IMPORT DATA 
VIEW REACTOR SYSTEHS 
QUIT SYSTEM 

I PRESS < > • <U> TO UPDATE AND < > TO CONTI HUE I 

Fig. 6 The main pop-up menu for the MMS. 

Eaeh of these menu-options will not be discussed in detail. The modelling options will be discussed by refering 
to various simulation results. 

KINETIC MODEL/ BATCH REACTOR 

VariOlls carbon-in-pul~ kinetic adsorption m~dcl1 arc discussed in the literature e.g .. semi-empirica19, 
adsorption-desorption 0 and branched-pore 1,1 m~dels. A num2er of these models have been 
employed to simulate industrial plants J.3.~ . Menne l 

I Nicol eC al.! (cOllncer currenC cascades) and 
Jansen van Rensburg and Van Deventer ,6 (moving bed and coillmn reaccors) . Most of these models, 
however, have a relatively large number of parameters that have to be estimated in order to fit the data. 
This makes their application cumbersome. As a consequence, a single-parameter kinetic model for the 
adsorption of gold and silver cyanides on activated carbon was proposed17. Contrary to the above
mentioned models, the single parameter is not estimated, but calculated directly frum batch 
concentration-time data by simple algebra. Since concen tration-time data in a data bank form the basis 
from which all predictions origin<!f e, the proposed model is termed a KNOWLEDGE BA SED KINETIC 
MODEL. Refer to Reuter ec.al. l 
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A typical result produced by this kinetic model, having selected the batch reactor option in the main 

menu of the MMS, is depicted in figures 7 and 8. 

I OrBI\~T1~a v ... nl~nl.!\S III ~ DATI:lI nHCTon 1 

5F.I.r.CT ~ _.-.r 

H."" or Carbon ! .. nc"clnr (k~) : 0 . 003UU 
Concentration In PeDctor (rr") : ~. 70000 
Carhon rartiole 01a .. ater (" .. ) : 1 . Dnooo 
VoJUt\" or the "eoctor (-3) : 0 . U0250 
Den" itT or the Carbon ( ~1tI .. ~) : ~O~. ooouo 

["rre"" IT) to C:ontl ''' 'e .. . J 
or ""T otl'~T k~r to exit . 

I pnsss ( " IU ' TO UrOArF. Mill ( ) Ttl CUIITlHUB 

Fig. 7 Menu for the entry of the basic operating conditions. 

ADSORPTION IN A BATCH REACTDR 

LO 

0 . • 

0 . ' ," 
5 0 . " 

C .2 

C . O 
0 . 0 ' . 0 ~2 . 0 .1a .0 2<4.0 30 . 0 

TIME IBO lJRS] 

Fig. 8 Concentration-time curve produced by the MMS in a batch reactor. 

It is clear from figure 8 that the simulated data closely resembles the experimental data. 

CONTINOUS REACTOR SYSTEMS 

From the main menu of the MMS (figure 6), it is clear that continous counter-current stirred tank 
reactors, packed bed adsorption columns and moving bed adsorption columns can be simulated. As for 
the batch reactor, the basic operating conditions may be selected via an appropriate input menu. These 
continuous simulation results are given by figures 9 to 11. Although these results are produced by the 
MMS on the graphics screen as is the case for the batch reactor, the results have been ploued in order 

to compare them to experimental results. 

Another output of the MMS is the loading distribution with time in the reactor systems. This output is 
also produced on the graphics screen. Figure 12 depicts the loading distribution within a moving bed 

column reactor. 
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Fig. 10 

Fig. 11 

7 

.. 
"'FTP:~ 7 C Y C1-ES 

-I 
U .. 
• 

~~ I 
E )C "I!~ T SYS TEM 

S;T .... CE NUMBER 

Comparison of lhe re~ ults produced by the MMS and experimenlal results In 

a counler-current system. 

1 . 0 ~--------------------------________________________ ~~=-________ ~~ I . .... -0 . 0 .... 1 / _ L.. - l .5c:'" 

O. 0 T ~ .... - I . ...... 1 / - L - l~c: ... 

! . .... - 1 . ....... 1 / _ L - Z.5c ... 

=. " j --EX .-£RT SYS T e:M 

o. 'j 
o . e 7" 

~ I 
~ 0 . ' I 

:::r / 
::~ 
0 . 0 

o 10 

TIME CHOUASJ 

Comparison of lhe resullS produced by lhe MMS and experimental results In 

a packed column adsorplion reactor. 

:=t . • EXPERIMENTAL OA TA 

o. _0 T 
-- E X PERT SYSiEM 

• · :::: 1 /1 
~o. ,o /t / I 

":=t /v; /! / i / 
,.oT : V V 
0 .1 0 T 
0 .00 ~~----____________________________________________ ~ ________________ ~ 

o 

TIMe:: CHOURS :: 

'2omparison of the results produced hy the MMS and experimental results In 

a moving bed column reactor. 
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Fig. 12 The loadin~ distriuution in a moving bed column adsorption reactor. 

From the rcsults it is clear that the system is c.1paulc of simulating experimental continuous carbon-in
pulp systems reasonably accurately. 

OTHER ACTIVITIES 

From the main menu it can be seen various other options are also possible. The::;e include the editing 
of the batch concentration data, importing data from other ::;ources e.g. dBASElII, Lotus 1-2-3 and user 
file::;, looking at the spline data produced during the course of the simulation and VIeWIng the 
configuration of the reactor systems. 

Particular details of each simulation and of the kinetic model may be found in the paper by Reuter et.al. 17. 

CONCLUSIONS 

From the above discussion it is clear that the system simulates various continuous carbon-in-pulp adsorption 
systems reasonably well. 

A well defined menu system makes its operation relatively simple. 

The fact that the system can include heuristic knowledge e.g. oxygen level, carbon blinding, ionic strength, 
carbon age etc. during the simulation of continuous carbon-in-pulp systems, makes it superior to other systems 
that implement kinetic models that can only accommodate physical process parameters. 
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KNOWLEDGE BASED SIMULATION AND IDENTIFICATION OF METALLURGICAL 
REACTORS 

M.A. Reuter* and J.S.J. van Deventer 

Department of Metallurgical Engineering, University of Stellenbosch, 7600 Stellenbosch, 
South Africa 

*Institut flir MetallhUttenwesen und Elektrometallurgie, RWTH Aachen, Int:zestral3e 3, 
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Abstract. This paper illustrates the application of a knowledge based system to 
perform fault-diagnosis and dynamic simulation of batch and continuous metallurgical 
and mineral processing systems . The proposed approach is essentially useful to 
simulate ill-defined dynamiC processes where existing fundamental and empirical models 
fall owing to their lack of generallty. The basis of the model is a set (k[C(t)]n' C(tn ). 
t n ) whic h is derived directly from kinetic data or concentration time data of a system of 
continuous stages in series and its associated pivot knowledge. The general.l.zed first 
order kinetic model is defined by use of the above IX!t and linked to a knowledge base 
via adju stment objects containing a (rate) and P (final recovery) adjustment factors. 
This approach permits the dynamic simulation of a variety of metallurgical and mineral 
processing systems at any process conditions catered for by the knowledge base. The 
same set may be used to establish deviations from the pivot conditions quantified as a 
and p values, which hence permits the establishment of process conditions within the 
metallurgical reactor. In contrast with most existing models, no curve-fitting is 
required, as the kinetic model utilises experimental data directly, so that no fitting 
variances are asscx::iated with the data. Also, adjustment factors are defined in an 
intelligent way in the knowledge-based system so as to relate the operating conditions 
to the kinetics of the process under consideration. 

Keywords. Kinetics; batch and continuous simulation; reactor identification; knowledge 
based; neural networks. 

INTRODUCTION 

Schumann (1942) explained that' the kinetic 
behaviour of minerals during flotation will in many 
cases supply worthwhile information regarding the 
process and hence the effect of the various 
process conditions. He also demonstrated that 
changes of process conditions within flotation cells 
have a measurable effect on the flotation response. 
These observations based on the kinetics of the 
process form the basis of the simulation and model 
based diagnostic procedure discussed in th1s 
paper. 

Numeruus models exist to describe the kinetics of 
leaching, flotation, reduction and other processes 
(Sohn and Wadsworth, 1979; Dowling, Kllrnpel and 
Aplan, 1986) . Taking flotation as an example, 
Dowling, Kllrnpel and Aplan (1986) could show that 
the kinetic Ilotation· model based on a first order 
process with a rectangular dist::r1bution was 
superior to thirteen other models. However, by 
fitting this model to the given data, the fitting 
procedure produced a fitted final recovery of 
>100%. Other flotation models performed badly due 
to large confidence limits on the fitted parameters. 
Models for leaching, precipitation, reduction and 
adsorption would exhibit a 6imUar behaviour to 
that of the flotation models when fitted to Idnetlc 
data, unless, however, the kinetic model is an 
exact representation of the process being 
considered. This is usually not the case owing to 
some mixed kinetic mechanism underlying the 
process . 

The large number of models that are aVaJlable for 
defining the kinetics of the above-mentioned 
processes contaln a varying number of parameters. 
When fitted to kinetic data, these parameters are 
determined only within a certain confidence limit 
by fitting procedures. Furthermore, each 
parameter usually lumps various process 

conditions, making a generalized characterization ot" 
the process via these inexact parameters even more 

.difficult. It is dear from the above points that a 
general.l.zed simulation and diagnostic procedure 
cannot be defined on the basis of these diverse 
and inexact models. 

It is hence the objective of th1s paper to develop a 
generalized kinetic model with the following 
charactertstics: (1) it must fit the data exactly (no 
variances), irrespective of the process type, (ll) 
the parameters of the model must be a function of 
all the possible process conditions ( e. g. via 
objects) catered for by the knowledge base, (ill) 
the proposed model and its a=mpanying 
knowledge base must be simple (s2 parameters) 
and must have an analytic solution for batch as 
well as continuous reactor Systems, and (iv) it; 
must fadlltate diagnosis of the process conditions 
within the respective reactors via its one or two 
parameter(s) • 

Various knowledge based systems have been 
developed to perform simulation and diagnostic 
activities in chemical and metallurgical systems 
(e.g. Stephanopolous and others, 1987; Fu.s1llo and 
Powers, 1988; Hoskins and Himmel.blau, 1988; 
Tzounas and others, 1988; Tucker and Lewis, 
1988). Various architectures have been applied in 
the above-mentioned and various other examples 
not mentioned here. These · indude object 
orientated ( e. g • Venkatasubramanian and Rich , 
1988), frame orientated (e.g. Beltramani and 
Motard, 1988), goaHree-success-t:ree (e.g. 
Birkey, McAvoy and Moda:res, 1988) and other 
architectures. The dynamic simulation of ill
defined problems by the use of these techniques 
has, however, found little application in the 
literature. Dalle Molle, Kuipers and Edgar (1988), 
and Kulpers (1984) proposed the use qualitative 
simulation for this purpose. 
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Reuter and Van Deventer (1991a, 1991b) 
demonstrated how a knowledge based system (KBS) 
can be combined with a system of dynamic 
equations to simulate leaching , pyrometallurgical 
reduction, ,resin adsorption, carbon-in-pulp and 
carbon-in-leach systems. The methodology applied 
is based on: independent adjustment objects in an 
hierarchical ' network using backward chalning for 
its solution as for e . g. in EMYCIN (ShortlJife and 
Buchanan , 1975) . No diagn06tic system has really 
attempted to address diagnostics in metallurgical 
reactors on a model basis that includes all possible 
process conditions within a particular unit 
operation via its parameters . Model based 
diagnosis, as it is suggested here, has been 
reported for the diagnosis of electronic d.rcuits 
(Davis, 1984) . 

In contrast to the previous papers by Reuter and 
Van Deventer (1991a, 1991b). this paper will 
demonstrate how a simple analytic model may be 
applied to simulate and diagnose batch and 
continuous metallurgical reactors by applying a 
suitable knowledge base. The incorporation of a 
neural n e twork in t his approach is also discussed. 

KNOWLEDGE BASED MODEL 

The most simple kinetic expression is a first order 
kinetic model. Due to its two possible parameters 
k and the final recovery R it would not be capable 
of describing many proce.sse.s very a=ately. 
However, if k is not a cxmstant but a variable 
e.g. k(C) ........ it ° has been shown-(Reuter and Van 
Deventer, 199Ia&b) that this kinetic expression 
can de.scr1.be a variety of metallurgical processes. 

dC(t)/dt--k[C(tl) ' C(t) (1) 

This definition implies that if the process is first 
order in nature f (C) will be equal to k and for a 
second order process f(C)=k'C, a linear function 
of concentration. If the process is characterized 
by mixed kinetics, f ( C ) is a complex function of 
C . This approach would suggest that k=f( C) is 
reaction specifiC and a "finger-print" of a 
particular reaction, and could hence be used as a 
basis for simulation and diagnostic activities. Note 
that this model is essentially a one-parameter 
model, as k[C(t)) also contains information 
regarding the final recovery Le . where k[C(t)] 
becomes zero. It is hence essential that k[C(t)] 
must cover the process over the full extent of the 
reaction. 

As the approach discussed here attempts to define 
a methodology not based on statistics, the 
definltion of k [C( t) ] should not be based on a ° 

function of various parameters to be fitted. In 
view of this, k[C(t)] was defined as a discrete 
function of C(t). which is a discrete set of 
average values for k[C(t)] and their assoc1ated 
validity ranges, calculated directly from the 
practical kinetic data via eq. 1 in a discretized 
form: 

- 6C(t) 
k[C(t)] • --------- (2) 

6t'C(t)av 

C(t)av is taken to be the arithmetic average 
between two successive data points separated by 
the time interval at. C(t)av could also be taken 
as the geometric mean, but most examples have, 
however, been done by applying eq. 3. Hence, 
for discrete data points, eq . 2 becomes for the 
arithmetic mean (no curve fitting): 

-Z O(C ( t n +1)-C(tn )] 
k[C(t)]n • -----------------

[C(t n + 1)+C(tn )] o6 t 
(3) 

hence 

dC(t)/dt • -k[C(t)ln'C(t) (4) 

where k[C(t))n holds for the interval 
C( tn+l )sC( t b:C( t n ). The process conditions for 
which this set (k[C(t)ln' C(tnl. t n ) of rates is 
determined, are termed the pivot conditions and it 
is postulated that this set remains independent of 
the process conditions, I.e. the kinetic mechanism 
does not change. This definition permits the 
simulation of processeS - in which the kinetic data: 
are not a monotonic decreasing function in time 
I.e. it could be S-shaped for example. An 
example is the induction period in the 
concentration retention time data for the Tennessee 
copper rougher circuit (Dowling, Kllmpel and 
Aplan, 1986). which cannot really be defined by 
the available theoretical models. It is exactly this 
induction period which could have a ded.sive 
influence during diagnosis. 

Equation 4 has an analytic solution for the given 
range: 

(5) 

To summarize: the set ( k (C(t))n' C(tn ). tnl is the 
basis of th e mod el fro m which all other models are 
derived . 

Batch Model 

Any deviation from the pivot conditions is reflected 
by a and 13 values, which are derived from 
appropriate independent adjustment objects or 
adjustment object groups (dependent objects). In 
this instance eq. 4 is rewritten as: 

dC(t) 

dt 

which holds for 

Co-~'[Co-C(tn+l)lsC(t)sCo-~'[Co-C(tn)] 

This expression also has an analytic solUtion, 
which holds for the validity range. 

The discussed batch approach may also be applied 
to continuous reactors if concentration-retention 
time data for a continuous bank are applied to 
simulate these reactors, as was done by Dowling, 
Klimpel and Aplan (1986). This implies that the 
set (k[C(t)]n' C(tn ). tn} is calculated from 
concentration-retention time data for the bank. 

Continuous Model 

This may be defined by appropriate differential 
equations for a microscopic fluid (Reuter and Van 
Deventer, 1991a&b) or by the following expression 
for a mac:roscop1c fluid, which defines the average 
exit concentratiQn for continuous reactors: - Jt

D
+! 0 0 __ 

C.t~ E(t)·erp{-k[C(t)]n·(t-tn)}·dt 
o ~ 

(7) 

This equation may be solved analytically for simple 
E(t) functions , by a Gaussian quadrature (Press 
and others, 1989) or by Euler's mechod: 

(8 >. 

C(~) is calculated via eq. 5 or 6. In these 
equations E(t) represents an arbitrary retention 
time distribution (RTD). which may be a function 
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of dead volume, fraction plug and/or mixed flow, 
number of reactors, retention time etc. 
(Levenspiel, 1972). 

The linear : differential equations for microscopic 
fluids may .also be integrated to produce simple 
analytic sol~tions. 

Basis for Fault Diagnosis 

The basis of the proposed approach is to determine 
by what a and i3 factors the process to be 
diagnosed deviates from the pivot conditions. By 
means of a backward chaining process adjustment 
objects which produce these a and i3 values, are 
determined. The use of neural networks to 
perform the adjustment of a and i3 values, or to 
determine process conditions from given a and Il 
vales, is presently being investigated. 

Batch reactors. The p-factor is determined easily, 
1.e . simply the ratio of the final recoveries , where 
the slopes are zero , The a-factor is determined 
via a tl.me weighed slope integration . Consider in 
dimenslonless form for a first order equation 
(similar for a second order equation) 

(9) 

which has been generalized to 

(10) 

By comparing the tl.me weighed slope l/k iv t of 
the pivot set {lc[C(t)jn' C(tn ). t) to that' of the 
process to be diagnosed, an estl.rnate for the a
factor may be established from the ratio of the 
tl.me weighted slopes integration, I.E!. a=k'/l<pivot. 
For second order p~ this ratio also 
approaches k'/l<..plvot for t=- and for third order it 
approaches (k'/Kpivot) 2. For reactl.ons of order ; 
the :reSult of the tl.me weighted integral is also 
1/l<' . The tl.me weighted slope l/l<pi'{ot for the 
pivot data i.e also an ID-tag for the aata, which 
can hence be applied to identify ore types etc. 
from the kinetic data and its associated pivot data. 
It Is clear that this approach can also be uS<!d to 
determine the reaction mechanism for unknown 
reactions if an extensive data base i.e avatlable. 

If the batch simulation approach Is used to 
simulate continuous reactors, the above method 
may also be applied to diagnose continuous reactor 
banks. 

Continuous reactors. If the process Is considered 
to have ma=scop1c fluid properties a similar 
integration as that demonstrated by eq. 9 may be 
performed for continuous reactors. 

where 

E(t)-(I/T) '(V/Vm) ' exp[-(VfVm)' (t/T-VpfV)] 
or any other suitable function 

(11) 

For N Ideal continuous reactors in series (V p=O). 
each with a mean retention tl.me l: and 
accommodating a first order reactl.on with a final 
recovery R, the above integration would produce 

C-(l-R)+[R/(l+k' 'T)]II (12) 

Hence, given a spec!f1c RTD for a continuous 
reactor system, Rand k' values calculated from 

plant data may be compared to the Rni ot and 
k'pivot values at the pivot data, from wlfi~ a and 
i3 values, and hence appropriate operating 
conditions may be estI.rnated directly. 

Knowledge Base 

Details of the knowledge base are too lengthy to 
discuss here. It suffices to say that the 
knowledge is represented in an hierarchical 
network, the top end (super-class) represents the 
system being considered and the bottom end the 
Independent adjustment factors mentioned above. 
These may be of a regression type, I.e. permitting 
the definition of the Arrhenius equation and 
fundamental correlations such as Sh=f(Sc, Re) or of 
a factor_~~.:~:_'<l of n possible): 

PROPERTY [Ha-jar~a1 tel 
SUB-PROPERTY 100kg/m 
n-l IHTERACTIOH 
l'ACTORS 
SLOPE fACTOR 
RECOVERY !'ACTOR 
COST fACTOR 

: 1 
0-0,39 
~-1 

: 1 

This adjustment object indicates that the rate 
decreases by a factor of 0.39 if the Na-~te 
seed concentration has a value of lOOkg/m (see 
Table 8), For this same example the adjustment 
rule, constructed from the pivot adjustment 
objects, may be written as: 

if 
and 
and 
and 
and 
and 
and 
and 
then 

Ha-jaroaite precipitation (CLASS) 
Diajinguiahin~ property (SUB-CLASS) 
[Fe +]-30kg~ .. 
[Ha+]-8kg/m 
[Zn2+j_l00kg/m3 

[H 2S04 j-30kg/m3 

[Ha-jaroaitej-300kg/m3 

temperature is 95°C 
a-I 
fl-l 
cost factor-l 

These and other objects are grouped into a larger 
object, the pivot object, defined for each data set. 
A neural network based architecture is cu.rrently 
being considered in addition to the adjustment 
object approach. 

Summary 

The strength of the approach discussed in this 
paper i.e that it applies the same slope
concentration data set {\c[C( t) In. C( t n). C( t ll+1 )} 
to perform simulation and diagnosis in both .batch 
and continuous processes. 

VALIDATION OF THE KNOWLEDGE 
BASED MODEL 

The various models discu.ssed in the previous 
section will be validated by comparing the results 
with theoretical values. The kinetic data in 
column lea) of · all tables and its assodated 
knowledge refer to the pivot object. In the 
theoretical examples knowledge is not included. 
Also consult Reuter and Van Deventer (1991a&b) 
for a variety of other practical and theoretical 
examples of batch processes . 

Batch react:onJ 

Two theoretical examples will be given in this 
section viz . : a first order flotation model with a 
redan gular d1st::rlbution of rate const:an ts ( Tables 
I and 2) and a second order rate equation (Tables 
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) and 4). Co is 1 in both examples. Table 1 and 
) give the respective slopes calculated for each 
example via eq. ) ( & geometric mean) and Tables 2 
and 4 give the results produced for various 
adjustment factors via equations 4 to 6. 

TABLEl 

TABLE2 

TABLE) 

Summary of the calculated . k[C(t}]n 
values according to eg . ) , using the 
data in column l(a) in Table 2. 

Colm 1(11 ot T~~le 2 
C/Co,H' {I'{l-e' tllk'tl 

C Raage k{C(tll a tIdal 

1.0000 to 0.'507 o.m 0.000·0.102 
O. '507 to 0.9046 o.m 0. 102·0.201 
0.9016 to 0.1615 o.m 0.20H.306 

etc. etc . etc . 
.... to 0.0000 0.000 

Columns ( a): Concentration-time data 
from the given model and Rand k 
values. Columns (b) a=rding to ego 
4-6. 

(I) : C/Co' I-R · (l·( I-e·k't) /k'tl (bl: Sq. 4 - 6 

R , k 1.0 , 1.0/.ID 0.5 , O.l/da 0.1 , Uilia , , . 1.0 , \.0 0.5 , 0.1 0.1' 1.0 

t(lia) I(a) I (b) 2(al 2(bl J(a) 3(bl 

0.00 1.000 1.000 1.000 1.000 1.000 1.000 
0.50 0.787 0.787 o.m 0.988 0.913 0.913 
1.00 0.631 0.633 0.916 o.m o.m o.m 
2.00 o.m 0.03 o.m o.m UlJ o.m 
1.00 o.m 0.1l6 o.m o.m o.m 0.906 
6.00 0.166 0. 166 0.376 0.876 0.901 0.904 
.. .. .. .. .. .. . . 

Summary of the Calculated k[C(tll n 
values according to ego ) (& geometric 
mean), using the data in column 1(a) 
in Table 4 . 

Col ... I(a) of Table I 
CICo' I f( IICo ' k" t) 

C Rlage 1(C(tlla k{C(tlla t(lla} 
ulthl . geooetr tIdal 

1.00 to 0. 66 16.000 16.130 0·0.025 
0." to 0.50 11.m 11.541 -0.050 
0.50 to 0.10 usa UH ·0 .075 
0,(0 to 0. 33 7.m 7.30] -0.100 
0.33 to O.l! USI 6.\72 -0.125 

etc. ttc. ttc. ttc . 
. .•• to 0.00 0.00 0.00 

In each of the examples a good correspondence is 
achieved between theoretical and approximate 
models. "For the geometric mean the 
correspondence appears to be much better which 
permits a larger at to be taken . From the first 
slope in Table ) calculated via eq. ) it is clear 
that k(C(t)]n=16=19.2·C for this interval 
(O.66sCs1), and for the geometric mean 
k[C(t)]n=20 ' 1, which is an exact approximation , 
since =-20C is the second order equation for 
these kinetic pivot data. 

TABLE4 Columns (a): Concentration-time data 
from. the given model and k values. 
Columns (b) a=rding to eg. 4-6 . 
Columns (c) using geometric mean. 

(II: C/Co,If(IICo·k, ·t) (b , cl: lq . I • 6 

i'/lia 20.0 10 .0 1.00 
1 1.0 0.5 0.05 

t(llal I(al I(bl I(cl 2(al 2(bl 2(cl 3(al 3(bl 3(cl 

0.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 
0.025 0.666 0.670 0.615 0.800 O.1ll O.US 0.916 0.980 o.m 
0.050 0.500 0.150 o.m 0.666 0.670 0.666 0.951 0.961 0.!60 
.. .. .. .. .. . . . . .. .. .. 

USO 0.250 0.225 o.m 0. 100 0.381 OJ" 0.170 0.187 UU 
0.175 0.222 0.200 0.221 0.364 O.llI OJ6] 0,151 0.169 0.167 
.. .. .. . . .. .. . . .. .. . . 

6.225 0.008 0.008 0.008 0.01i 0.016 0.01i o.m o.m o.m 
6.150 0.008 0.008 0. 008 0.016 0.0 Ii 0.016 o.m 0.138 0.138 
.. .. .. .. .. .. .. . . .. .. 

200.00 0.000 0.000 0.000 0.001 0.001 0.001 0.005 0.005 0.005 

It is · ·· clear from the above examples that no 
vanances exist in a and 13 values, that the 
slmulation is almost e xact and that no fitting is 
performed, which are the proposed criteria for an 
appropriate kinetic model for use in a model based 
diagnostic approach . 

Continuous reactors 

In this section continuous reactors will be 
simulated by following a ma=pic fluid 
approach. In each case the theoretical eq. 11 is 
compared to the results produced by the 
approximate eq. 7. To calculate the slope data 
set, eq. 3 was applied throughout to produce the 
results summarized in Tables 5 and 6. It is claar 
from the previous examples that a geometric mean 

_ would have produced more acx:::urate results. 
However, in most cases , the correspondence is 
adequate. The integration was performed by a 15 
point Gaussian Quadrature (Press and others, 
1989). Note that the top integration limit was not 
taken to be infinity. The given top limit was 
sufficient to calculate the average concentration 
from a continuous reactor for both the first and 
the second order processes . Note, however, the 
small variations in the answers for the second 
order proc:esSes when the top l1m1t changes from 20 
to 10 in Tables 5 and 6 respectively. The given 
theoretical solution for the second Qr~~ process is 
calculated via (l/kt) ' e l - jK't) ' E1(1/k1:) 
(Levensple1, 1972; EiEerror integral). 

TA8LE5 Comparison of eq. 7 and 11 subject to 
different parameters for the respective 
kinetic and RTDs. C(m:1 is cal~ted 
from the given kine models and 
k(C(tlln from these respective data 
(Integration l1m1t::s 0 and 20) • 

Iqutlol 114 parutter, tot I/(htl 1/(1IStl I/(ltIOtl 
l:l;"I;Co,1 u4 6:0 .1 

t,1 (theoretical I 0.J679 0.5000 0.1161 0.0909 
Iq.S t,l (lpproI.1 o.Jm 0.5000 0.1661 0.0909 

!q.ll t:l:\1.0:~:0.0 0.3J33 O.Hll 0.2002 0. 1261 
iq.7 t· 2, ' •. 1.0, p.O . O 0.3m 0.1616 0.2025 D.lJ20 
Theoretical o.m] 0.1617 0.20H 0.1297 

Kq.ll t:2;\0 . 3:~:0 . 2 0.2573 0.1075 0.1357 O.OHa 
!q .7 t·l ' •. 0.8, p.0.2 0.l578 0.1075 O.m3 o.oH9 

!q.ll t'2;'"'0.5;~'0 . S 0.1839 0.3m 0. 1052 o .OSS! 
Iq .7 t,l '.,0.5; p,O.S 0. Ul9 OJ61l 0.1052 0.0519 

.. 
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TABLE6 Comparison of eg. 7 and- fCsiiblect to 
different parameters for the. respective 
kinetic and RTDs. By applying the 
data from column Ha) of Table 4 as 
:plvot to calculate k[C(t)]w-9~y 
be calculated by eg. 6 (Integration 
limits 0 and 10)_ 

Eqaattoa lad parneters 1/(l120t) 1f(1I5t) 1/(llt) 
Co:l; ,d; 6:0.01 1:1 4:0.15 4:0.05 

t:1 (Tbmettcil) 0.0116 0.1667 0.5000 
Eq.5 t:1 (ApproI.) 0.002 0.1651 o.lm 

Eq . 11 1:2;V.:1.0;Yp:0.0 0.0186 0.2012 o.m, 
!q.7 1=2;'.=I.O;Vp=0.0 0.0790 0. 1986 um 
Tbeoreticil 0.0803 0.2011 0. 4617 

Eq . l1 1:2;'.:O .I;Vp,O .l 0.0395 0. m7 0.4073 
Sq.7 1=2 V. =0.8;Vp,O .2 0.0390 0.1lI' 0.1065 

8q . 11 1,2;V"O .5;Vp,O.5 0.0281 0.1052 0.361l 
8q .7 l:l V"O .5;Vp=0 .5 0.0286 o.t046 0.3610 

Application to practical data 

Both examples discussed In this section were taken 
from the zinc hydrometallurgy. 

Zinc-ferrite leaching. The data for this example 
were taken from Rastas and others (1979), who 
could' describe these data by reaction controlled 
shrinking core model. The model applied by 
Rastas and others was a reaction controlled 
shrinking core model. As may be seen from Table 
7 the co=espondence Is very good_ Also note the 
use of adjustment factors and their associated 
objects, e.g. for column 2 the temperature object 
would be (assuming only two objects viz. 
temperature and [H 2S04]): 

PROPERTY 
SUB-PROPERTY 
1 INTERACTION 
FACTOR 

Temperature 
8SoC ' 

SLOPE FACTOR a-0.75 
RECOVERY PACTOR ~-1 

COST PACTOR 1 

TABLE7 Conversion-time data for No 4 Zinc
ferrite (Rastas and others, 1979). 
Data in column l(a) was used to 
determine k[C(t}]n by ego 3, and to 
predict values in columns (b) 
a=rding to ego 4-6. 

(I): Dltl Ira. Ristos lDd otben (bl: lq. I - 6 

mOT 
°c ,soc 150C 7Soe ,soc ,soc 

[12S0
1
1 3019/.3 30k9/.3 30k9/.3 SOk9/.3 ISk9/.3 

a , 1.0 , 1.0 o.m 1.0 o.m 1.0 l.9'1.0 0.3 , 1.0 

t{.111 1(1) l(b) 2(1) l{b) 3{11 3(b) 1(1) I(b) 5(1) SIb) 

0.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
0. 40 UI 0.14 UI 0.81 OJ3 U3 0.72 0.72 US US 
1.00 US 0.65 0.13 0.73 0.12 0.1l 0.13 0.15 0.88 0.81 
3.00 0.30 0.30 0.3, 0.3, 0.56 0.51 O.1l 0.13 0.61 0.61 
5.50 0.15 0.15 0.11 0.10 0.37 O.ll 0.01 0.05 0.19 0.19 
7.00 0. 10 0.10 -- -- -- -- -- -- -- --

16.00 0.016 0.016 -- -- -- -- -- -- -- . -
25 .00 0.001 0.001 -- -- -- -- -- -- -- --
51.00 0.000 0.000 -- -- -- -- . - _ . -. .-

Jaros1te precipitation. The exarnp~e being 
discussed here Is the precipitation of Fe + as Na
jarosite (Rastas and others, 1979): 

The kinetics of this reaction are affected by a 
variety of factors which indude the temperature, 
the concen~tion of the Na-jaros1te seed, 
[H2S04]' [Fe +] and the [Na+]. The reaction 
kinetics for this reaction have been represented by 
a variety of complex models, e. g. : 

dFe3+/dt--k(T) [Pe3+ja[Na+jb[Na-jarositejC(HzS04 jd 
(Rastas and others, 1979) 

or 

dPe3+/dt __ {k1[Pe3+jZ[Na+j1/Z_kZ[HZS04j1/4} 
(Wang Qian-kun and others, 1985) 

From the results in Table 8 it Is dear that the 
proposed simple kinetic model and its assoc1ated 
knowledge base can produce the same and better 
results as the rather complex and semi-empirical 
multi-parameter kinetic models given above. To 
predict the data in column 3(b) of Table 8 during 
simulation, appropriate adjustment objects would 
produce the following adjustment rule: 

if 
and 
and 
and 
and 
and 
and 
and 
then 

TABLE8 

Na-jarosite precipitation (CLASS) 
Dist1nguiShln~ property (SUB-CLASS) 
[fe3+j-30kg~m 
[Na+j-8kg/m 
[Zn 2+j_100kg/m3 

[H ZS04 j-30kg/m3 

[Na-jarositej-100kg/m3 

temperature 1s 8SoC 
a-1·1 · 1·1·0.39·0.39-0.152 
~-1'1'1'1 ' 1'1-1 

cost factor-1 

Na-Jarosite precipitation-time data 
(Rastas and others, 1979). Data in 
column l( a) were used to determine 
kfC(tl]n by eg. 3 and used to predict 
values in columns (b) a=rding to ego 
4-6. 

(a): Dati Iro. Ruto, and otbers (b): !q. I - i 

mOT 
°c ,soc ,soc Isoe 7Soe ,soc 

(h·ju] lOOk9/.3 100k9/.3 100k9/.3 IOOk9/.3 20k9/.3 
4 , , 1.0 , 1.0 o.m 1.0 o.m 1.0 o.osm.o o.olm.o 

t(lla) I{I) I(b) 1(1) 2{b) 3(11 3(b) 4(1) I{b) 5(a) 5(b) 

0.00 30.0 lO.O lO.O lO.O 30.0 30 .0 lO.O 30.0 30.0 30.0 
0.50 21.9 21.9 28.1 27 .! 19.1 29.1 19.7 19.7 29.6 29.5 
1.00 21.7 21.7 26.1 15.! 11.1 21.3 29.1 19.1 19.2 29.1 
2.00 17.4 17.1 13.6 2U 27.0 26.1 21.1 21.1 21.5 21.1 
1.00 IU IU 19.6 I!.l 11.6 24.1 11.1 1U 26.8 26.4 
1.00 !.7 '.1 15 .1 15.l 21.1 21.5 16.1 16.0 21.5 24.1 

15.00 U 6.2 10.6 10.7 16.1 IU 21.1 21.1 I! .0 20.3 
25.00 4.1 4.1 7.1 1.0 13.1 13.3 U.I 20.0 11.1 16.1 

FAULT DIAGNOSIS 

Diagnosis in this paper is taken to imply the 
detection of faults within the respective unit 
operations, i.e. deviations from process conditions 
within metallurgical reactors. Fault-diagnosis is 
discussed under three headings viz. the 
Identif1cation of a class and su~ of a meta 
class and fault-d!.agnosis in batch and continuous 
reactors respectively . 

Ident:1f1cation of a class and sub-class of a meta
dass. This method Is based on comparing the 
final recovery and time-weighted slope of kinetic 
data of an as yet unknown class to those avallable 
in the knowledge base. This permits the 
Ident:1f1cation of the unknown class. If the batch 
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flotation kinetic data are given, the possible ore 
body and possible flotation conditions could be 
established for a meta-dass, 1.e. for example the 
flotation for a specific plant or ore body. If the 
knowledge base is constructed consisting only of 
pivot objects (no adjustment objects), . the above 
process cot¥d also be applied to perform process 
identification Le. the pivot conditions, associated 
final recovery and time weighted slope data define 
both batch and continuous (C-retention time data) 
processes. 

Identification of the Process conditions within a 
batch reactor. Consider the data in columns lea) 
and 2(a) of Table 4. The theoretical time 
weighted slope for these respective columns are 
0.1281 and 0.2561 which implies a=O. 5. . Since the 
final recovery is 100% in both cases, i3 is equal to 
I (13=100%/100%) . The inference engine would 
hence attempt to establish which process conditions 
would produce the given adjustment factors. The 
practical data summarized in Tables 7 and 8 could 
not be applied here as the data do not cover the 
process up to the final recovery and precipitation 
respectiveiy. 

Identification of the process conditions within a 
continuous reactor. Two methods will be pointed 
out in this section. A third possible method based 
on a mi=oscopic fluid approach is discussed by 
Reuter and~an Deventer (1991b) . 

Method 1 applies equation 9 and 10 as for batch 
processes, to describe the kinetics of the flotation 
bank as a whole. This approach implies that the 
pivot objects are defined a=rding1y 1.e. they do 
not include batch kinetic data but contain 
concentration-retention time (or stage number) 
data. All adjustment objects are defined 
a=rdingly with reference to these data . One 
would obviously not be able to perform process 
identification of batch cells with these data, hence 
forfeiting generality. This method is hence 
identical to that discussed previou'sly for batch 
reactors. 

Whereas the batch fault-diagnosis procedure as 
applied in method 1 applies eq. 9 or 10 to 
determine an estimate of a, equations 7 or 8 and 
12 are applied as the basis of diagnostic procedure 
for method 2. This implies that batch kinetic data 
form the basis of this method. 

It has already been stated that for a first order 
rate equation and an ideal retention time 
distribution (V m=l) the solution of equation 11 is 
1/(1+k·1:). A meta-rule based on this equation has 
been given above (eq. 12) for estimating a and i3 
values. If the solution for the kinetic data 
represented by e-t are used to solve equation 7 or 
11, a result of Cav=0.333 is produ~d for V m=1 
and 1:=2. For the kinetic model e- t this result 
would be C v=O . 2. It is a trivial exerd.se to work 
backwards trom the given Cav values, via equation 
12, to obtain the respective rates of 1 and 2 for 
1:=2. This would imply that a is equal to 2 with 
reference to the pivot value of k=1. It is obvious 
that the meta-rule eq. 12 can only produce an 
exact value for a if the process has first: order 
kinetits. The meta-rule can, however, give an 
estimate for an initial a value which can be refined 
by a subsequent iterative procedure. Since the 
solution of equation 7 is rapid, this iterative 
procedure is fast. As an example consider the 
data for 1:=2 and V m=l . in Table 5 fo~ the three 
second order equations. If the data for the 
second order equation l/(l+t) are taken as the 
pivot, . the follOwing three a-values could be 
estimated, viz. 1, 3.4 and 5.9 for the given 
integration limits from 0 to 20 : From these data 
the process conditions · can subsequently be 
estimated. The theoretical a values are 1, 5 and 
10 respectively for 13=1. 

DISCUSSION AND SIGNIFICANCE 

A simple generalized approach was discussed that 
permits both the dynamic simulation of batch and 
continuous processes . The basis is process 
independent and has been applied to simulate 
adsorption , leaching, reduction, precipitation and 
flotation processes . The same basis has been 
shown to permit diagnosis of batch as well as 
continuous processes. 

The above aspects are possible since the proposed 
kinetic model gives an exact des=iption of the 
.above mentioned processes without forfeiting 
accuracy due to curve fitting. The 'one 
parameter' model is well sulted for manipulation by 
adjustment factors in an object architecture. At 
present a neural network architecture is being 
investigated to relate the adjustment factors a and 
13 respectively to process conditions. 
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Abstract-This paper illustrates the application of a generalized neural-net kinetic rate equation to perform 
identification of the process conditions and dynamic simulation of batch and continuous metallurgical and 
mineral processing systems. The proposed approach is useful essentially to simulatc ill-defined dynamic 
processcs where the existing fundamental and empirical models fail owing to their lack of generality. Thc 
basis of the kinetic rate equation is a set {k(C)., C.,t.} which is derivcd directly from batch reactor 
concentration-time data or conccntration-mean-residence-time kinetic data of a system of continuous 
stages in series and its associated pivot process conditions. The generalized kinetic rate cquation is defmed 
by using the above sct and linked to a trained neural net via adjustment factors a (for adjusting the ratc) and 
{I (for adjusting thc final recovery), which relatc the process conditions within thc reactor to the kinetics of 
the process undcr considcration. This approach permits the dynamic simulation of a variety of mctallurgi
cal and mineral processing systems at any process conditions catered for by the traincd neural net. The 
same set of kinetic data may also be used to establish deviations from the pivot conditions quantified as 
a and fJ values. Conversely, these a and fJ values permit the identification of process conditions within the 
reactor, which could be used in process identification. In contrast to most of .the existing models, no 
curve-fitting is required, as the kinetic rate equation utilizes experimental data directly. A number of 
theoretical. mineral processing and hydrometallurgical case studies are used to demonstrate the applicabil
ity of the generalized neural-net kinetic rate equation. 

INTRODUCfION 

Schumann (1942) explained that the kinetic behaviour 
of minerals during flotation will in many cases supply 
worthwhile information regarding the process and, 
hence, the effect of the various process conditions. He 
also demonstrated that changes of process conditions 
within flotation cells have a measurable effect on the 
flotation response. These observations based on the 
kinetics of the process form the basis of the simulation 
and model-based identification procedure discussed 
in this paper. 

Numerous models exist to describe the kinetics of 
leaching. flotation, reduction and other processes 
(Sohn and Wadsworth, 1979; Dowling eL al., 1986). 
Taking flotation as an example, Dowling eL al. (1986) 
showed that the kinetic flotation model based on 
a first-order process for which the rate is a rectangular 
distribution of rate constants was superior to 13 other 
models. However, by fitting this kinetic model to the 
given data, the least-squares fitting procedure pro
duced a fitted final recovery of > 100%. Other flota
tion models performed badly owing to a large confi
dence limits on the fitted parameters. The models for 
leaching, precipitation, reduction and adsorption 
would exhibit similar behaviour, unless, however, the 
kinetic model is an exact representation of the process 
being considered. This is usually not the case owing to 

the complex kinetic mechanism underlying most of 
these processes. 

The large number of, in some cases inexact, kinetic 
models that are available for defining the kinetics of 
metallurgical and flotation processes make a general
ized kinetic modelling approach hardly possible. Bas
ing reactor simulations on such inexact flotation 
models, for example, is also not an ideal situation. As 
an atempt to improve the accuracy of kinetic model
ling. Reuter and van Deventer (1991) demonstrated 
how the same generalized kinetic rate equation may 
be used to model the kinetics of leaching, pyrometal
lurgical reduction. resin adsorption, carbon-in-pulp 
and carbon-in-leach systems very accurately. Con
trary to the published flotation models, which can 
produce fitted recoveries of > 100% (Dowling eL al., 
1986), final recoveries, which are in total agreement 
with the kinetic data. are produced by the generalized 
kinetic rate equation. 

As has been shown by Lynch et al. (1981), the 
parameters of a three-parameter kinetic flotation 
model can be related to the reagent levels within the 
flotation cel1 via a regression correlation. If a general
ized approach is not opted for, it would mean that 
a regression equation, which relates the process condi
tions within the flotation cell, would have to be de
fined for each flotation model. A generalized kinetic 
rate equation, on the other hand, would permit the 
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definition of one regression equation only. This was 
done by Reuter and van Deventer (1991) using a gen
eralized object-orientated knowledge-based methodo
logy, based on independent adjustment objects in an 
hierarchical network. A backward-<:haining method 
(Shortliffe and Buchanan, 1975) was used to adjust the 
kinetic parameters of the generalized kinetic rate 
equation. If suitable mass balance equations, with 
their parameters such as the mean residence time, etc., 
are used in conjunction with the generalized kinetic 
rate equation and associated knowledge base, con
tinuous stirred-tank (CSTR) and plug-flow reactors 
can be simulated (Reuter and van Deventer, 1991). 

A limitation of the object-orientated architecture is 
the large knowledge base and the accompanying rules 
which are necessary to describe a particular system. In 
the present paper it will be demonstrated how 
a trained neural net (NN) can be used to replace the 
mentioned object-orientated knowledge base, so as to 
relate the process conditions to the parameters of the 
generalized kinetic rate equation. This NN approach 
gives a more compact and generalized knowledge 
representation than the object-orientated approach 
and also includes the interesting features of NNs, i.e. 
their ability to approximate any functional relation
ship. A regression approach could have been adopted; 
however, the selection of an appropriate general re
gression equation would be problematic. The ability 
of a neural net to approximate any functional rela
tionship makes the selection of a suitable regression 
equation for a particular application unnecessary. 

NNs are inherently parallel and have the capability 
to learn non-linear relationships, which may exist 
between a set of inputs and outputs (Hornik eC al., 
1989). Asa modelling tool, neural nets have already 
been applied to models and simulate various chemical 
reactors by multilayer feedforward nets (Bhat eC al., 
1990). Reuter ec al. (1992) used neural nets to model 
slag-metal equilibrium processes in pyrometallurgical 
reactors. Bhat and McA voy (1990) also used a feedfor
ward NN (back propagation learning) to control the 
pH in a CSTR. Ungar eC al. (1990) discuss the use of 
linear adaptive networks for the diagnosis of a simple 
CSTR and the control of a bioreactor. These authors, 
however, point out that the limitations of these nets 
are their slow learning (large number of iterations 
before convergence), rapid forgetting (due to seldom
seen input-output pairs) and the lack of first-prin
ciples knowledge. Further applications of NNs to 
process diagnosis have been reported by Hoskins eC 

al. (1991), who diagnosed a process using two hidden 
layers in the NN, and Hoskins and Himmelblau 
(1988), who diagnosed CSTRs. Watanabe eC al. (1989) 
propose a two-stage feedforward NN (backpropa
gation learning) architecture, each stage with one 
hidden layer for the diagnosis of chemical processes. 
Venkatasubramanian et al. (1990) discuss the applica
tion of multilayer feedforward NNs (backpropagation 
learning) to the fault diagnosis of a reactor and a reac
tor-distil\atio~-column arrangement. These authors 
analysed the learning, recall and generalization char-

acteristics of various NN topologies, i.e. hidden layers, 
and hidden nodes, and found that the NNs could 
diagnose correctly for a variety of case studies. 

Venkatasubramanian et al. (1990) also point out 
that NNs cannot give reasons for their diagnoses as 
expert systems are able to do, while Ungar et al. (1990) 
point to the black box nature of these NNs. By includ
ing a generalized kinetic rate equation at the output 
side of a NN when simulating a reactor, first-prin
ciples knowledge in the form of an equation may be 
included in the NN-architecture, rendering the NN 
less of a black box, the aim of this paper. This union of 
a generalized kinetic rate equation and the NN per
mits the simulation of batch, plug-flow and mixed
flow reactors at all chemical and physical process 
conditions catered for by the NN as well as the flow 
conditions catered for by the mass balance equations. 

The trained-neural-net equation and the general
ized kinetic rate equation together form a large source 
of knowledge regarding a specific process. It will also 
be shown how this knowledge may be used to identify 
the process conditions within both batch reactors and 
mixed-flow reactors. The identification process im
plied here refers to establishing the reagent levels, 
stirring speeds, temperature, pulp densities, pH, par
ticle size, etc., and their effects on the kinetics within 
the reactor and not fault diagnosis in the macroscopic 
sense, such as identifying pumps not functioning, high 
liquid levels in reactors, etc. 

OVERALL ARCHITECTURE 

In the proposed approach an architecture is 
adopted in which one set of concentration-time data 
and the corresponding process conditions form the 
pivot on which all further predictions are based. This 
data set is, therefore, called the pivot data set. Any 
deviation in the process conditions are quantified as 
non-unit and larger-than-zero adjustment factors, 
which adjust the rate and the final recovery of the 
proposed generalized kinetic model. 

Illustrative example 

The architecture is best explained by an illustrative 
example, which is based on a simple first-order kinetic 
model C = 1 - R (1 - e- l

·,). In the proposed archi
tecture Rand k' are determined from the pivot kinetic 
C-c data and these, together with the accompanying 
process conditions, e.g. reagent levels, temperature, 
pH, pulp density, particle size, etc., are termed the 
pivot data. If the process conditions deviate from the 
pivot process conditions, k' and R change, the change 
being quantified as the adjustmelit factors IX and fl. 
These adjustment factors modify the above simple 
kinetic model to C = 1 - flR(1 - e-cz.t·,), which im
plies that IX = I and fl = 1 for the pivot data. 

The meaning of an adjustment factor, IX, is clarified 
by the following two examples: 

- If To is the pivot temperature of the above reac
tion. for example, the rate k' would have to be 
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adjusted by the amount o: =exp[-(EI R) 
x (liT - l(To)] for an arbitrary temperature 
T according to the Arrhenius equation. 

- If a relationship such as Sir = !(Sc, Re) is 
available for defining mixing (Coulson and 
Richardson, 1978; Oldshue, 1983),0: may be ad
justed as a function of Sh, e.g. 0: = !(SIt)/!(Sltflivot). 

For real metallurgical and flotation processes, how
ever, matters are more complicated, and 0: is mostly 
a complex function of a variety of process conditions. 
This complex function will be defined by a trained 
neural net. Similarly, changes in the process condi
tions may modify the final recovery from Rflivot to R. 
The measure of this change is fI = R/ Rfl ivot, which is 
also a complex function of the process co nditions 
within real reactors. 

For identifying process conditions wi thin the reac
to r, the reverse procedure is fo llowed. F rom the a bove 
illustrat ive example it is clear that if 0: is known from 
the C-l da ta, T may be de termined via the above 
Arrhenius equa tion since To, a pivo t process condi
tion, is also known. In the proposed a rchitecture the 
relationship between 0: and Ii, a nd the process condi
tions, is defined by a trained neura l ne t. 

Figure I formalizes the above di scussio n and gives 
a generalized algorithm of the proposed simulation 
and identification activities. Fo r simul ation purposes, 
a trained neural net forms the front end of a general
ized kinetic rate equation, i.e. it is used to adjust the 
kinetic parameters of a generalized kinetic rate equa
tion via 0: and f3 adjustment factors as a functi o n of the 
process conditions. In conjunction with suitable mass 
balance equations, reactor simulation may sub
sequently be performed. For identification purposes, 

the generalized kinetic rate equation may be used to 
produce the input (0: and f3 adjustment factors) to 
a neural net, which may subsequently be used to 
identify the process conditions within the reactor. 

The algorithm for training a neural net with appro
priate ct, f3 and process conditions data sets for simula
tion and identification activities is also depicted in 
Fig. 1. M ore details on this activity will be given 
below. 

Neural nelS 

Before more details on the type of neural nets 
implemented in the proposed architecture is gIven, 
a short overview of the theory is given. 

Lippmann (1987) discussed vario us NN topo
logies such as Hopfield nets, Hamming nets, 
Ca rpenter-G rossberg classifiers, etc. For the purpose 
of this paper, the app lied mu lt ilayer feedfo rward NNs 
a re no t trai ned by back propaga tio n using the general
ized delt:.! rule (Rumelhart e( ill., 19S6), but by a con
juga te-gradient opti mization (Powell, 1977) procedure 
proposed by Ba rna rd a nd Cole (19S9). Acco rdin g to 
these authors, the heuristic algo rithms fo r choos ing 
the learning ra te a nd momentum term (pa rameters in 
the GDR algorith m) cannot compete with optim ized 
conjugate-gradient training as fa r as speed and ro
bustness are concerned. This improvement attempts 
to bridge the criticism of Ungar el al. (1990) given in 
the introduction, concerning the speed of conver
gence. 

The multilayer feedforward nets that will be trained 
for each of the examples in this paper consist of 
a number of layers, each containing a number of 
nodes, viz. the input layer with a bias node with 
activation 1, one or more hidden layers and the out-

TRAINING OF 
NEURAL NET 

SIMULATION IDENTIFICATION 

C-t DATA AND 
PROCESS CONDITIONS 
ARE GIVEN AS INPUT 

I 
C-t DATA USED TO 
PRODUCE a AND t3 
VALUES e.q.l1 or 12 

I 
ANN IS TRAINED WITH 
a AND t3 AS OUTPUT 
AND PROCESS 
CONDITIONS AS INPUT 
OR vice versa 

I 
TRAINED NEURAL NET 
USED FOR SIMULAT ION 
OR IDENTIFICATI ON 

PROCESS DATA GIVEN 
AS INPUT 

I 
TRAINED NN PRODUCES 

a AND t3 

GENERALIZED KINETIC 
RATE EQUATION AND 
SUITABLE MASS BALANCE 
EQUATIONS USED TO 
SIMULATE REACTORS 

I 
PREDICTED C- t DATA AS 

A FUNCTION OF THE 
PROCESS DATA 

C-t DATA ARE 
GIVEN AS INPUT 

I 
C-t DATA USED 
PRODUCE a AND 

VALUES 

TO 
t3 

TRAINED NN USED 
TO PREDICT 
PROCESS CONDITIONS 

PROCESS CONDITIONS 

Fig. J. General architecture of thc proposed neura l net t raining, reacto r si mulation and reactor identifica
t ion procedure. 
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OUPUT 
NODE 

a 

INPUT 

HIDDEN 
LAYER 

OUPUT 
LAYER 

Fig. 2. Two-layer feedforward NN for the ex and {J data given 
in Fig. 5 ({J = I for all data) 

put layer. Adjacent nodes in the layers are exhaust
ively interconnected by weighted branches as may be 
seen from Fig. 2, which depicts a two-layer net (input 
layer not counted). The input and output nodes of 
these nets have linear and the hidden nodes sigmoidal 
activation functions, respectivcly. The neural nets are 
trained by a training data set (Barnard and Cole, 
1989) and subsequently tested by a test data set, a ran
dom subset of the total data set. An additional input, 
which quantifies the exactness of the inputs, may be 
added to the neural net given in Fig. 2. This would 
enable the neural net to classify inputs as a function of 
errors in the input. Venkatasubramanian el al. (1990) 
showed that their neural net with 78 weights and 12 
data sets for the fault detection for a reactor-{jistilla
tion arrangement (net with six inputs + bias/five 
hidden nodes + bias/six outputs) could classify faults 
correctly in spite of faulty sensors. This indicates the 
robustness and fault-tolerance capabilities of neural 

nets. Similar comments were made by Hoskins and 
Himmelblau (1988). 

Venkatasubramanian el at. (1990) found a two
layer net to be sufficient for their applications, imply
ing that their applications were not complicated 
enough to justify two hidden layers to be defined. It 
has, however, been pointed out (Lippmann, 1987) that 
a two-hid den-layer network is capable of discriminat
ing any c.omplex region. Furthermore, Hornik el al. 
(1989) proved that NNs have the ability to find any 
non-linear relationship between inputs and outputs 
without having a priori knowledge about the system, 
provided that sufficient hidden nodes and hidden 
layers are chosen. In this capacity a neural net will be 
applied to relate process conditions to the adjustment 
factors a and f3 as depicted by Fig. I, or to relate the 
adjustment factors to possible process conditions 
during process identification. 

With the architecture given in Fig. I , it is attempted 
to place concentration-time predictions, with the aid 
of a NN for metallurgica~ reactors, on a more funda
mental basis, hence, including first-principles know
ledge. During process identificati~n, predictions of 
process conditions are based on calculated a and 
f3 factors . This implies that the NN can give a reason 
for its predictions, i.e. it can show how much the 
process conditions affect the rate and the final recov
ery. With this approach, it is possible to include the 
reasoning capabilities of expert systems during pro
cess identification, which is an inherent weakness of 
NNs. 

GENERALIZED KINETIC RATE EQUATION 

The usual method followed during the modelling of 
the kinetic data given in Fig. 3, for example, is (i) the 
development of a kinetic model and (ii) the sub-
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Fig. 3. Kinetic data and the derivation of k(C)" fro m these data. 
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sequent least-squares fitting of the kinetic model with 
its various parameters to the data. 

If it is postulated that the kinetic data in Fig. 3 
are described by the simple first-order model., 
C = 1 - R(l - e- k

" }, the parameters R (final recov
ery) and k' (rate constant, s - I) would be determined 
by least-squares fitting. 

It is obvious that the above approach is not general 
as it is a function of the kinetic rate equation, which 
has been derived to describe the specific kinetics un
der consideration. Since metaIlurgical and flotation 
processes may be described by a myriad of different 
kinetic models, the above approach would not be 
suitable in a generalized kinetic modelling approach, 
which is strived for in this pa per. The above first-order 
kinetic model would be capable of describing only 
a very limited number of metallurgical processes accu
ra tely. If, however, k' is not a constant but a variable 
in co ncentra tion, e.g. k(C}, it has been shown (Reuter 
and va n Deve nter, 199 1, 1992) that the pro posed 
kinetic rate expression ca n d~scrih~ the kinetics of 
a variety of metal lurgica l and fl otat ion processes ac
cura tely. Hence, the no rmal fi rst-o rder rate law, 
- r = k' C, is rewritten as 

dC/de = - k(C }C (1 ) 

where C(O} = 1 o r Co (i f not dimensionless) and 
C(oo} = 1 - 1<. 

This definition implies that: 

-if the process is first-o rder in nature then k(C} is 
equal to k', 

-for a second-order process, k(C} is equal to k'C, 

i.e. a linear function of concentration, and 
- if the process is characterized by mixed kinetics, 

k(C} is a complex function of C (and of l In 

certain cases; however, not discussed here). 

This definition would suggest that k(C} is reaction
specific and a "fingerprint" of a particular reaction 
under the measured process conditions (i.e. pulp dens
ities, temperature, reagent levels, pH, mixing condi
tions, etc.), and could, hence, be used as a basis for 
simulation and reactor identification activities .. Note 
that this kinetic rate equation is essentially a "one
parameter" expression since k(C} also contains in
formation regarding the final recovery, i.e. where k(C} 

becomes zero [c(oo} = 1 - R]. For this reason, it is, 
therefore, essential that k(C} covers the process over 
the full extent of the reaction, as is depicted by Fig. 3. 

As the approach discussed here attempts to define 
a methodology not based on statistics, i.e, k(C} should 
not be based on a function of various parameters to be 
fitted, an alternative procedure is proposed. This is 
facilitated by defining k (C} as a discrete function of C, 
which is a discrete set of a verage values for k (C} and 
their associated validity ranges, calculated directly 
from smoothed practical kinetic data via eq. ( I) by 
rewri ti ng this eq uation into a discretized form: 

- oC 
k(C} =--. 

oe Ca. 
(2) 

Coy is taken to be either the arithmetic or geometric 
average between two successive data points from the 
smoothed (smoothing is also possible with a neural 
net trained with the C-.t data) kinetic data set separ
ated by the time interval t.+l - tn . For an arithmetic 
mean, eq. (2) becomes (see Fig. 3) 

k(C}. = -2(C.+ 1 - Cn } (3) 
(Cn + I + C.)(t.+ I - en) 

Substituting these discrete rates for k( C} in eq. (1), 

dC/de = -k(C}.C (4) 

where k(C}n holds for Cn+ I ::;; C ::;; Cn and C(O) = 1 or 
Co (if not dimensionless). 

The process conditions for which this set {k(C}n, C., 
t.} of rates is determined are termed the pivot process 
conditions and it is postulated that this set remains 
independent of the process conditions, i.e. the kinetic 
mechanism does no t change. The pivo t cond itions a re 
those conditions such as temperat ure, density, reagent 
levels, pH, stirring conditions, etc., prevalent during 
the measurement of the kinetic data. 

The solution of eq . (4) would fo llo w the a lgorithm 
below: 

- At e = 0 and Co the rate k( C)o is selected. 
- C is calculated via numerical integra tion (e.g. 

Runge-Kutta) for the next time increment 01. 
- If C I ::;; C(O + oe) ::;; Co then k(C}o is selected for 

the next numerical integration step, or if 
C2 ::;; C(O + oe) ::;; C 1 then k(C), is selected, etc. 

- Return to step 2. 

The above algorithm may be replaced by a trained 
neural net, which relates the concentration C to the 
output k(C}. 

This definition permits the simulation of processes 
in which the kinetic data are not a monotonic decreas
ing function in time, i.e. it could be S-shaped, for 
example. An example is the induction period in the 
concentration-mean-residence-time data for the 
Tennessee copper rougher circuit of flotation cells 
(Dowling et aI., 1986), which cannot really be defined 
by the available theoretical kinetic models. It is 
exactly this induction period which could have a de
cisive influence during the identification of the flota
tion rougher circuit. 

Equation (4) has an analytic solution for the given 
range, producing the recursive kinetic expression 

C = C. exp {-k(C)n(t - tn)} (5) 

where the range of t is such that C does not faIl outside 
the validity range of k(C}n . 

As will be seen later on, {k(C}., Cn, c. } is the basis of 
the kinetic rate equation, from which all other C-t 
data may be predicted, provided that the mechanism 
does not change. 

The above kinetic rate equation has been derived 
for a single species, but may easily be expanded for 
multispecies systems, as has been shown by Reuter 
and van Deventer (1989) fo r the competi tive adsorp
tion of Au and Ag on activated carbon. 
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Generalized kinecic race equacion for a batch reactor 
As discussed in the previous section, the generalized 

kinetic rate equation (4) holds for the pivot condi
tions. As was pointed out earlier, deviations from the 
pivot conditions change the rate variable k(C). and 
the final recovery R. This change is quantified as a. and 
(J adjustment factors. 

It is easily shown that the rate equation (4) may be 
rewritten as 

dC 

outlet stream of a mixed-flow reactor may be given by 

(Levenspiel, 1972) 

Ca. =... LX' E(c) C dc (7) 

where 

E(c) = (1/,) (VIV "') exp [ - (VI V",) (cl, - Vplv)]. 

, is the mean residence time or any other suitable 
function. 

- = -o:k(C) [C - Co (1 - (J)] 
dt n 

(6) If C in eq. (7) is substituted by eq. (5), eq. (8) is 

which holds for 

The initial concentration is unity (or Co if not 
dimensionless) and C(oo) = Co(l - R). 0:, f3 > 0 if 
ex and f3 are not equal to 1. The algorithm for solving 
eq. (6) is: 

-At c = 0 and Co the rate k(C)o is selected. 
- ex and (J are determined by an appropriate 

trained neural net. 
-C is calculated via numerical integration for the 

next time increment oc. 
- If C 1 ~ C(O + bc) ~ Co then k( C)o is selected for 

the next numerical integration step, or if 

C 2 ~ C(O + bc) ~ C 1 then k( C) 1 is selected, etc. 
- Return to step 2 and adjust 0: and f3 if the process 

conditions have changed within the time in
crement bc. 

Dowling eC al. (1986) used 13 different batch flota
tion kinetic models and a least-squares method to fit 
concentration-mean-residence-time data profiles of 
various rougher flotation circuits, which contain flo
tation cells in series. This implies that these authors 
used concentration-residence-time data of mixed
flow reactors in series as if these are equivalent to C-c 
data of a batch reactor. If this argumentation is fol
lowed, it is clear that eq. (6) may also be applied to 
predict concentration-mean-residence-time profiles 
of mixed-flow reactors in series. This means that in
stead of using {k(C)n, Cn, cn}' as for batch reactors, 
concentration-mean-residence-time data for the 
mixed-flow reactors in series are used, from which 

{k(C)n, Cn, '.} may be determined via eq. (3). This set 
is used in the batch kinetic rate equations (4) and (6), 
with the time c being substituted by the mean resi
dence time ,. 

Simulacion of mixed-fiow reactors 
By includ:ng the proposed generalized kinetic rate 

expression in appropriate mass balance equations for 
micro fluids (Reuter and van Deventer, 1991) and 
macrofluids, arbitrary mixed-flow reactors may be 
simulated. 

M acroftuid. For a macrofluid with a residence time 
distribution E(c), the average concentration in the 

produced: 

Ca. = I f'" +' E(c) exp [ - k(C)n(t - Cn)] dl . (8) 
o '" 

The algorithm for solving eq. (8) is: 

- The set {k(C)n , Cn, cn} is calculated via eq. (3) for 
a particular batch kinetic data set. 

- Initially, C = Co or I (if dimensionless) and 
E(O) = 0 holds and an integration is performed 

between Co = 0 and c 1 for k(C)o [method: (i) 
analytically for simple E(c) functions, (ii) by 
a Gaussian quadrature (Press el al., 1989) or (iii) 
by Euler's method]. 

- The above step is repeated for all n and summed 
until the product E(ln)Cn becomes negligible. 

If C in eq. (7) is substituted by discrete C n values 
produ~d by eq. (6) for arbitrary 0: and f3 adjustment 
factors and the integral sign is substituted by a sum
mation, eq. (9) is produced: 

(9) 
• 

where Cn is calculated by eq. (6). 
The algorithm for solving eq. (9) is: 

- By the application of eq. (6), a set C~-cn may be 
calculated for any 0: and fl. 

- The product Cn E(tn) is summed for all n until the 
product becomes negligible. 

In these equations E(t) represents an arbitrary resi
dence time distribution (RTD), which may be a func
tion of dead volume, fraction of plug andlor mixed 
flow, number of reactors, mean residence time, etc. 
(Levenspiel, 1972). The parameters in E(l) may be 
determined by independent tracer tests or may be 
related to the flow conditions via a neural net. The 
latter was, however, not done in this paper. 

Microftuid. For a single ideal continuous stirred
tank reactor the differential mass balance equation is 

dC 1 
- = -(Co - C) - k(C)nC (10) 
dc , 

where Co is the concentration in the feed (1 if dimen
sionless), C(O) = Co (I if dimensionless), and r is the 
mean res idence time. 
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The linear differential eq. (10) for microfluids may 
be integrated [since k(C) is constant for a particular 
validity range of C] to produce simple analytic solu
tions for the respective validity ranges of the general
ized kinetic rate equation. 

REACfOR IDENTIFICATION 

In the context of this paper, reactor identification 
implies establishing by what degree the conditions 
within the reactor, i.e. reagent levels, pH, pulp density, 
temperature, pressure, etc., change the kinetics of the 
process. The mean residence time and residence time 
distribution (RTD) are assumed to remain constant. 
As mentioned previously, the parameters in the RTD 
can also be related to the flow conditions within the 

reacto rs via neural nets. 
From Fig. I it is clear that the basis of the proposed 

approach is to determine by what ex a nd {i factors the 
kinetic data fo r the reacto r to be identified deviate 
from the pivot kinetic data, for which::r. = I and /i = 1, 
respectively . By means of a trained neu ral net these 
C( and {i values are relat ed to the app ro pria te process 

conditions within the reactor. 

Balch reactors 
For batch reactors the instant a neo us change of the 

slope k(C) relative to that of the pivot kinetic data is 
a continuous indica tion of ex, which can give a con
tinuous indication as to what the process cond itions 

are via a neural net. 
The factor a may also be determined from the 

complete kinetic C-l data set if this becomes available 
at the end of the reaction. This could also assist in 
characterizing the eventual product. The mathemat
ical basis for this approach is given by eq. (II), indicat
ing that C( is an average value over the complete C-t 
data set. A time-weighted integration of the slope of 
a reaction of first order produces the result I/k' (min 
or h) (if C is dimensionless): 

l/k' = t"'tk'Cdl= tX' tk'e-k"dl (11) 

which has been generalized to eq. (12) if k' in eq. (11) is 
substituted by k(C)n and an Euler integration of eq. 
(11) is performed: 

( (2) 

If, for argument's sake, the time-weighted slope of the 

pivot first-order kinetic data is l/k~ivo, and that of the 
kinetic data to be identified is l/k' [as in eq. (II )], then 
it is clear that the ratio (l/k~ivo,)/(J/k') is equal to a. 
This result implies that for first-order kinetics the 
ratio of the sum of time-weighted slopes of the kinetic 
data to be identified and that of the pivot kinetic data 
is a n exact estimate of a. It can also be shown that this 
ratio is also an exact estimate for reactions of half and 
second order, for example. Since most reactions in 
metallurgy are of an order less than three, it follows 
that this ratio is a good estimate for a. This result 
holds as long as {J = l. For (J 5 I it can be shown that 

this ra ti o must be modified to ( 1 Ik~ivot)/({Jlk') or al{J, 

implying that the ratio of the calculated time
weighted slopes must be multiplied by f3 in order to 
obtain ex. As pointed out earlier, the factor f3 is simply 
the ratio of the final recovery R of the process to be 
identified to that of the pivot kinetic data, Rpivo,' 

The time-weighted slope l/kpivo( for the pivot data is 
also an identification tag for the data, which can, 
therefore, be applied to identify ore types, adsorbant 
type, etc. Given a set of C-t data and, hence, a Ilk' for 
these data, a search through all I/kpivo( in the know
ledge base will produce associated pivot process data, 
from which the reaction may be identified. This ap
proach can also be used to characterize the reaction 
mechanism for unknown reactions, if an extensive 
knowledge base is available. 

Ai ixed-fiow reactors 

If the ba tch si mula tion approach is used to simula te 
mixed-flow reactors in se ries, the above method Ceq. 
(I I) or (12)] may also be applied to identify these 
reactors contin uo usly. I n thi s case, eq. (12) is rewritten 
as fo r the set {k(C)n, C, Tn }: 

Il k" = ITnk(C)nCn OT. (13) 

For N ideal mi xed -fl ow reacto rs in series (Vp = 0), 
each with a mean residence time T and accommodat
ing a first -order reaction with a final recovery R, the 
integration of eq. (7) would produce (Levenspiel, 1972) 

C = (I - R) + R[I /(I + k' T)Y. (14) 

Hence, given a specific RTD for a mixed-flow reactor 
system, the Rand k' (min -I) values calculated from 
plant data may be compared to the Rpivo( and 
k~ivO( (min - I) values of the pivot data, from which 

ex and f3 values may be estimated. For a first-order 
process, a and f3 may be determined exactly by eq. 

(14). For reaction orders not equal to one, the as and 
f3s determined by using eq. (14) may serve as a starting 
point for an iterative estimation of the exact a and 
{J via eq. (9). 

VALIDA nON OF THE GENERALIZED NEURAL-NET 

KINETIC RATE EQUATION 

The proposed generalized kinetic rate equation will 
be tested by comparing its performance against that of 
four kinetic models from the literature. 

For the first two examples two kinetic models were 
taken, viz. (i) a kinetic model for flotation (Dowling 
el aI., 1986) and (ii) a second-order kinetic model 
(Levenspiel, (972). These two examples are included 
to demonstrate the numerical accuracy of the pro
posed generalized rate equation. For this reason, no 
neural net was included for these two examples. The 
second two examples are applications to industrial 
kinetic data, viz. (i) the leaching of a Zn ore and (ii) the 
precipitation of Fe3+ ions from Zn-Ieach liquors. 

Note that in spite of each of the four examples 
represen ting a to tally different kinetic mechanism, the 
proposed generalized kinetic rate equation could 
simulate the ki netics very well. 
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Table 1. Columns (a): concentration-time data from the given flotation kinetic model 
and Rand k' (min - I) values: columns (b) according to eq. (6) (Reuter and van Deventer, 

1992) 

1.0 and 1.0 min - I 0.5 and 0.1 min-I 0.1 and 4.0 min - I 

fJ = 1.0, CI = 1.0 fJ = 0.5, CI=O.I f1 = 0.1. CI = 4.0 
Rand k' Pivot 

( (min) I(a) I(b) 2(a) 2(b) 3(a) 3(b) 

0.000 1.000 1.000 1.000 1.000 1.000 1.000 
0.500 0.787 0.787 0.988 0.988 0.943 0.943 
1.000 0.632 0.633 0.976 0.976 0.925 0.925 
2.000 0.432 0.433 0.953 0.953 0.913 0.913 
4.000 0.245 0.246 0.912 0.912 0.906 0.906 
6.000 0.166 0.166 0.876 0.876 0.904 0.904 

In order to demonstrate the accuracy o f the gener
a lized kinetic rate equation, the theoretica l results are 
given in table form . Differences in the theoretical and 
the calculated values are due to errors produced by 
the approximation. 

Theoreeical examples 
Two theoretical examples will be discussed in this 

section. Note that the accuracy of these examples is 
a function of en + I - en in eq. (3) and may, hence, be 
manipulated as required. 

Floeaeion kinetic model. Theflotation kinetic model 
used to generate the theoretical values for different 
Rand k' (min - I) values is (Dowling ee al., 1986) 

CjCo = I - R[I - (I - e-k·')/k'e]. 

These theoretical values are given in the (a) columns 
of Table I (Co = I). 

If it is assumed that the data in column I(a) of Table 
I are the pivot data, i.e. f3 = I (R = I) and (ex = 1) 
k' = I (min - I), the slopes k(C)n may be calculated by 
eq. (3). These results have been summarized in 
Table 2. These k(C)" may now be used in conjunction 
with eq_ (6) and the relevant ex and IJ values in Table 
I to produce the values given in the columns (b) of 
Table 1. 

The solution algorithm for predicting the data in 
column 3(b), for example [data in column 3(a) are the 
theoretical values] is: 

Table 2. Summary of the calculated k(C). values according 
to eq. (3), using the data in column I(a) in Table 1 

Column l(a) of Table 1 

C range k(C). c (min) 

1.0000-0.9507 0.496 0.000-0.102 
0.9507-0.9046 0.487 0.102-0.204 
0.9046-0.8615 0.478 0.204-0.406 

... -0.0000 0.000 - co 

-Initial co nd itio ns are Co = I, C = 0, ex = 0.1 and 
fi = 4 (0: and IJ are usually estima ted by NN). 

-Selection of k(C). from the set {k(C)n' Cn, tn}' 
which is partially given in Table 2. (For example, 
since 0.9507 ~ C ~ I for the first integration in
crement be, k(C)o = 0.496 is selected.) 

- Numerical integration of eq. (6) to produce C for 
the next integration step be, subject to the given 
Co, ex and fi values: 

dC - = -O.lk(C)n(C + 3). 
de 

- Return to step 2. 

This algorithm is also used for the other three 
examples in this section, as well as for simulating 
mixed-flow reactors in series. 

Second-order kinetic model. The second-order kin
etic model which was applied to generate the theoret
ical values for different k' (min - I) and R = I values is 
(Levenspiel, 1972) 

CjCo = 1/(1 + Co k' e). 

The theoretical values produced by this model are 
given in columns (a) of Table 3 (Co = I). As for the 
previous example, column I(a) was selected to be the 
pivot, from which k(C)" could be calculated via eq. (3). 
In this example both an arithmetic as well as a geo
metric mean for C"u was calculated, the resulting set 
{k(C)n' Cn, en} being partially summarized in Table 4. 
k( C). could then be used to predict (same algorithm as 
for the previous example) the values in columns (b) 
(arithmetic mean) and columns (c) (geometric mean) 
via eq. (6) and the given ex values in Table 3. 

In each of the two theoretical examples, a good 
correspondence is achieved between theoretical kin
etic models and the proposed generalized kinetic rate 

equation. 

indusrrial examples 
Bot h examples discussed in this section were taken 

from the field of zinc hydrometallurgy. The numerous 
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Table 3. Columns (a): concentration-time data from the given model and k' values: columns (bl and (cl according to eq . (6), 
and columns (e) using the geometric mean in eq. (2) 

20.0 10.0 1.00 

ex = 1.0, P = 1.0 ex = 0.5, P = 1.0 ex = 0.05, P = 1.0 
k' (min-I) Pivot 

t (min) l(a) I(b) 1 (c) 2(1\) 2(b) 2(c) 3(a) 3(b) 3(c) 

0.000 1.000 1.000 1.0000 1.000 1.000 1.000 1.000 1.000 1.000 
0.010 0.833 0.833 0.835 0.909 0.913 0.913 0.990 0.991 0.991 
0.020 0.714 0.714 0.715 0.833 0.833 0.834 0.980 0.982 0.982 
0.030 0.625 0.625 0.625 0.769 0.771 0.771 0.971 0.971 0.973 

0.150 0.250 0.250 0.250 0.400 0.400 0.400 0.870 0.873 0.872 
0.175 0.222 0.222 0.222 0.364 0.364 0.364 0.851 0.853 0.852 

0.500 0.091 0.091 0.091 0.166 0.166 0.166 0.667 0.667 0.667 
1.000 0.048 0.048 0.048 0.091 0.091 0.091 0.500 0.500 0.500 
1.500 0.032 0.032 0.032 0.063 0.063 0.063 0.400 0.400 0.400 

Tahle 4. Summary of thc calculated k(CI. values according tll C4 . (3) and 
. geometric mean ). lIsing the data in column I(a) in Tahle :I 

Column l(a) of Table 3 

k(C). 
C range (arithmctic) 

1.000-0.833 IX.1818 
0.833-0.714 15.3846 
0.714-0.625 13.3333 

.. . -0.000 0.0000 

complex effects of the process conditions on the kin
etics of the described processes make these examples 
amenable to the simulation approach presented here. 
A purely theoretical model would not be capable of 
incorporating all the process effects such as reagent 
concentrations, temperature, pH, particle size, mixing 
conditions, etc. 

For each of the respective examples a NN is de
fined, which relates the measured process conditions 
to the adjustment factors given in Figs 5 and 6, re
spectively. 

The testing phase of each trained neural net 
could not be performed due to the relatively small 
number of training data sets. This is similar to 
Venkatasubramanian et al. (1990), who used 12 data 
sets for a 78 weight neural net. Each neural net in this . 
paper could, however, be trained almost exactly (error 
< 10 - 4) from the training data set. Graphical repres

entations of the results of the trained neural nets show 
that plausible generalizations could be produced and 
that exact predictions can be made for the trained 
data. However, since the training data sets are small 
and have not been tested by a test training set, it 
cannot be stated that the trained neural nets are 
totally general. 

k(C). 
(geometric) I (min) 

18.2574 0.000-0.010 
15.4303 0.010-0.020 
13.3631 0.020-0.030 

0.0000 - 7.: 

ZincJerrite leaching. The raw data for this example 
were taken from Rastas et al. (1979), who could de
scribe these data by a reaction-controlled shrinking
core model. The many process conditions that affect 
this reaction make a purely theoretical modelling 
approach impossible. In this example the kinetic 
data for the process conditions 95°C and 
[H 2S04 ] = 30 kgJm 3 are taken to be the pivot condi
tions (Fig. 5). Other process data remained constant. 
After determining the rx. values via eq . (3) by compar
ing the k(C) values [eq. (12) could not be applied since 
the kinetic data did not reach the final recovery], 
a neural net was trained with these rx. values and 
associated process conditions (see Fig. 2). From the 
information given by Rastas et al. (1979), f1 was taken 
to be unity. 

The neural net could learn five data sets {rx., 
[H 2S04 ], temperature} almost exactly (error 
< 10- 4

) from more than one initial weight set for the 
scaled inputs as depicted in Fig. 2 (12 weights). The 
generalized results produced by this trained neural net 
for a range of temperature and [H 2S04 ] conditions 
are given in Fig. 4. 

The trained neural net could then be used in combi
nation with the generalized kinetic ra te equation (6) to 
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produce the predictions given in Fig. 5 (lines). From 
Fig. 4 it is clear that the NN permits . reasonable 
extrapolations to other process conditions, although 
the training temperature lies between 75 and 95°C, 
and the [H2S04] between 15 and 50 kg/m 3

. 

the [Na +]. The modelling of the kinetics of this reac
tion is complex, a fact which is reflected by the numer
ous models presented to describe it. rwo of these 
kinetic rate equations are: 

dFe3+/dt = -k(T)[Fe3+Y[Na+]b 

Jarosite precipitation. The example being ~iscussed 
here is the precipitation of Fe3 + as Na-jarosite 
(Rastas et al., 1979): 

x [Na-jarositeJ[H2S04]d 

(Rastas ee al., 1979) 

3Fe2(S04h + Na2S04 + 12H20 
or 

= 2NaFe3 (S04h(OH)6 + 6H2S04. 

The kinetics of this reaction are affected by a variety 
of factors, which include the temperature, the concen
tration of the Na-jarosite seed, [H 2S04], [Fe3 +] and 

dFe3+ Ide = - {kl [Fe3+]2[Na +r /2 - k2 [H 2S04 ]1 /4 

(Wang Qian-kun ee al., 1985). 

The raw kinetic data in Fig. 6 (symbols) were taken 
from Rastas ee al. (1979), who modelled the data with 

3.00 ,-----~----~----~----~----------~----~ r----, 

1:5 

~ 2.00 -j----' 
-' 
() 

~ 

-' 

~ .~ 1.00 ---------
-0 
<t 

---1150C 

9 50C --55 0C 

O .OO+-~~~--~~----~--~----~-----T----~ 

o 10 20 30 40 50 50 70 
!H2~) kg/m3 

Fig. 4. :x as a function of [H 2S04 ] and temperature. 
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~ 
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I 

c6 0.7 
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a 
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a 
~ 0 .5 

~ 0.4+--
o 
~ 0 .3 
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ti 
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-+-
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Fig. 5. Leaching kinetic da ta (symbols) vs predictions (lines) of the generalized kinetic rate equation/neural 
net combination. 
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the given semi-empirical kinetic model above (four 
empirical parameters a-d). In Fig. 6 experimental 
data of Rastas et al. (1979) and predictions produced 
by eq. (6) (lines) are compared as a function of 
the 0: values produced by the neural net (Fig. 7). 
The kinetic data for 95°C and (Na-jarosite 
seed] = 300 kg/ml are taken to be the pivot condi
tions. Other pivot conditions are [Fel+] = 30 kg/ml, 
(Na +] = 8 kg/ml and [Zn2+] = 100 kg/m); the lat
ter two were assumed not to affect the kinetics of the 
process. 

the five data sets {a., [H 2S04 ], (Na-jarosite]} and 
process values almost exactly (error < 10- 4

), al
though numerous starting weights were used. Figure 
7 shows that a good generalization could be achieved, 
rendering the generalized rate equation general for 
a wide range of (Na-jarosite] and temperature values. 

APPLICATION TO MIXED-FLOW REACTORS 

The 0: and f3 values in Fig. 7 have been modelled as 
a function of [Na-jarosite seed] and temperature by 
using the same feedforward NN (12 weights) given in 
Fig. 2 ((jarosite seed]/l00 replaces [H 2S04 ]/1O). As 
for the previous example the neural net could learn 

The first two examples discussed in this section are 
theoretical in nature and demonstrate the application 
of eqs (8) and (9), respectively. The third and fourth 
examples demonstrate the application of eq. (6) to 
a flotation rougher circuit for the recovery of copper 
sulphide. The application of eq. (10) has already been 

!lEGEND - TEMP : lNa-jarl=kg!m3 : ex: sl 
~o . o .. ;------========:::::::======--, 

~ 

~ 25 .0 

"-bj) 
.::i 

+ 20 .0 
C'l 

<!J 
t... 

t... 
o 15.0 

Z 
o 
1= 
< 
~ 10.0 

~ 8 5.0 ~.-------~---~---=;::, .-. --.:;:;=i 

0.0+----t-------1r-----t----,..-----1 
0.0 5.0 10.0 15.0 20 .0 25 .0 

ZEIT (min) 

---95oC:300:cc:l .0011=1 

95oC:l 00:cc:0 .3g11= 1 
-€-
85oC:I00:cc:0.1511=1 
-..-
75oC:I00:CC:.05411=1 

x 
950C:20:cc:0 .085:9= 1 

Fig. 6. Fe3 + (Na-jarosite) precipitation data (symbols) vs predictions (lines): a combination of the general
ized neural-net kinetic rate equations. 
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Fig. 7. ex as a function of [Na-jarositeJ and temperature. 
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demonstrated by Reuter and van Deventer (1991) for 
an industrial gold carbon-in-pulp circuit and will not 
be repeated here. 

As with the previous examples the theoretical re
sults are given in tabular form in order to illustrate the 
accuracy of the approximations. 

Theoretical examples 
In this section mixed-flow reactors will be 

simulated by following a macrofluid approach for 
a second-order kinetic model and E(t} = (Ilt) (V/Vm) 
exp[ - V/Vm ) {tlr - Vp/V}]. In each case the results 
of the theoretical solution Ceq. (7)] are compared with 
the results produced by the approximate solution [(8) 
and (9)]. 

The given theoretical solution for the second-order 
process for E{c ) = (I/T) exp{ - C/T) in Tables 5 and 6 is 
calculated via (I /h)e( - l /kr) Ei {l/h) (Levenspiel, 1972; 

Ei == exponential integral). 
For both the theoret ica l examples a n adequate cor

respondence was obtained. The accuracy of the results 
is a function of ac = en + 1 - Cn in eq. (3) and may, 
hence, be manipulated as required. 

Applicacion of eq. (8). For this example a set of k{C)n 
was calculated for each of the first- and second-order 

kinetic models given in Table 5 (Co = I) by using eq. 
(3). These sets were then subsequently used in eq. {8} to 
produce values for CGD for the given E(t) functions. 
The integration of eqs (7) and (8) was performed by 
a 15-point Gaussian quadrature (Press et af., 1989). 

The method for solving eq. (8) for C = e-', 
k(C)n = 1 (for all n), E(t) = 0.5e- 0

.
5

' (T = 2, Vm = 1: 
Vp = 0) and (;t = I would be 

Cav = 1 fol 0.5e- 0
.
5

' e-l.
O

' dt 

+ 0.36812 

0.5e - 0 .5, e - l.O(, - I) de + ... 

= 1/3. 

The sa me summation was performed for all the othel 
entries in Table 5, with the only difference being the 
k(C). a nd ac values for each respecti ve application. 

Applicaeioll of eq. (9). In contrast to the previous 
example, the kinetic C-c data produced by the kinetic 
model 1/( I + 20c) were taken to be the pivot data: 
from which a set of slopes k(C). could be calculated b) 
the application of eq. (3). By applying eq. (6) and the 
given adjustment factors a, C. values could be cal· 

Table 5. Comparison of the theoretical solutions [eqs (7) and (8) subject to different parameters for 
the respective kinetic and RTDs]: Cn is calculated using C-t data produced by the given kinetic 
models and subsequently. k(C)n from these respective data (integration limits for Gaussian quadra-

ture = 0 and 20) 

Equation and parameters 
a= 1. /1= I. Co = l.ae=O.1 e- r 1/(1 + c) 1/(1 + 5e) 1/(1 + 10c) 

c = I (theoretical) 0.3679 0.5000 0.1667 0.0909 
Equation (5) e = I (approximate) 0.3679 0.5000 0.1667 0.0909 

Equation (7) T = 2, Vm = 1.0. V. = 0.0 0.3333 0.4614 0.2002 0.1261 
Equation (8) T = 2, Vm = 1.0. V. = 0.0 0.3333 0.4616 0.2025 0.1320 
Theoretical 0.3333 0.4617 0.2014 0.1297 

Equation (7) r = 2, Vm = 0.8. V. = 0.2 0.2578 0.4075 0.1357 0.0748 
Equation (8) r = 2, Vm = 0.8. V. = 0.2 0.2578 0.4075 0.1358 0.0749 

Equation (7) r = 2, V .. = 0.5. Vp = 0.5 0.1839 0.3613 0.1052 0.0559 
Equation (8) T = 2, V .. = 0.5. Vp = 0.5 0.1839 0.3614 0.1052 0.0559 

Table 6. Comparison of eqs (7) and (9) subject to different parameters for the respective kinetic 
and RTDs: by applying the data from column l(a) of Table 3 as pivot to calculate k(q., C. may 

be calculated by eq. (6) (integration limits for Gaussian quadrature = 0 and 10) 

Equation and parameters 1/(1 + 20e) 1/(1 + 5c) 1/(1 + c) 
Co = 1, P = 1. at = 0.01 a = 1 (pivot) a = 0.25 a = 0.05 

t = I, (theoretical) 0.0476 0.1667 0.5000 
Equation (6) t = I, (approximate) 0.0472 0.1658 0.4999 

Equation (7) r = 2, V .. = 1.0, Vp = 0.0 0.0786 0.2012 0.40609 
Equation (9) r = 2, V no = 1.0. V. = 0.0 0.0790 0.1986 0.4569 
Theoretical 0.0803 0.2014 0.4617 

Equation (7) T=2, V .. =0.8, V. = 0.2 0.0395 0.1357 0.4073 
Equation (9) r = 2, V .. = 0.8, V. = 0.2 0.0390 0.1349 0.4065 

Equation (7) r = 2, V .. = 0.5, V. = 0.5 0.0288 0.1052 0.3613 
Equation (9) T = 2, V .. = 0.5. Vp = 0.5 0.0286 0.1046 0.3610 
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culated for the other two second-order kinetic models 
given in Table 6, which could then be used with the 
appropriate £(t) functions to produce Ca. values. The 
integration for eq. (7) was performed by a IS-point 
Gaussian quadrature (Press et al., 1989) and the inte
gration of eq. (9) by Euler's method. 

The method for solving eq. (9) for C = 1/(1 + 20t) 
is [C.-t. values from Table 3 column \(b), 
£(t) = 0.Se- O

•
51 (r = 2, Vm = I , Vp = 0) and tJc = 

0.01] 

Ca. = [£(0)'1 + £(0.01)'0.833 + £(0.02)'0.714 

+ £(0.03)' 0.625 + . .. . 0.01 

= 0.0790 

or, for !l = 0.5 [C.-t n values from Table 3 column 
2(b), £ (t) =0.Se- O

.
51 (r =2, Vm = l , Vp=O) and 

()( = 0.01]. 

c., = [ £(0) ' I + flO.O I)' 0.913 + E(0.02) · 0.g33 

+ E(0.03)·077 1 + .. ·J·O.OI 

= O.I9l:i6. 

All the entries in Table 6 were determined on this 
basis usi ng appropriate c.-t. kinetic data determined 
by eq. (6) as given in Table 3. 

Practical examples 
Two practical examples for mixed-flow reactors 

will be discussed in this section. For both these 
examples eq. (6) was used, in which 1 was replaced by 
r. This means that the C-residence-time data were 
treated as batch kinetic data similar to Dowling et aJ. 
(\986). Data for both these examples were taken from 
Dowling et al. (1986). 

Tennessee copper rougher circuit. As may be seen 
from Fig. 8 the recovery-mean-residence-time data 
(symbol) for the Tennessee rougher circuit could be 

simulated exactly (dark line) for which !l = 1 and 
f3 = 1. This was not possible by the least-squares 
fitting of concentration-retention-time data for all 13 
tested batch flotation kinetic models as applied by 
Dowling et al. (1986). Even the induction period could 
be predicted exactly by the proposed kinetic model, 
an aspect which could not be modelled by any of the 
available batch kinetic flotation models. The pivot 
process conditions for these pivot kinetic data are 
[hydrated lime] = 0.915 kg/t, [cyanide] = 0.107 kg/I, 
[sodium silicate] = 0.325 kg/t, [Na ethyl xanthate] 
= 0.024 kg/t and [Guar gum] = 0.016 kg!t. 

A sensitivity analysis was subsequently performed 
by using eq. (6) for the pivot data, showing the concen
tration profile for different a. and fJ factors. 

Nchanga sulphide rougher circuit. As opposed to the 
previous example a neural net (Fig. 9) was trained that 
relates !l and fi to particle size, which was su b
seq uently applied to predict the concentration profiles 
in the Nchanga rougher circuit. Similar to Fig. 2 the 
neural net has two inputs, three nodes in the hidden 
layer and one output (12 weights). The net could be 
trained from any initial weight set. 

The reagent pivot conditions, i.e. [sodium iso
propyl xanthate], [Frother] and [NaHS] , were 
assumed to remain at a constant level throughout. 
The pivot particle size was taken to be + 150 mesh, 
which is given the label I. The other particle size 
fractions are - 150 + 200 mesh: label 2 and - 200 
+ 325 mesh: label 3, respectively. 

This net was then applied to predict a. and f3 adjust
ment factors for the different particle size fractions, 
which were then used in eq. (6) to predict the recovery 
profiles (Fig. 10) for the different particle size fractions 
for the eight cells in the Nchanga rougher circuit. 
From Fig. 10 it is clear that a combination of neural
net and generalized kinetic rate equation could pre
dict the recovery profiles for this circuit very well. The 

1.0-r-----~------------~---, 

:: r=- . ----. .. ~~-.. -.j.-.-.-+.-. .:.-.-... -~----: ~: 
I i :)0( ~ ., :)0( 

~ 0.71··--··-:---+·-··i ---·····~ "'-:--l--'-'~=-:--i -
!:: ,=~::r~ _I~~"=r . =-
z ~ : : : : : : : 

~ '::C~J~_ t:~I~:L~=-:_T '~ . 
. ,j--. ---- c-+---+--.-+--+-
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Fig. 8. Recovery profiles vs mean residence time for copper in the T ennessee rougher circuit. 
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Fig. 10. Plant- and neural -net-predicted recovery profiles ror the eight cells in the Nchanga sulphide 
rougher circuit. 

modelling of the recovery profile as a function of 
particle size is really only possible by empirical 
methods, which the proposed neural-net approach 
could accomplish with ease. 

For identification purposes a NN for each process 
condition as a function of a. and f3 is defined. This 
implies that a parallel architecture of NNs is pro
posed, as depicted by Fig. 11. This architecture makes 
it possible to expand the neural net without affecting 
the other neural nets (Watanabe et al., \989). 

REACTOR IDENTIFICATION 

Reactor identification in this paper is taken to 
imply th~ detection of faults within the respective unit 
operations, i.e. process conditions such as reagent 
levels, densities, pressures, particles size, temperature, 
etc., within the metallurgical reactors. Reactor identi
fication will be discussed under two headings, viz. 
identification in batch and mixed-flow (e.g. CSTRs) 
reactors, respectively. 

I dentijication of the process conditions within a balch 

reactor 
In order to illustrate the application of the pro

posed identification algorithm, a theoretical as well as 
a practical example will be discussed. 

Theorecical example. Consider the pivot kinetic 
data in column I(a) and the data to be identified, in 
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ADJUSTMENT ADJUSTMENT 
FACTOR a FACTOR ~ 

I I 
I 

i 1 
NN FOR NN FOR n OTHER 
H2SO4 TEMPERATURE ......... NNs 

Fig. II. Parallel architecture of NNs for mapping 0: and f3 
data onto each of the process conditions via multilayer 

fecdforward NNs. 

column 2(a) of Table 3. Since the final recovery 
is 100% in both cases, f3 is equal to unity 
(fi = 1.0/1.0). The theoretical time-weighted slope [eq. 
(II)] for these respective columns are 0.1281 (min) and 
0.2561 (min), which implies a/Ii = 0.5, i.e. a factor 0.5 
decrease in the rate since {3 = 1. Had a NN been 
trained for these kinetic data, it would have estab
lished process conditions that produce the calculated 
adjustment factors. This means the input of the 
NN for identification are the a and f3 adjustment 
factors, which are mapped onto each of the process 
conditions. 

Practical example. In order to illustrate the pro
posed identification procedure on a practical example, 
the zinc ferrite process conditions and associated 
a and {J adjustment factors in Fig. 5 were used as 
training sets for the proposed identification NNs. 
A NN with two hidden layers, each containing three 
nodes, could be trained almost exactly (error < 10- 4) 
from any initial weight set to relate the five data sets 
{[H 2S04], temperature, a}. The number of weights 
for this example are 18 for each NN. 

In this example it is demonstrated how k(C) values 
may be used to determine a directly from the batch 
data... For the pivot data k(C)o = 0.435 and for the 
data to be identified k(C)o = 0.32, which implies 
a = 0.74. From Fig. 12 it is clear that the neural net 
would suggest a temperature of approximately 85°C 
and [H2S04] = 30 kgfm3

, which are the correct pro
cess conditions. 

As may be seen from Fig. 12, 0: could be related to 
the learnt process conditions over a wide range of 
a values ({J = I throughout), pointing to the general
ization possible with this trained neural net. 

Identifica!ion of the process conditions within mixed
flow reactors 

Two methods will be discussed in this section. In 
both the cases the same trained neural net (two inputs, 
three hidden nodes, one outpu t: 12 weights) was used 
(applied ) which rela tes particle size to a and {3. The 
three sets for {particle size, a, Ii } could be learnt 
exactly by the neural net. 

Idenciji catioll of the particle size in the Nchanga 

rougher circuic: method 1. This method applies eq. (13) 
(as for batch processes) to describe the kinetics of the 
flotation circuit as a whole, i.e. C(r) vs r data are 
applied. Hence the identification procedure is ident
ical to the one discussed for the batch reactors above. 

The algorithm for identifying the particle size for 
the top two profiles in Fig. 10 is: 

- The time-weighted slope of 1.0781 (min) is cal
culated via eq. (13) for the pivot process condi
tions (+ 150 mesh) in Fig. (10) (bottom curve). 

- For the top two curves {J is eq ual to 1.23 
(= 0.86/0.7) and 1.37 (= 0.96/0.7), respectively. 
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Fig. 13. Particle size fraction as a function o f a and fJ for the trai ned neural net. 

- The respective time-weighted slopes (a/fJ) for the 
two profiles to be identified are 0.9599 (min) and 
0.9631 (min), respectively. 

- From the above data a may be calculated for 
each of the respective profiles, which are 1.38 
and 1.53. 

- The learnt neural net establishes what particle 
size produces the sets {1.38, 1.23} and {L53, 
1.37} for {a., fJ}, according to the architecture 
given in Fig. 11. 

From Fig. 13 it is clear that the first set corresponds to 
a particle size fraction 2 (- 150 + 200 mesh) and the 
second to the size fraction 3 (- 200 + 325 mesh). For 
identification purposes this example would suggest 
that if the overall recovery decreases, the particle size 
distribution of the feed is too coarse. It is interesting to 
note that, in spite of only three training sets, the 
neural net could predict that for finer particle sizes the 
recovery increases and that in order to maintain a 
recovery the rate has to increase if the particle size 
becomes coarser. 

Identification of the particle size in the N changa 
rougher circuit: method 2. Whereas the batch identi
fication procedure as applied to the previous example 
applies eq. (13) to determine an estimate of a, eqs (9) 
and (14) are applied as the basis of identification 
procedure for method 2. 

If the particle size for the top curve in Fig. (10) is to 
be identified the following procedure is followed: 

- The final recoveries for the pivot concentration 
profile and profile to be identified are easily 
determined to be 70 and 96%, respectively 
(fJ = 1.37). 

- Equation (14) may be written as an approxima
tion for these profiles: 

Cay. piyot = 0.70 - 0.70/ [1 + (kr)piyotl" 

Cay. identify = 0.96 - 0.96/ [1 + (kr)identify]N 

from which (kr)piyot = 0.972 and (kr)identify 

= 1.449 may be calculated from the Cay values, 
which are 0.52 and 0.8 at cell no. 2, respectively. 

- Assuming 1: to be the same for both the profiles, 
an a value of 1.49 may be produced. 

- By the iterative application of eq. (9) this value 
may be refined, if the batch kinetic data for this 
process were available. 

- From fJ = 1.37 and the refined a value, an 
estimate may be made for the particle size. For 
a = 1.49 (first estimate) and f3 = 1.37 a particle 
size fraction 3 could be suggested by the appro
priate neural net (Fig. 13) as a first estimate. 

DISCUSSION AND SIGNIFICANCE 

A simple generalized approach was presented for 
the simulation and identification of batch and mixed
flow mineral processing and metallurgical reactors. 

The proposed generalized kinetic rate equation is 
process-independent and has been applied to simulate 
adsorption and reduction processes (Reuter and van 
Deventer, 1991), and flotation, leaching and precipita
tion processes, as shown in this paper. The parameters 
of the rate equation are related to the process condi
tions of the process under consideration by a trained 
neural neL 

It is also shown how the kinetic rate equation and 
a trained net:ral net may be implemented to perform 
process-independent reactor identification using kin
etic data from mineral processing and metallurgical 
processes and associated process data such as pH, 
reagent levels, temperature, pulp density, particle size, 
etc. 

The generality, compact nature and simplicity of 
the proposed kinetic rate equation cum trained-
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neural-net approach permits the development of 
a generalized process-independent and industrial
orientated reactor simulation and identification tool. 

C,Cn 

CaY 

Co 
£(e) 

k' 

k" 

k( C)n 

N 

R 
Rpivo( 

r n 
V, V,." 

Vd 

Vp , 

NOTATION 

concentration in a batch or mixed-flow 
reactor and discrete concentration at tn, 

dimensionless, ppm 
average concentration from a mixed-flow 
reactor, dimensionless, ppm 
initial concentration, dimensionless, ppm 
residence time distribution f(Vp , V,." 

V,I> "t, N), h - I 

rate constant in theoretical kinetic 
models, min-I, h- I 

mean rate constant calculated by eqs (13) 
and (14), min-I, h- I 

discrete ra te va riable as a function of C, 
min-I , h- l Valid fo r C. +l ~ C ~ Cn 

number of stages for mixed-flow reactors 
in series, dimensionless 
final recovery 
final recovery of pivot kinetic data 
time, min, h 
time corresponding to Cn, min, h 
total, mixed flow, plug flow and dead 
volume, respectively, used in £(e), m) 

Greek leeters 
0:, fJ adjustment factors > 0: function of 

neural net, dimensionless 
oe time increment, min, h 
t mean residence time (= reactor vol

ume/volumetric flow rate), min, h 
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Abstract-This paper proposes a new methodology to model ill-defined processing operations using neural 
nets (NNs). A process with many variables (large dimensionality) cannot be modelled adequately if limited 
process data are available. This problem of multidimensionality is addressed and an approach suggested to 
reduce the dimensionality using NNs. An NN is trained on process data for the global variable space, 
whereafter the first-order partial derivatives of the process are estimated with the NN and used to perform 
perturbation analyses. As a result, the variable space can be subdivided into subspaces with redul:ed 
dimensionality. The final product of this modelling methodology is a combined model of phenomenological 
expressions and NNs. The model can be incorporated successfully in a dynamic simulator of the process. 
A new approach to conduct modelling on the basis of continuous data collected directly from an industrial 
processing unit is also proposed. The modelling methodology is applied to a typical processing operation, 
i.e. the carbon-in-leach (CI L) process. 

INTRODUCTION 

In the chemical and metallurgical industry, a dynamic 
process model is usually developed by performing 
material, momentum and energy balances on the sys
tem, and differential equations are the standard 
language for expressing such models. Such equations 
can be formulated only if the chemistry and mechan
ics of the process are reasonably well-understood and 
the model parameters are known. This implies that 
a "deep" knowledge of the physical principles of the 
process should be available. Although such phenom
enological models have the ability to extrapolate be
yond the information associated with the modelling 
data, it is in most cases not possible to formulate such 
models, owing to a lack of understanding of the pro
cess. This places an obligation on the modelling en
gineer to construct an adequate model to be fully 
representative of an entire ill-defined system for which 
a phenomenological model cannot be formulated yet. 

The search for a modelling technique with the abil
ity to describe adequately an arbitrary poorly under
stood process is still in progress. Such a technique 
should be able to construct a mapping between pro
cess variables and functions so that these ill-defined 
relational mappings can be implemented as reliable 
models. Most importantly, it should have the ability 
to learn relations within those process domains which 
cannot readily be modelled by means of conventional 
techniques. In the search for modelling techniques to 

t Author to whom correspondence should be addressed. 

address this problem, various techniques have been 
investigaled such as empirical modelling, traditional 
regression analysis, as well as knowledge based sys
tems (KBS) or expert systems. 

Some recent work by Reuter et al. (1991) showed 
how KBS can be applied to simulate CIP (carbon
in-pulp) and CIL (carbon-in-Ieach) circuits. From 
batch reactor simulations, they constructed system 
variable profiles (such as gold concentration profiles) 
which could be coupled with the dynamics of the 
adsorption and kaching processes through a data 
base. Although KBS can be powerful modelling tools, 
constructing them is usually time-consuming and ex
pensive. 

Connectionist networks (neural nets) are mathemat
ical regression tools which seem to be very promising 
for a wide range of modelling problems. Although the 
field is still in its infancy, encouraging results of vari
ous applications have been published to date. Most 
research in neural nets (NNs) has focused on develop
ing classifiers and tools for recognition. NNs have 
also been used in the process industry in this regard, 
and substantial work is in progress to use NNs for 
process control, fault diagnosis and optical classifiers. 

Although process modelling forms an integral part 
of process engineering, little work has been done to 
employ NNs for modelling purposes. The main rea
son for this is the problem caused by high-dimen
sional variable spaces (malty process variables deter
mine the dynamics of a process), which are character
istic of process operations in general. This "problem of 
dimensionality" arises with all mode\1ing techniques, 
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but becomes even worse if an "intelligent inter
polator" such as an NN is to be used. In the present 
paper this phenomenon is defined and a practical 
methodology proposed to alleviate it. 

It will be shown how process identification can be 
conducted by means of an NN by analysing data 
which are representative of a process. The NN sorts 
the data and forms a "data base" that can be em
ployed to identify some features of a process. Firstly, 
the NN is employed to perform simple perturbation 
analyses in order to quantify the influences of the 
separate variables within different domains of the 
variable space. By doing so, less influential variables 
can be eliminated from a specific domain of the vari
able space and the dimensionality reduced accord
ingly. In a next step, the "data base" NN identifies 
mathematical relations, which in turn can be de
scribed through mathematical expressions, thus fur
ther reducing the "ill-defined" dimensionality. This 
results in a number of separate variable spaces or 
sLlbspaces, each one containing a function surface 
within the subspace of reduced dimensionality. Some 
variables within a specific subspace will be related to 
the function surface through mathematical expres
sions. The relations between the function and the 
remaining dimensions are ill-defined and can be 
mapped by using an NN. The final product is a com
bination of variable subspaces (with an NN to model 
the process within each), as well as a "global" NN 
which indicates which sllbmodel should be used. 

The CIL process will be used here to illustrate the 
proposed methodology for NN modelling. This pro
cess is a typical mineral processing operation used for 
gold recovery and is still poorly understood and, 
therefore, ill-defined. If an adequate simulation model 
for a weakly-defined process such as the CIL process 
can be formulated, it can be used in off-line control, 
where effects of changes in the control strategy of the 
plant can be predicted. A new approach to employ 
continuous operating data in order· to conduct pro
cess identification is also proposed. 

THE PROBLEM OF LARGE DIMENSIONALITY 

The phenomenon of large dimensionality is an ob
stacle in the way of effective modelling and is often 
referred to as the curse oj dimensionality (Bellman, 
1961). It can be defined synoptically as follows: con
sider a function J which is defined on an m-dimen
sional variable space Rm. Let Yj be the average num
ber of data points necessary within the jth dimension 
to represent the whole system sufficiently. Then the 
minimum number of data points needed (P) will be in 
the order of 

P = n j'j. (1) 
j= I 

This shows that the minimum amount of informa
tion (such as process data points) required to model 
a process adequately increases exponentially with 
a rise in the number of process variables. Inversely 
formulated, the addition of every single dimension 

will cause an exponential decay in information con
tained by a specific set of information for a process. In 
some cases it is costly and time-consuming to collect 
data from an industrial system or process. If a model
ling technique which successfully addresses the prob
lem of high dimensionality can be developed, the 
required number of measurements can be reduced 
accordingly. In other cases it may even be impossible 
to expand an existing data set, so that the optimal 
amount of information should be gained from such 
a set of data. 

Several methods have been suggested recently by 
different authors to improve function approximation 
in high-dimensional variable spaces. The theory of 
regularization networks which includes task-depend
ent clustering has been described by Poggio and 
Girosi (1990). Mavrovouniolltis (1990) proposed al
ternative NN structures that contain much fewer con
nection weights than a three-layered percept ron and 
are organized in a hieran.:hical fashion. Cherkassky et 
al. (1991) developed a modilication of Kohonen's self
organizing maps which they called cOllstrailled 
topological mapping (CTM). They compared the 
CTM algorithm to back propagation NNs and con
ventional approaches to regression, such as projectioll 
pursuit. Their comparisons demonstrated general 
superiority of the proposed CTM algorithm, both in 
terms of generalization (interpolation) and computa
tional speed. Although the advamages gained in com
putation were quite remarkable. this approach offers 
only a slight improvement over back propagation 
NNs if both regression models are implemented in 
a straightforward fashion. The CTM algorithm will 
not be able to perform adequate function approxima
tion in variable spaces of most chemical and metal
lurgical processes where available process data are 
limited and dimensionality is usually quite high, if 
implemented without some external form of dimen
sionality reduction. 

Cherkasskyet al. (1991) stated that there are mainly 
three approaches to non-parametric multivariate re
gression analysis used by statisticians. The first ap
proach, additive models, assumes that functions can be 
approximated as a linear combination of several 
univariate functions. However, this approach may 
neglect some non-linear interactions among the vari
ables. Projection pursuit (PPj regression as a second 
approach, approximates a function by a sum of non
linear functions of linear combinations of the vari
ables. Although PP performs well in high-dimensional 
space, it is poorly suited to deal with highly non-linear 
function surfaces. A third approach, recursive par
titioning (RP), partitions a variable space of inde
pendent variables into disjoint subspaces. The func
tion is then approximated through spline fitting in 
each subspace. The performance of this technique for 
functions with complex non-linear interactions 
among many variables is not known. 

The technique of local variable selection provides 
a powerful tool for function approximation in high-
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dimensional spaces. Several statistical methods make 
use of this approach, including CART (Breiman et ai., 
1984), MARS (Friedman, 1991a, b) ID3 (Quinlin, 1983; 
Schlimmer and Fisher, 1986; Sun et ai., 1988) and C4 
(Quinlin, 1987~ Algorithms such as GMDH 
(Ivakhnenko, 1971; Ikeda et ai., 1976; Barron et ai., 
1984) and SONN (Tenorio and Lee, 1989) use similar 
principles to approximate functions. Most of these 
algorithms use tree structures to portray the selective 
and sequential incorporation of the input variables. 
Sanger (1991a, b) proposed a tree-structured adaptive 
network. The learning procedure of this network com
piles a tree, the structure of which depends upon both 
the input data and the function to be approximated. 
On a related note, various authors in the NN field 
such as Mozer and Smolensky (1989) and Kamin 
(1990) proposed methods of clustering by pruning 
less significant hidden nodes in order to simplify the 
NN structure with resulting improvement in general
ization properties. 

A further trend in the development of input-output 
models for non-linear systems is the use of non-linear 
time-series techniques, such as the non-linear auto
regressive moving average with exogenous inputs 
model (NARMAX) of Leontaritis and Billings (1985). 
In general, NARMAX models consist of polynomials 
which include linear and non-linear terms combining 
the inputs, outputs and past errors. A special case of 
the NARMAX model, the non-linear autoregressive 
model (NAR) was recently proposed by Raich et al. 
(1991). 

van der Walt ec al. (1991) proposed a new model
ling methodology which also addresses the problem of 
dimensionality in a practical way. This paper extends 
and refines this methodology further. It should be 
emphasized that this approach deals with external 
and localized reduction of dimensionality, while most 
other authors have addressed the problem in an inter
nal fashion by reducing the complexity of the model 
itself without investigating the external features of the 
function to be approximated. 

MODELLING ON THE BASIS OF CONTINUOUS DATA 

In practice, a model compiled on batch data needs, 
almost without exception, to be adjusted considerably 
if it is to be incorporated in a simulator for a continu
ous process. Hence, process identification should pre
ferably be conducted on the basis of continuous data. 

The dynamics of a continuous reactor can be de
scribed by performing material, momentum and 
energy balances over the reactor. Equation (2) repres
ents a typical material balance equation for a sub
stance X in a CSTR: 

dX 
1: - = X in - X out + f 

dl 
(2) 

The I term represents the reaction(s) which take place 
within the reactor and, if I can be modelled, it is 
possible to describe the dynamics of the reactor com-

pletely. This reaction term can be expressed in terms 
of the other three terms of the latter equation: 

dX 
1= 1:-- X in + X out • 

dt 
(3) 

The terms on the right-hand :;ide of eq. (3) should be 
measurable so thatl can be calculated under various 
circumstances with this expression. At the same in
stant when f is determined, other process variables 
which may have an effect on f are evaluated as well 
and combined with I to form a process data point. 
These data points can be used by the process engineer 
to develop a model for f In the case of an NN 
modelling approach, the data set consisting of the 
above-mentioned data points is employed as a "train
ing set" by an NN training program to learn the 
relations between the different process variables and 
the reaction function. 

NEURAL NETS 

NNs are highly flexible non-linear regression ana
lysis equations originating from attempts to capture 
a number of facts related to brain function and struc
ture. They have certain attractive features such as 
a high degree of parallelism and powerful associative 
memory properties, and can in some cases rapidly 
compute near-optimal solutions to highly constrained 
optimization problems. The influential universal ap
proximalion theorem of Hornik el al. (1989) states that 
multilayered feedforward networks with only one 
hidden layer are capable of approximating any 
measurable, bounded function with a finite number of 
discontinuities, from one finite dimensional space to 
another with any degree of accuracy, provided suffi
cient hidden nodes are available. This implies that an 
NN can fit any curve between process variables and 
functions. NNs thus seem to be promising tools for 
modelling. 

As yet, little research has been done on applications 
of NNs in the chemical and metallurgical environ
ment. Research in this regard has focused mainly on 
relatively simple applications where little information 
is required. The reason for this can be the "curse of 
dimensionalityfl. Applications already investigated in
clude fault diagnosis in chemical processes, with work 
done amongst others by Watanabe et ai. (1989) and 
Hoskins et al. (1991). Kramer and Leonard (1990) 
used NNs for fault diagnosis purposes and preferred 
traditional classifiers to NNs. 

The application of NNs for modelling purposes still 
has to be exploited to a large extent. Bhat et al. (1990) 
used a three-layered NN to model non-linear chem
ical processes. They considered whole chemical sys
tems as "black-boxes" without distinguishing between 
known features of the system and obscure areas with
in the system. It should be more effective to use NNs 
only within those areas where a mathematical model 
is not suitable. The problems caused by high dimen
sionalities have not been addressed either. 
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Archilecture of a lypical N N 
Various NN topologies, neuron transfer functions 

and training methodologies have been proposed. 
Lippmann (1987) gave an introduction to some of 
these str~ctures, such as Hopfield nets, Hamming 
nets, Carpenter/Grossberg classifiers, perceptrons, 
multilayere": nerceptrons and Kohonen self-organiz
ing feature maps. Recent success in connectionist net
work research is mainly attributed to the achieve
ments in multilayered perceptrons with backpropaga
tion training algorithms. The NN used for the pur
poses of this paper is a three-layered perceptron, the 
architecture of which will now be discussed. 

The three-layered perceptron consists of three 
layers of nodes, viz. (I) an input layer containing 
ml nodes (including a bias node), (2) a single hidden 
layer (m2 nodes) and (3) an output layer with 
1113 nodes. This NN is illustrated in Fig. 1. Nodes of 
adjacent layers are connected and these connections 
quantified with weights. The weight matrix of 
a trained NN contains the information about a pro
cess under investigation. Each node is characterized 
by an activa tion function ¢. During the first step of 
a feedforward calculation of the NN, the values of the 
process variables as contained in a training data 
point, are fed to the input nodes. Each process vari
able is associated with a different input node. An 
additional input node, the bias node with a constant 
value of I , provides additional degrees of freedom 
which enable a fitted curve to be moved up or down in 
the variable space. Each node n in a layer z has two 
important features, namely the node input x:,n and its 
activity Y:, •. The activity Y:,. of a specific node is 
a function of its input X: , .' Equation (4) gives a nota
tion of such an activation function: 

input 
layer 

hidden 
layer 

output 
layer --

(4) 

Fig. 1. Architecture and nomenclature o f a three-layered 
percept ron . 

The input to each hidden node (z = 2) is calculated 
with eq. (5). It equals the sum of the products WijYl,i, 

where wij is the connection weight between input node 
i and the hidden nodej, and Yt.i is the activity of input 
node i. The bias node activity and its corresponding 
weight are also taken into account 

"'I 

X2,j = I WijYl,j + T j . 
;=1 

(5) 

The input to node k in the output layer (z = 3) has 
a similar form, namely, 

... , 
X3,k = I WjkY2.j · 

j=l 

(6) 

Each node in the output layer is associated with 
a function to be approximated. The output of the NN 
is simply the activities of the nodes in this layer. 

The activation functions of nodes are chosen ac
cording to the requirements of the application. The 
three-laye red perceptron used for the purposes of this 
paper contained linear nodes Ceq. (7)J in the input and 
output layers, as well as sigmoidal hidden nodes Ceq. 
(8)]: 

1>Ax:. n ) = X: .• 

1 
<p:(x: .• ) = I + e- x , ,"' 

Training an N N 

(7) 

(8) 

The training process ofNNs is an important part of 
NN research. It usually involves optimizing a weight 
matrix of an NN so that the NN will imitate the 
mapping between a number of system variables and 
functions. The backpropagation algorithm, as de
scribed by Rumelhart el al. (1986), is used by our NN 
training program, which incorporates the conjugate 
gradient (CG) optimization algorithm with restart 
procedures of Powell (1977) as optimization method. 
During each training iteration all weights of the NN 
are adjusted in such a way as to decrease the value of 
an objective function. Most NN training programs 
employ the LMS error function as an objective func
tion and the net used here is no exception. 

Two main steps can be identified during each iter
ation of training, viz. 

(1) determining the gradients of the error function 
with respect to each weight in the network by 
presenting all training examples once to the net, 
and 

(2) adjusting the weight matrix by means of an 
optimization method. 

The first step in calculating the error-weight 
gradients (step 1) is performed in the following sub
steps, for each training example, respectively: 

(i) A training example is fed to the input layer. 
The activities of all nodes in the net are cal
culated during a feedforward step as described 
in previous paragraphs. 
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(ii) The nlue of the error function at each output 
node is calculated. 

(iii) During a backward sweep the gradients with 
respect to all weights are determined via the 
procedure of backpropagation. 

It is very important that an effective optimization 
method be used during step 2. The CG method is 
usually able to locate a minimum of a multivariate 
function much faster than the steepest descent algo
rithm with momentum which is customarily em
ployed with back propagation. Furthermore, its 
memory usage is of the order of N (number of weights) 
locations. Also important to note is that the CG 
technique eliminates the choice of critical parameters, 
such as the learning rate and momentum parameters 
of the steepest descent algorithm. On the other hand, 
like all gradient descent optimization techniques, the 
CG algorithm can con verge into local minima, which 
is a major drawback . 

CONSTRUCTING AN NN PIlENOME 'OLOGICAL MODEL 

The procedure followed to compile an NN 
phenomenological model is conducted through 
a number of steps. I n the first instance, a global NN is 
trained with all process data points. This global NN is 
used to divide the process variable space into sub
spaces. This division is done by performing a per
turbation analysis on the training data set, whereafter 
these same perturbation results are used to identify 
less-influential variables within every individual sub
space. These non-significant variables can then be 
eliminated. The dimensionality of the various sub
spaces is, thus, reduced and the population density of 
the training data points increased accordingly. Dur
ing the next step, an NN is trained for each subspace 
on data points containing only the values for the 
significant variables within a specific subspace. Such 
NNs have fewer input nodes and should, therefore, be 
able to perform · improved curve fittings due to a re
duction in the degrees of freedom. Hence, the general
ization or interpolation properties of the NNs should 
be better as well. The trained NN of each subspace is 
now employed to identify simple mathematical rela
tions between a function and certain variables within 
a subspace. The remaining dimensions with unknown 
relations to the function can now be mapped during 
a further step by an even simpler NN. The result will 
be an empirical model consisting of a combination of 
phenomenological expressions and small NNs. 

Perturbation analysis 
The approach to perturbation analysis proposed 

here is similar to conventional sensitivity analysis 
[examples Wong and Rabitz (1991) and O'Sullivan 
(1991)], but goes further than those methods since 
sensitivities local to specific areas are eventually used, 
as will be explained below. 

The partial derivative of a function with respect to 
a specific dimension is indicative of the relative influ-

ence of the corresponding variable on the function. If 
all the first-order partial derivatives of a multivariate 
function are known at a specific variable space co
ordinate, these derivatives can be used to compare the 
relative influences of the different variables on the 
function at that location in variable space. Less 
influential variables can then be eliminated locally 
from the variable space, resulting in subregions with 
reduced dimensionality. 

A description follows which shows how the first
order partial derivatives of a three-layered perceptron 
can be calculated analytically. 

The first-order partial derivatives of an N N . The 
notation used below has been defined in Fig. 1. The 
first-order partial derivative of NN output Y3.k with 
respect to NN input x l.i is 

0Y3.k I OY3.k OYZ.j °Yl.i 
OX I .i = j= I OYZ.j 0Y l .i OX I. i · (9) 

Substituting X:. n in eq. (4) with X l. j or eq. (5), the 
activity of a hidden node j can be expressed in the 
form 

Y2 .j = <PZ[X2jYl.l .. . Yl .i · .. Yl. (m, -l ))]. (10) 

Applying the chain rule of differentiation to eq. (10) 
leads to the expression 

OY2 .j O<P2 OX2.j 
(11) 

From eq. (5) it follows that: 

i3x2 • j 
--= wij . 
°Yl.i 

(12) 

If the latter two equations are combined, eq. (II) can 
be written as 

OYz.j O<P2 
--=--wij_ 
OYI.i OX2.j 

(13) 

The same procedure can be conducted to compute the 
partial first-order derivatives of the output node activ
ities with respect to the activities of the hidden nodes. 
The result is 

OY3.k O<P3 
--=--Wjk· o Y2 .j OX3.k 

(14) 

The inputs to the nodes in the input layer (Xl.i) are 
simply the input variable values, so that 

The first-order partial derivative 
perceptron can now be finalized 
(13HI5) with eq. (9): 

( 15) 

of a three-layered 
by combining eqs 

The superscript s in the generalized equation (16) 
indicates that the first-order partial derivatives of 
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a scaled function y'3 .k> approximated in a variable 
space with scaled variables xL, is described by eq. 
(16). 

It is very important to scale the values of the vari
ables and functions (input--<>utput data pairs) appro
priately. There are three principal reasons for this. 
Firstly, the input node activities of the NN should be 
small enough that the hidden nodes are not saturated, 
i.e. their absolute values should not be too large. 
Otherwise the network will end up in an unacceptable 
local minimum. Secondly, it is imperative that the 
input values to the net are of the same absolute order. 
During training, each weight is adjusted according to 
the overall smallest error-weight gradient. The error
weight gradient is proportional to the magnitude of 
the input node according to back propagation. A very 
small input node will, thus, prevent the weight con
necting it to the hidden layer to make a significant 
contribution to the objective function and will slow 
down the training process. Thirdly, whilst learning is 
'complicated if highly curved function surfaces are 
required, NNs can easily lea rn smooth relations. 
Thus, scaling which smooths out highly convoluted 
dimensions is desirable. 

The NN-predicted function values should be scaled 
back to their true values. The same principle is valid 
for the NN gradients. The first-order partial derivat
ive of the true function Y~ . k in relation to the true 
values of a variable X'l.i can be computed after trans
forming eq. (16), as will be explained. 

Consider Y~ . k and X'l.i to be scaled according to the 
scaling functions 0: and {3, i.e. 

Y~ . k = 0:(y'3,k) 

xL = {3(X'l.J 

The inverse scaling functions (j and 0 are 

yj .k = (j(y~.d 

X'J.i = o(xL)· 

(17a) 

(17b) 

(18a) 

(18b) 

The first -order derivatives of eqs (18a) and (18b) can 
now be used to transform eq. (16) to the form 

aY~ . k = (dXII.i)-1 (dY:. k ) aY~.k. ' (19) 
ax J.i dxL dY3.k axL 

An analytical equation has been derived, which allows 
us to calculate the partial gradients of a function 
within an unscaled variable space, if the function is 
approximated by an NN trained on scaled data. 

It was mentioned earlier that the NN used in this 
paper contains sigmoidal hidden nodes, as well as 
linear input and output nodes. The derivative of the 
linear activation function of eq. (7) is unity. The sig
moidal activation function of eq. (8) has a derivative 
which can be reduced to the form 

a<pz 
-a - = Yz .• (1 - y: .• ). 

X z • n 

(20) 

For the relevant NN, eq. (\9) can be simplified to the 

following expression: 

Cyj .k _ (dX11 .i)-1 (dY3.k ) ~ 
~ . I - d S d'" L- h . j 
CXl.i Xl .i .n.k j=l 

x(1 - Y2 . j)WijWjk ' (2\) 

With eq. (21) available, it is possible to compute the 
estimated partial gradients at different coordinates of 
a multivariate function with an NN, which was 
trained on scaled data representing the relationship 
between the function and its variables. 

Procedure for perturbatioll allalysis. It has been ex
plained that perturbation analyses are performed at 
various coordinates within the variable space. Prior 
to each analysis, the NN state (activities of the NN 
nodes at the specific coordinate) is calcula ted . During 
the next step, eq. (21) is used to determine all the 
partia l derivati ves of the function (correspo nding to 
an NN output node) a t the specific coo rdinate in 
variable space. Each partial derivative co rresponds to 
a specific input node. 

In man y cases, the pa rtial deri va ti ves at a co
ordinate will differ by o rders of magnitude owing to 
an equally large difference between the values of the 
variables. It is important to adjust the partial derivat
ives at each coordinate so that the magnitudes of the 
modified gradients can be compared mutually. This is 
done by multiplying eq. (21) with the appropriate 
variable value 

,OY') 
PpVp. i = Xl . i-~-,

ox I.i 
(22) 

where ppv p. i is the preliminary perturbation value for 
the ith dimension or variable at location p. (From now 
on it is assumed that only one function needs to be 
estimated and, thus, the subscript k on the output 
activities will be eliminated.) 

A suitable criterion has been developed which rep
resents the quantified influences of the different vari
ables on the function so that they can be compared 
mutually. 

The next criterion of analysis is the relative per
turbation value (rpv), which is a scaled version of the 
ppv and emphasizes the relative importance of each of 
the variables. The rpv of the ith dimension at the pth 
location can be determined using eq. (23) as 

PpVp. i 00 
rpv p.i = x 1 %. (23) 

Ppvmu• p 

Here ppv max. p is the largest ppv at the pth location. 
After determining the perturbation criteria values at 
all locations to be investigated, the influences of the 
different variables on the function are now quantified 
throughout the variable space so that the magnitudes 
of these average perturbed values can be compared 
directly. 

Dividing [he variable space inco subregions. The per
turbation results can now be used to identify bound
aries between subspaces on the basis of eliminating 
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different non-significant variables from neighbouring 
subspaces. A "cut-off~ value for each rpv can be 
specified in order to divide the global variable space 
into subregions. A subregional boundary is identified 
within variable space at the points where the rpv of 
a specific dimension becomes smaller than the rpv 
cut-off. The dimensionality of a specific subregion is 
reduced by eliminating the dimension of which the 
rpv is smaller than the rpv cut-off. In practice, bound
aries which are too close to the edges of the training 
set are also disallowed, because the global network 
tends to be inaccurate in these regions. 

The resulting subregions are similar to the sub
regions of the MARS algorithm (Friedman, 1991a, b), 
but, whereas MARS creates hyperrectangular sub
regions, this method can create more general geomet
ries. Further differences between this approach and 
MARS centre on the use of sigmoidal relations rather 
than splines, as well as linear combinations of the 
input va riables inst<!ad of products. 

DYNAMIC SIMULATION OF A TYPICAL PROCESSING 

OPERATIOi\ 

The NN modelling methodology proposed in this 
paper is illustrated using a typical metallurgical pro
cessing operation as example. The CIL process is 
a gold-recovery process which still holds numerous 
secrets concerning its reaction mechanism. Various 
phenomenological models have been developed for 
this processing operation. Although some of these 
models can be used successfully to predict the dy
namics of the process within certain operating do
mains, their domain specificity is a major drawback 
for full-scale industrial implementation. 

In order to illustrate the mentioned methodology, 
artificial data points were generated by using process
variable profiles together with the material balance 

equations (25H27). This procedure of data generation 
will be described in greater detail below. 

In the next few paragraphs the CIL processing 
plant layout, the material balance equations repres
enting the process dynamics, as well as the phenom
enological model describing the process kinetics, are 
described. 

The CI L gold-recovery process 
CI L plallt layout. In Fig. 2 the CIL cascade is illus

trated schematically. It consists of N adsorption reac
tors in series. Countercurrent flow of gold ore slurry, 
containing gold cyanide in solution, takes place 
through the cascade. There is a constant slurry stream 
down the cascade. Carbon is transferred periodically 
upstream, during which an upstream slurry flow also 
takes place. Q[ is the volumetric flow rate of the slurry 
stream entering the cascade from the leaching section 
into the first reacto r. The volumetric flow rate of the 
slurry, which is transferred upstream during carbon 
transfer periods, is expressed by Qs . The volumetric 
flow rate of the total down flow slurry stream (Q[s) 
from the ith reactor can be calculated as follows: 

Q[s; = Q[ + Q, ... I ,' i = 1, ... , N. (24) 

During the interva ls when no carbon transfer takes 
place, Qs is non-existent and Q[s equals Q[ for all 
reactors. 

Material balance equations. The dynamic behavi
our of the CIL cascade can be simulated through 
a number of differential equations representing mater
ial balances for gold within the different phases. Equa
tions (25H27) describe the gold mass balances over 
each reactor in the liquid, carbon and ore phases. The 
gold concentration in the liquid phase is represented 
by C, while q and G are the average gold loading on 

ReBClor 
1 

Jlh 

ReBclor 

Ot -

carbon 

LBSI 
ReBClor 

N 

Elu ted J -- -,<-_ _ ....J OSN 

Fig. 2. Flow sheet of the ell process. 

j 
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the carbon and the average gold grade in the ore, 
respectively. The masses of ore and carbon within 
a specific reactor are M and W, respectively. The void 
fractions and densities of liquid (I), ore (0) and carbon 
(c) are expressed by £ and p, respectively. 

Gold balance in liquid phase for stage 1: 

(25a) 

Gold balance in liquid phase for stages i = 2, . . . , N : 

de c, V '- ,., Q C 
£" i-d - ( ) s,+, i +1 

t £" . , + CO l . I 

G o ld balance o n carbo n fo r sta ges i = I , ... , N: 

Gold balance on ore for stage I : 

Gold balance on ore for stages i = 2, . .. , N : 

dCi eo;., 
M i -= )Qso+,POCi + 1 

dt (e"., + eo,., 

Iffl./2 andf3 are known, these differential equations 
can be solved by numerical techniques such as the 
fourth-order Runge-Kutta integrator. These three re
action terms can be expressed in numerous ways 
through different modelling techniques. If a data base 
which captures the knowledge of the process kinetics 
(KBS) is available for f1./2 andf3, their values can be 
determined at each instant in time during a simulation 
run. The same holds for phenomenological, regression 
analysis or NN models for the reaction functions. 

Kinetic and equilibrium models. The model em
ployed by a phenomenological model simulator (dy
namic simulator incorporating a phenomenological 
model) was used to generate artificial data points for 

the CI L process. fl , f2 and f3 in eqs (25}-{27) are the 
kinetic reaction terms and can be described by the 
following equations according to the film diffusion 
model for adsorption onto the carbon surface and an 
empirical expression for the process of leaching oc
curring within the Cll cascade: 

6k,Wi f, = --(C - C.) 
- Pede's, 

f3 = - k,Mi(C i - Gi )2 

fl = - (f2 + f3 l. 

(28) 

(29) 

(30) 

The equilibrium at the carbon surface is described by 
the Freundlich isotherm as 

C = -( 
q )1 /" 

s A (31) 

where A a nd 11 a re the equilibrium parameters, speci
fied to be 10 and O.IS, respectivel y, for the specific 
carbo n. Further pro perties of the carbo n is a density 
(Pc ) of 900 kg m -.1 a nd a n average particle diameter 
(del of 1.0 mm. The adso rptive and leaching coeffi
cients (I" and k,) are ass umed to remain constant at 
10 - 5 m s - I and 1.2 kgnrc 9 ~ul S - 1, respectively. The 
grade of gold in the ore after infinite leaching time 
(G"') was specified to be 8 x 10 - 0 gAu kg.,-;'~. 

Constructillg all artificial data set 
During simulation runs with the phenomenological 

model simulator for the CIL process, variable profiles 
were constructed which covered the process domain 
in which the simulation runs were completed as por
trayed in the final part of this paper. Using these 
profiles with the balance equations (25}-{27), fl, 
f2 andf3 were calculated and the values of C, q, G, M 
and W registered together with the three reaction 
terms. This was done in order to illustrate how con
tinuous data can be gathered for modelling purposes, 
as explained earlier. The values for M and W were 
varied between 400-SOO tons and 12-22 tons, re
spectively. All simulations were done at fixed reactor 
volumes of 7S0 m J for all stages. The values of fl, 
f2 andfJ of these data points (variable-function pairs 
with 5 input variables and 3 output functions) were 
then randomly corrupted with IS% Gaussian noise. 
The first training set, thus, contained 800 noisy data 
points which is typical of an industrial system. After 
scaling the values of the data points, this training set 
was employed to train an NN which in turn was used 
to perform perturbation analyses on the training data 
set. 

Scaling the training data 
The input-output data pairs for the CIl example 

were scaled as illustrated in Fig. 3. The variables C, 
q and G varied over a few orders of magnitude and 
were therefore scaled logarithmically. M and W were 
linearly scaled. All scaled values were transfo rmed 
into the range - 3.S-3.S. Figure 4 illustrates the distri
bution of the scaled va riables. It shows that the num-

Stellenbosch University  https://scholar.sun.ac.za



Dynamic modelling of ill-defined processing operations 1953 

r 1 sea/sc! 

Fig. 3. Architecture of global NN trained on process data o f CI L proc.:ss. 
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Fig. 4. Normalized distribution of scaled values for variables in training data se t. 

ber of scaled values for all variables C, q, G, M and 
Ware more or less symmetrically distributed around 
zero. This could be expected for M and W which are 
scaled linearly, and also shows a favourable situation 
for training with the logarithmically scaled values for 
C, q and G. 

Training an N N 
The search for an adequate NN for a specific ap

plication is very important. A number of factors 
should be considered prior to training an NN. One of 
these factors is the number of hidden nodes to be 
specified. Although techniques have been proposed by 
Huang and Huang (1991) as well as Baum and 
Haussler (1989) to determine an optimal NN config
uration for NNs used as binary classifiers, no effective 
procedure exists to estimate this optimal architecture 

for NNs employed as function approximators. An 
excessive number of hidden nodes will cause bad 
generalization properties, so that the NN would not 
be able to interpolate effectively between adjacent 
training data points. As opposed to this, too few 
hidden nodes will limit the competence of the NN to 
locate an adequate mapping between functions and 
variables. An iterative approach is, therefore, em
ployed to determine the appropriate number of 
hidden nodes: various networks with different num
bers of hidden nodes are trained, and the network 
with optimal test set performance is chosen. 

A number ofNNs were trained with the five-dimen
sional training data set containing 800 data points. 
The different training runs were performed with differ
ent initial weight matrices and differing numbers of 
hidden nodes. The generalization properties of each 
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net were evaluated with a test data set composed of 
400 data points not used during training. The NN 
which performed the best on ' the test data set was 
found to have 10 hidden nodes in this case. It has been 
proved that NN training algorithms with gradient 
descent optimization procedures converge more easily 
to a satisfactory weight matrix if noisy data are used. 
This was also the case for the NN trained here. This 
trained NN was used to perform perturbation ana
lyses on the training data. 

Perturbation analysis and eliminat ion of less significant 
variables 

Perturbation analyses were performed at each of 
the 800 training data points. In this process, the orders 
of magnitude of the variables C and q are highly 
co rrelated, and the other three va ri ables are of sec
ondary impo rtance. Consequentl y, the perturbation 
analysis is perfo rmed as a function of C only. Thus, 
the rpvs of the reaction funct ions fl , f2 and f 3 as 
a function of this va ri able (ignoring a ll others) are 
shown in Figs 5-7. It is impossible to plot the rpvs of 
all va riables in a five-di mensional va riable space and 
it will be unsuitab le to show a complete set of graphs 
for the rpvs within single dimensio ns. 

Figure 5 portrays the perturbation results offl and 
shows tha t all five varia bles play significant roles as 

rpv 1'J1.) 

100 

80 

eo 

~o 

20 

oL-~=-~~~~~~~~~~~~~--~ 

0 .001 

-- c --Q -e-o ...... 1.4 ···· w 

Fig. 5. Rpvs of the fi ve variables of the elL example-per
turbation results for f l through the global variable space. 
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Fig. 6. Rpv perturbation results for react ion functi on f2 ' 

variables of fl' Notable is the strong infl uence of q on 
fl within the high-C region and the drop in signi
ficance of q towards the region of lower C-values 
within the variable space. This corresponds to the 
Freundlich isotherm of eq. (31). Although it should be 
possible to determine an rpv-cut-o!f in an automated 
way, a suitable cut-off (rpv < 10%) was selected by 
hand in order to illustrate this technique. According 
to this, the variable space is divided into two sub
spaces at approximately C = 0.2 g m - 3. It can also be 
noted that G plays an increasingly important role at 
lower C-values, confirming the role played by the 
leaching term in the phenomenological model for f l ' 

It can be observed from Fig. 6 that C and W play 
relatively strong roles in determining f 2 throughout 
the variable space. Also notable is the strong in fl uence 
of q on f 2 wi thin the high-C region and the drop in 
sign ifi cance of q to wards the region of lower C-val ues 
within the va riable space. The rpvs fo r G and M re
mai n rela tively small thro ugh the CI L va ri able space, 
so that these two varia bles can be completely elimin
ated as varia bles fo r f 2' These observa tio ns co rres
pond to the phenomenological eX[1ressio n fo r f2 [eq. 
(28)]. 

The perturbation results in Fig. 7 confirm the de
pendence of f3 on G and M. It shows that the dimen
sions for C, q and W can be eliminated (rp vs < 10%), 
thus reducing the dimensionality of the variable space 
for f3 drastically. The higher rpvs fo r G, if compared 
with those of M, a re attributed to the quadratic rela
tion betweenf3 and G. The variable space for f 3 is not 
subdivided. 

The variable spaces of fl and f2 have now been 
subdivided into two subspaces each. The first sub
space of fl (for C > 0.2 g m - 3) is five-dimensional, 
while the dimensionality of the second subspace 
(C < 0.2 g m - 3) has been reduced to four. In the case 
off2 , its first subspace contains three dimensions (for 
C, q and W). This subspace is adjacent to the second 
subspace with dimensions for C and W only. The 
undivided variable space for f3 has two dimensions (G 
and M). 

Identifying mathematical relations 
During the following step, different simplified NNs 

are trained for the different subs paces of each func
tion. These NNs (2 for fl , 2 for f2 and a single one for 
f3) are employed to identify mathematically simple 
relations between the functions and their variables. 
The procedure is explained with reference to the NN 
for f3' At different domains within the variable space, 
the value of M is varied, while G is kept constant.h is 
calculated at these different coordinates. Figure 8 ex
hibits the predicted curves at three distinct values of 
G. It confirms the direct proportionality between 
f3 and M. The curves can be forced through the origin, 
so that f3 can be expressed as fo llows: 

(32) 

where r3 = o:( G). 
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Fig. 7. Rpv pert urba tio n results ro r reaction runctio n fJ . 
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The same procedure was performed for 12 and W, 
and eq. (33) displays the simplified functions: 

(33) 

where 

and 

r2 = {3(C) 

Although the relevant NNs for II predicted linear 
relations between fl and W, as well as II and M, the 
mathematical relations could not be isolated from 
the "ill-defined" dimensional space. This is due to the 
presence of two terms in eq. (30). 

If the assumption can be made that some a priori 
knowledge about the CIL process is available, such 
knowledge can be applied to simplify the modelling of 
fl' It should be emphasized that this NN approach to 

CES 48:11-C 

modelling is not intended to replace existing model
ling techniques, but should contribute to the model
ling tool kit.. If it is known, for example, that the gold 
mass balance in the liquid phase is dependent on an 
adsorption and leaching process, eqs (32) and (33) can 
be combined to describe fl as 

(34) 

The result: an N N -phenomenological model 
According to the relations of the model equations 

(32}-{34), an NN-phenomenological model with five 
NNs (two nets for each C-interval for r2 and a net for 
r3) was compiled. These NNs were trained on exactly 
the same training data as the NNs trained earlier. The 
NNs of '3 and the lower C-range subspace network 
model of' 2 had only one input node in addition to the 
bias node, while the NN for '2 within the higher 
C-range contai ned two input nodes only. The dimen-
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sionality of the "ill-defined" parts of the system has, 
thus, been reduced considerably from a five -dimen
sional one to an ill-defined dimensionality of only 
2 (function r2 for C > 0.2gm- 3

) and I (functions 
r2 for C < 0.2 g m -3 and r3) by means of the tech
niques described above. This new model was used to 
replace the phenomenological model in a dynamic 
elL-cascade simulator. At each time step, 11,12 and 
13 could now be calculated by eqs (32H34) during 
a simulation run. 

A second NN model was constructed for 11 '/2 and 
13 using the five-dimensional variable space. This 
model consisted of three NNs (one net for each of 11, 
12 and 13) which were trained with the same data 
points used to develop the NN phenomenological 
model. An NN with only one output node will more 
easily learn the mapping between this single function 
and its variables as opposed to an NN with more 
output nodes. This was the reason for training separ
ate NNs for the different reaction functions. Each one 
of these NNs had five input nodes for the five vari
ables involved. This NN model was developed to 
show the inadequacy of implementing an NN model 
of high dimensionality in a straightforward fashion, as 
compared to the effectiveness of the model proposed 
in this paper. 

COMPARING SIMULATION RESULTS 

A dynamic simulator was developed which solved 
the differential mass balance equations (25H27) by 
incorporating the three different models for 11, 12 and 
13 ' The predictions of the phenomenological model 
simulator can be used as a basis of comparison. Figure 
9 illustrates some results of simulation runs completed 
with the three different models under the same start
ing conditions. Fifty per cent of the carbon contents of 
each reactor is transferred every 12 h over a transfer 
period of half an hour. I t should be apparen t from this 

figure that the NN phenomenologica l model is much 
more accurate than the NN model of high dimen
sionality. Although the concentration profiles of Fig. 
9 represent only a small part of the simulation results, 
the same conclusions can be drawn from the 
simulated variable profiles of each elL reactor. 

The superiority of the simulation results with the 
NN-phenomenological simulator (reduced dimen
sionality) to those of the N N-model simulator is 
mainly due to the large reduction in ill-defined dimen
sionality and an associated improvement of the 
model. 

CONCLUSIONS 

It has been explained how process data can be 
collected directly from an industrial operating unit, 
and a new technique to conduct process identification 
on the basis of such continuous data was proposed. 
A novel modelling approach using NNs has been 
developed and a typical metallurgical process, the 
elL process for gold recovery, was used to demon
strate how modelling can be conducted along this line. 

In chemical processing, process identification usu
ally deals with problems caused by high dimensional
ity. This ~curse of dimensionality" becomes even 
worse in the case of NN modelling. A simple per
turbation analysis method was proposed, which uses 
an NN to estimate the first-order partial derivatives of 
a multivariate function . These partial gradients in 
turn were employed to quantify the relative influences 
of different variables on a function. This forms part of 
the broader methodology for modelling on the basis 
of connectionist networks. The perturbation results 
can be used to subdivide a variable space into sub
spaces, after which less sigllificant variables could be 
eliminated, thus reducing the dimensionality of a sub
space accordingly. N Ns were then emplo.yed to 
identify mathematicall y definable relations between 
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a function and certain variables. During the final step, 

NNs with low dimensionalities could be trained to 

capture the ill-defined relations between a function 

and the remaining variables for each subspace. This 
model (a combination of phenomenological expres
sions and NNs) was incorporated in a dynamic simu

lator for the elL process. The performance of this 
process was successfully predicted by the simulator. 

NOTATION 

A Freundlich isotherm parameter 
C gold concentration, g m - J' 

d average diameter of solid particles, m 

J reaction term in mass balances 
G grade of gold in the ore, g kg - 1 

kf film diffusion constant for adsorption, m S-1 

k, leaching parameter, kg g- 1 S - 1 

M mass of gold ore in a single column, kg 
N number of adsorption stages or reactors in 

cascade 
n Freundlich isotherm parameter 

ppv preliminary perturbation value 
q gold loading on the resin 
Q volumetric flow rate of slurry, m J S-1 

rpv relative perturbation value 

c time, s 
V volume of RIP column, m J 

w NN connection weight 
W resin mass in a single column, kg 

x input to a node of an NN 
y activity of a node in NN 

Greek letters 
e void fractions 

J function symbol 
p density, kg m - J 

<p activation function of a node in NN 
, residence time of process stream, s 

Subscripts 
c . carbon 

J, s,Js 

In 

j 
k 
I 
n 

o 
out 

p 
s 
z 

different countercurrent slurry streams in 

RIP cascade 
ith column, reactor or stage 
ith node in the NN input layer 
processing unit inlet stream 
jth node in the NN hidden layer 

kth node in the NN output layer 

liquid phase 
nth node in NN layer z 

gold ore 
processing unit outlet stream 
coordinate label in variable space 

surface of solids 
zth NN layer 

Superscripcs 
s scaled function or variable values 

true function or variable' values 
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ABSTRACT 

The ill-defined n(l{ure of processes in the metallurgical industry necessitales the quest for 
new modelling techniques to emulate features of processes which are poorly understood 
from a fundaJ1lelllai poilll of view. For rhis reason nonparametric regression techniques 
such as neural nelS offer all appealing alrert/alive to fundamelltal modelling. The robust 
associative and compw(l{ional properties of neural networks make these regressioll tools 
ideally suited for the modelling of ill-defined systems. 

Being the most commonly-used connecrionistnetwork, sigmoidal backpropagation neural 
networks (SBNN's) have beell showlI to model metallurgical and chemical systems 
satisfactorily wirhoul any a priori knowledge about the system pro\'ided sufficient data are 
availabLe. This paper introduces the field of connectionist networks to the metallurgical 
process engineer and describes the fundamentals of all SBNN. 

Keywords 
Sigmoidal backpropagation neural nets, connectionist networks, problem of 
dimensionality. 

INTRODUCTION 

With the rapid development of new technology in the field of process engineering, the modem engineering 
environment expands continually and becomes more complex. To assimilate engineering theory and 
practice in order to apply new knowledge to a myriad of situations in the process environment is a 
daunting task. It becomes more and more important to take swift, correct and consistent action based 
upon quick and effective decision making during plant operation. Due to the enhanced level of 
sophistication in the processing industry, there is a growing need to estimate process behaviour more 
accurately. The construction of accurate approximations for predicting the behaviour of processing 
operations is a necessity to maintain optimal productivity through improved process control. Adequate 
models must be used in the optimal design of more sophisticated processing equipment. Furthermore, 
the location of deviations from acceptable processing conditions well in advance is important in order to 
implement corrective measures which can prevent major loss in productivity. 

Although extended fundamental research has been done on metallurgical processes, most unit operations 
in the processing industry are still ill-defined in some way. This is normally attributed to an inadequate 
understanding of the intrinsic physics of the process. For such processes it is difficult to construct an 
adequate fundamental model. Whereas different approaches to modelling have been proposed and applied 
in industry, the ill-defii1ed nature of processes necessitates the quest for new modelling techniques to 
overcome this problem. For this reason there is a growing interest in nonparametric regression techniques 
as an alternative to fundamental modelling. 

1127 
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COllnectionist networks or neural nets have caught the imagination of many researchers from psychologists 
to engineers due to some exceptional features of these techniques. All connectionist networks are 
inherently related to other nonlinear and nonparametric regression techniques and also form part of the 
artificial intelligence (AI) collection. 

Although the principal fundamentals of neural nets had already been formulated as early as a cenhiry ago, 
the renaissance of connectionist networks started only a decade ago [1]. Many aspects of this field of 
research remain largely unexplored despite the tremendous interest that the field has recently attracted. 
This applies especially to the use of neural nets for the purpose of modelling. Over recent years neural 
nets have shown exceptional performance as regression tools, especial I y if used for the purpose of pattern 
recognition and classification. However, if neural nets are employed as function approximators in the 
processing industry, vast numbers of model parameters (connection weights) are normally required to 
memorise satisfactorily information as contained by process data of low population density. As for other 
nonparametric regression techniques, this can result in weak generalisation properties of the relevant 
neural net model. Bellman [2] referred to this obstacle in the way of effective modelling as the ·curse 
of dimensionality" . 

Various connectionist network topologies have been proposed to date. Lippmann [3] gave an introduction 
to some of these structures, such as Hopfield nets, Hamming nets, Carpenter/Grossberg classifiers, 
perceptrons, multilayer perceptrons and Kohonen self-organising feature maps. Recent success in 
connectionist network research is mainly attributed to the achievements of multilayer perceptrons with 
backpropagation training algorithms. 

The "three-layer backpropagation neural network" with sigmoidal hidden nodes and feedforward 
configuration is the most widely studied and applied connectionist network. This connectionist network 
topology is commonly referred to as artificial neural nels (ANN's) in the literature. Since the latter 
terminology can also be used as a collective term that also includes other connectionist networks, the 
relevant topology will be called sigmoidal backpropagatioll neuraL nets (SBNN's) further in the text. . 

NEURAL NETWORKS 

Neural nets are mathematical regression tools which appear to be very promising in respect of a wide 
range of modelling problems. Although this area of study is still in its infancy, encouraging results with 
various applications have been published to date. Connectionist networks are used for optical recognition 
purposes (military, medical and criminological applications), in speech recognition, system identification 
and fault diagnosis, process control, etc. 

Research Developments in the use of Neural Nets in Chemical and Metallurgical Applications 

A substantial amount of work has already been reported on and is in progress to employ connectionist 
networks for process control, fault diagnosis and optical classification in the chemical and metallurgical 
industry. A number of authors reported on applications and novel neural net control strategies in the 
processing industry [4-8]. The detection and diagnosis of process faults via neural nets have also been 
studied widely [9-15]. 

Neural nets generally perform excellently in pattern recognition and classification problems. Similarly, 
the application of these networks for the purpose of modelling holds great promise, but still has to be 
exploited to a large extent. The reason for this is the problems experienced if a function is approximated 
with this nonparametric regression technique in a variable space containing sparse data (i.e. the "curse 
of dimensionality" [2]). Hence, most research in this regard has been conducted on relatively simple 
applications [16-22]. 
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Little work has been done with a view to employing connectionist networks for modelling purposes in the 
metallurgical industry. Reuter et al. [23] used a three-layered neural net to model activities in metals and 
slags, the distribution of species between metal and slag, and slag viscosity on the basis of published data. 
During another study, Reuter et al. [24] proposed the use of neural nets in the construction of generalised 
connectionist network kinetic rate equations. It was shown how such equations can be employed for the 
simulation and identification of batch and mixed flow mineral processing and metaIIurgical reactors. 

Architecture of Sigmoidal Backpropagation Neural Nets (SBNN's) 

The basic architecture of an SBNN is exhibited in Figure 1. The nomenclature used to explain the 
mathematics of the SBNN is also illustrated in this figure. The SBNN consists of three layers of nodes, 
viz. (i) an input layer containing ml nodes (including a bias node), (ii) a single hidden layer (~ nodes) 
and (iii) an output layer with 1113 nodes. Nodes of adjacent layers are interconnected and these connections 
quantified with weights. A weight matrix describes the relative strength of the interconnections, and 
therefore the relative importance of variables. Each node is characterised by an activation function 4>. 
During the first step of a feedforward calculation of the net, the values of the predictor variables as 
contained in a training dat il- point are fed to the input nodes . Each predictor variable is associated with 
a different input node. Each node (II) in a layer (z) has two important features, namely the node input 
(A2,n) and its activity (Yz,n) ' The activity (Yz.,n) of a specific node is a function of its input (x.L,n)' 
Equation (1) gives a notation of such an activation function. 

input layer 

m1 linear nodes 

hidden layer 

m1 sigmoidal 
nodes • 

output layer 

m3 linear nodes 

[scaled input matrix] 

Yli --- bias 

[scaled output matrix] 

Fig.1 Architecture and nom:nclature of a sigmoidal backpropagation neural network 

(1) 

An additional input node, the bias node with a constant value of Yl ,ml = 1, introduces additional degrees 
of freedom which enable a curve (hyperplane) to be fitted in such a way that the intersections of the 
hyperplane with the weight axes would not necessarily be at the origin. The input to each hidden node 
(z = 2) is calculated with Equation (2) and is the additive product of the weights (vij) of connections 
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between each input node i and a specific hidden node j, and the activities of each corresponding input 

node (Yli)' 

ml 

xlj = L VijY Ii 
i-I 

Y -1 
l,ml -

(2) 

The input to node k in the output layer (z = 3) has a similar form, as illustrated in the following 
relationship: 

mz 

L "jkY2j 
j-I 

(3) 

Each node in the output layer is associated with a response variable to be approximated. The output of 
the SBNN is simply the activities of the nodes in this layer. 

The activation functions of nodes are normally squashing functions, which can either be linear (Equation 
4a), sigmoidal (Equation 4b) or hard-limiter functions: 

X 
z,n 

(4a) 

- x + e z,n 

(4b) 

It should be noted that any functional relation may be represented in connectionist structure. To illustrate 
this principle, consider the following simple linear functional relation: 

f (5) 

In this relation V = [VI I'v? I ... vITI I t1 is the parameter matrix and X = [xI,x2 ... x ml_l,1]T is the 
matrix of independent va~iabl~s and th~ bias of unity. This relation can be represented in a connectionist 
configuration by a two-layer network containing ml-1 linear input nodes for each of the variables x 1 to 
xml-l and a bias node of unity in the input layer, as well as a single linear output node. The connection 
weights between the nodes of the input layer and the output node, i.e. vI I to vml I' represent the , , 
parameters of the linear model. 

Although the mentioned activation functions are the most commonly used, it is also possible to employ 
any other function such as exponential or harmonic functions as nodal relation. Van der Walt [25] 
developed a connectionist network topology called a regression Ilerwork that can represent any functional 
relationship in a connectionist configuration by use of different combinations of activation functions and 
either additive or product inputs to the different nodes. In specifying the network structure to be either 
layered or nonlayered, it should be clear that the relational representability of such an approach is 
theoretically unlimited. 

Model Selection 

The selection of the network model (i. e. the choice of the number of hidden nodes or network weights 
in the case of nonparametric networks such as SBNN's) is an important factor in connectionist network 
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applications. Although techniques have been proposed [26-27] to determine an optimal configuration for 
SBNN's used as binary classifiers, no effective procedure has yet been published to estimate this optimal 
architecture for SBNN's prior to training of the network. An excessive number of hidden nodes will 
cause bad generalisation properties, so that the neural network would not be able to interpolate effectively 
between adjacent training data points. As opposed to this, too few hidden nodes will limit the competence 
of the network to locate an adequate mapping between response and predictor variables. An iterative 
approach is generally employed to determine the appropriate number of hidden nodes. Various networks 
with different numbers of hidden nodes are trained, and the network which performs best on a test data 
set (i. e. a data set containing samples not considered during training) is selected as the most adequate 
model. 

Training or Optimisation 

The preferable method of knowledge acquisition by a neural network is to train the net with examples 
presented to the training algorithm by the environment. Training or learning plays an important role in 
neural network models. Learning in connectionist networks is mostly understood as supervised learnillg, 
i.e. training the connectionist network with predefined input-output pairs. 

The training process is a procedure of minimising an objective function in the weight space. Although 
various error functions have already been useO, the most commonly used objective function is the Least 
mean square (LMS) error function. The best known training algorithm is the bac/..propagmioll algorithm 
[28]. 

When backpropagation was introduced originally, it was proposed that the error function should be 
optimised using gradient descent. Most connectionist networks use the momentum algorithm [29] which 
is characterised by two parameters (the learning rate and momenfum COllSfllllf), whose values are critical 
to the success of the optimisation process. The conjugate-gradient (CG) optimisation method gained 
popularity recently over techniques such as steepest descent with momentum due to its ability to locate 
a minimum of a multivariate function much faster. Also important to note is that the CG-technique 
eliminates the choice of critical parameters. On the other hand, like all gradient descent optimisation 
techniques, the CG-algorithm can experience trouble to locate the global minimum if the error surface of 
the LMS fitted to the data of a specific system contains local minima. 

Scaling of the Training Data 

It is important to adequately scale the training data prior to training. There are three principal reasons 
which can be emphasised. Firstly the input node activities of the neural net should be small enough that 
the sigmoidal hidden nodes are not saturated, i.e. their absolute values should not be too large. Otherwise 
the network will end up in an unacceptable local minimum. Secondly, it is imperative that the input 
values to the net are of the same absolute order: During training each weight is adjusted according to the 
overall error gradient (with respect to the weights), which is directly proportional to the magnitude of the 
input node. A very small input node will thus prevent the weight that connects it to the hidden layer from 
making a significant contribution to the derivative of the objective function and will slow down the 
training process. Thirdly, whilst learning is complicated if highly curved function surfaces are required, 
neural nets can ~ily learn smooth relations. Thus, scaling which smooths out highly convoluted 
dimensions is desirable. 

Scaling is performed in two ways in Part II of this paper series, viz. linearly or logarithmically. 
Logarithmic scaling is beneficial if the values of a specific variable or function vary over different orders 
of magnitude in the same direction. The scaling ex.pressions for logarithmic and linear scaling are given 
by Equations (6a) and (6b) respectively. 
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(6a) 

(6b) 

In these equations ~a and xac1 represent the scaled and actual values of a specific predictor or response 
variable, while ci to c6 are the scaling parameters. Note that scaling parameter C:3 can be used to 
transform the values of a variable which contains both positive and negative values into the positive range 
during logarithmic scaling, so that (C:2xac1 +~) > O. This can be done effectively only if the norms of 
all negative values Czxac1 are fairly small owing to the sensitivity properties of the logarithmic function . 
The logarithmically and linearly scaled values are mean-centred around zero with the scaling parameters 
c4 and c6 respectively . 

The neural network training algorithm used for the purposes of Part II of this paper series was found to 
perform satisfactoril y if the val ues of the input-output data pai rs were scaled between approx imately -3 
and 3. 

CONCLUSIONS 

In this paper a broad overview of connectionist networks was presented and a reference base was outlined 
for the process engineer who is not familiar with this field of study. The basic architecture of the most 
widely used connectionist network, namely the sigmoidal backpropagation neural network (SBNN), as well 
as a procedure of model selection was described . This was followed by a discussion about optimisation 
research of connectionist networks, while a procedure was proposed to preprocess the training data. 

In Part II of this paper series it is illustrated how neural net models are developed for metallurgical 
processes. 

NOMENCLA TURE 

Cl .. c6Scaiing parameters of the scaling expressions defined by Equations (6a) and (6b) 
In; Numher of nodes in network layer i 
V Model parameter matrix 
v Weights of connections between input and hidden nodes of SBNN 
w Weights of connections between hidden and output nodes of SBNN 
x Input to a neural network node 
x A process variable (predictor or response) 
y Activity of a neural network node 
y Response variable or function 
y Model-predicted value of function or response variable 

Greek 

4> 
X 
x· I 

Activation function of network node 
Matrix of independent variables 
Independent variable - ith element of matrix X 
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Subscripts and Superscripts 
act Actual or true value of a variable 

iili node in the input layer of the SBNN 
j J'Ih node in the single hidden layer of the SBNN 
k J..-Ut node in the output layer of the SBNN 
n Node label in the zlh layer of an SBNN 
sea Scaled value of variable 
z Label of SBNN layer 
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ABSTRACT 

The monitoring of plants and the verification of process models depend crucially on reliable sets of 
steady state component and total flow rate data. These mcasurement data arc generally subject to 
random noise (and possibly systematic errors) and typically violate the process constraints of the 
system. It is consequently necessary to adjust the data, and also to account for systematic or gross 
errors in the data prior to this reconciliation procedure, or as pan of it. in order to avoid severe 
impairment of the adjustment process: This can be accomplished by using a back propagation neural 
net to form an internal representation of the relationship between the distributions of the measure
ment residuals and the residuals of the process constraints. The major advantage of using neural nets 
instead of conventional statistical methods, is that neural nets can also be used to detect systematic 
errors in process systems subject to non-linear process constraints (a common situation in the chem
ical and mineral industry that is not accommodated satisfactorily by traditional statistical procedures). 

INTRODUCTION 

The acquisition of reliable plant data is fundamental to a clear understand
ing of the operational behaviour of a plant, the modelling and optimization 
of process circuits, as well as the identification of other phenomena peculiar 
to the process. These data are generally subject to random noise, or even gross 
errors, owing to inadequate instrumentation, failure or miscalibration of 
~easuring instruments, the departure of the process from steady state due to 
malfunctioning process equipment, or significant changes in the environment 
(Hlavacek, 1977). Any set of process data will consequently violate mass and 
energy conservation requirements, as well as other physical constraints per
taining to the process and will have to be adjusted in order to satisfy these 
constraints. Under these circumstances it is essential that gross errors are de
tected and accounted for prior to, or during the reconciliation process, since 
failure to do so could result in a severely distorted picture of the process (Ho
douin and Coelho,' 1987). Methods for the detection and isolation of gross 
errors can be grouped into two major categories, depending on whether they 
are based on the use of a plant model or not (Gertler, 1988). Model-based 

0301-7516/93/$06.00 © 1993 Elsevier Scie.nce Publishers B.V. All rights reserved. 
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methods exploit the concept of analytical redundancy, and virtually all these 
methods involve statistical tests associated with the characteristics ofthecon
straint residuals generated by measurement errors (Mah, 1989). Unfortu
nately these tests are generally only useful as far as systems subject to linear 
constraints are concerned (Serth et aI., 1987; Tjoa and Biegler, 1991). In the 
chemical and mineral industries this is a major drawback, since most process 
systems in these industries are non-linear. In this paper a new method is con
sequently proposed for the detection of systematic errors in constrained mea
surement data. This method is based on the powerful capability of neural nets 
to classify measurement errors, and is not hindered by the nature of the sys
tem constraints. 

Problem statement 

A popular technique for the generation of residual from plant measure
ments in the chemical engineering literature is based on so-called static bal
ance equations (Gertler and Luo, 1989). These equations contain a static 
system matrix C and variables y, which are usually restricted to mass and 
energy flows (Romagnoli and Stephanopoulos, 1981). For the purpose of this 
paper Crowe's (1989) description of the process constraints of a typical lin
ear system serves to clarify the gross error detection problem. For more gen
eral representations of these types of problems the reader is referred to the 
literature (Gertler, 1988). 

(1) 

where C is an (m X n) constraint matrix of full row rank m (n > m) and y is 
the (nx 1) vector of true values of the state variables. If 

y'=y+e (2 ) 

where y' constitutes the (n Xl) vector of measurements of the true values y, 
with an (n Xl) error vector e, and. covariance matrix Q, then the measured 
values of the process variables generally violate the process constraints 

C·y' =z" :;CO 

or in terms of the true values and error components 

C· (y+e)=z" 

and assuming the constraints to be linear 

C· (y+e) =C'y+C'e=z" 

1.e. 

C'e=z" 

(3) 

(4) 
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If it is assumed that the error vector e has a Gaussian distribution and that 
no systematic errors are present (the null hypothesis), z" is a multivariate 
normal with a zero mean and known variance (Madron et al., 1977; Romag
noli and Stephanopoulos, 1981; Mah and Tamhane, 1982; Tamhane and Mah, 
1985), i.e. 

E(z")=E(C-e)=C-E(e)=O (5) 

Otherwise the expected value of z" is not zero (the alternative hypothesis), 
1.e. 

E(z") =b=tO 

which indicates the presence of a systematic error with a bias of magnitude b. 
By making use of standard statistical criteria, or variants of these statistics, 
the two hypotheses can subsequently be evaluated and rejected or accepted, 
and the presence of gross errors be determined. 

Existing methods 

Early methods were based on iterative data adjustment procedures, whereby 
measurements were successively deleted from the measurement data set. Gross 
errors could subsequently be identified through association with the maxi
mum effect of such a deletion on a least squares objective function, but the 
method was cumbersome, especially when applied to large sets of measure
ments (Romagnoli and Stephanopoulos, 1981 ). These methods for detecting 
the presence of systematic errors were later validated statistically, based on 
the relation between the residuals of the constraints and the measurement 
errors. Further advances followed with the proposal of univariate and multi
variate statistical criteria for detection not only of the presence of gross errors 
in the data set as a whole, but also of the locations of these errors (Romagnoli 
and Stephanopoulos, 1981; Crowe et al., 1983; Knepper and Gorman, 1980; 
Madron et al., 1977). These methods were only applicable to measurement 
data subject to linear constraints and non-linear constraints had to be linear
ized, typically by retaining first order terms in a Taylor series expansion 
(Crowe et al., 1986; Romagnoli and Stephanopoulos, 1980, 1981; Stephen
son and Shewchuck, 1986). Linearization procedures such as these are not 
always successful however, especially where highly non-linear systems are 
concerned (Kim et al., 1990). 

Although the principle on which all these tests was based remained essen
tially the same, many refinements to these tests were proposed in subsequent 
years. Serth and Heenan (1986) for example, proposed a screened combina
torial test, as well as a modified iterative measurement test which they ap
plied to measurement data subject to bilinear constraints. Iordache et al. 
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(1985) similarly proposed a modified test for the identification of multiple 
gross errors. Narasimhan and Mah (1987, 1989) recommended the use of a 
generalized likelihood ratio test, which could accommodate errors not only 
attributable to erroneous measurements, but also to actual deviations in the 
process itself, while Rollins and Davies (1992) suggested the use of an un
biased method to detect systematic errors. The sophistication of current sta
tistical procedures not withstanding, these methods all suffer from a serious 
shortcoming. They are all inherently limited in their applicability to data re
stricted by linear process constraints. That is not to say these techniques can 
not be applied to data subject to non-linear process constraints at all. Serth 
and Heenan ( 1986) and others have proved that under certain circumstances 
(such as where the process constraints can be linearized successfully) the ap
plication of these statistical methods yields reasonably satisfactory results 
(Crowe et aI., 1986; Romagnoli and Stephanopoulos, 1980, 1981 ). 

In a new approach Kramer ( 1992) has recently shown that autoassociative 
neural networks can be implemented to detect and eliminate gross errors in 
measurement data subject to non-linear constraints. The disadvantage of these 
nets is that they depend on a large degree of redundancy in the measurement 
data, and are therefore not suitable for the detection and elimination of gross 
errors in singular variable measurements, or measurements characterized by 
small sample sizes, such as are frequently encountered in the metallurgical 
industry, where the independent measurement of process variables is. often 
difficult and expensive. Error classification by autoassociative neural nets also 
depends on the relative distribution of errors in the samples. If for example 
two out of three variable measurements contain biased or gross errors, the 
autoassociative net will incorrectly characterize the unbiased error as biased, 
since it does not have an absolute reference regarding the features of a gross 
error. 

It is consequently the aim of this paper to highlight the use of alternative 
neural net methods to detect gross errors in measurement data. These nets 
make use of the constraint residuals of the process system and like autoasso
ciative neural nets (and contrary to classical statistical methods), they also 
have a powerful ability to detect gross errors in the presence of non-linear 
constraints. Redundant variable measurements are not a prerequisite for the 
use of these nets, however, and they are better suited for the classification of 
multiple errors of various types. 

THE DETECTION OF SYSTEMATIC ERRORS BY MEANS OF BACK PROPAGATION 

NEURAL NETS 

Artificial neural net models or parallel processing models are characterized 
by the dense interconnection of primitive computational elements or artifi
cial neurons, and have enjoyed remarkable success as classifiers. Comprehen-
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sive in-depth discussions on neural nets abound in the literature and only a 
very brief overview of the basics is provided in this paper (Hecht-Nielsen, 
1990; Lippman, 1987, 1989; Rumelhart et aI., 1986; Wasserman, 1989). 

A back propagation neural net consists of a number of primitive process 
units arranged in sequential layers. In general the net is comprised of an input 
and an output layer, which may be separated by one or more hidden layers. 
Units in different layers are interconnected and the strengths of these connec
tions are described by the weight matrix of the neural net. Each processing 
element (shown diagrammatically in Fig. 1) can have an arbitrary number of 
input connections, but only one output connection (that can branch out to 
form a multiple output connection). The input layer does not process the 
data, but merely serves to distribute the data to the next layer. In all other 
layers succeeding the input layer, the inputs are weighted, summed and trans
formed by means of an acti vation function particular to a process unit. These 
activation functions may take any form, but are typically non-linear functions 
that map or squash the input space to a smaller output space, such as [0; 1 ] 
or [ - 1; 1 ]. In principle this means that neural nets can be used to map any 
continuous input space to any related continuous output space to an arbitrary 
degree of accuracy (Hornik et aI., 1989). 

Back propagation nets can be trained by repeatedly presenting them with 
examples of inputs and desired outputs (Bhat et aI., 1990; Bhat and McAvoy, 
1990; Hecht-Nielsen, 1990; Hinton, 1989; Hornik et aI., 1989; Leonard and 
Kramer, 1990; Lippman, 1987, 1989; Rumelhart et aI., 1986; Wasserman, 
1989). Training, which entails the modification of the elements of the weight 
matrix of the net, occurs by means of learning algorithms designed to mini
mize the mean square error between the desired and the actual output of the 
net (Bhat and McAvoy, 1990). The net learns by adjusting its connection 

,. 
-""-E F(x) \_j~ -

- ' ",- '/ 
-/-"----. I .~ OUTPUT 

WN ~;~ = F( t w;INPUT; ) 

INPUTS " 

1 = ~ 

F( X ).= [1 + e-X J- 1 

Fig. 1. A typical process element in a neural net. 

Stellenbosch University  https://scholar.sun.ac.za



178 C. ALDRICH AND 1.S.1. VAN DEVENTER 

weights, based on the discrepancy between the net's computed output and the 
desired output. In this way the net forms an internal representation of the '. 
relationship between the input and the output data presented to it. If these 
data are sufficiently representative of the relationship between input and out
put, the net also learns to generalize this relationship. 

Computation in back propagation neural nets is feedforward and synchron
ous, i.e. the states of the process units in lower levels or layers of the net are 
updated before units in layers further down in the net. The activation rule of 
a process unit i in layer I of the neural net is typically of the form 

Z i,/ (t + 1 ) = g [ I Wi} - Zj.l_ 1 (t) - ej ] 

j 
(6) 

with 1 ~ i ~ N, and 1 ~ j ~ N,_ 1. The form of the transfer function g may 
vary, but it could be a linear, step or sigmoidal transfer function, among oth
ers, with a domain typically much smaller than that of the potential (i.e. the 
sum of the weighted inputs) of the process unit. 

The training of back propagation neural nets is an iterative process and can 
be accomplished by any suitable procedure (such as a gradient descent 
method), in order to minimize an error criterion, that is 

w-·(t+ 1) - w··(t)+ A ll'·· IJ - IJ Ll IJ (7) 

where 

~w··- -r-a(;/aw .. IJ - IJ (8) 

with 1 ~ i ~ N, and 1 ~ j ~ N,_ b where r is the learning rate and (; the error 
criterion, i.e. 

(; =! -I ( dj - Zj) 2 
2 . 

J 

(9) 

based on the difference between the desired (dj ) and the actual outputs (Zj) 
of the unit. 

The neural nets used in this investigation were simulated on a 486DX 33 
MHz IBM compatible personal computer. Although the programming of the 
nets can be done without too much effort, it is often convenient to ma~e use 
of commercial software packages, such as NeuralWorks Professional II, which 
provides a flexible and sophisticated framework for the development of neural 
net applications. 

Strategy Jor the detection oj systematic errors 

By presenting a back propagation neural net with examples of process vari
able measurements and process constraint residuals as input, and appropriate 
categories denoting the classification of the r~siduals, the net can be trained 
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to generalize the relationship between the measurement errors and the con
straint residuals. By training the net with exemplars consisting of these mea
surement errors and constraint residuals, as well as criteria or labels for the 
classification of these types of errors, it learns to generalize this relationship. 
When presented with a test vector, it is thus able to classify the residuals into 
the categories it had been trained to recognize (analogous to the statistical 
hypothesis tests traditionally used to categorize errors). In the simplest case 
the classification of the errors can only consist of distinguishing between the 
collective presence of random and gross errors, without an indication of the 
sources of these errors. In more sophisticated variations, the classification 
scheme can be designed to discriminate not only between the locations and 
types of various errors, but also between gross errors of various magnitudes. 

Specification of the neural net structure 
The number of processing elements of the input layer of the net is equal to 

the sum of process variables and their associated process constraints. Since 
the elements in the input layer do not actually operate on the input data, but 
merely distribute them to the following layers in the net, the activation func
tions of these layers are linear. 

The number of hidden layers, the number of processing elements in each 
hidden layer, as well as the specific activation functions associated with each 
of these elements generally have to be determined by trial and error during 
training of the net. The number of process elements in the output layer is 
equal to the number of process or flow variables, and correspond to the input 
elements in the input layer which represent process or flow variables. In the 
authors' experience, it is usually best to start off with as simple a structure as 
possible, i.e. zero hidden layers or only one hidden layer with as few elements 
as possible, and to gradually expand the structure by adding more elements 
until the net performs satisfactorily. During this trial and error procedure, 
various activation functions and training strategies should also be evaluated. 

Generation of training data 
For the purpose of this investigation, the nets were trained by means of 

synthetic data, but experimental data, if available, could also be used. Train
ing data were generated in spreadsheet files. Spreadsheet macros first gener
ated sets of consistent measurement vectors, which were consequently cor
rupted by random and systematic errors, while appropriate adjustments were 
also made to the error labels (zero for random and one for systematic errors). 
These corrupted data files were then exported to ASCII data files which could 
be linked to the neural net simulators. 
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Training of the neural net 
The neural nets were trained by presenting them repeatedly with the ex

emplars in the training data files. The performance of the net was continu
ously monitored in terms of the average root-mean-square (RMS) output of 
the net. When the RMS values of the net complied with a suitable conver
gence criterion, or appeared to have reached minimum values, training was 
terminated. The nets were then tested against exemplars not previously pre
sented to them. 

Use of the neural net to detect gross errors 
When provided with input data consisting of plant measurements, the 

trained nets generated output data which labelled the input measurements 
according to the type of error assigned to these inputs , i.e. zero for negligible 
or random errors, and one for systematic errors. 

EXAMPLES 

Example i: location a/multiple gross errors in an industrialflotalion circuit 

The flotation circuit depicted in Fig. 2 has previously been described in the 
literature (Cutting, 1976) and consists of 12 process units, viz. 6 flotation 
banks (R" R2 and C,-C4 ) , 5 hydrocyclones and a mill. Since only the flow 
rates of the process streams, W" W 2, •.. W'9 are considered, the effect of the 
mill can be ignored. The circuit is thus subject to 11 linear process constraints 
(Eqs. 10-20) and since measurements of the flow variables generally violate 
these constraints, they have to be adjusted prior to further use. As part of the 
reconciliation procedure, it is necessary to detect and eliminate gross errors 

NOTE: 
c .. concentrate 
f .. feed 
t .. tailings 

Fig. 2. A flotation circuit with linear process constraints (example 1). 
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in the flow variable measurements, as the presence of these errors can lead to 
large distortions in the reconciled values of the variables. Knowledge of the 
variances of these measurements is furthermore a prerequisite to the detec
tion of systematic errors, as it is used to differentiate between the different 
classes of errors. Because the variances of the measurements have not been 
available, and the purpose of the example is to demonstrate the use of an 
artificial neural net to detect systematic errors in a set of constrained mea
surements, arbitrary variances have been assumed for the measurement errors. 

PROCESS CONSTRA INTS (C,,) 

FIOla{ion banks 

C,: IV, - IV~ - J.V., =0 

C,: rJ'4 - rVe; - (1 ' (, =() 

C,: 1119 - vV,o - IV" =0 

C4 : (1/ '2 - IV':I - IV'4 = 0 

Cs: IV,s - VV'6 - IV, 7 = 0 

C6 : Vl/ '6 - Vl/ ,x - Vl/ ' 9 =0 

Hydrocyc/ones 

C7 : W 3 +WII - W4 = 0 

C8 : W6 - W7 - Wg=O 

C9 : W S +WI4 - W 9 = 0 

CIO : WIO + W I7 - W I2 =0 

(10) 

( 1 1 ) 

( 12 ) 

(13 ) 

( 14 ) 

( 15 ) 

(16 ) 

(17) 

(18 ) 

(19 ) 

C ll : WI3 + Wig - W IS = 0 (20) 

The adjusted data, shown in Table 1, were consequently used as a basis for 

TABLE I 

Adjusted values of flotation circuit flow streams 

W I 3.418 W6 1.684 VVII 1.475 vVI6 4.251 
VV2 2.950 W7 0.134 vJi l2 3.660 W17 0.273 
vV) 0.468 Wg 1.549 WI) 3.557 11-' I ~ 3.284 
W 4 3.492 vV9 4.882 1-1 '14 0.123 11' 19 0.966 
w 5 1.808 vV I O 3.407 11·' 15 4.523 
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generating artificial measurements, by corrupting the consistent set of mea
surements by various random and systematic errors. In this investigation all 
errors had a relative variance of 0.0134, so that random and systematic errors 
were differentiated solely in terms of their expected values, as shown in Fig. 
3. (Corruption of a measurement with an expected value of a, with an error 
with a relative bias of lA, would mean that the expected value of the biased 

'. measurement would be 1Aa. The relative variance also referred to in Table 
2, is the variance associated with a measurement with a unitary value, so that 
the actual variance of a measurement with an expected value of a would be 
0.0134-a 2

.) 

Since the constraints are linear, a traditional statistical method, such as the 
popular measurement test could also have been used to determine the pres
ence of gross errors in the process variables (lordache et aL , 1985). 

FREQUENCY 
0.5 0-1 -------------------;--- . - . - - -- - - - . ------

I VARIANCE ~ 0.0134 L~ .. ANDOM _ . GROSS 

0.4 

! 
I 

0.3 ! · · ·· · · · ·· · . 
I 

0 .2 .. 

0.1 I .. 
. . ... . .. . .. . . . ........ ' . ' . . . . ... . . ./ .... . 

I 

/ 

/ 
\. 

'-

OL-----~~----------~~----------~--------------~--

EXPECTED VALUE 1 EXPECTED VALUE = b 

SCALED MEASUREMENT VALUE 

Fig. 3. Artificial errors introduced into the training and test sets of exemplars. 

TABLE 2 

Ratios of the expected values of the uncorrupted measurements (UM) to those of corrupted mea
surements (CM) a 

Case 
E(UM)/E(CM) 

A B 
1.225 

C 
1.25 

aAIl measurements had relative variances of 0.0 134. 

o 
1.3 

E 
1.4 

F 
1.5 

G 
1.7 

H 
2 
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PROCESS VARIABLE 
MEASUREMENTS 

(W" W2" ,W'9) 

PROCESS VARIABLE 
MEASUREMENTS 
(W, ,W2" ,W'9) 

Connections betwee n 
process variable 
measurements 

Connections between 
process variab les 
and constraint resid uals 

Co nnections between 
p rocess variable 
measurements and b ias 

CO NSTRAI NT 
RES IDUALS 

(C " C2 ,·· C ,, ) 

Fig. 4. Neural net used to detect gross errors in flotation process circuit. 

A single layer back propagation net (shown diagrammatically in Fig. 4) 
consisting of an input layer with 30 computational elements (corresponding 
to the 19 process variables and the 11 process constraints) and an output 
layer consisting of 19 computational elements (corresponding to the 19 pro
cess variables) was constructed to identify gross errors in the measured values 
of the flow streams Wb W2, •• • W 19 • The states of the computational elements 
in the output layer of the net (one element for each measured variable) indi
cate the presence (output value = 1) or the absence (output value = 0) of a 
gross error. It is in principle also possible to distinguish between systematic 
errors with different biases or expected values, by expanding the domain of 
the states of these elements. Irrelevant connections were eliminated (such as 
those between variables and constraint equations not comprised of these vari
abIes) to make the net more efficient. The pruning of these connections is not 
essential to the successful implementation of smaller nets such as the net used 
in this example, since the net automatically assigns negligibly small values to 
connections between unrelated variables and constraints after sufficient 
training. This may not necessarily be the case for larger nets, and can result 
in suboptimal weight matrices in these nets, as well as an inferior capability 
to detect systemat~c errors in variable measurements. 

The set of exemplars consists of feature vectors of the type 

Vk = { ~" Cp lEi} 
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where 

i=1,2, ... 11 and p=1,2, ... 6 

i.e. the inputs consist of the measurement values of the flow variables in the 
system ( Wi), the values of the constraint residuals associated with the values 
of these flow variables (Cp ), as well as an indication of the type of error as
sociated with a particular measurement value (Ei)' 

Approximately 100 artificially generated exemplars were needed to ade
quately train the neural net, as indicated in Fig. 5. After approximately 10000 
training cycles, which involved the presentation of each vector in the training 
set to the net, very little improvement in the root mean square error (differ
ence between actual and the desired output of the net) occurred, as shown in 
Fig. 6. The performance of the net could consequently be evaluated against 
the test set of vectors and is depicted graphically in Fig. 7. The labels A-G 
shown in Fig. 7 denote the corruption of the measurement data with errors 
with different biases as explained in Table 2. Biases are shown relative to the 
measurements. In this figure it can be seen that the net classified all gross 
errors correctly when the relative bias of the systematic error was larger than 
approximately 70%. These values are not absolute, since the performance of 
the net is also determined by the variance of the errors (which was fixed 

PERCENTAGE OF SYSTEMATIC ERRORS IDENTIFIED 
100~-----------------

----~-----------------------~ 

80 .... .. . .. . . . . 

0 · · ·· ·· · ·· . 

20 .... . . .. . ..... .. .. ... .. . ..... . i 
i 

O IL-----------------------------------------~! o 10 20 30 40 50 60 70 80 90 100 

NUMBER OF EXEMPLARS 
Fig. 5. Relation between the performance of the neural net and the size of the training set. 
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RMS ERROR OF OUTPUTS 

0.3.------------------------------------------------, 
i 

9 I 0.25 I ·· · ·. · .. . . . ... . . . . ......... . . . .. . . ............. . . . . . " .... • • . .... I 

I 
! 

o . 2 . w, . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .. . ... .. . . . . . .. . i 

0.15 . . ' ... . . . . . , , 

0.1 ... .. ... ... . -0. 

- - :.~ 

0.05 . . .. 
. : . - -:]- - - - c; 

0'---------------
o 1 2 3 4 5 6 7 8 9 10 

NUMBER OF TRAINING CYCLES (Thousands) 

Fig. 6. Performance of net during training. 

PERCENTAGE ERRORS IDENTIFIED 
100~--------------------------------------------~ 

80 . .... .. . ...... .. . . . .. . 

60 

40 

20 .. .. . .. . 

olA 
o 10 

o 
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.. 8 ... ...... ..... . 
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% BIAS IN SYSTEMATIC ERROR 
Fig. 7. Ability of net to detect systematic errors with different biases . 
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TABLE 3 
00 
0\ 

Weights of sparsely connected trained neural net used for the detection of gross errors in flow variables of flotation circuit (see Fig. 4) 

Connection a 

B-EW, W,-EW1 DW,-EW1 B-EW2 W2-EW2 DW1-El-V2 D Vf: s-E W2 B-EWJ W4-EWJ DW1-EWJ 
- 2.4388 3.2736 0.9215 -1.3816 2.8042 - 1.4825 0.4902 -1.9175 3.6914 -0.2169 

DW2-EW3 B-EW4 W6-EW4 DW2-EW4 DW4-EW4 B-EWs IVrEWs DW4-EWs B-EW6 
DWs-EWs 

-0.0491 - 1.1540 2.2959 - 1.6824 0.7057 - 1.6658 3.3520 -0.9344 0.1855 -1. 7126 

W6-EW6 DWr EW6 DW4-EW6 B-EW7 Wr EW7 DWr El+'7 B-E11'8 1-1/8-EW8 DW3-EW8 
DW2-EW8 

3. 1374 0.5339 -1.0080 -1.9375 3.5752 - 0.2845 -1.5842 3.3627 0.1706 -1.0864 

B-EW9 W9-EW9 DWS-EW9 DW6-EW9 B-EW,o W,o-EW,o DW6-EW1o DWrEWIQ W11-EW,1 
B-EI'V" 

- 1.0775 2.4308 -1.8186 0.7896 - 1.5646 3.1763 - 1.2289 0.4387 -1.7214 3.4500 

DWrEW
" 

DW6-EW11 B-EWI2 W 12-EWI2 DWr EWI2 DW8-EWI2 B-EIV'J ~VI3 -EW'J DW9-EWI3 
DWs-EWI3 

0.1135 -0.7770 - 1.5393 2.6934 - 1.3527 0.7025 - 1.5235 3.0520 - 1.3367 0.3939 

B-EWI4 W W EWI4 DWs-EVf"14 DIl'8-EWI4 B-EW,s WwEII ',S DII '9-UI 'I S DWI O-EWI5 DW7-EWI6 
IJ-E W l6 (') 

- 1.8867 3.7894 -0.2376 -0.1518 -1.2379 2.5626 - 1.5544 0.6490 - 1.4959 2.8072 :> 
r 

DWw EWI6 DWw EWI6 B-EWI7 W I7-EWI7 DW7-EWI7 DIV1O-EWI7 B-E 1J'1 8 W W EWI8 B-EWI9 
CI 
?: 

DWII -EWI8 
n 
::z: 

- 1.5080 0.8062 - 1.6237 3.4103 -0.1807 - 0.6249 - 1.3155 3.2951 - 1.3006 - 1.5420 :> z 
W W EWl9 DVf/9-EWI9 DWw EWI9 

CI 
'-

3.5380 -0.2980 -0.6374 
u, 
...... 

< 
aB - bias element connected to all computational elements in the output layer. 1f'1-IV19 and D H ( I-D 11'11 - computational elements in the input layer. 

:> 
z 

EW1-EWI9 - computational elements in the output layer. 0 
rn 
< rn 
Z 
-J 
rn 
;c 
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. .. . ..... . .. . .. .. . ... . . 

. . ~ : : . 
< ... '11 i· 

• I? 
• 19 .~ . •• 19· 

:. . • . . .• • 16: 
: ! . BPNN III 

......... .. : I ..... . 
w : W 6·· ·.T W ~ r-: -".'----> 

1 . : I 
'~III ,.1., ' : QQ •• I y : 
. ! • 9<: 1 : 
! I I •• 'Y: Node A.... Node B 

BPNN I 

. . . ~ . 

i l ' : ~: II : 

.~~ .. '~ ,. 
BPNN 1/ . ~~. • '9 : V 

Fig. 8. System of back propagation neural nets used to detect errors in the hydrocyclone circuit. 

throughout this investigation at approximately 0.0134). For systematic er
rors with expected values not much different from those of the actual mea
surement themselves (less than 40%), the discriminatory power of the net 
dropped progressively, as could be expected. The weights of a typical net used 
to detect gross errors in the flotation circuit with a relative bias of 100% are 
shown in Table 3. In Table 3, B refers to the bias element which is fully con
nected to the output layer, while Ei refers to the process elements in the input 
layer associated with flow variable measurements, D Wi refers to the process 
elements in the input layer associated with constraint residuals, and EWi re
fers to the process elements in the output layer. Although the value of any 
particular weight is not significant as far as the net's ability to identify gross 
errors is concerned, it is an indication of the effects of input variables on 
output variables. The net forms an internal distributed representation of the 
relationship between the errors in the measurements and the constraint resid
uals, and it is the collective action of all the process nodes and their associated 
weights which allows the net to identify the different errors. As can be seen 
from the dominant diagonal of weight elements in the trained net (shown in 
Table 3), the net has learnt to ignore the relationships between unrelated 
variables. 
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Example 2: location of multiple gross errors in the measurement data of a 
three-stage backfill circuit subject to non-linear process constraints 

Example 2 is based on a backfill circuit which consists of three hydrocy-
clones connected as indicated in Fig. 8 and which is used for the preparation 
of backfill material in a South African mine (Woollacott et aI., 1992). Al-
though the plant data both before and after reconciliation are provided in 
Table 4, the measured data could only be tested for gross errors in an arbitrary 
way, since no knowledge of the covariation matrices of these measurements 
was available. In order to elucidate the use of neural nets for the detection of 

TABLE 4 

Plant a nd adjusted dat a from backfill circu it 

11'9 11', Il'J 

Cyclone Size or (I·\, so lids Exp Calc Exp Calc Exp Ca lc 

150 5.4 5.6 15 .9 16. 5 1.0 1.4 
106 16.4 15.4 33. 5 32.5 8. 7 8.8 

75 14.8 13.9 16.4 17 .1 12 .7 12.7 
53 9. 1 9.7 9.2 8.2 12.4 10.2 
38 4 .0 5.9 3.8 3.9 6.2 6.7 

0 50.3 50.5 21.2 21.8 59.0 60 .2 
solids 49.3 47.5 61. 8 62 .2 42.3 43 .5 

W 2 W 4 Ws 

Exp Calc Exp Calc Exp Calc 

II 150 15 .9 16.5 18.6 17.2 16.5 15 .9 
106 33.5 32.5 33.5 34.7 29.5 30.4 

75 16.4 17. 1 15.2 15.2 19.1 18 .8 
53 9.2 8.2 8.2 8.5 7.6 7.9 
38 3.8 3.9 2.5 2.3 5.9 5.5 

0 21.2 21.8 22.0 22.0 21.4 21.6 
solids 61.8 62.0 61.7 62.2 61.2 61.2 

W) W7 W s 

Exp Calc Exp Calc Exp Calc 

III 150 1.0 1.4 12.4 12.0 0.5 0.0 
106 8.7 8.8 35.9 36.2 5.0 5.1 

75 12.7 12.7 17.0 17.1 11.4 12.2 
53 12.4 10.2 9.5 9.6 9.8 10.3 
38 6 .2 6.7 3.7 3.5 10.1 7. 1 

0 59 .0 39.8 21.5 21. 6 63.2 65.4 
solids 42.3 43.5 23 .0 40. 6 4 1.5 
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gross errors in processes subject to non-linear constraints, the adjusted data 
have been corrupted in stead, so that the performance of the nets could be 
tested accurately against the known errors. 

The material balance of the circuit is expressed by Eqs. (16-25). These 
equations constitute the constraints on the process system (CI-C3S ), the re
siduals of which are incorporated in the training data set of the neural net. 

PROCESS CONSTRAINTS 

C2: W 6 + W7 - W 9 =0 

C3: W 9 - W2 - W3 = 0 

C4 : W3 - Wg - W7 = 0 

Cs: W 2 -W4 -WS =0 

and for i = 1 to 6 

C6 -CII : WI ·XIi + WS-XSi - W6-X6i=0 

Cl2 - CI7 : W6 -X6i + W7 -X7i - W9 -X9i =0 

CIS - C23 : W9 -X 9i - W2 -X 2i - W3 -X3i=0 

C24 -C29 : W3 -X 3i - Ws -X Si - W7 -X7i =O 

C30 - C3S : W2 -X2i - W 4 - X4i - Ws -XSi=O 

where 

IIXij= 1, i= 1,2, ... 5, j= 1,2,3 
j i 

(16) 

(17) 

(18 ) 

(19) 

(20) 

(21) 

(22) 

(23) 

(24) 

(25) 

As in the previous example, the reconciled values of all the flow variables 
Wi and Xij are used as a basis for the demonstration of gross error detection 
by means of neural nets. In order not to unduly complicate computational 
procedures, the reconciled data have been corrupted artificially with only two 
classes of errors (i.e. random and systematic). In principle the number of 
different error classes that a net would be able to handle are limited only by 
the capabilities of the computational device. 

In order to determine the presence of systematic errors, a series of five back 
propagation neural nets, one for each nodal point in the hydro cyclone circuit 
(nodes A and B and cyclones I, II and III shown in Fig. 8) is used to catego
rize the two types of errors, having the same (Gaussian) distributions and 
differing only with regard to their expected values or biases, i.e. either zero or 
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non-zero. The sign of the bias is arbitrary and was assumed to be positive in 
this investigation. 

Although the use of five ·smaller nets reduces the computational load dras
tically, the suppression of the interactions of the between the five nets limits 
the capacity of the nets to isolate systematic errors. In order to overcome this 
drawback, the series of nets can be supervised by a control subroutine de
signed to interpret the outputs of all five nets simultaneously. In this way the 
interactions between the nets can be exploited fully, without having to deal 
with the computational burden presented by a single large net covering all the 
circuit nodes. Experiments indicated that at least 7 to 10 times as many ex
emplars were needed to train the larger net to perform with the same accuracy 
as the system of five smaller connected nets , and even then the larger net did 
not perform as consistently as the smaller nets. 

The nets are structured to form internal representations of the relationships 
between all the flow variables and process constraints at each node in the 
process circuit. Since each of the five nodes is situated at the confluence of 
three process streams, and each stream Wi is in turn composed of six particle 
size fractions Xil -Xi6 , the structures of the five nets used to detect gross errors 
in the circuit are identical. The input layers of the five nets are thus each 
comprised of 28 input units, corresponding to each of the 21 state variables 
and the 7 process constraints at each circuit node, while the output layers 
consist of 21 units each, corresponding to the 21 flow variables. This consti
tutes a more efficient design than that of a single large net, since a large num
ber of irrelevant connections are eliminated prior to training of the neural net 
system. 

Two variants of the series of nets have been investigated. In the first, all 
connections associated with unrelated flow variables and process constraints 
were eliminated. The performance of this series of sparsely connected nets 
was subsequently compared to that of a similar series in which all input and 
output elements were fully connected. 

The use of different transfer functions was investigated, and although rea
sonably good results were also obtained with a hyperbolic tangent transfer 
function, a sigmoidal transfer function (Eq. 26) was found to be the most 
effective, i.e. 

1 
g(Ui)=----

1 +exp( -Ui) 
(26) 

Prior to the detection of gross errors in the circuit, the nets were trained 
with data approximating the actual state of the process system. If the actual 
value of a system or state variable S had been 5 , the net was trained with data 
in a domain enclosing 5, such as 5 + R, where R could be an arbitrary interval 
(perhaps equal to three times the standard deviation of the measurement er-
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ror, or simply an interval deemed large enough so as to ensure that it encom
passes the actual value of the variable). Since s was not known exactly in this 
case, it had to be estimated (an exact estimate is not required) and it was 
consequently convenient to use the adjusted value as an estimate. 

Training exemplars were thus generated artificially by the addition of ran
dom noise to the measured values of the system variables. Some of these vari
ables were also provided with a bias, in order to simulate systematic errors in 
the data, as shown in Fig. 3. Each of the measurements in each of the input 
vectors were randomly corrupted and approximately 15-20% of the errors in 
each vector were biased. The output portion of the exemplar consisted of con
venient numeric labels to classify the error represented by the input data. Since 
only two types of errors were simulated in this case, binary values (0 and 1) 
were used to indicate the absence or presence of a gross error. 

That is 

(27) 

where i=l,2 , ... S, )=1 ,2,3, p=l,2, ... 12 and q=1 ,2, ... i X U+l). The process 
constraints constituted by the set of equations (27) did not form part of the 
exemplars, after a preliminary investigation had indicated that their explicit 
incorporation contributed only marginally to the performance of the net. 

After convergence the performance of the nets was evaluated against differ-

PERCENTAGE ERRORS IDENTIFIED 
100.-------------------------------------------~ 

80 . . .... . .. . . ... . .. . . .. .. . 

60 1 .. . . . .... . ... .. ............ . .. , .. . . . .. . ....... .... . . . . . ............... . 
.. 0 

IDe . 
40 . . .. . . . . ..... · · · · · ·8 ··.· · .· .·· · · · . · .··· · ·· ·.· ·· . · · .. · .. . ... . . . . .. . 

20 . . -. -- - -_ . .. - - -- _. - .. ". -_ . _ .. - --_._ ... --_ ... - ... . .. .. . . . --_ . . _ . .. . . . 

A 

o~--------------------------------------------------~ 

o 5 10 15 20 25 30 35 40 45 50 55 60 65 70 
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Fig. 9. Ability of neural net system to detect systematic errors with different biases. 
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Fig. 10. Hinton diagram of the sparsely connected neural net used to classify the measurement 
errors in the flow variables of the primary hydrocyclone. 

ent test sets, containing the same types of errors the nets had been trained to 
recognize. These vectors consisted of a set of input values, as well as a set of 
actual output values which could be compared with the output values gener
ated by the net. The perfonnance of the system of five smaller sparsely con
nected nets is shown in Fig. 9. As is the case with Fig. 7, the labels A-F shown 
in Fig. 9 denote the biases in the errors with which the measurement data 
were corrupted. These biases are explained in more detail in Table 2. 

The error classification process could fail in two different ways. First of all 
a gross error could pass unrecognized and be classified as a random error with 
no bias (analogous to a statistical type I error), and secondly a random error 
could be mistaken for a gross error (analogous to a statistical type II error). 
Since very few errors of type II occurred during evaluation, these results are 
not incorporated in Fig. 9. 

The Hintvn diagram of the sparsely connected net associated with the pri
mary cyclone is shown in Fig. 10. A Hinton diagram is a convenient means of 
depicting the weight matrix of the neural net graphically. The coordinates 
indicate the weights or connection strengths between the processing elements 
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Fig. 11. Hinton diagram of the fully connected neural net used to classify the measurement 
errors in the flow variables of the primary hydrocyclone. 

marked on the abscissa and the ordinate. Positive values are denoted by solid 
squares, while negative values are denoted by empty squares. The sizes of the 
squares are an indication of the magnitudes of the connection strengths or 
weight values of the net. 

The diagram shown in Fig. 10 is typical and is distinguished by the forma
tion of a dominant diagonal of large weights, which relate the flow variables 
with their corresponding locations in the output layer. In Fig. 11 a Hinton 
diagram of the same net, this time fully connected, is shown. A comparison 
of the diagrams in Figs. 10 and 11 reveals a similar weight distribution in both 
the fully and the sparsely connected nets, since negligibly small weights have 
generally been assigned to irrelevant connections in the fully connected net. 

DISCUSSION OF RESULTS 

Besides computational efficiency, the single most important advantage of 
the use of neural net systems in the detection of systematic measurement er-
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rors in process systems is their ability to identify these errors in process sys
tems bound by non-linear constraints. Their success can be attributed to the 
fact that during training of such systems, no assumptions are made with re
gard to the underlying distributions of the errors. Conventional techniques 
on the other hand, depend on explicit assumptions concerning the distribu
tions of these errors, and can consequently only be applied effectively to lin
ear systems. 

The two examples presented in this paper were intended to demonstrate 
the use of back propagation neural nets to detect gross errors in measurement 
data subject to process constraints. In practice more sophisticated training 
procedures could be adopted, which could be used in conjunction with more 
sophisticated error classification schemes. In addition to these schemes, pro
vision could also be made for the identification of errors of which the distri
bution can not be positively classified (owing to the stochastic nature of mea
surement data, not all data can be classified outright). 

It would also be desirable to incorporate additional information in the net 
(such as equipment and instrument failure histories, previous knowledge 
about measurement covariances, etc.) , either through direct modification of 
the architecture of the net, or by using the net in conjunction with a knowl
edge base or another neural system. 

The computational burden presented by a large system can be circum
vented to a large degree through reduction of the input space of the net, either 
by elimination of irrelevant connections in the net (such as connection paths 
between variable measurement residuals and the residuals of constraints not 
associated with the particular variables), or through reduction of the input 
space of the net through other methods (Van der Walt et aI., 1993). 

Owing to their massive parallelism, and the latest advances in analog VLSI 
implementation techniques (Lippman, 1987), neural nets pose a very attrac
tive means of on-line detection and classification of measurement errors or 
related deviations in the values of the state variables of process systems. 

CONCLUSIONS 

The vast majority of schemes for the detection of systematic errors in pro
cess circuits is based on statistical hypothesis tests. These techniques are in
adequate in that they can not be applied directly to non-linear systems. 

Neural nets are not impeded by non-linear constraints, or particular as
sumptions about the underlying distributions of measurement errors and can 
be used on linear and non-linear systems alike with great success. 

The examples discussed in this paper indicate that 
- Single layer back propagation neural nets provide an attractive alternative 
to traditional statistical procedures ·for the detection of systematic errors in 
measured data subject to constraints; 

Stellenbosch University  https://scholar.sun.ac.za



THE USE OF NEURAL NETS TO DETECT SYSTEMATIC ERRORS IN PROCESS SYSTEMS 195 

- In contrast to auto associative neural nets, the nets discussed in this paper 
do not require multiple measurements of a data variable, and their perform
ance is furthermore not affected by the presence of multiple errors; 
- Due to the fact that the training algorithms of neural nets are not dependent 
on assumptions made about the distributions of the measurement errors, these 
nets can be used as an efficient means for the detection of systematic errors 
in non-linear systems; 
- Neural nets pose an attractive option for the on-line detection of gross er
rors in.J)rocess systems. 

SYMBOLS 

a 
b 
C 
eM 
Cp 

DW I 
DWX·· I) 

d· ) 

e 
E( ) 
E · I 

EW· I 

EX·· I) 

g 
N, 
Q 
R 
S 
s 
t 
UM 

w ·· /) 

expected value of an arbitrary variable 
bias of gross error 
matrix of process constraint coefficients 
corrupted measurement; gross error 
pth constraint of a process system 
Process constraint: W i - Wi + 1- W i + 2 

Process constraint: Wi' Xi,j- Wi+ I' X i+ IJ- Wi+ 2 • Xi + 2J 

desired output value of process unit) 
errors in measurements of process variables 
expected value 
process element in output layer of neural net trained to classify errors 
in measurement datum i 
process element in output layer of neural net trained to classify errors 
in measurement of flow stream Wi 
process element in output layer of neural net trained to classify errors 
in measurement of component Xi) in flow stream Wi 
transfer function of neural net process element 
the number of process elements in the lth layer of a neural net 
value of generalized state variable 
arbitrary interval length 
a state variable in general 
actual value of a state variable S 
time 
uncorrupted measurement; unbiased error 
potential of process unit i in neural net 
kth training vector 
flow rate of stream i 
connection strength or weight between process units i and) in neural 
net 

X ij mass fraction of component) in flow stream i 
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y true values of process variables 
y' measured values of process variables 
z" residuals of process constraints 
Zi,l state of process unit i in layer I of a neural net 

Greek symbols 

€ error criterion for adjustment of weight matrix of neural net 
ai . bias of process unit i in neural net 
T learning rate of process unit 
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IDENTIFICATION OF GROSS ERRORS IN MATERIAL 
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Abstract-Reliable sets of steady-state component and total flow rate data form the cornerstone for the 
monitoring of plant performance. The detection and isolation of gross errors in these data constitute an 
essential part of the process of reconciliation of the measurement data, which are generally inconsistent with 
process constraints. By using a neural net to classify measurement or constraint residuals, gross errors in the 
data can be identified accurately and efficiently. Gross error detection and isolation with artificial neural 
nets do not require explicit knowledge of the distribution of random errors in measurement values and can 
be applied to processes with arbitrary constraints. 

INTRODUCTION 

A clear understanding of the operational behaviour of 
a plant is essential for the identification of process 
phenomena, as well as the optimization and control of 
the plant or process circuit. The collection and ana
lysis of data from processes, whether they are oper
ated in steady state or not, are therefore an important 
means for evaluating the performance of a plant or an 
individual process unit. These data are as a rule sub
ject to random noise, or even gross errors, which can 
among others be attributed to failure or miscalibra
tion of measuring instruments, inadequate instrumen
tation, the departure of the process from steady state 
owing to malfunctioning process equipment, or signi
fkant changes in the environment (Hlavacek, 1977). 

As a result of these erroneous measurements, any 
set of process data will general1y violate mass and 
energy conservation requirements, as well as other 
physical constraints pertaining to the process. Since 
most of the methods used to reconcile such inconsist
ent data distribute the error among the measure
ments, the presence of systematic errors can lead to 
a severely distorted picture of the actual process 
(Hodouin and Vaz Coelho, 1987). It is thus crucial 
that biased errors are identified and eliminated from 
the process data prior to final reconciliation of vari
able measurements, and as a result most data recon
ciliation algorithms contain procedures for the identi
fication of gross errors in the measurement data. 

Fol1owing detection arid identification of their 
sources, these errors are usually removed or compen
sated for by some or other means (Serth et al., 1987). 
Since repeated measurements of a variable would not 
al10w the detection of a systematic error, virtually all 
gross error detection schemes are based on statistical 
tests involving the constraint residuals of the measure
ment errors. These tests are generally valid for systems 
subject to linear constraints and very few attempts 
appear to have been made to accommodate non-

t Author to whom correspondence should be addressed. 

linear systems explicitly (Serth et al., 1987; Tjoa and 
Biegler, 1991). 

In this paper a new method is proposed for the 
detection of gross errors in constrained measurement 
data. This method makes use of neural nets to classify 
measurement errors and is not impeded by the nature 
of the system constraints. 

PROBLEM STATEMENT 

Typically, the process constraints or conservation 
equations are described by Crowe (1989): 

A'Y = 0 (1) 

where Y is the (n x 1) vector of true values of the state 
variables and A an (m x n) constraint matrix of full 
row rank m (n > m). If: 

y' = y + e (2) 

constitutes the (n x 1) vector of measurements of the 
true values y, with (n x 1) error vector e, and 
covariance matrix Q; then the mea:;ured values of the 
process variables generally violate the process con
straints 

A 'y' = r #- 0 

or in terms of the true values and error components 

A '(y + e) = r (3) 

and, if the constraints are linear, 

A' (y + e) = A' Y + A' e = r, 

I.e. (4) 

A'e = r. 
Under the null hypothesis that no systematic errors 
are present, r is a multivariate normal with a zero 
mean (Madron et aI., 1977; Romagnoli and 
Stephanopoulos, 1981; Mah and Tamhane, 1982; 
Tamhane and Mah, 1985), i.e. 

E(r) = E(A' e) = A' E(e) = 0 (5) 

and a covariance matrix V = cov (r) of the constraint 
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residuals (Crowe, 1988), where 

V=E(eeT)=A-E(eeT)-AT=A-Q-A T. (6) 

The alternative hypothesis is that the expec;:ted value 
of r is not zero, i.e. 

E(r) = b :I 0 

which indicates the presence of an error with a bias of 
magnitude b. These two hypotheses are subsequently 
evaluated and rejected or accepted on the basis of 
standard statistical criteria. Note that the data need 
not be reconciled in order to calculate r and its de
rived statistics. 

EXISTING METHODS 

The earliest methods of handling systematic errors 
in inconsistent measurement data consisted among 
others of the successive application of data adjust
ment procedures on subsets of the measurement data 
set in order to determine the presence and source of 
gross errors (Romagnoli and Stephanopoulos, 1981). 
Measurements not contained in the subset which 
minimized the least-squares objective function were 
associated with gross errors. These procedures were 
cumbersome and inefficient, especially when large 
complex data sets had to be analysed. The use of such 
methods was placed on a formal statistical foundation 
soon after, based on the relation between the distribu
tion of the measurement errors and the constraint 
residuals. 

Since this global test does not identify the sources of 
gross errors, but merely their presence, an univariate 
statistical criterion to identify biased errors in sets of 
variable measurements containing more than one 
gross error was proposed, but this method was based 
on an iterative test permitting the possible cancella
tion of gross errors (Romagnoli and Stephanopoulos, 
1981). This notion was later extended to multivariate 
chi-square tests and the calculation of covariance ma
trices for all estimated data (Madron et al., 1977; 
Knepper and Gorman, 1980; Crowe et al., 1983). Since 
these methods are only applicable to linearly con
strained data, non-linear constraints had to be lin
earized (Romagnoli and Stephanopoulos, 1980, 1981; 
Crowe et al., 1986; Stephenson and Shewchuck, 1986). 
Refinements to these tests were made by Iordache et 
al. (1985), who modified the test to accommodate the 
identification of multiple gross errors. More sophisti
cated procedures were developed when Serth and 
Heenan (1986) and Serth et al. (1987, 1989) proposed 
a modified iterative measurement test (MIMT) and 
a screened combinatorial (SC) test, and compared 
these with the measurement test proposed by Mah 
and Tamhane (1982), as well as the method of pseudo
nodes (Crowe et al., 1983). 

The disadvantage of all these methods is that they 
do not distinguish between different types of gross 
errors, as stated by Narasimhan and Mah (1987, 
1989). These authors pro'posed a generalized likeli-· 
hood ratio (GLR) method for the identification of 
gross errors, by modifying the process model to facilit-

ate the detection of gross errors not occurring due to 
impaired measurement, but to actual deviations in the 
process itself (Narasimhan and Mah, 1987, 1989; 
Narasimhan, 1990). The generalized likelihood ratio 
(GLR) method of Narasimhan and Mah leads to 
statistical test valUes which are exactly equal to the 
square of the corresponding maximum power test. 
The modified process model is constituted by 

A- Y = 0 for measurement errors (1) 

A- Y - b - m = 0 for leaks. (7) 

These authors derived the statistical properties of the 
constraint residuals in the presence of both a measure
ment bias and a leak, and used a generalized likeli
hood ratio method to identify gross errors associated 
with these conditions. They showed that generalized 
likelihood ratio methods provide a framework for the 
identification of any type of gross error that can be 
modelled and can also provide estimates of the magni
tude of the bias and its consequent impact on the 
process data. Narasimhan and Mah also introduced 
a serial compensation strategy to detect multiple gross 
errors. This approach attempted the successive detec
tion of gross errors from the largest to the smallest, 
but suffered from the drawback that it could still be 
subject to large type I errors and low power (Rollins 
and Davis, 1992). An improvement on this method 
was consequently proposed by Rollins and Davis 
(1992), who used a method to make unbiased es
timates of gross errors in measurement data. 

It has long been realized that all these methods 
were limited by the restriction of linear process con
straints. Methods involving the linearization of non
linear constraints are often only partly successful and 
do not always capture the essential characteristics of 
a process (Kim et al., 1990). Serth el al. (1987, 1989) 
were the first to propose an explicit procedure to deal 
with non-linear constraints in gross error detection 
methods, through an extension of their MIMT pro
cedure. It has long since been shown that the distor
tion caused by gross errors in data reconciliation 
procedures can be obviated effectively by making use 
of maximum likelihood ratio methods to rectify these 
inconsistent data (Britt and Leucke, 1973; Fariss and 
Law, 1979). These methods do not indicate the pres
ence or sources of gross errors, however. The method 
was applied to data subject to bilinear constraints (a 
mild type of non-linearity) and entailed an iterative 
procedure whereby the data reconciliation problem 
had to be solved at each iteration step. Although the 
method was applied successfully to several examples, 
the computational procedure is cumbersome when 
large systems are involved, and its effectiveness re
mains to be demonstrated in the presence of less 
benevolent types of non-linearities. 

In practice, the presence of non-linear constraints 
impose a severe restriction on traditional methods for 
the identification of gross errors, and it is the purpose 
of this paper to highlight the use of neural net 
methods to detect gross errors in measurement data. 
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It will be shown that neural nets have bo th a powerful 
ability to detect data errors, and an unparalleled abil
ity to detect these errors in measurement data subject 
to non-linear constraints. 

GROSS ERROR DETECTION BY MEANS OF NEURAL NETS 

Background 
Excellent in-depth discussions on neura l nets can be 

found in the literature and only a very brief overview 
is provided in this paper (Rumelhart et al., 1986; 
Lippmann, 1987, 1989; Wassennan, 1989; Hecht
Nielsen, 1990). 

A neural net is a parallel d istributed infonnation 
processing structure, consisting of an arrangement of 
interconnected primitive processing elements. Each 
processing element can have an arbitrary number of 
input co nnectio ns, but only one output connection 
(that can branch o r fa n out to fo rm a multiple o utput 
co nnection). Processing elemen ts o r a rti fic ial neuro ns 
can have local memory and also possesS transfer fun c
tions that can use o r alte r this memory, process inpu t 
signals and produce the outpu t signa ls of the ele
ments, as shown in Fig. I. 

These process ing elements are typically divided into 
disjoint subsets, called layers, in which a ll the process 
units in essence possess the same computa tiona l char
acteristics. The layers comprising a neural net a re 
usually categorized as either input, hidden or output 
layers, to denote the way in which they interact with 
the infonnation envi ronment of the net. 

The back propagation nets used in this study were 
feedforward networks which could be trained by re
peatedly presenting them with examples of inputs and 
desired outputs (Rumelhart et al., 1986; Lippmann, 
1987, 1989; Hinton, 1989; Hornik et aI., 1989; 
Wasserman, 1989; Bhat et al., 1990; Bhat and 
McAvoy, 1990; Hecht-Nielsen, 1990). T raining, which 
entails the adjustment of the weight matrix of the net, 
occurs by means of learning algorithms designed to 
minimize the mean square error between the desired 
and the actual output of the net (Bhat and McAvoy, 
1990). D uring the learning process, information is 
propagated back through the net in order to update 
the connection weights of the net. Through training, 
the net fonns an internal representation of the rela
tionship between the inputs and the outputs presented 
to it. 

Fig. I. Processing element of a back propagation neura l net. 

Computation in back propagation neural nets is 
feedforward and synchronous, i.e. informatio n is dis
tributed by the input layer to the first hidden layer (if 
present) from where it moves through successive 
layers to the final or output layer. During training, 
however, the weights of the net are updated in reverse 
order, i.e. the errors between the outputs of the net 
and the desired outputs are propagated back through 
the net so that the weights of the output layer are 
updated first , followed by the weights of the layer 
preceding the output layer, down to the weights be
tween the input and the first hidden layer (if presen t). 
The activation rules of process units are typica lly of 
the fonn 

z;{ t + I ) = g [u;{t)] (8) 

where u;(t) designa tes the potential of a process unit at 
time t, i.e. the difference between the we ighted sum of 
a ll the inputs to the unit and the unit bias 

(9) 

The form of the tra nsfer function y may va ry, bu t 
could be a li nea r, step o r sigmoida l transfe r function, 
among others, with a domain typica ll y much smaller 
than that of the potential of the process unit , such as 
[0; 1J or [ - I; IJ , for example. 

The training of back propagation neura l nets is a n 
iterative process involving the changing of the weights 
of the net, typically by means of a gradient descent 
method, in order to minimize an error criterion, i.e. 

(10) 

where 

(II) 

in which l is the learning rate and c the error criterion, 
I.e. 

1 " 1 e = 2 LJdo. j - ZO. j) (12) 

based on the difference between the desired and the 
actual outputs of the unit. 

The use of neural nets for the classification of measure
ment errors 

By presenting a back propagation neural net with 
examples of measurement and constraint residuals as 
input, and appropriate categories denoting the classi
fication of the residuals, the net can be trained to 
generalize the relationship between these residuals 
and the types of errors present in the data. When 
presented with test exemplars, it is then able to classify 
the residuals into the categories it had been trained to 
recognize (analogous to the statistical hypothesis tests 
traditionally used to categorize errors). In the simplest 
case, the classification of the errors can consist of 
distinguishing between the collective presence of ran
dom and gross erro rs only, wi thout an indication of 
the sources of these erro rs, by relating the constra int 
residua ls of the system to the presence of gross erro rs. 
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F ig. 2. Type I and II erro rs in testing o r hypotheses. 

Alternatively, the detect ion and isola tion of gross er
rors can be based on a n anal ys is of the measurement 
residuals as is expla ined in the fo llowing examples. 

Ti:pc I (lnci {-'"PI' II cr rors. When s t:.Itistical hypothe
ses o f po pulati ons arc tested , two types of erro rs 
(referred to in the statistical literatu re as type I or 
type II erro rs) are possible (Walpole and Myers, 
I 97S). A type I error is com mitt ed when the null 
hypo thesis is valid, but erroneously rejected (i.e. when 
a random error is incorrectly identified as a systematic 
error), and a type II error is committed when the null 
hypothesis is accepted when it is false (i.e. when a sys
tematic error is not detected). The probability of com
mitting a type I error is known as the level of signi
ficance or the size of the critical region of the test, and 
is usually denoted by ct., while the probability of 
a type II error being committed is usually denoted by 
p. In efficient measurement error detection schemes, 
the probability of both these errors occurring should 
be as small as possible. 

Similar to statistical tests, the performance of a neu
ral net error detection scheme can also be constructed 
to minimize the probability of type I or type II errors 
occurring through the appropriate labelling of train
ing exemplars. To reduce the occurrence of type I 
errors, only the residuals in region Be in Fig. 2 are 
designated as gross er~brs. When the distributions of 
random and systemat'ic errors overlap (shown sche
matically in Fig. 2), one critical region can only be 
adjusted at the expense of another. Stated differently, 
to ensure that the probability of type II errors occur
ring is as low as possible, the probability of type I 
errors occurring has to be increased, as is shown 
diagrammatically in Fig. 2. In the neural net error 
detection schemes discussed in this paper, all the nets 
were trained to significance levels of less than 2%. 

EXAMPLES 

Example I : measuremenr daw from a two-product clas
sifier containing gross errors of various magnitudes 

Consider a two-product classifier, such as a hyd ro
cyclone or a high-tension roll separator, in which the 
feed stream WI, with compo nent mass fractions 
XII and X l 2, is classified into two product streams, W 2 

10,-----------------------------------~ 

8 ..... . . . ... . .. , ' . . 
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~ 6 
UJ 
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~ 4 
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... : ·AANClOM · 
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OBSERVATION 
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Fig. 3. Dist ribution or normal and gross errors. Standard 
deviation: 5% (example I). 

with component mass fractions XZ 1 and X22, and W3 

wit h component mass fraction s Xjl and XJ2 . All fl ow 
variables HI; and X ;j a rc measured and the following 
mass balance constraints ha ve to be satisfied : 

WIX! I - 11'2 ·\21 - lV,x31 = 0 ( 14) 

WI .\12 - W2X21 - W3X32 = O. ( IS) 

The above system consisting of nine state variables 
and three bilinear process constraints is typical of 
measurement data reconciliation problems in chem
ical or metallurgical process engineering, in which 
total flow streams and component flows have to be 
reconciled. In order to demonstrate the detection and 
isolation of gross errors in the system, an arbitrary but 
consistent set of values (in effect assumed to be the 
true values of the variables) is corrupted by both 
random and gross errors. The corruption of the vec
tors is allowed to occur on a random basis, so that 
measurement vectors can contain more than one 
gross error. All errors have Gaussian distributions 
with standard deviations of 5%, and differ only with 
regard to their expected values. Two types of gross 
errors are considered; one with a bias 20% larger than 
the expected value of the random variable and one 
with a bias 50% larger than the expected value of the 
variable. These errors are depicted in Fig. 3, where it 
can be seen that the larger systematic error is com
pletely discernible from the random error, while the 
smaller systematic error is only partially discernible. 

General structure of neural net. The general struc
ture of the net used to detect or isolate the systematic 
errors in the data is depicted in Fig. 4. The net consists 
of an input layer a nd an output layer, sparsely con
nected in a feed forward mode (i.e. only corresponding 
process units in the input and output layers are con
nected). State changes in the process units are effected 
through a hyperbolic tangent transfer funct ion, i.e. 

(16) 

which maps input to the [ - 1: I] domain. Sigmoidal 
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Table 1. Weights of net used to detect gross errors in two-product 
process system based on constraint residuals 

Output unit I 

Bias 7.2773 
Input unit I 9.1197 
Input unit 2 - 0.2414 
Input unit 3 0.0637 

II GROSS ERROR o RANDOM ERROR 

OUTPUT: CLASSIFIED ERRORS OR 
INDICATION OF PRESENCE OF ERRORS 

INPUT: MEASUREMENT RESIDUALS 
OR CONSTRAINT RESIDUALS 

:~ 
i 

Fig. 4. Back propagation neural net used to identiry gross 
errors in process ci rcuits. 

transfer functi ons, which are commonly used in back 
propagation nets, were also investigated, but did not 
perform as well as nets operating with hyperbolic 
tangent act iva tion functions. The net was trained by 
means of the generalized delta rule (Rumelhart et al., 
1986) 

"'u(t + 1) = IVU(t) + k1ejzj + kzmij (17) 

l1lij = lVij(t + I) - ",jj(t) (18) 

so that weight changes were proportional to the error 
(ej) and the input to the particular connection (Zj). 
A momentum term (mij) equal to the change in the 
weight of the process element [eq. (18)] was used to 
facilitate the smoothing of weight changes, which re
sulted in better convergence of the net. 

Training data. The sets of training exemplars gen
erally consisted on n training vectors Vb each of 
which could be partitioned into a subvector V~N con
taining all the inputs to the net, and a subvector 
V?UT which contained the desired outputs associated 
with the corresponding inputs, i.e. 

(19) 

The inputs to the net were based on either the con
straint residuals (r p), the measurement residuals 
(w;' - W; or x;j - X;j), or the measurements of the 
variables (W; or X;j). Each of these approaches is 
considered in turn. 

Detectioll of the presence of gross errors in variables 
based on the constraint residuals of the system. In the 
first a pproach, the inputs to the net consist of the 
magnitudes of the normalized constraint residuals 
generated by the errors in the observed values of tbe 

Output unit 2 Output unit 3 

- 0.9S01 - 0.5564 
- 2.6379 - O.OOOS 

2.7840 - O. IOOS 
1.3763 0.2227 

variables, i.e. 

v~ = JrpJ / CTp; P = I, 2, .. . , n + I (where 11 tS the 
number of components in the circuit) 

vpUT = 0 if vlN is associated with a random error 
(i = I , 2, . . . , n + I) 

vPUT = I if vlN is associated with a biased error 
(i = I , 2, _ .. , /I + I ). 

A training (100 v<!cto rs) and a t<!st set (50 v<!c tors) were 
constructed from constraint residuals generated by 
corrupting a single set of arbitrary consistent 
measurements { IV I, W z, W 3 , X I I, X 12 , XlI, X12, XJ 1, 

.\32} with the previously mentioned random and 
gross errors. 

After convergence, the performance of the net was 
evaluated against a test set consisting of 50 test vec
tors, with a composition similar to that of the exemp
lars- in the training set. These vectors consisted of a set 
of input values, as well as a set of actual output values 
which could be compared with the output values 
generated by the net. The weights of the trained net 
are shown in Table I. 

On average, the net managed to classify correctly 
94 % of the large errors with a 50% bias in the data. 
Although virtually no overlap occurred between the 
gross error and random error distributions, it should 
be borne in mind that based on an analysis of the 
constraint residuals of the system, gross errors in 
relatively small variables might still be indistinguish
able owing to random noise in relatively large vari
ables. As could be expected, the net had somewhat less 
success (91 %) in dis-criminating between the smaller 
errors with a 20% bias which were less discernible 
from the random errors in the data. (It is not difficult 
to generalize this trend, with results similar to those of 
other error detection tests, i.e. the smaller the bias of 
the gross error, the smaller the chance of the error 
being detected.) 

In order to evaluate the robustness of the net, the 
true values of the variables were changed completely 
and corrupted at random with the same errors used 
previously (standard deviations of 5% and biases of 
20 and 50%). The previously trained net was sub
sequently used to detect the presence of gross errors in 
the new system without retraining. The ability of the 
net to detect gross errors was found to be essentially 
the same as in the previous case (within 5%). Stated 
differently, as long as the magnitudes of the constraint 
residuals are larger than a certain threshold value, the 
net will interpret this as an indication of the presence 
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of a gross error, regardless of the actual or observed 
values of the variables used to generate the constraint 
residuals. 

Note that, by using a method such as this, gross 
errors cannot be isolated, though these errors can be 
confined to subsets of three variables at a time. That is 
if a gross error is present in any of the flow streams 
Wi, all three constraint residuals r l , r1 and r3 will test 
positive for the presence of a gross error. If the gross 
error occurs in any of the variables .'<110 Xli or X31, 

only rl will test positive for a gross error, while only r3 

will test positive if .'<21, Xu or X32 contains a gross 
error. In order to locate gross errors more precisely, 
procedures using the measurements or measurement 
residuals themselves are necessary. 

Detect iOIl of the presellce of yross errors ill variahle.\" 
hosed Oil the measuremellt residuals of fhe system. In 
thi s approach the same procedu re is followed as in the 
previous approach , excep t that the inputs to the net 
consist of the normalized magnitudes of the measure
ment resid uals of the variables, instead of the co n
st ra int resid uals : 

vlN = I w;' - W;I/crwi (i = 1,2,3) 

v'1'!+j+1 = 1."<j - x;Ncrxij (i= 1,2,3; j= 1,2) 

V?UT = 0 if viN is associated with a random 
error (k = 1,2, .. . ,9) 

V?UT if viN is associated with a biased 
error (k = 1,2, ... . 9). 

Note that these residuals are regarded as the differ
ences between the true and observed values of the 
variables. In practice, the true values of the variables 
are not known and have to be estimated by an appro
priate reconciliation procedure. 

A net with the same general structure as the net 
used with the constraint residuals of the system was 
defined, i.e. a single input and output layer consisting 
of hyperbolic tangent process units. The net was 
trained with a set of 200 exemplars and after conver
gence, the net was evaluated against a set of test data 
as before. The weights of the trained net are shown in 
Table 2. The net was able to classify all the gross 
errors with a 50% bias (equivalent to 10 standard 
deviations) correctly, but could only classify approx
imately 84 % of the errors with a 20% bias (equivalent 
to four standard deviations) correctly. 

The ability of the net to detect gross errors asso
ciated with variable values, not similar to those the 
net had been trained on, remained essentially the 
same, as shown in Fig. 5. The net managed to detect 
all gross errors with a 50% bias regardless of the 
specific values of the variables with which these errors 
were associated, while the net's ability to detect gross 
errors with a magnitude of 20% in variable sets it had 
not been trained on, deteriorated only marginally, 
typically as shown in Fig. 5. 

Some experiments indicated that the actual (posit
ive o r negat ive) values of the residuals can also be 
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ERRORS CORRECTLY CLASSIFIED (%J 
l00r--------------------.~--------_, 

80 
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20 

o 
20% 50% 
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mTRAIN 

81 TEST SAME 

OTEST DIFF 

Fig. 5. Detection of gross errors based on measurement residuals two-product classifier 

used in more sophisticated error classification 
schemes, but more complicated neural net structures 
(typically characterized by a si ngle hidden layer) 
would then be required. 

Detectioll o[tlrl.' presell CI! a/gross errors ill variahles 
based all tire measuremellt s 0/ tiTe system vari
ahles. This third approach is essentially the same as 
the first two described above, except that instead of 
using the measurement residuals, the actual measure
ments themselves are used, i.e. the inputs to the net 
consist of the measurements of the variables w; and 
xij : 

vlN = W; (i = 1,2,3) 

VJ.]'t+j+l =x~j (i= l,2,3;j= 1,2) 

V?UT = 0 if dN is associated with a random 
error (k = I, 2, ... , 9) 

V?UT = 1 if vtN is associated with a biased 
error (k = 1, 2, . .. , 9). 

The advantage of this approach is that no estimates of 
the true values of the variables are required, since the 
net constructs its own representation of these true 
values. It can be shown that the results obtained with 
this approach are much the same as with the previous 
method. However, when different true values are used, 
the net has to be retrained to classify the errors in the 
variables. Despite the advantage of not having to 
estimate the true values of the variables, this approach 
is consequently limited to very stable steady-state 
systems under strictly controlled operating conditions 
and is thus seen to be of limited value in practice. 

Example 2: a metallurgical grinding circuit 
In the previous example, the ability of a neural net 

to identify gross errors in data subject to non-linear 
constraints has been demonstrated. In this example, 
the performance of a neural net is compared to that of 
a statistical method described in the literature. The 
specific method has been selected because it is one of 
the few repo rted to deal explicitly with non-linear 
constraints, and is furthermore reported to be an 

efficient means of detecting multiple gross errors in 
measured data. 

The example chosen from the litera ture concerns 
the use of a mod ified ite rati ve measurement procedure 
to detect gross errors in the measurement data and the 
results are consequently compared with those o b
tained by a neural net (Serth et al ., 1987, 1989). 

The circuit consis ted of a ball and rod mill con
nected to a cyclone classi fier as shown in Fig. 6. Based 
on the constraints that the mass fractions ha ve to sum 
to unity, the mass fractions of water in streams 5-9 
have been eliminated, and the following set of equa
tions was obtained to describe mass flow in the circuit 
(Serth et af., 1987) : 

Rod mill (node 1): 

R( - Rs + RsI~ W Sj = 0 

R4 - RsI~ W Sj = O. 

Pump (node 2): 

R2 + Rs + R6 - R7 - Rs I~ W Sj 

(20) 

(21) 

- R6 L~ W 6jO + R7 I~ W 7j = 0 (22) 

Rs W Sj + R6 W 6j - R7 W 7j = 0 (j = 1,2,3). (23) 

Ball mill (node 3): 

R) + Rs - R6 + R6 I~ W 6j - RsI~ W Sj = 0 (24) 

RsIl W Sj - R6IJ W6j = O. (25) 

Cyclone (node 4): 

R7 - Rs - R9 - R7Il W 7j + RsIl WSj 

+ R9I~ W 9j = 0 (26) 

R7 W 7j - Rs W Sj - R9 W 9j = 0 (j = 1,2,3). (27) 

The corresponding neural net used to identify gross 
errors in the measurement variables consequently 
consisted of 24 input nodes (24 measurement resid
uals) or process units, connected to an output layer. 
The output layer similarly consisted of 24 process 
units, corresponding to the 24 measurement variables. 
The net was subseq uently trained on various data sets 
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WATER 
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(2) 
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( 8) 

WATER 

(3) 

(9) 

Fig. 6. Metallurgical grinding circuil (Salh ~lI1J Hc.:nan . I,}X7). 

containing one to seve ral gross errors in each training 
vector. As in example I, the tra ining exemplars con
sisted of vectors Vb viz. 

where 

vlj!+j-6 = iWij - wiji (i = 5, 6, ... , 9; j = 1, 2,3) 

and 

V?UT = 0 if Vj is associated with a random error 

(i = I, 2, .. . , 24) 

V?UT = 1 if Vj is associated with a biased error 

(i = 1, 2, .. . , 24). 

The data were corrupted oy the same errors used by 
Serth et aI., as shown in Table 3 and depicted in Fig. 7. 
As can be seen from Fig. 7 where a random error is 
compared with two of the gross errors (with biases of 
10 and 20%), only gross errors with a bias smaller 
than approximately 20% overlap with random errors, 
and it can be shown that except for these few errors, 
all other errors can be detected by a suitable test 
method such as the so-called statistical measurement 
test (Mah and Tamhane, 1982). As a result a very high 
success rate can be expected when gross errors with 
biases larger than 20% occurs in the data. Since these 
residuals are generally not available for testing (the 
true values of the variables are unknown), the data are 
reconciled and the adjustments are then subjected to 
testing for gross errors, on the premise that adjust
ments in measurement values subject to (large) gross 
errors will be relatively large (i.e. the ratio of the 
expected value of the adjusted measurement to that of 
the true va lue of the measurement will exceed unity). 
It shou ld thus be noted that Serth et al. (1987) did not 
use the residuals Ri - R j and Wij - Wij that were 

Table .'- Parameler sr.:.:ific:alill ns for test cases 

Parameter 

Standard deviation ("!o) 

Lower bound o n systematic erro r 
magnitude 
Upper bound o n systematic erro r 
magnitude 

Value 

2.5 
0. 1 

1.0 

20~-----------------------------------, 

>
u 
Z 
w 

15 

:;) 10 
a 
w 
a:: 
u.. 

5 -
RANDOM 
ERROR 

o .. f-..:.-----,--....c:...--=- -r--~---="--_,_---"'-_1 

0.9 1.0 1.1 

OBSERVATION 

1.2 1.3 

Fig. 7. Normal distribution of random and gross errors. 
Standard deviation of all errors: 2.5% (Serth ec al., 1987). 

used to train the neural net, but the adjustments 
Ri - Ri' and Wij - Wi} . 

After training the net, it was presented with a pre
viously unseen set of test data, corrupted by the same 
types of erro rs the net had been trained to recognize. 
Since only the distribution of errors with a bias of less 
than 10% overlapped with those of the random errors 
in the data. the net was able to categorize virtually all 
errors in the measurement data correctly. The results 
of the classification process are depicted in Tables 
4- 6. The weights of the trained neural net are shown 
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schematically in Fig. 8, where the sizes of the squares 
are indicative of the values of the weights (solid and 
empty squares represent positive and negative values, 
respectively). In this figure, the first input unit is desig
nated as the bias unit, while the 24 input are num
bered consecutively from 2 to 25 (shown on the hori
zontal axis) and the 24 output units are number con
secutively from 26 to 49 (shown on the vertical axis). 

The neural net clearly performed considerably bet
ter than the MIMT procedure. From the work done 
by Serth et al. (1987), it also appears as if the per
formance of the MIMT algorithm was influenced by 
the magnitudes of the systematic errors in the data 
sets. The MIMT algorithm detected only 8% of the 
gross errors in the smallest flow variable (R)) and zero 
in the smallest composition variable (mass fraction 
1 in stream 9). This can probably be attributed to the 
relatively poor estimates of the true values of the 
process varia bles during reconciliation of the data, 
and should not be interp reted as the result of a n 
inadequate gross erro r test as such. The neural net 

T able 4. Comparison of neural net wi th MIMT method to 
detect gross errors in measu rement data (one gross erro r) 

Test method 

Systematic errors detected (%) 
Average number of erroneous 
identifications 

MIMT' 

82 

0.29 

BPNNI 

98 

o 

'Modified iterative measurement test (Serth et ai., 1987, 
1989). 

I Back propagation neural net. 

Table 5. Comparison of neural net with MIMT method to 
detect gross errors in measurement data (five gross errors) 

Test method 

Systematic errors detected (%) 
Average number of erroneous 
identifications 

, Modified iterative measurement test. 
I Back propagation neural net. 

75 

lAO 

BPNNI 

97 

o 

•• . . ... .... 
" I!I " 

" .. .. " 

"." ••• 
"." ••• .. " 
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"." .. -

"." ••• a a . a 

"." " .. .. " ••• 280. " .• - .. 
270 ••. • ". 
26 ••• · . . .. 

.'0000' '- 000 -"0- '0.·0'0 
~N~~~~ ~m~~ ~ N~ ~~~~m~m~ N m~ ~ 
~ ~ ~ ~~~~~~~~N NNNNN 

'" 
Fig. 8. Grarhic rerrcsentati l1 l1 of the weights of the neural 
net used to d<: t<:c t gross errors in example 2. [ Units in the 
input layer include the I3 IAS un it and units labelled from 2 to 

25. while units in the o utput la yer arc lahelled from 26 to 49. 
La rge and small squares rerresent large and small weights 
respecti ve ly. while solid squares ( + ) and emrty squares 

( - ) indicate the signs of the weights.] 

would probably have yielded similar results if it had 
to contend with the adjustments generated by the 
MIMT procedure. 

DISCUSSION OF RESULTS 

The use of neural nets for the detection of gross 
errors in process data is best explained in analogy 
with statistical tests presently used for the same pur
pose. These tests are based either on the constraint 
residuals generated by the inconsistent data, or dir
ectly on the measurement residuals generated when 
the observed values of the variables are reconciled 
with the constraints. 

Neural net techniques follow much the same ap
proach and the prerequisites to the application of 
these methods are the same as for statistical 
tests-analytical redundancy of the process data and 
knowledge of the distribution of random errors in the 

Table 6. Comparison of neural net with MIMT method to detect gross errors in selected 
variables 

Number of Perccn tage of gross 
gross errors errors detected 

Variable 
number Description MIMT ' BPNN I MIMT' BPNNI 

I Second smallest flow 10 22 80 98 
3 Smallest flow 12 25 8 98 
7 Largest flow 18 18 94 98 

13 Second smallest composition I I 16 64 98 
20 Largest composition 14 20 93 98 
22 Smallest composition 15 23 0 98 

'Modified iterative measurement test. 
I Back propagation neural net. 

CES 49: 9-F 
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data. An important point is the fact that the know
ledge concerning the random errors does not need to 
be explicit when neural nets are used (i.e. the usual 
assumption of a normal distribution with a certain 
variance and a zero mean), since the net can derive its 
own representation of this distribution when provided 
with sufficient suitable process data. Once the net has 
constructed a model of the random errors in the 
measurements (from examples presented to it in the 
training phase), it uses this representation as the ex
clusive standard against which errors are classified. 

When statistical methods based on constraint resid
uals are used, the distribution of the constraint resid
uals has to be known and since this distribution is 
a function of the distributions of the individual vari
able measurements, statistical methods are generally 
limited to linear systems. (I n non-linear systems the 
distribution of the constraint resid uals is no longer of 
the same type as that of the measurement residuals 
and generally unknown.) In neural nets this limitation 
does not apply, since the net learns the distribution of 
the constraint residuals for the particular system prior 
to classification of these residuals. Having learned this 
relationship for a particular set of constraint equa
tions and a random error distribution, the net can be 
used to detect the presence of gross errors in the set of 
variable measurements. Once ddected, other tech
niques can then be used to isolate these systematic 
errors. 

Alternatively (and in order to isolate gross errors 
directly), tests can be based on measurement residuals. 
In contrast with the constraint residuals, these 
measurement residuals can unfortunately not be de
termined directly from the variable measurements 
themselves, since the true values of the variables at the 
time of measurement are not known (assuming 
the process model to be correct, the true values of the 
constraint residuals at the time of measurement are 
known to be zero). As a result it is not possible to use 
the actual measurement residuals (the differences be
tween the true and the observed values of the vari
ables) to locate gross errors in the system. The estim
ated measurement residuals, however, can be used 
(the differences between the estimated or reconciled 
and the observed values of the variables). As a conse
quence, the detection of gross errors based on 
measurement residuals is dependent on the accuracy 
with which the true values of the variables can be 
estimated, i.e. the reconciliation proced ure used to 
filter the data. 

When the measurement residuals are evaluated by 
means of neural nets, two similar approaches are 
possible. In the first approach the net can be trained 
with the measurement residuals per se to identify 
gross errors in the reconciled data. The relation be
tween the measurement residuals is typically relatively 
simple and training of the net uncomplicated, so that 
accurate classification of the errors is possible, pro
vided that the residuals presented to the net during 
training and testing are reasonably close estimates of 
the actual residuals of the measurements. 

In an alternative approach, the reconciliation pro
cedure can be dispensed with altogether, and the net 
can be trained with the observed values of the vari
ables only. From these values, the net constructs its 
own model of the measurement residuals and uses 
these to identify measurements that are biased. This 
procedure is less robust than the previous two, in that 
the net is sensitive to the actual measurements used 
during training, i.e. if the net is trained with observed 
values centered around a particular true value of the 
process variable, a significant change in the true value 
of the variable will result in erroneous classification of 
errors in the measurements. Owing to this drawback 
the previous approach based on the measurement 
residuals is recommended. 

The nets used for the detection of gross errors in the 
examples described in this paper have simple single
layer structures. This can, among others, be attributed 
to the use of the absolute magnitudes of the residuals, 
which simplifies the decision space that the net has to 
model. 

In the light of these comments the following can be 
concluded that: 

A 
b 

• neural nets constitute a powerful means of de
tecting gross errors in sets of constrained vari
ables, regardless of the nature of the constraints 

• explicit knowledge of the distribution of random 
errors in the variables is not a prerequisite to 
the use of neural net methods to detect gross 
errors 

• neural nets can be used to isolate gross errors in 
variable measurements, regardless of the con
straints of the system 

• existing schemes can be adapted readily to incor
porate the use of neural net methods for the 
detection of gross errors in process systems 

• due to their parallel architecture, the use of neu
ral nets in the so-called neural circuits (electronic 
circuits designed to derive maximal benefit from 
the parallelism of neural nets) for the on-line 
detection of gross errors in process systems ap
pears to be an attractive option. 

NOTATION 

matrix of process constraint coefficients 
magnitude of leak vector 

bg 

cov(' ) 
do. j 

DW 
DX i 

bias of gross error 
covariance 
desired output value of process unit j 
ma~s balance constraint, WI - W z - W3 =0 
mass balance constraint, WI Xli - WZXZi 

- W 3X 3i=0 
e 
E(- ) 

e, 

errors in measurements of process variables 
expected value 
gross error in measured variable 
error generated in neural net during training 
process element i in output layer of neural 
net trained to classify errors in measurement 
data 
random error in measured variable 
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g transfer function of neural net process 
element 

kl constant 
k2 constant 
m leak vector 
mij momentum term In back propagation 

learning rules 
Q covariance matrix of process variable 

measurements, y' 
r residuals of process constraints 
Rj actual value of flow stream i 
Ri' adjusted value of flow stream i 
Ri observed value of flow stream i 

Uj 

V 
V~N 
U?l!T 

V k 

V~N 

W j 

Wi' 
Wi 
\'\'ij 

y 
y" 
y' 

Yg 
Yr 

Zj 

Z •• j 

pth process constraint in measured data 
time 
potential of process unit j in neural net 
covariance matrix of constraint residuals 
component j of vector V~N 
component .i of vector V?l!T 

k th training vector 
component or subvector of training vector 
containing input values 
component or subvector of training vector 
containing desired output values 
actual flow rate of stream i 
estimated or adjusted flow rate of stream j 

observed flow rate of stream j 

connection strength or weight between pro
cess units j and j in neural net 
actual mass fraction of component j in flow 
stream i 
estimated or adjusted mass fraction of com
ponent j in flow stream i 
observed fraction of component j In flow 
stream j 

true values of process variables 
adjusted values of process variables 
measured values of process variables 
a measured variable containing a gross error 
a measured variable containing a random 
error, er 

state of process unit j in neural net 
actual output of process unitj 

Greek leiters 
e error criterion for adjustment of weight 

matrix of neural net 

e· I bias of process unit j in neural net 
learning rate of process unit i t 
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Abstract 

Since measurements of variables in chemical and metallurgical plants generally violate the conservation 
and other constraints of these systems owing to random measurement errors, Olese data have to be 
reconciled with the constraints prior to further use. In multicomponent systems the reconciliation of 
process dat.'l nomlally results in a non-linear constrained optimization problem, which C;UI constitute a 
formidable computational burden when large systems have to be solved by conventional techniques. 
Connectionist systelns, such as artificial neural networks, can be implemented to coru;iderable adv;U\tage 
for the solution of optimization problems such as these and in this paper their usc is explored. Three 
vari;U\ts of crossbar feedback connectionist systems were investigated, two are b;L<;ed on gradienL descent 
teclU1iqucs and one on a direct search method. The results of simulations, as well ;L<; a comparison with 
traditional computational procedures, indicate that systems such as these b;L~ed on gradient descent 
techniques can be used to solve large systems efficiently. 

1. Introduction 

A clear understanding of the operational behaviour 
of a plant is essential for the identification of process 
phenomena, as well as for the optimization and 
control of the plant or process circuit. The collection 
and analysis of data from processes are therefore 
important means for evaluating the performance of 
a plant or an individual process unit. The available 
data are generally subject to random noise, or even 
gross errors, which can among others be attributed 
to failure or miscalibration of measuring instruments, 
the departure of the process from steady state owing 
to malfunctioning process equipment, or significant 
changes in the environment. It is thus vital that the 
inconsistent data are reconciled with the process 
constraints prior to further use. 

The usual approach to the reconciliation of mea
sured variables is aimed at minimization of the 
weighted sum of the squares of the measurement 
residuals, subject to conservation and other con
straints of the process [II i.e. 

min (x-x'lV-I(x-x') 

subject to J(x') = 0 

(1) 

where V - I is a residual weighting matrix, usually 
the inverse of the variance-<:ovariance matrix of 

the measurements and x' the vector of reconciled 
measurement.s{see Appendix A). Where an estimate 
of this variance-covariance matrix is not available, 
a numerical weighting system can also be used by 
defining V-I as the inverse of the elements of the 
measurements of the variables {x}. 

The solution of the problem in effect ensures that 
the flow parameters are adjusted as little as possible, 
that all the conservation constraints are satisfied, 
and that more reliable variable measurements are 
adjusted less than less reliable variable measure
ments. 

Most techniques [2-51 involve interactive pro
cedures and are computationally demanding, es
peciallyas far as large complex plants are concerned, 
or where or.-line material balancing is required. 
Although more powerful computer processors are 
continuously being developed, the last few years 
have seen a strong shift towards parallel computer 
systems which are capable of orders of magnitude 
increases in computational speed when compared 
with current serial machines. These computers are 
broadly characterized by the degree of parallelism 
exhibited as well as the power of the processors 
in these systems. At one end of the spectrum only 
a few very powerful processors are arranged in 
parallel, while at the other end of the spectrum 
large numbers of simple processing units are con
nected in masSively parallel structures (such as are 

0923-0467/94/$07.00 © 1994 Elsevier Science S.A. All rights reserved 
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found in neural net\vorks or connectionist systems). 
Both designs have their strengths and weaknesses 
and the use of a particular system is best determined 
by the nature of the application. Despite the obvious 
advantages of parallel computers, they are presently 
only used on a limited scale in process engineering, 
mainly owing to the lack of suitable computational 
algorithms that can exploit their parallel architec
tures. 

Owing to their massively parallel structures, and 
recent advances in very-large-scale integration 
(VLSl) and ultra-large-scale integration (ULSl) elec
tronic circuits [6-8), neural nets show great potential 
for the solution of computational problems of high 
dimension in processing times several orders of 
magnitude less than required with sequential com
putational devices [9, 10). Since artificial neural 
networks do not require special algorithms, they 
can be used as special purpose supercomputers 
without resorting to complicated programming. 

In this paper the usc of con nectionist systems 
for the rectification of inconsistent redundant vari
able measurements is proposed and demonstrated 
by way of two element.ary examples. 

2. Connectionist systems 

Recurrent or feedback nets, especially those 
known as crossbar or Hopficld nets, have been used 
for a wide range of optimization problems ranging 
from the solution of non-polynomial (NP) complete 
combinatorial problems such as the travelling 
salesperson problem [11 I. combinatorial optimi
zation problems subject to inequality constraints 
[12 I. assignment problems [13 I. systems of complex
valued linear equations [14), the four colour mapping 
problem [15 I. the identification and recognition of 
visual images [16, 171. as well as the solution of 
linear [11,18,191. non-linear [20, 21) and dynamic 
programming [22] problems. These nets differ from 
feedforward systems (such as back propagation nets) 
in that information is not only passed forward 
through the layers of the net, but backwards or 
laterally as well. The performance of three different 
connectionist systems explained below and referred 
to as CS-I, CS-ll and CS-llI was investigated. 

2.1 . Connectionist system I (CS-I) 
The architecture of CS-I corresponds to that of 

a crossbar or Hopfield neural net, as shown in Fig. 
1. The system consists of three layers, i.e. an input 
layer, a hidden layer with full lateral connections, 
and an output layer. All layers have the same number 
N of elements, and a!1 are provided with linear 

- • -+ • • • 

I I I I 

"" 

OUTPUT LAY ER 

HIDDEN LAYER 

CROSSBAR 
CONNECTIONS 

_ INPUT LAYER 

! 

Fig. 1. Structure of connectionist system CS·1. 

transfer functions, of the form 

v(u) =-rnu+k, (rn,k const.ant) (2) 

The exact number of clements in c;lch layer is 
detenl1ined by the number uf process variables to 
be reco nciJed (i.c. one elC'lllent for each process 
variable) . 

2.1.1. NcuTOdynamics 
When these networks are viewed as dynamic 

systems, the network compul<ltion process can be 
seen as a system moving in a state space* through 
the constant application of some transition rules. 
These transition rules are procedures for updating 
the state of the system, depending on its current 
state. The system dynamics or neurodynamics of 
the net are determined by the transition rule as 
well as the order in which the system variable~ or 
node outputs are updated. If appiication of the 
transition rule ceases to affect the current state of 
the system, the system is said to have converged 
to a fixed point or attractor in the state space. The 
set of all initial states or points leading to this fixed 
point is known as the attractor basin of the particular 
attractor [23]. 

In order to analyse the dynamics of the system 
it is usually convenient to define a scalar function 
which depends on the state of the system and which 
has a definite value for each point in the state 
space. If the value of this energy or cost function 
E does not increase with a change in the state v 
of the system (i.e. dE/dv ~O, for all possible v) and 
is bounded from below, it is also a Lyapunov function , 
and an indication that the system is unconditionally 
stable. 

·The state space of a set of variables Z = {zi/i = 1, 2, 3, ... 
n} is the Cartesian product of the domains of the variables 
i .e. D = a , .a..a, .. . a,.. The state space A of the set of n variable~ 
Z is thus n -dimensional. 
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By mapping the objective function and the con
straints of an optimization problem onto this energy 
function, these problems can be solved in that the 
optimal solution to the problem is forced to coincide 
with the minimum energy of the system. The dy
namics of the net amount to a constraint relaxation 
process, when the energy measure is defined by 
the degree of constraint violation of the system. 

To use crossbar or Hopficld nets for material 
balance reconciliation problems, it is necessary to 
map the objective function F (which incorporates 
the process system constraintsf) onto the net, such 
as by defining the energy function E of the net in 
terms of the objective function F. 

F= (X - X,)TV-I (X-x' ) + U\:X' ) ]TW- I U\:X')] 

i .e. equivale nt to 

where the scalar fu nction E rep resents the energy 
of the net, x is the vecto r of variable measurements, 
x' is the vector of reconciled measurements, fix ') 
arc the (equal ity) constraints o f the system, v is 
the initial output state of the connectionist system, 
v' is the current output state of the connectionist 
system, and V and Ware some weighting matrices. 

By defining the neurodynamics of the net by means 
of the Newton equations , i .e. 

duJ dt = - dE/dVi (4) 

the computational energy function E is forced to 
decrease monotonically, regardless of the nature of 
this function. 

Proof [15]: 

dE/dt = Li(dvJdt)(dE/dvi) 

= Li(dvJdt) ( -duJdt) 

= - Li[(duJdt)(dvJdu.)](duJdt) 

= - LiCdv;ldu;)(du;ldt)2 ~ ° (5) 

As long as the transfer function Vi(U.) is continuous 
and non-decreasing, dv;ldu. is always positive and 
dE/dt always negative or zero. The resultant state 
of the system can consequently be related to a 
solution of the problem. 

The neurodynamics of the net are thus defined 
by a set of ordinary differential or difference equa
tions, which have to be integrated at each time 
increment to detennine the output states of the 
neurons after each change of state: 

duJdt = 1.(v) 

u.t+I=u.'+(fi(v)) 6.t 

(6) 

(7) 

Integration of these equations continues until the 
system has reached a point of stabil ity (i .e . its 
energy has been reduced to a minimum, so that 
du. /dt = 0 , for all 1,) . In practical terms the system 
is considered to be stable when 

(8) 

where € > ° is an arbitrary small convergence cri
terion. The solution of this system of non-linear 
equations is based on the use of a gradient descent 
technique, witl1 constant step size lengths. 

2.1.2. Scaling oj data 
Be fore the data are presented to tl1e net , it is 

important that they are scaled to ranges that are 
useful with regard to the neurodynamic function 
being used. Witho ut proper scal ing, process cle
ments co uld become saturated , which could even
tually have a severe effect on the movement of the 
system thro ugh state s pace. It is moreover desirable 
to scale all the varia bles to similar ranges, so that 
the influence of varia bl es with relatively large nu
m eric values docs not affect the decrea~e in e nergy 
o f the system a t the expense of variables with 
re l::tt ivcly s mall numeric values. Scaling is usua lly 
accomplished by mapping the minimum and ma.x
imum values o f the actual input and output data 
linearly to the res pective minimum a nd maximum 
values of the network ranges. If a m easurement 
vector presented to the net consists of l fields , [x I, 
X2 , .. ,Xl], two sets of corresponding vectors can 
be defined [ml ' m:,! , . .. md and [MI , M 2 , ••• Md, 
where m k and M k typically correspond to the min
imum and ma.ximum values that X k could assume. 
(These indices can assume any values, as long as 
m k <Mk .) If the ranges allowed for the input and 
output layers of the net are respectively defined as 
(R i • min' R i • m:uJ and (Ro. min> Ro. "",J, i j as the scaled 
network input corresponding to the actual input Xj, 
Ok the actual output of the net and X'k the corre
sponding descaled output, then the mappings of 
the real world data to those of the network can be 
described as follows : 
input 

- mjR i • max ]I[Mj - mj ] 

output 

X'k= [CMk-mk)ok +Ro.max m k 

- Ro. minMk ]I[Ro. m ax - R ". min] 

Missing field values could be mapped to the middle 
of the target range, that is !(Ri• max + R i. m in) or 
HR o. max + R o. m iJ when necessary. 
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2.1.3. Connection weights 
In order to represent appropriately the function 

to be minimized, the weights of the net are defined 
by the variancc-covariance matrix of the measure
ments, as well as the weights associated with the 
process constraint residuals, as presented in eqn. 
(3). Since estimates of the variancc-covariance ma
trix elements are often not available, a weight matrix 
based on the actual values of the variable mea
surements will be defined. This ensures that the 
values of small variables are not adjusted by in
crements that are unduly large in relation to the 
value of the variables themselves. 

The scaled input (measured values of the process 
variables) of the net is clamped to the input layer, 
a nd the states of the elements in the hidden layer 
a re updated repeatedly and asynchronously (sim
ulated by a rando m updating procedure ) through 
numeric i.ntegration of the potential of each clement. 
The system is al lowed to set.tle into a minimum 
poi nt, and the output of the hidden layers (the 
solution) is passed forward to the process clements 
in the output layer, from where it is descaled to 

yield a solution to the optimization problell1 . 

2.2. Connectionist system 11 (array oj (~roSSIJ(J.1· 

jeedlJack nets) 
The optimal point (energy minimum) attained by 

the CS-I system depends on the initial starting 
conditions and it is therefore quite possible that 
the system might be slowed down by shallow at
tractor basins in the search space or trapped in 
local minima when a complex response surface is 
associated with the particular reconciliation prob
lem. These problems can be circumvented through 
further expansion of the CS-I type of system, by 
constructing a system essentially consisting of series 
of CS-I systems in parallel. 

The CS-II system is thus essentially a generalized 
version of the first system, in that instead of having 
a single hidden layer, it has a P-dimensional array 
of hidden layers (if P = 1, the system reduces to 
CS-I), each containing N elements in general, as 
shown in Fig. 2. The input section of the system 
consists of a single input layer, each element of 
which is connected to a corresponding clement in 
each of the P hidden layers. The elements in the 
hidden layers are similarly connected to corre
sponding elements in a single output layer. The 
input and output layers do not process the data, 
but merely serve as distribution points for data input 
and output. 

The same neurodynamic principles concerning 
CS-I are applicable, except that once the measure
ment vector has been fed to each of the different 

layers in the hidden array, P different sets of initial 
conditions are generated in the array prior to the 
commencement of relaxation of the energy of the 
net. Cycles of state changes are allowed to take 
place independently in each layer in the array, and 
when the local rate of change of the energy of the 
system in a particular layer L decreases beyond a 
certain limit, the layer is allowed to poll the other 
layers in the unit. If the energies of one or more 
of these layers are lower than that of the polling 
layer, the latter assumes a new state in the neigh
bourhood of the state of the layer K with the lowest 
energy and continues its convergence to a lower 
energy state if possible . That is 

In th is way a number of layers operating in parallel 
a rc also used in paralle l to searc.:h for an oplillllllll . 
It is espec ially when negotiating complex response 
surfaces that th is secolld order of pa ral lelism call 
be expected to yield superior results (as will be 
demonstrated by an example in the following). 

2.3. Cvnnectioni<;t sy stem 111 (I,IL-ree-Layer net 
with jeedlJack frOTlt output to input layers) 

Direct search procedures are attractive for the 
solution of sets of non-linear equations , since they 
are easy to usc and are generally regarded as 
computationally efficient [24). A direct random 
search procedure with systematic search space con
traction, such as proposed by Luus and Jaakola 
[24) and Luus and Wang [25) was incorporated in 
the neurodynamics of the third system, shown sche
matically in Fig. 3 . CS-III is equivalent to CS-II, 
with the difference that instead of a gradient-based 
search, use is made of a direct method with a 
systematic reduction in the search space associated 
with each interval. The reduction in the search 
intervals associated with each of the search variables 
is aimed at a more efficient search procedure, since 
unless the search domain is in the immediate viCinity 
of the optimum, convergence by means of a random 
search can be very ineffective [26). The procedure 
is implemented as follows: 

(1) set the time increment counter j= 1; 
(2) set up the system, so that the initial states 

VO of the artificial neurons in all P hidden layers 
correspond to the measured values x of the process 
variables; 

(3) define an initial search range rei for each of 
the system states vO; of the neural net; 

(4) determine P sets of values, so that 
v/ =v/- I+4>/-1 r/- 1, where 4>/-1 is a random 
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number associated with the state of artificial neuron 
i at timej-l, and 0<;;;4>/-1 ,;;;1, for all i andj; 

(5) of these P sets, determine the set which 
minimizes :kMu;ldtl; 

(6) if :kMu,Jdt <;;; €, terminate the search, if not, 
reduce the search ranges r/ by an amount 7', i.e. 
r/=(I-7')r/-l, if 7'* 1, terminate the search, if 
7'= 1, repeat the procedure. 

After convergence a set of values v will remain, 
which should correspond to a minimum in the energy 
of the system, i.e. where du,Jdt = - dE/dvi :::: 0, for 
all i . This minimum will be the one closest to the 
initial state of the system, and in multimodal systems 

I , 
i 
I 
I 
i 

, 

(N x Pl ARRAY OF 
IN PUT ELE M ENTS 

it might be necessary to incorporate stochastic 
procedures which would allow the system to find 
a global minimum point. The incorporation of pro
cedures such as these was not pursued in this 
investigation. 

3. Examples 

3.1. Example 1: two-product classiJter 
In this example a t\vo-product classifier (such as 

a hydro cyclone or screw classifier) is conSidered, 
which classifies a feed stream FI with n components 
into two output streams (F2 and F 3)' Measurements 
of the flow rates Fi and component concentrations 
Xij typically violate the mass conservation equations 
pertaining to the classifier, i.e. 

F I -F2 -F3 =O 

FI Xli-F2X2i-F3X3i= 0, for i= 1,2, . . . , n (9) 

The simulated output of connectionist systems CS
I and CS-U is surrunarized in Table 1 for a six
component system. The output shown typically re
sulted in a decrease of approximately four orders 
of magnitude in the initial energy of the system 
and is the average of several runs conducted with 
both CS-I and CS-U. As can be seen from Fig. 4 , 
which portrays the performance of the CS-I system, 
the value of the objective function (energy of the 
net) decreases rapidly at first for 'step sizes smaller 
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TABU:; l. Heconciled and measured val ues of the process variables in the two-product dassifier (example 1); two-component 
system 

101 ensur ed vol.lIcs 
F, F~ F3 X" X'2 X2 ' X22 X3' X 32 

0 .961 0.602 0 .34 7 0 .198 0 .768 0 .127 0.817 0 .354 0.608 

Ty],ica.i H,r.m/(:i/('d va.lucs (CS-I and. CS-II) 
F, F" FJ X" X l 2 X 21 X 22 x" 
0.956 0 .603 0 .3'\3 0 .205 0 .752 0 .123 0 .828 0 .351 

X 32 

0 .6 13 

Ratio of initial energy of system to final energy: Eo/Er'" 11000. 

10000 ; 

\ : 
STEP SI ZE 

;000 : N " '.;.:,,,;:~<~ .~. ::~'="~<~K" , 

. - 0 .02 I 0 1 • 0 .2 • 0 3 " 0 5 

100 \t.,,"" ......... . > \ I . " , ..... _ •••••••••••••••• 

~ \".--... 
-".}. ....... 

, 
UJ 

Z 
10 \. '" ,. 

o 10 20 30 40 50 

ITERATION NUMBER 

Fig. 4. Performance of CS-l (example I): e ffect of st.ep s ize on 
the decre;L~c in ene rgy . 

than 0 .2, after which diminishing progress is made 
with furt.her computation. (A constant step size was 
used for all the variables throughout the optimization 
procedure.) Step sizes larger than 0.2 resulted in 
unstable behaviour of the system. The iteration steps 
referred to in Fig. 4 comprise cycles through which 
each variable is updated once on average. For the 
two-product classifier, with 21 process variables F i , 

Xij (i=l, 2, 3, andj=l, 6), an iteration step thus 
consisted of a series of 21 random variable selections 
and subsequent acljustments of the selected vari
ables. The reconciled values of the flow rates Fi 
and concentrations Xij resulted in a threefold order 
of magnitude decrease in the objective function 
(energy function of the net), which is more or less 
comparable with results obtainable with other op
timization techniques_ 

The performance of CS-II (nwnber of layers 10 
and 100) is compared with that of CS-I (nwnber 
of layers 1) in Fig. 5. It is clear that the additional 
layers in the system do not lead to a significant 
improvement in performance. This is not surprising, 
since the process system considered is subject to 
bilinear constraints only, and does not not have a 

>
l:J 
a: 
UJ 

Z 
UJ 

100 

10 "; 

1 "1 

o I " ' 1' 

o 2 4 

I N"M'" 0' LA"" 
"100 ""'10 ~ 1 

6 8 10 12 14 16 18 20 22 24 26 28 

ITERATION NUMBER 

Fig. 5 . Performance of CS-Il (example I): effect of numbe r of 
layers on Ule decrease in energy; step size 0.2. 

highly non-linear character which can be exploited 
to better advantage by the more powerful search 
procedure embodied by the CS-II system. 

The connectionist system based on direct search 
techniques (CS-III) did not perform very well com
pared with those based on gradient descent tech
niques (CS-I and CS-II) , as can be seen from Fig. 
6. The system used in this case consisted of 200 
layers and had an initial range of 0 .1 for each search 
variable. This range was contracted to zero as the 
search progressed, but only resulted in a decrease 
of about 60o/cr-70% in the initial energy of the system. 
Other initial search ranges and contraction pro
cedures did not lead to significantly better results. 

3.2. Example 2 (4J 
This example is based on the one used by Pai 

and Fisher [4] , as well as Tjoa and Biegler [5] and 
was chosen in order to make a rough comparison 
of the performance of the neural net with the 
computational procedures used by these authors . 
The example involves five measured variables x t m, 

X2
m

, X3
m

, x 4
m and xsm, and three unmeasured vari

ables x t
U

, X2
u

, X3
u

, subject to six non-linear con
straints: 
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o 
o 5 10 15 20 

RANGE DECREASE : 

- LINEAR 

25 30 35 

NUMBER OF ITERATIONS 

Fig. G. Perfonnance of CS·lII (example I) : initial step size 
maxim 11m, 0 .1; 200 hidden layers . 

- :I/'.x/X,,"+ 11 J.2 = 0 

-.x:J m(.X:J U) I r~ - 33.57 = 0 

2.xlm+.x2mX;j'"Xlu+XZU-X3U-126.0=0 (10) 

The exact values of these variables are xm = {4.5124, 
5.5819,1-9260, L4560, 4.8545V andxu={lL070, 
0.61647, 2.0504V (5]. Tjoa and Biegler (5] cor
rupted 100 sets of these data with Gaussian noise 
in order to conduct a statistical evaluation of a 
tailored objective function in a non-linear compu
tational routine, as well as a hybrid successive 
quadratic programming (SQP) routine. 

In order to evaluate the use of a neural net to 
reconcile inconsistent constrained data, the exact 
values of the variables are similarly corrupted by 
Gaussian noise of 10% and 30%. The errors of a 
single set of variables resulting from the errors of 
corruption are shown as measurements in Tables 
2 (10% noise) and 3 (30% noise} 

One of the salient features of the system is the 
highly irregular response surface of the energy 
function of the net. The consequence of this highly 
non-linear character of the system is that the energy 
function is extremely sensitive to adjustment of the 
variables, especially at points where the derivative 

of the energy or objective function with regard to 
the adjustable variable (3E(axim or 3Eraxi

U
) is very 

large (positive or negative) . As a result very small 
time steps had to be used to ensure that the ad
justment of a variable does not lead to overshooting 
of a local optimum in the response surface of the 
energy function . 

In the case of network CS-I, the optimal step size 
for each variable is determined by a subroutine 
which systematically decreases the value of the initial 
time step if at first it does not result in a decrease 
in the system energy, until an improvement in the 
objective function is found. In this way relatively 
large time steps can be taken initially, which can 
be adjusted near troublesome spots on the surface 
of the energy function when necessary. 

The results which compare favourably with those 
obtained by other non·linear methods (5 J are shown 
in Tables 2 and 3 , and typically led to a reduction 
of three orders of magnitllde in the energy of the 
system afler approximately 40 iteration steps with 
CS-I (multistep) and about four steps with CS-II 
with ten hidden layers. The percentage errors in 
the values of the variables before and after rec
onciliation (compared with the exact values of the 
variables) are also shown in Tables 2 and 3. The 
percentage error values have no particular meaning 
as such and merely provide an indication of the 
redistribution of the measurement errors among the 
variables. In accordance with general practice, the 
parameters of the objective function were specified 
so as to ensure very small process constraint reo 
siduals (at the expense of the adjustments made 
in the variables themselves) . Figure 7 depicts graph
ically some of these results obtained with CS-L Note 
that step sizes larger than approximately 10 - 5 lead 
to an unstable search procedure (compare with the 
values of 0.2-0.3 in the previous example). The 
use of different st.ep sizes for the different search 
variables (MULTISTEP) instead of a constant step 
size for all variables, resulted in considerable im
provements in the performance of the system. 

In contrast to the situation highlighted by example 
1, much is to be gained by using a multilayer system 
such as CS-IL In Fig. 8, the significant improvement 
in convergence based on the use of ten layers, 
versus one (CS-I) , is illustrated. This difference can 
be attributed to the non-linear character of the 
response surface of the energy function. By making 
use of CS-II with many hidden layers operating in 
parallel, the trajectory of the system through state 
space can proceed to a global minimum without 
becoming trapped in local minima along the way. 

Connectionist system CS-III displays the same 
less favourable convergence behaviour as was the 
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TABLE 2. Reconciled and corrupted values (10% Gaussian noise) of the process variables use d in example 2 

Corrupted values 
x l

m Xz
m 

X3
m x,m X5" XI" X2" X3" 

4.786 5 .564 1.917 1.365 5 .307 10.225 0 .6 17 2 .064 

elm ez
m 

e3
m e, m e5" el" ez" e3" 

6.06 -0.32 -0.47 -6.25 9 .32 -7.63 0 .09 0.66 

R econciled values (CS-I) 
X I "' xz

m 
X3

m x,m I 5" XI" xz" X3" 
4.74 2 5 .694 1.903 1.398 4 .927 10.942 0.597 2 .041 

elm ezm e3
m e,m e5" el" ez" e3" 

5.09 2.01 -1.1 9 -3 .98 1.49 -1.16 -3.16 -0.46 

Ratio of initial energy of system to final energy: Eo/E,= 1000. 
The percentage error values e, m and e," were calculated as (x, m) - (x, m) .. "".I/(x,")<x= and (xt) - (xi)<~ct]l(x.")<1ACt respectively. 

TAI3LE 3. Reconciled and corrupted values (30% Gaussian noise) of the process variables used in example 2 

COrl"U1Jled vallU!S 
.'T

J 
m X 2

111 

X3
m x,m x'jm x " . I x.,t x " :t 

3. 713 '1.60() 1.30G 1.528 3. ()SO 0.080 0 .622 2 .658 

e l m e n, • e "' :t e4
m e m 

" 
e lu c2

u 
c:1

u 

- 17.72 - 15 .82 - 2(). 13 4 .95 - 2 '1 .10 -17. ()S 0 .00 20 .(;3 

Reconciled vallLCs (CS-I) 
x l

m 
'''X2

m X3"' x,m x "' 
" 

X I" x " ., x" :I 

5 .163 5.367 1.860 1.078 5.0'1 I 11.833 O.5!J3 2.'1 5 1 

e lm e "' 2 e3
m e,m ef,m el" c./ c/ 

14.42 -3.85 - 3.4 3 -25.96 3.8'1 6 .89 -3.81 19.5'1 

Ra tio of initial energy of system to final energy: Eo/E,= 1000. 
The percentage e rror va.l ues e,m and e," were calculated a..<; (x,m) - (x, m) ... ,., !I(x,"') .. >" and I (xt) - (.x,") ... ",!I(xt ).u" respectively . 

, 
~ 
a: 
w 
Z 
w 

1axxo~~------------------------------.-~ 

STEP SIZE 

o 5 10 15 20 25 30 35 40 

ITERATION NUMBER 

Fig. 7. Performance of CS-I (example 2): effect of step size on 
the decrease in energy; step sizes constant for all variables, 
except MULTISTEP. 

case in the previous example, as shown in Fig. 9. 
Exponential contraction of the range of the system 
results in somewhat better performance, compared 
with a linear reduction. 

10000 ...,---- ---------,--------, 
NO OF LAYERS 

o 

.. ~-~----.. 

O~~-,,,_._rl_rl "-'I_rl_rl ,1-.1~1 -r1~1"1_., _rI ~1 

o 5 10 15 20 

NUMBER OF ITERATIONS 

Fig. 8 . Performance of CS-ll (example 2): effect of number of 
layers on the decrease in energy: initial step size maximum, 
0.1; 200 hidden layers. 

4. Discussion of results 

The results obtained with neural nets simulated 
on a computer appear to be comparable with those 
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Fig. 9. Perfo m lallce of CS·IlI (example 2). 

normally assoc iated with traditional non-linear op
t imization methods, even though the neurodynamics 
used in these nets are relatively bas ic. If necessary 
the results can be improved by making use of more 
sophisticated neurodynamic functions . These func
tions could incorporate other stochastic procedures 
such as simulated annealing and its variants [27-29) 
or hill climbing terms [15) to avoid entra pment in 
local minima , while moving the system through state 
space. 

The real advantage of using neural nets for da ta 
reconciliation problems is the fact that they can be 
implemented in electronic hardware which could 
fully exploit the massively parallel architectures of 
the nets. By making usc of analogue devices [9), 
which typically converge in the characteristic time 
of the artificial neurons (of the order of 10 - 6 to 
10-3 s), rapid computation is possible [30) . 

Since this investigation was based on the use of 
simulated neural nets, and not actual analogue nets 
implemented in electronic circuits, no direct con
clusions can be made with regard to the temporal 
aspects of the computational procedures. A rough 
estimate of the speedup is provided by Amdahl's 
law, S =P/[P(l - f) + JI, where S is the speedup 
factor, P the number of processors working on the 
task, and J the fraction of the programming code 
which can be executed in parallel (31) . The time 
consumed by computational overheads was esti
mated to be not more than approximately 5% for 
all three connectionist systems, and on this basis 
and the results of the optimization experiments, it 
was possible to estimate the speedup factors for 
the solution of the data reconciliation problems 
outlined in examples 1 and 2. These estimates are 
sununarized in Table 4. Two different situations are 
highlighted in the table, namely the location of a 
solution (local minimum) of the problem, and the 

TABLE 4. Estimated speedup factors for examples 1 and 2 

Example System 

Searc h Jor first local minimum 

Number of 
processors 

1 CS-J 21 
2 CS-J 8 

Search Jor global minimum 
1 CS-W 4200 
2 CS-Il' 1600 
1 CS-Ill 4200 
2 CS-Ill 4200 

' 200 hidden layers. 

Speedup 
factor 

10.50 
5.93 

19.91 
19. 77 
0.42 
0 .42 

location of a global solution (or minimum) to the 
problem (by combining a stochastic procedure with 
a gradient descent o r direct search method). The 
gradient descent methods (CS-I and CS-II) performed 
s ignificantly better than the direct search procedure. 
As can be expected , the larger the problem, the 
more i s gained by mak ing usc of these parallel 
strategies. It is also clear that the speedup factor 
is qui te sensitive to the fraction of computer code 
that can be executed in parallel (estimated to be 
95% in this investigat ion). 

The problem posed in example 2 presented non
linearities of a higher degree than the problem 
discussed in example 1. This meant that smaller 
time steps had to be implemented to ensure a 
monotonic decrease in the energy of these systems, 
and as a result these systems took longer to converge 
than the bilinear two-product classification system. 
After approximately ten iteration steps or cycles 
(see Fig. 4) the energy of the bilinear syste m dis
cussed in example 1 (nine variables) did not show 
further significant decreases. The energy or objective 
function of the system considered in example 2 
(eight variables) , however, decreased by approxi
mately two orders of magnitude after 25 iterations 
(and showed a decrease of approximately three 
orders of magnitude after 40 iteration steps) . 

In Fig. 10 the CS-II system is compared with two 
other non-linear procedures used for the solution 
of the problem posed in example 2, i.e. that of 
Broyden [4, 32) and the constant derivative approach 
of Knepper and Gorman [33). From this graph it 
can be seen that the CS-II system initially (steps 
1 to 3) decreases the value of the energy or penalty 
function faster than the other two methods. In 
subsequent iteration steps it loses ground, but in 
the end (steps 11 and 12) the advantage gained 
by the methods of Broyden and constant derivatives 
is largely eradicated. It should be borne in mind 
that this comparison can serve as a rough guideline 
only, since the central processing unit (CPU) times 
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Fig. 10. Comparbon of CS· II with o ther non-linear procedures. 

associated with the execution of the iteration steps 
in the ditTerent algorithms cannot be compared 
directly. If anything, a comparison of actual CPU 
times could only be to the advant.age of the CS-II 
system with its relatively s imple computational pro
cedure£. 

Another imporuUlt factor that should not be over
looked is that the efficiency of the CS-II system is 
not atTected significantly by an increase in the 
dimensionality of the process system, while other 
non-parallel procedures such as those depicted in 
Fig. 10 are very sensitive to increases in the size 
of the problem. In large systems consisting of 
hundreds or even thousands of variables, the use 
of the CS-II system or a similar variant warrants 
further investigation, since it has the potential to 
perform significantly better than any other traditional 
procedure. 

5. Conclusions 

In this paper the use of connectionist systems 
(which were simulated on a digital computer) for 
reconciling inconsistent measurement data is dis
cussed. The following has been shown. 

(1) The measurements of flow streams and assays 
inconsistent with process models can be reconciled 
accurately by procedures based on the use of con
nectionist systems. 

(2) The use of connectionist systems can lead to 
a significant reduction in the computational effort 
needed to optimize data reconciliation procedures, 
especially in highly non-linear systems. 

(3) Even with small problems the performance 
of connectionist systems is at least comparable with 
that of conventional procedures. 

(4) In problems of high dimens ionality, procedures 
based on the use of connectionist systems are much 
more efficient than those based on conventional 
strategies. 
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Appendix A: Nomenclature 

A 

E 

J 

incidence matrix of a process circuit 
percentage eITor in measured variable 
(example 2) 
percentage in unmeasured variable 
(example 2) 
scalar energy or cost function selving as 
a measure of the overall state of a Hopfield 
net 
convergence criterion 
convergence criterion associated with rate 
of change of energy in connectionist sys
tem CS-II 
the fraction of computer code that can 
be executed in parallel 
set of process constraints 
flow rate of process stream i 
random number in general 
random number associated with variable 
i at time j (0 ~ <Pj,i ~ 1) 

h 

IH 
k 

J.L 
P 

s 

1.li 

u ·' , 

v· 1. 

v( ) 
v 

v 

w 

x 

x ' 

step length in Hume ri·cal integration rou
tine 
enthalpy of stream i 
scaled network input corresjJondi.llg to 
the adual input Xj 

minimum value that Illeasure lllent .7:k can 
assume 
m~Lximulll value that me,L'jurCIt1C llt X k can 
assume 
gain of a sigmoidal activation fUIl(:tiun 
thc number of processors or prucessing 
elclllcnts in a parallel computational struc
ture 
search range ru;sociatcd with variable i 
at time j 
minimum valuc of scaled v,u·iablc Xi in 
output laycr 
m,Lximulll val uc 
o utput laycr 
minilllllll1 valuc 
input 1,IYL' r 
m<lXilllllll\ value 
inpllt layer 
s peedup factor 

or scalcd variablc _1:; 

o f scaled v,u·iable :(i 

or scaled variable :l:j 

Sk1.11dard deviation oj" ,LSS<ty daLUllI X A·; 

timc 

in 

in 

in 

timc illcrellle nt, equivalent to <tn iteration 
step in t.erms of the computational al 
gorithm 
potential of ith conlputatioll<tl clement in 
the hidden layer of a Hopfield neural net 
potential of ith computational clement in 
the hidden I<lycr of a Hopfield !leural net 
at time t 
output state of computational clement i 
in a neural net 
activatio n function 
set of Output states of computational cle
ments in the neural net 
initial output States of computational ele
ments in the neural net 
variance-<:ovariance matrix of the process 
variable measurements x 
weights associated with the material bal
ance cOllstraints incorporated in tlte en
ergy function E 
output of neurell net (adjusted value of 
Xj) 

measured concentration of component j 
in flow stream i 
adjusted concentration of cOl1\ponentj in 
flow stream i 
me<Ciurements of process variables of a 
plant or circuit 
adjusted values of process variables 
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Process Modeling with the Regression Network 
Tjaart van der Walt, Etienne Barnard, and Jannie van Deventer 

Abstract- A new connectionist network topology called the 
r~gusswn nt!lwork is proposed in this paper. The structural and 
underlying mathematical features of the regression network are 
investigated. Emphasis is placed on the intricacies of the opti. 
mization process for the regression network and some measures 
to alleviate these difficulties of optimization are proposed and 
investigated. The ability of the regression network algorithm 
to perform either nonparametric or parametric optimization, 
as well as a combination of both, is also highlighted. It is 
further shown how the regression network can be used to model 
systems which are poorly understood on the basis of sparse 
data_ A semi-empirical regression network model is developed 
for a metallurgical processing operation (a hydrocyclone classi· 
fier) by building mechanistic knowledge into the connectionist 
structure of the regression network model. Poorly understood 
aspecL~ of the process are provided for b.v use of nonp:.1rall1ctric 
regions within the st ructure of the semi·empirical conn~ctiun
ist model. The performance of the regression network modd 
is comp:.1red to the corresponding generali/.ation performance 
results obtained by some other nonp:.1rametric regression kch
niques. Although sigmoidal backprop:.1gation neural net works 
performed relatively satisfactorily for the modeling of this sys
tem, the semi-empirical regression network models outperformed 
the sigmoidal backpropagation network models. This superiority 
of the semi-empirical regression network models became even 
more prominent with a decrease in the population density of 
training data. This is indicative of a remarkable improvement 
in extrapolative properties of the semi-empirical regression net
work over other regression models investigated for the relevant 
application. 

L IN"ffiODUcnON 

M ODELING research in process engineering is motivated 
by the fact that the efficiency of many processing 

operations can be linked directly to the adequacy of predictive 
models for the behavior of such processes. With the rapid 
explosion of technology in the field of process engineering, 
a higher level of sophistication is required in the design of 
processing equipment and in the operation of industrial pro
cesses. Process control strategies are becoming more advanced 
and the possibilities for implementation of such improved 
control methods are supported by the rapid enhancement of 
computational power. It is therefore important to construct 
accurate models of processing systems in order to facilitate 
optimal process control and processing plant design. 

The fundamentals of most processing operations are poorly 
understood. This demands modeling methods with the ability 
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to capture relations between response and predictor variables 
with limited a priori knowledge about the physics of the 
process. A model for such a process should therefore contain 
satisfactory robustness in its functional form so that a priori in
explicable behavior of the process can be predicted adequately. 
For this reason nonparametric modeling offers an appealing 
alternative to fundamental and empirical modeling. Unfonu
nalely, for many industrial processing operations. process data 
arc expensive and in some cases difficult to obtain. Since 
nonparametric modeling techniques generally experience diffi
cult y to pcrfom1 adequate funct ion approximation in predictor 
variable spaces which contain process data of low population 
densit y. such techniques arc usually not able to model systems 
in the pfm;ess ing inJustry if the ava il abi lit y of process da ta is 
limited . This phenomenon is a major concern to the modeli ng 

engineer and is oftcn rcferred to as thc curse of dilllcll .l·iol/oIiIY 

III · 
111c various l10nparalllctric rcgression techniques suffe r in 

varyi ng degrces from Ihc cursc of dimcnsionalil),. Although 
Ihree-Iayered sigmoidal back propagation neural networks can 

emulate an y arbitrary function 121 . many nodes and therefore 
man y free modcl parameters are usually necessary to approxi
mate a functional relation. A simple linear relation for example 
needs a re latively complex sigmoidal model to describe the 
relation adequately in the case of a sigmoidal backpropagation 
network used as model. This can cause weak generalization 
propenies when limited training data are available owing 
to the large number of parameters in the network model, 
while a simple linear equation will be able to fit the relation 
with a minimal number of model parameters and improved 
generalization performance. 

Although a truly fundamental model which represents the 
true chemistry and physics of a process still remains the 
ultimate goal and is completely impervious to the problem 
of high dimensionality, it is not possible in most cases to 
formulate such fundamental models, because of a lack of 
understanding of the process. In some cases, however, some 
knowledge about the process mechanism is available, while 
some other features of the system to be modeled are either 
partially understood or not comprehended at all. Although 
various regression techniques are available such as neural nets 
(different topologies) (3), MARS (4) and nonlinear time series 
techniques [5), these techniques cannot use such knowledge 
which is available prior to training. 

In this paper a new neural network topology which we 
call the regression network is proposed. This connectionist 
network deserves its general name due to its wide applica
bility as regression tool. In the first place it can be used 
as a parametric regressor to estimate the model parameters 

1045-9227/95$04.00 © 1995 IEEE 
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TABLE I 
IsPIJT TYPES AND TRANSFER FUNCllONS FOR nl~ NODe; OF nlE RL'GRESSION NET"·ORK 

INPUT TYPE abbr . formulae Da"~1 der ivatives 

additive 
a •• - w_ 
~ 
a •• tI'V_ If. 

product P ~ y. 

NODE FUNCTION 

!tnear y. · x. 

ellponeml.ll y . · e Jlp(lI:. 1 y. 

SigmOidal y . · lltl . ellpe -x . )! V.ll . v .. 1 

Sine y. - sinlx.! 

COSine y. · coslx.' 

log 0 v .. ~ Inlx .. ' 

of a known relation which needs to be filled to a set of 
data. It can also be employcd to perfoml pure nonparamctric 
regression if the system to be Illodeled is ill-defined ill toW 

( it can be used for example as any Illultilayer perceptron or 
radial basis functi on network). Th irdly the regression network 
provides a connect ioni st framework whereby fundamental 
knowledge of a system can be combined with the attractivc 
nonparametric propenies of existi ng cOllnectionist networks. 
For this application, the regression network can be used to 
construct a regression model which contains both parametric 
and non parametric pam corresponding respectivel y to a priori 

knowledge and aspects which are poorly understood. The use 
of mechanistic knowledge in such a model inhibits the freedom 
of the model so that the generalization properties of the model 
are improved accordingly. 

Due to its connectionist configuration, the regression net
work can be specified to represent almost any arbitrary func
tional relation. The model parameters of the regression net
work are estimated through gradient optimization in a com
pletely general fashion. The first-order partial derivatives of 
the model parameters are determined during the optimization 
process by means of backpropagation. However, the training 
process of the regression network seems to be very complex 
in some cases. Although much still needs to be learned about 
the problems experienced by the network during training, 
some problems are identified and intrinsic causes to these 
complications are defined. Possible solutions to the problem 
are also suggested. 

The following main trends of this paper can be emphasized: 

• Although the regression network can be specified to 
be layered, the general nonlayered configuration of the 
regression network is described. The backpropagation al
gorithm for this connectionist network is also formulated 
briefly. 

• The complications experienced during the training 
process of the regression network for some systems are 
investigated. The intrinsic causes of these complications 
are identified by means of error surface plots as well as a 
new method to investigate the in~rinsic behavior of some 
network nodes. 

cos[Jt.1 

. sinl • • ' 

1/ J[ .. 

• A new objective function. i.e .. the relative LMS jllllCi iol/, 

is proposed to be uscd if the sens it ivi ty of a response 
variable is more or less proponional to its non11 . 

- l'll,sible solutions tll the com plex optimization process 
of the regression nctwork for some systems are funher 
pruposed. The training rcrformance of some other mini
mization tcchniques is invcstigated and compared with thc 
perl·onnance of conj ugJtc-gradient optimization. Some 
gcneral guidelines in the quest for finding the optimal 
solution of the regression network are suggested. 

• In the final part of thi s paper it is shown how semi 
empirical regression network models can be developed 
to esti mate the perfonnance of a typical metallurgical 
process ing operation, i.e .. a hydrocyclone classifier, of 
which the fundamentals arc poorly understood. The gen
erali7..ation pcrfornlance of the semi~mpirical regression 
network models are compared to the modeling perfor
mance of other nonparametric regression methods. 

II. CONFIGURATION OF mE REGRESSION NElWORK 

The regression network can be viewed as a framework by 
which any functional fonn can be represented using a connec
tionist architecture. The connectionist structure consists of a 
number of nodes which are interconnected in a feed forward 
fashion . Depending on the functional form, the network can 
either be layered or non-layered. As for sigmoidal backpropa
gation networks and other layered connectionist networks, the 
regression net work contains an input layer of nodes. One of the 
input nodes is the bias node with eonstant value of unity. Each 
of the other input nodes represents an input variable. Thus 
far, the description could apply equally well to conventional 
backpropagation networks. What distinguishes the regression 
network is that considerable flexibility exists in the choice 
of node behavior. Each non-input node in the network is 
characterized by an input type and transfer function. The input 
to a specific node can either be an additive input or a product 
input as defined in Table L Note that the nomenclature used 
in Table I is explained graphically in Fig. 1. The activity and 
input to a node q are represented by Yq and Xq respectively, 

Stellenbosch University  https://scholar.sun.ac.za



NO tEEE TH ANSACTlONS ON NEURA L NETWORKS. VOL ~ . NO. t . JANUA RY I ~~ 

'1: . .. pq .-. . . 

~ .. -

Fig. I. Feedforward configuration between a node q and some upper nodes 
connected to node q for the regression network . 

while Wpq is the weight of the connection between two nodes ]I 
and q. Fig. I also describes the connectionist structure between 
successive nodes in the feed forward regression network. 

Various node transfer functions can be used . A few node 
functions are listed in Tablc L It should be noted that a vcry 
wide range of functi onal relati ons can be represented by the 
regression network by employing the transfer fun ctions or 
Table I in conjunction with thc two node input types . 

Each node is named after both its input type and transfer 
function type. If a node is characteri zed by a product input 
and an exponential transfer function. the node is called an 
expollelltial-product node and is referred to as an {t!-1J] node 
in short. TIle abbreviations used for the transfer functions and 
input types are also given in Table L According to this notation 
the hidden nodes of a sigmoidal backpropagation network are 
sigmoidal-additive ([ S-ILj) nodes. 

Any combination of connections for the regression network 
can be specified as long as a feed forward configuration is 
maintained. If some parameters of the network function are 
known, the weight values for such connections can be specified 
prior to training. Such weights are then kept constant during 
the optimization process. More importantly, prior knowledge 
regarding the regression function to be modeled is incorporated 
by choosing appropriate node types and connection topologies. 
Thus, if a certain variable is, for instance, known to enter lin
early in a regression function, that variable will be connected 
to an output (i-a] node. 

A. Backpropagation for the Regression Network 

During the training process the network weights can be 
adjusted in order to optimize an error function using a gra
dient optimization technique. If a local gradient optimization 
procedure is used, the first-order partial derivatives of the error 
function in weight space are determined with backpropagation. 
During the first step of a single training iteration the error 
gradient of the output node (referred to as node m) for 
a network containing Tn nodes is calculated. (Hence, the 
nomenclature used in this paper to label the output node 
corresponding to the response variable is m). The LMS 
criterion function and its error gradient for a training data set 
containing n data points is given by (la~ and .(lb), where dk 

represents the actual functional value prescribed for the kth 

training data point. 

1 n 2 
E = 2 L (y .... k - dk ) ( la) 

k=l 

(lb) 

The error is represented by E, while y is the activity of 
the relevant node of the regression network. In subsequent 
expressions the input to a network node is depicted by x. 

The second step in the backpropagation procedure will 
be to determine the error gradient in weight space for each 
connection with weight 1iJl'q which connects node ]I to the 
output node (q = m) . 

DE U E . uYq . u:r.q 

iJYq u :Z:q uWl'q 
(2) 

TIle error gradiems with rcspect to all other nodes and the 
nodes of' the in put layer arc now detenn ined in succcssion with 
(3) under the precondition that the error gradient s wi th n:spcct 
to the connection weights for the outgo ing connections of a 
spec ific node have alread y been detenn ined . For a non-output 
node I' the error gradient will therefore be 

With the error gradient with respect to the activity of a node 
q known. (2) can be used again to calculate the error-weight 
gradients of all the incoming weights to the relevant node q. 
This procedure is repeated for all nodes until the input layer 
is reached. 

For a node q with a product input. the input value Xq and 
its partial derivative for a specific weight can be calculated 
using two different approaches. Firstly the upper input node 
activity values can be restricted to be positive, so that training 
is performed with the norms of the inputs to the product 
node only. It is however preferable to consider negative inputs 
tY.:cause the nonlinear characteristics of product nodes are 
centered on the origin. There are two main alternatives to 
dealing with the resulting complex input values. The whole 
network can be handled in the complex domain during training, 
whereafter the real component can be filted to the data by 
either ignoring the imaginary component or by fitting it to 
O. Durbin and Rumelhart (6], however, found that for most 
problems it is preferable to keep the system in the real domain 
by ignoring the imaginary component of the output from each 
product node. It was also found that no benefits result from 
working in the complex domain, although the solution is more 
complicated. The approach to work along the real axis of 
the complex domain can be used in this regression network 
in the presence of product nodes (6]. This proved to be an 
overall improvement over the method of using absolute input 
values. Although this technique seems to work adequately for 
many optimization problems, there are many complications 
experienced during training which will be dealt with now in 
more detail. 
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TABLE II 
ExAMPLES Usm IN ruE INVESTIGATION OF OmMlZATION PROBU:MS ExPERIENCED BY 

nlE R EGRI:SSION NETWORK FIG. 2 CoNTAINS ruE CORRESPONDING CONFIGURAnONS 

eUtn()'e functto~ 1 form 

IAI 
I · 4 "'!.: IlI; 

leI I · 4.!", ;' . ; to - 2.!.:,.!-

leI I · (311t , .47~-2) .0.8. , -2 .'-
x , k, 

101 [ , ., 1 I · e ' " "' , x , 
~ 

4 1 ., .. 2 . , . ! lEI I · x , _ , 

~ (1-2 _,4 4 .,) 

IlL C OMPLICATIONS IN n~E TRAIN ING PROCESS 

As in the case of many regression tech niques, training is 
equivalent to optimizing an error functio n in a model param
eter space. For th is regress ion network. however. training can 
become very complcx. This cOlll plexity in trai ning is caused 
mai nly by two faclQrs. In the first instance . for most systcms 
the error surfaces contain lllany non-convex regions so that the 
weight matri x of thc regrcssion nctwork can become trapped 
in numerous shallow local minima. Although the problem 
of local minima is a common and well -studied optimization 
problem for most regression techn iqucs, the problem can 
become extremely difficult to overcome if relations with an 
exponential nature are present. A study of the error surfaces 
for the LMS criterion function also rcvealed that the error 
surfaces contain numerous flat areas or "plateaus" for some 
functional relations. This phenomenon was also identified by 
Bilbro and Snyder [7] . Due to the sensitivity of the exponent, 
the LMS energy space possesses the large plateaus. 

A second cause of the optimization problems experienced 
by some regression networks containing exponential features 
was found to be its inability to move smoothly from the real to 
the complex domain during training, as required for product 
nodes. 

The conjugate-gradient optimization method with restart 
procedures [8] is a well-established optimization technique 
for backpropagation connectionist networks and was used 
as the point of departure in this optimization study. A few 
simple target functions are used below to illustrate the op
timization phenomena and findings. The functional forms of 
these examples are listed in Table II, while their connectionist 
configurations are portrayed in Fig. 2. For each of these 
examples, one or more training data sets were generated and 
these unsealed data used to train the regression network. No 
noise was applied to the data for these experiments. 

A. The "Relative" LMS Criterion Function 

For many systems where the degree of interaction between 
the independent variables is high, the function values vary over 
different orders of magnitude. In some cases there can also be 
a change in sign for the function values. For such systems 
logarithmic scal ing of data for the ~purpose of regression 

frH modlet 
p.Jr~meters ... ~r~fcr~s 

9·· _,.x,. "', C (0 ... 2) 

8 ••. • , . • , ._ . C (0 .. . 2) 

. ,(j" _, .• , C 10 .. . 21 

8 ••.• , C (0 .. . 2) 

,s • •. • , .• , C 10 . . . 21 

8 GG~~ 

88 
G 

(a) 

(e) 

(e) 

8BGB 
I ~ 

e·8 
G 
(b) 

GG 8 
eGe 

., I ./ e 
(d) 

Fig. 2. Configuralions of Ihe regression networks for examples (a) to (e) 
defined in Table II. 

becomes inappropriate owing to a loss in senSItiVity with a 
transformation of all real data to the positive domain. For 
these reasons it will be preferable to relate the influence of 
each training data point during training to the norm of its 
function value, rather than to quantify the influence of a 
data point relative to the absolute deviation of the predicted 
functional value from the actual value. The latter is done if 
the conventional LMS criterion function is fitted to the training 
data. In doing so the necessity to use logarithmic preprocessing 
for the values of the independent variables also becomes 
unnecessary. The relative LMS criterion function scales the 
conventional LMS error by the norm of the actual value of a 
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response, and is given by 

(4) 

Unless specified otherwise, the relative LMS criterion function 
was employed for all experiments in this optimization study. 

B. Illvestigating the Error Surface 

In order to gain some insight into the optimization problems 
experienced by the regression network, the error surface can 
be studied for specific networks by plotting the error surface 
between and in the vicinity of two different locations in weight 
space. If WI and W2 are the locations of two minima in 
weight space (either a local and global minimum, or two local 
minima), then the error surface in the plane which intersects 
both coordinates is given by 

where 

and IL C ( - f3 . . . 1 + fJ)· (5) 

The fraction {j detemlines the boundaries of the error surface to 
be investigated in the direction ~. To allow for more sensitive 
evaluation close to lil l and W2 the change in step size of 
a, i.c., /5, can be adapted within the range (- {J .. . 1 + m as 
follows: 

where 

/5 = IIAII + CT 

eN 
A = {a, 

a-I, 
a < 0.5 
a> 0.5 ' 

(6) 

A reduction in the positive constant CT will allow for more 
sensitive calculation of error values close to the relevant two 
coordinates, while the denominator CN determines the average 
step size. 

Although the error surfaces of numerous regression net
works have been investigated, error surface plots are given 
here only for examples (d) and (e) of Table II. Fig. 3(a) and 
(b) contain error plots for example (d). For this experiment 
25 training runs were performed with different initial weight 
matrices. Fifteen training data points were used and were 
generated at random within the variable ranges ' x I, X2 C 

(0 ·· ·2). With conjugate-gradient (CG) optimization the rate 
of success was quite high in this case with 48% of the training 
runs finding the global minimum. The weight matrices of two 
unsuccessfully trained regression nets (weight matrices Wb and 
We respectively) were used together with the weight matrix wa 
of a well-trained network to plot the error surfaces of Fig. 3. 
These three networks were selected, since they seem to typify 
the error surface behavior for the specific problem. 

The Euclidean distance II ~ II = IIw .. - wbll in Fig. 3(a) is 
248 (norm between the global minimum at wa and the location 
of the second network-i.e., Wb). The norm of II ~ IIIIW .. -Well 
between the global minimum and the third network in Fig. 3(b) 
amounts to 5.9. This shows how far these three networks are 
separated in weight space if the order of magnitude of the 
model parameters of example (d) is considered. The .weight 

L · EQ. (4) Iff - -_ .-.. _ -.. -

v' 
~j 

- .! 

ct . EQ. (5) 

(a) 

. i 
.. _ ... --' . Vl-._" .. I 

/ .... . .... I - ~ ~ 

ct · 1 Q (!o) 

th) 

Fig. 3. Error surface..' pllHS fur the n.:btivc LMS ti l to Iht: Iraining data of 
example tdl. 

matrix of the second network is located at a "far-ofr' plateau 
with Er~1 :::::: 293 as can be observed from Fig. 3(a), while the 
weight matrix of the third network became trapped in a fairly 
bad error domain. This can be seen in Fig. 3(b) which shows 
that the weight matrix converged into a local minimum and 
that the regression process was terminated against an error 
wall. 

For example (e) the same experiment was done with ISO 
training runs using the LMS criterion function with no success 
at all. If the relative LMS error was however fitted to the data, 
8% of the networks converged into reasonably acceptable local 
minima (i.e., local minima with fairly small error values). 
Although CG optimization was still not able to locate the 
global minimum, this is a significant improvement over the 
training performance with straightforward LMS data fitting. 
Two error surface plots bet ween the weight matrices of three of 
the networks found during a relative LMS fit (viz . Wd , We and 
w,) can be seen in Fig. 4. The Euclidean distances between 
the relevant two networks used for the first and second plots 
are IIWd - Well = 14.8 and IIWd - w,1I = 12.0, respectively, 
while IIwe - w, II = 8.9 (the latter being the Euclidean distance 
between the two networks with respective errors of 339 and 
1.17). From Fig. 4(a) it can be seen that the relative LMS error 
surface in the weight space for a complex function such as 
example (e) contains numerous gorges so that the network can 
easily become trapped in local minima. Another very common 
feature of the error surface for this example is the existence of 
extended plateaus. Although the Euclidean distance between 
the networks of Fig. 4(b) is relatively large, a very flat plateau 
can be observed within this plane. It is also interesting to note 
that for the network with an Erel of 1.15 a steep error gorge 
exists in weight space in the plane of Fig. 4(a), while the error 
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E.. . Eq. «) 
~~--~~------------------, 

:DO •• 

i .' .. , --C 1_, . _.1 - 1<A 

us -, 
a. . Eq. (5) 

(a) 

E... Eq . «) 
30 

\ ( . II~ ~ ( _ 1\1 ' _ ._-- _ .- •.. _ ---- - ---. _.-
;.. 1- . ' ';'.1 - l e8 .... 

a. . EQ (~) 

(h) 

Fig. 4. Error surface plOis for ll.e rdative LMS fit to the trai ning data of 
example (e). 

surface is found to be relatively flat in the plane displayed in 
Fig. 4(b). Although no plots are shown here, the error surface 
in the vicinity of the network with E rel = 1.17 is flat also in 
the direction of the regression network with E re l = 339 (i.e., 
in the direction of 1Ue - til f) . 

The reason for the existence of error plateaus if a func· 
tion contains intrinsic exponential features is that exponential 
relations are switched on very strongly in certain regions in 
weight space, so that the other parameters become ineffective. 
Although the mountainous regions in error surface of some 
complex functions (such as the error surface of example (e) 
as displayed in Fig. 4(a)) can be linked to the complicated 
interaction between the different node functions of a complex 
functional relation, the precise cause for this phenomenon has 
not been identified yet. 

In order to develop a better understanding of the intrinsic 
causes of this optimization problem, experiments were con
ducted to evaluate the training performance also for simpler 
functions. The results and general findings of these experi
ments are given here only qualitatively. The CG optimization 
algorithm does not experience any trouble in finding the global 
minimum for either a linear or product function with multiple 
variables (in this case the regression network contains only a 
single [i-a] or a [lop] node together with the nodes in the input 
layer). If two or more intrinsic product relations are combined 
in an additive way, this causes error plateaus in weight 
space. The same results were found for functions containing 
exponential nodes. For a function described by a single fe-a] 
node with some additive variables, the error surface contains 
huge plateaus and no mountainous regjons. Compared to this, 
the parameters of simple exponential functions with multiple 

and interacting variables (a single [e-pJ node besides the input 
layer) can be estimated successfully without exception. If no 
additive node is present in a network with more than one 
exponential type of relation, no plateaus exist in the error 
surface. The valleys in the error surface also seem to be 
smoother compared to the error surface of a function which 
contains additive as well as exponential relations. 

Some general conclusions can be formulated from the 
results of the above mentioned and other experiments for more 
complex functions. Error plateaus exist in weight space for 
any function that contains one or more intrinsic exponential 
relations which are combined additively. With an increase in 
complexity of such a combination of intrinsic exponential 
and additive features there is a corresponding increase in 
the frequency of occurrence of mountainous error regions 
within weight space. The optimization problems for complex 
regression networks with exponential features are collectively 
caused by plateaus and mountainous regions of the error 
surface in weight space. 

C. ln n?Higaring The InTrinsic Beho l'ior of Some NeTwork Nodes 

Studies inlO the inlrinsic behavior of the nodes for var. 
ious complex rcgression networks revealed that a network 
sometimes experiences trouble to adapt itself by moving from 
the real into the complex domain. This phenomenon can be 
identified by investigating the response of specifi c nodes of 
a network to certain data samples through the weight space. 
Fig. 5 gives the activity plots of the (l-p] node marked by 
an asterisk * in Fig. 2(c) for example (c). These activity 
plots were determined along a plane in weight space as was 
previously done to calculate the error surface plots. It should 
be noted that the activity plots represent the node activity 
responses to individual training data points. From Fig. 5 a 
discontinuous activity pattern i:; observed at the location of 
the second unsuccessfully trained network. The optimization 
process came to a halt at the transition level between the 
real and complex domains of this product node. Although 
it is not shown in this paper, it can be mentioned that the 
corresponding node activity plots for the upper [i-a] and (l
p] nodes in Fig. 2(c) are continuous and uncomplicated. The 
complex behavior of the (l-p]* node is propagated to the output 
node, as can be seen from the outlying peak in the error surface 
plot for this example in Fig. 6. This optimization problem 
is caused by a discontinuity in the partial derivative of the 
node activity at the boundary between the real and complex 
domains. 

IV. POSSIBLE SOLlJTIONS TO TIfE OPTIMIZATION PROBLEMS 

It was shown in the previous section that the training process 
of the regression network can be very complicated because of 
complicated error surfaces. In this section the performance of 
some other optimization teclmiques than CG are investigated 
to alleviate the complexity of the optimization process to some 

extent. 
For reasons discussed earlier, conjugate-gradient (CG) opti

mization [8] has limited success in finding global minima for 
this regression network. CG experiences difficulty to estimate 
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TABLE III 
TRAINING I'ERRJRMANCE OF TIlE REGRESSION NETWORK USING VARIOUS OPTlMlZAnoN MEniOOS ~ TIl.AINING RUNS P£RFORMEO FOR EACH EXPERIMENT) 

r'Ue of SUCC~l 
u afnlng 

e .. mPlel """'.be< of 
umpJes CG .\ooe 1 1-<1'" AP one! CG I 2-<1;'" AP and CG 1 leap·(,oo 

~AI IS 68% 56% (.24%' 52'10 (.24%, 100% 
(6' 15 24% 32% (. 16%) 40'10 1.25'10' 59.,. 
(CI 15 0 % 0 % 0% 0 .,... 

10 4% - - 32'\:. 
IE' 25 '% ."" 0% 241<. 

10' 

Fig. 5. Node activity plo(s of some dala poinlS for Ihe 11'1'1 node of Ihc 
regression nClwork for example (c) inJicalcd within ['ig. 2(c) . 

the model parameters of functions of which the error fit 
contains numerous local minima. For the cases where the 
weight matrix of a regression network converges onto a plateau 
during optimization. CG is normally incapable of finding an 
escape route so that the training process terminates on the 
plateau. 

A few optimization techniques other than CG were in
vestigated in order to enhance training performance. The 
regression networks for examples (a). (b), (c), and (e) of Table 
II were used to investigate the training performance of the 
different optimization techniques. Note that an additional and 
unnecessary [l-a] node was specified for example (a) as can 
be seen in Fig. 2(a). This was done to investigate the ability of 
the network to identify and eliminate unnecessary parameters 
from the network structure. 

A. Alternating Projection 

Alternating projection (AP) is a global optimization 
approach which searches for minima in a D-<limensional 
bounded weight space 5 C RD. This search process can be 
viewed as a circular procedure during which the error surface 
is sequentially evaluated on a grid in each dimension k :$ D in 
5. This is the case for one- dimensional AP. For AP of higher 
dimensionality . n the error surface is sequentially searched 
through D hyperplanes, each of dimensionality n. These 
hyperplanes are orthogonal in relation to each other in weight 
space in the sense that for a search within a specific dimension 
k the weight values of all dimensions i i- k for i :$ D are kept 
constant. Algorithms for one- and two-<limensional alternating 
projection have been developed. 

Experiments were performed using- the .one- and two
dimensional AP algorithms. As is the case for most search 

optimization techniques, AP is time-consuming. The time 
required to perform a single AP iteration or circle increases 
exponentially with an increase in the AP-dimensionality. 
Both one- and two-dimensional AP were however used in 
alternation with CG. 

For each training run five altemations between AP and CG 
were performed, always starting with AP. For each alternation 
five AP iterations were completed. 11le maxi mum step size for 
the AP search was spec ified for all experiments at 1/lllax = 0.2, 
while the weigh l space was conslrained belween - I;) and 15 
for all weighl Jiml:nsions. 1111: training rl:sull s arc lisled in 
Table Ill. From thl:sl: rl: sults for I:xamplcs (a) and (b) it can 
be sel:n thal both onl:· and two-di111l:nsional AI' in some cases 
inilialized the weight malrix inlO reg ions from where it was 
impossible for CG to find the global minimum, although CG 
was able lO locale the oplimal solulion on its own (refer to 
the runs lisled in brackets). In other instances where CG was 
unable to find the global minimum, AP however in itiated an 
adequate weight matrix from where CG was able to converge 
down to the global minimum. Hence, if adding the additional 
percentage of successful runs indicated in brackets in Table 
III to the success rate for AP and CG, it can be observed 
that the net success rate of training the relevant regression 
networks can be enhanced by using both the "standalone" CG 
optimization technique, as well as AP and CG in alternation. 

All success rates for example (e) are local minima which are 
relatively close to the global minimum. The global minimum 
was not found in any run. Although AP optimization used in 
alternation with CG was unable to locate optimal solutions 
for examples (c) and (e), it was observed that deeper local 
minima were in general found as compared to the training 
results of CG used on its own. It was also found that in only a 
few isolated instances an AP run was able to force the weight 
matrix out of a plateau or local minimum during the second 
to the fifth alternating runs between CG and AP. According to 
this, no more than two alternations between CG and AP are 
necessary if AP is to be used. 

It can therefore be concluded that AP in general is unable to 
overcome the optimization problems of the regression network. 
It can however find local minima which lie closer to the 
optimal solution for some complex functions than can be found 
with CG used on its own. 

B. Tree Annealing 

The performance of another global optimizer, i.e., tree an
nealing ([ANN) was investigated. Like AP, TANN is a global 
search optimization method which is constrained between 
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search boundaries. 111e method is described by Bilbro and 
Snyder (7]. It is based on the principles of simulated annealing, 
but handles deterministic relations in a more natural way. 
During the optimization process, a search tree is built . on 
the basis of subdividing the weight space in the vicinity of 
more promising regions into more sensitive hyperrectangular 
subspaces. After subdivisions are made, the probability to 
move down specific branches to seek a solution within the 
more promising regions is increased. 

There · are some disadvantages to this optimization tech
nique. Firstly TANN is memory intensive owing to the creation 
of two more nodes each time a promising position in weight 
space is identified. Secondly the probability to walk down a 
wrong branch can become dominant so that the optimal solu
tion becomes hidden to the optimizer. Another disadvantage 
of TANN is its sensitivity to the initial temperature T, while 
the way in which T is annealed is also very important. From 
experiments with some relatively simple regression networks 
it was found that a relatively small initial value for T can 
improve the adequacy of the tree building process in the initial 
stages of training. which is a positive step to enhance the 
possibility of finding the global minimum. 

Since factors such as choice of initial T and the order 
in which the constraint model parameter space should be 
divided into hypelTectangular spaces playa decisive role in the 
overall success of TANN in this application, a detailed TANN 
optimization study is required . Such a statistical analysis is 
beyond the scope of this paper, so that no optimization results 
of TANN have been listed in Table III. 

Although Bilbro and Snyder [7] remarked that TANN can 
optimize functions of up to 30 variables, this was not the 
case for the regression networks. As soon as the number 
of model parameters exceeded about six, TANN was usually 
unable to estimate the parameters successfully. However, it 
should be emphasized that TANN is the only optimization 
method investigated in this study that was able to regress 
simple functions containing harmonic relations. Hence, there 
is a place for TANN in the regression network's optimization 
library. 

C. Leap Frog Dynamic Optimization 

Another gradient optimization technique which was inves
tigated is the dynamic leap frog minimization method of 
Snyman (9]. The search trajectories for this unconstrained 
method are derived from the equation of motion of a particle in 
a conservative field (e.g., gravitation), where the function to be 
minimized represents the potential energy. The trajectories are 
modified to increase the probability of convergence to a com
paratively low local minimum. This results in a corresponding 
increase in the regions of convergence of the global minimum. 
A full description of the optimization algorithm is given in (9] . 

The training performance of leap frog is compared· with the 
performance of the other techniques in Table III. Leap frog 
optimization enhanced the training performance in generaL 
However, this technique was also not able to locate the global 
minimum of the network for example (c) with 15 training 
data points. In this experiment the Ieip frog trained networks 

converged onto high plateaus for almost all training runs, while 
CG-trained networks became trapped in local minima much 
closer to the optimum. For the training runs with 10 data 
points, leap frog showed a significant improvement over CG 
and AP. The 24% "successfuln searches produced by leap frog 
for example (e) again represent a number of rdatively good 
fits to the data; the global minimum was not found in any 
of these training runs. The results for example (e) however 
show that leap frog can be employed morc confidently for the 
regression of functions of such complexity as example (e). 

For all these examples leap frog in some cases has the ability 
to modify a weight matrix which converged onto a plateau 
during CG optimization off the plateau into better regions. 
This is however not a general phenomenon. It was found 
that leap frog succeeded in leading the network weights off 
a plateau if the distance between the weight matrix and the 
origin (O-matrix) in weight space is relatively smaiL For the 
cases where the elTor fit converged into "far-off' asymptotic 
plateaus. i.e .. the Euclidean distance between the weight matri x 
and the origin is large, leap frog was unable to find a way back 
to the ~ Io bal minimum. For the experiments with 15 training 
sampks of examplc (c) il was also found thai leap frog was 
able to lakc some relatively good CG-trained networks and 
impro,·c the ir training. although it was incapable of reaching 
lowcr elTor leve ls on it s own. 

v. GUIDELINES IN TilE SEARCII r-OR TilE OPTtMAL 

SOLUTION Or- A REGRESSION NETWORK 

In conclusion a few guidelines are proposed that can be used 
in conducting a search for the optimal solution of a regression 
network . 

i) Select the appropriate criterion function (either · LMS or 
reiaril'e LMS) according to the intrinsic nature of the func
tional relation to be investigated as discussed in Section 
Ill-A. 

ii) If [he regression network contains harmonic nodes, use 
TANN optimization. For any other function, perform a 
few training runs from different initial positions in weight 
space with CG. 

iii) If no success with CG, repeat 
iv) but with the leap frog optimization routine. 
v) If unsuccessful with leap frog, investigate the error surface 

in the vicinity of the weight matrices of the CG-trained net
works. For each network which converges onto a plateau, 
evaluate the network's weight matrix to sec if the network 
did not converge into ufar-off' regions onto an asymptotic 
plateau. If not so, use leap frog in an attempt to get the 
network weight matrix off the error plateau. 

Although these few guidelines can be followed in the 
quest for a solution of a regression network for a complex 
system, an optimal solution is not guaranteed. Much still 
needs to be learned about the intricacies and behavior of 
the regression network during training. The development of 
a unique optimization routine as solution to the complications 
experienced during training of the regression network should 
not be excluded. Such a routine can typically contain heuristics 
to detect and prevent convergence into "far-off' regions at 
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Fig. 6. An error surface plot for the relat ive LMS fit to the training data 
of example (c). 

an early stage, thus alleviating the optimIzation problems 
experienced owing to the existence of plateaus. 

In the remainder of this paper it will be shown how the 
regression network algorithm can be used in both parametric 
and nonparametric fashions, as well as in a combined way 
to construct models for a metallurgical processing syste m of 
which the fundamentals are not understood adequatel y. 

VI. MODELING TilE PERFORMANCE OF A 

H YDROCYCI.ONE CLASSIFlCATION PROCESS 

Hydrocyclones are widely used as class ifiers in wet grinding 
circuits in the mineral industry and they have a significant 
influence on the perfomlance of these circuits. It is impol1antto 
be able to predict the behavior of the hydrocyclone adequately 
for any changes in process cond itions. This requires the 
formulation of a suitable model for hydrocyclone operation. 
Although simplistic empirical and fundamental models are 
available, the intrinsic behavior of the process is most complex 
and difficult to predict on the basis of such models. For 
this reason there is a need for an adaptive modeling strategy 
which has the ability to model tendencies which cannot easily 
be described in a fundamental fashion. It is illustrated here 
how models for the efficiency of the hydrocyclone classifica
tion process can be constructed with the regression network 
algorithm. The modeling performance of these regression 
network models is compared with the models for hydrocyclone 
efficiency of some other regression techniques. 

A . Semi-Empirical Model for the Performance 
of the Hydrocyclone Process 

Owing to the absence of published real data (real process 
data are not readily made public in the processing industry) the 
semi-empirical model of Lynch and Rao [10] was used to gen
erate typical process data which in tum could be employed by 
the different regression techniques to approximate the model. 
This semi-empirical model relates the operating and design 
variables of the system to the efficiency of the separation 
process. The configuration of a hydrocyclone is schematically 
presented in Fig. 7. The design variables in a hydrocyclone 
are the diameters of the vortex finder, spigot and inlet, while 
the operating variables are the flow rate, percent soiids and the 
size distribution of the solid particles in the pulp. 

The model of Lynch and Rao [10] postulates that the two 
major mechani sms by which particles enter the coarse product 

..... -....... 
.... 

..... 

Fig. 7. Schemat ic configuration of a hydrocyclone classifier. 

are (i) classification and (ii) entrainment or short-circuiting. 
TIle size of a particle which has an equal probabi lity of moving 
either to the overflow or the underflow due to centrifugal action 

in the cyclone onl y. is generall y defined as d~~) and can be 
est imated by 

log iO tl~~) = 10. 1 VF + k2SPIG + k3 1NLET 

+ k~FPS + k5 LPM + kG· (7) 

TIli s expression con tai ns the necessary model information 
for the fraction of the particles entering the product due to 

classification. VF [cm]. SPIG [cm] and INLET [cm] are the 
design variables and represent the diameters for the vortex 
finder. the spigot and the inlet respectively. The respective 
operating variablcs FPS and LPM [I. min-I] are the percent 
solids in the feed by weight and the flow rate of the pulp feed . 

Particle entrainment in any size is regarded by the semi
empirical model as being entirely dependent on the water 
distribution between the vortex finder overflow and the product 
underflow and can be described by 

SPIG K2 
R J = J{I WF + WF + K3 (8) 

where R J is the percentage feed water reporting to the 
underflow product and WF [:/hJ represents the flow rate of 
water in the feed. 

WF can be calculated with a mass balance expression in 
terms of LPM and FPS, if it is assumed that the ore is 
homogeneously suspended within the water phase of the slurry 
feed to the hydrocyclone. 

SG lOO-FPS) 
WF = 0.06 LPM . ~ __ O--:-,-F-,-,PS~:-:::-, 

(
1 + SG (lOO-FPS»)' 

o FPS 

(9) 

The corrected efficiency curve is used to describe the efficiency 
of classification and an expression commonly employed for 
this purpose is 

aX 1 
y(C) = e - . 

eaX + e4 
- 2 

(10) 

The argument X equals d/d~~) for a particle size d, whereas 
the parameter a gives an indication of the sharpness of 
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Fig. 8. lYpical corr~cl~d and pracrical qfici~I/<1' cun'~S of a hydrocyclone 
at specific process conditions. 

separation and therefore the efficiency of classification. A cor
rected efficiency curve can be converted into a corresponding 
praclical efficiency curve by (II) if d~~) and R f are known. 

Y = rf + (1 - rf)Y(C) where rf = Rf/lOO. (II) 

Typical curves for the corrected and practical efficiencies at 
specific process conditions are depicted in Fig. 8. 

111is six-input vari able model for Y in terms of SPIG, 
INLET, VF, FPS , LPM , and d was used as basis of comparison 
in thi s study. Lynch and Rao [101 used parameter values of 
k1 = 0.04l9,k2 = - 0.071,kJ = O.O·1(j7, k4 = 0.040G, 1.;5 = 
-0.0001 and kG = 0.0 in (7), as well as KI = 152.7 , K2 = 
-213.9 and KJ = G.G7 in (8) for a coarse size distribution. 
The data points employed by Lynch and Rao (10, fi g. 5] to 
construct their figure of corrected efficiency plots for some 
ore types were used to estimate a in a parametric fashion with 
the regression network. For a limestone with specific gravity 
SGo = 3.25, a was estimated to be 11 = 5.0, which represents 
a relatively sharp separation process. 111ese model parameters 
were selected for the model used in this study. 

B. Generation of Typical Plallt Data 

Typical plant data for the performance of the hydrocy
clone classifier were generated using the semi-empirical model 
described in the previous section. The ranges of all input 
variables except the particle size d are listed in Table IV and 
were taken from [10, table 4]. The training data which were 
employed by different regression techniques to perform model 
building were generated as follows: For each data series the de
sign variables of the hydrocyclone were kept constant (eleven 
different hydrocyclone geometries were used), while values 
for FPS and LPM were randomly selected within the specified 
ranges. For each combination of the five input variables listed 
in Table IV a particle size distribution consisting of ten values 
for d (i.e., 1180, 850, 600, 425, 300, 212, 150, 106, ·75, 
and 53 J.Lm) was used so that ten data points in the training 
data sets actually represent a single experimental sample taken 
at fixed processing conditions for a specific hydrocyclone. 

TIrree different training sets were constructed for each of 
y(C) and Y. These data sets contained 420, 210, and 70 data 
points, respectively. A test data set for each of y(C) and Y 
was generated following the same procedure as for the training 
data sets with the exception that values for the three design 
variables were also generated at random within the vicinity 
of the geometric specifications as listed in Table IV. In doing 
so the different regression models could also be evaluated for 

TABLE IV 
RANeES FQR FIVE INPUT V ARlABLES OF ruE GENERATED 

"TRAINING DATA OF THE HYDltocYQ.ONE CLAssIFICATION PROCESS 

~ J 

geometry vorteJC ("lOde' ~O{ .... t pe1'cent feed flow r~te 
s.ertes d~metet' ~meter d~metef $OCtOs in Il.min

o

', 

IcmJ leml (cml feed 

1 3.2 2.2 2 .1 40· 70 90·135 
2 3 .2 2.5 2.1 58· 70 135·228 
3 . 7 .9 3.8 3 .1 15· 70 296·36_ 
4 7.6.10.2 5 .1 5 .9 38·70 592 · 1092 
5 10.2. 14 .9 5 .1 9.S 60·70 955·1501 
6 10.2. 14 .9 6 .2 9 .5 50·60 1137·1683 
7 10.2. 14 .9 7 .S 9 .5 60·70 1228· 2230 

their usefulness as models for the purpose of process design. 
The test data sets for both y(C) and Y contained 420 data 
points each and no noise was added to the efficiency criteria 
of the test data. 

The training data were corrupted with additive noise. The 
noise term of each data point was calculated by the random 
expression E = y(C)(1- y(C)) x 1/ where E is the stochastic 
or noise component and 1/ is a random value within the range 
(-0.1 .. ·0 .1). By using this sigmoidal gradient expression, 
reali stic noi se for the efficiency crileria could be emulated . 

C. DrfJaclII RCKrcssiOIl M odels 

In order to investigate the efficiency of semi-cmpirical 
regression networks in the modeling of hydrocyclone perfor
mance, some existing regression techniques were also em
ployed to model the process for the purpose of comparison. 
The four main regression approaches which were used are: 

(1) Sigmoidal backpropagation networks. 
(II) Sigmoidal backpropagation networks with a single (I-a] 

node in the hidden layer. 
(Ill) Different semi-empirical regression network models. 
(IV) Multiple adaptive regression splines (MARS) (4], [II] . 

The number of [s-a] hidden nodes of the sigmoidal back
propagation networks was varied from 3 to 9 for the modeling 
of both y(C) and Y . 

As stated in the introductory section, it will be beneficial 
to include linear relations into a model if the system contains 
intrinsic linearities. Holcomb and Morari [12J modified the 
topology of a sigmoidal backpropagation network by including 
a single linear hidden node. They showed that this topolog
ical change allows sigmoidal backpropagation networks to 
recover linear performance while not sacrificing the ability of 
sigmoidal backpropagation networks to reproduce nonlinear 
mappings. The required number of free modeling parameters 
will be fewer if such a connectionist network is used for the 
modeling of a system which intrinsically behaves linearly. For 
this reason sigmoidal backpropagation networks containing a 
single [l-a] hidden node were also evaluated as an option for 
modeling hydrocyclone performance. Four configurations with 
different numbers of [s-aJ nodes (1,2,3 and 4 [s-aJ hidden 
nodes respectively) were specified for the networks of both 
y(C) and Y. It should be noted that this approach can also be 

viewed as a form of the regression network algoritlun. 
The performance of the regression network models for the 

hydrocycIone (modeling approach (III)) was also compared 
with the modeling performance of the MARS procedure of 
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[4], [II] . This regression method is based on the recursive 
partitioning approach and fits truncated cubic basis functions 
to the modeling data. A model with a continuous first order 
derivative is produced. Like in recursive partitioning, MARS 
can be viewed as a forward/backward stepwise regression 
procedure for selecting a subset of regression functions from 
the complete base. 

Friedman [II) noted that the principal differences between 
MARS and sigmoidal connectionist networks center on the 
use of splines rather than sigmoids by MARS, and products . 
rather than linear combinations of the input variables. The 
use of product expansions in MARS enables it to produce 
approximations that are local in nature. If the target function 
is badly behaved in any local region in the input space, the 
quality of the model is not affected in other regions. 

D. Construction of Semi-Empirical Regression Network 
Models for Hydrocyclone Performance 

In modeling approach (III) different regression networks are 
used for the modeling of y(C) and Y . For each regression 
network: model, mechanistic knowledge of the hydrocyclone 
classification process is built into the network configuration. 
The connectionist structure of each part of the semi-empirical 
regression network models for both y(C) and Y is described 
schematically in Fig. 9. 

The semi-empirical regression network: models for the cor
rected efficiency y(C) are represented by the network parts (b) 
and (c) of Fig. 9, while the semi-empirical regression network 
models for the practical efficiency Y are junctions of all four 
parts in this figure. The mechanisms by which particles enter 
the underflow product as described by Lynch' and Rao (10) 

are assumed to be val id. Using this mechan istic knowledge, 
particle entrainment can be described by network part (a). 
The expression for Rj(rf = Rf/100) as described in (8) 
is empirical and case-specific. A regression network model 
for Y is therefore defined to be nonpararnetric in the part 
where r f is determined intrinsically, thus ensuring it to be a 
more general model. WF is calculated externally with (9) as a 
known function of FPS and LPM, and is used as an input to 
an intrinsic "hidden layer". Two different "hidden" node types 
were used in network part (a). For architecture (a), either 2, 
3 or 4 [s-a) nodes were specified, while two (l-p] nodes were 
used for architecture (b). For the fract ion of the particles which 
enter the product underflow due to classification, the empirical 

correlation for d~;) described by (7) is a reliable measure 

for the estimation of c4;) values. Network part (b) represents 

the calculation of particle size d~;) and can accordingly be 
specified to be parametric. Note that an Ie-a] node is used 
here. 

Much still needs to be leamed about the hydrocyclone 
process before a general and adequate expression for the 
corrected efficiency will be available. The corrected efficiency 
is therefore intrinsically detemlined in a ntlllparalllelric fash
ion as y (C) = 4J(X) (refer to (10)), where Ihe argument 

X = J/r1~;) is a fixed relation represented wilh an [i-]l ] 
node with constant input weights of I and -1 as shown in 
the configuralion of nelwork part (c) in Fig. 9. For the semi
empirical regress ion net work models of both y (C) and Y, only 
two intrinsic Is -a ] "hidden nodes" were used in network part 
(c). TIlis was found 10 be adequate for the purpose of this 
study. 

The last part of the semi-empirical regression network 
models for the practical efficiency Y relates Y to r f and y(C) 

according to the known correlation of (\ 1). The connectionist 
configuration for this relation is given in part (d) of Fig. 9 with 
all weight values kept fixed as indicated in the figure. A few 
regression network models for y(C) and Yare now available 
which have been constructed on the basis of some mecha
nistic knowledge and which also provide for nonparametric 
modeling within ill-defined regions of the process. 

The number of free model parameters for each of the 
different regression models of the modeling approaches (I), 
(II), and (III) is documented in Table V. It is notable that 
fewer model parameters were generally used in the semi
empirical regression network models than in the models of 
the nonparametric modeling approaches (1) and (II). 

£. Training of the Regression Models 

The training data were scaled prior to tram mg. For the 
sigmoidal backpropagation networks (modeling approach (I» 
and their peers with a single (l-a] node (modeling approach 
(II» the predictor variables as well as the response variables 
y(C) and Y of the different data sets were scaled to be within 
the range -3 to 3. Three principal reasons for this have been 
outlined by Van der Walt et al. (13). Firstly the input node 
activities of the neural net should be bounded so that the 
weights between the inputs of the sigmoidal hidden nodes 
are not too large. If so, it will cause extremely slow training 
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TABLE V 
NUMBER OF FREE MOO€L PARAMETERS OF nlE REG RESSION M OQl,u FOR y(C) AND 1 ' . U SING TliE MODEUNG APPROACHES ( I ). ( II ) AND (III) 

SiOmo~1 backp4"0 040.al ion net'N()fw,s 
(II 

nombef o f 
htcJden nodes 

3 
4 

5 
6 
7 
8 
9 

number of fr« 
model parameters 

24 
3 2 
40 
48 
56 
64 
72 

S'omoidal ~ckDfooa04t;on oc(WOlks 
Mth .a sinO'e (I -OIl h'ddeo node ClII 

number of Is-a I 
h'Oden nodes 

3 

numbef of fre-e ~ 
~(.ameters 

24 
32 
40 

Semi-emoiric al regression netw~ks UII I " e (er / 0 Figure 6 .31 

couected efttciency yoC l: 

num ber 01 Is-a) 
nodes in number of fr ee mode( 

network pan (e l parameters 

9 
12 
1~ 

18 

convergence. Secondly, it is impcrJt ive that the input values 
to the net are of the same absolu te order. During training 
each weight is adjusted accordi ng to the overall error gradient 
(with respect to the weights), which is directl y proportional 
to the magnitude of the input node. A very small input node 
will thus prevent the weight that connects it to the hidden 
layer, to make a significant contribution to the derivative 
of the objective function and will slow down the training 
process. Thirdly, whilst learning is complicated if highly 
curved function surfaces should be found , neural nets can 
easily learn smooth relations. Thus, scaling which smooths out 
highly convoluted dimensions is desirable. Both y (C ) and Y , 
as well as all predictor variables were scaled linearly, except 
for d which was scaled logarithmically. 

For the modeling approaches (lll) and (IV), i.e., semi
empirical regression network models and MARS, all predictor 
variables were scaled linearly, including d. Other than for 
modeling approaches (I) and (II) the data coordinates were 
not mean-centered around zero, but were scaled not to exceed 
a value of approximately 2. This was done due to the fact 
that some intrinsic knowledge of the hydrocyclone process 
has already been captured within the structure of the semi
empirical regression networks. Since the response variables 
both vary between zero and one, it was not necessary to scale 
the response variables y(C) and Y for training these regression 
models. 

The different regression models for modeling approaches 
(1), (II), and (III) were created by using the LMS criterion 
function. Conjugate-gradient [8] was employed as minimiza
tion algorithm. The number of training runs (viz. N) performed 
for each modeling technique was arbitrarily selected. For 
modeling approaches (I) and (II), three training runs (N = 
3) were performed with different initial weight matrices for 

praCt ICal eff.c: i-eflcy Y: 

.. rchl-acturf! A : 

numbel 01 Is-al number 01 free model 
nodes ,n ne twork par.meters 

POl " (.al 

1 ..... 0 ! I 01 noo{, s In 

nc"·'O'1o. p~n 1 __ ' 

20 
24 
28 

19 

each network configuration. For the sellli -cmpirical regression 
networks fo r y(C) the train ing runs were repeated fi ve times 
for each configuration (N = 5), while 10 ne tworks (N = 10) 
were trained for each configuration of the semi -empirical 
regression network models for the practical efficiency Y. 

By investigating the memorization performance of each 
network model (i.e., the efficiency of a model in predicting 
the functional values of the data sets used to train the specific 
model) a decision could be made whether a model was 
adequately trained. If not, such a model was not considered 
further during comparative studies between the models of the 
different regression techniques. The number of unsuccessfully 
trained network models as trained by the different training sets 
for both y (C) and Y are listed in Table VI. It should be noted 
that a missing entry represents 100% success in training. 

The success in training is only given for the sigmoidal 
backpropagation networks with an [l-a] node and for the 
semi-empirical regression network models. All the sigmoidal 
back propagation network models containing three to nine 
hidden nodes were adequately trained. It can be noted from 
Table VI that the semi-empirical regression networks for the 
practical efficiency Y were successful in about 30% cases 
to locate an acceptable solution during training. Although 
adequate models were located for this example, this again 
emphasizes the complexity of the LMS error surface for 
complex regression networks, as discussed previously. 

F. Performance of the Different Regression Models 

The performance results of the different regression models 
for the efficiency criteria of the hydrocyclone process are com
pared in Figs. 10-15. Note that the performance results of the 
unsuccessfully trained network models are not incorporated in 
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TABLE VI 
NUMBER OF UNSUCCESSfUL "TRAINING RUNS roR EACH SPECIFIC 

MODEL CoNFIGURATION OF MODEUNG APl'ROAOfES (II) AND (ll\) 

Stol'T\Ofdal bac:kpt~o4ltion Semi-empffical regression networks (1111 
netWOf1u with ~nof.e (1·111 node 

(111 

C04"re-<:ted effici.ency ytCl: 

N - 3 N • 5 
number of Is·~1 nodes number of (s-al nodes 

1 I 2 I 3 I 4 1 I 2 I 3 4 

- 1 1 - - - - -
- - 1 - - - 1 -
- - 1 - - - 1 -

puctical eff iciency Y: 

N • 10 

,architect ure (AI ~(chitKtufe 

N • 3 (BI 
n4Jmbef of Is·J I h idden nodes number of (s-JI nodes in 

net W()(iIt pan (a ) 

1 J 2 1 3 J 4 2 1 3 I 4 

- - - - 8 7 6 7 
- - 1 - 7 7 6 7 

- - - - 6 7 6 6 

E~ 
(I) 

0.7 
( ll ) (III) 

01>< 01 ,I. 
0a¥Cn.Cc .. I 0.6 . ~ 

~ ~ 

'" ~ ~ 
0.5 . ~ -* ~ 

~ ll: 
OA .~ ~. 

~ ~ ~ 
0.3 

~I I 
.. '1\ 

0.2 I , ~ 
;S; ; . ~ . . -." 

" 
0.1 .. ~ . .. 

I~hn 0 
3 • S 6 · 7 8 9 2 3 • 1 2 3 4 

Dumber of [,.a] Dode< 

Fig. 10. Generalization performance of different regression models trained 
with 420 dala samples for the corrected efficiency y(C) of !he hydrocyclone 
classifier; for (I) sigmoidal back propagation network models, (II) sigmoidal 
back propagation network models with single [1-aJ node in hidden layer and 
(III) semi~piricaJ regression network models. 

the results displayed in these figures. The normalized absolute 
error E norm of (12) is used to evaluate the performance of the 
different hydrocyc\one models. 

1 N n 

E~orm,N = N x n L Lily. - Y.,sll x 100%. (12) 
5=1.=1 

In this expression, n is the number of data samples in the 
validation set and N i.s the number of models with the same 
configuration trained on the same data. The actual value for 
the response variable as prescribed by data sample s in the 
validation data set is represented by y., while Y"s represents 
the predicted value at the coordinates of data sample s as 
estimated by model S. 

This evaluation criterion was chosen due to a uniform 
absolute sensitivity of the response variables y(C) and Y 
through the complete range (0 ··· 1). Single · validation sets 
for both y (C) and Y (each set containing 420 test data 

E __ 

(1) (II) (III) 
0.8 r---..:...:.-----.---'--'----,--1-.;.,......" 

0 ..... 
0.7 

0.6 

.... J 
:: J. J 
0.2 

0.5 

0.1 

" i '-

... E!i~c< 

• •• • •• 1 • • •• • • • • •••• • ••• • , 
, 

· ··· · ·1· · ···· · · ·· ··· ···· 

, 
• • • • L •• 

, .... , . .. 

3<56789 2 3 • I 2 3 4 

Dumb« of [ .... ] Dada 

Fig. 11. Generaliution performance of different regression models trained 
with 210 data samples for the corrected efficiency y(C) of !he hydrocyclone 
classifier; for ( I ) sigmoidal back propagation network models. (11) sigmoidal 
backpropagation nctwor1< models wilh single (l-<l ) node in hidden layer and 
( UI) !.Cmi<mpiric31 regression networX modds. 

TAB LE VU 
PEKFO.",,"l"E OF MARS M ODEl.S ['OK TilE EsnMATlON Or- TilE 

IIYORO("YCl .ONE CU.SSIFlCAnON EFFICIENCY yU:) AND )' 

number ot 
muh • .., .. r ,ale nufTlber of C _ 

d.lta 
InleraCt·on baSIS 

umple s .n 
l!n.l funct ions 

~mofis.a.t ion generalIsat io n 
trainino set per1()fmance perlormance 

(offected ell.c lency y" ' : 

420 6 16. 1 16.1 
42 6 .4 11 .0 

6 62· 4 .4 14 .0 

210 1 16.9 16.7 
2 25 6 .3 14 .8 
6 27 7 .6 16.1 

70 4 17.4 17 .0 
12 7 .8 17 .J 

6 13 4 . 1 29 .0 

practical e lftCiency Y: 

420 1 11.8 13 .1 
2 47 4.5 8 .6 
6 62 3 .2 8 . 1 

210 1 5 12.9 14 .0 
2 24 5 .3 11 .8 
6 28 5 .3 11.2 

70 1 13.3 13.3 
2 11 3 .9 12.1 
6 10 4 .9 12.0 

points) which were constructed as described earlier, were used 
to evaluate the generaliz.ation performance of the different 
models. 

Because of the weak performance of the MARS-procedure 
in modeling the performance of the hydrocyc\one process, this 
modeling approach (IV) is not compared graphically with the 
performance results of the models for the other three modeling 
approaches. The memoriz.ation and generalization performance 
of the different MARS models are however listed in Table VII. 

It was found that the predicted error values which represent 
the memoriz.ation performance of the different MARS models 
are much higher than the memoriz.ation performance of the 
other regression modeling techrUques. It can therefore be 
concluded that the MARS procedure at its best was unable 
to find an adequate model for both y(C) and Y . Note that 
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(II) (Ill) 
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Fig. 12. Generalization perfOfrnanc<: of different regression models trained 
with 70 data samples for the eom:cted efficiency y( C) of the hydrocyclone 
classifier. for (I) sigmoidal backpropagation network models. (II) sigmoidal 
baclc:propagation network models with single [1-<1] node in hidden layer and 
(III) semi~mpirical regression network models. 
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Fig. 13. Generalization performance of different regression models trained 
with 420 data samples for the practical efficiency Y of the hydrocyclone 
classifier. for (I) sigmoidal baelc:propagation ne"twork models. (II) sigmoidal 
baclc:propagation network models with single [1-<1] node in hidden layer and 
(III) semi~mpirical regression network models. 

additive MARS models with mi = 1 performed the worst for 
both y(C) and Y. The memorization performance however im
proved with an increase in the multivariate interaction (mi) for 
modeling of y(C). The generalization performance decreased 
with an increase in mi from 2 to 6 which indicates limited 
interaction between the independent variables for y(C). The 
MARS models for Y displayed no significant differences 
between their memorization and generalization performance 
with mi-values of 2 and 6 respectively which shows that the 
degree of variable interaction is higher in the case of Y. 

Figs. 10-12 display the generalization performance of the 
different models for the corrected efficiency y(C) according 
to the modeling approaches (I), (II), and (III). Although it is 
not shown here, it was' found that the sigmoidal back prop
agation networks improved their memorization performance 
with an ir.crease in the number of hidden nodes or free 
model parameters. Overfitting is partially responsible for this 
expected improvement, especially if trained with the 210 
and 70 data point training sets. This can be concluded from 

9 1 
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Fig. 14. Gcn;:ralization performance of different regression models trained 
with 210 data samples for the practical efficiency Y of the hydrocyclone 
classifier, for (I) sigmoidal baclc:propagation network models. (II) sigmoidal 
baekpropagation network models with single [/-a I node in hidden layer and 
(III) scmi<mpirical re gress io n network models. 
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Fig. 15. Generdlization performance of different regression models trained 
with 70 data samples for the practical efficiency Y of the hydrocyclone 
classifier, for (I) sigmoidal backpropagation network models. (il) sigmoidal 
baclc:propagation network models with single (/-<l] node in hidden layer and 
(III) semi~pirical regression network models. 

the results of Figs. II and 12, where a gradual decrease in 
generalization performance was observed with an increase in 
the number of hidden nodes. This phenomenon corresponds 
to the bias-variance dilemma studied by Geman el af. [14] . It 
can further be observed from the results of Figs. 10-12 that the 
sigmoidal backpropagation networks containing a single [l"a] 
hidden node (approach (II)) were incapable of outperforming 
sigmoidal backpropagation networks. On the contrary the 
training process was only complicated by adding the single 
[loa) node to the hidden layer. The conclusion can therefore 
be made that y(C) is intrinsically nonlinear by nature. 

It was further observed that the memorization performance 
of the sigmoidal backpropagation network improved signif
icantly with a decrease in the number of training samples, 
if compared to the memorization performance of the semi
empirical regression networks. Although the corresponding 
training performance of the semi-empirical regression net
works was not as good as that of the sigmoidal backpropaga-
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tion networks, the semi-empirical regression networks outper
formed the ·sigmoidal backpropagation networks if validated 
on the test data set. This promising result is especially clear 
in Fig. 12 for the regression models of y(C) trained with 
70 data points. Although the sigmoidal backpropagation net-

. works generally converged into much lower LMS minima, the 
generalization performance of the semi-empirica\ regression 
networks was substantially better than that of the sigmoidal 
backpropagation networks. 

The different regression models for the practical efficiency 
Yare compa.n=d in Figs. 13-15. Also in this case the nonlinear 
nature of the hydrocyclone performance criterion Y is vali
dated by the performance of the sigmoidal back propagation 
networks with a single (i-a]. hidden node, which gained 
no significant improvement over sigmoidal back propagation 
networks. For this modeling problem the significance of im
provement of the modeling performance of the semi-empirical 
regression networks again increased with a decrease in the 
population density of training data samples. As was the case 
for the results of Fig. 12, it can also be observed from Fig. IS 
that the semi-empirical regression network models trained with 
low density data (70 data points) contained significantly beller 
generalization propenies as compared to the corresponding 
sigmoidal backpropagation networks, although the training 
processes of the semi-empirical regression networks termi
nated at significantly higher LMS error values. 

The different architectures (a) and (b) for the semi-empirical 
regression network models performed equally well, so that 
either Is-a] or (i-p] nodes can be used for this application in 
the nonparametric "hidden layer" of network pan (a) of Fig. 9. 

These promising results show that the regression network 
can be used successfully as a model building tool for hydrocy
clone classifiers where mechanistic knowledge of the process 
is available. Due to the a priori knowledge contained by such a 
semi-empirical regression network, the generalization proper
ties of the model are significantly better than the generalization 
performance of the other regression models. This improvement 
becomes especially significant when the different regression 
models are trained with limited data. 

VII. CONCLUSION 

A general regression tool, i.e., the regression network, 
has been proposed in this paper. The general nonlayered 
configuration of this new connectionist network was described 
and the training procedure by means of backpropagation 
discussed. It was shown how the regression network can 
be specified to present almost any arbitrary function. This 
regression network can therefore be used as a straightforward 
parametric regressor, and also for nonparametric modeling if 
a system is inadequately understood. For the extreme case 
where the mechanism and physics of a process are known, the 
functional form of the mechanistic model can be specified 
to the regression network and the model parameters can 
be estimated with the network. From data sets of some 
systems it js possible to formulate an idea about some features 
of a system from tendencies within the .data. If so, the 
known features can be used as basis for modeling by the 

regression network and the model can be extended and refined 
by adding more relations and parameters. If a process is 
completely ill-defined, i.e., nothing is known about such a 
process, the regression network can be appliect in a completely 
nonpararnetric fashion, much like a sigmoidal back propagation 
network or a radial basis function network . 

Although the regression network can theoretically be used 
for various applications, the fundamental study presented here 
revealed that the training process of the regression network 
for some systems can become very complicated. A new 
objective function, the relative LMS criterion function, was 
proposed and displayed superiority over the conventional LMS 
criterion function, if the degree of interaction between some 
independent variables of the system to be modeled is high. 
LMS error surface investigations showed that the problems 
experienced during trdining are caused mainly by the presence 
of either mountainous regions in the error surface, and/or 
extended plateaus if functional relations that are intrinsically 
exponential by nature arc to be filled to the corresponding data. 
During invesligations into Ihe usefulness of some optimization 
routines other than conjugale-gradient optimi7.alilln, i.e., alter
nating projection, tree annealing and leap frog optimization, it 
was observed that especially dynamic leap frog minimization 
holds promise as alternative optimi7.ation method for the 
regression network, as this optimi7.3tion technique was able 
in some cases to lead the weight matrix of the regression 
network off a plateau. TIle applicability of each optimi7.ation 
routine was qualified and some general guidelines proposed 
for finding an optimal solution for the regression network of 
a system. 

To illustrate how the regression network algorithm can 
be used to model systems which arc fundamentally poorly 
understood, semi-empirical regression network models were 
developed for the classification efficiency of a hydrocyclone 
classifier, a typical metallurgical processing system. Both the 
corrected and practical efficiency curves y(C) and Y of this 
process were modeled on the basis of anificial data using 
four different regression techniques. The regression network 
algorithm was employed to construct connectionist models 
by specifying configurations which are purely nonparametric, 
as well as in the development of semi-empirical regression 
network models. For the latter regression model, available 
knowledge about the mechanism of a specific process was 
built into the connectionist structure of the regression network, 
while the ill-defined a~pccts of a specific system were provided 
for by use of non parametric regions within the structure of a 
semi-empirical regression network for the relevant process. 

It was found that MARS [4] was unable to emulate any 
of the relevant relations adequately. Although sigmoidal back
propagation networks performed relatively satisfactorily for 
the modeling of this system, which in fact exhibits an inherent 
sigmoidal type of behavior, semi-empirical regression network 
models outperformed the sigmoidal backpropagation network 
models for both y(C) and Y. This superiority of the semi
empirical regression network models for y(C) and Y became 
even more prominent with a decrease in the population density 
of training data points. This is indicative of a remarkable 
improvement in extrapolative properties of the semi-empirical 
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regression network over other regression models investigated 
for this application. 

Further research on the development and further application 
of the regression network should result in improved optimiza
tion of this new connectionist network topology. Research 
is also currently being conducted to employ the regression 
network algorithm for the purpose of topological optimization. 
i.e .• the automated identification of mathematically extractable 
features during optimization without the need to specify such 
relations manually prior to training. 
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Comparison of Different Artificial Neural Nets for the Detection and 
Location of Gross Errors in Process Systems 

Chris Aldrich* and Jannie S. J. van Deventer 

Department of Chemical Engineering, Uniuersity of Stellenbosch, Priuate Bag X5018, 
Stellcn bosch , 7599, South Africa 

The reliability of the data which characterize the behavior of a plant is critical to the effective 
monitoring and improvement of plant performance. It is thus essential that gross errors in 
these data, which can arise from measurement problems or inadequate mathematical models 
are detected and eliminated before the performance of the plant is evaluated. Procedures fo; 
the detection of gross errors based on back propagation neural nets have recently been shown 
to be superior to those based on conventional statistical tests, especially where data processing 
is dependent on highly nonlinear models. The global detection of gross errors in process systems 
appears to be a relatively simple problem that can be accommodated with equal efficiency by 
back propagation, probabilistic, and learning vector quantization neural nets. The location of 
errors based on the constraint residuals of process systems, on the other h and, poses a more 
formidable problem that is not handled well by standard back propagation nets. For these types 
of problems other systems, such as learning vector quantization neural nets, that are significantly 
more efficient than back propagation neura l nets are recommended. 

Introduction 

The collection and analysis of data from processes, 
whether they are operated in steady state or not, are 
an important means for evaluating the performance of 
a plant or an individual process unit. The reliability of 
these data is essential for the successful monitoring of 
the behavior of the plant. Since process data are 
generally subject to random noise, or even gross errors, 
owing to sensor biases, and inadequate mathematical 
models or significant changes in the environment (Hla· 
vacek, 1977; Verneuil et aI., 1992), these data have to 
be filtered prior to interpretation. This is usually 
accomplished by constrained nonlinear optimization 
procedures in conjunction with statistical techniques to 
detect and remove possible gross errors in the data. 
Unfortunately the theory on which these statistical 
techniques for the detection of gross errors are based is 
only valid for linear systems. As a consequence, non· 
linear systems are often not accommodated satisfacto· 
rily by classical statistical methods. 

Aldrich and Van Deventer (1993, 1994a), Aldrich et 
al. (1993), as well as Gupta and Narasimhan (1993) 
have recently shown that neural nets provide an alter· 
native means for the detection of gross errors in process 
constraints. Gupta and Narasimhan (1993) considered 
a linear process system and used a sigmoidal back 
propagation neural net with a single hidden layer to 
detect the presence of gross errors based on the absolute 
values of the magnitudes of the normalized constraint 
residuals of the process system. Although use of the 
absolute values of the normalized constraint residuals 
is not ideal, since some information regarding the 
nature of the errors in the system is lost, these authors 
were not successful in training a neural net to detect 
errors based on the actual values of the constraint 
residuals. Aldrich and Van Deventer (1994a) used a 
similar approach based on the absolute values of the 
constraint residuals and showed that back propagation 
reural nets have a powerful ability to detect the 

* Author to whom correspondence should be addressed. 
E·mail: cai@maties.sun.ac.za. 

presence of gross erro rs in process systems, regardless 
of the linearity of the constraints. Moreover, they also 
proposed an alternative approach to gross error detec· 
tion with neural nets, based on the measurement 
residuals of the variables. This approach is more useful 
in the sense that direct location of gross errors in the 
variables is possible. 

In this paper the application of other types of neural 
nets for the detection of gross errors on nonlinearly 
constrained systems is discussed and shown to be 
superior to back propagation neural nets in some 
respects . 

Gross Error Detection 

The process constraints or conservation equations of 
a typical chemical or physical process system are 
(Crowe, 1988, 1989) 

Ax=O (1) 

where x is the (n x 1) vector of true values of the state 
variables and A an (m x n) constraint matrix of full 
row rank m (n > m). If 

x' = x + e (2) 

constitutes the (n x 1) vector of measurements of the 
true values x, with (n x 1) error vector e, and covariance 
matrix Q , then the measured values of the process 
variables generally violate the process constraints 

Ax'=c::z: 0 (3) 

or in terms of the true values and error components 

A-{x + e) = c (4) 

and if the constraints are linear 

A -{x + e) = Ax + A'e = c 

l.e . 

A'e=c (5) 

"000 C::OOC:: l ac:: I ') t:: <I-t.()') 1 h~nq n()f() (C) 1995 American Chemical Society 
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Figure 1. Typical process unit of a neural net. 

Under the null hypothesis that no systematic errors are 
present. e is a multivariate normal with a zero mean 
(Madron et al.. 1977; Romagnoli and Stephanopoulos, 
1981; Mah and Tamhane. 1982; Tamhane and Mah. 
1985). i.e. 

E (e) = E(A-e) = A-E(e) = 0 (6) 

and a covariance matrix V = cov(e ) of the constraint 
residuals (Crowe. 1988). where 

The alternativc hypothesis is that the cxpected value 
of c is not zero, i.e . 

E ( c ) = b;;.:: 0 (8) 

which indicates the presence of an error with a bias of 
magnitude b . These two hypotheses are subsequently 
evaluated and rejected or acceptc'd on the basis of 
specific statistical criteria (e.g .• a 95% or 99% confidence 
limit). Note that the data need not be reconcil ed in 
order to calculate c and its derived statistics. 

Artificial Neural Nets 

The literature on neural nets is vast and only a very 
brief overview is provided in this papcr (Hecht-Nielsen, 
1990; Lippmann, 1987, 1989; Rumelhart et aI., 1986; 
Wasserman, 1989). 

A neural net is a parallel distributed information 
processing structure, consisting of an arrangement of 
interconnected primitive processing elements. Each 
processing element can have an arbitrary number of 
input connections, but only one output connection (that 
can branch or fan out to form a multiple output 
connection). Processing elements or artificial neurons 
can have local memory and also possess transfer func
tions that can use or alter this memory, process input 
signals, and produce the output signals of the elements, 
as shown in Figure l. 

These processing elements are typically divided into 
disjoint subsets, called layers, in which all the process 
units usually possess the same computational charac
teristics. The layers comprising a neural net can be 
categorized as either input, hidden, or output layers. to 
denote the way in which they interact with the informa
tion environment of the net. The typical structure of a 
back propagation neural net is shown in Figure 2. 

Back Propagation Neural Nets (BPNN). Com
putation in back propagation neural nets is feedforward 
and synchronous, i.e., the states of the process units in 
~ower levels or layers ofthe net are updated before units 
In layers higher up in the net. The activation rules of 
process units are typically of the form 

Z,(t+ 1) = g(umJ (9) 
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Figure 2. Structure of a generic back propagation neural neL 

where u,{t) designates the pot~ntial of a process unit at 
time t, i.e., the difference between the weighted sum of 
all the inputs to the unit and the unit bias 

u,(t) = IWiI}t) - 8 i 
j 

(10) 

The form of the t ransfer function g may vary, but could 
be a linear, step or sigmoidal transfer function, among 
others, with a domain typically much smaller than that 
of the potential of the process unit, such as [0 ;1) or 
[-1;1) , for example. 

The training of back propagation neural nets such as 
the one shown in Figure 2 is an iterative process 
involving the changing of the weights of the net, 
typically by means of a gradient descent method , In 

order to minimize an error crite rion (E) 

(11) 

based on the ditTerence between the desired (do;) and 
the actual (zoj) outputs of the unit. 

To minimize the error, 

is calculated. where Bj = Zj - dj for output units and 13. 
= L,WjAZk(1 - zk)Bk for hidden units. The value of B i: 
thus propagated back through the net in order U 
calculate all derivatives atlawij (hence back propagatior 
neural nets). Weights are updated by t>wij = -oz;;z;<: 
- z;)Bj, where 0 represents a suitable step size. 

This process is repeated until no further decrease i1 
the error E is obtained and the net is then considered t 
have converged. 

Probabilistic Neural Nets (PNN). Probabilisti 
neural nels:are based on the use of Bayesian classific~ 
tion methods and provide as such a very powerfi: 
general framework for pattern classification problem: 
These nets use exemplars (input vectors with know 
classifications) to develop distribution functions whic 
are used to estimate the likelihood of a feature vecU 
belonging to a particular category. Moreover, the: 
estimates can be modified by the iricorporation of 
pri<Jri information. Suppo~ a classification proble 
consists of N different classes CI. Cz, ... , CN, and th 
the data on which the classification process is based Cl 

be represented by a feature vector with M dimensio: 
:x = [XI, X2, ... , xMJI'. IfF(x) = [FI(X), F-ix ), .. . , F,.{x)]T 
the set of probability density functions of the cla 
populations and A = [a i, a2, ... , aNJI' is the set of a pru. 
probabilities that a feature vector belongs to a particul 
class, then the Bayes classifier compares the N valu 
aIFI(x), azF'z(x) • .... aNFfo,.(x) and determines the ch 
with the highest value. 
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Figure 3. Structure of a probabilistic neural net. 

Before this decision rule (in which the multivariate 
class of probability density functions are evaluated, 
weighted and compared) can be implemented, the prob
ability density functions have to be constructed. Parzen 
estimation is a non parametric method of doing so, in 
which no assumption is made with regard to the nature 
of the distributions ofthese functions. These estimators 
are comprised of sets of smaller parametric functions, 
which are typically multivaria te Gaussians. A small 
Gaussian curve is in effect determined for each exem
plar, after which the curves are added together and 
smoothed. The P arzen estimators used in the proba
bilistic neural net are of the form 

for class k, where X kj is thejth exempla r in class k, and 
S. is the number of training samples in category k. The 
exponential constituents of eq 13 are known as Parzen 
kernels if all the inputs to the classifier have a unit 
norm, i.e., x T x = 1. These kernels can be conveniently 
expressed as 

(14) 

where the term XTXkj is the dot product of the feature 
vector x to be dassified, with a training vector Xkj . The 
transfer functions of the processing elements are thus 
of the form exp[(z - 1)1/12]. 

Smoothing is accomplished by the parameter II = 
II(S.), where 

(15) 

and 

(16) 

These conditions are satisfied by 

(17) 

The probabilistic neural net consists of an input buffer, 
a normalizing layer which normalizes the input vectors, 
a pattern layer which sums the Panen kernels for each 
class, and a classification layer which determines the 
most likely class to which an input belongs, as shown 
in Figure 3. 

Learning Vector Quantization Neural Net (LV
QNN). The essential concept on which learning vector 
quantization neural nets (LVQNN) are based is that a 
set of vectors can be distributed across a space in such 

ClASS 1 CtASS2 

.... : .-:: .. ... . 
.,:-. : - ', : . .... , " 

. '. ' . ,'.: :.... :":-;".: .. ::' 
... . . .... .. :> .- : ... ·:0'·' .... . . ··: ·:·: ·:·· ·· :·:O·:~· : o 

FEATURE FEATURE 
2 

FEATURE 
3 

KOHONEN 
LAYER 

INPUT 
LAYER 

Figure 4. Structure of a learning vector quantization neural net. 

a way that their spatial distribution corresponds with 
the probabili ty distribution of a set of training data. 
Learning vector quantization nets differ from back 
propagation nets in that they are not supervised during 
training and construct their own rep resentations of 
categories among input data . 

A learning vector quantization network contains an 
input layer, a Kohonen layer which performs the clas
sification based on the previously learned features of 
the various classes, and an output layer as shown in 
Figure 4. The input layer is comprised of one process 
element for each feature or input parameter of the 
various classes, while the output layer contains one 
process element for each class. Although the number 
of classes is predefined, the categories assigned to these 
classes are not. During training the Euclidean distance 
(dj ) between a training exemplar (x) and the weight 
vector (WI) of each process element is computed, i.e. 

d = norm(w .-x) = (''''(w . - Xl]ll2 (18) 
, l L 'J ) 

jN 

If this winning process element and the training vector 
share the same class, the winning process element is 
moved toward the training vector, otherwise it is moved 
away, or repulsed. That is , 

wp = wp + f1 1(xP - w p ) 

if the winning process element is in the correct class 

wp = wp - fi2(xp - w p ) 

if the winning process element is not in the correct class. 
As a consequence, the process elements assigned to 

a class migrate to a region associated with their class. 
In the classification mode, the distance of the input 
vector to each process element is determined and the 
vector is assigned to the class of the winning process 
element. 

Classification of Errors 

In order not to unduly complicate the classification 
of errors in constrained data, only two types of errors 
are considered, viz. random and gross errors. The errors 
can assume any arbitrary distribution, but for the 
purpose of this investigation these errors are considered 
to have the same (normal) distributions and differ only 
with respect to their expected values; i.e., for random 
errors E (e) = 0 and for gross errors E(e) = b ;to o. 

To use a neural net to detect the presence of these 
errors in the data, a set of exemplars is constructed. 
These sets of training exemplars generally consist of k 
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vectors v., each of which can b€ partitioned into a 
5ubvector V.IN containing all the inputs to the net and 
a sub vector V.OUT which contains the desired outputs 
associated with the corresponding inputs, i.e. 

(19) 

The inputs to the net generally consist of some function 
of the constraint residuals of the sys~m, while the 
outputs consist of some label to identify the type or class 
of error. That is 

VifN = f(cp) (i = 1, 2, ... , N), where f{cp) = ICp lio (20) 

and 

Vi
OUT = 0, if v i

lN is associated with a random error 

(i = 1, 2, ... , N) 

Vi
OUT = 1, if Vi

lN is associa ted wi th a biased error 

(i = 1,2, .. . ,N) 

Since these outputs a re binary vectors , the output of 
continuous-valued neural nets (such as back propaga
tion neural nets) have to be post-p rocessed prior to 
interpretation. In this investiga t ion continuou$-valued 
outputs were rounded off to the neares t binary class 
indicator, i.e. 

Slightly modified output vectors were used to train the 
probabilistic neural net (PNN ) and the learning vector 
quantization (LVQ) net. 

Vi
OUT = [0,1], if vi

lN is associated with a random 

error ( i = 1,2, .. _, N) 

Vi
OUT = [1,0), if v/N is associated with a biased 

error (i = 1, 2, ... , N) 

These exemplars are construc~d by artificially corrupt
ing a consis~nt set or sets of values to generate 
constraint residuals and labeling the residuals accord
ingly_ In actual process sys~ms it is often desirable to 
detect as high a percentage of gross errors as possible, 
provided that the rnisclassification of random errors is 
kept to a minimum. Although the same restrictions can 
be irnplemen~d readily in neural net de~ctors through 
appropria~ labeling of the exemplars, no such measures 
were used in this investigation. In the rest of this paper 
the ability of a neural net to classify errors deno~s its 
ability to classify both gross and random errors. 

Examples 

Example 1: Detection of Gross Errors in a 
Gravity Separator Subject to a Nonlinear Con
straint. Consider a gravity separator designed to 
separa~ dense valuable ma~rial from less dense waste . 
The following constraint describes the in~rrelationship 
between variables governing the operation of the sepa
rator: 

xt' - arctan(x2)1J2 + 3X~4 - 1.0129 = 0 (21) 

where 
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Xl = feed rate/maximum feed rate 

x2 = slope of streaming current acting 
as separating medium 

X3 = fraction of valuable material in 
concentrate product 

x. = (density of waste - density of separating 

medium)/(density of valuable dense 
material - density of separating medium) 

Besides the random errors that could occur in the 
measurement of these variables, it is evident that fau lty 
f1owme~rs, on-line analyzers, density gauges , and slope 
indicators could give serious gross errors. 

This simple, but highly nonlinear sys~m will serve 
to illustrate the ability of the various neural nets to 
detect gross errors in constrained sets of variables. 
Owing to its nonlinearity the above system is not 
amenable to classical statistical methods of gross error 
detection. Consis tent sets of varia bles Xl , X 2 • ... , X4 (with 
o :s: x, :s: 1) were corrupted with un iformly ra ndom errors 
with a sta nda rd devi:J. tion of 5% a nd gross erro rs wi th 
biases of up to 100%. From these sets t ra ini ng and test 
sets each con ta in ing 200 vectors were co nstruc ted 
(different sets of consistent variable values were used 
to construct test a nd tra ining exemplars). 

The first group of training and test sets was based 
on exemplars of the form liep l/u;CLASS) , while the 
second group was based on exemplars of the form [epl 
a;CLASS). The la tter group of exemplar sets allowed a 
more sophisticated approach to gross error detection in 
that information on the direction (sign) of the bias in 
the gross error is retained. In this way more accurate 
estimates of the ability of the nets to generalize the 
classification of errors are realized. 

In all cases the test and training vector sets contained 
approximately equal proportions of gross and random 
errors (i.e., the probability of a given exemplar contain
ing a gross error was approximately 50%). This means 
that a classifier with no ability to classify errors (i .e., a 
comple~ly random assignment of errors to the various 
classes) would on average achieve a success ra~ in the 
region of 50%. 

Back Propagation Neural Net. A two-layer hy
perbolic tangent back propagation neural net with a 
single input node, a three-node hidden: layer, and a 
single output node was trained with the generalized 
delta rule (Hinton, 1989) on exemplars of the form (!cpll 
a;CLASS) and (cpla;CLASS) mentioned previously_ Once 
trained, the net was evalua~d against ~st sets contain
ing errors with biases similar to those on which the net 
had been trained. The results of a typical number of 
runs are displayed in Figures 5 and 6. Figure 5 depicts 
the rates of successful classification of random and gross 
errors based on feature vectors of the type (cpla), while 
Figure 6 depicts similar results based on feature vectors 
of the type (!cpl/al 

From both these figures it is apparent that the ability 
of the nets to de~ct gross errors increases with an 
increase in the bias of the gross errors and approxi
ma~ly 80-90% of these errors could be detected when 
the biases in the gross errors exceeded 70% (as is shown 
especially in Figure 6). When feature vectors of the type 
[cpla;CLASS] were used, the performance of the back 
propagation net tended to be erratic, as can be seen from 
the scatter in the data points in Figure 5. The some-
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Figure 5. Global detection of gross errors in example 1, based 
on feature vectors of the type [c"la;CLASS] <standard deviation in 
all errors 10%). 

Errors correctly classified (%) 
100 

i • BPNN 

~ X PNN t " I 

~ Z 
~ I 6lVQNN 

80 ! " ~ . , I 

X ~ X . - Z 
70 ! ~ 

" 
60 

! • ····· 6 ·· 

x sea 

:1 '" 
: 

--------
0 10 ~ ~ ~ 50 60 70 80 ~ 

Bias in gross errors (%) 

Figure 6_ Global detection of gross errors in example 1, based 
on feature vectors of the type lic"lol;CLASSI <standard deviation 
in all errors 10%). 

what inconsistent behavior of the back propagation 
neural net (shown in Figure 5) is not fundamentally 
significant, since the decision boundaries which the net 
has to cope with can in principle (and in practice) be 
accommodated by mon~ sophisticated back propagation 
te_chniques (not attempted in this investigation). 

More consistent performance was observea-when the 
absolute values of the normalized constraint residuals 
were used to classify the errors, rather than the 
normalized constraint residuals as such (with the loss 
of information previously mentioned). 

Although hyperbolic tangent transfer functions were 
used, the performance of the net did not appear to be 
sensitive to the use of other popular transfer functions 
such as sigmoidal, sine, or even linear functions, espe
cially as far as classification based on feature vectors 
of the form [Ie/a!] was concerned_ Similar results were 
also obtained with a simple single layer neural net 
trained on these types of features (but not features of 
the form [c/o]). 

Learning Vector Quantization Neural Net. The 
learning vector quantization net consisted of an input 
layer with a single node (corresponding to the single 
constraint of the system), a Kohonen layer with four 
nodes, and an output layer with two nodes (on~ for each 
type of error)_ Of the three :-lets investigated, the 
learning vector quantization net was the only one whose 
performance did not appear to be affected by the form 
of the feature vectors on which classification was based 
(as can be seen from Figures 5 and 6 the learning vector 

quantization net exhibited essentially the same capacity 
to detect gross errors, regardless of the form of the 
feature vectors) . 

Probabilist~c Neural. Net. The pr?babili.stic neural 
net was compnsed of an mput layer WIth a smgle input 
node, a normalizing layer with a single node, a pattern 
layer consisting of 200 nodes (one for each exemplar Or 
pattern in the training set), a summation layer with two 
nodes, and an output layer with two nodes (one for each 
error class)_ 

The probabilistic neural net trained approximately 
1-2 orders of magnitude faster than the back propaga_ 
tion or learning vector quantization nets, and yielded 
essentially identical results when presented with fea
tures of the form [ic/all. When presented with feature 
vectors of the form [c/u] , however, the probabilisti< 
neural net was also prone to inconsistency as is indio 
cated by Figure 5. 

Example 2a: Detection of Gross Errors in < 
Syste m Subject to Multiple Nonlinear Constraints 
This exam ple has bee n used previously by Pai an< 
Fisher (1988), Tjoa and Biegler( 1991), as well as Aldric] 
a nd Van Devente r (l99-!b) (a lbe it for the evaluation 0 

data reconcilia tion algo rithms and not for the detectiOJ 
of gross errors ) a nd comprises five measured variable 
X i (i = 1, 2, ... , 5) and three unmeasured variables X i ( 

= 6, 7, 8), subject to six nonlinear constraints . 

1 2 2 2r 2 12(x l ) - 0 .7X2 + x :h + (X) Xrl'-7 + 3(x 8)-

255.8 = 0 (2~ 

X I - 2r:l + 3x 1:(3 - 2.'i'h - xz-'t:i's + 111.2 = 0 ( 2~ 

2x[ + x~rr, + X7 - x8 - 126.6 = 0 (2 

Although this example does not relate to any specil 
practical system, it was selected due to its high 
nonlinear nature and the fact that it has been studi, 
before. Therefore, it provides an ideal basis for t: 
comparison of different network architectures_ As f 
as the use of a back propagation neural net is concern! 
not more than six output nodes are required to monit 
errors in each of the six subsets of variables , regardlE 
of the number of gross errors present. Since classes ~ 
defined by numeric labels, any number of classes (e. 
different types of gross errors) can moreover be acco 
modated by this configuration_ 

The use of probabilistic or learning vector quanti: 
tion neural nets is not quite as convenient, especia 
as far as the detection of multiple gross errors 
concerned, since classes are not defined by nume 
labels as such, but by binary vectors. This means tl 
the number of output nodes or classes is dependent 
the number of possible combinations of gross errors. 
general EN classes have to be defined, where E is . 
number of error types and N the number of syst 
constraints)_ For example, considering multiple gr 
errors in only two constraint residuals would reql 
four process nodes when the probabilistic or learn 
vector quantization nets are used. The vector [1,0,( 
could indicate the absence of any gross errors, [0,1 ,( 
the presence of a gross error in one of the varial 

Stellenbosch University  https://scholar.sun.ac.za



HXl 

90 

80 

70 

60 

on 

Errors correctly classified (%) 

·8PNN 

li: PNN 

a LVONN 

... 

. 
~ 

A 

• ! 

0 20 

. 
a • . 

a 
A 
a a 

·X 

~ 
.> 
A 

S 

40 60 

l 
~ . 
I 

· ;; X · ·· · l 
a 

x 
.. x .x 

80 100 

Bias in gross errors (%) 

Figure 7. Global detection of gross erro rs in exa mple 2 (Pai and 
Fischer , 1988), based on feature vectors of the type lc,lv;CLASSI 
(standa rd deviation in al1 errors 10';<·), 

associated with the fi rst constraint residual , lO,O,l,OJ a 
gross error associated with one of the variables in the 
second constraint residual , a nd [O ,O ,O,lJ gross errors 
associated with both constra int residual s. This problem, 
which can constitute a significant co mpu ta tional bu rden 
in la rge process systems, can of co urse be circu mna\·i
gated by decomposing the ~ys tem into a ~e r i(!s of small er 
subsystems or even single const ra ints if necessary. :\ 
separa te neural net could then be tra ined fo r each of 
these subsyste ms <the performance of t he deco mposed 
system can be expected to be the same as that of a single 
large multioutput sys tem l. 

In order not to complicate the analysis unnecessari ly, 
only single gross errors are consequently considered. 
(Multiple gross errors can be t reated in the same way, 
by expanding the number of classes appropriate ly to 
accommodate the different possibilities concern ing the 
location of various errors.) 

To evaluate the .neural nets , test and t raining data 
sets were compiled by corrupting a consistent set of 
values x = (4.5124, 5.5819, 1.9260, 1.4560, 4 .8545, 
11.070, 0.61647, 2.0504] with random errors with a 
standard deviation of 10% and gross errors of various 
biases. In contrast to the previous example, these errors 
had a Gaussian (and not a uniform) distribution. 

The ability of the neural nets to classify the errors 
based on feature vectors of the form (c"la;CLASS] is 
depicted in Figure 7_ This figure shows that the three 
neural nets performed essentially the same, although 
results obtained with the probabilistic neural net ap
peared to be less consistent than those obtained with 
the back propagation and learning vector quantization 
neural nets. 

Example 2b: Location of Gross Errors. It is 
usually necessary not only to detect the global presence 
of gross errors in process systems, but also to identify 
the sources of these errors in order to eliminate or 
compensate for them. This poses a more formidable 
problem than the detection of gross errors as such , since 
the classifier cannot directly relate the presence of a 
gross error to the magnitude of a particula r constraint 
residual, but has to interpret a pattern of constraint 
residual values. 

Considering the system represented by eqs 22-27 
once again, there are eight variables (poss ible sources 
of gross errors) and six constraints which serve as an 
indicat ion of the presence of errors in the system. To 
locate these errors, it is necessary to evaluate the 
const raints (as was demonstrated in the first part of this 
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Figure 8. Loca t ion of gross errors in exa mple 2 (Pai and Fischer, 
1988), based on feature ve<:tors of the type [c,la;LOCAT IONI 
(~tand a rd devia t ion in all errors 10'7<-). 

example) a nd then to combine these results in order to 
isolate gross e rrors as far as possible. This can be 
accomplished by training a ne ural net with the normal
ized constraint res iduals as inpu t, but instead of a single 
measu re (o r at leas t one such measure per constraint) 
to indicate the presence or absence of a gross error, the 
net \\' a~ provided with the loca t ions of the variables 
contai ning the gross errors, i.e. , with featu re vectors of 
the form ic/I1; LOCATION I. 

The variable LOCATI ON co uld assume integral val
ues fro m ° to 8, with 0 indicating the absence of gross 
errors, and i an error in va riable Xi , with 1 .::: i .::: 8. When 
the probab ilistic neural net a nd the learning vector 
qua nt ization neural nets were used , the LOCATION 
variable was modified to nine-digit binary vectors; tha t 
is, [1 , 0, 0, ... , OJ indica ted the absence of any gross 
errors , [0,1,0,0, ... , 0] indicated the presence ofa gross 
error in variable XI , [0 , 0, 1, 0, 0, ... , 0] indicated the 
presence of a gross error in variable X2 , etc. 

The results of these experiments are shown in Figure 
8. The back propagation neural net largely failed to 
converge during training and performed generally very 
poorly as far as the location of gross errors was 
concerned. This is in sharp contrast to the learning 
vector quantizer and probabilistic neural nets, which 
performed considerably better the back propagation net. 

Example 3: Location of Gross Errors in a Flota
tion Circuit Subject to Linear Constraints. A 
similar approach was followed with a flotation circuit 
previously described in the literature (Cutting, 1976). 
The circuit consists of 12 process units, viz. 6 flotation 
banks, 5 hydrocyclones and sumps, and 1 mill. Since 
only total flow rates are considered, the effect of the mill 
can be ignored, yielding a system represented by 19 
process variables subject to 11 linear process con
straints: 

Flotation ba nks 

(28) 

(29) 

(30) 
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FI2 - F13 - F14 = 0 

FIS - F IS - F17 = 0 

FIS - FIS - FI9 = 0 

Hydrocyclones and sumps 

F3 + FII - F4 = 0 

Fs - F7 - Fs = 0 

Fs + FI4 - F9 = 0 

F lO + F17 - FI2 = 0 

FI3 + FIS - F IS = 0 

(31) 

(32) 

(33) 

(34) 

(35) 

(36) 

(37) 

(38) 

As in example 1, measurement devices such as magnetic 
flowmeters, density gauges, and pressure gauges used 
to determine the Fj mass flow rates are noto rious fo r 
being defect in mineral processing pla nts, so that gross 
errors are quite common. Consistent measurements of 
these Fj variables were corrupted with un iformly ran
dom (standard deviation of 5%) and gross errors with 
various biases, while sets of trai ning and test exemplars 
were compiled as discussed previously. The back propa
gation net was trained and tested on sets of exemplars 
which consisted of the 11 process constraints as input, 
as well as the number of each va riable as output, that 
is 

with LOCATION = ° in the absence of gross errors, and 
LOCATION = j with a gross error present in variable 
Fj . 

The learning vector quantizer and probabilistic neural 
nets were trained and tested with exemplars of similar 
form, but with binary LOCATION variables , with the 
position of the 1 in the output vector an indication of 
the variable containing a gross error. (As before an 
extra element is added to the binary vector to indicate 
the absence of gross errors; i.e., (1, 0, 0, .. . ,0) indicates 
the absence of gross errors, (0, 1,0,0, .. . , 0] indicates a 
gross error in variable 1, (0, 0, 1,0,0, ... ,0] indicates a 
gross error in variable 2, etc.) 

The results of these tests are shown in F igure 9. As 
can be seen from this figure , the learning vector quan
tizer performed significantly better than the probabi
listic neural net, or the back propagation neural net 
which completely failed to converge, despite numerous 
modifications and trial and error approaches. This 
observation can probably be ascribed to the fact that 
the back propagation net had to contend with a com
plicated error surface not easily navigated by gradient 
descent methods . 

Example 4: Partial Location of Gross Errors in 
a Two-Product Hydrocyclone Classifier. Consider 
a two-product hydrocyclone classifier in which the feed 
stream WI is classified into two product streams, i.e., a 
coarse underflow stream Wz and a fines overflow W3 . The 
mass flow rates of W I, W2, and W3 are determined by 
magnetic flowmeters , and could be based on faulty 
readings. Similarly, nuclear density gauges are used 
to determine the specific gravity and hence the percent
age of solids Xi i in each stream. Modern on-line particle 
size analyzers could be used to determine the mass 

: ____ l.. 
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Figure 9. Location of gTOSS errors in example 3 (Cutting. 1976), 
based on fea ture vectors of the type !c,/a;LOCATION) (standard 
devia tion in all errors 10%). 

stream. In practice it is possible that systematic or 
gross errors could occur in the measurement of Xi i and 
Xi2 owing to defective instruments. All variables are 
measured and have to satisfy the following mass 
conservation constraints 

As before, consistent values of the variables were 
corrupted with random Gaussian errors with a standard 
deviation oflO%, as well as with gross errors which had, 
except for their biases, the same distributions as the 
random errors. Sets of exemplars consisting of the three 
constraint residuals of the system, as well as indicators 
of the approximate location of gross errors (if present) 
were generated, i.e. 

where for the back propagation neural net LOCATION 
assumed a value of ° if no gross errors were present, a 
value of 1 if the grO!:iS error was present in any of 
variables WI, W2, or W3 , a value of 2 if the gross error 
was present among variables XII, X2[, or X31, and a value 
of 3 if the gross error was present among variables X12, 

X n , or X23 . As before, the feature vector was also 
expressed in binary form for use with the probabilistic 
and learning vector quantization neural nets. 

Each training and test set consisted of exemplars 
which contained the four classes of errors as discussed 
above in roughly equal proportions. The ability of the 
neural nets to locate errors in the system is depicted in 
Figure 10. As shown in Figure 10, the learning vector 
quantization net performed better than both the proba
bilistic and back propagation neural nets. 

Discussion and Conclusions 

The advantage of using neural nets to classify errorS 
in measurement data subject to constraints is based on 
the fact that unlike maximum likelihood techniques and 
other statistical methods , for example, no assumptions 
with regard to the underlying error d istributions are 
made. Neural nets are known to work well when the 
inputs are generated by nonlinear processes (Lippmann, 
1 00-; \ ~~-1 ~~o th l1'< irl~:1llv !';uited for the classification 
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Figure 10. Location of gross errors in eX:lmple 4, based on feature 
vectors of the type [c"l<1;LOCATIONI (sLandard deviation in all 
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of errors with unknown or strongly non-Gaussian 
distributions. 

As was shown in examples 1 and 2 and also previously 
by Aldrich and Van Deventer (1993, 1994a), the global 
detection of gross errors based on the constraint residu 
als of the system can be accommodated successfully by 
any of the three neural net classifiers considered in this 
investigation. Similar studies by the authors indicate 
that other neural net systems such as radial basis and 
general regression neural nets work just as well, and 
as far as the ability to detect gross errors is concerned, 
the choice of a particular classifier is largely arbitrary. 

In contrast, the location of gross errors in a process 
system constitutes a more complicated problem. In this 
case neural nets have to interpret complex patterns of 
constraint residuals which are not only dependent on 
the location of gross errors in the system, but also on 
the actual values of the process variables at the time of 
sampling, especially in nonlinear systems. 

As can consequently be expected (and as was dem
onstrated in examples 2-4), not all neural net systems 
are equally appropriate for the identification of sources 
of gross errors in process systems, at least not when 
based on the constraint residual patterns generated by 
the system. In this investigation learning vector quan
tization neural nets have performed marginally better 
thl!n probabilistic neural nets and significantly better 
than standard back propagation neural nets as far as 
the location of gross errors was concerned. To sum
marize, 

1. The global detection of gross errors in process 
systems subject to constraints of an arbitrary nature 
can be accommodated equally well by back propagation, 
probabilistic, and learning vector quantization neural 
nets. 

2. Owing to the simpler form of the feature vectors 
required, back propagation neural nets are especially 
convenient to use for the global detection of errors. 

3. In contrast, standard back propagation neural nets 
do not appear to be efficient as far as the location of 
errors in complex circuits is concerned, and in this 
regard much better use can be made of especially 
learning vector quantization neural nets. 

Nomenclature 

A = matrix of process constraint coefficients 
A = set of r priori probabilities ai 

ai = ith a priori probability of a feature vector belonging 
to a certain class 
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B· = error passed back through a back propagation neural 
J net in order to optimize the weight matrix of the net 

b = constant 
b = vector of error bias 
cp = pth constraint residual in a process system 
Cj = ith class to which an exemplar can be assigned 
c = constant 
c = vector of process constraint residuals 
cov(-) = covariance 
doj = desired output value of process unitj 
d i = Euclidean distance between a training exemplar and 

the weight vector of a learning vector quantizer neural 
net 

E = number of error categories 
E(-) = expected value 
e = measurement error vector of process variables x 
Fj = flow rate 
F(x) = set of probability density functions 
F j( x) = ith probability density function 
g(-) = transfer function of neural net process element 
p.(x) = hh Parzen estimator 
Q = covariance matrix of process variable measurements 

x 
N = number of system constraints 
S. = nu mber of training exemplars in catego ry k 
I = time 
u,U) = pOlential of process unit i in ncu rill net at time t 
V = cov;1riance mal ri x of constraint res idual,; 
I'

J
IN = compnnentj of \'cctor VklN 

lI/ lUT = componentj of veclor V(.Oln· 
V. = kth training vector 
V.IN = component or subvcclor of training vector containing 

input values 
VkOUT = component or subvcctor of training vector contain

ing desired output v:llues 
Wi = flow rate of process stream i 
W ij = connection strength or weight between process units 

i and j in neural net 
t:.wij = change in connection strength or weight between 

process units i andj in neural net 
x' = measured values of process variables 
x = true values of process variables 
xij = mass fraction of componentj in flow stream i 
z,{t) = state of process unit i in neural net at time t 
Zoj = actual output of process unit j 

Greek Leiters . 

fil, fi2 = constants 
0= step size 
€ = error criterion for adjustment of weight matrix of 

neural net 
0i = bias of process unit i in neural 'net 
Ii = smoothing parameter 
JC = arbitrary constant 
(J = standard deviation of process constraint cp 
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Chapter 13 

Estimation of rneasurelnent error variances 
and process data recol1.ciliation 

C. Aldrich and J. S. J. van Devcnter 

Departmcnt of Chcmical Enginccring, Ulli I'crsity ofStcllcIl bu.,,.c},, Prj vate Rtg X50 18, 
SLClJCIlbosch 7599, South Africa, Fax 27 (21) 8082059, E-mail: c;d@IlJClLics.sull.ac.z(l 

1. Introduction 

The monitoring of plant performance and the verification of system models 
are crucially dependent on reliable sets of steady state component and total flow 
rate data. In general the measured data violate the process constraints of the 
system, owing to random fluctuations in the observed values, or even systematic 
errors in these values due to erroneous measurements or large discrepancies between 
the actual behaviour of the system and the behaviour predicted by the system 
model. The observations or measurements consequently have to be reconciled with 
the process constraints, usually through the minimization of a quadratic criterion. 
This criterion is typically a function of the differences between the measured and 
the adjusted values, weighted by the inverse of the measurement error covariance 
matrix [1]. General reconciliation methods are usually based on the assumption 
that measurement errors are randomly Gaussian with a known covariance matrix, 
and distributed around a zero mean. In many practical situations, this matrix is 
unknown and has to be estimated [2,3]. 

Moreover, it is essential that gross errors are detected and accounted for 
prior to, or during reconciliation of the data, since failure to do so could result in 
a severely distorted picture of the process [4). Since repeated measurement of a 
variable is not an effective means for the detection of a systematic error, virtually 
all gross error detection schemes involve statistical tests based on the characteristics 
of the constraint residuals of the mea.c:;urement errors. Unhrtunately these tests are 
generally only useful as far as systems subject to linear constraints are concerned 
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[5,6]. In the chemical and mineral processing industries this is a major drawback, 
since most process systems in these industries are non-linear. 

Once the variances of the process variables have been estimated, and gross 
errors have been eliminated, the variable measurements can be reconciled with the 
system constraints. The usual approach to the reconciliation of measured variables 
is aimed at the minimization of the weighted sum of the squares of the measurement 
residuals, subject to conservation and other constraints of the process [1], i.e . 

. (' ")TV- 1(' ") mm x - x x - x (1) 

subject to 
d(X") = 0 (2) 

where V-I is a res idual weighting matrix, usually the inverse of the vari ance
covariance matrix of the measurements x', while x" is the vector of reconcil ed m ea
surements . The set of multivariate functions d(x") represents the const raints of 
the system. Where an estimate of this variance-cova.riance matrix is not available, 
a numerical weighting system can also be used by defining V-I as the inverse of 
the elements of the measurements of the variables {x} . More formally, the problem 
can be considered as follows , for a. process described by a system of linear equat ions 

C .x = 0 (3) 

where C is a (n X p) coefficient matrix with n < p, representing the system 
constraints, and x is the true value of the state vector. The observed or measured 
value x', of this vector 

x ' = x +e (4) 

is typically subject to an error e, so that the constraint resid uals rare 
related to the measurement vector x' (LS follows 

r = C .x' = C .(x + e) (5) 

where 
C.(x + e) = C .x + C.e = C.e (6) 

If e is considered to be a Gaussian variable with a zero mean and a covari
ance matrix Vie, then 

Measured variables 
8(e) = 0 (7) 

and 
T var(e) = E(ee ) = V ie (8) 

COIlstraint residuals 
E(r) = S(C .c) (9) 
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and 

var(r) = E[(C.e)(c.ef] = Vir 

Since the system is linear 

E(r) 

E(r) 

var(r) 

C.E(e) = 0 ... (random errors only) 

b i=- 0 (gross errors or biases present) 

C.E(eeT).CT = CVleCT = Vir 

337 

(10) 

(11 ) 

( 12) 

(13 ) 

If the system is non-linear, such as would arise from conservation equations 
involving the products of stream flows (F) and component fractions (f) , as well 
as other non-linear rel ationships which may ensue from different process circuit 
configurations, the relationship exp ressed by th e above eq uat ions is no longer valid 
and cann ot be used in tr ,lciit ion a l a.nalytica.1 proceclmcs t.o obtain es timates of t.h e 
stat is tical properties of th e m ea.s ured variables_ 

This ill-defined relatio nship between the constraint and measurement resid
ual s thus res tricts the use of analytical methods to lill ciu systems, si nce in non
linear systems the distributiolls of the constra.int residuals a re gcnerally unknown _ 
This complication can be avoided by making use of artificial neural networks to 
represent the relationship between the properties of the constraint residuals and 
those of the measurement residuals . This relationship can then be used as a basis 
for the estimation of measurement error variances or gross error detection schemes_ 

The use of neural networks for variance estimation, gross error detection 
and the reconciliation of process data is considered below, by way of examples. 

2. Estimation of Variances and Covariances in Quasi-Steady 
State SystelTIS 

In order to demonstrate the use of a neural network to estimate measure
ment error variances, a quasi-steady state system is considered. The system consid
ered is subject to periodic fluctuations in which the expected values of the process 
variables are continuously changing, without a significant change in the variances 
of these variables. Under these circumstances direct estimates of variances can 
be highly inaccurate, and indirect methods which are based on the variances of 
the constraint residuals are thus more appropriate [7,8] . Note that the expected 
values of the constraint residuals remain zero, regardless of the expected values of 
the process variables. By presenting an artificial neural network with exemplars 
of the relationship between the covariances of the constraint residuals and that 
of the measurement errors, the network forms an internal representation of this 
relati')nship which can be used to provide an estimate of the covariance matrix 
of the measurement errors_ These exemplars would necessarily contain additional 
implici t assumptions concerning the nature of the variances of the measurement 
residuals, in ord er to uniqu ely deflne t.he rel a tion ship between th e co nstraint and 
fll (! rLSU rement vari a nccs. 
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Table 1. Expected values of process variables. 

TIME FI F2 F3 h,1 h ,2 12,1 12,2 h,I h ,2 
to 1.000 0.350 0.650 0 .260 0.740 0.297 0.703 0.240 0.760 
t1 1.100 0.370 0.730 0.280 0.720 0.398 0.602 0.220 0.780 
t2 1.050 0.380 0.670 0.290 0.710 0.431 0.569 0.210 0.790 
t3 1.150 0.360 0.790 0.250 0.750 0.360 0.640 0.200 0.800 
t4 1.170 0.390 0.780 0.240 0.760 0.300 0.700 0.210 0.790 
ts 1.220 0.410 0.810 0.270 0.730 0.448 0.552 0.180 0.820 
t 6 1.180 0.400 0.780 0.290 0.710 0 .524 0.476 0.170 0.830 
t7 1.210 0.420 0.790 0.310 0.690 0 .555 0.445 0.180 0.820 
t8 1. 270 0.405 0.865 0.340 0.660 0 .746 0.254 0.150 0.850 
t9 1.280 0.410 0.810 0.350 0.650 0 .770 0.230 0.130 0.870 
t 10 1.300 0.430 0.870 0.360 0.640 0.805 0.195 0.140 0.860 

The general structure of the network is determined by the number of pro
cess variables and constraints of the system. If the system is generally described 
by N system variables and M process constraints, the corresponding network has 
an input layer consisting of M2 process nodes (with each node corresponding to 
an element in the variance-covariance matrix of the constraint residuals), and an 
output layer consisting of N 2 process nodes (with each node corresponding to an 
element in the variance-covariance matrix of the measurement residuals). As men
tioned, this general structure of the neural network can be modified to account for 
the incorporat.ion of additional information in the system. If the covariances of the 
state variables a.re deemed to be negligible for example, the circuit structure can be 
reduced to accommodate the diagonal of the covariance matrix of the measurement 
errors only. Besides alteration of the structure of the network to reflect additional 
knowledge of the process, such knowledge can also be accommodated in the set of 
exemplars used to train the network . The use of neural networks such as these is 
demonstrated in the following example. 

2.1. Example 1: Two-product separator subject to non-linear process 
constraints 

In this example a high tension roll separator is considered. The separator 
classifies a feed stream F1 , consisting of two components with mass fractions f l, 1 

and fl,2, into two product streams F2 with component mass fractions 12,1 and 12,2 , 
as well as F3 , with compo nent. mass fractions 13,1 and 13,2. The flow streams and 
mass fractions are measured and typically violate the conservation equations of the 
system, viz . 

o ( 14 ) 
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TIME FI 
1 

to 0.988 -
t1 0.944 
t2 1.162 
t3 1.272 

t4 1.146 
ts 1.184 
tG 1.021 
t7 1.4 38 
tB 1.509 
t. !) 1.328 

t. 10 1.459 

Table 2. Measurements of process variables 

FI 
2 

0.361 
0.346 
0.374 
0.382 
0.466 
0.365 
0.459 
0.389 
0.359 
0.368 
0.419 

FI 
3 I~ 1 f~ 2 

0.548 0.232 0.599 
0.690 0.235 0.745 
0 .775 0.238 0.581 
0.852 0.257 0.631 
0.917 0.282 0.745 
0.796 0 .233 0.808 
0 .889 0 .236 0.792 
0.730 0.316 0.6S1 
1.032 0.354 0 .621 
l. 006 0.346 0.552 
0.721 0.296 0.72'1 

FIII,1 - F2h,1 - F3h,1 

F\ 11 ,2 - F2h,2 - F3h .2 

f~ 1 

0.249 
0 .352 
0.473 
0.316 
0.302 
0.466 
0 .506 
0 .563 
0 .753 
0.861 
0.67:3 

o 
o 

I~ 2 
0.747 
0.672 
0.455 
0 .732 
0.659 
0.509 
0.552 
0.518 
0.212 
0.201 
0.18 1 

f~ 1 

0.217 
0.195 
0.191 
0.168 
0.188 
0.215 
0.149 
0.192 
0.145 
0.155 
0. 167 
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f~ 2 
0.734 
0.816 
0.783 
0.855 
0.768 
0.786 
0.695 
0.776 
0.790 
0.816 
0.778 

(15) 

( 16) 

All the variables in this system are considered to be in a quasi-steady state, 
so that a direct estimate of the covariance matrix of the state variables at some 
time to yields inaccurate results . Typical samples of the expected and measured 
values of the system variables are shown in Tables 1 and 2. Owing to the non
linearity of the process constraints (equations 14 - 16), the relationship between 
the constraint residuals r and the measurement errors eF and e J is ill-defined (the 
true values of Fi and !i.j are unknown). 

To obtain an estimate of the covariance matrix VlF.J of the process vari
ables Fi and fi.j (i = 1,2,3; j = 1,2), an arbitrary set of values of the variables 
is corrupted by errors with known covariances (and zero means) and a neural net
work is subsequently trained by means of these artificially generated exemplars to 
construct an internal representation of the relation between the covariances of the 
resultant constraint residuals and those of the variable residuals. Since this rela
tionship is not uniquely defined, additional assumptions are therefore necessary in 
order to constrain the problem . For the purposes of this example , the variances 
are all assumed to be approximately equal. 

The particular set of valu es used as a basis for the generation of synthetic 
training data is not critical, as long as it is sufficiently large to ensure that the 
covariances of the constraint residuals (on which the estimation of the covariances 
of the variable measurements will be based) would be a subset of the training set. 
Failure to do so could result. in grossly inaccurate estimates of the covariances of 
the vari a ble measurements. In addition to the relationship between the statisti
cal properties of varia.bl e measurements and t hose of the constraint residuals , all 
m easu rements are considered to be totally independent, so that all off-diagonal 
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0.0075 0.0100 0.0125 0.0150 0.0175 0.0200 

ACTUAL VARIANCE 

Figure 1. Relationship between variances of m easurement and constraint 
residuals, as represented by neural network . 

elements of the covariance matrix are deemed to be zero. This information is in
corporated directly into the structure of the neural net, which could subsequently 
be trained to construct an internal representation of the relationship between the 
variances of the constraint and measurement residuals. 

The neural network trained to estimate the covariance matrix of the state 
variables consisted of an input and an output layer only. The input layer was 
composed of three computational elements, corresponding to the variances of each 
of the three constraint residuals, while the output layer consisted of nine process 
nodes \vhich corresponded to the variances of each of the nine system variables. 
The network was trained by repeatedly presenting it with exemplars of the relation 
between the variances of the constraint and measurement residuals . Training of 
the sigmoidal output units was accomplished by the generalized delta rule [9 ,10]' 
through which the weights of the network could be modified until it was able to 
form an internal representation of the relationship between the covariance matrix 
of the flow variables VIPJ and the covariance matrix of the constraint residuals 
Vir, as shown in Figure L After convergence, the trained network was used to 
estimate the covariance matrix V IPJ of the system variables, by presenting it with 
the computed sample variances of the constraint residuals. The estimates obtained 
by the neural network are compared with the actual values in Table 3. 

To further illustrate the way in which neural networks can be used in con
junction with heuristic data to estimate variances of sets of measurements, the 
assllmption that the covariances of the variables are zero is modified by assuming a 
cor relation between the measurements of the component mass fractions f~ , 1, f~ ,2' 

f~,I' f~,'2' f~, 1 and Fl, 2, i.e. non-zero cova.riances cov(J1,l 1 f1,2), cov(h,1 112,2) and 
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Table 3. Estimated and actual variances of process variables. 

Actual variances 
FI F2 F3 fI.1 11.2 12.1 12.2 h.l 13.2 

0.0134 0.0016 0.0057 0.0009 0.0073 0.0012 0.0066 0.0008 0.0077 
Estimates based on direct method (equation 2.1) 

FI F2 F3 11.1 11,2 12.1 12.2 h.1 13.2 
0.0123 0.0032 0.0178 0.0039 0.0065 0.0422 0.0412 0.0011 0.0118 
Estimates made by neural net 

Fl F2 F3 fI .l 11.2 12.1 12.2 h.l 13.2 
0.0120 0.0015 0.0051 0.0008 0.0069 0.001] 0.0061 0.0007 0.0071 

COV(h.l I 13.2)' Owing to the quasi-steady state of the system, direct computa
tion of the sample covariances of the system from measurements is inaccurate once 
again and as a consequence the covariances have to be estimated by an indirect 
procedure. A neural network similar to the one used previously in conj unction 
with the assumption of zero covariances can again be used . In this case the net's 
structure would have to be modified to accommodate the three covariances of the 
mass fraction variables. The network is consequently composed of an input layer 
with three process nodes (one for each variance and covariance of the constraint 
residuals), as well as twelve output nodes (one for the variance of each of the nine 
variables, as well as the three covariance elements). 

After training, the network is presented with the sample variances of the 
residuals, from which the nine variances and three covariances are estimated. The 
estimated and the actual covariances of the process variables are shown in Table 4. 
(Since estimates of the variances are very similar to those shown earlier on, only 
the estimates of COV(fI.l I fI,2), cov(h.l I 12.2) and COV(h.l I h.2) are shown in 
Table 4.) It is clear that the estimates made by the neural net are more accurate 
than the estimates based on direct computation of the sample covariances . 

3. Detection and Isolation of Systematic Errors in Steady 
State Systems 

By presenting a neural network with examples of process measurement 
and constraint residuals as input, and appropriate classes indicating the presence 
of different types of errors as output, the network can be trained to generalize the 
relatio nship between res iduals and the types of errors giving rise to these residuals 
[11-16] . When presented with test vectors consisting of const raint and/or mea
surement residuals , it is then ab le to assign the input to the error categori es it had 
been trained to recog nize (analogoll s to the stat istica l hypothesi s tests tradi tionally 
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Table 4. Estimated and actual covariances of process variables . 

Actual covariances 

COV(Jl,l I fl,2) cov(h,l 112,2) 
0.00090 0.00118 

cov(h,l I 13,2) 
0.00077 

, Estimates based on direct method (equation 2.2) 
COV(Jl,l I fl,2) cov(h,l 112,2) cov(h,1 I 13,2) 

0.00202 0.03633 0.00124 
Estimates made by neural net 

COV(h,1 I fl,2) cov(h,l 112,2) 
0.00117 0.00138 

cov(h,J I 13,2) 
0.00096 

used to categorize errors). Since neural networks are not limited by the nature or 
distri bu bons of the process constraints (unlike many statistical methods), they can 
be used to considerable ad vantage in different error detection schemes. Two such 
strategies are outlined in this chapter. 

The first strategy is the simplest and can be used to detect gross errors in 
sets of variables associated with nodes in the process circuit, similar to the global 
test in statistics [17]. Note that this strategy as such does not · allow the loca
tion of errors beyond the sets of variables associated with nodes in the process 
circuits. Despite this drawback the strategy is useful in that no information re
garding the true values of the process variables is required . The method is based 
on the effect that. measurement residuals have on the process constraints of the 
system . The measurement and constraint residuals are directly proportional, i.e. 
zero-valued measurement residual vectors (associated with the true or reconciled 
values of the process variables) generate zero-valued constraint residual vectors, 
while a monotonous increase in the measurement residu als abo resul ts in a corre
sponding monotonous increase in the constraint resid uals . Systematic errors (which 
are usually significantly larger than random errors) generally resul t in constraint 
residuals that are larger than normal, and which can be distinguished from smaller 
constraint residuals which are usually associated with smaller random errors . 

In traditional statistical test methods (assuming that the distribution func
tions of the variable measurements are known) the detection of gross errors is lim
i ted to linear or linearized process constraints which have essentially the same types 
of distribution functions as the process variables . When the constraints are non
linear their distributions are generally unknown and the constraint residuals can 
consequently not be subjected to statistical hypothesis testing. By making use of 
neural networks, this restriction is obviated, since the network .call learn arbitrary 
distributions of the constraint residuals a priori , as is explained below . 

The general detect ion strategy involves training a neural network with ex
amp les of const rai nt residuals generated by rn easu·rern cnt. resid uals of a known 
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class. No mathematical models or explicit parameter specifications are involved in 
the process - the data used to train the network are the standard from which the 
network learns the distinction between residuals considered to be normal and those 
considered to be indicative of a bias in the process data. Plant data can be used 
for training the net, but artificial data are also convenient, since they are easy to 
generate and there is no uncertainty as far as the classes to which the residuals be
long are concerned. During the training process, the network constructs an internal 
model of the relationship between the constraint residuals and the classes associ
ated with the germane measurement residuals. This model can subsequently be 
used to detect gross errors in measurements not encountered previously, as shown 
in the following examples. 

3.1. EX<.lInple 2: MeasurCIncnt data froin a two-product: clas sifier COll

taining gross e rro r s o f varions Ill<.l.g ni tudes 

Consider a two-product classifier, such as a hydrocyciollc, in which the feed 
st ream \11] with component mass fr actions XII and X12 is classified into two product 
streams, \112 with component mass fracti ons X21 and X22, alld W3 with component 
mass fractions X 3 1 and X32· All flow variables Wi and Xij a re measured and t.he 
following mass balance constraints have to be satisfied: 

i¥l - V\l2 - VV3 

WI Xll - W2 X 21 - W3 X 31 

WI X 12 - W2 X 22 - W3 X 32 

o 
o 
o 

( 17) 

(18 ) 

( 19) 

The above system consisting of nine state variables and three bilinear pro
cess constraints is typical of measurement data reconciliation problems in chemical 
or metallurgical process engineering, in which total flow streams and component 
flows have to be reconciled. In order to demonstrate t.he detection and isolation 
of gross errors in the system, an arbitrary but consistent set of values (in effect 
assumed to be the true values of the variables) is corrupted by both random and 
gross errors. The corruption of the vectors is allowed to occur on a random basis, 
so that measurement vectors can contain more than one gross error. All errors 
have Gaussian distributions with standard deviations of 12%, and differ only with 
regard to their expected values. 

3.1 .1. General structure or the neural networK 

The network used to detect or isolate systematic errors consists of an input 
layer and an output. layer, sparsely connected in a feedforward mode (i.e. only 
correspondi ng process units in the input and output layers are connected). State 
changes in the process units are effected through a hyperbolic tangent transfer 
function, which maps input to the [-1; 1] domain. Sigmoidal transfer functions, 
whi ch a re commonly used in feedforward networks , were also investigated, but 
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did not perform as well as networks operating with hyperbolic tangent activation 
functions. The net was trained by means of the generalized del ta rule [9], so that 
weight changes were proportional to the error (ed and the input to the particular 
connection (zt). A momentum term (mij) equal to the change in the weight of 
the process element was used to facilitate the smoothing of weight changes, which 
resulted in better convergence of the network . 

3.1.2. Training data 

The sets of training exemplars generally consisted of n training vectors V k, 

each of which could be partitioned into a subvector V£N containing all the inputs 
to the net, and a subvector V?UT which contained the desired outputs associated 
with the corresponding inputs, i.e. 

(20) 

The inputs to the network were based on either the constraint residuals 
(Tp), the measurement residuals (Wi' - Wi or xij - xij) , or the measurements of 
the variables (Wi or <j). Each of these approaches is considered in turn. 

3.1.3. STRATEGY I: Detection of the presence of gross errors in variables based 
on the constraint residuals of the system. 

In the first approach the inputs to the network consist of the magnitudes of 
the normalized constraint residuals generated by the errors in the observed values 
of the variables, that is 

IN 11"p I 
vp = --;p= 1,2, ... n+ 1 

O"p 

(where n is the number of components in the circuit) 

v<;JUT = 0 
1 , 

if vI N is associated wi th a random error (i = 1, 2, . . . n + 1) 

<;JUT - 1 vt -, 

if v{ N is associated with a biased error (i = 1,2, ... n + 1) 

(21 ) 

(22) 

(23) 

A training (100 vectors) and a test set (50 vectors) were constructed from 
co nstraint residuals generated by corrupting a single SE' t of arbitrary consistent mea

su rements {Wl, W2 , W3 ,Xll,X12,X21,X22,X31 ,X32} with the previously mentioned 
random and gross errors. 

After convergence the performance of the netwo rk was evaluated against 
a test set consist ing of 50 test vectors, with a composition similar to that of the 
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exemplars in the exemplars in the training set. These vectors consisted of a set of 
input values, as well as a set of actual output values which could be compared with 
the output values generated by the network. 

On average the network managed to correctly classify 94% of the large 
errors with a 50% bias in the data. Although virtually no overlap occurred between 
the gross error and random error distributions, it should be borne in mind that 
based on an analysis of the constraint residuals of the system, gross errors in 
relatively small variables might still be indistinguishable owing to random noise in 
relatively large variables. As could be expected, the net had somewhat less success 
(91 %) in discriminating between the smaller errors with a 20% bias which were less 
discernible from the random errors in the data. (It is not difficult to generalize this 
trend, with res ults simil a r to th ose of other error detection tests; i.e. the smaller 
th e bi ;Ls of th e gross error, t hc! s ll1 a.ll e r th e cha ll ce of the error being detec t.ed.) 

In orde r to eva lu at.e t.Il C robu st ll ess of th e I\ el , th e tru e val~ es of the vari 
abl es were changed cornp\ctely <-I. ncl co rrtlpt<:d ;tt ra ndo m with the same errors used 
previously (standard deviat ions of 5% <l.lld bi<l.ses of 20% and 50%) . The previously 
trained' network was su bsequent.ly lI sed to detect the presence of gross errors in th e 
new systel11 without retraining. The abilit.y of t.h e network to detect gross errors 
was found to be essentially the same as in t.he previous case (within 5%). Stated 
differently, as long as the magnitudes of the constraint residuals are larger than 
a certain threshold value, the network will interpret this as an indication of the 
presence of a gross error, regardless of the actual or observed values of the variables 
used to generate the constraint residuals. 

Note that by using a method such as this gross errors cannot be isolated, 
although these errors can be confined to subsets of three variables at a time. That 
is if a gross error is present in any of the flow streams Wi, all three constraint 
residuals T1, T2 and 7'3 will test positive for the presence of a gross error. If the 
gross error occurs in any of the variables XlI, X21 or X3l, only T2 will test positive for 
a gross error, while only T3 will test positive if X21, X22 or X32 contains a gross error. 
In order to locate gross errors more precisely, procedures using the measurements 
or measurement residuals themselves are necessary. 

3.1.4. STRATEGY II: Detection of the presence of gross errors in variables based 
on the measurement residuals of the system. 

In this approach the same procedure is follO\\'ed as in the previous approach, 
except that the inputs to the network consist of the normalized magnitudes of the 
measurement residuals of the variables, instead of the constraint residuals . 

IN v · I 

I N 
0:!i+ j+! 

I VV!' - tV; t; u = 1, 2, 3) (24) 
(]" \'\ ' , 

I ; (i = J, 2, 3;J= 1, 2) (25 ) 
() To 1.1 
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(26) 

if v£N is associated with a random error (k = 1,2, ... 9) 

V
OUT - 1 k - , (27) 

if vk N is associated with a biased error (k = 1, 2, . .. 9) 

Note that these residuals are regarded as the differences between the true 
and observed values of the variables. In practice the true values of the variables are 
not known and have to be estimated by an appropriate reconciliation procedure. 

A. network with the same general structure as the network used with the 
constraint residuals of the system was defined, i.e. a single input and output layer 
consisting of hyperbolic tangent process units. The network was trained with a se t 
of 200 exemplars and after convergence the network was evaluated against a set of 
test data as before. The network was able to classify a ll the gross errors with a 
50% bias (equivalent to ten standard deviations) correctly, but cou ld only classify 
approximately 84% of the errors with a 20% bias (equivalent to four standard 
deviations) correctly. 

Tests on data not contained in the Ilct's training data base, showed that 
the network could detect virtually all errors with a 100% bi as (i .e. approximately 
eight standard deviations), regardless of the specific values of the variables with 
which these errors were associated, as shown in Figure 2. 

Errors correctly classified (%) 
100r----------------------------------------. 

90 . . . . . . : . .. . .. . : . .. . . .. : .. . . ... ~ . .. . . . . : . . . . . . . , . . .. . . . : . . . . . . . 

. : , ~ 
80 . .. .. .. ~ . . . . ... ~ ... .... ~ . .. . . .. ~ .. . ... ~ .. .... . ~ . .. ... . : . . .. . . . ! ... ... . 

.. .. .. · . . . . . . . 
70 ... . . . . : . . . . .. • ..... . : . . .. ... : . ... .. . : . .. . . . . : .... . . . : . . . ... . : . . .. .. . 

• . .. . . . . 60 . ...... - . ..... . ; . . . .. . . : . .... . . : .... . . . ~ . . .. . .. ; . . . .... : . ... . . . ; .. . . . . · . . 
. . . . . . . . . so .... ... ~ .... . .. ; . ... ... : ... . ... ; . .. ... . ~ .. . .... : .. ... .. : ..... .. : ... . .. . 

. . • 'O . •• 
· . . 

40 . . . ... . ~ .. .. . .. : .. . . . . . : . . .. .. . : . ... ... :__ .. . ';" . . . . . . . . . . . . . ... . . .. . . · . . . . · . 

30~--------------------------------------~ 
o 10 20 30 40 so 60 70 80 90 

Bias in gross errors (%) 

Figure 2. Gross error detection in a 2-procluct classifier. 

Recent work has indicated that the actual (positive or negative) values of 
th e res id ual s can al so be ll sed ill more sophist ic;tt.ed e rror classifi cati on schemes, 
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but more complicated neural network structures (typically characterized by a single 
hidden layer) would then be required. 

3.2. Exalnple 3: Detection of gross errors in a non-linear system 

This example has been used previously by Pai and Fisher [18], as well as 
Tjoa and Biegler [6], and comprises five measured variables x~ (i = 1,2, ... 5) and 
three unmeasured variables x~ (i = 6,7,8), subject to six non-linear constraints . 

1 2 2 2 2(xd - 0.7X2 + X3 X 6 + (X2) X6 X 7 + 2X3(XS) - 255.8 0 

Xl - 2X2 + 3XIXJ - 2X2X6 - X:2X,XS + 111.2 0 , 
X:3 X 6 - X I + :31::2 + 1: I x 7 - X:3 ( :J; s )2 - :3:L 5 7 0 

X1 - Xl - (xJ)2 + X7 + 3xg 0 

X5 - 2x3x7xg 

2XI + X:2X3X6 + XI - X s - 126.6 

o 
o (28) 

The exact values of these variables are x = {tl .5124, 5.5819,1.9260,1.4560 , 
4.8545, 11.070, 0.61647, 2.0504} T [6]. Tjoa and Biegler [6] considered the recon
ciliation of these variables with a hybrid successive quadratic programming (SQP) 
method which was used to minimize an objective function based on ajoint probabil
ity distribution of both random and gross errors . The performance of the algorithm 
is considered in more depth later on in this chapter, when data reconciliation with 
neural networks is investigated . 

In order to compare the error detection capability of a neural network with 
the method proposed by these authors, 100 data sets were corrupted with 10% 
Gaussian noise to simulate random errors . In case 1 the 100-vector set is further 
corrupted with gross errors with a bias equal to four times the standard deviation 
(o-d of the random errors . The gross errors were distributed equally among the five 
measured variables (x~) and in all 20% of the measurement vectors were corrupted 
(one gross error per measurement vector only). In case 2 every fifth variable set 
was completely corrupted with gross errors (i.e. five gross errors per variable set) 
and in case 3 a gross error was placed in each data set for measurements x~ to x~ 
in rotation . Since the success of the method is to a large extent ascribable to the 
ability of the reconciliation algorithm to generate unbiased estimates of the true 
values of the process variables, an exact comparison of the method with a neural 
network is not possible unless the same reconciliation procedure is used in both 
cases. Nonetheless if the adjustments or residuals arising from the reconciliation of 
the measurements by the SQP method are considered to be unbiased as concluded 
bj' Tjoa and Biegler [6], a reasonable compa.rison can be made by evaluating the 
response of the neural network to artificially generated unbiased residuals. 

The neural network consisted of a.n input layer with five process elements 
(co rrespo ndin g to the nve measured v;.dlI es Xl only: ;\s it was not necessary to take 
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the unmeasured variables into account) and an output layer with five sigmoidal 
process elements (one again for each variable xD. 

Training proceeded with the use of the normalized cumulat:ve delta rule 
and after convergence of the network after approximately 20 000 iterations, the 
net was used to detect errors in test data sets 1, 2 and 3. The method proposed 
by Tjoa and Biegler [6] detected approximately 73% of the gross errors in case 
1, 60% of the gross errors in case 2 and 69% of the gross errors in case 3. The 
neural network detected approximately 72%-74% of the gross errors in all cases. 
These results should only be regarded as an indication of the capability of a neural 
network however, since especially in cases 2 and 3 the method used by Tjoa and 
Biegler [6] might have had to contend with some bias in the measurement residuals 
prior to evaluation, not taken into account when testing the network. 

4. Reconciliation of Inconsistent Process Data 

4.1. General material and energy balance pro bleln 

Process circuits are often described in terms of a network consisting of Tn 

branches and n nodes, usually so that the nodes correspond with process units in 
the circuit, and branches correspond with connections or flow streams between the 
units [19-23]. The topology of the circuit can then be described with the use of a 
Boolean incidence matrix A(rn., n), resulting in a set of material balance equations 
of the form 

d(x) = A.x = 0 (29) 

where x is the vector representing the material variable measurements of 
the systern. It should be noted that although these parameters cOllld represent. allY 
desirable physical entity, such'as particle size fractions, chemical species or specific 
gravity, the choice of the particular parameter is related to the structure of the 
incidence matrix A(m, n). A mill for example, would have a profound effect on 
a flow parameter representing a particle size fraction, but would merely serve as 
a conduit for a parameter representing a chemical species. Although the general 
data reconciliation problem is also concerned with variable classification and the 
determination of unmeasured variables, only measured variables subject to small 
randorn errors are considered here, in order not to unduly complicate the evaluation 
of the parallel systems investigated. 

The solution of the problem in effect ensures tha.t the flow pa.rameters are 
adjusted as little as possible, that all the conservation constraints are satisfied, and 
that the llIorc reliablc variable rne".s~rcrnents are adjusted less than the less reliable 
variable measurements. 

Ivlost conventional optimization procedures involve the identifica.tion of the 
ovcrdeLcrlnillcc\ lllc,Lsurerncllt errors, followed by rectificatioll of these errors, alld 
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then the determination of determinable unmeasured fiow parameters. These proce
dures are used in conjunction with schemes for the identification and elimination of 
systematic errors, and the readjustment of flow variables where necessary [21,24]. 

These techniques usually involve iterative procedures and are computation
ally demanding, especially as far as large complex plants are concerned, or where 
on-line material balancing is required. These disadvantages associated with the use 
of traditional methods make the use of connectionist systems or neural networks 
an attractive alternative for the optimization of mass balance problems. 

The use of neural networks for the reconciliation of process data have only 
recently been studied. Terry and Himmelblau [25] have demonstrated the use of 
feed forward neural networks to reconcile inconsistent process data derived from 
the simulation of a steady-state heat exchanger. In the remainder of this chapter 
the usc of feedback neural network systems for the reconcili;'llioll of process data. 
is considered. The architectures of these systems are first cOllsidered; after ",hid, 
their performance is evaluated by way of two case studies. 

4.2. Types of connectionist systems 

Recurrent or feedback networks, especially those known as crossbar or Bop
field networks, have been used for a wide range of optimization problems, rang
ing from the solution of non-polynomial (NP) complete combinatorial problems, 
such as the travelling salesperson problem [26], combinatorial optimization prob
lems subject to inequality constraints (27), assignment problems [28], systems of 
complex-valued linear equations [29], the four colour mapping problem [30], the 
identification and recognition of visual images [31,32], as well as the solution of lin
ear [26,33,34]' non-linear [35,36] and dynamic programming [37] problems. These 
networks differ from feedforward systems in that information is not only passed 
forward through th~ layers of the net: but backwards or laterally as well. The 
performance of thb~~e different connectionist systems explained below and referred 
to as CS-I, CS-ll and CS-1I1 were investigated. 

4.3. Connectionist systeln I (CS-I) 

The architecture of CS-I corresponds to that of a crossbar or Hopfield 
neural network, as shown in Figure 3. The system consists of three layers, viz. an 
input layer, a hidden layer with full lateral connections, as well as an output layer. 
All layers have the same number (N) of elements, and all are provided with linear 
transfer functions, of the form 

(30) 

The exact number of elements in each layer is determined by the number 
of process variables to be reconciled (i.e. one clement for each process variable). 
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Figure 3. CS-I structure . 

4.3.1. Neurodynamics 

OUTPUT LAYER 

HIDDEN LAYER 

CROSSBAR 
CONNECTIONS 

INPUT LAYER 

When these networks are viewed as dynamic systems, the network com
putation process can be seen as a system moving in a state space 1 through the 
constant application of some transition rules. These transition rules are proce
dures for updating the state of the system, depending on its current state. The 
systeIll dynamics or neurodynamics of the network are determined by the transi
tion rule, as well as the order in which the system variables or node outputs are 
updated. If applicat.ion of the t.ransition rule ceases to affect the current state of 
the SystClll, t.he system is said to ha.ve converged to a. fixed point or at.tractor ill 
the state space. The set of all initial states or points leading to this fixed point is 
known as the attractor basin of the particular attractor [38]. 

In order to analyze the dynamics of the system it is usually convenient to 
define a scalar function, which depends on the state of the system and has a definite 
value for each point in the state space. If. the value of this energy or cost function 
(E) does not increase with a change in the state (v) of the system (i.e . ~~ :s 0, for 
all possible v) and is bounded from below, it is also a Lyapunov function, and an 
indication that the system is unconditionally stable. 

By mapping the objective function and the constraints of an optimization 
problem ont0 this energy function, these problems can be solved in that the optimal 
solution to the problem is forced to coincide with the minimum energy of the 

lThe statc spacc of a set of variables X = {Xi Ii = 1,2,3 .. . n} is the Cartesian product of 
the domains o f the variables, i. e. D o = CYl.CY2.CYJ · ·· On· The state space Dx of the se t of 71 

variables (x) is thlls 7l -dilllC ll s iollal. 
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system. The dynamics of the network amount to a constraint relaxation process, 
where the energy measure is defined by the degree of constraint violation of the 
system. 

To use crossbar or Hopfield networks for material balance reconciliation 
problems, it is necessary to map the objective function (FOBJ) (which incorporates 
the process system constraints d) onto the net, such as by defining the energy 
function (E) of the network in terms of the objective function (FOB]) 

I. e. equivalen t to 

(32) 

where th e scalar function E represents the encrgy of the net, Xl the vec
tor of variable mea.s urements, x" the vector of reconciled meas urements , d(-) the 
(eq uality) constrain ts of the systcm, vO the initi al output st<lte of t.h e connectionist 
system, Vi th e current output. state of the connectionist system, an d Vlx and V ld 
so me weighting matrices . 

By defining the neurodynamics of the network by means of the Newton 
equations, i.e . 

dE 
(33) 

the computational energy function E is forced to decrease monotonically, 
regardless of the nature of this function. 

Proof [30]: 

dE 
dt 

L dVi .(- dUi) 
. dt dVi 
1 

< 0 (34) 

As long as the transfer function Vi = g( Ui) is continuous and non-decreasing , 
~ is a lways positive and ~~ always negative or zero. The resul tant state of the 
system can consequently be related to a solu t ion of t he problem. 
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The neurodynamics of the network are thus defined by a set of ordinary dif
ferential or difference equations, which have to be integrated at each time increment 
to determine the output states of the neurons after each change of state . 

dUi dE(v) 
(35) 

dt dVi 

t+l t dE(v) 
(36) u · Ui - d .!:It; 1 Vi 

Integration of these equations continues until the system has reached a 
poin t of s tability (i.e. its energy has been reduced to a minimum, so that d~i = 0, 
fo r all i ). In practical terms the system is considered to be stable when 

I: Idd~i I < , 
1 

(37) 

where { > 0 is a n a rbi t ra ry small convergence criterion. The so lu tion of this 
system of non-linear equations is based on the use of a gradient descen t techniqu e, 
with constant step size lengths. 

4.3.2. Scaling of data 

Before the data are presented to the net, it is important that they are 
scaled to ranges that are useful with regard to the neurodynamic function being 
used . Without proper scaling, process elements could become saturated, which 
could eventually have a severe effect on the movement of the system through state 
space. Scaling is usually effected by normalizing the input data. After the network 
has processed the d ata, the results are descaled to the original units. 

4.3 .3. COIln ection weights 

The weights of the network are defined by the variance-covariance matrix 
of the measurements, as well as the weights associated with the process constraint 
residuals, as presented in equation 32. Since estimates of the variance-covariance 
matrix elements are often not available, a weight matrix based on the actual values 
of the variable measurements will be defined. This ensures that the values of small 
variables are not adjusted by increments that are unduly large in relation to the 
value of the variables themselves. 

The scaled input (measured values of the process variables) of the network 
is clamped to the input layer, and the states of the elements in the hidden layer 
are updated repeatedly and asynchronously (simulated by a random updating pro
ced ure) through numeric integra tion of the potential of each element . The system 
is all owed to settle in to a minimum point, and the output of the hidden layers (the 
solu t ion) is passed forward to the process elements in the output layer , from where 
i t is descaled to yield a solution to the optimization problem . 
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Figure 4. CS-I I st ru ctu re. 

4.4. Conne ctionist syste m II (CS- II) 

(N X P) ARRAY OF 
INPUT ELEMENTS 
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This system is essentially a generalized version of the first one, in that 
instead of having a single hidden layer, it has a P-dimensional array of hidden 
layers (If P = 1, the system reduces to CS-I), each containing N elements in 

. general, as shown in Figure 4. The input section of the system consists of a single 
input layer, each element of which is connected to a corresponding element in each 
of the P hidden layers. The elements in the hidden layers are similarly connected 
to corresponding elements in the output layer. The input and output layers do not 
process the data, but merely serve as distribution points for data input and output. 

The same neurodynamic principles concerning CS-J are applicable, except 
that once the measurement vector has been fed to each of the different layers in the 
hidden array, P different sets of initial conditions are generated in the array prior 
to the commencement of relaxation of the energy of the network. Cycles of state 
changes are allowed to take place independently in each layer in the array, and 
when necessary the state of layer is compared with those of its neighbours and the 
neighbouring state associated with the lowest energy is assumed by the particular 
layer in the array. Each layer is then again allowed to relax from a stochastically 
reinitialized condition close to the previous lowest energy state. Communication 
with a particular element and other elements in the network is allowed to take 
place only after a particular elemen t has become trapped in an energy minimum . 
This ensu res that the movement of th e hidden layer active in th e deepest attractor 
basin in the array is not slowed down unnecessaril y by frequen t polling to assess 
the states of its neighbours. 
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OUTPUT LAYER 
(N variables) 

INPUT LAYER 
(N variables) 

FEEDBACK 
CONNECTIONS 

Figure 5. CS-III structure. 

4.5. Connectionist system III (CS-III) 

Direct search procedures are attractive for the solution of sets of non-linear 
equations, since they are easy to use and computationally efficient. A direct ran
dom search procedure with systematic search space contraction, such as proposed 
by Luus and J aakola [39] and Luus and Wang [40], has been incorporated in the 
neurodynamics of the third system, shown schematically in Figure 5. CS-IlI is 
equivalent to CS-II, with the difference that instead of a gradient-based search, use 
is made of a direct method with a systematic reduction in the search space associ
ated with each interval. The reduction in the search intervals associated with each 
of the search variables leads to a more efficient search procedure, since unless the 
search domain is in the immediate vicinity of the optimum, convergence by means 
of a random search can be very ineffective [41]. The ·procedure is implemented as 
follows: 

1. Set the time increment counter j = 1. 

2. Set up the system, so that the initial states (vO) of the artificial neurons in 
all P hidden layers correspond to the measured values (x') of the process 
variables. 

3. Define an initial search range R? for each of the system states v? of the neural 
network . 

4. Determine P sets of values, so that v~ = V{-l + ¢i- l .Ri- I
, where ¢i- I 

IS a 
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random nD:mber associated with the state of artificial neuron i at time j - 1, 
and 0 ::; <p~ -1 ::; 1, for all i and j. 

5. Of these P sets, determine the set which minil;1izes Li 1 ~ I· 

6. If Li 1 ~ I::; c, terminate the search, if not, reduce the search ranges R1 
by an amount 0, i.e. R{ = (1 - 0) .R{ -1. If 0 = 1, terminate the search, if 
o ::; 1, repeat the procedure. 

After convergence a set of values v will remain, which corresponds to a minimum 
in the energy of the system, i.c. where d~i = - ;~ ~ 0, for all i. This minimum 
will be the one closest to the ini t ial state of the system, and in mul ti mod al systems 
it might be necessary to incorporate stochastic procedures which would a ll ow the 
system to find a global minimum point. The in co rporation of procedu res such as 
t hese was not pursued in this invest igat ion. 

In the foll owi ng two exampl es, the use of th ese connect. ionist sysLems IS 

demonstrated . 

4.G. Example 4: Two-product classifi e r 

In this example a two-product classifi er (s uch as a hydrocyclone or a screw 
classifier) is once again considered, which classifies a feed stream (FI) with n com
ponents into two output streams (F2 and F3) . Measurements of the flow rates 
(Fi) and component concentrations (Ji,j) typically violate the mass conservation 
equations pertaining to the classifier , viz. 

0, for i = 1, 2, ... n (38) 

The simulated output of connectionist system CS-I is summarized in Table 
5 for a two-component system. As can be seen from Figure 6, which portrays the 
performance of the CS-I system, the value of the objective function (energy of the 
net) decreases rapidly at first for step sizes smaller than 0.2, after which diminishing 
progress is made with further computation. (A constant step size was used for all 
the variables throughout the optimization procedure .) Step sizes larger than 0 .2 
resulted in unstable behaviour of the system . The iteration steps referred to in 
Figure 6 comprize cycles through which each variable is updated once on average . 
For the two-product classifier, with 21 process variables Fi , J;,j (i = 1,2,3 and 
j = 1,2, .. . 6), an iteration step thus consisted of a series of 21 random variable 
selections and subsequent adjustments of the sel ected variables. The reconciled 
values of the flow rates Fi and concentrations fi,j resulted in a threefold order of 
magnitude decrease in the objective function (energy function of th e net) , which is 
more or less comparable to res ults obtain able witll oLher opt imization techniques. 

The performance of CS-I I (number of laye rs = 10 a nd 100) is compared with 
Lhat of CS-I (number of layers = 1) ill Figure 7. It is clear that the additional layers 
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Figure 6. Performance of CS- l: Effect of step size on decrease in energy. 

in the system do not lead to a significant improvement in performancc. This is not 
surprizing, since the process system considered is subject to bilinear constri.tints 
only, and does not have a highly non-linear character . 

The connectionist system based on direct search techniques (CS-III) did no t 
perform very well compared to those based OIl gradient descent techniques (CS-I 
and CS-II), as can be seen from Figure 8. The system used in this case consisted 
of 200 layers and had an initi al range of 0.1 for each search variable. This range 
was contracted to zero as the search progressed, bllt only resulted in a decrease of 
about 60%-70% in the initial energy of the system. Ot.her init.ial search ranges and 
contraction procedures did not lead to significantly bctter results. 

4.7. Example 5 

This example (see also example 3) is based on the one used by Pai and 
Fisher [18], as well as Tjoaand Biegler [6]. It is thus possible to make a rough 
comparison of the performance of the neural network with the computational pro
cedures used by these authors. As mentioned previously, the example involves five 
measured variables Xl, X2, X3, X4 and X5 and three unmeasured variables X6, X7 

and X8 subject to six non-linear const raints, see equation 28 

Based on the exact values of these vari ab les (see example 3), Tjoa and 
Biegler [6] corrupted 100 sets of these data with Gaussian noise in order to conduct 
a statistical evaluation of a tai lored objective function in a non-linear computational 
routine, as well as a hybrid successive quadrat.ic programming (SQP) rou t in e. 
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Table 5. Reconciled and measured values of the process variables in the two-product 
classifier (exam pIe 4) . 

TWO-COMPONENT SYSTEM a 

Measured 
FI F2 F3 11,1 11,2 12,1 12 ,2 h.l 

0.961 0.602 0.347 0.198 0.768 0 .127 0.817 0.354 

Reco nciled (CS-I ) 
FI Fz F3 fl ,1 fl ,2 h ,l h ,2 h.l 

0.956 0.60S 0.348 0.205 0.752 0. 123 0.828 0.35 1 

OR a li o o f illi l ia l Cll CCg y o f syslc lll l o (.il :1 1. o f fill a l Cll CI-bY: ~ ::::: 1100U 
I:; / 

>
C) 
a: 
w 
z 
w 

10000~::~: ~: ~::~:~::~: ~:~::~: ~:~::~:: ~::~.::~: ~: ~::~------------~ 
. . . . ... . ...... _. " .. ---. . . - -- NUMBER OF LAYERS 

-··100 ~ 10 + 1 
1000 . . 
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Figure 7. Energy decrease with CS-II: Effect of number of layers on 
decrease in energy. 
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Figure 8. Performance of CS-I II. 

In order to evaluate the use of a neura l network to reconcile inconsistent 
constrained data, the exact values of the variables are similarly corrupted by Gaus
sian noise of 10% and 30%. The errors of a single set of variables resulting from 
the errors of corruption are shown in tables 6 (10% noise) and 7 (30% noise) . 

One of the salient features of the system is th.e highly irregular response 
surface of the energy functi on of the network . The consequence of this highly non
linear character of the system is that the energy function is extremely sensitive to 
adjustment of the variables, especially at points where the derivative of the energy 

or objective function with regard to the adjustable variable (~ or $,) is very large . . 
(positive or negative). As a result very small time steps had to be used in order to 
ellsure that the adjustment of a variable does not lead to overshooting of a local 
optimum in the energy function surface. 

In the case of network CS-I, the optimal step size for each variable is de
termined by a subroutine which systematically decreases the value of the initial 
time step if at first it does not result in a decrease in the system energy, until an 
improvement in the objective function is found . In this way relatively large time 
steps can be taken initially, which can be adjusted near troublesome spots 011 the 
surface of the energy function when necessary. 

The results which compare favourably with those obtained by other non
linear methods [6] are shown in Tables 6 and 7 , and typically led to a red uction 
of th ree orders of magnitude in the energy of the system after approximately 40 
iteration steps. The percentage er rors in the values of the variables before and 
after reconciliation (compared to the exact values of the variables) are also shown 
in tables 6 and 7. Figure 9 depicts some of these results graphically. Note that 
s tep sizes larger than approximately 10- 5 lead to an unstable search procedure 
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Table 6. Reconciled and corrupted values (10% Gaussian noise) of the 
process variables used in example 5. 

CORRUPTED VALUES a b 

Xl X2 X3 X4 Xs X6 X7 

4.786 5.564 1.917 1.365 5.307 10.225 0.617 
Cl C2 C3 e4 Cs CG e7 

6.06 -0.32 -0.47 -6 .25 9.32 -7 .63 0.09 

RECONCILED VALUES (CS-I) a b 

Xl .I I Xl I :J;~ X~ 1 X'2 X:3 '1 Xs I 

IJ .71\2 5.691\ 1. 90:1 1. :398 4.927 10.91J2 0.597 
Cl C'2 C:l C'1 Cs CG C7 

5 .09 2.01 - 1.1 9 -:3.98 1.4 9 - 1. J 6 -3. J (j 

"Ratio of initi a l energy o f systelll to that of final e ne rgy: ? = 1000 
I ! 

0 ' [(x)-(r,)] 
1 he percentage error va lues c; were calculated as 100 '«) 

Xs 

2.064 
es 

0.66 

.I 
Xs 

2.01 J 

CR 

-0.46 

Tab le 7. Reconciled and corrupted values (30% Gaussian noise) of the 
process variables used in example 5. 

CORRUPTED VALUES a b 

Xl X2 X3 X 4 Xs X6 X7 

3.713 4.699 1.365 1.528 3.680 9.080 0.622 
el e2 e3 e4 es e6 e7 

-17 .72 -15 .82 -29.13 4.95 -24.19 -17.98 0.09 

RECONCILED VALUES (CS-I) a b 

Xl 
1 

Xl 
2 

Xl 
3 

Xl 
4 

Xl 
5 

Xf 
6 

Xl 
7 

5.163 5.367 1.860 1.078 5.041 11 .833 0.593 
CI e2 e3 C4 es e6 e7 

14.42 -3.85 -3.43 -25.96 3.84 6.89 -3 .8 1 

ORatio o f initi a l energy of system to t hat o f final energy: e = 1000 
! 

o [(X')_(X,)] 
The percentage e rro r values e; were calc ul ated as 100 '(rl) 

, 

Xs 

2.658 
es 

29.63 

Xf 
s 

2.451 
eg 

19 .54 
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Figure 9. Performance of CS-II: Effect of step size on decrease 1Il energy table . 

(compare with values larger than 0.2-0.3 in the previous example) . The use of 
different step sizes for the different search variables (MULTISTEP) instead of a 
constant step size for all variables, resulted in considerable improvements in the 
performance of the system. 

In contrast to the situalion highlighted by example 4, much is to be gained 
by using a multilayer system such as CS-II. In Figure 10, the significant improve
ment in convergence based 011 the use of 10 layers, versus 1 (CS-I) is illustrated. 
This can be attributed to the non-linear character of the response surface of the 
energy function. By making use of CS-II, movement through the state space of the 
system is accelerated a long steeper attractor basin gradients, than is the case when 
CS- I is used. 

Connectionist system CS-IlI displays the same less favourable convergence 
behaviour as was the case in the previous example , as shown in Figure 11 . Exponen
tial contraction of the range of the system results in somewhat better performance, 
compared to a linear reduction . 

4.7. Computational efficiency of neural networks 

Judging from the reduction in the objective function (equation 31) of the 
reco nciliation problem , the results obtained with neural networks simulated on a 
computer appear to be comparable to those normally associated with tradition al 
non-linear optimization methods, even though the neurodynamics used in these 
networks are relatively basic . If necessary the results can be improved upon by 
making use of more sophisticat.ed neurodynamic functions. These functions could 
in corpora te other stochast ic procedures such as simulated annealing and its va riants 
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Figure 10_ Performance of CS-lI: Effect of number of layers 011 decrease In 
energy (example 5). 
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Figure 11. Perform ance of CS- III. 
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[42,43,44] or hill climbing terms [30] to avoid entrapment in local minima, while 
moving the system through state space. 

The real advantage of using neural networks for data reconciliation prob
lems is the fact that they can be implemented in electronic hardware which could 
fully exploit the massively parallel architectures of the networks. By making use of 
analog devices [45], which typically converge in the characteristic time of the arti
ficial neurons (in the order of 10-6 to 10-3 seconds), rapid computation is possible 
[46] . 

Since this investigation was based on the use of simulated neural networks , 
and not actual analog networks implemented in electronic circuits, no direct con
clusions can be made with rega rd to the temporal aspects of the computational 
procedures. A rough est im a te of the speedup is provided by Amdahl's law 

p 

S = [P(l - D) + D] 
(39) 

where 5 is th e speedup factor, P the number of processors working on the 
task, and D the fraction of the programming code which can be executed in parallel. 

Table 8. Estimated speedup factors for examples 4 and 5. 

EXAtvlPLE SYSTEM NO or PRO-
CESSORS 

(Search for first local minimum) 
1 CS-I 21 
2 CS-I 8 

(Search for global minimum) 
I C:S-lla 4200 
1 CS-Ilb 1200 
2 CS-Ila 1600 
2 CS-llb 1600 
1 CS-II I 4200 
2 CS-III 4200 

SPEEDUP 
FACTOR 

10.50 
5.93 

19.91 
19 .91 
19.77 
19.77 
0.42 
0.42 

The time consumed by computational overheads was estimated to be not 
more than approximately 5% for all three connectionist systems, and on this ba
sis and the results of the optimization experi:nents , it was possible to estimate 
th e speedup factors for the solution of the data reconciliation problems outlined 
in examples 4 and 5. These estimates are summarized in Table 8 . Two differen t 
situations are highligh ted in the tabl e, namely th e location of a solution (local min
imum) of the problem. a lld seco ndly th e locat ion of a global so lution or minimum 
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to the problem (by combining a stochastic procedure with a gradient descent or 
direct search method). The gradient descent methods (CS-I and CS-II) performed 
si.gnificantly better than the direct search procedure (CS-IIl). As can be expected, 
·the larger the problem, the more is gained by making use of these parallel strate
gies. According to equation 39 the speedup factor is also quite sensitive to the 
fraction of computer code that can be executed in parallel (estimated to be 95% in 
this investigation). 

The quality of the solutions obtained with the simulated networks indicates 
however, that analog networks could be employed to considerable advantage to 
solve data reconciliation problems. 

The problems posed in example 5 presented non-linearities of a higher de
gree than the problem discussed ill example 4. This meant. t.hat smaller tim e s t.eps 
had to be implemented to ensure a monotonic decrease in the en ergy of these 
sys tems, and as a result these systems took longer to con ve rge t.han t.h e bilinear 
two-product cla.<;siflcat ion system. After approximately 10 it.eration steps or cycles 
(see Figure 6) the energy of the bilinear system discllssed in example 4 (nine vari
ables) did not show further significant decreases for step sizes larger t.han 0.3. The 
energy or objective function of the system considered in example 5 (eight. variables) 
on the other hand, decreased by approximately two orders of magnitude after 25 
iterations (and showed a decrease of approximately three orders of magnitude after 
40 iteration steps). 

ENERGY 

-fr BROYOEN 

"'CS-II 

~ : I t I I : I : : I I : : I I 

:: :: :: :: ::::;;:: 100 
• • • & •••• _ • ••• •• • 

10 

0.1 

0.01 

O.OOl~--------------------------------------~ 
o 2 3 4 5 6 7 8 9 10 11 12 

ITERATION NUMBER 

Figure 12. Comparison of the performance of CS-Il with other 
non-linear data reconciliation techniques . 

In Figure 12 the CS-II system is compared with two other non-linear proce
du res used fo r th e solution of th e probl em posed ill exampl e .5 , viz. that of Broyden 
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[18,47] and the constant derivative approach [48] . From this graph it can be seen 
that the CS-II system initially (steps 1 to 3) decreases the value of the energy or 
penalty function faster than the other two methods. In subsequent iteration steps 
it loses ground, but in the end (steps 11 alld 12) the advantage gained by the meth
ods of Broyden and constant derivatives is largely eradicated. It should be borne 
in mind that this comparison can serve as a rough guideline only, since the central 
processing unit (CPU) times associated with the execution of the iteration st.eps 
in the different algorithms cannot be compared directly. If anything, a comparison 
of actual CPU times could only be to the advantage of the CS-II system with its 
relatively simple computational procedures. 

Another important factor that should not be overlooked is that in principle 
the effici ency of t he CS-II system is not affected significantly by an increase in the 
d imensiona li ty of the process system , while ot her no n-pa ra llel procedures such as 
those depi cted in Figure 12 are usually sens iti ve to increases in the siz.e of the 
prob lem . In la.rge systems consisting of hundreds or even thousands of vari a bles, 
tire- CS-II system can co nsequently be expected to perform significantly better than 
any other tradi t iona l procedure [49]. 

5. Conclusions 

In this chapter the use of neural networks for processing of plant data prior 
to modelling was explored. This included the estimation of variance-covariance 
matrices associated with measurements, the detection and isolation of gross errors 
in the plant data, as well as the reconciliation of inconsistent data after elimination 
of gross errors . 

Wi th regard to variance estimation and gross error detection, these tech
lliques follow much the same approach as methods based on classical statistics. 
They are thus also subject to the same prerequisites, viz . analytical redundancy of 
t.he process dat.a <tnd a knowledge of the distribution of errors in the data. An im
port.ant point is the fact that the knowledge concerning these errors does not have 
to be explicit when neural networks are used (i.e . the usual assumption of a normal 
distribution with a certain variance and a zero mean), since the network can derive 
its own representation of this distribution when provided with sufficient suitable 
process data. Once the network has constructed a model of the random errors in 
the measurements (from examples represented to it in the training phase), it uses 
this representation as the exclusive standard against which errors are classified, or 
on \\'hich the estimation of variances are based. 

As far as the reconciliation of process data is concerned, the main advantage 
of neural networks is the fact that they can be used as fast parallel processors which 
can deal with large probl ems , or with on-line systems requiring rapid calculation . 

These techniqu es a.re still in an exploratory stage however, and more so
phi sti cated techniques a re currently being developed . Despite this, the potential 
of neural networks is cl ear , and they can be expected to playa significant role in 
process modelling a ne! co ntrol in future. 
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N o menclature 

A(m, n) 
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cov(- ) 
d(- ) 
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E(- ) 
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m x n Boolean incidence matrix of a 
process circuit 
vector of systematic errors or biases 
matrix of process constraint coefficients 
covanance 
system constraints 
scalar energy or cost function serving as 
a measure of the overall state of a 
feedback neural network 
expec ted val ue 
random error vector or measurement 
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residuals associated with observed 
variables x" 
random error vector associated wi th 
observed process flow streams 
random error vector associated with 
observed component mass fractions 
error associated with the output of the 
i'th node in the output layer of a 
supervised neural network 
state space of set of variables 
flow rates of a process streams {Fi} 
flow rate of i'th stream in a process 
ci rcuit 
obj ect ive functi on in general 
co mponellt mass fraction s {J,']} III process 
st rea.ms 
j'th component mass fraction in the i'tl! 
flow stream ill a. process circuit 
j'th measured component m ass fraction in 
the i'th flow stream in a process cireui t 
transfer function of a node in a 
neural network 
parameters 
momentum term used in the adjustment of 
the weight connecting nodes i and j of a 
neural network during training 
number of processors in a parallel 
computer system 
initial search range associated with the 
i ' th output node of a neural network 

search range associated with variable i at 
time j 
constraint residuals associated with 
observed variables x" 
p'th constraint residual of a process 
system 
speedup factor 
time 
i'th time increment 
potential of a node in a neural network 
potential of i'th unit in the output layer 
of a neural network at time l 

variance-covariance matrix 
va.riance-covariance matrix of variables x 

in general 
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i'th node in the output layer of 
a neural network 

i'th variable in general 
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convergence criterion 
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the j'th node at time i 
standard deviation of p'th constraint 
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standard deviation of flow stream Wi 
standard deviation of component mass 
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THE SIMULATION OF ILL-DEFINED PROCESSING OPERATIONS 
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This paper proposes a new methodology to model ill
defined processing operations using neural nets 
(NN's). A process with many variables (large 
dimensionality) cannot be modelfed adequately if 
limited process data are available. This problem of 
multi-dimensionality is addressed and an approach 
suggested to reduce the dimensionality using NN's. 
The result of this modelling methodology is a 
combined model of phenomenological expressions 
and NN's. The model· can successfully be 
incorporated in a dynamic simulator of the process. A 
new approach to conduct modelling on the basis of 
continuous data collected directly from an industrial 
processing unit, is also proposed. The modelling 
methodology is applied to a typical processing 
operation, the resin-in-pulp (RIP) process. 

INTRODUCTION 

Most processing operations in the chemical and 
metallurgical industry are iII-clefined in some way. This 
means that the features of a process cannot be 
described uniformly through the whole process domain 
with a phenomenological model. In the search for 
modelling techniques to address this problem, various 
techniques have been investigated such as empirical 
modelling, traditional regression analysis, as well as 
KBS or expert systems. Some recent work by Reuter 
et al (1991) showed how KBS can be applied to 
simulate CIP (carbon-in-pulp) and Cil (carbon-in-Ieach) 

circuits. From batch reactor simulations, they 
constructed system variable profiles (such as gold 
concentration profiles) which could be coupled with the 
dynamiCS of the adsorption and leaching processes 
through a data base. Although KBS can be powerful 
modelling tools, constructing them is usually time
consuming and expensive. 

Connectionist networks (neural nets) are mathematical 
regression tools which seem to be very promising for a 
wide range of modelling problems. Although still In its 
infancy, encouraging results of various applications 
have been published to date. Most research In neural 
nets (NN's) has focused on developing classifiers and 
tools for recognition. Also in the process industry NN's 
were used in this regard, where substantial work is in 
progress to use NN's for process control, fault 
diagnosis and optical classifiers. 

Although process modelling forms an integral part of 
process engineering, little work has been done to 
employ NN's for modelling purposes. The main reason 
for this is the problems caused by high-dimensional 
variable spaces (many process variables determining 
the kinetics of the process), which are unique to 
process operations in general. This problem arises with 
any modelling problem, but becomes even worse if an 
"intelligent interpolator" such as an NN is to be used. 
Various authors such as Poggio et al (1990) and Van 
der Walt et al (1991) have recently identified this 
problem and started investigating this matter. It can be 
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explained synoptically as follows: Consider a function 
f which is depicted on an m-climensional variable space 

. Rm. Let YJ be the average number of data points 
necessary within the iltl dimension to represent the 
whole system sufficiently, then the minimum number of 
data points needed (P) will be 

m 

P - IIY/ (1 ) 
/-1 

This shows that the amount of information (such as 
process data points) required to model a process 
adequately, increases exponentially with a rise in the 
number of process variables. 

This paper will show how process identification can be 
conducted by analyzing data which are representative 
of the process, by means of an NN. The NN sorts the 
data and forms a "data base" that can be employed to 
identify some features of a process. Firstly the NN is 
employed to perform simple perturbation analyses in 
order to quantify the influences of the separate 
variables within different domains of the variable space. 
By doing so, less-influential variables can be eliminated 
from a specific domain of the variable space and the 
dimensionality reduced accordingly. In a next step, the 
"data base"-NN identifies mathematical relations, which 
in turn can be described through mathematical 
expressions, thus further reducing the "ill-clefined" 
dimensionality. This results in a number of separate 
variable spaces or subspaces, each one containing a 
function surface within the subspace of reduced 
dimensionality. Some variables within a specific 
subspace will be related to the function surface through 
mathematical expressions. The relations between the 
function and the remaining dimensions are iII-clefined 
and can be mapped by using an NN. The final product 
is a combination of variable subspaces, each one 
consisting of relational mathematical expressions, 
combined with an NN-representation within the ill
defined dimensional space of a specific subspace. 

The Resin-in-pulp (RIP) process will be used here to 
illustrate the proposed methodology for NN-modelling. 
This process is a typical metallurgical processing 
operation used for gold recovery and is still poor1y 
understood, and therefore iII-clefined. 

It will also be shown how process identification can 
proceed on the basis of continuous operating data. In 
practice a model compiled on the basis of batch data 
needs, almost without exception, to be adjusted 
considerably if it is to be incorporated in a simulator for 
a continuous system. For this reason process 
identification should prefe'1bly be conducted on the 
basis of continuous data. 

MODEWNG ON THE BASIS OF 
CONTINUOUS DATA 

The dynamics of a continuous reactor can be described 
by performing material, momentum and energy 
balances over the reactor. Differential equations are the 
standard language for expressing such dynamics. 
Equation 2 represents a typical material balance 
equation for a substance X in a CSTR. 

dX 
~ - - X/n - Xout + f 

dt 
(2) 

f represents the reaction(s) .which take place within the 
reactor. This reaction term can be expressed in terms 
of the other three terms of the latter equation: 

f -
dX 

1" - - Xm + XOUf 
dt 

(3) 

The terms on the righthand side of equation 3 should 
be measurable so that f can be calculated with this 
expression. At the same instant when f is determined, 
some other process variables which may have an 
influence on f, are evaluated as well and combined with 
f to form a process data point. These data points can 
be used by the process engineer to develop a model 
for f. 

An adequate phenomenological model for f can only 
be formulated if the chemistry and mechanics of the 
process are reasonably well understood. In the case of 
an NN modelling approach, the data set consisting of 
the abovementioned data points, is employed as a 
"training set" by an NN training program to learn the 
relations between the different process variables and 
functions. 

NEURAL NETS 

Recent success in connectionist network research is 
mainly attributed to the achievements in multilayer 
perceptrons with backpropagation. Various NN 
topologies have been proposed, and the most novel 
and exciting approach is the field of radial basis 
function networks. Sanger (1991) proposed a tree
structured adaptive network for approximating functions 
in high-climensionaJ spaces. The leaming procedure 
compiles a tree, the structure of which depends upon 
both the input data and the' function to be 
approximated. It can be used to reduce the number of 
required measurements in situations where there is a 
cost associated with sensing. 

The NN used for the purposes of this paper is a three
layered feedforward NN (thr€~ayer perceptron) which 
is trained through a backpropagation algorithm. The 
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weight matrix is adjusted through conjugate-gradient 
optimization with restart procedures during training, as 
described by Powell (1977). The activation function of 
the nodes In the input and output layer is linear, while 
the hidden layer's nodes are sigmoidal. 

DYNAMIC SIMULATION OF A TYPICAL 
PROCESSING OPERATION 

The NN modelling methodology proposed in this paper 
is done using a typical metallurgical processing 
operation as example. The Resin-in-pulp (RIP) process 
is a gold-recovery process which still holds numerous 
secrets concerning its reaction mechanism. Various 
phenomenological models have been developed for this 
processing operation. Although some of these models 
can be used successfully to predict the kinetics of the 
process within certain operating domains, their domain
specificity is a major drawback for fullscale industrial 
implementation. 

In order to illustrate the mentioned methodology, 
artificial data points were generated by using process 
variable profiles together with the material balance 
equations 5 to 7. This procedure of data generation will 
be described in greater detail below. 

In the next few paragraphs the RIP processing plant 
layout, the material balance equations representing the 
process dynamics, as well as the phenomenological 
model describing the process kinetics, are described. 

RIP plant layout with material streams 

In Figure 1 the RIP-cascade is illustrated schematically. 
It consists of a number of exchange reactors in series. 
Countercurrent flow of gold ore slurry, containing gold 
cyanide in solution, takes place through tile cascade. 
There is a constant slurry stream down the cascade. 
Resin is transferred periodically upstream, during which 
an upstream slurry flow also takes place. Of is the 
volumetric flow rate of the slurry stream entering the 
cascade from the leaching section into the first column. 
The volumetric flow rate of the slurry which is 
transferred upstream during resin transfer periods, is 
expressed by Os. The volumetric flow rate of the total 
downflow slurry stream (Ofs) can be calculated as 
follows: 

(4) 

During the intervals when no resin transfer takes place, 
Os is non-existent and Ofsequals Of for all columns. 

Material balance equations 

The dynamic behaviour of the RIP-cascade can be 

," -

0,., 
io, 

r ~ 

~B-' ',. ~ . ., ----..J 
""~- 0", 

a:7 
E'u'oo N ~ 
I •• ' ''' "_ ' - ~ 

FIGURE 1. Flow sheet of the RIP-process 

simulated through a number of differential equations 
representing material balances for gold within the 
different phases. With the exception of the first and last 
reactors, the three equations 5 to 7 describe the gold 
mass balances over each intermediate reactor in the 
liquid, resin and ore phases. The gold concentration in 
the liquid phase is represented by C, while q and G are 
the average gold loading on the resin and the average 
gold grade in the ore respectively. The masses of ore 
and resin within a specific reactor are M and W 
respectively. The void fractions for liquid (n , ore (0) 
and resin (r) are expressed by €. 

Gold balance in liquid phase for the /h stage: 

dC. 
e/~-I 

I dt 

Gold balance on resin for the /hstage: 

+ t, 

(5) 

(6) 
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Gold balance on ore for the ,<1'1 stage: 

eo,., 

( ) Q.,., Po GI+1 
e ',., + e: 0,., 

e 
+ 0,., Q P G 

( ) 
~,., 0 /-1 

e,,., +e o,., 

(7) 

If f" f2 and f3 are known, these dffferential equations can 
be solved by numerical techniques such as the fourth
order Runge Kutta integrator. These three reaction 
terms can be expressed in numerous ways through 
different modelling techniques. If a data base which 
captures the knowledge of the process kinetics (KBS) 
is available for f " f2 and f3 ' their values can be 
determined at each instant in time during a simulation 
run. The same holds for phenomenological, regression 
analysis or NN models for the reaction functions. 

The phenomenological model 

The phenomenological model employed by a 
phenomenological model simulator (dynamic simulator 
incorporating a phenomenological model) was used to 
generate artrricial data points for the RIP-process. '" f2 

and '3 in equations 5 to 7 are the kinetic reaction terms 
and can be described by the following equations 
according to the film dfffusion model for exchange on 
the resin surface and an empirical expression for the 
process of leaching still taking place within the RIP
cascade: 

f2. _ 6k,W,(C_C) 
P d / • r r 

(8) 

(9) 

(10) 

The equilibrium at the resin surface is described by the 
Freundlich isotherm of equation 11 . 

(11 ) 

A and n are the equilibrium parameters, specified to be 
10 and 0.15 respectively for the specific resin. Further 
properties of the resin is a density (Pr) of 1100 kg.m·3 

and an average particle diameter (dr) of 1.0 mm. The 
adsorptive and leaching coefficients (~ & ~ are 
assumed to remain constant at 10-6m.sec·' and 1.2 
k90....gAu·' .sec·' respectively. The grade of gold in the 
ore at infinity (Gj was specified to be 8x1 0-6gAu.kgol':'. 

CONSTRUCTlNG AN 
NN-PHENOMENOlOGICAl MODEL 

The procedure followed to compile an NN
phenomenological model is conducted through a 
number of steps. In the first instance a global NN is 
trained with all process data points. This global NN is 
used to divide the process variable space into 
subspaces. This division is done by performing a 
perturbation analysis on the training data set, 
whereafter these same perturbation results are used to 
identify less-influential variables within every individual 
subspace. These non-significant variables can then be 
eliminated and the dimensionality of the various 
subspaces reduced. During the next step an NN is 
trained for each subspace on data points containing 
only the values for the significant variables within a 
specific subspace. Such NN's have less input nodes 
and should therefore be able to perform improved 
curve fittings due to a reduction in the degrees of 
freedom. Hence, the generalization or interpolation 
properties of the NN's should be better as well. The 
trained NN of each subspace is now employed to 
identify simple mathematical relations between a 
function and certain variables within a subspace. The 
remaining dimensions with unknown relations to the 
function can now be mapped during a further step by 
an even simpler NN. The result will be an empirical 
model consisting of a combination of phenomenological 
expressions and small NN's. 

Constructing an artificial data set 

During simulation runs with the phenomenological 
model simulator for the RIP-process, variable profiles 
were constructed which covered the process domain in 
which the simulation runs were completed as portrayed 
in the final part of this paper. Using these profiles 
together with the balance equations 5 to 7, '" f2 and f3 

were calculated and the values of C, q, G, M and W 
registered together with the three reaction terms. This 
was done in order to illustrate how continuous data can 
be gathered for modelling purposes, as explained 
earlier. The values for M and W were varied between 
400-500 tons and 12-22 tons respectively. All 
simulations were done at fixed reactor volumes of 
750m

3 
for all stages. The values of f,. '2 and '3 of these 

data points (variable-function pairs with 5 Input 
variables and 3 output functions) were then randoml~· 

corrupted with 15% Gaussian noise. The fio-st training 
set thus contained 800 noisy data points which is 
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typical of an industrial system. After scaling the values 
of the data points, this training set was employed to 
train a NN which in tum was used to perform 
perturbation analyses on the training data set 

Scaling the training data 

It is very important to scale the values of the variables 
and functions (input-output data pairs) appropriately. 
There are three principal reasons for this. Firstly the 
input node activities of the NN should be bounded so 
that the weights between the inputs of the sigmoidal 
hidden nodes are sensible (their absolute values should 
not be too large). This will cause extremely slow 
training convergence. Secondly it is imperative that the 
input values to the net are of the same absolute order. 
During training each weight is adjusted according to the 
overall smallest error-weight gradient. The error-weight 
gradient is directly proportional to the magnitude of the 
input node according to backpropagation. A very small 
input node will thus prevent the weight that connects it 
to the hidden layer, to make a significant contribution to 
the objective function and will slow down the training 
process. Thirdly, whilst learning is complicated if highly 
curved function surfaces should be found, NN 's can 
easily learn smooth relations. 

The input-output data pairs for the RIP-example were 
scaled as illustrated in Figure 2. The variables C, q, 
and G varied over a few orders of magnitude and were 
therefore scaled logarithmically. M and W were linearly 
scaled. All scaled values were transformed into the 
range -3.5 to 3.5. Figure 3 illustrates the distribution of 
the scaled variables. It shows that the number of 
scaled values for all variables C, q, G, M and Ware 
more or less symmetrically distributed around zero. 

FIGURE 2. Architecture of global NN trained on 
process data of RIP-process 

-c -q -_." Q --w -w 

FIGURE 3. Normalized distribution of scaled values for 
variables in training data set 

This could be expected for M and W which are scaled 
linearly, and also shows a favourable situation for 
training with the logarithmically scaled values for C, q 
and G. 

Training an NN 

The search for an adequate NN for a specific 
application is very important. A number of factors 
should be considered prior to training an NN. One of 
these factors is the number of hidden nodes to be 
specified. Although techniques have been proposed by 
Huang and Huang (1991) as well as 8aum and 
Haussler (1989) to determine an optimal NN
configuration for NN's used as binary classifiers, no 
effective procedure exists to estimate this optimal 
architecture for NN's employed as function 
approximators. An excessive number of hidden nodes 
will cause bad generalization properties, so that the NN 
would not be able to interpolate effectively between 
adjacent training data points. As opposed to this, too 
few hidden nodes will limit the competence of the NN 
to locate an adequate mapping between functions and 
variables. The importance of scaling the input-output 
training pairs appropriately should again be 
emphasized. 

The global NN was specified to have 10 hidden nodes. 
It was trained with the 5-dimensional training data set 
containing 800 data points. It has been proved that NN 
training algorithms with gradient descent optimization 
procedures converge more easily · to a satisfactory 
weight matrix if noisy data are used. This was also the 
case for the NN trained here. This trained NN was 
used to perform perturbation analyses on the training 
data. 

Perturbation analysis 

Although some sensitivity analysis methods such as 
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FIGURE 4. Perturbation analysis with trained NN -
analysis of XI at the coordinates of a data point i. 

factorial design are available, it is difficult to use them 
effectively on practical process operating data 
containing noise. Contrary to this, NN's approximate 
smooth function curves which allow their convenient 
use in perturbation analysis for the whole system. 
Shootout data points are eliminated prior to data 
analysis. 

Procedure for perturbation analysis: The perturbation 
analysis of a single variable's influence on a specific 
function at a set point in variable space is used to 
explain the procedure followed to analyze the process 
variable space. Figure 4 illustrates how the sensitivity 
of a function f towards a variable Xl can be quantified 
If an NN relates f with an m-dimensional variable space 
[X" . .xl, . .xml. At a given variable space coordinate 
{x~, •. .xI.I •. .xI."J of data point i. the value of f is calculated 
by the trained NN (note thatthe scaled NN output value 
is scaled back to the function value) . This predicted 
function value is the perturbation midpoint and the 
corresponding value for Xl the variable midpoint {xi}' 
XI is now adjusted to both sides within the r dimension 
with the same constant absolute value (perturbation 
interval (Pil} for xl•I). while the values of the other 
variables {xI,I •. .xIJ.1,xIJ+"'.xI."J are kept fixed. Pi is 
determined by a simple formula on the assumption that 
the function surface within the immediate vicinity of the 
coordinate is flat. This means that the function f can 
.be approximated locally by a linear m-dimensional 
expression in terms of X, to Xm• The expression used 
to determine Pi is 

(12) 

where B is 'in adjustment factor whose value is constant 

for all perturbation calculations during an exhaustive 
perturbation analysis for all variables within the total 
bounded variable space. The perturbations done at a 
specific coordinate are proportional to the magnitudes 
of the variables, so that the perturbation results which 
represent the quantified influences of all variables on f 
at a specific coordinate can be compared directly. The 
means used to compare these results are explained 
later. 

A relatively small value for B should be selected due to 
two reasons. Firstly. the variable midpoint should not 
be adjusted too drastically into the inaccurate 
extrapolative domains of the NN. This could result in 
dubious perturbation values close to the bounded 
variable space margins. Furthermore. the analysis at 
every point in the variable space should be performed 
only within the more or less linear function domain. 

The variable midpoint XI., is adjusted to both sides with 
Pil•l· The values of f at these two new coordinates are 
now predicted by the NN. Using the absolute 
differences between the perturbation midpoint and the 
two discriminate perturbated values for f (A and B as 
portrayed in Figure 4) , the preliminary perturbation 
values (Ppv) are calculated as follows: 

(A + 8) 
ppv -

2 
(13) 

The ppv's for all variables X, to Xm are computed at the 
coordinates for every training data point. 

The normalized perturbation values (npv's) are the 
criteria used to quantify the relative influence of each 
variable Xj on f within its dimension. This facilitates the 
detection of a changing influence on f through a 
specific dimension in the variable space. If the ppv's at 
a coordinate i are represented by a vector 
(P1.l ' ''PI.j' ''P~' the npv (nl.,) of a ppv within the r 
dimension (PiJ) can be determined using the 
normalizing equation 14. 

n/J - ~.100% 
L 'PUc 
k-l 

(14) 

The npv's at a coordinate i are also expressed as a 
vector (n~,...nl.j, .. nl.m) ' The influences of the different 
variables on f are now quantified throughout the 
variable space so that the magnitudes of these average 
perturbated values can be compared directly. Table 1 
summarizes perturbation results for three randomly 
selected data points. The npll's at a coordinate can be 
compared mutually which is also the case for the opv's. 
It should be apparent from Figures 5 to 7 that the npll's 
can be employed as a criterium for identifying a 
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TABLE 1. Perturbation results of three randomly 
selected training data points of the RIP-example -
analysis performed on f2 for all five variables. 

C q G M w 

Preliminary perturbation values (ppv's) 

1.09159 1.05399 0.07077 0.65825 1.23185 
0.04424 0.00252 0.00556 0.00742 0.06038 
0 .00285 0.00003 0.00021 0.00020 0 .00290 

Normalized perturbation values (npv's) 

26.58 
36.83 
46.01 

25.67 
2.10 
0 .56 

1.72 
4.63 
3.40 

16.03 
6.18 
3.19 

30.00 
50.27 
46.83 

changing influence of a variable on the function within 
its dimension. The ppv's are not suitable to do so. 

For the RIP-example. perturbation analyses were 
performed at all coordinates for the 800 training data 
points. B was selected to be 0.01 . In this process, the 
orders of magnitude of the variables C and q are the 
same through the RIP-cascade, so that the relative 
tendencies of variable influences on the reaction 
functions f" f2 and fJ through the RIP variable space 
can be portrayed in Figures 5. 6 & 7 respectively. Note 
that these figures do not show the npv's of the variables 
within the dimension of C. It is impossible to plot the 
npv's of all variables in a five~imensional variable 
space and it will be unsuitable to show a complete set 
of graphs for the npv's within single dimensions in the 
limited space available. 
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FIGURE 5. Npv':'" of the 5 variables of the RIP-example 
- perturbation results for reaction function f I through the 
whole variable space 
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FIGURE 6. Npv's of the fIVe variables of the RIP
example as perturbation results for f2 • as completed at 
coord inates of training data points 
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FIGURE 7. Npv's of the 5 variables of the RIP-example 
- perturbation results for f3 through the whole variable 
space 

Dividing the variable space into subs paces: The 
perturbation results can now be used to identify 
boundaries between subspaces on the basis of 
eliminating different non-significant variables from 
neighbouring subspaces. 

Eliminating less-significant variables: Figure 5 portrays 
the perturbation results of fl and shows that all five 
variables play significant roles as variables of fl ' 
Notable is the strong influence of q on f2 within the high 
C-region and the drop in significance of q towards the 
region of lower C-values within the variable space. This 
corresponds with the Freundlich isotherm of equation 
11 . According to this, the variable space is divided into 
two subspaces at approximately C = 0.2. It can also 
be noticed that G plays an increasingly important part 
at lower C-values, condoning the role played by the 
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leaching term In the phenomenological model for f ,. 

It can be observed from Figure 6 that C and W play 
relatively strong roles in determining f2 throughout the 
variable space. Also notable is the strong influence of 
q on f2 within the high C-region and the drop in 
significance of q towards the region of lower C-values 
within the variable space. The npv's for G and M 
remain relatively small through the RIP variable space, 
so that these two variables can be completely 
eliminated as variables for f2• These observations 
correspond with the phenomenological expression for 
f2 (equation 8) . 

The perturbation results in Figure 7 confirm the 
dependence of fJ on G and M. It shows that the 
dimensions for C, q and W can be eliminated , thus 
reducing the dimensional ity of the variable space for fJ 

drastically. The higher npv' s for G, if compared with 
those of M, are attributed to the quadratic relation 
between fJ and G. The variable space for fJ is not 
subdivided. 

The variable spaces of f, and f2 have now been 
subdivided into two subspaces each. The first 
subspace of f, (for C > 0.2 g.m·J ) is 5-dimensional, 
while the dimensionality of the second subspace (C < 
0.2 g . m~) has been reduced to four. In the case of f2' 

its first subspace contains three dimensions (for C, q 
and W) . This subspace is neighboured by the second 
subspace with dimensions for C and W only. The 
undivided variable space for f3 has two dimensions (G 
and M). 

Identifying mathematical relations 

During the following step. different simplified NN's are 
trained for the different subspaces of each function. 

f. 
0 .07 , . 

o.oe 

0 .06 o • J .37. 1O·· i 0.,. "''90 I' 

: Of "" 
0 .04 , 

0 .03 

0.02 

0 .01 

0 
0 100 200 :,]00 400 .00 

M ltonal 

FIGURE 8. Linear relation between fJ and W as 
predicted by a simplified, 2-dimensional NN for fJ 

These NN's (2 for f" 2 for f2 and a single one for f
J

) are 
employed to identtfy mathematically definable relations 
between the functions and their variables. The 
procedure is explained by using the NN for f

J
• At 

different domains within the variable space, the value of 
W is varied , while G is kept constant. fJ Is calculated 
at these different coordinates. Figure 8 exhibits the 
predicted curves at three distinct values of G. It 
confirms the direct proportionality between fJ and M. 
The curves can be forced through the origin, so that f

J 

can be expressed as follows: 

f3 = M.r,. (15) 
where rJ = a(G) . 

The same procedure was performed for f2 and W, and 
equation 16 displays the simpl ified functions. 

f2 = W.(2' (16) 
where (2 = f3 (C, q) if C > 0.2 
and (2 = f3(C) if C < 0.2. 

Although the relevant NN's for f, predicted linear 
relations between " & W. as well as f2 & M, the 
mathematical relations could not be isolated from the 
"ill-defined" dimensional space. This is due to the 
presence of two terms in equation 10. A new NN
topology is currently investigated which should be able 
to extend the amount of information captured from the 
data set. after identtfying variables such as M and Was 
orthogonal within the variable space of f,. This will 
hopefully have the same beneficial effect as to ' reduce" 
the ill-defined dimensionality of a subspace. 

In the meantime a different approach is followed for this 
example. If the assumption can be made that some a 
priori knowledge about the RIP-process is available, 
such knowledge can be applied to simplify the 
modelling of f, . It should be emphasized that this NN 
approach for modelling does not tend to replace 
existing modelling techniques, but should contribute to 
the modelling toolkit. If it is known, for example, that 
the gold mass balance in the liquid phase is dependent 
on an adsorption and leaching process, equations 15 & 
16 can be combined tb describe f, . 

(17) 

The result: an NN-phenomenological model 

According to the relations of the model equations 15 to 
17, an NN-phenomenological model with three NN's 
(tv/O nets for each C-interval for r2 and a net for rJ ) was 
compiled. These NN's were trained on exactly the 
same training data as the NN's trained earlier. The 
NN's of r3 and the lower C-range subspace · "1f r2 had 
only one input node (the bias node ignored), while the 
NN for r2 within the higher C-range contained two input 
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nodes only. The dimensionality of the "iII-<1efined" parts 
of the system has thus been reduced considerably from 
a 5-<1imensional one to an iII-<1efined dimensionality of 
only 2 (function r2 for C > 0.2) and 1 (functions r2 for C 
< 0.2 and r J by means of the techniques described 
above. This new model was used to replace the 
phenomenological model in a dynamic RIP-cascade 
simulator. At each time step, f" f2 and f3 could now be 
calculated by equations 15 to 17 during a simulation 
run. 

A second NN-model was constructed for f" f2 and f3 
using the flVe-<:limensional variable space. This model 
consisted of three NN's (one net for each of f" t2 and 
f3) which were trained with the same data points used 
to develop the NN-phenomenological model. An NN 
with only one output node will more easily learn the 
mapping between this single function and its variables 
as opposed to an NN with more output nodes. This 
was the reason for training separate NN's for the 
different reaction functions. Each one of these NN's 
had five input nodes for the five variables involved. This 
NN-model was developed to show the inadequacy of 
implementing an NN-model of high dimensionality in a 
straightforward fashion, as compared to the 
effectiveness of the model proposed in this paper. 

COMPARING SIMULATION RESULTS 

A dynamic simulator was developed which solved the 
differential mass balance equations 5 to 7 by 
incorporating the three different models for f" f2 and f3. 
The results of the phenomenological model simulator 
can be used as a basis of comparison. Figure 9 
illustrates some results of simulation runs completed 
with the three different mod·els under the same 
conditions. It should be apparent from this figure that 

GOld concentration (o.ni S
] 

' .1 

' .5 

'.3 

,., 
0 . • 

0.1'---'--------'--------'----' 
o 20 

Slmdation time (hour.1 
.0 

FIGURE 9. Gold concentration profiles in reactor 1 of 
the RIP-cascade, as predicted by the RIP-simulator 
incorporating three d ifferent models 

the NN-phenomenological model is much more 
accurate than the NN-model of high dimensionality. 
Although the concentration profiles of Figure 9 
represent only a small part of the simulation results, the 
same conclusions can be drawn from the simulated 
variable profiles of each RIP-reactor. 

The superiority of the simulation results with the NN
phenomenological simulator (reduced dimensionality) to 
those of the NN-model simulator is mainly due to the 
large reduction in "iII-<1efined" dimensionality and an 
associated improvement of the model. 

CONCLUSIONS 

It has been explained how process data can be 
collected directly from an industrial operating unit, and 
a new technique to conduct process identification on 
the basis of such continuous data was proposed. A 
novel modelling approach using neural nets (NN's) has 
been developed and a typical metallurg ical process, the 
resin-in-pulp (RIP) process for gold recovery, used to 
demonstrate how modelling can be conducted along 
this line. 

In mineral processing, · process identification usually 
deals with problems caused by multi-<1imensionality. 
This problem becomes even worse in the case of NN
modelling. A simple method which employs an NN to 
perform perturbation analyses for a function through its 
variable space was also suggested. This forms part of 
the broader methodology for modelling on the basis of 
connectionist networks. The perturbation results can 
be used to subdivide a variable space into subspaces, 
after which less-significant variables could be 
eliminated, thus reducing the dimensionality of a 
subspace accordingly. NN's were then employed to 
identify mathematically definable relations between a 
function and certain variables. During the final step, 
NN's with small dimensionalities could be trained to 
capture the iII-<1efined relations between a function and 
the remaining variables for each subspace. This model 
(a combination of phenomenological expressions and 
NN's) was incorporated in a dynamic simulator for the 
RIP-process. The performance of this process was 
successfully predicted by the simulator. 

Further work is in progress to refine and automate the 
proposed methodology for reducing dimensionality. 
This also includes the design of a new NN-topology 
which should be able to reduce dimensionality, even 
within the iII-<1efined variable space. 
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UST OF SYMBOLS 

A Freundlich isotherm parameter. 
C Gold concentration [g.m-3]. 
d Average diameter of solid particles [m]. 
f. Reaction term in mass balances. 
G Grade of gold in the ore [g.kg·l 
k, Film diffusion constant for adsorption [m.sec·'j. 
k, Leaching parameter [kg.g·'.sec·l 
M Mass of gold ore in a single column [kg]. 
n Freundlich isotherm parameter. 
n Normalized perturbation value. 
p Preliminary perturbation value. 
p Density [kg.m~. 
a Volumetric flow rate of slurry [m3.sec·']. 
q Gold loading on the resin. 
t Time [sec]. 
V Volume of RIP-column [ml 
W Resin mass in a single column [kg]. 

Greek symbols 

3 Adjustment factor for perturbation analysis. 
€ Void fractions. 
f Function symbol. 

1" Residence time of process stream [sec]. 

Subscripts 

f, s, fs Different countercurrent slurry streams in RIP
cascade. 
j'-h column, reactor or stage. 

in Processing unit inlet stream. 
I Uquid phase. 
o Gold ore. 
out Processing unit outlet stream. 
r Resin. 
s Surface of solids. 
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THE SIMULATION OF ILL-DEFINED HYDROMETALLURGICAL 

PLANTS USING ARTIFIClAL INTELLIGENCE 

J.SJ. van Deventer & TJ. van der Walt 
(Department of Metallurgical Engineering, University of Stellenbosch, 
Stellenbosch, South Africa) 

M.A. Reuter 
(Institut for Metallhiittenwesen und Eleklrometallurgie, 
RWTH Aachen, Intzestrasse 3, 5100 Aachen, Gennany) 

ABSTRACT 

Artificial intelligence techniques such as knowledge-based systems, expert systems and neural 
networks are useful for the simulation of ill-defined unit operations. An object-oriented lazowledge
based system (KBS) is proposed here for the dynamic simulation and fault-diagnosis of 
hydro metallurgical plants. In this approach the dynamic behaviour of a system is finger-printed by 
the gradient of change of a state variable, as determined from batch kinetic data. Moreover, it is 
explained how a simple dynamic equation can be used to capture the mechanistic characteristics 
(independent of the time variable) of a unit operation from continuous dynamic data. A neural 
network can be used instead of a KBS to relate the gradient of change of a state variable to the 
prevalent process conditions in a unit process. It is also shown how the dimensionality of a neural 
network model can be reduced on the basis of a perturbation analysis. These techniques have been 
applied successfully to the simulation of batch and continuous leaching of gold, and to the 
adsorption of gold onto activated carbon or ion-exchange resins in countercurrent cascades. 

INTRODUCTION 

Despite significant advances in the modelling of hydro metallurgical unit operations and the 
computer simulation of processing circuits over the last decade, many unit operations are still 
ill-defined in the sense that few can be described by phenomenological models. Existing models 
are usually incapable of incorporating the effects of pH, ionic strength, adsorbent deactivation, 
zeta potential, and ore mineralogy. In many cases empirical models are used owing to the 
comelexity of mineral! solution! reagent! equipment interactions. It is, however, not always 
pOSSible to prescribe a pn·on· the form of such empirical equations. 

Knowledge-based systems (KBS) and expert systems have recently found increasing application 
for treating such ill-defined problems, especially in the chemical industry.1-8 These techniques 
of. artific.ial intelli~ence. (A1~, including nel1:ral ne~orks (NN), have also been applied in the 
mineral Industry,9- 9 as IS eVident from the Increasmg number of papers on A1 at the APeOM 
series of symposia.18 Most KBS and expert systems have been used as management support 
systems and training tools, while NN's have been used mainly as classifiers, e.g. in fault diagnosis 
and image processing. The dynamic simulation of processing operations by means of a hybrid of 
simple differential equations and AI methods is a very recent developmentll-16,18, which will be 
reVIewed briefly below. 

An expert or KBS system is a computer programme that behaves like an expert in a usually 
narrow field of application.1- l0 Features of a KBS include the separation of knowledge from the 
techniques that are used to think about this knowledge, and its capability to deal with 
uncertainty and incompleteness. A limitation of an object oriented KBS is the large knowledge 
base and accompanying rules which are necessary to describe a particular system. NN's are 
inherently parallel and have the capability to learn non-linear and ill-defined relationships 
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between a set of inputs and outputs lO.l8. However, existing NN's are tedious to train for 
problems of high dimensionality. Therefore, a need exists for a type of connectionist network 
relatin~ outputs to inputs in which the dimensionality is reduced by identifying sub-spaces within 
the traming data. 

It is the objective of this paper to broaden the concepts of dynamic simulation by AI, with 
special e~phasis on hydrometallurgica~ processes such ~ 0e leaching of gold, and adsorption of 
gold cyarude onto activated carbon or lon-exchange resms m countercurrent cascades. It will be 
shown how the dynamic behaviour of a system can be finger-printed by the gradient of change of 
a state variable. It will also be explained briefly how process identification can be conducted. 
Neural networks will be used to model dynamic data for problems of high dimensionality. 
Owing to lack of space, examples of application will not be discussed . 

TRANSFORMATION OF KINETIC DATA 

A generalised process independent knowledge base requires a process independent generalised 
kinetic model. In the methodology explained below knowledge representa tion is based on 
concentration-time data, which represent the deep knowledge regarding the process. The rest 
of the knowledge is structured in such a way that it has access to th ese data. Although the 
generalised model ~iven below does not attemp t to suggest a :eaction m~chanism, it is a fin~er
print of that reaction . Consequently, the model can deSCrIbe a reaction under all pOSSIble 
conditions. This ba.<;ic finger-print curve and its associated shallow and deep level knowledge 
are termed the pivot-data, or the standard condition. These pivot-data serve as a reference with 
which other curves are compared, and which can subsequently be used for process identification. 

Any condition that differs in whatever way from this standard condition or the pivot-data, is 
considered to be nOll-standard. Consequently, any change in the rate variables should be 
considered as the net effect of different deviations from the standard condition, and therefore as 
taking all interactions into account. The changes in the leaching, adsorption or other reactions 
may be caused by changes in the mineralogy and chemistry of the ore, deactivation of the 
adsorbent, or changes in the concentration of reagents. 

For leaching the rate variable k [g (t) ] is defined here to be only a function of the grade g (t) , 
and is determined from a batch leaching curve. For the solution phase: 

dC/dt 

For the solids phase: 

dg/dt 

where: 

k[g(t) ]g(t) r, 

-.8k[g(t)]g(t) 

k[g(t) ] 

.8 

2 (C ,-C )/ot(g ,+g) 
n+ n n+ n 

(M/Ms) 

(1) 

(2) 

Oxygen and cyanide are consumed as a result of the leaching reaction. This causes the .leaching 
environment m the reactor to be changing continuously. It is therefore necessary to adjust the 
leaching condition as time proceeds. The depletion of oxygen and cyanide can be simulated by 
a simple first order rate equation, where the rate "variable" evolves with changes in the 
operating conditions.12 

The rate variable k [y (t) ] for adsorption is defined here to be a function of only the loading 
y (t), and is used to predict the change in concentration and carbon loading at any carbon 
concentration M , and at any initial concentration at the prevailing chemical process conditions. 
Reuter gives m&e details.I6 

dC/dt - ( Q 3/ Q J k [ Y ( t) ] C 

dy/ dt Q
3
k[y(t))C r

4 
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where: k[y(t)] -2 (Cn+'-Cn ) / c5t (Cn+' +Cn ) 

(M/Me) 3 

MODELS FOR CONTINUOUS FLOW REACfORS 

(5) 

(6 ) 

The kinetic equations (1) to (4) can be incorporated into suitable process models which describe 
continuous flow systems. Non-ideal flow can be compensated for by estimating the degree of 
short-circuiting [c .. , = ~C .. ,+(1-~)C·'2] and dead volume [V =vt t l-Vd d] from 
tracer tests, or by comparing ~eal plant behaviour with that predicted froem

a 
an Ideal flow modeL 

An object orientated KBS can be used to relate the degree of non-ideality to the nature of the 
reactor system. The corresponding material balance equations for a combined leaching and 
adsorption system, such as carbon-in-leach (elL) and resin-and-leach (RIL), are: 

dC . v p, in V 
I p, out 

Ci _, C . + r, + r3 I 
(7) 

dt V V ac t act 

dYi mCc mCo 
C C 

--[yi +, - y i] + [y i-' - Yi] + r 4 
dt MCC MCO 

c,t c,t 

(8) 

dgi V p, in V p,out 
g i ·' gi + r Z (9) 

dt V V act act 

Depending on mCc , MCC , mCo and MCO 
t any type of adsorbent transfer mode, ranging 

from a low period~city tC; tconti~uous, co-~rrent to counter-current or a combination of these 
may be simulated. Reuter and Van Deventerll showed how the philosophy of integrating KBS 
and dynamic material balance equations could be used to simulate the adsorption of gold or 
silver cyanide on activated carbon in fixed beds or periodic countercurrent columns. The 
material balance equations for the countercurrent leaching of gold ore in a column were 
explained previously.12 

Clearly, r, and r~ and r3 and rJ.' are related by the mass ratio of the phases in contact. As ex
plained earlier, the intnnsic kinetic characteristics of such a system can be represente~ by 
discretising equations (7) to (9), and by applying these equations to continuous plant data.! In 
this way, r, or r 2, and r3 or r 4, and therefore k[g(t)] and k[y(t)], can be estimated at 
different positions in the space of variables determining the intrinsic kinetics of the system. This 
implies that the time variable is eliminated from the dynamic behaviour of the system. 

OVERALL STRUCTURE OF THE KBS 

Figure 1 illustrates the overall structure of the KBS, which consists mainly of: (1) A data-base 
for editing of all relevant experimental and heuristic information; (2) An inference procedure 
for utilising the data in the database to perform process identification and simulatlOn; (3) A 
working memory which contains the current input and status of the specific problem being 
solved. The different modules of the system communicate via fIles in order to increase the 
working memory; (4) A user-friendly mterface used to communicate with the above three 
components. 

An object-oriented approach was applied in the KBS proposed here in order to define the 
structure of the knowledge-base. Each object (frame) is structured so as to include all relevant 
information regarding a particular pro~ess ~ariable and its effect on the process, or information 
regarding a particular unit operation.1 ,16,1 Rules (production rules) could include search rules, 
procedural rules and adjustment rules. An example of the latter is: 
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if pyritic ore type B is leached by cyanide in batch 
and cyanide level is 160 p.p.m. 
and level of oxygen is 6.0 p.p.m. 
and temperature is 25°C 
and pH = 12.9 
and average particle size is 74 J.Lm 
and mass % solids in slurry is 47 
and rate of agitation is 150 r.p.m. 
and time of solid-liquid contact is 2 hours 
then concentration gradient factor = 0.88 

Neural nets18 may be used effectively instead of objects and rules to relate adjustment 
parameters and rate variables to conditions in the process space. 

User-friendly Input/output via 
interface -<- - >--<- - >- menus, graphs, 
via menus graphs & printer 

<-->---- Internal communicationr--<--> 
via inference engine 

Knowledge base 

Finger-printing 
of batch data 
Definition of 
pivot data 
Objects (Frames) 
Heuristic rules 
Interaction between 
process parameters 

Neural nets (NN) 
relating kinetic 
data to process 
conditions. 
NN can replace 
objects and rules 

Leaching: systems 
Adsorption on carbon 
Adsorption on resins 
Flotation 
Milling, classifiers 

Diagnostic 
Functions 

Accuracy 
of search 
specified 

Fault-finding 
diagnostics 
for systems 

Identification 
of slurries, 
ores, reagents 
or adsorbents 

simUlation 

Reactor 
Configurations: 

Batch reactor 
Cascade of CSTR's 
Countercurrent 
cascade of CSTR's 
Fixed bed column 
Countercurrent 
columns 
Non-ideal flow 
Periodicity of 

countercurrent flow 

simple numerical 
methods such as 

Runge-Kutta 

Milling, Flotation 
Leaching, CIP, elL 
RIP, RIL 

~---------->------------r---------<------------~ 

Isave new datall 

Figure 1 Overall structure of simulation procedure 
by KBS and neural networks. 
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FAULT-DIAGNOSIS AND PROCESS IDENTIFICATION 

Process identification of a system is conducted by a search through both shallow and deep 
knowledge in the KBS, subject to if-then rules and a comparison with the pivot-data.16 Neural 
networks are natural classifiers, and could be used to relate processing problems and symptoms 
to process conditions. Reuter16,19 gives algorithmic details about the search procedure. Once 
the adjustment parameters have been determined, the backward chaining inference engine 
determines the appropriate operating conditions from the appropriate objects, which may 
include neural networks. The results of such a fault-diagnosis are saved in the system so as to 
facilitate learning of the KBS and an improvement of the expert capabilities of the system. 

For example, if sufficient knowledge about a CIL plant and other similar operations has been 
saved in the KBS, a fault-diagnosis could have identified reasons for an unexpectedly high level 
of gold in the tailings. The KBS can also be used for the identification of ores, slurries, reagents 
or adsorbents by comparing the behavio~r of an unknown substance with that of known 

. substances at similar operating conditions'! It is essential to set a sensitivity level for the search 
through the data base. 

NEURAL NElWORKS 

The application of neural nets to processing problems has been discussed before.18,20-22 It is 
well-known that the amount of information required to model a process satisfactorily increases 
exponentially with an increase in the number of process variables used. This is especially true 
for NN, which renders the training process difficult and time-consuming. Frequently, a three
layer perceptron NN trained with a backpropagation algorithm is used. Although the activation 
function of the nodes in the input and output layers is usually linear, wh1le the nodes of the 
hidden layer are sigmoidal, this does not correspond to reality. Current research is aimed at 
defining activation functions which are representative of the functional forms in process 
engineering. It is very important to scale the values of the variables and functions appropriately, 
so that the input node activities should be bounded and of the same order. Furthermore, 
separate NN's should be trained for different reaction functions, because an NN with only one 
output node will learn the mapping between this single function and its variables more easily 
than an NN with multiple output nodes. 

A procedure to divide the variable gpace for an adsorption-in-Ieach system into sub-spaces has 
been described in an earlier paper.1 Firstly, a global NN is trained wlth all process data points, 
followed by a perturbation analysis to identify and eliminate less influentIal variables in the 
individual sub-spaces. Consequently, the dimensionality of the various sub-spaces is reduced 
and the populatlon density of the training points increased acc0rdingly. During the next step an 
NN is trained for each sub-space. These NN's have fewer input nodes and therefore give 
improved fittings of the data, as well as improved interpolation properties. The trained NN of 
each sub-space can then be used to identify simple mathematical relationships between a 
function and certain variables within the sub-space. The remaining dimensions with unknown 
relations to the function can now be mapped during a further step by an even simpler NN. The 
objective is to formulate a hybrid model consisting of a combination of expressions, differential 
equations and small NN's. 

Van der Walt et al.18 presented an example of how the formulation of an NN-phenomenological 
model (versus an NN model of high dlmensionality) could lead to increased accuracy when 
compared with a phenomenological model for CIL. 

CONCLUSIONS 

A generalised non-linear first order rate expression in interaction with a KBS and/or neural 
network was formulated to place concentration-time data for ill-defined systems on a more 
fundamental basis. Whereas the KBS system with its inference engine and system of interactive 
menus is convenient to manage the simulation and diagnostic functions, the neural network 
models are in most cases more suitable to correlate input and output data for ill-defined 
hydro metallurgical processes. In most processes the dimensionality of a problem should be 
reduced by a perturbation analysis on the variable space before acceptable accuracy could be 
achieved with a neural network. 
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LIST OF SYMBOLS 

Adjustment parameters 

Concentration in a batch reactor, concentration in stage i and data point n 
~respectively [ppm]. 

Ore grade in a batch reactor, grade in stage i and grade data point n 
respectively [g/ton]. 

Rate variable as a function ofy(t) andg(t) [h-1]. 

Mass concentration of carbon, liquid and solids respectively [gil]. 

Mass flow rate of the carbon counter-current and mea for co-current flow 
[kg/h]. e 

Mass of carbon being transferred counter-current and WO co-current [kg]. 
e,t 

Rate equation [ppm/h]. 

Time variable [h] . 

Active stage volume [m3]. 

Pulp flowr3te in and v out of a stage [m3/h]. 
p,out 

Y'Yi'Yn Carbon loading in a batch reactor, loading in stage i and loading data point n 
[ppm]. 

ot 
~ 

Time increment. 

Fraction of pulp short-circuiting reactor stage. 
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Recent Advances in the Simulation of Mineral Processing 
Circuits Using Artificial Intelligence 

C Aldrich 1 , J S J van Deventer 1, T J van der Walt 1 and M A Reuter 1 

ABSTRACT 

Owing to their complcl.ilY. many metallurgical processes arc difficult to 
model fundamenull y. and as • result more attention has been focused on 
the usc of anificial intelligence. techniques to simulate these processes. In 
lhis paper recent advances in the usc of ncural nelS to model processes not 
amenable to conventional methods are discussed. These include the 
application of a new modelling methodology based on the usc of neur..1 
nets for the dynamic simulation of mcullurgical processes. the usc of 
conventional techniques in conjunction with ncural nels to simulate 
grd.VilY separation circuits, as well as the detection of gross errors in 
vari4ihlc mcasun:mcnlS by means of a ncural nct representation of the 
relalion hc.lwccn mcasun:mcnt and constraint residuals. 

INTRODU C TION 

S incl! thl! l!;uly 19SOS progrl!ss iv C\y morl! at tention has been 
focused on the usc of artificial intel ligence in the simulation of 
milleral process illg circlIit.' _ The hranch~_s of artificial intellig.;nce 
rdated to knowkdge -h;L' ed systcllls and (Jbje~t oriented 
programllling have already eSI"blished a finn foothold in the 
nlodelling of prohkms where the exhaustive seardf of variahle 
spa~es <lr numeri~al pro~edurl!s have proved inadequate_ Since 
knowledge-hased systellls make usc of explicit ruks and 
symbolic manipulation. they arc no t always effective as far as 
ill-defined problems arc concerned_ As a re.'ult. a considerahle 
part of the artificial intelligcn~c research effon in tlle mincral 
processing industry has been diverted 10 connec tionist systems or 
artificial neural neLS during the past kw years. Besides their 
ability to learn by example. and to fonll internal representations 
of complex processes. Ihese systems also have an inherently 
parallel nature. which makes them suitable for implementation in 
parallel computational procedures (and the potential to process 
huge amounLS of data)_ In thi s paper recent advances made in the 
use of connectionist systems to simulate mineral processing 
syslems at the University of Stellenbosch arc discussed_ These 
include the application of a new modelling methodology based 
on the usc of neural nets for the dynamic simulation of 
metallurgical processes. the usc of conventional techniques in 
conjunction with neural neLS to simulate mineral separation 
process circuits. as well as the detection of gross errors in 
variable measurements by means of a neural net representation of 
the relation between mea~urement and constraint residuals_ 

CONNECTIONIST SYSTEMS 

Connectionist systems arc computational structures consisting of 
interconnected arrays of computational clements capable of 
processing large volumes of data simultaneously_ Artificial neural 
nets constitute the most important class of connectionist sys tems 
and generally consist of large numbers of primitive computational 
clements or nodes interconnected on a massive scale. so that the 
nodes collectively confer eenain altractive features to the nets. 
such as the ability to represent functional relalionships. regardless 
of the complexity of the relationship_ 

In layered networks. these processing clements arc typically 
divided into disjoint subsets. called layers. which arc usually 
categorised as either input, hidden or output layers. to denote the 
way in which they interact with the information environment of 
the net. 

I . Department of Metallurgical Engineering. University of 
Stellenbosch. Stellenbosch. 7600. South Africa_ 

The back propagation neural net models used in the majority of 
process modelling applications arc fccdforward networks which 
can be trained by repeatedly presenting them with exemplars of 
inputs and desired outputs (13hat el al. 1990; Bhal and McAvoy. 
1990; Hecht-Nielsen. 1990; Hinton. 1989; Hornik el al. 1989; 
Leonard and Kramer. 1990; Lippman. 1987. 1989; Rumelhart el 

ai. 1986; Wassennan. 1989). Training. which entails the 
modificalion of the connection strengths between clements in the 
net (i e the weight matrix of the net). is accomplished by means of 
learning algorithms designed to fit an objective function. such as 
the least mean squares (LMS) error function to the data_ 11,e 
weights of the net can be adjusted on the ba~is or process 
infornlation propagated back through the net during the learning 
phase and in back propagation neural nets the states of the 
proc.;ss uniL~ in lower levels or layers of the net arc usually 
updated before uniL' in layers further down in the net. so that 
Ulesc nelS arc said to be feed for ward and synchronous_ The rules 
by which PrlK';5S uniL' arc updated. such as the generalised delta 
n!le. arc t~1,ic ally of Ule fonll 

(I) 

where Ijw,j_zj(1) - (-); designatl!s Ule IXllential of a process unit at 
time I. ie Ule difference between the weighted sum of all Ule 
inpuL~ to the unit and Ule unit hia,_ 

The form of Ule transkr function g may vary. but it could be a 
linear. step or sigmoidal transfer function. among others. WiUl a 
continuous derivative and a domain typically much smaller than 
Ulat of ule IXllcntial of the process unit. ic 

<l>(z) = z linear (2a) 

<l>(z) = II + c-'r l sigmoidal (2b) 

<I:>(z) = [I - c-'r',[ 1+ c-'I hyperbolic tangent (2c) 

The training of back propagation neural nets (ie the search for 
an optimal weight matrix) is an iterative process involving ule 
alteration of the weights of the net, typically by means of a 
gradient descent method. in order to minimise an crror criterion. 
that is 

W;j(1 + I) = w;j{I) + t!,w;j. where 

w;/= -TdE "dW;j 

where T is the learning rate and E# the error criterion. ie 

(3) 

(4) 

• I 2 
E = "2-I(dQ j - Zoj) (5) 

based on the difference between the desired and ule actual 
outputs of the unit. It is through these training procedures that 
neural nets fonn internal representations of the relationships 
between inputs and outputs presented to them. and which make 
ulem such powerful tools for pattern recognilion. classification 
and mode ll ing of especially ill-defined processes. 

DYNAMIC MODELLING OF CARBON-IN-LEACH 
PROCESSES BY MEANS OF ARTIFICIAL 

NEURAL NETS 

Effcctive modelling is often severely hampered by the high 
dimensionality of large process systems. The reason for this is 
that the minimum amount of infonnation required for adequate 

XVllllnlernalional Minerai Processing Congress Sydney. 23 - 28 May '993 529 
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modelling of a process increases exponentially with an increase 
in the nwnber of process variables. ie P = n y;. where P is the 
nwnber of daLa points nceded to model the process and y; is the 
nwnber of points required to represent the whole system 
sufficiently in the ith dimension. Several methods have been 
proposed to overcome the burden of high dimensionality. such as 
task dependent clustering (Poggio and Girosi. 1990). 
non-parametric multivariate regression analyses (Chcrkassky el 

ai. 1991) and local variable selection techniques. such as CART 
(Breiman eJ ai. 1984). MARS ( Friedman., 1991). ID3 (Quinlan. 
1983) and C4 (Quinlan. 1987). 

A new modelling mcthodology implemented by mcans of 
neural nets has been developed by Van der Walt et al (1992) to 
address the problem of dimensionality. This methodology is 
based on the use of neural nets to deal with the local reduction of 
dimensionality in an eXlCrnal fashion. A typical metall urgical 
process is modelled to illustrate the construction of a kinetic 
model with this new method. 

Dynamic simulation of a carbon-in-Ieach (CIL) process 

The carbon-in-leach (CI L) process is a metallurgical processing 
opera tion in which gold is recovered from cyanided gold orcs. 
Despitc the devclopment of various phcnomenological models . 
the fundamenta ls of the process arc poorly understood and it is 
ror t.his rca50n that non-paramclfic regression an aly~is such :ll.; 
r<:pr<:sented by anificial neural nets appears to be an a ttr a l't iv~ 

alternative to fu ndamental Illodell ing. The configurat ion o r a 
typical CIL cascade is depicted in Figure I. The process call be 
described as fo llows: Consider a C IL cascade wh ich COIlSiSb or N 
serially connccted adso rption reactors through which an aqueous 
cyanide and gold ore slurry nows in a countercurrent Illode. 
Carbon is periodically trans ferred upstream at a volumetric now 
rate or Qs in the presence or a continuous slurry reed to the 
cascade with volumetric now rate Qr. The resultant volumctric 
now rate of the total down now slurry stream Qrs is calcu lated as 
follows : 

QJ.f j) = Q[ . Q..qj+/), j = 1.2 . ... N (6) 

The dynamic behaviour of the CIL c a.scade can be simulatcU 
through a set of ordinary differentia l equations which represen t 
the process or mass transrer or gold within the liqu id. carbo n and 
ore. The average gold loading on the carbon is denoted by q. the 
average gold grade in the ore by G and the gold concentration in 
the liquid phase by C. The mass of ore and carbon within a 
particular reactor is represented by M and W respec tively. 

0" 

0" 

Eluted 

.~ 

FtG I . Flow sheet of lhe carbon ·in- lcach process. 

Gold balance in liquid phase in stage I (7) 

dC I Elt 
EIVI-= Qs,C2 

dl (Elt + Eo,) 
EO 

+ ( oJ QfsoCO 
EO+E . 

_ EI Qs, CI + II 
(E I+Eo,) 

Gold balance in liquid phase in stage i = 2.3 .. . . N (8) 

dC; E 1+1 
Et Vj -d = ( ) 0;., Cj+1 

r EL+I+Eo,., 
EL-I 

+ ( ) Q[s,., Cj_1 
EL-I+Eo,. , 

EL 
- (0· + Qf.s·) Cj +/1 

(EL + Eo,) • , 

Gold balance on carhon for stages i = I, 2 . .. . N (9) 

W· dqj _ E;( •• , Q ' +f 
' d - ( ) " .. , pc q, 2 

I El+1 + E (l,. 01 

EX. 
- ( .) Q." Pi + h 

El + E n 

Ej C' f - ( ) Q." t i · I 
E .~ + E o, 

G" ld h;tI ;U1t'~ on or<: ror stag<: I (10) 

dGI E ", 
Aft -- = . Q .•. , Pu G2 

dr (E : + E " . ) 
E • 

. ' 'u I) (' 
- ( ) ":;"u po '0 

Eo -I E ''u 
Eo, 

- Qj." po G I + /J 
(EA + Eo,) 

Go ld balance on ore ro r stages i = 2. 3 . ... N (II) 

dC;, E Old .. 

Mj -d = ( ) Q."" po ('j+1 
I El+l + EO'oll 

EO' 1 .. 
.,. ( ) Qj. •. , , po (,j-I 

El-1 +E o,. , 
Eo, 

( ) 
(Q.,; + Qj.') po Gj + /3 

E ( +E o, 

Ir the kinetic reaction terms fl, f2 and f3 arc known. the above 
sets of difrerential equations can be solved by means of a suitable 
numerical technique. such as a rourth order Runge-KutLa 
integration routine. Moreover. these reaction terms can be 
expressed in various ways. depending on the modelling technique 
being used. For example, if the relevant knowledge with regard to 
the process kinetics is embodied in a knowledge-based system. 
the values or f l. f2 and fJ can be determined from the system's 
data base at each instant during simulation. The same is valid for 
regress ion analysis and phenomenological or connectionist 
models or the reaction r unctions. 

Kinetic and equilibrium models 

The kinetic reaction temlS fl . hand f3 can be described by the 
equations derived rrom the film dirrusion model ror adsorption 
onto the carbon surface (Equation 12). as well as the leaching 
process taking place within the CILcascade (Equation 13). 

/2 = 6·kf.\Vj·{C;-Csj)/ pc·de 

/J = -kjM j.(Gj.Gj -t 

/1 = ' (/2 + /J) 

(12) 

(13) 

(14) 

Equalion 14 is valid. assuming that mass lTansrer occurs only 
betwccn the liquid. ore and carbon. with insignificant interaction 
betwccn the carbon and the ore. The equilibrium conditions at the 
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carbon surface can be described by the well -kno wn Freundlich 
isotherm for a single-component syslem. ie 

Cs = (qIA/," (15) 

where A and n arc equilibrium parameters. This 
phenomenological model was used 10 simulale typical process 
data. 

Generation and pre-processing of typical plant data 

During simulation runs with the phenomenological model 
simulator. variable profiles were computed which covered the 
process domain at fixed reactor volumes. Thcse profiles were 
used to generate data sets of the form ([C,q.G.M.W] -4 ft.f2.fJJ). 

TI,e training dala. which consisled of 800 veelors. were 
cOffilpted with 15 per cent Gaussian noise to simulate a typical 
induslIial system. The perturbed dala were scaled to be within 
suitable range (approximalely 1-3;3]) for the connectionist 
network. 

100 

Construction of the h)'brid subspace model 

As a first Slep. various arlifi cial neu ral nelS wi th differen l 
configuralions were tra ined with the five-dimensio nal traini ng 
dala scI. The moddl ing pc rfO rtn;Ulce of each tra ined nelwo rk was 
evalualed wilh lhe lest dala SC I. TI,e mos l success fu l of lhese nelS 
was a nel consi sting of ;U1 inpu l layer with fi ve nodes (one for 
each inpul variab le) . a hidden layer wi th len hidden nodes and 
OUlpul layer wilh three nodes (one for each kineli c reaclion lenn. 
fl . f2 or (3). This nelwo rk was referred 10 as the global neural nel. 

In order 10 reduce lhe dimensional ilY of lhe global variable 
space. the global nelwork Illodel Wa.' used 10 perform 
perturbalion analyses al the co -ordinales o f each training sample . 
By doing so. lhe rei alive inlluence of each variable on the 
different kinelic reaclion tenllS could be quantified . The crilerion 
used for this purpose wa., lhe re lalive perturba lion va lues (RI'V sJ. 
as defined by Van der Wall c l a1 (19\12) . The RI'V , for lhe five 
variables of f2 are pOflIayed in Figure 2. from ulis figure it can 
be secn ulat variables G and M exeTl liltle innuencc on h. so lhat 
Ulesc variables can Ix: e1iminaled from ule global variable space 
of f2 with negligible consequences. Variables C and W play 
relalively impOTlanl roles in delermining f2 throughoul Ule 
variable space. The s trong innuence of variable q on f2 wiulin 
high C-region., and the drop in significance of q lowards lower 
C-values can also be nOled from Figure 2. These observalions 
correspond to lhe dual -rate expression for adsorplion. as 
represented by Equalion., 12 and 15. 

rpv[%) 

80 

60 b~:~~=:~ ts!a~eQ ~ 
in C-dimension 

<0 

20 

0. ' 

---e ---0 -G- G M ··· - - W 

riG 2 - Relative perturbalion values ror reaction runClion r2. 

ADVA l\'CES 1;\ S IMULA'1l0N OF MINERALI'ROCESS!};G CIRCUITS 

The variable spaces of the kinetic reaction tCrTTlS were 
subdivid"d accordingly and the dimcnsionalities of these 
subspaces could be reduced where conditions allowed such a 
step. It was consequently possible to train several simplified 
neural nets to accommodate the different subspaces of each 
function. In this way different neural nets are used 10 

accommodale variable spaces of a dimension lower than that of 
the original five-dimensional variable space. These nets proved to 
be much more effective than the model of high dimensionality. as 
can be secn from Figure 3. This figure portrays the results of 
simulation runs compleled with the hybrid subspace kinetic 
model. as well as a five -dimensional neural net model. while runs 
with tbe phenomenological model were used as a basis of 
comparison. 

Since the generality of the techniques applied to the CIL 
cascade system allows them to be used in a similar fashion on 
other process systems as well. these methods constitute an 
effective means for modelling large ill-defined systems not easily 
accommodated by other computational procedures. 

1.7 

1.5 

1. 3 

1.' 

0 .9 

GOld concentration [g .m-3 ] 

- phen. model 

....... NN-model (h igh dim) 

_. _. NN-phen mode l 

0.7 L---~0~----------------~2~0------------------4~0~~ 

Sim ulation time [hours] 

1'It; 3 . Gold concCJllralion rrorilcs in reactor I or lhe ClL-ascade. as 
rrcdiClcd by the ClL-simulalor incorporaling three dirrerenl models . 

STEADY STATE SIMULATION AND 
OPTIMISATION OF GRAVITY SEPARATION 

CIRCUITS BY MEANS OF LINEAR 
PROGRAMMING AND ARTIFICIAL 

NEURAL NETS 

Owing 10 ule empirical nature of gravity concentration 
technology. fundamental modelling of gravity separation circuits 
is not feasible at present, and as a result most models arc of an 
empirical or semi-cmpirical nature (Joweu and Sutherland. 1985; 
Laplanle and Shu. 1988). Spiral gravity concentrator circuits can 
be modelled and optimised by making usc of neural nets 
(representing the requisite empirical knowledge of the system) 
embedded in conventional computational procedures. In the 
example discussed in this paper. simulation is based on two linear 
programming models and an artificial neural net representing the 
performance characleristics of the separators under various 
operaling conditions. These concentrators each separates a feed 
(u) SIICMn composed of a valuable clement (h). ~angue (g) and 
waler (w)k into a concentrate (y\ middlings (z ) and tailings 
stream (m ). 

The neural net is trained to generalise the relation between the 
process conditions. viz the total flow rate (dt). the dry solids flow 
rate (d2) and the feed grade (d3). and the concentrate-middlings 
(ym

k = //mk) and middlings-tailings (zmk = -l-tmk) separation 
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C ALDfUCIl ET AL 

factors for each of the three clemenlS k in the circuit. as shown in 
Figure 4. 

This distributed representation of the experimental data can 
then be used in ronjunction with the two linear programming 
models to simulate and optimise the gravity separation circuil. 

Simulation procedure 

The strategy used to simulate the gravity separation circuit entails 
linearisation of the model equations (reflecting the mal.Crial 
conservation requiremenlS of the system) for each concentrator in 
the circuit. which facilitates optimisation by means of linear 
prograrruning techn iques. The highly non-linear character of the 
process is retained through the incorporation of an artificial 
neural net previously trained to represcnt the separation of a feed 
stream u- with a given comJiOsition of elemenlS h. g and w into 
three product streams l. z and m

M
• The global optimisation 

scheme is it.crative and optimisation is guided by the neural net in 
Lerms of an ill-<lefmed ronstraint relaxation process. whereby the 
resullS obtained by the linear program models arc forced to 
sa tisfy the process constraints represented by the neural net. 

By using the two linear programming models (Anthony el ai . 
1991) sequentially (the one a subset of the other). the now rates 
of the valuable element and now path s of the separation circuit 
arc optimised first, in order to maximise the rccovery of Lhe 
valuable clement. follo wed by oplimisation of the concentrate 
grade by minimising the gangue in the concentrate streams. 

The circuit configuration on which the m ass balance equations 
arc based. is shown in Figure 4, which illustrates the stead y Slate 
no w of the valuable clement (11 ) betwC<!n two conccntrator unil'. 
The now of the gangue (g) and water (w) is similar to that of the 
valuable elemenl. BOlh linear programming models arc derived 
from a matcrial balance around the general circuit modcl depicted 
in Figure 4. No explicit restrictions arc spec iflcd and all 
constrainlS arc derived from experimental data . 

Linear programming modd I 

The model which is dcscribed in morc dctail elscwhcrc (Anthony 
el ai, 1991; Reuter el al. 1988; Reuter and Van Dcvcn ter. 1990) is 
formulated by considcring all possihlc process constrainl' 

SEPARATOR BANK 

SEPARATOR BANK 

t-y_",_._h.:..j --' ...... ~ L ry h
jj 

Z"' ,hj 

I----.... ~L rzhjj 
m4',h 

1----,-1 -.-... L rm\ 

FIG 4 - Steady states of valuable clonent h separator banks i andj. 

imposed on the malerial conservalion equations of the system 
shown in Figure 4 . 

Mass balance constraints 

1I,k. ): ): k. 1I.Ie 1I,k. 1I.Ie 
Uj + LrrTljl + LrZjl + Lryji - mj - Zj - Yj = 0(16) 

m/); -b/ - um;/ = 0 

z/,k _ uz;/ = a 

y/,t _ a/ _ 'Uy;/ = a,for (i = I.2.J : j = 1.2 .. . Nand k. = h. g. w) 

Separator. ex.ternal and recycle constraints 

The separation factors used in the modcl arc speci fied in terms of 
upper and lower boWlds. for each component or clemenl k as 
follows: 

ymL);im' );i - l ·ti 0 

l ·ti - ymU);i .m1);i a 

wilh (k = h, b' w) 

(1 7) 

In accordance with Ihe plan l being OIodelled. ccrtain 
non -fea,ihle recycle stream s can be eliminated by se lting rm;/ to 
1.ero. for the appropriate ij,k-values . All process variahles arc 
f urlhcnnore bounded by limits dcrived fro 111 the operalional 
charactcrislics of the plant. 

Objective/un ction 

The aim of the objective function of model I is to max im ise the 
rccovery of valuable elcmenl'. subjcci to the constrainlS derivcd 
from the mass balance stre;UllS. ie 

(1 8) 

where ani represenl~ the recovL'f)' of the valuable clement h from 
concen trator Wlit i in the circuit. 

LPmodel II 

Model U minimiscs the now of the gangue and water in the 
concentrate recovery streams aj and is constrained by the flow 
configuralion detcrmined by model I. ie 

Min: GRADE = at/ + i2 + .. + akN (19) 

with k = g and w. and N the number of spiral concentrators in the 
circuit. 

The separation factors applicable lD the ganguc and the water 
arc appropriately reslricted to rencel the operability limilS of the 
plant: 

ymL.gim'.gi - i.gi S a 

i " i - ymu·'im'.gi S 0 

ymL,wi.m"w, _ y"'"'i '$; 0 

y"wi · ymu'"'tOm"w;:s; 0 

ymL.g i.m'·'i - z'.gi sa 

l·gi - ymu·'im,.gi S 0 

(20) 

532 Sydney. 23 ·28 May 1993 XVllllnternallOnal Mineral Processing Congress 

Stellenbosch University  https://scholar.sun.ac.za



Realistic values are assigned to the now variables, based on the 
opcrationallimilations of the circuit. 

Neural net representation of separation process 

A back propagation neural net with an input layer with three 
compulational clements (one for dl. d2 and d3). a hidden layer 
with twelve compulational elements and an output layer with six 
compulalional elements (one for each ymj and zmj. j = 1.2.3) is 
used . The net is subsequently trained with a set of exemplars of 
the form {dl.d2.d3.ymj.7nlj}. The examplars arc generated from 
experimental dala obtained from a commercial planl, based on the 
assumption that the only factors influencing the separa tion factors 
are the process conditions dl. d2 and d3. The behaviour of all 
gravity concentrators are thus considered to be identical . In more 
sophisticated analyses these assumptions can be modified to Lake 
the behaviour of individual process units into account. 
Presenlation of these data enables the net to learn the ill-defined 
relationship between the separation factors and the process 
conditions. 

Results 

The resulL~ of the optimisation of a now circuit contain in!: four 
!:Tavity concentrator banks arc shown in Fi!:ure 5. The simulated 
separation faclors which arc modelled with the neural nct. sa ti s fy 
the "' perimental data as shown in Fi !:u rc 6. Di sc repanc ies 
between the s imulated and experimenla l dala can he 311rihuled 10 

expcrimenlal errors, the innucnce o f other less si!;nificanl 
parameters not accounlcd for in the modd, as well :l' the 
som.:what uneven distribution of the pl ;Ull dala . TI,is nllldellin!: 
ll1.:thodolo!:y can be applied 10 many other mineralo!:ical 
separalion processes which arc difficull to describe 
fundamentally. such a.~ hydrocyclone classification. heavy 
medium separation and notation. As with any modcl . the success 
of Ihe procedure depends on the accuracy of the assumptions on 
which the linear pro!:rammin!: models (or other numerical 
computa tional routines) arc ba.,ed. as well a., the availability of a 
large body of reliable process data . 

THE DETECTION OF GROSS ERRORS IN 
CONSTRAINED VARIABLE MEASUREMENTS 

TI,e delcction of gross errors in material and energy balance data 
constitutes an essentia l part of the process of reconciliation of 
these data, which are generally inconsistent with process 
constraints. Failure to detect and eliminate these types of errors 
(which can be the result of instrument failure or misealihration. 

u', 

FOUR-UNIT SEPARATOR BANK AFTER 

OPTIMIZATION 

a ' , 

FIG 5 . A gravity conccnlrdtion circuit with four units afler optimisation . 

ADVANCES I:" SIMUIAIlO;\ OF Mc\ERAl.I'KOCI,:;:;INti UKCUII:; 

SIMULATED 

20r----------------------------------/-/~----~ 

16 

12 

8 
.11 
n 

u 

.. q ,. "-: . 
o 

a 

i" SIMULATED 

. _ ._ •• _ _ ~_:_EXPERIMENTAL 
o 6 8 10 12 14 16 18 

EXPERIM£NTAL 

FI(j 6 . Comparison of simulated separatiun factors in modelling circuit 
(Figure 5 ) wilh c>pcrimcnlal dala. 

a' well as process leaks) can lead 10 a severely dis lorted picture 
o f the prnc~ss bein!; monilored . 

Trad ilional m.:thods USed for Ihe delect ion o f gross errors of 
which the so-calkd stalistica l measuremenl lest is very popular 
(Tamhanc and Mah . 1 'Ill S) arc !:enerally incapable of locating 
!:ross errors in process systems subject 10 non·linear cons traints. 
TI,is is a cons id.:rahle drawback. s ince muSI processes in the 
chemical and melallur!:ical industry tend to be non-linear. 

By using a neural net to fonn an intcmal represenLalion of the 
relationship bel ween the distributions of the measurement errors 
and the residuals of Ihe process constraints. the gross errors in the 
dala can be idcnlificd accurately and efficiently. 

Problt!m statement 

Typically the process cons traints or conservation equations, such 
as those of a mineral processing system. arc described by (Crowe, 
1989). 

A.y = 0 (21) 

where j' is the (p x I) vcctor of true values of the Slate variables 
and A an (m x p) constraint matrix of full row rartk m (p > m). If 

y' =y + ~ (22) 

constitutes the (p xl) vcctor of mea~urements of the true values 
y. with (p x I) error vector ~. then the measured values of the 
process variables generally violate the process constraints 

A.(y+~)=r (23) 

and if the constraints arc I incar 

A.(y +~) = A .y +A .e = r, ie 

A.e = r (24) 

Under the null hypoLhesis that no systematic errors arc present, 
r is a multivariate normal with a 7.ero mean (Madron et ai. 1977; 
Romagnoli and Stephanopoulos, 1981; Mah and Tarnhanc, 1982; 
Tarnhane and Mah. 1985). ie 

E(r) = E(A .~) = A.E(e) = 0 (25) 

The alternative hypothesis is that the expected value of r is not 
zero. ie 

E(r)'f'b=O (26) 
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TAIILE 1 

Flow rales {kg/hI ill oplimised gravily separalor bank (sec Figure 5). 

all 1 125.53 m#·Il, 717 .32 

a9 2 122.41 m#·11 2 699.46 

a ll3 136.59 m
'

•11 3 942 .0 1 

a ll 4 55 .51 m
'

•11 4 444.05 

a h 1 63 .20 m
'

·
h

l 4 .09 

a h 2 93 .87 m
'

·h 2 6.07 

a h3 81.34 m
'

·
h

3 5 .26 

a h4 201.80 m
'

·h 4 9 .35 

aWl 31.89 m
'

, w l 1594.25 

a W 2 36 .04 m
'

,w 2 1801.80 

a W3 62 .87 m
'

· w 3 1343.32 

a W4 29.84 m
'

·
w

4 1989 .09 

bill 717.32 rmll34 444.05 

b ll 2 699.46 rmh34 9.35 

b ll 3 942.01 rmw34 = 1989 .09 

bh l 4.09 rzll 14 333.04 

b h 2 6.07 rz 941 43.04 

bh3 5 .26 rzll42 41.97 

b Wl 1594 .25 rzll43 56.52 

bW2 1801.80 rzh14 4 .67 

b W3 1343 .32 rzh41 27 .39 

which indicatcs the presence of an error with a bias of magnitude 
b. Thcse two hypotheses arc subsequently evaluated and rejected 
or accepted on the basis of standard statistical criteria. 

Gross error detection with neural nets 

A back prop~gation neural net is used to form an intemal 
representation of the relationship between the distributions of 
measurement errors and the residuals of process constrainL~. This 
representation can subsequently be used to classify errors in the 
measurement data. The net consists of an input layer with one 
sigmoidal computational element for each mea~ured process 
variable. as well as one clement for each constraint residual . The 
output layer consists of one computational element for each 
measured variable, as indicated in Figure 7. Hidden layers may 
be used in order to characterise complex relationships between 
measurement and constraint residuals. but in most eases the 
inclusion of hidden layers has been found to be unnecessary. 

Training data 

Exemplars are constructed synthetically by corrupting a 
consistent set of process data with random. as well as gross 
errors. Typical characteristics of these errors (ie a bias b in the 
gross error and a relative variance of approximately 0.0134) are 
shown in Figure 8. By labelling each type of error numerically (0 
for the absence of a gross error in a measurement. and one for its 
presence. for example), the exemplar can take the form ((y,r] -+ 
(LIJ, ie the measurements y and the constraint residuals r are 
mapped to the labels L. After presentation of the appropriately 
scaled data, the net forms a distributed representation of the 
features of the different errors and their classes. 

By presenting the trained ne~ with the constraint residuals of 
the measurement data, it is then able to classify the measurement 
errors associated with each variable. in terms of the numerical 
labels it had been trained to assign. 

A comparison of the performance of a back propagation neural 
net (BPNN) used to detect gross errors in a set of variable 
measurements associated with the metallurgical grinding circuit 

rzh42 = 40.68 V
'

•11 4 55 .51 

rzh43 = 35.25 v
'

·
h

1 63 .20 

rz'IV14 69.62 V' ·
h

2 93.87 

rz w 41 143.48 v
'

•
h

3 81.34 

rzw42 162.16 v
'

·
h

4 201 .80 

rz w 43 282.90 V
'

·
w

1 31.89 

u
'

·11 1 = 552.85 V
'

•
w

2 36 .04 

u
'

•11 2 863 .83 V
'

, w 3 62.87 

u
'

·
g

3 691 .07 V
'

·
w

4 29.84 

u
'

•9 4 691 .07 zl.1l 1 43 .04 

u
'

·
h

1 = 90 .00 zl·1l 2 41.97 

u
'

·h 2 140.63 zl ·1l 3 56.52 

u l . h3 112 .50 zl ·1l4 333.04 

u
'

·
h

4 112 .50 zl.h 1 27 .39 

u# ·w 1 1700 z# ·h 2 40.68 

u#·w 2 2000 zll.h3 35 . 25 

ull'·w 3 '50 0 ZIl'·"4 4 .67 

u l .w 4 2000 z# ·w 1 143 .48 

y#.Il, 125 .53 zll . w 2 162 . '6 

V
'

· 11 2 122 .41 zll' · w 3 282 .90 

v# ·11 3 136 .59 zl.w 4 69.62 

portr~yed In Figure 9 (Senh cl ai. 1987) and which is subject to 
non· linear process cOIIS !TainL~. and that of a conventional 
statistical procedure. the modified iterativc meas urement test 
(MIMT) me!llOd is summarised in Table 2. The expected values 
of the measuremcnL~ corrupted by the gross errors referred to in 
Table 2 are [(X) per cent larger !ltan those corrupted by sma ll 
random errors . Although the modificd itcrative test mcthod is 
designed to accommodate process systems subject to non· linear 
process constrainL~ (Senh CI al. I9M7). it is clearly not a.~ effective 
as the neural net for the detection of gross errors in the variable 
measurements. The results summarised in Table 2 indicate !lte 
outstanding potential of the use of neural nets in gross error 
detection schemes. 

nle reason for the superior capability of neural nets to classify 
errors in measurement data subject to constraints is that. unlike 
procedures involving Gaussian maximum likelihood techniques 
and other statistical me!llOds. no assumptions with regard to !lIe 
underlying error distribu tions are made. Neural nets arc known 

TAIILE 2 

Comparison of neulrai weI wilh MIMJ'melhod 10 deleCl 
gross errors in scleclcd variables. 

Variable Description Number of Gross % of Gross Errors 
!'umber Error Occurrences Delecled 

MIMTI BI'NN2 MIMTI 131'1\1'\2 

2nd smallen flow 10 22 80 100 

smallest flow 12 25 8 100 

7 largest flow 18 18 94 lex) 

13 2nd smallest II 16 64 100 
composition 

20 largest composi tion 14 20 93 J(X) 

22 smallest 15 23 0 100 
composition 

I Modified ilerative measurement test 

2 Back propagation neural net 
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for their capability lO modcl non-linear processes successfully 
(Lippman. 1987) and are thus ideally sui ted for the classification 
of errors with unknown or strongly non-Gaussian distributions. 
The MIMT method with which the net was comparee. is 
handicapped by its assumption that the residuals of the 
constraints follow a Gaussian distribution. (which it trics to 
compensate for by testing the assumption and rejecting the results 
of hypothesis tests. when the asswnption is found to be invalid). 
This mcthod is clearly not as efficient as one in which the 
particular CrTor d is tribution is learned and incorporated directly 
into the classification process. as the neural net docs in effccl. 

The major advantage of using neural ncts is that the process 
constraints need not be linear. as thcy need to be for more 
traditional methods. Once a nct has been trained OVcT an 

ADVAl'CES I~ SIMULATION OF MINEKAL I'KOCESSI"G CIKC UITS 

appropriate range of measurement values and error parameters. it 
can be used directly in various schemes to detect biased errors. 
When so desired . the net could be retrained or trained adap tively. 
in order to accommodate modifications in the process being 
monitored. 

CONCLUSIONS 

Over the last few years the attention of the mineral processing 
community has increasingly shifted towards the use of neural nelS 
in process simulation and modelling. This rising interest is to a 
considerable extent attributable to a growing reali sation of the 
limitations of traditional algorithmic procedures and heuristic 
methods used in the simulat ion of metallurgical processes. Neural 

D RANDOM 
ERROR 

OUTPUT: CLASSIFIED ERRORS 

• • • • • • • 

• • • • ••• 

INPUT: MEASUREMENT ERRORS 

AND CONSTRAINT RESIDUALS 

FIG 7 . B.ack propagaLion neura l net used Lo identify g ross errors in a prc.x;css circuit. 

FREQUENC Y 
0.5.----------------------------,r-----------, 

0.4 

0 .3 

0 .2 

0.1 

I 
I 

- - GROSS ERROR 

VARIANCE :- 0 .0 13" 

OL---~--------~~--~~~------~----~ 
EXPECTED VAlUE:- 1 eXPECTED VALUE =b 

SCALED MEASUREMENr VALUE 

WATER 
(2) 

(7) 

FLOTATION 
FEED 

WATER 
(3) 

(9) 

FIG 8 - Artificial errors introduced into the training and tcst sets of 
e.anplars for error classification. 

FIG 9 . Mel.1l1urgical grinding ci rcuit used as a basis for comparing 
neurdl nel wilh MIMT procedure. 
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nets ho ld great promise as useful and practical tools of analysis 
for mineral processing operations. These nelS arc often ea.~ier to 
use than conventional tcchniques and neural net modelling is 
allractive in cases where the development of models from first 
principles is not cost effective (VenJcalaSubramanian and 
McAvoy, 1992). Neural nelS can also, for example, be used in 
conjunction with standard numerical procedures such as linear 
progranuning to optimise ill-<leflned processes, which arc very 
difflculL to simulate by conventional means, as was shown with a 
gravity separation circuit. 

The majority of metallurgical planlS arc furthermore burdened 
with copious amounlS of process dala. but very lillle information. 
Neural nelS such as the hybrid subspace model discussed in this 
paper, can provide an efflcienl means for extracting useful 
information from these plant data. 

The use of neural nelS that can be implemented in various 
computational strategies to provide a means (nol equalled by 
current statistical methods) for delecting gross errors in 
measurement data subject lO non·linear constrainlS has moreover 
been highlighted. These applications demonstrate the polential of 
neural neLS as engineering tools for modelling and simulation, a~ 
well as their practical usc in the mineral processing industry. 

J\ 

E( ) 

c 

g 

h 

kr 

kl 

L 

N 

n 

SYMBOLS 

constan l coeffic ient matri x 

lhcnnooytlalnic equ il ibrium par.ullc lc r 

cunCCnLralc. recovery of clement k fro m concentrator j 

vet,:Lor of biases in gross errors 

lailings recovery of element k from concentrator j 

gold <XlncentraUon in liquid pha.,e in reactor i 

concentration of gold al carbon surface 

total now rate 

dry sol ids now rate 

feed grade 

particle diameler of carbon 

desired or target output of computational clement j in 
outpul layer of neural net 

expected value 

measurement error vector 

kinelic reaction term 

average gold grade of ore in reactor i 

grade of gold in ore in reactor i at infinite leaching 
time 

gangue 

valuable clement 

adsorption coefficient 

leaching coefficient 

vector of labels for classification of measurement 
errors 

mass of ore in reactor i 

now rate clement k of tailings s!ream from gravity 
concentrator i 

number of reactors in a process circuit or plant 

thermodynamic equilibrium parameter 

P number of data poinlS in a data set 

Or 

Os(i) 

qi 

r 

rml 

W i 

w 

continuous slurry feed ratc to ell c ascade 

volumctric now rate of total down now slurry stream 
from unit i in ell ea~cade 

upstream volumetric now rate of carbon from reactor 
i in a elL cascade 

average gold loading on carbon in reactor i 

vector of process constraint residuals 

recycle of element k in tailings stream from 
concentrator j to i 

recycle of clement k in concentrate strcam from 
concentrator j to i 

recycle of element k in midd lings stream from 
concentrator j to i 

time 

now rate of element k in feed to grav ity concentrator j 

rna'S of carbon in reactor j 

water 

Wij{ t) weight at time I , associated with conne<:tion from 
cOlnpulal ional clemen t i to compu ta tional clement j in 
nctlr;ti net 

y vector of observu.! process v ar iahk s 

y.~.k n"w r"le o r elcment k CO IlCelllratc strcam fmlll 
gravity concenLrator i 

) , t vcctor of actual s lales of pro<.:css variahles 

y. process variahle i 

ym;'- ,k lowL'!" limit of separation factor ym\ 

ymiU.l< upp'",!" limit of separation factor ymki 

ymjk conamrale.tailings separation fact,)r for clement k in 
concentrator j 

I.;".l< now rate of clement k middlings strC4m from gravity 
concenlrator i 

~.i(t) state of computational c1emem i at lime I in neural net 

I.mi l. ·
k lower limit of separation factor ~.mki 

7.mi U.l< upper limit of separation factor I.mki 

zm/ middlings.tailings separation factor for elemenl k in 
concentrator j 

7..oj 

EI 

9; 

<t> 

p, 

P. 

actual output of computational clement j In output 
layer of neural net 

GREEK LE"ITERS 

void fraction of carbon 

void fraction of liquid 

void fraction of ore 

error criterion 

bias of computalional clement i in neural net 

transfer function 

density 

density 

learning rate coefficient 
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ABSTRA.CT 

A Ithough artificial nellral nerworks hem! become estahlished as lIseflil instrllll1t!nts fur the 
modelling of cumplex processes in the chemical and 1I1l:tallurgical industries. liltle has 
hitherto he en pllhlished with regard to their lISC on actllal plant data. In this paper 
connectionist models of a gold reduct ion and a phosphott! jlutatio l1 plant are shown to {'J/ord 
bella representations than regressiun models prl!)'ently in use un the plants. It is furthermore 
shuwn that nCliral nets can be used tu detect ~ystematic changes in the behaviour 0/ 
indllstrial plants. regardless of the complexity of the plant models or the stochastic processes 
underlying the behaviour of the plants. .. 

INTRODUCTION 

The majority of chemical and mineral processing 

plants are burdened with copious amounts of process 

data. which makes it difficult to identify the essential 

features of the processes involved in plant operations. 

The development of process models based on these 

data is often not cost effective and the data are usually 

analyzed by means ~f multiple linear or non-linear 
regression techniques. Since these techniques require 

<::xplicit process models, they are not always suitable 

for modelling of the complex behaviour that industrial 

plants so often exhibit. In contrast.. neural nets do not 

suffer from this drawback and (provided they ar<:: 

presented with enough representative data) constitute 

an efficient m.eans for the construction of implicit 
models of ill-defined processes. In spite of these we\l

known attributes. very linle has been published in the 
chemical engineering literature with regard to the use 

of neural nets in this way. In this paper feedfo(v;ard 

neural n<::ts with sigmoidal and hyp<:: rbolic tangent 

proc<::ss units in on<:: or more hidden layers are used 

f\n the predict ion of gold losses on a gold reduction 
rl:.mt. as \vell as the consumption of .... arious addili\'es 

"' n a phosphate flotation pbnt. The residuals generJtet.i 
hy lh<::se (and other) models are mon:over sho\\'n to 

(nnSlitute a general basis for the detection of 

systematic changes in the behaviour of chemic.J.1 and 

metallurgical plants, regardless of the distributions of 

the residuals. 

ARTIFICIAL NEURAL NETS 

A back propagation neural network consists of a large 

number of massively interconnected processing 

elements which are typically arranged in at least an 

input and an output layer, and possibly one or more 

hidden layers separating the input and output layers. 

Connections between the elements in the various 

layers are characterized by adjustable numeric values 
or weights which can in principle assume values 

enabling inputs to the net to be mapped to functionall y 

related outputs to an arbitrary degree of accuracy [1] . 

Comput:ltion in back propagation neural nets is 

feedforward and synchronous, i.e. the states of the 
process units in lo\ver levels or layers of the net are 

upd.J.ted before units in layers funher down in the net. 

The actiyation rules of process units are typically of 

th<:: form 

( I) 

where ui( t) design:ltes the potential of a pro.:ess unit at 
time t. i.e. the difference betv.een the weighted sum 0(' 

all the inpu ts to the un it and the un it bi:Js 
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The training of back propagation neural nets is an 

iterative process involving the changing of the 
weights of the net, typically by means o'f a gradient 
descent method, in order to minimize an error 

criterion, that is 

(3) 

where 

(4) 

and where t IS the learning rate and g the error 

criterion, i.e. 

(5) 

based on the difference between the desired and the 
actual outputs o f the unit. The change in the error with 
changes in the weights of the net can be expressed as 

£i Wij = Zi(t) .ZjCt) .[ l-zj(t)).J3jCt), where f3jCt) = Zeit) -

doP) for output units and f3j(t) = LkWjd4(t).[I-
4(t)]f3k for hidden units. 

~' /1-- - --......... 0~PUT o w, . 1: <j>(u) : 

INPUTS . 
_/ 

W. 

N 

OUTPUT =</> (E w,. INPUT,) 

</>(u) = (1 + eo)' 

Figure I A typical sigmoidal process element 

'INPUT 
LAYER 

X,'-

X, .. '~;.>";'~\~';9= ~; 
.... . ""<::l-- Y, 

OUTPUT 
LAYER 

LAYER 

Figure 2 A generic back propagation neural net 

CONNECTIONIST PLANT MODELS 

Assuming the process system to be moddlc.:d t() h.: 
acyclic, the problem concerned with the construct ' , Inn 
of a circuit or plant model is to relate the matr 'lx \. . tn 
some function of matrix X, in order to pred ict \ ' r n'm 
X, where Yi,k (i = 1,2, .. p) represent p \"ariahk~ 
dependent on m causal or independent variables x. . 

. . J.1. lj 
= 1,2, .. m), based on n observatIOns (k = 1.2, .. n I. 

The variables Yi.k are usually parameters whieh 
provide a measure of the performance of thc piant, 

while the Xj,k variables are the plant paramctt:rs on 
which these performance variables are thought to 
depend. 

The simplest approach, and a method often uscd on 
mineral process ing plants, is to assumc a linear 
relationship bctween X and Y, i.e. Y = X.kl + k, and 
to find the coefficient vectors k J and k2 by ordinary 
least squares methods, that is k J = (XTXrJ.xTy and 

k2 = Y - X.kJ' provided that the elements of the 
columns Xj of matrix X are not correlated and that the 
number of observations is larger than the numhcr or 
coefficients that has to be estimated (i.e . n > m). Ir 
not, other techniques, such as partial least square 
methods [2] can be used to obviate the problem . 

Should the assumption of multilinear relationships 
between the variables prove to be inadequate, they can 
be extended by the addition of suitable non-linear 
terms [3], the incorporation of spline methods [4]. or 
replaced by non-linear regression methods [5]. 

The main advantage of modelling techniques based on 
the use of neural nets, is that a priori assumptions 
with regard to the functional relationship between x 
and yare not required. The net learns this relationship 
instead, on the basis of examples of related x-y vector 
pairs or exemplars. The following examples illustrate 

the construction of connectionist plant models. 

MODELLING OF LOSSES ON A GOLD 
REDUCTION PLANT 

The efficiency of gold reduction plants is often 
interpreted in terms of the gold lost during the 
recovery process, since the recovery of gold (which 
commonly exceeds 97%) is too insensitive a 
parameter to use [5],[6]. It is convenient to distinguish 

between gold losses in a dissolved form, as well as 
losses in solid residues. These losses cannot be 
explained in terms of a fundamental model of the 
plant and are often predicted in practice by means of 

-1298 -
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!ine:lr n:gresslon modds. These modds rebte th.: 

Jis~()h 'ed gtlld losses (Yt) :lnJ the undissoh'ed g()ld 

I,)sses (y:) to 3 numher (,t" <,'mpiric:lI par:lm.:t.:rs. 

:lamdy (ht: h':3d gr:ldt: nf til.: l'r.: t x II. rt:sidu31 !:!r:lJt: 

,'f (ht: ort: (X::), solution tnnn:lg.: (x:;). tre3t.:d tonnage 

I"\~ l. tilter t~.:d r3 te (X5). tiller "3sh (x6)' solids duty 

(X7) ' tiltc:r ARLA (x8)' solution duty (x9) . .:ntering 

sol ution (x to). filter tlocculation (xII) ' filtc:r vacuum 

(X12) ' sodi um cyanide: agit3tor I (XI3)' and sodium 

cy3nide 3gitator II (xI4)' 

o 
UJ 
1- ' 
U 

o 
UJ 
a: 
c. 

RMS ERRORS 
MlR = 100 
BPNN = 13 .07 

EX PERIMENTA L VA LUE S 

Figure 3 Prediction of dissolved gold losses 

EXPERIMENTAL VALUES 

Figure 4 Prediction of undissolved gold losses 

.\ set of [XI , X2, .. x14; YI , Y:d data consisting of a 
total of 76 vectors was obtained from a gold plant in 

South Africa, randomized and subdivided into a 
(raining set (60 vectors) and a test set (16 vectors) . 

The training set consisted of exemplars presented to 

th.: ncural r.<.'ts during training (weight adjustm.:nt llt" 

thc netsl. \\'hilt: tht: tt:st set was u:,ed h) Ilh'nihlr tIl<.' 

P<.'r! ·,'rm:lIKt: llt" tht: nCb suhscqucnt III tr:linil!g. This 

prl)c<,'dur<.' i" cs" .... 11Iial to <.'nsure th:lt the nct 

gencr:lIi/.,'s tht: rda.tionships ht:tw.:t:n p:uam.:ters 

corrt:ctly. in,;t t::lu nfj ust kJrning 1<.) re:prudu(e the d3t3 
pn:sent.:d t() it. 

A hack pr<.)pag:ltion nt:t with 3n inp ut laya and one: 

hiddt:n bya, both comprized of tt)Urtl!l!n proel!ssing 

ekml!nts or 3rtiticial nl!urons, and an output layer 

comprized of two processing dc:ml!nts was used to 

modd the: gold losses. The: fourte:e:n ekments in the 

input laye:r corresponded to th.: tourtee:n input 

par3meters used to co rrd atc: the gold lossl!s (x I · x2 . .. 

x I ~). \\·hi!..: tht: numb.:r of dements in the hidJ.:n b Yl!r 

\\'as chosen :1rbitr3rily. The: input layer did not process 

the dat:1. but me:rdy served to distrib ute the d:1t:1 to the 
hidden layer. The: outpu t of thl! two processing 

dements in th': output laycr corresponded with thl! 

prediCl<.:d "alues of the two output vari3blcs. 03mc:ly 

the dissolved (YI) and undissolved gold loss (Y2)' 

The: b yers were connected in a feedforward manner, 

i.e. no laye r was conne:cted to any layer precc:ding it, 

and all layers consisted of elements with hyperbolic 

tangent translation functions, to ensure that low

valued and high-valued outputs were treated equally, 
i.e. <p(u) = (eU 

- e-u)/(eU + e-U
). The output of the net 

after training with the generalized delta rule (7],[8] is 

compared with the predicted outputs based on a linear 

regression analysis used on the plant. The results are 

depicted graphically in figures 3 and 4 . Based on the 

root mean square values of the correlation errors, the 

nets performed significantly better than the existing 

plant models (approximately 51 % for the undissolved 

gold losses and 87% for the dissolved gold losses). 

MODELLING OF RECOVERY AND REAGENT 
CONSUMPTION ON A PHOSPHATE FLOT A
nON PLANT 

The ore feed to a phosphate flotation plant is analyzed 
hourly and these data, as well as those representing 

other parameters in the plant are averaged on a dail y 

basis and used to predict the consumption of three 

reagents in the plant, viz. water glass (y I)' polyglycol 

ether (Y1) and fatty acid (Y3)' The water glass or 
sodium silicate serves as a dispersant and depresses 

diopside, iron si licates and olivine. The fany acid acts 

as a colkclOr for apatite and contributes to the 

frothing characteristics of the notation cells, while the 

_ 1 ' ) (,1 : _ 
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polyglycol ether (nonyl phenol tetraglycol ether) is a 

non-ionic surfactant and emulsifier. serying as a froth 

modifier and a depressant for iron minerals and 

calcite_ These reagents arc expensiye (totalling 

approximately 87% of the direct operating costs of the 

plant) and inadequate control of their consumption 

can have a major impact on plant economics [9]_ 
More specifically. the variables (YI' )'2 and )'3) are 
related to the mass fractions of apatite (x I), phlogopitc 

(x2), lizardite (x3)' magnetite (X4), diopside (x5). 

calcite (x6)' dolomite (x?) and forsterite (Xg) in the 
feed, as well as the feed pulp density (x9), feed flow 

rate (x I 0), the phosphate (P205) concentration in thc 

feed (XII). iron content of the feed (XI::) and the 
tailings (xI3) and concentrate (xI4) flow rates_ 

The data used in the im-cstigation consistcd of 438 

sets of [XI, x2, -- x14; YI. )'2- )'3 ] vectors. ,,-hich wefl~ 
subdivided into a training set consisting of 408 
vectors, and a test set consisting of 30 vectors_ In 

contrast with the gold plant models. the training and 
test sets were time sequential. so that the performance 

of the neural nets on the test sets can be regarded as a 
measure of the ability of these nets to extrapolate 

historic trends in the behaviour of the plant. The nets 

used to model the consumption of the different 

additives were all back propagation neural nets with 

sigmoidal processing elements, and as before the delta 

rule [7] was used to train the nets_ 

Water glass consumption (YI) 

A single hidden layer consisting of six hidden units 
was used bctween the input and the output layers of 

the net_ The input layer was fully connected to both 

the hidden layer and the output layer of the net. 

_55,---------------------------------~ 

RUtJ NUMBER 

Run numbe rs lire lime sequelliial 

Instead of training the net to a certain output error 

tolerance on the training exemplars. use was made of 

a cross yalidation method in which the performance of 

the net was pcriodico.l1y checked against the test data 

set., until improvcment in the performance of the net 

became margino.!. Note that this approach has no 

effect on the adjustment of the \~-eights of the net 
during training, but merely serves as a guide to an 
appropriate neural net structure_ 

Po lyglycol ether (Y2) and fatty acid (Y3) consump
tion 

The nets uscd to model the pol~ glycol ether and fany 
acid c l~ r1sumption h:ld identical configurations and 

were com prized of t\\-O hidden IJyers each _ The first 

hidden layer cons isted of six hiooen clements_ \\-hik 

the sccond had three_ The input byer was fully 

connected to the first hidden layer (,nly_ while the first 

hiddcn layer " -as fully connected to both the second 

hidden layer and the output ekmenl. As before. a 
cross \-alidation technique was also used to determine 
the con\-ergence of the ncts_ 

10~------------------------------~ 

'" ~ 
Z 9 
Q .... 
~ B 
::> 
Vl 
z 7 
o 
u 

~ 6 
c.. 
o 
~ 5 
<: 
u 
co 

.... . , .. 
", 

o 10 

Run numbers are time sequential 

" 

15 ~o 

nUN NUI.lIllfi 

Figure 6 Prediction of poly:;IYClllether (Y2) 
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25 

The ability of the nets to g..:ncr:_dill- the trends in the 

data is depicted in figure~ ~ t(l 7. where the 
predictions corr,,:sp0nding t(l thl- te~t d:J ta sets are 

highlil!hted. As can be seen frol11 lho<.: results th'e:-nets 
w~re -able to g..:ncralize the J:lt _1 ktler thaN -the 

regression models_ 

OETECTIO~ OF S't:STD1:\TIC CIIANG~: IN 
PLA.:'\T BEHAVIOUR 
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in th<= b<:ha\'iour of th<= plant can be monitored by 

periodically comparing plant data \\ith the output of 

the plant model. This is accomplished through 

analysis of th<= distribution of the residuals generated 

when actual plant data are compar<=d \\-ith the data 

pr<=dicted by the neural net. If no significant chang<=s 

occur in the syste!fl, a relatively small residual with 

magnitude dependent on random me:J.Surement and 

moddling errors can be expected. If the system 

changes systematically however, the magnitude of th<= 

r<=siduals would also b<: affected by a bias in the 

expected yalues of the dependent yariables. 

These changes can gcnaall y not be tested stati sticall y. 

si nce the di stribut io ns of the r<=siduals arc unknown. 

Explic it I,:no\\'k dge of th<= d istri bution of the residual s 

in the \'ar iables is no t a prerequisi te to the usc of 

neural net methods howe vcr, since th<= nets can learn 

th<= distr ibutio ns a priori. 
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Figure 7 Prediction of fatty acid consumption (Y3) 

More specifically, by artificially incorporating biases 

(the differences between the plant data and the data 

predict<=d by the model) in the actual values of the 

dependent variables (to simulate systematic changes in 

the process), residuals related to these changes can b<= 

generated. 

In the simplest case only two classes of residuals n<=ed 

to be recognized, viz. the occurrence or the non

Ol:currence of a systematic change in the proc<=ss . The 

classes to which these residual s belong are 

conveniently indicated by numeri c hbel s (e .g. 0 

denoting no systematic change in the 'pr6¢~ ~d .\ 
denoting a change of some kind) . 

To use a neural net l\) detect the pres<:nce of thes<: 

biascs in the data. a set of exemplars is first e(ln

strueted by corrupting a repn:sentati\'c subset of the 

s<=t of dependent data Y from whieh the plant model Y 
= f(X) was deriyed to generate residuals and to label 

th<= residuals accordingly . This set of training 

exemplars g<=nerally consists of k training vecto rs YI,:. 

each of which can be partitioned into a subv<=ctor 
\' IN . . II h . 
Y k containing a t c Inputs to the net, and a sub-

Yector Vk OUT which contains the tksired outputs 

assoc i:ncd with the corresponding inputs, i.e. Vk = 

lV INI\ ·O UT1k 

Th<= inputs tt) the ne t generall y co ns is t of some 

func tio n o f the residuals of the syst<=m , whik the 

outputs consist of som<= label to identify the type o r 

class o f error. Tha t is 

(6) 

and where only two even:s need to be r<=cognized 

v·OUT = 0 
1 ' 

if vp·1 is associated with no change in the process (i = 

1 ,2, .. N) , or 

v· OUT = 1 
1 ' 

if ViIN is associated with a systematic change in the 

process (i = 1,2, .. N) 

Since these outputs are binary vectors, the output of 

continuous-valued neural nets (such as back 

propagation neural nets) have to be postprocessed 

prior to interpretation. In this investigation 

continuous-valued outputs were rounded off to the 

nearest binary class indicator, i.e . 

IF IZo.i - viOUTI < 0 .5 , 

THEN 7_ . = v· OUT 
~. l 1 

Example 

The previously discussed connectionist modd of the 

phosphate and gold reduction plants_ and a non-linear 

regression modd o f a uranium leach plant [1 0] as \ .... ell 

as th~ plant da ta on which these modds were bas<=d. 
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-;' ... . -.... , . 

were used to construct sets of training exempbrs as 

explained abovc. 

The output \'ariablcs of these models wcrc corrupted 

by various biases and in each case a simple sigmoidal 
back propagation neural net with no hidden byers was 

trained to classify the normalized magnitudes of the 
residuals into two classes, depcnding on v,;hether the 
residuals were associated with a bias in the process or 

not. 

As shown in figure 8, where the ability of these nets 

to correctly classify biased residuals (subject to less 
than 2% misclassification of unbiased residuals) is 
depicted, the nets were able to detect process shi fts of 
more than fo ur standard deviat ions wi th an accuracy 

of more than 80%. 

% SYSfEMATIC CHANGES DETE CTED 
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Figure 8 Ability of neural net to detect systematic 

changes in plant behaviour 

CONCLUSIONS 

• Based on an analysis of industrial plant data, it can 
be concluded that connectionist systems provide a 
convenient means of constructing ill-defined plant 

models, 

• Simple sigmoidal back propagation neural nets 
can be used to model probability distributions of 
plant model residuals through perturbation, and 

• As a result these nets constitute a general means of 
identifying systematic changes in the behaviour of 
chemical . and metallurg;t:al processes that cannot 
be detected readil y by other methods. 
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IDENTIFICATION OF HYDROMETALLURGICAL PROCESSES 
USING NEURAL NETWORKS 

J.S.J van Deventer 

Department of Chemical Engineering, The University of Melbourne, Parkville, Victoria 3052, 
Australia. E-mail: jsj.van_deventer@chemeng.unimelb.edu.au 

ABSTRACT 

Some hydrometallurgical problt.:ms cannot be formulated uSing conventional parametric 
mathematical models owing to a lack of phenomenological understanding. Neural networks 
provide one way or mapping the relations between process variables and functions for such ill
defined problems. A carbon-in-Icach process is used as a case study to show how simple neural 
nd models could be formulated for sub-processes and hence sub-spaces within the more general 
data space. provided that slich sub-processes could be estimated explicitly using a dynamic 
material balance equati~l(). In the elution of gold it is more di fficult to estimate such sub-processes 
from dynamic process data. It will be explained brielly how a neural net could be used to relate the 
equilibrium loading on the carhon in terms of the process conditions of elution. The problem is 
often that a trained neural net is relJuired in the solution of a system of differential equations in 
order to describe system dynamics. while training data are not available prior to solution of the 
differefllial equations. This means that it is impossible to use standard neural nets in such an 
inverse problt.:m. 

INTRODUCTION 

Many hydrometallurgical processes are complex and poorly understood. so that reliable 
phenomenological models are not available. Moreover, few of the existing fundamental models 
have been implemented for design or on-line control decisions in industry. The design, monitoring 
"nd control of many plants are consequently often conducted on an informal heuristic basis, where 
plant operators attempt to maintain optimal operating conditions based on their experience of the 
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behaviour of the plant. As a result, these systems are usually controlled suboptimally owing to 
hwnan error, ir.adequate training and lack of experience. It is often difficult to formulate an exact 
mathematical expression for a process owing to its ill-definedness. A non-parametric method such 
as a neural network could be used instead to relate input and output variables. The main advantage 
is that no functional form needs to be specified a priori, and even semi-quantitative data could be 

included as inputs. 

Neural nets have been applied recently to a variety of mineral processing operations, such as 
carbon-in-pulp plants [1,2], elution of carbon [3], the liberation of gold [4], pyrometallurgical 
applications [5,6], the detection of gross errors in plants [7], the modelling of rare earth solvent 
extraction [8], and the characterisation of flotation froths [9,10). The I iterature on neural nets is 
substantial [11), even in materials processing, so that no basic concepts will be explained below. 
Excellent neural network packages are available commercially which conduct scaling and training 
in a user-friendly manner. A neural net consists of simple computational elements called neurons 
or processing elements which are interconnected, and the collective behaviour of these neurons 
determines the characteristics of the net. Of the numerous network architectures developed to date 
the Sigmoidal Backpropagation Neural Net (SBNN) remains the most widely used for the 
modelling of ill-defined process systems. 

In this paper a neural network technique called the hybrid subspace method is combined with a set 
of dynamic equations in order to simulate a carbon-in-leach process on the basis of sparse data. 
The incorporation of a neural net in a set of differential equations is also described briefly with a 
view to model the elution of gold from activated carbon. It will be explained that new theory 
needs to be developed for the simultaneous training of a neural net embedded in a set of 
differential equations. 

HYBRlD SUBSPACE MODELLING 

Hybrid subspace modelling [1.2) is a neural network methodology based upon the elimination of 
unnecessary ill-defined dimensionality through local variable selection and the identification of 
simple. mathematical relations between the predictor and response variables. Relying on the fact that 
SBNN's with a relatively small number of free model parameters approximate the geometric form of 
the function adequately, SBNN's are used both during the model building process and as basis 
functions for the ill-defined parts of the final hybrid subspace model. 

The procedure used to construct a hybrid subspace model is conducted through a number of steps. In 
the first instance a global SBNN is trained with all process data points. This global network is used 
to divide the process variable space into subspaces. This division is done by performing a 
perturbation analysis on the training data set, whereafter the perturbation results are used to identify 
less significant variables within every individual subspace. A relative perturbation value (rpv) is 
calculated for each variable in order to give its relative importance throughout the variable space 
[\,2]. The perturbation results can now be used to identify boundaries between subspaces on the 
basis of eliminated ·different less-significant variables from neighbouring subspaces. A "cutoff' value 
for each 'pv can be specified in order to divide the global variable space into subregions. A 
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subregional boundary is identified within the variable space at the points where the rpv of a specific 
dimension becomes smaller than the rpv-cutoJf. 

During the next step an SBNN is trained for each subspace on data points containing only the values 
for the significant variables within a specific subspace. Such SBNN "basis functions" have few input 
nodes and should therefore be able to perform improved curve fittings due to a reduction in the 
number of local model parameters. Hence, the generalisation of interpolation pro·perties of the 
SBNN's for the different subspaces should be better as well. The SBNN model of each subspace is 
now employed to identify simple mathematical relations between a function and certain variables 
within a subspace. The remaining dimensions with unknown relations to the function can now be 
mapped during a further step by an even simpler SBNN. The result will be an empirical model 
consisting of a combination of phenomenological expressions and SBNN basis functions for the 
different subspaces. 

DYNAMIC SIMULATION OF THE CIL-PROCESS USING HYBRID SUBSPACES 

The hybrid subspace modelling strategy proposed above is illustrated using the carbon-in-Ieach 
(CIl) process for gold recovery as an example. The dynamic reactor model used here is similar to 
that described elsewhere [12], except that one component only (gold) is considered. For a single
component CIL-process, three kinetic reaction terms can be used in the materia) balance equations to 
describe the processes of mass transfer due to adsorption and leaching within the three relevant 
phases (i.e. /c - carbon phase,/o - ore phase and Ji - liquid phase). The nct mass transfer ji in the 
liquid phase over a single stage i in a CIl cascade is 

/1 = V.dC;ldr = QCi-I-QCi-/c+1o (I) 

subjected to a certain equilibrium relationship. V is the volume of liquid ih a stage, C is the liquid 
phase concentration, Q is the volumetric nov"Tate of liquid and r is the time variable. Similar 
dynamic material balance equations could be fonnulated for the ore phase and carbon phase, which 
should be dependent on the mode of countercurrent transfer of embon between stages. 

IfJi./c andlo are known under specific process conditions. the differential material balance equations 
of the reactor modd can be solved by nume·rical techniques. These three reaction terms can be 
e:-:prcssed in numerous ways through models constructed by means of different modelling 
techniques. If an adequate model for the process kinetics is available, values for ji, /c and 10 can be 
detem1incJ at each point in time Juring a simulation run. It is possible to obtain plant data where 
eitherJc orlo is dominant, so that it is possible to back-calculateji.!: and/~ from plant profiles of C, 
Cf (the loading on the activated carbon) and C (the grade of the ore) using discretised dynamic 
equations [1] such as Eq. (I). The values for / .. 1 (mass of ore in a specific stage) and W (mass of 
carbon in a specific stage) are also kno\vn. 

The rdationship betweenji,/c or 10 and the process conditions is described by a phenomenological 
model if adequate knowledge exists about the rate-controlling mechanisms. Usually this is not the 
case. and it is for this reason that a hybrid subspace neural net is used to capture such relationships. 
In effect the neural net models relate the values of each ofji,!: orlo to the process conditions within 
a specific region. A modified first order rate equation can also be used to capture this relationship, 
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where the rate "coefficient" is not a constant but a time-independent neural net function of the 
process conditions at that stage [13]. This generalised neural net kinetic model has been shown to be . 
useful in the simulation of a wide range of ill-defined hydrometallurgical and pyrometallurgical rate 
phenomena. As will be explained in the last section of this paper, this approach can be used only 
when the values of functions such as fi, Ic or!o can be estimated explicitly from dynamic profiles. 
When that is not the case, it is not possible to train the neural nets independent of the solution of the 
differential equations. 

In total 800 data points with values of M between 400-500 tonnes, W between 12-22 tonnes and C 
between 0.001 and 5 p.p.m. were used for training, while 400 data points were used as a test set. It 
was estimated that the data contained 15% Gaussian noise. The data vaiues ofJi ,Ic ,10, c, q and G 
were scaled logarithmically, while M and W were scaled linearly so that all scaled values were 
transformed into the range -3.5 to 3.5. A global SBNN consisting of 10 hidden nodes was trained, 
which in tum was used to perform the perturbation analysis. Since it is impossible to plot the rpv's of 
all variables in a five-dimensional variable space, it will be unsuitable to show a complete set of 
graphs for the rpv's within single dimensions. Only the rpv's of the reaction function Ic as a function 
of C (ignoring all other variables) are therefore shown in Figure 1. Although it should be possible to 
determine an rpv-culoffin an automated way, a suitable cutoff (rpv < 10%) was selected arbitrarily in 
order to illustrate this technique. 

rpv [%] 

100 

80 

60 

20 

oL-~~~~~~~~~~--~~~~----~--~ 

0.001 0.01 0.1 

t [g.m-3] 

-t -q o~ --M ···W 

Figure I. Rpv perturbation results for the reaction kinetics function Ic of the ell-process (2]. 

Evidently the reaction term Ic is significantly affected by both C and W throughout the variable 
space. Also notable is the strong effect of q on!c within the high C-region and the drop in 
significance of q in the region of lower C>values. The rpv's for (; and M remain relatively small 
through the predictor variable space, so that these two variables can be eliminated as variables for fc. 
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These observations are in agreement with predictions of a phenomenological"inodel. Similar results 
were found from rpv-plots forJi andlo. As expected, all five variables are significant predictors ofJi. 
A strong effect of q on Ji within the high C -region and the drop of significance of q towards the 
lower C -values enabled the division of the variable space of Ji into two subspaces at approximately 

C = 0.2 p.p.m. The perturbation results oflo confirmed its dependence on (; and M. The variable 
spaces of fi and Ic have now been subdivided into two subspaces each. The first subspace of Ji (for C 
> 0.2 p.p.m.) is five-dimensional, while the dimensionality of the second subspace (C < 0.2 p.p.m.) 
has been reduced to four. In the case oflc, its first subspace contains three dimensions (C, q and W), 
which is adjacent to the second subspace with dimensions for C and Wonly. The undivided variable 
space for 10 has two dimensions (C and M). 

During the following step, different simplified SBNN's were trained for the adj acent subspaces of 
each function . These subspace networks (two for Ji, two for Ic and a single one for 10) were used to 
identify simple mathem3.tica l relations between the functions and their variables [1,2] : 

Ic = W.rz where rz = f3( C ,q) if C > 0.2 p.p.m. 

rz = I.I( C) if C < 0.2 p.p.m. 

!o = M.rJ where rj = a(C) 

Ji = M.r) - W rz 

(2) 

(3) 

(4) 

The nonparametric nature of the hybrid subspace model is further reduced in the sense that rz and rJ 

are the only nonparametric (neural net) subdivisions of the modelling problem. The dependencies of 
Ji ,Ic and!o on M and Ware similar to those used in a phenomenological model [2,12] . As show11 in 
Figure 2, a hybrid subspace model containing five SBNN's (t\VO nets for each C -interval for rz and a 
net for rj) is more accurate than a five-dimensional SBNN model and approximates a 
phenomenological model . 
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Figure 2. Gold concentration profiles in reactor 1 of the C1l-cascade 
as predicted by the Cil-simulator [12) and two neural net models [2]. 
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NEURAL NET MODELLING OF GOLD CYANIDE ELUTION 

With the assumption of equilibrium throughout an elution column under aggressive pre-soaking 
conditions, a gold balance is written over the j'th section from the inlet of a column consisting of 

N sections of height Lili each: 
j.1 

S.Mr.p .(I-E).dq/dt + S.6h.{p.V .(I-E) + E} .dC/dt = V(C - t) (5) 
c c p 

. I 

where all the variables refer to the j 'th section, except for the concentration t J
' which refers to the 

previous section . S is the flow area of the column, V is the volumetric flow rate, £ is the void 

fraction in the carbon bed, p is the apparent density of the carbon , V is the specific pore volume 
c p 

of the carbon, q is the equil ibrium loading of gold on the carbon, ( is the time variable and h is the 
height variabl e. 

It is often difficult to formulate an explicit functional form for the complex relationship between q 
and process conditions. Therefore. a non-parametric method such as a neural network should be 
used instead to relate q to all the possible variables such as solution phase concentrations, 
temperature, pre-soaking conditions and the loading history of the activated carbon. Especially in 
mUlti-component elution it becomes very difficult to estimate independently the dependence of the 
various metals on process conditions; when neural nets are used this step-wise estimation of 
parameters becomes unnecessary. The 10 input nodes in the neural nets used here are related to the 
solution phase concentrations Co and the initial loadings q . of elements i, i.e. gold, silver, copper 

0 . 1 

and nickel, the concentration of potassium in solution C K' and the loading of cyanide decomposed 

or adsorbed on the carbon Cf
N

. The four output nodes refer to the loadings qj of elements i, i.e. 

gold, silver, copper and nickel. A training set of 850 vectors and a test set of 200 vectors were 
used. Three or four hidden nodes were required to give an adequate representation of the data. 
Hyperbolic tangent processing elements were used, so that low valued and high valued loadings 
were treated equally. A net having the same input and hidden nodes but only a single output node 
yielded similar results, but was slightly easier to train. As a result of the non-linearity of the 
equilibrium relationships , these nets required at least 50 000 iterations to stabilise and were · 
therefore relatively slow to train. A hyhrid subspace model co·uld also have been used . Satisfactory 
agreement was obtained between measured and predicted gold loadings on the carbon. 

THE INVERSE PROBLEM IN DYNAMIC MODELLING 

Usually only concentration C versus time ( data are available to estimate parameters, or to train a 
neural net embedded in a system of differential equations such as Eqs. (I) and (5). The problem is 
that the t - q equilibrium relationship to be simulated using a neural net is often unknown, but 
indeed required to solve the differential equations. In Eq. (1) the data required to train such a 
neural net can be back-calculated from discretised dynamic data, but in the case of Eq. (5) that is 
not possible. In fact , the trained neural net is required to solve the host differential equations, and 
vice versa. the neural net cannot be trained independently from the solution of the differential 
equations. This means that an invers~ problem exists which has not been addressed in the 
literature on neural nets . It could have been argued that it is easier to apply a single neural net to 
the entire set of C - t data without formulation of a set of differential equations, but this would 
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IOnecessarily increase both the dimensionality and the non-linearity of the neural r.et. It has been 
lttempted to incorporal.':: the differential equations into the architecture of a modified recurrent net 
md then to solve this inverse problem. Nevertheless, this has not been found to be a viable option 
)wing to the complexity of training .such a recurrent net. If this problem could be solved, it will 
tHow the identification of complex hydro metallurgical processes using neural nets within the 
,tructure of more fundamental equations. 

CONCLUSIONS AND SIGNIFICANCE 

The CIL process and the elution of gold in a column of activated carbon were used as case studies to 
demonstrate how neural nets could be incorporated in an overall dynamic material balance. In the 
CIL model dimensionality was reduced by defining a hybrid subspace model, which consists of 
mathematical relations and SBNN models for adjacent variable subspaces with different 
combinations of dimensionality. This model showed a substantial improvement in its generalisation 
properties over its SBNN counterpart of full dimensionality. In contrast with the CIL process, it is 
more difficult to estimate sub-processes from dynamic process data in the case of gold elution. 
The problem is often that a trained neural net is required in the solution of a system of differential 
equations in order to describe plant dynamics. while training data are not available prior to 
solution of the differential equations. This means that it is not feasible to train standard neural nets 
in such an inverse problem. Nevertheless, this paper shows that neural nets, if applied innovatively, 
can be used as tools for the modelling of ill-defined systems in hydrometallurgical processes. 
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THE SIMULATION OF ILL-DEFINED METALLURGICAL PROCESSES USING A NEURAL NET 
TRAINING PROGRAM. BASED ON CONJUGATE-GRADIENT OPTIMIZATION 

T. J. van der Walt, J. S. J. van Deventer 

Department of Metallurgical Engineering, University of Stellenbosch, Stellenbosch, 7600, South Africa 

E. Barnard 

Computer and Electronics Engineering Department, University of Pretoria, Pretoria, 0001, South Africa 

Abstract. Most metallurgical processes are ill-defined in some way owing to their complex natures. 
This causes difficulty to construct adequate phenomenological models for such processes. It is 
shown in this paper how neural nets (NN's) can be used to model ill-defined reaction systems by 
using a typical metallurgical process, such as carbon-in-Ieach (CIL). 

Multi-dimensionality (a high number of system variables), which causes problems for modelling, is 
investigated. It is then illustrated how a NN trained with noisy data can be emp!oyed to reduce 
dimensionality by following two approaches. Firstly, the influences of the system variables are 
quantified with a perturbation analysis technique, Less significant variables are then eliminated from 
a specific part of the operating domain. Secondly, the NN is used successfully to identify 
mathematical relations between system variables and functions. If a relation is known, it can be 
expressed mathematically. The iII·defined process domain thus shrinks further, Eventually the non
defined variable space has a low dimensionality, The relations between functions and these variables 
can more easily be learned with NN's. Such a simplified NN-model is then incorporated in a dynamic 
simulator to predict the performance of the reactor system, and compares extremely well with a 
phenomenological model simulator, A new approach to conduct process identification on the basis 
of continuous data is also proposed. 

Keywords. Adsorption, multi-dimensionality, neural nets, perturbation analysis. 

INTRODUCTION 

The problem with most unit operations and metallurgical 
processes is that they are ill-defined in some way. This 
places an obligation on the modelling engineer to 
construct adequate mathematical models to be fully 
representative of the whole system. In weakly-defined 
systems, such models are usually domain-specific and 
unreliable. The carbon-in-Ieach (CIL) process will be used 
here to illustrate the proposed theory of neural net (NN) 
modelling. 

Recently KBS has been applied increasingly in treating iII
defined problems, especially in the chemical industry. 

. Reuter, Van Deventer and Van der Merwe (1991) 
explained the application of KBS to the simulation of CIP
and CIL-circuits. From batch reactor simulations, they 
constructed system variable profiles (such as gold 
concentration and gold-Ioading-on-carbon profiles) which 
were coupled with the kinetics of the adsorption and 
leaching processes through a data base. 

The search for a technique which has the ability to analyze 
a "black-box' system effectively is still continuing. Such a 
technique should be able to construcra mapping between 
system variables and parameters so that this relational 
mapping can be implemented as a "black-box" model. 
Most importantly, it should have the ability to learn 
relations within those system domains which cannot 
readily be modelled by means of conventional techniques. 
The connectionist network-approach studied here'seems 

to be a promIsIng modelling tool to cover the 
abovementioned gaps in the metallurgical modelling toolkit. 

A further major problem for any modelling expert is the 
question of multi-dimensionality. The amount of 
information (such as system data points) required to 
model a process adequately, increases exponentially with 
a rise in the number of process variables, which in turn 
has an influence on the process performance. In order to 
explain this, consider a function f to be depicted on an m
dimensional variable space Rm. If YI is the average 
number of data points necessary within the jlh dimension 
to represent the whole system sufficiently, tile minimum 
number of data pOints needed will be 

m 

p = nYI 
1-1 

(1 ) 

It should now be clear that the addition of every 3ingle 
dimension will cause an exponential decay in information 
contained by a specific set of information for a system. 
This problem will also be addressed using the CIL
example. Also, the process of training a NN-model is 
much more complex for a system of higher dimensionality, 
owing to an increase in complexity of the total mapping 
with every additional variable. It will be shown how 
automated perturbation analysis can be performed by 
means of a trained NN and its training data set in order to 
quantify the degree of influence 01 the separate process 
variables on the different functiOrl surfaces. Having done 
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so, variables which are identified as 'Iow-key" variables 
within a certain domain of the system, can be eliminated 
and dimensionality is reduced accordingly. 

DIRECT MODELLING OF A 
CONTINUOUS REACTOR 

In practice a model compiled on batch data needs, almost 
without exception, to be adjusted considerably if it is to be 
incorporated in a simulator for a continuous system. 
Hence, it is proposed here that process identification 
should be conducted preferably on the basis of continuous 
data 

The dynamics of a continuous re actor can be described 
by performing material, energy and momentum balances 
over the reactor. A typical material balance equation for 
substance X in a CSTR is: 

dX 
t - = X", - Xour + f 

dt 
(2) 

1 represents the reaction(s) which take place within the 
reactor. This reaction term can be expressed in terms of 
the other three terms of the laHer equation: 

f = 
dX t--X/n+X ur dt 0 

(3) 

The terms on the righthand side of equation 3 should be 
measurable so that 1 can be calculated with this 
expression. At the same instant when 1 is determined, 
some other process variables which might probably have 
an influence on 1, are evaluated as well and combined 
with 1 to form a system data point. All such data points 
are put together to make up an information data set, which 
can be used by the modelling engineer to develop a model 
in some way or another. In the case of a NN modelling 
approach, this data set is employed as a 'training set· by 
a NN training program to learn the relations between the 
different process variables and functions. 

NEURAL NETS 

Various NN-topologies have been proposed. However, 
recent success in connectionist network research is mainly 
attributed to the achievements in multilayer perceptrons 
with backpropagation training algorithms. The architecture 
and training algorithm of the three-layer perceptron used 
here will now be discussed briefly. 

NN-architecture 

Figure 1 illustrates the NN used for the purpose of this 
paper. The three-layer perceptron consists of three layers 
of nodes, viz. (1) an input layer, (2) a single hidden layer 
and (3) an output layer. Nodes of adjacent layers are 
connected and these connections quantified with weights. 
The weight matrix of a trained NN contains the information 
about a system under investigation. Each node is 
characterized by an activation function (linear or sigmoidal 
in this case). During a feedforward calculation of the NN, 
the values for the system variables as contained in a 
training data point, are fed as inputs to the input nodes. 
Each system variable is associated with a different input 
node. An additional input node, the bias node with a 
constant value of 1, provides extra degrees of freedom 
which enables a fitted curve to be moved up or down in 
the variable space. The activities of the input nodes are 

Input 
layer 

hidden 
layer 

output 
tayer 

Fig. 1: Architecture of a three-layer perceptron 

calculated by their activation funct ions, which are linear In 
this case. They simply take the values of the system 
variable inputs. The inputs to the hidden and output 
nodes are calculated by adding the products of the 
activities of all nodes in the previous layer with the 
corresponding weights of the connections which attach the 
separate nodes in the previous layer to the specific node. 
The activities of the hidden nodes are calculated with the 
sigmoidal squashing function (act = 1/(1 +exp(-input))), 
while the output nodes are linear again. The outputs of 
the NN are equal to the activities of the output nodes. 

Training a Neural Net 

The training process of NN's is an important part of NN
research. It involves optimizing a weight matrix of a NN so 
that the NN will memorize the mapping between a number 
of system variables and functions. The backpropagation 
alyorithm, as described by Rumelhart, Hinton and Williams 
(1986), is used by the NN training program, which 
incorporates the conjugate gradient (CG-) optimization 
algorithm with restart procedures of Powell (1977) as 
optimization method. During each training iteration all 
weights of the NN are adjusted in such a way as to 
decrease the value of an objective function. Most NN 
training programs. employ the LMS-error function as 
objective function and the net used here is no exception. 

Mainly two steps can be identified during each iteration of 
training, viz. 
1. determining the error-weight gradients of each 

weight in the network by presenting all training 
examples once to the net; 

2. adjusting the weight matrix by means of an 
optimization method. 

The first step in calculating the error-weight gradients (step 
1) is performed in the following substeps, for each training 
example respectively: 
(i) A trairing example is fed to the input layer. The 

activities of all nodes in the net are calculated 
during a feedforward step as described in previous 
paragraphs. 

(ii) The value of the error function at each output node 
is calculated. 

(iii) During a backward sweep the error-weight 
gradients throughout the whole weight space are 
determined via the procedure of backpropagation . 

It is vitally important that an effective optimization method 
be used during step 2. The CG-method is usually able to 
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. locate a minimum of a multivariate function much faster 
than the momentum algorithm which is customarily 
employed with backpropagation. Furthermore, its memory 
usage Is In the order of N (number of weights) locations. 
Also Important to note is that the CG-technique eliminates 
the choice of critical parameters, such as the learning rate 
and momentum parameters of the momentum algorithm. 
On the other hand, like all gradient descent optimization 
techniques, the CG-algorithm can converge' into local 
minima, which is a major drawback. 

MODELLING A TYPICAL 
METAllURGICAL PROCESS 

A known phenomenological model for the Cll·process 
was used to generate data points during a single 
simulation run of a continuous CIL simulator for as-stage 
cascade. These data points were determined at 
consecutive time steps for all 5 stages in the cascade, and 
the data points represented a very broad and practical 
range of the Cll-variable space. It constituted a training 
set which could be used to train a NN-model for the CIL
system. It is shown here how a NN-model for a specific 
ore and carbon type can be developed and refined by 
analyzing the training set, quantifying the influence of the 
different variables and by reducing the dimensionality 
accordingly. 

Fig. 2: Schematic diagram o( the CIL-cascade 

The mass balances of the gold in the different phases are 
described by equations 4 to 6 and were constructed for 
the cascade illustrated in Fig. 2. With the exception of the 
first and last reactor stages, these balance equations are 
applicable for each intermediate stage in the Cil-cascade, 
as portrayed schematically in Fig. 2. C is the gold 
concentration in water, q represents the gold loading on 
the carbon and G the degree of gold in the ore. 
Volumetric fractions for water (I), carbon (c) and ore (0) . 
are expressed by €. 

Gold balance in liquid phase (or the i1h stage: 

dCI 
(I V;-

, dt 
eliot Q C 

( ( + ( ) ',., I., 
',..1 0,..1 

(4) 

Gold balance on carbon (or the I~h stage: 

dql 
~-dt 

Gold balance on are (or the i1h stage: 

dGI M
I dt 

(5) 

The volumetric flow rate of the overflow slurry stream (O[s) 
can be calculated as follows: 

(7) 

O[ is tile volumetric flow rate of the slurr y input to the first 
stage. During the intervals when no carbon transfer takes 
place, as is non-existent and a,s equals Of for all stages. 

'I ' '2 and '3 are the l<inetic reaction terms and are 
described by the following equations according to the film 
diffusion model for adsorption and an empirical expression 
for the process of leaching: 

f2 - 6 k,WI (C _ C ) (8) d I ., 
Pc c 

fJ - - kl MI ( GI - GI-)2 (9) 

f, - -(f2+ f3) (10) 

A Freundlich isotherm describes equilibrium at the carbon 
surface, so that 

(11 ) 

where A and n are the equilibrium parameters, specified to 
be 6 and 0.2 respectively for the specific carbon. Further 
specifications of the carbon is a density (Pd of 900 kg.m-3 

and an 3verage particle diameter of 1.4mm. The 
adsorptive and leaching coefficients (kf & k,) are assumed 

. 10.5 -1 d 12k -I-I to remain constant at m.sec an . gore.gAu .sec 
respectively. The grade of gold in the ore at infinity (Gj 

O~ k -I was specified to be 8x1 gAu' gore . 

During a typical simulation run with the phenomenological 
model simulator, (1' (2 and '3 were calculated and the 
values of C, q, G, M (mass of ore in the reactor) and W 
(mass of carbon in the reactor) registered together with 
the three reaction terms. At random values for M (400-500 
tons) and W (between 10 and 25 tons) were generated at 
each time step for every stage. This was done at fixed 
reactor volumes of 750m3 for all stages. The values of 'I' 

'2 and '3 of these data points (variable-function pairs with 
5 input variables and 3 output functions) were then 
randomly corrupted with 20% Gaussian noise. The first 
training set thus contained noisy data which is typical of an 
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industrial system. After scaling the values of the data 
points, this training set was employed to train a NN which 
in turn was used to perform perturbation analyses on the 
training data set. 

Training the Neural Net 

It is important largely lor three reasons to scale the input 
and output values of the variable and function values. 
Firstly the input node activities of the NN should be 
bounded so that the weights between the inputs of the 
sigmoidal hidden nodes are sensible (their absolute values 
should not be too large). This will cause extremely slow 
training convergence. Secondly it is imperative that the 
input values to the net are of the same absolute order. 
During training each weight is adjusted according to the 
overall smallest error-weight gradient. The error-weight 
gradient is directly proportional to the magnitude of tile 
input node according to back propagation. A very small 
input node will thus prevent the weight that connects it to 
the hidden layer, to make a significant contribution to the 
objective function and will slow down the training process. 
Thirdly, whilst learning is complicated if highly curved 
function surfaces should be found, NN's can easily learn 
smooth relations. 

For these reasons, the values of the input-output pairs are 
scaled as illustrated in Fig. 3. The variables C and Q 

varied over 3 to 4 orders of magnitude (±0.OO1 to ±10) 
and were effectively scaled logarithmically. In order to do 
comparable perturbation analyses the range of all scales 
variables was specified to be between approximately 4 and 
-4. NN's with activation functions such as this seem to 
control such input ranges effectively. All variables were 
scaled accordingly. 

Six NN's with 12 hidden nodes each and different random 
weight matrices at the start of the training runs, were 
trained on a 2000 noisy data point training set constructed 
as described earlier. The training results are displayed in 
Table 1. From these results it is clear that NN's handle 
noise well. The average absolute errors (normalized as a 
% of 4), when compared to the "true" scaled 
phenomenological model calculations for the input variable 
values in the training set, show that the trained neural nets' 
predictions of f 1, f 2 and f 3 are much closer to the desired 
scaled values as is the case for the noisy scaled function 

Fig. 3: NN (AJ trained on noisy da la (or the CIL-process 

TABLE 1 Training Results of 6 NN's converged upon 
by a Training Set with 20"&> Gaussian noise on f 1...k~ 
- (an nels have 12 hidden nodes, but different random weight 
matrices at the start of the tralnhlQ runs) 

Number of training Average absolute error normalized 8S 'lC. 
iterations of 4 

Noisydala I NN·prediclions 

1567 3.34 1.57 
1106 3.22 1.48 
3455 3.56 1.20 
2825 4.21 1.52 
3214 3.21 1.31 
1918 3.67 1.47 

2348' 3.54' 1.42' 

values. Note tllat Ihese errors were calculated as the 
average absolute differences between the specific scaled 
function values and the model· predicted scaled function 
values ("true" scaled values) for all training data points and 
over all three output nodes. The number of training 
iterations is also significantly lower than would have been 
the case for a training program with a momentum 
optimization algorithm. 

One of these NN's was used to complete a perturbation 
analysis on the training set. This net will be referred to as 
NN (AJ below. 

Automated perturbation analyses 

It is very difficult and sometimes impractical to perform a 
perturbation analysis on noisy data points gathered from 
an industrial system. Some techniques such as factorial 
design have been developed to analyse data points of an 
ideally defined system. Noisy data limit the applicability of 
such linear perturbation techniques. 

A NN automatically identifies smooth function curves which 
enable its convenient use in perturbation analysis on the 
whole system. This is done in the following manner: For 
a given variable space coordinate the value of a function 
is calculated by the trained NN (note that the scaled NN 
output value is scaled back to the function value). This 
predicted value is the perturbation midpoint. The scaled 
value of a specific variable is now adjusted to both sides 
of the midpoint with the same constant absolute value, 
while the other variables are kept constant. The values of 
the function at these two new coordinates are predicted by 
the NN. The absolute differences between the midpoint 
and the two discriminate perturbated function values are 
divided by the absolute midpoint value, and the average of 
these two relative values calculated. This average is 
expressed as a percentage (see Table 2). This is done for 
all variables (dimensions) for a specific data point. At a 
specific location within a system's variable space the 
influences of the different variables on the separate 
functions are now quantified so that the magnitudes of 
these average perturbated values can be compared 
directly. Non-significant variables can now be eliminated 
from the variable space within the relevant domains. 

For this specific CIL·system where the input variables were 
scaled between 4 and -4, a low constant value of 0.1 was 
selected to adjust a certain variable value to both sides of 
the midpoint. The normalization constant is chosen to be 
0.1, which wi ll prevent the NN from being used in its highly 
inaccurate extrapolative domain. The importance of 
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TABLE 2 Perturbation results of five randomly 
selected data points, using NN fA) 

Data pofnt coordinates 

data Cxlo' cp;lo' Gxl0' M W 
poInt C [g.m", [g.kg·'] [g.kg·'] [tons] [tons/ 

1 3340 7380 5.0 450 18 
2 750 4610 3.1 
3 125 1500 2.2 
4 26 337 1.6 
5 8 91 1.3 

Average relative perturbation values for' 1: 

1 29.25 33.64 14.07 1.57 3.12 
2 11.75 3.65 1.62 0.52 2.00 
3 29.02 1.14 3.01 0.14 2.90 
4 32.82 0.65 11.45 0.48 2.97 
5 61.91 2.10 35.93 1.84 8.15 

Average refa tive perturbation vafues for ',: 

1 26.92 22.84 6.16 0.74 1.63 
2 10.05 1.47 1.89 0.43 1.62 
3 22.68 3.49 0.62 0.33 2.41 
4 23.58 0.57 2.01 0.09 1.96 
5 24.96 0.44 6.02 0.24 2.02 

Average relative perturbation values for ':l: 

1 0.32 0.61 1.24. 0.15 0.05 
2 0.64 0.55 8.01 0.71 0.05 
3 0.99 0.27 10.09 0.46 0.28 
4 0.08 0.19 12.19 0.44 0.09 
5 0.23 0.68 14.13 0.34 0. 13 

scaling all variables to approximately the same range 
should now be apparent. Perturbation analysis was done 
on each data point of the training set for C, q, G, M and W 
consecutively, and their influences on all three functions f I' 

f2 and f3 determined. To illustrate the effectivity of this 
proposed technique, 5 randomly chosen data points of the 
training set are used to do perturbation analyses with NN 
(A). The perturbation results are summarized in Table 2. 

Perturbation calculations for the gold concentration C 
show that functions'l and f2 are very sensitive to changes 
of C, while C does not have any significant influence on (3 · 
The gold loading q seems to be strongly related to " ana '2 at high gold-concentrations and -carbon-loadings, but 
loses this effect rapidly towards lower values for these 
system variables. This corresponds with the model 
predictions generated in terms of the exponential 
Freundlich isotherm. Again q has a negligible effect on '3· 
Although the perturbation results for the gold grade G are 
less apparent for these 5 data points, it could be shown 
that G has higher perturbation values for functions " and '3 than for f2: It should be noted that the range of a 
specific variable plays a si9nificant role in the order of 
magnitude of the perturbation values. For example, M 
varies from 0.4-0.5 tons, while C can take ~ any value 
between approximately 0.001 and 10 gAu.m- . According 
to the CIL-phenomenological model, any perturbative 
change of a log-scaled C which is done with the same 
perturbation constant as employed for a perturbation 
analysis on M, the former will register a higher sensitivity 
level than for a linearly-scaled M or W. This is the reason 
for Ihe lower order perturbation values of M and W The 
same principle holds for M and W mutually. W spans over 
a wider relative ran!;le than M. Hance, Table 2 shows that 
W has a more significant effect on '2 than on (:\' and vice 
versa for M. The perturbation results thus conform with all 
phenomenological model properties. 

Consequently, these results can be used to simplify the 
system. G and M are eliminated as variables for '2' while 
the same is done with C, q and W in the case of '3. A cut
off point in the q-dimension for' 2 is identified at q = 1. This 
is done af1er realizing the unimportance of q at low q
values. The simplified NN-system will. thus employ. tw.o 
different NN's for the two separate q-Intervals. ThiS IS 
described later. 

A simplified NN-model 

As was expected, the perturbation results showed that' I ' '2 and '3 are functions of the following variables for specific 
ore and carbon types: 

(or q > 1 g_kg- 1: 
fl'= t(C, q, G, M, W) (12) '2 = e(C, q, W) (13) 

'or q < 1 g_kg-l: 'I = t(C, G, M, W) '2 = e(C, W) 

'or al/ vafues a' q: '3 = ¢(G, M) 

(14) 
(15) 

(16) 

Identifying mathematical relations . NN (AJ was also used 
to confirm the linear relationships between '2 & W, as well 
as (3 & M. In the case of '2 & W the first three data points 
of Table 2 are used to illustrate how this is done. For 
each of these data points the value of W was varied within 
its data range, while the values of tile other 4 variables 
remained constant. '2 was calculated with NN (AJ at 
different W-values for each data point. These NN
predictions of' 2 were plotted against W for each data point 
in Fig. 4. This figure confirms the direct proportionality 
between '2 and W The linear curves can be forced 
through the origin, so that f2 can be expressed as follows: 

'2 = W.r2, 
where r2 = a(C, q) if q > 1.0 
and r2 = a(C) if q < 1.0. 

(17) 

The same procedure was performed for '3 and M, and 
equation 18 displays the simplified functions. 

f3 = M.r3, 
where r3 = B(G). 

(18) 

It was assumed that some a priori knowledge about the 
CIL-system is available. It should be highlighted that the 
NN approach that is proposed here does not tend to 
replace all existing modelling techniques and available a 
priori knowledge about the system. This modelling 
approach should contribute to the modelling toolkit. If it is 
a known fact that the gold mass balance in the liquid 
phase is dependent on an adsorption and leaching 
process, equations 17 and 18 can be combined to 
describe ,, . 

(19) 
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0.8 date point 1 
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0 .2 
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Carbon mass In slnllie reactor (W) I tonsl 

Fig. 4: Relation between '2 and W 
as predicted by NN (A) 
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Fig. 5: Comparison between Concentration Profile 
Simulation Results for stage 1, as predicted by the 

CIL-simulator incorporating different Models. 

According to these relationships, a simplified NN-model 
(NN-modell) with three NN's (two nets for each q-interval 
for'2 and a net for (3) was constructed. These NN's were 
trained on exactly the same training data with the 
exception that the data set did not contain noise. The 
NN's of r3 and r2 (lower q-range) had only one input node 
(the bias node ignored), while the NN for r2 within the 
higher q-range was specified to have two input nodes. 
The dimensionality of the "ill-defined" parts of the system 
has been reduced considerably from a 5-dimensional one 
to an ill-defined dimensionality of only 2 (function r2 for q 
> 1.0) and 1 (functions r2 for q < 1.0 and r3) by means of 
the two techniques described above. NN-model I was 
used to replace the phenomenological model in a dynamic 
Cil-cascade simulator: At each time step, '1' '2 and '3 
were calculated by equations 17, 18 and 19. 

Comparing simulation results. Another NN-model (NN
model/l) consisting of three NN's (one net for each of '1> 
'2 and (3) was trained with the same data points used for 
training NN-model I. Each one of these NN's had five 
input nodes for the five variables as explained. The 
reason for splitting up the different output features of NN 
(A) was to simplify the training processes to find suitable 
mappings between '" '2 and '3 and the 5-dimensional 
variable space more easily. The training sets for these 
NN's were also noiseless. The convergence errors for 
these trained NN's compared well to the convergence 
errors of the NN's in NN-mode". NN-modelll was also 
incorporated in the simulator and the simulation results of 
the two NN-model simulators compared to the results of 
the phenomenological model-simulator. All NN's of NN
model I and II were defined to have 7 hidden nodes. The 
number of NN-weights (degrees 01 freedom) of the two 
NN-models are thus the same, so that their simulation 
results can be compared as well. Some simulation results 
of reactor stage 1 for the three models referred to, are 
shown in Fig. 5. 

The simulation results with NN-modell are highly superior 
to the results of simulations with NN-model /I, il compared 
to the simulation results of the phenomenological model
simulator, which are viewed to be the standard. This is 
mainly due to a large reduction in dimensionality and an 
associated improvement of the model. 

CONCLUSIONS 

A new approach to conduct process modelling on the 
basis of continuous data collected directly from an 
industrial reactor, was proposed and applied to modelling 
a Cil-process. Multi-<limensionality as a problem to any 
modelling technique, was addressed with different 
approaches which utilized a NN trained on noisy data. 
The dimensionality was reduced and a very accurate NN
model could be constructed for the Cil-process_ This 
model was incorporated in a dynamic simulator which 
predicted the performance of the Cil-process successfully. 

Critics of NN's as modelling technique have valid doubts 
if the dimensionality-problem is not solved adequately. 
Further work is conducted to refine and automate the 
proposed techniques for reducing dimensionality. This 
also includes the design of a new NN-topology which 
should be able to reduce dimensionality, even within the iII
defined variable space. 

REFERENCES 

Powell, M.J.D. (1977). Restart procedures for tile 
conjugate gradient method. Mathematical 
Programming, Vol.12, pp. 241-254 . 

Reuter, M.A., Van Deventer, J.S.J., Van der Merwe, I.W. 
(1991). Tile application of Imowledge-based 
systems to the simulation of gold extraction 
processes. Minerals Engineering, Vol.4, No.2, 
pp. 103-119. 

Rumelhart, D.E. , Hinton, G.E., and Williams, R.J. (1986) . 
Learning internal representations by error 
propagation, in Rumelhart, D.E. and McClelland, 
J.L (Eds.), Parallel Distributed Processing, Vol. 1 , 
MIT Press, Cambridge. 

LIST OF SYMBOLS 

C Gold concentration [g.m-3] . 

d Average diameter of solid particle [mI . 
I Reaction term in mass balance. 
G Gold grade in the ore [g.kg-'] . 
k, Adsorption constant [m.sec-\ 
k, leaching constant [kg.g-1.sec·']. 
M Mass of ore in a single reactor [kg]. 
p Density [kg.m-3]. 

Q Volumetric slurry now rate [m3.sec-1] . 

q Gold loading on the carbon [g.kg-1j 
t Time [sec] . 
V Reactor volume [m3]. 

W Mass of carbon in a single reactor [kg] . 

Greek symbols 

E Void fractions. 
1 Residence time of reactor stream [sec). 

Subscripts 

c Carbon. 
I Liquid phase. 

i1h reactor or stage. 
in Reactor entrance stream. 
o Ore. 
out Reactor exit stream. 
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