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Synopsis

Artificial

intelligence

Knowledge

has provided several techniques

with applications

in manufacturing.

based systems, neural networks, case based reasoning, genetic algorithms

fuzzy logic have been successfully employed in manufacturing.

and

This thesis will provide the

reader with an introduction and an understanding of each of these techniques (Chapter 2 & 3).

The intelligent manufacturing
several

components:

management,

process can be a complex one and can be decomposed

intelligent

design,

intelligent maintenance

intelligent

and diagnosis,

process

planning,

intelligent

intelligent

scheduling

into

quality

and intelligent

control. This thesis will focus on how each of the artificial intelligence techniques

can be

applied to each of the manufacturing process fields.

Chapter 5

Chapter 6

Chapter 7

Chapter 8

Chapter 9

Chapter 10

Knowledge based
systems
Neural networks
Fuzzy logic
Case based reasoning
Genetic algorithms

Manufacturing

intelligence can be approached from two main directions: theoretical research

and practical application.
thesis are approached

Most of the concepts, methods and techniques

discussed

in this

from a theoretical research point of view. This thesis is also aimed at

providing the reader with a broader picture of manufacturing

intelligence and how to apply

the intelligent techniques, in theory.

Specific attention will be given to intelligent scheduling as an application (Chapter 11). The
application

will demonstrate

how case based

scheduling within a small manufacturing

reasoning

can be applied

in intelligent

plant.
iii
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Opsomming

Kunsmatige

intelligensie

'n

bied

vervaardigingsomgewing.

verskeidenheid

Kennis baseerde

tegnieke

sisteme,

neurale

en

toepassings

netwerke,

gevalle

in

die

basseerde

redenasie,

generiese algoritmes en wasige logika word suksesvol in die vervaardigingsopset

toegepas.

Dié tesis gee die leser 'n inleiding en basiese oorsig van metodes om elk van die

tegnieke te gebruik (hoofstuk 2 & 3).

Die intelligente
verskeie

komponente:

gehaltebestuur,
skedulering.

is 'n komplekse

vervaardigingproses
intelligente

intelligente

ontwerp,

onderhoud

proses en kan afgebreek

intelligente

en diagnose,

prosesbeplanning,

intelligente

kontrole

word in

intelligente
en intelligente

Hierdie tesis sal fokus op hoe elk van die kunsmatige intelligente tegnieke op elk

van die vervaardigingprosesvelde

toegepas kan word.

Hoofstuk 5

Hoofstuk 6

Hoofstuk 7

Hoofstuk 8

Hoofstuk 9

Hoofstuk 10

Kennis gebaseerde
sisteme
Wasige logika
Neurale netwerke
Gevalle baseerde
redenasie
Generiese algoritmes

Vervaardigingsintelligensie
ondersoek

kan vanuit twee oogpunte benader word, naamlik 'n teoretiese

en 'n praktiese aanslag. Die meeste van hierdie konsepte, metodes en tegnieke

word in hierdie tesis vanuit 'n teoretiese oogpunt benader. Die tesis is daarop gerig om die
leser 'n wyer perspektief

te gee van intelligente

vervaardiging

en hoe om die intelligente

tegnieke, in teorie, toe te pas.

Spesifieke aandag sal gegee word aan intelligente skedulering as 'n toepassing (Hookstuk 11).
Die toepassing

sal demonstreer

hoe gevalle

baseerde

redenasie

toegepas

kan word in

intelligente skedulering.
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Every

few hundred years in Western history there occurs a sharp transformation.

Within

a few short decades, society rearranges itself - its worldview; its basic values;

its social and political structure; its arts; its key institutions. Fifty years later, there is

a

new world. And the people born then cannot even imagine the world in which their
grandparents

lived and into which their own parents

living through just such a transformation

were born. We are currently

(Drucker, 1993).

v
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1. ARTIFICIAL INTELLIGENCE
Artificial Intelligence is the area of computer science focusing on creating machines that can
engage

in behaviours

machines

has intrigued humans

computers,
systems

that humans consider

intelligent.

The ability to create

intelligent

since ancient times, and today with the advent of the

the dream of smart machines

has become a reality. Researchers

which can mimic human thought, understand

are creating

speech, beat the best human chess

player and countless other feats never before possible.

1.1 What is Intelligence?

What is meant when it is said that someone is intelligent? Is it that they are for example, very
good at mathematics
understanding
musicians?
visible

and

or translating
manipulating

foreign languages? These people are certainly good at
abstract

They are clearly intelligent

concepts.

What

about

because they are creative.

poets,

novelists

and

Indeed, intelligence

is

in almost every form of human activity - ability to adapt, learn new skills, form

complex

relationships

differentiates

and societies.

Much of this appears to be unique to humans and

us from all other species. It might be said that all of these aspects of life and

behaviour can be attributed to the fact that one is conscious.

Unfortunately,
However,

there is no precise, widely agreed upon definition of the word consciousness.

most have an intuitive sense of what is meant by the term. Consciousness

or

cognition is a sort of awareness - of self, of interaction with the world, of thought processes
taking place, and of one's ability to at least partially control these processes.

It seems doubtful whether true intelligence can ever arise in the absence of consciousness.
Perhaps, one might take the view that intelligent behaviour is the outward sign of a conscious
being. So any machine which could display human-like intelligence qualities, could be said to
be conscious.

1
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Alan Turing, who in 1950 invented a test which results could be used to determine whether in
any practical sense, a machine could be said to be conscious, took this point of view.

The test is quite simple. One would enter a room and encounter two terminals: one terminal
connects with a computer, and the other interfaces with a person who types responses. The
goal of the test is to determine which terminal is connected with the computer. One is allowed
to ask questions, make assertions, question feelings and motivations for as long as you wish.
If you fail to determine which terminal is communicating

with the computer or guess that the

computer is the human, the computer has passed the test and can be said to be 'conscious'.

Turing invented his test at a time when it was thought that mind-like computers might be only
fifty years away. A whole new science was born with the aim of producing such intelligent
machines - the subject of artificial intelligence.

Some philosophers

maintain that the phenomenon

of consciousness

cannot be ascribed to

purely physical processes (the cooperative firing of networks of neurons). There is a famous
argument

due to John Searle in 1980 which attempts to refute the Turing test, as a way of

assessing consciousness.

In his argument one imagines a non-Chinese speaking person sitting in a room with a long list
of rules for translating strings of Chinese characters into new strings of Chinese characters.
When a string of characters is slipped under the door, the person consults the rules and slips
back an appropriate
questions

response under the door. If the incoming strings actually represented

(like a Turing test), then a particularly

conceivably

clever and exhaustive

set of rules could

allow the person in the room to produce outgoing strings that furnished answers

to the questions.

From the point of view of a person outside, the room would seem to contain an intelligent
person

who is responding

understanding

to the questions.

But yet the person

in the room has no

of the content of these questions - he or she is merely acting out a set of rules.

In other words, while a machine can be programmed to mimic the effects of intelligence,

it

would never be truly conscious. While this criticism may be applied to the old style of AI,
rule based AI systems rather similar to Searle's Chinese room exist and have met with some
success - they are called expert systems.
2
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1.2 What is Arlificiallntelligence?

Artificial

Intelligence

is a combination

of computer science, physiology,

and philosophy.

Artificial intelligence is a broad topic, consisting of different fields, from machine vision to
expert systems.

In order to classify machines as "thinking",

it is necessary to define intelligence in terms of a

machine's capability to think and make decisions. To what degree does intelligence consist of,
for example, solving complex problems, or making generalisations

and relationships?

What

about perception and comprehension?

Research into the areas of learning, language, and of sensory perception has aided scientists in
building

intelligent

machines.

One of the most challenging

approaches

facing experts is

building systems that mimic the behaviour of the human brain, which is made up of billions
of neurons, and which is arguably the most complex matter in the universe.

The beginnings of artificial intelligence reach back before electronics, to philosophers
mathematicians
foundation

such as Boole and others, theorising

of artificial

intelligence

logic. Artificial

and

on principles that were used as the
intelligence

really began to intrigue

researchers with the invention of the computer in 1943. The technology was finally available
to simulate intelligent behaviour.

Artificial intelligence has always been on the pioneering end of computer science. Advanced
level computer

languages, as well as computer

interfaces and word processors

owe their

existence to the research into artificial intelligence. The theory and insights brought about by
artificial intelligence

research will set the trend in the future of computing.

The products

available today are only bits and pieces of what are soon to follow, but they are a movement
towards the future of artificial

intelligence.

The advancements

in the quest for artificial

intelligence have and will continue to affect jobs, education and peoples lives.

3
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1.3 Methods Used to Create Intelligence

In the quest to create intelligent machines, the field of artificial intelligence has split into
several different approaches, based on the opinions about the most promising methods and
theories.

These rivalling theories have lead researchers

bottom-up

and top-down.

Bottom-up

theorists

in one of two basic approaches,

believe the best way to achieve

artificial

intelligence is to build electronic replicas of the human brain's complex network of neurons,
while the top-down

approach

attempts

to mimic the brain's

behaviour

with computer

programs.

1.3.1 Neural Networks and Parallel Computation

The human brain is made up of a web of bi llions of cells called neurons, and understanding
complexities

its

is seen as one of the last frontiers in scientific research. It is the aim of artificial

intelligence researchers, who prefer this bottom-up approach, to construct electronic circuits
that act as neurons do in the human brain. Although much of the working of the brain remains
unknown, the complex network of neurons is what gives humans intelligent characteristics.
By itself, a neuron is not intelligent, but when grouped together, neurons are able to pass
electrical signals through networks.

A signal received

by a neuron travels through the dendrite

region and down the axon.

Separating nerve cells is a gap called the synapse. In order for the signal to be transferred to
the next neuron, the signal must be converted from electrical to chemical energy. The signal
can then be received by the next neuron and processed.

4
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Warren McCulloch and Walter Pitts proposed a hypothesis to explain the fundamentals

of

how neural networks made the brain work. Based on experiments with neurons, McCulloch
and Pitts showed that neurons might be considered as devices for processing binary numbers.
Mathematic

logic, binary numbers (represented as 1's and O's or true and false) were the basis

of the electronic

computer. This is the basis of computer-simulated

neural networks (also

know as parallel computing).

The true / false nature of binary numbers was theorised by Baaie, in his postulates concerning
the Laws of Thought. Boole's principles make up what is known as Boolean algebra, the
collection of logic concerning AND, OR, NOT operands.

Boole also assumed that the human mind works according to these laws, it performs logical
operations that could be reasoned.

McCulloch

and Pitts, using Boole's principles,

studied neural network theory and how the

networks of connected neurons could perform logical operations. They also studied how, that
within a single neuron, the release or failure to release an impulse was the basis by which the
brain makes true / false decisions. Using the idea of feedback theory, they described the loop
which existed between the senses => brain => muscles, and likewise concluded that memory
could be defined as the signals in a closed loop of neurons.

Two major factors have inhibited the development of full-scale neural networks: The expense
of constructing
networks

a machine to simulate

with the number of neurons

neurons was expensive,

even to construct

neural

in an ant. Although the cost of components

has

decreased, the computer would have to grow thousands of times larger to be on the scale of
the human brain. The second factor is current computer architecture.
Neuman computer,

the architecture

pathways between components.

of nearly all computers,

Researchers

The standard

Von

lacks an adequate number of

are now developing alternate architectures

for

use with neural networks.

5
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1.3.2 Top Down Approaches

Because

of the large storage capacity of computers,

expert systems had the potential to

interpret statistics, in order to formulate rules. An expert system works much like a detective
solving a mystery. Using the information, and logic or rules, an expert system can be used to
solve the problem.

1.3.3 Frames

One method that many programs use to represent knowledge is frames. Frame theory revolves
around

packets of information.

For example,

say the situation was a birthday

party. A

computer could call on its birthday frame, and use the information contained in the frame, to
apply to the situation. The computer knows that there is usually cake and presents because of
the information
frames.
embraced

contained in the knowledge frame. Frames can also overlap, or contain sub-

The use of frames also allows the computer
by all artificial intelligent developers,

to add knowledge.

Although

not

frames have been used in comprehension

programs.
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1.4 The Elements of Intelligence

There are four system elements of intelligence (Albus, J.s., 1991): sensory processing, world
modelling,

behaviour generation and value judgment.

Input to, and output from, intelligent

systems are via sensors and actuators (see Figure 1-1).

Planning
and
Execution

Situation
Assessment

Perceived
situations

m

<(IJ _.
III

Plan
Evaluations

Ë
c
III III
e.g

g :;,
(Jl

Internal
Events

Figure 1-1:

External

Elements of intelligence and functional relationships between them

(Albus,

is.. 1991)
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1.4.1 Actuators

Actuators that move produce output from an intelligent system, exert forces, and position
arms, legs, hands and eyes. Actuators generate forces to point sensors, excite transducers,
move manipulators,

handle tools, steer and propel locomotion.

may have tens, hundreds,

thousands,

even millions

Artificial intelligent system

of actuators,

all of which must be

coordinated in order to perform tasks and accomplish goals. Natural actuators are muscles and
glands. Machine actuators are motors, pistons, valves, solenoids and transducers.

1.4.2 Sensors

Input to an intelligent system is produced by sensors, which may include visual brightness
and colour sensors; tactile, force, torque, position detectors;
range, smell, pressure and temperature

velocity, vibration,

acoustic,

measuring devices. Sensors may be used to monitor

both the state of the external world and the internal state of the intelligent

system itself.

Sensors provide input to a sensory processing system.

1.4.3 Sensory Processing

Perception
observations

takes place in a sensory processing
with expectations

system element

that compares

sensory

generated by an internal world model. Sensory processing

algorithms integrate similarities and differences between observations

and expectations

time and space so as to detect events and recognise features, objects, and relationships

over
in the

world. Sensory input data from a wide variety of sensors over extended periods of time are
fused into a consistent

unified perception

algorithms

compute

distance,

dynamical

attributes

of objects

shape,

of the state of the world. Sensory processing

orientation,

and regions

surface

of space.

characteristics,

Sensory

processing

physical

and

may include

recognition of speech and interpretation of language.
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1.4.4 World Model

The world model is the intelligent system's best estimate of the state of the world. The world
model includes a database of knowledge about the world, plus a database management system
that stores and retrieves information. The world model also contains a simulation capability
that generates expectations

and predictions. The world model thus can provide answers to

requests for information about the present, past, and probable future states of the world. The
world model provides this information service to the behaviour generation system element, so
that it can make intelligent plans and behavioural choices, to the sensory processing system
element, in order for it to perform correlation, model matching and model based recognition
of states, objects, and events, and to the value judgment

system element in order for it to

compute values such as cost, benefit, risk, uncertainty, importance, etc. The world model is
kept up-to-date by the sensory processing system element.

1.4.5 Value Judgment

The value judgment

system element

punishing,

and trivial,

important

determines

certain

what is good and bad, rewarding

and improbable.

The value judgment

and

system

evaluates both the observed state of the world and the predicted results of hypothesised plans.
It computes costs, risks, and benefits both of observed situations and of planned activities. It
computes the probability of correctness and assigns believability
to state variables. It also assigns attractiveness,
space, and other creatures. The value judgment

and uncertainty parameters

or repulsiveness to objects, events, regions of
system thus provides the basis for making

decision - for choosing one action as opposed to another, or for pursuing one object and
fleeing from another. Without value judgments any artificially intelligent system would soon
be disabled by its own inappropriate actions.
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1.4.6 Behaviour Generation

Behaviour

results from a behaviour generating system element that selects goals, and plans

and executes
sequenced

tasks. Tasks are recursively

decomposed

into subtasks,

and subtasks

so as to achieve goals. Goals are selected and plans generated

are

by a looping

interaction between behaviour generation, world modelling and value judgment elements. The
behaviour generating system hypothesises plans, the world model predicts the results of those
plans and the value judgment

element evaluates those results. The behaviour

system then selects the plans with the highest evaluations
generating

for execution.

generating

The behaviour

system element also monitors the execution of plans and modifies existing plans

whenever the situation requires.

Each of the system elements of intelligence is reasonably well understood. The phenomena of
intelligence

requires

interconnecting
communicate

more than a set of disconnected

elements.

Intelligence

requires

an

system architecture that enables the various system elements to interact and
with each other in intimate and sophisticated ways.

10
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2. KNOWLEDGE ENGINEERING

2. 1 Knowledge
2.1.1 What is Knowledge?

Knowledge
education

is human understanding

of a field of interest that has been acquired through

and experience. Knowledge implies learning, awareness, and familiarity with one

or more subjects.
procedures,

Knowledge

is made up of ideas, concepts,

facts and figures, theories,

relationships among these, and ways to apply these to practical problem solving.

In some applications, the knowledge for an expert system can come straight out of a textbook,
a policy and procedures manual, or another source. By reformatting the knowledge in existing
documentation,

an expert system can be created.

However in most applications the kind of knowledge that works best in an expert system and
proves to be the most valuable is heuristic knowledge. Heuristic knowledge is practical real
world understanding.

It includes all of those tricks of the trade, rules of thumb and gimmicks

that an expert uses to solve problems.
knowledge,
experience
lets experts
doesn't

Heuristic knowledge

is not textbook

or classroom

but instead it is that kind of knowledge that has been acquired through years of
and exposure to a wide variety of problems and situations. Heuristic knowledge
solve problems quickly primarily

because they know what works and what

work in a given situation. The trick in expert system development

is to identify

heuristic knowledge, extract it from the expert, and represent it in the computer.
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2.1.2 The Difference between Information and Knowledge

While

the two terms

are often

used interchangeably,

the differences

are important.

Information is primarily facts and figures. In other words, information is raw data that hasn't
been interpreted. Knowledge, on the other hand, is an understanding of the information based
on analysis, a realisation of its importance and its applications. There is a tremendous amount
of information

in this world but much less understanding

of that information. John Naisbitt,

1984, says it well: "We are drowning in information but starved for knowledge".

Today, one finds oneself in an information
packaging and disseminating

society. A lot of effort goes into developing,

information in some way. In many cases, one is a generator of

information, which is passed on to others, and one is also a user of information. An enormous
amount of information is developed and communicated

daily.

Expert systems provide a way to help one get control of this information.
package knowledge.
understood.

That knowledge

comes from information

Expert systems

that has been analysed and

A subject matter expert can boil down the essential knowledge

into a concise

form that can be put into an expert system for use in practical problem solving.

Information

is what most computers work with. Computers readily process word processing

documents, spreadsheets, data bases and other kinds of information. Computers are designed
to store massive amounts of information and make it easy to retrieve. Computers also "crunch
numbers";

that is, they alleviate the burdensome

time-consuming,
computers
computer

error-prone

mathematical

task of dealing with repetitive,

calculations.

Information

is readily

difficult,
stored in

because numbers and text can be easily coded into binary form suitable
storage

and manipulation.

The big problem

in developing

expert

systems

for
is

representing knowledge rather than information in a computer.

12

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

2.1.3 Nature of Experiential Knowledge

Experiential

knowledge is, in most circumstances,

natural occurrence. This understanding,

a qualitative judgement

of a physical or

or interpretation, can be broken down into three main

parts. Mejasson, P. et al, 2001describes it as follows:

2.1.3.a

Operational knowledge

At the lowest level, the knowledge

of a design engineer that are attempted

to represent,

consists of a set of operational histories. Each history corresponds to an individual component
made from a particular material. This history is characterised
environmental

by manufacturing

experience,

conditions, possible degradation over time and post-mortem analysis including

causes of degradation and if available, suggested improvements. This is the base level of the
knowledge repository, which can be modelled as a component database.

2.1.3.b

Scientific and empirical knowledge

At this level, the engineer has a deeper knowledge of materials and components.

Materials

may be classified as ferrous, copper, light alloy, polymers, and ceramics, etc. This standard
classification

indicates

the broad properties

suitability for component performance

expected

over time in a given environment.

data is available from the literature and manufacturers.
experiential

by the engineer,

knowledge of environmental

indicating

likely

Detailed scientific

The engineer will also have more

factors, which may affect a given component.

example being: corrosion on a part caused by some environmental

element.

An

This can be

modelled as a database of materials with contextual links to the components database, with its
operational histories.
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2.1.3.c

Knowledge of past experience

The last and most important level of engineering knowledge is knowledge about antecedent
designs or so called past histories. This knowledge manifests itself in the ability to refer to
important former design patterns when considering a new design problem. For example, for a
component

requiring certain service conditions

in a given environment,

the engineer will

know from past experience which problems must be avoided and which problems will arise
from some of the new design decisions. These difficulties
manufacture

or design, or overlooked environmental

and therefore, to avoid it during conception,

are often to do with defects in

effects. To be aware of this failure mode

the engineer must rely on past knowledge and

experience.

This knowledge

is the most difficult to model. The engineer is able to make associations

between the component

currently

under design, and previous 'interesting'

and 'relevant'

designs. This association is partly modelled by searching on factors already in the components
database (e.g. component type), and on those in the materials database (e.g. physical property
ranges). However, a wider search is also employed, based on the capability of a design to
provide lessons relevant to other designs. Such a search cannot be performed on the material
and component databases alone, being dependent on a number of extra factors, such as shape,
function, environmental
the database
termed

behaviour, etc. To model this wider search, it is necessary to enhance

so as to include specific attributes on which to search. These attributes

'search

indices'

in case based reasoning

technology,

and their construction

are
is a

determining factor in the successful utilisation of a repository of experiential knowledge.
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2.2 Knowledge Based Systems
A basic principle of classical artificial intelligence is that problem solving can be formalised
as a state-space search; the task is one of finding a path from an initial to an end state. The
theory of production

systems has been one of the results of this concept. It is useful to

structure problem-solving
Production

systems in a way that facilitates a description of the search process.

systems are proposed for modelling human problem-solving

behaviour and are

often referred to as rule based systems that consist of a set of rules, a memory and a control
strategy.

•

The set of rules or problem-solving

operators is usually in the form of IF <some

condition is met> THEN <execute some action>.
•

The working memory or database contains the current state description

and other

information.
•

The control strategy chooses between rules when more than one is applicable.
strategy essentially

controls the order in which the production

This

rules are fired and

resolves conflicts if more than one rule is applicable. The control strategy and rules
combine to form an inference engine which performs limited domain reasoning.

Artificial

intelligence

theoreticians

have developed

a powerful

paradigm

in the classical

production system. Its contributions to the field of intelligent systems design include its uses
as:
•

A powerful knowledge representation

scheme

•

A bridge connecting classical artificial intelligence research to the main work in expert
systems

•

A heuristic model for human behaviour

•

Its capacity for justification

Production system characteristics

or explanation.

incorporate:

•

Expressiveness

and intuitiveness

•

Simplicity

•

Modularity and modifiability

•

Knowledge intensiveness.
15
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The knowledge base is very effectively separated from the inference engine, thus allowing the
inference engine to be general purpose.

The production system paradigm is not without its problems. While each rule in the system
may be very clear, the combined operation and effect of the control program may be relatively
unclear. This ambiguity is rooted in the lack of hierarchy within the set of production rules
and a dynamic working memory which must be queried to follow the operation

of the

analysis. The rule base can also lead to inefficiency. Often the addition of more and more
rules causes the system to run slower and slower. While rule based systems have been a very
successful

strategy

in many

domains,

this

basic

system

formulation

can

lead to a

combinatorial explosion of possible choices and actions as the size of the rule base grows. But
perhaps the most critical failure of most production systems is their inability to learn. Unless
there is some special provision for adding and modifying

rules based on experience,

the

system will not be able to learn.

Domains that have been successfully modelled by production systems are ones in which the
structure of the knowledge

resembles

the structure of production

rules and in which the

actions that are required are relatively independent and where the domain knowledge itself is
distinct from the application

to which it will be put. The success that was achieved

with

production systems led to a further exploration of problems and domains normally thought to
require human specialists for their solution. This led to the development of the expert system.
Not only must the system model a human expert in its decision-making

capability but it must

also have the capability of explaining or justifying its conclusions.

Expert systems mark a paradigm shift in classical artificial intelligence - a shift from general
purpose, knowledge-sparse,

weak methods to domain-specific,

knowledge-rich

techniques

in

which knowledge is explicitly represented. Unfortunately, this methodology develops systems
that have a great reliance on human experts for knowledge

acquisition.

The knowledge

acquired from human experts is often of unknown reliability and usability. Some expert tasks
involve approximate and common sense reasoning whose mechanisms is poorly understood at
the present time. The difficulty involved in deciphering

rules for cognitive tasks is related

both to the complexity of the tasks involved and the lack of theory and methodologies

in the

field of cognitive science and applied psychology.
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2.2.1 What is a Knowledge Based Systems?

The most common definition of knowledge based systems is human-centred

(Hendriks P.H.J

and Vriens D.J, 1999). This highlights the fact that knowledge based systems have their roots
in the field of artificial intelligence and that they attempt to understand and imitate human
knowledge in computer systems. However, knowledge based systems dramatically

fall short

of human intellect. They lack creative powers of reproduction and their learning capabilities
are relatively primitive, etc. It is generally acknowledged

that the intelligence of artificially

intelligent systems is quite different from human intelligence.

Four main components are usually distinguished:

a knowledge base, an inference engine, a

knowledge engineering tool, and a specific user interface (often natural language based). The
knowledge

base and the inference engine define the core of the knowledge based systems.

The former is an active database with some form of 'formal knowledge'

about how the data

may be used in practice. The inference engine defines the ways in which the knowledge base
may be put to use. Typical
engineering

for these two components

are a knowledge

tool, offering instruments for filling the knowledge base, and a dedicated

interface. Characteristically,
and 'how'-

supplements

user

a knowledge based systems user interface should allow 'why-'

questions, having the system explain its behaviour when dealing with a given

problem. Definitions of knowledge based systems centring on architectural
hardly more satisfactory than the human-centred

peculiarities

are

ones. One only has to point to systems based

on neural nets to see the limitations of these definitions: separating the aspects of a knowledge
base and inference engine is hard. Such definitions

mistake the historical form chosen in

several knowledge based systems for the hallmarks of these systems.

Another set of definitions
organisational

uses the term knowledge

based systems to indicate all those

IT applications that may prove helpful for managing the knowledge assets of

the organisation. Expert systems and groupware, data warehouses, or even intranets would be
included in this class. These definitions however, are rejected here since they lead to erosion
of the meaning of the term. Thus, knowledge based systems is not just any IT systems used
for dealing with knowledge.
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2.2.2 Learning Strategies

In nature, experience

changes the state or an organism in such a way that the new state

enables it to do better in subsequent situations. The classical name for this process is learning.
An important parameter in the classification

of learning strategies is the degree of inference

required on the part of the learner. A widely accepted classification

scheme spanning the

spectrum from no inference required to a great deal is:

•
•

Rote learning

•

Learning by deduction

•

Learning by analogy

•

Learning by induction

Learning by instruction

Rote learning is the lowest level of both human and machine learning. In machine learning it
corresponds to knowledge being represented directly in the system by programming or simple
database systems. No further processing or transformations

on the data are required in order to

use it. The performance of systems employing rote learning may be enhanced by selectively
forgetting knowledge which is rarely used or proves to be incorrect.

In learning

by instruction,

knowledge

is acquired

from a teacher

transformed by the learning system into an internal representation

or textbook

and is

applicable to the problem at

hand. The primary responsibility of structuring and representing knowledge remains with the
teacher, but the learner must perform some inference in order to transform the knowledge into
a readily usable representation.

The learner's role in this mode of learning may be considered

to be that of performing a syntactic reformulation

of the knowledge provided by the primary

source.

Learning by deduction shifts even more responsibility

for transforming

knowledge

usable form from the teacher to the learner. The constraints on knowledge representation
the source are relaxed. The learner draws deductive
reformulates

it in the form of useful conclusions

the original data. Deductive
organisational

inferences

from the knowledge

into a
from
and

which preserve the information content of

learning includes knowledge

reformulation,

compilation

and

procedures.
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The mode of learning known as learning by analogy combines deductive and inductive
learning. The first step is the inductive inference required to find the common substructure
between the problem domain and one of the analogous
existing knowledge

domains

stored in the learner's

base. The next step is to map the solution from the selected analogous

domain to the problem domain using deductive logic.

Inductive learning is the classification of a set of experiences into categories or concepts.
The concepts to be learned are given by the teacher or emerge as similarities in experience are
noticed. From one or more instances in which a particular action was the appropriate action in
at response to a situation, it is inferred that a generalised form of this action is appropriate in
response to this general situation type. This type of learning can be broken down into many
sub-categories.

Learning by example involves the process of concept acquisition
concept descriptions
environment,

are inferred from a set of examples

in which general

provided by a teacher, the

or the knowledge base of the learner itself.

In learning by experimentation, the acquired concept should be general enough to explain
all of the positive examples

provided but restricted

enough to exclude any counter-

examples. If the source of examples is the environment, the learner may have the option of
performing experiments from which it receives feedback. This form of learning also goes
under the name of stimulus-response

learning.

Learning by observation and discovery takes place without a teacher. It is a form of
descriptive generalisation

in which the learner infers general rules and regularities which

explain the observations. Inference techniques employed may include curve fitting of data,
classification

of observations

and objects and conceptual

clustering

in which simple

concepts are classified. The observations may take place in a passive mode in which the
learner does not interact with the environment or in an active mode in which the learner
may experiment on the environment to perform stimulus response learning. The objective
is the discovery of economical theories to account for the observations.
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2.3

Knowledge Based Engineering

A knowledge

based system is the one that captures the expertise of individuals

within a

particular field ("domain"), and incorporates it and makes it available within a computerised
application (Lovett, J. et al, 2000).

A knowledge

based engineering

application

is further specialised,

following components - geometry, configuration,

and engineering

and typically

has the

knowledge (Lovett, J. et

al, 2000):

•

Geometry - there is very often a substantial element of computer-aided

design (CAD).

Most of the software used to create knowledge based engineering applications

either

has CAD capabilities built in, or is able to integrate closely with a CAD package.
•

Configuration - this refers to the matching of valid combinations of components.

•

Engineering knowledge - this enables manufacturing

and other considerations

to be

built into the product design.

When a candidate application area requires a high degree of integration of the above elements,
knowledge based engineering is likely to be the best method for its integration. Knowledge
based engineering

is sometimes

termed rule based engineering,

knowledge is often represented by rules. These may be mathematical
statements,

as within the discipline
formulae or conditional

and although simple in concept, they may be combined to form complex and

powerful expressions. Some example rules in the above categories follow:

Geometry

Cylinder _1_Position=Cylinder

_2_Position+ Vector (2,4,12)

Rules of this type enable changes that are made to an individual element of a CAD drawing to
be reflected throughout the rest of the drawing. This feature, which is known as "parametric
modelling",

eliminates

a large proportion

of the repetitive tasks involved in producing

a

design.
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Configuration

IFWheel_l_ Diameter> 5 THEN Number _ OLSpokes> 12

Rules of this type describe conditions that must be observed for configurations

of components

to be "legal".

Engineering

knowledge

IF Material=Aluminium

_ 2 THEN

Such a rule ensures that manufacturing

Min _ Thickness=0.5

capabilities are taken into account at the design stage

of product development.

The following example of a typical knowledge based engineering application

demonstrates

some of the considerable benefits to be gained from its use: a "black box" application for the
design of a class of products can be built, which as well as having CAD capabilities,
incorporate

engineering

knowledge,

stress levels, manufacturing

such as that relating to material properties,

feasibility,

manufacturing

can

permitted

and material costs, and so on. The

designer is then able to exercise his creativity in designing the product, within the constraints
imposed by the embedded knowledge. This will prevent his design from being rejected on the
grounds

that the product

manufacture,

cannot

be manufactured,

or because

it is too expensive

to

or because it does not have the required physical properties.

The main advantage according to Lovett, J et al, 2000 of the knowledge based engineering
approach, is the compression of lead times through the automation of repetitive procedures.
Key employees are then freed to concentrate

on more creative and cost-effective

activities.

Moreover, knowledge based engineering applications are not limited to the design area, and
include product configurators for use as sales aids, and costing software to provide estimates
and quotations based on company-wide

knowledge.
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3. ARTIFICIAL INTELLIGENCE TECHNIQUES
The following chapter is to provide the reader with an introduction
intelligence techniques used in an intelligent manufacturing

into the main artificial

system.

3.1 Expert Systems / Knowledge Based Systems

Expert systems are knowledge based systems, an extension of conventional

computing. The

knowledge base allows an expert to define the rules that simulate a process of thinking and
provides a simple way to draw conclusions and solve problems by following a set of rules.
The idea of expert systems is that logical thinking can be modelled by compiling
logical propositions

and performing logical transformations

lists of

upon them. Expert systems are

useful in diagnostic problem solving. It provides a guide for prediction and decision making
in environments

involving uncertainty and vagueness.

An expert system consists of a knowledge base of rules (extracted from experts), facts, data
and a logic based inference engine (or control) which creates new rules and facts based on
previously accumulated

knowledge and facts (Gargano, ML. & Raggad. B.G., 1999). Expert

systems can mimic, to some extent, the reasoning of experts whose knowledge of a narrow
domain

is deep, thus permitting

human experts and expert systems to arrive at similar

conclusions.

Expert systems are highly supervised

(i.e. the original configuration

of the system is not

automatic but must have significant user supervision). The knowledge engineer elicits expert
knowledge from either human experts through interviews or from textbook procedures.
procedure is the most difficult and time-consuming

This

aspect of developing good expert systems.
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Expert systems can perform as well as human experts can on problem domains consisting of
cognitive based, very specific expertise. Ideal knowledge domains are very narrow in scope
and allow experts to resolve problems in a relatively short period of time. The knowledge
should be easy to capture, self-consistent,

simple to explain, straightforward

to represent

(if/then rules) and should avoid dependency on common sense.

For example: if / then rules are usually used in expert systems to represent knowledge.

A

sample knowledge base might consist of rules like the following:

1. if A then D;
2. if (B or D) then C;
3. ifC then E.

Each rule consists of an "if't-part (antecedent)
symbols A, B, C, D, and E represents
"economic

and a "then"-part

a statement.

(consequent).

For example,

Each of the

assume A represents

growth indicators are up", B represents "the stock market is up", C represents

"buy", D represents "interest rates are down", and E represents "redistribute assets", then rule
two would state "if the stock market is up or interest rates are down then buy".
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3.2 Neural networks
3.2.1 Introduction

According

to Agatonovic-Kustrin,

biologically

S. & Beresford, R.; 2000, artificial neural networks are

inspired computer programs designed to simulate the way in which the human

brain processes information. Artificial neural networks gather their knowledge by detecting
the patterns and relationships
programming.

in data and learn (or are trained) through experience,

not from

An artificial neural network is formed from hundreds of single units, artificial

neurons or processing elements, connected with coefficients

(weights), which constitute the

neural structure and are organised in layers.

The power of neural computations

comes from connecting

neurons

in a network.

Each

processing elements has weighted inputs, transfer function and one output. The behaviour of a
neural network is determined by the transfer functions of its neurons, by the learning rule, and
by the architecture

itself. The weights are the adjustable

neural network is a parameterised

parameters

and, in that sense, a

system. The weighed sum of the inputs constitutes

the

activation of the neuron. The activation signal is passed through transfer function to produce a
single output of the neuron. Transfer function introduces non-linearity to the network. During
training, the inter-unit connections

are optimised until the error in predictions

is minimised

and the network reaches the specified level of accuracy.

Once the network is trained and tested it can be given new input information to predict the
output. Artificial neural network represents a promising modelling technique, especially for
data sets having non-linear relationships
processes. In terms of model specification,

which are frequently encountered

in pharmaceutical

artificial neural networks require no knowledge of

the data source but, since they often contain many weights that must be estimated,

they

require large training sets. In addition, artificial neural networks can combine and incorporate
both literature based and experimental data to solve problems.
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3.2.2 Artificial Intelligence and Neural Networks

Artificial

intelligence

has been established

as the area of computer

production software capable of sophisticated,
the human brain routinely performs.

science dedicated

intelligent, computations

similar to those that

It includes methods, tools and systems devoted to

simulate human methods of logical and inductive knowledge acquisition,
activity

for solving

developments

problems.

iAgatonovic-Kustnn,

to

There

are two main categories

reasoning of brain

of artificial

intelligence

S. & Beresford, R.; 2000). The first includes methods and

systems that simulate human experience and draw conclusions
expert systems. The second includes

from a set of rules, such as

systems that model the way the brain works,

for

example, artificial neural networks (Table 3-1).

Table 3-1:

Differences in approach between conventional computing and artificial neural networks

Conventional

Artificial

computing

networks

Learning method

By rules

By example

Functions

Logical

Perceptual

Processing style

Sequential

Parallel

Characteristics

(Agatonovic-Kustrin,

neural

S. & Beresford, R.; 2000)

Artificial neural networks are digitised models of a human brain, computer programs designed
to simulate the way in which human brain processes information. Artificial neural networks
learn through experience
programming.
relationships

Neural

with appropriate

networks

gather

learning examples, just as people do, not from
their knowledge

by detecting

the patterns

and

in data. The brain is an excellent pattern recognition tool. When one looks at a

pen, one knows it is a pen because biological neurons in a certain area of the brain have come
across a similar input pattern on previous occasions and have learned to link that specific
pattern with the object description 'pen'. Since the brain contains billions of neurons which
are fully interconnected,

one can learn and recognise an almost endless variety of input

patterns.

25

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

An average brain contains -100 billion neurons, each of which has 1000-10000 connections
with other neurons. Neurons consist of a cell body which includes nucleus that controls the
cell activity, many fine treads, dendrites, that carry information into the cell, and one longer
thread known as the axon which carries the signal away (Figure 3-1). Impulses pass along the
axon to the synapse, the junction between one neuron and the next and signals are passed
from one to the next in an all-or-none fashion. Neurons are organised in a fully connected
network and act like messenger in receiving and sending impulses. The result is an intelligent
brain capable of learning, prediction and recognition.

Dendrites: to carry electrical
signals into cell body
Cell body: to sum and threshold
those incoming signals
Axon: to carry the signal from the
cell body out to other neurons
Synapse: to contact an axon of
one cell and a dendrite of another
cell

Figure 3-1:

Neuron cell

(Agatonovic-Kustrin,

S. & Beresford, R.; 2000)
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3.2.3 Artificial Neural Networks

An artificial
hundreds

neural network is a biologically

of single units, artificial

inspired computational

neurons, connected

model formed from

with coefficients

(weights)

which

constitute the neural structure. They are also known as processing elements as they process
information.

Each processing element has weighted inputs, transfer function and one output.

Processing elements is essentially an equation which balances inputs and outputs. Artificial
neural networks are also called connectionist
memory of the system IAgatonovic-Kustrin,

models as the connection weights represent the

S. & Beresford, R.; 2000).

Although a single neuron can perform certain simple information processing functions, the
power of neural computations
intelligence

comes from connecting neurons in a network. The supposed

of artificial neural networks is a matter of argument. Artificial neural networks

rarely have more than a few hundred or a few thousand processing elements, while the human
brain

has -100

complexity

billion neurons.

Artificial

networks

comparable

to a human

brain

in

are thus still far beyond the creative capacity of the human brain. The human

brain is much more complex and, unfortunately, many of its intellectual functions are still not
well known. Artificial neural networks are capable of processing extensive amounts of data,
however,

and making predictions

make them

intelligent

that are sometimes

in the usual 'human'

surprisingly

accurate. This does not

sense of the word, so the term computer

intelligence may be a better way of describing these systems.
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3.2.3.a

Neurons

The artificial neuron is the building component of the artificial neural network designed to
simulate the function of the biological neuron. The arriving signals, called inputs, multiplied
by the connection weights (adjusted) are first summed (combined) and then passed through a
transfer function to produce the output for that neuron. The activation function is the weighed
sum of the neuron's

inputs and the most commonly

used transfer function is the sigmoid

function (see Figure 3-2).

X1

-.

Jfj2

y

.

X2~

output

inputs

Figure 3-2:

Model of an artificial neuron

(Agatonovic-Kustrin,

3.2.3.b

S. & Beresford, R.; 2000)

Connection formula

The way that the neurons are connected to each other has a significant impact on the operation
of the artificial neural network. Just like 'real' neurons, artificial neurons can receive either
excitatory or inhibitory inputs. Excitatory inputs cause the summing mechanism

of the next

neuron to add while the inhibitory inputs cause it to subtract. A neuron can also inhibit other
neurons in the same layer. This is called lateral inhibition. The network wants to 'choose'

the

highest probability and inhibit all others. This concept is also called competition.
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Xl
X2
X3

x,

~C>
~C>
~C>
~C>
Input
layer

Figure 3-3:

D~o
D 0
D

Hidden
layer

~

Yl

~

Y2

Output
layer

Feedforward network

(Agatonovic-Kustrin,

S. & Beresford, R.; 2000)

Feedback is another type of connection where the output of one layer routes back to the input
of a previous layer, or to same layer. Two types of architecture may be identified according to
the absence or presence of feedback connection in a network. Feedforward architecture

does

not have a connection back from the output to the input neurons and therefore does not keep a
record of its previous output values (Figure 3-3).

Input
layer

Figure 3-4:

Hidden
layer

Output
layer

Feedback network

(Agatonovic-Kustrin,
Feedback architecture

has connections

S. & Beresford, R.; 2000)

from output to input neurons. Each neuron has one

additional weight as an input that will allow an additional degree of freedom when trying to
minimise the training error (Figure 3-4). Such a network keeps a memory of previous state so
that next state depends not only on input signals but also on the previous states of the
network.
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3.2.4 Artificial Neural Network Models and Learning Algorithm

There are many different types of artificial neural networks, some of which are more popular
than others. When neural networks are used for data analysis, it is important to distinguish
between artificial neural network models (the network's
network algorithms

(computations

that eventually

arrangement)

and artificial neural

produce the network outputs).

Once a

network has been structured for a particular application, that network is ready to be trained.
There are two approaches to training, supervised and unsupervised (Agatonovic-Kustrin,
Beresford,

S. &

R.; 2000). The most often used artificial neural network is a fully connected,

supervised network with backpropagation

learning rule as shown in Figure 3-5. This type of

artificial neural network is excellent at prediction and classification tasks.

Output
y(network)

Error measure

Figure 3-5:

Error
generator

Supervised network with backpropagation

Learning signal

y (expected)

learning rule

(Agatonovic-Kustrin,

S. & Beresford, R.; 2000)
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3.2.4.a

Associating networks with supervised learning

The goal in supervised learning is to predict one or more target values from one or more input
variables. Supervised learning is a form of regression that relies on example pairs of data:
inputs and outputs of the training set.

This type of network is a system of fully interconnected neurons organised in layers: the input
layer, the output layer, and the hidden layers between them. The input layer neurons receive
data from a data file. The output neurons provide artificial neural networks response to the
input data. Hidden neurons communicate

only with other neurons. They are part of the large

internal pattern that determines a solution to the problem. Theory says that most functions can
be approximated

using a single hidden layer.

The information that is passed from one processing element to another is contained within a
set of weights. Some of the interconnections

are strengthened and some are weakened, so that

a neural network will output a more correct answer. The most commonly

used learning

algorithm is back propagation of error. The error in prediction is fed backwards through the
network to adjust the weights and minimise the error, thus preventing the same error from
happening

again. This process is continued

with multiple training sets until the error is

minimised across many sets. This results in the mapping of inputs to outputs via an abstract
hidden layer.

The number of neurons in the hidden layer influences the number of connections.
training phase inputs are adjusted (transformed)
number of connections

by the connection

weights. Therefore,

has a significant effect on the network performance.

neurons will hinder the learning process and too many will depress
through over-training.

During
the

Too few hidden

prediction

abilities

By increasing the number of the hidden neurons the artificial neural

network more closely follows the topology of the training data set. However exceeding an
optimum number results in tracing the training pattern too closely.
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When the artificial neural network produces the desired output (i.e. is trained to a satisfactory
level) the weighted links between the units are saved. These weights are then used as an
analytical tool to predict results for a new set of input data. This is a recall or prediction phase
when

network

propagation

works only by forward

propagation

of data and there is no backward

of error. The output of a forward propagation

is the predicted model for the

validation data.

Pattern association

is usually supervised learning. Artificial neural networks compete well

with statistical methods in pattern recognition, especially when the systems contain high level
of noise and variation.

3.2.4.b

Feature-extracting

In unsupervised

networks with unsupervised learning

training, the network is provided with inputs but not with desired outputs.

The system itself must then decide what features it will use to group the input data. This is
often

referred

involve

to as self-organisation

competition

between neurons,

or adaptation.
co-operation

The self-organising
or both. Neurons

behaviour

may

are organised

into

groups of layers. In competitive learning, neurons are grouped in such a way, that when one
neuron responds more strongly to a particular input, it suppresses or inhibits the output of the
other neurons
together

in the group. In co-operative

learning the neurons within each group work

to reinforce their output. The training task is to group together patterns that are

similar in some way, extract features of the independent variables and come up with its own
classifications
discover

for inputs. An artificial

neural network considers the data they are given,

some of the properties of the data set and learn to reflect these properties in their

output. The goal is to construct feature variables from which the observed variables,
input and output variables, can be predicted. Feature-extracting
principal
component

component

analysers.

both

networks can be regarded as

They are used as an alternative

to classical

principal

analysers for data reduction purposes, to transform the data set into a new space

with retained information in data set but with a reduced number of variables (dimensionality).
The goal is to construct a network that will map the entire training data (both inputs and
outputs variables) at once.
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3.3 Fuzzy Logic
3.3.1 What is Fuzzy Logic?

Fuzzy logic is a superset of conventional (Boolean) logic that has been extended to handle the
concept of partial truth, the values between "completely true" and "completely

false". Fuzzy

logic was introduced by Dr. Lotfi Zadeh in the 1960's as a means to model the uncertainty of
natural language.

Zadeh, L says that rather than regarding fuzzy theory as a single theory, one should regard the
process of "fuzzification"

as a methodology to generalise ANY specific theory from a crisp

(discrete) to a continuous (fuzzy) form. Thus recently researchers have also introduced "fuzzy
calculus", "fuzzy differential equations" and so on.
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3.3.2 Fuzzy Subsets

Just as there is a strong relationship between Boolean logic and the concept of a subset, there
is a similar strong relationship between fuzzy logic and fuzzy subset theory.

In classical set theory, a subset U of a set S can be defined as a mapping from the elements of
S to the elements of the set {O, I},

U: S

{O, I}

=>

(3-1)

This mapping may be represented as a set of ordered pairs, with exactly one ordered pair
present for each element of S. The first element of the ordered pair is an element of the set S,
and the second element is an element of the set {O, I}. The value zero is used to represent
non-membership,

and the value one is used to represent membership.

The truth or falsity of

the statement

x is in U
(3-2)

is determined by finding the ordered pair whose first element is x. The statement is true if the
second element of the ordered pair is I, and the statement is false if it is 0.

Similarly, a fuzzy subset F of a set S can be defined as a set of ordered pairs, each with the
first element from S, and the second element from the interval [0,1], with exactly one ordered
pair present for each element of S. This defines a mapping between elements of the set Sand
values in the interval [0,1]. The value zero is used to represent complete non-membership,
the value one is used to represent complete membership,
represent

intermediate

DEGREES

OF MEMBERSHIP.

and values in between are used to
The set S is referred to as the

UNIVERSE OF DISCOURSE for the fuzzy subset F. Frequently, the mapping is described as
a function, the MEMBERSHIP

FUNCTION ofF.
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The degree to which the statement

x is in F
(3-3)
is true is determined by finding the ordered pair whose first element is x. The DEGREE OF
TRUTH of the statement is the second element of the ordered pair.

In practice, the terms "membership

function" and fuzzy subset get used

interchangeably.

Here is an example; let's talk about people and "tallness".
of discourse) is the set of people.
question

In this case the set S (the universe

Let's define a fuzzy subset TALL, which will answer the

"to what degree is person x tall?" Zadeh describes

VARIABLE,

TALL as a LINGUISTIC

which represents the cognitive category of "tallness".

universe of discourse, one has to assign a degree of membership

To each person in the

in the fuzzy subset TALL.

The easiest way to do this is with a membership function based on the person's height.

tall (x)

{O,

if

height(x) < 5 ft.,

(height(x)-5ft.)/2ft.,

if

5 ft. <= height (x) <= 7 ft.,

I,

if

height(x) > 7 ft. }
(3-4)

A graph looks as follows:

1.0

0.5

hei ht ft)
0.5

Figure 3-6:

0.7

Graph of function tall(x)

(Zadeh, LJ

35

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

Given this definition, here are some example values:

Person

Height

degree of tallness

Billy

3' 2"

0.00

Joe

5' 5"

0.21

Drew

5' 9"

0.38

Erik

5' 10"

0.42

Mark

6' 1"

0.54

Karen

7' 2"

1.00

Expressions like "A is X" can be interpreted as degrees of truth, e.g., "Drew is TALL"

=

0.38.

Note: Membership functions used in most applications almost never have as simple a shape as
tall(x). At minimum,

they tend to be triangles pointing up, and they can be much more

complex than that. Also, the discussion characterises membership functions as if they always
are based on a single criterion, but this isn't always the case, although it is quite common.
One could, for example, want to have the membership function for TALL depend on both a
person's

height and their age (he's tall for his age).

occasionally

This is perfectly

used in practice. It's referred to as a two-dimensional

"fuzzy relation".

legitimate,

and

membership function, or a

It's also possible to have even more criteria, or to have the membership

function depend on elements from two completely different universes of discourse.
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3.3.3 Logic Operations

Now that it is known what a statement like "X is LOW" means in fuzzy logic,
how does on interpret a statement like

X is LOW and Y is HIGH or (not Z is MEDIUM)

The standard definitions in fuzzy logic are:

truth (not x)

1.0 - truth (x)

truth (x and y)

minimum (truth(x), truth(y))

truth (x or y)

maximum (truth(x), truth(y))

Some researchers in fuzzy logic have explored the use of other interpretations of the AND and
OR operations, but the definition for the NOT operation seems to be safe.

Note that if one plugs just the values zero and one into these definitions, one gets the same
truth tables as one would expect from conventional
EXTENSION

PRINCIPLE,

Boolean logic. This is known as the

which states that the classical

results of Boolean

logic are

recovered from fuzzy logic operations when all fuzzy membership grades are restricted to the
traditional

set {O, I}. This effectively

generalisation

establishes

fuzzy subsets

and logic as a true

of classical set theory and logic. In fact, by this reasoning all crisp (traditional)

subsets ARE fuzzy subsets of this very special type; and there is no conflict between fuzzy
and crisp methods.
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Some examples: assume the same definition of TALL, and in addition,
assume that the fuzzy subset OLD defined by the membership function:

old (x)

=

{O,

if

age(x) < 18 yr.

(age(x)-18 yr.)/42 yr., if

18 yr. <= age(x) <= 60 yr.

1,

age(x) > 60 yr. }

if

(3-5)

And let

a

X is TALL and X is OLD

b

X is TALL or X is OLD

c

not (X is TALL)

Then the following values can be computed:

height age

X is TALL

X is OLD

a

b

c

3' 2"

65

0.00

1.00

0.00

1.00

1.00

5' 5"

30

0.21

0.29

0.21

0.29

0.79

5' 9"

27

0.38

0.21

0.21

0.38

0.62

5' lO" 32

0.42

0.33

0.33

0.42

0.58

6' 1"

31

0.54

0.31

0.31

0.54

0.46

7' 2"

45

1.00

0.64

0.64

1.00

0.00

3'4"

4

0.00

0.00

0.00

0.00

1.00
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3.4 Genetic Algorithms
3.4.1 Concepts of Genetic Algorithms

Genetic algorithms (Martinez et al, 1997) are optimisation techniques based on evolution, that
is, on the rules of natural selection. In a genetic algorithm, the population is the set of possible
solutions,

and each individual

of this population

is characterised

by chromosome-like

structures. The possibilities of survival of each individual are evaluated by the cost function
(function

to be optimised).

The result of this evaluation

important role in selection and reproduction.

is called fitness and plays an

Finally the evolution is achieved through the

application of genetic operators, such as: selection, crossover, and mutation.

The main concepts of a genetic algorithm are (Martinez et al, 1997):
•

Codification:

•

Population evolution (through the application of genetic operators).

Codification

every potential solution is encoded by means of a string.

is the process which consists of assigning a string to each point of the solution

space. This string will belong to a certain alphabet: binary, real, or any other. Standard binary
is commonly used, and will be used in this paper. Codification produces a discretisation
continuous

solution space, and the precision

of this discretisation

of the

depends on the string

length.

Population evolution takes place once the codification phase has finished. The next step will
be the application of the evolutionary algorithm. The genetic algorithm used is the so-called
simple genetic algorithm,

and its flowchart

is shown in Figure 3-7. The first step of the

evolutionary algorithm is the generation of an initial random population. As a result, a set of
binary random strings is generated. After the initialisation

of the population, the fitness of

every individual in the population is obtained through a cost function evaluation. If the ending
condition

is not satisfied,

the next step will be population

evolution

(applying

genetic

operators). The ending condition can be the generation number, the degree of convergence,

or

any other.
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Generation

of initial population

Fitness evaluation

of individuals

End
Condition

Yes

END

New population obtained through
genetic operators

Selection

Crossover

Mutation

Figure 3-7:

Simple genetic algorithm flowchart

(Martinez et al, 1997)

Selection
A set of individuals

from the previous population must be selected for reproduction.

This

selection depends on their fitness values. Individuals with better fitness values (they are close
to the best solution) will more probably survive. Before this selection is carried out, to avoid a
premature convergence of the population, the fitness values can be modified: the best fitness
values are decreased and the worst ones are increased. This process is called ranking.
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Crossover
The crossover operator is applied after selection, and this produces new individuals. Not all
the selected

individuals

are crossed over, this depends on the cross over probability,

Crossover consists of merging the chromosomes

Pc.

of two individuals (parents) to obtain two

other individuals (children). Parent pairs are randomly chosen from the selected population,
and the kind of merging depends on the crossover operator used. Figure 3-8 contains a
scheme of the single-point crossover.

Parent chromosome

Child chromosome

1001101011011101

! OP1I!1101011011101 !
Crossover

Recombination

Figure 3-8:

~

point

Single-point crossover

(Martinez et al, 1997)

Mutation
Mutation is the last genetic operator applied in a simple genetic algorithm scheme (see Figure
3-9). Each bit of the population can be inverted with a probability Pm (usually very low). With
this operator a better exploration of the search space is carried out.

Initial chromosome

Final chromosome

10011010110111 01 !

! 00111010110110

01 !

Mutation
iii>

Figure 3-9:

Mutation

(Martinez et al, 1997)
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3.4.2 The Genetic Algorithm Procedure

The key to the search is the fitness evaluation. The fitness of each of the members of the
population

is calculated using a fitness function that characterises

how well each particular

member solves the given problem. Parents for the next generation are selected based on the
fitness value of the strings. That is, strings that have a higher fitness value are more likely to
be selected as parents, and thus are more likely to survive to the next generation. This first
stage is the selection stage. A common method used for parent selection is the selection based
on the number of offspring on the average fitness of the population. Strings with greater than
the average fitness are allocated for more than one offspring. The actual method of selection
is relatively inconsequential

- the key being that strings with greater fitness tend to produce

more offspring.

For the evolutionary

process, the selected members of a population

together to "mate" and share genetic information.

are randomly

paired

The genetic algorithm accomplishes

this

sharing by the swapping of portions of strings between parents. The simplest model is the
single-point crossover, where the selection of a random position between 1 and 1-1, where I is
the length of the chromosome, indicates which portions are interchanged between parents.

Multiple crossover points can also be selected, where strings swap several portions of their
strings. The resulting interchange produces two new strings. The actual interchange

is often

based on a crossover probability Ps- The sharing of genetic material occurs only if a randomly
generated normalised number is greater than p.; otherwise, the strings are not affected. Once
this crossover stage is complete, the new strings are subject to mutation based on the mutation
probability pm. This genetic operation randomly selects a string and position (between 1 and
1-1) and changes the value at that position to a random number. Since the variations due to the
mutation operation occur randomly, this tends to keep the genetic algorithm from focusing on
a local minimum.
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The final step in the genetic algorithm is the replacement operation, which determines how
the new subpopulation
generation.
population

produced from the genetic operations will be introduced as a new

Two primary methods exist - complete

generation

replacement,

where each

produces an equal number of strings, which then completely replace the parent

population, and partial replacement where only a small portion of new strings are developed
and introduced into the population. In addition, the former procedure may have a tendency to
throwaway

a best-fit solution since the entire generation is replaced; for this reason, often the

complete generation replacement method is combined with an "elitist" strategy, where one or
more of the most fit members of a previous population are passed untouched, to the next
generation. This tends to ensure that there always is a string within the population that is a
good solution to the problem.

The genetic algorithm procedure, illustrated in Figure 3-10 (Moore, M et al, 2001), is fairly
simple - start with a randomly (or specifically chosen) initial population of members and
perform the three above operations based on the user-specified probabilities of occurrence. At
this conclusion, one can automatically produce the next generation. Then repeat the operators
on each consecutive generation until the user is satisfied with the results (until a good maxima
is found).

A key part of the success of the genetic algorithm is the encoding of the strings. One needs to
choose parameters that tend to have reasonable information about the problem. The actual
number and type of variables that will be encoded as strings is application specific. Common
encoding

of multiple

real-value

continuous

variables

(as opposed

variables) consists of placing them in integer form and concatenating

to binary or digital
them, keeping track of

decimal places and variable separation points for decoding. Thus, two real numbers 12.345
and 9.8765 could be represented in a 10-digit long string 1234598765. Decoding can occur
by first splitting the string at the appropriate point (in this case, between the fifth and sixth
digit) and keeping track of the appropriate decimal places. In this case, the actual values are
represented by multiplying the integer given by the first portion of the string by 10-3 and the
4
integer in the second portion of the string by 10- • This is representative

of the base-lO

encoding of strings; a base-2 encoding is also popular, where strings are represented

in the

binary form as a series of 1s and Os. Regardless of the base of the encoding, the procedure is
the same. The strings are decoded for fitness evaluation until a user-specified

termination

criterion is reached.
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3.5 Case-Based Reasoning

In case based reasoning, the intelligent component of the system contains a history of past
problems and the (successful)

solutions applied. Future problems can then be considered

through analogy with these past cases to home in rapidly on the most promising

type of

solutions. A further step is incorporating machine learning through the updating of the "case
base" with those for which the solutions suggested proved successful.

3.5.1 Foundation of Case-Based Reasoning Techniques

Case based reasoning is a subfield of Artificial Intelligence that is based on the idea that past
problem solving experiences can be re-used and learned from in solving new problems. The
foundation of case base reasoning techniques are listed as follows (Qin, X & Regli, Wc.,
2000):

The Case-Based

Reasoning

Cycle precisely defines a methodology

to build a case base

reasoning system for a given domain. A case based reasoning system can be viewed as a
model which is a combination
These modules

of a case base and knowledge

reasoning process modules.

form a case based reasoning shell, also called a reasoner. They are the

functions used to manipulate the knowledge in the case base and they act to process user
inputs, recall similar cases, retrieve the most similar case, evaluate and adapt the retrieved
case and update the case memory. The modules interact with the case base during processing.
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Normally,
acquisition,

following

problems are involved in a case base reasoning

knowledge

representation,

case retrieval,

system: knowledge

case adaptation

and the learning

mechanism.

1. Knowledge

acquisition:

How to acquire

useful

knowledge

from application

problem domain.

2. Knowledge

representation:

domain knowledge.

How to use a formal

The knowledge

representation

language

effective

searching,

matching,

retrieving,

certain

theory of case based reasoning

systems primarily concerns how to structure knowledge
facilitate

to represent

stored in the case base to

adapting

and learning.

One

influential knowledge representation model is the dynamic memory model.

3. Case retrieval:

How to efficiently retrieve from the case base the case most

similar to the current problem. There are two sub-processes

involved in case retrieval:

one is to retrieve a set of similar cases from case base; another is to find the most
similar case in this set. The first sub-process is accomplished

by designing appropriate

index scheme for the domain problem. The second task is done using the Nearest
Neighbor Matching Algorithm.

4. Case Adaptation

Strategies:

After a case base reasoning system retrieves the

most similar case from the case base, it normally needs to perform adaptation on this
retrieved case. There are several adaptation strategies that can be used in a case base
reasoning

system.

They

are

Simple

Substitution,

Parameter

Adjustment

and

Constraints Satisfaction.

5. Learning

Mechanism:

Learning is the last step in the Case-Based

Reasoning

system. In a case base reasoning system, after a new problem is solved, the case base
is changed by adding the new case into it. By doing that, the system can retain more
and more knowledge along with problem-solving

augmentation and achieve learning.
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3.5.2 The Advantages and Problems of case based reasoning

and problems of case base reasoning according to Nedeb, C. & Jacob, U,

The advantages

1997:

The use of case based learning for fault diagnosis has proved to be a good supplement to rule
based reasoning. While rules of thumb easily identify common problem, causes like wrong
machine parameters, previous cases are a good guide to determine unusual causes.

Learning by automated knowledge acquisition of new cases makes the case based approach
superior to the rule based approach in a changing problem environment. Nevertheless,
been shown that using a heuristic similarity measure also requires periodical

it has

revision to

determine

whether this measure still holds or the new cases. This is of great importance,

especially

if the expert did not deduce the similarity from his deep understanding

of the

domain. Comparing case based decision support system approach with rule based approach
for a similar task, it still seems to be easier to control a relatively small heuristic similarity
knowledge

base

interconnected

together

with

a large

case

base than

to maintain

a large

heavily

rule base.

Another advantage of case base reasoning is the fact that retrieving and adapting old cases is
faster than deriving the answers from scratch. This is especially true for synthetical problems
and it is evident in the case of reusing old models.

Another major drawback of case base reasoning for synthetical problems is that the solutions
are adapted and therefore tend to be worse than solutions generated for the current case.

The case based

learning approach

has proven to be a substantial

aid in avoiding

the

knowledge acquisition bottleneck. It is also good supplement to the rule based system and the
decision

support

system

as it enforces

a conservative

but reliable

choice

of working

principles.
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4. MANUFACTURING USING INTELLIGENCE
TECHNIQUES
4.1 Introduction

The growing complexity
greater

flexibility,

manufacturing
established,

of industrial manufacturing

better

practice.

product

quality

and the need for higher efficiency,

and lower cost

have changed

Since the early 1950s when classical

engineers have devised several procedures

the face of

control theory was being

which analyse or design systems.

These procedures can be summarised as (Jamshidi, quoted in Meziane, F. et ai, 2000):
•

Modelling

procedures which consist of differential

equations,

input-output

transfer

functions and state space formulations.
•

Behavioural

procedures of systems such as controllability,

observability

and stability

tests.
•

Control procedures

such as series compensation,

pole placement,

optimal control,

robust control etc.

In today's complex systems, the application of these procedures alone may not be sufficient to
maximise the performance

of a manufacturing

the different manufacturing

processes, one is faced with many issues which no single unifying

mathematically

organisation.

When examining the nature of

provable theory can cope with, for example problems with:

•

Inherent instability of the process

•

Mixture of continuous and batch operations

•

Incomplete and/or excessive data

•

Unidentified processes

•

Changed processes

•

Temporal problems

In addition to these technical issues, modern manufacturing technology is interdisciplinary

in

nature and allows the application of different knowledge from other scientific fields such as
manufacturing,

computer science, management,

marketing and control systems.
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4.2 Components of an Intelligent Manufacturing Systems

The manufacturing

process can be a complex one and can be decomposed

components. iMeziane, F. et al, 2000) decomposed intelligent manufacturing
following components:

into several

systems into the

intelligent design, intelligent operation, intelligent control, intelligent

planning and intelligent maintenance.

Figure 4-1 shows the components

of an intelligent

manufacturing

system adapted.

The

following chapters will explore how artificial intelligence techniques are used within each of
the manufacturing
quality

components, vs. intelligent design, intelligent process planning, intelligent

management,

intelligent

maintenance

and diagnosis,

intelligent

scheduling

and

intelligent control.

NN
KBS

NN

<,

<,

I

KBS

FL

I

CBR

\

/

JL

Chapter 7
Intelligent
quality

Chapter 6
Intelligent
process planning

-CBR

KBS - knowledge based systems
NN - neural networks
FL - fuzzy logic
CBR - case based reasoning
GA - genetic algorithm

KBS

-

GA

-,
I

FL

\

\
KBS

GA

FL

NN

CBR Application

Figure 4-1:

Components of an intelligent manufacturing

system
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5. INTELLIGENT DESIGN
5.1 Introduction to the Design Process

The following section is a summary of the works by Smith A. E. and Dag/i, CiH: 1994. The
design

process

begins the manufacturing

materials, tolerances, performance

quality control, distribution

Design is important for these downstream
of manufacturing

inventory

and supplier

manufacturability

methods,
process

shapes,

dimensions,

and assemblies of products, parts and mechanisms.

design, process planning, production,

choice

life cycle by specifying

After

and service take place.

activities. It affects process planning, that is the

tools, routing

by specifying

and sequencing.

parts and materials.

Design
Design

impacts

the

affects

the

of the product, which has a direct bearing on the unit cost and quality of the

end product. Design determines

in part the product functionality

and durability, which can

have ultimate effects on marketing, sales and profitability. The final impact of design ranges
from 65% to 75% of total manufactured

cost (Smith A.E. and Dag/i, CH; 1994). Design

seeks to balance cost efficiency and manufacturability

with quality and functionality.

When viewing the design function, three classes emerge (Smith A.E.
and Dagli, eH., 1994):
,
Class 1:

Design is innovative,

breaking barriers to develop a new product or

process.
Class 2:

Involves

new techniques

or requirements

for known

products

or

problems.
Class 3:

Selects previously known alternatives.

Class 3 is still complex

since there are many components

and numerous

combinations.

Present intelligent systems are best capable of addressing Class 3 design efforts since they are
not sophisticated

enough to create new and innovative design solutions. Design tasks are

normally done in a linear sequence beginning with fundamental shapes and components,

and

refining these until the desired part is reached. Generic steps are (1) identify needs, (2) set
strategies, (3) establish design concept, (4) select feasible alternatives,

(5) select and specify

parameters, and (6) evaluate and implement.
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Design must specify these aspects of each part:

- Shapes
- Dimensions
- Materials
- Tolerances
- Static and Kinetic Interactions
- Assemblies.

CAD systems support engineering functions such as mass properties calculations,
checking and geometry definitions
considerable

interference

for finite elements, drafting, and numerical control, but

human interaction is still needed for successful design. This is because CAD

systems fall short in two important areas of design (Smith A.E. and Dagli, CH., 1994): (1)
feature identification

and synthesis, and (2) creativity and heuristic use. Intelligent systems

can replicate some of the human abilities of recognition and reasoning needed in these two
areas, especially for Class 3 designs which do not require creativity or innovation.
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5.2 Knowledge Based Systems in Intelligent Design
5.2.1 Intelligent Design Objectives

The following section is a summary of the works by Martin Dzbor, 1999. A rule based system
is a powerful
objectives

technique

that is able to tackle 'real world'

that can be used in the development

problems.

The following

are

of knowledge based systems in intelligent

design:

Objective 1:
Provide a set of guidelines and support tools helping designers with mapping their current
design situations on existing ontology's, which involves the following activities:
a) Retrieval of similar design situations in form of design stories from the knowledge
base.
b) Re-use of patterns successfully applied in the previous solutions.
c) Iterative refinement of the current solution pattern and retrieved stories.

Objective 2:
Develop a feasible methodology incorporating the co-evolution of requirements and solutions
during the design process and relate it clearly with the existing theories of design.

Objective 3:
Research the possibilities how a co-evolution of requirements and solutions may be achieved,
and eventually

supported

by knowledge

based design support system, which includes the

following activities:
a) Applicability

of completeness/consistency

assumptions (requirements,
b) Influence

of

analogous

checking for the introduction

of new

solutions, or domain knowledge).
design

stories

on

the

generation/modification

of

assumptions.
c) Creation and re-use of justifications

The interaction
computational

between

collaborating

and reasoning process during design ..

human

designers,

or a human

designer

and a

support tool, can become very complex.
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5.2.2 The Role of the Knowledge Base

The role of knowledge bases in intelligent design is as follows:

1. The knowledge base serves as a source of knowledge for the problem description - a
vocabulary of terms that may be used to communicate design problem description.
2. The knowledge
familiar/similar

These roles correspond

base serves as a reference

- supporting

and enabling retrieval of

cases and their modification (knowledge re-use).

to various activities that typically occur in design, these are also

applicable in Case Based Reasoning. These activities are (Watson, 1. & Perera, S, 1997):
•

Retrieval

•

Re-use

•

Revision

•

Retention

A knowledge based design support system may be basically defined as: a decision support
system to enable designers to explore the structures of design problems and their solutions by
combining human design expertise with domain and design knowledge that might be stored in
a computational

system (Tang, M, 1997). As seen from this definition, one of the aims of

knowledge based design support system is to assist designers in the exploration of structure of
both design process and domain knowledge. A knowledge based design support system thus
needs means that would clarify the structure and simplify the exploration process.
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5.2.3 The Construction of a Knowledge Base in a Knowledge Based
Design Support System

When retrieving the knowledge needed for the knowledge based design support system and
the design of the knowledge base, one needs to keep the following in consideration:
knowledge

is useful for a design support system and how this knowledge

further design. How are the different types of knowledge
designers and how are the interactions

can be used in

going to be presented

between the computational

What

to the

support system and the

designer going to be supported?

5.2.3.a

Knowledge Based Design Support System

The suggested approach to the knowledge based design support system is built on the basic
assumption

in the 'design process'

definition,

which states that design is a goal-oriented

activity (Martin Dzbor, 1999). The design problem is being described with particular goals
and expectations

in mind. The design goals and the designers expectations

are expressed in a

form of which the functional requirements the final system shall attain. Different 'languages'
are available for designers to address different needs and phases of the design process. It is
quite difficult to separate them into independent design phases, since the languages are used
almost simultaneously

to express designers'

current understanding

of the design problem

requirements and solutions.

The structure of 'design languages'

plays an important role in the design process. Carrying

out a design task does not result only in a single solution,

it also results in knowledge

extension and better understanding of a certain type of design tasks. Thus knowledge acquired
in tackling
knowledge

a particular

design problem

is transferred

back to the design

and domain

bases for future re-use. In this context, the design process is understood

exploration task rather than a search task. Search is more or less an unidirectional

as an

application

of available knowledge, to find a desired solution in a limited design space.

Heuristic and domain specific knowledge might be used to improve search performance

and

limit the design space but the existing knowledge is rarely extended by a single design task.
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S.2.3.b

Knowledge representation

Design is a knowledge-rich

activity that benefits from systematically represented knowledge.

The structure of knowledge bases and the different types of knowledge useful for the design
support can be classified around several 'dimensions'

(Martin Dzbor, 1999): problem domain

knowledge; design task knowledge; indexing knowledge; and design history.

1) Problem domain knowledge consists of common concepts used in a particular domain
including theoretical
expressible)

foundations

of a domain (at least that part that is formally

and general relations among concepts. This knowledge has a much more

static character, might be at least partially prepared in advance, and eventually might
be available as external knowledge sources or plug-in modules that are specialised for
a narrow domain.
2) Design task knowledge reflects good practices how to perform a design task in general
or what are specialties of a particular domain. This knowledge model may describe
ways how designers
guidelines,

usually approach their problems;

successful

knowledge

designs from the past, various heuristics

includes design
etc. Design task

knowledge is used to manipulate domain specific knowledge in order to generate new
data for the history of the current design task.
3) Purpose of indexing knowledge is to maintain an unambiguous structure of knowledge
bases, to relate similar design tasks through general reference ontology's. For instance,
design tasks may be indexed according to functions they eventually attain, behaviour
they show, possibly goals they were expected to satisfy, or roles different components
may play in the design task.
4) Important dimension of knowledge
design history knowledge.

in knowledge

based decision support system is

From the points made earlier it is possible to conceive

history knowledge as 'a folder' putting all other types of knowledge together into what
can be marked as 'a design process'.

Design task history is case specific for an

individual task and may be understood as a flow diagram describing that particular
design

process.

justifications,

It will contain

performed

individual

decision

steps, their descriptions

reasoning of both human designers and knowledge

and
based

decision support system, role assignments to particular concepts from domain specific
knowledge base, location and re-use of similar design tasks.
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5.2.4 Location and Presentation of Relevant Knowledge

Finding the relevant case, design story or simply knowledge is a crucial activity in design
support. Designers rely heavily on their previous experience and are able to use it creatively.
To access the repository of design stories this must be indexed suitably and efficiently.

One

indexing approach is based on associative recall using a relationship based indexing scheme

(Watson, 1. & Perera, S, 1997). Knowledge management and underlying ontology's

might

provide such a scheme. One of the roles ontology's may play in knowledge management

and

knowledge base construction is that of a reference vocabulary. Assuming there is an ontology
containing basic indexing concepts and relations among them, they have a scheme suitable for
associative

recall. From the four types of knowledge sources the most suitable one for the

purposes of indexing and associative

recalling is the third one - indexing knowledge

base

containing concepts as Goal, Function, Behaviour, Instrument, Agent, Object, Action and so
on. Different domain, design task, and history specific concepts may be linked to the concepts
of an indexing knowledge management.

After locating a similar story in the repository, this must be presented to the designer in a
user-friendly

way. An ontology based knowledge management

provides an advantage

of a

reference vocabulary that might be used to mediate and structure retrieved results. Knowledge
based decision support systems may suggest possible mappings between current and retrieved
design problems, however, it is on the designer to pursue the indicated direction, agree or
discard the suggested alter-native,
design

story

understanding

presentation,

refine, change or generate the mappings as needed. In a

emphasis

by the designers.

must

be given

on its easy

Stories should be presented

comprehension

and

in such a way as to support

innovative and creative design. It means that various 'rich' formats are more suitable for the
story presentation

including drawings,

sketches,

or models.

In the current

approach

to

knowledge based decision support system, one can assume that systems will use justifications
and rationale as available in histories of particular cases to present a story as well as some
reasoning

using problem domain knowledge.

Nevertheless,

it is possible to foresee where

knowledge based decision support system will interact with other design support tools (such
as CAD, databases

of standards and available

components

etc.) to simulate,

assess, and

present current alternative in entirely new way.
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5.3 Neural Networks in Intelligent Design
5.3.1 Designing Neural Networks

Neural networks come in all shapes and sizes and it is an art rather than a science to design a
good one, where 'good'

means one which will learn efficiently

with a reasonable

set of

training examples. Among the parameters which can be varied are the way in which the inputs
are encoded, the number of hidden layers, the number of units in each layer, the form of the
activation function, the magnitude of the learning rate and momentum constants and the way
in which the error is calculated (Plum, G.F., 1998):

5.3.1.a

Data encoding

It is necessary to encode the inputs into a form suitable for activating the input layer. Input
data can be classified as either continuous

(e.g. wealth, number of interactions

with other

agents), categorical (e.g. partner is or is not a sibling) or features (e.g. the data item is blue,
heavy, etc). Continuous
directly, or converted

values can be scaled to fall between zero and one and then input
into categories by distributing

them into discrete 'bins' according to

their magnitude. Categories can be coded by assigning one unit to each possible category. For
example, a unit can be assigned to each cell of a visual grid, the unit receiving an activation of
one if its grid cell is black and zero if it is white. Features are best coded in binary with units
assigned to each binary position. For example, if a feature can be one of 8 possible colours,
each colour is assigned a binary number between zero and seven, and three units are activated
according to the binary representation of the colour of the item under consideration.

5.3.1.b

Number of hidden layers

The number of hidden layers required depends on the complexity of the relationship between
the inputs and the outputs.
input/output

relationship

Most problems

only require

is linear (able to be approximated

one hidden

layer and if the

by a straight line graph), the

network does not need a hidden layer at all.
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5.3.1.c

Number of units in each layer

The number of units in the input and output layers depends on how the data is encoded. For
example, if the input is coded into ten categories, there need to be ten units in the input layer.
Similarly, if five types of input are to be recognised and distinguished,

the output layer will

need to consist of five units. Deciding the number of hidden units is considerably

more

difficult. A number of rules of thumb and estimation procedures have been developed to give
rough guides. For example, the number of hidden units should never exceed twice the number
of input layer units. If the problem consists of feature extraction (as did the language learning
example), there should be considerably

fewer hidden units than input units. Ideally, there

should be one for each feature, but this number may not be known in advance.

Neural nets have the ability to recognise input which is not identical to any of the training
examples,

but only similar. That is why, for instance,

handwriting

neural nets have been used for

recognition. A net can be trained to recognise the digit '9' by presenting many

examples of the digit from different writers. However, it is unlikely that the next '9' presented
will be identical to any of the '9's it has previously seen, even after the network has been
extensively

trained.

generalisation,

A network

Nevertheless,

because

neural networks

are capable

of a degree

of

it is still possible for the network to recognise the new '9' correctly.

should not over-generalise,

however.

A hand-written

digit '7' should not be

recognised as a '9' even though the two figures are similar. The aim is to permit a certain
amount of generalisation,

but not so much that recognition errors are introduced. The main

way in which the degree of generalisation

can be controlled is through the number of hidden

units in the network. As the number of hidden units is increased, the accuracy
recognition

increases,

but the capacity for generalisation

decreases.

of input

When the number of

hidden units approaches the number of different input examples, the network can recognise
every different example exactly, but has no ability to generalise.
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5.3.1.d

Measuring 'error'

A network
activation

develops

by adjusting

its weights

to minimise

the difference

between

the

levels of its output units and the target levels from the training data. The usual

measure of error is a simple difference between output and target level, calculated separately
for each output unit. In addition, it is often useful to measure the overall success of a network
in recognising an input. This is commonly measured by the root squared error, the square root
of the sum of the squared errors from each output unit.

As the network learns, the root squared error should gradually decrease. Eventually,
'enough'

when

training examples have been presented to the network, the rate of decrease of root

squared error should level off; there is little further improvement in error no matter how many
further training examples are provided. The set of weights should then be optimal.

Unfortunately,

it is possible that this may only be a 'local minimum',

rather than the true

optimum. At a local minimum, any small adjustment to the weights makes the recognition
worse and the network weights remain stable. However, there may be a completely different
set of weights, the 'global minimum',

which has a much better performance.

This global

minimum cannot be found by a training procedure which depends on incrementally adjusting
weights. Various techniques have been proposed to try to avoid networks settling into local
minima, but the only reliable procedure is to repeat the training exercise several times using
the same network with a different initial set of random weights and check that the final set of
weights is the same each time. If they are, this suggests that the same minimum

is being

obtained using approaches from several different directions and therefore it is likely that the
minimum is indeed global.
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5.3.2 Further Methods for Neural Networks Design

The following
classified

methods used to define the topology/structure

as constructive

and destructive

of neural networks

methods, parallel methods,

can be

direct methods

indirect methods. These methods are based on iterative procedures (Boozarjomehry,

and

R. B. &

Svrcek, W. Y, 2001):

5.3.2.a

Constructive and destructive methods

The constructive method starts with a network of minimum structure and expands its structure
(i.e. add more neurons

and synapses)

until the resulting

network

becomes

capable

of

performing the desired task with sufficient accuracy. In this method it is assumed that the
network has at most two hidden layers and the method is used to determine the number of
neurons in each layer. The other restriction

is that the method is only applicable

to fully

connected feed-forward networks.

The destructive

method

starts with a large network

capable

of doing the desired

task

satisfactorily and prune this network to the smallest one, which is still able to perform the task
accurately. The major disadvantage of these methods is that finding the structure ofthe 'large'
network capable of performing the desired task, currently requires a trial and error procedure.
In order to avoid this iterative step, a network with a large structure should be selected as the
starting point of the algorithm.

...
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5.3.2.b

Parallel methods

In these methods, the performance of a set of neural networks are evaluated simultaneously
and based on updating rules, a new set of neural networks is obtained. This cycle is repeated
until convergence

is achieved.

Almost all parallel

methods

are based on evolutionary

algorithms, the reasons being:

1. The decision variables are all discrete (number of neurons and synapses), the error
surface is not continuous, and thus it is non-differentiable.
2. The error surface is complex and noisy, because the mapping from a hyperspace
corresponding

to the number of neurons and synapses to a space that corresponds to

the network performance

is strongly epistatic.

In other words, the effect of each

decision variable on the objective function depends on the values of the initial weights
of the other decision variables.
3. The error surface is deceptive, since neural networks with similar architectures

can

have different performance due to a different initialisation.
4. The error surface is multi-modal

because different neural networks can have very

similar capabilities.

Due to the above characteristics

of the error surface, genetic algorithms are efficient methods

of solution for structure design and optimisation of neural networks.
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5.3.2.c

Direct methods

In the direct methods,

all the information

about the structure of the neural network

is

represented directly in the binary string used as the genotype. In this method (Boozarjomehry,
R. B. & Svrcek, W Y, 2001), the genotype is obtained by concatenating rows (or columns) of
the connectivity matrix into a binary string. In this scheme a binary string of length N2 (Figure
5-1) will represent a network with N neurons.

One of the major disadvantages of direct methods is their poor scalability. In other words, the
length

of the

exponentially

genotype

representing

the

structure

of the

neural

network

increases

as the number of neurons in the network increases.

From Neuron: 12345
To Neuron:
00000
2

00000

3

11000

4

11000

5

00110

00000
00000
11000
11000
00110

• • • • •

00000 00000 11000 11000 00110

Figure 5-1:

Coding of the connectivity matrix and decoding to the neural net

(Boozarjomehry,

R. B. & Svrcek, W Y, 2001)
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5.3.2.d

Indirect methods

In these methods, conversion of the genotype to the structure of the neural network and its
corresponding

parameters requires at least one level of interpretation.

that data corresponding

This is due to the fact

to the structure of the neural network is compressed

to reduce the

length of genotype, which leads to the faster convergence. Indirect methods are distinguished
based on the compression and interpretation

methods that they use. The difference between

these approaches is the degree of indirectness that they use.

Boozarjomehry,

R. B. & Svrcek, W. Y., 2001 proposed an indirect method which assumes that

the neural network has at most two hidden layers and the connections are limited to adjacent
layers. It was suggested that the existence of direct connections

between input and output

layers will make the error surface more smooth and with less local minima. However, their
coding scheme is highly epistatic, because adding a neuron to the network will drastically
increase the number of links. This type of coding has acceptable scalability, however, it is
highly epistatic.
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5.4 Fuzzy Logic in Intelligent Design
The following section is a summary of the works by Sun, J et al, 2000.

5.4.1 A Design Candidate Identification Method

Conceptual

design is a process to develop design candidates

further product development.

Design requirements

from design requirements

for

are usually first defined by interpreting

customer needs, benchmarking of existing products and engineering analysis. These needs are
then translated into measurable technical attributes, usually called metries. The relationships
between

customer

needs and metries

need to be defined

in order to evaluate

design

candidates. The best candidate should satisfy customer needs.

In this research, a four-step method is proposed for evaluation and subsequent identification
of design candidates. These four steps are (Sun, J et al, 2000):

1. Acquisition of customer needs and ranking of their importance.
2. Establishment

of measurable metries and their relations with customer needs.

3. Development of design specifications

and initial evaluation of design candidates

4. Evaluation of design candidates for selection of the best candidate.

The importance of customer needs, the relationships
and the level of satisfaction
design specifications

between customers needs and metries,

of customer needs are modeled in fuzzy sets. Satisfaction

is described by conventional

of

crisp set. Fuzzy rules are employed

to

model the knowledge to evaluate the level of satisfaction of design candidates using design
specification,

importance of customer needs, and relationships

between customers needs and

design metries. Fuzzy reasoning is carried out using the trained feed forward neural network.
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5.4.2 Acquisition of Customer Needs and Ranking of their Importance

A conceptual

design is initiated from identifying

the customer

needs. These needs are

generally gathered from market surveys and described by qualitative expressions such as "the
cost should

be low" and "the

competitiveness

product

should

look good."

Improvement

in product

can be reached by designing the product that can better satisfy the customer

needs.

Among all the customer requirements,
Therefore,

improvement

product competitiveness.
is a complicated

some are considered more important than the others.

on these more important requirements
Identification

has stronger influence

on

of importance measures of customer needs, however,

task. The pair wise comparison

method

is the method

that will be

investigated (Sun, J et al, 2000).

Pair wise comparison
two selected

starts with comparing the relative importance, or importance ratio, of

items. If n items are associated

with n weights,

WI,

W2,

... , Wn,

the relative

importance, aij, considering the ith item and the jth item is obtained as

Wi

WJ

(5-1)

The pair wise ratios satisfy

WI

Wn

Wn
(5-2)
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Since an item is equally important as itself, the value of a diagonal element in the matrix is 1
(a, =1), and values of the elements in the upper triangle of the matrix are the reciprocal values

of the elements in the lower triangle of this matrix, only n(n-l )/2 times of comparisons are
needed. For ease of explanation, this equation is described as

Aw=nw

or

= 0,

(A-nl)w

(5-3)

where I is an n x n identity matrix. From this equation, it is apparent that n is an eigenvalue of
A, and w is an eigenvector for eigenvalue n.

In a general case, one cannot give the precise values ofw;lwj,

but only estimates of them. The

estimation errors result in inconsistency of the data in the pair wise ratio matrix. Sun, J et al,
2000 introduced a consistency

index, Cl, as a measure to evaluate the deviation from

consistency of the pair wise ratios. Cl is calculated by

Cl

(Amax - n)/(n - 1)
(5-4)

where Amax is the maximum eigenvalue of A considering estimation errors. When values of the
elements of a reciprocal matrix are generated randomly, the consistency index for this matrix
is represented as RI. The average RI values for different orders of matrices are summarised in
Table 5-1.

Orders

2

3

4

5

6

7

8

0.52

0.90

1.12

1.24

1.32

1.41

-----_._.-

RI
Table 5-1:

0.00

Consistency indices for random reciprocal matrices with different orders

(Sun, J et al, 2000)
The ratio of Cl to RI for the same order matrices is called the consistency ratio (CR). A pair
wise ratio matrix with consistency ratio less than 0.10 is considered as a good one to calculate
the weights of the items.

66

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

In the process to identify importance measures of customer needs, customers are asked to
specify how a particular need is more important than another one. The comparison values, aij,
are defined on a scale of 1 to 9, as shown in Table 5-2.

•
Comparison of the ith need and thejth need
The ith need is equally important as the jth need
3

The ith need is moderately more important than the jth need

5

The ith need is strongly more important than the jth need

7

The ith need is very strongly more important than the jth need

9

The ith need is extremely more important than the jth need

2,4,6,8

These are intermediate comparison values

Reciprocals

These are values for inverse comparisons

Table 5-2:

aji

Scales for comparison of customer needs

(Sun, J et al, 2000)
The calculated

weights for customer

needs are scaled to the range between 0 and 1 for

representing the importance measures. Four fuzzy sets have been developed for modeling the

•

importance of customer needs (Figure 5-2):

1. Not Important
2.

Somewhat Important

3. Important
4. Very Important

c:

o

U
c:

.a

c.

:.c

~

ID
.0

E
ID

~

I

0

Importance of customer need
Figure 5-2:

Membership functions for modeling the importance of customer needs

(Sun, J et al, 2000)
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5.4.3 Establishment of Measurable Metrics and their Relations with
Customer Needs

Since customer needs are usually described by qualitative expressions

(Sun, J et ai, 2000),

evaluation of design candidates in terms of customer satisfaction is difficult to be conducted
directly. Therefore, translation of customer needs to measurable metries is required.

The measurable metries, usually called design attributes, are terms used by design engineers.
Each metric is associated with a value and a unit. For instance, diameter and module are two
metries of a gear. Because a design candidate is described by metries, evaluation of design
candidates based on metries can be easily accomplished.

To evaluate the design candidates based on customer needs, relationships between metries and
needs, or called the capability of metries to measure needs, have to be developed.
research,

In this

these relations are described by numbers between 0 and 1, with 1 indicating

a

perfect measure to the need and 0 indicating an impossible measure to the need. The relations
are correspondent

to four fuzzy sets representing

the capability of metries to measure the

needs (Figure 5-3):

1. Poor
2. Fair
3. Good
4. Very Good.
e

0

U
e
:::J

,,
,

'+-

a.
E

....
Cl)
Q)

..c

E
Q)

~

0

Capability of a metric to measure a need

Figure 5-3:

Membership functions for modeling the capability of metries to measure needs

(Sun, J et al, 2000)
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5.4.4 Development of Design Specifications and Initial Evaluation of
Design Candidates

Design specifications
usually described
customer

state the required measures of technical metries. Each specification

by lower and upper bounds. Specifications

requirements,

competitive

analysis

of similar

are developed

products,

is

based upon

and product

testing.

Evaluation results are represented by conventional crisp sets, as shown in Figure 5-4. A crisp
set is considered as a special case of fuzzy set, where the membership

function measure can

only be selected as 0 or I.

c

..

0

~

U
c
.2

.e.
.I::.
ti)
L-

Q)

Satisfied

.c
E

.....

Q)

~

0
Lower limit

Figure 5-4:

Metric

Upper limit

Membership function for modeling the satisfaction of specifications

(Sun, J et al, 2000)
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5.4.5 Evaluation of Design Candidates Based on Customer Needs
using Fuzzy Reasoning

Evaluation

of design candidates based upon customer needs is carried out using the three

previously achieved measures:

1. Satisfaction of metries to specifications.
2. Capability of metries to measure needs.
3. Importance of customer needs.

This concept is illustrated in Figure 5-5 (Sun, J et al, 2000).

Customer

(-----------I
I
I

,

-----

--------

------------

I

J'

\

I
I
I

-----------

Figure 5-5:

----)

Design candidate evaluation based upon satisfaction of customer needs

(Sun, J et al, 2000)
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Fuzzy rules are developed for evaluating design candidates with three defined measures. The
IF part of a fuzzy rule is composed of three expressions linked by logical AND, representing
the fuzzy sets corresponding

to the three achieved

measures.

The THEN part of a rule

describes the fuzzy set representing satisfaction of design candidate to customer needs. Each
time, only one metric and one need are considered to evaluate a design candidate. Evaluation
of the candidate considering all metries and needs is based upon these individual evaluation
results.

Satisfaction of customer needs is also described by a measure between 0 and 1. Five fuzzy
sets are used to model this measure (Figure 5-6):

1. Very Poor
2. Poor
3. Fair
4. Good
5. Very Good

c

o

nc

.2

.9s:

~
Q)

..c

E
Q)

~

0

Satisfaction

Figure 5-6:

of customer

needs

Membership functions for modeling satisfaction of customer needs

(Sun, Jet al, 2000)
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Thirty-two rules represent the fuzzy relations for design candidate evaluation, as summarised
in Table 5-3. These rules describe the knowledge such as:

IF

the metric satisfies the specification, and the metric has very good capability to
measure the need, and the need is very important,

THEN

the design candidate is very good to satisfy the customer need.

IF

the metric satisfies the specification,

and the metric has good capability

to

measure the need, and the need is somewhat important,

THEN

the design candidate is good to satisfy the customer need.

IF

the metric does not satisfy the specification,

and the metric has very good

capability to measure the need, and the need is very important,

THEN

the design candidate is very poor to satisfy the customer need.

Capability of metries to measure needs
Very good

Good

Fair

Poor

(a) Fuzzy rules when metric satisfies the specification
Importance

of

needs

Very important

Very good

Very good

Very good

Good

Important

Very good

Very good

Good

Good

Somewhat important

Very good

Good

Good

Fair

Not important

Good

Good

Fair

Fair

(b) Fuzzy ru/es when metric does not satisfies the specification
Importance
needs

Table 5-3:

of

Very important

Very poor

Very poor

Very poor

Poor

Important

Very poor

Very poor

Poor

Poor

Somewhat important

Very poor

Poor

Poor

Fair

Not important

Poor

Poor

Fair

Fair

Fuzzy rules

(Sun, J et al, 2000)
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When N customer needs and M metries are used in design candidate evaluation, suppose the
evaluation

measure considers only the ith need and jth metric is described

by Sij, design

evaluation measure considering the jth metric and all needs is calculated by

SJ

1

nj

- ISi/(j
nj i=l

= 1,2,...,M),
(5-5)

where n) (n) < N) is the number of involved needs in calculating

Sj. Design candidate

evaluation considering all needs and metries is achieved using

S

M

1
-Isi
M j=l
(5-6)

If multiple candidates are considered, the one with the highest evaluation measure is selected
as the best candidate for further product development.
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5.5 Case-Based Reasoning in Intelligent Design

The following section is a summary of the works by Mejasson, P. et ai, 2001. In industry, a
major requirement

is to reduce costs throughout the design, qualification and manufacturing

process without compromising
but neglected

quality. Most of the time, material selection is an important

part of this process.

premature and even catastrophic

Improper

choice of materials

can at worst,

failures. Less severely and more commonly

lead to

it can lead to

greatly increased costs. Materials databases can serve as a useful function in the material
selection process, giving up to date information on the physical properties, costs and usability
of candidate

materials fitting the task requirement.

However,

practical knowledge

applicability

of such material data in a particular

application

domain

of the

is not commonly

available from such databases.

Application
manufactured

knowledge

extends

units. For example,

the context

of material

an inexpensive

mechanical,

thermal and electrical requirements

be difficult

and expensive

to manufacture

material

selection

into component

or

that seems to meet all the

for a mechanical piece part may turn out to

into the correct shape. It may also need, for

example, costly treatment against corrosion. Hence, the finished product may end up as a
more expensive option than if a more costly material had been used instead.

Experience can be used to assist this minimisation in two ways (Mejasson, P. et ai, 2001):

•

By the early rejection of unsuitable candidate materials, on the grounds of past' bad'
experience; and

•

By the use of 'good'

experience

with a suitable material already in use with the

company of a similar component, which has already undergone qualification.

While a structured material selection methodology
find a material to meet a component's

greatly enhances an engineer's

requirements,

past experience

search to

is needed to avoid

pitfalls. There are also cases where materials have been evaluated more than once simply
because the previous documentation

was not easily accessible.
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5.5.1 Knowledge Based on past experience

The last and most important level of engineering knowledge is knowledge about antecedent
designs or so called past histories. This knowledge manifests itself in the ability to refer to
important former design patterns when considering a new design problem.

This knowledge

is the most difficult to model. The engineer is able to make associations

between the component

currently under design, and previous

'interesting'

and 'relevant'

designs. This association is partly modelled by searching on factors already in the components
database (e.g. component type), and on those in the materials database (e.g. physical property
ranges). However, a wider search is also employed, based on the capability of a design to
provide lessons relevant to other designs. Such a search cannot be performed on the material
and component databases alone, being dependent on a number of extra factors, such as shape,
function, environmental
the database
termed

behaviour, etc. To model this wider search, it is necessary to enhance

so as to include specific attributes on which to search. These attributes

'search

indices'

in case based reasoning

technology,

and their construction

are
is a

determining factor in the successful utilisation of a repository of experiential knowledge.

The approach

looked at was based on the methodology

for checklist

indices given by

Mejasson, P. et ai, 2001. This method involves two main steps:

1. First list the tasks which retrieval of past cases would assist. In this project the
following list was identified: avoidance of re-design and development;
material

defects

components;

in particular

environments;

use of new materials

prevention of
for existing

use of cheaper materials; and avoidance of production problems.

2. Consider designed components in turn in each of the above contexts. List the general
features of the component that determined the outcome of the material selection for
the design. These features form the basis of the set of search indices.
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5.5.2 The Design of a Case Based Reasoning Architecture

The overall structure of the prototype system is illustrated in Figure 5-7 (Mejasson, P. et al,

2001). The figure shows two linked databases, the materials database and the component
database, which are capable of use as stand-alone information systems.

Intelligent System Retrieval

Component I Knowledge Database

.----------------------------------------~

-------------------------------------------,

I
I
I
I
I

r

4

Name, place in assembly,
subassembly

General design warning
and advices

Experimental
Knowledge

Description of components
using attributes (shape,
function, environmental,
material family ...)

.....

Material Database

Technical
drawing

Associated
qualified
materials

Associated
text,
examples

-------------------------------------------,

.....

------------------------------------------

[

Material name and grade

J~

Data sheet

Chemical
composition

[

1

r
~

..J

Graphics

....

Application
Example

"'l

J

Manufacturer

------------------------------------_--

FIgure 5-7:

---------------------------------~-----

1

1

Architecture of a case based reasoning system

(Mejasson, P. et al, 2001)

Figure 5-7 shows an enhancement to the component database, which enables its use as a case
base. The enhancement

includes the search indices, together with generalised warnings and

advice, pointing to lessons to be learned from the case. Documents

associated

with the

component itself will give detail to these generalised warnings and advice.
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5.5.2.a

The component database

The component

will include the name of the component,
technical

drawing

experiential
employees

It

database contains data on individual components and whole assemblies.
a description,

and its place in an assembly,

as well as the service history of the component.

knowledge

that can be gathered

from engineers

at the company as well as other pertinent

It contains

a

all the

and other knowledgeable

information

taken from literature

searches from sources both within and outside of the company.

5.5.2.b

The material database

The material database is composed

essentially

of material data sheets including graphics,

application and chemical composition. It also contains details on manufacturers

5.5.2.c

(e.g. address).

The composite system

Taking the component database and material database together makes a powerful tool for the
design or material engineer,
considerations.

assisting him or her in material selection and other design

The main limitation in the use of these databases is retrieval of the relevant

information. Both databases are large. On their own, an engineer can only search for specific
attributes - a range of physical properties, or a type of component. Retrieving information on
attributes like this is in many cases likely to be overly restrictive, or else too wide to be of use.
Some of the attributes that may be searched are simply not available, being buried in text, or
in the technical drawings. This may prevent the engineer from analysing the data fully and
finding the relevant nugget of information.
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6. INTELLIGENT PROCESS PLANNING
Process

planning

is the act of preparing

detailed operation

instructions

to transform

an

engineering design to a final part (Posani, M & Dagli, CR., 1994). It is the critical bridge
between design and manufacture.
planning

into manufacturing

process parameters,

Design information can only be translated through process

language.

The detailed

plan contains

the route, processes,

machines and tools required for production. The process plan provides

the instructions for production of the part. These instructions dictate the cost, quality and rate
of production. Therefore process planning is of utmost importance to the production system.
In general
knowledge.

a process

plan is prepared

The process

planning

using available

function

design data, and manufacturing

has been described

as a subsystem

that is

responsible for the conversion or design data to work instructions.

Traditionally

the process

planning

activity

has been experience

based and performed

manually. In a conventional production system, a process plan is created by a process planner
who examines
procedures

a new part or engineering

drawing, and then determines

the appropriate

to produce it. The previous experience of the process planner is critical to the

success of the plan. Manual process planning has many problems though it is well suited for
small firms with a few parts. Variability among the planner's judgment and experience
lead to differences
production.

in the perception

of what constitutes

the optimal or best method

can
of

In the last decade, there has been a trend to automate process planning, since it

increases production efficiency and parts can be produced more economically.

To alleviate

the problems of manual process planning, an artificial intelligent approach can be taken.
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5.5.2.d

The case based reasoning system

Intelligent design assistant attempts to emulate an engineer's ability to refer to important past
histories

when considering

a new design or redesign

assistant case base, the components

problem.

In the intelligent

design

database is enhanced to include the important

search

indices associated with each component. A component is referred to, together with its search
indices and with a description
'case'.

of its importance

in terms of experiential

knowledge

as a

The objective of the system is to retrieve cases from the repository of past cases

considered

important for the current design. The search indices are included to assist this

retrieval.

Case descriptions give an overview of the component, together with the lessons to be learned
from it in the contexts. These take the form of general warnings and advice such as whether it
was a successful design that can be repeated or, an unsuccessful one that should be avoided.
Cases where precautions should be taken are exhibited. If the case was unsuccessful
may also contain a preferred modification.

then it

Currently this information is contained in a text

file that shows the reasons for the case's lack of success and actions that can be taken to avoid
a similarly poor performance.

Actions range from a simple 'this material should not be used

because ... ' to 'this material needs comprehensive

corrosion protection

using ... '. Cases are

annotated to provide important warnings and advice, which might otherwise be overlooked if
they occurred in lengthy reports in the component database.
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6.1 Knowledge Based Systems in Intelligent Process Planning

Expert system technology can be used in process planning. Some improvements in knowledge
representation,
However,

planning

search techniques

and interfacing

methods

have

been

made.

it can be said that generative process planning is still in its infancy and major

breakthroughs

to make this widely applicable are yet to be made. The following section is a

summary of the works by Gu, P. & Norrie, D.H., 1995.

The application

field of a planning system is called the planning domain. Irrespective

of

whatever domain a planning system deals with, there is always a clear planning goal. The
planning problem is to find out the best way to reach the planning goal. To do so, of course,
resources must be available.

6.1.1 Basic Elements of Process Planning

A process plan contains all detailed operations that change the initial state of a part or product
to its goal state. For different process planning domains, the four planning components,
state, goal state, operations

and resources

may mean different

initial

things. For example,

the

machining application have the following definitions (Gu, P. & Norrie, D.H, 1995):

Initial state

raw blank material

Goal state

design specifications

Operations

drilling, turning, milling, grinding, etc.

Resources

machines, tooling, labour, etc.

of the part

The initial state of planning is the blank of material for making the part. The goal state is the
part which satisfies all of the design requirements. The resources available include machines,
tooling, materials and operators. The actions involved are the operations performed

on the

machines by the operators, such as turning, grinding, milling and so on, using the available
tooling and materials.
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If the process is inspection, the following terms are defined:

Initial state

finished part without inspection

Goal state

a part with all dimensions and tolerances

Operations

various measurements

Resources

machines, tooling, gauges and inspectors

Machining

and inspection concern individual components

whereas assembly deals with a

complete product or unit which consists of a number of individual components. Therefore, for
assembly the definitions are:

Initial state

disassembled components

Goal state

assembled product (shown in drawings)

Operations

assembly operations

Resources

robots, machines, tooling and mechanics

In summary a process planning system generates all of the necessary operations for changing
the initial state of an object to its goal state. The black box model shown in Figure 6-1 gives a
typical description

of a generative

process planning

system. From this illustration,

it is

understood that the following information must be available:

•

Description of initial state of a part or product

•

Description of goal state of the part or product

•

Representations

•

Resources available for carrying out the activities

of process activities

Resources

Initial and goal
states

Figure 6-1:

Process planner

Process plans

Black box-planning model.

(Gu, P. & Norrie, D.H, 1995)
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6.1.2 An Architecture of a Knowledge Based System for Process
Planning

A process planning system must be developed upon an understanding of the state of the art of
planning research. A machining planning problem can be decomposed
problems. It is natural to consider that these sub-problems

into a number of sub-

can be solved more easily than

solving the entire problem at once. Also notice that for various types of sub-problems,
different knowledge may be used, some of this being more numerical and some being more
symbolic. To cope with these problems, a distributed approach may be more suitable to the
problem's

nature. Gu, P. & Norrie, D.H, 1995 therefore proposed

in the following

that

hierarchical planning should be used based on a multi-agent approach.

The concept of hierarchical planning is first to generate an abstract plan in which the details
are not specified. As planning progresses, the plan is refined into more details. Finally, the
plan is determined as a standard detailed form ready for execution. Consider again process
planning for machining where the initial state is a blank material and the goal state is the
design specification.

Operations include setup of the part, clamping the part, holding tools,

moving machine or tools, metal cutting, changing tools, re-setup of the part or changing
fixtures, and so on. In accomplishing

these operations, the process sequence is of extreme

importance. It is too early to select a tool if the part has not yet been recognised and features
are not identified. Thus it is natural to use hierarchical planning techniques.

For the machining
determined;

problem,

all the processes

required

to make the part may be first

then, a machine or machines are selected to carry out the processes. Following

this, operation sequences and appropriate tooling are determined.

As planning progresses,

more detailed plan is generated. Because of the knowledge-intensive

a

nature of the planning

problem a distributed artificial intelligent approach is more suitable to such problems.
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An appropriate architecture for a multi-agent planning system is shown in Figure 6-2. Each of
the agents deals with a sub-problem
central coordinating

and these agents are coordinated

agent. Each agent has a communication

passing to each other or communication
intensive reasoning

are knowledge

and controlled

by a

interface that allows message

with a user. The agents that deal with knowledge-

based systems and therefore they have similar system

structures. For different planning domains, the system structure may be slightly altered and
these changes may only reflect task requirements. As far as fundamental ideas are concerned,
they are identical.

Figure 6-2:

A multi-agent planning model

(Gu, P. & Norrie, D.H, 1995)
A model of a typical knowledge based agent is shown in Figure 6-3 (Gu, P. & Norrie, D.H,
1995). It mainly consists of four components:

knowledge base, inference operators, context

and interface. Each of these components is discussed separately

-....,

r
<;

..-"'"

Input
design
description

Knowledge
base
<,

~~
...I
"'-l
.. ..I
"'-1

Context
Modified
Current
input
planning
decision

Control structure

User Interface

L...

Planned
decision

i ~~

J .....

L...
I'"

Human experts
Figure 6-3:

Knowledge based planning agent

(Gu, P. & Norrie, D.H, 1995)
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6.1.2.a

Context

Context is, in fact, a dynamic data structure where all the information not stored permanently
in the knowledge based agent is available, such as input, modified input, temporary output or
decisions made, planned operations or intermediate

states and output. Output is sometimes

separate depending on the problem domain.

Input to a planning agent can be either a part description for machining or inspection, or the
product description in the case of assembly planning. Modified input means that once an input
is made by a planning agent, a particular data structure is usually used by the system to store
the input. The original sequence in the input may also be changed, based on planning strategy.
During the planning process, some descriptions

may be changed or deleted. Intermediate

states, in machining, mean that features change in terms of their geometry as the dimensions
result from planned operations. These intermediate

states may be only transition

states on

which further operations will be performed. Therefore, these states still vanish eventually as
planning progresses, some decisions made on a temporary basis may be overwritten

in later

stages of planning and the others may be the final decisions which will be part of the final
plan.

Output comprises process plans which are defined with respect to the problem domain. For
robotic assembly task planning, the final plan can be a robot control program. For inspection,
the final plan is the series of inspection instructions to be followed by an inspector. Output
can be separated

from context in the situation where once a decision is made, it will not

change. In these cases, a planning agent can use a data file for storing output.

\
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6.1.2.b

Knowledge base

The knowledge

base in a planning

agent stores domain expertise.

In process

planning

systems, there are two types of expertise: factual knowledge and problem solving strategies.
The latter consists of a number of production rules dedicated to specific problem solving
during the planning process. Factual knowledge
describing

is also known as 'declarative

static situations or facts. This type of knowledge

knowledge'

remains unchanged

when a

problem is changed For example, the declarative knowledge will be the same for both gear
planning and shaft planning in a machining

planning process. Such factual knowledge

is

usually used to verify situations or the condition part of production rules. However, factual
knowledge cannot be used to deduce new facts, but the production rules can.

The following examples illustrate some of the fields in the knowledge base:
Cylinder (diameter, length)
Surface finish (real)
Cylindricity (real)
Concentricity

(real, identifiers)

A cylinder has two parameters to describe its size: diameter and length. Surface finish is
represented

by a real number which describes height of roughness. Cylindricity tolerance is

defined by a positive real number. Concentricity

tolerances need a positive real number and

one or more feature identifiers which are datum's.

Production

rules involve two parts, conditions

and actions. Simple production

rules are

separated out from structured group problem solving rules. The simple production rules can
be used to infer or deduce new facts or knowledge. For example:
•

Rotational features have a rotational axis. (fact)

•

Cylinder is a rotational feature. (fact)

•

If a feature is rotational, then the feature has an axis. (rule)

•

If a cylinder is a rotational feature, then it has an axis.

•

Two fitting features need tolerances on their diameters. (fact)

These simple rules can be used by an inference control structure for problem solving.

85

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

In many cases, simple facts and production rules may not be enough for complex problem
solving, especially for process planning. More complete problem solving strategies may need
to be embedded in knowledge base. For the assembly sequence planning problem, the planner
needs to form sub-assemblies,

determine

the sequence

of sub-assemblies,

determine all of the assembly sequence for a product. To form sub-assemblies,
regarding the determination of subassemblies

knowledge

is built into the knowledge base. Sequencing an

assembly regardless of whether it is a sub-assembly
problem-solving

and finally

or final assembly requires a complete

algorithm, not a single production rule. However, the sequences of rules may

be important and many related rules may be nested to form the problem solving strategy.

Inference control structure

6.1.2.c

An inference control structure in an agent consisting of three main types of operators: domain
operator, search operator and control operator. The domain operator applies knowledge from
the knowledge base to particular problems or to part of the problem solving procedure. For
example,

a machining

operator can carry out several different types of operation

drilling, turning or boring as available for the domain. Each application
changes the problem
operations

state or sub-goal. For the assembly

include part handling,

such as

of the operator

planning problem,

insertions and the like. The search operator

the domain
is mainly

concerned with the search strategy which can be breadth-first or depth-first for blind search,
or can use evaluation functions or other heuristic rules in heuristic search. In the meantime, it
has to handle the data structure when the search is carried out. For example, if the planning
agent searches for an identifier which is included in a list data structure, the operator must
know how to deal with the list data structure.

The control operator is used to determine which domain operator or search operator is used
and when to carry out certain tasks during the problem solving process. It is more concerned
with the problem solving strategy. For example, in assembly planning, the control operator
will determine whether a sub-assembly
sequencing of the sub-assembly
function and more systematically

should be formed. After a sub-assembly

is formed,

is carried out. The separation of operations helps define their
code the planning system. However, a user may sometimes

want to combine the control operator with the search operator for a particular domain and
programming

languages.
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Interface

6.1.2.d

An interface can be either a user interface or communication

interface or both. It allows a user

to interact with the planning system or allows one agent to communicate

with the other.

During the planning process, the user or other agents may provide information required by the
present planning agent such as:

•

Responding to an agent request

•

Confirming planning decisions

•

Inquiring about planning strategies

•

Modifying agent components.

In the domain of inspection planning, once a component is set up on a coordinate measuring
machine,

the planner should know which features are held by the fixture, and feature

orientations

with respect to the machine's

information,

the planner can determine which features are accessible for the current setup.

Feature accessibility

is important

coordinate system. With the help of this type of

for determining

whether

certain measurements

can be

performed.

In the assembly planning process, the planner must determine sub-assemblies.
form the sub-assemblies,

In order to

the planner has to find base parts which are references for the sub-

assembly formation. Although certain knowledge or algorithms can be used to determine the
base parts for some cases, those rules may not apply. To be safe, it is acceptable for a user to
confirm the determination
with additional

of a base part. In some other cases, a user may need to supplement

information

for further decision

should be provided for a user to participate

making. Nevertheless,

the opportunities

in the planning for as long as it is possible. To

review or examine the planning strategy of a planner, a user or domain expert needs to know
how a decision is reached. In artificial intelligence literature, this is called explanation.
feature is essential for the continuous development

This

of a knowledge based system and for the

debugging and testing of the system.

87

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

6.2 Neural Networks in Intelligent Process Planning
The following section is a summary of the works by Posani, M & Dagli, CH, 1994.

6.2.1 Introduction

The artificial

neural networks approach was considered

in process planning since neural

networks are becoming increasingly efficient in image processing and pattern recognition.
Such a system would consist of an artificial neural network to recognise patterns in an expert
systems environment.

Artificial neural networks can modify their behaviour in response to their environment.
factor, more than any other, is responsible
processing

and pattern recognition.

for the interest they have received

Shown a set of inputs, they self-adjust

This

in image
to produce

consistent responses.

A trained network to some degree is insensitive to minor variations in its input. This ability to
see through noise and distortion to the pattern that lies within is vital to pattern recognition in
a real-world environment. The artificial neural networks approach to process planning has the
potential to generalise

automatically

as a result of its structure and not by using human

intelligence embedded in the form of ad hoc computer programs as found in the latter.
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6.2.2 Neural Network for Part Feature Learning

Posani, M & Dagli, CH, 1994 constructed a neural network model which is able to read and
interpret 20 designs and propose suitable process plans based on previous training and
features recognised. The 20 design was represented on n x m matrices using ASCII format.
The edges of parts under consideration

are represented by 1's and the rest by O's. The use of

1's and O's simplifies the process of part description. A CAD drawing can very easily be
converted to a similar matrix by considering the graphics as a matrix of pixels and analysing
each pixel for the presence or the absence of an edge. If an edge is present, the value returned
is 1, else it is O. This method of applying artificial neural networks for feature recognition has
been successfully used in several other applications.

The model under consideration was first trained using those parts which have existing process
plans. Once the network is trained, other 20 parts are applied to the network. Using the
nearest neighbour recall, the network can identify these parts and propose process plans based
on the features recognised.

The methodology

is similar to the generative approach since it

consists the three main components: part description; manufacturing

databases; and decision-

making logic and algorithms.

In the following example, there are four different features on the 6 x 10 matrices. One such
feature on a matrix is shown in Figure 6-5. The 1's in the matrix represent the edges of a
cylinder with a keyway milled on top as seen in the side view of Figure 6-4.
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I

i

---$----Figure 6-4:

A drawing representing a turned shaft with a keyway

(Posani, M & Dag!i, CH,

o

000

1994)
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Figure 6-5:

Neural network for part feature learning, with lateral and recurrent connections

(Posani, M & Dag!i, CH,

1994)
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6.2.3 Neural Network Attributes for Process Planning

The following attributes were considered

essential in the selection of a suitable artificial

neural systems (Posani, M & Dag!i, CH., 1994).

•

Supervised learning

•

Simplicity in architecture

•

Quick learning

•

Improved storage capacity

There

are several

considered.

paradigms

Backpropagation

which

satisfy

these

requirements.

Backpropagation

was

uses gradient descent to adjust the network weights, following

the local slope of the error surface toward a minimum. Gradient descent works well with
convex error surfaces that have unique minimum, but it often leads to non-optimal solutions
with the highly convoluted,
some circumstances,

non-convex

surfaces encountered

in practical problems. Under

a network can train itself into a state where weight modification

comes

to a virtual standstill. This network paralysis is a serious problem - once entered it can extend
training time by orders of magnitude.

6.2.3.a

Input representation

As mentioned, part features are represented on aiO x 6 matrix using ASCII format. The edges
of features under consideration are represented by 1's and the rest by O's. Thus the vector Ak
has 60 components

being input into as many neurons. This network size was selected due to

computer memory and speed constraints.

The computer program developed for this study,

however, can handle larger matrices.
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6.3 Fuzzy Logic in Intelligent Process Planning

The following section is a summary of the works by Hashmi, K., Graham J.D. & Mills, B.,
2000.

6.3.1 Introduction

suggested an application of fuzzy logic in process planning, i.e. the drilling speed of a given
work-piece with a certain material hardness can be recommended

by using fuzzy set theory. A

standard fuzzy model can be used for evaluating drilling parameters

for different types of

work-piece materials having a range of hardness values.

The relationship

between a given material hardness and drilling speed can be described and

evaluated by the fuzzy relation for different cutting tool materials and different hole diameters
and feed rates.

Selection

of machineability

data, which

includes

choosing

the appropriate

machining

parameters of speed, feed rate, depth of cut, play an important role in the efficient utilisation
of machine tools and thus significantly influences the overall manufacturing

costs.

Experiences gained over the years by the skilled operator has led to certain empirical rules or
guiding principles

for choosing

the optimum

cutting conditions

for a given machining

operation, such as turning, milling, drilling, etc.

Systematic
experiments
operation.

collection

and storage of large quantities of data from laboratory and industry

has resulted in machining
A thorough

data that can be compared

review of the information

industry, has indicated that the recommended

obtained

to that of fuzzy logic

from the literature,

and from

speeds, and feeds for any machining operation

may vary considerably.
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Zadeh's fuzzy set theory is a mathematical theory of inexact reasoning that allows modelling
of the reasoning process in human linguistic terms. This theory proved to be an effective
means for dealing with objectives that are linguistically

specified. Linguistic terms such as

medium, slow, and fast, may be defined by fuzzy sets. Over the past decades, the fuzzy set
theory has also been successfully established as an alternative approach to reasoning under
uncertainties.

The skilled human operators employ experimental rules that can be cast into the fuzzy logic
framework.

These observations

inspired many investigators to work in this area, leading to

the development

of the so-called fuzzy logic and fuzzy rule based control. There have been

many successful

applications

of fuzzy set theory in metal machining,

monitoring of the machining process, machine-tool

such as condition

control, total machineability

assessment,

chip control in automated machining system, adaptive control systems for turning operations,
and a control system for small-hole diameter drilling, etc.

Different applications

of the fuzzy control technique use a specific shape of the fuzzy set,

which is dependent on the system behaviour identified by the knowledge engineers. So far,
there is no standard method of choosing the proper shape of the fuzzy sets of the control
variables. Trial-and-error
been developed

methods are usually exercised. In this work, a fuzzy logic model has

for selecting cutting parameters

in the drilling operation. This fuzzy logic

strategy can simulate an operator's 'experience and expertise' in decision-making

process.
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6.3.2 A Fuzzy Model for Drilling Operation

The system is based on the relationship

that exists for any specific material between its

hardness (input) and the corresponding drilling speed (output). The fuzzy sets for input fuzzy
variable (HARDNESS)

and output fuzzy variable (DRILLSPEED)

are show in Figure 6-6

(Hashmi, K, Graham J.D. & Mills, B., 2000). The fuzzy expressions for input fuzzy sets and
output fuzzy sets are shown in Table 6-1 and Table 6-2, respectively.
Fuzzy sets

Fuzzy sets

VS
SO

ME

HARDNESS

Figure 6-6:

MH
HA
VH

Input and output fuzzy variables

(Hashmi, K, Graham J.D. & Mills, B., 2000)
Abbreviation

Expression

VS

Very Soft

SO

Soft

ME

Medium

MH

Medium Hard

HA

Hard

VH

Very Hard

Table 6-1:

Fuzzy expressions for input fuzzy sets

(Hashmi, K, Graham J.D. & Mills, B., 2000)
Abbreviation

Expression

VSL

Very Slow Speed

SLO

Slow Speed

MSL

Medium slow Speed

MDH

Medium High Speed

HIG

High Speed

VHI

Very High Speed

Table 6-2:

Fuzzy expressions for output fuzzy sets

(Hashmi, K, Graham J.D. & Mills, B., 2000)
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6.3.2.a

Fuzzy Rules

A set of fuzzy rules have been constructed for the drilling operation, based on the knowledge
extracted from the skilled machine tool operator and they are as follows:

Rule 1:

If material hardness is VS (very soft), then speed is VHI (very high).

Rule 2:

If material hardness is SO (soft), then speed is HIG (higher).

Rule 3:

If material hardness is ME (medium), then speed is MDH (medium high).

Rule 4:

If material hardness is MH (medium hard), then speed is MSL (medium slow).

Rule 5:

If material hardness is HA (hard), then speed is SLO (slow).

Rule 6:

If material hardness is VH (very hard), then speed is VSL (very slow).

6.3.2.b
A triangular
overlapped

Membership

functions for input and output fuzzy variables

shape was employed to describe the fuzzy sets. In this model, the fuzzy sets
the adjacent ones by 50%. Membership

functions for each fuzzy set for input

fuzzy variable HARDNESS and for output fuzzy variable DRILLSPEED

are shown in Figure

6-7

VS

SO

ME

MH

HA

VH

4

8

12

16

20

Hardness Membership
Figure 6-7:

VSL SLO MSL MDH HIG VHI

2

4

6

8

10

Drilling Speed Membership

Membership function

(Hashmi, K., Graham J.D. & Mills, B., 2000)
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The input universe 'material hardness'

should be partitioned according to the minimum and

maximum values allowed to control the system. On this basis, the universe of hardness has
been split in the range of (0-20), with any value above this range assumed to be infinity and a
zero value implying that the material hardness is almost a minimum value. The value of 0 is
assigned to 'Hardness min' and the value of 20 to 'Hardness max'. In a similar manner, the
universe of the output, drilling speed has been partitioned according to the range of speed
required, i.e. (0-10). It has been assumed that the value ofO is assigned to 'speed min' and the
value of 10 to 'speed max', for any output speed range. From Figure 6-7, the discretised
universe of the fuzzy variables (HARDNESS

and DRILLS PEED) are derived as shown in

Table 6-3 and Table 6-4, respectively.

Fuzzy

0

2

3

4
0

5

6

7

8

9

10

II

12

13

14

15

16

17

18

19

20

Terms

VS
SO
ME
MH
HA
VH

I

.75

.50

.25

0

.25

.50

.75

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

.75

.50

.25

0

0

0

0

0

0

0

0

0

0

0

0

0

0

.25

.50

.75

I

.75

.50

.25

0

0

0

0

0

0

.25

.50

.75

0

0

0

0

0

0

0

0

.75

.5

.25

0

0

0

0

0

.75

.50

.25

0

.25

.50

.75

0

0

0

0

0

0

0

0

0

0

0

0

0

.25

.5

.75

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

Table 6-3:

0

Descretised universe of hardness

(Hashmi, K., Graham J.D. & Mills, B., 2000)

Fuzzy

0

2

3

4

5

6

7

8

9

0

0

0

0

0

0

0

0

0

.5

0

0

10

Terms

VS
SO
ME
MH
HA
VH
Table 6-4:

.50
0

.50

0

0

0

.5

0

0

0

0

0

.5

0

0

0

0

0

0

0

0.5

0

0

0

0

0

0

0

0

0

0

0

0

0

.5

0

0

0

0

0

0.5

0

0

0

0.5

0

0

0.5

Descretised universe of drilling speed

(Hashmi, K., Graham J.D. & Mills, B., 2000)
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6.3.2.c

Fuzzy relation

A fuzzy relation is the relationship between the input (HARDNESS) and the output (SPEED)
of the control system. The relationship between the input and the output can be found using
Cartesian product expressions of the two sets.

R=input*output
(6-1)

where the asterisk represents the Cartesian product.

In the case of Rule 1, the relationship would be

R1= (material hardness) vs (speed value)vHI
(6-2)

which has a membership function of

I-.IRI=min {uvery soft material, !-.Iveryhigh speed}
(6-3)

From Table 6-3, the VS (very soft) fuzzy set is defined as:

1 .75 .50 .25
VS (very so ft) = -+-+-+-+-+
1
2
3

o

0
4

0

...+-

20
(6-4)

and from Table 6-4, the fuzzy set VHI (very high drilling speed) is defined as:

VHI (very high drilling speed) =

Q +Q +Q +...+~+_!_

o

1

2

9

10
(6-5)
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The relationship between VS (very soft) and VHI (very high drilling speed) is shown in Table
6-5. The second rule can be developed exactly the same way and is shown in Table 6-6.

0

0
2
3
20
Table 6-5:

2

9

10

0

0

0

0

0

0

.50

0

0

0

0

0

0

0

.50

.75

0

0

0

0

0

0

.50

.50

0

0

0

0

0

0

.25

.25

0

0

0

0

0

0

0

0

IlRl Universe of drilling speed

(Hashmi, K., Graham J.D. & Mills, B., 2000)

0

2

9

10

0

0

0

0

0

0

0

0

1

0

0

0

.25

.25

.25

0

2
3

0

0

0

.50

.50

.50

0

0

0

0

.50

.75

4

0

0

0

.50

5
6
7

0

0

0

.50

0

0

0

.50

0

0

0

.25

Table 6-6:

.50

0

.50

0

.75

.50

0

.50

.50

0

.25

.25

0

IlR2 Universe of drilling speed

(Hashmi, K., Graham J.D. & Mills, B., 2000)
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Rule combination

6.3.2.d

The first and second relations can be combined together by using an OR function to produce
one which allows an input (HARDNESS)

to be either VS (very soft) or SO (soft). The OR

function

of the membership

is represented

as the maximum

values of the two different

relations. The fuzzy statement combined from the two fuzzy rules R, and R2 is as follows:

if material HARDNESS is VS, then DRILLS PEED is VHI
or

if material HARDNESS is SO, then DRILLSPEED

is VHI

which is equivalent to:

(6-6)

and is represented in Table 6-7.

0

10

2

3

4

5

6

7

8

9

0

0

0

0

0

0

0

0

0

0

.50

1
2

0

0

0

0

0

0

0

.25

.25

.50

.75

0

0

0

0

0

0

0

.50

.50

.50

.50

3

0

0

0

0

0

0

0

.50

.75

.50

.25

4

0

0

0

0

0

0

0

.50

.50

0

5

0

0

0

0

0

0

0

.50

.50

0

6
7
19

0

0

0

0

0

0

0

.50

.50

.50

0

0

0

0

0

0

0

0

.25

.25

.25

0

0

0

0

0

0

0

0

0

0

0

0

20

0

0

0

0

0

0

0

0

0

0

0

Table 6-7:

~RI+~R2

Universe

of drilling

.75

speed

(Hashmi, K., Graham J.D. & Mills, B., 2000)
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Thus, the total combination
membership

of the six relations usmg 'or' operator

values and can be represented

is the maximum

of

in the relation IlR, which has a membership

function of

(6-7)

This relation is in fact the model of the action of the process planning engineer/machine
operator. Combining
universe
defuzzified

(0-20)

tool

this relation with any value of the material hardness that lies in its

results

in the required

average

cutting

output

for the operation.

The

output which gives the average speed value can be obtained from the following

formula:

Average value

=

Lspeed

"

_ valuexf.1(s)

L.... f.1(s)
(6-8)

For a hardness universe '5', for example, the average speed result would be

A verage Spee d va Iue

=

0.25x5 + 0.25x6 + 0.50x7 + 0.75x8 + 0.50x9

=

744
.

0.25 + 0.25 + 0.50 + 0.75 + 0.50
(6-9)
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6.4 Case-Based Reasoning in Intelligent Process Planning
6.4.1 Introduction

To reduce the manufacturing

time of a product, one effective way to develop a machining

process plan for a new part is to retrieve a relevant case of process planning similar to a new
desired part and then adapt the retrieved case to meet the new requirements.

This section is a

summary of the works by Chang, He. et al, 2000. The proposes is a mechanism for retrieval
of process planning cases. The core of the retrieval mechanism
representation

contains a feature based

and indexing of a part.

Process planning

is an important

activity in CAD/CAM

integration.

In the past, expert

systems have been widely used in automated process planning systems (Chang, He.

2000). However, expert systems are successful only if the domain of applications

et al,
is well

defined and the experts' experiences can be clearly translated into rules. Unfortunately,
domain is difficult to define for most of the manufacturing

processes,

the

and the knowledge

existing in an experts' mind is not in the form of rules but past successful process plans. Even
though one expert system was built, it is static and difficult to change. Besides, the current
trend of minimum "time to market" requires that an automated process planning system be
able to advance
manufacturing

its own knowledge

environments.

in response

to the rapidly

changing

markets

and

The ability to learn has thus become critical for such a process

planning system.

It has been recognised that the retrieval mechanism plays an important role in the case based
process

planning

system.

The key factors

affecting

the performance

of the retrieval

mechanism are representation, indexing and similarity metric of parts. A good representation,
indexing and similarity metric will enable the system to retrieve the most similar case rapidly
and correctly.

101

6.4.2 Feature-Based

6.4.2.a

Representation

Part representation

Each part can be represented by a feature code in the operation. Two key factors affecting the
process plan of a part in for example the cutting process are its geometry and material. In
order to retrieve the similar parts and their process plans, both geometry and material should
be represented and considered in measuring similarity between parts. Hence, the feature code
of one part consists of a main-string and a sub-string, which represent geometry and material
property, respectively. A main-string is a list of part primitives representing the geometry of
one part along the axial direction.

Each primitive is represented by a geometric feature class storing its geometric data, such as
geometric shape, tolerance, and surface finish. The sub-string represents hardness (HD), heattreatment (HT) and other material properties (Chang, H.C et al, 2000).

6.4.2.b

Process representation

Each cutting process is expressed as the removal of a geometric feature from the current work
piece. An operation code is used to represent each cutting operation and stored in a plan case.
Operation

codes are also extended to other non-metal

removing

processes,

such as HT,

clamping, etc. Each descendent part results from the application of a cutting operation to its
antecedent.

6.4.2.c

Case representation

A process plan case is a data file, which stores the process plan of a part. A data file contains
the procedure

of manufacturing

raw material into the final product. Here, the procedure

includes material removal and non-material

removal, and each removal step is composed of

an antecedent part, a descendent part, and a cutting operation.
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6.4.3 Case Indexing

One of the powerful capabilities

of a case based reasoning system is its ability to retrieve

relevant cases from the case base rapidly and accurately. Since the size of the case base is
often large, indexing cases in a proper manner so that the system can identify the cases
efficiently and find out the most similar case correctly is important. Chang, H. C. et al, 2000
developed a method called feature based similarity measure that was used in case indexing
and case retrieval. This method enables retrieval of the most similar process plan based on an
effective similarity function in the proposed application domain.

Three perspectives

of a part are considered

in the similarity

measure:

geometric

shape,

material and precision. Geometrical shape is a major factor in defining the similarity measure
since geometrically

similar parts normally

have similar processing

plans. The material

property refers to the HD and HT of the part. The precision property is concerned with the
surface finish and tolerance of a specific geometric feature of a part. For example, a part made
of aluminium needs a different processing tool from one made of steel since aluminium and
steel have different HD and HT. The more similar two parts are in terms of material, the
higher their similarity measure should be. A similar argument can be found for incorporating
the precision feature into the similarity measure.

Each property plays its role in the matching of two parts. However, they may sometimes come
in conflict with each other. For instance, two parts may have a high geometric shape similarity
and very low material similarity. Therefore, a similarity measure that incorporates the tradeoff between three properties needs to be developed. It is based on a hierarchical feature based
part representation.
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7. INTELLIGENT QUALITY MANAGEMENT
Global competition
organisations

and the current economic conditions have forced many manufacturing

to improve product quality and cut production costs at the same time. Quality

has a wide variety of interpretations.
specifications"

(Shetty, D.

el

In general, quality requires "conformance

al, 1996). An ideal quality product for one customer might not

be an ideal quality product to another because customer expectations
quality

to customer

is a product that meets all the customer

expectations,

are varied. An ideal

delivering

its full target

performance

every time the customer uses it under all possible operating conditions without

jeopardising

the customer and the environment.

According to Taguchi, 1993, quality is the

loss a product causes to society after being shipped. Quality is defined as satisfying customer
specifications

or failure to deliver it. It is also expressed in monetary terms as "quality loss"

which recognises

failure to meet customer

customer. This result in dissatisfaction
necessitating

specifications

resulting

in direct cost to the

reduces future sales, i.e. reduction in market share,

higher marketing and advertisement

costs. In addition direct supplier losses in

terms of scrap, rework, inspection, and warranty are passed on to the customer/supplier

chain.

The impact of poor quality is far greater than it appears.

This chapter will focus on the ways to implement

quality control by using the artificial

intelligent techniques discussed earlier, to prevent to cost of non-conformance.
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7. 1 Knowledge

Based

Systems

in

Intelligent

Quality

Management

The following section is a summary of the works by V. Deslandres & H. Pierreval, 1997.

7.1.1 Introduction

There has been an increasing interest in the use of computer based monitoring
control and evaluate quality in manufacturing

systems to

systems. One approach is to automate plant

operations that perform programmed tasks, such as knowledge bases systems. This creates an
opportunity

for intelligent autonomous

agents that perform tasks without the need for an

expert.

There are numerous difficulties in practicing Total Quality Control. These difficulties, which
are actual obstacles to the improvement of quality, can be explained by the following

1. A quality diagnosis is a very difficult task. It includes the analysis of human practices
and the production organisation, the identification of product defects and their origins.
To perform such diagnosis, various types of knowledge
work organisation, manufacturing

are required, especially

in

processes, statistical analyses, problem solving and

diagnosis methods. Such a background

is often difficult to find in a manufacturing

company.

2.

Software tools for quality remain insufficient (e.g., several very powerful charts are
not supported), difficult to use (how to calibrate certain techniques) and not integrated,
so that several different pieces of software, which are by nature not integrated, have
often to be used.

As a consequence,

there is an important need for computer tools that would be capable of

supporting the complex decisions that have to be made to solve quality problems.
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7.1.2 Different Types of Knowledge

The knowledge

used in quality problem solving is scattered in the company and not often

clearly formalised, thus knowledge acquisition tools are required. The knowledge involved in
quality improvement processes to further facilitate the application of elicitation techniques for
the knowledge based system development (V Deslandres & H. Pierreval, 1997) is as follows:

•

Knowledge about the manufacturing

•

Knowledge about the quality methods and tools (FMECA, Pareto, control charts, etc).

•

Decision process for quality problem solving, which is based on quality approaches
and related techniques

process and its environment.

(TQC, total productive

maintenance,

just in time and lean

production).

As a consequence,

the main difficulty of quality systems development

variety of the knowledge
quality implementations,

stands in the great

used, as well as the great variety of the people involved in the
which range from the managers to the operators. Each subset of

knowledge is now presented in order to facilitate the elicitation step.

7.1.2.a

Practical Knowledge

This encompasses

knowledge

about the manufacturing

process and its environment.

This

knowledge is composed of the following:

Factors of variation of the process. It is now admitted that the quality of the product is the
result

of the organisation

manufacturing

of the overall

resources

that have

been engaged

for the

process. The different resources of the process can be represented as shown in

Figure 7-1. Factors of variation come from each kind of resource and should therefore

be

studied.
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Figure 7-1:

Equipment

Operators

II

Material

II

Environment

II

Methods

II

Product

I
I

The different resources of the manufacturing process

(V Deslandres & H. Pierreval, 1997)

Degradation modes of the process functioning. Different process controls (e.g., control charts)
are used from one degradation
breakdown).

mode (e.g., gradual degradation)

to another (e.g., sudden

The quality advisory system should therefore know which kind of degradation

mode is related with variation factors.

Quality product characteristics (performance characteristics). It is important for quality
purposes to know the characteristics
manufactured

of the product which better express the quality of the

product itself.

The relationships between how do process parameters influence the quality product
characteristics. When this knowledge is already available, it should be clearly identified for
the knowledge based systems development.
continuously
techniques

But in most of the cases, and because process is

evolving, this kind of knowledge has to be acquired. The use of data analysis
or design of experiments

can be used for this purpose. The main aim of quality

control is to identify and monitor these relations. So it is also necessary to determine the
corrective actions (e.g., dependency control rules) that should be proposed to the end-user to
monitor the relations between process values and the product.

107

7.1.2.b

Knowledge about Quality Tools and Techniques

A great number of methods are currently used in order to satisfy quality objectives

in

manufacturing

companies.

manufacturing

defects and Design of Experiments - which can be used to derive qualitative as

well as quantitative
characteristics.

Some examples are: Pareto charts - used to identify and classify

information

about the influence

of process

variables

Further examples are: check sheets, flow diagram, cause-and-affect

on product
diagrams,

histograms, scatter plots and other graphs.

A major issue that can be derived form this investigation

is that extensive knowledge

is

attached to quality techniques and methods to deal with collection and analysis (multi criteria
analysis) of data is required. This accentuates
The extensiveness
•

need to manage this knowledge intelligently.

is this knowledge is highlighted due to the fact that:
of the conditions of application: quality specialists

Knowledge

are usually able to

provide discriminated criteria to define precisely what circumstances

dictate the use of

certain quality tools versus others.

•

Constraints of implementation: the knowledge of how the method should actually be
implemented
conditions
'practical'

in a workshop/organisation
guarantee

is important.

On one hand, 'theoretical'

the correct results of the methods,

but on the other hand

conditions play an important role in the success of the implementation

of

the method in the workshop/organisation.

•

Limitations: what is known which will not be acquired (e.g., qualitative relationships
information or quantitative information).

•

Post-actions that can be engaged: when a course of actions is defined.

•

An estimation
accomplish.

of the maximum level of achievement the tool can be expected

to

For example, the design of experiments may increase the ratio of defects

during the study; can the existent control system handle additional defects caused by
the experiments?
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7.1.2.c

The Decision Process

The solving process of quality control problems is not reduced to the implementation

of

quality tools or techniques. For many kinds of problem, decision process is more complex and
refers to previous experiments and to specific and elaborated techniques. The goal of quality
control decision process is to propose solutions which usually involve quality procedures to
definitively increase the control of the process.

The problem solving activity is composed of the following stages: problem discovery,

in-

depth analysis and problem solution:

The problem discovery stage is often considered by the quality engineer as the most difficult
step, because it is not easy to identify what is the underlying problem (e.g., wrong parameters
identification)
procedures).

directly

from

observable

symptoms

(e.g.,

unsatisfying

data

acquisition

Thus the first step in developing a knowledge based systems is to determine

which are the classes of quality control problems in the company, what are related symptoms
of no quality and how they are linked one to each other.

In-depth analysis consists of identifying the causes of the problem. For example, when a
measurement
insufficient

problem
material

has been
precision,

identified,
inadequate

many different
instrument

reasons

utilisation,

may be explored:

maintenance

cause

or

controller weakness. Process analysis is often based on total quality control approach.
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7.1.3 Acquisition of Quality Control Knowledge for the Knowledge
Base

The interpretation

of the types of knowledge

requires an expert. Quality control expert

systems are used to help solve these problems and also to provide non-specialised

staff

involved in quality with expert knowledge.

The knowledge

can be acquired from different experts who often have several years of

experience within the company. Examples of Knowledge Experts are (V Deslandres

& H

Pierreval, 1997):

1. The quality engineer usually contributes problem-solving

techniques and rules he or

she uses in the decision making process. This person is also able to relate specific
skills for successful application

of quality tools and techniques.

Furthermore,

from

experience, the quality expert may have a good knowledge of possible manufacturing
quality problems and related symptoms which can be observed in the workshop.
2. Knowledge

of manufacturing

quality techniques
operators).

environments

which constrain the implementation

of

is usually related by operational people (foremen or experienced

They use day-to-day operational

heuristics or 'rules of thumb'

to relate

basic concepts of quality control.
3. The literature about quality provides information about TQC approaches,
of the concepts of qual ity (e.g. zero-defect

and preventive

maintenance)

knowledge
and their

relationships, and technical information about quality tools and techniques.
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There are numerous tools to support knowledge elicitation.

V Deslandres & H. Pierreval,

1997 discusses these tools by looking at how these can be used in the elicitation process for
the different types of knowledge:

7.1.3.a

Elicitation Methods for Practical Knowledge

The knowledge of manufacturing

process can be acquired by verbal protocol analysis during

working groups' activity. This knowledge can also be acquired by observing the operators
when they are faced with manufacturing

problems

in the workshop,

and can also be

completed by structured interviews.

Structured interviews: Foremen and operators are usually good at describing
considerations
resources,

about manufacturing

constraints

(e.g., time consuming

weak material, and property problems),

individual

calculations,

limited

which can modify the prior identified

solution. Some of the constraints are known and given during the team working, while others
are discovered
operators

when implementing

the solution in the workshop. The participation

of the

in the decision process is therefore necessary to elaborate concrete remedies to

quality problems, which are ill defined and difficult to formalise.

7.1.3.b
Characteristics

Elicitation Methods for Quality Techniques and Tools
of the quality methods

usually implemented

on the workshop,

including

difficulties found in their correct application to the process have to be acquired. Operators and
quality engineers may usually both participate in completing the knowledge of quality tools
and techniques.

Items range from the material required (e.g., hardware) to the limitations of

the method used to produce the product.

III

Elicitation Methods for Problem-Solving Knowledge

7.1.3.c

Within the knowledge domain, the knowledge of problem solving methods is known to be
difficult to identify and formalise because it is usually an implicit knowledge (McDermott,
quoted

& H. Pierreval,

in V Deslandres

inextricably

tied with

techniques.

In situations

acquisition

sessions than individual expert sessions. Therefore,

developers

use direct observation

simultaneously

manufacturing

1997). Moreover,

promotes

knowledge

the strategic

and technical

such as this, it seems more efficient

elicitation

teamwork

execution

methods,

is

knowledge

of quality

to organise

small-group

knowledge

such as protocol

and knowledge

knowledge

acquisition

based systems
analysis,

which

within

cross-

functional teamwork.

Verbal protocol

analysis: is a method of direct observation of the experts' problem solving

process. It consists in observing and noticing the experts' behaviour during their work, taking:
note of everything that is done or said.

The method is composed of two phases, a syntactic analysis and a semantic analysis. The
syntactic analysis aims to identify the operators, operands and the sequences of operations
that can be observed during the verbal protocol of the experts. It consists in translating the
verbal protocol into a pseudo-code that formalises the concepts used and the relations between
each other (objects and relations). Then, semantic analysis enables the knowledge engineer to
identify the actions, strategies and purposes of the expert's general solving process.

The sequences of operations identified in syntactic analysis correspond to the activities of the
lowest level of abstraction

of the strategy followed

by the experts. The global solving

approach can be better developed with semantic analysis.

Semantic analysis consists in exploring the reasoning by giving a succession of interpretations
from the previous analysis. From the actions proposed by the expert, the underlying purposes
are identified,

then an interpretation

of the situation is given, and finally the knowledge

involved in this interpretation is characterised (symptoms and user's problem space).
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7.1.4 A Model for Quality Control in a Knowledge Based System

The acquisition of the knowledge from the experts may be considered in two stages: analysis
of the knowledge and knowledge modelling. The analysis activity consists in describing and
structuring the knowledge by the use of concepts, structural relations and strategic relations
(V Deslandres & H. Pierreval, 1997).

The modelling stage consists in adapting the structure towards conceptual formalism, which
can be closed to same computer science language. Afterwards,

modelling

can be used to

verify the knowledge acquired, clarify major issues, and identify missing sets of knowledge.
Then it should be presented to the experts to begin the validation and verification process.

As a result from elicitation methods, the concepts involved in quality control are: the main
quality problems, diagnosis knowledge which consists in identifying the potential causes of
the problems

as well as the aims to achieve, and the quality methods and tools. In the

knowledge based systems application, these concepts may be modelled by the use of classes
which are then exploited by the inference mechanism of classification

(V Deslandres

& H.

Pierreval, 1997):

7.1.4.a

Organisation of Classes

The main issue of protocol analysis results concerns the way experts are used for reasoning.
In the approach taken to solve quality problems, the quality engineer uses a classification
approach. The expert first classifies the main quality problems and then, for each kind of
problem, applies a general solving sequence.

From each operational activities, each kind of quality problem can be characterised

by some

potential causes which explain the problem. Therefore the design of the class of potential
causes obtained from elicitation

stage need to be linked to the quality problems they are

related to them.
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Modelling the Reasoning Employed

7.1.4.b

Strategic knowledge should be implemented in the knowledge based systems in order for it to
act as the experts
engineer's

do. From elicitation

methods

application,

one result is that quality

decision making is based on a range of goals, which could be decomposed

as

follows.

Let us consider that the expert is achieving a current underlying task. This task is composed of
many planning tasks, themselves related to specialised tasks. So the model proposed here is to
organise these objectives in hierarchical
sub-objectives.

form, one objective might be composed of several

The structure of the expert's reasoning is shown in Table 3-1.

The specialised tasks usually

consist

of primitive

actions

which

correspond

to the

of some quality methods. For example, the goal named characterise the

implementation

defects, is correlated to Pareto analysis because this tool enables to classify the defects.

Underlying task

Planning

Control the process

1. Characterise

Classification
the

Specialised tasks

Tools and techniques

Characterise

Pareto analysis

the

defects

product
2. Identity the

2.1 Identity the

2.1.1 List the

influence

possible cause of

potential causes

parameters

the defects

Brainstorming

2.1.2 Classify them

Ishikawa

2.2 Analyse the

2.2.1 Collect the

Table sheet

influence of each

data

parameter
2.2.2 Identify

Multivariate

product/process

analysis

data

relationships

Table 7-1:

Modelling of the solving problem strategy of the experts

(V Deslandres & H Pierreval, 1997)
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7.1.4.c

Implementation

This model can be implemented
object-oriented

of Quality Knowledge
by the use of a specific language, for example based on

formalism and rules. Hence, the classes mentioned earlier (corresponding

to

the concepts used in quality control) can be implemented using objects. These objects could
be linked one to each other and exploited by an inheritance graph.

The exploitation

of the multiple inheritance graph of classes can be performed by the use of

rules. When an object status is changed by the user during investigation, the value of specific
attributes is exclusively propagated to the other classes which are correlated with this object.
In that way the correct propagation of the solving strategy is ensured and the end-user only
perceives the information needed to support decision-making.

Additional rules can be used to model short cuts in the reasoning, identified during teamwork
activity. An example of such a rule may be: "if detection problem then first investigate the
causes related to the representativeness
kind of rule characterises

of the process parameters

a specific way of investigation

currently controlled." This

which usually corresponds

to

particular situations which have been successfully handled in the past. This is made possible
with the model of classes which enables to manipulate one specific class among others.
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7.2 Neural Networks in Intelligent Quality Management

7.2.1 Introduction
Artificial neural network can be considered as simplified mathematical
brain which function as computing networks (Hammerstrom,

models of the human

quoted in Bouchereau, V &

Rowlands, H; 2000). They consist of simple processing elements called "neurons",
exchange signals along "weighted"
makes

connections

that

(See Figure 7-2). Artificial neural network

use of the way that the human brain learns and functions

and represents

this

information in mathematical algorithms incorporated in computers. They possess the ability to
learn from examples

and thus have the ability to manage systems from their observed

behaviour rather than from a theoretical understanding.

This ability to learn from experience

is very useful in the real world.

Weights

Input

Output

Engineering
Solutions

Figure 7-2:

Engineering
Characteristics

Customer
Demand

Customer
Satisfaction

Artificial neural networks: design theory and their interrelationship

(Bouchereau, V & Rowlands, H; 2000)

116

7.2.2 Using Artificial

Neural

Networks

in the

quality function

deployment
Artificial neural network exhibits some valuable features that can be useful for merging it
with quality function deployment. These include (Bouchereau,

V & Rowlands, H; 2000):

•

The ability to deal with a large amount of input data.

•

The ability to deal with imprecise data and ill-defined activities.

•

They are adaptive, possessing the ability to learn from examples.

•

They can reduce development time by learning underlying relationships.

•

They are non-linear, that is they can capture complex interactions among the input
variables in a system.

A major drawback of quality function deployment is the need to deal with large amounts of
data gathered from the customers, competitors,

engineers, etc., and it calculates values on a

rather subjective basis. The ability of the neural network to generalise functional relationships
among example data is of great importance for design. This property is important wherever
these functional relationships are assumed, but not known. Owing to the fact that it is able to
mimic so many human behaviours, artificial neural network is well suited for integration with
quality function deployment.

V & Rowlands, H; 2000 have proposed a machine-learning

Bouchereau,

function deployment,

approach to quality

in which a neural network automatically

evaluates the data by learning

from examples. Customer demands, engineering characteristics

and engineering solutions are

interconnected
Engineering

as shown

in Figure

solutions are considered

7-2 and represented

network

as the input, and customer satisfaction

output. Each neuron represents a node (e.g. engineering
between neurons represents a relationship
characteristics

in a neural

format.

rating as the

solution is a node) and each link

(e.g. there are relationships

between engineering

and customer demands).

The suggestion is to incorporate the engineering solutions of the product (the in-house and the
competitor's
customer's

product),
satisfaction.

within the neural network

to find weighting

This result will derive values in the Customer

quality function deployment,

that represents
Evaluation

the

of the

instead of customers subjectively ranking the competitors'

and

in-house products.
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7.3 Using Fuzzy Logic to Analyse

Requirements

of a Quality

Function Deployment
7.3.1 Introduction

The following section is a summary of the works by Temponi, C. et

ai, 1999. Worldwide

competition

has brought

that wants

continuously

changing specific requirements

significant

challenges

to any company

of actual and potential customers.

to meet

Decreasing

product cycle time, increasing quality and lowering costs seem to be few of the most critical
issues that need to be addressed to stay competitive. A widespread practice in industry to cope
with this venture
developed

has been the adoption

in Japan by Mitsubishi

customer requirements,

of Quality

Function

in 1972. This is a structured

Deployment,

which was

format used to translate

broadly defined, into specific product and service characteristics,

and

ultimately into the processes and systems that provide the valued products and services.

Quality

function

deployment

uses

four

matrices,

also

called

"houses",

to integrate

informational needs. Applications begin with the house of quality, which is used by a team to
understand customer requirements
engineer.

Subsequent

and to translate these requirements

houses will deploy the requirements

Many companies are successfully

into the voice of the

up to production

requirements.

using quality function deployment as a powerful tool that

addresses strategic and operational decisions in businesses.

The identified problems with the use of house of quality are: (1) it is time consuming, (2) the
size of the matrices are big, (3) it is difficult to reach agreement
requirements,

on conflicting

and (4) it is difficult to translate and categorise customers'

technical

needs as well as to

prioritise customer requirements.
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Temponi, C. et al (J 999) suggested a fuzzy logic based methodology to solve some of these
issues. In particular,
conflicting

a systematic

requirements.

analysis

for representing

requirements

and assessing

The main objective is to facilitate communication

for all quality

function deployment participants with the use of the proposed analysis tool. Quality function
deployment

is a multi-attribute

measurement

method that brings together major components

of an organisation and the complex task of capturing customers'

expectations

and ultimately

delivering customer satisfaction.

Capturing

customer's

requirements

is still done by traditional

qualitative

and quantitative

methods. Qualitative data, which is vague and imprecise in nature, is used by the experts to
assess

results

deployment

from quantitative

data. The complete

process

of using quality

is a complex undertaking; it is a multi-expert and multi-criteria

process where multifunctional

function

decision making

teams are involved.

Using quality function deployment in conjunction with fuzzy logic provides a unique decision
making tool. Fuzzy logic can handle
mathematically
language

communication.

interference",
sentences

well-defined

inexact

information

and linguistic

variables

way, which simulates the processing of information
For example,

"low impact",

expressions

or "high collaboration",

in a

in natural-

such as: "high competition",
are imprecise

terms

"low

used. These

in a natural or synthetic language are the values of linguistic variables

which

represent linguistic concepts such as very low, low, medium, and so on.

The following approach, fuzzy logic is used to explicitly capture the customer's

requirements.

By so doing, not only is the communication

in a house of

of different parties facilitated

quality team, e.g., customers and engineers, but a formal and quantitative

representation

of

requirements

relationships

are

is also achieved.

Based on this representation,

identified, e.g., conflicting relationship

important

between two requirements.

Furthermore,

inference scheme is developed to reason about the implicit relationships
requirements

based

on the identified

relationships

between

a heuristic

between technical

customer's

and technical

requirements.
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7.3.2 The Quality Function Deployment Process

Quality function deployment

employs several matrices (usually four) to clearly establish

relationships between company functions and customer satisfaction. These matrices are based
on the "what-how" matrix, which is called house of quality. The quality function deployment
is an iterative process. The process uses the matrices to translate customer needs to process
step specifications,

see Figure 7-3. The matrices explicitly relate the data produced in one

stage of the process to the decisions that must be made at the next process stage. Product
planning

is the first matrix. Customers'

determined
characteristics

and translated

into technical

desires,

in customers

description

(hows)

own words (whats),
or proposed

are

performance

of the product.
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Figure 7-3:

Quality function deployment process

(Temponi, C. et al, 1999)
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7.3.3 General Description and Process of the House of Quality's

The different parts of the quality matrix, house of quality, are shown in Figure 7-4.
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Figure 7-4:

House of quality matrix

(Temponi, C. et al, 1999)

There are a number of steps in developing the house of quality and these are also briefly
discussed in Temponi, C. et al's (1999) findings:

Step 1:
Identify the WHA Ts. This requires a sequence of well-organised
of customer needs and their arrangement,
and the evaluation of customer's
the customer's

activities: the determination

the assignment of priorities to customer attributes

perception. The wanted benefits in a product or service in

own words are customer

needs and usually called customer

attributes

or

"what", area (a) in Figure 7-4. The customer attributes are usually determined by qualitative
research with one-on-one interviews and/or focus groups. The customer attributes should be
arranged in a hierarchy of levels to facilitate analysis and interpretation. This first part of step
1 relies significantly on the team members' expertise.
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In assigning priorities to customer attributes, the team balances efforts to accomplish

those

needs that add value to the customer. The priorities are indicated in the area designated as (c).

Customer perceptions are obtained and presented on the right-hand side of the matrix in, area
(b). A clear

understanding

competitors')

are

multidisciplinary

of how existing

fulfilling

customer

products/services

attributes

provides

(company's
key

brand

and

to

the

information

team carrying out other steps of the house of quality and of the whole

quality function deployment process.

Step 2:
Determination

of HOWs. Technical requirements

quality and also called measurable requirements.
multidisciplinary

are specified as the "how" of the house of
Technical requirements

are identified by a

team and positioned on the area marked as (d) on the matrix diagram.

Step 3:
Preparation of the relationship matrix. The team judges which technical requirements
which customer
relationships

attributes

and up to what degree. Team consensus

is beneficial.

impact
The

can be positive or negative, strong or weak; symbols to represent relationships

are not standardised. The relationship matrix is the area identified as (e).

Step 4:
Elaboration

of the correlation

matrix.

The physical

relationships

among

the technical

requirements

are specified on an array known as "the roof matrix" and identified as (f). This

house of quality's step helps team members, especially engineers, to keep track of collateral
technical

requirements

tradeoffs

are necessary.

requiring
Positive

improvements
and negative

and/or of technical
correlation

between

requirements
pairs

where

of technical

requirements as well as the strength of the relationships are indicated in this matrix.
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Step 5:
Other measurements.

The team often estimates cost, feasibility and technical difficulty for

change in each of the technical requirements. Technical assessment or difficulty is identified
by (h). The company's targets, area (g), hold objective measures which should reflect the link
among customer attributes, technical requirements, and customer assessments.

Step 6:
Action plan. The weights of the technical requirements,

identified as area (i), are placed at the

base of the quality matrix. These weights are one of the main outputs of the house of quality.
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7.3.4 The Need for Fuzzy Logic in the House of Quality

The foundation of the house of quality is the belief that products/services

should be designed

to reflect

marketing,

engineering,

customers'

desires

and

R&D, manufacturing

preferences;
engineering,

thus,

people

from

and other company

closely together as a team from the time a product/service

functions

design

must work

is first conceived

until it is

delivered to the customers to satisfy their requirements.

The house of quality process can be complex, surrounded by subjective judgments,

vagueness

at times, and uncertainty. Several issues that illustrate this argument:

First, almost all the steps of the house of quality depends on experts' knowledge. Note that
most of the necessary activities to translate customer's desires into customer attributes and the
relative importance of each customer attribute require team members' expertise. For instance,
subjective
descriptions
vagueness
competitors',

interpretation

arises in understanding

through one-on-one
in the translation
especially

what the customers

really mean in their

interviews or focus groups. There is also subjectivity
of customer

perceptions

if the team is identifying

of a company's

opportunities

activities require team consensus and can generate non-productive

brand

for improvements.

and

and the
These

arguments.

Second, many steps in the house of quality process are significantly

complex; thus conflict

resolution of technical issues could be time consuming and generate human conflicts among
team members. For example, to develop the technical requirements
attributes requires a systematic,

patient, and brainstorming

itself, requires the coordination

of a significant

that affect the customer

analysis by the team; this step

large number of parameters.

To expand

further, complexity and vagueness are present in the development of the relationship and the
correlation

matrices.

Arriving at a consensus

of a large number

of parameters

is time

consuming, at times frustrating and sometimes efforts are completely dropped.
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Fuzzy logic (Temponi,

C. et al, 1999) can alleviate some of the problems because Fuzzy

Logic has been well known for its capability of representing semantics of linguistic terms. For
example,

using Fuzzy Logic to capture the meaning of linguistic terms not only allow

different

parties

to communicate

in natural

language

customer's

needs and expert's knowledge. Furthermore,

customer's

requirements,

requirements

the requirements

can be identified,

but also facilitate

expression

of

having the formal representation

of

can be analyse and the relationships

e.g., conflicting

and cooperative

relationships.

between
Also, it is

desirable to develop an inference scheme to reason about the implicit relationships

between

requirements since the identification process is tedious. Once the conflicting requirements are
identified, a systematic trade-off analysis to assist customers in making the trade-off decisions
can be developed.
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7.3.5 Fuzzy Logic-Based Assistance to the House of Quality

7.3.5.a

Representation

of requirements

The foremost effort in developing a system (product) is to know what a customer wants.
Some

requirements

impose constraints

on the development

process

such as cost

for

constructing the system and resources that could be consumed in the development process. An
example of such requirements is: The cost for developing the rubber belt for a textile spinning
frame should be low.

Some requirements

impose constraints on the realisation of a system and describe the desired

features of a product, such as consistency

and reliability. For example: The consistency

of

in natural language which is vague and ambiguous

in

yarn quality should be high.

Requirements

usually are expressed

nature. It is still desirable to express requirements using linguistic terms because it facilitates
communication

among different parties, e.g., customers and requirements analysts. However,

a computer

based

system

requires

requirements.

Therefore, it would be better if one could express requirements using linguistic

terms and have a formal representation

an explicit

formal

semantics

in order

to analyse

underlying these linguistic terms.

Fuzzy Logic has been well known for its capability of formally representing the semantics of
linguistic terms (Temponi, C. et al, 1999). To apply fuzzy logic, the requirements

need to be

viewed as constraints on the system that needs to be built. An imprecise requirement
an imprecise constraint on the system. The universe being constrained
called its domain. A typical domain for requirements

imposes

by a requirement

is

is the domain containing all possible

products under consideration.
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Formally, the constraint imposed by a requirement R is represented as a satisfaction function,
denoted as Sat», that maps an element of R's domain D to a number in [0,1] that represents the
degree to which the requirement is satisfied:

(7-1)

In essence,

the satisfaction

function characterises

a fuzzy subset of D that satisfies the

requirement.

The canonical form

In

Zadeh's

test score semantics

IS

used as a basis for expressing

requirements.

The representation

of requirements

on a system product in canonical form is established

as

follows:

Definition

1: Let R be a requirement on system product in canonical form A;(p) is B, where p

is a system product, Ai is a property of the product, B is a fuzzy set.

Then

(7-2)

To illustrate Definition I, let us consider the requirement R: "The life expectancy of a product
should be high". This requirement can be represented in canonical form as follows.

R: Life_Expectancy (P) should be HIGH, where HIGH is a fuzzy set. One could then
characterise

the satisfaction

function of requirement

fuzzy set HIGH. One possible membership

R using the membership

function of

function for the fuzzy set HIGH is shown in

Figure 7-5.
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In Figure 7-5, a product (belt) p that has a life expectancy
requirement

above 6 weeks fully satisfies

R, i.e., SatR(P)=l.O. If a product p has a 5-week life expectancy,

it satisfies

requirement R to a degree ofO.5, i.e., SatR(P)=0.5.

Degree of
Satisfaction

1.0

Units: Weeks
HIGH
-----------------------------,,-----

0.5

Life Expectancy

5
Figure 7-5:

An example HIGH membership function

(Temponi, C. et al, 1999)

Defining

membership

functions

of linguistic

terms requires

efforts.

A scheme to assist

customers in identifying the structures as well as the parameters of membership

functions is

needed. This approach

in decision

science. Techniques

is based on a systematic trade-off analysis framework

that assist customers in identifying linear and non-linear

structures of

membership functions exist and are discussed in related articles in Temponi, C. et aI, 1999.
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7.3.5.b

Identifying the Requirements Relationships

Considering different impacts of satisfying a requirement on the satisfaction degree of another
requirement,
(Temponi,

four types of significant relationships between requirements have been identified

C. et al, 1999): (I) mutually exclusive, (2) irrelevant, (3) conflicting,

and (4)

cooperative.

Two requirements are called mutually exclusive if they cannot be satisfied (partially or
completely)

at all at the same time. That is, if one requirement

is satisfied to some

degree, the other requirement cannot be satisfied at all, and vice versa.

Two requirements

are called irrelevant

if satisfaction

of one requirement

does not

have any impact on the satisfaction of the other requirement. That is, any change of
satisfaction of one requirement will not affect the satisfaction of the other requirement.

Two requirements are said to be conflicting with each other if an increase in the degree
one requirement

is satisfied often decreases the degree the other is satisfied. If an

increase in the satisfaction degree of one requirement always decreases the satisfaction
degree of the other, they are said to be completely conflicting.

Two requirements
requirement

are said to be cooperative

if an increase

in the degree one

is satisfied often increases the degree the other is satisfied. If an increase

in the satisfaction degree of one requirement always increases the satisfaction degree
of the other, they are said to be completely cooperative.
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Two requirements

may be completely conflicting or partially conflicting, as shown in Figure

7-6. One should note that the horizontal axis represents all possible products ordered in the
ascending order of their satisfaction degrees in R2. Although the set of all possible products is
discretely

finite, it is shown as a continuum

in the figure for convenience.

In order to

characterise conflicting requirements, the conflicting degree between two requirements needs
to be formally define.

Degree
of
Satisfaction

Degree
of
Satisfaction

Sat

R2

o
Product

Product
Completely Conflicting Requirements
Figure 7-6:

Partially Conflicting Requirements

Conflicting requirements

(Temponi, C. et al, 1999)

The conflicting degree considers not only the number of conflicting cases but also the extent
of conflict in each case. The definition of conflicting degree is as follows.

Definition 1:

conflicting degree between requirements. Let RI and R2 be two requirements

of

a target system in the domain SP of system products. Let f.l denote the set of product pairs, in
which an increase in the satisfaction

degree of one requirement

decreases the satisfaction

degree of the other, that is,

f.l = {(Pj,Pj) Ipj,pj

E

SP, (SatR/(pj) - SatR/(pj))

x (SatR2(Pj) - SatR2(Pj)) < 0 }
(7-3)
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The degree R, and R2 are conflicting, denoted as conf(Rl,R2),

is defined as

( 7-4)

Based on the definition

of conflicting

degree,

it is easy to see two requirements

are

completely conflicting whenever their conflicting degree is one. Crisp qualitative conflicting
relationships can be defined as follows.

Definition

2: crisp conflicting requirements.

Two requirements

R, and R2 are said to be

conflicting if and only if
conf(Rl,R2) ~ 0.5
(7-5)

Fuzzy conflicting relationships

can relax the conditions of the crisp conflicting relationship

using fuzzy terms such as strong, medium, weak, etc. Hence, one can define terms such as
"strong conflict",

"medium conflict", and "weak conflict" using satisfaction

functions. An

example of fuzzy conflicting relationships is shown in
Figure 7-7. In this example, when two requirements have conflicting degree 0.5, one can very
sure that they are weak conflicting

since their satisfaction

degree in membership

function

Weak Conflict is 1.0, and are confident in saying they are not strong conflicting

since the

degree of satisfaction in membership function Strong Conflict is O.

These

two requirements

are medium

conflicting

since their degree

of satisfaction

m

membership function Medium Conflict is 0.6.
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Degree of
Satisfaction

Weak Conflict

Medium Conflict

1.0

Strong Conflict

0.5

Conflicting Degree

0.5
Figure 7-7:

An example of fuzzy conflicting requirements

(Temponi, C. et al, 1999)

Similar to the cases of conflicting

requirements,

two requirements

may be completely

cooperative or partially cooperative, as shown in Figure 7-8.

Degree of

Degree of

Satisfaction

Satisfaction

Product
Completely Conflicting Requirements

Figure 7-8:

Product
Partially Conflicting Requirements

Cooperative requirements

(Temponi, C. et al, 1999)
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In order to characterise

cooperative requirements,

one can formally define the cooperative

degree between two requirements as follows.

Definition 3:

(cooperative degree between requirements). Let RI and R2 be two requirements

of a target system in the domain SP of system products. Denote the set of product pairs, in
which an increase in the satisfaction degree of one requirement also increases the satisfaction
degree of the other, that is,

v

=

{(Pi,pj) Ipi-Pj

E

SP, (SatRl(Pi) - SatRl(Pj)) x ((SatR2(Pi) - SatR2(Pj)) > 0 }
( 7-6)

The degree RI and R2 are cooperative, denoted as coop(RI,R2),

is defined as

( 7-7)

Based on the definition
completely

of cooperative

cooperative

whenever

degree,

it is easy to see two requirements

their cooperative

are

degree is one. One can define crisp

qualitative cooperative relationships as follows.

Definition 4:

(crisp cooperative requirements).

Two requirements RI and R2 are said to be

cooperative if and only if

( 7-8)

Using the similar approach as to define fuzzy conflicting
conditions of crisp cooperative relationships
as "strong cooperation",

relationships,

one can relax the

and define fuzzy cooperative relationships

"medium cooperation",

such

and "weak cooperation".
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7.3.6 A Reasoning Scheme for Inferring Requirements

Many relationships
reasoning

between requirements

Relationships

are implicit and difficult to identify and thus a

scheme is needed to identify various relationships

scheme needs to be able to infer the requirement

relationships

between requirements.

This

in house of quality. Such an

inference scheme is particularly desirable for the process of house of quality because (1) the
identification

of the relationship and correlationship

matrices is tedious and time consuming;

(2) it is sometimes hard for a group to reach a consensus on a particular relationship between
requirements (Temponi, C. et al, 1999).

Based on the identified relationships between requirements,
developed

to discover the implicit relationships

a reasoning mechanism has been

between requirements.

The assumption

is

made that the analysed requirements share the same domain. This assumption is important in
identifying relationships since different relationships may exist between two requirements due
to different domains. For example, the requirements

for manufacturing

a rubber belt for a

textile spinning frame may include:

Rl: the total cost for manufacturing the rubber belts should be low.
R2: the quality of the rubber belts manufactured
R3: the quantity of the rubber belts manufactured

Requirements

should be high.
should be large.

R2 (quality) and R3 (quantity) may not have conflicting relationships since one

can have different budgets for different plans. However, if they have a fixed budget, it is easy
to see requirements R2 and R3 are conflicting.
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7.3.7 Theorems for Inferring Completely Conflicting and Cooperative

The following
conflicting

are three theorems,

and cooperative

C. et ai, 1999, for inferring completely

by Temponi,

relationships.

They can be proved by using the definitions

of

cooperative and conflicting relationships.

Theorem 1

Let 0 be a domain shared by three requirements

RI, R2, and R3. If RI is

completely cooperative with R2 in 0 and R2 is completely cooperative with R3
in 0, then RI is completely cooperative with R3 in D.

Theorem 2

Let 0 be a domain shared by three requirements

RI, R2, and R3. If RI is

completely cooperative with R2 in 0 and R2 is completely conflicting with R3
in 0, then RI is completely conflicting with R3 in D.

Theorem 3

Let 0 be a domain shared by three requirements

RI, R2, and R3. If RI is

completely conflicting with R2 in 0 and R2 is completely conflicting with R3 in
0, then RI is completely cooperative with R3 in D.

From Theorem

1, it is shown that completely

cooperative

relationship

in a domain

is

transitive. On the other hand, Theorem 3 indicates that completely conflicting relationship in a
domain is not transitive.

The above theorems

deal with requirements

completely

conflicting.

It is desirable

cooperative

or conflicting.

that are either completely

to reason

Based on the definitions

degree and on the development

of theorems,

about requirements
of conflicting

cooperative

or

that are partially

degree and cooperative

the following fuzzy if-then heuristic rules to

reason about partially conflicting or partially cooperative relationships

were developed. It is

important to point out that terms such as weak, medium, and strong are fuzzy relationships.
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From two cooperative relationships, fuzzy if-then rules to infer cooperative relationships were
developed.

If coop(R],
coop(R],

R3) is strong.

If the satisfaction
coop(R],

R2) is strong, coop(R2, R3) is strong, and R] and R3 are not irrelevant, then

of R] is increased, the satisfaction of R2 will be increased strongly since

R2) is strong. Then the satisfaction of R3 is strongly increased since coop(R2, R3) is

strong. Therefore inference coop(R],

R3) is strong. Similar rationales could be used to derive

other rules, which are listed in Table 7-2. The entry in the table is a term that describes the
inferred value of coop(R],

R3). The assumptions in these rules are (1) R], R2, and R3 share the

same domain, and (2) R] and R3 are not irrelevant.
coop(R],

R3)

coop(R2, RJ)

coop(Rt, R2)
Strong

Medium

Weak

Strong

Strong

Medium

Weak

Medium

Medium

Medium

Weak

Weak

Weak

Weak

Weak

Rules for inferring cooperative relationships from identified cooperative relationships

Table 7-2:

(Temponi, C. et al, 1999)

Similarly,

fuzzy if-then rules are developed

to infer cooperative

relationships

from two

conflicting relationships. These rules are shown in Table 7-3.
coop(R],

R3)

conf(R2, R3)

Table 7-3:

conf(Rt, R2)
Strong

Medium

Weak

Strong

Strong

Medium

Weak

Medium

Medium

Medium

Weak

Weak

Weak

Weak

Weak

Rules for inferring cooperative relationships from identified conflicting relationships

(Temponi, C. et al, 1999)
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The difference

between Table 7-2 and Table 7-3 is the identified relationships

requirements.

In Table 7-2, the identified relationships

are cooperative.

However,

between
in Table

3-1, the identified relationships are conflicting. An example of the rules in Table 3-1 is:

If conf(R),

R2) is strong, conf(R2, R3) is strong, and R) and R3 are not irrelevant, then

coop(R), R3) is strong.

The rationale for deriving this rule is as follows: If the satisfaction degree of R) is increased, it
the satisfaction

degree

of R2 because

will strongly

decrease

Subsequently,

it will strongly increase the satisfaction

conf(R),

R2) is strong.

degree of R3 since conf(R2,

R3) is

strong. Hence, coop(R), R3) is strong.

Relationships

based on a conflicting relationship and a cooperative relationship are can also

be inferred. The rules for this case are shown in Table 7-4. These rules are based on the same
assumptions and the similar rationales that were used in the above tables.

conf(R),

R3)

conf(R2, R3)

Table 7-4:

coop(R

Il R2)

Strong

Medium

Weak

Strong

Strong

Medium

Weak

Medium

Medium

Medium

Weak

Weak

Weak

Weak

Weak

Rules for inferring conflicting relationships

(Temponi, C. et al, 1999)

An example of the rules in Table 7-4 is:

If coop(R),

R2) is strong, conf(R2, R3) is strong, and R) and R3 are not irrelevant, then

conf(R), R3) is strong.
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7.3.8 A Manufacturing Example

An example ofHOQ regarding a textile mill supply business developed by Cook et al (quoted
in Temponi et al) is used in to illustrate the proposed inference scheme. Spinning frames take
fibre and spin it into thread, which is then used to make fabric. In particular, this company has
decided to develop an apron for a spinning frame that runs 10 times faster than conventional
spinning frames.

Experts

in the multidisciplinary

customer's

requirements

team

identify the relationships

(CAs) and technical requirements

between

each pair of

(TRs), which are shown in the

relationship

matrix of Figure 7-9. A blank entry in the matrix denotes "no relationship".

Cooperative

and conflicting relationships

strong.

For example,

relationship

with

"Nontagging"

"Width

Value"

are classified into three levels, weak, medium, or

customer
technical

requirement
requirement

has a medium

cooperative

and has a strong

conflicting

relationship with "Width Variability" technical requirement.

Based on the inference scheme, the aim is to automate the identification
relationship
requirements
requirements

and
can

correlation
be

matrices.

inferred

from

and technical requirements,

Many
the

of the

identified

relationships
relationships

process of the

between

technical

between

customer's

which are shown in the roof correlation matrix of

Figure 7-9. For instance, technical requirements TR3 "Wall Thickness Variability"
"ID (Inner Diameter)

Dimension

Value" have strong conflicting

relationships

with CA8 "Consistent

relationships

are not irrelevant. Considering

relationship

Yarn Quality"

requirement,

and TR7

and medium cooperative
respectively.

Also, these

the rules in Table 7-4, one can infer that the

between TR3 and TR7 is medium conflict. Moreover,

technical requirements

TR3 and TR7 have medium conflicting and weak cooperative relationships with CA9 "Proper
Tracking", respectively.

Therefore, from the rules in Table 7-4, one can infer that the relationship between TR3 and
TR7 is weakly conflicting. One needs to aggregate results inferred from these two rules. The
choice of aggregation is usually application-dependent.
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The relationship

between technical

requirements

TR3 and TR7 are indicated as medium

contliet. One should note that if requirements have been prioritised, an alternative aggregation
scheme

is needed (e.g., weighted-max

or weighted-sum)

to take into account

different

priorities of requirements.
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Inferred relationships between technical requirements

(Temponi, C. et al, 1999)
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7.4 Case-Based Reasoning in Intelligent Quality Management
7.4.1 Introduction

The following section is a summary of the works by Nedeb, C. & Jacob, U, 1997.

Statistical

process control has applied the concept of feedback

control

loops to quality

assurance. The approach of using information feedback to improve the robustness

of quality

control has to be extended beyond the range of the shop floor. The indirect production sectors
having a crucial impact on product quality, must be included. Feedback must not only be used
to react to actual errors but should enforce future preventive quality assurance by learning
from experience.

Especially in areas that cannot be covered by closed theoretical models and demand a mainly
heuristic approach, the value of experience gives the experienced
the technically
background

skilled

novice.

Good problem

solving

but also the art of applying this knowledge

requires

engineer superiority over
not only a theoretical

to real-world

problems.

context, Dreyfus and Dreyfus quoted in Nedeb, C. & Jacob, U, 1997 distinguish
communicable

'know-what'

and non-communicable

'know-how'.

In this
between

The power of experience

relies on rules of thumb derived from previous problem solving and also to a great extent on a
recall of previous cases. Previous cases are especially useful in preventing the repetition of
errors.

The creation of systems that support learning from experience requires that the knowledge
from previous cases is not only documented

but also supplied to the user in a way suited for

decision support.
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7.4.2 Applying Case Based Reasoning to Quality Control

Knowledge

based systems traditionally

use probabilities,

rules or models as the means of

solving problems. As a recent approach-, case based reasoning is able to utilise the specific
knowledge

of previously

experienced,

concrete problem situations.

Case based reasoning

solves new problems by adapting solutions that were used to solve existing problems.

There is an implicit assumption made, and that is that case based reasoning can solve similar
problems based on similar solutions. This assumption holds for most real-world problems.

The case based reasoning cycle may be described by the following four processes (Nedeb, C.
& Jacob, U, 1997):

1. Retrieve the most similar case or cases.
2. Re-use the information and knowledge in that case to solve the problem.
3. Revise the proposed solution.
4. Retention of parts of present experience likely to be useful in future problem solving.

The first step is the retrieval of similar cases. To evaluate the similarity between the current
and old cases a method of comparing the problem descriptions
reasons, this task is normally split into a pre-selection
key features and a more elaborate determination
determination

is needed. For performance

of promising candidates

using some

of the similarity for these candidates. This

can be carried out either based on syntactic similarities

like computing

the

distance of the cases using heuristic metries on the case features, or on semantic similarities
like explanations.

Semantic analysis is more knowledge-intensive

is therefore limited to well-understood

than syntactic analysis and

problem areas. Furthermore, knowledge-acquisition

for

case based learning is more difficult using semantic similarity.

143

In step two, case information is used for problem solving. There are two ways in which the
information

can be used. First, there is transformational

re-use. The solutions of previous

cases are totally (or partially) copied and adapted to the new problem. The adaptation may be
the adapt ion of parameters, abstraction and respecialisation

or heuristic modifications.

Second

is derivational re-use. The process of solving old cases is replayed with the new problem. The
old cases serve as a heuristic for decision support. This approach-

is more promising

in

complex areas.

Step three is testing the solution. This may be accomplished

by internal validation

(e.g.

simulation) and the external application to the problem.

Step four is the feature that incorporates learning from experience. The current case with the
successful

solution may be added to enhance the performance

of the case based reasoning

system. Some case based reasoning systems also readjust their similarity measure by revising
old cases.

It is the simplicity of learning in case based reasoning systems by just acquiring new cases
that makes this technique

interesting

for building a quality control loop that incorporates

learning from experience. Furthermore, knowledge based systems has shown that only a good
explanation causes real experts to consider the suggestions made by an expert system.
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7.4.3 Building Quality Control Loops to Connect the Design and Shop
Floor
The development of an integrated quality management system that brings together design and
the shop floor of a company towards a continuous improvement of quality by establishing a
quality control loop. The quality control loop is not just knowledge based but also knowledgeaggregating and thus possesses, as opposed to other, mainly preventive, methods the ability to
learn without

periodical

manual

revision.

reasoning approach using old manufacturing

This behaviour

is achieved

by a case based

experiences.

According to Nedeb, C. & Jacob, U, 1997, the system consists of a decision support system
for the designing engineer and a system for fault diagnosis on the shop floor (Figure 7-10).

Results

Weak points
of the design

Problems
Causes of problems
Seriousness of

Inspection

Figure 7-10:

Assembly

Integration of quality management systems in design and shop floor

Nedeb, C. & Jacob, U, 1997
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Support of the design process is based on a methodical approach to design and focuses on the
part 'search for working principles'

of the conceptual design, where the working principles

best suited for the functions to be performed by the product are fixed. These fundamental
decisions are very important for the performance

of the product and are much more led by

experience than, e.g. detail design. The decision support system suggests different working
principles

for the functions using a matrix of usable working principles

concerning
working

previous experience

principles

and rating them

and the actual case. The designing engineer chooses the

to be used and afterwards

the decision

support system tries to find

potential weak points in order to aid the system in fault diagnosis on the shop floor. This
process is also carried out by reasoning based on old problems (cases).

The system for fault diagnosis is activated if there are problems with product quality or the
manufacturing

process. The cause and corrective

measures

are then determined.

If the

problems are caused by an inadequate choice of working principles, the weak points found by
the decision support system may help to focus the diagnostic

process. The results of this

system are added to the case base after manual editing of the cause and the weight of the
problem. If no problems occur during the production process, this experience is also included
in the case base to enhance learning not only from failures but also from success.

The systems described so far form two feedback control loops that aim at enhancing

the

performance of the systems.

The first control loop consists of the decision support system, which acts as controller of the
process. It prevents errors and aids fault diagnosis on the shop floor by supplying the weak
points of designs.

In the second control loop, feedback of shop floor experience controls the flawlessness

of the

decisions of the decision support system. This is a learning system, because the decision
support system becomes more experienced with each feedback and also adapts its reasoning
process in case new products are added or a shift of production technology takes place by
using the new cases.
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8. INTELLIGENT MAINTENANCE AND FAULT
RECOVERY

8. 1 Knowledge

Based Systems in Intelligent

Maintenance

and

Fault Recovery

For an operational system, correct and effective maintenance

is one of the critical processes

that ensures a good quality service. In general, time stress in frequent tasks and logistic
decision uncertainty
maintenance

easily increases the risk of maintainer's

processes and vast amount of maintenance

errors. Faced with complex

data, maintenance

engineers were

under a tremendous working pressure, which lead to "cognitive error". The following section
is a summary of the works by Su, K. W, Hwang SL. & Liu, T.H, 2000. Maintainer's
errors (or mistakes)

cognitive

often result in incorrect diagnosis and plans or produce new faulty

mechanisms which have not been taken into account in regular risk assessment. In the sense,
comprehensive

maintenance

support to the maintainers

errors is strongly recommended.

in critical events to reduce human

This is an ideal case for the application

of expert system

technology.

In the view of sharing experts'
documents, Su, K. W, Hwang
mechanism
aspect

s.L.

knowledge

and utilising well-preserved

& Liu, T.H, 2000 introduces a fault recovery management

for achieving both of the mentioned

and management

mechanism

domain-specific

goals. There are two parts, the technique

aspect that are considered

in the fault recovery

model. The technique aspect is a large part that emphasises

management

the cognitive type

analysis and fault recovery enhancement through knowledge based system.

Developing

a knowledge

based systems must rely on the effective modelling of cognitive

processes of human experts and various structure representations

of knowledge in the specific

domain. However, fault recovery behaviour is not only affected by cognitive model but also
by cognitive

type. Individual's

cognitive

type reveals how one perceives,

analyses,

and

interprets the acquired information.
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8.1.1 A Fault Recovery Management Mechanism for Maintenance
Tasks

There are two key features in the fault recovery management
standardise

the development

development

mechanism system. One is to

of the expert system by the process of maintenance

based on a cognitive-driven

protocol

approach. The other is to apply the conceptual

model of the fault recovery management mechanism for critical events reassessment based on
dependability

The

fault

data assessment.

recovery

management

mechanism

emphasises

integration. It combines the structured system dependability

information

and

knowledge

reports on each event with a list

of related fault recovery records and the use of knowledge based system about human experts'
behaviour that has accumulated plentiful experience for problem-solving.
of the knowledge

engineer is a multi-skilled,

expertise in maintenance

multi-talented

Moreover, the role

individual with experience

area including knowledge based systems technology,

and

human and

interpersonal skills, requirements gathering, and task analysis:

•

knowledge

based systems technology

acquisition,

knowledge

representation,

is to support a process known as knowledge
software design, and implementation

in an

appropriate computer language.
•

Human

and interpersonal

skills aid knowledge

engineers

to elicit knowledge

of

experts through interviews and other techniques.
•

Requirements

gathering or analysis is the process of finding out what a maintainer

requires from an expert system. General techniques such as interviewing, observation
and document analysis are used in requirements gathering.
Task analysis is a generic term for a rather bewildering range of techniques. There are some
techniques aimed at eliciting descriptions of what people do, representing those descriptions,
predicting difficulties and evaluating systems against usability of functional requirements.
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8.1.2 A Practical Framework for Investigating Cognitive and Recovery
Tasks

The practical framework is proposed for the knowledge based systems in interacting with the
cognitive behaviour.

Figure 8-1 indicates a correlation chain of faults solving background

(cognitive types), cognitive model, and fault recovery leading to unsafe human interventions
with non-effective

diagnosis (Su, K. W, Hwang

s.L.

& Liu, TH., 2000). From the left, it

shows a correlation between cognitive model and fault recovery. To the right, it demonstrates
a chain of human error causation. In a knowledge based systems, the maintainers'
is modelled

by the identification

descriptions

of human error manifestations

knowledge

of cognitive model and types. Unsafe interventions

are

(e.g. wrong action) on a specific fault recovery

procedure. Emphasis is placed upon the inspected cognitive types, which are examined in the
context of the interaction between maintenance conditions and maintenance mechanisms

and

leaded to a suitable cognitive model (or mental model).

------------------,
Noneffective
diagnosis

Maintenance
mechanisms

+
Maintainer
~
tasks

Cognitive
types
(Fault solving
backgrounds)

f
Maintenance
conditions

----------------------

--+

Cognitive
model

¢==)

Investigating cognitive tasks

Figure 8-1:

Fault

----------------------,

Unsafe
intervention

Human

Knowledge
based system

Investigating recovery tasks

A practical framework for investigating cognitive and recovery tasks

(Su, K. W, Hwang

s.t: & Liu,

TH., 2000)
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The concept of maintenance

mechanisms

relies on cognitive processes (e.g. interpretation,

decision making, and planning) in fault recovery, which may fail in certain ways when task
demands exceed resources. Traditionally,
into aspects of training, procedures,
conditions

task demands were examined indirectly by looking

enclosure

information.

is proposed as a more direct assessment

The concept of maintenance

of the difficulty

and a comfortable

working environment in coping with complex events.
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8.1.3 The Process of Maintenance Protocol Development

In order to acquire the procedure of fault recovery, knowledge acquisition techniques should
consider the extraction, transformation
developmental
acquisition.

and transfer of expertise. On the consensual view, the

process of a maintenance

protocol is applied for structuring the knowledge

The steps of requirement analysis are as follows (Su, K.

w., Hwang s.L.

& Liu,

TH.,2000):

Step I:

Developing the maintenance activity model.

Step 2:

Developing the maintenance reference model.

Step 3:

Developing the maintenance interpreted model.

The maintenance

activity model that captures the required data to support the information

flow within the maintenance domain becomes the evaluation criteria for the subsequent steps.
The second step, maintenance reference model, is derived from the required maintenance
and is used when performing the specific maintenance.

The result of maintenance

model is then reviewed by experts to ensure self-consistency
maintenance

data. At the third step, the maintenance

data

reference

and verified by the sample

interpreted model is produced in which

the most appropriate events selected from the integrated resources are organised to represent
concepts depicted in the maintenance reference model.

8.1.3.a

A forward flow arrangement of 'how to do it'

An important determinant
knowledge

of the success of any expert system design was the procedural

('how to do it' knowledge)

possessed

by maintainers.

based systems, the focus here was primarily on the effectiveness
Given that the maintainers

have understood

In terms of knowledge

of the task-action mapping.

what needed to be done (in critical events) in

order to accomplish his/her fault recovery goal, this analysis attends to the actions that had to
be undertaken. A forward flow arrangement of 'how to do it' is described in Figure 8-2.
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---------.-------------------------------,
Correction

Maintenance
Fault

Evaluate the
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Figure 8-2:
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In correction

~

Consider the regular or
expected in prevention
part maintenance

--

Gc od
qu ~Iity

Procedure of failure modes recovery

(Su, K.

In the diagnostic

w., Hwang s.t. & Liu,

TH,

2000)

part, evaluating the possibility of these failures causes conduced to good

sense for cause analysis. Cause analysis could be traced into correction planning resulting
from the interaction between task context and problem solving. In addition, identifying a set
of problem constraints with regard to time (e.g. abort diagnosis and try to stabilise system,
time to perform
interruption

goal), human resources

to tasks previously

performed,

(e.g. sending an auxiliary
and compliance

maintainer

with training

procedures could be considered in this stage. To specify cues or pre-conditions

on-site),

practices

and

for performing

task planning so that the correction timing, recovery technique, and material support were
ensured in the correction part. In prevention aspect, regular or expected schedule involved in
maintenance

prevention was to confirm the system safety goal and perform in an adaptive

planning for problem-solving

situation.
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8.2 Genetic Algorithms in Intelligent Maintenance and Reliability
Assessment

Genetic algorithms offer the potential to formulate a novel approach to reliability assessment
that

does

probabilistic
understand

not require
reliability

assumptions
models.

concerning

In addition

data

genetic

distributions
algorithms

as do conventional

enhance

the ability

to

and evaluate the combined impact of covariates on the reliability of equipment

over time (covariates may include: equipment age, operating parameters, type and number of
repairs etc.).

Genetic

algorithms

offer several key advantages

over conventional

mathematical

models

including: simplicity of randomised searches while retaining important historical information
with the population; computational

simplicity; genetic algorithms search from a population of

solutions, not just from a single solution; and they can handle any kind of objective function
linear or non-linear

constraints

defined

in discrete,

continuous

or mixed search spaces

(Vagenas, N. & Nuziale, T., 2001).

The structure of a basic genetic algorithm
problem is coded as a finite-length

is as follows. First, the set of variables of the

string (binary coded), which is defined over some finite

alphabet (initial population). Second, the fitness of the population with respect to the applied
fitness function
genetic

algorithm

is assessed. Third, ranking of the population
is constructed

from three

primary

is done randomly.

operators,

namely:

Next, a

reproduction,

crossover and mutation.
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8.2.1 Using Genetic Algorithms for Equipment Reliability Assessment
Genetic algorithms offer the potential to (Vagenas, N. & Nuziale, T, 2001):
•

Formulate

a novel approach

assumptions

to reliability

such as the homogeneous

required by conventional probabilistic

assessment

independent

or non-homogeneous

of theoretical

Poisson

processes

reliability assessment models which may limit

the suitability of these models to real life problems.
•

Enhance

the ability to better understand

and evaluate

the combined

impact of

covariates on the reliability of mining equipment over time (covariates may include:
the operating environment, type of repairs, number of repairs, and age of equipment).
•

Contribute to the wider acceptance of reliability assessment techniques in the industry.

•

Perform randomised searches while retaining important historical information within
the population and/or the data structure.

•

Not be constrained by assumptions about search space.

Genetic algorithms with their inherent simplicity can assist in solving engineering problems in
cases where traditional
require

a detailed

mathematical

preparation

techniques

based on operations

research

of the input data and the application

methods

of complicated

mathematical models.

The design of the genetic algorithms based modelling technique involves the mathematical
formulation

of the model and the following main steps for implementation:

initial population; valuation of fitness; selection of mate; reproduction;

creation of an

crossover; mutation;

testing of the new population; and, repeat steps if an acceptable solution has not been derived.

In general, the application of genetic algorithms in reliability engineering is a novel approach,
which may contribute to a better understanding

of the reliability characteristics

of industrial

systems and create a new method for reliability evaluation.
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9. INTELLIGENT CONTROL
Intelligent control describes the discipline where control methods are developed that attempt
to emulate

important

characteristics

of human intelligence.

These characteristics

include

adaptation and learning, planning under large uncertainty and coping with large amounts of
data. Today,
characterised
"intelligent

the area of intelligent

control tends to encompass

everything

that is not

as conventional control; it has, however, shifting boundaries and what is called
control" today, will probably be called "control"

tomorrow

(An/sak/is,

P. J,

1997). The main difficulty in specifying exactly what is meant by the term intelligent control
stems from the fact that there is no agreed upon definition

of human intelligence

and

intelligent behaviour.

There are a number of areas related to the area of intelligent control. Intelligent control is
interdisciplinary
computer

science and operations

inspiration
applied

as it combines and extends theories and methods from areas such as control,
research.

It uses theories

from mathematics

and seeks

and ideas from biological systems. Intelligent control methodologies

to robotics

and automation,

mention but a few application

communications,

areas. Neural networks,

manufacturing,

traffic

are being
control,

to

fuzzy control, genetic algorithms,

expert systems and hybrid systems are all areas where related work is taking place.

The term "intelligent control" has come to mean, particularly to those outside the control area,
some form of control using fuzzy and/or neural network methodologies.
however does not restrict itself only to those methodologies.
definitions

of intelligent

control

not all neural/fuzzy

Intelligent control,

In fact, according

controllers

would

to some

be considered

intelligent (Antsaklis, P. J, 1997).
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9. 1

Knowledge Based Systems in Intelligent Control

The following section is a summary of the works by Driankov, D. et al, 1996.

A knowledge

based controller can be identified as a highly specialised

knowledge

based

systems designed for performing a specific task during a particular phase of the life-cycle of a
process control system. The life-cycle of a process control system consisting of the following
three phases: design, operation, and maintenance.

Within the operation phase distinguish between three specific tasks: monitoring, control and
planning. The first two, as well as short term planning of actions which have to be performed
in order to assure proper process and control system function/optimisation,

take over the on-

line nature of the operation phase. Furthermore, each task can be characterised

in terms of its

scope and nature as follows:

•

Scope: single-loop operation -- plant-wide operation

•

Nature: operator assisted operation -- closed loop operation

The first pair of scope characteristics

defines whether the process control system operates on a

single-loop level or is intended for a plant-wide, global level of operation. The second pair of
nature characteristics

defines whether the process control system is used mainly to provide

information display and/or advice giving for the process operator, or whether it automatically,
without any operator intervention, determines and executes appropriate control actions.

The knowledge

based systems which can be employed

during the particular

phase of

operation, for the specific task of control, can be classified into the following main categories.
The classification

is done according to the intended use of the knowledge based systems in the

control task and the scope and nature characteristics

of the control task itself.
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Knowledge based systems for manual control assistance: The knowledge based systems is
used to assist the process operator in the manual mode of control by providing a what-if type
of support. In other words, it determines changes in the process output if the process operator
attempts to execute certain control actions.

Knowledge based systems for plant-wide tuning: The use of the knowledge based systems
is to monitor and adjust the operation of the control loops, e.g. the tuning of PlO-controllers
in cascaded loops, on a plant-wide level. Thus the scope is plant-wide and the nature of such a
knowledge

based systems can be anywhere

between

operator

assisted and closed

loop

operation.

Knowledge based systems for expert control: There are two principally different uses of the
knowledge

based system: (1) knowledge based system for direct expert control, Figure 9-1

and (2) a knowledge based systems for supervisory expert control systems, Figure 9-2

..

... ~

.....

Plant

~IL

Direct expert
control system

Figure 9-1:

....

The structure of a direct expert control system.

(Driankov, D.

....

~

el

al, 1996)

Plant

AIL

Direct expert
control system

....

"
Supervisory expert
control system

Figure 9-2:

The structure of a supervisory expert control system.

(Driankov, D. et al, 1996)
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In direct expert control systems the knowledge based systems is used in a closed loop, thus
replacing

completely

the conventional

replicates

the process operator's

control

element.

The knowledge

manual control strategy by employing

based

systems

a rule base which

determines the control output signal, given information about process output variables, e.g.,
error, change-of-error,

etc. The need for such a knowledge based systems is motivated if the

nature of the process under control is such that appropriate analytic models do not exist or are
inadequate, but the process operator can manually control the process to a satisfactory degree.
The scope of the knowledge based systems can be anywhere between single-loop and plantwide operation.

In supervisory expert control systems the knowledge based systems is used out of the control
loop acting as a supervisor of a conventional control element, thus complementing
replacing a conventional

controller. The latter continuously

rather than

implements the current control

law while the knowledge based systems determines when and how this control law should be
changed. In other words, the supervisory role of a knowledge based systems is to extend the
range of application
control knowledge

of a conventional
and auto-tuning

controller by using explicit representation
and adaptation

heuristics.

of general

Thus the knowledge

based

systems replicates the knowledge and skills of the control engineer rather than that of the
process operator. The knowledge based systems is built using a combination
representation

techniques,

e.g., object hierarchies,

of knowledge

frames, causal models, production

rules,

etc.

The result is that the inference engine of such a knowledge based systems has to support
different

types

representation

of reasoning

normally

associated

with each

of the above

knowledge

techniques.
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9.1.1 Knowledge Representation

in Knowledge Based Controllers

To any model there are two dimensions (Driankov, D. et al, 1996): resolution and abstraction.
The former represents

the level of detail to which a model is employed

and the latter

determines the atomic primitives upon which the model is built. A shift between abstraction
levels is usually accompanied by a change in the level of resolution. There is also a choice to
be made as to the way in which knowledge is represented at a particular abstraction level, i.e.,
the knowledge (model) representation formalism.

In the analytic design of closed-loop control, the atomic primitive upon which a model is built
is the continuous (or discrete) real valued function. The resolution level is given by the order
of the process,

and the knowledge

representation

formalisms

frequency response functions, state space representations,

task of the controller

functions,

etc.

In this type of modelling, only one knowledge representation
particular

include transfer

technique

is used. Thus, the

is mapped into a specific control objective

(performance

criterion) which must be expressed at the level of abstraction of the process model. Once the
performance

criterion is decided upon and expressed at the appropriate

level of abstraction,

the design of the closed loop is relatively straightforward.

Although

enormous

theory,

there

developments
controller

progress has been achieved

are several

instances

iDriankov,

In

linear and non-linear

D. et al, 1996) where

analytic control
the theoretical

do not respond to the application needed. For example, to obtain a good PID-

it is also necessary to consider factors outside its analytic formulation

such as

operator interfaces, operational issues like smooth switching between manual and automatic
control

modes,

maximum

and minimum

selectors,

etc. An operational

controller thus consists of two parts: (1) an implementation

industrial

PID-

of the PID control law and (2)

heuristic logic that provides for solutions in case a problematic situation is encountered.
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9.1.2 Knowledge

Representation

in

Supervisory

Expert

Control

Systems

The supervisory

expert control systems constitute a class of knowledge

based controllers

based on having the knowledge based systems monitor the closed loop. The control element
of the closed loop is designed using standard techniques

and involves an analytic process

model.

One use of a supervisory expert control system is to extend the range of operation of the
conventional

control algorithm with respect to auto-tuning and adaptation (Driankov, D. et al,

1996). Another use of a supervisory expert control system is to prevent the deterioration
performance

of adaptive controllers that results from degraded identification.

in the

The reason for

this is that if the process excitation is not rich enough then the results of the identification
be very poor, which in turn is a cause for instabilities.

may

In this context a supervisory expert

control system is used to decide on the trade-off between identification
expert control

needs and control

requirements.

A third use of a supervisory

system is in the design

reconfigurable

controllers that can behave optimally under a variety of circumstances.

of

These

may include changes in the process dynamics due to faults and failures or changes in the
control objectives.
determination

In this case the supervisory expert control system is responsible

of the best configuration

of the monitoring,

identification,

for the

and control

algorithms.

To illustrate the type of knowledge (model) used in the construction of a typical supervisory
expert control system, it will be looked at by describing a particular supervisory expert PItuner tDriankov, D. et al, 1996).

The task of the PI-tuner is to tune a PI-controller

so that the closed loop transient

response lies within certain limits set by the commissioning

step

engineer or process operator. The

limits within which the PI-tuner works are maximum overshoot, maximum undershoot

and

damping ratio. These limits are then used by the PI-tuner to compare the untuned closed loop
transient step response shape and to update the controller

parameters

in accordance

with

existing disparities.
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The operation

of the PI-tuner proceeds

response test is performed

as follows. Initially, an open-loop

and an initial hypothesis concerning

advanced. There are eight open-loop process characteristics

transient

process characteristics

step
is

(see Figure 9-3):

1. No delay monotone
2. No delay oscillatory

3. Short delay monotone
4. Short delay oscillatory
5. Medium delay monotone
6. Medium delay oscillatory
7. Long delay monotone
8. Long delay oscillatory

The description of the open-loop process as a "short", "medium" or "long" delay is done on
the basis of the ratio of the pure time delay in the process and the dominant time constant.
Furthermore, each characteristic
an autoregressive

is identified in real time from closed loop data by employing

moving average model using recursive least squares (Driankov, D. et al,

1996).
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No delay monotone

time

Medium delay monotone time

No delay oscillatory

time

Medium delay oscillatory time

YsP

Figure 9-3:

Short delay monotone time

Long delay monotone

time

Short delay oscillatory time

Long delay oscillatory

time

Open-loop process characteristics

(Driankov, D. et al, 1996)
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The characteristics

•

of the closed loop transient step response employ both of the following:

The magnitude and time of the first overshoot and first undershoot for both the process
output and control variable, in a response to a step change in the set point.

•

The integrals of both the process output and control variable evaluated at strategic
instants of time along the transient.

These data are used to establish the following eight characteristics

(properties) of the closed

loop transient step response (see Figure 9-4):

l. Too low monotone
2. Too low oscillatory
3. Overshoot, undershoot
4. No overshoot, undershoot
5. No overshoot, no undershoot
6. Overshoot, no undershoot
7. Overshoot monotone
8. Overshoot oscillatory
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Closed-loop process characteristics

(Driankov, D. et al, 1996)
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These descriptions
"undershoot"

of the closed loop transient step response as "too low", "overshoot",

take into consideration

or

the behaviour outside the upper and lower limits as

shown in Figure 9-5.

2

1

o -+----~--~~--~---------time
Figure 9-5:

Closed-loop performance limits.

(Driankov, D. et al, 1996)

Zones A 1, A2 and A3 show undesired behaviour outside the performance
of the open-loop

process

limits. After the

hypothesis

about the type (characteristic)

is advanced,

this

information

is passed to the knowledge base of the PI-tuner. The knowledge base contains

two types of production rules. The first type, called context rules, connects the closed loop
transient step response characteristics

"if open-loop

to the open-loop process characteristics.

For example,

process is medium delay monotone, then closed loop transient step response is

overshoot undershoot."

This allows for differentiating

step response characteristics

between sets of closed loop transient

which are superficially similar but which are in fact intrinsically

different. The use of these rules is to establish a context for the consequent application of the
second type of rules, namely the tuning rules. The context simply describes a fact, like "the
closed loop transient step response is of overshoot-undershoot

type and the open-loop process

is of medium delay monotone type." Once this context is established

it triggers a specific

tuning rule.

The tuning rules are used to change the PI-controller
experience

of the control engineer

gains. These rules are based on the

and provide a quantitative

judgement

as to how the

modification of the gains is to be done. Furthermore, these rules are constructed in relation to
the context for the application of a rule and a matching of the present closed loop transient
step responses to previous experiences.
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The context is established by the context rules while the matching is effected by comparing
the patterns of stored closed loop transient step responses (for which definite tuning rules are
known) against the present closed loop transient step response. For example,

Context:

Closed-loop transient step response is overshoot undershoot.
Open-loop process is medium delay monotone.

Tuning-rule:

if the control variable continues to increase after the transient first crosses the
set-point
then reduce the integral-gain by KI

=

(Al/(Al

+ A2 + A3))*KIold

Thus the execution of a tuning rule in the appropriate context changes the PI-controller
This information

is kept in the so-called solution blackboard

gains.

which contains the current

hypothesis about the open-loop process characteristic, and the current tuning strategy together
with its closed loop transient step response context.

After having changed the controller

gains and when the process achieves

a steady-state

behaviour, the knowledge based systems initiates a closed loop transient step response test.
Using the results of this test the knowledge

based systems either verifies or modifies the

current open-loop process hypothesis. Once this is completed the whole procedure is repeated
until the PI-controller

is tuned according to specification.
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9.1.3 A Hardware and Software Architecture

Ho, W. et al, 1998, proposed an architecture
control system

involves coupling

parallel, cooperating

for the knowledge

AI and real-time

subsystems

based multivariabie
(real-time

controllers)

PlO
as

components as shown in Figure 9-6. This approach thus tries to retain

the strengths of each system by allowing separate real-time and AI subsystems to cooperate in
achieving overall desirable behaviour.

AI subsystem

,,
,

,,

,,

~

~'"

,

"
Real-time
subsystem

Figure 9-6:
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Environment
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·1

1

Approach to Real-Time AI.

(Ho, W. et al, 1998)

The approach

thus uses the supervisory

control architecture

which keeps track of all the

system conditions and keeps the plant on-line. The advantage lies in the separate development
of the knowledge based system and the conventional system and in use, the knowledge based
system will not interfere with the speed of the on-line control system. Thus, the conventional
system (e.g. PID controller) can do real-time control while inferencing continues in the expert
system. Large processes usually require a large number of smaller control loops for which the
performance
knowledge

requirements
based

are such that standard PID controllers

system will become

part of a more complete

are sufficient.

Thus the

hierarchical

structure.

Moreover, in cases where PID controllers have been installed previously, it is easier to add a
set of supervisory controllers instead of rebuilding the whole structure. Another advantage is
that if, for any reason, the expert system fails, the PID controller can be dropped back to a set
of safe parameters, which will guarantee that the plant remain stable.
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9.2 Neural Networks in Intelligent Control

9.2.1 Introduction

Neural networks were applied to the tuning problem. The following section is a summary of
the works by Chan et al, 1995. A back-propagation

neural network was used to tune PlO

controllers. The network was trained to approximate the non-linear relationship between some
steady state variables of a specific processes and the PlO gain settings. Therefore, the neural
network tuner is restricted to a specific process. This section looks at how tuning feedback
controllers

can be accomplished

by using neural networks.

Unlike the expert

system

approaches, the neural network tuner extracts tuning knowledge automatically through the use
of a representative
is not required.

process, and therefore knowledge extraction from a human control expert
The neural network

is developed

to relate certain normalised

response

parameters to adjustments to the controller settings. Therefore, building a new neural network
is unnecessary for a new process.
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9.2.2

Neural Network PI Tuner

The tuning procedure involves the following steps (Chan et al, 1995):

1. Obtain the process reaction curve
2. Determine process gain K, time delay

1'd

and apparent time constant

3. Set initial controller gains, Kp and Ti, using the Ziegler-Nichols

t

tuning rules

4. Monitor the closed-loop controlled response to a unit step input
5. Analyse the result and based on previous experience and knowledge, fine tune Kp and
Ti
6. Repeat steps 4 and 5 until a satisfactory result is achieved.

This manual procedure is exactly the approach employed by the neural network tuner. The
structure of the tuner is given in Figure 9-7. The tuner collects information about the process
response and recommends adjustments to be made to the controller gains. This is an iterative
procedure until the fastest possible critical damping for the controlled system is achieved.
Response
recognition
Input

t
Neural Network
Tuner

Output

Input

Figure 9-7:

+
It

PI Controller

Process

t-

Output

System structure of the neural network tuner for PI controller tuning

(Chan et al, 1995)
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The main components of the tuner include a response recognition system and an embedded
neural network. The response recognition system is used to monitor the controlled response
and extract knowledge
knowledge

about the performance

of the current controller

gain setting. The

is expressed in terms of four variables: peak rise time, overshoot, peak-to-peak

height and final error. The main task of the recognition

system is to identify these four

variables from the response. These four variables are then normalised and fed into the inputs
or the neural network. Consequently, the network will suggest suitable changes to be made to
the controller gains.

9.2.2.a

Input-output space

Stable responses can be broadly divided into two categories: monotonic and oscillatory. For a
PI controller, monotonic responses can be dealt with very easily. The required tuning action is
either to increase gain, or do both. In the implementation

of the PI tuner, monotonic responses

are solved by an if-then statement which increases Kp by 10% and decreases
simultaneously.

Ti by 10%

Rut for oscillatory responses, the tuning knowledge is not as simple. In order

to capture the knowledge and represent it by using a neural network, the input and output of
the neural network need to be defined first.

Since a neural network is a numerical estimator,
Therefore,

its inputs and outputs must be numeric.

the response has to be quantified before feeding into the neural network. Four

variables, which can provide sufficient information regarding the shape and size of oscillatory
responses, are chosen. These variables - peak rise time (R), overshoot (0), peak-to-peak height
(H), and final error (E) - are depicted in Figure 9-8 and Figure 9-9. Figure 9-8 shows the case
where the first peak is above the set point, and it is referred to as positive overshoot. Figure
9-9 shows the case where the first peak is below the set point, and it is referred to as negative
overshoot.

However,

the same sets of variables apply to both cases. Since the tuner is

intended to be used for a wide variety of processes, the actual values of these variables cannot
he used directly; they must be normalised.
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Output
E

Set point (SP)

Figure 9-8:

Oscillatory response with positive overshoot

(Chan et al, 1995)

Figure 9-9:

Oscillatory response with negative overshoot

(Chan et al, 1995)
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The normalised equations are given as follows:

R

(9-1)

a-sp
SP
(9-2)

RI2
SP
(9-3)

E
SP
(9-4)

Rn, On, H« and En are the normalised rise time, normalised overshoot, normalised peak to peak
height, and normalised

final error, respectively;

SP is the set point value. The normalised

values are used as inputs to the neural network tuner.

The purpose of the neural network tuner is to fine tune the feedback controller based on the
closed-loop

step response performance.

Rather than suggesting exact controller gains (as in

the case of initial gain setting), the outputs of the neural network are multiplying factors of the
current gains in logarithmic scale (log (mKp))

and 10g(mTj)).
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9.2.3 Neural Network Architecture for Control Applications

The properties of neural networks to learn complex input-output mappings will be included in
the framework of system identification
concern the architecture

and signal prediction to the control problem. In this

of neural networks deals with generating

a sequence of control

actions which can evolve the controlled system from an initial state to the final target state in
the optimal way. Various types of neural networks based control schemes are proposed
tBaharin, l.B., & Hasan, MM,

1995).

The open-loop training scheme is shown in Figure 9-10. Where U function is the desired
output, U, is the actual input used to excite the non-linear dynamically system, and
the output of the neural network approximation.
that

0

approximates

0 refers

to

The intention is to train the neural network so

Ud, the desired signal, as closely as possible. This open-loop training

scheme using the collected data, is sometimes difficult or impossible to obtain an adequate
training data set for a complex non-linear system.

-,
Ud

Non-linear
dynamical
system

0

Neural
network

+

0
.~

Figure 9-10:

Open-loop training scheme

(Baharin, I.B., & Hasan, MM,

1995)
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A closed-loop training methodology with a controller can be used, shown in Figure 9-11. The
controllers

here can generate

a preprocess

data continuously

from the reference

input

depending on the non linearity of the system. This controller can he tuned according to the
plant complexity.

Like a dynamically system this controller can be a proportional controller.

Here Ur is the persistent excitation that is added to the control input from the controller to
form the probing signal Uct(t)to the dynamically system. With the controller and the persistent
excitation

input,

the closed-loop

training

methodology

will ensure

the collection

of

sufficiently rich and adequate training data.

Controller

+

Figure 9-11:

+

Non-linear
dynamical
system

Neural
network

o

+

Closed-loop training methodology

(Baharin, I.B., & Hasan, MM,

1995)
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After a satisfactory training the trained neural networks (black box) can be used as a series
type neuro-controller

shown in Figure 9-12.

o

ANN

Figure 9-12

Plant

Yl

Series type neuro-controller

(Baharin, I.B., & Hasan, MM, 1995)

To consider the adaptive plant control scheme the neuro-controller

can be structured as Figure

9-13.

.......

0

Neural
network
controll~

.

Plant

YJ..

"Neural
network

...

I

Figure 9-13:

The structure of the adaptive plant control system based on neural networks

(Baharin, I.B., & Hasan, MM, 1995)
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9.3 Fuzzy Logic in Intelligent Control

There are several advantages

(Bannatyne, R., 1994) of using a fuzzy logic solution to a

control problem rather than a conventional mathematical solution:

The

output

may

be determined

without

the necessity

of defining

the mathematical

relationships between outputs and inputs using equations.

In complex systems, or systems where expert knowledge
using a rule based solution is the intuitive humanistic
relationships.

is unavailable,

the advantage

of

method of defining the necessary

This provides also a high-level language which applications engineers may use

in order to communicate effectively with hardware and software engineers.

Memory-hogging

look-up tables (often used in complex control system software)

are also

avoided, and it has been shown that the response obtained when using a fuzzy solution in
applications such as PLO control can be smoother than conventional solutions responses.

Another point in favour of using the rule based fuzzy methodology

is that each of the rules

contributes only a portion of the final result; this provides a more robust algorithm than may
be defined using conventional

mathematics,

since if a rule has been wrongly defined, the

contribution from the correctly defined rules would outweigh the poorly defined rule.
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9.3.1 Fuzzy Controller Design Approaches

Fuzzy controller design is situated along a "border line" in the research field, where quite
different

approaches

engineering

are applied;

and optimisation

methods could significantly

artificial

intelligence

(expert

systems)

theory, to name the main ones. Combining
enrich the fuzzy control methodology,

and

control

these different

bringing about new and

amazing results. However, behind the various approaches, one can see different communities,
traditionally

applying various methodologies

some lack of understanding

and criteria in their evaluations,

(and sometimes even some misunderstanding)

and having

of each other's

methods.

Basically, all the approaches to fuzzy control design can be classified as follows (Reznik et ai,
2000):

1.

Expert systems approach

2.

Control engineering approach

3.

Intermediate approaches

4.

Combined approaches and synthetic approaches

The first approach
consideration

originates

from the methodology

of expert systems. It is justified

by

of a fuzzy control system as an expert system, applied to problem solving in

control. In this approach, fuzzy sets are used to represent the knowledge or behaviour of a
control practitioner

(an application

expert or an operator)

who may be acting only on

subjective or intuitive knowledge. One should note that by using linguistic variables, fuzzy
rules provide a natural framework
experts

for human thinking and knowledge

find that fuzzy control rules present a convenient

knowledge,

formulation.

Many

way to express their domain

so cooperation with the experts would be easier for a knowledge engineer. This

approach was very popular in pioneering fuzzy control design.
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In a purely expert approach, the choice of the structure, inputs, outputs and other parameters
of a fuzzy control system is the sole and solemn responsibility of the expert(s). Moreover, the
supporters of this approach warn against further parameter modifications,

pointing out that

such adjustments can jeopardise an expert's instructions. Changing the scaling factors and/or
membership

functions, for example, may result in losing the original linguistic sense of the

rule base. The experts may not recognise their rules after tuning, and will then not be able to
formulate new rules. Generally speaking, in this approach an expert system is designed. This
expert system is specified for control applications and, after the design is completed, operates
as a fuzzy control. In this approach, any structure and set of the parameters

of the fuzzy

control can be chosen.

Intermediate approaches propose setting some of the parameters (e.g., membership functions)
by the experts, and fixing the others (e.g., rules) with the methods inherited from controlsystem design.

Combined approaches include an initial choice of the fuzzy control structure and parameters,
made by an expert, and further their adjustment
methods. The development
computationally

performed

using the control engineering

of these methods has led to the application

of models, which

synthesise the properties of expert production systems, neural networks, and

fuzzy logic.

The control engineering
design,

and design

approach allows traditional criteria to be applied in fuzzy control

methodologies

to satisfy

conventional

design

specifications

to be

developed, including parameters such as an overshoot, an integral and/or a steady-state error.
Enhancing fuzzy control engineering methods with an ability to learn, and the development

of

an adaptive fuzzy control design, would significantly improve the quality of a fuzzy control,
making it much more robust and expanding its area of possible applications.
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9.3.2 Basic Architecture of a Fuzzy Logic Controller

According

to Berenji,

H., 1993, one needs to identify the main control variables

and

determine a term set that is at the right level of granularity for describing the values of each
variable in the design of a fuzzy controller. For example, a term set including linguistic values
such as {Small, Medium,

Large}

may be satisfactory

in some domains;

whereas

other

domains may instead require the use of a five term set such as {Very Small, Small, Medium,
Large, and Very Large} .

After the linguistic term sets for the main control variables are determined, a knowledge base
is developed using these control variables and the values that they may take. If the knowledge
base is a rule base, more than one rule may fire simultaneously;

hence it requires a conflict

resolution method for decision making.

Figure 9-14 illustrates a simple architecture

for a fuzzy logic controller. This architecture

consists of four modules whose functions are described next.

~

Figure 9-14:

Coder
(fuzzifier)

~

Knowledge base
and decision
making logic

f--.

Decoder
(defuzzifier)

~

Dynamic system
(plant)

-

A simple architecture of a fuzzy logic controller

(Berenji, H., 1993)
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9.3.2.a

Encoder

In coding the values from the sensors, one transforms the values of the sensor measurements
in terms of the linguistic labels used in the preconditions of the rules. If the sensor reading has
a crisp value, then the fuzzification stage requires matching the sensor measurement

against

the membership function of the linguistic label as shown in Figure 9-15 (a).

If the sensor reading contains noise, it may be modelled by using a triangular membership
function where the vertex of the triangle refers to the mean value of the data set of sensor
measurements

and the base refers to a function of the standard deviation.

In this case, fuzzification refers to finding the intersection of the label's membership

function

and the distribution for the sensed data as shown in Figure 9-15 (b).

!lex)
Label

1.0 --------

xo

Figure 9-15:

Sensor
measurement

!lex)

x

xo

x

Matching a sensor reading Xo with the membership function I-l(x) to get I-l(xo); (a) crisp

sensor reading (b) fuzzy sensor reading.

(Berenji, H, 1993)
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9.3.2.b

Knowledge Base

There are two main tasks in designing the control knowledge base. First, a set of linguistic
variables must be selected which describe the values of the main control variables of the
process. Both the main input variables and the main output variables must be linguistically
defined in this stage using proper term sets. The selection of the level of granularity of a term
set for an input variable or an output variable plays an important role in the smoothness
control.

Secondly,

a control knowledge

base must be developed

of

which uses the above

linguistic description of the main variables. Berenji, H., 1993 has suggested four methods for
doing this: Expert's Experience and Knowledge, Modelling the Operator's

Control Actions,

Modelling a process, and Self Organisation.

Among these methods, the first method is the most widely used. In modelling the human
expert operator's

knowledge, fuzzy control rules of the form: IF Error is small and Change-

in-error is small, Then force is small are used.

This method is effective when expert human operators can express the heuristics

or the

knowledge that they use in controlling a process in terms of rules of the above form.

The second method, directly models the control actions of the human operator.

The third method deals with fuzzy modelling of a process where an approximate model of the
plant is configured by using implications that describe the possible states of the system. In this
method, a model is developed and a fuzzy controller is constructed to control the fuzzy model,
making this approach similar to the traditional approach taken in control theory

The fourth method refers to the development of self-organising
this method is the development
controllers'

controllers. The main idea in

of rules which can be adjusted over time to improve the

performance.
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9.3.2.c
Because

Decision Making Logic

of the partial matching

attribute

of fuzzy control

rules and the fact that the

preconditions of rules do over- lap, usually more than one fuzzy control rule can fire at a time.
The methodology

which is used in deciding what control action should be taken as the result

of the firing of several rules can be referred to as conflict resolution. The following example,
using two rules, illustrates this process. Assume that the following rules are:

Rule 1: IF X is AI and Y is BI THEN Z is Cl
Rule 2: IF X is A2 and Y is B2 THEN Z is C2

Now, if Xo and yo are sensor readings for fuzzy variables X and Y, then for Rule 1, their truth
values are represented by)lAI (xo) and )lBI (Yo), where )lAl and )lBI represent the membership
function for A 1 and BI, respectively. Similarly for Rule 2, )lA2 (xo) and )lB2 (Yo) are the truth
values of the preconditions.

Assuming that a minimum operator is used as the conjunction operator, the strength of Rule 1
can be calculated by:

w(1)

=

min()lAI

(xo) , )lBI (yo)).

Similarly for Rule 2:

w(2)

= min()lA2 (xo) , )lB2 (yo)).
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9.3.2.d

Decoder

Also known as Defuzzifier,

the decoder
function

produces

represents

the membership

combining

several rules. Several defuzzification

a non-fuzzy

control action that best

of an inferred fuzzy control action as a result of
methods such as centre of area (COA) and

mean of maxima (MOM) have been suggested. The COA method calculates the centre of the
area resulted from superimposing

the conclusions of the firing rules, and the MOM method

averages out the values for which the membership

of the combined membership

reaches the maximum.

above and shown in Figure 9-16, the

In the example

discussed

function

combination

of the rules produces a non-fuzzy control action Z* which is calculated

Tsukomoto's

defuzzification

Z*

using

method:

n

I

w(i)z(i)

;;1
n

I

w(i)

;;1

( 9-5)

where n is the number of rules with firing strength, w(i), greater than 0 (n=2 in the above
example) and z(i) is the amount of control action recommended

by rule i.
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THEN

IF

1.0 ----------

1.0
RULE 1

Z(1)

1.0
RULE2

Z(2)
Sensor 1

Sensor 2

INPUT

min
Z·

Figure 9-16:

=

OUTPUT

Z(1)W(1) + Z(2)W(2)
W(1) + W(2)

Defuzzification of the combined conclusion of rules

(Berenji, H, 1993)
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10.

INTELLIGENT SCHEDULING

10. 1 The Theory behind Case Based Scheduling

The following section is a summary of the works by Schmidt, G., 1998.

Artificial

intelligence attempts to solve new problems using results from solved problems.

Case based reasoning takes advantage from analogies between cases. A knowledge base (case
base) is used to store the case data. The job base stores information

of the products and

processes for a particular job.

Case based scheduling is an application of case based reasoning to the domain of scheduling
problems. Case based reasoning is based on specific knowledge about previously experienced
problems (cases). Cases or problems are related to appropriate
appropriate solution approaches.

or sometimes

also to non-

Solving a new case means to find out and use analogies of

old inspected cases with the new one. The general process of case based reasoning is shown in
Figure 10-1 (Schmidt, G., 1998).
New
Problem

Learning

Figure 10-1:

Creativity

Case Base

Structure of an approach to case based reasoning

(Schmidt, G., 1998)
New problems are solved using old learned cases from the case base with some additional
creativity if there is not a one-to-one correspondence

between the old and the new cases. All

this results in new solutions for new cases which can be stored in the case base.
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10.1.1

Case Base Reasoning Phases

The application of case based reasoning relies on different phases within the solution process,
the phases being representation,

lO.1.1.a

retrieval, re-use, validation, and storage.

Representation

The system starts collecting information about the problem to be solved, also called the source
case. The data is acquired by a question and answer procedure, questions are supplied by the
system, the user gives answers. The data is filled in the object-oriented
production scheduling introduced in accordance to the classification
starts to identify some root class and its attributes. The determination

reference model for

scheme. The procedure
of the attribute values

leads to more special classes describing the problem under consideration.

Having created a

more special class again its attributes and values are derived. This kind of class generation
scheme is carried out until there is no further specialisation

of the problem formulation

possible. As a result the source case is represented.
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lO.1.1.b

Retrieval and re-use

In order to find a solution for the source case, the case base is search for an appropriate target
case. Retrieving a target case can be carried out by the following decision support statement:

IF

A target case which is identical to the source case can be found, then the solution of the target
case will be applied directly to the source case.

Else If
No identical target case can be found, look for a target case which has a similar/general
relation to the source case.

IF

A general case can be found, then apply the solution approach to the source case by adjusting
the parameters.

Else If
No general target case can be found, look for a target case which is as close as possible to the
source case. This special case cannot apply the solution approach of the target case directly to
the source case, but could get some idea as to how to solve the new problem and form the
basis of a new case in the case base.

Else
There is no relation between the source case and any potential target case. The problem will
have to be solved from scratch using creativity and general problem solving knowledge.
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lO.1.1.c

Validation and storage

The solution approach proposed by the previous phase has to be validated and if necessary
revised. The proposed algorithm is applied to the source case. The shop-floor manager has to
decide if the result is acceptable or not. In case it is not acceptable the solution has to be
repaired. This can be done in two ways. If the algorithm does not find the optimal solution the
algorithm could be improved. A second possibility is to modify the problem formulation

in

order to get better solutions.

Having tackled a new source case it has to be decided if it should be stored completely,

parts

of it, or not at all. Here a trade off between storage cost and time for finding a similar case and
adopting its solution exists. New cases which do not differ significantly from already known
cases are not very likely to be stored. Once we are sure that a general target case and an
effective solution procedure already exist in the case base we do not have to store the special
case necessarily.

If the solution procedure of the special case is more effective than this one

derived from the general case the specific case should be stored.

It is a great advantage if there exists fundamental
about the cases and their interrelationship.

experience or even an established

theory

This knowledge can be used to help to answer the

following basic questions within case-based reasoning:
•

How to organise the storage of cases

•

How to select relevant cases

•

How to add new cases

•

How to use solutions for old cases to solve new ones
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The taxonomy shown in Figure 10-2 (Schmidt, G., 1998) gives an idea of the area of models
covered by the case based scheduling system. To find a representation

or a case means to

decide:

1. What is essential of a case?
2. What is the appropriate structure to describe the case?
3. How a case base is organised such that efficient retrieval can be guaranteed?

Production

Scheduling

Machines

Jobs

Criteria

Machine Centre

Precedence

Flow time

Pools

Ready times

Feasibility

Flow lines

Deadlines

Make span

Job shop

Due dates

Lateness

Open Shop

Pre-emption

Average Completion
time

Hybrid shop

Weights

Availability

Number of jobs in
system

Utilisation

Figure 10-2:

Elements of models for case based scheduling

(Schmidt, G., 1998)
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11.

AN APPLICATION OF CASE BASED REASONING
IN INTELLIGENT SCHEDULING

This chapter

will present

an application

fundamentals

for a decision-making

for production

scheduling

by developing

the

information system. The system relies on an interactive

approach of problem solving which is known in the field of artificial intelligence

as case

based reasoning.

The interactive

problem solving framework

Excel and Microsoft
conventional

was developed and implemented

in Microsoft

Access. The case based reasoning theory was merged with that of

scheduling to solve production planning problems using an interactive problem

solving framework. An application was developed to demonstrate the implementation

of this

approach where previous schedules are matched with a solved solution that is stored in a
library of cases in Microsoft Access.

The following section will explain the steps to implement a case based reasoning scheduling
system. The user interfaces, models used and a database were developed as a specification
future implementation

for

as an intelligent scheduling system.

What makes this application

of scheduling

'intelligent'

is the fact that it uses case based

reasoning (an artificial intelligent technique) as basis. The process first looks for a stored case,
and if one is found, the solution is presented to the user in minimal time. The process also
allows the storage of cases of future use, giving the scheduler' learning' capabilities.
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11.1.1

Practical Application

The approach described in chapter 10 will be demonstrated
example

will demonstrate

how problem

representation,

using a practical example. This
retrieval,

re-use, validation

and

storage is carried out in a fictitious company called Peninsula Engineering Works

Peninsula

Engineering

difference

between success and continual operational

importance

Works understands

of using technology

and

that their engineered

intelligent

products

can mean the

problems. They also understand

manufacturing

techniques

the

to improve

efficiency.

Peninsula Engineering Works focuses on individual client needs and provides sound, quality
solutions through customised services and products. Their product range includes:

•

Roll over protection frames.

•

4WD bull bars

•

Pressure vessels

•

4WD fuel tanks

•

Boilers

Figure 11-1 illustrates the products and Figure 11-2 provides the plant layout of Peninsula
Engineering Works
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..Rill over protection frames

4WD Bull Bar

Pressure vessels

4WD Fuel Tank

Boiler

Figure 11-1:

Products made by Peninsula Engineering Works
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+
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t

3.00m

+

6.50m

+

4.50m

-I

Board Room
~

Ó

~

Office

Final Inspection

Bridge Crane

Folding Machine

~~I=I

Figure 11-2:

CNC Lathe

'"
I

Shaping Machine

'"

Drilling Machine.
.

Sawing Machine

====l~

Peninsula Engineering Works plant layout
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11.1.2

The Scheduling Process

As mentioned previously, the application of case based reasoning relies on different phases
within the solution process, the phases being representation,

retrieval, re-use, validation, and

storage. The process flow is illustrated in Figure 11-3 and the various input and output screens
that demonstrate the scheduler are presented in Appendix 1.

11.1.2.a

Representation

The system starts collecting information about the job to be scheduled, i.e. the job code and
the required due date. It then searches the job base for the related processing time and the job
description.

In this database additional information can be stored, for instance parts needed,

labour requirement,

specifications,

etc. This information will be displayed to the user.

Once the user is satisfied with the information that is supplied, it is submitted as a case to the
information system.
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1l.1.2.b

Retrieval and re-use

To find a previously solved case, the case base is searched for similar or identical input
parameters. Retrieving a target case can be carried out by the following logic:

If
The job sequence is identical to a job sequence of a previously stored case And the due dates
correspond

(the same number of days into the future) of a previously stored case Then a

solution of the present case can be extracted from the case base and presented directly to the
user.

Else If

No identical target case can be found, i.e. the job sequence is identical to a job sequence of a
previously stored case, (Not) but the due dates do not correspond (the same number of days
into the future) of a previously stored case Then a solution of the present case must be
referenced to a case with the closest due dates and presented to the user.

Else If

No identical target case can be found, i.e. the job sequence is not the same as that of a
previously stored case, And the due dates do not correspond (the same number of days into
the future) of a previously stored case Then the problem will have to be solved from scratch,
determining the optimal sequence for the required due dates and manually scheduling

using

general problem solving knowledge.

The main goals in sequencing are to minimise average completion time, average number of
jobs in the system and average lateness whilst maximising

the utilisation.

The shortest

processing time is generally the best technique for minimising job flow and minimising

the

average number of jobs in the system.
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A set of jobs needs to be sequenced to work centres. Sequencing specifies the order in which
jobs should be done at each centre. Priority rules exist that are used to determine the sequence
of jobs in process oriented facilities. Some of these priority rules are:

•

First Come First Serve - The job to arrive at a work centre is processed first.

•

Shortest Processing Time - The shortest jobs are handled first and completed.

•

Earliest Due Date - The job with the earliest due date is selected first.

•

Longest Processing Time - The longer, bigger jobs are often very important and are
selected first.

Once the sequencing has been completed, a set of jobs or tasks has to be assigned over time to
a set of machines and possibly additional resources subject to given constraints and optimality
criteria. This approach is typically used if there are no previous eases to reference to and the
case has to be solved from scratch.
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11.1.2.c

Validation and storage

If the case is a new schedule (new sequencing), it is stored in its entirety for further re-usual.
Adapted cases (cases with the same sequencing but different due dates) are not stored as the
similarity can be recalled at a later stage and to prevent storing too much data.
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Representation
I

I

I
Collect information on
schedule:
1. Jobs
2. Due date

Job
Base

Look if similar
cases exists

Case
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Retrieval and re-use I
Is the job
sequence
previously stored
case

=

No_'

___.

New case

Determine new
schedule

+

Yes

s the due dates
previously
stored case

=

I

\

Yes

Identical case

Manually
reschedule

I-

Similar case

Check for errors

Extract solution
from case base

Extract the case
with the closest
due dates

Store new case in
case base

Present solution to
user

Present solution to
user as a
suggested
schedule

Present user with
new solution

Sequence the jobs
using:
FCFS
SPT
EDD
LPT
- priority rules

+

Present
Sequencing
Summary for user
to decide on
priority rule

II Validation and S orage I

Figure 11-3:

Case
Base

Process flow of an intelligent scheduler using case based reasoning
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12.

RECOMMENDATIONS FOR FUTURE STUDY

Manufacturing

intelligence

in this thesis has been approached

mainly from a theoretical

perspective.

The intelligent manufacturing
components:
intelligent

process is a complex one and was decomposed

into several

intelligent design, intelligent process planning, intelligent quality management,

maintenance

and diagnosis,

intelligent scheduling and intelligent control. These

concepts, methods and techniques mentioned have been discussed in a general manner and
form an excellent staring point for future research.

For future study, it is suggested that one takes one of these fields, i.e. Intelligent control and
apply it in practice/industry

using fuzzy logic, neural networks or a hybrid combination

if the

two.

There is still work to be done on an intelligent scheduler that was developed as an application
of illustrative purposes in this thesis. Further development and programming

12.1.1

is necessary.

Synopsis of Methods Used

Bringing together aspects of computer science and engineering makes for interesting research.
Using the artificial

intelligence techniques

(Knowledge

based systems, fuzzy logic, neural

networks, case based reasoning and genetic algorithms) in the fields of manufacturing

brings

a new perspective and challenges to the conventional methods used. Many of the methods and
methodologies

discussed are relatively new and it is the view of the author that these are not

widely used as to date.

Artificial intelligence techniques are also extremely versatile and as shown in this thesis, can
be applied in almost every aspect of manufacturing.
manufacturing

Using artificial intelligence techniques in

can remove uncertainties and the need for human intervention.

The methodology

discussed in this thesis is not that complex, but to implement

practically in a manufacturing

the ideas

environment may need more thought and programming skills.
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13.

APPEN DIX 1

Intelligent Scheduling Application with Partly Populated Data
Base
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Input:
The Input Screen collects information and compares it to
previously stored cases. The user is prompted to enter five
jobs and five corresponding due dates. A job may be
performed more than once (any sequence).

Action:
The system will look if similar cases exist.
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Reference Tables
Reference Table
Lookup Description

Reference Table
Lookup Tasks Involved

Input:
Reference Tables present the user with the information on the
various jobs that can be performed and allow the user to edit
and update any changes.

Action:
User enters/edits any changes to the tasks of a job.
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Note: Used only if new case is being developed

Input:
Data entered from the Input Screen is updated in this screen

Action:
The data is evaluated based on the First Come First Serve
Sequencing priority rule. This will aid the user with decision
making later in the process.

203

Note: Used only if new case is developed

Input:
Data entered from the Input Screen is reordered and updated
in this screen.

Action:
The data is evaluated based on the Shortest Processing Time
Sequencing priority rule.
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Note: Used only if new case is developed

Input:
Data entered from the Input Screen is reordered and updated
in this screen

Action:
The data

IS

evaluated based on the Earliest Due Date

Sequencing priority rule.
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Note: Used only if new case is developed

Input:
Data entered from the Input Screen is reordered and updated
in this screen.

Action:
The data is evaluated based on the Longest Processing Time
Sequencing priority rule.
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"

Sequencing Summary

Average
Number of Jobs
Utilisation
36.4%

2.75

13.0

43.1%

2.32

l.8

13.6

4l.2%

2.43

20.6

27.2%

3.68

1.2
9.6

Sequencing

•

"

~

'« ~;::::-,

,

~!,

Chart

•

"

;,.?L~/
Step 2

Input:
The Sequencing Summary Screen provides the user with all the priority rules used,
to assist the user in selecting a one.
Action:
A Sequencing Chart is draw to illustrate the sequencing graphically.
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Scheduling
First Come First Serve

Action:
The Scheduling Screen provides the user with all the scheduling

Step I Import

information The user will need to manually reschedule so that each
Step 2 Schedule
Step 3 Realign

(manually moving objects)

l

Re~liicl

Step 4 View Results
Juh

Cude Da~ I

a
b

c
d

e

Da~ 2

Sawing Shaping
olding Welding
Sawing

Da~ 3

Da~ ...

Day :'\

Drilling

Welding
Drilling
Shaping
Folding
Sawin

Inspection

Folding
Sawing

Drilling
Shaping

workstation is allocated only to job per time period. An Error message will
appear in the next screen if this is not the case
._______-------'

Da~ (,

Da~ 7

Da~ S

Inspection
Welding
CNC

Inspection
Drilling

Welding

Da~ ')

Da~ I II

Da~ II

Da~ 12
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Results
Start da~

=
10

End da~ =

Task Schedule

s

Da~ I

Da~ :!

Da~ 3

Da~ -I

Da~

a

Sawing

Drilling

olding

Welding
Drilling
Shaping
Folding

Inspection

b

Shaping
Welding
Sawing

Task

c
d

Folding
Sawing

Drilling
Shaping

Sawing

e

Da~ (,
Inspection
Welding

Da~ 7

Da~ H

Da~

0)

Da~ III

eNe

Inspection
Drilling

Welding

Inspection

Shaping

Folding

Drilling

Welding

Inspection

Da~ (,

Da~ 7

Da~ H

D:I~

Da~ JH

Da~ II

Da~ 12

Da~ II

Da~ 12

Machine Utilisation Schedule
Machine
Sawing
Folding
Shaping

Da~ I
X
X

Da~

z
X

Da~ 3
X
X

X

D:I~ -I
X
X
X

Da~

s

X

Inspection

X
X

X
X

X
X

X

X
X

X

X

X

Urillsutlon

400/0
400/0
400/0
100/0

X

eNe
Drilling
Welding

0)

X
X

SOO/O
SOO/O

X
X

X

SOO/O

"Error meaning that more than one task has been allocated for that time period

Output:
The Results Screen presents the schedule of a new case that
will be implemented and stored in the case base for future
re-usal.
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Microsoft Access - [SchedulerDB:Database]

The following

D
E

2
Pressure vessels 8
4WD Fuel Tank 3
Boiler
9

Sawin

are the tables

as they appear

in

Microsoft Access which form the Case Base and the
Job Base. These have been populated with five cases
as illustration.

Shaping Drilling Welding Inspection
Drilling Welding Inspection
Shaping CNC
Drilling Welding lnsoectionl
Drilling
Foldi
n

18

15

20

25

9
10

15
12

15

3

23
15
19

2
9
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Drilling
Drilling
Drilling

CNC

Inspection
Welding
Welding
Welding
Drillin

Inspection
Inspection
Inspection
Weldi
I

CNC

Drilling

Shaping
Shaping
Shaping

CNC

Case Referral Job 4
~~~~
Folding
Sawing
Sawing
Sawing
I

Shaping
Folding

Sawing
Sawing
Sawing

Folding
Drilling

Welding
Drilling
Drilling
Welding

Inspection
Welding
Inspection
Welding
Inspection
Inspection

Inspection
Welding Inspection
Welding Inspection
Welding Inspection
I
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