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Abstract

This thesisexplorestheuseof neuralnetworksfor predictingdifficult, real-world time series.We

first establishanddemonstratemethodsfor characterising,modellingandpredictingwell-known

systems.The real-world systemwe explore is seismiceventdataobtainedfrom a SouthAfrican

goldmine.Weshow thatthisdatais chaotic.After preprocessingtheraw data,weshow thatneural

networksareableto predictseismicactivity reasonablywell.

Samevatting

Hierdie tesisondersoekdie gebruikvanneuralenetwerke om komplekse,werklik bestaandetyd-

reeksete voorspel.Ter aanvangnoemen demonstreeronsmetodesvir die karakterisering,mo-

deleringenvoorspellingvanbekendestelsels.Onsgaandanvoortenondersoekseismiesegebeur-

likheidsdataafkomstigvan’n Suid-Afrikaansegoudmyn.Onswys datdie datachaotiesvanaard

is. Nadatonsdie rou dataverwerk,wys onsdatneuralenetwerke die tydreekseredelikgoedkan

voorspel.
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2.5.1 TheLorenz,RösslerandMackey-GlassAttractors . . . . . . . . . . . . . 25

2.5.2 TheLaserandRandomDataTimeSeries . . . . . . . . . . . . . . . . . . 33

2.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3 Neural Networks for Time SeriesModelling and Prediction 36

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.2 TimeDelayNeuralNetworks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3 UniversalMyopic MappingTheorem. . . . . . . . . . . . . . . . . . . . . . . . . 39

3.4 Finite ImpulseResponseNeuralNetworks . . . . . . . . . . . . . . . . . . . . . . 41

3.5 RecurrentNeuralNetworks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.6 Network SelectionCriteria . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.7 Network Regularisation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.7.1 OptimalBrainDamage. . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.7.2 OptimalBrainSurgeon . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.7.3 WeightDecay. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.8 Improving theTrainingAlgorithm . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.8.1 AdaptiveLearningRates . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

vii



3.8.2 AddingNoiseto WeightUpdates . . . . . . . . . . . . . . . . . . . . . . 51

3.9 Improving Trainingby UsingPriorKnowledge . . . . . . . . . . . . . . . . . . . 52

3.9.1 Knowledge-BasedArtificial NeuralNetworks . . . . . . . . . . . . . . . . 53

3.9.2 KBANN Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.9.3 RuleExtractionfrom A TimeSeries . . . . . . . . . . . . . . . . . . . . . 55

3.9.4 Prior KnowledgeEncoding. . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.10 EarlyStoppingCriteria:Diks’ Test . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.11 BenchmarkProblems. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.11.1 Network PruningDemonstratedon theLorenzTimeSeries. . . . . . . . . 59

3.11.2 TheInfluenceof Noisy TrainingData . . . . . . . . . . . . . . . . . . . . 61

3.11.3 AdaptiveLearningRatesDemonstratedon theMackey-GlassTimeSeries. 62

3.11.4 FasterTrainingwith PriorKnowledge . . . . . . . . . . . . . . . . . . . . 64

3.11.5 Modelling theLaserDatawith FIRNN . . . . . . . . . . . . . . . . . . . 66

3.12 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4 SeismicMonitoring and Prediction 70

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.2 TheFiveStagesof InformationAcquisition . . . . . . . . . . . . . . . . . . . . . 71

4.2.1 Triggering. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.2.2 Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.2.3 Association . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.2.4 SeismicProcessingandInterpretation . . . . . . . . . . . . . . . . . . . . 73

4.3 TheSeismicEvent . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

4.4 A SimpleView of RockDynamics . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.4.1 SeismicMoment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.4.2 RadiatedSeismicEnergy . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

4.5 Transducers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.6 SeismicParametersUsedfor EventPrediction. . . . . . . . . . . . . . . . . . . . 79

4.6.1 Energy Index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

viii



4.6.2 ApparentVolume . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.6.3 SeismicViscosity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.6.4 RelaxationTime . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.6.5 DeborahNumber . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.6.6 SeismicDiffusion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.6.7 SeismicSchmidtNumber . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.6.8 SeismicSoftening . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.6.9 Time to Failure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.7 CurrentSeismicEventPredictionMethods. . . . . . . . . . . . . . . . . . . . . . 82

4.8 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5 Prediction and Modelling of SeismicTime Series 86

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.1.1 DataPreprocessing. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.2 SystemCharacterisation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

5.2.1 PowerSpectrum . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.2.2 CorrelationDimension . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.2.3 Lyapunov Spectrum . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
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Chapter 1

Intr oduction

Chaoticsystemshavebeenstudiedfor morethan35years.In 1963,EdwardLorenzdiscoveredthe

first chaoticsystem,almostby accident,while searchingfor equationsexplainingthebehaviour of

weatherpatterns[62]. Sincethen,many methodsfor theanalysisandsynthesisof chaoticsystems

havebeenproposed.

Earlywork onneuralnetworksdatesbackto McCullochandPitsin 1943[41]. Learningalgorithms

for neuralnetworksthatcanbeusedfor timeseriesmodellingandpredictionwereonly developed

in the 1980’s [56]. Furthermore,it hasbeenshown that neuralnetworks areable to modeland

predicttimeseriesgeneratedby chaoticsystems[69].

Mankind haslong beenawareof seismicityand its often devastatingeffects.As recentlyasthe

1970’s,seismicmonitoringwasstill only usedto assistin locatingtheorigin of disastersin order

to coordinaterescueoperations.In the 1990’s, advancesmadein seismicmonitoringtechnology

have improvedtheaccuracy of seismicmeasurements,makingpredictionfeasible.
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1.1 Moti vation

Thestudyof chaoticsystemsis motivatedby thefactthatmany interestingnaturalandman-made

phenomena,suchas earthquakes [59], lasersystems[25], and epileptic seizures[26], are of a

chaoticnature.Thesephenomenahave previously beenthoughtto bestochastic,andthereforeto

be unpredictable.However, researchhasrevealedthat it is indeedpossibleto predicttime series

generatedby chaoticsystems.Furthermore,onecanmeasurethedegreeof predictability. However,

sincecolorednoiseis alsopredictableto somedegree,it is necessaryto establishthechaoticnature

of thetimeseries.

In SouthAfrica andall over the world, many peopleget hurt, andeven loselivesin mining ac-

cidents.Rockburstsandothermining relatedaccidentshave killed oneperson,and injured two

othersper day in SouthAfrican minesduring the period2000/2001.Thus,the ability to predict

theseeventsis of greatimportance.It hasbeenshown thatseismicactivity precipitateslargeseis-

mic events,andalsothatthisseismicityis of chaoticnature[42]. Theclaimof chaoticbehaviour is

basedon theexistenceof attractorsof fractaldimensions.Unfortunately, theseismicdatacontains

a high degreeof noise,at timesup to 100%.Thus,thesignalcontainsa large stochasticcompo-

nent.This studyinvestigatesthemodellingandpredictabilityof thesetime series.Mineswith the

capabilityto predictrockburstswill have a definiteeconomicandsocialadvantagesincethey can

save livesandcostsoriginatingfrom rescueoperations,lossof equipment,andmedicalcare.

1.2 ProblemStatement

Weattemptto extractmodelsfrom seismictimeseriesthataregoodenoughto beusedfor predic-

tion. For this purpose,we usecharacterisationandanalysismethodsfrom thefieldsof dynamical

systemsandchaoticattractors.We useneuralnetworksto modelandpredictthetimeseries.
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1.3 Objectives

Seismicevents in minescan be characterisedby their radiatedenergy and observed moments

(pleaseseeSection4.3 for a detaileddiscussionof sourceparametersthat characteriseseismic

events).Recordingsof pasteventsform two timeseries:energy andmoment.This thesisaddresses

thefollowing technicalquestions:

1. Characterisationof theenergy andmomenttimeseriesin termsof theirdynamicnature.Are

they stochastic,periodic,or chaotic?

2. Determiningtheembeddingdimensionof thetwo coupledsystems.How dopastrecordings

of energy andmomenttimeseriesdeterminethefuturebehaviour of thesystems?

3. Modelling theenergy andmomenttimeserieswith neuralnetworks.Whichneuralnetworks

areappropriate?

4. Applying regularisationmethodsto trainedneuralnetworks.Cantheiraccuracy beimproved

by regularisationmethods?

5. Definemeasureswhichquantifytheperformanceof trainedneuralnetworks.

6. Predictionof seismicevents.How well can the neuralnetwork architecturesand learning

algorithmspredict future eventsfrom pasthistoriesof energy andmoments,andwhat are

their limitations?

1.4 Methodology

We achieve thefirst objective by studyingchaoticattractorsandtheir behaviour. We characterise

theattractorby useof Fourieranalysis,correlationdimension,Poincaŕe maps,andLyapunov ex-

ponents.

3



We usethemethodsof falsenearestneighboursandfalsestrandsto determineembeddingdimen-

sion of chaoticattractors.We alsouseautocorrelationandmutual information to determinethe

amountof correlationof a time serieswith itself. This is usedto obtaintime seriesthataremore

suitablefor modellingpurposes.

We will useneuralnetworks to modelattractors.Context sensitive neuralnetworks canbe used

for timeseriesprediction.It hasbeenshown in theliteraturethatthesenetworksareableto model

chaotictimeseriesobtainedfrom theobservationof systemstates.Weinvestigatetimedelay, finite

impulseresponse,andrecurrentneuralnetworks.

Wetestvarioustechniquesto improvetheresultsof theneuralnetworks.Thesetechniquesinclude

pruningtechniquessuchastheoptimalbrainsurgeon,andimprovedlearningtechniquessuchas

adaptive learningratesandnoisyweightupdates.We implementthesetechniquesourselves,and

testthemon well-known chaoticsystems.

We evaluatetheperformanceof networksfor eventpredictionusingvariousstatisticaltechniques.

WeuseROC curves,histograms,andthemeansquarederror.

In orderto obtainatimeseriessuitablefor modellingby aneuralnetwork, wepreprocessraw data

obtainedfrom themonitoringsystem.We thenapplyall of theabove-mentionedtechniquesto the

problemof seismiceventprediction.Wediscusstheresultsof theseexperimentsin Section5.5.

1.5 Accomplishments

Weimplementedmostof theanalysistechniques,andtheremainderweobtainedfrom theirrespec-

tive authors.We testedour implementationson variouswell-known chaoticsystems.Our results

werein accordanceto thosein theliterature.Usingthemethodsof falsestrandsandfalsenearest

neighbours,wewereableto determinetheembeddingdimensionsof all thechaoticsystems.

We implementedvariousneuralnetwork architectures.We usedthem to model andpredict the

above-mentionedchaoticsystems,usingtheinformationweextractedfrom them.

4



Weimplementedthevariousregularisationtechniques,andappliedthemto thetrainedmodels.The

resultswereasexpectedfrom the literature.The optimalbrainsurgeonremovedexcessweights,

while retainingpredictionaccuracy. Methodssuchas adaptive learningratesand training with

noisyweightupdatesall seemedto have thedesiredeffect.

We appliedthe analysismethodsto the seismictime series.The methodsall indicatethat the

seismictime seriesarechaotic.However, we found it muchharderto extractparameterssuchas

theembeddingdimensionfrom theseismictimeseries.Theimprovedlearningmethodsagainhad

a favourableeffecton modelextractionfrom chaotictimeseries.

Giventheirhighdimensionality, andtheamountof noisepresentin thedata,wewereableto track

smallereventsfrom bothenergy andmomentseismictime seriesreasonablywell. In generalwe

found the energy time serieseasierto modelthanthe momenttime series.We werealsoableto

predictlarger events.We found that the networks tendto have a high probability of falsealarms

whentheeventsto bepredictedbecometoo big. Nonetheless,we believe our resultsto besignif-

icant, especiallyin light of the fact that currentstate-of-the-artgeophysicalmodelspredictonly

about30% of big eventswith an undisclosedfalsealarmprobability [38]. Thus,we believe this

explorativestudyindicatesthatneuralnetworksareindeedworthyof furtherinvestigation.

1.6 ThesisOutline

In Chapter2, wedescribeexamplesof chaoticsystemsfoundin scienceandengineering.Wegive

definitionsof attractorsandchaoticattractors.We thendescribethe variousanalysistechniques

usedfor attractorcharacterisation.This is followedby a descriptiontechniquesfor extractingpa-

rametersuseful for attractormodelling . Application of thesetechniquesto variouswell-known

systemsconcludethechapter.

In Chapter3, we introduceneuralnetworksfor timeseriesprediction.Wediscusstheuseof neural

networks for patternclassificationand time seriesprediction.We presentthreedifferent kinds

of neuralnetworks usedfor time seriesprediction: time delay neuralnetworks, finite impulse

5



responseneuralnetworks, andrecurrentneuralnetworks. Next, we discussvariousmethodsfor

choosinganappropriatenetwork architecture.Network pruningtechniquesgo hand-in-handwith

thesemethods.We alsodiscussmethodsfor improving training andgeneralisationperformance.

We includeasectiononusingknowledge-basedneuralnetworksto improvetrainingperformance.

We briefly discussDiks’ Testwhich providesa methodfor determiningwhethertwo time series

aregeneratedby thesameattractor. Weconcludethechapterby applyingsomeof thesetechniques

to theabove-mentionedexamplechaoticattractors.

In Chapter4, we discussmodernseismicmonitoringsystemsusedin mines.The descriptionof

seismiceventsis followedby an introductionto rock dynamics.We focusour discussionon two

key seismicparameters:momentandradiatedenergy. Next, we discussseismictransducers,the

instrumentsusedto measuregroundmotion.We definetheparametersusedduringseismicevent

prediction.Weconcludethechapterwith adiscussionof currenteventpredictionmethods.

In Chapter5,wereportontheapplicationof thework from thepreviouschaptersto theproblemof

seismiceventprediction.We first discussthepreprocessingof raw seismicdata,andcontinueby

goingthroughtheprocessof systemidentificationfor bothanenergy anda momentseismictime

series.Thisis followedbyadiscussionof variousmethodsfor measuringtheperformanceof neural

networkswhenappliedto eventprediction.Wealsodiscussappropriatestoppingcriteria.We then

show resultsfor modellingandpredictingbothenergy andmomentseismictimeseriestimedelay

neuralnetworks(TDNNs) andfinite impulserespnseneuralnetworks(FIRNNs).Afterwards,we

discussthe useof regularisationtechniqueson theseneuralnetworks. We concludethe chapter

with a discussionof the resultsobtained.The last chaptercontainsour conclusions,anddiscuss

variousinterestingpossibilitiesfor futureresearch.
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Chapter 2

Chaotic Systems

2.1 Intr oduction

Muchof modernphysicscanbedescribedby ordinarydifferentialequations.However, many inter-

estingsystemsexist for which theordinarydifferentialequationsareunknown, andthatareeither

highly nonlinearor chaotic.Examplesof suchsystemsare physiologicalprocessessuchas the

cardiorespiratorysystem[24], posturalcontrol [5], electricalactivity in thebrainduringepileptic

seizures[26] [36] [64], andvoicegeneration[22]. Othersystemsincludesecuredatacommunica-

tion [52] andlasercontrol[25] [53]. We briefly discusssomeof thesesystems.

2.1.1 Epileptic Seizure

Epilepsyis a symptomcomplex characterisedby attacksof unconsciousness.An epilepticseizure

is astateproducedby anabnormalexcessiveneuronaldischargewithin thecentralnervoussystem

[8]. Brainactivity canbemeasuredwith anelectroencephalogram(EEG)or anelectrocorticogram

or (ECoG).Theelectrodesof anEEGareattachedto thescalp,andthoseof theECoGarein direct

contactwith the cortex. Physiciansandphysiologiststry to predict seizuresby inspectingEEG

or ECoGrecordings.Seizuresseemto occurabruptly, within a time scaleof seconds.The EEG
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signalis complex, non-stationary, andmuchof its power is concentratedin the0-30Hz range.The

presenceof suchlow frequenciesis characteristicof very complex, stronglycooperative systems

[26].

EEG and ECoG signalsare chaotic.The developmentof chaostheory madethe predictionof

seizurespossible.Someauthorssuggestthatseizuresmaybepredictedupto 10minutesin advance

[26]. Variousseizurepredictionmethodshave beenproposed,including methodsanalysingthe

Lyapunov exponents[26] andmethodsanalysingthecorrelationintegral [36].

2.1.2 Cardior espiratory System

The cardiovascularandrespiratorysystemshave evolved to provide the body with an adequate

continuoussupplyof oxygenandnutrients,aswell astheclearanceof wasteproducts.Thestable

operationof thesesystemsinvolvescomplex coordination.Nonlineardataanalysiscanattributeto

predictingtherisk of suddencardiacarrest.

Somephysiologicalprocessesarehighly non-stationary, e.g.switchesbetweendifferentsleeps-

tates.This necessitatesdataanalysison thetheshort-term.Investigationson thecardiorespiratory

systemhave foundthatmany aspectsof thesystemarein facthighly nonlinear[24].

2.1.3 Secure Transmission

Thefact that thetrajectoriesof chaoticsystemsareby definitionhighly dependenton initial con-

ditions,canbeexploitedfor securedatatransmission.For example,aninformationcarryingsignal

canbe transmittedtogetherwith a statevariablefrom a chaoticattractor. Only theauthorisedre-

ceiver canrecover the informationsignalsinceonly hecanseparatetheattractorsignal,which is

known to him, from thedatasignal[49].

Whena low dimensionalattractoris usedto masktheinformationsignal,theencryptioncanoften

bebroken.Pyragasgivesamethodfor improving thesecurityof theinformationsignalby utilising
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the Mackey-Glassattractor[52]. This methodusesthe simpledelaydifferentialequationof the

Mackey-Glassattractorto constructa very high dimensionalattractorthat hasseveral positive

Lyapunov exponents.Theattractorcanbebasedon a singleMackey-Glasssystem,or on a setof

coupledMackey-Glasssystems.The receiver only needsto know theattractorequations,not the

initial state.Thismethodclaimsto berobustwith respectto noiseaswell.

2.1.4 Chaosin Laser Measurements

It hasbeenshown that
�����

exhibitsperiodicandchaoticself-pulsing[25]. Accuratemeasurements

of lasersystemswith goodsignal-to-noiseratioscanbeobtained.Thus,accurateanalysisof these

systemscanbeperformed.

Analysisof thesystemcanbeusedto predictsystemevolution. It canalsobeusedto reducethe

effect of noiseon themeasureddata,or to constrainthemotionto thecloseneighbourhoodof an

unstableperiodicorbit. This latter procedureis calledcontrol. The first methodfor control has

beenproposedby Ott, Grebogi,andYorke [48]. Reyl et al. successfullyappliedthis methodto a

NMR laser[53].

2.1.5 Chapter Outline

We startby describingthevariouspropertiesof chaoticattractors.We discussstatespacedescrip-

tion,differentkindsof attractors,anddifferentiatebetweenstrangeattractorsandchaoticattractors.

Next, we discussthevariousmethodsavailableto identify chaotictime series.Thesemethodsin-

cludeFourieranalysis,thecorrelationdimension,Lyapunov exponents,andthePoincaŕemap.We

describemethodsfor extractingparametersthat aid in attractormodelling including the method

of delays,autocorrelation,mutual information, falsenearestneighbours,and falsestrands.The

methodsof falsestrandsandfalsenearestneighboursprovidesan estimationfor the embedding

dimension.Weconcludethechapterby analysingwell-known systems.
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2.2 Chaotic Attractors

2.2.1 StateSpaceDescription

Thestateof asystemis definedasthevalueof thesmallestvectorsuchthatat time ��� it completely

determinessystembehaviour for any time �	�
��� [47]. Thecomponentsof thestatevector �� are

calledstatevariables.Theevolution of a systemcanbevisualisedasa pathin statespace.Since

a dynamicalsystemmustcontainmemoryelements,integratorscanbeusedto describethestate

spacerepresentation.Theevolutionof thestatespacecanthereforebedescribedwith thefollowing

equations: ���� ������� � ���� ���� ��� (2.1)

���� ������� � ���� ���� ��� (2.2)

where �� and �� are the systeminput and output, respectively. This set of differential equations

completelydescribesthe system.The collectionof all possiblestatesis called the phasespace.

Thus,thephasespaceis asubsetof thestatespace.

2.2.2 Equilibrium Points, Periodic Solutions, Quasiperiodic Solutions and

Chaos

As timegoesto infinity, theasymptoticbehaviour of asystemthatis notpurelynoise-drivencanbe

categorisedasbeingoneof fourgeneraltypes:equilibriumpoints,periodicsolutions,quasiperiodic

solutions,or chaos[67].

An equilibrium point canbeeitherstableor unstable.Stableequilibrium pointsarecalledsinks,

andunstablepointsarecalledsources.A sinkcausestrajectoriesnearit to movetowardsit with an

increasein time,andis anexampleof anattractor.
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Whena trajectorypreciselyreturnsto itself, thesystemhasaperiodicsolutionwith a fixedperiod�
. Thevalueof

�
is thetime neededto reachthesamepoint in statespaceagain.A limit cycle is

anexampleof anattractorthathasaperiodicsolution.

Theperiodof aquasiperiodicsystemis notfixed,i.e. thephasespaceis formedby thesumof peri-

odic solutionsthathaveperiodswhoseratio is irrational.A torusis anexampleof a quasiperiodic

attractor.

Thesewheretheonly knownattractorsuntil Lorenz’sdiscoveryin 1963.Lorenzdiscoveredthefirst

exampleof a chaoticattractorwhile searchingfor thesolutionof a modelfor weatherprediction

[62]. Onefeaturecommonto thesesystemsis thatthey areall completelydeterministic.Oncethe

systemequationsandtheinitial conditionsareknown, thesystemcanbeaccuratelydescribedfor

all time.

Qualitatively speaking,a chaoticattractoris an attractorthat is not of the previous threetypes.

A systemof this type is very dependenton initial conditions,i.e. two points in statespacethat

areseparatedby a smalldistancewill divergeexponentiallyasthesystemevolves.Theexponents

characterisingtherateof separationarecalledtheLyapunov characteristicexponentsandwill be

describedin moredetail in Section2.3.3.

2.2.3 Fractals, Strange,and Chaotic Attractors

A systemis consideredfractional if it containssimilar structuresat all lengthscales[67]. Tech-

nically, this is known asself-similarity. A fractionalsystemis oftencalleda fractal. An attracting

limit setis asetof stableasymptoticmotions.

Definition 2.2.1 A strangeattractor is anattractinglimit setthat is chaotic.

A strangeattractorcanalsobedefinedasanattractorthat is fractal,andthetermstrangerefersto

astaticgeometricalproperty.
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Definition 2.2.2 A chaoticattractor is an attractor thathasa dependencesensitiveto initial con-

ditions.

Two pointsin thestatespaceof a chaoticattractorthatareinitially separatedby a smalldistance

will diverge exponentiallyas the systemevolves.Thus, the term chaoticdescribesa dynamical

property. It is possiblethatanattractoris strange,but not chaotic,althoughthis is not usuallythe

case[14]. Wecontinuein Section2.3by describinghow to identify achaoticattractor.

2.3 SystemCharacterisation

It is not alwaysimmediatelyclearwhat typeof systemhasgenerateda time series.A numberof

techniqueshave beendevelopedto establishthe natureof a system.We describesomeof these

techniques.

2.3.1 Fourier Analysis

Any signal f(t) canbe expressedasa Fourier series.The Fourier seriesfor a discretesystemis

givenby  �!#"�$&% '()+*-, ' . )0/+13254 )7698;: (2.3)

where <>= is aconstantfrequency, and . ) is givenby. ) %@?ACBEDGF+H  �!#"�$ / , 13254 )7698;:JI " (2.4)

Thepowerspectrumfor thediscretesignalis givenbyK ) %ML . ) L 2 (2.5)

andthephasespectrumby N ) %�O+PRQ ,TS . ) (2.6)
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Thepowerspectrumrepresentstheamountof energy associatedwith aspecificfrequency compo-

nent,andthephasespectrumthephaseangleassociatedwith eachfrequency component.For an

in-depthdiscussionof thecontinuousanddiscreteFourieranalysis,pleasesee[51].

Thepower spectrumfor a systemthat is periodicor quasiperiodicis characterisedby dominating

frequenciesand sub-harmonics.Chaoticand stochasticsystemsare easily distinguishablefrom

periodicor quasiperiodicsystems,asthey containrich broadbandpowerspectra,aswell aswidely

varying phasespectra.Until the advent of chaostheory, systemswith broadbandspectrawere

perceivedto becompletelystochastic,andthereforeto beunpredictable.Chaostheoryshowedthat

this is not necessarilythe case;new tools werenecessaryto categorisesystemswith broadband

powerspectra.

2.3.2 Corr elation Dimension

The differencebetweenstrangeattractorsand purely stochastic(random)processesis that the

evolution of pointsin thephasespaceof a strangeattractorhasdefinitestructure.Thecorrelation

integralprovidesameasureof thespatialorganisationof this structure,andis givenbyUWVYX[Z�\^]`_`ab�ced@fgih bjk`l m�n-o[p VYXEq�rtsu k qvsu m r Z�\xwzy{}|�~ X����RV sX���Z (2.7)

where
su k�� V#� k�� � k��t�Y� � k�� h �Y��������� � k��-� ���To;��� Z for � � f �����+�C��������� g is awindow of pointsfrom thetime

series,� anarbitrary(but fixed)constant,p theHeavisidefunction,and
�RV sX � Z thestandardcorrela-

tion integral.GrassbergerandProcacciafoundthat,for astrangeattractor,
UWVYX[Z���X��

for a limited

rangeof
X

[19]. Thepower � is calledthecorrelationdimensionof theattractor. Thus,to identify

an attractor, we plot the
]`�[��UWVYX[Z

-
]`�[��X

graph.The correlationdimensionof the attractoris the

gradientof thefunctionat thepointwherethegraphis linear. Thecorrelationdimensionis onefor

a periodicprocess,andtwo for a two dimensionalquasiperiodicprocess.In contrast,thecorrela-

tion dimensionfor a strangeattractorcanbea non-integernumber, calleda fractionaldimension.

In principle,thecorrelationdimensionfor acompletelystochasticprocessis infinite.Thus,thecor-

relationdimensioncanbeusedto distinguishastrangeattractorfrom apurelystochasticprocess.
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It is importantto excludetemporallycorrelatedpointsfrom thepaircounting.Thiscanbedoneby

excludingpointswith indices � ���¡ ��-¢�£ where £ is referredto astheTheilerwindow. Theloss

of ¤¦¥J§©¨ pointsis negligible giventhat ¤¦¥J§iª�¨ datapointsareavailable.

In Section2.4.1,weshow thatanattractorcanberepresentedby themethodof delays.Thismethod

embedstheattractorby using « consecutivevaluesof thetimeseriesgeneratedby theattractorto

representpointsin ausuallylowerdimensionalphasespace.Ding etal. show thatif theembedding

dimension« is increased,thecorrelationdimensionwill increaseuntil it reachesa plateau.They

show thatif abig enoughdatasetis used,thisvalueof thecorrelationdimensionrepresentsagood

estimatefor Ceil ¥J¬ ª ¨ , where ¬ ª denotesthecorrelationdimensionof theattractorin theoriginal

nonembeddedfull phasespace[13]. For shorterdatasetswith observationalnoise,thevaluefor ¬ ª
canbeunderestimated[55]. For morediscussionon thedimensionof attractors,pleasesee[17].

2.3.3 Lyapunov Characteristic Exponents

The above-mentionedtechniquescannotconclusively prove that an attractoris indeedchaotic.

Strangenessonly suggests,but notnecessaryimplieschaos.PositiveLyapunov exponentsprovide

strongerevidencethattheattractoris chaotic.

In achaoticsystem,two nearbyorbitsin phasespacedivergeatanexponentialrate.Thus,twonear-

ly identicalsystemsstartbehaving verydifferentlyastimeprogresses.TheLyapunov characteristic

exponentsquantifythisproperty. Themagnitudeof theLyapunov exponentsreflectsthetimescale

in whichsystemdynamicsbecomesunpredictable.Formally, theLyapunov spectrumis definedas

follows [70]: givenan  -dimensionalphasespace,the long-termevolution of an infinitesimal  -

sphereis monitored.As thesphereevolves,it will turn into an  -ellipsoid.The � th one-dimensional

Lyapunov exponentis thendefinedin termsof thelengthof theresultingellipsoid’sprincipalaxis®t¯ ¥#°�¨²± ³ ¯µ´·¶`¸`¹º�»e¼�½° ¶`¾[¿ ª ®t¯ ¥#°�¨®t¯ ¥JÀ�¨ (2.8)

The Lyapunov spectrumis thenformedby the set ¥ ³µÁ�Â�³ ª Â�Ã�Ã�Ã�Â�³tÄ ¨ , where

³ ¯ arearrangedin de-
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creasingorder.

The ÅtÆ arecalledtheLyapunov characteristicexponents,or Lyapunov spectrum.An attractorthat

hasoneor morepositive Lyapunov exponentsis chaotic[70]. We discussthe calculationof the

Lyapunov spectrumnext.

2.3.4 Calculating the Lyapunov Spectrum

Wolf et al. presentan algorithm for calculatingthe Lyapunov exponentsfrom a time seriesof

experimentaldata[70]. First, theattractoris embedded,andthe Ç -dimensionalphasespacecon-

structedfrom thetimeseries(seeSection2.4.1).TheEuclideandistanceÈ�É#Ê�ËÍÌ to nearestneighbour

of thefirst point in phasespaceis calculated.This lengthelementis evolveduntil it startsto shrink.

Sincethe exponentialexpansionindicatedby positive Lyapunov exponentsis incompatiblewith

motion on a boundedattractor, a folding processmergeswidely separatedtrajectoriesagain.At

this time, the lengthelementhaslength ÈÏÎJÉ#Ê7Ð�Ì , andthedatais searchedfor a point satisfyingthe

following criteria:its separationÈ�É#Ê7Ð7Ì from theevolvedpoint is smallrelativeto thegeometricsize

of theattractor, andtheangularseparationbetweenthetwo pointsis small.If nosuchpointcanbe

found,theoriginal point is retained.Theprocedureis continueduntil thedatais exhausted.Thus,

only thesmallscalestructureof theattractoris examined.Therefore,theunderestimationof ÅtÆ is

avoidedby notmeasuringlengthsin regionsof theattractorthatcontainfolds.Thefirst Lyapunov

exponentis thenapproximatedby:

ÅµÐ�Ñ ÒÊ3ÓxÔÕÊ�Ë ÓÖ ×+Ø ÐTÙ`Ú[Û[Ü ÈÏÎJÉ#Ê
× ÌÈ�É#Ê ×ÍÝ Ð7Ì (2.9)

whereÞ is thenumberof replacements.Wolf etal. continueby givinganalgorithmfor calculatingÅµÐ�ßàÅ Ü . Insteadof following thisroute,wedescribethealgorithmby Eckmannetal. for calculating

the completespectrum[16]. In short, the algorithm consistsof threesteps:(a) reconstructthe

dynamicsin a finite dimensionalspace,(b) obtain the tangentmapsto the reconstructionby a

least-squaresfit, and(c) deducetheLyapunov exponentsfrom thetangentmaps.Wenow describe

thealgorithmin moredetail.
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Step(a): thetimeseriesis embeddedwith dimensioná�â (seeSection2.4.1).

Step(b): Find matrix ã-ä that describeshow the time evolution sendssmall vectorsaround åæ ä to

smallvectorsaround åæ ä�ç-è . Thuswedefinematrix ã-ä :ã-ä3é�åæ�êìë åæ äJí�îïåæ�ê ç-è ë åæ ä�ç-è (2.10)

Sincethevectors åæ�ê²ë åæ ä maynot spanðEñ3ò , ã-ä mayonly bepartiallydefined.Thus,it is assumed

thatthereexistsaninteger ó suchthat ó·ôxõ , andá�â©ö
éJáG÷ ë õ�í�ó
ø�õ (2.11)

with áG÷úùûá�â . Associatewith åæ ä a áG÷ -dimensionalvectoråæ äüö é æ ä5ý æ ä�çCþ�ý�ÿ�ÿ�ÿ�ý æ ä�ç�� ñ���� è�� þ í (2.12)ö é æ ä5ý æ ä�çCþ�ý�ÿ�ÿ�ÿ�ý æ ä�ç ñ3ò�� è�í (2.13)

Thus,wearesearchingfor ã-ä suchthatã-ä3é�åæ�êìë åæ äJí�îïåæ�ê çCþ ë åæ ä�çCþ (2.14)

Eventhough ó
	 õ , thedistancemeasurementsarestill madein dimensioná�â . We define � âä é�[í
asthesetof indices� of neighboursåæ�ê of åæ ä suchthat� åæ�êìë åæ ä � ù�� (2.15)

Wecomputetheleastsquarefit andobtainvaluesfor ��� by�ê���� ò� � ��� � ñ���� è� ����� ���+ç-è0é æ�ê ç���þ ëÕæ ä�ç���þ²í ë é æ�ê ç ñ�� þ ëÕæ ä�ç ñ�� þ²í �"!²ö minimum (2.16)

Thevalues��� thendefineã-ä suchthat

ã-ä�ö
#$$$$$$$$$%

& õ & '�'�' && & õ '�'�' &
...

...
...

...& & & '�'�' õ�Cè
� ! ��( '�'�' � ñ��
)+*********, (2.17)
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Step(c): Define successively orthogonalmatrices -/. 021 and uppertriangularmatrices 34. 021 with

positivediagonalelementssuchthat 576 -/.98�1;: -/. 6 1�34. 6 1 (2.18)576�<>= - . 6 1 : - .9?�1 3 .9?�1 (2.19)

...576�< 0 = - . 021 : - . 0 <�6 1 3 . 0 <�6 1 (2.20)

where -/.98�1 is theunit matrix.Now, theLyapunov exponentscanbeexpressedas@BA : CDFEBGIHKJ
6L 02M�8KNPO 34. 021 AQA (2.21)

where G is the availablenumberof matrices,and E the periodthat the time serieswassampled

with. Thereexist several commercialand public domainsoftware packagesfor calculatingthe

Lyapunov spectrum,andonedoesnotneedto implementthesealgorithmsby one’sself1.

2.3.5 The PoincaréMap

BeforedescribingthePoincaŕe map,we first definethetwo terms,mapsandflows.At eachpoint

in statespace,thedifferentialequationsfor thesystemcanbethoughtof asdefiningavectorat that

point in space,determiningthebehaviour for thesystemat thatpoint.Thus,theindividualvectors

describelocal behaviour. An integral curve or trajectoryis the solution to the setof differential

equations.Theflow of a systemis definedasthecollectionof all solutions,or all integral curves

[67].

Mapsarethediscretetimeversionsof flows.As flowsarespecifiedby differentialequations,maps

arespecifiedby differenceequations.Mapsareeasierto analyseandwerethereforethefirst chaotic

systemsto bestudiednumerically.

Any continuousflow can generatea map by samplingthe flow at points RS:UT 5
, where

5
is

the samplingperiodand TV:XW>Y C Y[Z\Y�]>Y_^`^`^ . To generatethe Poincaŕe map,this samplingis done
1For this thesiswemadeuseof theTISEAN package,availableathttp://www.mpipks-dresden.mpg.de
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accordingto certainrules.Tufillaro et al. give the following formal definition: if a is theorbit of

a flow bBc in dfe , choosea local crosssectiongihjdfe about a , suchthat g is of dimensionkmlon
andtransverseto bBc . Thus, prq_stvu[w[x q_stvuzy{o| for all st h}g , whereprq_stvu is thevectorfield definedat

points st in phasespace,and x q_stvu theunit normalvectorto g at st . If s~ is apointwherea intersectsg , and s� h}g apoint in theneighbourhoodof s~ , thenthePoincaŕemapis definedby�i� g���gf� � q�s��u { bB��q�s��u (2.22)

and � { �7q�s��u is thetimeneededfor anorbit startingat s� to returnto g .

To identify a flow on a Poincaŕe mapthe following generalrulesapply: a periodicmotion will

have a finite numberof pointson thePoincaŕe mapwhereasa quasiperiodicsystemwill have an

infinite numberof pointstracingout a closedcontour[65]. Sincea chaoticsystemnever revisits

the samestate,it will traceout contourson the Poincaŕe map.However, unlike a purely random

process,thesecontourswill have definitestructureandwill graphicallyindicatethe presenceof

theresponsibleattractor.

2.4 Modelling the Attractor

Having establishedthat a systemcontainsa chaoticattractor, we needto model the process,by

reconstructingthe statespace.Two methodsare available: the methodof delaysand principal

componentanalysis.

Wewill notgiveadetaileddescriptionof principalcomponentanalysis,aswewill usethemethod

of delaysfor attractormodelling.Insteadwereferthereaderto work by BroomheadandKing [7].

The methodof delaysis the mostpopular;recentwork by Bakker et al proposesa methodfor

improving principalcomponentanalysisandusedit to modelchaoticattractors[3].
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2.4.1 Method of Delays

BroomheadandKing alsogiveagoodintroductionto themethodof delays[7]. Beforediscussing

themethodof delays,wefirst definesomemathematicalconcepts.

Definition 2.4.1 A manifoldis anysmoothgeometricspace, e.g. a line, surface, or solid.

Sincethemanifoldis smooth,it cannothave any sharpedges[67]. Circlesandlinesareexamples

of one-dimensionalmanifolds,and the surfaceof a sphereis an exampleof a two-dimensional

manifold.Wedefinedthetermmapin Section2.3.5.

Definition 2.4.2 A mapis a homeomorphismif it is bijective(one-to-one),continuous,andhasa

continuousinverse.

Definition 2.4.3 A diffeomorphismis a differentiablehomeomorphism.

Let theoriginal systemhavephasespace� with dimension� , andlet theattractorof interestexist

within � . It is generallythe casethat thereexists a smoothmanifold � with dimension�����
suchthattheattractorcanbedescribedcompletelywithin � [7]. For initial statesneartheattractor,

theasymptoticbehaviour of thesystemwill besuchthat theflow will lie on trajectoriesnearthe

attractor. Thus,it is only necessaryto describethe attractorwith dimension� . We candescribe

themanifold � by wayof anembedding.

Definition 2.4.4 An embeddingis a smoothmap � fromthemanifold � to a space� , such that

its image, �����V�z��� , is a smoothsubmanifoldof � , andthat � is a diffeomorphismbetween�
and �����V� .
Thus,the embeddingis a realizationof � within � . Takensproved an importanttheoremthat

statesthatanembeddingexistsif thedimension� of � is suchthat �r�o������� :
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Theorem 2.4.1 For pairs  ¢¡�£Q¤>¥ , with ¡ a smoothvectorfield, and ¤ a smoothfunctionon ¦ , it

is a genericpropertythat §©¨�ª «  �¬ ¥¯®�¦±°³²µ´ ¶¸·�¹ (2.23)

where theembedding

§©¨�ª «  �¬ ¥ is definedas§©¨�ª «  �¬ ¥»ºi ¤v �¬ ¥[£Q¤v ¼ ¹  �¬ ¥2¥[£_½`½`½`£Q¤v ¼ ´ ¶  �¬ ¥2¥2¥ ¾ (2.24)

where ¼À¿ is theflowof ¡ .

This theoremgivesus a way of representingthe attractor, since ¤v �¬ ¥ is the measurementmade

on an observable statevariablewhile the systemis in a state ¬ÂÁ ¦ . For this embedding,Ã
is calledthe embeddingdimension.Takens’ theoremis strictly an existencetheoremandmakes

no suggestionsas how to find the embeddingdimension,the samplingperiod Ä_Å , the lag timeÄÇÆ©ºÉÈvÄ_Å , or thewindow length ÄËÊÌºoÍ�ÄÇÆ . Themethodsfor estimatingtheseparameterswill bethe

subjectof furtherdiscussionin thefollowing sections.For a mathematicallythoroughdescription

of embedology, pleasesee[58].

2.4.2 Estimating the Time Window

Thetimewindow ÄËÊ is composedof two variables:theembeddingdimensionÃ , andthesampling

period Ä_Å , suchthat ÄËÊmºoÄ_ÅÇ ¢ÃÏÎ�ÐÑ¥ . Theoretically, for perfectnoiselessdata,thereexistsno upper

boundoneithervariable.However, this is almostnever thecasein practicewhereinaccuratemea-

surementsresultin boundson bothvariables.In orderto introducetheminimumamountof noise

into thereconstruction,it is beneficialto chooseÃ assmallaspossible,suchthatavalid embedding

still exists.Notethat ÃÓÒoÔ�Õ�Ö�Ð is a sufficientcondition,notanecessaryrequirement.

Therealsoexist lower andupperboundson the samplingperiod.If Ä_Å is too small, consecutive

vectorswill behighly correlated,andtheattractorwill lie on thediagonalin ×ÙØ . Thisproblemcan

usuallybeaddressedby employing a lag time suchthat ÄËÊÚºÛÄÇÆ� ¢Ã/Î�ÐÑ¥ where ÄÇÆ"ºÜÈvÄ_Å . When Ä_Å
20



becomestoo long, folding may result,andthe componentsmay againbe correlated.We discuss

methodsfor estimatingÝ_Þ and ÝÇß next.

2.4.3 Autocorrelation

Theautocorrelationfunctionprovidesameasureof thesimilarity of asignalwith adelayedversion

of itself. Thus,theautocorrelationcanbeusedasacrudeapproximationfor Ý_Þ . WesimplychooseÝ_Þ asthefirst point wheretheautocorrelationdropsbelow a certainthreshold,oftenchosenas àá ,
or wheretheautocorrelationgoesto zero.Autocorrelationonly measureslineardependencies,and

thereforeonly providesafirst orderapproximationfor Ý_Þ .
2.4.4 Mutual Inf ormation

In 1986,FrasierandSwinney proposedmutualinformationtoobtainanestimatefor Ý_Þ [18]. Mutual

informationprovidesageneralmeasurefor thedependenceof two variables.Thus,thevalueof Ý_Þ
for which themutualinformationgoesto zerois preferred.FrasierandSwinney recommendusing

thefirst occurrenceof zeromutualinformationasan estimationof thevaluefor Ý_Þ . Lieber et al.

listsadditionalargumentsfor choosingthefirst zero[37]. Wecontinueby describingthealgorithm

for computingthemutualinformation,accordingto FrasierandSwinney [18].

Mutualinformationisameasurefoundin thefieldof informationtheory. Let â beacommunication

systemwith ã à[ä ã_å ä_æ`æ`æ`ä ãÇç asetof possiblemessageswith associatedprobabilitiesè�ÞËé�ã àQê[ä è�ÞËé�ã_å ê[ä_æ`æ`æ`ä è�ÞÇé�ãÇç ê .
Theentropy ë of thesystemis theaverageamountof informationgainedfrom measuringã . ë is

definedas ëìé�â êîíÉï}ð�ñ è�ÞËé�ã ñ ê>òPó�ô è�ÞËé�ã ñ ê (2.25)

For a logarithmicbaseof two,H is measuredin bits.Mutual informationmeasuresthedependency

of õ�é÷ö"øìù ê on õ�é÷ö ê . Let ú ã äQûÑü�í ú õ�é÷ö ê[ä õ�é÷ö"øìù êýü , andconsideracoupledsystemé�â ä�þÿê . Then,for
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sentmessage� andcorrespondingmeasurement��� ,�����	� ����
� ����������� � ��� � � ����
���� �"! ����� � ��� � � ����
$# (2.26)

� ����� � ��� � ���&% � � 
� � � ����
 ��� � � ��� � ���&% � � 
� � � ����
 (2.27)

where����� � ��� � � ����
 is theprobabilitythatameasurementof
�

will resultin
� �

, subjectto thecondition

thatthemeasuredvalueof � is ��� . Next we take theaverageuncertaintyof
�����	� ���'
 over ��� ,�����	� ( 
� � � � � � ����
 �����	� ���'
 (2.28)

� ��� ��) �*� ��� � ���&% � � 
���� � � ��� � ���&% � � 
� � � ����
 (2.29)� ���+( % � 
�� ���+( 
 (2.30)

with ���+( % � 
,�-��� ��) �*� ��� � ���&% � � 
���� �.� ��� � ���&% � � 
 (2.31)

The reductionof the uncertaintyof
�

by measuring� is called the mutual information / �+( % � 

whichcanbeexpressedas/ ��� % ( 
� ����� 
0� �����	� ( 
 (2.32)� ����� 
21 ���+( 
�� ���+( % � 
,�3/ �+( % � 
 (2.33)

where
����� 
 is theuncertaintyof

�
in isolation.If both

(
and

�
arecontinuous,then/ �+( % � 
.�546� ��� � � % � 
���� � � ��� � � % � 
� � � �7
8� � ��� 
:9 � 9 � (2.34)

If � and
�

aredifferentonly asa resultof noise,then / �+( % � 
 givesthe relative accuracy of the

measurements.Thus, it specifieshow much information the measurementof ;"� provides about;"�=<?> . Themeanandvarianceof themutualinformationestimationcanbecalculated[44].

Although mutual informationguaranteesdecorrelationbetween;A@ and ;A@B<�C , andbetween;A@B<�C
and ;A@B<ED&C , it doesnot necessaryfollow that ;A@ and ;A@B<ED&C arealsouncorrelated[33]. Kugiumtzis

proposessettingFHG equalto themeanorbitalperiod,whichcanbetakenasthemeantimebetween

peaksfor low dimensionalsystems.
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2.4.5 FalseNearestNeighbourhoods

Mutual informationgivesanestimatefor IKJ , but doesnot determinetheembeddingdimensionL .

The theoremby Takensstatesthat an M -dimensionalattractorwill be completelyunfoldedwith

no self-crossingsif theembeddingdimensionis chosenlarger than N:M . Thus,it is certainthatan

embeddingdoesexist, but we needa methodfor finding a goodvaluefor L . Themethodof false

nearestneighboursgivesanalgorithmfor estimatingL [31].

The methodis basedon the idea that two points closeto eachother (calledneighbours)in di-

mensionL , may in fact not be closeat all in dimensionLPORQ . This canhappenwhenthe lower

dimensionalsystemis simply a projectionof a higherdimensionalsystem,andis unableto com-

pletely describethe higherdimensionalsystem.Thus, the algorithmsearchesfor ”f alsenearest

neighbours”by identifying candidateneighbours,increasingthe dimension,andtheninspecting

the candidateneighboursfor falseneighbours.Whenno falseneighbourscanbe identified,it is

assumedthat theattractoris completelyunfolded,and L at this point takenastheembeddingdi-

mension.

2.4.6 FalseStrands

The methodof falsestrandsis an improvementon the methodof falsenearestneighbours[30].

Themethodof falsestrandsaddressesproblemsarisingfrom highsamplingrates.Thefalsenearest

neighbourmethodmayclassifyall neighboursastrueneighboursif thesamplingrateis too high.

The solution is to ignorepointswithin a temporaldecorrelationinterval aroundthe point being

tested.

The methodof falsenearestneighbourshasa secondflaw. Considertwo orbit segmentsof an

attractorof dimension LSO�Q . In dimension L , the projectionof the higher dimensionalorbit is

a straight line, which hasno folds, but in dimension LTO�Q the orbit folds andmakes a strong

angle.Thus,theneighboursin dimensionL remainneighboursin dimensionLUOVQ , anda wrong

(lowerdimensional)classificationis made.Thisproblemis addressedby searchingfor falsestrands
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insteadof falseneighbours.Strandsare seriesof neighbours.Two strandpairs are false if the

averageextra distancebetweenthem with an increasein dimensionis large. The dimensionis

increaseduntil theratio of falsestrandsto thetotal numberof strandsis small.

A global linear transformationof the statespaceto remove all linear cross-correlationamong

the componentshasbeenproposed[30]. The methodrenderseachauto-correlationunity. If the

embeddingdelaytimeis tooshort,thenthedatabecomeshighlycorrelated,and WXZY.[ WX]\^[-_`_`_a[ WX]b ,
whichresultsin atoosmallfalsestrandratio.Theauthorssuggestusingacombinationof principal

componentanalysisandorthogonalrotation.Thefinal datato beembedded,andusedby thefalse

strandsmethod,is containedin an c by dfehg matrix i ,

i [kjmlonqp Y8rc (2.35)

wherej is the c by d matrixwith jts u [3Xwv�x$y u and

j [{z n	lm| (2.36)

with z and l orthogonal,and n diagonal.Finally, theorthogonaltransformation
r

is givenbyr [3}�v W~T�{� W~,� W�Kb8�?Y�y (2.37)

with W�Kb8�?Y theunit vectorin direction doe5g , andtheHouseholdermatrix }�v W��y�[�� p \��� ����� �� � � . For the

detailsof thederivationof this result,see[30].

We now have toolsfor estimatingtheembeddingdimensionandthesamplingperiodof a chaotic

time series.In orderto measuretheir performance,we apply thesemethodsto somewell-known

chaoticattractors:Lorenz,Rössler, Mackey-Glass,andlaserdata,aswell asa purely stochastic

systemfor comparison.
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2.5 Application to Well-Know Attractors

2.5.1 The Lor enz,Rösslerand Mackey-GlassAttractors

The differentialequationsfor the Lorenz,RösslerandMackey-Glassattractorsarewell known.

Thus,they have often beenusedin the literatureto studychaoticattractors.We first definethe

systems,andthenwe evaluatethesystemidentificationandmodellingparameterextractiontech-

niques.

TheMackey-Glassdifferentialequationcomesfrom thefield of physiology[40] andis givenby� �� �q� � �0�'�����A���� �w���:�'�0���A� �����0�'���
(2.38)

TheLorenzequationswerederivedfrom a modelof fluid convection[62]. They aregivenby� �� ���   ��¡U���¢�
(2.39)��¡� � � £ �T��¡U���?¤
(2.40)�Z¤� � � �A¡P���¥¤
(2.41)

TheRösslerequationshavenorealphysicalinterpretation[54], andaregivenby� �� � � �P��¡ � ¤��
(2.42)��¡� � � � �§¦�¨ª© ¡
(2.43)�Z¤� �«� ¦�¨ª©¬� ¤"�'��§® ¨ª¯ �
(2.44)

For eachsystem,we only oneconsideronestatevariable.This producesthe scalartime series

shown in Figure2.1.Webegin by exploring thepowerspectrumfor eachtimeseries.Notethatwe

definethesamplingperiodas
�7°

. Thus,thehighestpossiblefrequency componentpresentin the

signalwill be
¦�¨ ®

Hz.

Figure 2.2 shows that noneof thesesystemshave sharppeakswith sidebandsat subharmonic

frequencies.However, eachgraphshows definite structureand further analysisis necessaryto
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Figure 2.1: TheLorenz,Rössler, andMackey-Glasstime series.

determinethe natureof the governingsystem.Thus,we continueby calculatingthe correlation

dimensionfor eachsystem.

Weshow thecorrelationintegralandcorrelationdimensiongraphsfor thetimeseriesin Figure2.3.

Eachcurveonthegraphrepresentsanembeddingdimension.Thecorrelationintegralhasaskewed

S-shapeandits y-axisscaleis shown ontheright borderof Figure2.3.Thegraphsdemonstratethe

diminishinginfluenceof higherembeddingdimensionson the correlationdimension.The slope

of the mostlinearsectionof thecorrelationintegral graphdeterminesthecorrelationdimension.

The curvesfor the correlationintegral estimationarenoisy, andit is difficult to obtaina precise

estimationfor their slopes.However, if onetake theaverageof thecorrelationdimensionsat their

mostlinearsections,noneof thetimeserieshave integercorrelationdimensions.Thus,wededuce

thatall thetimeseriesarefractalof nature.

The Lyapunov spectrumfor eachtime seriesis shown in Figure 2.4. Sincewe are interested
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Figure 2.2: Thepower spectrafor theLorenz,Rössler, andMackey-Glasstimeseries.

in establishingwhetherthereare positive exponents,we only show the largestexponents.Al-

l threetime seriescontainpositive Lyapunov characteristicexponents.This indicatesthe pres-

enceof chaoticattractorsfor all threetime series,asillustratedby their threedimensionalmaps±'²0±'³�´¥µ�²0±'³�¶¸·7´¥µ�²0±'³0¶º¹ ´�´
shown in Figure2.5.

Next, we estimatethe lag time »�¼ using the methodsof autocorrelationandmutual information.

Thelag timecanbetakenat thefirst zeroon theautocorrelationgraph,or at thefirst minimumon

themutualinformationgraph.Fromthegraphsshown in Figure2.6,weobservethatthemutualin-

formationcriterionprescribesshorterlag timesthanautocorrelation.Specifically, from themutual

informationgraphswereadthelag timesfor theLorenz,Rössler, andMackey-Glasstimeseriesas½
s, ¾ s,and

·À¿
s, respectively.

Finally, we estimatethe embeddingdimensionusingboth the falsenearestneighboursandfalse

strandmethods.Both methodsspecify the embeddingdimensionas the embeddingat the point
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Figure2.3: Thecorrelationintegralanddimensioncurvesfor theLorenz,Rössler, andMackey-Glasstime

series.Eachcurve on thegraphsrepresentsanembeddingdimension.Thecorrelationintegral hasa skewed

S-shape,andits y-axisis shown on theright border.

wherethe graphfirst goesto zero.Figure 2.7 shows that both methodssuggestan embedding

dimensionof Â for theRösslersystem.Thefalsenearestneighboursmethodsuggestsanembedding

dimensionof Â for boththeLorenzandMackey-Glasssystems.Thefalsestrandmethodsuggests

embeddingdimensionsof Ã and Ä for theLorenzandMackey-Glasssystems,respectively.
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Figure 2.4: TheLyapunov spectrumfor theLorenz,Rössler, andMackey-Glasstime series.Notethat,as

discussedin Section2.3.3,theLyapunov exponentsarecalculatedby evolving lengthelements.Thegraph

shows thesizeof theexponentsasthey areevolved.
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Figure2.5: TheLorenz,Rössler, andMackey-Glassattractors.

30



2 4 6 8 10 12 14

Delay

Lorenz Time Series

Autocorrelation
Mutual Information

2 4 6 8 10 12 14

Delay

Rossler Time Series

Autocorrelation
Mutual Information

5 10 15 20 25 30 35 40

Delay

Mackey-Glass Time Series

Autocorrelation
Mutual Information

Figure 2.6: Theautocorrelationandmutualinformationfor theLorenz,Rössler, andMackey-Glasstime
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2.5.2 The Laser and RandomData Time Series

The lasertime seriescontainsmeasurementsmadeon a far-infrared laser, asdescribedin [25].

Figure2.8showsthis time series,aswell asa randomtimeserieswith a uniformdistribution.The

powerspectrumgraphshown in Figure2.9indicatesthatthelaserdatais generatedby adynamical

system.Therandomdataseemsabit suspect,but wecannotsaythatit is a randomprocessyet.
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Figure2.8: Thelaserandrandomtime series.
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Figure 2.9: Thepower spectrafor thelaserandrandomtimeseries.

The correlationsumandcorrelationdimensiongraphsfor the laserandrandomtime seriesare

shown in Figure2.10.We observe that that therandomprocesshasa muchhighercorrelationdi-

mension,andthatthecorrelationdimensionfor neithertimeseriesis integral.This is anindication

of strangeness.Notethatwestatedthatin principle,thecorrelationdimensionof randomprocess-

esareinfinite. However, this is only truewhenusingtime seriesof infinite size.Whenusingtime

seriesof finite size,highcorrelationdimensionsareindicativeof randomness.
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Figure 2.10: Thecorrelationsumanddimensionfor the laserandrandomtime series.They-axisof the

correlationsumis shown on theright border.
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Figure2.11:TheLyapunov spectrafor thelaserandrandomtime series.
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Figure 2.12:Thelaserandrandomdatamaps.
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TheLyapunov spectrumfor bothsystemsareshown in Figure2.11.Theexistenceof positiveex-

ponentsfor both systemsindicateschaoticbehaviour. However, the mapsshown in Figure2.12

illustratethe differencebetweenthe two systems.The trajectoriesof the laserdatahave definite

structure,whereasthoseof therandomdatafills theentirestatespace,andshow notevenaprojec-

tion of anattractor. Fromall theevidenceweconcludethatthelaserdatacanbemodelled,but not

therandomdata.

2.6 Summary

In thischapter, wediscussedchaotictimeseries.Chaosis arelativelynew concept,but hasattracted

muchattentionsinceits discovery in the1960’s. The reasonfor this attentionis thatmany inter-

estingtime series(from both a scientificandeconomicviewpoint) arechaotic.Chaoticsystems

may, or maynotbedeterministic.However, only short-termpredictionsarepossible.Wediscussed

methodsfor identifyingchaosin timeseries.Themostusedmethod,theLyapunov spectrum,gives

anestimationof how fasttheflow of theattractorexpandsor shrinks,andthushow predictablethe

time seriesis. We alsodiscussedmethodsfor extractingmodellingparametersfrom chaotictime

series.We demonstratedtheapplicabilityof thesemethods.Thus,we cannow focusour attention

on modellingandpredictingchaotictimeseries.
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Chapter 3

Neural Networks for Time SeriesModelling

and Prediction

3.1 Intr oduction

Neural networks are usedto solve two generaltypesof problems:static and time-varying pat-

tern recognition.Multilayer perceptronsarecapableof representingarbitrary input/outputmap-

pings[4]. Examplesof staticproblemsareopticalcharacterrecognition,DNA analysisandcredit

scoringsystems.Thereexist two kindsof spatio-temporalproblems:time seriesclassificationand

prediction.Speechrecognitionandwaveletclassificationareexamplesof timeseriesclassification.

Controlandfinancialtimeseriespredictionareexamplesof predictionproblems.Timeseriespre-

diction canbeperformedone-step-ahead,multiple-step-ahead,or in closedloop. One-step-ahead

predictionusesonly pastvaluesof thetimeseriesfor prediction.Multi-step-aheadpredictionuses

predictedoutputsaswell. Multi-step-aheadpredictionoperatesthe network in closedloop, and

predictedoutputsareusedasif they weretime seriesdatapoints.In this way, predictionsfurther

into the future canbe made.Neuralnetworks with no feedbackloopshave limited context, i.e.

they have limited memory, andthusonly a limited knowledgeof thehistoryof thesystem.Recur-

rentnetworkshave feedbackloops,andconsequentlyhaveunlimitedcontext. They weredesigned
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specificallyto model time-varying patterns.For the remainderof this thesis,we will focus our

attentiononpredictingspatio-temporalpatterns.

Wecontinuein thenext sectionwith anintroductionto timedelayfeedforwardnetworks(TDNNs).

Wediscussthemyopicmappingtheoremwhichprovidesthemathematicaljustificationfor theuse

of TDNNsastimeseriespredictors.Wediscussfinite impulseresponseneuralnetworks(FIRNNs)

andrecurrentnetworksnext.

We continuethediscussionby describingseveral techniquesfor network regularisation.We also

discusstechniquesfor improving theerrorbackpropagationtraining algorithm.Next, we present

theuseof knowledge-basedartificial neuralnetworksto improvetraining.Wealsodiscussanearly

stoppingcriterion,calledDiks’ Test.Finally, we apply the discussedmethodson the time series

analysedin Chapter2.

3.2 Time DelayNeural Networks

Webegin this discussionby defininganeuron.A neuroncanbedescribedby theequationÅKÆ^Ç3È.ÉËÊÌ Í=ÎEÏ.Ð Æ Í�Ñ"Í�Ò (3.1)

whereÅKÆ is theoutputof theneuron,

Ñ"Í
is asetof Ó inputs,eachconnectedvia aweight

Ð Æ Í and È.É�Ô Ò
is a nonlinearactivation function.The sigmoidalactivation function is by far the mostcommon,

andis givenby È.É Ñ¢Ò Ç ÕÕ�Ö§×:ØZÙ (3.2)

Usually, input

ÑAÏ
is assigneda constantvalueof plusone,andis calledthebias.Theweight

Ð Æ Ï
that connectsthe biasto the neuronis calledthe biasweight; it is alsooften denotedas Ú Æ . The

neuronis shown in Figure3.1.

Neuronsare the building blocksof neuralnetworks. All the neuronsof a multilayer perceptron

(MLP) areconnectedsuchthatlayersof neuronscanbedefined.For feedforwardneuralnetworks,
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Figure 3.1: A neuron.

theoutputof neuronsareconnectedasinputsof neuronsin layersdownstream.For thepurposes

of this discussion,no neuronswill be connectedsuchthat a neuronin layer Û will be connected

astheinput for a neuronin layer ÛAÜ¸Ý . Figure3.2shows a MLP with threelayers.Thelayersare

referredto asthe input, hidden,andoutputlayer, respectively. The input layerhasthreeneurons,

thehiddenlayerfour neurons,andtheoutputlayeroneneuron.

Figure3.2: A threelayerfeedforwardneuralnetwork. Theinput,hidden,andoutputlayerhave three,four,

andoneneurons,respectively.

We addlimited temporalcontext to thefeedforwardnetwork by addingshort-termmemoryin the

form of a tapdelayline (seeFigure3.3).A sectionof thetime series(calledthetime window) of

theform Þ ß0à�á2â¥ã�ß0à�áqä¸å7â¥ãKæ`æ`æ`ã�ß0à�áqäèç?â$é is usedasinput for thefeedforwardnetwork; thetapdelay

line is of order ç , andthedesiredoutputis ß0à�áÜ3å7â . This network is referredto asthetime delay

neuralnetwork (TDNN).

Adjusting the weightsof the network to fit the problemat hand,is referredto as training the

network. Thereexists varioustraining methods.Herewe only introduceonemethod,calledthe

error backpropagationalgorithm.The error backpropagationalgorithmfor MLPs is describedin
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moredetailin AppendixA.1. Thisalgorithmconsistsof threedistinctphases.Duringthefirst phase

theweightsareinitialisedto smallrandomvalues.This randominitialisationpreventsdetrimental

symmetricaleffectsthatarisewhennetworkshaveall theirweightsthesamesize.A goodchoiceis

to initialisetheweightssuchthatthestandarddeviationof weightsof aneuronlies in thetransition

areabetweenthe linear and saturatedpartsof its sigmoid activation function [21]. During the

forward passingphase,input is appliedto the input neurons,and then propagatedthroughthe

network.

Theforwardpassis followedby abackpropagatingphase,duringwhichtheweightsof thenetwork

areadjustedusingagradientdescentmethod.Thismethodminimisestheerrorbetweentheactual

anddesiredoutput.Giventheinstantaneouserror ê atstep ë ,

êì�ë2í.î6ïðòñóBôÀõòöK÷ó ì�ë2í (3.3)

whereö ó ì�ë2í,î5ø ó ì�ë2íZùSú ó ì�ë2í is thedifferencebetweenthedesiredandobtainedoutputatneuronû ,

and ü is thesetof neuronsin theoutputlayer, thenýËþ^ÿ ì�ë2í�� ù � êì�ë2í�"þ^ÿ (3.4)

where
þ^ÿ

denotesweight � . Thesizeof updatesis usuallycontrolledby a proportionalityconstant

calledthe learningrate.Theupdaterule canalsobeaugmentedwith a momentumterm,which is

proportionalto thesizeof thepreviousupdate.

3.3 UniversalMyopic Mapping Theorem

Themathematicaljustificationfor theuseof TDNNs for time seriespredictionwasgivenin 1997

by Sandberg andXu [57]. Wefirst definea few terms.

Definition 3.3.1 A systemconsistingof a bankof linear filters operating in parallel, anda static

(memoryless)feedforward networksuch asa MLP, is a universaldynamicmapper.
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Figure 3.3: A time delayneuralnetwork. Theinput layerhastwo input neurons,eachwith tapdelayline

of ordertwo.

Definition 3.3.2 A myopicmaphasuniformlyfadingmemory.

Definition 3.3.3 For a systemto be causal,the outputsignal at step ����� maynot dependon

input signalsappliedat �
	�� .
Definition 3.3.4 For a systemto be shift invariant the following musthold: if the output ������ is

obtainedasa resultof theinput ������ , thenthedelayedinput ������������ musthaveoutput ������������ ,
where ��� is calledthetimeshift,andis an integer.

Theuniversalmyopicmappingtheoremholdsundertheconditionsthatthemapis causal,andcan

beformulatedasfollows [21]:

Theorem 3.3.1 Anyshift-invariantmyopicdynamicmapcanbeuniformlyapproximatedarbitrar-

ily well by a structure consistingof two functionalblocks: a bankof linear filters feedinga static

neural network.
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Sandberg and Xu showed that for any single-variable,shift-invariant,causal,uniformly fading

memorymapthereexistsagammamemory(of which thenormaltimedelayline is aspecialcase)

andstaticnetwork of which thecombinationapproximatesthemapuniformly andarbitrarywell.

Thus,the universalmyopic mappingtheoremseparatesthe rolesof the short-termmemoryand

thenonlinearity. Furthermore,sinceastaticneuralnetwork is stable,thecombinationof abankof

linearfilters anda staticneuralnetwork will alsobestableif thelinearfilters arestable.Sincethe

TDNN fulfils all therequirementsof thetheorem,it canbeusedto modelandpredicttimeseries.

3.4 Finite Impulse ResponseNeural Networks

The FIRNN builds on the TDNN by addingtap delaylines to every neuronin the network. The

network is distributivesincetheshort-termmemoryelements,andthereforetheinfluenceof recent

events,aredistributedthroughoutthenetwork.

Therearetwo waysto visualisetheFIRNN.Thetapdelaylinescanbethoughtof asstoringthelast� outputsof everyneuron.Anotherequivalentvisualisationis to seeeachweightin thefeedforward

network aschanginginto a vectorof � weights.TheFIR partof the termFIRNN stemsfrom the

fact that the extendedweightscanbe thoughtof asFIR filters [69]. Figure3.4 shows a FIRNN.

The training algorithmfor this kind of architectureis calledthe temporalerror backpropagation

algorithm,andis describedin AppendixA.2.

Although the FIRNN seemmorecomplex thanthe TDNN, it canbeenshown that TDNNs and

FIRNNs are computationallyequivalent, i.e. they both are able to representthe sameclassof

computationalmodels.In fact,thefollowing theoremholdstrue:

Theorem 3.4.1 For anyFIRNNthereexistsanequivalentTDNNthatcomputesthesamefunction.

Proof:We give a constructive proof thatshows how anarbitraryFIRNN canbetransformedinto

anequivalentTDNN.
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Figure 3.4: A Finite ImpulseResponseNeuralNetwork. Theneuronsin both the input andhiddenlayer

all have tapdelaylinesof ordertwo.

ConsidertheFIRNN shown in Figure3.4.Thefigureshowstwo successive layers� and ��� � with

weight matrices!#" and !#"%$'& , respectively. We usethe following representationfor layer � of a

FIRNN:

!#"�(
)******
+
, &-& , &/. , &/0 12121 34&, .5& , .-. , .-0 12121 36.12121712121812121 12121 1212112121712121812121 ,:96;=<�; 3 96;

>=??????
@ (3.5)

whereA'" is thenumberof neuronsin thelayerand BC" is thenumberof weightsconnectingneurons

to tapdelayinputs.

Theobjective is to transformthetwo weightsets!#" and !#"%$'& into two equivalentweightsetsDE"
and DE"%$'& , suchthat layer �F�G� hasno tap delaylines.To achieve this, we createtwo new layers

with weightmatrixes DE" and DE"%$'& . Without lossof generality, we assumethat,for theFIRNN, the

order HE" of all thetapdelaylinesof all theneuronsin any layer � is thesame.Thus, DE" has A'"IHE"%$'&
neurons,eachwith a tapdelayline of order J=HE"K�LHE"%$'&�M��ON ; DE"%$'& has A'"%$'& neuronswith no taps.
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We begin by duplicating P#Q%R'S suchthat TEQ%R'SVUWP#Q%R'S . Next, we computetheweightsof TEQ such

thatequivalenceof thetwo networksis maintained.Thetapdelaysin layer XKY[Z of theFIRNN are

usedto storethepreviously computedoutputs.Thesestoredoutputsmustbecomputedagainby

theTDNN, andis thereasonfor the \=]EQ%R'S_^�ZO` extra neuronsin TEQ%R'S , andthe \=]EQ%R'S_^�ZO` extra tap

delaysaddedto TEQ . Theweightmatrix TEQ is computedusingthefollowing algorithm:

Copytheweightsof P#Q into TEQ andsetanyweightsconnectinganyaddedneuronsor tapsto zero.

TEQ�U

abbbbbbbbbbbb
c

d S-Sfe2e2e d Shgjilkme2e2e d S-n o6i gjihpqe2e2erkts4Sk e2e2e k kme2e2e k e2e2erkuk
...

...
...

...
...

...
...

...
...dwv Sfe2e2e dwv gjilkme2e2e d v n o6i gjihp e2e2erkts vk e2e2e k kme2e2e k e2e2erkuk

...
...

...
...

...
...

...
...

...

x=yyyyyyyyyyyy
z

(3.6)

To computetheoutputsfor previoustime steps,thesameweightsareused,connectedin the fol-

lowing way:

Startwith therow1 of TEQ :
Duplicatethis row into thenext row.

For each tap delayline insidethis row:

Shift its currentweightvaluesonestepto theright.

Thezero at theright rolls over into a columnof thedelayline.

Continueuntil thenext non-zero row is reachedandthenrepeattheprocedureuntil thewholema-

trix is filled.
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(3.7)

Now we have createdtwo layerswherethe secondhasno tap delays.Furthermore,
{E|

hasthe

samenumberof inputsas � | , and
{E|%� � hasthe samenumberoutputsas � |%� � . Startingwith the

outputlayer, this algorithmcanbeappliediteratively to transforma FIRNN of arbitrarysizeinto

anequivalentTDNN.

EventhoughFIRNNsandTDNNsarecomputationallyequivalent,theirtrainingandgeneralisation

performancearenot equivalent.As is clearfrom theproof above,FIRNNsimposerestrictionson

theweightsof equivalentTDNNs.Certainweightsarerequiredto havethesamevalue.Thereason

for thisweightduplicationlies in theassumptionthattherearecorrelationsin time.Anotherfactor

to consider, is thatfor thesamenumberof weights,aFIRNN coversawider timewindow, andcan

thuslearncorrelationsfurtherbackin time.

FIRNNs wereappliedsuccessfullyto chaotictime seriesprediction.The laserdataanalysedin

Section2.5.2wasmodelledandpredictedby a four-layer FIRNN [69]. The resultsobtainedby

theFIRNN for thelaserdataweresuperiorto all otherpredictionmethods,andwon theSanteFe

InstituteTimeSeriesPredictionandAnalysisCompetition.
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3.5 Recurrent Neural Networks

Feedforward network structuressuchasTDNNs and FIRNNs canonly have a limited context.

Recurrentneuralnetworkshavefeedbackloops,i.e.neuronoutputis usedasinputto neuronsin the

sameor previouslayers.In thiswaythelimitation ontheinputsetis overcome,andall theavailable

input up to ������� is usedto compute�����¡ £¢O� . Thus,recurrentnetworkshave, in principle,infinite

context, andcanthereforeaddressthe temporalrelationshipof the inputs.During the trainingof

a TDNN, the examplescan be presentedin arbitrary order. This is not the casewith recurrent

networks,whichmaintainsaninternalstate.

Thereexist many differentrecurrentnetwork architectures.We will discussanarchitecturecalled

NARXNN (NonlinearAutoRegressive modelswith eXogenousinput NeuralNetworks)asanex-

ampleof a recurrentneuralnetwork. As opposedto thefully recurrentnetworks,whichhavefeed-

backfrom thehiddenstateneurons,theNARXNN have feedbackonly from theoutputneuron.It

hasbeenshown that fully recurrentnetworks arecomputationallyat leastaspowerful asTuring

machines[61]. It hassincebeenproven that NARXNN areat leastasstrongas fully recurrent

neuralnetworks (andthusTuring machines)within a linearslowdown [60]; only a finite number

of nodesandtapsareneededto obtainthis result.

Theoutputof aNARXNN is givenby

¤ ��¥5�§¦©¨ª��«���¥F¬�'®¯�j°6±h±h±h°O��«���¥F¬�¢O�j°²«���¥5�j° ¤ ��¥³¬�'´2�j°6±h±h±h° ¤ ��¥F¬µ¢O�5� (3.8)

where «���¥5¶ is theinput and ¤ ��¥5¶ theoutputat time ¥ , �'® and �'´ theinput andoutputorder, respec-

tively, and ¨ is themappingof themultilayerperceptron.TheNARX neuralnetworkarchitectureis

shown in Figure3.5.It is trainedby usingtheerrorbackpropagationthroughtime(BPTT) training

algorithm,which ”unfolds” thenetwork in time andthencomputeserrorgradients.TheNARXN-

N architecturehasbeenusedto modelvarioussystems,suchasheatexchangersandwastewater

treatmentplants,andfor taskssuchasnonlinearsystemidentificationandthecontrolof dynamic

systems[39].

Recurrentneuralnetworksaremorepowerful thannon-recurrentnetwork architectures.Thisadded
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Figure3.5:A NARX NeuralNetwork.Thenetwork hasaninputorderof two,andanoutputorderof three.

power doescomeat a price though.Recurrentneuralnetworks arenotoriouslydifficult to train,

becausethey struggleto learn long term dependencies[23]. Thus,applyingOccam’s razor, if a

problemis solvableby useof a non-recurrentnetwork architecture,it is better to searchfor a

feedforwardnetwork solutionfirst, ratherthangoingstraightfor a recurrentarchitecture.

3.6 Network SelectionCriteria

We now turn to the questionof how to selectan appropriatenetwork architecturefor the task

at hand.As just mentioned,we suggeststartingwith a simplearchitecture.Whenthe systemto

be modelledis known to be chaotic,the methodsdiscussedin Chapter2 can be applied.The

embeddingdimensioncanbeusedasanindicationof theorderof the input tapdelayline for the

TDNN andNARXNN architectures.

The numberof layers in the network and the numberof hiddenneuronsin eachhave always

beenthe subjectof much discussion.It hasbeenshown that MLPs with one hiddenlayer can

approximateany continuousfunction[21]. However, this doesnot sayanything abouttheeaseof
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the training processor the generalisationperformance.In practise,two differentapproachesare

used:network growing andnetwork pruning.Whenanetwork is grown, neuronsareaddedduring

thetrainingprocesseachtimewhensomecriteriais satisfied.With thenetwork pruningtechnique,

a largenetwork is traineduntil it reachesa goodresult,andafterwardsexcessweightsarepruned

away. This is a form of network regularisation.

3.7 Network Regularisation

Overfittingis acommonproblemwith neuralnetworksandmachinelearningalgorithmsin general.

It occurswhenthenetwork triesto fit trainingdatapointsexactly. Thisis problematic,sincein order

to modeldataexactly, generalisationperformanceon unseentestdatais oftendegraded.Thebest

modelis onethatmodelsthedatacorrectly, andhastheminimumnumberof freeparameters.This

is known astheminimumdescriptionlengthprinciple.However, obtainingthecorrectmodelmay

bemoredifficult whentrainingnetworkswith only theminimumamountof freeparameters[34].

A possiblesolutionis to choosethemodeltoo large,to removeunimportantweightsaftertraining,

andthento retrainthemodel.In thissectionwediscussafew methodsfor decidingwhichweights

areimportantandwhichareirrelevant.

3.7.1 Optimal Brain Damage

By tradingthetrainingerroroff with network complexity, thebestgeneralisationmaybeobtained.

Thus,by minimising a cost function consistingof the ordinary training error plus a measureof

network complexity, generalisationmaybeimproved.

Thechoiceof thecomplexity measuredeterminestheperformanceof theregularisationscheme.A

crudecomplexity measureis weightmagnitude,but bettermeasureshavebeenproposed.Optimal

Brain Damage(OBD) usesa Taylor expansionof theobjective functionto computethesaliencies

of weights[35].
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Thefollowing pruningalgorithmis given:

1. Choosea networkarchitecture

2. Train thenetworkuntil a ”r easonable”solutionis obtained

3. Computethesecondderivatives·E¸²¸ for each parameter

4. Computethesalienciesfor each parameter: ¹6¸»º©·E¸²¸�¼�½¸2¾�¿
5. Sorttheparametersaccording to saliencyanddeletesomelow-saliencyparameters

6. Iterateto step2 while networkperformanceis still satisfactory

Theprunednetwork usuallyneedsto beretrainedafterpruning.Deletingis definedassettingthe

weight to zeroandkeepingit zerofor all future time. The secondderivatives ·E¸²¸ arethe diago-

nal elementsof the Hessianmatrix À of the objective function Á , with respectto the parameter

vector Â , i.e.

·E¸²¸»º Ã ½jÁÃ ¼w¸ Ã ¼w¸ (3.9)

The valuesof the ·E¸²¸ canbe computedby a proceduresimilar to error backpropagation,and is

describedin [35]. Thecomplexity of computingthediagonalHessianis of thesamecomplexity as

computingthegradient.

3.7.2 Optimal Brain Surgeon

The Optimal Brain Surgeon(OBS) improveson OBD by not assumingthat the Hessianmatrix

is diagonal[20]. OBS computesthe inverseof the full Hessianmatrix. The only approximations

it makesis thathigherordertermsin theTaylor expansionvanish,andthat thenetwork response

will be closeto the desiredresponsefor a trainednetwork. A methodis provided to updatethe

remainingweightsafter pruning.This minimisesthe amountof retrainingnecessary. The OBS

pruningalgorithm:

1. Train a ”r easonablylarge” networkto minimumerror

2. ComputeÀ
Ä�Å
3. Find theweightindex Æ thatgivesthesmallestsaliencyÇ§ÈÉº�¼�½È ¾EÊË¿ À Ä�ÅÈÌÈwÍ . If this increase
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is much smallerthantheerror Î , deleteÏwÐ andgo to step4; otherwisego to step5.

4. Use Ñ fromstep3 to updateall weights( Ò�ÓÏ�ÔÖÕ»ÏwÐ²×
Ø�Ù�ÚÛÓÜ Ð�Ý¯×
Ø�ÙÐÌÐ with ÓÜ Ð theunit vector

in weightspacecorrespondingto ÏwÐ )
5. Nomoreweightscanbedeletedwithouta significantincreaseof E.

Theauthorsof [20] provideamethodfor computingtheinverseof theHessianmatrix.Themethod

hasacomplexity of ÞCß/àâá�ã�ä for computing×
Ø�Ù , whereà is thenumberof examplesin thetraining

set,and á is thesizeof theHessianmatrix.Carefulattentionmustbepaidnotto includetheweights

of a disconnectedneuronin the calculationof saliencies,as this resultsin nuisanceparameters,

which introduceerrors.Whenpruningweights,aneuronbecomesdisconnectedwhenall its inputs

or outputshavebeenremoved.

Many otherpruningtechniqueshave beenproposedin the literature.Somemethodsprunewhole

neurons[63], while othersgive indicationsof how muchto prune[50]. Othermethods,suchas

partialretraining,try to determineinput relevance[68].

3.7.3 Weight Decay

Weightdecayis anotherregularisationmethod.OBSandOBD regularisethenetwork by pruning

weights,andkeepingtheerrorsmall.Weightdecayconstrainsthenetwork by prohibitingweights

from growing toolarge.Weightdecayaddsanextratermto thecostfunctionwhichpenaliseslarge

weights.Thenew costfunctionis givenby

ÎCß w ä§ÔåÎçæOß w ä�èêéë�ì'íïî Ï ãî (3.10)

where Îçæ is the normalerror measure,and ì is a weight decayparameter. For gradientdescent

learning,weightdecayaddstheterm Õ ì Ï î to theweightupdate:ð Ï î�ñ Õ¡ò Îçæò Ï î Õ ì Ï î (3.11)

Weightdecayimprovesgeneralisationby suppressingirrelevantcomponentsof theweightvector,
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andchoosingthesmallestvectorthatsolvesthelearningproblem[32]. Furthermore,agoodchoice

of ó may suppresssomeof the effectsof staticnoisein the training set.However, weight decay

doesaddanotherparameterto thetrainingprocess,andno generalmethodexists for determining

anoptimalvaluefor ó .

3.8 Impr oving the Training Algorithm

Many alterationsand improvementson the original error backpropagationalgorithmhave been

proposed.Someof thesemethodsdealwith improving the learningcapability, training time, and

generalisationperformanceof the network. We discussthreeof thesemethods:improveduseof

thelearningrate,improving thetrainingtime,andimproving generalisationperformance.

3.8.1 AdaptiveLearning Rates

The learningratespecifiesthe amountof changeto be appliedduring weight updates.Adaptive

learningratescanenhancenetwork performancein two fundamentalways:Theamountof weight

updateat a particularpoint on the error surfacecanbe adaptedto the shapeof the error surface

at thatpoint, possiblyobtainingfasterconvergencetimes.For example,whentheerrorsurfaceis

flat, a largelearningrateis preferable,but whenthegradientdescentsearchis in a ravine,a small

learningrate will avoid oscillation,and is preferable.The secondreasonfor using an adaptive

learningratemethodis that it automatesthesearchfor anoptimumlearningrate,andeliminates

thetrial-and-errorapproach.

Therearemany differentschemesfor adaptive learningrates.Local learningrateadaptionmeth-

odshave differentlearningratesfor eachweight.Global learningrateadaptationmethodshave a

global learningratefor all weights.Somemethodshave adaptive momentumtermsaswell. Dif-

ferentprinciplesareusedfor differentmethods.Theseinclude:numericaloptimisationprocedures

which usesecond-orderinformation(conjugategradient,Quasi-Newton,secondordercalculation
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of thestepsize),stochasticoptimisation,andheuristicsutilising thesignof thelocal gradient,the

anglebetweengradientdirection,or peaklearningratevalues.We discussthedelta-bar-deltarule

by Jacobs[28], andrefer the readerto the literaturefor a survey of someof the othercommon

techniquesemployed[45].

Thedelta-bar-deltaadaptivelearningratetechniquedefinesaseparatelearningratefor eachweight.

It usesanestimationof theslopeof the local error function to adjustthe learningrate.This esti-

mationis derivedusingthepartialderivativeof theerrorfunctionwith respectto theweightat that

point,andis obtainedonastepto stepbasis.Thelocal learningrateis increasedby asmallamount

whenthepartialderivativekeepsthesamesign.Thisaccelerateslearningin shallow regions.When

signschange,however, thelearningrateis decreased,sincethechangingsignsindicatethatamin-

imum wasovershot,andthat the previous weight updatewastoo large. In this casethe learning

rateis exponentiallydecreased.Eachweightmaintainsthefollowing information:

ô�õ öh÷ø ù ú
ûüüüý üüüþ
ÿ��[ô�õ ö����Ë÷ø ù ���
	 ������� � õ ö����Ë÷�� ������� � õ öh÷����� � ô�õ ö����Ë÷ø ù � �
	 ������� � õ ö����Ë÷�� ������� � õ öh÷����ô�õ ö����Ë÷ø ù � ����� � (3.12)

where �!� � �#" . Theweightupdatethenbecomes$&% ø ù('*) + ú-, ô ø ù('*) +/.10. % ø ù �32 � $&% ø ù4'*) , " + (3.13)

Theinitial value ô ø ù , andtheparametersÿ , � and 2 canbetunedfor optimalperformance.

3.8.2 Adding Noiseto Weight Updates

Noiseencounteredduring the training of a neuralnetwork canhave a benigneffect on network

performance.Two typesof noiseexist: analoganddigital noise.Analognoiseis imprecisenessde-

liberatelybuilt into thetrainingprocess,whereasdigital noiseis noiseresultingfrom inaccuracies

dueto finite bit-lengthfor numberstorage.It wasreportedby variousauthorsthatanalognoisecan

improvenetwork performance[29] [46]. Noisecanbeappliedin variousways:noisyinputs,noisy

weightupdates,multiplicative/additivenoiseandvariousdistributiondensityfunctions.
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Noiseinjectioncanreducethe trainingtime, andat thesametime improve generalisationability.

Improvedperformancecanalsobeobtainedby addingnoiseto thetrainingexamples.It wasalso

shown thataddingnoiseto trainingexamplespreventspatternmemorisation[43].

Noisehasthis benigneffecton thenetwork becauseit actsasa regularisationterm[29]. Theextra

noisetermchangestheerrorfunctionto favour fastertraining,andto generatemorerobustinternal

representations,resulting in bettergeneralisationperformance.Training with noiseresultsin a

lowermeanweightsaliency. Whathappensin practice,is thatweightsareforcedto beeithervery

small,or very big. This causesthe network to bemorerobustwith respectto small variationsin

theinputdata.It alsohastheeffectof theweightshaving asmallerspreadof values.

The sameresultshave beenobtainedfor recurrentneuralnetworks. It was shown that training

recurrentneuralnetworks with noiseimprovesgeneralisationperformanceand convergencesi-

multaneously[29]. The authorsalso provide performancecomparisonsbetweendifferent noise

distribution functions,andbetweenapplyingadditive,multiplicative,andcumulativenoise.

3.9 Impr oving Training by Using Prior Knowledge

Many real-world timeseriesarecomplex, oftenpoorlyunderstood,andnon-stationary. It is gener-

ally acceptedthatavailableexpertdomainknowledgecanimprovebothtrainingandgeneralisation

performance.

Theuseof neuralnetworksto obtainrulesfrom datacanbedividedinto two fields:ruleextraction

andrulediscovery[27]. Ruleextractionassumesprior theories,andthenrefinesthemusingtraining

data.Rulediscoverydependssolelyon learningfrom data,andassumesno prior theory.

Well-known methodsfor knowledgeacquisitionaretheID3 andC4.5.decisiontreecreationmeth-

ods.Thesemethodscanbeusedto obtainrulesfor makingdecisionsbasedonattributes.Therules

canthenbeencodedinto aneuralnetwork. However, this is notasusefulfor timeseriesmodelling,

sinceit is difficult to assignusefulattributesto realvaluedtimeseries.
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Priorknowledgefor timeseriesoftencomesin theform of embeddingdimensioninformation,time

window sizesorsamplingfrequencies.Thisinformationis extractedfromthedatabymethodssuch

asmutualinformationandfalsenearestneighbours.More informationon the dynamicalprocess

itself maybeobtainedvia methodssuchasLyapunov exponentextraction,correlationdimension

determination,powerspectrumanalysisandnon-stationaritydetection[15]. Priorknowledgeabout

the time seriesmayalsobeappliedto createadditional”virtual” examplessuchasincludingex-

amples5�687:9<;>=-7?5�6*9<; for oddtimeseries.

We now presenta methodof obtainingrulesdirectly from thetime series.We encodetheserules

into aneuralnetwork usingtheKBANN encodingmethod.

3.9.1 Knowledge-BasedArtificial Neural Networks

Methodsfor encodinga Booleanrule set into a feedforward network have beenproposed[66].

Othermethodsdiffer only in the way that they combinethe input neurons.The initial network

is constructedbasedon the relationshipbetweenrulesin the rule set.Rule inputsbecomeinput

neurons,intermediateresultsbecomehiddenneurons,final resultsbecomeoutputneurons,andde-

pendenciesbecomeweightedconnectionsbetweenneurons.All neuronsusesigmoidalactivation

functions.

Figure 3.6: An exampleof a rewritten ruleset.

Given a setof Booleanrules,disjunctive ruleshave to be rewritten in order to avoid accidental

activationof rulesby wrongcombinations.Let two conjunctiveruleshavethesameconclusion,but

differentinputs.Then,createfor eachruleanew intermediateresult,andusethesetwo intermediate

resultsasinputto anew disjunctiverule.Theresultof thenew disjunctiveruleis takenastheoutput
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of theoriginal two rules.An exampleof this procedureis shown in Figure3.6.

Figure 3.7: Encodingof the Booleanrulesshown in Figure3.6. Uninitialisedandbiasweightsarenot

shown.

Rulescanbeencodedinto a neuralnetwork. Structuresfor bothdisjunctiveandconjunctive rules

areprovided.Fromthesetwo structures,any Booleanrule canbebuilt. A weight in theKBANN

network hasa valueof @ when it connectsthe input of a rule to the output of the samerule.

A weight valueof A/@ is assignedif the negative of the input is required.If oneuses1 as the

input to thebiasweights,thebiasweightof disjunctiverulesareprogrammedto ACB D , andthoseof

conjunctive rulesto AFEHGIAKJD4L @ , where G is thenumberof positive inputsto therule.Thesebias

weight valuesguaranteethat the outputof a disjunctive rule will be high whenany of its inputs

arehigh, andthat theoutputof conjunctive ruleswill only behigh whenall their inputsare.The

encodingof therulesshown in Figure3.6is shown in Figure3.7.Theuninitialisedandbiasweights

arenotshown.

If the initial domaintheory is incomplete,or even not totally correct,the network constructed

from theprior knowledgemaystruggleto performwell. Whentheprior knowledgeis sparse,the

network maybetoosmallaswell. Adding morelearningcapabilityin theform of unprogrammed

weightsandhiddenneuronshelpsaddressingtheseproblems.It hasbeenobservedthat,in general,

networks initialised with correctprior knowledgetrain faster, andgeneralisebettercomparedto

networkstrainedwithoutprior knowledge.
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3.9.2 KBANN Training

KBANN wasdesignedto encodeBooleanrulesinto a neuralnetwork. Sincewewill beextracting

and encodingrules for a real-valuedtime series,we have to adaptthe standardrule encoding

algorithm.We encodethe extractedrules into a TDNN. For the purposesof this discussion,we

will useaone-dimensionaltimeseries,but theprinciplecaneasilybeextendedto multidimensional

timeseries.

3.9.3 Rule Extraction fr om A Time Series

We wish to speedup trainingof a neuralnetwork. We achieve this by encodingprior knowledge

into thenetwork. Weextractprior knowledgein theform of rulesfrom thetimeseries.Wechoose

rulessuchthatthey biastheoutputof theTDNN highwhenthecorrectinputsequenceis detected.

Theextractedrulesform thefirst layerof theTDNN. They arethencombinedby adisjunctiverule

at theoutput.Figure3.8showsanetwork programmedto producehighoutputvalueswhenoneof

two possibleinput sequencesis detected.

We usea threshold M to determinewhich datapoints from the time serieswill be coveredby

rules. A rule is generatedfor every point in the time seriesfor which NPO*Q RTSUM . Afterwards,

rule duplicationsare removed, and contradictionsare removed. A contradictionoccurswhen a

rule causestheoutputto behigh whentheoutputshouldhave beenlow. Note thateachrule will

eventuallycorrespondto a neuronin thehiddenlayer. Thus,having too many ruleswill resultin

anexcessively largenetwork. Therefore,wechooseM fairly large.

Let a TDNN have V lags in the time delay line. The NPO*Q R denotethe datapoint at which we

want the output of the network to be high. Thus,a rule is generatedfor NPO*Q R using O*NPO*QXWIVYRZNPO*Q�W[VC\^]_RZa`
`
`
Z NPO*QPW�]_R R . The time seriesis real valued,but KBANN encodesBooleanrules.

Thus,we useanotherthresholdb to divide real valuesinto onesandzeros.A rule is formedby

inspectingO*NPO*Q>W3VYRZ NPO*QcW3Vd\#]_RZa`
`
`
Z NPO*Q>We]_R R andrequiringeachinput above b to beone,and

eachbelow b to bezero.Thechoiceof b influencestheform of theextractedrules.To obtainthe
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biggestvariancein binary values,we suggestusingthe meanof the time seriesfor f . Note that

thesizeof therule, i.e. thenumberof antecedents,is determinedby theorderof thetapdelayline

of theTDNN. As anexampleof rule generation,let gihkjml n and fohkjml p . Giventhe time seriesq jml rms�jmlut�s�jmluv�s�jml rms�jml nwt�s�jmlut�s�jmluv�s�jmluv�s�jmlut�s�jml pwt�s�jml nwx , two rules will be generated.The input to the

ruleswill be
q jmlut�s�jmluv�s�jml rwx and

q jmluv�s�jmlut�s�jml pytzx , respectively. Thus,thetwo rules {y|}jzj�~ and {4jm|z|(~
will begenerated.Theseareencodedinto anetwork asshown in Figure3.8.

Figure 3.8: Theresultantnetwork aftertheencodingof two rules: �4���}�z�8�w�}��� . Theoutputof thenetwork

network will only behighwhenoneof thetwo sequencesis detected.

3.9.4 Prior KnowledgeEncoding

Theextractedrulesareencodedasconjunctiverulesin thefirst layerof theTDNN usingthenormal

KBANN methodasdescribedin Section3.9.1.All theconjunctiverulesarethencombinedby one

disjunctiverule in thesecondlayer. Theconjunctiverule becomestheoutput.

SinceKBANN wasdesignedwith binaryinputvaluesin mind, it expectsits inputsto beeitherone

or zero.Real-valuedtime seriesthat areseldomonewill have difficulty activating the extracted

rules,sincetheneuronbiasvaluesfor theconjunctiveruleswill betoo big to exceed.To compen-

sate,we scalethebiasvaluesby a factor � . Note that thevalueof � dependson thechoiceof f .

Duringexperiments,we foundtheoutputof thenetwork to bequitesensitive to � .

Sincethe network wasdesignedwith positive rules in mind, the outputof the network prior to

trainingwill oftenberelativelyhighfor mostof thedatapoints.To forcetheoutputto lowervalues,
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the � valueusedto programthe disjunctive rule canbe scaleddown by a factor � . However, in

practisewe foundthaterrorbackpropagationquickly adjuststheoutputto correctvalues,without

theuseof ascalingfactor.

We designedthenetwork suchthat thecontentsof thetime delayline have to fit a rule exactly to

activateit. Therefore,we cannotrandomlyinitialise weightsfor which the input shouldbe zero,

sincethe collective effect of many small weightsmultiplied by large real valuedinputsmay be

enoughto activate the rule. This effect is madeworseby the downward scalingof the bias,as

discussedabove.Thus,wesettheweightvaluesof zerorule valuesto �/� .

It is importantto addunprogrammedhiddenneuronsto thenetwork to allow thenetwork to search

for a solution.During experiments,we often found that for larger � values,the rules arekept

almostintact,with only smallchangesto theweights.If too little extra learningcapabilityis avail-

able,thenetwork will struggleto train.

3.10 Early StoppingCriteria: Diks’ Test

Largetrainingsetsdo not guaranteegoodnetwork generalisationperformance.Excessive training

canresultin overfitting, thuscausingthegeneralisationperformanceto deteriorate.However, it is

not clearwhento stoptraining,sincemoretrainingmayin factyield betterresultson testdata.

Onepossiblestoppingcriterion is Diks’ Test[12]. This testprovidesa measureof how closethe

outputgeneratedby the model is to the measureddata,i.e. how closethe generatedattractoris

to theattractorbeingmodelled.Bakker et al. usedthis testasa stoppingcriterion for time series

predictiontrainingondatageneratedby achaoticsystem[3].

Wenow giveabrief descriptionof Diks’ Test.Thiscriterionteststhenull hypothesisthattwo time

seriesoriginatedfrom thesameprocess,i.e. that thedelayvectordistributionsof two time series

areidentical.Giventwo setsof sampledvectorswith distributions �m� and �w� , Diks etal. definetwo
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new distributions �z� � and �z�� suchthat� � �w����(�>�#��� �� � � ����_� � ������ ��}� (3.14)

for �d���y  �¡y¢ and � ������ ��_� aGaussiankernel� ������ ��}�>� �¤£ ¡_¥Y���§¦y¨ª©4¦¬« ® ¦<¯ « °²±´³ �²µ °²¶ (3.15)

where � is calledthebandwidth,asis afixedlengthscale.Thedistancemeasure· is thendefined

as · � � ¡(� £ ¥¸�²¨ � � ��m¹ � � � ����z�Pº � � � ����z�²» � (3.16)

For every �½¼¿¾ , £ · definesa distancebetweentheprobabilitydistributions � � � and � � � basedon

the innerproductof ( �z� � º �z�� ) with itself. It follows that · �K¾ only for �z� � ����(�X� �z�� ����z� . Thus,by

usinganestimator À· for · , anddeterminingwhetherit is significantlylargerthanzero,wehavea

testfor thenull hypothesisthat � � � � � .
Let � �Á!Â ¢4Ã<ÄÂÆÅ � havedistribution � � , and � �Ç�Â ¢4Ã °ÂÆÅ � havedistribution � � , thenDiks derivestheestimatorÀ· as

À· �  È Ã °��ÉeÊ�²Ë Â�Ì(Í ÊÌ Ã<ÄwÎ � �Á!Â � �Á�Í �YÏ  È Ã °��ÉeÊ�²Ë Â�Ì(Í ÊÌ Ã ° Î � �Ç�Â � �Ç�Í �Pº ¡Ð � Ð � Ã<ÄÊ ÂÆÅ � Ã °Ê Í Å � Î � �Á!Â � �Ç�Í � (3.17)

with

Î ����z� �Ñ �>�e©4¦¬« ¯ ¦ Ò « ° ±´³ Ó µ ° ¶ (3.18)

Let
Ð � Ð � Ï Ð � , thenthevarianceÔ�Õ � À· � of À· is givenasÔ�Õ � À· �>� ¡ � Ð º   � � � � Ð º3¡z�Ð � � Ð ¦   � Ð � � Ð � º   � � Ð ºTÖw�  È Ã °��É Ê�²Ë Â�Ì(Í Ê Ì ÃØ× �Â Í

(3.19)

58



with Ù Ú ÛFÜ ÝªÞ�ß4Ü1Þ[ßaÝ
(3.20)ÛFÜ ÝàÚ áãâaäå Ü²æ�äå Ý�çPÞ èé²ê1ëì�íeîï²ð Ü�ñ(Ý î ñ ê

áãâaäå Ü²æ�äå Ý�ç (3.21)äå ÜòÚ óô õ äö Ü for

èø÷�ù>÷^ú ïäû Ü�ü ê<ý for

ú ïÿþ ù>÷^ú
(3.22)ß4ÜòÚ èú Þ�� îÝ � Ý �� Ü

ÛFÜ Ý
(3.23)

Finally, thequantity � is definedas � Ú ��� 	�
 â �� ç
(3.24)

andhasa zeromeanandunit varianceunderthenull hypothesis.

For moredetailon choosingtheoptimumvaluesfor thebandwidth� , aswell ashow to dealwith

correlationswithin the time series,we refer the readerto the paperby Diks [12]. Diks suggests

rejectingthenull hypothesiswith ���� confidencefor � largerthanthree.In anadaptationof Diks’

procedure,Bakker et al. usedan � averagedover 10 semi-independentrealizations.For this case,

they foundthatavalueof � causedthetestto classifytwo systemsasidenticaltoosoon.They used

avalueof

è�� �
for � for theirapplication[3].

3.11 Benchmark Problems

Wetestsomeof themethodsdiscussedin this chapteronour benchmarkchaoticsystems.

3.11.1 Network Pruning Demonstratedon the Lor enzTime Series

In Section2.5.1,we foundtheembeddingdimensionof theLorenztimeseriesto be � . We trained

a TDNN with � layersanda tapdelayline of order � . We used��� sigmoidalhiddenneurons,and
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Figure 3.9: Themeansquarederrorof thetrainingandtestdatafor theTDNN trainedon theLorenztime

series.
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Figure3.10:TDNN predictionof testdata.

a linearoutputneuron.Thus,includingthebiasweights,thenetwork consistedof ����� weightsin

thefirst layer, and ��� weightsin thesecondlayer. Figure3.9shows themeansquarederrorof the

trainingandtestdataasafunctionof trainingtime.Thenetwork’spredictionperformanceis shown
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in Figure3.10.Thenetwork learnedthetrainingset,andperformedverywell on thetestset.

WeappliedOBSto prune ���� weightsoff thetrainednetwork, leaving anetwork with !�� weights,

and " remaininghiddenneurons.The prunednetwork hada MSE of  �# ! , which is 3 ordersof

magnitudeworsethanthat of the trainednetwork. However, after retrainingthe prunednetwork

for �$ moreepochs,aMSEof  �#  � � �� (thesameastheun-prunednetwork) wasagainobtained,but

this time for anetwork with !�� weights.

3.11.2 The Influenceof NoisyTraining Data

WeusetheRösslertimeseriesto demonstratetrainingwith noisydata.Theembeddingdimension

for theRösslertimeserieswasdeterminedto be % . WeagainuseaTDNN with !� sigmoidalhidden

neurons,anda tapdelayline of order % . Theperformanceof anetwork trainedonnoiselessdatais

shown in Figure3.11.Wealsoshow resultsfor aone-step-ahead,andafive-step-aheadprediction.
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Figure 3.11:Predictionof testdatafrom theRösslertimeseries.Thetrainingdatacontainednonoise.

We addeduniformly distributednoiseto the trainingset.Prior to training,all thenetworkswere

initialised with the samerandomweights.Figure3.12shows the deteriorationof predictionper-

formancewhennoiseis addedto the training data.For the noiselessdata,we have nearperfect
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Figure3.12:Predictionof theRösslertime serieswhen4%,8%,16%,and32%noiseis addedto training

examples.

one-stepprediction,andgoodfive-stepprediction.At &$'�( noisethefive steppredictionbecomes

unreliableandat )�*�( completelyunreliable.Theone-steppredictionbecomesunreliableat )�*�(
noise.It is clear, however, that even underquite noisy conditionsthe networkswerestill ableto

extractreasonablemodelsfor thesystem.

3.11.3 Adaptive Learning RatesDemonstratedon the Mackey-GlassTime

Series

WeusetheMackey-Glasstimeseriesto illustratethebeneficialeffect thatanadaptivelearningrate

canhave on network trainingandgeneralisationperformance.Using themethodof falsestrands,

we determinedtheembeddingdimensionfor theMackey-Glasstime seriesto be6. Thereforewe
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Figure3.13:Comparisonof theMSEonthetrainingdatawhentrainedwith, andwithout,adaptivelearning

rates.

setthe input orderof the tapdelayline to 6, andagainused+�, hiddenneuronsfor a TDNN. We

usedthefirst -$,�,�, datapointsof thetimeseriesfor training,andthenext .�,�, datapointsfor testing.

We trainedanothernetwork with thesamearchitectureandthesamerandominitialisedweights,

but appliedthedelta-bar-deltaadaptive learningtechnique,asdiscussedin Section3.8.1.

TheMSE on thetrainingsetfor bothmethodsIs shown in Figure3.13.Theadaptive learningrate

methodandfixedlearningratemethodperformsequallywell on thetrainingdata.However, when

we inspectFigure3.14,we observe that the generalisationperformanceof the adaptive learning

ratemethodis significantlybetterthanthatof thefixed learningratemethod.Thecomparisonof

thetwo methodsafter +�,�, epochsof trainingis shown in Figure3.15.Unfortunately, this resultis

notuniversal,aswehavefoundinstanceswhereadaptive learningrateshadadetrimentaleffecton

eitheror bothtrainingandgeneralisationperformance.
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Figure 3.14: Comparisonof theMSE on thetestdatawhentrainingwith, andwithout, adaptive learning

rates.

3.11.4 Faster Training with Prior Knowledge

WeusetheLorenztimeseriesto demonstratehow prior knowledgecanspeeduptraining.Although

aninputorderof threewasusedpreviously, wechoosetheinputorderto befivefor theTDNN. An

input orderof threeis too smallto extractrules,asit providesonly eightspossiblerules,resulting

in toomany contradictions.Thus,all theconjunctiveruleswill havefive inputs.Wechose/1032�4 5
and 67082�4:9 . We foundempirically that ;�0<2�4 = yieldsa goodresult.We chosenot to scalethe

output,thuswe have >?0A@ . We extracted48 rules,five of which remainedafter validation.The

five extractedrulesfor which the outputis to be high are: BC2�2�@�@�@�DE2�@�@�@�@�DE2�2�2�2�@�DE2�2�2�@�@�DF@�@�@�@�@CG ,
wherezerosareprogrammedwith HJI , andoneswith I . As discussedin Section3.9.4,thefive

conjunctive rulesareusedasinput to a disjunctive rule in theoutputlayer. We chosethevalueofI as KL4 2 .
The training time for the initialised network is significantly less than that of an uninitialised

network — often half the training time. The network constructedfrom the extractedrules was

augmentedwith 15 additionalhiddenneurons.The training timesfor ten uninitialisednetworks,
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Figure 3.15: Comparisonof theTDNN predictionof testdatafrom the Mackey-Glasstime serieswhen

trainingwith, andwithout,adaptive learningrates.
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Figure 3.16: Comparisonbetweenthe MSE performanceasa function of training time for an network

initialised with prior knowledge,and ten uninitialisednetworks. The resultsare shown for training data

from theLorenztime series.
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eachwith five time lags and M�N hiddenneurons,are comparedto the training time of the con-

structednetwork. The resultsfor one-steppredictionof training andtestdataareshown in Fig-

ures3.16and3.17,respectively.
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Figure 3.17: Comparisonbetweenthe MSE performanceasa function of training time for an network

initialisedwith prior knowledge,andtenuninitialisednetworks.Theresultsareshown for testdatafrom the

Lorenztime series.

3.11.5 Modelling the Laser Data with FIRNN

We demonstratethe effectivenessof the FIRNN architectureby reproducingthe resultsof the

SantaFé time seriescompetitionwherethis architectureoutperformedall othermethodsof the

predictingthebehaviour of achaoticlaser[69]. For moredetailon thetimeseriesitself, pleasesee

Section2.5.2.

Werepeatedtheexperimentthatwonthecompetition.WetrainedaFIRNN with two hiddenlayers,

eachconsistingof twelve neuronswith tapdelaylinesof orderfive, andan input layer tapdelay

line of order M�O on thefirst P$N�N�N datapoints.We usedthetemporalerrorbackpropagationmethod

asdescribedin AppendixA.2. Wehaddifficulty obtaininggoodgeneralisationperformance.How-
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ever, whenwe addedGaussiannoisewith zeromeanand Q�R Q�S varianceto theweightupdates,we

obtainedbettergeneralisationperformance.This resultsupportstheclaimsmadein Section3.8.2

thatnoisyweightupdatescanimprovetrainingandgeneralisationperformance.Theresultsof one-

step-aheadpredictionfor trainingandtestdataareshown in Figures3.18and3.19,respectively.

Thegraphsshow thatgoodone-step-aheadpredictionperformancecanbeobtainedwith aFIRNN.
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Figure 3.18:One-steppredictionof lasertrainingdatawith aFIRNN.

Closedloop predictionis usedwhenpredictionfurther into the future is required.A cumulative

error builds up during closedloop prediction.This error makes long term predictionof chaotic

systemsimpossible.However, thegraphsshown in Figure3.20show that the FIRNN performed

well whenpredictingthenext T�Q�Q (datapoints S$Q�Q�Q - S�T�Q�Q ) datapointsin closedloop.
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Figure3.19:One-steppredictionof lasertestdatawith aFIRNN.
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Figure 3.20:Closedlooppredictionof lasertestdatausingaFIRNN.
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3.12 Summary

In this chapter, we discussedtheapplicationof neuralnetworksto theproblemof time seriespre-

diction.Neuralnetworksarecapableof modellingdeterministic,non-chaoticsystemswith relative

ease.However, thereexist many mathematicalandstatisticaltools that performaswell, or even

better(e.g.whenthedifferentialequationsareknown). Neuralnetworksreallyshow their strength

in chaoticapplications.Whenappliedto experimentaltime series,of which thedynamicsareun-

certainor unknown, they have little equal.Wediscussedvariousneuralnetwork architectures,and

varioustechniquesto improve their performance.We demonstratedthetechniqueson thechaotic

timeseriesthatweanalysedin thepreviouschapter. However, eventhemostcomplex of thesetime

seriespalein comparisonto thetimeserieswediscussednext : seismiceventtimeseries.
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Chapter 4

SeismicMonitoring and Prediction

4.1 Intr oduction

Geophysicsis concernedwith thephysicalpropertiesof theearth,andthereforealsowith thestudy

andmodellingof theflow of rock.Seismicmonitoringin mineswasintroducedmorethan30years

ago.Thetwo primaryreasonsfor monitoringseismicactivity wereto locatelargeseismicevents

to aid in rescueoperations,and to predict large rock massinstabilities.It haslong beenonly a

dreamto understandthephysicallaws governingrock flow to sucha degreethatadequatemodels

canbedevelopedto predictrockbursts.However, severalfactorshinderedtheachievementof this

ambitiousobjective.Until recently, seismicmonitoringsystemswerebasedonanalogtechnology,

which arenoisy andoften provide poorly calibrateddata.Furthermore,seismiceventswere,at

best,describedby their local magnitude.Thesefactorsresultedin a non-quantitative analysisof

seismicactivity. Seismicanalysiswas basedon statisticalmethods,with only limited physical

interpretation.

Recentadvancesin seismicmonitoringtechnologyhave improvedtheaccuracy of seismicsource

parametermeasurementsin hardrock mines[42]. This presentsanopportunityfor modellingthe

rockdynamics,thuspredictingseismicevents.Theprocessof monitoringseismiceventscompro-
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misesthe five stagesshown in Figure4.1: (1) continuouslymonitoringsensorsto decidewhen

thesignalbecomessignificant(triggering);(2) determinationwhetherthesignalrepresentsa seis-

mic event (validation);(3) assignmentof sensorrecordingto events(association);(4) extraction

of sourceparameters(seismicprocessing);(5) constructionof a modelfrom historicaldata(inter-

pretation).In this chapter, we discussthemethodsandmodelsusedby professionalgeophysicists

to extractandmodelseismicevents.We usetheexcellentbookby Mendeckiet al. asour primary

sourceof informationregardingthis subject[42]. We will discussour methodsfor modellingthe

datain Chapter5.

4.2 The FiveStagesof Inf ormation Acquisition

Wealreadymentionedthefivestagesthroughwhichseismicdatapassesin Section4.1:triggering,

validation,association,seismologicalprocessing,and interpretation.Figure4.1 givesa pictorial

representationof this process.Wewill now briefly discussthesestages.

Figure 4.1: Thestagesof seismicmonitoring.
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4.2.1 Triggering

Triggeringis theautomaticdetectionof aseismicsignalin real-timewhich initiatesfurtheraction.

Groundmotionis sampledatahighresolution.Thus,continuousrecordingresultsin hugeamounts

of data.Triggeringis usedto filter eventsfrom non-eventsandto initiate theprocessof generating

a report.

The fixed thresholdmethodis the simplesttriggeringmethod.The signalis comparedto a fixed

threshold;an event is declaredif the signalexceedsthe threshold.This methoddoesnot work

well in thepresenceof noise.An improvedmethodcomparesthelong-termaverage(LTA) of the

signalto theshort-termaverage(STA). An eventis declaredwhenthis ratioexceedsthetriggering

ratio ( UWV ): XZYW[
\ YW[^] UWV (4.1)

Sincean event is only detectedafter it hasbegun,the mostrecenthistory is storedin short-term

memory. Thiscanalsobeusedto determinewhenaneventends.

4.2.2 Validation

A validationstagedeterminesthe validity andsuitability of a trigger event for further process-

ing. Neuralnetworkshave beenusedfor validationandobtaineda successrateof 90%,which is

comparablewith thatof trainedoperators[9]. Thesenetworksconsistedof 200input neurons,10

hiddenneurons,and2 outputneurons.They usedthesquaredamplitudesof therecordedsignalas

input,andtrainedit on 500datasetswhich hadbeenvisuallyclassifiedasgoodor bad.

4.2.3 Association

Theassociatoridentifiesdataoriginatingfrom thesameevent.This decisionis basedon thetime

differenceof triggeringbetweentwo stations.Thetimedifference_a` b mustbelessor equalto the
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time thata seismicwave takesto travel betweenthetwo stations:c dfefghdji�clk7manoe iqpsr tvu efg u ixwzyZ{ t}| e~g | i�wzyZ{ t�� efg � ixwzy��� (4.2)

where
dfe

is thetriggertimeof the �}��� stationatposition tvu e�� | e�� � e}w , and
���

is thewavepropagation

velocity. Equation4.2canbeusedto associatepairsof triggers;furtherrulesareusedto find all the

triggerspertainingto anevent.Onestrategy, sometimesreferredto asa”network trigger”, searches

for thestarttrigger. Thefirst stationthatrecordedtheeventis setasthestarttrigger. A timewindow

from the trigger time of thestarttrigger, duringwhich all associatedtriggersmustarrive, is used

to validatethestarttrigger. If an insufficient amountof stationsareassociatedwith theevent,the

triggeris discarded,andthenext stationis testedfor beingthestarttrigger. Thelengthof thetime

window is usuallyequalto thelongestwave travel timebetweenany two stationsin thenetwork.

4.2.4 SeismicProcessingand Inter pretation

All theprocessingof acquireddatais doneat a centralsite.This sitemustperformmany tasksin

parallel.Thedataacquisitionpartof thecentralprocessingsiteis vital for maintainingcontinuous

monitoring,andis themostdeveloped,andbestunderstoodpart of thewholesystem.The inter-

pretationof thedatais doneby humanoperatorsaccordingto themodelsthatwe will discussin

Section4.7.

4.3 The SeismicEvent

Mining in hardrock caninducetwo kinds of deformations:elasticreversibleandinelasticnon-

reversibledeformations.Elastic deformationcausesno new micro defectswithin the rock; all

existing micro defectsconvect with the mass,without growing in size. Inelasticdeformationis

mainly causedby fracturingandfrictional sliding. The potentialenergy that accumulatesduring

elasticdeformationmaybeunloadedeithergradually, or bereleasedsuddenlyduringtheprocess

of inelasticdeformation.
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During inelasticdeformation,fracturingandfrictional sliding of the rock radiateseismicwaves.

Thestrength,stateof stress,size,andrateof deformationof therockdeterminethefrequency and

magnitudeof the radiatedseismicwaves.With all otherparametersheld constant,the following

generalrulesapply:

1. Theamplitudeandfrequency increasewith anincreasein rockstrengthandstress,

2. the frequency at which the mostenergy is radiated,calledthe predominantfrequency, de-

creaseswith anincreasingsourcesize,and

3. theamplitudeandfrequency increasewith increasingdeformationrate.

A seismiceventcannow be definedasa suddeninelasticdeformationwithin a givenvolumeof

rock,suchthatdetectableseismicwavesareradiated.Thefollowingsourceparameterscharacterise

aseismicevent:timeof theevent � , location�s���v�����f�E��� of theevent,seismicmoment� , seismic

energy � radiatedfrom thesourceof theevent, andsizeandstressestimates.

Seismiceventscanrangefrom thefracturingof a cubicmeterof rock,with cracksin theorderof

a meter, to the fracturingof a cubickilometreof rock, with sourcedimensionsof a few hundred

meters.Theaveragevelocityof rockdeformationvariesbetweenafew centimetrespersecondto a

few meterspersecond.In general,thevelocity is lower within softer, lesshomogeneousrock that

hasa lowerdifferentialstress.

4.4 A Simple View of Rock Dynamics

4.4.1 SeismicMoment

The distribution of the forces,or moments,at the seismicsourceV provides the most general

descriptionof theprocesseswithin therock.Theinelasticprocessesat thesourcecanbedescribed

as the stress-freechangeof size and shapeof an elasticbody without alterationof the elastic
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propertiesof the region [2]. Thechangein strain ������� providesa measurefor thechangein size

andshape.Theequivalentstresschange,or changein momentperunit volume,canbegivenby:���j  ¡q¢3£E  ¡¤���¥������� (4.3)

with £E  ¡¤��� elasticconstants.���j  ¡ is calledthe seismicmomentdensitytensor, or stressglut. The

stressglut is the internalstressnecessaryto cancelthe strainproducedby the internal inelastic

process.Integrationof thetotal momentover thesourcevolumedefinestheseismicmomentten-

sor ¦§  ¡ , ¦§  ¡q¢©¨�ª«���j  ¡x¬L (4.4)

We definethescalarseismicmoment¦ for theregion with thelargestinelasticshearstraindrop��� . In this region thestraindropis of theorderof thestressdrop.Notethat thestressdropis not

limited to thesourcevolume,whereasthestressglut is. Usingthis regionasthesourcevolume  ,

wecanexpress¦ as ¦®¢3¯°���E±¢3���� (4.5)

wherē is a rigidity constant.Theseismicmomentis oftenexpressedin termsof magnitude:²´³ ¢<µ¶¸·�¹�º ¦¼»�½�¾À¿ (4.6)

Theseismicmomentis proportionalto the integral of thefar field displacementpulseof theseis-

mic radiation.This canbeusedto determineseismicmomentfrom bodywave observations.Un-

fortunately, heterogeneitieswithin therockcausemorecomplex radiatedpulseshapes.Unbroken,

homogeneousrock causesmuchlesswave attenuationwhereasheterogeneousstructurescanlead

to anunderestimationof eventsizes.

4.4.2 RadiatedSeismicEnergy

Radiatedseismicenergy is anotherimportantseismiceventsourceparameter. Fracturingandfric-

tionalslidingresultsin thetransformationof elasticstraininto inelasticstrain,andcausesenergy to
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bereleased.Thespeed,or averagevelocity, with which thetransformationtakesplacedetermines

the frequency of the radiatedseismicwaves.For slower movement,the predominantfrequency

tendsto belower thanfor fastermovement.Furthermore,slowerrupturestendto radiatelessener-

gy, whereasquasi-staticrupturesradiatealmostnoenergy.

Theenergy radiatedfrom a singlesourcefractureis givenin termsof thesourceparameters:Á±ÂÄÃÆÅ�ÇLÈ�ÉÊÉ$ËÍÌÏÎÅ¸ÐjÑÆÒ�ÓjÔ ÕÊÖ�ÔØ×jÕ�Ù ËÍÌ Ð�ÚÜÛØÝÞ Ù�ß�Ð�Ñ~à ÚÀáãâÓjÔ ÕÊÖ�Ô�×jÕ�Ù Ë (4.7)

where
ÇLÈ�ÉÊÉ

is the effective surfaceenergy which includesthe total loss of mechanicalenergy,Ë
is the areaof the fracturewith displacementÖ�Ô , Ò�ÓjÔ Õ is the differencebetweenthe final and

initial stress,×jÕ is the unit vector normal to the fractureplane, ßzä�å is the sourceduration,and

âÓjÔ Õ is the tractionrate.The relative contribution of the fracturework to seismicenergy increases

with decreasingfracturesize.For small fractures,the first term of Equation4.7 cancelsout the

second,suppressingtheacousticemission,thusgiving riseto a ”silent” fracture.Thesecondterm

of Equation4.7 containsthe static quantitiesstressdrop andfinal slip. The final term with the

traction ratedependson the fracturepropagation,andcorrelateswith slip. Due to the presence

of the time derivative of stress,fasterstressoscillationscontribute more to the radiatedenergy.

Radiationalfriction is the high frequency wavesradiatedby the accelerationanddecelerationof

rock during a rupture.Radiationalfriction normally occurswhen the moving zoneof slip pule

reachesregionsof differing resistanceto deformation.Thethird termof Equation4.7will vanish

whenthetractionrateandslip areuncorrelated.

In practice,thestrengthanddistributionof barrierstogetherwith asperitiescauserupturesto prop-

agatein a discontinuousmatter. However, thecontribution to the total radiatedenergy from such

incoherentrupturesis unknown. Equation4.7 illustratesthat it is not possibleto obtainanunam-

biguousexpressionfor radiatedenergy only in termsof the initial andfinal equilibriumstatesof

therock.
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4.5 Transducers

Seismicwavesaremeasuredby transducersplacedthroughoutthevolumeof interest.A transducer

is a device usedto measureandconvert groundmotion to anelectricsignal.This analogelectric

signalcanthenbesampledby ananalogto digital converter, andfedto acentralprocessingsystem.

Theamplitudeandfrequency rangeof theseismicwavesto bemeasureddeterminesthesensitivity

requiredof thetransducer. Typically, thelargesteventsmeasuredrangefrom magnitudeæ´ç<è±é
to æ´ç�èëê , whereasthesmallestevents,measuredduringquietperiods,rangefrom æ´ç�è±ìJé toæ´ç�è±ìWí . Thefrequenciesatwhichmeasuresmustbemadeis dependenton thecorner(predom-

inant)frequency, which in turn dependson therockmassto bemonitored.

Figure4.2:An inertialdampedspring-masssystem.Thissystemis asimplistictransducer, usedto measure

groundmotion.

Mostseismictransducersmeasuregroundmotionrelativeto aninertialmass.Themassis balanced

by adampedspringsystem,asshown in Figure4.2.Newton’s laws for suchasystemprescribes:

æ1îFïð�ñ ïòôó è±ìÆõ ò ì÷öZøò (4.8)

whereæ is theinertialmass,ð is thegrounddisplacementto bemeasured,ò is thedisplacementof

themassrelativeto thegroundandcasing,õ is thespringconstant,and ö is thedampingcoefficient.

The following transferfunction is derived by applying the Laplacetransformto the systemof
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Equation4.8, ùúüûþý�ÿù
�Zûþý�ÿ � � ý��ý �����
	��� ý ����� (4.9)

where

ùúüûþý�ÿ and

ù
�Zûþý�ÿ are the Laplacetransformsof úZû���ÿ and �Zû���ÿ respectively, ý is the complex

frequency variable,�� � ������ is thenaturalfrequency ( � � ������� ), and 	 is therelativedamping

factor( �
	��� ������� ). Thebodeplotsfor sucha systemareshown in Figure4.3.Thegraphsshow

thatthenaturalfrequency anddampingfactorplayacentralrole in theimpulseresponse.A lightly

dampedsensor( 	! " $# ) will have anexaggeratedresponseat thenaturalfrequency, andis thus

undesirable.A dampingvalueof 	 �&%('*) will give theflattestfrequency response.

When ý,+"+ �� , thetransferfunction is essentiallyequalto � # , andthemassmirrors theground

motion. This is the classicseismometermode.On the otherhand,when ý  " -�� , the relative

motionof themassto thegroundandcasingis small,andproportionalto ý � . As this representsa

doubletimedifferentiation,themassmovesproportionalto thegroundacceleration.Thereforethis

modeis usedin accelerometers.
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Figure4.3: Thenormalisedfrequency responsefor thesystemdepictedin Figure4.2.Notethatfor under-

dampedsystems,thegainis positive.Theresponseis theflattestfor .0/�132 4 , calledcritical damping.
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4.6 SeismicParametersUsedfor Event Prediction

The following relationsbetweensourceparametersareusedby the eventpredictionmodelsthat

wediscussin Section4.7.

4.6.1 Energy Index

The energy index 576 is definedasthe ratio of the observed radiatedseismicenergy of an event

to the averageenergy radiatedby eventsof the sameseismicmoment 85:9<;>= , taken from the?A@3B 5 -
?A@3B ; relationfor theareaof interest.It is givenby therelation:

576DC 5
85:9<;>=FE 85:9<;>=GCIH�J
KML�N OQPSRUT�KMV (4.10)

where WYX and W[Z areconstantsfor thegivenarea.

4.6.2 Apparent Volume

Thesourcevolumecanbeestimatedfrom therelation \]C R^`_ . Theapparentvolumeis themea-

sureof thevolumeof rockwith coseismicstrain,andis givenby therelation:

\bacC ;d�e a C ;&fd�g 5 (4.11)

Apparentvolumedependson seismicmoment,andcaneasilybeexpressedin theform of cumu-

lative plots. It providesinsight into the rateanddistribution of coseismicdeformationandstress

transferin therockmass.Apparentvolumehasbeenshown to show precursorybehaviour prior to

instabilitiesin theform of aconsiderableincreasein thecumulativevolumeprior to theevent.

4.6.3 SeismicViscosity

Seismicviscosityis theresistanceof arockmassto theflow coseismicinelasticdeformationwithin

a volume hi\ over time hkj . Seismicviscosity is given by the ratio of seismicstressto seismic
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strain:

l3m�npoiq0r[oks�t�u]v mwx m uzy3{`| oiq7oksb}�~��~��(�n }�~��~������ � t | (4.12)

4.6.4 RelaxationTime

The period for which pastdatais useful for the predictionof future eventsis referredto as the

relaxationtime � m . It is dependenton theseismicviscosity:

� m�npoiq0r[oks�tGu l3m
{ (4.13)

4.6.5 DeborahNumber

TheDeborahnumberis givenby theratioof therelaxationtime to thetimeof observation oks :
�:� m�npoiq0r[oks�tGu � moks u y3{ oiq }&~��~����n<}&~��~��b��� � t | (4.14)

The Deborahnumbercanbe interpretedasthe ratio of elasticto viscousforces,with
�:� m going

to infinity for perfectlyelasticmediums.For
�:� m���� , theviscousforcesdominates,whereasfor

large
�:� m , thesystemwill essentiallybehaveasanelasticsolid.

4.6.6 SeismicDiffusion

Averageseismicdiffusionis givenby thefollowing relation:

� m�npoiq0r[oks�t�uz� |� m uz� |[{l3m u n<} ~��~������ � t |
y3{ oiq�}&~��~���� (4.15)

for a cubeof rock with volume �0� . SeismicDiffusion increaseswhensamesizeeventsbecome

softer, anddecreaseswith anincreasein theviscosityof theseismicflow of therock.It is afunction

of spaceandtime.

80



4.6.7 SeismicSchmidt Number

TheSchmidtnumbergivestheratio of kinematicviscosity ��� to diffusion.It measuresthe turbu-

lencein a givenflow, highernumbersindicatinglessturbulence.TheseismicSchmidtnumberis

givenby:

�0� �p���p�i�0�[�k���G� ����k� �
�3�`  �i�¡�k���£¢�¤�b¥§¦�¨¦�©

ª
« � ¢¬ �   � ¥&¦�¨¦�©

�® ¯ �   (4.16)

where ¢� is the averagetime betweenconsecutive events,and « is the rock densitydependenton

¢¬ , the averagedistancebetweenconsecutive sourcesof interactingseismicevents.The seismic

Schmidtnumbergivesthespatiotemporalcomplexity of theseismicflow of rock,with lowernum-

bersindicatinglessstableflow.

4.6.8 SeismicSoftening

Theseismicsofteningvalue
� � givesan indicationof theaverageseismicsofteningor hardening

within avolume �i� between�£° and �   . Theseismicsofteningis givenby:

� �±�p�i�0�[�k�¤²±�[�k�   �G� � ¥&¦�¨¦�©
ª ¥&¦�¨¦´³

�® ¯¶µ ¥&¦�©¦´³
ª ¥&¦�¨¦�©

�® ¯ � ¥&¦�¨¦´³
�® ¯

¥&¦�¨¦�©
�® ¯ ¥&¦�©¦´³

�® ¯ (4.17)

where �k�¤²��·�¤² µ �£° and �k�   �·�   µ �£° .

4.6.9 Time to Failur e

Thetime to failure �¹¸ is estimatedby utilising thebehaviour of materialsunderconstantstressand

temperature:

º»½¼S¾0¿» � �
(4.18)

whereÀ and
�

areconstants,and
»

is themeasuredstrain.Equation4.18is usedfor estimatingthe

time to failure: Á
�bÂ¢� ¢ª7Ã �i� � Ä

���¹¸ µ ���£Å (4.19)
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where ÆÇ and È7É arerunningmeans,and Ê and Ë areconstants.

Figure4.4showsgraphs1 leadingto aneventof size ÌAÍ3ÎGÈIÏ�Ð(Ñ ÒSÓ .

4.7 Curr ent SeismicEvent Prediction Methods

We qualitatively discussthe modelsusedby currentevent predictionsystemsfor predictingthe

dangerof continuingmining operations.The growth of the deformationprocessup to the point

of instability is callednucleation.Thebreakdown instability cannottake placebeforequasi-static

or quasi-dynamicinelasticdeformationhasoccurredwithin the rock. Experimentaldatashows

that the nucleationprocessincludessubstantialcrackgrowth, aswell asdynamicinstabilitiesof

local to smallscale.Sub-criticalcrackgrowth startsonly abovecertainstresslevels,which canbe

in the orderof Ô
ÕSÖ of the rupturestress.During this process,crack-advanceoccursby discrete,

individually dynamicevents,but the averagerupturevelocity is of small scale.The individual

micro-seismiceventscanbemodelledasa continuous,quasi-staticprocess,becausethey release

only small amountsof stressor seismicmomentcomparedto the breakdown instability. Larger

eventshave greaterinfluenceon thestressandstrainenvironmentin thearea,andaremorelikely

to influencesubsequentevents.

Thedevelopmentof thenucleationzoneis associatedwith strainsoftening.Thus,sourcesof seis-

mic eventslocatedwithin thenucleationzoneareonaverageof a lower, softernature.Experiments

have shown thatcrackbranching,andassociateddistributeddamage,areobservedonly whenthe

strengthvariationin thesourceregion is greaterthanthestressconcentration.Outsideandat the

interfaceof thenucleationzone,seismiceventsof a hardernaturecharacterisedby higherenergy

indicescanbeexpected.As thesizeof theseismicmomentof thepotentialinstability increases,

theoverallnucleationzonealsoincreasesin size.

A phaseof acceleratingdeformationprecedesbreakdown instability. Thisincreasein therateof co-

seismicdeformationprior to instability canbeattributedto theincreasedrateof micro-seismicity,
1Figuresfrom [42] reproducedwith thekind permissionfrom Kluwer AcademicPublishers
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Figure4.4: SeismicParameterreactionsbeforea ×ÙØ�Ú�ÛÝÜ�Þ
ß à�á sizedevent
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or to thesofternatureof individualeventsoccurringduringnucleation.A smalldecreasein seismic

activity hasalsobeenobservedat thebeginningof thestrainsofteningstage.This is followedby

anincreasejust beforetheinstability occurs.

The following behaviour is a goodindicationof an impendingbreakdown. Firstly, anoverall de-

creasein the averagevalueof the energy index â7ã , seismicsoftening ä`å , andseismicviscosity
æ å with time is observed in seismiceventscloseto the hypocentreof the impendinginstability.

Thesoftenedzoneis characterisedby a low seismicDeborahnumber. However, shortperiodsof

increaseand/oroscillationsin theseparametershave alsobeenobserved.Secondly, an increased

rateof coseismicdeformationasmeasuredby thecumulative apparentvolume çéèbê , andseismic

diffusion ë,å , canbeobserved.This behaviour is causedby the increasedseismicactivity rate,as

well asthesofternatureof eventsoccurringwithin thealreadyfracturedzone.Seismicsoftening

coincidingwith acceleratingdeformationcauseadecreasein seismicviscosity æ å , andanincrease

in seismicdiffusion ë,å , with a resultantincreasein theseismicSchmidtnumberä0ì±åpí . In general,

thesensitivity of theseismicmonitoringsystemis a limiting factorin thedetectionof nucleation

processes.Strongerand more homogeneousrock masshave smallernucleationzones,and are

thereforeharderto detect.
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4.8 Summary

Seismicmonitoring,event prediction,andrisk managementhave becomea very importantpart

of modernmining operation.Advancesmadein digital technologyprovide the meansto make

measurementswith accuracy levelswhich wereunthinkableonly a few yearsago.Theemphasis

hasnow shifted from accuratemeasuringto accuratemodellingof the processesgoverningthe

elasticandinelasticrock deformations.State-of-the-artevent predictionmethodscanpredictup

to oneout of every threeinelasticdeformationsof magnitudetwo andhigher. Thus,thereis still

muchroomfor improvement.

Neuralnetworkshavealreadybeenusedin thevalidationphaseof thedataflow. In thenext chapter,

wewill discusstheuseof neuralnetworksfor themodellingof theseismictimeseriesitself.
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Chapter 5

Prediction and Modelling of SeismicTime

Series

5.1 Intr oduction

Neuralnetworkshavebeenusedfor seismicdiscrimination(e.g.to distinguishnaturalearthquakes

from man-madeexplosions[59]), andfor the interpretationof seismicdatafor gasandoil explo-

ration[1]. To thebestof our knowledge,no work hasbeendoneon theuseof neuralnetworksfor

seismicevent predictionin hardrockmines.Modelling andpredictionof seismictime seriesare

verydifficult, becausethey originatefrom high-dimensionalchaoticattractors.Thehighdegreeof

noisepresentin themeasurementscomplicatesmattersfurther. Fortunately, neuralnetworkshave

beenshown to be robust in their capability to copewith noise[6]. As we have demonstratedin

Chapter3, neuralnetworksarecapableof extractingaccurateattractormodelsfrom chaotictime

series.

In Chapter4, we discussedthedifferentsourceparametersthatcharacteriseseismicevents.They

are:thetime of occurrence,thelocationof theevent,thelocationmeasurementerror, thenumber

of monitoringstationsinvolved in the measurement,the moment,the energy, andthe estimated
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errorin themomentandenergy measurements.Any of theseparameterscanbeusedto constructa

timeseries,but for thepurposesof this thesis,wewill only focuson theenergy andmoment.

We hadavailableseismiceventdatafrom a hardrock goldminein SouthAfrica. Theinfluenceof

eventsoriginatingin onepart of the mine on eventsin distantpartsof the mine is unclear. Thus

we useda dataset containinglocalisedevents.As an illustration for the processof time series

characterisation,we will examinetwo time seriesin detail: an energy andmomenttime series,

containingseismiceventsfrom asectionof theminecalledpolygonk.

In this chapter, we discusstheapplicationof themethodsdiscussedin previouschaptersto a real

world timeseries.Weshow thatmodellingandpredictingtimeseriesfrom realworld applications

areconsiderablymoredifficult thanour benchmarksystems.Oneof thereasonsfor this increased

difficulty is thepresenceof noisein the data.In thenext sectionwe discussour methodfor pre-

processingthe raw datainto useful time series.We discussthe characterisationof two example

time series.Next, we show that the methodsof falsenearestneighboursandfalsestrandsfind it

muchharderto extractembeddingdimensionsfrom thetime series.We thenshow our resultsfor

TDNN andFIRNN. Theseresultsarerepresentativeof many experimentsperformed.Thissection

is followedby asectiononregularisation.Weconcludethechapterwith adiscussionof ourresults.

5.1.1 Data Preprocessing

For time seriesprediction,neuralnetworksneedto representtime.This is normallydoneby sam-

pling a continuoussignalat a fixedfrequency. Theseismiceventsarerecordedasthey occur, and

arethereforediscrete,andirregularlyspacedin time.Weaddressthisproblemby dividing thetime

seriesinto fixed size time intervals. We chosethe biggestevent in the interval to representthe

interval. Thus,one-stepaheadpredictionwill predictthebiggestevent thatwill occurwithin the

next interval.

Our neuralnetworks usesigmoidalactivation functions.Thus,training datathat is muchbigger

thanone,or muchsmallerthanzero,will drivetheneuronsinto saturation.Trainingwith neuronsin
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saturationmodeis difficult, sincethegradientin this region is small.Thetrueenergy andmoment

valuesof seismiceventsrangefrom î�ï
ð to î�ïòñMó . A linearscalingwould have dwarfedthesmaller

events.Thus,we take the logarithm,andthenscalethedatalinearly to lie betweenzeroandone.

The time seriesareshown in Figures5.1 and5.2. The time serieshave 4000datapoints,anda

binningperiodof four hours.Thus,thetime seriescoversaperiodof aboutayearand10 months.
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Figure 5.1: Theenergy time series.Thebinningperiodis 4 hours,andthuseachdatapoint on thex-axis

representsa4 hourinterval. As discussedin Section5.1.1,thedatais logscaledto lay betweenzeroandone.

5.2 SystemCharacterisation

In this section,we follow the sameroutefor systemcharacterisationasChapter2. We calculate

thepower spectrum,correlationdimension,Lyapunov spectrumandPoincaŕe mapfor eachof the

timeseries.
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Figure5.2: Themomenttimeseries.Thebinningperiodis 4 hours,andthuseachdatapointon thex-axis

representsa4 hourinterval. As discussedin Section5.1.1,thedatais logscaledto lay betweenzeroandone.
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Figure5.3: Thelog-magnitudeandphaseanglegraphsfor theenergy timeseries

We begin by examiningthepower spectrumof bothtime series,asshown in Figures5.3 and5.4.

Fromtherich spectrain boththemagnitudeandangleplots,it is clearthatneithertimeseriesstem
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Figure5.4: Thelog-magnitudeandphaseanglegraphsfor themomenttimeseries

from aperiodicattractor. Thus,we continueandcalculatethecorrelationdimensions.

5.2.2 Corr elation Dimension
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Figure 5.5: Thecorrelationdimensionandcorrelationsumgraphsfor theenergy time series.Thecorrela-

tion sumhasaskewedS-shape,andits scaleis shown on theright border.

Thecorrelationsumsandcorrelationdimensionsfor thefirst 40embeddingdimensionsareshown
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Figure 5.6: Thecorrelationdimensionandcorrelationsumgraphsfor themomenttime series.Thecorre-

lation sumhasaskewedS-shape,andits scaleis shown on theright border.

for theenergy andmomenttime seriesin Figure5.5andFigure5.6, respectively. Thecorrelation

dimensionis obtainedfrom thegradientof thecorrelationsumat its mostlinearpoint.Weobserve

that thecorrelationdimensionsaremuchhigherthanthoseof theLorenz,Rössler, Mackey-Glass

or lasersystems.Thissuggeststhatthesetimeserieswill bemoredifficult to predict.

5.2.3 Lyapunov Spectrum

To confirm our suspicionthat the time seriesarechaotic,we proceedto calculatethe Lyapunov

spectra.Not surprising,bothtime seriescontainpositiveLyapunov exponents,andthespectraare

shown in Figures5.7 and5.8.Note that largestLyapunov exponentof themomenttime seriesis

higherthanthatof theenergy time series.We expectthemomenttime seriesto bemoredifficult

to model.
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Figure 5.7: TheLyapunov spectrumof theenergy time series
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Figure 5.8: TheLyapunov spectrumof themomenttime series
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5.2.4 PoincaréMap

Finally, we draw thePoincaŕe mapsfor themomentandenergy time series.Thegraphsshown in

Figures5.9and5.10show theattractorslessclearthanthatof our benchmarksystems.However,

someunderlyingstructureis evident,asopposedto nodistinguishablestructuresuchasthatof the

randomtimeseriesthatwediscussedin Section2.5.2.
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Figure5.9: Theenergy timeseriesmap.Thefigureshows thedevelopmentof öA÷`öAø£ù¹úQ÷`öAøüûþý±ù¹úQ÷`öAøüû!ÿ�ùQù as

ø increases.
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Figure5.10:Themomenttimeseriesmap.Thefigureshows thedevelopmentof öA÷`öAø£ù¹úQ÷`öAøbûcý±ù¹úQ÷`öAøüûiÿ�ùQù
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5.3 FalseNearestNeighboursand FalseStrands

The seismictime seriescontainsdiscreteevents,and thereforewe do not perform time lag es-

timations.We proceedto estimatethe embeddingdimensionusingthe methodsof falsenearest

neighboursandfalsestrandmethods.

Figure5.11shows theresultsfrom bothmethodsfor theenergy time series.Themethodof false

nearestneighboursseemsto converge,andsuggestsembeddingdimensionsof 37 andhigher. The

methodof falsestrandsneverreachlow falseto truestrandratios.At embeddingdimension43,the

averagesuddenlydrops,andseemsto staylower. Thisgivessomesupportto theestimationof the

falsenearestneighboursmethod.Figure5.12showstheresultsfor themomenttimeseries.Again,

themethodof falsestrandsfails to provide any goodindicationof a goodembeddingdimension.

Themethodof falsenearestneighboursreachesits smallestvalueatanembeddingdimensionof 43.

However, themethodof falsestrandsis animprovementonthemethodof falsenearestneighbours.

Thus,the failure of the methodof falsestrandscastssomesuspicionon the contradictingresult

obtainedwith themethodof falsenearestneighbours.

As we discussedin Chapter4, the seismicmomentandenergy arenot independentparameters.

Takingall resultsinto account,weconcludethatembeddingdimensionsof � 40shouldbeusedfor

bothtimeseries.

5.4 PerformanceMeasures

Beforewe discussthemodellingof thetime series,we pauseto reflecton performancemeasures.

A commonperformancemeasureis themeansquarederror(MSE):

�������	��
���� ���� �� � ��� ���
����� � "! (5.1)

where
� �

and

� �
aretheoutputanddesiredoutputfor pattern# , respectively, for a total of

�
input

patterns.
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Figure 5.11: The methodsof falsestrandsand falsenearestneighboursperformedon the energy time

series.Both methodsgive theratio of falsestrands/nearestneighboursto truestrands/nearestneighbours.
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Figure 5.12: The methodsof falsestrandsandfalsenearestneighboursperformedon the momenttime

series.Both methodsgive theratio of falsestrands/nearestneighboursto truestrands/nearestneighbours.
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The meansquarederror givesa generalideaof how well the modelfits the given data.Keepin

mind that theerroron boththetrainingsetandtestsetshouldbeusedfor evaluation.Usingonly

thetrainingMSE will giveanoverly optimisticpictureof thedegreeto which thenetwork models

theunderlyingattractor.

MSE may placetoo muchemphaseson big differences.Anothermeasureis the meanabsolute

error(MAE), givenby: $&%('�)+*�,-/.10 23�4 56 7 8�9;: <
7�=�> 7

: (5.2)

For thespecificapplicationof eventprediction,boththeMSE andMAE lack oneimportantfunc-

tionality: theability to discriminatebetweenmoreandlessimportantevents.It is importantto be

ableto tracksmallersizedevents,but it is evenmoreimportantto predictpossibledisasters.

Thus,theuseof receiveroperatingcharacteristic(ROC)curvesis warranted.Thismethodemploys

a threshold;predictionsabove the thresholdare regardedas disasterwarnings,and predictions

below the thresholdareignored.Let a big event be an event above the threshold.We definethe

probability of detection( ?A@ ) asthe ratio of detectedbig eventsto thenumberof big events.The

probabilityof detectionis usedin conjunctionwith anothermeasure,calledtheprobabilityof false

alarms( ?CB ). Theprobabilityof falsealarmsis definedastheratio of falsebig eventpredictionsto

thenumberof big eventpredictions.Thus,a ?A@ of oneanda ?CB of zerois theideal.

By varyingthethreshold,anddrawing ?A@ onthey-axisand ?CB onthex-axis,aROCcurveis drawn.

An operatingpoint can thenbe chosenaccordingto the valueplacedon predictingdisastersas

opposedto thecostonactingon falsealarms.Wewill explicitely show theinfluenceof increasing

thethresholdby plottingboth ?A@ and ?CB asfunctionsof thethreshold.

Anotherperformancemeasureis to draw thehistogramof predictionerrors.This methodcounts

the numberof pointslying within an error interval. Thus,the desiredresponseis to have all the

errorslying within a narrow region aroundzero.In essence,theerrorhistogrammethodprovides

thesameinformationastheMSE andMAE, but it is moredescriptive,visualandintuitive.

Network performancecanbe viewed from a mining engineering,or from a nonlineardynamical
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systemspointof view. For theformer, ROCcurvesfor performanceevaluationis recommended,as

accuratetrackingof thechaotictime seriesis not necessary. Fromthedynamicalsystemspoint of

view, weareinterestedin how closelytheattractoris modelled.Here,thehistogrammethodmight

beof moreinterest,sinceit is notbiasedto eventsizes.

5.4.1 StoppingCriterion for SeismicTime Series

Weinvestigatedtheuseof Diks’ Testasaperformancemeasurefor theseismictimeseries.Unfor-

tunately, we foundno conclusiveevidencethat thetestcanbeusedasa stoppingcriterion for the

seismicdata.We believe thetestfailedfor our application,becausetheseismictime seriesaretoo

noisy. Thevalidationerrorneverreachesvaluesthatwouldnecessitatetheuseof Diks’ Testto dis-

criminatewhetherthemodelis truly anaccuraterepresentationof theoriginalattractor. Therefore,

the resultsof the testnever reachacceptablevalues.We alsofoundno evidencethat the trendof

thetestcanbeusedasa stoppingcriterion.We oftenfoundthatbetter DAE valuesarereachedwith

moretrainingthanthatsuggestedby Diks’ Test.

Werevertedto using DAE and DCF asstoppingcriteria.Wecontinuedtrainingwhile the DAE for thetest

setkeptincreasingandthe DCF stayedat acceptablelevels.

5.5 Modelling and Predicting SeismicTime Series

In this sectionwe show themodellingcapabilityof neuralnetworkswhenappliedto seismictime

seriesprediction.Theresultspresentedin this sectionarerepresentativeof many experimentsper-

formed.

Wefirst presentresultsfor theradiatedseismicenergy, andthenfor theseismicmoment.Through-

out this section,whenever we show predicteddata,we will usestippledlines for the desiredre-

sponse,andsolid linesfor network output.
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5.5.1 RadiatedSeismicEnergy

All theinputdatapresentedin thissectionis scaledbetweenzeroandoneaccordingto themethod

discussedin Section5.1.1.A one-to-onemapof thelogscaledvaluesto therealvaluesis shown in

Figure5.27.
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Figure 5.13:Mappingof logscaledvaluesto actualvaluesin kJ.

Modelling and Prediction Using TDNN

We show resultsfor a TDNN trainedon the first 1000datapointsof the energy time series.We

useda TDNN with 40 input neurons,asindicatedby themethodsof falsenearestneighboursand

falsestrands.Thenetwork had30neuronsin its first hiddenlayerand3 in its secondhiddenlayer.

It hadoneneuronwith a linearactivationfunctionin theoutputlayer. We trainedthenetwork for

2500epochs.As shown in Figure5.14,thenetwork performedwell whenpredictingthe training

data,andobtaineda meansquarederrorof 0.023on the training data.Resultsfor predictingthe

unseentestdataareshown in Figure5.15.Thenetwork outputcanbelargerthanonebecausethe

outputneuronis linear. Themeansquarederroron thetestdatawas0.074.

Weevaluatethenetwork performanceusingthemethodsdiscussedin Section5.4.TheROCcurves

for the training dataare shown in Figure 5.16. Note that we split the normal ROC curve into

two curves,explicitly showing the influenceof the threshold.An operatingpoint canbe chosen

by specifyinga desiredthresholdand obtainingthe probability of detectionand probability of
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Figure5.14:TDNN Predictionof energy trainingdata.

falsealarmfrom thegraph.We observe thataccuratepredictionbecomesincreasinglyhardasthe

thresholdincreases.The ROC curves for predictionof the next 350 test datapoints are shown

in Figure 5.17. From the positive falsealarm probability for small thresholds,we deducethat

sometimeseventsarepredictedwhentherearenone.

We chosethe criteria for event detectionand falsealarm predictionsuchthat an event is only

markedaspredictedif thepredictionis above thethreshold.Thus,if eventsof size0.6andlarger

areto bedetected,andthepredictionis 0.59,it doesnot countasa prediction.Similarly, whenan

event is of size0.59,the threshold0.6, andthe prediction0.6 aswell, it is designatedasa false

alarm.

Thehistogramof errorsfor boththetrainingandtestsetareshown in Figure5.18andFigure5.19,

respectively. We do not countcorrectpredictionsof non-eventswhencalculatingthe histogram.

Includingthesepredictionscausesthehistogramscoringmethodto beoverly optimistic.
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Figure 5.15:TDNN Predictionof energy testdata.
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Figure5.16:Theprobabilityof detectionandprobabilityof falsealarmcurvesfor energy trainingdata.
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Figure5.17:Theprobabilityof detectionandprobabilityof falsealarmcurvesfor energy testdata.
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Figure5.18:Thehistogramof errorsmadeon thepredictionof trainingdata.

Next we show theresultsfor trainingup to 4000datapoints.Theresultsfor thetrainingsetwere

similar to thosealreadyshown, thuswe only show resultsfor the testset.Figure5.20shows the

first 200predictedpoints.

The ROC curvesfor the first 400 predictedpointsareshown in Figure5.21.The probability of
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Figure 5.19:Thehistogramof errorsmadeon thepredictionof testdata.
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Figure 5.20:Predictionof energy testdatawhenusingthefirst 4000datapointsastrainingdata.
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Figure5.21:Theprobabilityof detectionandfalsealarmcurvesfor theenergy testdata.

detectionfor eventsup to size0.7 is reasonablygoodat above 0.5. At a thresholdvalueof 0.72

theprobabilityof detectionis 1 for a shortperiod,andthendropsto 0. This effect is theresultof

theeverdecreasingnumberof big eventsremainingasthethresholdis increased.Thus,theoneor

two eventsabove0.72areall detected,giving aprobabilityof detectionof 1, andanumberof false

alarmsaremade.
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Figure 5.22:A histogramof theerrorsmadeon thepredictionof energy testdata

Figure5.22shows thehistogramof errorson the testdata.It shows a concentrationaroundzero,

anda smallerconcentrationabout0.5. This humpwaspresentin Figure5.19aswell, andis the
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manifestationof eventpredictionswheretherearenone.

Modelling and Prediction Using FIRNN

Weshow resultsfor aFIRNN trainedfor 7400epochs.A sectionof thepredictionof trainingdata

is shown in Figure5.23.TheFIRNN did not predicttrainingdataaswell astheTDNN. However,

it performedbetteron thepredictionof testdata,asshown in Figure5.24.
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Figure5.23:Predictionof energy trainingdatawith aFIRNN.

WhencomparingtheROCcurvesfor trainingdatashown in Figures5.16and5.25,respectively, we

observe that theFIRNN performedworsethantheTDNN. However, from Figures5.17and5.26

weobserve thattheFIRNN gavebettergeneralisationperformance.
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Figure 5.24:Predictionof energy testdatawith aFIRNN.
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Figure5.25:Theprobabilityof detectionandfalsealarmcurvesfor energy trainingdatafor theFIRNN.
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Figure5.26:Theprobabilityof detectionandfalsealarmcurvesfor energy testdatafor theFIRNN.
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5.5.2 SeismicMoment
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Figure5.27:Mappingof logscaledvaluesto actualvaluesin nm.

In this sectionwe modelandpredictseismicmoment.We foundpredictingseismicmomentto be

muchharderthanpredictingseismicenergy. Themappingof trainingdatavaluesto realvaluesis

shown in Figure5.27.

Modelling and Prediction Using TDNN

For theseismicmomentweusedaTDNN thathad40neuronsin theinputtapdelayline,30hidden

neurons,anda linear outputneuron.We trainedthe network on the first 1000datapointsof the

momenttime series.Theresultsfor thetrainingdataareshown in Figure5.28.Theresultsfor the

testdataareshown in Figure5.29.We obtaineda MSE of 0.026for the trainingdata,and0.065

for thetestdata.

Figure5.28suggeststhatthetrainingdatais not learnedverywell. However, thestoppingcriterion

focuson the KAL for the testdata.Furthertraining resultedin worse KAL and KCM valuesfor the test

set.TheROCcurvesfor trainingdataareshown in Figure5.30,andthatof thetestdataareshown

in Figure5.31.TheROC curvesclearlyshow that themomenttime seriesis muchmoredifficult

to predict.However, whenstudyingFigures5.28and5.29weobservethatcomparedto theenergy

time series,themomenttime serieshasmuchlessvaluesabove0.6.Thus,trainingdatafor values

above0.6is sparse.
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Figure5.28:TDNN Predictionof seismicmomenttrainingdata.
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Figure 5.29:TDNN Predictionof seismicmomenttestdata.
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Figure 5.30:Theprobabilityof detectionandfalsealarmcurvesfor momenttrainingdata.

0

0.2

0.4

0.6

0.8

1

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Threshold

ROC Curves for Moment Test Data

Pd
Pf

Figure5.31:Theprobabilityof detectionandfalsealarmcurvesfor momenttestdata.

Finally, we show theerrorhistogramsfor thetrainingdatain Figure5.32,andfor thetestdatain

Figure5.33.Again, thesearenotasnarrow asthoseobtainedfor theenergy data.
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Figure 5.32:Thehistogramof errorsfor themomenttrainingdata
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Figure 5.33:Thehistogramof errorsfor themomenttestdata

Modelling and Prediction Using FIRNN

For themomentdata,we foundthatFIRNNsaremuchharderto train thanTDNNs. However, in

general,whenwecouldtrainaFIRNN to modelthemomentdata,it performedbetterthanTDNNs.
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Weshow theresultsof a4 layerFIRNN. Theinput layerhad40tapsin thetapdelayline. Thefirst

hiddenlayerhad5 neuronswith 10 tapdelayseach,andthesecondhiddenlayerhad10 neurons

with 20 tapseach.We trainedthe network on the first 1000datapoints,andpredictedthe next

200.We show thetrainingdataafter300and5300epochsin Figures5.34and5.35,respectively.

Figure5.36showsthepredictionafter300epochs,andFigure5.37showsthepredictionafter5300

epochs.
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Figure 5.34:FIRNN predictionof momenttrainingdataaftertrainingfor 300epochs.

Thesetwo figuresdemonstrateatrendobservedin general.Themodelis refinedquitequickly to fit

thedatareasonablywell. Improving resultsfurtherusuallyturnsout to bequitedifficult. Weoften

observed that overshootingoccursin the testdata,andthereforethe probability of falsealarms

increasesbeyondacceptablelevels.Thus,with anincreasein theprobabilityof detection,onealso

observesanincreasein theprobabilityof falsealarmsastrainingprogresses.

We show the training andtestdataROC curvesfor the FIRNN after training for 300 epochsin

Figures5.38and5.39,respectively. Weconcludethissectionby showing thetrainingandtestdata

errorhistogramsin Figures5.40and5.41,respectively.
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Figure5.35:FIRNN predictionof momenttrainingdataaftertrainingfor 5300epochs.
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Figure5.36:FIRNN predictionof momenttestdataaftertrainingfor 300epochs.
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Figure5.37:FIRNN predictionof momenttestdataaftertrainingfor 5300epochs.
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Figure5.38:Theprobabilityof detectionandfalsealarmfor themomenttrainingdataafter300epochs.
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Figure 5.39:Theprobabilityof detectionandfalsealarmfor themomenttestdataafter300epochs.
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Figure5.40:Thehistogramof errorsfor themomenttrainingdataafter300epochs.
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Figure 5.41:Thehistogramof errorsfor themomenttestdataafter300epochs.
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5.5.3 Employing the Optimal Brain Surgeon

Theoptimalbrainsurgeonmethod(describedin detailin Section3.7.2)providesameansto remove

redundancy in theneuralnetwork. It prunesweightsthatareof little importancein thecomputation

of theoutput.Thus,it canbeusedasanindicationof how many hiddenneuronsareneededfor a

goodmodel.

A goodmodel,i.e.onewhichprovidesgoodperformancegeneralisation,is notnecessarilyeasyto

obtainby startingto trainonamodelwith only theoptimalamountof hiddenneurons.Thereason

for this is thatthetrainingprocessmightbeeasierwith moreneuronsandmoreweightsthanwith

just theoptimalamountneededfor computationalpurposes.However, sinceOBSdoesprovidean

indicationof how many hiddenneuronsareneededfor modelcomputation,it doeshelpgettinga

roughideaof how many hiddenneuronsareneededfor trainingpurposes.If nothingelse,it putsa

lowerboundaryon thenumberof hiddenneurons.

SinceOBShassuchseverecomputationalneeds,wedid notpruneall theresultantnetworks.When

we did applyOBS,we foundthatit removedmany of theweightswhile maintainingthegenerali-

sationperformance.However, weseldomfoundOBSto increasegeneralisationperformance.

5.5.4 Discussion

Theresultspresentedin theprevioussectionleavesuswith a few questions.Whichnetwork archi-

tectureshouldbeused?DoesFIRNN provideany morestrengththanTDNN? Why is themoment

timeseriesmoredifficult to model,andwhatareacceptableNAO and NCP values?

We discussthequestionof FIRNN versusTDNN first. We foundthat it is easierto train TDNNs

thanFIRNNs for both time series.Comparingthe two predictionsof the samedatasetsfor the

energy time series,we observe that theFIRNN seemsto be lessproneto make falsealarmsthan

theTDNNs,but the NAO for theFIRNN wassmaller. Weobservethesamebehaviour for themoment

data,wherethe NCP of theFIRNN is lessthanhalf thatof theTDNN. Thus,thechallengefrom the

FIRNN point of view is to increasethe NAO without anaccompanying increasein NCP , whereasthe
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challengefrom theTDNN point of view is to decreasethe QCR while maintaininggood QAS values.

Onecouldaskexactlywhatgood QAS and QCR valuesare.Valuesof 0.75for QCR soundbad.However,

whenbig eventsarefew in number, thena relatively high QCR couldbetolerable.For example,let

therebeonebig eventin four months.For a QAS of .8, anda QCR of .75,onepredictionwill bemade

eachmonth,andthetrueeventwouldhavea80%chanceof beingdetected.If thecostssavedfrom

detectingthe big event is more thanthe money lost from falsealarms,having modelswith this

accuracy will still beuseful.

Onelastquestionremains:thequestionof why modellingseismicenergy seemsto beeasierthan

modellingseismicmoment.The Lyapunov exponentshintedat this behaviour. The biggestLya-

punov exponentfor theenergy time seriesis about1.3,andthatof themomenttime seriesabout

1.8.However, thebiggestLyapunov exponentis only a measureof theperiodduringwhich valid

predictionscanbe made.The reasonmight lie in the inherit propertiesof the seismicmoment,

whichalthoughcorrelatedwith seismicenergy, is adifferentphysicalpropertyof theseismicevent.

Anotherfactorinhibiting theaccuratepredictionof largeseismicmomenteventsis therelatively s-

parsityof big seismicmoments,asopposedto themorefrequentlyoccurringbiggerseismicenergy

events.

The statisticof onedeathper day in SouthAfrican mines,which areof the mostmodernin the

world, givesanindicationof justhow difficult it is to predictseismiceventsof size.In thischapter

we presenteda methodfor extractingneuralnetwork trainingandtestdatafor raw seismicdata.

Wediscussedtheapplicationof themethodsfrom Chapters2 and3 to seismictimeseries.Wealso

discussedperformancemeasuressuitablefor theevaluationof seismiceventpredictors.Finally, we

showedsomeof ourbestresults.Wewereableto extractmodelscapableof trackingthedynamics

of thedata.Giventhehigh-dimensionalityof theattractor, andthelargenoisecomponentpresentin

thetime series,theneuralnetworksobtainedresultsthatwerebeyondexpectation.Theprediction

of (only) verybig events,especiallyeventswith a big moment,werenot asgoodaswe hopedfor,

but couldhavebeenmuchworse.Thisstudyindicatesthat,pertainingto seismiceventprediction,

neuralnetworksaredefinitelyworthyof furtherinvestigation.
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Chapter 6

Conclusionsand Dir ectionsfor

Futur eResearch

6.1 Accomplishmentsand OpenProblems

Theoverall objectiveof this studywasto investigatetheuseof neuralnetworksto predictseismic

event series.In achieving this goal we followed a specificroute.We first characterisethe time

series,obtaininginformationabouttheunderlyingattractor. We thenextractparametersusefulfor

timeseriesprediction.Wethenproceedto modelandpredictthetimeseries,usingneuralnetworks.

We first demonstratedthevalidity of this pathby showing its effectivenesswhenappliedto well-

known systems.Thenweappliedthismethodologyto theseismictimeseries.Wefirst showedhow

to preprocesstheraw seismicdatainto ausefultimeseries.Wethenshowedthatthis timeseriesis

chaotic.We showedthatstandardmethodssuchasfalsenearestneighboursandfalsestrandshave

difficulty extractingembeddingdimensionsfor thesetime series.We continuedto show results

whenpredictingtheseismictime seriesusingTDNNs andFIRNNs.We showedthatthenetworks

wereableto modelandpredictboththeenergy andthemomenttimeseries.

Thisbeingsaid,wecertainlydonotclaimto havesolvedall theworldsproblemswhenit comesto
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predictingdisastersin mines.Severalproblemsstill remain.Wefoundthatpredictinglargerevents

— which is theultimategoalfrom themineengineeringperspective— is muchmoredifficult than

predictingsmallerevents.Furthermore,modelsthatdo have a reasonableprobabilityof detecting

largeevents,almostalwayshadunacceptablyhighprobabilityof falsealarms.

Anotherproblemyet to besolvedis how to improvetheresultsof a modelbeyondacertainpoint.

We foundthata modelcapableof largeeventprediction,loosesthis ability with further training,

aimedat reducingtheprobabilityof falsealarms.Our largestconcernis thelack of goodtraining

data— i.e. highly populateddatawith acceptablenoiselevels. Noiseresultsfrom two sources,

accuracy of measurementsand irrelevant data.Irrelevant measurementsaremeasurementsfrom

unpredictablesources,for exampleblasting,andexplosionssuchasmethanegasexplosionsthatdo

notoccurdueto seismicbuildup.Thelatterproblemmaybeaddressedby marking,andremoving

irrelevant datafrom the time series.The first concernmay alsobe addressedin the nearfuture

by advancesmadein seismicmonitoringtechnology. Recently, a new kind of seismictransducer,

calledtheaccelerometers,havebeendeveloped.Thesedevicesarecapableof muchmoreaccurate

measurementsthan thosecurrently usedin mines— thosefrom which we extractedour time

series.Whendatafrom thesedevices,spanningan adequateperiodof time, becomesavailable,

neuralnetworksmaywell beableto obtainresultsadvancingthecurrentstateof theart in seismic

hazardprediction.

6.2 Inf ormation fr om KnowledgeDiscovery

Neuralnetworksarewell suitedfor many modellingpurposes,but unfortunatelyit is not obvious

what they have learnt.Thus,no new informationis gainedby obtaininga modelfor the time se-

ries,andit is alsonotpossibleto verify themodel.This ”black box” characteristicoftendissuades

domainexpertsfrom usingneuralnetwork models.However, methodsfor extractinginformation

from neuralnetworks exist. One suchmethod,called TREPAN, can extract decisiontreesthat

approximatetheconceptrepresentedby networkstrainedon time seriesdata[10]. Applying tech-
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niquessuchasTREPAN to extract understandableinformationfrom neuralnetworks trainedon

seismictime seriesshouldprove interesting.It may even lead to improving currentmodelsfor

eventprediction.

6.3 Detectionof Novelties

Seismicmonitoringconstantlyprovidesmoredata.It maybebeneficialto train theexistingneural

networks on the new dataaswell. However, if the new datacontainsno new information,more

trainingcouldresultin overfitting.Theflow of rock is a dynamicalprocess,andinvolvesvarious

parametersthatmayslowly changeastime progresses.Thus,we arepresentedwith thequestion:

when do we needto retrain the neuralnetworks?Novelty detectionposesa possiblesolution.

Novelty detectionusesthe ideaof negative selectionfoundin immunology, andhasbeenusedto

detectanomalitiesin time series[11]. Thesemethodsmay be usedto detectbehaviour that was

not presentin the trainingdata.Whensuchbehaviour is detected,it might bewise to retrainthe

network to includethenew data.

6.4 Long Short-Term Memory Recurrent Neural Networks

We experimentedonly briefly with recurrentneuralnetwork architectures.Recurrentneuralnet-

worksof substantialsizerequirelargeamountsof computingpower, andarenotoriouslydifficult

to train. However, aswe pointedout in Section3.5,TDNNs andFIRNNshave only limited con-

text. Thus,relevantinformationmaybelost to thenetwork. Recurrentnetworkshave, in principle,

unlimitedcontext. However, this comesat thepriceof difficulty during the trainingprocess.The

reasonis thatmostrecurrentneuralnetworksfind it extremelyhardto learnlong-termdependen-

cies.However, long short-termmemoryneuralnetworksclaim to beableto copewith long-term

dependencieswithout losing short-termaccuracy [23]. Thus,an investigationof long short-term

memoryfor seismiceventpredictionis warranted.
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Appendix A

Err or Backpropagation

A.1 Err or Backpropagationfor Feedforward Networks

The derivation for the feedforward error backpropagationalgorithmcanbe obtainedfrom refer-

encessuchas[21]. Here,weonly summarisethealgorithmfor weightupdates.

The algorithmconsistsof two passes;a forward anda backward pass.During the forward pass,

input is appliedto the input neurons,and the result is propagatedthroughthe network, until it

reachestheoutput.During thebackwardpass,theweightsareadaptedto fit thedesiredresponse

better. Duringtheforwardpass,thenetinputto eachneuronT attimestepU is computedasfollows:

VXW�Y U[Z1\^]�_&` W _ Y U[Z"a _ Y U[Z (A.1)

whereweight ` W _ connectsthe outputof neuron b , a _ , to neuronT . The error madeat the output

neuronis givenby

cdW�Y U[Z�\^e WfY U[ZCgha WfY U[Z (A.2)

wheree W is thedesiredoutputfor outputneuronT . Duringthebackwardpassthelocalerrorsignals
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for eachneuronarecomputed:

i	jlknmo p�q j�r�s[t	uwv�r�xXj�r�s[t	t for neurony in theoutputlayeru vj r�xXjfr�s[t	twz^{[i { r�s[t"| { jfr�s[t
for neurony in ahiddenlayer

(A.3)

where
uwv�r~}/t

is the derivative of the activation function with respectto its input, andweight
| { j

connectsthe outputof neurony to neuron � in the next layer. The updateto weight
|1j"�

is then

givenby |1j"�"r�s�����t�k&|1j"��r�s[t[���C��|1j"�"r�s�����t[����i	j�r�s[t"�f�"r�s[t
(A.4)

where
�

is the momentumconstantand
�

the learningrateparameter. The activation function is

oftenchosento besigmoidal: uCr~}/t1k ���� qf��� (A.5)

For thesigmoidalcase,thederivativecanbeshown to becomputablefrom only theoutput
��j

:u v r~}/t1k���j�r"���h��j�t
(A.6)

A.2 Temporal Err or Backpropagation

The temporalerror backpropagationalgorithmalsoconsistsof a forward anda backward phase.

During the forward pass,the input is propagatedthroughthe network until the output for each

neuronis computed.As discussedin Section3.4,eachweight in the feedforwardnetwork makes

placefor aweightvectorin theFIRNN suchthatxXj�r�s[t�k �C�� �������|l�j"� �}w�"r�s[t[�� "j
(A.7)��jfr�s[t�k uCr�xXjfr�s[t	t
(A.8)

where �}w�¡r�s[t is thestatevector, �|1j"� theweightvectororsynapseconnectedto theoutputof neurony , "j
theexternallyappliedbias,and ¢�£ thenumberof inputsin thepreviouslayer.
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The error ¤d¥ at the output neuronis againthe differencebetweenthe desiredresponseand the

networkoutput.For thetemporalerrorbackpropagationalgorithm,thestatevectorfor eachsynapse

mustbestored.For neuron¦ in theoutputlayer, thelocal gradientis computedas§ ¥�¨�©[ª1«&¤d¥�¨�©[ª	¬w¥ ¨�©[ª (A.9)

andtheweightupdatescomputedas®¯ ¥"°�¨�©�±�²�ª1« ®¯ ¥"°�±�³ § ¥f¨�©[ª ®´ °¡¨�©[ª (A.10)

where
®´ °"¨�©[ª is thestatevectorat time © . Thegradientfor neuron¦ in a hiddenlayer is computed

as § ¥�¨�©�µ�¶¸·�ª1«^¬  ¨�¹X¥�¨�©�µ�¶¸·�ª	ªwº»	¼�½ ®¾À¿» ¨�©Áµh¶¸·�ª ®¯ » ¥ (A.11)

In this equation,¶ is the depthof the hiddenlayer, with ¶(«ÃÂ the output layer. The set Ä for a

neuron¦ is thesetof all neuronswhoseinputsarefedby theoutputof neuron¦ . Theorderof each

synapticFIR filter is designatedby · , andthevector
®¾ ¨�©ÁµÅ·�ª storespreviouslocal gradientsand

is givenby ®¾ » ¨�©�µÅ·�ª�«ÇÆ § » ¨�©�µÅ·�ªÉÈ § » ¨�©�±�²lµÅ·�ªÉÈ�ÊËÊËÊËÈ § » ¨�©[ª�Ì ¿ (A.12)

Finally, theweightupdatesarecomputedby®¯ ¥"°�¨�©Í±�²�ª�« ®¯ ¥"°�±�³ § ¥f¨�©Áµh¶¸·�ª ®´ °¡¨�©�µ�¶¸·�ª (A.13)

where³ is thelearningrate.
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