Modelling ChaoticSystemswith NeuralNetworks:
Applicationto SeismicEventPredicting
In Gold Mines

Jacolusvanzyl

Thesispresentedn partialfulfilment
of therequirementg$or thedegreeof
Masterof Science
atthe University of Stellenbosch

SupervisorProf. ChristianW. Omlin
Co-supervisorProf. AndriesP. J.vanderWalt

Decembef001



Declaration

I, the undersignedherebydeclarethatthe work containedn this thesisis my own original work
andthatl have not previouslyin its entiretyor in partsubmittedt atany universityfor adegree.

Signature: ................

Date: ... .. ... ....



Abstiact

This thesisexploresthe useof neuralnetworksfor predictingdifficult, real-world time seriesWe
first establishanddemonstratenethodsfor characterisinggnodellingand predictingwell-known
systemsThereal-world systemwe explore is seismicevent dataobtainedfrom a SouthAfrican
gold mine.We shaw thatthis datais chaotic. After preprocessintheraw data,we show thatneural

networksareableto predictseismicactvity reasonablyvell.

Sameatting

Hierdie tesisondersoeldie gebruikvan neuralenetwerle om kompleksewerklik bestaandeyd-
reeksete voorspel.Ter aarvang noemen demonstreeons metodesvir die karakteriseringmo-
deleringenvoorspellingvanbekendestelselsOnsgaandanvoortenondersoelseismiesgebeur
likheidsdataafkomstigvan’'n Suid-Afrikaansegoudmyn.Onswys datdie datachaotiesvanaard
is. Nadatonsdie rou dataverwerk,wys onsdat neuralenetwerle die tydreekseredelik goedkan

voorspel.



Adknowledg@ments

| would like to thankprofessorOmlin for all the work andhelpful guidanceduring the courseof
thisthesis.| would alsolik e to thankIntegratedSeismicSystemdnternationafor supportingthis
projectby providing us with dataandfinancial assistancel. am alsothankful to Rey Doddsfor
advice,and help with the spellingand grammarof the thesis.Finally, | would like to thankmy
parentdor theirlove andfaith duringall my yearsof study



Publications

J.vanZzZyl andC.W. Omlin, "Predictionof SeismicEventsin Mines Using NeuralNetworks] In-
ternationalJoint Confeenceon Neural Networks2001, vol. 2, pp.1410-14142001

J.van Zyl and C.W. Omlin, "Knowledge-Basedeural Networks for Modelling Time Series,
Lectue Notesin ComputerSciencevol. 2085,pp.579-586,2001



Contents

1

Intr oduction 1
1.1 Motivation. . . . . . . . e 2
1.2 ProblemStatement. . . . . . .. ... 2
1.3 Objectves. . . . . . . . e 3
1.4 Methodology . . . . . . . . . . e 3
1.5 Accomplishments . . . . . . .. . . . e 4
1.6 ThesisOutline. . . . . . . . . . e 5
Chaotic Systems 7
2.1 Introduction. . . . . . . . . 7
2.1.1 EpilepticSeizure. . . . . . . . .. 7
2.1.2 Cardiorespiratonystem. . . . . . . . . ... 8
2.1.3 SecureTransmisSion. . . . . . . . . . i e 8
2.1.4 Chaodn LaserMeasurements. . . . . . . ... ... ... ... ..... 9
2.1.5 ChapterOutline. . . . . . . . . . . . . . . e 9
2.2 ChaotiCAtractors. . . . . . . . . . e 10
2.2.1 StateSpaceDescription . . . . . . ... 10
2.2.2 Equilibrium Points,PeriodicSolutions,QuasiperiodicSolutionsandChaos 10
2.2.3 FractalsStrangeandChaoticAttractors . . . . . ... ... ....... 11
2.3 SystemCharacterisation. . . . . . . . . . . ... ... 12
2.3.1 FourierAnalysis . . . . . . . e 12

Vi



2.3.2 CorrelationDimension. . . . . . . . . . .. 13

2.3.3 Lyapunw CharacteristiExponents . . . . . .. . ... ... ....... 14
2.3.4 CalculatingtheLyapunw Spectrum. . . . . .. .. ... ... ... ... 15
2.3.5 ThePoincaéMap ... ... ... ... ... ... ... ... .. ... 17
2.4 ModellingtheAttractor . . . . . . . . . . . . . . . . . e 18
2.4.1 MethodofDelays. . . . ... .. ... . . . .. ... 19
2.4.2 EstimatingtheTimeWindow . . .. ... ... ... .. ......... 20
2.4.3 Autocorrelation. . . . .. .. 21
2.4.4 Mutuallnformation. . . . . . ... ... oo 21
2.4.5 FalseNearesNeighbourhoods . . . . .. ... ... ... ........ 23
246 FalseStrands. . . . . . . . . . ... 23
2.5 Applicationto Well-Know Attractors. . . . . . . . . .. . ... ... ... ... 25
2.5.1 Thelorenz,RosslerandMackey-GlassAttractors . . . . ... ... ... 25
2.5.2 ThelLaserandRandomDataTimeSeries . . . . . ... ... ... .. .. 33
2.6 SUMMANY . . . . . . e 35
Neural Networks for Time SeriesModelling and Prediction 36
3.1 Introduction. . . . . . . . e 36
3.2 TimeDelayNeuralNetworks. . . . . . . . . . . . ... . .. . ... ... 37
3.3 UniversalMyopic MappingTheorem. . . . . . . . ... .. ... ... ...... 39
3.4 FinitelmpulseRespons®&euralNetworks . . . . . ... ... ... .. ... ... 41
3.5 RecurrenNeuralNetworks . . . . . . . .. ... ... 45
3.6 Network SelectionCriteria . . . . . . . . . . . 46
3.7 NetworkRegularisation. . . . . . ... ... ... ... .. . ... a7
3.7.1 OptimalBrainDamage. . . . . . . .. ... ... . ... 47
3.7.2 OptimalBrainSuigeon. . . . . . . . . . . ... 48
3.7.3 WeightDecay. . . . . . . . . . . e e 49
3.8 ImprovingtheTrainingAlgorithm . . . . . . ... ... ... ... ........ 50
3.8.1 AdaptvelLearningRates. . . . . ... .. ... ... 50

Vil



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

3.9 Improving Trainingby UsingPriorKnowledge . . . . . ... ... ... ..... 52
3.9.1 Knowledge-Based\rtificial NeuralNetworks . . . . . .. ... ... ... 53
3.9.2 KBANNTraiNINg. . . . . . o oo e e e e e e e e 55
3.9.3 RuleExtractionfrom A TimeSeries. . . . . .. ... ... ... ..... 55
3.9.4 PriorKnowledgeEncoding. . . . ... ... ... ... ... . ... ... 56

3.10 Early StoppingCriteria:Diks’ Test. . . . . . . . . . . . . i 57

3.11 BenchmarkProblems. . . . . . . . . ... . . .. 59
3.11.1 Network PruningDemonstrate@nthelLorenzTime Series. . . . . . . .. 59
3.11.2 Thelnfluenceof Noisy TrainingData . . . . ... ... .......... 61
3.11.3 Adaptive LearningRatesDemonstrate@n the Mackey-GlassTime Series. 62
3.11.4 FasterTrainingwith PriorKnowledge . . . . . . . ... ... ... .... 64
3.11.5 ModellingtheLaserDatawith FIRNN . . . . . . ... ... ....... 66

312 SUMMANY . . . o e e e 69

SeismicMonitoring and Prediction 70

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

4.2 TheFive Stageof InformationAcquisition . . . . . . ... ... ... ... ... 71
4.2.1 Triggering. . . . o o o e e e e e 72
422 Validation. . . . . . . . 72
4.2.3 ASsOCIation. . . . . . ... 72
4.2.4 SeismicProcessin@ndinterpretation. . . . . . ... ... ... 73

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

4.4 A SimpleView of RockDynamics. . . . . ... ... .. ... .. .. ...... 74
4.4.1 SeismicMoment . . . . . . . L 74
4.4.2 RadiatedSeismicEnegy . . . . . . . . ..o 75

4.5 TransduCers. . . . . . . . 77

4.6 SeismicParameter&Jsedfor EventPrediction. . . . . ... ... ... ... ... 79
4.6.1 Enegylindex . . .. . ... . . ... 79



4.6.2 ApparenfVolume. . . . . . . ... e 79

4.6.3 SeISMICVISCOSItY. . . . . . . o o e e 79
4.6.4 RelaxationTime . . . . . . . . . . . . e 80
4.6.5 DeboraPNumber. . . .. .. ... ... . ... ... 80
4.6.6 SeismicDiffusion. . . . . . . ... 80
4.6.7 SeismicSchmidtNumber . . . . . .. .. ... ... 81
4.6.8 SeismicSoftening . . . . . . ... 81
4.6.9 TimetoFailure . . . . . . . . . ... .. 81
4.7 CurrentSeismicEventPredictionMethods. . . . . .. . ... ... ... ... .. 82
4.8 SUMMAIY . . . . o e e e e e e e e 85
Prediction and Modelling of SeismicTime Series 86
5.1 Introduction. . . . . . . . . . 86
5.1.1 DataPreprocessing . . . . . . . v v v it 87
5.2 SystemCharacterisation. . . . . . . . ... . ... ... ... . 88
5.2.1 PONerSPpectrum . . . . . . . . e e 89
5.2.2 CorrelationDimension. . . . . . . . . . . .. 90
5.2.3 Lyapun Spectrum . . . . . . . ... e 91
524 PoincaBMap . . . . . . .. e e 93
5.3 FalseNearestNeighboursandFalseStrands. . . . . ... ... ... ....... 94
5.4 PerformancéMeasures. . . . . . . . .. e 94
5.4.1 StoppingCriterionfor SeismicTimeSeries. . . . . ... ... ... ... 97
5.5 ModellingandPredictingSeismicTimeSeries. . . . . . . ... . ... ... ... 97
5.5.1 RadiatedSeismiCEnegy . . . . . . . . . . ... 98
5.5.2 SeismicMoment . . . . . ... 107
5.5.3 EmployingtheOptimalBrainSuigeon. . . . . . . ... ... ....... 116
554 DISCUSSION . . . . . . . .. 116

Conclusionsand Dir ectionsfor
Futur e Reseach 118



6.1 AccomplishmentandOpenProblems. . . . ... ... .. ... ... ...... 118

6.2 Informationfrom KnowledgeDiscovery . . . . . . . . . . .. ... .. ... ... 119
6.3 Detectionof Novelties . . . . . . . . . . . . . . 120
6.4 LongShort-lermMemoryRecurrenNeuralNetworks . . . . . ... ... .... 120
A Error Backpropagation 121
A.1 ErrorBackpropagatiofor FeedforvardNetworks . . . . . . ... ... ... ... 121
A.2 TemporalErrorBackpropagation . . . . ... ... ... ... .......... 122
Bibliography 124



Chapter 1

Intr oduction

Chaoticsystemshave beenstudiedfor morethan35years.In 1963,EdwardLorenzdiscoveredthe
first chaoticsystemalmostby accidentwhile searchingor equationgexplainingthe behaiour of
weathelpatternd62]. Sincethen,mary methoddor the analysisandsynthesif chaoticsystems

have beenproposed.

Earlywork onneuralnetworksdatesbackto McCullochandPitsin 1943[41]. Learningalgorithms
for neuralnetworksthatcanbeusedfor time seriesmodellingandpredictionwereonly developed
in the 19805 [56]. Furthermorejt hasbeenshown that neuralnetworks are able to modeland

predicttime seriesgeneratedby chaoticsystemg69].

Mankind haslong beenaware of seismicityandits often devastatingeffects. As recentlyasthe
19705, seismicmonitoringwasstill only usedto assistin locatingthe origin of disastersn order
to coordinaterescueoperationsin the 19905, advancesmadein seismicmonitoringtechnology

have improvedthe accurayg of seismicmeasurementsnpakingpredictionfeasible.



1.1 Motivation

The studyof chaoticsystemss motivatedby the factthatmary interestingnaturalandman-made
phenomenasuchas earthquaks [59], lasersystemg[25], and epileptic seizures[26], are of a
chaoticnature.Thesephenomenave previously beenthoughtto be stochasticandthereforeto
be unpredictableHowever, researchhasrevealedthatit is indeedpossibleto predicttime series
generatedby chaoticsystemsFurthermorepnecanmeasurehedegreeof predictability However,
sincecolorednoiseis alsopredictabldo somedegree, it is necessaryo establisithe chaoticnature

of thetime series.

In SouthAfrica andall over the world, mary peopleget hurt, andevenloselivesin mining ac-
cidents.Rockhurstsand other mining relatedaccidentshave killed one person,andinjured two
othersper day in SouthAfrican minesduring the period 2000/2001Thus, the ability to predict
theseeventsis of greatimportancelt hasbeenshovn thatseismicactvity precipitatedarge seis-
mic events,andalsothatthis seismicityis of chaoticnature[42]. Theclaim of chaoticbehaiour is
basedn the existenceof attractorsof fractaldimensionsUnfortunatelythe seismicdatacontains
a high degreeof noise,at timesup to 100%. Thus,the signalcontainsa large stochasticcompo-
nent.This studyinvestigateshe modellingandpredictabilityof thesetime seriesMineswith the
capabilityto predictrockkurstswill have a definiteeconomicandsocialadvantagesincethey can

save livesandcostsoriginatingfrom rescueoperationslossof equipmentandmedicalcare.

1.2 Problem Statement

We attemptto extractmodelsfrom seismictime seriesthataregoodenoughto be usedfor predic-
tion. For this purposewe usecharacterisatioandanalysismethodsrom the fields of dynamical

systemsandchaoticattractorsWe useneuralnetworksto modelandpredictthetime series.



1.3 Objectives

Seismiceventsin minescan be characterisedy their radiatedenegy and obsered moments
(pleaseseeSection4.3 for a detaileddiscussionof sourceparameterghat characteriseseismic
events).Recordingof pasteventsform two time seriesenegy andmoment.Thisthesisaddresses

thefollowing technicalquestions:
1. Characterisationf theenegy andmomenttime seriesn termsof theirdynamicnature Are
they stochasticperiodic,or chaotic?

2. Determiningtheembeddinglimensionof thetwo coupledsystemsHow do pastrecordings

of enegy andmomenttime seriesdeterminethefuture behaiour of the systems?

3. Modellingtheenegy andmomenttime serieswith neuralnetworks.Which neuralnetworks

areappropriate?

4. Applying regularisatiormethodgo trainedneuralnetworks.Cantheiraccurag beimproved

by regularisationmethods?
5. Definemeasuresvhich quantifythe performancef trainedneuralnetworks.

6. Predictionof seismicevents.How well canthe neuralnetwork architecturesand learning
algorithmspredictfuture eventsfrom pasthistoriesof enegy and momentsandwhat are

their limitations?

1.4 Methodology

We achieve thefirst objective by studyingchaoticattractorsandtheir behaiour. We characterise
the attractorby useof Fourieranalysis correlationdimension Poincaé maps,andLyapunw ex-

ponents.



We usethe methodf falsenearesnheighboursandfalsestrandgso determineembeddinglimen-
sion of chaoticattractors We also useautocorrelatiorand mutual informationto determinethe
amountof correlationof a time serieswith itself. This is usedto obtaintime seriesthataremore

suitablefor modellingpurposes.

We will useneuralnetworksto modelattractors.Context sensitve neuralnetworks canbe used
for time seriesprediction.It hasbeenshowvn in theliteraturethatthesenetworksareableto model
chaotictime seriesobtainedrom theobsenationof systemstates\We investigatdime delay finite

impulseresponseandrecurrentneuralnetworks.

We testvarioustechnigueso improve theresultsof the neuralnetworks. Thesetechniquesnclude
pruningtechniquesuchasthe optimal brain sugeon,andimprovedlearningtechniquesuchas
adaptve learningratesandnoisy weight updatesWe implementthesetechniquesurseles,and

testthemon well-known chaoticsystems.

We evaluatethe performancef networksfor eventpredictionusingvariousstatisticaltechniques.

We useROC curves,histogramsandthe meansquarederror.

In orderto obtainatime seriessuitablefor modellingby aneuralnetwork, we preprocessaw data
obtainedirom the monitoringsystem\We thenapplyall of the abose-mentionedechniquedo the

problemof seismiceventprediction.We discussheresultsof theseexperimentsn Section5.5.

1.5 Accomplishments

We implementednostof theanalysigechniquesandtheremaindeme obtainedrom theirrespec-
tive authors.We testedour implementation®n variouswell-known chaoticsystemsOur results
werein accordancéo thosein theliterature.Using the methodsof falsestrandsandfalsenearest

neighboursye wereableto determinethe embeddinglimensionf all the chaoticsystems.

We implementedvariousneuralnetwork architecturesWe usedthemto model and predictthe

above-mentioneahaoticsystemsusingthe informationwe extractedfrom them.



Weimplementedhevariousregularisatiortechniqguesandappliedthemto thetrainedmodels.The
resultswere asexpectedfrom the literature.The optimal brain sugeonremoved excessweights,
while retaining predictionaccurag. Methodssuchas adaptve learning ratesand training with

noisyweightupdatesall seemedo have the desiredeffect.

We appliedthe analysismethodsto the seismictime series.The methodsall indicate that the
seismictime seriesarechaotic.However, we found it muchharderto extract parametersuchas
theembeddinglimensionfrom the seismictime series.Theimprovedlearningmethodsagainhad

afavourableeffect on modelextractionfrom chaotictime series.

Giventheir high dimensionalityandthe amountof noisepresentin thedata,we wereableto track
smallereventsfrom both enegy andmomentseismictime seriesreasonablywvell. In generalwe
found the enepgy time serieseasierto modelthanthe momenttime series.We were alsoableto
predictlarger events.We found that the networks tendto have a high probability of falsealarms
whenthe eventsto be predictedbecometoo big. Nonethelesswe believe our resultsto be signif-
icant, especiallyin light of the fact that currentstate-of-the-argeophysicaimodelspredictonly
about30% of big eventswith an undisclosedalsealarmprobability [38]. Thus,we believe this

explorative studyindicatesthatneuralnetworks areindeedworthy of furtherinvestigation.

1.6 ThesisOutline

In Chapter2, we describeexamplesof chaoticsystemdoundin scienceandengineeringWe give
definitionsof attractorsand chaoticattractorsWe thendescribethe variousanalysistechniques
usedfor attractorcharacterisationrhis is followedby a descriptiontechniquedor extractingpa-
rametersuseful for attractormodelling. Application of thesetechniquego variouswell-known

systemsoncludethe chapter

In Chapter3, we introduceneuralnetworksfor time seriesprediction.We discusghe useof neural
networks for patternclassificationand time seriesprediction. We presentthree different kinds

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

5



responseneuralnetworks, and recurrentneuralnetworks. Next, we discussvariousmethodsfor
choosingan appropriatenetwork architectureNetwork pruningtechniquegyo hand-in-hanawith
thesemethodsWe alsodiscussmethodsfor improving training andgeneralisatiorperformance.
We includeasectionon usingknowledge-basedeuralnetworksto improve training performance.
We briefly discussDiks’ Testwhich providesa methodfor determiningwhethertwo time series
aregeneratedby the sameattractor We concludethe chapteiby applyingsomeof thesetechniques

to theabore-mentioneaxamplechaoticattractors.

In Chapter4, we discussmodernseismicmonitoring systemsusedin mines.The descriptionof
seismiceventsis followed by anintroductionto rock dynamics.We focusour discussioron two
key seismicparametersmomentandradiatedenegy. Next, we discussseismictransducersthe
instrumentusedto measuregroundmotion. We definethe parametersisedduring seismicevent

prediction.We concludethe chaptemwith a discussiorof currenteventpredictionmethods.

In Chapter5, we reportontheapplicationof thework from the previouschaptergo the problemof
seismicevent prediction.We first discusshe preprocessingf raw seismicdata,andcontinueby
goingthroughthe procesof systemidentificationfor bothanenegy anda momentseismictime
seriesThisis followedby adiscussiorof variousmethodgor measuringheperformancef neural
networkswhenappliedto eventprediction.We alsodiscussappropriatestoppingcriteria.We then
shaw resultsfor modellingandpredictingbothenegy andmomentseismictime seriestime delay
neuralnetworks (TDNNSs) andfinite impulserespnseneuralnetworks (FIRNNS). Afterwards,we
discussthe useof regularisationtechniqueson theseneuralnetworks. We concludethe chapter
with a discussiorof the resultsobtained.The last chaptercontainsour conclusionsanddiscuss

variousinterestingpossibilitiesfor futureresearch.



Chapter 2

Chaotic Systems

2.1 Intr oduction

Much of modernphysicscanbedescribedy ordinarydifferentialequationsHowever, mary inter-

estingsystemsexist for which the ordinarydifferentialequationsareunknown, andthatareeither
highly nonlinearor chaotic.Examplesof suchsystemsare physiologicalprocessesuchasthe
cardiorespiratorgystem[24], posturalcontrol[5], electricalactiity in the brainduring epileptic
seizureq26] [36] [64], andvoice generatiorj22]. Othersystemsncludesecuredatacommunica-

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

2.1.1 Epileptic Seizure

Epilepsyis a symptomcomplex characterisetdy attacksof unconsciousnesén epilepticseizure
is astateproducedby anabnormalkexcessve neuronalkdischagewithin the centralnenoussystem
[8]. Brainactivity canbemeasuredvith anelectroencephalogra(EEG)or anelectrocorticogram
or (ECoG).Theelectrode®f anEEGareattachedo thescalp,andthoseof theECoGarein direct
contactwith the cortex. Physiciansand physiologiststry to predictseizuresby inspectingEEG

or ECoGrecordings.Seizuresseemto occurabruptly within a time scaleof secondsThe EEG
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signalis comple&, non-stationaryandmuchof its power is concentrateéh the0-30Hz range.The
presencef suchlow frequenciess characteristiof very comple, strongly cooperatie systems
[26].

EEG and ECoG signalsare chaotic. The developmentof chaostheory madethe prediction of
seizuregpossible Someauthorssuggesthatseizuresnaybepredictedupto 10 minutesin advance
[26]. Variousseizurepredictionmethodshave beenproposedjncluding methodsanalysingthe

Lyapunw exponentd26] andmethodsanalysingthe correlationintegral [36].

2.1.2 Cardiorespiratory System

The cardiovascularand respiratorysystemshave evolved to provide the body with an adequate
continuoussupplyof oxygenandnutrients,aswell asthe clearanceof wasteproducts.The stable
operationof thesesystemsnvolvescomplex coordination Nonlineardataanalysiscanattributeto

predictingtherisk of suddercardiacarrest.

Somephysiologicalprocessesare highly non-stationarye.g. switchesbetweendifferentsleeps-
tates.This necessitatedataanalysison the the short-termInvestigationn the cardiorespiratory

systemhave foundthatmary aspect®f the systemarein facthighly nonlinear{24].

2.1.3 Secure Transmission

Thefactthatthe trajectoriesof chaoticsystemsareby definition highly dependenon initial con-
ditions,canbe exploitedfor securedatatransmissionFor example ,aninformationcarryingsignal
canbetransmittedtogethemwith a statevariablefrom a chaoticattractor Only the authorisede-
ceiver canrecover the informationsignalsinceonly he canseparatehe attractorsignal,which is

known to him, from the datasignal[49].

Whenalow dimensionahttractoris usedto masktheinformationsignal,the encryptioncanoften

bebroken.Pyragagjivesa methodfor improving the securityof theinformationsignalby utilising



the Mackey-Glassattractor[52]. This methodusesthe simple delay differential equationof the
Mackey-Glassattractorto constructa very high dimensionalattractorthat has several positive
Lyapunw exponentsThe attractorcanbe basedon a single Mackey-Glasssystem,or on a setof
coupledMackey-GlasssystemsThe recever only needsto know the attractorequationsnot the

initial state.This methodclaimsto berobustwith respecto noiseaswell.

2.1.4 Chaosin Laser Measurements

It hasbeenshavn thatNHj; exhibits periodicandchaoticself-pulsing25]. Accuratemeasurements
of lasersystemawith goodsignal-to-noiseatioscanbe obtained.Thus,accurateanalysisof these

systemscanbe performed.

Analysisof the systemcanbe usedto predictsystemevolution. It canalsobe usedto reducethe
effect of noiseon the measuredlata,or to constrainthe motionto the closeneighbourhooaf an
unstableperiodic orbit. This latter procedures called control. The first methodfor control has
beenproposedoy Ott, Grebogi,and Yorke [48]. Reyl et al. successfullyappliedthis methodto a
NMR laser[53].

2.1.5 Chapter Outline

We startby describingthe variouspropertiesof chaoticattractorsWe discussstatespacedescrip-
tion, differentkindsof attractorsanddifferentiatebetweerstrangeattractorsandchaoticattractors.
Next, we discusghe variousmethodsavailableto identify chaotictime series.Thesemethodsn-
cludeFourieranalysisthe correlationdimensionLyapunw exponentsandthe Poincaé map.We
describemethodsfor extracting parametershat aid in attractormodellingincluding the method
of delays,autocorrelationmutual information, false nearestineighboursand false strands.The
methodsof falsestrandsandfalsenearesneighbourgprovidesan estimationfor the embedding

dimension We concludethe chapterby analysingwell-known systems.



2.2 Chaotic Attractors

2.2.1 StateSpaceDescription

Thestateof asystemis definedasthevalueof thesmallestvectorsuchthatattime ¢, it completely
determinesystembehaiour for ary time ¢t > ¢, [47]. The component®f the statevectorz are
calledstatevariables.The evolution of a systemcanbe visualisedasa pathin statespace.Since
a dynamicalsystemmustcontainmemoryelementsjntegratorscanbe usedto describethe state
spaceaepresentationlheevolution of the statespacecanthereforebedescribedvith thefollowing

equations:

Z(t) = f(Z,1,1) (2.1)

gj(t) = g(f, i, t) (22)

whered and y/ are the systeminput and output, respectiely. This setof differential equations
completelydescribeghe system.The collection of all possiblestatesis called the phasespace.

Thus,the phasespacds a subsebf the statespace.

2.2.2 Equilibrium Points, Periodic Solutions, Quasiperiodic Solutions and

Chaos

Astimegoesto infinity, theasymptotidehaiour of asystenthatis notpurelynoise-drvencanbe
cateyorisedasbeingoneof four generatypes:equilibriumpoints,periodicsolutions quasiperiodic

solutions,or chaoq67].

An equilibrium point canbe eitherstableor unstable Stableequilibrium pointsare calledsinks,
andunstablepointsarecalledsourcesA sink causesrajectorieqnearit to move towardsit with an

increasan time, andis anexampleof anattractor
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Whenatrajectorypreciselyreturnsto itself, the systemhasa periodicsolutionwith a fixed period
T'. Thevalueof 7' is thetime neededo reachthe samepointin statespaceagain.A limit cycleis

anexampleof anattractorthathasa periodicsolution.

Theperiodof aquasiperiodisystemis notfixed,i.e.the phasespaceds formedby the sumof peri-
odic solutionsthathave periodswhoseratiois irrational. A torusis anexampleof a quasiperiodic

attractor

Thesewheretheonly known attractorsuntil Lorenzsdiscoveryin 1963.Lorenzdiscoveredthefirst
exampleof a chaoticattractorwhile searchingor the solutionof a modelfor weatherprediction
[62]. Onefeaturecommonto thesesystemss thatthey areall completelydeterministicOncethe
systemequationsaandtheinitial conditionsareknown, the systemcanbe accuratelydescribedor

all time.

Qualitatively speaking,a chaoticattractoris an attractorthat is not of the previous threetypes.
A systemof this type is very dependenbn initial conditions,i.e. two pointsin statespacethat
areseparatedyy a smalldistancewill diverge exponentiallyasthe systemevolves.The exponents
characterisinghe rate of separatiorarecalledthe Lyapunw characteristi@xponentsandwill be

describedn moredetailin Section2.3.3.

2.2.3 Fractals, Strange,and Chaotic Attractors

A systemis consideredractionalif it containssimilar structuresat all lengthscaleg67]. Tech-
nically, thisis known asself-similarity. A fractionalsystemis oftencalleda fractal. An attracting

limit setis asetof stableasymptotianotions.
Definition 2.2.1 A strange attractoris an attractinglimit setthatis chaotic.

A strangeattractorcanalsobe definedasan attractorthatis fractal,andthe termstrangerefersto

astaticgeometricaproperty

11



Definition 2.2.2 A chaoticattractoris an attractor that hasa dependencsensitiveto initial con-

ditions.

Two pointsin the statespaceof a chaoticattractorthatareinitially separatedby a small distance
will diverge exponentiallyasthe systemevolves. Thus, the term chaoticdescribesa dynamical
property It is possiblethatan attractoris strange put not chaotic,althoughthis is not usuallythe

cas€14]. We continuein Section2.3by describinghow to identify a chaoticattractor

2.3 SystemCharacterisation

It is not alwaysimmediatelyclearwhattype of systemhasgenerated time series. A numberof
techniqueshave beendevelopedto establishthe natureof a system.We describesomeof these

techniques.

2.3.1 Fourier Analysis

Any signalf(t) canbe expressedasa Fourier series.The Fourier seriesfor a discretesystemis
givenby
x(t) = Z cpe? 2kt (2.3)

k=—o00
whereF; is aconstanfrequeng, andc, is givenby

1 .
= x(t)e™I2mkEot gy (2.4)

p Tp

The power spectrunfor the discretesignalis givenby
Py = |’ (2.5)
andthe phasespectrumby
), = tan! ¢y, (2.6)
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The power spectrunrepresentthe amountof enegy associatedavith a specificfrequeny compo-
nent,andthe phasespectrunthe phaseangleassociatedvith eachfrequengy componentFor an

in-depthdiscussiorof the continuousanddiscreteFourieranalysispleasesee[51].

The power spectruntor a systemthatis periodicor quasiperiodids characterisethy dominating
frequenciesand sub-harmonicsChaoticand stochasticsystemsare easily distinguishablefrom
periodicor quasiperiodicystemsasthey containrich broadbangower spectraaswell aswidely
varying phasespectra.Until the advent of chaostheory systemswith broadbandspectrawere
percevedto becompletelystochasticandthereforeto beunpredictableChaogheoryshavedthat
this is not necessariljthe case;new tools were necessaryo cateyorisesystemswith broadband

power spectra.

2.3.2 Correlation Dimension

The differencebetweenstrangeattractorsand purely stochastic(random)processess that the
evolution of pointsin the phasespaceof a strangeattractorhasdefinitestructure.The correlation

integral providesa measuref the spatialorganisatiorof this structure andis givenby

N

. 1 v % — ' d, ) (A

Allﬁngomg 19(T—|X1—Xj|):/(; dr'c() (2.7)
ij=

C(r)

whereX,; = (%4, Tigt, Tiat, -, Tigm—1y) fOri =1,2,3, ..., N isawindow of pointsfrom thetime
series] anarbitrary(but fixed) constantf the Heaviside function,andc¢(7") the standarctcorrela-
tion integral. GrassbegerandProcaccidoundthat,for a strangeattractor C(r) o r* for alimited
rangeof r [19]. The power v is calledthe correlation dimensiorof the attractor Thus,to identify
an attractor we plot the log C(r) - logr graph.The correlationdimensionof the attractoris the
gradientof the functionatthe pointwherethe graphis linear. Thecorrelationdimensionis onefor
a periodicprocessandtwo for a two dimensionalquasiperiodigrocessin contrastthe correla-
tion dimensionfor a strangeattractorcanbe a non-integgernumber calleda fractionaldimension.
In principle,thecorrelationdimensiorfor acompletelystochastigprocesss infinite. Thus,thecor-

relationdimensioncanbe usedto distinguisha strangeattractorfrom a purely stochastigrocess.
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It is importantto excludetemporallycorrelatedoointsfrom the pair counting.This canbe doneby
excluding pointswith indices|: — j| < w wherew is referredto asthe Theilerwindow. Theloss

of O(N) pointsis negligible giventhatO(N?) datapointsareavailable.

In Section2.4.1,we shov thatanattractorcanberepresentetly themethodof delays.Thismethod
embedgheattractorby usingm consecutie valuesof thetime seriesgeneratedby the attractorto
represenpointsin ausuallylowerdimensionaphasespaceDing etal. shav thatif theembedding
dimensionm is increasedthe correlationdimensionwill increaseuntil it reachesa plateau.They
shaw thatif abig enoughdatasetis used thisvalueof the correlationdimensiorrepresentagood
estimatefor Ceil(D,), where D, denoteshe correlationdimensionof the attractorin the original
nonembeddeflilll phasespacq13]. For shorterdatasetswith obsenationalnoise thevaluefor D,

canbeunderestimatefb5]. For morediscussioron the dimensionof attractorspleasesee[17].

2.3.3 Lyapunov Characteristic Exponents

The abore-mentionedechniquescannotconclusvely prove that an attractoris indeedchaotic.
Strangenessnly suggestshut not necessarymplies chaosPositve Lyapunw exponentrovide

strongerevidencethatthe attractoris chaotic.

In achaoticsystemiwo nearbyorbitsin phasespacealivergeatanexponentiakate.Thus,two near
ly identicalsystemsstartbehaing very differentlyastime progresseslheLyapunw characteristic
exponentgquantifythis property The magnitudeof the Lyapuna exponentgeflectsthetime scale
in which systemdynamicsbecomesinpredictableFormally, the Lyapunw spectrums definedas
follows [70]: givenan n-dimensionalphasespacethe long-termevolution of aninfinitesimaln-
spheras monitored As thesphereavolves,it will turninto ann-ellipsoid.Theith one-dimensional
Lyapunw exponents thendefinedin termsof thelengthof theresultingellipsoid’s principal axis
pi(t)

i = tlirglo % log, M (2.8)

pi(0)

The Lyapunw spectrumis thenformedby the set (A, o, ..., \,), where\; arearrangedn de-
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creasingorder

The \; arecalledthe Lyapunw characteristiexponentspr Lyapune spectrumAn attractorthat
hasone or more positive Lyapunw exponentsis chaotic[70]. We discussthe calculationof the

Lyapunw spectrunmext.

2.3.4 Calculating the Lyapunov Spectrum

Wolf et al. presentan algorithmfor calculatingthe Lyapunw exponentsfrom a time seriesof
experimentaldata[70]. First, the attractoris embeddedandthe m-dimensionapbhasespacecon-
structedrom thetime seriegseeSection2.4.1). TheEuclideardistancel(t,) to nearesheighbour
of thefirst pointin phasespacds calculatedThislengthelemenis evolveduntil it startsto shrink.
Sincethe exponentialexpansionindicatedby positive Lyapunw exponentss incompatiblewith
motion on a boundedattractor a folding processmeigeswidely separatedrajectoriesagain.At
this time, the lengthelementhaslength L' (¢, ), andthe datais searchedor a point satisfyingthe
following criteria:its separatiorL (¢, ) from theevolvedpointis smallrelativeto thegeometricsize
of theattractor andthe angularseparatiorbetweerthetwo pointsis small.If no suchpointcanbe
found,theoriginal pointis retained.The procedurds continueduntil the datais exhaustedThus,
only the small scalestructureof the attractoris examined.Therefore the underestimatiomf ); is
avoidedby notmeasuringengthsin regionsof the attractorthatcontainfolds. Thefirst Lyapunw
exponents thenapproximatedy:
M

A L > "log L'(t) (2.9)

Tty —to P > L(tp_1)

where) isthenumberof replacementaNolf etal. continueby giving analgorithmfor calculating
A1+ Ao Insteadof following thisroute,we describahealgorithmby Eckmanretal. for calculating
the completespectrum[16]. In short, the algorithm consistsof three steps:(a) reconstructhe
dynamicsin a finite dimensionalspace,(b) obtainthe tangentmapsto the reconstructiorby a
least-squarefit, and(c) deducethe Lyapunw exponentsrom thetangentmaps We now describe

thealgorithmin moredetail.
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Step(a): thetime seriess embeddeavith dimensiond;; (seeSection2.4.1).

Step(b): Find matrix 7; that describeshow the time evolution sendssmall vectorsaround; to
smallvectorsaroundz;, ;. Thuswe definematrix 7;:

Ti(%) — %) m Tjy1 — Tina (2.10)
Sincethevectors#; — ; maynotspank?z, T; mayonly be partially defined.Thus,it is assumed
thatthereexistsanintegerm suchthatm > 1, and

with d;; < dg. Associatewith 7; a d,-dimensionalvector

—

Ty = (xi, Litrmns -eey xi+(dM71)m) (2.12)
= (i, Titms o Tigdg—1) (2.13)
Thus,we aresearchindor T; suchthat
Ti(Z; — &) = Tjsm — Tigm (2.14)
Eventhoughm > 1, the distancemeasurementarestill madein dimensiond ;. We defineSZ(r)
asthesetof indices; of neighbourst; of z; suchthat
|7 — T <7 (2.15)

We computethe leastsquardit andobtainvaluesfor a;, by

dy—1 2

DD ket (@skm — Tivkm) = (Trdym — Tivdym)| = Minimum (2.16)
jesf(r) L k=0

Thevaluesa, thendefineT; suchthat

[ 0 1 0 0 ]
0 0 1 0
1 = R : (2.17)
0 0 0 1
i a1 Q2 az ---  Agy, ]
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Step(c): Define successiely orthogonalmatricesQ ;) and uppertriangularmatrices?(;, with

positive diagonalelementsuchthat

T\Qu = QuRny (2.18)
TiimQay = Qu R (2.19)
TijmQy = Qu+n R+ (2.20)

whereqQ) o) is theunit matrix. Now, the Lyapun exponentscanbe expresseds

1 K-1

A = D " In Ry (2.21)
j=0

mrK

where K is the available numberof matrices,andr the periodthat the time serieswassampled
with. There exist several commercialand public domain software packagedor calculatingthe

Lyapuna spectrumandonedoesnot needto implementthesealgorithmsby one’s self.

2.3.5 The Poincaré Map

Beforedescribingthe Poincaé map,we first definethe two terms,mapsandflows. At eachpoint
in statespacethedifferentialequationgor the systencanbethoughtof asdefiningavectoratthat
pointin spacedeterminingthe behaiour for the systemat thatpoint. Thus,theindividual vectors
describelocal behaiour. An integral curve or trajectoryis the solutionto the setof differential
equationsTheflow of a systemis definedasthe collectionof all solutions,or all integral curves
[67].

Mapsarethediscreteime versionof flows. As flows arespecifiedby differentialequationsmaps
arespecifiedby differenceequationsMapsareeasietto analyseandwerethereforehefirst chaotic

systemso be studiednumerically

Any continuousflow cangeneratea map by samplingthe flow at pointst = nT, whereT is

the samplingperiodandn = 0,1, 2, 3, .... To generateghe Poincaé map, this samplingis done

LFor this thesiswe madeuseof the TISEAN packageavailableat http://wwwmpipks-desden.mpgle
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accordingto certainrules. Tufillaro et al. give the following formal definition:if - is the orbit of
aflow ¢, in R", choosealocal crosssectiony € R" abouty, suchthatX is of dimensionn — 1
andtrans\erseto ¢,. Thus,F(Z)- N(Z) # 0 for all # € 3, whereF'(Z) is thevectorfield definedat
pointsZ in phasespaceand N () theunit normalvectorto X atZ. If 7'is apointwherey intersects

¥, andq € ¥ apointin theneighbourhooaf p, thenthe Poincaé mapis definedby

P:S =%, P)=¢.(] (2.22)

andr = 7(q) is thetime neededor anorbit startingat ¢'to returnto .

To identify a flow on a Poincaé mapthe following generalrules apply: a periodic motion will

have a finite numberof pointson the Poincaé mapwhereasa quasiperiodicsystemwill have an
infinite numberof pointstracingout a closedcontour[65]. Sincea chaoticsystemnever revisits
the samestate,it will traceout contourson the Poincaé map.However, unlike a purely random
processthesecontourswill have definite structureandwill graphicallyindicatethe presenceof

theresponsiblattractor

2.4 Modelling the Attractor

Having establishedhat a systemcontainsa chaoticattractor we needto modelthe processpy
reconstructinghe statespace.Two methodsare available: the methodof delaysand principal

componenganalysis.

We will notgive adetaileddescriptionof principalcomponenganalysisaswe will usethe method
of delaysfor attractormodelling.Insteadwe referthereaderto work by BroomheadandKing [7].
The methodof delaysis the most popular;recentwork by Bakker et al proposesa methodfor

improving principalcomponenanalysisandusedit to modelchaoticattractord3].
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2.4.1 Method of Delays

BroomheadandKing alsogive agoodintroductionto the methodof delays[7]. Beforediscussing

themethodof delays,we first definesomemathematicatoncepts.
Definition 2.4.1 A manifoldis any smoothgeometricspacee.g. a line, surface or solid.

Sincethe manifoldis smooth,it cannothave ary sharpedgeq67]. Circlesandlinesareexamples
of one-dimensionainanifolds,and the surface of a sphereis an exampleof a two-dimensional

manifold. We definedthetermmapin Section2.3.5.

Definition 2.4.2 A mapis a homeomorphisnf it is bijective (one-to-one)continuousandhasa

continuousnverse

Definition 2.4.3 A diffeomorphisnis a differentiablehomeomorphism.

Let the original systemhave phasespaceS with dimensions, andlet the attractorof interestexist
within S. It is generallythe casethat thereexists a smoothmanifold A7 with dimensionm < s
suchthattheattractorcanbedescribedompletelywithin M [7]. Forinitial statesieartheattractor
the asymptoticbehaiour of the systemwill be suchthatthe flow will lie on trajectoriesnearthe
attractor Thus, it is only necessaryo describethe attractorwith dimensionm. We candescribe

themanifold M by way of anembedding.

Definition 2.4.4 An embeddings a smoothmap ¢ fromthe manifold A/ to a spacelU, sud that

its image, ¢(M) C U, is a smoothsubmanifoldof U, andthat ¢ is a diffeomorphisnbetweeny/
ando(M).

Thus, the embeddings a realizationof M within U. Takensproved an importanttheoremthat

stateghatanembeddingxistsif thedimensiond of U is suchthatd > 2m + 1:
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Theorem 2.4.1 For pairs (F, v), with F' a smoothvectorfield, and v a smoothfunctionon M, it

is a genericpropertythat
bro(y) : M — R (2.23)

whee theembeddingz, () is definedas

S0 () = (0(F), v(W1(D));s s v (P2 (9)))" (2.24)

wheee v, is theflow of F'.

This theoremgivesus a way of representinghe attractor sincev () is the measuremenmade
on an obsenable statevariable while the systemis in a stateyy € M. For this embeddingd
is calledthe embeddingdimension.Takens’ theoremis strictly an existencetheoremand makes
no suggestionsas how to find the embeddingdimension,the samplingperiod 7,, the lag time
71 = J7g, or thewindow lengthr,, = n7;. Themethoddor estimatinggheseparametersvill bethe
subjectof furtherdiscussiorn the following sectionsFor a mathematicallythoroughdescription

of embedologypleasesee[58].

2.4.2 Estimating the Time Window

Thetime window 7, is composedf two variablesthe embeddinglimensiond, andthe sampling
periodr,, suchthatr,, = 7,(d — 1). Theoreticallyfor perfectnoiselesslata,thereexistsno upper
boundon eithervariable.However, thisis almostnever the casein practicewhereinaccuratanea-
surementsesultin boundson both variablesIn orderto introducethe minimumamountof noise
into thereconstructionit is beneficialto choosel assmallaspossible suchthatavalid embedding

still exists.Notethatd > 2m + 1 is asufficient condition,nota necessaryequirement.

Therealsoexist lower and upperboundson the samplingperiod.If 7, is too small, consecutie
vectorswill behighly correlatedandtheattractomwill lie onthediagonalin R¢. This problemcan

usuallybe addressetty employing alag time suchthatr,, = 7,(d — 1) wherer; = Jr,. Whenr,
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becomedoo long, folding may result,andthe componentsnay againbe correlated We discuss

methoddor estimatingr, andr; next.

2.4.3 Autocorrelation

Theautocorrelatiorfiunctionprovidesameasuref the similarity of asignalwith adelayedversion
of itself. Thus,the autocorrelatiortanbe usedasa crudeapproximatiorfor 7,. We simply choose
7, asthefirst point wherethe autocorrelatiordropsbelow a certainthreshold often chosenas %

or wheretheautocorrelatiorgoesto zero.Autocorrelationonly measurefineardependenciesnd

thereforeonly providesafirst orderapproximatiorfor 7.

2.4.4 Mutual Information

In 1986,FrasierandSwinneg/ proposednutualinformationto obtainanestimateor 7, [18]. Mutual
informationprovidesa generaimeasurdor the dependencef two variablesThus,thevalueof 7,
for which the mutualinformationgoesto zerois preferred FrasierandSwinng/ recommendising
the first occurrenceof zero mutualinformationasan estimationof the valuefor ;. Lieberet al.
listsadditionalargumentdor choosinghefirst zero[37]. We continueby describinghealgorithm

for computingthe mutualinformation,accordingto FrasierandSwinney [18].

Mutualinformationis ameasurdoundin thefield of informationtheory Let.S beacommunication
systenmwith sy, s, ..., s,, asetof possiblemessagewith associategrobabilitiesPs(s;), Ps(s2), ..., Ps(sy).
Theentrofy H of the systemis the averageamountof informationgainedfrom measurings. H is

definedas

H(S) = = > Pi(si) log Pi(s:) (2.25)

For alogarithmicbaseof two, H is measuredh bits. Mutualinformationmeasurethedependeng

of z(t +T) onx(t). Let[s, q] = [z(t), z(t + T")], andconsidera coupledsystem(S, )). Then,for
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sentmessage andcorrespondingneasuremern;,

H(Q|si) = Z als(@515:) 10g[ Py s(g554)] (2.26)
- sq Slaq Psq(siaq‘)
= _ Z Ps(si)J log Ps(si)J (2.27)

whereFP,,(q;|s;) |stheprobabllltythatameasuremeruf ¢ will resultin ¢;, subjectto thecondition

thatthe measuredalueof s is s;. Next we take the averageuncertaintyof H(Q|s;) over s;,

H(Q|S) = ZP si)H(Qls:) (2.28)
_ e Psa(sigj)
= —%Psq(s,,qj)logips(Si) (2.29)
= H(5,Q)— H(S) (2.30)
with
H(S,Q) == Puy(si,q;) log Pyy(si, ¢5) (2.31)

1,J
The reductionof the uncertaintyof ¢ by measurings is called the mutual information (.S, Q)

which canbe expresseds

1(Q,5) = H(@Q) - H(Q|5) (2.32)
= H(Q)+H(S) - H(S,Q) = I(5,Q) (2.33)
whereH (Q) is theuncertaintyof ¢ in isolation.If both S and@ arecontinuousthen
Pyy(s.q)
15.Q) = [ Puls.)log B s dsdy (2.34)

If s andg aredifferentonly asa resultof noise,then (S, Q) givesthe relative accurag of the
measurementslhus, it specifieshow much informationthe measuremendf x; provides about

x;+1. Themeanandvarianceof the mutualinformationestimationcanbe calculated44].

Although mutual information guaranteesliecorrelatiorbetweenz;, andz;,, and betweenzy
andzxy, o, it doesnot necessaryollow thatz, andz, o, arealsouncorrelated33]. Kugiumtzis
proposesettingr,, equalto the meanorbital period,which canbetakenasthe meantime between

peaksfor low dimensionakystems.
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2.4.5 FalseNearestNeighbourhoods

Mutual informationgivesan estimatefor 7, but doesnot determinethe embeddingdimensiond.
The theoremby Takensstatesthat an m-dimensionalattractorwill be completelyunfoldedwith
no self-crossingsf the embeddinglimensionis chosenlargerthan2m. Thus,it is certainthatan
embeddingloesexist, but we needa methodfor finding a goodvaluefor d. The methodof false

nearesheighbourgivesanalgorithmfor estimatingd [31].

The methodis basedon the ideathat two points closeto eachother (called neighbours)n di-
mensiond, may in factnot be closeat all in dimensiond + 1. This canhappenwhenthe lower
dimensionakystemis simply a projectionof a higherdimensionakystemandis unableto com-
pletely describethe higher dimensionalsystem.Thus, the algorithm searchedor "false nearest
neighbours’by identifying candidateneighboursjncreasingthe dimension,andtheninspecting
the candidateneighbourdor falseneighboursWhenno falseneighbourscan be identified, it is
assumedhatthe attractoris completelyunfolded,andd at this point taken asthe embeddingdi-

mension.

2.4.6 FalseStrands

The methodof falsestrandsis animprovementon the methodof false nearesheighbourq30].
Themethodof falsestrandsaddresseproblemsarisingfrom high samplingrates. Thefalsenearest
neighboummethodmay classifyall neighboursastrue neighboursf the samplingrateis too high.
The solutionis to ignore pointswithin a temporaldecorrelationinterval aroundthe point being

tested.

The methodof false nearesineighbourshasa secondflaw. Considertwo orbit segmentsof an
attractorof dimensiond + 1. In dimensiond, the projectionof the higher dimensionalorbit is
a straightline, which hasno folds, but in dimensiond + 1 the orbit folds and makes a strong
angle.Thus,the neighbouran dimensiond remainneighboursn dimensiond + 1, anda wrong

(lowerdimensionalklassifications made This problemis addressebtly searchindor falsestrands
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insteadof false neighbours.Strandsare seriesof neighbours.Two strandpairs are falseif the
averageextra distancebetweenthem with anincreasein dimensionis large. The dimensionis

increasedintil theratio of falsestrandgo thetotal numberof strandds small.

A global linear transformationof the statespaceto remove all linear cross-correlatioramong
the componentdasbeenproposed30]. The methodrenderseachauto-correlatiorunity. If the
embeddinglelaytimeis tooshort,thenthedatabecomesighly correlatedandy; = v, = ... = 9/,
whichresultsin atoo smallfalsestrandratio. Theauthorssuggestisingacombinatiorof principal
componentnalysisandorthogonakotation. Thefinal datato be embeddedandusedby thefalse

strandamethod,s containedn an N by d + 1 matrix B,

AVD™Q
B= —N (2.35)
whereA is the N by d matrixwith A;; = y(¢); and
A=UDVT (2.36)

with U andV" orthogonaland D diagonal Finally, the orthogonakransformatior() is givenby
Q = H(Z — |Z]€411) (2.37)

with €4, theunit vectorin directiond + 1, andthe Householdematrix H (z) = I@ffr For the

detailsof the derivationof this result,see[30].

We now have toolsfor estimatingthe embeddinglimensionandthe samplingperiodof a chaotic
time series.In orderto measureaheir performancewe apply thesemethodso somewell-known
chaoticattractors:.Lorenz, Rossler Mackey-Glass,and laserdata,aswell asa purely stochastic

systemfor comparison.
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2.5 Application to Well-Know Attractors

2.5.1 TheLorenz,Rosslerand Mackey-GlassAttractors

The differential equationdor the Lorenz, Rosslerand Mackey-Glassattractorsare well known.
Thus,they have often beenusedin the literatureto study chaoticattractors.We first definethe
systemsandthenwe evaluatethe systemidentificationandmodellingparameteextractiontech-

niques.

The Mackey-Glassdifferentialequationcomesfrom thefield of physiology[40] andis givenby

de  ax(t—7)

& Tragn W (2:39)

TheLorenzequationsverederivedfrom a modelof fluid corvection[62]. They aregivenby

Z—j = o(y—x) (2.39)
% = roe—y—uaz (2.40)
% = a2y —bz (2.41)

The Rosslerequationdave noreal physicalinterpretatior{54], andaregivenby

dx

_ 2.42
o (y + 2) (2.42)
dy
A 0.2 2.43
7 x4+ 0.2y ( )
d
d—’_j = 02+ z2(z—5.7) (2.44)

For eachsystem,we only one considerone statevariable. This producesthe scalartime series
shavnin Figure2.1.We beagin by exploring the power spectrunfor eachtime seriesNotethatwe
definethe samplingperiodas1s. Thus,the highestpossiblefrequeny componenpresentn the

signalwill be0.5Hz.

Figure 2.2 shaws that none of thesesystemshave sharppeakswith sidebandsat subharmonic

frequenciesHowever, eachgraphshaows definite structureand further analysisis necessaryo
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Figure 2.1: TheLorenz,Rossler andMackey-Glasstime series.

determinethe natureof the governingsystem.Thus, we continueby calculatingthe correlation

dimensionfor eachsystem.

We shaw thecorrelationintegralandcorrelationdimensiongraphdor thetime seriesn Figure2.3.
EachcurveonthegraphrepresentanembeddinglimensionThecorrelationintegralhasa skewed
S-shapeandits y-axisscaleis shavn ontheright borderof Figure2.3. Thegraphsdemonstrat¢he
diminishinginfluenceof higherembeddingdimensionson the correlationdimension.The slope
of the mostlinear sectionof the correlationintegral graphdetermineghe correlationdimension.
The curvesfor the correlationintegral estimationare noisy, andit is difficult to obtaina precise
estimationfor their slopes However, if onetake the averageof the correlationdimensionsat their
mostlinearsectionsnoneof thetime serieshave integercorrelationdimensionsThus,we deduce

thatall thetime seriesarefractal of nature.

The Lyapunw spectrumfor eachtime seriesis shavn in Figure 2.4. Since we are interested
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Power Spectrum for the Mackey-Glass Data

Frequency [Hz]

Figure 2.2: Thepower spectreor the Lorenz,Rossley andMackey-Glasstime series.

in establishingwhetherthere are positve exponents,we only shav the largestexponents.Al-
| threetime seriescontain positive Lyapun characteristicexponents.This indicatesthe pres-
enceof chaoticattractorsfor all threetime series,asillustratedby their threedimensionaimaps

(x(t), z(t — 1), 2(t — 2)) showvnin Figure2.5.

Next, we estimatethe lag time 7; usingthe methodsof autocorrelatiorand mutual information.
Thelagtime canbetakenatthefirst zeroon the autocorrelatiorgraph,or at the first minimumon
themutualinformationgraph.Fromthegraphsshovnin Figure2.6,we obsene thatthe mutualin-
formationcriterion prescribeshorterag timesthanautocorrelationSpecifically from the mutual
informationgraphswe readthelag timesfor the Lorenz,Rossler andMackey-Glasstime seriesas

5s,6s,and10s, respectiely.

Finally, we estimatethe embeddingdimensionusing both the falsenearesneighboursandfalse

strandmethods Both methodsspecify the embeddingdimensionas the embeddingat the point
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Figure 2.3: Thecorrelationintegral anddimensioncurvesfor the Lorenz,Rossler andMackey-Glasstime
seriesEachcurve onthe graphsrepresentanembeddinglimension.The correlationintegral hasa skewed

S-shapeandits y-axisis shavn ontheright border

wherethe graphfirst goesto zero. Figure 2.7 shavs that both methodssuggestan embedding
dimensiorof 4 for theRosslersystemThefalsenearesheighboursnethodsuggestanembedding
dimensionof 4 for boththe LorenzandMackey-GlasssystemsThefalsestrandmethodsuggests

embeddinglimensionf 3 and6 for the LorenzandMackey-Glasssystemsrespectrely.
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Figure 2.4: The Lyapuna spectrunfor the Lorenz,Rossler andMackey-Glasstime series Notethat, as
discussedn Section2.3.3,the Lyapun@ exponentsare calculatedby evolving lengthelementsThe graph

shaws thesizeof the exponentsasthey areevolved.
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Figure 2.5: TheLorenz,Rossley andMackey-Glassattractors.
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Figure 2.6: The autocorrelatiorand mutualinformationfor the Lorenz,Rossley and Mackey-Glasstime
seriesBoth measuregive anestimationfor thetime lag betweerthefirst two uncorrelatedime seriesdata

points.
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Glasstime seriesprovide estimationgor theembeddinglimensionf therespectie attractors.
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2.5.2 The Laser and Random Data Time Series

The lasertime seriescontainsmeasurementmadeon a farinfrared laser as describedn [25].
Figure2.8 shawvsthistime seriesaswell asarandomtime serieswith a uniform distribution. The
power spectrungraphshavnin Figure2.9indicateghatthelaserdatais generatedhy adynamical

system.Therandomdataseemsa bit suspecthut we cannotsaythatit is arandomprocesgyet.

Far-Infrared-Laser Uniform Distributed Data

Figure 2.8: Thelaserandrandomtime series.

Power Spectrum for the Laser Data Power Spectrum for the Random Data
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Figure 2.9: The power spectrdor thelaserandrandomtime series.

The correlationsum and correlationdimensiongraphsfor the laserand randomtime seriesare
showvn in Figure2.10.We obsenre thatthatthe randomprocesshasa muchhighercorrelationdi-
mensionandthatthe correlationdimensiorfor neithertime seriess integral. Thisis anindication
of strangenes$otethatwe statedthatin principle,the correlationdimensionof randomprocess-
esareinfinite. However, this is only true whenusingtime seriesof infinite size.Whenusingtime

seriesof finite size,high correlationdimensionsareindicative of randomness.
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Figure 2.10: The correlationsumanddimensionfor the laserandrandomtime series.The y-axis of the

correlationsumis shavn ontheright border
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Figure 2.11: TheLyapune spectréor thelaserandrandomtime series.

Laser Time Series Random Time Series

Figure 2.12: Thelaserandrandomdatamaps.
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The Lyapunw spectrunfor both systemsareshownn in Figure2.11. The existenceof positive ex-
ponentsfor both systemsndicateschaoticbehaiour. However, the mapsshowvn in Figure 2.12
illustrate the differencebetweenthe two systemsThe trajectoriesof the laserdatahave definite
structurewhereaghoseof therandomdatafills the entirestatespaceandshowv notevena projec-
tion of anattractor Fromall the evidencewe concludethatthe laserdatacanbe modelled but not

therandomdata.

2.6 Summary

In thischapterwe discusse@haotictime seriesChaoss arelatively new conceptput hasattracted
muchattentionsinceits discovery in the 1960%s. The reasonfor this attentionis that mary inter-
estingtime series(from both a scientificand economicviewpoint) are chaotic.Chaoticsystems
may, or maynot bedeterministicHowever, only short-termpredictionsarepossible We discussed
methoddor identifying chaodn time seriesThemostusedmethod the Lyapuna spectrumgives
anestimationof how fasttheflow of theattractorexpandsor shrinks,andthushow predictablehe
time seriesis. We alsodiscussednethodgor extractingmodellingparametergérom chaotictime
seriesWe demonstratethe applicability of thesemethodsThus,we cannow focusour attention

on modellingandpredictingchaotictime series.
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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 perceptronsare capableof representingrbitrary input/outputmap-
pings[4]. Examplesof staticproblemsareopticalcharacterecognition,DNA analysisandcredit
scoringsystemsThereexist two kinds of spatio-temporabroblemstime seriesclassificatiorand
prediction.Speechrecognitionandwaveletclassificatiorareexamplesof time seriesclassification.
Controlandfinancialtime seriespredictionareexamplesof predictionproblems.Time seriespre-
diction canbe performedone-step-aheadultiple-step-aheadyr in closedloop. One-step-ahead
predictionusesonly pastvaluesof thetime seriesfor prediction.Multi-step-aheagbredictionuses
predictedoutputsas well. Multi-step-aheadgredictionoperateghe network in closedloop, and
predictedoutputsareusedasif they weretime seriesdatapoints.In this way, predictionsfurther
into the future canbe made.Neural networks with no feedbackloops have limited contet, i.e.
they have limited memory andthusonly alimited knowledgeof the history of the system Recur

rentnetworks have feedbacloops,andconsequentiyave unlimited context. They weredesigned
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specificallyto model time-varying patterns.For the remainderof this thesis,we will focusour

attentionon predictingspatio-temporapatterns.

We continuen thenext sectionwith anintroductionto time delayfeedforwardnetworks(TDNNS).
We discusghe myopicmappingtheoremwhich providesthe mathematicajustificationfor theuse
of TDNNs astime seriegpredictorsWe discusdinite impulserespons@&euralnetworks (FIRNNS)

andrecurreninetworks next.

We continuethe discussiorby describingseveraltechniquedor network regularisation.We also
discusgtechniquedor improving the error backpropagatiotraining algorithm. Next, we present
theuseof knowledge-basedrtificial neuralnetworksto improvetraining.We alsodiscussaanearly
stoppingcriterion, calledDiks’ Test.Finally, we apply the discussednethodson the time series

analysedn Chapter2.

3.2 Time Delay Neural Networks

We bagin this discussiorby defininganeuron.A neuroncanbe describedy the equation
p
=0

wherey; is theoutputof theneuron,z; is asetof : inputs,eachconnectedia aweightw;; ando (v)
is a nonlinearactivation function. The sigmoidalactivation functionis by far the mostcommon,
andis givenby

B 1
C 14e®

o(x) (3.2)

Usually, input z, is assigneda constantvalueof plusone,andis calledthe bias. The weightw;
that connectgthe biasto the neuronis calledthe biasweight; it is alsooften denotedasb,. The

neuronis shavnin Figure3.1.

Neuronsare the building blocks of neuralnetworks. All the neuronsof a multilayer perceptron

(MLP) areconnecteduchthatlayersof neuronscanbedefined.For feedforward neuralnetworks,

37



Figure 3.1: A neuron.

the outputof neuronsare connectedasinputsof neuronsn layersdownstreamFor the purposes
of this discussionno neuronswill be connectedsuchthata neuronin layer! will be connected
astheinputfor aneuronin layer/ + 2. Figure 3.2 shavs a MLP with threelayers.The layersare

referredto astheinput, hidden,andoutputlayer, respectiely. The input layer hasthreeneurons,

the hiddenlayerfour neuronsandthe outputlayeroneneuron.

Figure 3.2: A threelayerfeedforward neuralnetwork. Theinput, hidden,andoutputlayerhave three four,

andoneneuronsrespeciiely.

We addlimited temporalcontet to the feedforward network by addingshort-termmemoryin the
form of atapdelayline (seeFigure3.3). A sectionof thetime series(calledthetime window) of
theform [z(n),z(n — 1), ...,z(n — p)] is usedasinput for the feedforward network; thetapdelay
line is of orderp, andthe desiredoutputis =(n + 1). 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 Here we only introduceone method,calledthe

error backpropagatiomlgorithm. The error backpropagatiomlgorithmfor MLPs is describedn
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moredetailin AppendixA.1. Thisalgorithmconsistof threedistinctphasesDuringthefirst phase
theweightsareinitialisedto smallrandomvalues.This randominitialisation preventsdetrimental
symmetricakffectsthatarisewhennetworkshave all theirweightsthe samesize.A goodchoiceis
to initialise theweightssuchthatthe standardieviation of weightsof aneuronliesin thetransition
areabetweenthe linear and saturatedparts of its sigmoid activation function [21]. During the
forward passingphase,input is appliedto the input neurons,and then propagated¢hroughthe

network.

Theforwardpasss followedby abackpropagatinghaseduringwhich theweightsof the network
areadjustedusingagradientdescentnethod.This methodminimisesthe errorbetweerntheactual
anddesiredoutput.Giventheinstantaneousrror E atstepn,
E(n) = % S e n) (3.3)
jec
wheree;(n) = d;(n)—y;(n) is thedifferencebetweerthe desiredandobtainedoutputatneurony,
andC is the setof neurondn the outputlayer, then

OE(n)
8’LUZ'

Aw;(n) < — (3.4)

wherew,; denoteswveighti. The sizeof updateds usuallycontrolledby a proportionalityconstant
calledthe learningrate. The updaterule canalsobe augmentedvith a momentunterm,which is

proportionalto the sizeof the previousupdate.

3.3 Universal Myopic Mapping Theorem

The mathematicajustificationfor the useof TDNNSs for time seriespredictionwasgivenin 1997

by Sandbeg andXu [57]. We first definea few terms.

Definition 3.3.1 A systenctonsistingof a bankof linear filters operating in parallel, and a static

(memorylessieedforwad networksud asa MLP, is a universal dynamicmapper
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Figure 3.3: A time delayneuralnetwork. Theinput layer hastwo input neurons gachwith tap delayline

of ordertwo.
Definition 3.3.2 A myopicmaphasuniformlyfadingmemory

Definition 3.3.3 For a systento be causal,the outputsignal at stepn = 0 maynot dependon

input signalsappliedat n > 0.

Definition 3.3.4 For a systento be shift invariant the following musthold: if the outputy(n) is
obtainedasa resultof theinputz(n), thenthedelayednputz(n — ny) musthaveoutputy (n —ny),

whete n is calledthetime shift, andis aninteger.

Theuniversalmyopicmappingtheoremholdsunderthe conditionsthatthe mapis causalandcan

beformulatedasfollows [21]:

Theorem 3.3.1 Anyshift-invariantmyopicdynamicmapcanbe uniformlyapproximatedarbitrar-
ily well by a structure consistingof two functionalblodks: a bankof linear filters feedinga static

neural network.
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Sandbeay and Xu shaved that for arny single-\ariable, shift-invariant, causal,uniformly fading
memorymapthereexistsagammamemory(of which thenormaltime delayline is aspecialcase)

andstaticnetwork of which the combinationapproximateshe mapuniformly andarbitrarywell.

Thus, the universalmyopic mappingtheoremseparateshe roles of the short-termmemoryand
thenonlinearity Furthermoresincea staticneuralnetwork is stable the combinationof a bankof
linearfilters anda staticneuralnetwork will alsobe stableif thelinearfilters arestable.Sincethe

TDNN fulfils all therequirement®f thetheorem|jt canbe usedto modelandpredicttime series.

3.4 Finite Impulse ResponseNeural Networks

The FIRNN builds on the TDNN by addingtap delaylinesto every neuronin the network. The
network is distributive sincethe short-termmemoryelementsandthereforetheinfluenceof recent

events,aredistributedthroughouthe network.

Therearetwo waysto visualisethe FIRNN. Thetapdelaylinescanbethoughtof asstoringthelast
p outputsof every neuron Anotherequialentvisualisations to seeeachweightin thefeedforward
network aschanginginto a vectorof p weights.The FIR partof the term FIRNN stemsfrom the
factthat the extendedweightscanbe thoughtof asFIR filters [69]. Figure 3.4 shavs a FIRNN.
The training algorithmfor this kind of architecturds calledthe temporalerror backpropagation

algorithm,andis describedn AppendixA.2.

Although the FIRNN seemmore complex thanthe TDNN, it canbeenshown that TDNNs and
FIRNNSs are computationallyequivalent, i.e. they both are able to representhe sameclassof

computationamodels.In fact, thefollowing theoremholdstrue:
Theorem 3.4.1 For anyFIRNNthere existsan equivalenfTDNNthat computeshe samefunction.

Proof: We give a constructve proof that showvs how an arbitrary FIRNN canbe transformednto

anequialentTDNN.
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Figure 3.4: A Finite ImpulseRespons&euralNetwork. The neuronsin both the input andhiddenlayer

all have tapdelaylines of ordertwo.

Considerthe FIRNN shavn in Figure3.4. Thefigure shovs two successie layers: andi + 1 with
weight matricesW; and W, respectrely. We usethe following representatiofior layer: of a
FIRNN:

w11 Wi2 W13 Tt th
Wo1 W2 W23 Tt 0
W, = (3.5)

wheren; isthenumberof neuronsn thelayerandm; is thenumberof weightsconnectingheurons

to tapdelayinputs.

The objectve is to transformthe two weightsetsiV; andW,.; into two equivalentweightsetsV;
andV;,, suchthatlayeri + 1 hasno tap delaylines. To achieve this, we createtwo new layers
with weightmatrixesV; andV;, ;. Withoutlossof generality we assumehat, for the FIRNN, the
orderp; of all thetapdelaylinesof all theneurondn ary layer: is thesame.Thus,V; hasn;p; 1

neuronseachwith atapdelayline of order(p; + p;+1 — 1); Viy1 hasn; 1 neuronswith notaps.
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We bagin by duplicatingWV; ., suchthatV;,; = W,,;. Next, we computethe weightsof V; such
thatequialenceof thetwo networksis maintainedThetapdelaysin layeri + 1 of the FIRNN are
usedto storethe previously computedoutputs.Thesestoredoutputsmustbe computedagainby
the TDNN, andis thereasorfor the (p;,; — 1) extraneurondn V;,, andthe (p;;; — 1) extratap

delaysaddedo V;. Theweightmatrix V; is computedusingthe following algorithm:

Copytheweightsof I¥; into V; andsetanyweightsconnectingany addedneuonsor tapsto zeo.

wll DR wlpl 0 DR wl(nlpz) DR 0 61
0O -+ 0 0 .- 0 e 000
V= ; : - ; - (3.6)
Wa1 . .. w2pi 0 .. w2(nipi) .. 0 02
0O -« 0 0 .- 0 e 000

To computethe outputsfor previoustime stepsthe sameweightsareused,connectedn thefol-
lowing way:
Startwith therow 1 of V;:
Duplicatethis rowinto the next row.
For eadh tap delayline insidethis row:
Shiftits currentweightvaluesonestepto theright.
Thezeio at theright rolls overinto a columnof the delayline.
Continueuntil the next non-zeo rowis reachedandthenrepeatthe procedue until the wholema-

trix is filled.
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wll .« 0. wlpz 0 DR w]_(nzpl) DR DR 0 01
0wy . Wiy, 0 e Wit . 0 0,
-‘/Z‘ = 0 .« .. wll DY wlpz 0 .« .. wl(’nzpl) ... 01
w21 .« .. w2p2 0 DY w2(nzpl) .« .. .« .. 0 02
i 0 o Wapit 0 Wnipig)ps 0 e Winipi)mip) " Onipia i
(3.7)

Now we have createdtwo layerswherethe secondhasno tap delays.Furthermore)V; hasthe
samenumberof inputsasW;, andV;,; hasthe samenumberoutputsas¥; . Startingwith the
outputlayer, this algorithmcanbe appliediteratively to transforma FIRNN of arbitrarysizeinto

anequvalentTDNN.

EventhoughFIRNNsandTDNNs arecomputationallyequivalent,theirtrainingandgeneralisation
performancearenot equivalent.As is clearfrom the proof above, FIRNNsimposerestrictionson
theweightsof equivalentTDNNSs. Certainweightsarerequiredto have thesamevalue. Thereason
for thisweightduplicationliesin theassumptionthattherearecorrelationsn time. Anotherfactor
to consideris thatfor the samenumberof weights,a FIRNN coversawidertime window, andcan

thuslearncorrelationdurtherbackin time.

FIRNNs were appliedsuccessfullyto chaotictime seriesprediction. The laserdataanalysedn
Section2.5.2was modelledand predictedby a four-layer FIRNN [69]. The resultsobtainedby
the FIRNN for the laserdataweresuperiorto all otherpredictionmethodsandwon the SanteFe

Institute Time SeriesPredictionand AnalysisCompetition
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3.5 Recurrent Neural Networks

Feedforvard network structuressuchas TDNNs and FIRNNs canonly have a limited context.
Recurrenneuralnetworkshave feedbacKkoops,i.e. neuronoutputis usedasinputto neuronsn the
sameor previouslayers.In thiswaythelimitation ontheinputsetis overcomeandall theavailable
inputupto x(n) is usedto computex(n + 1). Thus,recurreninetworkshave, in principle,infinite
contet, andcanthereforeaddresghe temporalrelationshipof the inputs. During the training of
a TDNN, the examplescan be presentedn arbitrary order This is not the casewith recurrent

networks,which maintainsaninternalstate.

Thereexist mary differentrecurrentnetwork architectureswe will discussanarchitecturecalled
NARXNN (NonlinearAutoRegressve modelswith eXogenousnput NeuralNetworks) asan ex-
ampleof arecurrenineuralnetwork. As opposedo thefully recurrentnetworks,which have feed-
backfrom the hiddenstateneuronsthe NARXNN have feedbackonly from the outputneuron.it
hasbeenshavn thatfully recurrentnetworks are computationallyat leastas powerful as Turing
machineg61]. It hassincebeenproventhat NARXNN are at leastas strongasfully recurrent
neuralnetworks (andthus Turing machinesywithin a linear slowdown [60]; only a finite number

of nodesandtapsareneededo obtainthis result.

Theoutputof aNARXNN is givenby

y(t) = W(u(t —ny), ..., (u(t —1),u(t), y(t — ny), ...yt — 1)) (3.8)

whereu(t) is theinputandy(t) the outputattime ¢, n,, andn, theinputandoutputorder respec-
tively, andV is themappingof themultilayerperceptronTheNARX neuralnetwork architectures
shavnin Figure3.5.1t is trainedby usingthe errorbackpropagatiothroughtime (BPTT) training
algorithm,which "unfolds” the network in time andthencomputerror gradientsThe NARXN-
N architecturehasbeenusedto modelvarioussystemssuchasheatexchangersandwastavater
treatmenplants,andfor taskssuchasnonlinearsystemidentificationandthe control of dynamic

systemg39].
Recurrenneuralnetworksaremorepowerful thannon-recurrenhetwork architecturesThisadded
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Figure 3.5: A NARX NeuralNetwork. Thenetwork hasaninputorderof two, andanoutputorderof three.

power doescomeat a price though.Recurrenteuralnetworks are notoriouslydifficult to train,
becausdhey struggleto learnlong term dependencieR3]. Thus, applying Occams razog if a
problemis solvable by use of a non-recurrennetwork architecturejt is betterto searchfor a

feedforward network solutionfirst, ratherthangoingstraightfor arecurrentarchitecture.

3.6 Network SelectionCriteria

We now turn to the questionof how to selectan appropriatenetwork architecturefor the task
at hand.As just mentionedwe suggeststartingwith a simple architecture Whenthe systemto
be modelledis known to be chaotic,the methodsdiscussedn Chapter2 can be applied. The
embeddinglimensioncanbe usedasanindicationof the orderof theinput tap delayline for the
TDNN andNARXNN architectures.

The numberof layersin the network and the numberof hiddenneuronsin eachhave always
beenthe subjectof much discussionlt hasbeenshovn that MLPs with one hiddenlayer can

approximateary continuoudunction[21]. However, this doesnot sayarnything aboutthe easeof
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the training processor the generalisatiorperformanceln practise two differentapproachesre
used:network growing andnetwork pruning.Whenanetwork is grown, neuronsareaddedduring
thetrainingprocesseachtime whensomecriteriais satisfied With the network pruningtechnique,
alarge network is traineduntil it reaches goodresult,andafternardsexcessweightsarepruned

away. Thisis aform of network regularisation.

3.7 Network Regularisation

Overfittingis acommonproblemwith neuralnetworksandmachindearningalgorithmsin general.
It occurswhenthenetwork triesto fit trainingdatapointsexactly. Thisis problematicsincein order
to modeldataexactly, generalisatioperformanceon unseertestdatais oftendegraded.The best
modelis onethatmodelsthedatacorrectly andhasthe minimumnumberof free parametersThis
is known asthe minimumdescriptionengthprinciple. However, obtainingthe correctmodelmay
be moredifficult whentraining networks with only the minimumamountof free parameter§34].

A possiblesolutionis to chooseghemodeltoo large, to remove unimportantweightsaftertraining,
andthento retrainthemodel.In this sectionwe discussafew methoddor decidingwhich weights

areimportantandwhich areirrelevant.

3.7.1 Optimal Brain Damage

By tradingthetrainingerroroff with network complexity, the bestgeneralisatiormaybe obtained.
Thus, by minimising a costfunction consistingof the ordinarytraining error plus a measureof

network compleity, generalisatiomay beimproved.

Thechoiceof thecompleity measureletermineshe performancef theregularisatiorschemeA
crudecompleity measures weightmagnitudeput bettermeasuresiave beenproposedOptimal
Brain Damagg(OBD) usesa Taylor expansionof the objective functionto computethe saliencies

of weights[35].
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Thefollowing pruningalgorithmis given:

1. Choosea networkarchitectue

2. Train thenetworkuntil a "r easonable”solutionis obtained

3. Computethe secondderivativeshy,, for eat parameter

4. Computethe salienciesfor each parameter:sy, = hyyw? /2

5. Sortthe parametes accomding to saliencyand deletesomeow-saliencyparametes

6. Iterateto step2 while networkperformancas still satisfactory
The prunednetwork usuallyneeddo beretrainedafter pruning.Deletingis definedassettingthe
weightto zeroandkeepingit zerofor all future time. The secondderivatives iy, arethe diago-
nal elementsof the Hessianmatrix H of the objective function E, with respecto the parameter
vectoriV, i.e.

O’FE

j—
W 8wk8wk

(3.9)

The valuesof the h;, canbe computedby a proceduresimilar to error backpropagationandis
describedn [35]. Thecompleity of computingthediagonalHessiaris of the samecompleity as

computingthe gradient.

3.7.2 Optimal Brain Surgeon

The Optimal Brain Sugeon(OBS) improveson OBD by not assumingthat the Hessianmatrix
is diagonal[20]. OBS computeghe inverseof the full Hessianmatrix. The only approximations
it makesis thathigherordertermsin the Taylor expansionvanish,andthatthe network response
will be closeto the desiredresponsdor a trainednetwork. A methodis provided to updatethe
remainingweightsafter pruning. This minimisesthe amountof retrainingnecessaryThe OBS

pruningalgorithm:

1. Traina’r easonablyarge” networkto minimumerror
2.ComputeH !

3. Find theweightindex ¢ that givesthesmallestsaliencyL, = w;/(2H,'). If thisincrease
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is mudh smallerthantheerror £, deletew, andgoto step4; otherwisego to step5.
4. Useq fromstep3 to updateall weights(dw = —w,H ' - Eq/Hq*q1 with €, the unit vector
in weightspacecorrespondingo w,)

5. No more weightscan be deletedwithouta significantincreaseof E.

Theauthorsof [20] provide amethodfor computingtheinverseof the Hessiarmatrix. Themethod
hasacompleity of O(Pn?) for computingd —!, whereP is thenumberof examplesn thetraining
set,andn is thesizeof theHessiarmatrix. Carefulattentionrmustbepaidnotto includetheweights
of a disconnectecheuronin the calculationof salienciesasthis resultsin nuisanceparameters,
whichintroduceerrors.Whenpruningweights,a neuronbecomeslisconnecteavhenall its inputs

or outputshave beenremoved.

Many otherpruningtechniqueshave beenproposedn the literature.Somemethodsprunewhole
neurong[63], while othersgive indicationsof how muchto prune[50]. Othermethodssuchas

partialretraining,try to determindnputrelevance[68].

3.7.3 Weight Decay

Weightdecayis anotherregularisationmethod.OBS andOBD regularisethe network by pruning
weights,andkeepingthe errorsmall. Weightdecayconstrainghe network by prohibitingweights
from growing toolarge. Weightdecayaddsanextratermto the costfunctionwhich penalisesarge

weights.Thenew costfunctionis givenby
1

where Ej is the normal error measureand \ is a weight decayparameterfor gradientdescent
learning,weightdecayaddstheterm —Aw; to theweightupdate:

0Ey

Wy

— \w; (3.11)

Aw; o< —

Weightdecayimprovesgeneralisatiofioy suppressingrrelevantcomponent®f the weightvector
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andchoosinghe smalleswectorthatsolvesthelearningproblem[32]. Furthermoreagoodchoice
of A may suppressomeof the effectsof staticnoisein the training set. However, weight decay
doesaddanotherparameteto the training processandno generaimethodexists for determining

anoptimalvaluefor \.

3.8 Impr oving the Training Algorithm

Many alterationsand improvementson the original error backpropagatiomlgorithm have been
proposedSomeof thesemethodsdealwith improving the learningcapability training time, and
generalisatiorperformanceof the network. We discussthreeof thesemethodsimproved useof

thelearningrate,improving thetrainingtime, andimproving generalisatioqperformance.

3.8.1 Adaptive Learning Rates

The learningrate specifiesthe amountof changeto be appliedduring weight updates Adaptive
learningratescanenhancenetwork performancen two fundamentaivays: The amountof weight
updateat a particularpoint on the error surfacecan be adaptedo the shapeof the error surface
at that point, possiblyobtainingfastercorvergencetimes.For example,whenthe error surfaceis
flat, alarge learningrateis preferable put whenthe gradientdescensearchis in aravine, asmall
learningrate will avoid oscillation,and is preferable.The secondreasonfor using an adaptve
learningrate methodis thatit automateshe searchfor an optimumlearningrate,andeliminates

thetrial-and-errorapproach.

Therearemary differentschemedor adaptve learningrates.Local learningrateadaptionmeth-
odshave differentlearningratesfor eachweight. Globallearningrate adaptatiormethodshave a
globallearningratefor all weights.Somemethodshave adaptve momentumtermsaswell. Dif-
ferentprinciplesareusedfor differentmethodsThesenclude:numericaloptimisationprocedures

which usesecond-ordeinformation(conjugategradient,Quasi-N&vton, secondordercalculation
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of the stepsize),stochastioptimisation,andheuristicsutilising the signof thelocal gradientthe
anglebetweergradientdirection,or peaklearningratevalues We discusshe delta-bardeltarule
by Jacobd28], andrefer the readerto the literaturefor a survey of someof the othercommon

techniqueemployed[45].

Thedelta-bardeltaadaptvelearningratetechniqualefinesaseparatéearningratefor eachweight.

It usesan estimationof the slopeof the local error functionto adjustthe learningrate. This esti-
mationis derivedusingthepartialderivative of the errorfunctionwith respecto theweightatthat
point,andis obtainedon a stepto stepbasis.Thelocallearningrateis increasedyy a smallamount
whenthepartialderivative keepghe samesign. Thisacceleratekarningin shallov regions.When
signschangehowever, thelearningrateis decreasedincethe changingsignsindicatethata min-

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

rateis exponentiallydecreasedcachweightmaintainghe following information:

K+ 771(;71)7 if a?.uEZ-j . a(?,fj " >0
0y = g, i 2D a0 (3.12)
nfjt-_l), else
where0 < § < 1. Theweightupdatethenbecomes
Aw;;(t) = —nj (t)% + (- Aw;(t—1) (3.13)

Theinitial valuen,;, andtheparameters, 3 and¢ canbetunedfor optimal performance.

3.8.2 Adding Noiseto Weight Updates

Noise encounteredluring the training of a neuralnetwork canhave a benigneffect on network
performanceTwo typesof noiseexist: analoganddigital noise.Analognoiseis imprecisenesde-
liberatelybuilt into thetraining processwhereagligital noiseis noiseresultingfrom inaccuracies
dueto finite bit-lengthfor numberstoragelt wasreportedby variousauthorghatanalognoisecan
improve network performancg29] [46]. Noisecanbeappliedin variousways:noisyinputs,noisy

weightupdatesmultiplicative/additve noiseandvariousdistribution densityfunctions.
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Noiseinjection canreducethe trainingtime, andat the sametime improve generalisatiorability.
Improved performanceanalsobe obtainedby addingnoiseto thetraining exampleslt wasalso

shavn thataddingnoiseto trainingexamplespreventspatternmemorisatior{43].

Noisehasthis benigneffect on the network becausét actsasaregularisationterm[29]. Theextra
noisetermchangesheerrorfunctionto favourfastertraining,andto generatenorerobustinternal
representationgesultingin bettergeneralisatiorperformanceTraining with noiseresultsin a
lower meanweightsalieny. Whathappensn practice,is thatweightsareforcedto be eithervery
small, or very big. This causeghe network to be morerobustwith respecto small variationsin

theinputdata.lt alsohasthe effect of theweightshaving a smallerspreadf values.

The sameresultshave beenobtainedfor recurrentneuralnetworks. It was shovn that training
recurrentneural networks with noiseimproves generalisatiorperformanceand corvergencesi-
multaneously[29]. The authorsalso provide performancecomparisondetweendifferent noise

distribution functions,andbetweerapplyingadditive, multiplicative,andcumulative noise.

3.9 Improving Training by Using Prior Knowledge

Many real-world time seriesarecomple, oftenpoorly understoodandnon-stationaryit is gener
ally acceptedhatavailableexpertdomainknowledgecanimprove bothtrainingandgeneralisation

performance.

Theuseof neuralnetworksto obtainrulesfrom datacanbedividedinto two fields:rule extraction
andrulediscovery[27]. Ruleextractionassumesgrior theoriesandthenrefineshemusingtraining

data.Rulediscovery dependsolelyon learningfrom data,andassumeso prior theory

Well-known methodgor knowledgeacquisitionaretheID3 andC4.5.decisiontreecreationmeth-
ods.Thesemethodscanbe usedto obtainrulesfor makingdecisionsasedn attributes.Therules
canthenbeencodednto aneuralnetwork. However, thisis notasusefulfor time seriesmodelling,

sinceit is difficult to assignusefulattributesto realvaluedtime series.
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Priorknowledgefor time seriesoftencomesn theform of embeddinglimensionnformation time
window sizesor samplingirequenciesT hisinformationis extractedfrom thedataby methodssuch
asmutualinformationandfalsenearesneighboursMore informationon the dynamicalprocess
itself may be obtainedvia methodssuchasLyapunw exponentextraction,correlationdimension
determinationpower spectrunmanalysisandnon-stationaritydetectior15]. Prior knowledgeabout
thetime seriesmay alsobe appliedto createadditionalvirtual” examplessuchasincluding ex-

amplesf(—z) = — f(z) for oddtime series.

We now presenta methodof obtainingrulesdirectly from the time series We encodetheserules

into aneuralnetwork usingthe KBANN encodingmethod.

3.9.1 Knowledge-BasedArtificial Neural Networks

Methodsfor encodinga Booleanrule setinto a feedforward network have beenproposed66].
Other methodsdiffer only in the way that they combinethe input neurons.The initial network
is constructedbasedon the relationshipbetweenrulesin the rule set. Rule inputsbecomeinput
neuronsintermediateesultsbecomehiddenneuronsfinal resultsbecomeoutputneuronsandde-
pendencie®ecomeweightedconnectiondetweemeuronsAll neuronsusesigmoidalactivation

functions.

AB = X
D
N XY =D

Figure 3.6: An exampleof arewrittenrule set.

Given a setof Booleanrules, disjunctive rules have to be rewritten in orderto avoid accidental
activationof rulesby wrongcombinationsLet two conjunctveruleshave thesameconclusionput
differentinputs.Then,createor eachrule anew intermediateesult,andusethesewo intermediate

resultsasinputto anew disjunctiverule. Theresultof thenew disjunctiveruleis takenastheoutput
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of the original two rules.An exampleof this proceduras shovn in Figure3.6.

Figure 3.7: Encodingof the Booleanrules shavn in Figure 3.6. Uninitialised and bias weightsare not

shown.

Rulescanbe encodednto a neuralnetwork. Structuredor both disjunctve andconjunctive rules
areprovided. Fromthesetwo structuresarny Booleanrule canbe built. A weightin the KBANN

network hasa valueof H whenit connectsthe input of a rule to the outputof the samerule.
A weightvalue of —H is assignedf the negative of the input is required.If oneusesl asthe
inputto the biasweights,the biasweightof disjunctive rulesareprogrammedo —%, andthoseof
conjunctiverulesto —(P — 1) H, whereP is thenumberof positive inputsto therule. Thesebias
weight valuesguaranteehat the outputof a disjunctive rule will be high whenary of its inputs
arehigh, andthatthe outputof conjunctve ruleswill only be high whenall their inputsare.The
encodingof therulesshovnin Figure3.6is shavnin Figure3.7.Theuninitialisedandbiasweights

arenotshawvn.

If the initial domaintheoryis incomplete,or even not totally correct,the network constructed
from the prior knowledgemay struggleto performwell. Whenthe prior knowledgeis sparsethe
network maybetoo smallaswell. Adding morelearningcapabilityin theform of unprogrammed
weightsandhiddenneuronshelpsaddressingheseproblemslit hasbeenobseredthat,in general,
networks initialised with correctprior knowledgetrain faster and generalisebettercomparedo

networkstrainedwithout prior knowledge.
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3.9.2 KBANN Training

KBANN wasdesignedo encodeBooleanrulesinto a neuralnetwork. Sincewe will be extracting
and encodingrules for a real-valuedtime series,we have to adaptthe standardrule encoding
algorithm.We encodethe extractedrulesinto a TDNN. For the purposef this discussionwe
will useaone-dimensionaime seriesput theprinciplecaneasilybeextendedo multidimensional

time series.

3.9.3 Rule Extraction from A Time Series

We wish to speedup training of a neuralnetwork. We achieve this by encodingprior knowledge
into the network. We extractprior knowledgein the form of rulesfrom thetime seriesWe choose
rulessuchthatthey biasthe outputof the TDNN high whenthe correctinput sequencés detected.
Theextractedrulesform thefirst layerof the TDNN. They arethencombinedby adisjunctiverule
atthe output.Figure3.8 shavs a network programmedo producehigh outputvalueswhenoneof

two possibleinput sequencess detected.

We usea thresholda to determinewhich datapoints from the time serieswill be coveredby
rules. A rule is generatedor every point in the time seriesfor which z(¢) > «. Afterwards,
rule duplicationsare removed, and contradictionsare removed. A contradictionoccurswhen a
rule causeghe outputto be high whenthe outputshouldhave beenlow. Note thateachrule will

eventuallycorrespondo a neuronin the hiddenlayer. Thus, having too mary ruleswill resultin

anexcessvely large network. Therefore we choosex fairly large.

Let a TDNN have n lagsin the time delay line. The z(¢) denotethe datapoint at which we
want the output of the network to be high. Thus, a rule is generatedor x(¢) using (z(t — n),
z(t—n+1),..,2(t —1)). The time seriesis real valued,but KBANN encodesBooleanrules.
Thus,we useanotherthresholds to divide real valuesinto onesandzeros.A rule is formedby
inspecting(z(t — n),z(t — n+ 1),...,2(t — 1)) andrequiringeachinput above ; to be one,and

eachbelow 3 to bezero.Thechoiceof S influenceghe form of the extractedrules.To obtainthe
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biggestvariancein binary values,we suggesusingthe meanof the time seriesfor 5. Note that
thesizeof therule,i.e. thenumberof antecedentss determinedy the orderof thetapdelayline
of the TDNN. As anexampleof rule generationlet & = 0.9 and = 0.4. Giventhe time series
(0.3,0.5,0.2,0.3,0.95,0.5,0.2,0.2,0.5,0.45,0.9), two ruleswill be generatedThe input to the
ruleswill be (0.5, 0.2,0.3) and(0.2, 0.5, 0.45), respectrely. Thus,thetwo rules{100} and{011}

will begeneratedTheseareencodednto a network asshown in Figure3.8.

Figure 3.8: Theresultantnetwork afterthe encodingof two rules:{100; 011}. The outputof the network

network will only be highwhenoneof thetwo sequencess detected.

3.9.4 Prior KnowledgeEncoding

Theextractedrulesareencodedsconjunctiverulesin thefirstlayerof the TDNN usingthenormal
KBANN methodasdescribedn Section3.9.1.All theconjunctve rulesarethencombinedoy one

disjunctiverulein the secondayer. The conjunctie rule becomeghe output.

SinceKBANN wasdesignedvith binaryinputvaluesin mind, it expectsits inputsto beeitherone
or zero.Real-\aluedtime seriesthat are seldomonewill have difficulty activating the extracted
rules,sincethe neuronbiasvaluesfor the conjunctive ruleswill betoo big to exceed.To compen-
sate,we scalethe biasvaluesby a factor~y. Note thatthe valueof v dependsn the choiceof j.

During experimentswe foundthe outputof the network to be quite sensitve to ~.

Sincethe network was designedwith positive rulesin mind, the outputof the network prior to

trainingwill oftenberelatively highfor mostof thedatapoints.To forcetheoutputto lowervalues,
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the H value usedto programthe disjunctive rule canbe scaleddown by a factord. However, in
practisewe foundthaterrorbackpropagatioquickly adjuststhe outputto correctvalues,without

theuseof a scalingfactor

We designedhe network suchthatthe contentsof thetime delayline have to fit arule exactly to
activateit. Therefore,we cannotrandomlyinitialise weightsfor which the input shouldbe zero,
sincethe collective effect of mary small weightsmultiplied by large real valuedinputs may be
enoughto activate the rule. This effect is madeworse by the downward scaling of the bias, as

discusse@bove. Thus,we setthe weightvaluesof zerorule valuesto — H .

It is importantto addunprogrammedhiddenneurongo thenetwork to allow thenetwork to search
for a solution. During experiments,we often found that for larger H values,the rules are kept
almostintact, with only smallchangedo theweights.If toolittle extralearningcapabilityis avail-

able,thenetwork will struggleto train.

3.10 Early StoppingCriteria: Diks’ Test

Largetrainingsetsdo not guarantegoodnetwork generalisatiomerformanceExcessie training
canresultin overfitting, thuscausingthe generalisatiomperformanceo deteriorateHowever, it is

not clearwhento stoptraining, sincemoretrainingmayin factyield betterresultson testdata.

Onepossiblestoppingcriterionis Diks’ Test[12]. This testprovidesa measureof how closethe
outputgeneratedy the modelis to the measurediata,i.e. how closethe generatedattractoris
to the attractorbeingmodelled.Bakker et al. usedthis testasa stoppingcriterionfor time series

predictiontrainingon datageneratedby a chaoticsysten3].

We now give abrief descriptionof Diks’ Test.This criterionteststhe null hypothesighattwo time
seriesoriginatedfrom the sameprocessi.e. thatthe delayvectordistributionsof two time series

areidentical.Giventwo setsof sampledrectorswith distributionsp, andp,, Diks etal. definetwo
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new distributionsy) andp/, suchthat
P (7)) = /dspk (8)k(T, 5) (3.14)
for k € {1,2} andx(7, §) a Gaussiarkernel
k(7 5) = (V2md)~me I3/ (24 (3.15)

whered is calledthe bandwidth asis afixedlengthscale. Thedistancemeasure) is thendefined

as

NG / 0710, (7) — () (3.16)

For every d > 0, v/Q definesa distancebetweerthe probability distributions o} and !, basedon
theinnerproductof (o} — p,) with itself. It follows that() = 0 only for p! (7) = p,(7). Thus,by
usingan estimator@ for (), anddeterminingwhetherit is significantlylargerthanzero,we have a

testfor the null hypothesighatp, = p..

Let {X;}™, have distribution p;, and{Y;}"?, have distribution p,, thenDiks derivesthe estimator

Ny N
Q= @ ZZhXX ZZhYYJ NINQZJZIhXY (3.17)

1<z<g <Ni 1<z<g < N3 =1

h(3, 1) = e 517/ (3.18)
Let N = N, + N,, thenthevarianceV,(Q) of Q is givenas

~ 2N — 1)2)(N — 2)
(Q) Nl(N_l)NQ(NQ o 1)(N 3 1;<J<ZN¢1] (319)
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with

Y = Hy—gi— 9 (3.20)
S o 1 5 o
Hy = h(Z2) = oy > > hlFZ) (3:21)
( 2 ) 1<i<j <N
f’i for 1 <1< N
7 = (3.22)
Yien, fOrNy <i <N
1
9 = N2 'Hz'j (3.23)
JJ#
Finally, thequantity.S is definedas
S = @ — (3.24)
Ve(Q)

andhasa zeromeanandunit varianceunderthe null hypothesis.

For moredetailon choosingthe optimumvaluesfor the bandwidthd, aswell ashow to dealwith
correlationswithin the time series,we refer the readerto the paperby Diks [12]. Diks suggests
rejectingthenull hypothesisvith 95% confidencdor S largerthanthree.ln anadaptatiorof Diks’
procedureBakker etal. usedan S averagedover 10 semi-independernealizationsFor this case,
they foundthatavalueof 3 causedhetestto classifytwo systemsasidenticaltoo soon.They used

avalueof 1.4 for S for their application[3].

3.11 Benchmark Problems

We testsomeof the methodsdiscussedn this chapteron our benchmarkchaoticsystems.

3.11.1 Network Pruning Demonstratedon the LorenzTime Series

In Section2.5.1,we foundthe embeddinglimensionof the Lorenztime seriesto be 3. We trained

a TDNN with 3 layersandatapdelayline of order3. We used30 sigmoidalhiddenneuronsand
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Figure 3.9: Themeansquarecerrorof thetrainingandtestdatafor the TDNN trainedon the Lorenztime

series.
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Figure 3.10: TDNN predictionof testdata.

100

alinearoutputneuron.Thus,including the biasweights,the network consistedf 120 weightsin

thefirst layer, and31 weightsin the secondayer. Figure3.9 shows the meansquarecerror of the

trainingandtestdataasafunctionof trainingtime. Thenetwork’s predictionperformances shavn
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in Figure3.10.Thenetwork learnedthetrainingset,andperformedvery well onthetestset.

We appliedOBSto prunel20 weightsoff thetrainednetwork, leaving a network with 31 weights,
and 8 remaininghiddenneurons.The prunednetwork hada MSE of 0.3, which is 3 ordersof
magnitudeworsethanthat of the trainednetwork. However, after retrainingthe prunednetwork
for 10 moreepochsa MSE of 0.0002 (thesameasthe un-prunechetwork) wasagainobtained put

thistime for a network with 31 weights.

3.11.2 The Influence of Noisy Training Data

We usethe Rosslertime seriesto demonstratérainingwith noisydata.Theembeddinglimension
for theRosslertime seriesvasdeterminedo be4. We againusea TDNN with 30 sigmoidalhidden
neuronsandatapdelayline of order4. The performancef a network trainedon noiselesslatais

shown in Figure3.11.We alsoshaow resultsfor aone-step-aheadnda five-step-aheagrediction.

Test Data With No Added Noise
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Figure 3.11: Predictionof testdatafrom the Rosslertime series Thetrainingdatacontainedho noise.
We addeduniformly distributed noiseto the training set. Prior to training, all the networks were

initialised with the samerandomweights.Figure 3.12 shows the deteriorationof predictionper

formancewhennoiseis addedto the training data.For the noiselesdata,we have nearperfect
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Figure 3.12: Predictionof the Rosslertime serieswhen4%, 8%, 16%,and32% noiseis addeduo training

examples.

one-steprediction,andgoodfive-stepprediction.At 16% noisethefive steppredictionbecomes
unreliableandat 32% completelyunreliable. The one-steredictionbecomesunreliableat 32%
noise.lt is clear however, that even underquite noisy conditionsthe networks weresstill ableto

extractreasonablenodelsfor the system.

3.11.3 Adaptive Learning Rates Demonstratedon the Mackey-GlassTime

Series

We usethe Mackey-Glasstime seriedo illustratethebeneficialeffectthatanadaptve learningrate
canhave on network training andgeneralisatiorperformanceUsing the methodof falsestrands,

we determinedhe embeddinglimensionfor the Mackey-Glasstime seriesto be 6. Thereforewe
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Figure 3.13: Comparisorof theMSE onthetrainingdatawhentrainedwith, andwithout, adaptve learning

rates.

setthe input orderof the tap delayline to 6, andagainused30 hiddenneuronsfor a TDNN. We
usedthefirst 1000 datapointsof thetime seriedor training,andthenext 200 datapointsfor testing.
We trainedanothemetwork with the samearchitectureandthe samerandominitialised weights,

but appliedthe delta-bardeltaadaptve learningtechniqueasdiscussedn Section3.8.1.

The MSE onthetrainingsetfor bothmethodds shown in Figure3.13. Theadaptve learningrate
methodandfixedlearningratemethodperformsequallywell onthetrainingdata.However, when
we inspectFigure 3.14, we obsene that the generalisatiorperformanceof the adaptve learning
ratemethodis significantlybetterthanthatof the fixedlearningratemethod.The comparisorof
thetwo methodsafter 300 epochsof trainingis shavn in Figure3.15.Unfortunately this resultis
notuniversal,aswe have foundinstancesvhereadaptve learningrateshada detrimentakffecton

eitheror bothtrainingandgeneralisatiomperformance.
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Figure 3.14: Comparisorof the MSE on the testdatawhentraining with, andwithout, adaptve learning

rates.

3.11.4 Faster Training with Prior Knowledge

We usetheLorenztime seriedo demonstrat@ow prior knowledgecanspeediptraining.Although
aninputorderof threewasusedpreviously, we chooseheinputorderto befive for the TDNN. An
input orderof threeis too smallto extractrules,asit providesonly eightspossiblerules,resulting
in toomary contradictionsThus,all theconjunctveruleswill havefiveinputs.We chosex = 0.9
andpg = 0.5. We found empiricallythaty = 0.3 yields a goodresult.We chosenot to scalethe
output,thuswe have § = 1. We extracted48 rules, five of which remainedafter validation.The
five extractedrulesfor which the outputis to be high are: {00111;01111; 00001; 00011; 11111},
wherezerosareprogrammedvith — H, andoneswith H. As discussedn Section3.9.4,thefive
conjunctie rulesareusedasinputto a disjunctie rule in the outputlayer We chosethe valueof
H as2.0.

The training time for the initialised network is significantly less than that of an uninitialised
network — often half the training time. The network constructedrom the extractedrules was

augmentedvith 15 additionalhiddenneurons.The training timesfor ten uninitialisednetworks,

64



Network Output on Unseen Mackey-Glass Data
1.2 T T

T
With Adaptive Learning Rate

Desired Output -------
Without Adaptive Learning Rate --------

0 50 100 150 200
Time

Figure 3.15: Comparisorof the TDNN predictionof testdatafrom the Mackey-Glasstime serieswhen

trainingwith, andwithout, adaptve learningrates.
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Figure 3.16: Comparisorbetweenthe MSE performanceas a function of training time for an network
initialised with prior knowledge,and ten uninitialised networks. The resultsare shavn for training data

from the Lorenztime series.
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eachwith five time lagsand 20 hiddenneurons,are comparedo the training time of the con-
structednetwork. The resultsfor one-steppredictionof training andtestdataare shaovn in Fig-

ures3.16and3.17,respectiely.
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Figure 3.17: Comparisorbetweenthe MSE performanceas a function of training time for an network
initialisedwith prior knowledge,andtenuninitialisednetworks. Theresultsareshavn for testdatafrom the

Lorenztime series.

3.11.5 Modelling the Laser Data with FIRNN

We demonstratehe effectivenessof the FIRNN architectureby reproducingthe resultsof the
SantaFé time seriescompetitionwherethis architectureoutperformedall other methodsof the
predictingthebehaiour of achaoticlaser[69]. For moredetailonthetime seriedtself, pleasesee

Section2.5.2.

We repeatedheexperimenthatwonthecompetition We traineda FIRNN with two hiddenlayers,
eachconsistingof twelve neuronswith tap delaylines of orderfive, andaninput layertap delay
line of order25 onthefirst 1000 datapoints.We usedthetemporalerrorbackpropagatiomethod

asdescribedn AppendixA.2. We haddifficulty obtaininggoodgeneralisatioperformanceHow-
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ever, whenwe addedGaussiamoisewith zeromeanand0.01 varianceto the weightupdatesye
obtainedbettergeneralisatioperformanceThis resultsupportshe claimsmadein Section3.8.2
thatnoisyweightupdatesanimprovetrainingandgeneralisatioperformanceTheresultsof one-
step-aheagbredictionfor training andtestdataare shavn in Figures3.18and3.19,respectiely.

Thegraphsshav thatgoodone-step-ahegaredictionperformanceanbe obtainedwith aFIRNN.
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Figure 3.18: One-steporedictionof lasertraining datawith a FIRNN.

Closedloop predictionis usedwhen predictionfurther into the future is required.A cumulatve
error builds up during closedloop prediction. This error makeslong term predictionof chaotic
systemampossible However, the graphsshown in Figure 3.20 shav thatthe FIRNN performed

well whenpredictingthe next 200 (datapoints1000 - 1200) datapointsin closedloop.
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Figure 3.19: One-steppredictionof lasertestdatawith a FIRNN.
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Figure 3.20: Closedloop predictionof lasertestdatausinga FIRNN.
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3.12 Summary

In this chapterwe discussedhe applicationof neuralnetworksto the problemof time seriespre-
diction. Neuralnetworksarecapableof modellingdeterministichon-chaoticsystemswith relative
ease However, thereexist mary mathematicabnd statisticaltools that performaswell, or even
better(e.g.whenthedifferentialequationsareknown). Neuralnetworksreally show their strength
in chaoticapplicationsWhenappliedto experimentaltime seriesof which the dynamicsareun-

certainor unknownn, they have little equal.We discussedariousneuralnetwork architecturesand
varioustechniquegso improve their performanceWe demonstratethe techniqueson the chaotic
time serieghatwe analysedn the previouschapterHowever, eventhemostcomplex of thesetime

seriespalein comparisorio thetime serieswe discussechext : seismiceventtime series.
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Chapter 4

SeismicMonitoring and Prediction

4.1 Intr oduction

Geophysicss concernedvith thephysicalpropertiesof theearth,andthereforealsowith thestudy
andmodellingof theflow of rock. Seismicmonitoringin mineswasintroducedmorethan30years
ago.Thetwo primary reasongor monitoringseismicactiity wereto locatelarge seismicevents
to aid in rescueoperationsandto predictlarge rock massinstabilities.It haslong beenonly a
dreamto understandhe physicallaws governingrock flow to sucha degreethatadequatenodels
canbedevelopedto predictrock bursts.However, severalfactorshinderedthe achiazementof this
ambitiousobjective. Until recently seismicmonitoringsystemsverebasedon analogtechnology
which are noisy and often provide poorly calibrateddata. Furthermore seismiceventswere, at
best,describedoy their local magnitude Thesefactorsresultedin a non-quantitatre analysisof
seismicactity. Seismicanalysiswas basedon statisticalmethods,with only limited physical

interpretation.

Recentadwancesn seismicmonitoringtechnologyhave improvedthe accurag of seismicsource
parametemeasurements hardrock mines[42]. This presentsanopportunityfor modellingthe

rock dynamicsthuspredictingseismicevents.The procesf monitoringseismiceventscompro-
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misesthe five stagesshavn in Figure4.1: (1) continuouslymonitoring sensorgo decidewhen
the signalbecomesignificant(triggering);(2) determinatiorwhetherthe signalrepresenta seis-
mic event (validation); (3) assignmenbf sensorrecordingto events(association){(4) extraction
of sourceparametergseismicprocessing)(5) constructiorof a modelfrom historicaldata(inter-
pretation).In this chapteywe discusshe methodsandmodelsusedby professionabeophysicists
to extractandmodelseismicevents.We usethe excellentbook by Mendeckiet al. asour primary
sourceof informationregardingthis subject[42]. We will discussour methodsfor modellingthe

datain Chapters.

4.2 The Five Stagesof Information Acquisition

We alreadymentionedhefive stageghroughwhich seismicdatapassesn Sectiond.1:triggering,
validation, associationseismologicalprocessingandinterpretation Figure 4.1 gives a pictorial

representationf this processWe will now briefly discusghesestages.
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Figure 4.1: The stageof seismicmonitoring.
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4.2.1 Triggering

Triggeringis the automatiadetectionof a seismicsignalin real-timewhich initiatesfurtheraction.
Groundmotionis sampledatahighresolution.Thus,continuougecordingresultsn hugeamounts
of data.Triggeringis usedto filter eventsfrom non-evzentsandto initiate the procesf generating

areport.

The fixed thresholdmethodis the simplesttriggeringmethod.The signalis comparedo a fixed
threshold;an eventis declaredif the signal exceedsthe threshold.This methoddoesnot work
well in the presencef noise.An improved methodcompareghe long-termaverage(LTA) of the
signalto the short-termaverage(STA). An eventis declaredvhenthis ratio exceedghetriggering

ratio (R,):

STA
- > Rt (41)

Sincean eventis only detectedafterit hasbegun,the mostrecenthistoryis storedin short-term

memory This canalsobe usedto determinevhenaneventends.

4.2.2 Validation

A validation stagedetermineghe validity and suitability of a trigger event for further process-
ing. Neuralnetworks have beenusedfor validationandobtaineda successate of 90%, which is
comparablavith thatof trainedoperatord9]. Thesenetworks consistedf 200input neurons;10
hiddenneuronsand2 outputneuronsThey usedthe squarecamplitudesof therecordedsignalas

input, andtrainedit on 500datasetswhich hadbeenvisually classifiedasgoodor bad.

4.2.3 Association

The associatordentifiesdataoriginatingfrom the sameevent. This decisionis basedon thetime

differenceof triggeringbetweertwo stations Thetime differenceA,;; mustbelessor equalto the
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time thata seismicwave takesto travel betweerthe two stations:

— 7))+ (Wi —y)* + (5 — %)
Vo

M
T -1 < Aty = YL (4.2)

whereT; is thetriggertime of the:"" stationat position(x;, y;, z;), andV;, is thewave propagation
velocity. Equatiord.2 canbeusedto associat@airsof triggers;furtherrulesareusedto find all the
triggerspertainingto anevent.Onestratgy, sometimeseferredio asa "network trigger”, searches
for thestarttrigger. Thefirst stationthatrecordedheeventis setasthestarttrigger. A timewindow
from the triggertime of the starttrigger, duringwhich all associatedriggersmustarrive, is used
to validatethe starttrigger. If aninsufficientamountof stationsareassociatedvith the event,the
triggeris discardedandthe next stationis testedfor beingthe starttrigger. Thelengthof thetime

window is usuallyequalto thelongestwave travel time betweerary two stationsin the network.

4.2.4 SeismicProcessingand Inter pretation

All the processingf acquireddatais doneat a centralsite. This site mustperformmary tasksin
parallel. The dataacquisitionpartof the centralprocessingiteis vital for maintainingcontinuous
monitoring,andis the mostdeveloped,andbestunderstoodart of the whole system.The inter-
pretationof the datais doneby humanoperatorsaccordingto the modelsthatwe will discussn
Section4.7.

4.3 The SeismicEvent

Mining in hardrock caninducetwo kinds of deformationselasticreversibleandinelasticnon-
reversible deformations Elastic deformationcausesno nev micro defectswithin the rock; all
existing micro defectscorvect with the mass,without growing in size. Inelasticdeformationis
mainly causedoy fracturingandfrictional sliding. The potentialenegy thataccumulatesiuring
elasticdeformationmay be unloadeceithergradually or be releasedsuddenlyduringthe process

of inelasticdeformation.
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During inelasticdeformation fracturing andfrictional sliding of the rock radiateseismicwaves.
The strength stateof stresssize,andrateof deformationof therock determinethe frequeng and
magnitudeof the radiatedseismicwaves.With all otherparametersield constantthe following

generarulesapply:

1. Theamplitudeandfrequeny increasewith anincreasen rock strengthandstress,

2. thefrequeng at which the mosteneny is radiated,calledthe predominanfrequeng, de-

creasesvith anincreasingsourcesize,and

3. theamplitudeandfrequeng increasewith increasingdeformatiorrate.

A seismiceventcannow be definedasa suddeninelasticdeformationwithin a givenvolume of
rock, suchthatdetectableseismicwvavesareradiated.Thefollowing sourcgparametersharacterise
aseismicevent:time of theeventt, locationX = (z, y, z) of theevent,seismicnoment}, seismic

enegy £ radiatedrom the sourceof the event, andsizeandstressestimates.

Seismiceventscanrangefrom the fracturingof a cubic meterof rock, with cracksin the orderof

a meter to the fracturingof a cubic kilometre of rock, with sourcedimensionsof a few hundred
meters.Theaveragevelocity of rock deformationvariesbetweerafew centimetrepersecondo a
few meterspersecondIn generalthevelocity is lower within softer lesshomogeneousock that

hasa lower differentialstress.

4.4 A Simple View of Rock Dynamics

4.4.1 SeismicMoment

The distribution of the forces,or moments,at the seismicsourceV providesthe mostgeneral
descriptionof the processewithin therock. Theinelasticprocesseatthe sourcecanbedescribed

as the stress-freechangeof size and shapeof an elasticbody without alterationof the elastic
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propertiesof theregion [2]. The changen strain Ae¢;, providesa measurdor the changein size

andshapeTheequvalentstresschangepr changan momentperunit volume,canbe givenby:
AO'Z'J‘ = cijklAekl (43)

with ¢;;i,; elasticconstantsAg;; is calledthe seismicmomentdensitytensor or stressglut. The
stressglut is the internal stressnecessaryo cancelthe strain producedby the internal inelastic
processintegrationof the total momentover the sourcevolumedefinesthe seismicmomentten-

SOI’MZ‘]‘,
14

We definethe scalarseismicmoment)/ for theregion with the largestinelasticshearstraindrop
Ae. In this region the straindropis of the orderof the stressdrop. Note thatthe stressdropis not
limited to the sourcevolume,whereaghe stresgylut is. Usingthis region asthe sourcevolumeV,

we canexpressi as

M = pAeV = AoV (4.5)
wherey is arigidity constantThe seismicmomentis oftenexpressedn termsof magnitude:

2

ma =g log M — 6.1 (4.6)
The seismicmomentis proportionalto the integral of the far field displacemenpulseof the seis-
mic radiation.This canbe usedto determineseismicmomentfrom bodywave obsenations.Un-
fortunately heterogeneitiewithin therock causemorecomple radiatedpulseshapesUnbroken,

homogeneousock causesnuchlesswave attenuatiorwhereasheterogeneoustructuresanlead

to anunderestimatiof eventsizes.

4.4.2 Radiated SeismicEnergy

Radiatedseismicenepy is anotherimportantseismiceventsourceparameterFracturingandfric-

tionalsliding resultsin thetransformatiorof elasticstraininto inelasticstrain,andcause&negy to
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bereleasedThe speedpr averagevelocity, with which the transformatiortakesplacedetermines
the frequeng of the radiatedseismicwaves. For slower movement,the predominanfrequeng
tendsto belowerthanfor fastermovement Furthermoreslower rupturesendto radiatelessener

gy, whereagjuasi-staticupturesradiatealmostno eneny.

Theenegy radiatedrom a singlesourcefractureis givenin termsof the sourceparameters:

1 tes
E = _Z’YeffA + _/ AaijuinjdA —|—/ dt/ Umum]dA (47)
2 /a4 0 A(t)

where . is the effective surface enegy which includesthe total loss of mechanicalenegy,
A is the areaof the fracturewith displacement;;, Ao;; is the differencebetweenthe final and
initial stress,n; is the unit vector normalto the fracture plane, ., is the sourceduration,and
o,; is the tractionrate. The relative contribution of the fracturework to seismicenegy increases
with decreasindracturesize. For small fractures,the first term of Equation4.7 cancelsout the
secondsuppressinghe acousticemissionthusgiving riseto a”silent” fracture.The seconderm
of Equation4.7 containsthe static quantitiesstressdrop andfinal slip. The final term with the
traction rate dependson the fracture propagationand correlateswith slip. Due to the presence
of the time derivative of stress fasterstressoscillationscontribute moreto the radiatedeneny.
Radiationalfriction is the high frequeny wavesradiatedby the acceleratiorand deceleratiorof
rock during a rupture.Radiationalfriction normally occurswhenthe moving zoneof slip pule
reachegegionsof differing resistanceo deformation.Thethird termof Equation4.7 will vanish

whenthetractionrateandslip areuncorrelated.

In practice the strengthanddistribution of barrierstogethemwith asperitiecauseuptureso prop-
agatein a discontinuousnatter However, the contribution to the total radiatedenegy from such
incoherentrupturesis unknavn. Equation4.7 illustratesthatit is not possibleto obtainan unam-
biguousexpressionfor radiatedenepgy only in termsof theinitial andfinal equilibrium statesof

therock.
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4.5 Transducers

Seismicwavesaremeasuredby transducerplacedthroughouthevolumeof interest A transducer
is a device usedto measureandconvert groundmotionto an electricsignal. This analogelectric

signalcanthenbesampledy ananalogto digital corverter andfedto acentralprocessingystem.

Theamplitudeandfrequeng rangeof the seismicwavesto be measuredietermineshe sensitvity
requiredof the transducerTypically, the largesteventsmeasuredangefrom magnitudemn,, = 3
tomy, = 5, whereaghe smallestevents,measuredluringquietperiods rangefrom m,, = —3 to
my; = —4. Thefrequenciestwhich measuresnustbe madeis dependenbnthecorner(predom-

inant) frequeng, whichin turn depend®n therock massto be monitored.

-
—/ VIV
k 1
X m
c
—
|
I

Figure4.2: An inertialdampedspring-massystemThis systenis asimplistictransducemusedio measure

groundmotion.

Mostseismictransducermeasurgroundmotionrelative to aninertialmassThemasss balanced

by adampedspringsystemasshown in Figure4.2. Newton’s laws for sucha systemprescribes:
m(i+ %) = —kx — ct (4.8)

wherem is theinertialmassy is thegrounddisplacemento bemeasuredy is thedisplacemenof
themasgelativeto thegroundandcasing & is thespringconstantandc is thedampingcoeficient.

The following transferfunction is derived by applying the Laplacetransformto the systemof
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Equation4.8,

(s) —s
= 4.9
u(s) 5%+ 2bwys + w2 (4.9)

&I

wherez(s) andu(s) arethe Laplacetransformsof x(t) andu(t) respectiely, s is the comple
frequeny variablew, = 27 f, isthenaturalfrequeny (w? = k/m), andb is therelative damping
factor(2bw, = ¢/m). Thebodeplotsfor suchasystemareshavn in Figure4.3. Thegraphsshov
thatthenaturalfrequeny anddampingfactorplay a centralrole in theimpulseresponseA lightly
dampedsenson(b << 1) will have an exaggeratedesponset the naturalfrequeng, andis thus

undesirableA dampingvalueof b = 0.7 will givetheflattestfrequeng response.

Whens >> w,, thetransferfunctionis essentiallyequalto —1, andthe massmirrorsthe ground
motion. This is the classicseismometemode.On the otherhand,whens << w,, the relative
motion of the massto the groundandcasingis small,andproportionalto s2. As this represents
doubletime differentiation themassmovesproportionatto thegroundaccelerationT hereforethis

modeis usedin accelerometers.

Amplitude Response
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Figure 4.3: Thenormalisedrequeng responséor the systemdepictedn Figure4.2. Notethatfor under

dampedsystemsthe gainis positive. Theresponsés theflattestfor b = 0.7, calledcritical damping.
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4.6 SeismicParametersUsedfor Event Prediction

The following relationsbetweensourceparametersre usedby the event predictionmodelsthat

we discusgn Section4.7.

4.6.1 Energy Index

The enegy index E1 is definedasthe ratio of the obsened radiatedseismicenepgy of an event
to the averageenepy radiatedby eventsof the sameseismicmoment £ (M), taken from the
log E - log M relationfor theareaof interest.It is givenby therelation:

E _
I= gy FOD =10t (4.10)

wherec; andc, areconstantgor thegivenarea.

4.6.2 ApparentVolume

The sourcevolumecanbe estimatedrom therelationV = %. Theapparentolumeis the mea-
sureof thevolumeof rock with coseismicstrain,andis givenby therelation:
M M?

V = — =
A7 204 2uE

(4.11)

Apparentvolumedependn seismicmoment,andcaneasilybe expressedn the form of cumu-
lative plots. It providesinsightinto the rateanddistribution of coseismicdeformationand stress
transferin therock mass Apparentvolumehasbeenshavn to shaw precursorybehaiour prior to

instabilitiesin theform of a considerabléncreasen the cumulative volumeprior to the event.

4.6.3 SeismicViscosity

Seismicviscosityis theresistanc®ef arockmasgo theflow coseismidgnelasticdeformatiorwithin

avolume AV over time At. Seismicviscosityis given by the ratio of seismicstressto seismic
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strain:

LPAVALS 2 F
US(A‘/,AIS):&: 2 - Ztl
€s (Do M;j)?

t1

(4.12)

4.6.4 RelaxationTime

The periodfor which pastdatais usefulfor the predictionof future eventsis referredto asthe

relaxationtime 7,. It is dependenbn the seismicviscosity:

n(AV,At) = B (4.13)

7

4.6.5 Deborah Number

TheDeboratnumberis givenby theratio of the relaxationtime to thetime of obsenation At¢:

4uAV 2 B
Dey(AV, Aty = T2 - 2AV 2 B (4.14)
At (3o My)?
The Deborahnumbercanbe interpretedasthe ratio of elasticto viscousforces,with De, going
to infinity for perfectlyelasticmediumsFor De; < 1, the viscousforcesdominatesywhereador

large Deg, thesystemwill essentiallybehae asanelasticsolid.

4.6.6 SeismicDiffusion

Averageseismicdiffusionis givenby thefollowing relation:

L2 L2 ta MZ 2
DuAv.AY = Z P i‘)
Ts 775 4MAV th E

(4.15)

for a cubeof rock with volume L?3. SeismicDiffusionincreasesvhensamesize eventsbecome
softer anddecreasewith anincreasen theviscosityof theseismidlow of therock. It isafunction

of spaceandtime.
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4.6.7 SeismicSchmidt Number

The Schmidtnumbergivesthe ratio of kinematicviscosity v, to diffusion. It measureshe turbu-
lencein a givenflow, highernumbersndicatinglessturbulence.The seismicSchmidtnumberis
givenby:
YPAVALHED) S P E
Sea(AV, Af) = 2 = 1 (3 2, (4.16)
At p(X)2(307 M)

wheret is the averagetime betweenconsecutie events,and p is the rock densitydependenbn

X, the averagedistancebetweenconsecutie sourcesof interactingseismicevents. The seismic
Schmidthumbergivesthe spatiotemporatomplexity of the seismicflow of rock, with lower num-

bersindicatinglessstableflow.

4.6.8 SeismicSoftening

The seismicsofteningvalue S, givesanindicationof the averageseismicsofteningor hardening
within avolume AV between,, andt,. The seismicsofteningis givenby:
(0 B X My — Yo EYS0 Myy) 3002 My

SS(AV, Atl, AtQ) — to 2 1
My > My

(4.17)

Whel’eAt1 =t — 1o andAtQ =19 — 1.

4.6.9 Timeto Failure

Thetimeto failuret; is estimatedy utilising the behaiour of materialsunderconstanstressand

temperature:
Q0 =c (4.18)

wherey andc areconstantsands? is themeasuredtrain.Equation4.18is usedfor estimatinghe
timeto failure:

Vi ok
tEIAV — (t; —t)

(4.19)
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wheret and E] arerunningmeansandk andq areconstants.

Figure4.4 shavs graphs leadingto aneventof sizelog £ = 9.43.

4.7 Curr ent SeismicEvent Prediction Methods

We qualitatively discussthe modelsusedby currentevent predictionsystemdor predictingthe
dangerof continuingmining operations.The growth of the deformationprocessup to the point
of instability is callednucleation.The breakdevn instability cannottake placebeforequasi-static
or quasi-dynamidnelasticdeformationhasoccurredwithin the rock. Experimentaldatashows
that the nucleationprocessncludessubstantiatrack growth, aswell asdynamicinstabilitiesof
localto smallscale.Sub-criticalcrackgrowth startsonly above certainstresdevels,which canbe
in the orderof 50% of the rupturestressDuring this processgcrack-adanceoccursby discrete,
individually dynamicevents,but the averagerupture velocity is of small scale.The individual
micro-seismiceventscanbe modelledasa continuousquasi-statigprocesspecausehey release
only small amountsof stressor seismicmomentcomparedo the breakdevn instability. Larger
eventshave greaterinfluenceon the stressandstrainervironmentin the area,andaremorelikely

to influencesubsequeravents.

Thedevelopmentf the nucleationzoneis associateavith strainsoftening.Thus,sourcesf seis-
mic eventslocatedwithin thenucleatiorzoneareon averageof alower, softernature Experiments
have shavn thatcrackbranchingandassociatediistributeddamageareobseredonly whenthe
strengthvariationin the sourceregion is greaterthanthe stressconcentrationOutsideandat the
interfaceof the nucleationzone,seismiceventsof a hardernaturecharacterisetyy higherenegy
indicescanbe expected As the size of the seismicmomentof the potentialinstability increases,

theoverall nucleationzonealsoincreases size.

A phaseof acceleratingleformatiorprecededreakdavn instability. Thisincreasen therateof co-

seismicdeformationprior to instability canbe attributedto the increasedateof micro-seismicity

IFiguresfrom [42] reproducedwith thekind permissiorfrom Kluwer AcademicPublishers
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or to thesofternatureof individualeventsoccurringduringnucleationA smalldecreasé seismic
activity hasalsobeenobsenedat the beginning of the strainsofteningstage.This is followed by

anincreasgust beforetheinstability occurs.

Thefollowing behaiour is a goodindicationof animpendingbreakdevn. Firstly, an overall de-

creasen the averagevalue of the enegy index E 1, seismicsofteningsS;, and seismicviscosity
v, with time is obsered in seismiceventscloseto the hypocentreof the impendinginstability.

The softenedzoneis characterisethy a low seismicDeborahnumber However, shortperiodsof

increaseand/oroscillationsin theseparameterfiave alsobeenobsened. Secondlyanincreased
rateof coseismiadeformationasmeasuredy the cumulatve apparenvolumeXV,, andseismic
diffusion D,, canbe obsened. This behaiour is causedy the increasedseismicactvity rate,as
well asthe softernatureof eventsoccurringwithin the alreadyfracturedzone.Seismicsoftening
coincidingwith acceleratingleformationcausea decreasén seismicviscosityr,, andanincrease
in seismicdiffusion D, with aresultantincreasan the seismicSchmidtnumberSc,,. In general,
the sensitvity of the seismicmonitoringsystemis a limiting factorin the detectionof nucleation
processesStrongerand more homogeneousock masshave smallernucleationzones,and are

thereforeharderto detect.
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4.8 Summary

Seismicmonitoring, event prediction,and risk managemenhave becomea very importantpart
of modernmining operation.Advancesmadein digital technologyprovide the meansto make
measurementwith accurag levelswhich wereunthinkableonly a few yearsago.The emphasis
hasnow shifted from accuratemeasuringto accuratemodelling of the processegoverningthe
elasticandinelasticrock deformations State-of-the-arevent predictionmethodscan predictup
to oneout of every threeinelasticdeformationsof magnitudetwo andhigher Thus,thereis still

muchroomfor improvement.

Neuralnetworkshave alreadybeenusedn thevalidationphaseof thedataflow. In thenext chapter

we will discusgheuseof neuralnetworksfor the modellingof the seismictime seriestself.
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Chapter 5

Prediction and Modelling of SeismicTime

Series

5.1 Intr oduction

Neuralnetworkshave beenusedfor seismicdiscrimination(e.g.to distinguishnaturalearthquaks
from man-madeaxplosions[59]), andfor the interpretationof seismicdatafor gasandoil explo-
ration[1]. To the bestof our knowledge,no work hasbeendoneon the useof neuralnetworksfor
seismicevent predictionin hardrockmines.Modelling and predictionof seismictime seriesare
very difficult, becausehey originatefrom high-dimensionathaoticattractorsThe high degreeof
noisepresenin the measurementsomplicatesnattersfurther. Fortunately neuralnetworks have
beenshavn to be robustin their capabilityto copewith noise[6]. As we have demonstratedh
Chapter3, neuralnetworks are capableof extractingaccurateattractormodelsfrom chaotictime

series.

In Chapter4, we discussedhe differentsourceparametershat characterisseismicevents.They
are:thetime of occurrencethelocationof the event, thelocationmeasuremergrror, the number

of monitoring stationsinvolved in the measurementhe moment,the enegy, andthe estimated
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errorin themomentandenegy measurement&ny of theseparametersanbe usedto construcia

time seriesput for the purpose®f thisthesis,we will only focusontheenegy andmoment.

We hadavailableseismiceventdatafrom a hardrock gold minein SouthAfrica. Theinfluenceof

eventsoriginatingin one partof the mine on eventsin distantpartsof the mineis unclear Thus
we useda dataset containinglocalisedevents.As anillustration for the processof time series
characterisationwe will examinetwo time seriesin detail: an enegy and momenttime series,

containingseismiceventsfrom a sectionof the mine calledpolygonk.

In this chapteywe discusghe applicationof the methodsdiscussedn previous chaptergo areal
world time seriesWe showv thatmodellingandpredictingtime seriesfrom realworld applications
areconsiderablymoredifficult thanour benchmarlsystemsOneof thereasondor thisincreased
difficulty is the presencef noisein the data.In the next sectionwe discussour methodfor pre-
processinghe raw datainto usefultime series.We discussthe characterisatiof two example
time series.Next, we showv thatthe methodsof falsenearesheighboursandfalsestrandsfind it
muchharderto extractembeddinglimensiondrom the time series We thenshaow our resultsfor
TDNN andFIRNN. Theseresultsarerepresentatie of mary experimentgerformed.This section

is followedby asectiononregularisationWe concludethechaptemwith adiscussiorof ourresults.

5.1.1 DataPreprocessing

For time seriesprediction,neuralnetworks needto representime. This is normally doneby sam-
pling a continuoussignalat a fixed frequeng. The seismiceventsarerecordedasthey occur and
arethereforediscrete andirregularly spacedn time. We addresshis problemby dividing thetime
seriesinto fixed size time intervals. We chosethe biggesteventin the interval to representhe
interval. Thus,one-stepaheadpredictionwill predictthe biggesteventthatwill occurwithin the

next interval.

Our neuralnetworks usesigmoidalactivation functions.Thus, training datathatis much bigger

thanone,or muchsmallerthanzero,will drivetheneuronsnto saturationTrainingwith neuronsn
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saturatiormodeis difficult, sincethe gradientin thisregionis small. Thetrue enegy andmoment
valuesof seismiceventsrangefrom 102 to 10**. A linear scalingwould have dwarfedthe smaller
events.Thus,we take thelogarithm,andthenscalethe datalinearly to lie betweerzeroandone.
Thetime seriesare shovn in Figures5.1 and5.2. The time serieshave 4000 datapoints,anda
binning periodof four hours.Thus,thetime seriescoversa periodof aboutayearand10 months.

Energy Time Series
l T T T T T T
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Figure 5.1: Theenegy time series.The binning periodis 4 hours,andthuseachdatapoint on the x-axis

representsa 4 hourintenval. As discussedh Section5.1.1,thedatais logscaledo lay betweerzeroandone.

5.2 SystemCharacterisation

In this section,we follow the sameroutefor systemcharacterisatioms Chapter2. We calculate
the power spectrumgorrelationdimension Lyapuna spectrumandPoincaé mapfor eachof the

time series.
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Moment Time Series
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Figure 5.2: Themomenttime series The binning periodis 4 hours,andthuseachdatapoint on the x-axis

representsa 4 hourinterval. As discussedh Section5.1.1,thedatais logscaledo lay betweerzeroandone.

5.2.1 Power Spectrum
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Figure 5.3: Thelog-magnitudeandphaseanglegraphsfor the enegy time series

We begin by examiningthe power spectrumof bothtime seriesasshovn in Figuress.3and5.4.

Fromtherich spectran boththemagnitudeandangleplots, it is clearthatneithertime seriesstem
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Figure 5.4: Thelog-magnitudeandphaseanglegraphsfor the momenttime series

from a periodicattractor Thus,we continueandcalculatethe correlationdimensions.

5.2.2 Correlation Dimension

Correlation Dimension

Energy Time Series
30 2

log(C(r)

log(r)

Figure 5.5: Thecorrelationdimensionandcorrelationsumgraphsfor the enegy time series Thecorrela-

tion sumhasa skewed S-shapeandits scaleis shavn ontheright border

Thecorrelationsumsandcorrelationdimensiondor thefirst 40 embeddinglimensionsareshaovn
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Moment Time Series
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Figure 5.6: Thecorrelationdimensionandcorrelationsumgraphsfor the momenttime series.The corre-

lation sumhasa skewed S-shapeandits scaleis shavn ontheright border

for the enegy andmomenttime seriesin Figure5.5andFigure5.6, respectrely. The correlation
dimensionis obtainedrom thegradientof the correlationsumatits mostlinearpoint. We obsene
thatthe correlationdimensionsaremuchhigherthanthoseof the Lorenz,Rossler Mackey-Glass

or lasersystemsThis suggestshatthesetime serieswill be moredifficult to predict.

5.2.3 Lyapunov Spectrum

To confirm our suspicionthat the time seriesare chaotic,we proceedto calculatethe Lyapunw
spectraNot surprising,bothtime seriescontainpositve Lyapun exponentsandthe spectraare
shaowvn in Figures5.7 and5.8. Note that largestLyapunw exponentof the momenttime seriesis
higherthanthat of the enegy time series We expectthe momenttime seriesto be moredifficult

to model.
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Figure 5.7: TheLyapunwe spectrunof the enegy time series
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Figure 5.8: TheLyapune spectrunof the momenttime series
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5.2.4 Poincaré Map

Finally, we draw the Poincaé mapsfor the momentandenepy time series.The graphsshown in
Figures5.9 and5.10shaw the attractordessclearthanthat of our benchmarksystemsHowever,
someunderlyingstructureis evident,asopposedo no distinguishablestructuresuchasthatof the

randomtime serieshatwe discussedn Section2.5.2.
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Figure5.9: Theenegy time seriesmap.Thefigure shavs thedevelopmentof (z(t), z(t — 1), z(t — 2)) as

t increases.

Moment Time Series

Figure 5.10: Themomentime seriesmap.Thefigureshavs thedevelopmentof (z(t), z(t — 1), z(t — 2))

ast increases.
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5.3 FalseNearestNeighboursand FalseStrands

The seismictime seriescontainsdiscreteevents,and thereforewe do not performtime lag es-
timations.We proceedto estimatethe embeddingdimensionusingthe methodsof falsenearest

neighboursandfalsestrandmethods.

Figure5.11 shaws theresultsfrom both methodsfor the enegy time series.The methodof false
nearesheighbourseemdo converge,andsuggestembeddinglimensionf 37 andhigher The
methodof falsestrandseverreachlow falseto truestrandratios.At embeddinglimension 3, the
averagesuddenlydrops,andseemdo staylower. This givessomesupportto the estimationof the
falsenearesheighboursnethod Figure5.12shows theresultsfor the momenttime series Again,
the methodof falsestranddfails to provide any goodindicationof a goodembeddingdimension.
Themethodof falsenearesheighbourseacheds smallesvalueatanembeddinglimensiorof 43.
However, themethodof falsestrandgs animprovementon themethodof falsenearesheighbours.
Thus, the failure of the methodof falsestrandscastssomesuspicionon the contradictingresult

obtainedwith the methodof falsenearesheighbours.

As we discussedn Chapter4, the seismicmomentand enegy are not independenparameters.
Takingall resultsinto accountwe concludethatembeddinglimensionsf +£40 shouldbe usedfor

bothtime series.

5.4 PerformanceMeasures

Beforewe discusghe modellingof thetime serieswe pauseto reflecton performanceaneasures.

A commonperformancemeasures the meansquarecerror (MSE):

MSE(Z) = % Z(yz — d;)* (5.1)

wherey; andd; arethe outputanddesiredoutputfor patterni, respectrely, for atotal of N input

patterns.
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Embedding Estimation for the Energy Time Series
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Figure 5.11: The methodsof false strandsand false nearesineighboursperformedon the enegy time

seriesBoth methodgyive theratio of falsestrands/nearesieighbourgo true strands/nearesieighbours.

Embedding Estimation for the Moment Time Series
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Figure 5.12: The methodsof falsestrandsandfalsenearesneighboursperformedon the momenttime

seriesBoth methodgyive theratio of falsestrands/nearesieighbourgo true strands/nearesieighbours.
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The meansquarederror givesa generalidea of how well the modelfits the given data.Keepin
mind thatthe error on boththe training setandtestsetshouldbe usedfor evaluation.Using only
thetrainingMSE will give anoverly optimistic pictureof thedegreeto which thenetwork models

theunderlyingattractor

MSE may placetoo much emphase®n big differences Another measurds the meanabsolute

error(MAE), givenby:
1 N
MAE(#) = 5 Z lyi — di (5.2)

For the specificapplicationof eventprediction,boththe MSE andMAE lack oneimportantfunc-
tionality: the ability to discriminatebetweemnmoreandlessimportantevents.It is importantto be

ableto tracksmallersizedevents,but it is evenmoreimportantto predictpossibledisasters.

Thus,theuseof receveroperatingcharacteristi¢ROC) curvesis warrantedThis methodemploys
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(P,) asthe ratio of detectedbig eventsto the numberof big events.The
probabilityof detectionis usedin conjunctionwith anothemeasuregalledthe probability of false
alarms(Py). The probability of falsealarmsis definedastheratio of falsebig eventpredictionsto

thenumberof big eventpredictionsThus,a P, of oneanda P; of zerois theideal.

By varyingthethresholdanddrawing P, onthey-axisandP; onthex-axis,aROC curveis drawvn.
An operatingpoint canthen be chosenaccordingto the value placedon predictingdisastersas
opposedo the coston actingon falsealarms We will explicitely show theinfluenceof increasing

thethresholdby plotting both P, and P; asfunctionsof thethreshold.

Anotherperformancemeasuras to draw the histogramof predictionerrors.This methodcounts
the numberof pointslying within an errorinternval. Thus,the desiredresponsas to have all the
errorslying within a narrov region aroundzero.In essencethe error histogrammethodprovides

the sameinformationasthe MSE andMAE, butit is moredescriptve, visualandintuitive.
Network performancecanbe viewed from a mining engineeringpr from a nonlineardynamical
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systemgointof view. For theformer, ROC curvesfor performancevaluationis recommendeds
accuratdrackingof the chaotictime seriesis not necessaryrromthe dynamicalsystemgpoint of
view, we areinterestedn how closelytheattractoris modelled Here,the histogrammethodmight

be of moreinterest,sinceit is notbiasedio eventsizes.

5.4.1 Stopping Criterion for SeismicTime Series

We investigatedhe useof Diks’ Testasa performanceneasurdor the seismictime seriesUnfor-
tunately we found no conclusve evidencethatthe testcanbe usedasa stoppingcriterion for the
seismicdata.We believe thetestfailedfor our application becausehe seismictime seriesaretoo
noisy. Thevalidationerrorneverreachewvaluesthatwould necessitatéhe useof Diks’ Testto dis-
criminatewhetherthemodelis truly anaccurataepresentatioof the original attractor Therefore,
theresultsof the testnever reachacceptablezalues.We alsofound no evidencethatthe trend of
thetestcanbe usedasa stoppingcriterion. We oftenfoundthatbetter P, valuesarereachedwith

moretrainingthanthatsuggestedby Diks’ Test.

We revertedto using P, and P, asstoppingcriteria. We continuedrainingwhile the P, for thetest

setkeptincreasingandthe P; stayedatacceptabldevels.

5.5 Modelling and Predicting SeismicTime Series

In this sectionwe shav the modellingcapabilityof neuralnetworkswhenappliedto seismictime
seriesprediction.Theresultspresentedn this sectionarerepresentatie of mary experimentger

formed.

Wefirst presentesultsfor theradiatedseismicenegy, andthenfor the seismicmoment.Through-
out this section,wheneer we shov predicteddata,we will usestippledlines for the desiredre-

sponseandsolid linesfor network output.
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5.5.1 Radiated SeismicEnergy

All theinputdatapresentedh this sectionis scaledbetweerzeroandoneaccordingo the method
discussedn Section5.1.1.A one-to-onanapof thelogscaledvaluesto therealvaluesis shovn in
Figure5.27.

Logscaled Value to True Value
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Figure 5.13: Mappingof logscaledvaluesto actualvaluesin kJ.

Modelling and Prediction Using TDNN

We show resultsfor a TDNN trainedon the first 1000 datapoints of the enegy time series.We
useda TDNN with 40 input neuronsasindicatedby the methodsof falsenearesneighboursand
falsestrandsThenetwork had30 neurongn its first hiddenlayerand3 in its secondhiddenlayer.
It hadoneneuronwith alinearactivationfunctionin the outputlayer. We trainedthe network for
2500epochsAs shown in Figure5.14,the network performedwell whenpredictingthe training
data,andobtaineda meansquarecerror of 0.023on the training data.Resultsfor predictingthe
unseertestdataareshowvn in Figure5.15. The network outputcanbe largerthanonebecaus¢he

outputneuronis linear Themeansquarecderroron thetestdatawas0.074.

We evaluatethe network performanceisingthemethodsliscussedh Section5.4. TheROC curves
for the training dataare shaovn in Figure 5.16. Note that we split the normal ROC curve into
two curves, explicitly shaving the influenceof the threshold.An operatingpoint canbe chosen

by specifyinga desiredthresholdand obtainingthe probability of detectionand probability of
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Prediction Of Energy Training Data
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Figure5.14: TDNN Predictionof enegy trainingdata.

falsealarmfrom the graph.We obsenre thataccuratgredictionbecomesncreasinglyhardasthe
thresholdincreasesThe ROC curvesfor predictionof the next 350 test datapoints are shovn
in Figure5.17. From the positive false alarm probability for small thresholdswe deducethat

sometimesventsarepredictedwhentherearenone.

We chosethe criteria for event detectionand false alarm predictionsuchthat an eventis only
marked aspredictedif the predictionis above thethreshold.Thus,if eventsof size0.6 andlarger
areto be detectedandthe predictionis 0.59,it doesnot countasa prediction.Similarly, whenan
eventis of size0.59,the threshold0.6, andthe prediction0.6 aswell, it is designatedsa false

alarm.

Thehistogramof errorsfor boththetrainingandtestsetareshovnin Figure5.18andFigure5.19,
respectrely. We do not countcorrectpredictionsof non-ezentswhen calculatingthe histogram.

Includingthesepredictionscauseshe histogramscoringmethodto be overly optimistic.
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Prediction Of Energy Test Data
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Figure 5.15: TDNN Predictionof enepgy testdata.
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Figure 5.16: Theprobability of detectionrandprobability of falsealarmcurvesfor enegy trainingdata.
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ROC Curves For Energy Test Data
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Figure 5.17: Theprobability of detectionandprobability of falsealarmcurvesfor enegy testdata.
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Figure 5.18: Thehistogramof errorsmadeon the predictionof trainingdata.

Next we show the resultsfor training up to 4000datapoints. Theresultsfor the training setwere
similar to thosealreadyshowvn, thuswe only show resultsfor the testset.Figure5.20 shavs the

first 200 predictedpoints.

The ROC curwesfor the first 400 predictedpointsare showvn in Figure5.21. The probability of
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Figure 5.19: Thehistogramof errorsmadeon the predictionof testdata.
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Figure 5.20: Predictionof enegy testdatawhenusingthefirst 4000datapointsastraining data.
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ROC For Energy Test Data
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Figure 5.21: Theprobability of detectionandfalsealarmcurvesfor theenegy testdata.

detectionfor eventsup to size 0.7 is reasonablygoodat above 0.5. At a thresholdvalueof 0.72
the probability of detectionis 1 for a shortperiod,andthendropsto 0. This effectis theresultof
theeverdecreasingrumberof big eventsremainingasthethresholds increasedThus,theoneor
two eventsabove 0.72areall detectedgiving a probability of detectionof 1, andanumberof false

alarmsaremade.
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Figure 5.22: A histogramof the errorsmadeon the predictionof enegy testdata

Figure5.22 shows the histogramof errorson thetestdata.lt shavs a concentratioraroundzero,

anda smallerconcentratiorabout0.5. This humpwaspresentn Figure5.19aswell, andis the
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manifestatiorof eventpredictionswheretherearenone.

Modelling and Prediction Using FIRNN

We shaw resultsfor a FIRNN trainedfor 7400epochsA sectionof the predictionof trainingdata
is shavn in Figure5.23.The FIRNN did not predicttrainingdataaswell asthe TDNN. However,
it performedbetteron the predictionof testdata,asshovn in Figure5.24.

Prediction Of Energy Training Data
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Figure 5.23: Predictionof enegy trainingdatawith a FIRNN.

WhencomparingheROC curvesfor trainingdatashovnin Figuress.16and5.25,respectiely, we
obsenre thatthe FIRNN performedworsethanthe TDNN. However, from Figures5.17and5.26

we obsene thatthe FIRNN gave bettergeneralisatioperformance.
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Figure 5.24: Predictionof enegy testdatawith a FIRNN.
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Figure 5.25: The probability of detectionandfalsealarmcurvesfor enegy trainingdatafor the FIRNN.



ROC for Energy Test Data
100 T T T T T T T

0 I I I I I I I
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Threshold

Figure 5.26: The probability of detectionandfalsealarmcurvesfor enegy testdatafor the FIRNN.
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5.5.2 SeismicMoment
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Figure 5.27: Mappingof logscaledvaluesto actualvaluesin nm.

In this sectionwe modelandpredictseismicmoment.We found predictingseismicmomentto be
muchharderthanpredictingseismicenegy. The mappingof training datavaluesto realvaluesis

showvn in Figure5.27.

Modelling and Prediction Using TDNN

For theseismicnomentwe useda TDNN thathad40 neuronsn theinputtapdelayline, 30 hidden
neuronsanda linear outputneuron.We trainedthe network on the first 1000 datapointsof the
momenttime series.Theresultsfor thetrainingdataareshown in Figure5.28.Theresultsfor the
testdataareshawvn in Figure5.29.We obtaineda MSE of 0.026for the training data,and0.065

for thetestdata.

Figure5.28suggestshatthetrainingdatais notlearnedvery well. However, the stoppingcriterion
focuson the P, for thetestdata.Furthertraining resultedin worse P; and P valuesfor the test
set.The ROC curwesfor trainingdataareshavn in Figure5.30,andthatof thetestdataareshown
in Figure5.31.The ROC curvesclearly showv thatthe momenttime seriesis muchmoredifficult
to predict.However, whenstudyingFigures5.28and5.29we obsene thatcomparedo theenegy
time seriesthe momenttime serieshasmuchlessvaluesabove 0.6. Thus,training datafor values

above 0.6is sparse.
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Figure 5.28: TDNN Predictionof seismicmomenttraining data.
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Figure 5.29: TDNN Predictionof seismicmomenttestdata.
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ROC Curves for Moment Training Data
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Figure 5.30: The probability of detectionandfalsealarmcurvesfor momenttrainingdata.
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Figure 5.31: Theprobability of detectionandfalsealarmcurvesfor momenttestdata.

Finally, we show the error histogramdor the training datain Figure5.32,andfor the testdatain

Figure5.33.Again, thesearenotasnarrov asthoseobtainedfor theenegy data.
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Figure 5.32: Thehistogramof errorsfor the momenttrainingdata
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Figure 5.33: Thehistogramof errorsfor the momenttestdata

Modelling and Prediction Using FIRNN

For the momentdata,we found that FIRNNs aremuchharderto train than TDNNs. However, in

generalwhenwe couldtrainaFIRNN to modelthemomentdata,t performedoetterthanTDNNSs.
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We shaw theresultsof a4 layerFIRNN. Theinputlayerhad40tapsin thetapdelayline. Thefirst
hiddenlayerhad5 neuronswith 10 tap delayseach,andthe secondhiddenlayerhad 10 neurons
with 20 tapseach.We trainedthe network on the first 1000 datapoints, and predictedthe next
200.We shaw thetraining dataafter 300 and5300epochsn Figures5.34and5.35,respectiely.
Figure5.36shavsthepredictionafter300epochsandFigure5.37shavsthepredictionafter5300

epochs.

Prediction of Moment Training Data After 300 Training Epochs
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Figure 5.34: FIRNN predictionof momenttraining dataaftertrainingfor 300epochs.

Thesawo figuresdemonstratatrendobsenedin generalThemodelis refinedquitequickly to fit

thedatareasonablyvell. Improving resultsfurtherusuallyturnsoutto be quitedifficult. We often
obsenred that overshootingoccursin the testdata,andthereforethe probability of falsealarms
increase®eyondacceptabldéevels. Thus,with anincreasen the probability of detectionpnealso

obseresanincreasen the probability of falsealarmsastraining progresses.

We shaw the training andtestdataROC curvesfor the FIRNN after training for 300 epochsin
Figures5.38and5.39,respectiely. We concludethis sectionby shaving thetrainingandtestdata

errorhistogramsn Figures5.40and5.41,respectiely.
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Prediction of Moment Training Data After 5300 Training Epochs
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Figure 5.35: FIRNN predictionof momenttraining dataaftertrainingfor 5300epochs.
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Figure 5.36: FIRNN predictionof momenttestdataaftertrainingfor 300epochs.
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Prediction of Moment Test Data
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Figure 5.37: FIRNN predictionof momenttestdataaftertrainingfor 5300epochs.
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Figure 5.38: Theprobability of detectionandfalsealarmfor the momenttraining dataafter 300epochs.
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ROC Curves for Moment Test Data
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Figure 5.39: The probability of detectionandfalsealarmfor the momenttestdataafter 300 epochs.
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Figure 5.40: Thehistogramof errorsfor the momenttraining dataafter 300 epochs.
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Figure 5.41: Thehistogramof errorsfor the momenttestdataafter 300 epochs.
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5.5.3 Employing the Optimal Brain Surgeon

Theoptimalbrainsuigeonmethod(describedn detailin Section3.7.2)providesameango remove
redundang in theneuralnetwork. It prunesweightsthatareof little importancen thecomputation
of the output. Thus,it canbe usedasanindicationof how mary hiddenneuronsareneededor a

goodmodel.

A goodmodel,i.e. onewhich providesgoodperformanceyeneralisationis not necessarilgasyto
obtainby startingto train on a modelwith only the optimalamountof hiddenneuronsThereason
for thisis thatthetraining processnight be easiewith moreneuronsandmoreweightsthanwith
justthe optimalamountneededor computationapurposesHowever, sinceOBS doesprovide an
indicationof how mary hiddenneuronsareneededor modelcomputationjt doeshelp gettinga
roughideaof how mary hiddenneuronsareneededor trainingpurposeslf nothingelse,it putsa

lower boundaryonthe numberof hiddenneurons.

SinceOBShassuchseverecomputationaheedsye did notpruneall theresultannetworks.When
we did apply OBS, we foundthatit removed mary of the weightswhile maintainingthe generali-

sationperformanceHowever, we seldomfound OBSto increasegeneralisatioperformance.

5.5.4 Discussion

Theresultspresentedn the previoussectionleavesuswith afew questionsWhich network archi-
tectureshouldbeused”DoesFIRNN provide any morestrengththanTDNN? Why is the moment

time seriesmoredifficult to model,andwhatareacceptableé®; and P; values?

We discusshe questionof FIRNN versusTDNN first. We foundthatit is easierto train TDNNs
than FIRNNSs for both time series.Comparingthe two predictionsof the samedatasetsfor the
enegy time serieswe obsene thatthe FIRNN seemgo be lessproneto make falsealarmsthan
the TDNNSs, but the PP, for the FIRNN wassmaller We obsene thesamebehaiour for themoment
data,wherethe P; of the FIRNN is lessthanhalf thatof the TDNN. Thus,the challengefrom the

FIRNN point of view is to increasehe P, without anaccompaying increasen F;, whereasthe

116



challengerom the TDNN point of view is to decreaséhe P; while maintaininggood #; values.

Onecouldaskexactly whatgood P, and P valuesare.Valuesof 0.75for P; soundbad.However,
whenbig eventsarefew in number thenarelatively high P; could betolerable.For example,let
therebe onebig eventin four months For a £; of .8, anda P of .75,onepredictionwill bemade
eachmonth,andthetrue eventwould have a 80%chanceof beingdetectedIf the costssavedfrom
detectingthe big eventis more thanthe mone lost from falsealarms,having modelswith this

accurag will still beuseful.

Onelastquestionremainsthe questionof why modellingseismicenegy seemdo be easierthan
modelling seismicmoment.The Lyapunw exponentshinted at this behaiour. The biggestLya-
punov exponentfor the enegy time seriesis aboutl.3, andthat of the momenttime seriesabout
1.8. However, the biggestLyapunw exponentis only a measureof the periodduring which valid
predictionscan be made.The reasonmight lie in the inherit propertiesof the seismicmoment,
whichalthoughcorrelatedwvith seismiceneny, is adifferentphysicalpropertyof theseismicevent.
Anotherfactorinhibiting theaccuratgredictionof large seismicnmomenteventsis therelatively s-
parsityof big seismicnomentsasopposedo themorefrequentlyoccurringbiggerseismicenegy

events.

The statisticof one deathper day in SouthAfrican mines,which are of the mostmodernin the
world, givesanindicationof justhow difficult it is to predictseismiceventsof size.In this chapter
we presented methodfor extractingneuralnetwork training andtestdatafor raw seismicdata.
We discussedhe applicationof the methoddrom Chapter and3 to seismictime series\We also
discussegerformanceneasuresuitablefor theevaluationof seismiceventpredictorsFinally, we
shavedsomeof our bestresults.We wereableto extractmodelscapableof trackingthe dynamics
of thedata.Giventhehigh-dimensionalityf theattractorandthelargenoisecomponenpresentn
thetime seriesthe neuralnetworks obtainedresultsthatwerebeyond expectation.The prediction
of (only) very big events,especiallyeventswith a big momentwerenotasgoodaswe hopedfor,
but couldhave beenmuchworse.This studyindicatesthat, pertainingto seismiceventprediction,

neuralnetworksaredefinitelyworthy of furtherinvestigation.
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Chapter 6

Conclusionsand Dir ectionsfor

Futur e Reseach

6.1 Accomplishmentsand Open Problems

Theoverall objective of this studywasto investigatehe useof neuralnetworksto predictseismic
event series.In achieving this goal we followed a specificroute. We first characterisehe time
seriespbtaininginformationaboutthe underlyingattractor We thenextractparametersisefulfor
time seriegprediction.Wethenproceedo modelandpredictthetime seriesusingneuralnetworks.
We first demonstratethe validity of this pathby showving its effectivenessvhenappliedto well-
known systemsThenwe appliedthis methodologyto the seismictime seriesWe first shavedhow
to preprocessheraw seismicdatainto a usefultime seriesWe thenshavedthatthis time seriess
chaotic.We shavedthatstandardnethodssuchasfalsenearesneighboursandfalsestrandshave
difficulty extractingembeddingdimensiongfor thesetime series.We continuedto shawv results
whenpredictingthe seismictime seriesusingTDNNs andFIRNNs. We shovedthatthe networks

wereableto modelandpredictboththe enegy andthe momenttime series.

Thisbeingsaid,we certainlydo not claimto have solvedall theworlds problemswhenit comeso
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predictingdisastersn mines.Severalproblemsstill remain.We foundthatpredictinglargerevents
— whichis theultimategoalfrom themineengineeringperspectre— is muchmoredifficult than
predictingsmallerevents.Furthermoremodelsthatdo have a reasonabl@robability of detecting

large events,almostalwayshadunacceptablyigh probability of falsealarms.

Anotherproblemyetto be solvedis how to improve theresultsof amodelbeyonda certainpoint.
We foundthata model capableof large event prediction,loosesthis ability with furthertraining,
aimedat reducingthe probability of falsealarms.Our largestconcernis the lack of goodtraining
data— i.e. highly populateddatawith acceptablenoiselevels. Noise resultsfrom two sources,
accurag of measurementandirrelevant data.Irrelevant measurementare measurementsom
unpredictablesourcesfor exampleblasting,andexplosionssuchasmethaneasexplosionsthatdo
not occurdueto seismicbuildup. Thelatter problemmaybe addressetty marking,andremoving
irrelevant datafrom the time series.The first concernmay also be addressedh the nearfuture
by advancesmadein seismicmonitoringtechnology Recently a new kind of seismictransducer
calledtheaccelerometerfiave beendeveloped.Thesedevicesarecapableof muchmoreaccurate
measurementthan thosecurrently usedin mines— thosefrom which we extractedour time
series.Whendatafrom thesedevices, spanningan adequateperiod of time, becomesavailable,
neuralnetworksmaywell be ableto obtainresultsadwancingthe currentstateof theartin seismic

hazardprediction.

6.2 Information from KnowledgeDiscovery

Neuralnetworks arewell suitedfor marny modellingpurposesbut unfortunatelyit is not obvious
whatthey have learnt. Thus,no new informationis gainedby obtaininga modelfor the time se-
ries,andit is alsonot possibleto verify themodel. This "black box” characteristioftendissuades
domainexpertsfrom usingneuralnetwork models.However, methodsfor extractinginformation
from neuralnetworks exist. One suchmethod,called TRERAN, can extract decisiontreesthat

approximatehe conceptrepresentetdy networkstrainedon time seriesdata[10]. Applying tech-
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niquessuchas TRERAN to extract understandablenformationfrom neuralnetworks trainedon
seismictime seriesshould prove interesting.lt may even leadto improving currentmodelsfor

eventprediction.

6.3 Detectionof Novelties

Seismicmonitoringconstantlyprovidesmoredata.lt maybebeneficialto train the existing neural
networks on the new dataaswell. However, if the new datacontainsno new information,more
training couldresultin overfitting. The flow of rock is a dynamicalprocessandinvolvesvarious
parametershatmay slowly changeastime progressesrhus,we arepresentedvith the question:
when do we needto retrain the neural networks? Novelty detectionposesa possiblesolution.
Novelty detectionusestheideaof negative selectionfoundin immunology andhasbeenusedto
detectanomalitiesin time series[11]. Thesemethodsmay be usedto detectbehaiour thatwas
not presenin the training data.Whensuchbehaiour is detectedjt might be wise to retrainthe

network to includethe new data.

6.4 Long Short-Term Memory Recurrent Neural Networks

We experimentedonly briefly with recurrentneuralnetwork architecturesRecurrenineuralnet-
works of substantiakizerequirelarge amountsof computingpower, andare notoriouslydifficult
to train. However, aswe pointedout in Section3.5, TDNNs andFIRNNs have only limited con-
text. Thus,relevantinformationmaybelostto the network. Recurrennetworkshave, in principle,
unlimited contect. However, this comesat the price of difficulty during the training processThe
reasornis thatmostrecurrentneuralnetworksfind it extremelyhardto learnlong-termdependen-
cies.However, long short-termmemoryneuralnetworks claim to be ableto copewith long-term
dependenciewithout losing short-termaccurag [23]. Thus,an investigationof long short-term

memoryfor seismiceventpredictionis warranted.
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Appendix A

Err or Backpropagation

A.1 Error Backpropagationfor Feedbrward Networks

The derivation for the feedforward error backpropagatiomlgorithm can be obtainedfrom refer

encessuchas[21]. Here,we only summarisehe algorithmfor weightupdates.

The algorithm consistsof two passesa forward and a backward pass.During the forward pass,
input is appliedto the input neurons,andthe resultis propagatedhroughthe network, until it
reacheghe output.During the backward pass the weightsare adaptedo fit the desiredresponse

better Duringtheforwardpassthenetinputto eachneuronj attimestepn is computedasfollows:
vj(n) = Z wji(n)yi(n) (A.1)

whereweightw;; connectghe outputof neuront, y;, to neuron;. The error madeat the output

neuronis givenby

ej(n) = d;(n) —y;(n) (A-2)

whered, is thedesiredoutputfor outputneuron;. Duringthebackwardpasshelocal errorsignals
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for eachneuronarecomputed:

5 = { e;(n)¢'(vj(n)) for neuronj in the outputlayer (A3)

¢ (vi(n)) >4 0x(n)wy;(n) for neuron;j in ahiddenlayer
where¢'(z) is the deriative of the activation function with respecto its input, andweight wy,;

connectghe outputof neurony to neuronk in the next layer The updateto weightw;; is then

givenby

wherea is the momentumconstantands the learningrate parameterThe activation functionis

oftenchoserto besigmoidal:

¢(z) = (A.5)
For the sigmoidalcase the derivative canbe shavn to be computablérom only the outputy;:

¢'(z) = y;(1 - y;) (A.6)

A.2 Temporal Err or Backpropagation

The temporalerror backpropagatiomalgorithmalso consistsof a forward anda backward phase.
During the forward pass,the input is propagatedhroughthe network until the outputfor each
neuronis computedAs discussedn Section3.4, eachweightin the feedforward network makes

placefor aweightvectorin the FIRNN suchthat

vj(n) = Zw’fifi(n)+bj (A.7)
yn) = o(v;(n)) (A.8)

whereZ; (n) isthestatevectot w;; theweightvectoror synapseonnectedo theoutputof neurony,

b; theexternallyappliedbias,andm, the numberof inputsin the previouslayer.
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The error ¢; at the output neuronis againthe differencebetweenthe desiredresponseandthe
network output.For thetemporakerrorbackpropagatioalgorithm thestatevectorfor eachsynapse

mustbe stored.For neuronj in theoutputlayer, thelocal gradientis computedas
d;(n) = ej(n)¢;(n) (A.9)
andtheweightupdatesomputedas
Wji(n + 1) = wj; + 1d;(n);(n) (A.10)

whereZ;(n) is the statevectorattime n. The gradientfor neuron; in a hiddenlayeris computed

as

3j(n —lp) = ¢'(v;(n — Ip)) > A¥ (n — Ip)i,; (A.11)

recA
In this equation/ is the depthof the hiddenlayer, with [ = 0 the outputlayer The set A for a
neuronyj is thesetof all neuronsvhoseinputsarefed by the outputof neuronj. Theorderof each
synapticFIR filter is designatedby p, andthevector&(n — p) storespreviouslocal gradientsand

is givenby

Ar(n—p)=[0,(n—p),6(n+1—p),...5.(n)]" (A.12)

Finally, theweightupdatesarecomputedy
Wji(n + 1) = @y + nd;(n — Ip)z;(n — Ip) (A.13)

wheren is thelearningrate.
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