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Abstract

A variety of single-layerperceptrometworks are usedto classify mineralsbasedon the X-
ray spectrageneratedvhenthey are examinedundera scanningelectronmicroscope. The
networks testedhave differentsize hiddenlayers(3, 6, 10 and15 units) andaretrainedusing
differentlearningrates(0.01,0.05and0.3). Theinput, hiddenandoutputlayersusethelinear,
hyperbolicandsoftmaxactivationfunctionsrespectrely andthe networksaretrainedusingthe

cross-entrop errorfunction.

The spectraldatais pre-processetb yield a featuresetthatis input into the networks. Two
differentsizefeaturesetsdervedfrom theoriginal spectrabataareused.Two levelsof artificial
noiseareaddedto the original spectraanda furthertwo full sizefeaturesetsarederivedfrom
thesenoisy spectra. All four featuresetsarethen classifiedby all the networks andthe chi-

squaredest.

The bestperforming networks are found to be able to classify the noisestdatawith 99.6%
accuray. The traditional classificationmethodthat usesthe chi-squaredestis modified to
greatlyimprove its performancebut is foundto only classifythe samenoisy datawith 96.2%
accurag. Thehiddenlayer size of the best-performinghetworksis alsofoundto decreasas

theamountof the noisein thedataincreases.
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INTRODUCTION

Chapter 1

Intr oduction

Spectraclassifications a procedurausedin mary realworld applications.In mostareasof use
the methodusedto performthe classificationneedsto be both accurateand robust whenthe
datais noisy and/orincomplete.Becausef the large quantityof dataassociatedavith spectral
readinggheclassificatiormethodmustbe ableto performthesortingata practicalspeed.This
dissertatioris concernedvith theinvestigationof the performancef a single-layemerceptron
neuralnetwork in thetaskof noisyspectraclassification.Theresearclwascarriedout usingthe
X-ray spectrageneratedby the scanningelectronmicroscopeat the JuliusKruttschnittMineral

ResearciCentre(JKMRC).

1.1 Curr ent Neural Network Spectral Recognition

Neuralnetworks are currently beingusedfor spectralrecognitionin a numberof fields, with
impressve results. Ratherthanjust beingan interestingresearchopic, their specialcapabili-
tiesareallowing themto achieve betterresultsthantraditionalspectrakecognitiontechniques.

Therearea hugenumberof applications afew of the morepromisingonesareoutlinedhere.

Thereis widespreadtoncernby mary governmentsaboutthe possibleuseof weaponf mass
destructiorby terroristsor roguestates Biological weaponsareoneof the mostfearedduenot

only to their devastingdirecteffect but alsothe socialdespaithata contagiousgentcancause.




1.1 CURRENT NEURAL NETWORK SPECTRAL RECOGNITION INTRODUCTION

Pathogenidacterids oneinexpensve optionfor terroristswishingto developtheirownweapons.
Otherbacteriaandsporeghat could be usedasbiologicalweaponsnclude Bacillus Anthracis
which causeghe diseaseAntrax, Yersiniapestiswhich causeoneform of the plague,Fran-
cisellatularensiswhich is responsiblgor rabbit fever, and Brucella melitensiswhich causes

Brucellosis[1].

Most of theseagentsare bestcharacterizedy pyrolysis massspectrometry Harrington[1]
successfullydevelopedneuralnetworks which could quickly and accuratelyidentify bacteria

from apool of five types.

In the United Statesvery large quantitiesof hazardousvastehave beengeneratedver the past
40yearsasaresultof Plutoniumproductionatthe Departmenbf Enegy’s plantatHanford. To
storethis wasteabout1700wastesitesare situatedat variouslocationsin southeasteriVash-
ington state. Someexamplesof the harmful substancesiclude nuclearwastesuchasfission
products,chemicalwastesuchas carbontetrachloride ferrogyanide and nitrates,and mixed

nuclearchemicalwaste.

Thereis a currentdrive towardsernvironmentalrestorationandwasteprocessingat thesesites
aswell asat mary othersacrosghewholeof the United States|t is desirecthatthesegoalsbe

achievedsafelyandcost-efectively.

The ability to accuratelyidentify differenttypesof contaminant@resentat thesewastesitesis
crucialfor decidingwhatproceduresretaken. Dueto the hazardousatureof theernvironment
andlessthanideal operatingconditions,the readingsrom portablegamma-rayspectrometers
arebothnoisyandincomplete Neuralnetwork analysisof the datacanprovide real-timeauto-

matedidentificationof the contaminant$2].

A moremundanebut nonethelesfinancially attractve applicationof neuralnetworksthathas
beenresearched their usein wineidentification.Knowledgeaboutthevariationof wine com-

positionatvariousstagesn theproductionprocesss critical to reducingits overall compleity.




1.2 REAL WORLD PROBLEM INTRODUCTION

Analysisof the wine beforeand after eachcritical processcomponentanidentify how well

eachpartof theprocesss running,andcanimmediatelyidentify andlocalizefaulty equipment.

Two typesof spectraareobtainedrom analysisof thewine - Visible-Ultraviolet (VIS-UV) and
Neighbourinfrared (NIR). Neuralnetworks have proved particularly suitablefor this problem
becausef the variationin spectraobtainedfor samplesof the sameclassof wine. Networks
have beenusedto form anadaptve systenthatcanquickly beretrainedo suitchangingcondi-
tions. The networks have provided quick-responsanalysisandshowvn the ability to generalize
to winesthey werenottrainedto recognizeln additionthey have beenableto adaptto anatural

changean theabsorptiorspectruncausedy oxidation[3].

X-ray diffraction spectrafrom multiple locationswithin a 3D objecthave beenanalysedoy
neuralnetworks to detectexplosive contraband.Using an X-ray beamdevice incidenton the
objectcertainspectrainformationwasextracted.This datawasanalysedvith aneuralnetwork
to determingf certainexplosiveshadacharacteristispectrakignature.To avoid the possibility
of localizedabnormalitiesor measuremergrrors,networks analyzedoth the targetedpart of

theobjectandspectrarom neighbouringvolumesin the object[4].

Neuralnetworkshave alsobeensuccessfullyisedin identificationof mineralsbasedntheir X-
ray spectraMulti-layer perceptronNaive Bayes,andKohonemetworkshave all beendemon-
stratedto be competitve with or betterthantraditionalstatisticalmethods.Researchwith the
University of Queensland’ Julius Krutschnitt Mineral ResearctCentrehasidentified neural
networksasbeingbetterat classifyingspectrahatarenoisyor a superpositiorof two different
spectrd5].

1.2 RealWorld Problem

The Mineral Liberation Analyzer (MLA) bureauat the JKMRC performsa numberof min-

eralanalysistasksincluding mineralidentification, liberationanalysisandrare-phassearches.




1.2 REAL WORLD PROBLEM INTRODUCTION

Milled ore samplesare examinedusing a FEI XL40 scanningelectronmicroscope(SEM)
and enepy dispersve X-Ray analysissystem(EDAX). Preliminary mineral classificationis
achieved usingthe back scatterecklectron(BSE) levels. For mineralsthat have similar BSE

levelsthe X-ray spectrarom the EDAX areusedfor classificatiorpurposes.

To generatdBSE imagesof the mineralsamplea beamof electronss directedatit. The back
scattereetlectronsaregeneratedby interactionbetweertheincidentelectronsandthespecimen
electronsThebackscatterealectronsaretheprimaryelectronemittedfrom elasticcollisions.
Secondarglectronswith relatively low enegy valuesarealsoemittedfrom significantlyinelas-

tic collisions.

Figurel.l: BackScatteredElectronFramelmage[6]

TheBSEintensityis roughlyproportionako thespecimersatomicnumber TheBSEvaluesare
usedto createa greyscaleimageof the mineralsample(figuresl.1and1.2). Brighterareasof a
BSE imagerepresenthe heavier mineralcomponentandsoon. Using segmentatioranalysis

theimagecanbe separatedhto individual particlesasin figure 1.3.

Many particlesconsistof morethanonemineral,suchastheparticlein figure1.2,shovn before

the separatgphasedave beenidentified. To definethe boundariedetweerdifferentphasesn

4



1.2 REAL WORLD PROBLEM INTRODUCTION

Figurel.2: Individual ParticleBSEImage[6]

aparticleananalysisis carriedout on BSE discontinuities placeswheretheimagebrightness
suddenlychanges.Oncethis analysisis completea new clearly definedimageof the particle
is generatedvith a single colour representinggachphase.Figure 1.3 shows the samepatrticle

afterit hasundegonethis treatment.

Figurel.3: PhaseSeparatedParticle Image[6]

WhentheBSElevelsaresimilarfor differentphasesheidentificationis performedusingX-ray

spectrdrom the EDAX. The X-ray spectraldatais noisyandhencethe classificatiortechnique




1.3 RESEARCH AIMS INTRODUCTION

mustbe robustandinsensitve to noise. Therearealsocommercialadvantagego scanninghe
mineralsamplesmorequickly - but this resultsin even morenoisy data. Neuralnetworks are

goodat dealingwith noisydataandcanbetrainedto ignorethe noisepresenin thedata.

1.3 Research Aims

This aim of this thesisis to extendthe work carriedout by Deacon[5] by investigatingthe
classificationperformanceof a neuralnetwork usingnoisy spectra.The investigationis to be

into single-layemperceptrortypenetworksthatwerefoundby Deacorto bethe mostsuccessful.

Thefirst phaseof researchaimsto develop,usinga morein-depthanalysisa single-layemer
ceptrometwork structureghatcanidentify thetestdatasetwith veryhighaccurag. Theanalysis
will includevarianceof multiple parametersesultingin a large numberof network configura-

tions,to give anideaof whatarethe critical factorsaffecting performance.

The secondphaseof researchaimsto give anideaof how performancelegradesasnoisebe-
comesprogressiely more significant. The aim is to testthe networks developedin partone

underseverallevelsof noiseto obsene thefollowing:
Classificatioraccurag of the networkson noisydata.
Effectof the parametergxploredin phaseonewhendealingwith noisydata.

Performancef the network, comparedvith thatof a modifiedchi-squaredest,on noisy

data.

1.4 Report Outline

Thereportis dividedinto chapterghatcover backgroundesearctandtheory the development

andtestingof the networks, analysisof their performancewith comparisonto corventional




1.4 REPORT OUTLINE INTRODUCTION

techniquesaindrecommendationfor futureresearch.

Chapter 2 describeshow X-ray spectraareobtainedfrom mineralsamplesandthe associated

uncertaintiesn thedata.

Chapter 3 givesa brief historicalperspectie on neuralnetworksanddiscusseselevantneural

network theory

Chapter 4 reviews spectrabnalysigechniquesisingneuralnetworksby researchens nucleay

biologicalandmineralfields.

Chapter 5 describeghe developmentand testingof the neuralnetworks. Modification and

testingof a chi-squaredtatisticalmethodis alsodiscussed.
Chapter 6 presentghe testresultsof boththe neuralnetworks and modified chi-squaredest.
Analysis of their performanceanda comparatre assessmens given. The error sourcesand

repeatabilityof thetestsis discussed.

Chapter 7 concludeghethesisreportanddiscussepossibleareador futureresearch.




SPECTRAL CLASSIFICATION OF MINERAL SAMPLES

Chapter 2

Spectral Classificationof Mineral Samples

This chapterdiscusseshe spectralclassificationmethodusedto identify mineral samplesat
the JKMRC. For mineralswith similar BSE levels, anotherway of identifying the mineralsis
required- thisis providedby spectraklassification.The procesdy whichthe X-ray spectraare

obtainedandsomeof the problemsassociatedavith the processarediscussed.

Interactionof the incidentelectronsrom the SEM with the specimerelectronseleasesadia-
tive enegy over a wide rangeof wavelengths.The enegy releaseds dueto ionisationof the
specimemtoms’inner electronshellsby incidentelectrons.Whenan electronfrom an outer
shellrelaxesandtakesthe positionnow availablein the innershell, radiationis released.The
typeof radiationis dependentntheenegy gapbetweerthetwo shells- whichis acharacteris-
tic of thetypeof atomi.e. elementRadiationreleasedn eachpartof thespectrumis referredto
asbeingthe characteristicadiationfor thatwavelengthrange.For instancehe X-raysreleased

arecalledcharacteristick-rays.

In additionto the BSE imagethe X-rays generatedor each‘cross’ - seefigure 1.3 - canbe
plottedasa spectrum.Peaksin the spectrumarerepresentatie of an electrontransitionwith
a certaincharacteristie@nepgy release.Eachmineraltype will have characteristipeaksin its
spectrunthatareeachindicative of a certainelemenfresentn themineral.In additionthesize
of the peakggivesanideaof therelatve quantitiesof eachelemenin the sample. SomeX-rays

will be presentin all samplesregardlessof the mineraltype; theseare from the background
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continuum(Bremstralung}hatis causedoy the slowing down of the electronsasthey hit the

samplg7].

Figure2.1: SampleSpectrum

Whenthedifferencen BSElevelsis insufficientto differentiatebetweerthedifferentminerals
presenin a sample X-ray spectralklassifications used.A samplespectrunfor therightmost

phasen 1.3is shovnin figure2.1.

In all real-world applicationghe datagenerateatancontainsignificantnoiseandthis applica-
tion is no exception. The quality of the spectraobtainedfrom the SEM is proportionalto the
scanningiime per point. Usinga scanningime of 300 ms per point yields a spectrumwith a
‘count’ of about2000. A countof onerepresenta single X-ray detectedat a particularwave-
length. A countof 2000means2000X-rays of variouswavelengthshave beendetected Peaks

in the spectrunoccurwherea large countfor a particularwavelength/channes obtained.

Apart from the peaksin the spectrunmthereis the noisethat canbe seenthroughoutthe entire
spectrumput which is mostapparenaway from the peaks.Eachspectrumhas2000channels,
sofor atotal countof 2000mary channelswill have eithera zeroor avery low count. Peaks
themselesarenotalwaysclearlydefinedandareoftenbimodalor worse.Whenthetwo modes

becomear enoughapartto be classifiedastwo separatgeakss a subjectve judgement.

MineralssuchasPyrrotiteanda Pentlandite-Pyrrhotitenixture have quite similar spectra.The

9



SPECTRAL CLASSIFICATION OF MINERAL SAMPLES

differencebetweensuchsimilar spectraonly becomespparentvhenexaminingthe secondor
third largestpeak. The smallerthe peakthe moreit is affectedby noise;noisegenerategbeaks

canactuallybelargerthanthesmaller'real’ peaks.

The scanningprocessis a time intensve one that cantake mary hoursfor a single mineral
sample.At the momentthe computingandpreparatiortime for completeanalysisof a sample
by the MLA bureauis muchshorterthanthe scanningiime. The operationis effectively bot-
tlenecled at the scanningstage meaningthatimprovementgherecanhave a drasticeffect on

productvity of thebureau.

The X-ray spectracanbe collectedfor shortertime periodsper scanningpoint - for instance
150 msinsteadof 300 ms. This roughly halvesthe scantime per sampleandgreatlyincreases
the numberof sampleghatcanbe scannedvery week. The disadwantageof shorterscanning
timesis simple- the characteristipeakshecomesmallerbut the absoluteamountof noisestays

roughlythesame.

The currentmethodof classifications to collectten spectrafor a known mineral,eachspectra
beingobtainedoverthe periodof oneminute(andhenceyielding averylarge numberof counts
and vastly reducingthe effect of noise). Thesespectraare then averagedto obtaina single
characteristispectrunthatis usedasareferencestandardThis proceduras carriedoutfor all

mineralsthatareexpectedn samples.

The spectraobtainedfor a mineralsampleare comparedo this library of standardsisingthe
chi-squaredest. Onceall the spectrahave beenassociatedavith a mineralstandardi.e. all the
mineralspresentn the samplehave beenidentified)a final setof particleimagesis generated
shawing the particle with information on the phasegresentand their quantities. A typical

particleimageat theendof analysiss shovn in 2.2.

Thetestis quite sensitve to noiseandits performancesuffersaccordinglyif thereis significant

noisepresent.Neuralnetworks have beenfound to classify slightly noisy spectrawith 100%

10
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Figure2.2: Final Particlelmage

accurag, which the currentchi-squaredest hasnot beenableto achiese [5]. However no
researchhadbeencarriedoutinto how noisythe spectracanbecomebeforethe performancef

the neuralnetworksbecomesunacceptable this wasoneof theaimsof thisthesis.

11



BACKGROUND THEORY

Chapter 3

Background Theory

Neuralnetworksareacomputingparadignthatcameaboutdueto therealizationthatthehuman
(andanimal)brainworksin away entirelydifferentto thatof acomputer Therearemary types
of neuralnetworksbut they all have oneconceptin common:their structureis basedsomeavhat
on our understandingf the brain’s structure. They areusedin anincredibly wide rangeof

applicationsbecausef their ability to performtasksthathumansare goodat andcomputers

traditionally poorat; thosethatareunstructurednonlinearandapproximate.

This chapterfirst presents brief history of neuralnetworks, thathave beenaroundfor a large
partof the 20th century It thendiscusseshe basicnetwork unit, the neuron,andthe different
typesthat canbe used. The waysin which theseneuronscanbe groupedtogetherto form a
network structurds discussedaswell aswaysin whichthenetwork canbetrained.Thechapter
endswith adescriptionof theneedfor datapre-preprocessingndhow it canbe performedand

anexplanationof thechi-squaredest.

3.1 History of Neural Networks

Neuralnetworkswerefirst formalizedin a 1943paperby McCullochandPitts. It describedhe
‘logical calculusof neuralnetworks’ [8] andwasusedby von Neumannn the constructionof

the ElectronicDiscreteVariableAutomaticComputefEDVAC) [8].

12



3.1 HISTORY OF NEURAL NETWORKS BACKGROUND THEORY

In 1949HebbsbookTheOrganizationof Behaviourexplainedthedynamicnatureof thebrain’s
connectvity. In thebook he presentec casefor SynapticModificationwherebythe effective-
nessof a variablesynapsebetweentwo neuronss affectedby the amountof communication
acrossit betweenthe two neurons. This is known ashis Postulateof Learningandis linked
closelyto the ideaof updatingthe weightsin a neuralnetwork during training. It shouldbe
notedthat this postulatewas at leastpartly inspiredby earlierwork carriedout by Ramony

Cajl.

Thetopic of associatre memorywasfirst exploredin the 19505, firstly by Taylorin 1956 but
thenby AndersonKohonerandNakano(all separat@apers)n 1972. Theissueof redundang
in neuralnetworkswasalsoinvestigatedaroundthis time by multiple researcherscludingvon

Neumannwho greatlyhelpedto progresshefield.

Also startingin the1950swasresearclonthefundamentalinitsor neuronsn aneuralnetwork.
Rosenblatintroduceda unit calledthe perception andWidrow andHoff introduceda slightly
differentunit calledtheadaline Both of theseunitsarefundamentain modernneuralnetwork

structures.

In the 1970 aftera proof of the limitations of onespecifictype of neuralnetwork by Minsky
andPapert(1969),interestwaned.However muchwork wasdoneon self-oiganizingmapsby
Willshaw andvonderMalshurg. Thesenetworksweremoreautonomousn their operatiorthan

previousones.

In 1982Hopfield released pivotal paperon neuralnetworks with feedbacknown eventually
asHopfield Networks[8]. Ironically thesenetworks are not very good modelsfor the actual
neurobiologicabystemghatinspiredthemin thefirst place.Howeverthepapercreatedalot of

interestin networksandanassociate@creasen productve research.

Neural network type architecturesvere demonstratedo be effective in applieddynamicsit-

uationsin the 1980%s. Barto, Suttonand Andersoncreateda reinforcementiearning system

13



3.2 MULTI-LAYER PERCEPTRON NETWORKS BACKGROUND THEORY

that learnedto balancea vertical broomstickon a wheelbase Braitenbeg in 1984 described
simpleinternalarchitecturevasedon animalbrainsthat exhibited goal based self-oganized

behaiour.

In 1986 Rumelhart Hinton andWilliams reportedon the developmenif the back-propagation
algorithmfor training multi-layer perceptrometworks, althoughthe algorithmwasdiscovered
simultaneouslyn severalplacesaroundthe sametime. This algorithmwenton to becomethe
mostpopulartrainingalgorithmfor multi-layerperceptrometworks, thatthemseleshave been

themostpopularnetwork architecture.

More recentlythere have beentwo comprehensie bookson Neural Networks. Neural Net-
works: A Compehensivad-oundationby Haykin is a completetreatmentof neuralnetworks
from an engineeringperspectie. It coversin detail all the learningprocessypesandneural
network structureswith mathematicajustificationof mary of the concepts.Neural Networks
for Pattern Rec@nition by Bishop providesa more statisticalanalysisof neuralnetworks and
their learningmechanisms.Thesevolumesrepresena formalizationof neuralnetworks asa

practicalfield ratherthanresearcloddity.

Like somary othertechnologybasedields neuralnetworks have enjoyedthe benefitof expo-
nentiallyincreasingcomputermpower over the last20 years.Evenwith no theoreticaimprove-
ments,whatneuralnetworks canachieve hasincreasedyreatlysimply dueto moreprocessing
‘grunt’ beingavailable. Neuralnetworks have beenusedrecentlyto achieve impressve results
- suchasdriving a vehiclealonga highway in traffic [9]. New avenuesof investigationhave
alsoopenedup dueto this computingpower increase suchasusinglargenumbersof networks

in modularfashion[10].

3.2 Multi-Lay er Perceptron Networks

The performanceof several differentneuralnetwork typeson mineralspectrarecognitionhas

beeninvestigated5]. All network typesshavedsomepromise but the single-layermperceptron
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3.2 MULTI-LAYER PERCEPTRON NETWORKS BACKGROUND THEORY

network wasfoundto bethe bestperforming. The single-layemetwork is a particulartype of

multi-layernetwork. Thetheorypresentedheremainly concernghis type of network.

3.2.1 Neuron Model

A neuronis the basicunit presenin any neuralnetwork. A neuronmodel(figure 3.1) contains

threebasicelementghatwork togetherto make the neuroncapableof processingnformation:

A numberof connectindinks eachof which hasanindividual weight or strength. The
link weightscaleshe strengthof signalspassingalongthe link. Positve weightvalues
meanallink is excitatory, negative valuessignify aninhibitory link. Theseinks areoften

calledsynapses

A summationjunction that addsthe contributions of the signalspassingthroughthe

synapses.

A meanf limiting the outputof the neuron- anactivationfunction. Thereis anumber
of differentactivationfunctions,which oneis useddepend®nthetype of dataprocessed

by the neuralnetwork.

Figure3.1: NeuronModel Numberl

If therearen inputsto aneuron thefollowing equationholds:

(3.1)

uis thesignalpassingrom the summatiorjunctionto theactivationfunction. At theactivation

functionthis signalis modifiedin two ways:
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An affine transformation8] is performedon u by subtractinga thresholdvaluefrom u.

This givesanintermediatevaluev.

This intermediatevaluev is passedhroughan activationfunction Therearemary ac-
tivationfunctions- for the neuralnetworksinvestigatedn this thesislinear, logistic, hy-

perbolicandsoftmaxactivationfunctionswerethe mainonesused.

Thefinal outputof the network y is givenby two simpleexpressions:

(3.2)

(3.3)

It is oftencornvenientto move thethresholdnputto theleft in thediagramsothatit becomes
synapticnputwith afixedweightof andinputvalueof - thisis mathematicallyequialent

but the diagramlooksslightly different(figure 3.2).

Figure3.2: NeuronModel Number2

3.2.2 Activation Functions

The activation function senesto limit the valuesthat the neuronoutputcantake. It is often
called a squashingfunction becauseof the way it usually limits the final outputvalueto a

certainrange. The choiceof activationfunctionis usuallymadebasedon what sort of datais
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3.2 MULTI-LAYER PERCEPTRON NETWORKS BACKGROUND THEORY

beingfed throughthe neuron.Herethe mainthreeactvationfunctionsusedin thisresearclare

examined.

Continuous Linear

This is alsoknown asthe identity activation function. This is the one function that doesnot
modify its input; ratherit simply passeshe input valuedirectly on asoutput. For the sale of

cornventiony hasbeendefinedasthe outputof the activationfunctionandx theinput.

(3.4)

Hyperbolic

This functionlimits the outputvalueto arangebetween1 and+1. Thefunctionis symmetric.

(3.5)

Softmax

Thisis anormalizedexponential(or logistic) functionwith arangebetweerD and1l. It is used
in theoutputlayerof the networksbecausevhenusedwith the cross-entrop errorfunctionthe
network outputscanbe interpretedasprobabilitiesof classmembershigll]. As suchthesum
of outputsacrosssucha network addto one.Unlike the previoustwo activationfunctions,there

is adependencen actualnetwork structure- the numberof neuronsn the outputlayer.

(3.6)

In equation 3.6 n is the numberof neuronsin the network’s outputlayer. Figure 3.3 shows
graphicallythe input-outputmappingfor eachof the activationfunctions.Thelogistic function
ratherthanthe softmaxfunctionis shown - thelogistic functionis a specialcaseof the softmax

functionfor anetwork with oneneuronoutput.
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Output Value

3.2.3 Network Structure

VARIOUS ACTIVATION FUNCTION CURVES

T T T
— - Linear
— - Hyperbolic
Logistic

-3

Input Value

Figure3.3: Activation FunctionCurves

A numberof basicneuronunits canbe combinedto form a neural network Layerednetwork

architecturegrecommonlyused.Multi-Layer Perceptror{MLP) networks consistof aninput

layer, oneor morehiddenlayersandanoutputlayer.

Figure3.4: Multi-Layer PerceptroNetwork Structure

In figure 3.4 the network hasa feedforwad structure- all thelinks arepointingto theright in

the ‘forward’ direction. Networks with feedbackaremuchmoredifficult to usealthoughthey
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offer someextra advantagesit is alsofully connectegdmeaningthateachneuronis connected

to all theneurongn thelayerin front of it.

The network hasonly one hiddenlayer - but could containmary more. Single hiddenlayer
networks are lesspowerful thanmulti-layer ones. Whenusedin classificationtasksa single
layernetwork hasbeshown to only becapableof correctlyclassifyingdatasetsthatarelinearly
sepanble[12]. They arehowever muchfasterto train, useandanalyseandarequite adequate

for mary applications.

Thisnetwork in figure 3.4 hasfive inputneuronsthreehiddenneuronsandfour outputneurons.
Thenumberof inputneuronausuallycorrespondso thenumberof independentariablesbeing
fed to the network. The numberof hiddenunits varies,but the generalizatiorability of a net-
work is roughlyinverselyproportionalto the hiddenlayer size. The numberof outputneurons

depend®n exactly whattaskthe network is performing.

3.3 Training

Oncea suitablenetwork structurehasbeensetup it needsto be trainedso that it is useful.
Therearetwo generalcategoriesof training methods- supervisecandunsupervisedearning.
Supervisedearninginvolves feeding datathroughthe network, and comparingthe network
outputwith what the desiredoutputis. Basedon the differencebetweenactualand desired
outputthe synapticweightsare changedusingvariousalgorithms. Unsupervisedearningcan
only be doneby certainnetworks andinvolvesthe network learningby itself to find statistical

patterngnherentin the data. Thefollowing discussiorconcernsupervisedearningonly.

For the taskof classificationa network is fed a numberof patternsthatit triesto groupinto
classes.The ‘teacher’knows to which classeachpatternshouldbelongandcan‘tell’ the net-
work how it shouldbe groupingthe patterns.The network thenusesanalgorithmto determine

how bestto modify itself in orderthatit move closerto giving theresultsdesiredby theteacher
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Oneof the mostcommonalgorithms,that wasusedin this researchijs the badk-propagation
algorithm. The basicpurposeof the algorithmis to adjustall the synapticweightsuntil the
network canproducethedesiredresponséoutput)to all input patternsn adefinedtrainingset.
Thedifferencebetweerthe actualanddesiredoutputsis treatedasanerrorto be minimized. It
is usuallyusedto train a network to a desiredperformancdevel, at which stagethe network is
‘frozen’ - theweightsarefixedandno furtherlearningcantake place.lt canthenbeusedin the

operationit wasdesignedor.

Therearemary waysthe differencebetweenhe actualanddesiredoutputscanbe calculated.
For the networks developedthe cross-entrop error functionwasused. As outlinedin section
3.2.2this allowed the network outputsto be interpretedas probabilitiesof classmembership.

Mathematicallythis errorfunctionis definedthus(shown for two classes)11]:

(3.7)

Here isthecurrentnetwork’s estimateof the probabilitythatinput patternp belonggo class
i. istheprobabilitythatwe wantthe network to generatethetargetoutput. For thenetworks
usedeachpatternbelongedo only oneclassandhenceonetarget outputvaluewas1 andall

theotherswereO.

Figure3.5: SampleTrainingRun
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Figure 3.5 shavs an examplepatternbeingfed to the input layer of a network. Basedon the
currentsynapticweightsthe patternis processedy the network, giving a seta setof output
values.Theteachelin this caseknows thatthe patternthey have justfed in belongsto class2.
Thereforethe patternshouldhave a 100% probability of belongingto class2, andassuchthe

targetoutputhasbeensetto 1 for class2 andO for all otherclasses.

Thenetwork wouldthencomparats actualoutputwith thetargetoutput- thisnetwork is already

doingreasonablyvell becauséhe highestoutputis for class2 (althoughit is only 0.5,not 1).

3.3.1 Updating Weights

Thereare two waysthe weightscan be updated by online learningor batdh-modelearning.

Formally the stepstakenduringthe onlinetrainingcycle are:
1. Feedatrainingpatterninto the network andlet it propagatehroughto the outputs.
2. Compareheoutputswith thetargetoutputby calculatingthe errori.e. crossentroyy.

3. Calculateall the derivativesof the error with respecto the weightsi.e. . The
procedurdor calculatingthederivativeshasbeenshavn by [13]. It is simplefor asumof

square®rrorfunctionbut somavhatmorecomple for the cross-entrop errorfunction.

4. Usingthedervativeschangaheweightssoasto minimizetheerror. Thiscanbeachieved

by modifying eachweightasfollows [13]:

— (3.8)

is aparametecalledthe‘learningrate’. Theonlinetrainingcycle canberepeatedintil every
single training patternhasbeenpresentedexactly onceto the network. One completepass
throughthetraining setis known asanepod. Bettertraining performancas usuallyachieved

if thetraining patternsarepresentedn arandomorderto the network.
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Another parameterthe ‘momentumvalue’, is often usedin the weight updateprocess.The
momentumvalue influenceshow fastthe rate of changeof network weightsduring training
canchange.If onelooks at a single synapticweight, oncethe weight startschangingduring
training, the momentumvaluemakesit hardto instantaneouslgtopthis change.The mathe-
maticalexpressiorshaving how momentums involvedin the weightupdateprocesss shovn

in equation3.9[11].

mY w (3.9)

is thelearningratevalue,and is themomentunvalue.

Typical networks needthe completetraining setto be presentedo themsereral timesbefore
their performancaes satisactory- they needto undego severalepodisof training. Varyingthe
orderof patternpresentatiorbetweenepochscan help avoid cyclic effects. A typical cyclic
effect that can occuris overemphasi®f the first few patternspresentedo the network each

epoch- shufling of patternorderavoidsthis problem.

Thereis anothettype of training calledbatdc learning. This involvespresentingall the patterns
in the training setone by oneto the network, without any updatingof the weights. Instead
the derivatives of the error for eachpatternpresentedare summedtogetherto obtain a total
derivativefor the wholetraining set(equation3.10). Only afterthe entiretraining sethasbeen
presentedo the network is this total derivative error usedto updatethe synapticweights. This

is donein asimilar fashionto online learning,usingequation3.8.

_— S (3.10)

Thereareadwantagesanddisadwantagesssociatedavith both training methods.To helpillus-

trate them one can visualizean error surface with a global minimum at a certainlocation.
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Ideally we would lik e the network, startingfrom somearbitrarypointon the surface,to quickly

andsmoothlytraceouta pathto this minimum- andhenceminimizetheerror.

Batch-modetraining is quite similar to the gradientdescentmethod. After eachepochthe
weightsare adjustedso the error approacheshe minimum at the quickest possiblerate - by
following a headingin the direction of steepestlescent. For a small enoughvalue of in

equation3.8,thenetwork errorwill traceoutasmoothpathto theglobalminimum (figure 3.6).

Figure3.6: Error Surfacefor Batch-ModeTraining[13]

Onlinetraining hasthe advantagethata muchlarger numberof weightupdatesoccurduringa
certaintrainingtime. This is balancedoy the fact thatthe error gradientsobtainedfrom each
single input patternare only approximationgo the true error gradient- thatis calculatedby
averagingthe error gradientsobtainedfor all patternsn thetraining set. Oftentheseapproxi-
mationsare closeenoughto the true error gradientso thatthe error approacheshe minimum,

albeitin ajerky fashion(figure 3.7).

Figure3.7: Error Surfacefor Online Training[13]
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3.3.2 Data Pre-Processing

Oftenthequantityof datato beanalyzedy aneuralnetwork is simply toolargeto bedealtwith
computationally Also the datamay not be in a form thatis optimal for input into a network.
Whenthis situationarises the datacanbe pre-processed This involves,throughtransforma-
tions of the data,reducingthe size of the dataset. Pre-processings also often necessaryo

performsuchtasksasnormalizationof all thedata.

Therearemary simpleexamplesof pre-processingln written characterecognitiontasksthe
ratio ‘height to width’ of a charactemay be extractedasa featue. Along with several other
featureghis becomeshedatasetfedto theneuralnetwork, ratherthanalargetwo-dimensional
arrayof the pixelsmakingup animageof thecharacterPrincipalcomponentnalysigs another
form of pre-processingvhich hasbeenshonvn to someavhatfacilitatethe mineralX-ray spectra
identificationproblem([5]. In spectralanalysispeaksmay be extractedasfeaturesaswell as

bandaveragesandcentroids.

Curse of Dimensionality

Apart from simple computationalimitations, thereis anotherfactor limiting the size of the
featuresetinputinto a neuralnetwork, known asthe curseof dimensionality It canberoughly

illustratedusinga simplenetwork with initially one,thentwo input(s).

We candrawv aone-dimensiongdlot with theinputvariable alongthesingleaxis. By dividing
the axis into sectionswve canassigneachinput patternfrom the training datasetto a square-
showvn asdots. If we weregivena new input datapattern andwe wantedto find whatthe
outputwould be,we would first find the squarethis new input belongedo. For instancejf the
new inputwas it would belongto therightmostsquargseefigure3.8). To find its output,

we would averagethe outputsassociatedavith the threepointsalreadyin thatgrid square.

We canincreasethe numberof input variablesto two - thenwe candrav a two-dimensional
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Figure3.8: OnelnputVariableMappingSpace

plot with inputvariables and makingup thetwo axes. By againdividing eachaxisinto
sectionswe canassigneachinput patternto a certaingrid square.However, notice now that
thereare fewer points per grid squaresincethe numberof squareshasincreasedseefigure

3.9). Thedatahasbecomealot sparser

Figure3.9: Two InputVariablesMappingSpace

If wewereto increasghenumbetrof inputvariablego three thegrid squaresvould becomegrid
cubesandtheir numberwould increaseagain. This would resultin somegrid cubeshaving no
datapointsfrom thetraining set.If a new input patternwasfed to the network which belonged
in anunoccupiedyrid cube,we would have no previous datapointsfrom which to estimatets
output. By increasinghe numberof variablesin the featureset,the datarapidly becomegoo

sparseandthe network performancealegrades.
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3.4 Chi-Squared Test

Thetheorybehindthe chi-squaredestcurrentlyusedto classify X-ray spectras coveredhere.
Thetestoutputsa valuethatis anindicationof thedifferencebetweerntwo spectra thesmaller
the numberthe betterthe match. The expressiorfor the chi-squared/alueis givenin equation

3.11[14].

(3.11)

where:
to = numberobsenedin channeh

to =numberexpectedn channeh
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Chapter 4

Review of Spectral Analysis Techniques

Therehasbeena significantamountof researcton spectralanalysisusingneuralnetworksin a
wide variety of fields. While someof the applicationgeviewed herearefor fieldsthathave no
directrelationshipto mineralrecognition,nonethelesthe spectrakecognitiontechniquesised

couldquite easilybe appliedto mineralX-ray spectra.

4.1 GammaRay Analysis

In theareaof gammaray spectrabnalysisthetraditionalapproacthasbeento find peaksn the
spectraandattempto fit curves. Thisprocessnvolvestrying to find amathematicallygenerated
matchfor the real spectrumandcaninvolve muchiteration. A new approact2] assumeshat
aradioactve samplecontainsa numberof isotopespectrahatcombineapproximatelyin linear
superpositiorto form the completespectrum. Equation4.1 shows this:  is the spectraof
eachindividualisotope, is therelative concentratiorof eachindividualisotopeand__is the
resultantoverall spectrum. The completeset of spectraldatawasfed into several MLP type

neuralnetworkswithoutarny pre-processing.

(4.1)

Whatwasmostinterestingabouttheresearclwasthatthe singlelayernetwork duringtraining
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becamereliant on the peaksin the spectra,even thoughthe whole spectrumwas usedasthe
input. Whenmodifiedspectrawith all but their peaksremovedwerefed into the networksthey

performedbetterthanothernon-netvork techniquesnvestigated.

Furtherresearclby Keller [2] involved pre-processingf the spectraldata.200input channels
from a gamma-rayspectrometewerereducednto 20 new equal-sizedthanneldy averaging
setsof 10 consecutre channels.Thesingle-layemeuralnetwork wasfoundto have very good
classificatiorperformanceThe network wasfoundto beinferior to othertechniquesvhenthe

spectravereideal,but becamesuperiorwhentherewassignificantnoisepresenin the data.

Figure4.l: Pre-processingf gamma-rayspectradata[2]

4.2 Micr oorganismMass Spectra

Researcltarriedout to try andidentify bacteriafrom their massspectrarevealeda common

problemwith neuralnetworks. The researchattemptedo find out whetherthe network was
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performingwell becaus®f fundamentatlifferencesn the spectrapr simply becaus®f exper
imentallyassociateccontamination A very brief story[15] outlinesthis difficulty with neural

networks:

A groupof researcherattemptedo train a neuralnetwork to identify from photoswhethera
military tank washiding behindtrees. By feedingfifty photosof tanksbehindtreesandfifty

photosof only the treesthe network wastrainedto identify tanksin hiding. However, those
fundingtheresearclwerenot corvincedanddemandedurthertesting. Whenfed a new setof

photosto analyze the network now hadno ideawhethertherewasatankin the photoor not.

Puzzled the researchergried to find out the causefor the differencein performance.lt was
eventuallydiscoveredthatall theoriginal photosof tankshiding behindtreeshadbeentakenon
asunry day, andall the onesof only treeson anovercastday The network hadlookedfor the
easiestvay to differentiatebetweerthe two situationsandhadusedthe brightnessf the photo
asthe key feature. This illustratesthe point thatit is oftenvery hardto work out whetheran

impressve network is truly working properly or merely‘cheating’.

Eachnetwork outputwas usedto representa certainclassof bacteria- whenthe output of
classwas it meantthatthe network was surethatthe input datawasfor a bacterium
of thatclass. Also, sinceit wasdeemedhata null classificatiorwas betterthanan incorrect
classificationjf noneof the network outputswerelargerthan  the samplewasclassifiedas

unknown.

It wasfoundthatonly asmallnumberof peaksn thespectravereneededy theneuralnetwork
for correctclassification. Sensitvity analysiswas carriedout to determinewhich peaksthe
network was usingfor classification. Multiple networks of the sametype were usedfor the
taskof classificationin orderto obtainmultiple classificationgor eachsample.The sensitvity
analysigevealedhatdifferentnetworkswereusingdifferentpeakgo performtheclassification.
Theresearclalsofoundthatusingmultiple networks gave no betterperformancehanusinga

singlenetwork.
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4.3 Wine Identification

Two differenttypesof spectravereusedn thetaskof wineidentification- theisible-Ultraviolet
(VIS-UV) and Neighbourinfrared (NIR). Pre-processingvas performedon the spectra,that
wereclassifiedusingtwo differenttypesof MLP neuralnetwork. For the NIR spectrathein-

tensityat sevendifferentfrequenciesvasusedasnetwork inputs[3].

For the VIS-UV spectrumanalysisprincipal componentanalysisand expertisewas usedto
identify five characteristidrequenciesat which intensityreadingswould be taken andusedas

network inputs. Thefeaturegepresentedtthefive frequenciesvere:

1. Firstcharacteristipeak.
2. Secondcharacteristipeak.
3. Colloid Protectors

4. Antociani

5. Antociani

Thefirst two featuredisted aresimply the two largestpeaks andtheremainingfeaturescorre-
spondto quantitiesof certainwine componentsEachoutputof a simplemulti-layerperceptron
network was associatedvith a classownershipprobability The network was found to have

classificatioraccuracie®f

4.4 X-ray Diffractograms

A fuzzy expertsystemwasdevelopedby researcherto classifymineralsvia their X-ray diffrac-
togramusing the Hanavalt method. This methodinvolvestaking the first threestrongestd-
lines’ in a mineralpattern(seefigure 4.2)andcomparingthemto a library databasef known
mineralpatterngstandardsjo attemptanidentification.If thereis not enoughinformationfor

a confidentidentification,the next strongestine is usedandso on until amatchis obtained.
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Figure4.2: SampleStick Diagram[16]
Theresearcloutlinedsereralimportantconsiderationsindideas:

Theaccurayg of identificationdepend®n the correctnessf the standardslreadyclassi-

fied andcontainedn thelibrary database.

An extra factor usedin the identificationprocesscan be basedon the known average

alhundanceof eachof theminerals.

Largerpeakscanbe given(manually)moresignificancan theidentificationprocesghan

smallones.

Dueto naturalvariationthe secondstrongespeakin a candidatespectrunmightactually
correspondo the strongesbor third strongespeakin the standard.Hencethe order of

peaklocationsfrom largestto smallestpeakis not necessarilya goodfeatureto use.
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Chapter 5

Developmentand Testing

Therewere essentiallyfour phasesf developmentandtesting. The first involved using the
softwareprogramMATLAB to createsomesimple neuralnetworks thatwereusedto try and
differentiatebetweerthe spectreof five differenttypesof minerals.The secondphasenvolved
usingthesoftwarepackagd RAJAN to try andcomeup with anoptimalsingle-layetperceptron
network for classificationof spectrabelongingto ten differentmineraltypes. The third phase
involved addingvariouslevels of artificial noiseto the spectraand runningthemthroughthe
networksfrom phasetwo. Thefourth phasewasto repeathe third phasebut usinga modified

statisticalclassificatiormethod.

5.1 MATLAB Testing

MATLAB is a multi-purposesoftware packageusedby engineersand scientists. Amongst
otherthingsit offers a neuralnetworks packagethatallows a userto createa wide variety of
network typessuchasbadkpropagationandHopfieldrecurrentnetworks. It alsogivestheuser
control over the network structure neurontypes,training algorithms,learningratesand other

parameters.
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5.1.1 Data Set

Thefirst datasetobtainedirom the JKMRC containedver 60 000 spectrasamplesgcontaining
about20 differentmineraltypes. However, only five of the mineraltypeshadmorethan1500
samplesandassuchthe datatraining setwasrestrictedto thesefive. However dueto severe
speedoroblemswith MATLAB thefinal trainingdatasetwasfurtherreducedo only 200spec-
trafor eachmineral,with atotal of 1000spectra.lt shouldbe emphasizedhatthis setof 1000
spectrawasusedfor both training andtesting,meaningthe performanceof the networks was

higherthanwould befor anew unseertestset.

Eachspectrumcontains2000channels Figures5.1(a)and5.1(b)shawv two typical spectraor
the mineralchlorite (only the first 1600channelsareshown). Thereis noiseclearly presentn
thespectraAlso readilyapparents the significantpeakvariationbetweerthetwo spectraeven

thoughthey have beengeneratedrom the samemineraltype.

(a) Chlorite Spectra (b) Chlorite Spectra

Figure5.1: Comparisorof spectraor two chlorite samples

Thetotal intensityof a samplewasdefinedasfollows:

(5.1)

where is theintensityof (or countfor) thei’ th channel. Thetotal intensityfor eachmineral

typevariedsignificantlyasdifferentmineralswerescannedor differenttime durations- some
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asshortas 150 ms per spectra.Spectraobtainedfrom longerscanningtime durationshave a
largertotal countandlarger peaksmakingnoiselesssignificant. Shorterscanningimesyield a
lowertotal countandsmallerpeakswith theresultthatnoisebecomesnoreof aproblem,with

greatempeakvariation.

Due to the variationin total intensitythe spectraall hadto be normalized. The number

in equation5.2 waschosersothatthe variablesin theinputto the network wereall somevhat
closeto eachotherin magnitude,which is desirablefor optimal network performance(see
section5.1.2).1t meantthatthetotal intensityof all spectravasnormalizecto 2000. and

arevectorsof length containingthe countsfor eachchannel.

S (5.2)

5.1.2 Pre-Processing

Thesamefeaturesusedby Deacon5] wereusedfor thefinal full sizefeaturesetthatwould be

usedasinputto the network. Thesewere:

The channelnumbersof the five largestpeaksin the spectrum.The channelnumberis

roughlyrepresentatie of enegy level.
Theintensityvalueof eachof thefive peakswasalsoused.

Thetotal intensitiesof tenequalsizebands(eachof width 200 channels) Deaconfound
thattenbandsepresented goodcompromisédetweerhaving too mary bandghatwould
resultin noisebecomingtoo significant,andtoo few bandswhich would resultin peak

featuresdeing‘swallowedup’.

The centroidsof theseten bandswere also usedas inputs. The centroidvalueswere
relative to their positionwithin eachband,andnot relative to an outsidereferencepoint

suchasthefirst channel.
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In summarytherewere 30 featuresusedas input to the network, listed in table5.1. These
featureswereextractedfrom the original spectrausinga programwrittenin C++ andstoredin

atext file.

Table5.1: Summaryof Input Variables

Variable Number | Description

1-10 Total bandintensities
11-20 Bandcentroids
21-25 Peaklocations

26-30 Peaksizes

5.1.3 Network Design

Initially networksweremanipulatedisingMATLAB'’ s nnetfunctions.A varietyof MLP struc-
tures, training algorithms,neurontypes, learningratesand dataset sizeswere experimented
with. Becausef thelarge numberof parameterghatcouldbevariedandbecausehis wasonly

apreliminaryinvestigatiorthe analysisvasnot comprehensie.

The numberof input neuronsusedwas - onefor eachfeatureextractedfrom the spectra
(peaks,centroidsetc.). The numberof outputneuronsusedwasinitially setto one. During
supervisedearningthe target value for this neuronwas setat a value betweenone andfive

correspondingo the desiredmineralclassificationonefor thefirst mineralandsoon).

Having five neurondn the outputlayerwasalsotried. During training the target outputvector
wassetsothatfour of the outputswerezero,andonewasunity. In figure 5.2 the outputlayer
consistingof five neurongs shavn. Thenumberswithin the neurongepresenthe mineraltype
thatthe neurons outputis relevantto. To the right of the neuronsis a target vectorwhich is
being‘applied’ to thenetwork duringsupervisedearning.In this casethenetwork is beingtold
thatthemineral,for which datais currentlybeingfed into the network, is of class2 - hencethe
neuronstargetoutputis one.
Both singleand multiple hiddenlayer networks were tested. For the single hiddenlayer net-

worksthe numberof neuronsvasvariedfrom threeto twenty.
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Figure5.2: Tamgetvectorappliedto network outputs

Activation Functions

A numberof differenttypesof activation function weretrialedin both the hiddenand output
layers. Theinput layeruseda linear activation function, purelin, essentiallya linearactivation
function,andwasnot changed.The activationfunctionstrialedfor the outputandinput layers
aresummarizedn table5.2. The actualmappingof the transferfunctionsis showvn in figure

5.3.

Table5.2: Summaryof ActivationFunctionsTrialed

Activation Function | Description

purelin Lineartransferfunction

logsig Log sigmoidtransferfunction

tansig Hyperbolictangentsigmoidtransferfunction
poslin Positive lineartransferfunction

hardlims Symmetrichardlimit transferfunction

Training Algorithm

MATLAB’s neural networks tools are gearedtowards batch training rather than incremen-
tal/onlinetraining. The morecommonlyusedtraining algorithmsavailablein MATLAB were
trialed to get an idea of how they worked. The most extensvely usedwas the Levenbeg-

Marquardtackpropagatioalgorithm,partly becausé wasmuchfasterthanary of theothers.
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VARIOUS ACTIVATION FUNCTION CURVES
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Figure5.3: MATLAB Activation FunctionsTrialed
5.2 Trajan Testing

Trajanis acommerciallyavailableneuralnetworkspackageA usercancreateseveraldifferent
typesof networks and hasa large amountof control over the network structure- numberof
hiddenlayers,numberof neuronsin eachlayer etc. The activation functionsfor eachlayer
canbechoseraswell asthe errorfunctionthatthe network usesduringtraining. A numberof
optionssuchaspruningof networks, classificationcut-off levels, variationof momentumand

learningratesandothersareoffered.

5.2.1 Data Set

A seconddatasetwasobtainedrom the JKMRC which contained spectran total. There
wereten mineralsequally representedh the dataset, with 2000 spectraper mineral. These
samplesverecollectedmanuallyto ensurethateachspectruncould be confidentlyassociated
with a mineral [5]. Using the currentstatisticaltechniqueto classify the testsetwasnot an
optionasthe neuralnetwork canonly be asgoodasthe datait is trainedwith. It would result

in aneuralnetwork trying to emulatethe statisticaltechniquewhich is imperfect.
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The featuresusedto make up eachtraining input patternwereasin table5.1. However dueto
Trajans superiorspeed comparedo MATLAB), 1500spectrasampledor eachmineralwere
pre-processedsingthe C++ programandusedto form the featureset. This resultedin atotal

featuresetrepresenting spectra.

Trajanwasusedto split this featuresetinto threecomponentgpercentageshon whatfraction

of thetotal featuresetaredevotedto eachcomponent):

1. TrainingSet This componentwas usedby Trajanto performthe actualtraining

of the network - by feedingit throughthe network and performingappropriatewveight

changes.

2. ValidationSet This sethelpedthe network keepits generalizatiorability andavoid

learningnoisepresentn the sample.Trajanusedthe validationsetasa sort of constant
testto checkthe network wasnt just gettingvery goodat classifyingthe specifictraining

set.

3. TestSet Thiscomponentvasusedto evaluatethe performancef the network once

traininghadbeencompleted.

ReducedFeaturesSet

Neural networks are in theory capable throughtraining, of discerningwhich inputs can be
usedfor discriminationbetweerclassesandwhich areuselessHowever, it wasdecidedto try
traininga network with a smallerfeaturesetcontainingwhatwasconsideredy theresearcher

to bethe mostimportantfeatures.

After examinationof the spectrdt wasrealizedthatthe channelsrom 1400upwardscontained
whatvisuallyappearedo be purelynoise with nopeaks.As such,only thefirst seventotal band

intensitiesandbandcentroidswereretainedasfeatureqeachbandwas200channelsvide).

By referringto spectrasuchasshavn in 5.1it canbe seerthatpeaksizeis amuchmorerobust

featurethan peaklocation (asdiscussedn section4.4). The largestpeakin one spectrumis
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locatedataroundchannell 75, but in anotherspectrunfor thesamemineralaroundchannebO.
Howeverthelargestpeakin bothspectras approximatelythe samesize asis thesecondargest
peak.As such,only thetwo largestpeaks’locationsandthreelargestpeaksizeswerestoredas

features Thereducedeaturesetis summarizedn table5.3.

Table5.3: Summaryof Reduced-eatureSet

Variable Number | Description

1-7 Total bandintensities
8-14 Bandcentroids
15-16 Peaklocations

17-19 Peaksizes

Peak Extraction

The methodof peakextractionfrom the spectrawasa dynamicprocesshat changedseveral
times during the research. Becauseof the noise presentin the data, peak extraction was a
reasonablygubjectve procedure thebasicquestionwhenis a peaka peak?’summarizinghe
problem. Sincethe performanceof a neuralnetwork dependgust as much on the choice of

inputfeaturesason theactualnetwork itself, sometime wasspenton the peakextractionissue.

Initially peakswerefoundby simply takingthefive channelswith the highestcount/intensities.
Howeverthisresultedn all five ‘peaks’beingfoundin onevery smallregion of spectraaround
the largestreal peak. This was dueto the peakshaving somewidth - the largestpeakin a
spectrumcould have five channelswith higher countsthanarny otherchannelsn the whole

spectrum.

This was avoided by specifyingthat oncethe highestintensity channelhad beenfound, no
subsequergeakscouldbefoundwithin a certaindistanceof it (distancaneasuredh channels).
Thisresultedn five separat@eaksat differentlocationsusuallybeingfound. After someclose
examinationof the spectraand sometesting,a distanceof fifteen channelsvasfoundto give

goodresults(seefigure5.4).
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Figure5.4: Segmentof samplespectrum

A furtherproblemencountereavasthatby simply identifying peaksby the singlechannelwith
highestintensity therewasa significantsensitvity to noise. This problemwas overcomeby
identifying peaksas occurringwherethe total intensity of the 30 surroundingchannelswvas

maximum,mathematicallyexpressedn equationb.3.

(5.3)

This gave amorerobustpeakidentifierthatwasnot decevedby local noiseaseasily

5.2.2 Network Design

Thecustormetworkdesignerin Trajanwasusedto implementall the networkstested Multiple
hiddenlayer networks were againbriefly testedbut their performancevasfoundto be worse
andtraining slower thanfor single hiddenlayer networks. The network structureusedhada

fixed numberof input neurons- , anda fixed numberof outputneurons- . The hidden
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layersizewasvariedbetweer3, 6, 10and15 neurons.

Activation Functions

Theinputlayeruseda linearactivationfunction. The hiddenlayerwastestedusinghyperbolic
andlogistic activationfunctions. Therewasno significantperformancelifferencebetweerthe
two sothe default hyperbolicfunctionwasused.The outputlayerusedthe softmaxprobability
functionsothatthe network outputscouldbeinterpretedasclassmembershigrobabilities(see

section3.2.2).

Training Algorithm

The only training algorithm extensvely testedwas backpropagation.Deacon[5] found the
quick propagatioralgorithmto be slightly superiorto the back propagatioralgorithm. How-

ever his researclrevealedquick propagatiorreachedeakperformancdor a network with 13
hiddenlayer neuronswhereaghe backpropagatiorwasbestfor a network with only five hid-

denlayer neurons.The researchalsofound the quick propagatioralgorithmto be someavhat
unstable Sincea smallerhiddenlayeris desirablegor network generalizatiorqualitiesthe back
propagatioralgorithmwasusedn thisresearchEachnetwork wastrainedandtestedivetimes

to obtainmorereliableresultsandalsoto getanideaof the variancein performance.

Learning Rate and Momentum Value

The learning rate was varied betweenthreevalues; 0.01, 0.05 and 0.3. Thesevalueswere
chosersothatthe peaknetwork performanceusually occurredsomevherewithin their range.
All networksweretrainedfor 100epochsasthiswasfoundto besufficientfor thecross-entrop
errorto stabilize(no significantimprovementwasachiesed after 100 epochsof training). The

momentunvaluewasleft atits default valueof 0.3.
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5.3 Performanceln Noisy Conditions

Oneof the mostimportantfeaturesof neuralnetworksis their ability to work with datathatis
noisy. The spectraobtainedfrom the JKMRC alreadyhad somenoisepresentin the data,as
canbeseenn figure2.1. Howeverit wasdesiredo seejusthow noisythe datacouldbebefore

thenetwork performancdecameanadequate.

The motivationfor this is outlinedin sectionl1.2. If the network could classify the minerals
accuratelyevenwith significantnoisepresentthe scanningtime per mineralsamplecould be

reducedandhencemoresamplesould be processedh a giventime.

Noisewasaddedartificially to the X-ray spectra.First, the spectraverenormalizedasshown

in equations.2. Thennoisewasaddedo eachchanneklsin equations.4.
noiseamount (5.4)

wasarandomfunctionwith aflat probabilitydistribution (seefigure5.5), with
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Figure5.5: ProbabilityDistribution for R_f
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It wasassumedhatthe channelould nothave negative counts/intensitiesAny channeinten-
sitiesthatwereinitially negative afterapplicationof equations.4 weresetto zero. This hadthe

effect of increasinghetotal intensityof thenormalizednoisy spectrao above 2000.

5.4 Testingof Modified Statistical Method

The motivation behind modifying the currenttechniqueusedto identify mineralswasto try
andget a realisticappraisalof whetherneuralnetworks were a viable option. When blindly
appliedto noisydata,the chi-squarednethodfails completelyandthe neuralnetworks seento
be vastly superior Therefore sometime wasspentworking out how to improve the statistical

recognitionprocessothatafair comparisorcouldbe made.

Thechi-squaredanethodinvolvescomparingspectrameasuredrom a mineralsamplewith high
quality spectraof known mineralsstoredin a standardslatabaseThis method,while fine for

idealspectraproke down completelywhentrialed on noisy spectrd5].

A modifiedmethodalsocurrentlyusedinvolvestakingtenspectrasamplegrom asingleknown
mineralandaveragingthemto yield a singlestandardor eachmineral. This methodwastried
aswell on noisy spectra,but performedvery poorly. The reasonwas that by averagingten
spectramostof the noisewasremoved. Whenthis ‘clean’ standardvascomparedusingthe
chi-squaredestwith noisy spectrasamplesthetechniquevasgenerallyunableto differentiate

betweersimilar minerals.

Theproblemwaspartly overcomeby having multiple, noisystandard$or eachmineral. At first
tennoisystandardpermineralwasused.To checkwhetheralargernumberof noisystandards
per mineralwould increaseperformancethirty noisy standardger mineralweretried. There
wasno significantincreasen classificatiomperformancgandthetime to classifytripled) sothe

numberof noisy standardpermineralwasleft atten.

Eachset(theidealsetandsetswith noiseadded)of normalizedmineralspectravasrunthrough
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the chi-squaredest classificationprogram. A programwas written in C++ to work out the
numberof incorrectclassificationshetestmade andalsoto find outwhatmineralswerebeing

wrongly identifiedas.
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Chapter 6

Resultsand Discussion

6.1 MATLAB

Most of the preliminarytestingin MATLAB wasnot carriedout in a formalizedmanneyand
assuchonly onesetof resultsis presentedhere. The training set(that doubledas a testset)
contained1000 spectra,with 200 for eachmineraltype. The classificationpercentagerror
is shavn for a network with 30 purelin input neurons five tansighiddenlayer neuronsand
five tansigoutputneurons.It wastrainedusingLevenbeg-Marquardtbackpropagatiofor 50

epochdor thetwo differentlearningratesshown in the graph(seefigure6.1).

Theresultsshav thenetwork hadthe potentialto performquitewell, but wasextremelyvariable
in its performance.The exact causeof this could not be ascertainedbut might well be dueto
theweightinitialization routinesusedin MATLAB. Duringtrainingthe network eitherlearntat
areasonablyteadyrateor got stuckquite early on andstoppedminimizing the error. Because
the pre-processingnethodwas still beingimproved at this stage,no attemptto explain this

variability wasmade.

6.2 TRAJAN

The performanceof the TRAJAN networkson thetestdatasetsis presentedhere. Sincemary

of the networks could classify the test set with 100% accuray, the percentagef correctly
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Figure6.1: ClassificatiorError for MATLAB network

classifiedmineralswas not a practicalmeasurewith which to comparethe better networks’
performance.Insteadthe cross-entrop error was used,althoughthis did not give ary direct
‘feeling’ of how the network wasperforming. To give this feeling, for onetypical network the

actualclassificatiorperformances shovn in additionto its cross-entrop error.

Becausef theway in which the network weightsarerandomlyintialized, therecanbe signifi-

cantvariancein performancdetweeronetrainingrunandanother this wasthereasorbehind
testingeachnetwork five times. Theerrorsshovn herein graphicafform shav boththeaverage
value of eachsetof five tests,and alsothe boundsone standarddeviation either side of the

average.Over 240individual testswereperformed.

To give a relative ideaof how well the neuralnetworks are performing,the classificationper
formanceof the chi-squaredestcurrentlyusedby the Mineral Liberation Analyserbureauis
presentecdswell. Althoughthereis no equivalentof cross-entrop errorfor a chi-squaredest,
thevastdifferencebetweerthetwo methodscaneasilybe appreciatedby comparingelassifica-

tion performance.
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6.3 Full and ReducedFeature Sets

If we ignorefor the momentthe effect of differenttraining rates,we canseethatthe network
error getssmallerasthe numberof hiddenunitsis increasedrom 3 to 15. All the networks
with six or more units could classify the test set with accuracy, althoughthis was
not guaranteed occasionallyone or two spectrawere wrongly classified(out of a total of

approximately4000spectran thetestset).

It shouldbenotedthatthecross-entrop erroris nota perfectindicationof classificatiorperfor
mance.Two networkswith identicalstructureandtheexactsamecross-entroperrorcouldhave
someavhatdifferentclassificationperformance However the error averagesoffer the ability to
differentiatebetweenthe high performancenetworks (which all have the sameclassification

performance)soit wasstill used,with thislimitation in mind.

Unfortunatelythe datais too variedto drav any conclusionsaboutthe effect of learningrate.
Ideally a larger numberof testswould be carriedout to achiere a smallerstandarddeviation.
However, dueto therandomnessherentin initialization of network weights,therewould still

be a certaindegreeof variancein the results. This highlights one of the undesirablecharac-
teristicsof neuralnetworks - thereis no guaranteehata certainnetwork will alwaysperform

‘nicely’, becausef this uncertainty

It is interestingto comparehe performancef thefull (figures6.2and6.3)andreducedeature
setnetworks (figures6.4 and6.5). Takinginto accountthe variancein the datathereis no sig-
nificantdifferencen the performancef the networks. This seemdo confirmthatthe network
usingthe full featuresetmanageso adaptitself to ignore the noisy datapresentin the total
intensityfeatureandcentroidfeaturefor bandseightto ten. A corollaryto thisis thatthereis

no significantdatacontainedn thefeaturedeft out whenforming thereducedeatureset.
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(a) 3 HiddenUnits

(b) 6 HiddenUnits

Figure6.2: TestSetErrorsfor Full FeatureSet,No Noise,3-6 HiddenUnits
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(2) 10 HiddenUnits

(b) 15 HiddenUnits

Figure6.3: TestSetErrorsfor Full FeatureSet,No Noise,10-15HiddenUnits
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(a) 3 HiddenUnits

(b) 6 HiddenUnits

Figure6.4: TestSetErrorsfor Reduced-eatureSet,No Noise,3-6 HiddenUnits
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(2) 10 HiddenUnits

(b) 15 HiddenUnits

Figure6.5: TestSetErrorsfor Reduced-eatureSet,No Noise,10-15HiddenUnits
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6.4 Full Feature Setwith Noise

A clearappreciatiorof the effect of addingthe artificial noiseto the spectraldatacanbe seen
in figure 6.7. This figure shows the samespectrumwith variousamountof noiseadded.With
a noiselevel of tenonly the two largestpeaksare easily picked out. The smallerpeaksblend
in with the noiseandarevisually very hardto pick out (without prior knowledgeof wherethey
shouldbe). Thetermnoiselevelis usedto describethe amountof artificial noiseaddedto the

spectralt refersto thetermnoiseamountin equations.4.

For anoiselevel of five (figures6.8 and6.9) thereis no discernibledecreasén network perfor
mancecomparedvith the no noiseperformanceThis showvs the network is learningto ignore
the noisepresenin the dataduringtraining quite successfullyThereis somemorevariancen
thedatahoweverindicatingthe network is nolongerasconsistentAll the networkswith six or
morehiddenunits wereableto classifythe datawith accuray althoughsometimeone

or two spectran thetestsetwereclassifiedncorrectly

For a noiselevel of ten (figures6.10and6.11)thereis a definite decreasen network perfor
mance.Thenetworkswerenow only capableof classifyingthedatawith anaccurag veryclose

to . Thevariances no largerrelative to theabsoluteerrorthanfor lower noiselevels.

A typical exampleof theactualclassificatiorperformancef anetwork on spectrawith anoise
level of tenis shovn in 6.6. The network hastenhiddenunits. Thereareatotal of 14 incorrect
classification®ut of 3776samplesn thetestdataset- anoverallincorrectpercentagef
whichis still well within theaccurag requirement®f theMLA bureau.Thisvalueis typical of
the network’s performanceon the spectrawith a noiselevel of ten. Note thatthe total number
of sampledan the testsetis not exactly 4000- this is dueto the randomway in which Trajan

separatethetraining,validationandtestsets.

Themaindifferencein performancalependencen hiddenlayersizeis apparenbn aplot such

asin figure 6.12. It shaws thatthe performancepeaksfor a network with 10 hiddenunits,and
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Figure6.6: Network ClassificatiorOutput,NoiseLevel = 10, 10 HiddenUnits

degradesasmorehiddenunitsareadded unlike the no noiseperformanceThis is expected as
the ability of a network to generalizecanbe roughlylinked inverselyto the size of the hidden
layer. As thenoiselevelin thespectrancreasesthe networks mustbe ableto generalizenore
andmoreasuniquefeaturessuchaspeaksstartto disappearThis increasan generalizations

associateavith a decreasén the optimumnetwork hiddenlayersize.

Figure6.7: Comparisorof differentlevelsof noise
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(a) 3 HiddenUnits

(b) 6 HiddenUnits

Figure6.8: TestSetErrorsfor Full FeatureSet,Noise= 5, 3-6 HiddenUnits
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(2) 10 HiddenUnits

(b) 15 HiddenUnits

Figure6.9: TestSetErrorsfor Full FeatureSet,Noise= 5, 10-15HiddenUnits
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(a) 3 HiddenUnits

(b) 6 HiddenUnits

Figure6.10: TestSetErrorsfor Full FeatureSet,Noise= 10, 3-6 HiddenUnits
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(2) 10 HiddenUnits

(b) 15 HiddenUnits

Figure6.11: TestSetErrorsfor Full FeatureSet,Noise= 10, 10-15HiddenUnits
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(@) Network performancevariation for (b) Network performancevariation for
‘clean’ data noisydata

Figure6.12: Comparisorof network performancedor ‘clean’ andnoisydata
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6.5 Chi-Squared TestClassificationResults

Significantlydifferentresultsto thosereportedoy Deacon[5] weregeneratedvhentestingthe
modifiedchi-squaredechnique.Theresearclcarriedout lastyearessentiallydid not compare
the two techniqueson even ground. By using multiple, noisy standardgor eachmineralthe

chi-squaredest’s performancen noisy datawasgreatlyimproved.

Thechi-squaredestinvolvesno randomcomponentinlike the networksthathadtheir weights
randomlyinitialized eachtrainingrun. As suchonly a singleclassificatiorrun wasperformed

for eachtestset.

Thechi-squaredestclassifiedhetestsetwith no noiseaddedwith accurag. Thismeant
thatit wasactuallyslightly superiorto the neuralnetworks developed,becausehey could not
alwaysclassifythe ‘clean’ testsetwith accurayg. Thisis however of nggligible impor-
tance asanaccurag of only around is requiredoy theMLA. A network with morehidden
units than fifteen mostlikely could have repeatedlyclassifiedthe datawith accuray,
howeverthiswasnotinvestigatedistheemphasisvasto analysehenetworks’ performancen
noisyspectraAlso, Deacon5] foundnetworkswhich couldclassifythe dataconsistentlywith

accurag.

For anoiselevel of five thechi-squaredestwasrun twice:

Firstly with only 10 standardpermineral

Secondlywith 30 standardpermineral

This wasto testwhetheranincreasan the numberof standardgper mineralsignificantlyim-
provedperformanceTherewerell9incorrectclassificationsvhenl0 standardsvereusedand
111when30 standardsvereused.It wasconcludedhatthetripling in thenumberof standards
hadverylittle effectontheperformanceandassuchtenstandardsvereusedthroughout.Using

30standardper mineralalsoplaceda greatcomputationaktrainonthe computer
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The performancdor a noiselevel of five waspoor, with a correctclassificationpercentagef
only . This canbe comparedwith an approximateaverageclassificationaccurag of the

betterperformingnetworks of

Interestinglythe performanceadid not degradethat much whenthe noiselevel wasincreased
to ten- the correctclassificationpercentageventdown to . This canbe comparedwith
an approximateaverageclassificationaccurag of the better performingnetworks of
However, the chi-squaredestwas now startingto misclassifyquite a few differenttypesof

mineralsratherthanjustoneor two.

As found by Deacon[5], the chi-squaredestperformedmostpoorly whentrying to separate
(duringclassificationthe Pentlandite-Pyrrhotitenixture from the purePentlandite Thisis due
to theremarkablesimilarity in the two spectra An exampleof the similarity is shavn in figure
6.13. Thisfigure shavs the spectrawith anoiselevel of ten. The chi-squaredestmisclassified
121 out of 800( , seetable 6.14) of the two minerals,whereasthe neuralnetworks on

averageonly misclassifiedabout6 outof 726( ). Thiswasamostimpressve result.

Ideally for optimum performancethe standardsusedwould containthe numberof samples
per mineralequivalentto that containedn the training setusedby the neuralnetworks. This
would meanabout900 standardper mineralratherthan 10. However with 10 standardger
mineralthe chi-squaredestis alreadyanorderof magnitudeslowerthanthe networks,andary

significantincreasen the numberof standardsvould beimpractical.
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Figure6.13: Similarity betweerPentlanditeandPentlandite-Pyrrhotiténoiselevel = 10)
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(a) NoiseLevel = 0, Standards 10

(b) NoiseLevel = 5, Standards: 10

(c) NoiselLevel = 5, Standards 30

(d) NoiseLevel = 10, Standards 10

Figure6.14: Chi-SquaredestClassificatiorResults
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6.6 Error & Repeatability Analysis

Althoughthe researchnvolved no experimentalapparatusgonsideratiorshouldstill be given
tothesource®f error. Also, factorsthatdecreasetherepeatabilityof thenetwork performance

areconsideredTherewereseveralsub-areaghatthis analysiscouldbe dividedinto:
Generatiorof the X-ray spectra.
Pre-processingf the spectra.
Trainingof the networks.
Testingof the networks.

Classificatiorof unknowns.

6.6.1 X-ray generation

In orderto successfullytrain a neuralnetwork using supervisedearning, the spectrain the
trainingdatasetmustalreadybeknown to eachbelongto a certainmineral. By scanningknown
mineral phaseshe spectraobtainedwere alreadyknown to representhe particularmineral
beingscanned.The known mineralphasesvereidentified by a mixture of BSE, spectraland
humanexpertise. Thereis a possibility that occasionallythesetechniquesamight collectively
wrongly identify a mineral phase resultingin the training dataset containingsomespectra
associatedvith the wrong mineral. However, the combinationof techniquesnsureshatthe

chance®f this happeningareextremelylow.

6.6.2 Pre-processing

The bandaveragesand centroidlocation featuresare obtainedthrough simple mathematical
processingf the spectraanddo not contribute to the errorin any way. The selectionof band
sizeitself canbe thoughtof asan error sourcehowever - small bandsare sensitve to noise,
andlarge bandsfail to representhe peaks.The bandsizechoserrepresented compromise

typically oneor perhapswo peakswere containedn eachband. The 200 channelger band

waswide enoughto reducethe effect of noise.
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TheC++softwaremoduleusedntegertypevariabledo storechannetounts/intensitiesDuring
normalizationand noiseaddition,thesecountsbecamenon-integer values,andweretherefore
truncateddownwardswhenstoredby the softwaremoduleagain. Downwardstruncationhada
relatively larger effect on the channelswith low counts,thanthosearoundthe spectralpeaks.
Sincethe network seemedo learnto ignore the bandswith mainly low channelcounts,this

sourceof errorhadvirtually no effectonthe endresults.

6.6.3 Network Training

Therearetwo sourcesof randomness the network behaiour andresults- theweightinitial-
izationroutineandthethresholdnitialization routine. Both routinesinitialized their respectre
parameterso normally distributedrandomvalueswith a meanof 0 anda standardieviation of
1.

This randomnesss not so mucha sourceof error asa factorthat reduceshe repeatabilityof
thenetwork performanceAs canbe seerclearlyin the graphsof the cross-entrop error, there
is significantvariationin the performanceof eachnetwork. Unfortunatelythis is not really
avoidablewith networks,althoughit is oftensuggestedhata statisticalanalysisof thetraining
databe usedto initialize the weights. However it canbe aguedthat, if improvementin the
network performanceanbeachiaredthis way, onemightaswell usea statisticalclassification

method.

6.6.4 Network Testing

TRAJAN selectedhetestset(20% of thetotal dataset)in arandomfashioneachtrainingand
testingrun. Sincetherewere certainspectrathat were particularly hardto classify (suchasa
few specificPentlandite-Pyrrhotitand Pentlanditespectra)which spectravereselectedn the
testsetcould have a significanteffect on the network performance.The network could easily
identify the vastmajority of the spectrasowhetherthesedifficult spectravereincludedin the
testsetor notwassignificant.By runningfive testspernetwork configurationthis problemwas

mostly overcome- eachtestruninvolveda different,randomlyselectedestset.
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6.6.5 Classificationof Unknowns

Both the neuralnetworksandchi-squaredestgeneratealassmembershigrobabilitiesfor the
spectra.For instance the chi-squaredestmethodassigneceachspectrato the mineral class
assignedhe highestmembershigorobability, unlessthis maximumprobability waslessthan
a default valueof 1%. If a spectrumwasdeemedo not belongto ary mineralclasswith a

probabilityequalor higherthan1%, the chi-squareanethodwould identify it asunknown.

TRAJAN offeredthe option of settingthresholdclassmembershigprobabilities- if aninput
patterndid not have a probability greaterthanthatthresholdvalue of belongingto any of the
classesit wasclassifiedasunknawn. If this optionwasnotusedtheclasschoserfor eachinput
patternwassimply theonewith thehighestmembershigrobability, evenif thisprobabilitywas

verysmall.

For the purpose®f comparisorboth methodswereforcedto positively identify every spectra
asbeinga mineral. This wasachierzed by settingthe chi-squaredhresholdprobabilityto zero,
andnot usingthe thresholdoptionin TRAJAN. This meantthata smallnumberof spectralof
theorderof 0.1%of thetestsetsfor bothtechniquesjhatwould otherwisehave beenidentified
asbeingunknonvn wereassignedo a mineralclass.In aworstcasescenariothis would mean
the classificationaccurag for the two methodswould be off by 0.1%. This would give the

classificatioraccuraciesistedin table6.15.

Figure6.15: RevisedClassificationAccuracies

As can be seenin the table this error in no way affects the conclusionthat the bestneural

network hasfar betterperformancehanthechi-squaredest.
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Chapter 7

Conclusionsand Recommendations

An experimentalinvestigationinto the classificationperformanceof single-layerneuralnet-
works was performedusing spectraldataobtainedfrom the MLA bureauat the JKMRC. A

large numberof networkswith varyinghiddenlayer sizeandlearningratewereformedfor the
purpose®f theinvestigation.A numberof waysof pre-processinghe spectraldatawereused

to form afeaturesetfor inputto the networks.

The first two featuresetsusedwere obtainedfrom pre-processingf the ‘clean’ spectrathe
original spectraobtainedfrom the MLA bureau. The two setswere of differentsize- 30 and
19 variables. The differencein size allowed determinationof whethercertainfeatureswere
unnecessargnd whetherthe networks were automaticallyallocatingmoreimportanceto the
moresignificantfeatures.The resultsshovedthattherewasessentiallyno differencebetween
thenetwork performancen thetwo featuresets.This confirmedthatthe networkswereableto

learnto ignorefeaturevariableshatprobablyrepresentegurelynoise.

During the researchthe importanceof pre-processinghe datain the most appropriateway
becamevery apparent. Many neural network researcherfiave statedthat getting the pre-
processingright’ is just asif not moreimportantthanthe network designitself. This view is
now heldby theresearcheastherewereexamplesduringthis researchof how pre-processing

canbevery critical to overall performance.
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During preliminarytestingthe network performancevasfoundto be affectedadwerselyif the
variablesin the featuresetdid not have valuesall within a few ordersof magnitude. This
resultedin the pre-processingnethodbeing‘tweaked’ until all the valueswereroughly of the
samemagnitude Severaltechniquegor extractingthepeaksrom thespectravereinvestigated.

Themethodfinally usedextractedpeakssuccessfullyevenundernoisy conditions.

All the larger networks were able to classify the test featuresetsobtainedfrom the original
spectradatawith accurag. To carryoutthe secondoartof theresearchwo levelsof ar
tificial noisewereaddedo the spectrahatwerethenpre-processedlhenew featuresetswere
run throughall the networksto seehow they performed.Someof the network structuresvere
foundto be ableto classifythe testsetwith well over accurag. However, performance
now pealedfor the network with tenhiddenunitsratherthanfifteenaswith the‘clean’ spectra,
andthe smallernetworks werenow more competitve. This resultconfirmedthatasthe noise

increasedhe network’s performancelependednoreuponits generalizatiorability.

The chi-squaredestwas modified to increaseits performancedrasticallyon noisy data, re-
sultingin it performingwith accurag on the ‘clean’ testset. However its performance
degradedsignificantlywhentestedon noisy spectraandwas able only to manage ac-
curay onthe noisiesttestset. On this sametestsetthe bestneuralnetwork (10 hiddenunits)
achieved accurayg. Thusthe classificationerror for the bestneuralnetwork wasa full
orderof magnituddessthanfor the modified chi-squaredestmethod. The modifiedtestwas

alsofoundto beaboutanorderof magnitudeslower thanthe neuralnetworks.

The ability of the networks to classify spectrawith large amountsof artificial noise so suc-
cessfullyis quiteimpressve. Theresearclshavedthatthe networksreally startto outperform
cornventionalstatisticaltechniguesvhenthe databecomesion-ideal. The neuralnetworks de-
velopedfor this thesiswere pitted againsta conventionalclassificationtechniquefrom a real

world commercialkernvironment,classifyingreal data,andwereshavn to be quite superior

Oneof the problemsencounteredhroughoutthe testswasthe variability in performanceof a
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specificnetwork betweentestruns,ascanbe seenin the cross-entrop error graphs.Oneso-
lution that might be feasiblewould be to initialize the network weightsbasedon a ‘template’
(with somerandomnessuperimposedn this template)suitablefor the particularmineral set
being classified. Another option would be to train a numberof networks, analysetheir per

formanceon a setof standardsanddiscardthe poorly performingones. Furtherinvestigation

couldexaminewaysto make the network performancemorerepeatable.

For the purpose®f the specificapplicationinvestigatedurtherresearctcouldfocuson imple-
mentingthe neuralnetworks from scratchi.e. by not usinga network software package.An
automatedwvay of adjustingthe pre-processingarameterso that the featurevariableswere
appropriatelyscaledandof similar valueis needed this wasdonemanuallyfor this dataset.
It shouldbe emphasizedhatthe pre-processingsedfor thesemineralswould not necessarily
be appropriatdor all othermineralsets.Beforecommerciaimplementatiortestingon a large

numberof mineralsetswould berequired.

Furtherresearchcould look at usinga modularnetwork architecturefor identification- hav-
ing networks speciallytrainedto identify one mineraleachonly, andusingan array of these
networksthat‘compete’with eachother Pruningof the networks duringtraining could bein-
vestigatedaswell asa moreindepthstudy of the optimum featuresetsizefor variouslevels
of noise. As an extensionto using multiple networks, boostingcould be investigated using

severaldifferenttypesof networks simultaneously

Dueto the superiorspeedof the networks oncethey have beentrained,it might be possibleto
useX-ray classificationfor morethanthe single‘X’ point definedfor eachmineral phasein
a particle. For sampleghat are difficult to classify using BSE levels, X-ray spectracould be
generatedor pointson afine grid superimposedn eachparticle. However this optionmay be
limited by the speedf the SEM.

The criteria by which neuralnetwork techniquesare comparedo othersneedsto be further

formalized.During researctthe authorfoundvery little in the way of formal criteriaby which
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one could compare fairly, the performanceof two differenttechniques.In this researclthe
two main criteria usedwere classificationaccurag and computationakequirements.Further
investigationinto waysto assessndcompareclassificationperformancevould be usefulto a

large numberof researchers.

It isrecommendethatfutureresearchemmplementtheir own networksinitially usinganeural
networkssoftwarepackagebut thenin alow level programmindanguagesuchasC++, for the
speedadwantagesandfull network control. Also whendesigningnumericalexperimentatiorit

is recommendedthata lot of time be spenton decidingwhich parameters$o vary asthereare
somary, andthe numberof testrunscaneasilybecomeridiculously large. Above all | think

patience persistencanda willingnessto try novel ideasis neededo be successfuin thearea
of neuralnetwork researchl wish goodluck to all thosewho take up researchnvolving neural

networks.
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Appendix A

This appendixcontainsthe codefor the threemain C++ programswritten as part of this re-
search.The MATLAB codeusedin preliminarytestinghasnot beenincluded,althoughit can
be provided uponrequest.The C++ programsall usedsomelibrary files thatweregraciously

providedby theMLA bureauatthe JKMRC,andarenotshavn herefor confidentialityreasons.

The three C++ files all have the samefilename- Jktest.cppbut do sene different purposes.
Eachfiles’ purposeis summarizedat the beginning of the code. The ClassificationAnalysis
file analyseghe classificationresultsof the Chi-Squaredest. The Neual NetworkData Pre-
Processindile canaddartificial noiseto the spectranormalizethem,andextracta featureset
thatis written to disk. The Chi-squaed pre-processindile normalizesandaddsartificial noise

to the spectraandrewritesthe spectrao disk for useby the Chi-Squaredestonly.
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