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Abstract

A variety of single-layerperceptronnetworks are usedto classify mineralsbasedon the X-

ray spectrageneratedwhen they are examinedundera scanningelectronmicroscope. The

networks testedhave differentsizehiddenlayers(3, 6, 10 and15 units)andaretrainedusing

differentlearningrates(0.01,0.05and0.3). Theinput,hiddenandoutputlayersusethelinear,

hyperbolicandsoftmaxactivationfunctionsrespectively andthenetworksaretrainedusingthe

cross-entropy error-function.

The spectraldatais pre-processedto yield a featureset that is input into the networks. Two

differentsizefeaturesetsderivedfrom theoriginalspectraldataareused.Two levelsof artificial

noiseareaddedto theoriginal spectraanda further two full sizefeaturesetsarederivedfrom

thesenoisy spectra.All four featuresetsarethenclassifiedby all the networks andthe chi-

squaredtest.

The bestperformingnetworks are found to be able to classify the noisestdatawith ����� ���
accuracy. The traditional classificationmethodthat usesthe chi-squaredtest is modified to

greatlyimprove its performance,but is foundto only classifythesamenoisydatawith �����
	��
accuracy. The hiddenlayer sizeof the best-performingnetworks is alsofound to decreaseas

theamountof thenoisein thedataincreases.
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INTRODUCTION

Chapter 1

Intr oduction

Spectraclassificationis a procedureusedin many realworld applications.In mostareasof use

the methodusedto performthe classificationneedsto be both accurateandrobust whenthe

datais noisyand/orincomplete.Becauseof thelargequantityof dataassociatedwith spectral

readingstheclassificationmethodmustbeableto performthesortingatapracticalspeed.This

dissertationis concernedwith theinvestigationof theperformanceof asingle-layerperceptron

neuralnetwork in thetaskof noisyspectraclassification.Theresearchwascarriedoutusingthe

X-ray spectrageneratedby thescanningelectronmicroscopeat theJuliusKruttschnittMineral

ResearchCentre(JKMRC).

1.1 Curr ent Neural Network SpectralRecognition

Neuralnetworks arecurrentlybeingusedfor spectralrecognitionin a numberof fields, with

impressive results.Ratherthanjust beingan interestingresearchtopic, their specialcapabili-

tiesareallowing themto achieve betterresultsthantraditionalspectralrecognitiontechniques.

Therearea hugenumberof applications- a few of themorepromisingonesareoutlinedhere.

Thereis widespreadconcernby many governmentsaboutthepossibleuseof weaponsof mass

destructionby terroristsor roguestates.Biologicalweaponsareoneof themostfearedduenot

only to theirdevastingdirecteffectbut alsothesocialdespairthatacontagiousagentcancause.

1



1.1 CURRENT NEURAL NETWORK SPECTRAL RECOGNITION INTRODUCTION

Pathogenicbacteriaisoneinexpensiveoptionfor terroristswishingtodeveloptheirownweapons.

OtherbacteriaandsporesthatcouldbeusedasbiologicalweaponsincludeBacillusAnthracis

which causesthe diseaseAntrax, Yersiniapestiswhich causesoneform of the plague,Fran-

cisella tularensiswhich is responsiblefor rabbit fever, andBrucellamelitensiswhich causes

Brucellosis[1].

Most of theseagentsare bestcharacterizedby pyrolysis massspectrometry. Harrington[1]

successfullydevelopedneuralnetworks which could quickly andaccuratelyidentify bacteria

from apoolof five types.

In theUnitedStatesvery largequantitiesof hazardouswastehavebeengeneratedover thepast

40yearsasaresultof Plutoniumproductionat theDepartmentof Energy’splantatHanford.To

storethis wasteabout1700wastesitesaresituatedat variouslocationsin southeasternWash-

ington state. Someexamplesof the harmful substancesincludenuclearwastesuchasfission

products,chemicalwastesuchascarbontetrachloride,ferrocyanideandnitrates,andmixed

nuclear-chemicalwaste.

Thereis a currentdrive towardsenvironmentalrestorationandwasteprocessingat thesesites

aswell asat many othersacrossthewholeof theUnitedStates.It is desiredthatthesegoalsbe

achievedsafelyandcost-effectively.

Theability to accuratelyidentify differenttypesof contaminantspresentat thesewastesitesis

crucialfor decidingwhatproceduresaretaken.Dueto thehazardousnatureof theenvironment

andlessthanidealoperatingconditions,thereadingsfrom portablegamma-rayspectrometers

arebothnoisyandincomplete.Neuralnetwork analysisof thedatacanprovide real-timeauto-

matedidentificationof thecontaminants[2].

A moremundanebut nonethelessfinanciallyattractive applicationof neuralnetworks thathas

beenresearchedis theirusein wine identification.Knowledgeaboutthevariationof winecom-

positionatvariousstagesin theproductionprocessis critical to reducingits overallcomplexity.

2



1.2 REAL WORLD PROBLEM INTRODUCTION

Analysisof the wine beforeandafter eachcritical processcomponentcan identify how well

eachpartof theprocessis running,andcanimmediatelyidentify andlocalizefaultyequipment.

Two typesof spectraareobtainedfrom analysisof thewine - Visible-Ultraviolet (VIS-UV) and

NeighbourInfrared(NIR). Neuralnetworkshave provedparticularlysuitablefor this problem

becauseof the variationin spectraobtainedfor samplesof thesameclassof wine. Networks

havebeenusedto form anadaptivesystemthatcanquickly beretrainedto suitchangingcondi-

tions. Thenetworkshaveprovidedquick-responseanalysisandshown theability to generalize

to winesthey werenot trainedto recognize.In additionthey havebeenableto adaptto anatural

changein theabsorptionspectrumcausedby oxidation[3].

X-ray diffraction spectrafrom multiple locationswithin a 3D object have beenanalysedby

neuralnetworks to detectexplosive contraband.Using an X-ray beamdevice incidenton the

objectcertainspectralinformationwasextracted.Thisdatawasanalysedwith aneuralnetwork

to determineif certainexplosiveshadacharacteristicspectralsignature.To avoid thepossibility

of localizedabnormalitiesor measurementerrors,networksanalyzedboth the targetedpartof

theobjectandspectrafrom neighbouringvolumesin theobject[4].

Neuralnetworkshavealsobeensuccessfullyusedin identificationof mineralsbasedontheirX-

rayspectra.Multi-layer perceptron,NaiveBayes,andKohonennetworkshaveall beendemon-

stratedto becompetitive with or betterthantraditionalstatisticalmethods.Researchwith the

University of Queensland’s Julius KrutschnittMineral ResearchCentrehasidentifiedneural

networksasbeingbetterat classifyingspectrathatarenoisyor asuperpositionof two different

spectra[5].

1.2 Real World Problem

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

eralanalysistasksincludingmineralidentification,liberationanalysisandrare-phasesearches.

3



1.2 REAL WORLD PROBLEM INTRODUCTION

Milled ore samplesare examinedusing a FEI XL40 scanningelectronmicroscope(SEM)

and energy dispersive X-Ray analysissystem(EDAX). Preliminarymineral classificationis

achieved usingthe backscatteredelectron(BSE) levels. For mineralsthat have similar BSE

levelstheX-ray spectrafrom theEDAX areusedfor classificationpurposes.

To generateBSEimagesof themineralsamplea beamof electronsis directedat it. Theback

scatteredelectronsaregeneratedby interactionbetweentheincidentelectronsandthespecimen

electrons.Thebackscatteredelectronsaretheprimaryelectronsemittedfrom elasticcollisions.

Secondaryelectronswith relatively low energy valuesarealsoemittedfrom significantlyinelas-

tic collisions.

Figure1.1: BackScatteredElectronFrameImage[6]

TheBSEintensityis roughlyproportionalto thespecimen’satomicnumber. TheBSEvaluesare

usedto createagreyscaleimageof themineralsample(figures1.1and1.2).Brighterareasof a

BSEimagerepresenttheheavier mineralcomponentsandsoon. Usingsegmentationanalysis

theimagecanbeseparatedinto individualparticlesasin figure1.3.

Many particlesconsistof morethanonemineral,suchastheparticlein figure1.2,shown before

theseparatephaseshave beenidentified. To definetheboundariesbetweendifferentphasesin

4



1.2 REAL WORLD PROBLEM INTRODUCTION

Figure1.2: Individual ParticleBSEImage[6]

a particleananalysisis carriedout on BSEdiscontinuities- placeswheretheimagebrightness

suddenlychanges.Oncethis analysisis completea new clearly definedimageof theparticle

is generatedwith a singlecolour representingeachphase.Figure1.3 shows thesameparticle

afterit hasundergonethis treatment.

Figure1.3: PhaseSeparatedParticleImage[6]

WhentheBSElevelsaresimilar for differentphasestheidentificationis performedusingX-ray

spectrafrom theEDAX. TheX-ray spectraldatais noisyandhencetheclassificationtechnique

5



1.3 RESEARCH A IMS INTRODUCTION

mustberobustandinsensitive to noise.Therearealsocommercialadvantagesto scanningthe

mineralsamplesmorequickly - but this resultsin evenmorenoisydata.Neuralnetworksare

goodat dealingwith noisydataandcanbetrainedto ignorethenoisepresentin thedata.

1.3 Research Aims

This aim of this thesisis to extend the work carriedout by Deacon[5] by investigatingthe

classificationperformanceof a neuralnetwork usingnoisy spectra.The investigationis to be

into single-layerperceptrontypenetworksthatwerefoundby Deaconto bethemostsuccessful.

Thefirst phaseof researchaimsto develop,usinga morein-depthanalysis,a single-layerper-

ceptronnetworkstructurethatcanidentify thetestdatasetwith veryhighaccuracy. Theanalysis

will includevarianceof multiple parametersresultingin a largenumberof network configura-

tions,to giveanideaof whatarethecritical factorsaffectingperformance.

Thesecondphaseof researchaimsto give an ideaof how performancedegradesasnoisebe-

comesprogressively moresignificant. The aim is to test the networks developedin part one

underseverallevelsof noiseto observe thefollowing:

� Classificationaccuracy of thenetworksonnoisydata.

� Effectof theparametersexploredin phaseonewhendealingwith noisydata.

� Performanceof thenetwork, comparedwith thatof a modifiedchi-squaredtest,onnoisy

data.

1.4 Report Outline

Thereportis dividedinto chaptersthatcoverbackgroundresearchandtheory, thedevelopment

and testingof the networks, analysisof their performancewith comparisonto conventional

6



1.4 REPORT OUTLINE INTRODUCTION

techniquesandrecommendationsfor futureresearch.

Chapter 2 describeshow X-ray spectraareobtainedfrom mineralsamplesandtheassociated

uncertaintiesin thedata.

Chapter 3 givesabrief historicalperspectiveon neuralnetworksanddiscussesrelevantneural

network theory.

Chapter 4 reviewsspectralanalysistechniquesusingneuralnetworksby researchersin nuclear,

biologicalandmineralfields.

Chapter 5 describesthe developmentand testingof the neuralnetworks. Modification and

testingof achi-squaredstatisticalmethodis alsodiscussed.

Chapter 6 presentsthe testresultsof both theneuralnetworksandmodifiedchi-squaredtest.

Analysisof their performanceanda comparative assessmentis given. The error sourcesand

repeatabilityof thetestsis discussed.

Chapter 7 concludesthethesisreportanddiscussespossibleareasfor futureresearch.

7



SPECTRAL CLASSIFICATION OF M INERAL SAMPLES

Chapter 2

SpectralClassificationof Mineral Samples

This chapterdiscussesthe spectralclassificationmethodusedto identify mineralsamplesat

theJKMRC. For mineralswith similar BSElevels,anotherway of identifying themineralsis

required- this is providedby spectralclassification.Theprocessby whichtheX-ray spectraare

obtainedandsomeof theproblemsassociatedwith theprocessarediscussed.

Interactionof theincidentelectronsfrom theSEM with thespecimenelectronsreleasesradia-

tive energy over a wide rangeof wavelengths.Theenergy releasedis dueto ionisationof the

specimenatoms’ inner electronshellsby incidentelectrons.Whenan electronfrom an outer

shell relaxesandtakesthepositionnow availablein the innershell, radiationis released.The

typeof radiationis dependentontheenergy gapbetweenthetwo shells- which is acharacteris-

tic of thetypeof atomi.e. element.Radiationreleasedin eachpartof thespectrumis referredto

asbeingthecharacteristicradiationfor thatwavelengthrange.For instancetheX-raysreleased

arecalledcharacteristicX-rays.

In additionto the BSE imagethe X-rays generatedfor each‘cross’ - seefigure 1.3 - canbe

plottedasa spectrum.Peaksin the spectrumarerepresentative of an electrontransitionwith

a certaincharacteristicenergy release.Eachmineraltypewill have characteristicpeaksin its

spectrumthatareeachindicativeof acertainelementpresentin themineral.In additionthesize

of thepeaksgivesanideaof therelativequantitiesof eachelementin thesample.SomeX-rays

will be presentin all samplesregardlessof the mineral type; theseare from the background

8



SPECTRAL CLASSIFICATION OF M INERAL SAMPLES

continuum(Bremstralung)that is causedby the slowing down of the electronsasthey hit the

sample[7].

Figure2.1: SampleSpectrum

Whenthedifferencein BSElevelsis insufficient to differentiatebetweenthedifferentminerals

presentin a sample,X-ray spectralclassificationis used.A samplespectrumfor therightmost

phasein 1.3 is shown in figure2.1.

In all real-world applicationsthedatageneratedcancontainsignificantnoiseandthis applica-

tion is no exception. The quality of thespectraobtainedfrom the SEM is proportionalto the

scanningtime per point. Usinga scanningtime of 300ms perpoint yieldsa spectrumwith a

‘count’ of about2000. A countof onerepresentsa singleX-ray detectedat a particularwave-

length.A countof 2000means2000X-raysof variouswavelengthshave beendetected.Peaks

in thespectrumoccurwherea largecountfor aparticularwavelength/channelis obtained.

Apart from thepeaksin thespectrumthereis thenoisethatcanbeseenthroughouttheentire

spectrum,but which is mostapparentaway from thepeaks.Eachspectrumhas2000channels,

so for a total countof 2000many channelswill have eithera zeroor a very low count. Peaks

themselvesarenotalwaysclearlydefinedandareoftenbimodalor worse.Whenthetwo modes

becomefar enoughapartto beclassifiedastwo separatepeaksis asubjective judgement.

MineralssuchasPyrrotiteandaPentlandite-Pyrrhotitemixturehavequitesimilar spectra.The

9



SPECTRAL CLASSIFICATION OF M INERAL SAMPLES

differencebetweensuchsimilar spectraonly becomesapparentwhenexaminingthesecondor

third largestpeak.Thesmallerthepeakthemoreit is affectedby noise;noisegeneratedpeaks

canactuallybelargerthanthesmaller‘real’ peaks.

The scanningprocessis a time intensive one that can take many hoursfor a single mineral

sample.At themomentthecomputingandpreparationtime for completeanalysisof a sample

by theMLA bureauis muchshorterthanthescanningtime. The operationis effectively bot-

tleneckedat thescanningstage,meaningthat improvementstherecanhave a drasticeffect on

productivity of thebureau.

The X-ray spectracanbe collectedfor shortertime periodsper scanningpoint - for instance

150msinsteadof 300ms. This roughlyhalvesthescantime persampleandgreatlyincreases

thenumberof samplesthatcanbescannedevery week. Thedisadvantageof shorterscanning

timesis simple- thecharacteristicpeaksbecomesmallerbut theabsoluteamountof noisestays

roughlythesame.

Thecurrentmethodof classificationis to collect tenspectrafor a known mineral,eachspectra

beingobtainedovertheperiodof oneminute(andhenceyieldingavery largenumberof counts

andvastly reducingthe effect of noise). Thesespectraare then averagedto obtaina single

characteristicspectrumthatis usedasareferencestandard.Thisprocedureis carriedout for all

mineralsthatareexpectedin samples.

Thespectraobtainedfor a mineralsamplearecomparedto this library of standardsusingthe

chi-squaredtest.Onceall thespectrahave beenassociatedwith a mineralstandard(i.e. all the

mineralspresentin thesamplehave beenidentified)a final setof particleimagesis generated

showing the particle with information on the phasespresentand their quantities. A typical

particleimageat theendof analysisis shown in 2.2.

Thetestis quitesensitiveto noiseandits performancesuffersaccordinglyif thereis significant

noisepresent.Neuralnetworks have beenfound to classifyslightly noisy spectrawith 100%

10



SPECTRAL CLASSIFICATION OF M INERAL SAMPLES

Figure2.2: Final ParticleImage

accuracy, which the currentchi-squaredtest hasnot beenable to achieve [5]. However no

researchhadbeencarriedout into how noisythespectracanbecomebeforetheperformanceof

theneuralnetworksbecomesunacceptable- this wasoneof theaimsof this thesis.
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BACKGROUND THEORY

Chapter 3

Background Theory

Neuralnetworksareacomputingparadigmthatcameaboutdueto therealizationthatthehuman

(andanimal)brainworksin awayentirelydifferentto thatof acomputer. Therearemany types

of neuralnetworksbut they all haveoneconceptin common:their structureis basedsomewhat

on our understandingof the brain’s structure. They areusedin an incredibly wide rangeof

applicationsbecauseof their ability to performtasksthat humansaregoodat andcomputers

traditionallypoorat; thosethatareunstructured,nonlinearandapproximate.

This chapterfirst presentsa brief historyof neuralnetworks,thathave beenaroundfor a large

partof the20thcentury. It thendiscussesthebasicnetwork unit, theneuron,andthedifferent

typesthat canbe used. The waysin which theseneuronscanbe groupedtogetherto form a

network structureis discussed,aswell aswaysin whichthenetwork canbetrained.Thechapter

endswith adescriptionof theneedfor datapre-preprocessingandhow it canbeperformed,and

anexplanationof thechi-squaredtest.

3.1 History of Neural Networks

Neuralnetworkswerefirst formalizedin a1943paperby McCullochandPitts. It describedthe

‘logical calculusof neuralnetworks’ [8] andwasusedby von Neumannin theconstructionof

theElectronicDiscreteVariableAutomaticComputer(EDVAC) [8].
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In 1949Hebb’sbookTheOrganizationofBehaviourexplainedthedynamicnatureof thebrain’s

connectivity. In thebookhepresenteda casefor SynapticModificationwherebytheeffective-

nessof a variablesynapsebetweentwo neuronsis 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 postulatewasat leastpartly inspiredby earlierwork carriedout by Ramony

Caj́al.

Thetopic of associative memorywasfirst exploredin the1950’s,firstly by Taylor in 1956but

thenby Anderson,KohonenandNakano(all separatepapers)in 1972.Theissueof redundancy

in neuralnetworkswasalsoinvestigatedaroundthis timeby multiple researchersincludingvon

Neumannwhogreatlyhelpedto progressthefield.

Alsostartingin the1950’swasresearchonthefundamentalunitsorneuronsin aneuralnetwork.

Rosenblattintroduceda unit calledtheperceptron andWidrow andHoff introduceda slightly

differentunit calledtheadaline. Both of theseunitsarefundamentalin modernneuralnetwork

structures.

In the1970’s aftera proof of the limitationsof onespecifictypeof neuralnetwork by Minsky

andPapert(1969),interestwaned.However muchwork wasdoneon self-organizingmapsby

Willshaw andvonderMalsburg. Thesenetworksweremoreautonomousin theiroperationthan

previousones.

In 1982Hopfieldreleaseda pivotal paperon neuralnetworkswith feedbackknown eventually

asHopfieldNetworks[8]. Ironically thesenetworks arenot very goodmodelsfor the actual

neurobiologicalsystemsthatinspiredthemin thefirst place.Howeverthepapercreateda lot of

interestin networksandanassociatedincreasein productiveresearch.

Neuralnetwork type architecturesweredemonstratedto be effective in applieddynamicsit-

uationsin the 1980’s. Barto, SuttonandAndersoncreateda reinforcementlearning system

13
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that learnedto balancea vertical broomstickon a wheelbase.Braitenberg in 1984described

simpleinternalarchitecturesbasedon animalbrainsthat exhibited goal based,self-organized

behaviour.

In 1986Rumelhart,Hinton andWilliams reportedon thedevelopmentof theback-propagation

algorithmfor trainingmulti-layerperceptronnetworks,althoughthealgorithmwasdiscovered

simultaneouslyin severalplacesaroundthesametime. This algorithmwenton to becomethe

mostpopulartrainingalgorithmfor multi-layerperceptronnetworks,thatthemselveshavebeen

themostpopularnetwork architecture.

More recentlytherehave beentwo comprehensive bookson NeuralNetworks. Neural Net-

works: A ComprehensiveFoundationby Haykin is a completetreatmentof neuralnetworks

from an engineeringperspective. It coversin detail all the learningprocesstypesandneural

network structures,with mathematicaljustificationof many of theconcepts.Neural Networks

for PatternRecognition by Bishopprovidesa morestatisticalanalysisof neuralnetworksand

their learningmechanisms.Thesevolumesrepresenta formalizationof neuralnetworks asa

practicalfield ratherthanresearchoddity.

Like somany othertechnologybasedfieldsneuralnetworkshave enjoyedthebenefitof expo-

nentially increasingcomputerpower over thelast20 years.Evenwith no theoreticalimprove-

ments,whatneuralnetworkscanachieve hasincreasedgreatlysimply dueto moreprocessing

‘grunt’ beingavailable.Neuralnetworkshave beenusedrecentlyto achieve impressive results

- suchasdriving a vehiclealonga highway in traffic [9]. New avenuesof investigationhave

alsoopenedupdueto thiscomputingpower increase- suchasusinglargenumbersof networks

in modularfashion[10].

3.2 Multi-Lay er Perceptron Networks

Theperformanceof severaldifferentneuralnetwork typeson mineralspectrarecognitionhas

beeninvestigated[5]. All network typesshowedsomepromise,but thesingle-layerperceptron

14
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network wasfoundto bethebestperforming.Thesingle-layernetwork is a particulartypeof

multi-layernetwork. Thetheorypresentedheremainly concernsthis typeof network.

3.2.1 Neuron Model

A neuronis thebasicunit presentin any neuralnetwork. A neuronmodel(figure3.1)contains

threebasicelementsthatwork togetherto make theneuroncapableof processinginformation:� A numberof connectinglinks eachof which hasan individual weight or strength.The

link weightscalesthestrengthof signalspassingalongthe link. Positive weightvalues

meana link is excitatory, negativevaluessignify an inhibitory link. Theselinks areoften

calledsynapses.

� A summationjunction that addsthe contributions of the signalspassingthrough the

synapses.

� A meansof limiting theoutputof theneuron- anactivationfunction. Thereis a number

of differentactivationfunctions,whichoneis useddependson thetypeof dataprocessed

by theneuralnetwork.

Figure3.1: NeuronModel Number1

If therearen inputsto aneuron,thefollowing equationholds:


�� �� � �����
�����

(3.1)

u is thesignalpassingfrom thesummationjunctionto theactivationfunction.At theactivation

functionthissignalis modifiedin two ways:
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� An affine transformation[8] is performedon u by subtractinga thresholdvaluefrom u.

Thisgivesanintermediatevaluev.

� This intermediatevaluev is passedthroughan activationfunction. Therearemany ac-

tivationfunctions- for theneuralnetworks investigatedin this thesislinear, logistic, hy-

perbolicandsoftmaxactivationfunctionswerethemainonesused.

Thefinal outputof thenetwork y is givenby two simpleexpressions:

��� �"!$# (3.2)

%&� '�()��* (3.3)

It is oftenconvenientto movethethresholdinput to theleft in thediagramsothatit becomesa

synapticinputwith afixedweightof # andinputvalueof !,+ - this is mathematicallyequivalent

but thediagramlooksslightly different(figure3.2).

Figure3.2: NeuronModel Number2

3.2.2 Activation Functions

The activation function servesto limit the valuesthat the neuronoutputcantake. It is often

called a squashingfunction becauseof the way it usually limits the final output value to a

certainrange.Thechoiceof activation function is usuallymadebasedon whatsort of datais
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3.2 MULTI-LAYER PERCEPTRON NETWORKS BACKGROUND THEORY

beingfed throughtheneuron.Herethemainthreeactivationfunctionsusedin this researchare

examined.

ContinuousLinear

This is alsoknown asthe identity activation function. This is the onefunction that doesnot

modify its input; ratherit simply passesthe input valuedirectly on asoutput. For thesake of

conventiony hasbeendefinedastheoutputof theactivationfunctionandx theinput.

-�.0/ (3.4)

Hyperbolic

This functionlimits theoutputvalueto a rangebetween-1 and+1. Thefunctionis symmetric.

-&.214365$187931 3;: 1 793 (3.5)

Softmax

This is a normalizedexponential(or logistic) functionwith a rangebetween0 and1. It is used

in theoutputlayerof thenetworksbecausewhenusedwith thecross-entropy errorfunctionthe

network outputscanbeinterpretedasprobabilitiesof classmembership[11]. As suchthesum

of outputsacrosssuchanetwork addto one.Unliketheprevioustwo activationfunctions,there

is adependenceon actualnetwork structure- thenumberof neuronsin theoutputlayer.

-�. 143< =>@?�A 1 3CB (3.6)

In equation 3.6 n is the numberof neuronsin the network’s output layer. Figure3.3 shows

graphicallytheinput-outputmappingfor eachof theactivationfunctions.Thelogistic function

ratherthanthesoftmaxfunctionis shown - thelogistic functionis aspecialcaseof thesoftmax

functionfor anetwork with oneneuronoutput.
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Figure3.3: ActivationFunctionCurves

3.2.3 Network Structure

A numberof basicneuronunitscanbecombinedto form a neural network. Layerednetwork

architecturesarecommonlyused.Multi-Layer Perceptron(MLP) networksconsistof an input

layer, oneor morehiddenlayersandanoutputlayer.

Figure3.4: Multi-Layer PerceptronNetwork Structure

In figure3.4 thenetwork hasa feedforward structure- all the links arepointing to theright in

the ‘forward’ direction. Networkswith feedbackaremuchmoredifficult to usealthoughthey
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offer someextra advantages.It is alsofully connected, meaningthateachneuronis connected

to all theneuronsin thelayerin front of it.

The network hasonly onehiddenlayer - but could containmany more. Singlehiddenlayer

networks are lesspowerful thanmulti-layer ones. Whenusedin classificationtasksa single

layernetwork hasbeshown to only becapableof correctlyclassifyingdatasetsthatarelinearly

separable [12]. They arehowevermuchfasterto train,useandanalyseandarequiteadequate

for many applications.

Thisnetwork in figure3.4hasfiveinputneurons,threehiddenneuronsandfour outputneurons.

Thenumberof inputneuronsusuallycorrespondsto thenumberof independentvariablesbeing

fed to thenetwork. Thenumberof hiddenunitsvaries,but thegeneralizationability of a net-

work is roughly inverselyproportionalto thehiddenlayersize.Thenumberof outputneurons

dependson exactlywhattaskthenetwork is performing.

3.3 Training

Oncea suitablenetwork structurehasbeenset up it needsto be trainedso that it is useful.

Therearetwo generalcategoriesof training methods- supervisedandunsupervisedlearning.

Supervisedlearninginvolves feedingdatathroughthe network, and comparingthe network

outputwith what the desiredoutput is. Basedon the differencebetweenactualanddesired

outputthesynapticweightsarechangedusingvariousalgorithms.Unsupervisedlearningcan

only bedoneby certainnetworksandinvolvesthenetwork learningby itself to find statistical

patternsinherentin thedata.Thefollowing discussionconcernssupervisedlearningonly.

For the taskof classification,a network is fed a numberof patternsthat it tries to groupinto

classes.The ‘teacher’knows to which classeachpatternshouldbelongandcan‘tell’ thenet-

work how it shouldbegroupingthepatterns.Thenetwork thenusesanalgorithmto determine

how bestto modify itself in orderthatit movecloserto giving theresultsdesiredby theteacher.
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Oneof the mostcommonalgorithms,that wasusedin this research,is the back-propagation

algorithm. The basicpurposeof the algorithmis to adjustall the synapticweightsuntil the

network canproducethedesiredresponse(output)to all inputpatternsin adefinedtrainingset.

Thedifferencebetweentheactualanddesiredoutputsis treatedasanerrorto beminimized.It

is usuallyusedto train a network to a desiredperformancelevel, at which stagethenetwork is

‘frozen’ - theweightsarefixedandnofurtherlearningcantakeplace.It canthenbeusedin the

operationit wasdesignedfor.

Therearemany waysthedifferencebetweentheactualanddesiredoutputscanbecalculated.

For thenetworksdevelopedthecross-entropy error functionwasused.As outlinedin section

3.2.2this allowed the network outputsto be interpretedasprobabilitiesof classmembership.

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

DFEHGJIJKLKJM�NPO4QRGJITSVUXWZY S Y�[0\)S
[H]H^`_)a S [Hbdce_gfXh \)S [)bi]H^`_gfFhja S [Hb

(3.7)

Here

a S [
is thecurrentnetwork’sestimateof theprobabilitythatinputpatternp belongsto class

i.
\)S [

is theprobabilitythatwewantthenetwork to generate-thetargetoutput.For thenetworks

usedeachpatternbelongedto only oneclassandhenceonetarget outputvaluewas1 andall

theotherswere0.

Figure3.5: SampleTrainingRun
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Figure3.5 shows an examplepatternbeingfed to the input layer of a network. Basedon the

currentsynapticweightsthe patternis processedby the network, giving a seta setof output

values.Theteacherin this caseknows thatthepatternthey have just fed in belongsto class2.

Thereforethepatternshouldhave a 100%probabilityof belongingto class2, andassuchthe

targetoutputhasbeensetto 1 for class2 and0 for all otherclasses.

Thenetworkwouldthencompareits actualoutputwith thetargetoutput- thisnetwork is already

doingreasonablywell becausethehighestoutputis for class2 (althoughit is only 0.5,not1).

3.3.1 Updating Weights

Thereare two waysthe weightscanbe updated,by online learningor batch-modelearning.

Formally thestepstakenduringtheonlinetrainingcycleare:

1. Feeda trainingpatterninto thenetwork andlet it propagatethroughto theoutputs.

2. Comparetheoutputswith thetargetoutputby calculatingtheerrori.e. crossentropy.

3. Calculateall the derivativesof the error with respectto theweightsi.e. kmlonpkrq;s t . The

procedurefor calculatingthederivativeshasbeenshown by [13]. It is simplefor asumof

squareserrorfunctionbut somewhatmorecomplex for thecross-entropy errorfunction.

4. Usingthederivativeschangetheweightssoasto minimizetheerror. Thiscanbeachieved

by modifyingeachweightasfollows [13]:

q�uHv�w0xzy|{0q�uHv}y�~j� kmlkrq (3.8)

� is aparametercalledthe‘learningrate’. Theonlinetrainingcyclecanberepeateduntil every

single training patternhasbeenpresentedexactly onceto the network. One completepass

throughthetrainingsetis known asanepoch. Bettertrainingperformanceis usuallyachieved

if thetrainingpatternsarepresentedin a randomorderto thenetwork.
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Anotherparameter, the ‘momentumvalue’, is often usedin the weight updateprocess.The

momentumvalue influenceshow fast the rate of changeof network weightsduring training

canchange.If onelooks at a singlesynapticweight, oncethe weight startschangingduring

training, the momentumvaluemakesit hardto instantaneouslystopthis change.The mathe-

maticalexpressionshowing how momentumis involvedin theweightupdateprocessis shown

in equation3.9 [11].

�
w �H�}�|���6���m�� w �H�}�����

�
w �H�����z� (3.9)

� is thelearningratevalue,and � is themomentumvalue.

Typical networks needthe completetraining setto be presentedto themseveral timesbefore

their performanceis satisfactory- they needto undergo severalepochsof training.Varyingthe

orderof patternpresentationbetweenepochscanhelp avoid cyclic effects. A typical cyclic

effect that canoccur is overemphasisof the first few patternspresentedto the network each

epoch- shuffling of patternorderavoidsthis problem.

Thereis anothertypeof trainingcalledbatch learning.This involvespresentingall thepatterns

in the training setoneby one to the network, without any updatingof the weights. Instead

the derivativesof the error for eachpatternpresentedaresummedtogetherto obtaina total

derivativefor thewholetrainingset(equation3.10).Only aftertheentiretrainingsethasbeen

presentedto thenetwork is this total derivativeerrorusedto updatethesynapticweights.This

is donein asimilar fashionto onlinelearning,usingequation3.8.

�m��r� �Z�8���m�
�
�r� (3.10)

Thereareadvantagesanddisadvantagesassociatedwith both trainingmethods.To help illus-

trate them one can visualizean error surface, with a global minimum at a certainlocation.
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Ideallywewould like thenetwork, startingfrom somearbitrarypointon thesurface,to quickly

andsmoothlytraceoutapathto this minimum- andhenceminimizetheerror.

Batch-modetraining is quite similar to the gradientdescentmethod. After eachepochthe

weightsareadjustedso the error approachesthe minimum at the quickestpossiblerate - by

following a headingin the direction of steepestdescent. For a small enoughvalue of � in

equation3.8,thenetwork errorwill traceoutasmoothpathto theglobalminimum(figure3.6).

Figure3.6: ErrorSurfacefor Batch-ModeTraining[13]

Onlinetraininghastheadvantagethata muchlargernumberof weightupdatesoccurduringa

certaintraining time. This is balancedby the fact that the errorgradientsobtainedfrom each

single input patternareonly approximationsto the true error gradient- that is calculatedby

averagingtheerrorgradientsobtainedfor all patternsin thetrainingset. Oftentheseapproxi-

mationsarecloseenoughto the trueerrorgradientso that theerrorapproachestheminimum,

albeitin a jerky fashion(figure3.7).

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

Oftenthequantityof datato beanalyzedby aneuralnetwork is simplytoolargeto bedealtwith

computationally. Also thedatamaynot be in a form that is optimal for input into a network.

Whenthis situationarises,the datacanbe pre-processed. This involves,throughtransforma-

tions of the data,reducingthe sizeof the dataset. Pre-processingis alsooften necessaryto

performsuchtasksasnormalizationof all thedata.

Therearemany simpleexamplesof pre-processing.In written characterrecognitiontasksthe

ratio ‘height to width’ of a charactermay be extractedasa feature. Along with severalother

featuresthisbecomesthedatasetfedto theneuralnetwork, ratherthanalargetwo-dimensional

arrayof thepixelsmakingupanimageof thecharacter. Principalcomponentanalysisis another

form of pre-processingwhich hasbeenshown to somewhatfacilitatethemineralX-ray spectra

identificationproblem[5]. In spectralanalysispeaksmay be extractedasfeaturesaswell as

bandaveragesandcentroids.

Curseof Dimensionality

Apart from simple computationallimitations, thereis anotherfactor limiting the size of the

featuresetinput into a neuralnetwork, known asthecurseof dimensionality. It canberoughly

illustratedusingasimplenetwork with initially one,thentwo input(s).

Wecandraw aone-dimensionalplot with theinputvariable��� alongthesingleaxis.By dividing

theaxis into sectionswe canassigneachinput patternfrom the trainingdatasetto a square-

shown asdots. If we weregivena new input datapattern��� andwe wantedto find what the

outputwould be,we would first find thesquarethis new input belongedto. For instance,if the

new inputwas ���|� � it wouldbelongto therightmostsquare(seefigure3.8).To find its output,

wewouldaveragetheoutputsassociatedwith thethreepointsalreadyin thatgrid square.

We canincreasethe numberof input variablesto two - thenwe candraw a two-dimensional
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Figure3.8: OneInputVariableMappingSpace

plot with input variables��� and �m� makingup the two axes. By againdividing eachaxis into

sectionswe canassigneachinput patternto a certaingrid square.However, noticenow that

thereare fewer pointsper grid squaresincethe numberof squareshasincreased(seefigure

3.9).Thedatahasbecomea lot sparser.

Figure3.9: Two InputVariablesMappingSpace

If wewereto increasethenumberof inputvariablesto three,thegridsquareswouldbecomegrid

cubesandtheir numberwould increaseagain.This would resultin somegrid cubeshaving no

datapointsfrom thetrainingset.If a new input patternwasfed to thenetwork which belonged

in anunoccupiedgrid cube,we would have no previousdatapointsfrom which to estimateits

output. By increasingthenumberof variablesin the featureset,thedatarapidly becomestoo

sparseandthenetwork performancedegrades.
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3.4 Chi-SquaredTest

Thetheorybehindthechi-squaredtestcurrentlyusedto classifyX-ray spectrais coveredhere.

Thetestoutputsavaluethatis anindicationof thedifferencebetweentwo spectra- thesmaller

thenumberthebetterthematch.Theexpressionfor thechi-squaredvalueis givenin equation

3.11[14].

���¡ d¢$£¥¤8¦�§�¨p©«ª�¬H­¯®C°`± ¬P²�³�¢$©8³}° ®©8³ ´ ¬P² ® ¢$© ® ° ®© ® ´0µ¶µ¶µ8´ ¬P²«·¸¢$©4·�° ®©4· (3.11)

where:

¹ ²�³ to ²«· = numberobservedin channeln

¹ ©8³ to ©4· = numberexpectedin channeln
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Chapter 4

Review of SpectralAnalysis Techniques

Therehasbeenasignificantamountof researchon spectralanalysisusingneuralnetworksin a

wide varietyof fields. While someof theapplicationsreviewedherearefor fieldsthathave no

directrelationshipto mineralrecognition,nonethelessthespectralrecognitiontechniquesused

couldquiteeasilybeappliedto mineralX-ray spectra.

4.1 GammaRay Analysis

In theareaof gammarayspectralanalysis,thetraditionalapproachhasbeento find peaksin the

spectraandattemptto fit curves.Thisprocessinvolvestrying to find amathematicallygenerated

matchfor therealspectrumandcaninvolve muchiteration. A new approach[2] assumesthat

a radioactivesamplecontainsanumberof isotopespectrathatcombineapproximatelyin linear

superpositionto form the completespectrum. Equation4.1 shows this: º4» is the spectraof

eachindividual isotope,¼¾½ is therelativeconcentrationof eachindividual isotopeand ¿ is the

resultantoverall spectrum.The completesetof spectraldatawasfed into several MLP type

neuralnetworkswithoutany pre-processing.

¿ ÀZÁ » ¼�»)º4» (4.1)

Whatwasmostinterestingabouttheresearchwasthatthesinglelayernetwork duringtraining
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becamereliant on the peaksin the spectra,even thoughthe whole spectrumwasusedasthe

input. Whenmodifiedspectrawith all but their peaksremovedwerefed into thenetworksthey

performedbetterthanothernon-network techniquesinvestigated.

Furtherresearchby Keller [2] involvedpre-processingof thespectraldata.200input channels

from a gamma-rayspectrometerwerereducedinto 20 new equal-sizedchannelsby averaging

setsof 10 consecutivechannels.Thesingle-layerneuralnetwork wasfoundto have very good

classificationperformance.Thenetwork wasfoundto beinferior to othertechniqueswhenthe

spectrawereideal,but becamesuperiorwhentherewassignificantnoisepresentin thedata.

Figure4.1: Pre-processingof gamma-rayspectradata[2]

4.2 Micr oorganismMassSpectra

Researchcarriedout to try and identify bacteriafrom their massspectrarevealeda common

problemwith neuralnetworks. The researchattemptedto find out whetherthe network was
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performingwell becauseof fundamentaldifferencesin thespectra,or simplybecauseof exper-

imentallyassociatedcontamination.A very brief story[15] outlinesthis difficulty with neural

networks:

A groupof researchersattemptedto 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

fundingtheresearchwerenot convincedanddemandedfurthertesting.Whenfed a new setof

photosto analyze,thenetwork now hadno ideawhethertherewasa tankin thephotoor not.

Puzzled,the researcherstried to find out the causefor the differencein performance.It was

eventuallydiscoveredthatall theoriginalphotosof tankshidingbehindtreeshadbeentakenon

a sunny day, andall theonesof only treeson anovercastday. Thenetwork hadlookedfor the

easiestway to differentiatebetweenthetwo situationsandhadusedthebrightnessof thephoto

asthe key feature. This illustratesthe point that it is often very hardto work out whetheran

impressivenetwork is truly workingproperly, or merely‘cheating’.

Eachnetwork output was usedto representa certainclassof bacteria- when the output of

classwas Â�Ã Ä it meantthat thenetwork was Â«Ä�Ä�Å surethat the input datawasfor a bacterium

of that class. Also, sinceit wasdeemedthat a null classificationwasbetterthanan incorrect

classification,if noneof thenetwork outputswerelarger than Ä�Ã
Æ thesamplewasclassifiedas

unknown.

It wasfoundthatonly asmallnumberof peaksin thespectrawereneededby theneuralnetwork

for correctclassification. Sensitivity analysiswas carriedout to determinewhich peaksthe

network wasusing for classification. Multiple networks of the sametype wereusedfor the

taskof classificationin orderto obtainmultiple classificationsfor eachsample.Thesensitivity

analysisrevealedthatdifferentnetworkswereusingdifferentpeakstoperformtheclassification.

Theresearchalsofoundthatusingmultiple networksgave no betterperformancethanusinga

singlenetwork.
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4.3 Wine Identification

Twodifferenttypesof spectrawereusedin thetaskof wineidentification- theVisible-Ultraviolet

(VIS-UV) and NeighbourInfrared (NIR). Pre-processingwas performedon the spectra,that

wereclassifiedusingtwo differenttypesof MLP neuralnetwork. For theNIR spectrathe in-

tensityat sevendifferentfrequencieswasusedasnetwork inputs[3].

For the VIS-UV spectrumanalysisprincipal componentanalysisand expertisewas usedto

identify five characteristicfrequenciesat which intensityreadingswould betakenandusedas

network inputs.Thefeaturesrepresentedat thefive frequencieswere:

1. First characteristicpeak.

2. Secondcharacteristicpeak.

3. Colloid Protectors

4. Antociani

5. Antociani

Thefirst two featureslistedaresimply thetwo largestpeaks,andtheremainingfeaturescorre-

spondto quantitiesof certainwinecomponents.Eachoutputof asimplemulti-layerperceptron

network wasassociatedwith a classownershipprobability. The network was found to have

classificationaccuraciesof Ç�È¸É�Ê«Ë�Ë�Ì .

4.4 X-ray Diffractograms

A fuzzyexpertsystemwasdevelopedby researchersto classifymineralsvia theirX-ray diffrac-

togramusingthe Hanawalt method. This methodinvolvestaking the first threestrongest‘d-

lines’ in a mineralpattern(seefigure4.2)andcomparingthemto a library databaseof known

mineralpatterns(standards)to attemptanidentification.If thereis not enoughinformationfor

aconfidentidentification,thenext strongestline is usedandsoonuntil amatchis obtained.
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Figure4.2: SampleStickDiagram[16]

Theresearchoutlinedseveralimportantconsiderationsandideas:

Í Theaccuracy of identificationdependson thecorrectnessof thestandardsalreadyclassi-

fiedandcontainedin thelibrary database.

Í An extra factor usedin the identificationprocesscan be basedon the known average

abundanceof eachof theminerals.

Í Largerpeakscanbegiven(manually)moresignificancein theidentificationprocessthan

smallones.

Í Dueto naturalvariationthesecondstrongestpeakin acandidatespectrummightactually

correspondto the strongestor third strongestpeakin the standard.Hencethe orderof

peaklocationsfrom largestto smallestpeakis notnecessarilya goodfeatureto use.
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Chapter 5

Developmentand Testing

Therewereessentiallyfour phasesof developmentand testing. The first involved using the

softwareprogramMATLAB to createsomesimpleneuralnetworks thatwereusedto try and

differentiatebetweenthespectraof fivedifferenttypesof minerals.Thesecondphaseinvolved

usingthesoftwarepackageTRAJAN to try andcomeupwith anoptimalsingle-layerperceptron

network for classificationof spectrabelongingto tendifferentmineraltypes. The third phase

involvedaddingvariouslevels of artificial noiseto the spectraandrunningthemthroughthe

networksfrom phasetwo. Thefourth phasewasto repeatthethird phasebut usinga modified

statisticalclassificationmethod.

5.1 MATLAB Testing

MATLAB is a multi-purposesoftware packageusedby engineersand scientists. Amongst

otherthingsit offers a neuralnetworks packagethatallows a userto createa wide varietyof

network typessuchasbackpropagationandHopfieldrecurrentnetworks. It alsogivestheuser

controlover thenetwork structure,neurontypes,trainingalgorithms,learningratesandother

parameters.
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5.1.1 Data Set

Thefirst datasetobtainedfrom theJKMRC containedover60 000spectrasamples,containing

about20 differentmineraltypes.However, only five of themineraltypeshadmorethan1500

samples,andassuchthedatatrainingsetwasrestrictedto thesefive. However dueto severe

speedproblemswith MATLAB thefinal trainingdatasetwasfurtherreducedto only 200spec-

tra for eachmineral,with a total of 1000spectra.It shouldbeemphasizedthatthis setof 1000

spectrawasusedfor both training andtesting,meaningthe performanceof thenetworkswas

higherthanwouldbefor anew unseentestset.

Eachspectrumcontains2000channels.Figures5.1(a)and5.1(b)show two typical spectrafor

themineralchlorite(only thefirst 1600channelsareshown). Thereis noiseclearlypresentin

thespectra.Also readilyapparentis thesignificantpeakvariationbetweenthetwo spectraeven

thoughthey havebeengeneratedfrom thesamemineraltype.

(a)ChloriteSpectraÎoÏ (b) ChloriteSpectraÎ¸Ð
Figure5.1: Comparisonof spectrafor two chloritesamples

Thetotal intensityof asamplewasdefinedasfollows:

ÑÓÒ@ÔLÒdÕeÖJ×J×J×Ø Ù Ú�Û Ñ
Ù

(5.1)

where
Ñ Ù

is the intensityof (or countfor) the i’ th channel.Thetotal intensityfor eachmineral

typevariedsignificantlyasdifferentmineralswerescannedfor differenttime durations- some
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asshortas150 ms per spectra.Spectraobtainedfrom longerscanningtime durationshave a

largertotal countandlargerpeaksmakingnoiselesssignificant.Shorterscanningtimesyield a

lowertotal countandsmallerpeaks,with theresultthatnoisebecomesmoreof aproblem,with

greaterpeakvariation.

Due to the variationin total intensitythe spectraall hadto be normalized.The number ÜpÝ�Ý�Ý
in equation5.2waschosensothatthevariablesin theinput to thenetwork wereall somewhat

closeto eachother in magnitude,which is desirablefor optimal network performance(see

section5.1.2).It meantthatthetotal intensityof all spectrawasnormalizedto 2000. Þ�ß¥àLáãâ andÞ9àLáãä
å arevectorsof length ÜpÝ�Ý�Ý containingthecountsfor eachchannel.

Þ�ß¥àLáãâ�æ ÜpÝ�Ý�ÝÞÓç@àLçéè Þ9àLáãä
å (5.2)

5.1.2 Pre-Processing

Thesamefeaturesusedby Deacon[5] wereusedfor thefinal full sizefeaturesetthatwouldbe

usedasinput to thenetwork. Thesewere:

ê The channelnumbersof the five largestpeaksin the spectrum.The channelnumberis

roughlyrepresentativeof energy level.

ê Theintensityvalueof eachof thefivepeakswasalsoused.

ê Thetotal intensitiesof tenequalsizebands(eachof width 200channels).Deaconfound

thattenbandsrepresentedagoodcompromisebetweenhaving toomany bandsthatwould

result in noisebecomingtoo significant,andtoo few bandswhich would result in peak

featuresbeing‘swallowedup’.

ê The centroidsof theseten bandswere also usedas inputs. The centroidvalueswere

relative to their positionwithin eachband,andnot relative to anoutsidereferencepoint

suchasthefirst channel.
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In summarytherewere 30 featuresusedas input to the network, listed in table 5.1. These

featureswereextractedfrom theoriginal spectrausinga programwritten in C++ andstoredin

a text file.

Table5.1: Summaryof InputVariables
Variable Number Description
1-10 Totalbandintensities
11-20 Bandcentroids
21-25 Peaklocations
26-30 Peaksizes

5.1.3 Network Design

Initially networksweremanipulatedusingMATLAB’ snnetfunctions.A varietyof MLP struc-

tures,training algorithms,neurontypes,learningratesanddatasetsizeswereexperimented

with. Becauseof thelargenumberof parametersthatcouldbevariedandbecausethiswasonly

apreliminaryinvestigationtheanalysiswasnotcomprehensive.

The numberof input neuronsusedwas ë�ì - one for eachfeatureextractedfrom the spectra

(peaks,centroidsetc.). The numberof outputneuronsusedwas initially set to one. During

supervisedlearningthe target value for this neuronwasset at a valuebetweenoneandfive

correspondingto thedesiredmineralclassification(onefor thefirst mineralandsoon).

Having five neuronsin theoutputlayerwasalsotried. During trainingthetargetoutputvector

wassetsothat four of theoutputswerezero,andonewasunity. In figure5.2 theoutputlayer

consistingof fiveneuronsis shown. Thenumberswithin theneuronsrepresentthemineraltype

that the neuron’s outputis relevant to. To the right of the neuronsis a target vectorwhich is

being‘applied’ to thenetwork duringsupervisedlearning.In thiscasethenetwork is beingtold

thatthemineral,for whichdatais currentlybeingfed into thenetwork, is of class2 - hencetheízî¥ï
neuron’s targetoutputis one.

Both singleandmultiple hiddenlayer networks weretested.For the singlehiddenlayer net-

worksthenumberof neuronswasvariedfrom threeto twenty.
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Figure5.2: Targetvectorappliedto network outputs

Activation Functions

A numberof differenttypesof activation function weretrialed in both the hiddenandoutput

layers.Theinput layeruseda linearactivationfunction,purelin, essentiallya linearactivation

function,andwasnot changed.Theactivationfunctionstrialedfor theoutputandinput layers

aresummarizedin table5.2. The actualmappingof the transferfunctionsis shown 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 gearedtowardsbatch training rather than incremen-

tal/onlinetraining. Themorecommonlyusedtrainingalgorithmsavailablein MATLAB were

trialed to get an idea of how they worked. The most extensively usedwas the Levenberg-

Marquardtbackpropagationalgorithm,partlybecauseit wasmuchfasterthanany of theothers.
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Figure5.3: MATLAB ActivationFunctionsTrialed

5.2 Trajan Testing

Trajanis acommerciallyavailableneuralnetworkspackage.A usercancreateseveraldifferent

typesof networks andhasa large amountof control over the network structure- numberof

hiddenlayers,numberof neuronsin eachlayer etc. The activation functionsfor eachlayer

canbechosenaswell astheerrorfunctionthatthenetwork usesduringtraining. A numberof

optionssuchaspruningof networks,classificationcut-off levels,variationof momentumand

learningratesandothersareoffered.

5.2.1 Data Set

A seconddatasetwasobtainedfrom theJKMRCwhichcontainedðpñ�ñ�ñ�ñ spectrain total. There

were ten mineralsequally representedin the dataset,with 2000spectraper mineral. These

sampleswerecollectedmanuallyto ensurethateachspectrumcouldbeconfidentlyassociated

with a mineral [5]. Using the currentstatisticaltechniqueto classify the testsetwasnot an

optionastheneuralnetwork canonly beasgoodasthedatait is trainedwith. It would result

in aneuralnetwork trying to emulatethestatisticaltechnique,which is imperfect.
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Thefeaturesusedto make up eachtraining input patternwereasin table5.1. However dueto

Trajan’ssuperiorspeed(comparedto MATLAB), 1500spectralsamplesfor eachmineralwere

pre-processedusingtheC++ programandusedto form thefeatureset.This resultedin a total

featuresetrepresentingòzópô�ô�ô spectra.

Trajanwasusedto split this featuresetinto threecomponents(percentagesshow whatfraction

of thetotal featuresetaredevotedto eachcomponent):

1. õ�ô�ö TrainingSet: This componentwas usedby Trajan to perform the actualtraining

of the network - by feedingit throughthe network andperformingappropriateweight

changes.

2. ÷pô�ö ValidationSet: Thissethelpedthenetwork keepits generalizationability andavoid

learningnoisepresentin thesample.Trajanusedthevalidationsetasa sortof constant

testto checkthenetwork wasn’t just gettingverygoodatclassifyingthespecifictraining

set.

3. ÷pô�ö TestSet: Thiscomponentwasusedto evaluatetheperformanceof thenetwork once

traininghadbeencompleted.

ReducedFeaturesSet

Neural networks are in theory capable,throughtraining, of discerningwhich inputs can be

usedfor discriminationbetweenclassesandwhich areuseless.However, it wasdecidedto try

traininga network with a smallerfeaturesetcontainingwhatwasconsideredby theresearcher

to bethemostimportantfeatures.

After examinationof thespectrait wasrealizedthatthechannelsfrom 1400upwardscontained

whatvisuallyappearedto bepurelynoise,with nopeaks.As such,only thefirst seventotalband

intensitiesandbandcentroidswereretainedasfeatures(eachbandwas200channelswide).

By referringto spectrasuchasshown in 5.1 it canbeseenthatpeaksizeis amuchmorerobust

featurethanpeaklocation(asdiscussedin section4.4). The largestpeakin onespectrumis
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locatedataroundchannel175,but in anotherspectrumfor thesamemineralaroundchannel50.

Howeverthelargestpeakin bothspectrais approximatelythesamesize, asis thesecondlargest

peak.As such,only the two largestpeaks’locationsandthreelargestpeaksizeswerestoredas

features.Thereducedfeaturesetis summarizedin table5.3.

Table5.3: Summaryof ReducedFeatureSet
Variable Number Description
1-7 Totalbandintensities
8-14 Bandcentroids
15-16 Peaklocations
17-19 Peaksizes

PeakExtraction

The methodof peakextractionfrom the spectrawasa dynamicprocessthat changedseveral

times during the research.Becauseof the noisepresentin the data,peakextraction was a

reasonablysubjectiveprocedure- thebasicquestion‘when is apeakapeak?’summarizingthe

problem. Sincethe performanceof a neuralnetwork dependsjust asmuchon the choiceof

input featuresason theactualnetwork itself, sometimewasspenton thepeakextractionissue.

Initially peakswerefoundby simply takingthefivechannelswith thehighestcount/intensities.

Howeverthisresultedin all five‘peaks’beingfoundin oneverysmallregionof spectra,around

the largestreal peak. This was due to the peakshaving somewidth - the largestpeakin a

spectrumcould have five channelswith higher countsthan any other channelsin the whole

spectrum.

This was avoided by specifyingthat oncethe highestintensity channelhad beenfound, no

subsequentpeakscouldbefoundwithin acertaindistanceof it (distancemeasuredin channels).

This resultedin fiveseparatepeaksat differentlocationsusuallybeingfound.After someclose

examinationof the spectraandsometesting,a distanceof fifteen channelswasfound to give

goodresults(seefigure5.4).

39



5.2 TRAJAN TESTING DEVELOPMENT AND TESTING

Figure5.4: Segmentof samplespectrum

A furtherproblemencounteredwasthatby simply identifyingpeaksby thesinglechannelwith

highestintensity, therewasa significantsensitivity to noise. This problemwasovercomeby

identifying peaksas occurringwherethe total intensityof the 30 surroundingchannelswas

maximum,mathematicallyexpressedin equation5.3.

øzù�úûùdùLüþý ÿ�ü ������� ù	� ��

��������������������

� �!���
"
� (5.3)

Thisgaveamorerobustpeakidentifierthatwasnot deceivedby local noiseaseasily.

5.2.2 Network Design

Thecustomnetworkdesignerin Trajanwasusedto implementall thenetworkstested.Multiple

hiddenlayer networks wereagainbriefly testedbut their performancewasfound to be worse

andtraining slower thanfor singlehiddenlayer networks. The network structureusedhada

fixed numberof input neurons- #
$ , anda fixed numberof outputneurons-
� $ . The hidden
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layersizewasvariedbetween3, 6, 10and15 neurons.

Activation Functions

Theinput layeruseda linearactivationfunction.Thehiddenlayerwastestedusinghyperbolic

andlogistic activationfunctions.Therewasno significantperformancedifferencebetweenthe

two sothedefault hyperbolicfunctionwasused.Theoutputlayerusedthesoftmaxprobability

functionsothatthenetwork outputscouldbeinterpretedasclassmembershipprobabilities(see

section3.2.2).

Training Algorithm

The only training algorithm extensively testedwas backpropagation.Deacon[5] found the

quick propagationalgorithmto be slightly superiorto the backpropagationalgorithm. How-

ever his researchrevealedquick propagationreachedpeakperformancefor a network with 13

hiddenlayerneurons,whereasthebackpropagationwasbestfor a network with only five hid-

denlayer neurons.The researchalsofound the quick propagationalgorithmto be somewhat

unstable.Sinceasmallerhiddenlayeris desirablefor network generalizationqualitiestheback

propagationalgorithmwasusedin thisresearch.Eachnetwork wastrainedandtestedfivetimes

to obtainmorereliableresultsandalsoto getanideaof thevariancein performance.

Learning Rateand Momentum Value

The learningrate was varied betweenthreevalues;0.01, 0.05 and 0.3. Thesevalueswere

chosenso that thepeaknetwork performanceusuallyoccurredsomewherewithin their range.

All networksweretrainedfor 100epochs,asthiswasfoundto besufficientfor thecross-entropy

error to stabilize(no significantimprovementwasachievedafter100epochsof training). The

momentumvaluewasleft at its default valueof 0.3.
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5.3 PerformanceIn Noisy Conditions

Oneof themostimportantfeaturesof neuralnetworks is their ability to work with datathat is

noisy. The spectraobtainedfrom the JKMRC alreadyhadsomenoisepresentin the data,as

canbeseenin figure2.1.However it wasdesiredto seejusthow noisythedatacouldbebefore

thenetwork performancebecameinadequate.

The motivation for this is outlined in section1.2. If the network could classify the minerals

accuratelyevenwith significantnoisepresent,thescanningtime permineralsamplecouldbe

reducedandhencemoresamplescouldbeprocessedin agiventime.

Noisewasaddedartificially to theX-ray spectra.First, thespectrawerenormalizedasshown

in equation5.2.Thennoisewasaddedto eachchannelasin equation5.4.

%'&)(�*,+-%/.10 243
noiseamount 57698 (5.4)

698 wasarandomfunctionwith aflat probabilitydistribution(seefigure5.5), with :<;<=>698?=
; .
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It wasassumedthatthechannelscouldnothavenegativecounts/intensities.Any channelinten-

sitiesthatwereinitially negativeafterapplicationof equation5.4weresetto zero.Thishadthe

effectof increasingthetotal intensityof thenormalized,noisyspectrato above2000.

5.4 Testingof Modified Statistical Method

The motivation behindmodifying the currenttechniqueusedto identify mineralswas to try

andget a realisticappraisalof whetherneuralnetworks werea viable option. Whenblindly

appliedto noisydata,thechi-squaredmethodfails completelyandtheneuralnetworksseemto

bevastlysuperior. Therefore,sometime wasspentworking out how to improve thestatistical

recognitionprocesssothata fair comparisoncouldbemade.

Thechi-squaredmethodinvolvescomparingspectrameasuredfrom amineralsamplewith high

quality spectraof known mineralsstoredin a standardsdatabase.This method,while fine for

idealspectra,brokedown completelywhentrialedonnoisyspectra[5].

A modifiedmethodalsocurrentlyusedinvolvestakingtenspectrasamplesfrom asingleknown

mineralandaveragingthemto yield a singlestandardfor eachmineral.This methodwastried

aswell on noisy spectra,but performedvery poorly. The reasonwas that by averagingten

spectra,mostof the noisewasremoved. Whenthis ‘clean’ standardwascomparedusingthe

chi-squaredtestwith noisyspectrasamples,thetechniquewasgenerallyunableto differentiate

betweensimilarminerals.

Theproblemwaspartlyovercomeby having multiple,noisystandardsfor eachmineral.At first

tennoisystandardspermineralwasused.To checkwhethera largernumberof noisystandards

permineralwould increaseperformance,thirty noisystandardspermineralweretried. There

wasnosignificantincreasein classificationperformance(andthetimeto classifytripled)sothe

numberof noisystandardspermineralwasleft at ten.

Eachset(theidealsetandsetswith noiseadded)of normalizedmineralspectrawasrunthrough
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the chi-squaredtest classificationprogram. A programwaswritten in C++ to work out the

numberof incorrectclassificationsthetestmade,andalsoto find outwhatmineralswerebeing

wrongly identifiedas.
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Chapter 6

Resultsand Discussion

6.1 MATLAB

Most of thepreliminarytestingin MATLAB wasnot carriedout in a formalizedmanner, and

assuchonly onesetof resultsis presentedhere. The training set(that doubledasa testset)

contained1000spectra,with 200 for eachmineral type. The classificationpercentageerror

is shown for a network with 30 purelin input neurons,five tansighiddenlayer neuronsand

five tansigoutputneurons.It wastrainedusingLevenberg-Marquardtbackpropagationfor 50

epochsfor thetwo differentlearningratesshown in thegraph(seefigure6.1).

Theresultsshow thenetwork hadthepotentialto performquitewell, but wasextremelyvariable

in its performance.The exactcauseof this couldnot beascertainedbut might well be dueto

theweightinitializationroutinesusedin MATLAB. Duringtrainingthenetwork eitherlearntat

a reasonablysteadyrateor got stuckquiteearlyon andstoppedminimizing theerror. Because

the pre-processingmethodwasstill being improved at this stage,no attemptto explain this

variability wasmade.

6.2 TRAJAN

Theperformanceof theTRAJAN networkson thetestdatasetsis presentedhere.Sincemany

of the networks could classify the test set with 100% accuracy, the percentageof correctly
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Figure6.1: ClassificationError for MATLAB network

classifiedmineralswas not a practicalmeasurewith which to comparethe betternetworks’

performance.Insteadthe cross-entropy error wasused,althoughthis did not give any direct

‘feeling’ of how thenetwork wasperforming.To give this feeling,for onetypical network the

actualclassificationperformanceis shown in additionto its cross-entropy error.

Becauseof theway in which thenetwork weightsarerandomlyintialized,therecanbesignifi-

cantvariancein performancebetweenonetrainingrunandanother- thiswasthereasonbehind

testingeachnetwork fivetimes.Theerrorsshown herein graphicalform show boththeaverage

valueof eachsetof five tests,andalso the boundsonestandarddeviation eithersideof the

average.Over240individual testswereperformed.

To give a relative ideaof how well theneuralnetworksareperforming,theclassificationper-

formanceof the chi-squaredtestcurrentlyusedby the Mineral LiberationAnalyserbureauis

presentedaswell. Althoughthereis no equivalentof cross-entropy errorfor a chi-squaredtest,

thevastdifferencebetweenthetwo methodscaneasilybeappreciatedby comparingclassifica-

tion performance.
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6.3 Full and ReducedFeatureSets

If we ignorefor themomenttheeffect of differenttraining rates,we canseethat thenetwork

errorgetssmallerasthenumberof hiddenunits is increasedfrom 3 to 15. All the networks

with six or more units could classify the test set with @�A
A�B accuracy, althoughthis was

not guaranteed- occasionallyone or two spectrawere wrongly classified(out of a total of

approximately4000spectrain thetestset).

It shouldbenotedthatthecross-entropy erroris notaperfectindicationof classificationperfor-

mance.Twonetworkswith identicalstructureandtheexactsamecross-entropy errorcouldhave

somewhatdifferentclassificationperformance.However theerroraveragesoffer theability to

differentiatebetweenthe high performancenetworks (which all have the sameclassification

performance),soit wasstill used,with this limitation in mind.

Unfortunatelythedatais too variedto draw any conclusionsabouttheeffect of learningrate.

Ideally a larger numberof testswould be carriedout to achieve a smallerstandarddeviation.

However, dueto therandomnessinherentin initialization of network weights,therewould still

be a certaindegreeof variancein the results. This highlightsoneof the undesirablecharac-

teristicsof neuralnetworks - thereis no guaranteethata certainnetwork will alwaysperform

‘nicely’, becauseof this uncertainty.

It is interestingto comparetheperformanceof thefull (figures6.2and6.3)andreducedfeature

setnetworks(figures6.4and6.5). Takinginto accountthevariancein thedatathereis no sig-

nificantdifferencein theperformanceof thenetworks. This seemsto confirmthatthenetwork

usingthe full featuresetmanagesto adaptitself to ignorethe noisy datapresentin the total

intensityfeatureandcentroidfeaturefor bandseight to ten. A corollary to this is that thereis

nosignificantdatacontainedin thefeaturesleft out whenforming thereducedfeatureset.
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(a)3 HiddenUnits

(b) 6 HiddenUnits

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

(b) 15HiddenUnits

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

(b) 6 HiddenUnits

Figure6.4: TestSetErrorsfor ReducedFeatureSet,No Noise,3-6HiddenUnits
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(a)10 HiddenUnits

(b) 15HiddenUnits

Figure6.5: TestSetErrorsfor ReducedFeatureSet,No Noise,10-15HiddenUnits
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6.4 Full FeatureSetwith Noise

A clearappreciationof theeffect of addingtheartificial noiseto thespectraldatacanbeseen

in figure6.7. This figureshows thesamespectrumwith variousamountsof noiseadded.With

a noiselevel of tenonly the two largestpeaksareeasilypickedout. Thesmallerpeaksblend

in with thenoiseandarevisuallyveryhardto pick out (withoutprior knowledgeof wherethey

shouldbe). Thetermnoiselevel is usedto describetheamountof artificial noiseaddedto the

spectra.It refersto thetermnoiseamountin equation5.4.

For anoiselevel of five(figures6.8and6.9) thereis no discernibledecreasein network perfor-

mancecomparedwith theno noiseperformance.This shows thenetwork is learningto ignore

thenoisepresentin thedataduringtrainingquitesuccessfully. Thereis somemorevariancein

thedatahowever indicatingthenetwork is no longerasconsistent.All thenetworkswith six or

morehiddenunitswereableto classifythedatawith C�D
D�E accuracy althoughsometimesone

or two spectrain thetestsetwereclassifiedincorrectly.

For a noiselevel of ten (figures6.10and6.11) thereis a definitedecreasein network perfor-

mance.Thenetworkswerenow only capableof classifyingthedatawith anaccuracy veryclose

to C�D
D�E . Thevarianceis no largerrelative to theabsoluteerrorthanfor lowernoiselevels.

A typicalexampleof theactualclassificationperformanceof anetwork onspectrawith anoise

level of tenis shown in 6.6. Thenetwork hastenhiddenunits. Therearea total of 14 incorrect

classificationsoutof 3776samplesin thetestdataset- anoverall incorrectpercentageof DGF H�E
which is still well within theaccuracy requirementsof theMLA bureau.Thisvalueis typicalof

thenetwork’s performanceon thespectrawith a noiselevel of ten. Notethat thetotal number

of samplesin the testsetis not exactly 4000- this is dueto the randomway in which Trajan

separatesthetraining,validationandtestsets.

Themaindifferencein performancedependenceonhiddenlayersizeis apparentonaplot such

asin figure6.12. It shows that theperformancepeaksfor a network with 10 hiddenunits,and
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Figure6.6: Network ClassificationOutput,NoiseLevel = 10,10HiddenUnits

degradesasmorehiddenunitsareadded,unlike theno noiseperformance.This is expected,as

theability of a network to generalizecanberoughly linkedinverselyto thesizeof thehidden

layer. As thenoiselevel in thespectraincreases,thenetworksmustbeableto generalizemore

andmoreasuniquefeaturessuchaspeaksstartto disappear. This increasein generalizationis

associatedwith adecreasein theoptimumnetwork hiddenlayersize.

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

(b) 6 HiddenUnits

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

(b) 15HiddenUnits

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= 10,3-6HiddenUnits
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(a)10 HiddenUnits

(b) 15HiddenUnits

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

(b) Network performancevariation for
noisydata

Figure6.12: Comparisonof network performancefor ‘clean’ andnoisydata
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6.5 Chi-SquaredTestClassificationResults

Significantlydifferentresultsto thosereportedby Deacon[5] weregeneratedwhentestingthe

modifiedchi-squaredtechnique.Theresearchcarriedout lastyearessentiallydid not compare

the two techniqueson even ground. By usingmultiple, noisy standardsfor eachmineral the

chi-squaredtest’sperformanceon noisydatawasgreatlyimproved.

Thechi-squaredtestinvolvesno randomcomponentunlike thenetworksthathadtheirweights

randomlyinitialized eachtrainingrun. As suchonly a singleclassificationrun wasperformed

for eachtestset.

Thechi-squaredtestclassifiedthetestsetwith nonoiseaddedwith I�J
J�K accuracy. Thismeant

that it wasactuallyslightly superiorto theneuralnetworksdeveloped,becausethey couldnot

alwaysclassifythe ‘clean’ testsetwith I�J
J�K accuracy. This is however of negligible impor-

tance,asanaccuracy of only aroundL
L�K is requiredby theMLA. A network with morehidden

units than fifteen most likely could have repeatedlyclassifiedthe datawith I�J
J�K accuracy,

howeverthiswasnot investigatedastheemphasiswasto analysethenetworks’ performanceon

noisyspectra.Also, Deacon[5] foundnetworkswhichcouldclassifythedataconsistentlywith

I�J
J�K accuracy.

For a noiselevel of five thechi-squaredtestwasrun twice:

M Firstly with only 10standardspermineral

M Secondlywith 30 standardspermineral

This wasto testwhetheran increasein the numberof standardsper mineralsignificantlyim-

provedperformance.Therewere119incorrectclassificationswhen10standardswereusedand

111when30standardswereused.It wasconcludedthatthetripling in thenumberof standards

hadverylittle effectontheperformance,andassuchtenstandardswereusedthroughout.Using

30standardspermineralalsoplacedagreatcomputationalstrainon thecomputer.
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Theperformancefor a noiselevel of five waspoor, with a correctclassificationpercentageof

only N�O
P . This canbe comparedwith an approximateaverageclassificationaccuracy of the

betterperformingnetworksof N
NGQ R�P .

Interestinglythe performancedid not degradethat muchwhenthe noiselevel was increased

to ten- thecorrectclassificationpercentagewentdown to N
SGQUT
P . This canbecomparedwith

an approximateaverageclassificationaccuracy of the betterperformingnetworks of N
NGQ S�P .

However, the chi-squaredtestwasnow startingto misclassifyquite a few different typesof

mineralsratherthanjust oneor two.

As foundby Deacon[5], the chi-squaredtestperformedmostpoorly whentrying to separate

(duringclassification)thePentlandite-Pyrrhotitemixturefrom thepurePentlandite.This is due

to theremarkablesimilarity in thetwo spectra.An exampleof thesimilarity is shown in figure

6.13.Thisfigureshows thespectrawith anoiselevel of ten.Thechi-squaredtestmisclassified

121 out of 800 ( V�W
P , seetable 6.14) of the two minerals,whereasthe neuralnetworks on

averageonly misclassifiedabout6 outof 726( V�P ). Thiswasamostimpressiveresult.

Ideally for optimum performancethe standardsusedwould containthe numberof samples

per mineralequivalentto that containedin the training setusedby theneuralnetworks. This

would meanabout900 standardsper mineral ratherthan10. However with 10 standardsper

mineralthechi-squaredtestis alreadyanorderof magnitudeslower thanthenetworks,andany

significantincreasein thenumberof standardswouldbeimpractical.
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Figure6.13: Similarity betweenPentlanditeandPentlandite-Pyrrhotite(noiselevel = 10)
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(a)NoiseLevel = 0, Standards= 10

(b) NoiseLevel = 5, Standards= 10

(c) NoiseLevel = 5, Standards= 30

(d) NoiseLevel = 10,Standards= 10

Figure6.14: Chi-SquaredTestClassificationResults
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6.6 Err or & Repeatability Analysis

Althoughtheresearchinvolvedno experimentalapparatus,considerationshouldstill begiven

to thesourcesof error. Also, factorsthatdecreasedtherepeatabilityof thenetwork performance

areconsidered.Therewereseveralsub-areasthatthis analysiscouldbedividedinto:

X Generationof theX-ray spectra.

X Pre-processingof thespectra.

X Trainingof thenetworks.

X Testingof thenetworks.

X Classificationof unknowns.

6.6.1 X-ray generation

In order to successfullytrain a neuralnetwork using supervisedlearning,the spectrain the

trainingdatasetmustalreadybeknown to eachbelongto acertainmineral.By scanningknown

mineral phasesthe spectraobtainedwere alreadyknown to representthe particularmineral

beingscanned.Theknown mineralphaseswereidentifiedby a mixture of BSE,spectraland

humanexpertise. Thereis a possibility that occasionallythesetechniquesmight collectively

wrongly identify a mineral phase,resultingin the training dataset containingsomespectra

associatedwith the wrong mineral. However, the combinationof techniquesensuresthat the

chancesof this happeningareextremelylow.

6.6.2 Pre-processing

The bandaveragesandcentroidlocation featuresare obtainedthroughsimple mathematical

processingof thespectra,anddo not contributeto theerror in any way. Theselectionof band

size itself canbe thoughtof asan error sourcehowever - small bandsaresensitive to noise,

andlargebandsfail to representthepeaks.Thebandsizechosenrepresenteda compromise-

typically oneor perhapstwo peakswerecontainedin eachband. The 200channelsper band

waswide enoughto reducetheeffectof noise.
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TheC++softwaremoduleusedintegertypevariablesto storechannelcounts/intensities.During

normalizationandnoiseaddition,thesecountsbecamenon-integervalues,andweretherefore

truncateddownwardswhenstoredby thesoftwaremoduleagain.Downwardstruncationhada

relatively larger effect on the channelswith low counts,thanthosearoundthe spectralpeaks.

Sincethe network seemedto learn to ignorethe bandswith mainly low channelcounts,this

sourceof errorhadvirtually no effecton theendresults.

6.6.3 Network Training

Therearetwo sourcesof randomnessin thenetwork behaviour andresults- theweight initial-

izationroutineandthethresholdinitialization routine.Both routinesinitialized their respective

parametersto normallydistributedrandomvalueswith ameanof 0 andastandarddeviationof

1.

This randomnessis not so mucha sourceof errorasa factorthat reducesthe repeatabilityof

thenetwork performance.As canbeseenclearlyin thegraphsof thecross-entropy error, there

is significantvariation in the performanceof eachnetwork. Unfortunatelythis is not really

avoidablewith networks,althoughit is oftensuggestedthatastatisticalanalysisof thetraining

databe usedto initialize the weights. However it canbe arguedthat, if improvementin the

network performancecanbeachievedthisway, onemightaswell useastatisticalclassification

method.

6.6.4 Network Testing

TRAJAN selectedthetestset(20%of thetotal dataset)in a randomfashioneachtrainingand

testingrun. Sincetherewerecertainspectrathat wereparticularlyhardto classify(suchasa

few specificPentlandite-PyrrhotiteandPentlanditespectra),which spectrawereselectedin the

testsetcouldhave a significanteffect on thenetwork performance.Thenetwork couldeasily

identify thevastmajority of thespectra,sowhetherthesedifficult spectrawereincludedin the

testsetor notwassignificant.By runningfivetestspernetwork configuration,thisproblemwas

mostlyovercome- eachtestrun involvedadifferent,randomlyselectedtestset.
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6.6.5 Classificationof Unknowns

Both theneuralnetworksandchi-squaredtestgeneratedclassmembershipprobabilitiesfor the

spectra.For instance,the chi-squaredtestmethodassignedeachspectrato the mineralclass

assignedthe highestmembershipprobability, unlessthis maximumprobability waslessthan

a default valueof 1%. If a spectrumwasdeemedto not belongto any mineralclasswith a

probabilityequalor higherthan1%,thechi-squaredmethodwould identify it asunknown.

TRAJAN offeredthe option of settingthresholdclassmembershipprobabilities- if an input

patterndid not have a probability greaterthanthat thresholdvalueof belongingto any of the

classes,it wasclassifiedasunknown. If thisoptionwasnotused,theclasschosenfor eachinput

patternwassimplytheonewith thehighestmembershipprobability, evenif thisprobabilitywas

verysmall.

For thepurposesof comparisonbothmethodswereforcedto positively identify every spectra

asbeinga mineral.This wasachievedby settingthechi-squaredthresholdprobabilityto zero,

andnot usingthethresholdoption in TRAJAN. This meantthata smallnumberof spectra(of

theorderof 0.1%of thetestsetsfor bothtechniques)thatwouldotherwisehavebeenidentified

asbeingunknown wereassignedto a mineralclass.In a worstcasescenario,this would mean

the classificationaccuracy for the two methodswould be off by 0.1%. This would give the

classificationaccuracieslistedin table6.15.

Figure6.15: RevisedClassificationAccuracies

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

network hasfarbetterperformancethanthechi-squaredtest.
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Chapter 7

Conclusionsand Recommendations

An experimentalinvestigationinto the classificationperformanceof single-layerneuralnet-

works wasperformedusingspectraldataobtainedfrom the MLA bureauat the JKMRC. A

largenumberof networkswith varyinghiddenlayersizeandlearningratewereformedfor the

purposesof theinvestigation.A numberof waysof pre-processingthespectraldatawereused

to form a featuresetfor input to thenetworks.

The first two featuresetsusedwereobtainedfrom pre-processingof the ‘clean’ spectra,the

original spectraobtainedfrom the MLA bureau.The two setswereof differentsize- 30 and

19 variables. The differencein sizeallowed determinationof whethercertainfeatureswere

unnecessaryandwhetherthe networks wereautomaticallyallocatingmoreimportanceto the

moresignificantfeatures.Theresultsshowedthat therewasessentiallyno differencebetween

thenetwork performanceonthetwo featuresets.Thisconfirmedthatthenetworkswereableto

learnto ignorefeaturevariablesthatprobablyrepresentedpurelynoise.

During the researchthe importanceof pre-processingthe data in the most appropriateway

becamevery apparent. Many neural network researchershave statedthat getting the pre-

processing‘right’ is just asif not moreimportantthanthenetwork designitself. This view is

now heldby theresearcher, astherewereexamplesduringthis researchof how pre-processing

canbeverycritical to overall performance.
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During preliminarytestingthenetwork performancewasfoundto beaffectedadverselyif the

variablesin the featureset did not have valuesall within a few ordersof magnitude. This

resultedin thepre-processingmethodbeing‘tweaked’ until all thevalueswereroughlyof the

samemagnitude.Severaltechniquesfor extractingthepeaksfrom thespectrawereinvestigated.

Themethodfinally usedextractedpeakssuccessfullyevenundernoisyconditions.

All the larger networks were able to classify the test featuresetsobtainedfrom the original

spectraldatawith Y�Z
Z�[ accuracy. To carryout thesecondpartof theresearchtwo levelsof ar-

tificial noisewereaddedto thespectrathatwerethenpre-processed.Thenew featuresetswere

run throughall thenetworksto seehow they performed.Someof thenetwork structureswere

found to be ableto classifythe testsetwith well over \
\�[ accuracy. However, performance

now peakedfor thenetwork with tenhiddenunitsratherthanfifteenaswith the‘clean’ spectra,

andthesmallernetworkswerenow morecompetitive. This resultconfirmedthatasthenoise

increasedthenetwork’sperformancedependedmoreuponits generalizationability.

The chi-squaredtest wasmodified to increaseits performancedrasticallyon noisy data,re-

sulting in it performingwith Y�Z
Z�[ accuracy on the ‘clean’ testset. However its performance

degradedsignificantlywhentestedon noisy spectraandwasableonly to manage\
]G^U_
[ ac-

curacy on thenoisiesttestset. On this sametestsetthebestneuralnetwork (10 hiddenunits)

achieved \
\G^ ]�[ accuracy. Thusthe classificationerror for the bestneuralnetwork wasa full

orderof magnitudelessthanfor themodifiedchi-squaredtestmethod.Themodifiedtestwas

alsofoundto beaboutanorderof magnitudeslower thantheneuralnetworks.

The ability of the networks to classifyspectrawith large amountsof artificial noiseso suc-

cessfullyis quite impressive. Theresearchshowedthatthenetworksreally startto outperform

conventionalstatisticaltechniqueswhenthedatabecomesnon-ideal.Theneuralnetworksde-

velopedfor this thesiswerepitted againsta conventionalclassificationtechniquefrom a real

world commercialenvironment,classifyingreal data,andwereshown to bequitesuperior.

Oneof theproblemsencounteredthroughoutthe testswasthevariability in performanceof a
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specificnetwork betweentestruns,ascanbe seenin thecross-entropy errorgraphs.Oneso-

lution thatmight be feasiblewould be to initialize thenetwork weightsbasedon a ‘template’

(with somerandomnesssuperimposedon this template)suitablefor the particularmineralset

beingclassified. Anotheroption would be to train a numberof networks, analysetheir per-

formanceon a setof standards,anddiscardthepoorly performingones.Furtherinvestigation

couldexaminewaysto make thenetwork performancemorerepeatable.

For thepurposesof thespecificapplicationinvestigatedfurtherresearchcouldfocuson imple-

mentingthe neuralnetworks from scratchi.e. by not usinga network softwarepackage.An

automatedway of adjustingthe pre-processingparametersso that the featurevariableswere

appropriatelyscaledandof similar valueis needed- this wasdonemanuallyfor this dataset.

It shouldbeemphasizedthat thepre-processingusedfor thesemineralswould not necessarily

beappropriatefor all othermineralsets.Beforecommercialimplementationtestingon a large

numberof mineralsetswouldberequired.

Furtherresearchcould look at usinga modularnetwork architecturefor identification- hav-

ing networks speciallytrainedto identify onemineraleachonly, andusingan arrayof these

networksthat ‘compete’with eachother. Pruningof thenetworksduringtrainingcouldbein-

vestigatedaswell asa more indepthstudyof the optimumfeaturesetsizefor variouslevels

of noise. As an extensionto usingmultiple networks, boostingcould be investigated- using

severaldifferenttypesof networkssimultaneously.

Dueto thesuperiorspeedof thenetworksoncethey have beentrained,it might bepossibleto

useX-ray classificationfor morethanthe single ‘X’ point definedfor eachmineralphasein

a particle. For samplesthat aredifficult to classifyusingBSE levels, X-ray spectracould be

generatedfor pointson a fine grid superimposedon eachparticle.However this optionmaybe

limited by thespeedof theSEM.

The criteria by which neuralnetwork techniquesarecomparedto othersneedsto be further

formalized.During researchtheauthorfoundvery little in theway of formal criteriaby which
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onecould compare,fairly, the performanceof two different techniques.In this researchthe

two main criteria usedwereclassificationaccuracy andcomputationalrequirements.Further

investigationinto waysto assessandcompareclassificationperformancewould beusefulto a

largenumberof researchers.

It is recommendedthatfutureresearchersimplementtheirown networksinitially usinganeural

networkssoftwarepackage,but thenin a low level programminglanguagesuchasC++, for the

speedadvantagesandfull network control. Also whendesigningnumericalexperimentationit

is recommendedthata lot of time bespenton decidingwhich parametersto vary asthereare

somany, andthe numberof testrunscaneasilybecomeridiculously large. Above all I think

patience,persistenceanda willingnessto try novel ideasis neededto besuccessfulin thearea

of neuralnetwork research.I wishgoodluck to all thosewhotakeup researchinvolving neural

networks.
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Appendix A

This appendixcontainsthe codefor the threemain C++ programswritten aspart of this re-

search.TheMATLAB codeusedin preliminarytestinghasnot beenincluded,althoughit can

beprovideduponrequest.TheC++ programsall usedsomelibrary files thatweregraciously

providedby theMLA bureauat theJKMRC,andarenotshown herefor confidentialityreasons.

The threeC++ files all have the samefilename- Jktest.cppbut do serve differentpurposes.

Eachfiles’ purposeis summarizedat the beginning of the code. The ClassificationAnalysis

file analysestheclassificationresultsof theChi-Squaredtest. TheNeural NetworkData Pre-

Processingfile canaddartificial noiseto thespectra,normalizethem,andextracta featureset

thatis written to disk. TheChi-squaredpre-processingfile normalizesandaddsartificial noise

to thespectra,andrewritesthespectrato disk for useby theChi-Squaredtestonly.
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