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ABSTRACT

PerformanceEvaluationofPrincipalComponentAnalysisand

LinearDiscriminantAnalysisforHumanTeeth Recognition

Poudel,Santosh

Advisor: Youngsuk Shin,Ph.D

Department of Information and 

Communication Engineering

Graduate School of Chosun University

Biometricidentificationmethodshavebeenprovedtobeveryefficient,natural,

andeasierforusersthantraditionalmethodsofhumanidentification.Biometricis

definedasthescienceofrecognizingapersonbasedoncertainphysiological

(fingerprints,faceandvoice)traitswhichpossesslow discriminatingcontents;

thesechangeovertimeforeachindividual.Thus,thesebiometricsshow lower

performanceascomparedtothestrongbiometrics(eg.fingerprints,iris,retina,

etc.).Amongvariousphysiologicalbiometrics,teethbiometricshasbeenfoundto

beinterestingandpromisinginthebiometricsfield.Inthisthesis,forthe

performanceevaluationofappearance-basedstatisticalmethods,bothPrincipal

ComponentAnalysis(PCA)andLinearDiscriminantAnalysis(LDA)aretested

andcomparedfortherecognitionofhumanteethimages.Inthetransformed

space,euclideandistanceclassifierisemployed.Teethwereacquiredusinga

simple low-costsetupconsistingofadigitalcamera.Threesetsofexperiments

areconductedforrelativeperformanceevaluations.Inthefirstsetofexperiments,

therecognitionperformancesofPCA andLDAaredemonstrated.Theeffectof

illuminationvariationsisevaluatedinthesecondset,whereasteethimagesare

anteriorandposteriorocclusioninthethirdsetofexperiments.

Thegoalofthisthesisistopresentanindependentandcomparativestudyof

twomostpopularappearance-basedteethrecognitionalgorithms(PCA

andLDA)invariousconditions.
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I.Introduction

Patternrecognitionhasbeenanactiveresearchareaoverthelast30

years. It has been studied by scientists from different areas of

psychophysicalsciencesand from differentareasofcomputersciences.

Psychologists and neuro-scientists mainly focus with the human

perception aspectofthetopic,whereasengineersstudying on machine

recognitionofhumanbodypartsdealwiththecomputationalaspectsof

patternrecognition.

Inthisthesis,proposedmethodisbasedonhumanteethrecognitionsystem

under the differenttesting methodologies.The performance ofpurposed

system isevaluatedbyusingtwoalgorithms(PCA andLDA)throughthe

various testing conditions.Experiments are conducted by utilizing newly

constructedtrainingandtesthumanteethdatabaseforthisteethrecognition

system.

A.Background

Biometricsisamethod toautomatically verify oridentify individuals

usingtheirphysiologicalorbehavioralcharacteristics.

Biometrictechnologieshaveessentialsomerequirementsinordertobe

utilized in realapplications.They are reliable,easy to use,easy to

implementandcosteffective.Irisidentificationrequiresacomplicityofthe

data collection. Face can be deformed by expressions of a user.

Fingerprintcanbecontaminatedwithmaterialssuchassweatordust.

Voicecanbechangedbycatchacold.Humanteethare notgenerally

deformed at the moment of image acquisition because of rigidity.

Furthermore,in teeth biometricthereisnoneedtotouch any device,

hencetheuserfeelsmorecomfortable.Inaddition,teethidentificationdoes

notrequire high resolution images.Thus data collection can use the

digital cameras with low cost. Teeth, which concern recognizing
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individual,arearelativelynew biometrics.

Training theteethrecognition system withimagesfrom theknown

individualsandclassifyingthenewlyreceivedtestimagesintooneofthe

classesisthemainaspectoftheteethrecognitionsystems.Thetopic

seemstobeeasyforahuman,wherelimitedmemorycanbeamain

problem;whereastheproblemsinmachinerecognitionaremanifold.Some

ofpossibleproblemsforamachineteethrecognitionsystem aremainly;

Teethexpressionchange:Teethexpression(AnteriorandPosterior)can

affectteethrecognitionsystem significantly.

Aging:Imagesthattakensometimeapartvaryingfrom 5minutesto5

yearschangesthesystem accuracy.

Rotation:Rotationoftheindividual’sheadclockwiseorcounterclockwise

(eveniftheimagestaysfrontalwithrespecttothecamera)affectsthe

performanceofthesystem.

Whatbiologicalmeasurementsqualify to bea biometric? Any human

physiologicaland/orbehavioralcharacteristiccanbeusedasabiometric

characteristicaslongasitsatisfiesthefollowingrequirements:

• Universality:eachpersonshouldhavethecharacteristic.

• Distinctiveness:anytwopersonsshouldbesufficientlydifferentin

termsofthecharacteristic.

• Permanence:thecharacteristicshouldbesufficientlyinvariant(with

respecttothematchingcriterion)overaperiodoftime.

• Collectability:thecharacteristiccanbemeasuredquantitatively.

 A practicalbiometricsystem shouldmeetthespecifiedrecognitionaccuracy,

speed,andresourcerequirements,beharmlesstotheusers,beacceptedby

the intended population,and be sufficiently robustto various fraudulent

methodsandattackstothesystem.

The restofthis thesis is organized as follows.Section two gives a

description of related works.Section three describes feature extraction

algorithmsemployedbyoursystem.Sectionfourpresentsnewlyconstructed

trainingandtestdatabaseforteethrecognition.A detaileddescriptionand

experimentalresultsofthreedifferentmodalitiesaregiveninsectionfour.

Finally,insectionfive,conclusiondrawnfrom ourexperimentsarediscussed.
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B.PatternRecognition

Pattern recognition deals with mathematicaland technicalaspects of

classifyingdifferentobjectsthoroughtheirobservableinformation,suchas

greylevelsofpixelsforanimage,energylevelsinfrequencydomainfora

waveform and thepercentageofcertain contentsin aproduct.Itis

normallybeyondthescopeofthestudyofpatternrecognition.Thus,a

typicalpattern recognition system consists oftwo component:feature

analysis,whichincludesparameterextractionand/orfeatureextraction,

and pattern classification. The structure of a conventional pattern

recognitionsystem isshow inFig.1.1

 

Fig.1.1Conventionalpatternrecognitionsystems

C.FeatureAnalysis

Featureanalysisisachievedintwosteps:parameterextractionandor/feature

extraction.Intheparameterextractionstep,informationrelevanttopattern

classificationextractedfrom theinputdataintheform ofap-dimensional

parametervector.Inthefeatureextractionstep,theparametervectorxis

transformedtoafeaturevector,whichhasadimensionalitym (m<=p).Ifthe
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parameterextractorisproperlydesignedsothattheparametervectorxis

matchedtothepatternclassifieranditsdimensionalityislow,thenthereisno

necessityforthefeatureextractionstep.Howeverinpractice,parametervectors

arenotsuitableforpatternclassifiers.Forexample,parametervectorshaveto

bede-correlatedbeforeapplyingthemtoaclassifierbasedonGaussianmixture

modes(withdiagonalvariancematrices).Furthermore,thedimensionalityof

parametervectorsisnormallyveryhighandneedstobereducedforthesake

oflesscomputationalcostandsystemcomplexity.Duetothesereasons,feature

extractionhasbeenanimportantpartinpatternrecognitiontasks.

Featureextractioncanbeconductedindependentlyorjointlywitheither

parameterextractionorclassification.Independentfeatureextractionmethodisa

welldevelopedareaofresearch.A numberofindependentfeatureextraction

algorithmshavebeenproposed[1,2,3].

Amongthem,LDAandPCAaretwopopularindependentfeatureextraction

methods.Bothofthem extractfeaturebyprojectiontheoriginalparameter

vectorsontoanew featurespacethroughalineartransformationmatrix.But

theyoptimizethetransformationmatrixwithdifferentintentions.PCAoptimizes

thetransformation matrix by finding thelargestvariationsin theoriginal

featurespace[2,3].LDA pursuesthelargestratioofbetween-classvariation

andwithin-classvariationwhenprojectingtheoriginalfeaturetoasubspace

[4].Thedrawbackofindependentfeatureextractionalgorithmsisthattheir

optimizationcriteriaaredifferentfrom theclassifier’sminimum classification

errorcriterion,whichmaycauseinconsistencybetweenfeatureextractionand

theclassificationstagesofapatternrecognizerandconsequently,degradethe

performanceofclassifiers[5].

D.PatternClassification

Theobjectiveofpattern classification istoassign an inputfeature

vectorstooneofK existingclassesbasedonaclassificationmeasure.

Conventionalclassification measures include distance (Mahalanobis or

Euclideandistance),LikelihoodandBayesianaposterioriprobability.These
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measuresleadtolinearclassificationmethods,i.e.,thedecisionboundaries

theygeneratearelinear.Linearmethod,however,hasthelimitationthat

theyhavelittlecomputationalflexibilityandareunabletohandlecomplex

nonlineardecisionboundaries.SVM isadevelopedpatternclassification

algorithm withnon-linearformulation.Itisbasedontheideathatthe

classification thataffords dot-products can be computed efficiently in

higherdimensionalfeaturespaces[6,7,8].Theclasseswhicharenot

linearly separable in the original parametric space can be linearly

separatedinthehigherdimensionalfeaturespace.Becauseofthis,SVM

hastheadvantagethatitcanhandletheclasseswithcomplexnon-linear

decisionboundaries.SVM hasnow evolvedintoanactiveareaofresearch

[9].
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II.PreviousWorks

Projecting images into Eigenspace is a standard procedure formany

appearance-based objectrecognition algorithms.MichaelKirby wasthe

firsttointroducetheideaofthelow dimensionalcharacterizationoffaces.

Examplesofhisuseofeigenspaceprojectioncanbefoundin[10,11,12].

Turk& Pentlandworkedwitheigenspaceprojectionforfacerecognition

[13].Morerecently ShreeNayarusedeigenspaceprojection toidentify

objectsusingaturntabletoview objectsatdifferentanglesasexplained

in[14].R.A.FisherdevelopedFisher’slineardiscriminantinthe1930’s

[15].NotuntilrecentlyhaveFisherdiscriminatesbeenutilizedforobject

recognition.AnexplanationofFisherdiscriminatescanbefoundin[16].

Swetsand Weng used Fisherdiscriminatesto clusterimagesforthe

purposeofidentificationin1996.Moststudiesonteethidentificationhad

been used in postmortem identification and location missing and

unidentifiedpersons.JainandChen[17,18]utilizeddentalradio-graphsto

identifyvictims.AmmarandNassar[19]analyzedradio-graphstoutilize

underlyingimagestructurethatareoftendifficulttobeassessedmerely

by visual examination. Zhou and Abdel-Mottaleb Mahoor and

abdel-Mottalebextractedtheteethcontoursandusedshaperepresentation

basedonextractionsincepoorqualityimages[20][21].Thedentalradio

graphshaveachallenging problem oftheshapeextraction sincepoor

qualityimages.

A coupleofresearchesonusing teethforpersonalidentificationhave

been reported. Prajuabklang,K.,Kumhom,P., Maneewarn, T. and

Chamnongthai,K.[22],proposed Real-timePersonalIdentification from

Teeth-imageusingModifiedPCA.TheyappliedthePrincipleComponent

Analysis(PCA).Inthismethod,theeigenvectorsandtheircorresponding

eigenvalueswerefoundandmatchedwiththevectorsofpossibleteeth

imagesinthedatabase.Shinpresentedgenderidentificationonthedental

imageusing geometric features [23].Tae-Woo Kim,Tae-Kyung Cho,

Byoung-Soo Park and Myung-Wook Lee [24] proposed a personal
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identificationmethodusingteethimages.Themethodiscomposedofteeth

imageacquisitionandteethrecognitioninwhichthereareteethregion

extractionandpatternrecognitionprocedureinasequentialstep.Inthe

teethrecognition,aninputpatterniscomparedwitheachpatternofthe

teethdatabaseinwhicheachclasshasfeaturevectorsforteethsetofa

person.Themethodusesteethimagesforanteriorandposteriorocclusion

state.Forpatternrecognition,theyusedLDA methodwhichispopularin

appearance-basedfacerecognitionandanearestneighbor(NN)algorithm.

However,itisnotacomparisonofalgorithmsforhumanteeth.

Inthisthesis,comparisonofPCA andLDA techniquesbasedonhuman

teethrecognition.Experimentsshow thatPCA performancehas better

thanLDA techniques.Theseexperimentsassurethatteethbiometricswill

playvitalroleinmultimodalbiometrics.Thisresearch willbeableto

draw theattentionwhoareinvolvinginbiometricsfields.

A.A GeneralAlgorithm

Animagemaybeviewedasavectorofpixelswherethevalueofeach

entryinthevectoristhegray-scalevalueofthecorrespondingpixel.For

example,an8x8imagemaybeunwrappedandtreatedasavectorof

length64.Theimageissaidtositindimensionalspace,whereN isthe

numberofpixels(andthelengthofthevector).Thisvectorrepresentation

oftheimageisconsideredtobetheoriginalspaceoftheimage.The

originalspaceofanimageisjustoneofinfinitelymanyspacesinwhich

theimagecan beexamined.Twospecificsubspacesarethesubspace

createdbytheeigenvectorsofthecovariancematrixofthetrainingdata

andthebasisvectorscalculatedbyFisherdiscriminants.Themajorityof

subspaces, including eigenspace, do not optimize discrimination

characteristics.Eigenspace optimizes variance among the images.The

exceptionstothisstatementisFisherdiscriminants,whichdoesoptimize

discrimination characteristics.Although some ofthe details may vary,
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thereisabasicalgorithm foridentifyingimagesbyprojectingthem intoa

subspace.Firstoneselectsasubspaceonwhichtoprojecttheimages.

Oncethissubspaceisselected,alltrainingimagesareprojectedintothis

subspace.Nexteachtestimageisprojectedintothissubspace.Eachtest

imageiscomparedtoallthetrainingimagesbyasimilarityordistance

measure,thetrainingimagefoundtobemostsimilarorclosesttothe

testimageisusedtoidentifythetestimage.

Fig.1.2Blockdiagram ofthesystem
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B.WhyStudyTheseSubspaces?

Projectingimagesintosubspaceshasbeenstudiedformanyyearsas

discussedinthepreviousworksection.Theresearchintothesesubspaces

hashelpedtorevolutionizeimagerecognitionalgorithms,teethrecognition.

Whenstudyingthesesubspacesaninterestingquestionarises:underwhat

conditionsdoesprojectinganimageintoasubspaceimproveperformance.

Theanswertothisquestionisnotaneasyone.Whatspecificsubspace

(ifany atall)improvesperformancedependson thespecificproblem?

Furthermore,variationswithinthesubspacealsoaffectperformance.For

example,theselectionofvectorstocreatethesubspaceandmeasuresto

decidewhichimagesareaclosestmatch,botheffectperformances.
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III.IndependentFeatureExtraction

A.LinearFeatureExtractionFormulation

Linearfeatureextractionmethodisthemostbasiswayofextraction

featurevectors.Itprojectsparametervectorsform parametricspaceonto

featurespacethroughalineartransformationmatrixT.Supposetheinput

observation vector x be a p-dimensional vector and T be a

)( mpmp ³´ matrix.Theextractedfeaturevectoryis:

xTy T= (3.1)

Thedifferencebetweenlinearfeatureextractionalgorithmsisthatthey

optimize T by differentcriteria.A numberofalgorithms have been

proposedtoseektheoptimizedT.PCA andLDA arethemostpopular

onesamongthem.Brieflyspeaking,PCA obtainsT bysearchingforthe

directions that have the largest variations; LDA optimizes T by

maximizingtheratioofbetween-classvariationandwithin-classvariation.

Inthefollowingsubsections,adetaileddiscussionofeachofthem willbe

given.

B.PrincipalComponentAnalysis

1.A BriefHistoryofPCA

TheearliestdescriptionsofPCA appeartobeproposedbyPearsonin

1901[25]andHotellingin1933[26].InPearson’spaper,themainconcern

was to find lines and planes which bestfita setofpoints in a

p-dimensionalspaceandthegeometricoptimizationproblemsconsidered

leadtoprincipalcomponents(PCs).Itseemsthatlittlerelevantworkhas

beenpublishedinthe32yearsbetweenPearson’sandHotelling’spapers.
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Hotellingsmotivationisthataremaybeasmaller‘fundamentalsetof

independentvariables’which determines the values ofthe originalp

variables.Theterm componentswasintroducedandtheywerechosento

maximizetheirsuccessivecontributionstothetotalofthevariancesof

theoriginalvariables.Hotellingcalledthecomponentsderivedinthiswas

the‘principalcomponents’andtheanalysistofindthesecomponentswas

thenchristenedthe‘methodofprincipalcomponents’.Hotellingderivedthe

PCsbythepowermethod.

In1939,Girshick[27]investigatedtheasymptoticsamplingdistributions

ofthecoefficientsandvariancesofPCs.Butapartfrom Girshick’swork

thereappearstobelittleworkonthedevelopmentofdifferentapplications

of PCA during nearly three decades following the publication of

Hotelling’spaper.Notuntil1963,basedontheearlierworkbyGirshick

(1939),Anderson(1963)discussedtheasymptoticsamplingdistributionsof

thecoefficientsandvariancesofthesamplesPCswhichhasbuiltupthe

fundamentalframeworkofPCA [28].Rao(1964)providedalargenumber

ofnew ideasconcerninguses,interpretationsandextensionsofPCA [29].

Gower(1966)discussed some links between PCA and various other

statisticaltechniquesandprovidedanumberofgeometricinsights[30].

Despitethesimplicity ofthetechnique,much research isstillbeing

carriedoutinthegeneralareofPCA.Apartfrom beingusedbasicallyas

a dimensionality reduction tool,PCA is also widely used forfeature

extraction,datacompressionandpreprocessingforpatternrecognitionetc.

2.DefinitionandDerivationofPCA 

ThecentralideaofPCA istoreducethedimensionalityofadataset

whichconsistsofalargenumberofinterrelatedvariables,whileretaining

asmuchaspossiblethevariationpresentinthe dataset.

Supposexisap-dimensionalrandom vector.PCA firstlooksforalinear

function xofxa T
1 which has maximum variance, where

{ }paaaa 1,.......,12,111 = isap-dimensionalvector
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and
å
=

=+++=
p

i
iipp

T
xaxaxaxaxa

1
112121111 .......

(3.2)

Then, it looks for a second linear function xa T
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un-correlated with xa T
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þ
ý
ü

î
í
ì

£

=
=

jiif

jiif
aa j

T
i

,0

,1

. (3.3)

Consider the first PC, .1 xa T
1a maximizes

å= 111 ][var aaxa TT

subjectto .111 =aa T
Uselagrange

multiplier,wehave:

)1( 1111 --S aalaa TT
, (3.4)

where 1l isalagrangemultiplier.Differentiation(3.4)withrespectto

1a gives:

0)( 11 =-S aI pl , (3.5)

where pI is the pp ´ identity matrix. Thus, 1l is the

eigenvalueof å and 1a isthecorrespondingeigenvector.Note

thequantitytobemaximizedis:

111111111 lll ===å aaaaaa TTT

(3.6)

Thus, 1l mustbethelargesteigenvalueand 1a iscorresponding

eigenvectors.
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Considerthesecond PC, xa T
2 maximizes 22 xaa T

subjectto

beingun-correlatedwiththefirstPC, xa T
1 thatis:

0],cov[ 21 =xaxa TT
(3.7)

Ifchoosing 02 =aa T
tospecifytherelationshipin(3.5),thequantity

tomaximizeis:

1222222 )1( aaaaaa TTT fl --=å (3.8)

where 2l and f arelagrangemultiplier.Differentiationof(3.8)

withrespectto 2a gives:

12222 aaaa Tflå -- (3.9)

Eq.(3.9)canbereducedto:

å =- 022 alphaa l (3.10)

0=f

Again ,222 aa T å=l therefore, 2l is the second largest

eigenvalueand 2a isthecorrespondingeigenvector.

Byusingthesamestrategy,itcanbeshownthatthecoefficientvector

kthofa k PC(k=1,2,…….,p)istheeigenvectorcorresponding to

thekth largesteigenvalueof å .
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3. PCA for Feature dimensionality Reduction in

Classification

Given p-dimensional data set X, the m principal axes

,,....., 21 mTTT where ,1 pm ££ are orthogonal axes

ontowhich theretained varianceismaximum in theprojected space.

Generally ,,....., 21 mTTT can be given by the m leading

eigenvectors of the sample covariance matrix

),()(
2

1

1

mm --= å
=

i

N

i

T
i xxS

Where m,Xx i Î

thesampleismeanandNisnumberofsamples,sothat:

miTST iii ,........,1Î= l (3.11)

where il istheithlargesteigenvalueofS.Thenprincipalcomponents

ofagivenobservationvector ,Xx Î aregivenby:

xTxTxTyyy TT
m

T
m === ],.....[],......[ 11 (3.12)

Them principalcomponentsofxarethenon-correlated intheprojected

space.Inmulti-classproblems,thevariationsofdataaredeterminedon

aglobalbasis[35],theprincipalaxesarederivedfrom aglobalcovariance

matrix:

åå
= =

--=
K

j

N

i

T
jiji

j

xx
N

S
1 1

)ˆ)(ˆ(
1ˆ mm

, (3.13)

where m̂ istheglobalmeanofallthesample,K isthenumberof

classes,Nj is the numberofsamples in class j,N=
å
=

K

j
jN

1 and

jix representstheithobservationfrom classj.Theprincipalaxes

,,....., 21 mTTT arethereforethem leadingeigenvectorsof Ŝ :
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miTTS iii ,........1ˆˆ Î= l . (3.14)

Where, il̂ istheithlargesteigenvalueof Ŝ .

AnassumptionmadefordimensionalityreductionbyPCA isthatmost

information ofthe observation vectors is contained in the subspace

spanned by the firstm principalaxes,where m<p.Therefore,each

originaldatavectorcanberepresentedbyitsprincipalcomponentvector:

xTy T= (3.15)

whereT=[T1,……Tm]isa mp ´ matrix.

ThemeritofPCA isthattheextractedfeatureshavetheminimum

correlationalongtheprincipalaxes.Ontheotherhandtherearesome

defects thatreside in PCA.First,as mentioned in [33],PCA is a

scale-sensitivemethod,i.e,theprincipalcomponentmaybedominatedby

theelementswithlargevariance.Anotherproblem withPCA isthatthe

direction of maximum variance is not necessarily the directions of

maximum discrimination since there is no attemptto use the class

information,suchthebetween-classscatterandwithin-classscatter.

4.EigenvectorSelection

Untilthispoint,whencreatingasubspaceusingeigenspaceprojection

we use alleigenvectors associated with non-zero eigenvalues.The

computationtimeofeigenspaceprojectionisdirectlyproportionaltothe

numberofeigenvectors used to create the eigenspace.Therefore,by

removingsomeportionoftheeigenvectorscomputationtimeisdecrease.

Furthermore,byremovingadditionaleigenvectorsthatdonotcontributeto

theclassificationoftheimage,performancecanbeimproved.
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5.Similarity& DistanceMeasures

Once images are projected into a subspace,there is the task of

determiningwhichimagesaremostlikeoneanother.Therearetwoways

in generaltodeterminehow alikeimagesare.Oneistomeasurethe

distancebetweentheimagesinN-dimensionalspace.Thesecondwayis

tomeasurehow similarthetwoimagesare.Whenmeasuringdistance,

onehastominimizedistance,sothetwoimagesthatarealikeproducea

smalldistance.When measuring similarity,one wishes to maximize

similarity,sothattwolikeimagesproduceahighsimilarityvalue.

C.LinearDiscriminantAnalysis

1.Fisher’sLinearDiscriminant

  ThegoalofFisher’slineardiscriminantiswellseparatetheclassby

projection classes, samples from p-dimension space onto a finely

orientatedline.ForaK-classproblem c=min(K-1,p)differentlineswillbe

involved.Thus,the projection is from a p-dimensionalspace to a

c-dimensionalspace[35].SupposewehaveK classes,X1,X2,……XK.Let

theithobservationvectorfrom theXjbeXjwherej=1,……K,i=1……Nj

isthenumberofobservationsfrom classj.Thesamplemean vector

jm and the covariance matrix jS of class jare given by:

å
=

=
jN

i
ji

j

j x
N 1

1
m

(3.16)

and

å
=

--=
jN

i

T
jjijji

j

j xx
N

S
1

))((
1

mm
(3.17)
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Thewithin-classcovariancematrix wS isgivenby:

å
=

=
K

j
jW SS

1 (3.18)

Definetheoverallmean m andthetotalcovariancematrix TS as:

å åå
= ==

==
K

j

K

j
jj

N

i
ji N

N
x

N

u

1 11

11
mm

(3.19)

and

å å
= =

--=
K

j

T
ji

N

i
jiT xxS

u

1 1

))(( mm
(3.20)

whereN=
å
=

K

j
jN

1 .Thenitfollowsthat:

    

T
jjji

N

i
K
jT xS j )(11 mmm -+-=å å ==

    

T
jj

N

i
K
j

T
jjijji

N

i
K
j

jj xx ))(())(( 1111 mmmmmm --+--= å åå å ====

            ))((1 mmmm --+= å = jjj
K
jW NS               (3.21)

Itisnaturaltodefinethesecondterm in Eq.(3.20)thebetween-class

covariancematrix,sothatwehave:

T
jjj

K
jB NS ))((1 mmmm --=å = (3.22)

and

ST=SW+SB (3.23)
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Theprojectionfrom ap-dimensionalspacetoanm-dimensionalspaceis

accomplishedbym-discriminantfunction:

..,,.........2,1 mixwy t
Ii == (3.24)

Eq.(3.24)canbere-writteninmatrixform:

xWy t= (3.25)

Then,correspondingmeanandcovariancematrixofyaredefinedas:

å
=

=
jN

i
ji

j

j y
N 1

1~m
(3.26)

å
=

=
K

j
jjN

N 1

~1~ mm
(3.27)

å å
= =

--=
K

j

N

i

T
jjijjiW

j

yyS
1 1

)~)(~(
~

mm

(3.28)

and

T
jjj

K
jB NS )~~)(~~(

~
1 mmmm --=å =

(3.29)

Itisstraightforwardtoshow that:

WSWS W
T

W =
~

(3.30)

and

 
 (3.31)
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Fisher’slineardiscriminantisthendefinedasthelinearfunctionW
T
x

forwhichthecriterionfunction

WSW

WSW

S

S
WJ

W
T

B
T

W

B ==
|

~
|

|
~

|
)(

(3.32)

ismaximum.

Itcan beshown thatthesolution ofEq.(3.32)isthattheith

columnofanoptimalW isthegeneralizedeigenvectorcorrespondingto

theithlargesteigenvalueofmatrix BW SS 1-
.
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IV.ExperimentsusingTeethImages

A.UtilizedTeethDatabase

Inthisthesis,experimentshavedoneforpatternrecognitionbasedon

threemethodologiesforutilizing humanteethimages. 

1.Database

The newly constructed teeth images database was used for the

experiments.Itwascreatedbymembersofhumancomputerinteraction

laboratoryatChosununiversity. Teethdatasetwerecollectedduringthis

thesisstudy,in ordertotestthesystemsperformancesin areal-life

application.Images were firsttaken from university students.Finally,

theseimagesweremanuallycroppedinordertheimagetocontainthe

teethregion.

Fig.4.1Originalpictureofteethimages

Thereare75individualsin thisdatabaseeach having 6frontalteeth

images,itcanbesuggestedtousethefirstthreeimagesasthetraining

setandtheotherimagestakenafterthefourweeksasatestsets.All

theseimagesaretakenfrom normaldigitalcamera.
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2.PreprocessingTechniques

Themainpurposeofthepreprocessingistoformattheimagesinthe

testimagesettobesuitableforthealgorithm touse.Therearemany

kindsofpreprocessing techniquessuch asResizing,rotation correction,

cropping,histogram equalization,andmasking.

In this thesis,mainly the effect of utilize cropping preprocessing

techniquesbycroppedteethimagemanually.Whentheareaofanimage

ismuchlargercomparedtothatofateeth,theregionoftheimagewhere

theteethislocatediscutoutfrom theimageandonlythisareaisused

in the process ofteeth recognition.In this study,the teeth area is

determined.

Preprocessingisdoneinthefollowingsteps:

a. Imagesarecroppedtocontainonlythesubject’steethasshownin

the Fig.4.2.

Fig.4.2Croppingregionareafrom originalteethimage

- Leftandrightbordersaredeterminedbyusingtopfrontalsixteeth

-Topandbottom bordersaredeterminedusingthehalfofthedistance

betweenthetopteethanddownteethverticalposition.

 

 Fig.4.3Croppedregionareaofteethimage
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b.Imageswereconvertedinto8-bitgrayscaleintensityimage

c.Imageswereresizedinto15x30pixels.

Fig.4.4Grayscaletrainingimages

 

Fig.4.5Grayscaletestingimages
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 Fig.4.6Normalizationoftrainingteethimages

   

Thedatabaseconsistsof120images(6imagesforeachof20subjects)

in jpg format.Theteethimageshavebeen cropped,butthey arenot

rotatedandbrightened.ExampleimagesareshowninFig4.7and4.8. 

i.Trainingset

ii.Testingset.

  (a)    (b)     (c)  

Fig.4.7 Sampletrainingteethimagemodalities(a)Low lightimage

(b) Lightreflected image(c)Darkimage

(a)             (b)  (c)

Fig.4.8Sampletestingteeth imagemodalities(a)low lightimage

(b)Lightreflected image(c)Darkimage
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B.EigenspaceProjection

Eigenspace is calculated by identifying the eigenvectors of the

covariancematrixderivedfrom asetoftrainingimages.Theeigenvectors

correspondingtonon-zeroeigenvaluesofthecovariancematrixform an

orthonormal basis that rotates and/or reflects the images in the

N-dimensionalspace.Specifically,eachimageisstoredinavectorofsize

N.

Ti
N

ii xxx ].........[ 1=        (4.1)     

Theimagesaremeancenteredbysubtractingthemeanimagefrom each

imagevector.

å
=

- =-=
P

i

ii x
p

mwheremxx
1

1 1
,

(4.2)

Thesevectorsarecombined,side-by-side,tocreateadatamatrix of

sizeNxP(wherePisthenumberofimages).

]|..........||[ 21 PxxxX =              (4.3)

The data matrix X is multiplied by its transpose to calculate the

covariancematrix.

TXX=W (4.4)

Thiscovariancematrix hasuptoP eigenvectorsassociatedwith

non-zeroeigenvalues,assumingP<N.Theeigenvectorsaresorted,highto

low,accordingtotheirassociatedeigenvalues.Theeigenvectorassociated

with thelargesteigenvalueistheeigenvectorthatfindsthegreatest

variance in the images.The eigenvector associated with the second

largesteigenvalueistheeigenvectorthatfindsthesecondmostvariance

in the images.This trend continues untilthe smallesteigenvalue is

associated with the eigenvector thatfinds the leastvariance in the

images.
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1.RecognizingImagesUsingEigenspace

VV L=W (4.5)

Here,Visthesetofeigenvectorsassociatedwiththeeigenvalues L .

Ordereigenvectors:Ordertheeigenvectors Vvi e accordingtotheir

corresponding eigenvalues Leli from high tolow.Keeponly the

eigenvectors associated with non-zero eigen values.This matrix of

eigenvectors is the eigenspace V ,where each column ofV is an

eigenvector.

]|..........||[ 21 PvvvV = (4.6)

Projecttraining images:Theseareprojectedintotheeigenspace.To

projectan imageintotheeigenspace,calculatethedotproductofthe

imagewitheachoftheorderedeigenvectors.

tTt xVx =~
(4.7)

Therefore,thedotproductoftheimageandthefirsteigenvectorwillbe

thefirstvalueinthenew vector.Thenew vectoroftheprojectedimage

willcontainasmanyvaluesaseigenvectors.

Identify test images:Each test image is first mean centered by

subtracting the mean image,and is then projected into the same

eigenspacedefinedbyV.

      
å
=

=-=
P

i

ttt x
P

mwheremyy
1

1
,

           (4.8)

                          

                     
tTt yVy ~~ =         (4.9)

Theprojectedtestimageiscomparedtoeveryprojectedtrainingimage

andthetrainingimagethatisfoundtobeclosesttothetestimageis

usedtoidentifythetrainingimage.Theimagescanbecomparedusing

anynumberofsimilaritymeasures;themostcommonisthe2lnorm.
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Fig.4.9Illustrationofaverageteethimageandeigenteeth

Inthelanguageofinformationtheory,wewanttoextracttherelevant

informationinateethimage,encodingwithadatabaseofmodelencoded

similarly.A simpleapproachtoextractiontheinformationcontainedinan

imageoftheteetharetosomehow capturethevariationinacollectionof

teeth images,independentofany judgementoffeatures,and usethis

informationtoencodeandcompareindividualteethimages.

Eachteethimageinthetrainingsetcanrepresentedexactlyintermsof

alinearcombinationoftheeigenteeth.Thenumberofpossibleeigenteeth

areequaltothenumberofteethimagesinthetrainingset.Howeverthe

teethcanalsobeapproximatedusingonlythebesteigenteeththosethat

havethelargesteigenvaluses.andwhichthereforeaccountforthemost

variancewithinthesetofteethimages.

Average teeth 1st eigenteeth 2nd eigenteeth



- 27 -

2.PCA forfeatureextractionofteeth

Imagenormalizationreferstoeliminatingimagevariations(suchasnoise

orillumination).Imagenormalizationcanbeausefulpreprocessingstage

toimprovesignificantlytheaccuracyofrecognition.

  

(a)

(b)

 Fig.4.10Illustrationofsampleteethandnormalizingteethimages(a)

Trainingteethimage (b)Normalizationoftrainingteethimages
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Letthetraining setofteeth imagesbe Γ1,Γ2,……,ΓM,then the

averageofthesetisdefinedbyeq.(4.10).

                    
å
=

G=
M

n
n

M 1

1
y

                          (4.10)

 

Fig.4.11Averageteethimage

 

Eachteethdiffersfrom theaveragebythevector iG andtheaverage

y isdeterminedby.

Y-G=F ii . (4.11)

Thissetofvery largevectors issubjected to principle component

analysiswhichseeksasetofK orthonormalvectorsvk, k=1,……….,K

andtheirassociatedeigenvaluesλk whichbestdescribethedistribution

ofdata.The vectors vk and scalars λk are the eigenvectors and

eigenvaluesofthecovariancematrix.

å
=

=FF=
M

n

TT
nn AA

M
C

1

1

, (4.12)

whereis matrix ]........[ 321 MFFFF=A .Findingtheeigenvectorsof

matrixCiscomputationallyintensive.Theeigenvectorsofinoursystem

can be determined by principalcomponents forbestperformance and

takingalinearcombinationoftheresultingvectors.

               
å
=

=F=
M

k
klkl MlvU

1

.,.........1,
                   (4.13)
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Fig.4.12.Eigenspaceofteethimages

3.Classification

A new teethimage(Γ)istransformedintoitseigenteethcomponents

byasimpleoperation.

                       

)( Y-G= T
kk Uw

                     (4.14)  

           

picture

Reconstitution image(effect)

10 20 30

2

4

6

8

10

12

14

             (a)                 (b)   

Fig.4.13Exampleoftestandreconstructionteethimage

(a)Testteethimage (b)Reconstructionteethimage

Fork=1,….M.Theweightsform aprojectionvector,
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                 ]......[ ,21 M

T www=W                    (4.15)

Givenasetofteethclasses ke andcorrespondingfeaturevectors

kW ,thesimplestmethodfordeterminingwhichteethclassprovidesthe

bestdescription oftestteethimageΓ.Theprojectionvectoristhenused

in a pattern recognition algorithm to identify which ofa numberof

predefinedteethclasses.

ThiscomparisonisbasedonEuclideandistancebetweenthetraining

teethclassesandthetestteethimage.Thisisgiveninbelow eq.(4.16).

The idea is to find the teeth class k thatminimizes the Euclidean

distance.                             

kk W-W=e                          (4.16)

Fig.4.14 PCA approachforteethrecognition
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C.FisherDiscriminates

LinearDiscriminantAnalysishasbeenshowntobeapowerfultoolfor

patternrecognitioningeneralandforfacerecognitioninparticular.Inthe

previouschapterand[31]wehaveshownthatthenormalizedcorrelation

outperformsthesimpleEuclideanmetricscore.Inthischaptertheissueof

matching scorein theLDA spaceisrevisited.Thereason behindthe

success of the normalized correlation will be established. The

understandinggainedabouttheroleofmetricwillthennaturallyleadtoa

novelway ofmeasuring the distance between a probe image and a

representativeofthehypothesizedclass.

Fisherdiscriminatesgroupimagesofthesameclassandseparates

images ofdifferentclasses.Images are projected from N-dimensional

space(whereN isthenumberofpixelsintheimage)toC-1dimensional

space (where C is the numberofclasses ofimages).Forexample,

considertwosetsofpointsin2-dimensionalspacethatareprojectedonto

asinglelineFig.4.15(b).Depending onthedirectionoftheline,the

points can eitherbe mixed togetherorseparated Fig.4.15(c).Fisher

discriminatesfindthelinethatbestseparatesthepoints.Toidentifya

testimage,theprojectedtestimageiscomparedtoeachprojectedtraining

image,andthetestimageisidentifiedastheclosesttrainingimage.

Fig.4.15Exampleof2-dimensionalspaceforlinearprojection(a)Points

in2-dimensionalspace(b)Pointsmixedwhenprojectedontoaline(c)

Pointsseparatedwhenprojectedontoaline
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Fig.4.16 A comparison ofprincipalcomponentanalysis (PCA)and

Fisher’slineardiscriminant(FLD)foratwoclassproblem wheredatafor

eachclassliesnearalinearsubspace

1.FisherDiscriminantsTutorial(OriginalMethod)

As with eigenspace projection,training images are projected into a

subspace.Thetestimages areprojected into thesamesubspace and

identifiedusingasimilaritymeasure.Whatdiffersishow thesubspaceis

calculated. Following are the steps to follow to find the Fisher

discriminantsforasetofimages. 

Calculate thewithin classscattermatrix:Thewithin classscatter

matrixmeasurestheamountofscatterbetweenitemsinthesameclass.

Fortheithclass,ascattermatrix(Si)iscalculatedasthesum ofthe

covariancematricesofthecenteredimagesinthatclass. 



- 33 -

 
å
Î

--=
iXx

T
iii mxmxS ))((

          (4.17)     

where im isthemeanoftheimagesintheclass.Thewithinclass

scattermatrix wS isthesum ofallthescattermatrices.

 .             
å
=

=
C

t
tW SS

1                     (4.18)

 Calculatethebetweenclassscattermatrix:Thebetweenclassscatter

matrix BS measurestheamountofscatterbetween classes.Itis

calculatedasthesum ofthecovariancematricesofthedifferencebetween

thetotalmeanandthemeanofeachclass.

å
=

--=
C

t

T
tttB mmmmnS

1

))((
(4.19)

where tn isthenumberofimagesintheclass, im isthemean

oftheimagesintheclassandm isthemeanofalltheimages.

 Solvethegeneralizedeigenvalueproblem:Solveforthegeneralized

eigenvectors )(V and eigenvalues )(L of the within class and

betweenclassscattermatrices. 

                VSVS WB L=                 (4.20)

KeepfirstC-leigenvectors:Sorttheeigenvectorsbytheirassociated

eigenvaluesfrom hightolow andkeepthefirstC-1eigenvectors.These

eigenvectorsform theFisherbasisvectors.

ProjectimagesontoFisherbasisvectors: Projectalltheoriginal(i.e.

notcentered)imagesontotheFisherbasisvectorsbycalculatingthedot

productoftheimagewitheachoftheFisherbasisvectors.Theoriginal

imagesareprojectedontothislinebecausethesearethepointsthatthe

linehasbeencreatedtodiscriminate,notthecenteredimages.
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2.FisherDiscriminatesTutorial(OrthonormalBasis

Method):

  

TwoproblemsarisewhenusingFisherdiscriminant.Firstly,thematrices

neededforcomputationareverylarge,causingslow computationtimeand

possibleproblemswithnumericprecision.Second,sincetherearefewer

training images than pixels,the data matrix is rank deficient.Itis

possibletosolvetheeigenvectorsand eigenvaluesofarank deficient

matrix by using generalizesingularvaluedecomposition routine,buta

simplersolutionexists.A simplersolutionistoprojectthedatamatrixof

trainingimagesintoanorthonormalbasisofsizePxP (whereP isthe

numberoftrainingimages).Thisprojectionproducesadatamatrixoffull

rankthatismuchsmallerandthereforedecreasescomputationtime.The

projection also preserves information so the finaloutcome ofFisher

discriminantsisnotaffected.Followingarethestepstofollow tofindthe

Fisherdiscriminantsofasetofimagesbyfirstprojectingtheimagesinto

anyorthonormalbasis.

 

3.LDA-basedTeethClassifier

A two-dimensional teeth image is considered as a vector, by

concatenatingeachrow (orcolumn)oftheimage.LetX =(x1,x2,……xN)

denotethedatamatrix,whereN isthenumberofteethimagesinthe

trainingset.Eachxiisateethvectorofdimensionn,concatenatedfrom a

PP ´ teethimage,wherenrepresentsthetotalnumberofpixelsin

theteethimageand PPn ´= .TheLinearDiscriminantAnalysis

(LDA)[17,18]representationisalineartransformationfrom theoriginal

imagevectortoaprojectionfeaturevector,i.e.

Y=W
T
LDA

X ,
(4.21)
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whereYisthe Nd ´ featurevectormatrix,disthedimensionof

thefeaturevector,d<=nandWLDA isthetransformationmatrixderived

by

||

||

WSW

WSW
W

w
T

B
T

LDA =
, (4.22)

whereSB isthebetween-classscattermatrixandSW isthewithin-class

scattermatrixshownas:

å
=

--=
c

i

T
iiiB mxmxNS

1

,))((
(4.23)

and

T
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c

i Xx
kW xxS

ik

))((
1

mm --=å å
= Î . (4.24)

Intheaboveexpression, iN isthenumberoftrainingsamplesin

classesi;cisthenumberofdistinctclasses;m isthemeanvectorofall

the samples,i.e.,
å == i

N
xi mm
i
:1

is the mean vector of samples

belongingtoclassiandxirepresentsthesetofsamplesbelongingtoclass

i.Intheteethrecognitionproblem,ifthewithin-classscattermatrixSW is

singular,duetothefactsthattherankofSW isatmost(N-c)andthe

numberoftrainingsamplesisgenerallylessthanthedimensionalityofthe

teeth image(numberofpixels),[19]PCA can be used to reducethe

dimensionalityoftheoriginalteethimagespacepriortoapplyingLDA.LDA

derivesalow dimensionalrepresentationofahighdimensionalteethfeature

vectorspace.Theteethvectorisprojectedbythetransformationmatrix

WLDA.Theprojectioncoefficientsareusedasthefeaturerepresentationof

eachteethimage.Testingwascarriedoutbyusingthenearest–neighbor

algorithm usingthestandardL2-norm fortheeuclideandistance.
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Fig.4.17LDAapproachforteethrecognition

C.ExperimentalResults

Theresultstobepresentedinthissectionwereobtainedusingtheteeth

databasewhichwaspreparedintheHCIlaboratoryofChosunUniversity.

Thisdatabaseconsistsofover120imagesofthefrontalimagesofteeth

of20subjects.Thereare6differentimagesforeachsubject.Foreach

subject,theseimageswererecordedinonemonth,eachsessionconsisting

of3images.Forillustration,theseimagesforonesubjectareshownin

Fig.4.1.Allimages were taken by the same camera under tightly

controlled conditionsofillumination and viewpoint.Each imagein the

databaseconsistsofa15x30arrayofpixels.Fortheexperimentsreported

inthissectionwererandomlyselectedfrom thisdatabase. 
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1.ExperimentI

Smalltrainingdataset

Tosimulatetheeffectsofasmalltrainingdataset,ourresultshereuse

two teeth images per person for training and two for testing.For

example,subjectinFig.4.7andFig.4.8.Thereareonlyfourunconcluded

imagesforeachsubject,thereareobviouslymanydifferentwaysatotal

oftendifferentwaysofseparating thedataintothetraining andthe

testingpartsfortheresultsshow below.

Toeachofthe10differenttrainingandtestingdatasetcreatedinthe

mannerdescribed above,these method are applied i.PCA and LDA

algorithm usingthestandardL2–norm fortheeuclideandistance.The

datasetwereindexed1,2,…10,andthetestresultsforthei
th
datasetwere

representedbytest#i.InFig.4.18,wehaveshowntheresultsfortest#3,

test#5,andtest#8.

Wechoosetest#4 andtest#9fordisplaying Fig.4.19becauseeach

represents a differenttypeofcomparativeperformance from the two

algorithmstested.Theperformancecurvesfortest#4aretypicalofthe

datasetsforwhichPCA outperformedLDA.Theperformancecurvesfor

test#9 aretypicalforthosedata sets forwhich PCA proved to be

superiortoLDA forsomevaluesofthedimensionalityandinferiorfor

PCA.

InFig.4.18experimentshavefocusedononlylow-dimensionalspaces

becauseit hastomakeacomparisonofthemostdiscriminantfeatures

fortheLDA casewiththemostdescriptive(inthesenseofpacingthe

most'energy’)featuresforthePCA case.

ThedimensionalityofLDA isupper-boundedbyc-1,wherecisthe

numberofclasses,sincethatistheranktheSw
-1Sb matrix.Sincewe

used20classes,thisgivesusanupperboundof19forthedimensionality

oftheLDA space.

ThedimensionalityoftheunderlyingPCA spacecannotbeallowedto

exceedN-cwhereN isthetotalnumberofsamplesavailable.Thisisto

preventSw from becomingsingular.Sinceweused40samplesandsince
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Method f=2 f=3 f=5 f=6 f=7
PCA 

LDA

3

7

4

6

5

5

7

3

6

4

Method f=12 f=13 f=14

PCA

LDA

3

7

3

7

2

8

wehave 20 classes,the dimensionality ofthe underlying PCA space

cannotbeallowedtoexceed20.

Sinceitmakesnosensetoextracta19dimensionalLDA subspaceout

of a 20 dimensional PCA space, we arbitrarily hard limited the

dimensionalityoftheLDA spaceto14.

Table4.1summarizestheresultforall10casesoftrainingandtesting

datasetsforthecaseoflow dimensionality.Andtable2doesthesame

forthecaseofhigh-dimensionality.

Table4.1ExperimentIresults:differenttrainingandtestingsubsetsfor

thevalueofthedimensionalityparameters

Table4.2High-dimensionalspaces

ThesmalltrainingdatasethastodowiththerelativebehaviorofPCA

andLDA asthedimensionalityparameterbecomeslarger.
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(a)

(b)
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(c)

Fig.4.18 Summaryoftheexperimentalresultsinlow dimensionalspace.

(a)PerformancecurvesforPCA andLDA

(b)ComparisonPCA andLDAcurve.

(c)RecognitionrateofPCA andLDA

(a)
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(b)

Fig.4.19Therecognitionrateondatasetofhighdimensionalcase

(a)RecognitionrateofPCA andLDA (b)PerformancecurvesofPCA

andLDA

Forhigh-dimensionalspace,wecandraw comparableconclusions,except,

thatLDA hasa greaterchanceofoutperformingPCA forourdataset.

Butnotethatthisconclusionappliedonlytothespecificdatasetusedby

usfortheexperimentsreportedhere.Onemayendupwithanentirely

differentconclusionforadifferentdataset.

SmalltrainingdatasetshastodowiththerelativebehaviourofPCAand

LDA asdimensionalityparameterfbecomeslarger.Theperformanceof

bothtransformsgetsbetterasthevalueoffincreases.
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Method

 

No.ofTraining

teethimages

CaseA

(Classification

Accuracy)

CaseB

(Classification

Accuracy)

Case C

(Classification

Accuracy)

PCA
60 79 86 93

120 83 85 91

LDA
60 75 82 85

120 80 82 88

2.ExperimentII

Illuminationvariationtestmethodology

Insecondcategoryofexperiments,differentilluminationvariationofthe

teeth images,PCA and LDA algorithm wereused in thevariation in

illumination of teeth images.Teeth images were obtained for three

differentcases.Thetrainingteethimageswerevariationinillumination.

Threedifferentdatabaseswereformedwiththesetrainingimages.Three

differentilluminationappliedareshowninFig.4.20.   

(A) (B) (C)

Fig.4.20Teethimageinilluminationvariation

CaseA:Darkteethimage

CaseB:Normalteethimage

CaseC:Brightteethimage

Table4.3ExperimentIIresults:estimationwithilluminationvariation

teethimages 
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  Theexperimentsweredonewith 60and120imagesforeach case

usingPCA andLDA.Therecognitionresults,usingtheclosestdistance

imagemeasurearegiven in Table4.3.In mostofthecases,PCA

estimatednearthecorrectteethimage,butLDA ismoresensitiveandit

maynotevenestimatethecorrectteethimages.Wheneverthenumber

oftrainingimagesinincreasedto120,PCA successratesaredecreased

butaccordingtoLDA,PCA isstillgoodresultthanLDA.PCA’ssuccess

ratesarebetterthanthatofLDAonilluminationvarying teethimages.
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3.ExperimentIII

PosteriorandAnteriorbasedtestmethodology

Inthethirdcategoryofexperiments,differentteethimagesatanterior

andposteriorocclusionexpression.Twodifferentdatabaseswereformed

with these training imagesTeeth imageswereobtained forthe two

differentcases.

i.Anterior:Anteriorteetharethoselocatedinthefrontofthemouth,the

incisors,andthecupids.Normally,thesearetheteeththatarevisible

whenapersonsmiles.

ii.Posterior:Theposteriorteetharethoselocatedinthebackofthe

mouth-thebicuspidsandmolars

           

     

             

       Normalimage

(a) Anteriorimage (b)Posteriorimage

Fig.4.21Exampleofocclusionimages(a)Posteriorteethimage

(b)Anteriorteethimage
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Method No.oftraining

Teethimages

CaseA

(Classification

Accuracy)

CaseB

(Classification

Accuracy)

20 79 91

PCA 40 83 89

20 75 82

LDA 40 78 80

Table4.4ExperimentIIIresults:estimation withposteriorandanterior

teeth

   Experimentsweredonewith20and40training imagesforeach

caseusing PCA andLDA.Therecognition results,using theclosest

distanceimagemeasurearegiveninTable4.4.Using20trainingimage

withPosteriorteethshow thatPCA isnotverysensitivethanLDA.In

mostofthecasesPCA estimatesthecorrectteethimage,butLDA is

more sensitive to Posterior teeth images.However the anterior of

trainingimageshavelesssensitive.PCA isstilllesssensitivetoanterior

images.Ingeneral,thesensitivityofthetwoalgorithmsonposteriorand

anteriorwhenevernumberoftrainingimagesisincreased.PCA’ssuccess

ratesarebetterthanLDA.PCA isslightlybetterthanLDA onposterior

teethimagesandanteriorteethimages.
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V.Conclusion

 This thesis evaluated the performance ofappearance-based statistical

methodswhicharePCA andLDA.Bothmethodsaretestedandcompared

fortherecognitionofhumanteethimages.PCA andLDA extractfeatures

byprojectingtheparametervectorsintoanew featurespacethrougha

lineartransformationmatrix.Butbothmethodsoptimizethetransformation

matrixwithdifferentintentions.PCA optimizesthetransformationmatrix

byfindingthelargestvariationintheoriginalfeaturespace.LDA pursues

the largestratio ofbetween-class variation and within-class variation

whenprojectingtheoriginalfeaturespacetoasubspace.PCA andLDA

arewellestablishedtechniquesespeciallyforfacerecognitionbutinthis

study,thesealgorithmsarefirsttimeeverusedforperformanceevaluation

using human teeth.Thesemethodswereapplied on newly constructed

teethdatabasethroughoutthisstudy.Euclideandistancewasemployedto

classifytheteethimagesusingthesefeatures.

Thisexperimentalsetupyieldedthreedifferentmethodologieswhichwere

conducted for relative performance evaluations. In the first set of

experiments, the recognition performances of PCA and LDA are

demonstrated.Tosimulatetheeffectsofasmalltrainingdataset,two

teethimagesperpersonfortrainingandtwofortestingareused.LDA

resultshowslessaccuracyespeciallywhennumberoftrainingimagesper

personisnotadequate.Inthesecondsetofexperiments,threeillumination

variationsteethimageswereutilized.Experimentalresultsshow thatthe

PCA algorithm isbetterthanLDA algorithm underdifferentillumination

variations.Inthethirdsetofexperiments, teethimagesareanteriorand

posteriorocclusion.LDA is more sensitive than PCA on anteriorand

posteriorocclusionsbasedtestmethodology.PCA performanceisbetterthan

LDAwhileperformanceonanteriorandposteriorocclusions.

The experimentalresults prove that PCA shows more than 90%

accuracy result,whereasLDA showsonly83% underthesametesting

condition.
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