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Abstract — Thispaperpresentsanovel Gabor-basedkernelPrincipalComponentAnalysis(PCA)

methodby integratingtheGaborwaveletrepresentationof faceimagesandthekernelPCAmethod

for facerecognition.Gaborwaveletsfirst derive desirablefacial featurescharacterizedby spatial

frequency, spatiallocality, andorientationselectivity to copewith thevariationsdueto illumina-

tion andfacialexpressionchanges.ThekernelPCA methodis thenextendedto includefractional

power polynomialmodelsfor enhancedfacerecognitionperformance.A fractionalpower poly-

nomial, however, doesnot necessarilydefinea kernel function, asit might not definea positive

semi-definiteGrammatrix. Notethatthesigmoidkernels,oneof thethreeclassesof widely used

kernelfunctions(polynomialkernels,Gaussiankernels,andsigmoidkernels),do not actuallyde-

fine a positive semi-definiteGram matrix, either. Nevertheless,the sigmoid kernelshave been

successfullyusedin practice,suchasin building supportvectormachines.In orderto derive real

kernelPCAfeatures,weapplyonly thosekernelPCAeigenvectorsthatareassociatedwith positive

eigenvalues.Thefeasibilityof theGabor-basedkernelPCAmethodwith fractionalpowerpolyno-

mial modelshasbeensuccessfullytestedon both frontal andpose-angledfacerecognition,using

two datasetsfrom the FERETdatabaseandthe CMU PIE database,respectively. The FERET

datasetcontains600 frontal faceimagesof 200 subjects,while the PIE datasetconsistsof 680

imagesacross5 poses(left andright profiles,left andright half profiles,andfrontal view) with 2

differentfacialexpressions(neutralandsmiling) of 68 subjects.Theeffectivenessof theGabor-

basedkernelPCA methodwith fractionalpower polynomialmodelsis shown in termsof both�
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absoluteperformanceindicesandcomparative performanceagainstthe PCA method,the kernel

PCA methodwith polynomialkernels,thekernelPCA methodwith fractionalpower polynomial

models,theGaborwaveletbasedPCA method,andtheGaborwaveletbasedkernelPCA method

with polynomialkernels.

Index Terms— Facerecognition,fractionalpower polynomialmodels,Gaborwaveletrepresen-

tation,Gabor-basedkernelPCAmethod,kernelPrincipalComponentAnalysis(PCA)
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1 Intr oduction

Facerecognitioninvolvescomputerrecognitionof personalidentity basedon geometricor sta-

tistical featuresderivedfrom faceimages[11], [8], [48], [6], [40]. Eventhoughhumanscandetect

and identify facesin a scenewith little or no effort, building an automatedsystemthat accom-

plishessuchobjectives is very challenging. The challengesare even more profoundwhenone

considersthelargevariationsin thevisualstimulusdueto illumination conditions,viewing direc-

tionsor poses,facialexpression,aging,anddisguisessuchasfacialhair, glassesor cosmetics.Face

recognitionresearchprovidesthecuttingedgetechnologiesin commercial,law enforcement,and

military applications.An automatedvision systemthatperformsthe functionsof facedetection,

verificationandrecognitionwill find countlessunobtrusive applications,suchasairport security

andaccesscontrol,building (embassy)surveillanceandmonitoring,human-computerintelligent

interactionandperceptualinterfaces,smartenvironmentsathome,office,andcars[35], [36], [11],

[8], [40].

This paperpresentsa novel Gabor-basedkernelPrincipalComponentAnalysis(PCA) method

by integratingtheGaborwaveletrepresentationof faceimagesandthekernelPCAmethodfor face

recognition.Gaborwavelets[31], [13] first derivedesirablefacialfeaturescharacterizedby spatial

frequency, spatiallocality, andorientationselectivity to copewith thevariationsdueto illumination

andfacialexpressionchanges.ThekernelPCA method[42] is thenextendedto includefractional

power polynomialmodelsfor enhancedfacerecognitionperformance.A fractionalpower poly-

nomial, however, doesnot necessarilydefinea kernel function, asit might not definea positive

semi-definiteGrammatrix (seeSect.3.4). Note that thesigmoidkernels(seeEq. 12), oneof the

threeclassesof widely usedkernelfunctions(polynomialkernels,Gaussiankernels,andsigmoid

kernels),donotactuallydefineapositivesemi-definiteGrammatrix,either[42]. Nevertheless,the

sigmoidkernelshave beensuccessfullyusedin practice,suchasin building supportvectorma-

chines.In orderto derive realkernelPCA features,we applyonly thosekernelPCA eigenvectors

thatareassociatedwith positiveeigenvalues.

Thefeasibilityof theGabor-basedkernelPCAmethodwith fractionalpowerpolynomialmodels

hasbeensuccessfullytestedon both frontal and pose-angledfacerecognition,using two data
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setsfrom the FERETdatabase[38] andthe CMU PIE database[44], respectively. The FERET

datasetcontains600 frontal faceimagesof 200 subjects,while the PIE datasetconsistsof 680

imagesacross5 poses(left andright profiles,left andright half profiles,andfrontal view) with 2

differentfacialexpressions(neutralandsmiling) of 68 subjects.Theeffectivenessof theGabor-

basedkernelPCA methodwith fractionalpower polynomialmodelsis shown in termsof both

absoluteperformanceindicesandcomparative performanceagainstthe PCA method,the kernel

PCA methodwith polynomialkernels,thekernelPCA methodwith fractionalpower polynomial

models,theGaborwaveletbasedPCA method,andtheGaborwaveletbasedkernelPCA method

with polynomialkernels.

2 Background

Robust facerecognitionschemesrequireboth low dimensionalfeaturerepresentationfor data

compressionpurposesandenhanceddiscriminationabilities for subsequentimageretrieval. The

representationmethodsusuallystartwith a dimensionalityreductionprocedure,sincethe high-

dimensionalityof the original visual spacemakes the statisticalestimationvery difficult, if not

impossible,dueto the fact that thehigh-dimensionalspaceis mostlyempty. Popularrepresenta-

tion methodsfor facerecognitionincludePrincipalComponentAnalysis(PCA) [22], [47], [26],

shapeandtexture(‘shape-free’image)of faces[9], [4], [49], [24], [27], andGaborwaveletrepre-

sentation[12], [31], [23], [50], [28]. Thediscriminationmethodsoftentry to achieve thepurpose

of high separabilitybetweenthe differentpatternsin whoseclassificationoneis interested[26],

[25]. CommonlyuseddiscriminationmethodsincludeBayesclassifierandthe MAP rule [33],

[28], FisherLinearDiscriminant(FLD) [46], [3], [17], [27], andmorerecentlykernelPCAmethod

[43], [42], [51], [32].

Gaborwaveletsmodelquitewell the receptive field profilesof cortical simplecells [12], [13].

TheGaborwavelet representation,therefore,capturessalientvisualpropertiessuchasspatiallo-

calization,orientationselectivity, spatialfrequency characteristic.Ladeset al. [23] appliedGabor

waveletsfor facerecognitionusingtheDynamicLink Architecture(DLA) framework. TheDLA

startsby computingtheGaborjets,andthenit performsa flexible templatecomparisonbetween
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the resultingimagedecompositionsusinggraph-matching.Wiskott et al. [50] have expandedon

DLA whenthey developeda Gaborwaveletbasedelasticbunchgraphmatchingmethodto label

andrecognizehumanfaces.Basedon the2D Gaborwaveletrepresentationandthelabeledelastic

graphmatching,Lyonsetal. [30], [29] proposedanalgorithmfor two-classcategorizationof gen-

der, race,andfacial expression.Recently, Donatoet al. [16] have compareda methodbasedon

Gaborrepresentationwith othertechniquesandfoundthattheformergavebetterperformance.

KernelPCA overcomesmany limitations of its linear counterpartby nonlinearlymappingthe

inputspaceto ahigh-dimensionalfeaturespace.Beinglinearin thefeaturespace,but nonlinearin

theinput space,kernelPCA thusis capableof deriving low-dimensionalfeaturesthat incorporate

higherorderstatistics.The underlyingjustificationof kernelPCA comesfrom Cover’s theorem

on the separabilityof patterns,which statesthatnonlinearlyseparablepatternsin an input space

arelinearly separablewith high probability if theinput spaceis transformednonlinearlyto a high

dimensionalfeaturespace[20]. Computationally, kernelPCAtakesadvantageof theMercerequiv-

alenceconditionandis feasiblebecausethedotproductsin thehighdimensionalfeaturespaceare

replacedby thosein the input spacewhile computationcomplexity is relatedto the numberof

trainingexamplesratherthanthedimensionof thefeaturespace.Scholkopf etal. [43] showedthat

kernelPCA outperformsPCA usinganadequatenon-linearrepresentationof input data.Yanget

al. [51] comparedfacerecognitionperformanceusingkernelPCAandtheEigenfacesmethod,and

their resultsshowedthatthekernelPCAmethodwith acubicpolynomialkernelachievedthelow-

esterror rate. Moghaddam[32] demonstratedthat kernelPCA with Gaussiankernelsperformed

betterthanPCA for facerecognition.

3 Gabor-basedKernel PCA with Fractional Power Polynomial Models for

FaceRecognition

ThissectiondetailsthenovelGabor-basedkernelPCAmethodwith fractionalpowerpolynomial

modelsfor facerecognition.First, Gaborwavelet representationof faceimagesderivesdesirable

featurescharacterizedby spatialfrequency, spatiallocality, andorientationselectivity. Thusthese

featuresshouldberobustto variationsdueto illuminationandfacialexpressionchanges[39], [34],
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[41]. Second,kernelPCAworksontheGaborwaveletrepresentationandnonlinearlyderiveslow-

dimensionalfeaturesthatincorporatehigherorderstatistics.Thecomputationallycostlynonlinear

mappingis never implementedexplicitly by kernelPCA, which insteadappliesthe kernel trick

to achieve the samegoal [42], [10]. Finally, the novel Gabor-basedkernelPCA methodapplies

fractionalpowerpolynomialmodelsfor facerecognition.����� �	��

�������������������
Gaborwaveletswereintroducedto imageanalysisdueto theirbiologicalrelevanceandcompu-

tationalproperties[31], [13], [21], [14]. TheGaborwavelets,whosekernelsaresimilar to the2D

receptive field profilesof themammaliancorticalsimplecells,exhibit desirablecharacteristicsof

spatiallocality andorientationselectivity, andareoptimally localizedin thespaceandfrequency

domains.

TheGaborwavelets(kernels,filters) canbedefinedasfollows [12], [31], [23]:��� � !#"%$'&)(+*-, �.� ! *0/1 / 2 3)465%708 9�4�:;4�<=46::�> : ? 2A@CB 7D8 9;EGF 2 3 > ::IH (1)

where J and K definetheorientationandscaleof theGaborkernels,
$L(M"ON
PRQS&

, *UT�* denotesthe

normoperator, andthewavevector , �.� ! is definedasfollows:, �.� !V( , ! 2 @CW 7 (2)

where, !V( ,�X�Y=Z�[�\ ! and ] �^(�_ J [a` . ,aXbY=Z is themaximumfrequency, and \ is thespacingfactor

betweenkernelsin thefrequency domain[23].

TheGaborkernelsin Eq. 1 areall self-similarsincethey canbegeneratedfrom onefilter, the

motherwavelet, by scalingandrotationvia the wave vector , � � ! . Eachkernel is a productof a

Gaussianenvelopeanda complex planewave, while thefirst termin thesquarebracketsin Eq.1

determinesthe oscillatorypart of the kernelandthesecondterm compensatesfor theDC value.

Theeffectof theDC termbecomesnegligible whentheparameter1 , whichdeterminestheratioof

theGaussianwindow width to wavelength,hassufficiently largevalues.In mostcasesonewould

useGaborwaveletsof five differentscales,Kdcfe.g Pihjhjh�PRk�l , andeight orientations,Jmcfe.g PAh�hjh�PDn�l
[18], [21], [7].

6



���po �	��

���rq��a�'�-st�A�Lur�avt�A�a�0�awS�-�'�-x��Sw
The Gaborwavelet representationof an imageis the convolution of the imagewith a family

of Gaborkernelsasdefinedby Eq. 1. Let y "ON
PRQS& be the gray level distribution of an image,the

convolutionof imagey andaGaborkernel
��� � !

is definedasfollows:z � � !'"%$'&)( y "{$'&�|}��� � !#"{$�& (3)

where
$~(�"�N
PRQ�&

,
|

denotestheconvolution operator, and
z �.� !�"{$'&

is theconvolution resultcorre-

spondingto theGaborkernelat orientationJ andscaleK . Therefore,theset � ( e z �.� !a"{$'&�� J�ce.g Pihjhjh�P0n#l#P KLc�e.g Pihjh�hjPRkSl'l formstheGaborwaveletrepresentationof theimagey "%$'&
To encompassdifferentspatialfrequencies(scales),spatiallocalities,andorientationselectiv-

ities, we concatenateall theserepresentationresultsandderive an augmentedfeaturevector � .

Before the concatenation,we first downsampleeach
z �.� !�"{$'&

by a factor � to reducethe space

dimension,andnormalizeit to zeromeanandunit variance. We thenconstructa vectorout of

the
z � � !a"{$'&

by concatenatingits rows (or columns).Now, let
z������� � !

denotethe normalizedvector

constructedfrom
z �.� !�"{$'&

(downsampledby � andnormalizedto zeromeanandunit variance),the

augmentedGaborfeaturevector � ����� is thendefinedasfollows:

� ����� (�� z ������ � ��� z ������ ��� � T�T�T z ���;�� � � �%� � (4)

where � is the transposeoperator. TheaugmentedGaborfeaturevectorthusencompassesall the

elements(downsampledandnormalized)of theGaborwaveletrepresentationset, � ( e z � � !a"{$'&V�J�c�e.g Pihjhjh�P0n#l#P KLc�e.g Pihjh�hjPRkSl'l , asimportantdiscriminatinginformation.���C� ���a�Awt���)���¡ 
PrincipalComponentAnalysis(PCA), a powerful techniquefor reducinga large setof corre-

latedvariablesto a smallernumberof uncorrelatedcomponents,hasbeenappliedextensively for

bothfacerepresentationandrecognition.Kirby andSirovich [22] showedthatany particularface

canbeeconomicallyrepresentedalongtheeigenpicturescoordinatespace,andthatany facecanbe
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approximatelyreconstructedby usingjust a smallcollectionof eigenpicturesandthecorrespond-

ing projections.Applying PCA techniqueto facerecognition,Turk andPentland[47] developed

a well-known Eigenfacesmethod,wheretheeigenfacescorrespondto theeigenvectorsassociated

with the largesteigenvaluesof the facecovariancematrix. The eigenfacesthusdefinea feature

space,or “f acespace”,whichdrasticallyreducesthedimensionalityof theoriginalspace,andface

detectionandrecognitionarethencarriedout in thereducedspace.Basedon PCA,a hostof face

recognitionmethodshave beendevelopedto improve classificationaccuracy andgeneralization

performance[23], [46], [3], [17], [50], [26], [28].

ThePCA technique,however, encodesonly for 2ndorderstatistics,namely, thevariancesand

thecovariances.As these2ndorderstatisticsprovide only partial informationon thestatisticsof

bothnaturalimagesandhumanfaces,it mightbecomenecessaryto incorporatehigherorderstatis-

ticsaswell. Towardsthatend,PCAis extendedto anonlinearform by mappingnonlinearlythein-

putspaceto a featurespace,wherePCAis ultimatelyimplemented.Dueto thenonlinearmapping

betweentheinput spaceandthefeaturespace,this form of PCA is nonlinear, andnaturallycalled

nonlinearPCA [20]. Applying differentmappings,nonlinearPCA canencodearbitraryhigher-

ordercorrelationsamongtheinputvariables.Theunderlyingjustificationof nonlinearPCAcomes

from Cover’s theoremon theseparabilityof patterns,which statesthatnonlinearlyseparablepat-

ternsin aninputspacearelinearlyseparablewith highprobabilityif theinputspaceis transformed

nonlinearlyto a high dimensionalfeaturespace[20]. While theHebbiannetworks,thereplicator

networks, andthe principal curvesareall capableof implementingnonlinearPCA, kernelPCA

enjoys simple implementationby meansof kernel functions[15], [43]. The nonlinearmapping

betweenthe input spaceandthe featurespace,with a possiblyprohibitive computationalcost,is

never implementedexplicitly by kernelPCA [43]. Rather, kernelPCA applieskernelfunctionsin

theinputspaceto achievethesameeffectof theexpensivenonlinearmapping.Specifically, kernel

PCAtakesadvantageof theMercerequivalenceconditionandis feasiblebecausethedotproducts

in thehigh dimensionalfeaturespacearereplacedby thosein the input spacewhile computation

is relatedto thenumberof trainingexemplarsratherthanthedimensionof thefeaturespace.

Let � ��P � / Pihihih-P �U¢ c¤£}¥ be the datain the input space,and let ¦ be a nonlinearmapping
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betweenthe input spaceand the featurespace: ¦ � £ ¥¨§ © . Note that for kernelPCA, the

nonlinearmapping,¦ , usuallydefinesakernelfunction[42]. Assumethemappeddatais centered

(see[43] for centeringdatain thefeaturespace),andlet ª representthedatamatrix in thefeature

space:ª (¬« ¦ " � �;& ¦ " � / & T�T�T ¦ " �U¢ &®­
. Let ¯ c°£ ¢²±�¢ definea kernelmatrix by meansof dot

productin thefeaturespace: ¯ @´³ (µ" ¦ " � @ & T ¦ " � ³ &;& (5)

Scholkopf [43] shows that theeigenvalues,¶ ��P ¶ / PihAhih-P ¶�¢ , andtheeigenvectors,· �DP · / Pihihih�P ·¸¢ ,

of kernelPCAcanbederivedby solvingthefollowing eigenvalueequation:

¯º¹ (f» ¹�¼ ½¡¾%��¿À¹ (µ«ÂÁÃ�ÄÁ / hihihRÁ ¢ ­'P ¼ (mÅ ¾ÇÆ�ÈVe�¶ �0P ¶ / PihAhihAP ¶É¢ l
(6)

where ¹ÊcË£ ¢²±�¢ is anorthogonaleigenvectormatrix, ¼ÀcÌ£ ¢²±�¢ a diagonaleigenvaluematrix

with diagonalelementsin decreasingorder( ¶ �0Í ¶ / Í T�T�T Í ¶É¢ ), and
»

a constant— thenumber

of trainingsamples.In orderto derive theeigenvectormatrix, · (Î« · � · / hihih ·¸¢ ­
, of kernelPCA,

first, ¹ shouldbenormalizedsuchthat ¶ @ * Á @ * / (ÎÏaP ¾ (ÐÏ�P0Ñ�PAhihih�P0»
. Theeigenvectormatrix, · ,

is thenderivedasfollows: · ( ª²¹ (7)

Let � bea testsamplewhoseimagein thefeaturespaceis ¦ " � &
. ThekernelPCA featuresof� arederivedasfollows: Ò ( · � ¦ " � &)( ¹ ��Ó (8)

whereÓ (µ« ¦ " � �;& T ¦ " � & ¦ " � / & T ¦ " � & T�T�T ¦ " �Ô¢ & T ¦ " � &=­ � .���ÖÕ ���a�Awt���)���¡ �×�x��-ØÙq��A�#Ú.�-x��Swt���Ã�Û��×¡�a�r�Û����Ü�w���ÝÞx����Ãß°�Éàá�����
The kernel matrix (seeEq. 5) and the kernel PCA features(seeEq. 8) are both definedon

dot productsin the high dimensionalfeaturespace,whosecomputationmight be prohibitively

expensive. KernelPCA, however, managesto computethe dot productsby meansof a kernel

function[43], [42]: , "Oâ)P;ãb&I(¤" ¦ "Oâ
& T ¦ "�ãb&;&
(9)
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Thissectionfirst reviewstheconceptof Grammatrixandasufficientandnecessaryconditionfor a

symmetricfunctionto beakernelfunction[42], [10], andthenpresentskernelPCAwith fractional

powerpolynomialmodels.

Definition 1 GramMatrix: Givena finite dataset � ( e�� �0P � / PihAhih-P �Ô¢ l
in theinput spaceand

a function , : �åäÌ� § £ (or æ ), the
» ä »

matrix K with elements̄ @´³ ( , " � @ P � ³ & is called

Grammatrixof , with respectto � ��P � / PihihAhAP �U¢ .

Definition 2 KernelFunction:A sufficientandnecessaryconditionfor a symmetricfunctionto be

a kernelfunctionis that its Grammatrix is positivesemi-definite.

Threeclassesof kernelfunctionswidely usedin kernelclassifiers,neuralnetworks,andsupport

vectormachinesarepolynomialkernels,Gaussiankernels,andsigmoidkernels[42]:, "�âIP;ãb&I(ç"�â T ãÃ&=è (10), "�âIP;ãb&)( 2 N'é¡ê F * â F ã * /Ñ 1 / ë (11), "�âIP;ãb&I( �ÄÆ'ìí¿ "{î
"Oâ T ãÃ&ðï�ñí&
(12)

where
Å cºò , 1�ó g , î ó g , and

ñËô g .
Notethatthesigmoidkernels(seeEq.12) do not actuallydefinea positivesemi-definiteGram

matrix, hencearenot kernelfunctionsby definition(seeDefinition 2). Nevertheless,thesigmoid

kernelshave beensuccessfullyusedin practice,suchasin building supportvectormachines[42].

In this paper, we extend the polynomial kernelsdefinedby Eq. 10 to include fractional power

polynomialmodels,namely, g ôµÅ�ôMÏ
. In orderto derive realkernelPCA features(Eq. 8), we

applyonly thosekernelPCA eigenvectorsthatareassociatedwith positiveeigenvalues.���põ ö÷x6Ýøx6�����Ax��;ÜÙß°������s��A�a����wtàd�¡���#�0��x�ùíÚ.�'�Ax���wúu	st���
TheGabor-basedkernelPCAmethodintegratestheGaborwaveletrepresentationof faceimages

andkernelPCAwith fractionalpowerpolynomialmodelsfor facerecognition.Whenafaceimage

is presentedto theGabor-basedkernelPCA classifier, theaugmentedGaborfeaturevectorof the
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imageis first calculatedasdetailedin Sect.3.2,andthelow-dimensionalGabor-basedkernelPCA

features,

Ò
, arederivedusingEq.8.

Let û �B P , (¤Ï�P0Ñ�Pihihih�PDü
, bethemeanof thetrainingsamplesfor classý B . Theclassifierapplies,

then, the nearestneighbor(to the mean)rule for classificationusingsomesimilarity (distance)

measureþ : þ " Ò P û �B &)(Àÿ����³ þ " Ò P û �³ & F § Ò cÞý B (13)

TheGabor-basedkernelPCAfeaturevector,

Ò
, is classifiedasbelongingto theclassof theclosest

mean,û �B , usingthesimilarity measureþ .
Popularsimilarity measuresinclude

üÛ�
distancemeasure,þ���� , ü / distancemeasure,þ�� : , Maha-

lanobisdistancemeasure,þ-¢ è , andcosinesimilarity measure,þ�	�

� , which aredefinedasfollows,

respectively: þ���� " � P��^&Ã(��
@
� � @ F � @ � (14)þ�� : " � P��^&I(µ" � F �^& � " � F �^&

(15)þA¢ è " � P��^&I(µ" � F �^& ��� 3 � " � F �^&
(16)þ�	�

� " � P��^&Ã( F � � �* � *)* � * (17)

where� is thecovariancematrix,and *�TÇ* denotesthenormoperator. Notethatthecosinesimilarity

measureincludesaminussignin Eq.17,becausethenearestneighbor(to themean)ruleof Eq.13

appliesminimum(distance)measureratherthanmaximumsimilarity measure.

4 Experimentsof Frontal and Pose-angledFaceRecognition

This sectionassessesthe performanceof the Gabor-basedkernelPCA methodwith fractional

powerpolynomialmodelsfor bothfrontalandpose-angledfacerecognition.For frontalfacerecog-

nition, the dataset is from the FERET database[38], and it contains600 frontal face images

correspondingto 200 subjects. The imagesare acquiredundervariableillumination and facial

expression.For pose-angledfacerecognition,the dataset is from the PIE database[44], and it

contains680imagesacross5 poseswith 2 differentfacialexpressions(neutralandsmiling) of 68
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subjects.Theeffectivenessof theGabor-basedkernelPCA methodwith fractionalpowerpolyno-

mial modelsis shown in termsof bothabsoluteperformanceindicesandcomparativeperformance

againstthePCAmethod,thekernelPCAmethodwith polynomialkernels,thekernelPCAmethod

with fractionalpower polynomialmodels,theGaborwaveletbasedPCA method,andtheGabor

waveletbasedkernelPCA methodwith polynomialkernels.Õt��� q��A�SwS�-���
qt�#Ú.�²ur�aÚ.���Swáx��-x��Swº�Û�����%�S�iÝ ��wtÚ.�����b�-Øt� �	�#
¸�����Ä
t���0��àÙ���a�Awt���¸���� Îß°�.�AØ��Éà×�x��-ØÙq��A�#Ú �-x���w����I�}��×��a�r�Û���jÜ�wt��ÝÞx����bß°�Éàá�a���
TheFacEREcognitionTechnology(FERET)facialdatabase[38] displaysdiversityacrossgen-

der, ethnicity, andage.Sinceimagesareacquiredduringdifferentphotosessions,theillumination

condition,facialexpression,andthesizeof thefacemayvary. TheFERETdatabasehasbecome

thedefactostandardfor evaluatingfacerecognitiontechnologies.Thedatasetusedin our exper-

imentsconsistsof 600FERETfrontal faceimagescorrespondingto 200subjects,suchthateach

subjecthas3 imagesof size256 ä 384with 256grayscalelevels. Datapreparationthennormal-

izesthe faceimagesandextractsfacial regionsthatcontainonly face,so that theperformanceof

facerecognitionis not affectedby thefactorsnot relatedto face,suchashair styles.Specifically,

thenormalizationconsistsof thefollowing procedures:first, manualannotationdetectsthecenters

of theeyes;second,rotationandscalingtransformationsalign thecentersof theeyesto predefined

locationsandfixedinteroculardistance;finally, a subimageprocedurecropsthefaceimageto the

sizeof 128 ä 128to extractthefacialregion.

Fig. 1 showssomeexampleFERETimagesusedin our experimentsthatarealreadycroppedto

thesizeof 128 ä 128to extractthefacialregion. Notethateachsubjecthasthreeimages,whichare

acquiredduringdifferentphotosessionsundervariableilluminationandfacialexpression.As two

imagesfor eachsubjectarerandomlychosenfor trainingandtheremainingimage(unseenduring

training) is usedfor testing(seeFig. 1), thetrainingsetincludes400imageswhile thetestingset

has200images.TheGabor-basedkernelPCAmethodthushasto copewith bothilluminationand

facialexpressionvariability.

For comparisonpurpose,thefirst setof experimentsimplementsthekernelPCA methodusing
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a polynomialkernelwith degreeone,i.e. , "�âIP;ãb& ( "�â T ãb& . This specialcaseof kernelPCA is

equivalentto PCA [42]. Fig. 2 shows facerecognitionperformanceof the kernelPCA method

usingthefour differentsimilarity measures:the
üÛ�

distancemeasure,the
ü / distancemeasure,the

Mahalanobisdistancemeasure,andthe cosinesimilarity measure.The horizontalaxis indicates

thenumberof featuresused,andtheverticalaxisrepresentsthecorrectfacerecognitionrate,which

is theratethatthetopresponseis correct(in thecorrectclass).TheMahalanobisdistancemeasure

performsthebest,followedin orderby the
üÛ�

distancemeasure,the
ü / distancemeasure,andthe

cosinesimilarity measure.Thereasonfor suchanorderingis thattheMahalanobisdistancemea-

surecounteractsthefactthat
üÛ�

and
ü / distancemeasuresin thePCA spaceweightpreferentially

for low frequencies.Theseresultsareconsistentwith thosereportedby MoghaddamandPentland

[33] andSungandPoggio[45]. As the
ü / distancemeasureweightsmore the low frequencies

than
ü �

does,the
üÛ�

distancemeasureshouldperformbetterthanthe
ü / distancemeasure,a con-

jecturevalidatedby our experiments.Thecosinesimilarity measuredoesnot compensatethelow

frequency preference,andit performstheworstamongall themeasures.Theexperimentalresults

provide a baselinefacerecognitionperformancebasedon the intensity images,andsuggestthat

oneshouldusethe Mahalanobisdistancemeasurefor the following comparative assessmentof

differentfacerecognitionmethods.

Thesecondsetof experimentsassessesfacerecognitionperformanceof thekernelPCAmethod

with polynomialkernels,, "OâIP�ãÃ&I(ç"Oâ T ãb& è PRÅ cºò . Fig. 3 shows facerecognitionperformanceof

thekernelPCA methodwith four differentdegreesof polynomialkernelsusingtheMahalanobis

distancemeasure:
Å	(¤Ï

,
Å�(mÑ

,
År(��

, and
Å	( k

. Thefirst orderpolynomial(
Å	( Ï

) kernelPCA

methodperformsthebest,followedin orderby thesecondorderpolynomial(
ÅL(¤Ñ

) kernelPCA

method,the third orderpolynomial(
Åø(��

) kernelPCA method,andthe forth orderpolynomial

(
Å	(Àk

) kernelPCAmethod.Notethatthefirst orderpolynomialkernelPCAmethodis equivalent

to the PCA method[42], hencethe resultsshow that the PCA methodperformsbetterthan the

kernel PCA methodwith the second,the third, or the fourth order polynomial kernel. Fig. 3

alsoshows that amongthe four differentdegreesof polynomialkernels,the lower the degreeis

the betterthe kernelPCA methodperforms. It thusseemsnaturalthat the kernelPCA method

13



shouldbeextendedto includesomefractionalpower polynomials,whosedegreesareevenlower

thanone,i.e. g ô Å ô�Ï
, in orderto achieve betterfacerecognitionperformance.A fractional

power polynomial, however, is not necessarilya kernel, as it might not definea positive semi-

definiteGrammatrix asdetailedin Sect.3.4. Thusthe fractionalpower polynomialsarecalled

modelsratherthankernelsin this paper. Note that the sigmoidkernels(seeEq. 12), oneof the

threeclassesof widely usedkernelfunctions,do notactuallydefinea positivesemi-definiteGram

matrix,either[42]. Nevertheless,thesigmoidkernelshavebeensuccessfullyusedin practice,such

asin building supportvectormachines.In this paper, we extendthe polynomialkernelsdefined

by Eq. 10 to includefractionalpower polynomialmodels,namely, g ô ÅºôµÏ
. In orderto derive

real kernelPCA features,we apply only thosekernelPCA eigenvectorsthat areassociatedwith

positiveeigenvalues.

Thethird setof experimentsevaluatesthekernelPCAmethodwith fractionalpowerpolynomial

models, , "OâIP�ãÃ&r(¨"�â T ãb& è P g ôMÅ�ôåÏ
. Fig. 4 shows facerecognitionperformanceof the ker-

nel PCA methodwith threefractionalpower polynomialmodelsusingtheMahalanobisdistance

measure:Md 0.6 (
Å ( g h�� ), Md 0.7 (

Å ( g hÖn ), andMd 0.8 (
Å ( g h ` ). The top threecurvescor-

respondto thefacerecognitionperformanceof thekernelPCA methodwith thesethreedifferent

fractionalpowerpolynomialmodels.Thebottomcurve is thefacerecognitionperformanceof the

kernelPCA methodwith the kernelfunction , "�âIP;ãb&�( "�â T ãb& . Fig. 4 andFig. 3 show that the

kernelPCAmethodwith fractionalpowerpolynomialmodelsperformsbetterthanthekernelPCA

methodwith polynomialkernels.

To furtherimprovefacerecognitionperformance,wecombinetheGaborwaveletrepresentation

andthe kernelPCA method. In particular, the fourth setof experimentsimplementsthe Gabor

wavelet basedkernelPCA methodwith polynomialkernels, , "OâIP;ãb&²( "�â T ãb& è PDÅ cfò . Fig. 5

shows facerecognitionperformanceof the Gaborwavelet basedkernelPCA methodwith four

differentdegreesof polynomialkernelsusingtheMahalanobisdistancemeasure:
Åø(�Ï

,
Åº(�Ñ

,Åú( �
, and

Åú( k
. In comparison,Fig. 5 andFig. 3 show that the Gaborwavelet basedkernel

PCAmethodperformsbetterthanthekernelPCAmethodby largemargins.Fig. 5 alsoshowsthat

thefacerecognitionperformanceof theGaborwaveletbasedkernelPCAmethoddecreasesasthe
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degreeof the polynomialkernelincreases,a resultconsistentwith the onederivedby the kernel

PCA methodwith polynomialkernels(seeFig. 3).

The next setof experimentsassessesfacerecognitionperformanceof the Gabor-basedkernel

PCAmethodwith fractionalpowerpolynomialmodels,, "�âIP;ãb&I(ç"�â T ãb& è P g ô°Å~ôfÏ
. Fig.6shows

facerecognitionperformanceof the Gaborwavelet basedkernelPCA methodwith a fractional

power polynomial model using the Mahalanobisdistancemeasure:Md Gabor0.6 (
Å ( g h!� ).

Notethattheperformancecurvesof thekernelPCA method(Md 1) andtheGaborwaveletbased

kernelPCA method(Md Gabor1), with thekernelfunction , "�âIP;ãb&¡(Ê"�â T ãb& , arealsoincluded

for comparison.The experimentalresultsshow that the Gabor-basedkernelPCA methodwith

fractionalpower polynomialmodelsperformsbetterthan the Gaborwavelet basedkernelPCA

methodwith polynomialkernels,followedby thekernelPCAmethodwith polynomialkernels.In

particular, the Gabor-basedkernelPCA methodwith a fractionalpower polynomialmodel(
Å�(g h�� ) achieves99.5%correctfacerecognitionaccuracy using246features.Õt�po �Û���0�"�Ä��w#�S���aà�qt�#Ú.�fur��Ú��$��wáxj�Ax���wÎ�Û�a���{���iÝ ��w�Ú�� ��� �-Øt� ���#

�S���Ä
t�#����àM���a�Awt��� ���¡ ß°�.�AØ��ÉàÙ×�x��-ØÙq��A�#Ú �Ax���wt���I�Û��×¡�a���Û���jÜ�wt��ÝÞx����Ãß°�Éàá�a���

The CMU Pose,Illumination, andExpression(PIE) database[44] containsover 40,000facial

imagesof 68 people.Theimagesareacquiredacrossdifferentposes,undervariableillumination

conditions,andwith differentfacialexpressions[44]. Thedatasetusedin ourexperimentsconsists

of 680imagesacross5 poseclasses(left andright profiles,left andright half profiles,andfrontal

view) with 2 differentfacial expressions(neutralandsmiling) of the 68 subjects,suchthateach

subjecthas10imagesof size640 ä 486with 256grayscalelevels.For eachsubject,oneof thetwo

facialexpressionsis randomlychosenfor training,with theremainingonefor testing.Thetraining

set thuscontains340 imagesacross5 differentposes,suchthat eachposeclasshas68 images

correspondingto the68differentsubjects.Thetestingsetcontainstheremaining340imageswith

eachposehaving 68 imagesof the68 subjects,respectively. Datapreparationthennormalizesthe

faceimagesandextractsfacialregionsthatcontainonly face.Fig. 7 showssomeexamplePIEface

imagesusedin our experimentsthat arealreadycroppedto the sizeof 128 ä 128 to extract the
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facial region. In particular, thetop row shows imagesusedin trainingandthebottomrow shows

imagesfor testing.In eachrow, thereare5 imagescorrespondingto the5 differentposes:theright

profile, theright half profile, thefrontal view, theleft half profile,andtheleft profile.

Therearetwomajorapproachesto addresspose-angledfacerecognition:3D model-basedmeth-

odsand2D view-basedmethods.3D model-basedfacerecognitionmethodsaccountfor variations

in poseby applying3D modelseitherderivedfrom laser-scanned3D heads(rangedata)or recon-

structedfrom 2D images[1], [19], [5]. 2D view-basedfacerecognitionmethodsidentify thepose

parameterby classifyingfaceimagesinto differentposeclasses,suchastheparametricmanifold

formedby differentviews[2] andthemultipleview-basedandmodulareigenspaces[37].

Our 2D view-basedpose-angledfacerecognitionmethodconsistsof two major procedures,

namelytheposeclassificationprocedureandthefacerecognitionprocedure,whicharecarriedout

sequentially. The poseclassificationprocedure,which appliesa nearestneighbor(to the mean)

classifierusingthe cosinesimilarity measure,works in a low-dimensionalPCA space.The face

recognitionprocedure,which appliestheGabor-basedkernelPCA methodwith fractionalpower

polynomialmodels,operatesin eachindividual poseclass.Fig. 8 shows thesystemarchitecture

of our pose-angledfacerecognitionmethod.Thetop faceimageis a testimageandNNC denotes

a nearestneighborto the meanclassifier. The five imagesin the middle are the meanfacesof

the five poseclassesderived from the training data,while the Gabor-basedkernelPCA method

with fractionalpower polynomial(FPP)modelsis the classifierfor facerecognitionwithin each

individual faceclass. The bottomfaceimagesarethe training imagesin the poseclass(the left

half profile poseclass).Notethatthebold linesindicatethefacerecognitionprocessacrosspose:

whena testfaceimageis presentedto theclassifier, theposeclassificationprocedurefirst assigns

it to theleft half profile poseclassusinga nearestneighborto themeanclassifier(NNC), theface

recognitionprocedurethenmatchesthis unknown test imageto a training facewithin the pose

classusingtheGabor-basedkernelPCAmethodwith fractionalpowerpolynomialmodels.

Poseclassification,which appliesa nearestneighbor(to themean)classifier, is assessedusing

3 differentsimilarity measures:the
üÛ�

distancemeasure,the
ü / distancemeasure,andthecosine

similarity measure,asdefinedin Sect.3.5.Fig.9 showsposeclassificationresultsusingthecosine,
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the
üÛ�

, andthe
ü / similarity measure,wherethemeansof thefive poseclassesarederivedfrom

the trainingdata. Thehorizontalaxis indicatesthenumberof featuresusedby theclassifier, and

the verticalaxis thecorrectposeclassificationrate,which is the ratethat the top responseis the

correctpose.Thetopcurveshowsfaceposeclassificationperformanceusingthecosinesimilarity

measure,followedby thetwo curvescorrespondingto the
üÛ�

andthe
ü / distancemeasure,respec-

tively. In particular, faceposeclassificationreaches99.7%accuracy usingonly 23 featuresfor the

cosinesimilarity measure(thecurvesaredrawn usingan incrementalstepof 2, which show that

the99.7%accuracy occursat 24 features).Theseexperimentalresultsshow that thecosinesimi-

larity measureis mosteffective for poseclassification.The reasonfor this finding is largely due

to thedifferentscalesin thefive poseclasses.The
üÛ�

andthe
ü / distancemeasuresareaffected

considerablyby thesedifferentscales,asthey involve themagnitudeof two vectors(seeEqs.14

and15). Thecosinesimilarity measure,however, calculatestheanglebetweentwo vectors,andis

notaffectedby theirmagnitudes(seeEq.17),henceit performsbetterthaneither
üÛ�

or
ü / distance

measurefor faceposeclassification.

Fig. 10 shows the pose-angledfacerecognitionperformanceof the Gabor-basedkernelPCA

methodwith four polynomial kernelsof degree1 (Md Gabor1), degree2 (Md Gabor2), de-

gree3 (Md Gabor3), anddegree4 (Md Gabor4), respectively, andtheGabor-basedkernelPCA

methodwith two fractionalpower polynomialmodelsof degree0.6 (Md Gabor0.6) anddegree

0.7 (Md Gabor0.7), respectively, usingtheMahalanobisdistancemeasure.Theexperimentalre-

sultsevaluateandvalidatethe feasibility of the Gabor-basedkernelPCA methodwith fractional

power polynomialmodelsfor pose-angledfacerecognition.Specifically, theGabor-basedkernel

PCA methodwith fractional power polynomial modelsachieves the best facerecognitionper-

formanceacrosspose,followed in orderby the kernelPCA methodwith polynomialkernelsof

degree1, degree2, degree3, anddegree4, respectively. In particular, theGabor-basedkernelPCA

methodwith a fractionalpowerpolynomialmodelof degree0.7achieves95.3%pose-angledface

recognitionaccuracy using64 features.
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5 Conclusions

This paperintroducesa novel Gabor-basedkernelPCA methodwith fractionalpower polyno-

mial modelsfor frontalandpose-angledfacerecognition.Gaborwaveletsfirst derivedesirablefa-

cial featurescharacterizedby spatialfrequency, spatiallocality, andorientationselectivity to cope

with thevariationsdueto illumination andfacialexpressionchanges.ThekernelPCA methodis

thenextendedto includefractionalpowerpolynomialmodelsfor enhancedfacerecognitionperfor-

mance.The feasibility of theGabor-basedkernelPCA methodwith fractionalpower polynomial

modelshasbeensuccessfullytestedon both frontal andpose-angledfacerecognition,usingtwo

datasetsfrom theFERETdatabaseandtheCMU PIE database,respectively. TheFERETdataset

contains600 frontal faceimagesof 200 subjects,while the PIE datasetconsistsof 680 images

across5 poses(left andright profiles,left andright half profiles,andfrontal view) with 2 different

facialexpressions(neutralandsmiling)of 68subjects.Experimentalresultsshow theeffectiveness

of theGabor-basedkernelPCA methodwith fractionalpowerpolynomialmodelsfor bothfrontal

andpose-angledfacerecognition.
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