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Abstract— This papermpresentanovel GaborbasedkernelPrincipal ComponenAnalysis(PCA)
methodby integratingthe Gaborwaveletrepresentationf faceimagesandthekernelPCAmethod
for facerecognition. Gaborwaveletsfirst derive desirablefacial featurescharacterizedby spatial
frequengy, spatiallocality, andorientationselectvity to copewith the variationsdueto illumina-
tion andfacialexpressiorchangesThekernelPCA methodis thenextendedo includefractional
power polynomialmodelsfor enhancedacerecognitionperformance.A fractionalpower poly-
nomial, however, doesnot necessarilydefinea kernelfunction, asit might not definea positive
semi-definitecGrammatrix. Note thatthe sigmoidkernels,oneof thethreeclasseof widely used
kernelfunctions(polynomialkernels,Gaussiarkernels,andsigmoidkernels),do not actuallyde-
fine a positve semi-definiteGram matrix, either Neverthelessthe sigmoid kernelshave been
successfullyusedin practice,suchasin building supportvectormachines.n orderto derive real
kernelPCAfeatureswe applyonly thosekernelPCA eigervectorshatareassociatedvith positive
eigervalues.Thefeasibility of the GaborbasedkernelPCA methodwith fractionalpower polyno-
mial modelshasbeensuccessfullytestedon both frontal and pose-anglediacerecognition,using
two datasetsfrom the FERET databasendthe CMU PIE databaserespectiely. The FERET
datasetcontains600 frontal faceimagesof 200 subjectswhile the PIE datasetconsistsof 680
imagesacrossb poseqleft andright profiles,left andright half profiles,andfrontal view) with 2
differentfacial expressiongneutralandsmiling) of 68 subjects.The effectivenessf the Gabor

basedkernel PCA methodwith fractional power polynomialmodelsis shavn in termsof both

*ChengjunLiu is with the Departmentof ComputerScience New Jersg Institute of Technology Newark, NJ

07102.E-mail: liu@cs.njit.edu



absoluteperformancandicesand comparatre performanceagainstthe PCA method,the kernel
PCA methodwith polynomialkernels,the kernelPCA methodwith fractionalpower polynomial
models the Gaborwaveletbased®CA method,andthe GaborwaveletbasedkernelPCA method

with polynomialkernels.

Index Terms— Facerecognition,fractionalpower polynomialmodels,Gaborwaveletrepresen-

tation, GaborbasedkernelPCA method kernelPrincipal Componeninalysis(PCA)



1 Intr oduction

Facerecognitioninvolvescomputerrecognitionof personaidentity basedon geometricor sta-
tistical featurederivedfrom faceimageq11], [8], [48], [6], [40]. Eventhoughhumansandetect
andidentify facesin a scenewith little or no effort, building an automatedsystemthat accom-
plishessuchobjectvesis very challenging. The challengesare even more profoundwhen one
considerghelarge variationsin thevisual stimulusdueto illumination conditions,viewing direc-
tionsor posesfacialexpressionaging,anddisguisesuchasfacialhair, glasse®r cosmeticsFace
recognitionresearctprovidesthe cutting edgetechnologiesn commercial Jaw enforcementand
military applications.An automatedsision systemthat performsthe functionsof facedetection,
verificationandrecognitionwill find countlessunobtrusve applicationssuchasairport security
andaccessontrol, building (embassy}surweillanceand monitoring, human-computeintelligent
interactionandperceptuainterfaces smartervironmentsathome office, andcars[35], [36], [11],
[8], [40].

This paperpresents novel Gaborbasedkernel Principal ComponentAnalysis(PCA) method
by integratingthe Gaborwaveletrepresentationf faceimagesandthekernelPCA methodfor face
recognition.Gaborwavelets[31], [13] first derive desirableacialfeaturescharacterizetby spatial
frequengy, spatiallocality, andorientationselectvity to copewith thevariationsdueto illumination
andfacialexpressiorchangesThekernelPCA method[42] is thenextendedto includefractional
power polynomialmodelsfor enhancedacerecognitionperformance.A fractionalpower poly-
nomial, however, doesnot necessarilydefinea kernelfunction, asit might not definea positive
semi-definiteGrammatrix (seeSect.3.4). Note thatthe sigmoidkernels(seeEq. 12), oneof the
threeclasse®f widely usedkernelfunctions(polynomialkernels,Gaussiarkernels,andsigmoid
kernels) do notactuallydefinea positive semi-definite€Grammatrix, either[42]. Neverthelessthe
sigmoidkernelshave beensuccessfullyusedin practice,suchasin building supportvector ma-
chines.In orderto derive realkernelPCA featureswe apply only thosekernel PCA eigervectors
thatareassociateavith positive eigervalues.

Thefeasibility of theGaborbasedkernelPCA methodwith fractionalpowerpolynomialmodels

hasbeensuccessfullytestedon both frontal and pose-angledace recognition,using two data
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setsfrom the FERET databasg38] andthe CMU PIE databas¢44], respectrely. The FERET
datasetcontains600 frontal faceimagesof 200 subjectswhile the PIE datasetconsistsof 680
imagesacrossb poseqleft andright profiles,left andright half profiles,andfrontal view) with 2

differentfacial expressiongneutralandsmiling) of 68 subjects.The effectivenessf the Gabor

basedkernel PCA methodwith fractional power polynomialmodelsis shavn in termsof both
absoluteperformancandicesand comparatre performanceagainstthe PCA method,the kernel
PCA methodwith polynomialkernels,the kernelPCA methodwith fractionalpower polynomial
modelsthe Gaborwaveletbased®CA method,andthe GaborwaveletbasedkernelPCA method

with polynomialkernels.

2 Background

Rolust facerecognitionschemegequireboth low dimensionafeaturerepresentatiofior data
compressiorpurposesand enhancedliscriminationabilities for subsequenimageretrieval. The
representatiomethodsusually startwith a dimensionalityreductionprocedure sincethe high-

dimensionalityof the original visual spacemalkesthe statisticalestimationvery difficult, if not

impossible dueto the factthat the high-dimensionaspaces mostly empty Popularrepresenta
tion methodsfor facerecognitioninclude Principal ComponentAnalysis (PCA) [22], [47], [26],

shapeandtexture (‘shape-freeimage)of faceq9], [4], [49], [24], [27], andGaborwaveletrepre-
sentation[12], [31], [23], [50], [28]. Thediscriminationmethodsoftentry to achiese the purpose
of high separabilitybetweenthe differentpatternsin whoseclassificationoneis interested26],

[25]. Commonlyuseddiscriminationmethodsinclude Bayesclassifierandthe MAP rule [33],

[28], FisherLinearDiscriminant(FLD) [46], [3], [17], [27], andmorerecentlykernelPCAmethod
[43], [42], [51], [32].

Gaborwaveletsmodelquite well the receptve field profilesof cortical simplecells[12], [13].
The Gaborwaveletrepresentatiortherefore capturessalientvisual propertiessuchasspatiallo-
calization,orientationselectvity, spatialfrequenyg characteristicLadeset al. [23] appliedGabor
waveletsfor facerecognitionusingthe DynamicLink Architecture(DLA) framevork. The DLA

startsby computingthe Gaborjets, andthenit performsa flexible templatecomparisorbetween
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the resultingimagedecompositionsisinggraph-matchingWiskott et al. [50] have expandedon
DLA whenthey developeda Gaborwaveletbasedelasticbunchgraphmatchingmethodto label
andrecognizenumanfaces.Basedon the 2D Gaborwaveletrepresentatioandthelabeledelastic
graphmatching,Lyonsetal. [30], [29] proposedanalgorithmfor two-classcateyorizationof gen-
der, race,andfacial expression.Recently Donatoet al. [16] have compareda methodbasedon
Gaborrepresentatiowith othertechniquesndfoundthatthe formergave betterperformance.
Kernel PCA overcomegmary limitations of its linear counterparby nonlinearlymappingthe
input spaceo a high-dimensionaleaturespace Beinglinearin thefeaturespaceput nonlinearin
theinput spacekernelPCA thusis capableof deriving low-dimensionafeatureghatincorporate
higherorderstatistics. The underlyingjustification of kernelPCA comesfrom Cover’s theorem
on the separabilityof patternswhich statesthat nonlinearlyseparablgatternsn aninput space
arelinearly separablavith high probability if the input spacds transformechonlinearlyto a high
dimensionafeaturespacd20]. ComputationallykernelPCAtakesadvantageof theMercerequi-
alenceconditionandis feasiblebecausehedot productsn the high dimensionafeaturespaceare
replacedby thosein the input spacewhile computationcompleity is relatedto the numberof
trainingexamplesatherthanthe dimensiorof thefeaturespace Schollopf etal. [43] shavedthat
kernelPCA outperformsPCA usingan adequatenon-linearrepresentationf input data. Yanget
al. [51] comparedacerecognitionperformanceisingkernelPCAandthe Eigenfacesnethod and
theirresultsshavedthatthe kernelPCA methodwith a cubicpolynomialkernelachievedthelow-
esterrorrate. Moghaddan{32] demonstratethat kernelPCA with Gaussiarkernelsperformed

betterthanPCA for facerecognition.

3 Gabor-basedKernel PCA with Fractional Power Polynomial Models for

FaceRecognition

Thissectiondetailsthenovel GaborbasedkernelPCAmethodwith fractionalpower polynomial
modelsfor facerecognition.First, Gaborwaveletrepresentationf faceimagesderivesdesirable
featurescharacterizedby spatialfrequeng, spatiallocality, andorientationselectvity. Thusthese

featureshouldberobustto variationsdueto illumination andfacialexpressiorchange$39], [34],
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[41]. SecondkernelPCAworksonthe Gaborwaveletrepresentatioandnonlinearlyderiveslow-
dimensionafeatureghatincorporatehigherorderstatistics.The computationallycostlynonlinear
mappingis never implementedexplicitly by kernel PCA, which insteadappliesthe kerneltrick
to achieve the samegoal [42], [10]. Finally, the novel Gaborbasedkernel PCA methodapplies

fractionalpower polynomialmodelsfor facerecognition.

3.1 Gabor Wavelets

Gaborwaveletswereintroducedo imageanalysisdueto their biologicalrelevanceandcompu-
tationalpropertied31], [13], [21], [14]. The Gaborwavelets,whosekernelsaresimilar to the 2D
receptve field profilesof the mammaliancortical simplecells, exhibit desirablecharacteristicef
spatiallocality andorientationselectvity, andareoptimally localizedin the spaceandfrequeny
domains.

The Gaborwavelets(kernels filters) canbe definedasfollows [12], [31], [23]:

e
,(/Ju,u(z) = Te 202 el v __ e 2 (1)
wherey andv definethe orientationandscaleof the Gaborkernels,z = (z,v), || - || denoteghe
normoperatoyandthewave vectork, , is definedasfollows:
by = ke (2)

wherek, = kpnq./ f* andeg,, = mp/8. kmas is themaximumfrequeng, and f is the spacingfactor
betweerkernelsin the frequengy domain[23].

The Gaborkernelsin Eq. 1 areall self-similarsincethey canbe generatedrom onefilter, the
motherwavelet, by scalingandrotationvia the wave vectork,,. Eachkernelis a productof a
Gaussiarernvelopeanda comple planewave, while thefirst termin the squarebracletsin Eq. 1
determineghe oscillatory part of the kernelandthe secondterm compensate®r the DC value.
Theeffectof theDC termbecomesggligible whenthe parametetr, which determinesheratio of
the Gaussiarwindow width to wavelength hassufficiently large values.In mostcasesonewould
useGaborwaveletsof five differentscalesy € {0, ..., 4}, andeightorientationsy € {0,...,7}

[18], [21], [7].



3.2 Gabor Feature Representation

The Gaborwavelet representatiomf animageis the corvolution of the imagewith a family
of Gaborkernelsasdefinedby Eq. 1. Let I(z,y) bethe gray level distribution of animage,the

corvolution of image/ anda Gaborkernely, , is definedasfollows:

Opuw(2) = 1(2) * P (2) 3)

wherez = (z,y), * denoteghe corvolution operatoyandO,, , (z) is the corvolution resultcorre-
spondingto the Gaborkernelat orientationy, andscalev. ThereforethesetS = {0, .(z) : p €
{0,...,7}, v € {0, ...,4} } formsthe Gaborwaveletrepresentatioonf theimage! (z)

To encompasslifferentspatialfrequenciegscales) spatiallocalities, and orientationselectv-
ities, we concatenatall theserepresentatiomesultsand derive an augmentedeaturevector X'.
Before the concatenationwe first downsampleeachO,, ,(z) by a factor p to reducethe space
dimension,and normalizeit to zero meanand unit variance. We then constructa vector out of
the O, (z) by concatenatingts rows (or columns). Now, let O,S’f,), denotethe normalizedvector
constructedrom O, ,(2) (downsampledy p andnormalizedo zeromeanandunit variance)the

augmentedaborfeaturevector X ) is thendefinedasfollows:

I

t t t\t
X0 = (o) off - o)) (4)

wheret is the transpos@perator The augmentedsaborfeaturevectorthusencompassesll the
elementgdownsamplecandnormalized)of the Gaborwaveletrepresentatioset,S = {O,,.(z) :

we {0,...,7} v € {0,...,4} }, asimportantdiscriminatinginformation.
3.3 Kernel PCA

Principal ComponentAnalysis (PCA), a powerful techniquefor reducinga large setof corre-
latedvariablesto a smallernumberof uncorrelateccomponentshasbeenappliedextensiely for
bothfacerepresentatioandrecognition.Kirby andSirovich [22] shovedthatarny particularface

canbeeconomicallyrepresentedlongtheeigenpicturesoordinatespaceandthatany facecanbe



approximatelyreconstructedby usingjust a small collectionof eigenpictureandthe correspond-
ing projections.Applying PCA techniqueto facerecognition,Turk andPentland47] developed

awell-known Eigenfacesmethod wherethe eigenficescorrespondo the eigervectorsassociated
with the largesteigervaluesof the facecovariancematrix. The eigenficesthusdefinea feature

spacepr “f acespace” whichdrasticallyreduceshedimensionalityof the original spaceandface

detectionandrecognitionarethencarriedout in the reducedspace Basedon PCA, a hostof face

recognitionmethodshave beendevelopedto improve classificationaccurag and generalization
performancg23], [46], [3], [17], [50], [26], [28].

The PCA technique however, encodesnly for 2nd orderstatistics,namely the variancesand
the covariances.As these2nd orderstatisticsprovide only partial informationon the statisticsof
bothnaturalimagesandhumanfacesjt mightbecomenecessaryo incorporatenigherorderstatis-
ticsaswell. Towardsthatend,PCAis extendedo anonlinearform by mappingnonlinearlythein-
putspaceo afeaturespacewherePCA s ultimatelyimplementedDueto the nonlineammapping
betweerthe input spaceandthe featurespacethis form of PCAis nonlinear andnaturallycalled
nonlinearPCA [20]. Applying differentmappings,nonlinearPCA canencodearbitrary higher
ordercorrelationsamongtheinputvariables.Theunderlyingjustificationof nonlinearPCA comes
from Cover’s theoremon the separabilityof patternswhich stateghat nonlinearlyseparablgat-
ternsin aninputspacearelinearly separablevith high probabilityif theinputspaces transformed
nonlinearlyto a high dimensionafeaturespacg20]. While the Hebbiannetworks, thereplicator
networks, andthe principal curvesareall capableof implementingnonlinearPCA, kernel PCA
enjoys simpleimplementatiorby meansof kernelfunctions[15], [43]. The nonlinearmapping
betweenthe input spaceandthe featurespace with a possiblyprohibitive computationatost,is
neverimplementedexplicitly by kernelPCA[43]. RatherkernelPCA applieskernelfunctionsin
theinput spaceo achieve the sameeffect of the expensve nonlinearmapping.Specifically kernel
PCAtakesadwantageof the Mercerequivalenceconditionandis feasiblebecausehedot products
in the high dimensionafeaturespacearereplacedy thosein the input spacewhile computation
is relatedto the numberof trainingexemplarsratherthanthe dimensionof the featurespace.

Let X, s, ..., Xy € RY bethedatain the input space,andlet ® be a nonlinearmapping



betweenthe input spaceand the featurespace:® : RN — F. Note thatfor kernel PCA, the
nonlinearmapping,®, usuallydefinesa kernelfunction[42]. Assumethe mappedatais centered
(see[43] for centeringdatain the featurespace)andlet D representhe datamatrix in thefeature
space:D = [®(X))P(Xy) - -- ®(Xy)]. Let K € RM*M definea kernelmatrix by meansof dot
productin thefeaturespace:

Kij = (B(X) - 2(A5)) (5)

Schollopf [43] shavs thatthe eigervalues,\{, Ao, . . ., Ay, @andtheeigervectors, Vi, Vs, ..., Vi,

of kernelPCA canbederivedby solvingthefollowing eigervalueequation:
KA =MAA with A= |ajay...ay]|,A=diag{ri, s, ..., A} (6)

whereA € RM*M is anorthogonakigervectormatrix, A € RM*M a diagonaleigervaluematrix
with diagonalelementsn decreasingrder(A;>Xy>--->\;,), and M a constant— the number
of trainingsamplesin orderto derive the eigervectormatrix, V = [V1V, ... Vy|, of kernelPCA,
first, A shouldbenormalizedsuchthat/\i||ozz~||2 =1,i=1,2,..., M. Theeigervectormatrix, V,
is thendervedasfollows:

V=DA 7)

Let X beatestsamplewhoseimagein the featurespaceis ®(X’). The kernelPCA featuresof

X arederivedasfollows:

F=V'o(X) = A'B (8)

whereB = [®(&)) - P(X) P(A) - P(X) --- (X)) - @(X)]t.
3.4 Kernel PCA with Fractional Power Polynomial Models

The kernel matrix (seeEq. 5) and the kernel PCA features(seeEq. 8) are both definedon
dot productsin the high dimensionalfeaturespace,whosecomputationmight be prohibitively
expensve. Kernel PCA, however, manageso computethe dot productsby meansof a kernel
function[43], [42]:

k(x,y) = (2(x) - (y)) (9)



This sectionfirst reviewstheconcepbf Grammatrix andasufficientandnecessargonditionfor a
symmetricfunctionto beakernelfunction[42], [10], andthenpresent&ernelPCAwith fractional

power polynomialmodels.

Definition 1 GramMatrix: Givena finite datasetX = {X}, A,, ..., Xy} in theinput spaceand
afunctionk : X x X — R (or C), the M x M matrix K with elementdy;; = k(&;, X)) is called

Grammatrix of £ with respecto Xy, Xs, . .., Xy.

Definition 2 KernelFunction: A suficientandnecessargonditionfor a symmetridunctionto be

a kernelfunctionis thatits Grammatrix is positivesemi-definite

Threeclasse®f kernelfunctionswidely usedin kernelclassifierspneuralnetworks,andsupport

vectormachinesarepolynomialkernels,Gaussiarkernels andsigmoidkernels[42]:

k(x,y) = (x-y)! (10)
k(x,y) = exp(—%) (11)
k(x,y) = tanh(k(x -y) +9) (12)

whered € N, 0 > 0,k > 0, andd < 0.

Notethatthe sigmoidkernels(seeEqg. 12) do not actuallydefinea positive semi-definiteGram
matrix, hencearenot kernelfunctionsby definition (seeDefinition 2). Neverthelessthe sigmoid
kernelshave beensuccessfullyusedin practice suchasin building supportvectormachineg42].
In this paper we extend the polynomial kernelsdefinedby Eq. 10 to include fractional power
polynomialmodels,namely 0 < d < 1. In orderto derive realkernelPCA featuregEq. 8), we

applyonly thosekernelPCA eigervectorsthatareassociateavith positive eigervalues.

3.5 Similarity Measures and Classification Rule

TheGaborbasedkernelPCAmethodintegrategshe Gaborwaveletrepresentationf faceimages
andkernelPCAwith fractionalpower polynomialmodelsfor facerecognition.Whenafaceimage

is presentedo the Gaborbasedkernel PCA classifier the augmentedsaborfeaturevectorof the
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imageis first calculatecasdetailedin Sect.3.2,andthelow-dimensionalGaborbasedkernelPCA
features,F, aredervedusingEq. 8.

Let M}, k=1,2,..., L, bethemeanof thetrainingsampledor classv;. Theclassifierapplies,
then, the nearesineighbor(to the mean)rule for classificationusing somesimilarity (distance)

measure:

5(F, M) = min §(F, M) — F € w, (13)

TheGaborbasedkernelPCA featurevector F, is classifiedasbelongingto the classof theclosest
mean,M?, usingthe similarity measure.
Popularsimilarity measuresnclude L, distancemeasurejr,, L, distancemeasureg,,, Maha-

lanobisdistancemeasurey,,4, andcosinesimilarity measurey.,,, which aredefinedasfollows,

respectrely:
00y (X, ) =) | = Vi (14)
00,(X,Y) = (X =YX =) (15)
Sna(X,Y) = (X = V)Y (X =) (16)
_)(ty
Oeos (X, V) = —— 17
()= =7 (a7)

whereX: isthecovariancematrix,and||- || denoteshenormoperator Notethatthecosinesimilarity
measurencludesaminussignin Eq. 17, becaus¢he nearesheighbor(to themean)rule of Eq.13

appliesminimum (distance)neasuregatherthanmaximumsimilarity measure.

4 Experiments of Frontal and Pose-angled~aceRecognition

This sectionassessethe performanceof the Gaborbasedkernel PCA methodwith fractional
power polynomialmodelsfor bothfrontalandpose-angleéiacerecognition.For frontalfacerecog-
nition, the datasetis from the FERET databasg38], andit contains600 frontal faceimages
correspondingo 200 subjects. The imagesare acquiredundervariableillumination and facial
expression. For pose-angledacerecognition,the datasetis from the PIE databas§44], andit

contains680imagesacrosss poseswith 2 differentfacial expressiongneutralandsmiling) of 68
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subjects.Theeffectivenesf the GaborbasedkernelPCA methodwith fractionalpower polyno-

mial modelsis shavn in termsof bothabsolutgperformancendicesandcomparatie performance
againsthePCA methodthekernelPCA methodwith polynomialkernels thekernelPCA method
with fractionalpower polynomialmodels,the Gaborwaveletbased®CA method,andthe Gabor

waveletbasedkernelPCA methodwith polynomialkernels.

4.1 Frontal Face Recognition Performance of the Gabor-based Kernel PCA Method

with Fractional Power Polynomial Models

TheFacEREcognitionTechnologyFERET)facialdatabas¢38] displaysdiversityacrosgen-
der, ethnicity, andage.Sinceimagesareacquiredduringdifferentphotosessionstheillumination
condition,facial expressionandthe sizeof thefacemayvary. The FERET databaséasbecome
thedefactostandardor evaluatingfacerecognitiontechnologiesThe datasetusedin our exper
imentsconsistsof 600 FERET frontal faceimagescorrespondingo 200 subjects suchthateach
subjecthas3 imagesof size256 x 384 with 256 gray scalelevels. Datapreparatiorthennormal-
izesthe faceimagesandextractsfacial regionsthat containonly face,sothatthe performanceof
facerecognitionis not affectedby the factorsnot relatedto face,suchashair styles. Specifically
thenormalizationconsistof thefollowing proceduresfirst, manualannotatiordetectshecenters
of theeyes;secondrotationandscalingtransformationslign the centersof theeyesto predefined
locationsandfixedinteroculardistancefinally, a subimagegrocedurecropsthe faceimageto the
sizeof 128 x 128to extractthefacialregion.

Fig. 1 shavs someexampleFERETimagesusedin our experimentghatarealreadycroppedo
thesizeof 128 x 128to extractthefacialregion. Notethateachsubjecthasthreeimageswhichare
acquiredduringdifferentphotosessionsindervariableillumination andfacialexpression As two
imagedor eachsubjectarerandomlychoserfor trainingandthe remainingimage(unseerduring
training)is usedfor testing(seeFig. 1), thetraining setincludes400imageswhile the testingset
has200images.The GaborbasedkernelPCA methodthushasto copewith bothilluminationand
facialexpressiorvariability.

For comparisomurposethefirst setof experimentamplementshe kernelPCA methodusing
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a polynomialkernelwith degreeone,i.e. k(x,y) = (x - y). This specialcaseof kernelPCA is
equivalentto PCA [42]. Fig. 2 shows facerecognitionperformanceof the kernelPCA method
usingthefour differentsimilarity measuresthe L; distanceaneasurethe L, distancemeasurethe
Mahalanobiglistancemeasureandthe cosinesimilarity measure.The horizontalaxis indicates
thenumberof featuresised andtheverticalaxisrepresentthecorrectfacerecognitiorrate,which
is theratethatthetop responsés correct(in thecorrectclass).The Mahalanobislistancaneasure
performsthe best,followedin orderby the L., distanceaneasurethe L, distancemeasureandthe
cosinesimilarity measureThereasorfor suchanorderingis thatthe Mahalanobiglistancemea-
surecounteractshefactthat L, and L, distancemeasure# the PCA spaceweightpreferentially
for low frequenciesTheseresultsareconsistentith thosereportecby MoghaddamandPentland
[33] and SungandPoggio[45]. As the L, distancemeasurenveightsmorethe low frequencies
thanL, doesthe L, distancemeasureshouldperformbetterthanthe L, distancemeasurea con-
jecturevalidatedby our experiments.The cosinesimilarity measuraloesnot compensat¢he low
frequeny preferenceandit performsthe worstamongall the measuresThe experimentakesults
provide a baselinefacerecognitionperformancebasedon the intensityimages,and suggesthat
one shouldusethe Mahalanobisdistancemeasurdor the following comparatre assessmeruf
differentfacerecognitionmethods.

Thesecondsetof experimentsaassessemcerecognitionperformancef thekernelPCA method
with polynomialkernelsk(x,y) = (x - y)¢,d € N. Fig. 3 shavs facerecognitionperformancef
the kernelPCA methodwith four differentdegreesof polynomialkernelsusingthe Mahalanobis
distancaneasured = 1, d = 2, d = 3, andd = 4. Thefirst orderpolynomial(d = 1) kernelPCA
methodperformsthe best,followedin orderby the secondorderpolynomial(d = 2) kernelPCA
method,the third orderpolynomial (d = 3) kernelPCA method,andthe forth orderpolynomial
(d = 4) kernelPCA method.Notethatthefirst orderpolynomialkernelPCA methodis equivalent
to the PCA method[42], hencethe resultsshav that the PCA methodperformsbetterthanthe
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 kernel PCA methodperforms. It thus seemsnaturalthat the kernel PCA method
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shouldbe extendedto include somefractionalpower polynomials,whosedegreesareeven lower
thanone,i.e. 0 < d < 1, in orderto achieve betterfacerecognitionperformance.A fractional
power polynomial, however, is not necessarilya kernel, asit might not definea positve semi-
definite Gram matrix as detailedin Sect.3.4. Thusthe fractionalpower polynomialsare called
modelsratherthankernelsin this paper Note thatthe sigmoidkernels(seeEq. 12), one of the
threeclasse®f widely usedkernelfunctions,do not actuallydefinea positive semi-definiteGram
matrix, either[42]. Neverthelessthesigmoidkernelshave beensuccessfullyusedn practice such
asin building supportvectormachines.In this paper we extendthe polynomialkernelsdefined
by Eq. 10to includefractionalpower polynomialmodels,namely 0 < d < 1. In orderto derive
real kernel PCA featureswe apply only thosekernel PCA eigervectorsthat are associatedvith
positive eigervalues.

Thethird setof experimentsvaluateshekernelPCA methodwith fractionalpower polynomial
models,k(x,y) = (x-y)%,0 < d < 1. Fig. 4 shovs facerecognitionperformanceof the ker-
nel PCA methodwith threefractional power polynomialmodelsusingthe Mahalanobidistance
measureMd_0.6 (d = 0.6), Md_0.7 (d = 0.7), andMd_0.8 (d = 0.8). Thetop threecurvescor
respondo the facerecognitionperformanceof the kernelPCA methodwith thesethreedifferent
fractionalpower polynomialmodels.The bottomcurve is the facerecognitionperformancef the
kernel PCA methodwith the kernelfunction k(x,y) = (x - y). Fig. 4 andFig. 3 show thatthe
kernelPCA methodwith fractionalpower polynomialmodelsperformsbetterthanthekernelPCA
methodwith polynomialkernels.

To furtherimprove facerecognitionperformancewe combinethe Gaborwaveletrepresentation
andthe kernel PCA method. In particular the fourth setof experimentsmplementsthe Gabor
wavelet basedkernel PCA methodwith polynomialkernels,k(x,y) = (x - y)¢,d € N. Fig. 5
shaws facerecognitionperformanceof the Gaborwavelet basedkernel PCA methodwith four
differentdegreesof polynomialkernelsusingthe Mahalanobidistancemeasured = 1, d = 2,
d = 3, andd = 4. In comparisonFig. 5 andFig. 3 shav that the Gaborwavelet basedkernel
PCA methodperformsbetterthanthe kernelPCA methodby largemagins. Fig. 5 alsoshavs that

thefacerecognitionperformancef the GaborwaveletbasedkernelPCA methoddecreaseasthe
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degreeof the polynomialkernelincreasesa resultconsistenwith the onederived by the kernel
PCA methodwith polynomialkernels(seeFig. 3).

The next setof experimentsassessefacerecognitionperformanceof the Gaborbasedkernel
PCAmethodwith fractionalpowerpolynomialmodels(x, y) = (x-y)¢,0 < d < 1. Fig. 6 shovs
facerecognitionperformanceof the Gaborwavelet basedkernel PCA methodwith a fractional
power polynomial model using the Mahalanobisdistancemeasure:Md_Gabor0.6 (d = 0.6).
Notethatthe performancesurvesof the kernelPCA method(Md_1) andthe Gaborwaveletbased
kernelPCA method(Md_Gabor1), with the kernelfunctionk(x,y) = (x - y), arealsoincluded
for comparison. The experimentalresultsshav that the Gaborbasedkernel PCA methodwith
fractional power polynomial modelsperformsbetterthanthe Gaborwavelet basedkernel PCA
methodwith polynomialkernels followedby the kernelPCA methodwith polynomialkernels.In
particular the Gaborbasedkernel PCA methodwith a fractionalpower polynomialmodel(d =

0.6) achieres99.5%correctfacerecognitionaccurag using246features.

4.2 Pose-angled Face Recognition Performance of the Gabor-based Kernel PCA

Method with Fractional Power Polynomial Models

The CMU Pose lllumination, and ExpressionPIE) databas¢44] containsover 40,000facial
imagesof 68 people. Theimagesareacquiredacrosdifferentposesundervariableillumination
conditions,andwith differentfacialexpression$44]. Thedatasetusedn ourexperimentonsists
of 680imagesacrossb poseclassegleft andright profiles,left andright half profiles,andfrontal
view) with 2 differentfacial expressiongneutraland smiling) of the 68 subjectssuchthateach
subjecthasl0imagesof size640 x 486with 256grayscaleevels. For eachsubjectoneof thetwo
facialexpressionss randomlychoserfor training,with theremainingonefor testing.Thetraining
setthus contains340 imagesacrossb different poses,suchthat eachposeclasshas68 images
correspondingo the 68 differentsubjects.Thetestingsetcontainghe remaining340imageswith
eachposehaving 68 imagesof the 68 subjectsrespectiely. Datapreparatiorthennormalizeghe
faceimagesandextractsfacialregionsthatcontainonly face.Fig. 7 shovs someexamplePIE face

imagesusedin our experimentsthat are alreadycroppedto the sizeof 128 x 128to extractthe
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facialregion. In particular the top row shavs imagesusedin training andthe bottomrow shovs
imagedor testing.In eachrow, thereare5 imagescorrespondingo the5 differentposestheright
profile, theright half profile, thefrontal view, theleft half profile, andtheleft profile.

Therearetwo majorapproachet addrespose-anglefacerecognition:3D model-basedheth-
odsand2D view-basednethods 3D model-basefiacerecognitionmethodsaccountor variations
in poseby applying3D modelseitherderivedfrom laserscanne®D headgrangedata)or recon-
structedfrom 2D imaged1], [19], [5]. 2D view-basedacerecognitionmethodsdentify the pose
parameteby classifyingfaceimagesinto differentposeclassessuchasthe parametriananifold
formedby differentviews[2] andthe multiple view-basedandmodulareigenspace87].

Our 2D view-basedpose-angledace recognitionmethodconsistsof two major procedures,
namelythe poseclassificatiorprocedureandthefacerecognitionprocedurewhich arecarriedout
sequentially The poseclassificationprocedurewhich appliesa nearesineighbor(to the mean)
classifierusingthe cosinesimilarity measureworks in a low-dimensionalPCA space.The face
recognitionprocedurewhich appliesthe GaborbasedkernelPCA methodwith fractionalpower
polynomialmodels,operatesn eachindividual poseclass. Fig. 8 shavs the systemarchitecture
of our pose-angledlacerecognitionmethod.Thetop faceimageis atestimageandNNC denotes
a nearesieighborto the meanclassifier The five imagesin the middle are the meanfacesof
the five poseclassedlerived from the training data, while the Gaborbasedkernel PCA method
with fractional power polynomial (FPP)modelsis the classifierfor facerecognitionwithin each
individual faceclass. The bottomfaceimagesarethe training imagesin the poseclass(the left
half profile poseclass).Note thatthe bold linesindicatethe facerecognitionprocessaacrosose:
whenatestfaceimageis presentedo the classifier the poseclassificationprocedurdirst assigns
it to theleft half profile poseclassusinga nearesheighborto the meanclassifier(NNC), theface
recognitionprocedurethen matcheshis unknown testimageto a training facewithin the pose
classusingthe GaborbasedkernelPCA methodwith fractionalpower polynomialmodels.

Poseclassificationwhich appliesa nearesneighbor(to the mean)classifier is assessedsing
3 differentsimilarity measuresthe L, distancemeasurethe L, distancemeasureandthe cosine

similarity measureasdefinedin Sect.3.5. Fig. 9 shavs poseclassificatiorresultsusingthecosine,
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the L, andthe L, similarity measurewherethe meansof the five poseclassesarederivedfrom

thetraining data. The horizontalaxis indicatesthe numberof featuresusedby the classifier and
the vertical axis the correctposeclassificationrate, which is the ratethat the top responsas the

correctpose.Thetop curve shavs faceposeclassificatiorperformanceaisingthe cosinesimilarity

measurefollowedby thetwo curvescorrespondingo the L; andthe L, distancaneasurerespec-
tively. In particular faceposeclassificatiorreache®9.7%accurag usingonly 23 featuredor the

cosinesimilarity measurgthe curvesare dravn usingan incrementaktepof 2, which show that
the 99.7%accurag occursat 24 features).Theseexperimentalresultsshowv thatthe cosinesimi-

larity measuras mosteffective for poseclassification.The reasonfor this finding is largely due
to the differentscalesin thefive poseclasses.The L; andthe L, distancemeasuresre affected
considerablyby thesedifferentscalesasthey involve the magnitudeof two vectors(seeEqs.14

and15). Thecosinesimilarity measurehowever, calculateghe anglebetweenwo vectors,andis

notaffectedby theirmagnitudegseeEq. 17), hencet performsbetterthaneitherZ, or L, distance
measurdor faceposeclassification.

Fig. 10 shows the pose-angledacerecognitionperformanceof the Gaborbasedkernel PCA
methodwith four polynomial kernelsof degreel (Md_Gaborl), degree2 (Md_Gabor?2), de-
gree3 (Md_Gabor3), anddegree4 (Md_Gabor4), respectrely, andthe GaborbasedkernelPCA
methodwith two fractionalpower polynomialmodelsof degree0.6 (Md_Gabor0.6) anddegree
0.7 (Md_Gabor0.7), respectiely, usingthe Mahalanobiglistancemeasure The experimentalre-
sultsevaluateandvalidatethe feasibility of the Gaborbasedkernel PCA methodwith fractional
power polynomialmodelsfor pose-angledacerecognition. Specifically the Gaborbasedkernel
PCA methodwith fractional power polynomial modelsachieves the bestfacerecognitionper
formanceacrosspose,followed in order by the kernel PCA methodwith polynomialkernelsof
degreel, degree2, degree3, anddegreed, respectiely. In particular the GaborbasedkernelPCA
methodwith a fractionalpower polynomialmodelof degree0.7 achieres95.3%pose-anglediace

recognitionaccurag using64 features.
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5 Conclusions

This paperintroducesa novel Gaborbasedkernel PCA methodwith fractional power polyno-
mial modelsfor frontal andpose-angledlacerecognition.Gaborwaveletsfirst derive desirablea-
cial featurescharacterizetby spatialfrequengy, spatiallocality, andorientationselectvity to cope
with the variationsdueto illumination andfacial expressionchanges.The kernelPCA methodis
thenextendedo includefractionalpower polynomialmodelsfor enhancedlacerecognitionperfor
mance.The feasibility of the GaborbasedkernelPCA methodwith fractionalpower polynomial
modelshasbeensuccessfullytestedon both frontal and pose-angledacerecognition,usingtwo
datasetsfrom the FERETdatabasandthe CMU PIE databaseespectrely. The FERETdataset
contains600 frontal faceimagesof 200 subjectswhile the PIE datasetconsistsof 680 images
across poseqleft andright profiles,left andright half profiles,andfrontal view) with 2 different
facialexpressiongneutralandsmiling) of 68 subjects Experimentatesultsshowv theeffectiveness
of the GaborbasedkernelPCA methodwith fractionalpower polynomialmodelsfor bothfrontal

andpose-anglediacerecognition.
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Figure 1. Example FERET face images used in our experiments (cropped to the size of 128 X 128

to extract the facial region). Note that the images are acquired during different photo sessions
under variable illumination and facial expression. Each subject has three images, two of which
are randomly chosen for training while the remaining one (unseen during training) is for testing.
Specifically, the top two rows show the examples of the training images while the bottom row

shows the examples of the testing images.
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Figure 2. Face recognition performance of the kernel PCA method with the kernel function
k(x,y) = (x -y) using the four different similarity measures: Md (the Mahalanobis distance
measure), L1 (the L, distance measure), L2 (the L, distance measure), and cos (the cosine

similarity measure).

25



0.8

recognition rate
o o
(€3} o

T T

o
N
T

0.3

0.2

Md_4

0 50 100

150

200
number of features

250

300

350

400

Figure 3. Face recognition performance of the kernel PCA method with four different degrees of

polynomial kernels using the Mahalanobis distance measure: Md_1 (d = 1), Md_2 (d = 2), Md_3

(d = 3), and Md_4 (d = 4).
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Figure 4. Face recognition performance of the kernel PCA method with three fractional power
polynomial models using the Mahalanobis distance measure: Md_0.6 (d = 0.6), Md_0.7 (d = 0.7),
and Md_0.8 (d = 0.8). Note that the performance curve of the kernel PCA method (Md_1) with

the kernel function k£(x,y) = (x - y) is also included for comparison.
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Figure 5. Face recognition performance of the Gabor wavelet based kernel PCA method with

four different degrees of polynomial kernels using the Mahalanobis distance measure: Md_Gabor_1

(d = 1), Md_Gabor_2 (d = 2), Md_Gabor_3 (d = 3), and Md_Gabor_4 (d = 4).
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Figure 6. Face recognition performance of the Gabor wavelet based kernel PCA method with
a fractional power polynomial model using the Mahalanobis distance measure: Md_Gabor_0.6
(d = 0.6). Note that the performance curves of the kernel PCA method (Md_1) and the Gabor
wavelet based kernel PCA method (Md_Gabor_1), with the kernel function k(x,y) = (x-y), are

also included for comparison.
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Figure 7. Example PIE face images used in our experiments (cropped to the size of 128 X 128 to

extract the facial region). The top row shows images used in training and the bottom row shows
images for testing. In each row, there are 5 images, which correspond to the 5 different poses:

the right profile, the right half profile, the frontal view, the left half profile, and the left profile.
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Figure 8. The system architecture of the pose-angled face recognition method. The top face image
is a test image and NNC denotes a nearest neighbor to the mean classifier. The five images in
the middle are the mean faces of the five pose classes derived from the training data, while the
Gabor-based kernel PCA method with fractional power polynomial (FPP) models is the classifier
for face recognition within each individual face class. The bottom face images are the training
images in the pose class (the left half profile pose class). Note that the bold lines indicate the

face recognition process across pose.
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Figure 10. Pose-angled face recognition performance of the Gabor-based kernel PCA method
with four polynomial kernels of degree 1 (Md_Gabor_1), degree 2 (Md_Gabor_2), degree 3
(Md_Gabor_3), and degree 4 (Md_Gabor_4), respectively, and the Gabor-based kernel PCA method
with two fractional power polynomial models of degree 0.6 (Md_Gabor_0.6) and degree 0.7

(Md_Gabor_0.7), respectively, using the Mahalanobis distance measure.
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