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FaceVeriÞcationAcrossAge Progression
NarayananRamanathan, StudentMember, IEEE, and RamaChellappa, Fellow, IEEE

Abstract—Human facesundergoconsiderableamountsof varia-
tions with aging.While facerecognitionsystemshavebeenproven
to be sensitive to factors suchas illumination and pose,their sen-
sitivity to facial aging effects is yet to be studied. How doesage
progressionaffect the similarity betweena pair of face imagesof
an individual? What is the conÞdenceassociatedwith establishing
the identity betweena pair of ageseparatedface images?In this
paper, wedevelopa Bayesianagediffer enceclassiÞerthat classiÞes
face imagesof individuals basedon agediffer encesand performs
faceveriÞcationacrossageprogression.Further, westudy the sim-
ilarity of facesacrossageprogression.Sinceageseparatedfaceim-
agesinvariably differ in illumination and pose,weproposeprepro-
cessingmethodsfor minimizing suchvariations. Experimental re-
sultsusinga databasecomprising of pairs of faceimagesthat were
retrieved from the passportsof 465individuals arepresented.The
veriÞcation systemfor facesseparatedby as many as nine years,
attains an equal error rate of 8.5%.

Index Terms—Age progression,face recognition, face veriÞca-
tion, probabilistic eigenspaces,similarity measure.

I. INTRODUCTION

PERCEIVING humanfacesand modeling the distinctive
featuresof humanfacesthatcontributemosttowardsface

recognitionaresomeof thechallengesfacedbycomputervision
andpsychophysicsresearchers.Humanfacesbelongto a spe-
cial classof 3-D objects,modelingwhich involvesdeveloping
accuratecharacterizationsthat accountfor illumination, head
posevariations,facialexpressions,etc.Moreover, humanfaces
alsoundergo growth relatedchangesthataremanifestedin the
form of shapeand textural variations.Hence,the robustness
to variationsdue to factorssuchas illumination, pose,facial
expressions,aging, etc., is a signiÞcantmetric in evaluating
facerecognitionsystems.Over theyears,many still-imageand
video basedfacerecognitionalgorithmshave beendeveloped.
Zhao et al. [2] provide a thoroughqualitative analysisof the
many different facerecognitionalgorithms.Recently, goodto
very good recognition performanceacrossillumination and
posevariationsweredemonstratedby ZhangandSamaras[3]
andZhouandChellappa[4], BlanzandVetter[5], Georghiades
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etal. [6], andGrossetal. [7]. Moreover, many approacheshave
beenproposedfor modelingfacial expressions.Facial Action
Codingsystems[8] havecontributedsigniÞcantlytowardschar-
acterizingfacial expressions.YacoobandDavis [9], Essaand
Pentland[10], Martinez[11], Tianetal. [12], andLiu etal. [13]
have proposedapproachesfor identifying facial expressions
from faceimages.Decadesof dedicatedresearchcoupledwith
the advent of standardizedperformanceevaluation protocols
suchasFERET[14], [15], andFRVT [16] have enhancedthe
commercialsigniÞcanceof facerecognitionsystems.

Though psychophysical studies have contributed signiÞ-
cantly towards the perceptionof growing facesand towards
understandingcraniofacial growth, ageprogressionin human
faceshaslargely beenignoredwhile developingfacerecogni-
tion systems.Modeling ageprogressionin humanfacesis a
very challengingtask. Facial aging effects are manifestedin
different forms in different age groups.While aging effects
areoften manifestedin the form of shapevariationsin human
facesdueto the craniumÕsgrowth from infancy to teenyears
[17], they aremorecommonlyobservedin theform of textural
variationssuch as wrinkles and other skin artifacts in adult
faces.Apart from biological factors,factorssuchas climatic
conditions,ethnicity, mental stress,etc., are often attributed
to play a role in the processof aging.Someof the interesting
applicationsof studyingageprogressionin humanfacesare
discussedasfollows.

¥ Developingfacerecognitionsystemsthatarerobustto age
progressionwouldenablethesuccessfuldeploymentof face
recognitionsystemsin public places.Suchsystemswould
behighlybeneÞcialtohomelandsecurityapplications.Fur-
ther, developingsystemsthatverify faceimagesacrossage
progressionwould annulthenecessityof periodicallyup-
datinglargefacedatabaseswith morerecentimages.

¥ Since different individuals age differently, developing
automaticageprogressionsystemsthat could predict the
many differentwaysapersoncouldhaveagedwouldhave
a signiÞcantimpactin Þndingmissingindividuals.

¥ Ethologicalstudieshaverevealedthattheperceived ageof
anindividualsigniÞcantlyaffectsthetypeandamountofbe-
haviordirectedtowardshim/herbyotherindividuals.Hence,
buildingsystemsthatcouldreliablyestimatetheageof indi-
viduals,wouldbeusefulfor developinghuman-robotinter-
actionsystemsandhuman-computerinteractionsystems.

¥ Changesin facialappearancesareattributedto havea sig-
niÞcantpsychosocialimpactonanindividual[17]. Studies
relatedto craniofacial growth areboundto helpsurgeons
andorthodontistsin treatingdisÞgurementsanddeformi-
ties in faces.

Before we formulate the problem, we provide a brief
overview of the previous work on ageprogressionin human
faces.

1057-7149/$20.00© 2006IEEE
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A. PreviousWork on Age Progression

GibsonÕs ecologicalapproachtowardsperception[18] and
ThompsonÕs [19] pioneeringwork on geometrictransforma-
tions in the study of morphogenesislargely laid the founda-
tions for thestudyof craniofacialgrowth. Sincethen,many of
ThompsonÕs approachesto morphogenesishave beenadopted
to describetheprocessof craniofacialgrowth. Shaw et al. [20]
proposedthecardioidalstraintransformationfor globalremod-
elingof thehumanskull.PittengerandShaw [21] studiedaging
facesasa seriesof viscal-elasticevents.They analyzedtherel-
ative importanceof threecharacteristicpatternsof growth in
humanfaces,namely, shear, strain,andradialgrowth,ontheper-
ceived ageof facesandobservedthatcardioidalstraintransfor-
mationshadthemaximumimpactin affectingtheperceived age
of faces.Toddetal. [22] proposedtheÒrevisedÓcardioidalstrain
transformationmodelfor craniofacialgrowth. They treatedthe
humanheadasaßuid Þlled sphericalwatertankandperformed
a hydrostaticanalysison the effectsof gravity on craniofacial
growth. Their hypothesiswas in accordancewith WolffÕs Law
thatattributesstressasadirectstimulanttogrowthandproposes
thatagrowing structurechangesin accordancewith theamount
anddirectionof stressactingon it.

Psychophysical evidencescollectedon age progressionin
humanfaceshaveformedthebasisfor someof therecentworks
in this topic. In computervision, age progressionin human
faceshas been studied from two perspectives: one towards
developingautomaticageestimationtechniquesto classifyface
imagesbasedon ageand the other towardsdeveloping auto-
maticageprogressionsystemsto performfacerecognitionage
progression.Kwonetal. [23] developedasystemthatclassiÞes
faceimagesinto oneof threeagegroups:infants,youngadults
and senior adults.Basedon the ratios of distancesbetween
key landmarksextractedfrom faceimages,they classiÞedface
imagesasthatof infantsor adults.They alsoproposedmethods
to detect wrinkles in predesignatedregions in face images
to further classify adult imagesinto young adultsand senior
adults.Lanitis et al. [24] proposedmethodsto simulateaging
effectson faceimages.They developedanagingfunction that
is basedon a parametricmodelof faceimagesandperformed
taskssuchasautomaticageestimation,facerecognitionacross
ageprogression,etc.Their databasecomprisedof faceimages
of individualsunder30yearsof age.Further, Lanitis etal. [25]
performeda quantitative evaluationof theperformanceof dif-
ferentclassiÞersfor thetaskof automaticageestimation.They
evaluated classiÞers basedon supervisedand unsupervised
neuralnetworks and the minimum distanceclassiÞer for the
taskof automaticageestimation.

Burt andPerrett[26] createdfacial prototypesfor different
agegroupsby averagingtheshapeandtextureof facesthatbe-
long to their respective agegroups.They studiedthevariations
betweenfacialprototypesof differentagegroupsandobserved
that by incorporatingsuch variationsin faces,the perceived
ageof faceschanged,but suchfacialprototypeswereobserved
to be ineffective in capturingwrinkles that are characteristic
of elderly subjects.Tiddermanet al. [27] extendedthe above
approachby compensatingfor the lossof texture in the facial
prototypesthat occurredduring the blending process.Using

wavelet-basedmethodsthey createdtexture enhancedproto-
types by adjustingthe amplitudeof edgesin the composite
image. Following the shapeand texture transformationsde-
scribedin [26], they transformedthe texture of face images
usinglocally weightedwaveletfunctionsatdifferentscalesand
orientationsandtherebyincreasedthe perceived ageof a face
image.

Wu et al. [28] representedskin deformationsas a plastic-
visco-elasticprocessandgeneratedpermanentwrinklesthrough
a simulationof inelasticskin deformations.OÕTooleet al. [29]
applieda standardfacialcaricaturingalgorithmto 3-D models
of facesandreportedan increasein theperceived ageof faces
whenfacial creaseswereexaggeratedinto wrinkles anda de-
creasein theperceived age,whensuchcreaseswerede-empha-
sized.Gandhi[30] designeda supportvectormachine(SVM)
basedageprediction function and extendedthe imagebased
surfacedetail transferapproach[31] towardsemphasizingor
de-emphasizingwrinklesonfaceimages.Givensetal. [32] ana-
lyzedtheroleof variousco-variatessuchasage,gender, expres-
sion,facialhair, etc.,in affectingtheperformanceof threeface
recognitionalgorithmsand notedthat older faceswere often
easierto recognizethanyoungerfaces.

B. ProblemStatement

While faceimageshave traditionallybeenusedin identiÞca-
tion documentssuchaspassports,driverÕs licenses,voter ID,
etc., in recentyears,faceimagesarebeing increasinglyused
as additionalmeansof authenticationin applicationssuchas
credit/debitcardsandin placesof highsecurity.Sincefacesun-
dergogradualvariationsduetoaging,periodicallyupdatingface
databaseswith morerecentimagesof subjectsmight beneces-
saryfor thesuccessof facerecognitionsystems.Sinceperiod-
ically updatingsuchlargedatabaseswould bea tedioustask,a
betteralternativewould beto developfacerecognitionsystems
that verify the identity of individuals from a pair of agesep-
aratedfaceimages.Understandingthe role of ageprogression
in affecting thesimilarity betweentwo faceimagesof an indi-
vidual is importantin suchtasks.

We wish to addressthefollowing problem:How similar is a
pair of ageseparatedfaceimagesof anindividual?How do in-
herentchangesin a humanfacedueto aging,affect facialsim-
ilarity? Given a pair of ageseparatedfaceimagesof an indi-
vidual,whatis theconÞdencemeasureassociatedwith verifying
his/heridentity?Our databasecomprisesof pairs(youngerand
mostrecent)of faceimagesretrieved from thepassportsof 465
individuals.TableI summarizesthedatabase.Theagespanof
individualsin ourdatabaseis 20yearsto 70years.Fig. 1 shows
a few sampleimagesfrom our database.

Thoughpassportimagesaregenerallytakenundercontrolled
environments,subtlevariationsin headposetendto exist and
hencefaceimagesarenotstrictly frontalin pose.Further, weob-
servedmany instanceswherepassportimagesweretakenunder
nonuniformillumination conditions.To studyageprogression
in humanfaces,it is crucial to reducevariationsdueto factors
suchasheadposeandillumination. In SectionII, we propose
methodsto recover a frontal facefrom nonfrontalfaceimages
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Fig. 1. Somesampleage-separatedimagesof individualsretrieved from their passports.

TABLE I
DATABASE OF PASSPORT IMAGES

and to correct for nonuniformillumination on faces.In Sec-
tion III, we build a Bayesianage-differenceclassiÞer thatveri-
Þestheidentitybetweenapairof ageseparatedfaceimagesand
estimatesthe agedifferencebetweena pair of faceimages.In
SectionIV, westudythesimilarity of facesacrossageprogres-
sionandhighlightsomeof theinterestingresultsobtainedusing
theproposedsimilarity measure.SectionV discussessomedi-
rectionsfor futurework.

II. POSECORRECTIONAND ILLUMIN ATION COMPENSATION

A. Frontal FaceRecovery

In this section,we proposea methodto recover the frontal
faceof an individual from a nonfrontalfaceimage.Blanzand
Vetter, in theirseminalworkon3-Dmorphablemodelsfor faces
[33], [5], estimatethe 3-D shapeand texture of facesfrom a
singlefaceimageandperformfacerecognitionacrossvarying
poseandillumination.Ourmethoddrawsinspirationfrom their
work. But thecomputationalsimplicity of our methodcoupled
with theneedfor very little manualintervention,if any, makes
ourapproachmoresuitableto therecoveryof frontalfacesfrom
nonfrontalpassportimages.Headposeorientationsaregener-
ally describedusingthreeangles,namely, pitch, yaw, androll.
Thoughposevariationsin passportimagesaregenerallysmall,
in our datasetwe observedthat the faceorientationsdescribed
by theyaw angleweresigniÞcantlydifferentfromthatof frontal
faces.Hence,wefocusonrecoveringthefrontal facefrom face
imageswherethe yaw angleis nontrivial. The methodis triv-
ially extendableto posecorrectionon rotationsabouttheother
two axes.Our approachis describedin detail,below.

Our training set comprisesof 3-D head scans of 100
faces. Let and be
the correspondingshapeand texture vectorsextracted from
the 3-D head scans of the 100 faces. The shape vector

represents the
coordinatesof vertices and the texture vector

representsthegrayscaleintensitiesat the
correspondingvertices.Let correspondto the rotation

matrix for ayaw angle . The3-D facesarerotatedby different
angles andthecorrespondingtexturesareextractedby appro-
priately mappingthe frontal facetexturesto facesrotatedby
suchangles.Let bethefunctionthatmapsfrontalfacetextures
to facesin differentorientationsandlet ,
correspondto thetextureof facesfrom thetrainingset,rotated
by a yaw angle . , can be computed
asbelow. In (1), correspondsto theorthographicprojection
matrix

(1)

Thereexistsanunderlyingcorrelationbetweentheshapeof a
faceandthecorrespondingfacialtexture.Ourapproachis based
on exploiting the underlyingcorrelationbetweenthe two at-
tributes.Weapplytheprincipalcomponentanalysis[34] on the
texture andshapevectors andconstructtheir
respectiveeigenspaces.Let theeigenvectorsof thetexturespace

and shapespace be
and , respectively. By projectingthe
shapeandtexturevectorsat differentorientationsontotheir re-
spectiveeigenspaces,werepresentthemby meansof theirprin-
cipal components

(2)

(3)

Hence, each pair of texture and shape vector of a
face is rep-
resented by its principal component vector pairs

. We assume
that the principal componentsfrom the respective spacesare
jointly Gaussianandestimatethe joint probabilitydistribution

.
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Fig. 2. Recovery of frontal faces:Imagesin the top andbottomrows illustratethe recovery of frontal facesfrom nonfrontalfaceswith a ���������
	�� and
�
��������	�� , respectively.

Next, given a nonfrontalcolor image of an individual, we
extract the faceregion using statisticalcolor modelsfor skin
detection[35]. Usinga largenumberof imageson which skin
andnonskinregionshadbeenmanuallyselected,we construct
skinandnonskinhistogrammodelsanddesignaBayesclassiÞer
[34] toperformskindetection.Let and bethepixel
countsfor skinandnonskinhistogramsrespectively and and

, the total pixel countsin the skin andnonskinhistograms
respectively. TheprobabilitiesaredeÞnedas

(4)

(5)

Thedetectedskin region in the input imageservesasa cueto
estimatethescaleof theinput image.To estimatetheheadpose
of the input image,we align the grayscaleinput image
with an appropriatelyscaledaverageface abouttheir nose
locationsandcomputethe disparitybetweentheir edgemaps

and respectively. The orientation that minimizesthe
disparitybetweenthe edgemapsservesasan estimateof the
headpose.Sinceheadposevariationsin passportimagestend
to be small, we limit our searchspaceto the range( to

)

(6)

Having estimatedtheposeof theinput imageas , theinput
imageis projectedon the texture space spannedby

and the principal componentson the texture spaceare com-
puted.Theprincipalcomponentson theshapespace aresub-
sequentlyestimatedasillustratedasfollows:

(7)

(8)

Having estimated , we computethe 3-D shapeof the input
faceimageandrecover thefrontal faceimage

(9)

(10)

To illustrate the performanceof our method,we generated
nonfrontalimagesof four individuals from our training setat
orientations and . For this experiment,the training
setthatwas usedto createtheeigenspacescomprisedof shape
and texture of the remaining96 individuals from the original
trainingset.Fig. 2 showstherecoveredfrontal faceimagescor-
respondingto thefour nonfrontalfaces.Accuratefacelocaliza-
tion is akey to thesuccessof ourmethod.Sincetheeigenspaces
for shapeandtexture canbe computedoff-line, the methodis
computationallysimple.Thepresenceof darkglassesor facial
hair affectsposeestimationandhenceaffectstheperformance
of our method.

B. Illumination Compensation

While mostfacerecognitionsystemsperformcommendably
well onfacestakenunderuniformilluminationconditions,their
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TABLE II
EVALUATION OF HALF-FACES: RANK 1 RECOGNITION SCOREUSING EIGENFACESON FULL FACESAND HALF-FACES

Fig. 3. Imagesof anindividualundereachof ninedifferentilluminationconditionsfrom thePIEdataset[43]. With imagesfrom eachof � , ���������	��
���
�
�
���� as
thegallery andimagesfrom � , and ���

�

� astheprobe,a round-robinrecognitionexperimentwas performed.

performancedropswhenpresentedwith facesthatwerenonuni-
formly illuminated. Belhumeuret al. [36] discusssubspace
methodsfor face recognitionand cite that ignoring the Þrst
few principal componentsimproves recognitionperformance
in thepresenceof nonuniformillumination. Georghiadeset al.
[6] proposedtheillumination conemodelfor facerecognition.
From a set of training imagesfor eachface,3-D modelsare
reconstructedandsubsequentlyusedto createsyntheticimages
of facesunderdifferentillumination conditionsandposes.The
Lambertiansurface approximationof facesenablesthe illu-
minationconeto be well-approximatedby a low-dimensional
linearsubspace.BasriandJacobs[37] have shown that theset
of imagesof aconvex Lambertianobjectunderarbitraryillumi-
nation conditionscan be approximatedby a low-dimensional
linear subspace.They constructthe sphericalharmonicbasis
imagesfor facesandsubsequentlyproposea simpleschemeto
performfacerecognition.Leeet al. [38] proposedaneffective
approximationto thebasisimagesusingninesinglelight source
imagesof a faceandreportedgoodrecognitionperformance.
Recently, Aggarwal and Chellappa[39] proposedmethods
to perform facerecognitionin the presenceof multiple light
sources.

However, mostof theseapproachesneedasetof trainingim-
agesfor eachsubjector 3-D scansof the subjectsin the data-
base.Real-life faceimagesoften containspecularreßections
andhence,do not strictly exhibit the propertiesof a Lamber-
tiansurface.In thecaseof faceimagesretrieved from passports,
neitheraremultiplefaceimagespersubjectavailablenorarethe
faceimagesfree from specularreßections.Thenonuniformity
in illumination in passportimagesis often dueto imbalances
in theilluminationoneithersidesof theface.Self-shadowsand
specularreßectionsaresomeof themostcommoneffectsof un-
controlledilluminationonfaces.Given theaforementionedcon-

straints,we proposea simpleapproachtowardscircumventing
nonuniformillumination in face imagesretrieved from pass-
ports.Weassumethatfacesarebilaterallysymmetricandrepre-
sentnonuniformlyilluminatedfaceswith thebetterilluminated
half anddiscardthepoorly illuminatedhalf.Bilateralsymmetry
of humanfaceshasbeenusedearlier in SFSproblems[40].
Further, psychophysical experimentsconductedby Troje and
Bulthoff [41] illustratetheroleof bilateralsymmetryof human
facesin recognizingfacesacrossnovel views.On thecontrary,
Liu etal. [13] andMartinez[42] studiedtheasymmetriesin ei-
ther halvesof the humanfaceandusedthe samefor studying
facialexpressions.

Fromarecognitionperspective, how effective is theassump-
tionof bilateralsymmetryof humanfacestocircumventnonuni-
form illumination acrossfaces?To answerthis question,we
performedan eigenfacebasedrecognitionexperimenton the
PIE dataset[43]. Thedetailsof theexperimentsareasfollows:
Frontal facesof 68 individuals in nine different illumination
conditions underthe
PIEnomenclature,wereselected.Facerecognitionis performed
in a round-robinfashion( comprisesthe gallery setand ,

comprisesthe probeset) and the performanceof full-
facesasagainstbetterilluminatedhalf-faceswas studied.The
eigenspacesfor full-f acesandhalf-faceswerecreatedusingwell
illuminatedfrontal faceimagesfrom theYaleFaceDatabaseB
[6]. Table II reportsthe rank 1 recognitionscoresunderboth
thesettings.Fig. 3 shows thefaceimagesfrom eachof thenine
illuminationconditions.Thenontrivial improvementin recogni-
tion performanceonexperimentssuchas( versus ), (
versus ) illustratetheeffectivenessof theproposedapproach
in challengingenvironments.

For theveriÞcationproblem,we illustratethesigniÞcanceof
half-facesin computinga similarity measureon imagesof an



3354 IEEETRANSACTIONSON IMAGE PROCESSING,VOL. 15,NO. 11,NOVEMBER 2006

Fig. 4. Facialsimilarity experiment:Imagesof an individual takenunderdif-
ferentillumination conditionsandtheir correspondinghalf faceswith betteril-
lumination.

TABLE III
FACIAL SIMILARITY SCORES: SET I CORRESPONDSTO FULL

FACESAND SET II CORRESPONDSTO HALF-FACESFACES

individual taken undervarying illumination conditions.Fig. 4
displaysthe 12 test imagesof an individual and their respec-
tivehalf-faceswith betterillumination.Wecreateaneigenspace

usinga large numberof well illuminated frontal facesand
aneigenspace usingtheir half-faces.Thefull-f acesandhalf-
facesfromthetestsetareprojectedonto theirrespectivespaces.
DeÞningasimilarity measurebetweentwo imagesbasedonthe
correlationbetweentheir eigenspacecoefÞcients,we compute
the similarity measurebetweenthe Þrst testimageandthe re-
maining11 testimages.Thesimilarity scorescomputedusing
full faces(SetI) andhalf-faces(SetII) aretabulatedin TableIII.
Half-facesperformedbetteron thoseimagesampleswhereone
half of the facewas better illuminated, half-facesperformed
better.

Next, wedeÞneacriterionfunctiontowardstheautomaticse-
lectionof thebetterhalf-facesfrom regularfaceimages.Given
, a frontal faceimageof size we extract and ,

the right half andthe mirror reßectedleft half of . Let
denotethecolumn-wisemeanintensityof

. Themeanintensitycurve of , is deÞnedas

(11)

where denotesthemeanof and denotestheEu-
clideannorm.Thedifferencebetweenthemeanintensitycurves
of eitherhalvesof the faceis a measureof thedisparityin the
spreadof illumination betweenthetwo halvesof theface

(12)

Fig. 5. Half-facesselectioncriterion. Green:Optimal meanintensity curve.
Red:Meanintensitycurve from theright half of theface.Blue:Meanintensity
curve from themirror reßectedleft half of the face.Someof the imagesfrom
theAR facedatabase[44] wereusedfor illustrationpurposes.

A low indicatesthat the spreadof illumination across
eitherhalvesof thefaceis comparable.

Next, usingtheabovemeasurewecomputetheoptimalmean
intensitycurvefor frontal faceimages.We computethe
on faceimagesfrom a large gallery of faces.If ,
where is a predeÞnedthreshold,thenthe faceimageis clas-
siÞedasoptimally illuminated.From suchoptimally illumi-
natedfaceimages,wecomputetheoptimalmeanintensitycurve
as

(13)

Thecriterionfunctionfor theselectionof thebetterhalf face
is deÞnedasfollows:

(14)

(15)

Fig. 5 illustratesthemeanintensitycurvesfor bothhalvesof
facesunderdifferentillumination conditions.

III. AGE DIFFERENCECLASSIFIER

In this section,we develop an agedifferenceclassiÞer de-
signedprimarily for thepurposeof establishingtheidentitybe-
tweenapairof ageseparatedfaceimagesandfor estimatingthe
ageseparationbetweenthepair of faceimages.It hasbeenob-
served thatwhile facesundergo signiÞcantvariationsin shape
from infancy to teenageyears,they undergoconsiderablylesser
variationsin shapeduringadulthood.During adulthood,aging
effectsin facesaremorecommonlyobservedin theform of tex-
tural variationssuchaswrinklesandotherskin artifacts.Facial
wrinklesareprimarily attributedto factorssuchaslossof skin
elasticity(dueto lesserproductionof collagen),habitualfacial
expressions,effectsof gravity on facialmuscles,over exposure
to sunÕs rays,etc.

Sincethedatabaseof passportimagescomprisesof individ-
uals in the age range(20 yearsto 70 years),the agediffer-
enceclassiÞer is developedprimarily to verify adult faceim-
agesacrossageprogression.Hence,in our formulationtheage-
differencebasedclassiÞcationof faceimagesis basedon tex-
tural variationsthat are commonly observed in facesdue to
aging.Acrosseachpair of faceimages,we computethe dif-
ferenceimageby subtractingthe morerecentimagefrom the
olderimage.Thedifferenceimage,whencomputedbetweenage
separatedimagesof thesameindividual(intrapersonalimages),
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Fig. 6. Averagedifferenceimagesfrom theintrapersonal(undereachof thefour age-differencecategories)andextrapersonalclasses.

capturesfacial variationsdue to agingeffects. Intuitively, the
differenceimagesobtainedfrom the intrapersonalimagepairs
(imagepairsof thesameindividual)with smallerageseparation
wouldbelessexaggeratedthanthatobtainedfrom theintraper-
sonalimagepairswith largerageseparation.Further, onewould
expect the differenceimagesobtainedfrom imagesbelonging
to different individuals (extrapersonalimages)to be different
from the onesobtainedfrom intrapersonalimagesdue to the
largemismatchin facial features.Fig. 6 illustratestheaverage
differenceimagescomputedfrom intrapersonalimageswith an
ageseparationof 1Ð2 years,3Ð4 years,5Ð7 years,8Ð9 years,
andthatcomputedfrom extrapersonalimages.Thesaggingof
facialfeaturesbecomesprominentin theaveragedifferenceim-
agesobtainedfrom intrapersonalimagesasthe agedifference
increases.Prior to classiÞcationof facesbasedon agediffer-
ences,weperformthepreprocessingstepsdiscussedin thepre-
vioussectionto reducevariationsdueto poseandillumination.

A. BayesianFramework

We proposea Bayesianage-differenceclassiÞer that is built
on a probabilisticeigenspacesframework [45]. Theframework
proposedin [45] was adoptedprimarily to estimatecomplex
densityfunctionsin high-dimensionalimagespacesand sub-
sequentlyto computeclassconditionaldensityfunctions.The
classiÞcationof pairsof faceimagesbasedon their age-differ-
ences,consistsof two stages.In theÞrst stageof classiÞcation,
theidentitybetweenthepairof faceimagesisestablished.In the
secondstage,thepairsof ageseparatedfaceimagesthatwere
identiÞedasintrapersonalimagesarefurtherclassiÞedbasedon
their agedifferences.

Let denotetheintrapersonalspaceandlet denotethe
extrapersonalspace.Let bethe
set of 1 vectorsformed by the lexicographicorderingof
pixels in eachof the pairsof half-faces.The intrapersonal
imagedifferences areobtainedby thedifferenceof in-
dividualsÕpairsof half-faces

(16)

The extrapersonalimagedifferences areobtainedby
thedifferenceof half-facesof differentindividuals

(17)

First,fromasetof intrapersonalimagedifferences
, we estimatethelikelihoodfunctionfor thedata .

We assumetheintrapersonaldifferenceimagesto beGaussian
distributed.UponperformingaKarhunenLoeveTransform[46]
on thetrainingdatawe getthebasisvectors thatspan
the intrapersonalspace.But dueto the high dimensionalityof
datasucha computationis infeasible.We performPCA [34]
andextract the basisvectors thatcapture99%vari-
ancein the data.The spacespannedby corresponds
to theprincipalsubspaceor thefeaturespace . Theremaining
basisvectors spantheorthogonalcomplementspace
or theerrorspace . Thelikelihoodfunction is esti-
matedas

(18)

where are the principal componentfeature
vectorsand aretheeigenvalues.Themarginal densityin the
orthogonalcomplementspace is estimatedusingthe
error in PCA reconstruction andthe
estimatedvariancealongeachdimensionin theorthogonalsub-
space, . The sum is
estimatedby Þtting a cubic spline function on the computed
eigenvalues andsubsequentlyextrapolatingthe func-
tion.

Next, from a set of extrapersonal image differences
, we estimatethelikelihoodfunction .

Adoptinga similar approachasbefore,theextrapersonalspace
is decomposedinto two complementaryspaces:the feature
spaceand the error space.Sincethe assumptionof Gaussian
distribution of extrapersonalimagedifferencesmay not hold,
we adopta parametricmixturemodel(mixtureof Gaussian)to
estimatethe marginal densityin the featurespaceand follow
a similar approachto estimatethe marginal density in the
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Fig. 7. Overview of theBayesianage-differenceclassiÞer.

orthogonalcomplementspace.We estimatethe likelihoodfor
thedataas

where

(19)

(20)

is Gaussianwith parameters and cor-
respondto themixing parameterssuchthat . We
solve theestimationproblemusingtheexpectation-maximiza-
tion algorithm[47].

During the Þrst stageof classiÞcation,given a pair of age
separatedfaceimages,weextractthewell illuminatedhalf-faces

and andcomputethedifferenceimage . The
a posterioriprobability is computedusingtheBayes
rule

(21)

TheclassiÞcationof theimagedifferenceasintrapersonalor ex-
trapersonalisbasedonamaximumaposteriori(MAP) rule.For
operationalconditions, and aresetequalandthe
differenceimage is classiÞedasintra personalif

.
Thesecondstageof classiÞcationdealswith classifyingthe

intrapersonalimagepairsinto oneof many agedifferencecate-
gories.For eachof thefourage-differencecategories(1Ð2years,
3Ð4 years,5Ð7 years,and8Ð9 years),webuild theintrapersonal
spacesdenotedas , , , . Next, from a setof age-dif-
ferencebasedintrapersonaldifferenceimageswe estimatethe
likelihoodfunction , 1, 2, 3, 4 for eachof thefour
age-differencecategories.Given a differenceimage thathas
beenclassiÞed as intrapersonal,we computethe a posteriori
probability with 1, 2, 3, 4 as

(22)

Thus,if for all , 1, 2, 3,
4, then is identiÞed to be the classto which the difference

image belongs.Fig. 7 givesa completeoverview of theage-
differenceclassiÞer.

B. ExperimentsandResults

Using the above formulation, we performedclassiÞcation
experimentson the passportdatabase.We selectedpairs of
betterilluminatedhalf-facesof 200 individualsfrom the data-
base.Using their intrapersonalimagedifferences,we created
the intrapersonalspace . Computingthe extra personaldif-
ferenceimages(by randomlyselectingtwo imagesof different
individualsfrom the200pairsof images)wecreatedtheextrap-
ersonalspace . We createdtwo setsof imagedifferences:Set
I comprisedof intrapersonaldifferenceimagescomputedfrom
thehalf-facesof 465 imagepairsfrom thedatabaseandSetII
comprisedof 465 extrapersonaldifferenceimagescomputed
by a randomselectionof half-facesof different individuals
from thedatabase.The imagepairsfrom SetI andSetII were
classiÞedaseitherintrapersonalor extrapersonal.

Duringthesecondstageof classiÞcation,50pairsof half-face
imagesfrom eachof the following age-differencecategories
1Ð2 years,3Ð4 years,5Ð7 years,and8Ð9 yearswererandomly
selectedand their correspondingdifferenceimagesubspaces
namely, , , , , werecreated.The imagepairs from
SetI thatwereclassiÞedasintrapersonalwerefurtherclassiÞed
into oneof thefour age-differencecategoriesusingtheformu-
lation discussedpreviously. TheclassiÞcationexperimentwas
repeatedmany timesusingdifferentsetsof imagesfrom each
age-differencecategory to createthe intrapersonalspaces.The
classiÞcationresultsarereportedin TableIV in theform of per-
centageof imagesundereachcategory thatwereclassiÞedinto
oneof thefourclasses.Themeansandthestandarddeviationsof
theclassiÞcationresultsgeneratedfrom themany iterationsare
reportedin TableIV. The bold entriesin the tablecorrespond
to the percentageof imagepairsthat werecorrectlyclassiÞed
to their age-differencecategory.Theentrieswithin parenthesis
denotethestandarddeviations.

TheclassiÞcationresultscanbesummarizedasfollows.
¥ At theoperatingpoint,99%of thedifferenceimagesfrom

Set I were correctly classiÞed as intrapersonal.83% of
the differenceimagesfrom Set II were correctly classi-
Þedasextrapersonal.It was observedthattheimagepairs
from SetI thatweremisclassiÞedasextrapersonaldiffered
fromeachothersigniÞcantlyeitherin facialhairorglasses.
Moreover, theaverageagedifferenceof intrapersonalim-
agesthatweremisclassiÞedwas 7.4 years.TheROC plot



RAMANATHAN AND CHELLAPPA: FACE VERIFICATION ACROSSAGE PROGRESSION 3357

TABLE IV
OVERALL RESULTS OF THE BAYESIAN AGE-DIFFERENCECLASSIFIER

Fig. 8. FaceveriÞcationresults:ROC curve. (Color versionavailableonlineat http://ieeexplore.ieee.org.)

in Fig. 8 wasgeneratedby varyingthethresholdsadopted
for classiÞcation.Theequalerrorrateis 8.5%.

¥ Whentheimagepairsfrom SetI thatwerecorrectlyclassi-
ÞedasintrapersonalwereclassiÞedfurtherbasedon age-
differences,it was observed that image pairs with little
variationsdueto factorssuchasfacialexpressions,glasses
andfacialhairweremoreoftenclassiÞedcorrectlyto their
respective age-differencecategory.

¥ Imagepairs, that belongto the agedifferencecategories
1Ð2 yearsor 3Ð4 yearsor 5Ð7 years,with signiÞcantdif-
ferencesin facialhairor expressionsor glasses,weremis-
classiÞedunderthecategory8Ð9 years.Since wasbuilt
usingimagesfrom theagedifferencecategory8Ð9 years,it
spansmoreintra pair variationsthanthosecomparedwith
the other threeagedifferencecategories,and,hence,the
above trendis observed.

To studytheeffectsof externalvariations,suchasfacialhair,
glasses,and facial expressionson classiÞcationaccuracy, im-
ageswith suchvariationswere identiÞed andclassiÞed sepa-
rately. The imagesfrom the databasewere divided into four
setsÑ oneswith differencesin facialhair, differencesin glasses,
differencesin facialexpressionsandÞnally, oneswith little ex-
ternalvariations(henceforth,addressedasnonvariateimages).
Thoseimageswith variationsdueto multiple external factors
wereclassiÞedbasedon the mostdominantfactorthat caused
the variations.ClassiÞcationresultsfor nonvariateimagesare
reportedin TableV. TheclassiÞcationresultson imagespairs
with variationsin facialexpressions,glasses,facialhair arere-
portedin TablesVIÐVIII, respectively.

¥ A comparisonof theclassiÞcationresultsin TablesIV and
V highlightsthebiasintroducedby externalfactorssuchas
facialhair, glassesandfacialexpressiononage-difference
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TABLE V
CLASSIFICATION RESULTS ON NON-VARIATE IMAGESPAIRS

TABLE VI
CLASSIFICATION RESULTS ON IMAGESPAIRS WITH FACIAL EXPRESSIONS

TABLE VII
CLASSIFICATION RESULTS ON IMAGESPAIRS WITH GLASSES

TABLE VIII
CLASSIFICATION RESULTS ON IMAGESPAIRS WITH FACIAL HAIR

basedclassiÞcation.While classiÞcationresultsimproved
in theage-differencecategories1Ð2 years,3Ð4 years,and
5Ð6 yearson imagepairswith little variations,classiÞca-
tion resultsin the 8Ð9 yearscategory were lessaccurate
whencomparedto thatobtainedon theoriginal imageset.

¥ As observedin TablesVIÐVIII, age-differencebasedclas-
siÞcation suffers heavily in the presenceof factorssuch
facialhair, glasses,andfacialexpressions.Sincethevari-
ations inducedby thesefactorsmask variationsdue to
agingeffects,imagepairswith lowerage-differenceswere
moreoftenclassiÞedinto theage-differencecategory 8Ð9
years.

Theeigenspacedecompositionwhich formsaninherentpart
of the densityestimationprocessreducescomputationalcom-
plexities signiÞcantly.Further, sincetheestimationof theclass
conditionaldensityfunctionsisanoff-line process,thereal-time
computationsinvolvedin classifyingimagepairsbasedon age
differencesaresimple.

IV. SIMILARITY MEASURE

Wedesignedthefollowing experimentto studyhow agepro-
gressionaffectsthemeasureof facialsimilarity. We createdan
eigenspaceusing200half-facesretrieved from thedatabaseof
passportimages.The465pairsof half-faceswereprojectedonto

thespaceof eigenfacesandwererepresentedby theprojections
along the eigenfacesthat correspondto 95% of the variance.
We adoptthesimilarity measureproposedin SectionII. Since
illumination andposevariationsacrosseachpair of half-faces
is minimal, thesimilarity scorebetweeneachpair would beaf-
fectedby factorssuchasageprogression,facialexpressionvari-
ationsandocclusionsdueto facialhairandglasses.Wedivided
our databaseinto two sets:theÞrst setcomprisedof thoseim-
ageswhereeachpair of passportimageshadsimilar facialex-
pressionsandsimilarocclusionsif any, dueto glassesandfacial
hair.Thesecondsetcomprisedof thosepairsof passportimages
wheredifferencesdueto facialexpressionsor occlusionsdueto
glassesandfacialhair weresigniÞcant.

Thedistributionof similarity scoresacrosstheage-difference
categories1Ð2 years,3Ð4 years,5Ð7 years,and8Ð9 years,is
plottedin Fig.9.Thestatisticalvariationsin thesimilarityscores
acrosseachage-differencecategoryandacrosseachsetof pass-
port imagesaretabulatedin TableIX.

¥ FromFig.9,wenotethatastheagedifferencebetweenthe
pairsof imagesincreases,the proportionof imageswith
high similarity scoresdecreases.

¥ While thedistributionof similarityscoreshasastrongpeak
for category 1Ð2 years,it ßattensout graduallyastheage
differenceincreases.
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Fig. 9. Facialsimilarity acrosstime: Distribution of similarity scoresacrossage.(Color versionavailableonlineat http://ieeexplore.ieee.org.)

TABLE IX
SIMILARITY MEASURE

¥ FromTableIX, wenotethatastheagedifferenceincreases,
acrossboththesetsof imagesandacrossall thevariations
suchasexpressions,glassesandfacialhair, themeansim-
ilarity scoredropsgraduallyandthevarianceof thesimi-
larity scoresincreases.

¥ Within eachage-differencecategory, weseeanotabledrop
in similarity scoreswhenvariationsdueto expressionsand
facialhair aremorepronounced.

V. DISCUSSIONSAND CONCLUSION

From a face recognition perspective, understandingthe
processof ageprogressionin humanfacesis crucial towards
the developmentof face recognitionsystemsthat are robust
to aging effects and in the successfuldeployment of such
systems.Someof the limitations one faceswhile addressing
ageprogressionin humanfacesasdiscussedasfollows.

¥ Modeling the complex shapevariationshumanfacesun-
dergoduringoneÕsyoungeryearsor thetexturalvariations
that are observed during the later yearsis a very chal-
lenging task.Apart from biological factors,sincefactors
as diverseas ethnicity, climatic conditions,food intake,
mentalstress,etc.,alsocontributetowardsagingeffects,it
is naturalto expectdifferentindividualsto agedifferently.

¥ Manifestationsof aging effects in humanfacessuch as
shapeandtextural variationscanbebestunderstoodusing
3-D scansof humanheads.With 3-D headscansbecoming
increasinglyavailable,we anticipatethe developmentof
morerobustmethodsto addressageprogressionin thefu-
ture.

¥ Lack of databasesof ageprogressedfaceimagesof indi-
vidualsis anotherreasonfor lesserresearchon this topic.
Only recently, the FG-Netaging database[48] that con-
tainsreallife imagesof many individualsacrossages,has
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becomepublicly available.Sincereallife imagesareoften
takenunderuncontrolledenvironments,theageseparated
imagesin thisdatabasediffer signiÞcantlyin otheraspects
such as illumination and pose.Such external variations
needto beminimizedbeforestudyingagingeffects.

Our primary objective was to study the effectsof agepro-
gressionon facial similarity measureand to develop systems
thatcanperceiveageseparationbetweenapairof imagesof an
individual. The relatively well-controlledenvironmentsunder
which passportimagesaretaken,make themideally suitedfor
studyingtheeffectsof ageprogressionin humanfaces.Wepre-
sentedaBayesianage-differenceclassiÞerthatidentiÞestheage
separationbetweenapairof faceimagesof anindividual.In our
formulation,the differenceimagesobtainedfrom a pair of in-
trapersonalageseparatedfaceimagesformedtheprimarybasis
for classiÞcation.While thecharacterizationof theintrapersonal
differenceimageswerebasedon their agedifferences,theage
groupto which the imagepairsbelongedto, werenot consid-
eredprimarily dueto lack of sufÞcientsamplesto characterize
suchvariationsfor eachagegroup.While themethodpresented
in this paperis suitableto handleageprogressionin adult face
images,sinceit doesnot accountfor shapevariationsin faces,
it maynotbeeffective for handlingageprogressionin faceim-
agesof children.We also studiedfacial similarity acrossage
progressionandhighlightedthe role of ageprogressionin af-
fectingsimilarity scores.Themethodspresentedto addressage
progressionin humanfaceshave direct relevanceto passport
imagerenewal applications.
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