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FaceVeribcationAcrossAge Progression

NarayanarRamanatharStudentMembeylEEE, and RamaChellappaFellow, IEEE

Abstract—Human facesundergo considerableamountsof varia-
tions with aging. While facerecognitionsystemshave beenproven
to be sensitive to factors suchasillumination and pose,their sen-
sitivity to facial aging effectsis yet to be studied. How doesage
progressionaffect the similarity betweena pair of face imagesof
anindividual? What is the conbdenceassociatedvith establishing
the identity betweena pair of ageseparatedface images?In this
paper, wedevelopaBayesianagediffer enceclassibetthat classibes
faceimagesof individuals basedon agediffer encesand performs
faceveribcationacrossageprogression Further, we study the sim-
ilarity of facesacrossageprogression Sinceageseparatedfaceim-
agesinvariably differ in illumination and pose,we proposeprepro-
cessingmethodsfor minimizing suchvariations. Experimental re-
sults using a databasecomprising of pairs of faceimagesthat were
retrieved from the passportsof 465individuals are presented The
veribcation systemfor facesseparatedby as many as nine years,
attains an equal error rate of 8.5%.

Index Terms—Age progression,face recognition, face veribca-
tion, probabilistic eigenspacessimilarity measure.

I. INTRODUCTION

ERCEIVING humanfacesand modeling the distinctive

featuresf humanfacesthatcontribute mosttowardsface
recognitionaresomeof thechallenge$acedby computewision
and psychoplysicsresearcherddumanfacesbelongto a spe-
cial classof 3-D objects,modelingwhich involvesdeveloping
accuratecharacterizationshat accountfor illumination, head
posevariations facialexpressionsetc. Moreover, humanfaces
alsoundego growth relatedchangeghataremanifestedn the
form of shapeand textural variations.Hence,the robustness
to variationsdueto factorssuchasillumination, pose,facial
expressionsaging, etc., is a signibcantmetric in evaluating
facerecognitionsystemsQver theyears,mary still-imageand
video basedfacerecognitionalgorithmshave beendeveloped.
Zhaoet al. [2] provide a thoroughqualitative analysisof the
mary differentfacerecognitionalgorithms.Recently goodto
very good recognition performanceacrossillumination and
posevariationswere demonstratedhy Zhangand Samarag3]
andZhouandChellappd4], BlanzandVetter[5], Geoghiades
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etal. [6], andGrossetal. [7]. Moreover, mary approachebave
beenproposedor modelingfacial expressionsFacial Action
Codingsystemg8] have contritutedsignibcantlytowardschar
acterizingfacial expressionsYacooband Davis [9], Essaand
Pentland10], Martinez[11], Tianetal. [12], andLiu etal. [13]
have proposedapproachedor identifying facial expressions
from faceimages Decadeof dedicatedesearcltoupledwith
the adwent of standardizedperformanceevaluation protocols
suchasFERET[14], [15], and FRVT [16] have enhancedhe
commerciakignibcancef facerecognitionsystems.

Though psychoplysical studies have contrituted signib-
cantly towards the perceptionof growing facesand towards
understandingranioficial growth, age progressiorin human
faceshaslargely beenignoredwhile developingfacerecogni-
tion systemsModeling age progressionin humanfacesis a
very challengingtask. Facial aging effects are manifestedin
different forms in different age groups. While aging effects
are often manifestedn the form of shapevariationsin human
facesdueto the craniumOgrowth from infang to teenyears
[17], they aremorecommonlyobsenredin the form of textural
variations such 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 arole in the processof aging. Someof the interesting
applicationsof studyingage progressionn humanfacesare
discussedsfollows.

¥ Developingfacerecognitionsystemghatarerobustto age

progressiomvouldenablehesuccessfulleploymentofface
recognitionsystemsn public places Suchsystemsvould
behighly benebcialohomelandecurityapplicationsFur-
ther, developingsystemshatverify faceimagesacrossage
progressiorwould annulthe necessityof periodicallyup-
datinglargefacedatabasewith morerecentimages.

¥ Since different individuals age differently, developing

automaticageprogressiorsystemshat could predictthe
mary differentwaysapersoncould have agedwould have
asignibcanimpactin bndingmissingindividuals.
¥ Ethologicalstudieshave revealedthattheperceved ageof
anindividualsignibcanthaffectsthetypeandamounbfbe-
havior directedowardshim/herbyotherindividuals Hence,
building systemshatcouldreliablyestimateheageof indi-
viduals,wouldbeusefulfor developinghuman-robointer-
actionsystemsandhuman-computeinteractionsystems.

¥ Changesn facialappearanceareattributedto have a sig-
nibcantpsychosocialmpactonanindividual [17]. Studies
relatedto craniofacial growth areboundto help suigeons
andorthodontistsn treatingdisbgurementand deformi-
tiesin faces.

Before we formulate the problem, we provide a brief
overview of the previous work on age progressiornin human
faces.
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A. PreviousWork on Age Progression

Gibsor® ecologicalapproachtowards perception[18] and
Thompso® [19] pioneeringwork on geometrictransforma-
tions in the study of morphogenesisargely laid the founda-
tionsfor the studyof craniofacial growth. Sincethen,mary of
Thompso® approacheso morphogenesibave beenadopted
to describethe procesf craniofacialgronth. Shav etal. [20]
proposedhecardioidalstraintransformatiorfor globalremod-
eling of thehumanskull. PittengermndShav [21] studiedaging
facesasa seriesof viscal-elasticavents.They analyzedherel-
ative importanceof three characteristigpatternsof growth in
humarfacesnamelysheaystrain,andradialgrowth, ontheper
ceived ageof facesandobseredthatcardioidalstraintransfor
mationshadthemaximumimpactin affectingtheperceved age
of facesToddetal. [22] proposedheQeviseddcardioidalstrain
transformatiormodelfor craniofacialgronth. They treatedthe
humanheadasa 3uid blled sphericalatertankandperformed
a hydrostaticanalysison the effects of gravity on craniofacial
growth. Their hypothesiswas in accordancevith Wolff & Law
thatattributesstressasadirectstimulantto gronvth andproposes
thatagrowing structurechangesn accordancevith theamount
anddirectionof stressactingoniit.

Psychoplgsical evidencescollectedon age progressionin
humanfaceshave formedthebasisfor someof therecentworks
in this topic. In computervision, age progressionn human
faceshas beenstudied from two perspecties: one towards
developingautomaticageestimatiortechniqueso classifyface
imagesbasedon age and the other towards developing auto-
matic ageprogressiorsystemdo performfacerecognitionage
progressionKwonetal. [23] developeda systemthatclassbes
faceimagesinto oneof threeagegroups:infants,youngadults
and senior adults. Basedon the ratios of distancesbetween
key landmarksextractedfrom faceimagesthey classbedface
imagesasthatof infantsor adults.They alsoproposednethods
to detectwrinkles in predesignatedegions in face images
to further classify adult imagesinto young adultsand senior
adults.Lanitis et al. [24] proposedmethodsto simulateaging
effectson faceimages.They developedan agingfunctionthat
is basedon a parametricmodel of faceimagesand performed
taskssuchasautomaticageestimationfacerecognitionacross
ageprogressiongtc. Their databaseomprisedof faceimages
of individualsunder30 yearsof age.Further Lanitisetal. [25]
performeda quantitatve evaluationof the performanceof dif-
ferentclassbersfor thetaskof automaticageestimation.They
evaluated classbers basedon supervisedand unsupervised
neural networks and the minimum distanceclassper for the
taskof automaticageestimation.

Burt and Perrett[26] createdfacial prototypesfor different
agegroupsby averagingthe shapeandtexture of facesthatbe-
long to their respectie agegroups.They studiedthe variations
betweerfacial prototype<f differentagegroupsandobsenred
that by incorporatingsuchvariationsin faces,the perceved
ageof faceschangedbut suchfacial prototypesvereobsened
to be ineffective in capturingwrinkles that are characteristic
of elderly subjects.Tiddermanet al. [27] extendedthe above
approachhy compensatindor the lossof texture in the facial
prototypesthat occurredduring the blending process.Using
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wavelet-basedmethodsthey createdtexture enhancedoroto-
types by adjustingthe amplitude of edgesin the composite
image. Following the shapeand texture transformationsde-
scribedin [26], they transformedthe texture of faceimages
usinglocally weightedwaveletfunctionsat differentscalesand
orientationsandtherebyincreasedhe perceved ageof a face
image.

Wu et al. [28] representedkin deformationsas a plastic-
visco-elastiprocesandgenerategpermanentvrinklesthrough
asimulationof inelasticskin deformationsOdooleet al. [29]
applieda standardacial caricaturingalgorithmto 3-D models
of facesandreportedanincreasen the perceved ageof faces
whenfacial creasewere exaggeratednto wrinkles anda de-
creasen theperceved age whensuchcreasesverede-empha-
sized.Gandhi[30] designeda supportvectormachine(SVM)
basedage predictionfunction and extendedthe image based
surface detail transferapproach[31] towardsemphasizingor
de-emphasizingrrinklesonfaceimagesGivensetal. [32] ana-
lyzedtherole of variousco-variatessuchasage,genderexpres-
sion,facialhair, etc.,in affectingthe performancef threeface
recognitionalgorithmsand noted that older faceswere often
easierto recognizethanyoungerfaces.

B. ProblemStatement

While faceimageshave traditionally beenusedin identibca-
tion documentssuchas passportsdriver® licensesvoter ID,
etc., in recentyears,faceimagesare being increasinglyused
as additionalmeansof authenticatiorin applicationssuchas
credit/debitcardsandin placesof high security.Sincefacesun-
demgogradualariationsdueto aging,periodicallyupdatingface
databasewith morerecentimagesof subjectamight be neces-
saryfor the succes®f facerecognitionsystemsSinceperiod-
ically updatingsuchlarge databasewould be a tedioustask,a
betteralternatve would beto developfacerecognitionsystems
that verify the identity of individuals from a pair of age sep-
aratedfaceimages.Understandinghe role of ageprogression
in affecting the similarity betweentwo faceimagesof anindi-
vidual is importantin suchtasks.

We wish to addresghe following problem:How similaris a
pair of ageseparatedaceimagesof anindividual?How do in-
herentchangesn a humanfacedueto aging,affect facial sim-
ilarity? Given a pair of ageseparatedaceimagesof an indi-
vidual,whatis thecorbdencemeasurassociatewith verifying
his/heridentity? Our databaseomprisef pairs(youngerand
mostrecent)of faceimagesretrieved from the passport®f 465
individuals. Tablel summarizeshe databaseThe agespanof
individualsin our databasés 20 yearsto 70years.Fig. 1 shovs
afew sampleimagesfrom our database.

Thoughpassporimagesaregenerallytakenundercontrolled
ervironments,subtlevariationsin headposetendto exist and
hencdaceimagesarenotstrictly frontalin pose Furtherwe ob-
senedmary instancesvherepassporimageswveretakenunder
nonuniformillumination conditions.To studyageprogression
in humanfacesit is crucialto reducevariationsdueto factors
suchasheadposeandillumination. In Sectionll, we propose
methodsto recover a frontal facefrom nonfrontalfaceimages
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Fig. 1. Somesampleage-separateithagesof individualsretrieved from their passports.

TABLE |
DATABASE OF PASSPOR IMAGES

andto correctfor nonuniformillumination on faces.In Sec-
tion Ill, we build a Bayesiarage-diferenceclassber thatveri-

pestheidentity betweera pair of ageseparatefaceimagesand
estimateghe agedifferencebetweena pair of faceimages.n

SectionlV, we studythesimilarity of facesacrossageprogres-
sionandhighlightsomeof theinterestingesultsobtainedising
the proposedsimilarity measureSectionV discussesomedi-

rectionsfor future work.

Il. POSECORRECTIONAND [LLUMIN ATION COMPENSATION

A. Frontal FaceRecwery

In this section,we proposea methodto recover the frontal
faceof anindividual from a nonfrontalfaceimage.Blanz and
Vetter intheirseminaWwork on3-D morphablenodelsfor faces
[33], [5], estimatethe 3-D shapeand texture of facesfrom a
singlefaceimageandperformfacerecognitionacrossvarying
poseandillumination. Our methoddraws inspirationfrom their
work. But the computationakimplicity of our methodcoupled
with the needfor very little manualintervention,if arny, makes
ourapproachmoresuitableto therecovery of frontalfacesrom
nonfrontalpassporimages.Headposeorientationsare gener
ally describedusingthreeangles namely pitch, yaw, androll.
Thoughposevariationsin passportmagesaregenerallysmall,
in our datasetve obsenedthatthe faceorientationsdescribed
by theyaw angleweresignipcantlydifferentfrom thatof frontal
facesHence wefocusonrecoveringthefrontal facefrom face
imageswherethe yaw angleis nontrivial. The methodis triv-
ially extendableto posecorrectionon rotationsaboutthe other
two axes.Our approachs describedn detail,below.

Our training set comprisesof 3-D head scansof 100
faces. Let 517327-““-73100 and T, T, ...... Tioo be
the correspondingshapeand texture vectors extracted from
the 3-D head scans of the 100 faces. The shape vector

S = (T, Y1, 21y TN, YN, zn) T representsthe
(z,y,z) coordinatesof N vertices and the texture vector
T = (t1,t2,....tx)T representthegrayscaléntensitiesatthe
N correspondingvertices.Let Ry correspondo the rotation
matrix for ayaw anglef. The 3-D facesarerotatedby different
angled) andthecorrespondingexturesareextractedby appro-
priately mappingthe frontal facetexturesto facesrotatedby

suchanglesLet f bethefunctionthatmapsfrontalfacetextures
to facesin differentorientationsandlet Ti(e), 1=1,2,...,100

correspondo thetexture of facesfrom thetraining set,rotated
by a yaw angleé. Ti(g), 1 = 1,2,...,100 canbe computed
asbelow. In (1), P correspondso the orthographicprojection
matrix

s = PR,S;
T = f(1;, s9).

%

(1)

Thereexistsanunderlyingcorrelationbetweertheshapeof a
faceandthecorrespondindacialtexture.Ourapproachs based
on exploiting the underlying correlationbetweenthe two at-
tributes.We applytheprincipalcomponentinalysig34] onthe
texture{T")} N | andshapevectors{S;} ¥, andconstructheir
respectie eigenspaces.ettheeigervectorsof thetexturespace
T®) andshapespaceS be @ = (¢ ¢ . ... @)
and¥ = (¢y1,v9,......,%y), respectiely. By projectingthe
shapeandtexture vectorsat differentorientationsontotheir re-
spectie eigenspacesye representhemby meanof their prin-
cipal components

N
1O 104 30060 e N @)
7j=1

N
Si=S+Y B i€ (1.2,....N).

i=1

(3)

Hence, each pair of texture and shape vector of a

face [(T\”,81),(T{?.S,), ... .. (T, Sx)) is  rep-

resented by its principal component vector pairs
0 0 4

(i”,8,), (5", 8,), - (@V),B,)].  We  assume

that the principal componentdrom the respectie spacesare
jointly Gaussiarandestimatethe joint probability distribution

p(a?, B16).
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Fig. 2. Recorery of frontal faces:Imagesin the top and bottomrows illustrate the recovery of frontal facesfrom nonfrontalfaceswith a

°, respectiely.

Next, given a nonfrontalcolorimage! of anindividual, we
extract the faceregion using statisticalcolor modelsfor skin
detection[35]. Using a large numberof imageson which skin
andnonskinregionshadbeenmanuallyselectedwe construct
skinandnonskinhistogrammodelsanddesigraBayesclassber
[34] to performskindetectionLets[rgb] andn[rgh] bethepixel
countsfor skinandnonskinhistogramsespectiely and?’; and
T,, the total pixel countsin the skin and nonskinhistograms
respectiely. The probabilitiesaredebnedas

rgb rgh
Peebisiin) = L pegh  skin) = ZUE (g
P(skin|rgb) = P(rgblskin) P(skin) 5)

P(rgb)

The detectedskin region in the inputimagesenesasa cueto

estimatehe scaleof theinputimage.To estimateheheadpose
of the input image,we align the grayscalenput image 1,4,

with an appropriatelyscaledaveragefaceT? abouttheir nose
locationsand computethe disparity betweentheir edgemaps
I, and T? respectiely. The orientationé that minimizesthe
disparity betweenthe edgemapssenes as an estimateof the
headpose.Sinceheadposevariationsin passporimagestend
to be small, we limit our searchspaceto the range(—10° to
+10°)

6= argmin(,HIe - fg” (6)

Having estimatedhe poseof the input irrjageasé, theinput
imageis projectedon the texture spaceT(?) spannedy ®(?)
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° and

and the principal componentn the texture spaceare com-
puted.The principalcomponent®n the shapespaceS aresub-
sequentlyestimatedasillustratedasfollows:

Q? = <Igra,y - Te, (I)(é)> (7)
B, = E(p(Blas, 6)). 8)

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

]\T
Sr=S+ Zﬂ],ﬂ/’j %)
=1

Ifrontal = .f_l (Igray7 PR@ SI) (10)

To illustrate the performanceof our method,we generated
nonfrontalimagesof four individuals from our training setat
orientations—15° and+15°. For this experiment,the training
setthatwas usedto createthe eigenspacesomprisedof shape
andtexture of the remaining96 individuals from the original
trainingset.Fig. 2 shovstherecoveredfrontal faceimagescor-
respondingo thefour nonfrontalfaces Accuratefacelocaliza-
tionis akey to thesuccessf ourmethod Sincetheeigenspaces
for shapeandtexture canbe computedoff-line, the methodis
computationallysimple.The presencef dark glassesor facial
hair affectsposeestimationandhenceaffectsthe performance
of our method.

B. lllumination Compensation

While mostfacerecognitionsystemgerformcommendably
well onfacegakenunderuniformillumination conditions their
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TABLE Il
EVALUATION OF HALF-FACES RANK 1 RECOGNITION SCORE USING EIGENFACESON FULL FACESAND HALF-FACES

Fig. 3. Imagesof anindividual undereachof ninedifferentillumination conditionsfrom the PIE datase{43]. With imagesfrom eachof ,
asthe probe,a round-robinrecognitionexperimentwas performed.

thegallery andimagesfrom ;, and

performanceropswhenpresentedavith faceghatwerenonuni-
formly illuminated. Belhumeuret al. [36] discusssubspace
methodsfor face recognitionand cite that ignoring the prst
few principal componentdmproves recognitionperformance
in the presencef nonuniformillumination. Geoghiadeset al.
[6] proposedheillumination conemodelfor facerecognition.
From a setof training imagesfor eachface,3-D modelsare
reconstructedndsubsequentlysedto createsyntheticimages
of facesunderdifferentillumination conditionsandposesThe
Lambertiansurface approximationof facesenablesthe illu-
mination coneto be well-approximatedy a low-dimensional
linear subspaceBasriandJacobg37] have showvn thatthe set
of imagesof acornvex Lambertiarobjectunderarbitraryillumi-
nation conditionscan be approximatediy a low-dimensional
linear subspaceThey constructthe sphericalharmonicbasis
imagesfor facesandsubsequentlproposea simpleschemeo
performfacerecognition.Lee et al. [38] proposedan effective
approximatiorto thebasismagesusingninesinglelight source
imagesof a faceandreportedgood recognitionperformance.
Recently Aggarwal and Chellappa[39] proposedmethods
to perform facerecognitionin the presenceof multiple light
sources.

However, mostof theseapproacheseeda setof trainingim-
agesfor eachsubjector 3-D scansof the subjectsin the data-
base.Real-life faceimagesoften contain specularreflections
and hence,do not strictly exhibit the propertiesof a Lamber
tiansurface.ln thecaseof faceimagegetrieved from passports,
neitheraremultiple faceimagespersubjectavailablenorarethe
faceimagesfree from speculare3ections.The nonuniformity
in illumination in passporimagesis often dueto imbalances
in theillumination on eithersidesof theface.Self-shadas and
specularef3ectionsaresomeof themostcommoneffectsof un-
controlledilluminationonfacesGiventheaforementionedon-

as

straints,we proposea simpleapproachowardscircumwenting
nonuniformillumination in faceimagesretrieved from pass-
ports.We assumehatfacesarebilaterallysymmetricandrepre-
sentnonuniformlyilluminatedfaceswith the betterilluminated
half anddiscardthe poorlyilluminatedhalf. Bilateralsymmetry
of humanfaceshasbeenusedearlierin SFS problems[40].

Further psychoplgsical experimentsconductedby Troje and
Bulthoff [41] illustratetherole of bilateralsymmetryof human
facesin recognizingfacesacrossovel views. Onthe contrary
Liu etal. [13] andMartinez[42] studiedthe asymmetriesn ei-

ther halves of the humanfaceand usedthe samefor studying
facial expressions.

Fromarecognitionperspectie, how effectiveis theassump-
tion of bilateralsymmetryof humarfacego circumventnonuni-
form illumination acrossfaces?To answerthis question,we
performedan eigenfice basedrecognitionexperimenton the
PIE datase{43]. Thedetailsof the experimentsareasfollows:
Frontal facesof 68 individualsin nine differentillumination
conditions( foz, fos, fo, fos, f10, f13; f15, f16, f22) underthe
PIEnomenclatureyereselectedFacerecognitionis performed
in a round-robinfashion(f; compriseshe gallery setand f;,
i # j compriseshe probeset) andthe performanceof full-
facesasaginstbetterilluminated half-faceswas studied.The
eigenspacédwr full-f acesandhalf-facesverecreatedisingwell
illuminatedfrontal faceimagesfrom the Yale FaceDatabasd
[6]. Tablell reportsthe rank 1 recognitionscoresunderboth
thesettingsFig. 3 shavs thefaceimagesrom eachof thenine
illuminationconditionsThenontrivial improvementn recogni-
tion performancen experimentssuchas(fy4 versusfis), (fio
versusfis) illustratethe effectivenes®of theproposedpproach
in challengingervironments.

For the veribcationproblem,we illustratethe signibcanceof
half-facesin computinga similarity measureon imagesof an
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Fig. 4. Facialsimilarity experiment:imagesof anindividual taken underdif-
ferentillumination conditionsandtheir correspondindpalf faceswith betteril-
lumination.

TABLE Il
FACIAL SIMILARITY SCORES SET | CORRESPONDSTO FULL
FACESAND SET Il CORRESPONDSTO HALF-FACESFACES

individual taken undervarying illumination conditions.Fig. 4
displaysthe 12 testimagesof anindividual andtheir respec-
tive half-faceswith betterillumination. We createaneigenspace
& using a large numberof well illuminated frontal facesand
aneigenspacé usingtheir half-faces The full-facesandhalf-
facedromthetestsetareprojecteconto theirrespectie spaces.
Debning asimilarity measurdetweertwo imageshasednthe
correlationbetweentheir eigenspaceoefbcients,we compute
the similarity measurebetweenthe brst testimageandthe re-
maining 11 testimages.The similarity scorescomputedusing
full faceqSetl) andhalf-faceqSetll) aretabulatedin Tablelll.
Half-facesperformedbetteronthoseimagesamplesvhereone
half of the facewas betterilluminated, half-facesperformed
better.

Next, we dePneacriterionfunctiontowardstheautomaticse-
lectionof the betterhalf-facesfrom regularfaceimages Given
1, a frontal faceimage of sizem x n we extract I; and I,
the right half andthe mirror reectedleft half of I. Let X*
[1, 22, , T /2] denotethecolumn-wisemeanintensityof

I;. Themeanintensitycurve of I, X&)IC is dePnedas

(X(i) — )‘((i))

2r-2t) 11
[XO— X0 | (11)

Xﬁlc =
whereX () denotegshemeanof X (V) and|| . || denoteghe Eu-
clideannorm.Thedifferencebetweerthemeanintensitycurves

of eitherhalvesof thefaceis a measureof the disparityin the
spreadof illumination betweerthe two halvesof theface

MICy = || XIE}I)C - X§?I)C || (12)
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Fig. 5. Half-facesselectioncriterion. Green:Optimal meanintensity curve.
Red:Meanintensitycurve from theright half of theface.Blue: Meanintensity
curve from the mirror reBectedleft half of the face.Someof the imagesfrom
the AR facedatabas@44] wereusedfor illustration purposes.

A low MIC, indicatesthat the spreadof illumination across
eitherhalvesof thefaceis comparable.

Next, usingtheabove measurave computeheoptimalmean
intensitycurvefor frontal faceimages.We computethe MIC,
on faceimagesfrom a large gallery of faces.If MIC,; < «,
whereq is a predénedthreshold thenthe faceimageis clas-
sibedasoptimally illuminated.From N suchoptimally illumi-
natedfaceimageswe computeheoptimalmeanintensitycurve
as

N

o 1 o (1 (2

XoptimalMic = N E (Xgu)ci + X§II)Ci)~ (13)
i=1

Thecriterionfunctionfor the selectionof the betterhalf face
is debnedasfollows:

(14)
(15)

j = min || Xoptimanaic — Xigie |

Iopt = 14y.

Fig. 5 illustratesthe meanintensitycurvesfor both halvesof
facesunderdifferentillumination conditions.

Ill. AGE DIFFERENCECLASSIFIER

In this section,we develop an agedifferenceclassber de-
signedprimarily for the purposeof establishingheidentity be-
tweenapair of ageseparatefiaceimagesandfor estimatinghe
ageseparatiorbetweerthe pair of faceimageslt hasbeenob-
senedthat while facesundego signibcantvariationsin shape
frominfang to teenageearsthey undego considerablyesser
variationsin shapeduring adulthood.During adulthood aging
effectsin facesaremorecommonlyobsenedin theform of tex-
tural variationssuchaswrinklesandotherskin artifacts.Facial
wrinkles areprimarily attributedto factorssuchaslossof skin
elasticity (dueto lessemproductionof collagen) habitualfacial
expressionseffectsof gravity onfacialmusclespver exposure
to sur@ rays, etc.

Sincethe databasef passporimagescomprisesof individ-
ualsin the agerange(20 yearsto 70 years),the age differ-
enceclassber is developedprimarily to verify adultfaceim-
agesacrossageprogressionHence jn ourformulationtheage-
differencebasedclassbcation of faceimagesis basedon tex-
tural variationsthat are commonly obsened in facesdue to
aging. Acrosseachpair of faceimages,we computethe dif-
ferenceimageby subtractingthe more recentimagefrom the
olderimage Thedifferencéamage whencomputedetweerage
separateimagesf thesamendividual (intrapersonaimages),
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Fig. 6. Averagedifferenceimagesfrom theintrapersona{undereachof the four age-diferencecategories)andextrapersonatlasses.

capturesfacial variationsdue to aging effects. Intuitively, the
differenceimagesobtainedfrom the intrapersonaimagepairs
(imagepairsof thesameindividual) with smallerageseparation
would belessexaggeratedhanthatobtainedirom theintraper
sonalimagepairswith largerageseparationturther onewould
expectthe differenceimagesobtainedfrom imagesbelonging
to differentindividuals (extrapersonalmages)to be different
from the onesobtainedfrom intrapersonaimagesdue to the
large mismatchin facial featuresFig. 6 illustratesthe average
differencamagescomputedrom intrapersonaimageswith an
ageseparatiorof 1ER years,3P4 years,507 years,8ED years,
andthatcomputedirom extrapersonalmages.The saggingof
facialfeaturesbecomeprominentin theaveragedifferencem-
agesobtainedfrom intrapersonalmagesasthe agedifference
increasesPrior to classbcation of facesbasedon agediffer-
enceswe performthepreprocessingtepsdiscussedh the pre-
vioussectionto reducevariationsdueto poseandillumination.

A. BayesianFramevork

We proposea Bayesianage-diferenceclassber thatis built
on aprobabilisticeigenspaceamenork [45]. Theframevork
proposedin [45] was adoptedprimarily to estimatecomplex
densityfunctionsin high-dimensionaimage spacesand sub-
sequentlyto computeclassconditionaldensityfunctions.The
classbcationof pairsof faceimagesbasedon their age-difer-
encesgconsistof two stagesin the brst stageof classbcation,
theidentity betweerthepairof faceimagesds establishedn the
secondstage the pairsof ageseparatedaceimagesthatwere
identiPedasintrapersonaimagesarefurtherclassbedbasedn
their agedifferences.

Let Q; denotetheintrapersonaspaceandlet Q2 denotethe
extrapersonaspacelet 11, I1o, o1, I22, ..., I, [n2 Dethe
setof N x 1 vectorsformed by the lexicographicordering of
pixelsin eachof the M pairsof half-faces.The intrapersonal
imagedifferencesx; } ., areobtainecby thedifferenceof in-
dividualpairsof half-faces

X =1y — Iin, 1 <1 <M. (16)

The extrapersonalmagedifferences{zi}f‘i , areobtainedby

the differenceof half-facesof differentindividuals

zi=1In—1lj», j#14, 1<4,j <M. (7)

First,from asetof intrapersonaimagedifference§pci}f‘i1 €
Qr, we estimatethelikelihoodfunctionfor thedataP(x;|S2).
We assumeheintrapersonatiifferenceimagesto be Gaussian
distributed.UponperformingaKarhunen_oeve Transform46]
onthetraining datawe getthe basisvectors{i),i}~£V:1 thatspan
the intrapersonabkpace But dueto the high dimensionalityof
datasucha computationis infeasible.We perform PCA [34]
andextractthe k basisvectors{®;}/_, thatcapture99% vari-
ancein the data.The spacespannedy {<I>,,;}f:1 corresponds
to theprincipalsubspacer thefeaturespacef’. Theremaining
basiwectors{tln}~fV:kJr1 sparntheorthogonatomplemenspace
or theerrorspacef’. Thelikelihoodfunction P(z;|€2) is esti-
matedas

(-3x-%)"5 x - %)
oo (15
(2m)" [T, A

1= 2

1en o2
b
=1

(2m)"TTE, A2

P(x[Qr) =

_€M)
oxp (~2)
(21p)N=MD)/2

:PF(X|Q[) -PF(X|Q]) (18)
wherey; = @7 (z — z) arethe principal componenteature
vectorsand\; aretheeigervalues.The mamginal densityin the
orthogonakcomplemenspacel; (x|Q2;) is estimatedisingthe
errorin PCA reconstruction?(x) = [|x2|| — Y, »? andthe
estimatedrariancealongeachdimensionin theorthogonakub-
spacep = (1/(N —k)) Zf\;kﬂ Ai. Thesum Zf\;kﬂ A; is
estimatedby btting a cubic spline function on the computed
eigervalues{\;}*_, andsubsequentlgxtrapolatingthe func-
tion.

Next, from a set of extrapersonalimage differences
{z,,;}f‘il € Qg, we estimatehelikelihoodfunction P(z;|Qg).
Adoptinga similar approachasbefore,the extrapersonaspace
is decomposednto two complementaryspaces:the feature
spaceand the error space.Sincethe assumptiorof Gaussian
distribution of extrapersonalmagedifferencesmay not hold,
we adopta parametriamixture model(mixture of Gaussianjo
estimatethe maginal densityin the featurespaceand follow
a similar approachto estimatethe maiginal density in the
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Fig. 7. Overview of the Bayesianage-diferenceclassber.

orthogonalcomplementspace We estimatethe likelihood for
the dataas

P(z|0p) = P(y|0") - Pp(2/05)

where N.
P(y|®) = Zwv‘,N(Y§Mi>Ei) (19)
i=1
M
O* = argmax [HP(yJ@)} (20)

=1

N(y; ui, 2;) is Gaussiarwith parametergyu;, ¥;) andw; cor
respondo the mixing parametersuchthat Ef\il w; = 1. We
solve the estimationproblemusingthe expectation-maximiza-
tion algorithm[47].

During the brst stageof classbcation, given a pair of age
separatetaceimagesweextractthewell iluminatedhalf-faces
1, and> andcomputethedifferenceimagex = I1 — I>. The
a posteriori probability P(Q;|x) is computedusingthe Bayes
rule

P(x|Q) ()
(x[Qr)P(Qr) + P(x|QE)P(QE)

Theclassbkcationof theimagedifferenceasintrapersonabr ex-
trapersonalks basenamaximuma posteriori(MAP) rule.For
operationatonditions,P(Q2;) and P(Qg) aresetequalandthe
differenceimagex is classbedasintra personalf P(Q;|x) >
1/2.

The secondstageof classbcationdealswith classifyingthe
intrapersonalmagepairsinto oneof mary agedifferencecate-
gories For eachof thefour age-diferencecateyories(1ER years,
3P4 years 5B years,and8ED years) we build theintrapersonal
spacesienotedas2y, s, Q3, Q4. Next, from a setof age-dif-
ferencebasedntrapersonatifferenceimageswe estimatethe
likelihoodfunction P(x|€2;), j € 1, 2, 3, 4 for eachof thefour
age-diferencecatagyories.Given a differenceimagex thathas
beenclassbed as intrapersonalwe computethe a posteriori
probability P(Q;|x) withi = 1,2,3,4 as

P(Slx) = 5 (21)

P(x|$;)P(€:)

P(Qilx) = —
> P(x|f)P()

(22)

Thus,if P(;|x) > P(Q,|x) forall j # 4,4,5 =1,2,3,
4, then; is identibed to be the classto which the difference

imagex belongsFig. 7 givesa completeoverview of theage-
differenceclassber.

B. ExperimentandResults

Using the above formulation, we performedclassbcation
experimentson the passportdatabaseWe selectedpairs of
betterilluminated half-facesof 200 individualsfrom the data-
base.Using their intrapersonaimagedifferenceswe created
the intrapersonakpacef2. Computingthe extra personaldif-
ferenceimages(by randomlyselectingtwo imagesof different
individualsfrom the200pairsof images)ve createdheextrap-
ersonakpacel. We createdwo setsof imagedifferencesSet
I comprisedof intrapersonatlifferenceimagescomputedrom
the half-facesof 465imagepairsfrom the databasend Setll
comprisedof 465 extrapersonaldifferenceimagescomputed
by a randomselectionof half-facesof different individuals
from the databaseThe imagepairsfrom Setl andSetll were
classbedaseitherintrapersonabr extrapersonal.

Duringthesecondstageof classbcation,50 pairsof half-face
imagesfrom eachof the following age-diferencecataories
1EP years,3P4 years, 507 years,and 869 yearswererandomly
selectedand their correspondingdifferenceimage subspaces
namely Q4, Q», Q3, 4, werecreated.The image pairsfrom
Setl thatwereclassbPedasintrapersonalverefurtherclassbed
into oneof thefour age-diferencecategoriesusingthe formu-
lation discussedreviously. The classbcationexperimentwas
repeatednary timesusingdifferentsetsof imagesfrom each
age-diferencecatayory to createthe intrapersonaspacesThe
classbcationresultsarereportedn TablelV in theform of per
centageof imagesundereachcateyory thatwereclassbedinto
oneof thefour classesThemeansandthestandardieviationsof
theclassbcationresultsgeneratedrom the mary iterationsare
reportedin TablelV. The bold entriesin the table correspond
to the percentagef imagepairsthat were correctly classied
to their age-diferencecatayory. The entrieswithin parenthesis
denotethe standardieviations.

Theclassbcationresultscanbe summarizedsfollows.

¥ At theoperatingpoint, 99% of the differenceémagesfrom

Set| were correctly classbed as intrapersonal 83% of
the differenceimagesfrom Setll were correctly classi-
Ped asextrapersonallt was obsenedthattheimagepairs
from Setl thatweremisclasgpedasextrapersonatliffered
from eachothersignibcantlyeitherin facialhairor glasses.
Moreover, the averageagedifferenceof intrapersonalm-
agesthatweremisclasdpedwas 7.4 years.The ROC plot
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TABLE IV
OVERALL RESULTS OF THE BAYESIAN AGE-DIFFERENCECLASSIFIER

Fig. 8. Faceveribcationresults:ROC curwve. (Color versionavailableonline at http://ieeaplore.ieee.ay.)

in Fig. 8 wasgeneratedy varyingthethresholdsadopted To studytheeffectsof externalvariations suchasfacialhair,
for classbcation.The equalerrorrateis 8.5%. glassesandfacial expressionson classbcation accurag, im-
¥ Whentheimagepairsfrom Setl thatwerecorrectlyclassi- ageswith suchvariationswere identiped and classbed sepa-
Ped asintrapersonalvere classbed furtherbasedon age- rately. The imagesfrom the databasevere divided into four
differences,jt was obsenred that image pairs with little  setdN oneswith differencesn facialhair, differencesn glasses,
variationsdueto factorssuchasfacialexpressionsglasses differencesn facialexpressionandpbnally, oneswith little ex-
andfacialhairweremoreoftenclassbedcorrectlyto their ternalvariations(henceforthaddresse@asnorvariateimages).
respectie age-diferencecateyory. Thoseimageswith variationsdueto multiple externalfactors
¥ Imagepairs,that belongto the agedifferencecategories were classbed basedon the mostdominantfactorthat caused
1EP yearsor 3P4 yearsor 567 years,with signibcantdif-  the variations.Classbcation resultsfor norvariateimagesare
ferencesn facialhair or expression®r glassesweremis- reportedin TableV. The classbcationresultson imagespairs
classbedunderthecateyory 8E0 years.Since), wasbuilt  with variationsin facial expressionsglassesfacial hair arere-
usingimagedromtheagedifferencecateggory8EB yearsjt  portedin TablesVIEVIII, respectiely.
spanamoreintra pair variationsthanthosecomparedvith ¥ A comparisorof theclassbcationresultsin TableslVV and
the otherthreeagedifferencecateyories,and, hence the V highlightsthebiasintroducedy externalfactorssuchas
above trendis obsenred. facialhair, glassesndfacialexpressioron age-diference
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TABLE V
CLASSIFICATION RESULTS ON NON-VARIATE IMAGES PAIRS

TABLE VI
CLASSIFICATION RESULTS ON IMAGES PAIRS WITH FACIAL EXPRESSIONS

TABLE VII
CLASSIFICATION RESULTS ON IMAGES PAIRS WITH GLASSES

TABLE VIl
CLASSIFICATION RESULTS ON IMAGES PAIRS WITH FACIAL HAIR

basedclassbcation.While classbcationresultsimproved
in the age-diferencecatgyories1ER years,304 years,and
5B6 yearson imagepairswith little variations,classbca-
tion resultsin the 8E0 yearscateyory were lessaccurate
whencomparedo thatobtainedon the originalimageset.

¥ Asobsenedin TablesVIEVIII, age-diferencebasedlas-
sibcation suffers heavily in the presenceof factorssuch
facial hair, glassesandfacial expressionsSincethe vari-
ationsinduced by thesefactors mask variations due to
agingeffects,imagepairswith lower age-diferencesvere
moreoften classbedinto the age-diferencecateyory 8E9
years.

Theeigenspacdecompositiorwhich formsaninherentpart
of the densityestimationprocesseducescomputationatom-
plexities signibcantly. Further sincethe estimationof the class
conditionaldensityfunctionsis anoff-line processthereal-time
computationsnvolvedin classifyingimagepairsbasedon age
differencesaresimple.

IV. SIMILARITY MEASURE

We designedhefollowing experimentto studyhow agepro-
gressioraffectsthe measureof facial similarity. We createdan
eigenspaceising200 half-facesretrieved from the databasef
passporimagesThe465pairsof half-facesvereprojectednto

thespaceof eigenficesandwererepresentedly theprojections
alongthe eigenficesthat correspondo 95% of the variance.
We adoptthe similarity measureoroposedn Sectionll. Since
illumination and posevariationsacrosseachpair of half-faces
is minimal, the similarity scorebetweeneachpair would be af-

fectedby factorssuchasageprogressionfacialexpressiorvari-

ationsandocclusiongdueto facialhairandglassesWe divided
our databasénto two sets:the brst setcomprisedof thoseim-

ageswhereeachpair of passporimageshadsimilar facial ex-

pressiongsndsimilarocclusionsf ary, dueto glassesandfacial
hair. Thesecondsetcomprisedf thosepairsof passporimages
wheredifferenceslueto facialexpression®r occlusiondueto

glassesandfacial hair weresignipcant.

Thedistribution of similarity scoresacrosgheage-diference
catgyories 1ER years,3P4 years,507 years,and 8ED years,is
plottedin Fig. 9. Thestatisticalvariationan thesimilarity scores
acrossachage-diferencecategjory andacroseachsetof pass-
portimagesaretatulatedin TablelX.

¥ FromFig. 9, we notethatastheagedifferencebetweerthe

pairs of imagesincreasesthe proportionof imageswith
high similarity scoresdecreases.

¥ While thedistribution of similarity scoreshasastrongpeak

for categgory 1EP years,it Battensout graduallyasthe age
differenceincreases.
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Fig.9. Facialsimilarity acrosgime: Distribution of similarity scoresacrossage.(Color versionavailableonline at http://iee&plore.ieee.ay.)

TABLE IX

SIMILARITY MEASURE

¥ FromTablelX, wenotethatastheagedifferencancreases, ¥ Modeling the complex shapevariationshumanfacesun-

acrossoththe setsof imagesandacrossall thevariations
suchasexpressionsglasseandfacial hair, the meansim-
ilarity scoredropsgraduallyandthe varianceof the simi-
larity scoresncreases.

¥ Within eachage-diferencecateyory, we seeanotabledrop
in similarity scoresvhenvariationsdueto expressionsind

facial hair aremorepronounced. ¥

V. DISCUSSIONSAND CONCLUSION

From a face recognition perspectie, understandingthe
processof ageprogressionn 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
ageprogressionn humanfacesasdiscussedsfollows.

degoduringonedyoungeryearsor thetextural variations
that are obsened during the later yearsis a very chal-
lenging task. Apart from biological factors,sincefactors
as diverseas ethnicity, climatic conditions,food intake,

mentalstressetc.,alsocontributetowardsagingeffects,it

is naturalto expectdifferentindividualsto agedifferently.
Manifestationsof aging effects in humanfacessuch as
shapeandtextural variationscanbe bestunderstoodising
3-D scan®f humanheadsWith 3-D headscandecoming
increasinglyavailable, we anticipatethe developmentof

morerobustmethodgo addressgeprogressionn the fu-

ture.

Lack of databasesf ageprogressedaceimagesof indi-

vidualsis anothereasorfor lesserresearcton this topic.

Only recently the FG-Netaging databasg48] that con-
tainsreallife imagesof mary individualsacrossageshas
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becomepublicly available.Sincereallife imagesareoften

taken underuncontrolledervironments the ageseparated
imagesdn this databaseéliffer signibcantlyin otheraspects

suchas illumination and pose.Such external variations
needto be minimizedbeforestudyingagingeffects.
Our primary objective was to study the effects of agepro-

gressionon facial similarity measureandto develop systems

thatcanperceve ageseparatiorbetweera pair of imagesof an
individual. The relatively well-controlled ervironmentsunder
which passportmagesaretaken, make themideally suitedfor

studyingthe effectsof ageprogressionn humanfaces\We pre-
sentedh Bayesiarage-diferenceclassberthatidentibestheage
separatiometweerapairof faceimagesf anindividual.In our
formulation, the differenceimagesobtainedfrom a pair of in-

trapersonahgeseparateflaceimagesormedthe primarybasis
for classbcation.While thecharacterizatioof theintrapersona
differenceimageswerebasedon their agedifferencesthe age
groupto which theimagepairsbelongedto, were not consid-

eredprimarily dueto lack of sufbcientsampledo characterize
suchvariationsfor eachagegroup.While themethodpresented

in this paperis suitableto handleageprogressionn adultface
imagessinceit doesnot accountfor shapevariationsin faces,
it maynotbeeffective for handlingageprogressionn faceim-
agesof children. We also studiedfacial similarity acrossage
progressiorand highlightedthe role of ageprogressiorin af-
fectingsimilarity scoresThe methodgresentedo addressage

progressionn humanfaceshave direct relevanceto passport

imagerenaval applications.
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