
Modeling AgeProgressionin YoungFaces

NarayananRamanathan
�

Universityof Maryland
CollegePark

ramanath@umiacs.umd.edu

RamaChellappa
Universityof Maryland

CollegePark
http://www.umiacs.umd.edu/˜rama

Abstract

We proposea craniofacial growth model that charac-
terizes growth related shapevariations observedin hu-
man facesduring formativeyears. The modeldraws in-
spiration from the `revised' cardioidal strain transforma-
tion modelproposedin psychophysicalstudiesrelated to
craniofacialgrowth. Themodeltakesinto accountanthro-
pometricevidencescollectedon facial growth and hence
is in accordancewith the observedgrowth patternsin hu-
manfacesacrossyears. We characterizefacial growth by
meansof growthparametersde�nedover facial landmarks
oftenusedin anthropometricstudies.We illustratehowthe
age-basedanthropometricconstraintsonfacial proportions
translateinto linear and non-linear constraints on facial
growthparametersandproposemethodsto computetheop-
timalgrowthparameters.Theproposedcraniofacialgrowth
modelcanbeusedto predictone'sappearanceacrossyears
and to perform face recognition across age progression.
This is demonstratedon a databaseof age separatedface
imagesof individualsunder

���

yearsof age.

1. Intr oduction

Humanfacescomprisea specialclassof 3D objectsthat
have long beenof interest to computervision and psy-
chophysicscommunities.Apart from playinga crucialrole
in humanidenti�cation, humanfacesconvey a signi�cant
amountof informationon one's age,gender, ethnicity etc.
In addition,facialexpressionsandfacialgesturesoftenre-
veal the emotionalstateof an individual. Consequently,
humanfacial analysishasreceived considerableattention
andhasled to thedevelopmentof novel approachesto per-
form face recognition, facial expressioncharacterization,
facemodelingetc. [14].

Psychophysicalstudieson human perceptionshowed
that changesin one's facial appearanceoftenhada signif-
icant psychosocialimpact on the individual [2]. For in-
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stance,facial attractivenesswas attributed to affecting in-
terpersonalrelationships.It wasobservedthattheperceived
ageof anindividualoftenregulatedthetypeandamountof
behavior directedtowardsthe individual. Further, growth
relatedchangesto humanfaceswereobserved to directly
impactfacialaesthetics.Studiesrelatedto theperceptionof
growing faceshavelargelybeeninspiredby D'arcy Thomp-
son's studyof morphogenesis[21]. Thompsonpioneered
the useof geometrictransformationsin the studyof mor-
phogenesis.Biological forms were embeddedwithin co-
ordinatesystemsanddifferentmorphogeneticeventswere
describedby meansof globalgeometrictransformationsin
thecoordinatesystem.All throughhisstudy, hemaintained
that morphologicalchangeswere a result of the physical
forcessuchasbio-mechanicalstressandgravity thatacton
biologicalforms.Someof theinitial studiesrelatedto cran-
iofacialgrowth in humanswerealongsimilar lines.

1.1. PreviousWork

PittengerandShaw [19] studiedfacialgrowthasaviscal-
elastic event de�ned on the craniofacial complex. They
appliedstrain, shearand radial transformationson facial
pro�les andstudiedthe relative signi�canceof eachof the
transformationin accountingfor the global remodelingof
humanfaceswith age. They observed that shapechanges
in facial pro�les inducedby cardioidalstrain transforma-
tions formedtheprimary sourceof perceptualinformation
for relativeagejudgements.Further, Mark etal. [17] identi-
�ed geometricinvariantsthatarecharacteristicof cardioidal
strain transformationsandproposedthat only transforma-
tionsthatpreservesuchgeometricinvariantsin humanfaces
would be perceivedasgrowth-relatedtransformations.By
performinga hydrostaticanalysison theeffectsof internal
forces (combinationof biomechanicalstressand gravita-
tionalforces)actingonagrowinghead,Toddetal. [23] pro-
posedthe `revised' cardioidalstraintransformationmodel
to accountfor craniofacialgrowth. They treatedthehuman
headasa�uid �lled sphericalobjectthatremodelsin accor-
dancewith thedirectionandamountof pressureexertedon
thesurface. Mark et al. [16] extendedthe above modelto



threedimensionsandsimulatedfacial growth on 3D head
scansof children.

In computervision literature,ageprogressionin human
faceshasbeenaddressedfrom two perspectives: one to-
wardsautomaticageestimationandage-basedclassi�cation
from faceimagesandtheothertowardsautomaticagepro-
gressionsystemsthat could reliably predict one's appear-
anceacrossage. Kwon andda Vitoria lobo [11] proposed
methodsto classify faceimagesas that of babies,young
adultsand senior adults. They usedface anthropometry
basedapproachesto classifyfaceimagesinto imagesof ba-
biesandthatof adultsandproposedmethodsto analyzefa-
cial wrinklesto furtherclassifyadultfacesasthatof young
adultsandsenioradults.Burt andPerrett[5] createdcom-
positefacesfor differentagegroupsby computingthe av-
erageshapeandtextureof humanfacesthatbelongto each
agegroup. By incorporatingthe differencesbetweensuch
compositefaceson regular faces,they observed a change
in theperceivedageof faces.Tiddemanet al. [22] further
extendedtheirwork by usingwaveletmethodsto prototype
facial texturesacrossage. Lanitis et al. [13] constructed
an agingfunctionbasedon a parametricmodelfor human
facesandperformedautomaticageprogression,ageestima-
tion, facerecognitionacrossageetc. Further, Lanitis et al.
[12] comparedtheaboveageestimationprocesswith thatof
neuralnetworks basedapproaches.Gandhi[9] designeda
supportvectormachinebasedageestimationtechniqueand
extendedtheimagebasedsurfacedetailtransferapproachto
simulateagingeffectsonfaces.RamanathanandChellappa
[20] proposeda Bayesianage-differenceclassi�er built on
a probabilisticeigenspacesframework to performfacever-
i�cation acrossageprogression.

1.2. Moti vation and ProblemStatement

Someof thesigni�cant applicationsof studyingagepro-
gressionin humanfacesare face recognitionacrossage
(homelandsecurity), automaticage estimation(parental
control, agebasedHuman-Computerinteraction),predic-
tion of one's appearanceacrossage(�nding missingindi-
viduals)etc. Developingmodelsthatcharacterizeagepro-
gressionin facesis a very challengingtask. Facial ag-
ing effects are predominantlymanifestedin the form of
shapevariationsduring one's youngeryearsand as wrin-
kles andother textural variationsduring one's older years
[15]. Thoughtheaforementionedapproachesproposenovel
methodsto addressageprogressionin faces,in their for-
mulation most approachesignore the psychophysicalev-
idencescollectedon ageprogression.Faceanthropomet-
ric studiesoffer a goodinsightinto craniofacialgrowth and
hencehave long beenusedby physiciansin treatingcran-
iofacial disorders.Facerecognitionsystemsthat werede-
velopedwith theincorporationof suchdatawouldbebetter
equippedin handlingageprogressionin faces.

We proposea craniofacialgrowth modelthatcharacter-
izestheshapevariationsundergoneby humanfacesduring
formative years. The craniofacial growth modeldraws in-
spirationfrom the`revised' cardioidalstraintransformation
modelproposedby Toddetal. [23] andfurther, accountsfor
the agebasedanthropometricconstraintson humanfaces
providedby Farkas[7]. The proposedcraniofacialgrowth
modelcanbe usedto predictone's appearanceacrossage
andto performfacerecognitionacrossageprogressionon
individuals in the agerange(0 yrs - 18 yrs). We perform
experimentsto demonstratethesameon a databaseof age
separatedfaceimagesof individualsin theagerange(0 yrs
- 18yrs).

SectionII givesan overview of the craniofacialgrowth
modelandhighlightsthe importanceof incorporatingage-
basedanthropometricfacemeasurementsin developingthe
model. SectionIII discussesfaceanthropometryin rele-
vanceto studyingageprogressionin humanfaces.Section
IV providesa mathematicalframework to thecomputation
of thecraniofacialgrowth model.SectionsV discussesthe
experimentsthatwereperformedonageseparatedfaceim-
agesof individuals in the agerange(0 - 18 years)using
our modelandsectionVI discussesthestrengthsandlimi-
tationsof theproposedcraniofacialgrowthmodelandoffers
insightsinto futurework on this topic.

2. Craniofacial Growth Model

Studiesrelatedto craniofacialgrowth werelargelybased
on the hypothesisthat any recognizablestyle of changeis
uniquelyspeci�ed by geometricinvariantswhich form the
basisfor perceptualinformation. Mark et al. [17] iden-
ti�ed threegeometricinvariantsthat are characteristicto
cardioidalstraintransformations.Thegeometricinvariants
canbedescribedasfollows : (i) angularcoordinatesof ev-
ery point on an object in a polar coordinatesystembeing
preserved(ii) bilateralsymmetryabouttheverticalaxisbe-
ing maintained(iii) continuityof objectcontoursbeingpre-
served. Re-examiningthe analogydrawn betweencranio-
facial growth and the remodelingof a �uid �lled spheri-
cal objectasproposedby Toddet al. [23], onecanidentify
thefollowing aspectsthathelppreservetheaforementioned
geometricinvariantsupontransformations: (i) pressureis
directedradially outwards(ii) pressuredistribution is bilat-
erally symmetricaboutthe vertical axis (iii) pressuredis-
tribution is continuousthroughoutthe object. Hencethe
proposedmodelsatis�esthecriteriabasedongeometricin-
variantsobserved in craniofacial growth. Fig. 1(a) illus-
tratesthepressuredistribution insidea �uid-�lled spherical
object.(A similar illustrationappearsin [2]).

Mathematically, the `revised' cardioidalstraintransfor-
mationmodel is expressedasfollows [23]. Let � denote
thepressureat theparticularpointontheobjectsurfaceact-
ing radially outward. Let ( ��� , ��� ) and( ��� , ��� ) denotethe



Figure1. (a)Remodelingof a¯uid®lled sphericalobject(b) Facial
growth simulatedonthepro®leof achild'sfaceusingthe`revised'
cardioidalstraintransformations

angularco-ordinatesof a point on thesurfaceof theobject,
beforeandafter thetransformation.Let � denotea growth
relatedconstant.
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Weappliedthe`revised' cardioidalstraintransformation
on the facepro�le of a child. Upon varying the growth
parameter� , we observed that the transformationof face
pro�les closelyresembledtheoneobservedin actualfacial
growth. Further, theperceivedageof eachof theindividual
facepro�les increasedwith increasein thegrowth parame-
ter � . Fig. 1(b) illustratesthefacepro�les obtainedby em-
ploying the above transformation.Next, we employed the
agetransformationmodelonfrontalfaceimagesof children
andobservedthatagetransformedfacesresembledreal-life
imagestakenacrossyearsbetter, for smallagedifferences.
For large valuesof � , which essentiallyimplies largerage
transformations,theaspectratiosbetweendifferentregions
of the transformedfaceswerelesspreserved. Fig. 2 illus-
tratesthe faceimagesobtainedby applying the `revised'
cardioidalstraintransformationmodel. In eachof the two
instancesillustratedin �g. 2, we observethatwhile theage
transformationis perceivablein the initial few transforma-
tions,theaspectratio of facesobtainedfor largeagetrans-
formationsseemunnatural.

Faceanthropometricstudiesreport that different facial
regions reach maturationat different years and hencea
few facial featureschangerelatively lesswhen compared
to other facial features,as ageincreases.In relevanceto
the `revised' cardioidal strain transformationmodel, this
observation translatesinto the fact that different regions
of humanfaceshave different growth parametersacross

Figure2. Age transformationresultsobtainedby applyingthe`re-
vised' cardioidalstraintransformationon real-life faceimagesof
two individuals ( � yearsand � � yearsof agerespectively). The
growth parameterschosenfor eachof the � instanceswere (i)
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+)0 . Theoriginal images
belongto theFG-Netagingdatabase[1].

age. Hence,it is importantto incorporateanthropometric
evidencescollectedon facial growth while developingthe
model,wherebywecanreliablyestimatethegrowthparam-
etersfor differentregionsof thehumanfaceacrossage.

3. FaceAnthr opometry

Face anthropometryis the scienceof measuringsizes
and proportionson human faces. Face anthropometric
studiesprovide a quantitative descriptionof the craniofa-
cial complex by meansof measurementstaken between
key landmarkson humanfacesacrossageand are often
usedin characterizingnormalandabnormalfacial growth.
Farkas[7] providesa comprehensive overview of facean-
thropometryandits many signi�cant applications.He de-
�nes faceanthropometryin termsof measurementstaken
from 1�2 landmarkson humanfaces. The measurements
taken on humanfacesare of threekinds : (i) projective
measurements(shortestdistancebetweentwo landmarks)
(ii) tangentialmeasurements(distancebetweentwo land-
marksmeasuredalongthe skin surface)(iii) angularmea-
surements. By comparingreal anthropometricmeasure-
mentswith that obtainedthroughphotogrammetryof hu-
manfaces,Farkasidenti�es faciallandmarksthatcanbere-
liably estimatedfrom standardphotographsof humanfaces
(20%,25%,33%,50%or life size)for photogrammetricap-
plications.

We usethe age-basedfacial measurementsandpropor-
tion indices(ratiosof distancesbetweenfacial landmarks)
provided in [7] and [8] to build the craniofacial growth
model. Sinceour studyprimarily involvesfrontal faceim-
agesof individuals acrossage, we use only thosefacial
landmarksthatcouldbereliably locatedusingphotogram-



Figure3.FaceAnthropometry: Of the ��0 faciallandmarksde®ned
in [7], wechoose+�� landmarksillustratedabove for ourstudy. We
further illustratesomeof the key facial measurementsthat were
usedto developthegrowth model.

metry. Further, we take into accountonly linearprojective
measurementstaken on humanfacesacrossage,sincean-
gularmeasurementsandtangentialmeasurementson faces
cannotbe estimatedaccuratelyusing photogrammetryof
frontal faceimages. Fig. 3 illustratesthe ��� facial land-
marksandsomeof the importantfacialmeasurementsthat
wereusedin ourstudy.

Facial growth is often studiedusingproportionindices
andhenceweinterpretfacialmeasurementsin termsof pro-
portion indices while developing the craniofacial growth
model. Someof the proportionindicesthat were usedin
ourstudywere(i) Facialindex ���	��
��
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� , (ii) Mandibular in-
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� etc. Table1 com-
piled from variousanthropometricstudiesfrom [7] illus-
tratesthe different growth patternsobserved in different
partsof facesin menandwomen.RTI (RelativeTotal Incre-
ment)is de�nedas

�$#&%

�

�'#

�
#)(

��*+*

where, � and, �.- correspond
to meanvalueof themeasurementsobtainedat ages

�

and
���

respectively. The ageof maturationand the periodof
growth spurtareestimatedby analyzingrelativechangesin
facialmeasurementsacrossyears.Faceanthropometryhas
beensuccessfullyusedin computergraphicsapplications
by DeCarloet al. [6] in developinggeometricmodelsfor
humanfacesand by Kahler [10] in simulatinggrowth on
humanheadmodels.

Table1. Growth patternin differentfacialregions
Feature RTI Growth Maturation

(%) Spurt(yrs) age(yrs)
M F M F M F

n-gn 50.5 44.8 1-4 1-5 15 13
zy-zy 38.7 35.9 3-4 3-4 15 13
en-en 20.5 17.5 3-4 3-4 11 8
al-al 30.9 21.2 3-4 3-4 14 12
n-sn 71.5 67.5 1-2 3-4 15 12

4. Computational Aspects

This sectiondetailsthe computationalaspectsinvolved
in usingfaceanthropometricdatato develop the proposed
craniofacialgrowthmodelthatconcurswith psychophysical
studiesrelatedto thegrowth of humanfaces.

4.1. Feature localization

Of the 1 2 landmarksidenti�ed by faceanthropometric
studies,we chose��� landmarksthatcanbereliably located
on frontal facesas illustratedin �g. 3. To automatically
detectfaciallandmarksonfrontal faces,weusethefacede-
tectionandfeaturelocalizationmethodproposedby Moon
et al. [18]. We detectfacial featuressuchasthe eyes,the
mouthandtheoutercontourof thefaceby �tting ellipsesof
differentsizesandorientations.This operationenablesthe
location of the following facial landmarks( /�0 , 132 - fore-
headandchin), ( 4�2 , 4�5 , 6




, 6�7 - eyes)and(
��8

,



/

�

, ,




, ,�7

- mouth). Using proportionindicesobtainedthroughdis-
tancesbetweenthe detectedlandmarkssuchas the inter-
canthalindex �

�

�	�

�

�

���

�

���

� , thebiocular width-totalfaceheight
index �����

�

���

�&9

��
:�

� , theintercanthal-mouthwidth index ���

�	�

�

�

!

"

�

!

"

�

etc. we estimatethe agegroup to which the face image
belongsto anddetectotherfacial landmarksusinganthro-
pometricdataavailableon facesbelongingto theparticular
agegroup.Minor errorsin featurelocalization,donotaffect
theproposedmethodto computefacialgrowth parameters
much.

Underthecraniofacialgrowth modelde�ned in eq.1, we
observe thatfacial featureswith angularcoordinates� �

*

remainstaticandthat featureswith angularco-ordinates�

suchthat ; ��;=<?> where > is a small number, grow min-
imally. Hencereliably estimatingthe origin of reference
for the `revised' cardioidalstrain transformationmodel is
crucial to thesuccessof this modelin characterizingfacial
growth. RTI de�ned in the previous sectionis a quantita-
tivemeasureon theextentof growth observedin facialfea-
turesacrossage.TheRTI of the foreheadlength /�0

�

2 is
observed to be a low

� �A@ �	B

in menand �

@

�'1

B

in women
whencomparedto thatof otherfacialmeasurements.If the
origin of referenceis locatedbetween/�0 and 2 along the



Figure4. Prototypefacescreatedfor differentagesusinganthropometricmeasurementsfrom [7] areillustrated.The¯ow of facialfeatures
acrossageillustratedseparately, validatestheconstraintsimposedby thecraniofacialgrowth modelproposedin eq.1.

facialmid-line axis,onecouldappreciatetheeffectiveness
of theradialandangularconstraintsde�ned by thecranio-
facialgrowth modelin eq.1 in characterizingfacialgrowth.
Fig. 4, furtherstrengthensthis notion. Prototypefacesfor
differentageswerecreatedusing the meanvalueof mea-
surementstaken acrossdifferent facial landmarks.Fig. 4
illustratestheprototypefacesfor ages(in years)� , 1 ,

�

,
�

� ,
�

1 ,
���

andillustratesthe �o w of facial featuresacrossage
whichis usedin determiningtheoptimalorigin of reference
for thecraniofacialgrowth model.

4.2.Model computation: An Optimization problem

Let the facial growth parametersof the `revised' car-
dioidal straintransformationmodel,that correspondto fa-
cial landmarksdesignatedby [ 2 ,
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] be � � ��� �����
	�	�	 � ��
�� respectively.
The facialgrowth parametersfor differentagetransforma-
tionscanbecomputedusinganthropometricconstraintson
facial proportions. The computationof facial growth pa-
rametersis formulatedas a non-linearoptimizationprob-
lem. We identi�ed 1A� facial proportionsthat can be re-
liably estimatedusingthe photogrammetryof frontal face
images. Anthropometricconstraintsbasedon proportion
indicestranslateinto linear and non-linearconstraintson
selectedfacialgrowth parameters.While constraintsbased
on proportionindicessuchasthe intercanthalindex, nasal
index etc. resultin linearconstraintson thegrowth param-
eters,constraintsbasedon proportionindicessuchaseye
�ssure index, orbital width index etc. result in non-linear
constraintson thegrowth parameters.

Let the constraintsderived usingproportionindicesbe
denotedas 0

�
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� is age-basedproportionindex obtained
from [7].)

We usethe Levenberg-Marquardt non-linearoptimiza-
tion algorithm[3] to computethe growth parametersthat
minimizetheobjective functionin aniterative fashion.We
usethecraniofacialgrowth modelde�ned in Eq. 1 to com-
pute the initial estimateof the facial growth parameters.
Theinitial estimatesareobtainedusingtheage-basedfacial
measurementsprovidedfor eachfacial landmark,individu-
ally. Theiterativestepinvolvedin theoptimizationprocess
is de�ned as

k �65
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� H �&748+71�A19� H � �
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�,:
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� (3)
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0

�

� k � and H corresponds
to the Hessianmatrix evaluatedat k � . At the endof each
iteration, 7 is updatedasillustratedin [3].

Next, using the growth parameterscomputedover se-
lectedfaciallandmarks,wecomputethegrowth parameters
overtheentirefaceregion. This is formulatedasascattered
datainterpolationproblem[4]. On a cartesiancoordinate
systemde�ned over thefaceregion, thegrowth parameters
k �=� �

�
� �

�
��	�	�	9�/�
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� correspondto parametersobtainedat
faciallandmarkslocatedin ��5
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is minimized. � is a measureof the amountof bending
in the surface. In eq. ??, � is the region of interest(face
region, in our case).Usingthemethodof radialbasisfunc-
tion, the interpolatingfunction that minimizesthe energy
functionalcanbeshown to take theform
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where6 � x � is a linearpolynomial, 7

� arerealnumbersand
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; is the Euclideannorm in �

� . The linear polynomial
6�� x � accountsfor af�ne deformationsin the system. We
adopt the thin plate splinesfunctionsde�ned as �

� x �%�

; x ;
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tratedin [4], to remove af�ne contributionsfrom thebasis
functions,we introduceadditionalconstraints;
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. Eqs. 4 and6 coupledwith
theconstraintsabove,resultsin thefollowing linearsystem
of equationssolving which we computethe interpolating
functionf. Thelinearsystemof equationsis
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� the coef�cients of the
polynomial function. Thus the growth parameterscom-
putedat selectedfacial featuresusing faceanthropometry
is usedto computethe growth parametersover the entire
facial region. Uponcomputingthegrowth parameters,the
proposedcraniofacial growth modelcanbe appliedto au-
tomaticallyagethe faceimage. For an agetransformation
from`p' yearsto `q' years����� 6 � , themodeltakestheform
similar to theonede�ned in eq. 1. On a polar coordinate
framework, thetransformationis de�ned as
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growth parametersfor a transformationfrom `p' yearsto
`q' years.The modelcanalsobe usedto lower theageof
faceimages.For anagetransformationfrom `p' yearsto `q'
years � 6������ , we de�ne thefollowing inversetransforma-
tion.
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5. Experimental Results

Here,we describetwo experimentsthatwereconducted
on a databaseof ageseparatedfaceimagesof individuals
under

���

yearsof age. The proposedcraniofacial growth
modelwasusedto predictone'sappearanceacrossageand
to perform facerecognitionacrossageprogression. The
databasecomprisesof a setof imagesfrom theFG-Netag-
ing database[1] anda setof ageseparatedfaceimagesthat
we collectedfor our research.Our databasecomprisesa
totalof ����� imagesof

��*��

individuals.
Fig. 5 shows someof theagetransformationresultsob-

tainedusingtheproposedmodel. In �g. 5 we illustratethe
originalandtheagetransformedfaceimagesalongwith the
facial growth parametersfor differentagetransformations
on differentindividuals.Thefacialgrowth parametershelp
observe thedifferentgrowth patternson individualsacross
age.For instance,onecanobservethatwhile facialfeatures
alongtheoutercontourof thefacegrow rapidly in the ini-
tial few years,they grow relatively lesserwhencomparedto
otherfacialfeatures,beyond

�

1 yearsof age.
Next, for thefacerecognitionexperiment,we createthe

gallery andthe probesetsfrom the databasesuchthat the
gallery setcomprisesof a singleimageper individual and
theprobesetcomprisesof eithersingleor multiple images
perindividual. Oneof thechallengesinvolvedin recogniz-
ing faceimagesof childrenacrossageprogressionis to ac-
countfor growth relatedshapevariationsin children'sfaces.
Most facerecognitionsystemsprocessfaceimagesas2D
vectorsof �x ed dimensions�

(�� . Sucha constraintif
imposedon pairsof ageseparatedfaceimageof children,
wouldresultin thefacerecognitionsystemcomparingpairs
of face imageswith misalignedfacial featuresthat were
scaledwithout dueconsiderationson facialgrowth. Hence,
to performrecognitionacrossageseparatedfaceimagesof
children,a betterapproachto handlethedifferencesin the
sizeof faceswouldbeto employ anagetransformationsuch
thatpairsof imagesthatareto becomparedaretransformed
to the sameagesand hencepresumablyhave comparable
sizes.

To highlight theimportanceof performinganagetrans-
formationonpairsof ageseparatedfaceimagesbeforeper-
forming face recognitionacrossage progression,we de-
signedthe following experiment.Let the imagescompris-
ing the gallery set and probe set be designatedas G
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spectively. Let ( 5 � ��	�	�	?�.5

%

�-� � ��	�	�	9�-�

�

) correspondto the
differentagesof individualspresentin the gallery andthe
probesets.Underthe�rst setting,theimagesin thegallery
andtheprobesetsarescaledandcroppedsuchthatthey are
all of dimensions�

(*� andthe eyesarealignedacross
all images. Under the secondsetting,given a probeim-
age�

�)+

� , weperformanagetransformationoperationonall
thegallery imagesandgeneratethegallery imagesfor age



Figure5. Age transformationresultsondifferentindividual. (Theoriginal imagesshown above weretakenfrom theFG-Netdatabase[1].)

�

� years. Suchan operationis repeatedfor all the probe
images�

�
+

� , 7,�

� @�@�@

2 . Fig. 6 illustratesthe gallery im-
agesthatweregeneratedfor differentagesfrom theimages
of two subjectsin the original gallery. Using eigenfaces
[24], we performfacerecognitionunderboth the settings.
Therecognitionresultstabulatedin Table2 show thatbet-
ter recognitionratescanbeachievedwhenagetransforma-
tion operationsareperformedonpairsof ageseparatedface
imagesof individualsbeforeperformingrecognition. The
recognitionresultsreportedin 2 wereobtainedwithout ac-
countingfor differencesin illumination, headpose,facial
experssionsetc. betweenpairs of ageseparatedfaceim-
ages.Hence,therank

�

recognitionscoresarelow.

Table2. Recognitionresults(%) beforeandafteragetransforma-
tion

Approach Rank 1 Rank 5 Rank 10
No transformation 8 28 44
Age transformed 15 37 58

6. Discussionsand Conclusions

Wehaveproposedacraniofacialgrowth modelthattakes
intoaccountbothpsychophysicalevidencesonhow humans
perceive ageprogressionin facesandanthropometricevi-
denceson facialgrowth. We have demonstratedtheeffec-
tivenessof theproposedmodelin predictingone's appear-
anceacrossageandin improving recognitionresultsacross

ageseparatedfaceimagesof individuals. To discusssome
of thestrengthsandweaknessesof theproposedmethod:

� The craniofacial growth model that we proposeis
uniquefor eachindividual. Thoughgrowth patterns
areoftenobserved in humansacrossage,theremight
be subtledifferencesin facial growth betweendiffer-
ent individuals. Under the sameagetransformation,
thoughthefacialgrowth parameterscomputedatfacial
landmarksare identical acrossindividuals, the facial
growth parameterscomputedover the entire facere-
gionisadaptedto eachindividualdifferentlyandhence
is differentfor differentindividuals.

� The model accountsfor genderbaseddifferencesin
facialgrowthasit wasdevelopedusinganthropometric
datapertainingto menandwomen,separately.

� Further, thecraniofacialgrowth modelcanbeadapted
to characterizefacialgrowth on peoplefrom different
originsbyusinganthropometricdatapertainingto peo-
ple from thoseorigins. In this work, the anthropo-
metric datausedto develop the model was obtained
from facial measurementstaken on Caucasianfaces
andhence,weexpectourmodelto workbetteronCau-
casianfaces.

� But, theproposedapproachlacksa texturalmodeland
doesnot accountfor textural variationsacrossage.
Hencefacialhairandothercommonlyobservedtextu-



Figure6. Generatedgalleryimagesatdifferentagesfor two subjectsfrom theoriginalgalleryset

ral variationsin teenagersarenot accountedfor. Fur-
ther, it doesnot accountfor changesin theamountof
fat tissuein theface.Themodelretains̀ babyfat' and
hencetheagetransformationresultsobtainedon tod-
dlerswerepoor.

In future,we wish to take a closerlook at textural varia-
tionsin humanfaceswith age(bothduringformativeyears
andduringold age).
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