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Abstract

We proposea craniofacial growth modelthat charac-
terizes growth related shapevariations observedin hu-
man facesduring formativeyears. The modeldraws in-
spiration from the “revised' cardioidal strain transforma-
tion model proposedin psytophysicalstudiesrelated to
craniofacialgrowth. Themodeltakesinto accountanthro-
pometric evidencescollectedon facial growth and hence
is in accodancewith the observedgrowth patternsin hu-
manfacesacrossyears. e characterizefacial growth by
meanf growth parametes de ned over facial landmarks
oftenusedin anthropometricstudies.We illustrate howthe
age-basednthropometricconstaintsonfacial proportions
translateinto linear and non-linear constaints on facial
growthparametes andproposemethodto computeheop-
timal growthparametes. Theproposedtraniofacialgrowth
modelcanbeusedto predictone'sappeaanceacrossyears
and to perform face recanition across age progression.
Thisis demonstatedon a databaseof age sepaatedface
imagesof individualsunder years of age.

1. Intr oduction

Humanfacescomprisea specialclassof 3D objectsthat
have long beenof interestto computervision and psy-
chophysiccommunities Apart from playinga crucialrole
in humanidenti cation, humanfacescorvey a signi cant
amountof informationon one's age,gendey ethnicity etc.
In addition,facial expressionsandfacial gestureftenre-
veal the emotionalstateof an individual. Consequently
humanfacial analysishasreceied considerablettention
andhasled to the developmentof novel approacheso per
form face recognition, facial expressioncharacterization,
facemodelingetc.[14].

Psychophysicaktudieson human perceptionshoved
thatchangesn one's facial appearanceften hada signif-
icant psychosociaimpact on the individual [2]. For in-
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stance facial attractvenesswas attributed to affecting in-

terpersonatelationshipsit wasobsenedthattheperceved

ageof anindividual oftenregulatedthe type andamountof

behaior directedtowardsthe individual. Further growth

relatedchangeso humanfaceswere obsened to directly

impactfacialaestheticsStudiesrelatedto the perceptiorof

growing faceshavelargelybeeninspiredby D'arcy Thomp-
son’s study of morphogenesi§21]. Thompsonpioneered
the useof geometrictransformationsn the study of mor-

phogenesis.Biological forms were embeddedwithin co-

ordinatesystemsand differentmorphogeneti@ventswere
describedoy meansof global geometrictransformationsn

thecoordinatesystem All throughhis study he maintained
that morphologicalchangeswere a result of the physical
forcessuchasbio-mechanicastressandgravity thatacton

biologicalforms. Someof theinitial studieselatedto cran-
iofacialgrowth in humanswverealongsimilarlines.

1.1 Previous Work

PittengerandShaw [19] studiedfacialgrowth asaviscal-
elastic event de ned on the craniofacial complex. They
applied strain, shearand radial transformationon facial
pro les andstudiedthe relative signi cance of eachof the
transformationn accountingfor the global remodelingof
humanfaceswith age. They obsenedthat shapechanges
in facial pro les inducedby cardioidal strain transforma-
tions formedthe primary sourceof perceptuainformation
for relative agejudgementskFurther Mark etal. [ 17] identi-
ed geometridnvariantshatarecharacteristiof cardioidal
strain transformationsand proposedhat only transforma-
tionsthatpresere suchgeometridnvariantsn humanfaces
would be perceved asgrowth-relatedtiransformations By
performinga hydrostaticanalysison the effectsof internal
forces (combinationof biomechanicaktressand gravita-
tionalforces)actingonagrowing head,Toddetal. [23] pro-
posedthe “revised' cardioidalstraintransformatiormodel
to accountfor craniofacialgrowth. They treatedthe human
headasa uid lled sphericabbjectthatremodelsn accor
dancewith thedirectionandamountof pressurexertedon
the surface. Mark et al. [16] extendedthe abose modelto



threedimensionsand simulatedfacial growth on 3D head
scanf children.

In computervision literature,ageprogressionin human
faceshasbeenaddressedrom two perspecties: one to-
wardsautomaticaageestimatiorandage-basedlassi cation
from faceimagesandthe othertowardsautomaticagepro-
gressionsystemsthat could reliably predictone's appear
anceacrossage. Kwon andda Vitoria lobo [11] proposed
methodsto classify faceimagesas that of babies,young
adults and senioradults. They usedface anthropometry
basedapproacheto classifyfaceimagesnto imagesof ba-
biesandthatof adultsandproposednethodso analyzefa-
cial wrinklesto furtherclassifyadultfacesasthatof young
adultsandsenioradults. Burt and Perrett[5] createdcom-
positefacesfor differentagegroupsby computingthe av-
erageshapeandtexture of humanfacesthatbelongto each
agegroup. By incorporatingthe differenceshetweensuch
compositefaceson regular faces,they obsened a change
in the percevedageof faces.Tiddemanet al. [22] further
extendedheir work by usingwaveletmethodgo prototype
facial texturesacrossage. Lanitis et al. [13] constructed
an agingfunction basedon a parametriomodelfor human
facesandperformedautomaticageprogressionageestima-
tion, facerecognitionacrossageetc. Further Lanitis et al.
[127] comparedheabore ageestimatiorprocesswith thatof
neuralnetworks basedapproachesGandhi[9] designeca
supportvectormachinebasedageestimationtechniqueand
extendedheimagebasedurfacedetailtransferapproacho
simulateagingeffectsonfaces.RamanathaandChellappa
[20] proposeda Bayesiamage-diferenceclassi er built on
a probabilisticeigenspaceamenork to performfacever-

i cation acrossageprogression.

1.2 Motivation and Problem Statement

Someof thesigni cant applicationof studyingagepro-
gressionin humanfacesare face recognitionacrossage
(homelandsecurity), automatic age estimation (parental
control, age basedHuman-Computeinteraction), predic-
tion of one's appearancacrossage( nding missingindi-
viduals)etc. Developingmodelsthat characterizeagepro-
gressionin facesis a very challengingtask. Facial ag-
ing effects are predominantlymanifestedin the form of
shapevariationsduring one's youngeryearsand as wrin-
kles and othertextural variationsduring one's older years
[15]. Thoughtheaforementionedpproacheproposenovel
methodsto addressageprogressionin faces,in their for-
mulation most approachesgnore the psychophysicakv-
idencescollectedon age progression. Face anthropomet-
ric studiesoffer agoodinsightinto craniofacialgrowth and
hencehave long beenusedby physiciansin treatingcran-
iofacial disorders. Facerecognitionsystemshat were de-
velopedwith theincorporationof suchdatawould be better
equippedn handlingageprogressionn faces.

We proposea craniofacialgronth modelthat character
izesthe shapevariationsundegoneby humanfacesduring
formative years. The craniofacial growth modeldraws in-
spirationfrom the “revised' cardioidalstraintransformation
modelproposedy Toddetal. [23] andfurther, accountdor
the age basedanthropometricconstraintson humanfaces
provided by Farkas[7]. The proposeccraniofacial growth
modelcanbe usedto predictone’s appearancacrossage
andto performfacerecognitionacrossageprogressioron
individualsin the agerange(0 yrs - 18 yrs). We perform
experimentsto demonstratéhe sameon a databasef age
separatedfaceimagesof individualsin theagerange(0 yrs
-18yrs).

Sectionll givesan overview of the craniofacial growth
modelandhighlightsthe importanceof incorporatingage-
basedanthropometridacemeasurementa developingthe
model. Sectionlll discussegaceanthropometnyin rele-
vanceto studyingageprogressionn humanfaces.Section
IV providesa mathematicaframework to the computation
of the craniofacialgrowth model. Sectionsv discusseshe
experimentghatwereperformedon ageseparatedaceim-
agesof individualsin the agerange(0 - 18 years)using
our modelandsectionVI discusseshe strengthsandlimi-
tationsof theproposedraniofacialgrowth modelandoffers
insightsinto futurework on this topic.

2.Craniofacial Growth Model

Studiegrelatedto craniofacialgrowth werelargely based
on the hypothesighat arny recognizablestyle of changeis
uniquelyspeci ed by geometricinvariantswhich form the
basisfor perceptualinformation. Mark et al. [17] iden-
tied three geometricinvariantsthat are characteristicto
cardioidalstraintransformationsThe geometricinvariants
canbedescribedasfollows: (i) angularcoordinate®f ev-
ery point on an objectin a polar coordinatesystembeing
presered(ii) bilateralsymmetryabouttheverticalaxisbe-
ing maintainediii) continuityof objectcontoursbeingpre-
sened. Re-aminingthe analogydravn betweencranio-
facial gronth and the remodelingof a uid lled spheri-
cal objectasproposedyy Toddetal. [23], onecanidentify
thefollowing aspectshathelppreseretheaforementioned
geometricinvariantsupontransformations (i) pressurds
directedradially outwards(ii) pressuredistributionis bilat-
erally symmetricaboutthe vertical axis (iii) pressuralis-
tribution is continuousthroughoutthe object. Hencethe
proposednodelsatis esthecriteriabasedn geometridn-
variantsobsered in craniofacial growth. Fig. 1(a) illus-
tratesthe pressuralistributioninsidea uid- lled spherical
object.(A similarillustrationappearsn [2]).

Mathematically the “revised' cardioidalstraintransfor
mationmodelis expressedasfollows [23]. Let denote
thepressurattheparticularpointontheobjectsurfaceact-
ing radially outward. Let( , )and( , ) denotethe
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Figurel. (a) Remodelingf a uid ®lled sphericabbject(b) Facial
growth simulatecbnthepro®leof achild'sfaceusingthe ‘revised'
cardioidalstraintransformations

angularco-ordinate®f a pointon the surfaceof the object,
beforeandafterthetransformationLet denotea growth
relatedconstant.

1)

We appliedthe ‘revised' cardioidalstraintransformation
on the facepro le of a child. Upon varying the growth
parameter , we obsened that the transformationof face
pro les closelyresembledhe oneobsenedin actualfacial
growth. Further the percevedageof eachof theindividual
facepro les increasedvith increasan the gronth parame-
ter . Fig. 1(b) illustratesthefacepro les obtainedoy em-
ploying the above transformation.Next, we employed the
agetransformationmodelon frontalfaceimagesof children
andobsenedthatagetransformedacesesembledeal-life
imagestaken acrossyearshetter for smallagedifferences.
For large valuesof , which essentiallyimplies largerage
transformationsthe aspectatiosbetweerdifferentregions
of the transformedaceswerelesspresered. Fig. 2 illus-
tratesthe faceimagesobtainedby applying the “revised'
cardioidalstraintransformatiomrmodel. In eachof the two
instancedllustratedin g. 2, we obsenethatwhile theage
transformatioris percevablein the initial few transforma-
tions, the aspectatio of facesobtainedfor large agetrans-
formationsseemunnatural.

Face anthropometricstudiesreport that differentfacial
regions reach maturationat different yearsand hencea
few facial featureschangerelatively lesswhen compared
to otherfacial features,as ageincreases.In relevanceto
the “revised' cardioidal strain transformationmodel, this
obsenation translatesinto the fact that different regions
of humanfaceshave different gronth parametersacross

Original Face (i) (ii) (iidi) (iv)

Original Face (v) (vi) (vidi) (viii)

Figure2. Age transformationresultsobtainedby applyingthe ‘re-

vised' cardioidalstraintransformatioron real-life faceimagesof

two individuals( yearsand yearsof agerespectiely). The

growth parametershosenfor eachof the instanceswere (i)
(it) (iii) (iv) (v)

(vi) (vii) (viii) . Theoriginalimages

belongto the FG-Netagingdatabasé§l].

age. Hence,it is importantto incorporateanthropometric
evidencescollectedon facial growth while developingthe

model,wherebywe canreliably estimatehegrowth param-
etersfor differentregionsof the humanfaceacrossage.

3. FaceAnthr opometry

Face anthropometnyis the scienceof measuringsizes
and proportionson human faces. Face anthropometric
studiesprovide a quantitatve descriptionof the craniofa-
cial complex by meansof measurementsaken between
key landmarkson humanfacesacrossage and are often
usedin characterizingrormalandabnormalfacial growth.
Farkas[7] providesa comprehensie overvien of facean-
thropometryandits mary signi cant applications.He de-
nes faceanthropometryin termsof measurementtaken
from landmarkson humanfaces. The measurements
taken on humanfacesare of threekinds : (i) projectve
measurementgshortestdistancebetweentwo landmarks)
(i) tangentialmeasurement@istancebetweentwo land-
marksmeasuredilongthe skin surface)(iii) angularmea-
surements. By comparingreal anthropometricneasure-
mentswith that obtainedthrough photogrammetryof hu-
manfacesFarkasidenti es faciallandmarkghatcanbere-
liably estimatedrom standarchotographef humanfaces
(20%,25%,33%,50%r life size)for photogrammetri@ap-
plications.

We usethe age-basedacial measurementand propor
tion indices(ratios of distancedetweenfacial landmarks)
provided in [7] and [8] to build the craniofacial growth
model. Sinceour studyprimarily involvesfrontal faceim-
agesof individuals acrossage, we use only thosefacial
landmarksthat could be reliably locatedusing photogram-
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Figure3. FaceAnthropometry. Of the faciallandmarksle®ned
in[7], wechoose landmarksllustratedabove for our study We

further illustrate someof the key facial measurementthat were

usedto developthe gronth model.

metry. Further we take into accountonly linear projective

measurementtken on humanfacesacrossage,sincean-
gularmeasurementandtangentialmeasurementsn faces
cannotbe estimatedaccuratelyusing photogrammetryof

frontal faceimages. Fig. 3 illustratesthe  facial land-
marksandsomeof theimportantfacial measurementhat
wereusedin our study

Facial growth is often studiedusing proportionindices
andhencewe interpretfacialmeasuremenis termsof pro-
portion indices while developing the craniofacial growth
model. Someof the proportionindicesthat were usedin
our studywere(i) Facialindex —— , (ii) Mandikularin-
dex —— , (iii) Intercanthaindex —— , (iv) Orbital
width index —— , (v) Eye ssure index —— , (Vi)
Nasalindex —— , (vii) Vermilion heightindex —— ,
(viii) Mouth-Facewidth index —— etc. Table1 com-
piled from various anthropometricstudiesfrom [7] illus-
tratesthe different growth patternsobsened in different
partsof facesn menandwomen.RTI (Relative Total Incre-
ment)isde nedas where and correspond
to meanvalue of the measurementsbtainedat ages and

respectiely. The ageof maturationand the period of
growth spurtareestimatedy analyzingrelative changesn
facialmeasurementacrossyears. Faceanthropometnhas
beensuccessfullyusedin computergraphicsapplications
by DeCarloet al. [6] in developinggeometricmodelsfor
humanfacesand by Kahler [10] in simulatinggrowth on
humanheadmodels.

Tablel. Growth patternin differentfacialregions
Feature RTI Growth Maturation

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

n-gn | 505 448| 14 15 |15 13
zy-zy | 387 359|34 34|15 13
en-en | 205 175| 34 34 |11 8

al-al | 309 21.2| 34 34|14 12

n-sn | 715 675|1-2 3-4 |15 12

4. Computational Aspects

This sectiondetailsthe computationabspectsnvolved
in usingfaceanthropometriclatato developthe proposed
craniofacialgronth modelthatconcurswith psychophysical
studiesrelatedto the growth of humanfaces.

4.1 Featurelocalization

Of the landmarksidenti ed by faceanthropometric
studieswe chose landmarkghatcanbereliably located
on frontal facesasillustratedin g. 3. To automatically
detectfaciallandmarksonfrontal faceswe usethefacede-
tectionandfeaturelocalizationmethodproposeddy Moon
etal. [18]. We detectfacial featuressuchasthe eyes, the
mouthandthe outercontourof thefaceby tting ellipsesof
differentsizesandorientations.This operationenableghe
location of the following facial landmarks( - fore-
headandchin),( , , , -ees)and( , , ,

- mouth). Using proportionindicesobtainedthroughdis-
tancesbetweenthe detectedandmarkssuchas the inter-
canthalindex —— , thebiocularwidth-totalfaceheight
index —— , theintercanthal-mouttwidthindex ——
etc. we estimatethe age group to which the faceimage
belongsto anddetectotherfacial landmarksusinganthro-
pometricdataavailableon facesbelongingto the particular
agegroup.Minor errorsin featurelocalization,do notaffect
the proposedmethodto computefacial growth parameters
much.

Underthecraniofacialgrowth modelde nedin eq. 1, we
obsene 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
crucialto the succes®f this modelin characterizingacial
growth. RTI de ned in the previous sectionis a quantita-
tive measuren the extentof gronth obsenedin facialfea-
turesacrossage. The RTI of the foreheadength is
obsenedto be a low in menand in women
whencomparedo thatof otherfacialmeasurementsf the
origin of referenceis locatedbetween and alongthe
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Figure4. Prototypefacescreatedor differentagesusinganthropometrieneasurementsom [7] areillustrated. The ow of facialfeatures
acrossageillustratedseparatelyvalidatesthe constraintsmposedby the cranioficial grovth modelproposedn eq. 1.

facialmid-line axis, one could appreciatehe effectiveness
of the radialandangularconstraintsde ned by the cranio-
facialgronth modelin eq. 1 in characterizingacialgrowth.
Fig. 4, further strengthenshis notion. Prototypefacesfor
differentageswere createdusing the meanvalue of mea-
surementgaken acrossdifferentfacial landmarks. Fig. 4
illustratesthe prototypefacedor ageg(in years) , , ,

,  andillustratesthe o w of facial featuresacrossage
whichis usedin determiningheoptimalorigin of reference
for thecraniofacialgrowth model.

4.2 Model computation: An Optimization problem

Let the facial growth parameterf the ‘revised' car
dioidal straintransformatiormodel, that correspondo fa-
cial landmarksgdesignatedy | , , , , , , , ,

T I o[ respectiely.
The facial growth parametergor differentagetransforma-
tionscanbe computedusinganthropometriconstrainton
facial proportions. The computationof facial gronth pa-
rametersis formulatedas a non-linearoptimizationprob-
lem. We identi ed facial proportionsthat can be re-
liably estimatedusingthe photogrammetnpf frontal face
images. Anthropometricconstraintsbasedon proportion
indicestranslateinto linear and non-linearconstraintson
selectedacial growth parametersWhile constraintdased
on proportionindicessuchasthe intercanthalindex, nasal
index etc. resultin linear constrainton the growth param-
eters,constraintsbasedon proportionindicessuchas eye
ssure index, orbital width index etc. resultin non-linear
constrainton the growth parameters.

Let the constraintsderived using proportionindicesbe
denotecas k A v k . The
objectve function k thatneedsto be minimizedw.r.t k
isde nedas

kK - k )

Thefollowing equationsllustratethe constraintghatwere
derived using differentfacial proportionindices. ( and

areconstants.
from[7].)

We usethe Levenbeg-Marquadt non-linearoptimiza-
tion algorithm[3] to computethe growth parametershat
minimize the objective functionin aniterative fashion.We
usethe craniofacialgrowth modelde nedin Eq. 1 to com-
pute the initial estimateof the facial growth parameters.
Theinitial estimatesreobtainedusingtheage-basethcial
measurementsrovidedfor eachfaciallandmark,ndividu-
ally. Theiterative stepinvolvedin the optimizationprocess
isde nedas

is age-basegroportionindex obtained

k k H H k 3)

where k k k andH corresponds
to the Hessianmatrix evaluatedat k . At the end of each
iteration, is updatedasillustratedin [3].

Next, using the growth parametersomputedover se-
lectedfaciallandmarkswe computethe growth parameters
overtheentirefaceregion. Thisis formulatedasa scattered
datainterpolationproblem[4]. On a cartesiancoordinate
systemde ned overthe faceregion, the growth parameters
k correspondo parametersbtainedat
faciallandmarkdocatedn
Ourobjectiveisto nd aninterpolatingfunction

suchthat

X (4)



wherex andthethin-plateenegy functionalE
de nedas

E X X X X (5)
is minimized.  is a measureof the amountof bending

in the surface. In eq. ??, is theregion of interest(face
region, in our case).Usingthe methodof radial basisfunc-
tion, the interpolatingfunction that minimizesthe enegy
functionalcanbe shown to take theform

X X X X (6)

where x is alinearpolynomial, arerealnumbersand
is the Euclideannorm in The linear polynomial
x accountsfor afne deformationsin the system. We
adoptthe thin plate splinesfunctionsde ned as  x
X X to comprisethe basis functions. As illus-
tratedin [4], to remove af ne contributionsfrom the basis
functions,we introduceadditionalconstraints
. Egs. 4 and6 coupledwith
theconstraintsabove, resultsin thefollowing linearsystem
of equationssolving which we computethe interpolating
functionf. Thelinearsystemof equationss

A P k
P O C 0 (7
where A is a matrix with entries X X
, P is a matrix with rows ,
and the coefcients of the

polynomial function. Thus the growth parametersom-
putedat selectedfacial featuresusing faceanthropometry
is usedto computethe growth parametersver the entire
facialregion. Upon computingthe gronth parametersthe
proposedcraniofacial growth model can be appliedto au-
tomaticallyagethe faceimage. For an agetransformation
from'p' yearsto 'q' years , themodeltakestheform
similar to theonede ned in eq. 1. On apolarcoordinate
framework, thetransformatioris de ned as

where correspondgo thei'th facial featureand | the
growth parametergor a transformationfrom “p' yearsto
q' years. The modelcanalsobe usedto lower the ageof
faceimages.For anagetransformatiorfrom "p' yearsto "q'
years , we de ne thefollowing inversetransforma-
tion.

5. Experimental Results

Here,we describewo experimentshatwereconducted
on a databas®f ageseparatedaceimagesof individuals
under yearsof age. The proposedcraniofacial growth
modelwasusedto predictone's appearancacrossageand
to perform facerecognitionacrossage progression. The
databaseomprisef a setof imagesfrom the FG-Netag-
ing database]] anda setof ageseparatedaceimagesthat
we collectedfor our research. Our databaseomprisesa
total of imagesof individuals.

Fig. 5 showvs someof the agetransformatiorresultsob-
tainedusingthe proposednodel.In g. 5weillustratethe
originalandtheagetransformedaceimagesalongwith the
facial growth parameterdor differentagetransformations
ondifferentindividuals. The facialgronth parameterfelp
obsene the differentgrowth patternson individualsacross
age.Forinstancepnecanobsenethatwhile facialfeatures
alongthe outercontourof the facegrow rapidly in theini-
tial few yearsthey grow relatively lessemwhencomparedo
otherfacialfeaturespeyond yearsof age.

Next, for the facerecognitionexperiment,we createthe
gallery andthe probesetsfrom the databaseuchthat the
gallery setcomprisesof a singleimageper individual and
the probesetcomprisesf eithersingleor multiple images
perindividual. Oneof the challengesnvolvedin recogniz-
ing faceimagesof childrenacrossageprogressions to ac-
countfor growth relatedshapevariationsin children'sfaces.
Most facerecognitionsystemsprocessaceimagesas 2D
vectorsof x ed dimensions . Sucha constraintif
imposedon pairs of ageseparatedaceimageof children,
wouldresultin thefacerecognitionsystemcomparingpairs
of faceimageswith misalignedfacial featuresthat were
scaledwithout dueconsiderationsn facialgrowth. Hence,
to performrecognitionacrossageseparatedaceimagesof
children,a betterapproacho handlethe differencesn the
sizeof faceswvould beto employ anagetransformatiorsuch
thatpairsof imageghatareto becomparediretransformed
to the sameagesand hencepresumablyhave comparable
sizes.

To highlight theimportanceof performinganagetrans-
formationon pairsof ageseparatedlaceimagesheforeper
forming face recognitionacrossage progressionwe de-
signedthe following experiment. Let the imagescompris-
ing the gallery set and probe set be designatedas G

and P re-
spectvely. Let ( ) correspondo the
differentagesof individuals presentin the gallery andthe
probesets.Underthe rst setting,theimagesin thegallery
andthe probesetsarescaledandcroppedsuchthatthey are
all of dimensions andthe eyesarealignedacross
all images. Under the secondsetting, given a probeim-
age ,we performanagetransformatioroperatioronall
the galleryimagesandgenerateahe galleryimagesfor age



Figure5. Age transformatiorresultson differentindividual. (The originalimagesshavn above weretakenfrom the FG-Netdatabas§l].)

years. Suchan operationis repeatedor all the probe
images . Fig. 6 illustratesthe galleryim-
ageghatweregeneratedor differentagesfrom theimages
of two subjectsin the original gallery. Using eigenfices
[24], we performfacerecognitionunderboth the settings.
Therecognitionresultstakulatedin Table2 shav thatbet-
ter recognitionratescanbe achiezedwhenagetransforma-
tion operationareperformedon pairsof ageseparatediace
imagesof individuals beforeperformingrecognition. The
recognitionresultsreportedin 2 wereobtainedwithout ac-
countingfor differencesn illumination, headpose,facial
experssiongetc. betweenpairs of age separatedaceim-
agesHencetherank recognitionscoresarelow.

Table2. Recognitionresults(%) beforeandafteragetransforma-
tion

| Approach [ Rank1 | Rank5 | Rank 10 |
No transformation 8 28 44
Agetransformed 15 37 58

6. Discussionsand Conclusions

We have proposed craniofacialgrowth modelthattakes
into accounbothpsychophysicadvidencesonhow humans
perceve age progressiorin facesand anthropometricevi-
denceson facial growth. We have demonstratethe effec-
tivenessof the proposednodelin predictingone's appear
anceacrossageandin improving recognitionresultsacross

ageseparatedaceimagesof individuals. To discusssome
of the strengthsaandweaknessesf the proposednethod:

The craniofacial growth model that we proposeis
uniquefor eachindividual. Thoughgrowth patterns
areoften obsenedin humansacrossage,theremight
be subtledifferencesn facial gronth betweendiffer-
entindividuals. Underthe sameagetransformation,
thoughthefacialgrowth parametersomputedatfacial
landmarksare identical acrossindividuals, the facial
growth parametergomputedover the entire facere-
gionis adaptedo eachindividualdifferentlyandhence
is differentfor differentindividuals.

The model accountsfor genderbaseddifferencesin
facialgrowth asit wasdevelopedusinganthropometric
datapertainingto menandwomen,separately

Further the craniofacialgrowth modelcanbe adapted
to characterizdacial growth on peoplefrom different
originsby usinganthropometriclatapertainingto peo-
ple from thoseorigins. In this work, the anthropo-
metric datausedto develop the model was obtained
from facial measurementtaken on Caucasiarfaces
andhencewe expectour modelto work betteron Cau-
casianfaces.

But, theproposedpproacHacksa textural modeland
doesnot accountfor textural variationsacrossage.
Hencefacialhairandothercommonlyobsenedtextu-



Figure6. Generatedjalleryimagesat differentagesfor two subjectsfrom theoriginal gallery set

ral variationsin teenagersrenot accountedor. Fur-
ther, it doesnot accountfor changesn the amountof
fattissuein theface. Themodelretains babyfat' and
hencethe agetransformatiorresultsobtainedon tod-
dlerswerepoor.

In future, we wish to take a closerlook at textural varia-
tionsin humanfaceswith age(bothduringformative years

andduringold age).
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