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Figure 1: In automatedgeprogressiona data-diven approachenablesappropriateexampleimagesandagetransformationso be selected
accordingto aninputimage(a). Differentlevels of localization(c)-(e) shavs the relative meritsover the useof a global modelin previous
work. In addition,we canautomaticallyevolve afull person-speci csolutionfor theinput by learningfrom existing agetransformationgf).
In comparisorwith theactualagedindividual (g), whichis unknavn to the computatiorprocessthefull solutionoffersthebestresults.

Abstract

Aging hasconsiderableffectsontheappearancef thehumanface
and is dif cult to simulateusing a universally-applicableglobal
model.In this paperwe present data-drvenframework for facial
ageprogressior{andregressionputomaticallyin conjunctionwith
a databaseof facial images. We build parameterizedocal mod-
elsfor facemodeling,age-transformatioandimagewarpingbased
on a subsetf imagerydataselectedaccordingto aninput image
andassociatednetadataln orderto obtaina person-speci anap-
ping in the model spacefrom an encodedface descriptionto an
encodedhge-transformationye emplo/ed geneticorogrammingo
automaticallyevolve a solutionby learningfrom exampletransfor
mationsin the selectedsubset.In orderto capturevariousfactors
thatdeterminethein uence of featurepoints,we developeda nev
imagewarpingalgorithmbasedon non-uniformradial basisfunc-
tions (NURBFs).A geneticalgorithmwasusedto handlethelarge
parametespaceassociatedvith NURBFs. With evolutionarycom-
puting,ourapproachs ableto infer from theinputandthedatabase
the mostappropriatenodelsto be usedfor transformingthe input
face. We comparedour data-drven approachwith the traditional
global modelapproach. The noticeableimprovementin termsof
the resemblancdetweenthe outputimagesand the actualtamet
imagegwhichareunknavn to the processflemonstratetheeffec-
tivenessandusability of this new approach.
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1 Intro duction

Visualmodelingandsimulationof facialageprogressiomasappli-

cationsin law enforcementforensicscienceyisualpsychologyand

theentertainmenindustry Age progressedmagesseenin theme-

diatoday suchasthoseusedfor nding missingpersonstypically

involve skilled manualwork to a large extent. A completelyauto-
matedapproachyhichis still anelusive goalin theseapplications,
presentsaninterestingchallengeto computergraphics.

Previous work on the automatic generationof aged images
adoptedthe global modelappmoad), wherea genericagingmodel
was formulated,basedon craniofcial growth patterns[Pittenger
andShawv 1975;Mark andTodd 1983),averagefacialimageqBurt
andPerrett1995;Tiddemaretal. 2005]or asetof statisticaparam-
eters[Lanitis etal. 2002]. Aging is arelatively individual-speci ¢
processandis in uenced by factorsassociatedvith somegeneric
groupingssuchas gender ethnic origin, gronth phasesand geo-
ervironmentalconditions, as well as factorsassociatedvith the
lifestyle and healthof individuals. The main shortcomingof re-
lying ononeor afew pre-de nedglobalmodelsis thedif culty for
the modelsto accommodat¢he compleity anddiversity of indi-
viduals' facialageprogressionFurthermoreit is dif cult for such
amodelto improve itself by learningfrom the disparitybetweera
simulatedagedimageandaknown targetimage.

Thedata-drivenapproachwhichhasbeensuccessfullydeployed
in areassuchasfacial animation(e.g.,[Pighin et al. 1998; Vlasic
etal. 2005]) canaddresghe shortcomingof the globalmodelap-
proach.lt is practicallyfeasibleto establisrandexpanda database
that containsfacial imagesof a large numberof individuals cap-
tured at different ages,togetherwith somemetadataabouttheir
genderethnicorigin, lifestyle, etc. Givenaninputimageof aface



to be agedand someinformation aboutthe person,our objectve
is to device a systemthat can selecta subsetof individuals from
thedatabasbéasednthegiveninformation,automaticallygenerate
appropriatanodelsthatareoptimizedfor the subsebf individuals,
apply the person-speci cmodelsto the input image,andobtaina
simulatedageprogressionmage.Inevitably, it is moreappropriate
to build a systemarounda 2D morphingalgorithm,asacquiring3D
facialdataof alarge numberof individuals,eachat differentages,
posesa completelydifferentproblemin termsof practicality

In this paper we presenta data-drven framework for facial age
progression(and regression)automaticallyin conjunctionwith a
databasef about1500facial images. Our approachdiffers from
previouswork on facialageprogressiorin severalways. (i) We do
not rely on a global model, andinstead,we build person-speci c
modelsfor facemodeling,age-transformatioandimagewarping
basedon a subsetof imagerydataselectedaccordingto an input
faceandassociatedanetadata(ii) Insteadof spatialandfrequence
domainmethods,we computeage progressiorprimarily through
two parameterizeanodels,namelymorphableface modelfor en-
codingfacesandmorphableaging modelfor encodingdifferential
speci cationsof age-transformatiorhoth constructedising prin-
cipal componengnalysis (iii) In orderto obtaina person-speci ¢
mappingin themodelspacdrom anencodedacedescriptionto an
encodedhge-transformationwe emplo/edgenetigprogrammingo
automaticallyevolve a solution by learningfrom example trans-
formationsin the selectedsubset. (iv) In orderto capturevarious
factorsthatdeterminehein uence of featurepoints,we developed
anew imagewarpingalgorithmbasedn non-uniformradial basis
functions(NURBFs). The geneticalgorithmtechniquevasusedto
handlethe large parametespaceassociateavith NURBFs.

With evolutionarycomputing,our approachis ableto infer from
theinput andthe databas¢he mostappropriatenodelsto be used
for transformingthe input image. As shavn in Figure 1, by em-
ploying local models we canachieve noticeablemprovementover
theglobalmodelapproachn termsof theresemblanceetweerthe
outputimagesandtheactualtargetimage whichis unknavn to the
processFurthermoreby usingaperson-speci anappingobtained
usinggeneticprogrammingwe canobtain bettermodelsthat en-
codemore person-speci ccharacteristicsn ageprogression.We
will give further examplesin the paperto demonstratehe effec-
tivenessandusability of this new approach.

2 Related Work

Facial Age Progression. Thetraditionalapproacho generation
of ageprogressedmagestypically involvesthe skills of an artist
working from photosof theindividual concernedSemi-automated
techniqguesrenow commonwhichallow forensicartiststrainedin
facialanthropometryo modify existing photographsisinginterac-
tive softwaretools andimposeappropriatdacial changedasedon
aknown agingtrend. For example for generatinganagedimageof
amissingchild, a forensicartistnormally usesphotograph®f the
closerelativesof thechild to identify acommonagingtrend.Sucha
processs time consumingandthe quality of theresultsdepend®n
the skills andinterpretation®f the artistaswell asthe availability
of suitableinformationfor identifying anagingtrend.

Earlyattemptsatageprogressiomusedgeometridransformations
to modelcraniofacial growth. Pittengeretal. [1975;1979]applied
af ne shearandcardioidalstraintransformationso facial outlines
to determingheeffectsof thetransformationenthepercevedage.
Mark andTodd[1983] extendedhis methodto faceimagesand3D
facialdata,shaving thatgrowth transformationsvereapplicableto
more detailedfacial representationsBurt and Perrett[1995] em-

ployedimagemorphingfor ageprogressiorthatfacilitatesbothge-
ometricdeformationsandtexture changesThemethodis basecon
a compositefacecreatedrom a setof images. Furtherextensions
to this work [Tiddemanet al. 2001; Tiddemanet al. 2005] inves-
tigatedwavelet-basedexture enhancemernb compensatéor ne
texture detail which is often lost in the compositeimages. Lani-
tis et al. [2002] proposed statisticalapproactto ageprogression,
which allows faceimagesto be encodedas parametersf a statis-
tical model. Aging is the simulatedby manipulatingparameterin
modelspaceusinga weightedaverage.In addition,attemptswere
madefor capturingypicalagingfeaturesuchaswrinklesandspots
from examplesandsuperimposinguchfeaturesontoamodel(e.g.,
[Bastanérd et al. 2004; Mukaida et al. 2002; Lee et al. 1999]).
Neverthelessthe focuson theseattemptswasnormally placedon
visualrealismof anartisticimagetransformatioror surfacedetails
of a3D virtual human.

Metamo rphosis of Imagery Data. Ourwork is alsorelatedto a
collectionof previous work in imageandvolume metamorphosis,
which is usedextensiely in computeranimationandfor manipu-
lating 2D and 3D imagerydata. The existing 2D algorithms(e.g.,
[Wolbeig 1990; Beier and Neely 1992]) provided us with a setof
valuableconsiderationsn algorithm designandfeaturespeci ca-
tion, while their 3D extensionge.g.,[Lerios et al. 1995; Seitzand
Dyer 1996; Blanz and Vetter 1999]) promptedus to considerthe
non-uniformeffectsof 3D shapetransitionin the projective image
space. The existing techniquedor image and volume metamor
phosisfall into thefollowing threemainclasse§Chenetal. 1996].
In crossdissolving(e.g.,[PayneandToga1992; Hughes1992;He
etal. 1994]),themetamorphosibetweerntwo imagerydatasetgan
be performedn spatialandfrequeng domains.It doesnotrequire
muchhumaninterferenceput haslittle control over the deforma-
tion. In meshwarping (e.g.,[Wolbeig 1990]), the 2D or 3D im-
agerytransformationis de ned by the deformationof a planaror
spatialsubdvision. As transformationis local to eachcontrol el-
ementin a subdvision mesh,it is computationallyef cient, but a
desiredwarping usually requiresa large numberof elementshat
are distributed somavhat uniformly to avoid the so called “fold-
over' condition. In eld morphing(e.g.,[Beier and Neely 1992;
RuprechtandMller 1995; Leriosetal. 1995]),theimagerytrans-
formationis de ned by the displacemenbf a setof control fea-
turessuchaspointsandlines. This approachrequiresa relatively
smallnumberof control featureswhich arenormally correlatedto
the key visual featuresin the imagerydata,thoughthe computa-
tional costis normally more than the other two approaches.A
hybrid methodwas proposedn [Lee et al. 1995]. In both mesh
warpingand eld morphing,the metamorphosiketweentwo im-
agerydatasetss achieved by rst a controlledwarpingof the two
datasetshena crossdissolvingof thewarpeddatasets.

Evolutionary Computing. Evolutionarycomputingis abranchof
Arti cial Intelligence[Backetal. 1997],andhasbeensuccessfully
deplogredin mary areasof sciencegengineeringandindustrialde-
sign.In computegraphicstherehasbeenaseriesof investigations
into the useof evolutionarycomputingmethodsfor modelcreation
andoptimization.Thesencludeoptimizingprocedurallygenerated
imageqSims1991],designingsculptureg§Toddetal. 1991]gener
ating motion for articulated gures [Ngo andMarks 1993;van de
Panneand Fiume 1993; Auslanderet al. 1995], solving sampling
problemsin globalillumination [LangeandHornung1993], creat-
ing virtual creaturegSims 1994], and modelingfacial expression
[Lim 1995]. GeneticprogrammingKo0zal992;Kozal994]wasa
commonmethodemployedin suchdevelopment(e.g.,[Sims1991;
WatabeandOkino 1993;Lim 1995]).
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Figure 2: A data-drivenframavork

3 A Data-Driven Framework

We adopteda data-drivenapproad for modelingand simulation
of facial age progression. We found that the design principles
of someexisting data-drven frameworks (e.g., [Blanz and Vetter
1999]) couldbe adaptedor this work. Figure? illustratesthe ma-
jor functionalcomponent®f the softwareframevork developedin
this work.

Database. The collectionof alarge volumeof suitablefacialim-
agesand associatednetadatas an inherently dif cult taskto be
undertalenwithin arelatively smallresearciproject. Thedatabase
wastherebydesignedn e xible andextensiblemanneraccommo-
datingincompletenesi dataentries. The currentdatabaseon-
tainsapproximatelyl500facialimagesof 100 individualsat vari-
ousages. For eachperson,photographsre storedasan agepro-
gressve imagesetandtaggedwith the associate@gein year The
databasecontainsentriesfrom both genders,and of individuals
from various ethnic origins, with agerangingbetweenl and 70
years.Unsurprisingly noneof theimagesetscollectedhasa com-
plete cover over the 70 yearspan. As we rely heavily on family
photographsthey inevitably vary in quality, resolution,illumina-
tion, 3D headpose,and facial expression,and often containoc-
clusionsfrom hair, glassesmaleup, clothing and other peopleor
objectsin thescene Someimagesarein grayscale.

Modeling. Modeling provides a meansof image coding, with
which a facecanberepresentethy a combinationof basisimages
andcanthereforebereducedo the parametersf themodel. Prin-
cipal Componenfnalysis(PCA) [Jollife 1986]is animagecoding
schemewidely usedfor constructinga setof basisfacesin facial
imageprocessingndanimation(e.g.,[Blanz andVetter1999]). In
this work, we adoptthis techniquen specifyingtwo typesof mod-
els, namely morphableface model and morphableaging model
The former allows the encodingof eachfaceasa setof parame-
ters,while facilitating dimensionreductionthrougheigenanalysis.
Thelatteractsasageneratie modelfor age-transformationsn ad-
dition, we alsobuild a person-speci cimage warping modelbased
on asetof non-uniformradialbasisfunctions.

Evolving. We pursuethedata-drvenapproacHurtherby usingag-
ing examplesselectedrom thedatabasasatrainingsetto optimize
the morphableaging model and the imagewarping model. Two
evolutionarycomputingmethodsthegeneticprogrammingandge-
neticalgorithmtechniqueswereusedto evolve thetwo modelsre-

spectvely.

Aging. Givena previously unseerfaceto be aged(i.e., inputim-
age), we apply the morphablefaceandagingmodelsto derive the
mostappropriateage-transformationlmagewarpingis thenused
to realizethetransformationgcreatinganageprogressedmage.

The frameawork is data-drvenin two respects Firstly, the mod-
els,which areusedin a particularagingsimulationfor facemod-
eling, age-transformatioand eld-basedwarping, dependon the
input facialimageto be agedandassociateéhformation. They are
constructedrom asubsebdf dataselectedrom the databasspecif-
ically for theinput dataandareparameterizetbcally accordingto
the input facialimage. Secondly the morphableagingmodeland
the NURBF-basedvarping model also dependon the datastored
in the database.The more and betterquality imageryand meta-
information available in the databasethe betteraccurag canbe
achievedin termsof evolutionarycomputatiorof themodels.

4 Modeling

A facialimageF is representedby two elementarycomponents,
namelygeometrycomponeniG andtexture componenfl. G is a
setof annotate@D points,which speci esthekey geometricafea-
turesof aface,andis storedin the databases a vectorwith the
correspondindaceF.

A refeencegeometryis a standardyeometryvectorGgr associ-
atedwith thedatabaseandit normallyremainsunchangedhrough-
outthelifecycle of the databaselts mainuseis for de ning anor-
malizedtexture space andcanbe obtainedfrom an abstractacial
representationa typical humanface,or asthe averageof a setof
facegeometryvectors.For our databaseGGg wascalculatedasthe
meanfacegeometryvector of a setof well-formedfacial images
selectednanually

Thetexture componentT, is atextureimagegeneratedby warp-
ing the original facial imageF from the correspondinggeometry
componen(G to the referencegeometryGg . The texture compo-
nent,which is a colorimage,is alsostoredalongsidethe original
faceF. For consisteng in the databaseall grayscalegexturesare
corvertedto color textures,via the HSV color space.We usethe
grayscalgexture astheV componentandtake theH and S com-
ponentsfrom a meancolor texture computedfrom a setof well-
formed faceimagesselectedfor the correspondingethnic group.
Wethentransformthe HSV texturebacledto theRGBcolor space,
and normalizethe RGB texture using histogramequalization,re-
sultingin anapproximatedolor texture.

It hasbeenshavn that encodingG and T in a parameterized
model provides a highly effective meansfor modelingand trans-
forming shapesndtextures[Blanz andVetter1999]. In particulay
Principal ComponenAnalysis(PCA) enablesisto build a param-
eterizedmorphableface mode| for geometryand texture respec-
tively, from a setof basisfacialimages,andto build a parameter
ized morphableaging mode] for modelingage-transformatioof
facialgeometryandtexture,from a setof basistransformations.

4.1 Morphable Face Mo del

Let the geometrycomponentf a facial imagebe a column vec-

assuming 2 N) be a setof n basisfaces,andhG; Ti bethe mean
of thesebasisfaces. We canapply PCAto hG; G;T; Ti, re-



sulting in two setsof n eigervectors,f fg; 2 R%ji 2 [L;n]g and
ffi 2 R¥ji 2 [1;n]g, bothin the columnform.

Without losing generality we assumethat eigervectorsin each
setarein descendingrderaccordingto the correspondingigen-
values.We selectthe rst m< n eigermvectorsfrom eachset,result-
ing in a parameterizedace mode] with reduceddimension|jn the
form of atuplehF ¢; Fti, where

correspondo geometryandtexture respectrely. An arbitraryface
hGa; Tai canthusbeencodedisingthefacemodelas:

ag=Fg (Ga G); ar=F; (Ta T):
Themodelis morphableasit allows continuousnetamorphosisf
facial imagesin the model space. In otherwords, a “numerical’
morphfrom hag; a;i to anarbitraryparametesethby; b;i resulting
in amorphfrom hGg; Tai to hGy; Tyi, where

Gb: G‘F Fg bg, Ga:T"' Ft b[:

4.2 Morphable Aging Mo del

Giventwo facialimagesf, andF, atages; andt; respectiely, a
transformatiorfrom R, to i, canbede ned by the corresponding
geometryandtexture transformationthatis, DG = G, Gy, and
DT =T, T.Givenasetof nexampletransformationsapturedn
thedatabasdiDG;; DTii; i 2 [1; n], we canconstruceinagingmodel,
from thesebasistransformationsfor modelingthe geometryand
texturetransformatiorrespectiely.

LethDG; DTi bethe meanof thesebasistransformationsSimilar
to theconstructiorof themorphablégacemodel,we rst applyPCA
to DG; DG;DT; DTi;i 2 [1;n], resultingin two setsof eigen-
vectorsf ygi 2 R%ji 2 [1;nlg andf y; 2 R¥ji 2 [1;n]g. Wethen
reducethedimensionof themodelby selectingn< n eigervectors
with the largesteigervaluesfrom eachset,which yieldsa parame-
terizedagingmode] hY 4; Y+i, where

Yg= Ygi1.¥g2::iii¥Ygm s Yi= YeuYeiiiYem s

The modelis alsomorphableasit allows continuousmetamor
phosisof differentialrepresentationsf age-transformationUsing
hY g; Yti, we canencodea given age-transformatiohDG; DTi as
a parametesset, hag; ati, in the modelspace. In reverse,we can
decodea given parameterset hdg; dti into an age-transformation
hDG; DTi. Hence anarbitraryparametesethdy; i canbeusedto
age-transformafacehGy, ; Ty, i to hG,; Ty,i as:

Gtzz th+DG= Gt1+D7G+ Yg dg;

1

T,=T,+DT = Ty, + DT+ Y d: )
Neverthelessin applicationsof ageprogressionboth hdg; cti and
hDG; DTi are usually unknavn. We will discussSection5 the
processof obtainingan appropriatendy; ¢ti for a given input face
hGt,; T, i . Sincewe areinterestedn ageprogressionwe placeare-
strictionon eachfacepair, suchthatthey arethefacialimagesof the
samepersomattwo differentagesthoughthe modelde ned in this
sectioncanin generabeusedin conjunctionwith otherdifferential
speci cationsof facialtransformation.

4.3 Input-Driven Local Models

As mentionedin Section2, forensicartistscommonlyuseappro-
priatephotograph®f closerelativesof a personto beagedto iden-
tify an age progressiontrend. This suggestshat using a local
modelappropriateto the input data,including imageryand meta-
information,shouldnormally resultin moreaccurateageprogres-
sionimages. Hencewe adoptan approachto enablethe dynamic
computatiorof localizedmodelsbasedon inputdata.

Local Face Mo del. Givenaninputfacialimage theinputageand

targetage,anda setof metadatge.g.,genderethnicorigin, etc.),

we selecta subsebf persondrom the databasesinga comparison
metric that measureshe notional distancebetweenthe input and

apersonin the databaseTakingthefacialimagesin this subsetat

(andaround)theinputage we build alocalfacemodelfor theinput

facialimage.

Local Aging Model. Forthetransformatiorfrom aninputaget;
to atargetaget,, we form alocalagingmodelby usingtheexample
transformationsromt; etob e intheselectedsubset.As the
searchis normally not restrictedto matchingt; andt, exactly, eis
usedto controlthetolerancewindow for ages.

Local Warping Mo del. We alsocomputea local warpingmodel
basedn the selectedsubsetwhich allows for moreaccuratespec-
i cation of in uence of eachfeature. This will be furtherdetailed
in Section6.

Pre-computed Global Mo dels. In additionto dynamicallycon-
structedlocal models,we also pre-computea numberof global
modelsfor aidingthe subsesearchprocessaswell asfor compar

ative evaluation. Theseinclude,for instance a globalfacemodel,
hF R .g:F R ti, Whichis constructedisingthe samesetof facialim-

agefor de ning the standardyeometryGg . Therearealsomodels
for maleandfemale,andindividual ethnicgroups.

Themorphableagingmodeldescribedn 4.2de nesanagetrans-
formationfrom aninputaget; to atargetaget,. Almostall existing
work onfacialageprogressioriocusedon theuseof aglobal mean
differential speci cationof aface(e.g.,[Mark andTodd1983;Tid-
demaretal. 2005]). In the context of our morphableagingmodel,
suchanapproachwould meantreplacingEg. (1) with:

G, G+t Eglobal; T, Tyt ﬁglobal: 2

Usingour data-drvenapproachdiscussedn 4.3, we caneasilyim-

prove this approximationby usinga local meandifferential spec-
i cation hDGjgcql; DT ocall Which is computedbasedon a subset
of imagepairsselectedaccordingto hG, ; Ty,i. In Figurel, (b)-(e)

indicatetheimprovementof ageprogressiomesultsthroughlocal-

ization. As shavn in (b), the imageresultingfrom the useof a

globalmodel(i.e., Eq. (2) exhibits few facialfeaturesof thetamget,

whichis unknavn to theagingsimulationprocessUsingasmaller
subsetconsistingof imagesof thosewho are a closermatchwith

hGt,; Ty, i, we canobtainageprogressiorimagesthat are closerto

thetamgetimage.

5 Evolving Age Transformations

Although localizationclearly shaws its adwantageover the global
modelapproachit still representsa coarseapproximatiorby omit-
ting the lasttermin Eq. (1). It is therebyhighly desirableto have
a full solutionto Eq. (1) by nding a way to obtaina parameter
sethay; ati suchthatit is speci ¢ to the input facial image i.e.,
hGt,; Ty, 1) andinputandtamgetages(i.e.,t; andty).

Given hGy,; Ty,i, which is encodedas hag;ati using model
hF g Fti, wewantto nd arelationbetweenhag; ati andhay; ati,



input initial h= 100
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h =500 targetimage

Figure 3: A morphableagingmodelis evolved basedon 22 examples,and appliedto transformthe input image. Four stagesare shown,
includingtheinitial generationandthe bestof threeexamplegenerationsh = 100 200,500. Thetamgetimageis unknavn to theevolution.

thatis, dy = Fg(ag); & = Fi(at), suchthatFg andF; aretwo com-
putablefunctions. Consideringthat sucha relationis not yet well
understoodandthereis nosuggestiorfor any computabldormulae
in theliterature we make no assumptior@bouttheprecis€formatof
Fg andF;. Insteadwe usegenericprogrammingo evolve suitable
functions,driven by the examplerelationsin the subsetof image
pairsselectedaccordingto hG, ; Ty, i .

5.1 Relation between Face and Aging

Considera subsebf imagepairsselectedaccordingto WGy, ; Ty, i,

We useindicesa andb insteadof t; andt, intentionally asit is
not necessaryo restrictthe searchto make an exactmatchfor the

morphablefacemodel, which is subsequentlyisedto encodeFs;
ashagi; ag;ii, 8i 2 [1;n]. Meanwhilefrom F , we derive a local
morphableagingmodel,whichis thenusedto encodehedifference
betweeneachimagepairsashdg;; dii, i 2 [1,n]. We thushave n
pairsof examplemappings,
hagi;agii 7! hdgi;aii;i= 1,200

We canlearnfrom theseexamplemappingsandevolve anappro-
priatemappinghag;ati 7! bhag; ai for hGy,; Ty, i, whichis de ned
by two computable€unctionsFq andF;. Let:

m< nis thereduceddimensionof the two modelsconcernedsee
4.1and4.2). We de ne Fg andF by usingasetof sub-functions:

wherej = 1,2;:::;m. As eachfg; is ascalarfunction,we canfor-
mulatethe sub-functionas a arithmeticexpressionof m variables

fore, thetaskfor obtainingeachsub-functiorbecomesheevolution
of anexpressiortreethatrepresentthe sub-function.Theexample
imagepairsprovide the evolution with a training setfor evaluating
thegeneratedrg andF in the process.

5.2 Genetic Programming

GeneticProgrammingKo0za1992; Koza1994]is one of the most
effective methoddgor evolutionarycomputing.anddiffersmostno-

ticeablyfrom otherevolutionarymethodsy allowing theautomatic
evolution of computemprogramsn theform of trees.

Terminal and Function Sets. Eachindividual of the population
is atreebuilt from auserde ned setof terminalsTsg andfunctions
Fsq¢. Theterminalset,whichis usedfor de ning leavesof thetree,
consistof thevariablesof the problem,andrandomconstantsEl-
ementsof the function setcanbe assignedo internalnodesof the
tree.For our application,Ts¢ andFsgq arede ned as:

Fsa = f+; ; ; ;sartlogabs @; @g:

Here, as an example, we consideronly a terminal set for sub-
functionsin Fg. Thesameprocessanbe appliedto Fi. To ensure
thateachgeneratedndevolvedtreeis semanticallyalid, the arity

of thefunctionsarealsode ned.

Initialization. Theproces$eaginsby building aninitial population
of treesby randomlyselectingelementsrom Tsg andFsq andby
settinga userde nable tree depthlimit, Dmax.  Two methodsfor
constructinghe treesarepossible.Beginning at the root, the Full
methodselectsnodesfrom Tsg until depthDmax is reached and
thennodesare taken from Fsg. The Grow methodstochastically
choosesqodesfrom Tsg andFsg at all depthsbeforeDyax. Here,
we usedtherampedhalf-and-halfmethodK 0za1992],whereeach
individual tree of theinitial populationis constructedy choosing
eitherof thetwo methodswith equalprobability

Genetic Operators. Thecrosseer geneticoperatotakestwo par
entsandproduceswo offspring. Offspringareformedby randomly
selectingnodesandby the exchangeof subtreesMutationtakesa
singleparentandproducesneoffspring. Mutationis by replacing
randomlychosemodesor by growing a new subtreerootedat the
chosemode.

Fitness Evaluation. The evaluationfunction determineghe t-
nessof eachindividual in the population.Selectionis proportionate
to tness, giving tter individualsahigherprobability of becoming
a parentof the next population. We form tness casesfrom the
subsetof imagepairsF . The tness evaluationis carriedout in

errorbetweertwo parametesetsasthe tness value.

Figure3 demonstratetheevolution processith atrainingsetof
22 tness casesTheexampleshavs theapplicationof Eg. (1) with
threedifferentgenerationsf hdy; dti, to aninputimage,indicating
agradualimprovementof theresults.

6 Non-Uniform Radial Basis Functions

Weadoptedhefeature-baseeld morphingapproachn thiswork,
which providesuswith the necessarye xibility — in specifyinga
warpingwith asmallsetof key controlfeaturesandcontmollability



— in directingthe geometricdeformationaccordingto thede ned
control features. As the focus of existing work in imagewarping
haslargely beenplacedon the smoothtransitionfrom oneimage
to anotherthein uence of eachfeatureis normally uniformly de-
ned in all directionsproportionallyto the proximity to thefeature.
Theprecisein uence of eachindividual featureuponnearbypixels
in a facial imageis critical to the accuratemodelingof age pro-
gression. Suchin uence dependson mary factors,including the
cameraposition and parametergorrespondingo the image,and
the 3D geometryof thefacefeaturedn theimage.

As our work is constrainedo 2D projective imagespaceby the
practicalityof collectinga large numberof facialimages,mostof
which arefamily photographgaken over several decadesit is not
feasiblefor obtainingaprojectionmatrix for eachimage(asin view
morphing[SeitzandDyer 1996]),or a 3D surfaceor volume(asin
[Vlasic et al. 2005; Lerios et al. 1995]). We therebydevelopeda
new morphingalgorithmthatfacilitatesnon-uniformlyin uence of
eachcontrolfeature which providesa genericmeando encodethe
combinedeffect of variousfactorsthatdeterminehedistribution of
anin uence function.

eachcontrol points. A traditionalapproacho the speci cation of
the forward mappingof a point p in E2 underthe combinedin u-
enceof all controlpointsis:

n n
p’= p+ & WQrer(P:IC)DI; A W=1 w O
i=1 i=1
wherew; indicatesthe weightof eachcontrol point,andQrgr is a
radial basisfunction(RBF), typically de ned by a Gaussiarfunc-
tion as:

kp Gk

R2 . R>0:

Qrer(p;Ci) = exp

R is the characteristicadiuswhich affects the smoothnes®f the
warping.It is commonto assigrdifferentradii to individual control
pointsto include additionalnonlinearcontrol over the weighting
of eachfeature. Neverthelessthe in uence of eachcontrol point
remainsuniformly distributedin all directions.In orderto facilitate
a non-uniformin uence of eachcontrol point, we replaceQrgr
with a non-uniformradial basisfunction (NURBF), Qnursr, by
usinga Catmull-Romsplinein polarform.

Notethatin imagewarping,we normally usebackward mapping
from pixelsin adestinatiorimage while thedescriptiorof forward
mappings moreintuitive. For theforwardmappingunctionsgiven
in this section,it is relatively trivial to derive the corresponding
backward mappingfunctions.

6.1 Catmull-Rom Interp olation
For eachfeaturepoint,Ci;i 2 [1;u], we de ne asetof v sub-control

coordinateselative to C;. This enableaisto replacethe uniformR
in Qrar With a splinefunction. As illustratedin Figure4, we de-
ne aclosedCatmull-Romspline[1974]overthesub-contropoints
sortedby q. Othersplinefunctionscanalsobe used.However, the
point-on-splingropertyassociateavith Catmull-Romsplinespro-
vides us a visually instinctive meansfor inspectingthe formation
procesf eachNURBF to be detailedin 6.2.

Given an arbitrarypoint p 6 C;, we rst calculateits polar co-
ordinateshgp; rpi relative to Cj, then identify four consecutie
sub-controlpoints, hg;;j; ri;ji;j = k 2,k 1L,k;k+ 1, suchthat
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(a) aclosedCatmull-Romspline (b) hg; ri in Cartesian

Figure 4: A example Catmull-Romspline. (a) Its control points
arespeci ed in polarform. (b) The Catmull-Rominterpolationis
appliedto the splineby treatinghg; r i asCartesiarcoordinates.

Gk 1 Gp < Gk TheradiusRcr(p;Ci) associatedwvith p is
thusthe Catmull-Rominterpolationof ri;j; j = k 2,k Lkk+ 1
[1974]. Thus,the NURBF correspondingo control pointC; is:

kp Gk

Onursr(p;Ci) = exp Rer(p.C)2

Figure 5 shavs a simple example of a NURBF in comparison
with aRBF, demonstrating@s e xibility andcontrollabilityin de n-
ing anon-uniformin uence eld.

6.2 Evolutionary Construction of NURBFs

Although NURBFsareableto capturethe combinedeffect dueto

variousfactorsthataffectthein uence of individual featurepoints,

the numberof sub-controlpointsinvolved make it impracticalto

specify them manuallyeven for just one facialimage. We again
adopteda data-drvenapproachandutilized a geneticalgorithmto

evolve NURBFs(i.e., theirsub-contropoints)accordingo asubset
of imagesselectedrom thedatabaséasedn aninputimageto be

aged.

Givenasetof u v sub-controlpointsassociatedvith u control
points,we constructeca chromosomavith 2uv+ u genesas:

The chromosomedf an NURBF is initialized to the valuesof an
RBF. All initial polarradii ri;j;i 2 [1;u]; j 2 [i;Vv] aresetto some
constantradius R, while the initial polar anglesg;;j; j 2 [1;V] in
eachsubsetaredistributedevenly in a2p period.

Unlike the evolution processin Section5, the variablesin the
chromosomeare not expectedto be relatedthrough a function.
Hence,we use a geneticalgorithmto optimize the chromosome
with mutationandcrosseer. Figure6 shavs anexampleof evolv-
ing a setof 23 NURBFs, eachwith 6 sub-controlpoints, from
a setof RBFswith the sameradius. In this particularcase,we
useda known targetimageof a slightly rotatedheadto evolve the
NURBFs.Theresultsclearlyshav thattheevolution processs able
to learnfrom the training image,and generates setof NURBFs
that capturethe 3D natureof the transformation.Normally, when
the targetis unknavn to the processwe usethe sametraining set
for evolving themorphableagingmodelasin Section5.
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Figure 6: Evolving an NURBF warping modelfor a speci ¢ input (a). Startingwith a setof uniform RBFsin (b), the model gradually
optimizeitself into a setof NURBFs,in (c) and(d), which capturesvariousfactorsthatdeterminethe in uence of featurepoints. Thereare

noticeablémprovementafter 1000generatior(h) with reducedVSE (e) againsthetarget(e).
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Figure 7: Age progressiorandregressiorfor a giveninput of amalesubject.iImagesof thetwo targetagesareshavn for comparison.

7 Algorithm Summary

As describedn the two previous sections facial ageprogression
is acombinationof geometricdeformationandtexture transforma-
tion. GivenaninputfacialimageF to beagedtheinputaget;, the
target aget, and associatednetadatawe applying the following
mainalgorithmicstepsto F:

1. DecomposénputF intoits geometryandtexturecomponents
hG; Ti with theaid of aglobalreferencegeometryGg .

2. EncodehG;Ti in relationto the pre-computedglobal face
model hF g .q;FRr i, yielding har.g;ar i asa parametric
representatioof F in theglobalmodelspace.

3. Usinghagrg;ar i andothernon-imageryinputinformation
to searchfor a subsetof imagepairsin the databasefF =
f(Fa]_ Fb]_) (FaZ sz ..... (Fan.an)g

4. Initialize and evolve a Iocal NURBF-basedlocal warping
modelbasednF , whichwill be usedfor facialwarpingop-
erationdn all subsequerdteps.

5. Build two local facemodelsbasedon the two setsof facesin
F correspondindo t; andt, respectiely. Encodethe input
faceashar .g; ar i, aswell asall facesin F , in relationto
thecorrespondindocal facemodel.

6. Computethe local meanfacedifferencelDGg ;DTg i, and
build alocalagingmodelhY ¢ ;Y F i basedonF .

7. Evolve hor .g; 0k i speci cally for hag .g;aF i using ge-
neticprogramming.

8. Apply Eqg. (1) to theinputfacehG; Ti, yieldinganew tupleof

geometryandtexture component$G% T9 .

9. ReconstrucE%from hG® T4, which representsin agedface
att, derived primarily from the setof examplesof F .

8 Results

In our approachthereis no fundamentadifferencebetweenage
progressionand age regression Hence,to evaluatethe methods
developedin this work, we conducteda seriesof testsof age-
transformatiorbetweerdifferentages.Figure7 shavs oneof such
tests.In this example the photoof 10 yearold boy wasusedasthe
input, with the two otherphotosof the samepersonat year2 and
year30 usedastargetsfor evaluation.For eachage-transformation,
on averagels training exampleswere used. In comparisornwith
thetamets,theresultsbeargoodresemblancéo the targetimages,
speciallyin termsof facial outline, relative positionsand sizesof
the mainfacial features.Togetherwith thosewithout comparatre
tagets,they shav anoverall trendof ageprogressiorfrom 2 to 40.
In generalthe quality of eachtransformatiorre ects the quality of
thecorrespondingrainingset.

Figure 8 shawvs anotherexamplewith a femalesubject. On the
whole, thetransformatiorof facialfeatureds apparentthoughthe
overallimpressiorof ageprogressions not asohviousasFigure?.
In ourteststhis shortcomings commonwith mostfemalesubjects.
We identi ed that the main reasonis dueto the more noticeable
change<f hairstylein this gendergroup. As long asone usesa
trainingsetinvolving areasonablyarge numberof individuals,the
averagehairstyle,asshavn in Figure8, oftendilutestheoverallim-



tamgetl

input

ageregression

year=10

ageprogression

year=20

tamget2

I
ageprogression

~

year= 30 year=50

year=40

Figure 8: Age progressiorandregressiorfor a giveninput of afemalesubject.Imagesof thetwo targetagesareshavn for comparison.
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Figure 9: Usingthreedifferentsubset®f trainingexampleswe obtainthreedifferent’ de-agedhairstylesfor afemalesubject.

pressiorof thetransformedacialfeatures Becauséhairstyleplays
a signi cant partin humanperceptionof faces,especiallyfemale
faces,it is usefulto take this issueinto accountduring the initial
searchfor thetraining set. Oneapproachs to obtainseveraltrain-
ing sets,eachcontainsindividualswith relatively similar hairstyles
in additionto othersearctcriteria. Figure9 shawvs the useof three
differenttraining setto derive threedifferentoptionalresults.

The performancef the overall algorithmdependsnainly onthe
numberof generationsn the evolutionarycomputation.Typically,
eachgeneratiortakesabout29 secondsind500generationgabout
4 hours)cannormally yield somesatishctoryresults. The larger
thetraining set,the moregenerationsnay be requiredfor the evo-
lution procesgo corverge. In comparisorwith the semi-automatic
approaclavailablecurrently whichtypically takesafew dayswork
of askilledforensicartist,thisis asigni cantimprovementin terms
of time andresourceequirements.

9 Conclusions and Future Work

We have presentech data-drven framework for visual modeling
andsimulatingageprogressior(andregression).To overcomethe
dif culty in formulating effective global modelsfor face model-
ing, age-transformatioandimagewarping,we built local models
from examplesselectedbasedon the input image and metadata,
addressinghe inevitable diversity of age progressiorpatternsin
termsof gender ethnicorigin, agegroupsaswell asthe lifestyle
andhealthof individuals. Using PCA, we formulateda full solu-
tionin eigenspacé theform of morphabldaceandagingmodels.
In orderto realizethis full solution,we emplg/ed geneticprogram-

ming to evolve a mappingfrom anencodefaceto anencodedhge-
transformatiorby learningfrom examplemappingsn the selected
subset.lt is the rst time thatage-transformatiowasrealizedby

using PCA and evolutionary computing. To compensatdor the

lack of 3D information aboutfacesin a large databaseof facial

images,we developeda nenv imagewarping algorithm basedon

NURBFs. Again evolutionarycomputingwassuccessfullyusedto

evolve a person-speci avarpingmodelautomatically Our results
demonstratethatthis approachs practicallyfeasibleasit doesnot

requirehistorical 3D dataof individuals, conceptuallycloseto the

knowledge-basedpproachby humanforensicartists,and techni-

cally effective throughthe useof PCAandNURBFs.

We believe thatit is bene cial, even just for scienti ¢ research
on aging, to establisha substantiadatabaserovided thatit is in
compliancewith appropriatdegislationandregulations.With such
a databaseit may be possibleto gain a quantitatve understand-
ing of the relationshipbetweensomemajor characteristicef age-
transformatiorandthemajorvisualfeatureof humarnfacesaswell
astherelationshipbetweerage-transformatioandvariousclusters
of metadataSuchquantitatve understandingouldin returnsene
applicationssuchascomputeranimationandvirtual ervironments.
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thorsarealsogratefulto mary friendswho have given usthe per
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(c) NURBFwarping

(d) non-uniformin uence

Figure5: A testingcheclerboardimageis warpedby displacinga
singlecontrol point vertically. (a) Imagewarpingusinga uniform
radialbasisfunctionand(b) thecorrespondin@®D plot of the Gaus-
sianin uence eld. (c) Imagewarpingwith a non-uniformradial
basisfunction, which is de ned by six sub-controlpointsand (d)
thecorrespondingn uence eld.
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