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Figure 1: In automatedageprogression,a data-drivenapproachenablesappropriateexampleimagesandagetransformationsto beselected
accordingto an input image(a). Differentlevelsof localization(c)-(e)shows therelative meritsover theuseof a globalmodelin previous
work. In addition,we canautomaticallyevolve a full person-speci�csolutionfor theinput by learningfrom existingagetransformations(f).
In comparisonwith theactualagedindividual (g), which is unknown to thecomputationprocess,thefull solutionoffersthebestresults.

Abstract

Aging hasconsiderableeffectsontheappearanceof thehumanface
and is dif�cult to simulateusing a universally-applicableglobal
model.In this paper, we presenta data-drivenframework for facial
ageprogression(andregression)automaticallyin conjunctionwith
a databaseof facial images. We build parameterizedlocal mod-
elsfor facemodeling,age-transformationandimagewarpingbased
on a subsetof imagerydataselectedaccordingto an input image
andassociatedmetadata.In orderto obtaina person-speci�cmap-
ping in the model spacefrom an encodedfacedescriptionto an
encodedage-transformation,weemployedgeneticprogrammingto
automaticallyevolve a solutionby learningfrom exampletransfor-
mationsin the selectedsubset.In orderto capturevariousfactors
thatdeterminethein�uence of featurepoints,we developeda new
imagewarpingalgorithmbasedon non-uniformradial basisfunc-
tions(NURBFs).A geneticalgorithmwasusedto handlethelarge
parameterspaceassociatedwith NURBFs.With evolutionarycom-
puting,ourapproachis ableto infer from theinputandthedatabase
themostappropriatemodelsto beusedfor transformingthe input
face. We comparedour data-driven approachwith the traditional
global modelapproach.The noticeableimprovementin termsof
the resemblancebetweenthe output imagesand the actualtarget
images(whichareunknown to theprocess)demonstratedtheeffec-
tivenessandusabilityof this new approach.
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1 Intro duction

Visualmodelingandsimulationof facialageprogressionhasappli-
cationsin law enforcement,forensicscience,visualpsychologyand
theentertainmentindustry. Age progressedimagesseenin theme-
dia today, suchasthoseusedfor �nding missingpersons,typically
involve skilled manualwork to a largeextent. A completelyauto-
matedapproach,which is still anelusive goalin theseapplications,
presentsaninterestingchallengeto computergraphics.

Previous work on the automatic generationof aged images
adoptedthe global modelapproach, wherea genericagingmodel
was formulated,basedon craniofacial growth patterns[Pittenger
andShaw 1975;Mark andTodd1983],averagefacialimages[Burt
andPerrett1995;Tiddemanetal.2005]or asetof statisticalparam-
eters[Lanitis et al. 2002]. Aging is a relatively individual-speci�c
processandis in�uenced by factorsassociatedwith somegeneric
groupingssuchas gender, ethnic origin, growth phasesandgeo-
environmentalconditions,as well as factorsassociatedwith the
lifestyle and healthof individuals. The main shortcomingof re-
lying ononeor a few pre-de�nedglobalmodelsis thedif�culty for
the modelsto accommodatethe complexity anddiversity of indi-
viduals' facialageprogression.Furthermore,it is dif�cult for such
a modelto improve itself by learningfrom thedisparitybetweena
simulatedagedimageandaknown targetimage.

Thedata-drivenapproach,whichhasbeensuccessfullydeployed
in areassuchasfacial animation(e.g.,[Pighin et al. 1998;Vlasic
et al. 2005])canaddresstheshortcomingsof theglobalmodelap-
proach.It is practicallyfeasibleto establishandexpanda database
that containsfacial imagesof a large numberof individualscap-
tured at different ages,togetherwith somemetadataabout their
gender, ethnicorigin, lifestyle,etc. Givenaninput imageof a face



to be agedandsomeinformationaboutthe person,our objective
is to device a systemthat canselecta subsetof individuals from
thedatabasebasedonthegiveninformation,automaticallygenerate
appropriatemodelsthatareoptimizedfor thesubsetof individuals,
apply the person-speci�cmodelsto the input image,andobtaina
simulatedageprogressionimage.Inevitably, it is moreappropriate
to build asystemarounda2D morphingalgorithm,asacquiring3D
facialdataof a largenumberof individuals,eachat differentages,
posesa completelydifferentproblemin termsof practicality.

In this paper, we presenta data-driven framework for facial age
progression(and regression)automaticallyin conjunctionwith a
databaseof about1500facial images.Our approachdiffers from
previouswork on facialageprogressionin severalways.(i) We do
not rely on a global model,andinstead,we build person-speci�c
modelsfor facemodeling,age-transformationandimagewarping
basedon a subsetof imagerydataselectedaccordingto an input
faceandassociatedmetadata.(ii) Insteadof spatialandfrequence
domainmethods,we computeageprogressionprimarily through
two parameterizedmodels,namelymorphablefacemodelfor en-
codingfaces,andmorphableaging modelfor encodingdifferential
speci�cationsof age-transformation,both constructedusingprin-
cipal componentanalysis. (iii) In orderto obtaina person-speci�c
mappingin themodelspacefrom anencodedfacedescriptionto an
encodedage-transformation,weemployedgeneticprogrammingto
automaticallyevolve a solution by learningfrom example trans-
formationsin the selectedsubset.(iv) In orderto capturevarious
factorsthatdeterminethein�uence of featurepoints,wedeveloped
a new imagewarpingalgorithmbasedon non-uniformradial basis
functions(NURBFs).Thegeneticalgorithmtechniquewasusedto
handlethelargeparameterspaceassociatedwith NURBFs.

With evolutionarycomputing,our approachis ableto infer from
the input andthedatabasethemostappropriatemodelsto beused
for transformingthe input image. As shown in Figure1, by em-
ploying localmodels,wecanachieve noticeableimprovementover
theglobalmodelapproachin termsof theresemblancebetweenthe
outputimagesandtheactualtargetimage,which is unknown to the
process.Furthermore,by usingaperson-speci�cmappingobtained
usinggeneticprogramming,we canobtainbettermodelsthat en-
codemoreperson-speci�ccharacteristicsin ageprogression.We
will give further examplesin the paperto demonstratethe effec-
tivenessandusabilityof this new approach.

2 Related Work

Facial Age Progression. Thetraditionalapproachto generation
of ageprogressedimagestypically involves the skills of an artist
working from photosof theindividual concerned.Semi-automated
techniquesarenow common,whichallow forensicartiststrainedin
facialanthropometryto modify existingphotographsusinginterac-
tive softwaretoolsandimposeappropriatefacialchangesbasedon
aknown agingtrend.For example,for generatinganagedimageof
a missingchild, a forensicartistnormallyusesphotographsof the
closerelativesof thechild to identify acommonagingtrend.Sucha
processis timeconsumingandthequalityof theresultsdependson
theskills andinterpretationsof theartistaswell astheavailability
of suitableinformationfor identifying anagingtrend.

Earlyattemptsatageprogressionusedgeometrictransformations
to modelcraniofacialgrowth. Pittengeret al. [1975;1979]applied
af�ne shearandcardioidalstraintransformationsto facialoutlines
to determinetheeffectsof thetransformationsontheperceivedage.
Mark andTodd[1983]extendedthismethodto faceimagesand3D
facialdata,showing thatgrowth transformationswereapplicableto
moredetailedfacial representations.Burt andPerrett[1995] em-

ployedimagemorphingfor ageprogressionthatfacilitatesbothge-
ometricdeformationsandtexturechanges.Themethodis basedon
a compositefacecreatedfrom a setof images.Furtherextensions
to this work [Tiddemanet al. 2001; Tiddemanet al. 2005] inves-
tigatedwavelet-basedtexture enhancementto compensatefor �ne
texture detail which is often lost in the compositeimages. Lani-
tis et al. [2002] proposeda statisticalapproachto ageprogression,
which allows faceimagesto be encodedasparametersof a statis-
tical model.Aging is thesimulatedby manipulatingparametersin
modelspaceusinga weightedaverage.In addition,attemptswere
madefor capturingtypicalagingfeaturessuchaswrinklesandspots
from examplesandsuperimposingsuchfeaturesontoamodel(e.g.,
[Bastanfard et al. 2004; Mukaida et al. 2002; Lee et al. 1999]).
Nevertheless,the focuson theseattemptswasnormally placedon
visualrealismof anartisticimagetransformationor surfacedetails
of a3D virtual human.

Metamo rphosis of Imagery Data. Ourwork is alsorelatedto a
collectionof previous work in imageandvolumemetamorphosis,
which is usedextensively in computeranimationandfor manipu-
lating 2D and3D imagerydata. Theexisting 2D algorithms(e.g.,
[Wolberg 1990;Beier andNeely 1992]) provided us with a setof
valuableconsiderationsin algorithmdesignandfeaturespeci�ca-
tion, while their 3D extensions(e.g.,[Lerios et al. 1995;Seitzand
Dyer 1996; Blanz andVetter1999]) promptedus to considerthe
non-uniformeffectsof 3D shapetransitionin theprojective image
space. The existing techniquesfor imageand volume metamor-
phosisfall into thefollowing threemainclasses[Chenet al. 1996].
In crossdissolving(e.g.,[PayneandToga1992;Hughes1992;He
etal. 1994]),themetamorphosisbetweentwo imagerydatasetscan
beperformedin spatialandfrequency domains.It doesnot require
muchhumaninterference,but haslittle control over the deforma-
tion. In meshwarping (e.g., [Wolberg 1990]), the 2D or 3D im-
agerytransformationis de�ned by the deformationof a planaror
spatialsubdivision. As transformationis local to eachcontrol el-
ementin a subdivision mesh,it is computationallyef�cient, but a
desiredwarpingusually requiresa large numberof elementsthat
are distributed somewhat uniformly to avoid the so called `fold-
over' condition. In �eld morphing(e.g., [Beier andNeely 1992;
RuprechtandMüller 1995;Lerioset al. 1995]),the imagerytrans-
formation is de�ned by the displacementof a set of control fea-
turessuchaspointsandlines. This approachrequiresa relatively
smallnumberof control featureswhich arenormallycorrelatedto
the key visual featuresin the imagerydata,thoughthe computa-
tional cost is normally more than the other two approaches.A
hybrid methodwasproposedin [Lee et al. 1995]. In both mesh
warpingand�eld morphing,the metamorphosisbetweentwo im-
agerydatasetsis achieved by �rst a controlledwarpingof the two
datasetsthena crossdissolvingof thewarpeddatasets.

Evolutionary Computing. Evolutionarycomputingis abranchof
Arti�cial Intelligence[Backetal. 1997],andhasbeensuccessfully
deployed in many areasof science,engineering,andindustrialde-
sign.In computergraphics,therehasbeenaseriesof investigations
into theuseof evolutionarycomputingmethodsfor modelcreation
andoptimization.Theseincludeoptimizingprocedurallygenerated
images[Sims1991],designingsculptures[Toddetal. 1991]gener-
atingmotion for articulated�gures [Ngo andMarks 1993;van de
PanneandFiume1993; Auslanderet al. 1995], solving sampling
problemsin global illumination [LangeandHornung1993],creat-
ing virtual creatures[Sims 1994], andmodelingfacial expression
[Lim 1995]. Geneticprogramming[Koza1992;Koza1994]wasa
commonmethodemployedin suchdevelopment(e.g.,[Sims1991;
WatabeandOkino 1993;Lim 1995]).
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Figure2: A data-drivenframework

3 A Data-Driven Framework

We adopteda data-drivenapproach for modelingandsimulation
of facial age progression. We found that the designprinciples
of someexisting data-driven frameworks (e.g., [Blanz andVetter
1999])couldbeadaptedfor this work. Figure2 illustratesthema-
jor functionalcomponentsof thesoftwareframework developedin
this work.

Database. Thecollectionof a largevolumeof suitablefacial im-
agesand associatedmetadatais an inherentlydif�cult task to be
undertakenwithin a relatively smallresearchproject.Thedatabase
wastherebydesignedin �e xible andextensiblemanner, accommo-
dating incompletenessin dataentries. The currentdatabasecon-
tainsapproximately1500facial imagesof 100 individualsat vari-
ousages.For eachperson,photographsarestoredasan agepro-
gressive imagesetandtaggedwith theassociatedagein year. The
databasecontainsentriesfrom both genders,and of individuals
from variousethnic origins, with agerangingbetween1 and 70
years.Unsurprisingly, noneof theimagesetscollectedhasa com-
pletecover over the 70 yearspan. As we rely heavily on family
photographs,they inevitably vary in quality, resolution,illumina-
tion, 3D headpose,and facial expression,and often containoc-
clusionsfrom hair, glasses,makeup,clothing andotherpeopleor
objectsin thescene.Someimagesarein grayscale.

Mo deling. Modeling provides a meansof image coding, with
which a facecanberepresentedby a combinationof basisimages
andcanthereforebereducedto theparametersof themodel.Prin-
cipal ComponentAnalysis(PCA) [Jollife 1986]is animagecoding
schemewidely usedfor constructinga setof basisfacesin facial
imageprocessingandanimation(e.g.,[BlanzandVetter1999]). In
this work, we adoptthis techniquein specifyingtwo typesof mod-
els, namelymorphableface modeland morphableaging model.
The former allows the encodingof eachfaceasa setof parame-
ters,while facilitatingdimensionreductionthrougheigenanalysis.
Thelatteractsasagenerativemodelfor age-transformations.In ad-
dition, we alsobuild a person-speci�cimage warpingmodelbased
ona setof non-uniformradialbasisfunctions.

Evolving. Wepursuethedata-drivenapproachfurtherby usingag-
ingexamplesselectedfromthedatabaseasatrainingsetto optimize
the morphableaging model and the imagewarping model. Two
evolutionarycomputingmethods,thegeneticprogrammingandge-
neticalgorithmtechniques,wereusedto evolve thetwo modelsre-

spectively.

Aging. Givena previously unseenfaceto be aged(i.e., input im-
age), we apply themorphablefaceandagingmodelsto derive the
mostappropriateage-transformation.Imagewarpingis thenused
to realizethetransformation,creatinganageprogressedimage.

The framework is data-driven in two respects.Firstly, themod-
els,which areusedin a particularagingsimulationfor facemod-
eling, age-transformationand �eld-basedwarping,dependon the
input facialimageto beagedandassociatedinformation.They are
constructedfrom asubsetof dataselectedfrom thedatabasespecif-
ically for theinput dataandareparameterizedlocally accordingto
the input facial image. Secondly, the morphableagingmodeland
the NURBF-basedwarpingmodelalsodependon the datastored
in the database.The more and betterquality imageryandmeta-
information available in the database,the betteraccuracy can be
achievedin termsof evolutionarycomputationof themodels.

4 Mo deling

A facial imageF is representedby two elementarycomponents,
namelygeometrycomponentG andtexture componentT. G is a
setof annotated2D points,whichspeci�esthekey geometricalfea-
turesof a face,and is storedin the databaseasa vectorwith the
correspondingfaceF.

A referencegeometryis a standardgeometryvectorGR associ-
atedwith thedatabase,andit normallyremainsunchangedthrough-
out thelifecycle of thedatabase.Its mainuseis for de�ning a nor-
malizedtexture space, andcanbeobtainedfrom anabstractfacial
representation,a typical humanface,or asthe averageof a setof
facegeometryvectors.For our database,GR wascalculatedasthe
meanfacegeometryvectorof a setof well-formedfacial images
selectedmanually.

Thetexture component, T, is a textureimagegeneratedby warp-
ing the original facial imageF from the correspondinggeometry
componentG to the referencegeometryGR . The texture compo-
nent,which is a color image,is alsostoredalongsidethe original
faceF. For consistency in thedatabase,all grayscaletexturesare
convertedto color textures,via the HSV color space.We usethe
grayscaletextureastheV component,andtake theH andScom-
ponentsfrom a meancolor texture computedfrom a setof well-
formed faceimagesselectedfor the correspondingethnic group.
WethentransformtheHSV texturebackedto theRGBcolorspace,
andnormalizethe RGB texture using histogramequalization,re-
sultingin anapproximatedcolor texture.

It hasbeenshown that encodingG and T in a parameterized
modelprovides a highly effective meansfor modelingand trans-
formingshapesandtextures[BlanzandVetter1999]. In particular,
Principal ComponentAnalysis(PCA) enablesusto build a param-
eterizedmorphablefacemodel, for geometryand texture respec-
tively, from a setof basisfacial images,andto build a parameter-
ized morphableaging model, for modelingage-transformationof
facialgeometryandtexture,from a setof basistransformations.

4.1 Morphable Face Mo del

Let the geometrycomponentof a facial imagebe a column vec-
tor of k featurepoints,that is, G = (x1;y1; : : : ;xk;yk)> 2 R2k, and
the texture componentbe a column vector of l pixels, that is,
T = (r1;g1;b1; : : : ; r l ;gl ;bl )> 2 R3l . Let hGi ;Ti i ; i 2 [1;n] (always
assumingi 2 N) be a setof n basisfaces,andhG;Ti be themean
of thesebasisfaces. We can apply PCA to hGi � G;Ti � Ti , re-



sulting in two setsof n eigenvectors,f f g;i 2 R2k j i 2 [1;n]g and
f f t;i 2 R3l j i 2 [1;n]g, bothin thecolumnform.

Without losing generality, we assumethat eigenvectorsin each
setarein descendingorderaccordingto the correspondingeigen-
values.Weselectthe�rst m< n eigenvectorsfrom eachset,result-
ing in a parameterizedfacemodel, with reduceddimension,in the
form of a tuplehF g;F t i , where

F g =
�
f g;1; f g;2; : : : ; f g;m

�
; F t =

�
f t;1; f t;2; : : : ; f t;m

�

correspondto geometryandtexturerespectively. An arbitraryface
hGa;Tai canthusbeencodedusingthefacemodelas:

ag = F >
g � (Ga � G); at = F >

t � (Ta � T):

Themodelis morphableasit allows continuousmetamorphosisof
facial imagesin the model space. In other words, a `numerical'
morphfrom hag;at i to anarbitraryparametersethbg;bt i resulting
in a morphfrom hGa;Tai to hGb;Tbi , where

Gb = G+ F g � bg; Ga = T + F t � bt :

4.2 Morphable Aging Mo del

Giventwo facialimages,Ft1 andFt2 atagest1 andt2 respectively, a
transformationfrom Ft1 to Ft2 canbede�ned by thecorresponding
geometryandtexture transformation,that is, DG = Gt2 � Gt1 and
DT = Tt2 � Tt1. Givenasetof n exampletransformationscapturedin
thedatabase,hDGi ;DTi i ; i 2 [1;n], wecanconstructanagingmodel,
from thesebasistransformations,for modelingthe geometryand
texturetransformationrespectively.

Let hDG;DTi bethemeanof thesebasistransformations.Similar
to theconstructionof themorphablefacemodel,we�rst applyPCA
to hDGi � DG;DTi � DTi ; i 2 [1;n], resultingin two setsof eigen-
vectors,f y g;i 2 R2k j i 2 [1;n]g andf y t;i 2 R3l j i 2 [1;n]g. Wethen
reducethedimensionof themodelby selectingm< n eigenvectors
with thelargesteigenvaluesfrom eachset,which yieldsa parame-
terizedaging model, hY g;Y t i , where

Yg =
�
y g;1;y g;2; : : : ;y g;m

�
; Y t =

�
y t;1;y t;2; : : : ;y t;m

�
:

The model is alsomorphableasit allows continuousmetamor-
phosisof differentialrepresentationsof age-transformation.Using
hYg;Y t i , we canencodea given age-transformationhDG;DTi as
a parameterset, hdg;dt i , in the model space. In reverse,we can
decodea given parameterset hdg;dt i into an age-transformation
hDG;DTi . Hence,anarbitraryparametersethdg;dt i canbeusedto
age-transforma facehGt1;Tt1i to hGt2;Tt2i as:

Gt2 = Gt1 + DG = Gt1 + DG+ Y g � dg;

Tt2 = Tt1 + DT = Tt1 + DT + Y t � dt :
(1)

Nevertheless,in applicationsof ageprogression,both hdg;dt i and
hDG;DTi are usually unknown. We will discussSection5 the
processof obtainingan appropriatehdg;dt i for a given input face
hGt1;Tt1i . Sinceweareinterestedin ageprogression,weplaceare-
strictiononeachfacepair, suchthatthey arethefacialimagesof the
samepersonat two differentages,thoughthemodelde�ned in this
sectioncanin generalbeusedin conjunctionwith otherdifferential
speci�cationsof facialtransformation.

4.3 Input-Driven Local Mo dels

As mentionedin Section2, forensicartistscommonlyuseappro-
priatephotographsof closerelativesof apersonto beagedto iden-
tify an age progressiontrend. This suggeststhat using a local
modelappropriateto the input data,including imageryandmeta-
information,shouldnormally result in moreaccurateageprogres-
sion images.Hencewe adoptan approachto enablethe dynamic
computationof localizedmodelsbasedon inputdata.

Local Face Mo del. Givenaninput facialimage,theinputageand
targetage,anda setof metadata(e.g.,gender, ethnicorigin, etc.),
weselectasubsetof personsfrom thedatabaseusingacomparison
metric that measuresthe notionaldistancebetweenthe input and
a personin thedatabase.Takingthefacial imagesin this subsetat
(andaround)theinputage,webuild a localfacemodelfor theinput
facialimage.

Local Aging Mo del. For thetransformationfrom aninput aget1
to atargetaget2, weform alocalagingmodelby usingtheexample
transformationsfrom t1 � e to b� e in theselectedsubset.As the
searchis normallynot restrictedto matchingt1 andt2 exactly, e is
usedto controlthetolerancewindow for ages.

Local Warping Mo del. We alsocomputea local warpingmodel
basedon theselectedsubset,which 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 aidingthesubsetsearchprocessaswell asfor compar-
ative evaluation. Theseinclude,for instance,a global facemodel,
hF R ;g;F R ;t i , which is constructedusingthesamesetof facialim-
agefor de�ning thestandardgeometryGR . Therearealsomodels
for maleandfemale,andindividual ethnicgroups.

Themorphableagingmodeldescribedin 4.2de�nesanagetrans-
formationfrom aninputaget1 to atargetaget2. Almostall existing
work onfacialageprogressionfocusedontheuseof aglobalmean
differential speci�cationof a face(e.g.,[Mark andTodd1983;Tid-
demanet al. 2005]). In thecontext of our morphableagingmodel,
suchanapproachwould meantreplacingEq.(1) with:

Gt2 � Gt1 + DGglobal; Tt2 � Tt1 + DTglobal: (2)

Usingourdata-drivenapproachdiscussedin 4.3,we caneasilyim-
prove this approximationby usinga local meandifferential spec-
i�cation hDGlocal;DT locali which is computedbasedon a subset
of imagepairsselectedaccordingto hGt1;Tt1i . In Figure1, (b)-(e)
indicatetheimprovementof ageprogressionresultsthroughlocal-
ization. As shown in (b), the imageresultingfrom the useof a
globalmodel(i.e.,Eq. (2) exhibits few facial featuresof thetarget,
which is unknown to theagingsimulationprocess.Usingasmaller
subsetconsistingof imagesof thosewho area closermatchwith
hGt1;Tt1 i , we canobtainageprogressionimagesthatarecloserto
thetargetimage.

5 Evolving Age Transformations

Although localizationclearly shows its advantageover the global
modelapproach,it still representsa coarseapproximationby omit-
ting the last term in Eq. (1). It is therebyhighly desirableto have
a full solution to Eq. (1) by �nding a way to obtaina parameter
set hdg;dt i suchthat it is speci�c to the input facial image(i.e.,
hGt1;Tt1 i ) andinputandtargetages(i.e.,t1 andt2).

Given hGt1;Tt1 i , which is encodedas hag;at i using model
hF g;F t i , we want to �nd a relationbetweenhag;at i andhdg;dt i ,



input initial h = 100 h = 200 h = 500 targetimage

Figure 3: A morphableagingmodel is evolved basedon 22 examples,andappliedto transformthe input image. Four stagesareshown,
includingtheinitial generation,andthebestof threeexamplegenerations,h = 100;200;500. Thetargetimageis unknown to theevolution.

thatis, dg = Fg(ag); dt = Ft(at ), suchthatFg andFt aretwo com-
putablefunctions. Consideringthat sucha relationis not yet well
understood,andthereis nosuggestionfor any computableformulae
in theliterature,wemakenoassumptionaboutthepreciseformatof
Fg andFt . Instead,we usegenericprogrammingto evolve suitable
functions,driven by the examplerelationsin the subsetof image
pairsselectedaccordingto hGt1;Tt1 i .

5.1 Relation between Face and Aging

Considera subsetof imagepairsselectedaccordingto hGt1;Tt1 i ,

F = f (Fa;1;Fb;1); (Fa;2;Fb;2); : : : ; (Fa;n;Fb;n)g:

We useindicesa andb insteadof t1 andt2 intentionally, as it is
not necessaryto restrictthesearchto make anexactmatchfor the
input andtargetages.Using f Fa;1;Fa;2; : : : ;Fa;ng, we build a local
morphablefacemodel,which is subsequentlyusedto encodeFa;i
as hag;i ;at;i i , 8i 2 [1;n]. Meanwhilefrom F , we derive a local
morphableagingmodel,whichis thenusedto encodethedifference
betweeneachimagepairsashdg;i ;dt;i i , i 2 [1;n]. We thushave n
pairsof examplemappings,

hag;i ;at;i i 7�! hdg;i ;dt;i i ; i = 1;2; : : : ;n:

We canlearnfrom theseexamplemappings,andevolve anappro-
priatemappinghag;at i 7�! hdg;dt i for hGt1;Tt1 i , which is de�ned
by two computablefunctionsFg andFt . Let:

ag = f ug;1;ug;2; : : : ;ug;mg; at = f ut;1;ut;2; : : : ;ut;mg;

dg = f vg;1;vg;2; : : : ;vg;mg; dt = f vt;1;vt;2; : : : ;vt;mg:

m< n is thereduceddimensionof the two modelsconcerned(see
4.1and4.2).Wede�ne Fg andFt by usinga setof sub-functions:

vg; j = fg; j (ug;1;ug;2; : : : ;ug;m) vt; j = ft; j (ut;1;ut;2; : : : ;ut;m);

where j = 1;2; : : : ;m. As eachfg; j is a scalarfunction,we canfor-
mulatethe sub-functionasa arithmeticexpressionof m variables
f ug;1;ug;2; : : : ;ug;mg. Wealsode�ne ft; j in thesamemanner. There-
fore,thetaskfor obtainingeachsub-functionbecomestheevolution
of anexpressiontreethatrepresentsthesub-function.Theexample
imagepairsprovide theevolution with a trainingsetfor evaluating
thegeneratedFg andFt in theprocess.

5.2 Genetic Programming

GeneticProgramming[Koza1992;Koza1994] is oneof themost
effective methodsfor evolutionarycomputing,anddiffersmostno-
ticeablyfrom otherevolutionarymethodsbyallowing theautomatic
evolution of computerprogramsin theform of trees.

Terminal and Function Sets. Eachindividual of thepopulation
is a treebuilt from auserde�ned setof terminalsTset andfunctions
Fset. Theterminalset,which is usedfor de�ning leavesof thetree,
consistsof thevariablesof theproblem,andrandomconstants.El-
ementsof the functionsetcanbeassignedto internalnodesof the
tree.For ourapplication,Tset andFset arede�ned as:

Tset = f R;ug;1;ug;2; : : : ;ug;mg;

Fset = f + ; � ; � ; � ;sqrt; log;abs;@2;@3g:

Here, as an example, we consideronly a terminal set for sub-
functionsin Fg. Thesameprocesscanbeappliedto Ft . To ensure
thateachgeneratedandevolvedtreeis semanticallyvalid, thearity
of thefunctionsarealsode�ned.

Initialization. Theprocessbeginsby building aninitial population
of treesby randomlyselectingelementsfrom Tset andFset andby
settinga user-de�nable treedepthlimit, Dmax. Two methodsfor
constructingthe treesarepossible.Beginningat theroot, theFull
methodselectsnodesfrom Tset until depthDmax is reached,and
thennodesare taken from Fset . The Grow methodstochastically
choosesnodesfrom Tset andFset at all depthsbeforeDmax. Here,
weusedtherampedhalf-and-halfmethod[Koza1992],whereeach
individual treeof the initial populationis constructedby choosing
eitherof thetwo methodswith equalprobability.

Genetic Operators. Thecrossovergeneticoperatortakestwo par-
entsandproducestwo offspring.Offspringareformedby randomly
selectingnodesandby theexchangeof subtrees.Mutationtakesa
singleparentandproducesoneoffspring. Mutationis by replacing
randomlychosennodesor by growing a new subtreerootedat the
chosennode.

Fitness Evaluation. The evaluationfunction determinesthe �t-
nessof eachindividual in thepopulation.Selectionis proportionate
to �tness,giving �tter individualsahigherprobabilityof becoming
a parentof the next population. We form �tness casesfrom the
subsetof imagepairsF . The �tness evaluationis carriedout in
themodelspaceconstructedfrom f Fb;1;Fb;2; : : : ;Fb;ng, we take the
errorbetweentwo parametersetsasthe�tness value.

Figure3 demonstratestheevolutionprocesswith atrainingsetof
22�tness cases.Theexampleshows theapplicationof Eq. (1) with
threedifferentgenerationsof hdg;dt i , to aninput image,indicating
agradualimprovementof theresults.

6 Non-Unifo rm Radial Basis Functions

Weadoptedthefeature-based�eld morphingapproachin thiswork,
which providesuswith thenecessary�exibility — in specifyinga
warpingwith asmallsetof key controlfeatures,andcontrollability



— in directingthegeometricdeformationaccordingto thede�ned
control features.As the focusof existing work in imagewarping
haslargely beenplacedon the smoothtransitionfrom one image
to another, the in�uence of eachfeatureis normallyuniformly de-
�ned in all directionsproportionallyto theproximity to thefeature.
Theprecisein�uence of eachindividual featureuponnearbypixels
in a facial imageis critical to the accuratemodelingof agepro-
gression.Suchin�uence dependson many factors,including the
cameraposition and parameterscorrespondingto the image,and
the3D geometryof thefacefeaturedin theimage.

As our work is constrainedto 2D projective imagespaceby the
practicalityof collectinga largenumberof facial images,mostof
which arefamily photographstaken over several decades,it is not
feasiblefor obtainingaprojectionmatrixfor eachimage(asin view
morphing[SeitzandDyer1996]),or a 3D surfaceor volume(asin
[Vlasic et al. 2005; Lerios et al. 1995]). We therebydevelopeda
new morphingalgorithmthatfacilitatesnon-uniformlyin�uence of
eachcontrolfeature,whichprovidesa genericmeansto encodethe
combinedeffectof variousfactorsthatdeterminethedistributionof
anin�uence function.

Let f C1;C2; : : : ;Cug bea setof pointseachde�nesa controlfea-
ture, and f D1;D2; : : : ;Dug be the correspondingdisplacementof
eachcontrol points. A traditionalapproachto the speci�cationof
the forwardmappingof a point p in E2 underthecombinedin�u-
enceof all controlpointsis:

p0= p+
n

å
i= 1

wiQRBF( p;Ci)Di ;
n

å
i= 1

wi = 1; wi � 0;

wherewi indicatestheweightof eachcontrolpoint,andQRBF is a
radial basisfunction(RBF), typically de�ned by a Gaussianfunc-
tion as:

QRBF( p;Ci ) = exp
�

k p� Ci k2

R2

�
; R> 0:

R is the characteristicradiuswhich affects the smoothnessof the
warping.It is commonto assigndifferentradii to individualcontrol
points to include additionalnonlinearcontrol over the weighting
of eachfeature. Nevertheless,the in�uence of eachcontrol point
remainsuniformly distributedin all directions.In orderto facilitate
a non-uniformin�uence of eachcontrol point, we replaceQRBF
with a non-uniformradial basisfunction(NURBF), QNURBF, by
usingaCatmull-Romsplinein polarform.

Notethatin imagewarping,wenormallyusebackwardmapping
from pixelsin adestinationimage,while thedescriptionof forward
mappingismoreintuitive. For theforwardmappingfunctionsgiven
in this section,it is relatively trivial to derive the corresponding
backwardmappingfunctions.

6.1 Catmull-Rom Interp olation

For eachfeaturepoint,Ci ; i 2 [1;u], wede�ne asetof v sub-control
pointsf ci;1;ci;2; : : : ;ci;vg, eachci; j = hqi; j ; r i; j i is de�ned in polar
coordinatesrelative to Ci . This enablesusto replacetheuniform R
in QRBF with a splinefunction. As illustratedin Figure4, we de-
�ne aclosedCatmull-Romspline[1974]overthesub-controlpoints
sortedby q. Othersplinefunctionscanalsobeused.However, the
point-on-splinepropertyassociatedwith Catmull-Romsplinespro-
videsus a visually instinctive meansfor inspectingthe formation
processof eachNURBF to bedetailedin 6.2.

Given an arbitrarypoint p 6= Ci , we �rst calculateits polar co-
ordinateshqp; r pi relative to Ci , then identify four consecutive
sub-controlpoints, hqi; j ; r i; j i ; j = k � 2;k � 1;k;k + 1, such that

(a)a closedCatmull-Romspline (b) hq; r i in Cartesian

Figure 4: A exampleCatmull-Romspline. (a) Its control points
arespeci�ed in polar form. (b) TheCatmull-Rominterpolationis
appliedto thesplineby treatinghq;r i asCartesiancoordinates.

qi;k� 1 � qp < qi;k. The radius RCR( p;Ci) associatedwith p is
thustheCatmull-Rominterpolationof r i; j ; j = k� 2;k� 1;k;k+ 1
[1974]. Thus,theNURBF correspondingto controlpointCi is:

QNURBF( p;Ci) = exp
�

k p� Ci k2

RCR( p;Ci)2

�
:

Figure 5 shows a simple exampleof a NURBF in comparison
with aRBF, demonstratingits �e xibility andcontrollabilityin de�n-
ing a non-uniformin�uence �eld.

6.2 Evolutionary Construction of NURBFs

AlthoughNURBFsareableto capturethecombinedeffect dueto
variousfactorsthataffect thein�uence of individual featurepoints,
the numberof sub-controlpoints involved make it impracticalto
specify them manuallyeven for just one facial image. We again
adopteda data-drivenapproach,andutilizeda geneticalgorithmto
evolveNURBFs(i.e.,theirsub-controlpoints)accordingto asubset
of imagesselectedfrom thedatabasebasedonaninput imageto be
aged.

Givena setof u� v sub-controlpointsassociatedwith u control
points,weconstructedachromosomewith 2uv+ u genesas:

q1;1; r 1;1; : : : ;q1;v; r 1;v; : : : ; qu;1; r u;1; : : : ;qu;v; r u;v;w1; : : : ;wu:

The chromosomeof an NURBF is initialized to the valuesof an
RBF. All initial polar radii r i; j ; i 2 [1;u]; j 2 [i;v] areset to some
constantradiusR, while the initial polar anglesqi; j ; j 2 [1;v] in
eachsubsetaredistributedevenly in a 2p period.

Unlike the evolution processin Section5, the variablesin the
chromosomeare not expectedto be relatedthrough a function.
Hence,we usea geneticalgorithm to optimize the chromosome
with mutationandcrossover. Figure6 shows anexampleof evolv-
ing a set of 23 NURBFs, eachwith 6 sub-controlpoints, from
a set of RBFs with the sameradius. In this particularcase,we
useda known target imageof a slightly rotatedheadto evolve the
NURBFs.Theresultsclearlyshow thattheevolutionprocessis able
to learnfrom the training image,andgeneratesa setof NURBFs
that capturethe 3D natureof the transformation.Normally, when
the target is unknown to theprocess,we usethesametrainingset
for evolving themorphableagingmodelasin Section5.



(a) input (b) RBF, h = 0, e = 6:97 (c) NURBF, h = 500,e = 6:63 (d) NURBF, h = 1000,e = 5:63 (e) target

Figure 6: Evolving an NURBF warpingmodel for a speci�c input (a). Startingwith a setof uniform RBFs in (b), the modelgradually
optimizeitself into a setof NURBFs,in (c) and(d), which capturesvariousfactorsthatdeterminethein�uence of featurepoints.Thereare
noticeableimprovementafter1000generation(h ) with reducedMSE(e) againstthetarget(e).
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Figure7: Ageprogressionandregressionfor a giveninputof a malesubject.Imagesof thetwo targetagesareshown for comparison.

7 Algorithm Summary

As describedin the two previous sections,facial ageprogression
is a combinationof geometricdeformationandtexturetransforma-
tion. Givenaninput facialimageF to beaged,theinputaget1, the
target aget2 andassociatedmetadata,we applying the following
mainalgorithmicstepsto F:

1. DecomposeinputF into its geometryandtexturecomponents
hG;Ti with theaidof a globalreferencegeometryGR .

2. EncodehG;Ti in relation to the pre-computedglobal face
model hF R ;g;F R ;t i , yielding haR ;g;aR ;t i as a parametric
representationof F in theglobalmodelspace.

3. UsinghaR ;g;aR ;t i andothernon-imageryinput information
to searchfor a subsetof imagepairs in the database,F =
f (Fa;1;Fb1); (Fa;2;Fb2); : : : ; (Fa;n;Fbn)g.

4. Initialize and evolve a local NURBF-basedlocal warping
modelbasedonF , whichwill beusedfor facialwarpingop-
erationsin all subsequentsteps.

5. Build two local facemodelsbasedon thetwo setsof facesin
F correspondingto t1 andt2 respectively. Encodethe input
faceashaF ;g;aF ;t i , aswell asall facesin F , in relationto
thecorrespondinglocal facemodel.

6. Computethe local meanfacedifferencehDGF ;DTF i , and
build a localagingmodelhY F ;g;YF ;t i basedon F .

7. Evolve hdF ;g;dF ;t i speci�cally for haF ;g;aF ;t i using ge-
neticprogramming.

8. Apply Eq. (1) to theinput facehG;Ti , yieldinganew tupleof

geometryandtexturecomponentshG0;T0i .
9. ReconstructF0 from hG0;T0i , which representsan agedface

att2 derivedprimarily from thesetof examplesof F .

8 Results

In our approach,thereis no fundamentaldifferencebetweenage
progressionand age regression. Hence,to evaluatethe methods
developed in this work, we conducteda seriesof testsof age-
transformationbetweendifferentages.Figure7 shows oneof such
tests.In this example,thephotoof 10 yearold boy wasusedasthe
input, with the two otherphotosof thesamepersonat year2 and
year30usedastargetsfor evaluation.For eachage-transformation,
on average15 training exampleswereused. In comparisonwith
thetargets,theresultsbeargoodresemblanceto thetarget images,
speciallyin termsof facial outline, relative positionsandsizesof
themain facial features.Togetherwith thosewithout comparative
targets,they show anoverall trendof ageprogressionfrom 2 to 40.
In general,thequalityof eachtransformationre�ects thequalityof
thecorrespondingtrainingset.

Figure8 shows anotherexamplewith a femalesubject. On the
whole,thetransformationof facial featuresis apparent,thoughthe
overall impressionof ageprogressionis notasobviousasFigure7.
In ourtests,thisshortcomingis commonwith mostfemalesubjects.
We identi�ed that the main reasonis due to the more noticeable
changesof hairstylein this gendergroup. As long asoneusesa
trainingsetinvolving a reasonablylargenumberof individuals,the
averagehairstyle,asshown in Figure8, oftendilutestheoverall im-
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Figure8: Ageprogressionandregressionfor a giveninputof a femalesubject.Imagesof thetwo targetagesareshown for comparison.

(a) input (b) subset1 andoutput1 (c) subset2 andoutput2 (d) subset3 andoutput3 (e) target

Figure9: Usingthreedifferentsubsetsof trainingexamples,weobtainthreedifferent`de-aged'hairstylesfor a femalesubject.

pressionof thetransformedfacialfeatures.Becausehairstyleplays
a signi�cant part in humanperceptionof faces,especiallyfemale
faces,it is useful to take this issueinto accountduring the initial
searchfor thetrainingset.Oneapproachis to obtainseveral train-
ing sets,eachcontainsindividualswith relatively similar hairstyles
in additionto othersearchcriteria. Figure9 shows theuseof three
differenttrainingsetto derive threedifferentoptionalresults.

Theperformanceof theoverall algorithmdependsmainly on the
numberof generationsin theevolutionarycomputation.Typically,
eachgenerationtakesabout29secondsand500generations(about
4 hours)cannormally yield somesatisfactoryresults. The larger
thetrainingset,themoregenerationsmayberequiredfor theevo-
lution processto converge. In comparisonwith thesemi-automatic
approachavailablecurrently, whichtypically takesafew dayswork
of askilledforensicartist,this is asigni�cant improvementin terms
of timeandresourcerequirements.

9 Conclusions and Future Work

We have presenteda data-driven framework for visual modeling
andsimulatingageprogression(andregression).To overcomethe
dif�culty in formulating effective global modelsfor facemodel-
ing, age-transformationandimagewarping,we built local models
from examplesselectedbasedon the input imageand metadata,
addressingthe inevitable diversity of ageprogressionpatternsin
termsof gender, ethnicorigin, agegroupsaswell asthe lifestyle
andhealthof individuals. Using PCA, we formulateda full solu-
tion in eigenspacein theform of morphablefaceandagingmodels.
In orderto realizethis full solution,weemployedgeneticprogram-

ming to evolve a mappingfrom anencodefaceto anencodedage-
transformationby learningfrom examplemappingsin theselected
subset.It is the �rst time that age-transformationwasrealizedby
using PCA and evolutionary computing. To compensatefor the
lack of 3D information about facesin a large databaseof facial
images,we developeda new imagewarping algorithm basedon
NURBFs.Again evolutionarycomputingwassuccessfullyusedto
evolve a person-speci�cwarpingmodelautomatically. Our results
demonstratedthatthisapproachis practicallyfeasibleasit doesnot
requirehistorical3D dataof individuals,conceptuallycloseto the
knowledge-basedapproachby humanforensicartists,andtechni-
cally effective throughtheuseof PCAandNURBFs.

We believe that it is bene�cial, even just for scienti�c research
on aging, to establisha substantialdatabaseprovided that it is in
compliancewith appropriatelegislationandregulations.With such
a database,it may be possibleto gain a quantitative understand-
ing of therelationshipbetweensomemajorcharacteristicsof age-
transformationandthemajorvisualfeaturesof humanfaces,aswell
astherelationshipbetweenage-transformationandvariousclusters
of metadata.Suchquantitative understandingcouldin returnserve
applicationssuchascomputeranimationandvirtual environments.
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Figure 5: A testingcheckerboardimageis warpedby displacinga
singlecontrolpoint vertically. (a) Imagewarpingusinga uniform
radialbasisfunctionand(b) thecorresponding3D plot of theGaus-
sianin�uence �eld. (c) Imagewarpingwith a non-uniformradial
basisfunction, which is de�ned by six sub-controlpointsand(d)
thecorrespondingin�uence �eld.
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