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Abstract

Repesentedn a MorphableModel, 3D facesfollow curvedtrajectoriesin face spaceasthey age. We presenta
novel algorithm that computeghe individual aging trajectoriesfor givenfaces,basedon a non-linearfunction
that assignsan age to ead facevector This functionis learnedfrom a databaseof 3D scansof teenayers and

adultsusingsupportvectorregression.

To applytheaging predictionto imagesof faces wereconstruct 3D modelfromtheinputimage, applytheaging
transformationon both shapeand texture, and thenrenderthe facebadk into the sameimage or into images of
otherindividualsat the appropriate ages, for exampleimagesof older children. Amongother applications,our

systentanhelpto nd missingchildren.

Cateyories and Subject Descriptors(accordingto ACM CCS}

1.3.6 [Computer Graphics]: Methodology and

Techniques—Interactiaechniques.4.10[ImageProcessingndComputerVision]: ImageRepresentation—
Hierarchical Multidimensional Statisticald.m[ComputerApplications]:Miscellaneous—&rensicSciences

1. Intr oduction

Policeinvestigatorswho searchfor childrenthathave been
missingfor several yearshave to predictthe children's cur

rentlooksfrom imagestakenat anearlierage.Today much
of thiswork is doneby forensicartists basedntheir experi-
enceandartisticskill. In orderto simplify andautomatehis
task,we presenta methodthatlearnsfrom alarge datasebf

3D scanof faceshow childrengrow, andappliesthis trans-
formationto 3D facesandto images.

In our approachijndividual facesarerepresente@sface
vectorsin a 3D MorphableModel of faced BV99]. Overthe
years,eachfacewill transformalonga curvedtrajectoryin
this high-dimensionaspaceldeally, we would like to mea-
surethesetrajectoriesin a longitudinal studywith a dense
setof time samplesof a numberof individuals. We could
thentransfertheagingtrajectoriego new individuals.How-
ever, suchdataare dif cult to collect, so we are facinga
signi cantly moredif cult problem:Givena databasethat
containsonesinglescanfor ead individual, plusthe age of
ead person,predictthe effectof aging on novel faces.This
involvestwo challenges(1) Learnhow an individual face
would changeover time (non-lineardependeng on time),
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and(2) learnhow the changedepend®n theindividual face
of the person(non-lineardependengconthe positionin face
space).

To solwe this learningproblem,we proceedn two steps:
we learnthe functionthatassignsan agevalueto eachface
vector and computeindividual aging curvesto obtain new
facevectorsatgivenages.

This stratgyy hasbeenproposedn an entirely linear ap-
proach[BV99], wherea linear regressionhasbeenapplied
to describefacial attributes,suchasgenderor body weight,
from individual, annotatedscansThen, the gradientof this
functionwasusedto changeheattributes.Therationalebe-
hind this wasthatthe gradientde nesthe shortesipath,i.e.
theminimal changenecessaryo obtainthedesiredattribute
value.It hasbeenshavn thatthecomputatiorof thegradient
dependgritically on the scalarproduct[BV99, BAHS0€],
andthatPCA-basediahalanobis-distande moreappropri-
atethanasimpleL, normin shapeor texture space.

If alinearagefunctionis used the constangradientwill
shift all facesalongthe same straighttrajectoryasthey age.
In contrastthe algorithmdescribechereis basedon a non-
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Figure 1: The exampleshowsa picture of an 11 year old girl (A). We reconstructech 3D modelof her faceby tting the
MorphableModelto herface(B). Our growthalgorithmthentransformedhe 3D faceinto a faceat an appmopriatetarget age
(here: 17years) (C). Finally werendeedtheage progresse®D faceinto anarbitrary badgroundimage (here: theground-truth
image waschosenasbadkground) (D). For comparison(E) showsa real picture of thegirl at thetarget age.

linearagefunction.Aging curvesarecomputedy following
thegradientof thisfunction,whichinvolvessolvingadiffer-
ential equationusing Runge-Kutta integration. As a result,
aging trajectoriesdependin a non-linearway both on the
ageandontheindividual face.

We embed our 3D aging transformationin a Mor-
phableModel framework thatincludes3D shapeeconstruc-
tion from images,using an analysis-by-synthesiapproach
[BV99], anda methodfor insertingfacesinto existing im-
ages[BSVS04. Thesetwo elementsare necessaryor the
typical settingin forensicapplications:The imagematerial
of missingchildrenis usuallyonly a setof snapshotatran-
domimagingconditions sothealgorithmhasto bevery ro-
bustin termsof input data.On the otherhand,it is useful
to be able to renderpredictedfacesinto picturesof other
childrenat the currentageof the missingchild to maintain
consistentageof the faceand the restof the body More-
over, the systemthat we proposecan produceimageswith
differenthairstyles.

In summarythe contritutionsof this paperare:

1. Non-linear aging curves, which capture the different
phase®f gronth andagingof facialtissue,

2. Individual aging effects, which may distinguish, for
example,betweertheagingof obeseandskinry faces,

3. A generalapproactfor both 3D modelsand2D images,
and

4. Themethods applicableto imagesatary givenposeand
illumination. Thisis a crucialfeaturefor mostreal-world
applicationssuchaspolicework whereonly alimited set
of snapshotsf themissingchildrens facesareavailable.

2. RelatedWork

In the image domain,the rst algorithmsfor aging faces
were developedin the early 80s [TMSP8Q BS81]. In the
work of Burt, Rowland andPerrett{BP95 RP93, database
imagesare warpedfor 2D registration,basedon the loca-
tions of featurepoints. Then,averagefacesof two different
agegroupsarecomputedandthe differencewarp eld and
color changeis appliedto novel faces.In 2001this method
wasextendedsuchthatthetexturesof facesarerepresented
in awaveletpyramid.By manipulatingtheir waveletmagni-
tudeslocally, onemayenhancedgesandwrinklesandmap
themto new facesto simulateeffectsof aging.[TBPO1]

Scandrettet al. presenta semi-automatiD approach
wherea PCAIis appliedto a setof photographsf facesDif-
ferencesn poseupto 30 arecompensatedndaverageag-
ing trajectoriesarecomputedbasedon statisticalmeasures.
Two different age progressionalgorithmsare proposed:a
linearandapiecavisemethod. Thepiecavisealgorithmmay
alsoinvolve averagedevelopmentakrendsandconsiderfa-
milial correlationsif available.In contrasto ourwork some
of the statisticsrely on informationgainedfrom several pic-
turesof oneindividual at previousages[SSGO6h

In a 2D Active AppearanceModel and a datasebf age
progressie imagesof 45 individuals,Lanitis etal. [LTCO0Z]
exploredlinear, quadraticandcubicagefunctions.Interme-
diateagesof thesefacesweregeneratedy computingran-
dom facevectorsin the region of interest,estimatingtheir
ageandaveraginggroupsthathave the sameage.For simu-
lating theagingof novel facesthey searchedor the nearest
neighbourin the databasendusedthe aging curve of that
face,or they formed a weightedsum of curves of similar
facesThesystemis restrictedto frontal views.
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Figure 2: The gur e showsdifferentexamplefacesof our databasgfromleft to theright). Each faceis transformedalongits
individual non-linearaging trajectory Individual characteristicsof the facesare retainedby the age transformation.

For three-dimensionafaces, learning facial attributes
from 3D scansof facesand attribute values,suchas gen-
deror bodyweight, hasbeenachievedwith alinearmethod
in the context of 3D MorphableFaceModels[BV99]. Re-
cently, severalnew PCA-basednethod$have beenpresented
[SSG06aHSGO04. Wangetal. proposedh non-linearmulti-
resolutionmethodto extract and transfersubtleexpression
detailsof individuals[WHL 04]. Discriminatingcharacter
istics of a persons expressiorstyle may be usedto synthe-
sizenew expressionslin adifferentapproachthe growth of
faceswaspredictedrom anthropometrieneasurementsf a
sparsesetof landmarkpoints[KHYS02, RamQ§. For older
faceswrinkles areanimportantagecuethathasbeencon-
trolled by a numberof techniguegLWMT99, WKMMT99,
KHYS02).

On a 3D model,Hutton proposeda non-linearagingtra-
jectory thatwascomputedby tting a singlesmoothcurve
to the facesat differentages[Hut04, HBHP0J. Eachpoint
of this curve is a weightedsum of the input faces(kernel
smoothing),andit re ects the agingtrajectoryof an aver

¢ TheEurographic#ssociationandBlackwell Publishing2007.

ageface.The samecurwe is thenappliedto all individual

faces.Hutton also performedsupportvector regressionfor

predictingthe age of novel faces.In our paper we go be-
yond that by presentingan algorithmthat employs support
vectorregressionfor the simulationof aging. For ageesti-
mation,a numberof othermethodshave beenproposede-

cently which are not closelyrelatedto our SupportVector
RegressiorapproactiLDC04,GZZ 06)].

For capturingindividual differencesn facialexpressions,
multilinear models use a tensor representatiorthat pro-
videsseparatenodelparametersor identity andexpression
[VT02,VBPPO]. Given a new face,the multilinear model
canpredictthe persons facial expressionsFor aging,how-
ever, a straight-forvard transferof the multilinear approach
would not be ableto producecurved agingtrajectories so
the samechangeof facial featureswould be applied over
the entireinterval of agesthat are studied.In contrast,our
approackcapturesndividual differencesandnon-lineartra-
jectoriesatthesametime.
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Figure 3: Processingstepsto geneate age progressedmagesof a face: reconstructinghe 3D shapeandtexture froma single
image of a child leadsto a 3D facemodel.By following its individual age trajectoryin facespace wetransformthefaceto an
older age (bottomrow). Renderinghe resultsinto differentimagesof the samepersonin its actual age allows usto compae
theresultwith theactualappeaganceof theface(ground-truth,top row).

Beyondacertainage,agingof facesnvolvestheincrease
of high spatialfrequeng structuresuchaswrinkles.In are-
centstudybasedon high-resolutiorscansa local statistical
modelsimulatesagingof adultfacesby adaptingthe statis-
tics of thefaceto thetargetage[ GMP 06]. In our paperwe
restrictoursehesto lower spatialfrequeng effectsandto
facialgrowth of childrenandyoungadults.

3. A Mor phable Model of Faces

The MorphableModel of 3D faces[VP97,BV99] provides
a pawerful representatiorior faces,but it is also usedfor
model-basedegistrationandfor 3D shapereconstructiorin
our system.n the MorphableModel, facesarerepresented
by shapevectorsS andtexturevectorsT suchthateachinear
combinationof differentfacess a new, realisticface

; >
S=aaS; T=ahTi (1)
i=1 i=1

within afew standardieviationsfrom theaverage Thecom-
ponentf SandT arethe 3D coordinateandRGB texture
valuesof theverticesof a polygonmesh,

S = (XuY1iZai%e i XniyniZn) | @
T = (RuiGy;B1iRy; i ReiGniBn) - @3)
In our model,n = 75972.To make surethatthelinearcom-
binationsdo not blend featuresof faceson differentloca-
tionsof the surface,it is essentiato establishpoint-to-point
correspondencketweenrall vectors,soa givenvectorcom-

ponentdescribeshe samepoint of thefacein eachfacevec-
tor. In an initial model of 200 adult faces,this correspon-

dencehasbeencomputecautomaticallywith anoptical o w

algorithm[BV99]. The multiple, incompletesurfacescans
of eachfacedescribedn this paperrequireda morerobust
methodwhichis describedn Section6.

In orderto reducethe dimensionalityof the subsequent
learningproblem,we performa PrincipalComponeninal-
ysis PCA on the shapeandtexture vectors.This de nes an
orthogonalsetof basisvectorss, tj, andwith the average
shapes andtexturet, we cande ne shapeandtexture coef-
cients ¢, ¢ suchthat
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For thesimulationof agingin teenagersyereliedon two
datasetsOneis a setof 200 adultfacesrecordedwith a Cy-
berware PS3030scanne[BV99]. The otheris a setof 238
scansof teenagefacesthat we acquiredwith a new setup
andprocessingipelinethatwe describen Section6.

4. Predicting the Age of Faces

Beforewe canactively changethe ageof 3D faceswith our
algorithm, we have to learnthe function f : R¥1 IR that
mapsary facex to a scalaragevalue.In the following, let
x beeithershapecoefcients (cﬁ; :::;cﬁ)T, k m, ortexture
coefcients (ctl; :::;c}()T. To reducethe computationatom-
plexity of the learningproblem,we do not useall princi-
pal componentsbut experimentwith valuesk = 20;40; 80,
which canbejusti ed by the factthat mostchangef the

¢ TheEurographicfssociationandBlackwell Publishing2007.
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Shape Texture
20PCs 40PCs 80PCs|| 20PCs 40PCs 80PCs
RBF SVR 3890 36:33 33.26 29.35 2824 30:66 MSEross
linear 67:66 67:53 64:55 62:87 5853 55:36 MSEross
RBF SVR 3268 14:90 11:83 1812 1215 2:28 mMSE;ain
linear 66.14 5830 4543 60.05 50:85 3959 msEyrain

Table 1: Meansquaed genealization- and training errors (in months)on a data set of 393 facesaged between95 and
360 months.Regressionwas performedon 20,40and 80 principal componentstespectivelyThe genealization errors were
obtainedby cross-validatiorwith 39 randomlychosentestsamplesThetraining error resultedfromtraining and testingwith

thecompletedataset.

LINEAR REGRESSION

120 145 170 195 220

245

270 295 320 345 370

RBF SUPPORT VECTOR REGRESSION

Figure 4: Linearandnon-linearage progressiorfor 80 principal component3Ae showthe comparisorfor face3 of Figure 2
in the range of 120to 370 months.Thesubtledifferencesbetweerthe two curvesare dif cult to see Onthe original face the
age estimationerror waslessthanonemonth,while thelinear estimationvas18 monthsoff in shapeand9 monthsin texture.

overall face shapeare found in the rst principal compo-
nents.

To learnthe agefunction,we usenon-linearSupportVec-
tor Regression[Vap95 SS02 on training setsof | pairs
(xi;¥i), 1 = 1;:::;1 with y; denotingthe ageof eachexample
facei. As kernelfunctions,we use RBF kernelsand poly-
nomials.On our data,the regressiorresultsareconsistently
betterfor RBF thanfor polynomials,sowe will only refer
to RBF kernelsin therestof this section.The supportvector
regressiorfunctionfor RBF kernelsis givenby

|
fx)= &a y e 9 *4p ®)
i=1

aj andb arereal numberedvaluesthat are determinecby
supportvectortraining.

We usethe LIBSVM implementatiorfor e-SupportVec-
tor Regressiorf CLO1], andperformgrid searchusingcross-

¢ TheEurographic#ssociationandBlackwell Publishing2007.

validationonthetrainingsetsto nd theoptimalparameters,
suchasthewidth g of the RBF kernel.

We trainedand evaluatedthe regressionfunctionssepa-
rately on shapeandon texture coefcients, using20, 40 and
80principalcomponentsTheevaluationis doneonthecom-
bineddatasebf teenagerandadults,but without ary faces
olderthan30years becauseur datasetcontainsonly afew
sparsexamplesin thatage,anderrorson thesefaceswould
maskthe effectsin the ageperiodthatwe areinterestedn.
The datasettherefore,contains393 personsagedbetween
95 and 360 months.For comparisonwe also performlin-
earregressionwith a straight-forvardleastsquarest. Table
1 shaows training errorson the full datasetandgeneraliza-
tion errorsobtainedby crossvalidation.In crossvalidation,
we split the datasetn 11 differentrandomwaysinto 90%
training and 10% testfacesto measurehe performanceon
previously unseerfaces.

Both in termsof training errorandin generalizatiorper
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Training points ~ +
PC20 Age trajectories

Figure 5: Projectedinto the spaceof the last 3 out of 20
principal componentsthe curvatue of the age trajectories
(bluecurves)is clearly visible

formancethe SupportVectorfunctionis superiorto thelin-
ear function. The training error shows that the non-linear
function canbe adaptedo the givendatamorecloselythan
thelinearfunction,andthe generalizatioshavs thatis does
notsuffer from over tting, but producesaanappropriateesti-
mateof thetrueagefunction.

The resultsindicatethat thereis a signi cant non-linear
componenin theagefunction,andthereforea simplelinear
transformatiorof facesin agingsimulationwill notcapture
all of the aging effects found in the databaseWe usethe
superiorperformanceof the SupportVectorregressionasa
motivation to rely on this function for the computationof
agingtrajectories.

5. Aging Trajectories

Themainideaof the novel algorithmthatwe presenin this
paperis that the agingtrajectoryz(t) shouldbe parallelto
thegradientof theagefunction f (x) ateachmomentin time,
andthatit shouldpassthroughthe startingvectorxg, sowe
arelooking for afunctionz: IR! IR suchthatat ary aget

dz, . _ )
G =r f(&); (6)
with thestartingcondition
Z(to) = Xo; )

wherexg is thestartingfaceatanagetp. Thisde nesafam-
ily of individual trajectorieszy,:t,(t). The motivation of (6)
is thatfor all x andt thegradientof f describeshedirection

of minimal changein x to achieve a given changein aget,
sothe characteristideaturesof the faceareretainedin the
bestway possible.This criterion hasbeenappliedsuccess-
fully with linear functions f and attributessuchas gender
andbodyweight[BV99, BAHSO0€g|.

In orderto computezy,t,(t), we have to integrate the
differential equation (6). We do this by a fourth order
Runge-Kittaalgorithm[PTVF93, whichis themostwidely
used integration algorithm. Runge-Kitta integration per
forms small stepsalongthe gradientr f in aninterleaved
mannerr f canbe computedirom the regressionfunction

(©):

|
rf=2g8ayed ¥ x @
i=1

Figure5 visualizessomeof the simulatedagetrajectories
(blue)in shapespaceWe selectedh setof principalcompo-
nents(coordinateaxesin Figure5) thatshows the curvature
of thetrajectoriesln the rst principalcomponentsthetra-
jectorieslook almoststraight.

Givenafacexg, we cannow computethefacevectorfor a
targetagetiarget. Lettes = f(Xo) betheestimatecageof the
startingface.Thenwe have to simulatethe trajectoryalong
atime period Dt = tiarget teg to Nnd the predictedface
Zxo (ttarget) . IN somecasesthetrueagety of thestartingface
may beknown, andin generalthiswill beslightly different
from te¢. To resol\e this con ict, we simulatethe intended
time periodDt = trarget  top andcomputezy,(tes + DX). The
justi cation for thisis thatthe startingfacemayhave looked
youngeror olderthanit really was,andwe may assumea
continuedagingprocesgatherthanstagnationyhich could
be the resultif we would insiston the correctnes®sf f and
outputzy, (trarget) -

In order to investicate the non-linear componentsin
Zxoito (1), considerthe anglesbetweengradientsof f in dif-
ferentpositionsin facespace(Table 2). The rst row lists
the meanangles] r f(x);r f(x;) betweenthe support
vector gradientsfor all pairs of training data. The results,
which weremeasurean the samedatasetsin Tablel, in-
dicatethat the proposedsystemgeneratedslifferent trajec-
tories for differentfaces,so it doescapturethe individual
variationin aging. The secondrow lists the meanangles
] (r f(x);r 1in) betweenthe gradientsat the training data
and the constantgradientof the linear estimation,demon-
stratingthatthetrajectoriesusingSupportVectorregression
deviate considerablyirom the simplelinearapproach.

The third row in Table 2 gives the internal angles
] (r f(x«art);r f(Xeng)) betweerthetangentvectorsin the
startingandendpoints(ages95 and360months)of eachin-
dividual trajectoryzx,,(t). Theanglesshav thatthetrajec-
toriesarecurved, aswe expected Althoughthe trajectories
straighterwith increasinghumberf principalcomponents,
they still go beyondalinearregressiorapproach.

¢ TheEurographicfssociationandBlackwell Publishing2007.
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Figure 6: The nal texture of eadh facemodetonsistf threesepaatelyacquiredtextureimages.By tting the3D Morphable
Modelto ead texture image consecutivelythreeillumination correctedtexturesare extracted.Combiningthemand mapping
themto thereconstructeghapeof the samefaceyieldsthe nal facemodel.

Shape Texture
20PCs 40PCs 80PCs|| 20PCs 40PCs 80PCs
1 r f(x),r f(xj) 157 225 91 335 212 14:8
1 (r T(X);r 1in) 56:6 494 383 55:.0 46:4 37:2
1 (r f(xgart);r f(Xend) 103 109 4.0 30.0 127 6:2

Table 2: 1strow: Meananglesbetweergradients)

angles] (r f(xj);r jin) betweergradientsof thenon-linearandthelinear function.3rd row: Meanangles)

r f(xi);r f(xj) inall pairs(x;;x;) oftraining samples2ndrow: Mean

rof(xi):r f(x;)

betweertangentsin the start- and endpointsof 30 age trajectories.Thetraining setconsistef 393 facesrepresentedy 20,
40and 80 principal componentsyith agesbetweerd5 and 360 months.

Figure 4 shovs an exampleface,transformedalongthe
linear and the non-lineartrajectory The visual differences
betweerthe curvesarequite subtle.Basedonthetheoretical
backgroundandthe precisionof agepredictions(Table 1),
we canarguethatthe non-linearrajectorycapturesmoreof
thetrue effectsof facialgrowth.

6. A Databaseof 3D Scansof Teenagers

As we have mentionedabove, the datasebf 200adultfaces
wasaugmentedby 3D scanf of 238teenagefacescover
ing anagerangefrom aminimumageof 96 monthg(8 years)
to amaximumageof 191 months(almost16 years) Among
them,125weremalefacesand113werefemalefaces.

In a mobile setupthat we operatedat schools,we used
Konica Minolta VI-910 laser scannergo record textured
depthmapsfrom different viewing angles.For eachface,
we recordedthreepartial 3D laserscansgachshaving the
facefrom a differentviewing angle(0 , 35 and 35 ) at
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aresolutionof 76 800 verticesperscan(320 240).Unlike
the cylindrical measurementby the stationaryCyberware
PS3030scannerhowever, we hadto combinethe separate
scando asinglesurface.

For processinghe individual scanswe t the 3D Mor-
phableModel of adultsto thefacialsurface.We modi ed an
algorithmthatwaspreviously describedn [BV99] for cylin-
drical scanssuchthatit operate®nthedepthmapsprovided
by the Minolta scans.The tting algorithm minimizesthe
differencein depthandtexture betweerthelinearcombina-
tion of shapegEquation(4) andthe depthmapof the scan.
Theresult,in ourcasejs abestt of theadultfacemodelto
eachnew scan.Themodel tting establishepoint-to-point
correspondence the MorphableModel, so we canform
new shapeandtexturevectorsby samplingthescansateach
vertex of the reconstructedsurface. For thosepartsof the
facethatwerevisible to the Minolta scannerwe replacethe
best- t vertex positionby theprecisescandata,while all oth-
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Figure 7: Oncea faceis transformedo anotherage, it canberendeedinto arbitrary images.Thismethodallows usto apply

differenthaircutsto a face

ersremainatthe estimatedest- t position.To combinethe

differentscansof the sameface ,we form aweightedsumof

vertex positionswherevermorethanonescandirectiongives
avalid measuremen¥erticesof the MorphableModel that
arevisible in noneof the scansfor exampleholesor edges
nearthe earsor onthe neck,remainatthebest- t position.

To improve theresolutionof the textures,we took digital
imagesof thechildren.By tting the modelto theseimages
andextractingthe texture [BV99], we obtaineda high res-
olution texturefrom eachimage.The tting algorithm nds
the linear combinationof shapeandtexture vectors(Equa-
tion (4)), therigid parametersf 3D poseandtheparameters
of illumination suchthata syntheticdimageof thefacemodel
is assimilaraspossibleto theinputimage[BV99]. After t-
ting, the color of eachvertex is sampledn theimages,and
illumination effectsarecompensatedutomatically

From the photographgsaken of eachperson,we selecta
frontalview andasideview from45 totheleft andright, re-
spectvely. The 3D reconstructioralgorithmis appliedto all
3 imagesseparatelyEachtexel from eachview is assigned
aweightvaluethatis computedaccordingto the following
schemeif the point is occludedor if the anglef between
the viewing directionandthe surfacenormalis larger than
f1= 80 ,thentheweightisw= 0.If f < fo,= 40 ,w= 1.
In theinterval betweenthefunction
f
f1 fo

generates continuousandsmoothtransition(Figure6).

w= %(1+ cog 180 )) )

In a rst step,theweightsw areusedin eachview sepa-
ratelyto combinethetexturevaluesextractedrom theimage
with the value estimatedby the tting algorithmbasedon
the linear combinationof examples.The secondstepcom-
binesthe texturesfrom the 3 views with theseweights. If

all 3 weightsare 0 in a texel, which meansthat all 3 tex-

turesarebasednthebestt valueonly, thesetexturevalues
areweightedequally Figure2 shovs examplesof aging3D

scandakenfrom our new databasef facemodels.

7. Application to Image Data

In mostapplications3D scansof childrenwhoseagehasto
be changedarenot available,soit is essentiato be ableto
runthealgorithmonimagedata.Moreover, the desiredout-
put of a systemwould not be anisolated3D facemesh,but
animageof a child in a new scenecontet. Our framavork
accountdor bothaspectof the problem.

In orderto reconstruct 3D facefrom animage,we use
the model-basedlgorithm [BV99] that was mentionedin
the previous section,which estimateshapetexture andall
relevant sceneparametersFor the reconstructedace, the
agetrajectorycanbe computed.

For renderinghe modi ed faceinto anovel targetimage,
werely onthefactthatthescengparameterareestimatedy
the tting algorithm[BSVS04. Theuserrunsthe tting al-
gorithmalsoonthetargetimage andobtainstheappropriate
poseandillumination parameterthatheneeddor rendering
theage-transformethceinto theimage.Therigid alignment
of faceswithin the MorphableModel andthe consistentl-
lumination of the scansmalkes surethat we can exchange
facesin thisway. Examplesf agingin imagesareshavn in
Figurel, 3, 7 and8.

Being able to renderthe age-transformedaceinto nev
imagesmalesit possibleto accountfor the growth of the
rest of the body as well as potential changesn hairstyle
andin the ervironment.We simply renderthe faceinto a
photo of anotherchild at the target age.By renderingthe
age-transformeéaceinto imagesof childrenwith different

¢ TheEurographicfssociationandBlackwell Publishing2007.
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Figure 8: Theexampleshowsa picture of a 2 yearold boy(A). Wereconstructe@ 3D modelof hisfaceby tting theMorphable
Modelto his face (B). Our growth algorithm thentransformedhe 3D faceinto a faceat an appropriate target age (here: 16
years) (C). Finally werendeedthe age progresse®D faceinto an arbitrary badkgroundimage (here: the ground-truthimage
waschosenmasbadground)(D). For comparison(E) showsa real picture of theboyat thetarget age.

hairstylespur systengenerateavariety of possibleappear
ancegqFigure?7).

8. Conclusion

We have addressedhe problemof agingin a very general
setting:Fromtrainingdatathatcontainno longitudinalmea-
surementsye estimatenow agingof facesdepend$othon
ageandon the individual face,andwe apply our synthetic
agingto imagesatary givenposeandillumination.

A straight-forvardapplicationof our methodis in law en-
forcement,where missing children can be found basedon
their predictedfacial appearanceOur systemsupportsthe
work of forensicartistsin this eld by providing a solid em-
pirical groundfor alteringthe featuresof faces,dueto the
example-basedpproach.

Additional applicationsarein the elds of characterde-
sign,animationandmorphingfor specialeffects.Moreover,

the systemcan be a high-level tool for image processing.

Both the processingf scandataafter acquisition,andthe
applicationof thealgorithmto imagesof childrenaremostly
automatedmaking the frameavork easyand convenientto
use.Manualinteractionis reducedo clicking a smallnum-
berof featurepoints.This maybeanimportantfactorin ary
futuredeploymentof the system.

In thebestcasethepredictionmadeby ouralgorithmcan
only givethemostlik ely imageof whatachild maylook like
in thefuture.Environmentalfactors suchasnutrition, expo-
sureto sunlightor physical activity contrikute to the devel-
opmentof theface Diseasesnjuriesor psychologicaktress
may alsoleave visible traces.In additionto thesefactors,it

¢ TheEurographic#ssociationandBlackwell Publishing2007.

maywell bethatsomegenesstartto determinghevisualap-
pearancenly atacertainagewithouthaving in uencedthe
facebefore.Someof thesdatentgeneticdispositionanbe
obseredin imagesof parentsor otherrelatives.Within the
systempresentedn this paper it is easyto import features
from photographsf parentsaftera 3D reconstruction.

Eventhoughlinearmodelsarestill anappropriatébasisin
mary elds of learning-basedraphicsin particularf only a
smallsetof training dataareavailable,new non-linearhave
atremendougpotentialto captureall the mutualdependen-
ciesbetweerparameterg anelegantanduni ed theoretical
frameawork.
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