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Abstract
Representedin a MorphableModel,3D facesfollow curvedtrajectoriesin facespaceas they age. We presenta
novel algorithm that computesthe individual aging trajectoriesfor givenfaces,basedon a non-linearfunction
that assignsan age to each facevector. This functionis learnedfrom a databaseof 3D scansof teenagers and
adultsusingsupportvectorregression.
To applytheagingpredictionto imagesof faces,wereconstructa 3D modelfromtheinput image, applytheaging
transformationon bothshapeand texture, and thenrenderthe faceback into the sameimage or into imagesof
other individualsat the appropriate ages,for exampleimagesof older children.Amongother applications,our
systemcanhelpto �nd missingchildren.

Categories and Subject Descriptors(accordingto ACM CCS): I.3.6 [ComputerGraphics]:Methodologyand
Techniques–InteractiontechniquesI.4.10[ImageProcessingandComputerVision]: ImageRepresentation–
Hierarchical,Multidimensional,StatisticalJ.m[ComputerApplications]:Miscellaneous–ForensicSciences

1. Intr oduction

Policeinvestigatorswho searchfor childrenthat have been
missingfor severalyearshave to predictthechildren's cur-
rentlooksfrom imagestakenat anearlierage.Today, much
of thiswork is doneby forensicartists,basedontheirexperi-
enceandartisticskill. In orderto simplify andautomatethis
task,wepresentamethodthatlearnsfrom a largedatasetof
3D scansof faceshow childrengrow, andappliesthis trans-
formationto 3D facesandto images.

In our approach,individual facesarerepresentedasface
vectorsin a3D MorphableModelof faces[BV99]. Over the
years,eachfacewill transformalonga curved trajectoryin
this high-dimensionalspace.Ideally, we would like to mea-
surethesetrajectoriesin a longitudinalstudywith a dense
set of time samplesof a numberof individuals.We could
thentransfertheagingtrajectoriesto new individuals.How-
ever, suchdataare dif�cult to collect, so we are facing a
signi�cantly moredif�cult problem:Givena databasethat
containsonesinglescanfor each individual,plustheageof
each person,predict theeffectof aging on novel faces.This
involves two challenges:(1) Learnhow an individual face
would changeover time (non-lineardependency on time),

and(2) learnhow thechangedependson theindividual face
of theperson(non-lineardependency on thepositionin face
space).

To solve this learningproblem,we proceedin two steps:
we learnthefunctionthatassignsanagevalueto eachface
vector, andcomputeindividual agingcurvesto obtainnew
facevectorsatgivenages.

This strategy hasbeenproposedin an entirely linear ap-
proach[BV99], wherea linear regressionhasbeenapplied
to describefacialattributes,suchasgenderor bodyweight,
from individual, annotatedscans.Then,thegradientof this
functionwasusedto changetheattributes.Therationalebe-
hind this wasthat thegradientde�nes theshortestpath,i.e.
theminimal changenecessaryto obtainthedesiredattribute
value.It hasbeenshown thatthecomputationof thegradient
dependscritically on the scalarproduct[BV99, BAHS06],
andthatPCA-basedMahalanobis-distanceis moreappropri-
atethanasimpleL2 normin shapeor texturespace.

If a linearagefunctionis used,theconstantgradientwill
shift all facesalongthesame,straighttrajectoryasthey age.
In contrast,thealgorithmdescribedhereis basedon a non-
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Figure 1: Theexampleshowsa picture of an 11 year old girl (A). We reconstructeda 3D modelof her faceby �tting the
MorphableModelto her face(B). Our growthalgorithmthentransformedthe3D faceinto a faceat anappropriatetarget age
(here:17years)(C).Finally werenderedtheageprogressed3D faceintoanarbitrarybackgroundimage(here: theground-truth
imagewaschosenasbackground)(D). For comparison,(E) showsa realpictureof thegirl at thetargetage.

linearagefunction.Aging curvesarecomputedby following
thegradientof this function,whichinvolvessolvingadiffer-
ential equationusingRunge-Kutta integration.As a result,
aging trajectoriesdependin a non-linearway both on the
ageandon theindividual face.

We embed our 3D aging transformation in a Mor-
phableModel framework thatincludes3D shapereconstruc-
tion from images,usingan analysis-by-synthesisapproach
[BV99], anda methodfor insertingfacesinto existing im-
ages[BSVS04]. Thesetwo elementsarenecessaryfor the
typical settingin forensicapplications:The imagematerial
of missingchildrenis usuallyonly a setof snapshotsat ran-
domimagingconditions,sothealgorithmhasto bevery ro-
bust in 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 rest of the body. More-
over, the systemthat we proposecanproduceimageswith
differenthairstyles.

In summary, thecontributionsof thispaperare:

1. Non-linear aging curves, which capture the different
phasesof growth andagingof facialtissue,

2. Individual aging effects, which may distinguish, for
example,betweentheagingof obeseandskinny faces,

3. A generalapproachfor both3D modelsand2D images,
and

4. Themethodis applicableto imagesatany givenposeand
illumination.This is acrucialfeaturefor mostreal-world
applications,suchaspolicework whereonly alimited set
of snapshotsof themissingchildren's facesareavailable.

2. RelatedWork

In the imagedomain, the �rst algorithmsfor aging faces
were developedin the early 80s [TMSP80, BS81]. In the
work of Burt, Rowland andPerrett[BP95, RP95], database
imagesare warpedfor 2D registration,basedon the loca-
tionsof featurepoints.Then,averagefacesof two different
agegroupsarecomputed,andthedifferencewarp �eld and
color changeis appliedto novel faces.In 2001this method
wasextendedsuchthat thetexturesof facesarerepresented
in awaveletpyramid.By manipulatingtheirwaveletmagni-
tudeslocally, onemayenhanceedgesandwrinklesandmap
themto new facesto simulateeffectsof aging.[TBP01]

Scandrettet al. presenta semi-automatic2D approach
whereaPCAis appliedto asetof photographsof faces.Dif-
ferencesin poseup to 30� arecompensatedandaverageag-
ing trajectoriesarecomputedbasedon statisticalmeasures.
Two different ageprogressionalgorithmsare proposed:a
linearandapiecewisemethod.Thepiecewisealgorithmmay
alsoinvolve averagedevelopmentaltrendsandconsiderfa-
milial correlations,if available.In contrastto ourwork some
of thestatisticsrely on informationgainedfrom severalpic-
turesof oneindividualatpreviousages.[SSG06b]

In a 2D Active AppearanceModel anda datasetof age
progressive imagesof 45 individuals,Lanitis et al. [LTC02]
exploredlinear, quadraticandcubicagefunctions.Interme-
diateagesof thesefacesweregeneratedby computingran-
dom facevectorsin the region of interest,estimatingtheir
ageandaveraginggroupsthathave thesameage.For simu-
lating theagingof novel faces,they searchedfor thenearest
neighbourin the databaseandusedthe agingcurve of that
face,or they formed a weightedsum of curves of similar
faces.Thesystemis restrictedto frontal views.
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Figure 2: The�gur e showsdifferentexamplefacesof our database(fromleft to theright). Each faceis transformedalongits
individualnon-linearaging trajectory. Individual characteristicsof thefacesare retainedby theage transformation.

For three-dimensionalfaces, learning facial attributes
from 3D scansof facesand attribute values,suchas gen-
deror bodyweight,hasbeenachievedwith a linearmethod
in the context of 3D MorphableFaceModels[BV99]. Re-
cently, severalnew PCA-basedmethodshavebeenpresented
[SSG06a,HSG04]. Wangetal. proposedanon-linearmulti-
resolutionmethodto extract andtransfersubtleexpression
detailsof individuals[WHL� 04]. Discriminatingcharacter-
isticsof a person's expressionstylemaybeusedto synthe-
sizenew expressions.In a differentapproach,thegrowth of
faceswaspredictedfrom anthropometricmeasurementsof a
sparsesetof landmarkpoints[KHYS02,Ram06]. For older
faces,wrinklesarean importantagecuethathasbeencon-
trolled by a numberof techniques[LWMT99,WKMMT99,
KHYS02].

On a 3D model,Huttonproposeda non-linearagingtra-
jectory that wascomputedby �tting a singlesmoothcurve
to the facesat differentages[Hut04, HBHP03]. Eachpoint
of this curve is a weightedsum of the input faces(kernel
smoothing),and it re�ects the aging trajectoryof an aver-

ageface.The samecurve is then appliedto all individual
faces.Hutton alsoperformedsupportvector regressionfor
predictingthe ageof 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 beenproposedre-
cently, which arenot closelyrelatedto our SupportVector
Regressionapproach[LDC04,GZZ� 06].

For capturingindividualdifferencesin facialexpressions,
multilinear models use a tensor representationthat pro-
videsseparatemodelparametersfor identity andexpression
[VT02, VBPP05]. Given a new face,the multilinear model
canpredicttheperson's facialexpressions.For aging,how-
ever, a straight-forward transferof themultilinearapproach
would not be able to producecurved aging trajectories,so
the samechangeof facial featureswould be appliedover
the entire interval of agesthat arestudied.In contrast,our
approachcapturesindividual differencesandnon-lineartra-
jectoriesat thesametime.
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Figure3: Processingstepsto generateageprogressedimagesof a face:reconstructingthe3D shapeandtexture froma single
image of a child leadsto a 3D facemodel.By following its individualage trajectoryin facespace, wetransformthefaceto an
older age (bottomrow). Renderingtheresultsinto different imagesof thesamepersonin its actualage allowsusto compare
theresultwith theactualappearanceof theface(ground-truth,top row).

Beyondacertainage,agingof facesinvolvestheincrease
of highspatialfrequency structuressuchaswrinkles.In are-
centstudybasedon high-resolutionscans,a local statistical
modelsimulatesagingof adult facesby adaptingthestatis-
ticsof thefaceto thetargetage[GMP� 06]. In ourpaper, we
restrict ourselves to lower spatialfrequency effects and to
facialgrowth of childrenandyoungadults.

3. A Mor phableModel of Faces

The MorphableModel of 3D faces[VP97, BV99] provides
a powerful representationfor faces,but it is also usedfor
model-basedregistrationandfor 3D shapereconstructionin
our system.In theMorphableModel, facesarerepresented
byshapevectorsSandtexturevectorsT suchthateachlinear
combinationof differentfacesis anew, realisticface

S=
m

å
i= 1

aiSi ; T =
m

å
i= 1

biT i (1)

within afew standarddeviationsfrom theaverage.Thecom-
ponentsof S andT arethe3D coordinatesandRGB texture
valuesof theverticesof apolygonmesh,

S = (x1;y1;z1;x2; : : : ;xn;yn;zn)T (2)

T = (R1;G1;B1;R2; : : : ;Rn;Gn;Bn)T : (3)

In our model,n = 75972.To make surethatthelinearcom-
binationsdo not blend featuresof faceson different loca-
tionsof thesurface,it is essentialto establishpoint-to-point
correspondencebetweenall vectors,soa givenvectorcom-
ponentdescribesthesamepointof thefacein eachfacevec-
tor. In an initial model of 200 adult faces,this correspon-

dencehasbeencomputedautomaticallywith anoptical�o w
algorithm[BV99]. The multiple, incompletesurfacescans
of eachfacedescribedin this paperrequireda morerobust
methodwhich is describedin Section6.

In order to reducethe dimensionalityof the subsequent
learningproblem,weperformaPrincipalComponentAnal-
ysis PCA on the shapeandtexture vectors.This de�nes an
orthogonalsetof basisvectorssi , t i , andwith the average
shapes andtexturet, we cande�ne shapeandtexturecoef-
�cients cs

i , ct
i suchthat

S= s+
m

å
i= 1

cs
i � si ; T = t +

m

å
i= 1

ct
i � t i : (4)

For thesimulationof agingin teenagers,wereliedon two
datasets.Oneis a setof 200adultfacesrecordedwith a Cy-
berwarePS3030scanner[BV99]. The otheris a setof 238
scansof teenagerfacesthat we acquiredwith a new setup
andprocessingpipelinethatwedescribein Section6.

4. Predicting the Ageof Faces

Beforewe canactively changetheageof 3D faceswith our
algorithm,we have to learn the function f : IRk ! IR that
mapsany facex to a scalaragevalue.In the following, let
x beeithershapecoef�cients (cs

1; :::;cs
k)T , k � m, or texture

coef�cients (ct
1; :::;ct

k)T . To reducethecomputationalcom-
plexity of the learningproblem,we do not useall princi-
pal components,but experimentwith valuesk = 20;40;80,
which canbe justi�ed by the fact that mostchangesof the

c
 TheEurographicsAssociationandBlackwellPublishing2007.



K. ScherbaumM. Sunkel H.-P. Seidel& V. Blanz/ Predictionof IndividualNon-LinearAgingTrajectoriesof Faces

Shape Texture

20PCs 40PCs 80PCs 20PCs 40PCs 80PCs
RBF� SVR 38:90 36:33 33:26 29:35 28:24 30:66 msEcross

l inear 67:66 67:53 64:55 62:87 58:53 55:36 msEcross

RBF� SVR 32:68 14:90 11:83 18:12 12:15 2:28 msEtrain
l inear 66:14 58:30 45:43 60:05 50:85 39:59 msEtrain

Table 1: Mean squared generalization- and training errors (in months)on a data set of 393 facesaged between95 and
360 months.Regressionwasperformedon 20,40and 80 principal components,respectively. Thegeneralization errors were
obtainedby cross-validationwith 39 randomlychosentestsamples.Thetraining error resultedfromtraining andtestingwith
thecompletedataset.

LINEAR REGRESSION

120 145 170 195 220 245 270 295 320 345 370

RBF SUPPORT VECTOR REGRESSION

Figure4: Linearandnon-linearageprogressionfor 80principal components.Weshowthecomparisonfor face3 of Figure 2
in therange of 120to 370months.Thesubtledifferencesbetweenthetwo curvesare dif�cult to see. On theoriginal face, the
ageestimationerror waslessthanonemonth,while thelinear estimationwas18monthsoff in shape, and9 monthsin texture.

overall faceshapeare found in the �rst principal compo-
nents.

To learntheagefunction,weusenon-linearSupportVec-
tor Regression[Vap95, SS02] on training sets of l pairs
(xi ;yi), i = 1; :::; l with yi denotingtheageof eachexample
facei. As kernel functions,we useRBF kernelsandpoly-
nomials.On our data,theregressionresultsareconsistently
betterfor RBF thanfor polynomials,so we will only refer
to RBFkernelsin therestof thissection.Thesupportvector
regressionfunctionfor RBFkernelsis givenby

f (x) =
l

å
i= 1

a i � yi � e� g�k xi � xk2

+ b (5)

a i and b are real numberedvaluesthat are determinedby
supportvectortraining.

We usetheLIBSVM implementationfor e-SupportVec-
tor Regression[CL01], andperformgrid searchusingcross-

validationonthetrainingsetsto �nd theoptimalparameters,
suchasthewidth gof theRBFkernel.

We trainedandevaluatedthe regressionfunctionssepa-
ratelyon shapeandon texturecoef�cients, using20,40 and
80principalcomponents.Theevaluationis doneonthecom-
bineddatasetof teenagersandadults,but without any faces
olderthan30years,becauseourdatasetcontainsonly a few
sparseexamplesin thatage,anderrorson thesefaceswould
masktheeffectsin theageperiodthatwe areinterestedin.
The dataset,therefore,contains393 personsagedbetween
95 and360 months.For comparison,we alsoperform lin-
earregressionwith astraight-forwardleastsquares�t. Table
1 shows training errorson the full dataset,andgeneraliza-
tion errorsobtainedby crossvalidation.In crossvalidation,
we split the datasetin 11 different randomways into 90%
training and10% testfacesto measurethe performanceon
previouslyunseenfaces.

Both in termsof trainingerrorandin generalizationper-
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Figure 5: Projectedinto the spaceof the last 3 out of 20
principal components,the curvature of the age trajectories
(bluecurves)is clearlyvisible.

formance,theSupportVectorfunctionis superiorto thelin-
ear function. The training error shows that the non-linear
functioncanbeadaptedto thegivendatamorecloselythan
thelinearfunction,andthegeneralizationshowsthatis does
notsuffer from over�tting, but producesanappropriateesti-
mateof thetrueagefunction.

The resultsindicatethat thereis a signi�cant non-linear
componentin theagefunction,andthereforeasimplelinear
transformationof facesin agingsimulationwill not capture
all of the aging effects found in the database.We usethe
superiorperformanceof the SupportVectorregressionasa
motivation to rely on this function for the computationof
agingtrajectories.

5. Aging Trajectories

Themainideaof thenovel algorithmthatwe presentin this
paperis that the agingtrajectoryz(t) shouldbe parallel to
thegradientof theagefunction f (x) ateachmomentin time,
andthat it shouldpassthroughthestartingvectorx0, sowe
arelooking for a functionz : IR! IRk suchthatatany aget

dz
dt

(t) = r f (z(t)) ; (6)

with thestartingcondition

z(t0) = x0; (7)

wherex0 is thestartingfaceatanaget0. Thisde�nesa fam-
ily of individual trajectorieszx0;t0(t). The motivation of (6)
is thatfor all x andt thegradientof f describesthedirection

of minimal changein x to achieve a given changein aget,
so the characteristicfeaturesof the faceareretainedin the
bestway possible.This criterion hasbeenappliedsuccess-
fully with linear functions f andattributessuchasgender
andbodyweight[BV99,BAHS06].

In order to computezx0;t0(t), we have to integrate the
differential equation (6). We do this by a fourth order
Runge-Kuttaalgorithm[PTVF92], which is themostwidely
used integration algorithm. Runge-Kutta integration per-
forms small stepsalong the gradientr f in an interleaved
manner. r f canbe computedfrom the regressionfunction
(5):

r f (x) = 2� g�
l

å
i= 1

a i � yi � e� g�k xi � xk2

� (xi � x) (8)

Figure5 visualizessomeof thesimulatedagetrajectories
(blue)in shapespace.We selecteda setof principalcompo-
nents(coordinateaxesin Figure5) thatshows thecurvature
of thetrajectories.In the�rst principalcomponents,thetra-
jectorieslook almoststraight.

Givenafacex0, wecannow computethefacevectorfor a
targetagettarget . Let test = f (x0) betheestimatedageof the
startingface.Thenwe have to simulatethetrajectoryalong
a time period Dt = ttarget � test to �nd the predictedface
zx0(ttarget ). In somecases,thetrueaget0 of thestartingface
maybeknown, andin general,this will beslightly different
from test . To resolve this con�ict, we simulatethe intended
time periodDt = ttarget � t0 andcomputezx0(test + Dt). The
justi�cation for this is thatthestartingfacemayhave looked
youngeror older than it really was,andwe may assumea
continuedagingprocessratherthanstagnation,whichcould
be the resultif we would insist on thecorrectnessof f and
outputzx0(ttarget ).

In order to investigate the non-linear componentsin
zx0;t0(t), considerthe anglesbetweengradientsof f in dif-
ferentpositionsin facespace(Table 2). The �rst row lists
the meanangles]

�
r f (xi); r f (x j )

�
betweenthe support

vector gradientsfor all pairs of training data.The results,
which weremeasuredon thesamedatasetasin Table1, in-
dicatethat the proposedsystemgeneratesdifferent trajec-
tories for different faces,so it doescapturethe individual
variation in aging. The secondrow lists the meanangles
] (r f (xi); r l in) betweenthe gradientsat the training data
and the constantgradientof the linear estimation,demon-
stratingthatthetrajectoriesusingSupportVectorregression
deviateconsiderablyfrom thesimplelinearapproach.

The third row in Table 2 gives the internal angles
] (r f (xstart ); r f (xend)) betweenthetangentvectorsin the
startingandendpoints(ages95and360months)of eachin-
dividual trajectoryzx0;t0(t). Theanglesshow thatthetrajec-
toriesarecurved,aswe expected.Althoughthe trajectories
straightenwith increasingnumbersof principalcomponents,
they still gobeyonda linearregressionapproach.
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Figure6: The�nal textureof each facemodelconsistsof threeseparatelyacquiredtexture images.By �tting the3D Morphable
Model to each texture image consecutively, threeillumination correctedtexturesare extracted.Combiningthemandmapping
themto thereconstructedshapeof thesamefaceyieldsthe�nal facemodel.

Shape Texture

20PCs 40PCs 80PCs 20PCs 40PCs 80PCs
]

�
r f (xi); r f (x j )

�
15:7� 22:5� 9:1� 33:5� 21:2� 14:8�

] (r f (xi); r l in) 56:6� 49:4� 38:3� 55:0� 46:4� 37:2�

] (r f (xstart ); r f (xend)) 10:3� 10:9� 4:0� 30:0� 12:7� 6:2�

Table2: 1strow: Meananglesbetweengradients]
�
r f (xi); r f (x j )

�
in all pairs (xi ;x j ) of trainingsamples.2ndrow: Mean

angles] (r f (xi); r l in) betweengradientsof thenon-linearandthelinear function.3rd row: Meanangles]
�
r f (xi); r f (x j )

�

betweentangentsin thestart- andendpointsof 30 age trajectories.Thetraining setconsistedof 393facesrepresentedby 20,
40and80principal components,with agesbetween95and360months.

Figure4 shows an exampleface,transformedalong the
linear and the non-lineartrajectory. The visual differences
betweenthecurvesarequitesubtle.Basedonthetheoretical
backgroundandthe precisionof agepredictions(Table1),
we canarguethatthenon-lineartrajectorycapturesmoreof
thetrueeffectsof facialgrowth.

6. A Databaseof 3D Scansof Teenagers

As we have mentionedabove, thedatasetof 200adult faces
wasaugmentedby 3D scansof of 238teenagerfaces,cover-
ing anagerangefrom aminimumageof 96months(8 years)
to amaximumageof 191months(almost16years).Among
them,125weremalefaces,and113werefemalefaces.

In a mobile setupthat we operatedat schools,we used
Konica Minolta VI-910 laser scannersto record textured
depthmapsfrom different viewing angles.For eachface,
we recordedthreepartial 3D laserscans,eachshowing the
facefrom a different viewing angle(0� , 35� and � 35� ) at

a resolutionof 76800verticesperscan(320� 240).Unlike
the cylindrical measurementsby the stationaryCyberware
PS3030scanner, however, we hadto combinethe separate
scansto asinglesurface.

For processingthe individual scans,we �t the 3D Mor-
phableModelof adultsto thefacialsurface.Wemodi�ed an
algorithmthatwaspreviouslydescribedin [BV99] for cylin-
dricalscanssuchthatit operatesonthedepthmapsprovided
by the Minolta scans.The �tting algorithm minimizesthe
differencein depthandtexturebetweenthelinearcombina-
tion of shapes(Equation(4) andthedepthmapof thescan.
Theresult,in ourcase,is abest�t of theadultfacemodelto
eachnew scan.The model�tting establishespoint-to-point
correspondenceto the MorphableModel, so we can form
new shapeandtexturevectorsby samplingthescansateach
vertex of the reconstructedsurface.For thosepartsof the
facethatwerevisible to theMinolta scanner, we replacethe
best-�t vertex positionby theprecisescandata,whileall oth-
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Figure 7: Oncea faceis transformedto anotherage, it canberenderedinto arbitrary images.Thismethodallowsusto apply
differenthaircutsto a face.

ersremainat theestimatedbest-�t position.To combinethe
differentscansof thesameface,we form aweightedsumof
vertex positionswherevermorethanonescandirectiongives
a valid measurement.Verticesof theMorphableModel that
arevisible in noneof thescans,for exampleholesor edges
neartheearsor on theneck,remainat thebest-�t position.

To improve theresolutionof thetextures,we took digital
imagesof thechildren.By �tting themodelto theseimages
andextractingthe texture [BV99], we obtaineda high res-
olution texturefrom eachimage.The�tting algorithm�nds
the linear combinationof shapeandtexture vectors(Equa-
tion (4)), therigid parametersof 3D poseandtheparameters
of illuminationsuchthatasyntheticimageof thefacemodel
is assimilaraspossibleto theinput image[BV99]. After �t-
ting, thecolor of eachvertex is sampledin the images,and
illuminationeffectsarecompensatedautomatically.

From the photographstaken of eachperson,we selecta
frontalview andasideview from45 � to theleft andright, re-
spectively. The3D reconstructionalgorithmis appliedto all
3 imagesseparately. Eachtexel from eachview is assigned
a weight valuethat is computedaccordingto the following
scheme:If the point is occludedor if the anglef between
the viewing directionandthe surfacenormal is larger than
f 1 = 80� , thentheweightis w = 0. If f < f 2 = 40� , w = 1.
In theinterval between,thefunction

w =
1
2

(1+ cos(
f � f 2
f 1 � f 2

� 180� )) (9)

generatesacontinuousandsmoothtransition(Figure6).

In a �rst step,theweightsw areusedin eachview sepa-
ratelytocombinethetexturevaluesextractedfromtheimage
with the valueestimatedby 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-
turesarebasedonthebest�t valueonly, thesetexturevalues
areweightedequally. Figure2 shows examplesof aging3D
scanstakenfrom ournew databaseof facemodels.

7. Application to ImageData

In mostapplications,3D scansof childrenwhoseagehasto
bechangedarenot available,so it is essentialto beableto
run thealgorithmon imagedata.Moreover, thedesiredout-
put of a systemwould not beanisolated3D facemesh,but
an imageof a child in a new scenecontext. Our framework
accountsfor bothaspectsof theproblem.

In orderto reconstructa 3D facefrom an image,we use
the model-basedalgorithm [BV99] that was mentionedin
theprevioussection,which estimatesshape,textureandall
relevant sceneparameters.For the reconstructedface,the
agetrajectorycanbecomputed.

For renderingthemodi�ed faceinto anovel targetimage,
werely onthefactthatthesceneparametersareestimatedby
the�tting algorithm[BSVS04]. Theuserrunsthe�tting al-
gorithmalsoonthetargetimage,andobtainstheappropriate
poseandilluminationparametersthatheneedsfor rendering
theage-transformedfaceinto theimage.Therigid alignment
of faceswithin the MorphableModel andthe consistentil-
lumination of the scansmakes surethat we can exchange
facesin thisway. Examplesof agingin imagesareshown in
Figure1, 3, 7 and8.

Being able to renderthe age-transformedfaceinto new
imagesmakes it possibleto accountfor the growth of the
rest of the body as well as potential changesin hairstyle
and in the environment.We simply renderthe faceinto a
photo of anotherchild at the target age.By renderingthe
age-transformedfaceinto imagesof childrenwith different
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Figure8: Theexampleshowsa pictureof a 2 yearold boy(A).Wereconstructeda 3D modelof hisfaceby�tting theMorphable
Model to his face(B). Our growthalgorithmthentransformedthe3D faceinto a faceat an appropriate target age (here: 16
years) (C). Finally werenderedtheage progressed3D faceinto an arbitrary backgroundimage (here: theground-truthimage
waschosenasbackground)(D). For comparison,(E) showsa realpictureof theboyat thetargetage.

hairstyles,oursystemgeneratesavarietyof possibleappear-
ances(Figure7).

8. Conclusion

We have addressedthe problemof agingin a very general
setting:Fromtrainingdatathatcontainno longitudinalmea-
surements,we estimatehow agingof facesdependsbothon
ageandon the individual face,andwe apply our synthetic
agingto imagesatany givenposeandillumination.

A straight-forwardapplicationof ourmethodis in law en-
forcement,wheremissingchildrencan be found basedon
their predictedfacial appearance.Our systemsupportsthe
work of forensicartistsin this �eld by providing asolidem-
pirical groundfor alteringthe featuresof faces,dueto the
example-basedapproach.

Additional applicationsare in the �elds of characterde-
sign,animationandmorphingfor specialeffects.Moreover,
the systemcan be a high-level tool for imageprocessing.
Both the processingof scandataafter acquisition,and the
applicationof thealgorithmto imagesof childrenaremostly
automated,making the framework easyand convenientto
use.Manualinteractionis reducedto clicking a smallnum-
berof featurepoints.Thismaybeanimportantfactorin any
futuredeploymentof thesystem.

In thebestcase,thepredictionmadeby ouralgorithmcan
only givethemostlikely imageof whatachild maylook like
in thefuture.Environmentalfactors,suchasnutrition,expo-
sureto sunlightor physicalactivity contribute to thedevel-
opmentof theface.Diseases,injuriesor psychologicalstress
mayalsoleave visible traces.In additionto thesefactors,it

maywell bethatsomegenesstartto determinethevisualap-
pearanceonly atacertainagewithouthaving in�uencedthe
facebefore.Someof theselatentgeneticdispositionscanbe
observed in imagesof parentsor otherrelatives.Within the
systempresentedin this paper, it is easyto import features
from photographsof parentsaftera3D reconstruction.

Eventhoughlinearmodelsarestill anappropriatebasisin
many �elds of learning-basedgraphics,in particularif only a
smallsetof trainingdataareavailable,new non-linearhave
a tremendouspotentialto captureall the mutualdependen-
ciesbetweenparametersin anelegantanduni�ed theoretical
framework.
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