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Abstract

Pastingsomebody faceinto an existing image with traditional photoretouding and digital image processing
toolshasonly beenpossiblef bothimagesshowthefacefromthe sameviewpointandwith the sameillumination.
However, thisis rarely the casefor givenpairs of images.We presenta systenthat exchangesfacesacrosslarge
differencedn viewpointandillumination. It is basedon an algorithmthat estimates3D shapeand texture along
with all relevantscengparametes, sud as poseandlighting, fromsingleimages.Manualinteractionis reduced
to clicking on a setof about7 featue points,and markingthe hairline in thetargetimage. Thesystentanbeused
for image processingvirtual try-on of hairstyles,and facerecaynition. By sepaating faceidentity fromimaging
conditions,our approacd providesan abstract representationof images and a novel, high-level tool for image

manipulation.

CateggoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.7 [ComputerGraphics]:Animation

1. Intr oduction

The transferof facesbetweengiven imagesthat are taken
from differentviewpointsandat differentilluminationsis a
novel type of imagemanipulation Manipulationsin images
are often performedwith traditional photographiaetouche
or with digital processingsoftware. However, thesemeth-
ods cannottransferfacesif the imagesaretaken from dif-
ferentviewpoints.Differencesn illumination make thetask
even moredif cult andcanonly be compensatedorvinc-
ingly by skilled artists.In the imagedomain,3D rotations
giveriseto very comple transformationshataredif cult to
model[BP96]. Rotationsaroundlarge anglesinvolve occlu-
sionsand make previously unseensurfaceregions visible.
We thereforeproposea more e xible approachthat repre-
sentshefaceandtheimageparameterin 3D.

The 3D shape of faces has been estimated
from single or multiple images in several ap-
proachesin face recognition, modeling and animation
[LMT98, FM99,BV99, ZC00,GBKO01,SKO01]. A system
that rendersthe samefacebackinto the original imageor
videoaftersomemodi cations hasbeenpresentedor facial
animation [BBPV03]. We extend that approachto solve
the more generalproblem of pastinga face into another
personsimage.
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Embedding3D objectsinto the scenecontet of images
orvideois still achallengingaskthathasnotbeenfully ex-
plored.Most work in 3D ComputerGraphics,especiallyin
the eld of facemodelingandanimationrenders3D objects
only in isolation, or as a part of an entirely virtual scene.
Renderingtheminto scenesde ned by 2D datarequiresa
very preciseestimateof the 3D scenegeometrysuchasthe
camergparametersindthe objects'positionandorientation
in space[DTM96, LCZ99]. Moreover, the illumination of
the the syntheticobjectshasto be consistentith the scene
context. Eventhoughrenderingis imagesynthesis,nding
theappropriateenderingparameterss adif cult problemin
imageanalysisandcomputervision. We solve this problem
in ananalysis-by-synthestechniqueUnlike othermethods
for estimationof scenggeometnfFau93],our algorithmcan
beappliedto unknovn facesshavn in singleimages.

Our systemis basedn analgorithmthatestimates tex-
tured3D facemodelfrom a singleimage,alongwith all rel-
evantscengrarameterssuchas3D orientation position,fo-
cal lengthof the cameraandthe directionandintensity of
illumination [BV03]. Given a setof about7 featurepoints
thataremanuallyde ned by theuserin aninteractve inter-
face,thealgorithmautomaticallyts a MorphableModel of
3D facesto the imageandoptimizesall modelparameters.
TheMorphableModel capturegherangeof possibleshapes
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Figure 1: Exchangingldentity: After processinghe original targetimages (left), which includesmanualclicking of featues,
automateD reconstructiorand manualsegmentatiorof foregroundhair, any otherfacecanbeinsertedautomatically

andtexturesobsened in a datasetof 3D scans.For trans-
ferring a facefrom a sourceimageinto a tamgetimage,we
applythe tting algorithmto both.In the sourceimage,we
areinterestedn thereconstructe®D facemodel,andfrom
thetargetimagewe mainly usethe sceneparameters.

Two propertiesof our framevork arecrucialfor exchang-
ing facesFirst, thealgorithmfor 3D facereconstructiomses
a strictandexplicit separatiorbetweerfaceidentity (shape
andtexture) and sceneparametersSecond the Morphable
Model of 3D facesis consistentlyalignedandilluminated.
Thereforereconstructedacesareinterchangeablendthey
areguaranteedb t into thenovel scene.

The facemodelusedin this paperdoesnot include hair.
Renderindhairhasbeenanactive eld in computegraphics,
andimpressie resultshave beenachieved (for anoverview,
see[MTHKO0O]). In our application,however, it would be
necessaryo reconstructair from imageswhich is still an
unsohed problem.We thereforerestrict our systemto ex-
changeonly the facial surface from the sourceto the tar
getimage, while the hairstyle of the target is retained.In
fact, this procedureis very adequatdor at leasttwo appli-
cationsuvirtual try-onfor hairstyleswherethecustomercan
seehis or her own facein a photograpthof a hairstyle,and

facerecognition wherehairstyleis a non-diagnostideature
thatshouldbeignoredin orderto avoid beingmisledby dis-
guises.

In Section2 and3, we brie y summarizehe concepbf a
MorphableModel andthe algorithmfor 3D reconstruction.
In Sectiond4 and5, we presenthe algorithmfor exchanging
facesin images.Section6 introducesa systemfor virtual
try-on of hairstylesandSection7 discussesesultsthathave
beenachiezedwith this framework in facerecognition.

2. A Mor phable Models of 3D Faces

The MorphableModel of 3D faces[VP97BV99] is a vec-
tor spaceof 3D shapesandtexturesspannedy a setof ex-
amples.Derived from 200 textured Cyberwae (TM) laser
scansthe MorphableModel captureghe variationsandthe
commonpropertiefoundwithin this set.Shapeandtexture
vectorsarede ned suchthatary linear combinationof ex-
amples
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is arealisticfaceif S, T arewithin afew standardleviations
from their averageslin the corversionof thelaserscansnto
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Figure 2: Fitting the Morphable Model to an image pro-
ducesnot only a 3D reconstructionput also modelcoef-

cientsa;, bj, and an estimateof headorientation, position
andillumination.

shapeandtexture vectorsS;, Tj, it is essentiato establish
densepoint-to-pointcorrespondencef all scanswith aref-

erencefaceto make surethatvectordimensionsn S, T de-

scribethesamepoint, suchasthetip of thenose,n all faces.
Densecorrespondends computecautomaticallywith anal-

gorithmderivedfrom optical o w [BV99].

EachvectorS is the 3D shape storedin termsof x;y; z-

S = (XYL Z1X X YniZn) )

In thesameway, weform texturevectorsfromthered,green,
andbluevaluesof all vertices'surfacecolors:

Ti = (Ry;G1;B1;Ro; 112 Ra; Gn;Bn) ' : ®3)

Finally, we perform a Principal ComponentAnalysis
(PCA, seelDHS01])to estimatethe probabilitydistributions
of facesarounctheir averages andt, andwe replacethe ba-
sisvectorsS;, T; in Equation(1) by anorthogonalsetof m
eigervectorss, t;:

g _—
S=s5+3aa s; T=t+ Qb t: 4)
i=1 i=1

In the following, we usethem= 149 mostrelevantprin-
cipal component®nly, sincethe othercomponentsendto
containnoiseandothernonclass-speci cvariations.

3. Estimation of 3D Shape,Texture, Poseand Lighting

From a given setof modelparameters. andb (4), we can
computea color image | nogl(X;y) by standardcomputer

¢ TheEurographic#ssociationandBlackwell Publishing2004.

graphics procedures,ncluding rigid transformation,per
spectve projection,computatiorof surfacenormals Phong-
lllumination, and rasterization.The image dependson a
numberof renderingparameters . In our systemtheseare
22variables:

3D rotation(3 angles)

3D translation(3 dimensions)
focallengthof thecamerg1 variable)
angleof directedlight (2 angles)
intensityof directedlight (3 colors)
intensityof ambientight (3 colors)

color contrast(1 variable)

gainin eachcolor channel3 variables)
offsetin eachcolor channel(3 variables).

All parametersare estimated simultaneouslyin an
analysis-by-synthesisop. The maingoal of the analysisis
to nd theparameters, b, r thatmale the syntheticimage
Imocel @ssimilar as possibleto the original imagelinpy in
termsof pixel-wiseimagedifference

(Iginpu (X Y)  le:model (X, Y))Z: %)

Unlike earlier systemg[BV99], the startingvaluesof r
are no longer estimatedby the user: All sceneparameters
arerecoveredautomatically startingfrom a frontal posein
the centerof theimage,andat frontal illumination. To ini-
tialize the optimizationprocesswe useasetof featurepoint
coordinate$BV03]: Themanuallyde ned 2D featurepoints
(ax;j; Gy;j) andtheimagepositions(py;; Pyk;) of thecorre-
spondingverticesk; de ne afunction

S Ox; j Px;kj K2: ©)
i Ox; j Py:k;

thatis addedo theimagedifferencek; in the rst iterations.

In order to avoid overtting effects that are well-
known from regressionand other statisticalproblems(see
[DHSO01), we addregularizationtermsto the costfunction
thatpenalizesolutionsthatarefar from theaveragein terms
of shapetexture, or therenderingparametersThe full cost
functionis

1 1 o a2 o b2 o (ri T)?
E= S5E+ SE+a —>+a—=+a I
SI2 SFZZ i Séi i S%;i i Sg{;i
(1)

The standarddeviations sg; and st;; are known from
PCA of shapesindtextures.i; arethe standardstartingval-
uesfor rj, andsg; aread-hocestimatef their standard
deviations.

The costfunction(7) canbe derived from a Bayesiarap-
proachthat maximizesthe posteriorprobability of a, b and
r, given linpy andthe featurepoints[BV99, BVO3]. E; is
relatedto independenGaussiamoisewith a standarddevi-
ations, in the pixel values,andtheregularizationtermsare
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Figure 3: For transferringa facefroma souice image (top, center)to a target (top, left), the algorithm builds a compositeof
threelayers (bottomrow): An estimateof 3D shapeand sceneparametes (“pose”) fromthetargetimage helpsto remwethe
contourof the original facein the badkground (left). The sceneparametes of the target are also usedto renderthe 3D face
reconstructedromthe sourceimage (centercolumn).A semi-automatisegmentatiorof hair de nesthetranspaencymaskfor

the hairstylein thetop layer (right column).

derived from the prior probabilities. The systemperforms
anoptimaltradeof betweemminimizing E; andachieving a
plausibleresult.

The optimizationis performedwith a StochastidNewton
Algorithm [BVO03]. The tting procesdakes4.5minuteson
a2GHzPentium4 processar

The linear combinationof texturesT; cannotreproduce
all local characteristicef the novel face,suchasmolesor
scars.We extract the persons true texture from the image,
wherever it is visible, by an illumination-correctedexture
extractionalgorithm[BV99]. At the boundarybetweenthe
extractedtexture and the predictedregions, we producea
smoothtransitionbasedon areliability criterionfor texture
extraction that dependson the angle betweenthe viewing
directionandthesurfacenormal.Dueto facialsymmetrywe
re ect texture elementghatarevisible on oneandoccluded
ontheothersideof theface.

4. ExchangingFaces

Themainstepin exchangingfacesis to renderthe facethat
wasreconstructedrom the sourcemagewith therendering

parametershat were estimatedrom the targetimage.Our
approachmalessurethatthenew face ts preciselyinto the
targetimagein termsof geometryandillumination without
ary further adaptationln otherwords, 3D shapesandtex-
turesareperfectlyinterchangeabldn thefollowing, we ex-
plainwhy thisis guaranteetby the speci c propertief the
MorphableModelandthereconstructioralgorithm(Section
3).

Having appliedthe tting algorithmto boththesourceand
thetargetimage we have estimate®f 3D shapetextureand
renderingparametergor both. A sufcient criterion for a
successfubxchangeis that both 3D shapesare alignedto
eachotherin 3D, andbothtextureshave similarillumination.

When the Morphable Model was formed, the 3D faces
werealignedwith respecto 3D rotationandtranslationau-
tomaticallywith 3D AbsoluteOrientation[HS92]. As are-
sult,all linearcombinationsvill bealignedconsistentlyThe
headsarescaledin their naturalsize,so the datasete ects
the naturalvariationin headsize, and reconstructedheads
maydifferin size. However, we have experiencedittle varia-
tion, whichindicateghatthescalingparameters the tting
procedurgfocal lengthof the cameraandviewing distance)
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compensatéor mostdifferencesAs a consequenceye do
notneedto normalizeheadsn sizeafterreconstruction.

Most texturesin the datasetare recordedwith the same
illumination setup,so linear combinationsre ect the natu-
ral variationof skin compleion. Theillumination setupwas
predominantlyambient,reducingthe shadingeffectson the
skin. Reconstructingexturefrom imagess locally ambigu-
oussincedarkpixelsin theimagemight be dueto dark skin
or dim illumination. The globalerrorfunction (7), howvever,
includesregionssuchasthe eyesthatarebrightin all faces,
andthereforenve foundthereconstructetkexturesto beclose
to the personstrue skin compleions. The prior probability
involved in the optimization producesa plausibletradeof
betweerthevariationsin skin color andillumination.

The nal step of the reconstruction algorithm is
illumination-correctedexture extraction. By inverting the
effect of illumination, this removes speculatighlightsand
shading sothetexture canbere-illuminatedin the new im-
age.The nal texturesarestill interchangeabléWhenthe
illumination was estimatedtextureswere limited to linear
combinationsof examples.The estimatedexture andillu-
mination producepixel valuesl o thatwill, in general,
be similar to Iinpy . Inverting the illumination on ljnpy will
thereforeproducea resultthatis closeto the spanof exam-
plesin termsof color andbrightness.

5. Compositing

The nal imageis compositedrom threelayers(Figure3):
The scenearoundthe faceis left unchangedsowe canuse
theoriginal tamgetimageasabackgroundor renderingThe
new, exchangedaceis renderedn front of theoriginal face
asasecondayer Strandf hairthatarein front of theface
have to be addedin a third layer In the next sectionswe
describenow thesdayersareprepared.

5.1. Background Layer

Thebackgroundmageshaws the sceneof thetametimage,
andthe original persons'face,hair andbody The original
facewill becoveredby thenovel facein thenext layer How-
ever, thenovel facemaybesmallerthantheoriginal, leaving
partsof the original visible andproducingdoublecontours.

We solwe this problem by a backgroundcontinuation
method[BBPV03J] thatis basedon are ection of pixelsbe-
yond the original contourinto the face area.The original
contouris known, sincewe appliedthe reconstructioral-
gorithmto the targetimage.Iln remaving the original facial
contour we infer the backgroundbehindthe original face
from surroundingpixels.

5.2. FacelLayer

Consistingof the face,the ears,most part of the forehead
andthe upperhalf of the neck,the MorphableFaceModel
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canreplacemostof theskinin theimageby thenew persons
data.Thesilhouetteof thisregion canbecateyorizedin three

types:

1. Occludingcontourssuchasthepro le linein sideviews,
arede ned by the 3D shapeof the surface.They areren-
deredassharpedges.

2. Boundarief hair regionsthat occludethe skin, for ex-
ampleontheforeheadr thecheeksalongstrandf hair,
areproducedby the hair layerdescribedn the next sec-
tion.

3. Meshboundariesit the neckandthe foreheadvherethe
skin would, in fact, continue.Theseboundariesshould
not bevisible in theimages.We producea smoothtran-
sition betweenthe facelayer andthe backgroundusing
alphablendingwith a maskthat was prede nedon the
referenceshapeof the MorphableModel.

The facelayer containsthe upperpart of the neckonly,
sincethe exibility of the neckis not capturedn the Mor-
phableModel.

In somesourcemagesskinis partly coveredby hair. This
hairwould be mappedn thefaceasatexture,andrendered
into the novel images.The usercan either maskthesere-
gionsin thereconstructiorphaseor in renderingMasksare
de ned on the surfaceparameterizatiorso masksfor typi-
cal situations suchasthe foreheadcoveredby the fringe or
the earscoveredby long hair, canbe prede nedandreused
acrosdndividuals.

5.3. Hair Layer

If hair covers part of the facein the targetimage,we de-
ne ahairlayerthatwill bedrawn in front of theface.The
hair layer of a particulartarget image can be usedfor all
facesrenderedinto this image. The hair layer is identical
to the original tagetimage,but hasalphavaluesfor trans-
pareng assignedo eachpixel. Automatedclassi cation of
pixelsinto skinandhairis a dif cult task.We currentlyper
form this classi cation manuallyby de ning alphavalues
for opacity

For dark hair, a semi-automaticdechniquede nes the
opacity: We automaticallymake dark pixels opaque(hair),
and bright regionstransparengskin). This simple mapping
from luminanceto alphavaluesgivesa preciseresultalong
strandsof hair. The alphavaluesrequiresomemanualpost-
processingOurcriterionis notvalid ontheentireface since
the hair layer should be transparentat the eyebravs, and
opaqueat specularre ections of hair. After our algorithm
haspre-sgmentedheboundarythisis easyto correctby the
user For blond hair, our segmentationoften detectsstrands
of haironly partially, basednthedarkpixelson skin or hair
causedvy self-shadwing. In this casethe detectedregions
sere asa startingpointfor manualsegmentation.
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Figure 4: Facescanberendeedinto anyimage, sud asa painting (GrantWood: AmericanGothic).

Figure 5: The personsfrom Figure 4 are rendeed into a
movie poster

6. Virtual Try-On for Hairstyles

Current systemsthat give usersa preview of their own
face with different hairstyles are entirely basedon 2D
technology More speci cally, they arerestrictedto frontal
views of faces After somegeometricahlignmentfacesand
hairstylesarecompositednto novelimagesDueto thecom-
plex three-dimensionastructureof hairstyles,it would be
highly informative for usergo seetheirfacein side-vievs as
well. Moreover, frontal views of the customers faceor the
new hairstylemay be unavailable, for exampleif the user
wishesto try a hairstyleshavn in a magazine.Sincemost
photographsare non-frontal, current systemsare likely to
fail. Our methodprovidesa simple, but generaland robust
solution(Figuresl and®6).

For virtual try-on, thereare a two possiblescenariosin
both casestheuseror customerprovidesanimageof his or

her face,which canbe an arbitrary snapshotand after la-
belinga setof featurespbtainsa 3D reconstructionFor the
targetimageshaving the hairstyle theretwo alternatves:

In onesetting theusemprovidesaphotograptof aspeci ¢
hairstyle,for example from a magazine. The manualpro-
cessingnvolveslabelingthe featurepoints,andsegmenting
the hair for the foregroundlevel. The faceis thenautomati-
cally renderednto thetargetimage.

The secondscenariorequiresno manualinteractiondur
ing try-on afterthe users facehasbeenreconstructedt in-
volves a setof preprocessetiairstylesthat are storedin a
databaseThe manualprocessingf the hair layer for com-
positing hasto be performedonly once.Subsequentlyary
facecanbe renderedand compositedwith this hairstylein
afully automatedvay. During try-on, the usercanselecta
hairstyleand get the syntheticimagein a fraction of a sec-
ond. Userscaninspecthairstylesfrom differentviewpoints
if the original hairstylesin the databaseverephotographed
from several directions.Unlike syntheticallyrenderedhair,
the hairstyleis left unchangedn theimage,andwill there-
fore alwayslook photo-realistic.

7. Front Viewsfrom Non-Frontal Imagesfor Face
Recognition

The method describedin this paperprovides a powerful
componenffor automatedacerecognition:An earlierver
sion of our programhasbeenpart of the FaceRecognition
VendorTest2002[PGM 03], whichinvesticgatedacombina-
tion of 3D-basedoreprocessingnd10 leadingcommercial
facerecognitionsystemsSinceall thesesystemsaiseimage-
basedmethoddor comparingmagesandthey aredesigned
mainly for frontal views of faces,their performancedrops
signi cantly when non-frontalimagesare involved in the
testing[PGM 03]. The systemswveregiven a setof gallery
imagesshaving 87 personsn afrontal pose,andthey were
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Figure6: In avirtual try-onfor hairstylesthecustome(top, left) providesa photagraph,andselectgargetimagesof hairstyles
(top, right). Then the systentreatessynthetidmagesof the customes facepastednto thesehairstyles.

testedwith probe imagesof the samepersonswith their
headsotatedup, down, left or right by about30 to45 .

Our algorithm pre-processethe non-frontalimagesand
generatedrontalviews of eachprobe All frontalviewswere
renderednto a standardmageshaoving a persornwith short
hair. The purposeof the standardmageis to producecom-
pleteportraitswith hair, shouldersanda naturalbackground,
similar to thosethatthe systemaveredesignedor.

In averi cation taskwherethe systemshave to decideif

¢ TheEurographic#ssociationandBlackwell Publishing2004.

animagesshaws a speci ¢ personfrom the gallery or not,
the bestveri cation rate obsered was approximately55%
without and 85% with our system[PGM 03]. 9 out of 10
systemsshaved anincreaseof performancen this orderof
magnitudewith thefront views generatedby our algorithm.

The resultsof the Face RecognitionVendor Test 2002
shaw thatouralgorithmcancontributeto computewision by
producingsynthetidmagestransformednto standardmag-
ing conditions.Thesesyntheticimagesreducethe variation
in theinput datafor image-basedecognitionsystems.
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8. Conclusion

We have introducedan abstractrepresentationf imagesin
termsof facialidentity andsceneparameterspeci c to the
image.This is achieved by explicitly separating3D shape,
texture, scenegeometryandillumination parametersn im-
ageanalysis.Thefactthatwe canexchangefacesin images
validatesourimplementatiorof this abstractepresentation.

Exchangindacesacrosshangesn viewpointandillumi-
nationis a novel way of processingmageson a high level,
andhasnot beenpossiblewith image-basednethods With
existing 3D technologythetaskrequiredtheskill of anartist
andmary hoursof manualwork. Ourmethodrequiresonly a
few simplemanualprocessingteps.andperformsthe non-
trivial 3D registration automatically Compensatindor all
relevant imaging parametersit is applicableto ary given
pair of photographswhich malkes the programinteresting
for awide rangeof applications.

Our contrikbution to the Face RecognitionVendor Test
2002 demonstrateshat methodsfrom ComputerGraphics
canbeusefulcomponentén ComputenVision. Transferring
technologyfrom ComputerGraphicsto Vision hasrarely
beenan issueso far, while the oppositedirection of trans-
fer hasbecomemoreandmorepopularandfruitful in recent
years.Basedon analysis-by-synthesisur approactis well
suitedto sene asa connectionbetweenboth elds. More-
over, by mappingirom 2D imagego a3D representatioand
back, our algorithm combinesthe bene ts of image-based
methods,suchas photo-realismwith the versatility of 3D
graphics.

In futurework, we planto includeanalgorithmfor detect-
ing facialfeaturesanddevelop methoddor the challenging
task of hair segmentation.With thesetwo extensions,our
systemwouldbefully automatedFinally, we areplanningto
exchangefacesin video sequencesyhich involvestracking
headmotions.Combinedwith the separatenanipulationof
speectandheadmotion[BBPVO03], our methodthenforms
acompleteeditingtool for videopost-processing.
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