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Abstract
Pastingsomebody's faceinto an existing image with traditional photoretouching and digital image processing
toolshasonlybeenpossibleif bothimagesshowthefacefromthesameviewpointandwith thesameillumination.
However, this is rarely thecasefor givenpairs of images.We presenta systemthat exchangesfacesacrosslarge
differencesin viewpointandillumination. It is basedon an algorithmthat estimates3D shapeandtexture along
with all relevantsceneparameters,such asposeandlighting, fromsingleimages.Manual interactionis reduced
to clickingona setof about7 featurepoints,andmarkingthehairline in thetarget image. Thesystemcanbeused
for image processing, virtual try-on of hairstyles,andfacerecognition.By separating faceidentity fromimaging
conditions,our approach providesan abstract representationof imagesand a novel, high-level tool for image
manipulation.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Animation

1. Intr oduction

The transferof facesbetweengiven imagesthat are taken
from differentviewpointsandat differentilluminationsis a
novel typeof imagemanipulation.Manipulationsin images
areoften performedwith traditionalphotographicretouche
or with digital processingsoftware.However, thesemeth-
odscannottransferfacesif the imagesaretaken from dif-
ferentviewpoints.Differencesin illuminationmake thetask
even moredif�cult andcanonly be compensatedconvinc-
ingly by skilled artists.In the imagedomain,3D rotations
giveriseto verycomplex transformationsthataredif�cult to
model[BP96].Rotationsaroundlargeanglesinvolve occlu-
sionsand make previously unseensurfaceregions visible.
We thereforeproposea more �e xible approachthat repre-
sentsthefaceandtheimageparametersin 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,GBK01,SK01]. A system
that rendersthe samefaceback into the original imageor
videoaftersomemodi�cationshasbeenpresentedfor facial
animation [BBPV03]. We extend that approachto solve
the more generalproblem of pastinga face into another
person's image.

Embedding3D objectsinto the scenecontext of images
or videois still achallengingtaskthathasnotbeenfully ex-
plored.Most work in 3D ComputerGraphics,especiallyin
the�eld of facemodelingandanimation,renders3D objects
only in isolation,or as a part of an entirely virtual scene.
Renderingtheminto scenesde�ned by 2D datarequiresa
very preciseestimateof the3D scenegeometry, suchasthe
cameraparametersandtheobjects'positionandorientation
in space[DTM96, LCZ99]. Moreover, the illumination of
thethesyntheticobjectshasto beconsistentwith thescene
context. Even thoughrenderingis imagesynthesis,�nding
theappropriaterenderingparametersis adif�cult problemin
imageanalysisandcomputervision.We solve this problem
in ananalysis-by-synthesistechnique.Unlikeothermethods
for estimationof scenegeometry[Fau93],ouralgorithmcan
beappliedto unknown facesshown in singleimages.

Our systemis basedon analgorithmthatestimatesa tex-
tured3D facemodelfrom asingleimage,alongwith all rel-
evantsceneparameters,suchas3D orientation,position,fo-
cal lengthof the camera,andthe directionandintensityof
illumination [BV03]. Given a setof about7 featurepoints
thataremanuallyde�ned by theuserin aninteractive inter-
face,thealgorithmautomatically�ts a MorphableModel of
3D facesto the imageandoptimizesall modelparameters.
TheMorphableModelcapturestherangeof possibleshapes
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Original Person1 Person2 Person3

Figure 1: ExchangingIdentity: After processingtheoriginal target images(left), which includesmanualclicking of features,
automated3D reconstructionandmanualsegmentationof foregroundhair, anyotherfacecanbeinsertedautomatically.

and texturesobserved in a datasetof 3D scans.For trans-
ferring a facefrom a sourceimageinto a target image,we
apply the �tting algorithmto both.In thesourceimage,we
areinterestedin thereconstructed3D facemodel,andfrom
thetargetimagewemainlyusethesceneparameters.

Two propertiesof our framework arecrucialfor exchang-
ing faces:First,thealgorithmfor 3D facereconstructionuses
a strict andexplicit separationbetweenfaceidentity (shape
andtexture) andsceneparameters.Second,the Morphable
Model of 3D facesis consistentlyalignedandilluminated.
Therefore,reconstructedfacesareinterchangeable,andthey
areguaranteedto �t into thenovel scene.

The facemodelusedin this paperdoesnot includehair.
Renderinghairhasbeenanactive�eld in computergraphics,
andimpressive resultshave beenachieved(for anoverview,
see[MTHK00]). In our application,however, it would be
necessaryto reconstructhair from images,which is still an
unsolved problem.We thereforerestrict our systemto ex-
changeonly the facial surfacefrom the sourceto the tar-
get image,while the hairstyleof the target is retained.In
fact, this procedureis very adequatefor at leasttwo appli-
cations:virtual try-on for hairstyles,wherethecustomercan
seehis or her own facein a photographof a hairstyle,and

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

In Section2 and3, webrie�y summarizetheconceptof a
MorphableModel andthealgorithmfor 3D reconstruction.
In Section4 and5, we presentthealgorithmfor exchanging
facesin images.Section6 introducesa systemfor virtual
try-onof hairstyles,andSection7 discussesresultsthathave
beenachievedwith this framework in facerecognition.

2. A Mor phableModelsof 3D Faces

The MorphableModel of 3D faces[VP97,BV99] is a vec-
tor spaceof 3D shapesandtexturesspannedby a setof ex-
amples.Derived from 200 textured Cyberware (TM) laser
scans,theMorphableModel capturesthevariationsandthe
commonpropertiesfoundwithin this set.Shapeandtexture
vectorsarede�ned suchthat any linear combinationof ex-
amples

S=
m

å
i= 1

aiSi ; T =
m

å
i= 1

biT i : (1)

is a realisticfaceif S, T arewithin a few standarddeviations
from theiraverages.In theconversionof thelaserscansinto
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Figure 2: Fitting the MorphableModel to an image pro-
ducesnot only a 3D reconstruction,but also modelcoef�-
cientsa i , bi , and an estimateof headorientation,position
andillumination.

shapeandtexture vectorsSi , T i , it is essentialto establish
densepoint-to-pointcorrespondenceof all scanswith a ref-
erencefaceto make surethatvectordimensionsin S, T de-
scribethesamepoint,suchasthetip of thenose,in all faces.
Densecorrespondenceis computedautomaticallywith anal-
gorithmderivedfrom optical�o w [BV99].

EachvectorSi is the 3D shape,storedin termsof x;y;z-
coordinatesof all verticesk 2 f 1; : : : ;ng, n = 75972of a3D
mesh:

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

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

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

Finally, we perform a Principal ComponentAnalysis
(PCA,see[DHS01])to estimatetheprobabilitydistributions
of facesaroundtheiraveragessandt, andwereplacetheba-
sisvectorsSi , T i in Equation(1) by anorthogonalsetof m
eigenvectorssi , t i :

S= s+
m

å
i= 1

a i � si ; T = t +
m

å
i= 1

bi � t i : (4)

In thefollowing, we usethem= 149mostrelevantprin-
cipal componentsonly, sincethe othercomponentstendto
containnoiseandothernonclass-speci�cvariations.

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

From a given setof modelparametersa andb (4), we can
computea color image Imodel(x;y) by standardcomputer

graphicsprocedures,including rigid transformation,per-
spectiveprojection,computationof surfacenormals,Phong-
Illumination, and rasterization.The image dependson a
numberof renderingparametersr . In our system,theseare
22variables:

� 3D rotation(3 angles)
� 3D translation(3 dimensions)
� focal lengthof thecamera(1 variable)
� angleof directedlight (2 angles)
� intensityof directedlight (3 colors)
� intensityof ambientlight (3 colors)
� color contrast(1 variable)
� gain in eachcolorchannel(3 variables)
� offsetin eachcolorchannel(3 variables).

All parametersare estimated simultaneously in an
analysis-by-synthesisloop.Themaingoalof theanalysisis
to �nd theparametersa, b, r thatmake thesyntheticimage
Imodel assimilar aspossibleto the original imageI input in
termsof pixel-wiseimagedifference

EI = å
x

å
y

å
c2f r;g;bg

(Ic;input (x;y) � Ic;model(x;y))2: (5)

Unlike earlier systems[BV99], the startingvaluesof r
are no longer estimatedby the user:All sceneparameters
arerecoveredautomatically, startingfrom a frontal posein
the centerof the image,andat frontal illumination. To ini-
tialize theoptimizationprocess,weuseasetof featurepoint
coordinates[BV03]: Themanuallyde�ned2D featurepoints
(qx; j ;qy; j ) andtheimagepositions(px;k j ; py;k j ) of thecorre-
spondingverticesk j de�ne a function

EF = å
j

k
�

qx; j
qx; j

�
�

�
px;k j

py;k j

�
k2: (6)

thatis addedto theimagedifferenceEI in the�rst iterations.

In order to avoid over�tting effects that are well-
known from regressionand other statisticalproblems(see
[DHS01]), we addregularizationtermsto thecostfunction
thatpenalizesolutionsthatarefar from theaveragein terms
of shape,texture,or therenderingparameters.Thefull cost
functionis

E =
1
s2

I
EI +

1
s2

F
EF + å

i

a2
i

s2
S;i

+ å
i

b2
i

s2
T;i

+ å
i

(r i � r i)
2

s2
R;i

:

(7)
The standarddeviations sS;i and sT;i are known from

PCA of shapesandtextures.r i arethestandardstartingval-
uesfor r i , andsR;i aread–hocestimatesof their standard
deviations.

Thecostfunction(7) canbederivedfrom a Bayesianap-
proachthatmaximizestheposteriorprobabilityof a, b and
r , given I input and the featurepoints [BV99, BV03]. EI is
relatedto independentGaussiannoisewith a standarddevi-
ations I in thepixel values,andtheregularizationtermsare
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Figure 3: For transferringa facefroma source image (top, center)to a target (top, left), thealgorithmbuilds a compositeof
threelayers (bottomrow): An estimateof 3D shapeandsceneparameters (“pose”) fromthetarget image helpsto removethe
contourof the original facein the background(left). Thesceneparameters of the target are also usedto renderthe 3D face
reconstructedfromthesourceimage(centercolumn).A semi-automaticsegmentationof hair de�nesthetransparencymaskfor
thehairstylein thetop layer (right column).

derived from the prior probabilities.The systemperforms
anoptimal tradeoff betweenminimizing EI andachieving a
plausibleresult.

Theoptimizationis performedwith a StochasticNewton
Algorithm [BV03]. The�tting processtakes4.5minuteson
a2GHzPentium4 processor.

The linear combinationof texturesT i cannotreproduce
all local characteristicsof the novel face,suchasmolesor
scars.We extract the person's true texture from the image,
wherever it is visible, by an illumination-correctedtexture
extractionalgorithm[BV99]. At the boundarybetweenthe
extractedtexture and the predictedregions, we producea
smoothtransitionbasedon a reliability criterion for texture
extraction that dependson the anglebetweenthe viewing
directionandthesurfacenormal.Dueto facialsymmetry, we
re�ect textureelementsthatarevisible on oneandoccluded
on theothersideof theface.

4. ExchangingFaces

Themainstepin exchangingfacesis to renderthefacethat
wasreconstructedfrom thesourceimagewith therendering

parametersthat wereestimatedfrom the target image.Our
approachmakessurethatthenew face�ts preciselyinto the
target imagein termsof geometryandillumination without
any further adaptation.In otherwords,3D shapesandtex-
turesareperfectlyinterchangeable.In thefollowing, we ex-
plainwhy this is guaranteedby thespeci�c propertiesof the
MorphableModelandthereconstructionalgorithm(Section
3).

Havingappliedthe�tting algorithmto boththesourceand
thetargetimage,wehaveestimatesof 3D shape,textureand
renderingparametersfor both. A suf�cient criterion for a
successfulexchangeis that both 3D shapesare alignedto
eachotherin 3D,andbothtextureshavesimilarillumination.

When the MorphableModel was formed, the 3D faces
werealignedwith respectto 3D rotationandtranslationau-
tomaticallywith 3D AbsoluteOrientation[HS92]. As a re-
sult,all linearcombinationswill bealignedconsistently. The
headsarescaledin their naturalsize,so thedatasetre�ects
the naturalvariation in headsize,and reconstructedheads
maydiffer in size.However, wehaveexperiencedlittle varia-
tion,whichindicatesthatthescalingparametersin the�tting
procedure(focal lengthof thecameraandviewing distance)

c
 TheEurographicsAssociationandBlackwellPublishing2004.



Blanzetal / ExchangingFacesin Images

compensatefor mostdifferences.As a consequence,we do
notneedto normalizeheadsin sizeafterreconstruction.

Most texturesin the datasetare recordedwith the same
illumination setup,so linear combinationsre�ect the natu-
ral variationof skincomplexion. Theilluminationsetupwas
predominantlyambient,reducingtheshadingeffectson the
skin.Reconstructingtexturefrom imagesis locally ambigu-
oussincedarkpixelsin theimagemightbedueto darkskin
or dim illumination.Theglobalerrorfunction(7), however,
includesregionssuchastheeyesthatarebright in all faces,
andthereforewefoundthereconstructedtexturesto beclose
to thepersons'trueskin complexions.Theprior probability
involved in the optimizationproducesa plausibletradeoff
betweenthevariationsin skincolorandillumination.

The �nal step of the reconstruction algorithm is
illumination-correctedtexture extraction. By inverting the
effect of illumination, this removesspecularhighlightsand
shading,sothetexturecanbere-illuminatedin thenew im-
age.The �nal texturesare still interchangeable:When the
illumination wasestimated,textureswere limited to linear
combinationsof examples.The estimatedtexture and illu-
mination producepixel valuesI model that will, in general,
besimilar to I input . Inverting the illumination on I input will
thereforeproducea resultthat is closeto thespanof exam-
plesin termsof colorandbrightness.

5. Compositing

The�nal imageis compositedfrom threelayers(Figure3):
Thescenearoundthe faceis left unchanged,sowe canuse
theoriginal targetimageasabackgroundfor rendering.The
new, exchangedfaceis renderedin front of theoriginal face
asasecondlayer. Strandsof hair thatarein front of theface
have to be addedin a third layer. In the next sections,we
describehow theselayersareprepared.

5.1. Background Layer

Thebackgroundimageshows thesceneof thetargetimage,
andthe original persons'face,hair andbody. The original
facewill becoveredby thenovel facein thenext layer. How-
ever, thenovel facemaybesmallerthantheoriginal,leaving
partsof theoriginal visibleandproducingdoublecontours.

We solve this problem by a backgroundcontinuation
method[BBPV03] thatis basedon a re�ection of pixelsbe-
yond the original contour into the facearea.The original
contour is known, sincewe appliedthe reconstructional-
gorithmto the target image.In removing theoriginal facial
contour, we infer the backgroundbehindthe original face
from surroundingpixels.

5.2. FaceLayer

Consistingof the face,the ears,mostpart of the forehead
andthe upperhalf of the neck,the MorphableFaceModel

canreplacemostof theskinin theimageby thenew person's
data.Thesilhouetteof thisregioncanbecategorizedin three
types:

1. Occludingcontours,suchasthepro�le line in sideviews,
arede�ned by the3D shapeof thesurface.They areren-
deredassharpedges.

2. Boundariesof hair regionsthatoccludetheskin, for ex-
ampleontheforeheador thecheeksalongstrandsof hair,
areproducedby thehair layerdescribedin thenext sec-
tion.

3. Meshboundariesat theneckandtheforeheadwherethe
skin would, in fact, continue.Theseboundariesshould
not bevisible in the images.We producea smoothtran-
sition betweenthe facelayer andthe background,using
alphablendingwith a maskthat wasprede�nedon the
referenceshapeof theMorphableModel.

The facelayer containsthe upperpart of the neckonly,
sincethe �e xibility of the neckis not capturedin the Mor-
phableModel.

In somesourceimages,skinis partlycoveredby hair. This
hairwouldbemappedon thefaceasa texture,andrendered
into the novel images.The usercan either maskthesere-
gionsin thereconstructionphaseor in rendering.Masksare
de�ned on the surfaceparameterization,so masksfor typi-
cal situations,suchastheforeheadcoveredby thefringe or
theearscoveredby long hair, canbeprede�nedandreused
acrossindividuals.

5.3. Hair Layer

If hair covers part of the facein the target image,we de-
�ne a hair layer thatwill bedrawn in front of the face.The
hair layer of a particular target imagecan be usedfor all
facesrenderedinto this image.The hair layer is identical
to the original target image,but hasalphavaluesfor trans-
parency assignedto eachpixel. Automatedclassi�cationof
pixelsinto skin andhair is a dif�cult task.We currentlyper-
form this classi�cation manuallyby de�ning alphavalues
for opacity.

For dark hair, a semi-automatictechniquede�nes the
opacity:We automaticallymake dark pixels opaque(hair),
andbright regionstransparent(skin). This simplemapping
from luminanceto alphavaluesgivesa preciseresultalong
strandsof hair. Thealphavaluesrequiresomemanualpost-
processing:Ourcriterionis notvalid ontheentireface,since
the hair layer shouldbe transparentat the eyebrows, and
opaqueat specularre�ections of hair. After our algorithm
haspre-segmentedtheboundary, thisiseasytocorrectby the
user. For blondhair, our segmentationoftendetectsstrands
of haironly partially, basedonthedarkpixelsonskinor hair
causedby self-shadowing. In this casethedetectedregions
serveasastartingpoint for manualsegmentation.
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Person1 Person2 Original Result

Figure4: Facescanberenderedinto anyimage, such asa painting(GrantWood:AmericanGothic).

Figure 5: The personsfrom Figure 4 are rendered into a
movieposter.

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
viewsof faces.After somegeometricalalignment,facesand
hairstylesarecompositedinto novel images.Dueto thecom-
plex three-dimensionalstructureof hairstyles,it would be
highly informativefor usersto seetheir facein side-viewsas
well. Moreover, frontal views of the customer's faceor the
new hairstylemay be unavailable, for exampleif the user
wishesto try a hairstyleshown in a magazine.Sincemost
photographsare non-frontal,currentsystemsare likely to
fail. Our methodprovidesa simple,but generalandrobust
solution(Figures1 and6).

For virtual try-on, therearea two possiblescenarios.In
bothcases,theuseror customerprovidesanimageof his or

her face,which canbe an arbitrarysnapshot,andafter la-
belinga setof features,obtainsa 3D reconstruction.For the
targetimageshowing thehairstyle,theretwo alternatives:

In onesetting,theuserprovidesaphotographof aspeci�c
hairstyle,for examplefrom a magazine.The manualpro-
cessinginvolveslabelingthefeaturepoints,andsegmenting
thehair for theforegroundlevel. Thefaceis thenautomati-
cally renderedinto thetargetimage.

The secondscenariorequiresno manualinteractiondur-
ing try-on aftertheuser's facehasbeenreconstructed.It in-
volvesa setof preprocessedhairstylesthat arestoredin a
database.Themanualprocessingof thehair layer for com-
positinghasto be performedonly once.Subsequently, any
facecanbe renderedandcompositedwith this hairstylein
a fully automatedway. During try-on, the usercanselecta
hairstyleandget the syntheticimagein a fractionof a sec-
ond.Userscaninspecthairstylesfrom differentviewpoints
if theoriginal hairstylesin thedatabasewerephotographed
from several directions.Unlike syntheticallyrenderedhair,
thehairstyleis left unchangedin the image,andwill there-
forealwayslook photo-realistic.

7. Front Viewsfr om Non-Frontal Imagesfor Face
Recognition

The methoddescribedin this paperprovides a powerful
componentfor automatedfacerecognition:An earlierver-
sion of our programhasbeenpart of the FaceRecognition
VendorTest2002[PGM� 03],whichinvestigatedacombina-
tion of 3D-basedpreprocessingand10 leadingcommercial
facerecognitionsystems.Sinceall thesesystemsuseimage-
basedmethodsfor comparingimages,andthey aredesigned
mainly for frontal views of faces,their performancedrops
signi�cantly when non-frontal imagesare involved in the
testing[PGM� 03]. Thesystemsweregivena setof gallery
imagesshowing 87 personsin a frontal pose,andthey were
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SourceImage(customer) TargetImages(hairstyles)

Figure6: In a virtual try-onfor hairstyles,thecustomer(top,left) providesa photograph,andselectstarget imagesof hairstyles
(top,right). Then,thesystemcreatessyntheticimagesof thecustomers facepastedinto thesehairstyles.

testedwith probe imagesof the samepersonswith their
headsrotatedup,down, left or right by about30� to 45� .

Our algorithmpre-processedthe non-frontalimagesand
generatedfrontalviewsof eachprobe.All frontalviewswere
renderedinto a standardimageshowing a personwith short
hair. Thepurposeof thestandardimageis to producecom-
pleteportraitswith hair, shouldersandanaturalbackground,
similar to thosethatthesystemsweredesignedfor.

In a veri�cation taskwherethesystemshave to decideif

an imagesshows a speci�c personfrom the gallery or not,
the bestveri�cation rateobserved wasapproximately55%
without and85% with our system[PGM� 03]. 9 out of 10
systemsshowedanincreaseof performancein this orderof
magnitudewith thefront viewsgeneratedby ouralgorithm.

The resultsof the Face RecognitionVendor Test 2002
show thatouralgorithmcancontributeto computervisionby
producingsyntheticimagestransformedinto standardimag-
ing conditions.Thesesyntheticimagesreducethevariation
in theinputdatafor image-basedrecognitionsystems.
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8. Conclusion

We have introducedanabstractrepresentationof imagesin
termsof facial identity andsceneparametersspeci�c to the
image.This is achieved by explicitly separating3D shape,
texture,scenegeometryandillumination parametersin im-
ageanalysis.Thefactthatwe canexchangefacesin images
validatesour implementationof thisabstractrepresentation.

Exchangingfacesacrosschangesin viewpointandillumi-
nationis a novel way of processingimageson a high level,
andhasnot beenpossiblewith image-basedmethods.With
existing3D technology, thetaskrequiredtheskill of anartist
andmany hoursof manualwork.Ourmethodrequiresonly a
few simplemanualprocessingsteps,andperformsthenon-
trivial 3D registrationautomatically. Compensatingfor all
relevant imaging parameters,it is applicableto any given
pair of photographs,which makes the programinteresting
for awide rangeof applications.

Our contribution to the Face RecognitionVendor Test
2002 demonstratesthat methodsfrom ComputerGraphics
canbeusefulcomponentsin ComputerVision.Transferring
technologyfrom ComputerGraphicsto Vision has rarely
beenan issueso far, while the oppositedirectionof trans-
fer hasbecomemoreandmorepopularandfruitful in recent
years.Basedon analysis-by-synthesis,our approachis well
suitedto serve asa connectionbetweenboth �elds. More-
over, by mappingfrom 2D imagesto a3D representationand
back,our algorithm combinesthe bene�ts of image-based
methods,suchasphoto-realism,with the versatility of 3D
graphics.

In futurework,weplanto includeanalgorithmfor detect-
ing facialfeatures,anddevelopmethodsfor thechallenging
task of hair segmentation.With thesetwo extensions,our
systemwouldbefully automated.Finally, weareplanningto
exchangefacesin videosequences,which involvestracking
headmotions.Combinedwith theseparatemanipulationof
speechandheadmotion[BBPV03], our methodthenforms
acompleteeditingtool for videopost-processing.
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