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Abstract
Thispaperpresentsa methodfor photo-realisticanimationthatcanbeappliedto anyfaceshownin a singleimage
or a video.Thetechniquedoesnot require exampledataof theperson's mouthmovements,and the image to be
animatedis not restrictedin poseor illumination.Videoreanimationallowsfor headrotationsandspeech in the
original sequence, but neitherof thesemotionsis required.
In order to animatenovel faces,thesystemtransfers mouthmovementsandexpressionsacrossindividuals,based
ona commonrepresentationof differentfacesandfacial expressionsin a vectorspaceof 3D shapesandtextures.
Thisspaceis computedfrom3D scansof neutral faces,andscansof facial expressions.
The3D model's versatility with respectto poseand illumination is conveyedto photo-realistic image andvideo
processingbya frameworkof analysisandsynthesisalgorithms:Thesystemautomaticallyestimates3D shapeand
all relevantrenderingparameters,such aspose, fromsingleimages.In video,headposeandmouthmovementsare
trackedautomatically. Reanimatedwith new mouthmovements,the3D faceis renderedinto theoriginal images.

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

1. Intr oduction

In termsof photo-realism,the mostadvancedexamplesof
talking facesso far have beenproducedwith image-based
methods7; 12; 16; 11. Re-arrangingframesin videosequences,
VideoRewrite 7 reanimatesexisting footageto make a per-
son utter new text. To reducethe number of frames to
be stored,other methodsmorph betweenkeyframes12 of
visemes,which arethevisualanalogueof phonemes.A so-
phisticatedstatisticalanalysisof video footagehasyielded
other fundamentalmouth shapesthat can be encodedas
a vector spaceof warp-�elds and textures 11. With itera-
tively optimizedtrajectories,this hasproducedhighly real-
istic speech.

The realismof 2D methods,however, comesat a price:
For the personto be animated,imagesof all basicmouth
shapeshave to beavailable,sincetheirappearanceis not in-
ferredfrom otherindividuals.Theoutputis restrictedin pose
andotherimagingconditionsto whatis foundin theoriginal
video: Only small rotationscanbe coveredso far 7; 16, as-
sumingthemouthregion to be �at. Thegradualocclusions
of theteethby thelips poseadditionaldif�culties to 2D mor-
phing.

In 3D animation,rotationsandocclusionsarestraightfor-
ward to achieve. One classof methodsinvolves manually
designeddeformationpatternsof a 3D mesh25; 26; 29; 2; Free
Form Deformationshave beenusedto animatea person's
face,givenafront andasideview 15, or multiplestereo-pairs
or video frames13. An alternative approachis to simulate
thephysicsof surfacedeformationscausedby muscleforces
33; 31; 23; 20. Givena neutral3D rangescan31; 23; 20 or CT-scan
22, the physical model can predict that person's facial ex-
pressions,and animatethe face.In all thesetechniques,it
maybedif�cult to de�ne deformationpatterns,musclesand
tissueparametersthatproducepreciselythewrinkles found
onfaces.In contrast,example-basedmethodstry to learnde-
formationsfrom realfaces.

A numberof example-based3D methodsanalyzevideo
datafrom multiple viewpointsto estimate3D shapeof fun-
damentalexpressions18; 27; 28; 30 or to learn the dynamics
of speech10; 6. Other methodshave usedeither static 3D
scansof closed-mouthexpressions32; 5, or time-sequences
of structured-lightscans21. Unlike performance-drivenani-
mation,all thesetechniquesproducenovel sequences,rather
than reproducingmotion in 3D. Some systemscan also
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Figure1: In thevectorspaceof faces,facial expressionsare
transferred by computingthe differencebetweentwo scans
of the sameperson(top row), and addingthis to a neutral
3D face. To modifyLeonardo's MonaLisa (secondrow),we
reconstructher3D face(third row),addtheexpression,and
renderthenew surfaceinto thepainting(secondrow, right).

transfermotion to a novel, neutralface18; 10; 32; 5; 6; 30, while
otherstransferhigh-level parameters,but not theappearance
of expressions27; 28. Speechandexpressioncanbe applied
to singleimages32; 5; 6; 30 or video28.

The main contribution of this paperis a framework that
combinesthe strengthsof previous animationtechniques:
the photo-realisticquality of 2D animation,the versatility
of a 3D model, the capacityto generatefacial expressions
of individuals from their neutral faces,and the automated
learningtechniqueof example-basedmethods.

Whatmakesour framework standout from existing tech-
nologiesarethe low requirementswith respectto the input
dataof thepersonto beanimated:This maybea singleim-
ageor a videosequence,takenat a wide rangeof illumina-
tionconditions,poses,andmouthshapes.Unlikeothermeth-
ods,we compensatefor rotationandspeechin video,yet do
notneedthemto animateagivenface.This �e xibility is cru-
cial for awiderangeof applications,suchasmovie dubbing.

Our methodis basedon a commonvector spaceof 3D
shapesand textures computedfrom a datasetof 35 laser
scansof facial expressions,and neutral facesof 200 per-
sons.In this vectorspace,expressionscanbechangedcon-
tinuouslyalongany trajectoryin facespace,andtransferred
acrossindividuals.An estimateof 3D shapefrom a single
imageor a video frame is obtainedby a �tting algorithm
that minimizesthe imagedifferencebetweenthe synthetic
image,andthe input image.The algorithmis moregeneral
andmorerobust thanprevioussystems5, andit canalsobe
appliedto non-neutralfaces.In that case,we canestimate
theneutralshapeof theface.For reanimation,weapplynew
facialexpressionsto the3D face,andrenderit backinto the
original imageor video.

Thenew vectorspacerepresentationof open-mouthscans
is anextensionof previouswork on closed-mouthfacesand
facialexpressions32; 5. For openmouths,constructingavec-
tor spaceis signi�cantly moredif�cult, andhascalled for
additionaltechniques.Recently, othermethodshave formed
vector spacesof facial expressionsfrom snapshotsof dy-
namicsequences30; 21; 28. While someof them30; 21 arebased
on 3D coordinatesof sparsefeaturepoints(64 and124,re-
spectively),ourfacevectorsfrom staticscansincludeall ver-
ticesof a high–resolutionmeshthat captureswrinkles and
othersubtle,yethighly expressivedetails.

To reanimatefacesin video, we are trackingheadrota-
tion in the presenceof speechand facial expressions.Un-
like methodsbasedon facial features18; 31; 15 or constrained
optic �o w 8, we minimize imagedifferencein an iterative
analysis-by-synthesisloop 5; 30; 14; 28.

In thefollowing section,weintroducethevectorrepresen-
tationfor faceswith openmouths,andamethodto construct
this vectorspace.In Section3, we describehow the model
canbeappliedto animatefacesin singleimages,andshow a
setof results.Section4 presentsadditionalmethodsrequired
for videoreanimation.

2. A Mor phableModel of Mouth Con�gurations

The MorphableModel of 3D faces5 is a vector spaceof
3D shapesandcolors(re�ectances).Thevectorsarede�ned
suchthatany linearcombinationof examples

S=
m

å
i= 1

aiSi ; T =
m

å
i= 1

biT i : (1)

is a realisticface,given thatS, T arewithin a few standard
deviationsfrom their averages.In this paper, eachvectorSi
is the 3D shapeof a humanface,storedin termsof x;y;z-
coordinatesof all verticesk 2 f 1; : : : ;ng of ahigh-resolution
3D mesh:

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

In thesameway, weform texturevectorsfrom ther;g;b sur-
facecolorsof all vertices:

T i = (R1;G1;B1;R2; : : : ;Rn;Gn;Bn)T : (3)
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Figure 2: Examplesfrom the datasetof 35 static 3D laser
scansforming the vectorspaceof mouthshapesand facial
expressions.17 scansshowdifferent visemes,others show
themouthopeninggradually.

Facespaceprovidesa representationnot only for different
persons'faces5, but alsofor changeswithin oneface,asthe
personspeaksor acts.In this paper, we constructa vector
spaceof facial movementsandfacial expressionsrecorded
from oneperson,andcombineit with thevectordimensions
of personality.

For animation,smoothmotionsaregeneratedby any con-
tinuoustrajectoryin ai ;bi 2 IR. Thisproperty, however, does
not preventstructures,suchaseyebrows, from disappearing
andreappearingsomewhereelseon thesurfaceduringtran-
sitions.To avoid suchartefacts,vectorcomponentsxk;yk;zk
have to representthe samestructure,suchasthe cornerof
an eyebrow, in all vectorsSi . We describean algorithmto
establishthispoint–to–pointcorrespondencein Section2.3.

In our representation,any snapshotof a person's facecan
bemappedto avectorS, T. Eventhoughfacesarecontrolled
by a relatively small numberof parameters,we cannotex-
pectthefull rangeof expressionsto lie within thespanof a
few extremeshapevectorsonly, dueto thenon-linearphysi-
calpropertiesthatareinvolvedin facialexpressions,causing
effectssuchaswrinklesTherefore,we increasethenumber
of dimensionsby including intermediateexpressionsasad-
ditionalbasisvectors.

2.1. Databaseof Expressionsand Mouth Shapes

In orderto capturethedegreesof freedomof mouthmove-
mentsfor speechsynthesis,we recordeda set of 35 static
laserscans(Figures2,3) of oneperson.Thedatasetcontains
thevisemesthatwill beusedasmorph-targetsin animation,
and additionalscansthat vary systematicallyin the verti-
cal openingof the mouth,andthe width of the mouth.We
recordedtwo additionalscans(Figure3) that displaymost
of the upperandlower jaw teeth.Even thoughmarkersare
dispensablefor our algorithm,we paintedwhite andblack
spotson the skin to measuretangentmotion alongthe sur-

Figure 3: The referenceshape, consistingof the face and
lips (left, top), theinner part of themouth(left, center),and
the teeth(bottom).Upper and lower jaw teethwere taken
fromtwodifferentscans(right).

face(cheeks),andachievemoreprecise3D alignment(fore-
head).Redlipstick increasedthecontrastat theedgeof the
lips, andabathingcapcoveredthehair.

The3Dscanswererecordedwith aCyberwareTM 3030PS
laserscanner. In 512 stepsin height h and azimuthf , the
scannerrecordsradiusr(h; f ) andcolouredtexture R(h; f ),
G(h; f ), B(h; f ).

2.2. ReferenceSurface

Themorphablemodelis basedon a referencesurfacemesh.
Fromthissurface,point-to-pointcorrespondenceto all other
scansis established.For theselectionof thereferenceshape,
two issueshave to beconsidered:(1) To beableto establish
correspondence,thereferencesurfacehasto beassimilar to
theotherscansaspossible.(2) Only thesurfaceregionsthat
arepartof thereferencefacecanberepresentedin novel lin-
earcombinations.The referencemeshhasto containwhat-
ever portion of the teethis visible in speechandfacial ex-
pressions.

To ful�ll the �rst requirement,we selectedan intermedi-
atemouthcon�guration (Figure2) asa reference.Much of
theteethis occludedin this shape,sowe addedteethto the
referencedmeshin a laterprocessingstep(Section2.4).The
combinedreferencemesh(Figure3) has90831verticesat a
spacingof about0.6mm.

2.3. Corr espondencebetween3D Scans

Thecrucialstepin formingamorphablemodelfrom asetof
surfacescansis to identify correspondingpointson theex-
amplescansfor all verticesof thereferencemesh.To estab-
lish densepoint-to-pointcorrespondenceon the entiresur-
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Figure 4: Top: Texture of the referencescan.Bottom:Tex-
turesof mouthcon�gurations; Occlusionsof teeth,tongue
and pharynx make it dif�cult to identify corresponding
points.

faceof the face,we computethe bestmatchfor all struc-
tures,ratherthanusinga sparsesetof features,or markers.
Ouralgorithmusesbothshapeandtexture.Wedonotmatch
the teeth,sincethey are connectedto the skull and to the
lower jaw, sotheirmotioncanbesimulateddirectly(Section
2.4).Still, thefactthatteeth,tongueandpharynxarevisible
in somescansandoccludedin others(Figure4) makesthe
computationof correspondenceamorechallengingtask.

Unlike the fully automatedprocedurefor neutralfaces5,
we have partitionedthe scansinto 3 batches,dependingon
how similar they areto the reference.We thenperformthe
following bootstrappingmethodwith minormanualinterac-
tion:

The 11 scansof the �rst batcharereliably processedby
an automatedalgorithmbasedon optical �o w 1: Whenap-
pliedtogrey-level imagesI(x;y), I0(x0;y0), optical�o w algo-
rithmscomputecorrespondences(x;y) 7! (x0;y0). We usea
generalization5 of this to matchlaser-scansr(h; f ), R(h; f ),
G(h; f ), B(h; f ) (Section2.1) with the referencescan;The
algorithm�nds a mapping(h; f ) 7! (h0; f 0) that minimizes
thesumof squaredifferencesof radii andcolors

(r(h; f ) � r0(h0; f 0))2 + (R(h; f ) � R0(h0; f 0))2 +

(G(h; f ) � G0(h0; f 0))2 + (B(h; f ) � B0(h0; f 0))2 (4)

in eachpoint (h; f ). Basedon this mapping,the scansare
convertedinto shapevectorsSi (Equation2).

Principal ComponentAnalysis (PCA9) provides an or-
thogonalbasisui adaptedto the statisticsof the examples
Si , with basisvectorsorderedaccordingto the variancein

thedatasetaroundthearithmeticmeanu. For thenext step,
it is importantthat linearcombinationsS= u + å gi � ui can
produceshapesbeyond the convex hull of examples,with
mouthsmoreopenor closedthanthosein batch1.

For eachscanin batch2, we approximatelyreproduce
mouthshapeby adjustingthecoef�cients gi in aninteractive
tool.Correspondencefrom theseclosestlinearcombinations
to theoriginal scansof batch2 is thencomputedautomati-
cally by theoptic-�ow-basedalgorithm,andbatch2 is added
to thevectorspace.Anotheriterationof this procedureadds
batch3 to the space.In the last bootstrappingiteration,we
includeteethto thevectorspacerepresentation,asdescribed
in thefollowing section,to make thecomputationof optical
�o w easier(seeFigure4).

2.4. Teeth

In thescansshown in Figure2, partof theteethis occluded
by thelips. We thereforerecordedtwo scanswheremostof
the teetharevisible (Figure3), andmanuallyextractedthe
polygonsof theteeth,usinganinteractive tool. Thesepoly-
gonswerethenaddedto thereferencesurface(Figure3).

The motion of teethis easyto simulate:The upperjaw
teethare connectedto the upperpart of the head,and the
lower jaw teethareconnectedto thetip of thechin. We ex-
ploit thesefactsin thefollowing way: We align all headsin
spaceusingthe methodof 3D-3D AbsoluteOrientation17,
basedon setsof correspondingpointson the upperpart of
theface,whichwerelocatedin Section2.3.Keepingtheup-
per jaw teethalwaysat thepositionthey have in thescanin
Figure3 (top, right) will thenproducecorrectresultsfor all
linearcombinationsof theexamplescans.

Thelower teeth'smotiondueto smallrotationsof thejaw
canbeapproximatedby a linear3D translation:In theorig-
inal scan(Figure3, bottom,right), we measuretheposition
of the teethrelative to a point on the tip of thechin. We lo-
catethis point in all otherscansusingcorrespondence,and
shift theteethto keeptheir relativepositionunchanged.

Finally, we addsomepolygonsfor the inner part of the
mouth extending from the lips back to the pharynx,and
intersectingsomepolygonsof the teeth.In eachscan,the
frontaledgesof thissurfaceareconnectedto thelips.

2.5. Combination of Personality and Expression

Recordedfrom a singleperson,the expressionsandmouth
movementscan be transferredto anotherperson's neutral
faceby simplevectorspaceoperations(Figure1). This pro-
cedureassumesthat the3D displacementsof surfacepoints
arethesamefor all individuals:We ignoretheslight varia-
tionsacrossindividualsthatdependon thesizeandshapeof
faces,characteristicpatternsof muscleactivation, andme-
chanicalpropertiesof skinandtissue.Therefore,ourpredic-
tionsonly approximatethetrueexpressionsof novel faces.

c
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To beableto transferfacialexpressions,we combinethe
expressionvectorswith the facevectorsof 200 individual
neutralfaces5. Theneutralfacevectorshaveto beconverted,
since they were basedon a different, closed-mouthrefer-
encesurface.Using the correspondencealgorithm(Section
2.3),wematchthisreferencescanof personalityspaceto the
closedmouthvectorin expressionspace(Figure2), to �nd
a point-to-pointmappingbetweenthe two representations.
With this mapping,we canautomaticallyresampleall indi-
viduals' shapeandtexturedatato obtainS andT in thenew
format.

Information aboutshapesand positionsof the 200 per-
sons'teethis unavailable,sowe insertthesamesetof teeth
(Section2.4)behindeveryone'sclosedlips.They arelocated
at a �x ed position relative to the centerof massof three
points(thecornersof themouthandthecenterof thelipline)
whicharelocatedautomatically, basedoncorrespondence.

Within the commonvector space,Principal Component
Analysiscould be computedon the combinedsetof p per-
sonsSP

i andmexpressionsSE
i simultaneously. However, the

relativeweightof variancescausedbypersonalityandmouth
movements,respectively, would dependon the numbersp
andm, andthiswouldaffect theresultof PCAconsiderably.
We thereforekeepbothsetsseparate,which yieldsanaver-
ageshapesandp� 1 eigenvectorssi for personality, andan
averageshapeu andm� 1 eigenvectorsui for expressions.
Weusetextureeigenvectorst i from thepersonalitysetonly.

Weinvestigatedtherelationbetweenthesubspacesgener-
atedby thesetwo sets,by examiningtheir variabilitiesrela-
tive to theaverages.GiventhesetsE = f SE

i � uji = 1: : :mg
andP = f SP

i � sji = 1: : : pg, we computedthe angle4 be-
tweenthesubspacesgeneratedby E andP. Theresultingan-
gle of 74� (andof 45� for a controlsetof identity vectors),
shows thatthetwo subspacesarenot orthogonal.This char-
acteristicis alsore�ectedby theratio betweenthevariances
(computedasthe sumof the eigenvaluesof the covariance
matrix)of R andE, with

R = f (SE
i � u) �

p� 1

å
j= 1

(SE
i � u) � sj

ksjk2 sj ji = 1: : :mg

beingthesetsof residualsof theprojectionof the(SE
i � u)

onP . For theexpressionsettheratio is 0.46,comparedwith
0.15for thecontrolset.

3. Animating Facesin Still Images

In many applications,it is not suf�cient to be able to ani-
matea given3D mesh:First,we maynot have a 3D scanof
theface,but only oneor several2D images.Second,photo-
realistic animationoften involves re-insertingthe moving
faceinto theoriginal scene.By �tting theMorphableModel
of 3D facesto the images,we addressboth aspectsof this
problem:Fromasingleimageof aperson,weestimateatex-

Features Start Featuresonly Illumination

Result Shape Textured Textured

Figure 5: Recovering a 3D face from E. Hopper's self-
portrait: Initializedwith manuallylabeledfeatures(top,left)
andstartingfroma front view of theaverage face, thealgo-
rithm automaticallyoptimizesshapeandtexture of themor-
phablemodel,and estimatespose, illumination, and other
parameters. Thesecondrow showsthe resultwithout (left)
andwith (right) textureextraction.

tured3D surface,alongwith all relevantparametersrequired
to renderthemodi�ed facebackinto theoriginal image.

3.1. 3D Reconstructionof Non-Neutral Faces

Basedon the combinedvector spacesof personalityand
mouth movements,we estimate3D shapefrom imagesof
non-neutralfaces,extendinganalgorithmfor neutralfaces5.
In ananalysis-by-synthesisloop,thealgorithmcomputesthe
optimal linear combinationof principal componentsfor in-
dividual shapesi , texturet i , andexpressionui :

S= s+
p� 1

å
i= 1

a i � si +
m� 1

å
i= 1

gi � ui ; T = t +
p� 1

å
i= 1

bi � t i (5)

The estimateis basedon an iterative minimization of the
differenceEI betweenthesyntheticimage(Ir ; Ig; Ib)model of
the3D face,andtheinput image(Ir ; Ig; Ib) input :

EI = å
x

å
y

å
c2f r;g;bg

(Ic;input (x;y) � Ic;model(x;y))2: (6)

If multiple imagesareavailable,EI is thesumof all image
differences.Minimization is achievedby stochasticgradient
descent,evaluatingonly a randomsubsetof pixels at each
iteration.

Along with a i , bi , gi , thesystemautomaticallyoptimizes
all relevant imagingparameters:Threeanglesfor pose,3D
position,focal lengthof thecamera,red,green,andbluein-
tensitiesof ambientandparallel light for one light source,
the directionof parallel light, color contrast,andgainsand
offsetsof the threecolor channels,which accountfor the
toneandcontrast.Unlike previousalgorithms5 thatdid not
optimize focal length and illumination direction, and in-
volvedmanualpre-alignmentof theaveragefacefor initial-
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Figure 6: Reconstructedfrom the original images (left column),3D shapecan be modi�ed automaticallyto form different
mouthcon�gurations.Thepaintingsare Vermeer's “Girl with a Pearl Earring”, Tischbein's Goethe, Raphael's St.Catherine,
andEdward Hopper's self-portrait. Thebottomleft image is a digital photograph.Thewrinklesare not causedby texture, but
entirelydueto illuminatedsurfacedeformations.In thebottom-rightimage, they areemphasizedbymoredirectedillumination.
Teethare transferredfrom3D scans(Figure 3). Notetheopenmouthin Vermeer's painting, closedby our algorithm(top row,
secondimage).

c
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Original Optimallinearcombination

Syntheticneutral Syntheticneutral

Figure 7: Top row: 3D reconstructionfroman open-mouth
image. Amongthe 11 feature pointsprovidedfor initializa-
tion, only onewas in the mouthregion (on the upper lip).
Therefore, thealgorithmmusthavereliedon genericimage
informationto estimatemouthshape. Theteethare not in-
volvedin matchingcurrently. Bottomrow: Settingthemouth
shapecoef�cients gi = 0 generatesa neutralized face (the
trueneutral faceis shownin Figure6.)

ization,thenew systemalwaysstartswith a frontal view at
standardsize,position,andillumination.

For initialization, the userselectsbetween7 and20 fea-
turepointsin theimage,suchasthecornersof theeyes,and
clicksonthecorrespondingverticesof the3D mesh.Feature
pointsmayalsobeselectedalongoccludingcontours,such
asthecheek(Figure5). For these,thealgorithm�nds tem-
porarycorrespondencesthat changeduring optimizationas
the facerotatesanddeforms:It assignsthepoint in the im-
ageto theclosestvertex amongthosewith a surfacenormal
thatis orthogonalto theline of sight.

The image coordinates(qx; j ;qy; j ) of feature points j
contribute to the cost function in the following way: Let
(px;k j ; py;k j ) betheimagepositionsof thecorrespondingver-
ticesk j predictedby themodelat thecurrentiteration,and

EF = å
j

(qx; j � px;k j )
2 + (qy; j � py;k j )

2: (7)

Thesystemoptimizesa weightedsumof EF , EI , anda reg-
ularizationterm

EP = å
i

a2
i

s2
S;i

+ å
i

b2
i

s2
T;i

+ å
i

g2
i

s2
M;i

+ å
i

(r i � r i)
2

s2
R;i

: (8)

thatpenalizessolutionswith low prior probability, basedon
the standardderivationss of individual shape,texture,and
mouthshapeestimatedby PCA.r i denotestherenderingpa-
rameters,r i their startingvalues,andsR;i aread-hocesti-
matesof theirstandarddeviations.Theweightof EI is setto
zeroin the�rst iterations,andincreasedsubsequently, while
theweightof EF is decreasedandvanishesat theend.Fig-
ure5 shows intermediatestatesof the�tting procedure.Fit-
ting 99 principal componentsfor individual shapeandtex-
tureand10 componentsfor expressionstakes5 minuteson
a2GHzPentium4 processor.

After optimization,the linear combination(5) provides
estimatedalbedoesfor theentiresurface.To capturedetails
suchasscarsor the strokesof the painter's brush,we per-
form an illumination-correctedtexture extraction 5 on all
texture elementsvisible in the image: Inverting the effect
of theestimatedillumination, thealbedoesof eachpoint on
the 3D surfaceare computedfrom the pixel valuesin the
image.Weightedby the anglebetweenthe surfacenormal
andtheviewing direction,thesevaluesreplacetheprevious
estimate.If several imagesare available,contributions are
automaticallypastedinto onetexture.

Figure6 shows novel mouthshapesandexpressionsgen-
eratedautomaticallyfrom imagesand a few featurepoint
coordinates.If the face is not neutral in the input image
(�rst row), our algorithmautomaticallyestimatesits neutral
shape.

3.2. Neutralization of Faces

The mouth in the reconstructedfacecan be closed,and a
neutral expressioncan be enforced,by setting the coef�-
cientsgi = 0 in Equation5 after the �tting process(Figure
7). The3D faceis thena linearcombinationof neutralfaces
only. In general,removing facialexpressionsin animageis
moredif�cult thanaddingnew expressions,asit is necessary
to beableto reproducethewrinklesandtheir shadingvery
precisely. Residualdifferencesbetweentheoriginal andthe
synthesizedimagewill befalselyattributedto texturein the
texture extractionalgorithm.Therefore,our algorithmdoes
notyet removestrongor unusualwrinklescompletely.

3.3. Background Continuation in Still Images

Nearthecontourof aface,regionsof thebackgroundthatare
occludedin theoriginal imagemayberevealedasthemouth
moves.We thereforereplacepartof the facein theoriginal
image,continuingacrossthefacialcontourall structuresad-
jacentto the face.The animated3D faceis then rendered
in front of that modi�ed background.The optimal strategy

c
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Figure 8: Basedon a segmentationinto faceand non-face
regions (left) provided by the �tting algorithm, the back-
ground texture is re�ected beyond the contour (center) to
avoidartefactsin animation(seeSection3.3).

for backgroundcontinuationdependson the background's
structure.In our examples,it is importantto retaintheover-
all structureof texture of the background,which may for
examplebea strandof hair (Figure8). We thereforecannot
useImageInpaintingalgorithms3. Puretexturecompletion,
on theotherhand,would requireauniform texture.

For backgroundcontinuation,our systemcan rely on a
segmentationinto faceareaandbackground(Figure8, left)
from �tting themorphablemodel.For astripealongthecon-
tour justoutsideof thefaceregion,ouralgorithmre�ects all
pixel valuesto the inside,usinga smoothwarp �eld. This
methodretainstexture, while keepingdiscontinuitieslow.
The width of the stripe is calculatedfrom the camerapa-
rametersandcorrespondsto 15mmin the3D scene.

To computethewarp�eld, weuseaniterativepropagation
algorithmto calculatethedistanced(x;y) from theboundary
for all pixels(x;y) within a stripealongthecontour(Fig. 8,
right). Then,thenormalizedgradientof thedistancemap

bg =
g

kgk
; g = (

¶d
¶x

;
¶d
¶y

)T (9)

de�nesawarp�eld thatre�ects pointsacrosstheedge:

(Dx(x;y);Dy(x;y)) = � 2d(x;y) � (gx(x;y);gy(x;y)) :

4. Animating Moving Facesin Video

One of the main bene�ts of the 3D model as opposedto
example-basedmethodsin 2D is theversatilitywith respect
tochangesin headposeandillumination.Thesechangesnat-
urally occurin videosequences.In this section,we address
the problemof makinga personin a given video sequence
sayanovel text, regardlessof whatheor shesaidin theorig-
inal footage,andretainingtheoriginalheadmovements.

Reanimatingvideoinvolvesthefollowing steps:
1. Recovera textured3D modelfrom original videoframes

(Section3.) If thevideocontainsno large in-depthrota-
tions,it is suf�cient to build thefacefrom the�rst frame
only. Otherwise,precisionof 3D shapecanbe increased
andtexturedetailsfrom all sidescanbe includedby �t-

ting themodelto two or threeframessimultaneously.
2. Track3D headmotion(Section4.1).
3. Generatea trajectory in the coef�cients of mouth con-

�gurations from audio or text, for example by simple
keyframeinterpolation.

4. Add the mouth con�guration vector to the neutral 3D
modelateachframe.

5. Renderthe modi�ed shapeon top of the original video
frame,usingtheposeandilluminationparametersrecov-
eredby thetrackingalgorithm.

In the reanimatedvideo,part of the backgroundmay be
revealedthatwasoccludedin theoriginal sequence.We can
identify thosepixelsby comparingthez-buffer valuesfrom
the reanimated3D facewith thosefrom the tracked face.
Unlike still images,therequiredbackgroundregion maybe
visible in previous or subsequentvideo frames:If the de-
siredpixel is foundwithin 10 framesin eitherdirection,its
color value is copiedto the current frame.Otherwise,the
algorithmusesthemethoddescribedin Section3.3.

Figure9 shows 4 framesfrom a video recordedat 30fps
with a web-cam(640x480pixels).Thevideoincludeslarge
rotations,a non-uniformbackground,and speech.For 3D
shapeestimation,we usedframe0, 44,and66 (out of 150),
showing thefront, theleft andtheright sideof theface.We
labeled11, 15, and17 featurepoints, respectively. No 3D
scanof thepersonwasinvolvedin any processingstep.

4.1. Tracking

The rigid motion andmouthmovementsin the input video
canbe trackedwith a methodsimilar to the3D reconstruc-
tion algorithmdescribedin Section3.1: The algorithm�ts
the morphablefacemodel to consecutive framesby mini-
mizingimagedifferenceEI (Equation6) andaregularization
term EP (8) 5; 30; 28. In each�tting process,the startingval-
ues,andtheminimumof EP, aresetto thepreviousframe's
result, respectively. Keepingthe person's individual shape
andtexture�x ed,we only optimizefor rigid transformation
and mouth movements(coef�cients gi of the 4 most rele-
vant principal components,Equation5). The featurepoint
methodthat was presentedin Section3.1 is not involved
in this process.Sinceall renderingparametersareestimated
from the�rst frame,nocalibrationis required.Reliability of
the algorithmhasbeenincreasedsigni�cantly by a coarse-
to-�ne strategy that startswith �tting a down-sampledver-
sionof theframe,andthenproceedsto full resolution.Com-
putationtime is 16sperframeona2GHzPentium4.

4.2. SpeechSynthesis

In a set of demovideos,we show visual speechsynthesis
from audiosignalsand text, reanimatingfacesin a digital
photograph,in paintings,and in a video (Figure 9). Pho-
neticalignmentof speechandtext hasbeenprovidedby the
CMU-SPHINXsystem19, producinga temporalsequenceof
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Frame38 Frame58 Frame89 Frame133

Figure 9: Fromeach original frameof a video(top row), an estimateof poseandmouthshapewascalculated(secondrow).
3D shapeandtexture were reconstructedfrom3 selectedframes.In thethird row, thefacewith new mouthshapesis rendered
into theoriginal image.

phonemesthatcanbemappedto thevisemesof our dataset.
Basedon this sequence,we performkeyframeinterpolation
with cosine-shapedaccelerationanddeceleration.Temporal
super-samplingby a factorof 4 is usedto producemotion-
blur.

5. Conclusions

We have presenteda uni�ed methodto learna modelof fa-
cial expressionsandindividualneutralfacesfrom 3D scans,
andwe describeda setof algorithmsthat apply this infor-
mationto animatea given facein an imageor a video.The
systemis suitedfor a wide rangeof applications,dueto the
low requirementsto theinputdata.

Our framework is openfor variousfuture developments:
Thevariationin theexpressionsof differentpersonscanbe
investigatedin a databaseof examples.To compensatedif-
ferencesin headshapeand size, we could include meth-
odssuchasExpressionCloning 24, wherethedirectionand
length of shapedeformationsare adaptedto the local ge-
ometryat eachvertex. It is straightforward to includeaddi-
tionalexpressionsrecordedfrom a trainedexpertin orderto
cover theentireexpressivenessof humanfaces.Our current
databaseis focusedonmouthmovements,whichseemto be
themostchallengingproblemin facialanimation.

As real-time3D scanningdevicesarebecomingmoreand
more available, 3D snapshotsand time-sequencescan re-
placethe staticscansforming our vectorspace.With these

data,we canuselearningtechniquesto studythedynamics
of speechandexpressions,andto includecoarticulationef-
fects 11. Sincewe modelspeechasa trajectoryin a vector
spaceof mouthshapes,moresophisticateddynamicpatterns
can be implementedeasily. Finally, we plan to investigate
thenon-linearstructureof themanifoldof faceswithin our
morphablefacemodelby higher-orderstatistics.
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