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Abstract

Thispaperpresent@a methodor photo-ealisticanimationthatcanbeappliedto anyfaceshownin a singleimage
or a video.Thetedhniquedoesnot require exampledata of the person's mouthmovementsand the image to be
animateds notrestrictedin poseor illumination. Videoreanimationallowsfor headrotationsand speet in the

original sequencebut neitherof thesemotionsis required.

In order to animatenovel faces the systentransfes mouthmovementand expressionscrossindividuals,based
ona commorrepresentatiorof differentfacesandfacial expressionsn a vectorspaceof 3D shapesandtextures.
Thisspaces computedrom 3D scansof neutral faces,andscansof facial expressions.

The 3D models versatility with respecto poseand illumination is corveyedto photo-ralisticimage and video
processindy a framavork of analysisandsynthesiglgorithms: Thesystemautomaticallyestimate8D shapeand
all relevantrenderingparametes, sud aspose fromsingleimages.In video,headposeandmouthmovementsire
tracked automatically Reanimatedvith nev mouthmovementsthe 3D faceis rendeedinto theoriginal images.

CatgyoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.7 [ComputerGraphics]:Animation

1. Intr oduction

In termsof photo-realismthe mostadwancedexamplesof
talking facesso far have beenproducedwith image-based
methods’: 12 16 11 Re-arrangindramesin video sequences,
Video Rewrite 7 reanimate®xisting footageto make a per
son utter new text. To reducethe numberof framesto
be stored,other methodsmorph betweenkeyframes12 of
visemeswhich arethe visual analogueof phonemesA so-
phisticatedstatisticalanalysisof video footagehasyielded
other fundamentalmouth shapesthat can be encodedas
a vector spaceof warp- elds and textures 11. With itera-
tively optimizedtrajectoriesthis hasproducedhighly real-
istic speech.

The realismof 2D methods however, comesat a price:
For the personto be animated,imagesof all basic mouth
shapedave to beavailable,sincetheir appearance notin-
ferredfrom otherindividuals.Theoutputis restrictedn pose
andotherimagingconditionsto whatis foundin theoriginal
video: Only small rotationscan be coveredso far 716, as-
sumingthe mouthregion to be at. The gradualocclusions
of theteethby thelips poseadditionaldif culties to 2D mor
phing.
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In 3D animation rotationsandocclusionsarestraightfor
ward to achieve. One classof methodsinvolves manually
designeddeformationpatternsof a 3D mesh2526282; Free
Form Deformationshave beenusedto animatea persons
face,givenafrontandasideview 1°, or multiple stereo-pairs
or video frames13. An alternatve approachis to simulate
the physicsof surfacedeformationgausedy muscleforces
33312320, Givena neutral3D rangescand® 2320 or CT-scan
22 the physical model can predict that persons facial ex-
pressionsand animatethe face.In all thesetechniquesit
maybedif cult to de ne deformationpatternsmusclesand
tissueparametershat producepreciselythe wrinkles found
onfacesln contrastexample-basechethoddry to learnde-
formationsfrom realfaces.

A numberof example-base®D methodsanalyzevideo
datafrom multiple viewpointsto estimate3D shapeof fun-
damentalexpressions!8 27:2830 or to learn the dynamics
of speechl®6, Other methodshave usedeither static 3D
scansof closed-mouthexpressions’2 5, or time-sequences
of structured-lighscans?l. Unlike performance-dvien ani-
mation,all thesetechniqueproducenovel sequencesather
than reproducingmotion in 3D. Some systemscan also
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Figure 1: In thevectorspaceof facesfacial expressionsare
transfered by computingthe differencebetweerntwo scans
of the sameperson (top row), and addingthis to a neutmal
3D face To modifyLeonado's MonalLisa (secondow), we
reconstrucher 3D face(third row), addthe expressionand
renderthe new surfaceinto the painting (secondow, right).

transfermotion to a novel, neutralface8103256:30 while
otherstransferhigh-level parameterdyut nottheappearance
of expressiong7 28, Speechand expressioncanbe applied
to singleimages®2 5 6:30 or video 28,

The main contritution of this paperis a framework that
combinesthe strengthsof previous animationtechniques:
the photo-realisticquality of 2D animation,the versatility
of a 3D model, the capacityto generatdacial expressions
of individuals from their neutralfaces,and the automated
learningtechniqueof example-basedethods.

Whatmakesour framevork standout from existing tech-
nologiesarethe low requirementsith respecto the input
dataof the personto be animated:This maybe a singleim-
ageor avideosequencetaken at a wide rangeof illumina-
tion conditions posesandmouthshapesUnlike othermeth-
ods,we compensatéor rotationandspeechn video,yetdo
notneedthemto animateagivenface.This e xibility is cru-
cial for awide rangeof applicationssuchasmovie dubbing.

Our methodis basedon a commonvector spaceof 3D
shapesand textures computedfrom a datasetof 35 laser
scansof facial expressionsand neutralfacesof 200 per
sons.In this vectorspace gxpressioncanbe changedcon-
tinuouslyalongary trajectoryin facespaceandtransferred
acrossindividuals. An estimateof 3D shapefrom a single
imageor a video frame is obtainedby a tting algorithm
that minimizesthe image differencebetweenthe synthetic
image,andthe inputimage.The algorithmis moregeneral
andmorerobustthanprevious systems, andit canalsobe
appliedto non-neutraffaces.In that case,we can estimate
theneutralshapeof theface.For reanimationywe applynewv
facialexpressiongo the 3D face,andrenderit backinto the
originalimageor video.

Thenew vectorspaceepresentationf open-mouttscans
is anextensionof previouswork on closed-mouthacesand
facialexpressions? 5. For openmouths.constructingavec-
tor spaceis signi cantly more dif cult, andhascalled for
additionaltechniquesRecently othermethodshave formed
vector spacesof facial expressionsfrom snapshotof dy-
namicsequence® 2% 28 While someof then?% 2! arebased
on 3D coordinate®f sparsdeaturepoints(64 and124, re-
spectvely), ourfacevectorsfrom staticscansncludeall ver
ticesof a high—resolutiormeshthat captureswrinkles and
othersubtle,yet highly expressie details.

To reanimatefacesin video, we are tracking headrota-
tion in the presenceof speechandfacial expressionsun-
like methodsbasedon facial feature$® 3% 15 or constrained
optic ow 8, we minimize imagedifferencein an iterative
analysis-by-syntheslsop 5 30 14 28,

In thefollowing sectionwe introducethevectorrepresen-
tationfor faceswith openmouths,anda methodto construct
this vectorspaceln Section3, we describehow the model
canbeappliedto animatefacesn singleimagesandshav a
setof results Sectiord presentadditionalmethodsequired
for videoreanimation.

2. A Mor phable Model of Mouth Con gurations

The MorphableModel of 3D faces® is a vector spaceof
3D shapesndcolors(re ectances)Thevectorsarede ned
suchthatary linearcombinationof examples

o J
S=aaS; T=ahbT: Q)
i=1 i=1

is arealisticface,giventhatS, T arewithin a few standard
deviationsfrom their averageslin this paper eachvectorS
is the 3D shapeof a humanface,storedin termsof x;y; z-

e oo\ T.
S = (X1,Y1:Z1; %0, Xm Yy Zn) 2
In thesameway, we form texturevectorsfrom ther; g; b sur
facecolorsof all vertices:

Ti = (Ri;G1;B1;Ro; 111 Ra; G Bn) ' 3)
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Figure 2: Examplesrom the datasetof 35 static 3D laser
scansforming the vector spaceof mouthshapesand facial
expressions17 scansshowdifferent visemesptheis show
themouthopeninggradually.

Facespaceprovides a representatiomot only for different

personsfaces’, but alsofor changewithin oneface,asthe

personspeaksor acts.In this paper we constructa vector

spaceof facial movementsand facial expressiongecorded
from onepersonandcombineit with thevectordimensions
of personality

For animation smoothmotionsaregeneratedby ary con-
tinuoustrajectoryin a;; b; 2 IR. This property however, does
not preventstructuressuchaseyebravs, from disappearing
andreappearingomavhereelseon the surfaceduringtran-
sitions.To avoid suchartefcts,vectorcomponentsy; Yk; Z
have to representhe samestructure,suchasthe cornerof
an eyebraw, in all vectorsS;. We describean algorithmto
establistthis point—-to—pointcorrespondenc@ Section2.3.

In our representatiorary snapshoof a persons facecan
bemappedo avectorS, T. Eventhoughfacesarecontrolled
by a relatively small numberof parameterswe cannotex-
pectthefull rangeof expressiongo lie within the spanof a
few extremeshapevectorsonly, dueto the non-linearphysi-
calpropertieghatareinvolvedin facialexpressionsgcausing
effectssuchaswrinkles Therefore we increasehe number
of dimensiondy includingintermediatexpressionsasad-
ditional basisvectors.

2.1. Databaseof Expressionsand Mouth Shapes

In orderto capturethe degreesof freedomof mouthmove-
mentsfor speechsynthesiswe recordeda setof 35 static
laserscangFigures2, 3) of onepersonThedatasetontains
thevisemeghatwill beusedasmorph-tagetsin animation,
and additional scansthat vary systematicallyin the verti-
cal openingof the mouth,andthe width of the mouth.We
recordediwo additionalscans(Figure 3) that display most
of the upperandlower jaw teeth.Eventhoughmarkersare
dispensabléor our algorithm, we paintedwhite andblack
spotson the skin to measurdangentmotion alongthe sur
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Figure 3: The refeenceshape consistingof the face and
lips (left, top), theinner part of the mouth(left, center),and
the teeth (bottom).Upper and lower jaw teethwere taken
fromtwo differentscang(right).

face(cheeks)andachieze moreprecise3D alignment(fore-
head).Redlipstick increasedhe contrastat the edgeof the
lips, andabathingcapcoveredthe hair.

The3D scansvererecordedvith aCybemware™ 3030PS
laserscannerin 512 stepsin heighth and azimuthf, the
scannerrecordsradiusr (h;f) andcolouredtexture R(h;f),
G(h;f), B(h;f).

2.2. ReferenceSurface

Themorphablemodelis basedn a referencesurfacemesh.
Fromthis surface point-to-pointcorrespondenc® all other
scanss establishedror theselectionof thereferenceshape,
two issueshave to be considered(1) To beableto establish
correspondencéhereferencesurfacehasto beassimilarto
theotherscansaspossible(2) Only the surfaceregionsthat
arepartof thereferencdacecanberepresenteth novel lin-
earcombinationsThe referencemeshhasto containwhat-
ever portion of the teethis visible in speechandfacial ex-
pressions.

Tofulll the rst requirementwe selectedanintermedi-
atemouthcon guration (Figure 2) asa referenceMuch of
theteethis occludedin this shapesowe addedteethto the
referencedneshin alaterprocessingtep(Section2.4). The
combinedreferencemesh(Figure3) has90831verticesata
spacingof about0.6 mm.

2.3. Correspondencéetween3D Scans

Thecrucialstepin forming amorphablenodelfrom a setof
surfacescanss to identify correspondingpointson the ex-
amplescandor all verticesof thereferencemesh.To estab-
lish densepoint-to-pointcorrespondencen the entire sur
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Figure 4: Top: Texture of the refeencescan.Bottom: Tex-
tures of mouthcon gurations; Occlusionsof teeth,tongue
and pharynx male it dif cult to identify corresponding
points.

faceof the face,we computethe bestmatchfor all struc-
tures,ratherthanusinga sparsesetof featuresor marlers.
Ouralgorithmuseshothshapeandtexture.We do notmatch
the teeth,sincethey are connectedo the skull andto the
lower jaw, sotheirmotioncanbesimulateddirectly (Section
2.4).still, thefactthatteeth tongueandpharynxarevisible
in somescansandoccludedin others(Figure4) makesthe
computatiorof correspondencamorechallengingtask.

Unlike the fully automatecprocedureor neutralfaces®,
we have partitionedthe scansinto 3 batchesdependingon
how similar they areto the referenceWe thenperformthe
following bootstrappingnethodwith minor manualinterac-
tion:

The 11 scansof the rst batcharereliably processedy
an automatedhlgorithmbasedon optical ow 1: Whenap-
pliedto grey-levelimaged (x;y), 14x% y%), optical o w algo-
rithms computecorrespondencds;y) 7! (xo;yo). We usea
generalizatioh of this to matchlaserscansr(h;f), R(h;f),
G(h;f), B(h;f) (Section2.1) with the referencescan;The
algorithm nds a mapping(h;f) 7! (h%f9 that minimizes
the sumof squardifferencef radii andcolors

(r(hif) %P2+ (Rif) RN 2+

G(hit) GA%ENZ+ BhT) BY%TY?  (4)
in eachpoint (h;f). Basedon this mapping,the scansare
corvertedinto shapevectorsS; (Equation?2).

Principal ComponentAnalysis (PCA®) provides an or-
thogonalbasisu; adaptedo the statisticsof the examples
S, with basisvectorsorderedaccordingto the variancein

the datasetaroundthe arithmeticmeanu. For the next step,
it is importantthatlinearcombinationsS= U+ 4 g u; can
produceshapesheyond the corvex hull of examples,with
mouthsmoreopenor closedthanthosein batchl.

For eachscanin batch 2, we approximatelyreproduce
mouthshapeby adjustingthecoefcients g in aninteractve
tool. Correspondendeom theseclosestinearcombinations
to the original scansof batch2 is thencomputedautomati-
cally by theoptic- ow-basedalgorithm,andbatch2 is added
to the vectorspace Anotheriterationof this procedureadds
batch3 to the spaceln the lastbootstrappingteration,we
includeteethto thevectorspaceaepresentatiorasdescribed
in thefollowing section to make the computatiorof optical

o w easier(seeFigure4).

2.4. Teeth

In the scansshown in Figure2, partof theteethis occluded
by thelips. We thereforerecordedwo scansvheremostof

the teetharevisible (Figure 3), and manuallyextractedthe
polygonsof theteeth,usinganinteractie tool. Thesepoly-

gonswerethenaddedo thereferencesurface(Figure3).

The motion of teethis easyto simulate: The upperjaw
teethare connectedo the upperpart of the head,andthe
lower jaw teethareconnectedo thetip of the chin. We ex-
ploit thesefactsin the following way: We align all headsin
spaceusingthe methodof 3D-3D AbsoluteOrientationl?,
basedon setsof correspondingpoints on the upperpart of
theface whichwerelocatedin Section2.3.Keepingtheup-
perjaw teethalwaysat the positionthey have in the scanin
Figure3 (top, right) will thenproducecorrectresultsfor all
linearcombinationf the examplescans.

Thelowerteeths motiondueto smallrotationsof thejaw
canbeapproximatedy alinear 3D translation:n the orig-
inal scan(Figure 3, bottom,right), we measurehe position
of the teethrelative to a point on thetip of the chin. We lo-
catethis pointin all otherscansusingcorrespondencend
shift theteethto keeptheir relative positionunchanged.

Finally, we add somepolygonsfor the inner part of the
mouth extending from the lips back to the pharynx, and
intersectingsomepolygonsof the teeth.In eachscan,the
frontal edgesof this surfaceareconnectedo thelips.

2.5. Combination of Personality and Expression

Recordedrom a single person the expressionsand mouth
movementscan be transferredto anotherpersons neutral
faceby simplevectorspaceoperationgFigurel). This pro-
cedureassumeshatthe 3D displacementsf surfacepoints
arethe samefor all individuals: We ignorethe slight varia-
tionsacrosdndividualsthatdependn the sizeandshapeof
faces,characteristigatternsof muscleactivation, and me-
chanicalpropertiesf skin andtissue Therefore pur predic-
tionsonly approximatehetrue expression®f novel faces.

¢ TheEurographic#ssociatiorandBlackwell Publisher2003.
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To be ableto transferfacial expressionsye combinethe
expressionvectorswith the facevectorsof 200 individual
neutralface8. Theneutralfacevectorshave to becorverted,
sincethey were basedon a different, closed-mouttrefer
encesurface.Using the correspondencalgorithm (Section
2.3),we matchthisreferencescanof personalityspaceo the
closedmouthvectorin expressionspace(Figure2), to nd

a point-to-pointmappingbetweenthe two representations.

With this mapping,we canautomaticallyresampleall indi-
viduals' shapeandtexture datato obtainS andT in thenew
format.

Information aboutshapesand positionsof the 200 per
sons'teethis unavailable,sowe insertthe samesetof teeth
(Section2.4) behindeveryones closedips. They arelocated
at a x ed position relative to the centerof massof three
points(thecornersof themouthandthe centerof thelipline)
which arelocatedautomaticallybasedon correspondence.

Within the commonvector space,Principal Component
Analysis could be computedon the combinedsetof p per
sonsSy andmexpressionst simultaneouslyHowever, the
relative weightof variancegausedy personalityandmouth
movements respectrely, would dependon the numbersp
andm, andthis would affecttheresultof PCA considerably
We thereforekeepboth setsseparatewhich yields an aver-
ageshapessandp 1 eigervectorss; for personalityandan
averageshapet andm 1 eigervectorsu; for expressions.
We usetexture eigervectorst; from the personalitysetonly.

Weinvesticatedtherelationbetweerthesubspacegener
atedby thesetwo sets by examiningtheir variabilitiesrela-
tiveto theaveragesGiventhesetsE = f S Tji= 1:::mg
andP = fS,P §i = 1:::pg, we computedthe angle be-
tweenthesubspacegeneratedby E andP . Theresultingan-
gleof 74 (andof 45 for acontrolsetof identity vectors),
shaws thatthetwo subspacearenot orthogonal This char
acteristicis alsore ected by theratio betweerthevariances
(computedasthe sumof the eigervaluesof the covariance
matrix) of R andE, with

Pt (SE T s

R=f(Sf 1 & 2 Jgji=1::
(S W jg.l ks k2 Sjll mg
beingthe setsof residualsof the projectionof the(S.iE u)
onP . For theexpressiorsettheratiois 0.46,comparedvith
0.15for thecontrolset.

3. Animating Facesin Still Images

In mary applicationsit is not sufcient to be ableto ani-
matea given 3D mesh:First, we may not have a 3D scanof
theface,but only oneor several 2D images Secondphoto-
realistic animation often involves re-insertingthe moving
faceinto theoriginal sceneBy tting the MorphableModel
of 3D facesto the images,we addressoth aspectf this
problem:Fromasingleimageof apersonwe estimateatex-
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Figure 5: Recwering a 3D face from E. Hopper's self-
portrait: Initialized with manuallylabeledfeatues(top, left)
andstartingfroma front view of the average face thealgo-
rithm automaticallyoptimizesshapeandtexture of the mor
phablemodel,and estimategpose illumination, and other
parametes. The secondrow showsthe resultwithout (left)
andwith (right) texture extraction.

tured3D surface alongwith all relevantparametersequired
to renderthemodi ed facebackinto theoriginalimage.

3.1. 3D Reconstructionof Non-Neutral Faces

Basedon the combinedvector spacesof personalityand
mouth movementswe estimate3D shapefrom imagesof
non-neutrafacesgxtendinganalgorithmfor neutralfaces.
In ananalysis-by-synthesieop, thealgorithmcomputeshe
optimallinear combinationof principal componentgor in-
dividual shapes;, texturet;, andexpressioru;:

p 1 m 1 ot

S=s+gaistagu T=t+rabt (5
i=1 i=1 i=1

The estimateis basedon an iterative minimization of the

differencek; betweerthesyntheticimage(lr; lg; Ip) model Of
the 3D face,andtheinputimage(lr; lg; Ip)inpu:

E=aa a
Xy c2f r,g;bg

(|c;inpu(xi Y)  lemodel (X y))z: (6)

If multiple imagesareavailable,E, is the sumof all image
differencesMinimizationis achiezed by stochastigradient
descentgevaluatingonly a randomsubsetof pixels at each
iteration.

Along with aj, bj, g, the systemautomaticallyoptimizes
all relevantimaging parametersThreeanglesfor pose,3D
position,focal lengthof thecamerared,green,andbluein-
tensitiesof ambientand parallellight for onelight source,
the directionof parallellight, color contrastandgainsand
offsets of the three color channelswhich accountfor the
toneandcontrast.Unlike previous algorithms® thatdid not
optimize focal length and illumination direction, and in-
volved manualpre-alignmenbf the averagefacefor initial-
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Figure 6: Reconstructedrom the original images (left column),3D shapecan be modi ed automaticallyto form different
mouthcon gurations. Thepaintingsare Vermeers “Girl with a Pearl Earring”, Tischbein's Goethe Raphaels St.Catherine
and Edwad Hopper's self-portmit. Thebottomleft image is a digital photayraph. Thewrinklesare not causedby texture, but
entirely dueto illuminatedsurfacedeformationsin thebottom-rightimage, they are emphasizetly more directedillumination.
Teethare transfered from 3D scans(Figure 3). Notethe openmouthin Vermeers painting closedby our algorithm (top row;

secondmage).
¢ TheEurographic#ssociatiorandBlackwell Publisher2003.
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Original Optimallinearcombination

Syntheticneutral Syntheticneutral

Figure 7: Top row: 3D reconstructiorfrom an open-mouth
image. Amongthe 11 feature points providedfor initializa-
tion, only onewasin the mouthregion (on the upperlip).
Theefore, the algorithm musthaverelied on genericimage
informationto estimatemouthshape Theteethare notin-
volvedin matding currently Bottomrow: Settingthemouth
shapecoefcients g = 0 genematesa neutmlized face (the
true neutral faceis shownin Figure 6.)

ization, the new systemalways startswith a frontal view at
standardsize,position,andillumination.

For initialization, the userselectsbetween?7 and 20 fea-
ture pointsin theimage,suchasthe cornersof theeyes,and
clicksonthecorrespondingerticesof the3D mesh Feature
pointsmay alsobe selectedalongoccludingcontours such
asthe cheek(Figure5). For these the algorithm nds tem-
porary correspondenceasat changeduring optimizationas
thefacerotatesanddeforms:It assignghe pointin theim-
ageto the closestvertex amongthosewith a surfacenormal
thatis orthogonato theline of sight.

The image coordinates(qy.j;dyj) of feature points j
contrikute to the cost function in the following way: Let
(Pxk;; Pyk;) betheimagepositionsof thecorrespondinger-
ticesk; predictedoy themodelatthe currentiteration,and

Er = é(QX;j px;kl)z"' (qy;j ij)zi (7)
I
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The systemoptimizesa weightedsumof Eg, E, andareg-
ularizationterm

2 2 =2
a? o b2 o f o (ri T
EP=d 5 +tadz*ta*ta——— ®
i Séi i S%n [ Sle;i [ Sge;i

thatpenalizesolutionswith low prior probability basedn
the standardderivationss of individual shape texture,and
mouthshapeestimatedy PCA.r ; denotesherenderingpa-
rametersy; their startingvalues,andsr; are ad-hocesti-
matesof their standardleviations.Theweightof E; is setto
zeroin the rst iterationsandincreasedgubsequent|ywhile
theweightof Er is decrease@ndvanishesat the end.Fig-
ure5 shows intermediatestatesof the tting procedureFit-
ting 99 principal componentdor individual shapeandtex-
ture and 10 componentgor expressiongakes5 minuteson
a2GHzPentium4 processor

After optimization,the linear combination(5) provides
estimatedalbedoedor the entiresurface.To capturedetails
suchasscarsor the strokes of the painters brush,we per
form an illumination-correctediexture extraction ® on all
texture elementsvisible in the image: Inverting the effect
of the estimatedllumination, the albedoe®f eachpoint on
the 3D surface are computedfrom the pixel valuesin the
image.Weightedby the anglebetweenthe surfacenormal
andthe viewing direction,thesevaluesreplacethe previous
estimate.lf several imagesare available, contritutions are
automaticallypastednto onetexture.

Figure6 shavs novel mouthshapesndexpressiongen-
eratedautomaticallyfrom imagesand a few featurepoint
coordinateslIf the faceis not neutralin the input image
(‘rst row), our algorithmautomaticallyestimatests neutral
shape.

3.2. Neutralization of Faces

The mouthin the reconstructedace can be closed,and a
neutral expressioncan be enforced,by setting the coef-
cientsg = 0 in Equation5 afterthe tting procesgFigure
7). The 3D faceis thenalinearcombinationof neutralfaces
only. In general removing facial expressionsn animageis
moredif cult thanaddingnew expressionsasit is necessary
to be ableto reproducehe wrinkles andtheir shadingvery
precisely Residualdifferencesdetweerthe original andthe
synthesizedmagewill befalselyattributedto texturein the
texture extractionalgorithm. Therefore our algorithmdoes
notyet remove strongor unusualwrinklescompletely

3.3. Background Continuation in Still Images

Nearthecontourof aface regionsof thebackgroundhatare
occludedn theoriginalimagemayberevealedasthemouth
moves.We thereforereplacepart of the facein the original
image continuingacrosghefacialcontourall structuresad-
jacentto the face.The animated3D faceis thenrendered
in front of that modi ed backgroundThe optimal stratgy
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Figure 8: Basedon a segmentationinto face and non-face
regions (left) provided by the tting algorithm, the badk-
ground texture is re ected beyond the contour (center)to
avoidartefactsin animation(seeSection3.3).

for backgroundcontinuationdependson the backgrounds
structureln our examplesijt is importantto retainthe over

all structureof texture of the backgroundwhich may for

examplebe a strandof hair (Figure8). We thereforecannot
uselmagelnpaintingalgorithms. Puretexture completion,
ontheotherhand,would requirea uniformtexture.

For backgroundcontinuation,our systemcanrely on a
segmentationinto faceareaandbackgroundFigure8, left)
from tting themorphablemodel.For astripealongthecon-
tour just outsideof thefaceregion, our algorithmre ects all
pixel valuesto the inside, usinga smoothwarp eld. This
methodretainstexture, while keepingdiscontinuitieslow.
The width of the stripeis calculatedfrom the camerapa-
rametersaandcorrespond$o 15mmin the 3D scene.

To computehewarp eld, we useaniterative propagtion
algorithmto calculatehedistancel(x; y) from theboundary
for all pixels(x;y) within a stripealongthe contour(Fig. 8,
right). Then,the normalizedgradientof thedistancemap

- 9. 4= (Hd.1dr
b k' 9 (G Ty
de nesawarp eld thatre ects pointsacrossheedge:

(Dx(x;y); Dy(x ) =

©)

2d(xy) (9x(xY); gy(x:y)):

4. Animating Moving Facesin Video

One of the main bene ts of the 3D model as opposedto
example-basedhethodsn 2D is the versatility with respect
to changedn headposeandillumination. Thesechangesat-
urally occurin video sequencedn this section,we address
the problemof makinga personin a given video sequence
sayanovel text, regardlesof whatheor shesaidin theorig-
inal footage andretainingthe original headmovements.

Reanimatingrzideoinvolvesthefollowing steps:

1. Recweratextured3D modelfrom original videoframes
(Section3.) If the video containsno large in-depthrota-
tions, it is sufcient to build thefacefrom the rst frame
only. Otherwise precisionof 3D shapecanbeincreased
andtexture detailsfrom all sidescanbeincludedby t-

ting themodelto two or threeframessimultaneously

2. Track3D headmotion (Section4.1).

3. Generatea trajectoryin the coefcients of mouth con-
gurations from audio or text, for example by simple
keyframeinterpolation.

4. Add the mouth con guration vector to the neutral 3D
modelat eachframe.

5. Renderthe modi ed shapeon top of the original video
frame,usingthe poseandillumination parametersecov-
eredby thetrackingalgorithm.

In the reanimatedrideo, part of the backgroundmay be
revealedthatwasoccludedn the original sequenceWe can
identify thosepixels by comparingthe z-buffer valuesfrom
the reanimated3D facewith thosefrom the tracked face.
Unlike still imagestherequiredbackgroundegion may be
visible in previous or subsequentideo frames:If the de-
siredpixel is found within 10 framesin eitherdirection,its
color valueis copiedto the currentframe. Otherwise,the
algorithmusesthe methoddescribedn Section3.3.

Figure 9 shawvs 4 framesfrom a video recordedat 30fps
with aweb-cam(640x480pixels). Thevideoincludeslarge
rotations,a non-uniformbackground.and speech For 3D
shapeestimationwe usedframe0, 44, and 66 (out of 150),
shawing the front, the left andtheright sideof theface.We
labeled1l, 15, and 17 featurepoints, respectiely. No 3D
scanof the personwasinvolvedin ary processingtep.

4.1. Tracking

Therigid motion and mouth movementsin the input video
canbe tracked with a methodsimilar to the 3D reconstruc-
tion algorithm describedn Section3.1: The algorithm ts
the morphableface modelto consecutie framesby mini-
mizingimagedifferenceE; (Equation6) andaregularization
termEp (8) %3028 |n each tting processthe startingval-
ues,andthe minimumof Ep, aresetto the previousframe's
result, respectiely. Keepingthe persons individual shape
andtexture x ed,we only optimizefor rigid transformation
and mouth movements(coefcients g of the 4 mostrele-
vant principal componentsEquation5). The featurepoint
methodthat was presentedn Section3.1 is not involved
in this processSinceall renderingparametersreestimated
from the rst frame,no calibrationis required Reliability of
the algorithmhasbeenincreasedsigni cantly by a coarse-
to- ne stratgy thatstartswith tting a down-sampledver
sionof theframe,andthenproceedso full resolutionCom-
putationtime is 16sperframeon a2GHz Pentium4.

4.2. SpeechSynthesis

In a setof demovideos,we showv visual speechsynthesis
from audio signalsandtext, reanimatingfacesin a digital
photograph,n paintings,andin a video (Figure 9). Pho-
neticalignmentof speectandtext hasbeenprovidedby the
CMU-SPHINX system?®, producingatemporalsequencef

¢ TheEurographic#ssociatiorandBlackwell Publisher2003.
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Frame38 Frame58

Frame89 Framel33

Figure 9: Fromead original frameof a video(top row), an estimateof poseand mouthshapewascalculated(secondrow).
3D shapeandtexture were reconstructedrom 3 selectedrames.n thethird row, the facewith nev mouthshapess rendeed

into the original image.

phonemeshatcanbe mappedo the visemesf our dataset.
Basedon this sequencewe performkeyframeinterpolation
with cosine-shapedcceleratioranddecelerationTemporal
supersamplingby a factorof 4 is usedto producemotion-

blur.

5. Conclusions

We have presented uni ed methodto learna modelof fa-

cial expressionandindividual neutralfacesfrom 3D scans,
andwe describeda setof algorithmsthat apply this infor-

mationto animatea givenfacein animageor avideo.The
systemis suitedfor a wide rangeof applicationsdueto the
low requirementso theinputdata.

Our frameawork is openfor variousfuture developments:
Thevariationin the expressionf differentpersonsanbe
investigatedin a databasef examples.To compensatelif-
ferencesin headshapeand size, we could include meth-
odssuchasExpressiornCloning 24, wherethe directionand
length of shapedeformationsare adaptedto the local ge-
ometryat eachvertex. It is straightforvardto includeaddi-
tional expressionsecordedrom atrainedexpertin orderto
cover the entireexpressienesf humanfaces.Our current
databasés focusedon mouthmovementswhich seemto be
themostchallengingoroblemin facialanimation.

As real-time3D scanninglevicesarebecomingmoreand
more available, 3D snapshotsand time-sequencesan re-
placethe static scansforming our vectorspace With these

¢ TheEurographic#ssociatiorandBlackwell Publisher2003.

data,we canuselearningtechniquego studythe dynamics
of speechandexpressionsandto include coarticulationef-

fects1l. Sincewe modelspeechasa trajectoryin a vector
spaceof mouthshapesmoresophisticatedlynamicpatterns
canbe implementedeasily Finally, we plan to investigate
the non-linearstructureof the manifold of faceswithin our

morphabldacemodelby higherorderstatistics.
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