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Abstract

In this paper, we presenta new approach that gener-
atessyntheticmoutharticulations from an audio �le and
that transfers themto different face meshes. It is based
on learning articulations from a streamof 3D scansof a
real person acquired by a structured light scannerat 40
three-dimensionalframesper second.Correspondencebe-
tweenthesescansover several speech sequencesis estab-
lishedvia optical �ow. We proposea novel typeof Princi-
pal ComponentAnalysisthat considers variancesonly in a
sub-regionof theface, while retainingthefull dimensional-
ity of the original vectorspaceof samplescans. Audio is
recordedat the sametime, so the headscanscan be syn-
chronizedwith phonemeand visemeinformationfor com-
putingvisemeclusters. Givena new audiosequencealong
with text data, we are able to quickly createin a fully au-
tomatedfashionan animationsynchronizedwith that new
sentenceby morphingbetweenthevisemesalonga path in
viseme-space. Themethodsdescribedin thepaperinclude
an automatedprocessfor data analysisin streamsof 3D
scans,anda framework thatconnectsthesystemto existing
staticfacemodelingtechnology for articulation transfer.

1. Intr oduction

Facial Animation in movie productionshas reached
an impressive level of realism today. In particular, the
keyframeshapesdesignedby animatorsarehighly realis-
tic and expressive. However, this manualdesign is ex-
tremely labor-intensive. In order to simplify andacceler-
ate this process,a numberof automatedtechniqueshave
beenproposedin computergraphics.In learning-basedap-
proaches,the price to pay for quality is spentin building
the knowledgedatabase,while the synthesisis produced
very quickly. Fastscanningtechniques,which arebecom-
ing moreandmoreavailabletoday, provideauniquesource
of information aboutmotionsof real facesto learn from.
However, this novel type of dataalsoposesspeci�c prob-
lems.Ourgoalwasto createapowerful, robustandgeneral
approachto analyzingsuchdata,andanimplementationof
an animationsystemthat exploits the advantagesof these
new measuringdevicesparticularlyby takingadvantageof
thehigh-speedinformation,while dealingproperlywith the
lowerqualityof theraw data.
Animation, in general,is facing two key challenges:(1)
producephoto-realisticimagesin eachframe (spatialdo-
main),and(2) producerealisticmotionsequences(tempo-
ral domain). In order to addressboth of theseissues,we
proposea learning-basedapproachthatanalyzesstreamsof
3D scansof talking facesor facialexpressions.In this pa-
per, wefocusonthespatialdomainby extractingkey shapes



from motiondataautomaticallyandby transferringthemto
otherfacemeshesby meansof a morphablemodel. Thus,
our techniquepaves the way for a powerful approachon
motionanalysisin thetemporaldomain.Furthermore,it of-
fersa strongandreliablelow-level systemon top of which
we will beableto developdifferentfacialanimationappli-
cations.
This work canbedivided into two blocks. The �rst block,
the learningphase, consistsin building thedatabasewhile
the second,the synthesis, usesthis knowledgeto synthe-
sizeanimations. For dataacquisition(Section2), we use
a dynamicstructured-light3D scannerto recorddifferent
sequencesof an actressspeakinga set of sentences.The
high frame-rateof this type of scannerwas necessaryto
be able to recordthe naturalmotion of the mouth during
articulation; the shapeof the lips canbe capturedseveral
timeswithin the utteranceof eachphoneme.The dataare
preprocessedautomaticallyto obtaina betterquality of the
resultingmeshes. Then, we establishcorrespondenceon
thesemeshesby transforminga streamof independentface
meshesinto a streamof deformationsof a referencemesh
(Section3.) This registration processis performedin two
steps:�rst thefacesarealignedrigidly over thesequences,
followedby anoptical �ow algorithmthatcomputestheex-
actcorrespondencebetweenthefaces.
Oncewe have the deformationsof the faceover time, we
areableto build a vectorspace(morphablemodel, Section
4). By meansof a modi�ed PrincipalComponentAnalysis
(PCA), we capturethe statisticsof the mouthmovements
in the speechsequences.By usinga weight maskthat as-
signszeroweight to eye movementsandotherpartsof the
facemesh,suchastheedgeof thescan,themodi�ed PCA
considersonly the mouth movementsas statisticallyrele-
vant.Still, thelocalprincipalcomponentsaremappedback
to the spaceof full faces,andthey retainthe full rangeof
degreesof freedomof theoriginaldataset.
In PCA space,we are able to de�ne clustersfor the dif-
ferentvisemes(the visual counterpartof phonemes).This
is possibleby analyzingthe audio (Section4.1) that we
recordedduring the 3D acquisition,performingphonetic
alignmentin theaudiosignal,andlabellingevery frameby
the phonemethat was uttered. The whole facesequence
is thenprojectedonto the basisof the viseme-space(Sec-
tion 4.2)to �nally obtaintherepresentationsof thedifferent
visemesin themorphablemodel.In thearticulationsynthe-
sis phase(Section5), we interpolatebetweenthe visemes
in orderto reanimatethe facefrom a new audiosequence.
In Section6, we animatenovel facemeshesby transferring
thedeformationswithin themorphablemodel.

1.1. Related W ork

The�eld of automatedfacialanimationis evolving along
differentpaths.Our focusin this paperis on the learning-
basedapproach,that is basedon studyingthe geometrical
propertiesof thearticulationof thefaceasit canberecorded
by a3D scanner.
In previousworkonlearning-based3Danimation,datahave
beenacquiredas3D surfacescanswith laserscanners[3, 2]
or structuredlight scanners[14, 25], from medical MRI
scans[21], or by reconstructinggeometriesfrom multiple
photographs[11, 18].
For dynamicapproacheswith a high temporalresolution,
several acquisition techniquesexist such as a multiple-
camerassetupswith stereoalgorithmsor additionaltech-
niquesthatexploit thetemporalcoherence[23]. To reduce
thenumberof cameras,onecanalsorecordasingleview of
ananimatedface,trackasetof prede�nedfeature-pointson
thesubjectand�t apreviouslyacquiredgenericfacemodel
to thevideoby applyingdeformationson it like in [17, 21].
Also, thetechniquespresentedin [4, 7] acquiretheknowl-
edgeof the mouth deformationfrom a two dimensional
source.
Today, the majority of learning-basedanimationsystems
rely on a vector spacerepresentationof faces. In 2D
methods,imagesarewarpedto obtainshapedeformations
[10, 9, 5]. In 3D methods,suchasmorphablemodels[3, 2]
andrelatedsystems,thecombinedcoordinatesof all surface
pointsarerepresentedasshapevectors.An importantstep
in building suchmodelsis to establishcorrespondencebe-
tweenall sampledatasets.
Correspondencealgorithmsaimattrackingpixelsin avideo
or verticesin a meshsequencessoto retrieve theexactdis-
placementof eachof themover time. A methodthat op-
erateson a dense3D meshis basedon optical �ow over
the datato obtain a detailedmap of displacementsof the
pixels/verticesof the sequences[3, 2]. Optical �o w may
produceunreliableresultsin smoothregionswherethesim-
ilarity of adjacentpixels is large. Thereforeit canbe cou-
pled with a relaxationapproachthat producessmoothre-
sults[3], a coarse-to-�neapproach[3, 22] and[23], or via
radialbasisfunctions[7, 14, 15]. An alternative to optical
�o w is to de�ne feature-pointson the subjectthat canbe
trackedover thewholesequence.This approachis usedby
[17, 12, 7, 19], and[24].
After shaperegistration,speechdatacanbeanalyzedstatis-
tically by PrincipalComponentAnalysis[2] or Independent
ComponentAnalysis[14, 6]. Transferof facialexpressions
andspeechbetweenindividualshasbeenachievedby a di-
recttransferof displacements[2], by methodsthatadaptthe
deformationsto the new geometry[15] andby multilinear
models[22].
A numberof modelsfor themotionof facesduringspeech



have focusedon the temporaldomain,including coarticu-
lation effects,suchas[16, 8]. As mentionedabove, these
effects are not the current focus of our work. We usea
smoothedlinearinterpolationto recreatethearticulationbe-
tweenthedifferentvisemes.However, thesystemdescribed
in this paperprovidesa goodstartingpoint for measuring
andmodelingmouthmovementsin a very direct andpre-
ciseway.

camera

face

projector

Figure 1. In the scanning process, some re-
gions that can be seen by the camera are
not lit by the projector due to cast shado ws.
Those regions (red) cannot be reconstructed
and give rise to holes in the reconstructed
meshes (green).

2. Data Acquisition and Preprocessing

In orderto capturetheshapeof themouthfor every ut-
teredphonemesandto be ableto recordcoarticulationef-
fectsin the future, thegoalof our acquisitionprocedureis
to achieve fastframe-rates.We usea structuredlight scan-
nercomposedof a projectoranda high speedcamerasyn-
chronizedby a computer. A sequenceof line patternsis
projectedontothesubjectin synchronizationwith thehigh-
speedcamera. The camerasrecordwith a frame-rateof
200Hz.With thishighfrequency, theabsolutemotionof the
animatedsubjectwithin asequenceof 5 consecutiveframes,
which arerequiredby thescannerto recordone3D frame,
canbeconsiderednegligible. This givesusa frame-rateof
40 three-dimensionalframesper second. This frame-rate
hasturnedout to befastenoughto studythearticulationof
thesubject.Thecameraof thescannerrecordsa sequence
of greyscalebitmapimageswith a resolutionof 640� 480
pixels. After triangulation,each3D framecapturedby the
scanneris a depth�eld parameterizedby the pixel coordi-
nates(u; v) of thecamera.More speci�cally, we obtain3D
coordinatesx(u; v) at discretestepsof (u; v), alongwith a
grey-scaletextureanda binaryarrayfor themask,indicat-
ing whichpixel is avalid depthestimateandwhich is not.
Dueto theincrementaldepthupdateperformedby thescan-
ner with eachsetof 5 cameraimages,only surfacepoints
x(u; v) that were visible in the �rst frame can be recon-
structedin subsequentscans.A point that disappearsdur-

ing the sequenceis lost andcannotbe recognizedwhenit
reappears.In our case,this wasa problemfor theteethand
thetongue.Theactressbeganwith aneutralexpressionand
thenstartedto articulate. Hence,the insideof the mouth
couldnotbereconstructedappropriately.
We remediedtheproblemwith teethandtongueby remov-
ing themconsistentlyin all scans.For thatpurposewe de-
velopedanalgorithmthatusesthedepthandtexture infor-
mationto detectthe inner lip edgesin a de�ned region of
the face. This region is de�ned asa rectangleof constant
sizearoundthe mouthover the sequences.We make sure
that the lips will not move beyond the boundariesof that
region during the articulation. The algorithmis driven by
a single parameter. We run the removal processover the
wholesequenceandthenverify theresults.Usually, thepa-
rameterhasto be readjustedfor a small subsetof frames,
but althoughthis removal procedurehasto beassisted,we
canremove theteethandthetongueoverasequenceof 250
frameswithin two minutesathighprecision(seeFigure2).
Due to theangularoffsetbetweenthecameraandthepro-
jector, somesurfacepoints in the cameraimageareshad-
owed (seeFigure1). Moreover, this con�guration causes
depthdiscontinuitiesin x(u; v) dueto selfocclusionsin the
cameraimages.Both effectsproduceholesin thescanned
facialsurface.Theholesin themeshare�rst �lled by lin-
earinterpolationandthensmoothedwith multiplepassesof
a polynomial kernel of degrees9 to 3 successively. This
producesa smoothandsatisfyingreconstructionwhenap-
plied in thehorizontaldirection,even for �lling themouth
by a concave surfaceafter the teethand the tonguehave
beenremoved.Figure2 illustratesthepreprocessingsteps.

3. Data Registration

In thedataregistrationprocess,weestablishdensepoint-
to-point correspondenceon the recordedmeshesto trans-
form the streamof independentfacemeshesinto a stream
of deformationsrelative to a referencemesh.We selecteda
referenceheadwith aslightly openedmouthfrom oneof the
sequences.Our dataregistrationinvolves automatedfea-
turetracking,rigid orientationbasedon the3D coordinates
of thesemarker-points,anda subsequentoptical �o w algo-
rithm for densecorrespondencebasedonshapeandtexture.
Preciserigid alignmentis importantin orderto avoid head
movementsin new animations.The next two subsections
detailall relevantsteps.

3.1. Tracking the Mark er-P oin ts

We paintedabout50 white marker-pointson thefaceof
the subject. Thesemarkersserve two purposes:�rst, they
help the optical �o w to track correctly the surfaceof the
skin, especiallyon thesmoothregionsandaroundthe lips.
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Figure 2. The �r st row sho ws the representation of the data in the mouth region. a: the texture with
the inside of the mouth, b: the mask, c: depth values, d: the texture with the inside remo ved. The
second row illustrates the 3D model in its original state (e), after automatic teeth and tongue remo val
(f ) and after the holes are �lled and smoothed (g).

Thesecondpurposeis thatwe usea subsetof themasref-
erencepointsfor thealignmentof thefaceorientations.
For tracking this subset, we implementeda template-
matchingalgorithm. The userplacessquaresof 10 � 10
pixels over eachmaker. The algorithmrecordsthe texture
informationinsidethosesquaresandsuperimposesthemto
thenext frame.It thentriesto matchthispatternin aneigh-
borhoodof 20 � 20 pixelsaroundthelocationin theprevi-
ousframe. The matchingis performedby minimizing the
squareddistanceof thepixel color valueover theneighbor-
hood. This approachgave usa preciseandreliableway to
track themakerswithin eachsequences.For matchingthe
sequencesamongthem,weselectedareferenceframefrom
thecorpus.The�rst frameof eachsequencewasthenman-
ually superimposedwith that referenceframeandwe were
ableto connectthe correspondingmarker-pointsfrom one
sequenceto theother(seeFigure3).
For rigid alignment,weselectedmarkersfrom theforehead,
from the noseandaroundthe eyesso that the jaw move-
mentshavenoin�uenceonthe�nal orientationof thehead.
Basedonthemarker-pointcoordinates,thefacesarealigned
via 3D-3DAbsoluteOrientation[13].

3.2. Optical Flo w

The correspondencealgorithm and the de�nition of
shapeandtexture vectorsfor the morphablemodel in this
paperis alongthe lines of [3]. Unlike [3], we do not use
a cylindrical parameterizationof the surface,but a param-

eterizationin termsof imagecoordinatesu; v of the scan-
nercamera(Section2). Thealgorithmreliesbothon struc-
turesin shapeandin texture. In shape,thedepthcoordinate
z(u; v) would vary along the cheekstowardsthe left and
right edgeof the scan,due to the curved structureof the
cheeks.However, thecurvatureis quiteuniform, andso it
is more appropriateto usea quantity for shapematching
thatdoesnot vary alongthecheeks.Previousexperiments
have shown thatcurvatureasde�ned in differentialgeome-
try doesnot improve thequality of thecorrespondence[3].
On our data,thequality wasbestif we replacedthez coor-
dinateby theradiusrelative to theverticalaxisof thehead,
which varieslittle alongthe cheek,andis lesssensitive to
noiseof thescannerthandifferentialquantities:

r (u; v) =
p

x2(u; v) + y2(u; v): (1)

With this,we representscansascombinedarrays

I (u; v) = (r (u; v); g(u; v)) T : (2)

In anextensionof theoptical�o w algorithmof Bergenand
Hingorani[1], we �nd theminimumof thecostfunction

E(� u; � v) =
X

u;v 2 R
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with anorm kI k2 = r 2 + g2 (4)



Figure 3. Within a stream of scans, the
marker -points are trac ked automaticall y by
template-matc hing. To initializ e the corre-
spondence of these marker s in diff erent se-
quences that were recor ded separatel y, the
�r st frame of each sequence is superim-
posed with a selected reference frame and
the marker s are aligned manuall y (red lines).

in eachpoint u; v, whereR is a 5 by 5 neighborhoodof
u; v. This optimizationis performedin a coarse-to-�nese-
quenceonaGaussianpyramidof r (u; v) andg(u; v). After
eachstep,arelaxationalgorithmsmoothesthedisplacement
�eld � u(u; v), � v(u; v) in regionswith low contrast[3].
The displacement�eld � u(u; v), � v(u; v) allows us to
samplethe surface of eachscanin correspondencewith
the referencehead,andto form shapeandtexture vectors
by concatenatingthe3D coordinatesandgrey valuesof all
sampledverticesi = 1:::n:

s = (x1; y1; z1; x2; : : : ; xn ; yn ; zn )T ; (5)

t = (g1; g2; : : : ; gn )T : (6)

Theoptical �o w algorithmis stronglyaffectedby edgesof
the recordedsurfaces.Due to thenaturalheadmovements
of our recordedmodel,the edgesvary over time. For this
purpose,after the the facesarealignedrigidly andbefore
optical�o w is computed,all raw dataarecroppedautomat-
ically: �rst, a commonmaskis de�ned asthe intersection
of all the individual valid surface points in the cylindri-

calrepresentation.Thismaskis usedfor croppingthescans.

4. Statistical Data Analysis

Thecoreof thelearning-basedapproachis to �nd statis-
tical correlationsin the training datathat distinguishnatu-
ral motionfrom randomnoisein eachvertex position.The
morphablemodelapproachcapturessuchcorrelationsauto-
matically. Thegoalin our dataanalysisis to de�ne andan-
alyzeclustersof visemes.We do this in a low-dimensional
representationthat is obtainedby a principal component
analysis(PCA).
PCA�nds thedirectionsof thegreatestvarianceof thevec-
tors,andprovidesanorthogonalbasisof the linearspanof
examples. With this basis,every facecanbe transformed
into a low-dimensionalvector. For numericalreasons,we
calculatedthePCA only on every tenthframeof the train-
ing sequences.FromthePCA computationwe retainedthe
�rst 50 PCs;We have foundthat for mouthmovementsthe
mostimportantdeformationsarealreadyde�ned by the15
�rst components,the next onesarenecessaryfor bringing
realismto themovementwhereasafterthe50thcomponent,
theeigenvectorsaremainly re�ecting noisein themeasure-
ment. We performedthePCA onceon theshapeinforma-
tion andonceonthetexture,thoughthesecondonewasnot
necessaryasthetexturedoesnot changeover time. In fact,
mappingthetextureof thereferencefaceon therestof the
datapermittedto verify the quality of the dataregistration
(e.g.by testingwhetherthetextureof theeye always�ts to
theshapeof theeye).
In the principal componentsat this point, therewasa sig-
ni�cant contribution of the movementof the eyesbecause
the actressblinked during the recordingprocess.To rem-
edythis problem,we developeda modi�ed versionof PCA
that weights variationsin different image regions differ-
ently, but still producesprincipal componentvectorsthat
applyto theentireface.Unlike a trivial versionthatwould
setthedisplacementsof theeyeregionto zeroin all frames,
ourmethodretainsall degreesof freedomof themorphable
model, and it retainscorrelationsacrossfaceregions that
maybepresentin thedata(seeFigure4).

Throughouttherestof thepaper, we considershapevec-
torsaftersubtractingtheir average,x = s � �s. In orderto
analyzethevarianceon themouth,we transformeachdata
vectorx i , i = 1:::m, to a reducedvector ~x i that contains
only thevertex coordinatesof themouthregion. Combining
theseto a datamatrix ~X , we cancomputethediagonaliza-
tion of thecovariancematrix

~C =
1
m

~X ~X T =
1
m

~U ~W 2 ~U T (7)



Figure 4. When computing the PCA over the
whole face, eye-blinking will sho w up as an
impor tant component. To cir cumvent this,
we developed a method that produces princi-
pal components on the whole face, but con-
sider s onl y variance in the mouth region.
Note that if the eye movement was correlated
with mouth movements, our method would
have retained it automaticall y.

by aSingularValueDecompositionof thedatamatrix: ~X =
~U ~W ~V T . Theprincipalcomponents~u i arethecolumnsof
thematrix ~U , andthesecanberewrittenin termsof thedata
vectors,usingthematrices~V and ~W :

~u i =
X

j

1
~wi

~vj i ~x j :

With the samelinear weights, we can map the principal
componentsto theoriginal vectorspace:

u i =
X

j

1
~wi

~vj i x j :

Unlike ~u i , thevectorsu i do not form anorthogonalbasis,
andthey differ from a PCA computedon the original data
directly, eventhoughthey spanthesamesubspace.
Figure5 illustratesthereferenceheadthatwe selectedand
thedeformationsalongthe�rst four PCs.Thedeformations
areampli�ed by a coef�cient 3 sothatwe couldalsocheck
the consistency of the deformations. On the basisof the
viseme-spacewith the 50 �rst PCs,we de�ne the clusters
for eachvisemein thenext section.

4.1. Sound Synchronization

For being able to identify visemesin the vector-space
we needto know whatphonemewasutteredin eachof the
framesof our sequences.For that purpose,we recorded
the audioat the sametime we acquiredthe 3D data. The

Sphinxtool developedat Carnegie Mellon University [20]
allows, given a sentenceas an audio �le along with the
correspondingtext, to geta decompositioninto a phoneme
sequencesover time with a resolution of a 100th of a
second.
Thesentencecorpusweusedconsistedof elevensentences.
Every sequencewasrecordedover about6,2 seconds(250
framesat 40Hz) from which we removedthesilenceat the
beginning andat the end. The sentencescontainedall the
phonemesusedin the Englishlanguageandmostof them
severaltimessothatfor agivenphonemewehavedifferent
coarticulation effects depending on the the preceding
andfollowing phonemesin the sentence.With that infor-
mation,wewereableto attributeaphonemeto everyframe.

4.2. Pro jecting the Sequences

Here we presentthe last stepfor building the viseme-
space.At this point, the vectorspacehasbeende�ned by
the basiscomputedfrom a subsetof the facedataandwe
have got the informationof whatphonemeswasutteredin
every frame.By projectingthewholecorpusontothebasis,
we obtain the positionsfor all the facesin the space.We
build a tablein which for every phonemewe list theframe
numbersthatcorresponded;wethenconsidereachlist indi-
vidually andde�ne a clusterfor thatphoneme.All visemes
de�ned insidethoseclustersarethuspotentialvisemesto a
givenphoneme.
Still, wehaveto rememberthattheprincipalcomponentba-
sisis notorthogonal.Therefore,theprojectionof avectorx
is achievedby computingthereducedvector~x, andcalcu-
lating thescalarproductak = ~uk � ~x. Then,x =

P
k ak uk .

Figure6 illustratestheaveragevisemein someof theclus-
ters.

5. ReanimatingFaces

In themorphablemodel,wede�ned avisemeclusterfor
everyphoneme1. Pathsconnectingtheclustersde�ne anin-
terpolationcurve. The approachpresentedby [9] de�nes
smoothcurvesover theseclustersthatproducerealistican-
imationsin 2D. This approachcanbesuitedto our system
andwould take advantageof the informationon the coar-
ticulationwe have in our data. Presently, we computedan
averagevisemefor every clusterandfocusedon generating
pathsbetweenthem.

1We obtained47 different visemescorrespondingto the phonemes
/AA/, /AE/, /AH/, /AO/, /AW/, /AX/, /AXR/, /AY/, /B/, /CH/, /D/, /DH/,
/DX/, /EH/, /ER/, /EY/, /F/, /G/, /HH/, /IH/, /K/, /L/, /M/, /N/, /NG/, /OW/,
/OY/, /P/, /R/, /S/, /SH/,/T/, /TH/, /UH/, /UW/, /V/, /W/, /Y/, /Z/, /ZH/ and
/SIL/, for thesilentviseme.



Figure 5. The �r st picture sho ws the reference head. The second column sho ws the result of shifting
the average face by +3 or -3 standar d deviations along the �r st principal component. The other
columns sho w shifts along the next principal components.

After phoneticalignmentwith theSphinxsoftware(seesec-
tion 4.1),we have a phonemesequencewith onephoneme
for every 100thof a secondover the novel audio�le. Let
ai denotethe coordinatesof the visemecorrespondingto
the phonemeattributed to the i th slot of the list. A sin-
gle phonemeusually spreadsover several time slots. By
making the associationphoneme-viseme,we could have
regeneratedan animationby a direct reproductionof the
visemesfor eachtime slot; but this would createdisconti-
nuitiesfrom onevisemeto theother, ratherthana realistic,
smoothmovement.
To approximatethis, a visemewascreatedfor every time
slot but with an in�uence of theprecedingandsucceeding
ones.Soa new visemewasgeneratedfor every frame,and
we computedits coordinatesa0

i asa linearcombinationof
ai andits neighborsin thesequence.We attributedweights
asfollows:

a0
i = 0:1 � ai � 1 + 0:5 � ai + 0:3 � ai +1 + 0:1 � ai +3

The weightssumup to 1 andwe put a heavier weight on
the succeedingframe while keepingsomein�uence from
framesi � 1 and i + 3 (we includedan in�uence of the
i + 3 frame,asthe lips tendto aim at thenext phonemeto
beuttered).
After this process,we hada sequenceof new visemeswith
a frame-rateof 100fps. As our animationrunswith 25 fps,
wecombined4 subsequentframesto produceamotion-blur
effect thatgivesamorerealistictouchjustasin realvideos,
wherethedisplacementof thelips duringeachcamerashot
becomesvisible.

6. Articulation Transfer

For articulation transfer, we connect the morphable
modelof visemespacewith an existing morphablemodel
of individual neutral faces (identity space), by resam-
pling face vectorsof the identity spaceaccordingto the
shapevector de�nition of the referenceface in viseme
space(see Figure 7). In this resampling, it is essen-
tial to establisha generalcorrespondencebetweenboth
morphablemodels. We do this by �tting the morphable
model of identity spaceto a neutral frame from viseme
space.Having selecteda framewith neutralmouthshape,
we project it into a cylindrical representation. Let ver-
ticesi of the visememodelbe projectedto cylindrical co-
ordinatesr viseme;i ; hviseme;i ; � viseme;i . This gives us a
cylindrical surfacerepresentationr viseme (h; � ) alongwith
greyscale texture gviseme (h; � ) of the neutral frame, to
which we can �t the morphablemodel of identity space
in an iterative optimizationalgorithm [3]. The algorithm
computesthe optimal rigid transformationand the linear
model coef�cients for nonrigid deformationsuch that a
cylindrical projectionr identity (h; � ), gidentity (h; � ) of the
identity model is a similar as possibleto r viseme (h; � ),
gviseme (h; � ). After �tting, we know the corresponding
positionhidentity ;k ; � identity ;k in this representationfor all
verticesk of the identity model. If verticesi andk point
to thesamecoordinatesh; � , they correspond.Basedon a
lookupandlinearinterpolationbetweenneighboringvertex
coordinatesandtexturevalues,wecanmaptheshapeof the
best�t back to the visemespace. Moreover, this general
correspondencebetweenverticesi andk providesa lookup
procedurefor directly transferringany otherfacevectorof
theidentitymodelto thevisemespace.In thesupplemental
video,weshow theresultsof mappinga3D laserscanto the



silence dArk (/AA/) catCH (/CH/) liFt (/F/)

chiCKen(/K/) Serve (/S/) yOU (/UW/) doVe (/V/)

Figure 6. A subset of the visemes. Note that the white lipstic k is onl y drawn on the outer edge of the
lips and can give the impression that the mouth is not completel y closed even when it actuall y is.

visemespace,andreanimatingthisscan;this is deonstrated
my amorphingfrom theoriginal recordedfaceto thenovel
face.

Figure 7. By putting the morphab le model
of our viseme space into correspondence
with an existing morphab le model of neutral
faces, we were able to transf er the articula-
tion to novel face meshes.

7. Resultsand Discussion

The supplementalvideo to this papershows reanima-
tions of the recordedfaceandother faceswith new utter-

ancesfrom audioandtext inputs. Thevoice is from a dif-
ferentperson.
In theanimation,thearticulationsmatchthesound,but the
model hasdif�culty to closethe mouth completelywhen
pronouncinga /B/ a /M/ or an /P/. Thesephonemesstart
from themouthclosedandthesoundis producedoncethe
lips burst open. Therefore,whenthe phonemeis detected
in the audio �le, the mouth is alreadyopenin the corre-
spondingframe. By computingan averageover different
framesof suchvisemesin thetrainingdata,oursystemwill
representthemby a slightly openedmouth. This couldbe
correctedby distinguishingbetweendifferentphasesof the
phonemeutterance.
Thevideodemonstratestheconsistency of our registration.
We appliedthe texture of the referencefaceon all of the
deformedmeshes,so the precisionof the correspondence
canbejudgedby how thetexturealwaysmatchestheshape
variations,e.g.for theeyes,thenostrils,thelips or theeye-
brows. This impliesthat thetexturecanbeeditedeasilyso
to remove the maker pointsor addsomecolor, or replace
thegreyscaletextureof theoriginal recordingby a colored
textureandadifferentfaceshape(seevideo).
In theanimation,theedgesof thefacemesharenotstation-
ary. Onereasonis that the edgesarewherethe light from
thebeamerandtheview directionof thecameraarealmost
tangentto the surfaceof the face,andwe have lesspreci-
sionin thereconstructionthanfor therestof theface.This
noiseis thenpropagatednot only over thedifferentfacein
the sequence,but alsoover the differentsequenceswhere
the estimationcan be signi�cantly different as they were
recordedindependently. Theseoscillationswould thenap-
pearin the�rst PCsandthereforehaveanimportantimpact
on theresults.With our modi�ed PCA,we reducedthis ef-
fectandavoidedtheartefactsto in�uencewhattheprincipal



componentsare,but still ourapproachretainssomeof these
variations. They could be removed by keepingthe vertex
coordinatesof the edgeverticesat a constantvalue. An-
otherreasonis thattheheadwaspositioneddifferentlyfrom
onesequenceto theotherandtheedgesin onesequencedo
notmatchtheonesfrom anothersequence.Theoptical�o w
is sensitive to regionswith high curvaturelike thenosefor
instance,but also to edges,and they clearly in�uence the
results.A fastway to remedyis to shrink themaska little
bit beforeweoutputtheanimation.

8. Conclusionand Futur eWork

We have presentedanautomatedend-to-endsystemfor
dataanalysisand for the synthesisof animationsfor new
utterances.Theprecisionof thecorrespondenceis demon-
stratedby applying the texture of the referenceheadover
all theotherframes.In eachtimestep,thetextureperfectly
matchedthegeometries,whichguaranteesthateveryvertex
positionis consistentover thereference.We computedthe
PCA over a subsetof 200 framesfrom a corpusof 2000.
Wedid notselectspeci�c ones,but simply tookevery10th.
We kept only the 50 �rst principal componentsout of the
200,astheremainingonesaremostlynoise.Oncethemor-
phablemodelwasbuilt, we could generate3D modelsfor
eachvisemeand seeif they correspondto what a human
observerwouldexpect.Someof themareillustratedin Fig-
ure 6. Finally, we wereable to recreatefrom a novel au-
dio recordinga new articulation,andby usinga morphable
model,to recreatetheanimationonanovel headmodel.For
theresults,we referthereaderto thesupplementalvideo.
Unlikeotherapproachessuchas[15,22], ourmethodtrans-
fersthedisplacementsobservedwith onepersondirectly to
other individuals. It is certainly desirableto captureand
recreatethe effect of different individual stylesanddiffer-
ent facial expressionson speech. The focus of our work
arethedeformationsalonganutterance,andnot acrossut-
terancesof differentpersons.Givena largecorpusof data
from differentindividuals,individual differencesin speech
areaninterestingtopicfor futurework alongthelinesof the
promisingmethodsproposedso far [22]. Also for animat-
ing novel facesof animal-like characters,a mappingon the
correspondingdeformationdirectionswouldbeaninterest-
ing stepto implement[15].
Our resultsindicatetheviability androbustnessof thesys-
temespeciallywhencomparingthe�nal animationwith the
low qualityof theoriginaldata(seeFigure2).
Therearestill two aspectsthatwe have to considerfor the
animationsto performmore realistically. The �rst one is
the coarticulationeffect. Our approachdoesnot explicitly
modelcoarticulation,whichwouldcertainlybefoundin the
original dataset. In futurework, we will focuson recreat-
ing real coarticulationeffects. The secondaspectis that

we assumedthat a phonemecanbe associatedwith a sin-
gle viseme.However, if we considerfor instancethesound
producedwhen pronouncinga /P/, thereis actually a se-
quenceof two consecutive visemesthat shouldbe associ-
atedto it: The�rst onehasbothlips in contactandthenext
onehasthe mouthopenin a very fastmotion. For some
of thephonemes,weshouldde�ne asequenceof morethan
oneviseme,andforcetheoccurrenceof thissequenceto ap-
pearin theanimation.We areplanningto investigatethese
effectsfurtherin futurework.
Thepresentedsystemis a reliablebackbonethatshoulden-
able future developmentsin differentdirections. Coupled
with a facial movementtracker, we could generatevideo-
dubbingby superimposinga recreatedfaceonto a moving
characterin avideo.Componentsdescribingdifferentemo-
tionssuchassurprise,fear, angeretc,canalsobetakeninto
accountin orderto modify thestyleof therearticulatedan-
imation.
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