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Abstract

In this paper we presenta new approad that gener
ates syntheticmoutharticulations from an audio le and
that transfes themto different face meshes. It is based
on learning articulations from a streamof 3D scansof a
real person acquired by a structued light scannerat 40
three-dimensionaframesper second.Correspondencbée-
tweenthesescansover several speeb sequencess estab-
lishedvia optical ow. We proposea novel typeof Princi-
pal ComponenAnalysisthat consides variancesonlyin a
sub-iegion of thefaceg while retainingthefull dimensional-
ity of the original vectorspaceof samplescans. Audio is
recoded at the sametime, so the headscanscan be syn-
chronizedwith phonemeand visemeinformation for com-
puting visemeclustess. Givena new audio sequencalong
with text data, we are able to quickly createin a fully au-
tomatedfashionan animationsyndronizedwith that new
sentencédy morphingbetweerthevisemeslonga pathin
viseme-spaceThemethodslescribedn the paperinclude
an automatedprocessfor data analysisin streamsof 3D
scansanda framevork that connectghe systento existing
staticfacemodelingtechnolagy for articulation transfer

1. Intr oduction

Facial Animation in movie productionshas reached
an impressie level of realismtoday In particulay the
keyframe shapesesignedby animatorsare highly realis-
tic and expressie. However, this manualdesignis ex-
tremely laborintensie. In orderto simplify and acceler
ate this process,a numberof automatedechniqueshave
beenproposedn computergraphics.In learning-basedp-
proachesthe price to pay for quality is spentin building
the knowledge databasewhile the synthesisis produced
very quickly. Fastscanningtechniqueswhich arebecom-
ing moreandmoreavailabletoday provide auniquesource
of information aboutmotionsof real facesto learn from.
However, this novel type of dataalsoposesspeci ¢ prob-
lems.Ourgoalwasto createa powerful, robustandgeneral
approacho analyzingsuchdata,andanimplementatiorof
an animationsystemthat exploits the advantagef these
new measuringlevicesparticularlyby taking advantageof
thehigh-speednformation,while dealingproperlywith the
lower quality of theraw data.

Animation, in general,is facingtwo key challenges:(1)
producephoto-realisticimagesin eachframe (spatialdo-
main), and(2) producerealisticmotion sequencefiempo-
ral domain). In orderto addressoth of theseissues,we
proposealearning-basedpproachhatanalyzestreamsf
3D scanwof talking facesor facial expressions.n this pa-
per, wefocusonthespatialdomainby extractingkey shapes



from motiondataautomaticallyandby transferringhemto
otherfacemeshedy meansof a morphablemodel Thus,
our techniquepaves the way for a powerful approachon
motionanalysisn thetemporaldomain.Furthermoreit of-
fersa strongandreliablelow-level systemon top of which
we will beableto develop differentfacial animationappli-
cations.

This work canbe divided into two blocks. The rst block,
the learning phase consistsin building the databasevhile
the second,the synthesisusesthis knowledgeto synthe-
size animations. For dataacquisition(Section2), we use
a dynamicstructured-light3D scannerto recorddifferent
sequencesf an actressspeakinga setof sentences.The
high frame-rateof this type of scannemwas necessaryo
be ableto recordthe naturalmotion of the mouth during
articulation; the shapeof the lips can be capturedseveral
timeswithin the utteranceof eachphoneme.The dataare
preprocessedutomaticallyto obtaina betterquality of the
resultingmeshes. Then, we establishcorrespondencen
thesemeshedy transforminga streamof independentace
meshesnto a streamof deformationsf a referencemesh
(Section3.) This registration processs performedin two
steps: rst thefacesarealignedrigidly over the sequences,
followedby anoptical ow algorithmthatcomputeghe ex-
actcorrespondencieetweerthefaces.

Oncewe have the deformationsof the faceover time, we
areableto build a vectorspacgmorphablemode] Section
4). By meansf amodi ed PrincipalComponenfnalysis
(PCA), we capturethe statisticsof the mouth movements
in the speechsequencesBy usinga weight maskthat as-
signszeroweightto eye movementsandotherpartsof the
facemesh,suchasthe edgeof the scanthemodi ed PCA
considersonly the mouth movementsas statisticallyrele-
vant. Still, thelocal principalcomponentaremappedack
to the spaceof full faces,andthey retainthe full rangeof
degreesof freedomof the original dataset.

In PCA space,we are ableto de ne clustersfor the dif-
ferentvisemeg(the visual counterparbf phonemes).This
is possibleby analyzingthe audio (Section4.1) that we
recordedduring the 3D acquisition, performing phonetic
alignmentin the audiosignal,andlabelling every frameby
the phonemethat was uttered. The whole face sequence
is then projectedonto the basisof the viseme-spacéSec-
tion4.2)to nally obtaintherepresentationsf thedifferent
visemesn themorphablenodel.In thearticulationsynthe-
sis phase(Section5), we interpolatebetweenthe visemes
in orderto reanimatethe facefrom a new audiosequence.
In Section6, we animatenovel facemeshedy transferring
thedeformationswvithin themorphablemodel.

1.1. Related Work

The eld of automatedacialanimationis evolving along
differentpaths. Our focusin this paperis on the learning-
basedapproachthatis basedon studyingthe geometrical
propertieof thearticulationof thefaceasit canberecorded
by a3D scanner
In previouswork onlearning-base@D animationdatahave
beenacquiredas3D surfacescanswith laserscanner§3, 2]
or structuredlight scannerq14, 25, from medical MRI
scang21], or by reconstructinggeometriesfrom multiple
photograph$11, 18].

For dynamicapproachesvith a high temporalresolution,
several acquisition techniquesexist such as a multiple-
camerassetupswith stereoalgorithmsor additionaltech-
niguesthat exploit thetemporalcoherencg23]. To reduce
thenumberof cameraspnecanalsorecordasingleview of
ananimatedace trackasetof prede nedfeature-point®n
thesubjectand t apreviously acquiredgenericfacemodel
to thevideoby applyingdeformationnit likein [17, 21].
Also, thetechniquegresentedn [4, 7] acquirethe knowl-
edgeof the mouth deformationfrom a two dimensional
source.

Today the majority of learning-basednimationsystems
rely on a vector spacerepresentatiorof faces. In 2D
methodsjmagesare warpedto obtainshapedeformations
[10, 9, 5]. In 3D methodssuchasmorphablemodels[3, 2]
andrelatedsystemsthecombinedcoordinate®f all surface
pointsarerepresentedsshapevectors. An importantstep
in building suchmodelsis to establishcorrespondencbke-
tweenall sampledatasets.
Correspondencalgorithmsaimattrackingpixelsin avideo
or verticesin ameshsequencesoto retrieve the exactdis-
placemenbf eachof themover time. A methodthat op-
erateson a dense3D meshis basedon optical ow over
the datato obtain a detailedmap of displacement®f the
pixelsherticesof the sequence$3, 2]. Optical o w may
produceunreliableresultsin smoothregionswherethe sim-
ilarity of adjacentpixelsis large. Thereforeit canbe cou-
pled with a relaxationapproachthat producessmoothre-
sults[3], a coarse-to- neapproach3, 22] and[23], or via
radial basisfunctions[7, 14, 15]. An alternatve to optical
ow is to de ne feature-pointon the subjectthat can be
tracked over thewhole sequenceThis approachs usedby
[17,12, 7, 19], and[24].

After shapeaegistration,speechdatacanbe analyzedstatis-
tically by PrincipalComponenfnalysis[2] or Independent
Componen®nalysis[14, 6]. Transferof facialexpressions
andspeechhetweernindividualshasbeenachiezed by a di-
recttransferof displacementp], by methodghatadapthe
deformationgo the new geometry[15] andby multilinear
models[22].

A numberof modelsfor the motion of facesduring speech



have focusedon the temporaldomain,including coarticu-
lation effects, suchas[16, 8]. As mentionedabove, these
effects are not the currentfocus of our work. We usea

smoothedinearinterpolationto recreatehearticulationbe-

tweenthedifferentvisemes However, thesystendescribed
in this paperprovidesa good startingpoint for measuring
and modelingmouth movementsin a very directand pre-

ciseway.

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 shadows.
Those regions (red) cannot be reconstructed
and give rise to holes in the reconstructed
meshes (green).

2. Data Acquisition and Preprocessing

In orderto capturethe shapeof the mouthfor every ut-
teredphonemesandto be ableto recordcoarticulationef-
fectsin the future, the goal of our acquisitionprocedures
to achieve fastframe-rates We usea structuredight scan-
nercomposedf a projectoranda high speedcamerasyn-
chronizedby a computer A sequencef line patternsis
projectedontothe subjectin synchronizatiorwith the high-
speedcamera. The camerasrecordwith a frame-rateof
200Hz.With this highfrequeng, theabsolutenotionof the
animatedsubjectwithin asequencef 5 consecutie frames,
which arerequiredby the scanneto recordone 3D frame,
canbe consideredhgyligible. This givesus a frame-rateof
40 three-dimensionalramesper second. This frame-rate
hasturnedoutto be fastenoughto studythe articulationof
the subject. The cameraof the scannerecordsa sequence
of greyscalebitmapimageswith aresolutionof 640 480
pixels. After triangulation,each3D frame capturedby the
scannetis a depth eld parameterizedby the pixel coordi-
nates(u; v) of thecameraMore speci cally, we obtain3D
coordinatex (u; v) atdiscretestepsof (u; v), alongwith a
grey-scaletexture anda binary arrayfor the mask,indicat-
ing which pixel is avalid depthestimateandwhich is not.
Dueto theincrementatlepthupdateperformedby thescan-
nerwith eachsetof 5 cameramages,only surfacepoints
x(u; V) thatwerevisible in the rst frame can be recon-
structedin subsequenscans.A point thatdisappearsiur-

ing the sequencés lost and cannotbe recognizedvhenit
reappearsln our case this wasa problemfor theteethand
thetongue.Theactres$eganwith aneutralexpressiorand
then startedto articulate. Hence,the inside of the mouth
couldnotbereconstructe@ppropriately

We remediedhe problemwith teethandtongueby remov-
ing themconsistentlyin all scans.For thatpurposewe de-
velopedan algorithmthat usesthe depthandtexture infor-
mationto detectthe innerlip edgesin a de ned region of
the face. This region is de ned asa rectangleof constant
sizearoundthe mouth over the sequencesWe malke sure
that the lips will not move beyond the boundariesf that
region during the articulation. The algorithmis driven by
a single parameter We run the removal processover the
wholesequencandthenverify theresults.Usually, the pa-
rameterhasto be readjustedor a small subsetof frames,
but althoughthis removal procedurehasto be assistedwe
canremove theteethandthetongueover a sequencef 250
frameswithin two minutesat high precision(seeFigure2).
Dueto the angularoffset betweenthe cameraandthe pro-
jector, somesurfacepointsin the cameraimageare shad-
owed (seeFigure1). Moreover, this con guration causes
depthdiscontinuitiesn x (u; v) dueto selfocclusionsn the
cameraimages.Both effectsproduceholesin the scanned
facial surface. The holesin the meshare rst lled by lin-
earinterpolationandthensmoothedvith multiple passesf
a polynomial kernel of degrees9 to 3 successiely. This
producesa smoothand satisfyingreconstructiorwhenap-
plied in the horizontaldirection,evenfor lling the mouth
by a concae surface after the teethand the tonguehave
beenremoved. Figure?2 illustratesthe preprocessingteps.

3. Data Registration

In thedataregistrationprocessyve establisidensepoint-
to-point correspondencen the recordedmeshedo trans-
form the streamof independenfacemeshesnto a stream
of deformationgelative to areferencemesh.We selecteca
referencéneadwith aslightly openednouthfrom oneof the
sequences.Our dataregistrationinvolves automatedea-
turetracking,rigid orientationbasedon the 3D coordinates
of thesemarler-points,anda subsequentptical o w algo-
rithm for densecorrespondendeasecbn shapeandtexture.
Preciserigid alignmentis importantin orderto avoid head
movementsin newv animations. The next two subsections
detailall relevantsteps.

3.1. Tracking the Mark er-P oints

We paintedabout50 white markerpointson the faceof
the subject. Thesemarlerssene two purposes:rst, they
help the optical ow to track correctly the surface of the
skin, especiallyon the smoothregionsandaroundthelips.
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Figure 2. The r st row shows 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 removed. The
second row illustrates the 3D model in its original state (€), after automatic teeth and tongue removal

(f) and after the holes are lled and smoothed (g).

The secondpurposeis thatwe usea subsebf themasref-
erencepointsfor the alignmentof the faceorientations.
For tracking this subset, we implementeda template-
matchingalgorithm. The userplacessquaresof 10 10
pixels over eachmalker. The algorithmrecordsthe texture
informationinsidethosesquaresandsuperimposethemto
thenext frame. It thentriesto matchthis patternin aneigh-
borhoodof 20 20 pixelsaroundthelocationin the previ-
ousframe. The matchingis performedby minimizing the
squaredistanceof the pixel color valueover the neighbor
hood. This approachgave us a preciseandreliableway to
track the makerswithin eachsequencestor matchingthe
sequenceamongthem,we selectedarefelenceframefrom
thecorpus.The rst frameof eachsequencevasthenman-
ually superimposedvith thatreferencéframeandwe were
ableto connectthe correspondingnarker-pointsfrom one
sequencéo theother(seeFigure3).

For rigid alignmentwe selectednarkersfrom theforehead,
from the noseand aroundthe eyes so that the jaw move-
mentshave noin uence onthe nal orientationof thehead.
Basednthemarker-pointcoordinatesthefacesarealigned
via 3D-3D AbsoluteOrientation[13].

3.2. Optical Flow

The correspondencalgorithm and the de nition of
shapeandtexture vectorsfor the morphablemodelin this

paperis alongthe lines of [3]. Unlike [3], we do not use
a cylindrical parameterizatiomf the surface,but a param-

eterizationin termsof imagecoordinatesy; v of the scan-
nercamergSection2). Thealgorithmreliesbothon struc-
turesin shapeandin texture. In shapethedepthcoordinate
z(u; v) would vary along the cheekstowardsthe left and
right edgeof the scan,dueto the curved structureof the
cheeks.However, the curvatureis quite uniform, andso it
is more appropriateto usea quantity for shapematching
thatdoesnot vary alongthe cheeks.Previous experiments
have shavn thatcurvatureasde ned in differentialgeome-
try doesnotimprove the quality of the correspondenci3].
Onour data,the quality wasbestif we replacedhez coor
dinateby theradiusrelative to the vertical axis of the head,
which varieslittle alongthe cheek,andis lesssensitve to
noiseof the scannethandifferentialquantities:

Mww:pﬂmw+wmw: 1)

With this, we represenscansaascombinedarrays
H(u;v) = (r(u;v)ig(us v) T (2)

In anextensionof theoptical o w algorithmof Bergenand
Hingorani[1], we nd theminimumof the costfunction
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Figure 3. Within a stream of scans, the
marker -points are tracked automaticall y by

template-matc hing. To initializ e the corre-
spondence of these markers in diff erent se-
quences that were recorded separately, the
r st frame of each sequence is superim-
posed with a selected reference frame and
the marker s are aligned manually (red lines).

in eachpoint u; v, whereR is a 5 by 5 neighborhoodf
u; v. This optimizationis performedin a coarse-to- nese-
quenceonaGaussiarpyramidof r (u; v) andg(u; v). After
eachstep,arelaxationalgorithmsmootheshedisplacement
eld u(u;v), v(u;v) inregionswith low contrasf3].
The displacementeld  u(u;v), v(u;v) allows us to
samplethe surface of eachscanin correspondencavith
the referencehead,andto form shapeandtexture vectors
by concatenatinghe 3D coordinatesandgrey valuesof all
sampledverticesi = 1:::n:

S = (X1Y1,Z1X25 11 Xn Vi Zn) s %)
t cngn) (6)

Theoptical o w algorithmis stronglyaffectedby edgesof
therecordedsurfaces.Dueto the naturalheadmaovements
of our recordedmodel, the edgesvary over time. For this
purpose after the the facesare alignedrigidly andbefore
optical o w is computedall raw dataarecroppedautomat-
ically: rst, acommonmaskis de ned astheintersection
of all the individual valid surface pointsin the cylindri-
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calrepresentationThismaskis usedfor croppingthescans.

4. Statistical Data Analysis

Thecoreof thelearning-basedpproachisto nd statis-
tical correlationsin the training datathat distinguishnatu-
ral motionfrom randomnoisein eachvertex position. The
morphablemodelapproactcapturesuchcorrelationsauto-
matically Thegoalin our dataanalysisis to de ne andan-
alyzeclustersof visemes.We do thisin alow-dimensional
representatiorthat is obtainedby a principal component
analysis(PCA).

PCA nds thedirectionsof the greatesvarianceof thevec-
tors,andprovidesan orthogonabasisof the linear spanof
examples. With this basis,every face can be transformed
into a low-dimensionalvector For numericalreasonsye
calculatedhe PCA only on every tenthframe of the train-
ing sequenced-romthe PCA computationwe retainedthe
rst 50 PCs;We have foundthatfor mouthmovementshe
mostimportantdeformationsarealreadyde ned by the 15
rst componentsthe next onesare necessaryor bringing
realismto themovementwhereasfterthe 50thcomponent,
theeigervectorsaremainly re ecting noisein themeasure-
ment. We performedthe PCA onceon the shapeinforma-
tion andonceonthetexture,thoughthe secondbnewasnot
necessarasthetexture doesnot changeovertime. In fact,
mappingthe texture of the referencdaceon the restof the
datapermittedto verify the quality of the dataregistration
(e.g.by testingwhetherthe texture of the eye always ts to
theshapeof theeye).
In the principal componentst this point, therewasa sig-
ni cant contrikution of the movementof the eyesbecause
the actresshlinked 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 the entireface. Unlike a trivial versionthatwould
setthedisplacementef theeyeregionto zeroin all frames,
our methodretainsall degreesof freedomof themorphable
model, andit retainscorrelationsacrossfaceregions that
may be presenin thedata(seeFigure4).

Throughouthe restof the paper we considershapevec-
tors after subtractingheir averagex = s s. In orderto
analyzethe varianceon the mouth,we transformeachdata
vectorx;, i = 1::m, to areducedvectorx; thatcontains
only thevertex coordinate®f themouthregion. Combining
theseto a datamatrix X, we cancomputethe diagonaliza-
tion of the covariancematrix

C= LyxT = io*wzu‘r )
m m
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Figure 4. When computing the PCA over the
whole face, eye-blinking will show up as an
impor tant component. To circumvent this,
we developed a method that produces princi-
pal components on the whole face, but con-
siders only variance in the mouth region.
Note that if the eye movement was correlated
with mouth movements, our method would
have retained it automaticall vy.

by aSingularvValueDecompositiorof thedatamatrix: X =
OW V. Theprincipalcomponentst; arethe columnsof
thematrix U, andthesecanberewrittenin termsof thedata
vectors,usingthe matricesV andWw :
X 1
= VX
i Wi

With the samelinear weights, we can map the principal
components$o the original vectorspace:
X 1
uj = — Vi X!

oW

J
Unlike uy, the vectorsu; do notform anorthogonalbasis,
andthey differ from a PCA computedon the original data
directly, eventhoughthey spanthe samesubspace.
Figure5 illustratesthe referenceneadthat we selectedand
thedeformationslongthe rst four PCs.Thedeformations
areampli ed by acoefcient 3 sothatwe couldalsocheck
the consisteng of the deformations. On the basisof the
viseme-spacevith the 50 rst PCs,we de ne the clusters
for eachvisemein the next section.

4.1. Sound Synchronization

For being able to identify visemesin the vectorspace
we needto know whatphonemewasutteredin eachof the
framesof our sequences.For that purpose,we recorded
the audio at the sametime we acquiredthe 3D data. The

Sphinxtool developedat Carngyie Mellon University [20]
allows, given a sentenceas an audio le along with the
correspondindext, to geta decompositiorinto a phoneme
sequencesver time with a resolution of a 100th of a
second.

Thesentenceorpuswe usedconsistedf elevensentences.
Every sequencevasrecordedover about6,2 secondg250
framesat 40Hz) from which we removed the silenceat the
beginning andat the end. The sentencesontainedall the
phonemeaisedin the Englishlanguageand mostof them
severaltimessothatfor a givenphonemewve have different
coarticulation effects dependingon the the preceding
andfollowing phonemesn the sentence.With that infor-
mation,we wereableto attributeaphonemeo every frame.

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 what phonemesvasutteredin
every frame.By projectingthewholecorpusontothebasis,
we obtainthe positionsfor all the facesin the space. We
build atablein which for every phonemene list the frame
numberghatcorrespondedye thenconsidereachlist indi-
vidually andde ne aclusterfor thatphonemeAll visemes
de ned insidethoseclustersarethuspotentialvisemego a
givenphoneme.

Still, we have to remembethattheprincipalcomponenba-
sisis notorthogonal Thereforetheprojectionof avectorx

is achieved by computingthe reducedvectorx, g,nd calcu-
latingthescalamproductay = ¢ x. Thenx = | acu.

Figure6 illustratesthe averagevisemein someof the clus-
ters.

5. Reanimating Faces

In themorphablemodel,we de ned avisemeclusterfor
every phonemé. Pathsconnectingheclustersde ne anin-
terpolationcune. The approachpresentedy [9] de nes
smoothcurvesover theseclustersthat producerealistican-
imationsin 2D. This approachcanbe suitedto our system
andwould take adwantageof the informationon the coar
ticulationwe have in our data. Presentlywe computedan
averagevisemefor every clusterandfocusedon generating
pathsbetweerthem.

1We obtained47 different visemescorrespondingo the phonemes
IAA/, IAE/, IAH/, IAOI, IAWI, IAXI, IAXRI, IAY/, IBI, ICH/, ID/, IDHI,
IDXI/, [EH/, IERILIEY/, IFI,IG/, IHHI, \H/, IKI, /LI, IM/, IN/, ING/, IOW/,
1OY/, IPLIRILISIISHILITIL ITHI IUHL, TUWY, VI, IWL 1Y, 121, 1ZH] and
/SIL/, for thesilentviseme.



Figure 5. The r st picture shows the reference head. The second column shows the result of shifting

the average face by +3 or -3 standar d deviations along the r st principal

component. The other

columns show shifts along the next principal components.

After phoneticalignmentwith the Sphinxsoftware(seesec-
tion 4.1), we have a phonemesequenceavith onephoneme
for every 100th of a secondover the novel audio le. Let
a; denotethe coordinatesof the visemecorrespondingo
the phonemeattributed to the ith slot of the list. A sin-
gle phonemeusually spreadsover several time slots. By
making the associationphoneme-visemewe could have
regeneratedan animationby a direct reproductionof the
visemesfor eachtime slot; but this would createdisconti-
nuitiesfrom onevisemeto the other ratherthana realistic,
smoothmovement.

To approximatethis, a visemewas createdfor every time
slot but with anin uence of the precedingandsucceeding
ones.Soanew visemewasgeneratedor every frame,and
we computedts coordinatesa? asa linear combinationof
a; andits neighbordn the sequenceWe attributedweights
asfollows:

al= 01 a 1+ 05 a + 03 aj« + 01 aus

The weightssumup to 1 andwe put a heavier weighton
the succeedingrame while keepingsomein uence from
framesi 1 andi + 3 (we includedan in uence of the
i + 3 frame,asthelips tendto aim atthe next phonemeo
be uttered).

After this processwe hada sequencef new visemeswith
aframe-rateof 100fps. As ouranimationrunswith 25 fps,
we combined4 subsequerftamesto producea motion-blur
effectthatgivesamorerealistictouchjustasin realvideos,
wherethe displacementf thelips duringeachcamerashot
becomewisible.

6. Articulation Transfer

For articulation transfey we connectthe morphable
model of 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 generalcorrespondencéetweenboth
morphablemodels. We do this by tting the morphable
model of identity spaceto a neutral frame from viseme
space.Having selecteda framewith neutralmouthshape,
we projectit into a cylindrical representation. Let ver-
ticesi of the visememodelbe projectedto cylindrical co-
Ordinatesrviseme;i ;hviseme;i y viseme;i - This giveS us a
cylindrical surfacerepresentationyiseme (h; ) alongwith
greyscale texture gyiseme (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 coefcients for nonrigid deformationsuch that a
cylindrical projectionrigentty (h; ), Gidentity (h; ) of the
identity model is a similar as possibleto ryiseme (h; ),
Oviseme (h; ). After tting, we know the corresponding
positioNNigentity :k; identity :k iN thisrepresentatiofor all
verticesk of the identity model. If verticesi andk point
to the samecoordinatesh; , they correspond Basedon a
lookupandlinearinterpolationbetweemeighboringvertex
coordinategndtexturevalueswe canmapthe shapeof the
bestt backto the visemespace. Moreover, this general
correspondencletweernverticesi andk providesalookup
procedurefor directly transferringary otherfacevectorof
theidentity modelto thevisemespaceIn thesupplemental
video,we shaw theresultsof mappinga 3D laserscanto the



silence dArk (/AA))

chiCKen(/K/) Serve (/S/)

calCH (/CH/) li Ft (IF/)

yoU (JUW/) dove (V/)

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

visemespaceandreanimatinghis scanithis is deonstrated
my amorphingfrom the original recordedaceto the novel
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 transfer the articula-
tion to novel face meshes.

7.Resultsand Discussion

The supplementalideo to this papershowns reanima-
tions of the recordedfaceand otherfaceswith new utter

ancesfrom audioandtext inputs. The voiceis from a dif-
ferentperson.

In the animation the articulationsmatchthe sound,but the
model hasdif culty to closethe mouth completelywhen
pronouncinga /B/ a /M/ or an/P/. Thesephonemesstart
from the mouthclosedandthe soundis producedoncethe
lips burstopen. Therefore whenthe phonemeis detected
in the audio le, the mouthis alreadyopenin the corre-
spondingframe. By computingan averageover different
framesof suchvisemedn thetrainingdata,our systenmwill
representhemby a slightly openedmouth. This could be
correctecby distinguishingbetweendifferentphaseof the
phonemaeautterance.

Thevideodemonstratethe consisteny of our registration.
We appliedthe texture of the referencefaceon all of the
deformedmeshesso the precisionof the correspondence
canbejudgedby how thetexture alwaysmatchegheshape
variations.e.qg.for theeyes,the nostrils,thelips or the eye-
brows. This impliesthatthetexture canbe editedeasilyso
to remove the maler points or add somecolor, or replace
the greyscaletexture of the original recordingby a colored
texture anda differentfaceshapgseevideo).

In theanimation the edgef thefacemesharenot station-
ary. Onereasonis thatthe edgesarewherethe light from
thebeameiandtheview directionof the cameraarealmost
tangentto the surfaceof the face,andwe have lesspreci-
sionin thereconstructiorthanfor therestof theface.This
noiseis thenpropagtednot only over the differentfacein
the sequencebut also over the differentsequencesvhere
the estimationcan be signi cantly differentasthey were
recordedndependently Theseoscillationswould thenap-
pearin the rst PCsandthereforehave animportantimpact
ontheresults.With our modi ed PCA, we reducedhis ef-
fectandavoidedtheartefictsto in uence whattheprincipal



componentsire,but still our approachretainssomeof these
variations. They could be remored by keepingthe vertex

coordinatesof the edgeverticesat a constantvalue. An-

otherreasoris thattheheadwaspositioneddifferentlyfrom

onesequenct¢o theotherandtheedgesn onesequencelo

notmatchtheonesfrom anotheisequenceTheoptical o w

is sensitve to regionswith high cunaturelik e the nosefor

instance,but alsoto edges,andthey clearly in uence the
results. A fastway to remedyis to shrinkthe maska little

bit beforewe outputtheanimation.

8. Conclusionand Futur e Work

We have presentedn automatedend-to-endsystemfor
dataanalysisand for the synthesisof animationsfor new
utterancesThe precisionof the correspondencis demon-
stratedby applying the texture of the referenceheadover
all the otherframes.In eachtimestep the texture perfectly
matchedhe geometrieswhich guaranteethatevery vertex
positionis consistenover the reference We computedhe
PCA over a subsetof 200 framesfrom a corpusof 2000.
We did not selectspeci ¢ ones but simply took every 10th.
We keptonly the 50 rst principal componentout of the
200,astheremainingonesaremostlynoise.Oncethemor-
phablemodelwasbuilt, we could generate3D modelsfor
eachvisemeand seeif they correspondo whata human
obsererwould expect. Someof themareillustratedin Fig-
ure 6. Finally, we wereableto recreatefrom a novel au-
dio recordinga new articulation,andby usinga morphable
model,to recreateheanimationonanovel headmodel. For
theresultswe referthereaderto the supplementabideo.
Unlike otherapproachesuchas[15, 22], our methodtrans-
fersthedisplacementsbseredwith onepersondirectly to
otherindividuals. It is certainly desirableto captureand
recreatethe effect of differentindividual stylesanddiffer-
ent facial expressionson speech. The focus of our work
arethe deformationsalongan utteranceandnot acrossut-
teranceof differentpersons.Given a large corpusof data
from differentindividuals,individual differencesn speech
areaninterestingopicfor futurework alongthelinesof the
promisingmethodsproposedso far [22]. Also for animat-
ing novel facesof animal-like charactersa mappingon the
correspondingleformationdirectionswould beaninterest-
ing stepto implement15].

Our resultsindicatethe viability androbustnessf the sys-
temespeciallywhencomparinghe nal animationwith the
low quality of the original data(seeFigure?2).
Therearestill two aspectghatwe have to considerfor the
animationsto performmorerealistically The rst oneis
the coarticulationeffect. Our approachdoesnot explicitly
modelcoarticulationwhichwould certainlybefoundin the
original dataset. In future work, we will focuson recreat-
ing real coarticulationeffects. The secondaspectis that

we assumedhat a phonemecanbe associatedvith a sin-

gle viseme.However, if we considerfor instancethe sound
producedwhen pronouncinga /P/, thereis actually a se-
guenceof two consecutie visemesthat shouldbe associ-
atedto it: The rst onehasbothlips in contactandthe next

one hasthe mouth openin a very fastmotion. For some
of thephonemesye shouldde ne asequencef morethan
oneviseme andforcetheoccurrencef thissequenceo ap-
pearin the animation.We areplanningto investigatethese
effectsfurtherin futurework.

Thepresentedystemis areliablebackbondghatshoulden-
ablefuture developmentsn differentdirections. Coupled
with a facial movementtracker, we could generatevideo-
dubbingby superimposing recreatedaceonto a moving

charactein avideo. Componentslescribingdifferentemo-
tionssuchassurprise fear, angeretc,canalsobetakeninto

accountin orderto modify the style of therearticulatedan-
imation.
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