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Abstract
Controlling and animatingthe facial expressionof a computer-generated 3D character is a dif�cult problem
becausethefacehasmanydegreesof freedomwhilemostavailableinputdeviceshavefew. In thispaper, weshow
that a rich setof lifelike facial actionscan be createdfrom a preprocessedmotioncapture databaseand that a
usercancontrol theseactionsbyactingout thedesiredmotionsin frontof a videocamera. Wedevelopa real-time
facial tracking systemto extract a small setof animationcontrol parameters from video.Becauseof the nature
of videodata,theseparameters maybenoisy, low-resolution,andcontainerrors.Thesystemusestheknowledge
embeddedin motioncapturedatato translatetheselow-quality2D animationcontrol signalsinto high-quality3D
facial expressions.To adaptthesynthesizedmotionto a new charactermodel,weintroduceanef�cient expression
retargeting techniquewhoserun-time computationis constantindependentof the complexity of the character
model.We demonstrate thepowerof this approach throughtwo users whocontrol andanimatea wide range of
3D facial expressionsof differentavatars.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Animation; I.3.6 [Com-
puterGraphics]:Interactiontechniques;I.4.8 [ImageProcessingandComputerVision]: Tracking

1. Intr oduction

Providing intuitivecontrolover three-dimensionalfacialex-
pressionsis animportantproblemin thecontext of computer
graphics,virtual reality, and humancomputerinteraction.
Sucha systemwould be useful in a variety of applications
suchas video games,electronicallymediatedcommunica-
tion, userinterfaceagentsandteleconferencing.Two dif�-
culties, however, arise in animatinga computer-generated
facemodel:designinga rich setof believableactionsfor the
virtual characterand giving the userintuitive control over
theseactions.

Oneapproachto animatingmotion is to simulatethedy-
namicsof muscleandskin. Building andsimulatingsucha
modelhasproven to be an extremelydif�cult taskbecause
of thesubtletyof facialskinmotions40; 34. An alternative so-
lution is to usemotioncapturedata20; 30. Recenttechnologi-
cal advancesin motioncaptureequipmentmake it possible
to recordthree-dimensionalfacial expressionswith high �-
delity, resolution,andconsistency. Althoughmotioncapture
dataarea reliableway to capturethe detail andnuanceof

y http://graphics.cs.cmu.edu/projects/face-animation

Figure1: InteractiveExpressionControl : ausercancontrol
3D facial expressionsof an avatar interactively. (Left) The
users act out the motion in front of a single-view camera.
(Middle)Thecontrolled facial movementof theavatarswith
gray masks.(Right) Thecontrolled facial movementof the
avatarswith texturemappedmodels.
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live motion, reuseandmodi�cation for a differentpurpose
remainsachallengingtask.

Providing theuserwith an intuitive interfaceto controla
broadrangeof facial expressionsis dif�cult becausechar-
acterexpressionsare high dimensionalbut most available
input devicesarenot. Intuitive controlof individual degrees
of freedomis currentlynot possiblefor interactive environ-
mentsunlesstheusercanusehis or herown faceto actout
themotionusingonlinemotioncapture.However, accurate
motion capturerequirescostly hardware and extensive in-
strumentingof thesubjectandis thereforenot widely avail-
able or practical.A vision-basedinterfacewould offer an
inexpensive and nonintrusive alternative to controlling the
avatar interactively, though accurate,high-resolution,and
real-timefacial tracking systemshave not yet beendevel-
oped.

In this paper, we proposeto combinethe strengthsof a
vision-basedinterfacewith thoseof motioncapturedatafor
interactive controlof 3D facialanimations.We show thata
rich setof lifelik efacialactionscanbecreatedfrom amotion
capturedatabaseandthat theusercancontrol theseactions
interactively by acting out the desiredmotionsin front of
a video camera(�gure 1). The control parametersderived
from a vision-basedinterfaceareoftennoisyandfrequently
containerrors24. The key insight in our approachis to use
theknowledgeembeddedin motioncapturedatato translate
theselow-quality controlsignalsinto high-qualityfacialex-
pressions.

In theprocess,we faceseveralchallenges.First,we must
maplow-quality visual signalsto high-qualitymotiondata.
This problemis particularly dif�cult becausethe mapping
betweenthetwo spacesis not one-to-one,soa directframe-
by-framemappingwill notwork.Second,in orderto control
facial actionsinteractively via a vision-basedinterface,we
needto extract meaningfulanimationcontrol signalsfrom
the video sequenceof a live performerin real time. Third,
we want to animateany 3D charactermodelby reusingand
interpolatingmotion capturedata,but motion capturedata
recordonly the motion of a �nite numberof facial mark-
erson a sourcemodel.Thuswe needto adaptthe motion
capturedataof asourcemodelto all theverticesof thechar-
actermodelto beanimated.Finally, if thesystemis to allow
anyuserto controlany3D facemodel,we mustcorrectdif-
ferencesbetweenusersbecauseeachpersonhassomewhat
differentfacialproportionsandgeometry.

1.1. RelatedWork

Facial animation has been driven by keyframe
interpolation31; 36; 27, direct parameterization32; 33; 11,
the user's performance13; 43; 41; 14, pseudomuscle-based
models42; 9; 23, muscle-basedsimulation40; 26, 2D facial
datafor speech6; 5; 15 and full 3D motion capturedata20; 30.
Among theseapproaches,our work is mostcloselyrelated

to the performance-driven approachand motion capture,
and we thereforereview the researchrelatedto thesetwo
approachesin greaterdetail. Parke and Waters offer an
excellentsurvey of theentire�eld 34.

A numberof researchershave describedtechniquesfor
recovering facial motions directly from video. Williams
trackedexpressionsof a liveperformerwith specialmakeup
and then mapped2D tracking data onto the surface of a
scanned3D face model43. Facial trackers without special
markerscanbebasedon deformablepatches4, edgeor fea-
ture detectors41; 25, 3D face models14; 37; 12 or data-driven
models19. For example,TerzpoloulosandWaterstrackedthe
contourfeatureson eyebrows andlips for automaticestima-
tion of thefacemusclecontractionparametersfrom a video
sequence,and thesemuscleparameterswere then usedto
animatethephysicallybasedmusclestructureof asynthetic
character41. Essaand his colleaguestracked facial expres-
sionsusingoptical �o w in anestimationandcontrol frame-
work coupledwith aphysicalmodeldescribingtheskinand
musclestructureof the face14. More recently, Gokturk and
his colleaguesappliedPCA on stereotrackingdatato learn
a deformablemodeland then incorporatedthe learnedde-
formationmodelinto anoptical �o w estimationframework
to simultaneouslytrack the headand a small set of facial
features19.

The directuseof trackingmotion for animationrequires
that the facemodel of a live performerhave similar pro-
portionsandgeometryasthoseof theanimatedmodel.Re-
cently, however, thevision-basedtrackingapproachhasbeen
combinedwith blendshapeinterpolationtechniques32; 27 to
createfacial animationsfor a new target model7; 10; 16. The
targetmodelcouldbea 2D drawing or any 3D model.Gen-
erally, this approachrequiresthatanartistgeneratea setof
key expressionsfor thetargetmodel.Thesekey expressions
arecorrelatedto thedifferentvaluesof facialfeaturesin the
labelledimages.Vision-basedtrackingcanthenextract the
valuesof the facialexpressionsin thevideo image,andthe
examplescanbeinterpolatedappropriately.

Buck andhis colleaguesintroduceda 2D hand-drawn an-
imation systemin which a small set of 2D facial parame-
tersaretracked in thevideo imagesof a live performerand
then usedto blend a set of hand-drawn facesfor various
expressions7. TheFaceStationsystemautomaticallylocated
andtracked2D facialexpressionsin real time andthenani-
mateda 3D virtual characterby morphingamong16 prede-
�ned 3D morphs16. ChuangandBregler exploreda similar
approachfor animatinga 3D facemodelby interpolatinga
setof 3D key facial shapescreatedby an artist10. The pri-
marystrengthof suchanimationsystemsis the�e xibility to
animatea targetfacemodelthat is differentfrom thesource
modelin thevideo.Thesesystems,however, rely on thela-
bor of skilled animatorsto producethe key posesfor each
animatedmodel.Theresolutionandaccuracy of the�nal an-
imationremainshighly sensitive to thatof thevisualcontrol
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signaldueto thedirectframe-by-framemappingsadoptedin
thesesystems.Any jitter in thetrackingsystemresultsin an
unsatisfactory animation.A simple �ltering techniquelike
a Kalman �lter might be usedto reducethe noiseand the
jumping artifacts,but it would alsoremove the detailsand
high frequenciesin thevisualsignals.

Like vision-basedanimation,motion capturealso uses
measuredhumanmotiondatato animatefacialexpressions.
Motion capturedata,though,have moresubtledetailsthan
vision trackingdatabecausean accuratehardwaresetupis
usedin a controlledcaptureenvironment.Guenterandhis
colleaguescreatedan impressive systemfor capturinghu-
manfacialexpressionsusingspecialfacialmarkersandmul-
tiple calibratedcamerasandreplayingthemasahighly real-
istic 3D “talking head”20. Recently, Noh andNeumannpre-
sentedanexpressioncloningtechniqueto adaptexistingmo-
tion capturedataof a3D sourcefacialmodelontoanew 3D
targetmodel30. A recentnotableexampleof motioncapture
datais the movie The Lord of the Rings: the Two Towers
whereprerecordedmovementand facial expressionswere
usedto animatethesyntheticcharacter“Gollum.”

Both thevision-basedapproachandmotioncapturehave
advantagesand disadvantages.The vision-basedapproach
givesusan intuitive andinexpensive way to controla wide
rangeof actions,but current resultsare disappointingfor
animationapplications18. In contrast,motion capturedata
generatehigh quality animationbut are expensive to col-
lect, andoncethey have beencollected,maynot beexactly
what the animatorneeds,particularly for interactive appli-
cationsin which the requiredmotionscannotbe precisely
or completelypredictedin advance.Our goal is to obtain
theadvantageof eachmethodwhile avoiding thedisadvan-
tages.In particular, weuseavision-basedinterfaceto extract
a small setof animationcontrol parametersfrom a single-
cameravideoandthenusetheembeddedknowledgein the
motioncapturedatato translateit into highquality facialex-
pressions.Theresultis ananimationthatdoeswhatanani-
matorwantsit to do,but hasthesamehighqualityasmotion
capturedata.

An alternative approachto performance-basedanimation
is to use high degree-of-freedom(DOF) input devices to
control and animatefacial expressionsdirectly. For exam-
ple, DeGrafdemonstrateda real-timefacial animationsys-
tem that useda specialpurposeinteractive device calleda
“waldo” to achievereal-timecontrol13. Faceworksis another
high DOF device that gives an animatordirect control of
a character's facial expressionsusing motorizedsliders17.
Thesesystemsareappropriatefor creatinganimationinter-
actively by trainedpuppeteersbut not for occasionalusers
of videogamesor teleconferencingsystemsbecauseanun-
trained user cannot learn to simultaneouslymanipulatea
largenumberof DOFsindependentlyin a reasonableperiod
of time.

Computer vision researchershave explored another
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Figure 2: Systemoverview diagram.At run time, thevideo
images from a single-view camera are fed into the Video
Analysis component,which simultaneouslyextracts two
typesof animationcontrol parameters: expressioncontrol
parameters and 3D posecontrol parameters. The Expres-
sionControl andAnimationcomponentusestheexpression
control parameters as well as a preprocessedmotioncap-
ture databaseto synthesizethe facial expression,which de-
scribesonly themovementof themotioncapturemarkerson
the surfaceof the motion capture subject.The Expression
Retargeting componentusesthe synthesizedexpression,to-
getherwith thescannedsurfacemodelof themotioncapture
subjectandinputavatarsurfacemodel,to producethefacial
expressionfor anavatar. Theavatarexpressionis thencom-
binedwith the avatar pose, which is directly derivedfrom
posecontrol parameters, to generatethe�nal animation.

way to combine motion capture data and vision-based
tracking21; 35; 39. They usemotioncapturedatatobuild aprior
modeldescribingthemovementof thehumanbodyandthen
incorporatethis modelinto a probabilisticBayesianframe-
work to constrainthe search.The main differencebetween
ourwork andthisapproachis thatourgoalis to animateand
control the movementof any charactermodel rather than
reconstructandrecognizethe motion of a speci�c subject.
Whatmattersin ourwork is how themotionlooks,how well
thecharacterrespondsto theuser's input,andthelatency. To
this end,we not only want to remove thejitter andwobbles
from the vision-basedinterfacebut also to retain as much
as possiblethe small detailsand high frequenciesin mo-
tion capturedata.In contrast,trackingapplicationsrequire
thattheprior modelfrom motioncapturedatais ableto pre-
dict the real world behaviors well so that it can provide a
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powerful cue for the reconstructedmotion in the presence
of occlusionandmeasurementnoise.The detailsandhigh
frequenciesof thereconstructedmotionarenot theprimary
concernof thesevisionsystems.

1.2. Overview

Our systemtransformslow-quality tracking motion into
high-qualityanimationby usingtheknowledgeof humanfa-
cial motionthatis embeddedin motioncapturedata.Thein-
put to oursystemconsistsof asinglevideostreamrecording
the user's facial movement,a preprocessedmotion capture
database,a3D sourcesurfacescannedfrom themotioncap-
turesubject,anda3D avatarsurfacemodelto beanimated.

By actingout a desiredexpressionin front of a camera,
any userhasinteractivecontroloverthefacialexpressionsof
any 3D charactermodel.Our systemis organizedinto four
majorcomponents(�gure 2):

� Videoanalysis.Simultaneouslytrackthe3D positionand
orientationof the headand a small group of important
facial featuresin video and then automaticallytranslate
theminto two setsof high-level animationcontrolparam-
eters:expressioncontrol parametersand headposepa-
rameters.

� Motion capturedata preprocessing. Automaticallysep-
arateheadmotionfrom facialdeformationsin themotion
capturedataandextracttheexpressioncontrolparameters
from thedecoupledmotioncapturedata.

� Expression control and animation. Ef�ciently trans-
form thenoisyandlow-resolutionexpressioncontrolsig-
nals to high-qualitymotion in the context of the motion
capturedatabase.Degreesof freedomthatwerenoisyand
corruptedare�ltered andthenmappedto themotioncap-
turedata;missingdegreesof freedomanddetailsaresyn-
thesizedusing the information containedin the motion
capturedata.

� Expressionretargeting. Adaptthesynthesizedmotionto
animateall the verticesof a differentcharactermodelat
run time.

The motion capturedatapreprocessingis doneoff-line;
the otherstagesarecompletedonline basedon input from
theuser. We describeeachof thesecomponentsin morede-
tail in thenext four sectionsof thispaper.

2. VideoAnalysis

An ideal vision-basedanimationsystemwould accurately
trackboth3D headmotionanddeformationsof the facein
video imagesof a performer. If the systemis to allow any
userto control theactionsof a charactermodel,thesystem
mustbeuser-independent.In thecomputervision literature,
extensive researchhasbeendonein theareaof vision-based
facial tracking.Many algorithmsexist but the performance

of facialtrackingsystems,particularlyuser-independentex-
pressiontracking, is not very good for animationapplica-
tionsbecauseof thedirectuseof vision-basedtrackingdata
for animation.Consequently, we do not attemptto trackall
thedetailsof thefacialexpression.Instead,wechooseto ro-
bustly track a small setof distinctive facial featuresin real
time andthentranslatetheselow-quality trackingdatainto
high-quality animationusing the information containedin
themotioncapturedatabase.

Section 2.1 describeshow the system simultaneously
trackstheposeandexpressiondeformationfrom video.The
pose tracker recovers the position and orientationof the
head,whereasthe expressiontracker tracksthe positionof
19 distinctive facial features.Section2.2 explains how to
extractasetof high-level animationcontrolparametersfrom
thetrackingdata.

2.1. Facial tracking

Our systemtracksthe 6 DOFsof headmotion (yaw, pitch,
roll and3D position).We usea genericcylinder model to
approximatetheheadgeometryof theuserandthenapplya
model-basedtrackingtechniqueto recover theheadposeof
the userin the monocularvideo stream45; 8. The expression
trackingstepinvolvestracking19 2D featureson the face:
onefor eachmid-point of the upperandlower lip, onefor
eachmouthcorner, two for eacheyebrow, four for eacheye,
andthreefor thenose,asshown in �gure 3.Wechoosethese
facialfeaturesbecausethey havehighcontrasttexturesin the
local featurewindow andbecausethey recordthemovement
of importantfacialareas.

Initialization: The facial trackingalgorithmis basedon a
hand-initialized�rst frame.Posetrackingneedsthe initial-
izationof theposeandtheparametersof thecylindermodel,
includingtheradius,heightandcenterpositionwhereasex-
pressiontrackingrequirestheinitial positionof 2D features.
By default, the systemstartswith the neutralexpressionin
the frontal-parallelpose.A userclicks on the 2D positions
of 19 pointsin the �rst frame.After the featuresareidenti-
�ed in the�rst frame,thesystemautomaticallycomputesthe
cylindrical model parameters.After the initialization step,
thesystembuildsatexture-mappedreferenceheadmodelfor
usein trackingby projectingthe�rst imageontothesurface
of theinitializedcylindermodel.

Pose tracking: During tracking, the systemdynamically
updatesthe position and orientationof the referencehead
model.Thetextureof themodelis updatedby projectingthe
currentimageontothesurfaceof thecylinder. Whenthenext
frameis captured,thenew headposeis automaticallycom-
putedby minimizing thesumof thesquaredintensitydiffer-
encesbetweenthe projectedreferenceheadmodelandthe
new frame.Thedynamicallyupdatedreferenceheadmodel
candealwith graduallighting changesandself-occlusion,
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Figure 3: User-independentfacial tracking: theredarrow denotesthepositionandorientationof theheadandthegreendots
showthepositionsof thetrackedpoints.

whichallowsusto recover theheadmotionevenwhenmost
of thefaceis not visible.

Becausethe referencehead model is dynamically up-
dated,thetrackingerrorswill accumulateover time.Weuse
a re-registrationtechniqueto prevent this problem.At run
time,thesystemautomaticallystoresseveraltexture-mapped
headmodelsin key poses,andchoosesto register the new
video imagewith the closestexampleratherthanwith the
referenceheadmodelwhenthedifferencebetweenthecur-
rentposeandits closestposeamongtheexamplesfalls be-
low auser-de�ned threshold.

Somepixelsin theprocessedimagesmaydisappearor be-
comedistortedor corruptedbecauseof occlusion,non-rigid
motion,andsensornoise.Thosepixelsshouldcontributeless
to motion estimationthan other pixels. The systemusesa
robust technique,compensatediteratively re-weightedleast
squares(IRLS), to reducethecontributionof thesenoisyand
corruptedpixels3.

Expressiontracking: After the headposeshave beenre-
covered,thesystemusestheposesandheadmodelto warp
theimagesinto thefronto-parallelview. Thepositionsof fa-
cial featuresarethenestimatedin thewarpedcurrentimage,
given their locationsin the warpedreferenceimage.Warp-
ing removes the effectsof global posesin the 2D tracking
featuresby associatingthemovementsof featuresonly with
expressiondeformation.It also improves the accuracy and
robustnessof our featuretrackingbecausethemovementof
featuresbecomessmallerafterwarping.

To track the 2D positionof a facial feature,we de�ne a
small squarewindow centeredat the feature's position.We
make thesimplifying assumptionthatthemovementof pix-
els in thefeaturewindow canbeapproximatedastheaf�ne
motionof a planecenteredat the3D coordinateof the fea-
ture.Af�ne deformationshave6 degreesof freedomandcan
beinferredusingoptical�o w in thefeaturewindow. Weem-
ploy a gradient-basedmotionestimationmethodto �nd the
af�ne motionparameterstherebyminimizing thesumof the
squaredintensitydifferencein the featurewindow between
thecurrentframeandthereferenceframe2; 38; 1.

Even in warpedimages,trackingsinglefeaturessuchas
theeyelidsbasedon intensityonly is unreliable.To improve
trackingrobustness,we incorporateseveralprior geometric

constraintsinto thefeaturetrackingsystem.For example,we
assignasmallthresholdto limit thehorizontaldisplacement
of featureslocatedontheeyelidsbecausetheeyelidsdeform
almostvertically. Thesystemusesare-registrationtechnique
similar to the oneusedin posetrackingto handlethe error
accumulationof the expressiontracking. In particular, the
systemstoresthewarpedfacialimagesandfeaturelocations
in exampleexpressionsatruntimeandre-registersthefacial
featuresof thenew imageswith thosein theclosestexample
ratherthanwith thosein the referenceimagewhenthedif-
ferencebetweencurrentexpressionandits closesttemplate
fallsbelow asmallthreshold.

Our facialtrackingsystemrunsin realtimeat20 fps.The
systemis user-independentandcan track the facial move-
mentof differenthumansubjects.Figure3 showstheresults
of our posetracking and expressiontracking for two per-
formers.

2.2. Control Parameters

To build a commoninterfacebetweenthe motion capture
dataandthevision-basedinterface,we derive a smallsetof
parametersfrom the tracked facial featuresasa robust and
discriminative control signalfor facial animation.We want
thecontrolparametersextractedfromfeaturetrackingtocor-
respondin a meaningfulandintuitive way with theexpres-
sionmovementqualitiesthey control.In total,thesystemau-
tomaticallyextracts15 controlparametersthatdescribethe
facialexpressionof theobservedactor:

� Mouth (6): The systemextractssix scalarquantitiesde-
scribing the movementof the mouth basedon the po-
sitions of four tracking featuresaroundthe mouth: left
corner, right corner, upper lip and lower lip. More pre-
cisely, thesesix control parametersinclude the parame-
tersmeasuringthedistancebetweenthe lower andupper
lips (1), thedistancebetweentheleft andright cornersof
the mouth (1), the centerof the mouth (2), the angleof
the line segmentconnectingthe lower lip andupperlip
with respectto the vertical line (1), andthe angleof the
line segmentconnectingthe left andright cornersof the
mouthwith respectto thehorizontalline (1).

� Nose(2): Basedon threetrackedfeatureson thenose,we
computetwo controlparametersdescribingthemovement
of thenose:thedistancebetweentheleft andright corners
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Figure 4: The scannedheadsurfacemodelof the motion
capturesubjectalignedwith 76motioncapturemarkers.

of thenoseandthedistancebetweenthe top point of the
noseand the line segmentconnectingthe left and right
corners(2).

� Eye(2): Thecontrolparametersdescribingtheeyemove-
mentsarethedistancebetweentheupperandlower eye-
lids of eacheye (2).

� Eyebrow (5): Thecontrolparametersfor theeyebrow ac-
tions consistof the angleof eacheyebrow relative to a
horizontal line (2), the distancebetweeneacheyebrow
andeye (2), and the distancebetweenthe left and right
eyebrow (1).

The expressioncontrol signaldescribesthe evolution of
M = 15 control parametersderived from trackingdata.We
usethenotationZ̃i � f z̃a;i ja = 1; :::;15g to denotethecon-
trol signalat time i. Herea is the index for the individual
control parameter. These15 parametersareusedto control
theexpressiondeformationof thecharactermodel.In addi-
tion, theheadposederivedfrom videogivesus6 additional
animationcontrol parameters,which are usedto drive the
avatar's positionandorientation.

3. Motion CaptureData Preprocessing

We useda Minolta Vivid 700laserscannerto build thesur-
facemodelof amotioncapturesubject22. WesetupaVicon
motioncapturesystemto recordfacialmovementby attach-
ing 76re�ectivemarkersontothefaceof themotioncapture
subject.Thescannedsurfacemodelwith theattachedmotion
capturemarkersis shown in �gure 4. Themarkerswerear-
rangedsothattheirmovementcapturesthesubtlenuancesof
the facial expressions.During capturesessions,the subject
mustbeallowedto move his headfreely becauseheadmo-
tion is involvedin almostall naturalexpressions.As aresult,
theheadmotionandthefacialexpressionsarecoupledin the
motioncapturedata,andwe needto separatetheheadmo-
tion from the facial expressionaccuratelyin orderto reuse
andmodify themotioncapturedata.Section3.1describesa
factorizationalgorithmto separatetheheadmotionfrom the
facialexpressionin themotioncapturedataby utilizing the
inherentrankconstraintsin themotioncapturedata.

3.1. DecouplingPoseand Expression

Assumingthefacialexpressiondeformswith L independent
modesof variation, then its shapecanbe representedasa
linear combinationof a deformationbasissetS1;S2; :::;SL.
EachdeformationbasisSi is a 3 � P matrix describingthe
deformationmodeof P points.The recordedfacial motion
capturedataXf combinesthe effectsof 3D headposeand
localexpressiondeformation:

Xf = Rf � (
L

å
i= 1

cf i � Si ) + Tf (1)

whereRf is a 3 � 3 headrotationmatrix andTf is a 3 � 1
headtranslationin frame f . c f i is theweightcorresponding
to the ith deformationbasisSi . Our goal is to separatethe
headposeRf and Tf from the motion capturedataXf so
that the motion capturedatarecordonly expressiondefor-
mations.

We eliminateTf from Xf by subtractingthe meanof all
3D points.We then representthe resultingmotion capture
datain matrixnotation:
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whereF is the numberof framesof motion capturedata,
M is a 3F � P matrix storingthe 3D coordinatesof all the
motioncapturemarker locations,Q is a 3F � 3L scaledro-
tationmatrix recordingtheheadorientationsandtheweight
for eachdeformationbasisin every frame, B is a 3L � P
matrixcontainingall deformationbases.Equation(2) shows
thatwithout noise,the rankof thedatamatrix M is at most
3L. Therefore,we canautomaticallydeterminethe number
of deformationbasesby computingtherankof matrixM.

Whennoisecorruptsthemotioncapturedata,thedatama-
trix M will not beexactly of rank3L. However, we canper-
form singularvaluedecomposition(SVD) onthedatamatrix
M suchthatM = USVT , andthengetthebestpossiblerank
3L approximationof the datamatrix, factoringit into two
matrices:

Q̃ = U3F;3LS3L;3L
1
2 ; B̃ = S3L;3L

1
2 VP;3L

T (3)

Therankof datamatrixM, thatis 3L, is automaticallydeter-
minedby keepinga speci�c amountof original dataenergy.
In ourexperiment,wefoundthat25deformationbaseswere
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suf�cient to capture99:6% of thedeformationvariationsin
themotioncapturedatabase.

Thedecompositionof Equation(3) is determinedup to a
linear transformation.Any non-singular3L � 3L matrix G
andits inversecouldbeinsertedbetweenQ̃ andB̃ andtheir
productwouldstill bethesame.Thustheactualscaledrota-
tion matrixQ andbasismatrixB aregivenby

Q = Q̃� G B = G� 1 � B̃ (4)

with theappropriate3L � 3L invertiblematrixG selected.

To recovertheappropriatelineartransformationmatrixG,
weintroducetwo differentsetsof linearconstraints:rotation
constraintsandbasisconstraintsonthematrixGGT (For de-
tails,pleaseseeour technicalreport44). Rotationconstraints
utilize theorthogonalpropertyof therotationmatricesto im-
posethe linear constraintson the matrix GGT . Given 3D
motioncapturedata,thedeformationbasesrepresentingthe
facialexpressionarenot unique.Any non-singulartransfor-
mation of deformationbasesare still valid to describethe
facial expressions.To remove the ambiguity, our algorithm
automatically�nds the L appropriateframesin the motion
capturedatathatcover all thedeformationvariationsin the
data.WechoosetheseL framesasthedeformationbasis.The
speci�c form of the deformationbasisprovidesanotherset
of linear constraintson the matrix GGT . Thesetwo setsof
constraintsallow usto uniquelyrecover thematrixGGT via
standardleast-squaretechniques.WeusetheSVD technique
again to factor the matrix GGT into the matrix G and its
transposeGT , astepthatleadsto theactualrotationRf , con-
�guration coef�cients c f i , anddeformationbasesS1; :::;SL.

After weseparatetheposesfrom themotioncapturedata,
we project eachframe of the 3D motion capturedata in
the fronto-parallelview and extract the expressioncontrol
parametersfor eachmotion captureframemuchaswe ex-
tractedexpressioncontrolparametersfrom thevisual track-
ing data.Let Xi � f xb;i jb = 1; :::;76g be 3D positionsof
the motion capturemarkers in frame i and Zi � f za;i ja =
1; :::;15g be the control parametersderived from frame i.
Here xb;i is the 3D coordinateof the bth motion capture
marker correspondingto framei. In this way, eachmotion
captureframeXi is automaticallyassociatedwith animation
controlparametersZi .

4. ExpressionControl and Animation

Given the control parametersderived from a vision-based
interface,controlling theheadmotionof a virtual character
is straightforward.Thesystemdirectly mapstheorientation
of the performerto the virtual character. The position pa-
rametersderivedfrom videoneedto beappropriatelyscaled
beforethey areusedto controlthepositionof anavatar. This

scaleis computedasthe ratio of the mouthwidth between
theuserandtheavatar.

Controllingtheexpressiondeformationrequiresintegrat-
ing theinformationin theexpressioncontrolparametersand
themotioncapturedata.In this section,we presenta novel
data-drivenapproachfor motionsynthesisthattranslatesthe
noisyandlower-resolutionexpressioncontrolsignalsto the
high-resolutionmotiondatausingtheinformationcontained
in motion capturedatabase.Previous work in this areacan
beclassi�ed into two categories:synthesisby examplesand
synthesisby a parametricor probabilisticmodel.Both ap-
proacheshave advantages:the former allows detailsof the
original motion to be retainedfor synthesis;the latter cre-
atesa simplerstructurefor representingthedata.In orderto
keepthe detailsandhigh frequency of the motion capture
data,we chooseto synthesizethefacialanimationby exam-
ples.Thesystem�nds theK closestexamplesin themotion
capturedatabaseusing the low-resolutionandnoisy query
controlparametersfrom thevision-basedinterfaceandthen
linearly interpolatesthe correspondinghigh-qualitymotion
examplesin thedatabasewith a local regressiontechnique.
Becausethe mappingfrom the control parametersspaceto
the motion dataspaceis not one to one,the querycontrol
signalis basedonmultiple framesratherthanasingleframe
therebyeliminating the mappingambiguity by integrating
thequeryevidenceforwardandbackwardover a window of
ashort�x edlength.

Themotionsynthesisprocessbeginswith anormalization
stepthat correctsfor the differencebetweenthe animation
controlparametersin the trackingdataandthemotioncap-
ture data.We thendescribea data-driven approachto �lter
thenoisyexpressioncontrolsignalsderivedfrom thevision-
basedinterface.Next, we introduceadata-drivenexpression
synthesisapproachthat transformsthe �ltered control sig-
nals into high quality motion data.Finally, we describea
new datastructureandan ef�cient K nearestpointssearch
techniquethatweuseto speedup thesynthesisprocess.

4.1. Control Parameter Normalization

Theexpressioncontrolparametersfrom thetrackingdataare
inconsistentwith thosein the motion capturedatabecause
the userand the motion capturesubjecthave different fa-
cial geometryandproportions.We usea normalizationstep
that automaticallyscalesthe measuredcontrol parameters
accordingto the control parametersof the neutralexpres-
sion to approximatelyremove thesedifferences.By scaling
thecontrolparameters,weensurethatthecontrolparameters
extractedfrom theuserhaveapproximatelythesamemagni-
tudeasthoseextractedfrom motioncapturedatawhenboth
arein thesameexpression.
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4.2. Data-drivenFiltering

Control signalsin a vision-basedinterfaceareoften noisy.
We divide them into segmentsof a �x ed, short temporal
lengthW at run time andthenusetheprior knowledgeem-
beddedin themotioncapturedatabaseto sequentially�lter
thecontrolsignalssegmentby segment.Theprior modelof
theexpressioncontrolsignalsis a local linearmodellearned
atruntime.Whenanew segmentarrives,themotioncapture
databaseis searchedfor theexamplesthataremostrelevant
to thesegment.Theseexamplesarethenusedto build alocal
lineardynamicalmodelthat capturesthedynamicalbehav-
ior of thecontrolsignalsovera �x edlengthsequence.

We collect the setof neighboringframeswith the same
temporalwindow W for eachframe in the motion capture
databaseandtreatthemasadatapoint.Conceptually, all the
motionsegmentsof thefacialcontrolsignalsform a nonlin-
earmanifoldembeddedin ahigh-dimensionalcon�guration
space.Eachmotionsegmentin themotioncapturedatabase
is a point sampleon themanifold.Themotionsegmentsof
controlsignalsfrom a vision-basedinterfacearenoisysam-
plesof thismanifold.Thekey ideaof our �ltering technique
is thatwe canusea low-dimensionallinearsubspaceto ap-
proximatethelocalregionof thehigh-dimensionalnonlinear
manifold.For eachnoisysample,we applyPrincipalCom-
ponentAnalysis(PCA) to learna linearsubspaceusingthe
datapoints that lie within the local region andthenrecon-
structthemusingthelow-dimensionallinearsubspaces.

If we choosetoo many framesfor the motion segments,
thesamplesfrom themotioncapturedatamightnotbedense
enoughto learnan accuratelocal linear modelin the high-
dimensionalspace.If we choosetoo few frames,themodel
will not captureenoughmotion regularities.The lengthof
themotionsegmentswill determinetheresponsetimeof the
system,or theactiondelaybetweentheuserandtheavatar.
Fromourexperiments,wefound20to beareasonablenum-
ber of framesfor eachsegment.The delay of our system
is then0.33sbecausethe framerateof our videocamerais
60fps.

Let f̃ t � [Z̃1; :::; Z̃W] be a fragmentof input control pa-
rameters.The�lter stepis

� Find theK closestslicesin themotioncapturedatabase.
� Computetheprincipalcomponentsof theK closestslices.

We keeptheM largesteigenvectorsU1; :::;UM asthe �l-
ter basis,andM is automaticallydeterminedby retaining
99%of thevariationof theoriginaldata.

� Projectf̃ t into a local linearspacespannedby U1; :::;UM
andreconstructthe control signal f̄ t = [Z̄1; :::; Z̄b] using
theprojectioncoef�cients.

Theprincipalcomponents,whichcanbeinterpretedasthe
major sourcesof dynamicalvariationin the local region of
the input control signals,naturally capturesthe dynamical
behavior of theanimationcontrolparametersin thelocal re-
gion of the input control signal f̃ t . We canusethis low di-

mensionallinear spaceto reducethe noiseanderror in the
sensedcontrol signal.The performanceof our data-driven
�ltering algorithmdependson thenumberof closestexam-
ples. As the numberof closestexamplesK increases,the
dimensionof subspaceM becomeshighersothat it is capa-
ble of representinga large rangeof local dynamicalbehav-
ior. Thehigh dimensionalsubspacewill provide fewer con-
straintson the sensedmotion andthe subspaceconstraints
might be insuf�cient to remove the noisein data.If fewer
examplesareused,they mightnotparticularlysimilar to the
onlinenoisymotionandthesubspacemight not �t themo-
tion verywell. In thisway, the�ltered motionmightbeover
smoothedanddistorted.Thespeci�c choiceof K dependson
the propertiesof a given motion capturedatabaseandcon-
trol dataextractedfrom video.In ourexperiments,wefound
thataK between50 to 150gaveusagood�ltering result.

4.3. Data-drivenExpressionSynthesis

SupposewehaveN framesof motioncapturedataX1; :::;XN
andits associatedcontrolparametersZ1; :::;ZN, thenourex-
pressioncontrol problem can be statedas follows: given
a new segment of control signals f̄ t = [Z̄t1; :::; Z̄tW ], syn-
thesizethe correspondingmotion captureexample M̄t =
[X̄t1; :::; X̄tW ].

Thesimplestsolutionto thisproblemmightbeK-nearest-
neighbor interpolation.For each frame Z̄i such that i =
t1; :::; tW, thesystemcanchoosetheK closestexamplepoints
of thecontrolparameters,denotedasZi1; :::;ZiK , in themo-
tion capturedataandassigneachof thema weightwi based
on their distanceto the queryZ̄i . Theseweightscould then
be appliedto synthesizethe 3D motion databy interpolat-
ing the correspondingmotion capturedataXi1; :::;XiK . The
downsideof thisapproachis thatthegeneratedmotionmight
not besmoothbecausethemappingfrom controlparameter
spaceto motioncon�gurationspaceis notoneto one.

Instead,we develop a segment-basedmotion synthesis
techniqueto removethemappingambiguityfrom thecontrol
parameterspaceto the motion con�guration space.Given
thequerysegmentf̄ t , we computetheinterpolationweights
basedonits distanceto theK closestsegmentsin themotion
capturedatabase.Thedistanceis measuredastheEuclidean
distancein thelocal linearsubspace.Wecanthensynthesize
the segmentof motion datavia a linear combinationof the
motiondatain theK closestsegments.Synthesizingthemo-
tion in this way allows usto handlethemappingambiguity
by integrating expressioncontrol parametersforwardsand
backwardsover thewholesegment.

Boththedynamical�ltering andthemotionmappingpro-
cedurework on a shorttemporalwindow of 20 frames.The
systemautomaticallybreaksthe video streaminto the seg-
mentsat run time, andthensequentiallytransformsthe vi-
sual control signalsinto high-qualitymotion datasegment
by segment.Becausea small discontinuitymight occur at
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the transitionbetweensegments,we introducesomeover-
lap betweenneighboringsegmentsso that we can move
smoothlyfrom one segmentto anothersegmentby blend-
ing the overlap.In our experiment,the blendinterval is set
to 5 frames.Two synthesizedfragmentsareblendedby fad-
ing out onewhile fading in the otherusinga sigmoid-like
function, a = 0:5cos(bp) + 0:5. Over the transitiondura-
tion,b moveslinearly from 0 to 1. Thetransitionalmotionis
determinedby linearly interpolatingsimilar segmentswith
weightsa and1� a.

4.4. Data Structur e

Becausea large numberof the K-nearest-neighborqueries
mayneedto beconductedover thesamedatasetS, thecom-
putationalcostcanbe reducedif we preprocessS to create
a datastructurethat allows fastnearest-pointsearch.Many
suchdatastructureshave beenproposed,andwe refer the
readerto28 for amorecompletereference.However, mostof
thesealgorithmsassumegenericinputsanddo not attempt
to take advantageof specialstructures.We presenta data
structureandef�cient K nearestneighborsearchtechnique
thattakesadvantageof thetemporalcoherenceof our query
data,that is, neighboringqueryexamplesarewithin a small
distancein thehigh-dimensionalspace.TheK closestpoint
searchcanbedescribedasfollows:

� ConstructneighborhoodgraphG. We collect the set of
neighboringframeswith the temporalwindow of W for
eachframein themotioncapturedatabaseandtreatthem
asa datapoint.Thenwe computethestandardEuclidean
distancedx(i; j) for every pair i and j of datapoints in
thedatabase.A graphG is de�ned over all datapointsby
connectingpointsi and j if they arecloserthana speci�c
thresholde, or if i is oneof theK nearestneighborsof j.
The edgelengthsof G areset to dx(i; j). The generated
graphis usedasadatastructurefor ef�cient nearest-point
queries.

� K-nearest-neighborsearch.Rather than searchthe full
database,we consideronly thedatapointsthatarewithin
a particulardistanceof thelastquerybecauseof thetem-
poral coherencein the expressioncontrol signals.When
a new motion queryarrives,we �rst �nd the closestex-
ample E amongthe K closestpoints of the last query
in the buffer. To �nd the K nearestpointsof the current
querymotion,thegraphis thentraversedfrom E in abest
�rst orderby comparingthequerywith thechildren,and
thenfollowing theonesthathaveasmallerdistanceto the
query. Thisprocessterminateswhenthenumberof exam-
plesexceedsa pre-selectedsizeor the largestdistanceis
higherthanagiventhreshold.

A singlesearchwith thedatabasesizejSj canbeapprox-
imatelyachievedin time O(K), which is independenton the
sizeof databasejSj andis muchfasterthanexhaustivesearch
with lineartimecomplexity O(jSj).

Figure 5: Dense surface correspondence. (Left) The
scannedsourcesurfacemodel.(Middle) Theanimatedsur-
facemodel.(Right)Themorphedmodelfromthesourcesur-
faceto thetarget surfaceusingthesurfacecorrespondence.

5. ExpressionRetargeting

The synthesizedmotion describedin the previous section
speci�esthemovementof a �nite setof pointson thesource
surface;however, animatinga 3D charactermodelrequires
moving all the verticeson the animatedsurface.Noh and
Neumannintroducedan expressioncloning techniqueto
map the expressionof a sourcemodel to the surfaceof a
target model30. Their methodmodi�es the magnitudesand
directionsof the sourceusingthe local shapeof two mod-
els. It producesgoodresultsbut the run time computation
costdependson the complexity of the animatedmodelbe-
causethemotionvectorof eachvertex on thetargetsurface
is adaptedindividually at run time.

In this section,we presentan ef�cient expressionretar-
getingmethodwhoserun-timecomputationis constantinde-
pendentof thecomplexity of thecharactermodel.Thebasic
ideaof our expressionretargetingmethodis to precompute
all deformationbasesof thetargetmodelsothattherun-time
operationinvolvesonly blendingtogetherthesedeformation
basesappropriately.

As input to this process,we take thescannedsourcesur-
facemodel, the input target surfacemodel,and the defor-
mation basesof the motion capturedatabase.We require
both modelsbe in the neutralexpression.The system�rst
buildsasurfacecorrespondencebetweenthetwo modelsand
then adaptsthe deformationbasesof the sourcemodel to
the target modelbasedon the deformationrelationshipde-
rived from the local surfacecorrespondence.At run time,
the systemoperateson the synthesizedmotion to generate
theweightfor eachdeformationbasis.Theoutputanimation
is createdby blendingtogetherthetargetdeformationbases
using the weights.In particular, the expressionretargeting
processconsistsof four stages:motionvectorinterpolation,
densesurfacecorrespondences,motion vectortransfer, and
targetmotionsynthesis.

Motion Vector Inter polation: Given the deformationvec-
tor of thekey pointson thesourcesurfacefor eachdeforma-
tion mode,the goal of this stepis to deformthe remaining
verticeson the sourcesurfaceby linearly interpolatingthe
movementof the key pointsusingbarycentriccoordinates.
First, the systemgeneratesa meshmodelbasedon the 3D
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 6: Thetop sevendeformationbasesfor a target surfacemodel.(a) Thegray maskis the target surfacemodelin the
neutral expression.(b-h)Theneedlesshowthescaleanddirectionof the3D deformationvectoroneach vertex.

positionsof themotioncapturemarkersonthesourcemodel.
For eachvertex, thesystemdeterminesthefaceonwhichthe
vertex is locatedandthe correspondingbarycentriccoordi-
natefor interpolation.Then the deformationvector of the
remainingverticesis interpolatedaccordingly.

DenseSurface Corr espondences:Beginning with a small
set of manuallyestablishedcorrespondencesbetweentwo
surfaces,a densesurface correspondenceis computedby
volumemorphingwith a RadialBasisFunctionfollowedby
a cylindrical projection29 (�gure 5). This givesus a home-
omorphicmapping(oneto oneandonto) betweenthe two
surfaces.Thenwe useRadialBasisFunctionsonceagain to
learncontinuoushomeomorphicmappingfunctionsf(xs) =
( f1(xs); f2(xs); f3(xs)) from the neutral expressionof the
sourcesurfacexs = (xs;ys;zs) to the neutralexpressionof
thetargetsurfacext = (xt ;yt ;zt ), suchthatxt = f(xs).

Motion Vector Transfer: The deformationon the source
surfacecannotsimplybetransferredto a targetmodelwith-
out adjustingthedirectionandscaleof eachmotionvector,
becausefacialproportionsandgeometryvarybetweenmod-
els. For any point xs on the sourcesurface,we can com-
putethecorrespondingpoint xt on the targetsurfaceby us-
ing the mappingfunction f(xs). Given a small deformation
dxs = (dxs;dys;dzs) for a sourcepoint xs, the deformation
dxt of its correspondingtarget point xt is computedby the
JacobianmatricesJf(xs) = (Jf1(xs);Jf2(xs);Jf3(xs))T :

dxt = Jf(xs) � dxs (5)

We usethe learntRBF function f(xs) to computetheJa-
cobianmatrixat xs numerically:

Jf i(xs) =

0

B
B
@

fi (xs+ dxs;ys;zs)� fi (xs;ys;zs)
dxs

fi (xs;ys+ dys;zs)� fi (xs;ys;zs)
dys

fi (xs;ys;zs+ dzs)� fixs;ys;zs)
dzs

1

C
C
A i = 1;2;3 (6)

Geometrically, theJacobianmatrixadjuststhedirectionand
magnitudeof thesourcemotionvectoraccordingto thelocal
surfacecorrespondencebetweentwo models.Becausethe
deformationof the sourcemotion is representedasa linear
combinationof a setof smalldeformationbases,thedefor-
mationdxt canbecomputedas:

dxt = Jf(xs) � SL
i= 1l idxs;i

= SL
i= 1l i(Jf(xs) � dxs;i ) (7)

wheredxs;i representsthesmalldeformationcorresponding
to theith deformationbase,andl i is thecombinationweight.
Equation(7) showsthatwecanprecomputethedeformation
basesof thetargetsurfacedxt;i suchthatdxt;i = Jf(xs) � dxs;i .
Figure6 shows the top sevendeformationbaseson a target
surfacemodel.
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TargetMotion Synthesis:After themotiondataaresynthe-
sizedfromthemotioncapturedatabaseviaavision-basedin-
terface,thesystemprojectstheminto thedeformationbasis
spaceof thesourcemodelS1; :::SL to computethecombina-
tion weightsl 1; :::; l L. Thedeformationof thetargetsurface
dxt aregeneratedbyblendingtogetherthedeformationbases
of the target surfacedxt;i usingthecombinationweightsl i
accordingto Equation(7).

The target motion synthesisis doneonline andthe other
threestepsarecompletedoff-line. Onestrengthof our ex-
pressionretargetingmethodis speed.Therun-timecomputa-
tionalcostof ourexpressionretargetingdependsonly onthe
numberof deformationbasesfor motion capturedatabase
L rather than the numberof the verticeson the animated
model. In our implementation,the expressionretargeting
costis far lessthantherenderingcost.

6. Results

All of themotiondatain ourexperimentswasfrom onesub-
ject andcollectedastherateof 120frames/second.In total,
the motion capturedatabasecontainsabout70000frames
(approximately10 minutes).We capturedthe subjectper-
formingvarioussetsof facialactions,includingthesix basic
facialexpressions:anger, fear, surprise,sadness,joy, anddis-
gustandsuchothercommonfacialactionsaseating,yawn-
ing, and snoring.During the capture,the subjectwas in-
structedto repeatthe samefacial actionat least6 timesin
orderto capturethedifferentstylesof thesamefacialaction.
We alsorecordeda small amountof motion datarelatedto
speaking(about6000frames),but the amountof speaking
datawasnotsuf�cient to coverall thevariationsof thefacial
movementsrelatedto speaking.

We testedour facialanimationsystemon differentusers.
Weuseasinglevideocamerato recordthefacialexpression
of a live performer. The framerateof the video camerais
about60 frames/second.The userswerenot told which fa-
cial actionswerecontainedin themotioncapturedatabase.
We alsodid not give speci�c instructionsto theusersabout
the kind of expressionsthey shouldperformandhow they
shouldperformthem.Theuserwasinstructedto startfrom
theneutralexpressionunderthefrontal-parallelview.

At run time, the systemis completelyautomaticexcept
that the positionsof the trackingfeaturesin the �rst frame
mustbe initialized. The facial trackingsystemthenrunsin
realtime (about20 frames/second).Dynamical�ltering, ex-
pressionsynthesis,andexpressionretargetingdonot require
userinterventionandtheresultinganimationis synthesized
in real time. Currently, the systemhasa 0.33sdelayto re-
move the mappingambiguity betweenthe visual tracking
data and the motion capturedata.Figure 7 and Figure 8
show several sampleframesfrom the single-cameravideo
of two subjectsand the animated3D facial expressionsof
two different virtual characters.The virtual charactersex-

hibit a wide rangeof facialexpressionsandcapturethede-
tailed musclemovementin untracked areaslike the lower
cheek.Although the tracked featuresare noisy and suffer
from the typical jitter in vision-basedtrackingsystems,the
controlledexpressionanimationsarepleasinglysmoothand
highquality.

7. Discussion

We have demonstratedhow a preprocessedmotion capture
database,in conjunctionwith areal-timefacialtrackingsys-
tem, can be usedto createa performance-basedfacial an-
imation in which a live performereffectively controls the
expressionsandfacial actionsof a 3D virtual character. In
particular, we have developedan end to end facial anima-
tionsystemfor trackingreal-timefacialmovementsin video,
preprocessingthe motion capturedatabase,controlling and
animatingthe facial actionsusingthe preprocessedmotion
capturedatabaseandtheextractedanimationcontrolparam-
eters,andretargetingthe synthesizedexpressionsto a new
targetmodel.

Wewouldliketo doauserstudyonthequalityof thesyn-
thesizedanimation.We cangenerateanimationsboth from
oursystemandfrom “groundtruth” motioncapturedataand
thenpresentall segmentsin randomorderto users.Thesub-
jects will be asked to selectthe “more natural” animation
sothatwe canevaluatethequalityof synthesizedanimation
basedon feedbackfrom users.We also would like to test
the performanceof our systemon a larger setof usersand
charactermodels.

Theoutputanimationmight not beexactly similar to the
facial movementin the video becausethe synthesizedmo-
tion is interpolatedand adaptedfrom the motion capture
data.If thedatabasedoesnot includetheexactfacialmove-
mentsin the video, the animationis synthesizedby appro-
priately interpolating the closestmotion examplesin the
database.In addition,thesamefacialactionfrom auserand
an avatar will differ becausethey generallyhave different
facialgeometryandproportions.

Onelimitation of thecurrentsystemis that sometimesit
losesdetailsof the lip movement.This problemarisesbe-
causethe motion capturedatabasedoesnot include suf�-
cientsamplesrelatedto speaking.Alternatively, theamount
of trackingdatain the vision-basedinterfacemight not be
enoughto capturethe subtle movementof the lips. With
a larger databaseand more tracking featuresaround the
mouth,this limitation mightbeeliminated.

Currently, our systemdoesnot considerspeechasan in-
put; however, previous work on speechanimationshows
thereis agooddealof mutualinformationbetweenvocaland
facial gestures6; 5; 15. The combinationof a speech-interface
and a vision-basedinterfacewould improve the quality of
the�nal animationandincreasethecontrollabilityof thefa-
cial movements.We would like to recordthe facial move-
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Figure7: Resultsof twouserscontrolling andanimating3D facial expressionsof twodifferenttarget surfacemodels.
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Figure8: Resultsof twouserscontrolling andanimating3D facial expressionsof twodifferenttexture-mappedavatarmodels.
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mentandthe audiofrom the motioncapturesubjectsimul-
taneously, andincreasethesizeof thedatabaseby capturing
morespeakingdata.Wewouldliketo explorehow to control
the facial movementof an avatarusinga multimodalinter-
face,acombinationof thevision-basedinterfaceandspeak-
ing interface.

We arealso interestedin exploring other intuitive inter-
facesfor data-driven facial animation.For example,a key-
framinginterpolationsystemmightusetheinformationcon-
tainedin a motion capturedatabaseto add the detailsand
nuancesof livemotionto thedegreesof freedomthatarenot
speci�edby animator.
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