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Abstract

Contwlling and animatingthe facial expressionof a computefrgenerated 3D character is a dif cult problem
becausahefacehasmanydegreesof freedomwhile mostavailableinput deviceshavefew. In this paper we show
that a rich setof lifelike facial actionscan be createdfrom a preprocessednotion captuie databaseand that a

usercancontmol theseactionsby actingoutthedesied motionsin frontof a videocamer. We developa real-time
facial tracking systento extract a small setof animationcontol parametes from video. Becauseof the nature

of videodata, theseparametes maybe noisy low-resolution,and containerrors. Thesystemusesthe knowledg

embeddeéh motioncaptuse datato translatethesdow-quality2D animationcontrol signalsinto high-quality3D

facial expressionsTo adaptthe synthesizedotionto a new charactermodel,weintroducean ef cient expression
retargeting technigue whoserun-time computationis constantindependenbf the compleity of the character
model.WWe demonstate the power of this appoac throughtwo usess who contol and animatea wide range of

3D facial expressionf differentavatars.

Catagyoriesand SubjectDescriptorgaccordingto ACM CCS) 1.3.7 [ComputerGraphics]:Animation;1.3.6 [Com-
puterGraphics]:nteractiontechniquest.4.8 [ImageProcessingndComputetVision]: Tracking

1. Intr oduction

Providing intuitive controlover three-dimensiondhcial ex-

pressionss animportantproblemin thecontext of computer
graphics,virtual reality, and humancomputerinteraction.
Sucha systemwould be usefulin a variety of applications
suchas video games,electronicallymediatedcommunica-
tion, userinterfaceagentsandteleconferencingTwo dif -

culties, however, arisein animatinga computergenerated

facemodel:designingarich setof believableactionsfor the

virtual characterand giving the userintuitive control over

theseactions. \ q
Oneapproacho animatingmotionis to simulatethe dy- ' ’

namicsof muscleandskin. Building andsimulatingsucha

modelhasprovento be an extremely dif cult taskbecause d

of the subtletyof facialskin motiong'® 34, An alternatve so-
lution is to usemotion capturedaté® 30. Recentechnologi-
cal advancesin motion captureequipmentmale it possible Figure1: InteractiveExpressiorContmol : a usercancontrol
to recordthree-dimensiondacial expressionswith high - 3D facial expressionsof an avatar interactively (Left) The
delity, resolution,andconsisteny. Althoughmotioncapture usess act out the motionin front of a single-viev camea.

dataarea reliableway to capturethe detail and nuanceof (Middle) Thecontmolled facial movemenbf theavatais with
gray masks(Right) The contolled facial moszementof the

avatars with texture mappedmodels.

Y http:/igraphics.cs.cmu.edu/projecisié-animation
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live motion, reuseand modi cation for a differentpurpose
remainsa challengingask.

Providing the userwith anintuitive interfaceto controla
broadrangeof facial expressionds dif cult becausehar
acter expressionsare high dimensionalbut most available
input devicesarenot. Intuitive control of individual degrees
of freedomis currentlynot possiblefor interactve erviron-
mentsunlessthe usercanusehis or herown faceto actout
the motion usingonline motion capture However, accurate
motion capturerequirescostly hardware and extensve in-
strumentingof the subjectandis thereforenot widely avail-
able or practical. A vision-basednterface would offer an
inexpensve and nonintrusve alternatve to controlling the
avatar interactvely, though accurate high-resolution,and
real-timefacial tracking systemshave not yet beendevel-
oped.

In this paper we proposeto combinethe strengthsof a
vision-basednterfacewith thoseof motion capturedatafor
interactize control of 3D facial animationsWe show thata
rich setof lifelik efacialactionscanbecreatedrom amotion
capturedatabas@ndthatthe usercancontrol theseactions
interactizely by acting out the desiredmotionsin front of
a video camera( gure 1). The control parameterslerived
from avision-basednterfaceareoftennoisyandfrequently
containerrorg4. The key insightin our approachis to use
theknowledgeembeddedn motioncapturedatato translate
theselow-quality control signalsinto high-qualityfacial ex-
pressions.

In the processwe faceseveral challengesFirst, we must
maplow-quality visual signalsto high-qualitymotion data.
This problemis particularly dif cult becausehe mapping
betweerthetwo spacess not one-to-onesoadirectframe-
by-framemappingwill notwork. Secondin orderto control
facial actionsinteractiely via a vision-basednterface,we
needto extract meaningfulanimationcontrol signalsfrom
the video sequencef a live performerin real time. Third,
we wantto animateary 3D charactemodelby reusingand
interpolatingmotion capturedata,but motion capturedata
recordonly the motion of a nite numberof facial mark-
erson a sourcemodel. Thuswe needto adaptthe motion
capturedataof a sourcemodelto all theverticesof thechar
actermodelto beanimatedFinally, if thesystemis to allow
anyuserto controlany 3D facemodel,we mustcorrectdif-
ferencesetweenusersbecauseachpersonhassomevhat
differentfacial proportionsandgeometry

1.1. RelatedWork

Facial animation has been driven by keyframe
interpolatiord® 3627, direct  parameterizatiot¥ 3311,
the users performanct 434114
modeld? %23, muscle-basedsimulatiorf®26, 2D facial
datafor speechi®15 andfull 3D motion capturedate® 0.
Among theseapproachespur work is mostcloselyrelated

pseudomuscle-based

to the performance-dvien approachand motion capture,
and we thereforereview the researchrelatedto thesetwo
approachesn greaterdetail. Parke and Waters offer an
excellentsurwey of theentire eld 34,

A numberof researcherfiave describedtechniquesfor
recovering facial motions directly from video. Williams
tracked expression®f alive performerwith speciaimakeup
and then mapped2D tracking data onto the surface of a
scanned3D face modef3. Facial trackers without special
markerscanbe basedon deformablepatche$, edgeor fea-
ture detector4t 25, 3D face modeld43712 or data-drven
modelg®. For example, TerzpoloulosandWaterstrackedthe
contourfeatureson eyebravs andlips for automaticestima-
tion of thefacemusclecontractionparameterérom avideo
sequenceand thesemuscleparametersvere then usedto
animatethe physically basedmusclestructureof a synthetic
charactetl. Essaand his colleaguesracked facial expres-
sionsusingoptical o w in anestimationandcontrol frame-
work coupledwith a physicalmodeldescribingthe skinand
musclestructureof the facé4. More recently Gokturk and
his colleaguesappliedPCA on sterecotrackingdatato learn
a deformablemodelandthenincorporatedhe learnedde-
formationmodelinto anoptical o w estimationframework
to simultaneouslytrack the headand a small set of facial
feature$®.

The directuseof trackingmotion for animationrequires
that the face model of a live performerhave similar pro-
portionsandgeometryasthoseof the animatednodel.Re-
cently however, thevision-basedrackingapproacthasbeen
combinedwith blendshapeénterpolationtechnique® 27 to
createfacial animationsfor a new target modef: 1016, The
targetmodelcouldbea 2D drawing or ary 3D model.Gen-
erally, this approachrequiresthatan artist generatea setof
key expressiondor thetargetmodel. Thesekey expressions
arecorrelatedo thedifferentvaluesof facialfeaturesn the
labelledimages.Vision-basedracking canthenextractthe
valuesof the facial expressionsn the videoimage,andthe
examplescanbeinterpolatedappropriately

Buck andhis colleaguesntroduceda 2D hand-dravn an-
imation systemin which a small setof 2D facial parame-
tersaretrackedin the videoimagesof alive performerand
then usedto blend a set of hand-dravn facesfor various
expression& The FaceStatiorsystemautomaticallylocated
andtracked 2D facial expressionsn realtime andthenani-
mateda 3D virtual characteby morphingamongl6 prede-

ned 3D morphg8. ChuangandBregler exploreda similar
approachor animatinga 3D facemodelby interpolatinga
setof 3D key facial shapesreatedby an artist0. The pri-
mary strengthof suchanimationsystemss the e xibility to
animatea tamgetfacemodelthatis differentfrom the source
modelin the video. Thesesystemshowever, rely onthela-
bor of skilled animatorsto producethe key posesfor each
animatednodel.Theresolutionandaccurag of the nal an-
imationremainshighly sensitve to thatof the visualcontrol
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signaldueto thedirectframe-by-framenappingsadoptedn
thesesystemsAny jitter in thetrackingsystenresultsin an
unsatisfctory animation.A simple ltering techniquelike
a Kalman Iter might be usedto reducethe noiseandthe
jumping artifacts,but it would alsoremove the detailsand
highfrequenciesn thevisualsignals.

Like vision-basedanimation,motion capturealso uses

measurediumanmotion datato animatefacial expressions.

Motion capturedata,though,have more subtledetailsthan
vision tracking databecausen accuratehardware setupis

usedin a controlledcaptureervironment.Guenterand his

colleaguescreatedan impressie systemfor capturinghu-

manfacialexpressionsisingspeciafacialmarkersandmul-

tiple calibratedcamerasndreplayingthemasahighly real-

istic 3D “talking head?°. Recently Noh andNeumanrpre-
sentedanexpressiorcloningtechniqudo adaptexistingmo-

tion capturedataof a 3D sourcefacialmodelontoanew 3D

tamgetmodefO. A recentnotableexampleof motioncapture
datais the movie The Lord of the Rings: the Two Towels

where prerecordednovementand facial expressionswere
usedto animatethe syntheticcharactetGollum.”

Both the vision-basedpproactandmotion capturehave
adwantagesand disadwantagesThe vision-basedapproach
givesus anintuitive andinexpensve way to control a wide
rangeof actions,but currentresultsare disappointingfor
animationapplication&8. In contrast,motion capturedata
generatehigh quality animationbut are expensve to col-
lect, andoncethey have beencollected,may not be exactly
what the animatorneeds particularly for interactve appli-
cationsin which the requiredmotionscannotbe precisely
or completelypredictedin adwance.Our goal is to obtain
the advantageof eachmethodwhile avoiding the disadwan-
tageslin particular we useavision-basednterfaceto extract
a small setof animationcontrol parameterdrom a single-
cameravideo andthenusethe embeddedknowledgein the
motioncapturedatato translatet into high quality facialex-
pressionsTheresultis ananimationthatdoeswhatan ani-
matorwantsit to do, but hasthe samehigh quality asmotion
capturedata.

An alternatve approacho performance-baseghimation
is to use high degree-of-freedomDOF) input devices to
control and animatefacial expressiondirectly. For exam-
ple, DeGrafdemonstrated real-timefacial animationsys-
tem that useda specialpurposeinteractive device calleda
“waldo” to achieve real-timecontrol3. Facevorksis another
high DOF device that gives an animatordirect control of
a charactes facial expressionsusing motorizedsliders”.
Thesesystemsare appropriatefor creatinganimationinter-
actively by trainedpuppeteersut not for occasionalusers
of video gamesor teleconferencingystemsbecausen un-
trained user cannotlearn to simultaneouslymanipulatea
large numberof DOFsindependentlyn areasonablgeriod
of time.

Computer vision researchershave explored another
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Figure 2: Systenoverviev diagram. At run time, the video
images from a single-viev camea are fed into the Video
Analysis component,which simultaneouslyextracts two
typesof animation contol parametes: expressioncontol

parametes and 3D posecontol parametes. The Expres-
sion Contol and Animationcomponentisesthe expression
contol parametes as well as a preprocessednotion cap-
ture databaseo synthesizehe facial expressionwhich de-
scribesonly the movementbf the motioncaptue markers on

the surfaceof the motion captule subject.The Expression
Retageting componentsesthe synthesize@xpression to-

getherwith thescannedsurfacemodelof themotioncaptue

subjectandinputavatarsurfacemodelto producethefacial

expressiorfor an avatar Theavatarexpressions thencom-
bined with the avatar pose which is directly derivedfrom
posecontol parametes, to generatethe nal animation.

way to combine motion capture data and vision-based
tracking?t 3539, They usemotioncapturedatato build aprior
modeldescribinghemovementof thehumanbodyandthen
incorporatethis modelinto a probabilisticBayesianframe-
work to constrainthe search.The main differencebetween
ourwork andthis approachs thatour goalis to animateand
control the movementof ary charactermodel ratherthan
reconstructand recognizethe motion of a speci ¢ subject.
Whatmattersn ourwork is how themotionlooks,how well
thecharacterespondso theuserSinput,andthelateng. To
this end,we not only wantto remove thejitter andwobbles
from the vision-basednterface but alsoto retainas much
as possiblethe small details and high frequenciesn mo-
tion capturedata.In contrasttracking applicationsrequire
thatthe prior modelfrom motioncapturedatais ableto pre-
dict the real world behaiors well sothatit canprovide a
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powerful cue for the reconstructednotion in the presence
of occlusionand measurememoise. The detailsand high
frequencieof thereconstructednotionarenot the primary
concerrof thesevision systems.

1.2. Overview

Our systemtransformslow-quality tracking motion into
high-qualityanimationby usingtheknowledgeof humanfa-
cial motionthatis embeddedh motioncapturedata.Thein-
putto our systemconsistf a singlevideostreanrecording
the users facial movement,a preprocessedhotion capture
databasea 3D sourcesurfacescannedrom themotioncap-
turesubjectanda 3D avatarsurfacemodelto beanimated.

By actingout a desiredexpressionin front of a camera,
ary userhasinteractve controloverthefacialexpression®f
ary 3D charactemodel.Our systemis organizedinto four
majorcomponentg gure 2):

Videoanalysis.Simultaneouslyrackthe3D positionand
orientationof the headand a small group of important
facial featuresin video and then automaticallytranslate
theminto two setsof high-level animationcontrolparam-
eters: expressioncontrol parametersaand headpose pa-
rameters.

Motion capture data preprocessingAutomaticallysep-
arateheadmotion from facialdeformationsn themotion
capturedataandextracttheexpressiorcontrolparameters
from thedecouplednotioncapturedata.

Expression control and animation. Efciently trans-
form the noisy andlow-resolutionexpressiorcontrol sig-
nalsto high-quality motionin the context of the motion
capturedatabaseDegreesof freedomthatwerenoisyand
corruptedare ltered andthenmappedo themotioncap-
turedata;missingdegreesof freedomanddetailsaresyn-
thesizedusing the information containedin the motion
capturedata.

Expressionretargeting. Adaptthesynthesizednotionto
animateall the verticesof a differentcharactemodelat
runtime.

The motion capturedatapreprocessings doneoff-line;
the other stagesare completedonline basedon input from
the user We describeeachof thesecomponentsn morede-
tail in the next four section=of this paper

2. Video Analysis

An ideal vision-basedanimationsystemwould accurately
track both 3D headmotion and deformation=of the facein
video imagesof a performer If the systemis to allow any
userto controlthe actionsof a charactemodel,the system
mustbe userindependentin the computewvision literature,
extensie researcthasbeendonein theareaof vision-based
facial tracking.Many algorithmsexist but the performance

of facialtrackingsystemsparticularlyuserindependenéx-

pressiontracking, is not very good for animationapplica-
tionsbecaus®f thedirectuseof vision-basedrackingdata
for animation.Consequentlywe do not attemptto trackall

thedetailsof thefacialexpressionIinstead we chooseo 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
tracksthe poseandexpressiordeformationfrom video.The
posetracker recovers the position and orientation of the
head,whereaghe expressiontracker tracksthe position of
19 distinctive facial features.Section2.2 explains how to
extractasetof high-level animationcontrolparameterfrom
thetrackingdata.

2.1. Facial tracking

Our systemtracksthe 6 DOFsof headmotion (yaw, pitch,

roll and 3D position). We usea genericcylinder modelto

approximatehe headgeometryof the userandthenapplya

model-basedrackingtechniqueto recover the headposeof

the userin the monocularvideo streant® 8. The expression
tracking stepinvolvestracking 19 2D featureson the face:
onefor eachmid-point of the upperandlower lip, one for

eachmouthcorner two for eacheyebraw, four for eacheye,

andthreefor thenose asshavnin gure 3. We choosehese
facialfeaturedecauséhey have highcontrastexturesin the

localfeaturewindow andbecausé¢hey recordthe movement
of importantfacialareas.

Initialization: The facial tracking algorithmis basedon a
hand-initialized rst frame.Posetrackingneedsthe initial-

izationof the poseandthe parametersf thecylinder model,
includingtheradius,heightandcenterpositionwhereasex-

pressiortrackingrequiregheinitial 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 inthe rst frame,thesystemautomaticallicomputeshe
cylindrical model parametersAfter the initialization step,
thesystembuilds atexture-mappedeferencéneadmodelfor

usein trackingby projectingthe rst imageontothesurface
of theinitialized cylinder model.

Pose tracking: During tracking, the systemdynamically
updatesthe position and orientationof the referencehead
model.Thetextureof themodelis updatedoy projectingthe
currentimageontothesurfaceof thecylinder. Whenthenext

frameis capturedthe new headposeis automaticallycom-
putedby minimizing the sumof the squaredntensitydiffer-

encesbetweenthe projectedreferenceheadmodelandthe
new frame.The dynamicallyupdatedreferenceneadmodel
candealwith graduallighting changesand self-occlusion,
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Figure 3: Userindependentacial tracking: thered arrow denoteghe positionand orientationof the headandthe greendots

showthe positionsof the tradked points.

which allows usto recover the headmotionevenwhenmost
of thefaceis notvisible.

Becausethe referencehead model is dynamically up-
datedthetrackingerrorswill accumulatevertime. We use
a re-rgistrationtechniqueto prevent this problem.At run
time,thesystemautomaticallystoresseveraltexture-mapped
headmodelsin key poses.andchoosego registerthe new
video imagewith the closestexampleratherthanwith the
referenceheadmodelwhenthe differencebetweenthe cur-
rentposeandits closestposeamongthe examplesfalls be-
low auserde ned threshold.

Somepixelsin theprocesseimageanaydisappeaor be-
comedistortedor corruptedbecausef occlusion,non-rigid
motion,andsensonoise.Thosepixelsshouldcontrituteless
to motion estimationthan other pixels. The systemusesa
robust technique compensatederatively re-weightedeast
squareglRLS), to reducethecontribution of thesenoisyand
corruptedpixels®.

Expressiontracking: After the headposeshave beenre-
covered,the systemusesthe posesandheadmodelto warp
theimagesinto thefronto-parallelview. The positionsof fa-
cial featuresarethenestimatedn thewarpedcurrentimage,
giventheir locationsin the warpedreferencamage.Warp-
ing removesthe effects of global posesin the 2D tracking
featureshy associatinghe movementof featuresonly with
expressiondeformation.It alsoimprovesthe accurag and
robustnesof our featuretrackingbecauséhe movementof
featureshecomesmallerafterwarping.

To track the 2D positionof a facial feature,we de ne a
small squarewindow centeredat the features position.We
male the simplifying assumptiorthatthe movementof pix-
elsin thefeaturewindow canbe approximatedsthe af ne
motion of a planecenteredat the 3D coordinateof the fea-
ture.Af ne deformationdave 6 degreesof freedomandcan
beinferredusingoptical o w in thefeaturewindow. We em-
ploy a gradient-basedhotion estimationmethodto nd the
afne motionparametersherebyminimizing the sumof the
squaredntensity differencein the featurewindow between
the currentframeandthereferencdrame* 38 1,

Evenin warpedimages trackingsingle featuressuchas
theeyelidsbasedn intensityonly is unreliable To improve
trackingrobustnessyve incorporateseveral prior geometric
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constraintsnto thefeaturetrackingsystemFor example we
assigna smallthresholdo limit the horizontaldisplacement
of featuredocatedontheeyelidsbecaus¢heeyelidsdeform
almostvertically. Thesystemusesare-rggistrationtechnique
similar to the oneusedin posetrackingto handlethe error
accumulationof the expressiontracking. In particular the
systemstoreshewarpedfacialimagesandfeaturelocations
in exampleexpressiongtruntime andre-reyistersthefacial
featuref thenew imageswith thosein theclosesiexample
ratherthanwith thosein the referencemagewhenthe dif-
ferencebetweencurrentexpressionandits closestemplate
falls belov asmallthreshold.

Ourfacialtrackingsystenrunsin realtime at20fps. The
systemis userindependentind cantrack the facial move-
mentof differenthumansubjectsFigure3 shavs theresults
of our posetracking and expressiontracking for two per
formers.

2.2. Control Parameters

To build a commoninterface betweenthe motion capture
dataandthe vision-basednterface ,we derive a smallsetof
parameterdrom the tracked facial featuresas a robust and
discriminatie control signalfor facial animation.We want
thecontrolparametersxtractedfrom featuretrackingto cor
respondn a meaningfulandintuitive way with the expres-
sionmovementqualitiesthey control.In total, thesystermau-
tomatically extracts15 control parametershat describethe
facialexpressiorof theobsenedactor:

Mouth (6): The systemextractssix scalarquantitiesde-
scribing the movementof the mouth basedon the po-
sitions of four tracking featuresaroundthe mouth: left
corner right corner upperlip and lower lip. More pre-
cisely thesesix control parametersnclude the parame-
tersmeasuringhe distancebetweerthe lower andupper
lips (1), the distancebetweertheleft andright cornersof
the mouth (1), the centerof the mouth (2), the angleof
the line sgmentconnectingthe lower lip and upperlip
with respecto the vertical line (1), andthe angleof the
line sggmentconnectingthe left andright cornersof the
mouthwith respecto the horizontalline (1).

Nose(2): Basedonthreetraclkedfeaturesonthenosewe
computewo controlparametergescribinghemovement
of thenosethedistancebetweertheleft andright corners
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Figure 4: The scannedhead surfacemodel of the motion
captue subjectalignedwith 76 motioncaptue markers.

of the noseandthe distancebetweerthe top point of the
noseandthe line sggmentconnectingthe left and right
cornerg(2).

Eye (2): Thecontrolparametersgescribinghe eye move-
mentsarethe distancebetweerthe upperandlower eye-
lids of eacheye (2).

Eyebrow (5): The controlparameterfor the eyebrav ac-
tions consistof the angleof eacheyebrav relative to a
horizontalline (2), the distancebetweeneacheyebrav
andeye (2), andthe distancebetweenthe left andright
eyebrav (1).

The expressioncontrol signal describeghe evolution of
M = 15 control parametersierived from trackingdata.We
usethe notationZ; f Zgija= 1;:::;15g to denotethe con-
trol signalattime i. Herea is the index for the individual
control parameterThesel5 parametersire usedto control
the expressiondeformationof the charactemodel.In addi-
tion, the headposederived from video givesus 6 additional
animationcontrol parameterswhich are usedto drive the
avatar's positionandorientation.

3. Motion Capture Data Preprocessing

We useda Minolta Vivid 700laserscanneto build the sur

facemodelof amotioncapturesubject2. We setup a Vicon

motioncapturesystento recordfacialmovementby attach-
ing 76 re ective markersontothefaceof themotioncapture
subjectThescannedurfacemodelwith theattachednotion
capturemarlersis shavn in gure 4. The markerswerear

rangedsothattheirmovementcaptureshesubtlenuance®f

the facial expressionsDuring capturesessionsthe subject
mustbe allowed to move his headfreely becauséneadmo-

tionis involvedin almostall naturalexpressionsAs aresult,
theheadmotionandthefacialexpressionsrecoupledn the

motion capturedata,andwe needto separatéhe headmo-

tion from the facial expressionaccuratelyin orderto reuse
andmodify the motion capturedata.Section3.1 describes

factorizationalgorithmto separaté¢he headmotionfrom the

facial expressiorin the motion capturedataby utilizing the

inherentrank constraintsn themotion capturedata.

3.1. DecouplingPoseand Expression

Assumingthefacial expressiordeformswith L independent
modesof variation, thenits shapecanbe representeds a

EachdeformationbasisS isa3 P matrix describingthe
deformationmodeof P points. The recordedfacial motion
capturedataX; combinesthe effectsof 3D headposeand
local expressiordeformation:

L
Xi=Rr (A ci S)+ Ty (1)
i=1

whereRs isa3 3 headrotationmatrixandT; isa3 1
headtranslationin frame f. cy; is theweightcorresponding
to the ith deformationbasisS. Our goalis to separatehe
headposeRs and T¢ from the motion capturedataX; so
that the motion capturedatarecordonly expressiondefor
mations.

We eliminateTs from X; by subtractingthe meanof all
3D points. We thenrepresenthe resultingmotion capture
datain matrix notation:

0 1 0 1 0 1
X1 cuRy i cuRg S

% : § _ % : : : § % : §
XF criRF 1 crLRr S

| —{z—} {z | —{z—}
M Q B

@

whereF is the numberof framesof motion capturedata,
Misa3F P matrix storingthe 3D coordinatef all the
motion capturemarker locations,Q isa3F 3L scaledro-
tation matrix recordingthe headorientationsandthe weight
for eachdeformationbasisin every frame,Bisa3L P
matrix containingall deformatiorbasesEquation(2) shavs
that without noise,the rank of the datamatrix M is at most
3L. Therefore we canautomaticallydeterminethe number
of deformatiorbasesy computingtherankof matrix M.

Whennoisecorruptsthemotioncapturedata thedatama-
trix M will notbe exactly of rank 3L. However, we canper
form singularvaluedecompositioffSVD) onthedatamatrix
M suchthatM = USVT, andthengetthe bestpossiblerank
3L approximationof the datamatrix, factoringit into two
matrices:

~ 1 ~ 1
Q= UsraSia?; B=Sya2Vea ' 3

Therankof datamatrix M, thatis 3L, is automaticallydeter
minedby keepinga speci c amountof original dataenengy.
In our experimentwe foundthat25 deformatiorbasesvere
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sufcient to capture99:6% of the deformationvariationsin
themotioncapturedatabase.

The decompositiorof Equation(3) is determinedup to a
linear transformation Any non-singular3L 3L matrix G
andits inversecould be insertedoetweend andB andtheir
productwould still bethe same Thusthe actualscaledrota-
tion matrix Q andbasismatrix B aregivenby

Q=0G B=G ' B (4)

with theappropriate8L 3L invertiblematrix G selected.

Torecovertheappropriatdineartransformatiommatrix G,
we introducetwo differentsetsof linearconstraintsrotation
constaintsandbasisconstaintsonthematrix GG" (Forde-
tails, pleaseseeour technicalreport4). Rotationconstraints
utilize theorthogonapropertyof therotationmatriceso im-
posethe linear constraintson the matrix GG'. Given 3D
motion capturedata,the deformationbasegepresentinghe
facial expressiorarenot unique.Any non-singulatransfor
mation of deformationbasesare still valid to describethe
facial expressionsTo remove the ambiguity our algorithm
automatically nds the L appropriateframesin the motion
capturedatathat cover all the deformationvariationsin the
data.Wechoosehesd. framesasthedeformatiorbasisThe
speci ¢ form of the deformationbasisprovidesanotherset
of linear constraintson the matrix GG . Thesetwo setsof
constraintsallow usto uniquelyrecoverthematrix GG’ via
standardeast-squaréechniqueswWe usethe SVD technique
again to factor the matrix GG' into the matrix G and its
transpos&', astepthatleadsto theactualrotationRs, con-
guration coefcients cyj, anddeformatiorbasess;;:::; S .

After we separat¢he posedrom themotioncapturedata,
we project eachframe of the 3D motion capturedatain
the fronto-parallelview and extract the expressioncontrol
parametersor eachmotion captureframe muchaswe ex-
tractedexpressiorcontrol parameterérom the visualtrack-
ing data.Let X;  fxyijb = 1;::;76g be 3D positionsof
the motion capturemarlersin framei andz; fzgjja=
1;:::;15g be the control parameterglerived from framei.
Here xp;i is the 3D coordinateof the bth motion capture
marker correspondingo framei. In this way, eachmotion
captureframeX; is automaticallyassociatedvith animation
controlparameterg;.

4. ExpressionControl and Animation

Given the control parametersierived from a vision-based
interface,controlling the headmotion of a virtual character
is straightforvard. The systemdirectly mapsthe orientation
of the performerto the virtual characterThe position pa-
rametergierivedfrom videoneedto beappropriatelyscaled
beforethey areusedto controlthe positionof anavatar This
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scaleis computedasthe ratio of the mouthwidth between
theuserandthe avatar

Controlling the expressiordeformationrequiresintegrat-
ing theinformationin theexpressiorcontrolparameterand
the motion capturedata.In this section,we presenta novel
data-drvenapproacHor motionsynthesighattranslateshe
noisy andlower-resolutionexpressioncontrol signalsto the
high-resolutiormotiondatausingtheinformationcontained
in motion capturedatabasePrevious work in this areacan
beclassi edinto two categories:synthesidy examplesand
synthesishy a parametricor probabilisticmodel. Both ap-
proacheshave advantagesthe former allows detailsof the
original motion to be retainedfor synthesisthe latter cre-
atesa simplerstructurefor representinghe data.ln orderto
keepthe detailsand high frequeny of the motion capture
data,we chooseo synthesizahefacialanimationby exam-
ples.Thesystemnds theK closestexamplesin themotion
capturedatabasaising the low-resolutionand noisy query
control parameterérom the vision-basednterfaceandthen
linearly interpolateghe correspondindnigh-quality motion
examplesin the databasevith a local regressiontechnique.
Becauseahe mappingfrom the control parameterspaceto
the motion dataspaceis not oneto one,the query control
signalis basedon multiple framesratherthana singleframe
therebyeliminating the mappingambiguity by integrating
the queryevidenceforwardandbackward over awindow of
ashort x edlength.

Themotionsynthesigprocesdeginswith anormalization
stepthat correctsfor the differencebetweenthe animation
controlparameteré the trackingdataandthe motion cap-
ture data.We thendescribea data-drven approacho lter
thenoisyexpressiorcontrolsignalsderivedfrom thevision-
basednterface Next, we introducea data-drvenexpression
synthesisapproachthat transformsthe Itered control sig-
nalsinto high quality motion data.Finally, we describea
new datastructureandan ef cient K nearesipointssearch
techniquethatwe useto speedup the synthesigprocess.

4.1. Control Parameter Normalization

Theexpressiorcontrolparameterfom thetrackingdataare
inconsistentvith thosein the motion capturedatabecause
the userand the motion capturesubjecthave differentfa-
cial geometryandproportions We usea normalizationstep
that automaticallyscalesthe measurecdcontrol parameters
accordingto the control parameterof the neutralexpres-
sionto approximatelyremove thesedifferencesBy scaling
thecontrolparametersye ensurdhatthecontrolparameters
extractedfrom theuserhave approximatelythesamemagni-
tudeasthoseextractedfrom motion capturedatawhenboth
arein the sameexpression.
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4.2. Data-driven Filtering

Control signalsin a vision-basednterfaceare often noisy
We divide them into segmentsof a x ed, short temporal
lengthW at run time andthenusethe prior knovledgeem-
beddedn the motion capturedatabase¢o sequentiallylter
the control signalssegmentby segment.The prior modelof
theexpressiorcontrolsignalsis alocal linearmodellearned
atruntime.Whenanew sggmentarrives,themotioncapture
databasés searchedor the examplesthataremostrelevant
to thesegment.Theseexamplesarethenusedto build alocal
linear dynamicalmodelthat captureghe dynamicalbeha-
ior of thecontrolsignalsovera x edlengthsequence.

We collect the setof neighboringframeswith the same
temporalwindov W for eachframein the motion capture
databas@andtreatthemasa datapoint. Conceptuallyall the
motion sggmentsof thefacial controlsignalsform anonlin-
earmanifoldembeddedh a high-dimensionaton guration
spaceEachmotion seggmentin the motion capturedatabase
is a point sampleon the manifold. The motion segmentsof
controlsignalsfrom a vision-basednterfacearenoisy sam-
plesof thismanifold. Thekey ideaof our ltering technique
is thatwe canusea low-dimensionalinear subspaceo ap-
proximatethelocalregion of thehigh-dimensionahonlinear
manifold. For eachnoisy sample we apply Principal Com-
ponentAnalysis(PCA) to learna linear subspaceisingthe
datapointsthatlie within the local region andthenrecon-
structthemusingthelow-dimensionalinearsubspaces.

If we choosetoo mary framesfor the motion segments,
thesamplegrom themotioncapturedatamightnotbedense
enoughto learnan accuratdocal linear modelin the high-
dimensionakpacelf we choosetoo few frames,the model
will not captureenoughmotion regularities. The length of
themotionsegmentswill determingheresponséime of the
systemor the actiondelaybetweerthe userandthe avatar
Fromour experimentswe found20to beareasonableum-
ber of framesfor eachsegment. The delay of our system
is then0.33sbecausehe framerate of our video cameras
60fps.

Letfy [Z1;::;Zw] be a fragmentof input control pa-
rametersThe lIter stepis

FindtheK closesslicesin the motioncapturedatabase.
Computetheprincipalcomponentsf theK closesstlices.

terbasis,andM is automaticallydeterminedy retaining
99% of thevariationof the original data.

Projectft into alocal linear spacespannedy Uy; :::;Un
andreconstructhe control signalft = [Z1;:::; Zy] using
theprojectioncoefcients.

Theprincipalcomponentsyhichcanbeinterpretedasthe
major sourcesof dynamicalvariationin the local region of
the input control signals,naturally capturesthe dynamical
behaior of theanimationcontrolparameterén thelocalre-
gion of the input control signalft. We canusethis low di-

mensionalinear spaceto reducethe noiseanderrorin the
sensedcontrol signal. The performanceof our data-drven
Itering algorithmdependon the numberof closestexam-
ples. As the numberof closestexamplesK increasesthe
dimensionof subspacé becomesighersothatit is capa-
ble of representinga large rangeof local dynamicalbehar-
ior. The high dimensionakubspacevill provide fewer con-
straintson the sensedmotion and the subspaceonstraints
might be insufcient to remove the noisein data.If fewer
examplesareused they might not particularlysimilar to the
online noisy motion andthe subspacenight not t the mo-
tion very well. In thisway, the ltered motionmightbeover
smoothedinddistorted Thespeci ¢ choiceof K depend®n
the propertiesof a given motion capturedatabasend con-
trol dataextractedfrom video.In our experimentsyve found
thataK betweerb0to 150gave usagood ltering result.

4.3. Data-driven ExpressionSynthesis

Supposeve have N framesof motioncapturedataXs;:::; Xy

pressioncontrol problem can be statedas follows: given
a nev segmentof control signalsft = [Z,;:::; Z,,], syn-
thesizethe correspondingmotion captureexample M; =

Thesimplestsolutionto this problemmightbeK-nearest-
neighbor interpolation. For eachframe Z suchthati =

of the control parametersijenotedasz;, ; :::; Z,, in themo-
tion capturedataandassigreachof thema weightw; based
on their distanceto the query Z;. Theseweightscould then
be appliedto synthesizehe 3D motion databy interpolat-

downsideof thisapproachs thatthegeneratednotionmight
not be smoothbecausehe mappingfrom control parameter
spaceo motioncon gurationspaces notoneto one.

Instead,we develop a segment-basednotion synthesis
techniqueo remove themappingambiguityfrom thecontrol
parameterspaceto the motion con guration space.Given
the querysegmentf ¢, we computetheinterpolationweights
basednits distanceo theK closessggmentsn themotion
capturedatabaseThedistancds measure@sthe Euclidean
distancen thelocallinearsubspaceéle canthensynthesize
the sgmentof motion datavia a linear combinationof the
motiondatain theK closesseggments Synthesizinghemo-
tion in this way allows usto handlethe mappingambiguity
by integrating expressioncontrol parametergorwardsand
backwardsoverthewholesegment.

Boththedynamical ltering andthemotionmappingpro-
cedurework on a shorttemporalwindow of 20 frames.The
systemautomaticallybreaksthe video streaminto the seg-
mentsat run time, andthen sequentiallytransformsthe vi-
sual control signalsinto high-quality motion datasegment
by segment.Becausea small discontinuity might occur at
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the transition betweensegments,we introducesomeover
lap betweenneighboringsegmentsso that we can move
smoothlyfrom one sggmentto anothersegmentby blend-
ing the overlap.In our experiment,the blendintenal is set
to 5 frames.Two synthesizedragmentsareblendedby fad-
ing out one while fadingin the otherusing a sigmoid-like
function, a = 0:5coqbp) + 0:5. Over the transitiondura-
tion, b moveslinearlyfrom O to 1. Thetransitionalmotionis
determinedby linearly interpolatingsimilar sgmentswith
weightsa and1l a.

4.4. Data Structure

Becausea large numberof the K-nearest-neighboqueries
mayneedto be conductedverthesamedatasetS, thecom-
putationalcostcanbe reducedf we preprocessSto create
a datastructurethat allows fastnearest-poinsearch Many

suchdatastructureshave beenproposedand we refer the
readerto?® for amorecompletereferenceHowever, mostof

thesealgorithmsassumegenericinputsanddo not attempt
to take adwantageof specialstructuresWe presenta data
structureandef cient K nearesheighborsearchtechnique
thattakesadwantageof thetemporalcoherenc®f our query
data,thatis, neighboringqueryexamplesarewithin a small

distancen the high-dimensionaspaceTheK closestpoint

searctcanbedescribedasfollows:

Constructneighborhoodgraph G. We collect the set of
neighboringframeswith the temporalwindow of W for
eachframein the motion capturedatabas@andtreatthem
asadatapoint. Thenwe computethe standarcEuclidean
distancedy(i; j) for every pairi and j of datapointsin
thedatabaseA graphG is de ned over all datapointsbhy
connectingoointsi andj if they arecloserthanaspeci c
thresholde, or if i is oneof theK nearesheighborsof j.
The edgelengthsof G aresetto dx(i; j). The generated
graphis usedasa datastructurefor ef cient nearest-point
queries.

K-nearest-neighbosearch.Ratherthan searchthe full
databasewe consideronly the datapointsthatarewithin
a particulardistanceof thelastquerybecausef thetem-
poral coherencen the expressioncontrol signals.When
a nev motion queryarrives,we rst nd the closestex-
ample E amongthe K closestpoints of the last query
in the buffer. To nd the K nearesipoints of the current
guerymotion,thegraphis thentraversedrom E in abest
rst orderby comparingthe querywith the children,and
thenfollowing theonesthathave a smallerdistanceo the
guery This procesderminatesvhenthenumberof exam-
plesexceedsa pre-selectedizeor the largestdistanceis
higherthana giventhreshold.

A singlesearchwith the databaseizejS canbe approx-
imatelyachievedin time O(K), whichis independenon the
sizeof databasg§ andis muchfasterthanexhaustve search
with lineartime compleity O(jS).

¢ TheEurographic#ssociation2003.

Figure 5: Dense surface correspondence (Left) The
scannedsource surfacemodel.(Middle) Theanimatedsur
facemodel.(Right) Themorphedmodelfromthesourcesur
faceto thetarget surfaceusingthe surfacecorrespondence

5. ExpressionRetargeting

The synthesizednotion describedin the previous section
speci esthemovementof a nite setof pointsonthesource
surface;however, animatinga 3D charactemodelrequires
moving all the verticeson the animatedsurface.Noh and
Neumannintroducedan expressioncloning techniqueto
map the expressionof a sourcemodelto the surfaceof a
target modefO. Their methodmodi es the magnitudesand
directionsof the sourceusingthe local shapeof two mod-
els. It produceggood resultsbut the run time computation
costdependsn the complity of the animatedmodelbe-
causethe motionvectorof eachvertex on thetargetsurface
is adaptedndividually atruntime.

In this section,we presentan ef cient expressionretar
getingmethodwhoserun-timecomputatioris constantnde-
pendenbf thecompleity of thecharactemodel. Thebasic
ideaof our expressionretagetingmethodis to precompute
all deformatiorbase®f thetargetmodelsothattherun-time
operationnvolvesonly blendingtogetherthesedeformation
basesappropriately

As input to this processwe take the scannedsourcesur
facemodel, the input target surface model, and the defor
mation basesof the motion capturedatabaseWe require
both modelsbe in the neutralexpression.The system rst
buildsasurfacecorrespondendeetweerthetwo modelsand
then adaptsthe deformationbasesof the sourcemodel to
the target model basedon the deformationrelationshipde-
rived from the local surface correspondencéAt run time,
the systemoperaten the synthesizednotion to generate
theweightfor eachdeformatiorbasis.Theoutputanimation
is createdby blendingtogethertthe targetdeformationbases
using the weights.In particular the expressionretageting
procesgonsistof four stagesmotionvectorinterpolation,
densesurfacecorrespondencesyotion vectortransfer and
targetmotionsynthesis.

Motion Vector Inter polation: Giventhe deformationvec-
tor of thekey pointsonthesourcesurfacefor eachdeforma-
tion mode,the goal of this stepis to deformthe remaining
verticeson the sourcesurfaceby linearly interpolatingthe
movementof the key pointsusingbarycentriccoordinates.
First, the systemgenerates meshmodelbasedon the 3D
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Figure 6: Thetop sevendeformationbasesfor a target surfacemodel.(a) The gray maskis the target surfacemodelin the
neutal expression(b-h) Theneedleshowthe scaleanddirectionof the 3D deformatiorvectoron ead vertex.

positionsof themotioncapturemarkersonthesourcemodel.
For eachverte, thesystenmdetermineshefaceonwhichthe
vertex is locatedandthe correspondindparycentriccoordi-
natefor interpolation.Then the deformationvector of the
remainingverticesis interpolatedaccordingly

DenseSurface Corr espondencesBeginning with a small
set of manually establisheccorrespondencelsetweentwo
surfaces,a densesurface correspondencés computedby
volumemorphingwith a RadialBasisFunctionfollowed by
a cylindrical projectior?® ( gure 5). This givesus a home-
omorphicmapping(oneto one and onto) betweenthe two
surfaces Thenwe useRadialBasisFunctionsonceagain to
learncontinuoushomeomorphienappingfunctionsf(xs) =

(f1(xs); f2(xs); f3(xs)) from the neutral expressionof the
sourcesurfacexs = (xs;Vs; Zs) to the neutralexpressionof
thetametsurfacex: = (x;¥t;z), suchthatx: = f(xs).

Motion Vector Transfer: The deformationon the source
surfacecannotsimply betransferredo atargetmodelwith-

out adjustingthe directionandscaleof eachmotion vector

becauséacialproportionsandgeometryary betweermod-
els. For ary point xs on the sourcesurface,we can com-
putethe correspondingpoint x; on thetargetsurfaceby us-
ing the mappingfunction f(xs). Given a small deformation
dxs = (dxs;dys; dzs) for a sourcepoint xs, the deformation
dxt of its correspondindgarget point x; is computedby the
JacobiamatricesIf(xs) = (If1(xs); If2(xs): Ifa(xs)

dx; = Jf(xs) dxs (%)

We usethe learntRBF functionf(xs) to computethe Ja-
cobianmatrix at xs numerically:

fi(Xst dxsi¥siZs)  fi(%s:¥si2s)

dxs
in(Xs):% fi(xs;ys+dys;zs)s fi(Xs1Ysi25) § i=1,23 (6)
fi(Xs1YsiZs+ dZs)  fixs;VsiZs)
dzs

Geometricallythe Jacobiarmatrix adjustshe directionand
magnitudeof thesourcemotionvectoraccordingo thelocal
surface correspondencbetweentwo models.Becausehe
deformationof the sourcemotion is represente@sa linear
combinationof a setof small deformationbasesthe defor
mationdx; canbecomputedas:

dxe = Jf(xs) Stz il jdxs;

Sl i(If(xs) dxs;) @)

wheredxs; representshe smalldeformationcorresponding
totheith deformatiorbaseand! ; isthecombinationweight.

Equation(7) shavs thatwe canprecomputehedeformation
basef thetargetsurfacedxt;; suchthatdxy; = Jf(xs) dXs;.

Figure6 shavs the top seven deformationbaseson a tamget

surfacemodel.
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TargetMotion Synthesis:After themotiondataaresynthe-
sizedfrom themotioncapturedatabaseia avision-basedn-

terface,the systemprojectstheminto the deformationbasis
spaceof thesourcemodelS;;:::§ to computethecombina-

dxt aregeneratedby blendingtogethethedeformatiorbases
of the tamget surfacedxt;; usingthe combinationweightsl
accordingo Equation(7).

The target motion synthesids doneonline andthe other
threestepsare completedoff-line. One strengthof our ex-
pressionetagetingmethods speedTherun-timecomputa-
tional costof our expressiorretagetingdepend®nly onthe
numberof deformationbasesfor motion capturedatabase
L ratherthan the numberof the verticeson the animated
model. In our implementation the expressionretageting
costis farlessthantherenderingcost.

6. Results

All of themotiondatain our experimentsvasfrom onesub-
jectandcollectedastherateof 120frames/secondn total,
the motion capturedatabasecontainsabout 70000 frames
(approximatelyl0 minutes).We capturedthe subjectper
formingvarioussetsof facialactionsjncludingthesix basic
facialexpressionsangerfear, surprisesadnesgpy, anddis-
gustandsuchothercommonfacial actionsaseating,yawn-
ing, and snoring. During the capture,the subjectwas in-
structedto repeatthe samefacial actionat least6 timesin
orderto capturethedifferentstylesof thesamefacialaction.
We alsorecordeda smallamountof motion datarelatedto
speaking(about6000 frames),but the amountof speaking
datawasnotsufcient to coverall thevariationsof thefacial
movementselatedto speaking.

We testedour facial animationsystemon differentusers.
We usea singlevideocamerao recordthefacialexpression
of alive performer The framerate of the video camerais
about60 frames/secondl’he userswere not told which fa-
cial actionswere containedn the motion capturedatabase.
We alsodid not give speci ¢ instructionsto the usersabout
the kind of expressionghey shouldperformandhow they
shouldperformthem. The userwasinstructedto startfrom
the neutralexpressiorunderthe frontal-parallelview.

At run time, the systemis completelyautomaticexcept
that the positionsof the trackingfeaturesin the rst frame
mustbe initialized. The facial tracking systemthenrunsin
realtime (about20 frames/secondPynamical ltering, ex-
pressiorsynthesisandexpressiorretagetingdo notrequire
userinterventionandthe resultinganimationis synthesized
in realtime. Currently the systemhasa 0.33sdelayto re-
move the mappingambiguity betweenthe visual tracking
data and the motion capturedata. Figure 7 and Figure 8
shav several sampleframesfrom the single-cameravideo
of two subjectsandthe animated3D facial expressionsof
two differentvirtual charactersThe virtual charactersex-
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hibit a wide rangeof facial expressionsandcapturethe de-
tailed musclemovementin untracled areaslike the lower
cheek.Although the tracked featuresare noisy and suffer
from the typical jitter in vision-basedrackingsystemsthe
controlledexpressioranimationsare pleasinglysmoothand
high quality.

7. Discussion

We have demonstratedhowv a preprocessedhotion capture
databasdn conjunctionwith areal-timefacialtrackingsys-
tem, can be usedto createa performance-basefhcial an-
imation in which a live performereffectively controlsthe
expressionsandfacial actionsof a 3D virtual characterin

particular we have developedan endto endfacial anima-
tion systenfor trackingreal-timefacialmovementsn video,
preprocessinghe motion capturedatabasecontrolling and
animatingthe facial actionsusingthe preprocessechotion
capturedatabaseandtheextractedanimationcontrolparam-
eters,andretageting the synthesizedxpressiongo a new

targetmodel.

Wewouldliketo doauserstudyonthequality of thesyn-
thesizedanimation.We cangenerateanimationsboth from
our systemandfrom “groundtruth” motioncapturedataand
thenpresenall sgmentsn randomorderto usersThesub-
jectswill be asled to selectthe “more natural” animation
sothatwe canevaluatethe quality of synthesizednimation
basedon feedbackfrom users.We alsowould like to test
the performanceof our systemon a larger setof usersand
charactemodels.

The outputanimationmight not be exactly similar to the
facial movementin the video becausehe synthesizedno-
tion is interpolatedand adaptedfrom the motion capture
data.lf thedatabaseloesnotincludethe exactfacialmove-
mentsin the video, the animationis synthesizedy appro-
priately interpolatingthe closestmotion examplesin the
databasdn addition,the samefacialactionfrom a userand
an avatar will differ becausehey generallyhave different
facialgeometryandproportions.

Onelimitation of the currentsystemis that sometimest
losesdetailsof the lip movement.This problemarisesbe-
causethe motion capturedatabaseloesnot include suf-
cientsamplegelatedto speakingAlternatively, theamount
of trackingdatain the vision-basednterfacemight not be
enoughto capturethe subtle movementof the lips. With
a larger databaseand more tracking featuresaround the
mouth,this limitation might be eliminated.

Currently our systemdoesnot considerspeechasanin-
put; however, previous work on speechanimationshawvs
thereis agooddealof mutualinformationbetweernvocaland
facial gesture%5 15, The combinationof a speech-integce
and a vision-basednterfacewould improve the quality of
the nal animationandincreasehe controllability of thefa-
cial movements We would like to recordthe facial move-
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Figure 7: Resultsf two usess contrlling and animating3D facial expressionf two differenttarget surfacemodels.
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Figure 8: Result=of two usess contolling andanimating3D facial expressionf two differenttexture-mappedvatarmodels.
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mentandthe audiofrom the motion capturesubjectsimul-
taneouslyandincreasehe sizeof the databaséy capturing
morespeakinglata.We wouldlik eto explorehow to control
the facial movementof an avatarusinga multimodalinter-
face,a combinationof thevision-basednterfaceandspeak-
ing interface.

We arealsointerestedn exploring otherintuitive inter-
facesfor data-drven facial animation.For example,a key-
framinginterpolationsystemmightusetheinformationcon-
tainedin a motion capturedatabaseo add the detailsand
nuance®f live motionto thedegreesof freedomthatarenot
speci ed by animator
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