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Abstract

We presentan end-to-endsystemthat goesfrom video sequences
to high resolution editable,dynamicallycontrollablefacemodels.
Thecapturesystememplo/s synchronizedideocameragndstruc-
turedlight projectorsto recordvideosof a moving facefrom mul-
tiple viewpoints. A novel spacetimesterecalgorithmis introduced
to computedepthmapsaccuratelyand overcomeover- tting de -
cienciesin prior work. A new templatetting andtrackingproce-
dure lls in missingdataandyields point correspondencacross
theentiresequencavithout usingmarkers. We demonstrata data-
driven, interactve methodfor inversekinematicsthatdraws on the
large setof tted templatesandallows for posingnen expressions
by draggingsurfacepointsdirectly. Finally, we describenew tools
that modelthe dynamicsin the input sequenceo enablenew ani-
mations createdvia key-framingor texture-synthesisechniques.

CR Categories: 1.4.8 [Image Processingand ComputerVision]:
SceneAnalysis—StereoMotion, SurfaceFitting; 1.3.7 [Computer
Graphics]:Three-DimensionabraphicsandRealism—Animation

Keywords: shaperecorvery, facial animation, stereomatching,
shapeegistration,data-drvenanimation expressiorsynthesis

1 Introduction

Creatingfacemodelsthatlook andmaove realisticallyis animpor-
tantproblemin computergraphics.lt is alsooneof the mostdif -
cult, aseventhemostminutechangesn facialexpressiorcanreveal
complex moodsandemotions.Yet, thepresencef very corvincing
syntheticcharactersn recent Ims makesa strongcasethatthese
dif culties canbe overcomewith the aid of highly skilled anima-
tors. Becauseof the sheeramountof work requiredto createsuch
models,however, thereis a clear needfor more automatedech-
nigues.

Our objective is to createmodelsthat accuratelyre ect the shape
andtime-varying behaior of areal persons facefrom videos. For

thosemodels,we seekreal-time,intuitive controlsto edit expres-
sionsand createanimations. For instance draggingthe cornerof

the mouthup shouldresultin arealisticexpressionsuchasa smil-

ing face. Ratherthan programmingthesecontrols manually we

wish to extractthemfrom correlationspresentin the input video.

Furthermoreye wish to usethesecontrolsto generatelesiredan-
imationswhich presere the captureddynamicsof arealface. (By

“dynamics; we meanthe time-varying behaior, not the physics
perse)

Creatinghumanfacemodelsfrom imagesis by now a proven ap-
proachwith stunningresults(e.g.,[Blanz andVetter1999]). How-

ever, the problem of accuratelymodelingfacial expressionsand
otherdynamichehavior is still in its infang.. Modeling facial dy-
namicsis essentiafor creatinganimations put it is moredif cult
to achieve duein partto limitationsin currentshapecapturetech-
nology In particular laserscannergandmostotherhigh-resolution
shapecapturetechniqueslo not operateeffectively on fastmoving
scenega transitionto a smile canoccurin afractionof a second).
Furthermorethe problemof creatinganimationtools that exploit
capturednodelsof 3D facialdynamicshasyetto beexplored.

In this paper we presenta novel, end-to-endsystemfor produc-
ing a sequencef high-resolutiontime-varying facemodelsusing
off-the-shelfhardware,anddescribetoolsthatusethesemodelsfor
editing and animation. This papermakes several speci c techni-
cal contritutions. First, we introducea novel, globally consistent
spacetimestereatechniqueto derive high-qualitydepthmapsfrom
structuredight video sequencesNext, we proposea new surface
tting andtracking procedurein which the depthmapsare com-
binedwith optical o w to createfacemodelswith vertex correspon-
dence .Onceacquiredthis sequencef modelscanbeinteractvely
manipulatedo createexpressionsisinga data-drveninversekine-
maticstechniqueve call facelK FacelKblendsthemodelsin away
thatis automaticallyadaptve to the numberof userspeci ed con-
trols. We alsodescribea representatioalleda facegraph which
encodeghe dynamicsof the facesequenceThe graphcanbetra-
versedto createdesiredanimations. While our animationresults
do not matchthe artistry of what an expertanimatorcanproduce,
our approachmakesit simplefor untrainedusersto produceface
animations.

1.1 Related work

Modelingandsynthesizingacess anactie researcheld in com-
putergraphicsand computervision. Herewe review threetopics
most relatedto our work: reconstructingnoving facesfrom im-
agesgonstraint-basefhceediting,anddata-drivenfaceanimation.
Otherrelatedwork is discussedhroughoutthe paper asappropri-
ate.

Reconstructing moving faces from images Very few
shape-capturgechniqueswork effectively for rapidly moving
scenes. Among the few exceptionsare depth-from-defocugNa-
yaretal. 1996]andstereqFaugerad993]. Structuredight stereo
methodshave shavn particularly promising resultsfor capturing
depthmapsof moving faces[Proesmangt al. 1996; Huanget al.
2003]. Using projectedlight patternsto provide densesurface
texture, thesetechniquessomputepixel correspondences derive
depthmapsfor eachtime instantindependently Productsbased
onthesetechniquesirecommerciallyavailable! Recenspacetime
stereomethodqZhangetal. 2003a;Davis etal. 2003]additionally
integrateinformationover time to achieve betterresults.In particu-
lar, Zhangetal.[2003a]demonstratbow temporainformationcan
beexploitedfor dynamicscenesComparedo thesepreviousstruc-
tured light stereomethodsthe shapecapturetechniquepresented
in this paperproduceshigherresolutionshapemodelswith lower
noise.

While the aforementionedhape-capturtechniqueyield spatially
andtemporallydensedepthmaps,a key limitation is thatthey do

1For example www.3qg.comandwww.eyetronics.com.



not capturemotion i.e., point correspondencever time, makingit
dif cult to reposeor reanimatehecapturedaces.3D facetracking
techniquesaddresghis problemby computingthe deformationof
adeformable3D facemodelto t asequencefimagegEssaetal.
1996; Pighin et al. 1999; Basuet al. 1998; DeCarloand Metaxas
2002; Blanz et al. 2003] or 3D marlker positions[Guenteret al.
1998]. Blanz and Vetter[1999] constructparticularly high qual-
ity models,representedslinear subspacesf laserscannechead
shapesAlthough subspacenodelsare e xible, they fail to recon-
structshapeghat are outsidethe subspaceln orderto handleex-
pressiorvariation,BlanzandVetter[2003] laserscannedacesun-
der differentexpressionsa time-consumingprocessthat requires
the subjectto hold eachexpressiorfor tensof secondsA problem
with existing facetrackingmethodsn generais thatthetemplates
have relatively few degreesof freedom,makingit dif cult to cap-
ture ne-scaledimplesandfolds which vary from oneindividualto
anotherandareimportantcharacteristideatures We insteadwork
with a generichigh resolutiontemplatewith thousand®f degrees
of freedomto capturesuch ne-grain featuresThis approachs re-
latedto thework of Allen etal.[2003]for tting templatego human
bodydata,exceptthatthey rely on markersto provide partialcorre-
spondencéor eachrangescanwhereaswe derive correspondence
informationalmostentirelyfrom images.

An interestingalternatve to traditionaltemplate-basettackingis
to computethe deformabletemplateandthe motion directly from
theimagesequenceTorresaniet al. [2001] and Brand [2001] re-
cover non-rigid structurefrom a single video assuminghe shape
lies within a linear subspaceAlthoughthesemethodsare promis-
ing andwork from regular video streamsthey producerelatively
low-resolutionresults,comparedo, e.g.,structuredight stereo.

Direct 3D face editing Following Parke's pioneering
work [1972] on blendablefacemodels,mostfaceediting systems
arebasedn specifyingblendingweightsto linearly combinea set
of templatefaces.Theseweightscanbe computedndirectly from

userspeci ed constraintdPighin et al. 1999; Joshiet al. 2003] or

t directlyto imagegBlanz andVetter1999].

Our facelKtool, asa generalexpressionediting interface,is sim-

ilar to the onein [Joshiet al. 2003]. However, Joshiet al. [2003]

se@gmenta faceinto a region hierarcly a priori, which decouples
the naturalcorrelationbetweendifferentpartsof the face. Zhang

et al. [2003b] addresghis problemwith a hierarchicalPCA tech-

nique in which user edits may propagte betweenregions. Our

facelK methodinsteadmaintainsthe correlationacrossthe whole

faceand only decouplest — automaticallyand adaptvely — as

theuserintroducesmoreconstraints.

Data-driven 3D face animation A focus of our work is to
usecapturedmodelsof humanfacedynamicsto drive animatable
facemodels.Several previousauthorsexploredperformance-based
methoddor animatingfacesusingeithervideo of anactor[Blanz
etal. 2003;Chaietal. 2003],0r speectiBregleretal. 1997;Brand
1999; Ezzatet al. 2002] to drive the animation. Thesetechniques
canbeconsiderediata-drivenin thatthey arebasedn a sequence
of examplefaces.

Otherresearcherbave explored data-drven animationtechniques
in thedomainsof human gure motion[Li etal. 2002;Arikan and

Forsyth2002;Kovar et al. 2002;Lee et al. 2002] andvideo sprites
[Schadl andEssa2002]. We adaptideasfrom theseotherdomains
to devise 3D faceanimationtools.

1.2 System overview

Our systemtakes as input 6 synchronizedvideo streams (4
monochromeand 2 color) running at 60 frames-petsecond(fps),
andoutputsa 20 fps sequencef high-resolution3D mesheghat
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Figurel: Ourfacecapturerig consistof six videocamerasandtwo

dataprojectors Thetwo monochrome&amerasntheleft constitute
onestereopair, andthe two on the right constitutea secondstereo
pair. The projectorsprovide stripe patterntexturesfor high quality

shapeestimation.The color camerasecordvideo streamaisedfor

optical o w andsurfacetexture.

capturefacegeometry color, andmotion, for our data-drven edit-
ing andanimationtechniquesThevideosarerecordedy acamera
rig shawvn in Figurel. Threeof thecamerasapturetheleft sideof
theface,andtheotherthreecapturetheright side.

To facilitate depthcomputationwe usetwo video projectorsthat
projectgray-scalerandomstripe patternsonto the face. The pro-
jectorssenda “blank” patternevery threeframes whichis usedto
computebothcolortexturemapsandtime correspondendeforma-
tion (optical o w). We will referto theseas“non-pattern”frames.
All of thecomponentsreoff-the-shelf?

Thefollowing sectiondescribethe stagesn the pipelinefrom the
input streamgo high-resolutioreditableandanimatablé¢acemod-
els. Section2 introducesthe spacetimestereomethodto recover
time-varyingdepthsmapsfrom theleft andright steregpairs. Sec-
tion 3 presentaprocedurghat ts atime-varyingmeshto thedepth
mapswhile optimizingits vertex motion to be consistentith op-
tical ow. Section4 describesiow this meshsequencés usedfor
expressioreditingusingfacelK.Section5 describeswo animation
tools that usea facegraphto model the dynamicspresentin the
capturedacesequence.

2 From videos to depth maps

In this section,we presenta novel methodto recover time-varying
depthmapsfrom two synchronizediideo streamsThe methodex-
ploits time-varying structuredight patternghatareprojectedonto
the faceusinga standardvideo projector We rst provide a brief
review of traditional stereomatchingand prior work in spacetime
stereoto motivateour new approach.

2.1 Binocular stereo matching

Thereexists an extensie literatureon stereomatchingalgorithms
whichtake asinputtwo imagesandcomputea depthmapasoutput
(for agoodoverview, see[ScharsteirandSzeliski2002]). The key

problemis to computecorrespondencdsetweerpointsin the left

andrightimage by searchindor pixelsof similarintensityor color.

Oncethecorrespondends known, depthvalueg(i.e., distancdrom

the camerajrereadily computedFaugerasl993]. Generally the
imagesare assumedo be recti ed after calibration® so that the
motionis purely horizontalandcanbe expressedy a 1D disparity
function.

2We useBaslerA301f/fc IEEE1394camerassynchronizedgndrunning
at60fps,andNEC LT260K projectors.
3We calibrateour stereopairsusingBouguets software[2001].
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Figure 2: lllustration of spacetimestereo. Two stereoimage
streamsare capturedirom x ed cameras.The imagesare shavn
spatiallyoffsetatthreedifferenttimes,for illustrationpurposesFor
amoving surface,arectangulamwindow in theleft view mapsto a
warpedwindow in the right view. The bestafne warp of each
spacetimavindow alongepipolarlinesis computedor stereocor
respondence.

More precisely given two recti ed imagesl, (x;y) andl(x;y) we

wish to computea disparity function given by d(x;y). For a pixel

(X Yp) in theleft image,thereis often morethanone pixel with

similar color in the right image. To resohe this ambiguity most
stereacalgorithmsmatchsmallwindows W, around(x,; y,), assum-
ing that the disparity function is locally nearly constant. Mathe-
matically, this matchingprocessnvolvesminimizing thefollowing

errorfunction:

E(dy)= & eli(xy);li(x dyiy)) @
(xy)2Wo
whered, is shorthandhotationfor d(x,; y,) ande(p; q) is asimilar
ity metricbetweermpixelsfrom two camerasThesizeandshapeof
thewindow W, is afreeparametemwith largerwindows resultingin
smoothdepthmapsandsmallerwindowsyieldingmoredetailedout
alsonoisierreconstructioné.e(a; b) cansimply bethe squarediif-
ferenceof color differences We usethe “gain-bias”metric[Baker
etal. 2003]to compensatéor radiometricdifferencebetweercam-
eras.

2.2 Spacetime stereo

Given two sequence®f images,|,(xy;t) and I;(xy;t), atime-
varying disparitymap d(x; y;t) may be computedby applyingthe
above stereomatchingprocedureo eachpair of framesindepen-
dently However, theresultstendto be noisy, low-resolution(Fig-
ure 3(c,d,g,h)),and containtemporal ick er asthe shapechanges
discontinuouslyffrom oneframeto the next (seethe accompaying
video). More accurateandstableresultsare possibleby generaliz-
ing stereamatchinginto thetemporaldomain.

Thebasicidea,asoriginally proposediy Zhanget al. [2003a]and
Davis et al. [2003], is to assumethat disparityis nearly constant
over a 3D spacetimavindow W, T, around(Xy;Yy:t,), andsolve

4Somemethodsallow window sizeto vary, andcomputesizesautomat-
ically [KanadeandOkutomi1994].

for d(Xy; Ypitp) by minimizing thefollowing errorfunction

E(d)= & & elli(xyt)l(x dgyt) )
t2To (xy) 2 W,

whereT, may be choserto be arywherefrom a few framesto the
whole sequencedependingon how fastthe sceneis moving. As

shavn in [Zhanget al. 2003a],assumindocally constandisparity
introducesreconstructiorartifactsfor oblique or moving surfaces.
To modelsuchsurfacesmore accuratelyZhanget al. [2003a]in-

steadapproximatehe disparityvariationlinearly within the space-
timewindow as

docyit) Oyt & 3

dot oy, (X X)+dy (y Yo+ dy (t 1)

where [dxo;dyo;dto]T is the gradientof the disparity function at
(X9 Yoito)- They solve for d, togetherwith [dxo;dyo;dto]T by mini-
mizing thefollowing errorfunction:

E(dyidhitych)= & A e(li(xyt)il(x dyvit)) (@)
t2T0(x;y)2WO

Underthis linearity assumptiona 3D window W, T, in I, maps
to a shearedvindow in I, asshown in Figure2. Consequently
[Zhang et al. 2003a]developedan approachto minimize Eq. (4)
by searchingor the bestmatchingshearedvindow at eachpixel
independentlyTheresultingdepthmapsarebothhigherresolution
andmorestablethanthoseproducedisingstandardtereanatching
asshawn in Figure3(e,i)andthe companiorvideo.

2.3 Globall y consistent spacetime stereo

In practice spacetimesteregproducessigni cantly improveddepth
mapsfor moderately-Astmoving humanshapes.However, it also
producessigni cant ridging artifacts, both evidentin the original
work [Zhanget al. 2003a]andclearly visible in Figure 3(e). Our
analysisindicatesthat theseartifactsare due primarily to the fact
thatEq. (4) is minimizedfor eachpixel independentlywithout tak-
ing into accountconstraintshetweenneighboringpixels. Speci -
cally, computinga disparitymapwith N pixelsintroduces4N un-
knowns: N disparitiesand 3N disparity gradients.While this for-
mulationresultsin a systemthatis corvenientcomputationallyit
is clearlyover-parameterizedsincethe 3N disparitygradientsarea
function of the N disparities. Indeed,the estimateddisparity gra-
dientsmay not agreewith the estimateddisparities. For exam-
ple, dx(x;y;t) may be quite differentfrom %(d(x+ Lyt) d(x
1;y:1)), becausaly(x; y;t), d(x+ 1;y;t), d(x 1;y;t) areindepen-
dently estimatedfor eachpixel. This inconsisteng betweendis-
paritiesanddisparitygradientsesultsin inaccuratedepthmapsas
shavn in Figure3(e,i).

To overcomehisinconsisteng problem we reformulatespacetime
stereoasa global optimizationproblemthat computeghe dispar
ity function,while takinginto accoungradientconstraintdetween
pixelsthatareadjacenin spaceandtime. Givenimagesequences
I,(x,y:t) andlr(x y;t), thedesireddisparityfunctiond(x; y; t) mini-

mizes o
Gfd(xyt)g) = atE(d;dx;dy;dt) (5)
XY;
subjectto thefollowing constraint$
dx(x;y;t) = %(d(X+ Lyt) d(x 1Lyt)
dy(x;y;t) = g(d(x;y+ Lt) dixy L) (6)
d(xy:t) = 5(d(xyt+ 1) d(xyt 1))

5At spacetimevolumeboundariesye useforward or backward differ-
encednsteadof centraldifferences.
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Figure 3: Comparisorof four differentstereomatchingalgorithms. (a,b) Five consecutie framesfrom a pair of stereovideos. The third

framesarenon-patterrframes.(c) Reconstructeéaceat thethird frameusingtraditionalstereamatchingwith a[15 15] window. Theresult
is noisy dueto the lack of color variationon the face. (d) Reconstructedaceat the secondframe using stereomatchingwith a[15 15]

window. Theresultis muchbetterbecausehe projectedstripesprovide texture. However, certainfacedetailsare smoothecdut dueto the
needfor a large spatialwindow. (e) Reconstructedaceat the third frameusinglocal spacetimestereomatchingwith a[9 5 5] window.

Eventhoughthethird framehaslittle intensityvariation,spacetimesterearecosersmoredetailedshapesy consideringneighboringirames
together However, it alsoyields noticeablestriping artifactsdueto the over-parameterizatioof the depthmap. (f) Reconstructefceat the
third frameusingour new globalspacetimestereomatchingwith a[9 5 5] window. Thenen methodremavesmostof thestripingartifacts
while preservinghe shapedetails.(g-j) Closeupcomparisorof thefour algorithmsaroundthe noseandthe cornerof the mouth.

Eqg. (5) de nes a nonlinear least squaresproblem with linear
constraints. We solve this problem using the Gauss-Neton

method[Nocedal and Wright 1999] with a changeof variables.

To explain our approachwe useD to denotethe concatenatiorof
d(x;y;t) for every (x;y;t) into a columnvector Dy, Dy, andD; are
de ned similarly, by concatenatingaluesof dx(x;y;t), dy(x;y;t),
andd;(x; y;t), respectiely. Givenaninitial valueof D, Dy, Dy, and
D¢, we computethe gradientb andlocal HessianJ of Eq. (5) using
Gauss-NeitonapproximationThen,theoptimalupdatesiD, dDy,
dDy, anddD; aregivenby

2dD3

8 prd= b ™

SinceEgs.(6) arelinear constraintswe representhem by matrix
multiplication:

Dx= GxD Dy=GyD D= GD 8)

whereGy,Gy, andG; aresparsematricesencodinghe nite differ-

enceoperations.For example,supposel(x; y;t) is thei'th compo-
nentof D, thentheonly nonzeracolumnsin row i of Gy arej and j°
which correspondo d(x+ 1;y;t) andd(x 1;y;t) andtake values
of 0:5and 0:5, respectiely. SubstitutingEg. (8) into Eq. (7), we
obtainthe optimalupdatedD by solving

2|3-|-2|3 2|3T

Gx Z ;8 Gx Zyp- § O
T8 8m= 60 ©

wherel is anidentity matrix of the samedimensionasD. We ini-
tialize D usingdynamicprogrammingNith the spacetimevindow
metricEq.(2)°, asdescribedn [Zhangetal. 2003a],andsetDy, Dy,
andD; to bezero. Thenweiteratively solve Eq. (9) andre-compute
J andb, until corvergence. Figure 3(f,j) shaws the resultingim-
provementwhenemploying this new spacetimestereomethod.

6When using dynamicprogrammingfor initialization, we usea [1 3]
imagewindow for frame-by-framematchinganda [1 3 3] window for
spacetimanatching.
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Figure4: lllustration of the error metric of a vertex usedin templatetting. (a)sis avertex onthetemplatemeshandd is its displacement
vector Let h betheintersectionof the depthmap,shavn asa surface,andtheline from opticalcenterto s+ d. s+ d h is thedifference
vectorbetweens+ d andthe depthmap. (b) A plot of Tukey's Biweight robustestimator (c) d, ; andd; arethe displacementor a vertex

s on thetemplatemeshat framet andt + 1, respectrely. U = d,, ;
theimageplane,p(U), shouldbe the sameasthe optical o w u. kp(U)

optical ow.

2.3.1 Scalable implementation

Although Dy, Dy, Dy, andJ arevery sparsesolving Eq. (9) using
the conjugate gradientmethod[Presset al. 1993] over the whole
video is not practical; a 10-secondvideo of 640 480 resolution
at 60Hz comprisesmearly 180 millions depthvariables! To apply
global spacetimestereomatchingover a long video, we divide the
videointo a3D (X;Y;T) arrayof 80 80 90 blocksthatareop-
timizedin sequenceWhenoptimizing a particularblock, we treat
asboundaryconditionsthe disparity valuesin its adjacentblocks
that have alreadybeenoptimized. To speedup the procedurewe
distribute the computationover multiple machineswhile ensuring
thatadjacenblocksarenot optimizedsimultaneouslyWhile mary

traversalordersare possible,we found that the following simple
stratgy sufces: We rst optimizeblockswith odd T values,and
distribute blocks with differentT valuesto different CPU's. On
eachCPU,we traversethe blocksfrom left to right andtop to bot-
tom. We thenrepreatthe sameprocedureor blockswith even T

values.Our prototypeimplementatiorntakes2 to 3 minutesto com-
putea depthmapon a 2.8GHzCPU andeachdepthmapcontains
approximatelyl20K depthpoints.

3 Shape registration

In this section,we presenta novel methodfor computinga sin-

gletime-varyingmeshthatcloselyapproximateshe depthmapse-
guenceswhile optimizing the vertex motion to be consistentwith

optical o w betweencolor frames. We startby tting atemplate
meshto the pair of depthmapscapturedin the rst non-pattern
frame, initialized with a smallamountof userguidance.We then
trackthetemplatemeshthroughothernon-patterrframesin the se-
guenceautomaticallyandwithout the needfor putting markerson

thesubjectsface.

3.1 Template tting

Let M = (V;E) be an N-vertex triangle meshrepresenting tem-
plateface,with vertex setV = fs,g andedgesetE = f(n;;n,)g.

Let f hj(x; y)gJZ:l be the two depthmapsat frame 1, asshavn in

d; is thevertex motionfrom framet tot+ 1. The projectionof U in

uk is usedasa metricfor consisteng betweenvertex motionand

Figure5(a,b,c).Giventherelative posebetweerthesedepthmaps’
we wishto solve for adisplacemend, for eachvertex suchthatthe
displacedmeshM,, with vertex setfs,; + dng, optimally ts the
depthmaps. Our tting metric hastwo terms: a depthmatching
term, Es, andaregularizationtermE;.

The depthmatchingterm Es measureshe differencebetweenthe
depthsof verticesof M, asseerfrom eachcameras viewpointand
thecorrespondingaluesrecordedn eachdepthmap. Speci cally,

2 N h i
Es(fdn) = & & Wy ( S+ dn hyj  is9)  (10)
j=1n=1 z

i

whereh,, i 2 R8 is the intersectionof the depthmaph (x;y) and
theline from the j'th cameras optical centerto s, + dn, asshavn
in Figure4(a); []ZJ is the z componenbf a 3-d vectorin the j'th
cameras coordinatesystemy ( ; Ss) is Tukey's biweightrobustes-
timator, shavn in Figure4(b); andw,, ; is aweightfactorgoverning
thein uence of the j'th depthmap on the templatemesh. In ex-
perimentswe setss = 20, which essentiallyrejectspotentialdepth
mapcorrespondencebatareover 20mmaway from the template
mesh. For Wp.j, we usethe productof the depthmapcon dence,
computedasin [CurlessandLevoy 1996], andthe dot productof
the normalsat h,,. andsﬁ dn (clampedabove 0). Note that, in
practice,we do not needto intersecta line of sightwith a surface
to computeeachh,,.;. Insteadwe projecteachdisplacedemplate

pointinto thedepthmaph (x;y) andperformbilinearinterpolation
of depthmapvaluesto measureiepthdlfferences

In general, the shape matching objective function is under
constrained.For instance templatesurfacepointsafter beingdis-
placedcould bunch togetherin regions while still matchingthe
depthmapsclosely Further the depthmapsdo not completely
cover the face, and so the templatecan deform without penalty
wherethereis no data. Thus,we adda regularizationterm E, that
penalizedarge displacementlifferenceetweemeighboringver

"We obtainthe relative posebetweerdepthmapsusingthe rigid regis-
trationtool providedin Scanalyz¢2002].
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Figure5: lllustration of the template tting process.(a) A facetemplate.(b-c) Depthmapsfrom two viewpointsat the rst frame. A few
correspondinghapefeaturepositionsaremanuallyidenti ed on boththefacetemplateandthe rst two depthmaps.(d) Thetemplateafter
initial globalwarp usingthe featurecorrespondenceie) Initial meshafter tting the warpedtemplateto the rst two depthmaps,without
usingthefeaturecorrespondencelheinitial meshis coloredredfor regionswith unreliabledepthor optical o w estimation.(f-j) Selected
meshesaftertrackingtheinitial meshthroughthe whole sequenceysingboth depthmapsandoptical o ws. The processs marker-lessand
automatic.(k-0) Theprojectionof a setof verticesfrom theselectedneshe®ntheimageplane,shovn asgreendots,to verify thatthevertex
motionis consistentvith visualmotion. Note thatthe subjecthadno markerson his faceduring capture;the greendotsareoverlaid on the

originalimagespurelyfor visualizationpurposes.

ticesonthetemplatemesh.Speci cally,

a dn,k?=ksn,  sn,K? (11)

(n;;ny)2E

Er(fdng) = kdn,

To t thetemplatemeshM to the depthmapsat frame0, we mini-
mizeaweightedsumof Egs.(10)and(11)

F = Es+ aF (12)

with a = 2:0in our experiments.

We minimize Eq. (12) usingthe Gauss-Neton method. We ini-
tialize the optimization by manually aligning the templatewith
the depthmaps. Speci cally, we selectseveral correspondindea-
ture positionson both the templatemeshandthe depthmaps(Fig-
ure 5(a,b,c)). Next, from thesefeaturecorrespondencesye solve
for an over-constrainedylobal af ne transformatiorto deformthe

mesh.Finally, we interpolatethe residualdisplacementat the fea-
turepositionsoverthewholesurfaceusinganormalized-adialbasis
function [Broomheadand Lowe 1988] aswe do for vertex blend-
ing coefcients in Section4.2. After theinitial warp, the selected
featurecorrespondencesreno longerusedfor templatetting. As
shavn in Figure5(d), theinitial alignmentdoesnot have to be pre-
cisein orderto leadto anaccuratenal tting result,asillustrated
in Figure5(e).

3.2 Template tracking

Given the meshM, at the rst frame, we would now like to de-
form it smoothlythroughthe rest of the sequencesuchthat the
shapematchesthe depthmapsand the vertex motionsmatchthe
optical o w computedfor the non-patterrframesof the color im-
agestreams. Let f Ik(x;yt)gﬁ: , be color image sequence$rom
two view pointswith patternframesremoved. We rst compute
optical ow u,(x;y;t) for eachsequencaising Black and Anan-



dans method[1993]. The ow u,(x;y;t) representshe motion
from framet to t + 1 in the k'th image plane. We measurethe
consisteng of the optical o w andthe vertex inter-frame motion
Unt = digeq iy, calledsceneow in [Vedulaetal. 1999], by
thefollowing metric:

2 N
En(fdy10= & & r(kp(Une) Upkism)  (13)
k=1n=1

wherep, (Uy) is the imageprojectionof Uy in the k'th image
planeand Unitk is the value of optical ow u,(x;y;t) at the cor

respondinglocation, shown in Figure 4(c); r (;Sm) is the same
Tukey's biweightrobustestimatomsin Eq.(10), with s, = 20 pix-
els.

Startingfrom M, we recursvely computeM, , ; given M; by opti-
mizing aweightedsumof Eq.(12) andEg. (13):

Y = Es+ aE; + bEn (14)

with a = 2.0 andb = 0:5in our experiments.

Our meshtracking methodis fully automaticwithout requiring

markersto be placedon the subjects face. In Figure5(f-0), sam-

ple resultsfor meshtrackingareshavn in gray shadedendering.
Thecompaniorvideoshows thefull sequencéothasgray-shaded
and color-textured rendering. Eachfacemodel hasroughly 16K

verticesandtemplatetrackingtakeslessthanl minuteperframe.

4 FacelK

In thissectionwe describeareal-timetechniqueor editingafaceto
producenew expressionsThekey propertyof thetechniques that
it exploits correlationsin a setof input meshego propagte user
editsto otherpartsof the face. So, for instance pulling up on one
cornerof themouthcauseshe entirefaceto smile. This problemis
analogougo the inversekinematics(IK) problemin human gure

animationin which the goalis to computethe poseof a gure that
satis esoneor moreuserspeci ed constraintsWe thereforecall it

facelK

Our approachis basedon the idea of representindacesasa lin-
earcombinationof basisshapes.While linear combinationshave
beenwidely usedin facemodeling[Cooteset al. 1995;Blanz and
Vetter1999;Pighinetal. 1998],the problemof generatingeason-
ablefacesusingonly oneconstrainte.g.,the cornerof themouth),
or justafew, is moredif cult becausehe problemis severely un-
derconstrainedOne ssolutionis to computethe coefcients which
maximizetheir likelihood with respectto the data, using princi-
ple componentnalysiPCA) [Blanz andVetter1999;Allen etal.
2003]. Themaximumlik elihoodcriterionworkswell for modeling
facevariationsundersimilar expressionsand humanbody varia-
tionsundersimilar posesHowever, applyingPCAto facialexpres-
sionsdoesnot producegoodresultsunlessthe faceis sggmenteda
priori into separateegions,e.g.,eyes,nose andmouth[Blanz and
Vetter 1999; Joshiet al. 2003; Zhanget al. 2003b]. Segmenting
facesinto regionsdecoupleshe naturalcorrelationbetweerdiffer-
entpartsof aface.In practice the appropriatesggmentatioris not
obvious until run-timewhenthe userdecideswhat expressiondo
create. For example,to createan asymmetricexpression the left
andright sidesof the face must be decoupled. As discussedn
Section4.2, under or overseggmentingthefacecanresultin unde-
sirableediting behaior. We insteaddescribea methodthat avoids
theseproblemsby adaptvely segmentingthe faceinto soft regions
basedon useredits. Theseregionsareindependentlynodeledus-
ing the capturedfacesequenceandthenthey are blendedinto a

singleexpression We could modeltheseregionsusingPCA; how-
ever, becausehey areformedby useredits,we would thenhave to
computeprincipal componentsa costly operation at run-timefor
eachregion. To addresghis problem,we introducea fastmethod,
proximity-basedveighting(PBW), to modelthe regions. We start
by describinghow to usePBW to modelthe entirefaceasa single
region.

4.1 Proximity-based weighting

Supposewe are given asinput F meshesgachwith N vertices.
We uses, ¢ to denotethe n'th vertex in meshf. Letf PO, be
userspeci ed 3D constraintsrequiring that vertex | shouldbe at
positionp,; we call theseconstraintsontrol points® We seeka set
of blendcoefcients c; suchthatfor everyl,

F
GS.p=p and  doc=1 (15)
1 f=1

W Qo

Becausethe numberof constraintsL is generallyfar fewer than
the numberof meshed~, we adwcateweighting examplefaces
basedon proximity to the desiled expressioni.e., nearbyfacesare
weightedmore heavily, a schemewe call proximity basedweight-
ing. Speci cally, we penalizeneshesvhosecorrespondingertices
arefar from the control pointsby minimizing

F
oc)= & f(ks; pk)c? (16)
f=1

wherec = [c; ¢, i1 T, § = [s[; sp¢ o s T, p=
[p] p} 2 pl 47, andf () is a monotonicallyincreasingfunc-
tion. In our experimentswe simply usef (r) = 1+ r. Noticethat
ks; pk equalsthe Euclideandistancebetweerthe control points
andcorrespondingerticesin meshf. Minimizing Eq.(16) subject
to Eq. (15) encouragesmallweightsfor faravay meshesandcan
besolvedin closed-formas:

¢ = s (17)

F
wheref = f(ks; pk)anda= (& £553) p.

4.1.1 Screen-space constraints

Ratherthanrequiringthatconstraintde speci edin 3D, it is often
morenaturalto specifywheretheprojectionof ameshpointshould
move to. Given a set of userspeci ed 2D constraintsf qlgf-zl,
Eq.(16)is modi ed asfollows

F
99 = & f(kp(5) aK)ct (18)
f=1
suchthat
3 &
p(a cs4) =0 and Qg c=1 19)
f=1 f=1

wherep( ) is theimageprojectionoperatorqg = [q] aJ ::: ] 1]7,
—\ def ) .
andp(s;) € [P(s.0)T p(s,)T i p(s.)T 1. Sincep is in

8We assuméhel constraintsrefor the rst L meshvertices to simplify
notationwithoutlossof generality
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Figure6: Advantage®f adaptve facesegmentatiorwith facelK.Many faceeditingtechniquepre-sgmenta faceinto regions(e.g.,mouth,
nose gyes)andmodeleachregion separatelyith PCA. (a) Threesymmetriccontrol pointsareusedto createa symmetricsmileby applying
PCA on the mouthregion to computethe maximumlikelihood(ML) shape.(b) Whenthe control pointsbecomeasymmetricML behaes
poorly, sinceall input mouthshapesreroughly symmetric.(c) For the samecontrol point positions facelK createsanasymmetricsmile by

dividing the mouthinto threesoft regions(indicatedby color variations)andblendingthein uence of eachcontrolpoint. Eachcontrol point

in uencesits region usingPBW in real-time.By contrastusingPCA would requirecomputingprincipal componentsa costly operation at

run-timefor eachnew region. (d) With the samecontrolverticesasin (c), if the point on thelower lip is moved by itself, the mouthopens
unnaturallybecauséhetwo controlpointsonthe mouthcornersdecouplégheir correlationto thelowerlip. () With only onecontrolpointon

thelower lip, the mouthopensmorenaturally Thesecomparisongndicatethatit is moredesirableio adaptvely segmenta faceinto regions
basedn useredits,ratherthana priori.

@) (b) (©) (d) (e)

Figure7: A facelKeditingsessionFromleft to right, we shav the creationof a comple expressiorby addingcontrol pointsoneatatime,

startingfrom neutral.

generahonlinear we approximateEq. (19) by

F
cip(s.)=¢q and §c=1 (20)
f=1

W Qo

1

This approximatiorworkswell in our experience andminimizing
Eq. (18) subjectto Eg. (20) yieldsthe closed-formsolution:

1 _
q=ﬂﬁ@fa (21)

wheref ; = f (kp(s;) k) anda= (

_,
1l Qo
=

#PG)PE)") 1a.

4.2 Local inuence maps

ThefacelKmethodpresentedofar assumeshatthe entirefaceis
createdby linearinterpolationof nearbymeshesHowever, this as-
sumptionis too limiting, since,for example,an asymmetricsmile
cannotbe generatedrom a datasetthat containsonly symmetric
smiles. We thereforeproposea methodto blenddifferentfacere-
gionsby de ning anin uence mapfor eachcontrolpoint. Speci -
cally, we give eachcontrol point greaterin uence on nearbymesh
points,andthenblendthein uencesover the entiremeshto allow
for abroaderangeof expressionghatdonotexistin theinputdata.

Accordingly, for eachof the L control points, we computea set
of blendingcoefcients ¢; whosecomponentsumto 1, by mini-
mizing Eq. (16) or Eq. (18). This processs doneindependently
for eachcontrol point. The resultingL meshesare thenblended
together usingnormalizedradial basisfunctions[Broomheadand

Lowe 1988]to de ne spatially-\arying weights. Speci cally, we
settheblendingcoefcient for vertex s, asfollows

L
dw=§8®ﬁm (22)
=1

exp(k s, sk?=rd)
é exp(k s §ok?=r3)
%=1
prove in the appendixthatthe component®f c(sp) sumto 1 given

whereB(sn;§) = withr, = rlpgirI]ks1 Sok. We

L
that & B(sn;5) = 1. For eachvertex s,, we usec(s,) to blend
I=1

correspondingerticesin themeshdataset.

Figure6 shavstheadwantageof usinglocalin uence mapsto adap-
tively segmentthe facebasedon userinteraction ratherthanspec-
ifying regionsa priori. The main obsenration is that the optimal
setof regions dependson the desirededit; for instance,generat-
ing anasymmetricsmile from a setof roughly symmetricfacesre-
quiresdecouplingthe left andright sidesof the mouth. However,
an edit that opensthe mouthis more easily obtainedwithout this
decoupling.Our PBW schemesupportghe adaptve sggmentation
in real-time.

Figure 7 shovs a sequencef editsthatleadsfrom a neutralface
to a complex expression. As shawvn in the accompaying video,
our facelK tool runsin real time, providing interactve direct-
manipulationediting.



Figure8: lllustrationof linearinterpolation(top row) vs. datadriveninterpolation(bottomrow), with the rst andlastcolumnsaskey frames.
Linearinterpolationmalesthe mouthandthe eyesmave synchronouslywhich lookslessrealisticwhenplayedasananimation.Datadriven
interpolation,instead, rst pursesthe mouth,thensquintsthe eyes,and nally opensthe mouth. The sequentiahatureof the data-drven
interpolationfor this examplearosenaturallybecausehatis theway therealsubjectoehaed.

5 Data-driven animation

Producingealisticanimationf thehumanfaceis extremelychal-
lenging, as subtledifferencesn dynamicsandtiming canhave a
major perceptuakffect. In this section,we exploit the facial dy-

namicscapturedin our reconstructe@D facesequencefo create
tools for faceanimation.In particularwe describetwo suchtools,
onefor producingrandomin nite facesequencesandanotherfor

data-drveninterpolationof userspeci ed key frames.

Beforeintroducingthesetools,we rst describeour modelof face
dynamicausingagraphrepresentatiorOurapproactadaptselated
graphtechniqueausedin video textures[Schodl et al. 2000] and
characteanimation[Kovar et al. 2002; Arikan and Forsyth2002;
Leeetal. 2002]to thedomainof faceanimation.

5.1 Face graphs

dynamicsusingafully connectedyraphwith F nodescorrespond-
ing to the faces;we call this the face graph The weight of the
edgebetweemodesi and j speci esthe costof a transitionfrom
M; to M: in ananimationsequence.This costshouldrespectthe
dynamicspresenin theinput sequencehalancedvith a desirefor
continuity Giventwo framesM, ande in theinput sequencewe

de ne theweightw of edge(i; j) as

w(i; j) = dist (Mi+1;Mj)+ | dist (Mi;Mj) (23)
wheredist is a distancemetric betweermeshes.(We usethe L,
norm, summedover all the vertices.) The rst term prefersfol-
lowing the input sequencewhile the secondterm penalizedarge
jumps.

5.2 Random walks through face space

Videotextures[Schidl et al. 2000] generatesion-repeatingmage
sequencesf arbitrarylength. The sametechniquecanbe usedto
generateandom,continuously-arying faceanimations.To do so
we simply performa randomwalk throughthe facegraph. As in
[Schadl et al. 2000], we de ne the probability of a transitionfrom

meshM; to meshM; to be P; = e (iD= normalizingso that
the sumof R over all j is 1. The parameters is usedto de ne

thefrequeng of transitionsbetweerdifferentpartsof theinput se-
quencejowervaluescreateanimationghatcloselyfollow theinput
sequencewhereasighervaluespromotemorerandombehaior.

As in [Schadl et al. 2000], we disguisetransitionsbetweentwo
mesheshatarenotconsecutiein theinputsequencéy aweighted
blend of the two subsequenceacrossthe transition. Resultsare
shavn in thecompaniorvideo.

5.2.1 Animation with regions

A limitation of the methoddescribedsofar is thatthe framescom-
posing the animationare constrainedo lie within the set of in-
put meshesWe thereforegeneralizehis approactby de ning re-
gionsontheface,animatingtheregionsseparatelysingthe abose
method,andthenblendingtheresultsinto a singleanimation.

Ratherthan groupingthe verticesof the meshesnto disjoint re-
gions,wecreate'soft” regionsusingcontrolpointsto de ne asetof
weightsfor eachvertex, asdescribedn Section4.2. Thein uence
mapsaretakeninto accounin thecomputatiorof the costgraphby
de ning d(M;; Mj) to be weightedsum-of-squaredlistance with
pervertex weightsde ned by thein uence map.

The companionvideo shovs an animation generatedfrom this
methodusingtwo control points. While a majority of the result-
ing sequencéooks naturaland compelling,it alsocontainssome
unnaturaframesandtransitionsdueto the factthatdifferentparts
of thefaceareanimatedndependently

5.3 Data-driven keyframe animation

While the randomwalk techniqueproducesanimationvery easily
it doesnot provide a mechanisnfor usercontrol. However, the
sameconceptsmay be usedto supporttraditional keyframe ani-
mations,in which in-betweenframesare automaticallygenerated
from userspeci ed constraintframes. The in-betweenframesare
generatedisinga data-drveninterpolationmethod which seekgo
follow minimum-costpathsthroughthe graph[Kovar et al. 2002;
Arikan andForsyth2002;Leeetal. 2002;Schdl andEssa2002].



Supposehatan animatorhasa sequencef mesheswvailable,and
wantsto animatea transitionbetweenwo expressionghatappear
in the sequenceln the simplestcase the expressioncomprisethe

endpointsof a subsequencef the input sequence.More gener

ally, theinterpolationmustblendtwo or morenoncontiguousub-
sequences.

To nd apathbetweerntwo keyframesM; andM;, we constructhe
graphde ned above, thensearchfor the shortestpath connecting
M; andM; usingDijkstra’s algorithm[K0zen1992]. Theresultis

a sequenc®f meshesWe thencomputea pervertex cubic-spline
interpolationof themeshsequencéo generate continuousanima-
tion, which is sampledusing a userspeci ed parameterizatioro

producea desiredsetof in-betweerframeswith desiredtiming.

5.3.1 Keyframe animation with regions

The keyframeinterpolationmethodis extendedto work with mul-

tiple regions using the sametechniqueas describedfor random
walks. In particular a separateggraphis de ned for eachregion.
Optimal pathson eachgraphare computedndependentlyandthe
resultinganimationsareblendedogetherusingthein uence func-
tionsto producea compositekey-frameanimation.Figure8 shavs
an examplekeyframe animation,comparingour data-drveninter

polationto traditionallinear interpolation. We have alsocreateda
forty threesecondanimation(shawvn in thecompaniorvideo)using
our data-drventechnique Theanimationusesnineteerkeyframes,
andeachkeyframehasthreecontrol points.

6 Discussion and future work

We have presentecan end-to-endsystemthat takes several video
sequenceasinputandgeneratesigh resolution editable dynam-
ically controllablefacemodels. The capturesystememploys syn-
chronizedvideo camerasandstructuredight projectorsto capture
streamsof imagesfrom multiple viewpoints. Speci ¢ technical
contributionsinclude rst a novel spacetimestereoalgorithmthat
overcomesover- tting de cienciesin prior work. Secondwe de-
scribeda new template tting andtracking procedurethat lls in
missingdataandbringsthe surfacesinto correspondencacrosshe
entiresequencaithouttheuseof marlkers. Third, we demonstrated
adata-drven, interactve methodfor faceeditingthatdravs onthe
large setof tted templatesandallows speci cationof expressions
by draggingsurfacepointsdirectly. Finally, we describedew tools
thatmodelthe dynamicsin the input sequencéo enablenew ani-
mations createdvia key-framingor texture-synthesigsechniques.

Thereare mary importanttopicsto explorein future work. First,
theresolutionof our templatemeshis only aboutone-eighttof the
depthmaps,andwe only t thetemplateto one-thirdof the depth
maps(at non-patterrframes). A naturalextensionof our current
work is to employ a hierarchical tting approachto usetemplates
whoseresolutionsare comparablewith the depthmaps,and also
interpolatecolor alongoptical o w to obtainfacemodelsat 60Hz.

Our capturetechniquerequiresilluminating the subjects facewith
two bright projectors,andinvolvesa relatively large rig with mul-
tiple mountedcameras.One could imagine,however, embedding
six smallcamera®n the sidesof a monitor, anduseimperceptible
structuredlight [Raskaret al. 1998]to make the captureprocess
lessobjectionable.

Our registration technique dependson optical ow estimation
which can be unreliablefor texturelessregions. Although regu-

larization helpsto producesmoothmesheswe did obsere some
“vertex swimming” artifactsover thetexturelesgegions. In thefu-

ture,we hopeto incorporateemporalcoherence.

Our facelK methodgeneratesaturalresultsfor control pointsthat
arerelatively neartheinputfacesput canproducebizarre(andeven
disturbing)resultsfor larger extrapolations. Although this beha-

ior is not surprising,the usermustexplore the spaceof facesby

trial anderror More usefulwould be if the tool could constrain
theeditsto therangeof reasonabldacesby learninga setof good
controls.Anotherlimitation of facelKis that,althoughit allowsthe
userto sggmentthe faceadaptvely, within an animationthe seg-

mentationcannotbe changedTherefore peforecreatingananima-
tion, theusermustspecifyenoughcontrolpointssothatary desired
keyframe can be created. This limitation did not posea problem
whenwe createdthe animationin the accompaning video; three
controls(on both eyebravs andthe lower lip) wereenoughto cre-
atethe expressionave wanted. However, it would be desirableto

allow the controlsto vary acroskeyframes.

The animationtools presentedn this paperare quite simple and
couldbeextendedandimprovedin severalways. Onelimitation is

thatwe assumehatthe key framesareblendsof theinput frames.
Although different regions can be controlled separatelythe ap-
proachdoesnot provide goodsupportfor extrapolatedfaces since
suchfacesmay not be part of a motion sequencéi.e., thereis no

naturalsuccessoframe).Anotherlimitation is thatour data-drven

interpolationtechniqueequiresarichfacesequencen orderto pro-

ducenatural-lookingtransitionsbetweenall the capturedexpres-
sions. If our techniquefailsto nd a desiredtransitionin the face
sequencet may chooseto uselinearinterpolationor anunnatural
backwardstransitioninstead.In addition,eye blinks may occurat
inopportunemomentswhich complicatesanimation,andgazedi-

rectionis x edby theinputsequencemorecarefulmodelingof the
eyes,aswell asinsertionof teeth,would improve the quality of re-

sultinganimations Finally, moreintuitive control of timing would

alsohelp producemorerealistickeyframeanimations All of these
problemsareimportantareador futurework.

While we have focusednanimatingasingleface it would beinter
estingto explore variationsin dynamicbehaiors amongdifferent
humanfacessimilarin spirit to whathasbeendonefor staticshape
variations[Blanz andVetter1999;Allen etal. 2003].
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Appendix
In this appendixwe prove thatthe blendingcoefcients for vertex
L
S, ¢(s), sumupto 1 giventhat & B(s;5) = 1. Our proofis based
=1

on two facts. To statethefacts?succinctly we rst introducetwo
conceptsA vectoris callednormalizedf its componentsumto 1.
A matrixis callednormalizedf all of its rows arenormalized.
FACTL. If aninvertiblesquarematrix A = [ai;j] is normalizedthen
B= A lisalsonormalized.

PROOF. Let B=[b.]. B= A 1) 8i;8j;ékbi;kak;j =d.,;)

2 9

Bil=ad;=aabd = dabd = abydag = aby.



FACT2. If amby nmatrixA = [ai;j] is normalizedandamdimen-
sionalvectorb = [l;] is normalized thenthe n dimensionalector
b'A is alsonormalized.

PROOF b'A = [aba]) &dba;; =aaba; = a
i ji i i
ab = 1.

I
LetC=[c;c, i c,_]T andC = [€, ¢ 6|_]T. We know from
the constructionof RBF thatC = B(S0.5) C. Becauseioth C

and B(ss§) arenormalized,the matrix C= B(sa ) cis
alsonormalizedaccordingo FACT1andFACT2. Again,from the
de nition of RBF, we knoNthatc(s)T: [B(s;pl)]TC. Becauséoth

vector [B(s; p;)] and matrix C are normalized,c(s), the blending
coefcient for vertex s, is alsonormalized.
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