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Abstract

We presentan end-to-endsystemthat goesfrom video sequences
to high resolution,editable,dynamicallycontrollablefacemodels.
Thecapturesystememployssynchronizedvideocamerasandstruc-
turedlight projectorsto recordvideosof a moving facefrom mul-
tiple viewpoints.A novel spacetimestereoalgorithmis introduced
to computedepthmapsaccuratelyandovercomeover-�tting de�-
cienciesin prior work. A new template�tting andtrackingproce-
dure �lls in missingdataandyields point correspondenceacross
theentiresequencewithoutusingmarkers.Wedemonstrateadata-
driven,interactive methodfor inversekinematicsthatdraws on the
largesetof �tted templatesandallows for posingnew expressions
by draggingsurfacepointsdirectly. Finally, we describenew tools
that modelthe dynamicsin the input sequenceto enablenew ani-
mations,createdvia key-framingor texture-synthesistechniques.

CR Categories: I.4.8 [ImageProcessingandComputerVision]:
SceneAnalysis—Stereo,Motion, SurfaceFitting; I.3.7 [Computer
Graphics]:Three-DimensionalGraphicsandRealism—Animation

Keywords: shaperecovery, facial animation,stereomatching,
shaperegistration,data-drivenanimation,expressionsynthesis

1 Intr oduction

Creatingfacemodelsthat look andmove realisticallyis an impor-
tantproblemin computergraphics.It is alsooneof themostdif�-
cult,aseventhemostminutechangesin facialexpressioncanreveal
complex moodsandemotions.Yet,thepresenceof veryconvincing
syntheticcharactersin recent�lms makesa strongcasethat these
dif�culties canbe overcomewith the aid of highly skilled anima-
tors. Becauseof thesheeramountof work requiredto createsuch
models,however, thereis a clear needfor more automatedtech-
niques.

Our objective is to createmodelsthat accuratelyre�ect the shape
andtime-varyingbehavior of a realperson's facefrom videos.For
thosemodels,we seekreal-time,intuitive controlsto edit expres-
sionsandcreateanimations.For instance,draggingthe cornerof
themouthup shouldresultin a realisticexpression,suchasa smil-
ing face. Ratherthan programmingthesecontrolsmanually, we
wish to extract themfrom correlationspresentin the input video.
Furthermore,we wish to usethesecontrolsto generatedesiredan-
imationswhich preserve thecaptureddynamicsof a real face.(By
“dynamics,” we meanthe time-varying behavior, not the physics
perse.)

Creatinghumanfacemodelsfrom imagesis by now a proven ap-
proach,with stunningresults(e.g.,[BlanzandVetter1999]).How-

ever, the problemof accuratelymodeling facial expressionsand
otherdynamicbehavior is still in its infancy. Modeling facial dy-
namicsis essentialfor creatinganimations,but it is moredif�cult
to achieve duein part to limitations in currentshapecapturetech-
nology. In particular, laser-scannersandmostotherhigh-resolution
shapecapturetechniquesdo not operateeffectively on fastmoving
scenes(a transitionto a smilecanoccurin a fractionof a second).
Furthermore,the problemof creatinganimationtools that exploit
capturedmodelsof 3D facialdynamicshasyet to beexplored.

In this paper, we presenta novel, end-to-endsystemfor produc-
ing a sequenceof high-resolution,time-varying facemodelsusing
off-the-shelfhardware,anddescribetoolsthatusethesemodelsfor
editing andanimation. This papermakesseveral speci�c techni-
cal contributions. First, we introducea novel, globally consistent
spacetimestereotechniqueto derive high-qualitydepthmapsfrom
structuredlight videosequences.Next, we proposea new surface
�tting and trackingprocedurein which the depthmapsarecom-
binedwith optical�o w to createfacemodelswith vertex correspon-
dence.Onceacquired,thissequenceof modelscanbeinteractively
manipulatedto createexpressionsusingadata-driveninversekine-
maticstechniquewecall faceIK. FaceIKblendsthemodelsin away
that is automaticallyadaptive to thenumberof user-speci�ed con-
trols. We alsodescribea representationcalleda facegraphwhich
encodesthedynamicsof the facesequence.Thegraphcanbetra-
versedto createdesiredanimations. While our animationresults
do not matchtheartistryof whatanexpertanimatorcanproduce,
our approachmakesit simplefor untrainedusersto produceface
animations.

1.1 Related work

Modelingandsynthesizingfacesis anactive research�eld in com-
putergraphicsandcomputervision. Herewe review threetopics
most relatedto our work: reconstructingmoving facesfrom im-
ages,constraint-basedfaceediting,anddata-drivenfaceanimation.
Otherrelatedwork is discussedthroughoutthepaper, asappropri-
ate.

Reconstructing moving faces from images Very few
shape-capturetechniqueswork effectively for rapidly moving
scenes.Among the few exceptionsare depth-from-defocus[Na-
yar et al. 1996]andstereo[Faugeras1993]. Structuredlight stereo
methodshave shown particularly promisingresultsfor capturing
depthmapsof moving faces[Proesmanset al. 1996;Huanget al.
2003]. Using projectedlight patternsto provide densesurface
texture, thesetechniquescomputepixel correspondencesto derive
depthmapsfor eachtime instant independently. Productsbased
onthesetechniquesarecommerciallyavailable.1 Recentspacetime
stereomethods[Zhanget al. 2003a;Davis et al. 2003]additionally
integrateinformationover timeto achievebetterresults.In particu-
lar, Zhangetal. [2003a]demonstratehow temporalinformationcan
beexploitedfor dynamicscenes.Comparedto thesepreviousstruc-
tured light stereomethodsthe shapecapturetechniquepresented
in this paperproduceshigherresolutionshapemodelswith lower
noise.

While theaforementionedshape-capturetechniquesyield spatially
andtemporallydensedepthmaps,a key limitation is that they do

1For example,www.3q.comandwww.eyetronics.com.



not capturemotion, i.e.,point correspondenceover time,makingit
dif�cult to reposeor reanimatethecapturedfaces.3D facetracking
techniquesaddressthis problemby computingthe deformationof
adeformable3D facemodelto �t asequenceof images[Essaetal.
1996;Pighin et al. 1999;Basuet al. 1998;DeCarloandMetaxas
2002; Blanz et al. 2003] or 3D marker positions[Guenteret al.
1998]. Blanz and Vetter [1999] constructparticularly high qual-
ity models,representedas linear subspacesof laser-scannedhead
shapes.Althoughsubspacemodelsare�e xible, they fail to recon-
structshapesthatareoutsidethesubspace.In orderto handleex-
pressionvariation,BlanzandVetter[2003] laser-scannedfacesun-
der differentexpressions,a time-consumingprocessthat requires
thesubjectto hold eachexpressionfor tensof seconds.A problem
with existing facetrackingmethodsin generalis thatthetemplates
have relatively few degreesof freedom,makingit dif�cult to cap-
ture�ne-scaledimplesandfoldswhichvary from oneindividual to
anotherandareimportantcharacteristicfeatures.We insteadwork
with a generichigh resolutiontemplatewith thousandsof degrees
of freedomto capturesuch�ne-grain features.Thisapproachis re-
latedto thework of Allen etal.[2003]for �tting templatesto human
bodydata,exceptthatthey rely onmarkersto providepartialcorre-
spondencefor eachrangescan,whereaswe derive correspondence
informationalmostentirelyfrom images.

An interestingalternative to traditionaltemplate-basedtrackingis
to computethe deformabletemplateandthe motion directly from
the imagesequence.Torresaniet al. [2001] andBrand[2001] re-
cover non-rigid structurefrom a singlevideo assumingthe shape
lies within a linearsubspace.Althoughthesemethodsarepromis-
ing andwork from regular video streams,they producerelatively
low-resolutionresults,comparedto, e.g.,structuredlight stereo.

Direct 3D face editing Following Parke's pioneering
work [1972] on blendablefacemodels,mostfaceediting systems
arebasedon specifyingblendingweightsto linearly combinea set
of templatefaces.Theseweightscanbecomputedindirectly from
user-speci�ed constraints[Pighin et al. 1999;Joshiet al. 2003]or
�t directly to images[BlanzandVetter1999].

Our faceIK tool, asa generalexpressionediting interface,is sim-
ilar to the onein [Joshiet al. 2003]. However, Joshiet al. [2003]
segmenta faceinto a region hierarchy a priori , which decouples
the naturalcorrelationbetweendifferentpartsof the face. Zhang
et al. [2003b] addressthis problemwith a hierarchicalPCA tech-
nique in which useredits may propagate betweenregions. Our
faceIK methodinsteadmaintainsthe correlationacrossthe whole
faceandonly decouplesit — automaticallyandadaptively — as
theuserintroducesmoreconstraints.

Data-driven 3D face animation A focus of our work is to
usecapturedmodelsof humanfacedynamicsto drive animatable
facemodels.Severalpreviousauthorsexploredperformance-based
methodsfor animatingfaces,usingeithervideoof anactor[Blanz
et al. 2003;Chaiet al. 2003],or speech[Bregler et al. 1997;Brand
1999;Ezzatet al. 2002] to drive the animation.Thesetechniques
canbeconsidereddata-drivenin thatthey arebasedon a sequence
of examplefaces.

Otherresearchershave exploreddata-driven animationtechniques
in thedomainsof human�gure motion[Li et al. 2002;Arikan and
Forsyth2002;Kovar et al. 2002;Leeet al. 2002]andvideosprites
[Scḧodl andEssa2002]. We adaptideasfrom theseotherdomains
to devise3D faceanimationtools.

1.2 System overview

Our system takes as input 6 synchronizedvideo streams(4
monochromeand2 color) runningat 60 frames-per-second(fps),
andoutputsa 20 fps sequenceof high-resolution3D meshesthat

color cameras

monochrome cameras


projectors

Figure1: Ourfacecapturerig consistsof six videocamerasandtwo
dataprojectors.Thetwomonochromecamerasontheleft constitute
onestereopair, andthetwo on theright constitutea secondstereo
pair. Theprojectorsprovide stripepatterntexturesfor high quality
shapeestimation.Thecolor camerasrecordvideostreamsusedfor
optical�o w andsurfacetexture.

capturefacegeometry, color, andmotion,for our data-drivenedit-
ing andanimationtechniques.Thevideosarerecordedby acamera
rig shown in Figure1. Threeof thecamerascapturetheleft sideof
theface,andtheotherthreecapturetheright side.

To facilitatedepthcomputation,we usetwo video projectorsthat
projectgray-scalerandomstripepatternsonto the face. The pro-
jectorssenda “blank” patternevery threeframes,which is usedto
computebothcolortexturemapsandtimecorrespondenceinforma-
tion (optical �o w). We will refer to theseas“non-pattern”frames.
All of thecomponentsareoff-the-shelf.2

Thefollowing sectionsdescribethestagesin thepipelinefrom the
input streamsto high-resolutioneditableandanimatablefacemod-
els. Section2 introducesthe spacetimestereomethodto recover
time-varyingdepthsmapsfrom theleft andright stereopairs.Sec-
tion3 presentsaprocedurethat�ts atime-varyingmeshto thedepth
mapswhile optimizing its vertex motion to beconsistentwith op-
tical �o w. Section4 describeshow this meshsequenceis usedfor
expressioneditingusingfaceIK.Section5 describestwo animation
tools that usea facegraphto model the dynamicspresentin the
capturedfacesequence.

2 From videos to depth maps

In this section,we presenta novel methodto recover time-varying
depthmapsfrom two synchronizedvideostreams.Themethodex-
ploits time-varyingstructuredlight patternsthatareprojectedonto
the faceusinga standardvideo projector. We �rst provide a brief
review of traditionalstereomatchingandprior work in spacetime
stereo,to motivateournew approach.

2.1 Binocular stereo matc hing

Thereexists an extensive literatureon stereomatchingalgorithms
which takeasinput two imagesandcomputeadepthmapasoutput
(for a goodoverview, see[ScharsteinandSzeliski2002]). Thekey
problemis to computecorrespondencesbetweenpointsin the left
andright image,by searchingfor pixelsof similarintensityor color.
Oncethecorrespondenceisknown,depthvalues(i.e.,distancefrom
thecamera)arereadilycomputed[Faugeras1993]. Generally, the
imagesare assumedto be recti�ed after calibration,3 so that the
motionis purelyhorizontalandcanbeexpressedby a 1D disparity
function.

2WeuseBaslerA301f/fc IEEE1394cameras,synchronizedandrunning
at60fps,andNECLT260Kprojectors.

3WecalibrateourstereopairsusingBouguet's software[2001].
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Figure 2: Illustration of spacetimestereo. Two stereo image
streamsarecapturedfrom �x ed cameras.The imagesareshown
spatiallyoffsetatthreedifferenttimes,for illustrationpurposes.For
a moving surface,a rectangularwindow in the left view mapsto a
warpedwindow in the right view. The bestaf�ne warp of each
spacetimewindow alongepipolarlinesis computedfor stereocor-
respondence.

More precisely, given two recti�ed imagesIl (x;y) andIr (x;y) we
wish to computea disparityfunctiongivenby d(x;y). For a pixel
Il (x0;y0) in the left image,thereis oftenmorethanonepixel with
similar color in the right image. To resolve this ambiguity, most
stereoalgorithmsmatchsmallwindowsW0 around(x0;y0), assum-
ing that the disparity function is locally nearly constant. Mathe-
matically, thismatchingprocessinvolvesminimizing thefollowing
errorfunction:

E(d0) = å
(x;y)2W0

e(Il (x;y); Ir (x� d0;y)) (1)

whered0 is shorthandnotationfor d(x0;y0) ande(p;q) is asimilar-
ity metricbetweenpixelsfrom two cameras.Thesizeandshapeof
thewindow W0 is afreeparameter, with largerwindowsresultingin
smoothdepthmapsandsmallerwindowsyieldingmoredetailedbut
alsonoisierreconstructions.4 e(a;b) cansimplybethesquareddif-
ferenceof color differences.We usethe“gain-bias”metric [Baker
etal. 2003]to compensatefor radiometricdifferencebetweencam-
eras.

2.2 Spacetime stereo

Given two sequencesof images,Il (x;y;t) and Ir (x;y;t), a time-
varying disparitymapd(x;y;t) may be computedby applyingthe
above stereomatchingprocedureto eachpair of framesindepen-
dently. However, the resultstendto benoisy, low-resolution(Fig-
ure 3(c,d,g,h)),andcontaintemporal�ick er asthe shapechanges
discontinuouslyfrom oneframeto thenext (seetheaccompanying
video). More accurateandstableresultsarepossibleby generaliz-
ing stereomatchinginto thetemporaldomain.

Thebasicidea,asoriginally proposedby Zhanget al. [2003a]and
Davis et al. [2003], is to assumethat disparity is nearlyconstant
over a 3D spacetimewindow W0� T0 around(x0;y0; t0), andsolve

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

for d(x0;y0; t0) by minimizing thefollowing errorfunction

E(d0) = å
t2T0

å
(x;y)2W0

e(Il (x;y;t); Ir (x� d0;y;t)) (2)

whereT0 maybechosento beanywherefrom a few framesto the
whole sequence,dependingon how fast the sceneis moving. As
shown in [Zhanget al. 2003a],assuminglocally constantdisparity
introducesreconstructionartifactsfor obliqueor moving surfaces.
To modelsuchsurfacesmoreaccurately, Zhanget al. [2003a] in-
steadapproximatethedisparityvariationlinearly within thespace-
timewindow as

d(x;y;t) � d̃0(x;y;t) def=
d0 + dx0

� (x� x0) + dy0
� (y� y0) + dt0

� (t � t0)
(3)

where [dx0
;dy0

;dt0
]T is the gradientof the disparity function at

(x0;y0; t0). They solve for d0 togetherwith [dx0
;dy0

;dt0
]T by mini-

mizing thefollowing errorfunction:

E(d0;dx0
;dy0

;dt0
) = å

t2T0

å
(x;y)2W0

e(Il (x;y;t); Ir (x� d̃0;y;t)) (4)

Underthis linearity assumption,a 3D window W0� T0 in Il maps
to a shearedwindow in Ir , as shown in Figure 2. Consequently,
[Zhanget al. 2003a]developedan approachto minimize Eq. (4)
by searchingfor the bestmatchingshearedwindow at eachpixel
independently. Theresultingdepthmapsarebothhigher-resolution
andmorestablethanthoseproducedusingstandardstereomatching
asshown in Figure3(e,i)andthecompanionvideo.

2.3 Globall y consistent spacetime stereo

In practice,spacetimestereoproducessigni�cantly improveddepth
mapsfor moderately-fastmoving humanshapes.However, it also
producessigni�cant ridging artifacts,both evident in the original
work [Zhanget al. 2003a]andclearly visible in Figure3(e). Our
analysisindicatesthat theseartifactsaredueprimarily to the fact
thatEq.(4) is minimizedfor eachpixel independently, without tak-
ing into accountconstraintsbetweenneighboringpixels. Speci�-
cally, computinga disparitymapwith N pixels introduces4N un-
knowns: N disparitiesand3N disparitygradients.While this for-
mulationresultsin a systemthat is convenientcomputationally, it
is clearlyover-parameterized,sincethe3N disparitygradientsarea
function of the N disparities. Indeed,the estimateddisparitygra-
dientsmay not agreewith the estimateddisparities. For exam-
ple, dx(x;y;t) may be quite differentfrom 1

2(d(x+ 1;y;t) � d(x �
1;y;t)) , becausedx(x;y;t), d(x+ 1;y;t), d(x � 1;y;t) areindepen-
dently estimatedfor eachpixel. This inconsistency betweendis-
paritiesanddisparitygradientsresultsin inaccuratedepthmapsas
shown in Figure3(e,i).

To overcomethis inconsistency problem,wereformulatespacetime
stereoasa global optimizationproblemthat computesthe dispar-
ity function,while takinginto accountgradientconstraintsbetween
pixels thatareadjacentin spaceandtime. Given imagesequences
Il (x;y;t) andIr (x;y;t), thedesireddisparityfunctiond(x;y;t) mini-
mizes

G(f d(x;y;t)g) = å
x;y;t

E(d;dx;dy;dt ) (5)

subjectto thefollowing constraints5

dx(x;y;t) = 1
2(d(x+ 1;y;t) � d(x� 1;y;t))

dy(x;y;t) = 1
2(d(x;y+ 1;t) � d(x;y� 1;t))

dt (x;y;t) = 1
2(d(x;y;t + 1) � d(x;y;t � 1))

(6)

5At spacetimevolumeboundaries,we useforward or backward differ-
encesinsteadof centraldifferences.
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Figure3: Comparisonof four differentstereomatchingalgorithms. (a,b)Five consecutive framesfrom a pair of stereovideos. The third
framesarenon-patternframes.(c) Reconstructedfaceat thethird frameusingtraditionalstereomatchingwith a [15� 15] window. Theresult
is noisy dueto the lack of color variationon the face. (d) Reconstructedfaceat the secondframeusingstereomatchingwith a [15� 15]
window. Theresultis muchbetterbecausetheprojectedstripesprovide texture. However, certainfacedetailsaresmoothedout dueto the
needfor a large spatialwindow. (e) Reconstructedfaceat the third frameusinglocal spacetimestereomatchingwith a [9� 5� 5] window.
Eventhoughthethird framehaslittle intensityvariation,spacetimestereorecoversmoredetailedshapesby consideringneighboringframes
together. However, it alsoyieldsnoticeablestripingartifactsdueto theover-parameterizationof thedepthmap.(f) Reconstructedfaceat the
third frameusingournew globalspacetimestereomatchingwith a [9� 5� 5] window. Thenew methodremovesmostof thestripingartifacts
while preservingtheshapedetails.(g-j) Closeupcomparisonof thefour algorithmsaroundthenoseandthecornerof themouth.

Eq. (5) de�nes a nonlinear least squaresproblem with linear
constraints. We solve this problem using the Gauss-Newton
method[Nocedaland Wright 1999] with a changeof variables.
To explain our approach,we useD to denotetheconcatenationof
d(x;y;t) for every (x;y;t) into a columnvector. Dx, Dy, andDt are
de�ned similarly, by concatenatingvaluesof dx(x;y;t), dy(x;y;t),
anddt (x;y;t), respectively. Givenaninitial valueof D, Dx, Dy, and
Dt , wecomputethegradientb andlocalHessianJ of Eq.(5) using
Gauss-Newtonapproximation.Then,theoptimalupdatesdD, dDx,
dDy, anddDt aregivenby

J

2

6
4

dD
dDx
dDy
dDt

3

7
5 = � b (7)

SinceEqs.(6) arelinear constraints,we representthemby matrix
multiplication:

Dx = GxD Dy = GyD Dt = GtD (8)

whereGx,Gy, andGt aresparsematricesencodingthe�nite differ-

enceoperations.For example,supposed(x;y;t) is the i' th compo-
nentof D, thentheonly nonzerocolumnsin row i of Gx are j and j0

which correspondto d(x+ 1;y;t) andd(x� 1;y;t) andtake values
of 0:5 and� 0:5, respectively. SubstitutingEq. (8) into Eq. (7), we
obtaintheoptimalupdatedD by solving

2

6
4

I
Gx
Gy
Gt

3

7
5

T

J

2

6
4

I
Gx
Gy
Gt

3

7
5 dD = �

2

6
4

I
Gx
Gy
Gt

3

7
5

T

b (9)

whereI is an identity matrix of thesamedimensionasD. We ini-
tialize D usingdynamicprogrammingwith thespacetimewindow
metricEq.(2)6, asdescribedin [Zhangetal.2003a],andsetDx, Dy,
andDt to bezero.Thenweiteratively solveEq.(9) andre-compute
J andb, until convergence. Figure3(f,j) shows the resultingim-
provementwhenemploying thisnew spacetimestereomethod.

6Whenusingdynamicprogrammingfor initialization, we usea [1� 3]
imagewindow for frame-by-framematchingand a [1� 3� 3] window for
spacetimematching.
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Figure4: Illustrationof theerrormetricof a vertex usedin template�tting. (a) s is a vertex on thetemplatemeshandd is its displacement
vector. Let h be the intersectionof thedepthmap,shown asa surface,andthe line from opticalcenterto s+ d. s+ d � h is thedifference
vectorbetweens+ d andthedepthmap.(b) A plot of Tukey's Biweight robustestimator. (c) dt+ 1 anddt arethedisplacementsfor a vertex
s on the templatemeshat framet andt + 1, respectively. U = dt+ 1 � dt is thevertex motion from framet to t + 1. Theprojectionof U in
theimageplane,p(U), shouldbethesameastheoptical �o w u. kp(U) � uk is usedasa metricfor consistency betweenvertex motionand
optical�o w.

2.3.1 Scalab le implementation

AlthoughDx, Dy, Dt , andJ arevery sparse,solvingEq. (9) using
the conjugategradientmethod[Presset al. 1993] over the whole
video is not practical; a 10-secondvideo of 640� 480 resolution
at 60Hz comprisesnearly180 millions depthvariables! To apply
globalspacetimestereomatchingover a long video,we divide the
video into a 3D (X;Y;T) arrayof 80� 80� 90 blocksthat areop-
timizedin sequence.Whenoptimizinga particularblock, we treat
asboundaryconditionsthe disparityvaluesin its adjacentblocks
that have alreadybeenoptimized. To speedup the procedure,we
distribute the computationover multiple machineswhile ensuring
thatadjacentblocksarenotoptimizedsimultaneously. While many
traversalordersare possible,we found that the following simple
strategy suf�ces: We �rst optimizeblockswith oddT values,and
distribute blocks with different T valuesto different CPU's. On
eachCPU,we traversetheblocksfrom left to right andtop to bot-
tom. We thenrepreatthe sameprocedurefor blockswith even T
values.Ourprototypeimplementationtakes2 to 3 minutesto com-
putea depthmapon a 2.8GHzCPUandeachdepthmapcontains
approximately120Kdepthpoints.

3 Shape registration

In this section,we presenta novel methodfor computinga sin-
gle time-varyingmeshthatcloselyapproximatesthedepthmapse-
quenceswhile optimizing the vertex motion to be consistentwith
optical �o w betweencolor frames. We startby �tting a template
meshto the pair of depthmapscapturedin the �rst non-pattern
frame,initialized with a small amountof userguidance.We then
trackthetemplatemeshthroughothernon-patternframesin these-
quenceautomaticallyandwithout theneedfor puttingmarkerson
thesubject's face.

3.1 Template �tting

Let M = (V;E) be an N-vertex trianglemeshrepresentinga tem-
plateface,with vertex setV = f sng andedgesetE = f (n1;n2)g.
Let f h j (x;y)g2

j= 1 be the two depthmapsat frame1, asshown in

Figure5(a,b,c).Giventherelativeposebetweenthesedepthmaps,7

wewishto solvefor adisplacementdn for eachvertex suchthatthe
displacedmeshM1, with vertex set f sn + dng, optimally �ts the
depthmaps. Our �tting metric hastwo terms: a depthmatching
term,Es, anda regularizationtermEr .

The depthmatchingterm Es measuresthe differencebetweenthe
depthsof verticesof M1 asseenfrom eachcamera's viewpointand
thecorrespondingvaluesrecordedin eachdepthmap.Speci�cally,

Es(f dng) =
2

å
j= 1

N

å
n= 1

wn; j r (
h
sn + dn � hn; j

i

z j

;ss) (10)

wherehn; j 2 R3 is the intersectionof the depthmaph j (x;y) and
the line from the j' th camera's opticalcenterto sn + dn, asshown
in Figure4(a); [�]z j

is the z componentof a 3-d vectorin the j' th
camera'scoordinatesystem;r (�;s s) is Tukey'sbiweightrobustes-
timator, shown in Figure4(b);andwn; j is aweightfactorgoverning
the in�uence of the j' th depthmapon the templatemesh. In ex-
periments,wesetss = 20,whichessentiallyrejectspotentialdepth
mapcorrespondencesthatareover 20mmaway from the template
mesh. For wn; j , we usethe productof the depthmapcon�dence,
computedasin [CurlessandLevoy 1996],andthe dot productof
the normalsat hn; j andsn + dn (clampedabove 0). Note that, in
practice,we do not needto intersecta line of sight with a surface
to computeeachhn; j . Instead,we projecteachdisplacedtemplate
point into thedepthmaph j (x;y) andperformbilinearinterpolation
of depthmapvaluesto measuredepthdifferences.

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 regularizationtermEr that
penalizeslargedisplacementdifferencesbetweenneighboringver-

7We obtainthe relative posebetweendepthmapsusingthe rigid regis-
trationtool providedin Scanalyze[2002].
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Figure5: Illustrationof the template�tting process.(a) A facetemplate.(b-c) Depthmapsfrom two viewpointsat the �rst frame. A few
correspondingshapefeaturepositionsaremanuallyidenti�ed on boththefacetemplateandthe�rst two depthmaps.(d) Thetemplateafter
initial globalwarpusingthe featurecorrespondence.(e) Initial meshafter �tting thewarpedtemplateto the �rst two depthmaps,without
usingthefeaturecorrespondence.Theinitial meshis coloredredfor regionswith unreliabledepthor optical �o w estimation.(f-j) Selected
meshesaftertrackingtheinitial meshthroughthewholesequence,usingbothdepthmapsandoptical �o ws. Theprocessis marker-lessand
automatic.(k-o) Theprojectionof asetof verticesfrom theselectedmeshesontheimageplane,shown asgreendots,to verify thatthevertex
motion is consistentwith visualmotion. Notethat thesubjecthadno markerson his faceduringcapture;thegreendotsareoverlaidon the
original imagespurelyfor visualizationpurposes.

ticeson thetemplatemesh.Speci�cally,

Er (f dng) = å
(n1;n2)2E

kdn1
� dn2

k2=ksn1
� sn2

k2 (11)

To �t thetemplatemeshM to thedepthmapsat frame0, we mini-
mizeaweightedsumof Eqs.(10)and(11)

F = Es+ a Er (12)

with a = 2:0 in ourexperiments.

We minimize Eq. (12) using the Gauss-Newton method. We ini-
tialize the optimization by manually aligning the templatewith
thedepthmaps.Speci�cally, we selectseveralcorrespondingfea-
turepositionson boththetemplatemeshandthedepthmaps(Fig-
ure 5(a,b,c)).Next, from thesefeaturecorrespondences,we solve
for an over-constrainedglobalaf�ne transformationto deformthe

mesh.Finally, we interpolatetheresidualdisplacementsat thefea-
turepositionsoverthewholesurfaceusinganormalizedradialbasis
function [BroomheadandLowe 1988] aswe do for vertex blend-
ing coef�cients in Section4.2. After the initial warp, the selected
featurecorrespondencesareno longerusedfor template�tting. As
shown in Figure5(d), theinitial alignmentdoesnothave to bepre-
cisein orderto leadto anaccurate�nal �tting result,asillustrated
in Figure5(e).

3.2 Template trac king

Given the meshM1 at the �rst frame, we would now like to de-
form it smoothly through the rest of the sequencesuch that the
shapematchesthe depthmapsand the vertex motionsmatchthe
optical �o w computedfor the non-patternframesof the color im-
agestreams. Let f Ik(x;y;t)g2

k= 1 be color imagesequencesfrom
two view points with patternframesremoved. We �rst compute
optical �o w uk(x;y;t) for eachsequenceusing Black and Anan-



dan's method[1993]. The �o w uk(x;y;t) representsthe motion
from frame t to t + 1 in the k' th imageplane. We measurethe
consistency of the optical �o w andthe vertex inter-framemotion
Un;t = dn;t+ 1 � dn;t , calledscene�ow in [Vedulaet al. 1999], by
thefollowing metric:

Em(f dn;t+ 1g) =
2

å
k= 1

N

å
n= 1

r (kpk(Un;t ) � un;t;kk;sm) (13)

wherepk(Un;t ) is the imageprojectionof Un;t in the k' th image
planeand un;t;k is the value of optical �o w uk(x;y;t) at the cor-
respondinglocation, shown in Figure 4(c); r (�;s m) is the same
Tukey'sbiweightrobustestimatorasin Eq.(10),with s m = 20pix-
els.

Startingfrom M1, we recursively computeMt+ 1 givenMt by opti-
mizingaweightedsumof Eq.(12)andEq.(13):

Y = Es+ a Er + bEm (14)

with a = 2:0 andb = 0:5 in ourexperiments.

Our meshtracking methodis fully automaticwithout requiring
markersto be placedon the subject's face. In Figure5(f-o), sam-
ple resultsfor meshtrackingareshown in gray shadedrendering.
Thecompanionvideoshows thefull sequencebothasgray-shaded
and color-textured rendering. Eachfacemodel hasroughly 16K
verticesandtemplatetrackingtakeslessthan1 minuteperframe.

4 FaceIK

In thissectionwedescribeareal-timetechniquefor editingafaceto
producenew expressions.Thekey propertyof thetechniqueis that
it exploits correlationsin a setof input meshesto propagateuser
editsto otherpartsof theface.So,for instance,pulling up on one
cornerof themouthcausestheentirefaceto smile.Thisproblemis
analogousto the inversekinematics(IK) problemin human�gure
animationin which thegoal is to computetheposeof a �gure that
satis�esoneor moreuser-speci�edconstraints.Wethereforecall it
faceIK.

Our approachis basedon the ideaof representingfacesasa lin-
earcombinationof basisshapes.While linear combinationshave
beenwidely usedin facemodeling[Cooteset al. 1995;Blanzand
Vetter1999;Pighinet al. 1998],theproblemof generatingreason-
ablefacesusingonly oneconstraint(e.g.,thecornerof themouth),
or just a few, is moredif�cult becausetheproblemis severelyun-
derconstrained.Onesolutionis to computethecoef�cients which
maximizetheir likelihood with respectto the data,using princi-
ple componentanalysis(PCA) [Blanz andVetter1999;Allen et al.
2003].Themaximumlikelihoodcriterionworkswell for modeling
facevariationsundersimilar expressionsand humanbody varia-
tionsundersimilarposes.However, applyingPCAto facialexpres-
sionsdoesnot producegoodresultsunlessthefaceis segmenteda
priori into separateregions,e.g.,eyes,nose,andmouth[Blanzand
Vetter1999; Joshiet al. 2003; Zhanget al. 2003b]. Segmenting
facesinto regionsdecouplesthenaturalcorrelationbetweendiffer-
entpartsof a face.In practice,theappropriatesegmentationis not
obvious until run-timewhenthe userdecideswhat expressionsto
create. For example,to createan asymmetricexpression,the left
and right sidesof the facemust be decoupled. As discussedin
Section4.2,under- or over-segmentingthefacecanresultin unde-
sirableeditingbehavior. We insteaddescribea methodthatavoids
theseproblemsby adaptively segmentingthefaceinto soft regions
basedon useredits. Theseregionsareindependentlymodeledus-
ing the capturedfacesequence,and then they areblendedinto a

singleexpression.We couldmodeltheseregionsusingPCA; how-
ever, becausethey areformedby useredits,we would thenhave to
computeprincipal components,a costlyoperation,at run-timefor
eachregion. To addressthis problem,we introducea fastmethod,
proximity-basedweighting(PBW), to modelthe regions. We start
by describinghow to usePBW to modeltheentirefaceasa single
region.

4.1 Proximity-based weighting

Supposewe are given as input F meshes,eachwith N vertices.
We usesn; f to denotethe n' th vertex in mesh f . Let f pl g

L
l= 1 be

userspeci�ed 3D constraints,requiringthat vertex l shouldbe at
positionpl ; wecall theseconstraintscontrol points.8 Weseekaset
of blendcoef�cients c f suchthatfor every l ,

F

å
f = 1

cf sl ; f = pl and
F

å
f = 1

cf = 1 (15)

Becausethe numberof constraintsL is generallyfar fewer than
the numberof meshesF, we advocateweighting example faces
basedon proximity to thedesiredexpression, i.e., nearbyfacesare
weightedmoreheavily, a schemewe call proximity basedweight-
ing. Speci�cally, wepenalizemesheswhosecorrespondingvertices
arefar from thecontrolpointsby minimizing

g(c) =
F

å
f = 1

f (ks̄f � p̄k)c2
f (16)

where c = [c1 c2 : : : cF ]T, s̄f = [sT
1; f sT

2; f : : : sT
L; f 1]T, p̄ =

[pT
1 pT

2 : : : pT
L 1]T, and f (�) is a monotonicallyincreasingfunc-

tion. In our experiments,we simply usef (r) = 1+ r. Notice that
ks̄f � p̄k equalstheEuclideandistancebetweenthecontrolpoints
andcorrespondingverticesin meshf . Minimizing Eq.(16)subject
to Eq. (15) encouragessmallweightsfor faraway meshes,andcan
besolvedin closed-formas:

cf =
1
f f

s̄T
f a (17)

wheref f = f (ks̄f � p̄k) anda = (
F
å

f = 1

1
f f

s̄f s̄
T
f )

� 1p̄.

4.1.1 Screen-space constraints

Ratherthanrequiringthatconstraintsbespeci�ed in 3D, it is often
morenaturalto specifywheretheprojectionof ameshpointshould
move to. Given a set of user-speci�ed 2D constraintsf ql g

L
l= 1,

Eq.(16) is modi�ed asfollows

g(c) =
F

å
f = 1

f (kp(s̄f ) � q̄k)c2
f (18)

suchthat

p(
F

å
f = 1

cf sl ; f ) = ql and
F

å
f = 1

cf = 1 (19)

wherep(�) is theimageprojectionoperator, q̄ = [qT
1 qT

2 : : : qT
L 1]T,

and p(s̄f )
def= [p(s1; f )

T p(s2; f )
T : : : p(sL; f )

T 1]T. Sincep is in

8WeassumetheL constraintsarefor the�rst L meshvertices,to simplify
notationwithout lossof generality.



(a) (b) (c) (d) (e)

Figure6: Advantagesof adaptive facesegmentationwith faceIK.Many faceeditingtechniquespre-segmenta faceinto regions(e.g.,mouth,
nose,eyes)andmodeleachregionseparatelywith PCA.(a)Threesymmetriccontrolpointsareusedto createasymmetricsmileby applying
PCA on themouthregion to computethemaximumlikelihood(ML) shape.(b) Whenthecontrolpointsbecomeasymmetric,ML behaves
poorly, sinceall input mouthshapesareroughlysymmetric.(c) For thesamecontrolpoint positions,faceIKcreatesanasymmetricsmileby
dividing themouthinto threesoft regions(indicatedby color variations)andblendingthein�uence of eachcontrolpoint. Eachcontrolpoint
in�uencesits region usingPBW in real-time.By contrast,usingPCA would requirecomputingprincipalcomponents,a costlyoperation,at
run-timefor eachnew region. (d) With thesamecontrolverticesasin (c), if thepoint on the lower lip is movedby itself, themouthopens
unnaturally, becausethetwo controlpointsonthemouthcornersdecoupletheircorrelationto thelower lip. (e)With only onecontrolpointon
thelower lip, themouthopensmorenaturally. Thesecomparisonsindicatethatit is moredesirableto adaptively segmenta faceinto regions
basedonuseredits,ratherthana priori .

(a) (b) (c) (d) (e)

Figure7: A faceIKeditingsession.Fromleft to right, we show thecreationof a complex expressionby addingcontrolpointsoneat a time,
startingfrom neutral.

generalnonlinear, weapproximateEq.(19)by

F

å
f = 1

cf p(sl ; f ) = ql and
F

å
f = 1

cf = 1 (20)

This approximationworkswell in our experience,andminimizing
Eq.(18)subjectto Eq.(20)yieldstheclosed-formsolution:

cf =
1
f f

p(s̄f )
Ta (21)

wheref f = f (kp(s̄f ) � q̄k) anda = (
F
å

f = 1

1
f f

p(s̄f )p(s̄f )
T)� 1q̄.

4.2 Local in�uence maps

ThefaceIKmethodpresentedsofar assumesthat theentirefaceis
createdby linearinterpolationof nearbymeshes.However, thisas-
sumptionis too limiting, since,for example,an asymmetricsmile
cannotbe generatedfrom a dataset that containsonly symmetric
smiles. We thereforeproposea methodto blenddifferentfacere-
gionsby de�ning anin�uencemapfor eachcontrolpoint. Speci�-
cally, we give eachcontrolpoint greaterin�uence on nearbymesh
points,andthenblendthein�uencesover theentiremeshto allow
for abroaderrangeof expressionsthatdonotexist in theinputdata.

Accordingly, for eachof the L control points, we computea set
of blendingcoef�cients cl whosecomponentssumto 1, by mini-
mizing Eq. (16) or Eq. (18). This processis doneindependently
for eachcontrol point. The resultingL meshesare then blended
together, usingnormalizedradial basisfunctions[Broomheadand

Lowe 1988] to de�ne spatially-varying weights. Speci�cally, we
settheblendingcoef�cient for vertex sn asfollows

c(sn) =
L

å
l= 1

B(sn;sl )ĉl (22)

whereB(sn;sl ) = exp(�k sn� sl k
2=r2

l )
L
å

l0= 1
exp(�k sn� sl0k

2=r2
l0

)
with r l = min

l06= l
ksl � sl0k. We

prove in theappendixthat thecomponentsof c(sn) sumto 1 given

that
L
å

l= 1
B(sn;sl ) = 1. For eachvertex sn, we usec(sn) to blend

correspondingverticesin themeshdataset.

Figure6 showstheadvantageof usinglocalin�uencemapsto adap-
tively segmentthefacebasedon user-interaction,ratherthanspec-
ifying regionsa priori . The main observation is that the optimal
set of regions dependson the desirededit; for instance,generat-
ing anasymmetricsmilefrom a setof roughlysymmetricfacesre-
quiresdecouplingthe left andright sidesof the mouth. However,
an edit that opensthe mouth is moreeasilyobtainedwithout this
decoupling.Our PBW schemesupportstheadaptive segmentation
in real-time.

Figure7 shows a sequenceof edits that leadsfrom a neutralface
to a complex expression. As shown in the accompanying video,
our faceIK tool runs in real time, providing interactive direct-
manipulationediting.



Figure8: Illustrationof linearinterpolation(toprow) vs. datadriveninterpolation(bottomrow), with the�rst andlastcolumnsaskey frames.
Linearinterpolationmakesthemouthandtheeyesmovesynchronously, which lookslessrealisticwhenplayedasananimation.Datadriven
interpolation,instead,�rst pursesthe mouth,thensquintsthe eyes,and�nally opensthe mouth. The sequentialnatureof the data-driven
interpolationfor thisexamplearosenaturallybecausethatis theway therealsubjectbehaved.

5 Data-driven animation

Producingrealisticanimationsof thehumanfaceis extremelychal-
lenging,assubtledifferencesin dynamicsandtiming canhave a
major perceptualeffect. In this section,we exploit the facial dy-
namicscapturedin our reconstructed3D facesequencesto create
tools for faceanimation.In particularwe describetwo suchtools,
onefor producingrandomin�nite facesequences,andanotherfor
data-driveninterpolationof user-speci�edkey frames.

Beforeintroducingthesetools,we �rst describeour modelof face
dynamicsusingagraphrepresentation.Ourapproachadaptsrelated
graphtechniquesusedin video textures[Schödl et al. 2000] and
characteranimation[Kovar et al. 2002;Arikan andForsyth2002;
Leeetal. 2002]to thedomainof faceanimation.

5.1 Face graphs

Let M1; : : : ;MF be a sequenceof facemeshes.We representface
dynamicsusinga fully connectedgraphwith F nodescorrespond-
ing to the faces;we call this the face graph. The weight of the
edgebetweennodesi and j speci�es the costof a transitionfrom
Mi to M j in an animationsequence.This costshouldrespectthe
dynamicspresentin theinput sequence,balancedwith a desirefor
continuity. Giventwo framesMi andM j in theinput sequence,we
de�ne theweightw of edge(i; j) as

w(i; j) = dist (Mi+ 1;M j ) + l dist (Mi ;M j ) (23)

wheredist is a distancemetricbetweenmeshes.(We usetheL2
norm, summedover all the vertices.) The �rst term prefersfol-
lowing the input sequence,while the secondterm penalizeslarge
jumps.

5.2 Random walks thr ough face space

Videotextures[Schödl et al. 2000]generatesnon-repeatingimage
sequencesof arbitrarylength. Thesametechniquecanbeusedto
generaterandom,continuously-varying faceanimations.To do so
we simply performa randomwalk throughthe facegraph. As in
[Scḧodl et al. 2000],we de�ne theprobabilityof a transitionfrom

meshMi to meshM j to be Pi j = e� w(i; j)=s , normalizingso that
the sumof Pi j over all j is 1. The parameters is usedto de�ne
thefrequency of transitionsbetweendifferentpartsof theinput se-
quence;lowervaluescreateanimationsthatcloselyfollow theinput
sequence,whereashighervaluespromotemorerandombehavior.

As in [Schödl et al. 2000], we disguisetransitionsbetweentwo
meshesthatarenotconsecutivein theinputsequenceby aweighted
blend of the two subsequencesacrossthe transition. Resultsare
shown in thecompanionvideo.

5.2.1 Animation with regions

A limitation of themethoddescribedsofar is thattheframescom-
posing the animationare constrainedto lie within the set of in-
put meshes.We thereforegeneralizethis approachby de�ning re-
gionson theface,animatingtheregionsseparatelyusingtheabove
method,andthenblendingtheresultsinto asingleanimation.

Ratherthan groupingthe verticesof the meshesinto disjoint re-
gions,wecreate“soft” regionsusingcontrolpointsto de�ne asetof
weightsfor eachvertex, asdescribedin Section4.2. Thein�uence
mapsaretakeninto accountin thecomputationof thecostgraphby
de�ning d(Mi ;M j ) to be weightedsum-of-squareddistance,with
per-vertex weightsde�ned by thein�uence map.

The companionvideo shows an animation generatedfrom this
methodusing two control points. While a majority of the result-
ing sequencelooks naturalandcompelling,it alsocontainssome
unnaturalframesandtransitions,dueto thefactthatdifferentparts
of thefaceareanimatedindependently.

5.3 Data-driven keyframe animation

While therandomwalk techniqueproducesanimationvery easily,
it doesnot provide a mechanismfor usercontrol. However, the
sameconceptsmay be usedto supporttraditional keyframe ani-
mations,in which in-betweenframesareautomaticallygenerated
from user-speci�ed constraintframes. The in-betweenframesare
generatedusingadata-driveninterpolationmethod,whichseeksto
follow minimum-costpathsthroughthe graph[Kovar et al. 2002;
Arikan andForsyth2002;Leeetal. 2002;Scḧodl andEssa2002].



Supposethatananimatorhasa sequenceof meshesavailable,and
wantsto animatea transitionbetweentwo expressionsthatappear
in thesequence.In thesimplestcase,theexpressionscomprisethe
endpointsof a subsequenceof the input sequence.More gener-
ally, the interpolationmustblendtwo or morenoncontiguoussub-
sequences.

To �nd apathbetweentwo keyframesMi andM j , weconstructthe
graphde�ned above, thensearchfor the shortestpathconnecting
Mi andM j usingDijkstra's algorithm[Kozen1992]. Theresultis
a sequenceof meshes.We thencomputea per-vertex cubic-spline
interpolationof themeshsequenceto generateacontinuousanima-
tion, which is sampledusinga user-speci�ed parameterizationto
produceadesiredsetof in-betweenframeswith desiredtiming.

5.3.1 Keyframe animation with regions

Thekeyframeinterpolationmethodis extendedto work with mul-
tiple regions using the sametechniqueas describedfor random
walks. In particular, a separategraphis de�ned for eachregion.
Optimalpathson eachgrapharecomputedindependently, andthe
resultinganimationsareblendedtogetherusingthein�uence func-
tionsto producea compositekey-frameanimation.Figure8 shows
an examplekeyframeanimation,comparingour data-driven inter-
polationto traditionallinear interpolation.We have alsocreateda
forty threesecondanimation(shown in thecompanionvideo)using
ourdata-driventechnique.Theanimationusesnineteenkeyframes,
andeachkeyframehasthreecontrolpoints.

6 Discussion and future work

We have presentedan end-to-endsystemthat takesseveral video
sequencesasinput andgenerateshigh resolution,editable,dynam-
ically controllablefacemodels.Thecapturesystememploys syn-
chronizedvideocamerasandstructuredlight projectorsto capture
streamsof imagesfrom multiple viewpoints. Speci�c technical
contributionsinclude�rst a novel spacetimestereoalgorithmthat
overcomesover-�tting de�cienciesin prior work. Second,we de-
scribeda new template�tting andtrackingprocedurethat �lls in
missingdataandbringsthesurfacesinto correspondenceacrossthe
entiresequencewithouttheuseof markers.Third,wedemonstrated
a data-driven,interactive methodfor faceeditingthatdraws on the
largesetof �tted templatesandallows speci�cationof expressions
by draggingsurfacepointsdirectly. Finally, wedescribednew tools
that modelthe dynamicsin the input sequenceto enablenew ani-
mations,createdvia key-framingor texture-synthesistechniques.

Therearemany importanttopicsto explore in future work. First,
theresolutionof our templatemeshis only aboutone-eighthof the
depthmaps,andwe only �t the templateto one-thirdof thedepth
maps(at non-patternframes). A naturalextensionof our current
work is to employ a hierarchical�tting approachto usetemplates
whoseresolutionsarecomparablewith the depthmaps,andalso
interpolatecoloralongoptical�o w to obtainfacemodelsat60Hz.

Our capturetechniquerequiresilluminating thesubject's facewith
two bright projectors,andinvolvesa relatively largerig with mul-
tiple mountedcameras.Onecould imagine,however, embedding
six smallcamerason thesidesof a monitor, anduseimperceptible
structuredlight [Raskaret al. 1998] to make the captureprocess
lessobjectionable.

Our registration techniquedependson optical �o w estimation
which can be unreliablefor texturelessregions. Although regu-
larizationhelpsto producesmoothmeshes,we did observe some
“vertex swimming”artifactsover thetexturelessregions.In thefu-
ture,wehopeto incorporatetemporalcoherence.

Our faceIKmethodgeneratesnaturalresultsfor controlpointsthat
arerelatively neartheinputfaces,but canproducebizarre(andeven
disturbing)resultsfor larger extrapolations.Although this behav-
ior is not surprising,the usermustexplore the spaceof facesby
trial anderror. More usefulwould be if the tool could constrain
theeditsto therangeof reasonablefaces,by learningasetof good
controls.Anotherlimitation of faceIKis that,althoughit allowsthe
userto segmentthe faceadaptively, within an animationthe seg-
mentationcannotbechanged.Therefore,beforecreatingananima-
tion, theusermustspecifyenoughcontrolpointssothatany desired
keyframecanbe created.This limitation did not posea problem
whenwe createdthe animationin the accompanying video; three
controls(on botheyebrows andthe lower lip) wereenoughto cre-
atetheexpressionswe wanted.However, it would bedesirableto
allow thecontrolsto varyacrosskeyframes.

The animationtools presentedin this paperare quite simple and
couldbeextendedandimprovedin severalways.Onelimitation is
thatwe assumethat thekey framesareblendsof the input frames.
Although different regions can be controlled separately, the ap-
proachdoesnot provide goodsupportfor extrapolatedfaces,since
suchfacesmay not be part of a motion sequence(i.e., thereis no
naturalsuccessorframe).Anotherlimitation is thatourdata-driven
interpolationtechniquerequiresarich facesequencein ordertopro-
ducenatural-lookingtransitionsbetweenall the capturedexpres-
sions. If our techniquefails to �nd a desiredtransitionin the face
sequence,it maychooseto uselinear interpolationor anunnatural
backwardstransitioninstead.In addition,eye blinks mayoccurat
inopportunemoments,which complicatesanimation,andgazedi-
rectionis �x edby theinputsequence;morecarefulmodelingof the
eyes,aswell asinsertionof teeth,would improve thequality of re-
sultinganimations.Finally, moreintuitive controlof timing would
alsohelpproducemorerealistickeyframeanimations.All of these
problemsareimportantareasfor futurework.

Whilewehavefocusedonanimatingasingleface,it wouldbeinter-
estingto explorevariationsin dynamicbehaviors amongdifferent
humanfaces,similar in spirit to whathasbeendonefor staticshape
variations[BlanzandVetter1999;Allen etal. 2003].
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Appendix

In this appendix,we prove that theblendingcoef�cients for vertex

s, c(s), sumup to 1 given that
L
å

l= 1
B(s;sl ) = 1. Our proof is based

on two facts. To statethe factssuccinctly, we �rst introducetwo
concepts.A vectoris callednormalizedif its componentssumto 1.
A matrix is callednormalizedif all of its rowsarenormalized.

FACT1. If aninvertiblesquarematrixA = [ai; j ] is normalized,then
B = A� 1 is alsonormalized.

PROOF. Let B = [bi; j ]. B = A� 1 ) 8i;8 j;å
k

bi;kak; j = di; j )

8i;1 = å
j
di; j = å

j
å
k

bi;kak; j = å
k

å
j
bi;kak; j = å

k
bi;k å

j
ak; j = å

k
bi;k.



FACT2. If amby n matrixA = [ai; j ] is normalizedandamdimen-
sionalvectorb = [bi ] is normalized,thenthen dimensionalvector
bTA is alsonormalized.

PROOF. bTA = [å
i

biai; j ] ) å
j
å
i

biai; j = å
i

å
j
biai; j = å

i
bi å

j
ai; j =

å
i

bi = 1.

Let C = [c1 c2 : : : cL]T and Ĉ = [ĉ1 ĉ2 : : : ĉL]T. We know from
the constructionof RBF that C =

�
B(sl0;sl )

�
Ĉ. Becauseboth C

and
�
B(sl0;sl )

�
arenormalized,the matrix Ĉ =

�
B(sl0;sl )

� � 1C is
alsonormalized,accordingto FACT1andFACT2. Again, from the
de�nition of RBF, weknow thatc(s)T = [B(s;pl )]

TĈ. Becauseboth
vector [B(s;pl )] and matrix Ĉ are normalized,c(s), the blending
coef�cient for vertex s, is alsonormalized.

References
ALLEN, B., CURLESS, B., AND POPOVIC, Z. 2003.Thespaceof humanbodyshapes:

reconstructionandparameterizationfrom rangescans.In SIGGRAPHConference
Proceedings, 587–594.

ARIKAN, O., AND FORSYTH, D. A. 2002. Synthesizingconstrainedmotionsfrom
examples.In SIGGRAPHConferenceProceedings, 483–490.

BAKER, S., GROSS, R., AND MATTHEWS, I . 2003. Lucas-kanade20 yearson: A
unifying framework: Part 3. Tech.Rep.CMU-RI-TR-03-35,RoboticsInstitute,
CarnegieMellon University, Pittsburgh,PA, November.

BASU, S., OLIVER, N., AND PENTLAND, A. 1998. 3d lip shapesfrom video: A
combinedphysical-statisticalmodel.Speech Communication26, 1, 131–148.

BLACK , M. J., AND ANANDAN, P. 1993. Robust denseoptical �o w. In Proc. Int.
Conf. onComputerVision, 231–236.

BLANZ, V., AND VETTER, T. 1999.A morphablemodelfor thesynthesisof 3D faces.
In SIGGRAPHConferenceProceedings, 187–194.

BLANZ, V., BASSO, C., POGGIO, T., AND VETTER, T. 2003. Reanimatingfacesin
imagesandvideo. In Proceedingsof EUROGRAPHICS, vol. 22,641–650.

BOUGUET, J.-Y. 2001. Camera Calibration Toolbox for Matlab.
http://www.vision.caltech.edu/bouguetj/calibdoc/index.html.

BRAND, M. 1999.Voicepuppetry. In SIGGRAPHConferenceProceedings, 21–28.
BRAND, M. 2001. Morphable3D modelsfrom video. In Proc. IEEE Conf. on Com-

puterVisionandPatternRecognition, 456–463.
BREGLER, C., COVELL , M., AND SLANEY, M. 1997. Videorewrite: Visualspeech

synthesisfrom video. In SIGGRAPHConferenceProceedings, 353–360.
BROOMHEAD, D. S., AND LOWE, D. 1988. Multivariablefunctionalinterpolation

andadptive networks. Complex Systems2, 321–355.
CHAI , J., JIN, X., AND HODGINS, J. 2003. Vision-basedcontrol of 3d facial an-

imation. In Proceedingsof Eurographics/SIGGRAPHSymposiumon Computer
Animation, 193–206.

COOTES, T. F., TAYLOR, C. J., COOPER, D. H., AND GRAHAM , J. 1995. Active
shapemodels—theirtrainingandapplication.ComputerVision andImage Under-
standing61, 1, 38–59.

CURLESS, B., AND LEVOY, M. 1996. A volumetricmethodfor building complex
modelsfrom rangeimages.In SIGGRAPHConferenceProceedings, 303–312.

DAVIS, J., RAMAMOORTHI , R., AND RUSINKIEWICZ, S. 2003.Spacetimestereo:A
unifying framework for depthfrom triangulation.In Proc.IEEEConf. onComputer
VisionandPatternRecognition, 359–366.

DECARLO, D., AND METAXAS, D. 2002. Adjustingshapeparametersusingmodel-
basedoptical�o w residuals.IEEETrans.onPatternAnalysisandMachineIntelli-
gence24, 6, 814–823.

ESSA , I ., BASU, S., DARRELL , T., AND PENTLAND, A. 1996. Modeling,tracking
andinteractiveanimationof facesandheadsusinginputfromvideo.In Proceedings
of theComputerAnimation, IEEEComputerSociety, 68–79.

EZZAT, T., GEIGER, G., AND POGGIO, T. 2002. Trainablevideorealisticspeech
animation.In SIGGRAPHConferenceProceedings, 388–398.

FAUGERAS, O. 1993.Three-DimensionalComputerVision. MIT Press.
GUENTER, B., GRIMM , C., WOOD, D., MALVAR, H., AND PIGHIN, F. 1998.Mak-

ing faces.In SIGGRAPHConferenceProceedings, 55–66.
HUANG, P. S., ZHANG, C. P., AND CHIANG, F. P. 2003. High speed3-d shape

measurementbasedon digital fringe projection. Optical Engineering42, 1, 163–
168.

JOSHI , P., TIEN, W. C., DESBRUN, M., AND PIGHIN, F. 2003. Learningcontrols
for blend shapebasedrealistic facial animation. In Proceedingsof Eurograph-
ics/SIGGRAPHSymposiumonComputerAnimation, 187–192.

KANADE, T., AND OKUTOMI , M. 1994.A stereomatchingalgorithmwith anadaptive
window: Theoryandexperiment. IEEE Trans.on Pattern Analysisand Machine
Intelligence16, 9, 920–932.

KOVAR, L., GLEICHER, M., AND PIGHIN, F. 2002. Motion graphs.In SIGGRAPH
ConferenceProceedings, 473–482.

KOZEN, D. C. 1992.TheDesignandAnalysisof Algorithms. Springer.
LEE, J., CHAI , J., REITSMA , P. S. S., HODGINS, J. K., AND POLLARD, N. S. 2002.

Interactive control of avatarsanimatedwith humanmotion data. In SIGGRAPH
ConferenceProceedings, 491–500.

L I , Y., WANG, T., AND SHUM , H.-Y. 2002. Motion texture: A two-level statistical
model for charactermotion synthesis. In SIGGRAPHConferenceProceedings,
465–472.

NAYAR, S. K., WATANABE, M., AND NOGUCHI , M. 1996. Real-timefocusrange
sensor. IEEE Transactionson Pattern Analysisand Machine Intelligence18, 12,
1186–1198.

NOCEDAL , J., AND WRIGHT, S. J. 1999.NumericalOptimization. Springer.
PARKE, F. I . 1972. Computergeneratedanimationof faces. In Proceedingsof the

ACM annualconference, ACM Press,451–457.
PIGHIN, F., HECKER, J., L ISCHINSKI , D., SALESIN, D. H., AND SZELISKI , R.

1998. Synthesizingrealisticfacialexpressionsfrom photographs.In SIGGRAPH
ConferenceProceedings, 75–84.

PIGHIN, F., SALESIN, D. H., AND SZELISKI , R. 1999. Resynthesizingfacial ani-
mationthrough3D model-basedtracking. In Proc. Int. Conf. on ComputerVision,
143–150.

PRESS, W. H., FLANNERY, B. P., TEUKOLSKY, S. A., AND VETTERLING, W. T.
1993.NumericalRecipesin C : TheArt ofScienti�cComputing, 2nded.Cambridge
UniversityPress.

PROESMANS, M., GOOL , L. V., AND OOSTERLINCK , A. 1996. One-shotactive 3D
shapeacquization.In Proc. Int. Conf. onPatternRecognition, 336–340.

PULLI , K., AND GINZTON, M. 2002. Scanalyze.
http://graphics.stanford.edu/software/scanalyze/.

RASKAR, R., WELCH, G., CUTTS, M., LAKE, A., STESIN, L., AND FUCHS, H.
1998. Theof�ce of the future: A uni�ed approachto image-basedmodelingand
spatiallyimmersivedisplays.In SIGGRAPHConferenceProceedings, 179–188.

SCHARSTEIN, D., AND SZELISKI , R. 2002. A taxonomyandevaluationof dense
two-framestereocorrespondencealgorithms. Int. J. on ComputerVision 47, 1,
7–42.
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