
EUROGRAPHICS2004/ M.-P. CaniandM. Slater
(GuestEditors)

Volume23 (2004), Number3

High ResolutionAcquisition, Learning and Transfer of
Dynamic 3-D Facial Expressions

YangWang1, Xiaolei Huang2, Chan-SuLee2, SongZhang3, ZhiguoLi2,

Dimitris Samaras1, Dimitris Metaxas2, AhmedElgammal2, PeisenHuang3

1ComputerScienceDepartment,StateUniversityof New York atStony Brook,NY, USA
2 ComputerScienceDepartment,Rutgers- theStateUniversityof New Jersey, NJ,USA

3MechanicalEngineeringDepartment,StateUniversityof New York atStony Brook,NY, USA

Abstract
Synthesisandre-targetingof facial expressionsis central to facial animationandofteninvolvessigni�cant manual
work in order to achieverealisticexpressions,dueto thedif�culty of capturinghigh quality dynamicexpression
data.In this paperweaddressfundamentalissuesregarding theuseof high quality dense3-D datasamplesun-
dergoingmotionsat videospeeds,e.g. humanfacial expressions.In order to utilize such datafor motionanalysis
andre-targeting, correspondencesmustbeestablishedbetweendatain differentframesof thesamefacesaswell
as betweendifferent faces.We presenta data driven approach that consistsof four parts: 1) High speed,high
accuracy capture of moving faceswithout the useof markers, 2) Very precisetracking of facial motionusinga
multi-resolutiondeformablemesh,3) A uni�ed low dimensionalmappingof dynamicfacial motionthat cansep-
arateexpressionstyle, and4) Synthesisof novel expressionsasa combinationof expressionstyles.Theaccuracy
andresolutionof our methodallowsusto captureandtrack subtleexpressiondetails.Thelow dimensionalrepre-
sentationof motiondata in a uni�ed embeddingfor all thesubjectsin thedatabaseallowsfor learningthemost
discriminatingcharacteristicsof each individual's expressionsasthat person's “expressionstyle”. Thusnew ex-
pressionscanbesynthesized,eitherasdynamicmorphingbetweenindividuals,or asexpressiontransferfroma
sourcefaceto a target face, asdemonstratedin a seriesof experiments.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Animation;I.3.5 [Com-
puter Graphics]:Curve, surface,solid, and object representations;I.3.3 [ComputerGraphics]:Digitizing and
scanning;I.2.10[Arti�cial intelligence]:Motion ; I.2.10[Arti�cial intelligence]:Representations,datastructures,
andtransforms;I.2.10[Arti�cial intelligence]:Shape;I.2.6 [Arti�cial intelligence]:Conceptlearning

1.. Intr oduction
Synthesisandre-targetingof facialexpressionsis centralto
facialanimationandofteninvolvessigni�cant manualwork
in orderto achieve realisticexpressions,dueto thedif�culty
of capturinghigh quality expressiondata.Recentprogress
in dynamic3-D scanningallows very accurateacquisition
of densepoint cloudsof facial geometrymoving at video
speeds.In order to utilize such data for motion analysis
andre-targeting,thequestionof correspondencemustbead-
dressed.Correspondencesmustbeestablishedbetweendata
of thesamefacein differentframes,aswell asbetweendif-
ferentfaces.In this paperwepresenta datadrivenapproach
thatconsistsof four parts:1) High speed,highaccuracy cap-

tureof moving faces,2) Very precisetrackingof facialmo-
tion by usinga multi-resolutiondeformablemesh,3) A uni-
�ed low dimensionalmappingof dynamicfacialmotionthat
canseparateexpressionstyleand4) Synthesisof novel ex-
pressionsasacombinationof expressionstyles.

Facialanimationis anactiveareaof researchin computer
graphics(see[PW96] for anoverview of olderwork). In 2D
facial animation,many advancedexamplesof talking faces
have beenproducedwith image-basedmethods[Bra, EGP],
which are mainly focusedon the mouth region. Small ro-
tationsareassumedin 2D methodsandimagingconditions
canonly bethoseof theoriginal video.

To allow 3-D animations,several techniqueshave been
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(a) (b) (c) (d) (e)

Figure1: (a) 3-D scanof Subject1. (b) 3-D scanof Subject2. (c) Untextured3-D scanof Subject2. (d) Subject1 with synthetic
smiletransferredfromSubject2. (e)Detail of synthesizedsmile.

developedto createphoto-realisticfacemodelsfrom 2D im-
ages[PHL� , BV]. Physics-basedmodelsare usedto sim-
ulate the surface deformationscausedby muscle forces
[LTW, KHS03]. Mathematicalapproximationmodels in-
clude free form deformations[CHP, KMMTT ], B-Spline
surfaces[MNS88] andvariationalapproaches[DMS]. Re-
cently, bothstatic3-D scansof expressions[BV, BBPV] and
time-sequencesof 3-D motion [GGW� , KG02] have been
usedto collect 3-D facial expressions.Expressioncloning
[NN] canproducefacialanimationsby reusingexistingmo-
tion data.Morph-basedapproaches[BN, PHL� ], geometry-
basedapproaches[ZLGS03, JTDP03] andhighlevel control
mechanisms[BB02] generatephoto-realisticfacial expres-
sions.Most currentmethodsfor capturing3-D motiondata
either require the useof 100-200markers (e.g. [GGW� ])
whichthenneedtobemanuallyremovedfromtheimages,or
model�tting to multiple photographs.Using suchmethods
therecoveredgeometryof theexpressionsis rathercrude.

Recenttechnologicaladvancesin digital projectiondis-
play, digital imaging,andpersonalcomputers,aremaking3-
D shapeacquisitionin realtime increasinglyavailable.Such
rangingtechniquesincludespacetimestereo [ZCS, DRR],
andstructuredlight [HHJC, RHHL]. In this paperwe pro-
posetheuseof high resolutiondynamic3-D shapedatathat
capturevery accurategeometryat speedsthatexceedvideo
framerate.Whenscanningfaces,our systemreturnsanav-
erageof 75 thousand3-D measurementsperframe,at 40Hz
framerate,with an RMS of 0.05mm.Suchquality of data
allows for the captureof subtleexpressionsaswell as the
temporalstudyof facial expressions.A major contribution
of this paperis the developmentof ways to parameterize
sucha high amountof datain orderto make it easyto use
while preservingthe accuracy andvisual quality that such
dataguarantees.

The samplesreturnedby our systemare not registered
in object spaceand hencethere is no guaranteeof intra-
framecorrespondences,which would make trackingof fa-
cial featuresproblematic.For this reason,we usea multi-
resolutiondeformablefacemodel.At the coarselevel, we
usea meshwith 1K nodesthat is suitablefor facial anima-
tion. The coarsemeshwas �rst developedfor robust face
trackingin low quality2-D images[GVM03] andweextend

it to 3-D data.This methodis fast,andthedeformationpa-
rametersfor eachfacialmotionarefew andintuitive. How-
ever it cannotcaptureaccuratelythe large numberof local
deformationsandexpressiondetailsin ourdata,soweuseit
for acoarse-level initial tracking.

Thehighly local deformationsanddetailsin expressions
arecapturedin asecondlevel �tting process.For eachframe
of the rangescan,the resultingmeshfrom the coarse-level
trackingis usedto initialize a subdividedre�ned meshwith
8K nodes.This �ner meshis registeredto the framebased
onthe3-D extensionof avariationalalgorithmfor non-rigid
shaperegistration [HPM03]. This algorithm integratesan
implicit shaperepresentation[OS88] andthecubicB-spline
basedFreeFormDeformations(FFD)model[SP, RSH� 99],
andgeneratesaregistration/deformation�eld thatis smooth,
continuousandgivesdenseone-to-onecorrespondences.

Comparedto otherfacemodel�tting techniques,suchas
thenetwork of RadialBasisFunctions(RBF) [NN] or mesh
movementbyblendingnearestmovingdots[GGW� ], ourhi-
erarchicaltrackingand�tting schemere�ects a moreaccu-
ratemodelof facialmotion.It cannotonly trackglobalfacial
motionthatis causedby muscleaction(coarselevel), but �t
to subtlerexpressiondetailsthataregeneratedby highly lo-
calskindeformations(�ne-level).Pasteffortsto simulatefa-
cial muscleactions[KMMTT ] did not alwaysproducecon-
vincingfacialexpressions,dueto thedif�culty in simulating
muscles.Instead,we solve the inverseproblemby tracking
realfacialexpressionsusingourhierarchicalsystem,andre-
playing,synthesizingandre-targetingafterwards.

The availability of high quality dynamicexpressiondata
opensa numberof researchdirectionsto the modelingof
faces.Here we proposea new approachto the problem
of facial expressiontransfer, i.e. the synthesisof novel fa-
cial expressionson new modelsbasedon the analysisof
facial expressionscapturedfrom different subjects.Previ-
ously, researchershave used linear models (PCA [BV])
and variations such as bilinear models [TF00] and mul-
tilinear tensor models for facial expressionanalysisand
synthesis[EGP, CDB02]. However, a major limitation of
such models is that the dynamic facial expressions'vi-
sual manifolds are non-linear. Our approachis basedon
the use of a nonlinear dimensionality reduction frame-
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work [RS00, TdSL00] that allows us to �nd an improved
representationof facialexpressionsandtheir relatedgener-
ative model,i.e. themappingfrom a low dimensionalman-
ifold to the3-D facialmotion.This new approachallows us
to synthesizenew generativemodelsthatintegratethefacial
expressioncharacteristicsor expressionstyleof differentin-
dividuals.We canthereforecapturethenonlinearaspectsof
anindividual'sfacialexpressionandmapthemonadifferent
individual.Anotheradvantageof ourapproachis thatit takes
into accountmotionsall overthefaceandnot justaroundthe
mouthor eyes,thusobviating theneedfor explicit modeling
of coarticulationeffects and resultsin much more natural
lookingmotions.

The�rst stepof our algorithm�nds a nonlinearmanifold
to representthemotionof anindividual subject's facialmo-
tion from thetracked3-D nodalmotions.In orderto beable
to maptheestimatedmotionmanifoldsfrom differentindi-
vidualstoaparticularindividual,thesecondstepof ouralgo-
rithm computesa warpingtransformationthatplacesall the
manifoldsclosein space.We termthis new collectionof in-
dividualmanifoldstheuni�ed manifold.In thisuni�ed man-
ifold welearn,in thethird stepof thealgorithm,themapping
from eachindividual's manifoldto theindividual's 3-D mo-
tion. By analyzingthe mappingfunctionsbasedon the use
of generalizedradial basisfunctionswe are able to deter-
mine the expressioncharacteristicsof eachindividual's fa-
cial motion.Finally, basedon thelearnedmappingfrom the
uni�ed manifoldto anindividual's 3-D motionwe canmap
theexpressioncharacteristicsfrom oneindividual to another
or from any combinationof individualsto a singledifferent
individual. We demonstratetwo typesof synthesisresults:
morphingof geometryandexpressionbetweendynamicex-
pressionsequencesof different individuals and expression
transferfrom a sourcefaceto a target face,without further
changesin facialgeometry.

In Section2 of thispaperwepresentour3-D shapeacqui-
sition system,in Section3 we presentour high accuracy fa-
cial trackingmethodandin Section 4 we discussour learn-
ing methodfor theseparationof expressionstylefrom indi-
vidualsubjects.Expressionsynthesisresultsarepresentedin
Section 5 andfuturework in Section6.

2.. Dynamic 3-D shapeacquisition
The real-time 3-D shapeacquisitionsystemused in this
researchis a higher acquisition rate version of the sys-
temoriginally developedby Huanget al[HZC03]. It usesa
single-chipDLP projectorandathree-stepsinusoidalphase-
shiftingalgorithm[Mal92] to realizereal-time3-D shapeac-
quisition.Figure3 shows the schematicdiagramof the de-
velopedsystem.A color fringe pattern,whosered, green,
andbluecomponentsarethethreephase-shiftedfringe pat-
terns,is generatedby aPC.Whenthiscolor fringepatternis
sentto a single-chipDLP video projector(KodakDP900),
the threecolor channels,or the threephase-shiftedfringe
patterns,areprojectedsequentiallyandrepeatedlyat a fre-
quency of 80 Hz. Sincegray-scalefringe patternsaremore

Figure 2: Photograph of our real-time3-D shapeacquisi-
tion system(Boxsize:24"� 14"� 10").

desirable,thecolor �lters onthecolorwheelof theprojector
are removed. For imagecapture,two CCD cameras,posi-
tionally alignedwith abeamsplitter, areused,onecolorand
oneblack-and-white(B/W). Thecolor camera(Uniq Vision
UC-930),with its exposuretime set to one projectioncy-
cle (12.5ms),is usedto capturea color 2D imagefor tex-
ture mapping(averagingthe threesinusoidalphase-shifted
fringepatternswith 120� phaseshift cancelsthefringesand
producesa�at imageof theobject).TheB/W camera(Dalsa
CA-D6-0512W),which is a high-speeddigital camerawith
a maximumframerateof 262fps, is synchronizedwith the
projector to capturethe threephase-shiftedfringe images
for 3-D shapereconstruction.Due to the limited framerate
of the camera,we areonly ableto capturethe threephase-
shiftedfringe patternsin two projectioncycles(25ms),thus
achieving a framerateof 40 Hz for 3-D shapeacquisition.
However, sincetherelationshipbetweenany two neighbor-
ing patternsis the same(with a phaseshift of 120� ), any
newly capturedfringe patterncanbecombinedwith its two
precedingpatternsfor 3-Dshapereconstruction,thusachiev-
ing a real framerateof up to 120Hz for thecurrentsystem
setup.If a higherspeedcamerais used,this speedcanbe
doubledto 240Hz. On theotherhand,if color texturemap-
pingis required,thespeedis loweredto 26Hz dueto thelim-
ited framerate(maximum30 fps) of thecolor cameraused
in the currentsystem.The RMS of uncertaintyof depthis
0.05mmwith ameasurementareaof 260� 244mm.Figure
2 shows thedevelopedhardwaresystem.This real-time3-D
shapeacquisitionsystemis describedin detail in [ZH04].

3.. Tracking facial expressions:capturing detailsand
establishingcorrespondences

In order to utilize the acquired3-D motion data, corre-
spondencesneedto be establishedbetweendatain differ-
ent framesof thesamefaceaswell asbetweenfacesof dif-
ferentpeople.We adoptan approachin which we register
the facescansof differentactorsbeforeperformingan ex-
pressionwith agenericfacemodel.Thenanew hierarchical
framework is usedto keeptrackingtheintra-framedeforma-
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Figure3: Schematicdiagramof our real-time3-D shapeacquisitionsystem.

tionsof thefacemodelpointsduringanexpression,provid-
ing a tight couplingbetweenglobalandlocaldeformations.

Thegenericfacemodelhastwo resolutions:acoarselevel
with 1K nodesandasubdivided�ne levelwith 8K nodes.We
usethe8K nodemeshfor theinitial �tting betweentheface
model and an actor's facescanbeforean expression.Fig-
ure4 demonstratesthis initial �tting process.First, the face
modeland the 3-D scandataare roughly alignedby hand
(Figure4(b)). Thenthe 3-D extensionof a variationalnon-
rigid shaperegistrationalgorithm[HPM03] is usedto reg-
ister the facemodelwith this rangescan,achieving a com-
pletesurfacematch(Figure4(c)). Thealgorithmis basedon
the integrationof an implicit shaperepresentationandcu-
bic B-splinebasedFreeForm Deformations(FFD). It rep-
resentsshapes(e.g.,the facemodelandthe rangescan)in
animplicit form by embeddingthemin thespaceof distance
functionsof aEuclideanmetric.A cubicB-splinebasedFree
Form Deformation(FFD) model[SP, RSH� 99] is thenused
to minimizeasum-of-squared-differencescriterionbetween
the embeddingfunctionsof a source(e.g., the model)and
a target (e.g.,the rangescan)surface,andrecover the FFD
parametersthat would mapthe sourceto the target. In this
paper, in orderto constraintheinitial densecorrespondences
establishedby the registrationalgorithm,we de�ne a small
set of featurepoints on the face model (typically around
30,asin Figure4(a)), thenmanuallyselecttheir correspon-
dencesontherangedata.Thesefeaturecorrespondencesare
incorporatedashardconstraintsduringtheoptimizationpro-
cessof the registration algorithm (see[HZW� 04] for de-
tails),establishingverygoodinitial correspondences.

After theinitial �tting, ahierarchicalschemeis adoptedto
track the intra-framedeformationsin an expression.At the
coarselevel, we usethe1K nodefacemodelandextendthe
deformabletracking systemin [GVM03] to track 3-D dy-
namicrangescans.The systemdividesthe facemodelinto
severaldeformableregionswhoseshapeandmotionarecon-
trolled by a few parameters.Typically, for a smiling expres-
sion the facemodelis divided into 10 small regionswith a

total of 17 parameters.Becauseof the small parameterset,
(which hastheextra advantageof beingintuitive to anima-
tors), this coarse-level trackingis very fast;however it can
not capturehighly local deformationsand�ne detailsin the
expression.In orderto estimateexpressiondetails,for each
frame of the dynamicrangedata,we usethe coarse-level
trackingresultto initialize thesubdivided8K nodemeshat
thehigherlevel.Thenthis8K nodere�ned meshis registered
to theframeusingthesamevariationalnon-rigidshapereg-
istrationalgorithmusedfor initial �tting. This hierarchical
tracking/�tting protocolprovidesa tight couplingbetween
global and local deformations,and resultsin ef�cient and
very detailed�tting to the 3-D facescandata(seeFigure
5). Basedon our extensive experiments,intra-framecorre-
spondencesestablishedby our system,especiallybetween
facial features,are highly accurate(Figure 5(c-d)), as ex-
pecteddue to a numberof reasons.First, the densecorre-
spondencesin the tracking initialization processhave high
accuracy sinceweusedmanuallyselectedfacialfeaturecor-
respondencesas hard constraints.Second,due to the high
acquisitionspeed,theintra-framedeformationsin our range
dataare small, facilitating accurateand effective tracking.
Third, both coarse-level tracking and �ne-level �tting al-
gorithmsaresensitive to surfacegeometry. Facial features,
suchasthe tip of the nose,cornersof the eyesandmouth,
have very distinctive geometry, and henceare tracked ro-
bustly. Last, but not least,our �ne-level �tting/registration
algorithmimposesvery strongsmoothnessconstraints.Us-
ing the implicit shaperepresentation,the algorithm aligns
the original surfacesaswell astheir clones,positionedco-
herentlyin thevolumetricembeddingspace.TheFreeForm
Deformations(FFD) modelalsoenforcesboth implicit and
explicit smoothnessconstraints.As a result,theestablished
correspondencesareone-to-one,coherentandglobally con-
sistent.More detailson the mathematicalformulation and
experimentalvalidationof our hierarchicaltrackingsystem
canbefoundin [HZW� 04].
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(a) (b) (c)

Figure4: (a) Thegenericfacemodelwith manuallyselected
featurepoints.(b) Thefacemodelandthefacescandataare
roughlyaligned.(c) Theresultof the initial �tting to a 3-D
facescandata.

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

Figure 5: Top Row: Snapshotsof the smile expressionof
subject1. SecondRow: Thesmile expressionof subject2.
Third Row:Thesmileexpressionof subject3. BottomRow:
TheRaisingeyebrow expressionof subject3. Col.(a): Front
view of frame1.Col.(c):Frontview of frame2.Firstandsec-
ondrow of Col.(b,d)are renderedwithouttexture - showing
shapedetails;Third andfourthrowof Col.(b,d)arerendered
with texture - demonstratingaccuracyof correspondences.

4.. Decomposablegenerativemodel for facial expressions
Thequestionthatweaddressis how to decomposethreecon-
ceptuallyorthogonalfactors:facegeometry, facial expres-
sioncontent(i.e., thetypeof theexpressione.g.,smile),and
expressionstyle.For example,givenseveralsequencesof fa-
cial expressions,with differentpeopleperformingthesame
expression,how to decomposethe intrinsic facecon�gura-
tion throughtheexpression(content)from thepersonalized
styleof thepersonperformingtheexpression(style)andhow
to beableto castsuchexpressionin agivenstyleto adiffer-

entfacegeometry. As a learningproblem,we aim to learna
decomposablegenerative modelthatexplicitly decomposes
thefollowing two factorsgivena facialexpression:
� Content(facecon�guration): The intrinsic facial con�g-

uration throughthe motion asa function of time that is
invariantto the person,i.e., the contentcharacterizesthe
motionof theexpression.

� Style (people) : Time-invariant personparametersthat
characterizethepersonperformanceof theexpression.
If we considera humanfacial expressionaspoints in a

high dimensionalfacecon�guration space,then,given the
physical body constraintsandthe temporalconstraintsim-
posedby theexpressionbeingperformed,it is expectedthat
thesepoints will lie in a low dimensionalmanifold. We
can think of eachexpressionperformedby a certainper-
sonasa trajectoryin thefacecon�gurationspace,i.e., these
pointsnaturally lie on a onedimensionalmanifold charac-
terizingtheexpressionmotion.Sucha manifoldmight twist
andself-intersectin sucha high dimensionalcon�guration
space[BO, Bra]. The shapeof suchmanifold for a certain
expression(e.g.,smile) is expectedto bedifferentfrom one
personto anotherasdifferentpeople'smotionstyleswill fol-
low differenttwistson suchmanifolds.This meansthat the
manifold of the expressionencodesboth the content(e.g.,
smile)andalsothepersonalizedstyle.

Supposethat we can learn a uni�ed, style-independent,
embeddedrepresentationof theexpressionmanifoldin alow
dimensionalEuclideanembeddingspace,thenwe canlearn
asetof style-dependentmappingfunctionsfrom theembed-
ded representationto the facecon�gurations spacewhere
eachof thesemappingfunctionsrepresentsa certainper-
sonalizedstyle.If we cando this decomposition,thenmov-
ing along the style-independentembeddedmanifold while
choosinga certainstyle-dependentmappingfunction will
generatean expressiontrajectoryin the facecon�guration
space.Of course,each personwill have his own style-
dependentmappingfunction.Therefore,weneedto parame-
terizesuchamappingfunctionin orderto decomposecertain
parametersthatencapsulatethestyle.Thisway, wecanhave
anembeddedrepresentationof theexpressionmanifoldand
onemappingfunction thatmapsfrom theembeddedrepre-
sentationto thefacecon�gurationgivenaparameterthatde-
scribesthestyle.For examplefor asmileexpression,moving
alongthemanifoldwill generatea genericsmileandchang-
ing thestyleparameterwill stylizethissmile.

Our approachis basedon embeddingthe facial expres-
sion manifoldsnonlinearly into a low dimensionalspace.
Given suchembedding,different manifoldscorresponding
to differentpeoplearenormalizedto achieve a uni�ed em-
beddingof the expressionmanifold. Given a uni�ed em-
beddingof theexpressionmanifold,nonlinearmappingsare
learnedfrom suchembeddingto the original space.Since
the embeddedmanifoldsare normalized,all the variations
dueto personalizedstyle areexpectedto be representedin
the nonlinearmappingspace.Therefore,decomposingthe
nonlinearmappingcoef�cients wouldfacilitateseparationof
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Figure 6: Low dimensionalrepresentationof smilemotion:
Anembeddingof smilemotionbyLLE showsthat smilemo-
tion canbewell embeddedin an onedimensionalmanifold
locatedin 3-D Euclideanspace. Manifold pointsfor similar
facial motionsare locatedat nearbypointsin themanifold.

thestyleparameters.A generalframework for separationof
styleandcontenton nonlinearmanifoldswasintroducedin
detail in [EL]. We brie�y describethe approachasadapted
to facialexpressionanalysis,in thenext subsections.

4.1.. Uni�ed embeddingof expressionmanifolds
Sinceexpressionmanifoldsarenonlinear, i.e., distancesin
theinputspacearenonlinearlyrelatedto distancesalongthe
manifold,PCA [BV], bilinear [TF00] andmultilinear [VT]
modelswill not beableto discover theunderlyingmanifold
anddecomposeorthogonalfactors.Simply put, linearmod-
elswill notbeableto interpolateintermediatefacialgeome-
try and/orintermediatestyles.

We adapt the locally linear embedding(LLE) frame-
work [RS00] to achievea low dimensionalmanifoldembed-
ding for individual facial expressionsthat providesa good
representationof facial motion.LLE �nds the bestembed-
ding manifold by nonlineardimensionalityreductiongiven
theassumptionthateachdatapoint andits neighborslie on
a locally linear patchof the manifold, (detailsin [RS00]).
Figure 6 shows the embeddingof a smile motion to a 3-
D Euclideanspace.To optimally choosethe neighborhood
size we usean error criterion basedon the reconstruction
achievedby the�tted generativemodelin Equation2.

A uni�ed manifold embeddingis achieved by warping
samplemanifoldpointsin theembeddingspace.Uni�ed em-
beddingallows us to representall the facial motion in one
manifold.For eachmanifold,pointsareapproximatedby �t-
ting aspline(with normalizedparametersin the0 to 1 range,
sincewe assumesimilar startingand endingfacial condi-
tions acrosssubjects).Correspondencesare establishedby
re-samplingthenormalizedsplineat equalintervals.Given
multiple manifoldsa meanmanifold is learnedby warping
eachmanifold usingnon-rigid transformationusingan ap-
proachsimilar to [CR].

4.2.. Learning a decomposablegenerativemodel
Weaim to learnagenerativemodelin theform

ys
t = g(xc

t ;a;bs) (1)

wheretheobservedfacemotion,ys
t , at timet of styles is an

instancedrivenfrom a generative modelwherethefunction
g(�) is a mappingfunction that mapsintrinsic facecon�g-
urationembeddedcoordinatexc

t (content)at time t into the
observation spacegiven mappingparametersa anda style
parameterbs which is time invariant.

Given the uni�ed embeddingachieved in 4.1 we learn
a setof style-dependentnonlinearmappingfunctionsfrom
the embeddingspaceinto the input space,i.e., functions
gs(xc

t ) : Re ! Rd that mapfrom embeddingspacewith di-
mensionalitye into the input space(observation) with di-
mensionalityd for styleclassk. Sinceweconsidernonlinear
manifoldsandtheembeddingis nonlinear, theuseof nonlin-
earmappingisnecessary. In particularweconsidernonlinear
mappingfunctionsof theform

gs(xt ) = Bs � y (xc
t ) (2)

whereBs is a d � N linear mappingandy (�) : Re ! RN is
a nonlinearmappingwhereN radial basisfunctionscanbe
usedto modelthemanifoldin theembeddingspace,i.e.,

y (�) = [y 1(�); � � � ;y N(�)]T

We usegeneralizedradialbasisfunction(GRBF) interpola-
tion [PG90] to theoriginalsequenceys

t by solvingfor multi-
ple interpolants,i.e.,Re ! Rfor eachtrackingfeature.Thin-
platesplinesareusedasthebasisfunctions.

Since the embeddedmanifolds are normalized,all the
variationsdueto personalizedstyle areexpectedto be rep-
resentedin thenonlinearmappingspace.Therefore,decom-
posingthe nonlinearcoef�cient, Bs, would facilitate sepa-
ration of the style parameters.Given learnedmodelsin the
form of equation2 for eachperson,thestylecanbedecom-
posedin thelinearmappingcoef�cient spaceusingabilinear
modelin a way similar to [TF00, VT]. Therefore,input in-
stanceyt canbewritten asanasymmetricbilinearmodelin
thelinearmappingspaceas

yt = A� 3 bs � 2 y (xc
t ) (3)

whereA isathirdordertensor(3-wayarray)with dimension-
ality d � N � J andbs is a stylevectorwith dimensionality
J and� n denotesthemode-ntensorproduct.Giventherole
for style andcontentde�ned above, the previous equation
canbewrittenas

yt = A� 3 bpeople� 2 y (xcon�guration
t ) (4)

This decompositioncan be achieved by arrangingthe
mappingcoef�cients B1; � � � ;BK for eachpersoninto a ma-
trix form B and applying singularvalue decompositionas
B = USVT , wherethestylevectorsbs aretherowsof V.

Figure8 shows an exampleof decomposedstyle vectors
for threepeople.Eachperson'sstylevectorshowsadifferent
dominantbasis.New intermediateexpressionstylescanbe
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producedby linear combinationsof people's style vectors.
We cangenerateexpressionsin new stylesby usingany lin-
earcombinationof the learnedstyle vectors,pluggingthis
new styleasthevectorbs in equation3 andchangethevari-
ablexc

t over timealongtheembeddedmanifold.

5.. Experimental results
All our experimentsrun at interactive rateson a Pentium
Xeon3GHzdualprocessorplatform.Wepresenttwo exper-
imentsto verify theeffectivenessof our algorithms.In both
experiments,weanalyzetheexpressionstylebs1, bs2 of two
persons.We thengeneratea new stylevectorbnew by linear
interpolationof thesetwo stylesusingacontrolparametera
asfollows:

bnew = a bs1 + (1� a )bs2; (5)

where,a = 0 correspondsto expressionstyle bs2 anda =
1 correspondsto expressionstyle bs1. An expressionstyle
betweenbs2 andbs1 canbe generatedby varying the value
of a between0 to 1.

The capabilities of our approach are shown in the
videos accompanying this paper (these and other
videos could be seen at the following webpage:
http://www.cs.sunysb.edu/˜samaras/demo/expression.html,
and further detailsof the 3-D acquisitionhardware are at
http://metrology.eng.sunysb.edu). The�rst partof thevideo
demonstratesthedynamic3-D shapecapturesystemandthe
dynamicmulti-resolutiontrackingof facialexpressions.The
outputof this partof our systemarethe3-D nodallocations
of the model over time. These3-D model nodal locations
areusedfor the dynamicmorphingandexpressiontransfer
experimentsdescribedin the following sections.Standard
texture mappingandshadingtechniquesareusedto render
thetrackingresults.After theinitial �tting on the�rst frame
of a sequence,eachvertex on the control meshis assigned
thecolorof theclosestpoint from the3-D scandata.

5.1.. Dynamic morphing of expressionand geometry
In the �rst experiment,we usedthe global 3-D locations
of 8K model nodesafter precisemodel �tting to the mo-
tion capturedataasdescribedin Sec.3. These3-D model
nodalpositionsestimateaperson's facialgeometryandmo-
tion stylefor agiventypeof expression(content),seeSec.4.
Therefore,for our dynamicmorphingapplications,expres-
sionstyleis thecombinationof anindividual's facegeomet-
ric characteristicsandmotioncharacteristics.Our approach
allows us to go beyond traditional morphingbetweentwo
staticfaces,to dynamicmorphingof geometryandexpres-
sions.

Figure7 shows thateachnew facialexpressioncombines
geometricstyle (shape)as well as motion style when we
combinetwo persons'stylefactors.Eachcolumnshows the
generationof new motionsthroughtime(content)for agiven
personstyle. (�x ed style). Eachcolumn correspondsto a
differentexpressionstyle aswell asa new facial geometry.
Columns(a) and(d) representthemotionstylesof two per-
sonsandcolumns(b) and(c) representintermediatemorph-

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

Figure7: Expressionandgeometrymorphing. Col.(a): Sec-
ondactor's original motionsequence, a = 0. Col.(d): First
actor'soriginal motionsequence, a = 1. Col.(c): Morphing
resultwith a = 0:2. Col.(d): Morphingresultwith a = 0:8.
From top to bottom,rowsshowssamplingof the generated
motionsat the1st,25thand50th frameout of the150total
frames.

ing results,showing geometryvariation accordingto style
changealongeachrow.

In addition, we can also generateexpressionvariation
with geometricmorphingsimultaneouslyby changingthe
style control parametera between0 and1 over time. This
correspondsto moving over time from the top left of Fig-
ure 7 to the bottomright of Figure7. In the accompanying
video sequenceswe show this exact caseof dynamicmor-
phingof expressionandgeometrywith seamlesstransitions
bothin geometryandin expression.
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Figure 8: Uni�ed embeddingof manifoldsandmotionstyle
vectors for thegeometryindependenttransferof expression.
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5.2.. Geometry independentexpressiontransfer
In the secondexperiment, the goal is to synthesizeand
transferonly facialexpressionsto otherindividuals.This is
achievedbyanalyzingfacialexpressionstylesindependently
of individual facial geometry. First, we de�ne a basefacial
geometryfor eachindividual in its object-centeredreference
frame.Thenthefacialmotionin anexpressionis represented
by thedisplacementsbetweeneachframegeometryandthe
basegeometry. This approachis possibleaswe cancapture
local deformationswith consistentcorrespondencesamong
differentpeopleaswell as in different framesof the same
person.Wenormalizethenodalpointsin eachframeto elim-
inatevariationsin thedisplacementsdueto headsize(ascal-
ing operation)or headmotion(facecenteringoperation).In
thenormalizationprocess,we subtractthemeanvalueof all
nodal points in eachframe from the original nodal points
andscalethewholemeshdown to a unit sizeusingthebase
model's facesize.We choosethe3-D nodalpositionsof the
facemodelin the�rst trackingframeasthebasefacialmodel
sinceit is anactor'sneutralfacegeometry.

In our experimentswe analyzed the smiling expres-
sionsfrom threeactors.Usingour decomposablegenerative
model, we analyzedthe motion style factor for eachper-
sonusingthevariationof thefeaturepoint locationfrom the
basegeometry. Figure8 shows thelearneduni�ed manifold
(left) and the threeindividual motion style vectors(right).
Whenwe apply a motion style to a new actorwe compute
�rst thescalefactorfrom theactor's basegeometry. There-
fore,we cantransferoneactor's motionstyleto anotherac-
tor regardlessof her facial geometry. In Figure9, we show
two differentbasefacesandthe generationof new motion
stylesby combiningdifferentstylefactors.Eachrow shows
four framesof thesamemotionstyle for two differentbase
facegeometries,demonstratingtheeffectsof facial expres-
siontransferto differentbasegeometries.Thefourthrow for
the �rst actor(a = 1) andthe �rst row of the secondactor
(a = 0) show their original facial expressions.The second
andthird rowsshow new expressionsstylesby interpolation
of stylefactorsfrom rows1 and4.Figure10showsthemap-
ping of the facial expressionof previous two actorsto new
actor. The�rst row is theexpressionderivedfrom thesecond
actor, andthesecondrow from the�rst actor.

6.. Conclusions
In this paperwe presenteda systemthataccuratelycaptures
highspeed,highresolutiondynamic3-D dataandassociated
texture. We developeda multi-resolutionmethodfor intra-
frameregistrationof freely deforming3-D meshesandcap-
tureda smalldatabaseof 3-D facialexpressionsfrom a few
differentsubjects.We non-linearlyprojectedour extremely
high dimensionalfacial motion dataonto low dimensional
manifolds,which then were uni�ed in a commonembed-
ding,whichallowsfor thefactorizationof themostdiscrimi-
natingcharacteristicsfor eachsubject'sexpressions.Finally,
synthesisof new facialmotionswasachievedthroughcom-

bined3-D geometryandmotion morphing,or throughex-
pressiontransfer.

Limitationsof themethodthatwill beaddressedin future
work include the absenceof skin re�ectancemodelingfor
renderingunderdifferentillumination conditionsaswell as
theabsenceof a specializedinterior mouthandlip modelto
allow for large openmouthexpressions.Sincethereareno
coarticulationissuesfor the typesof applicationswe exam-
ined in this paper, the incorporationof editing abilities of
individual motionparametersthatmake senseto animators,
into theglobalstyleanalysisframework, shouldbestraight-
forward.
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