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Abstract

Synthesiandre-tagetingof facial expressionss central to facial animationandofteninvolvessigni cant manual
work in order to achieve realistic expressionsdueto the dif culty of capturinghigh quality dynamicexpression
data. In this paperwe addressfundamentalssuesegarding the useof high quality dense3-D datasamplesun-

dergoing motionsat videospeedse.g. humanfacial expressionsin order to utilize sud datafor motionanalysis
andre-tamgeting correspondencesmustbe establishedetweerdatain differentframesof the samefacesaswell

as betweendifferent faces.\We presenta data driven apptoach that consistsof four parts: 1) High speed high

accuracy captue of moving faceswithout the useof markers, 2) \Very precisetracing of facial motionusinga

multi-resolutiondeformablemesh 3) A uni ed low dimensionamappingof dynamicfacial motionthat cansep-
arate expressiorstyle, and4) Synthesi®f novel expressionsasa combinationof expressionstyles.Theaccumlacy
andresolutionof our methodallowsusto captuie andtradk subtleexpressiondetails. Thelow dimensionatepre-

sentationof motiondatain a uni ed embeddindor all the subjectsn the databaseallows for learning the most
discriminatingcharacteristicsof eadh individual's expressionsasthat person's “e xpressionstyle”. Thusnew ex-

pressionscan be synthesizedgither as dynamicmorphingbetweerindividuals,or as expressiontransferfroma

sourcefaceto a targetface asdemonstatedin a seriesof experiments.

CatagoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.7 [ComputerGraphics]:Animation;1.3.5 [Com-
puter Graphics]:Curve, surface, solid, and objectrepresentationd;3.3 [ComputerGraphics]:Digitizing and
scanningj.2.10[Arti cial intelligence]:Motion ; 1.2.10[Arti cial intelligence]:Representationslatastructures,

andtransformsj.2.10[Arti cial intelligence]:Shapej.2.6 [Arti cial intelligence]:Conceptearning

1. Intr oduction

Synthesisaandre-tagetingof facial expressionss centralto
facialanimationandofteninvolvessigni cant manuawork
in orderto achieve realisticexpressionsgueto thedif culty
of capturinghigh quality expressiondata. Recentprogress
in dynamic3-D scanningallows very accurateacquisition
of densepoint cloudsof facial geometrymoving at video
speeds.In orderto utilize such datafor motion analysis
andre-tageting,thequestiorof correspondencaustbead-
dressedCorrespondenceanustbe establishedbetweerdata
of thesamefacein differentframes,aswell asbetweerdif-
ferentfacesln this paperwe presenta datadrivenapproach
thatconsistof four parts:1) High speedhighaccurag cap-
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ture of moving faces2) Very precisetrackingof facialmo-
tion by usinga multi-resolutiondeformablemesh,3) A uni-
ed low dimensionamappingof dynamicfacialmotionthat
canseparatexpressionstyle and4) Synthesisof novel ex-
pressionsasa combinationof expressiorstyles.

Facialanimationis anactive areaof researchin computer
graphics(see[PW9q for anoverview of olderwork). In 2D
facial animation,mary advancedexamplesof talking faces
have beenproducedwith image-basedhethodqBra, EGH,
which are mainly focusedon the mouth region. Small ro-
tationsareassumedn 2D methodsandimagingconditions
canonly bethoseof theoriginal video.

To allow 3-D animations,several techniqueshave been
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@ (b) (
Figure1: (a) 3-D scanof Subjectl. (b) 3-D scanof Subject.
smiletransferedfrom Subject2. (e) Detail of synthesizedmile

developedto createphoto-realistifacemodelsfrom 2D im-

ages[PHL , BV]. Physics-basednodelsare usedto sim-
ulate the surface deformationscausedby muscle forces
[LTW, KHS03. Mathematicalapproximationmodels in-

clude free form deformations[ CHP, KMMTT], B-Spline
surfaces[MNS88 and variationalapproache$DMS]. Re-
cently, bothstatic3-D scanof expression$BV, BBPV] and
time-sequencesf 3-D motion [GGW , KG02] have been
usedto collect 3-D facial expressionsExpressioncloning
[NN] canproducefacialanimationsby reusingexisting mo-

tion data.Morph-basedpproache§BN, PHL ], geometry-
basedapproachefZLGS03 JTDP03 andhighlevel control
mechanismgBB02] generatephoto-realisticfacial expres-
sions.Most currentmethodsfor capturing3-D motiondata
either require the use of 100-200marlers (e.g. [GGW ])

whichthenneedo bemanuallyremovedfromtheimagespr

model tting to multiple photographsUsing suchmethods
therecoveredgeometryof the expressionss rathercrude.

Recenttechnologicaladwancesin digital projectiondis-
play, digital imaging,andpersonatomputersaremaking3-
D shapeacquisitionin realtimeincreasinglyavailable.Such
rangingtechniquesnclude spacetimestereo [ZCS DRR],
and structuredight [HHJC, RHHL]. In this paperwe pro-
posethe useof high resolutiondynamic3-D shapedatathat
capturevery accurategeometryat speedghat exceedvideo
framerate.Whenscanningacesour systemreturnsan av-
erageof 75 thousand-D measurementserframe,at 40Hz
framerate,with an RMS of 0.05mm.Suchquality of data
allows for the captureof subtle expressionsaaswell asthe
temporalstudy of facial expressionsA major contritution
of this paperis the developmentof waysto parameterize
sucha high amountof datain orderto malke it easyto use
while preservingthe accurag and visual quality that such
dataguarantees.

The samplesreturnedby our systemare not registered
in object spaceand hencethereis no guaranteeof intra-
frame correspondencesyhich would malke tracking of fa-
cial featuresproblematic.For this reasonwe usea multi-
resolutiondeformableface model. At the coarselevel, we
usea meshwith 1K nodesthatis suitablefor facial anima-
tion. The coarsemeshwas rst developedfor robust face
trackingin low quality 2-D imageq GVMO03] andwe extend

(d)

c) (e)
(c) Untextured 3-D scanof Subjec®. (d) Subjectl with synthetic

it to 3-D data.This methodis fast,andthe deformationpa-
rameterdor eachfacialmotionarefew andintuitive. How-
ever it cannotcaptureaccuratelythe large numberof local
deformationsandexpressiordetailsin our data,sowe useit
for acoarse-leel initial tracking.

The highly local deformationsanddetailsin expressions
arecapturedn asecondevel tting processFor eachframe
of the rangescan,the resultingmeshfrom the coarse-leel
trackingis usedto initialize a subdvidedre ned meshwith
8K nodes.This ner meshis registeredto the framebased
onthe3-D extensionof avariationalalgorithmfor non-rigid
shaperegistration [HPMO03. This algorithm integratesan
implicit shapeepresentatiof0S8g andthe cubicB-spline
based-reeForm DeformationgFFD) model[SP, RSH 99,
andgeneratearegistration/deformatioreld thatis smooth,
continuousandgivesdenseone-to-oneorrespondences.

Comparedo otherfacemodel tting techniquessuchas
the network of RadialBasisFunctiong(RBF) [NN] or mesh
movementby blendingnearestnoving dots[GGW ], ourhi-
erarchicaltrackingand tting schemere ects a moreaccu-
ratemodelof facialmotion.It cannotonly trackglobalfacial
motionthatis causedy muscleaction(coarsdevel), but t
to subtlerexpressiordetailsthataregeneratedby highly lo-
calskindeformationg ne-level). Pasteffortsto simulatefa-
cial muscleactionsf KMMTT] did not alwaysproducecon-
vincingfacialexpressionsdueto thedif culty in simulating
musclesinstead we solwve the inverseproblemby tracking
realfacialexpressionsisingour hierarchicakystemandre-
playing,synthesizingandre-tagetingafterwards.

The availability of high quality dynamicexpressiondata
opensa numberof researchdirectionsto the modeling of
faces.Here we proposea nen approachto the problem
of facial expressiontransfer i.e. the synthesisof novel fa-
cial expressionson newv modelsbasedon the analysisof
facial expressionscapturedfrom different subjects.Previ-
ously researcherdiave used linear models (PCA [BV])
and variations such as bilinear models[TFO( and mul-
tilinear tensor models for facial expressionanalysisand
synthesis|[EGP, CDB0Z. However, a major limitation of
such modelsis 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 [RS0Q TdSLO(Q that allows usto nd an improved
representationf facial expressionsandtheir relatedgener
ative model,i.e. the mappingfrom alow dimensionaman-
ifold to the 3-D facialmotion. This new approachallows us
to synthesizanew generatre modelsthatintegratethefacial
expressiorcharacteristicer expressionstyleof differentin-
dividuals.We canthereforecapturethe nonlinearaspectof
anindividual'sfacialexpressiorandmapthemonadifferent
individual. Anotheradwvantageof ourapproachis thatit takes
into accounmotionsall overthefaceandnotjustaroundthe
mouthor eyes,thusobviating the needfor explicit modeling
of coarticulationeffects and resultsin much more natural
looking motions.

The rst stepof ouralgorithm nds a nonlinearmanifold
to representhe motionof anindividual subjects facialmo-
tion from thetracked 3-D nodalmotions.In orderto beable
to mapthe estimatednotion manifoldsfrom differentindi-
vidualsto aparticularindividual, thesecondstepof ouralgo-
rithm computesa warpingtransformatiorthatplacesall the
manifoldsclosein spaceWe termthis new collectionof in-
dividual manifoldstheuni 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 expressioncharacteristicef eachindividual's fa-
cial motion. Finally, basedon thelearnedmappingfrom the
uni ed manifoldto anindividual's 3-D motionwe canmap
theexpressiorcharacteristicirom oneindividual to another
or from ary combinationof individualsto a singledifferent
individual. We demonstratéwo typesof synthesisresults:
morphingof geometryandexpressiorbetweerdynamicex-
pressionsequencesf differentindividuals and expression
transferfrom a sourcefaceto a target face,without further
changesn facialgeometry

In Section 2 of this papewe presenbur 3-D shapeacqui-
sition systemjn Section3 we presenbur high accurag fa-
cial trackingmethodandin Section 4 we discusour learn-
ing methodfor the separatiorof expressionstyle from indi-
vidual subjectsExpressiorsynthesisesultsarepresentedh
Section 5 andfuturework in Section6.

2. Dynamic 3-D shapeacquisition

The real-time 3-D shapeacquisition systemusedin this

researchis a higher acquisition rate version of the sys-
temoriginally developedby Huanget allHZCO03. It usesa

single-chipDLP projectorandathree-steginusoidaphase-
shiftingalgorithm[Mal92] to realizereal-time3-D shapeac-

quisition. Figure 3 shavs the schematialiagramof the de-

velopedsystem.A color fringe pattern,whosered, green,
andblue componentarethe threephase-shiftedringe pat-

terns,is generatedy a PC.Whenthis color fringe patternis

sentto a single-chipDLP video projector(Kodak DP900),
the three color channelsor the three phase-shiftedringe

patterns are projectedsequentiallyand repeatedlyat a fre-

qgueng of 80 Hz. Sincegray-scaldringe patternsaremore

¢ TheEurographic#ssociationandBlackwell Publishing2004.

Figure 2: Photagraph of our real-time3-D shapeacquisi-
tion systen(Boxsize:24" 14" 10").

desirablethecolor Iters onthecolorwheelof theprojector
areremoved. For image capture,two CCD camerasposi-
tionally alignedwith abeamsplitter, areused ,onecolorand
oneblack-and-whitgB/W). The color cameraUniq Vision
UC-930), with its exposuretime setto one projectioncy-
cle (12.5ms),is usedto capturea color 2D imagefor tex-
ture mapping(averagingthe threesinusoidalphase-shifted
fringe patternswith 120 phaseshift cancelghefringesand
produces at imageof theobject). TheB/W camergDalsa
CA-D6-0512W),which is a high-speedligital camerawith
amaximumframerateof 262 fps, is synchronizedvith the
projectorto capturethe three phase-shiftedringe images
for 3-D shapereconstructionDue to the limited framerate
of the camerawe areonly ableto capturethe threephase-
shiftedfringe patternsn two projectioncycles(25ms),thus
achieving a framerate of 40 Hz for 3-D shapeacquisition.
However, sincethe relationshipbetweenary two neighbor
ing patternsis the same(with a phaseshift of 120 ), ary
newly capturedringe patterncanbe combinedwith its two
precedingatterndor 3-D shapeaeconstructionthusachies-
ing arealframerateof upto 120 Hz for the currentsystem
setup.If a higherspeedcamerais used,this speedcanbe
doubledto 240Hz. Ontheotherhand,if colortexture map-
pingisrequiredthespeeds loweredto 26 Hz dueto thelim-
ited framerate (maximum30 fps) of the color cameraused
in the currentsystem.The RMS of uncertaintyof depthis
0.05mmwith ameasuremerareaof 260 244mm.Figure
2 shavsthedevelopedhardwaresystem Thisreal-time3-D
shapeacquisitionsystemis describedn detailin [ZH04].

3. Tracking facial expressions:capturing details and
establishingcorrespondences

In order to utilize the acquired3-D motion data, corre-
spondencesieedto be establishedbetweendatain differ-
entframesof the samefaceaswell asbetweerfacesof dif-
ferentpeople.We adoptan approachin which we register
the facescansof differentactorsbeforeperformingan ex-
pressiorwith a genericfacemodel. Thenanew hierarchical
framework is usedto keeptrackingtheintra-framedeforma-
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Figure 3: Shematicdiagramof our real-time3-D shapeacquisitionsystem.

tions of thefacemodelpointsduringan expressionprovid-
ing atight couplingbetweerglobalandlocal deformations.
Thegeneridacemodelhastwo resolutionsacoarsdevel
with 1K nodesandasubdvided ne level with 8K nodesWe
usethe 8K nodemeshfor theinitial tting betweertheface
modeland an actor's face scanbeforean expression.Fig-
ure4 demonstratethisinitial tting processFirst,theface
modelandthe 3-D scandataare roughly alignedby hand
(Figure4(b)). Thenthe 3-D extensionof a variationalnon-
rigid shaperegistrationalgorithm[HPMO3 is usedto reg-
isterthe facemodelwith this rangescan,achieving a com-
pletesurfacematch(Figure4(c)). Thealgorithmis basedn
the integration of an implicit shaperepresentatiomand cu-
bic B-spline basedFree Form Deformations(FFD). It rep-
resentsshapeqe.g.,the facemodelandthe rangescan)in
animplicit form by embeddinghemin thespaceof distance
functionsof aEuclidearmetric.A cubicB-splinebased-ree
Form Deformation(FFD) model[SP, RSH 99 is thenused
to minimize a sum-of-squared-diérencesriterionbetween
the embeddingfunctionsof a source(e.g.,the model)and
atamet(e.g.,the rangescan)surface,andrecover the FFD
parametershat would mapthe sourceto the target. In this
paperin orderto constrairtheinitial densecorrespondences
establishedy the registrationalgorithm,we de ne a small
set of featurepoints on the face model (typically around
30, asin Figure4(a)), thenmanuallyselecttheir correspon-
dencentherangedata.Thesefeaturecorrespondencese
incorporatedishardconstraintgluringtheoptimizationpro-
cessof the registration algorithm (see[HZW 04] for de-
tails), establishingrery goodinitial correspondences.
After theinitial tting, ahierarchicaschemas adoptedo
track the intra-framedeformationdn an expression At the
coarsdevel, we usethe 1K nodefacemodelandextendthe
deformabletracking systemin [GVMO03] to track 3-D dy-
namicrangescans.The systemdividesthe facemodelinto
severaldeformablaegionswhoseshapeandmotionarecon-
trolled by a few parametersTypically, for a smiling expres-
sionthe facemodelis divided into 10 small regionswith a

total of 17 parametersBecauseof the small parameteset,
(which hasthe extra advantageof beingintuitive to anima-
tors), this coarse-lgel trackingis very fast; however it can
not capturehighly local deformationsaand ne detailsin the
expressionln orderto estimateexpressiondetails,for each
frame of the dynamicrangedata,we usethe coarse-leel
trackingresultto initialize the subdvided 8K nodemeshat
thehigherlevel. Thenthis8K nodere ned meshisregistered
to the frameusingthe samevariationalnon-rigid shapereg-
istration algorithmusedfor initial tting. This hierarchical
tracking/ tting protocol provides a tight coupling between
global and local deformations and resultsin efcient and
very detailed tting to the 3-D face scandata(seeFigure
5). Basedon our extensie experiments,ntra-framecorre-
spondencesgstablishedy our system,especiallybetween
facial features,are highly accurate(Figure 5(c-d)), as ex-
pecteddueto a numberof reasonsFirst, the densecorre-
spondencen the trackinginitialization processhave high
accurag sincewe usedmanuallyselectedacialfeaturecor
respondenceas hard constraints Second,due to the high
acquisitionspeedtheintra-framedeformationsn ourrange
dataare small, facilitating accurateand effective tracking.
Third, both coarse-lgel tracking and ne-level tting al-
gorithmsare sensitve to surfacegeometry Facial features,
suchasthetip of the nose,cornersof the eyesand mouth,
have very distinctive geometry and henceare tracked ro-
bustly. Last, but not least,our ne-level tting/re gistration
algorithmimposesvery strongsmoothnessonstraintsUs-
ing the implicit shaperepresentationthe algorithm aligns
the original surfacesaswell astheir clones,positionedco-
herentlyin the volumetricembeddingpaceThe FreeForm
DeformationgFFD) modelalsoenforceshoth implicit and
explicit smoothnessonstraintsAs a result,the established
correspondencemreone-to-onecoherentandglobally con-
sistent.More detailson the mathematicaformulation and
experimentalvalidationof our hierarchicaltrackingsystem
canbefoundin [HZW 04].

¢ TheEurographicfssociationandBlackwell Publishing2004.
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(@) (b) (©
Figure4: (a) Thegenericfacemodelwith manuallyselected
feature points.(b) Thefacemodelandthefacescandataare
roughlyaligned.(c) Theresultof theinitial tting to a 3-D
facescandata.

(a) (b) (© (d)
Figure 5: Top Row: Snapshot®f the smile expressionof
subjectl. SecondRow: The smile expressionof subject2.
Third Row: Thesmile expressionof subject3. BottomRow:
TheRaisingeyebrov expressionof subject3. Col.(a): Front
view of framel. Col.(c): Frontview of frame2. Fir standsec-
ondrow of Col.(b,d)are rendeedwithouttexture - showing
shapedetails; Third andfourthrowof Col.(b,d)arerendeed
with texture - demonstating accuracy of correspondences.

4. Decomposablegenerative model for facial expressions
Thequestiorthatwe addresss how to decomposéhreecon-
ceptually orthogonalfactors:face geometry facial expres-
sioncontent(i.e.,thetypeof theexpressiore.g.,smile),and
expressiorstyle.For example givenseveralsequencesf fa-
cial expressionswith differentpeopleperformingthe same
expressionhow to decomposehe intrinsic facecon gura-
tion throughthe expression(content)from the personalized
styleof thepersorperformingtheexpressior(style)andhow
to beableto castsuchexpressiorin a givenstyleto adiffer-

¢ TheEurographicfssociationrandBlackwell Publishing2004.

entfacegeometryAs alearningproblem,we aimto learna
decomposablgeneratie modelthat explicitly decomposes
thefollowing two factorsgivenafacialexpression:

Content(facecon guration): The intrinsic facial con g-

urationthroughthe motion as a function of time that is

invariantto the personj.e., the contentcharacterizethe
motionof the expression.

Style (people): Time-invariant personparameterghat

characterizeéhe persorperformancef the expression.

If we considera humanfacial expressionas pointsin a
high dimensionalfacecon guration space then, given the
physical body constraintsand the temporalconstraintam-
posedby the expressiorbeingperformedijt is expectedthat
thesepoints will lie in a low dimensionalmanifold. We
can think of eachexpressionperformedby a certain per
sonasatrajectoryin thefacecon gurationspacej.e.,these
points naturallylie on a one dimensionalmanifold charac-
terizingthe expressiormotion. Sucha manifold might twist
andself-intersecin sucha high dimensionalcon guration
space[BO, Bra]. The shapeof suchmanifold for a certain
expressione.g.,smile)is expectedto be differentfrom one
persorto anothelasdifferentpeoples motionstyleswill fol-
low differenttwists on suchmanifolds.This meanghatthe
manifold of the expressionencodeshoth the content(e.g.,
smile)andalsothe personalizedtyle.

Supposethat we canlearna uni ed, style-independent,
embeddedepresentationf theexpressiormanifoldin alow
dimensionaEuclideanembeddingpacethenwe canlearn
asetof style-dependemhappingfunctionsfrom theembed-
ded representatiorio the face con gurations spacewhere
eachof thesemappingfunctionsrepresents certain per
sonalizedstyle. If we cando this decompositionthenmov-
ing along the style-independentmbeddednanifold while
choosinga certain style-dependentnappingfunction will
generatean expressiontrajectoryin the facecon guration
space.Of course,each personwill have his own style-
dependentappingfunction.Thereforewe needto parame-
terizesuchamappingfunctionin orderto decomposeertain
parameterthatencapsulatéhe style. Thisway, we canhave
anembeddedepresentationf the expressiormanifold and
onemappingfunction that mapsfrom the embeddedepre-
sentatiorto thefacecon gurationgivena parametethatde-
scribeghestyle.For examplefor asmileexpressionmoving
alongthe manifoldwill generatea genericsmileandchang-
ing the style parametewill stylizethis smile.

Our approachis basedon embeddingthe facial expres-
sion manifolds nonlinearlyinto a low dimensionalspace.
Given suchembeddingdifferent manifolds corresponding
to differentpeopleare normalizedto achieze a uni ed em-
beddingof the expressionmanifold. Given a uni ed em-
beddingof the expressiormanifold,nonlinearmappingsre
learnedfrom suchembeddingto the original space.Since
the embeddednanifoldsare normalized,all the variations
dueto personalizedstyle are expectedto be representedh
the nonlinearmappingspace.Therefore,decomposinghe
nonlineamappingcoefcients wouldfacilitateseparatiorof
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Figure 6: Low dimensionarepresentatiorof smilemotion:
An embeddingf smilemotionby LLE showsthat smilemo-
tion canbe well embeddedh an onedimensionalmanifold
locatedin 3-D Euclideanspace Manifold pointsfor similar
facial motionsare locatedat nearbypointsin the manifold.

the style parametersA generalframenork for separatiorof
style andcontenton nonlinearmanifoldswasintroducedin
detailin [EL]. We brie y describethe approachasadapted
to facialexpressioranalysisjn the next subsections.

4.1.Uni ed embeddingof expressionmanifolds
Sinceexpressionmanifoldsare nonlinear i.e., distancesn
theinputspacearenonlinearlyrelatedto distanceslongthe
manifold, PCA [BV], bilinear[TFOQ andmultilinear[VT]
modelswill notbeableto discover the underlyingmanifold
anddecomposerthogonalfactors.Simply put, linear mod-
elswill notbeableto interpolateintermediatdacialgeome-
try and/orintermediatestyles.

We adaptthe locally linear embedding(LLE) frame-
work [RS0(Q to achieve alow dimensionamanifoldembed-
ding for individual facial expressionghat provides a good
representatiof facial motion.LLE nds the bestembed-
ding manifold by nonlineardimensionalityreductiongiven
the assumptiorthateachdatapoint andits neighbordie on
a locally linear patchof the manifold, (detailsin [RS0Q).
Figure 6 shavs the embeddingof a smile motion to a 3-
D Euclideanspace.To optimally choosethe neighborhood
size we usean error criterion basedon the reconstruction
achieredby the tted generatre modelin Equation2.

A uni ed manifold embeddingis achiered by warping
samplemanifoldpointsin theembeddingpaceUni ed em-
beddingallows us to representll the facial motionin one
manifold.For eachmanifold,pointsareapproximatedy t-
ting aspline(with normalizedparameters theOto 1 range,
sincewe assumesimilar starting and endingfacial condi-
tions acrosssubjects).Correspondenceare establishedy
re-samplingthe normalizedsplineat equalintenvals. Given
multiple manifoldsa meanmanifold is learnedby warping
eachmanifold using non-rigid transformatiorusing an ap-
proachsimilarto [CR].

4.2.Learning a decomposablegenerative model
We aimto learna generatre modelin theform

¥ = 9(x;ab%) @)

wherethe obseredfacemotion, yf, attimet of stylesis an
instancedrivenfrom a generatie modelwherethe function
o( ) is a mappingfunction that mapsintrinsic facecon g-
urationembeddedtoordinatext (content)attimet into the
obsenation spacegiven mappingparameters anda style
parameteb® whichis timeinvariant.

Given the uni ed embeddingachieved in 4.1 we learn
a setof style-dependentonlinearmappingfunctionsfrom
the embeddingspaceinto the input space,i.e., functions
a(x€) : R RI that mapfrom embeddingspacewith di-
mensionalitye into the input space(obsenation) with di-
mensionalityd for styleclassk. Sincewe considemonlinear
manifoldsandtheembeddings nonlineartheuseof nonlin-
earmappings necessaryn particularwe considemonlinear
mappingfunctionsof theform

a(%) = B® y (X) (2

whereBSisad N linearmappingandy (): Ré! RVis
a nonlinearmappingwhereN radial basisfunctionscanbe
usedto modelthe manifoldin theembeddingpacei.e.,

y(O)=Iri(); synOI7

We usegeneralizedadial basisfunction (GRBF) interpola-
tion [PG9(Q to theoriginal sequencgf by solvingfor multi-
pleinterpolantsj.e.,R®! Rfor eachtrackingfeature Thin-
platesplinesareusedasthebasisfunctions.

Since the embeddedmanifolds are normalized,all the
variationsdueto personalizedtyle are expectedto be rep-
resentedn the nonlineammappingspaceThereforedecom-
posingthe nonlinearcoefcient, BS, would facilitate sepa-
ration of the style parametersGiven learnedmodelsin the
form of equation2 for eachpersonthe stylecanbedecom-
posedn thelinearmappingcoefcient spaceausingabilinear
modelin away similar to [TFOQ, VT]. Therefore,inputin-
stancey; canbewritten asanasymmetriddilinear modelin
thelinearmappingspaceas

= A 3b° 2y (x) 3)

whereAis athird ordertensor(3-wayarray)with dimension-
alityd N Jandb®is astylevectorwith dimensionality
Jand , denoteshemode-ntensorproduct.Giventherole
for style and contentde ned above, the previous equation
canbewritten as

vi=A 3 bpeople 2y (X;:on guration) 4)

This decompositioncan be achieed by arrangingthe
mappingcoefcients B1; ;BX for eachpersoninto a ma-
trix form B and applying singularvalue decompositioras
B=U9T, wherethe style vectorsb® aretherows of V.

Figure8 shavs an exampleof decomposedtyle vectors
for threepeople Eachpersons stylevectorshovs adifferent
dominantbasis.New intermediateexpressionstylescanbe
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producedby linear combinationsof peoples style vectors.
We cangeneratexpressionsn new stylesby usingary lin-

ear combinationof the learnedstyle vectors,plugging this
new styleasthevectorb® in equation3 andchangethe vari-
ablexf overtime alongthe embeddednanifold.

5. Experimental results

All our experimentsrun at interactive rateson a Pentium
Xeon3GHzdualprocessoplatform.We presentwo exper
imentsto verify the effectivenesof our algorithms.In both
experimentse analyzethe expressiorstyle bst, b2 of two
personsWe thengeneratea new style vectorb™™ by linear
interpolationof thesetwo stylesusinga controlparametera
asfollows:

b"® = ab+ (1 a)b¥; (5)

where,a = 0 correspondso expressionstyle b2 anda =
1 correspondso expressionstyle bSt. An expressionstyle
betweerb® andbs! canbe generatedy varying the value
of a betweerD to 1.

The capabilities of our approachare shavn in the
videos accompawing this paper (these and other
videos could be seen at the following webpage:
http://www.cs.sugshedu/"samaras/demaferession.htm|
and further details of the 3-D acquisitionhardware are at
http://metrologyeng.sugshedy. The rst partof thevideo
demonstratethedynamic3-D shapecapturesystemandthe
dynamicmulti-resolutiontrackingof facialexpressionsThe
outputof this partof our systemarethe 3-D nodallocations
of the model over time. These3-D model nodal locations
areusedfor the dynamicmorphingand expressiontransfer
experimentsdescribedin the following sections.Standard
texture mappingandshadingtechniquesare usedto render
thetrackingresults After theinitial tting onthe rst frame
of a sequencegachvertex on the control meshis assigned
the color of the closestpoint from the 3-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 capturedataasdescribedn Sec.3. These3-D model
nodalpositionsestimatea persons facialgeometryandmo-

tion stylefor agiventypeof expressior(content) seeSec.4.

Therefore for our dynamicmorphingapplications gxpres-
sionstyleis thecombinatiornof anindividual's facegeomet-
ric characteristiceandmotion characteristicsOur approach
allows us to go beyond traditional morphing betweentwo

staticfaces,to dynamicmorphingof geometryandexpres-
sions.

Figure7 shawvs thateachnew facial expressioncombines
geometricstyle (shape)as well as motion style when we
combinetwo persons'style factors. Eachcolumnshavs the
generatiorof new motionsthroughtime (content)for agiven
personstyle. ( x ed style). Each column correspondgo a
differentexpressionstyle aswell asa new facial geometry
Columns(a) and(d) representhe motion stylesof two per
sonsandcolumns(b) and(c) represenintermediatenorph-
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@) (b) © C)]
Figure 7: Expressionandgeometrymorphing Col.(a): Sec-
ondactor's original motionsequencea = 0. Col.(d): First
actor's original motionsequencea = 1. Col.(c): Morphing
resultwith a = 0:2. Col.(d): Morphingresultwith a = 0:8.
Fromtop to bottom,rows showssamplingof the geneated
motionsat the 1st, 25th and 50th frameout of the 150 total
frames.

ing results,shaving geometryvariation accordingto style
changealongeachrow.

In addition, we can also generateexpressionvariation
with geometricmorphing simultaneoushyy changingthe
style control parameteia between0 and1 over time. This
correspondso moving over time from the top left of Fig-
ure 7 to the bottomright of Figure7. In the accompaying
video sequencesve show this exact caseof dynamicmor-
phing of expressiorandgeometrywith seamlessransitions
bothin geometryandin expression.

a5
s o2 17

T 2 3

Figure 8: Uni ed embeddingf manifoldsand motionstyle
vectoss for the geometryindependentransferof expression.
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5.2.Geometryindependentexpressiontransfer

In the secondexperiment, the goal is to synthesizeand
transferonly facial expressiongo otherindividuals. This is
achievedby analyzingfacialexpressiorstylesindependently
of individual facial geometry First, we de ne a basefacial
geometnyfor eachindividualin its object-centeredeference
frame.Thenthefacialmotionin anexpressioris represented
by the displacementbetweerneachframegeometryandthe
basegeometry This approachs possibleaswe cancapture
local deformationswith consistentorrespondencemmong
differentpeopleaswell asin differentframesof the same
personWe normalizethenodalpointsin eachframeto elim-
inatevariationsin thedisplacementdueto headsize(ascal-
ing operation)or headmotion (facecenteringoperation).In
thenormalizationprocesswe subtracthe meanvalueof all
nodal pointsin eachframe from the original nodal points
andscalethewhole meshdown to a unit sizeusingthe base
models facesize.We choosethe 3-D nodalpositionsof the
facemodelin the rst trackingframeasthebasefacialmodel
sinceit is anactor’s neutralfacegeometry

In our experimentswe analyzedthe smiling expres-

sionsfrom threeactors.Usingour decomposablgeneratie
model, we analyzedthe motion style factor for eachper
sonusingthevariationof thefeaturepointlocationfrom the
basegeometryFigure8 shavs thelearneduni ed manifold
(left) andthe threeindividual motion style vectors(right).
Whenwe apply a motion styleto a new actorwe compute

rst the scalefactorfrom the actor's basegeometry There-
fore, we cantransferoneactor's motion styleto anotherac-
tor regardlessof herfacial geometryIn Figure 9, we shav
two differentbasefacesandthe generatiorof nev motion
stylesby combiningdifferentstyle factors.Eachrow shavs
four framesof the samemotion style for two differentbase
facegeometriesdemonstratinghe effectsof facial expres-
siontransferto differentbasegeometriesThefourth row for
the rst actor(a = 1) andthe rst row of the secondactor
(a = 0) shaw their original facial expressionsThe second
andthird rows shawv new expressionstylesby interpolation
of stylefactorsfrom rows 1 and4. Figure10 shavsthemap-
ping of the facial expressionof previous two actorsto new
actor The rst row is theexpressiorderivedfrom thesecond
actor andthe secondow from the rst actor

6. Conclusions

In this paperwe presented systemthataccuratelycaptures
highspeedhighresolutiondynamic3-D dataandassociated
texture. We developeda multi-resolutionmethodfor intra-
frameregistrationof freely deforming3-D meshesandcap-
tureda smalldatabasef 3-D facial expressiongrom a few
differentsubjectsWe non-linearlyprojectedour extremely
high dimensionalfacial motion dataonto low dimensional
manifolds, which thenwere uni ed in a commonembed-
ding,whichallowsfor thefactorizatiorof themostdiscrimi-
natingcharacteristicfor eachsubjects expressionsFinally,
synthesiof new facial motionswasachieved throughcom-

bined 3-D geometryand motion morphing,or throughex-
pressiortransfer

Limitationsof themethodthatwill beaddresseéh future
work include the absenceof skin re ectancemodelingfor
renderingunderdifferentillumination conditionsaswell as
theabsencef a specializednteriormouthandlip modelto
allow for large openmouthexpressionsSincethereareno
coarticulationissuedor thetypesof applicationsve exam-
ined in this paper the incorporationof editing abilities of
individual motion parametershat make senseo animators,
into the global style analysisframewvork, shouldbe straight-
forward.
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