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Figurel: Comparisorof EigenSkinandSkeletal-Subspad@eformationfor anextremeposenotin thetrainingdata.Notesigni cant dif-
ferencesn thethumbbetweera) thenew posecomputedrom our nite elemenhandmodel,b) skeletal-subspacgeformation
only, andc) EigenSkinwith oneeigendisplacement&ndonenormalcorrectionper support. Figured) shavs our EigenSkin
handexamplebeinganimatedisinga CyberGloe. Thehandmodelshavn hereconsistf 55,904trianglesandis dravn using

displaylists with a GeForce3vertex program.

Abstract

We presenta techniquewhich allows subtlenonlinearquasi-static
deformationsof articulatedcharacterso be compactly approxi-
matedby data-dependergigenbaseshich are optimizedfor real

time renderingon commodity graphicshardware. The method
extendsthe commonSkeletal-SubspacBeformation(SSD) tech-
niqueto provide ef cient approximation®f the complex deforma-
tion behaioursexhibitedin simulated measuredandartist-dravn

characters.Insteadof storingdisplacement$or key poseg(which

maybenumerous)we precomputerincipalcomponentsf thede-

formation in uences for individual kinematicjoints, and so con-

structerroroptimal eigenbasedescribingeachjoint's deformation
subspacePose-dependedeformationgrethenexpressedn terms
of thesereducedeigenbasesllowing precomputeatoefcients of

theeigenbasiso beinterpolatedat runtime. Vertex programhard-
warecanthenefciently rendernonlinearskin deformationsising
asmallnumberof eigendisplacementioredin graphicshardware.
We referto the nal resultingcharacterskinning constructasthe
models EigenSkin Animationresultsarepresentedor averylarge
nonlinear nite elementmodel of a humanhandrenderedn real

time atminimal costto themain CPU.

CR Categories: 1.3.5 [ComputerGraphics]: ComputationalGe-
ometry and Object Modeling—Plysically basedmodeling 1.3.7
[ComputerGraphics]:Three-DimensionabraphicsandRealism—
Animation, Virtual reality

Keywords: skeletal-subspacdeformation,pose-spaceeforma-
tion, principalcomponentinalysishardwarerendering

1 Intro duction

Renderingof comple physical deformationmodelsfor charac-
ter animationremainsa signi cant hurdle for interactve applica-
tions, but onethat hasbeenlargely overcomefor off-line anima-
tion. Currently mostrealtime charactemanimation,e.qg.,for video

games,is done using a very commonlinear transformblending
techniquecalled(amongotherthings)Skeletal-Subspacbeforma-
tion (SSD)[Magnenat-Thalmanetal. 1988]. It is extremelypop-

ular for its simplicity andplausibility, andis alsowidely supported
by graphicshardware accelerators.Despitethis, it is alsowidely

known to suffer from severalkey problems:

buckling of skin nearjoints, e.g.,elbaws, in extremeposes;

poor behaiour nearmore complicatedoints, suchasshoul-
dersandthumbs;

restrictionson the rangeof deformationsthat can be easily
modeledanddisplayedfor variouscharacteposes.

While methodshave beenproposedo addresghis andhave been
effectively employed by the motion picture industry [Lewis et al.
2000],dueto memoryandgraphicshardwareconstraintsiearlyall
videogamecharacteanimationis still doneusingtraditionalSSD.
In this paper we present practicaltechniquewvhich overcomes
all aforementionedSSD problems,and can be achieved using a



memory-eftient linear correctionto the traditional SSD method.
The resulting EigenSkinconstructallows subtle characterdefor
mationsfor skin and clothing, suchasthosederived from highly
realisticartist-dravn posesmeasurementsom the real world, or
laboriously computedanatomicallyand physically basedmodels.
Thedeformationganbecompactlyrepresenteidh anef cient data-
dependenbasisandrenderedn real time usingvertex shadersn
commoditygraphicshardware,e.g.,see[Lindholm etal. 2001].
Our approachis to startwith an artist's SSD approximationof
the characteiin question,aswell aswith geometrycorresponding
to particularkey posesnot well approximatedy SSD.Vertex dis-
placementbetweena given poseandthe SSD modelare mapped
backto the neutralcharactempose,providing a displacementeld
posecorrection. Insteadof storing thesedisplacementelds for
eachkey poseand then interpolating betweenthem at runtime,
asin PoseSpaceDeformation(PSD) [Lewis et al. 2000], we use
PrincipalComponenfnalysis(PCA) to constructanerroroptimal
eigendisplacemertiasisfor representinghis potentially large set
of posecorrections. However, we do not simply usePCA on the
displacementeld de ned over the entiresurface,sincethis would
leadto a large numberof importantbasisfunctionsand be inef-
cient for hardwarerendering. Instead we decompose¢he model
into locally supporteddomainslearnedfrom the in uence of in-
dividual joints on the displacementelds (describedin detail in
Section2.2). The resultingmemorysensitve setof locally sup-
portedeigendisplacemeasisfunctionsconstituteghe EigenSkin
approximationandis well suitedto renderingn graphicshardware.
PleaseseeFigurel for anexampleof EigenSkinresults.

1.1 Previous Work

Signi cant work hasoccurredn graphicsfor deformingarticulated
charactersusing geometricmethods[Magnenat-Thalmanret al.
1988;SinghandKokkevis 2000;Lewis etal. 2000]andphysically-
basedmethods[Wilhelms and van Gelder1997; Scheepergt al.
1997;Gourretet al. 1989]. Despitethis, mostcharactemanimation
in interactive applicationssuchasvideogamesjs basedn a geo-
metricskeletaldeformationtechniquecommonlyreferredto aslin-
earblending,or matrix paletteskinning,or Skeletal-SubspacBe-
formation(SSD),in which vertex locationsare weightedaverages
of pointsin several coordinateframes(see[Magnenat-Thalmann
etal. 1988;Magnenat-ThalmanandThalmannl1991]).

Onealternatveis to storealargedatabasef characteposesand
interpolatebetweerthem[Maestri 1999]. While theseapproaches
give animatorgyreatcontrol over charactedeformationthey have
the disadwantageof requiring a potentially very large numberof
posedor animation,andalsolack an underlyingkinematicmodel.
Neverthelesssuchapproachesire common,especiallyfor facial
animation[Parke etal. 1996].

A hybrid approactwhich effectively combinesSSDandmorph-
ing, is the work of Lewis et al. who introduced“Pose SpaceDe-
formations”(PSD)[Lewis et al. 2000]to overcomethe limitations
of lineartransformblendingwhile retaininga kinematicapproach.
Startingwith a (simple) SSD model, they then store vertex dis-
placemenbffsetsbetweenthe SSD surfaceand variouscharacter
posesAt runtime, the charactemay be simulatedoy mappingin-
terpolateddisplacementsntotheunderlyingSSDcharactemodel,
therebyproviding a kinematicdeformationmodelwhich also has
artist-dravn poses.While thisis a big improvementover character
morphing,andsufciently interactive for animatorsstoringsurface
displacement$or eachposein alarge posespaces a memoryin-
ef cient approactor hardwareapplications.

Similar to PSD, Sloanet al. shav a more ef cient methodof
interpolatingan articulated gure using exampleshapesscattered
in an abstractspace[Sloanet al. 2001]. The abstractspacecon-
sistsof dimensiongescribingglobal propertiesof the shape such

asageandgender but alsoincludesdimensionsusedto describe
con guration, suchasthe amountof bendat an elbow. Like our
method,interpolationoccursin therestposebeforeSSDis applied,
however, the interpolationinvolvesblendingover all of the exam-
ple shapedor every vertex. This becomesnef cient anddif cult
to mapto hardwarewith thelarge numberof examplesrequiredfor
ahighly articulated gure sincetheindependencef abstracspace
dimensionds not takeninto account(e.g.,bendin left elbonv and
bendin right elbaw).

In addition to characterposescreatedby 3D artists, we also
wish to efciently renderdeformationbehaiour computedusing
physically-basedindreality baseddeformablemodels.Suchmod-
els have beenwidely used[Terzopoulosand Fleischer1988; Ter
zopoulosandWitkin 1988; Metaxasand Terzopoulosl992; Cani-
Gascuell998; O'Brien andHodgins1999; Pai et al. 2001; Allen
etal. 2002],althoughmostapproachearenotintendedor realtime
(hardware) rendering. Recently approaches$or fastsimulationof
physicaldynamicvolumetricdeformationshave appearedZhuang
andCanry 1999; Delunneet al. 2001; Picinbonoet al. 2001] for
interactize applications,suchas sumgical simulation. Our interest
is morecloselyrelatedto quasi-statiadeformation,for which fast
deformationtechniqueslsoexist [Cotin etal. 1999;JamesandPai
1999] but areunfortunatelyrestrictedto smalldeformationsunlike
thoseassociatedvith articulatedcharactergalthoughsee[James
and Pai 2002b]). More closely relatedto characteranimationis
anatomicallybasedmodelingof physical deformablemodels[Wil-
helmsandvan Gelder1997]; examplesincludemusculaturdChen
andZeltzer1992;Scheeperstal. 1997]andfaceqLeeetal. 1995].

We notethata large classof pose-dependemjuasi-staticdefor
mationscan be describedusing the EigenSkinapproach Jargely
independenbf their origin, whetherartist-dravn, measured or
anatomicallybasedphysical models. For example,pose-spacea-
rameterizatiorof nontystereticcloth on articulatedcharacterdias
recentlybeenconsideredHerman2001], and could be optimized
for hardwarerenderingusingthetechniquepresentedherein.

Finally, the useof reducedeigenbasisepresentationfor high-
dimensionalmodelshasa long history in science,with founda-
tions on Principal ComponentAnalysis and Karhunen-Loge the-
ory [Jolliffe 1986; Hyvarinenet al. 2001]. Relateddeformation
topics include a morphablemodel for face synthesis[Blanz and
Vetter1999], modalanalysisfor dynamicvibrations[Pentlandand
Williams July 1989;JamesandPai 2002a],decompositiorof static
deformations[Bookstein 1989], and recognition applicationsin
computewision, e.g.,facerecognition[Turk andPentlandl991].

1.2 Our Contribution

We introducea methodfor extendingSSDthatenhancedts range
of modelingcapabilitiesat very little cost,andin a manneropti-
mized for real time graphicshardware. EigenSkinconstitutesan
erroroptimal setof eigenbasefor approximatingthe original de-
formation model, for a given amountof pervertex displacement
memory We illustrate our methodby renderinga very large -
nite elementmodel(whichtook severalhundrechoursto compute)
at interactive rateson a PC with negligible costto the main CPU.
Using commoditygraphicshardware, EigenSkinenableghe sim-
ulation of subtlenonlinearsurface deformationsof geometrically
complex modelsat little morethanthe costof rendering.

2 Method

In this sectionwe describethe processof augmentingan existing
SSDmodelwith EigenSkin.Althoughtheprocesss shavn for dis-
placementsit appliessimilarly to the constructiorof linearnormal
correctionsallowing EigenSkinto correctSSDfor bothshapeand
shading.



2.1 Notation: SSD and Bone Weights

Let B bethe setof all boneindices,and denotethe bonesaffect-
ing vertex i by the subsetof indicesB; B . For agiven skeletal
con guration, with bonetransformsf T g, 5 , the positionof the

ith vertex after SSDis

o
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wherey, is thepositionof vertex i in the neutralpose,andw;, give
the af ne combinationof bonetransformsfor this vertex. In the
charactes neutralposewe assumehatT, = 1;8b2 B .
Startingwith a reasonableetof boneweightsis importantbe-
causgheaddedlisplacementenly correctthe SSDpredictedmnesh
shapenearobsenred con gurations. We computeour SSD bone
weightsasa function of vertex bonedistancesn the neutralpose.
This yields reasonablédoneweightswhich changesmoothlyover
the mesh. Filtering may be requiredto force eachbones weights
to zeroat the edgesof its in uence to prevent discontinuities. In
principle, the weightscanbe computedto optimize the quality of
the EigenSkincorrection,andthis is atopic of futureresearch.

2.2 Locally Supported Joint Displacements

Let P bethe setof indicesof obsered poseswith 02 P repre-
sentingtherestposeandlet theobseredvertex positionsandbone
transformsfor posep2 P be denotedasvP and TP, respectiely.
Thedifferencedetweerthe SSDvertex positionsandtheobsened
posepositionsmappedbackinto the restposeyield displacements
(seeFigure?2),

1
P- 3 TP TP 0.
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The obsered meshshapesresult when thesedisplacementsare
addedto the rest posebefore applying the bone weightedtrans-
formation.If thedeformationsrary smoothlyover posespacethen
interpolateddisplacementprovide a goodapproximatiorof defor
mationsat con gurationsbetweerobsenations.

Figure2: The displacementor vertex i and posep, denoteduip,
is the differencebetweerits obsered position,vip, andits position
underSSD,\7ip, mappedbackinto therestpose.

To make our hardwareimplementatiorpossible we exploit the
obsenationthatlocalizedchangego the con guration of anartic-
ulatedcharactemften resultin local deformations.This indepen-
denceoccursin mostarticulatedcharactersandcertainlyexistsin
realistichumanhands.Bendinga singlejoint in one nger, though
dif cult withoutbendingary otherjoints,doesnotcausenoticeable
deformationdn the other ngers. Likewise, bendingone nger of
our nite elementhandmodeldoesnot causenoticeabledeforma-
tionsin theotherg(seeFigure4). Althoughthe nite elemenmodel
deformationsesultingfrom achangeo asinglejoint areglobal,the
displacemenmagnitudesareimperceptibleat verticesthat arefar
from thejoint. We referto the setof verticessigni cantly affected
by ajoint motionasthejoint support Note thatthe joint supports

dependon the SSDweightsandin generalthey do not correspond
to the setsof verticesin uenced by bonetransforms.

To nd thesupportof ajoint we computethe deformationghat
resultfrom moving thejoint to differentpositionsin its full range
of motionwhile keepingall otherjoints x edto therestposeposi-
tion. The setof verticeshaving a displacementargerthana given
thresholdn ary of thesecomputedosegshenbecomeshe support
of thisjoint. For example,in our casewe usedfour percentof the
maximumobsered displacemen{we will seethat memorycon-
straintsalsoplay a large part). Several joint supportsof our nite
elementhandmodelareshovn in Figure3. Notethatwe consider
only single joint perturbationsdue to the high dimensionalityof
our handmodel's con guration space. Neverthelesswe canstill
approximatdinear couplingeffectssincewe let the joint supports
overlap.

thumbCM thumbMP thumblIP index MP

Figure 3: Joint supportsfor thumb carpal-metacarpametacarpo-
phalangealinter-phalangegbintsandindex metacarpo-phalangeal
joint.

For notationalcorvenience,supposethe articulated gure has
atreestructure,i.e., doesnot have loops, suchasfor humanoids,
andjoints are denotedby the index of the adjacentbonefurthest
from theroot of the hierarcly. Denoting0 2 B astheroot, joints
have nonzerandex. LetP; P bethesetof poseindicesusedto
computethesupportor joint j andletSj bethesetof vertex indices
in the joint support. Furthermorelet J; be the setof joints whose
supportcontainvertex i. Thatis, J. = f jji 2 Sjg B nfOg.

2.3 Eigendisplacements

Althoughthe posedisplacementsomputedor independentiper
turbedjoints may be usedasa basisfor describingdisplacements
of new con gurations,signi cant redundang existsin the posedis-
placementse.g.,skinbulging in similar directions.PrincipalCom-
ponentAnalysis(PCA) of joint supportdisplacementgieldsanor-
thogonaldisplacemenbasis,which we term eigendisplacements
As guaranteedoy PCA, adding successie correctionswith the
eigendisplacementasisprovidesapproximationsvhich arebetter
in aformal, leastsquaressensgGolub andvanLoan1996].
Computingprincipal componentswith the Euclideannorm is
equivalentto computingthe singularvalue decompositior(in the
caseof a squaresymmetricmatrix it is equivalentto eigenanaly-
sis). For eachjoint j we constructa rectangulamatrix,Aj, of size
3 Sjj jPJ-j, whosecolumnsconsistof the x,y, andz componentsf
thevertex displacementsn thejoint support.In the singularvalue
decompositionAj = UJ-DJ-V]-T, the matrix U. hasthe samesize

i
asA; andconsistof columnsof eigendisplacementsr support;j

in th]e sameblock columnformatthatwasusedto build A;. The
singularvalues,in the diagonalmatrix Dj, identify theimportance
thateacheigendisplacementasin reproducinghe obseredposes
(they relateto the proportionof variation explainedby eachprin-

cipal component) Note thatthe matrix V; andthe singularvalues

combineto givesthe coordinate®f our obsereddisplacementm



Figure4: A subsebf thetrainingdatashaving someof thethumbandindex nger poses.

the eigendisplacemerttasis.We denotel]ilk the eigendisplacement
of vertex i in thebasisof supportj with importancek wherek goes
from 1 (the principal componentup to jP]-j. Figure 5 shows the
rst four eigendisplacementsf the thumbcarpal-metacarpgbint
supportin our handexample.

At this point we cantruncateeacheigendisplacemeriasisex-
pansionknowing that the error will be minimized in the least
squaressense.The hardwarelimits the size of eachtruncatedba-
sis setasthereis a limited amountof per vertex datamemoryin
which we cansendthe eigendisplacement® the EigenSkinver
tex program(seeSection2.5). Letting n; < jP]-j be the sizeof the
truncatedbasissetof joint supportj, this constraintcanbe written
as

miax njjJij maximumpossibledisplacements.
Insteadof choosingeacth individually, we take anequalnumber
of eigendisplacemenfsom eachsupport.

The equationfor computingthe deformedmeshshapefor anar-
bitrary con guration with bonetransformsf T,g,,5 canthenbe
writtenas

1

2
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Whereéljk givesthe coordinatesof the displacementorrectionin

termsof the reducedeigendisplacemertiasis. Thesecoordinates
are computedto interpolatebetweenobsered displacementsas
shavn belon. Notethat Equation2 providesa powerful modelfor
shapedeformation(see,in particular [JamesandPai 2002a]).

2.4 Interpolating Eigendisplacement Coordinates

As anarticulatedcharactemaovesbetweerobseredcon gurations,
its shapeshouldinterpolatehe obseredposes.To dothisweinter
polatethe eigendisplacemertoordinatef the obsened con gu-
rations.For thetruncatedsetof eigendisplacemeng eachsupport,
we needthe coordinatesn thetruncatedbasiswhich give displace-
mentsclosestto the obsened displacementsThatis, we wantto
solvefor aPin

jk.
J

i Qo >

p_ o
w=3a
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P
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This is an over constrainedinear systemwhich we cansolve us-
ing leastsquaredo getthe best t to our obsered displacements.
Cornveniently theleastsquaresolutionfor any numberof eigendis-
placementsnj , is availablefrom the singularvaluedecomposition
computedn Section2.3. For joint supportj, column p of DjV'j"
containsa F:( fork= 1:jPjj.

This leadsus to the problemof computingthe eigendisplace-
ment coordinatesfor arbitrary con gurations. Radial basisfunc-
tions [Powell 1987] (RBF) area commonchoicefor interpolating
scattereddata, and have beenusedby Lewis et al. [Lewis et al.
2000]for posespacedeformationandby Sloanet al. [Sloanet al.
2001]for shapeanterpolationwith articulated gures. Our interpo-
lation is one dimensionalsinceall our obsenationsinvolved per
turbationsof individual joints. Although we could usea simpler
interpolantwe alsochooseRBFsbecause¢hey extendeasilyto the
higherdimensionadomainsneededo let EigenSkincapturenon-
linearmulti-joint couplingeffects(a subjectof futurework).

We use Gaussian interpolation shape functions, f(r) =
exp( r=ry). In our one dimensionalcase,the aj only depend
on the distanceof joint j from its settingsin posesP;. For revo-
lute joints, we caneasilycomputethedistancer, by comparingthe
joint anglesdirectly. For joints with morethanonerotationalde-
greeof freedomwe computedistanceastheanglein theaxis-angle
representatioof thejoint's rotationmatrix.

Ideally, with a large numberof obsered joint perturbationger
supportwe would interpolateusingfewer interpolationbasisfunc-
tions (f ) thanobsenations. In the caseof our handmodel, how-
ever, we only have approximatelyhalf a dozenposeperturbations
for eachjoint degreeof freedom(for a total of approximatelyl20
poses).This justi es our useof interpolationbasisfunctionssince
thetotal costof constructingandevaluatingthe RBF interpolantfor
half a dozenposesis negligible. The interpolatedeigendisplace-
mentcoordinatesor anew posearecomputechs

A= 8 14 (rig)

2P,

whererjq is the distanceof joint j in the new posefrom its setting

in poseq, andthe / J¥ for g 2 P, aregiven by the solutionto the
linearsystem,

af = a I,%kf(rqu); for p2 P;:
q2P
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Figure5: Eigendisplacementandsingularvalues,s, for thumbcarpal-metacarpdbint in left-right orderof importance.XYZ compo-
nentsof displacemenarerepresentedsingan RGB colour correspondence.

Here rqu is the distancebetweenjoint j's positionin posep and
its positionin poseq (andthuerPp = 0). The systemof equations

is squareandinvertible provided PJ- doesnot containtwo obsenra-
tionswith identicaljoint settings.

2.5 Eigenskin Vertex Programming

Modern vertex programming hardware (e.g., [Lindholm et al.
2001])is ideally suitedto performingthe pervertex weightedlin-
ear superpositionof eigendisplacementéontainedin the large
braclets of Equation2) performed prior to the SSD weighted
transformation.Dependingon the numberof eigendisplacements
used, the weighted eigendisplacementector accumulationsare
aboutascostly asthe weightedtransformmatrix-vector multiply-
accumulateperations.

Currentvertex programslimit per vertex datato 16 4-tuplesof
oats. In our implementatiorwe imposea limit of 10 eigendis-
placementper vertex (or 5 eigendisplacementnd5 normalcor
rections) whichstill leavesroomfor texture coordinatesfterspec-
ifying thevertex position,normal,colour, andboneweights.Notice
thatthis limit is not hardsincecarefulchoicesandpackingof per
vertex datapermit more than 10 of the 16 available tuplesto be
allocatedfor EigenSkindata.

If avertex is in mary supportsthen the numberof eigendis-
placementsenderableby currenthardware may be too severely
restricted. In this caseit is useful to smoothly maskthe sup-
portgroupsto smallerregions,otherwisefewer eigendisplacements
mustbeused.

3 Results

To illustrate our EigenSkinmethod,we have constructeda nite

elementmodel of the humanhand (seeFigure 6) which exhibits
subtle nonlinearskin deformations. The surface skin model and
matchingskeletonarebasedn Loop subdvision [Loop 1987]of a
handmeshexportedfrom CuriousLabsPosef{CuriousLabsInc.].

A nite elementmeshcontainingl1,171high-orderl0-nodetetra-
hedral elementswas generatedusing NETGEN [Schoberl1997]
(andsubsequergimpli cation). The handwasmovedinto various
posesby applying position constraintsto verticesadjacentto the
rigid bones,and computingthe resultingtissuedeformationusing
geometricallynonlinearstatic nite elementanalysegZienkiewicz

1977]with (a modi ed versionof) the CalculiX program[Dhondt
and Wittig]. Approximately half a dozenposeswere computed

for eachjoint degreeof freedomto estimatethe locally supported
joint eigendisplacementsnd 25 additionalposeswere computed
for validation. Finite elementanalysesvereperformedon a cluster
of modernworkstationsandconsumedeveralhundredCPUhours.
The modelwas not intendedto reproducedetailedskin wrinkling

effects,andlacksanatomicatletailssuchastendonsploodvessels,
andskinlayers.Despitethesdimitations,themodelreasonablyle-
scribesbulk tissuedeformationsandwassufcient to illustrateour
method.

Figure6: Skeletonusedto drive nite elementhandmodel.

As shawvn in Figure7, the eigendisplacemerpproximation®f
the handmodel producea clearimprovementover the traditional
SSDalgorithm. Evenwith only ve leadingeigendisplacements,
the EigenSkinapproximationis essentiallyindistinguishablérom
theoriginal FEM model.

Our interactve simulationusesa CyberGlore [ImmersionCor-
poratior] input device to interactively drive our EigenSkinhand
model,while graphicalfeedbackis renderedusingOpenGLanda
GeForce3graphicscard. Radialbasisfunctioninterpolationof the
pose-spacdatais performednthemain CPU,with eigendisplace-
mentamplitudesandbonetransformssetasinput parameterso the
EigenSkinvertex programswhich are compiled as static display
lists. Currently ourunoptimizedmplementatiomendergsheEigen-
Skinnedhandmodelonly slightly slover thanthe traditional SSD
model.A large55,904trianglehandmodelrendersat47 framesper
secondFPS),while a coarserl3,976trianglemodelachiezes 181
FPS.Pleaseseeouraccompaning videofor ademonstrationf the
realtime simulation.

4 Conclusions and Discussion

Our resultscon rm thatthe EigenSkinmethodis an effective tool
for characterskinningwhen compressedhardware renderableap-



Skeletal-SubspacBeformationOnly
relErr=1.000

3 eigendisplacements
relErr=0.100

1 eigendisplacement
relErr=0.161

4 eigendisplacements
relErr=0.098

2 eigendisplacements
relErr=0.160

5 eigendisplacements
relErr=0.065

Figure7: EigenSkinapproximationfor 0-5 eigendisplacementsf the thumb's carpal-metacarpgbint shavn with the 13,976trianglehand
model. The posegeometry(skin colour)is approximatedy the EigenSkinmodel(green).Thel, relative displacemenerror (relErr) is also
printedbelav eachimage.Remarkablythe SSDmodelis substantiallyimprovedafter the addition of only oneeigendisplacement.

proximationsare requiredfor an articulatedcharactess nonlinear
guasi-statideformationsEigenSkinworksbestwhenSSDcorrec-
tionsarelocalized,providing independencbetweerdifferentparts
of themesh,andarestable(i.e., correctionsvary slowly over pose-
space) allowing accurateand ef cient interpolation. Underthese
conditionsvery practicalresultscanbe obtainedn which only one
or two eigendisplacementger joint producea visually dramatic
improvementover commonplacé&keletal-SubspacBeformation.

Limitations and Future Work: Despitethe advantagesof

EigenSkin,aspresentedhereareseveral limitationsto the method
which aretopicsof currentresearchWe assumehataninitial SSD
modelis provided and thenshov how the EigenSkincorrections
arebene cial. However, analternateapproachinvolvesoptimizing

boneweightsto allow betterEigenSkinapproximation®f the dis-

placementandnormals.While goodeigendisplacemenitasesan
oftenbeconstructedisingdisplacementsesultingfrom singlejoint

motions,in practiceit is desirableto allow generabosesetsandto

recover nonlinearjoint-joint couplingphenomena.
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