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Figure1: Comparisonof EigenSkinandSkeletal-SubspaceDeformationfor anextremeposenot in thetrainingdata.Notesigni�cant dif-
ferencesin thethumbbetweena) thenew posecomputedfrom our �nite elementhandmodel,b) skeletal-subspacedeformation
only, andc) EigenSkinwith oneeigendisplacementsandonenormalcorrectionper support.Figured) shows our EigenSkin
handexamplebeinganimatedusingaCyberGlove. Thehandmodelshown hereconsistsof 55,904trianglesandis drawn using
displaylistswith aGeForce3vertex program.

Abstract

We presenta techniquewhich allows subtlenonlinearquasi-static
deformationsof articulatedcharactersto be compactlyapproxi-
matedby data-dependenteigenbaseswhich areoptimizedfor real
time renderingon commodity graphicshardware. The method
extendsthe commonSkeletal-SubspaceDeformation(SSD) tech-
niqueto provide ef�cient approximationsof thecomplex deforma-
tion behavioursexhibitedin simulated,measured,andartist-drawn
characters.Insteadof storingdisplacementsfor key poses(which
maybenumerous),weprecomputeprincipalcomponentsof thede-
formation in�uences for individual kinematicjoints, and so con-
structerror-optimaleigenbasesdescribingeachjoint's deformation
subspace.Pose-dependentdeformationsarethenexpressedin terms
of thesereducedeigenbases,allowing precomputedcoef�cients of
theeigenbasisto beinterpolatedat run time. Vertex programhard-
warecanthenef�ciently rendernonlinearskin deformationsusing
asmallnumberof eigendisplacementsstoredin graphicshardware.
We refer to the �nal resultingcharacterskinningconstructas the
model'sEigenSkin.Animationresultsarepresentedfor averylarge
nonlinear�nite elementmodelof a humanhandrenderedin real
timeatminimal costto themainCPU.
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1 Intro duction

Renderingof complex physical deformationmodels for charac-
ter animationremainsa signi�cant hurdle for interactive applica-
tions, but one that hasbeenlargely overcomefor off-line anima-
tion. Currently, mostreal time characteranimation,e.g.,for video
games,is doneusing a very commonlinear transformblending
techniquecalled(amongotherthings)Skeletal-SubspaceDeforma-
tion (SSD)[Magnenat-Thalmannet al. 1988]. It is extremelypop-
ular for its simplicity andplausibility, andis alsowidely supported
by graphicshardwareaccelerators.Despitethis, it is alsowidely
known to suffer from severalkey problems:

� bucklingof skinnearjoints,e.g.,elbows, in extremeposes;

� poorbehaviour nearmorecomplicatedjoints, suchasshoul-
dersandthumbs;

� restrictionson the rangeof deformationsthat can be easily
modeledanddisplayedfor variouscharacterposes.

While methodshave beenproposedto addressthis andhave been
effectively employed by the motion picture industry [Lewis et al.
2000],dueto memoryandgraphicshardwareconstraintsnearlyall
videogamecharacteranimationis still doneusingtraditionalSSD.

In this paper, we presenta practicaltechniquewhich overcomes
all aforementionedSSD problems,and can be achieved using a



memory-ef�cient linear correctionto the traditionalSSDmethod.
The resultingEigenSkinconstructallows subtlecharacterdefor-
mationsfor skin andclothing, suchas thosederived from highly
realisticartist-drawn poses,measurementsfrom the real world, or
laboriouslycomputedanatomicallyand physically basedmodels.
Thedeformationscanbecompactlyrepresentedin anef�cient data-
dependentbasisandrenderedin real time usingvertex shadersin
commoditygraphicshardware,e.g.,see[Lindholm etal. 2001].

Our approachis to startwith an artist's SSDapproximationof
the characterin question,aswell aswith geometrycorresponding
to particularkey posesnot well approximatedby SSD.Vertex dis-
placementsbetweena given poseandthe SSDmodelaremapped
backto the neutralcharacterpose,providing a displacement�eld
posecorrection. Insteadof storing thesedisplacement�elds for
eachkey poseand then interpolatingbetweenthem at runtime,
as in PoseSpaceDeformation(PSD)[Lewis et al. 2000], we use
PrincipalComponentAnalysis(PCA) to constructanerror-optimal
eigendisplacementbasisfor representingthis potentially large set
of posecorrections.However, we do not simply usePCA on the
displacement�eld de�ned over theentiresurface,sincethis would
lead to a large numberof importantbasisfunctionsand be inef-
�cient for hardwarerendering.Instead,we decomposethe model
into locally supporteddomainslearnedfrom the in�uence of in-
dividual joints on the displacement�elds (describedin detail in
Section2.2). The resultingmemorysensitive set of locally sup-
portedeigendisplacementbasisfunctionsconstitutestheEigenSkin
approximation,andiswell suitedto renderingin graphicshardware.
PleaseseeFigure1 for anexampleof EigenSkinresults.

1.1 Previous Work

Signi�cant work hasoccurredin graphicsfor deformingarticulated
charactersusing geometricmethods[Magnenat-Thalmannet al.
1988;SinghandKokkevis 2000;Lewis etal. 2000]andphysically-
basedmethods[Wilhelms andvan Gelder1997; Scheeperset al.
1997;Gourretet al. 1989]. Despitethis, mostcharacteranimation
in interactive applications,suchasvideogames,is basedon a geo-
metricskeletaldeformationtechniquecommonlyreferredto aslin-
earblending,or matrix paletteskinning,or Skeletal-SubspaceDe-
formation(SSD),in which vertex locationsareweightedaverages
of points in several coordinateframes(see[Magnenat-Thalmann
etal. 1988;Magnenat-ThalmannandThalmann1991]).

Onealternativeis tostorealargedatabaseof characterposes,and
interpolatebetweenthem[Maestri1999]. While theseapproaches
give animatorsgreatcontrolover characterdeformation,they have
the disadvantageof requiring a potentially very large numberof
posesfor animation,andalsolack anunderlyingkinematicmodel.
Nevertheless,suchapproachesare common,especiallyfor facial
animation[Parkeetal. 1996].

A hybrid approachwhicheffectively combinesSSDandmorph-
ing, is the work of Lewis et al. who introduced“PoseSpaceDe-
formations”(PSD)[Lewis et al. 2000] to overcomethelimitations
of lineartransformblendingwhile retaininga kinematicapproach.
Startingwith a (simple) SSD model, they then storevertex dis-
placementoffsetsbetweenthe SSDsurfaceandvariouscharacter
poses.At run time, thecharactermaybesimulatedby mappingin-
terpolateddisplacementsontotheunderlyingSSDcharactermodel,
therebyproviding a kinematicdeformationmodelwhich alsohas
artist-drawn poses.While this is a big improvementover character
morphing,andsuf�ciently interactivefor animators,storingsurface
displacementsfor eachposein a largeposespaceis a memoryin-
ef�cient approachfor hardwareapplications.

Similar to PSD,Sloanet al. show a more ef�cient methodof
interpolatingan articulated�gure usingexampleshapesscattered
in an abstractspace[Sloanet al. 2001]. The abstractspacecon-
sistsof dimensionsdescribingglobalpropertiesof theshape,such

asageandgender, but also includesdimensionsusedto describe
con�guration, suchas the amountof bendat an elbow. Like our
method,interpolationoccursin therestposebeforeSSDis applied,
however, the interpolationinvolvesblendingover all of theexam-
ple shapesfor every vertex. This becomesinef�cient anddif�cult
to mapto hardwarewith thelargenumberof examplesrequiredfor
a highly articulated�gure sincetheindependenceof abstractspace
dimensionsis not taken into account(e.g.,bendin left elbow and
bendin right elbow).

In addition to characterposescreatedby 3D artists, we also
wish to ef�ciently renderdeformationbehaviour computedusing
physically-basedandreality baseddeformablemodels.Suchmod-
els have beenwidely used[TerzopoulosandFleischer1988; Ter-
zopoulosandWitkin 1988;MetaxasandTerzopoulos1992;Cani-
Gascuel1998; O'Brien andHodgins1999; Pai et al. 2001; Allen
etal.2002],althoughmostapproachesarenotintendedfor realtime
(hardware)rendering.Recently, approachesfor fastsimulationof
physicaldynamicvolumetricdeformationshave appeared[Zhuang
andCanny 1999;Debunneet al. 2001;Picinbonoet al. 2001] for
interactive applications,suchassurgical simulation. Our interest
is morecloselyrelatedto quasi-staticdeformation,for which fast
deformationtechniquesalsoexist [Cotin etal. 1999;JamesandPai
1999]but areunfortunatelyrestrictedto smalldeformationsunlike
thoseassociatedwith articulatedcharacters(althoughsee[James
and Pai 2002b]). More closely relatedto characteranimationis
anatomicallybasedmodelingof physicaldeformablemodels[Wil-
helmsandvanGelder1997];examplesincludemusculature[Chen
andZeltzer1992;Scheepersetal.1997]andfaces[Leeetal.1995].

We notethata largeclassof pose-dependentquasi-staticdefor-
mationscan be describedusing the EigenSkinapproach,largely
independentof their origin, whetherartist-drawn, measured,or
anatomicallybasedphysicalmodels.For example,pose-spacepa-
rameterizationof nonhystereticcloth on articulatedcharactershas
recentlybeenconsidered[Herman2001], andcould be optimized
for hardwarerenderingusingthetechniquespresentedherein.

Finally, the useof reducedeigenbasisrepresentationsfor high-
dimensionalmodelshasa long history in science,with founda-
tions on PrincipalComponentAnalysisandKarhunen-Loeve the-
ory [Jollif fe 1986; Hyvarinenet al. 2001]. Relateddeformation
topics include a morphablemodel for facesynthesis[Blanz and
Vetter1999],modalanalysisfor dynamicvibrations[Pentlandand
Williams July1989;JamesandPai 2002a],decompositionof static
deformations[Bookstein 1989], and recognitionapplicationsin
computervision,e.g.,facerecognition[Turk andPentland1991].

1.2 Our Contribution

We introducea methodfor extendingSSDthatenhancesits range
of modelingcapabilitiesat very little cost,and in a manneropti-
mized for real time graphicshardware. EigenSkinconstitutesan
error-optimal setof eigenbasesfor approximatingthe original de-
formation model, for a given amountof per-vertex displacement
memory. We illustrate our methodby renderinga very large �-
niteelementmodel(which tookseveralhundredhoursto compute)
at interactive rateson a PC with negligible costto the main CPU.
Using commoditygraphicshardware,EigenSkinenablesthe sim-
ulation of subtlenonlinearsurfacedeformationsof geometrically
complex modelsat little morethanthecostof rendering.

2 Metho d

In this sectionwe describethe processof augmentingan existing
SSDmodelwith EigenSkin.Althoughtheprocessis shown for dis-
placements,it appliessimilarly to theconstructionof linearnormal
corrections,allowing EigenSkinto correctSSDfor bothshapeand
shading.



2.1 Notation: SSD and Bone Weights

Let B be the setof all boneindices,anddenotethe bonesaffect-
ing vertex i by the subsetof indicesBi � B . For a given skeletal
con�guration, with bonetransformsf Tbgb2B , the positionof the
ith vertex afterSSDis

ṽi =
�
å b2Bi

wibTb

�
vi (1)

wherevi is thepositionof vertex i in theneutralpose,andwib give
the af�ne combinationof bonetransformsfor this vertex. In the
character's neutralposeweassumethatTb = I;8b 2 B .

Startingwith a reasonablesetof boneweightsis importantbe-
causetheaddeddisplacementsonly correcttheSSDpredictedmesh
shapenearobserved con�gurations. We computeour SSD bone
weightsasa functionof vertex bonedistancesin theneutralpose.
This yields reasonableboneweightswhich changesmoothlyover
the mesh. Filtering may be requiredto force eachbone's weights
to zeroat the edgesof its in�uence to prevent discontinuities.In
principle, the weightscanbe computedto optimizethe quality of
theEigenSkincorrection,andthis is a topicof futureresearch.

2.2 Locally Supported Joint Displacements

Let P be the setof indicesof observed poseswith 02 P repre-
sentingtherestposeandlet theobservedvertex positionsandbone
transformsfor posep2 P be denotedasvp andT p, respectively.
ThedifferencesbetweentheSSDvertex positionsandtheobserved
posepositionsmappedbackinto therestposeyield displacements
(seeFigure2),

up
i =

�
å b2Bi

wibT p
b

� � 1
vp

i � v0
i :

The observed meshshapesresult when thesedisplacementsare
addedto the rest posebeforeapplying the boneweightedtrans-
formation.If thedeformationsvarysmoothlyoverposespace,then
interpolateddisplacementsprovideagoodapproximationof defor-
mationsat con�gurationsbetweenobservations.

u
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~

Figure2: The displacementfor vertex i andposep, denotedup
i
,

is thedifferencebetweenits observedposition,vp
i
, andits position

underSSD,ṽp
i
, mappedbackinto therestpose.

To make our hardwareimplementationpossible,we exploit the
observation that localizedchangesto thecon�gurationof anartic-
ulatedcharacteroften result in local deformations.This indepen-
denceoccursin mostarticulatedcharacters,andcertainlyexists in
realistichumanhands.Bendinga singlejoint in one�nger, though
dif�cult withoutbendingany otherjoints,doesnotcausenoticeable
deformationsin theother�ngers. Likewise,bendingone�nger of
our �nite elementhandmodeldoesnot causenoticeabledeforma-
tionsin theothers(seeFigure4). Althoughthe�nite elementmodel
deformationsresultingfromachangetoasinglejoint areglobal,the
displacementmagnitudesareimperceptibleat verticesthat arefar
from thejoint. We refer to thesetof verticessigni�cantly affected
by a joint motionasthe joint support. Note that the joint supports

dependon theSSDweightsandin generalthey do not correspond
to thesetsof verticesin�uencedby bonetransforms.

To �nd thesupportof a joint we computethedeformationsthat
resultfrom moving the joint to differentpositionsin its full range
of motionwhile keepingall otherjoints �x edto therestposeposi-
tion. Thesetof verticeshaving a displacementlarger thana given
thresholdin any of thesecomputedposesthenbecomesthesupport
of this joint. For example,in our casewe usedfour percentof the
maximumobserved displacement(we will seethat memorycon-
straintsalsoplay a large part). Several joint supportsof our �nite
elementhandmodelareshown in Figure3. Notethatwe consider
only single joint perturbationsdue to the high dimensionalityof
our handmodel's con�guration space.Nevertheless,we canstill
approximatelinearcouplingeffectssincewe let the joint supports
overlap.

thumbCM thumbMP thumbIP index MP

Figure3: Joint supportsfor thumbcarpal-metacarpal,metacarpo-
phalangeal,inter-phalangealjointsandindex metacarpo-phalangeal
joint.

For notationalconvenience,supposethe articulated�gure has
a treestructure,i.e., doesnot have loops,suchasfor humanoids,
and joints aredenotedby the index of the adjacentbonefurthest
from the root of thehierarchy. Denoting0 2 B asthe root, joints
have nonzeroindex. Let Pj � P bethesetof poseindicesusedto
computethesupportfor joint j andlet Sj bethesetof vertex indices
in the joint support.Furthermore,let Ji be thesetof joints whose
supportscontainvertex i. Thatis, Ji = f jji 2 Sjg � B nf 0g.

2.3 Eigendisplacements

Althoughtheposedisplacementscomputedfor independentlyper-
turbedjoints may be usedasa basisfor describingdisplacements
of new con�gurations,signi�cant redundancy existsin theposedis-
placements,e.g.,skinbulging in similardirections.PrincipalCom-
ponentAnalysis(PCA)of joint supportdisplacementsyieldsanor-
thogonaldisplacementbasis,which we term eigendisplacements.
As guaranteedby PCA, adding successive correctionswith the
eigendisplacementbasisprovidesapproximationswhich arebetter
in a formal, leastsquares,sense[GolubandvanLoan1996].

Computingprincipal componentswith the Euclideannorm is
equivalent to computingthe singularvaluedecomposition(in the
caseof a squaresymmetricmatrix it is equivalent to eigenanaly-
sis). For eachjoint j we constructa rectangularmatrix,A j , of size
3jSj j � jPj j, whosecolumnsconsistof thex,y, andzcomponentsof
thevertex displacementson thejoint support.In thesingularvalue
decomposition,A j = U jD jV

T
j , the matrix U j hasthe samesize

asA j andconsistsof columnsof eigendisplacementsfor supportj
in the sameblock columnformat that wasusedto build A j . The
singularvalues,in thediagonalmatrix D j , identify theimportance
thateacheigendisplacementhasin reproducingtheobservedposes
(they relateto the proportionof variationexplainedby eachprin-
cipal component).Note that thematrix V j andthesingularvalues
combineto givesthecoordinatesof our observeddisplacementsin



Figure4: A subsetof thetrainingdatashowing someof thethumbandindex �nger poses.

theeigendisplacementbasis.We denoteû jk
i

theeigendisplacement
of vertex i in thebasisof supportj with importancek wherek goes
from 1 (the principal component)up to jPj j. Figure5 shows the
�rst four eigendisplacementsof the thumbcarpal-metacarpaljoint
supportin ourhandexample.

At this point we cantruncateeacheigendisplacementbasisex-
pansionknowing that the error will be minimized in the least
squaressense.The hardwarelimits the sizeof eachtruncatedba-
sis setas thereis a limited amountof per vertex datamemoryin
which we cansendthe eigendisplacementsto the EigenSkinver-
tex program(seeSection2.5). Letting n j < jPj j be thesizeof the
truncatedbasissetof joint supportj, this constraintcanbewritten
as

max
i

n j jJi j � maximumpossibledisplacements.

Insteadof choosingeachn j individually, we take anequalnumber
of eigendisplacementsfrom eachsupport.

Theequationfor computingthedeformedmeshshapefor anar-
bitrary con�guration with bonetransformsf Tbgb2B can then be
writtenas

ṽi = å
b2Bi

wibTb

 

v0
i + å

j2Ji

n j

å
k= 1

ã jkû jk
i

!

(2)

whereã jk givesthe coordinatesof the displacementcorrectionin
termsof the reducedeigendisplacementbasis. Thesecoordinates
are computedto interpolatebetweenobserved displacements,as
shown below. NotethatEquation2 providesa powerful modelfor
shapedeformation(see,in particular, [JamesandPai 2002a]).

2.4 Interp olating Eigendisplacement Coordinates

Asanarticulatedcharactermovesbetweenobservedcon�gurations,
its shapeshouldinterpolatetheobservedposes.To dothisweinter-
polatetheeigendisplacementcoordinatesof theobservedcon�gu-
rations.For thetruncatedsetof eigendisplacementsateachsupport,
weneedthecoordinatesin thetruncatedbasiswhichgivedisplace-
mentsclosestto the observed displacements.That is, we want to
solve for a p in

up
i = å

j2Ji

n j

å
k= 1

a p
jkû jk

i :

This is an over constrainedlinear systemwhich we cansolve us-
ing leastsquaresto get thebest�t to our observeddisplacements.
Conveniently, theleastsquaressolutionfor any numberof eigendis-
placements,n j , is availablefrom thesingularvaluedecomposition

computedin Section2.3. For joint support j, column p of D jV
T
j

containsa p
jk

for k = 1::jPj j.

This leadsus to the problemof computingthe eigendisplace-
ment coordinatesfor arbitrarycon�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 shapeinterpolationwith articulated�gures. Our interpo-
lation is onedimensionalsinceall our observationsinvolved per-
turbationsof individual joints. Although we could usea simpler
interpolant,wealsochooseRBFsbecausethey extendeasilyto the
higherdimensionaldomainsneededto let EigenSkincapturenon-
linearmulti-joint couplingeffects(asubjectof futurework).

We use Gaussian interpolation shape functions, f (r) =
exp(� r=r0). In our one dimensionalcase,the a jk only depend
on the distanceof joint j from its settingsin posesPj . For revo-
lute joints,wecaneasilycomputethedistance,r, by comparingthe
joint anglesdirectly. For joints with morethanonerotationalde-
greeof freedom,wecomputedistanceastheanglein theaxis-angle
representationof thejoint's rotationmatrix.

Ideally, with a largenumberof observed joint perturbationsper
supportwe would interpolateusingfewer interpolationbasisfunc-
tions (f ) thanobservations. In the caseof our handmodel,how-
ever, we only have approximatelyhalf a dozenposeperturbations
for eachjoint degreeof freedom(for a total of approximately120
poses).This justi�es our useof interpolationbasisfunctionssince
thetotalcostof constructingandevaluatingtheRBFinterpolantfor
half a dozenposesis negligible. The interpolatedeigendisplace-
mentcoordinatesfor anew posearecomputedas

ã jk = å
q2Pj

l jk
q f (r jq)

wherer jq is thedistanceof joint j in thenew posefrom its setting

in poseq, andthe l jk
q for q 2 Pj aregiven by the solutionto the

linearsystem,

a p
jk = å

q2Pj

l jk
q f (r p

jq); for p 2 Pj :
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Figure5: Eigendisplacementsandsingularvalues,s , for thumbcarpal-metacarpaljoint in left-right orderof importance.XYZ compo-
nentsof displacementarerepresentedusinganRGBcolourcorrespondence.

Here r p
jq

is the distancebetweenjoint j 's position in posep and
its positionin poseq (andthusr p

j p
= 0). Thesystemof equations

is square,andinvertibleprovidedPj doesnot containtwo observa-
tionswith identicaljoint settings.

2.5 Eigenskin Vertex Programming

Modern vertex programminghardware (e.g., [Lindholm et al.
2001]) is ideally suitedto performingtheper-vertex weightedlin-
ear superpositionof eigendisplacements(containedin the large
brackets of Equation 2) performedprior to the SSD weighted
transformation.Dependingon the numberof eigendisplacements
used, the weightedeigendisplacementvector accumulationsare
aboutascostly asthe weightedtransformmatrix-vectormultiply-
accumulateoperations.

Currentvertex programslimit per vertex datato 16 4-tuplesof
�oats. In our implementationwe imposea limit of 10 eigendis-
placementspervertex (or 5 eigendisplacementsand5 normalcor-
rections),whichstill leavesroomfor texturecoordinatesafterspec-
ifying thevertex position,normal,colour, andboneweights.Notice
that this limit is not hardsincecarefulchoicesandpackingof per
vertex datapermit more than 10 of the 16 available tuplesto be
allocatedfor EigenSkindata.

If a vertex is in many supportsthen the numberof eigendis-
placementsrenderableby currenthardware may be too severely
restricted. In this caseit is useful to smoothly mask the sup-
portgroupsto smallerregions,otherwisefewereigendisplacements
mustbeused.

3 Results

To illustrate our EigenSkinmethod,we have constructeda �nite
elementmodel of the humanhand(seeFigure 6) which exhibits
subtlenonlinearskin deformations. The surfaceskin model and
matchingskeletonarebasedonLoopsubdivision [Loop 1987]of a
handmeshexportedfrom CuriousLabsPoser[CuriousLabsInc.].
A �nite elementmeshcontaining11,171high-order10-nodetetra-
hedralelementswas generatedusing NETGEN [Schoberl1997]
(andsubsequentsimpli�cation). Thehandwasmovedinto various
posesby applyingpositionconstraintsto verticesadjacentto the
rigid bones,andcomputingthe resultingtissuedeformationusing
geometricallynonlinearstatic�nite elementanalyses[Zienkiewicz
1977]with (a modi�ed versionof) theCalculiX program[Dhondt
and Wittig ]. Approximatelyhalf a dozenposeswere computed

for eachjoint degreeof freedomto estimatethe locally supported
joint eigendisplacements,and25 additionalposeswerecomputed
for validation.Finiteelementanalyseswereperformedonacluster
of modernworkstationsandconsumedseveralhundredCPUhours.
The modelwasnot intendedto reproducedetailedskin wrinkling
effects,andlacksanatomicaldetailssuchastendons,bloodvessels,
andskin layers.Despitetheselimitations,themodelreasonablyde-
scribesbulk tissuedeformationsandwassuf�cient to illustrateour
method.

Figure6: Skeletonusedto drive �nite elementhandmodel.

As shown in Figure7, theeigendisplacementapproximationsof
the handmodelproducea clear improvementover the traditional
SSDalgorithm. Even with only � ve leadingeigendisplacements,
the EigenSkinapproximationis essentiallyindistinguishablefrom
theoriginalFEM model.

Our interactive simulationusesa CyberGlove [ImmersionCor-
poration] input device to interactively drive our EigenSkinhand
model,while graphicalfeedbackis renderedusingOpenGLanda
GeForce3graphicscard. Radialbasisfunction interpolationof the
pose-spacedatais performedonthemainCPU,with eigendisplace-
mentamplitudesandbonetransformssetasinputparametersto the
EigenSkinvertex programswhich are compiledas static display
lists. Currently, ourunoptimizedimplementationrenderstheEigen-
Skinnedhandmodelonly slightly slower thanthe traditionalSSD
model.A large55,904trianglehandmodelrendersat47framesper
second(FPS),while a coarser13,976trianglemodelachieves181
FPS.Pleaseseeouraccompanying videofor ademonstrationof the
realtimesimulation.

4 Conclusions and Discussion

Our resultscon�rm that the EigenSkinmethodis an effective tool
for characterskinningwhencompressedhardwarerenderableap-



Skeletal-SubspaceDeformationOnly 1 eigendisplacement 2 eigendisplacements
relErr=1.000 relErr=0.161 relErr=0.160

3 eigendisplacements 4 eigendisplacements 5 eigendisplacements
relErr=0.100 relErr=0.098 relErr=0.065

Figure7: EigenSkinapproximationfor 0–5eigendisplacementsof thethumb's carpal-metacarpaljoint shown with the13,976trianglehand
model.Theposegeometry(skin colour) is approximatedby theEigenSkinmodel(green).Thel2 relative displacementerror(relErr) is also
printedbelow eachimage.Remarkably, theSSDmodelis substantiallyimprovedafter theadditionof onlyoneeigendisplacement.

proximationsare requiredfor an articulatedcharacter's nonlinear
quasi-staticdeformations.EigenSkinworksbestwhenSSDcorrec-
tionsarelocalized,providing independencebetweendifferentparts
of themesh,andarestable(i.e.,correctionsvary slowly over pose-
space),allowing accurateandef�cient interpolation. Underthese
conditions,verypracticalresultscanbeobtainedin whichonly one
or two eigendisplacementsper joint producea visually dramatic
improvementovercommonplaceSkeletal-SubspaceDeformation.

Limitations and Future Work: Despitethe advantagesof
EigenSkin,aspresentedthereareseveral limitationsto themethod
whicharetopicsof currentresearch.Weassumethataninitial SSD
model is provided and thenshow how the EigenSkincorrections
arebene�cial. However, analternateapproachinvolvesoptimizing
boneweightsto allow betterEigenSkinapproximationsof thedis-
placementsandnormals.While goodeigendisplacementbasescan
oftenbeconstructedusingdisplacementsresultingfrom singlejoint
motions,in practiceit is desirableto allow generalposesetsandto
recovernonlinearjoint-joint couplingphenomena.
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