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ABSTRACT

We presenta simple and ef�cient approachto turn laser-scanned
humangeometryinto a realisticallymoving virtual avatar. Instead
of relying on the classicalskeleton-basedanimationpipeline,our
methodusesa mesh-basedLaplacianediting schemeto drive the
motionof thescannedmodel. Our framework elegantly solvesthe
motionretargetingproblemandproducesrealisticnon-rigidsurface
deformationwith minimal user interaction. Realisticanimations
caneasilybegeneratedfrom avarietyof inputmotiondescriptions,
which we exemplify by applyingour methodto both marker-free
andmarker-basedmotioncapturedata.

Keywords: Animation,virtual reality, motioncapture,shapede-
formation.

Index Terms: I.3.7 [Computer Graphics]: Graphics and
Realism—Animation,Virtual Reality; I.4.8 [ImageProcessingand
ComputerVision]: SceneAnalysis—Motion,Tracking

1 INTRODUCTION

The most important ingredientsof many virtual worlds, being it
computergamesor virtual chatroomsto namejust a few, arereal-
istic virtual humansthat populatethem. In orderto createlifelik e
avatars,several aspectsof a personhave to be convincingly mod-
eled,includingtheshapeof theperson,hermotion,butalsothenon-
rigid deformationof thebodysurface.Nowadays,animatorshavea
varietyof toolsathandthatenablethemto geteachof theseaspects
right. While it is still commonto rely on theskills of artiststo de-
signrealistichumangeometrymodels,laser-scanninghumanshape
representsavery fastandincreasinglyoftenusedalternative. After
designingtheshape,anunderlyingskeletonstructurethatdescribes
thekinematicsof thecharacteris �tted to themodelin aninteractive
procedure.Subsequently, the in�uence of eachboneon bothrigid
andnon-rigidsurfacedeformationneedsto bespeci�ed,usuallyby
handcraftingso-called“skinningenvelopes”.Steppingthroughthis
classicalanimationprocesscan be rathertime-consuming,and it
becomesevenprohibitive if many differentvirtual humansshallbe
quickly generated.

We thus proposea novel approachthat streamlinesthe whole
pipeline from laser-scanningto animationand that abandonsthe
conceptof askeleton.It enablesanimatorsto quickly producecon-
vincing animationresultswith minimal manuallabor, while still
allowing for control over the productionprocess.Our methodis
basedon a variantof Laplacianmeshediting [15]. It expectsas
input a geometrymodel (scannedor hand-crafted)given astrian-
gle mesh,anda descriptionof themotionthis meshshallperform.
The input motiondescriptionneedsto be transformedinto a mov-
ing templatemodel, i.e. a meshor a point cloud. We will show
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later that this transformationstepis trivial for many typesof mo-
tion data,in particularcapturedmotion.Theanimatormapsthein-
putmotionontothemodelby simplyspecifyingasetof markerson
thescannedhuman(v-markers) andcorrespondingmarkerson the
templatemodelgeneratedfrom the input motiondata(t-markers).
Our methodautomaticallygeneratesconvincingly skinnedbody
surfacesandalsoallows for simplemotionretargeting.Animations
canbe generatedat nearinteractive framerates. We demonstrate
theef�ciency of our algorithmby applyingit to marker-basedand
marker-freemotioncapturedata.

Ourmaincontribution is theintegrationof aLaplacianmeshde-
formationschemewith motioncapturesystemsto form anef�cient
andeasy-to-usealternative to skeleton-basedcharacteranimation.
To this end,we have developedanintuitive animationtool provid-
ing full controlovermotioncharacteristicsanddeformationproper-
ties.Wealsoshow asimplewayfor extractingrotationalconstraints
from point correspondencesonly.

Theremainderof this paperis structuredasfollows: Sect.2 re-
views the most relevant relatedwork. Sect.3 detailsour mesh-
basedlaplacian editing technique,which is responsiblefor the
deformationof the target model at eachframe of the animation.
Sect. 4 shows possibleapplicationsof our method using both
marker-basedand marker-free motion capturedata. Resultsand
conclusionarepresentedin Sect.5.

2 RELATED WORK

The �rst stepin traditionalhumancharacteranimationis the de-
sign of a modelcomprisingof surfacegeometryandan underly-
ing skeleton[3]. Surfacegeometrycaneitherbe hand-craftedor
scannedfrom a realperson[1]. Theunderlyingskeletonstructure
is eithermanuallydesignedor inferredfrom input motiondata[7].
Geometryandskeletonneedto beconnectedsuchthat thesurface
deformsrealisticallywith thebodymotion[10] .

Thevirtual humanis animatedby assigningmotionparameters
to thejoints in theskeleton.By far, themostauthenticmotionrep-
resentationcan be acquiredthroughmarker-based[7] or marker-
freemotioncapturesystems[12]. Unfortunately, thereuseof mo-
tion capturedatafor differentvirtual modelsis not trivial, requiring
computationallyexpensive motionediting[6] andmotionretarget-
ing techniques[18].

We have developeda novel simpleandfastprocedurethatover-
comesmany limitations of the traditional animationpipeline by
capitalizingon andextendingideasfrom meshdeformation.In [2]
theauthorsproposea methodto learna parameterizeddeformable
humanmodelfrom a rangeof scanswhich could be usedfor ani-
mation.

Anothercategoryof approachesusesdifferentialcoordinates,see
[15] for reviews on this subject.Thepotentialof thesemethodsfor
animationhasalreadybeenstatedin previous publications,how-
ever thefocusalwayslay on deformationtransferbetweenmoving
meshes.Usinga completesetof correspondencesbetweendiffer-
entsyntheticmodels,[17] cantransferthemotionof onemodelto
theother. Following asimilar line of thinking, [5] proposeamesh-
basedinversekinematicsframework basedon poseexampleswith
potentialapplicationto meshanimation.

In contrastto theseapproaches,our algorithmis a replacement



for theclassicalway of animatinghumansfrom real-world motion
data.It neitherrequiresadensesetof surfacecorrespondences,nor
doesit dependonadatabaseof examplespostures.

Recently, [14] presentsa multi-grid techniquefor ef�cient de-
formationof large meshesand [8] presentsa framework for per-
formingconstrainedmeshdeformationusinggradientdomaintech-
niques. Both methodsare conceptuallyrelatedto our algorithm
and could also be usedfor animatinghumanmodels. However,
none of the papersprovides a completeintegration of the sur-
facedeformationapproachwith a motion acquisitionsystem,nor
doesany of themprovide a comprehensive userinterfaceto con-
trol the animation. In contrast,we presenta working prototype
for rapid deformation-basedanimationfrom both marker-free and
marker-basedmotion capturedata. Our Laplacianmeshdeforma-
tion methodpicks up andextendsideaspresentedin [16]. Since
our approachonly requiresthesolutionof linearequationsystems,
animationscanbegeneratedat nearinteractive frameratesandan
animationtool providing immediatevisualfeedbackis feasible.

3 MESH-BASED ANIMATION FRAMEWORK

3.1 Overview

Inputsto our methodarea target triangle meshof a humananda
descriptionof the motion that the meshshouldperform. Follow-
ing theclassicalanimationpipeline,motiondescriptionsareoften
given in the form of rotationparametersof a kinematicskeleton.
Thesedescriptionscan,for instance,becapturedby marker-based
or marker-freeopticalmotioncapturesystems.To applyour frame-
work, an input motiondescriptionhasto beconvertedinto a mov-
ing templatemodel, which caneitherbe a templatetrianglemesh
or a templatepoint cloud. In practice,it is often the simplestal-
ternative to transformthe input datainto a moving templatemesh,
and we thus continueto usethis term without loss of generality.
In Sect.4.1 andSect.4.2 we exemplify that it is straightforward
to generatesucha moving templatefrom motioncapturedatathat
havebeenmeasuredwith amarker-basedandamarker-freemotion
capturesystem,respectively. Notethatwedonothaveany require-
mentto thetemplatemodel.It is merelya tool helpingusto setup
point correspondencesasweexplain in thefollowing.

It is our goalto transferthemotionof thetemplatemodelto the
targetmodel.Weformulatethemotiontransferproblemasadefor-
mationtransferproblem.After roughlyaligningtemplateandtarget
models,a small setof correspondingmarkedverticesbetweenthe
templateandthetargetmodelis speci�ed(Sect3.2).Ourautomatic
guideddeformationinterpolationtechniqueis thenusedto animate
thetargethumanmodelef�ciently (Sect3.3).

3.2 Alignment and Correspondence Speci�cation

In our algorithm, the motion of the templatemeshfrom a refer-
enceposeinto anotherposeis capturedby the deformationof a
smallsetof verticesmarkedundertheguidanceof theuser. Apply-
ing thesedeformationsto the correspondingmarkers in the target
model would bring it from its own referenceposeinto the tem-
plate's pose.For this purpose,we �rst roughlyalign templateand
target modelsin a given referencepose(Fig. 1). They are auto-
maticallyalignedby applyinga PCA-basedalignmentschemeto a
reconstructedshape-from-silhouettevolumetricmodelof thetarget
mesh.

Theusermarksa setof K verticeson thetemplatemesh,hence-
forth calledt-markersTM = f tMkjk2 f 0� � �Kgg, andassignsto each
of themacorrespondingvertex in thetargetmodel,therebycreating
asetof v-markersVM = f vMkjk 2 f 0� � �Kgg.

Throughplacementof markersthecharacteristicsof themotion
andthesurfaceskinningarede�ned,but alsoretargetingconstraints
canbeset.Wehavedevelopedagraphicaluserinterfacethatassists
the animatorin controlling marker placement. A typical session
consistsof the following steps:First the userselectsa vertex tMk

(a) (b)

Figure 1: (a) Template (used for marker-free MoCap) and Target
models at their reference poses. Dots represent corresponding
marked points. (b) Models in a different pose. Note how the tar-
get human model is accurately deformed, mimicking the template
model's pose.

in the templatemodel. Sincethe target hasbeenroughly aligned,
thesystemproposesa correspondingclosestv-marker, vertex vMk.
Fortunately, we cancomputedeformedmeshposesat nearinter-
active rates,and thusa new target poseis shown instantaneously
after settingeachpairwisecorrespondence.Due to the immediate
visual feedbackit is easyfor the userto interactively modify cor-
respondences.Exceptfrom this step,the whole pipeline is fully-
automatic.

Sincethe markersTM andVM will drive the deformationinter-
polationmethod,it is importantthat their choicecapturesasmuch
aspossibleof the geometricdeformation. The principle to place
themarkersis simple: they shouldbespeci�ed in areaswherede-
formationsareexpectedto happen,e.g. nearanatomicaljoints. In
addition,they canbespeci�edin regionswheretheanimatorwants
to enforcedetaileddeformation,e.g. on the torso,or explicit po-
sitionalconstraints.With theassistanceof our interactive applica-
tion,evenunexperiencedusersquickly getafeelingof how to place
markers. Eachof theanimationsshown in Sect.5 weregenerated
by an unexperienceduserin lessthan15 minutes. Typically, be-
tween35 to 65markersaresuf�cient to createrealisticanimations.

3.3 Guided Deformation Interpolation

We employ a Laplacianmeshdeformationschemethat jointly em-
ploys rotationalandpositionalconstraintson the markerssimilar
to [16] to computethe sequenceof posesfor the avatar. The de-
tails of the target humanmodelM areencodedin differentialco-
ordinates.The differentialcoordinatesd of M arecomputedonce
at thebeginningof thesequenceby solvinga linearsystemof the
form d = Lv, whereL is the discreteLaplaceoperatorbasedon
the cotangent-weights,and v is the vector of M's vertex coordi-
nates[11]. Thereafter, our methodperformsthe following three
processingstepsateachtimestept of ananimation:

(1) Local rotationsfor all markersVM areestimatedfrom thero-
tationsof correspondingmarkersTM betweenthe template's
referenceposeandits poseat t.

(2) Local rotationsareinterpolatedover the targetmeshandthe
rotateddifferentialcoordinatesof eachvertex of M aredeter-
mined.

(3) Themodelin thetargetposeis thenreconstructedby solving
theLaplaceequation,subjectto positionalconstraintsderived
from thepositionsof markersTM at t.

Sincethedifferentialcoordinatesd arerotation-dependent[16], in
step(1) we needto calculatethe local rotationsthatshouldbeap-
plied to d. We proposea novel approachto derive theserotational



constraintsfrom moving points. The local rotationfor eachvertex
vMk of M is calculatedfrom the rotationof the correspondingtMk
betweenreferenceposeandtheposeat timet by meansof agraph-
basedmethod.To this end,markersin TM areconsideredasnodes
in a graph,andedgesbetweenthemaredeterminedby construct-
ing the minimal spanningtree [9]. For eachmarker tMk, we �nd
the minimal rotation that makes the outgoingedgesof tMk at the
referencetime matchesits outgoingedgesat time t (i.e. usingthe
Jacobian)which is thenconvertedto aquaternionqtMk .

We want themarkersVM to performthesamerotationsastheir
partnerson thetemplate,andthusstateqvMk = qtMk ;k 2 0; : : : ;K. In
step(2), we interpolatetheserotationsover M usingthe ideapro-
posedin [19]. Eachcomponentof aquaternionq = [w;q1;q2;q3] is
regardedasa scalar�eld de�ned over the entiremesh. A smooth
interpolationis guaranteedby regardingthesescalar�elds ashar-
monic �elds. Theinterpolationis performedef�ciently by solving
theLaplaceequationLq = 0 over thewholemeshwith constraints
at themarkedvertices.

In step(3), we reconstructthevertex positionsv of M suchthat
themeshbestapproximatestherotateddifferentialcoordinates,as
well asthepositionalconstraints.Thiscanbeformulatedasaleast-
squaresproblemof theform

argmin
v

fk Lx� (q� d � q)k2 + kAv� pk2g: (1)

whichcanbetransformedinto a linearsystem

(LTL + ATA)v = LT (q� d � q) + AT p: (2)

In Eq.2 p is thevectorof positionalconstraintsof theform v j = p j ,
j 2 f 1; : : : ;ng speci�ed for the K markersandpossiblyadditional
constraintssetby theuser. Thematrix A is a diagonalmatrix con-
tainingnon-zeroweightsAi j = w j only for constrainedvertices j.
Appropriatevaluesfor the weightsw j are found throughexperi-
ments.

Sinceour framework employsarotationinterpolationtechnique,
it cansuffer from the ”candy-wrapper”collapseeffect, mentioned
in [13]. The twisting collapseeffect happenswhen someof the
markerstMk undergoa rotationof morethan180degrees.It canbe
easilydetectedby verifying if the�rst componentof q hasanull or
asmallvalue.In thiscase,thereferenceposeof templateandtarget
modelarechangedusingthe previous poseandthe calculationof
thelocal rotationsareperformedagain.

During theprocessof animatingthe targetmodeltheLaplacian
matrix L doesnot change. Therefore,we are able to perform a
sparsematrix decomposition,executingonly backsubstitutionfor
eachframe.Thisenablesusto computetargetposesata framerate
of 5 fps for modelscomprisingof 10k to 30k triangles.

4 SAMPLE APPLICATIONS

We exemplify the ef�ciency andperformanceof our approachby
generatinganimationsfrom real-world motiondatameasuredwith
bothmarker-freeandmarker-basedmotioncapturesystems.

4.1 Marker -based Animation

Nowadays,skeletalmotiondataacquiredwith a marker-basedop-
tical systemarepresumablyamongstthemostwidely-usedmotion
descriptionsin animationproduction.It wasthusoneof our main
motivations to develop a methodthat enablesus to easily apply
thesedatato high-qualitysurfacemodelswhile bypassingthedraw-
backsof skeletalanimation.Apart from beingeasy-to-use,theal-
gorithmshalladhereto thesamequality standardasthetraditional
wayof animation.

Nearly all motion capturesystemsoutputa kinematicskeleton
and a sequenceof joint parameters.As statedearlier, we need
to transformthis kinematicrepresentationinto a moving template

model. We straightforwardly achieve this by transformingthe ac-
tual bone skeleton into a triangle meshwhich can be automati-
cally doneby standardanimationsoftwarelike3D StudioMAX TM .
Pleasenotethatwedonotgenerateanothersurfacemodel,andthat
thereareno requirementsat all concerningshapeandconnectivity
of thetemplate,apartfrom it containingmoving vertices.Oncethe
templatehasbeengenerated,our guideddeformationinterpolation
approach,Sect.3.3,is appliedto producetheanimation.

We canevenusethe raw marker-trajectoriesoutputby theMo-
Capsystemasinput. However, pleasenotethat thebestpositions
of markerson thebodyfor our purposearedifferentfrom thebest
marker positionsfor skeletalmotion estimation. Obviously, most
publicly availablesequenceshave beencapturedwith thelatterap-
plicationin mind,whichmakesit necessarytobuild atemplateprior
to feedingthemto ouralgorithm.

We have animatedseveral laser-scannedsubjectswith motion
�les kindly provided to us by EyesJapanCo. Ltd. We gener-
atedconvincingly moving avatars,examplesof which are shown
in Fig. 2(a).Motion retargetingis feasibleby appropriatelyplacing
constraints.Onsyntheticdata,wecouldalsoverify thatraw marker
trajectoriesarea feasibleinputmotiondescription.

4.2 Marker -free Animation

Insteadof explicitly-placedmarkingson thebody, marker-freesys-
temsemploy naturalimagefeaturesto estimatemotionparameters
from video. Thus,they enablethepersonto wearcomfortableev-
erydayapparelduring recording. Anotheradvantageof this non-
intrusive recordingprocedureis that the imagedataareavailable
for furtherprocessing,e.g.for textureextraction.

We have build a silhouette-basedmarker-free motion capture
systemsimilar to [4] thatemploysa templatebodymodelcompris-
ing a segmentedsurfacemeshandan underlyingskeleton,Fig. 1,
for thepurposeof measuringmotionparameters.Only eightvideo
camerasareneededto faithfully capturemotiondata.

Sincea meshtemplateis alreadyusedfor tracking,we canem-
ploy ouralgorithmto straightforwardlymapthecapturedmotionto
scansof arbitraryotherpersons.Pleasenotethatthespeci�c shape
of thetemplateis arequirementof thetrackingalgorithmandnotof
theanimationframework. Fig. 2(b,c)shows screenshotsof anima-
tionsthatareobtainedby mappingnon-intrusively capturedhuman
performancesto laser-scansof differentsubjects.

5 RESULTS AND DISCUSSION

In both of our application scenarios, we animated body
meshesof male and female subjectsthat were capturedwith a
CyberwareTM full-body scanner.

In themarker-basedsettingwe generatedresultsfrom 10 differ-
ent motion sequencesshowing a variety of motionsrangingfrom
simplewalking to soccermoves.Thesequencesweretypically be-
tween100and300frameslong. Fig. 2(a)shows several framesof
differentanimationswherethemalemodelperformssoccermoves.
Thetargetmodelrealisticallyperformsthemotionwhile exhibiting
lifelik e non-rigidsurfacedeformations.Note that the fact that the
target humanmodel hasdifferent dimensionscomparedwith the
recordedhumansubjectis notaproblemfor ouralgorithm.

Marker-free animation examples are shown in Fig 2(b,c).
Fig. 2(b) shows a comparisonbetweenactualinput video frames
andtwo modelsstrikingsimilarposes.It illustratesthatourmethod
canaccuratelytransferposescapturedon videoto thevirtual char-
acters.Fig.2(c)showssomeframesof acaptureddancingsequence
(330 frames)beingmappedinto a malemodel. More resultsare
presentedin theaccompanying video.

Thequalityof theresultscon�rms thatwehavedevelopedasim-
ple andef�cient methodto createmoving virtual humans.Our al-
gorithmis subjectto afew limitations.For instance,duringextreme
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Figure 2: (a) Several frames of animations where the avatar performs soccer moves. The input motion was captured by means of a marker-based
optical motion capture system. Note the lifelike non-rigid surface deformations automatically generated. (b) Two comparisons between an input
video frame and two models striking the same pose. Although the models have different body dimension with respect to the real human subject,
the poses are reconstructed accurately. (c) Two frames taken from an animation where a male model performs a captured dance.

deformationssomelossin volumecanoccur. Webelievethatthein-
corporationof avolumetricconstraintin Eq.1 couldovercomethis
limitation. However, by this meansdeformationmodelingwould
turn into a nonlinearproblemwhosesolutionis numericallymore
involved[8]. Ourmethodcangenerateanimationsat5 fpsfor mod-
elscomprisingof 10kto 30ktriangles.For VR applications,wecan
achieve betterframerates,aswell asreal-timeperformance,since
themodelsusedareusuallysmaller.

Nonethelesswe presenteda simple and fast schemeto create
lifelik e humancharactersthat overcomessomelimitations of the
classicalanimationpipeline. Our systemrequiresa minimum of
manualinteraction,only theplacementof a smallsetof markersis
required. The methodis easyandintuitive to use,andsimultane-
ouslysolvestheanimation,thesurfacedeformation,andthemotion
retargetingproblems.

ACKNOWLEDGEMENTS

Thiswork is supportedby ECwithin FP6underGrant511568with
the acronym 3DTV andAIM@SHAPE, a Network of Excelence
project(506766)within EU'sSixthFramework Programme.

REFERENCES

[1] B. Allen, B. Curless,and Z. Popovic. The spaceof humanbody
shapes:reconstructionandparameterizationfrom rangescans.ACM
Trans.Graph., 22(3):587–594,2003.

[2] D. Anguelov, P. Srinivasan,D. Koller, S. Thrun, J. Rodgers,and
J. Davis. Scape:shapecompletionandanimationof people. ACM
Trans.Graph., 24(3):408–416,2005.

[3] N. Badler, D. Metaxas,andN. MagnenatThalmann.Virtual Humans.
MorganKaufmann,1999.

[4] J.Carranza,C.Theobalt,M. Magnor, andH.-P. Seidel.Free-viewpoint
videoof humanactors.ACM Trans.Graph.(Proc.of SIGGRAPH'03),
22(3):569–577,2003.

[5] K. G. Der, R. W. Sumner, and J. Popovic;. Inversekinematicsfor
reduceddeformablemodels. ACM Trans.Graph., 25(3):1174–1179,
2006.

[6] M. Gleicher. Motion editingwith space-timeconstraints.In Proc. of
1997Symposiumon Interactive3D Graphics, page139ff, 1997.

[7] L. Herda,P. Fua,R. Plänkers,R. Boulic, andD. Thalmann.Skeleton-
basedmotioncapturefor robust reconstructionof humanmotion. In
CA '00, page77ff. IEEEComputerSociety, 2000.

[8] J. Huang,X. Shi, X. Liu, K. Zhou, L.-Y. Wei, S.-H. Teng,H. Bao,
B. Guo,andH.-Y. Shum. Subspacegradientdomainmeshdeforma-
tion. ACM Trans.Graph., 25(3):1126–1134,2006.

[9] J.B. Kruskal.Ontheshortestspanningsubtreeof agraphandthetrav-
eling salesmanproblem. Proceedingsof theAmericanMathematical
Society, 7:48–50,1956.

[10] J.P. Lewis, M. Cordner, andN. Fong. Posespacedeformation:auni-
�ed approachto shapeinterpolationandskeleton-drivendeformation.
In Proc.of ACM SIGGRAPH'00, pages165–172,2000.

[11] Y. Lipman, O. Sorkine,D. Cohen-Or, D. Levin, C. Rössl,andH.-P.
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