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ABSTRACT

We presenta simple and ef cient approachto turn laserscanned
humangeometryinto a realisticallymoving virtual avatar Instead
of relying on the classicalskeleton-base@nimationpipeline, our

methodusesa mesh-basedlaplacianediting schemeto drive the

motion of the scannednodel. Our framework elegantly solvesthe

motionretagetingproblemandproducesealisticnon-rigidsurface
deformationwith minimal userinteraction. Realisticanimations
caneasilybegeneratedrom avariety of input motiondescriptions,
which we exemplify by applyingour methodto both marlerfree

andmarker-basednotion capturedata.

Keywords: Animation, virtual reality, motion capture shapede-
formation.

Index Terms: 1.3.7 [Computer Graphics]: Graphics and
Realism—Animationyirtual Reality;1.4.8 [ImageProcessingind
ComputeVision]: SceneAnalysis—Motion,Tracking

1 INTRODUCTION

The mostimportantingredientsof mary virtual worlds, being it
computergamesor virtual chatroomsto namejust a few, arereal-
istic virtual humansthat populatethem. In orderto createlifelik e
avatars,several aspectof a personhave to be corvincingly mod-
eled,includingtheshapeof thepersonhermotion,but alsothenon-
rigid deformationof thebodysurface.Nowadaysanimatorshave a
varietyof toolsathandthatenablehemto geteachof theseaspects
right. While it is still commonto rely on the skills of artiststo de-
signrealistichumangeometrymodelsJaserscannindhumanshape
representavery fastandincreasinglyoftenusedalternatve. After
designingheshapeanunderlyingskeletonstructurethatdescribes
thekinematicoof thecharacters tted tothemodelin aninteractve
procedure.Subsequentlythe in uence of eachboneon bothrigid
andnon-rigidsurfacedeformatiomeeddo be speci ed, usuallyby
handcraftingso-called'skinning envelopes”.Steppinghroughthis
classicalanimationprocesscan be rathertime-consumingand it
becomesvenprohibitive if mary differentvirtual humansshallbe
quickly generated.

We thus proposea novel approachthat streamlineshe whole
pipeline from laserscanningto animationand that abandonghe
concepbf askeleton.It enablesnimatorso 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 (scannecdbr hand-craftedgiven astrian-
gle mesh,anda descriptionof the motionthis meshshall perform.
The input motion descriptionneedsto be transformednto a mov-
ing templatemodel,i.e. a meshor a point cloud. We will shav
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later that this transformatiorstepis trivial for mary typesof mo-
tion data,in particularcapturednotion. Theanimatormapsthein-
putmotionontothemodelby simply specifyinga setof markerson
the scannechuman(v-marlers) andcorrespondingnarkerson the
templatemodelgeneratedrom the input motion data(t-markers).
Our method automaticallygeneratescorvincingly skinnedbody
surfacesandalsoallows for simplemotionretageting. Animations
canbe generatedit nearinteractive frame rates. We demonstrate
the ef ciency of our algorithmby applyingit to marker-basedand
marker-free motion capturedata.

Ourmaincontrikutionis theintegrationof a Laplacianmeshde-
formationschemawith motioncapturesystemso form anef cient
and easy-to-usalternatve to skeleton-basedharacternimation.
To this end,we have developedanintuitive animationtool provid-
ing full controlover motioncharacteristicanddeformatiorproper
ties. We alsoshav asimpleway for extractingrotationalconstraints
from point correspondencemly.

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

2 RELATED WORK

The rst stepin traditional humancharacteranimationis the de-
sign of a modelcomprisingof surfacegeometryand an underly-
ing skeleton[3]. Surfacegeometrycan either be hand-craftedr

scannedrom areal person[1]. Theunderlyingskeletonstructure
is eithermanuallydesignedr inferredfrom input motion data[7].

Geometryandskeletonneedto be connecteduchthatthe surface
deformsrealisticallywith the bodymotion[10] .

The virtual humanis animatedby assigningmotion parameters
to thejointsin the skeleton.By far, the mostauthenticmotionrep-
resentatiorcan be acquiredthroughmarker-based[7] or marker
free motion capturesystemg12]. Unfortunately the reuseof mo-
tion capturedatafor differentvirtual modelsis nottrivial, requiring
computationallyexpensve motion editing [6] andmotionretaget-
ing technique$18].

We have developeda novel simpleandfastprocedurdhatover-
comesmary limitations of the traditional animationpipeline by
capitalizingon andextendingideasfrom meshdeformation.In [2]
the authorsproposea methodto learna parameterizedeformable
humanmodelfrom a rangeof scanswhich could be usedfor ani-
mation.

Anothercategory of approachessedifferentialcoordinatessee
[15] for reviews on this subject.The potentialof thesemethodgor
animationhasalreadybeenstatedin previous publications,how-
ever thefocusalwayslay on deformationtransferbetweemmaoving
meshes.Using a completesetof correspondencdsetweendiffer-
entsyntheticmodels,[17] cantransferthe motion of onemodelto
theother Following asimilarline of thinking, [5] proposea mesh-
basednversekinematicsirameavork basedon poseexampleswith
potentialapplicationto meshanimation.

In contrastto theseapproachespur algorithmis a replacement



for the classicalway of animatinghumansfrom real-world motion
data.lt neitherrequiresa densesetof surfacecorrespondencenpr
doesit dependon adatabasef examplespostures.

Recently [14] presentsa multi-grid techniquefor ef cient de-
formation of large meshesand[8] presentsa framework for per
forming constrainedneshdeformatiorusinggradientdomaintech-
nigques. 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
doesary of them provide a comprehense userinterfaceto con-
trol the animation. In contrast,we presenta working prototype
for rapid deformation-basednimationfrom both marker-free and
marler-basedmotion capturedata. Our Laplacianmeshdeforma-
tion methodpicks up and extendsideaspresentedn [16]. Since
our approactonly requiresthe solutionof linearequationsystems,
animationscanbe generatedt nearinteractve frameratesandan
animationtool providing immediatevisualfeedbacks feasible.

3 MESH-BASED ANIMATION FRAMEWORK
3.1 Overview

Inputsto our methodare a target triangle meshof a humananda
descriptionof the motion that the meshshouldperform. Follow-
ing the classicalanimationpipeline, motion descriptionsare often
givenin the form of rotation parameter®f a kinematicskeleton.
Thesedescriptionsan, for instancepe capturecby marker-based
or marker-free opticalmotioncapturesystemsTo applyourframe-
work, aninput motion descriptionhasto be corvertedinto a mov-
ing templatemode] which caneitherbe a templatetriangle mesh
or a templatepoint cloud. In practice,it is often the simplestal-
ternatie to transformthe input datainto a moving templatemesh,
and we thus continueto usethis term without loss of generality
In Sect.4.1 and Sect.4.2 we exemplify that it is straightforvard
to generatesucha moving templatefrom motion capturedatathat
have beenmeasuredvith a marker-basedanda marker-free motion
capturesystemrespectrely. Notethatwe do not have ary require-
mentto thetemplatemodel. It is merelyatool helpingusto setup
pointcorrespondencesswe explainin thefollowing.

It is our goalto transferthe motion of thetemplatemodelto the
tamgetmodel. We formulatethe motiontransfemproblemasa defor
mationtransfemproblem.After roughlyaligningtemplateandtarget
models,a small setof correspondingnarked verticesbetweerthe
templateandthetargetmodelis speci ed (Sect3.2). Ourautomatic
guideddeformationinterpolationtechniquds 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 verticesmarked underthe guidanceof theuser Apply-
ing thesedeformationgo the correspondingnarkersin the tamget
model would bring it from its own referenceposeinto the tem-
plate’s pose. For this purposewe rst roughly align templateand
target modelsin a given referencepose(Fig. 1). They are auto-
matically alignedby applyinga PCA-basedlignmentschemeo a
reconstructeghape-from-silhouetteolumetricmodelof thetamget
mesh.

Theusermarksa setof K verticeson thetemplatemesh hence-
forth calledt-markers Ty = ftpjk2 fO  Kgg, andassigngo each
of themacorrespondingertex in thetargetmodel,therebycreating
asetof v-marlers\Vy = fvyyik2 fO  Kgg.

Throughplacemenbf markersthe characteristicef the motion
andthesurfaceskinningarede ned, but alsoretagetingconstraints
canbeset.We have developeda graphicaluserinterfacethatassists
the animatorin controlling marker placement. A typical session
consistsof the following steps: First the userselectsa vertex ty
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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 taget hasbeenroughly aligned,
the systemproposes correspondinglosestv-marler, vertex vy.
Fortunately we can computedeformedmeshposesat nearinter-
active rates,andthus a new target poseis shavn instantaneously
after settingeachpairwisecorrespondenceDue to the immediate
visual feedbackit is easyfor the userto interactvely modify cor
respondencesExceptfrom this step,the whole pipelineis fully-
automatic.

Sincethe markers Ty, andVy will drive the deformationinter-
polationmethod,it is importantthattheir choicecapturesasmuch
as possibleof the geometricdeformation. The principle to place
the markersis simple: they shouldbe speci edin areaswherede-
formationsare expectedto happeng.g. nearanatomicajoints. In
addition,they canbespeci edin regionswherethe animatorwants
to enforcedetaileddeformation,e.g. on the torso, or explicit po-
sitional constraints With the assistancef our interactve applica-
tion, evenunexperiencedisersquickly getafeelingof how to place
markers. Eachof the animationsshawvn in Sect.5 weregenerated
by an unexperienceduserin lessthan 15 minutes. Typically, be-
tween35to 65 marlersaresufcient to createrealisticanimations.

3.3 Guided Deformation Interpolation

We emplgy a Laplacianmeshdeformationschemehatjointly em-
ploys rotationaland positionalconstraintson the marlers similar
to [16] to computethe sequencef posesfor the avatar The de-
tails of the taget humanmodelM areencodedn differential co-
ordinates.The differentialcoordinatesd of M arecomputedonce
at the beginning of the sequencédy solving a linear systemof the
form d = Lv, wherelL is the discreteLaplaceoperatorbasedon
the cotangent-weightsand v is the vector of M's vertex coordi-
nates[11]. Thereafter our methodperformsthe following three
processingtepsat eachtime stept of ananimation:

(1) Localrotationsfor all markersVy, areestimatedrom thero-
tationsof correspondingnarkers Ty betweenthe templates
referencgposeandits poseatt.

(2) Local rotationsareinterpolatedover the taget meshandthe
rotateddifferentialcoordinate®f eachvertex of M aredeter
mined.

(3) Themodelin thetametposeis thenreconstructedby solving
theLaplaceequationsubjectto positionalconstraintslerived
from the positionsof markersTy att.

Sincethe differentialcoordinatesl arerotation-dependertL6], in
step(1) we needto calculatethe local rotationsthat shouldbe ap-
pliedto d. We proposea novel approacho derive theserotational



constraintfrom moving points. Thelocal rotationfor eachvertex
vk of M is calculatedfrom the rotationof the correspondindyk
betweerreferencgposeandtheposeattimet by meansof agraph-
basedmethod.To this end,markersin Ty areconsiderechsnodes
in a graph,andedgesbetweenthemare determinecdoy construct-
ing the minimal spanningtree[9]. For eachmarler tyk, we nd
the minimal rotation that makes the outgoingedgesof tyk at the
referencaime matchesdts outgoingedgesattimet (i.e. usingthe
Jacobianyhich is thenconvertedto a quaternioroy,,, .

We wantthe markersVy to performthe samerotationsastheir

step(2), we interpolatetheserotationsover M usingthe ideapro-
posedn [19]. Eachcomponenbf aquaterniorg = [w; g1;d2; gs] is
regardedasa scalar eld de ned over the entiremesh. A smooth
interpolationis guaranteedby regardingthesescalar elds ashar
monic elds. Theinterpolationis performedef ciently by solving
the LaplaceequationLq = 0 over thewhole meshwith constraints
atthemarkedvertices.

In step(3), we reconstructhe vertex positionsv of M suchthat
the meshbestapproximateshe rotateddifferentialcoordinatesas
well asthepositionalconstraintsThis canbeformulatedasaleast-
squaregproblemof theform

argvmirfk Lx (q d qk®+ kAv pk?g: (1)

which canbetransformednto alinearsystem
(L'L+ATAv=LT(q d g+ A'p: 2)
I_n Eq.2 pisthevectorof positionalconstraint®f theformv; = pj,

constraintsetby the user The matrix A is a diagonalmatrix con-
taining non-zeroweightsA;j = w; only for constrainedrerticesj.
Appropriatevaluesfor the weightsw; are found throughexperi-
ments.

Sinceourframevork employs arotationinterpolationtechnique,
it cansuffer from the "candy-wrapper’collapseeffect, mentioned
in [13]. The twisting collapseeffect happensvhen someof the
marlerstyk undego arotationof morethan180degrees.It canbe
easilydetectedy verifying if the rst componenbf g hasanull or
asmallvalue.In this casethereferencgoseof templateandtarget
modelare changedusingthe previous poseandthe calculationof
thelocal rotationsareperformedagain.

During the procesf animatingthe target modelthe Laplacian
matrix L doesnot change. Therefore,we are able to performa
sparsematrix decompositiongxecutingonly backsubstitutionfor
eachframe.This enablesisto computetargetposesataframerate
of 5 fps for modelscomprisingof 10k to 30k triangles.

4 SAMPLE APPLICATIONS

We exemplify the ef ciency and performanceof our approachby
generatinganimationsfrom real-world motion datameasuredvith
bothmarlker-freeandmarker-basedmotioncapturesystems.

4.1 Marker-based Animation

Nowadays skeletalmotion dataacquiredwith a marker-basedop-
tical systemarepresumablyamongsthe mostwidely-usedmotion
descriptiongn animationproduction. It wasthusone of our main
motivationsto develop a methodthat enablesus to easily apply
thesedatato high-qualitysurfacemodelswhile bypassinghedraw-
backsof skeletalanimation. Apart from beingeasy-to-usethe al-
gorithmshalladhereto the samequality standardasthe traditional
way of animation.

Nearly all motion capturesystemsoutputa kinematicskeleton
and a sequenceof joint parameters. As statedearlie; we need
to transformthis kinematicrepresentatioimto a moving template

model. We straightforvardly achieve this by transformingthe ac-
tual bone skeletoninto a triangle meshwhich can be automati-
cally doneby standardnimationsoftwarelike 3D StudioMAX ™.

Pleasenotethatwe do notgeneratenothersurfacemodel,andthat
thereareno requirementst all concerningshapeandconnectity

of thetemplate apartfrom it containingmoving vertices.Oncethe
templatehasbeengeneratedour guideddeformationinterpolation
approachSect.3.3,is appliedto producetheanimation.

We caneven usethe raw marker-trajectoriesoutputby the Mo-
Capsystemasinput. However, pleasenotethatthe bestpositions
of markerson the bodyfor our purposearedifferentfrom the best
marker positionsfor skeletal motion estimation. Obviously, most
publicly availablesequencebave beencapturedwith thelatterap-
plicationin mind,which malesit necessaryo build atemplateprior
to feedingthemto our algorithm.

We have animatedseveral laserscannedsubjectswith motion

les kindly provided to us by EyesJapanCo. Ltd. We gener
ated corvincingly moving avatars,examplesof which are shavn
in Fig. 2(a). Motion retagetingis feasibleby appropriatelyplacing
constraintsOn syntheticdata,we couldalsoverify thatraw marker
trajectoriesareafeasibleinput motiondescription.

4.2 Marker-free Animation

Insteadof explicitly-placedmarkingsonthebody, marker-freesys-
temsemplgy naturalimagefeatureso estimatemotionparameters
from video. Thus,they enablethe personto wearcomfortableev-
erydayapparelduring recording. Anotheradvantageof this non-
intrusive recordingprocedures that the image dataare available
for furtherprocessinge.g.for texture extraction.

We have huild a silhouette-basednarlkerfree motion capture
systemsimilarto [4] thatemploys atemplatebody modelcompris-
ing a sgmentedsurfacemeshandan underlyingskeleton,Fig. 1,
for the purposeof measuringnotion parametersOnly eightvideo
camerasreneededo faithfully capturemotiondata.

Sincea meshtemplateis alreadyusedfor tracking,we canem-
ploy ouralgorithmto straightforvardly mapthe capturednotionto
scansof arbitraryotherpersonsPleasenotethatthe speci ¢ shape
of thetemplatds arequiremenof thetrackingalgorithmandnot of
the animationframework. Fig. 2(b,c)shavs screenshotef anima-
tionsthatareobtainedoy mappingnon-intrusvely capturechuman
performanceto laserscanf differentsubjects.

5 RESULTS AND DISCUSSION

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

In themarler-basedsettingwe generatedesultsfrom 10 differ-
entmotion sequenceshaving a variety of motionsrangingfrom
simplewalking to soccemoves. The sequenceweretypically be-
tween100and300frameslong. Fig. 2(a) shavs several framesof
differentanimationsvherethe malemodelperformssoccemaoves.
Thetargetmodelrealisticallyperformsthe motionwhile exhibiting
lifelik e non-rigid surfacedeformations.Note that the fact that the
target humanmodel hasdifferent dimensionscomparedwith the
recordechumansubjectis not a problemfor our algorithm.

Marker-free animation examples are shavn in Fig 2(b,c).
Fig. 2(b) shovs a comparisorbetweenactualinput video frames
andtwo modelsstriking similar poseslt illustratesthatour method
canaccuratelhtransferposescapturedon videoto thevirtual char
acters Fig. 2(c) shovs someframesof acapturediancingsequence
(330 frames)being mappedinto a male model. More resultsare
presentedh theaccompanping video.

Thequality of theresultscon rms thatwe have developedasim-
ple andef cient methodto createmoving virtual humans.Our al-
gorithmis subjecto afew limitations. For instanceduringextreme
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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.

deformationsomelossin volumecanoccur We believe thatthein-
corporationof avolumetricconstrainin Eq. 1 could overcomethis
limitation. However, by this meansdeformationmodelingwould
turn into a nonlinearproblemwhosesolutionis numericallymore
involved[8]. Ourmethodcangeneratanimationsat5 fpsfor mod-
elscomprisingof 10kto 30ktriangles.For VR applicationswe can
achieve betterframerates,aswell asreal-timeperformancesince
themodelsusedareusuallysmaller

Nonethelessve presentech simple and fast schemeto create
lifelik e humancharacterghat overcomessomelimitations of the
classicalanimationpipeline. Our systemrequiresa minimum of
manualinteraction,only the placementf a smallsetof markersis
required. The methodis easyandintuitive to use,and simultane-
ouslysolvestheanimation thesurfacedeformationandthemotion
retagetingproblems.
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