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ABSTRACT
We presenta versatile,fastandsimpleframework to gener-
ateanimationsof scannedhumancharactersfrom inputmulti-
view videosequences.Ourmethodis purelymesh-basedand
requiresonly a minimum of manualinteraction. The pro-
posedalgorithmimplicitly generatesrealisticbodydeforma-
tionsandcaneasilytransfermotionsbetweenhumansubjects
of completelydifferentshapeandproportions.We featurea
working prototypesystemthatdemonstratesthatour method
can generateconvincing lifelik e characteranimationsfrom
marker-lessopticalmotioncapturedata.

Index Terms— Imagemotion analysis,Computergraphics,
Animation.

1. INTRODUCTION

In recentyears,photo-realisticcomputer-generatedanimations
of humanshave becomethe most importantvisual effect in
motionpicturesandcomputergames.Togeneratevirtualpeo-
ple,animatorsmakeuseof awell-establishedbut oftenin�e x-
ible setof tools(seealsoSect.2) thatmakesahighamountof
manualinteractionunavoidable.

First, the geometryof the humanbody is hand-craftedin a
modelingsoftwareor obtainedfrom alaserscanof arealindi-
vidual[1]. In asecondstep,akinematicskeletonmodelis im-
plantedinto thebodyby meansof, at best,a semi-automatic
procedure[2]. In orderto coupletheskeletonwith thesurface
mesh,an appropriaterepresentationof pose-dependentskin
deformationhastobefound[3]. Finally, adescriptionof body
motionin termsof joint parametersof theskeletonis required.
It caneitherbedesignedin a computeror learnedfrom a real
personby meansof motion capture[4, 5]. Although the in-
terplayof all thesestepsdeliversanimationsof stunningnat-
uralness,the whole processis very labor-intensive anddoes
noteasilyallow for theinterchangeof animationdescriptions
betweendifferentvirtual persons.

In this paper, we presenta versatile,fastandsimplemesh-
basedapproachto animatehumanscansthatcompletelyinte-
gratesinto theanimator'straditionalanimationwork�o w. Our
systemproducesrealisticpose-dependentbodydeformations
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implicitly by meansof a harmonic�eld interpolation. Fur-
thermore,it solvesthemotiontransferproblem,i.e. it enables
theanimatorto interchangemotionsbetweenpersonsof even
widely differentbodyproportionswith noadditionaleffort.

Thepaperproceedswith a review of relatedwork in Sect.2.
An overview of ourapproachis givenin Sect.3,andourshape
deformationmethodis describedin Sect.4. We demonstrate
thatwe canrealisticallyanimatehumanscansusingmarker-
lessmotioncapturedatain Sect.5. Finally, resultsandcon-
clusionsarepresentedin Sect.6.

2. RELATED WORK

The�rst stepin humancharacteranimationis theacquisition
of ahumanbodymodelcomprisingasurfacemeshandanun-
derlyinganimationskeleton[6]. Thereafter, meshandskele-
tonhave to beconnectedsuchthatthesurfacedeformsrealis-
tically with thebodymotion[3]. Thevirtual humanis awak-
enedby specifyingmotion parametersfor the joints in the
skeleton.Themostauthenticmethodto generatesuchmotion
descriptorsis throughopticalmarker-based[4] or marker-free
motion capture[5]. Unfortunately, reusingmotion capture
datafor subjectsof differentbody proportionsis not trivial,
and requirescomputationallyexpensive motion editing [7]
andmotionretargettingtechniques[8].

By extendingideason meshdeformationtechniqueswe pro-
poseaversatileandsimpleframework toanimatehumanscans.
In the meshediting context, see[9, 10], differentialcoordi-
natesareusedto deformameshwhile preservingits geomet-
ric detail.Thepotentialof suchmethodsfor meshediting[9]
and animation[11, 12] hasalreadybeenstatedin previous
publications. Most recently, a multi-grid techniquefor ef�-
cient deformationof large mesheswaspresented[13] anda
framework for performingconstrainedmeshdeformationus-
ing gradientdomaintechniqueshasbeendevelopedin [14].
Both methodsareconceptuallyrelatedto our system.How-
ever, noneof the papersprovidesa completeintegrationof
thesurfacedeformationapproachwith a marker-lessmotion
acquisitionsystem.On the otherhand,we seepotentialuse
of thesemethodswithin our framework for enhancingthean-
imationqualityandthespeedof oursystem.

Oursystemismostcloselyrelatedto theSCAPEmethod[15].
TheSCAPEmodellearnsposeandshapevariationacrossin-
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Fig. 1. Illustrationof thework�o w of oursystem.

dividualsfrom a databaseof bodyscansby solvinga nonlin-
earoptimizationproblem.Our approachaddressesthis prob-
lem by solving simple linear systems,hencedelivering in-
stantaneousresults. By relying on the semanticsimilarities
betweencharactersit alsoprovidesanalternative solutionto
theretargettingproblem.

3. OVERVIEW

Thework�o w of our algorithmis shown in Fig. 1. Theinput
to our framework is a multi-view videosequenceof thesub-
ject performing. By usinga marker-lessopticalmotionesti-
mationmethod,thesubject'smotiondatais captured.As mo-
tion description,our marker-freemotioncapturemethodout-
putsa sequenceof templatemeshposes,henceforthtermed
templatemesh. Thereafter, the userspeci�esa sparsesetof
correspondencesbetweentrianglesof the templatemeshand
trianglesof the meshto be animated,henceforthtermedthe
targetmesh. This is easilyandintuitively doneusingourpro-
totypeinterface,Fig. 1. Usingthecorrespondences,wetrans-
fer themotionfrom themoving templatemeshontothetarget
meshusingaLaplacianmeshdeformationtechnique,Sect.4.
As a result,thehumanscanperformsthesamemotionasits
real-world counterpartin theimages,Sect.5.

4. MESH DEFORMATION

Thealgorithmiccoreof our approachis a meshdeformation
methodthattransfersmotionfrom thetemplatemeshontothe
targetmesh.Weregardmotiontransferasapuredeformation
interpolationproblem.This way, we put asideall dif�culties
relating to the dissimilaritiesbetweenthe templateand the
target,e.g. anatomicaldisparity(bodyproportions),andtake
advantageof theirsemanticsimilarities,e.g.thefactthatboth
meshrepresentationshave kneesandelbows.

For this purpose,the user is asked to specify a set of cor-
respondencetrianglesbetweenthe two meshes.In practice,
this meansthat the usermarksa setof triangleson the tem-
plateandassignsto eachof thema correspondingtriangleon
thetarget.This canbeinteractively doneusingour prototype
interfacetool. We resortto this interactive stepsincethere
exists no viable automaticapproachthat can identify body
segmentsonmeshesstandingin generalposes.

Themotionof thetemplatemeshfrom its referencepose(e.g.
Fig.2a)into anotherpose(e.g.Fig.2c)canbecapturedby the
deformationappliedto asetof markedtriangles.A correctin-
terpolationof thisdeformationappliedoverthecorresponding
trianglesof thetargetmeshwouldbring it from its own refer-
encepose(e.g.Fig.2b)into thetemplate'spose(e.g.Fig.2d).
To thisend,bothreferenceposesareroughlyalignedapriori.

After specifyingper-triangle rotationsfor all marked trian-
gles usingquaternions,we follow an ideaproposedin [16]
andregardeachcomponentof a quaternionQ = [w q1 q2 q3]
asa scalar�eld de�ned over the entiremesh. Hence,given
the valuesof thesecomponentsat the marked triangles,we
interpolateeachscalar�eld independently. In orderto guar-
anteea smoothinterpolationwe regard thesescalar�elds as
harmonic�elds de�ned over themesh.Theinterpolationcan
thenbeperformedef�ciently by solvingtheLaplaceequation
over the whole meshwith constraintsat the correspondence
triangles:r 2S = 0 , whereS is ascalar�eld whichalterna-
tively representseachof thequaternioncomponentsw; q1; q2

andq3.

Oncetherotationalcomponentsarecomputed,weaveragethe
quaternionrotationsof theverticesto obtaina quaternionro-
tation for eachtriangle. This way we establisha geometric
transformationfor eachtriangleof thetargetmeshM . How-
ever, this laststepdestroys its originalconnectivity andyields
a new fragmentedmeshM 0. In orderto recover theoriginal
geometryof themeshwhile satisfyingthenew rotations,we
have to solve theproblemin a leastsquaresense.Theprob-
lem canberephrasedas�nding a new tight meshhaving the
sametopologyasthe original target mesh,suchthat its dif-
ferentialcoordinatesencodethesamegeometricdetailasthe
onesof the fragmentedmeshM 0. This canbe achieved by
satisfyingthe following equationin termsof thecoordinates
x of M andu of M 0:

r 2
M x = r 2

M 0u : (1)

In order to carry out this discretizationcorrectly the topo-
logical differencebetweenbothmeshesshouldbeaddressed.
Technically, thedifferentialcoordinatesof thefragmentedmesh
arecomputedby deriving theLaplacianoperatorfor thefrag-
mentedmeshandthenapplyingit to its coordinates.This, in
fact,yieldsa vectorof size3 � nT , wherenT is thenumber
of triangles. We sumthe componentsof this vectoraccord-
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Fig. 2. A templatemodel(a)andahigh-resolutionbodyscan
(b) in their respective referenceposes.Thetemplatein apose
obtainedvia motioncapture(c) andits posetransferredto the
humanscan(d).

ing to theconnectivity of theoriginal meshM . This yieldsa
new vectorUr educed of sizenV , wherenV is thenumberof
verticesin M , andthediscreteform of Eq.1 readsassimple
as

LX = Ur educed ; (2)

wherethe matrix L is the discreteLaplaceoperator. During
theprocessingof ananimationsequence,thedifferentialoper-
atormatrixdoesnotchange.Furthermore,sinceit is symmet-
ric positivede�nite wecanperformasparseCholesky decom-
positionaspreprocessingstepandperformonly backsubsti-
tutionfor eachframe.Thisenablesusto computenovel poses
of thetargetmeshat interactive ratesfor meshesof theorder
of 30 to 50 thousandtriangles.

5. MARKER-LESS ANIMA TION

Marker-lesstrackingmethodsestimatemotionparametersfrom
imagefeaturesin the raw video footageshowing a moving
person.Usingsuchmotioncapturetechniqueasfront-endto
our algorithm,we areable to createtwo intriguing applica-
tions: video-drivenanimationand3D video.

5.1. Video-drivenAnimation

For non-intrusively estimatingmotion parameters,we make
useof thepassive opticalmotioncaptureapproachproposed
in [17]. To this end,we recorda moving personwith eight
staticvideocamerasthatareroughlyplacedin acirclearound
the centerof the scene.From the frame-synchronizedvideo
streams,the shapeandthe motion parametersof the human
are estimated. To achieve this purpose,a templatemodel,
(seeFig. 2a),comprisingof a kinematicskeletonandsixteen
separateclosedsurfacesegmentsis �tted to eachtime step
of videoby meansof silhouette-matching.Theoutputof the
methodconvenientlyrepresentsthecapturedmotionasa se-
quencein which thetemplatemodelsubsequentlystrikesthe
estimatedbodyposes.

Fig. 3. Video-driven animation: Motion parametersareex-
tractedfrom raw video footageof humanperformances(top
row). By this means,bodyposesof a video-tapedindividual
caneasilybemappedto bodyscansof otherhumansubjects
(bottomrow).

Thisoutputformatcanbedirectlyusedasinputtoourpipeline.
Theanimatorspeci�estrianglecorrespondencesbetweenthe
templateand the scannedmeshthat shall be animated. Fi-
nally, ouralgorithmmakesthehumanscanmimic themotion
that we have capturedin video. Realisticsurfacedeforma-
tionsof theoutputmeshareimplicitly generated.In orderto
demonstratethe performanceof video-driven animation,we
animateour female(264Ktriangle)andmale(294Ktriangle)
Cyberwarescanswith two very differentcapturedmotionse-
quences.The �rst sequencecontains156 framesandshows
a femalesubjectperforminga capoeiramove. The second
sequenceis 330 frameslong andshows a dancingmalesub-
ject. Fig. 3 shows a comparisonbetweenactualinput video
framesandhumanscansstriking similar poses.It illustrates
thatbodyposesrecordedonvideocanbefaithfully transfered
to 3D modelsof arbitrary humansubjects. Differencesin
body shapeand skeletal proportionscan be completelyne-
glected.

5.2. 3D Video

By meansof video-driven animation,Sect.5.1, we canalso
generate3D videosof moving characters.In the traditional
model-basedapproachto 3D video a simpli�ed body model
is usedto carryout a passive opticalmotionestimationfrom
multiplevideostreams[17]. Duringrendering,thesamesim-
pli�ed shapetemplateis displayedin thesequenceof captured
body posesand textured from the input videos. Although
thesemethodsdeliver realistic free-viewpoint renditionsof
virtual actors,we expectthata moreaccurateunderlyingge-
ometryincreasesrealismevenfurther.



Fig. 4. Our approachenablesthecreationof 3D videoswith
high-qualitygeometrymodels.

To demonstratethefeasibilityof thisapproachin practice,we
haveacquiredfull-bodysurfacescansof severalindividualsin
our studio.To this end,we mergedseveralpartialbodyscans
performedwith our MINOLTA VI-910 which is bestsuited
for scanningsmall objects. Thusthe quality of our scansis
far below thequality of scansacquiredusingfull-body scan-
ners. For eachscannedindividual, we alsorecordedseveral
motionsequenceswith multiplesynchronizedvideocameras.
We usethemethodfrom Sect.5.1 to animatethescansfrom
the capturedmotion data. During 3D video display, the an-
imatedscanis projectively texturedwith the capturedvideo
frames.

Fig. 4 shows two free-viewpoint renditionsof a dynamically
texturedanimatedscanin comparisonto input imagesof the
testsubject.Thefree-viewpoint renditionsre�ect thetrueap-
pearanceof the actor. Sincewe are given a bettersurface
geometry, textureblendingartefactsarehardlyobserved.Re-
mainingartefactsin therenderingcanbeclearlyattributedto
thenon-optimalscanningapparatusweused.

6. RESULTS AND CONCLUSION

Todemonstratethepotentialof ourmethodweconductedsev-
eral experiments.Due to their high resolution,we usedthe
Cyberwaremodelsin mostof our experiments.Marker-less
motion acquisitionenablesus to perform video-driven ani-
mation.Both of our modelsin Fig. 3 authenticallymimic the
humanperformancescapturedon video. This alsoallows for
producing3D video,Fig. 4. Thesubstantiatedresultsandthe
accompanying video(thatcanbedownloadedfrom [18]) con-
�rm thatour methodis capableof animatinghumanscansat
a low interactioncost.

As for any novel techniqueour methodstill hassomelimita-
tions.For extremedeformationwenotethatthereis generally
somelossin volumedueto thenatureof ourinterpolation.We
expect that using the volumetricapproachproposedin [19]
would reducesuchartefacts. Another limitation is that our
systemcannotenforcehardconstraints.Ourmethodsatis�es
thedeformationconstraintsin a least-squaresense.Although
it is not possibleto explicitly enforcehardconstraints,they
canbeimplicitly enforcedby increasingthenumberof corre-
spondencesassociatedwith amarker.

We nonethelessdeviseda powerful framework for animating
humanscans.The proposedmethodis easyandintuitive to
use. By meansof the sameef�cient methodologyour ap-
proachsimultaneouslysolvesthe animation,the surfacede-
formation and the motion retargetting problem. Sinceour
methodreliesonly on settingup andsolving linearsystems,
the implementationand the reproductionof our resultsare
straightforward. As a direction for future work, we would
like to combineour techniquewith anapproachto learnper-
time-stepsurfacedeformationsfrom inputvideofootage.
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