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ABSTRACT

We presenta versatile,fastand simple framewvork to gener

ateanimation®f scannediumancharacterrom input multi-

view video sequenceOur methodis purelymesh-basednd
requiresonly a minimum of manualinteraction. The pro-

posedalgorithmimplicitly generatesealisticbody deforma-
tionsandcaneasilytransfermotionsbetweerhumansubjects
of completelydifferentshapeand proportions. We featurea

working prototypesystemthatdemonstratethatour method
can generatecorvincing lifelik e characteranimationsfrom

marker-lessopticalmotion capturedata.

Index Terms— Imagemotion analysis,Computergraphics,
Animation.

1. INTRODUCTION

In recentyears photo-realisticomputergenerate@nimations
of humanshave becomethe mostimportantvisual effect in
motionpicturesandcomputeilgames.To generateirtual peo-
ple,animatorgnake useof awell-establishedbut oftenin e x-
ible setof tools(seealsoSect.2) thatmakesa high amountof
manualinteractionunavoidable.

First, the geometryof the humanbody is hand-craftedn a
modelingsoftwareor obtainedrom alaserscanof arealindi-
vidual[1]. In asecondstep,akinematicskeletonmodelis im-
plantedinto the body by meansof, at best,a semi-automatic
procedurd?]. In orderto coupletheskeletonwith thesurface
mesh,an appropriaterepresentationf pose-dependerskin
deformatiorhasto befound[3]. Finally, adescriptiorof body
motionin termsof joint parametersf theskeletonis required.
It caneitherbe designedn acomputeror learnedfrom areal
personby meansof motion capture[4, 5]. Althoughthein-
terplayof all thesestepsdeliversanimationsof stunningnat-
uralnessthe whole processs very laborintensve anddoes
noteasilyallow for theinterchangef animationdescriptions
betweerdifferentvirtual persons.

In this paper we presenta versatile,fastand simple mesh-
basedapproactto animatehumanscanghatcompletelyinte-
gratesnto theanimatorstraditionalanimationwork ow. Our
systemproducegealisticpose-dependettody deformations
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implicitly by meansof a harmonic eld interpolation. Fur
thermorejt solvesthemotiontransferproblemii.e. it enables
theanimatorto interchangenotionsbetweerpersonof even
widely differentbody proportionswith no additionaleffort.

The paperproceedwith areview of relatedwork in Sect.2.
An overview of ourapproachs givenin Sect.3, andourshape
deformationmethodis describedn Sect.4. We demonstrate
thatwe canrealisticallyanimatehumanscansusingmarker-
lessmotion capturedatain Sect.5. Finally, resultsandcon-
clusionsarepresentedn Sect.6.

2. RELATED WORK

The rst stepin humancharacteanimationis theacquisition
of ahumanbodymodelcomprisingasurfacemeshandanun-
derlyinganimationskeleton[6]. Thereaftermeshandskele-
ton have to beconnecteduchthatthe surfacedeformsrealis-
tically with the body motion[3]. Thevirtual humanis awak-
enedby specifyingmotion parametergor the joints in the
skeleton.The mostauthentianethodto generatesuchmotion
descriptorss throughopticalmarker-based4] or marker-free
motion capture[5]. Unfortunately reusingmotion capture
datafor subjectsof differentbody proportionsis not trivial,

and requirescomputationallyexpensve motion editing [7]

andmotionretagettingtechniqueg8].

By extendingideason meshdeformationtechniquesve pro-
poseaversatileandsimpleframeavork to animatehumanscans.
In the meshediting context, see[9, 10|, differential coordi-
natesareusedto deforma meshwhile preservingts geomet-
ric detail. The potentialof suchmethodsor meshediting[9]
and animation[11, 12] hasalreadybeenstatedin previous
publications. Most recently a multi-grid techniquefor ef -
cient deformationof large meshesvas presented13] anda
framawork for performingconstrainedneshdeformationus-
ing gradientdomaintechniqueshasbeendevelopedin [14].
Both methodsare conceptuallyrelatedto our system. How-
ever, noneof the papersprovides a completeintegration of
the surfacedeformationapproachwith a marker-lessmotion
acquisitionsystem. On the otherhand,we seepotentialuse
of thesemethodswithin our framework for enhancinghean-
imationquality andthe speecbf our system.

Oursystems mostcloselyrelatedo the SCAPEmethod15].
The SCAPEmodellearnsposeandshapevariationacrossn-
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Fig. 1. lllustrationof thework o w of our system.

dividualsfrom a databasef body scansby solvinga nonlin-
earoptimizationproblem.Our approactaddressethis prob-
lem by solving simple linear systems hencedelivering in-
stantaneousesults. By relying on the semanticsimilarities
betweencharacterdt alsoprovidesan alternatve solutionto
theretagettingproblem.

3. OVERVIEW

Thework ow of our algorithmis shawvn in Fig. 1. Theinput
to our framework is a multi-view video sequencef the sub-
ject performing. By usinga marker-lessoptical motion esti-
mationmethod the subjects motiondatais captured As mo-

tion descriptionpour marker-free motion capturemethodout-

puts a sequencef templatemeshposes henceforthtermed
templatemesh Thereafterthe userspeci esa sparsesetof

correspondencdsetweertrianglesof the templatemeshand
trianglesof the meshto be animated henceforthtermedthe
targetmesh Thisis easilyandintuitively doneusingour pro-

totypeinterface,Fig. 1. Usingthecorrespondencese trans-
fer themotionfrom themoving templatemeshontothetarget
meshusinga Laplacianmeshdeformatiortechnique Sect.4.

As a result,the humanscanperformsthe samemotion asits

real-world counterpartn theimages Sect.5.

4. MESH DEFORMATION

The algorithmiccoreof our approachs a meshdeformation
methodthattransferamotionfrom thetemplatemeshontothe
targetmesh.We regard motiontransferasa puredeformation
interpolationproblem. This way, we put asideall dif culties
relating to the dissimilaritiesbetweenthe templateand the
tamet, e.g. anatomicabdisparity (body proportions) andtake
adwantageof their semanticsimilarities,e.g.thefactthatboth
meshrepresentationsave kneesandelbows.

For this purpose,the useris asled to specify a setof cor-

respondencérianglesbetweenthe two meshes.In practice,
this meansthat the usermarksa setof triangleson the tem-
plateandassigngo eachof thema correspondingdriangleon

thetarget. This canbeinteractvely doneusingour prototype
interfacetool. We resortto this interactve stepsincethere
exists no viable automaticapproachthat can identify body
sgymentson meshestandingn generalposes.

Themotionof thetemplatemeshfrom its referencepose(e.g.
Fig.2a)into anotheipose(e.g. Fig. 2c) canbecapturedy the
deformatiorappliedto asetof markedtriangles.A correctin-
terpolationof thisdeformatiorappliedoverthecorresponding
trianglesof thetargetmeshwould bringit from its own refer
encepose(e.g.Fig. 2b)into thetemplates pose(e.g. Fig. 2d).
To thisend,bothreferencgposesareroughlyaligneda priori.

After specifyingpertriangle rotationsfor all marked trian-
glesusing quaternionswe follow an ideaproposedn [16]
andregard eachcomponenbf aquaterniorQ = [w gz ¢ ]
asascalar eld de ned over the entire mesh. Hence,given
the valuesof thesecomponentsat the marked triangles,we
interpolateeachscalar eld independentlyIn orderto guar
anteea smoothinterpolationwe regard thesescalar elds as
harmonic elds de ned overthe mesh.Theinterpolationcan
thenbeperformecef ciently by solvingthe Laplaceequation
over the whole meshwith constraintsat the correspondence
triangles:r 2S = 0, whereS isascalareld whichalterna-
tively representgachof the quaterniorcomponentsv; q; ; ¢
andgs.

Oncetherotationalcomponentsrecomputedye averagethe
guaterniorrotationsof the verticesto obtaina quaterniorro-
tation for eachtriangle. This way we establisha geometric
transformatiorfor eachtriangleof thetargetmeshM . How-
ever, thislaststepdestrgsits original connectyity andyields
anew fragmentedneshM ©. In orderto recover the original
geometryof the meshwhile satisfyingthe new rotations,we
have to solve the problemin a leastsquaresense.The prob-
lem canberephraseds nding anew tight meshhaving the
sametopology asthe original tamget mesh,suchthat its dif-
ferentialcoordinateencodethe samegeometricdetail asthe
onesof the fragmentedmeshM °. This canbe achiezed by
satisfyingthe following equationin termsof the coordinates
x of M andu of M &

ragx = r2ou: 1)

In orderto carry out this discretizationcorrectly the topo-
logical differencebetweerbothmesheshouldbe addressed.
Technicallythedifferentialcoordinatesf thefragmentednesh
arecomputedy deriving the Laplacianoperatoffor thefrag-
mentedmeshandthenapplyingit to its coordinatesThis, in
fact,yieldsavectorof size3 nT , wherenT isthenumber
of triangles. We sumthe component®f this vectoraccord-
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Fig. 2. A templatemodel(a) anda high-resolutiorbodyscan
(b) in theirrespectie referencgposes.Thetemplaten apose
obtainedvia motioncapture(c) andits posetransferredo the
humanscan(d).

ing to the connectvity of the original meshM . Thisyieldsa
new vectorU; equceq Of SizenV, wherenV is the numberof
verticesin M , andthediscreteform of Eq. 1 readsassimple
as

LX = Ureduced ; 2

wherethe matrix L is the discreteLaplaceoperator During
theprocessingf ananimationsequencehedifferentialoper
atormatrix doesnotchange Furthermoresinceit is symmet-
ric positive de nite we canperformasparseéCholesly decom-
positionaspreprocessingtepandperformonly backsubsti-
tutionfor eachframe. Thisenablesisto computenovel poses
of thetargetmeshat interactve ratesfor meshef theorder
of 30to 50 thousandriangles.

5. MARKER-LESS ANIMA TION

Marker-lesstrackingmethodsestimatemotionparameterfrom
imagefeaturesin the raw video footageshawving a moving
person.Using suchmotion capturetechniqueasfront-endto
our algorithm, we are ableto createtwo intriguing applica-
tions: video-drivenanimationand3D video.

5.1. Video-driven Animation

For non-intrusvely estimatingmotion parametersywe make

useof the passie optical motion captureapproachproposed
in [17]. To this end,we recorda moving personwith eight

staticvideocamerashatareroughlyplacedin acirclearound
the centerof the scene.Fromthe frame-synchronizeslideo

streamsthe shapeandthe motion parameter®f the human
are estimated. To achieve this purpose,a templatemodel,

(seeFig. 2a),comprisingof a kinematicskeletonandsixteen
separateclosedsurfacesegmentsis tted to eachtime step
of video by meansof silhouette-matchingThe outputof the

methodcorvenientlyrepresentshe capturednotionasa se-

quencen which thetemplatemodelsubsequentlgtrikesthe

estimatedody poses.

Fig. 3. Video-driven animation: Motion parametersre ex-

tractedfrom raw video footageof humanperformancegtop

row). By this meanshody posesof avideo-tapedndividual

caneasilybe mappedo body scansof otherhumansubjects
(bottomrow).

Thisoutputformatcanbedirectlyusedasinputto our pipeline.
Theanimatorspeci estrianglecorrespondencdsetweerthe
templateand the scannedmeshthat shall be animated. Fi-
nally, our algorithmmakesthe humanscanmimic the motion
that we have capturedin video. Realisticsurfacedeforma-
tions of the outputmeshareimplicitly generatedIn orderto
demonstratehe performanceof video-driven animation,we
animateour female(264K triangle)andmale (294K triangle)
Cybervwarescanswith two very differentcapturedmnotion se-
guences.The rst sequenceontains156 framesand shavs
a female subjectperforminga capoeiramove. The second
sequenceés 330 frameslong andshaws a dancingmale sub-
ject. Fig. 3 shaws a comparisorbetweenactualinput video
framesandhumanscansstriking similar poses.lt illustrates
thatbodyposegecordednvideocanbefaithfully 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-basedpproacho 3D video a simpli ed body model
is usedto carry out a passie optical motion estimationfrom

multiple videostreamg17]. During renderingthe samesim-

pli ed shapagemplates displayedn thesequencef captured
body posesand textured from the input videos. Although

thesemethodsdeliver realistic free-viavpoint renditions of

virtual actors,we expectthata moreaccurateunderlyingge-

ometryincreasesealismevenfurther.



Fig. 4. Our approactenableghe creationof 3D videoswith
high-qualitygeometrymodels.

To demonstratéhefeasibility of this approachn practice we
have acquiredull-body surfacescanf severalindividualsin
our studio. To this end,we meigedseveral partialbody scans
performedwith our MINOLTA VI-910 which is bestsuited
for scanningsmall objects. Thusthe quality of our scansis
far belav the quality of scansacquiredusingfull-body scan-
ners. For eachscannedndividual, we alsorecordedsereral

motionsequencewith multiple synchronizediideocameras.

We usethe methodfrom Sect.5.1to animatethe scansrom
the capturedmotion data. During 3D video display the an-
imatedscanis projectively texturedwith the capturedvideo
frames.

Fig. 4 shavs two free-viavpoint renditionsof a dynamically
texturedanimatedscanin comparisorto inputimagesof the
testsubject.Thefree-vievpointrenditionsre ect thetrueap-
pearanceof the actor Sincewe are given a bettersurface
geometrytexture blendingartefictsarehardlyobsened. Re-
mainingartefictsin therenderingcanbe clearly attributedto
thenon-optimalscanningapparatusve used.

6. RESULTS AND CONCLUSION

To demonstratéhepotentialof ourmethodwe conducteder-
eral experiments. Due to their high resolution,we usedthe
Cyberware modelsin mostof our experiments.Markerless
motion acquisitionenablesus to perform video-driven ani-
mation. Both of our modelsin Fig. 3 authenticallymimic the
humanperformancesapturedon video. This alsoallows for
producing3D video, Fig. 4. Thesubstantiatedesultsandthe
accompaning video(thatcanbedownloadedrom [18]) con-
rm thatour methodis capableof animatinghumanscansat
alow interactioncost.

As for ary novel techniqueour methodstill hassomelimita-

tions. For extremedeformationwe notethatthereis generally
somelossin volumedueto thenatureof ourinterpolation.We

expectthat using the volumetric approachproposedn [19]

would reducesuchartefacts. Another limitation is that our
systemcannot enforcehardconstraintsOur methodsatis es
thedeformationconstraintsn aleast-squarsenseAlthough
it is not possibleto explicitly enforcehard constraintsthey

canbeimplicitly enforcedby increasinghe numberof corre-
spondenceassociateavith a marker.

We nonethelessdeviseda powerful framework for animating
humanscans. The proposednethodis easyandintuitive to
use. By meansof the sameefcient methodologyour ap-
proachsimultaneouslysolvesthe animation,the surfacede-
formation and the motion retagetting problem. Since our
methodreliesonly on settingup andsolving linear systems,
the implementationand the reproductionof our resultsare
straightforvard. As a direction for future work, we would
like to combineour techniquewith anapproacho learnper
time-stepsurfacedeformationgrom input videofootage.
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