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Figurel: Captureandanimationof thedynamicmotion of the surfaceof the humanbody

Abstract

During dynamicactiities, the surfaceof the humanbody moves
in mary subtlebut visually signi cant ways: bendingbulging, jig-
gling, andstretching.We presenttechniquefor capturingandan-
imating thosemotionsusinga commercialmotion capturesystem
and approximately350 marlkers. Although the numberof mark-
ersis signi cantly larger than that usedin corventional motion
capture,it is only a sparserepresentatiof the true shapeof the
body We supplementhis sparsesamplewith a detailed,actor
speci ¢ surlacemodel. The motion of the skin canthenbe com-
putedby segmentingthe markersinto the motion of a setof rigid
partsanda residualdeformation(approximatedrst asa quadratic
transformatiorand thenwith radial basisfunctions). We demon-
stratethe power of thisapproactby capturing e xing muscleshigh
frequeny motions,andabruptdecelerationsn several actors.We
compareheseresultshothto conventionalmotioncaptureandskin-
ning andto synchronizediideo of the actors.

CR Categories: 1.3.7 [ComputerGraphics]: Three-Dimensional
GraphicsandRealism—Animation

Keywords: humananimation,motioncapture skin deformation

1 Intro duction

Optical motion capturehasbeenusedvery successfullyto create
compellinghumananimationgor movies andsportsvideo games;
however, it provides only a much simpli ed versionof what we
would seeif we wereto view a personactually performingthose
actions. The datacontainan approximationof the motion of the
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skeletonbut misssuchsubtleeffectsasthe bulging of musclesand
the jiggling of esh. The currentstateof the art for whole body
captureusesa setof 40-60markersandreducest to therigid body
motion of 15-22segments.To the extentpossible the markersare
placedonjoint axesandbory landmarkssothatthey canmoreeas-
ily beusedto approximatehe motionof the skeleton.Biomechan-
ical invariantsare often usedto reducethe numberof marlersto

lessthan the numberrequiredto fully specify the orientationof

eachlimb.

In this paper we take a differentapproachto motion captureand
usea very large setof markers (approximately350) placednot on
bory landmarksbut on the muscularand eshy partsof the body.
Our goal is to obtainnot only the motion of the skeletonbut also
themotionof the surfaceof theskin.

We accuratelyreconstructhe motion of the surfaceof the body by
applying the three-dimensionatrajectoriesfor this densemarker
setto asubject-speci gpolygonalmodel(Figurel). Thepolygonal
modelis rst optimizedto t thethree-dimensiondbcationsof the
markersfrom a staticpose.During the motion, therigid body mo-
tion of the densemarler setis extractedandthe remainingmotion
of themarlkersis usedto computdocal deformation®f thepolygo-
nal model. The positionof occludedmarlersis estimatedrom the
locationsof neighboringmarkersusingalocal modelof thesurface
shape Thedeformationf the marlker setallow the muscleshapes
in the polygonalmodelto grow andshrinkandthe eshy areasto
move dynamically

To demonstrat¢he viability of thistechniquewe capturedhe mo-
tion of two subjects:a malefootball player(university-level offen-
sive lineman)andafemaleprofessionabelly dancer Both subjects
exhibited signi cant muscleand skin deformationwhenthey per
formed dynamicactvities. To evaluatethe results,we compared
motion capturedwith the densemarler setto synchronizediideo
andto similar motionscapturedwith astandardnarker setandren-
deredusingthe samemodelandthe skinningtechniquesvailable
in commerciakoftware.

2 Background

Data-drvenapproachesuchasthe onedescribedn this paperare
only one possibleway to createan animationof the deformations



of the humanbody asit moves. Otherapproacheshat have been

usedsuccessfullyncludeskinningfrom exampleandanatomically
basednodelssuchasphysicalsimulationsof musclesWe now de-

scribeeachtechniqueandthe classe®f thedeformationst is capa-
ble of modeling.We discusshe faceandhandsseparatelypecause
sometechniquesreapplicableto thosebody partsin particular

The rst techniquego be developedrequiredthe modelerto spec-
ify the contritution of eachboneto the positionof the verticesby
painting weightson the model (this approachis nicely described
by Lewis and colleagueg2000]). Thesetechniqueswhich have
beenvariouslycalledskeletonsubspaceéeformation singleweight
enveloping, and simply skinning, are easyto implementand fast
to computeandthereforeremainin usetoday Unfortunately with
the basicimplementatiorof this algorithm, no setof weightswill
preventcollapsingjoints or the “candywrapper”effect becausehe
volume of the body is not presered. A numberof recentsolu-
tionsattemptto x theseproblemsin anautomatidashionwithout
incurringsigni cant computationatost: interpolatingsphericalo-
tationsratherthanperforminglinearinterpolatiofKavanandZara
2005], approximatingthe model by sweptellipsoids[Hyun et al.
2005], addingdeformablechunksunderthe surfaceof the skin to
provide a very simple model of muscleand fat[Guo and Wong
2005], or constructinga simple anatomicalmodel from the out-
sidein [Pratscheetal. 2005]. Thesetechniquesnodelthebending
of the skin aroundjoints but cannotshav dynamiceffectssuchas
jiggling of the esh or musclebulging dueto exertion.

The next setof techniquesalsodeterminehow the surfaceshould
deformasa functionof the poseof the charactebut useexamples
to provide hints aboutthe shapeof the skin at key poses. Lewis

and his colleague$2000] combinedthis ideawith skeletonsub-
spacedeformation. Sloanand his fellow researcherf001] used
radialbasisfunctionsto interpolateef ciently amongasetof exam-
ples. WangandPhillips[2002] allowed the skinningto have more
degreesof freedom(andthereforemoreweights). Mohr and Gle-
icher[2003] useda similar approachexceptthat they introduced
thedegreesof freedomrequiredto incorporatethe examplesasad-
ditional joints ratherthanasskinningweights. Eachof thesetech-
niguesusedpose-speci cmodelsfor the character The examples
were createdoy handandleveragedhe insight of the modelerre-
gardingthe shapeof the body andthe posego be speci ed. These
techniguesanmodelchangesn the shapeof the body asa func-
tion of posebut do not modeldynamiceffectssuchaschangesn

shapeasafunctionof thetorquebeingappliedat ajoint.

Otherdata-drvenapproacheeely on scannedanodelsfor theexam-
pleposesAllen andhiscolleague$2002] usedscannediatafor the
upperbody with correlatedposesfrom motion captureto interpo-
latea subdvision surfacemodelandanimatenewv sequencesf mo-
tion capturedata. The SCAPEsystemuseda setof high resolution
scansfor one subjectto animatethe body shapesf new subjects
basednasinglescamandasetof marler positiongAnguelor etal.
2005]. They decoupledhemotioninto arigid bodycomponenand
aresidualdeformationaswe do. As with the previous data-drven
approacheghis systemcapturedoint angle-speci cdeformations
thatwerepresenin the databut could not capturedynamiceffects
in the surfaceof the skin.

Anotheralternatve is to continuouslycaptureskin deformationas
Sandandhis colleague$2003] did andaswe do. Thesedatawill
necessarilybe at a lower resolutionthan a laserscan. Sandand
his colleaguesiseda corventionalmarker setto capturethe motion
of theskeletonandthenextractedthe surfacemodelfrom silhouette
informationcapturedwvith threevideocamerasBecauseailhouettes
donotcompletelyspecifythegeometryatary momentn time, they
generalizedbbsenationsbasedon the joint anglesof neighboring
limbs. This systemcould not capturedynamiceffectsthatwerenot

visible in thesilhouette.

Thereis alarge body of work on modelingandsimulatingthe un-
derlying musculatureof the humanbody (for example[Scheepers
etal. 1997;WilhelmsandGelder1997;NedelandThalmann2000;
Teranet al. 2005a]). A numberof thesesystemstackle the very
dif cult problemof not only modelingthe complex anatomybut
alsosimulatinga partof its functionality In particular a several of
thesesystemsnodelthe e x of musclesasthey applyjoint torques.
Recently Teranandhis colleague$2005b] proposednodelingthe
quasi-statiomovementof esh with nite elements. Simple dy-
namicmodelshave beenusedto adddynamiceffectsto the motion
of skin[Larbouletteet al. 2005]. No simulationshave beencon-
structedthatcombinea completemodelof the humanbodywith a
dynamicsimulationand control systemin part becausef the dif-
culty of controlling it to performa task. However, the control
systemfor somebehaiors canbe simpler asZordanandhis col-
league$2004] demonstrateavith their anatomicamodelandcon-
trol of breathing. The mostanatomicallyaccuratemodelsdo not
shav the motion of the skin but shav muscleshapeandtheresult-
ing action(for example [Dong etal. 2002;Lemosetal. 2005]).

The handsandfacearein somesensespecialcasesfor the prob-
lem of animatingskin motion: thefacebecausdts planaritymales
it more amenableto captureand the handsbecausetheir bory
anatomicalstructure makes them more amenableto anatomical
modeling/Albrecht et al. 2003; Kuriharaand Miyata 2004]. Be-
causethe motion of the face cannotbe reasonablyapproximated
by rigid body motion, facial animationhasmotivatedthe study of
techniquedor cleaningandusingdensemarker setyGuenteret al.
1998;Lin andOuhyoung2005]. Facialdeformationglonotinclude
signi cant occlusionsand are appropriatefor capturetechniques
suchasstructuredight [Zhangetal. 2004;Wangetal. 2004].

3 Overview

We presenta data-drven approacho capturingandanimatingthe
surfaceof ahumancharactes skin. Thedatais capturedy placing
severalhundredsmallmarkersonanactor Althoughthenumberof
markersis large, the motion of the markersdoesnot fully capture
the motion of the skin. To supplementhis sparsesample we use
a high-resolution subject-speci csurfacemodel. We addresswo
mainissuesn thiswork: processingnissing/noisymarkersandde-
forming thereferencamodelto matchthe marker motion. Because
of thelarge numberof smallmarkersandocclusionsby otherbody
parts,thethree-dimensiongBD) positionsof the markersfrom the
motion capturedevice frequentlyexhibit missinganddisconnected
seggments. We emplgy a local modelde ned on eachmarker by
its neighborsto meige the disconnectedsegmentsand Il in the
missingmarlers. To bestt the marker positionsto the reference
model,we divide the marker motioninto a setof rigid motionsand
approximateheresidualdeformationof eachpart. Thesetwo con-
tributionsarediscussedh detailin thenext two sections Section6
discussesur resultsandcompareghe animatednotionto alterna-
tive techniquedor modeldeformationandto synchronizedrsideo
andcorventionalmotioncapture.Thelastsectionof the paperdis-
cusseghelimitationsof our approactandfuturework.

4 Data Collection and Cleaning

We capturedthe movementof the markers with a commercial
optical motion capture system consisting of 12 near infra-red
cameraswith 4 megapixel resolutioncapturingat a rate of 120
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Figure2: Capturesetup: (a) Twelve camerasurroundinga small
captureregion. Two cameragshown in red) wereaimedup rather
than down to capturedownward facing marlers; (b) 350 small
marlersattachedo the subjects body

frames/seconficon Motion Systems2006]. To increaseaccu-
ragy, we positionedthe camerasloseto the subjectwith a small
captureregion (approximately2m by 2m by 2.5m high). Two
camerasvereaimedup ratherthandown to capturemarkersfacing
towardtheground.Figure2(a)shavs thecameracon guration.

We placedapproximately350 re ective markers on the subjects
body To capturethe subtlemovementof the skin effectively, we
chosesmallmarkers(diameter3.0mm)with ahemisphericathape
to minimize the offset of the markers from the body Although
it is not necessaryo have an even distribution of the markerson
the body, we drew an approximategrid on the subjects body, and
placedthe markersonthatgrid. The averagedistancebetweertwo
neighboringmarkerswas4-5cm. We supplementedhe grid pat-
ternwith additionalmarlersin areasvheremoreresolutionwould
likely beneededthetip of theelbow andthepointonthelowerpart
of the shoulderblade,for example). Figure2(b) shavs the marlker
placement.

We reconstructedhe 3D positionsof the marlkerswith the VICON
1Q 2.0software[Vicon Motion System£006]. In conventionalmo-
tion capturereconstructions aidedby a skeletonmodelandarigid
link assumptionhowever, becausef the signi cant deformations
in our capturesye could not make this assumptionThis assump-
tion is alsonot valid for motion captureof the face,but our whole
body capturewasfully 3D andthereforecontainedmary moreoc-
clusionsthanareseenin themorenearly2D datacapturedrom the
face.Occlusiongsaredif cult to handlebecauséhey occursimulta-
neouslyin regions.

In the next section,we presenta novel methodfor cleaningand
recosering damagednarker databasedon a local referenceframe
de nedateachmarkerandthespatialrelationshipwith neighboring
marlers.We rst de ne thelocal referencdrameandthenexplain
how it canbe usedto cleanandrecover corrupteddataby identify-
ing trajectorieghatcanbe meigedandfacilitatinghole lling. The
nal stepin thecleaningprocesss smoothing.

4.1 Local Reference Frame

We rst selectaposeastherefelenceposeanduseit to estimatehe
local shapeof thebody We selectedhe poseshavn in Figure2(b)
asthereferencgposebecausdew markerswere occluded.We as-
sumethatsubjectdbegin eachmotionin thereferenceposeandthat
thereareno missingmarkersin the rst frame. This lastassump-
tion wasreasonabldor our experimentshecaus®nly two or three
markersnearthe armpitwereoccludedandthesecouldbe lled in
manuallyby referringto frameswherethey werevisible. We create
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Figure 3: (a) a marler (red dot) andits one-ringneighbors(blue
dots);(b) alocal referencdrameon themarker.

Figure4: Thereferencepose:(a) markers;(b) marker surface;(c)
localframeat eachmarker.

ameshfrom themarlker positionsin the referencgose.Neighbor
ing markersareidenti ed basednthe geodesidistancealongthe
skin. This processvasdonemanuallyfor our experiments We call
the resultingmeshthe marlker surface(Figure4(a) and (b)). The
indicesof theverticeson the surfaceareassignedo the markersas
labels.Theconstructiorof themarler surfaceis doneonly oncefor
eachsubject.

On the marler surface,we denotethe marker with index i asm;,
1 i N, whereN is the numberof marlers, and its one-ring
neighborasm, 1k dj, whered; is the valenceof marleri.
We denotethe positionof thei-th marker by xi0 andthe positionof
its one-ringneighborsasxio;k in thereferencepose.Usinga similar
techniqueto that of Lipman and his colleagueq2005], we de ne
the local frame for marker i in the referenceposewith its origin

locatedat x° and the triplet (t%;b%n?), wheren? is the normal

vectorof themarlker surfaceatthei-th markerin thereferencepose,
tiO is aunit vectorwith directionequalto theprojectionof thevector
(X1 x{) ontothetangentiablanede ned by n?, andb{ is a unit
vector orthogonalboth to n® andt?. We call this local frame of
the referenceposethe local refeenceframe Note thatt? canbe
de ned usingary of the one-ringneighborsandour choiceof xﬁl

is arbitrary Figure3 illustratesthede nition of thelocal frame.

The positionf(?;k of thek-th 1-ring neighbormeasuredn the local
referencdrameof marleri is

%0 = RO, xD); (1)

whereR? 2 R® 3 is arotationmatrix de ned as|t? b? n0]T.

4.2 Merging Disconnected Trajectories

The 3D marker datafrom the optical motion capturesystemcon-
sistsof asetof reconstructednharkertrajectories However, asmen-
tionedabove, a marker trajectorymay be brokeninto mary partial



trajectoriesbecausemarkers are frequently occludedor confused
with a nearbymarker. Becausehe markersatthe rst framewere
alreadylabeledduringtheconstructiorof themeshsurface thepar

tial trajectoriegthatinclude thosemarkersinherit the labelswhile

the othertrajectoriesremainunlabeled.The unlabeledrajectories
thenneedto be melgedwith labeledtrajectories Estimatingwhich

trajectorieso meige basedon thelastknown positionandvelocity

of amarkerwould likely notwork well for highly dynamicmotions
andlongocclusionsinsteadwe obsere thatthetopologyof mark-
ersplacedon the skin doesnot changeand estimatethe position
of occludedmarlkersfrom the position of the visible neighboring
marlers.

At framet, we denotetheinstantaneousetof availablemarkersas
Y!. Supposghatmarker m; is missingwhile someof its neighbors
areavailable (mix 2 Y!). We rst nd thetranslationd! 2 R3 1
andtherotationR! 2 R® 3 thatmove availableneighbordrom their
currentpositionx};k approximatelyto theirreferencepositiom“(i?k in
thelocal referencdramefor m;. Then,we estimatethe currentpo-
sition of themarker my by bringingtheorigin of thelocal reference
framebackto theglobalframe.

The neighborshave not necessarilynoved rigidly asa group be-
causeof deformationsothecalculationof therigid transformation
is aleastsquare®ptimization:

dj
agmin g iR (x+dh) &% @)
diRE Kjmy 2t

Thisis atypical form of thewell-known absoluteorientationprob-
lem in shapematchingand several analyticalsolutionshave been
published(see[Kanatani1994] for a comparisonof the different
schemes).In our implementationwe adaptthe methodof [Horn
1987].

A minimum of three neighboringmarkers must be available to
computethe rigid transformation. If more than three neighbor
ing marlers are available, the estimateshouldbe more robust to
noise.Thereforewe performthis computatiorin a greedyfashion;
we rst estimatethe missingmarkersthathave the largestnumber
of available neighborsand then estimatethosewith fewer neigh-
bors(including previously estimatednarker positionsin the calcu-
lation).

Now that the currentposition of all markers hasbeenestimated,
we cansearchfor trajectoriesto merge. For eachmissingmarker

m;, the systemsearche$or anunlabelledtrajectorythatis within a

thresholddistanceg! of the marler's estimategositionandwhich

doesnot overlapin time with the existing trajectoryof my. The

thresholdis selectedbasedon the averagedistancefrom a marker

to its neighborsn thereferencepose:

o d| a0
P
el=al k-1$1i |,le; 3)

whereal is atolerance.

Thismatchingprocesss notperfectbecausamarkerfrom adiffer-
entpartof thebodymightbecloseenougho theestimategosition
of the missingmarler to createan incorrectmeige. For example,
amarker on the upperarmnearthe armpitmight be confusedwith
nearbymarkerson the side of the torso. To disambiguatenarker
trajectoriesfrom otherbody parts,we testthatthe entirecandidate
trajectoryis within thethresholde,2 of the positionestimatedrom
theneighborsateachframe.Thethreshold\s,*2 iscomputedn asim-

ilar fashionto g' with toleranceparametea?. We seta' anda?
to 0.5and0.6in our experiments.

This algorithm may fail to nd matchingtrajectoriesduring mo-

tionswith extremelocal deformationshecausehosedeformations
donot t intotheal anda? tolerancesThus,we memgedthevalid

unlabeledrajectoriesnanuallyafterthe process Matchingtrajec-
toriesmight not exist for somemarkersin someframeshecausef

occlusion,which resultsin gapsor holesin the trajectoriesof the

marker. Weresohe thesein thehole lling processlescribedn the

next section.

4.3 Hole Filling

We |l the holesin the megedtrajectoriesby learninga statisti-
cal model of the spatialrelationshipbetweeneachmarler andits

neighbors.We apply Principal ComponentAnalysis (PCA) to the
positionof eachmarler andits one-ringneighborshroughoutthe
entiremotion. This operatiorreduceghelocal deformatioraround
the marker to alow dimensionakontrol spaceandallows usto re-
constructhe marlker locationby estimatinghebest t to theavail-

ablemarlers.

We rst transformthe position of eachmarker andits neighbors
to alocal frame. For the marker m; at framet, the positionof the
neighborsn thelocal frameis

Zig = Rilxi X): @)

wherex} andx}, arethe global position of the marler i andthe
local positionof its k-th neighbor respectiely, and ﬁ} is arotation
matrix. Ideally, Rt would betherotationmatrix thattransformshe
marker positionsto the local frameasdescribedn Sectiond.1, but
becauseve are dealingwith damagediata,it may not alwaysbe
possibleto nd thattransformationmarker mj;; may be missing).
Instead,we selectthe rotationmatrix R} thatputsX}, ascloseas

possibleto thelocal referenceposition:

d;
agmin - & ji%ly K% (5)
R kjmy 2Vt

This de nition of thelocal frameis consistenevenwith damaged
data.Themethodof [Horn 1987]is usedfor optimizingEquations.

Next, we build a PCA modelfor eachmarker usingthe framesin
which the marker andall of its neighborsarepresent.PCA allows
usto representhe neighborhoof a marker (in the local frame)
in areducedorthogonalbasiswhile retainingthe desiredaccurag
(99%in our implementation).The systemusesthis modelto esti-
matethe positionsof missingmarkersby selectingthe coefcient
of eachbasisvectorto minimize the squaredlistancebetweerthe
reconstructegositionsof the available neighborsand their mea-
suredpositions.If amarkeris missingin aframe,the PCA models
for eachof its neighborsareusedto estimatea valuefor the marker.
Thosevaluesareaveragedo improve therobustnes®f the estima-
tion.

4.4 Smoothing

We apply atime-domain Iter to eachmarler trajectoryto reduce
noise.Becauseherigid body motionsof thehumanbodyarelarge
in mostof our experiments, ltering theglobaltrajectorywould ad-
verselyaffectboththerigid bodymotionandthe shapeof thebody.

Instead,we lter in thelocal framede ned in Equation(2). The
systemappliesa smoothing Iter severaltimesto the local trajec-
tory basedontheupdaterule &t &t | D*®!, wherel is adamp-
ing factorcontrolling the rate of convergenceandD is a derivative



operatorin time. The ltered positionin the local frameis then
transformedackto the globalframe.

5 Skin Animation

Giventhelocationsof themarlkersateachframe,theskinanimation
problemcanbeformulatedasascatterediatainterpolationproblem
of deformingtheverticesof thedetailedmodelto matchthemarlker
locations.However, the spaceof deformationgor humanss likely
too complex to be approximatedy a standardinear interpolation
techniguesuchasradial basisinterpolation.

Instead we reducethe compleity of the problemby factoringthe
deformationspaceinto two pieces.We rst segmentthe full body
into asetof rigid parts,andthenfocusonthelocal deformatiorthat
remainsaftertherigid bodymotionis removed. Theresidualdefor
mationstill consistsof higherorderdeformationssuchastwisting
and bulging, and we represenit asa linear combinationof a set
of prede nedprimitive deformationmodes.Finally, the remaining
residualsareresohedwith radialbasisinterpolation.

5.1 Registration

We createda detailedmodelof eachsubjectby photographinghe
subjectandaskingaprofessionadrtistto make amodelfor thesub-
ject usingcommercialmodelingsoftware (Maya 7). We provided
sizeinformationfor the subjectoy importingthe marker surfacefor
thereferenceposeinto Maya. In additionto servingasareference,
the photographsvereusedto createtexturesfor themodel.

Althoughtheartistusedthemarker surfaceto sizethemodel,the -
nalmodelis notaperfectt tothereferencenarlersurface.We ad-
justthedetailedsurfaceto t themarkersurfaceusingoptimization.
We adoptthe methodof Allen andhis colleague$2003] for regis-
teringtwo surfacesand nd aglobaltransformatiorfor eachvertex
that minimizesan objective function with threeterms: minimize
the sumof the distancefrom eachmarker to the surface,presere
the original shapeof the detailedsurfacemodelby minimizing the
sumof the differencebetweenthe global transformation®f pairs
of neighboringvertices andmaintainacorrespondendeetweerthe
marlersandtheverticesat 40 importantlandmark<f thebody (el-
bows, knees etc.). Initially, we assignweightsonly to the second
andthird termsso that the modelis registeredglobally rst. Af-
ter the cornvergence we performthe optimizationagain with equal
weightfor all theterms.

5.2 Segmentation and Weighting

For nearrigid segmentation,we usedthe methodof Jamesand
Twigg[2005], in which meanshift clusteringis usedto grouptri-
angleshaving similar rotationalmovement. We apply this method
to the marker surfacecapturedwhile the subjectwas demonstrat-
ing the rangeof motion of eachof his or her joints. Figure5(a)
shaws the resultafter meanshift clustering. The large deforma-
tion aroundthe upperarmsand shoulderds not handledwell and
meanshift generatesnary groupscontainingjust onetriangle. We
manuallyadjustthe resultsothatthe body s dividedinto 17 parts
(Figure5(b)). Thissegmentatioris doneonly oncefor eachsubject.

We assigna setof weightvaluesaj;p, 1 p  Np, to themarlers,
wherea;;p istheweightvalueof themarkerm; for partp, Np isthe

total numberof partsanda 2 1 ai:;p = 1. Theweightfor apartis 1

(@) (b) ©

Figure5: Nearrigid sggmentationya) afterthemeanshift sgmen-
tation (trianglesof the samecolor belongto the samegroupwhile
the black coloredtrianglesdo not belongto ary group); (b) after
the manualadjustmenbdf the sggmentationyc) weightdistribution
onthedetailedsurface.

if the marler is insidethe partandO for all otherparts. For mark-
ersontheboundarnbetweerparts,we determingheweightvalues
by computingthelik elihoodthatthe marker belongsto eachneigh-
boring part. The systemcompareshe marker's motionto therigid

body motion of the neighboringparts(as de ned by the markers
thatarelabeledasfully insidethe part). Basedon the errorvalue,
we employ a gaussianrmodelfor computingthe likelihood that a
marlker belongsto a neighboringpart[Anguelov et al. 2004], and
we assignthe marker to the partif its weightis morethana pre-
de ned threshold(0.2in our experiments) Markersmay belongto

multiple parts.

Finally, the weight for eachvertex of the detailedmodelis deter

mined by nding the nearestiriangle of the marker surface and
assigningthe weight obtainedby interpolatingthe weightsof the
threemarkersbasedon the barycentriccoordinateof the projected
vertex positionon thetriangle. We denotethe weightvaluefor part
p of thevertex j asbj:p. Figure5(c) shavs theweightdistribution

of thedetailedmodel.

5.3 Deformation

Basedon the sggmentationwe factorthe full body motioninto a
rigid bodytransformatiorof the sggmentecpartsandtheirlocal de-
formation. Thelocal deformationis furtherdividedinto two terms:
aquadratiddeformationandits residual.

We rst de ne thelocal framefor eachrigid partin the reference
pose.We call this framethelocal part refeenceframe Theorigin
of the local frameis the averageof the referenceposeposition of
all markersassignedo thatpart. Thethreeaxesof the local frame
arethethreeeigermvectorsof the covariancematrix of the markers'
positions. We de ne therigid translationand rotation of thepart
p which transforma global positioninto its local positionas d 2

R® LandR$2 R® 3. we denotethe positionof thei-th member
markerassignedo partpaspp;j,1 i Yp, Wherer isthenumber
of markersassignedo part p. Foraposmonp atthereference
pose,the local posmonp s computedaspp, = Ro(ppl + do)
We call thisthelocal part refeenceposnmnof themarker.

Therigid transformatior(d‘p and Rtp) for a given part p at frame
t is computedsothatit bringsthe positionof all membemarlkers
ascloseaspossibleto their local partreferencepositionsusingthe
absoluteorientationmethodHorn 1987]. Thelocal positionf)tpi is

computedas f)tpl = Rt (ppI + d‘) The remainingerror between



Pl andthereferencepositionfor thatmarler is thelocal deforma-
tion.

We approximatehelocal deformationof eachpartwith a continu-
ousdeformationeld. Humanbody mavementsncludenon-linear
deformationsuchastwisting, bulgingandbending.Inspiredby the
work of Mller andhis colleague$2005], we choosequadraticde-
formationsto representhelocal deformation With thisapproacha

complex non-lineardeformatioris modeledasalinearcombination
of 3 9 basicdeformationmodes. The quadratictransformation
is de ned asamatrix A = [A; A, A3] 2 R® 9 whereA; 2 R® 3

correspondso alineartransformationA, 2 R3 3 andA; 2 R3 3

area purequadraticanda mixed quadratictransformationrespec-
tively. Givena 3D positionp = [px py p,]T, the quadratictrans-
formationprovidesa new transformedoositionp: p = Aq; where
q=[px Py Pz PZ P2 P2 PxPy; PyPz Pzpx]T is a9 dimensional
guadraticvectorcorrespondingo p.

At eachframe,we computethe componentsf the quadratictrans-
formationAtp of partp suchthatthetransformatiorbringsthelocal

partreferencepositionof all membemarkersascloseaspossible
to their local positionsat framet. We usethe pseudoinverseto

solve for this transformation:

o h i
AL=P Q)T QUQ)T (6)

alndq%;i is a quadraticvectorcorrespondingo thelocal partrefer
encepositionp®,;.

Finally, giventhetransformedaositionf)tp;i = Atpqg;i , we useradial
basisinterpolationto resole the remainingresidualrtp;i = ptp;i
pl,; by determiningtheweightvectorw,; suchthat

!
)4 B Pl _
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wheref () is aradial basisfunctionands, is a dilation factorfor
part p. In our experimentswe usea cubic B-spline asthe radial
basisfunctionandsetthe dilation factorto be twice the maximum
distancebetweertwo nearestnembemarkersfor eachpart.

Provided di), RY, /:\tp andw}, = fvv‘p;l; o 3th;ng at framet, ary
given position f)% representedh the local part referenceframe of
part p canbetransformedackto its global positionp' as
~ R
ALES B

p'=(Rp) 1 ALdp+ & wif 55 dy; @®
1

Whereq% is the quadraticvectorof ﬁ%. Consequentlyfor a given
position v‘j) of the vertex j of the detailedmodelin the reference
pose ts deformedpositionis computedas

Np

t_ 2 p b

Vi= a bjpVip ©)
p=1

wherevtj;p is the deformedpositionsrelatedto part p obtainedby
Equation(8). We animatethe modelby transferringthe reference
positionusingEquation(9).

Table 1: The numberof trajectoriesbeforeand after the meging
processthe numberof incorrectly labeledpartial trajectories the
numberof manualcorrectionsfor the missingunlabeledtrajecto-
ries, andthe numberof holesbeforethe hole lling process.The
numberof markerswas350.

# of trajectories incorrectly total

examplemotions before after labeled manual #of
(# of frames) memging | meming | (errorrate) | memging holes
exing (917) 859 379 0(0.0%) 4 25674
gol ng (868) 2368 439 10(0.4%) 32 36232
punching(574) 2247 409 25(1.1%) 44 22948
jumprope(974) 5006 538 32(0.6%) 64 42050

Table2: Theaccurag of thehole- lling algorithmfor thepunching
motion. Theerrorvaluesarenormalizedby the averagedistanceto
theneighbors.

region abdomen | elbonv | thigh knee
Avg. Error 0.017 0.022 | 0.020 | 0.023
Max. Error 0.052 0.062 | 0.045 | 0.051

6 Experimental Results

We rst shaw the effectivenesof the clean-upalgorithm. Table 1
shavs the numberof trajectoriesbeforeandafterthe meiging pro-
cessandthe numberof holesbeforethe hole lling processMore
dynamicmotionstendto have moredisconnectedrajectoriesThis
tablealsoshavs the numberof partialtrajectoriesassignedvrong
labels and the numberof manualcorrectionsrequiredto memge
missingunlabeledrajectories.Thosewrong andmissingtrajecto-
riesoccurredmainly aroundthe elbavs duringlarge deformations.
Becauseof noise,the numberof the trajectoriesafter meiging is
still morethanthenumberof markers;the extra trajectoriesusually
containedsevere (oneor two frameslong) outliersandareignored
in thelaterstage®f processingWetestedheaccurag of ourhole-
ling algorithmby deletinga marker thatwasseenin thedataand
reconstructingt (Table2). Theaverageerrorwasabout2%, which
is acceptabléor visualquality. Figure6 shavs thatour hole lling
algorithmworks well eventhougha large numberof the markers
aremissing.

Next, we compareour deformationmethodwith three different
methods:rigid deformationfor eachpart without resolvingresid-
uals (Figure 7(b)), quadraticdeformationwithout resolvingresid-
uals (Figure 7(c)) andrigid deformationwith resolvingresiduals
(Figure 7(d)). Our method,quadraticdeformationwith resolving
residuals,is shavn in Figure 7(e). Quadraticdeformationgives
a smootherdeformationand follows the marker positionsbetter
dueto its higherorder deformationterms. Becausehe residuals
aresigni cantly smallerin quadraticdeformationthanin therigid

one,theresultsafterresolvingtheresidualsaarealsobetterwhenthe
quadraticdeformationsareused.

We appliedourmethodo variousbehaiorsincludingslov motions
suchas breathing(Figure 8(a)), andgol ng (Figure 1) aswell as
highly dynamicmotionssuchaspunching(Figurel), jumpingrope
(Figure8(b)) andbelly dancing(Figure9). We compareour synthe-
sizedresultswith video taken during the capture(Figure 8(c) and
(d)). We alsocomparedour resultswith thosefrom cornventional
motioncapturgFigure8(e)and(f)). Subjectsvearingconventional
markersetswereasledto performsimilarmotionsto thosecaptured
with the 350 marker set. As shavn in the gures, our methodsuc-
cessfullycapturedthe expandingand contractingof breathingand
the dynamicdeformationsof the surfaceof the torsoduringjump-

ing. Conventionalmethodgailedto capturetheseeffects.
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Figure6: Hole lling: (a) markerswith holes;(b) afterhole lling;
(c) adetailedsurfacemodel

(b) (©

(@) (d) (e)

Figure7: Comparisorof differentdeformatiormethodsja) anex-
ampleposewith the markers;(b) rigid deformatiorwithout resolv-
ing residuals;(c) quadraticdeformationwithout resolvingresidu-
als; (d) rigid deformationwith residualgesoled; (e) quadraticde-
formationswith residualgesolhed (our method).

7 Discussion

In this paperwe have demonstratethatdatacapturedrom alarge
setof markerscanbe usedto animatethe naturalbending bulging,
andjiggling of the humanform. Our contritution is twofold. First,
we provide algorithmsfor estimatingthelocationof missingmark-
ers. Becausehe humanbody is articulatedand our marker setis
densemarlersarefrequentlyoccludedby otherpartsof the body
Therefore,missingmarkersarefar more commonin our captures
thanin facialanimation theotherdomainwhereadenseamarker set
hasbeenused.Our secondcontritutionis analgorithmfor deform-
ing asubject-speci anodelto matchthetrajectorieof themarlers.
We do this in two stages,rst capturingtherigid body motion of
the markersandthenresolvingthe residualdeformations.Our ap-
proachto this problemallowed usto animatethe motion of a mus-
cular male punchingand jumping rope and the performanceof a
professionabelly dancer Theanimateddeformationf their bod-
ies aredramaticand perhapaunexpected but we demonstratehat
they area goodmatchto video capturedsimultaneously We also
demonstrateéhat the subtletiesof the skin motion would not have
beencapturedby a standardnarker setworkingin concertwith the
skinningalgorithmsavailablein commercialnimationsoftware.

Although we choseto usehand-designedhodels,we believe that
this approactwould alsowork on a scannednodelif suchamodel
were available for our subjects. The modelsusedin the SCAPE
systemhadapproximately50,000polygongAnguelor etal. 2005];
our polygonalmodelshad54,000polygonssotheresolutionis sim-
ilar.

(@) (b) (©

(d) (e) U]

Figure8: Comparisorbetweenour methodand corventionalmo-
tion capture:(a) and(d) breathingandjumpingropefrom our mo-
tion; (b) and(e) stills of videotakenduringcapture(c) and(f) sim-
ilar motionsfrom conventionalmotioncapture.

Figure9: Thebelly dance

Onelimitation of our approachs its smallercaptureareabecause
thecamerasreplacedcloseto the subjectfor accurag. Thus,mo-
tionsrequiringa large spacesuchasrunningcannotbe capturedn
our currentsystem.

Our animationsand modelswere speci ¢ to the particularactors
who performedfor us. Althoughit mightbe possibleto parameter
ize the deformationsseenin our capturesessionsvith joint angles
(asothershave done)andperhapslsowith velocity in aworld co-

ordinatesystemfor dynamiceffectsor joint torquecomputedrom

inversedynamicsfor musclebulging, we believe thatit would be
very dif cult and probablyimpossibleto generalizethe dynamic
capturedmotion to an animatedcharactemwith a signi cantly dif-

ferentbodytype. The skin motion of a heary personfor example,
will notlook realisticwhenappliedto a skinrny character

Becausave usetheactualthree-dimensiondbcationsof themark-
ers,weshouldbeableto capturene detailsthatsystemghatusean
approximatiorto themarkerlocationsor amuchsparsemarker set
will likely miss. For example,the pointy bone,the olecranon on
the outsideof a bentelbawv is sometimesmoothedut with other
approachedyut anadditionalmarker placedon the elbow captured
thatinformationin our system. We addedmarkersto supplement
our nominal grid that capturedsomeof thesedetailsbut a more
anatomicallybasedprocedurefor placingthe markers might cap-
turemoreof thesesubtledetails.

During hole- lling, we determinedthe position of the missing
markers by averaging the estimatedpositions from neighbors.
However, the contrikutions of neighborsmight be weightedwith
lessweightgivento the neighborsthat were estimatedatherthan
measuredWhenlearningthe PCA model,we only usethe frames
whereamarker andall its neighborsareavailable,which decreases



the numberof samples Althoughthis approactgave areasonable
resultin our experiments,an enhancedCA suchas[Shumet al.
1995] could be appliedto createa more comprehensk statistical
model.

Our marker setwasquite large andsuiting up a subjectfor capture
took aboutan hourin our experiments.Therefore,it would might
beworthexploringwhetherthesedynamiceffectscouldbecaptured
with amoreparsimoniousnarker setby combininga corventional
marker setwith additionalmarkersplacedonly on the areasof the
body expectedto deform suchasthe belly or biceps. A smaller
marler setmight be effective if the capturednformationwassup-
plementedy a detailedanatomicamodelaswasdonefor theface
by Sifakisandhis colleague$2005].
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