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Figure1: Captureandanimationof thedynamicmotionof thesurfaceof thehumanbody.

Abstract

During dynamicactivities, the surfaceof the humanbody moves
in many subtlebut visually signi�cant ways:bending,bulging, jig-
gling, andstretching.We presenta techniquefor capturingandan-
imating thosemotionsusinga commercialmotion capturesystem
and approximately350 markers. Although the numberof mark-
ers is signi�cantly larger than that usedin conventional motion
capture,it is only a sparserepresentationof the true shapeof the
body. We supplementthis sparsesamplewith a detailed,actor-
speci�c surfacemodel. The motion of the skin canthenbe com-
putedby segmentingthe markersinto the motion of a setof rigid
partsanda residualdeformation(approximated�rst asa quadratic
transformationandthenwith radial basisfunctions). We demon-
stratethepowerof thisapproachby capturing�e xing muscles,high
frequency motions,andabruptdecelerationson severalactors.We
comparetheseresultsbothto conventionalmotioncaptureandskin-
ningandto synchronizedvideoof theactors.
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1 Intro duction

Optical motion capturehasbeenusedvery successfullyto create
compellinghumananimationsfor moviesandsportsvideogames;
however, it provides only a much simpli�ed versionof what we
would seeif we wereto view a personactuallyperformingthose
actions. The datacontainan approximationof the motion of the
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skeletonbut misssuchsubtleeffectsasthebulging of musclesand
the jiggling of �esh. The currentstateof the art for whole body
captureusesasetof 40-60markersandreducesit to therigid body
motionof 15-22segments.To theextentpossible,themarkersare
placedon joint axesandbony landmarkssothatthey canmoreeas-
ily beusedto approximatethemotionof theskeleton.Biomechan-
ical invariantsareoften usedto reducethe numberof markers to
less than the numberrequiredto fully specify the orientationof
eachlimb.

In this paper, we take a differentapproachto motion captureand
usea very largesetof markers(approximately350)placednot on
bony landmarksbut on the muscularand�eshy partsof the body.
Our goal is to obtainnot only the motion of the skeletonbut also
themotionof thesurfaceof theskin.

We accuratelyreconstructthemotionof thesurfaceof thebodyby
applying the three-dimensionaltrajectoriesfor this densemarker
setto asubject-speci�cpolygonalmodel(Figure1). Thepolygonal
modelis �rst optimizedto �t thethree-dimensionallocationsof the
markersfrom a staticpose.During themotion,therigid bodymo-
tion of thedensemarker setis extractedandtheremainingmotion
of themarkersis usedto computelocaldeformationsof thepolygo-
nal model.Thepositionof occludedmarkersis estimatedfrom the
locationsof neighboringmarkersusinga localmodelof thesurface
shape.Thedeformationsof themarkersetallow themuscleshapes
in thepolygonalmodelto grow andshrinkandthe �eshy areasto
movedynamically.

To demonstratetheviability of this technique,wecapturedthemo-
tion of two subjects:a malefootball player(university-level offen-
sive lineman)andafemaleprofessionalbelly dancer. Bothsubjects
exhibited signi�cant muscleandskin deformationwhenthey per-
formeddynamicactivities. To evaluatethe results,we compared
motion capturedwith the densemarker set to synchronizedvideo
andto similarmotionscapturedwith astandardmarkersetandren-
deredusingthesamemodelandtheskinningtechniquesavailable
in commercialsoftware.

2 Background

Data-drivenapproachessuchastheonedescribedin this paperare
only onepossibleway to createan animationof the deformations



of the humanbody asit moves. Otherapproachesthat have been
usedsuccessfullyincludeskinningfrom exampleandanatomically
basedmodelssuchasphysicalsimulationsof muscles.Wenow de-
scribeeachtechniqueandtheclassesof thedeformationsit is capa-
ble of modeling.We discussthefaceandhandsseparatelybecause
sometechniquesareapplicableto thosebodypartsin particular.

The�rst techniquesto bedevelopedrequiredthemodelerto spec-
ify thecontribution of eachboneto thepositionof theverticesby
paintingweightson the model (this approachis nicely described
by Lewis andcolleagues[2000]). Thesetechniques,which have
beenvariouslycalledskeletonsubspacedeformation,singleweight
enveloping,andsimply skinning,are easyto implementand fast
to computeandthereforeremainin usetoday. Unfortunately, with
the basicimplementationof this algorithm,no setof weightswill
preventcollapsingjointsor the“candywrapper”effectbecausethe
volume of the body is not preserved. A numberof recentsolu-
tionsattemptto �x theseproblemsin anautomaticfashionwithout
incurringsigni�cant computationalcost:interpolatingsphericalro-
tationsratherthanperforminglinearinterpolation[KavanandZara
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 [Pratscheretal. 2005].Thesetechniquesmodelthebending
of theskin aroundjoints but cannotshow dynamiceffectssuchas
jiggling of the�esh or musclebulgingdueto exertion.

The next setof techniquesalsodeterminehow the surfaceshould
deformasa functionof theposeof thecharacterbut useexamples
to provide hints aboutthe shapeof the skin at key poses. Lewis
and his colleagues[2000] combinedthis idea with skeletonsub-
spacedeformation. Sloanandhis fellow researchers[2001] used
radialbasisfunctionsto interpolateef�ciently amongasetof exam-
ples. WangandPhillips[2002] allowedtheskinningto have more
degreesof freedom(andthereforemoreweights). Mohr andGle-
icher[2003] useda similar approachexcept that they introduced
thedegreesof freedomrequiredto incorporatetheexamplesasad-
ditional joints ratherthanasskinningweights.Eachof thesetech-
niquesusedpose-speci�cmodelsfor the character. The examples
werecreatedby handandleveragedthe insightof themodelerre-
gardingtheshapeof thebodyandtheposesto bespeci�ed. These
techniquescanmodelchangesin theshapeof thebodyasa func-
tion of posebut do not modeldynamiceffectssuchaschangesin
shapeasa functionof thetorquebeingappliedata joint.

Otherdata-drivenapproachesrely onscannedmodelsfor theexam-
pleposes.Allen andhiscolleagues[2002]usedscanneddatafor the
upperbody with correlatedposesfrom motion captureto interpo-
lateasubdivisionsurfacemodelandanimatenew sequencesof mo-
tion capturedata.TheSCAPEsystemuseda setof high resolution
scansfor onesubjectto animatethe body shapesof new subjects
basedonasinglescanandasetof markerpositions[Anguelov etal.
2005].They decoupledthemotioninto arigid bodycomponentand
a residualdeformationaswe do. As with thepreviousdata-driven
approaches,this systemcapturedjoint angle-speci�cdeformations
thatwerepresentin thedatabut couldnot capturedynamiceffects
in thesurfaceof theskin.

Anotheralternative is to continuouslycaptureskin deformationas
Sandandhis colleagues[2003] did andaswe do. Thesedatawill
necessarilybe at a lower resolutionthan a laserscan. Sandand
hiscolleaguesusedaconventionalmarkersetto capturethemotion
of theskeletonandthenextractedthesurfacemodelfrom silhouette
informationcapturedwith threevideocameras.Becausesilhouettes
donotcompletelyspecifythegeometryatany momentin time,they
generalizedobservationsbasedon the joint anglesof neighboring
limbs. Thissystemcouldnotcapturedynamiceffectsthatwerenot

visible in thesilhouette.

Thereis a largebodyof work on modelingandsimulatingtheun-
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 severalof
thesesystemsmodelthe�e x of musclesasthey applyjoint torques.
Recently, Teranandhis colleagues[2005b]proposedmodelingthe
quasi-staticmovementof �esh with �nite elements. Simple dy-
namicmodelshavebeenusedto adddynamiceffectsto themotion
of skin[Larbouletteet al. 2005]. No simulationshave beencon-
structedthatcombinea completemodelof thehumanbodywith a
dynamicsimulationandcontrol systemin partbecauseof thedif-
�culty of controlling it to perform a task. However, the control
systemfor somebehaviors canbe simpler, asZordanandhis col-
leagues[2004] demonstratedwith their anatomicalmodelandcon-
trol of breathing. The mostanatomicallyaccuratemodelsdo not
show themotionof theskin but show muscleshapeandtheresult-
ing action(for example [Dongetal. 2002;Lemosetal. 2005]).

The handsandfaceare in somesensespecialcasesfor the prob-
lemof animatingskinmotion: thefacebecauseits planaritymakes
it more amenableto captureand the handsbecausetheir bony
anatomicalstructuremakes them more amenableto anatomical
modeling[Albrecht et al. 2003; KuriharaandMiyata 2004]. Be-
causethe motion of the facecannotbe reasonablyapproximated
by rigid bodymotion, facial animationhasmotivatedthestudyof
techniquesfor cleaningandusingdensemarker sets[Guenteret al.
1998;Lin andOuhyoung2005].Facialdeformationsdonotinclude
signi�cant occlusionsand are appropriatefor capturetechniques
suchasstructuredlight [Zhangetal. 2004;Wangetal. 2004].

3 Overview

We presenta data-drivenapproachto capturingandanimatingthe
surfaceof ahumancharacter'sskin. Thedatais capturedby placing
severalhundredsmallmarkersonanactor. Althoughthenumberof
markersis large, themotionof themarkersdoesnot fully capture
themotionof theskin. To supplementthis sparsesample,we use
a high-resolution,subject-speci�csurfacemodel. We addresstwo
mainissuesin thiswork: processingmissing/noisymarkersandde-
forming thereferencemodelto matchthemarker motion. Because
of thelargenumberof smallmarkersandocclusionsby otherbody
parts,thethree-dimensional(3D) positionsof themarkersfrom the
motioncapturedevice frequentlyexhibit missinganddisconnected
segments. We employ a local model de�ned on eachmarker by
its neighborsto merge the disconnectedsegmentsand �ll in the
missingmarkers. To best�t the marker positionsto the reference
model,wedivide themarkermotioninto asetof rigid motionsand
approximatetheresidualdeformationof eachpart.Thesetwo con-
tributionsarediscussedin detailin thenext two sections.Section6
discussesour resultsandcomparestheanimatedmotionto alterna-
tive techniquesfor modeldeformationandto synchronizedvideo
andconventionalmotioncapture.Thelastsectionof thepaperdis-
cussesthelimitationsof ourapproachandfuturework.

4 Data Collection and Cleaning

We capturedthe movement of the markers with a commercial
optical motion capture system consisting of 12 near infra-red
cameraswith 4 megapixel resolutioncapturingat a rate of 120



(a) (b)

Figure2: Capturesetup:(a) Twelve camerassurroundinga small
captureregion. Two cameras(shown in red)wereaimedup rather
than down to capturedownward facing markers; (b) 350 small
markersattachedto thesubject'sbody.

frames/second[Vicon Motion Systems2006]. To increaseaccu-
racy, we positionedthe camerascloseto the subjectwith a small
captureregion (approximately2m by 2m by 2.5m high). Two
cameraswereaimedupratherthandown to capturemarkersfacing
towardtheground.Figure2(a)shows thecameracon�guration.

We placedapproximately350 re�ective markers on the subject's
body. To capturethe subtlemovementof the skin effectively, we
chosesmallmarkers(diameter3.0mm)with ahemisphericalshape
to minimize the offset of the markers from the body. Although
it is not necessaryto have an even distribution of the markerson
thebody, we drew anapproximategrid on thesubject's body, and
placedthemarkerson thatgrid. Theaveragedistancebetweentwo
neighboringmarkerswas4-5cm. We supplementedthe grid pat-
ternwith additionalmarkersin areaswheremoreresolutionwould
likely beneeded(thetip of theelbow andthepointonthelowerpart
of theshoulderblade,for example).Figure2(b) shows themarker
placement.

We reconstructedthe3D positionsof themarkerswith theVICON
IQ 2.0software[ViconMotion Systems2006]. In conventionalmo-
tion capture,reconstructionis aidedby askeletonmodelandarigid
link assumption;however, becauseof thesigni�cant deformations
in our captures,we couldnot make this assumption.This assump-
tion is alsonot valid for motioncaptureof the face,but our whole
bodycapturewasfully 3D andthereforecontainedmany moreoc-
clusionsthanareseenin themorenearly2D datacapturedfrom the
face.Occlusionsaredif�cult to handlebecausethey occursimulta-
neouslyin regions.

In the next section,we presenta novel methodfor cleaningand
recoveringdamagedmarker databasedon a local referenceframe
de�nedateachmarkerandthespatialrelationshipwith neighboring
markers.We �rst de�ne thelocal referenceframeandthenexplain
how it canbeusedto cleanandrecover corrupteddataby identify-
ing trajectoriesthatcanbemergedandfacilitatinghole�lling. The
�nal stepin thecleaningprocessis smoothing.

4.1 Local Reference Frame

We�rst selectaposeasthereferenceposeanduseit to estimatethe
local shapeof thebody. We selectedtheposeshown in Figure2(b)
asthereferenceposebecausefew markerswereoccluded.We as-
sumethatsubjectsbegin eachmotionin thereferenceposeandthat
thereareno missingmarkersin the �rst frame. This last assump-
tion wasreasonablefor our experimentsbecauseonly two or three
markersnearthearmpitwereoccludedandthesecouldbe�lled in
manuallyby referringto frameswherethey werevisible. Wecreate
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Figure3: (a) a marker (red dot) and its one-ringneighbors(blue
dots);(b) a local referenceframeon themarker.

(a) (b) (c)

left arm

Figure4: Thereferencepose:(a) markers;(b) marker surface;(c)
local frameateachmarker.

a meshfrom themarker positionsin thereferencepose.Neighbor-
ing markersareidenti�ed basedon thegeodesicdistancealongthe
skin. Thisprocesswasdonemanuallyfor ourexperiments.Wecall
the resultingmeshthe marker surface(Figure4(a) and(b)). The
indicesof theverticeson thesurfaceareassignedto themarkersas
labels.Theconstructionof themarkersurfaceis doneonly oncefor
eachsubject.

On the marker surface,we denotethe marker with index i asmi ,
1 � i � N, whereN is the numberof markers, and its one-ring
neighborasmi;k, 1 � k � di , wheredi is the valenceof marker i.
We denotethepositionof thei-th marker by x0

i andthepositionof
its one-ringneighborsasx0

i;k in thereferencepose.Usinga similar
techniqueto that of Lipman andhis colleagues[2005], we de�ne
the local frame for marker i in the referenceposewith its origin
locatedat x0

i and the triplet (t0i ;b0
i ;n0

i ), wheren0
i is the normal

vectorof themarkersurfaceatthei-th marker in thereferencepose,
t0i is aunit vectorwith directionequalto theprojectionof thevector
(x0

i;1 � x0
i ) ontothetangentialplanede�ned by n0

i , andb0
i is a unit

vectororthogonalboth to n0
i and t0i . We call this local frameof

the referenceposethe local referenceframe. Note that t0
i canbe

de�ned usingany of theone-ringneighbors,andour choiceof x0
i;1

is arbitrary. Figure3 illustratesthede�nition of thelocal frame.

Thepositionx̂0
i;k of thek-th 1-ring neighbormeasuredin the local

referenceframeof marker i is

x̂0
i;k = R0

i (x0
i;k � x0

i ); (1)

whereR0
i 2 R3� 3 is a rotationmatrixde�ned as[t0

i b0
i n0

i ]T.

4.2 Merging Disconnected Trajectories

The 3D marker datafrom the optical motion capturesystemcon-
sistsof asetof reconstructedmarkertrajectories.However, asmen-
tionedabove, a marker trajectorymaybebrokeninto many partial



trajectoriesbecausemarkers are frequentlyoccludedor confused
with a nearbymarker. Becausethemarkersat the �rst framewere
alreadylabeledduringtheconstructionof themeshsurface,thepar-
tial trajectoriesthat includethosemarkersinherit the labelswhile
theothertrajectoriesremainunlabeled.Theunlabeledtrajectories
thenneedto bemergedwith labeledtrajectories.Estimatingwhich
trajectoriesto mergebasedon thelastknown positionandvelocity
of amarkerwould likely notwork well for highly dynamicmotions
andlongocclusions.Instead,weobservethatthetopologyof mark-
ersplacedon the skin doesnot changeandestimatethe position
of occludedmarkers from the positionof the visible neighboring
markers.

At framet, we denotetheinstantaneoussetof availablemarkersas
Yt . Supposethatmarker mi is missingwhile someof its neighbors
areavailable(mi;k 2 Yt ). We �rst �nd the translationdt

i 2 R3� 1

andtherotationRt
i 2 R3� 3 thatmoveavailableneighborsfrom their

currentpositionxt
i;k approximatelyto theirreferencepositionx̂0

i;k in
thelocal referenceframefor mi . Then,we estimatethecurrentpo-
sitionof themarkermi by bringingtheorigin of thelocal reference
framebackto theglobalframe.

The neighborshave not necessarilymoved rigidly asa groupbe-
causeof deformationssothecalculationof therigid transformation
is a leastsquaresoptimization:

argmin
dt

i ;R
t
i

di

å
kjmi;k 2Yt

jjRt
i � (xt

i;k + dt
i ) � x̂0

i;kjj2: (2)

This is a typical form of thewell-known absoluteorientationprob-
lem in shapematchingandseveral analyticalsolutionshave been
published(see[Kanatani1994] for a comparisonof the different
schemes).In our implementation,we adaptthe methodof [Horn
1987].

A minimum of three neighboringmarkers must be available to
computethe rigid transformation. If more than threeneighbor-
ing markers are available, the estimateshouldbe more robust to
noise.Therefore,weperformthiscomputationin agreedyfashion;
we �rst estimatethemissingmarkersthathave the largestnumber
of availableneighborsand thenestimatethosewith fewer neigh-
bors(includingpreviously estimatedmarker positionsin thecalcu-
lation).

Now that the currentposition of all markers hasbeenestimated,
we cansearchfor trajectoriesto merge. For eachmissingmarker
mi , thesystemsearchesfor anunlabelledtrajectorythatis within a
thresholddistancee1

i of themarker's estimatedpositionandwhich
doesnot overlap in time with the existing trajectoryof mi . The
thresholdis selectedbasedon the averagedistancefrom a marker
to its neighborsin thereferencepose:

e1
i = a 1 å di

k= 1 jj x̂0
i;kjj

di
; (3)

wherea 1 is a tolerance.

Thismatchingprocessis notperfectbecauseamarkerfrom adiffer-
entpartof thebodymightbecloseenoughto theestimatedposition
of the missingmarker to createan incorrectmerge. For example,
a marker on theupperarmnearthearmpitmight beconfusedwith
nearbymarkerson the sideof the torso. To disambiguatemarker
trajectoriesfrom otherbodyparts,we testthat theentirecandidate
trajectoryis within thethresholde2

i of thepositionestimatedfrom
theneighborsateachframe.Thethresholde2

i is computedin asim-
ilar fashionto e1

i with toleranceparametera 2. We seta 1 anda 2

to 0.5and0.6 in ourexperiments.

This algorithm may fail to �nd matchingtrajectoriesduring mo-
tionswith extremelocal deformationsbecausethosedeformations
donot �t into thea 1 anda 2 tolerances.Thus,wemergedthevalid
unlabeledtrajectoriesmanuallyafter theprocess.Matchingtrajec-
toriesmight not exist for somemarkersin someframesbecauseof
occlusion,which resultsin gapsor holesin the trajectoriesof the
marker. Weresolvethesein thehole�lling processdescribedin the
next section.

4.3 Hole Filling

We �ll the holesin the merged trajectoriesby learninga statisti-
cal modelof the spatialrelationshipbetweeneachmarker andits
neighbors.We apply PrincipalComponentAnalysis(PCA) to the
positionof eachmarker andits one-ringneighborsthroughoutthe
entiremotion.Thisoperationreducesthelocaldeformationaround
themarker to a low dimensionalcontrolspaceandallows usto re-
constructthemarker locationby estimatingthebest�t to theavail-
ablemarkers.

We �rst transformthe position of eachmarker and its neighbors
to a local frame. For themarker mi at framet, thepositionof the
neighborsin thelocal frameis

x̂t
i;k = R̄t

i (x
t
i;k � xt

i ); (4)

wherext
i and x̂t

i;k are the global positionof the marker i and the

local positionof its k-th neighbor, respectively, andR̄t
i is a rotation

matrix. Ideally, R̄t
i wouldbetherotationmatrix thattransformsthe

marker positionsto thelocal frameasdescribedin Section4.1,but
becausewe aredealingwith damageddata,it may not alwaysbe
possibleto �nd that transformation(marker mi;1 maybemissing).
Instead,we selectthe rotationmatrix R̄t

i that puts x̂t
i;k ascloseas

possibleto thelocal referenceposition:

argmin
R̄t

i

di

å
kjmi;k 2Yt

jj x̂t
i;k � x̂0

i;kjj2: (5)

This de�nition of the local frameis consistentevenwith damaged
data.Themethodof [Horn 1987]is usedfor optimizingEquation5.

Next, we build a PCA modelfor eachmarker usingthe framesin
which themarker andall of its neighborsarepresent.PCA allows
us to representthe neighborhoodof a marker (in the local frame)
in a reducedorthogonalbasiswhile retainingthedesiredaccuracy
(99%in our implementation).Thesystemusesthis modelto esti-
matethe positionsof missingmarkersby selectingthe coef�cient
of eachbasisvectorto minimize thesquareddistancebetweenthe
reconstructedpositionsof the available neighborsand their mea-
suredpositions.If a marker is missingin a frame,thePCA models
for eachof its neighborsareusedto estimateavaluefor themarker.
Thosevaluesareaveragedto improve therobustnessof theestima-
tion.

4.4 Smoothing

We applya time-domain�lter to eachmarker trajectoryto reduce
noise.Becausetherigid bodymotionsof thehumanbodyarelarge
in mostof ourexperiments,�ltering theglobaltrajectorywouldad-
verselyaffectboththerigid bodymotionandtheshapeof thebody.
Instead,we �lter in the local framede�ned in Equation(2). The
systemappliesa smoothing�lter several timesto the local trajec-
tory basedon theupdaterule x̂t

i  x̂t
i � l D4x̂t

i , wherel is adamp-
ing factorcontrolling therateof convergenceandD is a derivative



operatorin time. The �ltered position in the local frame is then
transformedbackto theglobalframe.

5 Skin Animation

Giventhelocationsof themarkersateachframe,theskinanimation
problemcanbeformulatedasascattereddatainterpolationproblem
of deformingtheverticesof thedetailedmodelto matchthemarker
locations.However, thespaceof deformationsfor humansis likely
too complex to beapproximatedby a standardlinear interpolation
techniquesuchasradialbasisinterpolation.

Instead,we reducethecomplexity of theproblemby factoringthe
deformationspaceinto two pieces.We �rst segmentthe full body
into asetof rigid parts,andthenfocusonthelocaldeformationthat
remainsaftertherigid bodymotionis removed.Theresidualdefor-
mationstill consistsof higher-orderdeformationssuchastwisting
andbulging, andwe representit asa linear combinationof a set
of prede�nedprimitive deformationmodes.Finally, theremaining
residualsareresolvedwith radialbasisinterpolation.

5.1 Registration

We createda detailedmodelof eachsubjectby photographingthe
subjectandaskingaprofessionalartistto makeamodelfor thesub-
ject usingcommercialmodelingsoftware(Maya 7). We provided
sizeinformationfor thesubjectby importingthemarkersurfacefor
thereferenceposeinto Maya. In additionto servingasa reference,
thephotographswereusedto createtexturesfor themodel.

Althoughtheartistusedthemarkersurfaceto sizethemodel,the�-
nalmodelis notaperfect�t to thereferencemarkersurface.Wead-
justthedetailedsurfaceto �t themarkersurfaceusingoptimization.
We adoptthemethodof Allen andhis colleagues[2003] for regis-
teringtwo surfacesand�nd aglobaltransformationfor eachvertex
that minimizesan objective function with threeterms: minimize
the sumof the distancefrom eachmarker to the surface,preserve
theoriginal shapeof thedetailedsurfacemodelby minimizing the
sumof the differencebetweenthe global transformationsof pairs
of neighboringvertices,andmaintainacorrespondencebetweenthe
markersandtheverticesat40 importantlandmarksof thebody(el-
bows, knees,etc.). Initially, we assignweightsonly to thesecond
andthird termsso that the model is registeredglobally �rst. Af-
ter theconvergence,we performtheoptimizationagain with equal
weightfor all theterms.

5.2 Segmentation and Weighting

For near-rigid 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 subjectwasdemonstrat-
ing the rangeof motion of eachof his or her joints. Figure5(a)
shows the result after meanshift clustering. The large deforma-
tion aroundthe upperarmsandshouldersis not handledwell and
meanshift generatesmany groupscontainingjust onetriangle.We
manuallyadjusttheresultso that thebody is divided into 17 parts
(Figure5(b)). Thissegmentationis doneonly oncefor eachsubject.

We assigna setof weightvaluesa i;p, 1 � p � Np, to themarkers,
wherea i;p is theweightvalueof themarkermi for part p, Np is the

total numberof partsandå
Np
p= 1a i;p = 1. Theweightfor a part is 1

(a) (b) (c)

Figure5: Near-rigid segmentation:(a)afterthemeanshift segmen-
tation(trianglesof thesamecolor belongto thesamegroupwhile
the black coloredtrianglesdo not belongto any group); (b) after
themanualadjustmentof thesegmentation;(c) weightdistribution
on thedetailedsurface.

if themarker is insidethepartand0 for all otherparts.For mark-
erson theboundarybetweenparts,wedeterminetheweightvalues
by computingthelikelihoodthatthemarkerbelongsto eachneigh-
boringpart. Thesystemcomparesthemarker's motionto therigid
body motion of the neighboringparts(asde�ned by the markers
thatarelabeledasfully insidethepart). Basedon theerrorvalue,
we employ a gaussianmodel for computingthe likelihood that a
marker belongsto a neighboringpart [Anguelov et al. 2004], and
we assignthe marker to the part if its weight is morethana pre-
de�ned threshold(0.2 in our experiments).Markersmaybelongto
multipleparts.

Finally, the weight for eachvertex of the detailedmodel is deter-
mined by �nding the nearesttriangle of the marker surfaceand
assigningthe weight obtainedby interpolatingthe weightsof the
threemarkersbasedon thebarycentriccoordinateof theprojected
vertex positionon thetriangle.Wedenotetheweightvaluefor part
p of thevertex j asb j ;p. Figure5(c) shows theweightdistribution
of thedetailedmodel.

5.3 Deformation

Basedon the segmentation,we factorthe full body motion into a
rigid bodytransformationof thesegmentedpartsandtheir localde-
formation.Thelocaldeformationis furtherdividedinto two terms:
aquadraticdeformationandits residual.

We �rst de�ne the local framefor eachrigid part in the reference
pose.We call this framethelocal part referenceframe. Theorigin
of the local frameis the averageof the referenceposepositionof
all markersassignedto thatpart. Thethreeaxesof thelocal frame
arethethreeeigenvectorsof thecovariancematrix of themarkers'
positions. We de�ne the rigid translationandrotationof the part
p which transforma globalpositioninto its local positionasd̃0

p 2
R3� 1 andR̃0

p 2 R3� 3. We denotethepositionof the i-th member
markerassignedto partp aspp;i , 1 � i � Yp, whereYp is thenumber
of markersassignedto part p. For a positionp0

p;i at the reference

pose,the local positionp̂0
p;i is computedasp̂0

p;i = R̃0
p(p0

p;i + d̃0
p).

Wecall this thelocal part referencepositionof themarker.

The rigid transformation(d̃t
p andR̃t

p) for a given part p at frame
t is computedso that it bringsthepositionof all membermarkers
ascloseaspossibleto their local partreferencepositionsusingthe
absoluteorientationmethod[Horn 1987].Thelocalpositionp̂t

p;i is
computedas p̂t

p;i = R̃t
p(pt

p;i + d̃t
p). The remainingerror between



p̂t
p;i andthereferencepositionfor thatmarker is thelocaldeforma-

tion.

We approximatethelocal deformationof eachpartwith a continu-
ousdeformation�eld. Humanbodymovementsincludenon-linear
deformationssuchastwisting,bulgingandbending.Inspiredby the
work of Müller andhis colleagues[2005],we choosequadraticde-
formationsto representthelocaldeformation.With thisapproach,a
complex non-lineardeformationis modeledasalinearcombination
of 3 � 9 basicdeformationmodes. The quadratictransformation
is de�ned asa matrix Ã = [A1 A2 A3] 2 R3� 9, whereA1 2 R3� 3

correspondsto a lineartransformation,A2 2 R3� 3 andA3 2 R3� 3

area purequadraticanda mixedquadratictransformation,respec-
tively. Given a 3D positionp = [px py pz]T, the quadratictrans-
formationprovidesa new transformedpositionp̃: p̃ = Ãq; where
q = [px; py; pz; p2

x; p2
y; p2

z; pxpy; pypz; pzpx]T is a9 dimensional
quadraticvectorcorrespondingto p.

At eachframe,we computethecomponentsof thequadratictrans-
formationÃt

p of partp suchthatthetransformationbringsthelocal
part referencepositionof all membermarkersascloseaspossible
to their local positionsat framet. We usethe pseudoinverseto
solve for this transformation:

Ãt
p = P̂t (Q0)T

h
Q0(Q0)T

i � 1
; (6)

whereP̂t = [p̂t
p;1; : : : ; p̂t

p;Yp
] 2 R3� Yp, Q0 = [q0

p;1; : : : ;q0
p;Yp

] 2 R9� Yp

andq0
p;i is a quadraticvectorcorrespondingto the local part refer-

encepositionp0
p;i .

Finally, giventhetransformedpositionp̃t
p;i = Ãt

pq0
p;i , weuseradial

basisinterpolationto resolve the remainingresidualr t
p;i = pt

p;i �
p̃t

p;i by determiningtheweightvectorwt
p;i suchthat

r t
p; j =

Yp

å
i= 1

wt
p;i f

 
jj p̃t

p;i � p̃t
p; j jj

s p

!

; for 1 � j � Yp; (7)

wheref (�) is a radialbasisfunctionands p is a dilation factorfor
part p. In our experiments,we usea cubic B-splineasthe radial
basisfunctionandsetthedilation factorto betwice themaximum
distancebetweentwo nearestmembermarkersfor eachpart.

Provided d̃t
p, R̃t

p, Ãt
p andwt

p = f wt
p;1; : : : ;wt

p;Yp
g at framet, any

given positionp̂0
p representedin the local part referenceframeof

part p canbetransformedbackto its globalpositionpt as

pt = (R̃t
p)� 1 �

 

Ãt
pq̂0

p + å
i

wt
p;i f

 
jj Ãt

pq̂0
p � p̃t

p;i jj

s p

! !

� d̃t
p; (8)

whereq̂0
p is thequadraticvectorof p̂0

p. Consequently, for a given
positionv0

j of the vertex j of the detailedmodel in the reference
pose,its deformedpositionis computedas

vt
j =

Np

å
p= 1

b j ;pvt
j ;p; (9)

wherevt
j ;p is thedeformedpositionsrelatedto part p obtainedby

Equation(8). We animatethemodelby transferringthe reference
positionusingEquation(9).

Table1: The numberof trajectoriesbeforeandafter the merging
process,the 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) merging merging (errorrate) merging holes
�e xing (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: Theaccuracy of thehole-�lling algorithmfor thepunching
motion.Theerrorvaluesarenormalizedby theaveragedistanceto
theneighbors.

region abdomen elbow 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 show theeffectivenessof theclean-upalgorithm. Table1
shows thenumberof trajectoriesbeforeandafterthemerging pro-
cessandthenumberof holesbeforethehole�lling process.More
dynamicmotionstendto havemoredisconnectedtrajectories.This
tablealsoshows thenumberof partial trajectoriesassignedwrong
labels and the numberof manualcorrectionsrequiredto merge
missingunlabeledtrajectories.Thosewrongandmissingtrajecto-
riesoccurredmainly aroundtheelbows duringlargedeformations.
Becauseof noise,the numberof the trajectoriesafter merging is
still morethanthenumberof markers;theextra trajectoriesusually
containedsevere(oneor two frameslong) outliersandareignored
in thelaterstagesof processing.Wetestedtheaccuracy of ourhole-
�lling algorithmby deletinga marker thatwasseenin thedataand
reconstructingit (Table2). Theaverageerrorwasabout2%,which
is acceptablefor visualquality. Figure6 shows thatourhole�lling
algorithmworks well even thougha large numberof the markers
aremissing.

Next, we compareour deformationmethodwith three different
methods:rigid deformationfor eachpart without resolvingresid-
uals(Figure7(b)), quadraticdeformationwithout resolvingresid-
uals (Figure 7(c)) and rigid deformationwith resolvingresiduals
(Figure7(d)). Our method,quadraticdeformationwith resolving
residuals,is shown in Figure 7(e). Quadraticdeformationgives
a smootherdeformationand follows the marker positionsbetter
due to its higherorderdeformationterms. Becausethe residuals
aresigni�cantly smallerin quadraticdeformationthanin therigid
one,theresultsafterresolvingtheresidualsarealsobetterwhenthe
quadraticdeformationsareused.

Weappliedourmethodtovariousbehaviorsincludingslow motions
suchasbreathing(Figure8(a)), andgol�ng (Figure1) aswell as
highly dynamicmotionssuchaspunching(Figure1), jumpingrope
(Figure8(b))andbelly dancing(Figure9). Wecompareoursynthe-
sizedresultswith video taken during the capture(Figure8(c) and
(d)). We alsocomparedour resultswith thosefrom conventional
motioncapture(Figure8(e)and(f)). Subjectswearingconventional
markersetswereaskedtoperformsimilarmotionsto thosecaptured
with the350marker set.As shown in the�gures, our methodsuc-
cessfullycapturedtheexpandingandcontractingof breathingand
thedynamicdeformationsof thesurfaceof thetorsoduring jump-
ing. Conventionalmethodsfailedto capturetheseeffects.



(a) (b) (c)

Figure6: Hole �lling: (a)markerswith holes;(b) afterhole�lling;
(c) adetailedsurfacemodel

(a)

(b) (c)

(d) (e)

Figure7: Comparisonof differentdeformationmethods;(a) anex-
ampleposewith themarkers;(b) rigid deformationwithout resolv-
ing residuals;(c) quadraticdeformationwithout resolvingresidu-
als;(d) rigid deformationwith residualsresolved;(e) quadraticde-
formationswith residualsresolved(ourmethod).

7 Discussion

In this paperwe have demonstratedthatdatacapturedfrom a large
setof markerscanbeusedto animatethenaturalbending,bulging,
andjiggling of thehumanform. Our contribution is twofold. First,
weprovidealgorithmsfor estimatingthelocationof missingmark-
ers. Becausethe humanbody is articulatedandour marker set is
dense,markersarefrequentlyoccludedby otherpartsof thebody.
Therefore,missingmarkersarefar morecommonin our captures
thanin facialanimation,theotherdomainwhereadensemarkerset
hasbeenused.Oursecondcontribution is analgorithmfor deform-
ingasubject-speci�cmodeltomatchthetrajectoriesof themarkers.
We do this in two stages,�rst capturingthe rigid body motion of
themarkersandthenresolvingtheresidualdeformations.Our ap-
proachto this problemallowedusto animatethemotionof a mus-
cular malepunchingand jumping ropeand the performanceof a
professionalbelly dancer. Theanimateddeformationsof theirbod-
ies aredramaticandperhapsunexpected,but we demonstratethat
they area goodmatchto video capturedsimultaneously. We also
demonstratethat the subtletiesof the skin motion would not have
beencapturedby astandardmarkersetworking in concertwith the
skinningalgorithmsavailablein commercialanimationsoftware.

Although we choseto usehand-designedmodels,we believe that
thisapproachwouldalsowork onascannedmodelif suchamodel
wereavailable for our subjects. The modelsusedin the SCAPE
systemhadapproximately50,000polygons[Anguelov etal. 2005];
ourpolygonalmodelshad54,000polygonssotheresolutionis sim-
ilar.

(a)

(d)

(b)

(e)

(c)

(f)

Figure8: Comparisonbetweenour methodandconventionalmo-
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 approachis its smallercaptureareabecause
thecamerasareplacedcloseto thesubjectfor accuracy. Thus,mo-
tionsrequiringa largespacesuchasrunningcannotbecapturedin
ourcurrentsystem.

Our animationsandmodelswerespeci�c to the particularactors
whoperformedfor us.Althoughit might bepossibleto parameter-
ize thedeformationsseenin our capturesessionswith joint angles
(asothershave done)andperhapsalsowith velocity in a world co-
ordinatesystemfor dynamiceffectsor joint torquecomputedfrom
inversedynamicsfor musclebulging, we believe that it would be
very dif�cult and probablyimpossibleto generalizethe dynamic
capturedmotion to an animatedcharacterwith a signi�cantly dif-
ferentbodytype. Theskin motionof a heavy person,for example,
will not look realisticwhenappliedto askinny character.

Becauseweusetheactualthree-dimensionallocationsof themark-
ers,weshouldbeableto capture�ne detailsthatsystemsthatusean
approximationto themarker locationsor amuchsparsermarkerset
will likely miss. For example,the pointy bone,the olecranon, on
theoutsideof a bentelbow is sometimessmoothedout with other
approaches,but anadditionalmarker placedon theelbow captured
that informationin our system.We addedmarkersto supplement
our nominal grid that capturedsomeof thesedetailsbut a more
anatomicallybasedprocedurefor placingthe markersmight cap-
turemoreof thesesubtledetails.

During hole-�lling, we determinedthe position of the missing
markers by averaging the estimatedpositions from neighbors.
However, the contributions of neighborsmight be weightedwith
lessweightgiven to the neighborsthat wereestimatedratherthan
measured.WhenlearningthePCA model,we only usetheframes
whereamarkerandall its neighborsareavailable,whichdecreases



thenumberof samples.Althoughthis approachgave a reasonable
result in our experiments,an enhancedPCA suchas[Shumet al.
1995] could be appliedto createa morecomprehensive statistical
model.

Our marker setwasquitelargeandsuitingup a subjectfor capture
took aboutanhour in our experiments.Therefore,it would might
beworthexploringwhetherthesedynamiceffectscouldbecaptured
with a moreparsimoniousmarker setby combininga conventional
marker setwith additionalmarkersplacedonly on theareasof the
body expectedto deform suchas the belly or biceps. A smaller
marker setmight beeffective if thecapturedinformationwassup-
plementedby adetailedanatomicalmodelaswasdonefor theface
by Sifakisandhiscolleagues[2005].
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