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Abstract. Thecontributionpresentsanapproachfor motioncapturing(MoCap)
of dressedpeople.A cloth drapingmethodis embeddedin a silhouettebased
MoCapsystemandan error functional is formalizedto minimize imageerrors
with respectto silhouettes,poseandkinematicchainparameters,thecloth drap-
ing componentsandexternalwind forces.Wereportonvariousexperimentswith
two typesof clothes,namelya skirt anda pair of shorts.Finally we comparethe
anglesof theMoCapsystemwith resultsfrom a commerciallyavailablemarker
basedtrackingsystem.The experimentsshow, that we arebasicallywithin the
error rangeof marker basedtrackingsystems,thoughbody partsareoccluded
with cloth.

1 Intr oduction

Marker-lessmotioncapturingisahighlychallengingtopicof researchandmany promis-
ingapproachesexist to tackletheproblem[12,5,1,10,4,7]. In mostsetupsit is required
thatthesubjectshave to weareitherbodysuits,to benakedor at leastto wearclothing
which stressesthebodycontours(e.g.swim suits).Suchclothing is oftenuncomfort-
able to wear in contrastto looseclothing (shirts or shorts).The analysisof outdoor
sporteventsalsorequiresto take clothing into account.On theotherhand,cloth drap-
ing is a well established�eld of researchin computergraphicsand virtual clothing
canbe moved andrenderedso that it blendsseamlesslywith motion andappearance
in movie scenes[6,8,9,17]. Existing approachescanbe roughly divided in geomet-
rically or physicallybasedones.Physicalapproachesmodelcloth behavior by using
potentialandkinetic energies.The cloth itself is often representedasa particlegrid
in a spring-massschemeor by using �nite elements[9]. Geometricapproaches[17]
modelclothesby usingothermechanicstheorieswhich areoften determinedempiri-
cally. Thesemethodscanbevery fastcomputationallybut areoftencriticizedasbeing
visuallyunappealing.

Themotivationof thiswork is to combineaclothdrapingalgorithmwith amarker-
lessMoCapsystem.Thekey ideais to usetheappearanceof thecloth andthevisible
partsof the humanbeing to determinethe underlyingkinematicstructure,thoughit
might beheavily occluded.
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2 Foundations:SilhouettebasedMoCap

This work is anextensionof a previously developedmarker-lessMoCapsystem[16].
In this system,the humanbeingis representedin termsof free-formsurfacepatches,
joint indicesareaddedto eachsurfacenodeandthe joint positionsareassumed.This
allows to generatearbitrarybodycon�gurations,steeredthroughjoint angles.Theas-
sumedcorrespondingcounterpartsin the imagesare2D silhouettes:Theseareusedto
reconstruct3D ray bundlesanda spatialdistanceconstraintis minimizedto determine
thepositionandorientationof thesurfacemeshandthejoint angles.In this sectionwe
will givea brief summaryof theMoCapsystem.Thesefoundationsareneededlaterto
explainconcisely, whereandhow theclothdrapingapproachis incorporated.

2.1 Silhouetteextraction

Imagesegmentationusuallymeansto estimateboundariesof objectsin an image.It
is an importantstepfor dataabstraction,but thetaskcanbecomevery dif�cult dueto
noise,shading,occlusionor texturetransitionsbetweentheobjectandthebackground.
Ourapproachis basedon imagesegmentationbasedon level sets[3,14,2].

Fig.1. Silhouetteextractionbasedon level setfunctions.Left: Initial segmentation.Right: Seg-
mentationresult.

A level setfunction F 2 W 7! R splits the imagedomainW into two regionsW1
andW2 with F (x) > 0 if x 2 W1 andF (x) < 0 if x 2 W2. Thezero-level line thusmarks
the boundarybetweenboth regions.On a discreteimage,the level set functionsare
modeledthrougha distancetransformfrom thecontourline to the innerandouterre-
gionwith negativeandpositivedistancevalues,respectively. Bothregionsareanalyzed
with respectto theprobabilitiesof imagefeatures(e.g.grayvaluedistributions,color
or texturechannels).Now the key ideais to evolve the contourline, to maximizethe
probabilitydensityfunctionswith respectto eachother. Furthermore,theboundarybe-
tweenboth regionsshouldbeassmallaspossible.This canbeexpressedby addinga



smoothnessterm.Bothpartsleadto thefollowing energy functionalthatis soughtto be
minimized:

E(F ; p1; p2) = �
Z

W

�
H(F (x)) log p1 + (1� H(F (x))) logp2 + njÑH(F (x)) j

�
dx

wheren > 0 is aweightingparameterandH(s) is aregularizedversionof theHeaviside
function,e.g.theerrorfunction.Theprobabilitydensitiespi areestimatedaccordingto
the expectation-maximizationprinciple. Having the level set function initialized with
somecontour, theprobabilitydensitieswithin thetwo regionsareestimatedby thegray
valuehistogramssmoothedwith a GaussiankernelKs and its standarddeviation s .
Figure 1 shows on the left an exampleimagewith an initialization of the region as
rectangle.Theright imageshows theestimated(stationary)contourafter50 iterations.
As canbeseen,thelegsandtheskirt arewell extracted,but therearesomedeviations
in thefeet region,dueto shadows.Suchinaccuraciescanbecompensatedthroughthe
poseestimationprocedure.

2.2 Registration, Poseestimation

Assuminganextractedimagecontourandthesilhouetteof theprojectedsurfacemesh,
the closestpoint correspondencesbetweenboth contoursare usedto de�ne a set of
corresponding3D lines and 3D points.Then a 3D point-line basedposeestimation
algorithmfor kinematicchainsis appliedto minimizethespatialdistancebetweenboth
contours:For point basedposeestimationeachline is modeledasa 3D Plücker line
Li = (ni ;mi), with a (unit) directionni andmomentmi [13]. The 3D rigid motion is
expressedasexponentialform

M = exp(qx̂ ) = exp
�
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whereq Ãx is thematrixrepresentationof atwist x 2 se(3) = f (v; Ãw)jv2 R3; Ãw 2 so(3)g,
with so(3) = f A2 R3� 3jA = � ATg. TheLie algebraso(3) is thetangentialspaceof the
3D rotations.Its elementsare(scaled)rotationaxes,whichcaneitherberepresentedas
a 3D vectoror screw symmetricmatrix,
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A twist x containssix parametersandcanbescaledto qx for aunit vectorw. Thepa-
rameterq 2 R correspondsto themotionvelocity (i.e., therotationvelocityandpitch).
For varying q, the motion canbe identi�ed asscrew motion aroundan axis in space.
Thesix twist componentscaneitherberepresentedasa 6D vectoror asa4� 4 matrix,
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To reconstructa groupactionM 2 SE(3) from a giventwist, theexponentialfunction

exp(q Ãx) = å ¥
k= 0

(q Ãx)k

k! = M 2 SE(3) mustbecomputed.Thiscanbedoneef�ciently by
usingtheRodriguezformula[13].



For poseestimationthe reconstructedPlücker lines arecombinedwith the screw
representationfor rigid motions:Incidenceof thetransformed3D point Xi with the3D
rayLi = (ni ;mi) canbeexpressedas

(exp(qx̂)Xi )3� 1 � ni � mi = 0: (4)

Sinceexp(q Ãx)Xi is a4D vector, thehomogeneouscomponent(which is 1) is neglected
to evaluatethecrossproductwith ni . Thentheequationis linearizedanditerated,see
[16].

Jointsareexpressedasspecialscrewswith nopitchof theform q j
Ãx j with known Ãx j

(thelocationof therotationaxesis partof themodel)andunknown joint angleq j . The
constraintequationof anith point ona jth joint hastheform

(exp(q j x̂ j ) : : :exp(q1x̂1) exp(qx̂ )Xi)3� 1 � ni � mi = 0 (5)

which is linearizedin the sameway asthe rigid body motion itself. It leadsto three
linearequationswith thesix unknown poseparametersand j unknown joint angles.

3 Kinematic cloth draping

For our set-upwe decidedto usea geometricapproachto modelcloth behavior. The
main reasonis that cloth draping is neededin one of the innermostloops for pose
estimationandsegmentation.Thereforeit mustbeveryfast.In ourcaseweneedaround
400iterationsfor eachframeto convergeto asolution.A clothdrapingalgorithmin the
areaof secondswould requirehoursto calculatetheposeof oneframeandweeksfor
a whole sequence.We decidedto modelthe skirt asa string-systemwith underlined

Fig.2. The cloth drapingprinciple. Jointsare usedto deform the cloth while drapingon the
surfacemesh.

kinematicchains:Themainprincipleis visualizedon theleft in Figure2 for a pieceof
clothfallingonaplane.Thepieceof clothis representedasaparticlegrid,asetof points
with known topology. While loweringthecloth, thedistanceof eachcloth point to the
groundplaneis determined.If thedistancebetweenonepointontheclothto thesurface
is below a threshold,thepoint is setasa �x ed-point,seethetop right imageon theleft



Fig.3. Cloth drapingof a skirt andshortsin a simulationenvironment.

Fig.4. Wind modelon the shorts(left) andthe skirt (right). Visualizedis frontal andbackward
wind.

of Figure2. Now the remainingpointsarenot allowed to fall downwardsany more.
Instead,for eachpoint, thenearest�x ed-pointis determinedanda joint (perpendicular
to theparticlepoint) is usedto rotatethefreepointalongthejoint axisthroughthe�x ed
point.Theusedjoint axesaremarkedasbluelinesin Figure2. Theimageon theright
in Figure2 shows thegeometricprinciple to determinethe twist for rotationarounda
�x edpoint:Theblueline representsameshof therigid body, x is the�x edpointandthe
(right) pink line segmentconnectsx to a particlep of thecloth.Thedirectionbetween
both points is projectedonto the y-planeof the �x ed point (1). The direction is then
rotatedaround90degrees(2), leadingto therotationaxisn. Thepointpair (n, x� n) are
thecomponentsof the twist, seeequation(3). While lowering thecloth, freeparticles
nottouchingasecondrigid point,will swingbelow the�x edpoint(e.g.p0). Thisleadsto
anoppositerotation(indicatedwith (1'), (2') andn0) andtheparticleswingsbackagain,
resultingin a naturalswingingdrapingpattern.Thedrapingvelocity is steeredthrough
a rotationvelocity q, which is setto 2 degreesduring iteration.Sinceall pointseither
become�x edpoints,or resultin a stationarycon�guration while swingingbackwards
andforwards,we constantlyuse50 iterationsto drapethecloth.Theremainingimages
on theleft in Figure2 show theongoingdrapingandthe�nal result.

Figure3 shows exampleimagesof a skirt anda pair of shortsfalling on the leg
model.Theskirt is modeledasa 2-parametricmeshmodel.Due to theuseof general
rotations,theinternaldistancesin theparticlemeshcannotchangewith respectto oneof
thesedimensions,sincea rotationmaintainsthedistancebetweenthe involvedpoints.
However, this is not thecasefor the secondsamplingdimension.For this reason,the
skirt needsto be re-constrainedafter draping.If a stretchingparameteris exceeded,
the particlesare re-constrainedto minimal distanceto eachother. This is only done



for thenon-�x edpoints(i.e. for thosewhich arenot touchingtheskin). It resultsin a
betterappearance,especiallyfor certainleg con�gurations.Figure3 shows that even
the creasesaremaintained.In this case,shortsaresimplersincethey aremodeledas
cylinders,transformedtogetherwith thelegsandthendraped.

To improve the dynamicbehavior of clothing during movements,we also add a
wind-modelto thecloth draping.We continuewith thecloth-drapingin the following
way:dependentonthedirectionof wind wedeterminea joint onthenearest�x edpoint
for eachfreepoint on thesurfacemeshwith the joint directionbeingperpendicularto
thewind direction.Now werotatethefreepointaroundthisaxisdependentonthewind
force(expressedasanangle)oruntil theclothis touchingtheunderlyingsurface.Figure
4 showsexamplesof theshortsandskirt with frontalor backwardwind.Thewind force
anddirectionarelaterpartof theminimizationfunctionduringposetracking.Sincethe
motion dynamicsof the cloth are determineddynamically, we needno information
aboutthecloth typeor weightsincethey areimplicitly determinedfrom theminimized
clothdynamicsin theimagedata;we only needthemeasurementsof thecloth.

4 Combinedcloth draping and MoCap

The assumptionsare as follows: We assumethe representationof a subject's lower
torso(i.e. for thehip andlegs) in termsof free-formsurfacepatches.We alsoassume
known joint positionsalong the legs. Furthermorewe assumethe wearingof a skirt

Fig.5. Thebasicalgorithmfor combinedclothdrapingandmotioncapturing

or shortswith known measures.The personis walking or steppingin a four-camera
setup.Thesecamerasaretriggeredandcalibratedwith respectto oneworld coordinate
system.Thetaskis to determinetheposeof themodelandthejoint con�guration.For
thisweminimizetheimageerrorbetweentheprojectedsurfacemeshesto theextracted
imagesilhouettes.Theunknownsarethepose,kinematicchainandtheclothparameters



(wind forces,cloth thickness,etc.).The taskcanberepresentedasanerror functional
asfollows:

E(F ; p1; p2;qx ;q1; : : : ;qn;c;w) = �
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Dueto thelargenumberof parametersandunknownswe decidedfor aniterativemin-
imizationscheme,seeFigure5: Firstly, thepose,kinematicchainandwind parameters
arekeptconstant,while theerrorfunctionalfor thesegmentation(basedonF ; p1; p2) is
minimized(section2.1).Thenthesegmentationandwind parametersarekeptconstant
while theposeandkinematicchainaredeterminedto �t thesurfacemeshandthecloth
to the silhouettes(section2.2). Finally, differentwind directionsandwind forcesare
sampledto re�ne theposeresult(section3). Sinceall parametersin�uence eachother,
the processis iterateduntil a steadystateis reached.In our experiments,we always
convergedto a local minimum.

5 Experiments

Fig.6. Examplesequencesfor trackingclothedpeople.Top row: walking, leg crossing,knee
bendingandkneepulling with a skirt. Bottom row: walking, leg crossing,kneebendingand
kneepulling with shorts.Theposeis determinedfrom 4 views (just oneof theviews is shown,
imagesarecropped).



Fig.7. Error duringgrabbingtheimages

Fig.8. Exampleleg con®gurationsof the sequences.The examplesare taken from the subject
wearingtheshorts(blue)andtheskirt (red)(leg crossing,walking,kneebending,kneepulling).

For theexperimentswe useda four-camerasetupandgrabbedimagesequencesof
thelower torsowith differentmotionpatterns:Thesubjectwasaskedto weartheskirt
andthe shortswhile performingwalking, leg crossingandturning,kneebendingand
walking with kneespulled up. We decidedon thesedifferentpatterns,sincethey are
notonly of importancefor medicalstudies(e.g.walking),but they arealsochallenging
for the cloth simulator, sincethe cloth is partially stretched(kneepulling sequence)
or hangingdown loosely (kneebending).The turning and leg crossingsequenceis
interestingdueto the higherocclusions.Figure6 shows someposeexamplesfor the
subjectwearingtheskirt (top)andshorts(bottom).Theposeis visualizedby overlaying
theprojectedsurfacemeshontotheimages.Justoneof thefour camerasis shown.Each
sequenceconsistsof 150-240frames.Figure7 visualizesthestability of our approach:
While grabbingthe images,a coupleof frameswerestoredcompletelywrong.These
sporadicoutlierscanbecompensatedfrom our algorithm,anda few frameslater (see
theimageontheright) theposeis correct.Figure8 showsleg con�gurationsin avirtual
environment.Thepositionof thebodyandthejoints reveala naturalcon�guration.

Finally, thequestionaboutthestabilityarises.To answerthis question,weattached
markersto thesubjectandtrackedthesequencessimultaneouslywith thecommercially
availableMotion Analysissystem[11]. Themarkersareattachedto thevisiblepartsof
the leg andarenot disturbedby the cloth. We thencomparejoint anglesfor different
sequenceswith the resultsof the marker basedsystem,similar to [16]. The overall



Fig.9. Left : Kneeanglesfrom sequenceswearingtheshorts.Right: Kneeanglesfrom sequences
wearingthe skirt. Top left: Anglesof the kneeup sequence.Bottom left: Anglesof the knee
bendingsequence.Top right : Anglesof thewalking sequence.Bottom right : Anglesof theleg
crossingsequence.

errorsfor both typesof cloth variesbetween1:5 and4:5 degrees,which indicatesa
stableresult.

The diagramsin Figure9 shows the overlay of the kneeanglesfor two skirt and
two shortssequences.Dueto spacelimits, we just show four sequences,theremaining
four areavailableuponrequest.Thetwo systemscanbeidenti�ed by thesmoothcurves
from theMotion Analyissystemandunsmoothedcurves(oursystem).

6 Summary

Thecontributionpresentsanapproachfor motioncaptureof clothedpeople.To achieve
thisweextendasilhouette-basedmotioncapturesystem,which relieson imagesilhou-
ettesandfree-formsurfacepatchesof thebodywith a cloth drapingprocedure.Dueto
thelimited timeconstraintsfor clothdrapingwedecidedonageometricapproachbased
onkinematicchains.Wecall thisclothdrapingprocedurekinematicclothdraping.This
model is very well suitedto be embeddedin a motion capturesystemsinceit allows
us to minimize the cloth drapingparameters(andwind forces)within the sameerror
functionalsuchas the segmentationandposeestimationalgorithm.Due to the num-
berof unknownsfor thesegmentation,poseestimation,jointsandclothparameters,we
decidedon aniterative solution.Theexperimentswith a skirt andshortsshow thatthe
formulatedproblemcanbe solved.We areableto determinejoint con�gurationsand
poseparametersof the kinematicchains,thoughthey areconsiderablycoveredwith
clothes.Indeed,we usethe cloth drapingappearancein imagesto recover the joint
con�guration andsimultaneouslydeterminewind dynamicsof the cloth. We further
performeda quantitativeerroranalysisby comparingour methodwith a commercially



availablemarkerbasedtrackingsystem.Theexperimentsshow thatwe arein thesame
errorrangeasmarkerbasedtrackingsystems[15].

For future works we plan to extendthe cloth drapingmodelwith moreadvanced
ones[9] andwewill comparedifferentdrapingapproachesandparameteroptimization
schemesin themotioncapturingsetup.
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