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Abstract. The contritution present@anapproactor motioncapturing(MoCap)
of dressedpeople.A cloth drapingmethodis embeddedn a silhouettebased
MoCap systemandan error functionalis formalizedto minimize imageerrors
with respecto silhouettesposeandkinematicchainparametershe cloth drap-
ing componentsindexternalwind forces.We reporton variousexperimentswith
two typesof clothes,namelya skirt anda pair of shorts.Finally we comparethe
anglesof the MoCapsystemwith resultsfrom a commerciallyavailable marker
basedtracking system.The experimentsshaw, that we are basicallywithin the
error rangeof marker basedtracking systemsthoughbody partsare occluded
with cloth.

1 Intr oduction

Marker-lessmotioncapturings ahighly challengingopic of researctandmary promis-
ing approacheexistto tackletheproblem[12,5,1,10,4,7]. In mostsetupst is required
thatthe subjectshave to weareitherbody suits,to be nakedor at leastto wearclothing
which stresseshe body contours(e.g. swim suits). Suchclothingis often uncomfort-
ableto wearin contrastto loose clothing (shirts or shorts).The analysisof outdoor
sporteventsalsorequiresto take clothinginto accountOn the otherhand,cloth drap-
ing is a well establishedeld of researchin computergraphicsand virtual clothing
canbe moved andrenderedso that it blendsseamlesslywith motion and appearance
in movie sceneg6, 8,9,17]. Existing approachesan be roughly divided in geomet-
rically or physically basedones.Physicalapproachesnodel cloth behaior by using
potentialand kinetic enegies. The cloth itself is often representeds a particle grid
in a spring-masschemeor by using nite elementg9]. Geometricapproache$l7]
model clothesby using othermechanicgheorieswhich are often determinedempiri-
cally. Thesemethodscanbe very fastcomputationallybut areoftencriticized asbeing
visually unappealing.

Themotivationof thiswork is to combinea cloth drapingalgorithmwith a marker-
lessMoCapsystem.Thekey ideais to usethe appearancef the cloth andthe visible
partsof the humanbeingto determinethe underlyingkinematic structure thoughit
might be heavily occluded.
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2 Foundations: SilhouettebasedMoCap

This work is an extensionof a previously developedmarkerlessMoCapsystem[16].
In this system the humanbeingis representedh termsof free-formsurfacepatches,
joint indicesareaddedto eachsurfacenodeandthe joint positionsare assumedThis
allows to generaterbitrarybody con gurations,steeredhroughjoint angles.The as-
sumedcorrespondingounterpart$n the imagesare 2D silhouettesTheseareusedto
reconstrucBD ray bundlesanda spatialdistanceconstraintis minimizedto determine
the positionandorientationof the surfacemeshandthe joint angles.n this sectionwe
will give abrief summaryof the MoCapsystem Thesefoundationsareneededaterto
explain conciselywhereandhow the cloth drapingapproactis incorporated.

2.1 Silhouetteextraction

Image sggmentationusually meansto estimateboundariesof objectsin animage.It
is animportantstepfor dataabstractionput the taskcanbecomevery dif cult dueto
noise,shading pcclusionor texturetransitionsbetweerthe objectandthe background.
Our approachis basednimagesegmentatiorbasedn level setg[3, 14,2].

Fig. 1. Silhouetteextractionbasedon level setfunctions.Left: Initial sggmentationRight: Seg-
mentatiornresult.

A level setfunction F 2 W7! R splitsthe imagedomain W into two regions W,
andWs with F(x) > 0if x2 W, andF (X) < 0if x2 Ws. Thezero-level line thusmarks
the boundarybetweenboth regions. On a discreteimage, the level setfunctionsare
modeledthrougha distancetransformfrom the contourline to theinnerandouterre-
gionwith negative andpositive distancevaluesrespectiely. Bothregionsareanalyzed
with respecto the probabilitiesof imagefeaturege.g.gray valuedistributions,color
or texture channels)Now the key ideais to evolve the contourline, to maximizethe
probabilitydensityfunctionswith respecto eachother Furthermorethe boundarybe-
tweenbothregionsshouldbe assmallaspossible This canbe expressedy addinga



smoothnesterm.Both partsleadto thefollowing enegy functionalthatis soughtto be
minimized:
z
E(F:p1;p2) = ” H(F (X)) logpi+ (1 H(F (X)) logpz + njNH(F (x))j dx

wheren > 0Qis aweightingparameteandH (s) is aregularizedversionof theHeaviside
function,e.g.theerrorfunction. The probabilitydensitiesp; areestimatedaccordingo

the expectation-maximizatioprinciple. Having the level setfunction initialized with

somecontout the probabilitydensitieswithin thetwo regionsareestimatedy thegray
value histogramssmoothedwith a GaussiarkernelKs andits standarddeviation s.

Figure 1 shows on the left an exampleimagewith an initialization of the region as
rectangle Theright imageshaws the estimatedstationary)contourafter 50 iterations.
As canbe seenthelegsandthe skirt arewell extracted but therearesomedeviations
in thefeetregion, dueto shadavs. Suchinaccuracieganbe compensatethroughthe
poseestimationprocedure.

2.2 Registration, Poseestimation

Assumingan extractedimagecontourandthe silhouetteof the projectedsurfacemesh,
the closestpoint correspondencesetweenboth contoursare usedto de ne a setof
correspondingBD lines and 3D points. Thena 3D point-line basedposeestimation
algorithmfor kinematicchainsis appliedto minimizethe spatialdistancebetweerboth
contours:For point basedposeestimationeachline is modeledasa 3D Plicker line
Li = (nj;my), with a (unit) directionn; and momentm; [13]. The 3D rigid motion is
expresseasexponentialform
~ w Vv
M= ep(gx) = ep " g ()

Whereq;‘isthematrixrepresentationf atwistx 2 sg3) = f (v; jv2 R3; A2 sa(3)g,
withsa3) = fA2 R® 3jA= ATg. TheLie algebrasa(3) is thetangentiakpaceof the

3D rotations ts elementsare(scaledyotationaxes,which caneitherberepresenteds
a 3D vectoror scrav symmetricmatrix,

0 1
Wy 0 w3 Wp
gw= q@ws A withkwk,=1 or qw=qg@ws 0 wmA: 2)
W3 w, wpg O

A twist x containssix parameterandcanbescaledo gx for aunit vectorw. Thepa-
rameterg 2 R correspond$o themotionvelocity (i.e., therotationvelocity andpitch).
For varying g, the motion canbe identi ed asscrev motion aroundan axisin space.
Thesix twist componentganeitherberepresentedsa 6D vectoror asa4 4 matrix,
0 1
0 w3 Wo Vi
w3 0 9w V2§ )
Wo Wqp 0 V3 ’ (3)
0O 0 O O

gx = q(wiwaiwa;viivoive) T kwko = 1, gx = g

To reconstructigroupactionM 2 SE(3) from a giventwist, the exponentialfunction

exp(q)é = éfw% = M 2 SE(3) mustbecomputedThis canbedoneef ciently by
usingthe Rodriguezformula[13].



For poseestimationthe reconstructedPliicker lines are combinedwith the screv
representatiofor rigid motions:Incidenceof the transformedD point X; with the 3D
rayL; = (nj;m) canbeexpresse@s

(exp(@X)X)3 1 M m=0 ()

Sinceexp(qix)x@ is a4D vector thehomogeneousomponen{whichis 1) is neglected
to evaluatethe crossproductwith n;. Thenthe equationis linearizedanditerated,see
(16]. < <

Jointsareexpressedsspecialscravs with no pitch of theform qj)ﬁ‘ with known )ﬁ‘
(thelocationof therotationaxesis partof the model)andunknawn joint angleq;. The
constraintequationof anith pointon a jth joint hastheform

(exp(qjx;) - exp(quxy) xp(gX)X)3 1 M m =0 ®)

which is linearizedin the sameway asthe rigid body motionitself. It leadsto three
linearequationswith the six unknovn poseparameterand j unknawn joint angles.

3 Kinematic cloth draping

For our set-upwe decidedto usea geometricapproactto modelcloth behaior. The
main reasonis that cloth drapingis neededin one of the innermostloops for pose
estimatiorandsegmentationThereforat mustbeveryfast.In ourcasenve needaround
400iterationsfor eachframeto corvergeto asolution.A cloth drapingalgorithmin the
areaof secondsvould requirehoursto calculatethe poseof oneframeandweeksfor

a whole sequence.We decidedto modelthe skirt asa string-systenwith underlined

 p

Fig. 2. The cloth draping principle. Jointsare usedto deformthe cloth while drapingon the
surfacemesh.

kinematicchains:The mainprincipleis visualizedon theleft in Figure2 for a pieceof
clothfallingonaplane Thepieceof clothis representedsaparticlegrid, asetof points
with known topology While loweringthe cloth, the distanceof eachcloth pointto the
groundplaneis determinedlf thedistancébetweeronepointontheclothto thesurface
is below athresholdthepointis setasa x ed-point,seethetop rightimageon theleft



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

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

of Figure2. Now the remainingpointsare not allowed to fall downwardsany more.
Insteadfor eachpoint, the nearestx ed-pointis determinedanda joint (perpendicular
to theparticlepoint) is usedto rotatethefree pointalongthejoint axisthroughthe x ed
point. Theusedjoint axesaremarkedasbluelinesin Figure2. Theimageon theright
in Figure2 shows the geometricprinciple to determinethe twist for rotationarounda
x edpoint: Theblueline representameshof therigid body, x is the x edpointandthe
(right) pink line segmentconnects to a particle p of the cloth. The directionbetween
both pointsis projectedonto the y-planeof the x ed point (1). The directionis then
rotatedaround90degreeq2), leadingto therotationaxisn. Thepointpair(n,x n) are
the component®f the twist, seeequation(3). While lowering the cloth, free particles
nottouchingasecondigid point,will swingbelow the x edpoint(e.g.p9. Thisleadsto
anoppositerotation(indicatedwith (1), (2') andn9 andtheparticleswingsbackagain,
resultingin anaturalswingingdrapingpattern.The drapingvelocity is steeredhrough
arotationvelocity g, whichis setto 2 degreesduring iteration.Sinceall pointseither
becomex ed points,or resultin a stationarycon guration while swingingbackwards
andforwards,we constantlyuse50 iterationsto drapethe cloth. Theremainingimages
ontheleft in Figure2 shav theongoingdrapingandthe nal result.

Figure 3 shavs exampleimagesof a skirt and a pair of shortsfalling on the leg
model. The skirt is modeledasa 2-parametrianeshmodel.Dueto the useof general
rotationstheinternaldistancedn theparticlemeshcannotchangewith respecto oneof
thesedimensionssincea rotationmaintainsthe distancebetweerthe involved points.
However, this is not the casefor the secondsamplingdimension.For this reasonthe
skirt needsto be re-constraineafter draping.If a stretchingparameteiis exceeded,
the particlesare re-constrainedo minimal distanceto eachother This is only done



for the non- x ed points(i.e. for thosewhich arenot touchingthe skin). It resultsin a
betterappearancegspeciallyfor certainleg con gurations.Figure 3 shows that even
the creasesre maintained.In this case,shortsare simplersincethey are modeledas
cylinders,transformedogethemwith thelegsandthendraped.

To improve the dynamicbehaior of clothing during movementswe alsoadd a
wind-modelto the cloth draping.We continuewith the cloth-drapingin the following
way: dependenpnthedirectionof wind we determineajoint onthenearestx edpoint
for eachfree point on the surfacemeshwith the joint directionbeingperpendiculato
thewind direction.Now we rotatethefreepointaroundthis axisdependenvnthewind
force(expressedsanangle)or until theclothis touchingtheunderlyingsurface Figure
4 shavs examplesof theshortsandskirt with frontal or backwardwind. Thewind force
anddirectionarelaterpartof the minimizationfunctionduringposetracking.Sincethe
motion dynamicsof the cloth are determineddynamically we needno information
aboutthecloth type or weightsincethey areimplicitly determinedrom the minimized
clothdynamicsn theimagedata;we only needthe measurementsf the cloth.

4 Combined cloth draping and MoCap

The assumptionare as follows: We assumethe representatiorof a subjects lower
torso(i.e. for the hip andlegs)in termsof free-formsurfacepatchesWe alsoassume
known joint positionsalongthe legs. Furthermorewe assumethe wearingof a skirt

‘ Initialization of pose parameters

For each Frame:

Silhouette extraction (pose, cloth and wind constant)
— silhouette

c
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Registration of legs and cloth (segmentation and wind constant)
— rigid body motion, kinematic chain

Cloth draping

Optimization of wind parameters
—— wind forces (segmentation and pose constant)

Fig. 5. Thebasicalgorithmfor combinedcloth drapingandmotioncapturing

or shortswith known measuresThe personis walking or steppingin a four-camera
setup.Thesecamerasretriggeredandcalibratedwith respecto oneworld coordinate
system.Thetaskis to determinethe poseof the modelandthejoint con guration. For
thiswe minimizetheimageerrorbetweerthe projectedsurfacemesheso the extracted
imagesilhouettesTheunknonvnsarethe pose kinematicchainandthecloth parameters



(wind forces,cloth thicknessgtc.). The taskcanbe representedsan error functional
asfollows:

z
E(F:p1P2;gX; Qe i gni GW) = W H(F)logpi+ (1 H(F))logpz+ njNH(F)j dx
I {z }

7 segmentation

+1  (F Fof Xiqu G ; )) dx
w i A
| poseandkinegaticchain, wind parameters

shapeerror

Dueto thelarge numberof parameterandunknovnswe decidedfor aniterative min-
imizationschemeseeFigure5: Firstly, the pose kinematicchainandwind parameters
arekeptconstantwhile theerrorfunctionalfor thesegmentation(basedn F ; p1; p2) is
minimized(section2.1). Thenthe sggmentatiorandwind parameterarekeptconstant
while the poseandkinematicchainaredeterminedo t thesurfacemeshandthecloth
to the silhouettegsection2.2). Finally, differentwind directionsandwind forcesare
sampledo re ne theposeresult(section3). Sinceall parameterin uence eachother,
the processs iterateduntil a steadystateis reachedln our experimentswe always
cornvergedto alocal minimum.

5 Experiments

Fig. 6. Examplesequence$or tracking clothedpeople.Top row: walking, leg crossing,knee
bendingand kneepulling with a skirt. Bottom row: walking, leg crossing,kneebendingand
kneepulling with shorts.The poseis determinedrom 4 views (just oneof the views is shavn,
imagesarecropped).



Fig. 7. Error duringgrabbingtheimages

Fig. 8. Exampleleg con®gurationof the sequencesThe examplesare taken from the subject
wearingthe shorts(blue) andthe skirt (red) (leg crossingwalking, kneebending kneepulling).

For the experimentsve useda four-camerasetup andgrabbedmagesequencesf
thelower torsowith differentmotion patterns:The subjectwasasledto wearthe skirt
andthe shortswhile performingwalking, leg crossingandturning, kneebendingand
walking with kneespulled up. We decidedon thesedifferent patterns sincethey are
notonly of importancdor medicalstudieqe.g.walking), but they arealsochallenging
for the cloth simulator sincethe cloth is partially stretched(knee pulling sequence)
or hangingdown loosely (knee bending).The turning and leg crossingsequences
interestingdueto the higherocclusionsFigure 6 shovs someposeexamplesfor the
subjectwearingtheskirt (top) andshorts(bottom).Theposeis visualizedby overlaying
theprojectedsurfacemeshontotheimagesJustoneof thefour camerass shovn. Each
sequenceonsistof 150-240frames.Figure 7 visualizesthe stability of our approach:
While grabbingthe images,a coupleof frameswere storedcompletelywrong. These
sporadicoutlierscanbe compensateftom our algorithm,anda few frameslater (see
theimageontheright) the poseis correct.Figure8 shavsleg con gurationsin avirtual
ervironment.The positionof thebodyandthejoints reveala naturalcon guration.

Finally, thequestionaboutthe stability arises.To answetthis questionwe attached
markersto thesubjectandtrackedthe sequencesimultaneouslyvith thecommercially
availableMotion Analysissystenm[11]. The markersareattachedo thevisible partsof
the leg andare not disturbedby the cloth. We thencompareoint anglesfor different
sequencesvith the resultsof the marker basedsystem,similar to [16]. The overall



Fig. 9. Left: Kneeanglesrom sequencewearingtheshorts Right: Kneeanglefrom sequences
wearingthe skirt. Top left: Anglesof the kneeup sequenceBottom left: Anglesof the knee
bendingsequenceTop right : Anglesof thewalking sequenceBottom right : Anglesof theleg
crossingsequence.

errorsfor both typesof cloth variesbetweenl:5 and 4:5 degrees,which indicatesa
stableresult.

The diagramsin Figure 9 shows the overlay of the kneeanglesfor two skirt and
two shortssequencedueto spacdimits, we just shaov four sequencegheremaining
four areavailableuponrequestThetwo systemganbeidenti ed by thesmoothcurves
from the Motion Analyis systemandunsmoothedurves(our system).

6 Summary

Thecontribution present@napproactor motioncaptureof clothedpeople To achieve
this we extenda silhouette-baserhotion capturesystemwhich reliesonimagesilhou-
ettesandfree-formsurfacepatchesf thebodywith a cloth drapingprocedureDueto
thelimited time constraintgor clothdrapingwe decidedonageometricaapproactbased
onkinematicchains We call this cloth drapingprocedureinematiccloth draping.This
modelis very well suitedto be embeddedn a motion capturesystemsinceit allows
usto minimize the cloth drapingparametergandwind forces)within the sameerror
functional suchasthe sggmentationand poseestimationalgorithm. Due to the num-
berof unknavnsfor the segmentationposeestimationjoints andcloth parametersye
decidedon aniterative solution. The experimentswith a skirt andshortsshow thatthe
formulatedproblemcanbe solved. We are ableto determingoint con gurationsand
poseparameter®f the kinematicchains,thoughthey are considerablycoveredwith
clothes.Indeed,we usethe cloth drapingappearancén imagesto recover the joint
con guration and simultaneouslhydeterminewind dynamicsof the cloth. We further
performeda quantitatie erroranalysisby comparingour methodwith a commercially



availablemarker basedrackingsystem.Theexperimentshawv thatwe arein thesame
errorrangeasmarker basedrackingsystemg15].

For future works we planto extendthe cloth drapingmodelwith more advanced

ones[9] andwe will compardifferentdrapingapproacheandparametepptimization

SC

hemesn the motioncapturingsetup.
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