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Abstract

In computer animation, human motion capture from
video is a widely used technique to acquire motion pa-
rameters. The acquisition processtypically requires an
intrusion into the scene in the form of optical mark-
ers which are used to estimatethe parameters of mo-
tion as well as the kinematicstructure of the performer.
Marker-free optical motion capture approaches ex-
ist, but due to their dependenceon a speci�c type of a
priori model they can hardly be usedto track other sub-
jects, e.g. animals. To bridge the gap betweenthe gen-
erality of marker-basedmethodsand the applicability of
marker-freemethodswepresenta �exiblenon-intrusiveap-
proach that estimatesboth,a kinematicmodeland its pa-
rameters of motion from a sequenceof voxel-volumes.
The volumesequencesare reconstructedfrom multi-view
video data by means of a shape-from-silhouettetech-
nique. The describedmethod is well-suited for but not
limited to motioncaptureof humansubjects.

1. Intr oduction

In computeranimation,the generationof life-lik e hu-
mancharactershasalwaysbeenachallengingproblem.The
most importantaspectsof humancharacteranimationare
the generationof humanphysical appearanceand the re-
alistic recreationof his motion.A varietyof techniqueshas
beendevelopedto assisttheanimatorin thelattertask.Stan-
dard techniquesfor motion generationare keyframing, in
which theanimatorspeci�esa setof key bodyposesto be
interpolated,physics-basedanimation,in which the char-
acter's motion is simulatedconsideringforcesandtorques,
andmotioncapture.In thelattermethod,motionparameters
arerecordedfrom arealhumanactorperforming.A variety
of motioncapturetechniqueshasbeendeveloped,spanning
from mechanicaldevicesover electromagneticapproaches
to optical systems.The majority of optical motion capture
systemsrelieson re�ective markerson the body andmul-
tiple high-speedhigh-resolutionvideocamerasto estimate

motion parameters.In many applicationscenarios,for ex-
amplewhentexture andmotion informationshouldbe ac-
quiredatsametime(e.g.surveillanceand3D video),visual
interferencewith therecordedsceneis not desirable.Thus,
a largevarietyof marker-freeopticalmotioncapturealgo-
rithmshasbeendevelopedthatdowithoutany visualintru-
sioninto thescene.

The techniquesmentionedso far have in commonthat
they dependon an a priori humanbody model.The most
widely usedmodeltypeis aprede�nedskeletonof thebody
that representstheunderlyingkinematicsvia joints andin-
terconnectingbones.For marker-basedapproaches,it has
beendemonstratedthat it is possibleto estimatejoint lo-
cationsandbonehierarchiesfrom the 3D marker trajecto-
ries [23]. This way, differentmoving subjects,humansand
animals,canbe trackedby thesametechniquewithout re-
quiringcompletemanualredesignof thebodymodel.Some
marker-free capturingmethodsfor humanscan also esti-
matepartsof the body structuresemi-automaticallyusing
a priori information(e.g.[12]). However, theseapproaches
fall shortof thegeneralcaseof arbitrarymoving subjects.

In orderto extendthe classof non-intrusive algorithms
with someof the �e xibility providedby marker-basedmo-
tion capturesystems,wepresentanovel approachthat

� estimatesthe kinematicstructureof the moving sub-
jectwithout requiringsigni�cant apriori knowledge;

� tracksthemotionof thesubjectusingvolumedatathat
is reconstructedwithout theuseof opticalmarkers;

� is �e xible enoughto beappliedto alargeclassof mov-
ing subjects.

Input to our systemaresequencesof voxel volumesthat
arereconstructedfrom multi-view videostreamsby means
of a shape-from-silhouetteapproach.At eachtime stepthe
volumesare subdivided by �tting ellipsoidal shellsto the
voxel data,therebyapproximatingtheshapeof themoving
subject.Exploiting the temporaldimension,we can iden-
tify correspondencesbetweenellipsoidsover time andthus
identify coherentrigid body parts.Knowing the motion of



the rigid bodiesover time, the joint locationsof the kine-
maticchainareestimated,andthemotionparametersof the
recordedsubjectarecalculatedbasedon thederivedskele-
ton.Wedemonstratetheperformanceof theapproachusing
volumesequencesof a moving personrecordedin our ac-
quisitionenvironment,andexplainhow theapproachcanbe
appliedto a moregeneralclassof moving subjects,e.g.an-
imals.

2. RelatedWork

Commercialhumanmotioncapturesystemscanbeclas-
si�ed as mechanical, electromagnetic,or optical sys-
tems[18]. Video-basedsystemsusedin the industry typ-
ically require the personto wear optical markers on the
body to whose3D locationsa kinematic skeleton is �t-
ted [23]. A methodfor acquisitionof a deformablehuman
model using a combinationof silhouetteinformation and
marker-basedtrackingis shown in [22]. Sincein many ap-
plication scenariosno visual intrusion into the scene
is desired,researchersin computervision have investi-
gated marker-free optical methods[10]. Some of these
methodswork in 2D and representthe body by a prob-
abilistic region model [27] or a stick �gure [15]. More
advancedalgorithmsemploy a kinematicskeletonassem-
bled of simple shapeprimitives, such as cylinders [21],
ellipsoids[6], or superquadrics[11]. Inversekinematicsap-
proacheslinearlyapproximatethenon-linearmappingfrom
imageto parameterspace [3, 28] to computemodel pa-
rameters directly. Analysis-through-synthesismethods
searchfor optimalbodyparametersthatminimizethemis-
alignmentbetweenimageandprojectedmodel.To assess
the goodness-of-�t, features,such as image discontinu-
ities, are typically extractedfrom the video frames[11].
A force �eld exertedby multiple imagesilhouettesaligns
a 3D body model in Ref. [8]. In Ref. [20] a combina-
tion of stereoandsilhouette�tting is usedto estimatehu-
manmotion.A hardware-acceleratedsilhouette-basedmo-
tion estimationis describedin Ref. [4], and in Ref. [9]
a particle �lter is appliedto estimatebody poseparame-
tersfrom silhoutteviews.

Recently, sequencesof shape-from-silhouette(visual
hull) modelshave beenconsideredas input data for hu-
man motion estimation. Ellipsoidal body models [6],
kinematic skeletons [17], or skeleton models with at-
tachedvolumesamples[26] are �tted to the volumedata.
Othervisual hull-basedapproaches�t a pre-de�nedkine-
matic model with triangular mesh surface representa-
tion [2] to the volumes,or employ a Kalman Filter and
primitiveshapesfor tracking[19].

All previouslymentionedmarker-freetechniquesrely on
someform of pre-designedbodymodelor requirea signif-
icant amountof a priori knowledgeto generatethe model

from the datain a semi-automaticprocedure.In contrast,
we presentanapproachthatestimatesthemoving subject's
kinematicsandits motionin tandem,therebyenablingmo-
tion capturewithoutprior informationaboutthebodystruc-
ture.Weachievethisbycombiningavolumedecomposition
techniquebasedonellipsoidalshellswith amotiontracking
of theseprimitive shapeswhich enablesautomaticmarker-
freemotioncapture.

Theideaof characterizing3D point cloudsby meansof
�tting primitive shapesis a commonapproachin 3D shape
analysis(see[16] for a survey) whereit is typically applied
to staticdata.In Ref. [7], multiple superquadricshapesare
usedto decompose3D pointdatainto primitivesub-shapes.
Thesamecategory of geometricprimitivesis usedin com-
puter vision for object recognition,rangemap segmenta-
tion [14] andanalysisof medicaldatasets[1].

Most similar to our approachis the work by Cheunget
al. [5], wherea person's skeletonandmotionareestimated
from visual hulls, and the work by Kakadiariset al. [12]
wherebodymodelsareestimatedfrom multiple silhouette
images.Our methoddiffers from theseapproachesin that
it doesnot requirea dedicatedinitialization phasewhere
prescribedmotionsequencesareto beperformedwith each
limb separately. Thus,our methodrequiresfar lessa pri-
ori informationaboutthetrackedsubject.

3. The Big Picture

In Fig. 1 anoverview of themainalgorithmicwork�o w
of our methodis shown. The systemexpectsa voxel vol-
umeV(t) for eachtime stept of videoasinput. In step1,
theEllipsoidFitting step,eachV(t) is �lled with ellipsoidal
shellsusinga split andmerge approach(Sect.5). The re-
sult is a set of �tted ellipsoidsE(t) and a list of associ-
atedvoxel subsetsS(t) for eachtime instant.The corre-
spondencesbetweenellipsoidsatdifferenttime instantsare
establishedby meansof a dynamicprogrammingmethod
in step2, the Ellipsoid Matchingstep(Sect.6). The result
of step2 is apathfor eachprimitiveshapethatdescribesits
motionovertime.Together, all ellipsoidpathsform thepath
setP. Knowing their motion, the primitivesareclustered
into separaterigid bodiesin step3, theBody Part Identi�-
cationstep(Sect.7). After step3, themotionof eachrigid
bodyovertimeis known,andjoint locationsbetweenneigh-
boringbodiescanbeestimatedin step4, theSkeletonRe-
constructionstep(Sect.8).Thisstepalsoenablesestimation
of bodymotionparametersbasedon theconstructedskele-
ton model.Optionally, steps1-3 maybeiteratedon subsets
of thevolumedata(Sect.9).

4. VoxelData Acquisition

The video sequencesusedas input to our systemare
recordedin our multi-view video studio [25]. IEEE1394
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Figure 1. Visualization of the individual processing steps. Steps 1-3 may optionall y be iterated.

camerasareplacedin a convergentsetuparoundthe cen-
ter of the scene.The video footageusedin this paperis
recordedfrom8staticviewingpositionsarrangedatapprox-
imatelyequalanglesanddistancesaroundthecenterof the
room. The camerasaresynchronizedvia an external trig-
ger, arerecordingata resolutionof 320x240pixelsandata
framerateof 15 fpswhich is thetechnicallimit for external
synchronization.Thecamerasaremetricallycalibratedinto
acommoncoordinatesystem.In eachvideoframe,thesub-
ject in theforegroundis segmentedvia backgroundsubtrac-
tion, therebycreatingsilhouetteimages.From the silhou-
etteswereconstructthevoxel-basedvolumeof theobjectin
theforegroundby meansof a space-carvingapproach[13].
In additionto simpleshape-from-silhouettereconstruction,
thismethodemploysacolor-consistency criterionovermul-
tiple cameraviews to enhancethereconstructionquality. In
our experiments,we carve surfacevoxel setsout of volume
blocksof 2563 volumeelements.

5. Ellipsoid Fitting

5.1. Fitting an Ellipsoid to VoxelData

An ellipsoidis aclosedsurfacede�nedasthesolutionof
theimplicit equation

F (x; y; z) = (
x
a1

)2 + (
y
a2

)2 + (
z
a3

)2 (1)

wherea1, a2 anda3 arescalingfactorsalongthethreeco-
ordinateaxes.Eq. 1 enablesa simple test for decidingif
a point (x; y; z) lies inside (F < 1), on the surface of
(F = 1), or outside(F > 1) the primitive shape.An el-
lipsoid in a generalposition is describedby three addi-
tional rotationparameters(Rx ; Ry ; Rz ) and threetransla-
tion parameters(Tx ; Ty ; Tz ) with respectto the world ori-
gin. Thus, in order to �t an ellipsoid to a set of N 3D
points (in our casesurface voxels) such that its surface

comesascloseaspossibleto all pointsnine shapeparam-
eters[a1; a2; a3; Rx ; Ry ; Rz ; Tx ; Ty ; Tz ] needto be deter-
mined.Usingthefollowing procedurewe canrobustly and
quickly �t ellipsoidswhile avoiding a time-consumingnu-
mericaloptimization.First, Tx ; Ty ; Tz arefoundasthe3D
locationof thevoxel set'scenterof gravity. Thesix remain-
ing parametersarefound via momentanalysis[6], i.e. the
directionsof themainaxesof variationin the3D voxel set
arefound asthe eigenvectorsof the point set's covariance
matrix.Fromthese,theoptimalradii a1; a2; a3 andtheop-
timal rotationparametersRx ; Ry ; Rz arederived.

This procedurecomputesanellipsoidal�t very quickly,
but it doesnot provide a directmeasureof the �tting qual-
ity. Hencewe calculatea �tting error (FE) D that givesa
numericalestimateof how well theellipsoidapproximates
thepointdata:

D =
p

a1a2a3

N

NX

i =1

jjOP(i )jj r ad �(F (x i ; yi ; zi )
1
2 � 1)2 (2)

In Eq.2 jjOP(i )jj r ad is theradialEuclideandistancebe-
tweenthe i th point in the dataset P(i ) and the intersec-
tion point of theline segmentOP(i ) with theellipsoidsur-
face.Thus,anellipsoidE is representedby 10scalarvalues:
E = [a1; a2; a3; Tx ; Ty ; Tz ; Rx ; Ry ; Rz ; D ].

5.2. Split and Merge

Using the methoddescribedin Sect.5.1 for eachtime
step,we �ll thevoxel volumeswith ellipsoidalshellssuch
that their total numberand eachindividual ellipsoid's �t-
ting errorareassmallaspossible.Weachievethisby apply-
ing a hierarchicalsplit andmerge approach[7]. Theproce-
durestartswith asplit stage,approximatingthewholevoxel
volumeby oneellipsoidwhich is subdividedinto two ellip-
soidsin caseD is greaterthansomethreshold(Fig. 2). The
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Figure 2. Illustration of the split and merge procedure .

split stagerecursively processeseachnewly createdellip-
soid in thesameway, therebyproducinga hierarchicalde-
compositionof the voxel set.The split stageis performed
for eachvoxel volumeV(t) individually.

Themergestagefollowsthesplit stageandimprovesthe
�tting resultby mergingpairsof neighboringellipsoidsinto
one.It is performedonly for thevoxel volumeV(1) of the
�rst timestep.

In thefollowing theindividualstepsof thesplit stageand
themergestagearedetailed.

5.2.1. Split Stage For eachV(t):

1 The whole setof 3D voxels V (t) is approximatedby
oneellipsoidE.

2 If the �tting error D of E is lessthansomethreshold
TSP LI T , the procedurestops.Otherwise,it proceeds
to step3.

3 The setof 3D voxels is split into two subsetsS1 and
S2 alongtheplaneP orthogonalto themajor inertial
axisof thevoxel set(NotethatP containsthecentroid
of theset).

4 S1 andS2 areapproximatedindividually by oneellip-
soid each.For eachsubset,the procedureis repeated
from step2.

We obtaina setof ellipsoidsEspl it (t) anda setof cor-
respondingvoxel subsetsSspl it (t) that approximatethe
voxel model V (t). After a suf�cient numberof subdivi-
sions(in our casetypically 7 andusinga small TSP LI T ),
thereis a high likelihoodthatall pointsin onevoxel subset
belongto thesamerigid bodyof thetrackedsubject's kine-
matic skeleton.Nonetheless,it is still possiblethat more
thanoneellipsoidis �tted to onerigid body(e.g.four ellip-
soidsto theupperarm),or thatanellipsoidwas�tted to a
positionon the boundarybetweentwo adjacentrigid bod-
ies (e.g. centeredon the knee joint). In the latter case
the voxel subsetassociatedwith the ellipsoid would be-
long to two differentkinematicelements.

5.2.2. MergeStage For V (1) only:

1 For eachsubsetof voxels Si 2 Sspl it , we determine
thelist K i = f Sn 1; ::; Snk g of neighboringvoxel sub-
sets(Sn 1; ::; Snk 2 Sspl it ).

2 For eachpossiblepairing of the voxel setSi andone
neighboringvoxel setSj 2 K i , amergedvoxel setM j

is created.A novel ellipsoid is �tted to eachM j and
a �tting error D j is computed.From all pairedellip-
soidswhoseD j is below somethresholdTM E R GE the
onewith thelowestD j is chosento replacethetwo el-
lipsoidsit emergedfrom.

3 A new setof ellipsoidsis obtained.The procedureis
repeatedfrom step1. It terminateswhenall �tting er-
rorsaregreaterthanTM E R GE .

Weperformthemergingsteponly on the�rst voxel vol-
umeV(1). If wewereconsideringvoxel volumesfrom dif-
ferenttimestepsindependentlyandmergingellipsoidsonly
due to structuralcriteria, it would not be possibleto pre-
venterroneousmergesacrossrigid bodyboundaries.In ad-
dition, we keepthe numberof ellipsoidsat eachtime step
of thesequenceconstant.Mergesin V (1) thatturnout to be
implausiblein later time stepsof themotionsequence,are
preventedby carefully tuning TM E R GE at t = 1. The re-
sultingsetof ellipsoidsis thestartingpoint for theellipsoid
matchingstep(Sect6) which exploits thetemporaldimen-
sionto preventmerging acrossboundariesof separatebod-
ies.

Theresultof thesplit andmergeprocessis asetof ellip-
soidsE(t) andasetof voxel subsetsS(t) for eachV(t).

6. Ellipsoid Matching

In thisstepasetof correspondencesC(t; t + 1) between
eachpair of ellipsoid setsE(t) andE(t + 1) from subse-
quenttime stepsis computed.The setof correspondences
describesfor eachshapeprimitive in E(t) to which mem-
ber of E(t + 1) it is related.In otherwords,a correspon-
dencefor oneellipsoidtells usfrom which 3D positionin t
to which locationin t + 1 it moves.



Assumingthatwecankeepthenumberof ellipsoidscon-
stantfor all time instants,the correspondencesenablethe
reconstructionof a completemotionpathfor eachindivid-
ual shapeprimitive over thedurationof thewholeinput se-
quence.Theellipsoidmatchingprocedurelooksateachpair
of ellipsoidsetsE(t) andE(t + 1) at subsequenttime in-
stantsseparately.

Sincethenumberof shapeprimitivesin thesetsE(t) and
E(t+ 1) maydiffer, weemploy atwo-stageprocedureto es-
tablishthecorrespondencesandto reorganizetheellipsoids
suchthattheirnumberateachtime instantis constant.This
way we establisha bijective correspondencemappingbe-
tweenellipsoidsat subsequenttimesteps.

In the �rst stage,a correspondencefor eachindividual
shapeprimitive is establishedto an ellipsoid at the subse-
quenttimeinstantby meansof adynamicprogrammingap-
proach[24].

This optimizationis basedon an error function that is
the weightedsumof two distancefunctions.The �rst dis-
tancevalueis theEuclideandistancebetweentheellipsoid
centers.Theseconddistancefunctionis theabsolutediffer-
encein thesizeof thevoxel subsetsthatareassociatedwith
eachof thetwo primitiveshapes.

Dynamic programmingestablishesa �rst set of corre-
spondences.Unfortunately, the �rst matchingstagemay
leadto two casesof degeneratecorrespondences,thatneed
to becorrectedin thesecondstage(Fig. 3):

� DuplicatedEllipsoids: A duplicatedellipsoid occurs,
for instance,if two or moreellipsoidsfrom E(t) are
mappedto thesameellipsoidatE(t + 1). In thiscase,
thisellipsoidatE(t + 1) is split anddynamicprogram-
ming is appliedagain.

� MissingCorrespondences:If thenumberof ellipsoids
in E(t + 1) is initially greaterthanin E(t), someel-
lipsoidsin E(t + 1) arenotassignedapartnerin E(t).
In orderto solve this problem,we mergeellipsoidsin
E(t + 1) withoutcorrespondencesfrom E(t) with the
closestellipsoid in E(t + 1) for which a correspon-
dencehasbeenestablished.

By this means,for eachprimitive in E(t) exactly one
partnerfrom E(t + 1) is found. After processingall time
stepsin this way, eachellipsoidsetcontainsthesamenum-
berof shapesasthesetE(1). Notethatin orderto establish
correctcorrespondencesC(t; t + 1) theellipsoidsetsareal-
teredaswell. For eachshapeprimitive in E(1) a complete
motion pathover the whole sequencecanbe identi�ed by
linking subsequentcorrespondences.The so-createdsetof
pathsP containsfor eachEi 2 E(1) a pathPi , Pi beingan
orderedsetof 3D coordinatesPi = f (x i (t); yi (t); zi (t)) j
t valid timestepg of theellipsoidcenterat time t.

Fig. 5(left) showsexamplepathsthatwerereconstructed
with thisapproach.

Final set of correspondencesInitial set of correspondences

Final set of correspondencesInitial set of correspondences

(A) Duplicated Ellipsoids

(B) Missing Correspondences

Figure 3. Handling special cases during ellip-
soid matc hing: Duplicate ellipsoids (top) and
missing correspondences (bottom).

7. Body Part Identi�cation

The pathsof P provide all necessaryinformation we
needto identify separaterigid bodiesin thekinematicskele-
ton of thetrackedsubject.In thecaseof trackinga human,
this meansthatthepathsenableusto identify, for example,
theupperarmsegmentor thelower leg segment.Implicitly,
we make the simplifying assumptionthat individual kine-
matic elementscanbe representedas rigid structuresthat
donotundergostrongdeformation.

In orderto identify individual rigid bodies,wemakeuse
of the fact that themutualEuclideandistancebetweenany
two points on the samebody doesnot changewhile the
skeletonis moving. Thus, if the mutual distancebetween
themotionpathsof two ellipsoidsover time undergoessig-
ni�cant variation,it is mostlikely thatthetwo primitivesdo
not lie insidethesamerigid body.

This criterion gives us a procedureat handwhich en-
ables clustering individual ellipsoids into separatekine-
matic elements.The procedureis basedon the relative
path of an ellipsoid Ek , Pr (Ek ). The relative path is ob-
tainedby subtractingthemean3D positionof theellipsoid
over time (xk ; yk ; zk ) from eachindividual positionalong
the path,Pr (Ek ) = f (xk (t); yk (t); zk (t)) � (xk ; yk ; zk ) j
t valid timestepg. Therelative pathdecouplesinformation
on motionvariationfrom informationaboutthe locationin
spacewherethemotion takesplace.This way, comparison
of ellipsoidmotionis simpli�ed.

In Fig. 4 (a) the pathsof two ellipsoids belongingto
theupperarmandforearm,respectively, areshown. Thez-
coordinatesof their relative pathsare also plotted (Fig. 4
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Figure 4. Close-up of rendered motion paths of two ellipsoids (radii reduced for better visibility)
in the forearm and upper arm respectivel y (a). Plots of z-coor dinate values of the relative motion
paths of each of the ellipsoids (b),(c). Graph of the distance cur ve for the ellipsoids' relative mo-
tion paths (d).

(b),(c)). In orderto decidewhethertheellipsoidsresideon
thesamerigid bodywecomputethedistancecurvebetween
therelative paths(Fig. 4 (d)).

In detail, thestepswhich enableus to draw sucha con-
clusionareasfollows:

1 The relative pathPr (Ek ) is calculatedfor eachellip-
soidEk 2 E(1).

2 After selectinga seedellipsoid Eseed 2 E(1), a dis-
tancecurve DCseed;k betweenPr (Eseed) andPr (Ek )
for eachellipsoid Ek 2 E(1) n fEseedg is computed.
The value of DCseed;k at eachtime step is the Eu-
clideandistancebetweenthe respective positionson
the relative pathsof Eseed and Ek . One example is
shown in Fig. 4 (d).

3 The integral of thedifferencecurve I (seed;k) is cal-
culatedto getanestimateof theareaunderthecurve's
plot. Thevalueof I (seed;k) indicateshow similar the
two pathsare.EllipsoidEk is classi�edasbelongingto
thesamebodyasEseed if I (seed;k) < TSB , TSB be-
ing apathsimilarity threshold.

4 Theellipsoidspassingthetestareassignedto thesame
rigid bodyasEseed .

5 Theprocedureiteratesby restartingfrom step2 andse-
lectinganew seedfrom all ellipsoidsthathave notyet
beenassignedto a rigid body.

TheseedEseed in the�rst iterationis theellipsoidnear-
estto thecenterof gravity (COG)of thevoxel setV (1). In
the subsequentiterations,the selectedseedis the ellipsoid
nearestto the COG of the body part that wasfound in the
precedingiteration.The thresholdTSB usedin the proce-
dureis determinedby performingstatisticalanalysison the
setof integral valuesI (seed;k). In caseof a humansub-
ject this seedselectionstrategy leadsto a subsequentiden-
ti�cation of rigid bodiesthat belongto one limb (e.g. the
arm).For eachV(t) it is now known which voxel subsets
form arigid bodyandhow therigid bodiesmoveover time.

Figure 5. Illustration of a few time steps of
the computed motion paths for arm ellipsoids
(left). Novel ellipsoids were �tted to identi�ed
rigid bod y segments (right).

A novel ellipsoid is �tted to eachsuchvoxel subset(Fig. 5
(right)).

Weachievedgoodresultswith thiscriteriafor all themo-
tion datawe tested.

8. SkeletonReconstruction

The �nal stepof M 3 makes useof the detectedrigid
bodiesand their motion to estimatethe 3D locationsof
interconnectingjoints. Joint �nding is performedfor each
time stepindividually. Sincewe have no a priori informa-
tion aboutwhich rigid bodiesare connectedby a joint in
the skeletonhierarchy, we employ a heuristicapproachto
recover the connectivity. The temporalsequencein which
the bodieswereidenti�ed in the previous algorithmicstep
(Sect.7) providesa clueon whichadjacentrigid bodiesare
possiblyconnected.For eachpair of potentially intercon-
nectedadjacentrigid bodiesBa and Bb, the joint �nding
procedureis asfollows:

1 A setof uniformly spacedpoint samplesis createdfor
Ba andBb. Thepoint samplesfor eachbodyarecho-
sensuchthat they lie exactly on any of the threema-



Figure 6. After the �r st iteration the tor so vox-
els (left) are identi�ed and eliminated from
each voxel set. Steps 1-3 of M 3 are then re-
peated on remaining isolated voxel subsets
individuall y (right).

jor axesof theellipsoidwhichwas�tted to Ba andBb

in thepreviousstepof M 3.

2 Forbothellipsoids:Usingagrowingstrategy thatstarts
in theellipsoidcenter, thenumberof point sampleson
all threemajoraxesis simultaneouslyincreased(mov-
ing awayfrom thecenter)until at leastoneof thesam-
ples lies inside the surfaceof the other ellipsoid re-
spectively. This point (or in caseof multiple pointsly-
ing inside, their average3D location) forms an esti-
mateof thejoint positionbetweenbothbodies.

This is a simplebut ef�cient approachwhich produced
goodresultsfor our testdata.Currently, we do not applya
temporalcoherencecriterionto stabilizethejoint locations
over time, hencethe joint positionsmay jump. In a future
versionof the system,we plan to eliminatetheseartifacts
by exploiting thetemporaldomainduringjoint localization.

Having a completeskeletonat eachtime instant,it be-
comespossibleto describethe motion of the tracked sub-
ject in termsof the rotation parametersof the skeleton's
joints andthe translationof the root. Several exampleim-
agesof thereconstructedskeletonalignedwith themoving
bodycanbefoundin Fig. 7.

9. Resultsand Discussion

We evaluatetheperformanceof our systemusingvoxel
dataof a personperformingsimplegymnasticsmoves.The
videofootagewasrecordedin our multi-view videostudio.
Although the spacecarving approacheliminatesmost of
the typical artifactsin shape-from-silhouettevolumesthat
aredueto insuf�cient visibility, somenoisestill appearsin
the form of bulky armsand legs. However, spacecarving
is only one possibility to generateinput datafor for M 3.
While simplevisualhull reconstructioncanrunin real-time,
space-carvingtakes,on average,30 s on a PentiumIV 1.7

GHz to reconstructtheshapeof thepersonpersingletime
stepfrom a 2563 voxel block. In total, thetestdatasetcon-
tains220framesthatwererecordedat15 fps.

A deteriorationof tracking quality due to noisein the
volumedatacanbepreventedby applyinganiterative vari-
ant of our method.In our experimentswe appliedan iter-
ative implementationof M 3 in which thesteps1-3 arere-
peated(seeFig. 1). After eachiteration, the largest rigid
body is identi�ed and,beforethe next iteration,all voxels
belongingto this rigid body are eliminatedfrom all vol-
umedatasetsV (t). Subsequently, steps1-3 areappliedin
the sameway to eachnewly found isolatedvoxel set. In
the caseof a humansubject,this meansthat the �rst iter-
ation identi�es the torsosegment,andin subsequentitera-
tions,thealgorithmproceedswith thearms,thelegsandthe
head(Fig. 6).

The resultsin Fig. 7 show that our methodis capable
of reliably capturingthe skeletonstructureas well as the
person's motion despitenoisein the volumedata.Due to
the lack of groundtruth datawe assessthe modelestima-
tion quality by visual inspection.Therun-timesof individ-
ual algorithmiccomponentsof our systemaresummarized
in Tab. 1.

split step 6.5s (singletimestep)
mergestep 13s (�rst timestep)

Bodypartidenti�cation 51s (wholesequence)
Skeletonreconstruction 500ms(singletimestep)

Table 1. Measured run-times of individual
system components.

An importantadvantageof our methodover relatedap-
proachesis thatit estimatesthebodystructureof thetracked
subjectwith a minimum of a priori information.No spe-
cial initializationmotionis requiredto reconstructthebody
model, any motion sequenceis equally appropriate.One
step in the algorithm wherea knowledge-guideduser in-
teractionis feasibleis the choiceof the initial poseof the
trackedsubject.Althoughour experimentsshow thatstart-
ing thesystematdifferenttime instantsof thetestsequence
producessimilar resultsin termsof skeletonreconstruction,
it is nonethelessdesirableto have aninitial bodyposturein
which individual rigid bodiesarenotoccluded.

Due to the signi�cance of humanmotion datain com-
puter animationwe decidedto demonstrateour approach
usingvolumedataof a moving person.We areconvinced
thatourapproachisequallysuitablefor amoregeneralclass
of moving subjectsthatcanbemodeledby linkedkinematic
chains.Hence,we plan to presentin the future resultsob-



Figure 7. Top row: Ellipsoids �tted to diff erent bod y poses after the split stage. Second row: Dis-
covered rigid bodies rendered as ellipsoidal shells inside the voxel volumes. Thir d and four th row:
Skeleton �tted to volume data at diff erent time instants. Voxel sets belonging to diff erent rigid bod-
ies are drawn in diff erent color s.



tainedfrom moving animalsor moving mechanicalstruc-
tures.

In its currentstate,the systemis subjectto a coupleof
limitations.Eventhoughwedon't prescribeaninitialization
motion,two differentadjacentrigid bodysegmentscanonly
be automaticallyidenti�ed if at leastoncein a sequencea
relative motion betweenthem can be observed. We con-
sider this a principal problemof a non-informedtracking
approachandnota limitation thatis speci�c to ourmethod.
Furthermore,we expectthat thesystem's performancewill
deteriorateif voxels of individual rigid bodiesmerge fre-
quentlywith therestof thevolume(e.g.if thearmsareof-
tenkepttight to thetorso).

To conclude,we believe that,althoughM 3 doesnot op-
erateon the sameaccuracy level as marker-basedmotion
captureapproaches,it is nonethelessa useful tool in situ-
ationswherevisual interferencewith thecapturedsceneis
inappropriateandno informationaboutthestructureof the
trackedsubjectis available.

10. Conclusionsand Futur eWork

We presenteda novel approachfor marker-free human
motion capturethat enablesthe simultaneousrecovery of
the kinematicchainandthe motion parametersof a mov-
ing subjectfrom volumedata.It hasbeendemonstratedthat
despitenoisein thedata,thisnovel approachrobustly iden-
ti�es the body structureof a moving personwhoseshape
is reconstructedfrom silhouetteimagesin multi-view video
data.The algorithmis generalenoughto be applicablein
similar form alsoto othermoving subjectswhosestructure
canbemodeledasa linkedkinematicchain,e.g.animalsor
mechanicaldevices.

In thefuture,weplanto enhanceoursplit andmergepro-
cedure,aswell asour joint localizationapproach,by fur-
ther exploiting temporalcoherence.In addition,we exam-
inenovel waysof improving ourmatchingandbodyclassi-
�cation methods.
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