M 3: Mark er-freeModel Reconstructionand Motion Tracking
from 3D Voxel Data

Edilsonde Aguiar, ChristianTheobaltMarcusMagnor Holger Theisel,Hans-PeteBeidel
MPI Informatik, Saarbiicken, Germary
f edeaguigheobalfmagnojtheisejhpseidey@ mpi-sbmpg.de

Abstract

In computer animation, human motion captue from
video is a widely usedtecnique to acquire motion pa-
rametes. The acquisition processtypically requires an
intrusion into the scenein the form of optical mark-
ers which are usedto estimatethe parametes of mo-
tion as well as the kinematicstructue of the performer
Marker-free optical motion captue approadces ex-
ist, but due to their dependencen a speci ¢ type of a
priori modelthey can hardly be usedto tradk other sub-
jects, e.g. animals. To bridge the gap betweenthe gen-
erality of marker-basedmethodsand the applicability of
marlker-freemethodsve presenta e xible non-intrusiveap-
proach that estimateshoth, a kinematicmodeland its pa-
rametes of motion from a sequenceof voxel-volumes.
The volume sequencesire reconstructedrom multi-vien
video data by meansof a shape-fom-silhouettetech-
nique The describedmethodis well-suited for but not
limited to motioncaptue of humansubjects.

1. Intr oduction

In computeranimation,the generationof life-lik e hu-
mancharacterfiasalwaysbeenachallengingoroblem.The
mostimportantaspectof humancharacteranimationare
the generationof humanphysical appearanceand the re-
alistic recreatiorof his motion. A variety of techniquesas
beendevelopedio assistheanimatoiin thelattertask.Stan-
dardtechniguedor motion generationare keyframing, in
which the animatorspeci esa setof key body poseso be
interpolated physics-basedinimation,in which the char
acters motionis simulatedconsideringorcesandtorques,
andmotioncaptureln thelattermethod motionparameters
arerecordedrom arealhumanactorperforming.A variety
of motioncapturetechniquesiasbeendeveloped,spanning
from mechanicablevicesover electromagnetiapproaches
to optical systemsThe majority of optical motion capture
systemgelieson re ective markerson the body and mul-
tiple high-speedigh-resolutionvideo camerago estimate

motion parametersln mary applicationscenariosfor ex-
amplewhentexture and motion informationshouldbe ac-
quiredatsametime (e.g.surwillanceand3D video),visual
interferencewith the recordedscenes not desirableThus,
a large variety of marker-free optical motion capturealgo-
rithmshasbeendevelopedthatdo without ary visualintru-
sioninto thescene.

The techniquegamentionedso far have in commonthat
they dependon an a priori humanbody model. The most
widely usedmodeltypeis aprede nedskeletonof thebody
thatrepresentshe underlyingkinematicsvia joints andin-
terconnectinghones.For marker-basedapproachesit has
beendemonstratedhat it is possibleto estimatejoint lo-
cationsandbonehierarchiedrom the 3D marler trajecto-
ries[23]. This way, differentmoving subjectshumansand
animals,canbe tracked by the sametechniquewithout re-
quiring completemanualkredesigrof thebodymodel.Some
marker-free capturingmethodsfor humanscan also esti-
mate partsof the body structuresemi-automaticallyusing
a priori information(e.g.[12]). However, theseapproaches
fall shortof the generalkcaseof arbitrarymoving subjects.

In orderto extendthe classof non-intrusve algorithms
with someof the e xibility provided by marker-basedmo-
tion capturesystemsyve present novel approactthat

estimateghe kinematicstructureof the moving sub-
jectwithout requiringsigni cant a priori knowledge;

tracksthemotionof thesubjectusingvolumedatathat
is reconstructedavithout the useof opticalmarlers;

is e xible enoughto beappliedto alarge classof mov-
ing subjects.

Inputto our systemaresequencesf voxel volumesthat
arereconstructedrom multi-view video streamsy means
of a shape-from-silhouettapproachAt eachtime stepthe
volumesare subdvided by tting ellipsoidal shellsto the
voxel data,therebyapproximatinghe shapeof the moving
subject.Exploiting the temporaldimension,we caniden-
tify correspondencdsetweerellipsoidsover time andthus
identify coherentrigid body parts.Knowing the motion of



the rigid bodiesover time, the joint locationsof the kine-
maticchainareestimatedandthe motionparametersf the
recordedsubjectarecalculatedbasedon the derived skele-
ton. We demonstrat¢he performancef theapproachusing
volume sequencesf a moving personrecordedn our ac-
quisitionenvironment,andexplain how theapproaclkcanbe
appliedto a moregeneraklassof moving subjectse.g.an-
imals.

2. RelatedWork

Commerciahumanmotioncapturesystemsanbe clas-
sied as mechanical, electromagnetic,or optical sys-
tems[18]. Video-basedsystemsusedin the industry typ-
ically requirethe personto wear optical markers on the
body to whose 3D locationsa kinematic skeletonis t-
ted[23]. A methodfor acquisitionof a deformablehuman
model using a combinationof silhouetteinformation and
marker-basedrackingis shavn in [22]. Sincein mary ap-
plication scenariosno visual intrusion into the scene
is desired,researchersn computervision have investi-
gated marker-free optical methods[10]. Some of these
methodswork in 2D and representhe body by a prob-
abilistic region model [27] or a stick gure [15]. More
adwancedalgorithmsemploy a kinematicskeletonassem-
bled of simple shapeprimitives, such as cylinders [21],
ellipsoids[6], or superquadricfll]. Inversekinematicsap-
proachedinearly approximatehenon-linearmappingfrom
imageto parameteispace [3, 28] to computemodel pa-
rameters directly. Analysis-through-synthesismethods
searchfor optimal body parametershat minimize the mis-
alignmentbetweenimage and projectedmodel. 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 sterecandsilhouette tting is usedto estimatehu-
manmotion. A hardware-acceleratesilhouette-basedho-
tion estimationis describedin Ref. [4], and in Ref. [9]
a particle lter is appliedto estimatebody poseparame-
tersfrom silhoutteviews.

Recently sequencesf shape-from-silhouettgvisual
hull) modelshave beenconsideredas input datafor hu-
man motion estimation. Ellipsoidal body models [6],
kinematic skeletons [17], or skeleton models with at-
tachedvolume sampleq26] are tted to the volume data.
Othervisual hull-basedapproachest a pre-de nedkine-
matic model with triangular mesh surface representa-
tion [2] to the volumes,or employ a Kalman Filter and
primitive shapedor tracking[19].

All previously mentionedmarker-freetechniquesely on
someform of pre-designedody modelor requirea signif-
icantamountof a priori knowledgeto generatehe model

from the datain a semi-automatigrocedureln contrast,
we presentanapproactthatestimateshe moving subjects
kinematicsandits motionin tandemtherebyenablingmo-
tion capturewithout prior informationaboutthebodystruc-
ture.We achieve thisby combiningavolumedecomposition
techniquebasedn ellipsoidalshellswith amotiontracking
of theseprimitive shapewhich enablesautomaticmarker-
freemotioncapture.

Theideaof characterizingD point cloudsby meansof
tting primitive shapess a commonapproactin 3D shape
analysig(se€[16] for asurwey) whereit is typically applied
to staticdata.In Ref.[7], multiple superquadrichapesre
usedto decompos&D pointdatainto primitive sub-shapes.
The samecatayory of geometricprimitivesis usedin com-
puter vision for objectrecognition,rangemap segmenta-
tion [14] andanalysisof medicaldatasets[1].

Most similar to our approachs the work by Cheunget
al. [5], wherea persons skeletonandmotionareestimated
from visual hulls, and the work by Kakadiariset al. [12]
wherebody modelsare estimatedrom multiple silhouette
images.Our methoddiffers from theseapproache that
it doesnot require a dedicatedinitialization phasewhere
prescribednotionsequenceareto be performedwith each
limb separatelyThus, our methodrequiresfar lessa pri-
ori informationaboutthetracked subject.

3. The Big Picture

In Fig. 1 anoverview of the main algorithmicwork ow
of our methodis showvn. The systemexpectsa voxel vol-
umeV (t) for eachtime stept of videoasinput. In stepl,
theEllipsoid Fitting step,eachV (t) is lled with ellipsoidal
shellsusinga split and merge approach(Sect.5). The re-
sult is a setof tted ellipsoidsE(t) anda list of associ-
atedvoxel subsetsS(t) for eachtime instant. The corre-
spondencebetweerellipsoidsat differenttime instantsare
establishedy meansof a dynamicprogrammingmethod
in step2, the Ellipsoid Matching step(Sect.6). The result
of step2 is a pathfor eachprimitive shapehatdescribests
motionovertime. Togetherall ellipsoidpathsform thepath
setP. Knowing their motion, the primitives are clustered
into separateigid bodiesin step3, the Body Part Identi -
cationstep(Sect.7). After step3, the motion of eachrigid
bodyovertimeis known, andjoint locationsbetweemeigh-
boring bodiescanbe estimatedn step4, the SkeletonRe-
constructiorstep(Sect.8). This stepalsoenablegstimation
of body motionparameterdasedon the constructedkele-
ton model.Optionally stepsl-3 maybeiteratedon subsets
of thevolumedata(Sect.9).

4. VoxelData Acquisition

The video sequencesisedas 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.

camerasare placedin a corvergentsetuparoundthe cen-
ter of the scene.The video footageusedin this paperis
recordedrom 8 staticviewing positionsarrangedtapprox-
imately equalanglesanddistancesroundthe centerof the
room. The camerasare synchronizedvia an external trig-
ger, arerecordingat aresolutionof 320x240pixelsandata
framerateof 15fpswhichis thetechnicallimit for external
synchronizationThe camerasremetrically calibratednto
acommoncoordinatesystemln eachvideoframe,thesub-
jectin theforegroundis segmentedsia backgroundubtrac-
tion, therebycreatingsilhouetteimages.From the silhou-
etteswe reconstructhevoxel-based/olumeof the objectin
the foregroundby meansof a space-carvingpproact13].
In additionto simpleshape-from-silhouetteeconstruction,
thismethodemploysacolor-consisteng criterionover mul-
tiple cameraviews to enhancehereconstructiorguality. In
our experimentswe cane surfacevoxel setsout of volume
blocksof 256° volumeelements.

5. Ellipsoid Fitting
5.1. Fitting an Ellipsoid to Voxel Data

An ellipsoidis a closedsurfacede ned asthesolutionof
theimplicit equation

F(xy:z) = (%)2 + (alz)2 + (aia)2 (1)

wherea,, a, andag arescalingfactorsalongthe threeco-
ordinateaxes. Eq. 1 enablesa simple testfor 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 rotation parametergRy; Ry; R;) andthreetransla-
tion parameter¢Ty; Ty; T,) with respectio the world ori-
gin. Thus,in orderto t an ellipsoid to a setof N 3D
points (in our casesurface voxels) such that its surface

comesascloseaspossibleto all pointsnine shapeparam-
eters[as; az; as; Rx; Ry; Rz; Tx; Ty; T;] needto be deter

mined.Usingthe following procedurene canrobustly and
quickly t ellipsoidswhile avoiding a time-consumingiu-

mericaloptimization.First, Ty; Ty; T, arefoundasthe 3D

locationof thevoxel set's centerof gravity. Thesix remain-
ing parametersre found via momentanalysig[6], i.e. the
directionsof the main axesof variationin the 3D voxel set
arefound asthe eigervectorsof the point set's covariance
matrix. Fromthese the optimalradii a;; a;; az andthe op-

timal rotationparameter®y ; Ry; R, arederived.

This procedurecomputesan ellipsoidal t very quickly,
but it doesnot provide a direct measureof the tting qual-
ity. Hencewe calculatea tting error (FE) D thatgivesa
numericalestimateof how well the ellipsoid approximates
thepointdata:

P aiazas X

D=— iOP (iiraa (FOi3yi32)* 12 (2)

i=1

In EQ.2jjOP (i)jjraa is theradial Euclideardistancebe-
tweenthe ith point in the datasetP (i) andthe intersec-
tion point of theline sgmentOP (i) with theellipsoidsur
face.Thus,anellipsoidE is representetly 10 scalarvalues:
E = [a1;az;a3; Tx; Ty; T2; Ry Ry Rz; DI

5.2. Split and Merge

Using the methoddescribedn Sect.5.1 for eachtime
step,we Il the voxel volumeswith ellipsoidalshellssuch
that their total numberand eachindividual ellipsoid's t-
ting errorareassmallaspossible We achieve this by apply-
ing a hierarchicalsplit and mege approact7]. Theproce-
durestartswith asplit stage approximatinghewholevoxel
volumeby oneellipsoidwhichis subdvidedinto two ellip-
soidsin caseD is greaterthansomethresholdFig. 2). The
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Figure 2. lllustration of the split and merge procedure .

split stagerecursvely processegachnewly createdellip-
soidin the sameway, therebyproducinga hierarchicalde-
compositionof the voxel set. The split stageis performed
for eachvoxel volumeV (t) individually.

Themegestagefollows the split stageandimprovesthe
tting resultby memging pairsof neighboringellipsoidsinto
one.lt is performedonly for the voxel volumeV (1) of the
rst time step.

In thefollowing theindividual stepsof the split stageand
themeige stagearedetailed.

5.2.1. Split Stage For eachV (t):

1 Thewhole setof 3D voxels V (t) is approximatedy
oneellipsoidE.

2 If the tting errorD of E is lessthansomethreshold
TspLl T, the procedurestops.Otherwise,it proceeds
to step3.

3 The setof 3D voxelsis split into two subsetsS; and
S, alongthe planeP orthogonalto the majorinertial
axisof thevoxel set(NotethatP containghe centroid
of theset).

4 S; andS, areapproximatedndividually by oneellip-
soid each.For eachsubsetthe procedures repeated
from step2.

We obtaina setof ellipsoidsE sy it (t) anda setof cor
respondingvoxel subsetsSgp i (t) that approximatethe
voxel model V (t). After a sufcient numberof subdvi-
sions(in our casetypically 7 andusinga small Tspy 1),
thereis a high likelihoodthatall pointsin onevoxel subset
belongto thesamerigid body of thetracked subjects kine-
matic skeleton.Nonethelessit is still possiblethat more
thanoneellipsoidis tted to onerigid body (e.g.four ellip-
soidsto the upperarm), or thatan ellipsoid was tted to a
positionon the boundarybetweentwo adjacentrigid bod-
ies (e.g. centeredon the knee joint). In the latter case
the voxel subsetassociatedvith the ellipsoid would be-
long to two differentkinematicelements.

5.2.2. MergeStage For V(1) only:

1 For eachsubsetof voxels S; 2 Syt , we determine
thelist K; = fSy1;:1; Shk g of neighboringvoxel sub-
sets(Sn1; 1 Snk 2 Sepiit )-

2 For eachpossiblepairing of the voxel setS; andone
neighboringvoxel setS; 2 K, amemgedvoxel setM;
is created A novel ellipsoidis tted to eachM; and
a tting error D; is computed Fromall pairedellip-
soidswhoseDj is belav somethresholdTy e rce the
onewith thelowestD; is choserto replacethetwo el-
lipsoidsit emegedfrom.

3 A new setof ellipsoidsis obtained.The procedures
repeatedrom stepl. It terminatesvhenall tting er
rorsaregreatethanTy e rGE -

We performthe meging steponly onthe rst voxel vol-
umeV (1). If we wereconsideringroxel volumesfrom dif-
ferenttime stepsndependenthandmerging ellipsoidsonly
dueto structuralcriteria, it would not be possibleto pre-
venterroneousneigesacrosgigid bodyboundariesln ad-
dition, we keepthe numberof ellipsoidsat eachtime step
of thesequenceonstantMergesin V (1) thatturnoutto be
implausiblein latertime stepsof the motion sequenceare
preventedby carefullytuning Ty erce att = 1. There-
sulting setof ellipsoidsis the startingpoint for the ellipsoid
matchingstep(Sect6) which exploits the temporaldimen-
sionto preventmeiging acrosshoundarie®f separatdod-
ies.

Theresultof thesplitandmeige processs a setof ellip-
soidsE (t) anda setof voxel subsets$S(t) for eachV ().

6. Ellipsoid Matching

In this stepa setof correspondences(t; t + 1) between
eachpair of ellipsoid setskE (t) andE (t + 1) from subse-
guenttime stepsis computed.The setof correspondences
describedor eachshapeprimitive in E (t) to which mem-
berof E(t + 1) it is related.In otherwords,a correspon-
dencefor oneellipsoidtells usfrom which 3D positionin t
towhichlocationint + 1 it moves.



Assumingthatwe cankeepthenumberof ellipsoidscon-
stantfor all time instants,the correspondencesnablethe
reconstructiorof a completemotion pathfor eachindivid-
ual shapeprimitive over the durationof thewholeinput se-
quenceTheellipsoidmatchingprocedurdooksateachpair
of ellipsoid setskE (t) andE (t + 1) at subsequenime in-
stantsseparately

Sincethenumberof shaperimitivesin thesetsE (t) and
E (t+ 1) maydiffer, we employ atwo-stageprocedurdo es-
tablishthe correspondencemndto reoganizetheellipsoids
suchthattheir numberat eachtime instantis constantThis
way we establisha bijective correspondenceappingbe-
tweenellipsoidsat subsequertime steps.

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

This optimizationis basedon an error function that is
the weightedsum of two distancefunctions.The rst dis-
tancevalueis the Euclideandistancebetweerthe ellipsoid
centersThe secondlistancdunctionis the absolutediffer-
encein the sizeof thevoxel subsetshatareassociateavith
eachof thetwo primitive shapes.

Dynamic programmingestablishes rst setof corre-
spondencesUnfortunately the rst matching stagemay
leadto two casesf degenerateorrespondencethatneed
to becorrectedn the secondstage(Fig. 3):

DuplicatedEllipsoids: A duplicatedellipsoid occurs,
for instancejf two or more ellipsoidsfrom E (t) are
mappedo thesameellipsoidat E (t + 1). In thiscase,
thisellipsoidatE (t + 1) is splitanddynamicprogram-
ming is appliedagain.

Missing Correspondencetf: the numberof ellipsoids
in E(t + 1) is initially greaterthanin E(t), someel-

lipsoidsin E (t + 1) arenotassignea partnerin E (t).

In orderto solve this problem,we mege ellipsoidsin

E (t + 1) withoutcorrespondencdsom E (t) with the

closestellipsoid in E(t + 1) for which a correspon-
dencehasbeenestablished.

By this meansfor eachprimitive in E(t) exactly one
partnerfrom E(t + 1) is found. After processingall time
stepsin this way, eachellipsoid setcontainsthe samenum-
berof shapesasthesetE (1). Notethatin orderto establish
correctcorrespondences(t; t + 1) theellipsoidsetsareal-
teredaswell. For eachshapeprimitive in E (1) a complete
motion path over the whole sequenceanbe identi ed by
linking subsequentorrespondencedhe so-createdetof
pathsP containsfor eachg 2 E (1) apathP;, P; beingan
orderedsetof 3D coordinated; = f(X;(t);Vyi(t);z(t)) j
t valid time stepg of theellipsoid centerattimet.

Fig. 5(left) shavs examplepathsthatwerereconstructed
with this approach.

=%

Initial set of correspondences

(A) Duplicated Ellipsoids

e
e
& o

Final set of correspondences

O OO
o — o=
& % C—=>—C D

Initial set of correspondences Final set of correspondences
(B) Missing Correspondences

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

7. Body Part Identi cation

The pathsof P provide all necessaninformation we
needto identify separateigid bodiesin thekinematicskele-
ton of thetracked subject.In the caseof trackinga human,
this meanghatthe pathsenableusto identify, for example,
theupperarmsegmentor thelower leg segment.Implicitly,
we male the simplifying assumptiorthat individual kine-
matic elementscan be representeds rigid structuresthat
do notundego strongdeformation.

In orderto identify individual rigid bodies,we male use
of the factthatthe mutual Euclideandistancebetweenary
two points on the samebody doesnot changewhile the
skeletonis maoving. Thus,if the mutual distancebetween
the motion pathsof two ellipsoidsover time undegoessig-
ni cant variation,it is mostlik ely thatthetwo primitivesdo
notlie insidethe samerigid body.

This criterion gives us a procedureat hand which en-
ables clustering individual ellipsoids into separatekine-
matic elements.The procedureis basedon the relative
path of an ellipsoid E, P, (E). The relatve pathis ob-
tainedby subtractinghe mean3D positionof the ellipsoid
over time (Xx; Vk; Z«) from eachindividual positionalong
the path, Py (B¢) = f(xk(t);yk(t);zc(t))  (Xi; Vs Zk) |
t valid time ste. Therelative pathdecouplesnformation
on motionvariationfrom informationaboutthe locationin
spacewherethe motiontakesplace.This way, comparison
of ellipsoidmotionis simpli ed.

In Fig. 4 (a) the pathsof two ellipsoids belongingto
the upperarmandforearm,respectrely, areshovn. The z-
coordinatesof their relative pathsare also plotted (Fig. 4



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 curve for the ellipsoids'

tion paths (d).

relative mo-

(b),(c)). In orderto decidewhetherthe ellipsoidsresideon
thesamerigid bodywe computethedistancecurve between
therelative paths(Fig. 4 (d)).

In detail, the stepswhich enableusto draw sucha con-
clusionareasfollows:

1 Therelative path P, (EK) is calculatedfor eachellip-
soidE 2 E(1).

2 After selectinga seedellipsoid Eseeq 2 E (1), a dis-
tancecurve D Cgeeqk betweenP; (Esgeq) and Py ()
for eachellipsoid Bc 2 E(1) nfEgeeqg is computed.
The value of DCgeeqk at eachtime stepis the Eu-
clideandistancebetweenthe respectre positionson
the relative pathsof Eseq and E. One exampleis
shovnin Fig. 4 (d).

3 Theintegral of the differencecurve | (seedk) is cal-
culatedto getanestimateof theareaunderthe curwe's
plot. Thevalueof | (seedk) indicateshow similarthe
two pathsare.Ellipsoid E is classi edasbelongingto
thesamebodyasEseeq if | (seedk) < Tsg, Tsg be-
ing a pathsimilarity threshold.

4 Theellipsoidspassinghetestareassignedo thesame
rigid bodyasEgeeq.

5 Theprocedureteratesy restartingrom step2 andse-
lectinga new seedfrom all ellipsoidsthathave notyet
beenassignedo arigid body.

The seedEsceq in the rst iterationis the ellipsoid near
estto the centerof gravity (COG)of the voxel setV (1). In
the subsequeniterations,the selectedseedis the ellipsoid
nearesto the COG of the body partthatwasfoundin the
precedingiteration. The thresholdTsg usedin the proce-
dureis determinedy performingstatisticalanalysisonthe
setof integral valuesl (seedk). In caseof a humansub-
ject this seedselectionstrateyy leadsto a subsequeritien-
ti cation of rigid bodiesthat belongto onelimb (e.g.the
arm). For eachV (t) it is now known which voxel subsets
form arigid bodyandhow therigid bodiesmove overtime.

Figure 5. lllustration of a few time steps of
the computed motion paths for arm ellipsoids
(left). Novel ellipsoids were tted to identied
rigid body segments (right).

A novel ellipsoidis tted to eachsuchvoxel subsefFig. 5
(right)).

We achievedgoodresultswith this criteriafor all themo-
tion datawe tested.

8. SkeletonReconstruction

The nal stepof M3 makes use of the detectedrigid
bodiesand their motion to estimatethe 3D locations of
interconnectingoints. Joint nding is performedfor each
time stepindividually. Sincewe have no a priori informa-
tion aboutwhich rigid bodiesare connectedy a joint in
the skeletonhierarcly, we employ a heuristicapproachto
recover the connectvity. The temporalsequencen which
the bodieswereidenti ed in the previous algorithmicstep
(Sect.7) providesa clue on which adjacentigid bodiesare
possiblyconnectedFor eachpair of potentially intercon-
nectedadjacentrigid bodiesB, and By, the joint nding
procedurds asfollows:

1 A setof uniformly spacedoint sampleds createdor
B, andBy. The point sampledor eachbody arecho-
sensuchthatthey lie exactly on ary of the threema-



Figure 6. After the r st iteration the torso vox-
els (left) are identied and eliminated from
each voxel set. Steps 1-3 of M 2 are then re-
peated on remaining isolated voxel subsets
individuall y (right).

jor axesof theellipsoidwhichwas tted to B, andBy,
in the previousstepof M 3.

2 Forbothellipsoids:Usingagrowing stratey thatstarts
in theellipsoid center the numberof point samplesn
all threemajoraxesis simultaneouslyncreasedmov-
ing away from the center)until atleastoneof thesam-
ples lies inside the surface of the other ellipsoid re-
spectvely. This point (or in caseof multiple pointsly-
ing inside, their average3D location) forms an esti-
mateof thejoint positionbetweerbothbodies.

This is a simple but ef cient approachwhich produced
goodresultsfor our testdata.Currently we do not apply a
temporalcoherenceriterionto stabilizethe joint 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 parameterof the skeletons
joints andthe translationof the root. Several exampleim-
agesof thereconstructegkeletonalignedwith the maving
bodycanbefoundin Fig. 7.

9. Resultsand Discussion

We evaluatethe performanceof our systemusingvoxel
dataof a personperformingsimplegymnasticanoves.The
videofootagewasrecordedn our multi-view videostudio.
Although the spacecarving approacheliminatesmost of
the typical artifactsin shape-from-silhouetteolumesthat
aredueto insufcient visibility, somenoisestill appearsn
the form of bulky armsandlegs. However, spacecarving
is only one possibility to generateinput datafor for M 3.
While simplevisualhull reconstructioanrunin real-time,
space-carvingakes,on average,30 s on a PentiumlV 1.7

GHz to reconstructhe shapeof the personper singletime
stepfrom a 256 voxel block. In total, thetestdatasetcon-
tains220framesthatwererecordedat 15 fps.

A deteriorationof tracking quality dueto noisein the
volumedatacanbe preventedby applyinganiterative vari-
ant of our method.In our experimentswe appliedan iter-
ative implementatiorof M 2 in which the steps1-3 arere-
peated(seeFig. 1). After eachiteration, the largestrigid
body s identi ed and,beforethe next iteration,all voxels
belongingto this rigid body are eliminatedfrom all vol-
umedatasetsV (t). Subsequentlystepsl-3 areappliedin
the sameway to eachnewly found isolatedvoxel set. In
the caseof a humansubject,this meansthat the rst iter-
ationidenti es thetorsosegment,andin subsequenitera-
tions,thealgorithmproceedsvith thearms thelegsandthe
head(Fig. 6).

The resultsin Fig. 7 shov that our methodis capable
of reliably capturingthe skeletonstructureas well asthe
person$ motion despitenoisein the volume data.Due to
the lack of groundtruth datawe assesshe modelestima-
tion quality by visualinspection.The run-timesof individ-
ual algorithmiccomponent®f our systemaresummarized
in Tah 1.

6.5s (singletime step)
meige step 13s(rst time step)

Body partidenti cation | 51s(wholesequence)

Skeletonreconstruction| 500ms(singletime step)

split step

Table 1. Measured run-times of individual

system components.

An importantadwantageof our methodover relatedap-
proachess thatit estimateshebodystructureof thetracked
subjectwith a minimum of a priori information. No spe-
cial initialization motionis requiredto reconstructhebody
model, ary motion sequencéds equally appropriate.One
stepin the algorithm where a knowvledge-guideduserin-
teractionis feasibleis the choiceof the initial poseof the
tracked subject.Although our experimentsshow that start-
ing the systemat differenttime instantsof thetestsequence
producessimilar resultsin termsof skeletonreconstruction,
it is nonethelesdesirableo have aninitial body posturein
whichindividual rigid bodiesarenot occluded.

Due to the signi cance of humanmotion datain com-
puter animationwe decidedto demonstrateour approach
usingvolume dataof a moving person.We are corvinced
thatourapproachs equallysuitablefor amoregeneratlass
of moving subjectghatcanbe modeledby linkedkinematic
chains.Hence,we planto presentin the future resultsob-



Figure 7. Top row: Ellipsoids tted to different body poses after the split stage. Second row: Dis-
covered rigid bodies rendered as ellipsoidal shells inside the voxel volumes. Third and fourth 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 mechanicaktruc-
tures.

In its currentstate,the systemis subjectto a coupleof
limitations.Eventhoughwe don't prescribeaninitialization
motion,two differentadjacentigid bodysegmentscanonly
be automaticallyidenti ed if atleastoncein a sequencea
relative motion betweenthem can be obsered. We con-
siderthis a principal problemof a non-informedtracking
approachandnotalimitation thatis speci ¢ to our method.
Furthermorewe expectthatthe systems$ performancewill
deterioratef voxels of individual rigid bodiesmege fre-
quentlywith therestof thevolume(e.qg.if thearmsareof-
tenkepttight to thetorso).

To concludewe believe that, althoughM 2 doesnot op-
erateon the sameaccurag level as marker-basedmotion
captureapproachesit is nonetheless usefultool in situ-
ationswherevisual interferencewith the capturedscenes
inappropriateandno informationaboutthe structureof the
tracked subjectis available.

10. Conclusionsand Futur e Work

We presenteda novel approachfor marker-free human
motion capturethat enablesthe simultaneougecovery of
the kinematicchain and the motion parameter®f a mov-
ing subjectfrom volumedata.lt hasbeendemonstratethat
despitenoisein the data,this novel approactrobustly iden-
ti es the body structureof a moving personwhoseshape
is reconstructedrom silhouetteémagesn multi-view video
data.The algorithmis generalenoughto be applicablein
similar form alsoto othermoving subjectsvhosestructure
canbemodeledasalinkedkinematicchain,e.g.animalsor
mechanicablevices.

In thefuture,we planto enhanc®ur splitandmeigepro-
cedure,aswell asour joint localizationapproachhy fur-
ther exploiting temporalcoherenceln addition,we exam-
ine novel waysof improving our matchingandbody classi-
cation methods.

References

[1] F. Baregs,M. Jager, D. Michelucci,andM. Roelens.The
ellipsoidalskeletonin medicalapplications.In Proceedings
of thesixthACM symposiunon Solidmodelingandapplica-
tions, pages30—38.ACM Press2001.

[2] A. BottinoandA. Laurentini. A silhouette-basetkchnique
for the reconstructiorof humanmovement. CVIU, 83:79—
95,2001.

[3] C.BreglerandJ.Malik. Trackingpeoplewith twistsandex-
ponentialmaps.In Proc. of CVPR98, pages8—15,1998.

[4] J.CarranzaC. TheobaltM. Magnot andH.-P. Seidel.Free-
viewpoint video of humanactors. In Proceedingsf SIG-
GRAPH2003page$69-577 SanDiego, USA, 2003.ACM.

[5] G.CheungB. S.,andT. Kanada.Shape-from-silhouettef
articulatedobjectsandits usefor humanbodykinematicses-
tiamtionandmotioncapture.ln Proc. of CVPR 2003.

[6] K. Cheung,T. Kanade,J.-Y. Bouguet,and M. Holler. A
real time systemfor robust 3D voxel reconstructiorof hu-
manmoations. In Proc. of CVPR volume2, pages714-720,
June2000.

[7] L. Chevalier, F. Jaillet,and B. A. Segmentationand su-
perquadrianodelingof 3D objects.In Proceeding®f WSCG
2003 2003.

[8] Q. DelamarreandO. Faugeras.3D articulatedmodelsand
multi-view trackingwith silhouettes.In Proc. of ICCV 99,
pages’16—721,1999.

[9] B.DeutscherA. Blake,andl. Reid.Articulatedbodymotion
captureby annealedparticle Itering. In Proc. of CVPR'0Q
2000.

[10] D. Gavrila. Thevisualanalysisof humanmovement.CVIU,
73(1):82—-98Januaryl999.

[11] D. Gavrila andL. Davis. 3D model-basedracking of hu-
mansin action: A multi-view approach.In Proc. of CVPR
96, pages’3—-80,1996.

[12] I. Kakadiarisand D. Metaxas. 3D humanbody modelac-
quisition from multiple views. In Proc. of ICCV'95, pages
618-6231995.

[13] K. N. KutulakosandS. M. Seitz. A theoryof shapeby space
carving. Int. J. ComputMsion, 38(3):199-2182000.

[14] A. Leonardis,A. Jaklic, and F. Solina. Superquadrics
for sgmenting and modeling range data. |IEEE PAMI,
19(11):1289-1295,997.

[15] M. LeungandY. Yang. Firstsight: A humanbody outline
labelingsystem.PAMI, 17(4):359-3791995.

[16] S.Loncaric. A suney of shapeanalysistechniquesPattern
Recagnition, 31(8):983-10011998.

[17] J.Luck andD. Small. Real-timemarkerlessmotiontracking
usinglinkedkinematicchains.In Proc. of CVPRIP022002.

[18] A. Menache.UndeistandingMotion Captue for Computer
Animationand Video Games MorganKaufmann,1995.

[19] I. Miki¢, M. Triverdi, E. Hunter and P. Cosman. Articu-
latedbody postureestimationfrom multicameravoxel data.
In Proc. of CVPR 2001.

[20] R. PlaenlersandP. Fua. Trackingand modelingpeoplein
videosequencesCVIU, 81(3):285-302March2001.

[21] K. Rohr Incrementatecognitionof pedestrianérom image
sequencedn Proc. of CVPR93, pages3—13,1993.

[22] P Sand,L. McMillan, andJ. Popwic. Continuouscapture
of skin deformation. ACM Trans. Graph, 22(3):578-586,
2003.

[23] M.-C. Silaghi,R. Plaenlers,R. Boulic, P. Fua,andD. Thal-
mann. Local and global skeleton tting techniquedor op-
tical motion capture. In Modeling and Motion Captue
Technigquedor Virtual Environmentsnumberl537in LNAI,
N01537 pages26-40.Springer 1998.

[24] M. Sniedwich. Dynamicprogramming Marcel Dekker,
Inc.,1992.



(25]

[26]

[27]

(28]

C. Theobalt,M. Li, M. Magnor andH.-P. Seidel. A ex-

ible andversatilestudiofor synchronizednulti-view video
recording. In Proceedingof Mision, Video and Graphics

page9-16,2003.

C.TheobaltM. Magnot P. SchuelerandH.-P. Seidel.Com-
bining 2D featuretrackingandvolumereconstructiorior on-
line video-basedumanmotion capture. In Proceedingf

Paci ¢ Graphics2002 page€96-103,2002.

C. Wren, A. Azarbayejani, T. Darrell, and A. Pentland.
P nder: Real-time tracking of the humanbody PAMI,

19(7):780-7851997.

S.YonemotoD. Arita, andR. Taniguchi. Real-timehuman
motionanalysisandIK-basedhuman gure control. In Pro-

ceedingof IEEE Workshopon HumanMotion, pages149—
154,2000..



