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Abstract

Theacquisitionof humanmotiondatais of major impor-
tancefor creatinginteractivevirtual environments,intelli-
gentuserinterfaces,andrealisticcomputeranimations.To-
day's performanceof off-the-shelfcomputerhardware en-
ablesmarker-freenon-intrusiveoptical tracking of thehu-
man body. In addition, recentresearch showsthat it is
possibleto ef�ciently acquire and rendervolumetricscene
representationsin real-time. Thispaperdescribesa system
to capturehumanmotionat interactiveframerateswithout
theuseof markers or scene-intrudingdevices.Instead,2D
computervisionand3D volumetricscenereconstructional-
gorithmsare applieddirectly to the image data. A person
is recordedby multiplesynchronizedcameras,anda multi-
layerhierarchical kinematicskeletonis �tted to each frame
in a two-stage process.We presentresultswith a prototype
systemrunningon two PCs.

1 Intr oduction

Recently, the�eld of humanmotioncapturehasbrought
togetherresearchersfrom computervision and computer
graphics. The acquisitionof humanmotion datais a pre-
requisitefor thecontrolof arti�cial charactersin virtual re-
ality andaugmentedreality applications[1], aswell as in
computeranimationandvideogames[22]. Theanalysisof
humanmotion, e.g. gesturerecognition,can be usedfor
intelligent userinterfacesandautomaticmonitoringappli-
cations[7].

Existing optical motion capturesystemsonly work in
a very constrainedscenesetup. The personto be tracked
hasto wear markers, and many camerashave to observe
the scenefrom differentviewpoints to prevent occlusions
[9, 12]. The �rst marker-free vision-basedmotion cap-
ture systemshave only recentlybecomefeasiblethanksto

increasingcomputationalpower of off-the-shelfhardware.
Non-realtime approaches[13, 8, 26] usefeaturesextracted
from video framesto �t simple kinematicskeletonmod-
els with volumetric limb representationsto humanbody
poses.Imagedifferencing[14] andsilhouetteskeletoniza-
tion [10] are also usedto �t simple kinematicmodelsto
videostreams.Theuseof TV imagesequencesfor theac-
quisitionof articulatedmotionis presentedin [32]. In [24]
animplicit-surfacehumanbodymodelis �tted to videoma-
terial. More recently, Bregler et. al. usethe combination
of optical �o w, a probabilisticregion model,andthe twist
parameterizationfor humanbody joints to �t a kinematic
modelto videofootage[3]. Existingreal-timesystemsuse
comparablysimplemodels,suchasprobabilisticregionrep-
resentationsand probabilistic �lters for tracking [31], or
combinefeaturetrackinganddynamicappearancemodels
[11]. Unfortunately, theseapproachescannotsupportso-
phisticatedhumanbody modelslike kinematicsskeletons
or dynamicbodyrepresentations.

At thesametime, a new methodfor theacquisitionand
ef�cient renderingof volumetricscenerepresentationsob-
tainedfrom multiple cameraviews, known asshape-from-
silhouetteor thevisualhull [17], hasbeenproposed.Early
approachesin the�eld constructdiscretethree-dimensional
grids of volumeelements(voxels) from a setof silhouette
imagesof ascene,amethodknown asvoxel carvingor vol-
umeintersection[28, 25, 5]. More recently, it wasshown
that a polyhedralrepresentationof the visual hull can be
acquiredandrenderedin real-time[20]. An image-based
approachto visual hull constructionsamplesand textures
visualhullsalonga discretesetof viewing rays[21]. State-
of-the-artgraphicshardwarecanbe usedto acceleratethe
constructionof slicesof thevisualhull [18]. Most work fo-
cuseson improving the quality of the reconstructedscene
[15].

Only recently, methodshave beenpresentedthat use
real-timevolumereconstructionto capturehumanmotion.
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In [4], an Expectation-Maximization-like ellipsoid �tting
procedureis used,andin [19], a force-�eld exertedby the
voxelsis usedto �nd thecon�gurationof akinematicchain
model.

In thispaper, wepresentanew approachto full-body hu-
manmotion capturewhich combinesef�cient color-based
optical tracking of humanbody featureswith the voxel-
basedreconstructionof the person's visual hull from mul-
tiple cameraviews. The systemconsistsof an online and
an off-line component. In the online component,the vi-
sualhull is reconstructedfrom four cameraviews, andthe
3D positionsof thehead,handsandfeetareautomatically
identi�ed andtracked. In theoff-line component,a simpli-
�ed humanoidkinematicskeletonis �tted to these3D po-
sitionsusinga savedstreamof visualhulls and3D feature
locations.

A secondlayer extendsthe skeletonby more detailed
armandleg representationsandcylindrical volumesamples
for modelingthevolumetricextentof theextremities.The
moredetailedmodel is �tted to the visual hull in order to
recover the exact poseof armsand legs. This hybrid ap-
proachbene�ts from thestrengthsof bothsourcesof infor-
mation(features+volumemodel)andcompensatesfor indi-
vidualweaknessesof theseparatetechniques.

The structureof the paperfollows the structureof our
system. Sect.2 startswith an overview of the systemar-
chitecture. The real-timecomponentof our systemis de-
scribedin Sect.3 The off-line componentis describedin
Sect.4. Resultswith theprototypeimplementationarepre-
sentedin Sect.5. Thepaperconcludeswith asummaryand
adiscussionof futurework in Sect.6.

2 SystemOverview

2.1 Softwarearchitecture

The online componentof our systemis distributed on
two PCs. The software is implementedas a distributed
client-server application(Fig. 1). Currently, there are 2
clients,eachof which is running on a 1 GHz single pro-
cessorAthlon PC connectedto two Sony™ DFW-V500
IEEE1394videocamerasthatrunataresolutionof 320x240
in color mode.Both clientsperforma backgroundsubtrac-
tion (Sect.3.2),aswell asthecomputationof apartialvisual
hull for the 2 connectedcameraviews in real-time. Addi-
tionally, the client controlling the two front view cameras
identi�es andtracksthepositionsof hand,headandfeetat
interactive frame rates(seeSect.3.2 and Sect.3.3). The
partial visual hulls from both clientsaretransferredto the
serverapplicationwhichbuilds thefull visualhull andren-
dersit usingOpenGL.Theserveralsosendsthetriggersig-
nalsto the camerasfor synchronization.The softwarear-
chitecturescaleseasilyto morecamerasandmoreclients.

Figure 1. System architecture

Themodel�tting is currentlyimplementedasaseparateap-
plication which works with recordedvisual hulls and 3D
locationsacquiredwith theonlinesystem.

2.2 Scenesetup

The personto be tracked is supposedto move insidea
con�nedvolume.Thesceneis observedfrom four synchro-
nized camerasfrom different directions. We requirethat
therearetwo camerasobservingthepersonfrom two nearby
positionsin front (Fig.2). Thepersonmovesbarefootedand
needsto facethesecamerasallowing only limited rotation
aroundthe vertical body axis. The camerasarecalibrated
usingTsai'smethod[30].

3 Online System

3.1 Initialization

In the �rst frame,thepersonis supposedto standin an
initialization position,facingthetwo frontal cameras,with
both legs next to eachotherandspreadingthe armshori-
zontallyaway to thesideat maximalextent.

3.2 SilhouetteSegmentation

The segmentationstepconsistsof two parts. First, the
person'ssilhouetteisseparatedfromthebackgroundin each

2



Figure 2. Scene setup: Camera studio, cal­
ibration pattern on the �oor , 4 cameras
marked by cir cles

cameraperspective.Then,thesilhouettesobtainedfrom the
front-view camerasaresegmentedin orderto identify hand,
feetandhead.Theformerstepis performedfor every time
step,thelatteris performedfor theinitial frameonly.

Separatingthe personfrom the backgroundis doneby
usingabackgrounddistributionfor eachcameraperspective
consistingof ameanimage���������
	 andastandard-deviation
image ���
�����
	 . Thesearegeneratedfrom severalconsecu-
tive video framesof the staticbackgroundscene.For the

Figure 3. Video frame after backgr ound sub­
traction (l) and corresponding silhouette (r)

silhouetteextractiona methodoriginally proposedin [4] is
usedwhichprovesto berobustagainstshadowscastby the
persononthe�oor andthewalls. If apixel differsin at least
onecolorchannelby morethananupper��� thresholdfrom
thebackgrounddistribution

���

��������	������������
	

���

����������������	

it is classi�edasforeground.If its differencefrom theback-
groundstatisticsis smallerthanthelower threshold��� in all
channelsit is surelya backgroundpixel. All pixelswhich
fall in betweenthesethresholdsarepossiblyin shadow ar-
eas. Shadow pixels areclassi�ed by a large changein in-
tensitybut only smallchangein hue. If

�

�
�����
	 is thecolor

vectorof thepixel to beclassi�ed,and ���������
	 is thecorre-
spondingbackgroundpixel color vector, their differencein
hueis
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If
 

�

��021435� � 0&6 thepixel is classi�ed asforeground,else
asshadow. A 0/1-silhouetteimagefor eachcamerais com-
putedthis way.

The binary silhouetteimagesof the personstandingin
theinitializationpositionseenfrom thetwo front view cam-
erasaresegmentedusinga GeneralizedVoronoi Diagram
(GVD) decomposition(seeFig. 5). Often used in free
spacesegmentationof cognitive topologicalmapsof mo-
bile robots[27, 29, 16], the GeneralizedVoronoi Diagram
is thesetof all pointsin thesilhouettewhich is equidistant
to at leasttwo silhouetteboundarypoints.

The GVD point setcanbe usedto segmentthe silhou-
ette into distinct regions by searchingfor critical points,
i.e. points locally minimizing the clearanceto the silhou-
etteboundary. Thesepointsareusedascentersfor border
linesbetweenadjacentregionsin thesilhouette.Theselines
connectthetwo boundarypixelsclosestto thecritical point
(Fig. 4). Sincein thesilhouettetheboundariesto thehead,
handandfeetareidenti�ed by constrictions,thealgorithm
nicely segmentsthesepartsfrom therestof thebody. This
way, thepositionandtheregionalextentof thesebodyparts
areextracted.

Silhouette boundary

GVDregion 1

Critical points

region 3

region 2

Figure 4. GVD with critical points

Theconnectivity of therecoveredsilhouetteregionscan
berepresentedbyagraphconnectingtheregioncenters.For
the caseof the humansilhouettein the initialization posi-
tion, the � ve terminatingnodesin the connectivity graph
correspondto thehead,thehandsandthefeetof theperson.

3.3 Tracking head,handsand feet

To track the motion of body parts in 2D, we imple-
menteda fast tracking strategy. We use a continuously
adaptablemean-shiftalgorithmwhich is capableof track-
ing themeanof dynamicallychangingprobabilitydistribu-
tions, originally developedfor facetracking [2, 6]. From

3



Figure 5. Silhouette segmented by General­
ized Voronoi Diagram decomposition

the segmentationstep,it is known which pixels belongto
thehead,thehandsandthefeetfor bothfront cameraviews
at �

!��

. The HSV color is the principal cue usedfor
tracking body parts. The color rangeof humanskin in
the cameraview is differentdependingon lighting condi-
tions andcameraadjustment.Sincethe locationsandex-
tent of the head,the handsand the feet are known, their
color valuesin the imageplanecanbeusedto computean
averageskin color for eachfrontal cameraview, �

* and
��� . Thesevaluesareusedto de�ne toleranceintervals in
color space,� �

*

���	��

����������� 
���� ���

*��

�	��

����������� ��� �!�#"

and � �
�

�$�	��
������%���&� 

��� ���
�

�

�	��

����������� ��� �!�#" . For the
colors in theseintervals, color histograms'

* and '
� are

computedbasedon thevideoframeswith thepersonin ini-
tializationposition.

After the �rst video frames,the algorithmproceedsas
follows. For eachnew frame, an intermediategray-scale
imageis computedthat containsfor eachpixel an approx-
imation to the probability of belongingto one of the de-
siredregions.This canbedoneby back-projectingthehis-
tograms '

* and '(� into the correspondingvideo frames
afterbackgroundsubtraction.Alternatively, we cansimply
�lter out all pixels in theallowed color interval andsetall
pixelspassingthetestto themaximumpixel value.In prac-
tice,thisleadsto fastconvergenceof thetrackingalgorithm.

We use a separatecontinuouslyadaptablemeanshift
tracker for eachof the � ve body partsin both front views
that takes the intermediategray-scaleimages as input.
Within a limited rectangularsearchwindow, gradientinfor-
mation is usedto iteratively converge to the meanof the
probability distribution (see[2] for details). Startingwith
the modepositionin the previous frame,the centerof the
searchwindow afterconvergenceis takenasthenew body
part positionin the currentframe. At time step �

!)�

the
trackersareinitialized with thecenterpositionsfounddur-
ing theVoronoidecompositionstep.

The whole procedureis run for eachvideo frame ac-

Figure 6. Screen­shots of server sho wing the
visual hull (l) and silhouettes with tracked fea­
ture locations (r)

Figure 7. Visual hulls from 4 camera views
with scene bounding box

quired from the two front view cameras.Fig. 6 shows a
screen-shotof our systemwherethetrackedbodypartsare
markedby circles. We assumethat thecolorsof thehead,
thehandsandthefeetaresuf�ciently differentfrom thecol-
ors of the clothesthat the personwears. Head,handsand
feetcolorsneedto besimilar in HSV spacefor our method
to work properly. Requiringthat the personmovesbare-
footedis theeasiestway to ful�ll thisconstraint.Thedraw-
backof themethodis thatin caseof overlappingbodyparts,
thetrackerscanbemislead.

Oncetheir locationsin the front cameraviews are de-
termined,the3D positionsof thebodypartsarecomputed
by triangulation. We assumethat the tracked centroidsof
thehandscorrespondto theprojectedwrist joint locations,
thecentroidsof thefeetto theanklejoint locations,andthe
centroidof theheadto themodelroot joint.

3.4 Volumereconstruction

From the silhouettesof the moving person,we recon-
struct a voxel-basedapproximationto the visual hull at
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every time step. Our approachadaptsthe voxel carving
methodandis similar to thealgorithmspresentedin [4] and
[19].
Thebox in spacein which thepersonis allowedto move is
subdividedinto a regulargrid of volumeelements.

In our distributedimplementation,eachvoxel is simul-
taneouslyprojectedinto theviews of thetwo camerascon-
nectedto oneclient computer. If it re-projectsinto thesil-
houetteof the personin both views, it is classi�ed asoc-
cupiedspace.The partial hulls from eachclient � , ��� , are
run-length-encodedand transferredto the server applica-
tion via LAN. On theserver, thecompletevisual hull ���

is constructedby intersectingthevolumes,���

!

�

*��

� � .
The intersectioncanbe ef�ciently implementedusingbit-
wisebooleanoperators.Thevoxel projectionscanbe pre-
computedfor eachstaticcameraview. Two examplevisual
hulls reconstructedfrom four cameraviews canbeseenin
Fig. 7.

4 Off-line system

4.1 Initialization

The model �tting application (off-line componentin
Fig. 1) takesvisual hulls and3D featurelocationsthat are
savedby theonlinesystemasinput. Thedimensionsof the
kinematicskeletonneedto beadjustedto thebodydimen-
sionsof the moving person.This is eitherdoneby manu-
ally measuringthe limb lengthsandloadingtheminto the
application,or by an interactive step. In this stepthe user
marksshoulder, hip, elbow andkneelocationsin the two
cameraframesshowing thepersonin theinitializationposi-
tion from front. Togetherwith thetrackedpositions,the3D
locationsof all joints canbe computedandthe lengthsof
thebodysegmentsarederived.Thethicknessesof thearms
andlegsaresetby theuser.

4.2 The Skeleton

The model usesa 2-layer kinematicskeletonto which
volume samplesrepresentingthe extensionof body parts
are attached.The �rst layer of the skeletonconsistsof a
structureof 10 bonesegmentsand7 joints (including the
root). Therotationparametersfor thejointsandthetransla-
tion of themodelsumup to 20 degreesof freedomfor the
skeleton.
Thesecondlayerextendsthelayer-1 structureby upperarm
andforearmsegments,aswell asupperleg andlower leg
segments(Fig. 8). Eachof thesesegmentsconsistsof two
bonesattachedto alayer-1 armor leg segment.Thesebones
areconnectedby a 1-degree-of-freedom revolute joint that
serves as a simpli�ed model for the elbow and the knee
joint. As an example,this structureis shown for the arm

Figure 8. Skeleton layer 1 (l), skeleton layer 2
(r)

in Fig. 9. The lengthsof the upperarm 
����	��
�6 and lower
arm 
 �
��� 
�6 are �x ed and obtainedfrom the initialization
step.Duringmodel�tting, thelengthof thelayer-1 segment


������,�

 varies,andthejoint angle � of theelbow is fully de-

terminedby thecosinetheorem(Fig. 9) . As anadditional
degree of freedom, the rotation � aroundthe axis along
the layer-1 segmentis introduced. For the whole layer-2
skeleton,4 additionaldegreesof freedomresult sincethe

� -anglesarefully determinedby thelayer-1 skeleton.
To modelthe extent of limbs, volumesamplesattachedto
thearmandleg structureson layer2. Thesearepoint sam-
plestakenfrom acylindrical volumearoundtheextremities
(seeFig. 8). This constructionfor legsandarmsis thepre-
conditionfor ourmodel�tting strategy on layer2.

Theskeletonstructureis hierarchical,andeachsegment
hasits own localcoordinatesystem.Revolutejointsarepa-
rameterizedbyoneangle.Higherdegrees-of-freedomjoints
canbeparameterizedby ZYZ-Euler anglesor Quaternions
[23], or the joint transformationcanbesetdirectly in form
of the correspondingmatrix (Sect.4.3.1). In order to ap-
ply our modelparametersto a skeletoncontainingthe full
setof joints andboneson just onelayer (e.g. H-Anim), an
additionalstephasto be taken. The rotationmatricesde-
�ned by the shoulderandhip joints have to be multiplied
by matricesrotating the layer-1 arm or leg segmentsonto
thecorrespondingupperarmandleg segmentsin the local
coordinatesystem.

4.3 Model �tting

The modelis �tted for eachvideo framein a two-stage
processwhich is describedin thefollowing.
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Figure 9. Arm structure of model layer 2

4.3.1 Fitting the �rst skeletonlayer

The2D featuretracking(Sect.3.3) reportsa setof 3D goal
locationsfor thehead,thehandsandthefeet.Fromtheini-
tialization, theskeletondimensionsareknown. By assum-
ing that the personis moving with an upright upperbody
andwith only slight rotationaroundtheverticalbodyaxis,
all joint locationsfor thelayer-1 skeletonareknown for ev-
ery time step. For eachvideo frame,the �rst layer of the
kinematicskeletonis �tted into this point set. This is done
by translatingthemodelroot(locatedatthehead)to thecur-
rent 3D headposition. The distancesbetweenthe left and
right shoulderandwrist aswell astheleft andright hip and
anklearecomputed,and the lengthsof the corresponding
layer-1 segmentsareadaptedto thesevalues.Theskeleton
is representedasa hierarchicalkinematicchain.Eachjoint
correspondsto arotation��� andatranslation��� , whichcan
berepresentedasacombinedmatrix � ����� ���	��	 in homoge-
neouscoordinates.Knowing the coordinatesof a point in
thejoint coordinatesystem


� , its world coordinatescanbe
foundby 
��

!���


1

)�*

�����

� ���
�

���
�

	�� ��
�� , i.e. by multiplying

�� by thepreceding� joint transformationsin theskeleton
hierarchy. In our case,all the joint transformsapartfrom
theshoulderandhip transformsareknown. For the latter,
only thetranslations�

� areknown. Theunknown rotations
canbeeasilycomputedwhich is shown for theexampleof
the left arm (Fig. 10). Let 


�������

 be the lengthof the left

armsegmenton layer-1 and 

� betheworld coordinatesof

Pl

A 1

A2 A3

l whole

before fitting
arm segment

head

neck joint

y

z
x

joint
left shoulder

arm segment after
fitting

neck

left shoulder

left shoulder joint CS

fitting
rotation

Figure 10. Layer­1 �tting

the left hand.By assumingthat initially the rotationof the
shoulderis theidentity matrix � , thecoordinatesof theleft
handin shoulderspace
�� canbe easily found. If in case
of no rotationtheleft shouldersegmentis coincidentin di-
rectionwith the x-axis of the shouldercoordinatesystem,
the currentrotation of the shoulder ��� is identical to the
rotationmatrix which rotatesthe shouldercoordinatesys-
tem's x-axisontothevector �
 � from theshoulderorigin to
thecurrentleft handcoordinates.Thismatrix is straightfor-
wardto compute.Thewholelayer-1 �tting is performedin
real-time(Sect.5).

4.3.2 Fitting the secondskeletonlayer

Oncethe model parametersare found for the �rst skele-
ton layer, the additionaldegreesof freedomof the second
modellayerarerecoveredby usingthevisualhull informa-
tion. During the �tting stepof model layer 1, the lengths
of armandleg segmentsarerecomputedfor eachtimestep.
Knowing thelengthsof theadditionaltwo segmentsof arms
andlegsenablescomputingtheelbow andkneejoint angles
( � in Fig. 9) directly using the cosinetheorem. In order
to �nd theadditionalangleof the layer-1 armandleg seg-
ments(seealso4.2),a maximaloverlapbetweenthesetof
volumesamplesattachedto thelayer-2 modelandthevoxel
dataobtainedfrom thevisualhull is searched.This stepis
performedfor thosearmandleg segmentswith anoticeable
bendingof theelbow andkneejoints, i.e. only if thelength
of thecorrespondinglayer-1 segmentis below a threshold.
Thesearchprocedureis asfollows,usingthearmsegment
asanexample:
Making useof the temporalcoherence,we start with the
rotationof thearmin thepreviousframe, � � ����� 	 , andro-
tatethearmsegmentto � equidistantangles� � in theinter-
val � � �
����� 	�� � ��� �
���!� 	

�

��" , with � de�ning thesearch
neighborhoodsize. For eachsuchorientation,�

� , a quality
measurefor the overlapbetweenthe volumesamplesand
the visual hull, " �%�	���

� , is computedwhich is the higher
thebetterthemodel�ts to thevoxel set. For eachvolume
sample,thecorrespondingvoxel it lies in is computed(see
Fig. 11) . If � is thenumberof thesevoxelswhich belong
to the visual hull (i.e. are �lled), then �$# is the overlap
matchscorefor thecurrentcon�guration �

� , wherea value
of %

!!&

is usedfor bestperformance.
Usingthesetof � matchscores,the�nal rotation � �
��	 of the
armsegmentis foundby computingthecenterof gravity of
theset '

!)(

�&�+*," �%�	���
�.-�


!

�-�0/1/0/��2�43 , thesetof angles
�&� eachmultipliedby its correspondingmatchscore

� � ��	

!

�

576

)�*

�
���

" �%�	���
�

6

)�*

8

�
���

�
�

*9" �%�	���
�

/

Theprocedurefor the leg segmentsis thesame.Although
thedifferencebetweenmatchscoresfor neighboring�

� can
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beverysmall,this approachstill allowsusto recoversmall
changesin rotationfrom � � � to � .

Figure 11. (l) Testing rotations between
search inter val bounds (stippled lines), (r)
slice thr ough voxel volume sho wing overlap
between samples and voxels

Thepositionsof thecamerasarecrucialfor thequalityof
thevisualhull. Typicalartifactsdueto badcamerapositions
areocclusionartifactsobservableastoo thick armsor legs.
Theseartifactsform thin voxel planesin which thearmor
leg mustlie. Ourapproachcanstill recover thecorrectarm
andleg con�gurationsin the presenceof thesevisual hull
errors.A cameralookingat thescenefrom thetop is not re-
quired,andevenwith our 4 cameraslooking from theside,
robust�tting is possible.
For eachvideoframe,the2-step�tting procedureresultsin
a setof modelparametersdescribingthebodypose.These
rotationandtranslationparameterscanbeeasilyusedto an-
imateany arti�cial characterbasedonasimilarly structured
skeleton(seealsoSect.4.2).

5 Results

The systemis testedon several sequencesof a person
moving in the cameracapture setup shown in Fig. 2.
Currently, two Athon 1GHz single-processorPCs are
used. One PC runs a client and the server application
simultaneously, resultingin highworkloadonthismachine.

Fig. 12 shows two framesout of a sequenceof 170
frames. In both pictures,the spheresmark the tracked 3D
locationsof thehead,thehandsandthe feet. Onecansee
thatthecompletelayer-2skeletonis nicely�t into thevisual
hulls. Using 4 cameras,the combinedvisual hull recon-
structionandfeaturetrackingrunsat4 fps for a64 * 64 * 64
volume and approximately6.5 fps for a 32 * 32 * 32 vox-
els.Measurementsshow thatcurrentlyfeaturetrackingcon-
sumesover 30% of total computationtime. Furthermore,
weexperienceanetworkoverheadin ourcurrentimplemen-
tation,sincetheframeratesof oneclient runningindepen-
dentlywithoutsendingdatato theservercanreachup to 19
fps (measuredusingtheinternalcameratrigger).

The model�tting processwhich works on recordedse-
quencestakes 0.8s (for all four layer-2 arm and leg seg-
ments)for onevisual hull using256 volumesamplesand
15angularsearchstepsfor armsandlegs.Fitting thelayer-
1 modelcanbe doneat almostno cost ( � 1 ms). It turns
out thatevenwith only 4 cameras,thesystemcanrobustly
�t the kinematicskeletonto the motion data. Even visi-
bility artifactsresultingin too thick armsdon't misleadthe
model �tting. The knowledgeof correcthead,handsand
feet positionsalsomakespossiblecorrectmodel �tting in
casesthat are problematicfor other approaches,suchas
if the armsare very close to the body. A dynamicmo-
tion model for the tracked featureswill further extendthe
rangeof allowed motions. More resultsincluding videos
of the systemin action can be found at http://www.mpi-
sb.mpg.de/� theobalt/VisualHullTracking.

Figure 12. Skeleton �tted to visual hulls (ren­
dered as point sets) of a moving person

6 Conclusion

In this paperwe presenta methodthat combinescolor-
basedfeaturetrackingand3Dscenereconstructionfrom sil-
houettesfor humanmotioncapture.Thealgorithmenables
fast �tting of a simpli�ed kinematic model to the video
footage.Additional degreesof freedomthatarehardto re-
cover usingpurefeaturetrackingarecomputedby usinga
secondlayer of the kinematicmodel. This layer features
a specialrepresentationfor arm and leg segmentsinclud-
ing volumesamplesattachedto theskeleton.Thepresented
methodusesthereconstructedvolumetricvisualhull to �nd
the correctcon�guration of the kinematicskeletonat ev-
ery time step. First resultsof a prototypeimplementation
capturingthemotionof ahumanperformerdemonstratethe
system's ability to �t the skeletonin real-timeanda more
detailedskeletonatnearinteractiveframerates.Thishybrid
approachof combiningfeaturetrackingandvolumerecon-
structionis foundto becapableof correctly�nding human
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bodycon�gurationsevenin thepresenceof typical visibil-
ity artifactsin thevisualhull.

In the future, the model �tting stepandthe visual hull
reconstructionwill beintegratedinto onereal-timeapplica-
tion. Theuseof a dynamicmotionmodelfor featuretrack-
ing is alsoanotherareaof our research.Moreover, we look
into usingthe visual hull for the recovery of a wide range
of torsoorientationsto allow complex upperbodymotion.
Furthermore,theapplicationof thisnew approachfor char-
acteranimationand the control of avatarsusing H-Anim
modelswill beinvestigated.
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