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Abstract

Theacquisitionof humanmotiondatais of majorimpor-
tancefor creatinginteractivevirtual environmentsjntelli-
gentuserinterfacesandrealisticcomputeranimations.To-
day's performanceof off-the-shelfcomputerhardware en-
ablesmarler-free non-intrusiveoptical tracking of the hu-
man body In addition, recentreseach showsthat it is
possibleto efciently acquire and rendervolumetricscene
representationsn real-time Thispaperdescribesa system
to capture humanmotionat interactiveframerateswithout
the useof markers or scene-intrudinglevices. Instead,2D
computewisionand3D volumetricscenaeconstructioral-
gorithmsare applied directly to the image data. A person
is recodedby multiple syndronizedcameas,and a multi-
layer hierarchical kinematicsleletonis tted to eat frame
in a two-staye process.We presentresultswith a prototype
systentunningontwo PCs.

1 Intr oduction

Recentlythe eld of humanmotioncapturehasbrought
togetherresearcherérom computervision and computer
graphics. The acquisitionof humanmotion datais a pre-
requisitefor the control of arti cial charactersn virtual re-
ality andaugmentedeality applicationg[1], aswell asin
computeranimationandvideogameg22]. Theanalysisof
humanmotion, e.g. gesturerecognition,can be usedfor
intelligent userinterfacesand automaticmonitoring appli-
cations[7].

Existing optical motion capturesystemsonly work in
a very constrainedscenesetup. The personto be tracked
hasto wear markers, and mary camerashave to obsenre
the scenefrom different viewpointsto prevent occlusions
[9, 12]. The rst markerfree vision-basedmotion cap-
ture systemshave only recentlybecomefeasiblethanksto

increasingcomputationapower of off-the-shelfhardware.
Non-realtime approachefl 3, 8, 26] usefeaturesextracted
from video framesto t simple kinematic skeleton mod-
els with volumetric limb representationso humanbody
poses.Imagedifferencing[14] andsilhouetteskeletoniza-
tion [10] arealsousedto t simple kinematic modelsto

videostreams.Theuseof TV imagesequencefor theac-
quisition of articulatedmotionis presentedn [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

parameterizatiofior humanbody joints to t a kinematic
modelto videofootage[3]. Existingreal-timesystemaise
comparablysimplemodels suchasprobabilisticregionrep-
resentationsand probabilistic Iters for tracking [31], or

combinefeaturetrackingand dynamicappearancenodels
[11]. Unfortunately theseapproachegsannotsupportso-
phisticatedhumanbody modelslike kinematicsskeletons
or dynamicbodyrepresentations.

At the sametime, a new methodfor the acquisitionand
efcient renderingof volumetric scenerepresentationsb-
tainedfrom multiple cameraviews, known asshape-from-
silhouetteor the visual hull [17], hasbeenproposed Early
approache# the eld constructdiscretethree-dimensional
grids of volume elementgvoxels) from a setof silhouette
imagesof asceneamethodknown asvoxel carvingor vol-
umeintersection28, 25, 5]. More recently it wasshovn
that a polyhedralrepresentatiorof the visual hull canbe
acquiredandrenderedn real-time[20]. An image-based
approachto visual hull constructionsamplesand textures
visualhulls alonga discretesetof viewing rays[21]. State-
of-the-artgraphicshardware canbe usedto acceleratahe
constructiorof slicesof thevisualhull [18]. Mostwork fo-
cuseson improving the quality of the reconstructecgcene
[15].

Only recently methodshave been presentedthat use
real-timevolumereconstructiorto capturehumanmaotion.



In [4], an Expectation-Maximization-lik ellipsoid tting
proceduras used,andin [19], aforce- eld exertedby the
voxelsis usedto nd thecon gurationof akinematicchain
model.

In this paperwe presentinew approactio full-body hu-
manmotion capturewhich combinesef cient color-based
optical tracking of humanbody featureswith the voxel-
basedreconstructiorof the persons visual hull from mul-
tiple cameraviews. The systemconsistsof anonline and
an off-line component. In the online component;the vi-
sualhull is reconstructedrom four cameraviews, andthe
3D positionsof the head,handsandfeet areautomatically
identi ed andtracked. In the off-line componenta simpli-
ed humanoidkinematicskeletonis tted to these3D po-
sitionsusinga saved streamof visual hulls and 3D feature
locations.

A secondlayer extendsthe skeletonby more detailed
armandleg representationandcylindrical volumesamples
for modelingthe volumetricextent of the extremities. The
more detailedmodelis tted to the visual hull in orderto
recover the exact poseof armsandlegs. This hybrid ap-
proachbene tsfrom the strengthsf both sourcef infor-
mation(features+elumemodel)andcompensatefor indi-
vidual weaknessesf the separatéechniques.

The structureof the paperfollows the structureof our
system. Sect.2 startswith an overvien of the systemar-
chitecture. The real-timecomponenbf our systemis de-
scribedin Sect.3 The off-line components describedn
Sect.4. Resultswith the prototypeimplementatiorarepre-
sentedn Sect.5. The paperconcludesith asummaryand
adiscussiorof futurework in Sect.6.

2 SystemOverview
2.1 Software architecture

The online componentof our systemis distributed on
two PCs. The software is implementedas a distributed
client-serer application(Fig. 1). Currently thereare 2
clients, eachof which is runningon a 1 GHz single pro-
cessorAthlon PC connectedto two Sory™ DFW-V500
IEEE1394videocamerashatrunataresolutionof 320x240
in color mode. Both clientsperforma backgroundsubtrac-
tion (Sect.3.2),aswell asthecomputatiorof apartialvisual
hull for the 2 connecteccameraviews in real-time. Addi-
tionally, the client controlling the two front view cameras
identi es andtracksthe positionsof hand,headandfeetat
interactve framerates(seeSect.3.2 and Sect.3.3). The
partial visual hulls from both clientsaretransferredo the
sener applicationwhich builds thefull visualhull andren-
dersit usingOpenGL.Theseneralsosendghetriggersig-
nalsto the camerador synchronization.The software ar
chitecturescaleseasilyto more camerasandmoreclients.

Online component

Camera Camera ‘ Camera ‘ Camera
front vie: side view
Gt cameras
. Tracking hand| i
2 Visual hull Visual hall .
Client 1 from 2 views head and. feet fromi Dviews Client 2
3D locations
RLE encoded hull RLE encoded hull
V_lsual hl.lu Rendering || Server
from 4 views

Fitting layer—1 skeleton

Fitting layer—2 skeleton by volume correlation

Off-line component

Figure 1. System architecture

Themodel tting is currentlyimplementedaisa separat@p-
plication which works with recordedvisual hulls and 3D
locationsacquiredwith the onlinesystem.

2.2 Scenesetup

The personto be tracked is supposedo move insidea
con nedvolume.Thescends obseredfrom four synchro-
nized camerasrom different directions. We requirethat
therearetwo camera®bservinghepersorfrom two nearby
positiongn front (Fig. 2). Thepersormovesbarefootednd
needsto facethesecamerasallowing only limited rotation
aroundthe vertical body axis. The camerasare calibrated
usingTsai's method[30].

3 Online System
3.1 Initialization

In the rst frame,the personis supposedo standin an
initialization position,facingthe two frontal cameraswith
both legs next to eachother and spreadinghe armshori-
zontallyaway to the sideat maximalextent.

3.2 Silhouette Segmentation

The sggmentationstep consistsof two parts. First, the
personssilhouettas separateétom thebackgroundn each



Figure 2. Scene setup: Camera studio, cal-
ibration pattern on the oor, 4 cameras
marked by circles

camergerspectie. Then,thesilhouetteobtainedrom the
front-view camerasaresegmentedn orderto identify hand,
feetandhead.Theformer stepis performedfor every time
step,thelatteris performedor theinitial frameonly.
Separatinghe personfrom the backgrounds doneby
usingabackgroundlistributionfor eachcameragerspectie
consistingof ameanmage andastandard-deation
image . Thesearegeneratedrom several consecu-
tive video framesof the static backgroundscene. For the

Figure 3. Video frame after background sub-
traction (I) and corresponding silhouette (r)

silhouetteextractiona methodoriginally proposedn [4] is
usedwhich provesto berobustagainsishadaevs castby the
persoronthe oor andthewalls. If apixel differsin atleast
onecolorchanneby morethananupper thresholdrom
thebackgroundlistribution

it is classi edasforeground.If its differencefrom theback-
groundstatisticds smallerthanthelowerthreshold in all
channeldt is surelya backgroundoixel. All pixelswhich
fall in betweerthesethresholdsarepossiblyin shadev ar-
eas. Shadaev pixels areclassi ed by a large changein in-
tensitybut only smallchangen hue. If is the color

vectorof the pixel to beclassi ed,and is thecorre-
spondingbackgroundixel color vector, their differencein
hueis

If the pixel is classi ed asforeground,else
asshadov. A 0/1-silhouettamagefor eachcameras com-
putedthis way.

The binary silhouetteimagesof the personstandingin
theinitialization positionseerfrom thetwo front view cam-
erasare sggmentedusing a Generalizedvoronoi Diagram
(GVD) decomposition(see Fig. 5). Often usedin free
spacesegmentationof cognitive topological mapsof mo-
bile robots[27, 29, 16], the Generalized/oronoi Diagram
is the setof all pointsin the silhouettewhich is equidistant
to atleasttwo silhouetteboundarypoints.

The GVD point setcanbe usedto segmentthe silhou-
ette into distinct regions by searchingfor critical points,
i.e. pointslocally minimizing the clearanceo the silhou-
etteboundary Thesepointsare usedas centersfor border
linesbetweeradjacentegionsin thesilhouette. Thesdines
connecthetwo boundarypixelsclosesto thecritical point
(Fig. 4). Sincein the silhouettethe boundariedo the head,
handandfeetareidenti ed by constrictionsthe algorithm
nicely sggmentsthesepartsfrom therestof thebody. This
way, thepositionandtheregionalextentof thesebodyparts
areextracted.

Silhouette boundary

region 1

region &

Critical points

Figure 4. GVD with critical points

The connectity of therecoveredsilhouetteregionscan
berepresentetly agraphconnectingheregioncenters For
the caseof the humansilhouettein the initialization posi-
tion, the ve terminatingnodesin the connectvity graph
correspondo thehead the handsandthefeetof theperson.

3.3 Tracking head,handsand feet

To track the motion of body partsin 2D, we imple-
menteda fast tracking stratgy. We use a continuously
adaptablanean-shiftalgorithmwhich is capableof track-
ing the meanof dynamicallychangingprobability distribu-
tions, originally developedfor facetracking[2, 6]. From



Figure 5. Silhouette segmented by General-
ized Voronoi Diagram decomposition

the seggmentationstep, it is known which pixels belongto
thehead thehandsandthefeetfor bothfront cameraviews
at . The HSV color is the principal cue usedfor
tracking body parts. The color range of humanskin in
the cameraview is differentdependingon lighting condi-
tions and cameraadjustment. Sincethe locationsand ex-
tent of the head,the handsand the feet are known, their
color valuesin the imageplanecanbe usedto computean
averageskin color for eachfrontal cameraview, and

. Thesevaluesare usedto de ne toleranceintervalsin
color space, - -
and - _ . For the
colorsin theseintervals, color histograms and  are
computedbasedn thevideoframeswith the personin ini-
tializationposition.

After the rst video frames,the algorithm proceedsas
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 canbe doneby back-projectinghe his-
tograms  and into the correspondingrideo frames
afterbackgroundsubtraction.Alternatively, we cansimply

Iter outall pixelsin the allowed color interval andsetall
pixelspassinghetestto the maximumpixel value.In prac-
tice, thisleadsto fastcorvergenceof thetrackingalgorithm.

We use a separatecontinuouslyadaptablemean shift
tracker for eachof the ve body partsin both front views
that takes the intermediategray-scaleimages as input.
Within alimited rectangulasearctwindow, gradientinfor-
mationis usedto iteratively corverge to the meanof the
probability distribution (see[2] for details). Startingwith
the modepositionin the previous frame, the centerof the
searchwindow aftercorvergenceis taken asthe new body
part positionin the currentframe. At time step the
trackersareinitialized with the centerpositionsfound dur-
ing the Voronoidecompositiorstep.

The whole procedureis run for eachvideo frame ac-

. VisualtulRenderer

Figure 6. Screen-shots of server showing the
visual hull (I) 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-shoof our systemwherethetracked body partsare
marked by circles. We assumehatthe colorsof the head,
thehandsandthefeetaresufciently differentfrom thecol-

ors of the clothesthat the personwears. Head,handsand
feetcolorsneedto besimilarin HSV spacefor our method
to work properly Requiringthat the personmoves bare-
footedis theeasiestvayto ful Il this constraint.Thedraw-

backof themethodis thatin caseof overlappingoodyparts,
thetrackerscanbemislead.

Oncetheir locationsin the front cameraviews are de-
termined,the 3D positionsof the body partsarecomputed
by triangulation. We assumehat the tracked centroidsof
the handscorrespondo the projectedwrist joint locations,
the centroidsof thefeetto theanklejoint locations,andthe
centroidof the headto the modelrootjoint.

3.4 Volumereconstruction

From the silhouettesof the moving person,we recon-
struct a voxel-basedapproximationto the visual hull at



every time step. Our approachadaptsthe voxel carving
methodandis similarto thealgorithmspresentedh [4] and
[19].

Theboxin spacen which the personis allowedto moveis
subdvidedinto aregulargrid of volumeelements.

In our distributedimplementationgachvoxel is simul-

taneouslyprojectednto the views of thetwo camerason-
nectedto oneclient computer If it re-projectsnto the sil-
houetteof the personin both views, it is classi ed asoc-
cupiedspace. The partial hulls from eachclient , , are
run-length-encodednd transferredto the sener applica-
tion via LAN. On the sener, the completevisual hull
is constructedy intersectinghevolumes,
The intersectioncanbe ef ciently implementedusing blt-
wise booleanoperators.The voxel projectionscanbe pre-
computedor eachstaticcameraview. Two examplevisual
hulls reconstructedrom four cameraviews canbe seenin
Fig. 7.

4 Off-line system

4.1 |Initialization

The model tting application (off-line componentin
Fig. 1) takesvisual hulls and 3D featurelocationsthat are
sared by the online systemasinput. The dimensionf the
kinematicskeletonneedto be adjustedto the body dimen-
sionsof the moving person. This is eitherdoneby manu-
ally measuringhe limb lengthsandloadingtheminto the
application,or by aninteractie step. In this stepthe user
marksshouldey hip, elbov and kneelocationsin the two
camerdramesshoving the persorin theinitialization posi-
tion from front. Togethemith thetrackedpositions the 3D
locationsof all joints canbe computedandthe lengthsof
thebodyseymentsarederived. Thethicknessesf thearms
andlegsaresetby theuser

4.2 The Skeleton

The model usesa 2-layer kinematicskeletonto which
volume samplesrepresentinghe extensionof body parts
are attached. The rst layer of the skeletonconsistsof a
structureof 10 boneseggmentsand 7 joints (including the
root). Therotationparameteror thejoints andthetransla-
tion of the modelsumup to 20 degreesof freedomfor the
skeleton.

Thesecondayerextendsthelayer1 structureby upperarm
andforearmsegments,aswell asupperleg andlower leg

segments(Fig. 8). Eachof thesesegmentsconsistsof two

bonesattachedo alayer1 armorleg sggment.Thesebones
areconnectedy a 1-degree-of-freedm revolutejoint that
senes as a simpli ed modelfor the elbov and the knee
joint. As an example,this structureis shovn for the arm

Figure 8. Skeleton layer 1 (I), skeleton layer 2
(1)

in Fig. 9. The lengthsof the upperarm and lower
arm are x ed and obtainedfrom the initialization
step.Duringmodel tting, thelengthof thelayer1 segment
varies,andthejoint angle of theelbaw is fully de-
terminedby the cosinetheorem(Fig. 9) . As anadditional
degree of freedom, the rotation aroundthe axis along
the layer1 seggmentis introduced. For the whole layer2
skeleton, 4 additionaldegreesof freedomresultsincethe
-anglesarefully determinedy thelayer1 skeleton.
To modelthe extent of limbs, volume samplesattachedo
thearmandleg structureson layer2. Thesearepoint sam-
plestakenfrom a cylindrical volumearoundthe extremities
(seeFig. 8). This constructiorfor legsandarmsis the pre-
conditionfor our model tting strategy onlayer2.

The skeletonstructureis hierarchicalandeachsegment

hasits own local coordinatesystem.Revolutejoints arepa-
rameterizedby oneangle.Higherdegrees-of-freedorjoints
canbe parameterizetdy ZYZ-Euler anglesor Quaternions
[23], or the joint transformatiorcanbe setdirectly in form
of the correspondingnatrix (Sect.4.3.1). In orderto ap-
ply our modelparameterso a skeletoncontainingthe full
setof joints andboneson just onelayer (e.g. H-Anim), an
additionalstephasto be taken. The rotation matricesde-
ned by the shoulderand hip joints have to be multiplied
by matricesrotatingthe layer1 arm or leg segmentsonto
the correspondingipperarm andleg segmentsin the local
coordinatesystem.

4.3 Model tting

The modelis tted for eachvideoframein a two-stage
processwhichis describedn thefollowing.
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Figure 9. Arm structure of model layer 2

4.3.1 Fitting the rst skeletonlayer

The 2D featuretracking(Sect.3.3) reportsa setof 3D goal
locationsfor the head the handsandthefeet. Fromtheini-
tialization, the skeletondimensionsareknown. By assum-
ing that the personis moving with an upright upperbody
andwith only slight rotationaroundthe vertical body axis,
all joint locationsfor thelayer1 skeletonareknown for ev-
ery time step. For eachvideo frame, the rst layer of the
kinematicskeletonis tted into this point set. Thisis done
by translatinghemodelroot(locatedatthehead)o thecur-
rent 3D headposition. The distancedetweerthe left and
right shoulderandwrist aswell astheleft andright hip and
ankle are computed,and the lengthsof the corresponding
layer1 sggmentsareadaptedo thesevalues. The skeleton
is representedsa hierarchicakinematicchain. Eachjoint
correspondfo arotation  andatranslation , whichcan
berepresentedsa combinedmatrix in homoge-
neouscoordinates.Knowing the coordinatesf a pointin
thejoint coordinatesystem , its world coordinatesanbe
foundby , i.e. by multiplying
by the preceding joint transformationsn the skeleton
hierarchy In our case,all the joint transformsapartfrom
the shoulderand hip transformsareknown. For the latter,
only thetranslations areknown. Theunknawn rotations
canbe easilycomputedwhich is shavn for the exampleof
the left arm (Fig. 10). Let be the length of the left
armsegmentonlayerland  betheworld coordinate®f

head -
left shoulder joint CS

1
nec
left shoulder arm segment
& Az joint before fitting
. leftshoulder ¥ x {77 I~
neck joint ;
whole
fitting

arm segment a rotation
fitting

o,

Figure 10. Layer-1 tting

theleft hand. By assuminghatinitially therotationof the
shouldeiis theidentity matrix , thecoordinate®f theleft

handin shoulderspace canbe easilyfound. If in case
of norotationtheleft shouldersegmentis coincidentin di-

rectionwith the x-axis of the shouldercoordinatesystem,
the currentrotation of the shoulder s identicalto the
rotation matrix which rotatesthe shouldercoordinatesys-
tem's x-axisontothevector  from the shoulderorigin to

thecurrentleft handcoordinatesThis matrixis straightfor

wardto compute.Thewholelayer1 tting is performedn

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 usingthevisual hull informa-
tion. During the tting stepof modellayer 1, the lengths
of armandleg segmentsarerecomputedor eachtime step.
Knowing thelengthsof theadditionaltwo segmentsof arms
andlegsenablecomputingtheelbow andkneejoint angles
( in Fig. 9) directly using the cosinetheorem. In order
to nd theadditionalangleof thelayer1 armandleg seg-
ments(seealso4.2), a maximaloverlapbetweerthe setof
volumesamplesattachedo thelayer2 modelandthevoxel
dataobtainedfrom the visual hull is searchedThis stepis
performedor thosearmandleg segmentswith anoticeable
bendingof the elbon andkneejoints, i.e. only if thelength
of the correspondindayer1 sggmentis belov a threshold.
The searchprocedurds asfollows, usingthe arm sggment
asanexample:
Making useof the temporalcoherencewe startwith the
rotationof thearmin the previousframe, , andro-
tatethearmsementto equidistanengles in theinter-
val , with  de ning the search
neighborhoodize. For eachsuchorientation, , a quality
measureor the overlap betweenthe volume samplesand
the visual hull, , is computedwhich is the higher
the betterthe model ts to the voxel set. For eachvolume
sample the correspondingioxel it lies in is computedsee
Fig.11). If is the numberof thesevoxelswhich belong
to the visual hull (i.e. are lled), then s the overlap
matchscorefor the currentcon guration , whereavalue
of is usedfor bestperformance.
Usingthesetof matchscoresthe nal rotation of the
armseggmentis foundby computingthe centerof gravity of
theset , thesetof angles
eachmultiplied by its correspondingnatchscore

The procedurdfor the leg segmentsis the same. Although
thedifferencebetweermmatchscoredor neighboring can



bevery small, this approactstill allows usto recoversmall

changesn rotationfrom to .
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Figure 11. () Testing rotations between
search interval bounds (stippled lines), (r)

slice through voxel volume showing overlap
between samples and voxels

Thepositionsof thecamerasrecrucialfor thequality of
thevisualhull. Typicalartifactsdueto badcameragositions
areocclusionartifactsobsenableastoo thick armsor legs.
Theseartifactsform thin voxel planesin which the arm or
leg mustlie. Ourapproactcanstill recover the correctarm
andleg con gurationsin the presencef thesevisual hull
errors.A camerdooking atthescendrom thetopis notre-
quired,andevenwith our 4 cameragooking from the side,
robust tting is possible.

For eachvideoframe,the 2-step tting procedureaesultsin
a setof modelparameterslescribingthe body pose.These
rotationandtranslatiorparametersanbeeasilyusedto an-
imateary arti cial charactebasednasimilarly structured
skeleton(seealsoSect.4.2).

5 Results

The systemis testedon several sequencesf a person
moving in the cameracapture setup shovn in Fig. 2.
Currently two Athon 1GHz single-processoiPCs are
used. One PC runs a client and the sener application
simultaneouslyresultingin highworkloadonthis machine.

Fig. 12 shavs two framesout of a sequenceof 170
frames. In both pictures,the spheresnark the tracked 3D
locationsof the head,the handsandthe feet. Onecansee
thatthecompletdayer2 skeletonis nicely t into thevisual
hulls. Using 4 camerasthe combinedvisual hull recon-
structionandfeaturetrackingrunsat4 fpsfor a64 64 64
volume and approximately6.5 fps for a 32 32 32 vox-
els. Measurementshav thatcurrentlyfeaturetrackingcon-
sumesover 30% of total computationtime. Furthermore,
we experienceanetwork overheadn our currenimplemen-
tation, sincethe frameratesof oneclient runningindepen-
dentlywithout sendingdatato thesener canreachupto 19
fps (measuredisingtheinternalcamerarigger).

The model tting processwvhich works on recordedse-
guencedakes 0.8s (for all four layer2 arm and leg sey-
ments)for onevisual hull using 256 volume samplesand
15 angularsearctstepsfor armsandlegs. Fitting thelayer
1 modelcanbe doneat almostno cost( 1 ms). It turns
out thatevenwith only 4 camerasthe systemcanrobustly
t the kinematicskeletonto the motion data. Even visi-
bility artifactsresultingin too thick armsdon't misleadthe
model tting. The knowledgeof correcthead,handsand
feet positionsalso makes possiblecorrectmodel tting in
casesthat are problematicfor other approachessuchas
if the armsare very closeto the body. A dynamic mo-
tion modelfor the tracked featureswill further extendthe
rangeof allowed motions. More resultsincluding videos
of the systemin action can be found at http://www.mpi-
shmpg.de/ theobalt/\isualHullTracking.

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

6 Conclusion

In this paperwe presenta methodthat combinescolor-
basedeaturetrackingand3D scenaeconstructiofirom sil-
houettefor humanmotion capture.The algorithmenables
fast tting of a simpli ed kinematic model to the video
footage.Additional degreesof freedomthatarehardto re-
cover usingpurefeaturetrackingare computedby usinga
secondlayer of the kinematicmodel. This layer features
a specialrepresentatiorior arm andleg segmentsinclud-
ing volumesamplesttachedo the skeleton. Thepresented
methoduseghereconstructegdolumetricvisualhull to nd
the correctcon guration of the kinematic skeletonat ev-
ery time step. First resultsof a prototypeimplementation
capturingthemotionof ahumanperformerdemonstrat¢he
systems ability to t the skeletonin real-timeanda more
detailedskeletonatnearinteractize framerates.This hybrid
approaclof combiningfeaturetrackingandvolumerecon-
structionis foundto be capableof correctly nding human



bodycon gurationsevenin the presencef typical visibil-
ity artifactsin thevisualhull.

In the future, the model tting stepandthe visual hull
reconstructionwill beintegratedinto onereal-timeapplica-

tion.

Theuseof adynamicmotionmodelfor featuretrack-

ing is alsoanotherareaof our researchMoreover, we look

into usingthe visual hull for the recovery of a wide range
of torsoorientationgo allow comple< upperbody motion.
Furthermorethe applicationof this newv approackor char

acteranimationand the control of avatarsusing H-Anim

modelswill beinvestigated.
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