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Abstract

Shape-Fom-Silhouett¢SFS) alsoknownasVisual Hull
(VH) construction,is a popular 3D reconstructiormethod
which estimateshe shapeof an objectfrommultiplesilhou-
etteimages. Theoriginal SFSformulationassumeshatall
of thesilhouetteémagesare capturedeitheratthesametime
or while the objectis static. This assumptionis violated
whenthe objectmovesor changesshape Hencethe use
of SFSwith moving objectshasbeenrestrictedto treating
ead time instantsequentiallyand independentlyRecently
we have successfullyextendedthe traditional SFSformu-
lation to re ne the shapeof a rigidly moving object over
time Here we further extend SFSto apply to dynamicar-
ticulatedobjects.Givensilhouettef a moving articulated
object,the processof recovering the shapeand motionre-
quirestwo steps: (1) correctly sgmenting(points on the
boundaryof) the silhouettego ead articulatedpart of the
object,(2) estimatinghe motionof ead individual part us-
ing the sgmentedsilhouette In this paper we proposean
iterative algorithm to solvethis simultaneousassignment
andalignmentproblem.Oncewe haveestimatedhe shape
andmotionof eadh part of theobject,thearticulation points
betweeread pair of rigid parts are obtainedby solvinga
simplemotion constrint betweerthe connectedarts. To
validateour algorithm,we r stapplyit to sggmentthe dif-
ferentbodyparts and estimatethe joint positionsof a per
son. Theacquired kinematic(shapeand joint) information
is thenusedto tradk the motionof the personin new video
sequences.

1. Intr oduction

TraditionalShape-From-Silhouet{&FS)assumesither
that all of the silhouetteimagesare capturedat the same
time or thatthe objectis static[16, 21, 14, 15]. Although
systemshave beenproposedo apply SFSto video[3, 2],
thesesystemsapply SFSto eachframesequentiallyandin-
dependently

Recentlythere has beensomework on using SFSon
rigidly moving objectsto recover shapeand motion [24,
25], or to re ne the shapeover time [17]. Thesemethods
involve the estimationof the 6 DOF rigid motionof theob-
ject betweensuccessie frames. In [25] the motionis as-
sumedo becircular. Frontierpointsareextractedfrom the
silhouetteboundaryand usedto estimatethe axis of rota-
tion. In [24], Ponceet. al. de ne alocal parabolicstructure
on the surfaceof a smoothcurvedobjectand useepipolar
geometryto locate correspondingrontier points on three

silhouetteimages. The motion betweerthe imagesis then
estimatedy atwo-stepminimization.

In [17] the 6 DOF motion is estimatedby combining
boththe silhouetteandthe color information. At eachtime
instant,3D line segmentscalled BoundingEdgesare con-
structedrom raysthroughthecameracentersandpointson
the silhouetteboundary UsingthefactthateachBounding
Edgetoucheghe objectat at leastone point, a multi-view
stereaalgorithmis proposedo extractthe colorsandposi-
tions of thesetouchingpoints (subsequentlyeferredto as
ColoredSurfacePoints). The motion betweenconsecutie
framesis then computedby minimizing the errorsof pro-
jecting the Colored Surface Pointsinto the images. Once
the 6 DOF rigid motionis recoreredandcompensateébr,
all the silhouetteimagesare treatedas taken at the same
time andtraditional SFSis appliedto getare ned shapeof
theobject.

In this paperwe extend [17] to handlearticulatedob-
jects.An articulatedobjectconsistof a setof rigidly mov-
ing partswhich areconnectedo eachotherat certainartic-
ulation points. A goodexampleof an articulatedobjectis
thehumanbody (if we approximatehebodypartsasrigid).
Herewe proposeanalgorithmto automaticallyrecover the
joint positions,and the shapeand motion of eachpart of
an articulatedobject. We begin with silhouetteimages.al-
thoughcolorinformationis usedto breakthealignmentam-
biguity asin [17].

Givensilhouettesf a moving articulatedobject,recov-
eringthe shapeandmotionrequirestwo inter-relatedsteps:
(1) correctlysegment(pointsontheboundaryof) thesilhou-
ettesto eachpart of the objectand (2) estimatethe shape
and motion of the individual parts. We proposean itera-
tive algorithm to solve this simultaneousassignmenand
6 DOF motion estimationproblem. Oncethe motionsof
therigid partsare known, their articulationpoints are es-
timatedby imposingmotion constraintshetweeradjoining
parts.To testouralgorithm,we applyit to acquiretheshape
andjoint locationsof articulatedhumanmodels.Oncethis
kinematicinformationof the personhasbeenacquiredwe
shav how the 6 DOF motion estimationalgorithm canbe
usedto track the articulatedmotion of that personin new
video sequences Resultson both syntheticand real data
arepresentedo show thevalidity of our algorithms.

2. Background

In [8] and[17] we extendedthe traditional SFSformu-
lation to rigidly moving objects. Combiningthe silhouette
andcolorimageswe rst extract3D pointson the surface
of the objectat eachtime instant. Thesesurfacepointsare
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Figurel. The BoundingEdge s obtainedby rst pro-
jectingtheray onto andthenre-projectinghe
segmentsoverlappingthe silhouettesbackinto 3D space.

is the intersectionof the reprojectedsegments. The
point wherethe objecttouches is locatedby searching
along for the point with the minimum projectedcolor
variance. Note that the imagefrom camera4 is not used
becausét is occluded.See[17] for details.

thenusedto estimatethe 6 DOF motion betweensucces-
sive frames. Oncethe rigid motion acrosstime is known,
all of thesilhouetteimagesaretreatedasbeingcapturedat
the sametime and SFSis performedto estimatethe shape
of theobject.Below we give abrief review of thistemporal
SFSalgorithm.

2.1 Visual Hulls and Their Bounding Edges

The term Visual Hull (VH) was rst coinedby Lauren-
tini in [13] to denotethe 3D shapeobtainedby intersecting
the visual conesformed by the silhouetteimagesand the
cameracenters[13, 14, 2]. One useful propertyof a VH
is thatit providesan upperboundon the shapeof the ob-
ject. In [17], we introduceda new representationf a VH
calledthe BoundingEdgerepresentationAssumethereare

color-balancedndcalibratedccameragositionecaround
a Lambertianobject . Let
be the setof color and correspondingilhouetteimagesof
theobject obtainediromthe camerasattime . Let

be a point on the boundaryof the silhouetteimage
Throughthe centerof camera, denesaray in3D
space. A BoundingEdge is de ned asthe portion of

suchthattheprojectionof  ontheimageplanesof all
theothercameradies completelyinsidethe silhouettesAn
exampleis shavn in Figure 1. can be constructedoy
successiely projectingtheray  onto eachsilhouetteim-
age,andretainingthe portionwhoseprojectionoverlapsall
thesilhouettes.

2.2 Colored SurfacePoints (CSP)

The mostimportantpropertyof a BoundingEdgeis the
Second~undamentaPropertyof Visual Hulls (2nd FPVH)

which statesthat eachBounding Edgetouchesthe object
(which forms the silhouetteimages)at at leastone point
[17]. Using this property we areableto locatepointson
the surfaceof the objectusinga multi-stereocolor match-
ing approach. Considera BoundingEdge . Sincewe
assumehe objectis Lambertianandthe camerasare color
balancedthereexists at leastone point on (the point
whereit touchesthe object) suchthat the projectedcolors
of this pointin all thevisiblecolorimages arethesame.
In otherwords,this point haszeroprojectedcolor variance
amongthe visible color images. In practice,dueto noise
andinaccuracief colorbalancingjnsteadof searchindor
the point thathaszeroprojectedcolor variance we assign
thetouchingpointon  to bethe pointwith the minimum
colorvarianceasshowvn in Figurel. We referto this point
asa ColoredSurfacePoint (CSP)of the objectandrepre-
sentits positionandcolor (which is obtainedby averaging
its projectedcolor acrossall visible camerashy and
respectiely. By samplingthe boundarieof all the sil-
houetteimages,asetof  ColoredSurfacePointscanbe
constructedNotethatthereis no point-to-pointcorrespon-
dencerelationshipbetweentwo differentsetsof CSPsob-
tainedat differenttime instant. The only propertycommon
to the CSPsdis thatthey all lie onthe surfaceof the object.

2.3 SFSAcrossTime for Rigid Objects

We now describeouralgorithmfor recoveringthe6 DOF
motion of a rigid object using the CSPs. Without loss
of generality we assumehat the orientationand position
of the objectattime is Q andthatattime it is

. Therigid objectalignmentprob-
lemis thenequialentto recovering . Consider
themotionbetween and asanexampleandassumeve
havetwo setsof data

obtainedat and respectiely.
To nd , we align the CSPswith the 2D silhouette
andcolorimages.Theideais very similar to thatin [22] for
2D imagealignment.

Supposewe have an estimateof For a CSP

(with color ) attime , its 3D positionat time
would be . Considenwo differentcasef the
projectionof intothe  camera:

1. The projectionlies inside the silhouette In this
casewe usethecolor differenceasanerrormeasure:

(1)

is the projectedcolor of a 3D point
. Here we assumethis color
liesoutside

where
into the color image
erroris zeroif theprojectionof

2. The projectionlies outside . In this case,we use
thedistanceof the projectionfrom |, representetly
asan errormeasure.The distanceis

zeroif theprojectionliesinside
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Figure 2. Resultsof our temporalSFSalgorithm[17] ap-
plied to syntheticdata: (a) oneof theinputimages,(b) un-
alignedCSPs(c) alignedCSPs(d) re ned visualhull.

is visible, theerror
is givenby

Summingoverall camerasn which
measuref with respecto

(@)

where isaweighingconstantSimilarly, theerrormeasure
ofaCSP  attime iswrittenas

(3)

Now theproblemof estimatinghemotion is posed

asminimizing thetotal error

(4)

which can be solved using a gradientdescentor Iterative
Levenbeg-Marquadtalgorithm[23]. Hereaftemwe referto
this motion estimationprocessaseither“temporal SFS” or
thevisualhull alignmentalgorithm.

To shaw the validity of our visual hull alignmentalgo-
rithm, we apply it to both syntheticand real sequencesf
arigidly moving person.In the syntheticsequencea com-
puter graphicsmodel of a personis madeto rotate about
the z-axis. Twenty ve setsof color andsilhouetteimages
of the modelfrom eight virtual camerasare renderedus-
ing OpenGL.Oneexampleof therenderectolorimagesis
shavn in Figure2(a). CSPsarethenextractedandaligned.
Figure2(b) and(c) illustraterespectiely theunalignedand
alignedCSPsfor all 25 frames. Figure 2(d) shawvs the vi-
sualhull constructedy applying SFSto all the silhouette
images(compensatindor the alignment).A realsequence
of a personstandingon a turn table was also capturedby
eightcamerawith thirty framesper camera(a whole rev-
olution of the turn table). The personwasasled to remain
still throughouthe captureprocesgo satisfytherigidity as-
sumption. Theresultsare presentedn Figure3. It canbe
seenthat excellentshapeestimategthe visual hulls shavn
in Figures2(d) andFigure3(d)) of thehumanbodiescanbe
obtainedusingour temporalSFSalgorithm[17].

(d)
Figure 3. Resultsof our temporalSFSalgorithm[17] ap-
plied to estimatethe shapeof a real humanbody (a) one
of theinputimages,(b) unalignedCSPs/c) alignedCSPs,
(d) re ned visualhull displayedrom several differentview
points.

Althoughthe3D shapeof apersorncanbeobtainedn de-
tail usingthe VH alignmentalgorithmdescribedabove, the
acquiredshapedoesnot containarny kinematicinformation
(joint positionsand body partssegmentation). This kine-
maticinformationis essentiafor applicationssuchasmo-
tion tracking, capture recognitionandrendering.We now
shav how this information can be obtainedautomatically
andaccuratelyusingour articulatedSFSalgorithm.

3. Articulated Shape-Fom-Silhouette

To extendthetemporalSFSalgorithmto articulatedob-
jectswe employ a similarideato thatusedfor multiple lay-
eredmotionestimationin [18]. Therigid partsof thearticu-
latedobjectare rst modeledasseparatandindependendf
eachother With this assumptionyve iteratively (1) assign
the extractedCSPsto differentpartsof the objectand (2)
applythetemporalSFSalgorithmto align eachpartacross
time. Oncethe motionsof all the partsarerecovered,an
articulationconstraintis appliedto estimatethe joint posi-
tions. Note thatthis iterative approachcanbe categorized
as belongingto the ExpectationMaximization framework
[5]. Thewholealgorithmis explainedbelaw in detailusing
atwo-part,one-jointarticulatedobject.

3.1 Segmentation/AlignmentAlgorithm

Consideran one-jointobject  which consistsof two
rigid parts and asshown in Figure 4 at two dif-
ferenttime instants and . AssumeCSPsof the ob-
ject are extracted from the color and silhouetteimages
of  calibratedand color-balancedcameras,denotedby

Furthermore treating
and astwo independentlymoving rigid objectsallows
usto representhe relative motionof  between and
as andthatof as . Now considerthe
following two complementargases.
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3.1.1 Alignment with known segmentation

Supposewe have seggmentedthe CSPsat  into groups

belongingto part andpart , representedy and

respectiely for both By applying the

temporalSFSalgorithm describedn Section2 (Eq. (4))

to and separatelyestimatesof the relative motions
areobtained.

3.1.2 Segmentationwith known alignment

Assume we are given the relatve motion

of and from to For a

CSsP at time , considerthe following two error
measures

(5)

(6)

Here is the error of with respect to the

color/silhouetteimagesat  if it belongsto part (thus

following the motion model ). Similarly is the

errorif liesonthesurfaceof . Inthesesxpressionshe
summationsareover all visible cameras . By comparing
thesetwo errors,a simplestratey to classifythe point

is devisedasfollows:

if (7)
otherwise

where isathresholdingonstanand  contains
all the CSPswhich are classi ed as neitherbelongingto

part norpart . Similarly, the CSPsattime canbe
classi edusingtheerrors and

In practice,the above decisionrule doesnot work very

well becausef image/silhouett@oiseandcameracalibra-
tion errors. Here we suggestusing spatialcohereng and
temporalconsisteng to improve the sgmentation.To use
spatialcohereny, the notion of a spatialneighborhoochas

to bede ned. Sinceit is dif cult to de ne a spatialneigh-
borhoodor thescatteredSPdn 3D spacgseefor example
Figure3(b)),analternatevayis used.RecallthateachCSP
lies on a BoundingEdgewhich in turn correspondso
aboundarypoint  of thesilhouetteimage . Wede ne
twoCSPs and as“neighbors’if theircorrespond-

ing 2D boundarypoints and areneighboringpixels
(in 8-connectiity sense)n thesamesilhouetteémage.This
neighborhoodile nition allowsusto easilyapplyspatialco-
hereng to the CSPs.From Figure5(a) it canbe seenthat
differentpartsof an articulatedobjectusually projectonto
thesilhouettamageascontinuousoutlines.Inspiredby this
property thefollowing spatialcohereng rule (SCR)is pro-
posed:

Spatial CoherencyRule (SCR):

If is classi edasbelongingto part by Eq.(7),it stays
asbelongingtopart if all ofits left andrightimmediate
“neighbors” are also classi ed as belongingto part by
Eq. (7), otherwisdlt is reclassi edasbelongingto . The
sameprocedureappliesto part

Figure 5(a) shavs how the spatialcoherenyg rule canbe
usedto remove spuriouspartition error. The secondcon-
straintwe utilize to improvethesggmentationresultsis tem-
poral consisteng as illustratedin Figure 5(b). Consider
threesuccessie framescapturechat , and .Fora

CSP it hastwo classi cationsdueto motionfrom
to andmotionfrom to . Since  eitherbelongs
topart or ,thetemporalconsisteng rule (TCR)simply

requireshatthetwo classi cationshave to agreewith each
other:

Temporal ConsistencyRule (TCR):
If hasthe sameclassi cationby SCRfrom to

andfrom to , the classi cationis maintained pther
wise, it is reclassi edasbelongingto

Note that SCR and TCR not only remove wrongly seg-
mentedpoints, but they alsoremove someof the correctly
classi ed CSPs.Overall thoughthey are effective because
few but moreaccuratedatais always preferredover abun-
dantbut lessaccuratalata,especiallyin our casewherethe
segmentatiorhasa greateffect on motionestimation.

3.1.3 Iterati ve algorithm

Summarizinghe above discussionye proposeaniterative
segmentation/alignmenprocessto estimatethe shapeand
motionof parts and over framesasfollows:

1. Givensggmentations of CSPsrecoverthe

relative motions of and
over all frames usingthe temporalSFS
algorithm.

2. Repartitionthe CSPsaccordingto the estimatedmo-
tionsby applyingEg. (7), followedby theintra-frame
SCRandinter-frameTCR.
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3. RepeatStepsl and?2 until the sggmentation/alignment
cornvergesor for a x edmaximumnumberof times.

Althoughfor the sale of explanationwe have described
this algorithmfor anarticulatedobjectwith two rigid parts,
it caneasilybegeneralizedo applyto objectswith  parts.

3.2 Initialization

As commonto all iterative EM algorithms,initialization
is alwaysaproblem[18]. Herewe suggestwo differentap-
proachedgo startour algorithm. Both approachegare com-
monly usedin the layer estimationliterature[18, 12]. The

rst approactusesthefactthatthe 6 DOF motion of each
partof thearticulatedbjectrepresentasinglepointin asix

dimensionakpaceln otherwords,if we have alarge setof

estimatednotionsof all the partsof the object,we canap-

ply clusteringalgorithmsontheseestimatesn the6D space
to separatehe motion of eachindividual part. To geta set
of estimatednotionsfor all the parts,thefollowing method
is used.The CSPsat eachtime instantare rst dividedinto
subgroupsy cutting the correspondingsilhouettebound-
ariesinto arbitrary sggments. Thesesubgroupsof CSPs
arethen usedto generatethe motion estimatesusing the
VH alignmentalgorithm, eachtime with a randomlycho-
sensubgroupfrom eachtime instant. Sincethis approach
requiresthe clusteringof pointsin a 6D spacejt performs
bestwhenthe motionsbetweendifferentpartsof the artic-

ulatedobjectarerelatively large sothatthe motion clusters
aredistinctfrom eachother

The secondapproachis applicablein situationswhere
one part of the objectis muchlarger thanthe other As-
sume,say part is thedominantpart. Sincethis assump-
tion meanghatmostof the CSPsof theobjectbelongto
the dominantmotion of canbe approximated

usingall the CSPs.Oncean approximatiorof is
available,the CSPsare sortedin termsof their errorswith
respecto this dominantmotion. An initial segmentatioris
thenobtainedby thresholdinghe sortedCSPserrors.

3.3 Articulation Point Estimation

After recovering the motionsof parts and sepa-
rately, the point of articulationbetweenthemis estimated.
Supposewe representhe joint positionattime as .

Since  liesonboth and , it mustsatisfythe motion
equationfrom to asfollows

8
Putting togethersimilar equationsfor over frames,
weget

©)

Theleastsquaresolutionof Eq. (9) canbecomputedising
SingularValueDecomposition.

3.4. Human Body Kinematics Acquisition

Herewe applyour articulatedSFSalgorithmto segment
the body partsandto estimatethe joint positionsof a per
son.Insteadof estimatingall thejoints atthe sametime, we
take a sequentiahpproacrandmodelthejoints oneby one.
To nd the positionof, saytheleft shoulderjoint, the per
sonis asledto move hiswholeleft armaroundtheshoulder
while keepingthe restof the bodystill. This makesthe hu-
manbody a one-articulatiorpoint object. Sincethe size of
thewhole bodyis muchlargerthana singlebody part, the
dominantmotioninitialization methodis used.Figure6(a)
shavs someof theinputimagesandtheresultsfor theright
elbov and the right hip joints of the computergraphics
modelusedin the syntheticsequencéFigure2) atthe end
of Section2. Figure6(b) presentsomeof theinputimages
andtheresultsfor the left shoulderandtheleft kneejoints
of the personin Figure3. Theinputimages,CSPsandre-
sultsfor theleft hip/kneejoints of the syntheticdatasetcan
be seenin the movie syn-kinematics-leftlg.mpgandthose
for theright shoulder/elbw andright hip/kneejoints of the
realpersonin the movie real-kinematics-rightarm.mpand
real-kinematics-rightlg.mpgrespectiely.

To createacompletearticulatechumanmodel(aftereach
body partis segmentedandits joint positionis locatedus-
ing our articulatedSFSalgorithm) the variousbody parts
arealignedto the whole body voxel modelacquiredat the
end of Section2 (Figures2(d) for the syntheticdataand
3(d) for the real person). The alignmentis donebetween
the 3D CSPsof the body part and the referenceimage of
the sequencethatareusedto obtainthe whole body voxel
model.Figure7(a)displaysthe completearticulatedmodel
of the syntheticdatasetwith the joint locationsand sey-
mentedbodyparts(shovn in termsof the 3D pointsderived
from thevoxel centersof the model). We have alsoaddeda
skeletonby joining thejoint locationstogether The articu-
latedmodelof therealpersonis shavn in Figure7(b).

The work mostsimilar to our vision-basechumanbody
kinematicinformation acquisitionis by Kakadiariset. al.
in [11]. They rst usedeformabletemplatesto sggment
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from differentframesaredrawn with differentcolors. The
alignedandsegmentedCSPsareshavn with two different
colorsto shav thesggmentation Theestimatedarticulation
point (joint location)is indicatedby the blacksphere.

2D body partsin a silhouettesequence. The segmented
2D shapesrom threeorthogonaliew-pointsarethencom-
binedinto a 3D shapeby SFS.Herewe addresghe acqui-
sition of motion, shapeandarticulationinformationat the
sametime, while [11] focuseamainly on shapesstimation.

4. Application: Motion Capture

Due to increasedapplicationsin entertainmentsecu-
rity/surveillanceandhuman-computenteraction the prob-
lem of vision-basedmotion capturehas gainedmuch at-
tention in recentyears. Several researcherdave pro-
posedsystemsto track body partsfrom video sequences
[9, 1, 10, 4, 3, 20, 19, 6, 7]. In most of thesesys-
tems,genericshapege.g. rectangles/ellipsem 2D, cylin-
ders/ellipsoidsn 3D) are usedto modelthe body partsof
the person. Although genericmodels/shapeare simpleto
useandcanbe generalizedo differentpersonseasily they
suffer from two disadantages.Firstly they only coarsely
approximatehe actualbody shapeof the person.Secondly
genericshapes/modelalsolack accuratgoint information
of the person.In vision-basednotion capturesystemspre-
cisekinematicinformation(shapeandjoint) is essentiato
obtainaccuratenotiondata.

In this sectionwe shov how to usethe acquiredhuman
kinematicmodel of the personin the previous sectionto
performmotioncapturefrom color andsilhouetteémagese-
guences.As comparedo other systemswhich useeither
only color images[1, 19] or only silhouetteimages[4, 3],
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Figure7. Completearticulatechumanmodelof (a) thesyn-
thetic data set (different body parts shavn with different
colors), (b) thereal person.Thesearethe modelsusedfor
motiontrackingin the experimentakesultsin Section4.3.

our algorithmcombineshoth silhouetteandcolor informa-
tionto t thearticulatedmodel.

4.1 Human Body Model

The articulatedhumanmodelusedin our trackingalgo-
rithmis thesameasthosedepictedn Figure?. It consistf
ninebodyparts(torso,right/left lower/uppelarms right/left
lower/uppetegs)connectedby eightjoints (right/left shoul-
der/elbav joints, right/left hip/kneejoints). Eachbody part
is assumedo berigid with the torsobeingthe base. The
shoulderand hip joints have 3 DOF eachwhile thereis 1
DOF for eachof theelbow andkneejoints. Includingtrans-
lation androtationof thetorsobase therearea total of 22
DOF in themodel.

4.2 Tracking with An Articulated Model

Assumewe have estimatedhe kinematicinformationof
all ninebody partsof the persoratareferencgime  with
color andsilhouetteimages . Representhe shapeof
bodypart in termsof asetof CSPsas

,itsjointas  andcall this the modeldata
set. Now supposewe aregiventherun-timedatasetat
which consistsof  color/silhouettdmagesandthe corre-
spondingCSPs of theperson.Let bethe
rotationmatrixof  atits joint and bethetrans-
lation of the torsobaseat . Without loss of generality
assume is zeroand is the identity matrix for all
bodypartsat . Themotioncaptureproblemcanbe posed
asestimating and for all the body parts from
the color andthe silhouetteimages

Themoststraightforvardway to solve the above motion
captureproblemis to align all the body parts(with a total
of 22 DOF) of the humanmodeldirectly to the silhouette
andcolorimagesall at once Althoughthis all-at-onceap-
proachcanbedoneby generalizinghetemporalSFSalgo-
rithm to performanon-linearoptimizationoverall 22 DOR
in practiceit is proneto the problemof falling into local
minima becausef the high dimensionality To avoid this



local minimum problem,we insteadusea two-stephierar
chicalapproach:rst t thetorsobaseandtheneachlimb
independentlyThis approachmakesuseof thefactthatthe
motion of the bodyis largely independenbf the motion of
thelimbs which are,undermostof the cases|argely inde-
pendenbf eachothet

The rst step of our hierarchical approach in-
volves recovering the global translationand orientation

of thetorsobase.Thiscanbedoneby using

the 6 DOF temporalSFSalgorithmdescribedn Section2.
Oncethe global motion of the body is estimatedthe four
joint positions: left/right shouldersand left/right hips are
calculated Thefour limbs of thebodyarethenalignedsep-
aratelyaroundthesex edjoint positionsin thesecondstep.
For eachlimb, the two joint rotations(shoulderandelbow
for arms, hip andkneefor legs) are estimatedsimultane-
ously We brie y explain the secondstepbelov usingthe
left arm asan example. Here only the errorsof projecting
the model CSPsonto the run-time color/silhouettamages
are considered. This can be extendedto include the pro-
jectionerrorsof the run-time CSPsby segmentingthemto
individual partof the body:.

Assumewe have recoveredthetorsotranslationandori-
entation , thenthe joint location and

thetransformedposition of amodelCSP
ontheleft upperarm(LUA) attime areexpresseds

Using theseand Eqg. (2), we canexpressthe sum of pro-
jectedcolor/silhouetteerror of acrossvisi-
blecamerast asafunctionof theunknovn . Sim-
ilarly, theerror for eachCSPonthelLeft Lower Arm

(LLA) canbewritten asfunction of and . By
optimizingthe combinederrorsof thewholeleft armas

(10)

thejoint rotationmatricesareestimatedThis simultaneous

estimatiorapproachascomparedo estimatinghejoint ro-
tations(e.g. rst shoulderandthenelbow) of thelimb indi-
vidually and sequentiallyis betterbecauséoth joint con-
straintsareincorporatedmplicitly into the equationsatthe
sametime.

4.3 Experimental Results

4.3.1 Synthetic sequences

Two syntheticmotion video sequenceskKICK (60 frames)
andPUNCH (72 frames)weregeneratedisingthesynthetic
humanmodelin Figure2(a). A total of eightcamerasare
used.The completearticulatedmodelshovn in Figure7(a)
is usedto track the motion in thesesequences.Figure 8

Left Shoulder Rx  Left Shoulder Ry  Left Shoulder Rz Left Elbow Rx

Frame Frame

Frame Frame Frame

Figure 8. Graphscomparingground-truthand estimated
joint anglesof the left arm andright leg of the synthetic
sequenc&ICK. The estimatedoint anglescloselyfollow

theground-truthvaluesthroughouthewhole sequence.

comparesheground-truthandestimatedoint anglesof the
left arm andright leg of the body in the KICK sequence.
It can be seenthat our tracking algorithm performsvery
well. The movie le syn-track.mpdgillustratesthe track-
ing resultson both sequencesln the movie, the upperleft
cornershavs oneof theinput camerasequenceghe upper
right cornershonsthetrackedbodypartsandjoint skeleton
(renderedcolor) overlaidon oneof theinputimagegwhich
are cornvertedfrom color to gray-scalefor clarity). The
lower left cornerdepictsthe ground-truthmotionrendered
throughan avatarandthe lower right cornerrepresentshe
tracked motionsthroughthe sameavatar The avatarren-
deringsshaw thatthe ground-truthandtracked motionsare
almostindistinguishabldrom eachordet

4.3.2 Real sequences

Three video sequences:STILLMARCH (158 frames),
AEROBICS (110 frames)and KUNGFU (200 frames)of
therealpersorin Figure3(a)werecapturedo testthetrack-
ing algorithm. Eight camerasare usedin eachsequence
andthearticulatedmnodelin Figure7(b)acquiredn Section
3.4 is used. Figure 9(a)(b) shaws the tracking resultson
AEROBICSandKUNGFU respectiely. Each gure shavs
four selectedramesof thesequencwvith the(color)tracked
bodypartsandthejoint skeletonoverlaidononeof theeight
camera(turnedgray-scalejnput images. The movie real-
track.mpgcontainsresultson all threesequencesThe up-
per left cornerrepresent®ne of the input cameraimages
andthe upperright cornerillustratesthe tracked body parts
with joint skeletonoverlaid on a gray-scaleversionof the
inputimages.Thelower left cornerillustratesthe resultsof
applyingthe estimatedoint anglesto a 3D articulatedvi-
sualhull (voxel) model(obtainedby combiningthe results
in Figure3(d) andthe kinematicinformation)of the person
while the lower right cornershows the resultsof applying
the estimatedmotion datato anavatar This videodemon-
strateghatour algorithmis ableto trackthe bodypartsand
joint anglescorrectlyin dif cult real sequencesalthough
in the KUNGFU sequencethe trackingof the right armis



Frame 24 Frame 37

Frame 64 Frame 95

() AEROBICS sequence

Frame 43 Frame 101

Frame 151 Frame 186

(b) KUNGFU sequence

Figure9. Trackingresultsfor the two sequencega) AER-
OBICSand(b) KUNGFU. Eachsetof imagescontainsse-
lectedframesof the tracked body partsandjoint skeleton
(renderedcolor) overlaid on one of the input cameraim-
ageqwhich areconvertedfrom colorto gray-scaldor clar
ity). All the framesof both sequencesanbe seenin the
movie real-track.mpg.

lostin frame 91 for 10 framesdueto local minimum but
recoversautomaticallyatframe101.

5. Summary

We have proposedan articulatedSFSalgorithmto re-
cover the motion, shapeandjoints of an articulatedobject
from silhouetteandcolorimages.Thealgorithmiteratively
segmentsointsonthesilhouettedo eacharticulatedpartof
the objectandestimateghe motion of eachindividual part
usingthe segmentedsilhouette. Oncethe motion/shapef
eachpartis recovered,the joints are estimatecby articula-
tion constraints.We appliedour articulatedSFSalgorithm
to acquirethe kinematicinformation (shapeof body parts
andjoint positions)of a personandthenusedthe modelto
trackthe personin new videosequences.
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