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Abstract

Shape-From-Silhouette(SFS),alsoknownasVisualHull
(VH) construction,is a popular3D reconstructionmethod
which estimatestheshapeof anobjectfrommultiplesilhou-
etteimages.Theoriginal SFSformulationassumesthat all
of thesilhouetteimagesarecapturedeitherat thesametime
or while the object is static. This assumptionis violated
whenthe objectmovesor changesshape. Hencethe use
of SFSwith moving objectshasbeenrestrictedto treating
each time instantsequentiallyandindependently. Recently
we havesuccessfullyextendedthe traditional SFSformu-
lation to re�ne the shapeof a rigidly moving object over
time. Here we further extendSFSto apply to dynamicar-
ticulatedobjects.Givensilhouettesof a movingarticulated
object,theprocessof recovering theshapeandmotionre-
quires two steps: (1) correctly segmenting(points on the
boundaryof) thesilhouettesto each articulatedpart of the
object,(2) estimatingthemotionof each individualpart us-
ing thesegmentedsilhouette. In this paper, weproposean
iterative algorithm to solvethis simultaneousassignment
andalignmentproblem.Oncewehaveestimatedtheshape
andmotionof eachpart of theobject,thearticulationpoints
betweeneach pair of rigid partsare obtainedby solvinga
simplemotionconstraint betweenthe connectedparts. To
validateour algorithm,we�r st apply it to segmentthedif-
ferentbodypartsandestimatethe joint positionsof a per-
son. Theacquiredkinematic(shapeandjoint) information
is thenusedto track themotionof thepersonin new video
sequences.

1. Intr oduction

TraditionalShape-From-Silhouette(SFS)assumeseither
that all of the silhouetteimagesare capturedat the same
time or that the object is static[16, 21, 14, 15]. Although
systemshave beenproposedto apply SFSto video [3, 2],
thesesystemsapplySFSto eachframesequentiallyandin-
dependently.

Recentlytherehas beensomework on using SFSon
rigidly moving objectsto recover shapeand motion [24,
25], or to re�ne the shapeover time [17]. Thesemethods
involvetheestimationof the6 DOFrigid motionof theob-
ject betweensuccessive frames. In [25] the motion is as-
sumedto becircular. Frontierpointsareextractedfrom the
silhouetteboundaryandusedto estimatethe axis of rota-
tion. In [24], Ponceet. al. de�ne a localparabolicstructure
on the surfaceof a smoothcurvedobjectanduseepipolar
geometryto locatecorrespondingfrontier pointson three

silhouetteimages.Themotion betweenthe imagesis then
estimatedby a two-stepminimization.

In [17] the 6 DOF motion is estimatedby combining
boththesilhouetteandthecolor information.At eachtime
instant,3D line segmentscalledBoundingEdgesarecon-
structedfrom raysthroughthecameracentersandpointson
thesilhouetteboundary. Usingthefact thateachBounding
Edgetouchestheobjectat at leastonepoint, a multi-view
stereoalgorithmis proposedto extract thecolorsandposi-
tions of thesetouchingpoints(subsequentlyreferredto as
ColoredSurfacePoints). Themotionbetweenconsecutive
framesis thencomputedby minimizing the errorsof pro-
jecting the ColoredSurfacePointsinto the images. Once
the6 DOF rigid motion is recoveredandcompensatedfor,
all the silhouetteimagesare treatedas taken at the same
timeandtraditionalSFSis appliedto geta re�ned shapeof
theobject.

In this paperwe extend [17] to handlearticulatedob-
jects.An articulatedobjectconsistsof a setof rigidly mov-
ing partswhichareconnectedto eachotherat certainartic-
ulation points. A goodexampleof an articulatedobjectis
thehumanbody(if weapproximatethebodypartsasrigid).
Herewe proposeanalgorithmto automaticallyrecover the
joint positions,and the shapeandmotion of eachpart of
anarticulatedobject. We begin with silhouetteimages,al-
thoughcolor informationis usedto breakthealignmentam-
biguity asin [17].

Givensilhouettesof a moving articulatedobject,recov-
eringtheshapeandmotionrequirestwo inter-relatedsteps:
(1) correctlysegment(pointsontheboundaryof) thesilhou-
ettesto eachpart of the objectand(2) estimatethe shape
andmotion of the individual parts. We proposean itera-
tive algorithm to solve this simultaneousassignmentand
6 DOF motion estimationproblem. Oncethe motionsof
the rigid partsare known, their articulationpointsarees-
timatedby imposingmotionconstraintsbetweenadjoining
parts.To testouralgorithm,weapplyit to acquiretheshape
andjoint locationsof articulatedhumanmodels.Oncethis
kinematicinformationof thepersonhasbeenacquired,we
show how the 6 DOF motion estimationalgorithmcanbe
usedto track the articulatedmotion of that personin new
video sequences.Resultson both syntheticand real data
arepresentedto show thevalidity of ouralgorithms.

2. Background

In [8] and[17] we extendedthe traditionalSFSformu-
lation to rigidly moving objects.Combiningthesilhouette
andcolor images,we �rst extract3D pointson thesurface
of theobjectat eachtime instant.Thesesurfacepointsare
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Figure1. The BoundingEdge
���

� is obtainedby �rst pro-
jectingtheray �

�

� onto ���

� , �	�

� , �	


� andthenre-projectingthe
segmentsoverlappingthe silhouettesback into 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
becauseit is occluded.See[17] for details.

thenusedto estimatethe 6 DOF motion betweensucces-
sive frames. Oncethe rigid motion acrosstime is known,
all of thesilhouetteimagesaretreatedasbeingcapturedat
thesametime andSFSis performedto estimatetheshape
of theobject.Below wegiveabrief review of this temporal
SFSalgorithm.

2.1. Visual Hulls and Their Bounding Edges

The termVisual Hull (VH) was�rst coinedby Lauren-
tini in [13] to denotethe3D shapeobtainedby intersecting
the visual conesformedby the silhouetteimagesand the
cameracenters[13, 14, 2]. Oneusefulpropertyof a VH
is that it providesan upperboundon the shapeof the ob-
ject. In [17], we introduceda new representationof a VH
calledtheBoundingEdgerepresentation.Assumethereare

�

color-balancedandcalibratedcameraspositionedaround
a Lambertianobject � . Let 
����

�����

�

�����������! " ! #�

��$

be the setof color andcorrespondingsilhouetteimagesof
theobject � obtainedfrom the

�

camerasat time %

� . Let
&('

� be a point on the boundaryof the silhouetteimage �

�

� .
Throughthecenterof camera� , &	'

� de�nes a ray )

'

� in 3D
space. A BoundingEdge *

'

� is de�ned as the portion of
)

'

� suchthattheprojectionof *

'

� on theimageplanesof all
theothercamerasliescompletelyinsidethesilhouettes.An
exampleis shown in Figure1. *

'

� canbe constructedby
successively projectingtheray )

'

� ontoeachsilhouetteim-
age,andretainingtheportionwhoseprojectionoverlapsall
thesilhouettes.

2.2. ColoredSurfacePoints (CSP)

Themostimportantpropertyof a BoundingEdgeis the
SecondFundamentalPropertyof VisualHulls (2ndFPVH)

which statesthat eachBoundingEdgetouchesthe object
(which forms the silhouetteimages)at at leastone point
[17]. Using this property, we areable to locatepointson
thesurfaceof the objectusinga multi-stereocolor match-
ing approach. Considera BoundingEdge *

'

� . Sincewe
assumetheobjectis Lambertianandthecamerasarecolor
balanced,thereexists at leastone point on *

'

� (the point
whereit touchesthe object)suchthat the projectedcolors
of this point in all thevisiblecolor images�+�

� arethesame.
In otherwords,this point haszeroprojectedcolor variance
amongthe visible color images. In practice,dueto noise
andinaccuraciesin colorbalancing,insteadof searchingfor
thepoint thathaszeroprojectedcolor variance,we assign
thetouchingpoint on *

'

� to bethepoint with theminimum
color variance,asshown in Figure1. We referto this point
asa ColoredSurfacePoint (CSP)of the objectandrepre-
sentits positionandcolor (which is obtainedby averaging
its projectedcolor acrossall visible cameras)by ,

'

� and
-�'

� respectively. By samplingtheboundariesof all thesil-
houetteimages,a setof .

� ColoredSurfacePointscanbe
constructed.Notethatthereis no point-to-pointcorrespon-
dencerelationshipbetweentwo differentsetsof CSPsob-
tainedat differenttime instant.Theonly propertycommon
to theCSPsis thatthey all lie on thesurfaceof theobject.

2.3. SFSAcrossTime for Rigid Objects

Wenow describeouralgorithmfor recoveringthe6 DOF
motion of a rigid object using the CSPs. Without loss
of generality, we assumethat the orientationandposition
of the object at time %0/ is 132

� 0
¯

4

and that at time %

� it is
165

�

�87

�

4

�:9;�=<+�! " ! #�!> . Therigid objectalignmentprob-
lem is thenequivalentto recovering 165

�

�87

�

4@?

9 . Consider
themotionbetween%

/ and %BA asanexampleandassumewe
havetwo setsof data 
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,
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obtainedat %C/ and %
A respectively.

To �nd 165
A

�07

A

4

, we align theCSPswith the2D silhouette
andcolor images.Theideais verysimilar to thatin [22] for
2D imagealignment.

Supposewe have an estimateof 1N5OA

�07

A

4

. For a CSP
,

'

/

(with color -�'

/

) at time %0/ , its 3D position at time %
A

would be 5PA",

'

/RQ

7

A . Considertwo differentcasesof the
projectionof 5

A
,

'

/
Q

7

A into the �TS3U camera:

1. The projectionlies inside the silhouette �

�

A

. In this
case,we usethecolor differenceasanerrormeasure:
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where
W

�

A

16Z

4

is the projectedcolor of a 3D point Z

into the color image ���

A

. Here we assumethis color
erroris zeroif theprojectionof Z liesoutside�

�

A

.

2. The projectionlies outside �

�

A

. In this case,we use
thedistanceof theprojectionfrom �

�

A

, representedby
[

�

A

165
A

,

'

/
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7

A

4

asanerrormeasure.Thedistanceis
zeroif theprojectionlies inside �

�

A

.
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Figure2. Resultsof our temporalSFSalgorithm[17] ap-
plied to syntheticdata:(a) oneof theinput images,(b) un-
alignedCSPs,(c) alignedCSPs,(d) re�ned visualhull.
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where_ is aweighingconstant.Similarly, theerrormeasure
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at time %
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Now theproblemof estimatingthemotion 1N5
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which can be solved using a gradientdescentor Iterative
Levenberg-Marquardtalgorithm[23]. Hereafterwereferto
this motionestimationprocessaseither“temporalSFS”or
thevisualhull alignmentalgorithm.

To show the validity of our visual hull alignmentalgo-
rithm, we apply it to both syntheticandreal sequencesof
a rigidly moving person.In thesyntheticsequence,a com-
puter graphicsmodel of a personis madeto rotateabout
thez-axis. Twenty � ve setsof color andsilhouetteimages
of the model from eight virtual camerasare renderedus-
ing OpenGL.Oneexampleof therenderedcolor imagesis
shown in Figure2(a). CSPsarethenextractedandaligned.
Figure2(b)and(c) illustraterespectively theunalignedand
alignedCSPsfor all 25 frames. Figure2(d) shows the vi-
sualhull constructedby applyingSFSto all the silhouette
images(compensatingfor thealignment).A realsequence
of a personstandingon a turn tablewasalsocapturedby
eightcameraswith thirty framesper camera(a whole rev-
olution of the turn table). Thepersonwasasked to remain
still throughoutthecaptureprocessto satisfytherigidity as-
sumption.Theresultsarepresentedin Figure3. It canbe
seenthatexcellentshapeestimates(thevisualhulls shown
in Figures2(d)andFigure3(d))of thehumanbodiescanbe
obtainedusingour temporalSFSalgorithm[17].

(b)(a)

(d)

(c)(b)(a)

(d)

(c)

Figure3. Resultsof our temporalSFSalgorithm[17] ap-
plied to estimatethe shapeof a real humanbody (a) one
of theinput images,(b) unalignedCSPs,(c) alignedCSPs,
(d) re�ned visualhull displayedfrom severaldifferentview
points.

Althoughthe3D shapeof apersoncanbeobtainedin de-
tail usingtheVH alignmentalgorithmdescribedabove,the
acquiredshapedoesnot containany kinematicinformation
(joint positionsandbody partssegmentation). This kine-
matic informationis essentialfor applicationssuchasmo-
tion tracking,capture,recognitionandrendering.We now
show how this information canbe obtainedautomatically
andaccuratelyusingourarticulatedSFSalgorithm.

3. Articulated Shape-From-Silhouette

To extendthetemporalSFSalgorithmto articulatedob-
jectsweemploy asimilar ideato thatusedfor multiple lay-
eredmotionestimationin [18]. Therigid partsof thearticu-
latedobjectare�rst modeledasseparateandindependentof
eachother. With this assumption,we 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 that this iterative approachcanbe categorized
asbelongingto the ExpectationMaximization framework
[5]. Thewholealgorithmis explainedbelow in detailusing
a two-part,one-jointarticulatedobject.

3.1. Segmentation/AlignmentAlgorithm

Consideran one-joint object � which consistsof two
rigid parts s and t as shown in Figure 4 at two dif-
ferent time instants %

/ and %BA . AssumeCSPsof the ob-
ject are extracted from the color and silhouetteimages
of

�

calibratedand color-balancedcameras,denotedby

��T�

���C�

�

�D�

,

'

���
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�E� 9u�v���C<

$

. Furthermore,treating s

and t as two independentlymoving rigid objectsallows
us to representthe relative motion of s between%M/ and %

A

as 1N5kw

A

�07

w

A

4

andthatof t as 1N5Px
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x
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4

. Now considerthe
following two complementarycases.
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3.1.1. Alignment with known segmentation

Supposewe have segmentedthe CSPsat %

� into groups
belongingto part s and part t , representedby z

w

� and
z

x

� respectively for both 9{� ���C< . By applying the
temporalSFSalgorithm describedin Section2 (Eq. (4))
to s and t separately, estimatesof the relative motions
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areobtained.

3.1.2. Segmentationwith known alignment

Assume we are given the relative motion
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Here \

'

]

w

A!]
/

is the error of ,
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with respect to the
color/silhouetteimagesat %

A if it belongsto part s (thus
following themotionmodel 5Pw
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errorif ,

'

/

liesonthesurfaceof t . In theseexpressionsthe
summationsareover all visible cameras� . By comparing
thesetwo errors,a simplestrategy to classifythepoint ,
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is devisedasfollows:
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wherê@‰

„

‰

� is athresholdingconstantandz
‡

/

contains
all the CSPswhich are classi�ed as neitherbelongingto
part s nor part t . Similarly, the CSPsat time %8A canbe
classi�edusingtheerrors \

'

]

w

/
] A

and \

'

]

x

/
] A

.
In practice,the above decisionrule doesnot work very

well becauseof image/silhouettenoiseandcameracalibra-
tion errors. Herewe suggestusingspatialcoherency and
temporalconsistency to improve thesegmentation.To use
spatialcoherency, thenotionof a spatialneighborhoodhas

to bede�ned. Sinceit is dif�cult to de�ne a spatialneigh-
borhoodfor thescatteredCSPsin 3Dspace(seefor example
Figure3(b)),analternateway is used.RecallthateachCSP

,

'

/

lies on a BoundingEdgewhich in turn correspondsto
a boundarypoint &Š'

/

of thesilhouetteimage �

�

/

. We de�ne
two CSPs,

'

/

and ,

'i‹

/

/

as“neighbors”if theircorrespond-
ing 2D boundarypoints &	'

/

and &

'Œ‹

/

/

areneighboringpixels
(in 8-connectivity sense)in thesamesilhouetteimage.This
neighborhoodde�nition allowsusto easilyapplyspatialco-
herency to the CSPs.From Figure5(a) it canbe seenthat
differentpartsof an articulatedobjectusuallyprojectonto
thesilhouetteimageascontinuousoutlines.Inspiredby this
property, thefollowing spatialcoherency rule (SCR)is pro-
posed:

Spatial CoherencyRule (SCR):
If ,

'

/

is classi�edasbelongingto part s by Eq.(7),it stays
asbelongingto part s if all of its • left andright immediate
“neighbors” are also classi�ed as belongingto part s by
Eq. (7), otherwiseit is reclassi�edasbelongingto zH‡

/

. The
sameprocedureappliesto part t .

Figure 5(a) shows how the spatialcoherency rule can be
usedto remove spuriouspartition error. The secondcon-
straintweutilize to improvethesegmentationresultsis tem-
poral consistency as illustrated in Figure 5(b). Consider
threesuccessive framescapturedat %

�#Ž

/ , %

� and %

�

‹

/ . For a
CSP ,

'

� , it hastwo classi�cationsdueto motionfrom %

�#Ž

/

to %

� andmotionfrom %

� to %

�

‹

/ . Since ,

'

� eitherbelongs
to part s or t , thetemporalconsistency rule (TCR)simply
requiresthatthetwo classi�cationshave to agreewith each
other:

Temporal ConsistencyRule (TCR):
If ,

'

� hasthe sameclassi�cationby SCRfrom %

�#Ž

/ to %

�

andfrom %

� to %

�

‹

/ , theclassi�cationis maintained,other-
wise,it is reclassi�edasbelongingto zG‡

� .

Note that SCR and TCR not only remove wrongly seg-
mentedpoints,but they alsoremove someof the correctly
classi�ed CSPs.Overall thoughthey areeffective because
few but moreaccuratedatais alwayspreferredover abun-
dantbut lessaccuratedata,especiallyin ourcasewherethe
segmentationhasagreateffectonmotionestimation.

3.1.3. Iterati vealgorithm

Summarizingtheabovediscussion,we proposeaniterative
segmentation/alignmentprocessto estimatethe shapeand
motionof partss and t over > framesasfollows:

1. Givensegmentations
•z

w

�
�

z

x

�

$

of CSPs,recover the
relative motions 
T165kw

�
�07

w

�

4

�

1N5kx

�
�87

x

�

4

$

of s and t

over all frames 9†�•<��! " ! ‘> using the temporalSFS
algorithm.

2. Repartitionthe CSPsaccordingto the estimatedmo-
tionsby applyingEq. (7), followedby theintra-frame
SCRandinter-frameTCR.
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Figure5. (a)Spatialcoherency removesspurioussegmenta-
tion errors,(b) Temporalconsistency ensuressegmentation
agreesbetweensuccessive frames.

3. RepeatSteps1 and2 until thesegmentation/alignment
convergesor for a �x edmaximumnumberof times.

Althoughfor thesake of explanationwe have described
thisalgorithmfor anarticulatedobjectwith two rigid parts,
it caneasilybegeneralizedto applyto objectswith ’ parts.

3.2. Initialization

As commonto all iterativeEM algorithms,initialization
is alwaysaproblem[18]. Herewesuggesttwo differentap-
proachesto startour algorithm. Both approachesarecom-
monly usedin the layerestimationliterature[18, 12]. The
�rst approachusesthe fact that the6 DOF motion of each
partof thearticulatedobjectrepresentsasinglepointin asix
dimensionalspace.In otherwords,if we havea largesetof
estimatedmotionsof all thepartsof theobject,we canap-
ply clusteringalgorithmsontheseestimatesin the6D space
to separatethemotionof eachindividual part. To geta set
of estimatedmotionsfor all theparts,thefollowing method
is used.TheCSPsat eachtime instantare�rst dividedinto
subgroupsby cutting the correspondingsilhouettebound-
aries into arbitrary segments. Thesesubgroupsof CSPs
are then usedto generatethe motion estimatesusing the
VH alignmentalgorithm,eachtime with a randomlycho-
sensubgroupfrom eachtime instant. Sincethis approach
requirestheclusteringof pointsin a 6D space,it performs
bestwhenthemotionsbetweendifferentpartsof theartic-
ulatedobjectarerelatively largesothatthemotionclusters
aredistinctfrom eachother.

The secondapproachis applicablein situationswhere
onepart of the object is much larger than the other. As-
sume,say, part s is thedominantpart. Sincethis assump-
tion meansthatmostof theCSPsof theobjectbelongto s ,
the dominantmotion 165

w

�87

w

4

of s canbe approximated
usingall theCSPs.Onceanapproximationof 165;w

�87

w

4

is
available,theCSPsaresortedin termsof their errorswith
respectto this dominantmotion. An initial segmentationis
thenobtainedby thresholdingthesortedCSPserrors.

3.3. Articulation Point Estimation

After recovering the motions of parts s and t sepa-
rately, the point of articulationbetweenthemis estimated.
Supposewe representthe joint positionat time %M/ as “

x

/

.
Since “

x

/

lies on both s and t , it mustsatisfythemotion
equationfrom %C/ to % A asfollows
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Putting togethersimilar equationsfor “
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Theleastsquaressolutionof Eq. (9) canbecomputedusing
SingularValueDecomposition.

3.4. Human Body Kinematics Acquisition

Herewe applyourarticulatedSFSalgorithmto segment
thebody partsandto estimatethe joint positionsof a per-
son.Insteadof estimatingall thejointsat thesametime,we
takeasequentialapproachandmodelthejointsoneby one.
To �nd thepositionof, saythe left shoulderjoint, theper-
sonis askedto movehiswholeleft armaroundtheshoulder
while keepingtherestof thebodystill. This makesthehu-
manbodya one-articulationpoint object. Sincethesizeof
thewholebody is muchlarger thana singlebodypart, the
dominantmotioninitialization methodis used.Figure6(a)
showssomeof theinput imagesandtheresultsfor theright
elbow and the right hip joints of the computergraphics
modelusedin thesyntheticsequence(Figure2) at theend
of Section2. Figure6(b)presentssomeof theinput images
andtheresultsfor the left shoulderandthe left kneejoints
of thepersonin Figure3. The input images,CSPsandre-
sultsfor theleft hip/kneejointsof thesyntheticdatasetcan
beseenin themovie syn-kinematics-leftleg.mpgandthose
for theright shoulder/elbow andright hip/kneejointsof the
realpersonin themovie real-kinematics-rightarm.mpgand
real-kinematics-rightleg.mpgrespectively.

To createacompletearticulatedhumanmodel(aftereach
bodypart is segmentedandits joint positionis locatedus-
ing our articulatedSFSalgorithm) the variousbody parts
arealignedto thewholebody 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 referenceimageof
thesequencesthatareusedto obtainthewholebodyvoxel
model.Figure7(a)displaysthecompletearticulatedmodel
of the syntheticdataset with the joint locationsand seg-
mentedbodyparts(shown in termsof the3D pointsderived
from thevoxel centersof themodel).We havealsoaddeda
skeletonby joining thejoint locationstogether. Thearticu-
latedmodelof therealpersonis shown in Figure7(b).

Thework mostsimilar to our vision-basedhumanbody
kinematicinformationacquisitionis by Kakadiariset. al.
in [11]. They �rst usedeformabletemplatesto segment
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Figure6. (a). Estimatedright elbow andright hip jointsof a
syntheticdataset.(b). Estimatedleft shoulderandleft knee
joints of a realdataset.For eachjoint, theunalignedCSPs
from differentframesaredrawn with differentcolors. The
alignedandsegmentedCSPsareshown with two different
colorsto show thesegmentation.Theestimatedarticulation
point (joint location)is indicatedby theblacksphere.

2D body parts in a silhouettesequence.The segmented
2D shapesfrom threeorthogonalview-pointsarethencom-
binedinto a 3D shapeby SFS.Herewe addresstheacqui-
sition of motion, shapeandarticulationinformationat the
sametime,while [11] focusesmainly onshapeestimation.

4. Application: Motion Capture

Due to increasedapplicationsin entertainment,secu-
rity/surveillanceandhuman-computerinteraction,theprob-
lem of vision-basedmotion capturehasgainedmuch at-
tention in recent years. Several researchershave pro-
posedsystemsto track body parts from video sequences
[9, 1, 10, 4, 3, 20, 19, 6, 7]. In most of these sys-
tems,genericshapes(e.g. rectangles/ellipsesin 2D, cylin-
ders/ellipsoidsin 3D) areusedto model the body partsof
theperson.Althoughgenericmodels/shapesaresimpleto
useandcanbegeneralizedto differentpersonseasily, they
suffer from two disadvantages.Firstly they only coarsely
approximatetheactualbodyshapeof theperson.Secondly
genericshapes/modelsalsolack accuratejoint information
of theperson.In vision-basedmotioncapturesystems,pre-
cisekinematicinformation(shapeandjoint) is essentialto
obtainaccuratemotiondata.

In this sectionwe show how to usetheacquiredhuman
kinematicmodel of the personin the previous sectionto
performmotioncapturefrom colorandsilhouetteimagese-
quences.As comparedto other systemswhich useeither
only color images[1, 19] or only silhouetteimages[4, 3],
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Figure7. Completearticulatedhumanmodelof (a) thesyn-
thetic dataset (different body partsshown with different
colors),(b) therealperson.Thesearethemodelsusedfor
motiontrackingin theexperimentalresultsin Section4.3.

our algorithmcombinesbothsilhouetteandcolor informa-
tion to �t thearticulatedmodel.

4.1. Human Body Model

Thearticulatedhumanmodelusedin our trackingalgo-
rithm is thesameasthosedepictedin Figure7. It consistsof
ninebodyparts(torso,right/left lower/upperarms,right/left
lower/upperlegs)connectedby eightjoints(right/left shoul-
der/elbow joints, right/left hip/kneejoints). Eachbodypart
is assumedto be rigid with the torsobeingthe base. The
shoulderandhip joints have 3 DOF eachwhile thereis 1
DOFfor eachof theelbow andkneejoints. Includingtrans-
lation androtationof thetorsobase,therearea total of 22
DOF in themodel.

4.2. Tracking with An Articulated Model

Assumewe haveestimatedthekinematicinformationof
all ninebodypartsof thepersonat a referencetime %M/ with
color andsilhouetteimages�
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/
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/

. Representtheshapeof
bodypart œ in termsof a setof CSPsas 16,
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andcall this themodeldata
set. Now supposewe aregiventherun-timedatasetat %

� ,
which consistsof
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color/silhouetteimagesandthecorre-
spondingCSPs
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of theperson.Let  
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� bethe
rotationmatrix of œ at its joint “
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� and ¡
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� bethetrans-
lation of the torso baseat %

� . Without loss of generality,
assume¡
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is zeroand  
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is the identity matrix for all
bodypartsat %0/ . Themotioncaptureproblemcanbeposed
asestimating¡

c(¢¤£
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� for all thebody parts œ from
thecolorandthesilhouetteimages
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.
Themoststraightforwardwayto solve theabovemotion

captureproblemis to align all the body parts(with a total
of 22 DOF) of the humanmodeldirectly to the silhouette
andcolor imagesall at once. Althoughthis all-at-onceap-
proachcanbedoneby generalizingthetemporalSFSalgo-
rithm to performanon-linearoptimizationoverall 22DOF,
in practiceit is proneto the problemof falling into local
minima becauseof the high dimensionality. To avoid this



local minimumproblem,we insteadusea two-stephierar-
chicalapproach:�rst �t the torsobaseandtheneachlimb
independently. Thisapproachmakesuseof thefactthatthe
motionof thebodyis largely independentof themotionof
the limbs which are,undermostof thecases,largely inde-
pendentof eachother.

The �rst step of our hierarchical approach in-
volves recovering the global translation and orientation

16  cŠ¢¤£
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¡

cŠ¢¤£

�

4

of thetorsobase.Thiscanbedoneby using
the6 DOF temporalSFSalgorithmdescribedin Section2.
Oncethe global motion of the body is estimated,the four
joint positions: left/right shouldersand left/right hips are
calculated.Thefour limbsof thebodyarethenalignedsep-
aratelyaroundthese�x edjoint positionsin thesecondstep.
For eachlimb, the two joint rotations(shoulderandelbow
for arms,hip andkneefor legs) are estimatedsimultane-
ously. We brie�y explain the secondstepbelow usingthe
left arm asan example. Hereonly theerrorsof projecting
the modelCSPsonto the run-timecolor/silhouetteimages
areconsidered.This canbe extendedto include the pro-
jectionerrorsof therun-timeCSPsby segmentingthemto
individualpartof thebody.

Assumewe haverecoveredthetorsotranslationandori-
entation 16 
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thejoint rotationmatricesareestimated.Thissimultaneous
estimationapproach,ascomparedto estimatingthejoint ro-
tations(e.g.�rst shoulderandthenelbow) of thelimb indi-
vidually andsequentially, is betterbecauseboth joint con-
straintsareincorporatedimplicitly into theequationsat the
sametime.

4.3. Experimental Results

4.3.1. Synthetic sequences

Two syntheticmotionvideosequences:KICK (60 frames)
andPUNCH(72frames)weregeneratedusingthesynthetic
humanmodelin Figure2(a). A total of eight camerasare
used.Thecompletearticulatedmodelshown in Figure7(a)
is usedto track the motion in thesesequences.Figure 8
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Figure 8. Graphscomparingground-truthand estimated
joint anglesof the left arm and right leg of the synthetic
sequenceKICK. Theestimatedjoint anglescloselyfollow
theground-truthvaluesthroughoutthewholesequence.

comparestheground-truthandestimatedjoint 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.mpgillustratesthe track-
ing resultson bothsequences.In themovie, theupperleft
cornershows oneof theinput camerasequences,theupper
right cornershowsthetrackedbodypartsandjoint skeleton
(renderedcolor)overlaidononeof theinput images(which
are convertedfrom color to gray-scalefor clarity). The
lower left cornerdepictstheground-truthmotion rendered
throughanavatarandthe lower right cornerrepresentsthe
tracked motionsthroughthe sameavatar. The avatar ren-
deringsshow thattheground-truthandtrackedmotionsare
almostindistinguishablefrom eachorder.

4.3.2. Real sequences

Three video sequences:STILLMARCH (158 frames) ,
AEROBICS (110 frames)and KUNGFU (200 frames)of
therealpersonin Figure3(a)werecapturedto testthetrack-
ing algorithm. Eight camerasare usedin eachsequence
andthearticulatedmodelin Figure7(b)acquiredin Section
3.4 is used. Figure 9(a)(b) shows the tracking resultson
AEROBICSandKUNGFU respectively. Each�gure shows
fourselectedframesof thesequencewith the(color)tracked
bodypartsandthejoint skeletonoverlaidononeof theeight
camera(turnedgray-scale)input images.The movie real-
track.mpgcontainsresultson all threesequences.Theup-
per left cornerrepresentsoneof the input cameraimages
andtheupperright cornerillustratesthetrackedbodyparts
with joint skeletonoverlaid on a gray-scaleversionof the
input images.Thelower left cornerillustratestheresultsof
applyingthe estimatedjoint anglesto a 3D articulatedvi-
sualhull (voxel) model(obtainedby combiningtheresults
in Figure3(d)andthekinematicinformation)of theperson
while the lower right cornershows the resultsof applying
theestimatedmotiondatato anavatar. This videodemon-
stratesthatouralgorithmis ableto trackthebodypartsand
joint anglescorrectly in dif�cult real sequences,although
in theKUNGFU sequence,the trackingof the right armis
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Figure9. Trackingresultsfor the two sequences(a) AER-
OBICSand(b) KUNGFU. Eachsetof imagescontainsse-
lectedframesof the tracked body partsandjoint skeleton
(renderedcolor) overlaid on one of the input cameraim-
ages(whichareconvertedfrom color to gray-scalefor clar-
ity). All the framesof both sequencescanbe seenin the
movie real-track.mpg.

lost in frame91 for 10 framesdueto local minimum but
recoversautomaticallyat frame101.

5. Summary

We have proposedan articulatedSFSalgorithm to re-
cover the motion,shapeandjoints of an articulatedobject
from silhouetteandcolor images.Thealgorithmiteratively
segmentspointsonthesilhouettesto eacharticulatedpartof
theobjectandestimatesthemotionof eachindividual part
usingthe segmentedsilhouette.Oncethemotion/shapeof
eachpart is recovered,the joints areestimatedby articula-
tion constraints.We appliedour articulatedSFSalgorithm
to acquirethe kinematicinformation(shapeof body parts
andjoint positions)of a personandthenusedthemodelto
trackthepersonin new videosequences.
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