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Trackingandmodelingpeoplefrom videosequenceshasbecomeanincreasingly

importantresearchtopic, with applicationsincluding animation,surveillanceand

sportsmedicine.In thispaper, weproposeamodelbased3–Dapproachtorecovering

bothbodyshapeandmotion. It takesadvantageof asophisticatedanimationmodel

to achieve bothrobustnessandrealism.Stereosequencesof peoplein motionserve

asinput to oursystem.Fromthese,weextracta21
2 –D descriptionof thesceneand,

optionally, silhouetteedges.We proposean integratedframework to fit themodel

andto tracktheperson’s motion. Theenvironmentdoesnot have to beengineered.

We recover not only themotionbut alsoa full animationmodelcloselyresembling

the subject. We presentresultsof our systemon real sequencesandwe show the

genericmodeladjustingto thepersonandfollowing variouskindsof motion.
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1. INTRODUCTION

Trackingandmodelingpeoplefrom videosequenceshasbecomeanincreasinglyimpor-
tantresearchtopic,with applicationsincludinganimation,surveillanceandsportsmedicine.
In this paper, we proposea 3–D approachto recoveringbothbodyshapeandmotion. We
obtainstereo-andsilhouette-datafromsynchronizedcamerasandwefit to it asophisticated
bodymodel.Weuseit to eliminateerroneousdata,to robustlytrackcomplex motionseven
in thepresenceof occlusionsandto derivea realisticbodyshape.

A detaileddescriptionof thehumanbody in theform of ananimatedlayeredmodelis
at therootof ourwork. It providesa priori informationabouttheshape,andtheallowable
motionsof the humanbody. This is essentialfor interpretingnoisy dataandsolving the
resultingambiguities.Themodelwe useis madeof volumetricprimitivesattachedto an
articulatedskeleton. Eachonegeneratesa potentialfield andthe skin is taken to be an
isosurfaceof the combinedpotential[32]. This implicit surfaceformulationhasseveral
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advantages,amongthemalowernumberof parametersanda3–Ddistancemeasurethatis
differentiableandfastto compute.

As input to our systemwe useimagesequencesof peoplein motion, suchasthe one
in Figure 1. Multiple synchronizedand calibratedcamerasare usedto extract stereo
information. Becausecamerasarerelatively cheapanddisparitymapssuchasthe ones
we usecan be acquiredat frame rate on ordinary computers[22], this is not a major
limitation for many applications. Also, stereoworks well both on texturedclothesand
on bareskin. Silhouetteedgescanbe includedwhenavailable. Stereoandsilhouettes
arecomplementarysourcesof information: Stereoworkswell wherethesurfacefacesthe
camerabut fails wherethe surfaceslantsaway. Silhouettes,on the otherhand,provide
informationexactly there,at theoccludingcontour.

We have developedan extensibleleastsquaresframework that we useto fit the body
modelto thedifferenttypesof input data,with minimal humanintervention. To initialize
theprocess,theusersimply clicks on theapproximatelocationof a few key-pointsin one
imagepair. Therecoveredshapeandmotionparameterscanthenbeusedto reconstructthe
originalmotion,to displayit from adifferentviewpointor to makeotheranimationmodels
mimic thesubject’s actions.

To overcomethe problemsinherentto least-squaresoptimization, we introducetwo
weightingschemes.Thefirst ensuresthatdiverseinformationsources,suchasstereoand
silhouettes,have commensurateinfluencesso that they can be combined. The second
accountsfor thefact thatmoredatamaybeavailablefor somebodypartsthanfor others.
It preventsthesystemfrom exclusively fitting theformerat theexpenseof thelatter.

Recently, techniqueshavebeenproposed[15, 23, 6] to trackhumanmotionsfrom video
sequences.They arefairly effective but usevery simplified modelsof the humanbody,
suchasellipsoidsor cylinders,thatdonotpreciselymodelthehumanshape.Therecovered
motioncanindeedbeappliedto othermodels.However, amodelof thefilmedpersonthat
would besufficient for a truly realisticanimationis not obtained.Theinterestedreaderis
referredto therecentsurveysin [14, 24] for furtherreferences.

Othervery promisingapproachesto trackingareprobability-based.The Kalmanfilter
framework [16] and,morerecently, theCondensa tion [19, 2] algorithmhave become
popular. Again, theseapproachesonly cover the trackingaspect—albeitvery well—and
tendto neglect the modelingpart which this paperemphasizes.Thus,probability-based
algorithmscouldbeusedto drive the trackingpartandour optimization-basedalgorithm
coulddrive themodelingpart.

Muchwork hasalsobeendevotedto theuseof silhouettesfor bodymodeling[20, 8, 18,
5,9]. They provideveryusefulbut incompleteinformationaboutshapewhichis oneof the
issueswe addressin this work. Themain limitation of 2–D approachesis thepresenceof
occlusions.Thus,severalauthorsrequireaset-upof at leastthreeorthogonalcameras.We
alsouseseveralcamerasto computestereobut they donothaveto bepositionedprecisely.
This greatlysimplifiesthesetupof our system.Furthermore,our 3–D modelsallow usto
handleocclusions.

While laserscanningtechnologyprovidesa fairly goodsurfacedescriptionof a static
object[30], usingvideosequencesallowsusin additionto measureandtrackthepersonin
motionand,thus,to recoverthepositionsof thearticulationsinsidetheskinsurface.Also,
full bodyscannersareexpensivecomparedwith standardvideocameras.

Motioncapturesystemsaddresstheproblemof accuratelytrackinghumanmotion. Mag-
neticoropticalmarkersareattachedonthelimbsof thepersonandtheir3–Dtrajectoriesare
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FIG. 1. Original sequenceof anupperbodymotion. Frames20,40,60and80outof 100from onecamera
areshown.

(a) (b) (c) (d)
FIG. 2. Thelayeredhumanbodymodel: (a) Skeleton. (b) Ellipsoidalmetaballsusedto simulatemuscles

andfat tissue.(c) Polygonalsurfacerepresentationof theskin. (d) Shadedrendering.

usedto infer thesubject’smotion. Thesesystemsaremostlyautomaticbutarecumbersome
touseandtooexpensivefor massuseor low budgetprojects.Furthermore,evenwith highly
professionalsystems,measurementerrorsandambiguitiesin theautomaticmatchingpro-
ceduresresult in trackingerrorsand,thus,manualinterventionis needed.Severalof the
techniquespresentedherecanalsobeusedto overcomesomeof thoselimitations[28, 17].

In the remainderof the paper, we first introducethe body animationmodel we use.
Then,we describehow we fit this model to the data. We presentour fitting procedure
andour approachto handlingthedifferentkindsof input information. Finally, we present
reconstructionresultson complex humanmotions.

2. MODELS
2.1. The LayeredApproach

Thehumanbodymodelweusein thiswork [32] is depictedby Figure2. It incorporates
a highly effective multi-layeredapproachfor constructingandanimatingrealistichuman
bodies.Thefirst layer is a skeletonthat is a connectedsetof segments,correspondingto
limbs andjoints. A joint is theintersectionof two segments,which meansit is a skeleton
pointwherethelimb linkedto thatpoint maymove.

SmoothImplicit surfaces,so-calledellipsoidalmetaballs, form the secondlayer. We
will presentmetaballsin moredetail in Section2.3. They areusedto simulatethe gross
behavior of bone,muscle,andfattissue;they areattachedto theskeletonandarrangedin an
anatomically-basedapproximation.Thethird layer, apolygonalskinsurface,isconstructed
via B-splinepatchesovercontrolpointsgeneratedby a ray castingmethod[27, 32].

The key advantageof the layeredmethodologyis that oncethe layeredcharacteris
constructed,only the underlyingskeletonneedbe scriptedfor animation;consistentyet
expressiveshapedeformationsaregeneratedautomatically.
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2.2. Skeletonand StateVector
Thestateof theskeletonis describedby thecombinedstatevector

Sbody = [Smotion , Ssk el ] . (1)

Sincethe skeletonis modeledin a hierarchicalmanner, we candefinethe static or init
stateof the skeletonSsk el as the rotationsand translationsfrom eachjoint with respect
to the precedingone. It is fixed for a given instanceof the bodymodel. The variableor
motionstatevectorSmotion containstheactualvaluesfor eachdegreeof freedom(DoF),
i.e. theanglearoundthez-axistowardsthenext DoF. They reflectthepositionandposture
of the body with respectto its restposition. All joints have a singleangularDoF. More
complicatedarticulationsaresplit into several,single-DoFjointssharingthesamelocation
andonly differing in theirorientations.

Thepositionof joints in aglobalor world referentialis obtainedby multiplying thelocal
coordinatesbyatransformationmatrix. Thismatrixiscomputedrecursivelybymultiplying
all thetransformationmatricesthatcorrespondto theprecedingjointsin thebodyhierarchy:

X j =
∏

κ

D κ (S) ∗ X w , (2)

with X j,w = [x, y, z]T beingjoint local, resp.world global,coordinatesandthehomoge-
neoustransformationmatricesD κ , which dependon thestatevectorS, rangingfrom the
rootarticulation’sfirst to thereferencearticulation’s lastDoF. Thesematricesaresplit into
staticandmotionmatrices,accordingto thestatevector. They areof theform

D = D r ot z ∗ D ini . (3)

TherotationmatrixD r ot z isdefinedby themotionstatevector. It isasparsematrixallowing
only arotationaroundthelocalz-axis(Θκ ). ThestatictransformationD ini = (RX + sT)
is a matrixdirectly takenfrom thestandardskeleton.Thesematricestranslateby thebone
lengthandrotatethelocalcoordinatesystemfrom thejoint to its parent.Thematrixentries
are calculatedusing valuess from the statevector Ssk el . The variablecoefficient s is
necessarybecausetheexactsizeof thelimbsmayvary from personto person.

2.3. Metaballs and their Mathematical Description
2.3.1. Definition.

In Blinn’s basic formulation [4], metaballsor blobs are definedby a set of points
Pi (x, y, z) that are the sourcesof a potentialfield. Eachsourceis definedby a field
functionFi (x, y, z) thatmapsR3 to R, or asubsetof R. At agivenpointX (x, y, z) of the
Euclideanspace,thefieldsof all sourcesarecomputedandaddedtogether, leadingto the
globalfield functionF (x, y, z) =

∑ n
i =1 Fi (x, y, z), with n beingthenumberof sources.

A curvedsurfacecanthenbedefinedfrom theglobalfield functionF by giving athreshold
valueT andrenderingthefollowing equipotentialsurfaceS for this threshold:

S =
{

(x, y, z) ∈ R3 | F (x, y, z) = T
}

. (4)

Conceptuallyit is usuallysimplerto considerfield functionFi asthecompositionof two
functions[3]: thedistancefunctiondi whichmapsR3 to R+ , andthepotentialfunctionf i
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which mapsR+ to R:

F (x, y, z) =
n∑

i =1

f i (di (x, y, z)) . (5)

Thefunctionf i (d) characterizesthedistancebetweena givenpoint X (x, y, z) andthe
sourcepoint Pi (x, y, z). Typically di is definedasa functionof auser-providedparameter
r a ∈ R+ (called effective radius) which expressesthe growing speedof the distance
function. Themostobvioussolutionfor di (x, y, z) is theEuclideandistance,but several
otherfunctionshave beenproposedin the literature,especiallywhenthepotentialsource
is not reducedto asinglepointor its field is notequallydistributedin space.

2.3.2. Distancefunction.

In thiswork, weonly considerellipsoidsasprimitivesbecausethey arerelatively simple
but, nevertheless,allow modelingof humanlimbs with a fairly low numberof primitives
and thus numberof parameters.We representthe distancefunction di by the implicit
distanceto theellipsoidthatis

di (x, y, z) =
( x

lx

) 2
+

(
y
ly

) 2

+
( z

lz

) 2
, (6)

whereL i = (lx, ly, lz) are the radii of the ellipsoid, i.e. half the axis lengthalongthe
principaldirections.

2.3.3. PotentialFunction.

Thefield valueat any point X in spaceis definedby thedistancesbetweenX andthe
sourcepointsPi . Thecenterof theprimitive,its source,hasthegreatestdensity. Thevalue
of the primitive’s density, decreasestoward the element’s outeredge,or effective radius.
Thevisible sizeof a primitive, calledthe thresholdradius, is determinedby theeffective
radiusandweight. To achieve visually pleasingresultsfield functionsshouldsatisfytwo
criteria:

1. Extremum:Thecontributionat thesourceis somemaximumvalue,andthefield will
dropsmoothlyto zeroata distancer a , theeffectiveradius.

2. Smoothness:In orderto blendmultiple metaballssmoothlyandgradually, f ′ (0) =
f ′ (r a ) = 0.

A single,lowerdegreepolynomialcannotmeetbothcriteria,henceeitherpiecewisequadric
orhighorderpolynomialshavebeenproposed.They tendtobecomplex and,thus,to imply
high computationalcost. In theoriginal bodymodelingwork [27], a simplequadricfield
functionwasused.It doesnotsatisfytheabovementionedcriteria,however, it comesclose
enoughto yield visually niceresultsata very low computationalcost.

2.3.4. SpecialPotentialFunction

To permitaneffectivefit of ourimplicit surfacemodelto thedata,thefield functionmust
bedifferentiableat leastover therange[0..r a] andit shoulddropsmoothlytowardszero.
We thereforecannotusea simplequadraticfield function. We choseto useanexponential
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FIG. 3. One-dimensionalplot of theexponentialfield functionof Eq.7. Thehorizontalaxisrepresentsthe
distancefrom thesourceandtheverticalaxisplotsthecorrespondingfield value. ThethresholdT = 0.5 is also
depicted.Theellipsoidalkernelof this metaball(di ) hasaneffective radius(r a ) of 1. Thedashedcurve depicts
aclassicalpiecewisequadraticfunction,i.e. it fulfills bothcriteriaof Section2.3.3.

field functioninstead:

f i = wi

(
1

edi

) 2

= wi ∗ exp(− 2di ) , (7)

with di being the distanceof Equation6 and weight and thresholdbeing fixed for the
moment(wi = 1, T = 0.5). In thefuture,we might leave theweightasa freeparameter
for thefitting becauseit allows themodelingof sharperedges.Figure3 depictsa plot of
thisspecialpotentialfunctionin onedimensioncomparedto aclassicalpiecewisequadratic
function.

The equipotentialsurfaceS of an exponentialfield function is only slightly different
from thestandardrepresentation[4] and,moreimportantly, it neverfallsto zeroasdepicted
by Figure3.

This last propertyhasthe following consequence:Eachblob hasan influenceon all
otherblobsof thesamelimb, although,it will becomeverysmallfor distantblobs.This is
undesirablefor modelingpurposessincethedesignerlooseslocalcontrolbut favorablefor
automatedtrackingor fitting purposes.At thesametime aseachblob influencesall other
blobs,eachblob is influencedby all observationsin our fitting framework. This allowsus
to work with only a roughinitialization of themodel’s posturebecauseof the long range
effectof theexponentialfield function.

2.4. Usagefor Tracking and Modeling
The humanbody modelwas initially developedfor animationpurposes. It hasbeen

successfullyusedto produceandanimatevery realisticmodels. In thefollowing section,
we will show that it canalso be usedto track and to fit by adjustinga relatively small
numberof parameters.

In thiswork weusemodelsof differentlevelsof detail,thatis asimplemodelwith only
few metaballs(54) to speeduptrackingandamorecomplex onewith about230metaballs
for shapemodeling. To further reducethe numberof parameterswe introducedhigher
level parametersthatcontrolgroupsof metaballs.For example“upperarmwidth” which
controlstherelativesizeof all metaballsin theupperarmregion.
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FIG. 4. Flow chartof oursystem.

3. FITTING THE MODELS TO IMA GE DATA

Froma fitting point of view, thebodymodelof Section2 embodiesa roughknowledge
abouttheshapeof thebodyandcanbeusedto constrainthesearchspace.Our goal is to
deriveits degreesof freedomsothatit conformsasfaithfully aspossibleto theimagedata.

Hereweusemotionsequencessuchastheonesshown in Figures9, 10and11. Figure5
depictsthecorrespondingstereodata.Silhouetteinformationcanbeaddedwhenavailable,
asshownin Figure7. Thus,theexpectedoutputof oursystemisastatevectorthatdescribes
theshapeof themetaballsandasetof joint anglescorrespondingto theirpositionsin each
frame.

3.1. Approachoutline
Figure4 depictstheflow of ouralgorithm.Thebodymodelandtheimagedataareused

throughouttheprocess.Thealgorithmworksasfollows:

Data Acquisition.
Cloudsof 3–D points are derived from the input images. Silhouetteedgesmay be

delineatedin severalkey-framesor beautomaticallygeneratedfor thewholesequence.

Initialization.
We first initialize themodelinteractively in oneframeof thesequence.Theuserhasto

entertheapproximatepositionof somekey joints,likeshoulders,elbows,hands,hips,knees
andfeet. Here,it wasdoneby clicking on thesefeaturesin two imagesandtriangulating
thecorrespondingpoints.Alternativelywecoulduseanthropometry-basedmethods[31, 1]
to initialize themwith a few clicks in onesingleimage.This initializationgivesusarough
shape,i.e. a scalingof theskeleton,andanapproximatemodelposture.

Tracking.
At agiventimestepthetrackingprocessadjuststhemodel’s joint anglesby minimizing

anobjective functionthatwill bedescribedin Section3.2. This modifiedpostureis saved
for thecurrentframeandservesasinitialization for thenext one.Thecomputingpowerof
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todaysPCsallows for interactivity. If, for somereason,thealgorithmlosestracktheuser
simply pausestheprogram,adjuststhepostureinteractively andhandsthecontrolbackto
thealgorithmfor furtherprocessing.

Fitting.
Theresultsfrom the tracking stepserve asinitialization for a fitting step. Its goal is to

refinethe posturesin all framesandto adjustthe skeletonand/ormetaballparametersto
makethemodelcorrespondmorecloselyto theperson.Thefittingoptimizesoverall frames
simultaneously, againby minimizing theobjective functiondescribedin Section3.2. This
allows us to find a singlesetof parametersthat describesa modelthat is consistentwith
the imagesof thewholesequence.The resultscouldbe further improvedby introducing
inter-frameconstraintssuchassmoothnessor limits on velocity/acceleration.Thiswill be
theobjectof futurework.

The purposeof the simultaneousfitting is the following: In order to correctlymodel
the proportionsof the skeleton,i.e. the exactpositionof the articulationsinsidetheskin
surface,weneedto observethepersonin motionandfind a configurationwhichconforms
to everyposture.

Results.
Theresultsof thefitting area new setof skeletonandprimitiveparametersSsk el anda

sequenceof motionparametersSmotion thatmaketherecoveredmodelmimic thesubject’s
action.

Both the tracking andthefitting stepusethesamealgorithm,a leastsquaresoptimizer.
Thefollowing paragraphdescribesthevariousstepsof this framework in moredetail.

3.2. LeastSquaresFramework
In standardleast-squaresfashion,we use the image data to write nobs observation

equationsof theform

yi (S) = obsi − ε i , 1 ≤ i ≤ nobs , (8)

whereS is the statevectorof Equation1 that definesthe shapeandpositionof the limb
andε i is thedeviation from themodel.We will thenminimize

vT Pv ⇒ M in , (9)

wherev = [ε 1, . . . , ε nobs ] is the vectorof residualsandP is a weight matrix associated
with theobservations.P is usuallyintroducedasdiagonal.

Our systemmustbe ableto dealwith observationscomingfrom differentsourcesthat
may not be commensuratewith eachother. Formally we can rewrite the observation
equationsof Equation8 as

yty pe
i (S) = obsty pe

i − ε i , 1 ≤ i ≤ nobs , (10)

with weightpty pe
i , wheretype is oneof thepossibletypesof observationswe use.In this

paper, typecanbeobjectspacecoordinatesor silhouetterays.However, otherinformation
cuescaneasilybeintegrated.
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FIG. 5. An original imagepair andthecorrespondingdisparitymap.

The individual weightsof the differenttypesof observationshave to be homogenized
prior to estimationaccordingto:

pk
i

pl
j

=

(
σl

j

) 2

(
σk

i

) 2 , (11)

whereσl
j , σk

i aretheapriori standarddeviationsof theobservationsobsi , obsj of typek, l .
Least-squaresestimationmeansfinding thejoint minimum

nt∑

ty pe=1

vty pePty pevty pe ⇒ M in , (12)

wherent is the numberof observationtypes. It yields thewell-known normalequations
which needto besolvedusingstandardtechniques.

In practice,however, it is verydifficult to estimatethestandarddeviationsof Eq.11. We
thereforeusethefollowing heuristicswhichhasprovedto beveryeffective. To ensurethat
theminimizationproceedssmoothlywe multiply theweightpty pe

i of thenty pe individual
observationsof a giventypeby a globalcoefficientcty pe computedasfollows:

Gty pe =

√ ∑
1≤ i ≤ nobs,j = ty pe pty pe

i ‖∇ f j
i (S)‖ 2

nty pe

cty pe =
λty pe

Gty pe
(13)

whereλty pe is a usersuppliedcoefficient between0 and1 that indicatesthe relative
importanceof thevariouskindsof observations.Thisguaranteesthat,initially at least,the
magnitudesof thegradienttermsfor thevarioustypeshavetheappropriaterelativevalues.

Sinceour overall problemis non-linear, the resultsare obtainedthroughan iteration
process.We usean implementationof the Levenberg-Marquardt algorithm[26] that can
handlethelargenumberof parametersandobservationswemustdealwith.

3.3. Using StereoData
In this work we useda singlecorrelation-basedbasedstereoalgorithm[11] to compute

densedisparitymapsfrom two ormorecameras.It producesdisparitymapssuchastheone
shown in Figure5. Calibratingthecamerasallowsusto generatecloudsof 3–Dpointsfrom
the depthmaps. We want to minimize the distanceof the reconstructedlimb to all such
“attractor” points. Given the implicit descriptionof the metaballsof Eq. 7, the simplest
way to achievethis resultis to write a pseudo-observationequationof theform:
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np∑

i =1

wi · e− 2di (X ) = T − ε (14)

np∑

i =1

(
1

e
(

x i
lx i

) 2
+

(
y i
ly i

) 2
+

(
z i
lz i

) 2

) 2

=
1
2

− ε , (15)

wherenp is thenumberof primitivesfor thisbodypart,X (xi , yi , zi ) is the3–Dobservation
transformedinto the local coordinatesof primitive i with radii L i (lx, ly, lz). We use
Equation15whichis thesameasEquation14exceptfor thefixedweightsT = 0.5, wi = 1
andthesubstitutionaccordingto Eq.6.

Theoptimizationis effectedwrt. theprimitives’ radii L i andtheDoFswhich residein
the transformationof eachobservation from world global to primitive local coordinates.
TheseDoFsconsistof the motion parametersandthe skeletonparameters,i.e. lengthof
eachlimb. Accordingto Equation2, eachobservationX canbewrittenasafunctionof its
world coordinatesandtheelementsof stateVectorS.

3.4. From SilhouetteData to Observations
Contraryto 3–Dedges,silhouetteedgesaretypically 2–Dfeaturessincethey dependon

theviewpoint andcannotbematchedacrossimages.However, they constrainthesurface
tangent.Eachpoint of thesilhouetteedgedefinesa line, thecameraray, thatgoesthrough
theopticalcenterof thecameraandis tangentto thesurfaceat its pointof contactwith the
surface. Thepointsof a silhouetteedgethereforedefinea ruledsurfacethat is tangentto
thesurfaceto bemodeled.

In termsof ourmodelfitting, thismeansthatexactlyonepointof thesilhouetteraymust
lie on the metaballandits normalmustbe orthogonalto the silhouetteray. This canbe
expressedasfollows:

np∑

i =1

wi · e− 2di (X ) = T − ε (16)

Slope·

[
∂f
∂x

,
∂f
∂y

,
∂f
∂z

]

= 0 − ε (17)

whereSlopeis the tangent’s directionanddi (X ) is the distanceof the silhouetteray to
themetaball(Eq.6) with X beingthepointontheray thatis closestto themetaball.These
two constraintsaredepictedby Figure6.

3–D positionof silhouetteedges.
Themaindifficulty is to find themetaballsurfacepoint X wheretheconstraintapplies.

In practice,we take this point to be the point on the cameraray which minimizesthe
implicit formulationof themodel,Eq.7.

This is a reasonableapproximationwhentheinitial positionof themodelis not too far
from therealone.This particularchoicehasonefurtheradvantage:It allows usto ignore
theconstraintof Eq17 for thefollowing reason.

After eachiteration of the least-squaresoptimizer we reestimatethe position of the
silhouetteedgeusingthecurrentsurfacemodel.This is bothnecessaryanddesirable.It is
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FIG. 6. A 2–D silhouetteray for a circularobject(M odel) is representedby a dashedline. Thecamera
is depictedby Copt. Theray touchesthecircle at exactly onepoint andit’s slopeis orthogonalto theobject’s
normalin thepointof intersection.Thetwo otherraysdon’t satisfybothof thesilhouettecriteriaof Section3.4.

FIG. 7. Theimportanceof silhouetteinformationfor shapemodeling.Theoriginal imageis shown in the
upperleft. In theupperright no silhouetteconstraintswereusedandthefitting putsthe modelis too far away
from thecloud. This is compensatedby enlarging theprimitives. Thesilhouettesprovide stricterconstraintsfor
themodel.Thelower row shows theresultof thefitting with andwithoutskin rendered.

necessarybecause,afteran iteration,themodelhaschangedandthe point of the camera
ray that is closestto themodelis likely to have moved. It is desirablebecause,after this
re-initializationof the silhouetteedge,this point will be wherethe silhouettetangentis
closestto themodelandwill thussatisfytheorthogonalnormalconstraint.

Informally, thiscanbeverifiedasfollows: ourmodelshaveanellipsoidalshapeandare
expressedin animplicit manner. Theclosestpointof araycanbefoundby looking for the
smallestisosurfacewhichstill touchestheray, whetheroutsideor insidetheoriginalmodel.
Theseisosurfacesalsoareellipsoidswith the samecenterasthe model. Furthermore,a
ray that touchesanellipsoidat exactly onepoint is tangentto this ellipsoidandthus,the
normalof the modelat that point is orthogonalto the ray. An alternative way to handle
theseconstraintsis presentedin [29] andweintendto implementtheirmethodin thefuture
andcomparethesetwo approaches.
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FIG. 8. Automaticallytrackedsilhouetteof a walkingperson.

Theimportanceof usingsilhouetteinformationis demonstratedby Figure7. Here,we
allowed for changesin themodel’s postureandthe shapeparametersof thearms. In the
upperrow of Figure7 only the 3–D information is used. The fitting tendsto move the
modelfurtherawayfrom thecloudandto compensateby inflatingthearmsto keepcontact
with thepoint cloud. Thenoisystereodatais too ambiguousto sufficiently constrainthe
model. Thesilhouettesareneededto constrainit, asshown in the lower row of Figure7
wherewefitted to bothstereoandsilhouetteinformation.

Obtainingsilhouetteinformation.
This canbeachievedin many ways.Many authorscite theuseof Canny edgedetectors

in imageswith subtractedbackground. This is an automaticbut low-level methodand
thusrelatively easyto implementbut not very robust in practice. Automatedsilhouette
edgedetectorshave beendevelopedandcould be implementedfor this use[33]. In this
work, wehaveusedsemi-automatedtoolsto allow theuserto quickly sketchthesilhouette
edges[25].

Wealsoexperimentedwith asnake-basedsilhouettetrackerthatuses3–Dpointtrajectory
information. The silhouetteis interactively initialized in the first frame, as shown in
Figure 8. The systemis then able to track it over the whole sequence,in spite of the
highly clutteredand dynamicbackground. Note that anotherpersonis walking in the
background. Correlatingnot only the two imagesof a stereopair but also succeeding
imagesacquiredwith the samecameraprovidessparse,yet quite robust3–D trajectories
for texturedsurfaces.[7] Thestereodepthinformationisusedto extracttheforegroundand,
whereavailable,thetemporaltracksareusedto predictsilhouettemotionandto constrain
thesnake’s optimization. For moredetails,we refer the interestedreaderto our technical
report[13].

3.5. Motion Prediction
In order to increaserobustnessof the tracking algorithm, we introduceda constant-

velocity predictionmodel. We first tried a simplelinear extrapolationfrom the two pre-
cedingtimesteps.In practice,thissimplisticapproachis notusabledueto thenoisinessof
thedata.Smallerrorsin thetrackingareimmediatelyextrapolatedand,thus,exaggerated.
Often, this resultsin losing track even in the absenceof occlusions.To circumvent this
problemwe introduceda smoothedpredictionover the previous n frames;herewe used
n = 5. Again, a constantvelocity modelis usedto extrapolatefrom thepreviousframes.
In futurework we intendto implementa methodthatcomparespredictedandunpredicted
modelstateandpicks the onethat yields the smallestresidual. Also, moresophisticated
motionmodelsor learnedmotionscouldbeused.
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3.6. Data Segmentation
Segmentingdata is still a challengingproblem in the field of computervision. In

our case,we needto decidewhich part of the body an observation shouldbe assigned
to. Robust imagesegmentationis not possiblewithout forcing the performerto wear
clothesof a specifictexture or colour pattern. In order to deal with arbitrary typesof
imageswe proposea model-drivenapproach.The segmentationis donewith respectto
the currentpostureof the model. An observation is simply assignedto the closestbody
part. This is a hardassignmentwhich is not guaranteedto be correctanda weightedor
fuzzy assignment[21] might be usedinstead. In practice,we get goodresultswith the
segmentationbeingrecomputedaftereachrefinementof themodel.

3.7. Dynamic Model BasedWeighting
Dueto thenatureof leastsquares,weencounteredproblemsdealingwith thenonuniform

distributionof 3–Dobservations.Thesystemtendstofit betterthosepartsof thebodywhere
high numberof observationsareavailable,neglectingthosewith only little information.
To overcomethis problemwe have introducedthefollowing weightingscheme.

Thenumberof 3–Dpointswecanobservefor acertainbodypartdependsonthevisible
surfaceandthequalityof texture. Thefollowing factorscontributeto thesizeof thevisible
surface:

1. Absolutesurface.
2. Exposure,i.e. anglewrt. cameras.
3. Visibility dueto occlusionor field of view.

Theobviousthing to dowouldbeto precomputeaweightfactorbasedoneachbodypart’s
absolutesurface. But this is not sufficient, the other factorswhich make up the visible
surfacearetoo importantto beignored.And, anyway, we would still needto segmentthe
observationsin someway to attribute thedifferentweights. This necessarysegmentation
caneasilybefurtherexploited.

In our system,we optedfor a dynamicmodel basedweighting scheme. The actual
formula to computethe weight is very simple. And it implicitly coversall of the three
factorsmentionedabove. With nobs beingthe numberof all observationsin this frame,
ρ the numberof separatebody partsandω the numberof observationswhich have been
attributedto thebodypartbpwecomputetheweightP asfollows:

Pbp =
nobs

ρ ∗ ωbp

We multiply this weightwith pty pe
i of Eq.10. This conservesthehomogenizedweights

becausethesumof theweightedobservationsfor all bodypartsequalsthenumberof all
observations:

∑
Pbp ∗ ωbp = nobs. Sincetheschemeis model-basedandthemodelmay

changebetweeniterations,werecomputetheweightsaftereachiteration.

3.8. Results

Humanwalking.
Our first testsequenceconsistsof somebodywalking in front of a horizontallyaligned

stereocamerapair. The backgroundandlighting wasuncontrolled(standardoffice head
lights) and the camerapair was about5m from the person. The distancebetweenthe



14 RALF PLÄNKERSAND PASCAL FUA

(a)

(b)

(c)
FIG. 9. Threeframesof thewalking sequenceareshown. Theoriginal sequenceis in thetop row (a). The

middlerow (b) shows thetrackingwith thesimplemodel,overlaidwith the3–D points. And thefinal fitting of
thedetailedmodelis shown in thebottomrow (c).

two cameraswas75cm. The imagesare interlacedandthe processedhalf-framehasan
effectiveresolutionof 768× 288. Thedisparitiesresultin about20003–Dpoints,including
reconstructedpartsof thebackground.

Figure9(a)shows threeframes(cropped)out of 50 from thissequence.Theresultfrom
the initial trackingprocessis depictedby Figure9(b). We hadto manuallyinteractwhen
thelegscrossedduringthewalkingcyclebecausewe didn’t useany predictiontechniques
for this sequence.This would be neededto make the leg swing throughwhenno datais
availablebecauseof theocclusion.

Theresultsof thesubsequentfitting stepareshown in Figure9(c). Here,thedimensions
of theskeletonandthesizeof themetaballshavebeenadjusted,resultingin abettermodel
andslightly morerealisticpostures.

Upperbodymotion.
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(a)

(b)

(c)

(d)
FIG. 10. In thetop row (a) is theoriginal sequenceof theupperbodymotion. Frames10,50,60and90out

of 100areshown. Resultsof the trackingusingthesimplemodelareshown in (b) andtheresultsof thefitting
with thefull animationmodelareshown in thebottomrows without (c) andwith (d) skin rendered.

Thesequencein Figure10(a)shows complex movementsof a nakedupperbody, taken
with a camerasetup in front of the subject. Threecamerasin an L configurationwere
taking interlacedimagesat 20 frames/secwith an effective resolutionof 432× 288 per
half-frame. Our stereoalgorithm[10] producedvery densepoint cloudswith about4000
3–D pointson the surfaceof the subject,even without texturedclothes. To increasethe
framerateand,thus,reducethedifferencein posturebetweenframeswe usedbothhalves
of theinterlacedimagesandadjustedthecameracalibrationaccordingly.

The resultof the trackingprocessis shown in Figure10(b). The fitting step,usinga
moredetailedmodel,producedslightly betterpostures,an adaptedskeletonandresized
metaballs(Fig.10(c)). Theheadof thismodelwasgeneratedfrom asinglevideosequence
of thesubjectby usingthesystemof [12].

Figure11(a)showsfive framesof anupperbodymotionof a personwith verydifferent
body proportions. The resultsare presentedin Figure 11(b) and (c). They show that
thegenericmodeladjustswell to thenew personwho hasvery differentbodyproportions
comparedto thepreviousexample.Thefitting hadto adjustsixangulardegreesof freedom:
elbow (1 DoF), shoulder(3 DoF) andtorso(2 DoF) plus the skeletonparameters“lower
armlength”, “upperarmlength”and“shoulderwidth”.

4. CONCLUSION AND FUTURE WORK

We have presenteda techniquefor fitting a completeanimationmodel to imagedata
andtrackingcomplex 3–D motions.Themodelandtheconstraintsit imposesareusedto
overcometheinherentnoisinessof thedata.Werecoverbothmotionandbodyshapefrom
stereovideo sequences.The correspondingparameterscanbe usedto recreaterealistic
3–D animations.Sucha capabilityshouldbeof greatusein theareaof humananimation
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(a)

(b)

(c)
FIG. 11. Sequenceof an upperbody motion of anotherperson. Frames10, 30, 50 and70 out of 100

areshown. Theoriginal sequenceis in the top row (a), thefitting resultsarein thecenterrow (b) andthefinal
renderingof theskinsurfaceis at thebottom(c).

sinceit couldalsobeusedto analyzeandvisualizehumanmotionfor medicalandtraining
purposes.

In future work, we intendto further exploit our strongmodel, for examplethe model
canhelp to identify occlusionsanddecidewhetherto let the dataguidethe fitting or to
let thepredictionchangetheposturewhereno datais available. Themodelcouldalsobe
usedto deriveanautomaticandrobustsilhouetteextractionalgorithm,evenwith cluttered
background.

Also, now, wesearchfor the“optimal” skeletonandmetaballparametersoverthewhole
sequence.This is averytimeconsumingprocessandit couldbespedupby identifyingthe
mostinterestingframesand,then,fit only in theseframes.Mostinterestingframesin this
context couldbeframeswherethemodelis closeto somepre-definedpostureswhich are
known to haveahigh informationcontent.
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