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Trackingandmodelingpeoplefrom videosequencebasbecomeanincreasingly
importantresearcttopic, with applicationsincluding animation,suneillanceand
sportamedicine.In thispaperweproposeamodelbasedB—-Dapproactio recorering
bothbodyshapeandmotion. It takesadwantageof a sophisticateénimationmodel
to achieve bothrobustnessandrealism. Stereosequencesf peoplein motionsene
asinputto our system.Fromthesewe extracta 2%—D descriptionof thesceneand,
optionally silhouetteedges.We proposean integratedframevork to t the model
andto trackthe persons motion. The ervironmentdoesnot have to be engineered.
We recover not only the motion but alsoa full animationmodelcloselyresembling
the subject. We presentresultsof our systemon real sequenceandwe shav the
genericmodeladjustingto the persorandfollowing variouskinds of motion.
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1. INTRODUCTION

Trackingandmodelingpeoplefrom videosequencelasbecomeanincreasinglympor-
tantresearctiopic,with applicationsncludinganimation suneillanceandsportamedicine.
In this paper we proposea 3—D approacho recoveringbothbody shapeandmotion. We
obtainstereo-andsilhouette-dat&rom synchronize¢damerasndwe t toit asophisticated
bodymodel. We useit to eliminateerroneouslata,to robustlytrackcomplex motionseven
in the presenc®f occlusionsandto derive arealisticbody shape.

A detaileddescriptionof the humanbody in the form of ananimatedayeredmodelis
attherootof ourwork. It providesa priori informationabouttheshapeandtheallowable
motionsof the humanbody This is essentiafor interpretingnoisy dataand solving the
resultingambiguities. The modelwe useis madeof volumetricprimitivesattachedo an
articulatedskeleton. Eachone generates potential eld andthe skin is takento be an
isosuraiceof the combinedpotential[32]. This implicit surfaceformulationhasseveral
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adwantagesamongthemalower numberof parameteranda 3—D distancaneasuréhatis
differentiableandfastto compute.

As input to our systemwe useimagesequencesf peoplein motion, suchasthe one
in Figure 1. Multiple synchronizedand calibratedcamerasare usedto extract stereo
information. Becausecamerasare relatively cheapand disparity mapssuchasthe ones
we use can be acquiredat frame rate on ordinary computers[22], this is not a major
limitation for mary applications. Also, stereoworks well both on textured clothesand
on bareskin. Silhouetteedgescan be includedwhen available. Stereoand silhouettes
arecomplementargourcef information: Stereovorkswell wherethe surfacefacesthe
camerabut fails wherethe surfaceslantsaway. Silhouetteson the other hand,provide
informationexactly there,atthe occludingcontour

We have developedan extensibleleastsquaresrameawvork that we useto t the body
modelto the differenttypesof input data,with minimal humanintervention. To initialize
the processthe usersimply clicks on the approximatdocationof a few key-pointsin one
imagepair. Therecoveredshapeandmotionparametersanthenbeusedo reconstructhe
originalmotion,to displayit from adifferentviewpointor to make otheranimationmodels
mimic thesubjects actions.

To overcomethe problemsinherentto least-squaresptimization, we introducetwo
weightingschemesThe rst ensureghatdiverseinformationsourcessuchassterecand
silhouettes have commensuratén uences so that they can be combined. The second
accountdor thefactthatmoredatamay be availablefor somebody partsthanfor others.
It preventsthe systemfrom exclusively tting theformeratthe expenseof thelatter

Recentlytechniquedave beenproposed15, 23, 6] to trackhumanmotionsfrom video
sequencesThey arefairly effective but usevery simpli ed modelsof the humanbody;
suchasellipsoidsor cylinders,thatdo not preciselymodelthehumanshape . Therecovered
motioncanindeedbeappliedto othermodels.However, amodelof the Imed persornthat
would be sufcient for atruly realisticanimationis not obtained.Theinterestedeaderis
referredto therecentsurweysin [14, 24] for furtherreferences.

Othervery promisingapproacheso trackingare probability-based.The Kalman lter
framework [16] and,morerecently the Condensa tion [19, 2] algorithmhave become
popular Again, theseapproachesnly cover the tracking aspect—albeitery well—and
tendto neglect the modelingpart which this paperemphasizesThus, probability-based
algorithmscould be usedto drive the tracking partand our optimization-basedlgorithm
coulddrive themodelingpart.

Muchwork hasalsobeendevotedto theuseof silhouettedor bodymodeling[20, 8, 18,
5,9]. They provide veryusefulbutincompleteinformationaboutshapewhichis oneof the
issuesnve addressn thiswork. The mainlimitation of 2—D approachess the presencef
occlusions.Thus,severalauthorsrequirea set-upof atleastthreeorthogonacamerasWe
alsousesereralcamera$o computesterecdbut they do nothave to be positionedprecisely
This greatlysimpli es the setupof our system.Furthermorepur 3—D modelsallow usto
handleocclusions.

While laserscanningtechnologyprovidesa fairly good surfacedescriptionof a static
object[30], usingvideosequenceallows usin additionto measurendtrackthe personin
motionand,thus,to recoverthepositionsof thearticulationsinsidethe skin surface.Also,
full bodyscannersreexpensve comparedvith standardsideocameras.

Motion capturesystemaddressheproblemof accuratelyrackinghumanmotion. Mag-
neticor opticalmarkersareattachenthelimbsof thepersorandtheir3—Dtrajectoriesare
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FIG. 1. Original sequencef anupperbodymotion. Frames20, 40, 60 and80 out of 100from onecamera
areshavn.

(a) (b) (c) (d)
FIG. 2. Thelayeredhumanbody model: (a) Skeleton. (b) Ellipsoidal metaballsusedto simulatemuscles
andfattissue.(c) Polygonalsurfacerepresentatioof the skin. (d) Shadedendering.

usedo infer thesubjects motion. Thesesystemaremostlyautomaticout arecumbersome
to useandtooexpensvefor masaiseor low budgetprojects.Furthermoregvenwith highly
professionakystemsmeasuremergrrorsandambiguitiesn the automaticmatchingpro-
ceduregesultin trackingerrorsand,thus, manualinterventionis needed.Several of the
techniquepresentedherecanalsobeusedto overcomesomeof thoselimitations[28, 17].

In the remainderof the paper we rst introducethe body animationmodel we use.
Then,we describehow we t this modelto the data. We presentour tting procedure
andour approacho handlingthe differentkinds of input information. Finally, we present
reconstructiomesultson complex humanmotions.

2. MODELS
2.1. The LayeredApproach

Thehumanbodymodelwe usein thiswork [32] is depictedby Figure2. It incorporates
a highly effective multi-layeredapproachor constructingandanimatingrealistichuman
bodies. The rst layeris a skeletonthatis a connectedetof sggmentscorrespondingo
limbs andjoints. A joint is theintersectiorof two segmentswhich meanst is a skeleton
pointwherethelimb linkedto thatpoint may move.

Smoothimplicit surfaces,so-calledellipsoidal metaballs form the secondayer We
will presentmetaballsin moredetailin Section2.3. They areusedto simulatethe gross
behaior of bone muscle andfattissue they areattachedo theskeletonandarrangedn an
anatomically-baseapproximation.Thethird layer, apolygonalskinsurfaceis constructed
via B-splinepatchesver controlpointsgeneratedby aray castingmethod[27, 32).

The key advantageof the layeredmethodologyis that oncethe layeredcharacteris
constructedpnly the underlyingskeletonneedbe scriptedfor animation;consistentyet
expressve shapaedeformationsaregeneratecdutomatically
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2.2. Skeletonand StateVector
The stateof the skeletonis describedy the combinedstatevector

Sbody - [Smotion ;Sskel] : (1)

Sincethe skeletonis modeledin a hierarchicalmanner we cande ne the static or init
stateof the skeletonSs<®' asthe rotationsand translationsrom eachjoint with respect
to the precedingone. It is x edfor a giveninstanceof the body model. The variableor
motionstatevectorS™n  containsthe actualvaluesfor eachdegreeof freedom(DoF),
i.e. theanglearoundthe z-axistowardsthe next DoF. They re ect the positionandposture
of the body with respecto its restposition. All joints have a singleangularDoF. More
complicatedarticulationsaresplit into several,single-DoHoints sharingthe sameocation
andonly differingin their orientations.

Thepositionof jointsin aglobalor world referentialis obtainedoy multiplying thelocal
coordinatedy atransformatiommatrix. Thismatrixis computedecursvely by multiplying
all thetransformatiomatriceghatcorrespondo theprecedingointsin thebodyhierarchy:

Y
Xi=  D(S) X%; )

with X *% = [x;y; z]" beingjoint local, resp.world global,coordinatesaindthe homoge-
neoustransformatiommatricesD , which dependon the statevectorS, rangingfrom the
rootarticulations rst to thereferencearticulationslastDoF. Thesematricesaresplitinto
staticandmotionmatrices accordingto the statevector They areof theform

D = Drotz Dini : (3)

TherotationmatrixD "'z is de ned by themotionstatevector It isasparsenatrixallowing

only arotationaroundthelocal z-axis( ). ThestatictransformatioD™ = (RX + sT)

is amatrix directly takenfrom the standardskeleton. Thesematricestranslateby thebone
lengthandrotatethelocal coordinatesystenfrom thejoint to its parent. Thematrixentries
are calculatedusing valuess from the statevector S$*®' . The variablecoefcient s is

necessarpecausehe exactsizeof thelimbs mayvary from persorto person.

2.3. Metaballs and their Mathematical Description
2.3.1. De nition.

In Blinn's basic formulation [4], metaballsor blobs are de ned by a set of points
Pi (x;y; z) that are the sourcesof a potential eld. Eachsourceis de ned by a eld
functionF; (x; y; z) thatmapsR? to R, or asubsebf R. At agivenpointX (x; y; z) of the
Euclideanspacethe elds of all s?yrcesarecomputedindaddedtogetherleadingto the
global eld functionF (x;y;z) = i":l Fi (x;y; z), with n beingthe numberof sources.
A curvedsurfacecanthenbede nedfromtheglobal eld functionF by giving athreshold
valueT andrenderingthefollowing equipotentiakurfacesS for this threshold:

S= (xY;2)2RPjF(xy;2)=T (4)

Conceptuallyt is usuallysimplerto considereld functionF; asthecompositiorof two
functions[3]: thedistancefunctiond; which mapsR? to R* , andthe potentialfunctionf ;
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whichmapsR* toR:

X0
F(xy;2)=  fi(di(xiy;2) : (%)

i=1

Thefunctionf;(d) characterizethe distancebetweena givenpoint X (x; y; z) andthe
sourcepoint P; (x; y; z). Typically d; is de ned asafunctionof auserprovidedparameter
ra 2 R* (called effectiveradiug which expresseshe growing speedof the distance
function. The mostobvious solutionfor d; (x; y; z) is the Euclideandistance put several
otherfunctionshave beenproposedn the literature,especiallywhenthe potentialsource
is notreducedo asinglepointorits eld is notequallydistributedin space.

2.3.2. Distancefunction.

In thiswork, we only considetellipsoidsasprimitivesbecause¢hey arerelatively simple
but, neverthelessallow modelingof humanlimbs with a fairly low numberof primitives
and thus numberof parameters.We representhe distancefunction d; by the implicit
distanceo theellipsoidthatis

(6)

X

di(x;y;2) = x + Iy + 7

whereL; = (Ix; ly;1z) arethe radii of the ellipsoid, i.e. half the axis lengthalongthe
principaldirections.

2.3.3. Potential Function.

The eld valueatary point X in spaces de ned by the distancedetweenX andthe
sourcepointsP;. Thecenterof theprimitive,its sourcehasthegreatestiensity Thevalue
of the primitive's density decreasetoward the elements outeredge,or effective radius.
Thevisible sizeof a primitive, calledthe thresholdradius is determinedby the effective
radiusandweight. To achieve visually pleasingresults eld functionsshouldsatisfytwo
criteria:

1. Extremum:Thecontribution atthesources somemaximumvalue,andthe eld will
dropsmoothlyto zeroatadistancer ,, theeffective radius.

2. Smoothnessin orderto blend multiple metaballssmoothlyandgradually f 40) =
fYra) = 0.

A single lowerdegreepolynomialcannommeetbothcriteria,henceeitherpiecavisequadric
or highorderpolynomialshave beenproposed.They tendto becomple<and,thus,toimply
high computationatost. In the original body modelingwork [27], a simplequadric eld
functionwasused.It doesnotsatisfytheabose mentionedtriteria,however, it comesclose
enoughto yield visually niceresultsata very low computationatost.

2.3.4. SpecialPotential Function

To permitaneffective t of ourimplicit surfacemodelto thedata the eld functionmust
be differentiableat leastover therange[0::r ;] andit shoulddrop smoothlytowardszero.
We thereforecannotusea simplequadraticeld function. We choseto useanexponential



6 RALF PLANKERS AND PASCAL FUA

0.8

0.6

0.4

0.2

FIG. 3. One-dimensiongblot of theexponential eld functionof Eq.7. Thehorizontalaxisrepresentshe
distancefrom the sourceandthe vertical axis plotsthe correspondingeld value. ThethresholdT = 0:5is also
depicted.Theellipsoidalkernelof this metaball(d; ) hasaneffective radius(ra) of 1. Thedashecturve depicts
aclassicabiecavise quadratidunction,i.e. it ful lls bothcriteriaof Section2.3.3.

eld functioninstead:

1 2

fi:Wi J

=w exp( 2d) ; (7)
with d; beingthe distanceof Equation6 and weight and thresholdbeing x ed for the
moment(w; = 1, T = 0:5). In thefuture,we might leave the weightasa free parameter
for the tting becausét allows the modelingof sharperedges.Figure3 depictsa plot of
thisspeciapotentialfunctionin onedimensiorcomparedo aclassicapiecavisequadratic
function.

The equipotentialsurface S of an exponential eld functionis only slightly different
fromthestandardepresentatiofd] and,moreimportantly it neverfallsto zeroasdepicted
by Figure3.

This last propertyhasthe following consequenceEachblob hasan in uence on all
otherblobsof thesamdimb, although,it will becomevery smallfor distantblobs. Thisis
undesirabldéor modelingpurposesincethe designetoosedocal controlbut favorablefor
automatedrackingor tting purposesAt the sametime aseachblob in uencesall other
blobs,eachblobis in uencedby all obsenationsin our tting framework. This allows us
to work with only a roughinitialization of the model's posturebecausef the long range
effect of theexponential eld function.

2.4. Usagefor Tracking and Modeling

The humanbody modelwas initially developedfor animationpurposes. It hasbeen
successfullyusedto produceandanimatevery realisticmodels. In the following section,
we will shav thatit canalsobe usedto track andto t by adjustinga relatively small
numberof parameters.

In this work we usemodelsof differentlevelsof detail, thatis a simplemodelwith only
few metaballg54)to speedup trackinganda morecomplex onewith about230metaballs
for shapemodeling. To further reducethe numberof parametersve introducedhigher
level parametershat control groupsof metaballs.For example“upperarmwidth” which
controlstherelative sizeof all metaballsn theupperarmregion.
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FIG. 4. Flow chartof our system.

3. FITTING THE MODELS TO IMA GE DATA

Froma tting pointof view, thebody modelof Section2 embodiesaroughknowledge
aboutthe shapeof the body andcanbe usedto constrainthe searchspace.Our goalis to
deriveits degreesof freedomsothatit conformsasfaithfully aspossibleto theimagedata.

Herewe usemotionsequencesuchastheonesshowvn in Figures9, 10and11. Figure5
depictsthecorrespondingtereadata. Silhouetteinformationcanbeaddedvhenavailable,
asshowvnin Figure7. Thus,theexpectedutputof oursystemnis astatevectorthatdescribes
theshapeof the metaballsanda setof joint anglescorrespondingo their positionsin each
frame.

3.1. Approachoutline
Figure4 depictsthe o w of ouralgorithm. Thebodymodelandtheimagedataareused
throughoutheprocess.Thealgorithmworksasfollows:

Data Acquisition.
Clouds of 3-D points are derived from the input images. Silhouetteedgesmay be
delineatedn severalkey-framesor be automaticallygeneratedor thewhole sequence.

Initialization.

We rst initialize themodelinteractively in oneframeof the sequenceThe userhasto
entertheapproximateositionof somekey joints, likeshoulderselbows, handships,knees
andfeet. Here,it wasdoneby clicking on thesefeaturesn two imagesandtriangulating
thecorrespondingoints. Alternatively we coulduseanthropometry-basedethodg431, 1]
to initialize themwith afew clicksin onesingleimage. Thisinitialization givesusarough
shapej.e. ascalingof the skeleton,andanapproximatenodelposture.

Tradking.

At agiventime stepthetracking processadjustshemodelsjoint anglesby minimizing
anobjective functionthatwill be describedn Section3.2. This modi ed postureis saved
for thecurrentframeandsenesasinitialization for the next one. Thecomputingpower of
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todaysPCsallows for interactvity. If, for somereasonthe algorithmlosestrackthe user
simply pauseshe program adjuststhe postureinteractively andhandsthe controlbackto
thealgorithmfor furtherprocessing.

Fitting.

Theresultsfrom the tracking stepsene asinitialization for a tting step. Its goalis to
re ne the posturedn all framesandto adjustthe skeletonand/ormetaballparameterso
malethemodelcorrespondnorecloselyto theperson.The tting optimizesoverall frames
simultaneouslyagainby minimizing the objective functiondescribedn Section3.2. This
allows usto nd asinglesetof parametershat describesa modelthatis consistentvith
theimagesof the whole sequenceThe resultscould be furtherimproved by introducing
inter-frameconstraintsuchassmoothnessr limits on velocity/accelerationThiswill be
the objectof futurework.

The purposeof the simultaneoustting is the following: In orderto correctly model
the proportionsof the skeleton,i.e. the exactpositionof the articulationsinsidethe skin
surface we needto obsenethe personin motionand nd acon gurationwhich conforms
to every posture.

Results.

Theresultsof the tting areanew setof skeletonandprimitive parameter§s<®' anda
sequencef motionparameter§™°°"  thatmaketherecoseredmodelmimic thesubjects
action.

Boththetracking andthe tting stepusethe samealgorithm,aleastsquare®ptimizer
Thefollowing paragrapldescribeghe variousstepsof this framawvork in moredetail.

3.2. LeastSquaresFramework
In standardleast-squaregashion,we usethe image datato write hobs obsenation
equation®f theform

Yi(S§)=obs i ;1 i nobs; (8)

whereS is the statevectorof Equationl thatde nes the shapeand position of the limb
and ; is thedeviationfrom themodel. We will thenminimize

vIPv) Min ; (9)

with the obsenations.P is usuallyintroducedasdiagonal.

Our systemmustbe ableto dealwith obsenationscomingfrom differentsourceghat
may not be commensuratevith eachother Formally we can rewrite the obsenation
equationof Equation8 as

yYPe(S)y=ob™® ;1 i nobs; (10)
with Weightp}y P¢ wherety peis oneof the possibletypesof obsenationswe use. In this

paperty pecanbeobjectspacecoordinate®r silhouetterays. However, otherinformation
cuescaneasilybeintegrated.
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FIG. 5. An originalimagepair andthe correspondinglisparitymap.

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

|
_I_ﬁ; (11)

where ]' K aretheapriori standardieviationsof theobsenationsobs, obg of typek;|.

Least-squaresstimationmeansnding thejoint minimum

)(I[
VY PPy VY PE ) Min (12)
ty pe=1

wherent is the numberof obsenationtypes. It yields the well-known normalequations
which needto be solvedusingstandardechniques.

In practice however, it is very dif cult to estimatehestandardieviationsof Eq.11. We
thereforeusethefollowing heuristicavhich hasprovedto bevery effective. To ensurehat
the minimizationproceedsmoothlywe multiply theweight p}y P€ of the ny pe individual
obsenationsof a giventype by a globalcoefcient ¢y pe computedasfollows:

ae Ly e fj S)k2
_ 1 i nobs;j =type pi r i ( )
th pe — Nty pe
Cype = ﬁ (13)

where e is a usersuppliedcoefcient between0 and 1 thatindicatesthe relative
importanceof thevariouskindsof obsenations. This guaranteethat,initially atleast,the
magnitude®f thegradienttermsfor thevarioustypeshave theappropriateelative values.

Sinceour overall problemis non-linear the resultsare obtainedthroughan iteration
process.We usean implementatiorof the Levenbeg-Marquard algorithm[26] thatcan
handlethe large numberof parameterandobsenationswe mustdealwith.

3.3. Using StereoData
In this work we useda singlecorrelation-basetiasedstereoalgorithm[11] to compute
densalisparitymapsfrom two or morecameraslt produceglisparitymapssuchastheone
shavnin Figure5. Calibratingthecamerasillowsusto generateloudsof 3—D pointsfrom
the depthmaps. We wantto minimize the distanceof the reconstructedimb to all such
“attractor” points. Giventheimplicit descriptionof the metaballsof Eq. 7, the simplest
way to achieve this resultis to write a pseudo-obseationequationof the form:
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xp
w e 20 = 7 (14)
i=1 |
xP 1 B
X 2 yi 2 z 2 = é ’ (15)
izt e ®r T v tom

wherenp is thenumberof primitivesfor thisbodypart,X (xi;yi; z) isthe3—Dobsenation
transformedinto the local coordinatesof primitive i with radii L;(Ix; ly;1z). We use
Equationl5whichisthesameasEquationl4exceptfor the x edweightsT = 0:5; w; = 1
andthe substitutioraccordingto Eq. 6.

The optimizationis effectedwrt. the primitives'radii L; andthe DoFswhich residein
the transformatiorof eachobsenation from world global to primitive local coordinates.
TheseDoFsconsistof the motion parameterandthe skeletonparametersi.e. lengthof
eachlimb. Accordingto Equation2, eachobsenationX canbewrittenasafunctionof its
world coordinateandthe elementf stateVectorS.

3.4. From Silhouette Data to Obsewations

Contraryto 3—D edgessilhouetteedgesaretypically 2—D featuressincethey depencbn
theviewpoint andcannotbe matchedacrossmages.However, they constrainthe surface
tangent.Eachpoint of thesilhouetteedgede nesaline, thecameraray, thatgoesthrough
theopticalcenterof the cameraandis tangento the surfaceatits pointof contactwith the
surface. The pointsof a silhouetteedgethereforede ne aruled surfacethatis tangentto
the surfaceto bemodeled.

In termsof ourmodel tting, thismeanghatexactly onepointof thesilhouetteray must
lie on the metaballandits normalmustbe orthogonalto the silhouetteray. This canbe
expresseasfollows:

XP
w e ) = T (16)
i=1
.00 _
Slope G G 0 (17)

whereSlopeis the tangents directionandd; (X ) is the distanceof the silhouetteray to
themetaball(Eq. 6) with X beingthepointontheraythatis closesto themetaball. These
two constraintsaredepictedby Figure®6.

3-D positionof silhouetteedges.

Themaindif culty isto nd themetaballsurfacepoint X wherethe constraintapplies.
In practice,we take this point to be the point on the cameraray which minimizesthe
implicit formulationof themodel,Eq. 7.

This is areasonablapproximationvhentheinitial positionof the modelis nottoo far
from therealone. This particularchoicehasonefurtheradwantage:lt allows usto ignore
the constraintof Eq 17 for thefollowing reason.

After eachiteration of the least-squaresptimizer we reestimatethe position of the
silhouetteedgeusingthe currentsurfacemodel. Thisis bothnecessargnddesirable lt is
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Copt e kip N

FIG. 6. A 2-Dsilhouetteray for a circular object(M odel) is representethy a dashedine. The camera
is depictedby Copt. Theray touchesthe circle at exactly onepoint andit's slopeis orthogonalo the objects
normalin thepoint of intersection.Thetwo otherraysdon't satisfybothof the silhouettecriteriaof Section3.4.

FIG. 7. Theimportanceof silhouetteinformationfor shapemodeling. The original imageis shavn in the
upperleft. In the upperright no silhouetteconstraintsvere usedandthe tting putsthe modelis too far avay
from the cloud. This is compensatetly enlaging the primitives. The silhouettegrovide stricterconstraintgor
themodel. Thelower row shavs theresultof the tting with andwithoutskin rendered.

necessarpecauseafteraniteration,the modelhaschangedandthe point of the camera
ray thatis closestto the modelis likely to have moved. It is desirablebecauseafterthis
re-initialization of the silhouetteedge,this point will be wherethe silhouettetangentis
closesto themodelandwill thussatisfythe orthogonahormalconstraint.

Informally, this canbeveri ed asfollows: our modelshave anellipsoidalshapeandare
expressedn animplicit manner Theclosesipoint of aray canbefoundby lookingfor the
smallesisosurficewhichstill touchegheray, whetheroutsideor insidetheoriginalmodel.
Theseisosurficesalsoare ellipsoidswith the samecenterasthe model. Furthermorea
ray thattouchesan ellipsoid at exactly onepoint is tangentto this ellipsoid andthus,the
normal of the modelat that point is orthogonalto theray. An alternatve way to handle
theseconstraintss presentedh [29] andwe intendto implementtheir methodin thefuture
andcomparehesetwo approaches.
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FIG. 8. Automaticallytracked silhouetteof a walking person.

Theimportanceof usingsilhouetteinformationis demonstratetdy Figure7. Here,we
allowedfor changesn the model's postureandthe shapeparametersf thearms. In the
upperrow of Figure7 only the 3—D informationis used. The tting tendsto move the
modelfurtheraway from the cloudandto compensatbéy in ating thearmsto keepcontact
with the point cloud. The noisy stereodatais too ambiguougdo sufciently constrainthe
model. The silhouettesareneededo constrainit, asshowvn in the lower row of Figure7
wherewe tted to bothsterecandsilhouetteinformation.

Obtainingsilhouetteinformation.

This canbeachievedin mary ways. Many authorscite the useof Canry edgedetectors
in imageswith subtractedbackground. This is an automaticbut low-level methodand
thusrelatively easyto implementbut not very robustin practice. Automatedsilhouette
edgedetectorshave beendevelopedand could be implementedor this use[33]. In this
work, we have usedsemi-automatetbolsto allow theuserto quickly sketchthe silhouette
edged25].

Wealsoexperimentedvith asnale-basedilhouettdrackerthatuses3—D pointtrajectory
information. The silhouetteis interactiely initialized in the rst frame, as shovn in
Figure 8. The systemis thenableto track it over the whole sequencein spite of the
highly clutteredand dynamic background. Note that anotherpersonis walking in the
background. Correlatingnot only the two imagesof a stereopair but also succeeding
imagesacquiredwith the samecameraprovidessparseyet quite robust 3—D trajectories
for texturedsurfaces[7] Thestereadepthinformationis usedo extracttheforegroundand,
whereavailable,thetemporaltracksareusedto predictsilhouettemotionandto constrain
the snale's optimization. For moredetails,we referthe interestedeaderto our technical
report[13].

3.5. Motion Prediction

In order to increaserobustnessof the tracking algorithm, we introduceda constant-
velocity predictionmodel. We rst tried a simplelinear extrapolationfrom the two pre-
cedingtime steps.In practice this simplisticapproachs not usabledueto the noisinesof
thedata.Smallerrorsin thetrackingareimmediatelyextrapolatedand,thus,exaggerated.
Often, this resultsin losing track evenin the absenceof occlusions. To circumwentthis
problemwe introduceda smoothedpredictionover the previous n frames;herewe used
n = 5. Again, a constanwelocity modelis usedto extrapolatefrom the previousframes.
In futurework we intendto implementa methodthatcomparegredictedandunpredicted
modelstateand picks the onethatyields the smallestresidual. Also, more sophisticated
motionmodelsor learnedmotionscouldbeused.
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3.6. Data Segmentation

Sgymentingdatais still a challengingproblemin the eld of computervision. In
our case,we needto decidewhich part of the body an obsenation shouldbe assigned
to. Rolustimage segmentationis not possiblewithout forcing the performerto wear
clothesof a speci ¢ texture or colour pattern. In orderto dealwith arbitrary types of
imageswe proposea model-drivenapproach. The sgmentationis donewith respecto
the currentpostureof the model. An obsenationis simply assignedo the closestbody
part. Thisis a hardassignmentvhich is not guaranteedo be correctanda weightedor
fuzzy assignmenf21] might be usedinstead. In practice,we get good resultswith the
segmentatiorbeingrecomputedftereachre nementof the model.

3.7. Dynamic Model BasedWeighting

Duetothenatureof leastsquaresywe encounteregroblemaiealingwith thenonuniform
distributionof 3—Dobsenations.Thesystentenddo t betterthosepartsof thebodywhere
high numberof obsenationsare available, neglectingthosewith only little information.
To overcomethis problemwe have introducedhe following weightingscheme.

Thenumberof 3—D pointswe canobsenefor a certainbodypartdepend®nthevisible
surfaceandthequality of texture. Thefollowing factorscontributeto the sizeof thevisible
surface:

1. Absolutesurface.
2. Exposurej.e. anglewrt. cameras.
3. Visibility dueto occlusionor eld of view.

Theobviousthing to dowould beto precompute weightfactorbasecn eachbodypart's

absolutesurface. But this is not sufcient, the otherfactorswhich make up the visible

surfacearetoo importantto beignored. And, anyway, we would still needto segmentthe

obsenationsin someway to attribute the differentweights. This necessargegmentation
caneasilybefurtherexploited.

In our system,we optedfor a dynamicmodel basedweighting scheme. The actual
formulato computethe weightis very simple. And it implicitly coversall of the three
factorsmentionedabove. With nobs beingthe numberof all obsenationsin this frame,

the numberof separatdody partsand! the numberof obsenationswhich have been
attributedto the body partbpwe computetheweightP asfollows:

We multiply this weightwith pity P® of Eq. 10. This conseresthe homogenizedaveights
becausehe sumof the weightedobsenationsfor all body partsequalsthe numberof all
obserations: Py, !pp = nobs Sincetheschemds model-base@ndthe modelmay
changebetweeriterations we recomputeghe weightsaftereachiteration.

3.8. Results

Humanwalking.

Our rst testsequenceonsistsof somebodywalking in front of a horizontallyaligned
stereocamerapair. The backgroundandlighting wasuncontrolled(standardf ce head
lights) and the camerapair was about5m from the person. The distancebetweenthe
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@)

(b)

(c)
FIG. 9. Threeframesof thewalking sequencareshavn. Theoriginal sequencés in thetoprow (a). The
middlerow (b) shavs the trackingwith the simplemodel,overlaid with the 3—D points. And the nal tting of
the detailedmodelis shavn in the bottomrow (c).

two camerasvas 75cm. The imagesare interlacedandthe processedhalf-framehasan
effectiveresolutionof 768 288 Thedisparitiegesultin about20003-D points,including
reconstructegartsof the background.

Figure9(a)shonsthreeframes(cropped)out of 50 from this sequenceTheresultfrom
theinitial trackingprocesds depictedby Figure9(b). We hadto manuallyinteractwhen
thelegscrossediuringthewalking cycle becauseve didn't useary predictiontechniques
for this sequence This would be neededo malke the leg swing throughwhenno datais
availablebecausef the occlusion.

Theresultsof thesubsequentting stepareshawnin Figure9(c). Here,thedimensions
of theskeletonandthesizeof the metaballshase beenadjustedresultingin a bettermodel
andslightly morerealisticpostures.

Upperbodymotion.



TRACKING AND MODELING PEOPLE 15

@)

(b)

(©

(d)
FIG. 10. Inthetoprow (a)is theoriginal sequencef theupperbodymotion. Framesl0,50,60and90 out
of 100areshavn. Resultsof the trackingusingthe simplemodelareshavn in (b) andthe resultsof the tting
with thefull animationmodelareshavn in the bottomrows without (c) andwith (d) skinrendered.

The sequencén Figure10(a)shavs complex movementof a naked upperbody; taken
with a camerasetup in front of the subject. Threecamerasn anL con guration were
taking interlacedimagesat 20 frames/seavith an effective resolutionof 432 288 per
half-frame. Our stereoalgorithm[10] producedvery densepoint cloudswith about4000
3-D pointson the surfaceof the subject,evenwithout texturedclothes. To increasethe
framerateand,thus,reducethe differencen posturebetweerframeswe usedbothhalves
of theinterlacedmagesandadjustedhe cameracalibrationaccordingly

The resultof the tracking procesds shovn in Figure 10(b). The tting step,usinga
more detailedmodel, producedslightly betterposturesan adaptedskeletonandresized
metaballqFig. 10(c)). The headof this modelwasgeneratedrom asinglevideosequence
of the subjectby usingthe systemof [12].

Figurell(a)shows v eframesof anupperbodymotionof a persorwith very different
body proportions. The resultsare presentedn Figure 11(b) and (c). They show that
the genericmodeladjustswell to the new persorwho hasvery differentbody proportions
comparedo thepreviousexample.The tting hadto adjustsix angulardegreesof freedom:
elbow (1 DoF), shoulder(3 DoF) andtorso (2 DoF) plus the skeletonparameterslower
armlength”, “upperarmlength” and“shoulderwidth”.

4. CONCLUSION AND FUTURE WORK
We have presentedh techniquefor tting a completeanimationmodelto imagedata
andtrackingcomplex 3—D motions. The modelandthe constraintst imposesareusedto
overcometheinherentnoisines®f the data. We recoverbothmotionandbody shapgrom
stereovideo sequences.The correspondingparametergan be usedto recreaterealistic
3-D animations.Sucha capabilityshouldbe of greatusein the areaof humananimation
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@)

(b)

(€)
FIG. 11.  Sequencef an upperbody motion of anotherperson. Frames10, 30, 50 and 70 out of 100
areshavn. Theoriginal sequencés in thetop row (a), the tting resultsarein the centerrow (b) andthe nal
renderingof the skin surfaceis atthe bottom(c).

sinceit couldalsobeusedto analyzeandvisualizehumanmotionfor medicalandtraining
purposes.

In future work, we intendto further exploit our strongmodel, for examplethe model
canhelpto identify occlusionsand decidewhetherto let the dataguidethe tting or to
let the predictionchangethe posturewhereno datais available. The modelcould alsobe
usedto derive anautomaticandrobustsilhouetteextractionalgorithm,evenwith cluttered
background.

Also, now, we searchor the“optimal” skeletonandmetaballparametersverthewhole
sequenceThisis averytime consumingorocessandit couldbe spedup by identifyingthe
mostinterestingframesand,then, t only in theseframes.Mostinterestingframesin this
context could be frameswherethe modelis closeto somepre-de nedpostureswvhich are
known to have a high informationcontent.
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