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Abstract

High-qualitynon-intrusivehumanmotioncaptureisnec-
essaryfor acquistionof model-basedfree-viewpoint video
of humanactors. Silhouette-basedapproacheshavedemon-
strated that they are able to accurately recover a large
range of humanmotion from multi-view video. However,
they fail to make useof all available information, specif-
ically that of texture information. This paperpresentsan
algorithm that usesmotion�elds constructedfrom optical
�ow in multi-view videosequences.

The useof motion �elds augmentsthe silhoutte-based
methodby incorporating texture-informationinto thetrack-
ing process.Thealgorithmis a key-componentin a larger
free-viewpoint videosystemof humanactors. Our results
demonstratethat our methodaccuratelyestimatesposepa-
rameters and allows for realistic texture generation in 3D
videosequences.

1. Intr oduction

The synthesisof realistic imagesof humansin motion
is a challengingproblemin ComputerGraphics. Two as-
pectsof thisproblemarethecreationof naturalhumanmo-
tion andthe accuraterenderingof a person's physical ap-
pearance.Combiningthesmall scaledetailsof skin, mus-
cle,andclothmovementwith thelargescalemotionsof the
bodyinto a realisticimagehasrequiredthedevelopmentof
new techniqueswhich rely on the strengthsof both Com-
puterVision andComputerGraphics. Many conventional
methodsfor estimatingmotionparametersareintrusive,re-
quiring opticalmarkersor complex mechanicalsetups,and
thusrequirea separationof thegenerationof realisticmo-
tion from the generationof realistic physical appearance.
However, in the �eld of ComputerVision, numeroustech-
niqueshave beendevelopedfor non-intrustive motion pa-
rameterestimation.Incorporatingsomeof thesetechniques
into ComputerGraphicsallows us to capturebodyappear-

anceand motion at the sametime, vastly simplifying the
problemof novel imagesynthesis.

Wehavedevelopedamethodwhichnon-intrusively esti-
matesmotionparametersusingsilhouetteinformation.This
methodemploystheuseof adetailedgeometricbodymodel
which, when combinedwith image-basedrenderingtech-
niques,generateshighly realisticimagesof a body in mo-
tion. Silhouette-basedtechniqueshave demonstatedtheir
power in capturinga broadrangeof complex bodymotion.
However, portionsof thebodywith smallscaledetails(such
asfeaturesof theface)areoftennotaccuratelyrepresented.
To be maximally effective, an algorithmshouldmake use
of all possibleinformation. We proposeto usetexture in-
formationto augmentthesilhouette-�ttingprocess.

Optical�o w is acomputervisiontechniquethatemploys
textureinformationto computea2D motion�eld in theim-
ageplane. Making useof optical �o w calculationsfrom
multipleinputviewsandana-prioribodymodel,it becomes
possibleto constructa 3D motion �eld which estimates
body motion. We presenta methodfor extractingheirar-
chial rigid body transformationsfrom thesemotion �elds
andshow that it is bestusedin conjunctionwith, andnot
in placeof, silhouette-basedtracking.At eachtime instant,
the genericbody model is �rst �t to a setof input-camera
silhouettes.Thatposeis thenupdatedto conformwith es-
timatesfrom the computedmotion �eld. The useof mo-
tion �elds in conjunctionwith silhouette-based�tting meth-
odsgeneratesgoodresults,preciselybecauseeachmethod
excels in aspectswherethe otherdoesnot. Non-intrusive
motion parameterestimationis a componentin our larger
free-viewpoint videosystem.We demonstratethatthisnew
hybrid methodimprovesmotion parameterestimationand
consequentlyhasasigni�cant impacton thequalityof gen-
eratedfree-viewpoint videosequences[4].

The paperproceedswith a discussionof previous work
in Section2,andageneraloverview of theproposedmotion
capturemethodin the context of our free-viewpoint video
systemis given in Section3. Our environmentfor acquir-
ing multi-view videostreamsis describedin Section4. The



employed body model and multi-view texture generation
arepresentedin Section5 andSection7 respectively, and
the silhouette�tting stepof the motion capturesystemis
outlinedin Section6. Preliminariesaboutoptical �o w and
the reconstructionof 3D motion �elds from 2D �o ws are
presentedin Section8. The algorithmicdetailson how to
computedifferentialposeupdateparametersfrom 3D �o w
�elds areexplainedin Section9. Resultswith ouralgorithm
arepresentedin Section10 andthe thepaperconcludesin
Section11.

2. PreviousWork

In the ComputerVision literature, a variety of non-
intrusive optical humanmotion capturetechniquesfrom
video have beenproposed(see[8] for a review). Some
methodswork on a single2D imageandapply, for exam-
ple, framedifferencing [14] or imageskeletonization[10]
to �t simplebodymodelsto humanmotion.3D humanmo-
tion captureapproachestypically employ anexplicit human
body modelconsistingof a joint structureandsomeform
of surfacerepresentation.Simple shapeprimitives, such
as cylinders [11, 22] or superquadrics[9], are commonly
usedto representlimbs. Thebodymodelsare�tted to the
motionby aligningtheir projectionwith featuresin theim-
ageplane,suchasimagediscontinuities.Theapplicationof
silhouetteimagesfor humanmotion capturehasalsobeen
considered.In [6] a force �eld exertedby multiple image
silhouettesaligns a 3D body model. In [20] a combina-
tion of stereoandsilhouette�tting is usedto �t a human
body model,and in [4] a silhouette-basedmotion estima-
tion methodis describedthatexploits graphicshardwareto
maximizemodelandsilhouetteoverlap. Recently, the ap-
plicationof reconstructedvolumetricmodels(visualhulls)
from silhouettesof amoving personfor motioncapturehas
alsobeenconsidered.Ellipsoidal body models[5] , kine-
maticskeletons[17], or skeletonmodelswith attachedvol-
umesamples[24] are�tted to thevolumedata.

In 3D video, dynamic models of scenesthat were
recorded from several camera perspectives are recon-
structedfor re-renderingfrom novel viewpoints.Themeth-
odsappliedinvolve shape-fromsilhouette-like approaches,
suchasvisualhull [18, 29] or stereo-basedapproaches[19].
Theapplicationof a generichumanbodymodelanda non-
intrusive humanmotioncapturemethodfor free-viewpoint
videowasalsoconsidered[4].

Noneof thepreviously mentionedapproachesexplicitly
usesoptical�o w or computed3D velocity �elds for motion
parameterestimationor scenereconstruction.The optical
�o w is theobserved2D motion �eld in the imageplaneof
a cameraresultingfrom the projectionof the 3D velocity
�eld of the recordedmoving scene(see[1] for a compari-
sonof optical�o w techniques).Theapplicationof 2D opti-

cal �o w hasbeeninvestigatedin model-basedvideocoding
for deriving facial animationparametersof a generichead
model [7] or for recovering motion parametersof a body
model in a teleconferencingscenario[15]. Using optical
�o w in oneor morecameraviews for full bodyhumanmo-
tion estimationis presentedin [3]. In theirwork, theauthors
usea twist parameterizationfor rigid bodytransformations
to solve for thebodyposeparametersfrom 2D information
directlyby solvingalinearsystem.Thealgorithmcomputes
poseupdatesand performsimagewarping in an iterative
procedure.Noneof thesemethodsexplicitly reconstructa
3D motion�eld. In [27], analgorithmfor computingsucha
3Dmotion�eld fromoptical�o wsin multiplecameraviews
is presented.It hasbeenusedto improvevoxel-basedscene
reconstruction[28] andto computemodelsof intermediate
timestepsin asequenceof shape-from-silhouetterepresen-
tations[26]. Unfortunately, themethodsemploying optical
�o w exhibit robustnessproblemsif thetypical optical �o w
assumptions,suchas brightnessconstancy over time and
�o w similarity in a spatialneighborhood,arenot ful�lled.
This canhappenvery easily if the motion in the sceneis
quite large and effects suchas self-shadowing comeinto
play. In contrast,we proposea methodthatusesa 3D mo-
tion �eld reconstructedfrom optical�o w to updateposepa-
rameterscomputedvia asilhouette-basedmodel�tting pro-
cedure.Thealgorithmis anextensionof ourwork presented
in [4]. We combinethestrengthsof silhouette-based�tting
for robustacquisitionof a largerangeof motionswith that
of motionestimationusingtexture information.Usingtex-
tureinformation,poseupdatescanberecoveredon a small
scale.For thesesmallcorrections,alinearapproximationof
themotionof thebodypartsis valid,henceiterationtowards
asolutionis notnecessary.

3. SystemOverview

In Figure1, anoverview of theproposedmotioncapture
algorithmwithin our free-viewpointvideosystemis shown.
Thesystemtakessynchronizedmulti-view videostreamsas
inputsandseparatesthepersonfrom thebackground.In an
initialization step,the employed body model is adaptedto
the physical shapeof the recordedperson.For every time
step,thesystemcomputesmulti-view texturesfor thebody
modelusingimage-basedtechniques.Startingwith a body
poserecoveredfor timestept, thesystem�rst computesan
estimateof theposeparametersfor timet + 1 by optimizing
theoverlapbetweentheprojectedmodelandthesilhouette
imagesat time t + 1. In a secondstep,this poseestimate
for time t + 1 is augmentedby computinga 3D corrective
motion�eld from optical�o ws. Theoptical�o ws arecom-
putedbetweenimagesgeneratedby a modeltexturedwith
thetextureat time t andtheinput views at time t + 1.

Thereconstructedmotion �eld givesanestimateof dif-



ferential poseupdatesthat are necessaryto correctslight
poseinaccuraciesin theresultof thesilhouettestep.Least-
squaresposeupdatesarecomputedandaddedto the pose
parameterestimatefor time t + 1. With the new posepa-
rametersthealgorithmiteratesto thenext timestep.In prin-
ciple, thedescribedmotioncapturealgorithmis a two-step
predictorcorrectorscheme.

Figure 1. Overview of the motion capture al­
gorithm within our free­vie wpoint Video Sys­
tem.

4. Acquisition

The video sequencesusedas input to our systemare
recordedin a multi-view camerastudio [23]. IEEE1394
camerasareplacedin a convergentsetuparoundthe cen-
terof thescene.Thevideosequencesusedfor thispaperare
recordedfrom8staticviewingpositionsarrangedatapprox-
imatelyequalanglesanddistancesaroundthecenterof the
room.Thecamerasaresynchronizedvia anexternaltrigger.
Videoframesarerecordedat a resolutionof 320x240at 15
fps. Theframerateis fundamentallylimited to 15fpsby the
external trigger. Using Tsai's algorithm[25] the cameras'
intrinsic andextrinsic parametersaredetermined,calibrat-
ing every camerainto a commonglobalcoordinatesystem.
The lighting conditionsarecontrolledandthe all cameras
arecolor-calibrated.

In eachvideoframe,thepersonin theforegroundis seg-
mentedvia backgroundsubtraction. The algorithm used
employs per-pixel color-statistics to generatesilhouettes
(see[5] for details). Shadow regionsthatmight leadto an
incorrectclassi�cationof backgroundpixelsasforeground

areeliminatedvia anadditionalangularthresholdon pixel
huevalues.

5. Body Model

Thebodymodelusedthroughoutthesystemis ageneric
model consistingof a hierarchicarrangementof 16 body
segments(head,upperarm, torso etc.), eachof which is
representedby a closedtrianglemesh. The model's kine-
maticsarede�ned via anunderlyingskeletonconsistingof
17 joints connectingbonesegments.Rigid transformations
at eachof thesejoint locationsde�ne a speci�c bodypose
for themodel.Thesetransformationsareconstraintedto im-
itatetheactualmotionsof thebody. Shoulderandhip joints
are representedby 3 degree-of-freedom(DOF) ball joints
andelbow andkneejoints arerepresentedby 1-DOFhinge
joints. Assumingtheactorstandsin a speci�c initialization
pose,the genericbody model shapeis conformedto that
of thepersonthrougha silhouette-based�tting process[4].
Fromthis point on, bonelengthsandsegmentgeometryis
�x edandmotionparameterestimationis performedusinga
combinationof silhouetteandmotion�eld information.

6. SilhouetteFitting

In a hierarchicalnon-linearoptimization,a setof pose
parametersfor thebodymodelis computedthatmaximizes
the overlap betweenthe model projectedto each image
planeand the input silhouettesat time t + 1. The opti-
mizationusesthe poseparametersfrom time stept asan
input. Theerror functionthatdrivesmotioncapturecanbe
ef�ciently computedin graphicshardware. The methodis
describedin detail in [4]. It is relevantto this paperonly in
thatit is usedasrobustpredictionschemefor poseparame-
ters.

7. TextureGeneration

With any body pose,it becomespossibleto generatea
texturedbodymodelby projectingthe input cameraviews
onto the body modelsurface. The degreeto which a spe-
ci�c inputview is visibleatagivensurfacelocationis vari-
able. Per-vertex blendingweightsarecomputedbasedon
visibilty andtheangulardifferencebetweenthevertex nor-
mal andthe input view vector. Ref. [4] addressestexture
generationfor the purposeof novel viewpoint generation.
We make useof texture generationfor both renderingand
motion parameterestimation. This requiresa slight mod-
i�cation. When renderingthe textured model for motion
�eld computation,the texture coordinatesgeneratedfrom
theprevioustimestepareused.



8. Motion Field Preliminaries

This sectionsbrie�y reviews the mathematicalprelimi-
nariesof optical �o w andthe reconstructionof 3D motion
�elds.

8.1.2D Optical Flow

Theoptical�o w is theprojectionof the3D velocity �eld
of a moving sceneinto the 2D imageplaneof a record-
ing camera.Thedeterminationof the2D optical �o w from
spatio-temporalintensityvariationsin imageshasbeenan
issuein ComputerVision for many years[1].

A numberof simplifying assumptionsaretypically made
to computetheoptical�o w from thepixel intensitiesof two
subsequentimages.First, it is assumedthat the changein
imageintensityis dueto translationin theimageplaneonly
(intensityconstancy constraint)

I (x; t) = I (x � ot; 0) (1)

whereo = (p; q)T is the optical �o w at imagepoint x, I
beingthe imageintensityat x at time t. From the Taylor
expansionof Eq. 1, the optical �ow constraint equationis
derived

r I (x; t) � o + I t (x; t) = 0 (2)

whereI t (x; t) is the temporalderivative. This is an equa-
tion with two unknowns which cannotbe solved at a sin-
gle imageplane location without additionalassumptions.
To make the problemtractable,an assumptionis typically
madeaboutthesmoothnessof optical�o w in a localspatial
neighborhood.

In theoptical�o w approachby LucasandKanade[16], a
weightedleast-squares�t of thelocal �rst-order constraints
(Eq.2) is computedby minimizing thefunctional

X

x 2 W

W 2(x)[r I (x; t) � o + I t (x; t)]2 (3)

whereW (x) is aGaussianneighborhoodaroundthecurrent
positionx in the imageplane. In our system,we usethis
techniqueto computetheoptical�o w.

8.2.3D Motion Fields

The optical �o w observed in a camerais only a 2D-
projectionof the real world 3D motion �eld. The goal of
motion captureis the recovery of the parametersof three-
dimensionalmotion.A reconstructed3D motion�eld from
optical�o ws in multiple cameraviews canbeusedto com-
putetheseparameters.Thereconstructionof the3D motion
�eld, alsoknow asthescene�ow , from the2D optical�o ws
is possibleusinga techniquedescribedin Ref. [27].

Figure 2. 3D motion (scene �o w) of a surface
point and the corresponding obser ved optical
�o ws in two camera views.

If correspondencesin the imageplaneare known, i.e.
it is known to which locations3D points project in each
cameraview, the scene�o w canbe reconstructedby solv-
ing a linearsystemof equations.In our system,thecorre-
spondencesareknown for eachvertex becausewe have an
explicit bodymodelandsince,duringcalibration,thepro-
jection matricesP i for eachrecordingcamerai werede-
termined.Theprojectionmatricesdescribetherelationship
betweena3D positionof avertex andits projectioninto the
imageplaneof thecamera,u i = (ui ; vi )T .

The differential relationshipbetweenthe vertex x with
coordinates(x; y; z)T andu i is describedby the2 � 3 Ja-
cobianmatrix J i = @u i

@x i
:

du i

dt
= J i

dx
dt

(4)

In otherwords,theJacobiandescribesthe relationshipbe-
tweena small changein 3D positionof a vertex, and the
changeof its projectedimagein camerai . Theterm du i

dt is
theoptical�o w observedin camerai , dx

dt is thecorrespond-
ing scene�o w of thevertex (Figure2). Having amathemat-
ical cameramodel,the Jacobiancanbe computedanalyti-
cally (see[27]).

If a vertex is visible from at least2 cameraviews, an
equationsystem,B dx

dt = U , canbeformulatedto solve for
the scene�o w of this vertex given the optical �o ws in all
cameraviews,where

B =

2
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andN is thenumberof cameraviews. A least-squaressolu-
tion to thisequationsystemcanbefoundvia singularvalue
decomposition(SVD) [21].



9. Differ ential PoseUpdate

Optical�o w operatesundertheassumptionthatthepro-
jection of the underlying motion is purely translational.
This is simply not a reasonableapproximationfor fast or
complex motion. We concedethat a purely motion-�eld
basedtrackingsystemis suitablefor aslow moving subject
only. However, by combiningoptical �o w andsilhouette
information,it becomespossibleto bypasssomeof thelim-
itationsof optical �o w andcapturecomplex, fastmotions
of the body. Whereasa motion �eld describesthe motion
of ascenebetweentwo time instants,ourcorrectivemotion
�eld describesthemotionbetweenanintermediarytextured
modelgeneratedfrom silhouettebasedtrackinganda time
instant. Thesemotionsaresmall translationsandrotations
properly aligning texture information and consequentially
suitablefor approximationby a linearmodel.

We apply the previously describedscene�o w recon-
structionalgorithmto computea corrective motion �eld at
eachtime step. Let I j ;t be the j -th input cameraview at
time t, andPt be the modelposeat time t. The algorithm
thenproceedsasfollows:

� With Pt asthe startingpoint, usesilhouette�tting to
computeP 0

t +1 , anestimatedposefor time t + 1

� GenerateI 0
j ;t +1 by renderingmodelfrom cameraj in

poseP0
t +1 with texturesfrom time t.

� Computation of corrective motion �eld D : For each
modelvertex

– Determinetheprojectionof thevertex into each
cameraimageplane.

– Determine vertex visibility in all camerasby
comparing the projected z-coordinate to the
OpenGLz-buffer value.

– If a vertex is visible from cameraj , computethe
optical�o w betweenimagesI 0

j ;t +1 andI j ;t +1 .

– If avertex is visiblein at leastthreecameraviews
(morerobust reconstructionthanwith minimum
numberof 2 views), computea leastsquaresso-
lution to Eq. 5 by applyinga SVD asdescribed
in Section8.2.

� UpdateP 0
t +1 to conform with motion �eld to yield

Pt +1 .

The computedcorrective 3D motion �eld D describes
vertex position updatesthat correctslight inaccuraciesin
the resultof the silhouettestep. Figure6 shows examples
of corrective scene�o w �elds. The remainderof the sec-
tion describesthederivationof thedifferentialposeupdates
from P0

t +1 to Pt +1 usingD.

Figure 3. Bod y model with separated hierar ­
chy levels.

9.1 Differ ential PoseUpdate

The corrective motion �eld D canbe usedto compute
differential poseparameterupdatesfor eachlimb of the
bodymodel.For theroot which is locatedin thetorsoseg-
ment,threedifferentialrotationandthreedifferentialtrans-
lation parametersarecomputed.All the joints apartfrom
the root arepurely rotational. This includes3-DOF rota-
tions for the shoulders,hips,andneck,anda 1-DOF rota-
tion for the elbows andknees. The wrist andankle joints
arecurrentlynot considered.

By addingeachvectorin D to thecurrent3D positionof
its correspondingvertex, a setof goal positionsis de�ned
for eachmodelvertex. Thegoal is to �nd thesetof differ-
ential joint parametersof the body model that bestaligns
the verticeswith thesepositions. The idea is to compute
thedifferentialposeparameterupdatesfor every joint only
from thegoalpositionsof theverticesof theattachedbody
segment,e.g.usingtheupperarmgoalpositionsto �nd the
shoulderparameters.

Both our arti�cial bodymodelandtherealhumanbody
arehierarchicalkinematicchains. This implies that trans-
formationsof joints lower in thehierarchy involveall trans-
formationof precedingjoints too. Takingthis into account,
we solve for thedifferentialmodelparametersfor onehier-
archy level of themodelat a time, proceedingfrom top to
bottom(level 1 beingthehighestlevel, seeFigure3). After
theposeupdatesfor ahigherlevel arefound,themodelpa-
rameterson this level areupdated,leaving all lower levels
unchanged.Thealgorithmproceedsto thenext lower level.
Throughthis methodit is assuredthatthecomputeddiffer-
entialupdatecorrespondsonly to a joint transformationon
this level.



Figure 4. The pictures from left to right sho w the original model pose with 3D motion �eld, the model
after correction on the �r st hierar chy level, the second and then the thir d level.

9.1.1 Registration Method for PoseUpdate

Finding a poseupdatefor a joint correspondsto �nding a
coordinatesystemtransformationbetweentwo point sets,a
problemknow astheabsoluteorientationproblemin pho-
togrammetry[12]. For eachjoint, onepoint setconsistsof
the current3D vertex positionsof the attachedbody seg-
ment. The secondpoint setde�nes the goal locationsfor
eachvertex in 3D space.

In [13], Horn describesa closedform solution to the
absoluteorientationproblem,henceforthreferredto asthe
registrationmethod.In his work, Horn usesquaternionsto
parameterizerotations. All transformationsarecomputed
with respectto thecentersof gravity of bothpoint sets.Let
x1;i andx2;i , i = f 1; : : : ; N g becorrespondingpointsfrom
two point sets,thenthesolutionto theabsoluteorientation
problemin the least-squaressenseare the rotationR and
translationc thatminimizetheerrorfunction

NX

i

k x2;i � Rx1;i � c k2 (6)

It is shown in [13] thattheoptimaltranslationc is de�nedby
thedifferencebetweenthecentroidof set2 andtherotated
centroidof set1. To �nd the optimal rotation,the coordi-
natesof thepointsin bothpoint setsarede�ned relative to
their centerof gravity, respectively. It can be shown that
the optimal rotationin the senseof Eq. 6 canbe found by
maximizing

NX

i

x2;i � Rx1;i (7)

The maximalsolutionto the Eq. 7 canef�ciently be com-
putedin closed-formusinga quaternionparameterizationq
of therotation.A quaternioncanberegardedasa complex
numberwith onerealcomponentandthreeimaginarycom-
ponents,q = q0 + qx i x + qy i y + qz i z , andcanberepresented
by a 4-componentvector. Rotationscanberepresentedby
unit quaternions.A detaileddescriptionof quaternionsis

beyondthescopeof thispaper, hencewereferthereaderto
thepaperby Horn [13].

Usingquaternions,thesum(7) canbe transformedinto
theform

qT N q (8)

The matrix N containsentries that are purely madeup
of productsof coordinatesof correspondingpoints in the
two point setsthat needto be registered(seeAppendix).
The rotationq that maximizesthis sumis the eigenvector
thatcorrespondsto thelargesteigenvalueof thesymmetric
4x4-matrixN . The solutionq is a unit vectorin the same
directionastheeigenvector.

We apply the registration method to compute differ-
ential poseupdatesas follows. The adjustmentstartsat
hierarchy level 1 with the root of the model. To �nd the
corrective model updateof the root joint, a differential
rotation and translationis computedusing the torso seg-
mentstartanddestinationpositionscomputedfrom D. The
rotationcomponentis computedby applyingthepreviously
describedregistrationmethod.Thecorrective translationis
simply the optimal translationof the registrationmethod
transformedinto theglobalcoordinatesystem.

Onthesecondlevel of thehierarchy, only differentialro-
tationparametersfor 3-DOFshoulder, hip, andheadjoints
needto be computed. The rotationsare to be performed
aroundthe centerof eachjoint, not aroundthe centerof
gravity of thevertex positions.However, it is valid to sim-
ply usethestartandgoalvertex coordinates,x1;i andx2;i ,
de�ned with respectto thelocal joint coordinatesystemin-
steadof relative to the centersof gravity. The samealgo-
rithm for �nding theoptimalrotationstill appliesthatis part
of theregistrationmethod.Theleast-squaresrotationfor the
joint is foundastherotationR thatminimizes

NX

i

k x2;i � Rx1;i k2 (9)



Thisenergy termcanbeexpandedinto
NX

i =1

k x2;i k2 � 2
NX

i =1

x2;i � Rx1;i +
NX

i =1

k x1;i k2 (10)

which is minimizedby maximizingthe middle sum. This
sumcanbemaximizedby thesamequaternion-basedeigen-
vectordecompositionmethodaspreviouslydescribed.

On hierarchy level 3, thereare4 1-DOF joints (the el-
bows andtheknees).Thebodymodelis designedin such
a way that the rotationaxis for eachof thesejoints coin-
cideswith the x-axis of the local coordinatesystem. The
optimalrotationsarefoundusingthesameprocedureason
hierarchy level 2. The1-DOFconstraintis incorporatedby
simplyprojectingthestartandgoalvertex positionsinto the
local yz-planes.

In Figure4 thedifferentstepsof theposeparameterup-
datecomputationareillustratedusinganexaggerated�o w
�eld for bettervisualization.

10.Results

Theperformanceof oursystemwastestedon two multi-
view videosequencesthatwererecordedwith 8 camerasat
a resolutionof 320x240pixels.Thesequencesshow simple
gesturesthatexhibit alargeamountof headmotionwhichis
dif�cult to accuratelyrecover from thesilhouettesteponly.
Thetestmachineusedis a 1.8GHz PentiumIV Xeonwith
512MB of mainmemory. For thedifferentsub-components
of thealgorithm,we obtainedthe following timing results.
For the two sequences,thesilhouette�tting takesbetween
3 and5sfor eachtimestep.TheLucasKanadeoptical�o w
algorithmtakes45son8 inputviews if 4 levelsof animage
pyramid anda 20x20Gaussianwindow areused. The al-
gorithmis con�gured to computea motion �eld vectorfor
eachmodelvertex. Theruntimeof theoptical�o w compu-
tationstronglydependson thechosenparameters.For only
onelevel in thepyramidanda10x10-neighborhood,theop-
tical �o ws in 8 cameraviews canbe computedin 8s. Our
systemis �e xible enoughto includeany otheroptical �o w
method. The reconstructionof the three-dimensionalmo-
tion �eld from the 2D optical �o w takeson average0.34s
for eachtimestep.

The resultsobtainedwith both sequencesshow that the
motion �eld updatestepcannoticeablyimprove the qual-
ity of the reconstructedmotion and thereforealso the re-
constructed3D video. In Figure5 screen-shotsof the 3D
video systemwith andwithout motion �eld correctionare
depictedsideby side.Themostobviousimprovementsare
visiblein thefaceandonthetorso.Thesilhouettestepoften
cannotexactly recover theheadorientation.Theadditional
useof thetextureinformationcancorrectfor suchsmaller-
rors.Slight changesin torsoorientationarealsodiscovered
morerobustly if themotion�eld correctionstepis applied.

DifferenceAvg. Max. Difference
sequence1 0.33dB 0.81dB
sequence2 0.35dB 0.93dB

Table 1. PSNR measurements

To measurethe improvementsquantitatively, we com-
putedthe peaksignal-to-noise-ratio(PSNR)[2] in the lu-
minancechannelfor boththeuncorrectedandcorrectedre-
constructedscenewith respectto theoriginalsegmentedin-
put images.In our case,the PSNRis a measureof recon-
structionquality. We obtainedpositive differencesbetween
theaveragePSNRsfor bothsequences,quantifyingtheim-
provementcausedby themotion �eld correctionstep.The
differencein PSNRat one time instantcanbe even more
signi�cant. Resultsaresummarizedin Table1.

It is interestingto observe that, after only small differ-
encesat thebeginning,at laterpointsin bothsequences,the
PSNRdifferencesarelarger. This validatestheassumption
thatthecorrectionstepimprovesthemodel�tting overtime.
Resultmovies can be downloadedfrom http://www.mpi-
sb.mpg.de/� theobalt/SceneFlowFitting/index.html.

11.Conclusion

We have presenteda new approachfor non-intrusively
estimatingmotionparameterswhich makesuseof bothsil-
houetteand texture information. This hybrid �tting ap-
proachcombinestherobust�tting of silhouettebasedtrack-
ing with thesmall-scaleaccuracy of optical �o w methods.
Accurateestimationof motion parametersin conjunction
with a realisticbodymodelallows for theuseof projective
texturingto synthesizerealisticimagesof abodyin motion.
We have demonstratedboth empirically andquantitatively
that the incorporationof corrective motion �elds into the
�tting processyieldssigni�cant improvements,andthusis
aworthwhileenhancementto theprocessof capturingfree-
viewpoint video.
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Appendix

Structur eof Matrix N

Thematrix N neededto computetheoptimalrotationin
a joint is de�ned asfollows : Let x 1 andx2 be two point
setsof sizen, eachpoint de�ned via coordinates(x; y; z),
then

M =

2

4
Sxx Sxy Sxz

Syx Syy Syz

Szx Szy Szz

3

5 ;

where

Sxy =
nX

i =1

x1;i y2;i ;

Theentriesin N arebuilt via arithmeticoperationson ele-
mentsof M.

N =
�
N1 N2 N3 N4

�

N1 =

2

6
6
4

(Sxx + Syy + Szz )
Syz � Szy

Szx � Sxz

Sxy � Syx

3

7
7
5 N2 =

2

6
6
4

Syz � Szy

(Sxx + Syy + Szz )
Sxy + Syx

Szx + Sxz

3

7
7
5

N3 =

2

6
6
4

Szx � Sxz

Sxy + Syx

(� Sxx + Syy � Szz )
Syz + Szy

3

7
7
5 N4 =

2

6
6
4

Sxy � Syx

Szx + Sxz

Syz + Szy

(� Sxx � Syy + Szz )

3

7
7
5


