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Abstract

High-qualitynon-intrusivehumanmotioncaptureis nec-
essaryfor acquistionof model-basedree-vievpoint video
of humanactors. Silhouette-basedpproadeshavedemon-
strated that they are able to accurately recover a large
range of humanmotion from multi-viewv video. However,
they fail to male useof all available information, specif-
ically that of texture information. This paper presentsan
algorithm that usesmotion elds constructedrom optical
ow in multi-view videosequences.

The use of motion elds augmentsthe silhoutte-based
methodby incorporating texture-informationinto the tradck-
ing process.Thealgorithmis a key-componenin a larger
free-viavpoint video systemof humanactors. Our results
demonstate that our methodaccurately estimateposepa-
rametes and allows for realistic texture geneation in 3D
videosequences.

1. Intr oduction

The synthesisof realisticimagesof humansin motion
is a challengingproblemin ComputerGraphics. Two as-
pectsof this problemarethe creationof naturalhumanmo-
tion andthe accuraterenderingof a persons physical ap-
pearance Combiningthe small scaledetailsof skin, mus-
cle,andcloth movementwith thelarge scalemotionsof the
bodyinto arealisticimagehasrequiredthe developmentof
new techniqueswhich rely on the strengthsof both Com-
puter Vision and ComputerGraphics. Many corventional
methoddor estimatingmotionparametergreintrusive, re-
quiring optical markersor complex mechanicaketupsand
thusrequirea separatiorof the generatiorof realisticmo-

tion from the generationof realistic physical appearance.

However, in the eld of ComputerVision, numerougech-
nigueshave beendevelopedfor non-intrustve motion pa-
rameterestimation.Incorporatingsomeof thesetechniques
into ComputerGraphicsallows usto capturebody appear

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

We have developeda methodwhich non-intrusvely esti-
matesnotionparameterssingsilhouettanformation. This
methodemploystheuseof adetailedgeometridoodymodel
which, when combinedwith image-basedenderingtech-
nigues,generatedighly realisticimagesof a bodyin mo-
tion. Silhouette-basetechniqueshave demonstatedheir
powerin capturinga broadrangeof complex body motion.
However, portionsof thebodywith smallscaledetails(such
asfeaturesof theface)areoftennotaccuratelyrepresented.
To be maximally effective, an algorithm shouldmalke use
of all possibleinformation. We proposeto usetexture in-
formationto augmenthessilhouette- tting process.

Optical o w is acomputewisiontechniquehatemploys
textureinformationto computea 2D motion eld in theim-
ageplane. Making useof optical ow calculationsfrom
multipleinputviews andana-prioribodymodel,it becomes
possibleto constructa 3D motion eld which estimates
body motion. We presenta methodfor extracting heirar
chial rigid body transformationdrom thesemotion elds
andshaw thatit is bestusedin conjunctionwith, and not
in placeof, silhouette-basettacking. At eachtime instant,
the genericbody modelis rst t to asetof input-camera
silhouettes.That poseis thenupdatedo conformwith es-
timatesfrom the computedmotion eld. The useof mo-
tion elds in conjunctionwith silhouette-basedting meth-
odsgenerategoodresults,preciselybecauseachmethod
excelsin aspectsavherethe otherdoesnot. Non-intrusve
motion parameteestimationis a componenin our larger
free-vievpoint video system We demonstratéhatthis new
hybrid methodimproves motion parameteestimationand
consequentlyasa signi cant impacton thequality of gen-
eratedfree-viavpointvideosequencept].

The paperproceedswith a discussiorof previous work
in Section?2, andagenerabverview of theproposednotion
capturemethodin the context of our free-viavpoint video
systemis givenin Section3. Our ervironmentfor acquir
ing multi-view videostreamss describedn Sectiord. The



employed body model and multi-view texture generation
arepresentedn Section5 and Section7 respectiely, and
the silhouette tting stepof the motion capturesystemis
outlinedin Section6. Preliminariesaboutoptical o w and
the reconstructiorof 3D motion elds from 2D o ws are
presentedn Section8. The algorithmicdetailson how to
computedifferentialposeupdateparameterérom 3D ow
elds areexplainedin Section9. Resultswith ouralgorithm
arepresentedn Section10 andthe the paperconcludesn
Sectionl1.

2. Previous Work

In the ComputerVision literature, a variety of non-
intrusive optical humanmotion capturetechniquesfrom
video have beenproposed(see[8] for a review). Some
methodswork on a single 2D imageandapply, for exam-
ple, framedifferencing [14] or imageskeletonization10]
to t simplebodymodelsto humanmotion. 3D humanmo-
tion captureapproachetypically employ anexplicit human
body model consistingof a joint structureand someform
of surfacerepresentation.Simple shapeprimitives, such
ascylinders[11, 22] or superquadric$9], are commonly
usedto representimbs. The body modelsare tted to the
motionby aligningtheir projectionwith featuresn theim-
ageplane,suchasimagediscontinuities Theapplicationof
silhouetteimagesfor humanmotion capturehasalsobeen
consideredIn [6] aforce eld exertedby multiple image
silhouettesaligns a 3D body model. In [20] a combina-
tion of stereoandsilhouette tting is usedto t a human
body model,andin [4] a silhouette-basedotion estima-
tion methodis describedhatexploits graphicshardwareto
maximizemodel andsilhouetteoverlap. Recently the ap-
plication of reconstructedolumetricmodels(visual hulls)
from silhouettef a moving personfor motioncapturehas
alsobeenconsidered.Ellipsoidal body models[5] , kine-
matic skeletong17], or skeletonmodelswith attached/ol-
umesampleg24] are tted to thevolumedata.

In 3D video, dynamic models of scenesthat were
recorded from several camera perspecties are recon-
structedfor re-renderingrom novel viewpoints. The meth-
odsappliedinvolve shape-fronsilhouette-lilke approaches,
suchasvisualhull [18, 29] or stereo-basedpproachefl9].
Theapplicationof agenerichumanbody modelandanon-
intrusive humanmotion capturemethodfor free-vievpoint
videowasalsoconsidered4].

Noneof the previously mentionedapproachesxplicitly
usesoptical o w or computed3D velocity elds for motion
parameteestimationor scenereconstruction.The optical
o w is the obsened 2D motion eld in theimageplaneof
a cameraresultingfrom the projectionof the 3D velocity
eld of therecordedmoving scene(see[1] for a compari-
sonof optical o w techniques)Theapplicationof 2D opti-

cal o w hasbeeninvesticatedin model-basedideocoding
for deriving facial animationparameter®f a generichead
model [7] or for recaosering motion parameter®f a body
modelin a teleconferencingcenario[15]. Using optical
o w in oneor morecameraviews for full bodyhumanmo-
tion estimations presentedh [3]. In theirwork, theauthors
useatwist parameterizatioffor rigid bodytransformations
to solve for the body poseparameterérom 2D information
directlyby solvingalinearsystem.Thealgorithmcomputes
poseupdatesand performsimagewarping in an iterative
procedure.None of thesemethodsexplicitly reconstructa
3D motion eld. In[27], analgorithmfor computingsucha
3D moation eld fromoptical o wsin multiplecameraviews
is presentedlt hasbeenusedto improve voxel-basedscene
reconstructiorj28] andto computemodelsof intermediate
time stepsn asequencef shape-from-silhouettepresen-
tations[26]. Unfortunately the methodsemplgying optical
o w exhibit robustnesproblemsif thetypical optical ow
assumptionssuch as brightnessconstang over time and
o w similarity in a spatialneighborhoodarenot ful lled.
This can happenvery easilyif the motion in the sceneis
quite large and effects such as self-shadwing comeinto
play. In contrastwe proposea methodthatusesa 3D mo-
tion eld reconstructedrom optical o w to updateposepa-
rametersomputedsia a silhouette-baseshodel tting pro-
cedure.Thealgorithmis anextensionof ourwork presented
in [4]. We combinethe strengthof silhouette-basedting
for robustacquisitionof a large rangeof motionswith that
of motionestimationusingtexture information. Using tex-
tureinformation,poseupdatesanberecoreredon a small
scale.For thesesmallcorrectionsalinearapproximatiorof
themotionof thebodypartsis valid, hencdterationtowards
asolutionis not necessary

3. SystemOverview

In Figurel, anoverview of the proposednotioncapture
algorithmwithin our free-vievpointvideosystenis shavn.
Thesystentakessynchronizednulti-view videostreamss
inputsandseparatethe persorfrom the backgroundIn an
initialization step,the employed body modelis adaptedo
the physical shapeof the recordedperson. For every time
step,the systemcomputesnulti-view texturesfor the body
modelusingimage-basetechniques Startingwith a body
poserecoveredfor time stept, thesystemrst computesan
estimateof theposeparameterfor timet + 1 by optimizing
the overlapbetweenthe projectedmodelandthe silhouette
imagesattimet + 1. In a secondstep,this poseestimate
for timet + 1 is augmentedy computinga 3D correctve
motion eld from optical o ws. Theoptical o wsarecom-
putedbetweenimagesgeneratedy a modeltexturedwith
thetextureattimet andtheinputviews attimet + 1.

Thereconstructednotion eld givesan estimateof dif-



ferential poseupdatesthat are necessaryto correctslight
poseinaccuraciedn theresultof the silhouettestep.Least-
squaregposeupdatesare computedand addedto the pose
parameteestimatefor timet + 1. With the new posepa-
rameterghealgorithmiteratego thenext time step.In prin-
ciple, the describednotion capturealgorithmis a two-step
predictorcorrectorscheme.
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Input Images

Sllhouette Fitting
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Figure 1. Overview of the motion capture al-
gorithm within our free-vie wpoint Video Sys-
tem.

4. Acquisition

The video sequencesisedas input to our systemare
recordedin a multi-view camerastudio [23]. IEEE1394
camerasare placedin a convergentsetuparoundthe cen-
terof thescene Thevideosequencessedfor this paperare
recordedrom 8 staticviewing positionsarrangedtapprox-
imately equalanglesanddistancesroundthe centerof the
room. Thecamerasresynchronizedia anexternaltrigger
Videoframesarerecordedat a resolutionof 320x240at 15
fps. Theframerateis fundamentallyimited to 15fpsby the
externaltrigger Using Tsai's algorithm[25] the cameras'
intrinsic and extrinsic parametersre determinedgalibrat-
ing every cameranto a commonglobal coordinatesystem.
The lighting conditionsare controlledandthe all cameras
arecolor-calibrated.

In eachvideoframe,the personin theforegroundis sey-
mentedvia backgroundsubtraction. The algorithm used
employs perpixel colorstatisticsto generatesilhouettes
(see[5] for details). Shadav regionsthat mightleadto an
incorrectclassi cationof backgroundpixels asforeground

areeliminatedvia an additionalangularthresholdon pixel
huevalues.

5. Body Model

Thebodymodelusedthroughouthe systems ageneric
model consistingof a hierarchicarrangemenbf 16 body
sgments(head,upperarm, torso etc.), eachof which is
representeddy a closedtriangle mesh. The model’s kine-
maticsarede ned via anunderlyingskeletonconsistingof
17 joints connectingoonesggments.Rigid transformations
at eachof thesejoint locationsde ne a speci ¢ body pose
for themodel. Thesdransformationgareconstraintedo im-
itatetheactualmotionsof thebody Shoulderandhip joints
arerepresentedby 3 degree-of-freedom{DOF) ball joints
andelbon andkneejoints arerepresentetty 1-DOF hinge
joints. Assumingthe actorstandsn a speci c initialization
pose,the genericbody model shapeis conformedto that
of the personthrougha silhouette-basedting procesg4].
Fromthis point on, bonelengthsand segmentgeometryis
x edandmotionparameteestimations performedusinga
combinationof silhouetteandmotion eld information.

6. Silhouette Fitting

In a hierarchicalnon-linearoptimization,a setof pose
parametergor thebody modelis computedhatmaximizes
the overlap betweenthe model projectedto eachimage
plane and the input silhouettesat time t + 1. The opti-
mization usesthe poseparametergrom time stept asan
input. The errorfunctionthatdrivesmotion capturecanbe
efciently computedn graphicshardware. The methodis
describedn detailin [4]. It is relevantto this paperonly in
thatit is usedasrobustpredictionschemdor poseparame-
ters.

7. Texture Generation

With any body pose,it becomespossibleto generatea
texturedbody modelby projectingthe input cameraviews
onto the body modelsurface. The degreeto which a spe-
ci ¢ inputview is visible ata givensurfacelocationis vari-
able. Pervertex blendingweightsare computedbasedon
visibilty andthe angulardifferencebetweerthe vertex nor
mal andthe input view vector Ref. [4] addressegexture
generatiorfor the purposeof novel viewpoint generation.
We male useof texture generatiorfor both renderingand
motion parameteestimation. This requiresa slight mod-
i cation. Whenrenderingthe textured model for motion
eld computation,the texture coordinateggeneratedrom
theprevioustime stepareused.



8. Motion Field Preliminaries

This sectionsbrie y reviews the mathematicaprelimi-
nariesof optical o w andthe reconstructiorof 3D motion
elds.

8.1.2D Optical Flow

Theoptical o w is theprojectionof the3D velocity eld
of a maving sceneinto the 2D image plane of a record-
ing camera.The determinatiorof the 2D optical o w from
spatio-temporaintensity variationsin imageshasbeenan
issuein ComputetVision for mary years[1].

A numberof simplifying assumptionaretypically made
to computethe optical o w from thepixel intensitiesof two
subsequenimages. First, it is assumedhatthe changein
imageintensityis dueto translatiorin theimageplaneonly
(intensityconstang constraint)

I(x;t) = 1(x ot;0) (1)
whereo = (p;q)T is the optical o w atimagepoint x, |
beingthe imageintensityat x attimet. From the Taylor
expansionof Eq. 1, the optical ow constaint equationis
derived

ri(x;t) o+ ly(x;t)=10 (2)

wherel(x; t) is the temporalderivative. This is anequa-
tion with two unknavns which cannotbe solved at a sin-

gle image plane location without additionalassumptions.

To malke the problemtractable,an assumptioris typically
madeaboutthesmoothnessf optical o w in alocal spatial
neighborhood.

In theoptical o w approachby LucasandKanadg16], a
weightedleast-squares of thelocal rst-order constraints
(Eq.2) is computedby minimizing the functional

W2(X)[r 1(x;t) o+ ly(x;1)]? ()
x2W

whereW (x) is aGaussiameighborhoodroundhecurrent
positionx in theimageplane. In our system,we usethis
techniqueto computethe optical o w.

8.2.3D Motion Fields

The optical ow obsened in a camerais only a 2D-
projectionof the real world 3D motion eld. The goal of
motion captureis the recovery of the parameter®f three-
dimensionamotion. A reconstructe@D motion eld from
optical o wsin multiple cameraviews canbe usedto com-
putetheseparametersThereconstructiorof the 3D motion
eld, alsoknow asthesceneow, from the2D optical o ws

is possibleusingatechniquedescribedn Ref.[27].

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

If correspondenceis the image planeare known, i.e.
it is known to which locations3D points projectin each
cameraview, the scene o w canbe reconstructedby solv-
ing alinear systemof equations.In our systemthe corre-
spondenceareknown for eachvertex becausave have an
explicit body modelandsince,during calibration,the pro-
jection matricesP; for eachrecordingcamerai were de-
termined.The projectionmatricesdescribetherelationship
betweera 3D positionof avertex andits projectioninto the
imageplaneof thecamerap; = (ui;vi)T.

The differential relationshipbetweenthe vertex x with
coordinategx; y;z)" andu; is describecdby the2 3 Ja-
cobianmatrix J; = %

du; dx
dt — “'dt @)

In otherwords,the Jacobiardescribeghe relationshipbe-
tweena small changein 3D positionof a vertex, andthe
changeof its projectedimagein camera. Theterm dst is
theoptical o w obsenedin camerd, %—f is the correspond-
ing sceneo w of thevertex (Figure2). Having amathemat-
ical cameramodel, the Jacobiarcanbe computedanalyti-
cally (see[27]).

If a vertex is visible from at least2 cameraviews, an
equationsystemB ‘f,—’t‘ = U, canbeformulatedto solve for
the scene o w of this vertex given the optical o ws in all

cameraviews, where

* ¥y %
& & & &
® @ @ a
B = ‘U = (5)
%\1 @ %\A @
@y & @n ﬁ
® @ @ @

andN is thenumberof cameraviews. A least-squaresolu-
tion to this equatiorsystemcanbefoundvia singularvalue
decompositiof(SVD) [21].



9. Differ ential PoseUpdate

Optical o w operatesinderthe assumptiorthatthe pro-
jection of the underlying motion is purely translational.
This is simply not a reasonablepproximationfor fastor
complex motion. We concedethat a purely motion- eld
basedrackingsystemis suitablefor aslow moving subject
only. However, by combiningoptical o w and silhouette
information,it becomegpossibleto bypassomeof thelim-
itations of optical o w and capturecompl«, fastmotions
of thebody Whereasa motion eld describeghe motion
of asceneébetweertwo time instants pur correctivemotion
eld describeshemotionbetweeranintermediarytextured
modelgeneratedrom silhouettebasedrackingandatime
instant. Thesemotionsare small translationsandrotations
properly aligning texture information and consequentially
suitablefor approximatiorby alinearmodel.

We apply the previously describedscene ow recon-
structionalgorithmto computea correctize motion eld at
eachtime step. Let |;;; bethej-th input cameraview at
time t, andP; bethe modelposeattimet. The algorithm
thenproceedssfollows:

With P; asthe startingpoint, usesilhouette tting to
computeP?, , anestimateposefor timet + 1

Generatejo;t+l by renderingmodelfrom camerg in
posePS,; with texturesfromtimet.

Computation of corrective motion eld D: For each
modelvertex

— Determinethe projectionof the vertex into each
cameramageplane.

— Determine vertex visibility in all camerasby
comparing the projected z-coordinateto the
OpenGLz-huffer value.

— If avertex is visible from camerg , computethe
optical o w betweerimages jo;m andlj.+1 .

— If avertexisvisiblein atleastthreecameraviews
(morerobustreconstructiorthanwith minimum
numberof 2 views), computea leastsquareso-
lution to Eq. 5 by applyinga SVD asdescribed
in Section8.2.

UpdateP%; to conform with motion eld to yield
Pt+1 .

The computedcorrectve 3D motion eld D describes
vertex position updatesthat correctslight inaccuraciesn
theresultof the silhouettestep. Figure 6 shavs examples
of correctve sceneow elds. Theremainderof the sec-
tion describeshe derivationof the differentialposeupdates
fromPS, to Py usingD.

D Level 1
[J wevel 2
. Level 3

Figure 3. Body model with separated hierar -
chy levels.

9.1 Differential PoseUpdate

The correctve motion eld D canbe usedto compute
differential pose parametermupdatesfor eachlimb of the
body model. For theroot which is locatedin thetorsosey-
ment,threedifferentialrotationandthreedifferentialtrans-
lation parametersre computed. All the joints apartfrom
the root are purely rotational. This includes3-DOF rota-
tionsfor the shoulderships, andneck,anda 1-DOF rota-
tion for the elbavs andknees. The wrist and ankle joints
arecurrentlynotconsidered.

By addingeachvectorin D to thecurrent3D positionof
its correspondingertex, a setof goal positionsis de ned
for eachmodelvertex. Thegoalisto nd thesetof differ-
ential joint parameter®f the body modelthat bestaligns
the verticeswith thesepositions. The ideais to compute
thedifferentialposeparameteupdatedor every joint only
from the goal positionsof the verticesof the attachedody
segment,e.g. usingthe upperarmgoal positionsto nd the
shouldemparameters.

Both our arti cial body modelandthe realhumanbody
are hierarchicalkkinematicchains. This implies that trans-
formationsof jointslowerin thehierarcly involve all trans-
formationof precedingoints too. Takingthis into account,
we solve for thedifferentialmodelparametergor onehier-
arcly level of the modelat a time, proceedingrom top to
bottom(level 1 beingthe highestlevel, seeFigure3). After
the poseupdatedor a higherlevel arefound,the modelpa-
rameterson this level are updated)eaving all lower levels
unchangedThealgorithmproceeddo thenext lower level.
Throughthis methodit is assuredhatthe computediffer-
ential updatecorrespond®nly to ajoint transformatioron
thislevel.



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

9.1.1 Registration Method for PoseUpdate

Finding a poseupdatefor a joint correspondso nding a
coordinatesystemtransformatiorbetweertwo pointsets,a
problemknow asthe absoluteorientationproblemin pho-
togrammetryf12]. For eachjoint, onepoint setconsistsof
the current3D vertex positionsof the attachedbody sey-
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 usesguaterniongo
parameterizeotations. All transformationsare computed
with respecto the centersof gravity of bothpointsets.Let

two point sets,thenthe solutionto the absoluteorientation
problemin the least-squaresenseare the rotation R and
translationc thatminimizetheerrorfunction

X
k X2 RXl;i Cc k2 (6)

It isshawvnin [13] thattheoptimaltranslatiorcis de ned by
the differencebetweerthe centroidof set2 andtherotated
centroidof setl. To nd the optimalrotation, the coordi-
natesof the pointsin both point setsarede ned relative to
their centerof gravity, respectiely. It canbe shawvn that
the optimal rotationin the senseof Eq. 6 canbe found by
maximizing
X
X2 RXy; (7
1
The maximalsolutionto the Eq. 7 canefciently be com-
putedin closed-formusinga quaterniorparameterizatioq
of therotation. A quaterniorcanbe regardedasa comple
numberwith onerealcomponenandthreeimaginarycom-
ponentsg = o+ Okix+ Oyiy+ G iz, andcanberepresented
by a 4-componentector Rotationscanbe representetby
unit quaternions.A detaileddescriptionof quaternionds

beyondthe scopeof this paper hencewe referthereaderto
thepaperby Horn[13].

Using quaternionsthe sum(7) canbe transformednto
theform

q'Ng ®)

The matrix N containsentriesthat are purely made up
of productsof coordinatesof correspondingointsin the
two point setsthat needto be registered(see Appendix).
The rotation g that maximizesthis sumis the eigervector
thatcorrespondso the largesteigervalue of the symmetric
4x4-matrixN . The solutionq is a unit vectorin the same
directionasthe eigervector

We apply the registration method to compute differ-
ential poseupdatesas follows. The adjustmentstartsat
hierarcly level 1 with the root of the model. To nd the
correctve model updateof the root joint, a differential
rotation and translationis computedusing the torso sey-
mentstartanddestinatiorpositionscomputedrom D . The
rotationcomponents computeddy applyingthe previously
describedegistrationmethod.The corrective translationis
simply the optimal translationof the registration method
transformednto the globalcoordinatesystem.

Onthesecondevel of thehierarcly, only differentialro-
tation parametersor 3-DOF shoulder hip, andheadjoints
needto be computed. The rotationsare to be performed
aroundthe centerof eachjoint, not aroundthe centerof
gravity of the vertex positions.However, it is valid to sim-
ply usethe startandgoal vertex coordinatesxs;; andxz;,
de ned with respecto thelocal joint coordinatesystemin-
steadof relative to the centersof gravity. The samealgo-
rithm for nding theoptimalrotationstill appliesthatis part
of theregistrationmethod.Theleast-square®tationfor the
joint is foundastherotationR thatminimizes

X

k X2:i RXl;i k2 (9)



This enegy termcanbeexpandednto

X X
K X2; k> 2 X2i RXg;i +

i=1 i=1 i=1
which is minimized by maximizingthe middle sum. This
sumcanbemaximizedby thesamequaternion-basegigen-
vectordecompositioomethodaspreviously described.

On hierarcly level 3, thereare4 1-DOF joints (the el-
bows andthe knees). The body modelis designedn such
a way that the rotation axis for eachof thesejoints coin-
cideswith the x-axis of the local coordinatesystem. The
optimalrotationsarefound usingthe sameprocedureason
hierarcly level 2. The 1-DOF constraintis incorporatedy
simply projectingthe startandgoalvertex positionsinto the
localyz-planes

In Figure4 the differentstepsof the poseparameteup-
datecomputationareillustratedusingan exaggeratedo w
eld for bettervisualization.

kxy; k*  (10)

10.Results

The performancef our systemwastestedon two multi-
view videosequencethatwererecordedwith 8 camerast
aresolutionof 320x240pixels. Thesequenceshav simple
gestureshatexhibit alargeamountof headmotionwhichis
dif cult to accuratelyrecover from the silhouettesteponly.
Thetestmachineusedis a 1.8 GHz PentiumlV Xeonwith
512MB of mainmemory For thedifferentsub-components
of the algorithm,we obtainedthe following timing results.
For the two sequenceghe silhouette tting takesbetween
3 and5sfor eachtime step.The LucasKanadeoptical ow
algorithmtakes45son 8 inputviewsif 4 levelsof animage
pyramid and a 20x20 Gaussiarwindow are used. The al-
gorithmis con gured to computea motion eld vectorfor
eachmodelvertex. Theruntimeof theoptical o w compu-
tationstronglydepend®n the choserparameterskor only
onelevel in thepyramidanda 10x10-neighborhoodheop-
tical owsin 8 cameraviews canbe computedn 8s. Our
systemis e xible enoughto includeary otheroptical o w
method. The reconstructiorof the three-dimensionato-
tion eld from the 2D optical o w takeson average0.34s
for eachtime step.

The resultsobtainedwith both sequenceshawv thatthe
motion eld updatestepcannoticeablyimprove the qual-
ity of the reconstructednotion and thereforealso the re-
constructed3D video. In Figure5 screen-shotsf the 3D
video systemwith andwithout motion eld correctionare
depictedsideby side. The mostobviousimprovementsare
visiblein thefaceandonthetorso. Thesilhouettestepoften
cannotexactly recover the headorientation. The additional
useof thetextureinformationcancorrectfor suchsmaller
rors. Slight changesn torsoorientationarealsodiscovered
morerobustly if themotion eld correctionstepis applied.

Max. Difference
0.81dB
0.93dB

DifferenceAvg.
0.33dB
0.35dB

sequencel
sequenceZ

Table 1. PSNR measurements

To measurethe improvementsquantitatvely, we com-
putedthe peaksignal-to-noise-ratigPSNR)[2] in the lu-
minancechannefor boththe uncorrectecdindcorrectede-
constructedgcenawith respecto theoriginal ssgmentedn-
putimages.In our case the PSNRis a measureof recon-
structionquality. We obtainedpositive differencesetween
the averagePSNRsfor both sequencesjuantifyingtheim-
provementcauseddy the motion eld correctionstep. The
differencein PSNRat onetime instantcan be even more
signi cant. Resultsaresummarizedn Tablel.

It is interestingto obsene that, after only small differ-
encesatthebeginning,atlaterpointsin bothsequenceshe
PSNRudifferencesarelarger This validatesthe assumption
thatthecorrectionstepimprovesthemodel tting overtime.
Result movies can be dowvnloadedfrom http://www.mpi-
shmpg.de/ theobalt/SceneFhaFitting/index.html.

11.Conclusion

We have presenteda new approachfor non-intrusvely
estimatingmotion parametersvhich makesuseof bothsil-
houetteand texture information. This hybrid tting ap-
proachcombinegherobust tting of silhouettebasedrack-
ing with the small-scaleaccurag of optical o w methods.
Accurateestimationof motion parametersn conjunction
with arealisticbody modelallows for the useof projective
texturingto synthesizeealisticimagesof abodyin motion.
We have demonstratedboth empirically and quantitatvely
that the incorporationof corrective motion elds into the
tting procesgyields signi cant improvementsandthusis
aworthwhileenhancemertb the procesf capturingfree-
viewpointvideo.

12. Acknowledgements

Theauthorswould like to thankMing Li from the Max-
Planck-Institufur Informatik for hisassistancen recording
themulti-view videosequences.

References

[1] J. Barron,D. Fleet, and S. Beauchemin. Performanceof
optical o w techniqueslJCV, 12:1:43-771994.

[2] V.BhaskararandK. KonstantinidisImage andVideoCom-
pressionStandads Kluwer, 1999.



Figure 5. Top row: 3 rendered body poses reconstructed with silhouette- tting only. Second row :
Corresponding body poses with motion eld correction from same camera positions. Third row: Two
pairs of closeups of the rendered model (left: only silhouette t, right: with motion eld correction).
The improvements obtained with the correction step are most obvious in the face since the head
pose is more accuratel y recovered. The torso orientation is improved as well.

Figure 6. Textured body model with reconstructed corrective 3D motion eld rendered as green
arrows.
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Appendix
Structur e of Matrix N
Thematrix N neededo computethe optimal rotationin

ajoint is de ned asfollows : Let x; andx, betwo point
setsof sizen, eachpoint de ned via coordinategx; y; z),

then 2 3
Sxx S><y sz
M =4S, Sy S5,
Szx Szy Szz
where

X
Sy = X1iY2i
i=1
The entriesin N arebuilt via arithmeticoperationsn ele-
mentsof M.

N = N1 N2 N3 N4

2 3 2
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