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Abstract

In free-vievpoint video, the viewer can interactvely choosehis
viewpoint in 3-D spaceto obsere the action of a dynamicreal-
world scenefrom arbitrary perspecties. The humanbody andits
motion playsa centralrole in mostvisual mediaandits structure
canbe exploited for robust motion estimationandef cient visual-
ization. This paperdescribesa systemthat usesmulti-view syn-
chronizedvideofootageof anactor's performancdo estimatemo-
tion parameterandto interactvely re-rendetheactorsappearance
from ary viewpoint.

The actors silhouettesare extracted from synchronizedvideo
framesvia backgroundsegmentationand then usedto determine
a sequencef posesfor a 3D humanbody model. By employing
multi-view texturing during rendering time-dependenthangesn
thebodysurfacearereproducedn high detail. The motioncapture
subsystentunsof ine, is non-intrusve, yields robust motion pa-
rameterestimatesandcancopewith abroadrangeof motion. The
renderingsubsystenruns at real-timeframe ratesusing ubiquous
graphicshardware,yielding a highly naturalisticimpressiorof the
actor The actor canbe placedin virtual environmentsto create
compositedynamicscenes.Free-vievpoint video allows the cre-
ation of camera y-throughs or viewing the action interactvely
from arbitraryperspecties.

CR Categories: 1.4.8 [Image Processingand ComputerVision]:
SceneAnalysis—Motion,Shapejine-Varying ImageryTracking;
1.4.9 [Image Processingand ComputerVision]: Applications;l.3.7
[ComputerGraphics]:Three-DimensionaBraphicsandRealism—
Animation;

Keywords: humanmotion capture body model,multi-video tex-
turing,image-basedendering

1 Intro duction

Currently visualmediasuchastelevision andmotionpicturesonly
presenta two dimensionaimpressiorof the realworld. The cam-
erapositionsare unchangeablanddeterminedonly by the direc-
tor. Traditionally, thegoalof ComputerGraphicsresearcthasbeen
to develop algorithmsfor realistic renderingof syntheticscenes
from arbitraryviewpoints. The focus of ComputerVision, on the
otherhand,is theinverseprocesf extractinga modelof a given
real-world sceneusinginformationfrom optical sensorsin recent
years,the adwent of new technologiesand challengedrom possi-
ble new applicationshave led to a corvergenceof both elds [Ter
zopouloset al. 1995]. One interdisciplinary researchareathat
embracegdevelopmentsfrom both disciplinesis Free-Vewpoint
Video [Wuermlin et al. 2002; Matsuyamaand Takai 2002]. The
goal is to bring abouta senseof immersionby giving the viewer
the freedomto choosehis viewpoint at will, displayinga dynamic
real-world scenefrom arbitraryperspecties.

The possibleapplicationsaremanifold. A free-vievpoint video
systemcanassista coachin analyzingtheef ciency of hisathletes
motion. Commentatorin a post-gameanalysisof sportseventsare
provided with a powerful tool to shav from moving viewpointsa
basletball playerjumpingtowardsthe hoop.

Motion picturesgain aninteractve andimmersve dimensiorby
seatingheviewerin thedirector's chairandletting him choosehis
viewpoint interactvely. For corventionalmovie production,free-
viewpoint techniqueoffer new tools for the post-productiorpro-
cessjncludingcameranovementandvirtual reality elements.

In mostmovie scenesattentionfocuseson the actorsinvolved.
In recenffeature Ims, free-vievpointvideoelementsnvolving ac-
tors, suchas freeze-andatate camerashotshave beenincluded.
Theseeffects are madepossibleby recordingthe actor with tens
to hundredsof cameragplacedaroundthe set. Unfortunately this
hardware effort is only affordablefor high budgetmovie produc-
tionsandthelarge numberof video streamsarenot a feasibledata
formatfor distribution of free-viavpoint videoasmassamedia.

Due to the importanceof actorsfor visual media, thereis a
strongmotivation to make free-vievpoint video acquisitionof hu-
man scenedesscumbersomeThe produceddataformat mustbe
suitablefor effective transmissiorandreal-timerenderingon state-
of-the-artconsumeigradehardware.

Previous approachesor free-viavpoint renderingof real-world
scenegresentedn the ComputerGraphicscommunity typically
involve the explicit reconstructiorof scenegeometryfrom theim-
agesateverytimeinstant{Matusik etal. 2001;Matusiketal. 2000;
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Moezziet al. 1997]without usinga priori modelinformationand
explicit representatiorof motion data. Researcher;n Computer
Vision have developedmarlker-free motion capturealgorithmsthat
employ apriori bodymodelsfor tracking[Gavrila 1999]. Usingthe
datato generateealisticnovel views of ascenehowever, is usually
notaddressed.

We believe that the combinationof marker-free motion capture
andmulti-view texture generationis highly effective for synthesiz-
ing novel views of a humanin motion. This paperpresentsa new
approachthat implementsthis designconceptin a working sys-
tem. A genericbody model consistingof a triangle meshshape
representatiomnd a kinematicskeletonis usedto follow the mo-
tion over time. The input to the systemconsistsof synchronized
multi-view videostreamghatarerecordedn a controllederviron-
mentby stationaryideo camerasSilhouetteimagesof the person
areextractedin eachcameraview throughbackgroundsubtraction.
The silhouettesorm the input to the presentednotion captureal-
gorithm. The motion parametersi.e rigid body transformations
betweenadjacentbody segments,are found at eachtime stepin
an of ine procedureby optimizing the overlap betweenthe pro-
jectedmodelsilhouettesandtheinputimagesilhouettesUsingthis
method, motion tracking becomespossiblewithout ary intrusion
into the recordedervironment. The motion parametelestimation
is highly robustand canhandlea broadrangeof motion. As will
be demonstratedhis enableghe systemto correctlyrecover even
suchcomplex motionasballetdance.

The samemodelis usedfor both motion captureandrendering.
During replay of the recordedsequencdrom an arbitrary view-
point, theimagedatafrom all input camerass usedto generatee-
alistictime-dependergurfacetextures.Both therenderingaswell
asthe numericalcomputationgnvolved in motion capture,make
effective useof programmabléeatureson today's graphicsboards.

Therestof this papemroceedsvith areview of relatedwork and
a comparisorof our methodto relevantapproacheg Sect.2. In
Sect.3 the acquisitionernvironmentusedto recordthe multi-view
video sequencess described. The body model employed is ex-
plainedthereafterin Sect.4. The motion capturesubsystenis ex-
plainedin detailin Sect.5. Free-visgvpoint renderingandtexture
generatiorarepresentedn Sect.6, andSect.7 presentsesultsob-
tained using the system. The paperconcludesin Sect.8 with a
discussiorof featuresandlimitations of the presentedystemand
givesanoutlookto futurework.

2 Related Work

The review of previous work begins with a brief summaryof re-
searchin humanmotion capturepresentedn the ComputeiVision
literature. Thereafter relevant work on scenereconstructiorand
free-vievpointrenderingn image-base@omputetGraphicss dis-
cussed.

2.1 Human Motion Capture

Human Motion Captureis the processof acquiringthe parame-
ters of humanmotion. Commercialhumanmotion capturesys-
temscan be classi ed as mechanical electromagneticor optical

systemgMenachel995]. Video-basedystemsausedin the indus-
try typically requirethepersorto wearopticalmarkersonthebody

The 3D marlerlocationsareusedto t akinematicskeletonto the
motion data[Silaghi et al. 1998]. During the acquisitionof video
sequencefor free-vievpointvideo, no intrusioninto the scenecan
betolerated.

In ComputerVision, algorithmsfor marker-free optical mo-
tion capturehave beendeveloped[Gavrila 1999]. Somemethods
work only in 2D andrepresenthe body by a probabilisticregion
model[Wrenetal. 1997]or astick gure [LeungandYang1995].

More advancedalgorithmsemploy a kinematicbhody modelassem-
bled of simpleshapeprimitives,suchascylinders[Rohr 1993], el-
lipsoids[Cheunget al. 2000], or superquadricfGavrila andDavis
1996]. Inversekinematicsapproachedinearize aroundthe non-
linearmappingfrom imageto parametespace[Bregler andMalik
1998;Yonemotoetal. 2000]to computemodelparameterslirectly.
Analysis-through-synthesimethodssearchoptimal body parame-
tersthat minimize the misalignmentetweenmageand projected
model [Martinez 1995]. To estimatethe goodness-of- t,features
suchasimagediscontinuitiesaretypically extractedfrom thevideo
frameg[Gavrila andDavis 1996].

Recently it hasbeenshavn thatthe real-timereconstructiorof
objectvolumesfrom silhouetteimagesis possible[Borovikov and
Davis 2000]. In [Cheungetal. 2000]anexpectation-maximization-
like algorithmis usedto t an ellipsoidal modelto humanbody
volumesin real-time. A force eld exertedby the voxelsis used
in [Luck andSmall2002]to t akinematicskeletonto volumedata
at interactve framerates. A combinationof featuretrackingand
volumereconstructiorcanbe usedto t a multi-layer skeletonto
humanmotion data[Theobaltet al. 2002]. Otherapproachesun
off-line and t apre-de nedkinematicmodelwith triangularmesh
surfacerepresentatiofBottino andLaurentini2001]to thevolumes
by minimizing a distancemetric or makinguseof KalmanFilter-
basedtracking [Miki ¢ et al. 2001]. Unfortunately the employed
bodymodelsaretoo simpleto besuitablefor rendering Additional
inaccuraciesre introducedbecausehe shapereconstructedrom
imagesilhouettess only a coarseapproximatiorto theactualbody
shapgLaurentini1994].

Algorithmsthatcomputemotion parameterfrom silhouetteim-
agesdirectly prevent computationallyexpensve scenereconstruc-
tion. In [Delamarreand Faugerasl 999], a body modelassembled
of primitive shapess alignedwith inputimagesilhouettedy means
of aforce eld exertedonthemodeledgesn theimageplane.

A sophisticatedhodymodelthatrepresentsuriacedeformations
usingimplicit surfacess tted to videodatain [PlaenlersandFua
2001] by using depthand silhouetteinformation. Unfortunately
stereomethodshave stricter visibility requirementsand have not
demonstratethatthey arecapableof handlingasbroada rangeof
motionasour method.In [Allen etal. 2002],upperbody deforma-
tionsaremodeledby interpolatingbetweerrealbodyscanaisinga
displacedsubdvision surface.This methodproducesighly realis-
tic geometridoodymodelsbut the setupusedfor acquisitionis very
complex andwould bedif cult to incorporatento afree-vievpoint
videosystem.

The methodpresentedn this paperappliesthe samedetailed
body modelfor motion captureaswell asfor rendering.Tracking
is performedby optimizing the overlapbetweerthe modelsilhou-
etteprojectionandinputsilhouetteéimagesn all cameraviews. The
algorithmis insensitve to inaccuraciesn the silhouettesanddoes
not suffer from robustnesgproblemsas they commonly occurin
mary feature-basedhotion capturealgorithms. The tting proce-
dureworksin theimageplaneonly, reconstructiorof scenegeom-
etryis notrequired.Many marker-freevideo-basednotioncapture
methodsimposesigni cant constraintson the allowed body pose
or the tractabledirection of motion. In contrast,our systemhan-
dlesa broadrangeof body gestures.Evenfastmotionis robustly
recovered. Furthermore our motion capturealgorithm can make
effective useof moderngraphicsgprocessordy delegatingtheerror
metric evaluationto thegraphicsboard.

2.2 Image-Based Mo deling and Rendering

The approacheslescribedin the previous sectiondeal primarily
with robust computationof humanmotion parameters.The ren-
deringof humanmotionfrom arbitraryviewpointsis nottheir main
objective. Quite differentin focusis the eld of image-baseden-
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deringandreconstructionwhosegoalis to generateovel views of
ascendrom realinputimagegLevoy andHanraharl996].

The reconstructiorof scenemodelsfrom staticimagesis com-
monly referredto as 3D photagraphy [Curlessand Seitz 2000].
Most algorithmsfalling into this cateyory can also be appliedto
dynamicscenesA prominentclassof geometryreconstructioral-
gorithmsareshape-from-silhouett@pproachesThesemethodgle-
rive the geometryof a foregroundobjectfrom its silhouetteviews
and can, at best, reconstructhe visual hull, a coarseapproxima-
tion to the actualscenegeometry[Laurentini 1994]. A polygonal
reconstructiorof a persons shapefrom multiple silhouettesat in-
teractve frameratesis shavn in [Matusik etal. 2001]. The deriva-
tion of coloredvoxel modelsof dynamicscenedor free-vievpoint
renderings alsoanoption[Moezzietal. 1997]. Multi-view video,
voxel-basedeconstructionandspace-timenterpolationalongthe
3D sceneow canbe appliedto createmodelsof moving human
actorsatintermediatdime stepshetweerconsecutie setsof multi-
view video frames[Vedulaet al. 2002]. In [Matusik et al. 2000]
novel views of apersonsvisualhull aregeneratedh real-timefrom
silhouetteviews by performingcomputationgpurely in the image
plane therebyavoiding explicit 3D reconstruction.

In [Matsuyamaand Takai 2002], a polygonalrepresentatiomf
a persons visual hull is computedand view-dependentexturing
is usedto generatea naturalisticsurfaceappearance an off-line
process.A point-basedepresentationf a personis reconstructed
from multiple camerasisingimage-basedisualhullsin [Wuermlin
etal. 2002]. Thepointdatais encodedisinghierarchicakpacepar
titioning. Basicviewing functionsfor 3D video arealsoprovided.
The applicationof stereo-algorithmso reconstructthe geometry
of dynamicscenesasalsobeenconsidered.In [Narayanaret al.
1998],adomeof 51 camerasvasusedto reconstrucscenegeom-
etry via densestereo.The computatiorof geometrymodelsof hu-
mansvia multi-camerasterecandtheirtransmissiorover anetwork
hasalsobeena componenbf tele-presencapplications[Mullig an
andDaniilidis 2000].

In contrasto the methoddescribedabore, our systememplo/s
an a priori shapemodelthatis adaptedtio the obsened persons
outline. Shape-from-silhouettmethodsexhibit visually disturbing
geometryerrorsin the form of phantomvolumesor quantization
artifacts. Thesegeometryartifactscan not occurin our system.
Furthermorepecauseagraphicsprocessorsre optimizedfor poly-
gonvisualization,a trianglebasedshapemodelis bettersuitedfor
renderingopn commongraphicshardwarethanavolumetricmodel.

Sterecapproacheseeda comparablyhigh numberof recording
camerasn orderto reconstruchigh quality scenemodels. In ad-
dition, becauséhe correspondencproblemin the imageplaneis
dif cult to solve,theseapproachekack robustnessin contrastour
systemproduceshigh quality 3D representationsith only eight
cameras.

Finally, the outputsof our systemare particularly suitablefor
transmissiorover bandwidth-limitednetwork connectionsFor ev-
erytimeinstantvideoframesandasmallnumberof motionparam-
eterswould neecto betransferredThemodelgeometryonly needs
to betransmittedonceand 2D video encodingfor the texturescan
easilybe applied. The describedsystemts in the MPEG-4 stan-
dard [Koenen2002] wheretriangle meshesare de ned as media
objectsandthe texture informationis encodedusing state-of-the-
art 2D video codecs. To obtain visual quality similar to that of
atrianglemesh,volumetricreconstructiormethodsmustgenerate
highly detailedpoint datasetdor every time instant. Transmission
of theselarge datasetsnay not be feasibleover standarchetwork
connections.

3 Multi-View Video Recording

Thevideo sequencessedasinput to our systemarerecordedn a
multi-view camerastudio (Fig. 1). IEEE1394camerasareplaced
in a convergent setuparoundthe centerof the scene. The video
sequencessedfor this paperarerecordedrom staticviewing po-

sitionsarrangedatapproximatelyequalanglesanddistancesround
the centerof theroom. The cameragresynchronizediia anexter

naltrigger, andpairsof camerasrecontrolledby an Athlon 1GHz
PCthatstreamgherecordedramesdirectly to disk. Videoframes
arerecordedataresolutionof 320x240at 15fpsor at640x480at 10

fps. Theframerateis fundamentallylimited to 15 fps by the exter

naltrigger. At the higherresolutionadditionall/O-overheadimits

the performance Using Tsai's algorithm[Tsai 1986] the cameras'
intrinsic and extrinsic parametersre determined calibrating ev-

ery cameranto a commonglobal coordinatesystem.Thelighting

conditionsin the acquisitionroom are controlled. The in uence

of externallight sourcesn the setis minimizedby black curtains
hungfrom eachwall. All camerasrecolor-calibratedby adapting
their white colorto awhite referencebject.

Figurel: The gure on the left shavs an exampleseven-camera
setupusedin our system.Thered sphereslenotecamergoositions
andtheir viewing directionsareshavn asbluelines. Theimageon
theright shavs oneof thevideocamerasised.

3.1 Silhouette Extraction

Theinputsto themotionparameteestimatioraresilhouetteémages
of themoving persorfrom eachcamergperspectie. The personn
theforegroundis separatedrom the backgroundy makinguseof
the color statisticsof eachbackgroundpixel (Fig. 2). Froma se-
quenceof video frameswithout a moving subject,the meanand
standarddeviation of eachbackgroundpixel in eachcolor channel
arecomputed[Cheungetal. 2000]. If apixel differsin atleastone
colorchanneby morethananupperthresholdrom thebackground
distribution, it is classi edascertainlybelongingto theforeground.
If its differencefrom thebackgrounds smallerthanalowerthresh-
old in all channelsthe pixel is classi ed ascertainlybackground.
All otherpixelsareconsideregotentialshadav pixels.

Shadaevs castby the persononto the ervironmentcaneasilybe
incorrectlyclassi edasforeground.lmagepixelsin shadev shav a
large differencein intensitybut only a smalldifferencein hue. Ex-
ploiting this obsenation,shadav pixelscanbeidenti ed by exam-
ining the angulardifferencebetweenbackgroundand foreground
huefor every pixel falling in betweerthe lower andupperthresh-
old. Theraw silhouettesexhibit isolatednoisy pixels. Silhouette
quality is improvedvia subsequeniorphologicadilate anderode
operationgJainetal. 1995].
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Figure 2: Comparisorof an actualvideo frame (l) andthe corre-
spondingsilhouette(r).

4 Human Body Mo del

The body model usedthroughoutthe systemis a genericmodel
consistingof a hierarchicarrangemenof 16 body segments(head,
upperarm, torsoetc.). The model's kinematicsarede ned via an
underlying skeleton consistingof 17 joints connectingbone seg-
ments.Differentjoint parameterizationareusedin differentparts
of the skeleton. The root of the modellocatedat the pelvis pro-
videsthe degreesof freedomfor global rotationandtranslationof
the body Eachlimb, i.e. completearm or leg, is parameterized
via four degreesof freedom. Thesearethe positionof thetip, i.e
wrist or ankle,in local coordinatesandtherotationaroundan axis
connectingroot andtip (Fig. 3). This limb parameterizationvas
choserbecauset is particularly suitedfor an efcient grid search
of its parametespacevhichwe describan Sect.5.3. At everytime
instant,35 parametersare needto completelyde ne a body pose.
The surfaceof eachbody segmentis representedly a closedtrian-
gle mesh. To accommodate wide rangeof physical body types
we allow for deformationof eachbody segment. A separatelD
Béziersplineis de ned alongeachcoordinateaxisin thelocal seg-
mentcoordinatesystemwhich de nes non-uniformscaling.Fig. 3
shaws the surfacemodel(21422triangles)andthe underlyingjoint
structure,aswell asthe limb parameterizatiomnda non-uniform
scalingexample.

5 Marker-free Motion Capture

The motion capture subsystemtracks the body motion of the
recordedactorovertime. After aninitialization step,thebodypose
parameterthatmaximizethe overlapbetweerprojectedmodelsil-
houettesandinput camerasilhouettesare estimatedor every time
step.

5.1 Energy function

The error metric usedto estimatethe goodnes®of t of the body
model with respectto the video frames computesa pixel-wise
exclusive-or betweertheimagesilhouetteandthe renderednodel
silhouettein eachinput cameraview (Fig. 4). The enegy function
valueis the sumof the non-zeropixelsfor every cameraview after
this pixel-wise booleanoperation[Lenschet al. 2001]. This error
metricis ef ciently evaluatedusingcommoditygraphicshardware.
At the beginning of eachtime step,all input camerasilhouetteim-

agesaretransferredo the graphicscard. The pixel-wise XOR is

computedusingthe OpenGLstencilbuffer. Eachbit-planeof the
stencilbuffer is usedto renderthe resultof the overlap computa-
tion for oneinputcameraview. Theresultis transferredo themain
memoryandthe nal errormetriccomputedby summationon the
CPU. Using an 8-bit stencil buffer andthe depthbuffer, the error
metric for 8 cameraviews canbe evaluatedin graphicshardware
with only a singleframebuffer readandwrite.

Figure 3: Surfacemodel () andthe underlyingskeletal structure
(r). Spheredndicatejointsandthedifferentparameterizationssed;
blue sphere- 3 DOF ball joint, greensphere- 1 DOF hingejoint,
redspheregtwo perlimb) - 4 DOF. Theblack/bluespherendicates
thelocationof threejoints, the root of the modelandjoints for the
upperandlower half of thebody Theupperright gure shavsthe
parameterizationf a limb, consistingof 3 DOF for the wrist po-
sitionin local shouldercoordinategshavn in blue)and1 DOF for
rotationaroundthe blue axis. Thelower right gure demonstrates
an exaggeratedieformationof the armthatis possibleto compute
duringtheinitialization stage.

5.2 Initialization

The motion captureis initialized using a setof silhouetteimages
thatshav the humanactorin aninitialization pose. Theideal ini-
tializationposeis onein which boththearmsandlegs arebent,al-
lowing for simpleidenti cation of elbav andkneelocations.From
thesesilhouettes,a set of scalingparametersaswell as a set of
poseparameterés computed.In an automaticprocedurethe ini-
tial global model positionis computedby using a grid sampling
of the parametespace. The global modelpositionis chosenthat
produceshe best t accordingto the error measuredescribedn
Sect.5.1. The t is improvedby optimizingover the poseparame-
tersandjoint scalingparameters aniterative processhatemplo/s
the sameerror measureln the rst stepof eachiterationthe scal-
ing parametersf the body segmentsare adjusted.Theseinclude,
for example,scalingparametergalongboneaxesfor thelimbs and
uniform scalingparametergor the torso. The scalingis donefor
subpartof thebodymodelindividually usinga Jacobiaroptimiza-
tion [Pressetal. 1992]. This way, thejoint locationsareadaptedo

Figure4: Theenegy functiondrivesthemodel tting overaseries
of time steps.
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t to the persons skeleton. The secondstepof eachiterationuses
therescaledodymodelandcomputesanestimateof thebodypose
parameterby meanof theproceduralescribedn Sect.5.3. These
two stepsareiteratedseveraltimes.In alaststep theBézierparam-
eters(Sect.4) controlling non-uniformscalingof segmentgeome-
try areoptimizedin orderto adaptthe modelshapeto the obsered
silhouetteaver moreclosely Thecombinationof uniformandnon-
uniform scalingenablesadaptatiorto a largerangeof bodytypes.

After initialization, all scalingparameterare x ed,andcontinu-
oustrackingis performedor all subsequerttime steps.Themotion
parametersire computedby applyinga sequencef optimizations
in lower-dimensionaparametespaces.

5.3 Motion Parameter Estimation

The model parametersor eachtime instantare computedusinga
non-linearminimization approachusing the previously described
enepgy function. A straightforvard approachwould be to apply
Pawell's method[Presset al. 1992]to optimizeover all degreesof
freedomin the modelsimultaneously This simple strateyy, how-
ever, exhibits someof thefundamentapitfalls thatmake globalop-
timization infeasible. In the global case the goal function reveals
mary erroneoudocal minima. Fastmovementsbetweenconsec-
utive time framesare almostimpossibleto resole correctly For
every new time step,the optimizationusesthe resultfrom the pre-
vious frame as a startingpoint. For fastmoving body segments,
therewill be no overlap betweenthe startingmodel poseandthe
currenttime frame,andno globalminimumwill befound.

A differentproblemarisesif onelimb movesvery closeto the
torso. In thesecasesit is quitecommonfor globalminimizationto

nd alocal minimumin whichthelimb penetratethetorso.

To male the tracking procedurerobust againsttheseproblems
andto enableit to follow complex motions,we split the parameter
estimationnto asequencef optimizationson subpartof thebody

Temporalcoherences exploited during the computationof the
motion parameters.Starting from the body posein the previous
time step,the globaltranslationandrotationof the modelroot are
computedby using Powell's methodwith the enegy function de-
scribedin Sect.5.1. The rotationsof headandhip joints arethen
independentlgomputedisinganidenticaloptimizationprocedure.
With the main body alignedto the silhouettes,the posesof the
two armsandtwo legs can be found with independenbptimiza-
tion steps. The nal stepin the sequencef optimizationsis the
computationof handandfoot orientationby optimizing over their
local parametespace.

Dueto thelimb parameterizatiodescribedn Sect.4, tting an
armor leg is a four-dimensionabptimizationproblem. Consider
ing thearmasan example,thelimb tting employs the following
steps. The parametespaceis ef ciently constrainedy applying
agrid searchon the four-dimensionaparametedomain. The grid
searchsampleghe parametespaceaegularly andtestseachsample
for representing valid arm pose. A valid poseis de ned by two
criteria. First, thewrist andthe elbov mustprojectinto theimage
silhouettesn every cameraview. Secondthe elbav andthewrist
mustlie outsidea boundingbox de ned aroundthe torsosegment
of themodel.For all detectedralid posestheerrorfunctionis eval-
uated,andthe posepossessinghe minimal erroris usedasstarting
pointfor adownbhill optimizationprocedurgPressetal. 1992]. The
armposeatthe currenttime instantis theresultof thedownhill op-
timization procedure For all 4 arm parametergFig. 3), the search
spacefor valid posesis adaptedto the differencein the parame-
ter valuesobsenred duringthetwo precedingime stepsimplicitly
including the assumptiorof a smootharm motion into the tting
procedure.

The grid searchincreaseghe robustnessof the tting process
signi cantly. Thevalidity criterionfor armposescanbe evaluated

muchfasterthanthe errorfunction. Enegy functioncomputations
arenot spenton poseswhich will notyield a goodlocal minimum.
By takingthebestvalid poseasa startingpoint for the nal down-
hill minimization,thelik elihoodof corvergingto aglobally optimal
local minimumis signi cantly increased.

The overall silhouette-basednotion parameterestimationhas
several otheradwantages.The algorithmis nottied to ary specic
body model. More complex parameterizationer differentsurface
representationsould easily be used. Furthermore the algorithm
easilyscalego higherinputimageresolutionsModel tting canbe
appliedto lower resolutionversionsof the video framesby means
of animagepyramid. On the whole, the tting proceduresxhibits
a high degreeof robustnessand ef ciency andyet is comparably
simple.

6 Free-Viewpoint Rendering

After motioncapturethecorrectbodyposeis known for eachtime
frameof theinputvideo sequenceTo createfree-viavpointvideo,
aconsistensurfacetexturefor eachtime stepis computedy com-
bining the informationfrom all available cameraviews. This tex-
ture is createdby blendingthe projectionof all available camera
imagesonto the geometry[Buehleret al. 2001; Raskarand Low
2002]. In a preprocessingtep, pervertex weightsare computed
thatindicatethein uence thataspeci c inputcameraview hasata
particularsurfacelocation. The precomputedveightsareuseddur-
ing renderingo composite¢hebodytextureusingprojective textur-
ing andperpixel blendingonthe GPUin real-time.

Assumingthatthe obseredhumanactor's body surfaceexhibits
a Lambertianre ectancefunction, a consistentexture mapis cre-
atedfor every time step. In othercontets, view-dependentextur-
ing [Debevec et al. 1998] producesexcellentresults,but for non-
perfectlyexact objectgeometryour approactobtainsvisually sig-
ni cantly morepleasingesults.View-dependentexturing exhibits
noticeableblendingartifactsin parts where the model geometry
doesnot exactly correspondo the obsened persons body shape.
A time-dependentambertiantexture producesfar more visually
satisfyingresultsand preseresthe high spatialfrequenciedor all
possibleviewpoints.

6.1 Texture Generation

Although our model tracking algorithm is quite robust, it is im-
possiblefor the modelsilhouettego align perfectlywith all input
silhouettes. Somemeshverticeswill projectinto the background
in somecameraviews. To solve this problem,anintuitive solution
would beto locally deformthemodelboundaryto t thesilhouette
boundaryin all cameraviews. In our experimentswe found that
thesilhouetteboundariesveretoo noisyto make deformationon a
pixel scalefeasible.

As an alternatve to deformation,we rst remove one layer of
boundanypixelsin eachinputsilhouettethatpotentiallyexhibit spa-
tial aliasingartifacts.As a secondstep,eachsegmentednput cam-
eraview is augmentedn the backgroundregion by assigningto
eachadjacenbackgroundixel the color valueof the closestfore-
groundpixel overasmallnumberof iterations.Thisguaranteethat
every projectedrianglespansonly foregroundcolor information.

Vertex weightsarecalculatecbasedntheanglebetweerthesu-
facenormalandviewing vectortowardstheinputcameraFor each
camerayertex visibility is determinedy renderingthe geometric
modelas a depthmap and comparingthe computedvertex depth
with the correspondingprojectedvalue storedin the depthmap.
Slight misalignmentdetweenmodelgeometryandthe actualhu-
manbody shapegenerateinsatiséctoryresultsif thevisibility cal-
culationis notslightly modi ed. Textureinformationfrom occlud-
ing body partscanprojectontoanincorrectbody segment(Fig. 6).
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Figure5: Thefour smallerimagesshov subsequentideoframes.Notethe fastarmmovement.In thefour largerimagesthe corresponding
posesf thebody modelaredepictedasautomaticallyestimatedy the motion capturesubsystem.

In thevicinity of occludedsurfaceareasanotheicameramustbere-
lied onto provide correcttextureinformation.We have developeda
novel approachhatremovesincorrectprojectionsvithoutresorting
to computationallyexpensve perpixel classi cationtechniques.

Thesimplepervertex visibility computatiorfor eachinputcam-
erais extendedby additionally computingvisibility from several
cameraviews slightly displacedin the imageplane. A vertex is
classi ed asvisible if andonly if it is visible in both the original
anddisplacedviews.

This hasthe effect of removing the visibility of verticesthat
projectinto the vicinity of occludingboundariesn eachcamera
view. Consequentlyinformationfrom othercameramagess used
to generatea correcttexture in theselocations. Sincea vertex is

Figure 6: Incorrecttexture projection (shavn in red) is solved
throughamodi ed visibility calculation.

potentiallyvisible from several cameraviews, pervertex blending
weightsarecomputedor correctlycompositinghesurfacetexture.
A simpleway to computetheseweightswould be to assignto
eachcameraview aweightde ned by
1
W= — 1
) )
wherew, is theweightassignedo cameraview i andQ; istheangle
betweerthe vertex normalandthe viewing vectortowardscamera
i. The dravbackof this methodis that ne detailsin the original
cameraviews areblurredin thecompositeexture. To presere ne
detailswe employ a differentweighting function to computethe
pervertex weightfor eachinputcamera/viq

B 1
W= (maxw)+ 1 w)a

)

This weighting function assignsa proportionallyhigh weightto a
camerdor whichtheanglebetweenviewing vectorandvertex nor
malis small. Theseweightsarethennormalizedsothattheir sumis
one.Thesharpnessaluea controlsthedegreeto whichthelargest
weightis exaggeratedIn thelimit, asa ! ¥, only thebestcam-
erais chosenfor texture generation.Subtledetailsin the surface
texture suchaswrinkles andfacial expressionsarewell presered
usingthis weightingscheme.

Figure 7: Capturinga smile: Texture detail is presered. Block
artifactsaredueto thelimited cameraesolution.

6.2 Real-Time Rendering

Thescenecanbevisualizedin real-timewith interactve viewpoint
manipulation.At eachtime step,the rendereiis provided with pa-
rametersof the geometricmodel, pervertex texture weights,and
imagesfrom the differentinput views. Consumetevel graphics
hardwarecanbeusedto generataexture coordinatesandblendthe
texturestogethetbasedntheir correspondingveights.Our viewer

is implementecbn NVIDIA's GeForce3M renderingarchitecture.
With four texturing units, one renderingpassis neededfor each
setof four cameras. The texture weightsare encodedn the pri-

mary color channelandblendedusingthe registercombinerexten-

sion[Kilgard2002].

7 Results

The proposedsystemhasbeentestedon several multi-view video
streamsincluding a male ballet dancerand a secondtest subject
(Fig. 10). Balletdanceperformancesareidealtestcasesasthey ex-
hibit rapid,complex motion. We choseto recordsequenceatares-
olution of 320x240to achieve the maximalframerate. Themotion
capturesubsystendemonstratethat it is capableof robustly fol-
lowing humanmotioninvolving fastarm motion, complec twisted
poseof theextremities,andfull bodyturns. Certainly thereareex-
tremebody posessuchasthe fetal positionthat cannotbe reliably
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tracked dueto insufcient visibility. To our knowledge,no non-
intrusive systemhasdemonstratedt is ableto track suchextreme
positions.

As illustratedin Fig. 5 thecomplex body posesarecorrectlyre-
coveredby the silhouette-basethotion capturealgorithm. An im-
pressiorof thevisual quality of therenderedactorcanbe obtained
from Fig. 8. In eachpicture,the smalleroriginal inputimagescan
be comparedo our renderingresultsfrom the samecameraper
spectve. This comparisonshaws that the original appearancef
the danceris nicely reproducedIn Fig. 9 complex body posesare
texturedandrenderedrom severalnovel views.

Fig. 6 depictsa problematigposefor texturegenerationsincein
someof the input views, extremitiesoccludemoredistantpartsof
the body The texture projectionartifactsare effectively removed
by the methoddescribedn Sect.6.1. Subtletexture detailsin the
clothesandthe facial expressionare well-presered (Fig. 7). In
our currentimplementationmodel tting time is dependenonthe
speedof the actor's motions. For slow motions,the limb parame-
ter grid searchcanbe con ned to a narrav searchspace anddur
ing optimizationusingPowell's method,a minimumis found very
quickly. Wemeasuredting timesfor two setsof motionsequences
of themaleballetdancerIn setA (dancemwearsblueshirt)themo-
tion is comparablyslower to that of setB (dancerwearsred “15”
shirt). For setA theminimum tting timeis 1.46swith anaverage

tting time of 6.81spertime step. For setB the smallest tting
timeis 3.46swith anaverageof 11.73s.Dueto theefcient imple-
mentationof the enegy functionin graphicshardware,up to 105
enepgy functionevaluationscanbe computedper second.The sys-
tem scaleswell to a larger numberof cameras For tracking,each
setof 8 cameragequiresone additionalmemoryto frameluffer
read/writecycle. During rendering,on a GeForce3™ one passis
neededor every four camerasGraphicschipswith a highernum-
ber of texture units cansigni cantly improve the renderingspeed.
We believe, though,that we have demonstratedhat the presented
systenis capableof producinghighquality resultsevenwith acom-
parablylow numberof camerasindthata highernumberof cam-
erasis not required. The free-vievpoint renderercanreplayvideo
scenest the original capturedramerateof 15 fps. The maximal
possibleframerateis signi cantly higher Standardrv framerate
of 30fps caneasilybeattained.

8 Discussion and Future Work

We have presentedh new approachto jointly estimateandrender
full humanbody motion using a handful of synchronizedvideo

camerasequencessinput. The resultingsystemrunson a stan-
dard PC with off-the-shelfgraphicshardware and is suitablefor

consumemarketdesktopapplicationslnteractve renderingrame
rate, detailedbody geometry robust motion estimation,and high-

quality, time-varying texture yield a realistic, naturalimpression
of the actor The systemhasbeendesignedwith free-vievpoint

video asone possibleapplicationin mind. The actors modelcan

be setinto computergeneratear recorded-D environmentsto be

viewed from ary arbitrary viewpoint. In addition, the estimated
motion parametergsanbe usedto animatethe modelof a different
actoror creature.

Two major limitations currently still restrictour system. First,
the motion estimationprocesss doneoff-line, makingthe system
currentlyunsuitablefor live broadcastpplications.A fasteropti-
mizationschemethat makesuseof hierarchicalaswell asdivide-
and-conquestratgiesmay be ableto sufciently speedupthees-
timation stepfor real-timeperformance.One possibleimplemen-
tation of this ideain the future will be to distribute the optimiza-
tion for separatesub-partsof the body to different GPUs. Em-
ploying this stratgyy and using next generatiorhardware, we be-
lieve thatmotioncapturecanalsobeachie/edin real-time.Second,

for the sale of high-qualitytexture, Lambertianre ection proper
tiesareimplicitly assumedvhengeneratingpneconsistentexture
from theinputvideoimages.While we have experimentallyfound
this to be a valid approximationfor skin and mostgarmentson a
complete-bodyscale replicatingview-dependente ection effects
may give an even more realistic impression. Unfortunately ob-
jectgeometrymustbeknown exactly for unblurredview-dependent
texturing [Debevecetal. 1998]or estimatingthe Bidirectional Tex-
ture Function(BTF) [Danaet al. 1999]. By augmentingthe de-
scribed model-basednotion capturewith multi-view 3D recon-
structiontechniquesa re ection-consistenbody surface may be
determinedthat allows high-quality view-dependentexture map-
ping. Otherareasof futureresearchincludemakinguseof knowvn
lighting conditionsfor relighting, the extrapolationof texture for
body regionsthataremomentarilynot visible in ary cameraview,
andthe consideratiorof loosegarments.
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Figure9: Novel viewpointsarerealisticallysynthesizedTwo distincttime instantsareshawvn on the left andright with inputimagesabove
andnovel views below.

Figure10: Free-viavpoint video allows the viewer to experiencekaratekicks in a whole new light (top row). Corventionalvideo systems
cannotoffer moving viewpointsof scenedrozenin time. However, with our free-viavpoint video systenfreeze-andatatecamerashotsof
instablebody posesarepossible(bottomrow).



