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Abstract

The abilities to build precisehumankinematic modelsandto perform accuratehuman
motion trackingare essentialn a wide variety of applicationssuchasergonomicdesign,
biometrics,anthropologicaktudies,entertainmenthumancomputerinterfacesfor intel-

ligent ervironments,and suneillance. Due to the compleity of the humanbodiesand
the problemof self-occlusionmodelingandtrackinghumansusingcamerasrechalleng-
ing tasks. In this thesis,we develop algorithmsto performthesetwo tasksbasedon the

shapeestimationmethodShape-From-Silhouet{&FS)which constructsa shapeestimate

(known asVisualHull) of anobjectusingits silhouettesmages.

In the rst half of this thesiswe extendthe traditional SFSalgorithmsothatit canbe
usede ectively for humankinematicmodelingandmotiontracking. Thoughpopularand
easyto implement,traditional SFShastwo seriousdisadwantagesvhich greatly limit its
usein humanrelatedapplications.First of all, SFSinvolvestime-consumingestingsteps
which malke it ine cientin real-timeapplications. Moreover, building detailedhuman
bodymodelsusingSFSisdi cult unlessve usealargenumberof camerabecaus&/isual
Hull built from smallnumberof silhouetteimagesis coarse We addresghe rst problem
by proposinga fasttestingprojectionalgorithmfor voxel-basedSFSalgorithms. To deal
with the secondproblem,we combinesilhouetteinformationover time to e ectwely in-
creasethe numberof cameraswithout physicallyaddingnen cameras.We rst propose
anew Visual Hull representatiocalled BoundingEdges.We thenanalyzethe ambiguity

problemof aligningtwo Visual Hulls. Basedon the analysiswe develop analgorithmto
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align Visual Hulls over time using stereoand an importantpropertyof the Shape-From-
Silhouetteprinciple. This temporalSFSalgorithm combinesboth geometricconstraints
andphotometricconsisteng to align ColoredSurfacePointsof the objectextractedfrom
the silhouetteand color images. Oncethe Visual Hulls are aligned,they arere ned by
compensatindor the motion of the object. The algorithmis developedfor bothrigid and
articulatedobjects.

In the secondhalf of this thesiswe shov how the improved SFSalgorithmsare used
to performthe tasksof humanmodelingand motiontracking. First we build a systemto
acquirehumankinematicmodelsconsistingof preciseshape(constructedisingthe rigid
objecttemporalSFSalgorithm)andjoint locations(estimatedisingthe SFSalgorithmfor
articulatedobjects).Oncethe kinematicmodelsarebuilt, they areusedto trackthe motion
of the personin new video sequencesT he trackingalgorithmis basedon the Visual Hull
alignmentidea usedin the temporalSFSalgorithms. Finally we demonstratéhow the
kinematicmodelandthe tracked motion datacanbe usedfor image-basedenderingand

motiontransferbetweertwo people.
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Chapter 1

Intr oduction

Humankinematicmodeling,motiontrackingandrenderingaredi cult problemsbecause
of thecompleity of thehumanbody: Despitethedi culties,theseproblemshave receved
agreatdealof attentionrecentlydueto thelarge numberof applications Having a precise
3D kinematic(shapeandjoint) modelof anindividual humanis very usefulin a variety
of di erentsituations.For example,they canbeusedin thegarmenffurniture manufctur
ing industryto make clothegfurniture thataretailoredto body shapeandmotionrangeof
theindividual. A collectionof suchmodelscanbe usedto generatevaluablestatisticsof
kinematicinformation(suchasarmlength,shapegtc.) of peoplefrom di erentracesfor
anthropologicaktudies.Lik ewise, accuratehumanmotion trackingis essentialn a wide
variety of applications.For example,in intelligenternvironmentssuchassmarto cesor
household$SKB* 98, Coe98,L.ZG98], trackingmotionandrecognizinggesturess a nat-
ural way for the computerto understandhe actionandintentionof humans.In the eld
of machinesunwillanceand security it is importantfor computerdo be ableto obsene
suspiciougpeopleandtrack their actionsover time. For sportsscienceand medicine,the
ability to trackthebody partsof athleteds critical for improving their performanceluring
competitionor for injury rehabilitation. Last but not the least,the entertainmenindustry

is anotherareawherethereis anincreasingieedfor betterhumanmodeling,motiontrack-
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2 Chapterl. Introduction

ing andrenderingalgorithms. Accuratehumankinematicmodels,precisemotion capture
dataandphoto-realistianotionrenderingareall essentiatomponent$or makinganimated
virtual charactersnorehuman-like in bothgamesievelopmentandmotionpictureproduc-

tion.

Although thereare laserscanningsystemsfor high precisionhumanbody shapeac-
quisition, most of thesesystemsare expensve and they do not estimatethe important
joint information of the body. Similarly, commercialmarkerbasedmotion capturesys-
temsareinvasive anddi cult to use. In applicationssuchas securitysuneillanceand
human-computeinteraction thesesystemsarenot applicablebecausglacingmarkerson
the personis eitherimpossibleor undesirable.In view of this, the study of non-irvasie,
vision-basechumanmodelingtrackingsystemss vital. Therearemary advantage®f us-
ing avision-base@pproachFor example,camerasrelow-cost,easilyrecon gurableand
non-irvasive. Moreover, cameramagescontainbothshapeandcolor (texture)information
of the person Also insteadof usingtwo separatesystemdor humanmodelingandmotion

tracking,onemulti-camerasystemcanbe usedfor bothtasks.

Overthepastfew yearsresearcherBave proposeda variety of vision-basessystemdo
capturethe 2D and 3D shapesf humanbody parts|FHPB0OQ FGDPO2]or track simple
humanmotion (suchaswalking, runningor simplearm motions)usingsingleor multiple
camerasystemgMGO1]. While someof thesesystemswvork well, thereis muchroomfor
improvementespeciallyin theareasof automatichumanjoint informationacquisitionand
precisetrackingof comple« humanmotion suchasdancing, ghting, or movesmadeby

athletes.

Among existing systems,silhouetteinformation has beenusedextensiely together
with other cuessuchas edges,featurepoints and color texturesto locateand track hu-
mans[CA96, WADP97,CA98, BK99]. Silhouettemagesareusedbecausé¢hey areeasily
obtainablein mostsituationsand containvaluablebody shapeinformation. In particular

mary humanshapemodelingmotiontrackingsystemgsuchas[MTG97, KM98] andmore
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recently[CKBHOO, Mat01, MHTCO1]) usethe silhouette-basedhapeestimationmethod
calledShape-From-Silhouet{&FS)to construcBD estimate®f bodyshape Shape-From-
Silhouetteis alsoknown asasVisualHull (VH) constructiorfLau91,Lau94].

Shape-From-Silhouetteasbeenapopularshapeestimatioralgorithmfor years.Though
easyto implement, SFS hasits own limitations. Existing SFS methodsinvolve time-
consumingestingstepswhich hindertheir usein real-timeapplications.Moreover, shape
estimationby SFSis coarseif thereareonly a few silhouetteimages. This meansthat
it is di cult to obtainvery detailedhumanbody shapeaising traditional SFSunlesswe
usea large numberof camerasr we cancombinesilhouettescapturedacrosstime. The
traditional SFSformulationassumeshatall of the silhouettemagesarecaptureckeitherat
the sametime or while the objectis static. This assumptioris violated whenthe object
movesor changeshapeHencein previous SFS-basetddiumanmodelingtrackingsystems,
SFShasbeenappliedto eachtime instantsequentiallyandindependentlyandlittle work
hasbeendonein extendingSFSacrosgime. In orderto useSFSmoree ectively for hu-
man applications the traditional SFSalgorithmshave to be improvedto overcomethese
limitations.

With the above motivation, the goal of this thesisis to investigatethe shortcomings
of existing Shape-From-Silhouett@gorithmsand develop improved algorithmsto apply

betterto the problemsof humanarticulatedbodymodeling,motiontrackingandrendering.

1.1 ThesisOutline

The remainderof this thesisis organizedasfollows. In Chapter2 we give a background
review of Shape-From-SilhouetteThe review includesthe de nitions of Visual Hulls,
commonmethodgo representhem,anda discussiorof the useof Visual Hulls in human
relatedapplicationsln Chaptei3 we quantitatvely analyzethee ectof silhouettenoiseon

theaccurag of SFSandproposea fastvoxel-basedSFSalgorithmcalledSPO" usingthe
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resultsof the analysis.A practicalreal-timesystemis built basedon SPO to reconstruct
3D humanvoxel models.Di erentbodypartsmodeledby simpleellipsoidalshellsarethen
usedto t thereconstructedoxels.

In Chapter4 we introducea new Visual Hull representatiortalled Bounding Edge.
The relation of BoundingEdgeswith the SecondFundamentaPropertyof Visual Hulls
is discussedogetherwith a comparisorof the otherVisual Hull representationsin the
next two chapterswe proposealgorithmsto perform Shape-From-Silhouettgcrosgime.
Chapters focuseson rigid objects.We rst studythe ambiguity problemof aligning two
Visual Hulls andshov how colorscanbe usedto breakthe ambiguity Thenwe propose
a temporalSFSalgorithmwhich extractspoints (Colored Surface Points)on the surface
of the objectand combinesshapeinformationandcolor stereoto align andre ne Visual
Hulls. In Chapter6 the rigid objecttemporalSFSalgorithmis extendedto articulated
objectsby iteratively segmentingthe ColoredSurfacePointsandestimatingthe motion of
therigid partsof the articulatedobject. Both chaptersncludeextensve syntheticandreal
experimentakesults.

Chapters7, 8 and9 focuson applyingthe temporalSFSalgorithmsto human-related
problems.In Chapter7 astep-by-stegystems proposedo acquireafull kinematicmodel
of a person(including 3D shapeof body partsandjoint locations).In Chapter8 the kine-
maticmodelis usedto performmotion captureof the samepersonn new videosequences
usinganimage-basedrticulatedbjecttrackingalgorithmvery similarto thetemporalSFS
algorithms. We include experimentalresultsand demonstratehat the tracking algorithm
works well for both simpleandcomplex motions. Chapter9 investigateghe problemof
renderingheacquirechumanarticulatednodelbasednimage-basetechniquestogether
with potentialuseof the renderingalgorithmin applicationssuchas motion transferand
editing. Finally, in Chapterl0 we enumerateéhe contributionsof this thesisanddiscuss

severalpossiblefuturedirections.



Chapter 2

Shape-Fiom-Silhouetteand Visual Hulls

As its nameimplies, Shape-From-Silhouet{&FS)is a methodof estimatingthe shapeof
an objectfrom its silhouetteimages. The conceptof using silhouettesor 3D shapere-
constructionwas rst introducedby Baumgarin 1974.In his PhDthesis|Bau74],Baum-
gartestimatedhe 3D shapesf a babydoll anda toy horsefrom four silhouetteimages.
Sincethen,variousdi erentvariationsof the Shape-From-Silhouettmethodshave been
proposed.For example,Aggarwal et al. [MA83, KA86] usedvolumetricdescriptiongo
representhe reconstructeghape. Potmesil[Pot87, Noborio et al. [NFA88] and Ahuja
etal. [AV89] all suggestedisingoctreedatastructureto speedup SFS.Pujaridervedthe
optimal positionsanddirectionsto take silhouetteimagesfor 3D shapereconstructiorin
[SP9]. Szeliskibuilt a non-invasive 3D digitizer using a turntableand a single camera
with Shape-From-Silhouett&sthe reconstructiormethod[Sze93]. In summary SFShas

becomea popular3D reconstructioomethodfor staticobjects.

2.1 BasicPrinciple

Theconcepbf reconstructinghe shapeof anobjectfromiits silhouetteémagess explained

in Figure2.1. In Figure2.1(a)a head-shapedbjectcastssilhouetteson theimageplanes

5
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Camera l

Vlsual oonef
theslhouate arld
of camera 1

Camera l Shape of the object can be
estimated by intersecting
thevisual cones

— = 3 N ..
Camera 2 \\\ ‘_
(C)

Figure2.1: (a) A head-shapedbjectcastssilhouetteson two cameras(b) Thevisualconeformed
by the silhouetteimageandthe centerof cameral. (c) The shapeof the objectis estimatedoy
intersectingall of thevisualcones.The VisualHull of a generalBD objectcontainscurved surface
patchesnakingit di cult to represenandvisualize.

of two cameras.For eachcameraandits silhouetteimage,thereis a boundingvolume
that containsthe object. This boundingvolume,which is also calledthe visual cone,is
constructedy projectingthe silhouetteinto 3D spacehroughthe centerof the cameraas
showvn in Figure2.1(b). Sinceeachvisualconeprovidesanupperboundontheobject,the
positionand approximateshapeof the objectcanbe estimatedoy intersectingthe visual

conedsfrom all thecamerassshovnin Figure2.1(c).
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2.2 Visual Hulls

ThetermVisualHull (VH) hasbeenusedn agenerakensdoy researcher®r overadecade
to denotethe shapeestimatedrom the Shape-From-Silhouetfgrinciple: the intersection
of thevisualconesformedby the silhouettesandcameracentergFigure2.1(c)). Theterm
was rst coinedin 1991by Laurentini[Lau91] who alsopublisheda seriesof subsequent
papersstudyingthe theoreticalaspectof Visual Hulls of 3D polyhedral[lLau94, Lau95]
andcurvedobjects[Lau99]. Beforediscussinghedi erentwaysof representingndcon-

structingVisualHulls, we rst de ne the problemscenaricasfollows.

2.2.1 Problem Scenarioand Notation

SupposehereareK cameragositionedarounda 3D objectO. LetfS¥; k= 1; ' Kg
bethe setof silhouetteimagesof the objectO obtainedrom the K camerasttimet;. An
examplescenarias depictedin Figure2.2 with a head-shapedbjectsurroundedy four
camerasat time t;. It is assumedhat the camerasare calibratedwith %) : R® ! R?
andCk beingthe perspectie projectionfunction andthe centerof camerak respectiely.
In otherwordsp = ¥(P) arethe 2D imagecoordinatef a 3D point P in the k" image.
As an extensionof this notation, X(A) representshe projectionof a volume A onto the
imageplaneof camer&. Assumewe have asetof K siIhouetteimages‘S'j‘gandprojection
functionsf *g A volumeA is saidto exactlyexplainfS‘fgif andonly if its projectiononto
thek" imageplanecoincidesexactly with thesilhouetteimages‘j( forall k 2 f1; ' Kg
ie. KA = S'j‘. If thereexistsatleastonenon-emptyolumewhich explainsthesilhouette
imagesexactly, we saythesetof silhouetteémagess consistentptherwisewe call it incon-
sistent. Normally a setof silhouetteimagesobtainedfrom an objectis consistentunless

therearecamereacalibrationerrorsor silhouettemagenoise.
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Object O forms silhouette
image S5 on camerak at timet,

Figure 2.2: An example Shape-From-Silhouettgroblem scenario: a head-shapedbject O is
surroundedy four camerasttime t;. The silhouetteimagesandcameracentersarerepresented
by S'j‘ andCX respeciiely.

2.2.2 De nitions of Visual Hull

In this sectionwe presenttwo di erentways (eachof which hasits pros and cons)to
de ne VisualHulls. Althoughthesetwo de nitions areseeminglydi erentthey arein fact

equialentto eachother The proofof equivalences givenin AppendixA.

Visual Hull De nition I: Intersecting Visual Cones
TheVisual Hull H; with respecto a setof consistensiIhouetteimagesfS'j‘gis de nedto be
the intersectionof the K visual cones,ead formedby projectingthe silhouetteimage S'J.‘

into the 3D spacethroughthe camen centerCk.

This rst de nition, whichis themostcommonlyusedonein the SFSliterature,de nes
the Visual Hull asthe intersectionof the visual conesformedby the cameracentersand

thesilhouettes Thoughthis de nition providesa directway of computingthe Visual Hull
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from the silhouettegseeSection2.3.1),it lacksinformationandintuition aboutthe object

(which formsthe silhouettes)We thereforealsousea secondie nition:

Visual Hull De nition 1l: Maximally Exactly Explains
TheMisual Hull H; with respecto a setof consistensiIhouetteimagesfS'j‘gis de nedto be

thelargestpossiblevolumewhich exactly explainsfS‘J?gfor all k=1; K.

Generallyfor a consistensetof siIhouetteimagesfS'j‘g thereareanin nite numberof
volumes(including the objectO itself) that exactly explain the silhouettes.De nition I
de nesthe VisualHull H; asthelargestoneamongthesevolumes. Thoughabstractthis
de nition implicitly expresse®neof the usefulpropertiesof VisualHull: the Visual Hull
provides an upperboundon the object which forms the silhouettes. To emphasizehe

importanceof this property we stateit asthe rst fundamentapropertyof VisualHulls.

2.2.3 First Fundamental Property of Visual Hulls

First Fundamental Property of Visual Hulls (15t FPVH):
The objectO that formedthe siIhouettesetS'j‘ lies completelyinside the Visual Hull H;

constructedrom S'j‘.

The 1%t FPVH is very importantasit givesus usefulinformationon the objectO, es-
peciallyin applicationssuchasroboticnavigationor obstacleavoidance.Theupperbound
givenby theVisualHull getstighterif we increasehenumberof distinctsilhouetteémages.
Asymptoticallyif we have every possiblesilhouetteimagesof a corvex object,the Visual
Hull is exactly equalto the object. If the objectis not corvex, the VisualHull mayor may

not beequalto the object.
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2.3 Representationand Construction

2.3.1 Two-DimensionalSurface BasedRepresentation

For aconsistensetof silhouetteimagesjts VisualHull canbe (accordingto De nition 1)
constructedy intersectinghe visual conesdirectly. By doing so, the Visual Hull is rep-
resentedy 2D surfacepatchesobtainedrom intersectinghe surfacesof thevisualcones.
For illustration purpose an examplein two-dimensionss givenin Figure2.3(a)in which
the Visual Hull is constructedy intersectingthe 2D visual wedges.Although simplein
2D andthereexists fastalgorithmsfor computingconesintersectionfor 3D polyhedal
objects|lBMMO01], directconeintersectiorrepresentatiors di cult to usefor generalBD
objects. The Visual Hull of a general3D objectconsistsof curved andirregular surface
patcheswvhich aredi cult to representisingsimple geometricprimitives. The computa-
tional compleity andnumericalinstability of intersectingsurfaceswith linesandplanesn
3D arealsoreasonavhy researcherapproximategeneral3D objectsto polyhedralshape
whenintersectingvisualcone§BMMOL1].

Theexamplein Figure2.1(c)illustratesthatit is di cult to expressrepresenbr even
visualizethe surfacepatcheof theVisualHull of ageneraBD object.RecentlyBuehleret
al. [BMMO1] proposedanapproximatevay to computeVisual Hull directly usingthe vi-
sualconeintersectiormethodoy approximatingall 3D objectsashaving polyhedrakhapes.
Sincepolyhedralobjectsproducepolygonalsilhouettemagestheir VisualHulls consistof
only planarsurface patcheswhich can be more readily computedand representedhan

curvedsurfacepatches.

2.3.2 Three-DimensionaMolume BasedRepresentation

Sinceit is di cult to intersectvisual conesof general3D objects,other moree ective
ways have beenproposedo construct3D Visual Hulls from the silhouetteimages. The

approachwhichis usedoy mostresearcherf?ot87 NFA88, AV89, Sze93 is volumebased
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1
c
% Approximate Visual Hull
/g pp
=
\ & \\‘\\4\ .
~ 4
Y S1C
! .
N T
Actual Visual Hull

(b)

Figure2.3: A two dimensionakxampleof constructingthe Visual Hull H; from the silhouettes
fSkgand cameracentersfCkg (a) by directintersectionof visual wedges (b) by voxel-basedap-
proximation. The orange-shaderkgion (boundecby thick blacklines) representshe approximate
Visual Hull while the polygon(outlinedin green)denoteghetrue one. Theformeris signi cantly
largerthanthelatter

construction. One versionof this approachalso known asvoxel-basedSFSis given as

follows:

Standard Voxel-basedShape-Fom-Silhouette Algorithm

1. Dividethespaceof interestinto N N N discretevoxelsv,; n=1, NS.
2. Initialize all the N® voxelsasinsidevoxels.
3. For n=1toN3f
For k=1toKf
(@) Projecty, into thek™ imageplaneby the projectionfunction X();
(b) If theprojectedarea (v,) liescompletelyoutsideSk,
then classifyv, asoutsidevoxel,

g
4. TheVisualHull H; is approximatedy the unionof all theinsidevoxels.
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Voxel-basedSFSusesthe sameprinciple of visual coneintersection However, the Vi-
sualHull is representetly 3D volumeelementg“voxels”) ratherthan2D surfacepatches.
The spaceof interestis dividedinto discretevoxelswhich arethenclassi ed into two cat-
egories:insideandoutside The union of all the insidevoxelsis an approximatiornof the
Visual Hull. For a voxel to be classi ed asinsideg its projection(step3(a)) on eachand
every oneof the K imageplaneshasto beinsideor partially overlapwith the correspond-
ing silhouetteimages.If the projectionof the voxel is totally outsideary of the silhouette
images,it is classi ed asoutside Figure2.3(b)givesa 2D exampleof this voxel-based
method. The areaof interestis divided into 16 by 16 squares.The corvex polygonrep-
resentghetrue Visual Hull while the shadedegion denoteghe approximatevisual Hull
obtainedusingthe 2D versionof thestandard/oxel-base&FSalgorithm. Theapproximate
2D VH is signi cantly largerthanthetrue one. This is oneof the disadwantagef using

discretevoxelsto represenV¥isualHulls.

2.4 Silhouette Extraction

As crucial asit is to representand constructVisual Hulls e ectiely, accuratesilhou-
ette extractionis also of greatimportanceto the processof Shape-From-Silhouetteln
this section,we describea simple backgroundsubtractionalgorithmwhich senesasthe
core componentof extracting silhouettesfor all of the real datasequences this the-
sis. Naturally there are other silhouetteextraction algorithmsin the literature, suchas
[SB96 HHD99, EHD99, IBLOO, RT00], which canalsobeused.

Onedi cult problemof backgroundsubtractionis to remove shadaevs. In our algo-
rithm, two techniquesare usedto tacklethis problem: (1) usecolor informationto distin-
guishshadev andnon-shadw pixelsand(2) usedi erentthresholdsasedonthetype of
thepixels. Thealgorithmis summarizegsfollowswith | g (u; v) andl rr(U; V) representing

the color vectorof the (u; v)™" pixel of the backgroundcandruntimeimagesrespectiely:
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Real-time Background Subtraction Algorithm

1. Calculatetheintensitydi erence
Ioire(U; V) = KlrT(U; V) Tes(U; V)K
2.1f lpee(uv) > TY,
then  setthe (u; V)" pixel asasilhouettepixel, stop.
3.0F  Ipiee(Uuv) < T,
then setthe(u; V)" pixel asanon-silhouetteixel, stop.
4. Calculatethecolordi erence
(uv) = cos Hgm]
If (u;v) > TC,
then setthe (u; V)" pixel asasilhouettepixel,

else  setthe(u; v)"" pixel asanon-silhouettgixel.

Here, kI (u; )k representghe norm of a vector I (u;v) and is the dot productoperator
The algorithmbasicallyconsistsof threetests. Steps2 and 3 testthe intensitydi erence
betweertherun-timeandbackgroundgixels. If theintensitydi erencds verylarge (com-
paredto anup thresholdconstanfTV), thenthe pixel is treatedasa silhouettepixel. If the
intensitydi erencds very small(comparedo alow thresholdconstanfTb), thenthe pixel
is classi ed asa backgroundpixel. For pixelswith intensitydi erencesetweenT! and
TY, athird test(Step4) is performedo determingf it is ashadev pixel. Thevalue isthe
anglebetweerthevectorsl gt andl gg in the RGB color domainandhences a measuref
thecolordi erencebetweertherun-timeandbackgroundixels. For a shadaev pixel, the
colordi erencebetweerrun-timeandbackgroundshouldbe smallbecauseéhedi erence
lies mainly in the intensityvalues.Henceby comparing with a color thresholdconstant
TC, mostof theshadav pixelscanberemoved.

The secondtechniquewe employed in our backgroundsubtractionprocesss to use

di erentthresholdconstantdor di erentregionsof the image. The backgroundmage



14 Chapter2. Shape-From-SilhouetendVisualHulls

Figure2.4: Exampleimagesof the backgroundsubtractionalgorithm: (a) Run-Time image, (b)
Backgroundmage,(c) Sgmentedbackgroundmage,(d) Extractedforegroundsilhouette.

is automaticallysegmentedinto di erentregions using color information. For example,
Figure 2.4(c) shaws the sggmentationof the backgroundmagein Figure 2.4(b)into two
regions: oor andnon- oor. The rationalebehindthis is thatdi erenttypesof regions
have di erentcolor statisticsandshadaev probabilities. For example,the oor region has
a higher probability of having shadaevs thanthe non- oor region andthereforedi erent
thresholdsareused.This region-basedpproachs more e xible thanthe simplestmethod
of usingonly onesetof thresholdgor thewholeimage.Moreover, comparedo themethod
of having thresholddor ead pixel, ourapproachs morepracticalandaccurate The num-
ber of thresholdsn our approachis not high and hencewe candetermineeachof them
manually On the otherhand,in the pixel-basednethod,the large numberof thresholds
are usually determinedusing pixel color variancesand cannotbe ne tunedindividually.

Figure 2.4(d) shaws the foreground silhouetteimage extractedfrom the imagesin Fig-

ures2.4(a)and(b). Notethatthe shadaevs castby thelegsareremovedcompletely
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Theabove real-timebackgroundsubtractioralgorithmwas rst introducedandusedin
[CKBHOQ] for thevoxel-basedeal-timeSFSsystento bediscusseih Chaptel3. It is easy
to implementandfastenoughfor extractingsilhouettesat 30 framespersecond However,
aswith all other backgroundsubtractionmethods,our algorithmis not perfectand the
extractedsilhouettecontainerrorsand noise (seeSection3.1 for the study of the e ect
of noisy silhouetteon voxel-basedSFS).For the real datasequencesisedin Chapter4
through Chapter8, sincereal-timenesss not a requirementthe silhouettesare cleaned
up usingconnectecomponentnalysisandmorphologicaloperationgJai89] after being
extractedby our real-timebackgroundsubtractionalgorithm. Manualinspectionis then
usedto make sureno signi cant partof theforegroundsilhouettes missing.Alternatively,

othernonreal-timebackgroundsubtractiormethoddSB96, RT00] canbe used.

2.5 Advantagesand Disadvantages

Estimatingshapeusing SFShasmary adwantagesFirst of all, silhouettesarereadily and
easilyobtainablegspeciallyin indoorenvironmentwherethe camerasarestaticandthere
arefew moving shadavs. Theimplementatiorof mostVisualHull constructiormethodss
alsorelatively straightforward, especiallywhencomparedo othershapeestimationmeth-
ods suchas multi-baselinestereo]OK93] or spacecarving[KS00]. Moreover, from the
First FundamentaPropertyof Visual Hull, SFSgivesus an upperboundon the shapeof
theobject. Thisinherentlyconserative propertyis particularlyusefulin applicationssuch
asobstacleavoidancein robotmanipulationandvisibility analysisin navigationwherean
upperboundon the shapeof the objectis preferredto a lower bound. All theseadwan-
tageshave prompteda large numberof researchert apply SFSto solve othercomputer
vision andgraphicsproblemsbeyond 3D reconstructionExamplesncludehumanrelated
applicationssuchasvirtual humandigitization[MTG97], body shapeestimation[KM98],
motiontrackingcapturglDF99, BLOO] andimage-basedenderingBMMG99].
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Ontheotherhand,SFSsu ersfrom a numberof limitations andinadequaciesExist-
ing SFSmethodsnvolve time-consumingdestingstepswhich hindertheir usein real-time
applications SFSis alsosensitve to errorsin silhouetteextractionandcamerecalibration,
makingit lessdesirableto usewhenthe silhouetteimagesarevery noisy. Moreover, the
Visual Hull obtainedfrom SFSis only an approximationof the actualobjectshape.The
approximationcanbe very coarsewhenthereareonly a few camerasposinga disadan-
tagefor SFSin applicationssuchasdetailedshapeacquisitionandrealisticre-renderingf
objects.In this thesis,we shov how to overcomesomeof theseimitationsandapply SFS

to constructdetailedhumanbody modelsfor motioncaptureandrendering.



Chapter 3

Real-time Shape-Fiom-Silhouette

In orderto useSFSin real-timeapplicationsthecomputationabottleneclof existingmeth-
odshasto beidenti ed andreplacedy fasteralternatves. Thebehaior of thealternatves
undernoisysilhouettemageshasto be studiedin orderto maintainreasonablshapeesti-
mates.In this chapterwe develop a fastvoxel-basedSFSalgorithmcalledSPO" (Sparse
Pixel Occupang Test)which takesinto accountthe e ectof noisy silhouetteimages. A
real-timesystemfor reconstructingdD volumetricmodelsof peopleperformingarbitrary
motionis built basedon this fastalgorithm. Note that someof the materialpresentedn

this chapterrst appearedn the papefCKBHO0O].

3.1 Analysisof Voxel-basedSFSwith Noisy Silhouettes

Visual hull constructionusing the voxel representations by far the most popular SFS
methodusedby researcherbecauset is easilyimplementableand givesreasonablee-
sultsin applicationswhereapproximatebut completeshapeinformation of the objectis
required.The speedof the standardroxel-basedSFSalgorithmdescribedn Section2.3.2
dependseaily ontwo procedures (1) voxel projection(step3(a) of the algorithm)and

(2) silhouetteoverlaptesting(step3(b) of the algorithm). Thesetwo procedurestogether

17
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with the quality of the silhouetteimages alsodetermineghe accurayg of the estimatedvi-
sualHull. Silhouetteimagesgeneratedn real-timearealwaysnoisy. Figure3.1showvs a
foregroundimageandits noisy silhouetteimageobtainedusingthe real-timebackground
subtractiormethoddescribedn Section2.4. Althoughpost-processingtepssuchasmor
phologicaloperation@andconnecteadomponenanalysigJai89 canbeappliedto cleanup
the silhouette they aretime consumingcomputations.The samereal-timelimitation also
prohibitsusfrom usingprobabilisticapproachesuchasthoseproposedor voxel coloring
in [DV99, BDCO01], or the graphcutsapproach(which doesnot requirehardlabeling of
thevoxels)proposedy Snaw etal. in [SVZ00]. Thustheaim of this sectionis to propose
fastimplementation®f proceduregl) voxel projectionand(2) silhouetteoverlaptesting,
while understandinghee ectof silhouettenoiseon theimplementationsTo characterize
the quality of the silhouetteimages,hereaftedet be the probability that during silhou-
ette extraction,a non-silhouettepixel is wrongly marked asa silhouettepixel. Likewise,
let representheprobabilitythata silhouettepixel is wrongly markedasa non-silhouette
pixel. Thenoiseis assumedo beindependenbetweerpixels. Therearetwo waysof deter
mining and : theoreticallyby assumingcertainerror probability distribution functions
or experimentallyby checkingwrongly marked pixelsin a large setof noisy silhouettes.
For example, after tunning the thresholdconstantsn our real-timebackgroundsubtrac-
tion method(seeSection2.4), and arefound experimentallyto be 0.021and 0.043

respectrely.

Oneway of nding the projectedvoxel (v,) is to projectthe eight vertexes of v,
ontothe k™ imageplaneandcomputethe corvex hull of the projectedpoints. Supposen
averagethereareZ pixelsinsidethecorvex hull. A straightforvardway to implementsil-
houetteoverlappings to checkall Z pixelsandif atleastZ- of themlie insidethesilhouette
imageS¥, the voxel is saidto be inside S'j‘. Due to silhouettenoise,this implementation
causes/oxel misclassi cation. Therearetwo typesof voxel misclassi cation: FalseAc-

ceptancéF A) whichmeansanoutsidevoxel is misclassi edasinsideandFalseRejection
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L
O i m

Foreground Image Silhouette Image

Figure3.1: An exampleof aforegroundimageandits silhouetteextractedby real-timebackground
subtractionmethoddescribedn Section2.4. Therearewrongly marked pixels in the silhouette
imagedueto noisyoriginal andbackgroundmages.

(FR) whichmeansaninsidevoxel is misclassi edasoutside The probabilitiesP(FR) and
P(FA) dependon , , Z andZ-. For voxelsthatareeithertotally outsideor totally inside

thesilhouette(i.e. non-boundaryoxels),P(FR) andP(FA) arefoundto be

I. FalseAcceptance
ZE. .
P(FA) :EQ i é'(l )2 '? ; (3.1)
i=z. — |
Il. FalseRejection:
K1 _ »x ZE. .
PFR=p (1 p’; p= CE'@ ) (3.2)

j=0 i=z z.+1 — |

The exponentialof K (which representghe total numberof camerasused)in Equation
(3.1) is dueto the factthat an outsidevoxel hasto be misclassi edasinsidein all the K
imagesfor a FA to happen. In Equation(3.2), p is the probability that an inside voxel

is classi ed asoutsidein oneimage. The summationover j comesfrom the factthatan
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insidevoxel is misclassi edasoutsideonceit is misclassi edin oneimageandthe rest
of theimagesarenot tested.Notethattheseequationsareapplicableonly to totally inside
or totally outsidevoxels. With slight modi cations, similar analysiscan be appliedto
boundarywoxelsalthoughthey arenot consideredhereasthe numberof themarerelatively
fewer thanthe numberof totally insideor totally outsidevoxels.

For xedZ, and , theFalseRejectionprobability P(FR) increasesith Z. while
the False Acceptanceprobability P(FA) decreasesvhenZ: increases.Using the values

= 0.021and = 0.043(the valuesdeterminedexperimentally),graphsof log(P(FR))
andlog(P(FA)) versusZ- for di erentvaluesof Z are shavn in Figure 3.2(a)and (b)
respectrely. The optimal Z- for a particularZ is chosenby consideringthe total error
probability P(FA) + P(FR). Thegraphof log(P(FA) + P(FR)) againsZ- for di erentZ is
plotin Figure3.3(a).Clearly di erentvaluesof Z havedi erentoptimalZ-. For example
theoptimalZ- is 1 for Z = 2 while theoptimal Z- is 7 whenZ is 30. Thegraphsof optimal
Z- andoptimallog(P(FA) + P(FR)) againstZ areplot in Figure3.3(b)(c). Thesegraphs
areusefulin determiningthe optimal silhouettetestingrule andthe correspondingerror
probabilities.

Besidesservingasguidelinedor choosingheoptimalZ-, thegraphsn Figure3.3(b)(c)
alsogive usinsightinto decidingthe voxel size of the system.Intuitively the smallerthe
voxel size, thebettertheshapeapproximatior(seeFigure2.3(b)asanexample)becaus¢he
discretizatiorerroris smaller Niem veri ed this conjecturen [Nie97] by analyzinge ect
of voxel sizeon shapeaeconstructiorerrorwithoutconsideringnoisysilhouettesHowever,
the graphin Figure 3.3(c) shavs that whenthereis noisein the silhouettesthe smaller
the voxel size,the smallerthe numberof projectedpixels Z which impliesthe larger the
misclassi cationprobabilities. Thereforeto pick an optimal voxel sizefor a voxel-based
SFSsystem,thereis atrade-o betweenlowering discretizationerrors(favoring smaller

voxels)andminimizing misclassi cationprobabilities(favoring largervoxels).
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Figure3.2: (a) Graphsof log(P(FR)) vs. Z- for di erentZ, (b) Graphsof log(P(FA)) vs
di erentZ.
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Randomly chosen
S11 testing pixels

P(v,)

Space of interest

N x N x N voxed's

Figure3.4: The SPO-modi ed voxel-basedShape-From-Silhouette.

3.2 A FastVoxel-basedSFSAlgorithm: SPOT

To increasehespeedf thealgorithm,assumehatwe pre-computéhecornvex hull of each
projectedvoxel andstorethepixel locationsin alookuptable. To applythestraightforvard
implementation®f proceduregl) voxel projectionand(2) silhouetteoverlaptesting,we
needO(N3Z) memoryandO(N3Z) testingoperationdor avolumeof N N N voxels.
This highmemoryrequiremenandnumberof testsmale this straightforvardapproachoo
slow for realtime applications Herewe proposeasterandmoree cientimplementation.
For eachimageandeachvoxel, insteadof testingall Z pixels, Q randompixelsarechosen
within the Z-pixel corvex hull. If atleastQ- of thesechosemixelslie insidethesilhouette
imageS¥, the voxel is saidto be inside S'j‘. We namethis approachSparsePixel Occu-
pany Test(SPQON) andis statedformally asbelon. The SPO-modi ed voxel-basedSFS

algorithmis alsoillustratedin Figure3.4.



24 Chapter3. Real-timeShape-From-Silhouette

SparsePixel OccupancyTest(SPQOT) Algorithm

1. Forvoxel v, andcamera, randomlychooseQ pointsinsidethe projectionof = ¥(vy),
representedy q(l) wherel = 1; Q.
2. Initialize incountto O.
3. For I=1toQf
If q(l) is asilhouettepixel

then incrementsncount

g

4. If  incount< Q-

then classifyv, asoutsidevoxel,

SPO canbe incorporatednto the standardvoxel-basedSFSeasily by replacingthe
projectionandtestingstepySteps3(a)and(b) in the standard/oxel-basedFSalgorithm)
by SPA. Therearetwo advantageof usingSPQd. It is é timesfasterandthe memory
requirements é timeslessthanthe straightforvard approach.The downsideis the mis-
classi cationprobabilitiesalsoincreasavhenwe reducethe numberof testingpixels.

Onequestionthatremainss how dowe chooseQ andQ- accordingly?Sincewe have
assumedhe pixelsareindependendf eachotherandthe Q pointsarechoserrandomly the
notionof testingQ outof Z pixelsis theoreticallyequialentto testinga projectedareawith
Q pixels.In otherwords,Equationg3.1)and(3.2)andthegraphsan Figures3.2and3.3are
valid for analyzingSPO if we replaceZ by Q. Thechoiceof Q is acompromiséetween
speedmemoryandaccurag. In real-timeapplicationsvherespeeds moreimportantthan
quality, alow valueof Q is usedto tradeaccurag for speedFor example,if weuseQ = 5
for a10-pixel projectedvoxel (i.e. Z = 10),we gainafactorof 2 in bothspeecandmemory
but thetotalmisclassi cationprobabilityP(FA)+ P(FR) alsoincreasefrom 1.7e-%to 1.1e-
5 (seeFigure3.3(c)).OnceQis x ed,Q- is choseraccordingto Figure3.3(b).
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3.3 Real-time3D VoxelReconstructionof Human Motions

To shav how SPO is usedin practicalsituations,a real-timesystem[CKBHOQ] is built
to reconstructaindtrack humanmotionsover time. The systemconsistsof two parts: 3D

voxel reconstructiorandellipsoid tting.

3.3.1 SurfaceVoxel Reconstruction

The rst part of the systemconsistsof synchronizedccameraglacedevenly aroundthe
moving humansubject. Eachcamerais connectedo an individual local computer The
cameracapturesmagescontinuouslyandthe real-timebackgroundsubtractionalgorithm
describedn Section2.4 is appliedby eachcameras local computerto extractthe silhou-
ettes.The synchronizeailhouettemagesarethentransferredyia network, from thelocal
computergo amainhostcomputemhereSPO-modi ed SFSis usedo build the3D voxel
modelof the person.Oncethe modelis reconstructedhe surfacevoxelsareextractedand

usedfor ellipsoid tting in thesecondoartof the system.

3.3.2 Ellipsoid Fitting

After obtainingthe 3D surfacevoxel dataof thehumansellipsoidsare t tothedatain real-
time. Six ellipsoidalshells(to modelthe head thebody, thetwo armsandthetwo legsof a
humanbody)F; wheref = 1; ; 6 areused.Eachellipsoidalshell F is representedly
nine parametersthe center the orientationandthe sizes(lengthsof the axes)denotedby

Xk YriZe,), Re, and( g, r,; F,) respectrely. Thewhole tting processasto befast
enoughfor real-timeprocessing.To achieve this goal, we usea two-stepapproachhased
on the Expectation-MaximizatiogEM) paradigmDLR77].

The rst stepof the tting processs to segmentthe voxel databy usinga proximity
criterion. A surfacevoxel v is assignedo belongto theellipsoidalshellF¢ (i.e. v 2 Fy) if

thevoxelis closesto F (ascomparedo otherellipsoidalshells).In orderto calculatethe
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distancebetweerthevoxel andtheshells the shellparametergstimatedrom the previous

frameareused.Notethatthis proximity criterionis fastandeasyto compute.

After thesegmentatiorprocessinomentanalysids usedo estimateheellipsoidalshell
parameterérom the centerqx,; yy; z,) of the surfacevoxelsv which arebelongto F¢. For

example thezeroth, rst andsecondnomentsof x, arede ned as

X 1 X X
Mo = 1, My=— Xvs Myx =

Xy Xy: (3.3)
V2F+¢ Mo V2F+¢

1
Mo V2F¢

Similarly, momentsof y, andz, (suchas My; My,; My,; M, etc.) canalso be calculated

usingEquationq3.3). Theellipsoidalshellparameterarenow estimatedas

(Xe Yo 7)) = (Mx My M) ; (3.4)
M=48My My M,$=Rsf 0 2 0 §Rf; (3.5)
Mx My Mg, 0 0 Z

with M beingthe momentmatrix. Rg, and( ¢,; r,; F,) cCanbe obtainedeasilyby per

forming aneigen-decompositioan the (3 by 3) matrix M.

To performthe segmentationfor the currentframe, we needthe estimateckllipsoidal
shell parameter$érom the previous frame. To initialize the shellswhenthe systemis rst
startedwe usedan activation procedure.Whenthe systemis rst started,only oneellip-
soidalshellF, is activatedfor the tting. All thevoxel datais usedto estimatehe parame-
tersof the rst ellipsoidF; andtheerrorof tting is calculatedlf thiserroris largerthana
thresholdthis meanghatoneellipsoidshellis not enoughto modelthe voxel data.In this
casethe seconcellipsoidalshell F, is activatedsothattwo shellsareusedto t thedata.
As the humanmoveshis armsandlegs around,the shellsare activatedsequentiallyto t

di erentpartsof thebodyuntil all six of themareactivated.
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Figure3.5: (a) The systemarchitectureof the real-timehumanmotion modelreconstructiorsys-

tem. (b) A screershotof theuserinterface.

Oneproblemof our two-step tting approachis that the joint and size constraintsof

thehumanbodyarenotincorporatedHence tting fails whenthebodypartsaretoo close

togethemwhich causegproblemsfor the segmentation.For the samereasorthis algorithm

cannothandleappearinganddisappearindpody partsvery well.

3.3.3 SystemAr chitecture and Performance

Thearchitectureof our systemis illustratedin Figure3.5(a).Usinga simpleuserinterface,

theusercandisplayandobsere, in realtime andfrom ary view-point, the 3D modelsand

the t ellipsoidalshells.Figure3.5(b)is a snapshobf the interfacewith the voxel models

beingshavn ontheleft andthe t ellipsoidalshellsontheright.

Thefollowing summarizevariousaspectandparametersf thesystem.

1. Fivecamerasreusedandeachof themis connectedo a266MHz PC.They arecali-

bratedby planarcalibrationpatternsvith themethoddescribedn [Zha99. Themain
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computetis equippedwith dualPentiumll 400 MHz processorsThe computersare

connectedogethetby a100Mb/'s huh

2. Thespaceof interestis acubeof size2m 2m 2mdividedinto 64 64 64 (i.e.

N = 64) voxelswith aresolutionof about3cmfor eachvoxel.

3. Theimagesarecapturedat aresolutionof 320x240pixels. Thesilhouetteextraction
methodin Section2.4 givessilhouetteerror probabilitiesof = 0.043(the prob-
ability thata silhouettepixel is wrongly marked asa non-silhouettepixel) and =
0.021(the probability that a non-silhouettepixel is wrongly marked asa silhouette

pixel).

4. Theaveragenumberof pixelsin a projectedvoxelis 10 (i.e. Z 10). To obtainthe
desiredspeedpnly two pixels(i.e. Q = 2) arechoserfor eachvoxel in thesilhouette
overlaptest. The optimal Q- is 1 accordingto Figure3.3(b). This corresponds$o a
total misclassi cationprobability P(FA) + P(FR) of 0.0092,comparedo avalueof
1.78e-9f we setQ = 10.

5. Table3.1 summarieghe approximateime requiredfor eachstep. With the display

functionturnedo , thesystemoutputsresultsof higherthan15 framespersecond.

Figure 3.6 shaws framesselectedrom a movie clip Realtime-SFS-econstruction-
tting .mpg illustratingthereconstructiontting resultsof our system.Within eachframe,
the upperleft pictureis the run-timeimagecapturedby one of the ve camerasandthe
lower left picture depictsits silhouettegeneratedy the backgroundsubtractionrmethod.
Theupperright pictureshavsthereconstructedoxelsof the persorusingSPO" while the
lower right picturerepresentshe t ellipsoids. Therearetwo framesdelay betweenthe
run-timeimagédsilhouettecomputationandthe reconstructedoxelgellipsoidsdueto the

pipelineprocessingf the system.Anothermovie clip Realtime-SFS-system.mpghows

All movie clips of this chapter can be found at
http7//www.cs.cmu.edligermanreseach/ThesigVidedChapte8/
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Step Approximate
Time Required

SendingReceving
Silhouettemages 15ms
ImageAcquisition 10ms

Voxel Reconstructionvithout
Surfaceextraction 35ms
Voxel Reconstructionvith

Surfaceextraction 40ms
SilhouetteGeneration 15ms
Ellipsoid Fitting 10ms
Model Display 100ms

Table3.1: Theapproximaterocessindime for eachstepin our system.

real-timefootageof theactualsystemtheuserinterfaceandtheresultscapturedduringan

experiment.

3.4 RelatedWork

Ourreal-timesystenfor 3D Voxel reconstructiorof humanmotionis partially inspiredby
the artsproject TRACE of Penty etal. [PSB99. While they useonly onecomputerand
focusontheartisticform of theresultingvoxels (without tting ary modelto the voxels),
our systemstudiesthe accurag of the reconstructiorand ts simple ellipsoidal models
to the reconstructedroxels. The application-basegapers[BLOO, BLO1] by Laurentini
following his seriesof theoreticalpapers[Lau94, Lau95, Lau97,Lau99 have a similar
goal as our real time humanmotion reconstructiorsystem. However, they concentrate
on the motion capturétting aspectgrom the reconstructedoxels, thusarenot real-time
andthereis no silhouettenoiseanalysis. Niem performederror analysisof voxel-based
reconstructioomethodsn [Nie97]. He focusedon local shapeerror causedy thediscrete
resolutionof the silhouettesthe voxels, the nite numberof views, andto someextent

cameracalibrationparametersHis analysisdoesnot include silhouetteimagenoisesbut
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provide guidelinesfor choosingthe numberof viewpoints and the voxel size to obtain
a given shapeaccurag. Moreover, Prockand Dyer proposeda real-timevoxel coloring
algorithmusinganoctreedatastructureandanearesheighborsearchapproacho maintain
thedetailsof thereconstructedoxels[PD98].

Sincewe introducedthe SPAO algorithm[CKBHOO], Buehleret al. have derived an-
otherfastalgorithmfor building andrenderingVisual Hulls of 3D polyhedal objectsus-
ing the visual conesintersectionmethod[MBR*00, BMMOL1]. Their algorithmproduces
surface-basedmesh)Visual Hulls andis particularly suitedfor rendering. On the other
hand,Mikic etal. built a systemsimilar to ours(Section3.3) to performhumanposture
estimatiofMHTCO1]. They extendedour systemby introducinga betterarticulatedoody
modelandvoxel tting stratgy. They use x ed-sizeellipsoidsto modelthe humanbody
andenforcejoint constraintaisingthe ExtendedKalmanFilter framewnork. Althoughthey
have not achieved real-timeperformancdor their tting procedurg20sperframe),their

strat@y is moresystemati¢hanour naveway of tting ellipsoidalshellsto thevoxels.

3.5 Discussion

Althoughwe have demonstratethatvoxel-basedFScanbeusedo reconstrucBD human
motionsin realtime, it isdi cultto achiere very accuratdhumanmotiontrackingfrom the
reconstructedoxels. Therearetwo majorreasondehindthisdi culty. First,sinceonly a
smallnumberof camerag4-6) areused thereconstructedoxel modelis very coarseand
lacksenoughinformationfor precisevoxel tting andmotiontracking.Secondlytheshape
(ellipsoids)andjoint information(for thesystemn [MHTCO1]) of thehumanmodeluseds
nottailoredto the particularhumansubjectto betracked. Theinaccurag in thekinematic
informationincreaseshe errorsin trackingfor the high degree-of-freedonhumanbody
To solve thesetwo problems,in the next few chapterswve rst extendthe traditional SFS
sothatsilhouetteimagesover time canbe combinedo build a detailedhumanmodel. We

thenextendthis approacho acquirekinematicinformationof the humansubject.
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Figure 3.6: Twenty four selectedframesfrom the movie clip Realtime-SFS-econstruction-
tting .mpg illustratingour real-timehumanmotionreconstructiorsystem{CKBHOO0].






Chapter 4

A New Visual Hull Representation:

Bounding Edge

In Chapteimfwo we presentetivo commorwaysto represenYisualHulls: two-dimensional
surfacepatchesandthree-dimensionaliscretevoxels. In this chaptey we proposea new
representatiorior Visual Hulls using a one-dimensionaéntity called a Bounding Edge
(BE). We rst give the de nition of BoundingEdgesand explain how they canbe con-
structedfrom the silhouettemages.We thendiscusghe Second~undamentaPropertyof
VisualHulls whichis closelyrelatedto thede nition of aBoundingEdge.Finally we com-
parethe advantagesand disadwantageof the threeVisual Hulls representation@iscrete

voxels,surfacepatchesandBoundingEdges).

4.1 De nition of Bounding Edge

Considerasetof K silhouetteimages‘s‘j(gatagiventimeinstantt,-. Let u‘j beapointonthe
boundaryof the siIhouetteimageS'j‘. By projectingu‘j into 3D spacethroughthe camera
centerC¥, we getaray r;. A BoundingEdgeE! is de ned to be the partof r suchthat

the projectionof Eij ontothel™ imageplanelies completelyinsidethe siIhouetteS'j for all

33
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Figure4.1: The BoundingEdgeE] is obtainedby rst projectingtherayr} ontoS?, S3, St and
thenre-projectingthe segmentsoverlappedwith the silhouettesbackinto the 3D space.E] is the
intersectiorof thereprojectedsegments.

| 2 f1; ; Kg Mathematicallythe conditioncanbe expresseds

E, r and (E) s

il ;8 12f1 ;Kg: (4.1)

Figure4.1l illustratesthe de nition of a BoundingEdgeatt;. A BoundingEdgecanbe
computedeasilyby rst projectingthe rayr‘j ontothe K 1 silhouetteimagesS'; | =
1 :K; |, k, andthenre-projectingthe segmentswhich overlapwith S'j backinto
3D space.TheBoundingEdgeis theintersectiorof thereprojectedsegments Notethatthe
BoundingEdgeE‘j is not necessarilya continuoudine. It may consistof severalseggments
if any of the silhouetteimagesarenot corvex. An exampleis shovn in Figure4.2 where
the BoundingEdgecontaingwo segments Hereaftera BoundingEdgeE‘j is denotedby a

setof ordered 3D vertex pairsasfollows:
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Figure4.2: A situationwherethe BoundingEdgeEi1 consistof morethanonesegmentwhenone
or moreof the silhouettesarenot corvex. In this caseEi1 containstwo sggments SV‘l(l); FVil(l)

and SVI(2);FVi(2) .

. n . . .
Ei= SVi(m)FVi(m) ; m=1;:: M,

J (4.2)

WhereSVJ‘.(m) and FV}(m) representhestartvertex and nish vertex of them®" segmentof
the BoundingEdgerespectiely and M is thenumberof segmentshat E} is comprisecf.
By samplingpointson the boundarie®f all thesilhouetteéimagesS¥; k = 1; ' Kg
we canconstructalist of L; BoundingEdgesthatrepresentshe VisualHull H;.

An exampleof usinga setof BoundingEdgesto representhe Visual Hull of areal
objectis shavn in Figure4.3. Figure4.3(b)shows six silhouetteimagesof a toy dinosaur
placedon a bunch of bananaqFigure 4.3(a)). Bounding Edgesare extractedfrom the
silhouetteimagesand are shaovn from threedi erentviewpointsin Figure4.3(c). As a
comparisong voxel-basednodelis alsobuilt usingthe six silhouettesandis shaovn from

di erentviewpointsin Figure4.3(d).
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(@) (b)

(©)

(d)

Figure4.3: (a) A toy dinosaurplacedon a bunch of bananas.(b) Six silhouetteimagesof the
dinosaurand the bananasapturedfrom six di erentcameras.(c) Threedi erentviews of the
BoundingEdgesextractedfrom sampledooundarypointsof the six silhouetteimages. (d) Three
di erentviews of avoxel modelreconstructedsingthethe standardroxel-basedsFSalgorithmas
discussedh Section2.3.2.Eachsideof thevoxel is aboutl.5cmlong andthedimensionf thetoy
dinosaurareabout30cmby 14cmby 15cm.
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4.2 SecondFundamental Property of Visual Hull

The mostimportantproperty of the Bounding Edge representatiornis that its de nition
capturesoneaspectof Shape-From-Silhouetteery naturally To be precise we statethis

propertyasthe Second~undamentaPropertyof VisualHulls asfollows:

SecondFundamental Properties of Visual Hulls (2" FPVH)
Ead BoundingEdge of the Visual Hull touchesthe object(that formedthe silhouetteim-

ages)at at leastonepoint.

We have to emphasize¢hatthe BoundingeEdgestoudcestheobject(tangentially)rather
thanintersectsobjects. Notice that segmentoriginatingfrom an interior point of the sil-
houetteintersectqratherthantouches)}he objectat at leastone point. The adwantageof
the BoundingEdgestouchingthe objectratherthanintersectingt is thatthe visibility of
the pointson the BoundingEdgescanbe easily determinedusingonly the silhouetteim-
ages. The detailsof determiningvisibility of pointson BoundingEdgesare discussedn
Section5.4.

The 2"¥ FPVH allows us to useBoundingEdgesto storeandrepresenthe oneaspect
of theshapenformationof the objectthatcanbe extractedfrom a setof silhouetteimages.
Despitebeinganimportantproperty the 2" FPVH is oftenoverlookedby researcheraho
usuallyfocusonthe 15t FPVH (Section2.2.3)whenusingSFSfor shapeestimation.n the
next chapteywe will seehow the 2" FPVH canbe combinedwith stereoto locatepoints

onthesurfaceof theobject.

4.3 RelatedWork

In theirimage-base¥isualHull renderingvork [BMMG99, MBR ™00, Mat01], Matusiket
al. proposedh ray-castingalgorithmto renderobjectsusingsilhouetteimages.Their way

of intersectinghe castingrayswith the silhouettemagess similar to theway our Bound-
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ing Edgesareconstructed However, therearetwo fundamentatli erencedetweertheir
approachandthe de nition of BoundingEdge. First, our BoundingEdgesareoriginated
only from pointson theboundaryof thesilhouettemagewhile their castingrayscanorigi-
natefrom anywhere,includingary pointinsidethesilhouette Secondtheir castingraysdo
notembedtheimportant2"® FPVH asBoundingEdgesdo. In aseparatgape{BMMO01],
Matusik et al. also proposeda fastway to build polyhedralVisual Hulls. They based
their idea on visual coneintersectionbut simpli ed the representatiomnd computation
by approximatinghe actualsilhouetteas polygons(i.e. ary curved partof the silhouette
is approximatedy straightlines) which is equivalentto approximatingthe 3D objectas
polyhedralshape.Dueto this approximationtheir resultsarenot the exact surface-based
representatiodiscussedn Section2.3.1exceptfor true polyhedralobjects. Nevertheless
theirideaof calculatingsilhouetteedgebins canbe appliedto speedup the construction
of BoundingEdges.Lazebniket al. [LBP01] independentlyproposeda nev way of rep-
resentingVisual Hulls. The edgeof the “Visual Hull mesh”in their work is theoretically
eguialentto thede nition of a BoundingEdge. However, they computetheir edgesafter
locatingfrontier andtriple pointswhereasve computeBoundingEdgesdirectly from the

silhouetteimages.

4.4 Discussion

To comparethe merits of usingthe threeVisual Hull representationsye de ne two im-
portantattributes: exactnesandcompletenessA VH representatiors saidto be exactif
the geometricentitiesof the representatiomactuallylie on the exact boundaryof the Vi-
sualHull. The representations saidto be completeif the geometricentitiesgive us a
completelyclosedboundaryof the VisualHull. An exactrepresentatiois not necessarily

completeandvice versa.

Inherentlythe surfacerepresentatioms an exactandcompleterepresentatiotrecause
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the surfacepatchedorm an exactand closedboundaryof the Visual Hull. On the other
hand thevoxel representatiors inexactbut completeasthe collectionof all surfacevoxels
formsa closedboundaryto the Visual Hull, althoughthey arenot guaranteedo lie onthe
exactboundaryof the Visual Hull. By the way they are constructedBoundingEdgesall
lie on the exactboundaryof the Visual Hull andthereforethey areexact. However, since
theboundaryof thesilhouettes only sampledata nite collectionof points,theBounding
Edgerepresentatiodoesnotform acompletelyclosedooundaryIn otherwords,Bounding
Edgesare exact but incompleterepresentatiorof a 3D Visual Hull. Asymptotically if
we samplethe silhouetteboundaryin nitely , the Bounding Edgerepresentationvill be
completeand equivalentto the surfacerepresentationSimilarly the voxel representation
will be exactandequalto the volume boundedby the surfacerepresentatiofif the voxel
sizeisin nitely small.

Thereareprosandconsof usingeachVisual Hull representatiomnderdi erentsitu-
ations. In termsof low compl«ity, the exact surfacerepresentatiofis the leastdesirable
representatiomasit is computationalljthe mostexpensve. For real-timeVisual Hull con-
struction,thevoxel representationutperformghe othertwo representationdueto thefast
voxel-basedvH constructiormethods.In applicationssuchasVisual Hull alignment(to
bediscussedh the next chapterwhereaccurateshapanformationof the objectis needed
(i.e. exactnesss moreimportantthancompletenessjhe BoundingEdgerepresentatiors
preferredbecauset is exact, computationallylessexpensve thanthe surfacerepresenta-
tion andits de nition embedshe 2" FPVH naturally For applicationssuchas obstacle
avoidanceor objectre-renderingrom a di erentviewpoint (seethe image-basednotion
renderingapplicationin Chapte© asanexample) the Boundingedgerepresentatiors not
suitableasit is not complete.As a summary Table4.1 lists someof the propertiesof the

threeVisualHull representationssurfacepatch,discretevoxel andBoundingEdge.
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Table4.1: Tablecomparingthe surfacepatch,discretevoxel andBoundingEdgerepresentations

Chapter4. A New VisualHull RepresentatiorBoundingEdge

Properties H SurfacePatches| Discrete Voxel Bounding Edge
BasicGeometricEntities 2D Surface 3D Volume 1D Line Sggment
Completeness complete complete incomplete
Exactness exact inexact exact
Computational high (intersect | low (testoverlap | moderatdintersect
3D planes of 2D pointswith 2D lineswith
Compleity andsurfaces) | 2D silhouettes) | 2D silhouettes)
naturalrelationship
with the 15t FPVH yes yes no
naturalrelationship
with the 2"d FPVH yes no yes
Real-time VisualHull
Applications shapeestimation Alignment
[CKBHOOQ] andRe nement
[CBKO3]

of VisualHulls.




Chapter 5

Visual Hulls AcrossTime: Rigid Objects

Shapeestimationby SFScanbevery coarsewhenthereareonly afew silhouetteimages,
especiallyfor comple-shapedbjectssuchasthe dinosaurand bananasxamplein Fig-
ure 4.3. To illustrate the coarsenessf the voxel model (which was built usingonly six
silhouetteimages)in Figure 4.3(d), we coloredthe voxels by re-projectingtheir centers
ontothe colorimages. The modelis re-displayedn Figure5.1(b)with colors. Although
this modelapproximateshe shapeof the objectswell, a lot of the details,suchasthelegs

andthehornsof thedinosauraremissing.

Bettershapeestimatesanbe obtainedusing SFSif the numberof distinct silhouette
imagesis increased.For example,the modelshovn in Figure5.1(c)is constructedising
36 silhouetteimagesandthatin Figure5.1(d)is constructedising66 silhouettemages.It
canbe seenthatthe modelsbuilt using36 and66 silhouetteimagesare muchbetterthan
theonebuilt usingonly 6 silhouettesn Figure5.1(b).

The numberof distinctsilhouettescanbe increasedn oneof two ways: acrossspace
or acrosstime. By acrossspace we meanincreasingthe numberof camerasised. The
acrossspaceapproachthoughsimple and straightforvard, may not be feasiblein mary
practicalsituationsdueto nancial (buying morecameraspr physical(systemsetupand

cameracalibration)limitations. In this chapterwe proposeanothermway of increasinghe

41
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(@) (b)

(©) (d)

Figure5.1: (a) An imageof thetoy dinosaurandbananas(b) The 3D coloredVisual Hull voxel
modelreconstructedisingsix silhouetteimagesof the dinosautbananasSomeshapedetailssuch
asthelegs andthe hornsof the dinosaurare missingin this model. (c) Voxel modelreconstructed
using36 silhouettémages.Muchbettershapeestimatioris obtained.(d) Voxel modelreconstructed
using66 silhouetteimages.An evenbettershapeestimates obtained.

numberof silhouetteimagesby capturinga numberof silhouettedrom eachcameraasthe
objectmovesacrosgime andthenusingall the silhouetteimages(after compensatindor
the motion of the object)for reconstruction.For example,for a systemwith K cameras
andJ framesof imagesthee ective numberof camerasvould beincreasedo JK. This
is equivalentto addinganadditional(J 1)K physicalcamerago the system.
Therearetwo tasksto constructingvisual Hulls acrosgime: (1) estimatingthe motion
of the objectbetweensuccessie time instantsand (2) combiningthe silhouetteimagesat
di erenttime instantsto geta re ned shapeof the object. In this chapter we assumehe
objectof interestis rigid, but the motion of the objectbetweerframesis totally arbitrary

andunknovn. We referto the taskof computingtherigid transformatioras Visual Hull
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Alignmentandthetaskof combiningthesilhouettamagesatdi erenttimesasVisualHull
Re nement. Both taskswill be discussedn detailsin therestof this chapter While we
focuson rigid objectshere,in the next chapterwe will extend the samealignmentand

re nementideato articulatedobjects.

5.1 Visual Hull Alignment

To combinesilhouetteimagesacrosstime, the motion of the object betweenframesis
required. For static objects,the problemmay be simpli ed by putting the objecton a
preciselycalibratedturn-tableso thatthe motionis known in advance[Sze93. However
for dynamicobjectswhosemovementwe do not have controlor knowledgeof, we haveto
estimatehe unknovn motionbeforewe cancombinethe silhouetteémagesacrosdime. To

be moreprecise we statethe VisualHull AlignmentProblemasfollows:

Visual Hull Alignment by Silhouettelmages:

Supposeve aregiventwo setsof consistensilnouetteémagesS¥; k= 1; K )=
1; 2gof arigid objectO from K camerasttwo di erenttime instantst;and,. Denotethe
Visual Hulls for thesesilhouettesetsby Hj; j = 1;2. Without lossof generality assume
the rst setof imagesfSkgaretakenwhenthe objectis at positionandorientationof (1; Q)
while thesecondmageseth'ggis takenwhentheobjectis at (R; t). Theproblemof Visual
Hull alignmentisto nd (R;t) suchthatthereexistsanobjectO which exactly explainsthe
silhouettesat bothtimest; andtherelative positionandorientationof O is relatedby (R; t)
fromt, tot,. Moreover, we saythatthetwo VisualHulls H, andH, arealignedconsistently
with transformation(R; t) if andonly if we can nd anobjectO suchthatH; is the Visual
Hull of O atorientationandposition(l; Q) andH, is the VisualHull of O atorientationand

position(R; t).
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Figure5.2: A 2D exampleshaving the ambiguityissueof aligning VisualHulls. Both casesn (a)
and(b) have thesamesilhouetteémagesetsattimest; andt, but they areformedfromtwo di erent
objectswith di erentmotion.

Sinceit is assumedhatthe two setsof silhouettemagesareconsistenandcomefrom
the sameobject, there always exists at leastone set (the true solution) of objectO and
motion (R; t) thatexactly explainsboth setsof silhouetteimages.Now we studywhether

aligningtwo VisualHulls canbe solveduniquelyor not.

5.2 VH Alignment Ambiguity And GeometricalConstraints

Aligning two Visual Hulls using silhouetteimagesaloneis inherentlyambiguous. This
meanghatin generathe solutionis not uniqueandthereexistsmorethanonesetof (R; t)
which satis esthealignmentcriterion. A 2D exampleis shavn in Figure5.2. In the gure,
both (a) and(b) have the samesilhouetteimagesets(andhencethe sameVisual Hulls) at
timest; andt,. However, in (a), the silhouettesareformedby a curved objectwith a pure
translatiorbetweert; andt,, while in (b), the silhouettesarecreatedoy a polygonalobject
with botharotation(200degreeslandatranslationbetweert; andt,.
Themotionambiguityin VisualHull alignments adirectresultof theindeterminag in

theshapeof theobject. Althoughthealignmentsolutionis notunique thereareconstraints
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on the motion andthe shapeof the objectfor a consistentlignment.We rst discusshe

geometricaktonstraintdor aligningtwo 2D VisualHulls andlaterextendthemto 3D.

5.2.1 Geometric Constraints for Aligning 2D Visual Hulls

To establisithe constraintdor aligningtwo 2D VisualHulls, we begin with thefollowing

two lemmaswhich expresssomefundamentapropertiesof 2D VisualHulls.

Lemma5.1:

For a closedandconnecte®D object,its VisualHull from K silhouetteémagess a cornvex
polygonwith at most2K BoundingEdges.Corversely ary corvex polygonwith M 4
edgescanbe thoughtof asa Visual Hull formedfrom K silhouettesof someclosedand
connecte®D objectwhereK = d%e

Proof: SeeAppendixB.1 [ |

Lemmab.2:

Eachedgeof the 2D polygonalVisualHull H of anobjectO hasto touchtheobjectO atat
leastonepoint. Corverselyary closedandconnecte®D objectO which satis esthetwo
conditions:(1) O H, and(2) O touchesachedgeof H atatleastonepoint,is anobject
whichformsthesilhouettesof H.

Proof: SeeAppendixB.2 [

Lemmab.1 establisheshe fact that the Visual Hull of arny closedand connected2D
objectmustbeacornvex polygon.Lemma5.2is essentialljthe 2D versionof the2"d FPVH.
Now if we let Eij bethe edgesof H;, Tr.y(A) be the entity after applyingtransformation
of (Rjt)to A andT(Rl;t)() denotegheinversetransformationthe geometricconstraintdor

aligningtwo 2D VisualHulls areexpressedn Lemma5b.3asfollows:

Lemmab.3:

Giventwo 2D VisualHulls H; andH,, thenecessargndsu cientconditionfor themto be
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Refined Visual Hull

5
consigtently aligned Inconsistently aligned E,

(© (d)

Figure 5.3: (a)(b) Two Visual Hulls of the sameobjectat di erentpositionsand orientations.
(c) All edgessatisfy Lemma5.3 whenthe alignment(R; t) is consistent(d) edgesE], Ef, E3,
T(Rlato)(E%), T X tO)(Eg), T X tO)(E;) all violate Lemma5.3 whenthe Visual Hulls are not aligned

; (R’ (R,
consistently
alignedconsistentlywith transformation(R; t) is givenasfollows : No edgeof Tr.)(H1)

lies completelyoutsideH, andno edgeof H, lies completelyoutsideT g.t)(H1).

Proof: SeeAppendixB.3 [ |

Figure5.3(a)(b)shavs examplesof two 2D VisualHulls of the sameobject.In (c), the
alignments consistenandall edgedrom both VisualHulls satisfyLemma5.3. In (d), the
alignmentis inconsistentaindthe edgesEs, Ef, E3, T(Rlo;to)(E%), T(Rlo;to)(Eg), T(Rlo;to)(EZ) all
violateLemmab.3. Lemmab.3 providesagoodway to testif analignmentis consistenor

not, atleastin 2D.
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Figure5.4: (a) An exampleof two synthetic2D VisualHulls (eachwith four edgesjandthe space
of consistenallignments.(b) An exampleof two synthetic2D Visual Hulls (eachwith six edges)
andthe solutionspaceof consistentalignments.

To illustrate how theseconstraintscan be usedin practice,two synthetic2D Visual
Hulls (polygons)eachwith four edgesveregeneratecindLemmab.3 wasusedto search
for the spaceof all consistentlignments.In 2D thereareonly threedegreesof freedom
(two in translationandonein rotation). The spaceof consistenalignmentsare shown in
Figure5.4(a). As canbe seen therearetwo unconnectedubsetof the solutionspace,
clusteredarounddi erentrotationangles.Anothersetof synthetic2D Visual Hulls with 6
edgesarealsoshowvn in Figure5.4(b). In this example,thereis only oneconnectedubset

of solutions.
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Now considera variantof Lemmab.3whichwe calledLemmab.4 asfollows:

Lemma5.4:
(R; t) is a consistentlignmentof two 2D Visual Hulls H; andH,, constructedrom sil-
houettesetsfS'j‘g j = 1;2if andonly if thefollowing conditionis satis ed: for eachedge
E‘1 of T(r.t)(H1), thereexists at leastonepoint P on Ei1 suchthatthe projectionof P onto
thek™ imagelies insideor on theboundaryof the silhouetteS for all k = 1; K.
Proof: SeeAppendixB.4 [ |
Lemmab.4 expresseshe constraintan termsof the silhouetteimagesratherthanthe
Visual Hull. For 2D objects,thereis no signi cant di erencebetweenusingLemmas.3
or Lemmab.4 to specify the alignmentconstraintsbecauseall 2D Visual Hulls can be
representeeasily by a polygonwith nite numberof edges. For 3D objects,however,
the 3D versionof Lemmab.3is not very practicalbecauset is di cult to represent 3D
Visual Hull exactly andcompletely By expressinghe geometricakonstraintsn termsof
thesilhouettemages(Lemmab.4) insteadof the Visual Hull itself (Lemma5.3),theneed
for anexactandcompleteVisual Hull representatiocanbe avoided. In the next section,
we extendLemmab.4to 3D andestablisithe constraintdor aligningtwo 3D VisualHulls

usingonly thesilhouetteimages.

5.2.2 Geometric Constraints for Aligning 3D Visual Hulls

The geometricconstraintsfor aligning two 3D Visual Hulls are expressedn terms of

Lemmab.5below:

Lemmab5.5:

For two convex 3D Visual Hulls H; and H, constructedrom siIhouettesetsfS'j‘g j =

1; 2, the necessarand su cient conditionfor a transformation(R; t) to be a consistent
alignmentbetweenH; andH, is asfollows: for ary BoundingEdgeE} (de ned by (4.2)

in Chapterd) constructedrom the silhouetteimagesetfs'gg thereexistsatleastonepoint
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Figure 5.5: An examplescenarioof a solid cubewith a throughhole in the x-direction. The
su cientpartof Lemma5.5is notvalid in thisexample.

P on E‘1 suchthatthe projectionof the point T(r.ty(P) ontothe k™ imagelies insideor on
thesilhouetteS'; forallk = 1; ; K. Similarly, for any BoundingEdgeEi2 constructed
from fSkg thereexists at leastone point P on E,, suchthat the projectionof the point

T(Rl;t)(P) onthek" imagelies insideor onthesilhouetteS‘;.

Proof: SeeAppendixB.5 [ |

Notethattheconditionin Lemmab.5is still necessarput notsu cientif eitheroneor
bothof thetwo VisualHulls arenon-cowex. Figure5.5shavsacounterexampleof acube
with aholethroughthemiddleof thecubein thex-directionandthreecameraplacedn an
orthogonaketuparoundthe cube.Considentwo setsof silhouettesvhich arecapturedatt;
andt, with the cubeat exactly the samepositionandorientation.Thetransformatior(l ; Q)
is obviously a consistentalignmentbetweent; andt, becausat is the true solutionand
hencethe conditionsin Lemmab.5 aresatis edfor the identity transformatior(the neces-
sarypartof the Lemma).Now considerthetransformatiorof rotatingthe cubearoundthe

z-axisfor 90 degreeswithoutary translation.Thisis notaconsistenalignmentecaus¢he
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silhouettesatt; andt, from they-directioncamerado not matchunderthis transformation.
However, the conditionsin Lemmab5.5arestill satis ed with this 90 degreerotationabout
z-axistransformation Note thatthis transformatiorwill be a consistentlignmentif there
is noholein thecube.

For generaBBD objectsLemmab.5is usefulto rejectinconsistenalignmentdbetween
two Visual Hulls but cannotbe usedto prove if analignmentis consistent.Theoretically
we can prove if an alignmentis consistentasfollows. First transformthe Visual Hulls
usingthe alignmenttransformatiorand computethe intersectionof the two Visual Hulls.
TheresultantisualHull is thenrenderedvith respecto all thecamerastbothtimesand
comparedwith the two original setsof silhouetteimages.If the new Visual Hull exactly
explainsall the original silhouetteimages,thenthe alignmentis consistent.In practice,
however, this ideais computationallyvery expensve andis inappropriateasan algorithm
to computethe correctalignmentbetweenwo 3D Visual Hulls. In Section5.3.3,we will
shav how thehardgeometricconstraintstatedn Lemmab.5 canbeapproximatedy soft

constraintandcombinedwith photometricconsisteng to align 3D Visual Hulls.

5.3 Resolvingthe Alignment Ambiguity

Sincealigning Visual Hulls usingsilhouetteimagesaloneis ambiguousadditionalinfor-
mationis requiredin orderto nd the correctalignment.In this sectionwe shov how to
resole the alignmentambiguityusingcolor information. First we combinethe 2" FPVH
(introducedin Chapterd4) with stereoto extracta setof 3D points(which we call Colored
SurfacePoints)on the surfaceof the objectat eachtime instant. Thenthe two setsof 3D
ColoredSurfacePointsareusedto alignthe VisualHulls throughthe 2D colorimages.The
ideais discussedn detailssubsequentlyWe assumehatbesideghe setof silhouetteim-
agesfS'j‘g thesetof original colorimageswhich the silhouetteamageswverederivedfrom)

arealsogivenandrepresentedy fl }‘g
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5.3.1 Colored Surface Points (CSPs)

Although the SecondFundamentaPropertyof Visual Hull tells us that eachBounding
Edgetouchegheobjectat atleastonepoint, it doesnotprovideawayto nd thistouching
point. Herewe proposea simple(one-dimensionaljearchbasedn the steregprincipleto
locatethis touchingpoint asfollows.

If we assumethe objectis Lambertianand all the camerasare color balancedthen
ary point on the surfaceof the objectshouldhave the sameprojectedcolor in all of the
colorimages.In otherwords,for any pointon the surfaceof the object,its projectedcolor
varianceacrosshe visible camerashouldbe zero. Henceon a BoundingEdge,the point
whichtouchegheobjectshouldhave zeroprojectedcolor variance. This propertyprovides
a goodcriterion for locatingthe touchingpoints. Hereafterwe call thesetouchingpoints
the Colored SurfacePoints (CSP)of the object.

To expressthe idea mathematically considera Bounding Edge E| from the | Vi-
sualHull. Sincewe denotedthe BoundingEdge E‘j by a setof ordered 3D vertex pairs
" SVj(m); FV;(m) 0(Equation(4.2)),we canparameterize point Wi(m; w) on E\ by two

parametersn andw, wherem 2 f1; ;Migand0 w 1with
Wi(mw) = SV,(m+w FV;(m) SVj(m) : (5.1)

Let c‘J?(P) bethefunctionwhich returnsthe projectedcolor of a3D point P onthe k™ color
imageat time t;. The projectedcolor mean ij(m; w) andvariance ‘j(m; w) of the point

Wi(m; w) aregivenas

X

mw) = < Wi mw);
iXk
(mw) = = [CWimw) (M w)]®: (5.2)

Ik

The projectedcolor c‘J?(W} (m; w)) from camerék is usedin calculatingthe meanandvari-

anceonly if W}(m; w) is visible in that cameraand nij denoteghe numberof the visible
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Figure5.6: Locatingthetouchingpoint (ColoredSurfacePoint) by searchingalongthe Bounding
Edgefor the pointwith the minimum projectedcolor variance.

camerador point W; The questionof how to conseratively determinethe visibility of
a 3D point with respectto a camerausing only the silhouetteimageswill be addressed
shortly. Figure5.6illustratestheideaof locatingthetouchingpoint by searchingalongthe

BoundingEdge.

In practice dueto noiseandinaccuracies colorbalancingjnsteadf searchindor the
pointwhich haszeroprojectedcolor variance we locatethe point with the minimumvari-
ance.In otherwords,we setthe ColoredSurfacePointof the objecton E‘j to beW}(r"n; W)
wherem andw minimizes ij(m; w)yforO w 1, mz2fl ; ; Mijg Note that
by choosingthe point with the minimum variance,the problemof tweakingparameters
or thresholdsof ary kind is avoided. The needto adjustparameter®r thresholdss al-
ways a problemin other shapereconstructiormethodssuchas spacecarving [KS00] or

multi-baselinestereOK93]. Spacecarvingreliesheavily onacolorvariancehresholdo
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Figure5.7: Two setsof CSPsof the dinosautbananasiatasefseeFigure 5.1) obtainedat two
timeinstantswith di  erentpositionsandorientationgthe pointsaredravn assmallcubedor better
display). Note that the CSPsare sparselysampledandthereis no point-to-pointcorrespondence
betweerthetwo setsof CSPs.

remove non-objectvoxels and stereomatchingresultsare sensitve to the searchwindow

size.In our case knowing thateachBoundingEdgetouchegheobjectat at leastonepoint
(2" FPVH) is the key pieceof informationthatallows usto avoid ary thresholds.In fact
locatingCSPsds a specialcaseof the problemof matchingpointson pairsof epipolarlines
asdiscussedn [SG98,IHA02]. In [SG9] and[IHAO02], pointsarematchedon “general”
epipolarlines on which theremay or may not be a matchingpoint so a thresholdandan

independendlecisionis neededor eachpoint. To locateCSPspointsarematchecdn “spe-
cial” epipolarlineswhich guaranteeo have atleastonematchingpoint sono thresholds

required. Hereafter for simplicity we drop the notationdependencef m, w,”anddenote
(with a slightaluseof notation)the CSPsW/(ff; ) by W; andits color (i) by .

5.3.2 Alignment by Color Consistency

Supposeave have locatedtwo setsof ColoredSurfacePointsattwo di erenttime instants
t; andt,. For example,Figure5.7 shavs two setsof CSPsfor the dinosaufbananagsee

Figure5.1) obtainedat two time instantsattwo di erentpositionsandorientations.Since
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the setsof CSPdie ontheir correspondingrigid) VisualHulls H; andH,, the problemof
aligningH; andH, is equivalentto aligningthetwo setsof CSPs.Thequestiomow is how
canwe align the two setsof CSPs.Beforeansweringhis question,we have to point out
two very importantfactsaboutCSPs.First of all, the CSPsat eachtime instantarepoints
onthe occludingcontours.This meanghat CSPsareonly sparselysampledoointson the
surfaceof the object(asopposedo the 3D datapointsacquiredfrom laserrangedevices
[CYB, CTI, TTI] which producedenselysampledsurfacepointson the object). The point
sparsityprohibitsus from usingwell establishe®D point alignmentmethodssuchasthe
Iterative ClosetPoint (ICP) method[BM92, Zha94 RLO1]. Secondlythe only property
commonof the two setsof CSPsis thatthey all lie on the surfaceof the object. Thereis
no point-to-pointcorrespondenciketweenary two setsof CSPsobtainedatdi erenttime
instant. Becauseof this, alignmentmethodswhich areusedin the structure-from-motion

literature[ TK92, PK92,0QK96] cannotbeusedto alignthe CSPs.

To solvethe CSPalignmentproblem we useanideasimilarto thatusedto solvethe2D
imageregistrationproblemin [Sze94. In our case jnsteadof registeringa 2D imagewith
another2D image,we align 2D images(fl'z‘g) at time t, with a“3D image” (the Colored
SurfacePointstilg attime t; throughthe projectionfunctionsf *g The error measure
usedis the sumof color di erencesdetweenthe Colored Surface Pointsat time t; and
their projectedcolorsfrom the colorimagesat time t, andvice versa.Mathematicallylet

fllsSiSw b =1 Lj; k=1 :K; j = 1;2gbethetwo setsof data.To

nd themostcolor consistenalignment(R; t), considerthe color errorfunction

X X

e=  €pt &y (5.3)
i=1 i=1
. X . .
é,= &= [RW, R't) L*; (5.4)
k k
. X X . .

&= &= [SRWi+1) 12 (5.5)

k k
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Whereeiz;!‘1 representthedi erencebetweerthemeancolor | of theColoredSurfacePoint
Wi attime t; andits projectedcolor c§(RW + t) in camerek attime t,. Notethatattime
t,, the new positionof Wi dueto the motion of the objectis RWi + t. Likewise, e'l"2 is
thedi erencebetweenthe meancolor | of Wi andits projectedcolor c{(R™W, R't)
in camerak attime t;. Fromnow on, we referto the error of aligning 3D pointswith the
2D imagesforwardin time (e.g. 3D pointsatt; and2D imagesatt,) astheforwarderror.
Similarly the error of aligning 3D pointswith the 2D imagesbackwardin time (e.g. 3D
pointsatt, and2D imagesatt,) is referredto asthebackwarderror. In thecurrentexample,
€., is theforwarderrorwhile e,., is thebackvarderror. Justaswhenlocatingthe CSPson
the BoundingEdgein Equation(5.2),the summationsn equationg5.4) and(5.5) include
the projectedcolor of camerak only if the point of interestis visible in that camera.The
processf VisualHull alignmentby color consisteng is illustratedin Figure5.8.

If we parameterizdk andt as
=[ 1 2 3 4 5 6 (5.6)

where ; ,; 3 aretheEuler'sanglesof Rand 4 5, ¢ arethex;y;zcomponentof
t, theminimizationof (5.4) canbe solvedby aniterative methodsimilar to the Levenbeg-
Marquardtalgorithm[DS83,PTVF93]:

1. With aninitial estimate” , calculatethe Hessiarmatrix H = fhngandthedi erence

vectord = fd,gwith m;n = 1; :6as

ik ik ik ik
xe X @1;2 @1;2 +Xl X @;1 @Iz;l .

Pimn = = : (5.7)
i=1 Kk @ ]m@ ]I’l i=1 k @ ]m@ ]I’l
e X @ XX @
dn= 2 dhmrt il (5.8)

'@ Im

1,2
i=1 k @ Im i=1 k
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Figure5.8: VisualHull Alignmentusingcolorconsisteng Theerrorbetweerthe colorsof the3D
surfacepointsandtheir projectedmagecolorsis minimized.

2. Updatetheparameter byanamount = (H + 1) 1d, where isatime-varying

stabilizationparameter

3. Gobackto 1. until theestimateof ~ converges.

To initialize the optimizationparametersye approximatethe two setsof CSPsat t;
andt, eachby anellipsoidalshell (usingEquationg3.3),(3.4) and(3.5)in Section3.3.2).
The initial estimateof the translationvectort is thensetasthe relative positionsof the
centersof the two ellipsoids. Similarly theinitial guessor therotationmatrix R is setas

therelative orientationof thetwo ellipsoids. This simpleinitialization methodworkswell
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for mostobjectswhentherotationof the objectbetweerthe two time instantsis lessthan

90 degrees.

5.3.3 Alignment by Color Consistencyand Geometrical Constraints

Sincethe above formulationfor aligning two setsof CSPsis inspiredby the 2D image
registrationproblem[Sze94],the error measurgEquation(5.3)) is basedsolely on color
consisteng (stereo). Thoughsimple, this formulationdoesnot take into accountan im-
portantfact: the CSPslie on the surfaceof Visual Hulls whosealignmentis governedby
the geometricconstraintstatedn Lemma5.5. Herewe shov how the hardconstraintof
Lemmab.5 canbe corvertedinto soft constraintsandcombinedwith color consisteng to

alignthe CSPs.

RecallLemmab.5 stateghatif (R;t) is a consistenalignmentthenfor any Bounding
EdgeE!, thereexistsatleastonepoint P on E‘1 suchthatthe projectionof thetransformed
point RP + t lies insideor on the boundaryof all the silhouetteimagesfSkgattime t, and
vice versa.In factP is the point wherethe objecttoucheshe BoundingEdge,which we
have extractedasa CSP Hencethe constraintis equivalentto sayingthatall transformed
CSPpointsattime t; mustlie insideor on the boundaryof the silhouetteimagesfSkgand
vice versa. In practice,dueto noisesandcalibrationerrors,insteadof applyingthis hard
constraintdirectly to the optimizationproceduregEquations(5.6) to (5.8)), we incorpo-
rateit asa soft constraintby minimizing the distancebetweerthe projectedCSPandthe

silhouettesasexplainedbelow.

Assumewe have the samesetsof datafll;SSSWi; 4 i = 1, Li; k=
1, 'K; ] = 1;2gasbefore. Let (R; t) be an estimateof the rigid transformation.
Considerrst the calculationof theforwarderror For aCSPW; (with color ) attimet;,
its 3D positionattime t, would be RW: + t. Considertwo di erentcasef the projection

of RW; + t into thek™ camera:
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1. Theprojectionlies insidethe silhouetteS¥. In this casewe usethe colordi erence
[cK(RW: +t)  |]? astheerrormeasurewhereasde ned before,ck(P) is the pro-
jectedcolor of a 3D point P into the colorimagelX. Herewe setthe color errorto
zeroif the projectionof P lies outsideS. We call this errorthe forward photometric

error

2. The projectionlies outsideS. In this case,we usethe distanceof the projection
from S, representetly d§(RW, + t) asanerrormeasureThedistances zeroif the

projectionliesinsideS. We call this errorthe forward geometricerror

Summingover all camerasn which W! is visible, the forward error measureof W with
respecto (R; t) is givenby
X

&= f dRW+O+[SRW +1) Tg; (5.9)
k

where is aweighingconstant.Equation(5.9) combineshe color consisteng constraint

(stereo)with the geometricconstraint(Shape-From-Silhouette)Similarly, the backward

errormeasuref aCSPWi2 attimet; is written asthe sumof thebackwardphotometricand

geometrioerrors:

X . . .

€= f diRTW, D)+[C(RTW, 1) g (5.10)
k

Theproblemof estimating(R; t) is now turnedinto the problemof minimizing the sumof

theforwardandbackwarderror

X X
mine=min €.+ 1 5.11
Rt Rt ., 1;2 . éz,l ( )

i=
which can be solved using the samelteratve LM algorithm describedn Section5.3.2.
Hereafterwe referto this VisualHull acrosgime algorithmasthetemporalSFSalgorithm

(for rigid objects)andsummarizehe stepsasfollows:
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Temporal SFSAlgorithm for Rigid Objects

1. Constructa list of BoundingEdgest‘jgfrom the siIhouetteimagesfS'j‘gatt,- where
j=12.

2. Extractasetof CoIoredSurfacePointst}; ‘jgatt,- from thelist of BoundingEdges
fEjgandthecolorimagesflig

3. Initialize thetranslationandrotationparameterdy ellipsoid tting.

4. Apply thelterative LM algorithm(Section5.3.2)to minimizethe sumof theforward
andbackward errorsin Equation(5.11)with respecto the (6D) motion parameters

until corvergenceis attainedor for a x ednumberof iterations.

5.4 Visibility Issues

5.4.1 Determining Visibility for Locating CSPs

To locatethe ColoredSurface Pointsusing Equation(5.2), the visibility of the 3D point
V\/}(m; w) with respecto all K camerass required. Here,we presenia way to determine
the visibilities conservativelyusing only the silhouetteimages. Supposewe are given a
3D point P and a setof silhouetteimagesfS'j‘g with cameracentersfCkgand projection

functionsf X()g Thefollowing lemmathenholds:

Lemma 5.6:

Let '(P)and '(CK) bethe projectionsof the point P andthe k" cameracenterCk onthe
(in nite) imageplaneof camerd. If the 2D line segmentjoining '(P) and '(C¥) does
notintersecthesilhouetteimageS!, thenP is visible with respecto camerek attimet;.
Proof: SeeAppendixC [
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pP=P(R)=P(R) +C'

1 ~ 1

Correct segment
(b) ©

Figure5.9: (a) Visibility of pointswith respectto camerasusingLemma5.6. (b) An example
whereC?® is behindC?. Thecorrectline to beusedin Lemma5.6is the outersegmentwhich passes
throughin nity insteadof the direct segment. (c) Boundarypointsthat canbe usedto construct
BoundingEdgesaremarked by the thick boundary Theseboundarypointsarethe oneswhich the
resultingBoundingedgescanbe seerby atleasttwo othercameradesidesameral.

Figure 5.9(a) gives exampleswherethe points P;; P, and P; arevisible with respect
to camera2. The cornverseof Lemmab.6 is not necessarilytrue: the visibility cannot
be determinedf the segmentjoining '(P) and '(C¥) intersectsthe silhouetteS|. One
counterexampleis shavn in Figure5.9(a). Both pointsP; andP, projectto thesame2D
point p on theimageplaneof cameral andthe segmentjoining p and *(C?) intersects
with Si. However, P, and P, have di erentvisibilities with respectto camerad (P, is
visible while P; is not). Note that specialattentionmustbe givento situationsin which
cameracenterCX lies behindcameracenterC'. In suchcasesthe correctline segmentto
beusedin Lemmab.6is theouterline segment(passinghroughin nity) joining '(P) and

'(C) ratherthanthe directsegment.An exampleis givenin Figure5.9(b).

Thoughconsenrative, therearethreeadvantage®f usingLemmab.6to determinevis-
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ibility for locating CSPs. First of all, Lemmab.6 usesinformationdirectly from the sil-
houettemages avoiding the needto estimatethe shapeof the objectfor thevisibility test.
Secondlyrecallthatto construcia BoundingEdgeE!, we startwith the boundarypoint u‘j
of thek!™" silhouette Henceall the pointson Eij projectto thesame2D pointu‘j oncamer
whichimpliesall pointsonthe BoundingEdgeE‘j have the samesetof conserative visible
images.This propertyensureshatthe color consistenciesf pointson the sameBounding
Edgearecalculatedrom the samesetof images.Accurag in searchinghe optimal point
V\/} is increasedecauseomparisonare madefairly amongpoints on the sameBound-
ing Edge. Finally Lemmab5.6 alsoprovidesa guidelineto samplethe silhouetteboundary
pointsfor constructingBoundingedges.To have meaningfulcolor consistenciegshenum-
berof colorimagesusedin Equation(5.2) hasto beatleast2 (otherwisetheprojectedcolor
variancewill be0). By Lemma5.6,boundarypointsu‘j arechosersuchthattheresulting
E‘j is seenby at least2 otherimages(excluding the imageS'j‘ from which the boundary
pointis chosenfrom). An exampleis shavn in Figure5.9(c). Only pointson part of the
boundaryof S} (marked by thicker lines) are usedto constructBoundingEdgesbecause
they arethe pointsfrom which the resultingBoundingEdgescanbe seenby at leasttwo

othercameraspamelycamerag and3.

5.4.2 Determining Visibility During Alignment

To performthealignmentusingEquation(5.11),we have to determinethe visibility of the
transformedD point RW‘1 + t w.r.t. thecamerasttimet, (andvice versathevisibility for
thetransformedpoint RT(V\/"1 t) w.r.t. thecamerasttime t;). Naively, we canjust apply
Lemmab.6 to the transformedpoint RWi1 + t directly. In practice,however, this “direct
approach’doesnotwork for thefollowing reason Sincethe CSPW‘1 liesonthesurfaceof
the object,the projectionof thetransformedoint RW! + t shouldlie insidethesilhouettes
attimet,, unlesst happenso beontheoccludingcontourof the objectagainatt, suchthat

its projectionlies ontheboundaryof someof thesilhouetteémages Eitherway, thismeans
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that no matterwherethe cameracentersare, the line joining the projectionof RW} + t
andthe cameracentersalmostalwaysintersectghesilhouettesasshavn in Figure5.10(a).
Hence the visibility of the point Wi att, will almostalwaysbe treatedasindeterminable
by Lemmab.6 dueto its over-conserative nature.

Herewe suggest “reverseapproach’o dealwith this problem. Insteadof applying
thetransformatior(R; t) to thepointW!, we applytheinversetransform(R"; R't) tothe
cameracentersand projectthe transformedcameracentersinto the onesilhouetteimage
(capturedatt;) whereW, is originatedfrom asshavn in Figure5.10(b).Lemmas5.6is then
appliedto the boundarypoint U, (which generateshe BoundingEdgeE] thatWi lies on)
andthe projectionsof thetransformedtameracentergo determinghevisibility . Sincethe
objectis rigid, the reverseapproachgenerateshe correctvisibility of RWi + t w.r.t. the

camerastt, atleastin thelimit thatthealignment(R; t) tendsto the correctvalues.
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Figure 5.10: (a) The “Direct approach”of applyingLemmas.6 to determinethe visibility of

RW, +t w.rt. fS5g Theprojectionof RW; + t almostalwaysliesinsidefSkg Theover-conserative

natureof Lemma5.6 prohibits us for determmlngthe visibility of RW' + t. (b) The “Reverse
approach’of applyingLemmab.6to determinevisibility of RW' +tw.rt. fSkg Thecameraenters
areinverselytransformedy (R™; R't) andthenprOJectedontofSkg The visibility canthenbe
determinedy checkingf thelinesjoining u' andtheprojectionsof thetransformed:amera:enters
intersectwith ST exactly asin Lemmas.6.
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Figure5.11: Two measureso increasethe conserativenessof the visibility testat the beginning
of the optimizationprocess.(a) “Expandthe silhouetteaway” from the point underconsideration.
(b) Createa “safezone”aroundthelocal normalat the silhouettemagepoint.

Although the over-conserative natureof Lemmab.6 is avoidedusingthe reverseap-
proach,thereis onedownside. Someof the visibility testsmay not be correctin the rst
few iterationsof the alignmentoptimizationwhenthe estimatedransformationR; t) is
far from the correctsolution,thuscausingoptimizationinstability. To compensatéor this
initial jitter, we increasethe conserativenessf thevisibility test(atthe beginning of the
optimizationprocessysingoneor bothof thetwo measureshavnin Figure5.11. The rst
measurgFigure5.11(a))works by “expandingthe silhouette”away from the point under
consideratiorto dealwith self-occlusionby pointsfar awvay. The secondmeasurgFig-
ure5.11(b))createsa “safe zone” by estimatingthe local normalof the silhouetteimage
point and only consideringthe camerasvhosecentersare projectedinside a pre-de ned
wedge(aroundthe normal) asvisible. Whenthe estimatedmotion parametergorverge
towardthe correctsolutions the abore measuresrerelaxedasthevisibility testsusingthe
reverseapproactbecomanoreandmoreaccurateandthe minimizationframework is able

to handlesmallerrorsin thevisibility tests.
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Figure5.12: VisualHull Re nement:thesilhouettdmagesattime t, areincorporatednto time t;
by transforminghe cameracentersaccordingo therecoveredrigid motion(R; t).

5.5 Visual Hull Re nement

After estimatingthe alignmentacrosstime, the rigid motionf(R;; t;)gis usedto combine
the J setsof silhouettémagesS®; k = 1; K =1, ; Jgto getatighterupper
boundof theshapeof theobject.By xing t; asthereferencetime,wecombinefS'j‘g j=
2; J with fSkg by consideringthe former as “new” silhouetteimagescapturedby
additionalcameraslacedat positionsand orientationstransformedby (Rj; t;). In other
words,for thesilhouetteimageS'j‘ capturedoy camerd attime j, we useanew perspectie
projectionfunction 'J.‘! , dervedfrom ¥ throughtherigid transformation(Rj; t;). As a
result,thee ective numberof camerass increasedrom K to K J. Theideaof warping

thecameragrom timet; to time t; is depictedn Figure5.12.
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5.6 Experimental Results

Two typesof sequenceareusedto demonstratehe validity of our alignmentandre ne-
mentalgorithm. Firstly, a syntheticsequences usedto obtaina quantitatve comparison
of several aspectf the the algorithm. Two setsof experimentsarerun on the synthetic
sequenceThe rst setof experimentgAlgorithmsl, Il andlll in Section5.6.1.1)studies
how the alignmentaccurag is a ectedby eachcomponent(color consisteng and geo-
metrical constraints)of the error measuran Equations(5.9) and(5.10). The secondset
of experimentqAlgorithmsll, IV andV in Section5.6.1.2)compareshee ectvenesof
usingColoredSurfacePointsto align VisualHulls with (1) voxel modelscreatedy Shape-
From-Silhouetteand(2) SpaceCarving[KS00]. After our alignmentalgorithmis testedon
syntheticdata,several sequencesf real objectsareusedin Sectionss.6.2for qualitatve
evaluationon datawith real noise,calibrationerrorsandimperfectlycolor balanceccam-

eras.

5.6.1 Synthetic Data Set(Torso Sequence)

A syntheticdatasetis createdusing a textured wire-frame computermodel resembling
the humantorso. The modelwasmovedundera known trajectoryfor twenty two frames.
At eachtime instant,imagesof six cameragK = 6) with known cameraparametersire
renderedusing OpenGL.A total of 22 setsof color andsilhouetteimagesare generated.
Someinputimagesfor camerad and6 atavariety of framesareshavnin Figure5.13.
5.6.1.1 Experiment Setl: E ectof Err or Measure on Alignment Accuracy

A. Alignment

In the rst setof experimentsBoundingEdgesand ColoredSurfacePointsare rst ex-
tracted. Thenthreealignmentalgorithmswere implementedo investigatethe e ect of
eachcomponen{color consisteng andgeometricconstraintspf the errormeasuren the

alignmentaccurag. In Algorithm I, only theerrorfrom thegeometricatonstraintss used
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timet, timet, timet,, timet, timet,,

Input images of the Torso sequence from Camera 1

timet, timet, timet,, timet, timet,,

Input images of the Torso sequence from Camera 6

Figure5.13: Someof theinputimagesof camerad andcameras$ of thesynthetictorsosequence.

(i.e.the rst termd‘g(RWi1+ t) in Equation(5.9)). In Algorithm Il, only theerrorcausedy
thecolorinconsisteng is used(i.e. theseconderm[ck(RW: + t)  }]2in Equation(5.9)).
In Algorithm Ill, both errorsareused. The resultsfor the 6 motion parameterestimated
overtimefrom thisexperimentsetareshovnin Figures5.14, 5.15and 5.16.In the gures,
the ground-truthvaluesare dravn with solid black lines, the resultsobtainedfrom using
both geometricconstraintsandcolor consisteng (Algorithm 11l) aredravn with magenta
dottedlines with aninvertedtriangle,the resultswith only the geometricconstraintgAl-
gorithm ) aredravn with blue dashed-dottetines with circle, andthe resultswith only
color consisteng (Algorithm Il) aredravn with red dashedines with asterisks.As ex-
pectedheresultsof usingbotherrorcomponentatthesametime arethebest followedby
theresultsusingonly the color consisteng. Theresultsobtainedusingonly the geometric
constraintsaarethe worst of the three. As discussedn Section5.2, aligning Visual Hulls
usingonly geometrig(silhouette)informationis inherentlyambiguous.This meanghat if

color consisteng (the secondterm of Equation(5.9)) is not used,thereexists morethan



68 Chapters. VisualHulls AcrossTime: Rigid Objects

oneglobalminimumto Equation(5.11) (seethe 2D examplesin Figure5.4). Undersuch
situationspptimizingEquation(5.11)maycorvergeto ary globalminimumotherthanthe
actualmotionof theobject. This explainswhy theresultsof Algorithm | arenotasgoodas
Algorithmsll andlll.

B. Re nement

To studythee ectof alignmenton re nement,the estimatedoarameters the alignment
experimentsare usedto re ne the shapeof the torso model using the voxel-basedSFS
method[Sze93. The Visual Hull attime t; is constructedusingthe silhouettesat t; and
all thosefrom the previous framesft,; ;1j 10 transformedoy the estimatedmotion
parameterasdescribedn Section5.5. To quantifythere nementresults theground-truth
wire-framemodel(seeFigure5.21(a))usedto renderthe inputimagesis corvertedinto a
ground-truthvoxel model(seeFigure5.21(b))andcomparedo there ned voxel models.
Theresultsareplotin Figure5.17with graphga) and(b) shaving the numberof extraand
missingvoxels betweerthe re ned shapesandthe ground-truthvoxel modelsagainstthe
numberof framesused.Figure5.17(c)illustratesthe ratio of total incorrect(missingplus
extra) to total voxels.

In all of the resultsobtainedfrom Algorithm I, Il andlll, the numberof extra voxels
decreaseasthe numberof framesusedincreasedecauseatighterVisualHull is obtained
with anincreasen thenumberof distinctsilhouetteamages .However, thenumberof miss-
ing voxelsalsoincreasessthe numberof framesusedincreasesThis is dueto alignment
errorswhichremove correctvoxelsduringconstruction.There nementresultsarethebest
with the motion parametergstimatedusing both the color consisteng andthe geomet-
ric constraintgthe magentadottedlines with invertedtriangle)from Algorithm Ill. Again

Algorithm I (justcolor consistenyg) is betterthanAlgorithm | (justgeometricconstraints).
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Figure 5.14: Resultsof X-axis rotation angle and X-componentof translationestimatedover
time from ExperimentSet1 with di erenterror measureonly geometricconstraintss used(blue
dashed-dottetines with circle), only color consisteng is used(red dashedines with asterisks),
both geometricconstraintsand color consisteng are used(magentadottedlines with invertedtri-
angle). The solid blacklinesrepresentshe ground-truthvalues.Resultsobtainedusingboth error
componentsrethe bestfollowed by resultsusing only color consisteng. Due to the alignment
ambiguity resultsusingonly geometricatonstraintaretheworstamongthethree.
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Figure5.15: Resultsof Y-axisrotationangleandY-componenbf translationestimatecbver time
from ExperimentSet1 with di erenterrormeasureSeecaptionof Figure5.14for furtherdetails.
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Figure5.16: Resultsof Z-axisrotationangleandZ-componenbf translationestimatecbver time
from ExperimentSet1 with di erenterrormeasureSeecaptionof Figure5.14for furtherdetails.
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Figure5.17: Graphsof re nementerrors(missingandextra voxels) acrossime (frames). Using
both color consisteng andgeometricconstrainthaslower error ratio thanjust usingeitheroneof
them.

5.6.1.2 Experiment Set2: BE/CSPversusSFSand SC

A. Alignment

In the secondsetof experimentstwo more alignmentalgorithms(Algorithms |V andV)
were implementedio showv the e ectivenessof using Bounding Edge#Colored Surface
Points (Algorithm II) to align Visual Hulls comparedo using voxel modelscreatedby
Shape-From-SilhouetiSFS)and SpaceCarving (SC) [KS00]. In Algorithm IV, a voxel
modelis built from the silhouetteimagesusingvoxel-basedshape-From-Silhouet{&FS).
Surfacevoxels are extractedand coloredby back-projectingonto the color images. The
centersof the colored surface voxels are then treatedas input data points to the same

alignmentalgorithmusedin Algorithm Il (i.e. only color consisteng but not geometric
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constraintareusedin theerrormeasure)ln Algorithm V, avoxel modelis rst built using
SFS(asin Algorithm IV) andfurtherre ned by SpaceCarving (SC). The centersof the
surfacevoxels (which are alreadycoloredby SC) are usedfor alignmentusingonly the
color consisteng errormeasureTo investigatehee ectof thespacecarvingthresholdon
alignment,di erentvaluesof the thresholdareusedandthe estimatednotion parameters
arecomparedvith the groundtruth values.Graphsof the averageRMS errorsin therota-
tion andtranslationparameteragainsthethresholdusedareshavn asblue dotted-dashed
linesin Figure5.18. Whenthethresholds too small,mary correctvoxelsarecarvedaway,
resultingin a voxel modelmuchsmallerthanthe actualobject. Whenthe thresholdis too
big, extraincorrectvoxelsarenotcarvedaway, leaving avoxel modelbiggerthantheactual
object.In bothcasesthewrongdatapointsextractedfrom theincorrectvoxel modelscause
errorsin the alignmentprocess.The optimal thresholdvalueis foundto be around0.108
andthegraphis ampli ed in thevicinity of thisvaluein thebottompartof Figure5.18.As
acomparisontheaverageRMS errorsfor therotationandtranslationparametersbtained
from Algorithm 1l (usingBE and CSPs)is dravn asthe horizontalred dashedine. With
the optimal SC threshold the performanceof using SFS+SC voxel modelsis comparable
but lessaccuratghanthatof usingBoundingedgesandColoredSurfacePoints.

Theresultsof the Y-axis rotationangleandthe X-componentof translationby Algo-
rithmV with theoptimalthresholdareplottedasthick bluedottedlinesin Figure5.19while
the resultsby Algorithm IV areplottedas magentadotted-dashetines. For comparison,
theestimategarametersf Algorithm Il (reddashedineswith asterisksjrom Experiment
Set1 andthe ground-truthvalues(solid black lines) aredravn againin the same gures.
As canbe seen,alignmentusing the SFSvoxel modelis much lessaccuratethan using
BoundingEdgesand ColoredSurfacePoints. SpaceCarvingwith the optimal threshold
performswell but is alsonot quite asgoodasusingBoundingEdges.Table5.6.1givesa
roughcomparisorof thecomputationatime neededor eachstepof all of theexperiments.
Thetiming is obtainedon a500MHz Pentiumlil CPU.
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Figure5.18: Graphsof the averageRMS errorsin rotationand translationagainstthe threshold
usedin SCin algorithmV. The bottomhalf of the gure illustratesthe ampli ed partof the graph
nearthe optimal thresholdvalue (0.108). Using BoundingEdges(the red dashedine) is always
moreaccuratehanusingSCin alignment,evenif the optimalthresholds usedfor SC.

Table5.1: The approximateime for eachstepin the alignmentexperiments.BoundingEdgeis

Step

Approximate
Time required
per frame

ExtractingBoundingedge(BE)

0.92s

LocatingColoredSurfacePoints
(100pointssearchean eachBE)

0.16s

SFSwith 1283 voxels

1.08s

SFS+ SCwith 128 voxels
andoptimalthreshold

4.74s

Alignment

16.2s

aboutthe sameasSFSandfasterthanSFS+-SC.
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Figure5.20: Graphsof re nementerrors(missingandextra voxels) acrossime (frames). Using
BoundingEdgeshaslower errorratio thanusingeitherSFSor SFS+SC.

B. Re nement

The estimatedparametersn ExperimentSet2 are usedto re ne the shapeof the torso
modelexactly asin Section5.6.1.1.Theresultsareplot in Figure5.20with graphs(a) and
(b) shawving respectrely thenumberof extraandmissingvoxelsbetweerthere ned shapes
and the ground-truthvoxel modelsagainstthe numberof framesused. Figure 5.20(c)

illustratestheratio of total incorrect(missingplus extra) to total voxels.

Fromthe gure it canbe seenthat the numberof missingvoxelsis very large if the
alignmentsarewayo (e.g.themagentalotted-dashedurve of resultsfrom Algorithm IV

or thebluedottedcurveswith '+' markersof resultsfrom Algorithm V with threshold30%
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(a) Original mesh model (b) Ground-truth voxe model
(c) SFS Voxel (d) SFSrefined (e) SFSrefined
mode at t, voxel model at t,, voxel modd at t,,
(6 images used) (66 images used) (126 images used)

Figure5.21: (a) Voxel modelconstructedat t; usingonly 6 silhouetteimages. (b) Re ned SFS
voxel modelatty; using66 silhouettémages.(c) Re ned SFSvoxel modelatty; using126silhou-
etteimages.Thereis signi cant improvementin shaperom (a) to (c).

lowerthantheoptimalvalue). There nementresultis thebestusingthemotionparameters
estimatedusingBoundingEdges(thered dashedineswith asterisksn Figure5.20). The
SFSre ned models(usingestimatednotionsfrom Algorithm IIl) attimet, t;; andty; are
shown in Figure5.21(b)(c)(d)yespectrely. A videoclip Torso.mpg shavs oneof the six
inputimagesequencefcamerad), the unalignedandalignedColoredSurfacePointsand

thetemporalre nemenfalignmentresultsusingAlgorithm I11.

5.6.2 RealData Sets: Toy Poohand Toy Dinosaur

5.6.2.1 PoohSequence:
The rst testobjectis atoy (Pooh). Six calibratedcameragK = 6) areused. Thetoy is
placedon a tableandmovedto new but unknonvn positionsandorientationsmanuallyin

eachframe. A total of fteen framesare captured. The input imagesof camerasl and

All movie clips of this chapter can be found at
http7//www.cs.cmu.edligermanreseach/ThesigVidedChapteb/
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timet, timet, timet, timet,, timet,.

Input images of the Pooh sequence from Camera 1

timet, timet, timet, timet,, timet,.

Input images of the Pooh sequence from Camera 4

Figure5.22: Someof theinputimagesof cameral andcamerad of the Poohsequence.

4 at severaltimesareshownn in Figure5.22. The CSPsextractedat time t; areshavn in
Figure5.23(a).Figures 5.23(b)and(c) shav respectiely the unalignedandalignedCol-
oredSurfacePointsfrom all fteen frames.Re nementis doneusingthevoxel-basedFS
method.Figuresb5.23(d),(e)and(f) illustratethere nementresultsat threetime instantst,
(6 images)ts (36 images)andt;s (90 images).Theimprovementin shapes very signi -
cantfrom t; when6 silhouetteimagesareusedto t;s when90 silhouetteimagesareused.
Notethatfor shapere nement,SpaceCarving(SC) canalsobe used.Figures5.23(g),(h)
and(i) shav there nementresultsusingSFS+ SCatt,, ts andt,s respectrely. Generally
with agoodthreshold re nementusingSFS+ SCis betterthanSFSfor the samenumber
of images.Thevideoclip Pooh.mpgshowns oneof the six inputimagesequencefcamera
4), the unalignedaligned Colored Surface Pointsand the temporalre nementalignment

results.
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(@) (b) (©

(d) (€) (f)

(9 (h) (i)

Figure5.23: PoohDataSet.(a) Coloredsurfacepointsatt;. (b) UnalignedColoredSurfacePoints
from all frames. (c) Aligned ColoredSurfacePointsof all frames.(d) SFSmodelatt; (6 images
used).(e) SFSre ned shapeattg (36 imagesused).(f) SFSre ned shapeatt;s (90 imagesused).
(g) SFS+ SCmodelatt;. (h) SFS+ SCre ned modelattg. (i) SFS+ SCre ned modelattis. See
Pooh.mpgfor amovie illustratingtheseresults.
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5.6.2.2 Dinosaur-BananaSequence:
The objectsusedin the secondreal datasetarethe toy dinosaufbananashown in Fig-
ure 4.3. Six camerasare usedandthe dinosaufbananasare placedon a turn-tablewith
unknown rotationaxis androtationspeed.Fifteenframesare capturedandthe alignment
andre nementresultsareshown in Figure5.24. The video clip Dinosaur-Banana.mpg
shaows one of the six input image sequencegcamerad), the unalignedaligned Colored
SurfacePointsandthetemporalre nementalignmentresults.

Notethatwe alsoapplythetemporalSFSalgorithmto realsequencesf apersorrigidly
standingon aturn-table.Theresultswill be presentedn Chapter7 (Section7.2)whenwe

describea systemfor building kinematicmodelsof humans.

5.7 RelatedWork

Despitethe popularityof SFSasa shapereconstructiormethodat singletime instant,lit-
tle work hasbeendonein extendingit acrosstime. The work mostrelatedto oursis by
Cipolla, WongandMendoncgMWCO00, WC01b,WC014g who studythe problemof esti-
matingstructureandmotion of smoothobjectundegoing circular motionfrom silhouette
pro les (alsosee[JBJOT). They assume singlecamerawhich is weakly calibrated(i.e.
with known intrinsic but unknown extrinsic parameters)Either the cameralon a robotic
arm)or the object(on a turntable)performsunknavn circularmotionwhile the silhouette
imagesaretaken. In [MWCO01] symmetricpropertiesof the surfaceof revolution sweptby
therotatingobjectareusedto recover the revolution axis, leadingto the estimationof ho-
mographieandfull epipolargeometriebetweenmagesusingone-dimensionaearchln
[WCO01b],they identity andestimatehefrontier points(seelJAP94]for detailedde nition)
on the silhouetteboundaryandusethemto estimatethe circular motion betweenmages.
Oncethe motionis estimatedthe objectshapecanbereconstructedisingthe classicSFS

method.
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timet, timet, timet, timet,, timet,,

Input images of the Dinosaur-Bananas sequence from Camera 1

timet, timet, timet, timet,, timet,,
Input images of the Dinosaur-Bananas sequence from Camera 4

@

(b) ()
(b)

(d) (€) (f)

Figure5.24: DinosaurBananaSequence(a) Exampleinputimages.(b) UnalignedColoredSur
facePointsfrom all frames.(c) Aligned ColoredSurfacePointsfrom all frames.(d) SFSmodelat
t; (6 imagesused). (e) SFSre ned shapeat tg (36 imagesused). (f) SFSre ned shapeat t;s (90
imagesused).Thereis signi cant shapeamprovementfrom (d) to (f). SeeDinosaur-Banana.mpg
for amovie illustratingtheseresults.
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Anothergroupof researcherdeadby Ponce[JAP94,JAP95, VKP96] have alsostud-
ied the problemof recorering motion and shapeof smoothcurvedobjectfrom silhouette
images. They de ne alocal parabolicstructureon the surfaceof the objectandusethat,
togethemwith epipolargeometryto locatecorrespondindrontier pointson threesilhouette
images. Motion betweenthe imagesis then estimatedusing a two-stepnonlinearmini-
mization. In contrastto thesealgorithms,our approachhastwo adwantages(1) no shape
assumptionsremadeaboutthe objectand(2) no assumptionaremadeaboutthe motion

(in our algorithmthe motiondoesnot have to bein nitesimal).

5.8 Discussion

In this chapterwe have investigatedthe problemof performing Shape-From-Silhouette
acrosgime for arigid objectundegoingarbitraryandunknawvn rigid motion. We studied
the ambiguity issueof aligning Visual Hulls and proposedan algorithm using stereoto
breakthe ambiguity We rst represeneachVisual Hull usingBoundingEdges.Colored
SurfacePointsarethenlocatedon the BoundingEdgesby comparingcolor consistencies.
The ColoredSurfacePointsareusedto estimateherigid motionof the objectacrosgime,
usinga 2D image#3D pointsalignmentalgorithm. Oncethe alignmentis known, all of
theimagesareconsideredisbeingcapturedat the sameinstant. There ned shapeof the
objectcanthenbeobtainedoy ary reconstructionrmethodsuchasSFSor SpaceCarving.
Ouralgorithmcombinegheadwantage®f bothSFSandStereo A key principlebehind
SFSexpressedn the Second-undamentaPropertyof VisualHulls, is naturallyembedded
in thede nition of the BoundingEdges.The BoundingEdgesgive us,asa representation
for the Visual Hull, a greatdeal of the accurateshapeinformationthat canbe obtained
from thesetof silhouettamages.To locatethetouchingsurfacepoints,multi-imagestereo
(color consisteng amongimages)s used.Two majordi cultiesof doingstereo: visibil-

ity andsearchsizearebothhandlednaturallyusingthe propertiesof the BoundingEdges.
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The ability to combinethe advantage®f both SFSandStereais the mainreasonwhy us-
ing BoundingEdgeg#ColoredSurfacePointsgivesbetterresultsin motion alignmentthan
usingvoxel modelsobtainedrom SFSor SC,asis evidentin theresultsin Section5.6.1.2.
Anotherdisadwantageof usingvoxel modelsandSpaceCarvingis thateachdecision(voxel
is carnedaway or not) is madeindividually for eachvoxel accordingto a criterioninvolv-
ing thresholdsOnthecontrary in locatingcoloredsurfacepointson BoundingEdgesthe
decision(which pointonthe Boundingedgetoucheghe object)is madecoopeatively (by
nding the point with the highestcolor consisteng) alongall the pointson the Bounding
Edge,without the needof adjustingthresholdsIn summarythe informationcontainedn
BoundingEdge#ColoredSurfacePointsis moreaccurateéhanthatcontainedn voxel mod-
elsfrom SCUSFS.In parameteestimation few but moreaccuratedatais alwayspreferred

overabundantbut lessinaccuratedata,especiallyin applicationssuchasalignment.






Chapter 6

VH AcrossTime for Articulated Objects

In this chapterwe extendthe temporalSFSalgorithmto articulatedobjects. An objectis
articulatedf it consistof a setof rigidly moving partsconnectingo eachotherat certain
articulationpoints. A good exampleof an articulatedobjectis the humanbody (if we
approximatehebodypartsasrigid). GivenCSP<f amoving articulatedbject,recovering
the shapeandmotion requirestwo interrelatedsteps: (1) correctlysegmentingthe CSPs
to eachpartof the objectand(2) estimatingthe shapeandmotion of the individual parts.
To solve this problem,we employ anideasimilar to that usedfor multiple-layermotion
estimationin [SA96]. Therigid partsof thearticulatedobjectare rst modeledasseparate
andindependenbf eachother With thisassumptionwe iteratively (1) assigrtheextracted
CSPsto di erentpartsof the objectbasedon their motionsand(2) apply therigid object
temporalSFSalgorithmto align eachpartacrosgime. Oncethe motionsof the partsare
recovered,an articulationconstraintis appliedto estimatethe joint positions. Note that
this iterative approachcan be cateyorizedas belongingto the ExpectationMaximization
framework [DLR77]. Thewhole algorithmis explainedbelow in detail usinga two-patrt,

one-jointarticulatedobject.It canbegeneralizedo objectswith N parts.

85
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timet, Motion of part A timet,

' _— .

. e—— . . . . —— —

' Bya/l B
Motion of part B R, Wi+t,

Figure6.1: A two-partarticulatedobjectat two time instantst; andts.

6.1 Temporal SFSfor Unknown Articulated Objects

6.1.1 Problem Scenario

Consideran unknavn one-jointarticulatedobject O which consistsof two rigid partsA
and B asshaown in Figure 6.1 at two time instantst; andt,. AssumeCSPsof the whole
objecthave beenextractedfrom the color andsilhouetteimagesof K camerasgenotedoy

fik; S\;Wi; &5 j = 1;2g FurthermoretreatingA andB astwo independentlynoving rigid
objectsallows usto representherelative motionof A betweert; andt, as(R5; t5) andthat

of Bas(R5; t2). Now considerthe following two complementargases.

6.1.2 Alignment with known Segmentation

Supposeve have sgmentedhe CSPsat t; into two groupsbelongingto part A andpart
B, representetly GJA andeB respectrely for both j = 1; 2. By applyingthetemporalSFS
algorithmdescribedn Section5.3.3(Equation(5.11))to A and B separatelyestimate of

therelative motions(R5; t5); (RS; t2) canbe obtained.
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6.1.3 Segmentationwith known Alignment

Assumewe aregiventhe relative motion (R t2); (RS; t2) of AandB fromt; tot,. Fora

CSPV\/"1 attimet,, considerthefollowing two errormeasures

) 1 X . . .

1=z [ dRW+E)+[GRW +1) %, (6.1)
1k

e 1% K(DB\A/i 4 B K(BBW 4 +BY 1120

& = 7B fody(RoW) + t5) + [c(RoW) + 1) 1]%0: (6.2)
1k

Hereeiz;;’} is the error of W} with respecto the color/silhouetteimagesat t, if it belongs
to partA. Similarly e'zBl is the errorif Wi lies on the surfaceof B. In theseexpressions
the summationsreover thosecamerasvherethe transformecpoint is visibleandn* and
n'® representhe numberof suchvisible camera®f thetransformecpointsRy;W: + t4 and
R,E,’V\/"1 + t3 respectiely. By comparinghetwo errorsin Equationg6.2)and(6.1),asimple

stratgy to classifythe pointWi1 is devisedasfollows:

8 . )
fol if eic o
VV'12§G§ if &5< &) (6.3)
ac otherwise
where0 lisathresholdingconstanandG; containsall theCSPswhichareclassi ed

asneitherbelongingto part A nor part B. Similarly, the CSPsattime t, canbe classi ed
usingtheerrorse;’, ande;’.

In practice theabove decisiorrule doesnotwork verywell becausef imagésilhouette
noiseandcamerecalibrationerrors.Herewe suggestisingspatialcohereng andtemporal
consisteng to improve the sgmentation.To usespatialcoherenyg, the notion of a spatial
neighborhoochasto be de ned. Sinceit is di cult to de ne a spatialneighborhoodor
thescatteredCSPsn 3D spaceseefor exampleFigure5.7), analternatevay is used.Re-

call (in Section4.1) thateachCSPWi1 lies on a Boundingedgewhichin turn corresponds
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to a boundarypoint u of the silhouetteimageSX. We de ne two CSPsW! andW:*! as
“neighbors”if their correspondin@D boundarypointsu‘1 andu‘l+l areneighboringpixels
(in 8-connectiity sense)n thesamesilhouettamage.Thisneighborhoodle nition allows
usto easilyapply spatialcoherenyg to the CSPs.From Figure6.2 it canbe seenthat dif-

ferentpartsof anarticulatedobjectusuallyprojectontothe silhouetteémageascontinuous

outlines.Inspiredby this property the following spatialcoherenyg rule (SCR)is proposed:

Spatial CoherencyRule (SCR):

If V\/"1 is classi ed asbelongingto part A by Equation(6.3), it staysasbelongingto partA
if all of its mleft andright immediate“neighbors”’arealsoclassi ed asbelongingto part
A by Equation(6.3), otherwiseit is reclassi edasbelongingto G;, the groupof CSPsthat
belonggo neitherpart A nor partB. Thesameprocedureappliesto partB.

Figure6.2 shavs how thespatialcoherenyg rule canbe usedto remove spurioussegmenta-
tionerrors.Theseconaonstrainive utilize to improvethesegmentatiorresultss temporal
consisteng asillustratedin Figure6.3. Considerthreesuccessie framescapturedatt; ;,
t; andtj,;. For aCSPW}, it hastwo classi cationsdueto the motionfromt; ; to t; and
themotionfrom t; to tj, ;. SinceW} eitherbelongsto partA or B, thetemporalconsisteng

rule (TCR) simply requiresthatthetwo classi cationshave to agreewith eachother:

Temporal ConsistencyRule (TCR):
If V\/} hasthe sameclassi cationby SCRfrom t; ; to t; andfrom t; to t;,4, theclassi ca-
tion is maintainedptherwiseit is reclassi edasbelongingto G, thegroupof CSPsthat

belongso neitherpart A nor partB.

Notethat SCRand TCR not only remove wrongly segmentedooints,but they alsoremove
someof the correctlyclassi ed CSPs. Overall thoughthey aree ective becausdessbut
more accuratedatais preferredto abundantbut lessaccuratedata,especiallyin our case

wherethe sggmentatiorhasa greate ectonthe motionestimation.
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6.1.4 Initialization

As commonto all iteratve EM algorithms jnitializationis alwaysaproblem[SA96]. Here
wesuggestwo di erentapproachewo startouralgorithm.Bothapproachearecommonly
usedin thelayerestimationliterature[SA96, KK0O1]. The rst approactusesthefactthat
the 6 DOF motion of eachpartof the articulatedobjectrepresents single point in a six
dimensionakpace.In otherwords,if we have a large setof estimatednotionsof all the
partsof the object,we canapply clusteringalgorithmson theseestimatesn the 6D space
to separatehe motion of eachindividual part. To geta setof estimatednotionsfor all the
parts,the following methodcanbe used. The CSPsat eachtime instantare rst divided
into subgroup®dy cuttingthe correspondingilhouetteboundariesnto arbitrarysegments.
Thesesubgroupsof CSPsarethenusedto generatehe motion estimatesusing the VH
alignmentalgorithm,eachtime with a randomlychosensubgrougirom eachtime instant.
Sincethis approacthrequiresthe clusteringof pointsin a 6D spacejt performsbestwhen
themotionsbetweerdi erentpartsof thearticulatedobjectarerelatively large sothatthe

motionclustersaredistinctfrom eachother

The secondapproachs applicablein situationswhereone part of the objectis much
larger than the other Assume,say part A is the dominantpart. Sincethis assumption
meanghatmostof the CSPsof the objectbelongto A, the dominantmotion (R*; t*) of A
canbe approximatedisingall the CSPs.Oncean approximationof (R?; t*) is available,
the CSPsaresortedin termsof their errorswith respecto this dominantmotion. An initial

segmentations thenobtainedby thresholdinghe sortedCSPserrors.

6.1.5 Summary: Iterati ve Algorithm

Summarizingheabove discussionwe proposehefollowing iterative segmentatioialignment

procesdo estimatehe shapeandmotionof partsA andB over J frames:
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Iterati ve Temporal SFSAIlgorithm for Articulated Objects
1. Initialize the sggmentatiorof the J setsof CSPs.
2. Iteratethefollowing two stepsuntil convergenceg(or for a x ednumberof iterations):
2a. Giventhe CSPsggmentatiorfGf; GPg recorertherelative motions(R7; tf) and

(R‘f; tJ.B) of A andB overall framesj = 2;:::J usingtherigid objecttemporal

SFSalgorithmdescribedn Section5.3.3.
2b. Repartitionthe CSPsaccordingto the estimatedmotionsby applying Equa-

tion (6.3),followedby theintra-frameSCRandinter-frameTCR.

Althoughwe have describedhis algorithmfor anarticulatedobjectwith two rigid parts,

it caneasilybegeneralizedo applyto objectswith N parts.

6.1.6 Joint Location Estimation

After recoreringthe motionsof partsA andB separatelythe point of articulationbetween
themis estimated.Supposewe representhe joint positionattime t; asYy. SinceY? lies

on both A andB, it mustsatisfythemotionequationfrom t, to t, asfollows

ROYE + 15 = ROYE + t5: (6.4)

Puttingtogethersimilar equationdor Y2 over J frameswe get

Ry R Bt
MYB = P fve=f ¢ { (6.5)
R} RS t® th
Theleastsquaresolutionof Equation(6.5) canbecomputedisingSingularvValueDecom-

position.
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Note thatthe matrix M in Equation(6.5) is singularif the degree-of-freedonof the
relative motion betweenA and B over the J framesis lessthan 3. This happensvhen
the joint is a 1D revolute joint (or if A and B move with respectto eachotherasa 1D
revolute joint duringthe J framesof motion). In this singularcasethe solutionof Equa-
tion (6.5) is anarbitrarypoint on the axis of therevolutejoint. To recover the actualjoint
position,we approximatehe shapeof partsA andB asellipsoidsandenforcethe solution
of Equation(6.5) to be closestto thetips of the approximateckllipsoids.It canbe seenin
Section6.2.2thatthisremedyworkswell in practicewhenwe estimatehelocationsof the

elbowv andkneejoints which areessentiallylD revolutejoints.

6.1.7 ShapeRe nement

Theshapeof thearticulatedobjectis re ned in thesamefashionasdiscusseh Sections.5.
Thedi erentpartsof the articulatedobjectarere ned separatelyFor examplefor part A,
the silhouetteimagescapturedat time t; are consideredas capturedat time t; after the
cameracentersatt; aretransformedy theinversemotionof partA att; (w.r.t. t;), similar
to thatasshown in Figure5.12. Notice whenre ning the shapeof a particularpart, say
part A, thereis no needto segmentout the partof silhouettesvhich are castedby part A
(whichisdi cultto dodueto occlusion)aslongasthemotionsof thatpartis signi cantly
di erentfrom eachotherover a periodof the capturedsequencelt is becauseroxelsthat
do not belongto part A would be cared away by SFSover time asthey do not follow the

motionof partA.

6.2 Experimental Results

To validateour temporalSFSalgorithmfor articulatedobjects,both synthetic(for quanti-

tative evaluation)andrealdata(for qualitative results)is used.
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6.2.1 Synthetic Data Set

We usean articulatedmeshmodelof a virtual computerhumanbody asthe synthetictest
subject. To generatea setof testsequenceshe computerhumanmodelis programmed
to move oneparticularjoint of thewhole body andimagesof the movementsarerendered
usingOpenGL.Sinceonly onejoint (andonebody part) is moved eachtime, we cancon-
siderthe virtual humanbody asan one-link two part articulatedobject. A total of eight
setsof datasequencegeachsetwith 8 camerasaregeneratedgorrespondingo the eight
joints: left/right shouldefelbow/hip/kneejoints of the virtual humanmodel. For eachof
thesesyntheticsequencesye apply the articulatedobjecttemporalSFSalgorithmto re-
covertheshapemotionandthelocationof thatjoint of thevirtual human.Sincethesizeof
thewhole bodyis muchlargerthana singlebody part, the dominantmotioninitialization
methodis used.Figure6.4 shavs someframesof oneof the input cameramagesandthe
segmentatiovalignmentjoint estimatiorresultsof theright elbon andtheright hip joints of
the syntheticsequencesAs evidentfrom theresults,our iterative segmentatioalignment
algorithmperformswell andthejoint positionsareestimatedaccuratelyin bothcasesTa-
ble 6.1 compareghe ground-truthandthe estimatedoint positionsof all the 8 synthetic
sequencesTheabsolutedistanceerrorsbetweerthe ground-truthandthe estimatedoints
locationsaresmall (averagedabout26mm)ascomparedo the sizeof the humanmodel(
500mmx 200mmx 1750mm).Theinputimages CSPsandtheresultsfor theleft hip/knee

joints of the syntheticdatasetcanbe seenn the movie Synthetic-joints-leftlegmpg .

All movie clips of this chapter can be found at
http7//www.cs.cmu.edligermanreseach/ThesigVidedChapte6/
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Right Elbow Joint Right Hip Joint

Three of the input images from camera 6

Three of the input images from camera 1

estimated joint position estimated joint position

Unaligned CSPs  Aligned and
Segmented CSPs

Unaligned csps _ Aligned and
Segmented CSPs

Figure6.4: Inputimagesandresultsfor theright elbowv andright hip joints of the syntheticvirtual
human. For eachjoint, the unalignedCSPsfrom di erentframesaredravn with di erentcolors.
The alignedand sgmentedCSPsare shavn with two di erentcolorsto shawv the segmentation.

Theestimatedarticulationpoint (joint location)is indicatedby the blacksphere.

Joints Ground-truth(x, y, z) EstimatedX, y, z) Distance
positions(in mm) positions(in mm) error(in mm)

Left Shoulder | (199.61,66.06,1404.75) | (203.40,54.06,1403.80) 12.62
RightShoulder| (-200.34,66.06,1404.75) | (-206.09,73.87,1398.53) 11.52
Left Elbow (411.75,116.60,1333.54)| (412.98,-119.61,1323.23) 10.81
RightElbov | (-407.00,146.01,1258.53)| (-398.89,178.54,1288.19) 44.76
Left Hip (87.02,43.32,974.75) (92.16,40.46,976.77) 6.22
RightHip (-91.65,42.37,979.51) (-85.20,-2.13,965.11) 47.21
Left Knee (251.57,-438.03,853.29) | (285.14,-432.44,857.50) 34.29
RightKnee | (-143.90,-399.59,723.32) | (-102.92,-393.13,741.42) 45.27

Table6.1: The ground-truthand estimatedpositionsof the eight body joints of the syntheticse-
guencesTheabsolutedistanceerrors(averagedabout26mm)is smallcomparedo the actualsize
of thehumanmodel( 500mmx 200mmx 1750mm).
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timet, timet, timet, timet,, timet,,

Input images of the Pooh-Dinosaur sequence from Camera 3

timet, timet, timet, timet,, timet,,

Figure6.5: Someof theinputimagesof camera8 andcamerab of the Pooh-Dinosausequence.

6.2.2 RealData Sets

Two di erentdatasetswith real objectsare captured. The rst real datasetappliesthe
iteratve sggmentatiorestimationprocedureto two separateindependentlymoving rigid
objectswhile thesecondealdatasetinvestigateshe performancef our articulatedobject
temporalSFSalgorithmonjoint estimation®f two di erenthumans.

6.2.2.1 Two SeparateMoving Rigid Objects: Pooh-Dinosaur Sequence

Thetoy Poohandtoy dinosaufrom Section5.6.2areusedto testthe performancef ourit-
eratve CSPssggmentatiofmotionestimatioralgorithmontwo separatandindependently
moving rigid objects.Eight calibratedcameragK = 8) areusedin this Pooh-Dinosause-
guence. Both toys are placedon the oor andindividually movedto new but unknovn
positionsandorientationagmanuallyin eachframe. FourteenframesarecapturedandFig-
ure6.5shavs someof theinputimagesrom camera8 and6. Thesegmentatioralignment
resultsusingourtemporalSFSalgorithmareillustratedin Figure6.6. Figurest.6(a)showns
theunalignedCSP<of all the 14 frames(in theright partof the picturethe CSPsaredravn
with colorsrepresentingvhich framethey comefrom while in theleft the CSPsaredravn

with their own colors). Figures6.6(b) shawvs the alignedand segmentedCSPs. The g-
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(@

(b)

(©) (d) (€)
Figure6.6: SegmentatiofAlignmenfRe nementresultsof the Pooh-Dinosausequence(a) The
unalignedCSPsfrom all frames. (b) The alignedand segmentedCSPs. (c) SFSre ned voxel
modelsatt; (8 silhouettamagesareused).(d) SFSre ned voxel modelsatts (40 silhouettamages
areused). (e). SFSre ned voxel modelsat t13 (104 silhouettesare usedfor the toy Poohand72
silhouetteémagesareusedfor thedinosaur).

uresprove that our algorithm correctly segmentsthe CSPsas belongingto eachobject.
Thealignmentsof bothtoys arealsoaccurateexceptthoseof the dinosaurfrom frame6 to

frame9 whenthedinosaurrolled overfor 360degrees.In thoseframes ouralignmentalgo-
rithm breaksdown astherotationanglesbetweerframesaretoo large (around90 degrees).

However, thealignmentrecoversafterframe9 whenthe dinosauris uprightagain.

The shape®f thetwo toys arere ned by SFSusingthe estimatednotionsin the same
fashionasdiscussedn Section5.5 (seeFigure5.12). Notethatto re ne theobjects,there

isnoneedio sggment(whichisdi cultto dodueto occlusion)thesilhouettesasbelonging
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to which objectaslong asthe motionsof the objectsaresigni cantly di erentfrom each
otherfor at leastoneframe. It is becausevoxels that do not belongto saythe dinosaur
would be carned away by SFSover time asthey do not follow the motion of thedinosaur
Figures6.6(c),(d)and(e)illustratethe SFSre ned voxel modelsof bothobjectsatt,, ts and
t13 respectrely. Sincethealignmentdatafor thedinosaufrom frame6 to frame9 areinac-
curate thoseframesarenotusedto re ne theshapeof thedinosaur It canbeseernthatsig-
ni cant shapamprovements obtainedirom t; to t;3. Thevideoclip Pooh-Dinosaurmpg
shaws the input imagesfrom one of the eight camerasthe unalignedalignedsegmented
CSPsandthetemporalre nementresults.

6.2.2.2 Joints of RealHuman

In the secondset of real data,we usevideosof two people(SubjectEand SubjectG)to
qualitatvely testthe performancef our articulatedobjecttemporalSFSalgorithmonjoint
location estimation. Eight sequencegeachwith 8 cameras)orrespondingo the move-
mentof the left/right shouldefelbow/hip/kneejoints of eachpersonare captured.ln each
sequencethe persononly movesoneof their joints sothatin thatsequencéheir body can
be consideredas an one-joint, two partsarticulatedobject, exactly asthe syntheticdata
set. Again, the dominantmotioninitialization methodis used. Someof the inputimages
andthe resultsof segmentatioralignmentpositionestimationof two selectedoints (left
elbawv andleft hip) of SubjectEareshownn in Figure6.7. It canbe seernthatthemotion,the
segmentationof the body partsandthe joint locationsareall estimatedcorrectlyin both
sequencesSimilarly the resultsof the left shoulderandleft kneejoints for SubjectGare
shavn in Figure6.8. Someof theinputimagesthe CSPsandthe segmentatiofestimation
resultsof theright armjoints of SubjectEandright leg joints of SubjectGcanbefoundin
themovie clips SubjectE-joints-rightarm.mpg andSubjectG-joints-rightleg.mpg. Note
thatthejoint estimatiorresultsof anothepersonSubjectSanbefoundin thenext chapter

whenwe discusshumanbodykinematicmodeling.
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Left Elbow Joint Left Hip Joint

estimated joint position estimated joint position
: Aligned ad . Aligned and
Unaligned CSPs Segmented CSPs Unaligned CSPs Segmented CSPs

Aligned CSPswith original colors Aligned CSPswith original colors

Figure6.7: Inputimagesandresultsfor the left elbov andleft hip joints of SubjectE.For each
joint, the unalignedCSPsfrom di erentframesaredravn with di erentcolors. The alignedand
sggmentedCSPsareshavn with two di  erentcolorsto shav the sggmentation.The estimatecar

ticulationpoint (joint location)is indicatedby the black sphere ThealignedCSPswith the original
colorsarealsoshavn atthe bottomof the gure.
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Left Shoulder Joint Left Knee Joint

Three of the input images from camera8 | Three of the input images from camera 7

estimated joint position estimated joint position

. Aligned and : Aligned and
Unaligned CSPs Segmented CSPs Unaligned CSPs Segmented CSPs

Aligned CSPswith original colors Aligned CSPswith original colors

Figure6.8: Inputimagesandresultsfor theleft shoulderandleft kneejoints of SubjectG For each
joint, the unalignedCSPsfrom di erentframesaredravn with di erentcolors. The alignedand
sggmentedCSPsareshavn with two di erentcolorsto shav the sggmentation.The estimatecar

ticulationpoint (joint location)is indicatedby the black sphere ThealignedCSPswith the original
colorsarealsoshavn atthe bottomof the gure.
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6.3 RelatedWork

Thoughthework by Krahnstogerin [KYSO01, KY S03] usesonly monoculaimagestheir
ideais very similar to oursin the sensethat it is also basedon the the layeredmotion
segmentatiorestimationformulation[SA96]. They rst performan EM-like segmenta-
tion/motion estimationof 2D regions on monocularimagesof the articulatedobjectand
thenmodelthe articulatedpartsby 2D cardboardnodels. As commonto othermonocu-
lar methods their approachdoesnot handleocclusionandhasdi cultiesestimatingthe
motion of objectswhich do not containrotationaroundanaxis perpendiculato theimage

plane.

6.4 Discussion

We have extendedthe SFSacrosstime algorithmto (piecevise rigid) articulatedobjects
andsuccessfullyappliedit to solve the problemof humanbody joint positionestimation.
Theadwantageof our algorithmis thatit solvesthedi cult problemof shapémotionjoint
estimationof a moving articulatedobjectby a two-stepapproach:rst iteratively recover
theshapg(in termsof CSP)andthe motion of theindividual partsof the articulatedobject
andthenlocatethe joint througha simple motion constraint. The separatiorof the joint
estimatiorandthe motionestimationgreatlyreduceghe complexity of theproblem.Since
our algorithmusesmotionto segmentthe CSPsjt fails whentherelatve motion between
thepartsof thearticulatedobjectsis too small. Moreover, dueto the EM formulationof the
algorithm,the corvergenceof the algorithmdepend®on theinitial estimate®f the motion
parameterswhentheinitial motionestimatesrefarfrom thecorrectvaluesthealgorithm

mayfall into alocal minimum.



Chapter 7

Human Kinematic Modeling

In this chaptemwe apply our temporalSFSalgorithms(bothrigid andarticulatedobjects)
to build avision-base®D humankinematicmodelingsystem.Modelinghumankinematic
is animportantapplicationbecauserecise3D kinematicmodelsareessentiafor solving
avariety of di cult problemssuchas poseestimation,motion trackingcapture,gesture
recognition behaior understandingndmotionrendering(seeChapter). Althoughthere
area variety of completesystemqCYB, TTI] andalgorithms[ACPO03]for humanbody
shapeacquisitionusinglaserscanningdevices, mostof thesesystemsare expensve and
do not estimatethe importantjoint information. Variousvision-basechumanmodeling
systemshave beenproposedLY95, KMB94, JBY96, KM98, PFD99 BK00, OBBHOO,
CKBHO00,KYSO01]in recentyears.Amongthesesystemsimostof themusemonoculaim-
agesandreconstrucview-dependen2D shapeandjoint modelKMB94, BK0O, KYSO01].
For thosesystemswhich usesmultiple cameraseitherimpreciseshapgCKBHOO] or in-
completejoint information[KM98, PFD99]arerecovered. Moreover, noneof thesesys-
temshave derived algorithmsfor building a complete3D skeletonof humans.In view of
this, the multi-cameramodelingsystemdescribedn this chapteraims at both acquiring

precise3D shape®f thebodypartsandconstructinga full skeletalstructureof the person.

Therearethreetasksto our vision-basedumankinematicmodeling: (1) constructing

101
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ajoint skeletonof theperson(2) acquiringdetailedshapanformationand(3) mewging the
shapdoint informationto build a kinematicmodel. Eachtaskin our systemis described
in detailsbelow, togethemith theresultsof applyingthe systento threepeople:SubjectE,
SubjectGandSubjectS.

7.1 Joint SkeletonAcquisition

The rst taskin ourkinematicmodelingsystemis to locatethejoint positionsof the person
usingthearticulatedobjecttemporalSFSalgorithmproposedn Chapter6. Oncethejoint
locationsarerecovered,they arealignedandregisteredwith eachotherto form acomplete

joint skeletonof the person.

7.1.1 Estimating Individual Joint Positions

Although we canestimateall the joint positionsof a personat the sametime, in practice
this approachsu ersfrom the problemof falling into local minimum dueto the high di-
mensionality Insteadve take asequentialpproactandmodelthejointsoneatatime, just
aswhatwe have donein Sections6.2.1with the synthetichumanand6.2.2with SubjectE
andSubjectG Again eightjoint locations:left/right shouldefelbon/hip/kneearerecovered
for eachperson.Someof the inputimagesandthe estimationresultsof the right shoulder
andkneejoints of SubjectSareshaovn in Figure7.1 (theresultsfor SubjectEandSubjectG
have alreadybeenshavn in Figures6.7 and6.8in Chapter6). The movie clip SubjectS-
joints-leftarm.mpg shawvs someof the inputimages,CSPsandthe estimationof the left

armjoints of SubjectS.

All movie clips of this chapter can be found at
http7//www.cs.cmu.edligermanreseach/ThesigVidedChapter/
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Right Shoulder Joint

Three of the input images from camera 6

estimated joint position

Aligned and

Unaligned CSPs Segmented CSPs

Right Knee Joint

Three of the input images from camera 1

estimated joint position

Aligned and

Unaligned CSPs Segmented CSPs

Aligned CSPswith original colors

Aligned CSPswith original colors

Figure 7.1: Input imagesand resultsfor the right shoulderand right kneejoints of SubjectS.
For eachjoint, the unalignedCSPsfrom di erentframesare dravn with di erentcolors. The
alignedandsegmentedCSPsare shavn with two di erentcolorsto shav the sgmentation. The
estimatedarticulationpoint (joint location)is indicatedby the blacksphere ThealignedCSPswith
theoriginal colorsarealsoshavn atthe bottomof the gure.
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Generallythe estimationof the (shoulderandelbow) joints of thearmsaremoreaccu-
ratethanthe (hip andknee)joints of thelegsbecauset is moredi cult to keeptherestof
the body still whenmoving the leg thanmoving the arm. Moreover the shoulderand hip
joints have betterresultsthanthe elbov andkneejoints asmore CSPsare extractedfrom

thewholearm (or leg) thanjustthelower arm(or lower leg).

7.1.2 Joint Registration

After thejoints andthe associatethody parts(describedby CSPs)arerecoveredindividu-
ally, they areregisteredwith respecto areferencdrame(of images}o form anarticulated
modelof thebody Theregistrationprocessonsistf two proceduresThe rst procedure
involvesaligning joints within eachseparatdimb while the secondprocedureperformsa
globalregistrationof all thejoints andbody partswith respecto thereferencdrame.Both
proceduresreexplainedbelow.

7.1.2.1 Limb Joints Alignment

Beforeregisteringall thejoints to thereferencdrame,thetwo joints of eachseparatéimb
(i.e. the shoulderandelbow joints of the arm, the hip andkneejoints of theleg) are rst
alignedwith eachother Thelimb joints alignmentprocedureconsistsof four stepsand
is summarizedelon. The procedurds alsoillustratedgraphicallyusingthe right arm of
SubjectEasexamplein Figure7.2. Thoughthe procedureas describedn termsof thearm,

it appliesto thelegsby replacingthe shoulderandelbaw joints by the hip andkneegjoints.

The Limb Joints Alignment Procedure

1. The body CSPsfrom the shoulderjoint sequencéFigure 7.2(a)) are alignedwith
respectto the rst frame of the elbov sequencéFigure 7.2(b)) by the rigid body

temporalSFSalignmentalgorithm.

2. Usingthealignmentresultin Stepl, theshoulderoint locationis transformedo the

coordinatéframeof theelbaw joint sequencéFigure7.2(c)(d)).



7.1.JointSkeletonAcquisition 105

Step 1 [ Step 2 : Step 3 ! Step 4

) I Use the aignment I Calculate the 1Segment the CSPs
Align CSPs of thel from sStepl  to !distance betweenthelof the arm using
body of the shoulder I {ransfer the shoulder ! Shoulder and elbow !the locations of
joint data to theimage! joint |ocation to the : joints. Transfer the 'the registered

Elbow
sequence

of the elbow joint. : 3D datapoints of the | distance to the shoulder and
1 elbow joint. 1 shoulder joint data. j€lbow joints.
FE : I shoulder 1 I shoulder
Arm i I o ! I joint
i ! Body, joint I I !
CSPs +a { copg . i L
Shoulder iF / I 1 I o
A0 I I I
sequencel ¥ s ; ! !
I | 1
A ' !
! ! I elbow
o ©), | joint (9)

Transfer
shoulder
joint

Alignment
results

o

/

elbow
joint (b)! (d)! (!

Figure7.2: Thefour stepsof the Limb JointsAlignmentProcedure.

3. Calculatethedistancebetweerthetransformedhouldefjoint locationandtheelbow

joint position. Mark the samedistancefrom the shoulderjoint along the arm as

the elbow joint in the shouldersequencdFigure 7.2(e)(f)). This stepis valid as

the distancebetweerthe shoulderandelbow joints areconstanirrespectve of their

positions.

4. The arm CSPs(seeFigure7.2(a))from the shoulderjoint sequencere segmented

accordingto the positionsof the shoulderandelbaw joints (the segmentatiorresults

areshavn in Figure7.2(g)).
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bent

e

(¢). The Limb Joints
Alignment Procedure
without Steps 3 and 4.
Joints areregistered in
the elbow sequence
and the arm is bent.

straight

(d). The Limb Joints
Alignment Procedure
with Steps 3 and 4.
Joints areregistered in
the shoudler sequence
and the arm is straight.

Figure 7.3: Theleft shoulderandelbov datasequencesf SubjectG.In (c) the joints registered
in the elbonv sequencdwithout Steps3 and4) is bentwhile in (d) the joints registeredw.r.t. the
shouldersequenceavith Steps3 and4 is straight.

Thebasicideaof the proceduras to alignthe shoulderandelbow joints with respecto
theshouldeisequenc&ith thearmbeingstraight.As will beseershortly, having thejoints
registeredwith the arm being straightgreatly reducesthe compleity of the subsequent
globalregistrationprocedure Therearea coupleof importantthingsto be notedaboutthe
limb joints alignmentprocedure.Firstly whenusing Equation(5.11) of the rigid object
temporalalgorithmin Step1, only the forward errorterm eiz;1 is present.This is because
we areonly usingthe error of projectingthe body 3D CSPsof the shouldersequencénto
the 2D color andsilhouetteimagesof (the rst frame of) the elbonv sequence Secondly
althoughjudgingfrom Figure7.2(d)onemayargueSteps3 and4 canbeskippedthesetwo
stepsarenecessaryo ensurehatthelimb is straightafterregistration.Figure7.3shavsan
exampleusingtheleft armsequencesf SubjectGIn Figure7.3(c),thejoints areregistered
w.r.t. theelbow sequencevith theleft armin abentstatewithout performingSteps3 and4.
Figure7.3(d)shavsthatSteps3 and4 areneededo transformthe registrationbackto the

shouldersequenceavith thearmin astraightstate.
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Figure7.4: (a) Globaljoint registrationfor thefour limbs. (b) For eachiimb, two stepsarerequired
to registerthe joints globally.

7.1.2.2 Global Registration
Oncethe joints within eachlimb are aligned,global registrationis performedto build a
joint skeletonmodel. Theglobalregistrationfor all four limbsis illustratedin Figure7.4(a)

andthe proceduras explainedusingtheright armof SubjectEin Figure7.4(b).

For eachlimb, the global registrationprocedureconsistsof two steps. The rst step
alignsthe body CSPsagainsta referenceframe. Oncethe 6D motion of the body is re-

covered,the positionof the rst limb joint (shouldefip) is calculated. The secondstep
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Joint skeleton Joi.nt skeletgn and CSPs Joint skeleton and
displayed in colors of CSPsin their
different body parts original colors

Figure7.5: Jointskeletonof SubjectEafterthe global registrationprocedure For displayclarity,
the CSPsshavn in the gures aredown-sampledn aratio of onein ve.

involvesthe alignmentof the limb itself. To simplify this step,we assumehat the ref-
erenceframeis chosensuchthat the imagesat the referenceframe are capturedwith all
of the persons limbs being straight(the choice of a good referenceframe will become
obviousin Section7.2). Sincethe joints within eachlimb arealreadyregisteredwith the
limb beingstraight(in the limb joint alignmentprocedure)the straightlimb assumption
of thereferencdrameimagesenableaisto treatthe wholelimb asonerigid objectrather
thanan articulatedobjectwith two parts. In otherwords,we canignorethe secondimb
joint (elbow/knee)andthe problembecomesalignmentof a rigid objectarounda x ed
point with only 3 DOF (the rotationaroundthe joint). For the sale of presentationye
deferdiscussiorof the algorithmto solve this problemto ChapterB (seethelastparagraph
of Section8.1.3). Meanwhile,Figure7.5illustratesthe joint skeleton(formedby joining
thejoint locationstogether)of SubjectEandthe registeredCSPsobtainedafterthe global

registrationprocedure.

7.2 Body ShapeAcquisition

Thenext taskof thekinematicmodelingsystemis to acquiretheshapeof thebody. Onedi-

rectchoiceis to usethe CSPsextractedfrom the sequenceasedto estimateheindividual
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jointsin 7.1.1andregisteredin the global registrationprocedure7.1.2 asshavn in Fig-
ure7.5. Thoughsimple,therearetwo reasonsvhy we do not usetheseCSPsto represent
thebodyshapeof the person Firstof all, dueto errorsin all thealignmentandregistration
proceduressomeof theseCSPsdeviate considerablyfrom the actualshapeof the body
parts. Secondly theseCSPsare not uniformly distributedover di erentbody part of the
person(mostof thesepointscomefrom thetorsopartof the body) which posesan disad-

vantagevhenapplyingthe modelto applicationssuchasmotiontrackingandrendering.

Insteadof using theseerroneousand non-uniformly distributed CSPsobtainedfrom
joint estimationanalternatve approachs used.Firstadetailedvoxel modelof theperson
is built usingthe Visual Hull alignmentandre nementalgorithmsproposedn Chapters.
Thecenterf thesurfacevoxelsof thevoxel modelarethenextractedandusedo represent
the shapeof the person.Therearetwo adwantage®f usingthis approach.Sincethe voxel
modelis reconstructetby SFSusingmorethan100silhouettesthemodelis very accurate
andthesurfacevoxel centersarecloseapproximationso pointsonthesurfaceof theactual
person. Also sincethe voxel centerslie on a 3D grid, the distribution of the pointsis

uniform.

To build voxel modelsof eachperson,video sequencesf the personstandingon a
turn table were capturedby eight cameraswith thirty frames(roughly equalto a whole
revolution of the turntable)percamera.Note thatthereis no needto calibratethe rotation
axis andspeedof the turn table beforehandasour rigid body temporalSFSalgorithmis
ableto recorerthemotionautomatically Thepersons askedto remainstill throughouthe
captureprocesgo satisfytherigidity assumptionMoreover, the personis alsotold to keep
their limbs straightsothatthe rst frame of the sequence&anbe chosenasthe reference
framefor the globalbodyjoints registrationdiscussedn Section7.1.2. After applyingthe
rigid objecttemporalSFSalgorithmto recover the motions,a re ned voxel modelof the
personis built usingthe VisualHull re nementtechniqueasdescribedn Section5.5. The

centersof the surfacevoxels of the model are extractedand coloredby back-projecting
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Figure7.6: Resultsof body shapeacquisitionfor SubjectE (a) Fourinputimagesof cameras, (b)
unalignedandalignedcoloredsuriacepointsfrom all frames,(c) re ned Visual Hull of the body
displayedrom severaldi erentview points.

theminto the colorimages.Theresultson SubjectE SubjectGandSubjectSarepresented
in Figures7.6,7.7 and7.8respectiely. It canbe seenthatexcellentshapeestimategsee
for examplethe Visual Hulls in Figures7.7(c)) of the humanbodiesare obtained. Note

that we namethe input sequences Figures7.6 through7.8 asthe ESTILL, GSTILL

and SSTILL sequencesespectiely. TheseSTILL sequencewvill be usedin Chapter9

assourcesequence® performimage-basedotionrenderingon SubjectE SubjectGand

SubjectS.
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Frame 6 Frame 12
Frame 18 Frame 24
Unaligned CSPs Aligned CSPs
@ (b)

(©
Figure7.7: Resultsof bodyshapeacquisitionfor SubjectG (a) Fourinputimagesof cameras, (b)

unalignedandalignedcoloredsuriacepointsfrom all frames,(c) re ned Visual Hull of the body
displayedrom severaldi erentview points.

7.3 Merging Shapeand Joint Information

Thelasttaskof our modelingsystemis to meige thejoint andshapeanformationobtained
from Sections7.1and7.2together Beforethe meige, slightmodi cations aremadeto the
joint positionsto enforceleft andright symmetryof the joint skeleton(the asymmetryis
causeddy errorsin joint estimationandregistration). Two rulesareapplied: (1) Theleft
andright shoulderjoints have the sameheightabove the ground. The sameappliesto the
two hip joints. (2) The distancebetweenthe shoulderandelbow joints on the left armis

equalto thaton theright arm. The sameappliesto the distancedbetweerthe hip andknee
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Frame 6 Frame 12
Frame 18 Frame 24
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Figure7.8: Resultsof bodyshapeacquisitionfor SubjectS(a) Fourinputimagesof cameras, (b)
unalignedandalignedcoloredsuriacepointsfrom all frames,(c) re ned Visual Hull of the body
displayedrom severaldi erentview points.

joints onthelegs. Thesetwo rulesarereasonabl®ecaus®f the persons uprightstanding
postureon the turntablewhenthe referenceframeis captured. The rules canbe carried
outby simply averagingthe correspondingaluesfrom theleft andright sidesof the body.

Oncethe joint positionsare adjustedthey are transferedo the voxel model. Sincethe
joints areregisteredw.r.t. thereferencamageusedto createthe voxel model,thetransfer

is straightforvard.

Theonly problemleft isto automaticallysegmentthevoxel centergo thecorresponding

body parts. Figure7.9illustratesan algorithmto segmentthe surfacevoxel centerdbased
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Figure7.9: Segmentingall of the voxel centergo the appropriatebody parts.(a) Thearmcutting
planesarefound by sweepinga planecircularly aroundthe shoulderjoints. The planewhich cuts
the leastnumberof voxelsis chosen.(b) Theleg cutting planesareformedby two planespassing
throughthe hipsjoints at a 45 degreeanglewith the horizontal,anda vertical planewhich separate
thelegsfrom eachother (c) Thejoints, the cuttingplanesandthe sggmentedvoxels of the model.

on thejoint locations.First, ve cutting planesarefoundto separatehe four limbs awvay
from thebody (Figure7.9(c)). Oncethelimb is segmentedit canbedividedinto theupper
andlower partseasilyusingthe elbow/kneejoint location. Theideal cutting planefor the
armwould bethe onewhich passeshroughthe shoulderjoint andthearmpit. To nd this
idealplane planeswith di erentorientationsaresweepcircularlyaroundtheshouldefjoint
acrosghebodyasshavnin Figure7.9(a). The planewhich cutstheleastnumberof voxels
of the body modelis thenchosento be the arm cutting plane. To separatehe legs from
theeachotherandfrom the body, threeplanesareused.The rst planepasseshroughthe
right hip joint while the secondplanepasseghroughthe left hip joint, and eachof them
makinga 45 degreeanglewith the horizontalplane. The third planeis the vertical plane
whichmake a*Y” with the rst two planesasshown in Figure7.9(b).

With a slight aluseof terminology hereafterwe treatthe surfacevoxel centersasif
they are CSPsandcall the meiged modelan articulatedCSP model of the person. The
articulatedCSPmodelsof the syntheticvirtual person,SubjectE SubjectGand SubjectS
are shavn in Figures7.10(a)(b)(c)and (d) respectrely. The video clip Subject-EGS-

kinematicmodels.mpgshavs some3D y-around views of the built modelsof SubjectE,
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(@ () (©) (d)

Figure7.10: Articulatedmodelof (a) syntheticvirtual person(b) SubjectE(c) SubjectGand(d)
SubjectSiIn (a) and(b), the CSPsare shavn with their original colors. In (c) and(d), the CSPs
of di erentbody partsare shavn with di erentcolors. For display clarity, the CSPsdravn are
down-sampledht aratio of onein two.

SubjectGand SubjectSNote thatthe articulatedCSPmodelcanbe turnedinto an articu-
latedvoxel modeleasilyby substitutingthe centerpointsby solid voxels (3D cubes).As
will be seenin the next two chaptersan articulatedvoxel modelis not only essentiafor
image-basedhumanmotion rendering(Step 3 of Section9.1.3.2),but is also useful for
determiningvisibility (Section8.2.3)in the problemof humanmotiontracking.As a sum-
mary, Figure7.11lillustratesthethreetasksof ourvision-basedumankinematicmodeling

system.

7.4 RelatedWork

The work mostrelatedto our vision-basechumanbody kinematicinformation acquisi-
tion systemis by Kakadiarisand Metaxasin [KM95]. They useddeformabletemplates
to sggmentthe 2D body partsin a silhouettesequence.The sgmented2D shapedrom
threeorthogonalview-points are then combinedinto a 3D shapeby SFS.Although our

ideaof estimatingthejoint locationsindividually insteadof all at onceis partly inspiredby
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Figure7.11:Flow chartillustratingthethreetasksin our humankinematicmodelingsystem.

theirsystemherewe addressheacquisitionof motion,shapeandarticulationinformation,
while [KM95] focusegmainly on shapeestimation.

Besidesthe 2D work by Krahnstoger et al. in [KYS01, KYS03] (which we have al-
readydiscussedn the lastchapter) the researctgroupled by Fuaaddressethe problem
of 3D humanbody modelingusingathree-cameraystem{PFD99,PF01,FGDPO02].They

rst extractdensefeaturepointson the surfaceof the body partsby manualinitialization
andstereomatching.Thefeaturepointsarethentracked acrosghe video sequencessing
a templatematchingtechnique. A e xible but complex humanmodel consistingof de-

formablemetaballdBli82] asshapeprimitivesis thenusedto t thetrackedfeaturepoints
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througha leastsquareframavork. Thoughthey have not demonstratethe modelingof a
completebody, their approachs ableto handlenon-rigid deformationof the body parts.
Sandet al. have also capturedthe non-rigid deformationof the humanbody skin using
silhouetteimages[SMP03]. However, marker-basedmotion capturedatais usedin their

systemto estimatehe joint skeletonandtrackthe motionof the person.

7.5 Discussion

As opposedto other humanmodelingapproachesvhich t and modify generichuman
modelscomposeaf simpleshapeprimitiveto theinputimagedata[L Y95, KM98, PFD99,
CKBHOQ0], our vision-basedkinematicmodelingsystemconstructghe body modelfrom
scratchusingsimplejoint connectiorknowledgeof the body. We acquireandregisterthe
skeletalstructureusingvideosequencesf thepersommoving theirlimbs andextractshape
information(in termsof CSPs)of the body partsdirectly from the silhouetteandcolorim-
ages.Thejoint andshapenformationis thenmegedto form a completekinematicmodel
consistingof voxelssggmentednto bodypartsusingthejoint locations.Comparedo laser
scanninghumanbodymodelingtechnologywhich usuallyonly captureshapanformation,
our systemis simpler cheapernon-invasve andmoreimportantly providesthe joint lo-
cations.However, sinceour systemusesthe motion of the body partsto recover the joint
locations,it doesnot performwell with joints which have arestrictedrangeof movement,

suchasthe headwrist andanklejoints.
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Human Motion Tracking

Humanmotiontrackingandcapturehaslong beenanimportantresearclareain computer
graphicdor theentertainmenindustryof moviesandgames Almostall of the stateof the
art motion capturesystemgMET, MAC, VIC] attachoptical or magneticmarkerson the
personwhosemotionis to be tracked and usetriangulationon the positionsof the mark-
ersto achiese tracking. Although thesesystemgenerallyproducevery goodresults they
arenot very applicableto applicationssuchassecuritysureillanceandhuman-computer
interactionwhereplacingmarkerson the personis eitherimpossibleor undesirable.For
this reason,vision-basedmotion tracking hasgainedmuch attentionin recentyears(an
extensie surwey of thetopic canbefoundin [MGO1]) andresearcherbave proposedsys-
temsto track body partsfrom video sequence$RK95, GD96, BM97, BM98, HHD98,
JTH99 DCR99 CR99a CR99b,PRCM99 DF99, CKBH00, SDB0Q SBF0Q DBROO,
DCRO01,DCO01, LC01, SC02,MTHCO03, CTMSO03] using a variety of model-basedp-
proaches.In almostall of thesesystemsgenericshapeqe.g. rectangle&llipsesin 2D,
cylinderdellipsoidsin 3D) areusedto modelthe bodypartsof the person.Thoughgeneric
model¢shapesare simpleto useand canbe generalizedo di erentpersonsthey su er
from two disadwantagesFirstly their coarseapproximatiorto the actualbody shapeof the

personlimits the accurag of motiontracking. Secondlygenericshapeénodelsalsolack

117
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accuratgoint informationof the person.In vision-basednotiontrackingsystemsprecise
kinematic(shapeandjoint) informationis essentiato obtainaccuratenotiondata.In this
chapteywe shav how the kinematicmodelof a personobtainedn Chapter7 canbeused
to trackthe motion of the personin new video sequencesThe formulationof our motion
trackingalgorithmis similarto the 3D CSP£D imagealignmentprinciple of thetemporal
SFSalignmentalgorithmproposedn Chaptels, with theincorporationof joint constraints

into themotionequationsasdescribedelow.

8.1 Image-BasedArticulated Object Tracking

In this section,we considerthe problemof tracking an articulatedobjectin (color and
silhouette)Videosequencesf theobjectusingaknown articulatednodelof theobject. We
assumehe articulatedmodelis constructedusingthe humankinematicmodelingsystem
describedn Chapter7. The modelconsistsof rigid partswith known shapedescribedn

termsof CSPsandareconnectedvith eachotherat known joint locations.

8.1.1 Problem Scenario

Figure 8.1(a)depictsan articulatedCSP model of an objectconsistsof threerigid parts
A; B andC with part A beingthe baseof the object. Without lossof generality we assume
the modelis at its referencecon guration which meansthe rotation anglesof the joints

andthetranslationof the basepartA areall zero. We assumehe shapanformationof the

modelis givenassetsof CSPaepresentetly fWi*; 14 i = 1; LAg fWES; 28 i =
1; L8g fWSS, 0% =1, ; LSgfor the partsA; B andC respectiely andthe

joint locationsof themodelareknown anddenotecy Y§ andYS . Furthermorewe assume
themodelcolorandsilhouetteimages1; S§; k = 1; , Kgthatwereusedto construct
themodelareavailable.

Supposewe have imagedthe articulatedobjectby K camerasat eachof J time in-
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(a) Thearticulated CSP model (b) The object at run-timet,

Figure8.1: (a) ThearticulatedCSPmodelof anarticulatedobjectwith threerigid partsA; B andC.
(b) Theobjectitself atrun-timet;. ThearticulatedCSPmodelin (a)is usedto estimatethe motion
parametersf theobjectatt;.

stantswith thecolorandsilhouetteimagesrepresentebyfI'J.‘;S'j‘; k=1, Ky =
1 ; Jg Also assumene have extractedfrom theseimagesJ setsof (unsgmented)
CSPst}; ‘jgof the object. Now the problemof image-basedarticulatedobjecttracking

canbestatedas

The Image-BasedArticulated Object Tracking Problem

Giventhe above input information, estimatethe positionsand orientations(Qf; sf) of the
basepart A and the rotation matricesQJB; QjC of the articulatedjoints at time t; for all
=1 ;.

8.1.2 Tracking Principle

Here we explain our tracking principle usingthe j frame data(capturedat run-timet;)

of thesequencéseeFigure8.1(b)). We assumehe articulatedobjectis alreadytracked at
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tj 1, i.e. we have estimate®f theparameter®;' ;; s ;; QF ; andQf ;. Asarecapwehave

thefollowing informationastheinput data:

1. Modeldata:

1a. sggmentednodelCSPSWLA; B4 WEB, 1B Wie; g

1b known modeljoint positionsY§ andYg,
1c. modelcolor andsilhouetteéimagesf1; Skgusedto constructhe model.

2. Dataatt;:

2a. run-timeunsgmentedCSPSWi; g
2b. run-timecolorandsilhouetteimages1; Sg
2c. estimatecharameter®? ;; s ;; QY ; andQf ; from previousframe.

Usingtheideasimilarto thatusedn aligningtwo VisualHulls in Section5.3.3,we pose
. . A_ . B C . . .. .

the problemof estimatingQ;’; sf Q; andQj asthe problemof minimizing the geometric
andcolorerrorscausedy projectingthe3D CSPanto the2D images.To bemorespeci c,

therearetwo typesof temporalerrorswe canuse:

1. the forward geometricand photometricerrorsof projecting(respectiely) the seg-

mentedmodel CSPsnto therun-timesilhouetteandcolorimages,

2. the backward geometricand photometricerror of projecting(respectrely) the run-

time CSPsinto themodelsilhouetteandcolorimages.

Provided with estimatesof Q7 s; Q° and QF, the forward errorsare obtainedeasily
by applyingthe appropriatenotionsto the alreadysegmentednodel CSPsandprojecting
theminto the run-timeimages. To calculatethe backward errors,however, an extra step
is required. In orderto apply the correctmotion transformationgdueto part A; B or C)
to the run-time CSPs,we have to decidefor eachrun-time CSPW}, which part of the
articulatedobjectit belonggo. In otherwords,we have to sggmentthe setof CSPS‘W}; ijg
to partsA; B andC. Generallysegmentinga setof 3D pointsis annon-trivial problem,and

di erentapproachesreusedunderdi erentsituations. Two approache$or sggmenting
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therun-time CSPsbasedon the known shapenformationof the modelandthe estimated
motion parametergrom the previous frame will be proposedn Section8.2.4whenwe
applythetrackingalgorithmto humanbody Oncethe run-time CSPsare segmentedthe

backwarderrorcanbe calculatedeasilyandaddedo theforwarderrors.

Theoretically to estimatethe motionparametersit is su cientto justincludethefor-
ward errorsin the optimizationequations.However, the advantageof including the back-
warderrorsis thatthe motionparameterarethenhighly constrainedThis meanghatwith
theadditionof backwarderrors,thetrackingis lesslik ely to fall into local minimum, espe-
cially whenary two jointed partsof the articulatedobjectarevery closeto eachother(see
Section8.2.5for details). The disadwantageof including the backward errorsis the extra
stepthatis requiredto segmentthe run-time CSPs.Note thatthe backward errorsshould

notbeusedif the segmentatiorof therun-timeCSPsds notreliable.

8.1.3 Incorporating Joint Constraints into Optimization Equations

In this sectionwe give the mathematicaéquationgo incorporatethe joint constraintsnto
the calculationof the forward andbackward errors. For the forward errors, let W™, W®
and W.C be the positionsof Wi WEB and WiC at run-timet; (seeFigure 8.1(b)). By
thejoint constraintdetweernhe parts,we have thefollowing equationgelatingthetrans-

formedmodelCSPsandthejoint positions(YJ?3 andeC) att; with themotionparameters:

Part A: WA = QWG + s (8.1)
Part B: YP = QfYg + 5

W= QA )+ ¥ @2
Part C: YE = QPQR(Ys Y+ VP

V= QUIQEWE )+ : 3
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Substitutingthe above equationsnto Equation(5.9),theforwarderrorsarewritten as

X0 X n _ _ 0
&1 = di (W™ + [efwWg™) 1

=1k
X X n K\Nji:B KA\Nji:B 8720

+ di(Wg") + [c{(Wg) 4]
=1 k
X(O: X n knasiC knasiC i,C 20

+ di(We™) + [e(We™) o717 (8.4)
i=1 K

Asin Equationg5.2)and(5.9)in Chapter5, theerrorof amodelCSPw.r.t thek™ run-time
color andsilhouetteimageis calculatedonly if the CSPis visible in thatcamera.Sincein
this case the objectconsistsof articulatedrigid parts,the “reverseapproach’describedn
Section5.4.2for testingvisibility is notapplicable An alternatve methodfor determining
visibility for articulatedobjecttrackingwill bediscussedn Section8.2.3.

To calculatehebackwarderrorse;.,, we rst expresghepositionsof the (how assumed
sggmented)run-time CSPsw.r.t. the modelimagesin termsof the motion parameters
QJA; sf QJB and QjC by inversetransformingthe setof motion relationsin Equations(8.1)
to (8.3). Thenthe transformedun-time CSPsare projectedinto the modelsilhouetteand
colorimagedo getthegeometriaandphotometricerrors,againusingequation(5.9). Com-
bining the backward andforward error terms(Equation(8.4)), the optimizationequation

becomes

min__eatep ; (8.5)
$:QQQ

which canbe solvedby usingthe Levenbeg-Marquardtalgorithm[DS83,PTVF93].
Althoughwe have describedhetrackingalgorithmusinganexamplearticulatedobject

consistsof threeparts,it canbe easily extendedto articulatedobjectswith N parts. In

the specialcasewherethe motion (rotation and translation)of the base(part A in our

example)is known, or if it is static,the problemdegenerateso trackinga multi-link object
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arounda x ed point. An examplewould be the situationwe discussedn Section7.1.2.2
for globally registeringthe joints of the limbs. Note thatin suchcasesour algorithmstill
applieswith thedi erencethat (Qf; sf) areknown constantsnsteadof parameterso be
optimizedin Equation(8.5). To concludethis section,we summarizethe Image-Based

ArticulatedObjectTrackingAlgorithm below:

The Image-BasedArticulated Object Tracking Algorithm
1. Initialize themotionparametere the rst framet;.
2. Forj =1, ; J, estimatethe motion parameterst t; by the following proce-
dures:

(a) Initialize themotionparameteratt; with thoseestimatedtt; ;.
(b) Segmenttherun-timeCSPsatt;.
(c) Apply thelterative LM algorithm(describedn Section5.3.2)to Equation(8.5)

to minimize the sumof forward errorsandbackward errorswith respecto the

A.

motionparameterg;’; sf QJ-B andeC until corvergencads attainedor for a x ed

numberof iterations.

8.2 Tracking Full Body Human Motion

8.2.1 The Articulated Human Model

The articulatedCSP modelsusedto track humanmotion are the sameas thosebuilt in
Chapter7 (seefor exampleFigure7.10). Eachmodel consistsof nine body parts: torso,
right/left lower/upperarms,right/left lower/'upperlegs,connectedy eightjoints: right/left
shouldefelbow joints, right/left hip/knee. Eachbody partis assumedo berigid with the
torsobeingthe base. The shoulderand hip joints have 3 degree-of-freedon{DOF) each
while thereis 1 DOF for eachof the elbav and kneejoints. Including translationand

rotationof thetorsobasethereareatotal of 22 DOF in the model.
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8.2.2 Hierar chical Tracking

The moststraightforvardway to usethe Image-Based\rticulated Object Tracking Algo-
rithm for humanmotion trackingis to apply it directly to all the body parts(with atotal
of 22 DOF) of the articulatedCSPmodelat the sametime. In practice,however, this all-
at-onceapproachs proneto the problemof too mary local minima becausef the high
dimensionality To reducethe chanceof falling into local minimum, we insteadusea two-
stephierarchicalapproach:rst t thetorsobaseandtheneachlimb independentlyThis
approachmakesuseof the fact that the motion of the body is largely independenof the
motion of thelimbs which are,undermostof the caseslargely independendf eachother
The rst stepof our hierarchicalapproachnvolvesrecovering the global translationand
orientationof the torsobase. This canbe doneusingthe 6 DOF temporalSFSalgorithm
for rigid objectsin Section5.3.3. Oncethe globalmotion of thetorsohasbeenestimated,
thefour joint positions:left/right shouldersandleft/right hipsarecalculatedIn thesecond
step,the four limbs of the body are alignedseparatelyaroundthese x ed joint positions
justasin the specialcasementionecdat the endof Section8.1.3. Using sucha hierarchical
approacmot only reduceghe chanceof falling into local minimum, but alsoreduceghe

processindime asthereareonly four unknovnsto be optimizedfor eachlimb.

8.2.3 Determining Visibility

Sincethehumanmodelconsistof articulatedoodyparts theconserative silhouette-based
visibility testusedin Section5.4is inapplicablefor alignmentn motiontracking.Herewe
proposeanothemethodfor testingvisibility. Thebasicideais to rst turnour articulated
CSPsmodelinto an articulatedvoxel modelby replacingthe CSPswith solid voxels (as
discussedattheendof Section7.3). Thenattimet;, thevoxelsin themodelaretransformed
usingthe estimatedmotion parameterst t; to simulatea 3D visibility spaceasit would

be formedby the actualhumanbody. The visibility of a 3D pointw.r.t. a cameras now
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Figure 8.2: Determiningvisibility attime t; usingan articulatedvoxel modelandthe estimated
motionparameterstt;.

determinedy intersectinghetransforme®D voxel modelwith theline joining thecamera
andthe 3D point. If the line hits any part of any voxels of the model, the 3D point is

invisible, otherwiseit is visible. This visibility testis illustratedin Figure8.2.

Sincethe voxel modelis essentiallythe Visual Hull (andthereforean overestimated
shape)of the personthereis a de nite advantagen usingthe voxel modelasit provides
a conserative mawgin for the visibility test. It hasto be pointedout that sincethe voxels
aretransformedisingthe estimatedr approximatednotionparametergsteadof thetrue
values someof thevisibility testresultsmaynotbecorrect(despiteheconserative magin
o eredbythevoxel model).As theestimatednotionparametersornvergestowardthetrue

solution,however, thevisibility testsbecomemoreandmoreaccurate.
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8.2.4 Run-time CSPsSegmentation

Herewe suggestwo approache® segmenttherun-timeCSPs.The rst approaclapprox-
imatesthe body partsusing simple geometricalprimitivesand usesthe distancebetween
the CSPsandthe primitivesfor segmentation.The secondapproactseggmentshe CSPsby
seggmentingthe boundaryof therun-timesilhouetteimageswhich originatethe CSPs.
8.2.4.1 Segmenting3D CSPsusing approximated ellipsoidal shells

Recallthatin thereal-timeSFSsystemin Chapter3, we t andsegmentthereconstructed
surfacevoxels usingellipsoidal shells(Section3.3.2). The rst approachof sggmenting
run-time CSPsusesa similar idea. The whole procedurgat time t;) is illustratedin Fig-

ure8.3. 1t consistof threestepdistedfollow:

1. Thebody partsof the CSParticulatedmodelareapproximatedy ellipsoidalshells
usingEquationq3.3)to (3.5) onthegivenmodelCSPs.

2. Theellipsoidalshellsaretransformedisingthe estimatednotionparameteratt; ;.

3. Eachrun-timeCSPatt; is ssgmentedasbelongingto thebodypartwhoseellipsoidal

shellis closestin distanceo that CSP

8.2.4.2 Segmenting3D CSPsby segmentingthe 2D silhouette boundary

Theideaof the secondapproacihcomesfrom the factthatall CSPsoriginatefrom points
on the boundaryof the silhouette. This meanghat segmentingthe 3D run-time CSPscan
bedoneby segmentingthe boundarie®f the 2D run-timesilhouettesFigure8.4illustrates

the stepsof sgmentingthe 2D run-timesilhouetteboundaryatt;:

1. ThemodelCSP<of thearticulatednodelaretransformedisingtheestimatednotion
parametersitt; ;.

2. To sggmentthe boundarysilhouetteof run-timeimageS'j‘, the transformedmodel
CSPsareprojectedalongwith their body partidentities)onto S‘Jf.

3. For eachboundarypointof S, it is segmentedo belongto the body partwhich has

the highestnumberof projectedCSPswithin a x edradiusof theboundarypoint.



8.2. TrackingFull Body HumanMotion

att;.

127

Step 2: Transform

Step 1: Articulated CSP Sslilrﬁ)sor:'lc:)atii ;‘e”s
model approximated paragn cters
by ellipsoidal shells eﬂimatedattj_l
—— e
Articulated CSP Articulated ellipsoidal
model shells model

Run-time t

Step 3: CSPs at t; are
segmented according to

the shortest distance to e
the ellipsoidal shells

———

Segmented
CSPsat

Unsegmented CSPs at t; Unsegmented
and ellipsoidal shells at t;_; CSPsat t
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Figure8.4: Segmentingthe 3D CSPsby segmentingthe 2D boundaryof the siIhouetteimageS‘j<
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Although the above two approachesire describedusing humanbody trackingas an
example,they canbeappliedto thetrackingof otherarticulatedobjects.The advantageof
usingthe rst approachs thatit is fastandeasyto implement.However, it is notapplicable
to articulatedobjectswhoseparts cannotbe closely approximatedoy simple geometric

primitives.In suchsituationsthe secondapproachs preferredthoughit is slower.

8.2.5 Dealingwith Local Minimum

As commorto all methodsvhichuseanerrorminimizationformulation,ourhumanmotion
tracking algorithmis proneto the problemof local minima, especiallysincethe human
articulatedbody hasvery large numberof DOF. Thoughwe have usedthe hierarchical
approachdiscussedh Section8.2.2)to reducethe high dimensionalityof thetrackinginto
multiple smallersub-optimizationgo lower the chanceof falling into local minimum, the
problemcannotbe completelyavoided.

Thereare threesituationswhere our tracking algorithmis particularly vulnerableto
local minima. The rst situationoccurswhen one of the the armsis very closeto the
torso.In thissituation thereis a big chancehatthe optimizationwill gettrappedn alocal
minimumwherethearmstaysin a positioninsidethe bodyof the person(seeFigure8.5(a)
for anexample).The secondsituationoccurswhenthelegsof thepersonarecrossingeach
otherandthetrackingalgorithmis not ableto distinguishbetweertheleft andright lower
legsasshawvn in Figure8.5(b). The third situationhappensvhenthe armis straightand
thereis not enoughcolor (or texture) informationon the armto di erentiatethe rotation
anglesof the shoulderjoint aboutthe axis alongthe length of the arm. An exampleis
illustratedin Figure 8.5(c) wherethe palm of the left arm of SubjectEis facingupward
(seethe associatedmage)but the recoveredjoint angleshave the palmof the armfacing
downward (i.e. thejoint anglesof the left shoulderjoint is rotatedaroundthe axis along
thearmby 180degrees).

To copewith the rst two situationscollision detectionandreinitializationis addedo
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Figure8.5: Threesituationswhereour trackingalgorithmis particularlyvulnerableto local min-
ima. (a) Thearmis very closeto the body (b) Thelegs arecrossingeachother (c) Thearmis
straightandof homogeneousolor.

our algorithm. In eachframe,afterall the joint angleshave beenestimatedthe body parts
are checled for collision. If a collision is detectecbetweena limb andthe body, within
eachlimb (e.qg. collision of upperandlower arm)or betweerlimbs, the joint anglesof the
limbs involvedin the collision arereinitialized andre-aligned. To reinitialize, insteadof
usingonly thejoint anglesestimatedrom the previousoneframe,thosefrom the previous
threeframesareusedto predicttheinitial guess.To increasehe chanceof climbing out of
thelocalminimum,a smallrandomperturbationss alsoaddedo theinitial guess.
Notethatalthoughtheabove heuristicis su  cientto avoid someof thelocal minima, it
still fails occasionally For afailed frame,to avoid propagatinghe wrong estimatedo the
next frame,we setthejoint angleso bethoseestimatedrom the previousframe.By doing

S0, it is hopedthat the local minimum problemwill be resohedin the next frame. For
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casesvherealimb is totally lostin thetracking,simplemanualreinitializationis required
to restartthetrackingof thatlimb.

The third situationis di cult to dealwith becauséhe geometricconstraintsare not
ableto resol\e the ambiguitydueto the symmetryof the arm. In casesvhenthereis no
textureon thearm (asin the caseof SubjectE) the constraintof photometricconsistenyg
arealsounableto correctthemis-alignmentAlthoughcurrentlywe have no solutionto this
situation thetrackinggenerallyrecoversby itself oncethearmis bent(whentheambiguity

canberesohedby thegeometricconstraints).

8.3 Experimental Results

To testour tracking algorithm, two typesof dataare used: (1) syntheticsequencesvith
ground-truthare generatedising OpenGLto obtain quantitatve comparisonand (2) se-

guence®f realpeoplewith di erentmotionsarecapturedor qualitative results.

8.3.1 Synthetic Sequences

Two syntheticmotionvideo sequencesKICK (60 frames)andPUNCH (72 frames)were
generatedisingthe synthetichumanmodelin Section6.2.1with a total of eightcameras
per sequence.The recoveredarticulatedmodel shovn in Figure 7.10(a)is usedto track
the motionin thesesequencesFigure 8.6 compareshe ground-truthand estimatedoint
anglesof theleft armandright leg of thebodyin the KICK sequencelt canbe seenthat
our trackingalgorithmperformsvery well.

The movie Synthetic-track.mpg illustratesthe tracking resultson both sequences.
In the movie, the upperleft cornershowns one of the input camerasequenceghe upper

right cornershows the tracked body partsandjoint skeleton(renderedn color) overlaid

All movie clips of this chapter can be found at
http7//www.cs.cmu.edligermanreseach/ThesigVidedChapte8/
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Figure8.6: Graphscomparingground-truthandestimatedoint anglesof theleft armandright leg
of the syntheticsequenc&ICK. The estimatedoint anglescloselyfollow the ground-truthvalues
throughouthewholesequenceThetrackingresultsof theKICK sequenceanbeseerin themovie
Synthetic-track.mpg.

ononeof the inputimages(which are cornvertedfrom color to gray-scale).Thelower left
cornerdepictsthe ground-truthmotionrenderedisingan avatarandthe lower right corner
representshe tracked motionswith the sameavatar The avatarrenderingsshow thatthe

ground-truthandtracked motionsarealmostindistinguishabldérom eachorder
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8.3.2 RealSequences

Our tracking algorithmis testedon a variety of real humansubjectsperforminga wide
rangeof motions. For SubjectG threevideo sequencesSTILLMARCH (158 frames),
AEROBICS (110 frames)and KUNGFU (200 frames)were capturedo testthe tracking
algorithmwith eightcamerasisedin eachsequenceFigures8.7 and8.8 shav the track-
ing resultson the AEROBICS andKUNGFU sequencesespectrely. Each gure showvs
selectedramesof the sequencavith the (color) tracked body partsandthe joint skeleton
overlaid on one of the eight camerainput images(which are corvertedto gray-scalefor
display). The movie SubjectG-track.mpg containsresultson all threesequencesin the
movie, the upperleft cornerrepresenteneof theinput cameramagesandthe upperright
cornerillustratesthetrackedbodypartswith joint skeletonoverlaidonagray-scaleversion
of theinputimages.The lower left cornerillustratesthe resultsof applyingthe estimated
motion datato a 3D articulatedvoxel model(obtainedfrom the articulatedCSPmodelas
discussedt the endof Section7.3) of the personwhile the lower right cornershows the
resultsof applyingthe estimatedmotion datato an avatar The video demonstrateghat
our trackingalgorithmtrackswell on both simplemotions(STILLMARCH, AEROBICYS)
and complicatedmotions (KUNGFU). Note thatin the above threesequenceghe rem-
edydiscussedn Section8.2.5is notusedfor dealingwith the problemof local minimum.
Sincethe motionsin the STILLMARCH and AEROBICS are simple,no local minimum
problemsareencounteredh thesetwo sequencesHowever, for the KUNGFU sequence,
the trackingof theright armis lost in frame 91 for 10 framesdueto local minimum but

recoversautomaticallyat frame101.

A motion sequencd HROW (155 frames)of SubjectSis captured. The sequences
rst tracked by our algorithmwithout usingthe local minimumremedy Sincebody parts
arenot checledfor collision,whentheleft armis very closeto the bodyat frame70, local
minimum pulls the left arm inside the body (seeFigure 8.5(a)). Moreover, the tracking

of bothlegsis alsolost aroundframe43 (which is shavn in Figure8.5(b)) whenthelegs
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Figure 8.7: Trackingresultsof the AEROBICS sequenceavith 12 selectedrames. The tracked
bodypartsandjoint skeleton(renderedolor) areoverlaidon oneof theinputcameramagegwhich
areconvertedfrom color to gray-scaldor clarity). The whole sequence&anbe seenin the movie
SubjectG-track.mpg.

startedto crosseachother To resole theseproblemsthe sequencés re-tracled with the
local minimum remedyturnedon. The resultsareshavn in Figures8.9 which shows 24
selectedramesof the sequencavith the (color) tracked body partsandthe joint skeleton
overlaid on one of the eight camerainput images(which are corvertedto gray-scalefor
display). Thelocal minimaproblemsof thelegsandthe left armaresuccessfullyesohed
by checkingfor body partcollision andreinitialization. Thewhole THROW sequencean
be seenin themovie SubjectS-track.mpg

Two sequencesSLOWDANCE (270frames)andSTEP-FLEX(90frames)of SubjectE
arealsocapturedandtracked. Someof thetrackedframesareshawn in Figure8.10for the
SLOWDANCE sequencandFigure8.11for the STEP-FLEXsequencéthe trackingre-
sultsof bothsequenceareincludedin themovie clip SubjectE-track.mpg). Theshoulder

joint ambiguityproblem(Figure8.5(c))happensn the SLOWDANCE sequencentheleft
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Step Approximatetime required per frame
Seymentingrun-timeCSPs 0.26s
Trackingthetorso 61.6s
Trackingtheright arm 16.3s
Trackingtheleft arm 13.2s
Trackingtherightleg 49.7s
Trackingtheleft leg 56.0s
Collision detection 0.18s

Table8.1: The approximateime requiredfor eachstepin our trackingalgorithm. It takeslonger
time to align the torsobaseandthe legs thanthe armsbecauseéhe former have muchmore CSPs
thanthe latter The time neededo sggmentthe run-time CSPsanddetectbody partscollision is

negligible compareo thatrequiredfor alignment.

arm aroundframe 28 andon the right arm aroundframe 85 thoughthe trackingrecovers
in later framesof the sequencéseemovie clip SubjectE-track.mpg for betterviews of
the problem). In the STEP-FLEXsequencealthoughthe waistjoint is not modeled,our
trackingalgorithmis ableto approximatehe bendingof the body (aroundthe waist) using
thehip joints.

Table8.1givestheapproximatdime requiredfor eachstepof ourtrackingalgorithm. It
takeslongertimeto alignthetorsobaseandthelegsthanthearmsbecaus¢heformerhave
muchmoreCSPghanthelatter Thetime neededo segmenttherun-timeCSPsanddetect
bodypartscollisionis negligible compareo thatrequiredfor alignment.Thesdimingsare
averagedrom trackingthe rst 100framesof the SLOWDANCE sequenc®n a machine

with a750MHzPentiumCPU.
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Figure 8.8: Trackingresultsof the KUNGFU sequencavith 24 selectedrames. The whole se-
guencecanbeseenin themovie SubjectG-track.mpg.
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Figure8.9: Trackingresultsof the THROW sequencwith 24 selectedrames.Thewholesequence
canalsobeseenn the movie SubjectS-track.mpg
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Figure8.10: Trackingresultsfor the SLOWDANCE sequenceith 24 selectedrames.Thewhole

sequenceanalsobe seenin themovie SubjectE-track.mpg.



138 Chapter8. HumanMotion Tracking
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Figure8.11: Trackingresultsfor the STEP-FLEXsequencevith 12 selectedrames. The whole
sequenceanalsobe seenin themovie SubjectE-track.mpg.

8.4 RelatedWork

Amongall of themodelbasedapproacheto trackhumanmotion,thework by Sidenbladh
etal. in [SDB00, SBF0Q, thatby DelamarreandFaugerasn [DF99], thatby Carranzaet
al. in [CTMSO03] andthatby Mikic etal. in [MTHCO3] arethe mostrelatedto our tracking
algorithm.

Sidenbladretal. [SBFOQ performhumanmotiontrackingby rst modelingthe person
usingarticulateccylindersasbodyparts.Eachbodypartis projectednto areferencemage
to createanappearancmodel[SDBO0Q. Usingaparticle ltering framevork [DBROO0], the
articulated3D appearancenodelis thenusedto trackthemotion[SBF0J. As pointedout
by theauthorghemseles,theirmodelworkswell for trackinga singlebodypartbut is too

weakfor constraininghe motionof theentirebodywithoutusingspeci ¢ motionmodels.
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Hencetheir approachs restrictedto trackingsimple motionssuchaswalking or running
for which motionmodelcanbe createdy collectingexamplegSBF0Q.

In [DF99], silhouettecontoursfrom multiple camerasreusedto constrainthe articu-
latedmodel(which consistsof geometricprimitivessuchascylindersor truncatedcones)
of aperson.Theway of generating'forces” to align 2D contoursof the projectedmodel
with the silhouetteboundaryis similar to the geometricconstraintsve usein our track-
ing algorithm. In [CTMSO03], Carranzaet al. rst rendera humanmodelusinggraphics
hardwareandthencomparethe renderedmages(using pixel-wise XOR) with the silhou-
etteimagesextractedfrom video sequencew trackhumanmotion. Althoughit is unclear
exactly how their XOR errorsareformulatedasdriving forcesfor optimizing the motion
parameterstheir grid-searchnitialization procedureprovidesa goodway to reducethe
problemof local minima. Mikic etal. alsousemultiple-view silhouettesn [MTHCO3] for
motiontracking,althoughtheir bodypart tting is donein 3D spaceandis closelyrelated
to ourpreviouswork in [CKBHO0OQ]. Noneof theabove work usescolorinformation,unlike

in our algorithm.

8.5 Discussion

Due to the high numberof degreeof freedomof the humanbody, motion trackingis a
di cult problem. The problemis even more challengingfor vision-basedno markers)
approachebecaus®f self occlusion,unknavn kinematicinformation,perspectie distor
tion andclutteredenvironment.In this chapterwe have shovn how to usethe Visual Hull
Alignmentideato performhumanmotion tracking. Our trackingalgorithm hastwo ma-
jor advantagesomparedo othermodel-basednethods First, our personspeci ¢ models
consistof CSPawhich closelyapproximateheactualshapeof thebodyparts,with joint in-
formationestimatedlirectly from the motionof the person.Theaccurate&inematicmodel

givesbettershapeandjoint constraintshanmethodswvhich usessimpleapproximatingge-
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ometricprimitives. Secondlythe (color) appearancenodelprovided by the CSPshelpto
combineseamlesslyhe geometricconstraintsandthe color consisteng in onesingleop-
timizationformulation.Most othervision-basednotiontrackingmethoddack this feature
of usingbothcolorandshapenformationsimultaneouslyande ectively.

For relatively simplemotions,suchasthe STILLMARCH andAEROBICSsequences,
our trackingalgorithmworks very well. However, for complex motionssuchasthosein
the KUNGFU and THROW sequencespur algorithmsu ersfrom the problemof local
minima. This problemis unavoidablebecauseof the error minimization formulation of
thealgorithm. Althoughthe remedywe suggestedh Section8.2.5is ableto resole some
of theselocal minimaproblems thereareun-resohablesituationssuchasthe onein Fig-
ure 8.5(c). Anotherway to dealwith the local minima problemis to apply joint angles
limits (or the constraintsof reachablevorkspaceasde ned in [MLS94]) to the tracking

errormeasureMore detailsaboutthis will bediscussedn Section10.2asfuturework.



Chapter 9

Human Motion Rendering

In the previous chapterswe have derived algorithmsto build detailedkinematicmodel
of humanbody and to perform motion trackingin video sequencesising the acquired
model. In this chaptey we proposean algorithmto photo-realisticallyrenderthe articu-
lated humanbody and demonstraténow the algorithm can be usedfor interestingcom-
puter graphicsapplicationssuch as generatingpicturesof “faked” motion of a person
or exchangingmotions betweentwo people. The algorithm, which we called Image-
BasedArticulatedModel RenderingAlgorithm usestheimage-basedenderingtechnique
[CW9I3, WHH95, GGSC96,LH96, SD96,McM97, SK98, Deb98,BSV*00, VBKO02] to
rendey from ary viewpoint, the articulatedhumanmodel performingnev motion from a
setof “sourceimages”. Thedetailsof thealgorithm,includingtherequiredinput data,the

variousrenderingstepsandtheimplementationssuesaredescribedelow.

141
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9.1 Image-BasedArticulated Model RenderingAlgorithm

9.1.1 Input Data

Thefollowing dataandinformationof a persons assumedo be available:

1. An articulatedvoxel modelof the personbuilt usingthe kinematicmodelingsystem

describedn Chapter7.

2. Videosequencef the personperformingsomemotion. It is assumedhatthereare
K calibratedcamerasaandthe sequenceontainsJ framesof colorimages.We call
theseJK imagesasthe sourceimagesandthe rst frameof this sourcesequencés

setasthereferencdrame.

3. Themotiondata(whichwewill referto asthesourcemotiondata)of thepersoncor
respondingo hismotionin thevideosequence (2) above. Themotioninformation
canbe obtainedusingour motion trackingalgorithmin Chapter7 or marker-based
motion capturesystem. The datais assumedo be registeredwith respectto the

referencdrame.

4. Tagetmotion datato be appliedto the modelfor rendering.The target motion can

be obtainedirom trackingthe motion of anotherpersonor from a motiondatabase.

9.1.2 Algorithm Outline

Our renderingalgorithm consistsof threeparts: (I) pre-renderingorocessing(ll) pixels
renderingand(lll) post-renderingprocessingln the pre-renderingprocessthearticulated
voxel modelis rst corvertedto a mesh-baseanodel. Thenthe target motion datais
appliedto the cornvertedmeshmodelto transformthe body partsto their target positions.
The voxel-to-meshcorversionis doneto ensurecontinuity betweernbody partswhenthe

target datais appliedto the model. In a voxel model, sincethe voxels are not properly



9.1.Image-Based\rticulatedModel RenderingAlgorithm 143

connectecdaroundthe joints, discontinuityartifactshappenwhenthe personmoves. The
problemis avoidedwhenmesh-basethodelis usedbecausaneshesare connectedvith
eachotherattheirvertices.In Section9.1.3.1,we will suggest simpleway to corvertthe
articulatedvoxel modelbuilt in Section7.3 to a meshmodelanddescribehow the mesh

verticesaroundthe articulationjoints aremoved e xibly usingmotionweights.

After the meshmodelis transformedby the target motion data, it can be rendered
from ary virtual cameraviewpoint. Hereafter we call the renderedmageof the person
performingthe target motion as the target image and its pixels asthe tamget pixels. To
producephoto-realistigpictures,the secondpart of our IBAMRA renderthetarmgetimage
usinganimage-basedenderingtechniqueby which the tarmget pixel colorsaretakenfrom
thesourceimages.Thisrenderingprocesss illustratedin Figure9.1 usingSubjectEasan

example.

For atargetpixel, its coloris determinedusingthefollowing four renderingsteps.First
a viewing ray is castedfrom the (virtual) cameracenterthroughthe target pixel into the
3D space.Theray is intersectedvith the transformedneshmodel of the person.If the
ray doesnotintersectthe transformedmodel,the target pixel is a backgroundpixel andis
assignedhe appropriatdbackgrounccolor. Otherwise the body partZ wheretheray rst
intersectdhe meshmodel,togetherwith the point of intersection(hereaftedenotedby P
andreferredto asthetargetmodelpoint) arefound(Stepl in Figure9.1). Usingtheinverse
targetmotion transformatiorequationsof partZ, the positionof P atthe sourcereference
frame,denotedby P; is computed.OnceP; is known, its positionsat all the othersource
framesrepresentebtly fP;; j= 2 ; Jgarecalculatedusingthegivensourcemotion
data(Step2 in Figure9.1). We nameP; asthe sourcemodelpoints of the target pixel.
Oncecomputedgachsourcemodelpoint P; is projectedonto the K sourcecolor images
of the j*" frame. If the projectedpointis visible in thek™ image the color of the projected
pixel is valid, otherwisethe color is invalid (Step3 in Figure9.1). Finally the color of the

targetpixel is assignedo betheweightedaverageof thevalid sourcepixel colorsusingthe
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Figure9.1: Thepixel renderingpartof our Image-BasedrticulatedModel RenderingAlgorithm.
Four stepsareusedto determinghe color of atametpixel.

viewing anglesbetweerthevirtual camerathe sourcecameraandthetargetmodelpoint P
asweights(Step4 in Figure9.1). The viewing anglebetweenwo camerasanda 3D point

is de ned astheanglebetweerthetwo linesjoining the pointandthe cameras.

The nal partof our algorithminvolvesa post-renderingrocesdo Il in thosetarget
pixelswhosecolorscannotbe determinedecauseheir sourcemodelpointsareinvisible
in all of thesourcemages.Backgroundandshadaevs arealsoaddedto enhancehe photo-

realismof the nal image.As asummaryourrenderingalgorithmis summarizedelow:
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Image-BasedArticulated Model Rendering Algorithm (IBAMRA)

(1) Pre-rendering Processing
Corvertthe articulatedvoxel modelinto a meshmodelandapply the target motion

datato the corvertedmeshmodel.

(I') PixelsRendering

Determinethe color of eachtargetpixel of thetamgetimageby:

1. Intersectheviewing ray (originatedfrom the virtual cameracenter)of thetar-
get pixel with the transformedarget meshmodelto locatethe target model

point P.

2. ComputethesourcemodelpointsfP;; ;j = 1; ; Jgfrom thetargetmodel

point P, usingboththetargetandsourcemotiondata.

3. For eachsourcemodelpoint P; andcamerak, if P; is visible to camerak at
frame j, projectP; into the k" colorimagesof frame j andcollectthe color of

the projectedpointasa sourcepixel color.

4. Averagethe sourcepixel colorscollectedin Step3 with weightsaccordingto
theviewing anglesdbetweerthesourcecamerathevirtual cameraandthetarget

modelpoint P. Settheaveragedcolor asthetargetpixel color.

(111) Post-rendering Processing
Fill in colorsof the target pixelswhich arenot visible in any of the sourceimages.

Add backgroundandshadaevsto the nal targetimage.

9.1.3 Implementation Details

In thelastsectionwe brie y explainthe stepsof ourrenderingalgorithm.Herewe discuss
someof the implementatiorissuesof the algorithm. Note thatthe idea providedin this

sectionfocuson simplicity. Naturallythereareotherwaysto implementour algorithm.
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9.1.3.1 Pre-rendering Processing
Therearetwo tasksto the pre-renderingprocesscornvertthevoxel modelto ameshmodel
and apply the target motion datato the corvertedmodel. To corvert the voxel model
to a meshmodel, Marching CubesAlgorithm [LC87] is used. Sincethe voxel datais
discretethemeshmodelgeneratedby theMarchingCubesAlgorithm is blocky. Toremove
the blockinessthe meshis smoothedbut without being shrunk)by applyinga low-pass
Iter to the positionsof the verticesof the mesh[JH97]. Oncethe meshis smoothedthe
samesggmentatioralgorithmproposedn Section7.3 (seeFigure7.9) is usedto segment
the verticesto belongto di erentbody parts. Eachtriangularfaceof the meshis also
segmentedaccordingto the segmentatiornof its threevertices(i.e. a faceis sgmentedas

belongingto bodypartZ if 2 or moreof its verticesbelongto Z).

Onewayto applythetargetmotiondatato themeshmodelis to move eachvertex of the
meshaccordingto the 6D transformatiorof the body partthe vertex belongsto. Though
simple,this methodcausesbruptchangef the mesharoundthe joints wheretwo body
partsmeet. To createsmootherttransitionof the meshbetweerbody parts,eachvertex is
transformedoy a weightedsum of the motionsof the body part aroundthat vertex. This
idea, which is alsoknown as skinning,is commonlyusedin the computeranimationof
skin. Herewe suggesta very simple way to computethe weights. Figure 9.2 shavs a
vertex V andall theverticeswhich shareanedgewith V. The sgmentatiorof thevertices
arealsoindicatedin the gure by blackandwhite dotswhichrepresentwo di erentbody
parts.Theideais to setthemotionweightof V w.r.t. abodypartasthefractionof vertices
aroundV (includingV itself) which areclassi ed asbelongingto thatbody part. For the
examplein Figure9.2,themotionweightfor V w.r.t thebodypartrepresentetly the black

dotis 2 while thatrepresentely thewhite dotwould be 4.

9.1.3.2 PixelsRendering
Step1: Intersect castingrays with the articulated model

The simplestway to nd the intersectionpoint P is to intersectthe viewing ray directly
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Motion weight of the body part
represents by the black dot=3/7

Motion weight of the body part
represents by the whitedot =4/ 7

Figure 9.2: Pre-renderingorocessing:motion weightsfor a vertex V are calculatedusing the
sgmentation®f the verticesaroundV.

with all the facesof the articulatedmeshmodel and choosethe one which is closestto
the cameraHowever, in practicethis approachs too slow asthe modelusuallycomposes
of thousandsof faces. Instead,we employ the graphichardware accelerationdea (the
itembu er) thatis usedin [WHG84, VBK02]. Eachmeshfaceof the modelis assigned
distinct RGB color asits identity (ID) humber(notethatwith color of 24 bits, up to 16M
facescanbe assignedvith distinctID numbers). After the modelis transformedby the
target motion data,the meshfacesarerenderedwith their ID colorsusing OpenGLand
graphichardware. The triangularfacethatintersectghe castingray of a target pixel can
easilybefoundby readingtheD color of the samepixel of therenderedD picture.Once
theintersectingneshfaceis found, it is intersectedvith theviewing rayto locatethetarget

modelpoint P.

Step2: Compute the source model points P;

Becauseof the motion weighingstratey (Section9.1.3.1)usedto smooththe motion of
the model nearthe joints, someof the meshfacesare stretchedafter the target motion
datais applied(seeFigure 9.3). The following procedurds usedto compensatéor this
stretchingwhencalculatingP; (thesourcemodelpointatthereferencdrame)from P. Let
V1 V?; V2 be the verticesof the intersectingmeshface after applying the taget motion

data,andV}; VZ; V3 bethe correspondingerticesof the samefaceat the referencerame.
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Intersection
point

Casting ray

V3
Mesh face transformed \_/ V3
1

by target motion data, note
that the faceis stretched Mesh face at reference frame

Figure9.3: Step2 of the pixel renderingprocess:meshfaceis stretchedbecausef thedi erent
motionweightsof the vertices.This stretchinghasto be compensatedhencalculatingP; from P.

NotethatVy]; VZ V3 areknown andV?; V2 V3 canbe calculatedusingthe motionweights.

Now sinceP lies on andinsidethetriangularpatchformedby V*; V?; V3, we have

P=a'Vi+aVvi+a’Vv?; (9.1)

wherea'; a%; a® are constantsies between0 and 1. Now we apply the sameconstantgo

the correspondingerticesVy; VZ; V3 atthereferencdrameas

P, = alV] + a®VZ+a’V3: (9.2)

By substitutingequation(9.1) into Equation(9.2), P, is calculatedby

1
Pp= vl v2 V3 VI 2 \yd3 P (9.3)

Step3: Project P; onto visible sourceimagesto getvalid source pixel colors

After computingthesourcemodelpointsPj, they areprojectednto thesourcecolorimages
to geta total of JK sourcepixel colorsthat can be usedasthe color of the target pixel.
However, amongtheseJK pixel colors,only thosewhich comefrom frame j andcamerak

suchthatP;j is visible in camersk arevalid. Herewe suggestwo di erentapproacheso
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testthe visibility of P; againstthe k" cameraat frame j: the 3D approachasproposedn
Section8.2.3,andthe2D z-bu erapproachusedin [FVFH92,VBKO02]. The rst approach
checksthevisibility directly by intersectinghe line joining the point andthe camerawith
thevisibility spacdormedby thehumanarticulatedvoxel model(seeSection8.2.3).Since
this approachinvolvesintersectinga line with a voxel model, it is relatvely slowv. The
secondapproachrst generates 2D depthimageof thevoxel modelatframe | of camera
k usingthe z-bu er graphichardware. The visibility of any pointis thendeterminedoy
rst projectingthe pointinto the depthimageto geta depthvalueandthencomparingthis
depthvaluewith the distanceof the point from the cameradetailsof the approactcanbe
foundin [FVFH92,VBKO02]). This2D z-bu erapproacthof testingvisibility is fasterthan
the 3D approachhecauseahe depthimagescanbe generatedn advanceandthetestonly

requiresone3D to 2D projectionandonescalar(depth)comparison.

Step4: Averagethe visible sourcepixel colors accordingto the viewing angles
Thenaivewayfor calculatingthetargetpixel coloris to simply averagethesetof all visible
sourcepixel colors. Thereare,however, two problemsassociateavith this nave approach.
Firstof all, amongthevisible sourcepixels,someof themareat obliquedirectionsbetween
the sourceandthe virtual camerasin generathesepixelsarenot reliableandshouldnot
be usedin calculatingthe target pixel color. Secondly dueto variationsin cameracolor
responsesaveragingall the visible pixel colorswould leadto a “blur” e ectandreduce

thesharpnessf theresultingtargetpictures.

Todistinguishreliablesourcepixelsfrom theunreliableoneswe usetheviewing angles
betweerthe virtual camerathe the sourcecamerasandtarget modelpointsasweightsto
averagethe sourcepixel colors. For simplicity, the viewing anglesareall calculatedw.r.t.
thereferencdrame. Figure9.4 shavs an exampleof computingthe viewing anglefor the
sourcepixel color from thek™™ cameraatthe j" frame. The basicideais to transformboth
thevirtual cameraCV"@ andthe k" sourcecameraCk to the referencdrame. Let the 6D

transformationdetweenP (thetargetframe)and P, (the referencdrame)be T andthat
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Figure9.4: Step4 of the pixel renderingprocesscomputingtheviewing anglebetweerthevirtual
camerathek™™ sourcecameraatthe ji frameandthetargetmodelpoint P.

betweerP; (the j" sourceframe)andP; be T, i.e. P, = T(P) andP; = T;(P;) (Notethat
bothT; andT canbefoundfrom thetametandthe sourcemotiondata). Now the position
of CV"a andC* atthereferencdramearegivenasT *(C""™#) andT,*(C¥) respectiely.

Theviewing angle 'J‘ is thencalculatedusingthe following equation:

(T/C9 Py (THC™) Py

, : 9.4
ijl(Ck) PleT 1(CV|rtuaI) Plk ( )

Cos

k =
J

Notethatsincethereliability of thesourcepixelis inverselyproportionalo theviewing
angle(i.e. thesmallertheviewing angle themorereliablethepixel is), we generateveights

(see[DTM96, VBKO02]) for eachcolor pixel as — Onceall the viewing anglesare

lcos‘j"

calculatedthe valid sourcepixel colorsare sortedaccordingto their associatedveights.

The sourcepixel colorscorrespondo the n largestweightsarethenaveragedusingtheir
weightsto generatehetargetpixel color. Thevalueof nis choserto be smallin orderto
getasharptargetpicture.

9.1.3.3 Post-Processingf Rendered Image

Dependon the sourceimagesused, theremay exist sometarget pixels whosepixel color
cannotbe determined This happensvhenthe 3D sourcemodelpointsP; of atamgetpixel

areinvisible in all of the cameras.To Il in the color of a missingtarget pixel (or hole),
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the averagecolor of its neighboringpixels is used. Note that in the averagingprocess,
only colorsof thoseneighbordrom the samebody partasthe hole pixel areused,soasto
preventthe artifactsof color di usionbetweerbody parts. Besidesholes lling, shadaevs
andbackgroundareaddedo therenderedmageto increasghoto-realismFor the sale of
simplicity we usean easyplanarsurfaceshadaeving techniqugBli88], thoughothermore

sophisticatedoft shadev generatiormethoddWPF9(J canalsobeused.

9.1.4 Experimental Results

Two setsof real dataexperimentsare performedto studythe performanceof our render

ing algorithm. Experimentl comparesdi erentwaysof renderingthe motion: (1) render
thetransformedroxel modeldirectly, (2) renderthetransformedneshmodeldirectly and
(3) renderusingour Image-Based\rticulatedModel RenderingAlgorithm. Thee ectof

the numberof averagingsourcepixelson the quality of therenderedargetpicturesis also
studiedin Experimentl. Experiment| investigateiow well our renderingalgorithmper

formsby comparingthe renderedmageswith realimagesof the samepersonperforming
the samemotion.

9.1.4.1 Experiment|

In the rst renderingexperiment,the kinematicmodel of SubjectE(seeFigure 7.10(b))
is renderedwith the PUNCH motion (which was usedto testthe tracking algorithmin

Section8.3.1). We usethe ESTILL sequencéwhich wascapturedn Section7.2to build

the voxel modelof SubjectE)asthe sourcesequencavith atotal of 240 sourceimages(8

camerasvith 30 framespercamera)Figure9.5shavsrenderedesultsof the 38" frameof

thetargetPUNCHmotion. In thetop row of the gure, thevirtual camerds setto coincide
with camera3 of the sourcesequenceln the middle row thevirtual cameras placedat a
new position. The bottomrow of the gure redisplaysthe portion of the top row images
(wherethefaceis) atahigherresolutionfor bettervisualcomparisonFigures9.5(a)and(b)

respectrely shaw resultsof directrenderingof the coloredvoxel andtexture-mappeanesh
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@ (b) (© (d) C)

Figure9.5: Imagesobtainedby (a) directrenderingof the coloredvoxel model, (b) directrender

ing of the texture-mappedneshmodel, (c) usingthe Image-Basedirticulated Model Rendering
Algorithm with eachtamet pixel color averagedirom 1 sourcepixel, (d) 5 sourcepixelsand(e) 9

sourcepixels. Thetop row shavs resultswith thevirtual camerasetto coincidewith cameres of the

sourcesequenceThe middle row shaws resultswith the virtual cameraplacedat a new position.
The bottomrow redisplaysthe portion (the faceof the person)of the imagesin the top row at a
higherresolutionfor bettervisualcomparison.

modelsusingOpenGL.Figures9.5(c)(d)and(e) shav renderingresultsusingthe Image-
BasedArticulatedModel RenderingAlgorithm with eachtargetpixel color averagedising

1,5 and9 sourcepixels(of highestweights)respectrely.

ComparingFigures9.5(a),(b) and(c), the imagesobtainedusingour renderingalgo-
rithm aremuchshapethanthoseobtainedrom directrenderingof eitherthevoxel or mesh
models especiallyat detailedareasuchastheface.Moreover, thevoxel modelalsosu ers
from joint discontinuityproblem(seebothkneejointsin Figure9.5(a)).Notethatthewhite
patchesn Figure9.5(b)representthe partof the meshmodelwhereno texture canbe ob-
tainedfrom the sourcesequenceFrom Figure 9.5(c), (d) and(e), it canbe seenthatthe

renderedmagesusingdi erentnumberof averagedsourcepixelsarevisually very similar
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(b)

Figure 9.6: Selectedframesof the SubjectEperforming the PUNCH motion renderedusing
IBAMRA with the ESTILL sequencasthe sourcesequenceOneaveragingpixel is usedto gen-
eratethesepictures.Backgroundwith soft shadws areaddedto increasahe photo-realisnof the
images.In (a)theviewpointis setasthesameascamereB of thesourcesequencavhile acompletely
new viewpointis usedto generatgicturesin (b). Therenderedsequencérom bothviewpointscan
beseenn thevideoclip SubjectE-rendered-PUNCH.mpg

to eachother indicatingthatif the camerasarewell colorbalancedwhich is the casein
the ESTILL sourcesequence)pur renderingalgorithmis not sensitve to the numberof
averagedsourcepixelsused. Notethatdueto occlusion,someof the target pixelsdo not
have enoughvisible sourcepixelsfor averagingassetby the algorithm. In suchcasesthe

color of thetametpixel is obtainedby averagingall thevisible sourcepixel colors.

Figure9.6 shavs someselectedramesof therenderedsequenc€usingiBAMRA with
1 averagingsourcepixel color) of SubjectEperformingthe PUNCH motionfrom two dif-
ferentcameraviewpoints. The renderedsequencefrom both viewpoints, togetherwith
four of theeightsourcemagessequencefESTILL) andsequencef astick gure illustrat-

ing the PUNCHmotionareincludedin thevideoclip SubjectE-rendered-PUNCH.mpg .

All movie clips of this chapter can be found at
http7//www.cs.cmu.edligermanreseach/ThesigVidedChapte®/
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Figure 9.7: Comparisonbetweenrenderedmagesand real imagesof SubjectSperformingthe
THROW motion: (a) renderedmagesof the THROW motion usingthe SSTILL sequencasthe
sourcesequence(b) correspondingmagesfrom the THROW sequence.lt canbe seenthat the
guality of therenderedmagesarecomparabldo therealimages.

9.1.4.2 Experiment Il

Oursecondxperimenttomparesenderedmageswith realimagesof a persorperforming
the samemotion. We renderedSubjectSwith the motion datatracked from the THROW
sequencan Section8.3.2 using the SSTILL sequencgcapturedin Section7.2) asthe
sourceimages.Somerenderedrameswith the virtual camerasetto sourcecamerar are
shavn in Figure9.7(a). The correspondingealimagesof the THROW sequencéom the
samecameraare shovn in Figure9.7(b) for comparison.It canbe seenthat the quality
of therenderedmagesarecomparablédo therealimages.Therenderedmagesfrom two
di erentcameraviewpoints,togethemwith thecorrespondingealimagesrom the THROW

sequenceanbefoundin thevideoclip SubjectS-rendered-THROW.mpg.

Table 9.1 lists the averagedtime requiredfor eachstepof our renderingalgorithmto

generatehe imagesin Experimentll. Note thatin our implementationthe depthinfor-
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| ProcessingStep | Approximate Timerequired |
I. Pre-renderindProcessing:
Convertthevoxel modelto meshmodel 4.2s
Smooththemeshmodel 78.3s
Il. PixelsRendering
Stepl: Intersectviewing ray 1.5sperimage(640x 480 pixels)
Step2: Computesourcemodelpoints 8.7sperimage(640x 480 pixels)
Step3: Projectmodelpointsandtestvisibility | 258sperimage(640x 480 pixels)
Step4: Getandaveragesourcepixels 244sperimage(640x 480pixels)
lll. Post-renderingrocessing:
Add backgroundandrendershadavs 1.7sperimage(640x 480 pixels)
Fill holes 0.26sperimage(640x 480pixels)

Table9.1: Theapproximatagime requiredfor eachprocessingtepof the Image-Basedrticulated
ObjectRenderingAlgorithm.

mation usedto testvisibility is storedin the computermemorywhile the sourceimages
areaccessefrom the hard-diskswhenerer needed.This explainswhy Step4 of the pixel
renderingprocessequiresmuchlongertime thanjust averagingthe sourcepixel colors.

Thetiming resultsareobtainedon a machinewith a 750MHzPentiumCPU.

9.1.5 Applications

The mostdirectapplicationof our renderingalgorithmis to generatepicturesof a person
performingsome”faked” motion. Good examplesarethe resultsshovn in Experimentl
andll aborve. Our algorithmcanalsobe appliedto alter or edit video of humanmotions,
similarto SeitzandKutulakos'sideaof videoeditingin [SK98]. Anotherinterestingappli-
cationof our algorithmis to exchangemotionsbetweemeople.

Considerthe scenaricshovn in Figure9.8 wheretwo peopleperform(separatelyjwo
di erentmotions.Assumethemotionsarerecordedy multiple camerasThevision-based
motionexchangedeais to rendemew videosof eachpersonperformingthe motionof the

other person,after building their articulatedmodelsand tracking their motionsfrom the
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Videos of martial arts Videos of ballet expert
master kung-fu fighting dancing
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IProcessing| Motion
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Videos of ballet expert Videos of martial arts
kung-fu fighting master dancing
Output

Figure9.8: Motion Transferbetweertwo people.

recordedvideo.

To illustratethis ideawe exchangethe motionsKUNGFU, STEP-FLEXandTHROW
(whichwereall trackedin Section8.3.2)of SubjectG, SubjectEandSubjectSMore specif-
ically, themotionKUNGFU (originally performedby SubjectG)s transferredo SubjectS,
themotion THROW (originally performedby SubjectS)s transferredo SubjectEandthe
motion STEP-FLEX (originally performedby SubjectE)is transferredo SubjectG.The
sequenceESTILL, GSTILL andSSTILL areusedasthe sourcesequenceandthetarget
motionsare smoothedeforeapplyingto the meshmodels. Figure9.9(a) shavs someof
theimagesfrom therenderedgsequencef SubjectEperformingthe THROW motionwhile
Figure9.9(b)shows theimagesfrom the original THROW sequencef SubjectSDespite
somevisualartifacts,it canbeseerthatwe successfullyransferthemotionsfrom SubjectS
to SubjectE.Thevideoclips SubjectE-transferTHR OW.mpg shavs someof the source
imagesthe THROW motionandrenderingresultsfrom di erent x edandmoving virtual

cameraview-points.
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(b)

Figure 9.9: The THROW motion is transferredfrom (b) SubjectSto (a) SubjectE.The whole
sequenceanbefoundin thevideoclip SubjectE-transfe-THR OW.mpg.

@

(b)
Figure9.10: The KUNGFU motionis transferredrom (b) SubjectGto (a) SubjectSThe whole
sequenceanbefoundin thevideoclip SubjectS-transferFKUNGFU.mpg.
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(b)
Figure9.11: The STEP-FLEXmotionis transferredrom (b) SubjectB&o (a) SubjectG Thewhole
sequenceanbefoundin thevideoclip SubjectG-transferSTEP-FLEX.mpg.

Similarly the renderedandoriginal imagesof transferringthe KUNGFU motionfrom
SubjectGto SubjectSand that of STEP-FLEX motion from SubjectEto SubjectGare
shovn in Figures9.10 and 9.11 and respectely in the video clips SubjectS-transfer

KUNGFU.mpg andSubjectG-transferrSTEP-FLEX.mpg.

9.2 RelatedWork

In work concurrentwith this paper Carranzeet al. renderedracked humanmotion us-
ing a view-dependentexture mappingalgorithmwhich is similar to our pixel rendering
algorithm[CTMS03. However, they do not renderthe personwith any nev motion or
perform motion transfer In [VBKO02], Vedulaet al. proposedan image-basedpatial
andtemporalview interpolationalgorithmfor non-rigid dynamiceventsusingsceneo w

[VBR*99, VBSKO0O0]. Therearetwo majordi erencedetweerour algorithmandthe one
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in [VBKO2]. The rst di erencdies in the type of modelsused. In our renderingalgo-
rithm, we assumehe humanmodelconsistof articulatedrigid body parts,eachwith rigid

motionswhile in [VBKO02], theauthorsassumehehumanis totally non-rigidwith motions
representethy the sceneo w. Moreover, Vedulaet al. aim at “interpolating” the motion
spatially andtemporallywhile we focuson “extrapolating” the humanbody modelwith

newv motions. Note that someof the speedoptimizationtechniquesn [VBK02] andthe
original view-dependentexture mappingideaby Debesecet al. in [DTM96] areadopted

in our algorithm.

9.3 Discussion

Therecordingandreplayingof staticanddynamiceventshave beenavery active research
topic in computervision andgraphicsover the lastten years|[ DTM96, KRN97, RNK97,
Sei97,KSV98, Deb98 NRK98, SBK"99,BSV'0Q]. In the caseof dynamicevents,all of
theabove systemseplayedheeventsaccordingo whathave actuallyhappenedAlthough
thereis researclon removing/addingobjectgpersongIRP94, SK98 TSA01,JFB0Z from
anvideo sequenceandrecentlywork onincreasinghe spatialandor temporalresolution
of renderinga dynamicevent[Ved01,VBKO02, SCI02], little attemptshasbeenmadeto
replayan“altered” dynamicevent. Here“altered” meanghe courseor motionsof the per
sonsor objectsin thereplayarechangedanddi erentfrom what have actuallyhappened
(andrecorded)in the video sequencesThe ability to replayan altereddynamicsequence
is usefulin alot of entertainmenandvisuale ectsapplications.For example,in chore-
ographinga dancingperformancethe choreographecan seethe e ect of adjustingthe
positionsof thebodyarmglegsof thedancersasilywithoutaskingthemto re-performthe
dance Anotherextremeexampleis in movie makingwhenthedirectorcanchangeascene

of the movie without re-shootingt.

While replayinganeventtruthfully andphoto-realisticallyfrom anew virtual viewpoint
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is alreadya challengingask,replayinganalteredeventis evenmoredi cult asit involves
solvingalot of di cult computervision andgraphicsproblems:how to accuratelytrack
peopldobjectsin thevideo,how to remove/addobjectgpeopleto the scengdIRP97, SK98,
JF01,TSAO01], how to estimateand simulatethe lighting conditions[SSI199 SSI03]and
how to renderchangednotionphoto-realistically The purposeof this chapteris to provide
a feasiblesolutionto the last problem. We have shavn that with an accuratearticulated
modelandvideo sequenceéwith tracked motion) of a person,videosof the personper
forming new or alteredmotioncanbe createdusingourimage-basedenderingalgorithm.
Comparedo directrenderingof atexture-mappednodel,our algorithmis ableto generate
muchmorephoto-realistidooking pictures.

Therearetwo factorswhich causethe visualartifactsin theimagesrenderedisingour
algorithm.First, althoughwe have adoptedheweightedsumapproachor transforminghe
meshverticesbetweerbody parts thetransitionarenot smoothenoughwvhenthe motionis
large. This problemcanbe solvedif moresophisticategkinningmethodssuchasthosein
[SK00, WP02]areused.Secondlysincethe positionof the 3D sourcemodelpoint (which
in turndeterminghesourcepixel color)in eachsourceframeis calculatedisingthemotion
dataof the sourceimagesequenceary trackingerrorsin the sourcemotion datawould
causethealgorithmto pick thewrongsourcepixel color. To reduceartifactscausedy this
problem,it is importantto make surethe motion of the personin the sourcesequences
trackedcorrectly For thisreasonsourcesequencewith simpleandeasilytrackedmotions

(suchasthe STILL sequencesyrebetterthanthosewith complex motions.
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Conclusion

Theultimategoal of this thesisis to studyhow traditionalShape-From-Silhouetteethods
canbeimprovedto apply betterto the problemsof humanarticulatedoody modeling,mo-
tion trackingandrendering.Two problemsnon-realtimereconstructiorspeedandcoarse
shapeapproximation(causediy aninadequateaumberof cameras)which prohibitedthe
e ective useof traditional SFSalgorithmsin humanrelatedapplicationsvereconsidered.
We addressedhe rst problemby proposinga fasttestingprojectionalgorithm (SPQI)
for voxel-basedSFSalgorithms. To dealwith the secondproblem,we combinedsilhou-
etteinformationovertimeto e ectivelyincreaseéhenumberof camerasvithoutphysically
addingnew cameras.TheresultingtemporalSFSalgorithmwas rst developedfor rigid
objectsandthenextendedto multiple andarticulatedobjects. ThesetemporalSFSalgo-
rithms were appliedto acquirekinematic(shapeandjoint positions)modelsof humans.
Oncethe articulatechumanmodelswerebuilt, they wereusedfor motiontracking(analy-

sis)andmotionrendering(synthesis).

161
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Chapterl0. Conclusion

10.1 ThesisContrib utions

The contributionsof this thesiscanbe cateyorizedinto two areas:(1) theoreticalanalysis,

improvementof andextensiongo Shape-From-Silhouetend(2) practicalapplicationsof

theimprovedalgorithmsto humanrelatedproblems.

Theoretical Contrib utions to Shape-Fiom-Silhouette:

Analysis of silhouette image noise. The e ect of noisy silhouetteimageson the
accurag of the traditional voxel-basedSFS methodwas analyzed. Basedon the
analysis,a fasttestingalgorithm SPO' for voxel-basedSFSmethodswasderived.
The main contribution of SPOX is that it provides a speed-optimizedtratey for
reconstructiorgivena requiredaccurayg ratio andknowledgeof the silhouettenoise

statistics.

Visual Hull representationby Bounding Edges.We de nedthenotionof aBound-
ing Edgeandproposedisingit asarepresentatioof a VisualHull. We alsoshoved
thatthe Second~undamentaPropertyof VisualHulls (2" FPVH)is closelyrelated
to the de nition of a BoundingEdge. This thesisestablishecand emphasizedhe
importanceof the 2" FPVH (which previously hasoften beenoverlooked by SFS
researcherdh shapereconstructiorasit expresse®neimportantaspecof how the

shapanformationof the objectis storedin the silhouettemages.

Theoretical study of Visual Hull alignment ambiguity. We shovedthatthe prob-
lem of aligningtwo VisualHulls usingsilhouetteimagesonly is inherentlyambigu-
ousandis governedby a setof geometric(shape)constraints.Also, by expressing
the constraintan termsof BoundingEdgesand silhouetteimages,an inconsistent

alignmentbetweertwo Visual Hulls canbeeasilyrejectedusingsimpletests.
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Temporal Shape-Fiom-Silhouettealgorithm for rigid objects. Oneof the major
contributions of this thesisis the developmentof the temporalSFSalgorithm for
rigid objects. The algorithmextractsColoredSurface Points(CSPs)on the surface
of the objectusing stereoandappliesboth geometric(shape)constraintsand color
consisteng of the CSPsto resol\e the alignmentambiguity Oncethe motionsof
the objectarerecovered,a re ned shapeof the objectis reconstructedisingall of
the silhouetteimages(afterthe motionis compensateébr) capturedovertime. Our
algorithmnot only extendstraditional SFSover time, but it alsocombinesthe key
advantage®f thetwo importantandcomplementaryBSKO01] shapereconstruction

principles:Shape-From-SilhouetndStereo.

Temporal Shape-Fom-Silhouette algorithm for articulated objects. Using the
Expectation-Maximizatiomparadigm,the temporalSFSalgorithmwas extendedto
articulatedobjects.It rst iteratvely segmentsandalignsthe extractedCSPsto es-
timate the shapeand motion of individual partsof the articulatedobject. Oncethe
motionsof all partsarerecovered thejoint positionsareestimatedisingarticulation
constraints.The extensionto includearticulatedobjectsis a critical contribution as
it allows usto applythetemporalSFSalgorithmsto the humanbody (which approx-

imately consistf articulatedparts)for kinematicinformationacquisition.

Practical Contrib utions to Human Related Applications:

Real-time 3D voxel motion reconstructionsystem.Basedon SPO, we have built
areal-timesystemwhichreconstructsough3D voxel modelsof apersonand ts el-
lipsoidalshellsasbodypartsto the model. This systemhasinspiredthe construction

of otherreal-timepeopletrackingpostureestimationsystemgMHTCO01, LSS03.
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Articulated human body modeling. Thisthesisproposed step-by-steprocedure
to acquirearticulatedmodels(with accurateshapanformationandjoint location)of
humanbodiesusingonly camerasandan uncalibratedurn-table.Our vision-based
procedurgrovidesaninexpensvealternatve for humanbodymodelingto expensve
laserscanningpaseccommerciabystemgmostatwhich acquirebodyshapewithout

thejoint information).

Vision-basedhuman motion tracking from video sequences.Anothercontritu-
tion of this thesisis that we successfullyappliedthe temporalSFSalgorithms(of
articulatedobjects)to thedi cult problemof non-invasive humanmotiontracking.
We built a practicalvision-basedsystemwhich emphasizedwo importantaspects:
(1) usingdetailedperson-speci coody shapemodelsand(2) combininggeometric
andphotometricconstraintsduring tracking. The systemaccuratelytrackscompli-

catedhumanmotionsfrom videosequencewithout usingmarkersof ary kind.

Image-basedarticulated modelrendering for motion editing and transfer. This
thesishas demonstratedh practical motion transfersystemusing recordedvideo
sequencesf a personto generatephoto-realisticimagesof the samepersonper
forming completelydi erentmotion. The ideais realizedin practicethroughthe
Image-Based\rticulatedModel RenderingAlgorithm. We shavedthat corvincing
imagesof a personperformingcomplicatedmotionscanbe synthesizedrom video

sequencesf the personperformingsimplemotions.

10.2 FutureWork

In ChapterThreewe studiedthee ectof noisysilhouetteontheaccurag of voxel-based
Shape-From-Silhouett®esidessilhouettenoise,the shapeestimationaccurayg of SFSis
alsogreatlya ectedby errorsin the cameraprojectionparameters.For SFSat a single

time instant,the projectionerrorscomefrom inaccuratecameracalibration. For temporal
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SFSwith silhouettescapturedatdi erenttime instantsthereareadditionalerrorscaused
by mis-alignmentAn in-depththeoreticabndquantitatve analysisof how SFSis a ected
by cameraprojectionerrors(similar to what we have donewith silhouettenoise)would
be very usefulin deriving an optimal or robust SFSalgorithmfor both calibrationerrors
at a singletime, andalignmenterrorsacrosstime. Note that using Tsai's cameramodel
[Tsa87],Niem hasdonea preliminarybut limited analysisof cameracalibrationerrorson

SFSin his paperNie97]. This papercanbe usedasa startingpoint for sucha study

While our temporal SFS algorithm can be usedto recover the motion and shapeof
moving rigid andarticulatedrigid objectsalot of naturallyoccurringobjectsarenon-rigid
andor aredeformable A logical futuredirectionis to extendour temporalSFSalgorithms
to deformableobjectssuchasa pieceof cloth or a crawling caterpillar Therearetwo ma-
jor di cultiesin extendingtemporalSFSto non-rigid objects. The rst di culty, which
is commonto othersurface-point-base8D shapémotion estimationmethodqdACLS94,
is to assumesuitabledeformableshapeand motion modelsfor the object. The choiceof
deformablemodelis critical anddepend®ntheapplicationit maynotbeaneasytask.The
seconddi culty is causedy thefactthatsinceourtemporalSFSalgorithmis notfeature-
basedthe CSPsare not tracked over time andthereis no point-to-pointcorrespondence
betweentwo setsof CSPsextractedatdi erentinstants.Henceit is unclearhow the cho-
sendeformablemodelcanbe appliedto the CSPsacrosstime. Despitethesedi culties,
however, the possibility of extendingtemporalSFSto non-rigid objectsis worth studying

asit would helpto solve importantnon-rigidtrackingproblemsin computervision.

Althoughour humanmotiontrackingalgorithmworkswell, it su ersfrom theproblem
of local minimum which is commonin methodsthat usethe error optimizationformula-
tion. In Chapter8 we suggestedo includejoint angleslimits to minimize the problemof
local minimum. This line of futurework is brie y describedelow. Priorto tracking,the
allowablerangeof motions(of all thelimbs dueto thejoint angledimits) of the personis

recordedor estimated.The spaceof all joint parameterss thendividedinto thevalid and
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invalid workspacesThis a priori workspacenformationcanthenbeincorporatednto the
trackingoptimizationequationgy addingvery high errorsto the error criterionwhenthe
bodyjoint anglesarein theinvalid workspacewhile no extraerroris addedwvhenthejoint

anglesarein thevalid zones.This approachwould e ectively remove the local minimum
vulnerability of ourtrackingalgorithmto the rst andsecondsituationsdiscussedn 8.2.5.

The nal proposeduturework is to improve the implementatiorof the Image-Based

Articulated Model RenderingAlgorithm. Possibleareasof improvementinclude better
meshsmoothingmethodgafterthe voxel modelis corvertedto the surfacemodel),better
skinningtechniqueso computethe motionaroundthejoints, motiondatare-tagetingand

betterhole lling methodsn the post-renderingrocessing.
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Appendix A

Proof of Equivalenceof Visual Hull

De nitions

To prove thatthefollowing two de nitions of VisualHull areequivalent.

De nition | (IntersectingVisual Cones):The Visual Hull H; with respecto a setof con-
sistentsilhouetteimagesfs'j‘gis de nedto bethe intersectionof the K visual cones ead
formedby projectingthe silhouetteimage S'j‘ into the 3D spacethroughthe camen center
Ck,

De nition 1l (Maximally Exactly Explains): The Visual Hull H; with respectto a setof
consistensiIhouetteimagesfS'j‘gis de nedto bethelargestpossiblevolumewhich exactly

explainsfSkgfor all k = 1; K.

Proof:

Let'sdenotethe VisualHull de ned by the rst de nition (visualconesintersectionjy H'
andthatde ned by thesecondle nition (maximallyexactly explains)by H''. To provethe
two de nitions areequialentto eachother we aregoingto prove H''  H' andH' H'

asbelow.
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ChapterA. Proofof Equivalenceof VisualHull De nitions

Proofof H'' H':

. Itissu cetoshow thatfor ary 3D pointP, P2H" = P2H'.

. To prove (1) above, let P be a 3D point inside or on the boundaryof H''. Since

H'' exactly explainsall the silhouettesthe projectionsof P mustlie insideor onthe
boundaryof all of the silhouetteqor otherwiseH'' will not be exactly explainsthe

silhouettes).

From (2) we know that P hasto beinsideor on the boundaryof the intersectionof
all the visual conesformedby the cameracentersandsilhouetteqor otherwisethe

projectionof P lies outsideoneof thesilhouettes).

The statementn (3) in turn implies P lies insideor on the boundaryof H'. Hence

H''  H'

Proofof H'' H':

5.

. SinceH' is formed by intersectingthe visual conesformed by the silhouettesthe

projectionof H' into the k" cameramust lies inside all the silhouetteSX for all
camerag, i.e. KH') Sk8k.

As we have assumedhat the silhouettesare consistent there exists a non-empty

objectO which exactly explainsall thesilhouettes.

Combining(1) and(2) above, the volumeH' [ O formedby the unionof H' and0

exactly explain all the silhouettes.

Thestatemenin (3) meanghatH' [ O H'' sinceH'" is the maximalvolumethat

exactly explainsthesilhouettes.

Using(4)wehaveH' H'[ O H'. ThismeanH' H'.

Combiningbothproofswe getH' H''. |



Appendix B

Proofsof Alignment Ambiguity Lemmas

B.1 Proofof Lemmab.1

Lemmas.1:

For aclosedandconnecte®D object,its VisualHull from K silhouetteémagess a cornvex
polygonwith at most2K BoundingEdges.Corversely arny corvex polygonwith M 4
edgescanbe thoughtof asa Visual Hull formedfrom K silhouettesof someclosedand

connecte®D objectwhereK = d%e

Proof:

Sincethe 2D objectis connectedits silhouetteon eachcameras a continuousonedimen-
sionalline. Thismeanghattheboundingareaformedby eachcameraandits silhouettas a
convex wedge.TheLemmais obviouslytruefor two-cameraaseastheintersectiorof two
convex wedgeis a corvex polygon. Now assumehe Lemmais truefor M cameras.This
meansve canrepresenthe VisualHull constructedrom M silhouettemagesby a corvex
polygonH(M) with L edgesvhereL.  2M . Supposeve addonemorecamera.Thenew
VisualHull H(M + 1) canbe obtainedby intersectingM (M) with the corvex wedgefrom

thenew cameraAssumethecornvex wedgeis boundby aleft boundBes; andaright bound

189
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o H(M) Bleft
0) ' 0] H(M)

Bright Bier

Bt iy @
Brigft
(i) "

i)

H(M)

() Camera center liesinsde the convex visual hull H(M)

B|eft A
(iii)
' Blef H(M)
v)

H(M)

Brign Biert B

. Brigh:
™ 0 ) )

(b) Camera center lies outside the convex visua hull H(M)

right

H(M)

FigureB.1: Casef intersectingan existing Visual Hull with a boundingwedgeformed
by anew cameraandits silhouette. The number(i, ii, iii) attheendof eachedgesndicate
the casegpresentedh the proof.

Bright). Dependon the positionof the new camerawe divide the situationinto two cases

asfollows:

(a) The new cameracenteris inside or on the boundaryof H(M) which is shovn in
FigureB.1(a).In thiscasetheleft boundBics; of thewedgeintersectH(M) atoneof
thefollowing two cases (i) Bies: coincideswith oneof theedgesof H(M), (ii) Biet
intersectH(M) atonepoint. For (i), theintersectiordoesnotchangeH(M). For (ii),
theintersectionwill resultsin anothercorvex polygonwith at mostonemoreedge
thanH(M) (or lessedgeghanH(M)). The sameappliesto Byign:. HenceH(M + 1)

is alsoa corvex polygonwith atmostL + 2 2(M + 1) edges.

(b) The new cameracenteris outsideof H(M) asshowvn in Figure B.2(b). Here Bies:
intersectH(M) at oneof the following threecases:(iii) Byt coincideswith oneof

the edgesof H(M), (iv) Bt intersectsH(M) at a corner (V) Byt intersectsH(M)
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attwo points. For (iii) and(iv), theintersectiordoesnotchangeH(M). For (v), the
intersectionwill resultsin anothercorvex polygonwith at mostonemoreedgethan
H(M) (or lessedgeshanH(M) in somecases).The sameappliesto Byigr. Hence

H(M + 1) will haveatmostL +2 2(M + 1) edges.

CombiningbothcasesH(M + 1) is acorvex polygonwith atmost2(M + 1) edgesHence

by Mathematicalnduction,the Lemmais truefor any numberof cameras.
o
A JC

KA

(b)

FigureB.2: Examplesof reconstructingpbjectO andlocationsof d%ecamerasto form the
convex polygonalVisualHull H. (a) L is even,(b) L is even.

-Corversepart:

Assumewe are given a corvex polygonH with L 4 edges. We have to shav that it

is the Visual Hull formedby d%e camera®f a closed,connectedbject. Now sinceH is

cornvex, ary two non-adjacentedgeswill intersectat a point outsideH (If the two edges
are parallel,thenthey will intersectat a point at in nity). Let's label the edgesof H in

clockwisedirectionandlet L° = d%e The edgesare thenpairedup every L° edges. For

example,edgel is pairedwith edgelL® + 1, edge2 is pairedup with edgel°® + 2, etc.
Moreover, let O beanobjectformedby the corvex hull of the mid-pointsof the L edgesof

H. NotethatO is closedandconnectedecausdt is the corvex hull of L points. Now we
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candivide thesituationinto two casesi is evenandL is odd.

(a) If L is even,thenthereareexactly L° pairsof edgespy which theedgesdn eachpair
will notbeadjacento eachother(asL 4 =) L° 2).Henceeachpairof edges
will intersectat a point outsideH. Let the L° intersectingpointsbe the positionsof
LY camerasln this caseH will thenbethe Visual Hull of the objectO formedfrom

thesel.° camerasAn exampleis shavn FigureB.2(a).

(b) If L is odd,thenthereareexactly L° 1 pairsof edgesandanunpairededge(edge
L). Randomlychoosefrom edge2to L 2 to pair with edgeL to form atotal L°
pairsof edges.Again we chooseO asthe corvex hull of the mid-pointsof all the
L edgesandthe L° intersectingpoints of the edgesasthe cameras.An exampleis
shavn FigureB.2(b).

Fromthe above constructionwe nd anobjectO andlocationsof d%ecamerasby which

theL-sidedpolygonH is theVisualHull of O from thecameras. |

B.2 Proofof Lemmab.2

Lemmas5.2:

Eachedgeof the 2D polygonalVisualHull H of anobjectO hasto touchtheobjectO atat
leastonepoint. Corverselyary closedandconnecte®D objectO which satis esthetwo
conditions:(1) O H, and(2) O touchesachedgeof H atatleastonepoint,is anobject

which formsthesilhouettesf H.

Proof:

Firstly by thede nition of VisualHull, theobjecthasto touchboththeleft boundBe+; and
right boundB;ig; of all the boundingwedgedormedby the camerasindtheir silhouettes.
Secondlyfrom Lemmab.1 andits constructionproof, all the edgesof the Visual Hull are

part of the left or right boundof a boundingwedge. Moreover sincethe Visual Hull is
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cornvex, eachleft or right boundcanonly contrituteto at mostoneedge. This meansno
two edgef theVisualHull cancomefrom thesamdeft boundor right bound.Combining
thiswith thefactthatthe objecthasto touchall theleft andright boundsjt meanghateach
boundingedgehasto betouchedby the objectat atleastonepoint. [
-Corversepart:
Consideraclosedandconnecte®D objectO anda VisualHull H suchthatO H andO
toucheseachedgeof H atatleastonepoint. Let fSkgbe the setof silhouettesvhich form
H. We haveto provethat ¥(O) Sk 8k. SinceO H,wehave ¥O) Sk Moreover,
asQ is closedandconnected, ¥(O) is a continuoudine. Supposehereexistsa silhouette
image Sk suchthat O doesnot exactly explain SK, i.e. ¥(O) Sk This meansone of
the endpointsof SX (which is itself a continuoudine), saythe left endpointlie outsideof
K(0). Hencetheleft boundBe; of the 2D boundingwedgeformedby S lies outsideof
(anddo nottouch)O. At the sametime, sinceBes; formsoneof the edgeof H (from the
constructionproof in Lemmab.1). This implies one of the edgeof H doesnot touchO.
This leadsto contradictionthat O touchesall edgesof H at at leastonepoint. Therefore
kK©O) Sk 8k |

B.3 Proofof Lemma5.3

Lemma5.3:
Giventwo 2D VisualHulls H; andH,, thenecessargndsu cientconditionfor themto be
alignedconsistentlywith transformation(R; t) is givenasfollows : No edgeof Tr.;)(H1)

lies completelyoutsideH, andno edgeof H, lies completelyoutsideT g.t)(H1).

Proof:
-Necessaryart:
Assumethe two Visual Hulls are alignedconsistentlywith transformationR; t). By the

de nition of consistenalignmentthereexistsanobjectO suchthatH; is theVisualHull of
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the objectatreferenceositionandorientation(l; Q) andH? is the VisualHull of theobject
at(R; t). Thatmeangheobjectis boundedy bothregionsT r.;)(H1) andH,. Now Suppose
oneedgeE; of Tr.y(H1) liescompletelyoutsideH,. Sincethe objectO is boundedby H,
it meanghattheedgeE; is completelyoutsideO. This leadsto a contradictiorto Lemma
5.2 which stateghatedgeE} hasto touchthe objectO at atleastonepoint. Henceall the
edgesf T(r.y)(H1) haveto either(1) lie completelyinsideH, or (2) intersectingor touching
atleastoneedgeof H,. In otherwords,atleastonepoint of eachedgeof T .)(H1) hasto

lie onorinsideH,. Thesameappliesvice versa.

-Su cientpart:

Assumewe aregiventwo Visual Hulls H;, H, andatransformationR; t). Considerthe
objectO constructedby intersectingdl r.)(H1) andH,. Supposéhetransformatior(R; t) is

suchthatno edgeof T(r.ty(H1) is completelyoutsideof H, andvice versa.This meanghat
eachedgeof O comesfrom (thewhole or partof) oneedgefrom H; or H,. Thisimplies
O will touchevery edgeof H; andH; at at leastonepoint. SinceO is the intersectionof

H; andHo,, it is smallerthaneitherof them. Henceby the corverseof Lemmabs.2,0 is

anobjectwhich formsthe silhouettesof H; andH,. As a conclusionpbothH; andH, are
VisualHulls of O attwo di erentorientationsandpositionsrelatedby the transformation
(R; 1). [

B.4 Proofof Lemma5.4

Lemma5.4:

(R; t) is a consistentlignmentof two 2D Visual Hulls H; andH,, constructedrom sil-
houettesetsfS'j‘g j = 1;2if andonly if thefollowing conditionis satis ed: for eachedge
E! of Try(H1), thereexists at leastonepoint P on E} suchthatthe projectionof P onto

thek™ imagelies insideor on theboundaryof the silhouetteS for all k = 1; K.
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Proof:
The conditionof Lemmab.4 is equivalentto the conditionthat at leastone point of the

boundingedgeE} haveto lie insideH? whichis exactly theconditionof Lemma5.3. W

B.5 Proofof Lemmab.5

Lemma5.5:

For two convex 3D Visual Hulls H; and H, constructedrom siIhouettesetsfS‘j(g j =
1; 2, the necessargndsu cient conditionfor a transformation(R; t) to be a consistent
alignmentbetweenH; andH, is asfollows: for ary BoundingEdgeE} (de ned by (4.2)
in Chapter4) constructedrom the silhouetteimagesetfSkg thereexistsat leastonepoint
P on E‘1 suchthatthe projectionof the point T(r.ty(P) ontothe k™ imagelies insideor on
thesilhouetteS'g forallk = 1; ; K. Similarly, for any BoundingEdgeEi2 constructed
from fSkg thereexists at leastone point P on E,, suchthat the projectionof the point

T ry(P) onthek™ imageliesinsideor on thesilhouetteSs.

Proof:

-Necessarypart:

Assumethe two Visual Hulls are alignedconsistentlywith transformationR; t). By the
de nition of consistenalignment,thereexistsanobjectO suchthatH; is the Visual Hull
of the objectat referencepositionand orientation(l ; Q) and H? is the Visual Hull of the
objectat (R; t). That meansthe objectis boundedby both volumesTr.)(H1) and Ha.
Now SupposeoneedgeE; of Tr)(H1) lies completelyoutsideH,. Sincethe objectO
is boundedby H,, it meansthat the edgeE] is completelyoutsideO. This leadsto a
contradictionto the SecondFundamentaPropertyof Visual Hull which statesthat edge
El hasto touchthe objectO at at leastonepoint. Henceall the edgesof Tr.y(H1) have
to either(1) lie completelyinside H, or (2) intersectingor touchingat leastone edgeof

H,. In otherwords,at leastonepoint of eachedgeof Tr.;)(H1) hasto lie on or insideH,
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andthis is equivalentto sayingthat thereexists at leastone point P on E} suchthatthe
projectionof the point T(r.y(P) ontothe k™ imagelies insideor on thesilhouetteS‘; for all
k=1, ; K. Thesameappliesvice versa.

-Su cientpart:

Assumewe aregiventwo Visual Hulls H;, H, andatransformationR; t). Considerthe
objectO constructedy intersectingT r.(H1) andH,. SinceO is the intersectionof H;
andH,, it is smallerthaneitherof them. Moreover, sinceH; andH, arecorvex, O is also
corvex. Now supposehe transformation(R; t) is suchthat for ary BoundingEdgeE!,
thereexists at leastone point P on E‘1 suchthatthe projectionof the point T(r.)(P) onto
thek™ imageliesinsideor onthesilhouetteS for all k = 1; , K andvice versa.This
is equivalentto the conditionthat all possibleBoundingEdgesof T r.t)(H1) hasto touch
H, atatleastonepointandvice versa.This meanghatthe(in nite) ray projectedthrough
ary camerafrom ary point on the boundaryof the correspondingilhouettesat t; hasto
touchthe objectO. The sameappliesto t,. SinceO is corvex, the above impliesthatthe
projectionof O oncamer& haveto be exactlythesameasthesilhouettesS‘{ andS‘g for all
k. HenceO exactly explainsthe silhouettesvhich form H,; andH,. As aconclusionpoth
H, andH, areVisualHulls of O attwo di erentorientationsandpositionsrelatedby the

transformationR; t). [



Appendix C

Proofsof Visibility Lemma

Lemma5.6:
Let '(P)and '(CK) bethe projectionsof the point P andthe k" cameracenterCk onthe
(in nite) imageplaneof camerd. If the 2D line segmentjoining '(P) and '(C¥) does

notintersecthesilhouetteimageS!, thenP is visible with respecto camerék attimert;.

Proof:

The Lemmacanbe proved by contradiction.The 2D segmentjoining '(P) and '(CX) is
the projectionof the 3D planepassinghroughP, Ck andC'. Supposehe 2D sggmentdoes
notintersecwith thesilhouetteémageS', this meanghe correspondin@D planeis totally
free of ary object. Now if P is not visible with respecto camerak, thentheremustexist
someobjectonthe 3D line (which lies onthe above 3D plane)joining P andCX, blocking
P from CX. This leadsto contradictiorthatthe 3D planeis totally free of object. HenceP

is visible to camer&k. [ |
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