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Abstract

The abilities to build precisehumankinematicmodelsand to perform accuratehuman

motion trackingareessentialin a wide varietyof applicationssuchasergonomicdesign,

biometrics,anthropologicalstudies,entertainment,humancomputerinterfacesfor intel-

ligent environments,andsurveillance. Due to the complexity of the humanbodiesand

theproblemof self-occlusion,modelingandtrackinghumansusingcamerasarechalleng-

ing tasks. In this thesis,we develop algorithmsto performthesetwo tasksbasedon the

shapeestimationmethodShape-From-Silhouette(SFS)which constructsa shapeestimate

(known asVisualHull) of anobjectusingits silhouettesimages.

In the �rst half of this thesiswe extendthe traditionalSFSalgorithmso that it canbe

usede� ectively for humankinematicmodelingandmotiontracking.Thoughpopularand

easyto implement,traditionalSFShastwo seriousdisadvantageswhich greatly limit its

usein humanrelatedapplications.First of all, SFSinvolvestime-consumingtestingsteps

which make it ine� cient in real-timeapplications. Moreover, building detailedhuman

bodymodelsusingSFSis di� cult unlessweusealargenumberof camerasbecauseVisual

Hull built from smallnumberof silhouetteimagesis coarse.We addressthe�rst problem

by proposinga fasttesting/projectionalgorithmfor voxel-basedSFSalgorithms.To deal

with the secondproblem,we combinesilhouetteinformationover time to e� ectively in-

creasethe numberof cameraswithout physicallyaddingnew cameras.We �rst propose

a new VisualHull representationcalledBoundingEdges.We thenanalyzetheambiguity

problemof aligningtwo VisualHulls. Basedon theanalysis,we developanalgorithmto
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align Visual Hulls over time usingstereoandan importantpropertyof the Shape-From-

Silhouetteprinciple. This temporalSFSalgorithmcombinesboth geometricconstraints

andphotometricconsistency to align ColoredSurfacePointsof theobjectextractedfrom

the silhouetteandcolor images. Oncethe Visual Hulls arealigned,they are re�ned by

compensatingfor themotionof theobject. Thealgorithmis developedfor bothrigid and

articulatedobjects.

In the secondhalf of this thesiswe show how the improvedSFSalgorithmsareused

to performthe tasksof humanmodelingandmotion tracking. First we build a systemto

acquirehumankinematicmodelsconsistingof preciseshape(constructedusingthe rigid

objecttemporalSFSalgorithm)andjoint locations(estimatedusingtheSFSalgorithmfor

articulatedobjects).Oncethekinematicmodelsarebuilt, they areusedto trackthemotion

of thepersonin new videosequences.Thetrackingalgorithmis basedon theVisualHull

alignmentidea usedin the temporalSFSalgorithms. Finally we demonstratehow the

kinematicmodelandthe trackedmotiondatacanbe usedfor image-basedrenderingand

motiontransferbetweentwo people.
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Chapter 1

Intr oduction

Humankinematicmodeling,motiontrackingandrenderingaredi� cult problemsbecause

of thecomplexity of thehumanbody. Despitethedi� culties,theseproblemshavereceived

a greatdealof attentionrecentlydueto thelargenumberof applications.Having a precise

3D kinematic(shapeandjoint) modelof an individual humanis very useful in a variety

of di� erentsituations.For example,they canbeusedin thegarment/furnituremanufactur-

ing industryto make clothes/furniturethataretailoredto bodyshapeandmotionrangeof

the individual. A collectionof suchmodelscanbeusedto generatevaluablestatisticsof

kinematicinformation(suchasarmlength,shape,etc.) of peoplefrom di� erentracesfor

anthropologicalstudies.Likewise,accuratehumanmotion trackingis essentialin a wide

varietyof applications.For example,in intelligentenvironmentssuchassmarto� cesor

households[SKB+98,Coe98,LZG98], trackingmotionandrecognizinggesturesis a nat-

ural way for the computerto understandthe actionandintentionof humans.In the �eld

of machinesurveillanceandsecurity, it is importantfor computersto be ableto observe

suspiciouspeopleandtrack their actionsover time. For sportsscienceandmedicine,the

ability to trackthebodypartsof athletesis critical for improving their performanceduring

competitionor for injury rehabilitation.Lastbut not the least,theentertainmentindustry

is anotherareawherethereis anincreasingneedfor betterhumanmodeling,motiontrack-
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2 Chapter1. Introduction

ing andrenderingalgorithms.Accuratehumankinematicmodels,precisemotioncapture

dataandphoto-realisticmotionrenderingareall essentialcomponentsfor makinganimated

virtual charactersmorehuman-likein bothgamesdevelopmentandmotionpictureproduc-

tion.

Although thereare laser-scanningsystemsfor high precisionhumanbody shapeac-

quisition, most of thesesystemsare expensive and they do not estimatethe important

joint informationof the body. Similarly, commercialmarker-basedmotion capturesys-

temsare invasive and di� cult to use. In applicationssuchas security/surveillanceand

human-computerinteraction,thesesystemsarenot applicablebecauseplacingmarkerson

thepersonis eitherimpossibleor undesirable.In view of this, thestudyof non-invasive,

vision-basedhumanmodeling/trackingsystemsis vital. Therearemany advantagesof us-

ing avision-basedapproach.For example,camerasarelow-cost,easilyrecon�gurableand

non-invasive.Moreover, cameraimagescontainbothshapeandcolor (texture)information

of theperson.Also insteadof usingtwo separatesystemsfor humanmodelingandmotion

tracking,onemulti-camerassystemcanbeusedfor bothtasks.

Over thepastfew yearsresearchershaveproposedavarietyof vision-basedsystemsto

capturethe 2D and3D shapesof humanbody parts[FHPB00, FGDP02]or track simple

humanmotion(suchaswalking, runningor simplearmmotions)usingsingleor multiple

camerasystems[MG01]. While someof thesesystemswork well, thereis muchroomfor

improvement,especiallyin theareasof automatichumanjoint informationacquisitionand

precisetrackingof complex humanmotion suchasdancing,�ghting, or movesmadeby

athletes.

Among existing systems,silhouetteinformation hasbeenusedextensively together

with othercuessuchas edges,featurepoints andcolor texturesto locateand track hu-

mans[CA96, WADP97,CA98,BK99]. Silhouetteimagesareusedbecausethey areeasily

obtainablein mostsituationsandcontainvaluablebodyshapeinformation. In particular,

many humanshapemodeling/motiontrackingsystems(suchas[MTG97, KM98] andmore
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recently[CKBH00, Mat01, MHTC01]) usethesilhouette-basedshapeestimationmethod

calledShape-From-Silhouette(SFS)toconstruct3Destimatesof bodyshape.Shape-From-

Silhouetteis alsoknown asasVisualHull (VH) construction[Lau91,Lau94].

Shape-From-Silhouettehasbeenapopularshapeestimationalgorithmfor years.Though

easyto implement,SFS has its own limitations. Existing SFSmethodsinvolve time-

consumingtestingstepswhich hindertheir usein real-timeapplications.Moreover, shape

estimationby SFSis coarseif thereare only a few silhouetteimages. This meansthat

it is di� cult to obtainvery detailedhumanbody shapesusingtraditionalSFSunlesswe

usea large numberof camerasor we cancombinesilhouettescapturedacrosstime. The

traditionalSFSformulationassumesthatall of thesilhouetteimagesarecapturedeitherat

the sametime or while the object is static. This assumptionis violatedwhenthe object

movesor changesshape.Hencein previousSFS-basedhumanmodeling/trackingsystems,

SFShasbeenappliedto eachtime instantsequentiallyandindependentlyandlittle work

hasbeendonein extendingSFSacrosstime. In orderto useSFSmoree� ectively for hu-

manapplications,the traditionalSFSalgorithmshave to be improved to overcomethese

limitations.

With the above motivation, the goal of this thesisis to investigatethe shortcomings

of existing Shape-From-Silhouettealgorithmsanddevelop improvedalgorithmsto apply

betterto theproblemsof humanarticulatedbodymodeling,motiontrackingandrendering.

1.1 ThesisOutline

The remainderof this thesisis organizedasfollows. In Chapter2 we give a background

review of Shape-From-Silhouette.The review includesthe de�nitions of Visual Hulls,

commonmethodsto representthem,anda discussionof theuseof VisualHulls in human

relatedapplications.In Chapter3 wequantitativelyanalyzethee� ectof silhouettenoiseon

theaccuracy of SFSandproposea fastvoxel-basedSFSalgorithmcalledSPOT usingthe
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resultsof theanalysis.A practicalreal-timesystemis built basedon SPOT to reconstruct

3D humanvoxel models.Di� erentbodypartsmodeledby simpleellipsoidalshellsarethen

usedto �t thereconstructedvoxels.

In Chapter4 we introducea new Visual Hull representationcalled BoundingEdge.

The relationof BoundingEdgeswith the SecondFundamentalPropertyof Visual Hulls

is discussedtogetherwith a comparisonof the otherVisual Hull representations.In the

next two chapters,we proposealgorithmsto performShape-From-Silhouetteacrosstime.

Chapter5 focuseson rigid objects.We �rst studytheambiguityproblemof aligning two

VisualHulls andshow how colorscanbeusedto breaktheambiguity. Thenwe propose

a temporalSFSalgorithmwhich extractspoints (ColoredSurfacePoints)on the surface

of the objectandcombinesshapeinformationandcolor stereoto align andre�ne Visual

Hulls. In Chapter6 the rigid object temporalSFSalgorithm is extendedto articulated

objectsby iteratively segmentingtheColoredSurfacePointsandestimatingthemotionof

therigid partsof thearticulatedobject.Both chaptersincludeextensivesyntheticandreal

experimentalresults.

Chapters7, 8 and9 focuson applyingthe temporalSFSalgorithmsto human-related

problems.In Chapter7 astep-by-stepsystemis proposedto acquireafull kinematicmodel

of a person(including3D shapeof bodypartsandjoint locations).In Chapter8 thekine-

maticmodelis usedto performmotioncaptureof thesamepersonin new videosequences

usinganimage-basedarticulatedobjecttrackingalgorithmverysimilarto thetemporalSFS

algorithms.We includeexperimentalresultsanddemonstratethat the trackingalgorithm

works well for both simpleandcomplex motions. Chapter9 investigatesthe problemof

renderingtheacquiredhumanarticulatedmodelbasedonimage-basedtechniques,together

with potentialuseof the renderingalgorithmin applicationssuchasmotion transferand

editing. Finally, in Chapter10 we enumeratethe contributionsof this thesisanddiscuss

severalpossiblefuturedirections.



Chapter 2

Shape-From-Silhouetteand Visual Hulls

As its nameimplies,Shape-From-Silhouette(SFS)is a methodof estimatingtheshapeof

an object from its silhouetteimages. The conceptof usingsilhouettesfor 3D shapere-

constructionwas�rst introducedby Baumgartin 1974.In his PhDthesis[Bau74],Baum-

gartestimatedthe 3D shapesof a babydoll anda toy horsefrom four silhouetteimages.

Sincethen,variousdi� erentvariationsof the Shape-From-Silhouettemethodshave been

proposed.For example,Aggarwal et al. [MA83, KA86] usedvolumetricdescriptionsto

representthe reconstructedshape.Potmesil[Pot87], Noborio et al. [NFA88] andAhuja

et al. [AV89] all suggestedusingoctreedatastructureto speedup SFS.Pujariderivedthe

optimal positionsanddirectionsto take silhouetteimagesfor 3D shapereconstructionin

[SP91]. Szeliskibuilt a non-invasive 3D digitizer usinga turntableanda singlecamera

with Shape-From-Silhouetteasthereconstructionmethod[Sze93]. In summary, SFShas

becomeapopular3D reconstructionmethodfor staticobjects.

2.1 BasicPrinciple

Theconceptof reconstructingtheshapeof anobjectfrom its silhouetteimagesis explained

in Figure2.1. In Figure2.1(a)a head-shapedobjectcastssilhouetteson the imageplanes

5
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Figure2.1: (a)A head-shapedobjectcastssilhouettesontwo cameras.(b) Thevisualconeformed
by the silhouetteimageandthe centerof camera1. (c) The shapeof the object is estimatedby
intersectingall of thevisualcones.TheVisualHull of a general3D objectcontainscurvedsurface
patchesmakingit di� cult to representandvisualize.

of two cameras.For eachcameraand its silhouetteimage,thereis a boundingvolume

that containsthe object. This boundingvolume,which is alsocalledthe visual cone,is

constructedby projectingthesilhouetteinto 3D spacethroughthecenterof thecameraas

shown in Figure2.1(b).Sinceeachvisualconeprovidesanupperboundon theobject,the

positionandapproximateshapeof the objectcanbe estimatedby intersectingthe visual

conesfrom all thecamerasasshown in Figure2.1(c).
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2.2 Visual Hulls

ThetermVisualHull (VH) hasbeenusedin ageneralsenseby researchersfor overadecade

to denotetheshapeestimatedfrom theShape-From-Silhouetteprinciple: the intersection

of thevisualconesformedby thesilhouettesandcameracenters(Figure2.1(c)).Theterm

was�rst coinedin 1991by Laurentini[Lau91] who alsopublisheda seriesof subsequent

papersstudyingthe theoreticalaspectsof Visual Hulls of 3D polyhedral[Lau94, Lau95]

andcurvedobjects[Lau99]. Beforediscussingthedi� erentwaysof representingandcon-

structingVisualHulls, we �rst de�ne theproblemscenarioasfollows.

2.2.1 ProblemScenarioand Notation

SupposethereareK cameraspositionedarounda3D objectO. Let fSk
j ; k = 1; � � � � � � ; Kg

bethesetof silhouetteimagesof theobjectO obtainedfrom theK camerasat time t j. An

examplescenariois depictedin Figure2.2 with a head-shapedobjectsurroundedby four

camerasat time t1. It is assumedthat the camerasarecalibratedwith � k() : IR3 ! IR2

andCk beingtheperspective projectionfunctionandthecenterof camerak respectively.

In otherwordsp = � k(P) arethe2D imagecoordinatesof a 3D point P in thekth image.

As an extensionof this notation,� k(A) representsthe projectionof a volumeA onto the

imageplaneof camerak. Assumewehaveasetof K silhouetteimagesfSk
jgandprojection

functionsf� kg. A volumeA is saidto exactlyexplain fSk
jgif andonly if its projectiononto

thekth imageplanecoincidesexactlywith thesilhouetteimageSk
j for all k 2 f1; � � � � � � ; Kg,

i.e. � k(A) = Sk
j . If thereexistsat leastonenon-emptyvolumewhichexplainsthesilhouette

imagesexactly, wesaythesetof silhouetteimagesis consistent,otherwisewecall it incon-

sistent.Normally a setof silhouetteimagesobtainedfrom an objectis consistent,unless

therearecameracalibrationerrorsor silhouetteimagenoise.
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1 1
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image S on camera k at time tk
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2
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1
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4

S1
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C4C4

Figure 2.2: An exampleShape-From-Silhouetteproblemscenario: a head-shapedobject O is
surroundedby four camerasat time t1. Thesilhouetteimagesandcameracentersarerepresented
by Sk

j andCk respectively.

2.2.2 De�nitions of Visual Hull

In this sectionwe presenttwo di� erentways (eachof which has its pros and cons)to

de�ne VisualHulls. Althoughthesetwo de�nitions areseeminglydi� erent,they arein fact

equivalentto eachother. Theproofof equivalenceis givenin AppendixA.

Visual Hull De�nition I: Intersecting Visual Cones

TheVisualHull H j with respectto a setof consistentsilhouetteimagesfSk
jgis de�nedto be

the intersectionof the K visualcones,each formedby projectingthesilhouetteimage Sk
j

into the3D spacethroughthecamera centerCk.

This �rst de�nition, whichis themostcommonlyusedonein theSFSliterature,de�nes

the Visual Hull asthe intersectionof the visual conesformedby the cameracentersand

thesilhouettes.Thoughthis de�nition providesa directway of computingtheVisualHull
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from thesilhouettes(seeSection2.3.1),it lacksinformationandintuition abouttheobject

(which formsthesilhouettes).We thereforealsouseasecondde�nition:

Visual Hull De�nition II: Maximally Exactly Explains

TheVisualHull H j with respectto a setof consistentsilhouetteimagesfSk
jgis de�nedto be

thelargestpossiblevolumewhich exactlyexplainsfSk
jgfor all k = 1; � � � � � � ; K.

Generallyfor a consistentsetof silhouetteimagesfSk
jg, thereareanin�nite numberof

volumes(including the objectO itself) that exactly explain the silhouettes.De�nition II

de�nes theVisualHull H j asthe largestoneamongthesevolumes.Thoughabstract,this

de�nition implicitly expressesoneof theusefulpropertiesof VisualHull: theVisualHull

provides an upperboundon the object which forms the silhouettes. To emphasizethe

importanceof thisproperty, westateit asthe�rst fundamentalpropertyof VisualHulls.

2.2.3 First FundamentalProperty of Visual Hulls

First FundamentalProperty of Visual Hulls (1st FPVH):

TheobjectO that formedthe silhouettesetSk
j lies completelyinside the Visual Hull H j

constructedfromSk
j .

The 1st FPVH is very importantasit givesususefulinformationon theobjectO, es-

peciallyin applicationssuchasroboticnavigationor obstacleavoidance.Theupperbound

givenby theVisualHull getstighterif weincreasethenumberof distinctsilhouetteimages.

Asymptoticallyif we have every possiblesilhouetteimagesof a convex object,theVisual

Hull is exactly equalto theobject.If theobjectis not convex, theVisualHull mayor may

notbeequalto theobject.
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2.3 Representationand Construction

2.3.1 Two-DimensionalSurfaceBasedRepresentation

For a consistentsetof silhouetteimages,its VisualHull canbe(accordingto De�nition I)

constructedby intersectingthevisualconesdirectly. By doingso, theVisualHull is rep-

resentedby 2D surfacepatchesobtainedfrom intersectingthesurfacesof thevisualcones.

For illustrationpurpose,anexamplein two-dimensionsis givenin Figure2.3(a)in which

the Visual Hull is constructedby intersectingthe 2D visual wedges.Although simplein

2D and thereexists fast algorithmsfor computingconesintersectionfor 3D polyhedral

objects[BMM01], directconeintersectionrepresentationis di� cult to usefor general3D

objects. The Visual Hull of a general3D objectconsistsof curved andirregular surface

patcheswhich aredi� cult to representusingsimplegeometricprimitives. Thecomputa-

tionalcomplexity andnumericalinstabilityof intersectingsurfaceswith linesandplanesin

3D arealsoreasonswhy researchersapproximategeneral3D objectsto polyhedralshape

whenintersectingvisualcones[BMM01].

Theexamplein Figure2.1(c)illustratesthat it is di� cult to express,representor even

visualizethesurfacepatchesof theVisualHull of ageneral3D object.RecentlyBuehleret

al. [BMM01] proposedanapproximateway to computeVisualHull directly usingthevi-

sualconeintersectionmethodbyapproximatingall 3Dobjectsashaving polyhedralshapes.

Sincepolyhedralobjectsproducepolygonalsilhouetteimages,theirVisualHulls consistof

only planarsurfacepatcheswhich can be more readily computedand representedthan

curvedsurfacepatches.

2.3.2 Thr ee-DimensionalVolume BasedRepresentation

Sinceit is di� cult to intersectvisual conesof general3D objects,other moree� ective

wayshave beenproposedto construct3D Visual Hulls from the silhouetteimages. The

approachwhichis usedby mostresearchers[Pot87, NFA88,AV89,Sze93] is volumebased
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Figure2.3: A two dimensionalexampleof constructingthe VisualHull H1 from the silhouettes
fSk

1gandcameracentersfCkg: (a) by direct intersectionof visual wedges,(b) by voxel-basedap-
proximation.Theorange-shadedregion (boundedby thick blacklines)representstheapproximate
VisualHull while thepolygon(outlinedin green)denotesthetrueone.Theformeris signi�cantly
largerthanthelatter.

construction.Oneversionof this approach,alsoknown asvoxel-basedSFSis given as

follows:

Standard Voxel-basedShape-From-SilhouetteAlgorithm

1. Divide thespaceof interestinto N � N � N discretevoxelsvn; n = 1; � � � � � � N3.

2. Initialize all theN3 voxelsasinsidevoxels.

3. For n = 1 to N3 f

For k = 1 to K f

(a) Projectvn into thekth imageplaneby theprojectionfunction� k();

(b) If theprojectedarea� k(vn) liescompletelyoutsideSk
j ,

then classifyvn asoutsidevoxel;

g

g

4. TheVisualHull H j is approximatedby theunionof all theinsidevoxels.
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Voxel-basedSFSusesthesameprincipleof visualconeintersection.However, theVi-

sualHull is representedby 3D volumeelements(“voxels”) ratherthan2D surfacepatches.

Thespaceof interestis dividedinto discretevoxelswhich arethenclassi�ed into two cat-

egories: insideandoutside. Theunionof all the insidevoxels is anapproximationof the

Visual Hull. For a voxel to be classi�ed asinside, its projection(step3(a)) on eachand

every oneof theK imageplaneshasto beinsideor partially overlapwith thecorrespond-

ing silhouetteimages.If theprojectionof thevoxel is totally outsideany of thesilhouette

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 convex polygonrep-

resentsthe trueVisualHull while theshadedregion denotestheapproximateVisualHull

obtainedusingthe2D versionof thestandardvoxel-basedSFSalgorithm.Theapproximate

2D VH is signi�cantly larger thanthetrueone. This is oneof thedisadvantagesof using

discretevoxelsto representVisualHulls.

2.4 SilhouetteExtraction

As crucial as it is to representand constructVisual Hulls e� ectively, accuratesilhou-

ette extraction is also of great importanceto the processof Shape-From-Silhouette.In

this section,we describea simplebackgroundsubtractionalgorithmwhich servesasthe

core componentof extracting silhouettesfor all of the real datasequencesin this the-

sis. Naturally thereare other silhouetteextraction algorithmsin the literature,suchas

[SB96, HHD99,EHD99, IBL00, RT00], whichcanalsobeused.

Onedi� cult problemof backgroundsubtractionis to remove shadows. In our algo-

rithm, two techniquesareusedto tacklethis problem:(1) usecolor informationto distin-

guishshadow andnon-shadow pixelsand(2) usedi� erentthresholdsbasedon thetypeof

thepixels.Thealgorithmis summarizedasfollowswith I BG(u; v) andI RT(u; v) representing

thecolorvectorof the(u; v)th pixel of thebackgroundandruntimeimagesrespectively:
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Real-timeBackground Subtraction Algorithm

1. Calculatetheintensitydi� erence

IDIFF(u; v) = kI RT(u; v) � I BG(u; v)k.

2. If IDIFF(u; v) > TU ,

then setthe(u; v)th pixel asasilhouettepixel, stop.

3. If IDIFF(u; v) < TL,

then setthe(u; v)th pixel asanon-silhouettepixel, stop.

4. Calculatethecolordi� erence

� (u; v) = cos� 1[ I RT(u;v)�I BG(u;v)
kI RT(u;v)kkI BG(u;v)k

].

If � (u; v) > TC,

then setthe(u; v)th pixel asasilhouettepixel,

else setthe(u; v)th pixel asanon-silhouettepixel.

Here, kI (u; v)k representsthe norm of a vector I (u; v) and � is the dot productoperator.

Thealgorithmbasicallyconsistsof threetests.Steps2 and3 testthe intensitydi� erence

betweentherun-timeandbackgroundpixels. If theintensitydi� erenceis very large(com-

paredto anup thresholdconstantTU), thenthepixel is treatedasa silhouettepixel. If the

intensitydi� erenceis verysmall(comparedto a low thresholdconstantT L), thenthepixel

is classi�ed asa backgroundpixel. For pixelswith intensitydi� erencesbetweenT L and

TU , a third test(Step4) is performedto determineif it is ashadow pixel. Thevalue� is the

anglebetweenthevectorsI RT andI BG in theRGBcolordomainandhenceis ameasureof

thecolor di� erencebetweentherun-timeandbackgroundpixels. For a shadow pixel, the

color di� erencebetweenrun-timeandbackgroundshouldbesmallbecausethedi� erence

lies mainly in the intensityvalues.Henceby comparing� with a color thresholdconstant

TC, mostof theshadow pixelscanberemoved.

The secondtechniquewe employed in our backgroundsubtractionprocessis to use

di� erentthresholdconstantsfor di� erentregions of the image. The backgroundimage
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(a) (b)

(c) (d)

Figure2.4: Exampleimagesof thebackgroundsubtractionalgorithm: (a) Run-Time image,(b)
Backgroundimage,(c) Segmentedbackgroundimage,(d) Extractedforegroundsilhouette.

is automaticallysegmentedinto di� erentregionsusingcolor information. For example,

Figure2.4(c)shows the segmentationof the backgroundimagein Figure2.4(b) into two

regions: �oor andnon-�oor. The rationalebehindthis is that di� erenttypesof regions

have di� erentcolor statisticsandshadow probabilities.For example,the �oor region has

a higherprobability of having shadows thanthe non-�oor region andthereforedi� erent

thresholdsareused.This region-basedapproachis more�e xible thanthesimplestmethod

of usingonly onesetof thresholdsfor thewholeimage.Moreover, comparedto themethod

of having thresholdsfor each pixel, ourapproachis morepracticalandaccurate.Thenum-

ber of thresholdsin our approachis not high andhencewe candetermineeachof them

manually. On the otherhand,in the pixel-basedmethod,the large numberof thresholds

areusuallydeterminedusingpixel color variancesandcannotbe �ne tunedindividually.

Figure 2.4(d) shows the foregroundsilhouetteimageextractedfrom the imagesin Fig-

ures2.4(a)and(b). Notethattheshadowscastby thelegsareremovedcompletely.
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Theabovereal-timebackgroundsubtractionalgorithmwas�rst introducedandusedin

[CKBH00] for thevoxel-basedreal-timeSFSsystemto bediscussedin Chapter3. It is easy

to implementandfastenoughfor extractingsilhouettesat30 framespersecond.However,

as with all other backgroundsubtractionmethods,our algorithm is not perfectand the

extractedsilhouettecontainerrorsand noise(seeSection3.1 for the studyof the e� ect

of noisy silhouetteon voxel-basedSFS).For the real datasequencesusedin Chapter4

throughChapter8, sincereal-timenessis not a requirement,the silhouettesare cleaned

up usingconnectedcomponentanalysisandmorphologicaloperations[Jai89]afterbeing

extractedby our real-timebackgroundsubtractionalgorithm. Manual inspectionis then

usedto makesurenosigni�cant partof theforegroundsilhouetteis missing.Alternatively,

othernonreal-timebackgroundsubtractionmethods[SB96, RT00] canbeused.

2.5 Advantagesand Disadvantages

EstimatingshapeusingSFShasmany advantages.First of all, silhouettesarereadilyand

easilyobtainable,especiallyin indoorenvironmentwherethecamerasarestaticandthere

arefew moving shadows. Theimplementationof mostVisualHull constructionmethodsis

alsorelatively straightforward,especiallywhencomparedto othershapeestimationmeth-

odssuchasmulti-baselinestereo[OK93] or spacecarving[KS00]. Moreover, from the

First FundamentalPropertyof Visual Hull, SFSgivesusanupperboundon theshapeof

theobject.This inherentlyconservativepropertyis particularlyusefulin applicationssuch

asobstacleavoidancein robotmanipulationandvisibility analysisin navigationwherean

upperboundon the shapeof the object is preferredto a lower bound. All theseadvan-

tageshave prompteda large numberof researchersto applySFSto solve othercomputer

vision andgraphicsproblemsbeyond3D reconstruction.Examplesincludehumanrelated

applicationssuchasvirtual humandigitization[MTG97], bodyshapeestimation[KM98],

motiontracking/capture[DF99,BL00] andimage-basedrendering[BMMG99].
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On theotherhand,SFSsu� ersfrom a numberof limitationsandinadequacies.Exist-

ing SFSmethodsinvolve time-consumingtestingstepswhich hindertheir usein real-time

applications.SFSis alsosensitiveto errorsin silhouetteextractionandcameracalibration,

makingit lessdesirableto usewhenthe silhouetteimagesarevery noisy. Moreover, the

Visual Hull obtainedfrom SFSis only an approximationof the actualobjectshape.The

approximationcanbevery coarsewhenthereareonly a few cameras,posinga disadvan-

tagefor SFSin applicationssuchasdetailedshapeacquisitionandrealisticre-renderingof

objects.In this thesis,we show how to overcomesomeof theselimitationsandapplySFS

to constructdetailedhumanbodymodelsfor motioncaptureandrendering.



Chapter 3

Real-timeShape-From-Silhouette

In ordertouseSFSin real-timeapplications,thecomputationalbottleneckof existingmeth-

odshasto beidenti�ed andreplacedby fasteralternatives.Thebehavior of thealternatives

undernoisysilhouetteimageshasto bestudiedin orderto maintainreasonableshapeesti-

mates.In this chapter, we developa fastvoxel-basedSFSalgorithmcalledSPOT (Sparse

Pixel Occupancy Test)which takesinto accountthe e� ect of noisy silhouetteimages.A

real-timesystemfor reconstructing3D volumetricmodelsof peopleperformingarbitrary

motion is built basedon this fastalgorithm. Note that someof the materialpresentedin

this chapter�rst appearedin thepaper[CKBH00].

3.1 Analysisof Voxel-basedSFSwith NoisySilhouettes

Visual hull constructionusing the voxel representationis by far the most popularSFS

methodusedby researchersbecauseit is easily implementableandgivesreasonablere-

sults in applicationswhereapproximatebut completeshapeinformationof the object is

required.Thespeedof thestandardvoxel-basedSFSalgorithmdescribedin Section2.3.2

dependsheavily on two procedures: (1) voxel projection(step3(a)of thealgorithm)and

(2) silhouetteoverlaptesting(step3(b) of thealgorithm). Thesetwo procedures,together

17
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with thequality of thesilhouetteimages,alsodeterminetheaccuracy of theestimatedVi-

sualHull. Silhouetteimagesgeneratedin real-timearealwaysnoisy. Figure3.1 shows a

foregroundimageandits noisysilhouetteimageobtainedusingthereal-timebackground

subtractionmethoddescribedin Section2.4.Althoughpost-processingsteps,suchasmor-

phologicaloperationsandconnectedcomponentanalysis[Jai89] canbeappliedto cleanup

thesilhouette,they aretime consumingcomputations.Thesamereal-timelimitation also

prohibitsusfrom usingprobabilisticapproachessuchasthoseproposedfor voxel coloring

in [DV99, BDC01], or the graphcutsapproach(which doesnot requirehardlabelingof

thevoxels)proposedby Snow etal. in [SVZ00]. Thustheaimof this sectionis to propose

fastimplementationsof procedures(1) voxel projectionand(2) silhouetteoverlaptesting,

while understandingthee� ectof silhouettenoiseon theimplementations.To characterize

the quality of the silhouetteimages,hereafterlet � be the probability that during silhou-

etteextraction,a non-silhouettepixel is wrongly marked asa silhouettepixel. Likewise,

let � representtheprobabilitythata silhouettepixel is wronglymarkedasa non-silhouette

pixel. Thenoiseis assumedto beindependentbetweenpixels.Therearetwo waysof deter-

mining � and� : theoreticallyby assumingcertainerrorprobabilitydistribution functions

or experimentallyby checkingwrongly marked pixels in a large setof noisy silhouettes.

For example,after tunning the thresholdconstantsin our real-timebackgroundsubtrac-

tion method(seeSection2.4), � and � are found experimentallyto be 0.021and 0.043

respectively.

One way of �nding the projectedvoxel � k(vn) is to project the eight vertexesof vn

ontothekth imageplaneandcomputetheconvex hull of theprojectedpoints.Supposeon

average,thereareZ pixelsinsidetheconvex hull. A straightforwardway to implementsil-

houetteoverlappingis to checkall Z pixelsandif at leastZ" of themlie insidethesilhouette

imageSk
j , the voxel is saidto be insideSk

j . Due to silhouettenoise,this implementation

causesvoxel misclassi�cation. Therearetwo typesof voxel misclassi�cation:FalseAc-

ceptance(FA) whichmeansanoutsidevoxel is misclassi�edasinsideandFalseRejection
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Foreground�Image Silhouette�Image

Wrongly�marked�
Silhouette�pixels

Foreground�Image Silhouette�Image

Wrongly�marked�
Silhouette�pixels

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

(FR) whichmeansaninsidevoxel is misclassi�edasoutside. TheprobabilitiesP(FR) and

P(FA) dependon � , � , Z andZ" . For voxelsthatareeithertotally outsideor totally inside

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

I. FalseAcceptance:

P(FA) =

2
666666664

ZX

i=Z"

0
BBBBBBBB@

Z

i

1
CCCCCCCCA

� i(1 � � )Z� i

3
777777775

K

: (3.1)

II. FalseRejection:

P(FR) = p
K� 1X

j=0

(1 � p) j ; p =
ZX

i=Z� Z" +1

0
BBBBBBBB@

Z

i

1
CCCCCCCCA

� i(1 � � )Z� i : (3.2)

The exponentialof K (which representsthe total numberof camerasused)in Equation

(3.1) is dueto the fact thatan outsidevoxel hasto bemisclassi�edasinsidein all the K

imagesfor a FA to happen. In Equation(3.2), p is the probability that an insidevoxel

is classi�ed asoutsidein oneimage. The summationover j comesfrom the fact that an
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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

boundaryvoxelsalthoughthey arenotconsideredhereasthenumberof themarerelatively

fewer thanthenumberof totally insideor totally outsidevoxels.

For �x ed Z, � and � , the FalseRejectionprobability P(FR) increaseswith Z" while

the FalseAcceptanceprobability P(FA) decreaseswhenZ" increases.Using the values

� = 0.021and � = 0.043(the valuesdeterminedexperimentally),graphsof log(P(FR))

and log(P(FA)) versusZ" for di� erentvaluesof Z are shown in Figure 3.2(a) and (b)

respectively. The optimal Z" for a particularZ is chosenby consideringthe total error

probabilityP(FA) + P(FR). Thegraphof log(P(FA) + P(FR)) againstZ" for di� erentZ is

plot in Figure3.3(a).Clearly, di� erentvaluesof Z have di� erentoptimalZ" . For example

theoptimalZ" is 1 for Z = 2 while theoptimalZ" is 7 whenZ is 30. Thegraphsof optimal

Z" andoptimal log(P(FA) + P(FR)) againstZ areplot in Figure3.3(b)(c). Thesegraphs

areuseful in determiningthe optimal silhouettetestingrule andthe correspondingerror

probabilities.

Besidesservingasguidelinesfor choosingtheoptimalZ" , thegraphsin Figure3.3(b)(c)

alsogive us insight into decidingthevoxel sizeof thesystem.Intuitively thesmallerthe

voxel size,thebettertheshapeapproximation(seeFigure2.3(b)asanexample)becausethe

discretizationerroris smaller. Niemveri�ed this conjecturein [Nie97] by analyzinge� ect

of voxel sizeonshapereconstructionerrorwithoutconsideringnoisysilhouettes. However,

the graphin Figure3.3(c) shows that when thereis noisein the silhouettes,the smaller

the voxel size,the smallerthe numberof projectedpixelsZ which implies the larger the

misclassi�cationprobabilities.Thereforeto pick an optimal voxel sizefor a voxel-based

SFSsystem,thereis a trade-o� betweenlowering discretizationerrors(favoring smaller

voxels)andminimizing misclassi�cationprobabilities(favoring largervoxels).
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Figure3.4: TheSPOT-modi�ed voxel-basedShape-From-Silhouette.

3.2 A FastVoxel-basedSFSAlgorithm: SPOT

To increasethespeedof thealgorithm,assumethatwepre-computetheconvex hull of each

projectedvoxel andstorethepixel locationsin a lookuptable.To applythestraightforward

implementationsof procedures(1) voxel projectionand(2) silhouetteoverlaptesting,we

needO(N3Z) memoryandO(N3Z) testingoperationsfor a volumeof N � N � N voxels.

Thishighmemoryrequirementandnumberof testsmakethisstraightforwardapproachtoo

slow for realtimeapplications.Hereweproposefasterandmoree� cientimplementation.

For eachimageandeachvoxel, insteadof testingall Z pixels,Q randompixelsarechosen

within theZ-pixel convex hull. If at leastQ" of thesechosenpixelslie insidethesilhouette

imageSk
j , the voxel is said to be insideSk

j . We namethis approachSparsePixel Occu-

pancy Test(SPOT) andis statedformally asbelow. TheSPOT-modi�ed voxel-basedSFS

algorithmis alsoillustratedin Figure3.4.
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SparsePixel OccupancyTest(SPOT) Algorithm

1. For voxel vn andcamerak, randomlychooseQ pointsinsidetheprojectionof � k(vn),

representedby q(l) wherel = 1; � � � � � � ; Q.

2. Initialize incountto 0.

3. For l = 1 to Q f

If q(l) is asilhouettepixel

then incrementsincount.

g

4. If incount< Q"

then classifyvn asoutsidevoxel,

SPOT canbe incorporatedinto the standardvoxel-basedSFSeasilyby replacingthe

projectionandtestingsteps(Steps3(a)and(b) in thestandardvoxel-basedSFSalgorithm)

by SPOT. Therearetwo advantagesof usingSPOT. It is Z
Q timesfasterandthe memory

requirementis Z
Q timeslessthanthe straightforwardapproach.The downsideis the mis-

classi�cationprobabilitiesalsoincreasewhenwereducethenumberof testingpixels.

Onequestionthatremainsis how do we chooseQ andQ" accordingly?Sincewehave

assumedthepixelsareindependentof eachotherandtheQ pointsarechosenrandomly, the

notionof testingQ outof Z pixelsis theoreticallyequivalentto testingaprojectedareawith

Q pixels.In otherwords,Equations(3.1)and(3.2)andthegraphsin Figures3.2and3.3are

valid for analyzingSPOT if we replaceZ by Q. Thechoiceof Q is acompromisebetween

speed,memoryandaccuracy. In real-timeapplicationswherespeedis moreimportantthan

quality, a low valueof Q is usedto tradeaccuracy for speed.For example,if weuseQ = 5

for a10-pixel projectedvoxel (i.e. Z = 10),wegainafactorof 2 in bothspeedandmemory

but thetotalmisclassi�cationprobabilityP(FA)+P(FR) alsoincreasesfrom 1.7e-9to 1.1e-

5 (seeFigure3.3(c)).OnceQ is �x ed,Q" is chosenaccordingto Figure3.3(b).
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3.3 Real-time3DVoxelReconstructionof Human Motions

To show how SPOT is usedin practicalsituations,a real-timesystem[CKBH00] is built

to reconstructandtrackhumanmotionsover time. Thesystemconsistsof two parts:3D

voxel reconstructionandellipsoid�tting.

3.3.1 SurfaceVoxelReconstruction

The �rst part of the systemconsistsof synchronizedcamerasplacedevenly aroundthe

moving humansubject. Eachcamerais connectedto an individual local computer. The

cameracapturesimagescontinuouslyandthereal-timebackgroundsubtractionalgorithm

describedin Section2.4 is appliedby eachcamera's local computerto extract thesilhou-

ettes.Thesynchronizedsilhouetteimagesarethentransferred,via network, from thelocal

computersto amainhostcomputerwhereSPOT-modi�ed SFSis usedto build the3D voxel

modelof theperson.Oncethemodelis reconstructed,thesurfacevoxelsareextractedand

usedfor ellipsoid�tting in thesecondpartof thesystem.

3.3.2 Ellipsoid Fitting

After obtainingthe3D surfacevoxeldataof thehumans,ellipsoidsare�t to thedatain real-

time. Six ellipsoidalshells(to modelthehead,thebody, thetwo armsandthetwo legsof a

humanbody)F f wheref = 1; � � � � � � ; 6 areused.EachellipsoidalshellF is representedby

nineparameters:thecenter, theorientationandthesizes(lengthsof theaxes)denotedby

(xF f ; yF f ; zF f ), RF f and(� F f ; � F f ; 
 F f ) respectively. Thewhole�tting processhasto befast

enoughfor real-timeprocessing.To achieve this goal,we usea two-stepapproachbased

on theExpectation-Maximization(EM) paradigm[DLR77].

The �rst stepof the �tting processis to segmentthe voxel databy usinga proximity

criterion. A surfacevoxel v is assignedto belongto theellipsoidalshellF f (i.e. v 2 F f ) if

thevoxel is closestto F f (ascomparedto otherellipsoidalshells).In orderto calculatethe
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distancebetweenthevoxel andtheshells,theshellparametersestimatedfrom theprevious

frameareused.Notethatthisproximity criterionis fastandeasyto compute.

After thesegmentationprocess,momentanalysisis usedtoestimatetheellipsoidalshell

parametersfrom thecenters(xv; yv; zv) of thesurfacevoxelsv which arebelongto F f . For

example,thezeroth,�rst andsecondmomentsof xv arede�ned as

M0 =
X

v2F f

1; Mx =
1

M0

X

v2F f

xv; Mxx =
1

M0

X

v2F f

xvxv: (3.3)

Similarly, momentsof yv and zv (suchas My; Mxy; Myz; Mzz etc.) can also be calculated

usingEquations(3.3). Theellipsoidalshellparametersarenow estimatedas

(xF f yF f zF f ) = (Mx My Mz) ; (3.4)

M = 4

2
6666666666666664

Mxx Mxy Mxz

Myx Myy Myz

Mzx Mzy Mzz

3
7777777777777775

= RF f

2
6666666666666664

� 2
F f

0 0

0 � 2
F f

0

0 0 
 2
F f

3
7777777777777775

RT
F f

; (3.5)

with M beingthe momentmatrix. RF f and(� F f ; � F f ; 
 F f ) canbe obtainedeasilyby per-

forminganeigen-decompositionon the(3 by 3) matrix M.

To performthe segmentationfor the currentframe,we needthe estimatedellipsoidal

shell parametersfrom theprevious frame. To initialize theshellswhenthesystemis �rst

started,we usedanactivationprocedure.Whenthesystemis �rst started,only oneellip-

soidalshellF1 is activatedfor the�tting. All thevoxel datais usedto estimatetheparame-

tersof the�rst ellipsoidF1 andtheerrorof �tting is calculated.If thiserroris largerthana

thresholdthis meansthatoneellipsoidshell is not enoughto modelthevoxel data.In this

case,thesecondellipsoidalshell F2 is activatedsothat two shellsareusedto �t thedata.

As thehumanmoveshis armsandlegsaround,the shellsareactivatedsequentiallyto �t

di� erentpartsof thebodyuntil all six of themareactivated.
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Figure3.5: (a) Thesystemarchitectureof thereal-timehumanmotionmodelreconstructionsys-
tem.(b) A screenshotof theuserinterface.

Oneproblemof our two-step�tting approachis that the joint andsizeconstraintsof

thehumanbodyarenot incorporated.Hence�tting fails whenthebodypartsaretooclose

togetherwhich causesproblemsfor thesegmentation.For thesamereasonthis algorithm

cannothandleappearinganddisappearingbodypartsverywell.

3.3.3 SystemAr chitecture and Performance

Thearchitectureof oursystemis illustratedin Figure3.5(a).Usingasimpleuserinterface,

theusercandisplayandobserve, in realtimeandfrom any view-point, the3D modelsand

the�t ellipsoidalshells.Figure3.5(b)is a snapshotof theinterfacewith thevoxel models

beingshown on theleft andthe�t ellipsoidalshellson theright.

Thefollowing summarizesvariousaspectsandparametersof thesystem.

1. Fivecamerasareusedandeachof themis connectedto a266MHz PC.They arecali-

bratedby planarcalibrationpatternswith themethoddescribedin [Zha99]. Themain
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computeris equippedwith dualPentiumII 400MHz processors.Thecomputersare

connectedtogetherby a100Mb/shub.

2. Thespaceof interestis acubeof size2m� 2m � 2m dividedinto 64 � 64 � 64 (i.e.

N = 64)voxelswith a resolutionof about3cmfor eachvoxel.

3. Theimagesarecapturedata resolutionof 320x240pixels.Thesilhouetteextraction

methodin Section2.4 givessilhouetteerrorprobabilitiesof � = 0.043(theprob-

ability that a silhouettepixel is wrongly marked asa non-silhouettepixel) and� =

0.021(theprobability thata non-silhouettepixel is wrongly markedasa silhouette

pixel).

4. Theaveragenumberof pixelsin a projectedvoxel is 10 (i.e. Z � 10). To obtainthe

desiredspeed,only two pixels(i.e. Q = 2) arechosenfor eachvoxel in thesilhouette

overlaptest. Theoptimal Q" is 1 accordingto Figure3.3(b). This correspondsto a

totalmisclassi�cationprobabilityP(FA) + P(FR) of 0.0092,comparedto avalueof

1.78e-9if wesetQ = 10.

5. Table3.1 summariestheapproximatetime requiredfor eachstep.With thedisplay

functionturnedo� , thesystemoutputsresultsof higherthan15 framespersecond.

Figure 3.6 shows framesselectedfrom a movie clip Realtime-SFS-reconstruction-

�tting .mpg� illustratingthereconstruction/�tting resultsof oursystem.Within eachframe,

the upperleft picture is the run-timeimagecapturedby oneof the � ve camerasandthe

lower left picturedepictsits silhouettegeneratedby the backgroundsubtractionmethod.

Theupperright pictureshowsthereconstructedvoxelsof thepersonusingSPOT while the

lower right picturerepresentsthe �t ellipsoids. Therearetwo framesdelaybetweenthe

run-timeimage/silhouettecomputationandthe reconstructedvoxels/ellipsoidsdueto the

pipelineprocessingof thesystem.Anothermovie clip Realtime-SFS-system.mpgshows

� All movie clips of this chapter can be found at
http://www.cs.cmu.edu/˜german/research/Thesis/Video/Chapter3/
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Step Approximate
Time Required

Sending/Receiving
SilhouetteImages 15 ms
ImageAcquisition 10 ms

Voxel Reconstructionwithout
Surfaceextraction 35 ms

Voxel Reconstructionwith
Surfaceextraction 40 ms

SilhouetteGeneration 15 ms
EllipsoidFitting 10 ms
ModelDisplay 100ms

Table3.1: Theapproximateprocessingtime for eachstepin oursystem.

real-timefootageof theactualsystem,theuser-interfaceandtheresultscapturedduringan

experiment.

3.4 RelatedWork

Our real-timesystemfor 3D Voxel reconstructionof humanmotionis partially inspiredby

theartsprojectTRACE of Penny et al. [PSB99]. While they useonly onecomputerand

focuson theartisticform of theresultingvoxels(without �tting any modelto thevoxels),

our systemstudiesthe accuracy of the reconstructionand �ts simpleellipsoidalmodels

to the reconstructedvoxels. The application-basedpapers[BL00, BL01] by Laurentini

following his seriesof theoreticalpapers[Lau94, Lau95,Lau97,Lau99] have a similar

goal as our real time humanmotion reconstructionsystem. However, they concentrate

on themotioncapture/�tting aspectsfrom thereconstructedvoxels,thusarenot real-time

andthereis no silhouettenoiseanalysis. Niem performederror analysisof voxel-based

reconstructionmethodsin [Nie97]. He focusedon local shapeerrorcausedby thediscrete

resolutionof the silhouettes,the voxels, the �nite numberof views, and to someextent

cameracalibrationparameters.His analysisdoesnot includesilhouetteimagenoisesbut
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provide guidelinesfor choosingthe numberof viewpoints and the voxel size to obtain

a given shapeaccuracy. Moreover, ProckandDyer proposeda real-timevoxel coloring

algorithmusinganoctreedatastructureandanearestneighborsearchapproachto maintain

thedetailsof thereconstructedvoxels[PD98].

Sincewe introducedtheSPOT algorithm[CKBH00], Buehleret al. have derivedan-

otherfastalgorithmfor building andrenderingVisualHulls of 3D polyhedral objectsus-

ing the visual conesintersectionmethod[MBR+00, BMM01]. Their algorithmproduces

surface-based(mesh)Visual Hulls and is particularlysuitedfor rendering. On the other

hand,Mikic et al. built a systemsimilar to ours(Section3.3) to performhumanposture

estimation[MHTC01]. They extendedoursystemby introducinga betterarticulatedbody

modelandvoxel �tting strategy. They use�x ed-sizeellipsoidsto modelthehumanbody

andenforcejoint constraintsusingtheExtendedKalmanFilter framework. Althoughthey

have not achieved real-timeperformancefor their �tting procedure(20sper frame),their

strategy is moresystematicthanournaivewayof �tting ellipsoidalshellsto thevoxels.

3.5 Discussion

Althoughwehavedemonstratedthatvoxel-basedSFScanbeusedto reconstruct3D human

motionsin realtime, it is di� cult to achieveveryaccuratehumanmotiontrackingfrom the

reconstructedvoxels.Therearetwo majorreasonsbehindthisdi� culty. First,sinceonly a

smallnumberof cameras(4-6) areused,thereconstructedvoxel modelis very coarseand

lacksenoughinformationfor precisevoxel �tting andmotiontracking.Secondlytheshape

(ellipsoids)andjoint information(for thesystemin [MHTC01]) of thehumanmodelusedis

not tailoredto theparticularhumansubjectto betracked. Theinaccuracy in thekinematic

informationincreasesthe errorsin trackingfor the high degree-of-freedomhumanbody.

To solve thesetwo problems,in thenext few chapterswe �rst extendthe traditionalSFS

sothatsilhouetteimagesover time canbecombinedto build a detailedhumanmodel.We

thenextendthisapproachto acquirekinematicinformationof thehumansubject.
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Figure 3.6: Twenty four selectedframesfrom the movie clip Realtime-SFS-reconstruction-
�tting .mpg illustratingour real-timehumanmotionreconstructionsystem[CKBH00].





Chapter 4

A NewVisual Hull Representation:

Bounding Edge

In ChapterTwowepresentedtwocommonwaysto representVisualHulls: two-dimensional

surfacepatchesandthree-dimensionaldiscretevoxels. In this chapter, we proposea new

representationfor Visual Hulls using a one-dimensionalentity called a BoundingEdge

(BE). We �rst give the de�nition of BoundingEdgesandexplain how they canbe con-

structedfrom thesilhouetteimages.We thendiscusstheSecondFundamentalPropertyof

VisualHulls whichis closelyrelatedto thede�nition of aBoundingEdge.Finally wecom-

parethe advantagesanddisadvantagesof the threeVisual Hulls representations(discrete

voxels,surfacepatchesandBoundingEdges).

4.1 De�nition of Bounding Edge

Considerasetof K silhouetteimagesfSk
jgatagiventimeinstantt j. Let ui

j beapointonthe

boundaryof thesilhouetteimageSk
j . By projectingui

j into 3D spacethroughthecamera

centerCk, we get a ray r i
j. A BoundingEdgeEi

j is de�ned to be the part of r i
j suchthat

theprojectionof Ei
j ontothel th imageplanelies completelyinsidethesilhouetteSl

j for all

33
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Figure4.1: TheBoundingEdgeEi
1 is obtainedby �rst projectingtheray r i

1 ontoS2
1, S3

1, S4
1 and

thenre-projectingthesegmentsoverlappedwith thesilhouettesbackinto the3D space.E i
1 is the

intersectionof thereprojectedsegments.

l 2 f1; � � � � � � ; Kg. Mathematicallytheconditioncanbeexpressedas

Ei
j � r i

j and � l(Ei
j) � Sl

j 8 l 2 f1; � � � � � � ; Kg: (4.1)

Figure4.1 illustratesthe de�nition of a BoundingEdgeat t1. A BoundingEdgecanbe

computedeasilyby �rst projectingthe ray r i
j onto the K � 1 silhouetteimagesSl

j; l =

1; � � � � � � ; K; l , k, andthenre-projectingthesegmentswhich overlapwith Sl
j backinto

3D space.TheBoundingEdgeis theintersectionof thereprojectedsegments.Notethatthe

BoundingEdgeEi
j is not necessarilya continuousline. It mayconsistof severalsegments

if any of thesilhouetteimagesarenot convex. An exampleis shown in Figure4.2 where

theBoundingEdgecontainstwo segments.Hereafter, aBoundingEdgeEi
j is denotedby a

setof ordered3D vertex pairsasfollows:
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Figure4.2: A situationwheretheBoundingEdgeEi
1 consistsof morethanonesegmentwhenone

or moreof thesilhouettesarenot convex. In this caseEi
1 containstwo segments

�
SVi

1(1); FVi
1(1)

�

and
�
SVi

1(2); FVi
1(2)

�
.

Ei
j =

n�
SVi

j(m); FVi
j(m)

�
; m = 1; : : : ; M i

j

o
; (4.2)

whereSVi
j(m) andFVi

j(m) representthestartvertex and�nish vertex of themth segmentof

theBoundingEdgerespectively andM i
j is thenumberof segmentsthatEi

j is comprisedof.

By samplingpointson theboundariesof all thesilhouetteimagesfSk
j ; k = 1; � � � � � � ; Kg,

wecanconstructa list of L j BoundingEdgesthatrepresentstheVisualHull H j.

An exampleof usinga setof BoundingEdgesto representthe Visual Hull of a real

objectis shown in Figure4.3. Figure4.3(b)shows six silhouetteimagesof a toy dinosaur

placedon a bunch of bananas(Figure 4.3(a)). BoundingEdgesare extractedfrom the

silhouetteimagesandare shown from threedi� erentviewpoints in Figure4.3(c). As a

comparison,a voxel-basedmodelis alsobuilt usingthesix silhouettesandis shown from

di� erentviewpointsin Figure4.3(d).
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(a) (b)

(c)

(d)
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Figure4.3: (a) A toy dinosaurplacedon a bunchof bananas.(b) Six silhouetteimagesof the
dinosaurand the bananascapturedfrom six di� erentcameras.(c) Threedi� erentviews of the
BoundingEdgesextractedfrom sampledboundarypointsof the six silhouetteimages.(d) Three
di� erentviews of avoxel modelreconstructedusingthethestandardvoxel-basedSFSalgorithmas
discussedin Section2.3.2.Eachsideof thevoxel is about1.5cmlongandthedimensionsof thetoy
dinosaurareabout30cmby 14cmby 15cm.
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4.2 SecondFundamentalProperty of Visual Hull

The most importantpropertyof the BoundingEdgerepresentationis that its de�nition

capturesoneaspectof Shape-From-Silhouettevery naturally. To beprecise,we statethis

propertyastheSecondFundamentalPropertyof VisualHulls asfollows:

SecondFundamentalPropertiesof Visual Hulls (2nd FPVH)

Each BoundingEdge of theVisual Hull touchestheobject(that formedthesilhouetteim-

ages)at at leastonepoint.

Wehave to emphasizethattheBoundingEdgestouchestheobject(tangentially)rather

thanintersectsobjects. Notice that segmentoriginatingfrom an interior point of the sil-

houetteintersects(ratherthantouches)the objectat at leastonepoint. The advantageof

theBoundingEdgestouchingthe objectratherthanintersectingit is that thevisibility of

thepointson theBoundingEdgescanbeeasilydeterminedusingonly thesilhouetteim-

ages.The detailsof determiningvisibility of pointson BoundingEdgesarediscussedin

Section5.4.

The2nd FPVH allows us to useBoundingEdgesto storeandrepresenttheoneaspect

of theshapeinformationof theobjectthatcanbeextractedfrom asetof silhouetteimages.

Despitebeinganimportantproperty, the2nd FPVHis oftenoverlookedby researcherswho

usuallyfocusonthe1st FPVH(Section2.2.3)whenusingSFSfor shapeestimation.In the

next chapter, we will seehow the2nd FPVH canbecombinedwith stereoto locatepoints

on thesurfaceof theobject.

4.3 RelatedWork

In their image-basedVisualHull renderingwork [BMMG99, MBR+00,Mat01], Matusiket

al. proposeda ray-castingalgorithmto renderobjectsusingsilhouetteimages.Their way

of intersectingthecastingrayswith thesilhouetteimagesis similar to thewayourBound-
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ing Edgesareconstructed.However, therearetwo fundamentaldi� erencesbetweentheir

approachandthede�nition of BoundingEdge. First, our BoundingEdgesareoriginated

only from pointson theboundaryof thesilhouetteimagewhile theircastingrayscanorigi-

natefrom anywhere,includingany point insidethesilhouette.Second,theircastingraysdo

not embedtheimportant2nd FPVH asBoundingEdgesdo. In a separatepaper[BMM01],

Matusik et al. also proposeda fast way to build polyhedralVisual Hulls. They based

their idea on visual coneintersectionbut simpli�ed the representationand computation

by approximatingtheactualsilhouetteaspolygons(i.e. any curvedpartof thesilhouette

is approximatedby straightlines) which is equivalentto approximatingthe 3D objectas

polyhedralshape.Dueto this approximation,their resultsarenot theexactsurface-based

representationdiscussedin Section2.3.1exceptfor truepolyhedralobjects.Nevertheless

their ideaof calculatingsilhouetteedgebins canbe appliedto speedup the construction

of BoundingEdges.Lazebniket al. [LBP01] independentlyproposeda new way of rep-

resentingVisualHulls. Theedgeof the “VisualHull mesh”in their work is theoretically

equivalentto thede�nition of a BoundingEdge.However, they computetheir edgesafter

locatingfrontier andtriple pointswhereaswe computeBoundingEdgesdirectly from the

silhouetteimages.

4.4 Discussion

To comparethe meritsof usingthe threeVisual Hull representations,we de�ne two im-

portantattributes:exactnessandcompleteness.A VH representationis saidto beexact if

the geometricentitiesof the representationactually lie on the exact boundaryof the Vi-

sual Hull. The representationis said to be completeif the geometricentitiesgive us a

completelyclosedboundaryof theVisualHull. An exactrepresentationis not necessarily

completeandviceversa.

Inherentlythe surfacerepresentationis an exact andcompleterepresentationbecause
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the surfacepatchesform an exact andclosedboundaryof the Visual Hull. On the other

hand,thevoxel representationis inexactbut completeasthecollectionof all surfacevoxels

formsa closedboundaryto theVisualHull, althoughthey arenot guaranteedto lie on the

exactboundaryof theVisualHull. By theway they areconstructed,BoundingEdgesall

lie on theexactboundaryof theVisualHull andthereforethey areexact. However, since

theboundaryof thesilhouetteis only sampledata �nite collectionof points,theBounding

Edgerepresentationdoesnotformacompletelyclosedboundary. In otherwords,Bounding

Edgesare exact but incompleterepresentationof a 3D Visual Hull. Asymptotically if

we samplethe silhouetteboundaryin�nitely , the BoundingEdgerepresentationwill be

completeandequivalentto thesurfacerepresentation.Similarly the voxel representation

will be exact andequalto the volumeboundedby the surfacerepresentationif the voxel

sizeis in�nitely small.

Thereareprosandconsof usingeachVisualHull representationunderdi� erentsitu-

ations. In termsof low complexity, the exact surfacerepresentationis the leastdesirable

representationasit is computationallythemostexpensive. For real-timeVisualHull con-

struction,thevoxel representationoutperformstheothertwo representationsdueto thefast

voxel-basedVH constructionmethods.In applicationssuchasVisual Hull alignment(to

bediscussedin thenext chapter)whereaccurateshapeinformationof theobjectis needed

(i.e. exactnessis moreimportantthancompleteness),theBoundingEdgerepresentationis

preferredbecauseit is exact, computationallylessexpensive thanthe surfacerepresenta-

tion andits de�nition embedsthe 2nd FPVH naturally. For applicationssuchasobstacle

avoidanceor objectre-renderingfrom a di� erentviewpoint (seethe image-basedmotion

renderingapplicationin Chapter9 asanexample),theBoundingEdgerepresentationis not

suitableasit is not complete.As a summary, Table4.1 lists someof thepropertiesof the

threeVisualHull representations: surfacepatch,discretevoxel andBoundingEdge.
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Properties SurfacePatches DiscreteVoxel Bounding Edge

BasicGeometricEntities 2D Surface 3D Volume 1D Line Segment
Completeness complete complete incomplete

Exactness exact inexact exact
Computational high (intersect low (testoverlap moderate(intersect

3D planes of 2D pointswith 2D lineswith
Complexity andsurfaces) 2D silhouettes) 2D silhouettes)

naturalrelationship
with the1st FPVH yes yes no
naturalrelationship
with the2nd FPVH yes no yes

Real-time VisualHull
Applications shapeestimation Alignment

[CKBH00] andRe�nement
[CBK03]

Table4.1: Tablecomparingthesurfacepatch,discretevoxel andBoundingEdgerepresentations
of VisualHulls.
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Visual Hulls AcrossTime: Rigid Objects

Shapeestimationby SFScanbevery coarsewhenthereareonly a few silhouetteimages,

especiallyfor complex-shapedobjectssuchasthe dinosaurandbananasexamplein Fig-

ure 4.3. To illustratethe coarsenessof the voxel model (which wasbuilt usingonly six

silhouetteimages)in Figure4.3(d), we coloredthe voxels by re-projectingtheir centers

onto thecolor images.Themodelis re-displayedin Figure5.1(b)with colors. Although

this modelapproximatestheshapeof theobjectswell, a lot of thedetails,suchasthelegs

andthehornsof thedinosauraremissing.

Bettershapeestimatescanbe obtainedusingSFSif the numberof distinct silhouette

imagesis increased.For example,themodelshown in Figure5.1(c) is constructedusing

36 silhouetteimagesandthatin Figure5.1(d)is constructedusing66 silhouetteimages.It

canbeseenthat themodelsbuilt using36 and66 silhouetteimagesaremuchbetterthan

theonebuilt usingonly 6 silhouettesin Figure5.1(b).

Thenumberof distinctsilhouettescanbe increasedin oneof two ways: acrossspace

or acrosstime. By acrossspace,we meanincreasingthe numberof camerasused. The

acrossspaceapproach,thoughsimpleandstraightforward, may not be feasiblein many

practicalsituationsdueto �nancial (buying morecameras)or physical(systemsetupand

cameracalibration)limitations. In this chapterwe proposeanotherway of increasingthe

41
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(a) (b)

(c) (d)

(a) (b)

(c) (d)
Figure5.1: (a) An imageof thetoy dinosaurandbananas.(b) The3D coloredVisualHull voxel
modelreconstructedusingsix silhouetteimagesof thedinosaur/bananas.Someshapedetailssuch
asthelegsandthehornsof thedinosauraremissingin this model. (c) Voxel modelreconstructed
using36silhouetteimages.Muchbettershapeestimationisobtained.(d)Voxel modelreconstructed
using66silhouetteimages.An evenbettershapeestimateis obtained.

numberof silhouetteimagesby capturinganumberof silhouettesfrom eachcameraasthe

objectmovesacrosstime andthenusingall thesilhouetteimages(aftercompensatingfor

the motion of the object) for reconstruction.For example,for a systemwith K cameras

andJ framesof images,thee� ective numberof cameraswould beincreasedto JK. This

is equivalentto addinganadditional(J � 1)K physicalcamerasto thesystem.

Therearetwo tasksto constructingVisualHulls acrosstime: (1) estimatingthemotion

of theobjectbetweensuccessive time instantsand(2) combiningthesilhouetteimagesat

di� erenttime instantsto geta re�ned shapeof theobject. In this chapter, we assumethe

objectof interestis rigid, but themotionof theobjectbetweenframesis totally arbitrary

andunknown. We refer to the taskof computingthe rigid transformationasVisual Hull
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Alignmentandthetaskof combiningthesilhouetteimagesatdi� erenttimesasVisualHull

Re�nement. Both taskswill be discussedin detailsin the restof 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 object on a

preciselycalibratedturn-tableso that themotion is known in advance[Sze93]. However

for dynamicobjectswhosemovementwedonothavecontrolor knowledgeof, wehave to

estimatetheunknown motionbeforewecancombinethesilhouetteimagesacrosstime. To

bemoreprecise,westatetheVisualHull AlignmentProblemasfollows:

Visual Hull Alignment by SilhouetteImages:

Supposewearegiventwo setsof consistentsilhouetteimagesfSk
j ; k = 1; � � � � � � ; K; j =

1; 2gof a rigid objectO from K camerasat two di� erenttime instantst1andt2. Denotethe

Visual Hulls for thesesilhouettesetsby H j; j = 1; 2. Without lossof generality, assume

the�rst setof imagesfSk
1garetakenwhentheobjectis atpositionandorientationof (I ; 0

¯
)

while thesecondimagesetfSk
2gis takenwhentheobjectis at (R; t). Theproblemof Visual

Hull alignmentis to �nd (R; t) suchthatthereexistsanobjectO whichexactlyexplainsthe

silhouettesatbothtimest j andtherelativepositionandorientationof O is relatedby (R; t)

from t1 to t2. Moreover, wesaythatthetwo VisualHulls H1 andH2 arealignedconsistently

with transformation(R; t) if andonly if we can�nd anobjectO suchthatH1 is theVisual

Hull of O atorientationandposition(I ; 0
¯
) andH2 is theVisualHull of O atorientationand

position(R; t).



44 Chapter5. VisualHulls AcrossTime: Rigid Objects

Pure translation

Visual hull 
at time t2 

Visual hull 
at time t1

object at t1

Object at t2

(a)

C
2

C
1

S1

2

S2

2

S1

1
S2

1

Pure translation

Visual hull 
at time t2 

Visual hull 
at time t1

object at t1

Object at t2

(a)

C
2

C
2

C
1

C
1

S1

2

S1

2

S2

2

S2

2

S1

1

S1

1
S2

1

S2

1

Visual hull 
at time t2 

Visual hull 
at time t1

object at t1

Object at t2

(b)

C
2

C
1

S1

2

S2

2

S1

1
S2

1

200 degrees rotation,
followed by translationVisual hull 

at time t2 

Visual hull 
at time t1

object at t1

Object at t2

(b)

C
2

C
2

C
1

C
1

S1

2

S1

2

S2

2

S2

2

S1

1

S1

1
S2

1

S2

1

200 degrees rotation,
followed by translation

Figure5.2: A 2D exampleshowing theambiguityissueof aligningVisualHulls. Bothcasesin (a)
and(b) have thesamesilhouetteimagesetsat timest1 andt2 but they areformedfrom two di� erent
objectswith di� erentmotion.

Sinceit is assumedthatthetwo setsof silhouetteimagesareconsistentandcomefrom

the sameobject, therealwaysexists at leastone set (the true solution) of object O and

motion(R; t) thatexactly explainsbothsetsof silhouetteimages.Now we studywhether

aligningtwo VisualHulls canbesolveduniquelyor not.

5.2 VH Alignment Ambiguity And GeometricalConstraints

Aligning two Visual Hulls usingsilhouetteimagesaloneis inherentlyambiguous.This

meansthatin generalthesolutionis notuniqueandthereexistsmorethanonesetof (R; t)

whichsatis�esthealignmentcriterion.A 2D exampleis shown in Figure5.2. In the�gure,

both(a) and(b) have thesamesilhouetteimagesets(andhencethesameVisualHulls) at

timest1 andt2. However, in (a), thesilhouettesareformedby a curvedobjectwith a pure

translationbetweent1 andt2, while in (b), thesilhouettesarecreatedby apolygonalobject

with botha rotation(200degrees)anda translationbetweent1 andt2.

Themotionambiguityin VisualHull alignmentis adirectresultof theindeterminacy in

theshapeof theobject.Althoughthealignmentsolutionis notunique,thereareconstraints
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on themotionandtheshapeof theobjectfor a consistentalignment.We �rst discussthe

geometricalconstraintsfor aligningtwo 2D VisualHulls andlaterextendthemto 3D.

5.2.1 GeometricConstraints for Aligning 2D Visual Hulls

To establishtheconstraintsfor aligningtwo 2D VisualHulls, we begin with thefollowing

two lemmaswhich expresssomefundamentalpropertiesof 2D VisualHulls.

Lemma 5.1:

For aclosedandconnected2D object,its VisualHull from K silhouetteimagesis aconvex

polygonwith at most2K BoundingEdges.Conversely, any convex polygonwith M � 4

edgescanbe thoughtof asa Visual Hull formedfrom K silhouettesof someclosedand

connected2D objectwhereK = dM
2 e.

Proof: SeeAppendixB.1

Lemma 5.2:

Eachedgeof the2D polygonalVisualHull H of anobjectO hasto touchtheobjectO atat

leastonepoint. Converselyany closedandconnected2D objectO which satis�esthetwo

conditions:(1) O � H, and(2) O toucheseachedgeof H atat leastonepoint, is anobject

which formsthesilhouettesof H.

Proof: SeeAppendixB.2

Lemma5.1 establishesthe fact that the Visual Hull of any closedandconnected2D

objectmustbeaconvex polygon.Lemma5.2is essentiallythe2D versionof the2nd FPVH.

Now if we let Ei
j be theedgesof H j, T(R;t)(A) be theentity afterapplyingtransformation

of (R; t) to A andT � 1
(R;t)() denotesthe inversetransformation,thegeometricconstraintsfor

aligningtwo 2D VisualHulls areexpressedin Lemma5.3asfollows:

Lemma 5.3:

Giventwo 2D VisualHulls H1 andH2, thenecessaryandsu� cientconditionfor themto be
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Figure 5.3: (a)(b) Two Visual Hulls of the sameobject at di� erentpositionsand orientations.
(c) All edgessatisfy Lemma5.3 when the alignment(R; t) is consistent,(d) edgesE1

1, E4
1, E5

1,
T � 1

(R0;t0)(E
1
2), T � 1

(R0;t0)(E
2
2), T � 1

(R0;t0)(E
7
2) all violate Lemma5.3 whenthe Visual Hulls arenot aligned

consistently.

alignedconsistentlywith transformation(R; t) is givenasfollows : No edgeof T(R;t)(H1)

liescompletelyoutsideH2 andno edgeof H2 lies completelyoutsideT(R;t)(H1).

Proof: SeeAppendixB.3

Figure5.3(a)(b)showsexamplesof two 2D VisualHulls of thesameobject.In (c), the

alignmentis consistentandall edgesfrom bothVisualHulls satisfyLemma5.3. In (d), the

alignmentis inconsistentandthe edgesE1
1, E4

1, E5
1, T � 1

(R0;t0)(E
1
2), T � 1

(R0;t0)(E
2
2), T � 1

(R0;t0)(E
7
2) all

violateLemma5.3.Lemma5.3providesagoodwayto testif analignmentis consistentor

not,at leastin 2D.
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Figure5.4: (a)An exampleof two synthetic2D VisualHulls (eachwith four edges)andthespace
of consistentalignments.(b) An exampleof two synthetic2D VisualHulls (eachwith six edges)
andthesolutionspaceof consistentalignments.

To illustratehow theseconstraintscan be usedin practice,two synthetic2D Visual

Hulls (polygons)eachwith four edgesweregeneratedandLemma5.3wasusedto search

for thespaceof all consistentalignments.In 2D thereareonly threedegreesof freedom

(two in translationandonein rotation). Thespaceof consistentalignmentsareshown in

Figure5.4(a). As canbe seen,therearetwo unconnectedsubsetsof the solutionspace,

clusteredarounddi� erentrotationangles.Anothersetof synthetic2D VisualHulls with 6

edgesarealsoshown in Figure5.4(b). In this example,thereis only oneconnectedsubset

of solutions.
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Now consideravariantof Lemma5.3which wecalledLemma5.4asfollows:

Lemma 5.4:

(R; t) is a consistentalignmentof two 2D Visual Hulls H1 andH2, constructedfrom sil-

houettesetsfSk
jg; j = 1; 2 if andonly if thefollowing conditionis satis�ed: for eachedge

Ei
1 of T(R;t)(H1), thereexistsat leastonepoint P on Ei

1 suchthat theprojectionof P onto

thekth imagelies insideor on theboundaryof thesilhouetteSk
2 for all k = 1; � � � � � � ; K.

Proof: SeeAppendixB.4

Lemma5.4 expressestheconstraintsin termsof thesilhouetteimagesratherthanthe

Visual Hull. For 2D objects,thereis no signi�cant di� erencebetweenusingLemma5.3

or Lemma5.4 to specify the alignmentconstraintsbecauseall 2D Visual Hulls can be

representedeasilyby a polygonwith �nite numberof edges. For 3D objects,however,

the3D versionof Lemma5.3 is not very practicalbecauseit is di� cult to representa 3D

VisualHull exactly andcompletely. By expressingthegeometricalconstraintsin termsof

thesilhouetteimages(Lemma5.4) insteadof theVisualHull itself (Lemma5.3),theneed

for anexactandcompleteVisualHull representationcanbeavoided. In thenext section,

weextendLemma5.4to 3D andestablishtheconstraintsfor aligningtwo 3D VisualHulls

usingonly thesilhouetteimages.

5.2.2 GeometricConstraints for Aligning 3D Visual Hulls

The geometricconstraintsfor aligning two 3D Visual Hulls are expressedin termsof

Lemma5.5below:

Lemma 5.5:

For two convex 3D Visual Hulls H1 andH2 constructedfrom silhouettesetsfSk
jg; j =

1; 2, the necessaryandsu� cient condition for a transformation(R; t) to be a consistent

alignmentbetweenH1 andH2 is asfollows: for any BoundingEdgeEi
1 (de�ned by (4.2)

in Chapter4) constructedfrom thesilhouetteimagesetfSk
1g, thereexistsat leastonepoint
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Figure 5.5: An examplescenarioof a solid cubewith a throughhole in the x-direction. The
su� cientpartof Lemma5.5 is not valid in thisexample.

P on Ei
1 suchthat theprojectionof thepoint T(R;t)(P) onto thekth imagelies insideor on

thesilhouetteSk
2 for all k = 1; � � � � � � ; K. Similarly, for any BoundingEdgeEi

2 constructed

from fSk
2g, thereexists at leastone point P on Ei

2 suchthat the projectionof the point

T � 1
(R;t)(P) on thekth imagelies insideor on thesilhouetteSk

1.

Proof: SeeAppendixB.5

Notethattheconditionin Lemma5.5is still necessarybut notsu� cientif eitheroneor

bothof thetwo VisualHulls arenon-convex. Figure5.5showsacounterexampleof acube

with aholethroughthemiddleof thecubein thex-directionandthreecamerasplacedin an

orthogonalsetuparoundthecube.Considertwo setsof silhouetteswhicharecapturedat t1

andt2 with thecubeatexactly thesamepositionandorientation.Thetransformation(I ; 0
¯
)

is obviously a consistentalignmentbetweent1 andt2 becauseit is the true solutionand

hencetheconditionsin Lemma5.5aresatis�ed for theidentity transformation(theneces-

sarypartof theLemma).Now considerthetransformationof rotatingthecubearoundthe

z-axisfor 90degreeswithoutany translation.Thisis notaconsistentalignmentbecausethe
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silhouettesat t1 andt2 from they-directioncameradonotmatchunderthis transformation.

However, theconditionsin Lemma5.5arestill satis�edwith this 90 degreerotationabout

z-axistransformation.Notethatthis transformationwill bea consistentalignmentif there

is no holein thecube.

For general3D objects,Lemma5.5 is usefulto rejectinconsistentalignmentsbetween

two VisualHulls but cannotbeusedto prove if analignmentis consistent.Theoretically

we can prove if an alignmentis consistentas follows. First transformthe Visual Hulls

usingthealignmenttransformationandcomputethe intersectionof the two VisualHulls.

TheresultantVisualHull is thenrenderedwith respectto all thecamerasatbothtimesand

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 expensive andis inappropriateasanalgorithm

to computethecorrectalignmentbetweentwo 3D VisualHulls. In Section5.3.3,we will

show how thehardgeometricconstraintsstatedin Lemma5.5canbeapproximatedby soft

constraintsandcombinedwith photometricconsistency to align3D VisualHulls.

5.3 Resolvingthe Alignment Ambiguity

SincealigningVisualHulls usingsilhouetteimagesaloneis ambiguous,additionalinfor-

mationis requiredin orderto �nd thecorrectalignment. In this sectionwe show how to

resolve thealignmentambiguityusingcolor information.First we combinethe2nd FPVH

(introducedin Chapter4) with stereoto extracta setof 3D points(which we call Colored

SurfacePoints)on thesurfaceof theobjectat eachtime instant.Thenthetwo setsof 3D

ColoredSurfacePointsareusedto aligntheVisualHulls throughthe2D color images.The

ideais discussedin detailssubsequently. We assumethatbesidesthesetof silhouetteim-

agesfSk
jg, thesetof originalcolor images(which thesilhouetteimageswerederivedfrom)

arealsogivenandrepresentedby fI k
j g.
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5.3.1 ColoredSurfacePoints (CSPs)

Although the SecondFundamentalPropertyof Visual Hull tells us that eachBounding

Edgetouchestheobjectatat leastonepoint, it doesnotprovideawayto �nd this touching

point. Hereweproposeasimple(one-dimensional)searchbasedon thestereoprincipleto

locatethis touchingpointasfollows.

If we assumethe object is Lambertianandall the camerasare color balanced,then

any point on the surfaceof the objectshouldhave the sameprojectedcolor in all of the

color images.In otherwords,for any point on thesurfaceof theobject,its projectedcolor

varianceacrossthevisiblecamerasshouldbezero. Henceon a BoundingEdge,thepoint

whichtouchestheobjectshouldhavezeroprojectedcolorvariance.Thispropertyprovides

a goodcriterion for locatingthe touchingpoints. Hereafterwe call thesetouchingpoints

theColoredSurfacePoints(CSP)of theobject.

To expressthe idea mathematically, considera BoundingEdgeEi
j from the j th Vi-

sualHull. Sincewe denotedthe BoundingEdgeEi
j by a setof ordered 3D vertex pairs

n�
SVi

j(m); FVi
j(m)

�o
(Equation(4.2)),we canparameterizea point Wi

j(m; w) on Ei
j by two

parametersm andw, wherem 2 f1; � � � � � � ; M i
jgand0 � w � 1 with

Wi
j(m; w) = SVi

j(m) + w �
�
FVi

j(m) � SVi
j(m)

�
: (5.1)

Let ck
j(P) bethefunctionwhich returnstheprojectedcolorof a3D point P on thekth color

imageat time t j. The projectedcolor mean� i
j(m; w) andvariance� i

j(m; w) of the point

Wi
j(m; w) aregivenas

� i
j(m; w) =

1
ni

j

X

k

ck
j (W

i
j(m; w));

� i
j(m; w) =

1
ni

j

X

k

[ck
j (W

i
j(m; w)) � � i

j(m; w)]2 : (5.2)

Theprojectedcolor ck
j (W

i
j(m; w)) from camerak is usedin calculatingthemeanandvari-

anceonly if Wi
j(m; w) is visible in that cameraandni

j denotesthe numberof the visible
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Figure5.6: Locatingthetouchingpoint (ColoredSurfacePoint)by searchingalongtheBounding
Edgefor thepointwith theminimumprojectedcolor variance.

camerasfor point Wi
j. The questionof how to conservatively determinethe visibility of

a 3D point with respectto a camerausingonly the silhouetteimageswill be addressed

shortly. Figure5.6illustratestheideaof locatingthetouchingpointby searchingalongthe

BoundingEdge.

In practice,duetonoiseandinaccuraciesin colorbalancing,insteadof searchingfor the

pointwhich haszeroprojectedcolor variance,we locatethepoint with theminimumvari-

ance.In otherwords,we settheColoredSurfacePointof theobjecton Ei
j to beWi

j(m̃; w̃)

wherem̃ andw̃ minimizes� i
j(m; w) for 0 � w � 1; m 2 f1; � � � ; � � � ; M i

jg. Note that

by choosingthe point with the minimum variance,the problemof tweakingparameters

or thresholdsof any kind is avoided. The needto adjustparametersor thresholdsis al-

waysa problemin othershapereconstructionmethodssuchasspacecarving[KS00] or

multi-baselinestereo[OK93]. Spacecarvingreliesheavily onacolorvariancethresholdto
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Figure5.7: Two setsof CSPsof the dinosaur/bananasdataset(seeFigure5.1) obtainedat two
timeinstantswith di� erentpositionsandorientations(thepointsaredrawn assmallcubesfor better
display). Note that the CSPsaresparselysampledandthereis no point-to-pointcorrespondence
betweenthetwo setsof CSPs.

remove non-objectvoxelsandstereomatchingresultsaresensitive to thesearchwindow

size.In ourcase,knowing thateachBoundingEdgetouchestheobjectatat leastonepoint

(2nd FPVH) is thekey pieceof informationthatallows usto avoid any thresholds.In fact

locatingCSPsis aspecialcaseof theproblemof matchingpointsonpairsof epipolarlines

asdiscussedin [SG98,IHA02]. In [SG98] and[IHA02], pointsarematchedon “general”

epipolarlines on which theremay or may not be a matchingpoint so a thresholdandan

independentdecisionis neededfor eachpoint. To locateCSPs,pointsarematchedon“spe-

cial” epipolarlineswhich guaranteeto have at leastonematchingpoint sono thresholdis

required.Hereafter, for simplicity we drop thenotationdependenceof m, w,˜anddenote

(with aslight abuseof notation)theCSPsWi
j(m̃; w̃) by Wi

j andits color � i
j(m̃; w̃) by � i

j.

5.3.2 Alignment by Color Consistency

Supposewe have locatedtwo setsof ColoredSurfacePointsat two di� erenttime instants

t1 andt2. For example,Figure5.7 shows two setsof CSPsfor thedinosaur/bananas(see

Figure5.1)obtainedat two time instantsat two di� erentpositionsandorientations.Since
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thesetsof CSPslie on their corresponding(rigid) VisualHulls H1 andH2, theproblemof

aligningH1 andH2 is equivalentto aligningthetwo setsof CSPs.Thequestionnow is how

canwe align the two setsof CSPs.Beforeansweringthis question,we have to point out

two very importantfactsaboutCSPs.First of all, theCSPsat eachtime instantarepoints

on theoccludingcontours.This meansthatCSPsareonly sparselysampledpointson the

surfaceof theobject(asopposedto the3D datapointsacquiredfrom laserrangedevices

[CYB, CTI, TTI] which producedenselysampledsurfacepointson theobject).Thepoint

sparsityprohibitsus from usingwell established3D point alignmentmethodssuchasthe

Iterative ClosetPoint (ICP) method[BM92, Zha94, RL01]. Secondlythe only property

commonof the two setsof CSPsis that they all lie on thesurfaceof theobject. Thereis

no point-to-pointcorrespondencebetweenany two setsof CSPsobtainedat di� erenttime

instant. Becauseof this, alignmentmethodswhich areusedin thestructure-from-motion

literature[TK92, PK92,QK96] cannotbeusedto align theCSPs.

To solvetheCSPalignmentproblem,weuseanideasimilar to thatusedto solvethe2D

imageregistrationproblemin [Sze94]. In ourcase,insteadof registeringa 2D imagewith

another2D image,we align 2D images(fI k
2g) at time t2 with a “3D image” (the Colored

SurfacePointsfWi
1g) at time t1 throughthe projectionfunctionsf� kg. The error measure

usedis the sum of color di� erencesbetweenthe ColoredSurfacePointsat time t1 and

their projectedcolorsfrom thecolor imagesat time t2 andvice versa.Mathematically, let

fI k
j ; Sk

j ; Wi
j; � i

j; i = 1; � � � � � � ; L j; k = 1; � � � � � � ; K; j = 1; 2gbethetwo setsof data.To

�nd themostcolor consistentalignment(R; t), considerthecolorerrorfunction

e =
L2X

i=1

ei
1;2 +

L1X

i=1

ei
2;1 ; (5.3)

ei
1;2 =

X

k

ei;k
1;2 =

X

k

[ck
1(R

TWi
2 � RT t) � � i

2]
2 ; (5.4)

ei
2;1 =

X

k

ei;k
2;1 =

X

k

[ck
2(RWi

1 + t) � � i
1]

2 ; (5.5)
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whereei;k
2;1 representsthedi� erencebetweenthemeancolor � i

1 of theColoredSurfacePoint

Wi
1 at time t1 andits projectedcolor ck

2(RWi
1 + t) in camerak at time t2. Note thatat time

t2, the new positionof Wi
1 dueto the motion of the object is RWi

1 + t. Likewise, ei;k
1;2 is

the di� erencebetweenthe meancolor � i
2 of Wi

2 andits projectedcolor ck
1(R

TWi
2 � RT t)

in camerak at time t1. Fromnow on, we refer to theerrorof aligning3D pointswith the

2D imagesforward in time (e.g. 3D pointsat t1 and2D imagesat t2) astheforwarderror.

Similarly the error of aligning 3D pointswith the 2D imagesbackward in time (e.g. 3D

pointsatt2 and2D imagesatt1) is referredto asthebackwarderror. In thecurrentexample,

ei
2;1 is theforwarderrorwhile ei

1;2 is thebackwarderror. JustaswhenlocatingtheCSPson

theBoundingEdgein Equation(5.2),thesummationsin equations(5.4)and(5.5) include

theprojectedcolor of camerak only if thepoint of interestis visible in that camera.The

processof VisualHull alignmentby colorconsistency is illustratedin Figure5.8.

If weparameterizeR andt as

� = [� 1; � 2; � 3; � 4; � 5; � 6]T (5.6)

where� 1; � 2; � 3 arethe Euler's anglesof R and� 4; � 5; � 6 arethe x; y; z componentsof

t, theminimizationof (5.4)canbesolvedby aniterativemethodsimilar to theLevenberg-

Marquardtalgorithm[DS83,PTVF93]:

1. With aninitial estimateˆ� , calculatetheHessianmatrix H = fhmngandthedi� erence

vectord = fdmgwith m; n = 1; � � � � � � ; 6 as

hmn =
L2X

i=1

X

k

@ei;k
1;2

@[� ]m

@ei;k
1;2

@[� ]n
+

L1X

i=1

X

k

@ei;k
2;1

@[� ]m

@ei;k
2;1

@[� ]n
; (5.7)

dm = � 2[
L2X

i=1

X

k

ei;k
1;2

@ei;k
1;2

@[� ]m
+

L1X

i=1

X

k

ei;k
2;1

@ei;k
2;1

@[� ]m
] : (5.8)
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Figure5.8: VisualHull Alignmentusingcolorconsistency. Theerrorbetweenthecolorsof the3D
surfacepointsandtheir projectedimagecolorsis minimized.

2. Updatetheparameter̂� by anamount� � = (H + � I )� 1d, where� is a time-varying

stabilizationparameter.

3. Go backto 1. until theestimateof ˆ� converges.

To initialize the optimizationparameters,we approximatethe two setsof CSPsat t1

andt2 eachby anellipsoidalshell(usingEquations(3.3),(3.4)and(3.5) in Section3.3.2).

The initial estimateof the translationvector t is thensetas the relative positionsof the

centersof the two ellipsoids.Similarly the initial guessfor therotationmatrix R is setas

therelativeorientationof thetwo ellipsoids.This simpleinitialization methodworkswell
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for mostobjectswhentherotationof theobjectbetweenthetwo time instantsis lessthan

90 degrees.

5.3.3 Alignment by Color Consistencyand GeometricalConstraints

Sincethe above formulation for aligning two setsof CSPsis inspiredby the 2D image

registrationproblem[Sze94],the error measure(Equation(5.3)) is basedsolely on color

consistency (stereo).Thoughsimple,this formulationdoesnot take into accountan im-

portantfact: theCSPslie on thesurfaceof VisualHulls whosealignmentis governedby

thegeometricconstraintsstatedin Lemma5.5. Herewe show how thehardconstraintsof

Lemma5.5canbeconvertedinto soft constraintsandcombinedwith color consistency to

align theCSPs.

RecallLemma5.5statesthatif (R; t) is a consistentalignment,thenfor any Bounding

EdgeEi
1, thereexistsat leastonepoint P on Ei

1 suchthattheprojectionof thetransformed

point RP + t lies insideor on theboundaryof all thesilhouetteimagesfSk
2gat time t2 and

vice versa.In fact P is thepoint wheretheobjecttouchestheBoundingEdge,which we

have extractedasa CSP. Hencetheconstraintis equivalentto sayingthatall transformed

CSPpointsat time t1 mustlie insideor on theboundaryof thesilhouetteimagesfSk
2gand

vice versa. In practice,dueto noisesandcalibrationerrors,insteadof applyingthis hard

constraintdirectly to the optimizationprocedures(Equations(5.6) to (5.8)), we incorpo-

rateit asa soft constraintby minimizing thedistancebetweentheprojectedCSPandthe

silhouettesasexplainedbelow.

Assumewe have the samesetsof data fI k
j ; Sk

j ; Wi
j; � i

j; i = 1; � � � � � � ; L j; k =

1; � � � � � � ; K; j = 1; 2gasbefore. Let (R; t) be an estimateof the rigid transformation.

Consider�rst thecalculationof theforwarderror. For aCSPWi
1 (with color � i

1) at time t1,

its 3D positionat time t2 wouldbeRWi
1 + t. Considertwo di� erentcasesof theprojection

of RWi
1 + t into thekth camera:
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1. Theprojectionlies insidethesilhouetteSk
2. In this case,we usethecolor di� erence

[ck
2(RWi

1 + t) � � i
1]

2 astheerrormeasure,whereasde�ned before,ck
2(P) is thepro-

jectedcolor of a 3D point P into thecolor imageI k
2. Herewe setthecolor error to

zeroif theprojectionof P liesoutsideSk
2. Wecall thiserrortheforwardphotometric

error.

2. The projectionlies outsideSk
2. In this case,we usethe distanceof the projection

from Sk
2, representedby dk

2(RWi
1 + t) asanerrormeasure.Thedistanceis zeroif the

projectionlies insideSk
2. Wecall thiserrortheforwardgeometricerror.

Summingover all camerasin which Wi
1 is visible, the forward error measureof Wi

1 with

respectto (R; t) is givenby

ei
2;1 =

X

k

f� � dk
2(RWi

1 + t) + [ck
2(RWi

1 + t) � � i
1]

2g; (5.9)

where� is a weighingconstant.Equation(5.9) combinesthecolor consistency constraint

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

errormeasureof aCSPWi
2 at timet2 is writtenasthesumof thebackwardphotometricand

geometricerrors:

ei
1;2 =

X

k

f� � dk
1(R

T(Wi
2 � t)) + [ck

1(R
T(Wi

2 � t)) � � i
2]

2g: (5.10)

Theproblemof estimating(R; t) is now turnedinto theproblemof minimizing thesumof

theforwardandbackwarderror

min
R;t

e = min
R;t

L2X

i=1

ei
1;2 +

L1X

i=1

ei
2;1 ; (5.11)

which can be solved using the sameIterative LM algorithm describedin Section5.3.2.

Hereafter, wereferto thisVisualHull acrosstimealgorithmasthetemporalSFSalgorithm

(for rigid objects)andsummarizethestepsasfollows:
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Temporal SFSAlgorithm for Rigid Objects

1. Constructa list of BoundingEdgesfEi
jgfrom thesilhouetteimagesfSk

jgat t j where

j = 1; 2.

2. Extractasetof ColoredSurfacePointsfWi
j; � i

jgat t j from thelist of BoundingEdges

fEi
jgandthecolor imagesfI i

jg.

3. Initialize thetranslationandrotationparametersby ellipsoid�tting.

4. Apply theIterativeLM algorithm(Section5.3.2)to minimizethesumof theforward

andbackwarderrorsin Equation(5.11)with respectto the(6D) motionparameters

until convergenceis attainedor for a �x ednumberof iterations.

5.4 Visibility Issues

5.4.1 Determining Visibility for Locating CSPs

To locatethe ColoredSurfacePointsusingEquation(5.2), the visibility of the 3D point

Wi
j(m; w) with respectto all K camerasis required.Here,we presenta way to determine

the visibilities conservativelyusingonly the silhouetteimages. Supposewe aregiven a

3D point P anda setof silhouetteimagesfSk
jgwith cameracentersfCkgandprojection

functionsf� k()g. Thefollowing lemmathenholds:

Lemma 5.6:

Let � l(P) and� l(Ck) betheprojectionsof thepoint P andthekth cameracenterCk on the

(in�nite) imageplaneof cameral. If the2D line segmentjoining � l(P) and� l(Ck) does

not intersectthesilhouetteimageSl
j, thenP is visible with respectto camerak at time t j.

Proof: SeeAppendixC
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Figure5.9: (a) Visibility of pointswith respectto camerasusingLemma5.6. (b) An example
whereC5 is behindC1. Thecorrectline to beusedin Lemma5.6is theoutersegmentwhichpasses
throughin�nity insteadof the direct segment. (c) Boundarypoints that canbe usedto construct
BoundingEdgesaremarkedby thethick boundary. Theseboundarypointsaretheoneswhich the
resultingBoundingEdgescanbeseenby at leasttwo othercamerasbesidescamera1.

Figure5.9(a)givesexampleswherethe pointsP1; P2 andP3 arevisible with respect

to camera2. The converseof Lemma5.6 is not necessarilytrue: the visibility cannot

be determinedif the segmentjoining � l(P) and� l(Ck) intersectsthe silhouetteSl
j. One

counterexampleis shown in Figure5.9(a).Both pointsP1 andP2 projectto thesame2D

point p on the imageplaneof camera1 andthe segmentjoining p and� 1(C4) intersects

with S1
1. However, P1 and P2 have di� erentvisibilities with respectto camera4 (P2 is

visible while P1 is not). Note that specialattentionmustbe given to situationsin which

cameracenterCk lies behindcameracenterCl. In suchcases,thecorrectline segmentto

beusedin Lemma5.6is theouterline segment(passingthroughin�nity) joining � l(P) and

� l(Ck) ratherthanthedirectsegment.An exampleis givenin Figure5.9(b).

Thoughconservative,therearethreeadvantagesof usingLemma5.6to determinevis-
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ibility for locatingCSPs.First of all, Lemma5.6 usesinformationdirectly from the sil-

houetteimages,avoiding theneedto estimatetheshapeof theobjectfor thevisibility test.

Secondly, recall thatto constructa BoundingEdgeEi
j, we startwith theboundarypoint ui

j

of thekth silhouette.Henceall thepointsonEi
j projectto thesame2D pointui

j oncamerak

which impliesall pointsontheBoundingEdgeEi
j havethesamesetof conservativevisible

images.This propertyensuresthatthecolor consistenciesof pointson thesameBounding

Edgearecalculatedfrom thesamesetof images.Accuracy in searchingtheoptimalpoint

Wi
j is increasedbecausecomparisonsaremadefairly amongpointson the sameBound-

ing Edge.Finally Lemma5.6alsoprovidesa guidelineto samplethesilhouetteboundary

pointsfor constructingBoundingEdges.To havemeaningfulcolorconsistencies,thenum-

berof color imagesusedin Equation(5.2)hasto beat least2 (otherwisetheprojectedcolor

variancewill be0). By Lemma5.6,boundarypointsui
j arechosensuchthat theresulting

Ei
j is seenby at least2 other images(excluding the imageSk

j from which the boundary

point is chosenfrom). An exampleis shown in Figure5.9(c). Only pointson partof the

boundaryof S1
1 (marked by thicker lines) areusedto constructBoundingEdgesbecause

they arethepointsfrom which the resultingBoundingEdgescanbe seenby at leasttwo

othercameras,namelycameras2 and3.

5.4.2 Determining Visibility During Alignment

To performthealignmentusingEquation(5.11),we have to determinethevisibility of the

transformed3D point RWi
1 + t w.r.t. thecamerasat time t2 (andviceversathevisibility for

thetransformedpoint RT(Wi
1 � t) w.r.t. thecamerasat time t1). Naively, wecanjust apply

Lemma5.6 to the transformedpoint RWi
1 + t directly. In practice,however, this “direct

approach”doesnotwork for thefollowing reason.SincetheCSPWi
1 lieson thesurfaceof

theobject,theprojectionof thetransformedpoint RWi
1 + t shouldlie insidethesilhouettes

attimet2, unlessit happensto beontheoccludingcontourof theobjectagainatt2 suchthat

its projectionliesontheboundaryof someof thesilhouetteimages.Eitherway, thismeans
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that no matterwherethe cameracentersare, the line joining the projectionof RWi
1 + t

andthecameracentersalmostalwaysintersectsthesilhouettesasshown in Figure5.10(a).

Hence,thevisibility of thepoint Wi
1 at t2 will almostalwaysbetreatedasindeterminable

by Lemma5.6dueto its over-conservativenature.

Herewe suggesta “reverseapproach”to dealwith this problem. Insteadof applying

thetransformation(R; t) to thepointWi
1, weapplytheinversetransform(RT ; � RT t) to the

cameracentersandprojectthe transformedcameracentersinto the onesilhouetteimage

(capturedat t1) whereWi
1 is originatedfrom asshown in Figure5.10(b).Lemma5.6is then

appliedto theboundarypoint ui
1 (which generatestheBoundingEdgeEi

1 thatWi
1 lies on)

andtheprojectionsof thetransformedcameracentersto determinethevisibility. Sincethe

objectis rigid, the reverseapproachgeneratesthe correctvisibility of RWi
1 + t w.r.t. the

camerasat t2 at leastin thelimit thatthealignment(R; t) tendsto thecorrectvalues.
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Figure 5.10: (a) The “Direct approach”of applying Lemma5.6 to determinethe visibility of
RWi

1+ t w.r.t. fSk
2g. Theprojectionof RWi

1+ t almostalwaysliesinsidefSk
2g. Theover-conservative

natureof Lemma5.6 prohibits us for determiningthe visibility of RWi
1 + t. (b) The “Reverse

approach”of applyingLemma5.6to determinevisibility of RWi
1 + t w.r.t. fSk

2g. Thecameracenters
areinverselytransformedby (RT ; � RT t) andthenprojectedonto fSk

1g. The visibility canthenbe
determinedby checkingif thelinesjoining ui

1 andtheprojectionsof thetransformedcameracenters
intersectwith S1

1 exactlyasin Lemma5.6.
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Figure5.11: Two measuresto increasetheconservativenessof thevisibility testat thebeginning
of theoptimizationprocess.(a) “Expandthesilhouetteaway” from thepoint underconsideration.
(b) Createa “safezone”aroundthelocalnormalat thesilhouetteimagepoint.

Although theover-conservative natureof Lemma5.6 is avoidedusingthe reverseap-

proach,thereis onedownside. Someof thevisibility testsmaynot becorrectin the �rst

few iterationsof the alignmentoptimizationwhenthe estimatedtransformation(R; t) is

far from thecorrectsolution,thuscausingoptimizationinstability. To compensatefor this

initial jitter, we increasetheconservativenessof thevisibility test(at thebeginningof the

optimizationprocess)usingoneor bothof thetwo measuresshown in Figure5.11.The�rst

measure(Figure5.11(a))worksby “expandingthesilhouette”away from thepoint under

considerationto dealwith self-occlusionby points far away. The secondmeasure(Fig-

ure 5.11(b))createsa “safe zone” by estimatingthe local normalof the silhouetteimage

point andonly consideringthe cameraswhosecentersareprojectedinsidea pre-de�ned

wedge(aroundthe normal)asvisible. Whenthe estimatedmotion parametersconverge

towardthecorrectsolutions,theabovemeasuresarerelaxedasthevisibility testsusingthe

reverseapproachbecomemoreandmoreaccurateandtheminimizationframework is able

to handlesmallerrorsin thevisibility tests.
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Figure5.12:VisualHull Re�nement:thesilhouetteimagesat time t2 areincorporatedinto time t1
by transformingthecameracentersaccordingto therecoveredrigid motion(R; t).

5.5 Visual Hull Re�nement

After estimatingthealignmentacrosstime, the rigid motion f(R j; t j)gis usedto combine

theJ setsof silhouetteimagesfSk
j ; k = 1; � � � � � � ; K; j = 1; � � � � � � ; Jgto getatighterupper

boundof theshapeof theobject.By �xing t1 asthereferencetime,wecombinefSk
jg; j =

2; � � � � � � J with fSk
1g by consideringthe former as “new” silhouetteimagescapturedby

additionalcamerasplacedat positionsandorientationstransformedby (R j; t j). In other

words,for thesilhouetteimageSk
j capturedby camerak attime j, weuseanew perspective

projectionfunction � k
j! 1 derived from � k throughthe rigid transformation(R j; t j). As a

result,thee� ectivenumberof camerasis increasedfrom K to K � J. Theideaof warping

thecamerasfrom time t2 to time t1 is depictedin Figure5.12.
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5.6 Experimental Results

Two typesof sequencesareusedto demonstratethevalidity of our alignmentandre�ne-

mentalgorithm. Firstly, a syntheticsequenceis usedto obtaina quantitative comparison

of severalaspectsof the the algorithm. Two setsof experimentsarerun on the synthetic

sequence.The �rst setof experiments(AlgorithmsI, II andIII in Section5.6.1.1)studies

how the alignmentaccuracy is a� ectedby eachcomponent(color consistency andgeo-

metricalconstraints)of the error measurein Equations(5.9) and(5.10). The secondset

of experiments(AlgorithmsII, IV andV in Section5.6.1.2)comparesthee� ectivenessof

usingColoredSurfacePointsto alignVisualHulls with (1) voxel modelscreatedby Shape-

From-Silhouetteand(2) SpaceCarving[KS00]. After ouralignmentalgorithmis testedon

syntheticdata,severalsequencesof realobjectsareusedin Sections5.6.2for qualitative

evaluationon datawith realnoise,calibrationerrorsandimperfectlycolor balancedcam-

eras.

5.6.1 SyntheticData Set(TorsoSequence)

A syntheticdataset is createdusing a texturedwire-framecomputermodel resembling

thehumantorso. Themodelwasmovedundera known trajectoryfor twenty two frames.

At eachtime instant,imagesof six cameras(K = 6) with known cameraparametersare

renderedusingOpenGL.A total of 22 setsof color andsilhouetteimagesaregenerated.

Someinput imagesfor cameras1 and6 atavarietyof framesareshown in Figure5.13.

5.6.1.1 Experiment Set1: E� ect of Err or Measure on Alignment Accuracy

A. Alignment

In the �rst setof experiments,BoundingEdgesandColoredSurfacePointsare �rst ex-

tracted. Then threealignmentalgorithmswere implementedto investigatethe e� ect of

eachcomponent(color consistency andgeometricconstraints)of theerrormeasureon the

alignmentaccuracy. In Algorithm I, only theerrorfrom thegeometricalconstraintsis used
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time t1 time t11time t6 time t16 time t21

Input images of the Torso sequence from Camera 1
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Input images of the Torso sequence from Camera 1
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Input images of the Torso sequence from Camera 6

Figure5.13:Someof theinput imagesof cameras1 andcameras6 of thesynthetictorsosequence.

(i.e. the�rst termdk
2(RWi

1 + t) in Equation(5.9)). In Algorithm II, only theerrorcausedby

thecolor inconsistency is used(i.e. thesecondterm[ck
2(RWi

1 + t) � � i
1]

2 in Equation(5.9)).

In Algorithm III, botherrorsareused.Theresultsfor the6 motionparametersestimated

overtimefrom thisexperimentsetareshown in Figures5.14, 5.15and 5.16.In the�gures,

the ground-truthvaluesaredrawn with solid black lines, the resultsobtainedfrom using

bothgeometricconstraintsandcolor consistency (Algorithm III) aredrawn with magenta

dottedlineswith an invertedtriangle,the resultswith only thegeometricconstraints(Al-

gorithm I) aredrawn with blue dashed-dottedlines with circle, andthe resultswith only

color consistency (Algorithm II) aredrawn with red dashedlines with asterisks.As ex-

pectedtheresultsof usingbotherrorcomponentsat thesametimearethebest,followedby

theresultsusingonly thecolor consistency. Theresultsobtainedusingonly thegeometric

constraintsarethe worst of the three. As discussedin Section5.2, aligning Visual Hulls

usingonly geometric(silhouette)informationis inherentlyambiguous.This meansthat if

color consistency (the secondterm of Equation(5.9)) is not used,thereexists morethan
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oneglobalminimumto Equation(5.11)(seethe2D examplesin Figure5.4). Undersuch

situations,optimizingEquation(5.11)mayconvergeto any globalminimumotherthanthe

actualmotionof theobject.Thisexplainswhy theresultsof Algorithm I arenotasgoodas

AlgorithmsII andIII.

B. Re�nement

To studythee� ectof alignmenton re�nement,theestimatedparametersin thealignment

experimentsare usedto re�ne the shapeof the torso model using the voxel-basedSFS

method[Sze93]. The Visual Hull at time t j is constructedusingthe silhouettesat t j and

all thosefrom the previous framesft1; � � � � � � ; t j� 1g, transformedby the estimatedmotion

parametersasdescribedin Section5.5.To quantifythere�nementresults,theground-truth

wire-framemodel(seeFigure5.21(a))usedto rendertheinput imagesis convertedinto a

ground-truthvoxel model(seeFigure5.21(b))andcomparedto there�ned voxel models.

Theresultsareplot in Figure5.17with graphs(a)and(b) showing thenumberof extraand

missingvoxelsbetweenthe re�ned shapesandtheground-truthvoxel modelsagainstthe

numberof framesused.Figure5.17(c)illustratestheratio of total incorrect(missingplus

extra) to total voxels.

In all of the resultsobtainedfrom Algorithm I, II andIII, the numberof extra voxels

decreasesasthenumberof framesusedincreasesbecausea tighterVisualHull is obtained

with anincreasein thenumberof distinctsilhouetteimages.However, thenumberof miss-

ing voxelsalsoincreasesasthenumberof framesusedincreases.This is dueto alignment

errorswhichremovecorrectvoxelsduringconstruction.There�nementresultsarethebest

with the motion parametersestimatedusingboth the color consistency and the geomet-

ric constraints(themagentadottedlineswith invertedtriangle)from Algorithm III. Again

Algorithm II (justcolorconsistency) is betterthanAlgorithm I (justgeometricconstraints).
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Figure 5.14: Resultsof X-axis rotation angleand X-componentof translationestimatedover
time from ExperimentSet1 with di� erenterrormeasure:only geometricconstraintsis used(blue
dashed-dottedlines with circle), only color consistency is used(red dashedlines with asterisks),
bothgeometricconstraintsandcolor consistency areused(magentadottedlineswith invertedtri-
angle).Thesolid black linesrepresentstheground-truthvalues.Resultsobtainedusingbotherror
componentsarethe bestfollowed by resultsusingonly color consistency. Due to the alignment
ambiguity, resultsusingonly geometricalconstraintsaretheworstamongthethree.
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Figure5.15: Resultsof Y-axisrotationangleandY-componentof translationestimatedover time
from ExperimentSet1 with di� erenterrormeasure.Seecaptionof Figure5.14for furtherdetails.
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Figure5.16: Resultsof Z-axisrotationangleandZ-componentof translationestimatedover time
from ExperimentSet1 with di� erenterrormeasure.Seecaptionof Figure5.14for furtherdetails.
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Figure5.17: Graphsof re�nementerrors(missingandextra voxels)acrosstime (frames).Using
bothcolor consistency andgeometricconstraintshaslower errorratio thanjust usingeitheroneof
them.

5.6.1.2 Experiment Set2: BE/CSPversusSFSand SC

A. Alignment

In thesecondsetof experiments,two morealignmentalgorithms(Algorithms IV andV)

were implementedto show the e� ectivenessof using BoundingEdges/ColoredSurface

Points(Algorithm II) to align Visual Hulls comparedto using voxel modelscreatedby

Shape-From-Silhouette(SFS)andSpaceCarving(SC) [KS00]. In Algorithm IV, a voxel

modelis built from thesilhouetteimagesusingvoxel-basedShape-From-Silhouette(SFS).

Surfacevoxels areextractedandcoloredby back-projectingonto the color images.The

centersof the coloredsurfacevoxels are then treatedas input datapoints to the same

alignmentalgorithmusedin Algorithm II (i.e. only color consistency but not geometric
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constraintsareusedin theerrormeasure).In Algorithm V, avoxel modelis �rst built using

SFS(asin Algorithm IV) andfurther re�ned by SpaceCarving(SC).The centersof the

surfacevoxels (which arealreadycoloredby SC) areusedfor alignmentusingonly the

colorconsistency errormeasure.To investigatethee� ectof thespacecarvingthresholdon

alignment,di� erentvaluesof thethresholdareusedandtheestimatedmotionparameters

arecomparedwith thegroundtruth values.Graphsof theaverageRMS errorsin therota-

tion andtranslationparametersagainstthethresholdusedareshown asbluedotted-dashed

linesin Figure5.18.Whenthethresholdis toosmall,many correctvoxelsarecarvedaway,

resultingin a voxel modelmuchsmallerthantheactualobject.Whenthethresholdis too

big,extraincorrectvoxelsarenotcarvedaway, leaving avoxelmodelbiggerthantheactual

object.In bothcases,thewrongdatapointsextractedfrom theincorrectvoxelmodelscause

errorsin thealignmentprocess.Theoptimal thresholdvalueis found to bearound0.108

andthegraphis ampli�ed in thevicinity of thisvaluein thebottompartof Figure5.18.As

acomparison,theaverageRMS errorsfor therotationandtranslationparametersobtained

from Algorithm II (usingBE andCSPs)is drawn asthehorizontalreddashedline. With

theoptimalSCthreshold,theperformanceof usingSFS+SCvoxel modelsis comparable

but lessaccuratethanthatof usingBoundingEdgesandColoredSurfacePoints.

The resultsof the Y-axis rotationangleandthe X-componentof translationby Algo-

rithm V with theoptimalthresholdareplottedasthick bluedottedlinesin Figure5.19while

the resultsby Algorithm IV areplottedasmagentadotted-dashedlines. For comparison,

theestimatedparametersof Algorithm II (reddashedlineswith asterisks)from Experiment

Set1 andtheground-truthvalues(solid black lines)aredrawn againin thesame�gures.

As canbe seen,alignmentusing the SFSvoxel model is much lessaccuratethanusing

BoundingEdgesandColoredSurfacePoints. SpaceCarvingwith the optimal threshold

performswell but is alsonot quiteasgoodasusingBoundingEdges.Table5.6.1givesa

roughcomparisonof thecomputationaltimeneededfor eachstepof all of theexperiments.

Thetiming is obtainedon a500MHzPentiumIII CPU.
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Figure5.18: Graphsof the averageRMS errorsin rotationandtranslationagainstthe threshold
usedin SCin algorithmV. Thebottomhalf of the �gure illustratestheampli�ed partof thegraph
nearthe optimal thresholdvalue(0.108). Using BoundingEdges(the red dashedline) is always
moreaccuratethanusingSCin alignment,evenif theoptimalthresholdis usedfor SC.

Approximate
Step Time required

per frame
ExtractingBoundingEdge(BE) 0.92s
LocatingColoredSurfacePoints
(100pointssearchedon eachBE) 0.16s

SFSwith 1283 voxels 1.08s
SFS+ SCwith 1283 voxels

andoptimalthreshold 4.74s
Alignment 16.2s

Table5.1: The approximatetime for eachstepin the alignmentexperiments.BoundingEdgeis
aboutthesameasSFSandfasterthanSFS+SC.
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Figure 5.19: Resultsof Y-axis rotation angleand X-componentof translationestimatedover
time from ExperimentSet 2 with di� erent input data: BoundingEdges/ColoredSurfacePoints
(reddashedlineswith asterisks),SFSvoxel models(magentadotted-dashedlines),SFS+SCvoxel
modelswith optimalthreshold(bluethick dottedlines)andground-truthvalues(solid blacklines).
UsingBoundingEdges/ColoredSurfacePointsarebetterthanusingeitherSFSor SFS+SC.
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Figure5.20: Graphsof re�nementerrors(missingandextra voxels)acrosstime (frames).Using
BoundingEdgeshaslower errorratio thanusingeitherSFSor SFS+SC.

B. Re�nement

The estimatedparametersin ExperimentSet 2 are usedto re�ne the shapeof the torso

modelexactlyasin Section5.6.1.1.Theresultsareplot in Figure5.20with graphs(a)and

(b) showing respectively thenumberof extraandmissingvoxelsbetweenthere�ned shapes

and the ground-truthvoxel modelsagainstthe numberof framesused. Figure 5.20(c)

illustratestheratio of total incorrect(missingplusextra) to total voxels.

From the �gure it canbe seenthat the numberof missingvoxels is very large if the

alignmentsarewayo� (e.g.themagentadotted-dashedcurveof resultsfrom Algorithm IV

or thebluedottedcurveswith ' +' markersof resultsfrom Algorithm V with threshold30%
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Figure5.21: (a) Voxel modelconstructedat t1 usingonly 6 silhouetteimages.(b) Re�ned SFS
voxel modelat t11 using66silhouetteimages.(c) Re�ned SFSvoxel modelat t21 using126silhou-
etteimages.Thereis signi�cant improvementin shapefrom (a) to (c).

lowerthantheoptimalvalue).There�nementresultis thebestusingthemotionparameters

estimatedusingBoundingEdges(thereddashedlineswith asterisksin Figure5.20). The

SFSre�ned models(usingestimatedmotionsfrom Algorithm III) at time t1, t11 andt21 are

shown in Figure5.21(b)(c)(d)respectively. A videoclip Torso.mpg� shows oneof thesix

input imagesequences(camera4), theunalignedandalignedColoredSurfacePointsand

thetemporalre�nement/alignmentresultsusingAlgorithm III.

5.6.2 RealData Sets:Toy Poohand Toy Dinosaur

5.6.2.1 PoohSequence:

The �rst testobjectis a toy (Pooh). Six calibratedcameras(K = 6) areused.The toy is

placedon a tableandmovedto new but unknown positionsandorientationsmanuallyin

eachframe. A total of �fteen framesarecaptured.The input imagesof cameras1 and

� All movie clips of this chapter can be found at
http://www.cs.cmu.edu/˜german/research/Thesis/Video/Chapter5/
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Figure5.22:Someof theinput imagesof camera1 andcamera4 of thePoohsequence.

4 at several timesareshown in Figure5.22. The CSPsextractedat time t1 areshown in

Figure5.23(a).Figures 5.23(b)and(c) show respectively theunalignedandalignedCol-

oredSurfacePointsfrom all �fteen frames.Re�nementis doneusingthevoxel-basedSFS

method.Figures5.23(d),(e)and(f) illustratethere�nementresultsat threetime instantst1

(6 images),t6 (36 images)andt15 (90 images).Theimprovementin shapeis very signi�-

cantfrom t1 when6 silhouetteimagesareusedto t15 when90 silhouetteimagesareused.

Notethat for shapere�nement,SpaceCarving(SC)canalsobeused.Figures5.23(g),(h)

and(i) show there�nementresultsusingSFS+ SCat t1, t6 andt15 respectively. Generally

with a goodthreshold, re�nementusingSFS+ SCis betterthanSFSfor thesamenumber

of images.Thevideoclip Pooh.mpgshows oneof thesix input imagesequences(camera

4), the unaligned/alignedColoredSurfacePointsandthe temporalre�nement/alignment

results.
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(a) (b) (c)

(d) (f)

(h)(g)

(e)

(i)

(a) (b) (c)

(d) (f)

(h)(g)

(e)

(i)

Figure5.23:PoohDataSet.(a)Coloredsurfacepointsat t1. (b) UnalignedColoredSurfacePoints
from all frames.(c) Aligned ColoredSurfacePointsof all frames.(d) SFSmodelat t1 (6 images
used).(e) SFSre�ned shapeat t6 (36 imagesused).(f) SFSre�ned shapeat t15 (90 imagesused).
(g) SFS+ SCmodelat t1. (h) SFS+ SCre�ned modelat t6. (i) SFS+ SCre�ned modelat t15. See
Pooh.mpgfor amovie illustratingtheseresults.
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5.6.2.2 Dinosaur-BananaSequence:

The objectsusedin the secondreal datasetare the toy dinosaur/bananasshown in Fig-

ure 4.3. Six camerasareusedandthe dinosaur/bananasareplacedon a turn-tablewith

unknown rotationaxisandrotationspeed.Fifteenframesarecapturedandthealignment

andre�nement resultsareshown in Figure5.24. The video clip Dinosaur-Banana.mpg

shows one of the six input imagesequences(camera4), the unaligned/alignedColored

SurfacePointsandthetemporalre�nement/alignmentresults.

NotethatwealsoapplythetemporalSFSalgorithmto realsequencesof apersonrigidly

standingon a turn-table.Theresultswill bepresentedin Chapter7 (Section7.2)whenwe

describeasystemfor building kinematicmodelsof humans.

5.7 RelatedWork

Despitethepopularityof SFSasa shapereconstructionmethodat singletime instant,lit-

tle work hasbeendonein extendingit acrosstime. The work mostrelatedto oursis by

Cipolla,WongandMendonca[MWC00, WC01b,WC01a] who studytheproblemof esti-

matingstructureandmotionof smoothobjectundergoingcircular motionfrom silhouette

pro�les (alsosee[JBJ01]). They assumea singlecamerawhich is weaklycalibrated(i.e.

with known intrinsic but unknown extrinsic parameters).Either thecamera(on a robotic

arm)or theobject(on a turntable)performsunknown circularmotionwhile thesilhouette

imagesaretaken. In [MWC01] symmetricpropertiesof thesurfaceof revolutionsweptby

therotatingobjectareusedto recover therevolution axis, leadingto theestimationof ho-

mographiesandfull epipolargeometriesbetweenimagesusingone-dimensionalsearch.In

[WC01b],they identityandestimatethefrontierpoints(see[JAP94]for detailedde�nition)

on thesilhouetteboundaryandusethemto estimatethecircularmotionbetweenimages.

Oncethemotionis estimated,theobjectshapecanbereconstructedusingtheclassicSFS

method.
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time t1 time t7time t4 time t10 time t15

Input images of the Dinosaur-Bananas sequence from Camera 1

time t1 time t7time t4 time t10 time t15

Input images of the Dinosaur-Bananas sequence from Camera 4

(a)

time t1 time t7time t4 time t10 time t15

Input images of the Dinosaur-Bananas sequence from Camera 1

time t1 time t7time t4 time t10 time t15

Input images of the Dinosaur-Bananas sequence from Camera 4

(a)

(b)
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(b) (c)

(d) (f)(e)

Figure5.24: Dinosaur-BananaSequence.(a) Exampleinput images.(b) UnalignedColoredSur-
facePointsfrom all frames.(c) Aligned ColoredSurfacePointsfrom all frames.(d) SFSmodelat
t1 (6 imagesused). (e) SFSre�ned shapeat t6 (36 imagesused). (f) SFSre�ned shapeat t15 (90
imagesused).Thereis signi�cant shapeimprovementfrom (d) to (f). SeeDinosaur-Banana.mpg
for amovie illustratingtheseresults.
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Anothergroupof researchers,leadby Ponce[JAP94,JAP95,VKP96] have alsostud-

ied the problemof recoveringmotionandshapeof smoothcurvedobjectfrom silhouette

images.They de�ne a local parabolicstructureon the surfaceof the objectandusethat,

togetherwith epipolargeometry, to locatecorrespondingfrontierpointson threesilhouette

images. Motion betweenthe imagesis thenestimatedusinga two-stepnonlinearmini-

mization. In contrastto thesealgorithms,our approachhastwo advantages:(1) no shape

assumptionsaremadeabouttheobjectand(2) no assumptionsaremadeaboutthemotion

(in ouralgorithmthemotiondoesnothave to bein�nitesimal).

5.8 Discussion

In this chapterwe have investigatedthe problemof performingShape-From-Silhouette

acrosstime for a rigid objectundergoingarbitraryandunknown rigid motion. We studied

the ambiguity issueof aligning Visual Hulls andproposedan algorithm usingstereoto

breaktheambiguity. We �rst representeachVisualHull usingBoundingEdges.Colored

SurfacePointsarethenlocatedon theBoundingEdgesby comparingcolor consistencies.

TheColoredSurfacePointsareusedto estimatetherigid motionof theobjectacrosstime,

usinga 2D images/3D pointsalignmentalgorithm. Oncethe alignmentis known, all of

the imagesareconsideredasbeingcapturedat thesameinstant.There�ned shapeof the

objectcanthenbeobtainedby any reconstructionmethodsuchasSFSor SpaceCarving.

Ouralgorithmcombinestheadvantagesof bothSFSandStereo.A key principlebehind

SFS,expressedin theSecondFundamentalPropertyof VisualHulls, is naturallyembedded

in thede�nition of theBoundingEdges.TheBoundingEdgesgiveus,asa representation

for the Visual Hull, a greatdealof the accurateshapeinformation that canbe obtained

from thesetof silhouetteimages.To locatethetouchingsurfacepoints,multi-imagestereo

(color consistency amongimages)is used.Two majordi� cultiesof doingstereo: visibil-

ity andsearchsizearebothhandlednaturallyusingthepropertiesof theBoundingEdges.
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Theability to combinetheadvantagesof bothSFSandStereois themainreasonwhy us-

ing BoundingEdges/ColoredSurfacePointsgivesbetterresultsin motionalignmentthan

usingvoxel modelsobtainedfrom SFSor SC,asis evidentin theresultsin Section5.6.1.2.

Anotherdisadvantageof usingvoxel modelsandSpaceCarvingis thateachdecision(voxel

is carvedaway or not) is madeindividually for eachvoxel accordingto a criterioninvolv-

ing thresholds.On thecontrary, in locatingcoloredsurfacepointsonBoundingEdges,the

decision(whichpointon theBoundingEdgetouchestheobject)is madecooperatively(by

�nding thepoint with thehighestcolor consistency) alongall thepointson theBounding

Edge,without theneedof adjustingthresholds.In summary, theinformationcontainedin

BoundingEdges/ColoredSurfacePointsis moreaccuratethanthatcontainedin voxel mod-

elsfrom SC/SFS.In parameterestimation,few but moreaccuratedatais alwayspreferred

overabundantbut lessinaccuratedata,especiallyin applicationssuchasalignment.





Chapter 6

VH AcrossTime for Articulated Objects

In this chapterwe extendthe temporalSFSalgorithmto articulatedobjects.An objectis

articulatedif it consistsof a setof rigidly moving partsconnectingto eachotherat certain

articulationpoints. A good exampleof an articulatedobject is the humanbody (if we

approximatethebodypartsasrigid). GivenCSPsof amovingarticulatedobject,recovering

theshapeandmotion requirestwo inter-relatedsteps:(1) correctlysegmentingtheCSPs

to eachpartof theobjectand(2) estimatingtheshapeandmotionof the individual parts.

To solve this problem,we employ an ideasimilar to that usedfor multiple-layermotion

estimationin [SA96]. Therigid partsof thearticulatedobjectare�rst modeledasseparate

andindependentof eachother. With thisassumption,weiteratively (1) assigntheextracted

CSPsto di� erentpartsof theobjectbasedon their motionsand(2) apply therigid object

temporalSFSalgorithmto align eachpartacrosstime. Oncethemotionsof thepartsare

recovered,an articulationconstraintis appliedto estimatethe joint positions. Note that

this iterative approachcanbe categorizedasbelongingto the ExpectationMaximization

framework [DLR77]. Thewholealgorithmis explainedbelow in detail usinga two-part,

one-jointarticulatedobject.It canbegeneralizedto objectswith N parts.

85
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Figure6.1: A two-partarticulatedobjectat two time instantst1 andt2.

6.1 Temporal SFSfor Unknown Articulated Objects

6.1.1 ProblemScenario

Consideran unknown one-jointarticulatedobjectO which consistsof two rigid partsA

andB asshown in Figure6.1 at two time instantst1 andt2. AssumeCSPsof the whole

objecthave beenextractedfrom thecolorandsilhouetteimagesof K cameras,denotedby

fI k
j ; Sk

j ; Wi
j; � i

j; j = 1; 2g. Furthermore,treatingA andB astwo independentlymoving rigid

objectsallowsusto representtherelativemotionof A betweent1 andt2 as(RA
2 ; tA

2 ) andthat

of B as(RB
2 ; tB

2). Now considerthefollowing two complementarycases.

6.1.2 Alignment with known Segmentation

Supposewe have segmentedthe CSPsat t j into two groupsbelongingto part A andpart

B, representedby GA
j andGB

j respectively for both j = 1; 2. By applyingthetemporalSFS

algorithmdescribedin Section5.3.3(Equation(5.11))to A andB separately, estimatesof

therelativemotions(RA
2 ; tA

2 ); (RB
2 ; tB

2 ) canbeobtained.
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6.1.3 Segmentationwith known Alignment

Assumewe aregiventherelative motion(RA
2 ; tA

2 ); (RB
2 ; tB

2 ) of A andB from t1 to t2. For a

CSPWi
1 at time t1, considerthefollowing two errormeasures

ei;A
2;1 =

1

ni;A
1

X

k

f� � dk
2(R

A
2Wi

1 + tA
2 ) + [ck

2(R
A
2Wi

1 + tA
2) � � i

1]
2g; (6.1)

ei;B
2;1 =

1

ni;B
1

X

k

f� � dk
2(R

B
2Wi

1 + tB
2) + [ck

2(R
B
2Wi

1 + tB
2 ) � � i

1]
2g: (6.2)

Hereei;A
2;1 is the error of Wi

1 with respectto the color/silhouetteimagesat t2 if it belongs

to part A. Similarly ei;B
2;1 is the error if Wi

1 lies on the surfaceof B. In theseexpressions

thesummationsareover thosecameraswherethetransformedpoint is visibleandni;A
1 and

ni;B
1 representthenumberof suchvisiblecamerasof thetransformedpointsRA

2Wi
1 + tA

2 and

RB
2Wi

1 + tB
2 respectively. By comparingthetwo errorsin Equations(6.2)and(6.1),asimple

strategy to classifythepointWi
1 is devisedasfollows:

Wi
1 2

8
>>>>>>><
>>>>>>>:

GA
1 if ei;A

2;1 < � � ei;B
2;1

GB
1 if ei;B

2;1 < � � ei;A
2;1

G;
1 otherwise

; (6.3)

where0 � � � 1 is athresholdingconstantandG;
1 containsall theCSPswhichareclassi�ed

asneitherbelongingto part A nor part B. Similarly, theCSPsat time t2 canbeclassi�ed

usingtheerrorsei;A
1;2 andei;B

1;2.

In practice,theabovedecisionruledoesnotwork verywell becauseof image/silhouette

noiseandcameracalibrationerrors.Herewesuggestusingspatialcoherency andtemporal

consistency to improve thesegmentation.To usespatialcoherency, thenotionof a spatial

neighborhoodhasto be de�ned. Sinceit is di� cult to de�ne a spatialneighborhoodfor

thescatteredCSPsin 3D space(seefor exampleFigure5.7),analternateway is used.Re-

call (in Section4.1) thateachCSPWi
1 lies on a BoundingEdgewhich in turn corresponds
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to a boundarypoint ui
1 of the silhouetteimageSk

1. We de�ne two CSPsWi
1 andWi+1

1 as

“neighbors”if their corresponding2D boundarypointsui
1 andui+1

1 areneighboringpixels

(in 8-connectivity sense)in thesamesilhouetteimage.Thisneighborhoodde�nition allows

us to easilyapplyspatialcoherency to theCSPs.FromFigure6.2 it canbeseenthatdif-

ferentpartsof anarticulatedobjectusuallyprojectontothesilhouetteimageascontinuous

outlines.Inspiredby thisproperty, thefollowing spatialcoherency rule (SCR)is proposed:

Spatial CoherencyRule (SCR):

If Wi
1 is classi�edasbelongingto partA by Equation(6.3), it staysasbelongingto partA

if all of its m left andright immediate“neighbors”arealsoclassi�ed asbelongingto part

A by Equation(6.3),otherwiseit is reclassi�edasbelongingto G;
1, thegroupof CSPsthat

belongsto neitherpartA norpartB. Thesameprocedureappliesto partB.

Figure6.2showshow thespatialcoherency rulecanbeusedto removespurioussegmenta-

tionerrors.Thesecondconstraintweutilize to improvethesegmentationresultsis temporal

consistency asillustratedin Figure6.3. Considerthreesuccessive framescapturedat t j� 1,

t j andt j+1. For a CSPWi
j, it hastwo classi�cationsdueto the motion from t j� 1 to t j and

themotionfrom t j to t j+1. SinceWi
j eitherbelongsto partA or B, thetemporalconsistency

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

Temporal ConsistencyRule (TCR):

If Wi
j hasthesameclassi�cationby SCRfrom t j� 1 to t j andfrom t j to t j+1, theclassi�ca-

tion is maintained,otherwise,it is reclassi�edasbelongingto G;
j , thegroupof CSPsthat

belongsto neitherpartA norpartB.

NotethatSCRandTCR not only removewrongly segmentedpoints,but they alsoremove

someof the correctlyclassi�ed CSPs.Overall thoughthey aree� ective becauselessbut

moreaccuratedatais preferredto abundantbut lessaccuratedata,especiallyin our case

wherethesegmentationhasa greate� ecton themotionestimation.
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Figure6.2: SpatialCoherency Ruleremovesspurioussegmentationerrors.
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6.1.4 Initialization

As commonto all iterativeEM algorithms,initialization is alwaysaproblem[SA96]. Here

wesuggesttwo di� erentapproachesto startouralgorithm.Bothapproachesarecommonly

usedin thelayerestimationliterature[SA96,KK01]. The�rst approachusesthefact that

the 6 DOF motion of eachpart of the articulatedobjectrepresentsa singlepoint in a six

dimensionalspace.In otherwords,if we have a large setof estimatedmotionsof all the

partsof theobject,we canapplyclusteringalgorithmson theseestimatesin the6D space

to separatethemotionof eachindividualpart.To getasetof estimatedmotionsfor all the

parts,the following methodcanbe used. The CSPsat eachtime instantare�rst divided

into subgroupsby cuttingthecorrespondingsilhouetteboundariesinto arbitrarysegments.

Thesesubgroupsof CSPsare then usedto generatethe motion estimatesusing the VH

alignmentalgorithm,eachtime with a randomlychosensubgroupfrom eachtime instant.

Sincethis approachrequirestheclusteringof pointsin a 6D space,it performsbestwhen

themotionsbetweendi� erentpartsof thearticulatedobjectarerelatively largesothatthe

motionclustersaredistinctfrom eachother.

The secondapproachis applicablein situationswhereonepart of the object is much

larger than the other. Assume,say, part A is the dominantpart. Sincethis assumption

meansthatmostof theCSPsof theobjectbelongto A, thedominantmotion(RA; tA) of A

canbeapproximatedusingall the CSPs.Oncean approximationof (RA; tA) is available,

theCSPsaresortedin termsof theirerrorswith respectto thisdominantmotion.An initial

segmentationis thenobtainedby thresholdingthesortedCSPserrors.

6.1.5 Summary: Iterati veAlgorithm

Summarizingtheabovediscussion,weproposethefollowing iterativesegmentation/alignment

processto estimatetheshapeandmotionof partsA andB over J frames:
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Iterati veTemporal SFSAlgorithm for Articulated Objects

1. Initialize thesegmentationof theJ setsof CSPs.

2. Iteratethefollowing two stepsuntil convergence(or for a�x ednumberof iterations):

2a. GiventheCSPsegmentationfGA
j ;G

B
j g, recovertherelativemotions(RA

j ; tA
j ) and

(RB
j ; tB

j ) of A andB over all framesj = 2; : : : J usingtherigid objecttemporal

SFSalgorithmdescribedin Section5.3.3.

2b. Repartitionthe CSPsaccordingto the estimatedmotionsby applying Equa-

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

Althoughwehavedescribedthisalgorithmfor anarticulatedobjectwith two rigid parts,

it caneasilybegeneralizedto applyto objectswith N parts.

6.1.6 Joint Location Estimation

After recoveringthemotionsof partsA andB separately, thepointof articulationbetween

themis estimated.Supposewe representthe joint positionat time t1 asYB
1 . SinceYB

1 lies

on bothA andB, it mustsatisfythemotionequationfrom t1 to t2 asfollows

RA
2YB

1 + tA
2 = RB

2YB
1 + tB

2 : (6.4)

Puttingtogethersimilar equationsfor YB
1 over J frames,weget

MYB
1 =

2
6666666666666664

RA
2 � RB

2
:::

RA
J � RB

J

3
7777777777777775
YB

1 =

2
6666666666666664

tB
2 � tA

2
:::

tB
J � tA

J

3
7777777777777775

: (6.5)

Theleastsquaressolutionof Equation(6.5)canbecomputedusingSingularValueDecom-

position.
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Note that the matrix M in Equation(6.5) is singularif the degree-of-freedomof the

relative motion betweenA and B over the J framesis lessthan 3. This happenswhen

the joint is a 1D revolute joint (or if A and B move with respectto eachotherasa 1D

revolute joint during the J framesof motion). In this singularcasethe solutionof Equa-

tion (6.5) is anarbitrarypoint on theaxisof therevolute joint. To recover theactualjoint

position,we approximatetheshapeof partsA andB asellipsoidsandenforcethesolution

of Equation(6.5) to beclosestto thetips of theapproximatedellipsoids.It canbeseenin

Section6.2.2thatthis remedyworkswell in practicewhenweestimatethelocationsof the

elbow andkneejointswhichareessentially1D revolutejoints.

6.1.7 ShapeRe�nement

Theshapeof thearticulatedobjectis re�ned in thesamefashionasdiscussedin Section5.5.

Thedi� erentpartsof thearticulatedobjectarere�ned separately. For examplefor partA,

the silhouetteimagescapturedat time t j are consideredas capturedat time t1 after the

cameracentersat t j aretransformedby theinversemotionof partA at t j (w.r.t. t1), similar

to that asshown in Figure5.12. Notice whenre�ning the shapeof a particularpart, say

part A, thereis no needto segmentout thepartof silhouetteswhich arecastedby part A

(which is di� cult to dodueto occlusion)aslongasthemotionsof thatpartis signi�cantly

di� erentfrom eachotherover a periodof thecapturedsequence.It is becausevoxelsthat

do not belongto partA would becarvedaway by SFSover time asthey do not follow the

motionof partA.

6.2 Experimental Results

To validateour temporalSFSalgorithmfor articulatedobjects,bothsynthetic(for quanti-

tativeevaluation)andrealdata(for qualitativeresults)is used.
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6.2.1 SyntheticData Set

We useanarticulatedmeshmodelof a virtual computerhumanbodyasthesynthetictest

subject. To generatea setof testsequences,the computerhumanmodel is programmed

to moveoneparticularjoint of thewholebodyandimagesof themovementsarerendered

usingOpenGL.Sinceonly onejoint (andonebodypart) is movedeachtime,we cancon-

sider the virtual humanbody asan one-link two part articulatedobject. A total of eight

setsof datasequences(eachsetwith 8 cameras)aregenerated,correspondingto theeight

joints: left/right shoulder/elbow/hip/kneejoints of the virtual humanmodel. For eachof

thesesyntheticsequences,we apply the articulatedobject temporalSFSalgorithmto re-

covertheshape,motionandthelocationof thatjoint of thevirtual human.Sincethesizeof

thewholebody is muchlarger thana singlebodypart, thedominantmotion initialization

methodis used.Figure6.4shows someframesof oneof theinput cameraimagesandthe

segmentation/alignment/joint estimationresultsof theright elbow andtheright hip jointsof

thesyntheticsequences.As evidentfrom theresults,our iterativesegmentation/alignment

algorithmperformswell andthejoint positionsareestimatedaccuratelyin bothcases.Ta-

ble 6.1 comparesthe ground-truthandthe estimatedjoint positionsof all the 8 synthetic

sequences.Theabsolutedistanceerrorsbetweentheground-truthandtheestimatedjoints

locationsaresmall(averagedabout26mm)ascomparedto thesizeof thehumanmodel(�

500mmx 200mmx 1750mm).Theinput images,CSPsandtheresultsfor theleft hip/knee

jointsof thesyntheticdatasetcanbeseenin themovie Synthetic-joints-leftleg.mpg� .

� All movie clips of this chapter can be found at
http://www.cs.cmu.edu/˜german/research/Thesis/Video/Chapter6/
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Figure6.4: Input imagesandresultsfor theright elbow andright hip jointsof thesyntheticvirtual
human.For eachjoint, theunalignedCSPsfrom di� erentframesaredrawn with di� erentcolors.
The alignedandsegmentedCSPsareshown with two di� erentcolorsto show the segmentation.
Theestimatedarticulationpoint (joint location)is indicatedby theblacksphere.

Joints Ground-truth(x, y, z) Estimated(x, 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
RightElbow (-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-truthandestimatedpositionsof the eightbody joints of thesyntheticse-
quences.Theabsolutedistanceerrors(averagedabout26mm)is smallcomparedto theactualsize
of thehumanmodel(� 500mmx 200mmx 1750mm).
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time t1 time t7time t4 time t10 time t13

Input images of the Pooh-Dinosaur sequence from Camera 3

time t1 time t7time t4 time t10 time t13

time t1 time t7time t4 time t10 time t13

Input images of the Pooh-Dinosaur sequence from Camera 3

time t1 time t7time t4 time t10 time t13

Figure6.5: Someof theinput imagesof camera3 andcamera6 of thePooh-Dinosaursequence.

6.2.2 RealData Sets

Two di� erentdatasetswith real objectsarecaptured.The �rst real datasetappliesthe

iterative segmentation/estimationprocedureto two separate,independentlymoving rigid

objectswhile thesecondrealdatasetinvestigatestheperformanceof ourarticulatedobject

temporalSFSalgorithmon joint estimationsof two di� erenthumans.

6.2.2.1 Two SeparateMoving Rigid Objects: Pooh-DinosaurSequence

Thetoy Poohandtoy dinosaurfrom Section5.6.2areusedto testtheperformanceof ourit-

erativeCSPssegmentation/motionestimationalgorithmontwo separateandindependently

moving rigid objects.Eight calibratedcameras(K = 8) areusedin thisPooh-Dinosaurse-

quence.Both toys areplacedon the �oor and individually moved to new but unknown

positionsandorientationsmanuallyin eachframe.FourteenframesarecapturedandFig-

ure6.5showssomeof theinputimagesfrom cameras3 and6. Thesegmentation/alignment

resultsusingour temporalSFSalgorithmareillustratedin Figure6.6.Figures6.6(a)shows

theunalignedCSPsof all the14frames(in theright partof thepicturetheCSPsaredrawn

with colorsrepresentingwhich framethey comefrom while in theleft theCSPsaredrawn

with their own colors). Figures6.6(b)shows the alignedandsegmentedCSPs.The �g-
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(a)

(b)

(c) (d) (e)

(a)

(b)

(c) (d) (e)
Figure6.6: Segmentation/Alignment/Re�nementresultsof thePooh-Dinosaursequence.(a) The
unalignedCSPsfrom all frames. (b) The alignedand segmentedCSPs. (c) SFSre�ned voxel
modelsat t1 (8 silhouetteimagesareused).(d) SFSre�ned voxel modelsat t5 (40silhouetteimages
areused). (e). SFSre�ned voxel modelsat t13 (104 silhouettesareusedfor the toy Poohand72
silhouetteimagesareusedfor thedinosaur).

uresprove that our algorithmcorrectlysegmentsthe CSPsasbelongingto eachobject.

Thealignmentsof bothtoysarealsoaccurateexceptthoseof thedinosaurfrom frame6 to

frame9 whenthedinosaurrolledoverfor 360degrees.In thoseframes,ouralignmentalgo-

rithm breaksdown astherotationanglesbetweenframesaretoo large(around90degrees).

However, thealignmentrecoversafterframe9 whenthedinosauris uprightagain.

Theshapesof thetwo toysarere�ned by SFSusingtheestimatedmotionsin thesame

fashionasdiscussedin Section5.5 (seeFigure5.12).Notethat to re�ne theobjects,there

is noneedto segment(whichis di� cult to dodueto occlusion)thesilhouettesasbelonging
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to which objectaslong asthemotionsof theobjectsaresigni�cantly di� erentfrom each

other for at leastoneframe. It is becausevoxels that do not belongto saythe dinosaur

would becarvedaway by SFSover time asthey do not follow themotionof thedinosaur.

Figures6.6(c),(d)and(e) illustratetheSFSre�ned voxel modelsof bothobjectsatt1, t5 and

t13 respectively. Sincethealignmentdatafor thedinosaurfrom frame6 to frame9 areinac-

curate,thoseframesarenotusedto re�ne theshapeof thedinosaur. It canbeseenthatsig-

ni�cant shapeimprovementis obtainedfrom t1 to t13. Thevideoclip Pooh-Dinosaur.mpg

shows the input imagesfrom oneof the eight cameras,the unaligned/aligned/segmented

CSPsandthetemporalre�nementresults.

6.2.2.2 Joints of RealHuman

In the secondsetof real data,we usevideosof two people(SubjectEandSubjectG)to

qualitatively testtheperformanceof ourarticulatedobjecttemporalSFSalgorithmonjoint

locationestimation. Eight sequences(eachwith 8 cameras)correspondingto the move-

mentof the left/right shoulder/elbow/hip/kneejoints of eachpersonarecaptured.In each

sequence,thepersononly movesoneof their joints sothatin thatsequencetheir bodycan

be consideredasan one-joint, two partsarticulatedobject,exactly as the syntheticdata

set. Again, thedominantmotion initialization methodis used.Someof the input images

andthe resultsof segmentation/alignment/positionestimationof two selectedjoints (left

elbow andleft hip) of SubjectEareshown in Figure6.7. It canbeseenthatthemotion,the

segmentationof the body partsandthe joint locationsareall estimatedcorrectlyin both

sequences.Similarly the resultsof the left shoulderandleft kneejoints for SubjectGare

shown in Figure6.8. Someof theinput images,theCSPsandthesegmentation/estimation

resultsof theright armjoints of SubjectEandright leg joints of SubjectGcanbefoundin

themovie clipsSubjectE-joints-rightarm.mpg andSubjectG-joints-rightleg.mpg. Note

thatthejoint estimationresultsof anotherpersonSubjectScanbefoundin thenext chapter

whenwediscusshumanbodykinematicmodeling.
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Left Hip Joint

Aligned CSPs with original colors Aligned CSPs with original colors

Figure6.7: Input imagesandresultsfor the left elbow andleft hip joints of SubjectE.For each
joint, the unalignedCSPsfrom di� erentframesaredrawn with di� erentcolors. The alignedand
segmentedCSPsareshown with two di� erentcolorsto show thesegmentation.Theestimatedar-
ticulationpoint (joint location)is indicatedby theblacksphere.ThealignedCSPswith theoriginal
colorsarealsoshown at thebottomof the�gure.
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Figure6.8: Input imagesandresultsfor theleft shoulderandleft kneejointsof SubjectG.For each
joint, the unalignedCSPsfrom di� erentframesaredrawn with di� erentcolors. The alignedand
segmentedCSPsareshown with two di� erentcolorsto show thesegmentation.Theestimatedar-
ticulationpoint (joint location)is indicatedby theblacksphere.ThealignedCSPswith theoriginal
colorsarealsoshown at thebottomof the�gure.
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6.3 RelatedWork

Thoughthework by Krahnstoever in [KYS01, KYS03] usesonly monocularimages,their

idea is very similar to ours in the sensethat it is also basedon the the layeredmotion

segmentation/estimationformulation [SA96]. They �rst perform an EM-like segmenta-

tion/motion estimationof 2D regionson monocularimagesof the articulatedobjectand

thenmodelthearticulatedpartsby 2D cardboardmodels.As commonto othermonocu-

lar methods,their approachdoesnot handleocclusionandhasdi� cultiesestimatingthe

motionof objectswhich do not containrotationaroundanaxisperpendicularto theimage

plane.

6.4 Discussion

We have extendedthe SFSacrosstime algorithmto (piecewise rigid) articulatedobjects

andsuccessfullyappliedit to solve theproblemof humanbody joint positionestimation.

Theadvantageof ouralgorithmis thatit solvesthedi� cult problemof shape/motion/joint

estimationof a moving articulatedobjectby a two-stepapproach:�rst iteratively recover

theshape(in termsof CSP)andthemotionof theindividualpartsof thearticulatedobject

andthenlocatethe joint througha simplemotion constraint.The separationof the joint

estimationandthemotionestimationgreatlyreducesthecomplexity of theproblem.Since

our algorithmusesmotionto segmenttheCSPs,it fails whentherelative motionbetween

thepartsof thearticulatedobjectsis toosmall.Moreover, dueto theEM formulationof the

algorithm,theconvergenceof thealgorithmdependson theinitial estimatesof themotion

parameters.Whentheinitial motionestimatesarefar from thecorrectvalues,thealgorithm

mayfall into a local minimum.



Chapter 7

Human Kinematic Modeling

In this chapterwe applyour temporalSFSalgorithms(both rigid andarticulatedobjects)

to build avision-based3D humankinematicmodelingsystem.Modelinghumankinematic

is animportantapplicationbecauseprecise3D kinematicmodelsareessentialfor solving

a variety of di� cult problemssuchasposeestimation,motion tracking/capture,gesture

recognition,behavior understandingandmotionrendering(seeChapter9). Althoughthere

area variety of completesystems[CYB, TTI] andalgorithms[ACP03] for humanbody

shapeacquisitionusinglaser-scanningdevices,mostof thesesystemsareexpensive and

do not estimatethe importantjoint information. Variousvision-basedhumanmodeling

systemshave beenproposed[LY95, KMB94, JBY96, KM98, PFD99, BK00, OBBH00,

CKBH00,KYS01] in recentyears.Amongthesesystems,mostof themusemonocularim-

agesandreconstructview-dependent2D shapeandjoint models[KMB94, BK00,KYS01].

For thosesystemswhich usesmultiple cameras,eitherimpreciseshape[CKBH00] or in-

completejoint information[KM98, PFD99]arerecovered. Moreover, noneof thesesys-

temshave derivedalgorithmsfor building a complete3D skeletonof humans.In view of

this, the multi-cameramodelingsystemdescribedin this chapteraimsat both acquiring

precise3D shapesof thebodypartsandconstructinga full skeletalstructureof theperson.

Therearethreetasksto our vision-basedhumankinematicmodeling:(1) constructing

101
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a joint skeletonof theperson,(2) acquiringdetailedshapeinformationand(3) merging the

shape/joint informationto build a kinematicmodel. Eachtaskin our systemis described

in detailsbelow, togetherwith theresultsof applyingthesystemto threepeople:SubjectE,

SubjectGandSubjectS.

7.1 Joint SkeletonAcquisition

The�rst taskin ourkinematicmodelingsystemis to locatethejoint positionsof theperson

usingthearticulatedobjecttemporalSFSalgorithmproposedin Chapter6. Oncethejoint

locationsarerecovered,they arealignedandregisteredwith eachotherto form acomplete

joint skeletonof theperson.

7.1.1 Estimating Indi vidual Joint Positions

Althoughwe canestimateall the joint positionsof a personat thesametime, in practice

this approachsu� ersfrom the problemof falling into local minimum dueto the high di-

mensionality. Insteadwetakeasequentialapproachandmodelthejointsoneatatime,just

aswhatwe have donein Sections6.2.1with thesynthetichumanand6.2.2with SubjectE

andSubjectG.Againeightjoint locations:left/right shoulder/elbow/hip/kneearerecovered

for eachperson.Someof theinput imagesandtheestimationresultsof theright shoulder

andkneejointsof SubjectSareshown in Figure7.1(theresultsfor SubjectEandSubjectG

have alreadybeenshown in Figures6.7 and6.8 in Chapter6). Themovie clip SubjectS-

joints-leftarm.mpg � shows someof theinput images,CSPsandtheestimationof theleft

armjointsof SubjectS.

� All movie clips of this chapter can be found at
http://www.cs.cmu.edu/˜german/research/Thesis/Video/Chapter7/
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Figure 7.1: Input imagesand resultsfor the right shoulderand right knee joints of SubjectS.
For eachjoint, the unalignedCSPsfrom di� erent framesare drawn with di� erentcolors. The
alignedandsegmentedCSPsareshown with two di� erentcolorsto show the segmentation.The
estimatedarticulationpoint (joint location)is indicatedby theblacksphere.ThealignedCSPswith
theoriginalcolorsarealsoshown at thebottomof the�gure.
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Generally, theestimationof the(shoulderandelbow) jointsof thearmsaremoreaccu-

ratethanthe(hip andknee)jointsof thelegsbecauseit is moredi� cult to keeptherestof

thebodystill whenmoving the leg thanmoving thearm. Moreover theshoulderandhip

joints have betterresultsthantheelbow andkneejoints asmoreCSPsareextractedfrom

thewholearm(or leg) thanjust thelowerarm(or lower leg).

7.1.2 Joint Registration

After thejoints andtheassociatedbodyparts(describedby CSPs)arerecoveredindividu-

ally, they areregisteredwith respectto a referenceframe(of images)to form anarticulated

modelof thebody. Theregistrationprocessconsistsof two procedures.The�rst procedure

involvesaligning joints within eachseparatelimb while thesecondprocedureperformsa

globalregistrationof all thejointsandbodypartswith respectto thereferenceframe.Both

proceduresareexplainedbelow.

7.1.2.1 Limb Joints Alignment

Beforeregisteringall thejoints to thereferenceframe,thetwo jointsof eachseparatelimb

(i.e. theshoulderandelbow joints of thearm, thehip andkneejoints of the leg) are�rst

alignedwith eachother. The limb joints alignmentprocedureconsistsof four stepsand

is summarizedbelow. Theprocedureis alsoillustratedgraphicallyusingtheright armof

SubjectEasexamplein Figure7.2. Thoughtheprocedureis describedin termsof thearm,

it appliesto thelegsby replacingtheshoulderandelbow jointsby thehip andkneejoints.

The Limb Joints Alignment Procedure

1. The body CSPsfrom the shoulderjoint sequence(Figure7.2(a))arealignedwith

respectto the �rst frameof the elbow sequence(Figure7.2(b)) by the rigid body

temporalSFSalignmentalgorithm.

2. Usingthealignmentresultin Step1, theshoulderjoint locationis transformedto the

coordinateframeof theelbow joint sequence(Figure7.2(c)(d)).
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Figure7.2: Thefour stepsof theLimb JointsAlignmentProcedure.

3. Calculatethedistancebetweenthetransformedshoulderjoint locationandtheelbow

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

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

thedistancebetweentheshoulderandelbow joints areconstantirrespectiveof their

positions.

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

accordingto thepositionsof theshoulderandelbow joints (thesegmentationresults

areshown in Figure7.2(g)).
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Figure7.3: The left shoulderandelbow datasequencesof SubjectG.In (c) the joints registered
in the elbow sequence(without Steps3 and4) is bentwhile in (d) the joints registeredw.r.t. the
shouldersequencewith Steps3 and4 is straight.

Thebasicideaof theprocedureis to aligntheshoulderandelbow jointswith respectto

theshouldersequencewith thearmbeingstraight.As will beseenshortly, having thejoints

registeredwith the arm being straightgreatly reducesthe complexity of the subsequent

globalregistrationprocedure.Therearea coupleof importantthingsto benotedaboutthe

limb joints alignmentprocedure.Firstly whenusingEquation(5.11) of the rigid object

temporalalgorithmin Step1, only the forward error termei
2;1 is present.This is because

we areonly usingtheerrorof projectingthebody3D CSPsof theshouldersequenceinto

the 2D color andsilhouetteimagesof (the �rst frameof) the elbow sequence.Secondly

althoughjudgingfrom Figure7.2(d)onemayargueSteps3 and4 canbeskipped,thesetwo

stepsarenecessaryto ensurethatthelimb is straightafterregistration.Figure7.3showsan

exampleusingtheleft armsequencesof SubjectG.In Figure7.3(c),thejointsareregistered

w.r.t. theelbow sequencewith theleft armin abentstatewithoutperformingSteps3 and4.

Figure7.3(d)shows thatSteps3 and4 areneededto transformtheregistrationbackto the

shouldersequencewith thearmin astraightstate.
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Figure7.4: (a)Globaljoint registrationfor thefour limbs. (b) For eachlimb, two stepsarerequired
to registerthejointsglobally.

7.1.2.2 Global Registration

Oncethe joints within eachlimb arealigned,global registrationis performedto build a

joint skeletonmodel.Theglobalregistrationfor all four limbs is illustratedin Figure7.4(a)

andtheprocedureis 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 (shoulder/hip) is calculated.The secondstep
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Figure7.5: Jointskeletonof SubjectEafter theglobal registrationprocedure.For displayclarity,
theCSPsshown in the�gures aredown-sampledin a ratioof onein � ve.

involvesthe alignmentof the limb itself. To simplify this step,we assumethat the ref-

erenceframeis chosensuchthat the imagesat the referenceframearecapturedwith all

of the person's limbs being straight(the choiceof a good referenceframe will become

obvious in Section7.2). Sincethe joints within eachlimb arealreadyregisteredwith the

limb beingstraight(in the limb joint alignmentprocedure),the straightlimb assumption

of thereferenceframeimagesenablesusto treatthewholelimb asonerigid objectrather

thanan articulatedobjectwith two parts. In otherwords,we canignorethe secondlimb

joint (elbow/knee)and the problembecomesalignmentof a rigid object arounda �x ed

point with only 3 DOF (the rotationaroundthe joint). For the sake of presentation,we

deferdiscussionof thealgorithmto solvethisproblemto Chapter8 (seethelastparagraph

of Section8.1.3). Meanwhile,Figure7.5 illustratesthe joint skeleton(formedby joining

the joint locationstogether)of SubjectEandtheregisteredCSPsobtainedafter theglobal

registrationprocedure.

7.2 Body ShapeAcquisition

Thenext taskof thekinematicmodelingsystemis to acquiretheshapeof thebody. Onedi-

rectchoiceis to usetheCSPsextractedfrom thesequencesusedto estimatetheindividual
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joints in 7.1.1andregisteredin the global registrationprocedure7.1.2asshown in Fig-

ure7.5. Thoughsimple,therearetwo reasonswhy we do not usetheseCSPsto represent

thebodyshapeof theperson.Firstof all, dueto errorsin all thealignmentandregistration

procedures,someof theseCSPsdeviate considerablyfrom the actualshapeof the body

parts. Secondly, theseCSPsarenot uniformly distributedover di� erentbodypart of the

person(mostof thesepointscomefrom thetorsopartof thebody)which posesandisad-

vantagewhenapplyingthemodelto applicationssuchasmotiontrackingandrendering.

Insteadof using theseerroneousand non-uniformlydistributedCSPsobtainedfrom

joint estimation,analternativeapproachis used.Firstadetailedvoxel modelof theperson

is built usingtheVisualHull alignmentandre�nementalgorithmsproposedin Chapter5.

Thecentersof thesurfacevoxelsof thevoxelmodelarethenextractedandusedto represent

theshapeof theperson.Therearetwo advantagesof usingthis approach.Sincethevoxel

modelis reconstructedby SFSusingmorethan100silhouettes,themodelis veryaccurate

andthesurfacevoxel centersarecloseapproximationsto pointsonthesurfaceof theactual

person. Also sincethe voxel centerslie on a 3D grid, the distribution of the points is

uniform.

To build voxel modelsof eachperson,video sequencesof the personstandingon a

turn tablewerecapturedby eight cameraswith thirty frames(roughly equalto a whole

revolution of theturntable)percamera.Notethat thereis no needto calibratetherotation

axis andspeedof the turn tablebeforehandasour rigid body temporalSFSalgorithmis

ableto recoverthemotionautomatically. Thepersonis askedto remainstill throughoutthe

captureprocessto satisfytherigidity assumption.Moreover, thepersonis alsotold to keep

their limbs straightso that the �rst frameof the sequencecanbe chosenasthe reference

framefor theglobalbodyjoints registrationdiscussedin Section7.1.2.After applyingthe

rigid objecttemporalSFSalgorithmto recover the motions,a re�ned voxel modelof the

personis built usingtheVisualHull re�nementtechniqueasdescribedin Section5.5. The

centersof the surfacevoxels of the modelareextractedandcoloredby back-projecting
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(c)
Figure7.6: Resultsof bodyshapeacquisitionfor SubjectE.(a)Four input imagesof camera4, (b)
unalignedandalignedcoloredsurfacepointsfrom all frames,(c) re�ned VisualHull of the body
displayedfrom severaldi� erentview points.

theminto thecolor images.Theresultson SubjectE,SubjectGandSubjectSarepresented

in Figures7.6,7.7 and7.8 respectively. It canbeseenthatexcellentshapeestimates(see

for examplethe Visual Hulls in Figures7.7(c)) of the humanbodiesareobtained.Note

that we namethe input sequencesin Figures7.6 through7.8 as the ESTILL, GSTILL

andSSTILL sequencesrespectively. TheseSTILL sequenceswill be usedin Chapter9

assourcesequencesto performimage-basedmotionrenderingon SubjectE,SubjectGand

SubjectS.
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Figure7.7: Resultsof bodyshapeacquisitionfor SubjectG.(a)Four input imagesof camera4, (b)
unalignedandalignedcoloredsurfacepointsfrom all frames,(c) re�ned VisualHull of the body
displayedfrom severaldi� erentview points.

7.3 Merging Shapeand Joint Inf ormation

Thelasttaskof our modelingsystemis to mergethejoint andshapeinformationobtained

from Sections7.1and7.2together. Beforethemerge,slight modi�cationsaremadeto the

joint positionsto enforceleft andright symmetryof the joint skeleton(the asymmetryis

causedby errorsin joint estimationandregistration). Two rulesareapplied: (1) The left

andright shoulderjoints have thesameheightabove theground.Thesameappliesto the

two hip joints. (2) The distancebetweentheshoulderandelbow joints on the left arm is

equalto thaton theright arm. Thesameappliesto thedistancesbetweenthehip andknee
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Figure7.8: Resultsof bodyshapeacquisitionfor SubjectS.(a)Four input imagesof camera4, (b)
unalignedandalignedcoloredsurfacepointsfrom all frames,(c) re�ned VisualHull of the body
displayedfrom severaldi� erentview points.

joints on thelegs.Thesetwo rulesarereasonablebecauseof theperson's uprightstanding

postureon the turntablewhenthe referenceframeis captured.The rulescanbe carried

outby simplyaveragingthecorrespondingvaluesfrom theleft andright sidesof thebody.

Oncethe joint positionsareadjusted,they are transferedto the voxel model. Sincethe

joints areregisteredw.r.t. thereferenceimageusedto createthevoxel model,thetransfer

is straightforward.

Theonly problemleft is toautomaticallysegmentthevoxelcentersto thecorresponding

bodyparts.Figure7.9 illustratesanalgorithmto segmentthesurfacevoxel centersbased
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Figure7.9: Segmentingall of thevoxel centersto theappropriatebodyparts.(a) Thearmcutting
planesarefoundby sweepinga planecircularly aroundtheshoulderjoints. Theplanewhich cuts
the leastnumberof voxels is chosen.(b) Theleg cuttingplanesareformedby two planespassing
throughthehipsjointsat a 45 degreeanglewith thehorizontal,andaverticalplanewhichseparate
thelegsfrom eachother. (c) Thejoints, thecuttingplanesandthesegmentedvoxelsof themodel.

on the joint locations.First, � ve cuttingplanesarefound to separatethe four limbs away

from thebody(Figure7.9(c)).Oncethelimb is segmented,it canbedividedinto theupper

andlower partseasilyusingtheelbow/kneejoint location. Theidealcuttingplanefor the

armwouldbetheonewhich passesthroughtheshoulderjoint andthearmpit. To �nd this

idealplane,planeswith di� erentorientationsaresweepcircularlyaroundtheshoulderjoint

acrossthebodyasshown in Figure7.9(a).Theplanewhichcutstheleastnumberof voxels

of the body model is thenchosento be the arm cutting plane. To separatethe legs from

theeachotherandfrom thebody, threeplanesareused.The�rst planepassesthroughthe

right hip joint while the secondplanepassesthroughthe left hip joint, andeachof them

makinga 45 degreeanglewith the horizontalplane. The third planeis theverticalplane

whichmakea “Y” with the�rst two planesasshown in Figure7.9(b).

With a slight abuseof terminology, hereafterwe treat the surfacevoxel centersas if

they areCSPsandcall the mergedmodelan articulatedCSPmodelof the person. The

articulatedCSPmodelsof thesyntheticvirtual person,SubjectE,SubjectG,andSubjectS

are shown in Figures7.10(a)(b)(c)and (d) respectively. The video clip Subject-EGS-

kinematicmodels.mpgshows some3D �y-around views of thebuilt modelsof SubjectE,
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(a)           (b)             (c)                            (d)(a)           (b)             (c)                            (d)

Figure7.10: Articulatedmodelof (a) syntheticvirtual person,(b) SubjectE,(c) SubjectGand(d)
SubjectS.In (a) and(b), the CSPsareshown with their original colors. In (c) and(d), the CSPs
of di� erentbody partsareshown with di� erentcolors. For displayclarity, the CSPsdrawn are
down-sampledata ratio of onein two.

SubjectGandSubjectS.Notethat thearticulatedCSPmodelcanbeturnedinto anarticu-

latedvoxel modeleasilyby substitutingthecenterpointsby solid voxels (3D cubes).As

will be seenin thenext two chapters,an articulatedvoxel modelis not only essentialfor

image-basedhumanmotion rendering(Step3 of Section9.1.3.2),but is also useful for

determiningvisibility (Section8.2.3)in theproblemof humanmotiontracking.As asum-

mary, Figure7.11illustratesthethreetasksof ourvision-basedhumankinematicmodeling

system.

7.4 RelatedWork

The work most relatedto our vision-basedhumanbody kinematic information acquisi-

tion systemis by KakadiarisandMetaxasin [KM95]. They useddeformabletemplates

to segmentthe 2D body partsin a silhouettesequence.The segmented2D shapesfrom

threeorthogonalview-pointsare then combinedinto a 3D shapeby SFS.Although our

ideaof estimatingthejoint locationsindividually insteadof all atonceis partly inspiredby
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Figure7.11:Flow chartillustratingthethreetasksin ourhumankinematicmodelingsystem.

theirsystem,hereweaddresstheacquisitionof motion,shapeandarticulationinformation,

while [KM95] focusesmainlyon shapeestimation.

Besidesthe2D work by Krahnstoever et al. in [KYS01, KYS03] (which we have al-

readydiscussedin the lastchapter),the researchgroupled by Fuaaddressedtheproblem

of 3D humanbodymodelingusinga three-camerasystem[PFD99,PF01,FGDP02].They

�rst extractdensefeaturepointson thesurfaceof thebodypartsby manualinitialization

andstereomatching.Thefeaturepointsarethentrackedacrossthevideosequencesusing

a templatematchingtechnique. A �e xible but complex humanmodelconsistingof de-

formablemetaballs[Bli82] asshapeprimitivesis thenusedto �t thetrackedfeaturepoints
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througha leastsquareframework. Thoughthey have not demonstratedthemodelingof a

completebody, their approachis ableto handlenon-rigid deformationof the body parts.

Sandet al. have alsocapturedthe non-rigid deformationof the humanbody skin using

silhouetteimages[SMP03]. However, marker-basedmotion capturedatais usedin their

systemto estimatethejoint skeletonandtrackthemotionof theperson.

7.5 Discussion

As opposedto other humanmodelingapproacheswhich �t and modify generichuman

modelscomposedof simpleshapeprimitiveto theinput imagedata[LY95,KM98, PFD99,

CKBH00], our vision-basedkinematicmodelingsystemconstructsthe body modelfrom

scratchusingsimplejoint connectionknowledgeof thebody. We acquireandregisterthe

skeletalstructureusingvideosequencesof thepersonmoving their limbsandextractshape

information(in termsof CSPs)of thebodypartsdirectly from thesilhouetteandcolor im-

ages.Thejoint andshapeinformationis thenmergedto form acompletekinematicmodel

consistingof voxelssegmentedinto bodypartsusingthejoint locations.Comparedto laser

scanninghumanbodymodelingtechnologywhichusuallyonly captureshapeinformation,

our systemis simpler, cheaper, non-invasive andmoreimportantly, providesthe joint lo-

cations.However, sinceour systemusesthemotionof thebodypartsto recover the joint

locations,it doesnot performwell with joints which have a restrictedrangeof movement,

suchasthehead,wrist andanklejoints.
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Human Motion Tracking

Humanmotiontrackingandcapturehaslong beenanimportantresearchareain computer

graphicsfor theentertainmentindustryof moviesandgames.Almostall of thestateof the

art motioncapturesystems[MET, MAC, VIC] attachopticalor magneticmarkerson the

personwhosemotion is to be trackedandusetriangulationon thepositionsof themark-

ersto achieve tracking.Althoughthesesystemsgenerallyproducevery goodresults,they

arenot very applicableto applicationssuchassecurity/surveillanceandhuman-computer

interactionwhereplacingmarkerson the personis either impossibleor undesirable.For

this reason,vision-basedmotion trackinghasgainedmuchattentionin recentyears(an

extensivesurvey of thetopiccanbefoundin [MG01]) andresearchershave proposedsys-

temsto track body partsfrom video sequences[RK95, GD96, BM97, BM98, HHD98,

JTH99, DCR99, CR99a, CR99b,PRCM99, DF99, CKBH00, SDB00, SBF00, DBR00,

DCR01, DC01, LC01, SC02,MTHC03, CTMS03] using a variety of model-basedap-

proaches.In almostall of thesesystems,genericshapes(e.g. rectangles/ellipsesin 2D,

cylinders/ellipsoidsin 3D) areusedto modelthebodypartsof theperson.Thoughgeneric

models/shapesaresimple to useandcanbe generalizedto di� erentpersons,they su� er

from two disadvantages.Firstly their coarseapproximationto theactualbodyshapeof the

personlimits theaccuracy of motion tracking. Secondlygenericshapes/modelsalsolack

117
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accuratejoint informationof theperson.In vision-basedmotiontrackingsystems,precise

kinematic(shapeandjoint) informationis essentialto obtainaccuratemotiondata.In this

chapter, we show how thekinematicmodelof a personobtainedin Chapter7 canbeused

to trackthemotionof thepersonin new videosequences.Theformulationof our motion

trackingalgorithmis similar to the3D CSPs/2D imagealignmentprincipleof thetemporal

SFSalignmentalgorithmproposedin Chapter5, with theincorporationof joint constraints

into themotionequationsasdescribedbelow.

8.1 Image-BasedArticulated Object Tracking

In this section,we considerthe problemof tracking an articulatedobject in (color and

silhouette)videosequencesof theobjectusingaknown articulatedmodelof theobject.We

assumethearticulatedmodelis constructedusingthehumankinematicmodelingsystem

describedin Chapter7. Themodelconsistsof rigid partswith known shapedescribedin

termsof CSPsandareconnectedwith eachotherat known joint locations.

8.1.1 ProblemScenario

Figure8.1(a)depictsan articulatedCSPmodelof an objectconsistsof threerigid parts

A; B andC with partA beingthebaseof theobject.Without lossof generality, we assume

the model is at its referencecon�guration which meansthe rotationanglesof the joints

andthetranslationof thebasepartA areall zero.We assumetheshapeinformationof the

modelis givenassetsof CSPsrepresentedby fWi;A
0 ; � i;A

0 ; i = 1; � � � � � � ; LA
0g, fWi;B

0 ; � i;B
0 ; i =

1; � � � � � � ; LB
0g, fWi;C

0 ; � i;C
0 ; i = 1; � � � � � � ; LC

0 gfor thepartsA; B andC respectively andthe

joint locationsof themodelareknown anddenotedby YB
0 andYC

0 . Furthermore,weassume

themodelcolorandsilhouetteimagesfI k
0; Sk

0; k = 1; � � � � � � ; Kgthatwereusedto construct

themodelareavailable.

Supposewe have imagedthe articulatedobject by K camerasat eachof J time in-
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Figure8.1: (a)ThearticulatedCSPmodelof anarticulatedobjectwith threerigid partsA; B andC.
(b) Theobjectitself at run-timet j . ThearticulatedCSPmodelin (a) is usedto estimatethemotion
parametersof theobjectat t j .

stantswith thecolor andsilhouetteimagesrepresentedby fI k
j ; Sk

j ; k = 1; � � � � � � ; K; j =

1; � � � � � � ; Jg. Also assumewe have extractedfrom theseimagesJ setsof (unsegmented)

CSPsfWi
j; � i

jgof theobject. Now theproblemof image-basedarticulatedobjecttracking

canbestatedas

The Image-BasedArticulated Object Tracking Problem

Giventheabove input information,estimatethepositionsandorientations(QA
j ; sA

j ) of the

basepart A and the rotation matricesQB
j ; QC

j of the articulatedjoints at time t j for all

j = 1; � � � � � � ; J.

8.1.2 Tracking Principle

Herewe explain our trackingprinciple usingthe j th framedata(capturedat run-timet j)

of thesequence(seeFigure8.1(b)).We assumethearticulatedobjectis alreadytrackedat
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t j� 1, i.e. wehaveestimatesof theparametersQA
j� 1; sA

j� 1; QB
j� 1 andQC

j� 1. As arecap,wehave

thefollowing informationastheinputdata:

1. Modeldata:
1a. segmentedmodelCSPsfWi;A

0 ; � i;A
0 ; Wi;B

0 ; � i;B
0 ; Wi;C

0 ; � i;C
0 g,

1b. known modeljoint positionsYB
0 andYC

0 ,

1c. modelcolorandsilhouetteimagesfI k
0; Sk

0gusedto constructthemodel.

2. Dataat t j:

2a. run-timeunsegmentedCSPsfWi
j; � i

jg,

2b. run-timecolorandsilhouetteimagesfI k
j ; Sk

jg,

2c. estimatedparametersQA
j� 1; sA

j� 1; QB
j� 1 andQC

j� 1 from previousframe.

Usingtheideasimilarto thatusedin aligningtwoVisualHulls in Section5.3.3,wepose

theproblemof estimatingQA
j ; sA

j ; QB
j andQC

j astheproblemof minimizing thegeometric

andcolorerrorscausedby projectingthe3D CSPsinto the2D images.To bemorespeci�c,

therearetwo typesof temporalerrorswecanuse:

1. the forward geometricandphotometricerrorsof projecting(respectively) the seg-

mentedmodelCSPsinto therun-timesilhouetteandcolor images,

2. the backward geometricandphotometricerror of projecting(respectively) the run-

timeCSPsinto themodelsilhouetteandcolor images.

Provided with estimatesof QA
j ; sA

j ; QB
j andQC

j , the forward errorsareobtainedeasily

by applyingtheappropriatemotionsto thealreadysegmentedmodelCSPsandprojecting

theminto the run-timeimages.To calculatethe backward errors,however, an extra step

is required. In orderto apply the correctmotion transformations(dueto part A; B or C)

to the run-time CSPs,we have to decidefor eachrun-time CSPWi
j, which part of the

articulatedobjectit belongsto. In otherwords,wehaveto segmentthesetof CSPsfWi
j; � i

jg

to partsA; B andC. Generallysegmentingasetof 3D pointsis annon-trivial problem,and

di� erentapproachesareusedunderdi� erentsituations.Two approachesfor segmenting
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therun-timeCSPsbasedon theknown shapeinformationof themodelandtheestimated

motion parametersfrom the previous frame will be proposedin Section8.2.4 whenwe

apply the trackingalgorithmto humanbody. Oncetherun-timeCSPsaresegmented,the

backwarderrorcanbecalculatedeasilyandaddedto theforwarderrors.

Theoretically, to estimatethemotionparameters,it is su� cient to just includethefor-

warderrorsin theoptimizationequations.However, theadvantageof includingtheback-

warderrorsis thatthemotionparametersarethenhighly constrained.Thismeansthatwith

theadditionof backwarderrors,thetrackingis lesslikely to fall into localminimum,espe-

cially whenany two jointedpartsof thearticulatedobjectareverycloseto eachother(see

Section8.2.5for details). Thedisadvantageof including thebackwarderrorsis theextra

stepthat is requiredto segmenttherun-timeCSPs.Note that thebackwarderrorsshould

notbeusedif thesegmentationof therun-timeCSPsis not reliable.

8.1.3 Incorporating Joint Constraints into Optimization Equations

In this sectionwe give themathematicalequationsto incorporatethejoint constraintsinto

the calculationof the forward andbackward errors. For the forward errors,let W̄i;A
0 ; W̄i;B

0

and W̄i;C
0 be the positionsof Wi;A

0 ; Wi;B
0 and Wi;C

0 at run-time t j (seeFigure 8.1(b)). By

thejoint constraintsbetweentheparts,we have thefollowing equationsrelatingthetrans-

formedmodelCSPsandthejoint positions(YB
j andYC

j ) at t j with themotionparameters:

Part A : W̄i;A
0 = QA

j W
i;A
0 + sA

j ; (8.1)

Part B : YB
j = QA

j Y
B
0 + sA

j ;

W̄i;B
0 = QA

j Q
B
j (W

i;B
0 � YB

0 ) + YB
j ; (8.2)

Part C : YC
j = QA

j Q
B
j (Y

C
0 � YB

0 ) + YB
j ;

W̄i;C
0 = QA

j Q
B
j Q

C
j (Wi;C

0 � YC
0 ) + YC

2 : (8.3)
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Substitutingtheaboveequationsinto Equation(5.9),theforwarderrorsarewrittenas

e2;1 =
LA

0X

i=1

X

k

n
� � dk

j (W̄
i;A
0 ) + [ck

j(W̄
i;A
0 ) � � i;A

0 ]2
o

+
LB

0X

i=1

X

k

n
� � dk

j (W̄
i;B
0 ) + [ck

j(W̄
i;B
0 ) � � i;B

0 ]2
o

+
LC

0X

i=1

X

k

n
� � dk

j (W̄
i;C
0 ) + [ck

j (W̄
i;C
0 ) � � i;C

0 ]2
o

: (8.4)

As in Equations(5.2)and(5.9)in Chapter5, theerrorof amodelCSPw.r.t thekth run-time

color andsilhouetteimageis calculatedonly if theCSPis visible in thatcamera.Sincein

this case,theobjectconsistsof articulatedrigid parts,the“reverseapproach”describedin

Section5.4.2for testingvisibility is notapplicable.An alternativemethodfor determining

visibility for articulatedobjecttrackingwill bediscussedin Section8.2.3.

To calculatethebackwarderrorse1;2, we�rst expressthepositionsof the(now assumed

segmented)run-time CSPsw.r.t. the model imagesin termsof the motion parameters

QA
j ; sA

j ; QB
j andQC

j by inversetransformingthe setof motion relationsin Equations(8.1)

to (8.3). Thenthe transformedrun-timeCSPsareprojectedinto themodelsilhouetteand

colorimagesto getthegeometricandphotometricerrors,againusingEquation(5.9).Com-

bining the backward andforward error terms(Equation(8.4)), the optimizationequation

becomes

min
sA

j ;QA

j ;QB

j ;QC

j

�
e2;1 + e1;2

�
; (8.5)

whichcanbesolvedby usingtheLevenberg-Marquardtalgorithm[DS83,PTVF93].

Althoughwehavedescribedthetrackingalgorithmusinganexamplearticulatedobject

consistsof threeparts,it canbe easilyextendedto 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,theproblemdegeneratesto trackingamulti-link object
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arounda �x edpoint. An examplewould be thesituationwe discussedin Section7.1.2.2

for globally registeringthe joints of the limbs. Note that in suchcasesour algorithmstill

applieswith the di� erencethat (QA
j ; sA

j ) areknown constantsinsteadof parametersto be

optimizedin Equation(8.5). To concludethis section,we summarizethe Image-Based

ArticulatedObjectTrackingAlgorithm below:

The Image-BasedArticulated Object Tracking Algorithm

1. Initialize themotionparametersin the�rst framet1.

2. For j = 1; � � � � � � ; J, estimatethe motion parametersat t j by the following proce-

dures:

(a) Initialize themotionparametersat t j with thoseestimatedat t j� 1.

(b) Segmenttherun-timeCSPsat t j.

(c) Apply theIterativeLM algorithm(describedin Section5.3.2)to Equation(8.5)

to minimizethesumof forwarderrorsandbackwarderrorswith respectto the

motionparametersQA
j ; sA

j ; QB
j andQC

j until convergenceis attainedor for a�x ed

numberof iterations.

8.2 Tracking Full Body Human Motion

8.2.1 The Articulated Human Model

The articulatedCSPmodelsusedto track humanmotion are the sameas thosebuilt in

Chapter7 (seefor exampleFigure7.10). Eachmodelconsistsof nine bodyparts: torso,

right/left lower/upperarms,right/left lower/upperlegs,connectedby eightjoints: right/left

shoulder/elbow joints, right/left hip/knee. Eachbodypart is assumedto be rigid with the

torsobeingthe base.The shoulderandhip joints have 3 degree-of-freedom(DOF) each

while thereis 1 DOF for eachof the elbow and kneejoints. Including translationand

rotationof thetorsobase,therearea total of 22 DOF in themodel.
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8.2.2 Hierar chical Tracking

Themoststraightforwardway to usetheImage-BasedArticulatedObjectTrackingAlgo-

rithm for humanmotion trackingis to apply it directly to all the body parts(with a total

of 22 DOF) of thearticulatedCSPmodelat thesametime. In practice,however, this all-

at-onceapproachis proneto the problemof too many local minima becauseof the high

dimensionality. To reducethechanceof falling into local minimum,we insteadusea two-

stephierarchicalapproach:�rst �t the torsobaseandtheneachlimb independently. This

approachmakesuseof the fact that the motion of the body is largely independentof the

motionof thelimbs which are,undermostof thecases,largely independentof eachother.

The �rst stepof our hierarchicalapproachinvolvesrecovering the global translationand

orientationof the torsobase.This canbedoneusingthe6 DOF temporalSFSalgorithm

for rigid objectsin Section5.3.3.Oncetheglobalmotionof thetorsohasbeenestimated,

thefour joint positions:left/right shouldersandleft/right hipsarecalculated.In thesecond

step,the four limbs of the body arealignedseparatelyaroundthese�x ed joint positions

just asin thespecialcasementionedat theendof Section8.1.3.Usingsucha hierarchical

approachnot only reducesthechanceof falling into local minimum,but alsoreducesthe

processingtimeasthereareonly four unknownsto beoptimizedfor eachlimb.

8.2.3 Determining Visibility

Sincethehumanmodelconsistsof articulatedbodyparts,theconservativesilhouette-based

visibility testusedin Section5.4is inapplicablefor alignmentin motiontracking.Herewe

proposeanothermethodfor testingvisibility. Thebasicideais to �rst turn our articulated

CSPsmodel into an articulatedvoxel modelby replacingthe CSPswith solid voxels (as

discussedattheendof Section7.3).Thenattimet j, thevoxelsin themodelaretransformed

usingthe estimatedmotion parametersat t j to simulatea 3D visibility spaceasit would

be formedby theactualhumanbody. Thevisibility of a 3D point w.r.t. a camerais now
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Figure8.2: Determiningvisibility at time t j usingan articulatedvoxel modelandthe estimated
motionparametersat t j .

determinedby intersectingthetransformed3Dvoxelmodelwith theline joining thecamera

and the 3D point. If the line hits any part of any voxels of the model, the 3D point is

invisible,otherwiseit is visible. Thisvisibility testis illustratedin Figure8.2.

Sincethe voxel model is essentiallythe Visual Hull (and thereforean overestimated

shape)of theperson,thereis a de�nite advantagein usingthevoxel modelasit provides

a conservative margin for thevisibility test. It hasto be pointedout that sincethevoxels

aretransformedusingtheestimatedor approximatedmotionparametersinsteadof thetrue

values,someof thevisibility testresultsmaynotbecorrect(despitetheconservativemargin

o� eredby thevoxel model).As theestimatedmotionparametersconvergestowardthetrue

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

Herewesuggesttwo approachesto segmenttherun-timeCSPs.The�rst approachapprox-

imatesthe body partsusingsimplegeometricalprimitivesandusesthe distancebetween

theCSPsandtheprimitivesfor segmentation.ThesecondapproachsegmentstheCSPsby

segmentingtheboundaryof therun-timesilhouetteimageswhichoriginatetheCSPs.

8.2.4.1 Segmenting3D CSPsusingapproximated ellipsoidal shells

Recallthat in thereal-timeSFSsystemin Chapter3, we �t andsegmentthereconstructed

surfacevoxels usingellipsoidalshells(Section3.3.2). The �rst approachof segmenting

run-timeCSPsusesa similar idea. Thewholeprocedure(at time t j) is illustratedin Fig-

ure8.3. It consistsof threestepslistedfollow:

1. Thebodypartsof theCSParticulatedmodelareapproximatedby ellipsoidalshells

usingEquations(3.3) to (3.5)on thegivenmodelCSPs.

2. Theellipsoidalshellsaretransformedusingtheestimatedmotionparametersat t j� 1.

3. Eachrun-timeCSPat t j is segmentedasbelongingto thebodypartwhoseellipsoidal

shell is closestin distanceto thatCSP.

8.2.4.2 Segmenting3D CSPsby segmentingthe 2D silhouetteboundary

The ideaof the secondapproachcomesfrom the fact thatall CSPsoriginatefrom points

on theboundaryof thesilhouette.This meansthatsegmentingthe3D run-timeCSPscan

bedoneby segmentingtheboundariesof the2D run-timesilhouettes.Figure8.4illustrates

thestepsof segmentingthe2D run-timesilhouetteboundaryat t j:

1. ThemodelCSPsof thearticulatedmodelaretransformedusingtheestimatedmotion

parametersat t j� 1.

2. To segmentthe boundarysilhouetteof run-time imageSk
j , the transformedmodel

CSPsareprojected(alongwith their bodypartidentities)ontoSk
j .

3. For eachboundarypoint of Sk
j , it is segmentedto belongto thebodypartwhich has

thehighestnumberof projectedCSPswithin a �x edradiusof theboundarypoint.



8.2.TrackingFull BodyHumanMotion 127

Step 1: Articulated CSP
model approximated     
by ellipsoidal shells 

Run-time tj

Step 2: Transform
ell ipsoidal shells  
using motion 
parameters   
estimated at tj-1

Articulated CSP
model

Unsegmented CSPs at tj
and ellipsoidal shells at tj-1

Unsegmented 
CSPs at tj

Step 3: CSPs at tj are      
segmented according to 
the shortest distance to 
the el lipsoidal shells 

Segmented 
CSPs at tj

Articulated ell ipsoidal
shells model

Step 1: Articulated CSP
model approximated     
by ellipsoidal shells 

Run-time tj

Step 2: Transform
ell ipsoidal shells  
using motion 
parameters   
estimated at tj-1

Articulated CSP
model

Unsegmented CSPs at tj
and ellipsoidal shells at tj-1

Unsegmented 
CSPs at tj

Step 3: CSPs at tj are      
segmented according to 
the shortest distance to 
the el lipsoidal shells 

Segmented 
CSPs at tj

Articulated ell ipsoidal
shells model

Figure8.3: Segmentingthe3D CSPsat t j usingapproximatedellipsoidalshellsat t j� 1.
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Although the above two approachesare describedusinghumanbody trackingasan

example,they canbeappliedto thetrackingof otherarticulatedobjects.Theadvantageof

usingthe�rst approachis thatit is fastandeasyto implement.However, it is notapplicable

to articulatedobjectswhosepartscannotbe closely approximatedby simple geometric

primitives.In suchsituations,thesecondapproachis preferredthoughit is slower.

8.2.5 Dealingwith Local Minimum

Ascommontoall methodswhichuseanerrorminimizationformulation,ourhumanmotion

trackingalgorithmis proneto the problemof local minima, especiallysincethe human

articulatedbody hasvery large numberof DOF. Thoughwe have usedthe hierarchical

approach(discussedin Section8.2.2)to reducethehighdimensionalityof thetrackinginto

multiple smallersub-optimizationsto lower thechanceof falling into local minimum,the

problemcannotbecompletelyavoided.

Thereare threesituationswhereour tracking algorithm is particularly vulnerableto

local minima. The �rst situationoccurswhen one of the the armsis very closeto the

torso.In thissituation,thereis abig chancethattheoptimizationwill gettrappedin a local

minimumwherethearmstaysin apositioninsidethebodyof theperson(seeFigure8.5(a)

for anexample).Thesecondsituationoccurswhenthelegsof thepersonarecrossingeach

otherandthetrackingalgorithmis not ableto distinguishbetweentheleft andright lower

legsasshown in Figure8.5(b). The third situationhappenswhenthe arm is straightand

thereis not enoughcolor (or texture) informationon the arm to di� erentiatethe rotation

anglesof the shoulderjoint aboutthe axis along the length of the arm. An exampleis

illustratedin Figure8.5(c) wherethe palm of the left arm of SubjectEis facingupward

(seetheassociatedimage)but therecoveredjoint angleshave thepalmof thearmfacing

downward (i.e. the joint anglesof the left shoulderjoint is rotatedaroundthe axis along

thearmby 180degrees).

To copewith the�rst two situations,collision detectionandreinitializationis addedto
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Figure8.5: Threesituationswhereour trackingalgorithmis particularlyvulnerableto local min-
ima. (a) The arm is very closeto the body. (b) The legs arecrossingeachother. (c) The arm is
straightandof homogeneouscolor.

our algorithm.In eachframe,afterall thejoint angleshave beenestimated,thebodyparts

arechecked for collision. If a collision is detectedbetweena limb andthe body, within

eachlimb (e.g.collision of upperandlowerarm)or betweenlimbs, thejoint anglesof the

limbs involved in the collision arereinitializedandre-aligned.To reinitialize, insteadof

usingonly thejoint anglesestimatedfrom thepreviousoneframe,thosefrom theprevious

threeframesareusedto predicttheinitial guess.To increasethechanceof climbingoutof

thelocalminimum,asmallrandomperturbationsis alsoaddedto theinitial guess.

Notethatalthoughtheaboveheuristicis su� cientto avoid someof thelocalminima,it

still fails occasionally. For a failedframe,to avoid propagatingthewrongestimatesto the

next frame,wesetthejoint anglesto bethoseestimatedfrom thepreviousframe.By doing

so, it is hopedthat the local minimum problemwill be resolved in the next frame. For
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caseswherea limb is totally lost in thetracking,simplemanualreinitializationis required

to restartthetrackingof thatlimb.

The third situationis di� cult to dealwith becausethe geometricconstraintsarenot

ableto resolve theambiguitydueto thesymmetryof thearm. In caseswhenthereis no

textureon thearm(asin thecaseof SubjectE),theconstraintsof photometricconsistency

arealsounableto correctthemis-alignment.Althoughcurrentlywehavenosolutionto this

situation,thetrackinggenerallyrecoversby itself oncethearmis bent(whentheambiguity

canberesolvedby thegeometricconstraints).

8.3 Experimental Results

To testour trackingalgorithm,two typesof dataareused: (1) syntheticsequenceswith

ground-trutharegeneratedusingOpenGLto obtainquantitative comparisonand(2) se-

quencesof realpeoplewith di� erentmotionsarecapturedfor qualitativeresults.

8.3.1 SyntheticSequences

Two syntheticmotionvideosequences:KICK (60 frames)andPUNCH(72 frames)were

generatedusingthesynthetichumanmodelin Section6.2.1with a total of eightcameras

per sequence.The recoveredarticulatedmodelshown in Figure7.10(a)is usedto track

themotion in thesesequences.Figure8.6 comparestheground-truthandestimatedjoint

anglesof theleft armandright leg of thebodyin theKICK sequence.It canbeseenthat

our trackingalgorithmperformsverywell.

The movie Synthetic-track.mpg� illustratesthe tracking resultson both sequences.

In the movie, the upperleft cornershows oneof the input camerasequences,the upper

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

� All movie clips of this chapter can be found at
http://www.cs.cmu.edu/˜german/research/Thesis/Video/Chapter8/
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Figure8.6: Graphscomparingground-truthandestimatedjoint anglesof theleft armandright leg
of thesyntheticsequenceKICK. Theestimatedjoint anglescloselyfollow theground-truthvalues
throughoutthewholesequence.Thetrackingresultsof theKICK sequencecanbeseenin themovie
Synthetic-track.mpg.

on oneof theinput images(which areconvertedfrom color to gray-scale).Thelower left

cornerdepictstheground-truthmotionrenderedusinganavatarandthelower right corner

representsthe trackedmotionswith thesameavatar. Theavatarrenderingsshow that the

ground-truthandtrackedmotionsarealmostindistinguishablefrom eachorder.
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8.3.2 RealSequences

Our trackingalgorithm is testedon a variety of real humansubjectsperforminga wide

rangeof motions. For SubjectG,threevideo sequences:STILLMARCH (158 frames),

AEROBICS (110 frames)andKUNGFU (200 frames)werecapturedto testthe tracking

algorithmwith eightcamerasusedin eachsequence.Figures8.7 and8.8 show the track-

ing resultson the AEROBICS andKUNGFU sequencesrespectively. Each�gure shows

selectedframesof thesequencewith the(color) trackedbodypartsandthe joint skeleton

overlaid on oneof the eight camerainput images(which areconvertedto gray-scalefor

display). Themovie SubjectG-track.mpg containsresultson all threesequences.In the

movie, theupperleft cornerrepresentsoneof theinput cameraimagesandtheupperright

cornerillustratesthetrackedbodypartswith joint skeletonoverlaidonagray-scaleversion

of the input images.Thelower left cornerillustratestheresultsof applyingtheestimated

motiondatato a 3D articulatedvoxel model(obtainedfrom thearticulatedCSPmodelas

discussedat the endof Section7.3) of the personwhile the lower right cornershows the

resultsof applying the estimatedmotion datato an avatar. The video demonstratesthat

our trackingalgorithmtrackswell on bothsimplemotions(STILLMARCH, AEROBICS)

andcomplicatedmotions(KUNGFU). Note that in the above threesequences,the rem-

edydiscussedin Section8.2.5is not usedfor dealingwith theproblemof local minimum.

Sincethe motionsin the STILLMARCH andAEROBICS aresimple,no local minimum

problemsareencounteredin thesetwo sequences.However, for theKUNGFU sequence,

the trackingof the right arm is lost in frame91 for 10 framesdueto local minimum but

recoversautomaticallyat frame101.

A motion sequenceTHROW (155 frames)of SubjectSis captured.The sequenceis

�rst trackedby our algorithmwithout usingthe local minimumremedy. Sincebodyparts

arenotcheckedfor collision,whentheleft armis verycloseto thebodyat frame70, local

minimum pulls the left arm insidethe body (seeFigure8.5(a)). Moreover, the tracking

of both legs is alsolost aroundframe43 (which is shown in Figure8.5(b))whenthe legs
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Figure8.7: Trackingresultsof the AEROBICS sequencewith 12 selectedframes. The tracked
bodypartsandjoint skeleton(renderedcolor)areoverlaidononeof theinputcameraimages(which
areconvertedfrom color to gray-scalefor clarity). The wholesequencecanbe seenin themovie
SubjectG-track.mpg.

startedto crosseachother. To resolve theseproblems,thesequenceis re-trackedwith the

local minimum remedyturnedon. The resultsareshown in Figures8.9 which shows 24

selectedframesof thesequencewith the(color) trackedbodypartsandthe joint skeleton

overlaid on oneof the eight camerainput images(which areconvertedto gray-scalefor

display).Thelocal minimaproblemsof thelegsandtheleft armaresuccessfullyresolved

by checkingfor bodypartcollision andreinitialization.ThewholeTHROW sequencecan

beseenin themovie SubjectS-track.mpg.

Two sequences:SLOWDANCE (270frames)andSTEP-FLEX(90frames)of SubjectE

arealsocapturedandtracked.Someof thetrackedframesareshown in Figure8.10for the

SLOWDANCE sequenceandFigure8.11for theSTEP-FLEXsequence(the trackingre-

sultsof bothsequencesareincludedin themovie clip SubjectE-track.mpg). Theshoulder

joint ambiguityproblem(Figure8.5(c))happensin theSLOWDANCE sequenceontheleft
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Step Approximate time required per frame
Segmentingrun-timeCSPs 0.26s

Trackingthetorso 61.6s
Trackingtheright arm 16.3s
Trackingtheleft arm 13.2s
Trackingtheright leg 49.7s
Trackingtheleft leg 56.0s
Collision detection 0.18s

Table8.1: Theapproximatetime requiredfor eachstepin our trackingalgorithm. It takeslonger
time to align the torsobaseandthe legs thanthearmsbecausethe formerhave muchmoreCSPs
thanthe latter. The time neededto segmentthe run-timeCSPsanddetectbody partscollision is
negligible compareto thatrequiredfor alignment.

arm aroundframe28 andon the right arm aroundframe85 thoughthe trackingrecovers

in later framesof the sequence(seemovie clip SubjectE-track.mpg for betterviews of

the problem). In the STEP-FLEXsequence,althoughthe waist joint is not modeled,our

trackingalgorithmis ableto approximatethebendingof thebody(aroundthewaist)using

thehip joints.

Table8.1givestheapproximatetimerequiredfor eachstepof ourtrackingalgorithm.It

takeslongertimeto alignthetorsobaseandthelegsthanthearmsbecausetheformerhave

muchmoreCSPsthanthelatter. Thetimeneededto segmenttherun-timeCSPsanddetect

bodypartscollision is negligible compareto thatrequiredfor alignment.Thesetimingsare

averagedfrom trackingthe�rst 100framesof theSLOWDANCE sequenceon a machine

with a750MHzPentiumCPU.
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Figure8.8: Trackingresultsof the KUNGFU sequencewith 24 selectedframes. The whole se-
quencecanbeseenin themovie SubjectG-track.mpg.
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Figure8.9: Trackingresultsof theTHROW sequencewith 24selectedframes.Thewholesequence
canalsobeseenin themovie SubjectS-track.mpg.
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Figure8.10:Trackingresultsfor theSLOWDANCE sequencewith 24selectedframes.Thewhole
sequencecanalsobeseenin themovie SubjectE-track.mpg.
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Figure8.11: Trackingresultsfor theSTEP-FLEXsequencewith 12 selectedframes.Thewhole
sequencecanalsobeseenin themovie SubjectE-track.mpg.

8.4 RelatedWork

Amongall of themodelbasedapproachesto trackhumanmotion,thework by Sidenbladh

et al. in [SDB00, SBF00], thatby DelamarreandFaugerasin [DF99], thatby Carranzaet

al. in [CTMS03]andthatby Mikic etal. in [MTHC03] arethemostrelatedto our tracking

algorithm.

Sidenbladhetal. [SBF00] performhumanmotiontrackingby �rst modelingtheperson

usingarticulatedcylindersasbodyparts.Eachbodypartis projectedinto areferenceimage

to createanappearancemodel[SDB00]. Usingaparticle�ltering framework [DBR00], the

articulated3D appearancemodelis thenusedto trackthemotion[SBF00]. As pointedout

by theauthorsthemselves,theirmodelworkswell for trackingasinglebodypartbut is too

weakfor constrainingthemotionof theentirebodywithoutusingspeci�c motionmodels.
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Hencetheir approachis restrictedto trackingsimplemotionssuchaswalking or running

for whichmotionmodelcanbecreatedby collectingexamples[SBF00].

In [DF99], silhouettecontoursfrom multiple camerasareusedto constraintthearticu-

latedmodel(which consistsof geometricprimitivessuchascylindersor truncatedcones)

of a person.Theway of generating“forces” to align 2D contoursof theprojectedmodel

with the silhouetteboundaryis similar to the geometricconstraintswe usein our track-

ing algorithm. In [CTMS03], Carranzaet al. �rst rendera humanmodelusinggraphics

hardwareandthencomparetherenderedimages(usingpixel-wiseXOR) with thesilhou-

etteimagesextractedfrom videosequencesto trackhumanmotion. Althoughit is unclear

exactly how their XOR errorsareformulatedasdriving forcesfor optimizing the motion

parameters,their grid-searchinitialization procedureprovidesa goodway to reducethe

problemof localminima.Mikic etal. alsousemultiple-view silhouettesin [MTHC03] for

motiontracking,althoughtheir bodypart �tting is donein 3D spaceandis closelyrelated

to ourpreviouswork in [CKBH00]. Noneof theabovework usescolor information,unlike

in ouralgorithm.

8.5 Discussion

Due to the high numberof degreeof freedomof the humanbody, motion tracking is a

di� cult problem. The problemis even morechallengingfor vision-based(no markers)

approachesbecauseof self occlusion,unknown kinematicinformation,perspectivedistor-

tion andclutteredenvironment.In this chapter, we have shown how to usetheVisualHull

Alignment ideato performhumanmotion tracking. Our trackingalgorithmhastwo ma-

jor advantagescomparedto othermodel-basedmethods.First, our personspeci�c models

consistof CSPswhichcloselyapproximatetheactualshapeof thebodyparts,with joint in-

formationestimateddirectly from themotionof theperson.Theaccuratekinematicmodel

givesbettershapeandjoint constraintsthanmethodswhichusessimpleapproximatingge-
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ometricprimitives. Secondlythe (color) appearancemodelprovidedby theCSPshelp to

combineseamlesslythegeometricconstraintsandthecolor consistency in onesingleop-

timizationformulation.Most othervision-basedmotiontrackingmethodslack this feature

of usingbothcolorandshapeinformationsimultaneouslyande� ectively.

For relatively simplemotions,suchastheSTILLMARCH andAEROBICSsequences,

our trackingalgorithmworksvery well. However, for complex motionssuchasthosein

the KUNGFU andTHROW sequences,our algorithmsu� ers from the problemof local

minima. This problemis unavoidablebecauseof the error minimization formulationof

thealgorithm.Althoughtheremedywe suggestedin Section8.2.5is ableto resolve some

of theselocal minimaproblems,thereareun-resolvablesituationssuchastheonein Fig-

ure 8.5(c). Anotherway to dealwith the local minima problemis to apply joint angles

limits (or the constraintsof reachableworkspaceasde�ned in [MLS94]) to the tracking

errormeasure.Moredetailsaboutthiswill bediscussedin Section10.2asfuturework.



Chapter 9

Human Motion Rendering

In the previous chapters,we have derived algorithmsto build detailedkinematicmodel

of humanbody and to perform motion tracking in video sequencesusing the acquired

model. In this chapter, we proposean algorithmto photo-realisticallyrenderthe articu-

latedhumanbody anddemonstratehow the algorithm canbe usedfor interestingcom-

puter graphicsapplicationssuch as generatingpicturesof “f aked” motion of a person

or exchangingmotions betweentwo people. The algorithm, which we called Image-

BasedArticulatedModel RenderingAlgorithm usestheimage-basedrenderingtechnique

[CW93, WHH95, GGSC96,LH96, SD96,McM97, SK98, Deb98,BSV+00, VBK02] to

render, from any viewpoint, thearticulatedhumanmodelperformingnew motion from a

setof “sourceimages”.Thedetailsof thealgorithm,includingtherequiredinput data,the

variousrenderingstepsandtheimplementationissuesaredescribedbelow.

141
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9.1 Image-BasedArticulated Model RenderingAlgorithm

9.1.1 Input Data

Thefollowing dataandinformationof apersonis assumedto beavailable:

1. An articulatedvoxel modelof thepersonbuilt usingthekinematicmodelingsystem

describedin Chapter7.

2. Videosequenceof thepersonperformingsomemotion. It is assumedthat thereare

K calibratedcamerasandthesequencecontainsJ framesof color images.We call

theseJK imagesasthesourceimagesandthe�rst frameof this sourcesequenceis

setasthereferenceframe.

3. Themotiondata(whichwewill referto asthesourcemotiondata)of thepersoncor-

respondingto hismotionin thevideosequencein (2) above. Themotioninformation

canbe obtainedusingour motion trackingalgorithmin Chapter7 or marker-based

motion capturesystem. The datais assumedto be registeredwith respectto the

referenceframe.

4. Targetmotiondatato beappliedto themodelfor rendering.Thetargetmotioncan

beobtainedfrom trackingthemotionof anotherpersonor from amotiondatabase.

9.1.2 Algorithm Outline

Our renderingalgorithmconsistsof threeparts: (I) pre-renderingprocessing,(II) pixels

renderingand(III) post-renderingprocessing.In thepre-renderingprocess,thearticulated

voxel model is �rst convertedto a mesh-basedmodel. Then the target motion data is

appliedto theconvertedmeshmodelto transformthebodypartsto their targetpositions.

The voxel-to-meshconversionis doneto ensurecontinuity betweenbody partswhenthe

target datais appliedto the model. In a voxel model, sincethe voxels arenot properly
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connectedaroundthe joints, discontinuityartifactshappenwhenthe personmoves. The

problemis avoidedwhenmesh-basedmodel is usedbecausemeshesareconnectedwith

eachotherat their vertices.In Section9.1.3.1,wewill suggesta simpleway to convert the

articulatedvoxel modelbuilt in Section7.3 to a meshmodelanddescribehow the mesh

verticesaroundthearticulationjoints aremoved�e xibly usingmotionweights.

After the meshmodel is transformedby the target motion data, it can be rendered

from any virtual cameraviewpoint. Hereafter, we call the renderedimageof the person

performingthe target motion as the target imageand its pixels as the target pixels. To

producephoto-realisticpictures,thesecondpartof our IBAMRA renderthe target image

usinganimage-basedrenderingtechniqueby which thetargetpixel colorsaretakenfrom

thesourceimages.This renderingprocessis illustratedin Figure9.1usingSubjectEasan

example.

For a targetpixel, its color is determinedusingthefollowing four renderingsteps.First

a viewing ray is castedfrom the (virtual) cameracenterthroughthe target pixel into the

3D space.The ray is intersectedwith the transformedmeshmodelof the person. If the

ray doesnot intersectthetransformedmodel,thetargetpixel is a backgroundpixel andis

assignedtheappropriatebackgroundcolor. Otherwise,thebodypartZ wheretheray �rst

intersectsthemeshmodel,togetherwith thepoint of intersection(hereafterdenotedby P

andreferredto asthetargetmodelpoint)arefound(Step1 in Figure9.1).Usingtheinverse

targetmotiontransformationequationsof partZ, thepositionof P at thesourcereference

frame,denotedby P1 is computed.OnceP1 is known, its positionsat all theothersource

frames,representedby fP j; j = 2; � � � � � � ; Jgarecalculatedusingthegivensourcemotion

data(Step2 in Figure9.1). We nameP j asthe sourcemodelpointsof the target pixel.

Oncecomputed,eachsourcemodelpoint P j is projectedonto the K sourcecolor images

of the j th frame.If theprojectedpoint is visible in thekth image,thecolorof theprojected

pixel is valid, otherwisethecolor is invalid (Step3 in Figure9.1). Finally thecolor of the

targetpixel is assignedto betheweightedaverageof thevalid sourcepixel colorsusingthe
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Figure9.1: Thepixel renderingpartof our Image-BasedArticulatedModelRenderingAlgorithm.
Fourstepsareusedto determinethecolorof a targetpixel.

viewing anglesbetweenthevirtual camera,thesourcecameraandthetargetmodelpointP

asweights(Step4 in Figure9.1). Theviewing anglebetweentwo camerasanda 3D point

is de�ned astheanglebetweenthetwo linesjoining thepointandthecameras.

The �nal partof our algorithminvolvesa post-renderingprocessto �ll in thosetarget

pixelswhosecolorscannotbedeterminedbecausetheir sourcemodelpointsareinvisible

in all of thesourceimages.Backgroundandshadowsarealsoaddedto enhancethephoto-

realismof the�nal image.As asummary, our renderingalgorithmis summarizedbelow:
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Image-BasedArticulated Model Rendering Algorithm (IBAMRA)

(I ) Pre-rendering Processing

Convert thearticulatedvoxel modelinto a meshmodelandapply thetargetmotion

datato theconvertedmeshmodel.

(II ) PixelsRendering

Determinethecolorof eachtargetpixel of thetargetimageby:

1. Intersecttheviewing ray (originatedfrom thevirtual cameracenter)of thetar-

get pixel with the transformedtarget meshmodel to locatethe target model

point P.

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

point P, usingboththetargetandsourcemotiondata.

3. For eachsourcemodelpoint P j andcamerak, if P j is visible to camerak at

frame j, projectP j into thekth color imagesof frame j andcollectthecolor of

theprojectedpointasa sourcepixel color.

4. Averagethesourcepixel colorscollectedin Step3 with weightsaccordingto

theviewing anglesbetweenthesourcecamera,thevirtual cameraandthetarget

modelpoint P. Settheaveragedcolorasthetargetpixel color.

(III) Post-renderingProcessing

Fill in colorsof the targetpixelswhich arenot visible in any of thesourceimages.

Add backgroundandshadows to the�nal targetimage.

9.1.3 Implementation Details

In thelastsection,webrie�y explain thestepsof our renderingalgorithm.Herewediscuss

someof the implementationissuesof the algorithm. Note that the ideaprovided in this

sectionfocusonsimplicity. Naturallythereareotherwaysto implementouralgorithm.
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9.1.3.1 Pre-rendering Processing

Therearetwo tasksto thepre-renderingprocess:convert thevoxel modelto ameshmodel

and apply the target motion data to the convertedmodel. To convert the voxel model

to a meshmodel, Marching CubesAlgorithm [LC87] is used. Sincethe voxel data is

discrete,themeshmodelgeneratedby theMarchingCubesAlgorithm is blocky. To remove

the blockiness,the meshis smoothed(but without beingshrunk)by applyinga low-pass

�lter to thepositionsof theverticesof themesh[JH97]. Oncethemeshis smoothed,the

samesegmentationalgorithmproposedin Section7.3 (seeFigure7.9) is usedto segment

the verticesto belongto di� erentbody parts. Eachtriangularfaceof the meshis also

segmentedaccordingto thesegmentationof its threevertices(i.e. a faceis segmentedas

belongingto bodypartZ if 2 or moreof its verticesbelongto Z).

Onewayto applythetargetmotiondatato themeshmodelis to moveeachvertex of the

meshaccordingto the6D transformationof thebodypart thevertex belongsto. Though

simple,this methodcausesabruptchangesof themesharoundthe joints wheretwo body

partsmeet. To createsmoothertransitionof themeshbetweenbodyparts,eachvertex is

transformedby a weightedsumof the motionsof the bodypart aroundthat vertex. This

idea,which is alsoknown asskinning, is commonlyusedin the computeranimationof

skin. Here we suggesta very simple way to computethe weights. Figure 9.2 shows a

vertex V andall theverticeswhichshareanedgewith V. Thesegmentationof thevertices

arealsoindicatedin the�gure by blackandwhite dotswhich representtwo di� erentbody

parts.Theideais to setthemotionweightof V w.r.t. abodypartasthefractionof vertices

aroundV (includingV itself) which areclassi�ed asbelongingto thatbodypart. For the

examplein Figure9.2,themotionweightfor V w.r.t thebodypartrepresentedby theblack

dot is 3
7 while thatrepresentedby thewhitedotwouldbe 4

7.

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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V

Motion weight of the body part 
represents by the black dot = 3 / 7

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

V

Motion weight of the body part 
represents by the black dot = 3 / 7

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

Figure 9.2: Pre-renderingprocessing:motion weights for a vertex V are calculatedusing the
segmentationsof theverticesaroundV.

with all the facesof the articulatedmeshmodelandchoosethe onewhich is closestto

thecamera.However, in practicethis approachis too slow asthemodelusuallycomposes

of thousandsof faces. Instead,we employ the graphichardware accelerationidea (the

itembu� er) that is usedin [WHG84, VBK02]. Eachmeshfaceof themodelis assigneda

distinctRGB color asits identity (ID) number(notethatwith color of 24 bits, up to 16M

facescanbe assignedwith distinct ID numbers).After the model is transformedby the

target motion data,the meshfacesarerenderedwith their ID colorsusingOpenGLand

graphichardware. The triangularfacethat intersectsthecastingray of a target pixel can

easilybefoundby readingtheID colorof thesamepixel of therenderedID picture.Once

theintersectingmeshfaceis found,it is intersectedwith theviewing rayto locatethetarget

modelpoint P.

Step2: Compute the sourcemodelpoints P j

Becauseof the motion weighingstrategy (Section9.1.3.1)usedto smooththe motion of

the model nearthe joints, someof the meshfacesare stretchedafter the target motion

datais applied(seeFigure9.3). The following procedureis usedto compensatefor this

stretchingwhencalculatingP1 (thesourcemodelpointat thereferenceframe)from P. Let

V1; V2; V3 be the verticesof the intersectingmeshfaceafter applying the target motion

data,andV1
1; V2

1; V3
1 bethecorrespondingverticesof thesamefaceat thereferenceframe.
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Figure9.3: Step2 of thepixel renderingprocess:meshfaceis stretchedbecauseof thedi� erent
motionweightsof thevertices.This stretchinghasto becompensatedwhencalculatingP1 from P.

NotethatV1
1; V2

1; V3
1 areknown andV1; V2; V3 canbecalculatedusingthemotionweights.

Now sinceP lieson andinsidethetriangularpatchformedby V1; V2; V3, wehave

P = a1V1 + a2V2 + a3V3 ; (9.1)

wherea1; a2; a3 areconstantslies between0 and1. Now we apply the sameconstantsto

thecorrespondingverticesV1
1; V2

1; V3
2 at thereferenceframeas

P1 = a1V1
1 + a2V2

1 + a3V3
1 : (9.2)

By substitutingEquation(9.1) into Equation(9.2),P1 is calculatedby

P1 =
�

V1
1 V2

1 V3
1

� �
V1 V2 V3

� � 1

P : (9.3)

Step3: Project P j onto visible sourceimagesto getvalid sourcepixel colors

After computingthesourcemodelpointsP j, they areprojectedinto thesourcecolorimages

to get a total of JK sourcepixel colors that can be usedasthe color of the target pixel.

However, amongtheseJK pixel colors,only thosewhichcomefrom frame j andcamerak

suchthatP j is visible in camerak arevalid. Herewe suggesttwo di� erentapproachesto
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testthevisibility of P j againstthekth cameraat frame j: the3D approachasproposedin

Section8.2.3,andthe2D z-bu� erapproachusedin [FVFH92,VBK02]. The�rst approach

checksthevisibility directly by intersectingtheline joining thepoint andthecamerawith

thevisibility spaceformedby thehumanarticulatedvoxel model(seeSection8.2.3).Since

this approachinvolves intersectinga line with a voxel model, it is relatively slow. The

secondapproach�rst generatesa2D depthimageof thevoxel modelat frame j of camera

k usingthe z-bu� er graphichardware. The visibility of any point is thendeterminedby

�rst projectingthepoint into thedepthimageto geta depthvalueandthencomparingthis

depthvaluewith thedistanceof thepoint from thecamera(detailsof theapproachcanbe

foundin [FVFH92,VBK02]). This2D z-bu� erapproachof testingvisibility is fasterthan

the3D approachbecausethedepthimagescanbegeneratedin advanceandthe testonly

requiresone3D to 2D projectionandonescalar(depth)comparison.

Step4: Averagethe visible sourcepixel colors according to the viewing angles

Thenaivewayfor calculatingthetargetpixel color is to simplyaveragethesetof all visible

sourcepixel colors.Thereare,however, two problemsassociatedwith thisnaiveapproach.

Firstof all, amongthevisiblesourcepixels,someof themareatobliquedirectionsbetween

thesourceandthevirtual cameras.In generalthesepixelsarenot reliableandshouldnot

be usedin calculatingthe target pixel color. Secondly, dueto variationsin cameracolor

responses,averagingall the visible pixel colorswould leadto a “blur” e� ect andreduce

thesharpnessof theresultingtargetpictures.

Todistinguishreliablesourcepixelsfromtheunreliableones,weusetheviewingangles

betweenthevirtual camera,the thesourcecamerasandtargetmodelpointsasweightsto

averagethesourcepixel colors. For simplicity, theviewing anglesareall calculatedw.r.t.

thereferenceframe.Figure9.4shows anexampleof computingtheviewing anglefor the

sourcepixel color from thekth cameraat the j th frame.Thebasicideais to transformboth

thevirtual cameraCvirtual andthekth sourcecameraCk to thereferenceframe.Let the6D

transformationsbetweenP (the target frame)andP1 (the referenceframe)be T andthat
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Figure9.4: Step4 of thepixel renderingprocess:computingtheviewing anglebetweenthevirtual
camera,thekth sourcecameraat the j th frameandthetargetmodelpoint P.

betweenP j (the j th sourceframe)andP1 beT j, i.e. P1 = T(P) andP1 = T j(P j) (Notethat

bothT j andT canbefoundfrom thetargetandthesourcemotiondata).Now theposition

of Cvirtual andCk at thereferenceframearegivenasT � 1(Cvirtual) andT� 1
j (Ck) respectively.

Theviewing angle� k
j is thencalculatedusingthefollowing equation:

cos� k
j =

(T� 1
j (Ck) � P1) � (T� 1(Cvirtual) � P1)

kT� 1
j (Ck) � P1kk(T� 1(Cvirtual) � P1k

: (9.4)

Notethatsincethereliability of thesourcepixel is inverselyproportionalto theviewing

angle(i.e. thesmallertheviewingangle,themorereliablethepixel is),wegenerateweights

(see[DTM96, VBK02]) for eachcolor pixel as 1
1� cos� k

j
. Onceall the viewing anglesare

calculated,the valid sourcepixel colorsaresortedaccordingto their associatedweights.

The sourcepixel colorscorrespondto then largestweightsarethenaveragedusingtheir

weightsto generatethetargetpixel color. Thevalueof n is chosento besmall in orderto

getasharptargetpicture.

9.1.3.3 Post-Processingof Rendered Image

Dependson thesourceimagesused,theremayexist sometargetpixelswhosepixel color

cannotbedetermined.This happenswhenthe3D sourcemodelpointsP j of a targetpixel

areinvisible in all of the cameras.To �ll 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 thoseneighborsfrom thesamebodypartastheholepixel areused,soasto

prevent theartifactsof color di� usionbetweenbodyparts.Besidesholes�lling, shadows

andbackgroundareaddedto therenderedimageto increasephoto-realism.For thesakeof

simplicity we useaneasyplanarsurfaceshadowing technique[Bli88], thoughothermore

sophisticatedsoft shadow generationmethods[WPF90] canalsobeused.

9.1.4 Experimental Results

Two setsof real dataexperimentsareperformedto studythe performanceof our render-

ing algorithm. ExperimentI comparesdi� erentwaysof renderingthemotion: (1) render

thetransformedvoxel modeldirectly, (2) renderthetransformedmeshmodeldirectly and

(3) renderusingour Image-BasedArticulatedModel RenderingAlgorithm. Thee� ectof

thenumberof averagingsourcepixelson thequality of therenderedtargetpicturesis also

studiedin ExperimentI. ExperimentII investigateshow well our renderingalgorithmper-

formsby comparingtherenderedimageswith real imagesof thesamepersonperforming

thesamemotion.

9.1.4.1 Experiment I

In the �rst renderingexperiment,the kinematicmodel of SubjectE(seeFigure7.10(b))

is renderedwith the PUNCH motion (which was usedto test the tracking algorithm in

Section8.3.1). We usetheESTILL sequence(which wascapturedin Section7.2 to build

thevoxel modelof SubjectE)asthesourcesequencewith a total of 240sourceimages(8

cameraswith 30framespercamera).Figure9.5showsrenderedresultsof the38th frameof

thetargetPUNCHmotion.In thetoprow of the�gure, thevirtual camerais setto coincide

with camera3 of thesourcesequence.In themiddlerow thevirtual camerais placedat a

new position. The bottomrow of the �gure redisplaystheportion of the top row images

(wherethefaceis)atahigherresolutionfor bettervisualcomparison.Figures9.5(a)and(b)

respectively show resultsof directrenderingof thecoloredvoxel andtexture-mappedmesh
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(a) (b) (c) (d) (e)(a) (b) (c) (d) (e)

Figure9.5: Imagesobtainedby (a) directrenderingof thecoloredvoxel model,(b) directrender-
ing of the texture-mappedmeshmodel, (c) usingthe Image-BasedArticulatedModel Rendering
Algorithm with eachtargetpixel color averagedfrom 1 sourcepixel, (d) 5 sourcepixelsand(e) 9
sourcepixels.Thetoprow showsresultswith thevirtual camerasetto coincidewith camera3 of the
sourcesequence.Themiddle row shows resultswith thevirtual 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) show renderingresultsusingthe Image-

BasedArticulatedModelRenderingAlgorithm with eachtargetpixel coloraveragedusing

1, 5 and9 sourcepixels(of highestweights)respectively.

ComparingFigures9.5(a),(b) and(c), the imagesobtainedusingour renderingalgo-

rithm aremuchshaperthanthoseobtainedfrom directrenderingof eitherthevoxel or mesh

models,especiallyatdetailedareasuchastheface.Moreover, thevoxel modelalsosu� ers

from joint discontinuityproblem(seebothkneejoints in Figure9.5(a)).Notethatthewhite

patchesin Figure9.5(b)representsthepartof themeshmodelwhereno texturecanbeob-

tainedfrom the sourcesequence.From Figure9.5(c), (d) and(e), it canbe seenthat the

renderedimagesusingdi� erentnumberof averagedsourcepixelsarevisuallyverysimilar
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(a)

(b)

(a)

(b)

Figure 9.6: Selectedframesof the SubjectEperforming the PUNCH motion renderedusing
IBAMRA with theESTILL sequenceasthesourcesequence.Oneaveragingpixel is usedto gen-
eratethesepictures.Backgroundwith soft shadows areaddedto increasethephoto-realismof the
images.In (a)theviewpointis setasthesameascamera3of thesourcesequencewhileacompletely
new viewpoint is usedto generatepicturesin (b). Therenderedsequencefrom bothviewpointscan
beseenin thevideoclip SubjectE-rendered-PUNCH.mpg.

to eachother, indicatingthat if the camerasarewell color-balanced(which is thecasein

the ESTILL sourcesequence),our renderingalgorithmis not sensitive to the numberof

averagedsourcepixelsused. Notethatdueto occlusion,someof thetargetpixelsdo not

have enoughvisible sourcepixelsfor averagingassetby thealgorithm.In suchcases,the

colorof thetargetpixel is obtainedby averagingall thevisible sourcepixel colors.

Figure9.6showssomeselectedframesof therenderedsequence(usingIBAMRA with

1 averagingsourcepixel color) of SubjectEperformingthePUNCHmotionfrom two dif-

ferentcameraviewpoints. The renderedsequencesfrom both viewpoints, togetherwith

four of theeightsourceimagessequences(ESTILL) andsequenceof astick�gure illustrat-

ing thePUNCHmotionareincludedin thevideoclip SubjectE-rendered-PUNCH.mpg� .

� All movie clips of this chapter can be found at
http://www.cs.cmu.edu/˜german/research/Thesis/Video/Chapter9/
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(a)

(b)

(a)

(b)

Figure9.7: Comparisonbetweenrenderedimagesand real imagesof SubjectSperformingthe
THROW motion: (a) renderedimagesof the THROW motion usingthe SSTILL sequenceasthe
sourcesequence,(b) correspondingimagesfrom the THROW sequence.It canbe seenthat the
qualityof therenderedimagesarecomparableto therealimages.

9.1.4.2 Experiment II

Oursecondexperimentcomparesrenderedimageswith realimagesof apersonperforming

the samemotion. We renderedSubjectSwith themotion datatracked from theTHROW

sequencein Section8.3.2 using the SSTILL sequence(capturedin Section7.2) as the

sourceimages.Somerenderedframeswith thevirtual camerasetto sourcecamera7 are

shown in Figure9.7(a).Thecorrespondingrealimagesof theTHROW sequencefrom the

samecameraareshown in Figure9.7(b) for comparison.It canbe seenthat the quality

of therenderedimagesarecomparableto thereal images.Therenderedimagesfrom two

di� erentcameraviewpoints,togetherwith thecorrespondingrealimagesfromtheTHROW

sequencecanbefoundin thevideoclip SubjectS-rendered-THROW.mpg.

Table9.1 lists the averagedtime requiredfor eachstepof our renderingalgorithmto

generatethe imagesin ExperimentII. Note that in our implementation,the depthinfor-
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ProcessingStep ApproximateTime required

I. Pre-renderingProcessing:
Convert thevoxel modelto meshmodel 4.2s
Smooththemeshmodel 78.3s

II. PixelsRendering
Step1: Intersectviewing ray 1.5sperimage(640x 480pixels)
Step2: Computesourcemodelpoints 8.7sperimage(640x 480pixels)
Step3: Projectmodelpointsandtestvisibility 258sperimage(640x 480pixels)
Step4: Getandaveragesourcepixels 244sperimage(640x 480pixels)

III. Post-renderingprocessing:
Add backgroundandrendershadows 1.7sperimage(640x 480pixels)
Fill holes 0.26sperimage(640x 480pixels)

Table9.1: Theapproximatetimerequiredfor eachprocessingstepof theImage-BasedArticulated
ObjectRenderingAlgorithm.

mationusedto testvisibility is storedin the computermemorywhile the sourceimages

areaccessedfrom thehard-diskswhenever needed.This explainswhy Step4 of thepixel

renderingprocessrequiresmuchlongertime thanjust averagingthe sourcepixel colors.

Thetiming resultsareobtainedonamachinewith a750MHzPentiumCPU.

9.1.5 Applications

Themostdirectapplicationof our renderingalgorithmis to generatepicturesof a person

performingsome”f aked” motion. Goodexamplesarethe resultsshown in ExperimentI

andII above. Our algorithmcanalsobeappliedto alteror edit videoof humanmotions,

similar to SeitzandKutulakos'sideaof videoeditingin [SK98]. Anotherinterestingappli-

cationof ouralgorithmis to exchangemotionsbetweenpeople.

Considerthescenarioshown in Figure9.8wheretwo peopleperform(separately)two

di� erentmotions.Assumethemotionsarerecordedby multiplecameras.Thevision-based

motionexchangeideais to rendernew videosof eachpersonperformingthemotionof the

otherperson,after building their articulatedmodelsandtracking their motionsfrom the



156 Chapter9. HumanMotion Rendering

Input

Output

Videos of martial arts 
master kung-fu fighting

Videos of ballet expert 
dancing 

Videos of martial arts 
master dancing 

Motion
Tracking

Motion
Rendering

Processing Kinematics
Modeling

Videos of ballet expert 
kung-fu f ighting

Input

Output

Videos of martial arts 
master kung-fu fighting

Videos of ballet expert 
dancing 

Videos of martial arts 
master dancing 

Motion
Tracking

Motion
Rendering

Processing Kinematics
Modeling

Videos of ballet expert 
kung-fu f ighting

Figure9.8: Motion Transferbetweentwo people.

recordedvideo.

To illustratethis ideawe exchangethemotionsKUNGFU, STEP-FLEXandTHROW

(whichwereall trackedin Section8.3.2)of SubjectG, SubjectEandSubjectS.Morespecif-

ically, themotionKUNGFU (originally performedby SubjectG)is transferredto SubjectS,

themotionTHROW (originally performedby SubjectS)is transferredto SubjectEandthe

motion STEP-FLEX(originally performedby SubjectE)is transferredto SubjectG.The

sequencesESTILL, GSTILL andSSTILL areusedasthesourcesequencesandthetarget

motionsaresmoothedbeforeapplyingto themeshmodels.Figure9.9(a)shows someof

theimagesfrom therenderedsequenceof SubjectEperformingtheTHROW motionwhile

Figure9.9(b)shows theimagesfrom theoriginal THROW sequenceof SubjectS.Despite

somevisualartifacts,it canbeseenthatwesuccessfullytransferthemotionsfrom SubjectS

to SubjectE.Thevideoclips SubjectE-transfer-THROW.mpg shows someof thesource

images,theTHROW motionandrenderingresultsfrom di� erent�x edandmoving virtual

cameraview-points.
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(a)

(b)

(a)

(b)

Figure 9.9: The THROW motion is transferredfrom (b) SubjectSto (a) SubjectE.The whole
sequencecanbefoundin thevideoclip SubjectE-transfer-THROW.mpg.

(a)

(b)

(a)

(b)
Figure9.10: TheKUNGFU motion is transferredfrom (b) SubjectGto (a) SubjectS.Thewhole
sequencecanbefoundin thevideoclip SubjectS-transfer-KUNGFU.mpg.
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(a)

(b)

(a)

(b)
Figure9.11:TheSTEP-FLEXmotionis transferredfrom (b) SubjectEto (a)SubjectG.Thewhole
sequencecanbefoundin thevideoclip SubjectG-transfer-STEP-FLEX.mpg.

Similarly therenderedandoriginal imagesof transferringtheKUNGFU motionfrom

SubjectGto SubjectSand that of STEP-FLEX motion from SubjectEto SubjectGare

shown in Figures9.10 and 9.11 and respectively in the video clips SubjectS-transfer-

KUNGFU.mpg andSubjectG-transfer-STEP-FLEX.mpg.

9.2 RelatedWork

In work concurrentwith this paper, Carranzaet al. renderedtracked humanmotion us-

ing a view-dependenttexture mappingalgorithmwhich is similar to our pixel rendering

algorithm[CTMS03]. However, they do not renderthe personwith any new motion or

perform motion transfer. In [VBK02], Vedulaet al. proposedan image-basedspatial

andtemporalview interpolationalgorithmfor non-rigiddynamiceventsusingscene�o w

[VBR+99,VBSK00]. Therearetwo majordi� erencesbetweenour algorithmandtheone



9.3.Discussion 159

in [VBK02]. The �rst di� erencelies in the type of modelsused. In our renderingalgo-

rithm, weassumethehumanmodelconsistsof articulatedrigid bodyparts,eachwith rigid

motionswhile in [VBK02], theauthorsassumethehumanis totally non-rigidwith motions

representedby thescene�o w. Moreover, Vedulaet al. aim at “interpolating” themotion

spatiallyandtemporallywhile we focuson “extrapolating”the humanbody modelwith

new motions. Note that someof the speedoptimizationtechniquesin [VBK02] andthe

original view-dependenttexturemappingideaby Debevecet al. in [DTM96] areadopted

in ouralgorithm.

9.3 Discussion

Therecordingandreplayingof staticanddynamiceventshavebeenaveryactive research

topic in computervision andgraphicsover the last ten years[DTM96, KRN97, RNK97,

Sei97,KSV98,Deb98, NRK98,SBK+99,BSV+00]. In thecaseof dynamicevents,all of

theabovesystemsreplayedtheeventsaccordingto whathaveactuallyhappened.Although

thereis researchonremoving/addingobjects/persons[IRP94, SK98, TSA01,JFB02] from

anvideosequence,andrecentlywork on increasingthespatialand/or temporalresolution

of renderinga dynamicevent [Ved01,VBK02, SCI02], little attemptshasbeenmadeto

replayan“altered”dynamicevent.Here“altered”meansthecourseor motionsof theper-

sonsor objectsin thereplayarechangedanddi� erentfrom whathave actuallyhappened

(andrecorded)in thevideosequences.Theability to replayanaltereddynamicsequence

is usefulin a lot of entertainmentandvisual e� ectsapplications.For example,in chore-

ographinga dancingperformance,the choreographercanseethe e� ect of adjustingthe

positionsof thebody/arms/legsof thedancerseasilywithoutaskingthemto re-performthe

dance.Anotherextremeexampleis in movie makingwhenthedirectorcanchangeascene

of themovie without re-shootingit.

While replayinganeventtruthfully andphoto-realisticallyfrom anew virtual viewpoint
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is alreadyachallengingtask,replayinganalteredeventis evenmoredi� cult asit involves

solvinga lot of di� cult computervision andgraphicsproblems:how to accuratelytrack

people/objectsin thevideo,how to remove/addobjects/peopleto thescene[IRP97, SK98,

JF01,TSA01], how to estimateandsimulatethe lighting conditions[SSI99, SSI03]and

how to renderchangedmotionphoto-realistically. Thepurposeof thischapteris to provide

a feasiblesolutionto the last problem. We have shown that with an accuratearticulated

modelandvideo sequences(with tracked motion) of a person,videosof the personper-

forming new or alteredmotioncanbecreatedusingour image-basedrenderingalgorithm.

Comparedto directrenderingof a texture-mappedmodel,ouralgorithmis ableto generate

muchmorephoto-realisticlooking pictures.

Therearetwo factorswhich causethevisualartifactsin theimagesrenderedusingour

algorithm.First,althoughwehaveadoptedtheweightedsumapproachfor transformingthe

meshverticesbetweenbodyparts,thetransitionarenotsmoothenoughwhenthemotionis

large.Thisproblemcanbesolvedif moresophisticatedskinningmethodssuchasthosein

[SK00,WP02]areused.Secondly, sincethepositionof the3D sourcemodelpoint (which

in turndeterminethesourcepixel color)in eachsourceframeis calculatedusingthemotion

dataof the sourceimagesequence,any trackingerrorsin the sourcemotion datawould

causethealgorithmto pick thewrongsourcepixel color. To reduceartifactscausedby this

problem,it is importantto make surethe motion of the personin the sourcesequenceis

trackedcorrectly. For thisreason,sourcesequenceswith simpleandeasilytrackedmotions

(suchastheSTILL sequences)arebetterthanthosewith complex motions.
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Conclusion

Theultimategoalof this thesisis to studyhow traditionalShape-From-Silhouettemethods

canbeimprovedto applybetterto theproblemsof humanarticulatedbodymodeling,mo-

tion trackingandrendering.Two problems,non-realtimereconstructionspeedandcoarse

shapeapproximation(causedby an inadequatenumberof cameras),which prohibitedthe

e� ective useof traditionalSFSalgorithmsin humanrelatedapplicationswereconsidered.

We addressedthe �rst problemby proposinga fast testing/projectionalgorithm(SPOT)

for voxel-basedSFSalgorithms. To dealwith the secondproblem,we combinedsilhou-

etteinformationovertimeto e� ectively increasethenumberof cameraswithoutphysically

addingnew cameras.The resultingtemporalSFSalgorithmwas�rst developedfor rigid

objectsandthenextendedto multiple andarticulatedobjects. ThesetemporalSFSalgo-

rithms wereappliedto acquirekinematic(shapeandjoint positions)modelsof humans.

Oncethearticulatedhumanmodelswerebuilt, they wereusedfor motiontracking(analy-

sis)andmotionrendering(synthesis).
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10.1 ThesisContrib utions

Thecontributionsof this thesiscanbecategorizedinto two areas:(1) theoreticalanalysis,

improvementof andextensionsto Shape-From-Silhouetteand(2) practicalapplicationsof

theimprovedalgorithmsto humanrelatedproblems.

Theoretical Contributions to Shape-From-Silhouette:

� Analysis of silhouette image noise. The e� ect of noisy silhouetteimageson the

accuracy of the traditional voxel-basedSFSmethodwas analyzed. Basedon the

analysis,a fast testingalgorithmSPOT for voxel-basedSFSmethodswasderived.

The main contribution of SPOT is that it provides a speed-optimizedstrategy for

reconstructiongivena requiredaccuracy ratioandknowledgeof thesilhouettenoise

statistics.

� Visual Hull representationby Bounding Edges.Wede�nedthenotionof aBound-

ing Edgeandproposedusingit asa representationof aVisualHull. Wealsoshowed

thattheSecondFundamentalPropertyof VisualHulls (2nd FPVH) is closelyrelated

to the de�nition of a BoundingEdge. This thesisestablishedandemphasizedthe

importanceof the 2nd FPVH (which previously hasoften beenoverlooked by SFS

researchers)in shapereconstructionasit expressesoneimportantaspectof how the

shapeinformationof theobjectis storedin thesilhouetteimages.

� Theoretical study of Visual Hull alignment ambiguity. We showedthat theprob-

lem of aligningtwo VisualHulls usingsilhouetteimagesonly is inherentlyambigu-

ousandis governedby a setof geometric(shape)constraints.Also, by expressing

the constraintsin termsof BoundingEdgesandsilhouetteimages,an inconsistent

alignmentbetweentwo VisualHulls canbeeasilyrejectedusingsimpletests.
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� Temporal Shape-From-Silhouettealgorithm for rigid objects. Oneof themajor

contributions of this thesisis the developmentof the temporalSFSalgorithm for

rigid objects.ThealgorithmextractsColoredSurfacePoints(CSPs)on thesurface

of the objectusingstereoandappliesboth geometric(shape)constraintsandcolor

consistency of the CSPsto resolve the alignmentambiguity. Oncethe motionsof

the objectarerecovered,a re�ned shapeof the object is reconstructedusingall of

thesilhouetteimages(after themotionis compensatedfor) capturedover time. Our

algorithmnot only extendstraditionalSFSover time, but it alsocombinesthe key

advantagesof the two importantandcomplementary[BSK01] shapereconstruction

principles:Shape-From-SilhouetteandStereo.

� Temporal Shape-From-Silhouettealgorithm for articulated objects. Using the

Expectation-Maximizationparadigm,the temporalSFSalgorithmwasextendedto

articulatedobjects.It �rst iteratively segmentsandalignstheextractedCSPsto es-

timatethe shapeandmotion of individual partsof the articulatedobject. Oncethe

motionsof all partsarerecovered,thejoint positionsareestimatedusingarticulation

constraints.Theextensionto includearticulatedobjectsis a critical contribution as

it allowsusto applythetemporalSFSalgorithmsto thehumanbody(whichapprox-

imatelyconsistsof articulatedparts)for kinematicinformationacquisition.

Practical Contributions to Human RelatedApplications:

� Real-time3D voxelmotion reconstructionsystem.Basedon SPOT, we havebuilt

a real-timesystemwhichreconstructsrough3D voxel modelsof apersonand�ts el-

lipsoidalshellsasbodypartsto themodel.Thissystemhasinspiredtheconstruction

of otherreal-timepeopletracking/postureestimationsystems[MHTC01, LSS02].
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� Articulated human body modeling. This thesisproposeda step-by-stepprocedure

to acquirearticulatedmodels(with accurateshapeinformationandjoint location)of

humanbodiesusingonly camerasandanuncalibratedturn-table.Our vision-based

procedureprovidesaninexpensivealternativefor humanbodymodelingto expensive

laser-scanningbasedcommercialsystems(mostatwhichacquirebodyshapewithout

thejoint information).

� Vision-basedhuman motion tracking fr om video sequences.Anothercontribu-

tion of this thesisis that we successfullyappliedthe temporalSFSalgorithms(of

articulatedobjects)to thedi� cult problemof non-invasive humanmotion tracking.

We built a practicalvision-basedsystemwhich emphasizedtwo importantaspects:

(1) usingdetailedperson-speci�cbodyshapemodelsand(2) combininggeometric

andphotometricconstraintsduring tracking. The systemaccuratelytrackscompli-

catedhumanmotionsfrom videosequenceswithoutusingmarkersof any kind.

� Image-basedarticulated model rendering for motion editing and transfer. This

thesishas demonstrateda practicalmotion transfersystemusing recordedvideo

sequencesof a personto generatephoto-realisticimagesof the samepersonper-

forming completelydi� erentmotion. The idea is realizedin practicethroughthe

Image-BasedArticulatedModel RenderingAlgorithm. We showedthatconvincing

imagesof a personperformingcomplicatedmotionscanbesynthesizedfrom video

sequencesof thepersonperformingsimplemotions.

10.2 Futur eWork

In ChapterThreewe studiedthee� ectof noisysilhouetteson theaccuracy of voxel-based

Shape-From-Silhouette.Besidessilhouettenoise,theshapeestimationaccuracy of SFSis

alsogreatlya� ectedby errorsin the cameraprojectionparameters.For SFSat a single

time instant,theprojectionerrorscomefrom inaccuratecameracalibration.For temporal
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SFSwith silhouettescapturedat di� erenttime instants,thereareadditionalerrorscaused

by mis-alignment.An in-depththeoreticalandquantitativeanalysisof how SFSis a� ected

by cameraprojectionerrors(similar to what we have donewith silhouettenoise)would

be very useful in deriving an optimal or robust SFSalgorithmfor both calibrationerrors

at a singletime, andalignmenterrorsacrosstime. Note that usingTsai's cameramodel

[Tsa87],Niem hasdonea preliminarybut limited analysisof cameracalibrationerrorson

SFSin his paper[Nie97]. This papercanbeusedasastartingpoint for suchastudy.

While our temporalSFSalgorithm can be usedto recover the motion and shapeof

moving rigid andarticulatedrigid objects,a lot of naturallyoccurringobjectsarenon-rigid

and/or 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-based3D shape/motionestimationmethods[ACLS94],

is to assumesuitabledeformableshapeandmotion modelsfor the object. The choiceof

deformablemodelis critical anddependsontheapplicationit maynotbeaneasytask.The

seconddi� culty is causedby thefactthatsinceour temporalSFSalgorithmis not feature-

based,the CSPsarenot tracked over time andthereis no point-to-pointcorrespondence

betweentwo setsof CSPsextractedat di� erentinstants.Henceit is unclearhow thecho-

sendeformablemodelcanbe appliedto the CSPsacrosstime. Despitethesedi� culties,

however, thepossibilityof extendingtemporalSFSto non-rigidobjectsis worth studying

asit wouldhelpto solve importantnon-rigidtrackingproblemsin computervision.

Althoughourhumanmotiontrackingalgorithmworkswell, it su� ersfrom theproblem

of local minimum which is commonin methodsthat usethe error optimizationformula-

tion. In Chapter8 we suggestedto includejoint angleslimits to minimizetheproblemof

local minimum. This line of futurework is brie�y describedbelow. Prior to tracking,the

allowablerangeof motions(of all thelimbs dueto thejoint angleslimits) of thepersonis

recordedor estimated.Thespaceof all joint parametersis thendividedinto thevalid and
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invalid workspaces.This a priori workspaceinformationcanthenbeincorporatedinto the

trackingoptimizationequationsby addingvery high errorsto theerrorcriterionwhenthe

bodyjoint anglesarein theinvalid workspace,while noextraerroris addedwhenthejoint

anglesarein thevalid zones.This approachwould e� ectively remove thelocal minimum

vulnerabilityof our trackingalgorithmto the�rst andsecondsituationsdiscussedin 8.2.5.

The �nal proposedfuturework is to improve the implementationof the Image-Based

Articulated Model RenderingAlgorithm. Possibleareasof improvementinclude better

meshsmoothingmethods(after thevoxel modelis convertedto thesurfacemodel),better

skinningtechniquesto computethemotionaroundthejoints,motiondatare-targetingand

betterhole�lling methodsin thepost-renderingprocessing.
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Appendix A

Proof of Equivalenceof Visual Hull

De�nitions

To provethatthefollowing two de�nitions of VisualHull areequivalent.

De�nition I (IntersectingVisualCones):TheVisual Hull H j with respectto a setof con-

sistentsilhouetteimagesfSk
jgis de�ned to bethe intersectionof the K visualcones,each

formedby projectingthesilhouetteimage Sk
j into the3D spacethroughthecamera center

Ck.

De�nition II (Maximally Exactly Explains): TheVisual Hull H j with respectto a setof

consistentsilhouetteimagesfSk
jgis de�nedto bethelargestpossiblevolumewhich exactly

explainsfSk
jgfor all k = 1; � � � � � � ; K.

Proof:

Let'sdenotetheVisualHull de�nedby the�rst de�nition (visualconesintersection)by H I

andthatde�nedby thesecondde�nition (maximallyexactlyexplains)by H I I . To provethe

two de�nitions areequivalentto eachother, we aregoingto prove H I I � H I andH I � H I I

asbelow.
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� Proofof H I I � H I :

1. It is su� ceto show thatfor any 3D point P, P 2 H I I =) P 2 H I .

2. To prove (1) above, let P be a 3D point insideor on the boundaryof H I I . Since

H I I exactly explainsall thesilhouettes,theprojectionsof P mustlie insideor on the

boundaryof all of thesilhouettes(or otherwiseH I I will not beexactly explainsthe

silhouettes).

3. From(2) we know that P hasto be insideor on theboundaryof the intersectionof

all thevisual conesformedby thecameracentersandsilhouettes(or otherwisethe

projectionof P liesoutsideoneof thesilhouettes).

4. Thestatementin (3) in turn implies P lies insideor on theboundaryof H I . Hence

H I I � H I .

� Proofof H I I � H I :

1. SinceH I is formedby intersectingthe visual conesformedby the silhouettes,the

projectionof H I into the kth cameramust lies inside all the silhouetteSk for all

camerask, i.e. � k(H I ) � Sk8k.

2. As we have assumedthat the silhouettesare consistent,thereexists a non-empty

objectO whichexactly explainsall thesilhouettes.

3. Combining(1) and(2) above, thevolumeH I [ O formedby theunionof H I and0

exactlyexplainall thesilhouettes.

4. Thestatementin (3) meansthatH I [ O � H I I sinceH I I is themaximalvolumethat

exactlyexplainsthesilhouettes.

5. Using(4) wehave H I � H I [ O � H I I . ThismeansH I � H I I .

CombiningbothproofswegetH I � H I I .



Appendix B

Proofsof Alignment Ambiguity Lemmas

B.1 Proof of Lemma 5.1

Lemma 5.1:

For aclosedandconnected2D object,its VisualHull from K silhouetteimagesis aconvex

polygonwith at most2K BoundingEdges.Conversely, any convex polygonwith M � 4

edgescanbe thoughtof asa Visual Hull formedfrom K silhouettesof someclosedand

connected2D objectwhereK = dM
2 e.

Proof:

Sincethe2D objectis connected,its silhouetteoneachcamerais acontinuousonedimen-

sionalline. Thismeansthattheboundingareaformedby eachcameraandits silhouetteis a

convex wedge.TheLemmais obviouslytruefor two-cameracaseastheintersectionof two

convex wedgeis a convex polygon. Now assumetheLemmais truefor M cameras.This

meanswecanrepresenttheVisualHull constructedfrom M silhouetteimagesby aconvex

polygonH(M) with L edgeswhereL � 2M . Supposewe addonemorecamera.Thenew

VisualHull H(M + 1) canbeobtainedby intersectingM(M) with theconvex wedgefrom

thenew camera.Assumetheconvex wedgeis boundby aleft boundBlef t andaright bound
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FigureB.1: Casesof intersectingan existing Visual Hull with a boundingwedgeformed
by a new cameraandits silhouette.Thenumber(i, ii, iii) at theendof eachedgesindicate
thecasespresentedin theproof.

Br ight). Dependson thepositionof thenew camera,we divide thesituationinto two cases

asfollows:

(a) The new cameracenteris inside or on the boundaryof H(M) which is shown in

FigureB.1(a).In thiscase,theleft boundBlef t of thewedgeintersectH(M) atoneof

thefollowing two cases: (i) Blef t coincideswith oneof theedgesof H(M), (ii) Blef t

intersectH(M) atonepoint. For (i), theintersectiondoesnotchangeH(M). For (ii),

the intersectionwill resultsin anotherconvex polygonwith at mostonemoreedge

thanH(M) (or lessedgesthanH(M)). Thesameappliesto Br ight. HenceH(M + 1)

is alsoaconvex polygonwith atmostL + 2 � 2(M + 1) edges.

(b) The new cameracenteris outsideof H(M) asshown in FigureB.2(b). Here Blef t

intersectH(M) at oneof the following threecases:(iii) Blef t coincideswith oneof

the edgesof H(M), (iv) Blef t intersectsH(M) at a corner, (v) Blef t intersectsH(M)
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at two points.For (iii) and(iv), theintersectiondoesnot changeH(M). For (v), the

intersectionwill resultsin anotherconvex polygonwith at mostonemoreedgethan

H(M) (or lessedgesthanH(M) in somecases).The sameappliesto Br ight. Hence

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

Combiningbothcases,H(M + 1) is aconvex polygonwith atmost2(M + 1) edges.Hence

by MathematicalInduction,theLemmais truefor any numberof cameras.
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FigureB.2: Examplesof reconstructingobjectO andlocationsof dL
2ecamerasto form the

convex polygonalVisualHull H. (a) L is even,(b) L is even.

-Conversepart:

Assumewe aregiven a convex polygon H with L � 4 edges. We have to show that it

is the Visual Hull formedby dL
2ecamerasof a closed,connectedobject. Now sinceH is

convex, any two non-adjacentedgeswill intersectat a point outsideH (If the two edges

areparallel, thenthey will intersectat a point at in�nity). Let's label the edgesof H in

clockwisedirectionandlet L0 = dL
2e. The edgesarethenpairedup every L0 edges.For

example,edge1 is pairedwith edgeL0 + 1, edge2 is pairedup with edgeL0 + 2, etc.

Moreover, let O beanobjectformedby theconvex hull of themid-pointsof theL edgesof

H. NotethatO is closedandconnectedbecauseit is theconvex hull of L points.Now we
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candivide thesituationinto two cases:L is evenandL is odd.

(a) If L is even,thenthereareexactly L0 pairsof edges,by which theedgesin eachpair

will not beadjacentto eachother(asL � 4 =) L0 � 2). Henceeachpair of edges

will intersectat a point outsideH. Let theL0 intersectingpointsbe thepositionsof

L0 cameras.In this caseH will thenbetheVisualHull of theobjectO formedfrom

theseL0 cameras.An exampleis shown FigureB.2(a).

(b) If L is odd,thenthereareexactly L0 � 1 pairsof edgesandanunpairededge(edge

L). Randomlychoosefrom edge2 to L � 2 to pair with edgeL to form a total L0

pairsof edges.Again we chooseO asthe convex hull of the mid-pointsof all the

L edgesandthe L0 intersectingpointsof the edgesasthe cameras.An exampleis

shown FigureB.2(b).

Fromtheabove construction,we �nd anobjectO andlocationsof dL
2ecamerasby which

theL-sidedpolygonH is theVisualHull of O from thecameras.

B.2 Proof of Lemma 5.2

Lemma 5.2:

Eachedgeof the2D polygonalVisualHull H of anobjectO hasto touchtheobjectO atat

leastonepoint. Converselyany closedandconnected2D objectO which satis�esthetwo

conditions:(1) O � H, and(2) O toucheseachedgeof H atat leastonepoint, is anobject

which formsthesilhouettesof H.

Proof:

Firstly by thede�nition of VisualHull, theobjecthasto touchboththeleft boundBlef t and

right boundBr ight of all theboundingwedgesformedby thecamerasandtheir silhouettes.

Secondlyfrom Lemma5.1 andits constructionproof, all theedgesof theVisualHull are

part of the left or right boundof a boundingwedge. Moreover sincethe Visual Hull is
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convex, eachleft or right boundcanonly contribute to at mostoneedge.This meansno

two edgesof theVisualHull cancomefrom thesameleft boundor right bound.Combining

thiswith thefactthattheobjecthasto touchall theleft andright bounds,it meansthateach

boundingedgehasto betouchedby theobjectatat leastonepoint.

-Conversepart:

Consideraclosedandconnected2D objectO anda VisualHull H suchthatO � H andO

toucheseachedgeof H at at leastonepoint. Let fSkgbethesetof silhouetteswhich form

H. We have to prove that� k(O) � Sk 8k. SinceO � H, we have � k(O) � Sk. Moreover,

asO is closedandconnected,� k(O) is a continuousline. Supposethereexistsa silhouette

imageSk suchthat O doesnot exactly explain SK, i.e. � k(O) � Sk. This meansoneof

theendpointsof Sk (which is itself a continuousline), saythe left endpointlie outsideof

� k(O). Hencetheleft boundBlef t of the2D boundingwedgeformedby Sk lies outsideof

(anddo not touch)O. At thesametime, sinceBlef t formsoneof theedgeof H (from the

constructionproof in Lemma5.1). This implies oneof the edgeof H doesnot touchO.

This leadsto contradictionthatO touchesall edgesof H at at leastonepoint. Therefore

� k(O) � Sk 8k.

B.3 Proof of Lemma 5.3

Lemma 5.3:

Giventwo 2D VisualHulls H1 andH2, thenecessaryandsu� cientconditionfor themto be

alignedconsistentlywith transformation(R; t) is givenasfollows : No edgeof T(R;t)(H1)

liescompletelyoutsideH2 andno edgeof H2 lies completelyoutsideT(R;t)(H1).

Proof:

-Necessarypart:

Assumethe two Visual Hulls arealignedconsistentlywith transformation(R; t). By the

de�nition of consistentalignment,thereexistsanobjectO suchthatH1 is theVisualHull of
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theobjectat referencepositionandorientation(I ; 0
¯
) andH2 is theVisualHull of theobject

at(R; t). Thatmeanstheobjectis boundedbybothregionsT(R;t)(H1) andH2. Now Suppose

oneedgeE1
1 of T(R;t)(H1) liescompletelyoutsideH2. SincetheobjectO is boundedby H2,

it meansthattheedgeE1
1 is completelyoutsideO. This leadsto a contradictionto Lemma

5.2which statesthatedgeE1
1 hasto touchtheobjectO at at leastonepoint. Henceall the

edgesof T(R;t)(H1) haveto either(1) lie completelyinsideH2 or (2) intersectingor touching

at leastoneedgeof H2. In otherwords,at leastonepoint of eachedgeof T(R;t)(H1) hasto

lie onor insideH2. Thesameappliesviceversa.

-Su� cientpart:

Assumewe aregiven two Visual Hulls H1, H2 anda transformation(R; t). Considerthe

objectO constructedby intersectingT(R;t)(H1) andH2. Supposethetransformation(R; t) is

suchthatnoedgeof T(R;t)(H1) is completelyoutsideof H2 andviceversa.Thismeansthat

eachedgeof O comesfrom (thewholeor partof) oneedgefrom H1 or H2. This implies

O will touchevery edgeof H1 andH2 at at leastonepoint. SinceO is the intersectionof

H1 andH2, it is smallerthaneitherof them. Henceby the converseof Lemma5.2, O is

anobjectwhich formsthesilhouettesof H1 andH2. As a conclusion,bothH1 andH2 are

VisualHulls of O at two di� erentorientationsandpositionsrelatedby thetransformation

(R; t).

B.4 Proof of Lemma 5.4

Lemma 5.4:

(R; t) is a consistentalignmentof two 2D Visual Hulls H1 andH2, constructedfrom sil-

houettesetsfSk
jg; j = 1; 2 if andonly if thefollowing conditionis satis�ed: for eachedge

Ei
1 of T(R;t)(H1), thereexistsat leastonepoint P on Ei

1 suchthat theprojectionof P onto

thekth imagelies insideor on theboundaryof thesilhouetteSk
2 for all k = 1; � � � � � � ; K.
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Proof:

The conditionof Lemma5.4 is equivalentto the conditionthat at leastonepoint of the

boundingedgeEi
1 have to lie insideH2 which is exactly theconditionof Lemma5.3.

B.5 Proof of Lemma 5.5

Lemma 5.5:

For two convex 3D Visual Hulls H1 andH2 constructedfrom silhouettesetsfSk
jg; j =

1; 2, the necessaryandsu� cient condition for a transformation(R; t) to be a consistent

alignmentbetweenH1 andH2 is asfollows: for any BoundingEdgeEi
1 (de�ned by (4.2)

in Chapter4) constructedfrom thesilhouetteimagesetfSk
1g, thereexistsat leastonepoint

P on Ei
1 suchthat theprojectionof thepoint T(R;t)(P) onto thekth imagelies insideor on

thesilhouetteSk
2 for all k = 1; � � � � � � ; K. Similarly, for any BoundingEdgeEi

2 constructed

from fSk
2g, thereexists at leastone point P on Ei

2 suchthat the projectionof the point

T � 1
(R;t)(P) on thekth imagelies insideor on thesilhouetteSk

1.

Proof:

-Necessarypart:

Assumethe two Visual Hulls arealignedconsistentlywith transformation(R; t). By the

de�nition of consistentalignment,thereexistsanobjectO suchthatH1 is theVisualHull

of the objectat referencepositionandorientation(I ; 0
¯
) andH2 is the Visual Hull of the

object at (R; t). That meansthe object is boundedby both volumesT(R;t)(H1) and H2.

Now SupposeoneedgeE1
1 of T(R;t)(H1) lies completelyoutsideH2. Sincethe objectO

is boundedby H2, it meansthat the edgeE1
1 is completelyoutsideO. This leadsto a

contradictionto the SecondFundamentalPropertyof Visual Hull which statesthat edge

E1
1 hasto touchtheobjectO at at leastonepoint. Henceall the edgesof T(R;t)(H1) have

to either(1) lie completelyinsideH2 or (2) intersectingor touchingat leastoneedgeof

H2. In otherwords,at leastonepoint of eachedgeof T(R;t)(H1) hasto lie on or insideH2
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andthis is equivalentto sayingthat thereexists at leastonepoint P on Ei
1 suchthat the

projectionof thepointT(R;t)(P) ontothekth imagelies insideor on thesilhouetteSk
2 for all

k = 1; � � � � � � ; K. Thesameappliesviceversa.

-Su� cientpart:

Assumewe aregiven two Visual Hulls H1, H2 anda transformation(R; t). Considerthe

objectO constructedby intersectingT(R;t)(H1) andH2. SinceO is the intersectionof H1

andH2, it is smallerthaneitherof them.Moreover, sinceH1 andH2 areconvex, O is also

convex. Now supposethe transformation(R; t) is suchthat for any BoundingEdgeEi
1,

thereexists at leastonepoint P on Ei
1 suchthat the projectionof the point T(R;t)(P) onto

thekth imagelies insideor on thesilhouetteSk
2 for all k = 1; � � � � � � ; K andviceversa.This

is equivalentto the conditionthat all possibleBoundingEdgesof T(R;t)(H1) hasto touch

H2 atat leastonepointandvice versa.Thismeansthatthe(in�nite) rayprojectedthrough

any camerafrom any point on the boundaryof the correspondingsilhouettesat t1 hasto

touchtheobjectO. Thesameappliesto t2. SinceO is convex, theabove implies that the

projectionof O oncamerak haveto beexactly thesameasthesilhouettesSk
1 andSk

2 for all

k. HenceO exactly explainsthesilhouetteswhich form H1 andH2. As a conclusion,both

H1 andH2 areVisualHulls of O at two di� erentorientationsandpositionsrelatedby the

transformation(R; t).



Appendix C

Proofsof Visibility Lemma

Lemma 5.6:

Let � l(P) and� l(Ck) betheprojectionsof thepoint P andthekth cameracenterCk on the

(in�nite) imageplaneof cameral. If the2D line segmentjoining � l(P) and� l(Ck) does

not intersectthesilhouetteimageSl
j, thenP is visible with respectto camerak at time t j.

Proof:

TheLemmacanbeprovedby contradiction.The2D segmentjoining � l(P) and� l(Ck) is

theprojectionof the3D planepassingthroughP, Ck andCl. Supposethe2D segmentdoes

not intersectwith thesilhouetteimageSl
j, thismeansthecorresponding3D planeis totally

freeof any object. Now if P is not visible with respectto camerak, thentheremustexist

someobjecton the3D line (which lies on theabove3D plane)joining P andCk, blocking

P from Ck. This leadsto contradictionthatthe3D planeis totally freeof object.HenceP

is visible to camerak.
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