
A Distrib uted Approachfor RealTime 3D Modeling

Jean-SébastienFranco1 ClémentMénier1;2 EdmondBoyer1 BrunoRaf�n 2

1GRAVIR - INRIA Rhône-Alpes,France 2ID - INRIA Rhône-Alpes,France

Abstract

Thispaperaddressestheproblemof real time3D modeling
from images with multiple cameras. Environmentswhere
multiplecamerasandPCsare presentare becomingusual,
mainly dueto new camera technologiesand high comput-
ing powerof modernPCs. However mostapplicationsin
computervisionarebasedona single, or few PCsfor com-
putationsanddo not scale. Our motivationin this paperis
therefore to proposea distributedframework which allows
to computeprecise3D modelsin real timewith a variable
numberof cameras,this throughan optimaluseof thesev-
eral PCswhicharegenerally present.Wefocusin thispaper
on silhouettebasedmodelingapproachesand investigate
howto ef�ciently partition theassociatedtasksovera setof
PCs.Our contribution is a distributionschemethatapplies
to thedifferent typesof approachesin this �eld andallows
for real time applications. Such a schemerelieson differ-
entaccessiblelevelsof parallelization,fromindividual task
partitions to concurrent executions,yielding in turn con-
trolsonbothlatencyandframerateof themodelingsystem.
We reporton theapplicationof thepresentedframework to
visual hull modelingapplications. In particular, we show
that precisesurfacemodelscan be computedin real time
with standard components.Resultswith syntheticdataand
preliminaryresultsin real contextsarepresented.

1. Intr oduction
Recentadvancesin cameratechnologieshave generalized
realtimeacquisitionof digital images,andtoday, any mod-
ern PC can acquiresuch imagesat standardvideo rates.
Thisallowscompleteacquisitionsystemsto bebuilt by sim-
ply connectingsetsof digital camerasandPCs,withouthelp
from speci�c components.Theinterestarisesin variousap-
plication domainswheredigital camerasare involved and
whereimageinformationextractedin real time is required
for interactionor controlpurposes.Thesedomainsinclude,
for instance,scenevirtualizations,video surveillancesor
human-machineinterfaces.However, while muchresearch
hasbeendevoted to algorithmsthat addressthe situation
wherea few camerasareconnectedto a singleor few PCs,

lessefforts have beenmadetoward larger setsof cameras
andPCswhich are,on theotherhand,becomingstandard.
Moreover, mostcomputervisionapplicationsthatmakeuse
of severalcamerasconnectedto severalPCsdonot takead-
vantageof theavailablecomputingpowerandgenerallyrely
on a singlePCfor computations.In this paper, we address
thesescalabilityandoptimality issuesby consideringpar-
allel strategiesfor 3D modelingcomputations.The objec-
tiveis to proposepracticalandscalablesolutionsto produce
highly precise3D modelsin real time usingmultiple cam-
eras.

Only a few distributed3D modelingsystemshave been
proposedanddemonstratedin thepast.TheCMU robotics
institute introduceda 3D dome with around50 cameras
for virtualization[Narayanan98]; the 3D scenemodelbe-
ing built using a stereo-visionapproach. Other systems
havealsobeenproposedatCMU with fewercamerasanda
voxel basedapproach[Cheung00], or its combinationwith
a stereobasedapproach[Cheung03]. However, thesesys-
temsdo eitherwork off-line, or in real time but with a few
cameras,sincenoparallelisationis consideredfor modeling
computations.Anotherclassof real time but non-parallel
approachesmake use of graphiccardsto directly render
new viewpoint images[Li03]. Using graphiccard hard-
warehighly acceleratestherenderingprocessbut suchsys-
temsstill rely on a singlePC for computationsanddo not
provide explicit 3D modelsas requiredby many applica-
tions. In [Borovikov03], a parallel framework that stores,
retrievesandprocessesvideostreamsonPCclustersis pre-
sented,but the emphasisis put on datamanagementand
real time applicationsare not considered.Real time and
parallelmodelingsystemshave alsobeenproposedto han-
dle voxel basedmodelingmethods[Kameda00,Arita01].
Voxel basedmethodsproducediscrete3D modelsby using
regular spacediscretizationswhere parallelepipediccells
-the voxels- are carved accordingto image information
[Slabaugh01, Dyer01]. Suchmethodscan easily be par-
allelized since a signi�cant part of the computationsis
achieved independentlyper voxel. The mentionedap-
proachesmakeuseof thisfactandreportgoodperformance.
However, voxel basedmethodsareimpreciseandtimecon-
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suming. Furthermorethe principlesdevelopedin the pro-
posedapproachesdo not easily extend to possiblybetter
modelingmethods. In this paper, we attemptto develop
conceptsat a higherabstractionlevel in orderto make their
applicationpossibleto variousmodelingmethods.Another
interestingwork [François01] dealswith videostreamsand
proposesa multi-threadingstrategy to improve latency and
frameratewhenprocessingvideostreamsfor segmentation
or trackingtasks.WementionalsoheretheSkipperproject
[Sérot02] which developsa parallelprogrammingenviron-
mentfor imageprocessing.Thetwo latterworksalsotackle
distribution issuesrelatedto computervision,but they pro-
vide middlewaresolutionsmainly anddo not consideral-
gorithmic aspectsasnecessarywith the targetedmodeling
applications.

In thispaper, wepresentarealtimeandparallelarchitec-
turefor multi-view algorithmsandreporton its application
to 3D modelingapplicationsand,in particular, to silhouette
basedapproaches.Our goalis to providescalablesolutions
by usinga parallelizationmethodology. Sucha methodol-
ogy is intendedto be generalenoughto apply to different
contexts while maintainingthe requiredparallelizationef-
fort reasonable.Our contribution with respectto themen-
tioned works is twofold: �rst, we extend parallelization
conceptsalreadyproposedto multi-view algorithms;sec-
ond,we apply this conceptto silhouettebasedapproaches
andproposenew practicalimplementationsthatarescalable
while surpassingstandardvoxel basedapproaches.

Thepaperis organizedasfollows. Section2 introduces
our distribution schemefor parallelizingmulti-view tasks.
In section3, their applicationto visual hull computations
using image silhouettesis presented. Section4 demon-
stratesthe proposedprinciplesin a real context andgives
numericalevidenceonsyntheticdata.

2. Distrib ution Scheme

In this sectionwe presentour methodologyto parallelize
multi-view algorithms.It relieson classicalparallelization
techniques.Thesimplicity of thesetechniqueslimit theef-
fort requiredto parallelizeexistingalgorithms.Experimen-
tal resultsshow thatthismethodologyleadsto goodperfor-
mance.

Let n be the numberof camerasavailable and m the
numberof hosts(PCs). We assumeeachcamerais con-
nectedto onehostdedicatedto acquisitionandlocal image
processing.Weconsiderthatall camerasissueimagesatthe
sameframerate. Wewill considerthata framecorresponds
to thesetof n imagestakenata timet. Wealsoassumethat
m isgreaterthann. Theextrap = m� n hostsarededicated
to computation. Hostsare interconnectedthrougha stan-
dardnetwork. Accessingdataon a distanthosttakesmuch
moretimethanaccessinglocaldata.Wedonotuseany tool

maskingthisdisparity, likeavirtually sharedmemory. They
generallyleadto lower performancethantools thatenable
theuserto take into accountthis disparityto optimizedata
transfers,like messagepassinglibraries[Gropp94]. As we
will see,the effort of explicitly handlingdatatransfersis
relatively low andworthwhile.

As a performancecriterion, we measurethe speed-up,
obtainedby dividing the sequentialexecutiontime by the
parallelexecutiontime. Theef�ciency of theparallelization
increasesasthespeed-upfactornearsthenumberof proces-
sors. For real-timeconstraints,we measurethe framepro-
cessingrateandthelatency, i.e. thetimeto processasingle
frame.

The methodologywe proposeis basedon two different
levelsof parallelization,astreamlevelparallelizationanda
framelevelparallelization.

2.1. StreamLevel Parallelization
Multi-view applicationsprocessa sequenceof frames,
calledastream. A veryclassicalmethodto speedupstream
basedapplicationsis to usea pipeline. The applicationis
split in a sequenceof stages(see�g. 1(b)), eachstagebe-
ing executedon differenthosts. It enablesa host to work
on framet while thenext hostin thepipe-linestageworks
on framet � 1. Thedifferentstagesarenaturallyextracted
from the structureof the program. Trying to redesignthe
applicationinto a longerpipe-line is time consumingand
increasesthelatency dueto extracommunications.

A stageis time-independentif it doesnot use tempo-
ral consistency, i.e. the processof frame t doesnot de-
pendon the resultsfrom precedingframes. It enablesto
duplicateidentical frame computationschemeson differ-
ent hosts,called processingunits (see�g. 1(c)). A new
framet canbeprocessedassoonasoneof the processing
unitsis available.Thenumberof processingunitsshouldbe
largeenoughto avoid any frameto wait for its processing.
Adaptingthis techniqueto a time-dependentstagemaystill
bepossiblebut requiresadvancedschedulingstrategiesand
extracommunications.

This schemecanbeappliedto theclassicalvoxel-based
approach. Framesgo through 2 processingsteps,back-
groundextraction and voxel carving that can be assigned
to 2 pipe-line stages. The �rst stagebeing usually much
fasterthanthesecondone,severalprocessingunitscanbe
dedicatedto this time-independentsecondstage.

2.2. Frame Level Parallelization
Theprecedingdistribution techniquescansigni�cantly im-
prove the processingframe rate. However, the latency is
negatively affected.Thepipe-lineintroducesextracommu-
nication time that increasesthe latency, thus reducingthe
reactivity of the system. To improve latency, onecan re-
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acquisition acquisition

L = Latency

Frame1 � = 1
FrameRate �

A1 A2B1 B2

Frame2

(b)
A1 A2

B1
A3

B2

� �

L

L

� �

L

(c) B1
B2

B3
A5A4A3A2A1

Figure 1: Different levels of parallelizationproposedby our
framework. A andB arethe two computationstagesof the pro-
gram. At andBt relateto the processingof framet. Eachrow
correspondsto a processor. Coloredblockscorrespondto a task
executionandwhite blocks to inactivity periods. The graph(a)
representsa sequentialexecution,thegraph(b) a 2 stagepipeline
execution.Graph(c) addsasecondprocessingunit for thesecond
pipelinestageB.

ducethe time taken by a stageto processa single frame.
This canbe doneby parallelizingthe work doneon a sin-
gle frameamongseveral hostsof a singleprocessingunit
(see�g. 2). We baseour schemeon theclassicalBulk Syn-
chronousProgramming(BSP)model[Valiant90] that pro-
posesa trade-off betweenperformanceand programming
complexity. Theexecutionis donein a sequenceof phases,
eachonedecomposedin adataexchangeinvolving all hosts
followed by local computationsperformedon eachhost.
This modeleasesparallelalgorithmdescriptionasit splits
communicationfrom computation.Basedon this BSPap-
proach,we proposea 3 phaseschemefor parallelizingpro-
cessingunit computations:

� Data preparation: the �rst phase(input datadistri-
bution) consistsin sendingthe input datato the hosts
requiringthem. Next, eachhost locally performsthe
initializationcomputationsneededfor thenext parallel
phase.

� Parallel computation: in parallel,eachhostexecutes
locally (no communication)a different task assigned
to it.

� Sequentialcomputation: all partial resultsfrom the
parallelcomputationphasearegatheredon onehost.
This host sequentiallyperformsthe remainingcom-
putationthat could not have beenparallelizedin the
previousphase.Dependingon therequirementsof the
next pipe-linestage,sequentialcomputationcanbedu-
plicatedon severalhosts.It canenableto reducecom-
municationloadto transferdatato thisnext stage.

Thoughvery simplethis modelis verygeneric.In worst
cases,all the computationis done in the last sequential
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Figure2: Framelevel parallelization(2 processorsfor stage
A and4 processorsfor stageB). It shows latency improve-
ment in comparisonwith streamlevel parallelization(see
�g. 1.)

phase.However this is trivially inef�cient. We later show
thatit is possibleto obtainaparallelcomputationphasesig-
ni�cantly larger thanthe two otherphases.In sucha situ-
ationwe will show that this schemeleadsto real-timeper-
formance.

We can illustrate application of our schemeto the
parallelizationof voxel carving as describedby Arita et
al. [Arita01]:

� Datapreparation:initialize locally thevoxel space.

� Parallelcomputation:for eachimage,computethevi-
sualconein thelocal voxel space.

� Sequentialcomputation:gatherall visualconesonone
hostandcomputetheir intersection.

Resultsgiven by Arita show that this schemeyields high
performance.Generally, our 3 phaseschemedoesnot lead
to anoptimalparallelization.Many optimizationscanstill
bedone.On thisvoxel example,Borovikov etal. hasgiven
an algorithmicoptimization[Borovikov03] for computing
the voxel cone intersectionin a more complex way that
cannotbe representedwith this 3 phasescheme.However
weshow in thispaperthattheproposedmethodologyoffers
a simpleyet ef�cient schemeto addressstreamandframe
level parallelizationfor real-timeconstraints.

3. Silhouette-Based Modeling Ap-
proaches

We now deal with silhouette-basedmodelingapproaches
andhow to make themsuitablefor a real-timecontext us-
ing our methodology. We focuson visual hull reconstruc-
tion approaches,as they are quite popularly usedfor 3D
modelingfrom multiple views given their speedandsim-
plicity. Recall that the visual hull is a simple approxi-
mationof the sceneobjectsde�ned asthe maximalshape
consistentwith the silhouettesof the objectsin the input
views [Laurentini94]. A numberof algorithmshave been
proposedfor computingthe visual hull. Someusea dis-
cretepartitioningof spacein voxels. Suchvolume-based
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(a) (b) (c)

(d) (e)

Step 3: Surface extractionStep 1: Viewing Edges Step 2

Hybrid Method

Method
Exact Connectivity

Figure3: Outline of the visual hull modelingtechniqueschosenfor parallelization. (a) Imagesof an objectaretaken, silhouettesare
identi�ed, theircontoursvectorized,andviewing edgesarecomputedfor eachpointof thediscretization.(b) Thehybrid methodcomputes
theDelaunaytetrahedrondecompositionof spacebasedon viewing edgevertices.(c) Eachtetrahedronis carvedaccordingto silhouette
consistency, andthe �nal visual hull modelis obtained.(d) The exact connectivity methodcomputesthe coneintersectioncomponents
belongingto thevisualhull, to completetheentirevisualhull polyhedronmesh.(e) Facesareextractedfrom themeshrepresentationand
the�nal polyhedronmodelof thevisualhull is obtained.

schemesprove to be simpleto implementandcanbe very
fast. We have given a casestudyfor the parallelizationof
theseapproachesin theprevioussection.In thissection,we
will thereforefocuson the parallelizationof methodsthat
haveneverbeenstudiedbeforein thiscontext.

Namely, a recentlypopular category of surface-based
modelingapproacheshave focusedon recovering the sur-
faceof the visual hull, andprovide a polyhedralrepresen-
tation of the visual hull surface as output [Baumgart75,
Matusik01], somegiving additionaltopologicalguarantees
with a simpler framework [Franco03]. An interestinghy-
brid approachalsoexiststhatcombinesadvantagesof both
volumeandsurface-basedfamilies[Boyer03]. While these
methodsprovide a precisemodelof thevisualhull andare
generallyfast, they are still too slow for a hard real-time
setupwith as many as 10 cameras. On the other hand
this makesthemoutstandingpotentialbene�ciariesof par-
allelization. In this context we can show that parallelism
is a tool to bridgethegapbetweengenerallyfastvision al-
gorithms,and vision algorithmsthat guaranteevery high
frameprocessingratesof 30fpsor above.

3.1. Outline of the Modeling Methods

In order to offer a broad view of the parallelizationof
silhouette-basedapproaches,we will focus on two of the
mostrecentmethods,thehybrid method[Boyer03],which
offersa robusttrade-off betweenvolumeandsurface-based
approaches,and one of the available surface-basedmeth-
ods,theexactconnectivitymethod[Franco03].See�gure 3
for anoverview. Recallthecontext of suchmethods:n cal-

ibratedcamerasareusedto generaten viewsof anobject;a
standardbackgroundsubtractionprocessis usedto extract
thesilhouettebitmapsfrom theimages.Thecontoursof the
obtainedsilhouettemasksarevectorizedsoasto obtainori-
ented2D polygonsboundingthe silhouetteregions. This
discreterepresentationof silhouettesinducesa discretevi-
sualhull polyhedron.Thehybrid methodprovidesa close
approximationof this polyhedron,while theexactconnec-
tivity methodcomputesit exactly.

Threestepsareusedto achievethereconstructiongoalin
bothcases,asdepictedin �gure 3. The�rst step,common
to both methods,computesan initial subsetof the visual
hull geometry, theviewing edges, in theform of pointsand
edgeslocatedon theviewing linesof eachdiscretesilhou-
ettecontourpoint (detailsfollow in 3.2). Thesecondstep's
commongoal is to computean intermediaterepresentation
which implicitely containsthe visual hull surface. To this
goal, thehybrid methodpartitionsspaceinto convex cells,
which caneasilybe carved accordingto silhouetteconsis-
tency of their projectionin images. In contrast,the exact
connectivity methodcomputestheexactvisualhull polyhe-
dron asa generalizedconeintersection.Finally, the third
step'scommongoalis to identify theunderlyingsurfacein-
formation,by extractingthe visual hull interfacepolygons
from the previous representation.The following sections
givemoredetailsaboutthesesteps.

Notethat,asa �rst possibility for applyingour method-
ology, we can easily identify eachconceptualstepof the
methodswith a stagein a multi processingunit pipe-line,
to increasethe output frame rate. This is valid sincethe
algorithmsare intrisincally time-independent:eachset of
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silhouettesin frame t is usedfor reconstructinga shape,
andtheinformationwill never beusedagain in subsequent
frames.We will now dealwith morespeci�c issuesin the
following sections.

3.2. Computing the Viewing Edges
We now describethecomputationof viewing edgesat dis-
creteimagecontourvertices,asit is a commonprocessing
stepin thepresentedmethods(see�g. 3).

Viewing edgesare intervals alongviewing lines. They
correspondto viewing linescontributionsto thevisualhull
surfaceandarethusassociatedto imagepointson silhou-
ettecontours.As such,viewing edgesaresimply obtained
by computingthesetof intervalsalonga viewing line that
projectinsideall silhouettes(see�g. 4).

Figure4: Viewing edges(in bold)alongtheviewing line. Epipo-
lar line anglescanbeusedto acceleratethesearchfor the image
segmentsintersectingtheepipolarline.

Interestingly, this algorithmprovidesgreatfreedomfor
frame-level parallelism,asit consistsin thecomputationof
a setof numerouspartial but independentresults. That is,
eachviewing line's contributionscanbecomputedregard-
lessof all others,assumingthesilhouetteinformationfrom
all imagesis available.An ef�cient frame-level paralleliza-
tion of viewing edgecomputationcanhencebeobtainedby
partitioningall viewing linesof all imagesin p setsduring
the datapreparationphase,anddistributing eachbatchto
oneof p hostsfor processing(parallelcomputationphase).
One must be careful in balancingthe workload between
hosts,in orderto reducethetimespentwaitingfor theslow-
esthost. Building setsof identicalcardinalityduring data
preparationprovedto beef�cient aswewill show. Observe
thatthisparallelschemeheavily constrainshow wewill per-
form datapreparation:aseachhostrequiresall silhouette
information,silhouettecontoursmustalsobe broadcasted
during that phase.Finalizationof the tasksimply consists
in gatheringtheunionof all partialresultson thehoststhat
requireit, duringthesequentialcomputationphase.

We areableto achieve speed-upsof theorderof 8 with
10 hosts,which is very good,especiallygiven the low ef-
fort requiredto parallelizethealgorithm.Higherspeed-ups
canbeachieved,but with asubstantiallyhighercomplexity,
muchat theexpenseof thegain/effort tradeoff.

3.3. A Distrib uted Hybrid Method

We will now describethe parallelizationof the hybrid
method[Boyer03].After computingtheviewing edges,the
hybrid methodusesa Delaunaytriangulationof the view-
ing edgeverticesto obtaina decompositionof spaceinto
tetrahedrons,asa secondstep(see�g. 3). The union of
thesetetrahedronsform theconvex hull of theinput points:
someof themmustbecarved in orderto isolatethevisual
hull. The discretizationconsistsof convex cells of a more
generalizedand�e xible shapethanregularvoxels,but can
still becarvedwith voxel-likesilhouetteconsistency checks
suchasthosein [Cheung00]. This is usedin the third step
to determinewhich tetrahedronslie insideor outsidethevi-
sualhull, andthe surfacepolygonsareextractedfrom this
modelby simply isolatingthetriangleswhich lie at the in-
terfacebetweenthetwo regions.

Althoughthealgorithmis conceptuallysimple,building
its parallelcounterpartbringschallengeswehaveto account
for as we seekto apply our proposedmethodology. The
main issuehereis the Delaunaytriangulation,which gen-
eratesmany partial, but globally constrainedresults: the
Delaunaytetrahedrons.Somepossibilitiesfor distributing
theDelaunaytriangulationhavebeenexplored[Cignoni93],
with themainideaof subdividing theproblemamongspace
regionswhereconcurrenttaskstake place. This ideacan
be appliedto many vision algorithms. Oneobstacle,also
widely generic,is the complexity of detectinganddealing
with region interrelationshipsin thealgorithm. In thecase
of the Delaunaytriangulation,a programmerwould spend
mostof his time re-implementingthe tediousalgorithmics
intrinsic to suchamethod.Undersuchconditions,it is wise
to sacri�ce systemreactivity to implementationsimplicity.
Streamlevel parallelizationcanstill beusedto improve the
framerateof analreadyavailablesequentialcode. Yet we
will seein thenext sectiona casewheretacklingthemulti-
ple region interdependency problemis worthwhile.

Howeverwedohaveanotheropportunityfor paralleliza-
tion,asthecell carvingtaskis muchfriendlier. Muchlikein
ausualvolume-basedtechnique,theper-cell carvingresults
areindependent,which ensuresa well-behavedparallelex-
ecutionphase.The only requirementis that all silhouette
informationis availableat all hosts,which canbeprovided
for duringdatapreparation.Thesequentialexecutionphase
will thensimply gatherthe carve stateof all tetrahedrons,
and�nally extract the surfacetrianglesfrom this informa-
tion,asthis takesvery little timeanddoesnotrequiredistri-
bution. Undersuchfavorableconditionswe areablein this
carvingtaskcontext to reachspeed-upsof 9.5for 10hosts.

3.4. A Distrib uted Surface-BasedMethod

We now brie�y describe the application of our pro-
posedparallelizationmethodologyon the exact connectiv-
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Figure5: Visualhull of aspherewith 3 views.

ity method[Franco03](overview availablein �gure 3). Fig-
ure5 providesa representationof all geometricentitiesin-
volved.

As seenpreviously, theviewing edgesgive usan initial
subsetof thevisualhull geometry. However, this doesnot
accountfor all edgesof the visual hull polyhedron. The
visual hull is the intersectionof the viewing cones, which
back-projectfrom silhouettesin images. For a complete
visualhull, onemustalsocomputethemissingconeinter-
sectioncurvesthatparticipateto thevisualhull polyhedron.
It canbe observed that suchcurves,which arepiecewise-
linear, snake aroundthevisualhull surface,connectingto-
getherviewing edgeverticesandextraverticescalledtriple
points. Triple pointsare the locusof threeconeintersec-
tions; as suchthey are always the meetingpoint of three
coneintersectioncurveson thevisualhull (see�g. 5).

With this in mind, the exact methodsimply seeksto
follow these curves while creating them, starting from
viewing edgeverticesand recursingat cone intersection
junctions, i.e. the triple points. The algorithm doesso
by iteratively computingnew edgesof the curve, using
incidenceinformation previously inferred. Checkingfor
the silhouette consistency of each newly creatededge
ensuresthat it is part of the visual hull mesh; it also
enablesthealgorithmto detectandcreatethemissingtriple
points,whensuchconsistency is violated. Whenall cone
intersectionedgesare recovered, facesof the polyhedron
surface are extracted by walking through the complete
orientedmeshwhile alwaystakingleft turnsateachvertex,
soasto identify eachface's 2D contoursandcompletethe
third stepin thealgorithm.Referto [Franco03] for details.

Any parallelizationeffort for this algorithmwill likely
beconfrontedto thestrongspatialdependenciesinherentto
ameshrepresentation.In orderto allow for concurrenttask
execution,we classicallychooseto partition spaceinto p
differentregionsusingp � 1 parallelplanes,thussubdivid-
ing spacein p “slices”. Slicewidth is adjustedby attribut-
ing aconstantnumberof viewing edgeverticesperslicefor

workloadbalancing.Sincewemainlymanipulateedgesand
vertices,partitioningof primitivesamongregionsduringthe
datapreparationphaseis a very low costoperation.Thus,
a hostof the distributedexact connectivity methodcanbe
instructedto follow intersectioncurveswithin its dedicated
region R i , until this curve crossesthe bordertoward an-
otherregion R j . Thehostthenstopsprocessingthis curve,
therebydelegatingthecomputationof therestof thecurve
to thehostin chargeof R j duringtheparallelcomputation
phase.

Observe thatregion dependenciesarevery easyto iden-
tify asthey only materializeat edgesthat crossa partition
plane. It is yet again straightforward to identify the three
simplephasesof ourframe-level parallelmodelin thiscase.
Data preparationpartitionsthe job amongregions; paral-
lel computationtaskscomputemeshfragmentsassociated
to their dedicatedregion; thesequentialcomputationphase
gathersandcarefully mergesthe partial meshesacrossre-
gion borders.This provesto be very ef�cient aswe reach
speed-upsof 6 with 10 hostswith our implementation,an
excellent resultgiven the reasonableimplementationtime
andthe dependency issues.This will be con�rmed by the
globalmeasurementsprovidedin thenext section.

Wearealsoableto distributethesurfaceextractionstep:
the completemeshis broadcastedto p hostsduring data
preparation,thenthep hostsindependentlycomputea sub-
setof the faceinformation,andthe sequential�nalization
simply gathersall setsof faces. This leadsto very good
speed-upsof theorderof 7 for 10hosts.

4. Implementation and Experimental
Results

In thissection,wedetailexperimentalresultsobtainedfrom
theimplementationof thetwo precedingalgorithmsparalel-
lized with our methodology. We obtain real time perfor-
mancefor highquality3D modeling;recallthatfor thesec-
ondmethodthecomputedpolyhedronis exactwith respect
to theinput silhouettes.Testswith syntheticdatashow that
sustainedperformanceis obtainedwith a large numberof
view points.

Our16processorclusteriscomposedof 8dualXeonPCs
(2.66GHz) connectedthrougha Gigabit Ethernetnetwork.
Latency is measuredfrom the beginning of the viewing-
edgestep.Our implementationusesthestandardMPI mes-
sagepassinglibrary [Gropp94] for comunications.TheDe-
launaytriangulationis computedwith thehighperformance
sequentiallibrary Qhull [Qhu]. All presentedresultsare
basedonsetsof 10experiments.

4.1. RealTime Conditions
Our real experimentalsetupis composedof 4 IEEE 1394
cameraseachconnectedto aPChandlingacquisition,back-
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groundsubstractionand silhouettevectorization. Images
(640x480)areacquiredat 30 framespersecond.Thescene
is composedof a person(see�g. 6), an objectof average
complexity (150contourverticesperimage).

Figure6: Realtime reconstructionof a real personwith 4
camerasandtheexactconnectivity approach.

Using such a systemto run the hybrid method, we
achieve real time 3D modelingat 30 framespersecondus-
ing 16 processors.One processingunit parallelizedon 4
hostsis dedicatedto the�rst step.Tenprocessingunitsare
dedicatedto thesequentialDelaunaytriangulation.Carving
is achievedin asingleprocessingunit parallelizedon2 pro-
cessors.Themeasuredlatency comesin theaverageof 400
ms,but is highly limited by thesequentialexecutiontimeof
thetriangulationtime,whichcanreach300ms.

The exact connectivity methodproved to be more ef-
�cient as real time execution (30 framesper second)is
achievedwith only 12processors.Eachstagehas2 process-
ing units,eachonebeingparallelizedon 2 processors.The
measuredlatency is about100ms.Thislow latency andreal
time frameprocessingrateenableto usethis algorithmfor
interactive applications.Videosareavailableat http://
www.inrialpes.fr/movi/people/Franco/CVPR04 .

4.2. Validation with Lar ge Numbers of View
Points

Figure7: (left) Original model. (right) Reconstructionof
theModelwith 12view points.

Not having morethan4 camerasavailable,thescalabil-
ity of ourdistribuedalgorithmswastestedwith imagesfrom

multipleview pointsgeneratedfrom asyntheticmodel.We
focuson thelatency issue.We only considertheexactcon-
nectivity 3D modelingalgorithm as the hybrid one is la-
tency limited by theDelaunaytriangulation.Thereal time
framerateissueis notdiscussedasit canbesolvedby mul-
tiplying thenumberof PCsassignedto thestreamlevel par-
allelization.

Themodelweconsideris asyntheticpersonwith acom-
plexity closeto a real person(about130 contourvertices
per image).Figure8 presentstheobtainedlatency with re-
gardto thenumberof processorsinvolvedfor 16,25and64
view points.Theparallelizationof thealgorithmenablesto
signi�cantly reducethelatency (almostby anorderof mag-
nitude). With 25 view pointsand16 processors,latency is
below 200ms,a latency level suitablefor interactivity.
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Figure8: Log plot latenciesfor thesyntheticperson.
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Figure9: Speed-upsfor thesyntheticperson.

Figure9 presentstheassociatedspeed-ups.Up to 9 pro-
cessorsfor 12view points,14processorsfor 25view points,
andmorethan16 processorsfor 64 view points,thespeed-
up is abovehalf of theprocessorsused.Next, thespeed-ups
tend to stabilizeas the workload in the parallel computa-
tion phasesdecreasescomparedto thedatapreparationand
sequentialcomputationphases.

5. Summary and Conclusions
Wehavepresenteda3D modelingsystemwhichusesparal-
lelism to reachreal time executionswith a �e xible number
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of camerasandPCs.Suchsystemis basedonadistribution
framework wepropose,which is intendedto multi-view ap-
plicationsin computervision. Wehavedemonstratedits ef-
fectivenessin 3D modelingapplicationsusingsilhouettes.
The high quality visual hulls generatedby theseparallel
algorithmscanbe usedfor variousapplications,including
virtual reality (see�g. 10). Our maincontribution with re-
spectto existingworksin the�eld is to providenew parallel
3D modelingimplementationsaswell asamethodologyfor
the parallelizationof multi-view applications. Resultson
real andsyntheticdatashow that our approachallows for
scalability in modelingsystemsand extendsthereforethe
potentialof suchsystems.We arecurrentlystudyinggen-
eralizationof thegivenprinciplesto othercomputervision
applications.We arealsoextendingour experimentalsetup
so that it includesmore than 20 camerasand provides a
completepipe-linefrom theimageacquisitionto themodel
visualizationin multi-projectorenvironments,with all the
associatedtasksdistributedonaPCcluster.

Figure10: Two new views of thevisualhull modelof �g-
ure6 with view-dependenttexturing.

References

[Arita01] D. Arita and R.-I. Taniguchi. RPV-II: A Stream-
BasedReal-Time Parallel Vision Systemand Its
Application to Real-Time Volume Reconstruction.
In ComputerVision Systems,SecondInternational
Workshop,ICVS,Vancouver(Canada), 2001.

[Baumgart75] B.G. Baumgart. A polyhedronrepresentationfor
computervision.In AFIPSNationalComputerCon-
ference, 1975.

[Borovikov03] E. Borovikov, A. Sussman,andL. Davis. A High
PerformanceMulti-Perspective Vision Studio. In
17thAnnualACM InternationalConferenceon Su-
percomputing, SanFrancisco(USA), 2003.

[Boyer03] E. Boyer andJ.-S.Franco.A Hybrid Approachfor
ComputingVisual Hulls of Complex Objects. In
CVPR'2003,Madison(USA), volumeI, pages695–
701,2003.

[Cheung00] G. Cheung, T. Kanade, J.-Y. Bouguet, and
M. Holler. A real time systemfor robust 3d voxel
reconstructionof humanmotions. In CVPR'2000,

Hilton HeadIsland, (USA), volume2, pages714–
720,June2000.

[Cheung03] G. Cheung,S. Baker, andT. Kanade. Visual Hull
Alignment and Re�nement Across Time: A 3D
ReconstructionAlgorithm CombiningShape-From-
Silhouettewith Stereo. In CVPR'2003,Madison
(USA), 2003.

[Cignoni93] P. Cignoni,C.Montani,R.Perego,andR.Scopigno.
Parallel 3D Delaunay Triangulation. Computer
GraphicsForum, 12(3): 129–142,1993.

[Dyer01] C.R. Dyer. VolumetricSceneReconstructionfrom
Multiple Views. In L.S. Davis, editor, Foundations
of Image Understanding, pages469–489.Kluwer,
Boston,2001.

[François01] A. Françoisand G. Médioni. A Modular Soft-
wareArchitecturefor RealTime VideoProcessing.
In ComputerVision Systems,SecondInternational
Workshop,ICVS,Vancouver(Canada), pages35–
49,2001.

[Franco03] J.S.FrancoandE. Boyer. ExactPolyhedralVisual
Hulls. In BMVC'2003,Norwich (UK), 2003.

[Gropp94] W. Gropp,E. Lusk, andA. Skjellum. Using MPI:
Portable Parallel Programmingwith the Message-
PassingInterface. Scienti�c andEngeneeringCom-
putationSeries.TheMIT Press,1994.

[Kameda00] Y. Kameda,T. Taoda,andM. Minoh. High Speed
3D Reconstructionby SpatioTemporalDivision of
VideoImageProcessing.IEICE TransactionsonIn-
formationsandSystems, (7): 1422–1428,2000.

[Laurentini94] A. Laurentini. The Visual Hull Concept for
Silhouette-BasedImage Understanding. IEEE
Transactionson PAMI, 16(2): 150–162,February
1994.

[Li03] M. Li, M. Magnor, and H.-P. Seidel. Improved
hardware-acceleratedvisual hull rendering. In Vi-
sion, Modeling and Visualization Workshop,Mu-
nich, (Germany), 2003.

[Matusik01] W. Matusik, C. Buehler, and L. McMillan. Poly-
hedralVisual Hulls for Real-Time Rendering. In
EurographicsWorkshoponRendering, 2001.

[Narayanan98]P.J.Narayanan,P.W. Rander, andT. Kanade.Con-
structing Virtual Wolrds Using DenseStereo. In
ICCV'1998,Bombay, (India), pages3–10,1998.

[Qhu] Qhull, convex hull and delaunaytriangulationli-
brary. http://www.geom.uiuc.edu/software/qhull/.

[Sérot02] J. SérotandD. Ginhac. Skeletonsfor parallel im-
ageprocessing:anoverview of theskipperproject.
Parallel Computing, 28(12):1685–1708,2002.

[Slabaugh01]G. Slabaugh,B. Culbertson,T. Malzbender, and
R. Schafe. A Survey of Methodsfor Volumetric
SceneReconstructionfrom Photographs.In Inter-
nationalWorkshoponVolumeGraphics, 2001.

[Valiant90] L. G. Valiant. A Bridging Model for ParallelCom-
putation.Communicationsof theACM, 33(8):103–
111,August1990.

8


