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Abstract

Thispaperaddresseshe problemof realtime 3D modeling
from images with multiple camens. Environmentswhele
multiple cameasandPCsare presentare becomingusual,
mainly dueto new camer technologiesand high comput-
ing power of modernPCs. However mostapplicationsin
computervisionare basedon a single or few PCsfor com-
putationsanddo not scale Our motivationin this paperis
therefore to proposea distributedframevork which allows
to computeprecise3D modelsin real time with a variable
numberof cameas, this throughan optimal useof the sev-
eral PCswhich are generlly presentWefocusin thispaper
on silhouettebasedmodelingapproacesand investigate
howto efciently partition theassociatedasksover a setof
PCs.Our contributionis a distribution schemethat applies
to the differenttypesof appmoadesin this eld andallows
for real time applications. Sut a schemerelieson differ-
entaccessibldevelsof parallelization,fromindividual task
partitions to concurent executions,yielding in turn con-
trolsonbothlatencyandframerateof themodelingsystem.
We reporton the applicationof the presentedramevork to
visual hull modelingapplications. In particular, we show
that precisesurfacemodelscan be computedn real time
with standad componentsResultswith syntheticdataand
preliminaryresultsin real contetsare presented.

1. Intr oduction

Recentadvancesin cameratechnologieshave generalized
realtime acquisitionof digital imagesandtoday arny mod-
ern PC can acquiresuchimagesat standardvideo rates.
Thisallows completeacquisitionsystemso bebuilt by sim-
ply connectingsetsof digital camerasindPCs withouthelp
from speci c componentsTheinterestarisedn variousap-
plication domainswheredigital camerasare involved and
whereimageinformationextractedin realtime is required
for interactionor controlpurposesThesedomainsinclude,
for instance,scenevirtualizations, video suneillancesor
human-machiniterfaces.However, while muchresearch
hasbeendevoted to algorithmsthat addresshe situation
wherea few camerasareconnectedo a singleor few PCs,
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lessefforts have beenmadetoward larger setsof cameras
andPCswhich are,on the otherhand,becomingstandard.
Moreover, mostcomputewision applicationghatmake use
of severalcameragonnectedo severalPCsdo nottake ad-
vantageof theavailablecomputingpowerandgenerallyrely
on asinglePCfor computationsin this paper we address
thesescalability and optimality issuesby consideringpar
allel stratgiesfor 3D modelingcomputations.The objec-
tiveis to proposepracticalandscalablesolutionsto produce
highly precise3D modelsin real time usingmultiple cam-
eras.

Only afew distributed 3D modelingsystemshave been
proposecanddemonstrateth the past. The CMU robotics
institute introduceda 3D dome with around50 cameras
for virtualization [Narayanan9B the 3D scenemodelbe-
ing built using a stereo-visionapproach. Other systems
have alsobeenproposedit CMU with fewer camerasanda
voxel basedapproactCheungOqQ, or its combinationwith
a stereobasedapproacHCheung03 However, thesesys-
temsdo eitherwork off-line, or in realtime but with a few
camerassinceno parallelisations consideredor modeling
computations.Another classof real time but non-parallel
approachesnale use of graphiccardsto directly render
new viewpoint images[Li03]. Using graphic card hard-
warehighly acceleratetherenderingorocessut suchsys-
temsstill rely on a single PC for computationsanddo not
provide explicit 3D modelsas requiredby mary applica-
tions. In [Borovikov03], a parallelframewnork that stores,
retrievesandprocessesideostreamsn PCclusterss pre-
sented,but the emphasiss put on datamanagemenand
real time applicationsare not considered. Real time and
parallelmodelingsystemshave alsobeenproposedo han-
dle voxel basedmodelingmethods[Kameda00,Arita01].
Voxel basednethodgproducediscrete3D modelsby using
regular spacediscretizationswhere parallelepipediccells
-the voxels- are caned accordingto image information
[SlabaughO1 Dyer0]. Suchmethodscan easily be par
allelized since a signi cant part of the computationsis
achieved independentlyper voxel. The mentionedap-
proachesnake useof thisfactandreportgoodperformance.
However, voxel basednethodsareimpreciseandtime con-



suming. Furthermorethe principlesdevelopedin the pro-

posedapproachesio not easily extend to possibly better
modelingmethods. In this paper we attemptto develop

conceptsatahigherabstractiorievel in orderto make their

applicationpossibleto variousmodelingmethods Another
interestingwork [Francois0] dealswith video streamsand
proposesa multi-threadingstrateyy to improve lateny and
frameratewhenprocessingideostreamdor segmentation
or trackingtasks.We mentionalsoherethe Skipperproject
[Sérot02 which developsa parallelprogrammingerviron-

mentfor imageprocessingThetwo latterworksalsotackle
distribution issueselatedto computewvision, but they pro-

vide middleware solutionsmainly and do not consideral-

gorithmic aspectsasnecessaryvith the tagetedmodeling
applications.

In this paperwe presenarealtime andparallelarchitec-
turefor multi-view algorithmsandreporton its application
to 3D modelingapplicationsand,in particular to silhouette
basedapproachesOur goalis to provide scalablesolutions
by usinga parallelizationmethodology Sucha methodol-
ogy is intendedto be generalenoughto apply to different
contets while maintainingthe requiredparallelizationef-
fort reasonableOur contrikution with respecto the men-
tioned works is twofold: rst, we extend parallelization
conceptsalreadyproposedo multi-view algorithms; sec-
ond, we apply this conceptto silhouettebasedapproaches
andproposenew practicalimplementationshatarescalable
while surpassingtandard/oxel basedapproaches.

The paperis 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 and gives
numericalevidenceon syntheticdata.

2. Distrib ution Scheme

In this sectionwe presentour methodologyto parallelize
multi-view algorithms. It relieson classicalparallelization
techniquesThe simplicity of thesetechniquedimit the ef-
fort requiredto parallelizeexisting algorithms.Experimen-
tal resultsshaw thatthis methodologyeadsto goodperfor
mance.

Let n be the numberof camerasavailable and m the
numberof hosts(PCs). We assumesachcamerais con-
nectedto onehostdedicatedo acquisitionandlocal image
processingWe considethatall camerasssueimagesatthe
samedramerate Wewill considethataframecorresponds
tothesetof n imagedakenatatimet. We alsoassumehat
m isgreatethann. Theextrap = m n hostsarededicated
to computation. Hostsare interconnectedhrougha stan-
dardnetwork. Accessingdataon a distanthosttakesmuch
moretime thanaccessindpcal data.We do not useary tool

maskingthisdisparity likeavirtually sharednemory They

generallyleadto lower performancehantools thatenable
the userto take into accountthis disparityto optimizedata
transfersjike messag@assindibraries[Gropp94. As we

will see,the effort of explicitly handlingdatatransfersis

relatively low andworthwhile.

As a performancecriterion, we measurethe speed-up
obtainedby dividing the sequentiakxecutiontime by the
parallelexecutiontime. Theef ciency of theparallelization
increasesisthespeed-upactorneargshenumberof proces-
sors. For real-timeconstraintswe measurehe framepro-
cessingateandthelatency i.e. thetimeto processasingle
frame.

The methodologywe proposeis basedon two different
levelsof parallelizationa streamlevel parallelizationranda
framelevel parallelization.

2.1. StreamLevel Parallelization

Multi-view applications processa sequenceof frames,
calledastream A very classicaimethodto speedip stream
basedapplicationsis to usea pipeline The applicationis
split in a sequencef stageqsee g. 1(b)), eachstagebe-
ing executedon differenthosts. It enablesa hostto work
on framet while the next hostin the pipe-linestageworks
onframet 1. Thedifferentstagesarenaturallyextracted
from the structureof the program. Trying to redesignthe
applicationinto a longer pipe-lineis time consumingand
increaseshelateny dueto extracommunications.

A stageis time-independenif it doesnot usetempo-
ral consisteny, i.e. the processof framet doesnot de-
pendon the resultsfrom precedingframes. It enablesto
duplicateidentical frame computationschemeon differ-
ent hosts, called processingunits (see g. 1(c)). A new
framet canbe processedssoonasoneof the processing
unitsis available. Thenumberof processinginitsshouldbe
large enoughto avoid ary frameto wait for its processing.
Adaptingthis techniqueo atime-dependerdgtagemay still
be possiblebut requiresadvancedschedulingstratgjiesand
extracommunications.

This schemecanbe appliedto the classicalvoxel-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
fasterthanthe secondone, seseral processingunits canbe
dedicatedo this time-independergecondstage.

2.2. Frame Level Parallelization

The precedingdistribution techniquesansigni cantly im-
prove the processingrame rate. However, the lateny is
negatively affected. The pipe-lineintroducesextra commu-
nicationtime thatincreaseghe lateng, thusreducingthe
reactvity of the system. To improve lateng, one canre-
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Figure 1. Different levels of parallelizationproposedby our
framewvork. A andB arethe two computationstagesof the pro-
gram. At andBt relateto the processingof framet. Eachrow
correspondso a processor Coloredblocks correspondo a task
executionand white blocksto inactivity periods. The graph(a)
representsa sequentiabxecution,the graph(b) a 2 stagepipeline
execution.Graph(c) addsa secondprocessinginit for thesecond
pipelinestageB.

ducethe time taken by a stageto processa single frame.

This canbe doneby parallelizingthe work doneon a sin-

gle frame amongseveral hostsof a single processingunit

(seeg. 2). We baseour schemeon the classicaBulk Syn-
chronousProgramming(BSP) model[Valiant9q that pro-

posesa trade-of betweenperformanceand programming
compleity. Theexecutionis donein asequencef phases,
eachonedecomposeth adataexchanganvolving all hosts
followed by local computationsperformedon eachhost.

This modeleasegarallelalgorithmdescriptionasit splits

communicatiorfrom computation.Basedon this BSP ap-

proachwe proposea 3 phaseschemédor parallelizingpro-

cessingunit computations:

Data preparation: the rst phase(input datadistri-
bution) consistan sendingthe input datato the hosts
requiringthem. Next, eachhostlocally performsthe
initialization computation;meededor thenext parallel
phase.

Parallel computation: in parallel,eachhostexecutes
locally (no communication) differenttask assigned
toit.

Sequentialcomputation: all partial resultsfrom the
parallelcomputationphaseare gatheredon one host.
This host sequentiallyperformsthe remainingcom-
putationthat could not have beenparallelizedin the
previous phase Dependingon therequirement®f the
next pipe-linestage sequentiatomputatiorcanbedu-
plicatedon severalhosts.It canenableto reducecom-
municationloadto transferdatato this next stage.

Thoughvery simplethis modelis very generic.In worst
cases,all the computationis donein the last sequential

Figure2: Framelevel parallelization(2 processorfor stage
A and4 processorsor stageB). It shows lateng improve-
mentin comparisorwith streamlevel parallelization(see

g. 1)

phase.However this is trivially inef cient. We later shov
thatit is possibleto obtainaparallelcomputatiorphasesig-
ni cantly largerthanthe two otherphases.ln sucha situ-
ationwe will shawv thatthis schemdeadsto real-timeper
formance.

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

Datapreparationinitialize locally the voxel space.

Parallelcomputationfor eachimage,computethe vi-
sualconein thelocal voxel space.

Sequentiatomputationgatherall visualconesonone
hostandcomputetheir intersection.

Resultsgiven by Arita shawv that this schemeyields high
performanceGenerally our 3 phaseschemedoesnot lead
to an optimal parallelization.Many optimizationscan still

bedone.Onthis voxel example,Borovikov etal. hasgiven
an algorithmic optimization[Borovikov03] for computing
the voxel cone intersectionin a more complex way that
cannotbe representedvith this 3 phasescheme.However
we shaw in this paperthatthe proposednethodologyoffers
a simpleyet ef cient schemeto addressstreamandframe
level parallelizatiorfor real-timeconstraints.

3. Silhouette-Based Modeling Ap-
proaches

We now deal with silhouette-basednodelingapproaches
andhow to make themsuitablefor a real-timecontext us-
ing our methodology We focuson visual hull reconstruc-
tion approachesas they are quite popularly usedfor 3D
modelingfrom multiple views given their speedand sim-
plicity. Recall that the visual hull is a simple approxi-
mation of the sceneobjectsde ned asthe maximalshape
consistentwith the silhouettesof the objectsin the input
views [Laurentini94. A numberof algorithmshave been
proposedfor computingthe visual hull. Someusea dis-
crete partitioning of spacein voxels. Suchvolume-based
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Figure 3: Outline of the visual hull modelingtechniqueschosenfor parallelization. (a) Imagesof an objectaretaken, silhouettesare
identi ed, their contoursvectorized andviewing edgesarecomputedor eachpoint of thediscretization(b) The hybrid methodcomputes
the Delaunaytetrahedrordecompositiorof spacebasedon viewing edgevertices.(c) Eachtetrahedroris caned accordingto silhouette
consistenyg, andthe nal visual hull modelis obtained. (d) The exact connectiity methodcomputeshe coneintersectioncomponents
belongingto thevisualhull, to completethe entirevisualhull polyhedronmesh.(e) Facesareextractedfrom the meshrepresentatioand

the nal polyhedronmodelof thevisualhull is obtained.

schemegrove to be simpleto implementandcanbe very
fast. We have given a casestudyfor the parallelizationof
theseapproachem theprevioussection.In thissectionwe
will thereforefocuson the parallelizationof methodsthat
have never beenstudiedbeforein this context.

Namely a recently popular cateyory of surface-based
modelingapproachesave focusedon recovering the sur
faceof the visual hull, andprovide a polyhedralrepresen-
tation of the visual hull surface as output [Baumaart75,
Matusik0], somegiving additionaltopologicalguarantees
with a simplerframework [Franco03]. An interestinghy-
brid approachalsoexiststhatcombinesadwvantageof both
volumeandsurface-baseflamilies[Boyer03]. While these
methodsprovide a precisemodelof the visual hull andare
generallyfast, they arestill too slow for a hardreal-time
setupwith as mary as 10 cameras. On the other hand
this makesthemoutstandingpotentialbene ciariesof par
allelization. In this context we canshawv that parallelism
is atool to bridgethe gap betweergenerallyfastvision al-
gorithms, and vision algorithmsthat guaranteevery high
frameprocessingatesof 30fpsor above.

3.1. Outline of the Modeling Methods

In order to offer a broad view of the parallelizationof
silhouette-basedpproacheswe will focuson two of the
mostrecentmethodsthe hybrid method[Boyer03], which
offersarobusttrade-of betweernvolumeandsurface-based
approachesand one of the available surface-basedneth-
ods,theexactconnectivitynethodFranco03].See gure 3
for anoverview. Recallthe context of suchmethodsn cal-

ibratedcamerasreusedto generaten views of anobject;a
standardbackgroundsubtractionprocesss usedto extract
thesilhouettebitmapsfrom theimages.The contoursof the
obtainedsilhouettemasksarevectorizedsoasto obtainori-
ented2D polygonsboundingthe silhouetteregions. This
discreterepresentationf silhouettesnducesa discretevi-
sualhull polyhedron. The hybrid methodprovidesa close
approximatiorof this polyhedronwhile the exactconnec-
tivity methodcomputest exactly.

Threestepsareusedto achieve thereconstructiomoalin
bothcasesasdepictedin gure 3. The rst step,common
to both methods,computesan initial subsetof the visual
hull geometrytheviewing edges in theform of pointsand
edgedocatedon the viewing lines of eachdiscretesilhou-
ettecontourpoint (detailsfollow in 3.2). The secondsteps
commongoalis to computeanintermediateaepresentation
which implicitely containsthe visual hull surface. To this
goal, the hybrid methodpartitionsspaceinto corvex cells,
which caneasilybe caned accordingto silhouetteconsis-
teng of their projectionin images. In contrast,the exact
connectvity methodcomputeghe exactvisualhull polyhe-
dron asa generalizecconeintersection. Finally, the third
steps commongoalis to identify theunderlyingsurfacein-
formation, by extractingthe visual hull interfacepolygons
from the previous representation.The following sections
give moredetailsaboutthesesteps.

Notethat,asa rst possibility for applyingour method-
ology, we can easily identify eachconceptuaktep of the
methodswith a stagein a multi processingunit pipe-line,
to increasethe output framerate. This is valid sincethe
algorithmsare intrisincally time-independenteachset of



silhouettesin framet is usedfor reconstructinga shape,
andtheinformationwill never beusedagainin subsequent
frames. We will now dealwith morespeci c issuesin the
following sections.

3.2. Computing the Viewing Edges

We now describethe computationof viewing edgesat dis-
creteimagecontourvertices,asit is a commonprocessing
stepin the presentednethodqsee g. 3).

Viewing edges are intenvals along viewing lines. They
correspondo viewing lines contributionsto the visual hull
surfaceandarethusassociatedo imagepointson silhou-
ettecontours.As such,viewing edgesaresimply obtained
by computingthe setof intenals alonga viewing line that
projectinsideall silhouettegsee g. 4).

Figure4: Viewing edgegin bold) alongtheviewing line. Epipo-
lar line anglescanbe usedto acceleratehe searchfor the image
segmentsntersectingheepipolarline.

Interestingly this algorithm provides greatfreedomfor
frame-level parallelism asit consistdn the computatiorof
a setof numerousgpartial but independentesults. Thatis,
eachviewing line's contributionscanbe computedregard-
lessof all others,assuminghe silhouetteinformationfrom
all imagesis available.An ef cient frame-level paralleliza-
tion of viewing edgecomputatiorcanhencebe obtainedby
partitioningall viewing lines of all imagesin p setsduring
the datapreparationphase,and distributing eachbatchto
oneof p hostsfor processindparallelcomputatiorphase).
One must be careful in balancingthe workload between
hosts,n orderto reducethetime spentwaiting for the slow-
esthost. Building setsof identical cardinality during data
preparatiorprovedto beef cient aswewill shav. Obsene
thatthisparallelscheménhearily constraindow wewill per
form datapreparation:as eachhostrequiresall silhouette
information, silhouettecontoursmustalso be broadcasted
during that phase.Finalizationof the tasksimply consists
in gatheringthe union of all partialresultson the hoststhat
requireit, duringthe sequentiatomputatiorphase.

We areableto achieve speed-upsf the orderof 8 with
10 hosts,which is very good, especiallygiven the low ef-
fort requiredto parallelizethe algorithm. Higherspeed-ups
canbeachieved, but with a substantiallyhighercompleity,
muchatthe expenseof the gain/efort tradeof.

3.3. A Distrib uted Hybrid Method

We will now describethe parallelizationof the hybrid

method[Boyer03]. After computingtheviewing edgesthe
hybrid methodusesa Delaunaytriangulationof the view-

ing edgeverticesto obtaina decompositiorof spaceinto

tetrahedronsas a secondstep(see g. 3). The union of

thesetetrahedron$orm the corvex hull of theinput points:
someof themmustbe canedin orderto isolatethe visual
hull. The discretizationconsistsof corvex cells of a more
generalizedand e xible shapethanregular voxels, but can
still be canedwith voxel-like silhouetteconsisteng checks
suchasthosein [CheungOQ. Thisis usedin thethird step
to determinawvhichtetrahedronge insideor outsidethevi-

sualhull, andthe surfacepolygonsare extractedfrom this

modelby simply isolatingthe triangleswhich lie atthein-

terfacebetweerthetwo regions.

Althoughthealgorithmis conceptuallysimple,building
its parallelcounterparbringschallengesve haveto account
for aswe seekto apply our proposedmethodology The
mainissuehereis the Delaunaytriangulation,which gen-
eratesmary partial, but globally constrainedresults: the
Delaunaytetrahedrons.Somepossibilitiesfor distributing
theDelaunaytriangulatiorhave beenexplored[Cignoni93,
with themainideaof subdviding theproblemamongspace
regions where concurrenttaskstake place. This ideacan
be appliedto mary vision algorithms. One obstacle also
widely generic,is the compleity of detectingand dealing
with region interrelationshipsn the algorithm. In the case
of the Delaunaytriangulation,a programmemvould spend
mostof his time re-implementinghe tediousalgorithmics
intrinsicto suchamethod.Undersuchconditions,t is wise
to sacri ce systemreactvity to implementatiorsimplicity.
Streamlevel parallelizationcanstill beusedto improve the
framerate of an alreadyavailablesequentiatode. Yet we
will seein the next sectiona casewheretacklingthe multi-
ple regioninterdependencproblemis worthwhile.

Howeverwe do have anotheropportunityfor paralleliza-
tion, asthecell carvingtaskis muchfriendlier. Muchlikein
ausualvolume-basetkchniquethepercell carvingresults
areindependentwhich ensures well-behaed parallelex-
ecutionphase. The only requirements that all silhouette
informationis availableat all hosts,which canbe provided
for duringdatapreparationThe sequentiaéxecutionphase
will thensimply gatherthe cane stateof all tetrahedrons,
and nally extractthe surfacetrianglesfrom this informa-
tion, asthistakesverylittle time anddoesnotrequiredistri-
bution. Undersuchfavorableconditionswe areablein this
carvingtaskcontet to reachspeed-upsf 9.5for 10 hosts.

3.4. A Distrib uted Surface-Basedviethod

We now briey describe the application of our pro-
posedparallelizationmethodologyon the exact connectv-
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Figure5: Visualhull of aspherewith 3 views.

ity methodFrancoO3)overview availablein gure 3). Fig-
ure5 providesa representatioof all geometricentitiesin-
volved.

As seenpreviously, the viewing edgesgive us aninitial
subsebf the visual hull 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
visual hull, onemustalsocomputethe missingconeinter-
sectioncurvesthatparticipateto thevisualhull polyhedron.
It canbe obsenred that suchcurves, which are piecavise-
linear, snale aroundthe visual hull surface,connectingo-
getherviewing edgeverticesandextra verticescalledtriple
points Triple pointsarethe locus of threeconeintersec-
tions; as suchthey are always the meetingpoint of three
coneintersectiorcurveson thevisualhull (seeg. 5).

With this in mind, the exact method simply 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 computingnewn edgesof the curve, using
incidenceinformation previously inferred. Checkingfor
the silhouette consisteng of each newly creatededge
ensuresthat it is part of the visual hull mesh; it also
enableghealgorithmto detectandcreatethe missingtriple
points, whensuchconsisteng is violated. Whenall cone
intersectionedgesare recovered, facesof the polyhedron
surface are extracted by walking through the complete
orientedmeshwhile alwaystakingleft turnsat eachvertex,
soasto identify eachfaces 2D contoursandcompletethe
third stepin thealgorithm.Referto [Franco03 for details.

Any parallelizationeffort for this algorithmwill likely
be confrontedo the strongspatialdependencieimherento
ameshrepresentationn orderto allow for concurrentask
execution, we classicallychooseto partition spaceinto p
differentregionsusingp 1 parallelplanesthussubdvid-
ing spacein p “slices”. Slice width is adjustedby attribut-
ing aconstanhumberof viewing edgeverticesperslicefor

workloadbalancing Sincewe mainly manipulateedgesand

vertices partitioningof primitivesamongregionsduringthe

datapreparatiorphaseis a very low costoperation. Thus,

a hostof the distributed exact connectvity methodcanbe

instructedo follow intersectiorcurveswithin its dedicated
region R, until this curve crosseshe bordertoward an-

otherregionR; . The hostthenstopsprocessinghis curve,

therebydelegating the computatiorof the restof the curve

to the hostin chage of R; duringthe parallelcomputation
phase.

Obsene thatregion dependenciearevery easyto iden-
tify asthey only materializeat edgesthat crossa partition
plane. It is yet again straightforvard to identify the three
simplephase®f ourframe-level parallelmodelin this case.
Data preparationpartitionsthe job amongregions; paral-
lel computationtaskscomputemeshfragmentsassociated
to their dedicatedegion; the sequentiatomputatiorphase
gathersand carefully meigesthe partial meshesacrossre-
gion borders. This provesto be very ef cient aswe reach
speed-up®f 6 with 10 hostswith our implementationan
excellentresultgiven the reasonablémplementatiortime
andthe dependengissues. This will be con rmed by the
globalmeasurementgrovidedin thenext section.

We arealsoableto distributethe surfaceextractionstep:
the completemeshis broadcastedo p hostsduring data
preparationthenthe p hostsindependenticomputea sub-
setof the faceinformation, andthe sequentialnalization
simply gathersall setsof faces. This leadsto very good
speed-upsf theorderof 7 for 10 hosts.

4. Implementation and Experimental
Results

In this sectionwe detailexperimentakesultsobtainedrom
theimplementatiorof thetwo precedinglgorithmsparalel-
lized with our methodology We obtain real time perfor
mancefor high quality 3D modeling;recallthatfor thesec-
ond methodthe computedoolyhedronis exactwith respect
to theinputsilhouettes Testswith syntheticdatashaw that
sustainedperformances obtainedwith a large numberof
view points.

Ourl6processoclusteris composeaf 8 dualXeonPCs
(2.66GHz) connectedhrougha Gigabit Ethernethetwork.
Lateny is measuredrom the beginning of the viewing-
edgestep.Ourimplementatioruseghe standardVPl mes-
sagepassindibrary [Gropp94 for comunicationsTheDe-
launaytriangulationis computedvith the high performance
sequentialibrary Qhull [Qhu]. All presentedesultsare
basedn setsof 10 experiments.

4.1. Real Time Conditions

Our real experimentalsetupis composedf 4 IEEE 1394
cameragachconnectedo a PChandlingacquisitionback-



ground substractionand silhouettevectorization. Images
(640x480)areacquiredat 30 framespersecond.Thescene
is composedf a person(see g. 6), an objectof average
compleity (150contourverticesperimage).

Figure6: Realtime reconstructiorof a real personwith 4
camerasandthe exactconnectity approach.

Using such a systemto run the hybrid method, we
achieve realtime 3D modelingat 30 framespersecondus-
ing 16 processors.One processingunit parallelizedon 4
hostsis dedicatedo the rst step.Tenprocessinginitsare
dedicatedo thesequentiaDelaunaytriangulation.Carving
is achievedin asingleprocessinginit parallelizedon 2 pro-
cessorsThe measurediateny comesin the averageof 400
ms,but is highly limited by the sequentiaéxecutiontime of
thetriangulationtime, which canreach300ms.

The exact connectvity methodproved to be more ef-

cient as real time execution (30 frames per second)is
achievedwith only 12 processorsEachstagehas2 process-
ing units, eachonebeingparallelizedon 2 processorsThe
measuredhteng is aboutlO0ms. Thislow lateny andreal
time frame processingateenableto usethis algorithmfor
interactve applications. Videosare available at http://
www.inrialpes.fr/movi/people/Franco/CVPR04

4.2. Validation with Large Numbers of View
Points

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

Not having morethan4 cameraswvailable, the scalabil-
ity of ourdistribuedalgorithmswastestedwith imagedrom

multiple view pointsgeneratedrom a syntheticmodel. We
focusonthelatengy issue.We only considerthe exactcon-
nectvity 3D modelingalgorithm as the hybrid oneis la-
teng limited by the Delaunaytriangulation. Therealtime
framerateissueis notdiscussedsit canbe solved by mul-
tiplying thenumberof PCsassignedo thestreamlevel par
allelization.

Themodelwe consideiis asyntheticpersorwith acom-
plexity closeto a real person(about130 contourvertices
perimage). Figure8 presentghe obtainedateng with re-
gardto thenumberof processorgvolvedfor 16,25and64
view points. The parallelizationof the algorithmenablego
signi cantly reducethelateng (almostby anorderof mag-
nitude). With 25 view pointsand 16 processordateny is
below 200ms, alateng level suitablefor interactvity.
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Figure8: Log plot latenciedor the syntheticperson.
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Figure9: Speed-up$or the syntheticperson.

Figure9 presentsheassociatedpeed-upsUp to 9 pro-
cessorgor 12view points,14 processorfor 25view points,
andmorethan16 processor$or 64 view points,the speed-
upis above half of the processorsised.Next, thespeed-ups
tendto stabilizeasthe workloadin the parallel computa-
tion phaseslecreasesomparedo thedatapreparatiorand
sequentiatomputatiorphases.

5. Summary and Conclusions

We have presente@ 3D modelingsystemwhichusesparal-
lelism to reachrealtime executionswith a e xible number



of cameraandPCs.Suchsystemis basedn a distribution
framework we proposewhichis intendedo multi-view ap-
plicationsin computewision. We have demonstrateds ef-

fectivenessn 3D modelingapplicationsusingsilhouettes.

The high quality visual hulls generatedby theseparallel
algorithmscanbe usedfor variousapplications,ncluding
virtual reality (see g. 10). Our main contritution with re-
specto existingworksin the eld is to provide new parallel
3D modelingimplementationgswell asamethodologyfor

the parallelizationof multi-view applications. Resultson

real and syntheticdatashav that our approachallows for

scalabilityin modelingsystemsand extendsthereforethe
potentialof suchsystems.We are currently studyinggen-
eralizationof the given principlesto othercomputervision

applications We arealsoextendingour experimentaketup
so that it includesmore than 20 camerasand provides a
completepipe-linefrom theimageacquisitionto the model
visualizationin multi-projectorervironments,with all the
associatedasksdistributedon a PCcluster

Figure 10: Two new views of the visual hull modelof g-
ure 6 with view-dependentexturing.
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