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Abstract

In this paperwe describea parallelandout-of-coreview-dependent
isocontourvisualizationalgorithmthatefficiently extractsandren-
dersthe visible portionsof anisosurficefrom large datasetsThe
algorithmfirst createanocclusionmapusingray-castingandnear
estneighborsWith the occlusionmapconstructedthevisible por
tion of the isosurficeis extractedandrendered. All stepsarein
a single passwith minimal communicationoverhead. The over
all workloadis well balancecamongparallelprocessorsisingran-
domdatadistribution. Volumetricdatasetsrestaticallypartitioned
onto the local disks of eachprocessoandloadedonly whennec-
essary This out-of-corefeatureallows it to handlescalablylarge
datasets.We additionally demonstratesignificantspeedupof the
view-dependentsocontourvisualizationon a commodity off-the-
shelfPCcluster

1 Introduction

Todaytomographidmagingandcomputersimulationsareincreas-
ingly generatindarge datasetshatareto be effectively visualized
for betterunderstandingf the underlying scientific information.
Isocontourvisualizationis a popularinteractve and exploratory
visualizationtechniqueusedto determineand browse regions of
interestwithin volumetric imaging data, and validate the results
of computersimulations. Interactve isocontourvisualizationex-
tractsmultiple 2-dimensionasurfacessatisfyingF (x) =constfrom

a given scalarfield F(x), x € R3, andrendersthemat interactve
framerates(30HZ).

Related Work: As the sizeof theinputdataincreasesisocontour
ing algorithmsnecessarilyneedto be executedout-of-coreand/or
on parallel machinesfor both efficiency and data accessibility
Hansenand Hinker[16] describeparallel methodsfor isosurfice
extraction on SIMD machines. Ellsiepen[11] describesa paral-
lel isosurficingmethodfor FEM databy dynamicallydistributing
working blocksto a numberof connectedvorkstations. Shenet
al. [31] implementa parallelalgorithmby partitioningloadin the
spanspace. Parker et al. [27] presenta parallelisosurfceren-
dering algorithm using ray-tracing. Chiangand Silva [6, 8] give
animplementatiorof out-of-coreisocontouringusingthe 1/O op-
timal externalinterval tree on a single processor Bajaj et al. [2]

userangepartition to reducethe size of datathat are loadedfor
givenisocontourqueriesandbalancethe load within a rangepar

tition. More recentlyZhangetal. [35] proposea scalableisosur

facevisualizationframevork for massive datasetson commodity
off-the-shelfclustersby combiningthe parallelandout-of-coreiso-
contouringtechniquesChiangetal. [7] alsotry to combineparallel
andout-of-coretechniquegor isosurbiceandvolumerenderingfor
unstructuredyrids.

An isocontourvisualizationis not completewithout isosurfices
beingrenderedanddisplayedo theuser Renderings acritical and
indispensablgartof visualization.In thecaseof isosurficerender
ing, thetrianglesof anisosuricesareprojectedrom the 3D object
spaceto the 2D imagespaceby graphicshardware. Efficient ren-

deringis of specialimportancewhenthe userwantsto obsere an
isosurficefrom differentviewpointsafter the surfaceis extracted.
Largeisosurbcesxtractedirom largedatasetsftenneedio beren-
deredwith parallelgraphicspipesfor interactvity.

UdeshiandHanser{33] employ themulti-pipesof a SGI Onyx2
realitymonstetto rendedargeisosurficesn asort-lasfashion25].
They usea binary-svap method[24] to efficiently compositethe
imagesin log,(P) steps,whereP is the numberof renderingpro-
cessorsWith thefastadwancesof PC graphicshardware, it is now
possiblefor asinglePCgraphicscardto rendemillions of triangles
at the sameor even betterratethansomecustomgraphicsboards.
Combiningthe power of thesecommoditygraphicshardware will
resultin avery high performanceenderingsystematrelatively low
cost. Mary researctgroupshave recentlystudiedthe problemof
applyingthe fastimproving PC graphicshardwarefor parallelren-
dering[30, 17, 19, 4, 32].

However, renderinginvisible polygonsin a scenecontritutes
nothingto thefinal imageandslows down therenderingprocesslit
is particularlytrue for isocontouringoecausehoseinvisible poly-
gonshave to alsobe extractedat run time. It is oftenthe casethat
mary polygonsof a sophisticatedsosurficeare not visible from
certainviewpoints. As isosurficegyetlarger, extractingandrender
ing thoseinvisible polygonstake a significantamountof time with
noeffectto thefinalimage. Ideallythoseinvisible polygonsshould
notbeextractedandrenderedn orderto allow for fasterisocontour
visualization.

A similar problemexistsfor renderinggeometricnodels.In or-
derto avoid renderinginvisible polygons,mary techniquef vis-
ibility culling have beendeveloped[15, 14, 34, 21, 3, 18]. The
HierarchicalZ-Buffer methodof Greeneet al. [15] usesanoctree
to managehescenewhichis thentraversedandrenderedrom top
to bottom, anda quadtreeto storez-buffer, which allows for fast
rejectionof invisible geometries.Greeng[14] further extendsthe
methodby substitutingthe z-buffer with a 3-statehierarchicatiling
andtraversingthe octreein afront-to-backorder Zhangetal. [34]
chosesomepolygonsfrom a precomputediatabases occluders,
andrenderthemto getalow resolutionimageof the occluders.A
hierarchyof occlusionmapsis thenbuilt uponthe imageandap-
plied to occludethe restof the polygonsin the scene.Klosowski
and Silva proposea conserative visibility culling technique[21]
basecdbn their Prioritized-LayeredProjectionalgorithm[20]. They
partition the sceneusing an octreeandrenderthe partitionsin the
orderof probabilityof beingvisible. After anapproximatemageis
generatedthe restpartitionsarethenoccludedagainstthe current
z-huffer.

Isocontouringhas becomea major sourceof large surfaces.
Compared to visibility culling of geometric models, view-
dependentsocontouringhas an addedemphasison avoiding the
extraction of invisible triangles. Parker et al. presenta ray-based
isocontouringalgorithmwithout explicitly extractingisosurbcesto
directly computethe color of eachpixel[27]. A rayis castfrom the
viewpoint throughevery pixel on the to-be-renderedmage. The
first intersectionpoint alonga ray with theisosurficeis computed
by solvinga cubicequatiorreducedrom thetrilinearinterpolation
of thedata.Theparallelversionof thisalgorithmsimply assignghe



raysto differentprocessorsLiu etal. [22] proposeanisosurfice
extractionalgorithmthatusesay castingasa wayto identify active
cellsinsteadof directly computingthecolor of pixelsasin [27], and
thenpropagate$rom thoseactive cellsto form a view-dependent
isosurfice. Theremay be visible holeson the isosurficeextracted
by this algorithmif the numberof raysis notlargeenough.

Livnatand Hansenpresenta view-dependentsosurficeextrac-
tion algorithm[23] thatappliesanocclusionculling methodsimilar
to thatin [14]. It decomposeshe volume into an octreehierar
chyandtraversest in afront-to-backorderto determinethevisible
cells. This algorithmproduceanuchfewer triangleswith the extra
overheadof visibility test. Thereis no parallelimplementatiorof
thismethod.GaoandShen[12] give aparallelview-dependeniso-
contouringalgorithmthat emplo/s a multi-passocclusionculling
thattries to load balanceamongmultiple processorsand produce
fewer numberof triangles.lsosurficeextractionis donein parallel,
andyvisibility culling and updatingocclusionmapsare performed
in multiple rounds.This algorithmrequiresthe entiredataseto be
in every processos main memoryand may have a bottleneckof
updatingthevisibility masksmultiple times.

Thoseview-dependenisocontouringalgorithmshave improved
the interactivity of isocontourextraction and can handle larger
datasetsHowever, all of themhave assumedheentireinputdataset
andits ancillary datastructuresare storedin main memory which
limits the scalability of thosealgorithms. As the size of datasets
grows at a muchfasterpacethanthat of availablememoryof par
allel computersmary datasetarebecomingioo largeto beheldin
themainmemoryof today’s commonparallelmachines.

Main Results: In this paperwe presenta parallelandout-of-core
view-dependenisocontouringalgorithmthatis well load-balanced
amongthe parallel processors. We use a randomdatadistribu-
tion thathasprovablegoodloadbalancefor bothview-independent
andview-dependenisocontourvisualization.Sincedatablocksare
storedon disksand indexed by an externalinterval tree[1], only
datablocks that contrikute to the view-dependenisosurfice are
loadedandprocessed.

Section2 givesthe randomizediatadistribution methodthatis
load-balancedor both view-independenandview-dependeniso-
contourvisualization.Section3 describeshedetailsof theparallel
view-dependenisocontouringalgorithmwith therandomdatadis-
tribution. Section4 then presentghe implementationand results
for thealgorithm.

2 Load Balance with Random Data Distribu-
tion

A very importantissue of parallel computationis load balanc-
ing [10], which is achieved mostly with two fundamentalap-
proaches({i) statichalancingwherethe datais partitionedbefore-
handwith criteriathatguarantedoad balancingat runtime; or (ii)
dynamic balancing,where processorsre given small chunksof
dataasthey becomeavailable. The units of datapartitioningcan
take the shapeof slices,shafts slabs,or blocks.

A dynamicpartitioningusuallyrequiredataredistritutionatrun
time or datareplication,which are expensve for massie datasets.
The major concernabouta static partitioningis thatload balance
may not always be good enoughfor the entire parameterspace,
whichis therangeof all possibldsovaluesin the caseof isocontour
visualization.lsosurficeextractionhasthe propertythatcomputa-
tion on eachsub-wlume of a datasettan progressndependently
Sincecommunications theleastscalablefactor we choosea static
datapartition method. As demonstratedater, sucha static data
partitioncanachieze goodloadbalanceor thewholerangeof iso-
values.

The parallel and out-of-core view-dependenisocontouringis

basedon the sameframeawvork for scalableisocontouringon com-
modity off-the-shelfworkstations[3h In this framevork volume
datasetsare divided into blocks of the sameorderas disk blocks
and statically partitionedonto multiple processorsnd their local
diskswithout duplication.An externalinterval tree[1] is thenbuilt
for thedatapartitiononeachocaldiskin orderto loadonly relevant
datablocksin out-of-corecomputations.

Thereare mary possibleways to distribute blocks amongthe
processorsTheideal datapartitioningfor parallelcomputatiorre-
quiresthe workload histogramof eachprocessois a samescaled
version(% times) of the global histogram[2]. Sincethe whole
workload histogramof a volume datasets the sum of workloads
for all blocks,datapartition problemcanbethoughtasassigningN
weightedunitsto P binssuchthatthe weightdifferenceamongthe
binsis minimizedfor arangeof values.

2.1 Random Data Distribution

Obviously the optimal solutionfor this problemis NP-hard.It is a
strongewersionof theoptimizedbin-packingproblem[9], whichis
itself NP-hard.We have to usean approximatioralgorithmfor the
datadistribution of parallelandout-of-coreisocontouring While a
deterministicgreedyalgorithmis givenin [35], in this sectionwe
shav thatarandomizedilgorithmgivesawell balancedlistribution
for large datasets.

For alargevolumedatasetpnehasalargenumber(N) of blocks
todistributeamongtheP processoréN >> P). Supposeachblock
bi, 1 <i < N is justrandomlyassignedo oneprocessar For i =
1,...,N, let xi‘ be a binaryrandomvariablewhich is 1 if the block
bj is assignedo the processompj, 1 < j < P, andbe 0 otherwise.

Thenx},x),...,x} is a sequencef independenBernoulli trials

with prob(xiJ = 1) = 1/P. In averageevery processompj receves
E(3 1) = N blocks.

Let W = maxy(w;), wherew; is the workload of the block b
for agivenisovaluev. ThenW = N, w; is the total work of ex-
tractingthe isosuraiceof isovaluev. Let g = wi/W; g € (0,1] be
the normalizedworkload of the block bj. Thenthe weightedsum
of Bernoulli trials W = ZiN=13iXi] is the normalizedworkload as-
signedto the processop;j. The expectedworkloadassignedo the
processop; is

N & N
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Let W, betheworkloadassignedo the processop; for agiven
isovaluev. It is possibleto shav thatit is highly unlikely thatW;
greatly exceedsthe expectedvalueW /P. We apply the following
theoremby RaghaanandSpence(28], which givesaninequality
for theweightedsumof Bernoullitrials.

Theorem 2.1 ([28]) Letay,...,ay berealsin (0,1]. Letxy, ..., XN
beindependenBernoullitrials with E(x;) = pi. LetWg = SN aix.
If E(Wg) > 0, thenfor anyv >0

v E(Wp)
€ )> @)

prob(Wg > (1+V)E(Wp)) < (m

Usingthe abave theoremwe canobtainfollowing result.

Theorem 2.2 For anyr > P, if thetotal workloadW > awPlogr
for a givenisovalue and blocks are randomlyallocatedamongP
processas, any processothas a workload < % with probability

> (1— r%) whee W is the maximumworkload of a blodk, a >

c+1
log4/e

(c> 0) is aconstant.
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Figure 1: Histogramsof block, triangle distribution, and isosurficeextraction and renderingtime for both deterministicand randomdata

partitioningsof thevisible humanmaleMRI dataset.

Proof: This proofis similar to the resultin [13] on randomized
emulationof QSM on BSP model. The following is basedon a
simplifiedanalysisin [29].

In the caseof datapartitioning for parallelisocontouring,as-
sumethe normalizedworkload W' = S, & > aPlogr, where
o> loc;&e (c> 0) is aconstantandr > P. SinceN >> P, this
assumptiorusuallyholdsexceptfor isosuracesthathave very few
triangles,which are of little interestbecausehey canbe quickly
extractedregardlessof how the datasetis partitioned. Thenthe
probability of the processomj, having more thantwice the aver-
ageworkload,is

prob <LP,- > ZWTI> < (Z)WI/P.

Letd =4/e> 1,then

! !
prob (le > ZYDV ) < d™W/P < gmolwr
_ d% ——alogd _ —c—1

The probability of any processohaving morethantwice the aver-
ageworkloadis
!

!
2\;)\/ ) <Pxprob (Lu,- > ZWT> <r % @

prob (lP >

where W = max(¥;) is the maximum load of all processors.
Therefore we have the theoremfor the randomizeddatapartition-
ing for parallelandout-of-coreisocontouring.

The sametheorem?2.2 appliesto datapartitioningfor the view-
dependentsocontouringin section3, wherethe weightw; of the
block bj representghe contrikbution of b; to the view-dependent
isosurfice. Therefore onecanexpectthe samerandomblock dis-
tribution algorithmto provide goodload balancefor parallelview-
dependenisocontouringaswell.

2.2 Comparison To a Deterministic Distribution

In this sectionwe comparehe performancef therandomizediata
distribution to the deterministicmethodin [35]. Workload his-

togramsfor the visible humanmale MRI dataareshawn in figure

1. Thefirst row of figuresshav the numberof blocksloaded num-

berof triangles andisosuriceextractiontime for thedeterministic
distributionrespectrely; the secondow shavs the samecurvesfor

the randomizeddistribution. Eachcurve in the figuresshaws the
resultfor anindividual processofor the whole rangeof isovalues.
Thosefiguresdemonstratehat both distributions have very good
loadbalancefor the wholerangeof isovaluesfrom 0 to 1900. Fur-

thermore the curves of trianglecountcloselyresemblethe curves
of actualextraction andrenderingtime. It justifies our usingthe
numberof triangleto representvorkloadin datapartitioning.

While the deterministicmethodhasbetterbalancefor the num-
berof loadedblocks,therandomizednethodactuallyachieesbet-
terbalanceor realextractiontime, especiallyfor largeisosurfices.
This verifiesthetheorem2.2in section2.1.



3 Parallel and Out-of-core View-dependent
Isocontouring

In this sectionwe give a view-dependenisosurfceextractional-
gorithm that integrateswell with the framework for scalablepar
allel and out-of-coreisocontouringin [35]. It usesthe samedata
distribution and hasthe samenice featuresas good load balance,
out-of-core,and minimum datareplication. The view-dependent
isocontouringalgorithmhastwo majorphases:

1. Occluder Selection: In the first phaseof the algorithm, a
numberof raysare castfrom the viewpoint to the volumein
order to obtain an approximationof visible blocks. Those
blocks are treatedas occluding blocks.  Isosurficesinside
thoseoccludingblocksareextractedandthenrenderedo cre-
ateanocclusionmapfor the seconphaseof thealgorithm.

2. Visibility Culling: In theseconcbhasetheremainingblocks
aretraversedandculled againsthe occlusionmap. Only iso-
surfacesin thevisible blocksareextractedandrendered.

Here are several good featuresof this view-dependentsocon-
touringalgorithm:

e Conservative: For a given viewpoint, this view-dependent
algorithm generatesmagesof isosurficesidenticalto those
renderedvithout culling. Thereareno holesor otherartifacts
in theimagebecaus®f visibility culling.

e Single Pass. The view-dependentsocontouringmethodre-
quirestraversingtheblocksonly once,andthuseliminateshe
large overheadof traversingthe blocks and updatingthe oc-
clusionmapmultiple timesasin [12].

e Full Paralleization: Both the occluderselectionand visi-
bility culling phasesarefully parallelizable.In our scalable
isocontouringframework, eachprocessomnly extractsand
renderssosurficesof the blocksthatresideon its local disk.
The staticdatadistribution methodsoffer goodload balance
for view-dependenisocontouringaswell.

e Out-of-core: Sincetheview-dependenisocontouringalgo-
rithm is within thesameframework thathandledargevolume
datasetwith externalsearchdatastructuresijt preseresthe
samepropertyof loadingonly datablocksthat contritute to
thefinal view-dependenimage.

Traversingthrougha volume datasemmultiple timesincurs sig-
nificant overhead,especiallywhen the datasetis very large. We
choosea single-passlgorithmto avoid the communicationover-
headof multiple blocktraversalsandocclusionmapupdatesyhich
is especiallyexpensve for alooselyconnectedPCcluster In order
to have aneffective singlepassvisibility culling algorithm,it is es-
sentialto selecta setof goodoccluders.

3.1 Occluder Selection

A subsedf polygonsareusuallychoserasoccludersfor a polygo-
nal scene.However, polygonsof anisosurficedo not exist before
the isosurficeis extracted. It is impossibleto pre-computea oc-
cluder databasesin [34] for view-dependenisocontouring. In
otherwords,the occluderselectionfor view-dependenisocontour
ing mustbe doneatruntime. In the framework of parallelandout-
of-coreisocontouringdatasetarestaticallypartitionedinto blocks
anddistributedamongthe processorsWe mustthereforeconsider
choosingoccludingblocks,which containpolygonsto berendered
to createthe occlusionmap.

Let S5 be the setof selectedoccludingblocks. We usea ray-
castingmethoddescribedbelow, to choosethe preliminary set of
occludingblockssé C S by shootinga numberof raysfrom the
viewpointto thevolume.Along eachray, the blocksintersectedy
the ray are determinedusing Bresenhans line plotting algorithm
[5], which is very fastto compute. As soonasa ray hits a block
B with a rangecontainingthe isovalue v, the ray terminatesand
the block is addedto the setSé. Only the rangeof the block is
utilized, andthe scalarfield of the block is not loaded. Any block
B choserthisway mustbeavisible block sincefrom theviewpoint
to this block thereexists at leastoneray thatis not blocked by ary
otherpolygonsin front of it. We wasteno time in extractingand
renderingpolygonsin thoseblocksin Sé for the view-dependent
isosurfice.

We usea combinationof deterministicand randomlysampled
raysto determingheblocksin Sé Deterministicraysarecastfrom
the viewpoint throughthe boundingbox of the volumeprojection,
suchthat every block is hit by at leastoneray. In our implemen-
tation, we shoota ray to the centerof eachboundaryfaceof every
boundaryblock. Besidesthe deterministicrays, somerandomly
sampledaysarealsocastfrom theviewpointin orderto find more
visible blocks. A 2D exampleis illustratedin figure 2, whereoc-
cludingblockschoserby theray castingarelightly shaded.

viewpaint

Figure2: Rayscastfrom aviewpointinto a 2D mesh.Thelightly
shadedlocksarethe occludingblocksselectedip by therays.

Althoughray castinggivesa goodpreliminarysetof occluding
blocks, someblocks that containsvisible isosuriicesare not se-
lectedbecausethervisible blocksin S5 arein front of themandter-
minatetherays. Someexamplesareillustratedasthedarkly shaded
blocksin figure 2. Most commonsituationsof missingblockshap-
penin the nearneighborhoodf the blocksin Sé becauseof the
continuity of isosurfices. Thosemissedblocks may causeholes
in the occlusionmapthatis constructedrom the polygonsin the
occludingblocks. In orderto reducethe numberandsize of those
holes,we addthe nearesheighboringolocksof thosein Sé toform
the setof occludingblocks Sz. The pseudo-codéor the occluder
selectionprocesss shavn in figure 3.

Figure 8 (seecolor plates)shavs someexamplesof occluder
selectionwherethe picturesin theleft columnareimagesendered
only with polygonsin the setof blockssé from ray castingand
the picturesin the middle columnarebasedon the combinationof
Sé and their nearestneighbors. We can obsenre that the images
in the middle columnare quite closeto the final imagesshawvn in
the right column. Therefore,thoseimagesin the middle column
aregood candidategor occlusionmaps. The quality of occlusion
mapsis very importantin a single-paswisibility culling method.
We shouldnote herethat the cost of ray castingto computethe
occludingblocksis only avery smallfractionof thetotalisosurfice
extractionandrenderingtime.



Occluder Selection

Initialize the set of occluding blocks Sg=¢.
x= the query isoval ue.

sel ect _occluders(x) {
Sé =¢is the set of occluding blocks fromray casting.
P1 = a set of center points of all boundary faces.
Pp = a set of randomy chosen points on the image plane.

for(all point pin P1U®Pp {

cast aray r fromthe viewpoint vto p
b= the first block intersected by the ray r.
while (r is within the volune) {

if(min(b) < x and maxb) > x) {
Sg =8s3u{b}
br eak

}

b= the next block along the ray r
}
}
for(each block bin S8) {
(i,j,kK) = the index of b
for(block b’ of index (i+1,j+1,k+1) {
i f(min(b') < x and maxp’) > x&b' ¢ S§)
Sg=Sgu{b'}
}
}
Sg=SguUS}

Figure3: Pseudo-codéor occluderselection

3.2 Visibility Culling

At the secondstageof view-dependenisocontouringwe first ex-
tractisosurficesfrom the occludingblocksin Sz andrenderthem
to createanocclusionmap. After the occlusionmapis constructed,
theremainingblocksaretraversedandculled againsthe occlusion
map. As suggestedh [14, 34, 3, 18], a hierarchicalocclusionmap
may be constructedn orderto decreasé¢hetime of visibility tests
andocclusionmapupdatesSincetheculling timeis muchlessthan
the actualextractiontime andno updatesare donefor the single-
passmethod,we canjust usea single-level occlusionmapfor its
simplicity. However, hierarchicamapsarenecessaryor thefaster
demand®f real-timeview-dependentendering.
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Figure 4: Examplesof visibility culling with the visibility masks
shown.

An occlusionmapor maskis a 2D bitmapcorrespondingo the
imagerenderedvith polygonsextractedfrom theblocksin Sg. An
entry of the maskis setto 1 if the correspondingpixel in theren-
deredimageis covered,otherwiseit is setto 0 asshavn in figure
4. Thevisibility testsareappliedto only thoseblockswhoseranges
containthe isovalue v. Eight verticesof sucha block b are pro-
jectedinto theimageplane.If thereis ary 0 entry of the occlusion
mapwithin the projectedarea,b is consideredasvisible. Rather
thancomputingthe exact projectionareaof b, we usethe rectan-
gularboundingbox of b's projectionareato simplify the computa-
tion. This culling processalsoincludesthefrustumculling because

Visibility Culling
for(blocks bin Sg) {
extract and render polygons fromb

Construct an occlusion map M from the rendered inage.

L = alist of all remaining blocks

b =the first element of L
while ( b) {
if(b¢ Sg and min(b) < v < maxb)) {
project the block b
re¢ = the bounding box of b's projection area
if(3 a pixel (i,j) € red with M[i,jj==0) {

extract and render polygons fromb

}

}
b= the next block in L
}

Figure5: Pseudo-codéor visibility culling

blockswith projectedboundingboxesoutsidethe screenareauto-
maticallyculled. The pseudo-codéor visibility culling is shavnin
figure5s.

We do not updatethe occlusionmap during the culling process
whenpolygonsfor a new blocksarerendered.lt is amguablethat
updatingthe occlusionmapwould further cut the numberof invis-
ible polygonsextracted. Although a few extra polygonsmight be
generatedisinga fixed occlusionmap, it paysoff in avoiding the
high overheadof updatingthe occlusionmapsmary timesasin a
multi-passmethod[12]. Sincewe startfrom a good approxima-
tion of the final image,the numberof extra polygonstendsto be
small. A fixedvisibility maskallows ary orderof traversingblocks
while updatingan occlusionmaprequiresa strict front-to-backor-
der Parallelimplementation®f a fixed maskmethodalsogener
atethe samenumberof trianglesasthe sequentiatase.Section4
will comparetheperformancef theview-dependenisocontouring
methodto that without visibility culling. Datablocksandits iso-
surfacesare cachedin main memory suchthata changeof view
parametersloesnot requirerecomputingsosurficesin all blocks.

3.3 Parallelization

It is straightforvard to parallelizethe view-dependentsocontour
ing algorithm. The occluderselectionstagecanbe parallelizedby
assigningraysto differentprocessorsThe entire setof occluding
blocks S is thenthe union of occludingblocksfound by different
processors.
Sincedatablocksarestaticallydistributedamongthe processors,
eachprocessohasa subsebf the occludingblocksin Sg. After a
processoextractsand renderspolygonsin its subsetf occluding
blocks, it constructsa partial occlusionmap. Thosepartial occlu-
sionmapsarethencollectedandmergedinto a singlemask,which
is the sameasthatin the sequentiakase. The meiged occlusion
mapwill be usedto cull outinvisible blocksin a view-dependent
isocontourquery In the visibility culling phase,eachprocessor
checksonly theblocksthatresideonits local disk. The stepsof the
parallelview-dependenisocontouringalgorithmareasfollows:

1. Divide the raysto be castequally amongthe P processors.
Eachprocessoffires E rays to the volume, whereR is the
total numberof raysneededo selectSs in the sequentiahl-
gorithm. In this step,the rangeinformationof eachblock is
replicatedon all processorsTheraysareassignedn a spatial
coherenmanneifor bettercacheperformance.

2. The entire setof occludingblocks S is constructedas the
union of occludingblockson all machinesand broadcasto
all processors.

3. Eachprocessomp; queriesits externalinterval treeT to find
asetof blocks S, thatresideson its local disk andintersects



theisosurfice.For eachblockb € S, N Sg, isosurhcesareex-
tractedfrom b for agivenisovaluev andrenderedo theimage
plane. A partial visibility maskof bits 0 and1 is constructed
from therenderedmageon eachprocessor

4. The occlusionmapsfrom all processorsare collected and
megedinto acommonmask,andthe meigedmaskis broad-
castto all processors.

5. Eachprocessop; traversegheremainingblocksb € S, -
andprojectsb to the imageplane. If b is visible, it extracts
andrendershe portionof isosurficefrom b.

6. The final image is constructedby compositingthe image
buffersfrom all the processorsvith the Metaluffer.

All the collectingand memging operationsn the parallel algo-
rithm canbe performedusingthe binary swap method[24] andin
run-lengthcompressedormat [26] for efficient utilization of the
network. In the currentimplementationyve justapply the standard
collective MPI functionssuchasMPI_Allreduce()for the commu-
nication. The extra informationfor paralleland out-of-coreview-
dependenisocontourings only therangeinformationof all blocks
in the stepof ray casting.Therangeinformationfor ablockis usu-
ally two floating point numbersand extremely small comparedo
theactualdataof the block.

4 Implementation and Results

We usethe sameimplementatiorplatformasthatin [35], because
the view-dependenisocontouringshareshe sameframevork and
datadistribution astheparallelandout-of-coreisocontouring Each
computationalnodeis a CompaqSP750PC workstation, which
consistsof a 800MHZ Pentiumlll processqr256MB main mem-
ory, a9GB systendiskanda 18 GBdatadisk,andannVdiaGeforce
Il graphicscard. Thesenodesareinterconnectetty a 100Mb/s eth-
ernet. Thesemachinesun Linux (kernel2.2.18)asthe operating
systemandeachdisk block sizeis 4,096bytes.

Figure9 (seecolor plates)shavs the resultingimagesfrom ap-
plying the view-dependenisocontouringnethodto the visible hu-
man foot dataset. The view-dependentethodrendersthe same
imageastheisocontouringalgorithmwith no culling, but it extracts
only a fraction of trianglesfor a given viewpoint. Figure9 (c) ro-
tatesthe view-dependentsosurfceto illustratethe portion thatis
notextracted.

We further testthe view-dependentsocontouringalgorithmon
the entire visible humanmale MRI dataset(512x 512 x 1252),
whosesize 656MB is much greaterthan the main memoryof a
singlemachine,in orderto demonstrateéhe out-of-corefeatureof
our algorithm. In this examplewe choosethe dimensionof blocks
as10x 10x 20, suchthateachblock hasapproximatelythe same
sizeasadisk block. Figure6 compareshe extractiontime andthe
numberof trianglesextractedby the view-dependenisocontouring
algorithmto the normalisosurficeextraction methodwithout vis-
ibility culling. Figure6 (a) shawvs the actualnumberof triangles
extractedby the two differentmethodsandfigure 6 (b) compares
the actualextractionandrenderingtime with varying isovaluesfor
afixedviewpointonasingleprocessor

The view-dependentisocontouringalgorithm is easily paral-
lelizedin the frameawork of parallelandout-of-coreisocontouring.
It is interestingto measurehe speedupf the parallelimplemen-
tationonthe PC cluster We apply the randomdistribution method
in section?2 to distribute blocksamongthe processorsFollowing
the similar analysisin theorem2.2 by replacingthe parameteg;
asthe view-dependentoad of the ith block, we expectgoodload
balanceamongthe processor$or view-dependenisocontouringas
well. We do not measureghe imagecompositiontime becausehe
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Figure6: Comparisondetweennormal and view-dependentso-
contouring: (a) the numberof extractedtrianglesasa function of
isovalue,(b) theextractionplusrenderingimesof thetwo methods
on a singleprocessor The upperandlower curnves arethe results
for normalandview-dependenisocontouringespectiely.

final imageshall be compositecby the Metatuffer hardware with
minimal constantelay

We test the parallel implementationwith an isovalue 800 for
the visible male MRI dataset. Figure 7(a) shaws the individual
view-dependentsosurfice extraction and renderingtime for 2, 4,
8, and 16 processorgespectiely. The flathessof thosecurves
demonstratethe good balanceamongthe processors.The corre-
spondingspeedupcune is shovn in figure 7(b). As the number
of processorincreasestheactualisosuraceextractionandrender
ing time for eachprocessodecreaseproportionallyin our imple-
mentation. The parallel view-dependentsocontouringalgorithm
requirestwo communicationroundsto memge the set of occlud-
ing blocks and the occlusionmap, which differs from the view-
independenparallelisocontouring.The inter-processocommuni-
cationcostmayincreaseasthe numberof processoincreasesWe
implementhemeigeof occludingblocksandocclusionmaskswith
the MPI_Allreducé) function of the MPI library on the 100 Mb/s
ethernet. A fasternetwork and animplementatiorutilizing com-
pressionwould reducesuchcommunicatiorcostandevenimprove
thespeedup.
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Figure7: (a) Individual processotime for extractingandrendering
a view-dependentisosurfce (isovalue = 800) for the visible hu-
manmaleMRI datasetith 2, 4, 8, and16 processorsespectiely.

(b) Speedughartof thesameview-dependenisosuriceextraction
plusrenderingimescomparedo theideal case.

5 Conclusion

In this paperwe presenteda randomizedstatic data distribution
for parallel isocontouringon commaodity off-the-shelf clusters.
We have proved that with high probability no processorwould
have much higherworkloadin this distribution if thereare mary

blocks. Sucha distribution is well balancedor both parallelview-

independenaind view-dependentsosurfice extraction. Basedon
therandomdatadistribution, we proposea parallelandout-of-core
view-dependenisocontouringalgorithm that is conserative and
well load balanced. We demonstratesignificantperformancem-

provementover normalisosurficeextractionandgoodspeedupn

aparallelimplementatioron PCclusters.
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(2)14.7% (b) 24.4% (c) 55.3%

(d)5.3% (e)13.2% () 41.7%

Figure 8: Someexamplesof view-dependentsosurficerendering,wherethe percentagef trianglesto view-independentsosuracesare
shavn. The picturesin theleft columnareocclusionmapsgeneratedby only ray casting;the middle picturesareocclusionmapsfrom both
blockshit by ray castingandtheir nearesneighborstheright picturesarefinalimagesrenderedy thevisibility culling method.

(a) 320909triangles (b) 199670triangles (c) 199670triangles

Figure9: A normalisosurfice(a) looks exactly the sameasa view-dependentsosurace(b) from a givenview point (isovalue= 500). (c)
shaws the rotatedsurfaceof (b), wherethe red areais the portion of the isosuricethatis not extractedin the view-dependentsocontour
visualization.



