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Abstract

This paper proposesa new parallel/distributed ray-
castingschemefor verylarge volumedatathatcanbeeffec-
tively usedin distributedenvironments Our method pased
on data compeession,attemptsto enhancethe rendering
speedupsdy quidkly reconstructingvoxel data from local
memoryratherthan expensivelyffetching themfromremote
memoryspaces. Our compession-basedolumerender
ing schememinimizescommunication®etweerprocessing
elementgduring renderingcomputationhenceis very ap-
propriatefor bothdistributed-memorynultiprocessos and
PClworkstatiorclustess, whete the relativelyhigh commu-
nicationcostsoftenhinderefficientparallel/distributedpro-
cessingWe reportexperimentakesultson botha Cray T3E
anda PC/workstatiorclusterfor the Visible Man dataset.

Keywords: volume visualization, very large volume
data, data compression,parallel/distrituted ray-casting,
distributed-memorymultiprocessar PC/workstation clus-
ter.

1. Intr oduction

Volume visualizationis the researchareathat attempts
to extractmeaningfulvisual informationfrom abstractand
comple datasetgeneratedh avarietyof scientificanden-
gineeringfields. In variousfields suchas computational
fluid dynamics, earth, spaceand ernvironmental science,
andmedicalscience yolume dataare often so huge,rang-
ing from several hundredmegabytesto several dozengi-
gabytesthatthey needspecialtreatmentfor effective ma-
nipulation. With the significantadvancesin computation,
measurementand storagetechnologiesterascaledatasets
have becoméncreasinglycommonplacél7].

Oneexampleof verylargevolumedatain medicalimag-
ing is the datasetdisseminatedy the National Library of
Medicine(NLM) of the U.S.A. They createchugevolume

datasetsnadeof computetomography(CT), magnetiaes-
onanceimaging (MRI), and color cryosectionimagesof
maleandfemalehumancadaersin aneffort to offer acom-
plete digital atlasof the humanbody [15]. The “Visible
Man” dataconsistsof axial scansof the entirebody taken
1 mm intervals at a resolutionof 512 x 512, in which the
whole datasethasover 1870 cross-sectionsThe “Visible
Woman” datais madeof cross-sectionalmagestaken at
one-thirdthe interval of the male. The datasetamountto
15 Gbytesand 40 Gbytes,respectiely. Many efforts have
beenmadeto visualizethesedataseti variousparalleland
distributed ernvironments. (For the previous works on use
of parallelismfor renderingof the Visible Human,suchas
MPIRE, referto [15].).

Visualizing such very large volume data requiresin-
tensve computingtime and memoryspace. In particular
the ray-castingalgorithmis known to producethe highest
quality of renderedmages,althoughit is one of the most
compute-andmemory-intensietasksfor volumevisualiza-
tion. Therehave beensereral previousworksto parallelize
the ray-casingalgorithm on varioussupercomputinggrvi-
ronmentdq1, 7, 8, 12]. In attemptto ray-castiarge volume
datasetsitinteractve rates,we have developedan effective
parallel/distriluted ray-castingschemethat can be usedto
visualizevery large volumedatain the distributedenviron-
ments.In particulay we areconcernedvith two platforms.
First, we considerthe Cray T3E, a distributed-memory
multiprocessomwhich offers high-performanceomputing
power. Secondly we considerclustersof networked PCs
andworkstationghatarehighly availablein mosterviron-
ments. While PC/workstation clustersare consideredas
a more practical solution in solving large scalescientific
problems)ateng is pretty high andbandwidthis relatively
low comparedo parallelcomputers.This hasmadeit dif-
ficult to achieve high performancefor most applications.
Our renderingmethodtries to achieve high performance
by minimizing, throughcompressiongommunicationde-
tweenprocessinglementduring rendering henceis very



appropriatdor clustersaswell asdistributed-memorymul-
tiprocessors.

Our parallel ray-castingschemeis different from the
previous approachesn thatit is basedon a compression
methodthatis well-suitedfor developinginteractive appli-
cations. In [3], a new compressiommethod,called zero-
bit encodingfor 3D gray-scaleandRGB volumedatawas
developedfor real-timeor interactive applications.In par
ticular, it, basedon 3D Haarwavelets, provides very fast
randomaccessability to compressediolume data. Most
previous parallel renderingalgorithmsfor very large vol-
umesoften partitionthedatainto subblockshatcanfit into
local memoryof processingelementsanddistribute them
over the local memoryspacesn the system. During ren-
dering, load balancingis usually donedynamicallyfor ef-
ficient computation,and this often causesdataredistritu-
tion betweenprocessingelements.The dataredistrikution,
or remotememoryfetch, whenimplementedcarelesslyin
distributedervironmentsjs oneof the mostseriousfactors
that deterioratethe speedupof parallel volume rendering,
especiallywhenthedatais verylarge[13]. In therendering
schemepresentedn this paper on the otherhand,the en-
tire volumeis storedin compressedorm at local memory
andis locally reconstructednthefly asnecessarySinceno
datacommunications requiredbetweerprocessorfor data
redistribution, our schemeproducesetterspeedupin dis-
tributed environmentsthan the previous approachedased
ondataredistrikution.

2. Wavelet-Based3D Compressionof Volume
Data for Interacti ve Applications

Our parallel/distriluted ray-castingalgorithmutilizes a
3D volume datacompressiorschemewhich was designed
to meetthe following desirableproperties: high compres-
sionratio, minimal distortionin the reconstructedmages,
fastrandomaccessbility, multi-resolutionrepresentations,
effective exploitation of dataredundanyg, selectve block-
wisecompressiorandsoon. Mostof all, verylargevolume
datamustbe compressethto smallersizesthatcanfit into
local memoryspacesretainingthe contentsasbestaspos-
sible afterreconstruction Whenanindividual voxel in the
compressedatais accesseth anunpredictabldashionas
in mary applicationsjt mustbe reconstructedjuickly dur-
ing run-time. This ability of fastdecompressioto random
accesbecomedneof the mostimportantfactorswhenin-
teractve or real-timeapplicationsaredeveloped.

Vector quantization[5], that meetssomeof the above
properties,has beenusedfrequentlyin developinginter
active real-timeapplicationsbecauseét offers fastrandom
decodingthrough simple table lookups. Recentappli-
cations of vector quantizationin the computergraphics
field, include compressiorof CT/MRI dataset§14], light
fields[10], and2D textures[4].

In aneffort to provide a bettercompressiomethodsuit-
able for interactve/real-timeapplications,we have devel-
opeda 3D wavelet-basedompressiomethod[6], andim-
provedits performancesubstantiallyin suchaway thatthe

uc TamgetRatios
3% 5% 7% 10%
PureRandom| 2.78 | 3.33 349 3.62 3.85
cw All 18.88] 3.88 4.88 599 7.52
Skin 6.50 | 228 291 353 4.36

Figure 1.Voxel Reconstruction Time (UC: Un-
compressed, CW: Cell-Wise)

new encodingschemecalledzerobitencoding,canbe ap-
plied to 3D volumedatahaving eithergray-scaleor RGB-
color voxel values[3]. Figure 1 briefly showv the timing
performancesf the compressiomethod testedon an SGI
machinewith 195MHz R10000CPU using the freshCT
datasetf the Visible Man thatamounts/20Mbyteg(512 x
512 x 1440 x 2bytes). We testedwith the four targetra-
tios of waveletcoeficientswherethetargetratiois roughly
theratesof non-zerowvaveletcoeficientsusedaftertrunca-
tion. Compressiomates11.90to 29.27were achieved for
the target ratios. When more than 7% of wavelet coefi-
cientsare used,the ray-castimagesare pretty good com-
paredwith thosegeneratedrom the uncompressedataset.
Two situationswere consideredo evaluatereconstruction
overheads:First, the timings (in seconds)or Pure Ran-
domaccessveretakenby repeatedlyfetchingvoxel values
onemillion timeswith randomlygeneratedndices(z, j, k)
from uncompressedndcompressedata,respectiely. The
test resultsindicate that fetching voxel valuesfrom com-
pressediatais about1.20to 1.38timesslower. The tim-
ing differencescanbeignoredin mary compute-intensie
applicationssuchasvolumerendering which usuallytake
more than a hundredseconds. Secondly the timings for
Cell-Wise accessveretakenwhenvoxelsaregroupedinto
4 x 4 x 4 subblocksgalledcells andarereconstructedell-
by-cell. Cell-wisereconstructionywhich is usedin our ray-
casteris moreefficientfor theapplicationssuchasvolume
rendering,wheredataare accesseavith someregular pat-
tern. Theresultsshav thetimingstakenfor accessinggell-
wise, all cellsin the datase(All), andonly cells classified
asskin (Skin). Notice thatthe accesspeedis evenfaster
whenthe voxels are accessedrom compressediata. This
is becausenostof the null detail coeficientsarenot even
traversedn reconstruction.

3. Compression-BasedParallel Ray-Castingin
Distrib uted Environments

Our compression-basedolume ray-castingschemeis
straightforward. First, the image screenis divided into a
set of regular spacedpixel tiles of small sizesthat forms
a pool of tasks. The virtual renderingsystemis madeof
one masterprocessingelement(MPE) and multiple slave
processingelementySPE)wherea SPEcanbe run on the
samephysical processoias the MPE. The MPE manages
the entirerenderingprocesdy dynamicallyassigningiles
in thetasklist, andcollectingtherenderedmagesegments.
The SPEsperformray-castingrepeatedlyon assignediles



PC/Workstation Cluster

W
||IM|

Cray T3E - 900

(2)OnCrayT3E

(b) On PC/MWobrkstationClus-
ter

Figure 2. Mapping of the Compression-Based
Rendering Algorithm

until the taskpool becomeempty Load balancingis car
ried out dynamicallyduringrendering.Figure2 (a) and(b)
shav how our renderingmethodis portedon the two dif-
ferentplatforms. The simplicity of the renderingscheme
malesit possibleto implementit on the two ervironments
with little modification.

The major differenceof our methodfrom the previous
parallel ray-castingtechniquesgdevisedfor distributed en-
vironments,is that the entire volume datasetcompressed
with the zerobitencodingtechnique,is loadedat eachlo-
cal memoryin a compressedorm. Voxels necessaryor
ray-castingarequickly reconstructean the fly ratherthan
non-localvoxels are fetchedon demandfrom remotepro-
cessors.Hence,the datacommunicatedy processorare
only the controlinformationandrenderedmagesegments
whosetotal sizesare much smallerthan that of 3D vol-
umedata. In spite of fastcommunicatiometworks of the
recentdistributed-memorymultiprocessordike Cray T3E,
preventing volume data from being redistrikuted greatly
helpsachiere high speedups.lt is very critical for more
practicaldistributed systemdike PC/workstationclusters,
wherecommunicationdetweenremoteprocessorgre re-
gardedasquite costly.

For renderingon eachSPE,we usea true volumeray-
casteyoptimizedby min-maxoctreeandearly ray termina-
tion[9]. In zerobit-encodingacell of 4 x 4 x 4 voxelsis the
decodingunitwhile a16 x 16 x 16 unit blockis theencod-
ing unit. For eachunit block, we build anmin-maxoctreeof
level threewheretheleavescorrespondo 4 x 4 x 4 cells. In
[2], they useda ray-castebasedon object-ordertraversal,
andadoptedanimage-spacguadtredo simulatethe early
ray terminationtechnique A similar blockwiseray-casting
schemahatattemptgdo minimizethe communicatiorover-
headsby prefetchingblocksnecessaryor renderingatile,
wasproposed8]. Contraryto the ray-by-raytraversal,the
block-by-blocktraversalguaranteeshat eachvoxel needs
to bereconstructedsin [2] or remotelyfetchedasin [8] at

Data DataRedist.onn Procs
Reconst.| 4 | 8 | 16 | 32 | 64
All 450 10.89 | 13.03] 14.45| 15.41| 16.68
Skin 2.61 390 | 473 | 5.17 | 552 | 5.83

Figure 3. Data Reconstruction v.s. Redistri-
bution on Cray T3E

mostonce. Furthermorejt is moreamenablédo exploiting

datacoherencén objectspaceahantheray-by-raycomputa-
tion. However, implementingheray-castingalgorithm,de-
velopedinherentlyin imagespacejn the object-orderfash-
ion entailstheadditionalchoredor managingay segments.
With theimproveddecodingspeedf zerobitencodingand
the simpleray-castingstructure we foundthattherenderer
usedin this paperis threeto four timesfasterthanthatused
in [2].

4. Experimental Results

4.1 Issueson Data Redistribution v.s. Reconstruc-
tion

Ourvolumeray-castingnethodreliesontheassumption
that the on-the-fly reconstructionof voxels from zerobit-
encodedvolume is faster than the on-demandremote
fetcheson the high-performancenultiprocessordik e Cray
T3E aswell ason PC/workstationclusters.We carriedout
a simple experimenton the Cray T3E that comparedim-
ings betweenreconstructiorand remotefetches. We used
a Cray T3E-900with 136 processors.The Cray T3E pro-
cessingelement(PE) includesa 450 MHz Alpha processor
and128 Mbyteslocal memory andis connectedy a high-
bandwidth,low-lateng bidirectional3-D torus systemin-
terconnechetwork. In implementingour method,we used
the Cray Sharedviemory AccesdLibrary (SHMEM) which
providesfasterinterprocessocommunicatiothanMPI and
PVM do.

For aperformanceest,we havegenerate@ 512 x 512 x
1440 volumedatasefrom the original freshCT dataof the
Visible Man, which takesup 720 Mbytes (Note that some
portionof slicesin theLegssectionof thefreshCT aremiss-
ing.). For renderingjt wascompresseithto adatasebf size
45.43Mbytes, usingthe 3D wavelet compressiorscheme.
This exampledatauses7% of waveletcoeficients,andthe
renderedmage quality is visually identical to that of the
uncompressedata.

In this experiment,the entireVisible Man datasetn un-
compressefbrm is partitionedinto n subvolumesof equal
sizewheren is the numberof available processors.They
aredistributedinto the processinglementsandareloaded
into their local memoryspace.Eachprocessohasallist of
randomly generatedroxel indices,andtries to accesshe
correspondingoxel values.Whenavoxel is local, the pro-
cessoreadst fromits own localmemoryspace Otherwise,
it remotelyfetchesa4 x 4 x 4 cell, containingthe voxel,
from remotememaoryspace Sincethereexistssomedegree
of coherencean accessingroxels during ray traversal,we



Figure 4. A Sequence of Ray-Cast Images

fetchacell ratherthananindividual voxel sothatthecell is
putinto alocal cachefor possiblelateruse. Anothersimu-
lation was performedto measureaeconstructioroverheads
by takingtimingsfor decompressinthe4 x 4 x 4 cellsthat
includevoxelsin thesameaccesdist.

Figure3 compareghe timing results. Whenvoxels are
reconstructedthereis no communicatiorbetweenproces-
sors.Hencewe measuredhetimingsononeprocessarThe
row “All” shaws the timings whenthe entiredataseis ac-
cessed.On the otherhand,the row “Skin” is for the case
whereonly thevoxels, classifiedasskin, aredecompressed
or fetched.Thetableindicateghatthecommunicatiorover-
headsncreaseasmoreprocessorareadded.In spiteof the
fastcommunicatiometwork of the Cray T3E, the datare-
distribution is one of the mostnegative factorsthat deteri-
orate parallel/distrituted renderingperformance.The pre-
liminary testresultson a PC/workstationclusterindicate
that the redistritution costis extremely high. This obser
vation stronglyimplies that compression-basedistributed
renderingis oneof the bestsolutionsin the distributeden-
vironmentsespeciallywhenthedatasizesarevery large.

4.2 Performanceson Cray T3E

We first implementedthe compression-basedolume
ray-castingschemeon the Cray T3E. Timings weretaken
in seconddor both 512 x 512 and512 x 1024 imagesas
rotatingthe Visible Man by 20 degreesand averagingthe
renderingtimes (Figure 4). We have testedfive different
tile sizes2 x 2,4 x 4,8 x 7,16 x 16, and32 x 32, andwas
ableto useupto 96 processors.

Figure6 (a) to (e), and Figure 5 show the performance
resultsthatcomparevery favorablywith existing resultsfor
directvolumerendering,say [1, 7, 8, 11]. Thesetimings
do not includedatareplicationandimagedisplay We ob-
senethatefficiengy higherthan89%and97%areachiesed
on 96 processordor 512 x 512 and 512 x 1024 images,
respectiely, which surpassemostof therecentlyreported
parallelvolumerenderingon thedistributed-memonyarchi-
tecturesWhens8 x 8 tileswereusedfor 512 x 1024 images,

it took 64.1 secondger frameon one processqrand0.68
secondson 96 processors.Consideringthat most portion

of the 512 x 1024 imageis opaqueandour ray-casteis a

truevolumerenderertherenderingspeedappearso bevery

high. Theprimaryreasorfor gettingsuchgoodspeedupss

thatour renderingschememinimizesthe datacommunica-
tion overheadguring rendering. Breakdavn of execution
time for processorshaws thatthe communicatiortime for

taskassignmenandimageseggmentcollectionis negligible

comparedo therenderingime.

Thegraph(a) and(b) shows thattherendereiperformed
bestwhenthetile sizesare4 x4 and8 x 8 for theimagesizes
512 x 512 and512 x 1024, respectiely. Thereis atradeof
betweertile sizesand performances.The graph(c) illus-
trateshow evenlythetasksaredistributedfor thevarioustile
sizeswhen16 processorsreused.Here,thevaluefor each
processors obtainedby dividing the processostime spent
computingby the total executiontime, and indicateshow
well the processotis utilized without communicatingand
idling. For afixedimagesize,afine-graineddecomposition
of theimagescreermachiezesgooddynamicload balancing
andspeedupasmoreprocessorfin in computation How-
ever, thelargernumberof smallertasksincreasesverheads
of communicationand task management.At somepoint,
thereis no net gain from having the tiles smaller In the
graph(d) of therenderingimesfor 512 x 1024 imageswe
seethethetile sizeof 8 x 8 is optimalwhenmorethan80
processorareused.

Thegraph(e)illustratestherenderingimesovervarying
rotationalangles,andindicatesthatthe oblique views take
more renderingtime. Whenthe Visible Man is rendered
from the front view, it took only 0.62 secondgo generate
the512 x 1024 imageon 96 processorsOur optimizedray-
castemoduleproducesnuchfasterrenderingcomparedo
the previousresult[2] in which 2.86 secondsvastakenfor
thefront view onthesamenumberof processors.

4.3, Performanceson PC/Workstation Cluster

We also implemented our rendering schemeon a
PC/workstationcluster Figure 6 (f) to (g) shav the dis-
tributedrenderingperformancesvherethe clusterconsists
of 8 400/450MHz Intel Pentiumll processorsand two
195 MHz MIPS R10000processorsunning Windows NT
4.0/Mindows 98 and Irix 6.4, respectiely. We generated
both 512 x 512 and 512 x 1024 imagesusing 16 x 16,
32 x 32, and64 x 64 tiles. Thecomputersn theclusterare
connectedhroughan Ethernet,andtherewasnormal net-
work traffic during testperiod. The Pentiumll processors
wereaddedoneatatime until all 8 PCsjoined, thenthetwo
SGlsareadded.Sincethe R10000CPUturnedoutto bea
little bit slower in runningour ray-castethanthe Pentium
Il processorsthe speedupventa little worsewhenthe 9th
and10thprocessorareaddedgraph(f) and(g)). Sincethe
clusteris madeof heterogeneouprocessorsthe speedup
curve is lessmeaningfulto study the performanceof our
method. Neverthelesswe obsene that the compression-
basedvolumerenderingschemes also pretty effective on
the PC/workstationclusters.



T [ 32 48 [ 64 [ 80 [ 96 |

512 x 512 Images | Ren.Times(secs) | 34.53] 1.16| 0.78 | 0.59| 0.48 | 0.40

(4 x 4 Tiles) Speedups 1.0 [ 29.7] 4441589 72.0] 86.1

512 x 1024 Images| Ren.Times(secs) | 64.09| 2.09| 1.40| 1.05| 0.81| 0.68

(8 x 8 Tiles) Speedups 1.0 [ 30.7| 459] 61.0| 78.6| 93.8
Figure 5. Rendering Times and Speedups with 96 CPUs

When all the 10 PCs/SGlswere usedto generatea
512 x 1024 image,it took 6.38 secondson the clusterus-
ing 32 x 32 tiles. When only the 8 PCswere used, it
took 7.68 seconds. This is, in fact, fasterthan the par
allel renderingon Cray T3E using 8 processorghat took
8.23seconds.The currenthigh-endprocessorsef PCsand
workstationsare as fast as those of the expensve high-
performanceparallel machines. As mentioned,the major
drawbackof a PC/workstationclusteris thatits communi-
cation network is relatively slower. Contraryto the Cray
T3E which hasa fastcommunicatiometwork, we obsene
thatthe time spentcommunicatingandidling increasesn
the PC/workstationclusterervironment,which deteriorates
the overall performance(graph(h)). In our compression-
basedscheme the time taken for communicationis very
small comparedo the time taken for renderingcomputa-
tion. This propertybecomesrucialwhenourmethods im-
plementedn PC/workstationclusterswith a slover Ether
netlinks. We wereableto useupto only 10 processorslue
to thelimitation of our ervironment.While achievzing linear
speedujin suchaheterogeneousrvironmenthasbeencon-
sideredto be difficult, the simple computationalstructure
of our schemaewill allow to achiese very goodspeedupin
distributedvolumerenderingwhena large numberof com-
putersjoin therenderingcomputation.

5. Conclusionsand Futur e Work

In this paper we proposeda new compression-based

parallel/distrilutedray-castingschemedevisedfor the dis-
tributedenvironmentsandshowvedthatit canbe usedeffec-
tively for renderingvery large volumes. Our currentresult
may not be the fastestin termsof framerates. For exam-
ple, interactive renderingof iso-surbicesof Visible Woman
wasachiezed on an SGI Reality Monster which is a scal-
able shared-memorynultiprocessof16]. Our ray-casting
schemetargetsvisualizationof very large volume dataon
distributed systems,and attemptsto achiese high perfor
manceby minimizing communicationsbetweenprocess-
ing elementsduring renderingthrough compression.Our
schemeis more practicalthan the previous works in that
it is alsovery appropriatdfor distributed systemswith low
bandwidthlinks suchaseasilyavailableclustersof PCsand
workstationsin whichcommunicationgetweerprocessors
areregardedas quite costly We have beenapplying our
ray-castingschemeo developmenif a volumenavigation
systemwhich harnessethe computingpower of clustersto
interactively investigatererylargevolumes.We believe that
utilizing idle CPUtime of networked PCsandworkstations
in this way would be the mostcost-efective way to visual-

ize hugevolumedatasets.
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