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Abstract

This paper proposesa new parallel/distributed ray-
castingschemefor verylargevolumedatathatcanbeeffec-
tively usedin distributedenvironments.Our method,based
on data compression,attemptsto enhancethe rendering
speedupsby quickly reconstructingvoxel data from local
memoryrather thanexpensivelyfetching themfromremote
memoryspaces. Our compression-basedvolumerender-
ing schememinimizescommunicationsbetweenprocessing
elementsduring renderingcomputation,henceis very ap-
propriatefor bothdistributed-memorymultiprocessors and
PC/workstationclusters, where therelativelyhigh commu-
nicationcostsoftenhinderefficientparallel/distributedpro-
cessing. Wereportexperimentalresultsonbotha CrayT3E
anda PC/workstationclusterfor theVisibleMandataset.

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

1. Intr oduction

Volume visualizationis the researchareathat attempts
to extractmeaningfulvisual informationfrom abstractand
complex datasetsgeneratedin avarietyof scientificanden-
gineeringfields. In variousfields suchas computational
fluid dynamics,earth, spaceand environmentalscience,
andmedicalscience,volumedataareoften so huge,rang-
ing from several hundredmegabytesto several dozengi-
gabytes,that they needspecialtreatmentfor effective ma-
nipulation. With the significantadvancesin computation,
measurement,and storagetechnologies,terascaledatasets
havebecomeincreasinglycommonplace[17].

Oneexampleof very largevolumedatain medicalimag-
ing is the datasetdisseminatedby the NationalLibrary of
Medicine(NLM) of the U.S.A. They createdhugevolume

datasetsmadeof computertomography(CT), magneticres-
onanceimaging (MRI), and color cryosectionimagesof
maleandfemalehumancadaversin 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 �������	�
��� , in which the
whole datasethasover 1870cross-sections.The “Visible
Woman” data is madeof cross-sectionalimagestaken at
one-thirdthe interval of the male. The datasetsamountto
15 Gbytesand40 Gbytes,respectively. Many efforts have
beenmadeto visualizethesedatasetsin variousparalleland
distributedenvironments. (For the previous works on use
of parallelismfor renderingof the Visible Human,suchas
MPIRE,referto [15].).

Visualizing such very large volume data requiresin-
tensive computingtime and memoryspace. In particular,
the ray-castingalgorithmis known to producethe highest
quality of renderedimages,althoughit is oneof the most
compute-andmemory-intensivetasksfor volumevisualiza-
tion. Therehave beenseveralpreviousworksto parallelize
the ray-casingalgorithmon varioussupercomputingenvi-
ronments[1, 7, 8, 12]. In attemptto ray-castlargevolume
datasetsat interactiverates,we have developedaneffective
parallel/distributedray-castingschemethat canbe usedto
visualizevery largevolumedatain thedistributedenviron-
ments.In particular, we areconcernedwith two platforms.
First, we consider the Cray T3E, a distributed-memory
multiprocessorwhich offers high-performancecomputing
power. Secondly, we considerclustersof networked PCs
andworkstationsthatarehighly availablein mostenviron-
ments. While PC/workstationclustersare consideredas
a more practical solution in solving large scalescientific
problems,latency is prettyhigh andbandwidthis relatively
low comparedto parallelcomputers.This hasmadeit dif-
ficult to achieve high performancefor most applications.
Our renderingmethodtries to achieve high performance
by minimizing, throughcompression,communicationsbe-
tweenprocessingelementsduringrendering,henceis very
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appropriatefor clustersaswell asdistributed-memorymul-
tiprocessors.

Our parallel ray-castingschemeis different from the
previous approachesin that it is basedon a compression
methodthat is well-suitedfor developinginteractive appli-
cations. In [3], a new compressionmethod,called zero-
bit encoding,for 3D gray-scaleandRGB volumedatawas
developedfor real-timeor interactive applications.In par-
ticular, it, basedon 3D Haar wavelets,providesvery fast
randomaccessability to compressedvolume data. Most
previous parallel renderingalgorithmsfor very large vol-
umesoftenpartitionthedatainto subblocksthatcanfit into
local memoryof processingelements,anddistribute them
over the local memoryspacesin the system. During ren-
dering,load balancingis usuallydonedynamicallyfor ef-
ficient computation,and this often causesdataredistribu-
tion betweenprocessingelements.Thedataredistribution,
or remotememoryfetch, whenimplementedcarelesslyin
distributedenvironments,is oneof themostseriousfactors
that deterioratethe speedupof parallel volume rendering,
especiallywhenthedatais very large[13]. In therendering
scheme,presentedin this paper, on the otherhand,the en-
tire volumeis storedin compressedform at local memory,
andis locally reconstructedonthefly asnecessary. Sinceno
datacommunicationis requiredbetweenprocessorsfor data
redistribution,our schemeproducesbetterspeedupsin dis-
tributedenvironmentsthan the previous approachesbased
on dataredistribution.

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

Our parallel/distributedray-castingalgorithm utilizes a
3D volumedatacompressionschemewhich wasdesigned
to meetthe following desirableproperties:high compres-
sion ratio, minimal distortion in the reconstructedimages,
fastrandomaccessability, multi-resolutionrepresentations,
effective exploitation of dataredundancy, selective block-
wisecompression,andsoon. Mostof all, verylargevolume
datamustbecompressedinto smallersizesthatcanfit into
local memoryspaces,retainingthecontentsasbestaspos-
sibleafter reconstruction.Whenan individual voxel in the
compresseddatais accessedin anunpredictablefashionas
in many applications,it mustbereconstructedquickly dur-
ing run-time. This ability of fastdecompressionto random
accessbecomesoneof themostimportantfactorswhenin-
teractiveor real-timeapplicationsaredeveloped.

Vector quantization[5], that meetssomeof the above
properties,has beenusedfrequently in developing inter-
active real-timeapplicationsbecauseit offers fast random
decoding through simple table lookups. Recent appli-
cations of vector quantizationin the computergraphics
field, includecompressionof CT/MRI datasets[14], light
fields[10], and2D textures[4].

In aneffort to providea bettercompressionmethodsuit-
able for interactive/real-timeapplications,we have devel-
opeda 3D wavelet-basedcompressionmethod[6], andim-
provedits performancessubstantiallyin suchaway thatthe

UC TargetRatios
3% 5% 7% 10%

PureRandom 2.78 3.33 3.49 3.62 3.85

CW
All 18.88 3.88 4.88 5.99 7.52

Skin 6.50 2.28 2.91 3.53 4.36

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

new encodingscheme,calledzerobitencoding,canbe ap-
plied to 3D volumedatahaving eithergray-scaleor RGB-
color voxel values[3]. Figure 1 briefly show the timing
performancesof thecompressionmethod,testedon anSGI
machinewith 195MHz R10000CPU using the fresh CT
datasetof theVisible Man thatamounts720Mbytes( ��������������
����������� bytes). We testedwith the four target ra-
tios of waveletcoefficientswherethetargetratio is roughly
theratesof non-zerowaveletcoefficientsusedaftertrunca-
tion. Compressionrates11.90to 29.27wereachieved for
the target ratios. When more than 7% of wavelet coeffi-
cientsare used,the ray-castimagesare pretty good com-
paredwith thosegeneratedfrom theuncompresseddataset.
Two situationswere consideredto evaluatereconstruction
overheads:First, the timings (in seconds)for Pure Ran-
domaccessweretakenby repeatedlyfetchingvoxel values
onemillion timeswith randomlygeneratedindices �����������
�
from uncompressedandcompresseddata,respectively. The
test resultsindicatethat fetching voxel valuesfrom com-
presseddatais about1.20 to 1.38 timesslower. The tim-
ing differencescanbe ignoredin many compute-intensive
applicationssuchasvolumerendering,which usuallytake
more than a hundredseconds. Secondly, the timings for
Cell-Wiseaccessweretakenwhenvoxelsaregroupedinto������� � subblocks,calledcells, andarereconstructedcell-
by-cell. Cell-wisereconstruction,which is usedin our ray-
caster, is moreefficient for theapplications,suchasvolume
rendering,wheredataareaccessedwith someregular pat-
tern.Theresultsshow thetimingstakenfor accessing,cell-
wise,all cells in the dataset(All), andonly cells classified
asskin (Skin). Notice that the accessspeedis even faster
whenthe voxelsareaccessedfrom compresseddata. This
is becausemostof the null detail coefficientsarenot even
traversedin reconstruction.

3. Compression-BasedParallel Ray-Castingin
Distrib uted Envir onments

Our compression-basedvolume ray-castingschemeis
straightforward. First, the imagescreenis 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
processingelements(SPE)wherea SPEcanbe run on the
samephysicalprocessoras the MPE. The MPE manages
theentirerenderingprocessby dynamicallyassigningtiles
in thetasklist, andcollectingtherenderedimagesegments.
The SPEsperformray-castingrepeatedlyon assignedtiles
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Figure 2. Mapping of the Compression-Based
Rendering Algorithm

until the taskpool becomesempty. Load balancingis car-
ried out dynamicallyduringrendering.Figure2 (a) and(b)
show how our renderingmethodis portedon the two dif-
ferent platforms. The simplicity of the renderingscheme
makesit possibleto implementit on the two environments
with little modification.

The major differenceof our methodfrom the previous
parallel ray-castingtechniques,devisedfor distributeden-
vironments,is that the entire volume dataset,compressed
with the zerobitencodingtechnique,is loadedat eachlo-
cal memoryin a compressedform. Voxels necessaryfor
ray-castingarequickly reconstructedon the fly ratherthan
non-localvoxels arefetchedon demandfrom remotepro-
cessors.Hence,the datacommunicatedby processorsare
only the control informationandrenderedimagesegments
whosetotal sizesare much smaller than that of 3D vol-
umedata. In spiteof fastcommunicationnetworks of the
recentdistributed-memorymultiprocessorslike Cray T3E,
preventing volume data from being redistributed greatly
helpsachieve high speedups.It is very critical for more
practicaldistributed systemslike PC/workstationclusters,
wherecommunicationsbetweenremoteprocessorsarere-
gardedasquitecostly.

For renderingon eachSPE,we usea true volumeray-
caster, optimizedby min-maxoctreeandearlyray termina-
tion [9]. In zerobit-encoding,acell of �5�6�5��� voxelsis the
decodingunit while a ��78�9��7 �9��7 unit block is theencod-
ing unit. For eachunit block,webuild anmin-maxoctreeof
level threewheretheleavescorrespondto �:�;�:�;� cells. In
[2], they useda ray-casterbasedon object-ordertraversal,
andadoptedan image-spacequadtreeto simulatetheearly
ray terminationtechnique.A similar blockwiseray-casting
schemethatattemptsto minimizethecommunicationover-
headsby prefetchingblocksnecessaryfor renderinga tile,
wasproposed[8]. Contraryto the ray-by-raytraversal,the
block-by-blocktraversalguaranteesthat eachvoxel needs
to bereconstructedasin [2] or remotelyfetchedasin [8] at

Data DataRedist.on < Proc’s
Reconst. 4 8 16 32 64

All 4.50 10.89 13.03 14.45 15.41 16.68
Skin 2.61 3.90 4.73 5.17 5.52 5.83

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

mostonce.Furthermore,it is moreamenableto exploiting
datacoherencein objectspacethantheray-by-raycomputa-
tion. However, implementingtheray-castingalgorithm,de-
velopedinherentlyin imagespace,in theobject-orderfash-
ion entailstheadditionalchoresfor managingraysegments.
With theimproveddecodingspeedof zerobitencoding,and
thesimpleray-castingstructure,we foundthattherenderer
usedin this paperis threeto four timesfasterthanthatused
in [2].

4. Experimental Results

4.1. Issueson Data Redistribution v.s. Reconstruc-
tion

Ourvolumeray-castingmethodreliesontheassumption
that the on-the-fly reconstructionof voxels from zerobit-
encodedvolume is faster than the on-demandremote
fetcheson thehigh-performancemultiprocessorslike Cray
T3E aswell ason PC/workstationclusters.We carriedout
a simple experimenton the Cray T3E that comparestim-
ings betweenreconstructionandremotefetches. We used
a Cray T3E-900with 136 processors.The Cray T3E pro-
cessingelement(PE) includesa 450MHz Alpha processor
and128Mbyteslocal memory, andis connectedby a high-
bandwidth,low-latency bidirectional3-D torus systemin-
terconnectnetwork. In implementingour method,we used
theCraySharedMemoryAccessLibrary (SHMEM) which
providesfasterinterprocessorcommunicationthanMPI and
PVM do.

For aperformancetest,wehavegenerateda �
���=� �
���=��>����� volumedatasetfrom theoriginal freshCT dataof the
Visible Man, which takesup 720 Mbytes(Note that some
portionof slicesin theLegssectionof thefreshCTaremiss-
ing.). For rendering,it wascompressedinto adatasetof size
45.43Mbytes,usingthe 3D wavelet compressionscheme.
This exampledatauses7% of waveletcoefficients,andthe
renderedimagequality is visually identical to that of the
uncompresseddata.

In this experiment,theentireVisible Man datasetin un-
compressedform is partitionedinto ? subvolumesof equal
sizewhere ? is the numberof availableprocessors.They
aredistributedinto theprocessingelements,andareloaded
into their local memoryspace.Eachprocessorhasa list of
randomlygeneratedvoxel indices,and tries to accessthe
correspondingvoxel values.Whena voxel is local, thepro-
cessorreadsit from its own localmemoryspace.Otherwise,
it remotelyfetchesa �@�A�@�	� cell, containingthe voxel,
from remotememoryspace.Sincethereexistssomedegree
of coherencein accessingvoxels during ray traversal,we



Figure 4. A Sequence of Ray-Cast Images

fetchacell ratherthananindividualvoxel sothatthecell is
put into a local cachefor possiblelateruse.Anothersimu-
lation wasperformedto measurereconstructionoverheads
by takingtimingsfor decompressingthe �6���;��� cellsthat
includevoxelsin thesameaccesslist.

Figure3 comparesthe timing results. Whenvoxels are
reconstructed,thereis no communicationbetweenproces-
sors.Hencewemeasuredthetimingsononeprocessor. The
row “All” shows the timings whenthe entiredatasetis ac-
cessed.On the otherhand,the row “Skin” is for the case
whereonly thevoxels,classifiedasskin,aredecompressed
or fetched.Thetableindicatesthatthecommunicationover-
headsincreaseasmoreprocessorsareadded.In spiteof the
fastcommunicationnetwork of the Cray T3E, the datare-
distribution is oneof the mostnegative factorsthat deteri-
orateparallel/distributedrenderingperformance.The pre-
liminary test resultson a PC/workstationcluster indicate
that the redistribution cost is extremelyhigh. This obser-
vation stronglyimplies that compression-baseddistributed
renderingis oneof the bestsolutionsin the distributeden-
vironmentsespeciallywhenthedatasizesarevery large.

4.2. Performanceson Cray T3E

We first implementedthe compression-basedvolume
ray-castingschemeon the Cray T3E. Timings weretaken
in secondsfor both �
�����	����� and �������B�����C� imagesas
rotating the Visible Man by 20 degreesand averagingthe
renderingtimes (Figure 4). We have testedfive different
tile sizes,�6�D� , �8��� , E;�GF , ��7;�H��7 , and IJ�6�KIJ� , andwas
ableto useup to 96 processors.

Figure6 (a) to (e), andFigure5 show the performance
resultsthatcomparevery favorablywith existing resultsfor
direct volumerendering,say, [1, 7, 8, 11]. Thesetimings
do not includedatareplicationandimagedisplay. We ob-
servethatefficiency higherthan89%and97%areachieved
on 96 processorsfor �
���@������� and �����@�
���J�L� images,
respectively, which surpassesmostof therecentlyreported
parallelvolumerenderingon thedistributed-memoryarchi-
tectures.When E=�6E tileswereusedfor �
���M�K�����C� images,

it took 64.1 secondsper frameon oneprocessor, and0.68
secondson 96 processors.Consideringthat most portion
of the �
���N�O�����L� imageis opaque,andour ray-casteris a
truevolumerenderer, therenderingspeedappearsto bevery
high. Theprimaryreasonfor gettingsuchgoodspeedupsis
thatour renderingschememinimizesthe datacommunica-
tion overheadsduring rendering.Breakdown of execution
time for processorsshows that thecommunicationtime for
taskassignmentandimagesegmentcollectionis negligible
comparedto therenderingtime.

Thegraph(a) and(b) shows thattherendererperformed
bestwhenthetile sizesare�P�Q� and ER�ME for theimagesizes�����6�N�
��� and �������������C� , respectively. Thereis a tradeoff
betweentile sizesand performances.The graph(c) illus-
trateshow evenlythetasksaredistributedfor thevarioustile
sizeswhen16 processorsareused.Here,thevaluefor each
processoris obtainedby dividing theprocessor’stimespent
computingby the total executiontime, and indicateshow
well the processoris utilized without communicatingand
idling. For afixedimagesize,afine-graineddecomposition
of theimagescreenachievesgooddynamicloadbalancing
andspeedupsasmoreprocessorsjoin in computation.How-
ever, thelargernumberof smallertasksincreasesoverheads
of communicationand task management.At somepoint,
thereis no net gain from having the tiles smaller. In the
graph(d) of therenderingtimesfor �����;�9���J�L� images,we
seethethetile sizeof EG�SE is optimalwhenmorethan80
processorsareused.

Thegraph(e)illustratestherenderingtimesovervarying
rotationalangles,andindicatesthat the obliqueviews take
more renderingtime. When the Visible Man is rendered
from the front view, it took only 0.62 secondsto generate
the �����:�G�����C� imageon96processors.Ouroptimizedray-
castermoduleproducesmuchfasterrenderingcomparedto
thepreviousresult[2] in which 2.86secondswastakenfor
thefront view on thesamenumberof processors.

4.3. Performanceson PC/Workstation Cluster

We also implemented our rendering scheme on a
PC/workstationcluster. Figure 6 (f) to (g) show the dis-
tributedrenderingperformanceswherethe clusterconsists
of 8 400/450MHz Intel PentiumII processorsand two
195 MHz MIPS R10000processorsrunningWindows NT
4.0/Windows 98 and Irix 6.4, respectively. We generated
both �����S�
����� and �����A�T���J�L� imagesusing ��7A�U��7 ,I��;�DIJ� , and 7C���N7�� tiles. Thecomputersin theclusterare
connectedthroughan Ethernet,andtherewasnormalnet-
work traffic during testperiod. The PentiumII processors
wereaddedoneatatimeuntil all 8 PCsjoined,thenthetwo
SGIsareadded.SincetheR10000CPUturnedout to be a
little bit slower in runningour ray-casterthanthe Pentium
II processors,thespeedupwenta little worsewhenthe9th
and10thprocessorsareadded(graph(f) and(g)). Sincethe
clusteris madeof heterogeneousprocessors,the speedup
curve is lessmeaningfulto study the performanceof our
method. Nevertheless,we observe that the compression-
basedvolumerenderingschemeis alsopretty effective on
thePC/workstationclusters.



1 32 48 64 80 96
�������9����� Images Ren.Times(sec’s) 34.53 1.16 0.78 0.59 0.48 0.40

( �N�H� Tiles) Speedups 1.0 29.7 44.4 58.9 72.0 86.1�
�����	�����C� Images Ren.Times(sec’s) 64.09 2.09 1.40 1.05 0.81 0.68
( EK��E Tiles) Speedups 1.0 30.7 45.9 61.0 78.6 93.8

Figure 5. Rendering Times and Speedups with 96 CPUs

When all the 10 PCs/SGIswere used to generatea�������������L� image,it took 6.38secondson the clusterus-
ing IJ�V�WI�� tiles. When only the 8 PCs were used, it
took 7.68 seconds. This is, in fact, fasterthan the par-
allel renderingon Cray T3E using 8 processorsthat took
8.23seconds.The currenthigh-endprocessorsof PCsand
workstationsare as fast as thoseof the expensive high-
performanceparallel machines. As mentioned,the major
drawbackof a PC/workstationclusteris that its communi-
cation network is relatively slower. Contraryto the Cray
T3E which hasa fastcommunicationnetwork, we observe
that the time spentcommunicatingandidling increasesin
thePC/workstationclusterenvironment,which deteriorates
the overall performance(graph(h)). In our compression-
basedscheme,the time taken for communicationis very
small comparedto the time taken for renderingcomputa-
tion. Thispropertybecomescrucialwhenourmethodis im-
plementedon PC/workstationclusterswith a slower Ether-
netlinks. We wereableto useup to only 10 processorsdue
to thelimitation of ourenvironment.While achieving linear
speedupin suchaheterogeneousenvironmenthasbeencon-
sideredto be difficult, the simple computationalstructure
of our schemewill allow to achieve very goodspeedupsin
distributedvolumerenderingwhena largenumberof com-
putersjoin therenderingcomputation.

5. Conclusionsand Future Work

In this paper, we proposeda new compression-based
parallel/distributedray-castingschemedevisedfor the dis-
tributedenvironments,andshowedthatit canbeusedeffec-
tively for renderingvery largevolumes.Our currentresult
may not be the fastestin termsof framerates. For exam-
ple, interactive renderingof iso-surfacesof Visible Woman
wasachieved on an SGI Reality Monster, which is a scal-
ableshared-memorymultiprocessor[16]. Our ray-casting
schemetargetsvisualizationof very large volumedataon
distributed systems,and attemptsto achieve high perfor-
manceby minimizing communicationsbetweenprocess-
ing elementsduring renderingthroughcompression.Our
schemeis more practical than the previous works in that
it is alsovery appropriatefor distributedsystemswith low
bandwidthlinks suchaseasilyavailableclustersof PCsand
workstations,in whichcommunicationsbetweenprocessors
are regardedas quite costly. We have beenapplying our
ray-castingschemeto developmentof a volumenavigation
systemwhich harnessesthecomputingpowerof clustersto
interactively investigateverylargevolumes.Webelievethat
utilizing idle CPUtime of networkedPCsandworkstations
in this way would bethemostcost-effectiveway to visual-

ize hugevolumedatasets.
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Figure 6. Performances on PC/Workstation Cluster


