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Abstract

Interactive high quality volumerenderingis becomingincreasinglymoreimportantasthe amount
of morecomple volumetricdatasteadilygrows. While a numberof volumetricrenderingtechniques
have beenwidely used,ray castinghasbeenrecognizedasan effective approactor generatinghigh
quality visualization. However, for most users,the useof ray castinghasbeenlimited to datasets
that are very small becauseof its high demandson computationalpower and memory bandwidth.
However the recentintroductionof the Cell BroadbandeEngine(Cell B.E.) processagrwhich consists
of 9 heterogeneousoresdesignedo handleextremely demandingcomputationswith large streams
of data,providesan opportunityto put the ray castinginto practicaluse. In this paper we introduce
an ef cient parallelimplementationof volume ray castingon the Cell B.E. The implementationis
designedo take full advantageof the computationapower and memorybandwidthof the Cell B.E.
usinganintricateorchestratiorf theray castingcomputatiorontheavailableheterogeneougsources.
Speci cally, we introducestreamingmodel basedschemesand techniquedo ef ciently implement
acceleratiortechniquedor ray castingon Cell B.E. In additionto ensuringeffective SIMD utilization,
ourmethodprovidestwo key bene ts: thereis no costfor emptyspaceskippingandthereis nomemory
bottleneckon moving volumetric datafor processing. Our experimentalresultsshov that we can

interactively rendermpracticaldataset®n a singleCell B.E processar
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1 INTRODUCTION

Thereis a consistentrendin almostall scienti ¢, engineeringandmedicaldomainstoward increasingly
generatinghigherresolutionvolumetricdataas computingpower steadilyincreasesandimaginginstru-
mentsget morere ned. For computationakcientiststhereis a constantdesireto conductmore com-
putationallydemandingsimulationsin orderto capturecomplex phenomenat ner scales.At the same
time, biomedicalkesearcherandpractitioneraaredemandindiigherquality visualizationfor medicaldata
generatedby increasinglymoresophisticatednaginginstrumentsuchasCT, MRI, and3-D confocalmi-

croscopy. Clearly the ability to interactvely visualizethe volumetric datausing high quality rendering

techniquess critical to fully exploreandunderstandhe correspondinglatasets.

Ray casting[8] hasbeenrecognizedasa fundamentalvolumerenderingtechniquethat canproduce
very high quality images. However, for mostof users,its applicationhasbeenlimited only to datasets
of very small sizesbecauseof its high computationakrequirementsandits irregular dataaccesses.In
particular theamountof datato be processe@ndthe generallyirregularaccesgatterngequiredmale it
very hardto exploit cacheswhichin generaresultin high memorylatencies.Thus,it is very dif cult for
currentgeneralpurposedesktopcomputergo deliver the targetedlevel of interactvity for mostpractical

volumetricdatasets.

Signi cant researclefforts have attemptedo acceleratevolumerenderingusing graphicshardware.
A representate techniques basedn the exploitationof thetexture-mappingapabilitiesof thegraphics
hardware[3, 7]. Thetexture-mappindasedvolumerenderinghasenableda singlePCwith acommaodity
graphicscardto achieve interactive frameratesfor moderate-sizedata. However, the renderingquality
is generallynot satistctory[10]. Also, thesizeof the datathatcaninteractvely berendereds limited by
thegraphicanemorysize,whichis typically substantiallysmallerthansystemmemory Whenthedataset
doesnot t in thegraphicsmemory whichis oftenthe casen time-serieglata,interactvity becomesery
hardto achieve becausalatahasto be transferredrom systemmemoryto graphicsmemory a process

thatusuallytakesatleastanorderof magnitudemoretime thanthe graphicanemorybandwidth.

On the other hand,in orderto addresghe increasingdemandson interactve, higherquality video

rendering,Sory, Toshibaand IBM (STI) teamedtogetherto develop the Cell Broadbandengine (Cell



B.E.) [6], whichis the rst implementatiorof a chip multiprocessowith a signi cant numberof general
purposgrogrammableores. TheCell B.E. is a heterogeneousulticorechip capableof massve oating
point processingptimizedfor computation-intense workloadsandrich broadbandnediaapplications,
andthusopeningup the opportunityto puttheray castingalgorithminto widespreadpracticaluse.

In this paperwe introducea carefullytailored,ef cient parallelimplementatiorof volumeray casting
ontheCell B.E. In generalachieving high performancdor demandingcomputationsvith highly irregular
datamovementds extremelydif cult onthe Cell B.E. asit wasprimarily designedor large scaleSIMD
operation®nmediadatastreaminghroughthecoreprocessorsin ourwork, we aimto take full advantage
of theuniquecapabilitiesof the Cell B.E while overcomingits uniquechallengesin particular we achieve
anoptimizedimplementatiorof two mainaccelerationechniquegor volumeray casting 8] - emptyspace
skippingandearlyray termination- onthe Cell B.E.

We presenta streamingnodelbasedschemeo ef ciently employ bothacceleratioriechniquesThis
schememalkes an effective useof the heterogeneousoresandasynchronou®MA featuresof the Cell
B.E.In ourschemea PPE(the PaverPCprocessoontheCell B.E.) is responsibldor traversinga hierar
chicaldatastructureandgeneratinghelists of intersectingroxelsalongtheraysover non-emptyregions,
aswell asit is responsibldor feedingthe SPESSynenqistic Processindzlements SIMD type coreswith
very high peak oating point performancewith the correspondindists. The SPEsare responsibleor
actualrenderingof thedatarecevedfrom the PPE ,andthey naturallyimplementheearlyray termination
acceleratiortechnique.To dealwith the speedyap betweerthe heterogeneousores(PPEversusSPES),
we introducea coupleof importanttechniques.

Our streamingmodel basedschemeprovides the following two key bene ts. First, we essentially
remove the overheadcausedoy traversingthe hierarchicaldatastructureby overlappingthe emptyspace
skipping processwith the actualrenderingprocess. Second,using prefetching,we essentiallyremove
memoryaccessateng, whichhasbeenthemainperformanceegradatiorfactorthatis dueto theirregular
dataaccesgatterns.n additionto thesetwo key bene ts,we canalsoachieve betterSIMD utilizationin
the SPEshecaus¢he SPEsknow the samplingvoxelsto processn advanceandthusthey canpackthem

into SIMD operations.

Our experimentaresultsshav thatwe caninteractiely ray castpracticaldataset®f size256° ontoa



256° imageat9 26frames/sewith oneCell B.E processoB.2GHz whichis aboutanorderof magnitude
fasterthanthe implementatiorat Intel Xeon 3GHz. Our scalabilityresultswith respectto volumesize
shav thatwe canachie/e interactve visualizationfor muchlarger datasetsbut we could not run larger
experimentsdecauseéhe memoryof our Cell B.E. waslimited to 1GB.

In thefollowing sectionswe startby discussingelatedwork andbrie y introducingCell B.E. archi-
tecture.We thenexplain our primarywork decompositiorandassignmenschemedollowed by a descrip-
tion of the techniquedo dealwith the speedgap betweerthe heterogeneousores. We endwith a brief

summaryof the experimentakesultsanda conclusion.

2 RELATED WORK

Levoy [8] proposedwo optimizationtechniquedor ray casting- empty spaceskipping and early ray
termination,which arethe mostwidely usedoptimizationtechniquedor ray casting.He useda pyramid
of binary volumesto malke raysefciently skip emptyspaceandalsomadeeachray terminateearly if
the opacityvalueaccumulate$o a level wherethe color stabilizes.Yageland Shi[16] proposedanother
optimizationtechniqueusingframe-to-framecoherenyg. Their methodsaresthe coordinatesf the rst
non-emptyoxel encounteredby eachray sothatrayscanstartfrom thesecoordinatesn the next frame.
Theirmethodwasimprovedby Wanetal. [15] in severalways.

As volumerenderingis computationallyquite demandingespeciallyfor large datasetsr high reso-
lution screenstherehave beenmary efforts to acceleratehis methodusingthe latesthardwareand/ora
clusterof computers.Recently the mostpopularmethodseemdo bethe onethatis basedon usingthe
graphicscards'texture mappingcapability[3], which canalsobe extendedto multiple cardsanda cluster
system.Knissetal. [7] distribute a datasetinto multiple graphicscardsin a shared-memorgystemand
make eachcardrendera subvolumeby usingthe texture mappingtechnique Lum etal. [9] andStrengert
etal. [14] usethe sametechniquein a clusterervironment. As graphicsprocessorbecomemore pro-
grammabletherehave beenefforts to implementray castingon the graphicscards. Stegmaierandet al.
[13] shawv thatray castingcan be implementedon the programmablegraphicsprocessoland M ller et
al. [11] extendthe hardwareaccelerateday castingtechniqueto a clustersystem.On the otherhand, it

is worth mentioningthe recenthardware-baseday tracingtechniquedor geometricrenderingsincethe



principleof ray shootingis thesame Hornetal. [4] developk-D treebasedsPUray tracingmethodsand
Benthinetal. [2] introduceray tracingtechniquedor Cell B.E. For isosuraicerenderingontheCell B.E.,

wereferthereaderto O'Conoretal. [12].

3 CELL BROADBAND ENGINE OVERVIEW

The Cell BroadbandEngine(Cell B.E.) [6], asshawvn in Figure 1, consistsof one 64-bit PoverPCPro-
cessoiElement(PPE)andeightSynegistic ProcessoElementg SPES) all connectedogethetby a high-
bandwidthElementinterconnecBus (EIB).

EachSPEcontainsa Synegistic ProcessolUnit (SPU),a Memory Flow Controller(MFC) and256K
bytesof local storage(LS). The MFC hasDMA enginesthat can asynchronouslyransferdataacross
the EIB betweenthe LS and main memory EachSPU containsa 128-bit-wideSIMD engineenabling
4-way 32-bit oating pointoperationsThe SPUcannotaccessnainmemorydirectly. It obtainsdataand
instructionfrom its 256 Kbyteslocal storageandit hasto issueDMA commandso the MFC to bring data
into thelocal storeor write resultsbackto mainmemory

The Cell allows usingthe samevirtual addresse$o specify systemmemorylocationsregardlessof
processoelementtype andthusit enablesseamlesslatasharingbetweenthreadson both the PPEand
the SPEs. It is alsopossiblefor the SPEsto referencedifferentvirtual memoryspacesassociatedvith
respectre applicationsexecutingconcurrentlyin the system.

With a clock speedof 3.2 GHz, the Cell B.E. hasa theoreticalpeakperformanceof 204.8 GFlops/s.
The EIB supportsa peakbandwidthof 204.8GBytes/sfor on-chipdatatransfers.The memoryinterface

controllerprovides25.6 GBytes/shandwidthto mainmemoryat peakperformance.

4 PRIMARY WORK DECOMPOSITION AND ALLOCATION

In this section,we describeour primary work decompositionrand assignmenschemefor volume ray
castingonthe Cell B.E. Our schemas illustratedin Figure2.
Our work decompositiorschemes basedon ne-grain taskparallelismthatachiezesload balancing

amongthe SPEsaswell asmatchingworkloadbetweerthe PPEandthe SPEs.In ray castingthe overall
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Figure 1: Cell Broadband Engine Overview [5].
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Figure 2: Work decomposition and assignmentto the SPEs.

concurreng is obvioussincewe cancomputeeachpixel valueonthescreerindependentlyf all the other
pixels. To take advantageof this fact, we divide the screeninto a grid of smalltiles. Eachtile will be
independentlyenderedby a certainSPE.The size of the tile shouldbe small enoughto balanceloads
betweenthe SPEs. Also, an SPEshouldbe ableto storein its very limited local memorythe task list
generatedy the PPEaswell asthe tile imageitself. Note that the size of the tasklist from the PPE
increaseasthetile sizedoes. On the otherhand,thetile sizeshouldbe large enoughto ensureenough

work betweersynchronizations.

The high communicationbandwidthof the Cell B.E. makesit possibleto achiare excellentperfor



manceusing image-basedne-grain decompositiondespitethe fact that the Cell B.E. is essentiallya
distributed memorysystem,in which object-baseaoarse-grairdecompositioris usually chosen. This
ne-grain task parallelismenablesus to achiese nearoptimal load balancingand alsoto overcomethe
limited local memorysize.

Our work assignmenschemas static. We assigneachtile to eachSPEin someorderasshown in
Figure2, which shavs a Z-orderbasedscheme Suchan orderingtriesto exploit spatiallocality asmuch
aspossible.Eventhoughthe assignmenis static,thetime it takesto renderall the assignedilesin each

SPEis almostidenticalfor the differentSPEsbecaus®f the ne-grain work decomposition.

5 IMPLEMENTATION OF ACCELERATION TECHNIQUES

Therearetwo mostwidely usedacceleratiotiechniquesor ray casting8]: emptyspaceskippingandearly
ray termination. To skip emptyspace oneusuallyconstructsa hierarchicaldatastructurethat storesthe
informationaboutwhich subvolumeis emptyandskipsthe subvolumeduringtraversal. This acceleration
techniques very usefulin mostvolumetricdatasetsincethey usually have signi cant portionsthatare
empty space.On the otherhand,early ray terminationcan also save signi cant time by stoppinga ray
traversalafter its opacity value reachessomethresholdsinceits nal pixel valuewill hardly changeby
furtherray traversal. This acceleratioriechniquds particularlyusefulwhenthe objectsembeddedn the
volumearemostly opaque Ef ciently implementingthesetwo acceleratioriechniquess very important

sinceit signi cantly affectstheray castingperformance.

5.1 Streamingmodelfor acceleration

Our basicideafor implementingthe acceleratiortechniqueson the Cell B.E. is to assignempty space
skippingto the PPEandearlyray terminationto the SPEs.The PPEis afull- edged 64-bit PoverPCwith
L1 andL2 cachesandhencecanhandlebranchpredictionmuchbetterthanthe SPE.Clearlythe PPEis a
bettercandidatefor ef ciently traversinga hierarchicaldatastructure.Furthermorethe SPEwould have
substantiabverheadn handlingempty spaceskippingdueto the limited local memorysize asthe size
of the hierarchicaldatastructureincreases.On the otherhand,the SPEis ideal for the renderingwork

sinceit wasdesignedor compute-intense workloadsusingSIMD style operations.Thus,we naturally



implementearlyray terminationon the SPE.

We streamlinethe empty spaceskipping processandthe actualrenderingprocess.Given a ray, the
PPEtraversesthe hierarchicaldatastructurealongthe ray directionand collectsray segments(de ning
the correspondingampledvoxels) which areonly in non-emptysubrolumes.Eachray segmentis char
acterizedby two parameter® andL suchthatR is theray offsetfrom the viewpoint andL is thelength
of the correspondingsegment. The collectedray segmentsfor all the pixels of a tile are concatenated
andtransferredo the SPEin chage of the correspondingile, which thenrenderghetile with early ray

terminationoption. This streamingnodelis illustratedin Figure3.
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Figure 3: Our streaming model for acceleration techniques.

In this streamingmodel,the PPEsideis responsibldor generatingandsendingonly the contrikuting
(non-empty)ray segmentsto the SPEs. For that, we usea simple 3-D octreedatastructure,in which
eachnodehas8 childrenandstoresa maximumvalueof ary voxel in the subvolumerootedat the node.
Howeverwe shouldcarefullysettheleafnodesize. Thesmallerthesizeof theleafnode themoretraversal
time andthe moreamountof dataneeddo be transferredo the SPEs.However, the largerthe leaf size,
the moreemptyspacewill needto be handledby the SPEs eventuallyleadingto signi cant increasean
renderingtime. Empty spacecanbe determinedy eitheropacityvaluesafter classi cationor raw voxel
values.If opacityvaluesareused,the octreewould have to be updatedevery time the classi cationtable
is changed.

The SPEsareresponsibldor the actualrenderingprocess.An SPEwaits until it getsa signalfrom
the PPEthatit hascollectedall the contribtuting ray segmentscorrespondingo all the pixelsin thetile

underconsideration. Onceit receves the signal from the PPE, it startsthe renderingprocessfor the
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correspondindile. The renderingprocessconsistsof four main steps: prefetching,interpolation,shad-
ing/classi cation,andcompositing.During therenderingfour ray samplingpointsareprocessetibgether
in a loop to exploit the SIMD capabilitiesof the SPE.First, for prefetching,we take advantageof the
asynchronou®MA featureof the Cell B.E. andusedoublebuffering [5]. We prefetchthe next 4 subvol-
umesrequiredfor renderingthe next 4 ray samplingpointsinto a buffer. To achiare peakperformance,
we arrangehevolumeresidingin mainmemoryinto a 3-D grid of smallsubvolumes.If the4 subvolumes
necessaryor renderingthe current4 ray samplingpointsareready we concurrentlyperform4 tri-linear
interpolationausing4-way SIMD instructiongo reconstructhesignals.Reconstructesglaluesaremapped
to a color and opacityvalue using shadingandclassi cationtables. Finally, we compositethe 4 values
sequentiallysincecompositingcannot be concurrentlydone.However, we concurrentlycompositehe R,
G, B values,andhencewe utilize 3/4 of the SIMD capabilityof the SPE.The nal opacityvalueis then
testedfor earlyray termination,and,if so,we proceedo thenext ray. After gettingall the pixel valuesfor
thetile, we sendthe tile imagebackto the mainmemoryusingasynchronou®MA, andproceedo the

next tile.

5.2 Techniquesfor lling performancegap betweenheterogeneousores

The successfulmplementationof our streamingmodel critically dependson how muchwe canmatch
the executionsof the two stagesof the model. If the PPEperformsits tasksfasterthanthe SPE,the
outputsgeneratedby the PPEshouldbe storedsomeavheresothatit canproceedo executethe next task.
However, muchmoredif cult is thesituationwhenthe PPEperformsits tasksslowerthanthe SPE.In that
casetheSPEswill beidle waiting for theinputsfrom the PPE which cansubstantiallydegradetheoverall
performancandnegatively impactscalabilitysincethemorethenumberof SPEsthemorework hasto be
performedoy the PPEandhencethe moretime the SPEwill have to wait. In thefollowing, we introduce
acoupleof techniquedor taking careof the possibleperformanceyap betweerthe heterogeneousores.
We rst describea simpleway to handlethe casewhenthe PPEexecutedts tasksfasterthanthe SPEs
handlingof their correspondingasks.As seenin Figure5, we keepa small buffer for eachSPEin main
memory whereeachentry storesa completelist of contrikuting ray segmentsfor a tile. Whenthe PPE

nishes the task of creatinga list of ray segmentsfor atile, it storesthe list in the buffer and sendsa
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Figure 5: Our bu ering schemein order to handle the casewhen the PPE executesits tasks faster than the SPEs.

messagewhich is actuallythe size of the list, to the mailbox of the SPEassignedor thetile. Then,the
SPEinitiatesthetransferfrom thebuffer to its localmemory The SPEkeepdrackof theentryfrom which
it hasto transferdatafor the currenttile. Sincethe mailboxin the SPEhas4 entries,we essentiallyuse
it asa 4-entryqueuesothatthe messagefrom the PPEcanbe bufferedandusedimmediatelywhenthe
SPEis readyto proceedo the next tile. This schemeof usingbufferson bothPPEandSPEenablesisto

efciently dealwith thesituationof over owing inputsfrom PPE.

In thefollowing subsectionsye introduceour ’approximation+re ning’schemeo dealwith theother
casejn which the PPEis not fastenoughto feedthe SPEs.This is unfortunatelythe casefor the current
Cell B.E.

Approximation

In orderto reducethe workload of the PPE,we only generatehe list of contrituting ray segments
for every k  k-th pixel, ratherthanfor every pixel. Eachsegmentis nov computedby projectingthe
boundaryof anintersectedctreeleaf (correspondingo non-emptysubvolume)ontotheray directionas
shavn in Figure6. We estimatethe contrikuting ray segmentsfor eachsubtileby takingthe union of the
ray segmentdists atthe surroundingd corners.Then,the SPEassignedo thetile usesheresultinglist to
renderto all thepixelsin thesubtileof sizek k. This methodsigni cantly reduceghe processingimein
the PPEby afactorof k?. However, it increaseshe processingime in the SPEbecaus¢he SPEendsup
with processingnuchmoreemptyvoxelsdueto the approximatenatureof the contrikuting ray segments

usedfor eachpixel.
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Figure 7: The case of missing non-empty subvolumes. In the gure, the shadedregion is not checked by any of rays using the approximation
technique.

In this approximationtechnique,we might miss someintersectingsubvolumesfor somepixels as
shavn in Figure 7 eventhoughwe usethe projectedray segmentssincewe selectvely shootraysto get
the contriluting ray segments. Missedsubvolumesmay leadto incorrectrenderingsinceit canendup
with reportingno contrituting ray segmentsfor a particular subtile even thoughthereis a non-empty

subvolume,whichis nottraversedby ary of thefour rays.

Thus,we needto make surethatwe never missary subvolumefor correctrendering.ln orthographic
ray casting,whereall raysarecastin parallel,we only needto make surethe interval valuek is smaller

thanthe minimumdistancebetweerary two grid pointsof theleaf subvolume.In perspectie ray casting,



we caneasilyprove thefollowing.
Proposition1 Two raysthatarek apartontheimageplane originatingfrom the sameviewpoint, never
diverge morethan 2k insidethe volume asalongasthe distancefrom the viewpoint to theimageplane,

dist, is largerthanthe distancerom theimageplaneto thefar endof thevolume,dist,. SeeFigure8.

Image Plane N Volume
_ //
/’k//y
< s
s . > «——
dist, dist,

Figure 8: Proof of proposition 1.

Proof. First, for the casewhentheimageplaneis beyondthe far endof thevolume,raysarealwaysless
thank apartinsidethevolume. For the othercase we have a simplerelationshipdiste : k = (diste + disty)
.y, wherek is the distancebetweerthetwo raysontheimageplaneandy is theoneon thefar endof the

volume.In orderto havey lessthan2k, diste mustbelargerthandisty. O

Thus, we usethe approximationtechniqueby settingthe k value to half of the minimum distance
betweenary two grid pointsof the leaf subvolume. Then,we canguarante¢hatwe cansafelyzoomout
upto 1/2andzoomintoin nity sincetheeyedistanceo theimageplaneis alwayslargerthanthedistance
from theimageplaneto thefar endof thevolume. This guaranteds acceptablén volumerenderingsince
we arenotinterestedn investigating objectsin smallersize.

Re ning

In orderto reducethe amountof additionalwork performedby the SPEdueto the approximation
techniquewe sendto the SPEsadditionalinformationaboutwhich subvolumeis emptysothatthe SPEs
canskiptheprocessingf thesamplingpointsthatbelongto emptysubvolumes.We usehashingo capture
this additionalinformationasfollows.

Given atile, we keepa hashtablefor every k  k-th ray andrecordwhich subvolumeis not empty

usingthefollowing universalhashinglunctionasseenn Figure9.
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Figure 9: Our hashing schemein order to handle the casewhen the PPE executesits tasks slower than the SPEs. The hashtable is sent to the
corresponding SPE. A "1' indicates a non-empty subvolume.

key=(ranX x+ranY y+ranZ z) moduloPR
hash-tablekey ] = 1

8
% PR:primenumberequalto the hashtablesize
E 0 < randomnumberranX,rany, ranZ< PR

X,y,z: thesmallestcoordinate®f the subvolume

Then, we approximatethe hashtable for a subtile by taking the union of the hashtablesat the 4
surroundingcornersandsendit to a correspondingPE.The SPEskipsa samplingpointif it belongsto
anemptysubvolumeby checkingthe hashtable.Notethatby usingthehashtable,we mighthave thecase
wherean empty subvolumeis recognizedasnon-empty but will never have the oppositecase.Also, by

settingthe hashtablesizelarge enoughwe cansigni cantly reducethefalsealarmrate.

6 EXPERIMENTAL RESULTS

Dataset Size Characteristic
Foot 256° (16MB) smallemptyspace+ moderateopaquenterior
Aneurism 256° (16MB) moderateemptyspacet+ moderateopaquanterior
Engine | 256° 128(8MB) smallemptyspacet smallopaquenterior
Fuel 256° (16MB) large emptyspacet+ smallopaqueanterior

Table 1: Test Datasets. (Fuel dataset size s originally 64°. We enlarged it for better comparison.)



To evaluatethe performanceof our streamingmodel basedmethods,we selectedfour volumetric
datasetshatarewidely usedin theliterature:two from the medicaldomain(foot andaneurismandtwo
from the science/engineerindomain(fuel andengine)[1]. Tablel summarizeshe characteristicef the

correspondinglatasets.

All defaultrenderingmodesaresemi-transparernddefault renderingmagesizeis 256, All exper
imentalresultswereobtainedby averagingthe resultsfrom 24 randomlyselectedsiew points. We chose
16 16for tile sizeand8 for thek-valueusedby experiments We usedoneCell B.E. 3.2GHzthroughout

theevaluation.Figure10 shavs renderedmagesobtainedusingour method.

We rst demonstratéhatour streamingnodelwith the”approximation+re ning”’schemeaemovesthe
overheadof traversingthe octreestructurefor empty spaceskippingby almostfully overlappingit with
the actualrenderingprocess.Figure 11 shawvs the processingime for the PPEandthe SPEsfor three
differentcombinationf thetechniquesisingthefour datasetsProcessingime onthe PPEis thetime it
takesto traversethe octreedatastructureandto generatehe contrikuting ray segments.The SPEtime is
thetime it takesto performtheactualrenderingWhennoneof thetechniquess usedwe endup starving
the SPEsdueto thelong processindime onthe PPE.Whenonly theapproximatiortechniquds usedwe
signi cantly reduceheprocessingime onthePPE but endupwith increase@&PEtime. Finally, whenthe
approximatiorntechniques usedin combinationwith there ning techniquewe achieve the bestresults.
Figurellalsoshavsthatthecurrentimplementatiorcanscaleup to thedoublenumberof SPEssincethe
processindime onthe PPEis allowedto doublefor the balanceof performancdetweerthe PPEandthe

SPE.

Anotherimportantbene t of our streamingmodelis thatit essentiallyemovesthelateny dueto the
accesf volume databy makingit possibleto almostalways prefetchthe data. The rst two rows of
Table 2 compareghe renderingtime with and without prefetchingand shavs that prefetchingreduces
renderingiime by aboutonehalf.

However, it doesnot shawv thatthereis no memoryaccesdateng. The SPEprogramis blocked until
the subvolumesrequiredfor renderingthe currentsamplingpoints are moved to the local memory If
prefetchinghidesmemorylateng, our renderingtime shouldbe approximatelythe sameasthe time it

takesfor renderingary volumetricdatastoredin thelocal memory Thethird andfourth rows of Table2



foot | aneurism| engine| fuel
w/o prefetch | 224 210 133 | 76
w/ prefetch | 113 99 72 38
local volume,
w/o early ter- | 161 103 85 39
mjnation
w/  prefetch,
w/o early | 179 112 88 41
termination

Table 2: E ects of prefetching (in milliseconds).

compardgherenderingime onlocal volumewith or without our prefetchingschemeNotethatsinceearly
rayterminationmakestherenderingime dependnthedatacontentsywe disabledearlyray terminationin
thoseexperimentsWe believe thatthe 7% increasen theresultsis from prefetchl/O overheadecause
we achieved only lessthan 1% betterresultsin the sameexperimentswith only differencein the size of

datatransfer which wassetto zero.

Our ne-grain taskdecompositiorallows usto achieve very goodload balance Figure12 shows that
our schemeachievesnearoptimalload balancewith averagepercentagstandardieviation 1:7% among

the8 SPEsof theCell B.E.

Finally, we comparethe renderingperformanceon the Cell B.E. 3.2GHzwith thatof the Intel Xeon
dual processoBGHz with SSE2. We implementedhe sameacceleratiortechniqueswith the sameray
castingalgorithm. The SSE2vectorinstructionsare usedfor interpolationand compositingin the same
way asin the SPEsof the Cell B.E. We createdwo threadson Intel Xeonwhile creatingtwo threadson
the PPEand8 threadson the SPEs.Two threadson eachof Xeonandthe PPEreducetreetraversaltime
by dividing the traversalwork. Figure 16 shavs that our scheméor Cell B.E. consistentlyachiezesan

orderof magnitudebetterperformance.

The resultsshov that the newv multi-core architecturecan handlecomputeand communicationin-
tensve applicationssuchas volume ray castingin much more ef cient way sincethe particular Xeon
processoandthe Cell processothatwe have usedfor the experimentslo nothave muchdifferencen the
numberof transistorg286 million and234 million, respectrely) andoperateat aboutthe samefrequenyg

(3GHzand3.2GHz,respecitrely).



7 CONCLUSION

We presentedh streamingmodel basedvolumeray casting,which is a new stratgy for performingray
casting. This stratgy enableghe full utilization of empty spaceskippingand early ray termination,in
additionto remaving memorylateng overheaddsypically encountereth ray castingdueto irregulardata
accessesln additionto successfullimplementingthis strategy on the Cell B.E., we introduceda few
additionaltechniquesncludingthe "approximation+re ning” techniqueto balancethe performancegap
betweerthetwo streamingstagesWe have presente@xperimentaresultsthatillustratethe effectiveness

of our new techniques.

8 ACKNOWLEDGEMENT

We would like to thank ProfessoiDavid Baderfor generouslyallowing usto useCell Processorst the

STI Cell Centerof Competencat Geogia Techfor thisresearch.

REFERENCES

[1] Volumedatasetsepository http://www.gris.uni-tuebingen.de/edu/areas/&ivolren/datasets/datasets.html.
[2] C.Benthin,l. Wald,M. ScherbaumandH. Friedrich.RayTracingontheCell Processorln Proceeding®f IEEE Symposiunon InteractiveRayTracing,
pagesl5-23,2006.
[3] BrianCabralNang/s Cam,andJimForan.Acceleratedrolumerenderingandtomographigeconstructiomisingtexturemappinghardware.In Proceedings
of the 1994symposiunon Volumevisualization page$91-98.ACM Press;1994.
[4] D.R.Horn,J.SugermanM. Houston,andP. HanrahanInteractve kd treeGPUraytracing.pagesl67-174 ACM Press2007.
[5] IBM. Cell BroadbandEngineProgrammingTutorial verion2.0, 2006.
[6] H.P HofsteeC. R. JohnsT. R. MaeurerJ. A. Kahle,M. N. Day andD. Shippy. Introductionto the cell multiprocessar IBM Journal of Reseath and
Development49(4):589-6042005.
[7] J.Kniss,P. McCormick,A. McPherson,). Ahrens,J. Painter A. Keahg, andC. Hansen.Interactve texture-basedolumerenderingfor large datasets.
ComputerGraphicsand Applications |EEE, 21(4):52-612001.
[8] M. Levoy. Ef cient ray tracingof volumedata. ACM Transactionon Graphics(TOG), 9(3):245-2611990.
[9] E.B.Lum,K.L. Ma, andJ.Clyne. A hardware-assistedcalablesolutionfor interactie volumerenderingof time-varying data. IEEE Transactionon
Visualizationand ComputerGraphics 8(3):286—-3012002.
[10] M. MeissnerJ.Huang,D. Bartz,K. Mueller, andR. Crav s. A practicalevaluationof popularvolumerenderingalgorithms. In Proceedingof IEEE
symposiunon Volumevisualization pages31-90.ACM Press2000.
[11] C.Muller, M. StrengertandT. Ertl. Optimizedvolumeraycastindor graphics-hardare-basedlustersystemsln EurographicsSymposiunon Parallel
GraphicsandVisualization 2006.

[12] K. OConor CarolOSullivan,andStevenCollins. Isosurficeextractionon the cell processarin Seventhlrish Workshopon ComputerGraphics 2006.



[13] S.Steggmaier M. Strengert,T. Klein, andT. Ertl. A SimpleandFlexible Volume Rendering=ramevork for Graphics-Hardare—basedRaycasting.In
Proceeding®f olumeGraphics pagesl87-1952005.

[14] M. StrengertM. Magallon, D. Weiskopf, S. Guthe,andT. Ertl. HierarchicalVisualizationand Compressiorof Large Volume DatasetdJsing GPU
Clusters.In Parallel Graphicsand Visualization 2004.

[15] Ming Wan, Aamir Sadiq,and Arie Kaufman. Fastandreliable spaceleapingfor interactve volumerendering. In Proceedingof the confeenceon
\isualization'02, pagesl95-202IEEE ComputerSociety 2002.

[16] R.YagelandZ. Shi. Acceleratingvolumeanimationby space-leapingln IEEE Misualization1993 page$2—-69,1993.



Foot Aneurism

Engine Fuel

Figure 10: Renderedimagesfrom four datasets throughout the tests.
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Figure 13: Speed up with respect to the number of SPEs.
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Figure 16: Performance comparison with Intel Xeon dual processo 3GHz with SSE2.




