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Abstract

Interactive high quality volumerenderingis becomingincreasinglymoreimportantastheamount

of morecomplex volumetricdatasteadilygrows. While a numberof volumetricrenderingtechniques

have beenwidely used,ray castinghasbeenrecognizedasaneffective approachfor generatinghigh

quality visualization. However, for most users,the useof ray castinghasbeenlimited to datasets

that are very small becauseof its high demandson computationalpower and memorybandwidth.

However the recentintroductionof theCell BroadbandEngine(Cell B.E.) processor, which consists

of 9 heterogeneouscoresdesignedto handleextremelydemandingcomputationswith large streams

of data,providesanopportunityto put the ray castinginto practicaluse. In this paper, we introduce

an ef�cient parallel implementationof volume ray castingon the Cell B.E. The implementationis

designedto take full advantageof the computationalpower andmemorybandwidthof the Cell B.E.

usinganintricateorchestrationof theraycastingcomputationontheavailableheterogeneousresources.

Speci�cally, we introducestreamingmodel basedschemesand techniquesto ef�ciently implement

accelerationtechniquesfor raycastingonCell B.E. In additionto ensuringeffectiveSIMD utilization,

ourmethodprovidestwo key bene�ts: thereis nocostfor emptyspaceskippingandthereis nomemory

bottleneckon moving volumetric datafor processing. Our experimentalresultsshow that we can

interactively renderpracticaldatasetsonasingleCell B.E processor.

� e-mail: jusub@umd.edu
†e-mail: joseph@umiacs.umd.edu



1 I NTRODUCTI ON

Thereis a consistenttrendin almostall scienti�c, engineeringandmedicaldomainstoward increasingly

generatinghigherresolutionvolumetricdataascomputingpower steadilyincreasesandimaginginstru-

mentsget more re�ned. For computationalscientists,thereis a constantdesireto conductmorecom-

putationallydemandingsimulationsin orderto capturecomplex phenomenaat �ner scales.At thesame

time,biomedicalresearchersandpractitionersaredemandinghigherqualityvisualizationfor medicaldata

generatedby increasinglymoresophisticatedimaginginstrumentssuchasCT, MRI, and3-D confocalmi-

croscopy. Clearly, the ability to interactively visualizethe volumetricdatausinghigh quality rendering

techniquesis critical to fully exploreandunderstandthecorrespondingdatasets.

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 computationalrequirementsand its irregular dataaccesses.In

particular, theamountof datato beprocessedandthegenerallyirregularaccesspatternsrequiredmake it

veryhardto exploit caches,which in generalresultin highmemorylatencies.Thus,it is verydif�cult for

currentgeneralpurposedesktopcomputersto deliver thetargetedlevel of interactivity for mostpractical

volumetricdatasets.

Signi�cant researchefforts have attemptedto acceleratevolumerenderingusinggraphicshardware.

A representative techniqueis basedon theexploitationof thetexture-mappingcapabilitiesof thegraphics

hardware[3, 7]. Thetexture-mappingbasedvolumerenderinghasenabledasinglePCwith acommodity

graphicscardto achieve interactive frameratesfor moderate-sizeddata. However, the renderingquality

is generallynot satisfactory[10]. Also, thesizeof thedatathatcaninteractively berenderedis limited by

thegraphicsmemorysize,whichis typically substantiallysmallerthansystemmemory. Whenthedataset

doesnot �t in thegraphicsmemory, which is oftenthecasein time-seriesdata,interactivity becomesvery

hardto achieve becausedatahasto be transferredfrom systemmemoryto graphicsmemory, a process

thatusuallytakesat leastanorderof magnitudemoretime thanthegraphicsmemorybandwidth.

On the otherhand,in order to addressthe increasingdemandson interactive, higher-quality video

rendering,Sony, Toshibaand IBM (STI) teamedtogetherto develop the Cell BroadbandEngine(Cell



B.E.) [6], which is the�rst implementationof a chip multiprocessorwith a signi�cant numberof general

purposeprogrammablecores.TheCell B.E. is aheterogeneousmulticorechipcapableof massive �oating

point processingoptimizedfor computation-intensive workloadsandrich broadbandmediaapplications,

andthusopeningup theopportunityto put theraycastingalgorithminto widespread,practicaluse.

In thispaper, we introduceacarefullytailored,ef�cient parallelimplementationof volumeraycasting

ontheCell B.E.In general,achieving highperformancefor demandingcomputationswith highly irregular

datamovementsis extremelydif�cult on theCell B.E. asit wasprimarily designedfor largescaleSIMD

operationsonmediadatastreamingthroughthecoreprocessors.In ourwork,weaimto takefull advantage

of theuniquecapabilitiesof theCell B.Ewhile overcomingits uniquechallenges.In particular, weachieve

anoptimizedimplementationof two mainaccelerationtechniquesfor volumeraycasting[8] - emptyspace

skippingandearlyray termination- on theCell B.E.

We presenta streamingmodelbasedschemeto ef�ciently employ bothaccelerationtechniques.This

schememakesan effective useof the heterogeneouscoresandasynchronousDMA featuresof the Cell

B.E. In ourscheme,aPPE(thePowerPCprocessorontheCell B.E.) is responsiblefor traversingahierar-

chicaldatastructureandgeneratingthelistsof intersectingvoxelsalongtheraysovernon-emptyregions,

aswell asit is responsiblefor feedingtheSPEs(SynergisticProcessingElements- SIMD typecoreswith

very high peak�oating point performance)with the correspondinglists. The SPEsareresponsiblefor

actualrenderingof thedatareceivedfrom thePPE,andthey naturallyimplementtheearlyraytermination

accelerationtechnique.To dealwith thespeedgapbetweentheheterogeneouscores(PPEversusSPEs),

we introduceacoupleof importanttechniques.

Our streamingmodel basedschemeprovides the following two key bene�ts. First, we essentially

remove theoverheadcausedby traversingthehierarchicaldatastructureby overlappingtheemptyspace

skippingprocesswith the actualrenderingprocess.Second,usingprefetching,we essentiallyremove

memoryaccesslatency, whichhasbeenthemainperformancedegradationfactorthatis dueto theirregular

dataaccesspatterns.In additionto thesetwo key bene�ts,we canalsoachieve betterSIMD utilization in

theSPEsbecausetheSPEsknow thesamplingvoxelsto processin advanceandthusthey canpackthem

into SIMD operations.

Our experimentalresultsshow thatwe caninteractively ray castpracticaldatasetsof size2563 ontoa



2562 imageat9� 26frames/secwith oneCell B.Eprocessor3.2GHz,whichis aboutanorderof magnitude

fasterthanthe implementationat Intel Xeon 3GHz. Our scalabilityresultswith respectto volumesize

show that we canachieve interactive visualizationfor muchlarger datasetsbut we couldnot run larger

experimentsbecausethememoryof ourCell B.E.waslimited to 1GB.

In thefollowing sections,we startby discussingrelatedwork andbrie�y introducingCell B.E. archi-

tecture.We thenexplainour primarywork decompositionandassignmentschemefollowedby a descrip-

tion of the techniquesto dealwith thespeedgapbetweentheheterogeneouscores.We endwith a brief

summaryof theexperimentalresultsandaconclusion.

2 REL ATED WORK

Levoy [8] proposedtwo optimizationtechniquesfor ray casting- empty spaceskippingand early ray

termination,which arethemostwidely usedoptimizationtechniquesfor ray casting.He useda pyramid

of binary volumesto make raysef�ciently skip emptyspaceandalsomadeeachray terminateearly if

theopacityvalueaccumulatesto a level wherethecolor stabilizes.YagelandShi [16] proposedanother

optimizationtechniqueusingframe-to-framecoherency. Their methodsavesthe coordinatesof the �rst

non-emptyvoxel encounteredby eachray sothatrayscanstartfrom thesecoordinatesin thenext frame.

Theirmethodwasimprovedby Wanetal. [15] in severalways.

As volumerenderingis computationallyquite demandingespeciallyfor large datasetsor high reso-

lution screens,therehave beenmany efforts to acceleratethis methodusingthe latesthardwareand/ora

clusterof computers.Recently, themostpopularmethodseemsto be theonethat is basedon usingthe

graphicscards'texturemappingcapability[3], whichcanalsobeextendedto multiplecardsandacluster

system.Knisset al. [7] distributea datasetinto multiple graphicscardsin a shared-memorysystem,and

make eachcardrendera subvolumeby usingthetexturemappingtechnique.Lum et al. [9] andStrengert

et al. [14] usethe sametechniquein a clusterenvironment. As graphicsprocessorsbecomemorepro-

grammable,therehave beenefforts to implementray castingon thegraphicscards.Stegmaierandet al.

[13] show that ray castingcanbe implementedon the programmablegraphicsprocessorandMüller et

al. [11] extendthehardwareacceleratedray castingtechniqueto a clustersystem.On theotherhand,it

is worth mentioningthe recenthardware-basedray tracingtechniquesfor geometricrenderingsincethe



principleof rayshootingis thesame.Hornetal. [4] developk-D treebasedGPUray tracingmethodsand

Benthinetal. [2] introduceray tracingtechniquesfor Cell B.E.For isosurfacerenderingon theCell B.E.,

we referthereaderto O'Conoretal. [12].

3 CEL L BROADBAND ENGI NE OVERVI EW

The Cell BroadbandEngine(Cell B.E.) [6], asshown in Figure1, consistsof one64-bit PowerPCPro-

cessorElement(PPE)andeightSynergisticProcessorElements(SPEs),all connectedtogetherby ahigh-

bandwidthElementInterconnectBus(EIB).

EachSPEcontainsa Synergistic ProcessorUnit (SPU),a MemoryFlow Controller(MFC) and256K

bytesof local storage(LS). The MFC hasDMA enginesthat can asynchronouslytransferdataacross

the EIB betweenthe LS andmain memory. EachSPUcontainsa 128-bit-wideSIMD engineenabling

4-way32-bit �oating pointoperations.TheSPUcannotaccessmainmemorydirectly. It obtainsdataand

instructionfrom its 256Kbyteslocalstorageandit hasto issueDMA commandsto theMFC to bringdata

into thelocal storeor write resultsbackto mainmemory.

The Cell allows usingthe samevirtual addressesto specifysystemmemorylocationsregardlessof

processorelementtype andthusit enablesseamlessdatasharingbetweenthreadson both the PPEand

the SPEs. It is alsopossiblefor the SPEsto referencedifferentvirtual memoryspacesassociatedwith

respectiveapplicationsexecutingconcurrentlyin thesystem.

With a clock speedof 3.2 GHz, theCell B.E. hasa theoreticalpeakperformanceof 204.8GFlops/s.

TheEIB supportsa peakbandwidthof 204.8GBytes/sfor on-chipdatatransfers.Thememoryinterface

controllerprovides25.6GBytes/sbandwidthto mainmemoryatpeakperformance.

4 PRI M ARY WORK DECOM POSI TI ON AND AL L OCATI ON

In this section,we describeour primary work decompositionand assignmentschemefor volume ray

castingon theCell B.E.Ourschemeis illustratedin Figure2.

Our work decompositionschemeis basedon �ne-grain taskparallelismthatachievesloadbalancing

amongtheSPEsaswell asmatchingworkloadbetweenthePPEandtheSPEs.In ray casting,theoverall
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Figure 1: Cell Broadband Engine Overview [5].
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Figure 2: Work decomposition and assignment to the SPEs.

concurrency is obvioussincewecancomputeeachpixel valueonthescreenindependentlyof all theother

pixels. To take advantageof this fact, we divide the screeninto a grid of small tiles. Eachtile will be

independentlyrenderedby a certainSPE.The sizeof the tile shouldbe small enoughto balanceloads

betweenthe SPEs. Also, an SPEshouldbe able to storein its very limited local memorythe task list

generatedby the PPEaswell as the tile imageitself. Note that the sizeof the task list from the PPE

increasesasthe tile sizedoes.On theotherhand,the tile sizeshouldbe largeenoughto ensureenough

work betweensynchronizations.

The high communicationbandwidthof the Cell B.E. makes it possibleto achieve excellentperfor-



manceusing image-based�ne-grain decompositiondespitethe fact that the Cell B.E. is essentiallya

distributedmemorysystem,in which object-basedcoarse-graindecompositionis usuallychosen.This

�ne-grain taskparallelismenablesus to achieve near-optimal load balancingandalso to overcomethe

limited localmemorysize.

Our work assignmentschemeis static. We assigneachtile to eachSPEin someorderasshown in

Figure2, which shows a Z-orderbasedscheme.Suchanorderingtriesto exploit spatiallocality asmuch

aspossible.Eventhoughtheassignmentis static,thetime it takesto renderall theassignedtiles in each

SPEis almostidenticalfor thedifferentSPEsbecauseof the�ne-grain work decomposition.

5 I M PL EM ENTATI ON OF ACCEL ERATI ON TECHNI QUES

Therearetwomostwidelyusedaccelerationtechniquesfor raycasting[8]: emptyspaceskippingandearly

ray termination.To skip emptyspace,oneusuallyconstructsa hierarchicaldatastructurethatstoresthe

informationaboutwhichsubvolumeis emptyandskipsthesubvolumeduringtraversal.Thisacceleration

techniqueis very usefulin mostvolumetricdatasetssincethey usuallyhave signi�cant portionsthatare

emptyspace.On the otherhand,early ray terminationcanalsosave signi�cant time by stoppinga ray

traversalafter its opacityvaluereachessomethresholdsinceits �nal pixel valuewill hardly changeby

furtherray traversal.This accelerationtechniqueis particularlyusefulwhentheobjectsembeddedin the

volumearemostlyopaque.Ef�ciently implementingthesetwo accelerationtechniquesis very important

sinceit signi�cantly affectstheraycastingperformance.

5.1 Streamingmodel for acceleration

Our basicideafor implementingthe accelerationtechniqueson the Cell B.E. is to assignemptyspace

skippingto thePPEandearlyray terminationto theSPEs.ThePPEis a full-�edged 64-bitPowerPCwith

L1 andL2 caches,andhencecanhandlebranchpredictionmuchbetterthantheSPE.ClearlythePPEis a

bettercandidatefor ef�ciently traversinga hierarchicaldatastructure.Furthermore,theSPEwould have

substantialoverheadin handlingemptyspaceskippingdueto the limited local memorysizeasthe size

of the hierarchicaldatastructureincreases.On the otherhand,the SPEis ideal for the renderingwork

sinceit wasdesignedfor compute-intensive workloadsusingSIMD styleoperations.Thus,we naturally



implementearlyray terminationon theSPE.

We streamlinethe emptyspaceskippingprocessandthe actualrenderingprocess.Given a ray, the

PPEtraversesthe hierarchicaldatastructurealongthe ray directionandcollectsray segments(de�ning

thecorrespondingsampledvoxels)which areonly in non-emptysubvolumes.Eachray segmentis char-

acterizedby two parametersR andL suchthatR is theray offset from theviewpoint andL is the length

of the correspondingsegment. The collectedray segmentsfor all the pixels of a tile areconcatenated

andtransferredto theSPEin chargeof thecorrespondingtile, which thenrendersthe tile with early ray

terminationoption.Thisstreamingmodelis illustratedin Figure3.

CPU
(PowerPC, Core2Duo)

High-Throughput 
Device

(SPE, GPU)
Tile # Rendered Tile

Contributing 
Ray Segment List

(Offset, Length)…

•Rendering
Reconstruction/ 
Shading/ 
Compositing

•Early Ray 
Termination

Figure 3: Our streaming model for acceleration techniques.

In this streamingmodel,thePPEsideis responsiblefor generatingandsendingonly thecontributing

(non-empty)ray segmentsto the SPEs. For that, we usea simple3-D octreedatastructure,in which

eachnodehas8 childrenandstoresa maximumvalueof any voxel in thesubvolumerootedat thenode.

Howeverweshouldcarefullysettheleafnodesize.Thesmallerthesizeof theleafnode,themoretraversal

time andthemoreamountof dataneedsto betransferredto theSPEs.However, the larger the leaf size,

themoreemptyspacewill needto behandledby theSPEs,eventuallyleadingto signi�cant increasein

renderingtime. Emptyspacecanbedeterminedby eitheropacityvaluesafterclassi�cationor raw voxel

values.If opacityvaluesareused,theoctreewould have to beupdatedevery time theclassi�cationtable

is changed.

The SPEsareresponsiblefor the actualrenderingprocess.An SPEwaits until it getsa signalfrom

the PPEthat it hascollectedall the contributing ray segmentscorrespondingto all the pixels in the tile

underconsideration.Onceit receives the signal from the PPE,it startsthe renderingprocessfor the
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correspondingtile. The renderingprocessconsistsof four main steps:prefetching,interpolation,shad-

ing/classi�cation,andcompositing.Duringtherendering,four raysamplingpointsareprocessedtogether

in a loop to exploit the SIMD capabilitiesof the SPE.First, for prefetching,we take advantageof the

asynchronousDMA featureof theCell B.E. andusedoublebuffering [5]. We prefetchthenext 4 subvol-

umesrequiredfor renderingthenext 4 ray samplingpointsinto a buffer. To achieve peakperformance,

wearrangethevolumeresidingin mainmemoryinto a3-D grid of smallsubvolumes.If the4 subvolumes

necessaryfor renderingthecurrent4 ray samplingpointsareready, we concurrentlyperform4 tri-linear

interpolationsusing4-waySIMD instructionsto reconstructthesignals.Reconstructedvaluesaremapped

to a color andopacityvalueusingshadingandclassi�cationtables. Finally, we compositethe 4 values

sequentiallysincecompositingcannotbeconcurrentlydone.However, weconcurrentlycompositetheR,

G, B values,andhencewe utilize 3/4 of theSIMD capabilityof theSPE.The�nal opacityvalueis then

testedfor earlyray termination,and,if so,weproceedto thenext ray. After gettingall thepixel valuesfor

the tile, we sendthe tile imagebackto themainmemoryusingasynchronousDMA, andproceedto the

next tile.

5.2 Techniquesfor �lling performancegapbetweenheterogeneouscores

The successfulimplementationof our streamingmodelcritically dependson how muchwe canmatch

the executionsof the two stagesof the model. If the PPEperformsits tasksfasterthan the SPE,the

outputsgeneratedby thePPEshouldbestoredsomewheresothatit canproceedto executethenext task.

However, muchmoredif�cult is thesituationwhenthePPEperformsits tasksslower thantheSPE.In that

case,theSPEswill beidle waitingfor theinputsfrom thePPE,whichcansubstantiallydegradetheoverall

performanceandnegatively impactscalabilitysincethemorethenumberof SPEs,themorework hasto be

performedby thePPEandhencethemoretime theSPEwill have to wait. In thefollowing, we introduce

acoupleof techniquesfor takingcareof thepossibleperformancegapbetweentheheterogeneouscores.

We �rst describeasimpleway to handlethecasewhenthePPEexecutesits tasksfasterthantheSPEs

handlingof their correspondingtasks.As seenin Figure5, we keepa smallbuffer for eachSPEin main

memory, whereeachentry storesa completelist of contributing ray segmentsfor a tile. Whenthe PPE

�nishes the taskof creatinga list of ray segmentsfor a tile, it storesthe list in the buffer andsendsa
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Figure 5: Our bu�ering schemein order to handle the casewhen the PPE executesits tasks faster than the SPEs.

message,which is actuallythesizeof the list, to themailboxof theSPEassignedfor the tile. Then,the

SPEinitiatesthetransferfrom thebuffer to its localmemory. TheSPEkeepstrackof theentryfrom which

it hasto transferdatafor thecurrenttile. Sincethemailbox in theSPEhas4 entries,we essentiallyuse

it asa 4-entryqueuesothat themessagesfrom thePPEcanbebufferedandusedimmediatelywhenthe

SPEis readyto proceedto thenext tile. This schemeof usingbufferson bothPPEandSPEenablesusto

ef�ciently dealwith thesituationof over�owing inputsfrom PPE.

In thefollowing subsections,weintroduceour”approximation+re�ning”schemeto dealwith theother

case,in which thePPEis not fastenoughto feedtheSPEs.This is unfortunatelythecasefor thecurrent

Cell B.E.

Approximation

In order to reducethe workloadof the PPE,we only generatethe list of contributing ray segments

for every k � k-th pixel, ratherthan for every pixel. Eachsegmentis now computedby projectingthe

boundaryof anintersectedoctreeleaf (correspondingto non-emptysubvolume)ontotheray directionas

shown in Figure6. We estimatethecontributing ray segmentsfor eachsubtileby takingtheunionof the

raysegmentslistsat thesurrounding4 corners.Then,theSPEassignedto thetile usestheresultinglist to

renderto all thepixelsin thesubtileof sizek� k. Thismethodsigni�cantly reducestheprocessingtimein

thePPEby a factorof k2. However, it increasestheprocessingtime in theSPEbecausetheSPEendsup

with processingmuchmoreemptyvoxelsdueto theapproximatenatureof thecontributing ray segments

usedfor eachpixel.
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Figure 7: The caseof 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

shown in Figure7 even thoughwe usetheprojectedray segmentssincewe selectively shootraysto get

the contributing ray segments.Missedsubvolumesmay leadto incorrectrenderingsinceit canendup

with reportingno contributing ray segmentsfor a particularsubtile even thoughthereis a non-empty

subvolume,which is not traversedby any of thefour rays.

Thus,we needto make surethatwe never missany subvolumefor correctrendering.In orthographic

ray casting,whereall raysarecastin parallel,we only needto make surethe interval valuek is smaller

thantheminimumdistancebetweenany two grid pointsof theleafsubvolume.In perspective raycasting,



wecaneasilyprove thefollowing.

Proposition1 Two raysthatarek apartontheimageplane,originatingfrom thesameviewpoint,never

divergemorethan2k insidethevolumeasalongasthedistancefrom theviewpoint to the imageplane,

diste, is largerthanthedistancefrom theimageplaneto thefarendof thevolume,distv. SeeFigure8.

k y

diste distv

Image Plane Volume 

Figure 8: Proof of proposition 1.

Proof. First, for thecasewhentheimageplaneis beyondthefar endof thevolume,raysarealwaysless

thank apartinsidethevolume.For theothercase,we have a simplerelationshipdiste : k = (diste+ distv)

: y, wherek is thedistancebetweenthetwo rayson theimageplaneandy is theoneon thefar endof the

volume.In orderto havey lessthan2k, diste mustbelargerthandistv.

Thus, we usethe approximationtechniqueby settingthe k value to half of the minimum distance

betweenany two grid pointsof theleaf subvolume.Then,we canguaranteethatwe cansafelyzoomout

upto 1/2andzoomin to in�nity sincetheeyedistanceto theimageplaneis alwayslargerthanthedistance

from theimageplaneto thefarendof thevolume.Thisguaranteeis acceptablein volumerenderingsince

wearenot interestedin investigatingobjectsin smallersize.

Re�ning

In order to reducethe amountof additionalwork performedby the SPEdue to the approximation

technique,we sendto theSPEsadditionalinformationaboutwhich subvolumeis emptysothattheSPEs

canskiptheprocessingof thesamplingpointsthatbelongto emptysubvolumes.Weusehashingto capture

thisadditionalinformationasfollows.

Given a tile, we keepa hashtablefor every k � k-th ray andrecordwhich subvolumeis not empty

usingthefollowing universalhashingfunctionasseenin Figure9.
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key= ( ranX � x + ranY � y + ranZ� z) moduloPR

hash-table[key ] = 1

8
>>>><

>>>>:

PR:primenumberequalto thehashtablesize

0 < randomnumberranX,ranY, ranZ< PR

x,y,z: thesmallestcoordinatesof thesubvolume

Then, we approximatethe hashtable for a subtile by taking the union of the hashtablesat the 4

surroundingcornersandsendit to a correspondingSPE.TheSPEskipsa samplingpoint if it belongsto

anemptysubvolumeby checkingthehashtable.Notethatby usingthehashtable,wemighthavethecase

whereanemptysubvolumeis recognizedasnon-empty, but will never have theoppositecase.Also, by

settingthehashtablesizelargeenough,wecansigni�cantly reducethefalsealarmrate.

6 EXPERI M ENTAL RESULTS

Dataset Size Characteristic
Foot 2563 (16MB) smallemptyspace+ moderateopaqueinterior

Aneurism 2563 (16MB) moderateemptyspace+ moderateopaqueinterior
Engine 2562 � 128(8MB) smallemptyspace+ smallopaqueinterior
Fuel 2563 (16MB) largeemptyspace+ smallopaqueinterior

Table 1: Test Datasets. (Fuel dataset size is originally 643. We enlarged it for better comparison.)



To evaluatethe performanceof our streamingmodel basedmethods,we selectedfour volumetric

datasetsthatarewidely usedin theliterature:two from themedicaldomain(foot andaneurism)andtwo

from thescience/engineeringdomain(fuel andengine)[1]. Table1 summarizesthecharacteristicsof the

correspondingdatasets.

All default renderingmodesaresemi-transparentanddefault renderingimagesizeis 2562. All exper-

imentalresultswereobtainedby averagingtheresultsfrom 24 randomlyselectedview points.We chose

16� 16 for tile sizeand8 for thek-valueusedby experiments.WeusedoneCell B.E.3.2GHzthroughout

theevaluation.Figure10shows renderedimagesobtainedusingourmethod.

We�rst demonstratethatourstreamingmodelwith the”approximation+re�ning”schemeremovesthe

overheadof traversingtheoctreestructurefor emptyspaceskippingby almostfully overlappingit with

the actualrenderingprocess.Figure11 shows the processingtime for the PPEandthe SPEsfor three

differentcombinationsof thetechniquesusingthefour datasets.Processingtimeon thePPEis thetime it

takesto traversetheoctreedatastructureandto generatethecontributing ray segments.TheSPEtime is

thetime it takesto performtheactualrendering.Whennoneof thetechniquesis used,weendupstarving

theSPEsdueto thelongprocessingtimeon thePPE.Whenonly theapproximationtechniqueis used,we

signi�cantly reducetheprocessingtimeonthePPE,but endupwith increasedSPEtime. Finally, whenthe

approximationtechniqueis usedin combinationwith there�ning technique,we achieve thebestresults.

Figure11alsoshowsthatthecurrentimplementationcanscaleup to thedoublenumberof SPEssincethe

processingtime on thePPEis allowedto doublefor thebalanceof performancebetweenthePPEandthe

SPE.

Anotherimportantbene�t of our streamingmodelis that it essentiallyremovesthelatency dueto the

accessof volumedataby making it possibleto almostalwaysprefetchthe data. The �rst two rows of

Table2 comparesthe renderingtime with andwithout prefetchingandshows that prefetchingreduces

renderingtimeby aboutonehalf.

However, it doesnot show thatthereis no memoryaccesslatency. TheSPEprogramis blockeduntil

the subvolumesrequiredfor renderingthe currentsamplingpointsaremoved to the local memory. If

prefetchinghidesmemorylatency, our renderingtime shouldbe approximatelythe sameasthe time it

takesfor renderingany volumetricdatastoredin thelocal memory. Thethird andfourth rows of Table2
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w/o prefetch 224 210 133 76
w/ prefetch 113 99 72 38

local volume,
w/o early ter-
mination

161 103 85 39

w/ prefetch,
w/o early
termination

179 112 88 41

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

comparetherenderingtimeonlocalvolumewith or withoutourprefetchingscheme.Notethatsinceearly

rayterminationmakestherenderingtimedependonthedatacontents,wedisabledearlyrayterminationin

thoseexperiments.Webelieve thatthe� 7%increasein theresultsis from prefetchI/O overheadbecause

we achievedonly lessthan1% betterresultsin thesameexperimentswith only differencein thesizeof

datatransfer, whichwassetto zero.

Our �ne-grain taskdecompositionallows usto achieve very goodloadbalance.Figure12 shows that

our schemeachievesnear-optimal loadbalancewith averagepercentagestandarddeviation 1:7% among

the8 SPEsof theCell B.E.

Finally, we comparethe renderingperformanceon theCell B.E. 3.2GHzwith thatof the Intel Xeon

dual processor3GHz with SSE2. We implementedthe sameaccelerationtechniqueswith the sameray

castingalgorithm. TheSSE2vectorinstructionsareusedfor interpolationandcompositingin thesame

way asin theSPEsof theCell B.E. We createdtwo threadson Intel Xeonwhile creatingtwo threadson

thePPEand8 threadson theSPEs.Two threadson eachof XeonandthePPEreducetreetraversaltime

by dividing the traversalwork. Figure16 shows that our schemefor Cell B.E. consistentlyachievesan

orderof magnitudebetterperformance.

The resultsshow that the new multi-core architecturecan handlecomputeand communicationin-

tensive applicationssuchas volume ray castingin much more ef�cient way sincethe particularXeon

processorandtheCell processorthatwehaveusedfor theexperimentsdonothavemuchdifferencein the

numberof transistors(286million and234million, respectively) andoperateataboutthesamefrequency

(3GHzand3.2GHz,respectively).



7 CONCL USI ON

We presenteda streamingmodelbasedvolumeray casting,which is a new strategy for performingray

casting. This strategy enablesthe full utilization of emptyspaceskippingandearly ray termination,in

additionto removing memorylatency overheadstypically encounteredin raycastingdueto irregulardata

accesses.In additionto successfullyimplementingthis strategy on the Cell B.E., we introduceda few

additionaltechniquesincludingthe”approximation+re�ning” techniqueto balancetheperformancegap

betweenthetwo streamingstages.Wehavepresentedexperimentalresultsthatillustratetheeffectiveness

of ournew techniques.
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Figure 10: Renderedimages from four datasets throughout the tests.



Approximation &  Refining
(foot)

5052
206 101

1594

36
0

200

400

600

800

1000

1200

1400

1600

1800

w/o approxi.
w/o refining

  w/ approxi.
w/o refining

w/ approxi. 
w/ refining

m
se

c

PPE

SPE

Approximation &  Refining
(aneurism)

4841
172 8032

1714

0

200

400

600

800

1000

1200

1400

1600

1800

w/o approxi.
w/o refining

  w/ approxi.
w/o refining

w/ approxi. 
w/ refining

m
se

c

PPE

SPE

Foot Aneurism

Approximation &  Refining
(engine)

3430 92 6028

1108

0

200

400

600

800

1000

1200

w/o approxi.
w/o refining

  w/ approxi.
w/o refining

w/ approxi. 
w/ refining

m
se

c

PPE

SPE

Approximation &  Refining
(fuel)

16
70 352723

730

0

100

200

300

400

500

600

700

800

w/o approxi.
w/o refining

  w/ approxi.
w/o refining

w/ approxi. 
w/ refining

m
se

c

PPE

SPE

Engine Fuel

Figure 11: Processingtime in PPE and SPE for three di�erent combinations of approximation and re�ning techniques.
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Figure 12: Load balance among eight SPEs.
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Figure 13: Speed up with respect to the number of SPEs.
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Figure 14: Performance with respect to the volume size.
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Figure 15: Performance with respect to the screensize.
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Figure 16: Performance comparison with Intel Xeon dual processor 3GHz with SSE2.


