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Abstract
We introducea parallel, distributedmemoryalgorithmfor volumerenderingmassivedatasets.Thealgorithm's
scalability hasbeendemonstratedup to 400 processors, renderingonehundred million unstructured elements
in underonesecond.Theheart of the algorithm is a hybrid approach that parallelizesover both the elements
of the input dataandover thepixelsof theoutputimage. At each stage of thealgorithm,there are strong limits
on how much work each processorperforms,ensuringgoodparallel ef�ciency. Thealgorithm is sample-based.
We presenttwo techniquesfor calculating the samplepoints: a 3D rasterizationtechniqueand a kernel-based
technique, which tradeoff betweenspeedandgenerality. Finally, thealgorithmis very�exible. It canbedeployed
in general purposevisualizationtoolsandcanalsosupportdiversemeshtypes,rangingfromstructuredgrids to
curvilinearandunstructuredmeshesto point clouds.

Categoriesand SubjectDescriptors(accordingto ACM CCS): I.3.2 [ComputerGraphics]:Distributed/Network
Graphics;I.3.3 [ComputerGraphics]:Picture/ImageGeneration;andI.4.1 [ComputerGraphics]:Sampling

1. Intr oduction

The power and capacity of parallel supercomputersare
growing at a fastpace,enhancingscientists'ability to simu-
lateandstudycomplex physicalphenomenaat increasingly
greateraccuracy. Thisaddedaccuracy oftenis thekey to ad-
vancesin their studies.Their 3D simulationscangenerate
large volumedatasets,which arebestvisualizedusingdi-
rect volumerendering.Volumerenderingis particularlyef-
fective in displayingcomplex 3D structuresandfeaturesat
varyingscales.Real-timevolumerenderinghasbecomefea-
siblewith commoditygraphicshardware,but it requiresthe
data to �t in video memory. Becausethe size of the data
setsgeneratedby thesesimulationsarecurrentlyin theteras-
caleregime,andwill soonreachpetascale,we mustseeka
distributed-memory, parallelrenderingsolution.

Wehavedevelopedanew, massively parallel,distributed-
memory, volumerenderingalgorithm.It is designedto run
on the sameparallel supercomputersused to run teras-
cale/petascalesimulations. It has demonstratedexcellent
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scalability and beenusedon someof the largest simula-
tionseverperformed.Thealgorithmcanbeappliedto many
diversetypesof meshes,ranging from structuredgrids to
curvilinearandunstructuredmeshesto pointclouds.It is im-
plementedinsideof VisIt [CBB� ], a richly featuredvisual-
izationanddataanalysisapplicationfocusingon largedata
sets.Throughoutthedevelopmentof thisalgorithm,amajor
goalwasto developa techniquethatwould seamlesslyinte-
grateinto ageneral-purposevisualizationtool.Thisrequired
usto avoid schemesthatplacespecialrequirementson I/O,
communication,availablehardware,etc.

In adistributedmemoryenvironment,adaptivetechniques
for dividing work amongtheprocessorsarenotpossibledue
to dataownershipissues.In this environment,datamustbe
partitionedamongthe processorsandeachprocessoris re-
sponsiblefor calculatingits portionof thepicture.Of course,
load balancingissuescan occur, especiallywith irregular
data or when cameraplacementfocuseson a small sub-
region of the volume.This requiresus to develop datapar-
titioning strategiesthatensureevenworkloadson eachpro-
cessor. The quality of thesestrategiesdictatethe degreeof
scalabilitywecanachieveathighprocessorcounts.
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We employ a multi-phaseapproachfor distributing work.
This techniqueis ahybrid of previoustechniquesandallows
usto incorporatetheir bestaspectswith respectto balanced
processing.Duringeachphaseof ouralgorithm,ourdataor-
ganizationnaturallyenforceshardlimits onhow muchwork
eachprocessorcando.Thiscreatesexcellentloadbalancing
which in turncreatesexcellentscalability.

In this paper, we presentthe details of our algorithm,
a scaling study, and someapplications.Our algorithm is
sample-based,which requiresusto implementcustomsam-
pling techniques.We presenta 3D rasterizationtechnique
andakernel-basedtechnique,whichtradeoff betweenspeed
and quality, respectively. The scaling study shows linear
scalabilityof our algorithmup to four hundredprocessors.
In addition,wepresenttheperformanceof thisalgorithmfor
diversemeshtypes:a onebillion-particlepoint cloudsimu-
lation,a 27 billion-elementrectilinearmeshsimulation,and
aonehundred-fortymillion elementunstructuredmeshsim-
ulation.

2. RelatedWork

Among the parallel renderingalgorithmsspeci�cally de-
signedfor visualizing irregular-grid volumedata,the most
relevantexamplefor thiswork is thesort-lastcell-projection
algorithm introducedby Ma and Crockett [MC97]. This
distributed-memoryalgorithmachieveshighperformanceby
completelyoverlappingrenderingandcompositing,andby
keepingsortingcoststo a minimum.However, its highscal-
ability partially relieson manualsettingof communication
parameters.Theotherclassof algorithms,thosethatrequire
aview-dependentsortingstep,arenot feasiblewhenrender-
ing terascaleandpetascaledatasets.

Wang, Gao and Shen [WGS] use a multi-resolution
wavelettreeto allow parallelvolumerenderingof largedata
in anerror-guidedfashion.In contrast,our goal is to render
thedataat its highestpossibleresolution.

Thereis agrowing interestin parallelGPU-basedvolume
rendering[LM, SMW� , CMF]. Nevertheless,a PC cluster
that is capableof renderingirregular-grid datasetsat the
scalewearefacedwouldbeprohibitively expensiveto build.
Our algorithmis designedto harnessthe power of parallel
supercomputers.Anotheroption is to utilize geographically
distributedcomputingresources,which, if appropriatelyco-
ordinated,could becomevery attractive. Gaoet al. demon-
stratedsuchanapproachwith parallelrenderingof largevol-
umedatadistributedoverawideareanetwork [GHJA].

3. Algorithm Overview

Thealgorithmitself consistsof two high-level phases.In the
�rst phase,samplesaregeneratedfrom theinputdataset.In
thesecondphase,thosesamplesareclassi�ed andcompos-
ited to form the�nal picture.

Our goal in the samplingphase,for a given view frus-
tum, is to determinethe valueof billions of samplesalong
millions of rays, wherethere is one ray for eachpixel of
the imageandthousandsof samplesalongeachray. In ab-
stractterms,a samplingalgorithmtakesa datasetasinput,
as well as parametersdescribingthe volumerenderingre-
quirements:theview frustum(i.e. cameralocation,view di-
rection,view angle,and nearand far clipping planes),the
screensize(numberof pixels in width, W, andheight,H),
andthenumberof samples,S, to takealongeachray.

Giventheseinputs,thegoalof a samplingalgorithmis to
createanoutputwith thefollowing properties:

1. A logically structuredgrid, G, of dimensionsWxHxS
2. A �eld F de�ned on G, which hassampledthevaluesof

theinputdataset
3. EachF[w, h, s] correspondsto the value of sth sample

alongtheray correspondingto pixel (w, h) of theoutput
imagefor thatview frustum

Given a black box that performsa samplingalgorithm,
it is trivial to implementanalgorithmfor thesecond,com-
positing phase.For eachpixel (w, h) and eachsamplefor
thatpixel,wecanclassifythe�eld valuebasedonsomeuser
de�nedtransferfunction.Thentheresultingcolorsandopac-
ities canbecompositedusingthe"over" function (front-to-
backcompositing)to createthe color for that pixel. Doing
this for all pixelsyieldsthe�nal, volumerenderedpicture.

Wealsonotethatasample-basedapproachmakesfor easy
integrationwith renderingsof standardgeometricprimitives.
An additionalimageinput to the compositingmodulecan
specify backgroundcolors and prematurelyterminaterays
whenthey reachthedepthof the�rst encounteredgeometric
primitive for thatpixel. This imageis generatedon a previ-
ousrenderpass.

By usingsamplesasour fundamentalunit, wehavemade
sacri�ces.Welosetheability to resolvecomplex interactions
betweenelements,like the type addressedin [CMSW04].
But, becausethe samplesare calculatedon a per view
frustum-basis,this issueis greatlymitigated.It is our belief
that,with asuf�cient numberof samplesperrayandby tak-
ing carein assigningtheindividualsamplevalues,asample-
basedmethodcan provide good results.This approachof
choosinga representative valuefor a sampleis reminiscent
of theclusteringapproachpresentedin [HE03], althoughat
adifferentresolution.

4. Hybrid SamplingAlgorithm

In thefollowing subsections,wegiveanoverview of thedata
managementof the hybrid samplingscheme,without con-
siderationof how to infer the valuesof the samplepoints.
Thesesubsectionsaddresshow to organizethe data in an
ef�cient way for parallelizationand how to storethe �eld
F without exceedingprimary memory. The purposeof our
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techniqueis to addressthe load balancingissuesin a dis-
tributedmemoryenvironment.In asharedmemoryenviron-
ment,suchastheonedescribedin [DPH� 03], many of these
load balancingissuesdo not occurbecausethe paralleliza-
tion acrossimagespacecanbedoneadaptively.

The principal contribution of our data organization
schemeis obtaininggoodloadbalancefor mesheswith great
variation in the spatialdensityof their elements.For these
meshes,in theextreme,thenumberof elementswithin a re-
gion of spacecandiffer by ordersof magnitude.Schemes
thatparallelizeover theoutputimage'spixelssuffer extreme
loadimbalancewith thesemeshes,becausesomepixelswill
cover many moreelementswithin their projectionthanoth-
ers.Similarly, schemesthat parallelizeover the input data
set's elementssuffer extremeloadimbalance,becausesome
elementswill takeupdisproportionatelylargeportionsof the
view frustum.

Ourmulti-stagealgorithm,presentedin thefollowingsub-
sections,is well balancedin theamountof elementsandthe
portion of the view frustumprocessed.Our hybrid scheme
utilizesthebestportionsof schemesthatparallelizeover the
output's imageandschemesthatparallelizeovertheoutput's
elements,while avoiding their pitfalls. It doesthis by pro-
cessingthe datain stages.In the �rst stage,it parallelizes
acrosstheelementsof theinput dataset,but defersprocess-
ing of the large elements.In a subsequentstage,it paral-
lelizesacrosstheoutputimageandonly thenprocessesthe
largeelements.Again, this organizationof thedataprocess-
ing placeshardlimits on thework performedat eachstage,
ensuringgoodparallelef�ciency.

Theprocessingof mesheswith greatvariationin thespa-
tial density of their elementsis a very important special
case.Thecameratransformationoftencreatesmeshesof this
form. An exampleis whenthecamerais placedin themid-
dle of thedataset,which oftenhappensduring�y-throughs
in movies.In this case,evenif the input meshhasuniform-
sizedelements,elementsthat arenearthe camerawill oc-
cupy ordersof magnitudelargerportionsof theview frustum
thanthosefartherfrom thecamera.

Our samplingalgorithmcontainsa total of threestages,
characterizedasSmall-ElementSampling,Communication,
andLarge-ElementSampling.Also, thealgorithmis a dual
partitionscheme;onepartitionis of theinputdata,theother
partition is of the rays. In the Small-ElementSampling
stage,the �rst partition is used.The Communicationstage
re-distributes betweenthe two partitions.And the Large-
ElementSamplingstageusesthesecondpartition.

Section4.1discussesthetwo partitions,4.2discussesthe
threephasesof the algorithms,and 4.3 discussesthe load
balancing.

4.1. Partitions

The partition of the input data is done by the greater
VisIt system and is guaranteedto assignapproximately
equalnumbersof elementsto eachprocessor. Althoughwe
might beableto modestlyreducecommunicatecostsby re-
partitioningthedata,wedonotemploy this technique.First,
given themassive sizeof thedatasetswe areoperatingon,
it is not viableto re-partitionall of thedatafor eachrender-
ing. Theonly viablere-partitioningschemewould beto re-
partitiononetimeandusethatfor all subsequentrenderings.
However, even if we did performa one-timere-partition,it
is dif�cult to �nd onethatwill truly helpwith parallelef�-
ciency. It is oftennotpossibleto createpartitioningsthatare
balancedin both numberof elementsandspatialfootprint.
Further, this will not mitigatethe issuewhenthe camerais
in themiddleof thedataset.

Thesecondpartitionis of thesamples.We startby divid-
ing theimage'spixelsamongtheprocessors.Thedivisionof
the samplesthenfollows naturally. Our goal with this par-
tition is to re-assignthesamplesso thateachprocessorcan
compositeits pixelswith no furthercommunication.

4.2. Sampling

We de�ne “small" elementsaselementsthat cover a small
numberof samples,for examplelessthanonehundred.Sim-
ilarly, “large" elementsare elementsthat cover more than
onehundredsamples.We describehow large elementsare
identi�ed laterin thispaper.

In the �rst, Small-ElementSamplingstage,we sample
eachsmall elementand defer samplingof large elements.
Thisstagehastwo outputs.Oneoutputis thelargeelements
that arenot sampled.The other is the grid G and the par-
tially populated�eld F. Becausewe focus on “small" ele-
mentsand we know that eachprocessoris working on an
approximatelyequalsizedsubsetof theelements,we know
that no processorwill seea large numberof samples.This
reasoningwill be further formalizedin subsection4.3. Our
implementationof thestructurethatstoresF is ableto scale
its sizebasedonhow many sampleshavebeenencountered.
Thus,this counteractsthe problemwhereF canexceedthe
sizeof primarymemory, becausewe only have to storethe
sampleswe encounterandwe will encounteronly a small
numberof samples.

Thesecond,Communicationstage,re-distributestheout-
put of the �rst stageto honor the secondpartitioning.The
secondpartition is createddynamicallyat this point in the
algorithm. By waiting until the �rst stagehascompleted,
we can assignthe pixels so that the maximumnumberof
samplesandelementsremainon their processorof origin,
minimizing communication.This techniqueof dynamically
assigningpixels to processorsto minimize total communi-
cation was also usedin the hybrid schemeof [SFLS00],
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althoughtheir applicationwasto surfacerendering,not vol-
umerendering.

Thecommunicationstageconsistsof "all-to-all" commu-
nicationsbetweenthe processors.Samplepoints are com-
municatedamongthe processors,usingthe partition to de-
terminetheirdestination.Whensendinga largeelement,we
�rst examineits boundingbox, and determinewhich por-
tionsof theimagespacepartitiontheboundingboxoverlaps.
We thensendthis elementto thesetof processorsthatneed
to sampleit in thenext stage.At theendof this stageeach
processorcontainsall of the data(aseithersamplesor ele-
ments)necessaryto createits portion of the imagewith no
furthercommunication.

Our schemedoesnot take advantageof the optimization
thatallowscontiguoussamplesto bepre-composited,allow-
ing a few bytesto take their place.This optimizationis not
well suitedto thesamplingschemein Section6.But theneed
for this optimization is greatly mitigatedby the high net-
work bandwidthon modernsupercomputers.The sampling
stagedominatesthe algorithm,making this shortcominga
non-issue.

Thethird, LargeElementSamplingstagesamplesthere-
mainingelements(all of which are"large") andaddsthem
to the �eld F. The large elementsare sampledselectively.
Samplesoutsidea processor's portion of the imagespace
partitionarenotexamined.If anelementspanstwo portions
of thepartition,thentheelementwill besampledentirelyby
the correspondingtwo processors,but no part of it will be
sampledtwice.

At the endof this stage,all elementshave beensampled
andthe �eld F is fully populated.This is the outputof our
samplingalgorithm,which is now well suitedfor composit-
ing. EventhoughF is distributedacrosstheprocessors,each
ray hasall of its sampleson the sameprocessor. So com-
positingcan take placewith the only necessarycommuni-
cationbeingthecollectionof thepixel colorsto themaster
processorat theendof thealgorithm.Theentirepipelinecan
beseenin Figure1.

Figure1: Thevolumerenderingportionof thepipeline.

4.3. Load Balancing

Our goal is to maximizeparallelef�ciency. In this subsec-
tion, we motivatehow our three-stageapproach,outlinedin
thelastsubsection,helpsto accomplishthisgoal.

Beforewe analyzethe costsof eachstage,considerthe
costof doingsampling,whetherit is in the�rst or thirdstage.
WhensamplingE elements,thereis an overheadwith the
processingof eachindividual element.And thereis alsoa
costfor eachof theSi samplepointsupdatedwhenprocess-
ing elementEi . If S=å Si , thenthe overheadfor processing
theelementsis O(S+ E).

How muchwork takesplacein the�rst stage?Becausewe
donotprocesslargeelements,wecaneasilyboundthisnum-
ber. Wedonotprocessany elementsthatcontainmorethana
constantnumberof samples,a. Sothework in the�rst stage
is O(S + E) = O(a*E + E) = O(E). Of course,asymptotic
analysiscan be misleading.In this case,however, it gives
us an actualresult.Therearestrict limits on the amountof
samplingwork for eachprocessor. In addition,by modify-
ing a, we cancontrol theamountof alloweddiscrepancy in
work betweentheprocessors.Notethatchoicesof a thatare
too small,however, causea largenumberof elementsto be
communicated,whichaffectsperformancein thenext stage.

How muchwork takes placein the secondstage?First,
considerthe cost of sendinga large element.When com-
municatinga largeelement,themany samplesit coversare
notbeingcommunicated.If ourconstant,a, is largeenough,
thenthecostto communicatelargeelementswill alwaysbe
lessthanthecostto communicateits samples.Following this
logic, themostcommunicationthealgorithmcanundergo is
whencommunicatingonly samples.Although this number
canbequitelarge,theboundon theamountof datacommu-
nicatedis anicepropertyin thecontext of extremelymassive
datasets,like the 27 billion-elementsimulationwe discuss
in theperformancesection.

Theonly work donein the third stageis thesamplingof
largeelements.In this stage,eachprocessoris only respon-
sible for a limited numberof samples– thosethat arecon-
tainedwithin its portion of the view frustum.This bounds
how much samplingwork can be performed.In addition,
eachelementin this stageis "large" andcoversmany sam-
ples.Sothenumberof elements(E) will bemuchlessthan
the numberof samples(S): E < S=a. So, in this stage,the
amountof work per processoris also bounded:O(E+S)=
O(S=a + S)= O(S).

Summarizing,for all three stages,the amountof work
perstageis bounded.In addition,mostprocessorsapproach
thesebounds,leadingto goodparallelef�ciency. Of course,
degeneratecasesexist wheresomeprocessorswill beattheir
theoreticalboundswhile otherprocessorsspinidly. In prac-
tice,however, theamountof work perprocessoris relatively
even.
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5. 3D Rasterization

The 3D Rasterizationalgorithmdescribedin this sectionis
anexampleof asamplingalgorithmfrom section3. It is sim-
ilar in spirit to the 2D Rasterizationalgorithmsemployed
by graphicshardware.Thekey difference,of course,is that
therasterizationoccursin threedimensions(overavolume),
ratherthantwo (overanimage).This techniqueis highly re-
latedto themethoddescribedin [YRL� 96].

The rasterizationalgorithmsimply operateson eachele-
ment,oneat a time,updatingF asit goes.For eachelement
E, theresamplerworksasfollows:

1. TransformE's coordinatesfrom world spaceto screen
space

2. CalculateE'sboundingbox in screenspace
3. If we aredeferringlargeelementsandtheboundingbox

of E covers too many samples,addE to the outputand
continueto thenext element

4. Determinethesetof integerdepths,{ Di }, thatoverlap
betweenE andandtheoutputgrid G

5. For eachDi , sliceE by Di , resultingin polygonsy

6. For eachslice,employ a standardrasterizationtechnique
on the resulting polygons,updatingthe portion of the
�eld F correspondingto Di .

For clarity, considerthe following examplefor a single
element:

The �rst stepis to transformtheelementto screenspace
(de�ned over Width, Height,andDepthaxes).Assumethe
result is a tetrahedron,T, with points(8.5, 6.5, 4.2), (12.5,
6.5, 4.2), (10.5,11.1,4.2) and(10.5,7.5, 6.8). The second
stepwould beto calculateits boundingbox: [8.5-12.5,6.5-
11.1,4.2-6.8].In the third step,we determinethebounding
boxthattheelementcancontainnomorethan40(4� 5� 2)
samples,so this elementis not "large". Thenwe proceedto
step4 anddeterminetheintegerdepthsthatoverlapbetween
T andG: 5 and6 (see�gure 2).

Figure 2: Tetrahedron T, rendered transparently in cyan.
SliceD=5 is gray, D=6 is black.

We would thenslice T by D=5 (see�gure 3). This slice

y Curvilinearmeshescantechnicallygivecurvedpolygons.Weap-
proximatethesewith linearpolygons,similar to techniquesusedfor
isocontouring.

resultsin a triangle.We then employ a standardrasteriza-
tion techniqueto thetriangle.We would startby rasterizing
alongHeights7, 8, and9. For Height=7,we �nd samplesat
Width=10 andWidth=11. Height=8alsoyields samplesat
10 and11. Height=9yields no samples.The entireslice at
D=6 alsoyields no samples.In all, tetrahedronT yields 4
samples.Thesesamplesarethenplacedinto F.

Figure3: Sliceat D=5 (left) andD=6 (right)

The 3D rasterizationalgorithmhasmany positive traits.
First, for eachelement,it is possibleto immediatelydeter-
minewhichsamplesoverlap.It is notnecessaryto tracerays
to discover the list of cells along that ray. Second,unlike
a standardprojectionscheme,the orderingof the resulting
samplesis preserved by the �eld F and the grid G. Third,
this schemeis fairly general.It can accommodatestruc-
tured grids, and curvilinear and unstructuredmeshes(but
notpointclouds).For unstructuredmeshes,it canaccommo-
datethecomplete�nite elementzooandvirtually any addi-
tional elementtype.It canoperateon multiple �elds, allow-
ing for multi-variatevolumerenderings.Fieldscanbeeither
element-centered(i.e.piecewiseconstant)or node-centered.
All of theseoptionsareincorporatedinto our implementa-
tion.

There are also negative aspectsto the rasterization
scheme.First,thetechniquefor samplingis proneto missing
data.If anelementdoesnotoverlapwith asamplepoint then
thatelementis notre�ectedin theresampling.Thisis acom-
moncasefor extremelysmallelementsandmorediscussion
canbefoundin [MWSC03]. We overcomethis problemby
having small elementslocatethe nearestsamplepoint and
attemptto affect its value.This canleadto two or moreele-
mentstrying to affect thesamesample.In this case,we use
anarbitratorthatchoosesthe"best"sample,where"best" is
chosento be the onewith the highestopacity. The second
problemwith this schemeis lessserious.Themethodof ex-
amininganelement's boundingbox to estimatethenumber
of samplesit containscanleadto overestimates.We do not
attemptto correctthis problem,becauseit doesnot leadto
appreciableperformancedegradation.

6. Kernel-BasedSampling

Our Kernel-BasedSamplingalgorithmis designedto have
eachdatapoint in�uence aregionaroundit. This is anatural
operationwith element-centeredvariables.Thedatapoint is
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placedat the middle of an elementandits region is guided
by its boundingbox.For nodalvariables,eachnode'sneigh-
boringelementsmustbeexaminedto determinethecorrect
sizefor its samplingregion. In our currentimplementation,
we operateonly on element-centeredvariables,andwe re-
centernodalvariables.

Theprocedureto processanelementE with variablevalue
V is:

1. TransformE's coordinatesfrom world spaceto screen
space

2. CalculateE'sboundingbox in screenspace
3. If we aredeferringlargeelementsandtheboundingbox

of E covers too many samples,addE to the outputand
continueto thenext element

4. Calculateamaximumradiusof in�uence for E, Rmax(E)
5. For every samplewithin Rmax(E) of E's center, update

the�eld F with V andaweightw

The sizeof the kernel,Rmax(E), is basedon the sizeof
theelement,allowing largerelementsto havegreaterimpact
thansmallerelements.Rmax(E) is assignedto be �fty per-
centbiggerthanthedistancefrom thecenterof theelement's
boundingbox to onecornerof theboundingbox. However,
for smallelements,Rmax(E) canbesosmall that it will not
affect any samples.To counteractthis,we never let Rmax(e)
dropbelow theglobalconstant,Rmin. Rmin is chosensothat
eventhesmallestelementwill affectat leastonesample.

Theweights,w, varybasedon thedistanceto theelement
center. Samplesclosestto theelementcentershouldstrongly
re�ect the element's value.Moving away from the element
centershouldallow for moreblendingwith theneighboring
elementvalues.Sowesettheweightto beinverselypropor-
tional to thedistanceto thecenterof theelement.

Theformulafor weight,w, is:

w = 1
(Dp+ e) - w0, where

Dp = proportionaldistanceto centerof element

andeandw0 areshapefactors

For eachsample,Dp = Ds
Rmax

, whereDs is thedistancefrom
thesampleto thecenterof theelement.Theetermeliminates
divisionby zero,anddeterminesthepeakcontributionanel-
ementcanmake,whichoccurswhentheelementcenterand
asamplearecoincident.Whenthedistancefrom asampleto
theelementcenteris Rmax, Dp is one.Sincewe would like
theweight to bezeroat themaximumradius,we introduce
oursecondshapefactor, w0, andsetit to 1

(1+ e) .

Onceeachelementhasupdatedthesamples,weassignthe
�nal samplevalueto be the weightedaverage.Formally, if
elementsEi updateaspeci�c samplewith theirvaluesVi and
weightsWi , thenthe�nal valueof thesamplewill be å Wi � Vi

å Wi
.

Also, note that this calculationdoesnot requirestoringall
encounteredsamples.Instead,runningtotalscanbekeptfor
å Wi � Vi andå Wi , minimizingstorageoverhead.

Ourå Wi termalsoplaysanimportantrole in establishing
theboundaryof thedataset.Eachdatapoint is sampledonto
theregion aroundit, regardlessof thesamplesactualmem-
bershipin the dataset.Samplesoutsidethe boundarywill
have low å Wi values.Reducingthe opacityof thesesam-
pleseffectively createstheboundaryin ananti-aliasedway.
Note that this is similar to the strategy appliedin [PH89],
althoughwe do this correctlyin thepost-transformedspace,
where[PH89] did this in thepre-transformedspace.

Figure 4: On theleft, an element's (redcircle) samplingre-
gion (dottedcircle) includessamplesoutsidethe data set
boundary(markedwith thefour-wayarrow).Thesesamples
will be updatedwith the element's value, but they will not
affectthe�nal picturebecausetheir å Wi will below. Onthe
right, weseehoweach of thesamplesinsidethedatasetare
affectedby manyelements,giving higher å Wi , while those
outsidethedatasetareaffectedby fewerelements.

TheKernel-BasedSamplingalgorithmalsohasmany pos-
itive traits. First, like the 3D Rasterizationalgorithm,ele-
mentscanbesampledindependentlyandef�ciently . Theor-
deringof the resultingsamplesarepreserved by using the
�eld F andthegrid G. Second,thisschemeis alsoverygen-
eral. In addition to handlingall mesh-baseddatasets,this
schemeis idealfor renderingpoint clouds.Third, unlike the
3D Rasterizationalgorithm,this techniqueconsistentlypro-
duceshigh-qualitypicturesandmoreaccuratelyrepresents
theentireinput, includingsmallelements.

Therearealsonegative aspectsto this scheme.First, el-
ementshapesarecompletelydisregardedin thecurrentim-
plementation.Samplesareupdatedbasedentirelyon theel-
ement'sRmax. In thecommoncasefor largescaledata,how-
ever, anelementis projectedto onlyafew samplesandthisis
inconsequential.Second,this algorithmprocessesthesame
samplemultiple times,onefor eachof thenearbyelements.
This contrastswith the 3D rasterizationalgorithm, which
only operateson a given sampleonetime. This results,of
course,in higherrunningtime.

7. Scalability

We now presentthe scalability of the algorithm. We per-
formed the study on a 100 million elementunstructured
meshanda 1024x1024imagewith 1000samplesin depth.
For eachprocessorcount,we measuredtheelapsedrender-
ing timewith multipleoptions.Oneoptionwasthesampling
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algorithmtouse:3DrasterizationorKernel-based.Theother
optionwaswhetherthecamerawaslocatedinsideor outside
thedataset.Table1 shows theresults.

Although we feel the algorithmhasexcellentscalability
in this regime of processorcount,we foreseesomelimita-
tions asprocessorcountsget larger. The time to createthe
�nal outputimage,includingcollectingportionsfrom other
processorsandtransferringtheimagefrom theserver to the
client for display, takesonetenthof a second.Whenmore
processorsareused,this constantwill begin to affect scala-
bility. We do believe, however, that this algorithmwill still
be effective with larger processorcounts,but as a weakly
scalablealgorithm.We believe theframeratecannever fall
below someconstant(minimally 0.1 seconds),but, given
moreandmoreprocessors,we feel thatproportionallymore
datacanberenderedin thesameamountof time.

The timings were run on gauss,a 512-processorcluster
of 2.4GHzOpteronsconnectedby an In�niBand network.
Gaussis currently#409ontheTop500listing of SuperCom-
puters.For thetimings,thealgorithmwasembeddedin VisIt,
ratherthanrunasastand-aloneapplication.Wedisabledthe
modethat incorporatesgeometricprimitives(for bounding
boxesandotherannotations),however, becausedelaysthat
modeintroducesareunrelatedto ouralgorithm.

3D Raster- 3D Raster- Kernel- Kernel-
Procs ization/ ization/ Based/ Based/

outside inside outside inside
25 12.0s 21.9s 12.1s 63.7s
50 5.8s 12.1s 5.8s 30.5s
100 3.0s 7.0s 3.1s 15.3s
200 1.6s 3.6s 1.3s 7.6s
400 0.9s 2.1s 0.7s 4.1s

Table 1: Our algorithm wasstrongly scalablein all of the
con�gurationswetested.

8. Results

8.1. ShockPropagationin Nano-PorousMetal

ClassicalMolecularDynamics(MD) simulationsareacom-
mon meansto study materialpropertiesat the fundamen-
tal level of individual atoms,including suchphenomenaas
plasticity, ductilefailure,brittle failure,materialresponseto
ion or micro-meteoriteimpacts,laserablationandmore.The
simulationwe usefor testpurposesinvolved1,013,455,626
(overabillion) atomsresultingfrom thestudyof shockwave
propagationthrougha metallicfoam.In this case,theshock
was introducedin a high densityregion to the left of Fig-
ure 5, and hastraveled partway throughthe poroussolid,
which was set up to graduallydecreasein densityas the
shocktravels to the right of the materialsample.A typical
variableof interestis thelocalenergy potentialof eachatom,
which can reveal dislocationand slip-planestructuresthat

arisein responseto theshockpassage.Thetransferfunction
waschosento reveal thesestructures(seentoward the left
of theimageascross-hatchlike patterns),aswell astheun-
shocked, lower-density�lament structureto the right (with
theredoutlines).

Giventhereis no meshstructurefor MD simulations,the
kernel-basedresamplingis theonly choicefor applyingvol-
umerendering.For solidmechanicsproblemslikethis,there
isafairly tightdistributionof inter-atomicspacings(distance
to nearestneighbor).Typically, it is appropriateto set the
resamplekernelradiusto be a factorof 1.5-3timesthe av-
erageinter-atomicspacing,dependingon whetherviews of
�ne void structuresor smootheraveragingis desiredfor the
applicationanalysis.

We visualized this data set using 256 processors.For
smallerimages(400x400),eachrenderingtakesabout8 sec-
onds.For largeimages(1024x1024),it takes30seconds.

Figure 5: A volumerenderingof over a billion atoms,ren-
deredusingthekernel-basedresamplingmethod.Thesimu-
lation was producedby Farid Abrahamof LLNL on 8000
processors of the ASC Purple supercomputer. A shock is
travelingfromleft to right throughthemetallicfoam,which
wasdesignedto graduallychange fromhigh to low density
duringtheshock frontpropagation.Thecross-hatch patterns
on the left showtheemergenceof plasticitydueto disloca-
tions,while theundisturbed�lament structure is highlighted
on theright.

8.2. Rayleigh-Taylor Instability

We next appliedour algorithmto a 27 billion elementrecti-
lineargrid simulationof aRayleigh-TaylorInstability, where
heavy and light �uids mix. This calculationwas doneon
theBG/L Supercomputerby theMIRANDA code.We used
256 processorsz and each1Kx1K imagetook 3.8 seconds
to render(see�gure 6). This datasethighlightsoneof the
problemswith our3D rasterizationscheme.Whenusingone
thousandsamplesper ray, the3D rasterizationschemecan-
not representall of the data,sincethereareso many more
elementsthansamplepoints.

z Machineunavailability forcedus to usethis smallernumberof
processors.
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For rectilineargrids,our3D rasterizationschemehasbeen
optimizedto ef�ciently �nd elementsthatoverlapwith sam-
ples.Thepurposefor transformingindividualelementsfrom
worldspacetoscreenspaceis toquickly identify thesamples
an elementsoverlapswith. For rectilineargrids, this tech-
niqueis not necessary, asthelocationof a samplepoint can
be directly andef�ciently calculated.As such,we revert to
a simpli�ed samplingschemefor rectilineargrids thatdoes
not transformindividual elementsto screenspace.With this
optimization,voxelsthatdonotoverlapwith samplesareig-
nored.In effect, this makesit a schemethat is indifferentto
dataset size.For any size rectilineargrid, the exact same
amountof work is performed.Whenrenderinga1 billion el-
ementrectilineargrid, with thesamenumberof processors,
therenderingrateimprovedby a factorof 2.5.We attribute
thisunexpectedspeedupto pagingthroughmemory.

Whenwe switchedto thekernel-basedsamplingscheme,
performancedroppedconsiderablybecauseevery element
hadto betraversed.In this mode,it took 45 secondsto gen-
erateapicture.Becauseof thenatureof thedataset,(smooth
featuresthat spanmany elements),differencesbetweenthe
two pictureswerenot signi�cant.

Figure 6: Themixinglayer betweenheavyandlight �uids.
Weare renderingbasedonvertical velocity. Yellowvolumes
aremovingup,purplevolumesaremovingdown.

8.3. Blast Calculation

Our next calculationsimulatedanexplosive blastwave asit
passedover a sectionof a wall consistingof reinforcedcon-
crete.It was calculatedusing the ALE3D simulationcode
with Arbitrary Lagrange-Eulerian(ALE) methodson a 3D
unstructuredhexahedralmesh.For thisstudy, wesubdivided
eachhexahedroninto � ve tetrahedrons,for a total of 138
million, to producean unstructuredmeshwith an element
count that would stressour algorithm.Becausesomesur-
facesweresothin, eventhekernel-basedsamplerhadprob-
lems properly re�ecting the data.The averagingof values
within a sample's region led to smearing.We increasedthe

samplesper ray to 2000,which obviously led to a degrada-
tion in performance.We usedonly 128processorsandwere
able to rendera 1Kx1K frame every 35 seconds(see�g-
ure 7). Consideringwe wereoperatingon a larger dataset
andhadtwice asmany samples,this is consistentwith the
scalingstudyweperformedearlier.

Figure 7: An explosivedriven blast wavepassingover a
roundsectionof reinforcedconcrete(1/4symmetry)

9. Futur eWork

There are many performanceimprovementsthat can be
madeto our algorithm.We did not partially compositesam-
ples before sendingthem, becausea sample's value with
the kernel-basedtechniquecannot be determineduntil all
of the surroundingelementshave madetheir contribution.
We believe that,despitethis issue,we canproceedwith this
optimizationon a restrictedbasisby determiningsituations
wheresampleshave received their full contribution andal-
lowing thosesamplesto be partially composited.Another
option would be to apply compressionalgorithmson the
samplesthemselvesbeforecommunication.In addition,we
could further reducecommunicationby changingthe way
we partition the imagevolume.We currentlypartition over
thepixels,whichleadsto longshaftsin depth.An alternative
wouldbeto createcubesby dividing thevolumein depthas
well. This would increasethe volumeto surfacearearatio,
minimizingthenumberof timesalargeelementismappedto
multipleprocessors.Wehaveexperimentedwith implemen-
tationslike this, but decidednot to presentthis scheme,be-
causetheextrastepsto compositethesampleswouldfurther
complicatethe overall algorithm.Finally, we have consid-
eredacceleratingthesamplingphasesby using3D graphics
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hardware.Of course,this approachwould only beviableon
clusterswheregraphicshardwareis available.

Therearealsoopportunitiesfor improvementsin picture
quality. We currentlyhave no lighting model,andwe would
bene�t from incorporatingpre-integrationtechniques.

10. Conclusions

Wehavepresentedanalgorithmthatallowsmassivedatasets
to bevolumerenderedat interactive speeds,givenadequate
computingresources.The algorithm is sample-based,and
theoverheadfor processingthesamplesis high.As a result,
this algorithmwould bea poorchoicefor volumerendering
small datasetswith low computepower, becausea dispro-
portionateamountof time is spentcalculatingthevaluesof
the samples.But, again, the algorithmis ideal for massive
datasetsand we have demonstratedgoodperformanceon
someof thelargestdatasetseversimulated.

We caution the readeragainst characterizingthis algo-
rithm asa brute-forcealgorithmappliedon a largemachine
to achievearesult.Whenscalingupto largenumbersof pro-
cessors,thedif�culty comesin maintaininggoodparallelef-
�ciency. Weareableto do thiselegantlywith ourhybrid ap-
proach.By splittingprocessinginto smallandlargeelement
samplingphases,thework performedin eachphasecannot
exceedknown bounds.Theseboundsguaranteethatno pro-
cessoris tasked with a disproportionateamountof work to
performwhile otherprocessorsspin idly. This hybrid algo-
rithm is theprincipalcontribution of this paper. In addition,
we have introducedsomesamplingschemesthat are well
suitedfor thisgeneralapproachandallow for eitherquickor
accuratesampling.
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