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Abstract

We introducea parallel, distributedmemoryalgorithm for volumerenderingmassivedata sets.The algorithm's
scalability has beendemonstated up to 400 processas, renderingone hunded million unstructued elements
in underone second.The heart of the algorithmis a hybrid appoad that parallelizesover both the elements
of theinput data and over the pixelsof the outputimage. At eadh stage of the algorithm, there are strong limits
on how mud work ead processomperforms,ensuringgood parallel efciency. Thealgorithmis sample-based.
We presenttwo techniquesfor calculatingthe samplepoints: a 3D rasterizationtechniqueand a kernel-based
technique which tradeoff betweerspeedandgeneality. Finally, thealgorithmis very exible. It canbedeployed
in geneal purposevisualizationtools and can also supportdiversemeshtypes,rangingfrom structued grids to

curvilinearandunstructuedmesheso pointclouds.

Catgories and SubjectDescriptors(accordingto ACM CCSY 1.3.2 [ComputerGraphics]: Distributed/Netvork
Graphicsj.3.3[ComputerGraphics]Picture/Imagésenerationandl.4.1[ComputerGraphics]:Sampling

1. Intr oduction

The power and capacity of parallel supercomputersre
growing atafastpace enhancingcientists'ability to simu-
late andstudycomple physicalphenomenat increasingly
greateraccuray. Thisaddedaccuray oftenis thekey to ad-
vancesin their studies.Their 3D simulationscan generate
large volume datasets,which are bestvisualizedusing di-
rectvolumerendering.Volumerenderingis particularly ef-
fective in displayingcomplex 3D structuresandfeaturesat
varyingscalesReal-timevolumerenderinghasbecomedea-
siblewith commoditygraphicshardware,but it requiresthe
datato t in video memory Becausethe size of the data
setsgeneratedby thesesimulationsarecurrentlyin theteras-
caleregime,andwill soonreachpetascalewe mustseeka
distributed-memoryparallelrenderingsolution.

We have developeda new, massvely parallel,distributed-
memory volumerenderingalgorithm. It is designedo run
on the same parallel supercomputersisedto run teras-
cale/petascalsimulations. It has demonstratedexcellent
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scalability and beenusedon someof the largest simula-
tionsever performed.Thealgorithmcanbeappliedto mary
diversetypesof meshesyangingfrom structuredgrids to
curvilinearandunstructureanesheso pointclouds It isim-
plementednsideof Vislt [CBB ], arichly featuredvisual-
ization anddataanalysisapplicationfocusingon large data
sets.Throughouthe developmenbf this algorithm,amajor
goalwasto developatechniquehatwould seamlesslynte-
grateinto ageneral-purposesualizationtool. Thisrequired
usto avoid schemeshatplacespecialrequirement®n I/O,
communicationavailablehardware,etc.

In adistributedmemoryernvironment,adaptve techniques
for dividing work amongthe processorarenot possibledue
to dataownershipissuesin this environment,datamustbe
partitionedamongthe processorand eachprocessois re-
sponsibldor calculatingts portionof thepicture.Of course,
load balancingissuescan occug especiallywith irregular
data or when cameraplacementfocuseson a small sub-
region of the volume. This requiresus to develop datapar
titioning stratgiesthatensureaven workloadson eachpro-
cessorThe quality of thesestrat@iesdictatethe degreeof
scalabilitywe canachieve at high processocounts.
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We employ amulti-phaseapproactor distributing work.
Thistechniquds a hybrid of previoustechniquesndallows
usto incorporatetheir bestaspectsith respecto balanced
processingDuring eachphaseof our algorithm,our dataor-
ganizationnaturallyenforceshardlimits on how muchwork
eachprocessocando. This createsxcellentloadbalancing
whichin turn createexcellentscalability

In this paper we presentthe details of our algorithm,
a scaling study and some applications.Our algorithmis
sample-basedyhich requiresusto implementcustomsam-
pling techniquesWe presenta 3D rasterizationtechnique
andakernel-basetkchniquewhichtradeoff betweerspeed
and quality, respectrely. The scaling study shavs linear

scalability of our algorithmup to four hundredprocessors.

In addition,we presenthe performancef thisalgorithmfor
diversemeshtypes:a onebillion-particle point cloud simu-
lation, a 27 billion-elementrectilinearmeshsimulation,and
aonehundred-fortymillion elementunstructuredneshsim-
ulation.

2. RelatedWork

Among the parallel renderingalgorithms speci cally de-
signedfor visualizingirregulargrid volume data,the most
relevantexamplefor thiswork is the sort-lastcell-projection
algorithm introducedby Ma and Crockett [MC97]. This

distributed-memongalgorithmachiezeshigh performancéy

completelyoverlappingrenderingand compositing,and by

keepingsortingcoststo a minimum.However, its high scal-
ability partially relieson manualsettingof communication
parametersTheotherclassof algorithms thosethatrequire
aview-dependensortingstep,arenotfeasiblewhenrender

ing terascal@ndpetascalelatasets.

Wang, Gao and Shen [WGS use a multi-resolution
wavelettreeto allow parallelvolumerenderingof largedata
in anerrorguidedfashion.In contrastour goalis to render
thedataatits highestpossibleresolution.

Thereis agrowing interestin parallelGPU-basedolume
rendering[LM, SMW , CMF]. Neverthelessa PC cluster
that is capableof renderingirregulargrid datasetsat the
scalewe arefacedwould beprohibitively expensveto build.
Our algorithmis designedo harnesghe power of parallel
supercomputerginotheroptionis to utilize geographically
distributedcomputingresourceswhich, if appropriatelyco-
ordinated,could becomevery attractve. Gaoet al. demon-
stratedsuchanapproactwith parallelrenderingof largevol-
umedatadistributedover awide areanetwork [GHA].

3. Algorithm Overview

Thealgorithmitself consistof two high-level phasesln the
rst phasesamplesaregeneratedrom theinput dataset.In

the secondphasethosesamplesareclassi ed andcompos-
ited to form the nal picture.

Our goal in the samplingphase for a given view frus-
tum, is to determinethe value of billions of samplesalong
millions of rays, wherethereis oneray for eachpixel of
theimageandthousand®f samplesalongeachray. In ab-
stractterms,a samplingalgorithmtakesa datasetasinput,
aswell asparameterslescribingthe volume renderingre-
quirementstheview frustum(i.e. camerdocation,view di-
rection,view angle,and nearandfar clipping planes).the
screensize (numberof pixelsin width, W, and height,H),
andthe numberof samplessS, to take alongeachray.

Giventheseinputs,the goal of a samplingalgorithmis to
createanoutputwith thefollowing properties:

1. A logically structuredgrid, G, of dimensiondVxHxS

2. A eld Fde nedonG, which hassampledhe valuesof
theinputdataset

3. EachF[w, h, s] corresponddo the value of h sample
alongtheray correspondingo pixel (w, h) of the output
imagefor thatview frustum

Given a black box that performsa samplingalgorithm,
it is trivial to implementan algorithmfor the secondcom-
positing phase.For eachpixel (w, h) and eachsamplefor
thatpixel, we canclassifythe eld valuebasednsomeuser
de nedtransferfunction.Thentheresultingcolorsandopac-
ities canbe compositedusingthe "over" function (front-to-
back compositing)to createthe color for that pixel. Doing
thisfor all pixelsyieldsthe nal, volumerenderedicture.

Wealsonotethatasample-basedpproachmakesfor easy
integrationwith rendering®f standardjeometrigrimitives.
An additionalimageinput to the compositingmodulecan
specify backgroundcolors and prematurelyterminaterays
whenthey reachthedepthof the rst encounteregeometric
primitive for that pixel. This imageis generatean a previ-
ousrenderpass.

By usingsamplesasour fundamentatnit, we have made
sacri ces.Welosetheability to resolve comple interactions
betweenelementsike the type addressedn [CMSWO04.
But, becausethe samplesare calculatedon a per view
frustum-basisthis issueis greatlymitigated.lt is our belief
that,with a sufcient numberof samplegerray andby tak-
ing carein assigningheindividual samplevalues asample-
basedmethodcan provide good results. This approachof
choosinga representatie valuefor a sampleis reminiscent
of the clusteringapproactpresentedn [HEOJ, althoughat
adifferentresolution.

4. Hybrid Sampling Algorithm

In thefollowing subsectionsye give anoverview of thedata
managemenof the hybrid samplingschemewithout con-
siderationof how to infer the valuesof the samplepoints.
Thesesubsectionsaddresshow to organizethe datain an
efcient way for parallelizationand how to storethe eld

F without exceedingprimary memory The purposeof our
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techniqueis to addresghe load balancingissuesin a dis-
tributedmemoryervironment.ln a sharednemoryerviron-
ment,suchastheonedescribedn [DPH 03], mary of these
load balancingissuesdo not occurbecausehe paralleliza-
tion acrosimagespacecanbedoneadaptvely.

The principal contritution of our data organization
schemés obtaininggoodloadbalancdor meshesvith great
variationin the spatialdensityof their elementsFor these
meshesin the extreme,the numberof elementswithin are-
gion of spacecandiffer by ordersof magnitude . Schemes
thatparallelizeovertheoutputimages pixelssuffer extreme
loadimbalancewith thesemeshesbecausasomepixelswill
cover mary moreelementswithin their projectionthanoth-
ers. Similarly, schemeghat parallelizeover the input data
sets elementsuffer extremeloadimbalancebecausesome
elementwill take updisproportionatelyargeportionsof the
view frustum.

Ourmulti-stagealgorithm,presenteéh thefollowing sub-
sectionsjs well balancedn theamountof elementandthe
portion of the view frustum processedOur hybrid scheme
utilizesthebestportionsof schemeshatparallelizeoverthe
outputsimageandschemeshatparallelizeovertheoutputs
elementswhile avoiding their pitfalls. It doesthis by pro-
cessingthe datain stagesin the rst stage,it parallelizes
acrosgheelementf theinput dataset,but defersprocess-
ing of the large elementsin a subsequenstage,it paral-
lelizesacrossthe outputimageandonly thenprocesseshe
large elementsAgain, this organizationof the dataprocess-
ing placeshardlimits on the work performedat eachstage,
ensuringgoodparallelef ciency.

The processingf mesheswvith greatvariationin the spa-
tial density of their elementsis a very important special
caseThecameraransformatioroftencreatesneshesf this
form. An exampleis whenthe camerais placedin the mid-
dle of the dataset,which often happensluring y-throughs
in movies.In this casegvenif the input meshhasuniform-
sizedelementsglementsthat are nearthe camerawill oc-
cupy ordersof magnituddargerportionsof theview frustum
thanthosefartherfrom the camera.

Our samplingalgorithm containsa total of threestages,
characterize@sSmall-ElemenSampling,Communication,
andLarge-ElemenSampling.Also, the algorithmis a dual
partitionschemepnepartitionis of theinput data,the other
partition is of the rays. In the Small-ElementSampling
stage the rst partition is used.The Communicatiorstage
re-distributes betweenthe two partitions. And the Large-
ElementSamplingstageusesthe secondpartition.

Sectiond.1discusseshetwo partitions,4.2 discusseghe
three phasesof the algorithms,and 4.3 discussegshe load

balancing.
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4.1. Partitions

The partition of the input data is done by the greater
Vislt systemand is guaranteedto assignapproximately
equalnumbersof elementdo eachprocessarAlthoughwe
might be ableto modestlyreducecommunicatecostsby re-
partitioningthedata,we do notemploy thistechniqueFirst,
giventhe massve size of the datasetswe areoperatingon,
it is notviableto re-partitionall of the datafor eachrender
ing. The only viable re-partitioningschemewould beto re-
partitiononetime andusethatfor all subsequemenderings.
However, evenif we did performa one-timere-partition,it
is dif cult to nd onethatwill truly helpwith parallelef-
cieng. It is oftennot possibleto createpartitioningsthatare
balancedn both numberof elementsand spatialfootprint.
Further this will not mitigatethe issuewhenthe camerais
in themiddle of the dataset.

The secondpartitionis of the samplesWe startby divid-
ing theimages pixelsamongtheprocessorsThedivision of
the sampleghenfollows naturally Our goal with this par
tition is to re-assigrthe samplesso thateachprocessorcan
compositets pixelswith no furthercommunication.

4.2. Sampling

We de ne “small" elementsaselementshat cover a small
numberof samplesfor examplelessthanonehundred Sim-
ilarly, “large" elementsare elementsthat cover more than
one hundredsamplesWe describehow large elementsare
identi ed laterin this paper

In the rst, Small-ElementSamplingstage,we sample
eachsmall elementand defer samplingof large elements.
This stagehastwo outputs.Oneoutputis thelarge elements
that are not sampled.The otheris the grid G andthe par
tially populatedeld F. Becausewe focuson “small” ele-
mentsand we know that eachprocessoilis working on an
approximatelyequalsizedsubsebf the elementswe know
thatno processowill seea large numberof samplesThis
reasoningwill be furtherformalizedin subsectiort.3. Our
implementatiorof the structurethatstoresF is ableto scale
its sizebasecbn how mary samplesave beenencountered.
Thus, this counteractshe problemwhereF canexceedthe
sizeof primary memory becauseave only have to storethe
sampleswe encounterand we will encounteronly a small
numberof samples.

The secondCommunicatiorstage re-distrilutesthe out-
put of the rst stageto honorthe secondpartitioning. The
secondpartition is createddynamicallyat this pointin the
algorithm. By waiting until the rst stagehascompleted,
we can assignthe pixels so that the maximumnumberof
samplesand elementsremainon their processoof origin,
minimizing communicationThis techniqueof dynamically
assigningpixels to processor$o minimize total communi-
cation was also usedin the hybrid schemeof [SFLSO0Q,



Hank Childs,Mark Duchaineau& Kwan-LiuMa/ A Scalable Hybrid Shemefor VolumeRenderingViassiveData Sets

althoughtheir applicationwasto surfacerenderingnotvol-
umerendering.

The communicatiorstageconsistof "all-to-all* commu-
nicationsbetweenthe processorsSamplepoints are com-
municatedamongthe processorsisingthe partition to de-
terminetheir destinationWhensendinga large elementwe

rst examineits boundingbox, and determinewhich por
tionsof theimagespacepartitiontheboundingbox overlaps.
We thensendthis elemento the setof processorshatneed
to sampleit in the next stage At the endof this stageeach
processorcontainsall of the data(aseithersamplesor ele-
ments)necessaryo createits portion of the imagewith no
furthercommunication.

Our schemedoesnot take advantageof the optimization
thatallows contiguoussamplego be pre-compositedallow-
ing afew bytesto take their place.This optimizationis not
well suitedto thesamplingschemen Section6. Buttheneed
for this optimizationis greatly mitigated by the high net-
work bandwidthon modernsupercomputershe sampling
stagedominatesthe algorithm, making this shortcominga
non-issue.

Thethird, Large ElementSamplingstagesampleghere-
maining elementgall of which are"large") and addsthem
to the eld F. The large elementsare sampledselectvely.
Samplesoutsidea processos portion of the image space
partitionarenot examinedIf anelementspangwo portions
of thepatrtition,thentheelemenwill be samplecentirelyby
the correspondingwo processorshut no part of it will be
sampledwice.

At the endof this stageall elementshave beensampled
andthe eld Fis fully populated.This is the outputof our
samplingalgorithm,which is now well suitedfor composit-
ing. EventhoughF is distributedacrosgheprocessorsach
ray hasall of its sampleson the sameprocessarSo com-
positing cantake placewith the only necessargommuni-
cationbeingthe collectionof the pixel colorsto the master
processoattheendof thealgorithm.Theentirepipelinecan

beseenin Figurel.

Small Element
Sampling

Large Element

Communication f
Sampling

Classification Image
& Composite Collection

|
Image output

Figure 1: Thevolumerenderingportion of the pipeline

4.3. Load Balancing

Our goal is to maximizeparallelef ciency. In this subsec-
tion, we motivate how our three-stagapproachputlinedin
thelastsubsectionhelpsto accomplishthis goal.

Before we analyzethe costsof eachstage,considerthe
costof doingsamplingwhetheiit isin the rst orthird stage.
WhensamplingE elementsthereis an overheadwith the
processingf eachindividual element.And thereis alsoa
costfor eachof the § samplepointsupdatedvhenprocess-
ing elementE;. If S=4 'S, thenthe overheadfor processing
theelementss O(S+ E).

How muchwork takesplacein the rst stageBecauseave
donotprocessdargeelementsye caneasilyboundthisnum-
ber Wedonotprocesary elementshatcontainmorethana
constanhumberof samplesa. Sothework in the rst stage
is O(S+ E) = O(@@*E + E) = O(E). Of course,asymptotic
analysiscan be misleading.In this case,however, it gives
us an actualresult. Thereare strict limits on the amountof
samplingwork for eachprocessarin addition, by modify-
ing a, we cancontroltheamountof allowed discrepang in
work betweertheprocessordNotethatchoicesof a thatare
too small, however, causea large numberof elementgo be
communicatedwhich affectsperformanceén thenext stage.

How muchwork takes placein the secondstage?First,
considerthe cost of sendinga large element.When com-
municatinga large elementthe mary samplest coversare
notbeingcommunicatedf our constanta, is largeenough,
thenthe costto communicatdarge elementswill awaysbe
lessthanthecostto communicatéts samplesFollowing this
logic, themostcommunicatiorthe algorithmcanundegois
whencommunicatingonly samplesAlthough this number
canbequitelarge,theboundon theamountof datacommu-
nicateds anicepropertyin thecontet of extremelymassve
datasets,like the 27 billion-elementsimulationwe discuss
in theperformancesection.

The only work donein the third stageis the samplingof
large elementsin this stage eachprocessois only respon-
sible for a limited numberof samples- thosethat are con-
tainedwithin its portion of the view frustum. This bounds
howv much samplingwork can be performed.In addition,
eachelementin this stageis "large" and coversmary sam-
ples.Sothe numberof elementqgE) will be muchlessthan
the numberof sampleqS): E < S=a. So,in this stage the
amountof work per processoiis also bounded:O(E+S) =
O(S=a + S)=0(S).

Summarizing,for all three stagesthe amountof work
perstageis boundedIn addition,mostprocessorgpproach
thesebounds]eadingto goodparallelef ciency. Of course,
degeneratease®xist wheresomeprocessorwiill beattheir
theoreticaboundswhile otherprocessorspinidly. In prac-
tice, however, theamountof work perprocessors relatively
even.
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5. 3D Rasterization

The 3D Rasterizatioralgorithmdescribedn this sectionis
anexampleof asamplingalgorithmfrom section3. It is sim-
ilar in spirit to the 2D Rasterizatioralgorithmsemployed
by graphicshardware.The key difference of coursejs that
therasterizatioroccursin threedimensiongoveravolume),
ratherthantwo (overanimage).Thistechniqués highly re-
latedto themethoddescribedn [YRL 96].

The rasterizatioralgorithmsimply operateon eachele-
ment,oneat atime, updatingF asit goes.For eachelement
E, theresamplemworksasfollows:

1. TransformE's coordinatesfrom world spaceto screen
space

2. CalculateE's boundingboxin screerspace

3. If we aredeferringlarge elementsandthe boundingbox
of E coverstoo mary samplesaddE to the outputand
continueto thenext element

4. Determinethe setof integerdepths{ D; }, thatoverlap

betweerE andandtheoutputgrid G

. For eachD;, slice E by Dj, resultingin polygong

6. For eachslice,employ a standardasterizatiortechnique
on the resulting polygons,updatingthe portion of the
eld F correspondingo D;.

[

For clarity, considerthe following examplefor a single
element:

The rst stepis to transformthe elementto screenspace
(de ned over Width, Height, and Depthaxes). Assumethe
resultis a tetrahedronT, 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 thethird step,we determinethe bounding
boxthattheelementtancontainnomorethan40(4 5 2)
samplessothis elements not "large". Thenwe proceedo
step4 anddeterminegtheintegerdepthshatoverlapbetween
T andG: 5 and6 (see gure 2).

D=5

D=6

Figure 2: Tetrahedon T, rendeed transpaently in cyan.
SliceD=5 is gray, D=6 is black.

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

Y Curvilinearmeshesantechnicallygive curvedpolygons We ap-
proximatethesewith linearpolygons similarto techniquesisedfor
isocontouring.
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resultsin a triangle. We thenemplo/ a standardrasteriza-
tion techniqueto the triangle.We would startby rasterizing
alongHeights7, 8, and9. For Height=7,we nd samplesat

Width=10 and Width=11. Height=8 also yields samplesat

10 and11. Height=9yields no samplesThe entireslice at

D=6 alsoyields no samplesin all, tetrahedronT yields 4

samplesThesesamplesarethenplacedinto F.

=
f=y
()
) I A

7.0 — 7. ‘ ‘

Height

T T
9.0 10.0 11.0 1z.0 9.0 10.0 11.0 1z.0

Width Width
Figure 3: Sliceat D=5 (left) and D=6 (right)

The 3D rasterizationalgorithm hasmary positive traits.
First, for eachelement,it is possibleto immediatelydeter
minewhich sampleverlap.It is notnecessarto tracerays
to discover the list of cells alongthat ray. Second,unlike
a standardprojectionschemethe orderingof the resulting
sampleds presered by the eld F andthe grid G. Third,
this schemeis fairly general.lt can accommodatestruc-
tured grids, and curvilinear and unstructuredmeshes(but
notpointclouds).For unstructureaneshesit canaccommo-
datethe complete nite elementzooandyvirtually ary addi-
tional elementype. It canoperateon multiple elds, allow-
ing for multi-variatevolumerenderingsFieldscanbeeither
element-centeref.e. piecavise constantpr node-centered.
All of theseoptionsareincorporatednto our implementa-
tion.

There are also negative aspectsto the rasterization
schemekFirst, thetechniqudor samplingis proneto missing
data.lf anelementdoesnotoverlapwith asamplepointthen
thatelemenis notre ectedin theresamplingThisis acom-
moncasefor extremelysmallelementsandmorediscussion
canbefoundin [MWSCO03. We overcomethis problemby
having small elementdocatethe nearesisamplepoint and
attemptto affectits value.This canleadto two or moreele-
mentstrying to affect the samesample.n this case we use
anarbitratorthatchooseghe "best"sample where"best"is
chosento be the one with the highestopacity The second
problemwith this schemas lessserious.The methodof ex-
aminingan elements boundingbox to estimatethe number
of sampledt containscanleadto overestimatesWe do not
attemptto correctthis problem,becauset doesnotleadto
appreciablgerformancealegradation.

6. Kernel-BasedSampling

Our Kernel-Basedsamplingalgorithmis designedo have
eachdatapointin uence aregionaroundit. Thisis anatural
operationwith element-centeredariables The datapointis
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placedat the middle of an elementandits region is guided
by its boundingbox. For nodalvariablesgachnodes neigh-
boring elementsnustbe examinedto determinethe correct

sizefor its samplingregion. In our currentimplementation,

we operateonly on element-centeredariables,andwe re-
centemodalvariables.

Theprocedureo procesanelemenE with variablevalue

Vis:

1. TransformE's coordinatesfrom world spaceto screen
space

. CalculateE's boundingboxin screerspace

3. If we aredeferringlarge elementsandthe boundingbox
of E coverstoo mary samplesaddE to the outputand
continueto the next element

. Calculatea maximumradiusof in uence for E, RmaxE)

. For every samplewithin Rmax(E) of E's center update
the eld Fwith V andaweightw

The size of the kernel, RmaxE), is basedon the size of
theelementallowing largerelementgo have greateiimpact
thansmallerelementsRmax E) is assignedo be fty per
centbiggerthanthedistancérom thecenterof theelements
boundingbox to onecornerof the boundingbox. However,
for smallelementsRmax(E) canbe sosmallthatit will not
affect ary samplesTo counteracthis, we never let Rmax(€)
dropbelow the global constantRmin. Rmin is chosersothat
eventhesmallestelemenwill affectatleastonesample.

N

[0

Theweights,w, vary basednthedistanceo theelement
center Sampleglosesto theelemententershouldstrongly
re ect the elements value.Moving away from the element
centershouldallow for moreblendingwith the neighboring
elementvalues.Sowe settheweightto beinverselypropor
tional to the distanceto the centerof theelement.

Theformulafor weight,w, is:

_ 1
w = (OFT) - Wo, where

Dp = proportionaldistanceto centerof element

ande andwg areshapéefactors

ForeachsampleDp = Ds , whereDs is thedistancdrom

thesampletothecenteroftheeIementTheetermellmmates
division by zero,anddetermineghe peakcontributionanel-
ementcanmalke, which occurswhenthe elemententerand
asamplearecoincidentWhenthedistancdrom asampleto
the elementcenteris Rmax, Dp is one.Sincewe would like
theweightto be zeroat the maximumradius we introduce
our secondshapdactor wg, andsetit to

(1+ e’

Onceeachelementasupdatedhesampleswe assigrthe
nal samplevalueto be the weightedaverage Formally, if
element<; updateaspeci c samplewith theirvaluesv; and
weightsW, thenthe nal valueof thesamplewill beéWWV'.
Also, notethat this calculationdoesnot requirestoring all
encounteredamplesinsteadyunningtotalscanbe keptfor

aW Vi andd W, minimizing storageoverhead.

Our&a W termalsoplaysanimportantrole in establishing
theboundaryof thedataset.Eachdatapointis samplednto
theregion aroundit, regardlessof the samplesactualmem-
bershipin the dataset. Samplesoutsidethe boundarywill
have low & W values.Reducingthe opacity of thesesam-
pleseffectively createshe boundaryin ananti-aliasedvay.
Note that this is similar to the stratgyy appliedin [PH89,
althoughwe do this correctlyin the post-transformedpace,
where[PH89 did thisin the pre-transformedpace.

Figure 4: Ontheleft, an element (redcircle) samplingre-
gion (dottedcircle) includessamplesoutsidethe data set
boundary(markedwith the four-way arrow). Thesesamples
will be updatedwith the element value but they will not
affectthe nal picture becauseheir § W will below. Onthe
right, we seehowead of thesamplesnsidethedatasetare
affectedby manyelementsgiving higher & W, while those
outsidethe datasetare affectedby fewer elements.

TheKernel-Base®&amplingalgorithmalsohasmary pos-
itive traits. First, like the 3D Rasterizatioralgorithm, ele-
mentscanbe sampledndependentiandef ciently. Theor-
dering of the resultingsamplesare presered by usingthe
eld Fandthegrid G. Secondthis schemas alsovery gen-
eral. In additionto handlingall mesh-basedatasets,this
schemas idealfor renderingpoint clouds.Third, unlike the
3D Rasterizatioralgorithm,this techniqueconsistentlypro-
duceshigh-quality picturesand more accuratelyrepresents
theentireinput, includingsmallelements.

Thereare also nggative aspectgo this schemeFirst, el-
ementshapesare completelydisregardedin the currentim-
plementationSamplesareupdatedbasecentirelyontheel-
ements Rmax In thecommoncasefor large scaledata,how-
ever, anelementis projectedo only afew samplesandthisis
inconsequentialSecondthis algorithmprocesseghe same
samplemultiple times,onefor eachof the nearbyelements.
This contrastswith the 3D rasterizationalgorithm, which
only operateson a given sampleonetime. This results,of
coursejn higherrunningtime.

7. Scalability

We now presentthe scalability of the algorithm. We per
formed the study on a 100 million elementunstructured
meshanda 1024x1024imagewith 1000samplesn depth.
For eachprocessocount,we measuredhe elapsedender
ing timewith multiple options.Oneoptionwasthesampling
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algorithmto use:3D rasterizatioror Kernel-basedlheother
optionwaswhetherthecameravaslocatedinsideor outside
thedataset.Table1 shavs theresults.

Although we feel the algorithm hasexcellentscalability
in this regime of processorcount,we foreseesomelimita-
tions as processorcountsget larger. The time to createthe

nal outputimage,including collectingportionsfrom other
processorandtransferringtheimagefrom the sener to the
client for display takesonetenthof a second Whenmore
processorgreused,this constanwill begin to affect scala-
bility. We do believe, however, thatthis algorithmwill still
be effective with larger processorcounts,but as a weakly
scalablealgorithm.We believe the framerate cannever fall
belov someconstant(minimally 0.1 seconds)but, given
moreandmoreprocessorsye feel thatproportionallymore
datacanberenderedn the sameamountof time.

The timings wererun on gauss,a 512-processocluster
of 2.4GHz Opteronsconnectedby an In niBand network.
Gausss currently#409onthe Top500listing of SuperCom-
putersFor thetimings,thealgorithmwasembeddeih Vislt,
ratherthanrun asa stand-alon@pplication We disabledhe
modethat incorporateggeometricprimitives (for bounding
boxesandotherannotations)however, becauselelaysthat
modeintroducesareunrelatedo our algorithm.

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 was strongly scalablein all of the
con gurationswetested.

8. Results
8.1. ShockPropagationin Nano-PorousMetal

ClassicaMolecularDynamics(MD) simulationsareacom-
mon meansto study material propertiesat the fundamen-
tal level of individual atoms,including suchphenomenas
plasticity, ductilefailure, brittle failure, materialrespons¢o
ion or micro-meteoritémpactsjaserablationandmore.The
simulationwe usefor testpurposesnvolved 1,013,455,626
(overabillion) atomsresultingfrom thestudyof shockwave
propagtionthrougha metallicfoam.In this casethe shock
wasintroducedin a high densityregion to the left of Fig-
ure 5, and hastraveled partway throughthe poroussolid,
which was set up to gradually decreasen density as the
shocktravels to the right of the materialsample.A typical
variableof interestis thelocal enegy potentialof eachatom,
which canreveal dislocationand slip-planestructuresthat
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arisein responsgo theshockpassageThetransferfunction
was chosento reveal thesestructuregseentoward the left
of theimageascross-hatclik e patterns)aswell asthe un-
shocled, lower-density lament structureto the right (with
theredoutlines).

Giventhereis no meshstructurefor MD simulationsthe
kernel-basedesamplings theonly choicefor applyingvol-
umerenderingFor solid mechanicgroblemdik e this, there
is afairly tight distribution of inter-atomicspacinggdistance
to nearestneighbor).Typically, it is appropriateto setthe
resamplekernelradiusto be a factorof 1.5-3timesthe av-
erageinteratomicspacing,dependingn whetherviews of

ne void structureor smootheraveragingis desiredfor the
applicationanalysis.

We visualized this data set using 256 processorsFor
smallerimageq400x400)eachrenderingakesabout8 sec-
onds.For largeimage§1024x1024)it takes30 seconds.

Figure 5: A volumerenderingof over a billion atoms,ren-
deredusingthekernel-basedesamplingnethod Thesimu-
lation was producedby Farid Abrahamof LLNL on 8000
processos of the ASC Purple supecomputer A shok is

travelingfromleft to right throughthe metallicfoam,which

wasdesignedo gradually change from high to low density
duringtheshod frontpropagation. Thecross-hatb patterns
on the left showthe emegenceof plasticity dueto disloca-
tions,while theundisturbedlament structure s highlighted
ontheright.

8.2. Rayleigh-Taylor Instability

We next appliedour algorithmto a 27 billion elementrecti-
lineargrid simulationof a Rayleigh-TRylor Instability, where
heary andlight uids mix. This calculationwas doneon
the BG/L Supercomputely the MIRANDA code.We used
256 processors and each1Kx1K imagetook 3.8 seconds
to render(see gure 6). This datasethighlightsoneof the
problemswith our 3D rasterizatiorschemeWhenusingone
thousandsampleerray, the 3D rasterizatiorschemecan-
not representll of the data,sincethereare so mary more
elementghansamplepoints.

Z Machineunavailability forced us to usethis smallernumberof
processors.
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Forrectilineargrids,our 3D rasterizatiorscheméiasbeen
optimizedto ef ciently nd elementghatoverlapwith sam-
ples.Thepurposéor transformingndividual elementgrom
world spaceo screerspaces to quickly identify thesamples
an elementsoverlapswith. For rectilineargrids, this tech-
nigueis not necessaryasthelocationof a samplepoint can
be directly andefciently calculated As such,we revertto
asimpli ed samplingschemdor rectilineargridsthatdoes
nottransformindividual elementgo screemspaceWith this
optimization,voxelsthatdo notoverlapwith samplesareig-
nored.In effect, this makesit a schemehatis indifferentto
datasetsize. For ary sizerectilineargrid, the exact same
amountof work is performedWhenrenderinga 1 billion el-
ementrectilineargrid, with the samenumberof processors,
the renderingrateimproved by a factorof 2.5. We attribute
this unexpectedspeedugo pagingthroughmemory

Whenwe switchedto the kernel-basedamplingscheme,
performancedroppedconsiderablybecausesvery element
hadto betraversedIn this mode,it took 45 secondgo gen-
erateapicture.Becaus®f thenatureof thedataset,(smooth
featuresthat spanmary elements)differencesdbetweenthe
two pictureswerenotsigni cant.

Figure 6: Themixinglayer betweerheavyandlight uids.
We are renderingbasedon vertical velocity Yellow volumes
are moving up, purple volumesare moving down.

8.3. Blast Calculation

Our next calculationsimulatedan explosive blastwave asit
passedver a sectionof awall consistingof reinforcedcon-
crete.It was calculatedusingthe ALE3D simulationcode
with Arbitrary Lagrange-EuleriafALE) methodson a 3D
unstructuredhexahedraimesh For this study we subdvided
eachhexahedroninto ve tetrahedronsfor a total of 138
million, to producean unstructuredneshwith an element
countthat would stressour algorithm. Becausesomesur
facesweresothin, eventhe kernel-basedamplerthadprob-
lems properly re ecting the data. The averagingof values
within a samples region led to smearingWe increasedhe

samplegerray to 2000,which obviously led to a degrada-
tion in performanceWe usedonly 128 processorandwere
able to rendera 1Kx1K frame every 35 secondg(see g-
ure 7). Consideringwe were operatingon a larger dataset
andhadtwice asmary samplesthis is consistentwith the
scalingstudywe performedearlier

Figure 7: An explosivedriven blast wave passingover a
roundsectionof reinforcedconciete(1/4 symmetry)

9. FutureWork

There are mary performanceimprovementsthat can be
madeto our algorithm.We did not partially compositesam-
ples before sendingthem, becausea sample$ value with
the kernel-basedechniquecan not be determineduntil all
of the surroundingelementshave madetheir contritution.
We believe that, despitethis issue we canproceedwith this
optimizationon a restrictedbasisby determiningsituations
wheresampleshave receved their full contritution andal-
lowing thosesamplesto be partially composited Another
option would be to apply compressioralgorithmson the
samplegshemselesbeforecommunicationln addition,we
could further reducecommunicationby changingthe way
we partition theimagevolume.We currently partition over
thepixels,whichleadsto long shaftsin depth.An alternatve
would beto createcubesby dividing the volumein depthas
well. This would increasethe volumeto surfacearearatio,
minimizingthenumberof timesalargeelements mappedo
multiple processorsiVe have experimentedvith implemen-
tationslik e this, but decidednot to presenthis schemepe-
causeheextrastepso compositehesamplesvould further
complicatethe overall algorithm. Finally, we have consid-
eredacceleratinghe samplingphasedy using3D graphics
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hardware.Of course this approactwould only beviableon
clusterswheregraphicshardwareis available.

Therearealsoopportunitiesfor improvementsn picture
quality. We currentlyhave no lighting model,andwe would
bene t from incorporatingpre-inteyrationtechniques.

10. Conclusions

We have presente@nalgorithmthatallows massve datasets
to bevolumerenderedat interactive speedsgiven adequate
computingresourcesThe algorithm is sample-basedand
theoverheador processinghe sampless high. As aresult,
this algorithmwould be a poor choicefor volumerendering
small datasetswith low computepower, because dispro-
portionateamountof time is spentcalculatingthe valuesof
the samplesBut, again, the algorithmis ideal for massve
datasetsand we have demonstratedjood performanceon
someof thelargestdatasetsever simulated.

We caution the readeragpinst characterizingthis algo-
rithm asa brute-forcealgorithmappliedon a large machine
to achieve aresult. Whenscalingupto largenumbersof pro-
cessorsthedif culty comesn maintaininggoodparallelef-

ciency. We areableto do this elegantly with our hybrid ap-

proach By splitting processindnto smallandlarge element
samplingphasesthe work performedin eachphasecannot
exceedknown bounds Theseboundsguarante¢hatno pro-

cessolis tasked with a disproportionatemountof work to

performwhile otherprocessorspinidly. This hybrid algo-
rithm is the principal contritution of this paper In addition,
we have introducedsomesamplingschemeghat are well

suitedfor this generabpproactandallow for eitherquick or

accuratesampling.
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