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Abstract

We adopta techniquefor texture-basedrisualizationof ow elds on curvedsurfacedor parallel computatioron
a GPU cluster TheunderlyingLIC methodrelieson image-spacecalculationsand allows the userto visualize
a full 3D vector eld on arbitrary and changinghypesurfaces By using parallelization, both the visualization
speedand the maximumdata set size are scaledwith the numberof cluster nodes.A sort- r st strategy with
image-spacedecompositioris employedo distribute the workload for the LIC computationwhile a sort-last
approad with anobject-spacgartitioning of thevector eld is usedo increasethetotal amounif availableGPU
memoryWe speci cally addressissuedor parallel GPU-basedrector eld visualization sud asreducedocality
of memoryaccessesausedy particletracing dynamidoad balancingfor changingcamen parametes, andthe
combinationof image-spaceand object-spacaelecompositionin a hybrid approad. Performancemeasuements
documenthebehaviorof ourimplementatioron a GPU clusterwith AMD Opteion CPUs,NVIDIA GeForce 6800

Ultra GPUs,andIn niband networkconnection.

CatgyoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.3[ComputerGraphics]:Viewing algorithmsl.3.3
[Three-DimensionaGraphicsandRealism]:Color, shadingshadeving, andtexture

1. Intr oduction

Flow visualizationis animportanttopic in scienti ¢ visual-
ization, addressinghe display and visual analysisof data
that may originate from numerical simulations—suchas
thoseof computationaluid dynamics—orfrom measure-
mentsduring ow experiments.Line integral convolution
(LIC) [CL93] and otherrelatedtexture-basednethodsare
successfullyappliedto ow elds onplanar2D domainsA
key bene t of texture-basedechniquess their capabilityto
graduallymodify the densityof the visualrepresentatiorin
particular a representatiorthat denselycovers the domain
with particle tracesovercomesthe problem of identifying
appropriateseedpointsfor traces AlthoughLIC canbe ap-
pliedto 3D o w, it typically suffersfrom problemsof clutter
and occlusion.Therefore, o w visualizationon curved 2D
hypersurécesthroughthe complete3D datasetis aninter
estingcompromisebetweerthecompletenesand e xibility
of the visual representatioon the onehandandthe reduc-
tion of perceptuaproblemson the otherhand.

Recently therehasbeensigni cant algorithmicprogress
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in ef ciently computingLIC onsurfacesviaimage-spacap-
proachegLJHO3 vWO03, WE04. Thesemethodsalsobene-
t from leveragingthe processingoower of GPUs(graph-
ics processingunits). In this paper we adoptthe method
from [WEO4] becausé mostaccuratelymodelstheoriginal
LIC idea,providing goodimagequality andtemporalcoher
encefor animatedvisualizations Unfortunately the perfor
manceof surfacelIC is stronglyin uencedby imageresolu-
tion, whichmayleadto renderingateswell belov oneframe
per secondfps) for high-resolutiorvisualizationscovering
morethanamegapixel. Anotherissueis therestrictionof the
amountof availabletexture memory which limits the maxi-
mumsizeof the3D o w datasetthatcanbevisualized.

In this paperwe addres$oththe performanceandmem-
ory issueshy extendingandadaptingsurfaceLIC to a GPU
clusteri.e.,aclustercomputemwith GPU-equippedompute
nodeslmage-spacdecompositioris usedto scalethevisu-
alizationspeedvith thenumberof GPUnodeswhile object-
spacedecompositionleadsto a scaling of available GPU
memory Parallelizingthiskind of GPUalgorithmposegar
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ticularchallengeshatareaddresseh this papercommuni-
cationof intermediateesultsbetweerGPUs,mainmemory
anddifferentcomputenodesasigni cantly reducedocality
of memoryaccessesausedy particletracegshatcoverlarge
spatialregions (i.e., particularly lesslocality than for par
allel volumerendering);dynamicload balancingthat takes
into accounta stronglyview-dependenbehaior of surface
LIC; andthe combinationof image-spac@andobject-space
decompositionIn addition, we documentthe performance
characteristic®f our approachoy including timings of our
implementation.

2. RelatedWork

Texture-basedo w visualizationhasbeenanimportantele-
mentof theresearclin scienti ¢ visualization An overviewv
of the large body of previous work is given in the suney
article[LHD 04]. Spotnoise[vW91] andline integral con-
volution (LIC) [CL93] areearly examplesfor texture-based
techniquesRecently adwancesin texture-basedo w visu-
alizationareoften connectedo theincreasingperformance
andfunctionalityof GPUs whichcanbeusedto improvethe
speedf 2D o w visualizationlJEHOQWHEOQ1, vWO02)].

Oneapproacho extend o w visualizationmethodsfrom
Euclideanspaceo acurved2D manifold—suchasasurface
embeddedh 3D space—useaparametrizatiorf thatman-
ifold. For example,LIC canbe extendedto curved surfaces
by computingthe corvolution in the parameteispaceof a
curvilineargrid [FC95. Oneof the problemsof suchanap-
proachis the needfor nding a parametrizationwhich can
be dif cult and time-consumingAn alternatve approach
overcomesissuesof parametrization-orientechethodsby
workingin imagespaceFor example textureadwectioncan
be appliedin suchaway [LJHO3 vWO03]. In this paper we
follow an improved methodthat largely adoptsan image-
spaceapproachand overcomesproblemsrelatedto tempo-
ral coherenceand visualizationquality [WEO4. All these
image-spacenethodsare designedto work with GPUsto
achieve a high visualizationspeed.

Thereis a large body of researchon utilizing cluster
systemsto improve the performanceof typical computer
graphicsmethodslike ray tracing, volume rendering,and
polygon-basedendering.In general,parallel visualization
systemscanbe classi ed assort- r st, sort-middle or sort-
last [MCEF94. In addition, hybrid approachegsombining
featuresof differentpartitioning stratgies have beengain-
ing increasinglymoreattentione.g.,in theform of a hybrid
sort- rst and sort-lastmethodfor parallel polygonrender
ing [SFLSO0Q or ahybrid object-spac@andimage-spacelis-
tribution schemdor volumerendering GS03.

There is only little previous work on parallel meth-
ods speci cally relatedto vector eld visualization.Early
examples adopt multi-processor workstations, such as
SGl's 4D/340 or Cray's T3D, to parallelize particle trac-

ing [BMP 90,Lan94 Lan94. For texture-basedo w visual-
ization, thereexist parallelversionsof LIC [CL95, ZSH97
thatrun on massvely parallel CPU systems Similarly, the
GeoFEM [CFNOZ system,which is designedfor large
sharednemorysymmetricmultiprocessoarchitecturedike
the Earth Simulator containsmethodsfor parallel parti-
cle tracking and 3D LIC alike. More recently Muraki et
al.[MLM 03] describednapproachusingGPU-basedlus-
ter systemdor renderingvolumetricdatasetswith anexten-
sion for visualizing 3D LIC volumesconstructedn a pre-
processingstep.

3. Image-Space.IC on Surfaces

In this section,we give a brief overview of the single-GPU
o w visualizationmethod[WEO04] thatis usedin this paper
We adopta Lagrangianapproachto particletracingasthe
basisfor LIC. The pathof a particleis determinedby the
ordinarydifferentialequation

dr(t) _

& v(r(t);t) 1)

wherer (t) describeshepositionof theparticleattimet and
v(r;t) denoteshetime-dependentector eld. Thepositions
r 2 R® arerestrictedo locationson thesurfaceembeddedh
R3. For atangentialvector eld, Eq. (1) leadsto curvesthat
stayonthesurface.

Sofar, the vectorand point quantitiesare given with re-
spectto physical space(P-space)The basicideaof image-
spacemethodsis to perform the relevant computationin
image space.In fact, the image-spaceperationsare per
formed in normalizeddevice space(D-space),which has
extent [0; 1]3. D-spaceis ideal to computeLIC on a per
pixel basiswith respecto theimageplanein orderachieve
a largely output-sensitie algorithm and a uniform density
on the imageplane.On the otherhand,thereare someas-
pectsthat are betterrepresentedn P-spacejn particular
the 3D noiseinput for LIC in orderto guarantedrame-to-
frame coherencaindercameramotion. The advantageof
P-spacendD-spacerepresentationarecombinedby com-
puting particlepathsin both spacesimultaneouslyasillus-
tratedin Figurel.

Explicit numericalintegration, suchas a rst-order ex-
plicit Eulerschemeworkswith P-spacecoordinatesp r
andthe original tangentialvectorsvp v to solve Eq. (1).
After eachintegrationstep thecorrespondingositionin D-
spaceis computedThe vector eld is no longergivenon a
P-spacéout a D-spacedomain,i.e., we have differentrep-
resentationgor the vector componentsaand the associated
pointon the surface.The modi ed particle-tracingequation
thenis

T = veroti) @
whererp andrp representhe samepositionwith respecto
D-spaceandP-spacerespectiely.
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Figure 1: CoupledD-space(left) and P-space(right) rep-
resentationsof the same scene ¢ 2004 Weislopf and
Ertl [WEO4.

The crucial stepin making the integration processef -
cientis to reducethe 3D representatioof thequantitiesto a
2D D-spacerepresentatiowhenpossible Since ow elds
areassumedo live on opaquesurfacesponly theclosestsur
facelayer needsto be consideredHere,the depthcompo-
nentcanbeindirectly computedecausehe depthvaluesof
thesurfaceonwhichthevisualizationis computeds known.

Thealgorithmconsistof two majorparts.In the rst part,
the 2D texturesfor startingpositionsr p andthevector eld
vp areinitialized by renderinghemeshrepresentationf the
hypersurfce.The closestdepthlayer is extractedby the z
test. The P-spacegositionsaresetaccordingto the surfaces
objectcoordinatesThe vector eld textureis lled by vp,
whichoriginatesrom slicingthrougha 3D texturethatholds
thevector eld dataset.Becausehe vector eld is usually
not tangentialfrom constructionjt hasto be madetangen-
tial by removing the normalcomponentyhichis computed
accordingto the normalvectorsof the surfacemesh.In the
secondpart, Eq. (2) is solved by iterating over integration
stepsThispartworksonthe2D x-y sub-domairof D-space,
andit successiely updateghe coordinatesp andrp along
the particletraceswhile simultaneouslyaccumulatingcon-
tributionsto the convolutionintegral.

Theimplementatiorof thecompletevisualizationprocess
can be split into three stages:the projection stage, which
projectsthe surfacegeometryandthe vector eld ontothe
imageplane theLIC stage, whichcomputegheline integral
ontheimageplane,andtheblendingstage, which combines
aLIC imagewith therenderedmageof the surfacegeome-
try. All threestagesreimplementedy vertex andfragment
programdo make useof thehigh processingpeedf GPUs.

The projectionstageproduceghree2D texturesasinter
mediateresults:the projectedvector eld vp, the startpoint
for particletracingrp, andthe renderedmageof the illu-
minatedsurface. Thesethreetexturesare lled in a single
renderingpassdy usingmultiple rendertamgets(MRTS). The
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performancef theprojectionstagas comparabléo theper
formanceof renderingthe surfacewith illumination being
enabled—ijustaddsafew instructionsthatprojectthevec-
tor eld andwrite outtheinitial coordinatedor particletrac-
ing.

In contrastthe LIC stages computationallymoreexpen-
sive. This stageusesntermediate@esultsfrom theprojection
partto computethe line integral. It solvesthe particletrac-
ing Eqg. (2) to advancepositionsalong streamlinesSimul-
taneouslycontributionsto theline integral areaccumulated
alongthe streamline The input noiseis storedin a 3D tex-
ture. Potentialaliasingdueto perspectie foreshortenings
avoidedby anadaptedrersionof MIP mapping(see] WE04]
for details).Theresultof this stageis writtento a 2D texture
thatholdsthegray-scald_IC imageontheimageplane.Par
ticle tracing and integral accumulationare implementedn
a shadeloop thatadvancesalongthe streamline Typically,
the numberof iterationsis between40 and 300. Therefore,
theoverwhelmingperformanceostsareassociateavith the
LIC stageNotethatthe LIC computatioris only performed
for pixelsthatarecoveredby theprojectedsurfacegeometry
i.e.,fragmentprocessings skippedfor backgroungixelsby
meansof the early z test. The z valuesfor this maskingare
obtainedfrom the projectionstage Maskingleadsto a ren-
deringruntime thatis proportionalto the numberof visible
pixels,i.e. outputsensitvity is achiezedto alarge extent.

Finally, theblendingstagecombinegheresultof the LIC
stageandthelit surfacegeneratedn the projectionstageby
blendingand modulation.In this way, boththe LIC texture
andthe surfacegeometryarevisualizedatthe sametime.

This o w visualizationtechniqguecompletelyre-computes
the LIC imagefor eachframe.Thereforetherenderingper
formanceis not affectedby deformingor changingthe sur
facegeometry or by moving the camera.n this way, this
approachs suitedfor interactive applicationgn which visu-
alizationparametersanberapidly changedy theuser

4. Parallel GPU-BasedVisualization

In orderto utilize theclusterervironmentin termsof render
ing speedaswell asmemaoryscalability we employ ahybrid
sort- rst sort-lastrenderingscheme.

Our softwarearchitectureconsistof two majorelements:
auserapplicationanddistributedrenderclients.Theuserap-
plicationactsasthefrontendthatpresentshe nal imageof
the distributed renderingand handlesuserinputs. For ren-
dering,basicgraphicsfunctionalityis sufcient andno spe-
cial hardwarerequirementsieedto be met,in particularnot
theonesnecessaryjor visualizingthe vectordata.The fron-
tendis connectedo the PC clustervia TCP/IPallowing the
userto visualizedatafrom a remotelocation.Eachnodeof
the clustersystemrunsaninstanceof the renderclient that
visualizespartsof the nal imagedependingon the user
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Figure 2: Overviev of the communicatiorarchitectue. The
viewer communicatesvith the clusterusing TCP/IP (green
solid lines). Clusterinternal datatransferis driven by MPI
(bluedashedines).In the r st part of the algorithm object-
spacepartitioning is appliedto the projectionof the vector
eld. Image-spacepartitioningis usedfor the LIC stage.

speci ed parametershe numberof clusternodesused,and
the partitioningscheme.

The communicationschemefor parallel visualizationis
illustrated in Figure 2. The following stepsare involved:
First, the viewer applicationsendsa renderrequesto a sin-
gle clusternode.Sucharendemrequestontainsall informa-
tion necessaryo rendera singleframe,e.g.camergparam-
eters lighting conditions,andLIC parametersSecondthe
requestis thenbroadcasto all the otherremainingcluster
nodesusingMPI (messag@assingnterface).We adoptthis
two-level communicationin contrastof a direct broadcast
of the userapplicationin orderto minimize the amountof
datato be sentover a possiblynarrav-bandedr CP/IPinter
connection.Third, every clusternodeprocesseshe request
andrendersan outputimageaccordingto the given param-
eters.Image-spac@artitioningis basedon stripesdividing
theframeluffer into separatareaseachof whichis assigned
to a differentrendernode(seeSection5). Additionally, the
projectionof the vector eld ontothe hypersurbcecanop-
tionally malke useof object-spacgartitioningto exploit the
scalability of texture memoryin a GPU-basecatlusterervi-
ronment(seeSection6). Finally, the contentof the frame-
buffer within the assignedstripeis readbackon eachnode
andsentto theuserapplication.To reducetheoverallamount
of datato betransferrecover TCP/IR we compresghe data
usingLZO real-timecompressioeforesending Note that
a two-level approachfor communicationwould not reduce
the amountof transferreddatain caseof sort- rst partition-
ing schemesbut would introduceadditionaloverhead The
userapplicationdecompressdbeimagetilesandcomposes
theminto a nal imagethatis shavn to theuser

5. Image-SpaceDecomposition

Our methodto acceleratesurfaceLIC malkesuseof a sort-
rst approachTheimageplaneis split into sub-imageshat
arerenderedon separatelusternodes.ldeally, the amount

of work pernodeis reducedo 1=n, wheren is the number
of sub-imagegi.e. numberof clusternodes).

5.1. Partitioning of Image Space

We partition the image spacewith a collection of horizon-
tal stripes.This partitioning affects the projectionand LIC
stageslike.

For the projectionstage,we do not separatehe surface
geometryinto differentpiecedor parallelrenderingbecause
the size of the suriacemeshdoesnot posea renderingbot-
tleneckin our case. Typical visualizationmeshesonsistof
fewer thana million triangles.Therefore gachnodeholdsa
copy of the completesurfacegeometry For the time being,
we alsoassumehatthevector eld datais completelyrepli-
catedon eachnode.(This restrictionis overcomeby object-
spacepartitioningin Section6.) In the projectionstage the
viewport needsto be adjustedto produceintermediatere-
sultsonly for theimage-spacstripethatis associateavith
arespectie rendemode.Thisis achieved by modifying the
view frustumof the cameraThe partsof the geometrythat
are not visible in the stripe are removed by view frustum

clipping.

The LIC stageworks directly in imagespace A render
nodeonly processethosepixelsthatlie within its respectie
stripe.In otherwords, the LIC computationis parallelized
with asort- rst approactbecaus¢he computationatiomain
is partitionedwithout ary overlap. Similarly, the blending
stageworksdirectly on a perpixel basisin theimagestripe.

The constructionof the nal imageis reducedto a sim-
pletiling of intermediatémagestripes Here,theviewer ap-
plication needsan offsetin additionto the contentof a re-
spectve stripeto placethe receved framehuffer contentof
a stripe at the properpositionin the nal image.To calcu-
latethis offset,only the heightsof the stripesthatareplaced
below thecurrentstripeareneededAs anexample thelow-
ermoststripe doesnot needary offset (this is becausehe
framehuffer “begins” atthelower left corner).The stripeon
top of this stripedoesneedan offset equalto the heightof
the rst stripe,etc.

5.2. Continuous Border Transitions

A problemariseswhenthe above stripeapproactis usedin

combinationwith particletracingin the LIC stage:A parti-
cle tracethat startswithin one stripe may leave that stripe
andentera neighboringstripe.In otherwords,particletrac-
ing breaksthe perpixel locality that hasto be assumedor

anaive imagedecompositionOncea particletraceleavesa
stripe,it hasno longeraccesgo requiredvector eld infor-

mation.Thisleadsto clearlyvisible borderartifactsbetween
two stripes asillustratedin Figure3. The o wis interrupted
attheborderanddoesnot continueseamlesslynto the next

stripe.
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Figure 4: The buffer zonearound an image stripe as constructedn the projection stage and subsequentlyisedby the LIC

stage.

Figure 3: Artifacts at stripe boundariescausedby missing
vector eld data.Redarrowshighlight stripe borders.

This problemcanbe overcomeby increasingthe spatial
domain of the available vector eld data: The projection
stagehasto producestripeswith an additionalareaat the
upperor lower partsof the stripe. Of course this overlap-
pingarea—or‘buffer zone”—isonly neededf astripehasa
neighboratthecorrespondingorderi.e.,theuppermosand
lowermoststripesonly needonebuffer zoneat the lower or
upperborders respectrely. Figure 4 shawvs how the buffer
zoneis constructedn the projectionstageandsubsequently
usedby theLIC stageThebuffer zoneis only needediuring
particletracingand canbe ignoredfor later processstages
of thevisualizationprocessin particular the startingpoints
for LIC traces(in the LIC stage),the blendingstage,and
thereadbaclof intermediateesultsfrom theframeluffer are
basedon the original stripeareain orderto avoid unneces-
sarycomputations.

The size of the buffer zoneshouldbe chosencautiously
becauset canunnecessarilglow down the renderingpro-
cesdf settoo big. Of coursejf the buffer zoneis too small,
the previously mentionederror remainsvisible. The size of
the buffer zoneis determinecy

_ Ncorvolution .
Souffer = — 5 VmaxDt

where Neonvolution 1S the numberof corvolution steps(the
size of the discretizedLIC lter kernel),vmax is the maxi-
mum velocity magnitudein the dataset,and Dt is the step
size usedfor discretizingthe LIC computation.The factor
1=2 re ects the fact that a symmetric Iter kernelis used,
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i.e. particletracesfollow onehalf of the Iter kernelin both

directions.The value sy fer iS the maximumdistancealong

a particletracein imagespaceanddescribegshe worstcase
whena streamlings perpendiculato the stripe border For

consisteny, the parametersiax andDt needto be speci ed

with respecto imagespaceaswell. Note that vimay is read-
ily availablefor mary applicationsFor example streamline-
based_IC assumeshatthe vectormagnitudds normalized
tounitlength.As anotherexample therepresentatioof vec-

tor datain 8-bit texture formatsgivesa directboundfor the

vectormagnitude The buffer zoneis designedor theworst

casescenariowith a conserative estimatefor the particle-

tracelength.More sophisticate@stimatege.g.by consider

ing vector eld direction)mightleadto areducedsizeof the

buffer zone,however, at the costof a moretime-consuming
computatiorof the estimate.

5.3. Load Balancing

In orderto achieze an optimal overall performancegvery
nodeof the clustershouldbe assignedin equalshareof the
workload. So far, image-spaceartitioning relies on static
stripesthatdivide the viewportin equallysizedareasHow-
ever, the determiningfactorfor performancas not the size
of the areain imagespace but the actualnumberof frag-
mentsof the surface geometrythat needto be processed.
It is obvious that a nodewith a stripe fully coveredby the
surfacemodelis far slover thana nodeassignedo a com-
pletelyemptyregion. To overcomethis problemwe adopta
dynamicadjustmenbf the heightof the stripesdepending
ontheassociateevorkload.We usetwo alternatve methods
to determingheworkload:atiming-basednethodthatactu-
ally measureshe workload,anda pixel-countingapproach
thatprovidesan estimatefor the computatiortime basedon
thenumberof pixels.

For the timing-basedmethod,the time neededto nish
renderingis continuouslymeasuredn every clusternode.
Thesetimings are then gatheredfor the currentframeand
usedto adjustthe stripe heightsfor renderingthe subse-
guentframe: The stripe heightsaremodi ed relative to the
speeddifferencesbetweennodes.The underlyingassump-
tion is thatthetimings area goodestimatefor therendering
timesof thefollowing frame,whichis reasonablashenthere
is temporalcoherencdor rendering.The timing-basedap-
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Figure 5: Computinghe estimatefor the pixel-countingappoad. Pixelsof the downsampledendering(left) are storedin an
accumulatedhistogram (center).Thestripe sizes(along the horizontalaxis of the histagram) are determinedy inverting the
accumulatedhistagramfor equallysizedpixelintervals(alongthevertical axis). Thestripesare shownto theright.

proachcanbeimplementedwith almostno overheador ad-
ditional processinglt justinvolvestakingthe startandend
timesfor rendering,and transferringthosetimes whenthe
intermediateimagesare sentbetweennodesfor nal ren-
dering. The main dravbackis that the optimal size for the
stripesis typically not achieved completely Thisis to some
extentdueto inaccuracie®f time measurements connec-
tion with high framerates.But moreimportantly this issue
is relatedto the partially violatedassumptiorof perfecttem-
poral coherencelf the contentof the framehuffer changes
rapidly, temporalcoherencédetweerconsecutie framesdi-
minishesandtheloadbalancings lesseffective.

The secondapproachusesa pixel-countingalgorithmto
avoid the aforementioneddravbacks. The idea is to ob-
tain an estimateof the framehuffer contentbeforerender
ing. With a goodestimatethe workload canbe adjustedn
a way that every nodegetsthe samenumberof fragments
of the geometrymodelassignedor LIC processingSince
the workload is mainly dependenbn the amountof frag-
mentsthe vector elds getsprojectedon, this approachel-
lows for an effective load balancing.Since computingthe
estimatehasto be fastto minimize overheadwe rendera
downsampledmage of the geometrymodel rst. In order
to assurethe accurag of the estimationa tradeof between
theinherentoverheadndtheusedquality needg¢o bemade.
For all our testsand performanceneasurementa factorof
one- fth for eachdimensionwas chosen.The geometryis
rendereccompletelyunshadedo further speedup process-
ing. Theresultof thisrendermprocesss readfrom theframe-
buffer to generatean accumulatedhistogram.For eachrow,
the numberof pixels coveredby the geometrymodelis de-
terminedandsummedup consecutiely. Figure5 shavs the
relationshipbetweenframeluffer contentand the accumu-
latedhistogram We divide thetotal numberof pixelsby the
numberof clusternodego obtaintheidealnumberof pixels
per node.Using the inverseof the histogram,equallysized
intenals (wherethe interval sizecorresponds$o the number
of pixelspernode)aremappedo actualstripeheightsin the
frameluffer. The pixel-countingapproachs computedwith

the currentcamergparametersind, thus,is not affectedby
changef frameluffer contentsThe main disadwantageis
the slightly higherrenderingoverhead gspeciallyfor large
surfacemeshes.

6. Object-SpacePartitioning

Not only cana clusterbe usedto scalerenderingspeed put
alsoto scaleavailablememorybecauseachnodeprovides
some x edamountof memory The goalto achieve the best
performanceby using multiple processorss oftenon a par
with thegoalto visualizevery largevector elds. To display
hugevector elds, the considerablyargercombinedtexture
memoryof the PCclusteris used.

Thevector eld hasto be partitionedbecausehe texture
memoryof a PC clusteris not availablein one piece—itis
distributed memory We adopta bricking approachknowvn
from parallelvolumerendering:The vector eld is divided
into bricks, and eachof thesebricks correspondgso a sub-
volume of the vector eld. A single clusternodeworks on
its assignedorick. The brick size (or the numberof nodes)
shouldbe chosersothatthe vector eld dataof a brick ts
in thetexture memoryof asinglenodes GPU.

Only the projectionstageis affectedby bricking because
the3D vector eld is only usedn thatpartof oursurfaceLIC
algorithm.The following modi cations needto beincorpo-
rated.First, it hasto be ensuredhat a clusternodegener
atesa projectedvector eld only within its own brick. Six
brick-alignedclip planesareusedto cut the surfacegeome-
try awayfor regionsoutsidethebrick. Secondacompositing
stepneeddo beincludedto reconstructhefull image-space
basedvector eld. Compositings distributedamongnodes,
with the samestripe-basedrganizationthatis usedfor the
LIC stage.Thereforeevery nodehasto sendits contentof
the correspondingstripeto the clusternodethatis respon-
sible for this stripe. Here, we must pay attentionthat the
nodessendstripesincluding the buffer zones.In this sort-
lastapproachtheintermediatesector eld imagesarecom-
positedin a back-to-frontorder Sincethe surfacegeometry
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Table 1: Performancewith varyingamountof nodesyendeedona 800 800viewport. Numbesin bracketsdenotespeedup.

numberof clusternodes 1 2 3

4 5 6 7 8

FPSstaticstripes
FPSdynamictime-based -
FPSdynamicpixel-based -

2.23 3.86(1.7) 2.82(1.3) 4.01(1.8) 4.12(1.8) 5.07(2.3)
4.00(1.8) 5.62(2.5) 6.67(3.0) 7.91(3.5) 9.10(4.1) 10.12(4.5) 10.89(4.9)
3.83(1.7) 5.21(2.3) 6.29(2.8) 7.25(3.3) 8.14(3.7)

5.06(2.3) 6.29(2.8)

8.95(4.0) 9.67(4.3)

is opaque alphablendingis not neededIn fact, similarly
to painters algorithm,incomingnon-backgroungixelsjust
overwrite existing pixels. Theresultof this compositings a
completeprojectionof thevector eld for thatstripe.

The LIC stageis not affectedby thesemodi cations be-
causat usesonly theresultof theprojectionpart. Therefore,
the object-spaceartitioning of the datasetcanbe directly
combinedwith the image-spacelecompositiorfor the LIC
computations.

7. Resultsand Discussion

All measurementaere conductedon a GPU-basedluster
with eightrendemodes Eachnoderunstwo AMD Opteron
processorat2.18GHz andis providedwith 4 GB of system
memory For renderingall nodeshave anNVIDIA GeForce
6800 Ultra with 256 MB of texture memoryinstalled.The
clusters internal communicatioris driven by MPI over an
In niband interconnectiorthat provides low lateng times
anddatatransferratesof up to 800 MB per secondlIn our

testenvironment,the PC running the viewer applicationis

connectedo theclusterusinga Gigabit Ethernenetwork.

To demonstratehe scaling behaior of our systemwe
rst shawv the resultsobtainedwith an increasingnumber
of nodesusedfor renderingon a 800 800 sizedviewport
usinga 128 sizedvector eld. During this test seriesno
object-spacgartitioningwascarriedoutin orderto provide
comparabilityandto avoid effectscauseddy a compositing
stageor a correspondingcommunicatiorscheme The sur
faceis generatedby renderingthe GLUT teapotthatrotates
aroundthe mainaxiswhile the measuremenvastaken (see
color plate Figurel). With this constantchangeof the ren-
deredmage wetry to simulatereproduciblaiserinteraction
and allow for measuringthe effects of the dynamicstripe
adaptionunderrealistic conditions.Table 1 documentsour
resultsfor threetestseries eitherusinga staticdistribution
with equallysizedareasn image-spacer usingoneof the
two dynamicloadbalancingtechniquegrom Section5.3.

The speedupobtainedin the static caseusing all eight
clusternodesis only a factorof 2:82, comparedo the sin-
gle nodesetup.This small speedugs mainly causedby a
highly imbalanceddistribution of the workload throughout
the cluster With increasingnumberof nodes,the top and
bottomstripesreceve a rapidly decreasingiumberof frag-
mentsof the surfacemodel,while the numberof fragments
for thecenterstripesdecreasesnly slowly. Addingdynamic
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load balancingsigni cantly improves the performanceof
thecompletesystemFor bothdynamicloadbalancingech-
nigues,an 8-nodecon guration achievesa speedumf over
4:3, with anaverageframerateof approximatelylO fps. In
all measurementthetiming-basednethodperformedoetter
thanthe pixel-countingapproachwhichis dueto the higher
overheadfor computingthe pixel-countingestimate How-
ever, for othertestswith lesstemporalcoherenceébetween
frames,we alreadyexperiencedthat the performancegap
betweenthe timing-basedand pixel-counting approaches
closed.If moreparameterghangein-betweerframes,such
asthe geometryof the surface,we expectto achiere a per
formanceadwantagewith the pixel-countingapproach.

Adding the object-spacepartitioning schemeto the pro-
jection stageallows us to increasethe size of the visual-
ized vector eld at the cost of additional communication
and compositing.For performancemeasurementsye used
a’512 vector eld with anoverall dataamountof 1.28GB.
Distributing the datausing all eight clusternodesleadsto
nearly200MB of texturedataassignedo eachclustermnode,
which is closeto the texture limit of the usedGPUs.Us-

Figure 6: Resultingimage of distributed rendering with
eightGPUnodesThegeometricobjectwasmodeledy Sam
Drake andtesselatedyy AmyGood and PeterPike Sloan.



S.Badthaleret. al. / Parallel Texture-Based/ctorField isualizationon CurvedSurfacedJsing GPU ClusterComputes

ing the sameparameterand geometryas statedabove, we
achieved a renderingrateof 3:08 fps for staticimage-space
loadbalancingand3:79fpsfor bothdynamicloadbalancing
methodgwith eightnodes)For comparisonthe 128 sized
datasetrendersat 3:11 fps and 3:90 fps, respectiely. As
describedusingobject-spacartitioningrequiresan addi-
tional compositingstepfor the projectedvector eld, which
is also the main reasonfor the measureddrop in perfor
mance Takingthis overheadnto accountwe achiese anal-
mostoptimalscalingbehaiour for the GPUmemory

Figure6 shavs theresultof o w visualizationon a more
comple surfacemeshwith 25000polygonsanda512 sized
vector eld. Whenrenderingon a 800 800 viewport with
eightnodeswe obtained2:22 fps.

8. Conclusionsand Futur e Work

We have presented parallelizedalgorithmfor surfaceLIC
on a GPU-clusterarchitectureThe key elementsarea sort-
rst stratgy with image-spacelecompositiorto distribute
the workload for expensve LIC computationsand a sort-
last approachwith an object-spacepartitioning of the vec-
tor eld to increasethe available GPU memory We have
demonstratethatthe sort- rst andsort-lastmethodscanbe
combinedo ahybrid techniquén orderto bene tfrom both
of their advantagesWe have alsoaddressedssuessuchas
dynamicload balancingor the reducedlocality of particle
tracing, which can be solved by introducingbuffer zones.
Our performanceneasurementsave shavn thatourimple-
mentationprovides an acceptableerformancescalingbe-
havior for moderatelysized GPU clusters.An equallyim-
portantbene t is that object-spacelecompositiorenables
usto visualizelarge vector eld datasetsinteractively; and
memoryscalingcomesata negligible performancesost.

For future work, parallelrenderingcould be extendedto
theprojectionof thesurlacegeometnyitself in orderto visu-
alizeextremelylarge surfacemeshes.
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Figurel: Image takenfromthethe performanceneasuement Figurell: Resultingmage of distributedrenderingwith eight
series. GPUnodes.
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