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Abstract
Weadopta techniquefor texture-basedvisualizationof �ow �elds oncurvedsurfacesfor parallel computationon
a GPU cluster. TheunderlyingLIC methodrelieson image-spacecalculationsand allows the userto visualize
a full 3D vector �eld on arbitrary and changinghypersurfaces.By usingparallelization,both the visualization
speedand the maximumdata set sizeare scaledwith the numberof cluster nodes.A sort-�r st strategy with
image-spacedecompositionis employedto distribute the workload for the LIC computation,while a sort-last
approach with anobject-spacepartitioningof thevector�eld is usedto increasethetotal amountof availableGPU
memory. Wespeci�cally addressissuesfor parallel GPU-basedvector�eld visualization,such asreducedlocality
of memoryaccessescausedbyparticle tracing, dynamicloadbalancingfor changingcamera parameters,andthe
combinationof image-spaceand object-spacedecompositionin a hybrid approach. Performancemeasurements
documentthebehaviorof our implementationona GPUclusterwith AMD OpteronCPUs,NVIDIA GeForce6800
Ultra GPUs,andIn�niband networkconnection.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.3 [ComputerGraphics]:Viewing algorithmsI.3.3
[Three-DimensionalGraphicsandRealism]:Color, shading,shadowing, andtexture

1. Intr oduction

Flow visualizationis an importanttopic in scienti�c visual-
ization, addressingthe display and visual analysisof data
that may originate from numerical simulations—suchas
thoseof computational�uid dynamics—orfrom measure-
mentsduring �o w experiments.Line integral convolution
(LIC) [CL93] and other relatedtexture-basedmethodsare
successfullyappliedto �o w �elds on planar2D domains.A
key bene�t of texture-basedtechniquesis their capabilityto
graduallymodify thedensityof thevisualrepresentation.In
particular, a representationthat denselycovers the domain
with particle tracesovercomesthe problemof identifying
appropriateseedpointsfor traces.AlthoughLIC canbeap-
pliedto 3D �o w, it typically suffersfrom problemsof clutter
andocclusion.Therefore,�o w visualizationon curved 2D
hypersurfacesthroughthecomplete3D datasetis an inter-
estingcompromisebetweenthecompletenessand�e xibility
of thevisual representationon theonehandandthe reduc-
tion of perceptualproblemson theotherhand.

Recently, therehasbeensigni�cant algorithmicprogress

in ef�ciently computingLIC onsurfacesvia image-spaceap-
proaches[LJH03,vW03,WE04]. Thesemethodsalsobene-
�t from leveragingthe processingpower of GPUs(graph-
ics processingunits). In this paper, we adopt the method
from [WE04] becauseit mostaccuratelymodelstheoriginal
LIC idea,providing goodimagequalityandtemporalcoher-
encefor animatedvisualizations.Unfortunately, theperfor-
manceof surfaceLIC isstronglyin�uencedby imageresolu-
tion,whichmayleadto renderingrateswell below oneframe
persecond(fps) for high-resolutionvisualizationscovering
morethanamegapixel.Anotherissueis therestrictionof the
amountof availabletexturememory, which limits themaxi-
mumsizeof the3D �o w datasetthatcanbevisualized.

In this paper, weaddressboththeperformanceandmem-
ory issuesby extendingandadaptingsurfaceLIC to a GPU
cluster, i.e.,aclustercomputerwith GPU-equippedcompute
nodes.Image-spacedecompositionis usedto scalethevisu-
alizationspeedwith thenumberof GPUnodes,while object-
spacedecompositionleadsto a scaling of available GPU
memory. Parallelizingthiskind of GPUalgorithmposespar-
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ticularchallengesthatareaddressedin thispaper:communi-
cationof intermediateresultsbetweenGPUs,mainmemory,
anddifferentcomputenodes;asigni�cantly reducedlocality
of memoryaccessescausedbyparticletracesthatcoverlarge
spatial regions (i.e., particularly lesslocality than for par-
allel volumerendering);dynamicload balancingthat takes
into accounta stronglyview-dependentbehavior of surface
LIC; andthe combinationof image-spaceandobject-space
decomposition.In addition,we documentthe performance
characteristicsof our approachby including timings of our
implementation.

2. RelatedWork

Texture-based�o w visualizationhasbeenanimportantele-
mentof theresearchin scienti�c visualization.An overview
of the large body of previous work is given in the survey
article [LHD� 04]. Spotnoise[vW91] andline integral con-
volution (LIC) [CL93] areearlyexamplesfor texture-based
techniques.Recently, advancesin texture-based�o w visu-
alizationareoftenconnectedto the increasingperformance
andfunctionalityof GPUs,whichcanbeusedto improvethe
speedof 2D �o w visualization[JEH00,WHE01,vW02].

Oneapproachto extend�o w visualizationmethodsfrom
Euclideanspaceto acurved2D manifold—suchasasurface
embeddedin 3D space—usesaparametrizationof thatman-
ifold. For example,LIC canbeextendedto curvedsurfaces
by computingthe convolution in the parameterspaceof a
curvilineargrid [FC95]. Oneof theproblemsof suchanap-
proachis theneedfor �nding a parametrization,which can
be dif�cult and time-consuming.An alternative approach
overcomesissuesof parametrization-orientedmethodsby
working in imagespace.For example,textureadvectioncan
beappliedin sucha way [LJH03,vW03]. In this paper, we
follow an improved methodthat largely adoptsan image-
spaceapproachandovercomesproblemsrelatedto tempo-
ral coherenceand visualizationquality [WE04]. All these
image-spacemethodsare designedto work with GPUsto
achieveahighvisualizationspeed.

There is a large body of researchon utilizing cluster
systemsto improve the performanceof typical computer
graphicsmethodslike ray tracing, volume rendering,and
polygon-basedrendering.In general,parallel visualization
systemscanbe classi�ed assort-�r st, sort-middle, or sort-
last [MCEF94]. In addition,hybrid approachescombining
featuresof differentpartitioningstrategieshave beengain-
ing increasinglymoreattention,e.g.,in theform of ahybrid
sort-�rst and sort-lastmethodfor parallel polygon render-
ing [SFLS00] or ahybrid object-spaceandimage-spacedis-
tributionschemefor volumerendering[GS02].

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

ing [BMP� 90,Lan94,Lan95]. For texture-based�o w visual-
ization, thereexist parallelversionsof LIC [CL95, ZSH97]
that run on massively parallelCPU systems.Similarly, the
GeoFEM [CFN02] system,which is designedfor large
sharedmemorysymmetricmultiprocessorarchitectureslike
the Earth Simulator, containsmethodsfor parallel parti-
cle tracking and 3D LIC alike. More recently, Muraki et
al. [MLM � 03] describedanapproachusingGPU-basedclus-
tersystemsfor renderingvolumetricdatasetswith anexten-
sion for visualizing3D LIC volumesconstructedin a pre-
processingstep.

3. Image-SpaceLIC on Surfaces

In this section,we give a brief overview of thesingle-GPU
�o w visualizationmethod[WE04] thatis usedin this paper.
We adopta Lagrangianapproachto particle tracingas the
basisfor LIC. The path of a particle is determinedby the
ordinarydifferentialequation

dr(t)
dt

= v(r (t);t) ; (1)

wherer(t) describesthepositionof theparticleat timet and
v(r ;t) denotesthetime-dependentvector�eld. Thepositions
r 2 R3 arerestrictedto locationsonthesurfaceembeddedin
R3. For a tangentialvector�eld, Eq. (1) leadsto curvesthat
stayon thesurface.

So far, the vectorandpoint quantitiesaregiven with re-
spectto physical space(P-space).Thebasicideaof image-
spacemethodsis to perform the relevant computationin
imagespace.In fact, the image-spaceoperationsare per-
formed in normalizeddevice space(D-space),which has
extent [0;1]3. D-spaceis ideal to computeLIC on a per-
pixel basiswith respectto the imageplanein orderachieve
a largely output-sensitive algorithmand a uniform density
on the imageplane.On the otherhand,therearesomeas-
pectsthat are better representedin P-space,in particular,
the 3D noiseinput for LIC in orderto guaranteeframe-to-
frame coherenceundercameramotion. The advantagesof
P-spaceandD-spacerepresentationsarecombinedby com-
putingparticlepathsin bothspacessimultaneously, asillus-
tratedin Figure1.

Explicit numericalintegration, suchas a �rst-order ex-
plicit Eulerscheme,workswith P-spacecoordinatesr P � r
andthe original tangentialvectorsvP � v to solve Eq. (1).
After eachintegrationstep,thecorrespondingpositionin D-
spaceis computed.Thevector�eld is no longergivenon a
P-spacebut a D-spacedomain,i.e., we have different rep-
resentationsfor the vector componentsand the associated
point on thesurface.Themodi�ed particle-tracingequation
thenis

drP(t)
dt

= vP(rD(t);t) ; (2)

whererD andrP representthesamepositionwith respectto
D-spaceandP-space,respectively.
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Figure 1: CoupledD-space(left) and P-space(right) rep-
resentationsof the same scene. c
 2004 Weiskopf and
Ertl [WE04].

The crucial step in making the integration processef�-
cientis to reducethe3D representationof thequantitiesto a
2D D-spacerepresentationwhenpossible.Since�o w �elds
areassumedto liveonopaquesurfaces,only theclosestsur-
facelayer needsto be considered.Here,the depthcompo-
nentcanbeindirectlycomputedbecausethedepthvaluesof
thesurfaceonwhichthevisualizationis computedis known.

Thealgorithmconsistsof two majorparts.In the�rst part,
the2D texturesfor startingpositionsr P andthevector�eld
vP areinitializedby renderingthemeshrepresentationof the
hypersurface.The closestdepthlayer is extractedby the z
test.TheP-spacepositionsaresetaccordingto thesurface's
objectcoordinates.The vector �eld texture is �lled by vP,
whichoriginatesfrom slicingthrougha3D texturethatholds
the vector�eld dataset.Becausethe vector�eld is usually
not tangentialfrom construction,it hasto be madetangen-
tial by removing thenormalcomponent,which is computed
accordingto thenormalvectorsof thesurfacemesh.In the
secondpart, Eq. (2) is solved by iteratingover integration
steps.Thispartworksonthe2D x–y sub-domainof D-space,
andit successively updatesthecoordinatesr P andrD along
theparticletraces,while simultaneouslyaccumulatingcon-
tributionsto theconvolution integral.

Theimplementationof thecompletevisualizationprocess
can be split into threestages:the projection stage, which
projectsthe surfacegeometryandthe vector �eld onto the
imageplane,theLIC stage, whichcomputestheline integral
on theimageplane,andtheblendingstage, whichcombines
a LIC imagewith therenderedimageof thesurfacegeome-
try. All threestagesareimplementedby vertex andfragment
programsto makeuseof thehighprocessingspeedof GPUs.

Theprojectionstageproducesthree2D texturesasinter-
mediateresults:theprojectedvector�eld vP, thestartpoint
for particle tracingrP, and the renderedimageof the illu-
minatedsurface.Thesethreetexturesare �lled in a single
renderingpassby usingmultiplerendertargets(MRTs).The

performanceof theprojectionstageis comparableto theper-
formanceof renderingthe surfacewith illumination being
enabled—itjust addsa few instructionsthatprojectthevec-
tor �eld andwrite out theinitial coordinatesfor particletrac-
ing.

In contrast,theLIC stageis computationallymoreexpen-
sive.Thisstageusesintermediateresultsfrom theprojection
part to computethe line integral. It solvestheparticletrac-
ing Eq. (2) to advancepositionsalongstreamlines.Simul-
taneously, contributionsto theline integral areaccumulated
alongthestreamline.The input noiseis storedin a 3D tex-
ture.Potentialaliasingdueto perspective foreshorteningis
avoidedby anadaptedversionof MIP mapping(see[WE04]
for details).Theresultof thisstageis written to a2D texture
thatholdsthegray-scaleLIC imageontheimageplane.Par-
ticle tracingand integral accumulationare implementedin
a shaderloop thatadvancesalongthestreamline.Typically,
the numberof iterationsis between40 and300.Therefore,
theoverwhelmingperformancecostsareassociatedwith the
LIC stage.NotethattheLIC computationis only performed
for pixelsthatarecoveredby theprojectedsurfacegeometry,
i.e.,fragmentprocessingis skippedfor backgroundpixelsby
meansof theearlyz test.Thez valuesfor this maskingare
obtainedfrom theprojectionstage.Maskingleadsto a ren-
deringrun time that is proportionalto thenumberof visible
pixels,i.e. outputsensitivity is achievedto a largeextent.

Finally, theblendingstagecombinestheresultof theLIC
stageandthelit surfacegeneratedin theprojectionstageby
blendingandmodulation.In this way, both theLIC texture
andthesurfacegeometryarevisualizedat thesametime.

This�o w visualizationtechniquecompletelyre-computes
theLIC imagefor eachframe.Therefore,therenderingper-
formanceis not affectedby deformingor changingthesur-
facegeometry, or by moving the camera.In this way, this
approachis suitedfor interactiveapplicationsin whichvisu-
alizationparameterscanberapidlychangedby theuser.

4. Parallel GPU-BasedVisualization

In orderto utilize theclusterenvironmentin termsof render-
ing speedaswell asmemoryscalability, weemploy ahybrid
sort-�rst sort-lastrenderingscheme.

Oursoftwarearchitectureconsistsof two majorelements:
auserapplicationanddistributedrenderclients.Theuserap-
plicationactsasthefrontendthatpresentsthe�nal imageof
the distributed renderingandhandlesuserinputs.For ren-
dering,basicgraphicsfunctionality is suf�cient andno spe-
cial hardwarerequirementsneedto bemet,in particularnot
theonesnecessaryfor visualizingthevectordata.Thefron-
tendis connectedto thePCclustervia TCP/IPallowing the
userto visualizedatafrom a remotelocation.Eachnodeof
theclustersystemrunsan instanceof the renderclient that
visualizespartsof the �nal imagedependingon the user-
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Figure 2: Overview of thecommunicationarchitecture. The
viewer communicateswith the clusterusingTCP/IP (green
solid lines).Cluster-internal data transferis drivenby MPI
(bluedashedlines).In the�r st part of thealgorithmobject-
spacepartitioning is appliedto theprojectionof thevector
�eld. Image-spacepartitioning is usedfor theLIC stage.

speci�edparameters,thenumberof clusternodesused,and
thepartitioningscheme.

The communicationschemefor parallel visualizationis
illustrated in Figure 2. The following stepsare involved:
First, theviewer applicationsendsa renderrequestto a sin-
gleclusternode.Sucharenderrequestcontainsall informa-
tion necessaryto rendera singleframe,e.g.cameraparam-
eters,lighting conditions,andLIC parameters.Second,the
requestis thenbroadcastto all the other remainingcluster
nodesusingMPI (messagepassinginterface).Weadoptthis
two-level communicationin contrastof a direct broadcast
of the userapplicationin order to minimize the amountof
datato besentover a possiblynarrow-bandedTCP/IPinter-
connection.Third, every clusternodeprocessesthe request
andrendersanoutputimageaccordingto thegivenparam-
eters.Image-spacepartitioningis basedon stripesdividing
theframebuffer into separateareaseachof whichis assigned
to a differentrendernode(seeSection5). Additionally, the
projectionof thevector�eld onto thehypersurfacecanop-
tionally make useof object-spacepartitioningto exploit the
scalabilityof texturememoryin a GPU-basedclusterenvi-
ronment(seeSection6). Finally, the contentof the frame-
buffer within the assignedstripeis readbackon eachnode
andsentto theuserapplication.To reducetheoverallamount
of datato betransferredover TCP/IP, we compressthedata
usingLZO real-timecompressionbeforesending.Notethat
a two-level approachfor communicationwould not reduce
theamountof transferreddatain caseof sort-�rst partition-
ing schemes,but would introduceadditionaloverhead.The
userapplicationdecompressestheimagetilesandcomposes
theminto a �nal imagethatis shown to theuser.

5. Image-SpaceDecomposition

Our methodto acceleratesurfaceLIC makesuseof a sort-
�rst approach.Theimageplaneis split into sub-imagesthat
arerenderedon separateclusternodes.Ideally, the amount

of work pernodeis reducedto 1=n, wheren is thenumber
of sub-images(i.e.numberof clusternodes).

5.1. Partitioning of ImageSpace

We partition the imagespacewith a collectionof horizon-
tal stripes.This partitioningaffects the projectionandLIC
stagesalike.

For the projectionstage,we do not separatethe surface
geometryinto differentpiecesfor parallelrenderingbecause
thesizeof thesurfacemeshdoesnot posea renderingbot-
tleneckin our case.Typical visualizationmeshesconsistof
fewer thana million triangles.Therefore,eachnodeholdsa
copy of thecompletesurfacegeometry. For the time being,
wealsoassumethatthevector�eld datais completelyrepli-
catedon eachnode.(This restrictionis overcomeby object-
spacepartitioningin Section6.) In theprojectionstage,the
viewport needsto be adjustedto produceintermediatere-
sultsonly for the image-spacestripethat is associatedwith
a respective rendernode.This is achievedby modifying the
view frustumof thecamera.Thepartsof thegeometrythat
are not visible in the stripe are removed by view frustum
clipping.

The LIC stageworks directly in imagespace.A render
nodeonly processesthosepixelsthatlie within its respective
stripe.In otherwords,the LIC computationis parallelized
with asort-�rst approachbecausethecomputationaldomain
is partitionedwithout any overlap.Similarly, the blending
stageworksdirectlyonaper-pixel basisin theimagestripe.

The constructionof the �nal imageis reducedto a sim-
ple tiling of intermediateimagestripes.Here,theviewerap-
plication needsan offset in additionto the contentof a re-
spective stripeto placethe received framebuffer contentof
a stripeat the properpositionin the �nal image.To calcu-
latethisoffset,only theheightsof thestripesthatareplaced
below thecurrentstripeareneeded.As anexample,thelow-
ermoststripedoesnot needany offset (this is becausethe
framebuffer “begins” at thelower left corner).Thestripeon
top of this stripedoesneedan offset equalto the heightof
the�rst stripe,etc.

5.2. ContinuousBorder Transitions

A problemariseswhentheabove stripeapproachis usedin
combinationwith particletracingin theLIC stage:A parti-
cle tracethat startswithin onestripemay leave that stripe
andentera neighboringstripe.In otherwords,particletrac-
ing breaksthe per-pixel locality that hasto be assumedfor
a naive imagedecomposition.Oncea particletraceleavesa
stripe,it hasno longeraccessto requiredvector�eld infor-
mation.This leadsto clearlyvisibleborderartifactsbetween
two stripes,asillustratedin Figure3. The�o w is interrupted
at theborderanddoesnot continueseamlesslyinto thenext
stripe.
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Figure 4: Thebuffer zonearoundan image stripe, as constructedin the projectionstage and subsequentlyusedby the LIC
stage.

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

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 neededif astripehasa
neighboratthecorrespondingborder, i.e.,theuppermostand
lowermoststripesonly needonebuffer zoneat thelower or
upperborders,respectively. Figure4 shows how the buffer
zoneis constructedin theprojectionstageandsubsequently
usedby theLIC stage.Thebuffer zoneis only neededduring
particle tracingandcanbe ignoredfor later processstages
of thevisualizationprocess.In particular, thestartingpoints
for LIC traces(in the LIC stage),the blendingstage,and
thereadbackof intermediateresultsfrom theframebuffer are
basedon the original stripeareain orderto avoid unneces-
sarycomputations.

The sizeof the buffer zoneshouldbe chosencautiously
becauseit canunnecessarilyslow down the renderingpro-
cessif settoo big. Of course,if thebuffer zoneis too small,
thepreviously mentionederror remainsvisible. Thesizeof
thebuffer zoneis determinedby

sbuffer =
nconvolution

2
vmaxDt ;

wherenconvolution is the numberof convolution steps(the
sizeof the discretizedLIC �lter kernel),vmax is the maxi-
mum velocity magnitudein the dataset,andDt is the step
sizeusedfor discretizingthe LIC computation.The factor
1=2 re�ects the fact that a symmetric�lter kernel is used,

i.e. particletracesfollow onehalf of the�lter kernelin both
directions.Thevaluesbuffer is themaximumdistancealong
a particletracein imagespaceanddescribestheworstcase
whena streamlineis perpendicularto thestripeborder. For
consistency, theparametersvmax andDt needto bespeci�ed
with respectto imagespaceaswell. Note thatvmax is read-
ily availablefor many applications.For example,streamline-
basedLIC assumesthat thevectormagnitudeis normalized
tounit length.Asanotherexample,therepresentationof vec-
tor datain 8-bit textureformatsgivesa directboundfor the
vectormagnitude.Thebuffer zoneis designedfor theworst
casescenariowith a conservative estimatefor the particle-
tracelength.Moresophisticatedestimates(e.g.by consider-
ing vector�eld direction)might leadto areducedsizeof the
buffer zone,however, at thecostof a moretime-consuming
computationof theestimate.

5.3. Load Balancing

In order to achieve an optimal overall performance,every
nodeof theclustershouldbeassignedanequalshareof the
workload.So far, image-spacepartitioning relies on static
stripesthatdivide theviewport in equallysizedareas.How-
ever, the determiningfactorfor performanceis not the size
of the areain imagespace,but the actualnumberof frag-
mentsof the surfacegeometrythat needto be processed.
It is obvious that a nodewith a stripefully coveredby the
surfacemodelis far slower thana nodeassignedto a com-
pletelyemptyregion.To overcomethis problemwe adopta
dynamicadjustmentof the heightof the stripesdepending
on theassociatedworkload.Weusetwo alternativemethods
to determinetheworkload:atiming-basedmethodthatactu-
ally measuresthe workload,anda pixel-countingapproach
thatprovidesanestimatefor thecomputationtime basedon
thenumberof pixels.

For the timing-basedmethod,the time neededto �nish
renderingis continuouslymeasuredon every clusternode.
Thesetimings are thengatheredfor the currentframeand
usedto adjust the stripe heightsfor renderingthe subse-
quentframe:Thestripeheightsaremodi�ed relative to the
speeddifferencesbetweennodes.The underlyingassump-
tion is thatthetimingsarea goodestimatefor therendering
timesof thefollowing frame,whichis reasonablewhenthere
is temporalcoherencefor rendering.The timing-basedap-
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Figure5: Computingtheestimatefor thepixel-countingapproach. Pixelsof thedownsampledrendering(left) arestoredin an
accumulatedhistogram(center).Thestripesizes(along thehorizontalaxisof thehistogram)are determinedby inverting the
accumulatedhistogramfor equallysizedpixel intervals(alongtheverticalaxis).Thestripesareshownto theright.

proachcanbeimplementedwith almostno overheador ad-
ditional processing.It just involvestaking thestartandend
times for rendering,and transferringthosetimeswhenthe
intermediateimagesare sentbetweennodesfor �nal ren-
dering.The main drawback is that the optimal sizefor the
stripesis typically not achievedcompletely. This is to some
extentdueto inaccuraciesof time measurementsin connec-
tion with high framerates.But moreimportantly, this issue
is relatedto thepartiallyviolatedassumptionof perfecttem-
poral coherence.If the contentof the framebuffer changes
rapidly, temporalcoherencebetweenconsecutive framesdi-
minishesandtheloadbalancingis lesseffective.

The secondapproachusesa pixel-countingalgorithmto
avoid the aforementioneddrawbacks.The idea is to ob-
tain an estimateof the framebuffer contentbeforerender-
ing. With a goodestimate,theworkloadcanbeadjustedin
a way that every nodegetsthe samenumberof fragments
of the geometrymodelassignedfor LIC processing.Since
the workload is mainly dependenton the amountof frag-
mentsthe vector �elds getsprojectedon, this approachal-
lows for an effective load balancing.Sincecomputingthe
estimatehasto be fast to minimize overhead,we rendera
downsampledimageof the geometrymodel �rst. In order
to assurethe accuracy of the estimationa tradeoff between
theinherentoverheadandtheusedqualityneedsto bemade.
For all our testsandperformancemeasurementsa factorof
one-�fth for eachdimensionwaschosen.The geometryis
renderedcompletelyunshadedto further speedup process-
ing. Theresultof this renderprocessis readfrom theframe-
buffer to generateanaccumulatedhistogram.For eachrow,
thenumberof pixelscoveredby thegeometrymodelis de-
terminedandsummedup consecutively. Figure5 shows the
relationshipbetweenframebuffer contentand the accumu-
latedhistogram.We divide thetotal numberof pixelsby the
numberof clusternodesto obtaintheidealnumberof pixels
per node.Using the inverseof the histogram,equallysized
intervals(wheretheinterval sizecorrespondsto thenumber
of pixelspernode)aremappedto actualstripeheightsin the
framebuffer. Thepixel-countingapproachis computedwith

the currentcameraparametersand,thus,is not affectedby
changesof framebuffer contents.The main disadvantageis
the slightly higherrenderingoverhead,especiallyfor large
surfacemeshes.

6. Object-SpacePartitioning

Not only cana clusterbeusedto scalerenderingspeed,but
alsoto scaleavailablememorybecauseeachnodeprovides
some�x edamountof memory. Thegoalto achieve thebest
performanceby usingmultiple processorsis oftenon a par
with thegoalto visualizevery largevector�elds. To display
hugevector�elds, theconsiderablylargercombinedtexture
memoryof thePCclusteris used.

Thevector�eld hasto bepartitionedbecausethe texture
memoryof a PC clusteris not availablein onepiece—itis
distributedmemory. We adopta bricking approachknown
from parallelvolumerendering:The vector�eld is divided
into bricks,andeachof thesebricks correspondsto a sub-
volumeof the vector �eld. A singleclusternodeworks on
its assignedbrick. The brick size(or the numberof nodes)
shouldbechosenso that thevector�eld dataof a brick �ts
in thetexturememoryof asinglenode's GPU.

Only theprojectionstageis affectedby bricking because
the3Dvector�eld is onlyusedin thatpartof oursurfaceLIC
algorithm.Thefollowing modi�cations needto be incorpo-
rated.First, it hasto be ensuredthat a clusternodegener-
atesa projectedvector �eld only within its own brick. Six
brick-alignedclip planesareusedto cut thesurfacegeome-
try awayfor regionsoutsidethebrick.Second,acompositing
stepneedsto beincludedto reconstructthefull image-space
basedvector�eld. Compositingis distributedamongnodes,
with thesamestripe-basedorganizationthat is usedfor the
LIC stage.Therefore,every nodehasto sendits contentof
the correspondingstripe to the clusternodethat is respon-
sible for this stripe. Here, we must pay attentionthat the
nodessendstripesincluding the buffer zones.In this sort-
lastapproach,theintermediatevector�eld imagesarecom-
positedin a back-to-frontorder. Sincethesurfacegeometry
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Table1: Performancewith varyingamountof nodes,renderedona 800� 800viewport.Numbers in bracketsdenotespeedup.

numberof clusternodes 1 2 3 4 5 6 7 8

FPSstaticstripes 2.23 3.86(1.7) 2.82(1.3) 4.01(1.8) 4.12(1.8) 5.07(2.3) 5.06(2.3) 6.29(2.8)
FPSdynamictime-based - 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)
FPSdynamicpixel-based - 3.83(1.7) 5.21(2.3) 6.29(2.8) 7.25(3.3) 8.14(3.7) 8.95(4.0) 9.67(4.3)

is opaque,alphablendingis not needed.In fact, similarly
to painter'salgorithm,incomingnon-backgroundpixelsjust
overwriteexisting pixels.Theresultof this compositingis a
completeprojectionof thevector�eld for thatstripe.

The LIC stageis not affectedby thesemodi�cations be-
causeit usesonly theresultof theprojectionpart.Therefore,
the object-spacepartitioningof the datasetcanbe directly
combinedwith the image-spacedecompositionfor the LIC
computations.

7. Resultsand Discussion

All measurementswereconductedon a GPU-basedcluster
with eightrendernodes.Eachnoderunstwo AMD Opteron
processorsat2.18GHzandis providedwith 4 GB of system
memory. For rendering,all nodeshaveanNVIDIA GeForce
6800Ultra with 256 MB of texture memoryinstalled.The
cluster's internalcommunicationis driven by MPI over an
In�niband interconnectionthat provides low latency times
anddatatransferratesof up to 800 MB per second.In our
testenvironment,the PC runningthe viewer applicationis
connectedto theclusterusingaGigabitEthernetnetwork.

To demonstratethe scaling behavior of our systemwe
�rst show the resultsobtainedwith an increasingnumber
of nodesusedfor renderingon a 800� 800 sizedviewport
using a 1283 sizedvector �eld. During this test seriesno
object-spacepartitioningwascarriedout in orderto provide
comparabilityandto avoid effectscausedby a compositing
stageor a correspondingcommunicationscheme.The sur-
faceis generatedby renderingtheGLUT teapotthatrotates
aroundthemainaxiswhile themeasurementwastaken(see
color plateFigureI). With this constantchangeof the ren-
deredimage,wetry to simulatereproducibleuserinteraction
and allow for measuringthe effects of the dynamicstripe
adaptionunderrealisticconditions.Table1 documentsour
resultsfor threetestseries,eitherusinga staticdistribution
with equallysizedareasin image-spaceor usingoneof the
two dynamicloadbalancingtechniquesfrom Section5.3.

The speedupobtainedin the static caseusing all eight
clusternodesis only a factorof 2:82, comparedto the sin-
gle nodesetup.This small speedupis mainly causedby a
highly imbalanceddistribution of the workloadthroughout
the cluster. With increasingnumberof nodes,the top and
bottomstripesreceive a rapidly decreasingnumberof frag-
mentsof thesurfacemodel,while thenumberof fragments
for thecenterstripesdecreasesonly slowly. Addingdynamic

load balancingsigni�cantly improves the performanceof
thecompletesystem.For bothdynamicloadbalancingtech-
niques,an8-nodecon�guration achievesa speedupof over
4:3, with anaverageframerateof approximately10 fps. In
all measurements,thetiming-basedmethodperformedbetter
thanthepixel-countingapproach,which is dueto thehigher
overheadfor computingthe pixel-countingestimate.How-
ever, for other testswith lesstemporalcoherencebetween
frames,we alreadyexperiencedthat the performancegap
betweenthe timing-basedand pixel-counting approaches
closed.If moreparameterschangein-betweenframes,such
asthe geometryof the surface,we expectto achieve a per-
formanceadvantagewith thepixel-countingapproach.

Adding the object-spacepartitioningschemeto the pro-
jection stageallows us to increasethe size of the visual-
ized vector �eld at the cost of additional communication
andcompositing.For performancemeasurements,we used
a 5123 vector�eld with anoverall dataamountof 1.28GB.
Distributing the datausing all eight clusternodesleadsto
nearly200MB of texturedataassignedto eachclusternode,
which is closeto the texture limit of the usedGPUs.Us-

Figure 6: Resultingimage of distributed rendering with
eightGPUnodes.ThegeometricobjectwasmodeledbySam
DrakeandtesselatedbyAmyGooch andPeter-PikeSloan.
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ing the sameparametersandgeometryasstatedabove, we
achieveda renderingrateof 3:08 fps for staticimage-space
loadbalancingand3:79fpsfor bothdynamicloadbalancing
methods(with eightnodes).For comparison,the1283 sized
dataset rendersat 3:11 fps and 3:90 fps, respectively. As
described,usingobject-spacepartitioningrequiresan addi-
tional compositingstepfor theprojectedvector�eld, which
is also the main reasonfor the measureddrop in perfor-
mance.Takingthis overheadinto accountwe achieve anal-
mostoptimalscalingbehaviour for theGPUmemory.

Figure6 shows theresultof �o w visualizationon a more
complex surfacemeshwith 25000polygonsanda5123 sized
vector �eld. Whenrenderingon a 800� 800 viewport with
eightnodes,weobtained2:22 fps.

8. Conclusionsand Futur eWork

We have presenteda parallelizedalgorithmfor surfaceLIC
on a GPU-clusterarchitecture.Thekey elementsarea sort-
�rst strategy with image-spacedecompositionto distribute
the workload for expensive LIC computations,and a sort-
last approachwith an object-spacepartitioningof the vec-
tor �eld to increasethe available GPU memory. We have
demonstratedthatthesort-�rst andsort-lastmethodscanbe
combinedto ahybrid techniquein orderto bene�t from both
of their advantages.We have alsoaddressedissuessuchas
dynamicload balancingor the reducedlocality of particle
tracing,which can be solved by introducingbuffer zones.
Our performancemeasurementshave shown thatour imple-
mentationprovides an acceptableperformancescalingbe-
havior for moderatelysizedGPU clusters.An equally im-
portantbene�t is that object-spacedecompositionenables
us to visualizelargevector�eld datasetsinteractively; and
memoryscalingcomesatanegligible performancecost.

For future work, parallelrenderingcould be extendedto
theprojectionof thesurfacegeometryitself in orderto visu-
alizeextremelylargesurfacemeshes.
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Figure I: Image takenfromthetheperformancemeasurement
series.

Figure II: Resultingimageof distributedrenderingwith eight
GPUnodes.
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