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Abstract

New algorithmsthatwork entirely on sparsegrids cancreatedata
setsthatcannotbe handledon uniform gridsary moredueto their

size. On the other hand, most visualizationtechniquesare only

capableof handlinguniform grids. As the interpolationon sparse
gridsis a complicatedandtime consumingprocessdirectvolume

visualizationis unthinkablefor biggerdatasetsuntil theunderlying
interpolationis acceleratedy someordersof magnitude.

Ontheotherhand,quiteanumberof supercomputerandPCclus-

tersexist nowadays providing MPI asthe primary communication
API. By streamingthe datasetsandtheresultingimagesfrom and
to theendusersworkstation their processingpower canbeutilized

without leaving the office.

Parallelizingvisualizationtechniquesisesthe necessityto balance
thecomputationaload,andfor time consumingenderingnethods
previews are usefulfor the user Both, generatingoreview images
andload balancing,is performedexplicitly in mostcases.In this
casestudy we approachheseproblemsby applyinga specialpixel
renderingsequencewhich achieressuperbresultsimplicitly with-
outgeneratinggcommunicatioroverhead.

Keywords: sparseagrids, parallel,volumevisualization,preview,
loadbalancingMPI

1 Introduction

Theever growing sizeof datasetsresultingfrom industrialandsci-
entific simulationsandmeasurementsave createdhe needto em-
ploy multi-resolutiontechniquegor bothanalysisspeedumnddata
reduction. Among the mostsophisticatecpproachesrewavelets
andsparsarids. Baseduponhierarchicakensorproductbasesthe
sparsegrid approachis a very efficient oneimproving theratio of
investedstorageand computingtime to the achieved accurayg for
mary problemsn theareaof numericalsolutionof partialdifferen-
tial equationsfor instancan numericalfluid mechanicsRecently
thebestof bothworldshave beenrmemgedby usingwaveletbasesn
the sparsegrid representationf multi-resolutiondatasets[4]. We
arestudyinghow thesegridscanbevisualizedinteractizely.

Thereare alreadyseveral algorithmsthat are working entirely on
sparsegrids[1, 2, 5, 6, 17], creatingdatasetsthat cannotbe han-
dledon uniform gridsin full resolutionary moredueto their size.
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Mary of thesesystemswork on threedimensionaldata. One of

thebestunderstoodrolumevisualizationtechniquedor scalardata
is directvolumerendering[3, 7, 8, 16]. Velocity informationand
1-forms,on the otherhand,canbe preprocessedothatdirectvol-

umevisualizationcanbe usedfor this datatype aswell, e.g. with

threedimensionaLIC [11]. Thevisualizationof 2-formsis yetan
unsettledquestion.As the underlyinginterpolationis the computa-
tion time dominatingalgorithmicpart,we cannotbenefitfrom hard-
wareacceleratedolumevisualizationtechniquesThuswe useray
casting,which guaranteegor the bestimagequality at little or no

additionalcost.

We have alreadyintroducedvisualizationtoolkits thatareworking
directly on sparsegrids [12, 13, 14]. By acceleratinghe sparse
grid interpolationusingspecialgraphicshardware we wereableto
performdirectvolumerenderingnteractiely. However, thegraph-
ics hardwareacceleratiorapproactis limited to high endgraphics
systemswith a high pixel depthandto sparsegrids of level 10-
11 (which resemblauniform grids of size1025-204%) andbelow.
Low end graphicssystemshave only a pixel depthof 8 bits per
channelwhich is far too lessfor sufiicient accurag. Sparsegrids
of level 12 andabove have limited accurag dueto a high compo-
nentscalingfactor— for detailssee[13]. Additionally, the graph-
ics hardwareapproactdoesnot scalewith currenthardware,asthe
daysof mosthigh endgraphicssuppliersseemto be counted,and
noreally new systemsareavailable.

2 Sparse Grids

In this sectiona brief summaryof the basicideasof sparsegridsis
given. For adetailedsuney of sparsegridswe referto[1, 17].

Whentalking aboutvolumevisualization the datais usuallygiven
on a uniform grid with trilinear basisfunctions. Interpolationon
thesegridsis computationallycheapasonehasonly to locateand
evaluatethe surrounding2® = 8 basisfunctionsfor oneinterpola-
tion value. This numberdoesnot changewith respectto the grid
size.

Now letG;, j, i, beauniformgrid with respectre mesh/vidthshij =

2711, j = 1,2,3 andbasisfunctionsb; . Let L, bethefunctionspace
of thepiecavisetri-linear functionsdefinedon G n n andvanishing
ontheboundary Additionally, considetthe subspace§, j, ;, of Cn

with 1 <ij <n, j =1,2,3, whichconsistof the piecavisetri-linear
functionsdefinedon Gj, j, i, andvanishingon thegrid pointsof all

coarsegrids,with

i2,i3
n n n

L= P PS.iis - 1)

i1=1i,=1i3=1
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Figure 1: Examflesof basis Figure 2: Interpolation on a
functionsb! andb? sparsegrid of level 4

Thisformsahierarchicabasisdecompositiorof thefunctionspace
L wherepiecavisetri-linearfinite elementsareusedasbasisfunc-
tionsin eachsubspace, j, i, (compareFig. 1 for one-dimensional
examples).From now onwe will dealwith the interpolatedfunc-
tion fj, i, i, onthegridsof theabose mentionedsubspacesPlease
notethatthebasisfunctionsof thesesubspacedonotoverlap,com-
paredto the basisfunctionsof L.

Whenlooking attheinterpolationerror, onefindsthat|| fi, i, i, || has
acontritution of the sameorderof magnitudenamelyO(2~2¢0n¥)
for all subspacewith i1 +i,+i3 = cong.

Additionally, thesesubspacebave the samenumberof basisfunc-
tions, namely 2¢°"$=3_ Since the numberof basisfunctionsis
equivalentto the numberof storedgrid pointsand becausef the
contribution agumentaswell, it seemdo be a goodideato define
asparsayrid space, asfollows (comparealsoFig. 3):

= P

i1Hip+iz<n4-2

Sl,iz,i3' (2

An estimationof the interpolationerror with regardto the L2 or
L” norm (compare[1, pp. 23]) shavs that the sparsegrid inter-
polatedfunction f, is nearlyasgoodasthe full grid interpolated
function f;,.

Now we considerthe dimensionsof the function spacesI:n and
L, which correspondo the numberof nodesof the underlying
grids. Ohviously, the dimensionof the full grid spaceis given by
dim(Ln) = 0(2°") = O (h,3). Forthesparsegrid thefollowing re-
lationholds:dim(Ln) = O(2"n?) = O (hgl(logz(hgl))2>. There-
fore, atremendousmountof memorycanbe savedif sparsegrids
areusedinsteadof full grids.

Consideringthe numberof basisfunctionsthat contritute to the

interpolatedfunction, sparsegrids are much more computational
intensive than uniform grids. Fig. 2 shawvs in an examplewhich

basisfunctionshave to be evaluatedto interpolatethe sparsegrid at

themarked position.

3 Parallelization

A lot of work hasbeendoneto implementparallel volume ray-
castingon PCclusterd9, 10]. By usingMPI theparallelizatiorpro-
cessitself is relatively straight-forvard, spreadinghe raysacross
the available processorsMemory managemenis notreally anis-
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Figure3: Two-dimensionahierarchicakubspacelecomposition

sue,assparseayridsneedonly very little dataspaceandcanthusbe
replicatedthroughouthecluster

A key problemthatis notevorthy is thatscientistsaareoftenunable
to work at the front-endnodesof the clusterdirectly. Thus, the
rendereddatahasto be streamedo the users’workstations. This

is doneby adedicateccommunicatiomode(typically notall nodes
have directinternetconnection)thatcollectsincomingray dataand
senesthe TCP stream As the pixelsdeliveredby therendemodes
may comein ary order the communicatiomodesendsboth pixel

positionandRGBA valuesto theworkstationmakinga total pack-
agesizeof 8 bytesperpixel. With thisinformationthevisualization
procesancontinuouslygeneratereview imagesfrom early ren-
deredrays.

As the clustersare often shieldedby firewalls, sshtunnelingmay
berequired.This seemgo be a horrible bottleneck but in factthe
interpolationprocesn sparsegridsis socomputationaintensve,
thatslow communications nothinderingthevisualizationprocess.

4 Implicit Preview and Load Balancing

The remainingfreedomin this processis the distribution of rays
amongthe nodes. Usually the 'master’ node selectsby some
schemewhich nodeshall renderwhich ray and sendsnew orders,
when a job hasbeendone. However, when several nodesfinish
their job atthe sametime, the lag betweendeliveringraysandget-
ting new job datacanbe quiteannging.

Implicit assignmenbf rays as a function of the imagessizes =
S« - Sy, thenumberof processors, andtherankr (theindex of the
currentprocessorpreventsary additionallycommunicatiorover-
headandreduceghelag betweerrenderedaysto thetime needed
to calculatethe next ray assignment.

The quality of the ray assignmenfunction has greatimpact on
equalizingthe renderingtime of the processoraswell ason the
possibilityto generatereviews from earlyrenderedays. By pro-
viding previews the usercanvery often make decisionsaboutthe
significanceof therenderedmageswhenonly avery smallfraction
of the rayshave beencomputed.So the quality of the ray assign-
mentis reflectedn threeproperties:
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Figure4: Recursve Patternfor total or-
deringscheme

Figure 5: Final index
pattern
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Figure6: Transposedihdexing of theindex tree

a The distribution of raysfor one processoshouldbe evenly
spreadn space.

b Thedistribution of raysshouldbe evenly spreadn time.

¢ Raysthatfall in slotsof coarsegridsshouldberenderedirst.

a) ensureshattheloadbetweertheprocessorss stochasticallym-
plicitly balancedwhile b) andc) ensurethat early renderedrays
canbecombinedo form a preview image.

A very simpleschemeassigngherays{p:r2 < p< (r+1)£} to
rankr. In orderto beableto renderearlypreviews, onecouldindex
theraysin bothimagedimensions.However, the processorsvill
typically be active for very differenttimes,andthe procesds only
finishedafterthelastprocessois done.

By assigningevery n ray with {p: pmodn=r} in aninterlear-
ing patternto the nodesonecanovercomethis problem.However,
with this patternno previews canbe generatedrom earlyrendered
rays.

For ensuringpropertiesh) andc) one canusethe patternin Fig. 4
to generate total orderingfor all renderedays. The patternitself
is appliedrecursvely, generatingatreeof pixel index leafs(Fig. 6).
Theindicesarenow transposedothatthe highestnodeindex runs
fastest.Thencontinuousnumbersareassignedo the leafs,which
resultsin an pixel orderingschemethat canbe seenin Fig. 5. In
practicalimplementationshe pixel orderindicescanbe generated
by a recursve function without explicitly building the tree. For
arbitraryimagesizessyy # 2™ the patternhasto be croppedand
theindiceshave to bereordered.

We cannow divide theindex list into ﬁ slotsS of sizen:

S :={x:tn<x< (t+1)n}

We will assignthe rays of eachslot individually to the processor
nodes so thateachprocessogetsexactly oneray from eachslot,
whichit will renderin theorderof increasing.

Onecanclearly see thatthefirst n := 2/ raysfill exactly the pixel
slots of coarsergrid resolutions,as can be seenin Fig. 7. This
way we get perfectpreview imagesthat canbe computedrom the
raysrenderedn coarsemgrids. As thefastestunningindex in this
schemecorrespondso the lowestresolutiongrid, adjacenindices
areusuallynot close-byin imagespace.Thusthe temporaldistri-
bution of raysis perfectlybalancedaswell.

Figure7: Thefirst 64,128,256 renderedayson an642 image
Theselectionof ray indicesfor oneprocessor

X =tn+i(t,r) with x €S, 0<i(t,r)<n

has one more freedomto investigate,the index selectionfunc-
tioni(t,r). Astheindex selectionshouldmake no differencedor
theindividual processorsye canset

i(t,r) :=(7(t)+r) modn

Thisway we easilyensurethatthe setof raysdo notintersect.

In orderto spreadtheraysfor oneprocessoevenly in spacej has
to be selectedcarefully The very first thoughtwould be to use
i(t) = constor 1(t) = t. But both trivial functionsdo not spread
well for all combinationsof sandn. Especiallywhenn divides s,

or sy, theraysclusteron onepartof theimage. For valuesthatare
prime, however, goodresultscanbe achieved (seeFig. 10 on the
colorplate).

Heuristically we have foundanindex distribution functionthatcre-
atesvery evenly spaceday selectiongfor almostall combinations
of sandn, andtheworstcaseencounteredo far arenot asprob-
lematicastheonesdescribedabore.

Althoughwe do not currentlyknow whetherthe quality of this in-
dex selectionfunctioncanbe provensomehawy, it is still avery us-
ableapproachn practicalimplementationssit canbe computed
iteratively with verylow computationatosts.Figurel1 shows sev-
eraldistributionscreatedwith this approach.

By subdviding the image planeinto several tiles, eachone a bit
largerthann, one canusean iterative algorithm, that countshow
mary timesa ray hasalreadybeenassignedo the processoon a
particulartile, thusensuringhateverytile is atleastaddressednce
by eachprocessor The mostimportantaspectof this ideais that
the algorithmcan,again,run separatelyn eachprocessowithout
additionalcommunication.

The suggesteday selectionmethodhas one dravback that may
male it useles$or sometypesof scenesCachecohereng will not
be emplo/ed at all usingthis kind of selectionpattern,somemory
bound problemsmay be slower than with tile basedapproaches.
But this is a problemsharedby mostnon-eplicit load balancing
algorithms.
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Figure 8: Renderingspeedin Figure9: Load balancingqual-
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vs. numberof processors.

5 Results

Theparallelizationversionhasbeentestedbothon asetof worksta-
tionswith a TCP/IPimplementatiorof MPI (LAM) andonthenewv
PCcluster'’K epler’' [15] of the University of Tubingen.This clus-
ter consistsf 96 dual Plll nodesconnectedvith Myrinet, andtwo
additionalfront-endnodes. The resultswere streamedo the Uni-
versity of Stuttgart.All renderingtimespresentedhereincludethe
communicatiorag, which off courseaffectstherenderingspeedup
significantly The visualizationof the incoming ray datais per
formedin a sparsegrid visualizationtoolkit that effectively hides
the parallelizatiortechniquefrom the user

First,we wereinterestedn the scalabilityandloadbalancingqual-

ity of our approach.As one canseein Fig. 8, the systemscales
almostperfectlywith thenumberof processorsaslongastheprob-

lemis computationabound andthefinal TCPstreamings nothin-

deringtherenderingorocessLoadbalancingvorksalsoextremely
well for a systemthatdoesnot requireary additionalcommunica-
tion atall. Theloadbalancingpresentedn Fig. 9 is expressecdas
thequotientof therenderingime of thefastesandtheslowvestpro-

cessar Notethata badload balancinghasimmediateinfluenceon

thescalingpropertiesaswell.

We found that being able to generatepreviews completelyelimi-
natesthe needto reducetheimageresolutione.g. for finding good
views of the volume. As soonasoneis satisfiedwith imagepreci-
sion,therenderingprocesss interruptedanda new view canbeset.
Figure12 onthecolor plateshaws differentstagef this process.

Figuresl3andl14onthecolorplateshav views of adatasetthatwe
wereableto renderin interactve ratesfor the very first time. This
datasetandotherfollowing datasetshave beencomputeddirectly
on sparsegrids and cannotbe expandedto uniform grids due to
their size.

6 Conclusion

Parallelizationis the key featureto createhigh quality volume vi-
sualizationimagesat interactie rates. Due to the natureof sparse
grids (small datasize, high computationatomplexity), the paral-
lelization itself is relatively straight-forvard, and neithermemory
consumptiomor accesgimesareproblematic.In this contet im-
plicit load balancingworks terrific, and doesnot imply ary addi-
tional communicatioroverhead.By usinga specializeday distri-
bution patternwe canadditionallycreateearlypreview imageswith
noadditionalcost.We arenow ableto visualizehugedatasetscom-
puteddirectly on sparsegridsin high quality in acceptableime for
interactive visualizationsessionswhich wasnot possiblebefore.
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Figure 10: Ray distribution for trivial index selectionfunctions, Fi%urell: Raydistributionfor theheuristicindex selectiorfunction,
different processorsare encodedwith differentcolors. 642 rays, 64° rayson4 and5 processorss5? rayson 5 processors.
i(t) = cong on4 processors(t) =t on4 and5 processors.

Figurel12: Preview imagesafter0.625%,3.125%,6.25%,and 100%of 160000rayshave beenrendered.

Figurel3: A sparsarid datasetof level 12 (correspondingo a Figurel4: Thesamedatasetrenderedvith multiple semitrans-
full grid of size2047) renderedwith an X-ray shadingmethod parentshadedSO-surfices



