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ABSTRACT

Thesedays sparsegrids are of increasinginterestin numerical
simulations. Basedupon hierarchicaltensorproduct bases,the
sparsegrid approachis a very efficient one improving the ratio
of investedstorageand computingtime to the achievzed accurayg
for mary problemsin the areaof numericalsolutionof partial dif-
ferentialequations. The volume visualizationalgorithmsthat are
availablesofar cannotcopewith sparsegrids. Now we presentn
approachthatdirectly works on sparsegrids. As a secondaspect
in this paper we suggesto usesparsgyridsasa datacompression
methodin orderto visualizehuge datasetseven on workstations
with low main memory Becausehe size of datasetsusedin nu-
mericalsimulationsis still growing, this featuremalesit possible
that workstationscan continueto handlethesedatasets. Besides
the standardsparsegrid interpolationalgorithmandthe so called
combinationapproachwe have developeda new sparsegrid in-
terpolationmethod which harnessethetexture-mappindardware
of Silicon Graphicsworkstationdor acceleratingurposesThere-
fore, hardvarebasedvolumerenderingopecomegpossibleon com-
pressedlatasetsatinteractve framerates.

INTRODUCTION

In 1990 sparsegrids wereintroducedby Zenger[17]. With their
helpit is possibleto reducethe total amountof datapointsor the
numberof unknavnsin discretepartial differentialequationsDue
to thesebenefits sparsegridsaremoreandmoreusedin numerical
simulationsnovadayd1, 2, 5, 6].

Ontheotherhand,it is ratherdifficult to visualizethe resultsof
thesimulationprocesglirectlyon sparsearids,sinceevaluationand
interpolationof function valuesis quite complicated. Becauseof
this, upto thepresentheresultsof numericalsimulationsonsparse
grids are extrapolatedto the associatedull grid. Thenall knowvn
visualizationalgorithmsonfull gridscanbeperformedg.g.particle
tracing,iso-surficeextraction,volumerendering etc.. However, a
major dravbackof this procedureas the factthat the advantageof
low memoryconsumptiorof sparsegrids comesto nothingusing
theassociatedull grid for thevisualizationstep.

Therefore,visualizationtools working directly on sparsegrids
aregoing to be animportanttopic of research.Recently HeulRer
and Rumpf presentedan algorithm for iso-surfice extraction on
sparsegrids [8]. In a previous work, we introducedparticletrac-
ing on uniform sparsegrids [15]. The first aim of this paperis to
presenwolumeray castingdirectly on sparsegrids. Furthermorea
secondaspecof ourwork is theideathatsparsegrids canbe used
for datacompressionn orderto visualizehugedatasetseven on
workstationswith a limited amountof main memory Moreover,
using the combinationtechnique which is presentedelow, it is
possibleto decomposea sparsegrid into a certainnumberof uni-
form full grids of low resolution. Becauseof this, Silicon Graph-
ics’ texture hardware canbe deplg/ed for the necessaryunction
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interpolation.Hence,we areableto performvolumevisualization
methodson compressediatasetsat interactve framerates. This
is notpossiblef othercompressiomethoddik e waveletor fractal
compressiomreused.However, we areableto handlesparsegrids
of level 10, which correspondo volumesof 1025° voxels. Below
theresultsof memory time, anderroranalysesrelistedin detail.

In orderto introducevolume ray castingon sparsegrids, nev
methodsindclasseadto bedeveloped.This specialclasshierar
chy andtheimplementatiorof our volumeray casteraredescribed
aswell.

BASICS OF SPARSE GRIDS

In this sectiona brief summaryof thebasicof sparsegridsis given.
For a detailedsuney of sparsegridswe referto [1, 17]. In order
to male this overviav easyto understanéndto reducethenumber
of indices,we describeonly three-dimensionajrids, whereashe
sketchegevealthe one-andtwo-dimensionasituations.

Let f : LO, 1]*> — R bea smoothfunction definedon the unit
cubein R” with valuesin R. Furthermore,f shouldvanishon
the boundaryof the cube. This conditionis not a strongrestric-
tion but is just helpful for an elegantdescription. Of course,our
programcan handlethree-dimensionalunctionsand even vector
fields without zero boundaryconditions. If sucha function f is
storedin the computememory thenfunctionvaluesat certainpo-
sitionson a spatialgrid arestoredin anarray The simplestmesh
is auniformone.Now let G, i,,:; beauniform grid with respec-
tive meshwidths h;, = 27%, j = 1,2,3. Onthesegridswe can
introducethe following partial orderingrelation: G;, ;,,i, is are-
finementof G, x,,k; if andonly if k; < 4;, j = 1,2,3. and
k1+ ko + ks < i1 +1i2 +143. Thuswe obtainahierarchyof meshes.

Now let L, bethefunctionspaceof thepiecavisetri-linearfunc-

tionsdefinedon G,,,,» andvanishingon the boundary Addition-
ally, considerthe subspaces;, ,i,,i; Of L, with 1 < i; < n,

7 = 1,2,3. which consistof the piecevise tri-linear functionsde-
fined on Gy, 5,,i; andvanishingon the grid pointsof all coarser
grids. Apparently the hierarchyof grids naturallyintroducesa hi-

erarchyof subspaceandit follows:

n n n
L= DD S iria
i1=14i9=143=1

Hence,we have found a hierarchicalbasisdecompositiorof the

functionspaceL,,. Piecavisetri-linear finite elementsareusedas
basisfunctionsin eachsubspacé;, ;,,:; . Thenwe definethebasis

functionsof thesubspace;, i,,i; Of Ly:
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Figure1: Examplesof basisfunctions b{" ontheleft andb{* on
theright handside.

Figure2: Examplesof basisfunctions b{';” andb{';”.

Now we areinterestedn someestimationf theinterpolationer
ror. Hencelet f,, € L, betheinterpolatedfunctionon the grid
Gn,...,n. Thenf, is givenby

n n n
fn= § § E fi1,i2,i3
i1=1io=1ig=1

9i1—1 ging—1 gig—1

where f;, iyis = E E E ,(fll,’,zi,’iz)

k1=1 ko=1 kz=1

(21 1i2,13)
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The values c,(:ll ,:j}js) are called contritution coeficients and
fi1,insis € Siy,iz,i5 IS @linear combinationof the basisfunctions
of theappropriatesubspacelt canbe shavn thatthefollowing es-
timationshold with regardto the L? and L* norms(compare1,
pp.13)):
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Sofar we have just dealtwith regular uniform mesheswhich are
namedfull grids. Now let us turn to sparsegrids. Considerthe
subspaces;, i,,i; With i1 +i2+i3 = const. Equationg1)and(2)
shaw that|| fi; iz,i5lleo @NA|| fiy,iz,i5ll2 have a contribution of the
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Figure3: Two-dimensionahierarchicaubspaceecomposition.

sameorder of magnitude namelyOQ(2~%°°"%) for all subspaces
with 41 + i2 + i3 = const. Additionally, thesesubspacebave
the samenumberof basisfunctions,namely2¢°™*t=2, Sincethe
numberof basisfunctionsis equivalentto thenumberof storedgrid
pointsandbecausef thecontritution agumentaswell, it seemgo
beagoodideato definea sparsegrid spaceL,, asfollows:

L= @

i1+iotig<n+2

Sil,iz,i3'
Nowtheinterpolatedunctionfn € L, isgivenby

e Y

i1t+i2+izg<n+2

fi1,i2,i3 (5)

andthe interpolationerrorswith regardto the L? and L> norms
aregivenby (compardl, pp.23])

. hZ of
||f‘fn“2 < C(n)9—3 W , (6)
- 0 (hi (10g, (h,;l))“’) , )
. K2 o°
I -Flle < oG | 5mmtam . ®
= 0(12 (tog, (n7))") ©)

with  ¢(n)

<1+3n+%(n;—1>). (10)

Theseestimationsshav that the sparsegrid interpolatedfunction
fr is nearlyasgoodasthefull grid interpolatedunction f, .
Now we considerthe dimensionsf the functionspaced.,, and

L,,, which correspondo the numberof nodesof the underlying
grids. Ohviously, thedimensionof thefull grid spaces givenby
dim (L,) = 0 (2°*) = 0 (h,*). (11)

For thesparsegrid thefollowing equatiorholds:

dim (En) =0 (2" -n%) = O (k" (logs (h7"))*) . (12)



Figure4: Two-dimensionasparsegrid of level 3.

Thereforeatremendouamountof memoryis savedif sparsegrids
areusedinsteadof full grids.

If thefunction f is givenandacertainaccuray is required then
it is possibleto usef, € Ly or fm € Lnm Wherem is justslightly
greatetthann. Dueto theverylow memoryconsumptiorof sparse
grids, it is betterto usethe function fm. On the other handthe
function f is oftengivenin discreteform asdataseton a full grid.
In this caseit is not possibleto reacha betteraccurag with the
sparsayrid approachhanwith theoriginalfull grid data.However,
equationg7), (9), and(12) shav thata very smalllossof accurag
is rewvardedwith a hugeamountof savedstorage.

Finally, recallthatthe sparsegrid spaceL,, is the directsumof
all subspaces; ; » withi+ j+k < n+2. Now we definethelevel
of asubspacasthenumbem = i+ j+k—2. Moreover, wedefine
alevel of thesparsegrid spaceasthedirectsumof all subspacesf
the samelevel of subspacesTherefore,En is thedirectsumof its
firstn levelsandis calleda spaisegrid of level n.

COMBINATION TECHNIQUE

Sincethe describedsparsegrid interpolationof function values
is quite complicatedand rathertime consuming,we have imple-
mentedthe so calledcombinationtechnique.This methodwasin-
troducedby Griebel,SchneiderandZengerin 1992[6]. Actually,
the combinatiormethodhasbeenusedin numericalsimulationsn
orderto combinepartial solutionscomputedon smaller suitable
full grids to the wantedsparsegrid solution. However, we start
with a datasetgiven on a sparsegrid anddecomposehe grid so
thatthe datasetis representedn certainuniform full gridsof low
resolution. Now the quick andeasytri-linear interpolationcanbe
performedon eachof thesefull grids. Theresultingvalueis com-
putedby linear combinationof the tri-linear interpolatedfull grid
results.

Going into details,it canbe proofedthat the two-dimensional
interpolatedunction f,, € L, is givenby

fn = Z ficl,iz

i1+ig=n+1

S fi (13)

i1+io=n

where f;: ;. denoteghe bi-linear interpolationof function values
on the respectie full grid. Figure5 revealsthe two-dimensional
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Figure5: A two-dimensionabkparsegrid of level 3 canbe recon-
structedby linearcombinatiorof five full gridsof low resolution.

situation.Then,it is easilyshavn thatthe three-dimensionahter-
polatedfunction f,, € L,, canbecomputedn asimilarway:

>

i1+io+izg=n+2

_ 9 . Z
i1+ig+ig=n+1
+ >

ficl,’iQ,is (14)
i1+ig+iz=n

f.c o
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wheref;, ;. ;. denoteghe tri-linear interpolationof function val-
uesontherespectie full grid. Noticethattheusedfull gridsconsist
of thesamenodesasthe correspondingparsegrid.

Now let usturn to the benefitof the combinatiortechniqueThe
total numberof summandef the standardsparsegrid interpolation
onathree-dimensionaparsegrid of level n is givenby

“~i(i+1) 1

> “g = gn(n+)(n+2) (15)

(comparesquation(5)), whereashetotal numberof tri-linear inter-
polationsof the combinatiormethodaddsupto

3 G+ 3 1y 4+1 (16)
2 2
i=n—2
in thethree-dimensionalase(seeequation(14)).

However, the main adwantageof the combinationtechniqueis
thefactthatuniformfull gridsareused.Thus,it hasbeenpossible
to exploit thetexturehardwareof Silicon Graphicawvorkstationgor
the interpolationof function values. Hereby we are able to use
volumeray castingon sparsegridsinteractvely.

IMPLEMENTATION

Volumerenderingcontinuesto be animportantutility of display-
ing volumetric three-dimensiona$calardata setsresulting from
measuremerdr simulation.Additionally, theimportanceof sparse
gridsin numericalsimulationsis continuouslygrowing. However,
sofar volumevisualizationalgorithmscould only handledatasets
givenon full grids. Herewe presenta volumeray casterthat can
copewith sparsegrids, i.e. our tool directly works on compressed
datasets.



In this sectionwe are going to describethe implementatiorof
our volumeray caster The first subsectiorpresentghe different
waysof implementinghe needednterpolationroutine. In the sec-
ondsubsectiorthe usedlighting modelsandtransferfunctionsare
described.

The graphicaluserinterfaceof our programwasdevelopedus-
ing RapidApp, an interactive tool for creatingapplications[13].
RapidApps predefinednterface componentdacilitate the use of
OpenGLandOpeninventor

Our new interpolationroutineson sparsegrids andthe adapted
volumevisualizationmethodshave beenimplementedn anobject-
orientedmannersC++ classes.

Interpolation on Sparse Grids

All volumeray castingmethodshave in commonthat they must
evaluatethe function f at certainpositions,which arein general
notat grid points. Therefore thevalueof f at sucha positionhas
to beinterpolated As mentionedabore, thisinterpolationonsparse
gridsis differentfrom thatoneonfull grids.

In contrasto thetri-linear full grid interpolationthe sparsegrid
interpolationdoesnotoperatdocally, becaus®nebasisfunctionin
every subspaceontritutesto thefunctionvalue. Sincethe compli-
catedsparsegrid interpolationis oneof the mosttime consuming
operationguring the volumerenderingprocesson sparsegrids, it
is importantto executetheinterpolationasfastaspossible.

Using Improved Sparse Grid Interpolation

Normally, the contritution coeficientsof thesparsegrid arestored
in a binary tree[1, 2, 8]. Thena recursve tree traversalhasto
be performedin orderto interpolatethe function value. This tree
traversalis very slow. Althoughcachingstratgiescanincreasehe
efficiengy of thetraversal[8], thecomputatiorof thevaluesremains
rathertime consuming.

In orderto avoid the treetraversalandto acceleratehe access
to the contrikution coeficients,we have developeda new, very ef-
ficient datastructurebaseduponarrays.Therefore we have imple-
menteda particularC++ classhierarchy Dueto thelimited amount
of spacewe canjustgive avery brief ideaof theclasses.

Besidesabstractbaseclassesclassedor input, and otheraux-
iliary classesthe classef interestarenamedhbSpar seGri d,
hbLevel , andhbSubspace. TheclasshbSpar seG i d con-
tains a stack of n levels of class hbLevel . Furthermore,
hbLevel comprisesthe respectie numberof subspaceg(n +
1)n/2), denotechbSubspace. TheclasshbSubspace contains
anarray of the size2”~! timesdatadimension wherethe contri-
bution coeficients are stored. The function value at an arbitrary
positionis computedby meansof formula (5). In orderto com-
puteafunctionvalue theclasshbSpar seG i d containsamethod
cal cVval ue(...). This methodsendsa ‘cal cVal ue()’ to
eachhblLevel to accumulatethe contritutions to the resulting
value. Thenthe methodhbLevel : : cal cVal ue(...) per
forms aloop over all subspacesf the currentlevel. In this loop,
the requiredbasisfunctionis determinedoy meansof the coordi-
natesof thecurrentposition.Recallthatonly onebasisfunctionper
subspacés unequalto zeroat a certainpositionbecausell basis
functionsarehat-functionswith disjunctsupportsHence we know
the requiredcontribution value. Now the ‘height’ over the current
positionin the tri-linear hat-functionis determinedand multiplied
with the contritution value. Thus,we obtainthe total contrikution
of this subspacdo the functionvalue. Additionally, we compute
the gradient,which is neededor theillumination of iso-surfices,
in this loop by looking up the correct'height’ of the derivative of
the hat-function a simplebox-function.

Using the Combination Technique

Since the low resolutionfull grids neededby the combination
methodareuniformgrids,thefunctionvaluescanbestoredn three-
dimensionabrrays.Thus,thecal cVal ue(...) methodof the
accordingderived classhbComnbi nat i onSpar seG i d canad-
dressthe necessaryunction valuesin a tight loop. This factand
the smallernumberof requiredbasicarithmeticoperationamales
the combinationtechniquean order of magnitudefasterthanthe
previously describedsparsegrid interpolationevenfor low levels.

Emplo yment of Texture Hardware

OpenGLis a graphicsstandardintroducedby Silicon Graphics
and nov maintainedby the OpenGL ArchitectureReview Board
(ARB). OpenGLcontainsroutinesfor texture mapping,usingspe-
cial graphicshardware wheneer possible. Several vendorsadded
someextensionsfor three-dimensionado called volumetextures.
By usingthesexxtensionsurclasshbQgl Spar seGr i disableto
exploit the hardwarein SGI's graphicssystemdRealityEngineand
Maximumimpact whichareableto performthenecessartri-linear
interpolationfor volumetexturing in hardware. For moreinforma-
tion aboutthe extensionsandSilicon Graphicshardwaresee[12].

Becausesinglepointinterpolationsareratherinefficient — sev-
eral functions have to be called, the hardware has to be ini-
tialized, resultshave to be fetchedback — the ray casterwas
rewritten so that it rendersall rays simultaneously Now the tex-
ture hardware can be utilized to drav a completeplanetextured
with the volumedata. Accordingto formula (14), several values
have to be addedand subtractedfor eachsparsegrid interpola-
tion. For eachof theseinterpolationfunctions,a planeis dravn
with a certain volume texture representingthe function. Then
the occurringplanesare composedisingthe GL_FUNC_ADD_EXT
andGL_FUNC_REVERSE_SUBTRACT_EXT blendingextensionsof
OpenGL.

In orderto switchquickly betweerthedifferentvolumetextures,
they all have to fit into texture memoryat the sametime. By using
thetexture-nameextensionof OpenGL ,pre-loadedexturescanbe
selectedor renderingalmostinstantly Recallthatthe combination
techniqueusesfull gridsof size (2 + 1) x (27 +1) x (2% +1).
Ontheotherhand volumetextureshave to be of size2? x 27 x 2.
Hence,quite a lot of texture memoryis wastedwhich is a scarce
resource.

In principle, OpenGL supportsvolume texturesfeaturinga so
calledborderof size2 in every directionsothatthe mentionedull
gridswouldfit almostseamlesslyUnfortunatelythesetexture bor
dersarenotimplementedn todayshardvare.

Whenusinghardwarefor mathematicatomputationsaccurag
canbe quite a problem. On Silicon Graphicsmachineghe blend-
ing operationcanbe performedwith 12 bits at most. Sincepixel
valuesareautomaticallyclampedto valuesin theinterval [0, 1], all
textureelement$ave to bescaleddonn by thenumberof functions
contrikuting positive values. For a level 10 sparsegrid, 91 of 136
functionscontribute positive data, which meansa loss of almost
7 bits, resultingin only 5 bits of accuratanformation. Sincewe
have at best12 bits of accuratanformationin the colorbuffer, it
is sufficientto useonly 2 bytesof texture memorypervoxel. Al-
thoughvisible artifactsareremarkablysmall, somecanbe seenin
thevideoandcolor plates(compard-igures(8), (9), and(10)).

Ray Casting on Sparse Grids

In this sectionthe usedvolume visualizationalgorithmsare de-
scribedbriefly. For a detailedpresentatiorof volume rendering
techniquesvereferto[3, 4,7, 9, 10, 11, 16].

The ideabehindvolumeray castingis thatraysaretracedback
from eachpixel of the wantedimageinto the volume. While trac-



Figure6: Iso-surhiceof pressuren a cavity flow computedoy the
combinatiortechnique.

ing backa ray from a pixel, contrikution valuesof hit voxels are
integratedor summedup in orderto computethe intensity of this
pixel.

We have implementedthree different visualizationtechniques
into our program.In the X-ray method which provides X-ray like
imagestheintensityof a pixel is calculatedby evaluatingtheline
integral of functionvaluesalongtheray.

Anotheralgorithmwe have implementeds the so called maxi-
mum intensityprojectionmethod. Here,the intensityof a pixel is
themaximumfunctionvalueoccurringon the correspondingay.

Extractingiso-surficeds athird techniqueve haveimplemented
in ourtool sofar. To find aniso-surficeto a giveniso-value,each
ray is tracedand a patchis displayedif the differenceof current
functionvalueandiso-valuechangeshesign. In orderto useLam-
bertianor diffusereflectionfor illumination of theresultingsurface,
the gradientof the functionis needed.Recallthat the gradientis
normalto all iso-surfces.

RESULTS

In orderto appraisehe presentedpproachesye comparethere-
sultsof our visualizationtool with resultsobtainedby the program
Tivor, avery efficienthardwarebasedvolumerenderemorking on
uniform full grids[14]. Thetestswere performedon several data
sets. Two of themarecavity flow datasets,givenon afull grid of
level 6, i.e.64® nodes Thesedatasetsaretheresultof anumerical
flow simulationandcontainpressureandtemperaturealistributions
of theflow. Anotherdataset,givenon afull grid of level 8 (256°
nodes)containsasphericaharmonig(Legendres function),which
displaysasolutionof the Schibdingerequatiorof ahydrogeratom.
Figures(8), (9), and(10) shaw X-ray imagesof the pressureval-
uesin thementionectavity flow. Theseémageshave beenrendered
in orderto reveal differencesbetweenthe threeimplementedn-
terpolationalgorithms.In the OpenGLpicture,small flaws canbe
detected whereasthe combinationtechniqueand the sparsegrid

Figure7: Iso-surficeof pressurén acavity flow displayedy Tivor.

methodrendemearlyidenticalimages.Theartifactsin theOpenGL
pictureoccurbecausef thealreadymentionedossof accurag us-
ing the hardwarefor mathematicabperations.

In the otherfigures, sparseand full grid resultsare compared
usingdifferentlighting modelsanddatasets. Thefull grid results
have beenobtainedby usingTivor.

Figures(6) and (7) display iso-surficesof the pressurdn the
cavity flow dataset. In Figures(11) and(14), the samedatasetis
visualizedby meansof the maximumintensity projectionlighting
model. In further maximumintensity projectionimages(Figures
(12)and(15)), thedatasetof asphericaharmonicfunctionis visu-
alized.Finally, thetemperaturdistributionin thecavity flow is de-
pictedin Figures(13) and(16) by usingan X-ray andanemission-
absorptiorlighting model.

Now let usconsidettheperformancef ourvolumevisualization
program. Sincethe time consumptiorof the X-ray andmaximum
intensityprojectionalgorithmsis dataindependenandexactly the
same we usedthe X-ray methodon the first datasetto determine
the computingtimes. The iso-surfice extraction takes abouttwo
timeslongerthanthe other methods. Furthermorethe total time
of theiso-surbicecomputatiordepend®n the sizeof the extracted
surface.

In orderto estimatethe timeslisted below, imagesof resolution
200 x 200 pixelswerecomputed Thepicturesin thecolorplateare
renderedn the sameresolutionaswell. In our visualizationtool,
it is possibleto scalesuchimagesat nearlyno costanddisplayfor
instanceanimageof size500 x 500 on screen.

The time measurementef the sparsegrid and software com-
bination methodwere performedon a Silicon GraphicsO2 with
a 195 MHz R10000processor The performanceof the hardvare
basedcombinationtechnique(OpenGL)wasmeasurean an SGI
Onyx with RealityEnginellgraphicspipeand16 MB texture mem-
ory. Additionally, we testedthis methodon an SGI Indige® Maxi-
mum Impactwith 4 MB texture memory This machineis slightly
slower thanthe Onyx. Moreover, due to the smalleramountof
texture memory the Indigo® canjust handlegrids up to level 8 in



hardware,whereaghe Onyx worksevenwith gridsof level 11.

The times of the software basedalgorithmsare givenin CPU-
seconds. However, the times of the hardware basedmethodare
measureth real-timesecond®ecaus¢he CPUwasnotworkingto
its capacitybut waswaiting until thegraphicshardwarehadfinished
its computations.

level 5 6 7
sparsegrid 257s 792s 2125s
combination 19s 61s 167s
OpenGL 1.2s 2.8s 6.3s
level 8 9 10
sparseyrid || 5750s | 15800s | 42125s
combination 570s 1725s 5080s
OpenGL 15.4s 36.6s 88.5s

The table shavs that renderingtimes of both software imple-
mentationsapproximatelyincreaseby a factorof threeevery time
theusedevel risesby one, whereaghemeasuredmesof thehard-
warebasedmplementatiorincreasdy afactorof aroundwo if the
level risesby one.

Also thetablerevealsthe speedup factorsof the differentalgo-
rithms. The combinatiormethodis betweereightandfifteentimes
fasterthan the sparsegrid algorithm. Furthermorethe OpenGL
hardware methodis betweenl5 and 60 timesfasterthanthe soft-
warecombinationtechnique.This resultsin a speedup factorbe-
tween 225 and 500 from the sparsegrid to the hardware based
method.

Finally, we have to correlatetheseresultsto therenderingtimes
of Tivor. Both cavity datasets,given on a full grid of size 643,
canbehandledanddisplayedby Tivor on bothan SGI Onyx RE2
andindigo® MaximumImpactinteractiely. However, thespherical
harmonicdatasetof size256° cannotbe processean anIndigd®.
Renderinghis dataseton the Onyx takesabout20 secondsHow-
ever, to achieve theresult, Tivor needsaround500 MB mainmem-
ory. Sucha hugeamountof memoryis usedbecausefor fastren-
dering, Tivor requiresadditionalinformationlike normalsbesides
theactualdataset. Of course a datasetof level 9 (512%) couldnot
berenderedisingtraditionalfull grids.

The greatbenefitof the sparsegrid techniques thelow number
of requiredgrid points. Thenext tableshavs thememoryconsump-
tion of atypical datasetresultingfrom anumericalsimulation.As-
sumethata floating point valueis given at eachgrid node. Thus,
we obtainthefollowing results:

level 5 6 7

pointsof full grid 33° 65° 129°

full grid || 128kB 1MB 8 MB

sparsarid 6 kB 15kB 35kB
combination 22kB 59kB | 152kB

OpenGL 43kB 124kB | 338kB

num.low res.full grids 31 46 64
level 8 9 10

pointsof full grid 2573 5133 1025°

full grid || 64MB | 512MB 4GB

sparsegrid 83kB 200kB | 450kB
combination|| 377kB 914kB | 2.1MB

OpenGL || 884kB | 2.2MB | 5.4MB

num.low res.full grids 85 109 136

Thistableshavs thatsparsegridsarevery suitablefor compressing
hugedatasets.Dueto this, it is possibleto visualizesuchdataeven
onsmallworkstations.

Thelastrow of thetablecontainghenumberof full gridsthatare
combinedto a specificsparsegrid. In caseof the OpenGLimple-
mentationthisnumberis equivalentto thenumberof usedextures.

Thecombinatiortechniquerequireamorestoragehantheactual
sparsegrid algorithm since someof the needechodesare stored
several times. The OpenGLversionof the combinationmethods
consumesbouttwice asmuchmemoryasthe softwareversionbe-
causeeachof the usedtextureshasto have dimensionghatcanbe
written astwo to thei-th power. Neverthelesscomparedwith the
originalfull grid dataset,bothimplementationsf thecombination
techniquerequirea nggligible amountof memory

CONCLUSION

We haveintroducedsolumeray castingonsparsegrids. Thisallows
to carry out volume visualizationdirectly on sparsegrids without
transformingheresultsof numericalsimulationson sparsaridsto
the associatedull grids. Note thatin real applicationsit is often
impossibleto load suchfull grids of about1025® nodesinto the
mainmemoryof aworkstation.

Secondlythesparseyrid approacltanbeusedasacompression
methodin orderto realizevolumerenderingin hugedatasetson
workstationswith a smallamountof mainmemory

By dint of usingtexture hardware, we have beenableto over
comethetardinesof sparseayrid interpolation.Thereforejt is pos-
sible to usevolume visualizationon sparsegrids interactvely, in
contrasto othercompressiompproaches.

Thereare several directionsof futurework. Thefirst aim is to
implementfurther transferfunctionsand lighting modelsinto our
visualizationprogram for instancean emission-absorptiomodel.
As a secondgoal, we intendto useOpenGLin orderto accelerate
the surfaceandvolumeillumination aswell.
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Figure8: Sparsegrid algorithm Figure9: Combinatiortechnique Figure10: OpenGLmethod
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Figure1l: MIP imageof a cavity flow on Figurel12: MIP imageof ahydrogeratom Figure 13: X-ray imageon a sparsegrid
asparsegrid. onasparsarid. dataset.

Figure14: For comparisonMIP imageof Figurel5: For comparisonMIP imageof Figure 16: For comparison: Emission-
acavity flow onafull grid. ahydrogematomon afull grid. absorptioimageon afull grid dataset.
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