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Abstract—
We presenta scalablevolume rendering technique that exploits lossy

compressionand low-costcommodityhardwareto permit highly interactive
exploration of time-varying scalar volume data. A palette-baseddecoding
techniqueand an adaptive bit allocation schemeare developedto fully uti-
lize the texturing capability of a commodity 3-D graphics card. Using a
single PC equipped with a modestamount of memory, a texture capable
graphics card, and an inexpensive disk array, we are able to render hun-
dredsof time stepsof regularly gridded volumedata (up to 42millions vox-
elseachtime step)at interactive rates. By clustering multiple PCstogether
we demonstrate the data-sizescalability of our method. The frame rates
achieved make possiblethe interactive exploration of data in the temporal,
spatial, and transfer function domains. A comprehensive evaluation of our
method basedon experimental studiesusing data sets(up to 134 millions
voxelsper time step)fr om turb ulence�o w simulations is alsopresented.

Keywords—Compression,disk I/O, high performancecomputing,out-of-
coreprocessing,parallel rendering,PC, scalablealgorithms, scienti�c visu-
alization, texture hardware, time-varying data, transform encoding, vol-
umerendering

I . INTRODUCTION

In many areasof scienceand engineering,studying time-
varying phenomenais of paramountimportanceto understand
the intrinsic propertiesof the underlyingphysical or chemical
processes.Speci�c examplesincludestudiesof neuronexcite-
ments,materialcrackpropagation,thunderstormevolution, un-
steady�o w surroundingan aircraft, seismicre�ections from
geologicalstrata,and even galaxy mergers. Recentadvances
in computing and instrumentationtechnologieshave signi�-
cantly increasedscientists'capabilitiesto conductthesestud-
ies in higherdimensionalspaceat greaterresolution.However,
cost-effectivevisualizationsolutionsfor scientiststo quickly de-
tect and explore the complex, dynamicphenomenacontained
within theresultinghigh-resolutiontime-varyingdataarelack-
ing.

A typical time-varying dataset from a computational�uid
dynamicssimulationcancontainhundredsor eventhousandsof
time stepsandeachtime stepmayhave hundredsof millions of
grid points,eachpotentiallycontainingmultiplevariables.As a
result,a singledatasetcaneasilyoccupy terabytesof storage,
creatinga formidablechallengefor subsequentanalysis.Tradi-
tional statisticalmethodsof analysis,thoughrelatively easyto
compute,tend to �lter out information,computedat greatex-
pense,by reducingdatato a relative few numbers.Visualdata
exploration techniques,suchasdirect volumerendering,have
arisenas powerful aids to researchersin the analysisof these
vastdatasets.Interactivevisualizationcangreatlyfacilitateand
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expeditethe explorationof thesedataby exploiting thehuman
brain's ability to processenormousamountsof visual informa-
tion.

However, for visualizationtechniquesto bemosteffective for
enhancingthequalitativeunderstandingof complex behavior, or
for detectionof featuresof importance,they mustbeinteractive
in everysense.Theability to changeclassi�cationfunctionsand
color mappingsquickly andeasily, animateforward andback-
ward in time, changeviewpoints,zoomin andout on features
of interest,all at interactive rates,is essentialfor maximizing
scienti�c productivity [3].

In this paper, we presenta low-cost, scalablesolution for
highly-interactive direct volume rendering of time-varying,
scalardata.Thebasicalgorithm,alsodescribedin our previous
work [12], employs transformcodingwith adaptive bit alloca-
tion to temporallycompressvolumes,reducingbothstorageand
bandwidthrequirementsat every stagein our pipeline. Inter-
active volumerenderingthenbecomespossiblewith a palette-
baseddecodingtechniquethat utilizes the texturing capability
of a commodityPCgraphicscard.With a singlePC,consumer
graphicscard, and an inexpensive RAID storagesystem,we
achieve a renderingcapabilityin which all essentialaspectsof
thevisualizationprocessarecompletelyinteractive.

We expandupon our previous work [12] in this paper, ap-
plying ourcompressionmethodin aclustercomputingenviron-
ment.Usinga smallclusterof eightconsumerPCs,eachwith a
graphicscardandIDE RAID, we demonstratethescalabilityof
ourmethodby achieving highly-interactiverenderingwith large
(5123), volumetricdatasets.Theaggregatedmemoryacrossthe
cluster, combinedwith ourcompressiontechnique,allow for the
in-core renderingof moderate-lengthsequencesof time vary-
ing volumetricdata,while theparallelI/O from our distributed
RAID storage,combinedwith thereducedI/O requirementsof
our compressiontechnique,providesa methodfor interactively
renderingout-of-coredatawhosetemporalresolutionis aslarge
aswecanstore.

We have evaluatedan implementationof our designusinga
numberof time-varying datasetsincluding several turbulence
simulationdatasetsprovidedby scientistsattheNationalCenter
for AtmosphericResearch(NCAR) andthe University of Col-
orado. The highly interactive renderingratesachieved by our
PC-basedsystemwerepreviously availableto NCAR scientists
only throughtheuseof costlysupercomputersor high-endmul-
tiprocessorgraphicsworkstations,therebygreatlylimiting their
access.In thefollowing sections,a survey of time-varyingdata
visualizationresearchis followed by a detaileddescriptionof
ourdesign.Theperformance,scalabilityandexplorabilityof the
prototypesystemwehavebuilt aredemonstratedwith timing re-
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sults,andimages,usinga numberof datasetswith suf�ciently
differentcharacteristics.

I I . PREVIOUS WORK

Time-varying datavisualizationhasbeenan active research
area.Variousapproacheshavebeenproposedto reducethestor-
age,correspondingI/O, andrenderingdemandsfor visualizing
time-varyingdatain amoreef�cient way.

Usingproperencodingandexploiting temporalcoherenceor
spatialcoherenceor both,thestoragerequirementsandrender-
ing cost of the datamay be signi�cantly reduced. Shenand
Johnson[27] take advantageof temporalcoherence,usingdif-
ferenceencodingto signi�cantly diminish storageandrender-
ing requirements.Westermann[30] performswaveletencoding
of eachtime stepseparatelyto generatea compressedmulti-
scaletree structure. Furthercompressioncan be obtainedby
examiningtheresultingtreestructuresandwaveletcoef�cients.
Ma andShen[16] discusshow non-uniformquantizationalong
with octreeanddifferenceencodingcanbeemployed to speed
up renderingof time-varyingvolumedata. They show that the
octreesfor consecutive time stepscanbemergedto sharesub-
trees.Consequently, duringrendering,partialimagesbuilt from
subtreesthathave not changedover time maybereusedin later
timesteps.

Wilhelms and Van Gelder [32] design hierarchical data
structuresfor controlled compressionand volume rendering.
They extendoctreesanda branch-on-need(BON) subdivision
strategy [31] to handle multi-dimensionaldata. Sutton and
Hansen[29] proposea temporalbranch-on-needtree(T-BON)
asanextensionto the3-D BON treefor time-varyingisosurface
extraction. Shen,Chiang,andMa [26] introducea hierarchical
datastructure,called Time-SpacePartitioning (TSP) tree, for
a betterutilization of both spatialandtemporalcoherence.In
essence,the skeletonof a TSPtreeis a standardcompleteoc-
tree,which recursively subdividesthevolumespatiallyuntil all
subvolumesreachaprede�nedminimumsize.To storethetem-
poralinformation,eachTSPtreenodeitself is abinarytree.Ev-
ery nodein thebinarytime treerepresentsa differenttime span
for thesamesubvolumein thespatialdomain.Mostimportantly,
TSPtreesallow therendererto usedatafrom subvolumesof dif-
ferentspatialandtemporalresolutions,which is notpossiblefor
4-d octrees.TheTSPtreedatastructurehasbeenalsousedby
Ellsworth,Chiang,andShen[6] to facilitatelargescalevolume
renderingusing3-D texturehardware.

Furtherspeedup of renderingmay be accomplishedby uti-
lizing parallelcomputersor graphicshardware. However, even
thoughaparallelcomputercanrenderimagesatmultipleframes
per second,without high-speednetwork andparallel I/O sup-
port, these two bottleneckscan still make it impossible to
achieve interactive viewing. One bottleneckis the need to
streamlarge volume�les throughoutthe courseof the visual-
ization process.The other is the delaydueto transferringthe
resultingimagesover a potentiallynon-dedicatednetwork. Ma
andCamp[15] developa post-processingparallelvisualization
strategy basedon a pipelinedrendering.They demonstratere-
motevisualizationof time-varying volumedataon a PC clus-
ter over a wide-areanetwork. Pipeliningandcarefulgrouping
of processorsareusedto hide I/O time and to maximizepro-

cessorutilization. Visually losslesscompressionis usedto sig-
ni�cantly cut down thecostof transferringoutputimagesfrom
thePCclusterto a displaydevice througha wide-areanetwork.
ClyneandDennis [4] employ similar techniques,usingdouble
buffering to help maskboth the costsof volumedataI/O over
a high-bandwidthchannelandhide imagetransmissionover a
TCP/IPnetwork.

Themethodsintroducedin thispapercanworkaswell, andby
many metricsbetter, asmostof theaforementionedtechniques.
Furthermorethey have the addedadvantageof being scalable
andrunningon low-cost,commodityhardwaremakingthemfar
moreaccessibleto abroadrangeof researchers.

I I I . ALGORITHM

CommodityPCgraphicscardsarecapableof performingren-
dering that only a few yearsago requireda high-endgraph-
ics workstation. In particular, the 2-D texture hardware that
helpsgenerateimpressive graphicsfor videogamescanalsobe
exploited for datavisualization. For example,commodityPC
graphicscardshave beeneffectively usedfor volumerendering
staticvolumetricdata[2],[26]. Volumerenderingrequiresthe
loadingof the volumetricdatainto the texture memoryof the
videocardprior to rendering.Theresolutionof thevolumethat
canberenderedis oftenlimited by theamountof videomemory
thecardcontainssincetheaccessandtransferof datafrom main
memoryacrossthegraphicsbus is relatively slow comparedto
thedirectaccessof graphicsmemory.

A. Compression

Theinteractiverenderingof time-varyingvolumetricdatasets
offers a numberof challengesbecauseof the sheersizeof the
databeingvisualized. Thesedatasetscanbe reducedin size
andthereforemademoremanageablethroughthe useof com-
pression. The advantagesof compressingvolumetricdataare
twofold. First, it reducesthe storagerequirementsneededfor
the data. This could allow a dataset to �t in main memory
thatmightotherwisenot�t, eliminatingtheneedfor transferring
datafrom disk. Thereductionin storagecanalsobeusedto �t
relativelysmallcompresseddatasetsentirelyin texturememory,
thuseliminatingtheneedfor transferringdataacrossthegraph-
ics bus. Theotherbene�t of compressionis a reductionin I/O.
If acompressedvolume�ts entirelyin mainmemory, thecostof
transferringcompresseddatato thegraphicscardis lower than
thecostof transferringuncompresseddata.If adatasetdoesnot
�t into mainmemory, thetransferringof compresseddatafrom
disk can be substantiallyfasterthan with uncompresseddata,
allowing for interactive visualizationfrom disk.

Video and main memorycan be thoughtof as a two-level
cachefor volume rendering. The compressionof volumetric
datanot only increasesthe amountof datathat can�t in each
level, but alsodecreasestheI/O costsof transfersbetweenthese
levels. Throughthe useof compression,andcarefulmanage-
mentof thetimecostsassociatedwith thetransfersbetweenlev-
els,it is possibleto loadtexturemapsrepresentingvolumedata
into video memoryat ratessuitablefor interactivity on a com-
modityPC.

If a compressedvolumeis to berendereddirectly from video
memory, it mustalsobeuncompressedusingthegraphicshard-
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ware. This is a signi�cant constraintsincethe operationssup-
ported in video hardware are extremely limited comparedto
a general-purposeCPU. Anotherconstraintis imposedby the
fact that it is very desirableto encodethe scalarvoxel values
in termsof their scalarvalueratherthanasa red, green,blue,
alpha(opacity)set. Usingscalarvaluesandcolor indexed tex-
turesallowsausertomanipulatethecolorpaletteto interactively
changetheopacityandcolor maps,allowing for explorationof
the data's transferfunction space. Storing voxels in termsof
RGBA would requirerecompressingthe entiredatasetaspa-
rametersarechangedwhich canbe impracticalfor very large
datasets. In addition,storinga singlescalarvalue,ratherthan
four colorscalarsreducestheamountof databy afactorof four.

Unfortunately, using indexed valuesputsa numberof limi-
tationson how graphicshardwarecanbe usedto decodedata.
Most screenand texture combining operationssupportedin
hardware,suchasRegisterCombiners,work in termsof thema-
nipulationof RGBA valuesandnot the manipulationof scalar
mapindex values. In particular, onemight considercompres-
sion methodsthat would deal with differenceimagesor vol-
umes.Thesedifferences,however, would needto becombined
in termsof RGBA andnot indexed scalars.This would make
the differenceimagescolor map and opacity map dependent,
sincethe differencebetweentwo volumes,in termsof RGBA,
dependsextensively on thetransferfunctionbeingused.

B. Palettebaseddecoding

With theselimitations in mind, we presenta methodfor the
temporalencodingof indexedvolumetricdatathatcanquickly
be decodedin hardware. The methodmakesextensive useof
hardwaresupportfor thechangingof color paletteswithout the
reloadingof textures.Thecycling of color palettescanbeused
to createsimpleanimationsfrom staticimages.In our work we
usecolor palettemanipulationto allow a singlescalarindex to
representgrid pointsat severaltimessteps.

With palettedtextures,a singlescalarindex is usedto repre-
sentanRGB or RGBA color. Thepaletteconsistsof a limited
setof colorsthatsampletheRGBA color space.Eachof these
colorsis encodedin a singlevalue,often a singlebyte. In our
approachwe encodea sequenceof temporallychangingscalar
valuesinto a singleindex. In this way, thevaluestoredin each
texel representsan approximationof a sequenceof scalarval-
ues. Eachindex is thereforea samplein the spaceof possible
time varying scalarvalues. The scalarvaluesthat an indexed
texel representsis decodedto its temporallychangingvalues
throughtheframeto framemanipulationof thepalette.For each
frame,thecolor for eachpaletteentryis setto thecolor foundin
the transferfunction for thescalarencodedby that index value
duringthatframe,asshown in thefollowing pseudocodewhich
rendersN time stepsusinga singleindexed texture. Note that
8-bit indexedtexturesareassumed.
{

// storescolormapfrom thetransferfunction
Color colormap[256];
// storestheN timevaryingscalarsencodedby each
// of the256possibletexel values.Thisarrayis created
// duringthecompressionprocess
int decoder[N][256];

// thecolorpaletteto becalculatedfor eachtimestep
Color palette[256] ;

for each timestep t (0 to N-1) {
for each palette entry i (0 to 255) {

palette[i]=colormap[decoder[t][i]];
}
// setthepalettefor currentframe
setPalette(palette);
renderTexture();

}
}

The texturesare rasterizedto the screenusing linear inter-
polation. Unlike dependenttextures,for palettedtextureslin-
earinterpolationoccursin termsof RGBA valuesafterthetable
lookup. If interpolationoccurredin termsof paletteindices,the
resultingimageswouldshow severeartifacts,sincethemapping
betweenpaletteindicesanddecodedscalarvaluesis far from
linear.

C. Temporal encoding

The encoding processconsistsof mapping sequencesof
scalarsinto single scalarindices. This operationcan be ap-
proachedas a vector quantizationproblem. We perform this
processusing transformencoding,speci�cally using the Dis-
creteCosineTransform(DCT) [9],[7],[25]. Transformencod-
ing is a compressionmethodthat transformsdatainto a setof
coef�cients that are then quantizedto createa more compact
representation.The transformby itself is reversible,anddoes
not compressthedata.Rather, a transformis selectedthatputs
moreenergy into fewer coef�cients, thusallowing the lessim-
portant,lowerenergy coef�cients to bequantizedmorecoarsely,
thusrequiringlessstorage.

TheDCT is de�ned by:

C(u) = a(u)
N� 1

å
x= 0

f (x)cos[
(2x+ 1)up

2N
]

and

a(u) =

8
<

:

q
1
N for u = 0

q
2
N for u = 1;2:::;N � 1

whereC(u) arethetransformedcoef�cients, N is thenumberof
input samples,and f (x) aretheinput samples.We usetheDCT
since it is known to have good information packingqualities
andtendsto have lesserrorat theboundariesof a sequence[7].
Boundaryperformanceis importantin orderto avoid disconti-
nuitiesduringthetransitionbetweenblocks.Sinceour applica-
tion compressestemporally, discontinuitieswould appearin the
form of �ashesbetweencompressedsequences.

The encodingprocessis shown in Figure1. First a window
sizeis selected,which will be the lengthof the time sequence
thatwill beencodedinto asinglevalue.Thelongerthewindow
size,thegreaterthecompressionthatwill beachievedat theex-
penseof temporalaccuracy. For eachwindow of time-evolving
scalarsthe DCT is applied. The result is a setof coef�cients
equalin numberto thesizeof thewindow used.The�rst coef�-
cientstorestheaveragevalueover thewindow, andtendsto be
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Fig. 1. DCT-basedencoding.In thisexample,thewindow sizeis 4 andonly the
�rst 3 coef�cients arestoredinto an8-bit value.

largestin value. The remainingcoef�cients storeincreasingly
higher frequency componentscontainedin the windowed se-
quence.Thesecoef�cients tendto representdecreasingamounts
of signalasthefrequency getshigher.

Thesecoef�cients arethenquantizedandcombinedintoasin-
gle scalarvalue. Bits areadaptively allocatedfor eachcoef�-
cientbasedon thevarianceof eachcoef�cient [25]. Thoseco-
ef�cients with thehighestvarianceareallocatedmorebits than
thosecoef�cients with low variance.Using this technique,bits
areallocatedbasedon the temporalcharacteristicsof the win-
dowed sequenceof the dataset. For example,a datasetwith
minimalamountsof movementwouldusefewerbits to storethe
temporalchangesin the data,allowing morebits to be usedto
morepreciselyrepresentthe stationaryvaluesin the sequence.
Ontheotherhand,asequencewith highspeedmotion(low tem-
poral coherence)would usemorebits to encodethis motionat
theexpenseof precisionfor thestaticvalues.

Oncebit allocationfor the transformedcoef�cients is deter-
mined, the coef�cients arequantizedto their respective preci-
sion. Uniform quantizationis not well suited for quantizing
thesecoef�cients sincethey oftenhave fairly non-uniformdis-
tributions. Instead,quantizationoccursusingLloyd-Max quan-
tization [11],[17] which adaptively selectsquantizationlevels
thatminimizemeansquareerror. Thequantizedcoef�cients are
thencombinedinto a singlescalarwhich is storedasan index
in a palettedtexture. Eachencodedvaluerepresentsa sequence
of time-varyingscalarsthatcanbedeterminedusingtheinverse
DCT. RatherthanusingtheinverseDCT, however, eachpalette
entry is mappedto the averagescalarvaluethat the index rep-
resentsfor eachtime step.Theencodingprocessis repeatedfor
everywindow in time.

D. 2-D texture& sub-volumeoptimizations

As describedin the previous section,the quantizationstep
is adaptedbasedon the characteristicsof transformedcoef�-
cients. Since the temporalpropertiesof a data set can vary
widely acrossa volume,it is advantageousto adaptively quan-
tize smallsectionsof dataat a time. Our volumerenderingim-
plementationusesaxis-aligned2-D textures. To minimize the
amountof error introducedin thequantizationstep,we encode
eachtextureslice independently. This permitsbit allocationto

Time

9                                     10                                    11

10-13

7-10

8-11

9-12
10-13

7-10

10-13

Slices
along the
view direction

6-9

7-10

8-11

9-12

11-14

6-9

7-10

Fig. 2. When2-D textureinterleaving is utilized,for every timestep,everyNth
2-D texture is replacedstartingwith thet moduloNth textureslice,wheret is
the time stepandN is the compressionratio. In this example,N is four. The
numberson eachsliceindicatewhich time stepsthetexturestores.Theshaded
sliceis theslicethatis updatedat timet.

vary basedon thetemporalcharacteristicsof eachslice,aswell
asallowing for thequantizationlevelsto varybasedonthechar-
acteristicsof thecoef�cients for eachslice.We have foundper-
sliceencodingshowsnoticeablyfewercompressionartifactsfor
a given bit rate. Onenegative effect of this process,however,
is that an uncompressedscalarvaluecanbe encodedinto dif-
ferentcompressedvaluesdependingon theslicein thevolume.
In practice,however, we have found this effect to be minimal,
in partbecausequantizationoccursin slicesthatarenearlyper-
pendicularto the viewing direction, thusvariationsfrom slice
to slice of a scalarvaluearesoftenedby the volumerendering
integral.

Usually, when bit allocationoccurs,most bits are usedfor
storingthe averagevalueover a windowed sequence.As a re-
sult, when the transitionoccursbetweentwo compressedse-
quences,theshift in averagevaluecancausea perceived jump
in the animation. We thereforeinterleave the startingtimesof
the windows for eachslice. Figure2 shows suchan interleav-
ing scheme.This decorrelatestemporaltransitionsso that the
jump occursduringevery framebut for interleavedslicesin the
volume,ratherthanthewholevolume.This is analogousto in-
terlacedvideo,exceptratherthanbeinginterlacedvertically, the
texturesareinterleavedalongtheviewing direction.As with per
slicequantization,thevolumerenderingintegral helpsto soften
theinterleaving effect.

For a transformwindow of lengthN, without interleaving an
entirenew compressedvolumemustbeloadedevery N frames.
Sincethe loadingof dataacrossthe graphicsbus is relatively
slow, this can causea substantialdrop in frame rate every N
frames. This problemcanbe solved by loading 1

N of the next
compressedvolumeevery frame,but requiresstoringa copy of
thenext volumein texturememory. This, however, is not nec-
essaryif thetexturesareinterleaved,sincefor every frame 1

N of
the volumecanbe �ushed from texture memoryandreplaced
with a new texture. Thusby amortizingdatamovementcosts,
interleaving allows for a moreconsistentframeratewithout the
expenseof needingthe texturememoryto storea secondcom-
pressedvolume. If the usermoves to an arbitrary framenon-
sequentially, thenall texturesmust be reloadedand thereis a
dropin framerate.
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IV. PARALLEL IMPLEMENTATION

Themethodwe have just describedis adequatefor highly in-
teractive renderingof time-varyingdatasetsof moderatespatial
resolution. However, extremely large grids, like thosearising
from �uid dynamicssimulationsat many nationallaboratories,
are problematic. The available texture memoryin the graph-
ics boardandtheI/O bandwidth,particularlybetweendisk and
main memory, constrainthe numberof grid points in a single
volumethat may be renderedinteractively. To addressboth of
theselimitationsweexploreaparallelimplementationthatagain
employs low-costcommodityhardware.

A. Hardware

Our parallel renderingenvironmentconsistsof a clusterof
eightrenderingnodesandaninthnodeusedfor controlanddis-
play. Eachnodeis aPCcon�guredwith a1.3GHzAMD Athlon
processor, one gigabyte of main memory, Nvidia GeForce3
graphicswith 64 megabytesof texture memory, anda level 0
IDE RAID with two 7200 RPM disk drives. Thus our paral-
lel renderingplatform hasan aggregateof eight GBs of main
memoryand512MBs of videomemory. Eachnodeis attached
to it' s own RAID storageunit. Aggregatebandwidthfrom disk
to mainmemoryandfrom mainmemoryto videomemoryis 8
timesthatof a singlenode.The interconnectbetweennodesis
switched1000BaseTgigabit ethernet.Communicationbetween
nodesis performedusingMPI over TCP/IPsockets.

B. Algorithm

Our low-cost,distributedmemorycomputingplatform,with
it' s relatively high-latency/low-bandwidthinterconnect,andthe
useof hardwaretexturemappingfor volumerenderingleadus
to anobject-spacetaskpartitioning[13],[20]. Eachnodein the
clusteris responsiblefor renderinganequal-sizedsubsetof the
volume.Thevolumedecompositionis chosensuchthatback-to-
front visibility orderingcaneasilybemaintained.After render-
ing is complete,thepartialimagesarereadbackfrom theframe
buffer andblendedtogetherto yield the�nal, compositedimage.
A singlenodeis thenresponsiblefor displayingtheresult.The
only synchronizationthat is requiredoccursduring the image
compositionphase.This approachallows usto fully exploit the
aggregatebandwidthand capacityat eachstagein our storage
hierarchy, from magneticdisk to video memory. Thuswe are
ableto renderdataat8 timesthespatialresolutionallowedby a
singlenode.

We electedto usea simplework decompositionstrategy, di-
viding eachvolumeinto N equalslabs,whereN is thenumber
of renderingnodesin our cluster. Recall that our useof 2-D
texture hardwarerequiresus to slice the volumeorthogonalto
eachof the threegrid axes(object-alignedslices).Hencethree
slabsfrom eachtime-steparedistributedto eachnode,oneslab
alignedorthogonallyto eachdatagrid axis. Eachnodeis thus
responsiblefor threedifferent regions of the volume depend-
ing on which viewing angleis chosen. The slab selectedfor
a given viewing angleis the onemostorthogonalto the view-
ing direction. The advantageof this decompositionstrategy is
it' s simplicity; voxelsdo not have to bereplicatedat subregion
boundariesto maintainvisual �delity . Thedisadvantageis that
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Fig. 3. Storagecon�guration for a PC-basedsystemfor renderinglarge-scale
time-varyingdata.

compositingcostsof thepartialimagesarehigherfor slabsthan
for otherpartitioningschemes(e.gblocks). In fact,becausewe
alwaysuseslabsthataremostorthogonalto theviewing direc-
tion thecostsareworst case[20]. Thesehighercostsmanifest
themselvesin two ways:therearemoreactivepixelsto transmit
betweennodes(highernetwork costs)andmoreactive pixelsto
composite(highercomputationalcosts).

The imagecompositionstageis performedusinga variation
of thebinary-swapmethod[13]. Despitethehighercompositing
costsimposedby our choiceof slabpartitioning,we electedto
usea software-basedimplementationof the binary-swap. The
software approachallows us to blend using higher precision
arithmeticto avoid artifactsdue to accumulatednumericaler-
ror with thenarrower 8-bit arithmeticavailableon thegraphics
chip.

V. RESULTS

In thesectionsthat follow, we presentresultsobtainedusing
boththeserialandparallelimplementationsof our method.We
note that the serial renderingexperimentswere conductedon
a PC with a slightly differenthardwarecon�guration thanthat
of our clusternodes,previously described.Differentdatasets,
with appropriatespatial resolutions,were also chosenfor the
serialandparallelexperiments.For all out-of-coreexperiments
thekernelbuffer cachewas�ushed prior to eachrun.

A. SerialRendering

Our serialrenderingresultswereobtainedon a low-cost(un-
der $1500)PC con�gured with an AMD 1.2 GHz Athlon pro-
cessor, 768 megabytesof main memory, an Nvidia GeForce3
basedgraphicscardwith 64 megabytesof texturememory, and
an IDE level 0 Raid (4 drives). Figure3 displaysthe storage
con�guration of our serial implementationtestbed.Using our
compressionmethodwe areableto rendermoderateresolution,
time-varyingvolumetricdatasetsat interactive rates.

TableI liststhethreedatasetsthatwerechosenfor thispartof
ourstudy. Figure4 showsoneframefrom eachdataset.An an-
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TABLE I

THREE TEST DATA SETS.

dataset timesteps spatialresolution

Turbulentvortex �o w 100 1283

Quasi-geostrophic 1492 2563

turbulent�o w
Shock-bubble�o w 500 640� 256� 256

TABLE II

FRAME RATES FOR RENDERING THE QG DATA WITH DIFFERENT

COMPRESSION LEVELS.

fps (timestepsrendered)compressionratio
in-core out-of-core

8� 31.6(280) 13.4(1492)
4� 25.8(140) 6.8(1492)
2� 17.3(70) 3.5(1492)
1� 11.5(35) 2.0(1492)

imationof theturbulentvortex jetsdatadisplaysafairly random
patternover time asthe vorticesspreadthe whole domain. In
NCAR'squasi-geostrophic(QG)turbulent�o w data,wewitness
the formationof coherentturbulent structuresakin to Jupiter's
red spot. The QG calculationssimulatelarge-scalemotionsin
theEarth'satmosphereandoceansandarerepresentative in size
andcomplexity of many EarthSciencesturbulent�uid �o w sim-
ulations.TheLBL shock-bubbledataaresimulationresultsof a
shockwave impactingasphericalbubbleof helium.Theshock-
bubble�o w dataexhibits a slowly developingstructurestarting
from oneendof the domainandeventuallyreachingthe other
end.

TablesII andIII show frameratesfor differentcompression
casesusingNCAR's QG datasetandLBL's shock-bubbledata
set,respectively. Compressingeachtimestepof a2563 QGdata
set takesbetween5 and15 secondsdependingon the level of
compression,usingan approximationof Lloyd-Max Quantiza-
tion [9]. Our implementationuseseight-bit palettedtextures,
althoughour techniquecould be appliedto hardwarethat sup-
ports higher precisiontexturesfor encodingstrategies that al-
locatemore bits to eachtransformedcoef�cient. The results
wereobtainedwhenrenderingthe volumeto a 512� 512 win-
dow, with thevolumeoccupying approximatelyonethird of the
window area.

If a compresseddataset �ts entirely in main memory, then

TABLE III

FRAME RATES FOR RENDERING THE SHOCK-BUBBLE DATA WITH

DIFFERENT COMPRESSION LEVELS.

fps (timestepsrendered)compressionratio
in-core out-of-core

8� 11.7(112) 5.8(265)
4� 9.3(56) 3.1(265)
2� 6.3(28) 1.6(265)
1� 4.4(14) 0.9(265)

TABLE IV

FRAME RATES FOR RENDERING THE 100 TIME STEPS OF THE TURBULENT

VORTEX FLOW DATA IN-CORE WITH DIFFERENT COMPRESSION LEVELS.

compressionratio fps
8� 76.1
4� 70.7
2� 51.6
1� 28.7

thebottleneckin therenderingprocessis thetransferof textures
from main memoryto the graphicscard. Compressionhelps
with both of theselimitations, increasingnot only the number
of time stepsthat �t in main memory, but alsodecreasingthe
amountof timenecessaryfor transferringdataacrossthegraph-
icsbus. If only onesetof axis-alignedtexturesis storedin main
memory, then the numberof time stepsthat can be storedin
memoryincreasesby a factorof threeat theexpenseof theuser
notbeingableto view thedatasetfrom anarbitraryanglewith-
out swappingdatafrom disk.

In thecaseof the2563 volumetricQGdata,usingacompres-
sion factorof four and256 axis-alignedtexturedpolygonswe
can�t 140timestepsinto mainmemoryandsustainaframerate
of approximately25.8 framesper second. If 128 axis-aligned
texturedpolygonsareusedinstead,which requirestransferring
anddrawing only half the data,the frameratedoublesandwe
canrender280time stepsfrom memory. Without compression,
the same140 time stepsno longer �t into main memory. A
memory-residentsubsetof the uncompresseddatacanbe ren-
deredat only about11.5 framesper second,comparedto the
25.8framespersecondwith compression.Wenotethatalthough
theamountof datatransferredwith compressionis onefourthof
thatwithout,theframeratedoesnotscalelinearly. Thisis dueto
thetimerequiredto rasterizethetexturedpolygonsto thescreen.
The performancewould scalemore linearly if a graphicscard
with a higher�ll-rate wereused,or if the �ll-rate requirements
werereducedby projectingthevolumeto alowerresolutiondis-
play.

Often the temporalresolutionof a datasetis too large to �t
the desirednumberof time stepsinto main memoryeven with
compression.In this caseit is necessaryto loadandrenderthe
volumefrom disk. Compressioncansubstantiallydecreasethe
amountof datathatmustbeloadedfor eachframe,resultingin
a noticeablyhigher framerate,asshown in Table II. For ex-
ample,all 1492time stepsof the2563 QG datasetcanberen-
deredat 13.4 fps whencompressedby a factorof eight versus
only 2.0 framespersecondwhenrendereduncompressedfrom
disk. Oncetheuser�nds a shortertemporalregion of interest,
that datacan then be loadedinto main memoryand rendered
at a fasterframerate,or higherimage�delity . Figure5 shows
selectvisualizationsof the QG datasetfor the sametime step
usingdifferenttransferfunctionsde�ned throughinteractiveex-
ploration.Figure6 displaysimagesof time steps32,39,46,53
of theshock-bubbledataset.

By changingthewindow sizeusedin theencodingstep,the
compressionratio and quality can be varied. TablesV, VI,
and VII show the peaksignal to noiseratio that resultsfrom
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Fig. 4. Oneselectedframefor eachdataset.

TABLE V

NCAR QUASI-GEOSTROPHIC DATA SET ERROR

compressionratio PSNR(dB)
2x 24.1
4x 22.9
8x 21.8

TABLE VI

VORTEX DATA SET ERROR

compressionratio PSNR
2x 19.6
4x 15.2
8x 13.1

compressingeachdatasetover50 timesteps.Figure7 andFig-
ure8 show volumesthathave beenrenderedusingvaryingde-
greesof compression.As theamountof compressionincreases,
someof the moresubtlefeaturesaswell as the fastermoving
featurescanbecomeblurred. Thus,thereis a distinct tradeoff
betweenthecompressionratio andrenderingperformancever-
susthequalityof thecompressedvolume.Thisgivesusersade-
greeof �e xibility in choosingcompressionratiosthatbestmeet
their needs.For example,if a scientistis interestedin viewing
a shorttime sequenceat highquality, a lowercompressionratio
canbeused.Ontheotherhand,to view avery longsequenceof
dataat high speeds,a highercompressionratecanbeselected.
Thescientistcancombinecompressionratiosto preview a data
setatacoarsertemporalresolutionandthenview aspeci�c time
sequenceof interestwith lesscompression.

TABLE VII

LBL SHOCK BUBBLE DATA SET ERROR

compressionratio PSNR(dB)
2x 25.7
4x 22.1
8x 20.5

TABLE VIII

TEST DATA SETS FOR PARALLEL IMPLEMENTATION.

dataset timesteps spatialresolution

Decayingturbulence 350 5123

Compressibleconvection 200 5123

TABLE IX

DECAYING TURBULENCE

compressionratio PSNR(dB)
2x 38.7
4x 33.2
8x 28.4

B. Parallel Rendering

For ourparallelrenderingstudyweusetwo differentdatasets
to evaluatethe performanceof our implementationaslisted in
TableVIII. Bothdatasetshaveaspatialresolutionof 5123. The
�rst datasetcontainsapproximately350timestepsandwasgen-
eratedfrom a numericalsimulationof strati�ed decayingturbu-
lence. The seconddataset,alsonumericallygenerated,repre-
sentssolarturbulentcompressiblethermalconvection.Thereare
200time stepsin theseconddataset.Sinceour algorithmtakes
no advantageof any data-dependentoptimizations(e.g. early
ray termination),performanceon bothdatasetsis identical.All
of our timings reportedbelow comefrom the longerstrati�ed
decayingturbulencesimulation.Figure14 andFigure13 show
thesetwo datasetsatdifferentcompressionratios.TablesIX and
X, show thepeaksignalto noiseratio for thesedatasetsover50
timesteps.

In theresultsbelow eachexperimentwasrun threetimes.All
per-frametimings are the averageof the timesfor the slowest

TABLE X

DECAYING TURBULENCE

compressionratio PSNR(dB)
2x 46.9
4x 40.4
8x 37.2
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Fig. 5. Selectedvisualizationsof thequasi-geostrophicdatasetproducedby varyingtransferfunctions.
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Fig. 6. Visualizationsof theshockbubbledatasetatdifferenttimesteps.

TABLE XI

RENDERING FRAME RATES FOR 5123 DATA WITH DIFFERENT COMPRESSION

LEVELS USING EIGHT CLUSTER NODES.

compressionratio fps (in core) fps (outof core)
8� 5.1 3.5
4� 4.9 2.9
2� 4.9 1.6
1� 4.8 1.1

nodein eachrun. A staticviewpoint wasusedwith a 20 degree
rotationaboutboth theX andY coordinateaxes. Final display
wasperformedusinga 512x512window with theprojectedim-
ageoccupying about90%of thedisplay. Recallthatin ourserial
experimentsthe projectedimageoccupiedonly approximately
onethird of thedisplay.

TableXI shows theframeratesfor differentcompressionra-
tios, both in-coreandout-of-core,runningon all eight cluster
nodes.Weobservethatframeratesfor thein-coredataareinde-
pendentof compression;a maximumof 5 fps is achieved. The
frameratesfor theout-of-coreresultsperformmoreasexpected,
improving with increasingcompression.However, aswith our
serialcase,thespeed-upis not ideal.

Figure 9 and Figure 10 show the timing distribution of the
renderingpipeline for the in-core and out-of-coreresults,re-
spectively. The draw time measuresthe time it takes to load
the texturesfrom main memory into video memoryand then
renderthe texturedpolygonsinto the framebuffer. In the case
of the in-coredata,all of the texturesresidein main memory
andtheOpenGLdrivermanagesthepagingof texturesbetween

main memoryandvideo memory. In the out-of-corecasethe
texturesresideon disk andmustbeexplicitly loadedfrom disk
to mainmemoryandthenfrom mainmemoryto videomemory
asneeded.TheDisk I/O indicatesthetime to readtexturesinto
main memory. The compositingtimesshown includethe time
to readtheintermediateimagesout of theframebuffer, encode
theimages,swapwith othernodes,andblendin software.

Thecompositiontimeremainscloseto constantacrossall ex-
periments,regardlessof compressionor whetherthedatareside
in or out of core. Our binary-swap imagecompositionmethod
employs run-lengthencodingto avoid transmittingtransparent
imageregionsbetweennodes.However, changingcompression
levelsdoesnot impacttheimagesigni�cantly andthushasneg-
ligible impact on overall imagecompositiontime. Hencethe
compositiontimesremainconstant.

We observe from the in-coreresultsthat the draw time does
not improve with the increasinglevel of compressionas we
would hope.We speculatethattherendererhasbecomelimited
by the�ll-rate of thegraphicscard.Despitethelackof increase
in frameratefor the in-corecase,the useof compressiondoes
allow substantiallymoretimestepsto berenderedin-corewith-
out the needto swap from disk. We also observe that image
compositionis dominatingthe results,placing an upper limit
on overall interactivity regardlessof individual noderendering
rates.Theout-of-coreresultsbehave moreaswe would expect,
demonstratingimprovedperformancewith increasingcompres-
sion. The much slower disk I/O dominatesthe overall costs
at lower compressionratios but exhibits near linear speed-up
ascompressionis increased.Thedraw time alsobene�ts from
thereducedmainmemoryto videomemorybandwidthrequire-
ments.However, theconstantcompositiontime again beginsto
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Left: nocompression.Right: 2x compression.

Left: 4x compression.Right: 8x compression.

Fig. 7. Visualizationsof TimeStep210of thequasi-geostrophicdatasetatdifferencecompressionlevels.As thelevel of compressionincreases,someof the�ner
featuresbecomeblurred.

dominateat thehighestlevel of compression.Furthercompres-
sion,if it werepossible,wouldbeof little bene�t. Overall linear
speed-upis notpossible.

To furtherexploretheroleof compositingtime in ouroverall
performancewe ran a secondset of experimentswherecom-
positingwasnotperformed.TableXII showstheframeratesfor
boththein-coreandout-of-coredatarunningonall eightnodes.
The in-coredatais limited by �ll-rate andreceivesno bene�t
from compression,but theoverall frameratewithout composit-
ing improvessigni�cantly. The out-of-coredata,on the other
hand,exhibit nearperfectlinearspeed-upascompressionis in-
creased.

Weconductedone�nal performanceexperimentto look atthe
bene�ts of increasinglevels of parallelism. TableXIII shows
frameratesfor differentnumbersof clusternodes. Figure11

TABLE XII

FRAME RATES WITHOUT BINARY-SWAP IMAGE COMPOSITING.

compression fps (in core) fps (outof core)
8� 12.1 11.0
4� 11.0 5.7
2� 11.7 2.7
1� 12.2 1.5

and 12 show timing distributions for increasingnumbersof
nodesfor thein-coreandout-of-coredata,respectively. A com-
pressionfactorof four wasusedin all cases.For thesinglenode
case,binary-swapis not requiredsothecompositetime is zero.

The in-coreresultsdemonstratefair overall speed-up,albeit
they are again constrainedby the compositetime which be-
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Left: nocompression.Right: 2x compression.

Left: 4x compression.Right: 8x compression.

Fig. 8. Visualizationsof Time step980of thequasi-geostrophicdatasetat differencecompressionlevels.As thelevel of compressionincreases,someof the�ner
featuresbecomeblurred.

gins to dominatethe performanceas the numberof nodesis
increased. The draw time does,however, exhibit near ideal
speed-up.This is expectedasthe amountof renderinga node
is requiredto performis reducedin proportionto thenumberof
nodes.The compositiontime again remainsconstantThe out-
of-coredatademonstrateeven betteroverall speed-up.This is
duein part to the fact that they never achieve the sameoverall
framerateasthein-coredataandarethereforelessimpactedby
thecompositetime. TheI/O timeanddrawing timebothdisplay
ideallinearspeed-up.

VI . DISCUSSION

Our implementationusescommodityPC hardwaregraphics
accelerators.ThoughPCgraphicscardsareemergingwith hard-
ware supportfor 3-D volumetric textures,and we expect that

TABLE XIII

FRAME RATES FOR INCREASING LEVELS OF PARALLELISM .

nodes fps (in core) fps (outof core)
8 4.9 2.9
4 3.3 1.8
2 2.1 1.0
1 1.8 0.5

our methodwould work with volumetric indexed textures,we
have electedto usemorecommonlyavailable2-D texturemap-
ping. Theuseof 2-D textureshasthelimitation thatfor avolume
to beviewablefrom anarbitraryangle,threecopiesof the tex-
turesmustbestoredfor eachof theprincipleviewing directions.
However, this limitation is temperedsomewhatby the fact that
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Left: nocompression.Right: 2x compression.

Left: 4x compression.Right: 8x compression.

Fig. 13. Visualizationsof timestep140of thestrati�ed decayingturbulencedatasetatdifferencecompressionlevels.

compressioncanreducetheamountof texturestoragerequired
by beyonda factorof 3. Whena volumeis viewedout-of-core,
storingextra compressedcopiesof the datasetbecomesmuch
lessof an issuesincethe copiesof the dataarestoredon disk.
Staticdatasetsvolumerenderedwith 2-D texturesaremoresus-
ceptibleto imageartifacts.However, ouruseof 2-D texturesfor
time-varying datapermit us to performper-slice encoding,an
importantaidin reducingcompressionartifacts.Lastly, 2-D tex-
turespermitus to interleave texturedownloads,amortizingthe
I/O costsacrossmultiple time steps.Without this interleaving
scheme,our peakbandwidthrequirementswould be substan-

tially greater.

Sinceour systemcanrendervolumesfrom disk at interactive
rateswe feel it is veryscalablewith respectto thetemporalsize
of a dataset. With regard to thesizeof thedatasetin thespa-
tial domain,theamountof texturememoryon a singlecardcan
be a limiting factor. Sinceour work compressestemporally, it
doesnot reducetheamountof texturememoryutilizedto below
that which would be requiredto rendera singlestaticvolume.
With next generationgraphicscardshaving increasinglylarger
amountsof texture memory, this single-cardlimitation should
becomediminished.Forout-of-corerendering,thecostof swap-
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Left: nocompression.Right: 2x compression.

Left: 4x compression.Right: 8x compression.

Fig. 14. Visualizationsof timestep60of thesolarturbulentcompressiblethermalconvectiondatasetatdifferencecompressionlevels.

ping texturesfrom the graphicscardto main memoryis much
lower thanthe costof readingfrom disk, thustexture memory
capacityrestraintsbecomelessof aconcern.

Supportingdata setswhosespatial resolutionsexceedthat
which a singlegraphicscard is capableof handlingcan read-
ily beaddressedby clusteringmultiplePCstogether. Clustering
effectively increasesthe amountof aggregate texture memory
available,andjust asimportantly, increasestheaggregateband-
width betweenall the levels in thestoragehierarchy. Although
we wereableto achieve interactive ratesfor in-coreandout-of-
coredata,the oneshortcomingwe observed in our clusterap-
proachis the dependency on compositingfor combininginter-
mediateimageresults.We saw thatcompositiontimesquickly
dominatedour overall renderingcostsasothercomponentsof
therenderingpipelinewerespedup. Differentdatapartitioning
strategies, resultingin smallerintermediateimages,could im-

prove the compositiontimes by reducingcommunicationand
computationalrequirementsof compositing. However, these
would complicatetherenderingstageandmight introduceper-
formanceproblemselsewhere.Wefeelthatthebesthopefor ad-
dressingcompositingperformanceis offeredby theemergence
of out-boardhardware imagecompositorssuchasSepia[18],
Lightning-2[28], andSGI's ScalableGraphics[10], aswell as
ourown efforts [19].

Theuseof compressionby our methodspresentstwo poten-
tial shortcomingsthat are worth addressing. First, sinceour
compressionschemeis lossly thereis thepotentialfor modest,
but noticeable,imagequalitydegradationthatincreaseswith the
degreeof compression.However, a moderatelossof image�-
delity dueto compressionor otheroptimizationstrategiesis an
acceptabletradeoff for enablinginteractive explorationof tem-
poraldata,providedthegrossfeaturesof evolving structuresis
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Fig. 9. Per-frametiming distributionsfor in-corerenderingon
eightclusternodes.

Fig. 10. Per-frametiming distributionsfor out-of-corerendering
oneightclusternodes.

preservedasit is in ourtestcases[22],[1]. It is worthnotingthat
many NCAR researcherscommonlyperformcrudedatareduc-
tion usingsimplezero-ordersubsamplingin orderto accommo-
dateinteractive explorationwith thetoolspresentlyavailableto
them.In essence,they have alreadydemonstrateda willingness
to sacri�ce imagequalityto gaininteractiveexplorationcapabil-
ities thatareessentialto maximizingscienti�c productivity [3].
Onceafeatureof importanceis detectedin thereduceddataset,
the full resolutiondatamay be further analyzedif necessary.
Second,compressionrequiresadditionalstorage(for maintain-
ing both the raw andcompressedversionsof the data),and it
takestime to performtheencoding.Similarly to lossof image
�delity , researchersarealreadybearingthesecostsby their use
of subsampleddatato achieve interactive rendering.

TSPTreebasedmethodsreducetheamountof texturemem-
ory utilized by exploiting temporaland spatial coherenceto
reusetextures[26],[6]. They representseveral similar textures
as a single static texture. Our DCT basedencodingmethod
storesseveral time slicesin termsof lower precisionaverages
anddifferencesstoredin a singletexel. Throughpalettemanip-
ulation, thesetexels dynamicallyrepresentseveral time slices.
This compressedencodingcomesat theexpenseof thenumer-
ical precisionusedto storetheseaveragesanddifferences.The
methodexploitstemporalcoherenceby usingmorebitsto repre-

Fig.11. Per-frametiming distributionsfor in-corerenderingwith
increasingparallelism.

Fig. 12. Per-frametiming distributionsfor out-of-corerendering
with increasingparallelism.

senttheaveragevalueover a setof slices,but alsoreservesbits
for storingthechangeover a setof slices.Our methodcouldbe
combinedwith TSPbasedtechniquesto storetexturesat vary-
ing degreesof both spatialand temporalresolution. We have
conducteda preliminarystudyinto thecomparisonof theerror
that resultsfrom the useof our temporalcompressionmethod
with the error producedby storing volumetric datasetsat re-
ducedspatial resolutions. Our test resultsshow that for data
setswith �ne features,temporalcompressionproducessigni�-
cantly lesserror thanspatialdownsamplingfor a given bitrate.
However, undersomecircumstancesspatialdownsamplingcan
producelesserror, particularywhenthevolumetricfeaturesare
relatively largeandsmooth.Often,thecharacteristicsof a vol-
umearemixed,clearlyindiciatingafutureresearchdirectionto-
wardsthe combinationof our temporalcompressiontechnique
with varying degreesof statial resolution. Theseresultssug-
gestour techniquecouldbecombinedwith theTSPTreebased
methodsto achieve abetteroverall ef�ciency.

Our methoddiffers from compressionmethodssupportedin
hardwarelike thosesupportedwith DXTC or S3TC[5] in that
thosemethodscompress32-bitRGBA data,not8-bit index data.
Sincethesemethodsdo not apply to palettedtextures,it would
be necessaryto recompressthe volume when changesto the
color or opacitymaparemade. This standsin contrastto the
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useof palettedtexturesthatallow for theinteractivechangingof
theopacityandcolor mapwith no effect on framerate. In ad-
dition, thesemethodscompressRGBA texelsby up to a factor
of eight usingfour-bits per texel, while our methodstartswith
eight-bitpalettedtexturesandcompressestheminto four, two or
onebitspertexel, perframe.

VI I . CONCLUSIONS

Wehavepresentedascalable,hardwaretextureassistedtech-
niquefor renderingtime-varyingvolumedata,anddemonstrated
it with experimentalresults.This techniqueis very attractive to
thescientistswith whomweareworkingbecauseof its low cost
andinteractive renderingrates. It is now feasibleto put a PC-
basedsystem,suchaswedescribed,oneveryscientist'sdesktop,
makinginteractive explorationof largedatasetsaccessibleto a
far broadergroupof scientistsandengineers.Researcherscan
browsethroughdatain a highly interactive manner, ef�ciently
�ltering unimportantfrom importantfeatures,andobtainvalu-
ablequalitative informationabouttheir datacontent.Thecom-
pressionschemeusedis controllableand resultsin visualiza-
tionssuitablefor interactive dataexploration.

For datasetswith spatialresolutionsbeyondwhatasinglePC
canaccommodate,we have demonstratedhow our systemcan
easilybe scaledby clusteringtogethermultiple PCs. Though
ourobject-spacetaskpartitioningnecessitatesarelatively costly
�nal imagecomposition,wefeel thattheapproachis justi�ed as
the algorithmis simpleanddespitethe additionalcomposition
costswe arestill ableto achieve frameratessuitablefor inter-
activity. Furthermore,we expectto seeinexpensive, out-board
compositinghardwarebecomemorewidely availableascluster-
basedgraphicssolutionsbecomemorecommonplace.
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