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Abstiact—

We presenta scalable volume rendering technique that exploits lossy
compressionand low-costcommodity hardwareto permit highly interactive
exploration of time-varying scalar volume data. A palette-baseddecoding
technique and 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 inexpensve disk array, we are able to render hun-
dredsof time stepsof regularly gridded volume data (up to 42 millions 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 comprehensve evaluation of our
method basedon experimental studies using data sets(up to 134 millions
voxelsper time step)from turb ulence o w simulationsis alsopresented.

Keywords—Compressiondisk I/O, high performancecomputing, out-of-
core processingparallel rendering, PC, scalablealgorithms, scienti ¢ visu-
alization, texture hardware, time-varying data, transform encoding, vol-
umerendering

I. INTRODUCTION

In mary areasof scienceand engineering,studying time-
varying phenomenas of paramounimportanceto understand
the intrinsic propertiesof the underlyingphysical or chemical
processesSpeci ¢ examplesinclude studiesof neuronexcite-
ments,materialcrack propagtion, thunderstormevolution, un-
steady o w surroundingan aircraft, seismicre ections from
geologicalstrata,and even galaxy meigers. Recentadwances
in computing and instrumentationtechnologieshave signi -
cantly increasedscientists'capabilitiesto conductthesestud-
iesin higherdimensionakpaceat greateresolution.However,
cost-efective visualizationsolutionsfor scientistgo quickly de-
tect and explore the comple, dynamic phenomenaontained
within the resultinghigh-resolutiontime-varying dataarelack-
ing.

A typical time-varying dataset from a computational uid
dynamicssimulationcancontainhundredor eventhousand®ef
time stepsandeachtime stepmay have hundredf millions of
grid points,eachpotentiallycontainingmultiple variables As a
result,a single datasetcaneasilyoccupy terabytesof storage,
creatinga formidablechallengefor subsequerdinalysis.Tradi-
tional statisticalmethodsof analysis,thoughrelatively easyto
compute,tendto Iter outinformation,computedat greatex-
penseby reducingdatato a relative few numbers.Visual data
explorationtechniguessuchas direct volume rendering,have
arisenas powerful aidsto researchern the analysisof these
vastdatasets.Interactve visualizationcangreatlyfacilitateand
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expeditethe exploration of thesedataby exploiting the human
brain’s ability to processenormousamountsof visualinforma-
tion.

However, for visualizationtechniqueso be mosteffective for
enhancinghequalitatve understandingf comple« behaior, or
for detectionof featuresof importancethey mustbeinteractive
in every senseTheability to changeclassi cationfunctionsand
color mappingsquickly and easily animateforward and back-
wardin time, changeviewpoints,zoomin andout on features
of interest,all at interactve rates,is essentiafor maximizing
scienti ¢ productvity [3].

In this paper we presenta low-cost, scalablesolution for
highly-interactve direct volume rendering of time-varying,
scalardata. The basicalgorithm,alsodescribedn our previous
work [12], emplgys transformcodingwith adaptve bit alloca-
tion to temporallycompressolumes reducingbothstorageand
bandwidthrequirementsat every stagein our pipeline. Inter-
active volumerenderingthenbecomegossiblewith a palette-
baseddecodingtechniquethat utilizes the texturing capability
of acommodityPC graphicscard. With a singlePC, consumer
graphicscard, and an inexpensive RAID storagesystem,we
achieve a renderingcapabilityin which all essentiahspectof
thevisualizationprocessarecompletelyinteractve.

We expandupon our previous work [12] in this paper ap-
plying our compressiomethodin a clustercomputingerviron-
ment. Usinga smallclusterof eightconsumePCs,eachwith a
graphicscardandIDE RAID, we demonstratéhe scalabilityof
our methodby achiering highly-interactve renderingwith large
(512, volumetricdatasets. Theaggrejatedmemoryacrosshe
cluster combinedwith ourcompressiottechniqueallow for the
in-core renderingof moderate-lengtisequencesf time vary-
ing volumetricdata,while the parallell/O from our distributed
RAID storagecombinedwith the reduced/O requirement®f
our compressiotiechnique providesa methodfor interactvely
renderingout-of-coredatawhosetemporalresolutionis aslarge
aswe canstore.

We have evaluatedan implementatiorof our designusinga
numberof time-varying datasetsincluding several turbulence
simulationdatasetsprovidedby scientistaattheNationalCenter
for AtmosphericResearciNCAR) andthe University of Col-
orado. The highly interactve renderingratesachiezed by our
PC-basedystemwerepreviously availableto NCAR scientists
only throughthe useof costly supercomputersr high-endmul-
tiprocessographicsworkstationstherebygreatlylimiting their
accessln thefollowing sectionsa surwey of time-varying data
visualizationresearchis followed by a detaileddescriptionof
ourdesign.Theperformancescalabilityandexplorability of the
prototypesystemwe have built aredemonstratedith timing re-



sults,andimages,usinga numberof datasetswith sufciently
differentcharacteristics.

Il. PREVIOUS WORK

Time-varying datavisualizationhasbeenan active research
area.Variousapproachebave beenproposedo reducethe stor
age,correspondind/O, andrenderingdemanddor visualizing
time-varyingdatain amoreef cient way.

Using properencodingandexploiting temporalcoherencer
spatialcoherencer both, the storagerequirementandrender
ing costof the datamay be signi cantly reduced. Shenand
Johnsor{27] take advantageof temporalcoherenceusingdif-
ferenceencodingto signi cantly diminish storageandrender
ing requirementsWestermanii30] performswaveletencoding
of eachtime step separatelyto generatea compresseanulti-
scaletree structure. Furthercompressiorcan be obtainedby
examiningtheresultingtreestructuresandwaveletcoefcients.
Ma andShen[16] discusshow non-uniformquantizatioralong
with octreeanddifferenceencodingcanbe employedto speed
up renderingof time-varying volumedata. They shav thatthe
octreesfor consecutie time stepscanbe memgedto sharesub-
trees.Consequentlyduringrendering partialimagesbuilt from
subtreeshathave not changedvertime maybereusedn later
time steps.

Wilhelms and Van Gelder [32] design hierarchical data
structuresfor controlled compressiornand volume rendering.
They extend octreesand a branch-on-needBON) subdvision
stratgy [31] to handle multi-dimensionaldata. Sutton and
Hansen[29] proposea temporalbranch-on-neetree (T-BON)
asanextensionto the3-D BON treefor time-varyingisosurfice
extraction. Shen,Chiang,andMa [26] introducea hierarchical
datastructure,called Time-SpacePartitioning (TSP) tree, for
a betterutilization of both spatialandtemporalcoherence.ln
essencethe skeletonof a TSPtreeis a standarccompleteoc-
tree,which recursvely subdvidesthe volumespatiallyuntil all
subvolumesreacha prede nedminimumsize.To storethetem-
poralinformation,eachT SPtreenodeitselfis abinarytree.Ev-
ery nodein the binarytime treerepresentsa differenttime span
for thesamesubvolumein thespatialdomain.Mostimportantly
TSPtreesallow therendereto usedatafrom subvolumesof dif-
ferentspatialandtemporakresolutionsyhichis not possiblefor
4-d octrees.The TSPtreedatastructurehasbeenalsousedby
Ellsworth, Chiang,andShen[6] to facilitatelarge scalevolume
renderingusing3-D texture hardware.

Furtherspeedup of renderingmay be accomplishedy uti-
lizing parallelcomputersor graphicshardware. However, even
thoughaparallelcomputercanrendelimagesatmultiple frames
per second without high-speechetwork and parallel 1/O sup-
port, thesetwo bottleneckscan still make it impossibleto
achieve interactive viewing. One bottleneckis the needto
streamlarge volume les throughoutthe courseof the visual-
ization process. The otheris the delay dueto transferringthe
resultingimagesover a potentiallynon-dedicateshetwork. Ma
andCamp[15] develop a post-processingarallelvisualization
stratg@y basedon a pipelinedrendering. They demonstratee-
mote visualizationof time-varying volume dataon a PC clus-
ter over a wide-areanetwork. Pipeliningand carefulgrouping
of processorsre usedto hide I/O time andto maximizepro-

cessoutilization. Visually losslesscompressions usedto sig-
ni cantly cutdown the costof transferringoutputimagesfrom
the PCclusterto a displaydevice througha wide-areanetwork.
ClyneandDennis [4] employ similar techniquesusingdouble
buffering to help maskboth the costsof volume datal/O over
a high-bandwidthchanneland hide imagetransmissiorover a
TCP/IPnetwork.

Themethodsntroducedn thispapercanwork aswell, andby
mary metricsbetter asmostof the aforementionedechniques.
Furthermorethey have the addedadwantageof being scalable
andrunningon low-cost,commodityhardwaremakingthemfar
moreaccessibléo a broadrangeof researchers.

I1l. ALGORITHM

CommaodityPCgraphicscardsarecapableof performingren-
dering that only a few yearsago requireda high-endgraph-
ics workstation. In particular the 2-D texture hardware that
helpsgeneratempressie graphicsfor videogamescanalsobe
exploited for datavisualization. For example,commodity PC
graphicscardshave beeneffectively usedfor volumerendering
staticvolumetricdata[2],[26]. Volumerenderingrequiresthe
loading of the volumetric datainto the texture memoryof the
videocardprior to rendering.Theresolutionof the volumethat
canberendereds oftenlimited by theamountof videomemory
thecardcontainssincetheaccessndtransferof datafrom main
memoryacrosshe graphicsbusis relatively slow comparedo
thedirectacces®f graphicsmemory

A. Compession

Theinteractve renderingof time-varyingvolumetricdatasets
offers a numberof challengedecausef the sheersize of the
databeingvisualized. Thesedatasetscanbe reducedin size
andthereforemademore manageabléhroughthe useof com-
pression. The advantagesof compressing/olumetric dataare
twofold. First, it reducesthe storagerequirementsieededor
the data. This could allow a datasetto t in main memory
thatmightotherwisenot t, eliminatingtheneedfor transferring
datafrom disk. Thereductionin storagecanalsobe usedto t
relatively smallcompressedatasetsentirelyin texturememory
thuseliminatingthe needfor transferringdataacrosghegraph-
ics bus. The otherbene t of compressioris areductionin 1/O.
If acompressetolume ts entirelyin mainmemory thecostof
transferringcompressedatato the graphicscardis lower than
thecostof transferringuncompressedata.lf adatasetdoesnot
t into mainmemory the transferringof compressedatafrom
disk can be substantiallyfasterthan with uncompressedata,
allowing for interactive visualizationfrom disk.

Video and main memory can be thoughtof as a two-level
cachefor volume rendering. The compressiorof volumetric
datanot only increaseghe amountof datathatcan t in each
level, but alsodecreasethel/O costsof transferdetweerthese
levels. Throughthe useof compressionand carefulmanage-
mentof thetime costsassociatevith thetransferdetweerev-
els, it is possibleto loadtexture mapsrepresentinggolumedata
into video memoryat ratessuitablefor interactvity on a com-
modity PC.

If acompressegolumeis to berenderedlirectly from video
memory it mustalsobeuncompressedsingthe graphicshard-



ware. This is a signi cant constraintsincethe operationssup-
portedin video hardware are extremely limited comparedto
a general-purpos€PU. Another constraintis imposedby the
factthatit is very desirableto encodethe scalarvoxel values
in termsof their scalarvalueratherthanasared, green,blue,
alpha(opacity)set. Using scalarvaluesandcolor indexed tex-
turesallowsauserto manipulatehecolorpaletteto interactively
changethe opacityandcolor maps,allowing for explorationof
the datas transferfunction space. Storing voxels in terms of
RGBA would requirerecompressinghe entire datasetas pa-
rametersare changedwhich canbe impracticalfor very large
datasets. In addition, storinga single scalarvalue, ratherthan
four color scalargeducegheamountof databy afactorof four.
Unfortunately using indexed valuesputs a numberof limi-
tationson how graphicshardware canbe usedto decodedata.
Most screenand texture combining operationssupportedin
hardware,suchasRegisterCombinerswork in termsof thema-
nipulationof RGBA valuesandnot the manipulationof scalar
mapindex values. In particulay one might considercompres-
sion methodsthat would deal with differenceimagesor vol-
umes. Thesedifferenceshowever, would needto be combined
in termsof RGBA and not indexed scalars. This would make
the differenceimagescolor map and opacity map dependent,
sincethe differencebetweentwo volumes,in termsof RGBA,
depend®xtensiely onthetransferfunctionbeingused.

B. Palettebaseddecoding

With theselimitationsin mind, we presenta methodfor the
temporalencodingof indexed volumetricdatathat canquickly
be decodedn hardware. The methodmakes extensie use of
hardware supportfor the changingof color paletteswithout the
reloadingof textures. The cycling of color palettescanbe used
to createsimpleanimationdrom staticimages.In our work we
usecolor palettemanipulationto allow a singlescalarindex to
represengrid pointsat severaltimessteps.

With palettedtextures,a single scalarindex is usedto repre-
sentan RGB or RGBA color. The paletteconsistsof a limited
setof colorsthatsamplethe RGBA color space.Eachof these
colorsis encodedn a singlevalue, often a singlebyte. In our
approachwe encodea sequencef temporallychangingscalar
valuesinto a singleindex. In this way, the valuestoredin each
texel represents&n approximationof a sequencef scalarval-
ues. Eachindex is thereforea samplein the spaceof possible
time varying scalarvalues. The scalarvaluesthat an indexed
texel representss decodedto its temporally changingvalues
throughtheframeto framemanipulatiorof the palette.For each
frame,thecolor for eachpaletteentryis setto the color foundin
the transferfunction for the scalarencodedy thatindex value
duringthatframe,asshown in thefollowing pseudocod&hich
rendersN time stepsusinga singleindexed texture. Note that
8-bit indexedtexturesareassumed.

{
/I storescolormapfrom thetransferfunction
Color colormap[256];
/I storegheN time varying scalarsencodedy each
/I of the 256 possibletexel values.This arrayis created
/I duringthe compressiomprocess
int decoder[N][256];

[l the color paletteto be calculatedor eachtime step
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]];

}

/I setthe palettefor currentframe

setPalette(palette);

renderTexture();

}
}

The texturesare rasterizedto the screenusing linear inter
polation. Unlike dependentextures,for palettedtextureslin-
earinterpolationoccursin termsof RGBA valuesafterthetable
lookup. If interpolationoccurredn termsof paletteindices,the
resultingimageswould shawv severeartifacts,sincethemapping

betweenpaletteindicesand decodedscalarvaluesis far from
linear.

C. Tempoal encoding

The encoding processconsistsof mapping sequenceof
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 compressiomethodthat transformsdatainto a setof
coefcients that are then quantizedto createa more compact
representation.The transformby itself is reversible,and does
not compresghe data. Rather a transformis selectedhat puts
moreenepy into fewer coefcients, thusallowing the lessim-
portantJowerenepgy coefcients to bequantizednorecoarsely
thusrequiringlessstorage.

TheDCT is de ned by:
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whereC(u) arethetransformedtoefcients, N is the numberof
inputsamplesand f (x) aretheinputsamplesWe usethe DCT
sinceit is known to have good information packing qualities
andtendsto have lesserroratthe boundarie®f a sequencér].
Boundaryperformancds importantin orderto avoid disconti-
nuitiesduringthetransitionbetweerblocks. Sinceour applica-
tion compressetemporally discontinuitiesvould appeaiin the
form of ashesbetweercompressedequences.

The encodingprocesss shavn in Figurel. Firstawindow
sizeis selectedwhich will bethe lengthof thetime sequence
thatwill beencodednto a singlevalue. Thelongerthewindow
size,thegreaterthecompressiorthatwill beachiezedat the ex-
penseof temporalaccurag. For eachwindow of time-evolving
scalarsthe DCT is applied. The resultis a setof coefcients
equalin numberto thesizeof thewindow used.The rst coef-
cientstoresthe averagevalue over the window, andtendsto be



M \7 8bits ——
[T 11

DCT

N\ |
- o N\
A\VAVAVS

21 |112| 25 | 64

L

Quantization

Fig.1. DCT-basecdencoding.In thisexample thewindow sizeis 4 andonly the
rst 3 coefcients arestoredinto an8-bit value.

largestin value. The remainingcoefcients storeincreasingly
higher frequeny componentsontainedin the windowved se-
guence Thesecoefcients tendto representlecreasingmounts
of signalasthefrequeng getshigher

Thesecoefcients arethenquantizecandcombinednto asin-
gle scalarvalue. Bits are adaptvely allocatedfor eachcoef-
cientbasedon the varianceof eachcoefcient [25]. Thoseco-
ef cients with the highestvarianceareallocatedmorebits than
thosecoefcients with low variance.Using this technique pits
are allocatedbasedon the temporalcharacteristicef the win-
dowed sequencef the dataset. For example,a datasetwith
minimalamountf movementwould usefewer bits to storethe
temporalchangesn the data,allowing morebits to be usedto
more preciselyrepresenthe stationaryvaluesin the sequence.
Ontheotherhand,asequencevith highspeedmotion(low tem-
poral coherencejvould usemore bits to encodethis motion at
theexpenseof precisionfor the staticvalues.

Oncebit allocationfor the transformedcoefcients is deter
mined, the coefcients are quantizecto their respectie preci-
sion. Uniform quantizationis not well suitedfor quantizing
thesecoefcients sincethey often have fairly non-uniformdis-
tributions. Instead quantizatioroccursusingLloyd-Max quan-
tization [11],[17] which adaptvely selectsquantizationlevels
thatminimize meansquaresrror. Thequantizedccoefcients are
thencombinedinto a single scalarwhich is storedasan index
in a palettedtexture. Eachencodedsaluerepresenta sequence
of time-varyingscalarghatcanbe determinedisingtheinverse
DCT. RatherthanusingtheinverseDCT, however, eachpalette
entry is mappedo the averagescalarvaluethatthe index rep-
resentdor eachtime step.Theencodingprocesss repeatedor
every window in time.

D. 2-D texture & sub-volumeptimizations

As describedin the previous section,the quantizationstep
is adaptedbasedon the characteristicof transformedcoef-
cients. Sincethe temporalpropertiesof a dataset can vary
widely acrossa volume, it is advantageouso adaptvely quan-
tize smallsectionsof dataatatime. Our volumerenderingm-
plementatiorusesaxis-aligned2-D textures. To minimize the
amountof errorintroducedin the quantizatiorstep,we encode
eachtexture slice independently This permitsbit allocationto

along the
view direction

Time

Fig. 2. When2-D textureinterlearing is utilized, for every time step,every Nth

2-D textureis replacedstartingwith thet moduloNth texture slice, wheret is

thetime stepandN is the compressiomatio. In this example,N is four. The

numberson eachslice indicatewhich time stepsthe texture stores.The shaded
sliceis theslicethatis updatedattimet.

vary basedon thetemporalcharacteristicef eachslice,aswell

asallowing for thequantizatiorlevelsto vary basenthechar

acteristicof the coefcients for eachslice. We have found per

sliceencodingshavs noticeablyfewer compressiomrtifactsfor

a given bit rate. One negative effect of this processhowever,

is that an uncompressedcalarvalue can be encodednto dif-

ferentcompressedaluesdependingon the slicein the volume.
In practice,however, we have found this effect to be minimal,

in partbecausejuantizatioroccursin slicesthatarenearlyper

pendicularto the viewing direction, thus variationsfrom slice
to slice of a scalarvalue are softenedby the volumerendering
integral.

Usually, when bit allocationoccurs, most bits are usedfor
storingthe averagevalue over a windowed sequenceAs a re-
sult, when the transition occursbetweentwo compressede-
guencesthe shift in averagevalue cancausea perceved jump
in the animation. We thereforeinterleave the startingtimes of
the windows for eachslice. Figure 2 shavs suchaninterlear-
ing scheme.This decorrelatesemporaltransitionsso that the
jump occursduring every framebut for interleavedslicesin the
volume,ratherthanthe whole volume. This is analogougo in-
terlacedvideo,exceptratherthanbeinginterlacedvertically, the
texturesareinterlearedalongtheviewing direction. As with per
slice quantizationthe volumerenderingntegral helpsto soften
theinterleaving effect.

For atransformwindow of lengthN, withoutinterleaving an
entirenew compressegtolumemustbeloadedevery N frames.
Sincethe loading of dataacrossthe graphicsbus is relatively
slow, this can causea substantialdrop in framerate every N
frames. This problemcan be solved by loading ﬁ of the next
compressedolumeevery frame,but requiresstoringa copy of
the next volumein texture memory This, however, is not nec-
essanyif thetexturesareinterleaved, sincefor everyframeﬁ of
the volume canbe ushed from texture memoryandreplaced
with a new texture. Thusby amortizingdatamovementcosts,
interleaving allows for a moreconsistenframeratewithoutthe
expenseof needingthe texture memoryto storea secondcom-
pressedvolume. If the usermovesto an arbitrary frame non-
sequentially then all texturesmust be reloadedand thereis a
dropin framerate.



IV. PARALLEL IMPLEMENTATION

Themethodwe have just describeds adequatdor highly in-
teractve renderingof time-varyingdatasetsof moderatespatial
resolution. However, extremelylarge grids, like thosearising
from uid dynamicssimulationsat mary nationallaboratories,
are problematic. The available texture memoryin the graph-
ics boardandthe /O bandwidth particularlybetweendisk and
main memory constrainthe numberof grid pointsin a single
volumethat may be renderednteractvely. To addresdoth of
thesdimitationswe exploreaparallelimplementatiorihatagain
emplgys low-costcommodityhardware.

A. Hardware

Our parallel renderingervironmentconsistsof a clusterof
eightrenderingnodesanda ninth nodeusedfor controlanddis-
play. Eachnodeis aPCcon guredwith a1.3GHzAMD Athlon
processar one gigabyte of main memory Nvidia GeForce3
graphicswith 64 megabytesof texture memory anda level O
IDE RAID with two 7200 RPM disk drives. Thus our paral-
lel renderingplatform hasan aggreate of eight GBs of main
memoryand512 MBs of videomemory Eachnodeis attached
to it's own RAID storageunit. Aggregatebandwidthfrom disk
to mainmemoryandfrom main memoryto video memoryis 8
timesthatof a singlenode. The interconnecbetweemodesis
switched1000BaseTgigabit ethernetCommunicatiorbetween
nodesis performedusingMPI over TCP/IPsoclets.

B. Algorithm

Our low-cost, distributed memorycomputingplatform, with
it' s relatively high-lateng/low-bandwidthinterconnectandthe
useof hardwaretexture mappingfor volumerenderingleadus
to anobject-spaceaskpartitioning[13],[20]. Eachnodein the
clusteris responsibldor renderingan equal-sizedsubsebf the
volume. Thevolumedecompositiotis chosersuchthatback-to-
front visibility orderingcaneasilybe maintained After render
ing is completethe partialimagesarereadbackfrom theframe
buffer andblendedogethetoyield the nal, compositedmage.
A singlenodeis thenresponsibldor displayingtheresult. The
only synchronizatiorthat is requiredoccursduring the image
compositionphase.This approachallows usto fully exploit the
aggregate bandwidthand capacityat eachstagein our storage
hierarcly, from magneticdisk to video memory Thuswe are
ableto renderdataat 8 timesthe spatialresolutionallowed by a
singlenode.

We electedto usea simplework decompositiorstrateyy, di-
viding eachvolumeinto N equalslabs,whereN is the number
of renderingnodesin our cluster Recallthat our useof 2-D
texture hardware requiresus to slice the volume orthogonaito
eachof thethreegrid axes(object-alignedslices). Hencethree
slabsfrom eachtime-steparedistributedto eachnode,oneslab
alignedorthogonallyto eachdatagrid axis. Eachnodeis thus
responsiblefor three different regions of the volume depend-
ing on which viewing angleis chosen. The slab selectedfor
a givenviewing angleis the one mostorthogonailto the view-
ing direction. The adwantageof this decompositiorstratay is
it's simplicity; voxels do not have to be replicatedat subrejion
boundariego maintainvisual delity . The disadwantageis that

GeForce Ill 64 MB DDR memory

I 4x AGP

768 MB PC 133 SDRAM

I ATA 100

4x45GB IDE Hard Disk RAID

Fig. 3. Storagecon guration for a PC-basedystemfor renderinglarge-scale
time-varyingdata.

compositingcostsof the partialimagesarehigherfor slabsthan
for otherpartitioningschemege.gblocks). In fact,becauseave
alwaysuseslabsthatare mostorthogonatto the viewing direc-
tion the costsareworst case[20]. Thesehighercostsmanifest
themselesin two ways:therearemoreactie pixelsto transmit
betweemodes(highernetwork costs)andmoreactive pixelsto
compositghighercomputationatosts).

The imagecompositionstageis performedusinga variation
of thebinary-swapmethod13]. Despitethehighercompositing
costsimposedby our choiceof slabpartitioning,we electedto
usea software-basedmplementatiorof the binary-swap. The
software approachallows us to blend using higher precision
arithmeticto avoid artifactsdue to accumulatechumericaler
ror with the narraver 8-bit arithmeticavailableon the graphics
chip.

V. RESULTS

In the sectionghat follow, we presentesultsobtainedusing
boththe serialandparallelimplementation®f our method.We
note that the serial renderingexperimentswere conductedon
a PCwith aslightly differenthardware con guration thanthat
of our clusternodes,previously described.Differentdatasets,
with appropriatespatialresolutions,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 GeForce 3
basedgraphicscardwith 64 megabytesof texture memory and
an IDE level 0 Raid (4 drives). Figure 3 displaysthe storage
con guration of our serialimplementatiortestbed. Using our
compressiomethodwe areableto rendermoderateesolution,
time-varyingvolumetricdatasetsat interactve rates.

Tablel liststhethreedatasetsthatwerechoserfor this partof
our study Figure4 shavs oneframefrom eachdataset. An an-



TABLE |
THREE TEST DATA SETS.

| dataset | time steps| spatialresolution |

Turbulentvortex ow | 100 128

Quasi-geostrophic | 1492 256°

turbulent ow

Shock-lubble o w 500 640 256 256
TABLE Il

FRAME RATES FOR RENDERING THE QG DATA WITH DIFFERENT
COMPRESSION LEVELS.

compressiomatio _fps (time stepsrendered)
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-geostrophigQG)turbulent o w datawewitness
the formation of coherenturbulent structuresakin to Jupiters
red spot. The QG calculationssimulatelarge-scalemotionsin

theEarth'satmospherandoceansandarerepresentate in size
andcompleity of mary EarthSciencesurbulent uid o w sim-
ulations.TheLBL shock-lubbledataaresimulationresultsof a
shockwave impactinga sphericabubbleof helium. The shock-
bubble o w dataexhibits a slowly developingstructurestarting
from one end of the domainandeventuallyreachingthe other
end.

Tablesll andlll shav frameratesfor differentcompression
casewsingNCAR's QG datasetandLBL's shock-lubbledata
set,respectiely. Compressingachtime stepof a256° QG data
settakes between5 and 15 secondgdependingon the level of
compressionysingan approximationof Lloyd-Max Quantiza-
tion [9]. Our implementationuseseight-bit palettedtextures,
althoughour techniquecould be appliedto hardwarethat sup-
ports higher precisiontexturesfor encodingstratgies that al-
locate more bits to eachtransformedcoefcient. The results
were obtainedwhenrenderingthe volumeto a512 512 win-
dow, with thevolumeoccupying approximatelyonethird of the
window area.

If a compressediataset ts entirelyin main memory then

TABLE Il
FRAME RATES FOR RENDERING THE SHOCK-BUBBLE DATA WITH
DIFFERENT COMPRESSION LEVELS.

compressiomatio fps (time stepsrendered)
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.

compressiomatio | fps

8 76.1
4 70.7
2 51.6
1 28.7

thebottleneckin therenderingorocesss thetransferof textures
from main memoryto the graphicscard. Compressiorhelps
with both of theselimitations, increasingnot only the number
of time stepsthat t in main memory but alsodecreasinghe
amountof time necessarfor transferringdataacrosshegraph-
ics bus. If only onesetof axis-alignedexturesis storedin main
memory thenthe numberof time stepsthat can be storedin
memoryincrease®y afactorof threeat theexpenseof theuser
notbeingableto view the datasetfrom anarbitraryanglewith-
out swappingdatafrom disk.

In the caseof the 256° volumetricQG data,usinga compres-
sion factorof four and 256 axis-alignedtextured polygonswe
cant 140time stepsnto mainmemoryandsustairaframerate
of approximately?25.8 framesper second. If 128 axis-aligned
texturedpolygonsareusedinstead which requirestransferring
anddrawing only half the data,the framerate doublesandwe
canrender280time stepsfrom memory Without compression,
the same140 time stepsno longer t into main memory A
memory-residensubsetof the uncompressedatacanbe ren-
deredat only about11.5 framesper second,comparecto the
25.8framespersecondvith compressionWe notethatalthough
theamountof datatransferredvith compressioiis onefourth of
thatwithout, theframeratedoesnotscaldinearly. Thisis dueto
thetimerequiredto rasterizehetexturedpolygonsto thescreen.
The performancewould scalemorelinearly if a graphicscard
with a higher Il-rate wereused,or if the Il-rate requirements
werereducedy projectingthevolumeto alowerresolutiondis-
play.

Often the temporalresolutionof a datasetis too largeto t
the desirednumberof time stepsinto main memoryeven with
compressionln this caseit is necessaryo load andrenderthe
volumefrom disk. Compressiortansubstantiallydecreas¢he
amountof datathatmustbe loadedfor eachframe,resultingin
a noticeablyhigherframerate, as shavn in Tablell. For ex-
ample,all 1492time stepsof the 256° QG datasetcanberen-
deredat 13.4 fps whencompressedby a factorof eightversus
only 2.0 framesper secondvhenrendereduincompressettom
disk. Oncethe user nds a shortertemporalregion of interest,
that datacanthen be loadedinto main memoryand rendered
at a fasterframerate, or higherimage delity . Figure5 shavs
selectvisualizationsof the QG datasetfor the sametime step
usingdifferenttransferfunctionsde ned throughinteractve ex-
ploration. Figure6 displaysimagesof time steps32, 39, 46,53
of theshock-lubbledataset.

By changingthe window size usedin the encodingstep,the
compressiorratio and quality can be varied. TablesV, VI,
and VIl shav the peaksignalto noiseratio that resultsfrom



Fig. 4. Oneselectedramefor eachdataset.

TABLE V
NCAR QUASI-GEOSTROPHIC DATA SET ERROR

compressiomatio | PSNR(dB)

2X 241

4x 22.9

8x 21.8
TABLE VI

VORTEX DATA SET ERROR

compressiomatio | PSNR
2x 19.6
4x 15.2
8x 13.1

TABLE VIl
TEST DATA SETS FOR PARALLEL IMPLEMENTATION.

| dataset | time steps| spatialresolution |
Decayingturbulence 350 512
Compressibleorvection | 200 5128

TABLE IX
DECAYING TURBULENCE

compressiomatio | PSNR(dB)
2x 38.7
4x 33.2
8x 28.4

compressing@achdatasetover 50 time steps.Figure7 andFig-
ure 8 shav volumesthat have beenrenderedusingvarying de-
greesof compressionAs theamountof compressiolincreases,
someof the more subtlefeaturesaswell asthe fastermoving
featurescanbecomeblurred. Thus,thereis a distinct tradeoff
betweenthe compressiomatio andrenderingperformancever-
susthequality of thecompresseslolume. This givesusersade-
greeof exibility in choosingcompressiomatiosthatbestmeet
their needs.For example,if a scientistis interestedn viewing
ashorttime sequencat high quality, alower compressiomatio
canbeused.Ontheotherhand,to view averylong sequencef
dataat high speedsa highercompressiomate canbe selected.
The scientistcancombinecompressiomatiosto preview a data
setatacoarsetemporakesolutionandthenview aspeci c time
sequencef interestwith lesscompression.

TABLE VII
LBL SHOCK BUBBLE DATA SET ERROR

B. Parallel Rendering

For ourparallelrenderingstudywe usetwo differentdatasets
to evaluatethe performanceof our implementatioraslisted in
TableVIIl. Bothdatasetshave aspatialresolutionof 5128, The

rst datasetcontainsapproximatelyd50time stepsandwasgen-
eratedfrom a numericalsimulationof strati ed decayingturbu-
lence. The seconddataset, alsonumericallygeneratedrepre-
sentssolarturbulentcompressibléhermalconvection. Thereare
200time stepsn the seconddataset. Sinceour algorithmtakes
no adwantageof ary data-dependerdptimizations(e.g. early
ray termination) performancen bothdatasetsis identical. All

of our timings reportedbelon comefrom the longer strati ed
decayingturbulencesimulation. Figure 14 andFigure 13 shov
thesewo datasetsitdifferentcompressiomatios. TableslX and
X, shav thepeaksignalto noiseratio for thesedatasetsover 50
time steps.

In theresultsbelor eachexperimentwasrunthreetimes. All
perframetimings are the averageof the timesfor the slowest

TABLE X
DECAYING TURBULENCE

compressiomatio | PSNR(dB)
2x 25.7
4x 22.1
8x 20.5

compressiomatio | PSNR(dB)
2x 46.9
4x 40.4
8x 37.2




Fig.5. Selectedsisualizationf the quasi-geostrophidatasetproducedy varyingtransferfunctions.



Fig. 6. Visualizationof the shockbubbledatasetat differenttime steps.

TABLE XI
RENDERING FRAME RATES FOR 5128 DATA WITH DIFFERENT COMPRESSION
LEVELS USING EIGHT CLUSTER NODES.

compressiomatio | 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
rotationaboutboththe X andY coordinateaxes. Final display
wasperformedusinga 512x512window with the projectedm-
ageoccupying about90%of thedisplay Recallthatin ourserial
experimentsthe projectedimageoccupiedonly approximately
onethird of thedisplay

Table XI shavs the frameratesfor differentcompressioma-
tios, both in-core and out-of-core,running on all eight cluster
nodes.We obsenre thatframeratesfor thein-coredataareinde-
pendenibf compressiona maximumof 5 fpsis achieved. The
frameratesfor theout-of-coreresultsperformmoreasexpected,
improving with increasingcompression However, aswith our
serialcasethe speed-ups notideal.

Figure 9 and Figure 10 shaw the timing distribution of the
renderingpipeline for the in-core and out-of-coreresults, re-
spectvely. The draw time measureghe time it takesto load
the texturesfrom main memoryinto video memory and then
renderthe textured polygonsinto the framebuffer. In the case
of the in-core data, all of the texturesresidein main memory
andthe OpenGLdriver manageshe pagingof texturesbetween

main memoryandvideo memory In the out-of-corecasethe

texturesresideon disk andmustbe explicitly loadedfrom disk

to mainmemoryandthenfrom mainmemoryto videomemory
asneeded.TheDisk /O indicatesthetime to readtexturesinto

main memory The compositingtimesshavn includethe time

to readthe intermediatémagesout of the framebuffer, encode
theimagesswapwith othernodesandblendin software.

Thecompositiortime remainscloseto constanticrossall ex-
perimentsregardlesof compressiomr whetherthe datareside
in or out of core. Our binary-svap imagecompositionmethod
employs run-lengthencodingto avoid transmittingtransparent
imageregionsbetweemodes.However, changingcompression
levelsdoesnotimpacttheimagesigni cantly andthushasneg-
ligible impacton overall image compositiontime. Hencethe
compositiontimesremainconstant.

We obsere from the in-coreresultsthatthe drav time does
not improve with the increasinglevel of compressioras we
would hope.We speculatghatthe renderehasbecomdimited
by the Il-rate of thegraphicscard. Despitethelack of increase
in frameratefor the in-core case,the useof compressiordoes
allow substantiallymoretime stepsto berenderedn-corewith-
out the needto swap from disk. We also obsere thatimage
compositionis dominatingthe results, placing an upperlimit
on overall interactvity regardlessof individual noderendering
rates.The out-of-coreresultsbehae moreaswe would expect,
demonstratingmproved performancevith increasingcompres-
sion. The much slower disk I/O dominatesthe overall costs
at lower compressiorratios but exhibits nearlinear speed-up
ascompressiorns increased.The drav time alsobene ts from
thereducedmainmemoryto videomemorybandwidthrequire-
ments.However, the constantompositiontime again beginsto



Left: nocompressionRight: 2x compression.

Left: 4x compressionRight: 8x compression.

Fig. 7. Visualizationsof Time Step210 of the quasi-geostrophidatasetat differencecompressiotevels. As thelevel of compressionincreasessomeof the ner

featuresbecomeblurred.

dominateat the highestlevel of compressionFurthercompres-
sion,if it werepossiblewouldbeof little bene t. Overalllinear
speed-ups not possible.

To furtherexploretherole of compositingtime in our overall
performancewe ran a secondset of experimentswherecom-
positingwasnot performed.TableXIl shavstheframeratesfor
boththein-coreandout-of-coredatarunningonall eightnodes.
The in-core datais limited by Il-rate andreceivesno bene t
from compressionbut the overall frameratewithout composit-
ing improves signi cantly. The out-of-coredata, on the other
hand,exhibit nearperfectlinear speed-umscompressioris in-
creased.

We conductedne nal performancexperimento look atthe
bene ts of increasinglevels of parallelism. Table Xl shavs
frame ratesfor differentnumbersof clusternodes. Figure 11

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 15

and 12 shaw timing distributions for increasingnumbersof
nodedfor thein-coreandout-of-coredata,respectiely. A com-
pressiorfactorof four wasusedin all casesFor thesinglenode
casebpinary-svapis notrequiredsothe compositeimeis zero.

The in-coreresultsdemonstratdair overall speed-upalbeit
they are again constrainedby the compositetime which be-



Left: nocompressionRight: 2x compression.

Left: 4x compressionRight: 8x compression.

Fig. 8. Visualizationsof Time step980 of the quasi-geostrophidatasetat differencecompressiorevels. As the level of compressioincreasessomeof the ner

featuresbecomeblurred.

gins to dominatethe performanceas the numberof nodesis
increased. The draw time does, however, exhibit nearideal
speed-up.This is expectedasthe amountof renderinga node
is requiredto performis reducedn proportionto the numberof
nodes. The compositiontime again remainsconstantT he out-
of-core datademonstrateven betteroverall speed-up.This is
duein partto the factthatthey never achieve the sameoverall
framerateasthein-coredataandaretherefordessimpactedby
thecompositdime. Thel/O time anddrawing time bothdisplay
ideallinearspeed-up.

V1. DISCUSSION

Our implementatiorusescommodity PC hardware graphics
acceleratorsThoughPCgraphicscardsareemegingwith hard-
ware supportfor 3-D volumetric textures, and we expect that

TABLE Xl
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 volumetricindexed textures,we
have electedto usemorecommonlyavailable2-D texture map-
ping. Theuseof 2-D textureshasthelimitation thatfor avolume
to be viewablefrom anarbitraryangle,threecopiesof the tex-
turesmustbestoredfor eachof theprincipleviewing directions.
However, this limitation is temperedsomavhat by the factthat



Left: nocompressionRight: 2x compression.

Left: 4x compressionRight: 8x compression.

Fig. 13. Visualizationsof time step140o0f the strati ed decayingurbulencedatasetat differencecompressiorevels.

compressiorcanreducethe amountof texture storagerequired tially greater

by beyonda factorof 3. Whena volumeis viewed out-of-core,
storingextra compressedopiesof the datasetbecomesnuch
lessof anissuesincethe copiesof the dataare storedon disk.
Staticdatasetsvolumerenderedvith 2-D texturesaremoresus-
ceptibleto imageartifacts.However, our useof 2-D texturesfor
time-varying datapermit us to perform perslice encoding,an
importantaidin reducingcompressiortifacts.Lastly, 2-D tex-
turespermitusto interleave texture downloads,amortizingthe
I/0 costsacrossmultiple time steps. Without this interlearing
scheme our peak bandwidthrequirementsvould be substan-

Sinceour systemcanrendervolumesfrom disk atinteractve
rateswe feelit is very scalablewith respecto thetemporalsize
of a dataset. With regardto the sizeof the datasetin the spa-
tial domain,theamountof texture memoryon a singlecardcan
be a limiting factor Sinceour work compressetemporally it
doesnotreducetheamountof texture memoryutilized to below
that which would be requiredto rendera single staticvolume.
With next generatiorgraphicscardshaving increasinglylarger
amountsof texture memory this single-cardimitation should
becomealiminished.For out-of-corerenderingthecostof swap-



Left: nocompressionRight: 2x compression.

Left: 4x compressionRight: 8x compression.

Fig. 14. Visualizationsof time step60 of the solarturbulentcompressibléhermalconvectiondatasetat differencecompressiorevels.

ping texturesfrom the graphicscardto main memoryis much
lower thanthe costof readingfrom disk, thustexture memory
capacityrestraintdbecomdessof a concern.

Supportingdata setswhose spatial resolutionsexceedthat
which a single graphicscardis capableof handlingcanread-
ily beaddressedy clusteringmultiple PCstogether Clustering
effectively increaseghe amountof aggreate texture memory
available,andjustasimportantly increaseshe aggrejateband-
width betweenall the levelsin the storagehierarcly. Although
we wereableto achieve interactve ratesfor in-coreandout-of-
core data,the one shortcomingwe obsened in our clusterap-
proachis the dependenc on compositingfor combininginter
mediateimageresults. We saw that compositiontimesquickly
dominatedour overall renderingcostsas other componentof
therenderingpipelinewerespedup. Differentdatapartitioning
stratgies, resultingin smallerintermediateémages,could im-

prove the compositiontimes by reducingcommunicationand
computationalrequirementsf compositing. However, these
would complicatethe renderingstageand might introduceper

formanceproblemselsevhere.We feelthatthebesthopefor ad-
dressingcompositingperformancas offeredby the emegence
of out-boardhardware image compositorssuchas Sepia[18],

Lightning-2[28], andSGl's ScalableGraphics[10], aswell as
our own efforts[19].

The useof compressiorby our methodspresentgwo poten-
tial shortcomingsthat are worth addressing. First, since our
compressiorschemes lossly thereis the potentialfor modest,
but noticeableimagequality degradatiorthatincreasesvith the
degreeof compressionHowever, a moderatdossof image -
delity dueto compressioror otheroptimizationstratgiesis an
acceptabldéradeof for enablinginteractize explorationof tem-
poral data,provided the grossfeaturesof evolving structureds
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preseredasit isin ourtestcaseg22],[1]. It is worthnotingthat
mary NCAR researchersommonlyperformcrudedatareduc-
tion usingsimplezero-ordeisubsamplingn orderto accommo-
dateinteractize explorationwith thetools presentlyavailableto
them. In essencethey have alreadydemonstrated willingness
to sacri ceimagequality to gaininteractive explorationcapabil-
ities thatareessentiato maximizingscienti ¢ productvity [3].
Onceafeatureof importances detectedn thereducediataset,
the full resolutiondatamay be further analyzedif necessary
Secondcompressiomequiresadditionalstorage(for maintain-
ing both the raw and compressedersionsof the data),and it
takestime to performthe encoding.Similarly to lossof image
delity , researcherarealreadybearingthesecostsby their use
of subsampledatato achieve interactve rendering.
TSPTreebasednethodseducethe amountof texture mem-
ory utilized by exploiting temporaland spatial coherenceto
reusetextures[26],[6]. They represenseveral similar textures
as a single static texture. Our DCT basedencodingmethod
storesseveral time slicesin termsof lower precisionaverages
anddifferencesstoredin a singletexel. Throughpalettemanip-
ulation, thesetexels dynamicallyrepresenseveral time slices.
This compresse@ncodingcomesat the expenseof the numer
ical precisionusedto storetheseaveragesaanddifferences.The
methodexploitstemporalcoherencéy usingmorebitsto repre-
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sentthe averagevalueover a setof slices,but alsoreseresbits
for storingthe changeover a setof slices.Our methodcouldbe
combinedwith TSP basedtechniquedo storetexturesat vary-
ing degreesof both spatialand temporalresolution. We have
conducteda preliminarystudyinto the comparisorof the error
that resultsfrom the useof our temporalcompressiormethod
with the error producedby storing volumetric datasetsat re-
ducedspatialresolutions. Our testresultsshav that for data
setswith ne featurestemporalcompressiorproducessigni -
cantly lesserror thanspatialdownsamplingfor a given bitrate.
However, undersomecircumstancespatialdownsamplingcan
produceesserror, particularywhenthe volumetricfeaturesare
relatively large andsmooth. Often, the characteristicef a vol-
umearemixed,clearlyindiciatingafutureresearcldirectionto-
wardsthe combinationof our temporalcompressioniechnigue
with varying degreesof statial resolution. Theseresultssug-
gestour techniquecould be combinedwith the TSP Treebased
methodgo achieve a betteroverall ef ciency.

Our methoddiffers from compressiormethodssupportedn
hardwarelik e thosesupportedvith DXTC or S3TC[5] in that
thosemethodsompres82-bitRGBA data,not8-bitindex data.
Sincethesemethodsdo not apply to palettedtextures,it would
be necessaryo recompresghe volume when changeso the
color or opacity map are made. This standsin contrastto the



useof palettedexturesthatallow for theinteractive changingof
the opacityandcolor mapwith no effect on framerate. In ad-
dition, thesemethodscompresfRGBA texels by up to a factor
of eightusingfour-bits pertexel, while our methodstartswith
eight-bitpalettedexturesandcompressetheminto four, two or
onebits pertexel, perframe.

VIlI. CONCLUSIONS

We have presenteé scalablehardwaretexture assistedech-

niguefor renderingime-varyingvolumedata,anddemonstrated
it with experimentakesults.This techniques very attractve to
thescientistswvith whomwe areworking becausef its low cost
andinteractive renderingrates. It is now feasibleto put a PC-
basedsystemsuchaswedescribedpneveryscientistsdesktop,
makinginteractize explorationof large datasetsaccessibléo a
far broadergroup of scientistsandengineers.Researchersan
browsethroughdatain a highly interactve manner ef ciently
Itering unimportantfrom importantfeatures andobtainvalu-
ablequalitative informationabouttheir datacontent. The com-
pressionschemeusedis controllableand resultsin visualiza-
tionssuitablefor interactve dataexploration.

For datasetswith spatialresolutiondeyondwhatasinglePC
canaccommodatewe have demonstratedhown our systemcan
easily be scaledby clusteringtogethermultiple PCs. Though
ourobject-spaceéaskpartitioningnecessitatearelatively costly

nal imagecompositionwe feelthattheapproachs justi ed as
the algorithmis simpleand despitethe additionalcomposition
costswe arestill ableto achieve frameratessuitablefor inter

actiity. Furthermorewe expectto seeinexpensve, out-board
compositinghardwarebecomemorewidely availableascluster

basedgraphicssolutionshecomemorecommonplace.
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