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Abstract

In this papermwe presenta hardware-assistecenderingtech-
nigue coupledwith a compressiorschemefor the interac-
tive visual exploration of time-varying scalarvolume data.
A palette-basedecodingtechniqueand an adaptve bit al-
locationschemeare developedto fully utilize the texturing
capabilityof acommodity3-D graphicscard.Usingasingle
PC equippedwith a modestamoundof memory a texture
capableggraphicscard,andaninexpensve disk array we are
able to renderhundredsof time stepsof regularly gridded
volumedata(up to 42 millions voxels eachtime step)at in-
teractve rates permittingthevisualexplorationof large sci-
enti ¢ datasetsin boththetemporalandspatialdomain.

Keywords: High performancecomputing, compressiongdisk
1/0, PC, scienti c visualization, texture hardware, time-varying
data,transformencodingyolumerendering

1 Introduction

High-resolution,four-dimensionaldata sets are typical of
problemsin mary areasof scienceand engineering. Spe-
ci ¢ examplesinclude datafrom the study of neuronex-
citements materialcrack propagtion, thunderstormevolu-
tion, unsteadyo w surroundingan aircraft, seismicre ec-
tionsfrom geologicalstrata,andeven galaxy meiger These
data,rich with detailedinformationof comple physical or
chemicalprocessesmay be generateceither by numerical
simulationor collectedthroughinstrumentationRegardless
of how they arederived, theability to quickly detectandex-
plorethe comple, dynamicphenomena&ontainedwithin is
essentiato their analysis.

A typicaltime-varyingdatasetfrom acomputationaluid
dynamicssimulationcancontainhundred®r eventhousands
of time stepsand eachtime stepmay have millions of grid
points,eachpotentially containingmultiple variables.As a
result,a singledatasetcaneasilyoccupy hundredf giga-
bytesof storage creatinga formidablechallengefor subse-
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guentanalysis. Traditional statisticalmethodsof analysis,
thoughrelatively easyto computetendto Iter outinforma-
tion, computedat greatexpensepy reducingdatato arela-
tive few numbers.Visual dataexplorationtechniquessuch
asdirectvolumerendering have arrisenaspowerful aidsto

researchers the analysisof thesevastdatasets.Scienti ¢

visualizationcan greatly facilitate and expedite the explo-

ration of thesedataby exploiting the brain's ability to pro-

cessenormousamountf visualinformation.

However, for visualizationtechniques$o be mosteffective
for enhancinghe qualitative understandingf complex be-
haviour, or for detectiorof featuresof importancethey must
be interactive in every aspect. The ability to changeclas-
si cation functionsand color mappingsquickly and easily
animateforward andbackward in time, changeviewpoints,
zoomin andoutonfeaturef interestall atinteractverates,
is essentiafor maximizingscienti ¢ productvity [4].

In this paper we discusshow time-varying volume data
setscanbe ef ciently renderedby utilizing a PC, low cost
graphicshardware,andaninexpensve diskarray Transform
encodingof the volume data,followed by compressionnot
only reducesstoragebut alsobandwidthrequirements.We
alsoexploit the2-D texturefeatureof acommoditygraphics
cardto speedup the renderingas much as possible. The
resultis a renderingcapabilityin which all essentiabspects
of thevisualizationprocessarecompletelyinteractive.

We have evaluatedan implementationof our designus-
ing a numberof time-varying datasetsincluding the quasi-
geostrophidQG) turbulencedatasetsprovided by scientists
at the National Centerfor AtmosphericResearcNCAR)
andthe University of Colorado. The highly interactive ren-
dering ratesachiezed by our PC-basedsystemwere previ-
ously availableto NCAR scientistsonly throughthe useof
costly parallel supercomputersr high-endmultiprocessor
graphicsworkstationstherebygreatlylimiting their access.
In thefollowing sectionsa surwey of time-varyingdatavisu-
alizationresearclis followedby a detaileddescriptiorof our
design. The performanceandexplorability of the prototype
systemwe have built aredemonstratedvith timing results,
images,and a video using three datasetswith sufciently
differentcharacteristics.



2 Previous Work

Time-varying datavisualizationhasbeenan active research
area. Variousapproache$siave beenproposedo reducethe
storage corespondind/O, andrenderingdemanddor visu-
alizing time-varyingdatain a moreef cient way.

Usingproperencodingandexploiting temporalcoherence
or spatialcoherenceor both, the storagerequirementsand
renderingcostof thedatamaybesigni cantly reduced Shen
andJohnsor{21] take advantageof temporalcoherenceys-
ing differenceencodingo signi cantly diminishstorageand
renderingrequirementsWestermanii23] performswavelet
encodingof eachtime step separatelyto generatea com-
pressedmultiscaletree structure. Furthercompressiorcan
be obtainedby examining the resultingtree structuresand
wavelet coefcients. Ma and Shen[14] discusshowv non-
uniform gquantizationalong with octreeand differenceen-
coding can be employed to speedup renderingof time-
varying volume data. They showv that the octreesfor con-
secutve time stepscanbe megedto sharesubtreesConse-
quently duringrendering partialimagesbuilt from subtrees
thathave not changedver time maybereusedn latertime
steps.

Wilhelms and Van Gelder[25] designhierarchicaldata
structuredor controlledcompressiomndvolumerendering.
They extend octreesand a branch-on-nee@BON) subdvi-
sion strat@y [24] to handlemulti-dimensionaldata. Sutton
andHanser{22] proposeatemporalbranch-on-neettee(T-
BON) asanextensionto the 3-D BON treefor time-varying
isosuraiceextraction. Shen,Chiang,andMa [20] introduce
a hierarchicaldatastructure called Time-SpacePartitioning
(TSP)tree,for abetterutilization of both spatialandtempo-
ral coherenceln essenceheskeletonof aTSPtreeis astan-
dardcompleteoctree,which recursvely subdvidesthe vol-
umespatiallyuntil all subsolumesreacha prede nedmini-
mumsize. To storethetemporalinformation,eachTSPtree
nodeitself is a binary tree. Every nodein the binary time
treerepresenta differenttime spanfor the samesubvolume
in the spatialdomain.Mostimportantly TSPtreesallow the
rendereto usedatafrom subvolumesof differentspatialand
temporalresolutionswhich is not possiblefor 4-d octrees.
The TSPtreedatastructurehasbeenalsousedby Ellsworth,
Chiang,andShen[7] to facilitatelarge scalevolumerender
ing using3-D texture hardware.

Furtherspeedupof renderingmay be madeby utilizing
parallel computersor graphicshardware. However, even
thougha parallel computercan renderimagesat multiple
framesper second,without high-speecdhetwork and paral-
lel I/O supporttwo bottlenecksanstill make it impossible
to achieve interactve viewing. One bottleneckis the need
to streamlarge volume les throughoutthe courseof the
visualizationprocess. The otheris the delay dueto trans-
ferring theresultingimagesover a potentiallynon-dedicated
network. Ma andCamp[13] develop a post-processingar
allel visualizationstratgy basedon a pipelinedrendering.
They demonstrateemotevisualizationof time-varyingvol-

umedataon a PC clusterover awide-areanetwork. Pipelin-
ing andcarefulgroupingof processorareusedto hide I/O
time andto maximize processotutilization. Visually loss-
lesscompressions usedto signi cantly cut down the cost
of transferringoutputimagesfrom the PC clusterto a dis-
play device througha wide-areanetwork. Clyne and Den-
nis [5] emplg similar techniques,using double buffer-
ing to help maskboth the costsof volume datal/O over a
high-bandwidthchanneland hide imagetransmitionover a
TCP/IPnetwork.

The methodsintroducedin this papercanwork aswell,
andby mary metricsbetter asmostof the aforementioned
techniquesFurthermorahey have theaddedadwantagerun-
ning on low-cost, commodity hardware making them far
moreaccessibléo a broadrangeof researchers.

3 Hardware-Assisted Rendering

Commaodity PC graphicscardsare capableof performing
renderingthat only a few yearsago requireda high-end
graphicsworkstation.In particular the2-D texturehardware
thathelpsgeneratémpressie graphicsfor videogamescan
alsobe appliedto male effective visualizations.For exam-
ple, commodity PC graphicscardshave beenusedfor vol-
umerenderingof staticvolumetricdata[3, 20]. Volumeren-
dering requiresthe loading of the volumetric datainto the
texture memoryof the video card prior to rendering. The
sizeof thevolumethatcanberendereds oftenlimited by the
amountof video memorythe cardcontainssincethe access
andtransferof datafrom main memoryacrosshe graphics
busis relatively slov comparedo thedirectacces®f graph-
ics memory

3.1 Compression

Therealtime renderingof time-varying volumetricdatasets
offers a numberof challengesecausef the sheersize of
the databeingvisualized. The size of thesedatacanbere-
ducedandthereforemademoremanageabléhroughtheuse
of compressionThe advantage®f compressingolumetric
dataaretwo fold. First, it reduceshe storagerequirements
neededor thedata.This couldallow adataseto t in main
memorythat might otherwisenot t, eliminatingthe need
for transferringdatafrom disk. Thereductionin storagecan
alsobeusedto t relatively small compressediataseten-
tirely in texturememory thuseliminatingthe needfor trans-
ferring dataacrossthe graphicsbus. The other bene t of
compressions a reductionin I/O. If a compressedolume
ts entirelyin main memory the costof transferringcom-
pressedlatato thegraphicscardis muchlowerthanthe cost
of transferringuncompressedata. If a datasetoesnot t
into mainmemory thetransferringof compressedatafrom
disk canbesubstantiallyfastetthanwith uncompressedata,
allowing for interactize visualizationfrom disk.



Videoandmainmemorycanbethoughtof asa two-level
cachefor volumerendering.The compressiomf volumetric
datanotonly increasesheamountof datathatcan t in each
level, but alsodecreasethe I/O costsof transfersbetween
theselevels. Throughthe useof compressionand careful
managemenof the time costsassociatedavith the transfers
betweerlevels, it is possibleto loadtexture mapsrepresent-
ing volumedatainto video memoryat ratessuitablefor in-
teractvity onacommodityPC.

If a compressediolumeis to be rendereddirectly from
video memory it must also be uncompressedising the
graphicshardware. This is a signi cant constraintsincethe
operationssupportedn video hardware are extremely lim-
ited. Anotherconstrainis imposedoy thefactthatit is very
desirableto encodethe scalarvoxel valuesin termsof their
scalarvalueratherthanasa red, green,blue, alpha(opac-
ity) set. Using scalarvaluesand color indexed texturesal-
lows a scientistto manipulatethe color paletteto interac-
tively changethe opacityandcolor maps,allowing for more
intuitive visualizationof the data.Storingvoxelsin termsof
RGBA would requirerecompressintheentiredataseaspa-
rametersarechangedvhich canbeimpracticalfor verylarge
datasetsln addition,storingasinglescalavalue,ratherthan
four color scalarsreduceghe amountof databy a factorof
four.

Unfortunatelyusingindexedvaluesputsa numberof lim-
itations on how graphicshardware can be usedto decode
data. Most screenand texture combining operationssup-
portedin hardware, such as Register Combiners,work in
termsof the manipulationof RGBA valuesandnot the ma-
nipulation of scalarmap index values. In particular one
couldconceve of compressiomethodghatwould dealwith
differenceimagesor volumes. Thesedifferenceshowever,
would needto be combinedin termsof RGBA andnot in-
dexed scalars.This would make the differenceimagescolor
map and opacity map dependentsince the differencebe-
tweentwo volumes,in termsof RGBA, dependsxtensiely
on the mappingbeing used. For example, a differencein
scalarvaluemight correspondo a changen color, achange
in opacity or perhapsno changeat all, dependingon the
color map,opacitymap,andthe value of the scalarthe dif-
ferenceis beingappliedto.

3.2 Palette based decoding

With theselimitations in mind, we presenta methodfor
the temporalencodingof indexed volumetric datathat can
quickly be decodedin hardware. The methodmakes ex-
tensie useof OpenGLs supportfor the changingof color
paletteswithout the reloadingof textures. The cycling of
color palettescanbe usedto createsimpleanimationsfrom
staticimages. In our work we usecolor palettemanipula-
tion to allow a singlescalarvalueto represengrid pointsat
several times steps. For eachframethe paletteis variedto
properly decodethe approximatescalarvalue of that voxel
for thatframe,which is thenmappedo the desiredopacity

andcolor valuefor thatscalarindex. With palettedtextures,
asinglescalarvalueis usedto represenan RGB or RGBA
color. Thepaletteconsistf alimited setof colorsthatsam-
ple the RGBA color space.Eachof thesecolorsis encoded
in a singlevalue, often a single byte. In our approachwe
encodea sequencef temporallychangingscalarvaluesinto
a singleindex. In this way, the value storedin eachtexel
representsin approximationof a sequencef scalarvalues.
Eachpossibleindex value thereforerepresents samplein
the spaceof possibletime varying scalarvalues. The scalar
valuethatanindexedtexel representss decodedo its tem-
porally changingvaluethroughtheframeto framemanipula-
tion of the palette.For eachframe,the color for eachpalette
entry is setto the color encodedy thatindex valueduring
thatframe.

3.3 Temporal encoding

The encoding processconsistsof mapping sequence®f
scalarsinto single scalarindices. We performthis process
usingtransformencodingspeci cally usingthe DiscreteCo-
sineTransform(DCT) [10, 8, 19]. Transformencodingis a
compressiomethodthattransformsiatainto a setof coef-
cientsthatarethenquantizedo createamorecompactrepre-
sentation.Thetransformby itself is reversible,anddoesnot
compresghe data. Rathey a transformis selectedhat puts
more enegy into fewer coefcients, thusallowing the less
important, lower enegy coefcients to be quantizedmore
coarselythususinglessdata.

We usethe DCT sinceit is known to have good infor-
mation packingqualitiesandtendsto have lesserror at the
boundarie®f asequenc¢d]. Boundaryperformancas im-
portantin orderto avoid discontinuitieduringthetransition
betweenblocks. Sinceour applicationcompressetempo-
rally, discontinuitiesvould appeain theform of ashesbe-
tweencompressedequences.

Theencodingprocesss shavnin Figurel. Firstawindow
sizeis selectedwhichwill bethelengthof thetime sequence
thatwill beencodednto a singlevalue. Thelongerthewin-
dow size,the greaterthe compressionthatwill be achieved
at the expenseof temporalaccurag. For eachwindow of
time-evolving scalarghe DCT is applied. Theresultis a set
of coefcients equalin numberto the size of the window
used.The rst coefcient storesheDC, or averagevalueof
thewindow, andtendsto belargestin value. Theremaining
coefcients storeincreasinglyhigherfrequeny components
containedn thewindowedsequenceThesecoefcients tend
to representlecreasingamountsof signalasthe frequeng
getshigher

Thesecoefcients arethenquantizedand combinedinto
a singlescalarvalue. Bits areallocatedfor eachcoefcient
basedn the varianceof eachcoefcient [19]. Thosecoef-
cientswith the highestvarianceareallocatedmorebits than
thosecoefcients with low variance. Using this technique,
bits areallocatedbasednthetemporalcharacteristicsf the
windowed sequencef the dataset. For example,a dataset
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Figurel: DCT-basedencoding.In this example,the window sizeis 4 andonly the rst 3 coefcients arestoredinto an 8-bit

value.

with minimal amountsof movementwould usefewer bits to

storethetemporalchangesn the data,allowing morebits to

be usedto more preciselystorethe stationaryvaluesin the

sequence.On the other hand, a sequencevith high speed
motion (low temporalcoherencejvould usemorebitsto en-

codethis motion at the expenseof precisionfor the static
values.

Once bit allocation for the transformedcoefcients is
determinedthe coefcients are quantizedto their respec-
tive precision. Uniform quantizationis not well suitedfor
guantizing these coefcients since they often have fairly
non-uniformdistributions. Instead,quantizationoccursus-
ing Lloyd-Max quantization[11, 15] which adaptvely se-
lects quantizationlevels that minimize meansquareerror.
The quantizedcoefcients arethencombinedinto a single
scalarwhich is storedin a texture thatwill be usedfor the
windowed sequenceof time. Eachencodedvalue repre-
sentsa sequencef time-varying scalarsthat canbe deter
minedusingthe inverseDCT. Ratherthanusingthe inverse
DCT, however, the mappingof encodedvaluesto tempo-
rally changingscalards calculatedoy determiningthe scalar
value for eachpossibleencodedndex for eachtime frame
that minimizesthe meansquareerror of the decodedvalue.
Theencodingprocesss repeatedor every window in time.

3.4 2-D texture optimizations

The techniquedescribedn the previous sectionis equally
applicableto both 3-D volumetric, palettedtexturesaswell
as2-D axis alignedpalettedtextures,provided quantization

is performedon a pervolumebasis.When2-D axisaligned
texturesare used,a numberof additionaloptimizationscan
be performedthat reducethe error from the encodingpro-
cess,aswell asimproving the perceved temporalsmooth-
nessof theanimationvolume.

As describedn the previoussection the quantizatiorstep
is adaptedbasedon the characteristicof transformedco-
efcients. Sincethe temporalpropertiesof a datasetcan
varywidely acrossavolume,it is advantageouso adaptvely
guantizesmallsectionf dataatatime. Ourvolumerender
ing implementatiorusesaxisaligned2-D textures.To mini-
mizetheamountof errorintroducedn the quantizatiorstep,
we encodeeachtexture slice independently This allows bit
allocationto vary basedon the temporalcharacteristicof
eachslice,aswell asallowing for the quantizatiorlevelsto
vary basedon the characteristicef the coefcients for each
slice. We have found perslice encodingshavs noticeably
fewer compressiorartifactsfor a given bit rate. Onenega-
tive effect of this processhowever, is thatanuncompressed
scalarvalue can be encodednto differentcompressedal-
uesdependingon the slicein the volume. In practice,how-
ever, we have foundthis effectto beminimal,in partbecause
guantizatioroccursin slicesthatarenearlyperpendiculato
the viewing direction,thusvariationsfrom sliceto slice of a
scalarvaluearesoftenedy thevolumerenderingntegral.

Usually, whenbit allocationoccurs mostbits areusedfor
storingthe averagevalue over a windowed sequenceAs a
result, whenthe transitionoccursbetweentwo compressed
sequenceghe shift in averagevalue cancausea perceved
jump in the animation. We thereforeinterleave the starting



along the
view direction

T | ‘ ‘ -

Time

Figure2: When2-D textureinterleaving is utilized, for every
time step,every Nth 2-D textureis replacedstartingwith the
t modulo Nth texture slice, wheret is the time stepand N
is the compressiorratio. In this example, N is four. The
numberson eachslice indicatewhich time stepsthe texture
stores.Theshadedsliceis theslicethatis updatedattimet.

times of the windows for eachslice. Figure 2 shavs such
aninterleaving scheme. This decorrelatesemporaltransi-
tions sothatthe jump occursduring every framebut for in-
terleavedslicesin thevolume,ratherthanthewholevolume.
This is analogougo interlacedvideo, exceptratherthanbe-
ing interlacedvertically, thetexturesareinterleaved nearthe
viewing direction. As with perslicequantizationthevolume
renderingntegral helpsto softentheinterleasing effect.

For atransformwindow of lengthN, without interleasing
an entire nev compressedolume mustbe loadedevery N
frames. Sincethe loading of dataacrossthe graphicsbus
is relatively slow, this cancausea substantiatiropin frame
rateevery N frames.This problemcanbe solvedby loading
ﬁ of the next compressedolumeevery frame,but requires
storinga copy of the next volumein texture memory This,
however, is notnecessarif thetexturesareinterleaved,since
for everyframeﬁ of thevolumecanbe ushed from texture
memoryand replacedwith a new texture. Thusby amor
tizing datamovementcosts,interleaving allows for a more
consistenframeratewithoutthe expenseof needinghetex-
ture memoryto storea secondcompressedolume. If the
usermovesto an arbitrary frame non-sequentiallythenall
texturesmustbereloadedandthereis adropin framerate.

4 Test Results

Using our compressioimethodwe are ableto renderlarge,
time-varyingvolumetricdatasetsatinteractve rates.Tablel
liststhethreedatasetsthathave beenusedfor ourstudy Fig-
ure 3 shavs oneframefrom eachdataset. An animationof
theturbulentvortex jetsdatadisplaysafairly randompattern
overtime asthevorticesspreadhewholedomain.In theQG
turbulent o w data,wewitnesstheformationof coherentur-
bulentstructuresakinto Jupitersredspot. Theshock-lubble
0 w dataexhibitsaslowly developingstructurestartingfrom
oneendof thedomainandeventuallyreachingheotherend

Tablel: Four TestDatasets.
| dataset | time steps| spatialresolution |
Turbulentvortex ow | 100 128
Quasi-geostrophic | 1492 256°
turbulent ow
Shock-tubble o w 265 640 256 256

Table2: Frameratesfor renderinghe QG datawith different
compressiorevels.

compressiomatio | fps(in core) | fps (outof core)
8 33.3 7.8

4 20.4 4.5

2 14.3 2,51

1 9.5 14

of thedomain.

Tables2 and3 shawv frameratesfor differentcompression
caseausingthe NCAR's quasi-geostrophidatasetandthe
LBL'sshock-lubbledataset,respectiely. We obtainedhese
resultswith anAMD 1.2 GHz Athlon with 768 megabytesof
mainmemoryandaNVIDIA GeForce2GTSbasedyraphics
cardwith 64 megabytesof texturememory Figure4 displays
the storagecon guration of our currenttestbed.Compress-
ing eachtime stepof a 256> datasettakes between5 and
15 secondslependingon the level of compressionysingan
approximatiorof Lloyd-Max Quantizatio{10]. Ourimple-
mentationuseseight-bitpalettedextures,althoughourtech-
niguecouldbeappliedto hardwarethatsupportshigherpre-
cisiontexturesfor encodingstratgiesthatallocatemorebits
to eachtransformedcoefcient. The resultswere obtained
whenrenderingthe volumeto a 512x512window, with the
volume occupying approximatelyone third of the window
area.

If acompressedataset ts entirelyin mainmemorythen
thebottleneckin therenderingprocesss thetransferof tex-
turesfrom mainmemoryto the graphicscard. Compression
helpswith both of theselimitations, increasingnot only the
numberof time stepsthat t in main memory but alsode-
creasingthe amountof time necessaryor transferringdata
acrosshe graphicsbus. If only onesetof axis alignedtex-
turesis storedn mainmemory thenthenumberof time steps
that canbe storedin memoryincreasesy a factorof three
atthe expenseof theusernot beingableto view thedataset

Table 3: Frameratesfor renderingthe Shock-Bubbledata
with differentcompressiorevels.

compressiomatio | fps (in core) | fps (outof core)
8 3.0 1.7
4 25 0.8
2 1.9 0.4
1 14 0.2




Figure3: Oneselectedramefor eachdataset.
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Figure4: Storagecon guration for a PC-basedsystemfor
renderingarge-scaldime-varyingdata.

from anarbitraryanglewithout swappingfrom disk.

One exampleof a large volumetric datasetthat we can
renderat interactve ratesis the QG turbulent o w dataset.
The QG calculationssimulate large-scalemotions in the
Earth's atmospherandoceansandarerepresentati in size
andcompleity of mary EarthSciencegurbulent uid ow
simulations. We canrender140 time stepsof a 256° vol-
umetricdatasetcompressedby a factorof four at approxi-
mately 20.4 framesper secondusing 256 axis alignedtex-
tured polygons. If 128 axis alignedtextured polygonsare
used,which requirestransferringanddrawing only half the
data, the frame rate doublesand we can render280 time
steps.

Without compressionthe samel40time stepsno longer
t in mainmemoryandwould needto be swappednto main
memoryin anout-of-coremanner A subseif this uncom-
presseddatathatdoes t in main memorycanbe rendered
atabout9.5framespersecondcomparedo the 20.4frames
per secondwith compressionAlthough the amountof data

transferredwith compressioris onefourth of that without,
the frameratedoesnot scalelinearly. Thisis causedy the
timerequiredto rasterizehetexturedpolygonsto thescreen.
Theperformancevould scalemorelinearlyif agraphicscard
with a higher ll-rate wereused,or if the renderedvolume
weredisplayedat lower screerresolution.

Often a datasetis too largeto t in main memoryeven
with compression.In this caseit is necessaryo load and
renderthevolumefrom disk. Compressioransubstantially
decrease¢he amountof datathat mustbe loadedfor each
frame,resultingin a noticeablyhigherframerate,asshovn
in Table2. For example, all 1492 time stepsof the 256
QG datasetcanberenderedat 7.8 fps whencompressetly
a factorof 8 versusonly 1.4 framesper secondwhenren-
dereduncompresseftom disc. Oncetheuser nds ashorter
temporalregion of interestthatdatacanthenbeloadedinto
main memoryandrenderecht a fasterframerate,or higher
image delity . Figure6 shavs visualizationsof the QG data
setfor the sametime stepusingdifferenttransferfunctions
de ned throughinteractie exploration.

By changingthe window size usedin the encodingstep,
thecompressiomatio andquality canbevaried. Tables4, 5,
and 6 shav the minimum, maximum, and averagemean
squareerrorfor eachdatasetover 50time stepswherescalar
valueshave beennormalizedto be between0 and1. Fig-
ure 5 shawvs volumesthathave beenrenderedusingvarying
degreesof compressionAs the amountof compressiornin-
creasessomeof themoresubtlefeaturesaswell asthefaster
moving featurecanbecomeblurred. Thus,thereis adistinct
trade off betweencompressiorratio and renderingperfor
manceversusthe quality of the compressedolume. This
givesusersa degreeof e xibility in choosingcompression
ratiosthatbestmeettheir needs.For example,if a scientist
is interestedn viewing ashorttime sequencathigh quality,
a lower compressionatio canbe used. On the otherhand,
to view a very long sequencef dataat high speedshe can
selecta highercompressiomate. The scientistcancombine
compressiorratiosto preview a datasetat a coarsertem-
poral resolutionandthenview a speci ¢ time sequencef
interestwith lesscompressionFigure 7 displaysimagesof



Table4: NCAR quasi-geostrophidataseterror

compressiomatio | MAX MIN AVG
2x 0.004018| 0.003633| 0.003929
4x 0.005233| 0.004620| 0.005092
8x 0.007050| 0.005872| 0.006677
Table5: Vortex dataseterror
compressiomatio | MAX MIN AVG
2X 0.011889| 0.009082| 0.010939
4x 0.034062| 0.025696| 0.030201
8x 0.054765| 0.044315| 0.049118

time steps32, 39,46, 53 of the shock-lubbledataset.

4.1 Discussion

Although our implementationusesa commodity PC hard-
ware graphicsacceleratoand thereforedoesnot usevolu-
metrictextures,ourtemporalencodingnethoddoesapplyto
3-D volumetrictextures.In particularwe expectour method
would work well with hardwarethatsupportsvolumetricin-
dexed textureswith morethan 256 entries. The useof 2-D
textureshasthe limitation thatfor a volumeto be viewable
from anarbitraryangle,threecopiesof the texturesmustbe
storedfor eachof the principle viewing directions. How-
ever, this limitation is temperedy the factcompressiorcan
reducethe amountof texture storagerequiredby beyond a
factorof 3. Whena volumeis viewed out-of-core,storing
extra compressedopiesof the datasetbecomeanuchless
of anissuesincethe compressedataarestoredon disk.

Sinceour systemcanrendervolumesfrom disk at inter-
active rateswe feel it is very scalablewith respectto the
size of a datasettemporally With regardsto size of the
datasetn the spatialdomain,the amountof texture mem-
ory can be a limiting factor Sinceour work compresses
temporally it doesnot reducethe amountof texture mem-
ory utilized to below thatwhich would berequiredto render
a singlestaticvolume. With next generatiorgraphicscards
having increasinglylarger amountsof texture memory this
limitation shouldbecomediminished. For out of coreren-
dering,the costof swappingtexturesfrom the graphicscard
to mainmemoryis muchlower thanthe costof readingfrom
disk, thustexture memorycapacityrestraintdhecomdessof
aconcern.

The useof compressiomy our methodsgpresentswo po-

Table6: LBL shockbubbledataseterror

compressiomatio | MAX MIN AVG

2x 0.0032| 0.0022| 0.0027
4x 0.0061| 0.0056| 0.0058
8x 0.0095| 0.0085| 0.0089

tential shortcomingghat are worth addressing First, since
our compressiorschemes lossly thereis the potentialfor
modest, but noticable, image quality degradationthat in-
creaseaith the degreeof compression.However, a mod-
eratelossof image delity dueto compressioror otherop-
timization stratgiesis an acceptabldgradeof for enabling
interactve explorationof temporaldata,provided the gross
featuresof evolving structuress preseredasit is in ourtest
caseg17,2]. It isworthnotingthatmary NCAR researchers
commonlyperformcrudedatareductionusingsimple zero-
ordersubsamplingn orderto accommodaténteractve ex-
plorationwith the tools presentlyavailableto them. In es-
sensethey have alreadydemonstrated willingnessto sac-
ri ce imagequality to gain interactive exploration capabil-
ity thatis essentiato maximizingscienti ¢ productvity [4].
Onceafeatureof importancds detectedn thereduceddata
set,thefull resolutiondatamaybefurtheranalyzedf neces-
sary Second,compressiorrequiresadditional storage(for
maintainingboth the raw and compressedersionsof the
data),andit takestimeto performtheencoding.Similarly to
lossof image delity, researcherare alreadybearingthese
costshy their useof subsamplediatato achieve interactve
rendering.

TSP Tree basedmethodsreducethe amountof texture
memory utilized by exploiting temporaland spatialcoher
enceto reusetextures[20, 7]. They represenseveral similar
texturesasa singlestatictexture. Our DCT basedencoding
methodstoresseveraltime slicesin termsof lower precision
averagesand differencesstoredin a singletexel. Through
palettemanipulationtheseexelsdynamicallyrepresensev-
eraltime slices.This compresseéncodingcomesat the ex-
penseof thenumericalprecisionusedto storetheseaverages
anddifferencesThemethodexploits temporalcoherencéy
using morebits to representhe averagevalue over a setof
slices,but alsoreseneshits for storingthe changeover a set
of slices. Our methodcould be combinedwith TSP based
techniquego storetexturesat varying degreesof both spa-
tial andtemporalresolution.

Our methoddiffersfrom compressiomimethodssupported
in hardware like thosesupportedwith DXTC or S3TC[6]
in thatthosemethodscompress32-bit RGBA data,not 8-bit
index data.Sincethesemethodglo notapplyto palettediex-
tures,it would be necessaryo recompresshe volumewhen
changedo the color or opacitymaparemade. This stands
in contrastto the useof palettedtexturesthatallow for the
interactve changingof the opacity and color map with no
effect on framerate. In addition, thesemethodscompress
RGBA texels by up to a factor of eight usingfour-bits per
texel while our methodstartswith eight-bitpalettedtextures
andcompressetheminto four, two or onebits pertexel, per
frame.



Figure5: Visualizationsof the quasi-geostrophidatasetat differencecompressionevels. As the level of compressiornin-
creasessomeof the ner featuresbecomeblurred. Top row: time step20. Bottomrow: time step317. Left to right: 1x 2x 4x
8x compression

Figure6: Selectedrisualizationsof the quasi-geostrophidatasetproducedy varyingtransferfunctions.



Figure7: Visualizationsf the shockbubbledatasetat differenttime steps.

5 Conclusions

We have presenteda hardware texture assistedtechnique
for renderingime-varyingvolumedata,anddemonstrated
with experimentatesults.Thistechniques very attractve to
the scientistswith whomwe areworking becausef its low
costandinteractve renderingrates.lt is now feasibleto put
suchaPC-basedystemon every scientists desktopmaking
interactve dataexplorationaccessible¢o afar broadergroup
of scientistsandengineersResearchersanbrowsethrough
datain ahighly interactve manneyef ciently ltering unim-
portantfrom imporantfeaturesandobtainvaluablequalita-
tive informationabouttheir datacontent. The compression
schemaeusedis controllableandresultsin visualizationssuit-
ablefor interactize dataexploration.

We plan to improve our hardware-assistedechniquein
mary ways.Oneimportantgoalis to make it possiblefor our
scientistdo conductinteractve explorationof dataobtained
from evenlarger datasetsthanthosediscussedsuchasthe
512 EarthSciencesurbulencecalculationsmary of our re-
searchersare beginning to investigate. Futhermore 1024
problemdomaincalculationsareon the horizon. To address
theseextremly large datasetswe planto investicate an ex-
tensionof our hardware-assistedenderingtechniquewith a
PC cluster develop more intuitive datainteractionmecha-
nismsin boththe spatialandtemporaldomains,anddesign
effective hardware-assistedhadingiechniques.
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