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Abstract

We presenta systemati@approacd for directvolumerenderingterascale-sizedatathatare time-varyingandpos-
sibly non-uniformlysampledusingonly a singlecommoditygraphicsPC. Our methodemploysa datareduction
schemethatcombinedosslessyavelet-basegrogressivedataaccesswith a userdirected hardware-acceleated
datapading technique Data pading is achievedby discading datablodkswith valuesoutsidethe datainterval
of interestand encodingthe remainingdatain a structue that can be efciently decodedn the GPU. Thecom-
pressedlatacanbetransfered betweerdisk, main memoryandvideomemorymore ef ciently, leadingto more
effectivedataexplorationin bothspatialandtempoal domainsFurthermoe, our texture-mapbasedvolumeren-
deringsystemnis capableof correctlydisplayingdatathat are sampledn a stretched,Cartesiangrid. To studythe
effectivenessf our tedhniqguewe useddatasetsgeneatedfroma large solar corvectionsimulation,computecbn
anon-uniform504 504 2048grid.

CateoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.8[ComputerGraphics]:Applicationsl.3.1[Com-
puterGraphics]:Graphicgprocessort3.3[ComputerGraphics]Viewing algorithmsE.4[Codingandinformation

Theory]: Datacompactiorandcompression

1. Intr oduction

Studying time-evolving phenomenads critical for solving
mary scienti ¢ andengineeringproblems.Theability to in-
teractvely visualizeandexplore complex dynamicfeatures
containedwithin time-varyingdatais absolutelyessentiato
ensureheircorrectinterpretatiorandanalysisto providein-
sights,andto communicatehoseinsightswith others How-
ever, atime-varying datasetfrom a computationaluid dy-
namicssimulation,for example,can containan enormous
amountof informationin the spatial,temporalandvariable
domains;a single time stepmay containhundredsof mil-
lions of grid points,while thetemporaldatasetmay occupy
terabytef storagen aggreate.Visualizingstaticvolumes
of this scaleis challengingenoughwithout the addeddif -
culty imposedby thetemporaldimension.Theprincipalim-
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pedimento visualizingtime-vary dataarisesfrom the need
to manageand transfertime-stepsbetweenstoragehierar

chiesfrom the potentiallycapaciousbut slow, rotatingdisk
arraysto the small, but high-performing videomemories.

This paperpresentsa systematicapproachto directvol-
umerenderingemporaldatabasecbn a combinationof two
userdirecteddatareductionstratgies. First, a multiresolu-
tion datarepresentatioschemedevelopedin our previous
work, is employed to enableprogressie accesgo the nu-
merical simulations raw oating point outputs[Cly03]. A
low-overheadpadking schemds thenengagedto provide a
secondevel of datareduction.Thecombinatiorof thesewo
userdirecteddatareductiontechniquesllow theresearcher
to effectively make speed/qualityradeofs, enablingthe in-
teractive visualexplorationof terascaleizeddatausingonly
alowly desktopPC.

The reducedspacerequirementxan be exploited to t
more time stepsin computermemory enabling interac-
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tive animation of the datas temporaldomain, for exam-
ple, or reducethe bandwidthrequirementdor datatrans-
ferred betweenmemoryhierarchiesfurther aiding interac-
tive performanceOur multiresolutionschemereducesde-
mandsfor disk storage the CPU's memory and the inter-
connectbetweenthesestoragesystemswhile our texture
packingschemewhich supportsdecoding(unpacking)on
the GPU, further reducesdemandsn main memory video
memory andthe graphicshusthatconnectgshesedevices.

In addition to our data reduction stratgjies, we also
presenta methodto volumerenderdatasampledon a non-
uniformly spaced stretched Cartesiangrid. In an effort to
reducesimulationtime and storagerequirementsomenu-
merical uid ow modelsemploy stretchedgrids, allow-
ing highersamplingdensitiesto be focusedwherethey are
neededWe have devised an ef cient methodfor correctly
volume renderingstretchedgrids by again exploiting the
e xibility of programmablgraphicshardvare.

Thus the main contritutions of our work are two fold.
First, we demonstratea comprehensie volume rendering
systemthat incorporatesend-to-enddata reductionstrate-
giesto curtail the demandon humeroussystemstoragere-
sourcespermittingthe explorationof vasttime-varyingdata
setsusing only a PC equippedwith a current generation
graphicscard. Secondly we presentan ef cient hardware-
acceleratedmethodfor renderingdata sets computedon
stretchedCartesiargrids.

2. RelatedWork

Theproblemof time-varyingdatavisualizationhasreceved

increasingattention.Variousdataencoding,reduction,and
renderingtechniqueshave beendeveloped. One class of

techniquegreatstime-varying volumedataas4D data.For

example,Wilhelms and Van Gelder[WV94] encodetime-

varyingdatawith a 4D tree(anextensionof octree)anduse
an associatecerror/importancemodel to control compres-
sionrateandimagequality. Linsenetal. [LPD 02] introduce
a morere ned designbasedon a 4th-root-of-2 subdvision

schemecoupledwith a linear B-spline wavelet schemefor

representingime-varying volumedataat multiple levels of

detail. Woodringetal [WWSO03 visualize4D databy slicing

or volume renderingin the 4D space.The resultinghyper

planeand hyperprojectioncan display someuniquespace-
time features.

Anotherclassof techniqueseparatethetime dimension
from the spatialdimension.ShenandJohnsor{ SJ94 intro-
ducedifferentialvolumerenderingwhich exploits temporal
coherencef thedataandcompressethe datain a substan-
tial way, butit is limited to aone-way, sequentiabrowsingof
thetemporabspecof thedata.Maetal. [MSSS98 integrate
non-uniformquantizatiorwith octreeanddifferenceencod-
ing andspeedup renderingby sharingsubtreesamongcon-
secutve time steps.Shenet al. [SCM99 re ne the design

deriving a hierarchicaldatastructurecalledthe Time-Space
Partitioning (TSP)tree,which capturesoththe spatialand
temporalcoherencdérom atime-varying eld. It usesanoc-
treefor partitioningthe volume spatially and a binary tree
for storingtemporalinformation.

Severalothertechniquesrealsoworthmentioning West-
ermann[Wes95 encodeseachtime step separatelyusing
wavelet transforms.The resultis a compressednultiscale
tree structurealso providing an underlyinganalysismodel
for characterizingthe data. By examining the multiscale
treestructuresandwaveletcoefcients, it is possibleto per
form featureextraction, tracking, and further compression
more ef ciently. Anagnostouet al. [WAAO0O0] exploit tem-
poral coherencedo renderonly the changedpartsof each
slice and userun-lengthencodingto compresshe spatial
domainof the data.Lum et al. [LMCO01] usetemporalen-
codingof indexed volumedatathat canbe quickly decoded
in graphicshardware. Sohnet al. [SBS02 compresgime-
varyingisosurhicesandassociatedolumetricfeatureswith
wavelettransformsto allow fastreconstructiorandrender
ing. Schneiderand WestermaniSWO0J usevectorquanti-
zationto compresgime-varying datain the spatialdomain
with bothdecompressioandrenderingdonein hardware.

Work closer to our own includes that of Li et
al's [LMKO3], Kraus and Ertl's [KEOQZ], and Binotto et
al's[BCF03. Li etal's work is concernedvith the pack-
ing of a singlevolume. They packvoxel datainto texture
blocksby meiging similar voxels andskippingemptyspace
througha growing algorithm.A BSPtreeis thenusedto or-
ganizethe pacled texture blocks for ef cient loading and
renderingof the visible blocksin the correctorder Their
approachresultsin losslesscompressiorand fasterrender
ing in graphicshardware. Kraus et al. introducean adap-
tive representationf texture datathatstoresbothindicesto
pacleddatablocksandscalingfactorsfor specifyingtheres-
olutionsof the datablocks.They shawv thatthis representa-
tion canbe usedto encodewo, three,andfour dimensional
data.Decodingis donewith programmablegraphicshard-
ware.Binotto et al. [BCF03 effectively packtime-varying
datainto athree-dimensionakxturewhichadaptvely stores
indicesto nonhomogeneoudatablocks and valuesof ho-
mogeneousatablocks.This approactworkswell whenthe
tamgetvolumedatasetis highly correlatedbothspatiallyand
temporally whichis notthe casefor ourtargetdatasets.

In contrastpur packingapproachdescribedn greatede-
tailsin Sectionb, is simpler We adoptaregularpartitioning
of thevolume,whichleadsto alowerpertexture-blockover
headandthusbetterandmorepredictablenteractvity. This
simpli cation alsoallows usto performmuchfasteron-the-
y packingaccordingo a userde ned transferfunction.

3. Driving Applications

Our designtamgetstime-varying volume datageneratedy
o w simulationsemplgying high-resolutionCartesiargrids
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Figure 1: A 2D view of the type of non-uniformmeshused
by the simulation.

that may possesson-uniformsamplespacing.Sampleco-
ordinatesalongeachdimensionof theseso calledstretched
grids are given by a monotonicallyincreasing(or decreas-
ing) functionof the dimensions topologicalcoordinates.

The o w featuresf interestin thesesimulationgypically
occupy a relatively small region of the computationaldo-
main ratherthan covering the entiredomain.A representa-
tive exampleis the outputof a simulationconductedy re-
searcherst the National Centerfor AtmosphericResearch
(NCAR) to model 3D thermalstarting plumesdescending
through a fully-compressibleadiabatically-strati ed uid.
Suchplumesareproducedby radiative coolingin the outer
layersof the Sun.Thesimulationshelpscientistaunderstand
thestability of theseplumes sothatthey maybetterestimate
how deeplythe plumespenetraténto the solarinterior after
beinggeneratedn the uppersurfacelayers.Bettercompre-
hensionof the natureof theseplumesin turn contritutesto
understandin@f deepsolarcorvection,its penetratiorinto
the stablelayersof the solarinterior, andthe natureof the
magneticdynamooperatingherein.

To capturethe plumes secondaryinstabilities, a high-
resolution504 504 2048stretchedgrid (seeFigure 1) is
employed. The simulationrequiredsix-monthsof compute
timeon112processorsf NCAR's IBM RS/6000computey
andgenerated total of nineterabytef data.We obtained
400 time stepsof the datafor our study Five variablesin-
cluding density temperatureandthe threevelocity compo-
nents,arestoredat eachgrid point. Thereis alsothe needto
visualizequantitiesderived from the modeloutputssuchas
the scalarcomponent®f the vorticity eld which arecom-
putedfrom the velocity eld, furtherdriving up the size of
this dataset.Imagesandhistogramdor two of thevariables
ataselectedime stepareshavn in Figure2.

4., Overview

Visualizing the plume simulations raw oating point data
directly, using a brute-force approach,would require a
formidable graphics supercomputerMaintaining a frame
rateof only ve Hz while animatingthrougha time series
would requirea bandwidthof nearly 10.0GBsper second,
for example!Evenif the dataarequantizedo 8-bit quanti-
ties, the transferratesrequiredalonemale desktopPC ex-
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Figure 2: Images and histagramsof two variablesat time
step380. Top: the zcomponenbf the velocity Bottom:the
squae of the horizontalcomponenbf the vorticity. In each
histagram,the curverepresentghe opacitytransferfunction
usedfor the correspondingrendering For both time steps,
mostdatavalueslay within a verysmallrange of values.

ploration prohibitive unlesssubstantialfurther datareduc-
tion is undertalen.

To make temporaldataexplorationpossibleusingonly a
single PC with commodity graphicshardware, we employ
a combinationof aggressie datareductionstratgies. Our
three-stagecompression-basedsualizationprocesss de-
picted in Figure 3. The rst phaseof this processis the
corversionof theraw oating point datainto multiple res-
olution levelsthatmaybe accessegrogressiely atary de-
sired power-of-two resolution.This is accomplishedy us-
ing a losslesswavelet-basednultiresolutionschemedevel-
opedby us previously [Cly03]. Accordingto the visualiza-
tion purposeandthe computemsed a particularapproxima-
tion level is choserby theuser

In thesecondstage oating pointdataarequantizedo in-
tegerquantitiesnecessaryo accommodatéexture hardware
volumerendering Similar to the editingof anopacitytrans-
fer function, where uninterestingdata valuesare assigned
transparenbpacitiestheuserthende nesoneor moreinter
valsof interestfrom the domainof quantizedvalues.Voxels
possessingalueswithin the userde ned domainof inter
estarepacledin anefcient texture representatioscheme
for subsequentendering.Voxel valuesfalling outsidethe
interval of interestarediscardedTheresultingcompactep-
resentatiorof the datacanbetransferredrom disk, to main
memoryandto videomemorymorequickly thentheuncom-
presseddata. For example, the imagesshaowvn in Figure 2
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Figure 3: A compession-basedisualizationprocess.

correspondo an 80% reductionin datausingour packing
scheme.

Finally, unpackingand volume renderingof the com-
pressedinteger quantitiesare performedon the GPU to
achieve interactve visualization Theusercanfreely explore
in the spatial,temporal,and renderingparametespaceof
the data.Wheneer desired the usercanswitchto visualiz-
ing progressiely ner approximation®f thedata,after rst
selectingrenderingparameterge.g.,transferfunctionsand
view) atacoarsermoreinteractie approximatiorievel.

Theremainderof this paperdescribegachof thesethree
processen detail,followedby testresultsacquiredwith the
NCAR plumedataset.

5. Data Reduction

Volume renderinghas becomeincreasinglyattractie be-
causeof thereal-time3D texturesupportnow foundoncom-
modity graphicshardware.Theperformancef texturehard-
warevolumerenderinghowever, is constrainedy Il rates,
texture updaterates,texture memoryspaceandthe card’s
supportfor high-precisiorprocessingCurrentcardtechnol-
ogy, for example,is capableof moving databetweenthe
mainmemoryandtexturememoryatabout200-800MB per
second.The actualtransferratesmay dependon the CPU
speedcandmainmemoryspeedPresentlythemaximumtex-

ture memory spaceavailable is 256MBs. Thus scalability
of volume renderingon a single graphicscard is limited.

The NCAR datasetfor example,has504 504 2048data
points.Thequantizedrersionof thedatawould requireover
500MBsto storea singlevariable makingvolumerendering
even a staticvolumea dif cult taskwithout carefultexture

managemenRenderingpf temporaldataatinteractve rates
would beimpossiblewithout somedecreasén thedatasize.

We mustthereforerely on aggressie datareductionif we
areto interactvely visualizethesedata.\We employ a com-
binationof two datareductionstratgies.The rst is a mul-
tiresolutionschemehatallows the selectionof anappropri-
ateresolutionlevel fromtheraw oating pointdata.Thesec-
ond further reduceghe datathrougha userdirectedtexture
packingschemeThe combinationof approachesllows the
userto freely choosebetweennteractvity andimagequality
duringthe dataexplorationprocess.

5.1. Multir esolutionRepresentation

As depictedin Figure 3, the rst phaseof our visualization
processs the corversionof theraw oating point simula-
tion datainto a hierarchicalrepresentatiothat permitsthe

reconstructiorof the sampleddataat varying power of two

resolutions We provide a brief descriptionof this process
below. A detaileddescriptionmay befoundin our previous

work [Cly03].

The multiresolutionrepresentatiostratgy we employ is
basedon Haar wavelet transformationghat map sampled
datainto a spaceconsistingof anoverall coarseapproxima-
tion of the original datatogethemwith the detail coefcients
permittingthecoarsenedpproximatiorto bere ned atvari-
ousscalesThusit becomegpossibleto progressiely access
the data.Thatis, the datamay be reconstructeat progres-
sively ner resolutions.

The wavelet transformationprocesss lossless save for
oating point round off errors. Thus unlike mary prepro-
cessingstrat@ies aimedat improving performancemulti-
ple copiesof the dataare not required. The total number
of wavelet coefcients are equalto that of the numberof
samplesn the original data. Thereforeno additionalspace
is requiredby the wavelet representationOther notableat-
tributesof our datarepresentatiostrateyy include:

Both the forward and inversetransformare highly ef -
cient. This is an importantconsideratiorfor very large
datasets.An encodingschemewith long preprocessing
requirementss not practicalfor terascalsizeddata.
Theimplementatioroperate®ut-of-corefor bothforward
andinversetransforms permitting extremely large grids
to be processedisingonly a modestmemaoryfootprint.
Dataapproximationsare producedby reconstructingand
resamplingheoriginal data,not by simply subsampling.

For the NCAR dataset,we have chosento generatdour
approximationlevels; the resolutionof eachlevel is shavn
in Table 1. Figure 15 shavs imagesfor the four resolution
levels of the NCAR plumedataset.Much asexpectedthe
higherthe dataresolution,the ner the detailsof the ow
structurethat are revealed.Lastly, we note that becauseof
the ef cient computationandlosslessatureof the wavelet
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Table 1: Volumedatasizefrom NCARplumesimulationfor
ead resolution

resolutionlevel dimensions size
3 504x504x2048 2080MB
2 252x252x1024 260MB
1 126x126x512 33MB
0 63x63x256 4MB

transform we apply the transformasa preprocessiiscard-
ing the original dataand storing only the transformeddata
ondisk.

5.2. Data Packing and Unpacking

Theobjectie of datapackingis to furtherreducethe sizeof
the dataobtainedfrom our multiresolutionscheme)essen-
ing demand®n the remaindeiof our visualizationpipeline.
Ourbasicapproachsto rst partitionthevolumeuniformly
alongthex, y, andz directionsinto a setof equal-sizesub-
volumes.Thesizeof asulvolumeshouldbe choseraccord-
ing to the datacohereng andthe capabilityof the graphics
hardware.A goodsizeto useis experimentallyshavn to be
betweer? and322 voxels. Eventhoughpackingsmallsub-
volumescanmoreeffectively captureemptyspaceby better
tting arbitrarily shapedsubrgions, small subvolumescan
resultin signi cant storageoverhead.The overheadarises
from the needto replicatevoxels at the subvolumeborders
to avoid incorrectlinear interpolationat the boundary and
alsofrom thesizeof theauxiliary texturerequiredto address
valid subvolumes.

After partitioning,the subvolumesare pacled into a se-
quenceof 3D textureblocks,whichwe referto asthepaded
volumetexture. Subvolumesthat containvalueswithin the
userde nedrangeof interestarepacled,withoutloss,while
thoseoutsideof therangearediscardedTo addresshelim-
itationsof the fragmentshadinganguagewhich lackspro-
visionsfor a conditionalstatementthe rst texture block is
resenedasanemptyvolumeto which all discardedegions
refer TheseemptyvolumesaresubsequentlyenderedBut
becausdhey are emptythey do not effect the nal image.
The coordinate®f eachsubsolumearestoredin a separate
texture calledthe addresstexture. To unpackandrenderthe
volumeonthe GPU,theaddressexturemustbealsoloaded
into video memory Unpackingis very straightforvard be-
causeof the regular partitioningof the volume.Figure4 il-
lustratesa 2D examplingshaving therelationshipbetween
avolume,its pacledvolumetexture,andtheaddressexture.
Unpackingis performedduring renderingusinga fragment
shadingorogram Unlike previousapproachel.MKO03], for
simplicity we reconstructhewholevolumewith aone-time
unpackingatthebeginningof therenderingstep.ln thisway,
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Figure 4. Padking in the 2D case Theoriginal data de-
ned asa W byH imageis r stpartitionedinto sub-imayes.
Ead sub-imae s storedin the padedtexture startingfrom
thelower left corner The r stsub-imaye is alwaysan empty
sub-imae to which all the uninteestingsub-imaes refer
Addressedor sub-imaesare storedin a sepaatetexture.

therenderingcostis completelyindependenof the number
of pacledvolumetextures.

6. StretchedGrid Rendering

When 3D texture hardware supportis available, sampling
the volume datatexture with a collection of view-aligned
polygonalslicestypically gives superiorresultsover axis-
alignedslicing necessitatedhenonly 2D texture hardware
is present.Theseslices, which are uniformly spaced,are
compositedusing hardware alphablendingto derive the -
nalimage.Whenrenderingdataon a non-uniformlyspaced
grid asigni cantly large numberof view-alignedslicesmay
be neededo capturethe ne detailsin a meshif uniform
spacingbetweerthepolygonslicesis maintainedThenum-
ber of slicesmay be reducedwhile the imagequality pre-
sened,if appropriateadaptve spacingbetweerslicesis em-
ployed.However, determiningthe appropriatespacingnter-
val is non-trivial, andmaystill leadto over-samplingexcept
for the casewhenviewing the volumealongoneof the pri-
marycoordinateaxes.In thiscasethepolygonslicesbecome
alignedwith the grid andthe bestspacingmay be inferred
directly from thegrid's sampling.

An alternatve to view-aligned slicing is to use axis
alignedslices,asis requiredby oldergraphicscardssupport-
ing only 2D textures.The advantageof this approachwhen
renderingstretchedgridsis that the correctsamplespacing
betweenslicescanbe maintainedfor arbitraryviewing an-
gles.Figure 6 comparesaxis-alignedrenderingwith view-
alignedrenderingusingthe samenumberof slices.Clearly,
with non-uniformly positionedaxis-alignedslices, the re-
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Figure 5: A 5-sliceexampleillustrating correctsamplingof
a stretchedgrid. Slice coodinatesare obtainedby 1D tex-
ture lookup. For ead coordinate axis, a 1D texture stores
thecorrespondingyrid coorinates.Thetexture coodinates
are derivedfroman inversefunction

Figure 6: Comparingview-alignedrendering(left) andnon-
uniformly axis-alignedrendering (right). The number of
slicesusedfor bothimagesare thesame

sultingimagesaremuchbetterasmoreslicesareusedin the
region of highersamplingdensityin contrastto the placing
of uniformly-spacedyiew-alignedslices. Speci cally, ev-
ery grid point is renderedbn a slice that correctly samples
thevolumealongtheviewing axis.In addition,axis-aligned
slicing is computationallylessexpensve sinceintersection
points betweenthe volume and slicesdo not change.The
topimagesin Figure5 demonstrat@on-uniformslicing for
asimple5-slicecase.

Whenvolumerenderingwith non-uniformlyspacedsam-
plesalongthe viewing direction,caremustbe takento cor
rectly handleopacityintegration.The corventionalback-to-
front compositingoperationin volume rendering,suitable
for uniform sampling,canbe describeds:

aou = ai+ (1 ajain

whereagy is the resultingopacity a; is the opacity at the
samplepositioni, and aj, is accumulatedopacity before

Figure 7: Volumerendeed imageswith uniform (top) and
correct,non-uniformsampling(bottom).

reachingthe samplepositioni. For non-uniformslices,we
mustadjusta; sinceattenuatiordepend®nthedistancebe-
tweentwo neighboringsamplesAt eachsamplepointi, a;
shouldbe correctedasfollows:

anew=1 (1 aoriginal)di

whered; is the averagedistancebetweenthe currentslice
andthe two immediateneighboringslices.Figure 12 com-
pareswith andwithout opacitycorrectionin therendering.

Adaptingthe spacingbetweemolygonalslicesasjust de-
scribedpermitsus to correctly samplethe volume alonga
single axis. Correctly handling the non-uniform sampling
alongthe remainingtwo axesrequiresadditionalmeasures.
To addresghis issue,we again make useof programmable
graphicshardware, mappingthe uniformly storedtextures
to non-uniformlocationson eachof the slicing polygonsby
emplgying a fragmentprogram.We accomplishthis map-
ping by emplgying non-uniformtexture coordinatesyhich
arepre-calculatedy computingthe inverseof the function
that de nes the grid coordinatesor eachmajor axis, and
thenstoredasthreelD textures.The bottomimagesin Fig-
ure 5 illustrate this inversemapping.During rendering the
fragmentprogramaccessethe coordinatetexturesanduses
their contentsas the coordinatedor indexing the original
scalardatatextures.Thusthe stretchedrid is correctlyren-
deredthrougha combinatiorof positioningslicing polygons
appropriatelyin spaceto addresghe non-uniformsampling
alongtheprincipalviewing axis,andby usinga simplefrag-
ment programand 1D texturesto accommodatéhe non-
uniform samplingalongthe remainingtwo axes.

Figure 7 compares/olumerenderedmagesof stretched
grid datawith uniform and correct,non-uniformsampling.
In theformercasethenon-uniformgrid spacings simplyig-
nored.Thevolumeaspectatio changesrom 1:1:4to0 1:1:2.
Noticethatimagequality is maintainedwith thecorrectnon-
uniform sampling.

7. TestResults

We have implementedhe compression-baseglumevisu-

alization stratgyy and testedit using a uniformly-sampled
turbulentjet datasetandthenon-uniformNCAR plumedata
set. Experimentswere performedon a Pentium43.06GHz
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Table 2: Thetimein secondghat it takesto pad onetime
stepfor differentsubvolumesizes.

Subvolumesize 28 43 8 16
63 63 256 0.13 0.10 0.07 0.05
126 126 512 0.85 0.45 0.30 0.26
252 252 1024 6.6 3.4 2.3 1.8
504 504 2048 91 36 17 14

Table 3: Thesizesof theaddresstexture for differentsubvol-
umesizesto pak a 252x252x1024/0lumefrom the plume
dataset.

subvolumesize 23 43 83 163 323
100M 12.6M 1.57M 196k 12k

lookuptablesize

PCwith 2GB of memoryandanNVIDIA 6800GTPCI Ex-
presggraphicscard,whichhas256MB of videomemory All
renderingwasperformedo a512 512pixel image.

Table2 shovsthetimeto packonetime stepof theNCAR
datafor differentresolutionlevels anddifferentsubvolume
sizes.Packingthe entire400time-stepplumedatasetcould
thereforetake tensof minutes.We view this costasaccept-
able sincepackingis usually donefor a selectedsubsetof
themid-level data.

Figure8 shavsthe compressiomateachieved usingvary-
ing subvolume sizesfor eachtime step of the omh vari-
able,the horizontalcomponenbf vorticity derivedfrom the
NCAR plume dataset. The savings decreasesasthe ow
lIs moreof the spatialdomainin latertime stepsascanbe
easilyseenin Figure13. Latertime stepsalsocorrespondo
an increaseddynamicrangeof the scalarvaluesover time
asshawn in Figure 9. For mostof the subvolumessizessig-
ni cant savings are achieved. The optimal subvolume size
for the plume datais 163, while using 23 resultsin a very
signi cant storageoverheadhatoutweighsary savings. Ta-
ble 3 lists the storageoverheadequiremenfor eachsulvol-
umesize.For the 23 casethe lookuptablealoneconsumes
100MBsof space On the otherhand,the overheadfor 323
subvolumesdropsto 12KBs.

We alsostudiedthe effectivenessof our packingscheme
with theturbulentjet dataset.Figure14 shavs selectedime
stepsfrom this dataset.Figure 10 displaysthe compression
rateachiezed.We obsenrethataswith theNCAR plumedata
set, sighi cant compressiorratesare achieved for eachof
the subvolume sizesexceptfor the 23 casewhereoverhead
agpin outweighsary compressiorsavings. The 8% subvol-
umesproducesptimalresultsfor all time steps.Lastly, we
notethatthe compressiomateremainsmoreor lessconstant
for thejet data.Unlike the NCAR plumedata,the turbulent
jet simulation has effectively reachedsteadystateand the
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savingandis notshown.
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Figure 9: Global minimumand maximumscalar value for
ead time stepof the plumedataset.

volumeof theregion occupiedby theturbulentfeatureof in-
terestdoesnot changeasmuchasthe plumedataascanbe
seenin Figurel4.

In additionto evaluatingcompressionye also explored
the renderingperformanceof the overall systemfor brows-
ing in both spatialandtemporaldomains.in caseof brows-
ing in spatialdomains,interactive browsing is possiblefor
all four resolutionevelsby usingfewer sliceswhich canstill
reveal the overall structureof the volume. Oncethe spatial
browsingis nished, there nementprocesss performedto
increasdhepicturequality.

Table4 shavs framerateswhenbrowsingin the tempo-
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Figure 10: compessiorratefor the 150time-stepturbulent
jet data setfor different subvolumesizes.Thetotal sizeof
padkeddatais the sumof the subvolumesizesand a lookup
table We do notobtainanysavingsy usingeither23 or 323
subvolumesotheir resultsare not shown.

Figure 11: Images showinga view usedto obtain the per
formancenumbesin Table 4. Theleftimage showsthecase
whenno warping is performedand the right image shows
the casewhenwarpingis performed.

ral domain.In this case datamustbe constantlytransferred
from main memoryor disk to the video memory Timings
were performedfor both in-corerendering,wherethe data
t entirelyinto physical processomemory andout-of-core
renderingwherethe datawere processedrom disk. In this
setof testsaxis-alignedsliceswere usedfor renderingand
the numberof sliceswasthe sameasthatasthe numberof
voxels. Using fewer slicescangreatlyincreasenteractvity,
if desired.Level 3 numbersarenot shavn herebecausen-
teractive viewing is no longerpossibledueto the datasize.
In level 1 we canseethe bene ts of packingsincewe can
t theentiretime sequencén main memoryandstill main-
tain 1.8 framesper second whereaswithout packingonly
58 timestepscan be kept in main memory In level 2, the
bene ts of packingis again obviousin termsof framerate
and memorybandwidth.We canalso seefrom our testre-
sultsthatcorrectlysampling(warping)thestretchedyrid ap-
pearsto slov down the frame ratessomeavhat. However, it

Table 4: Framesper secondfor tempoal browsing the
NCARdatasetTherenderingmodescorrespondo whether
the non-uniformspacingis consideed or not, and whether
data padking was usedor not. The maximumnumber of
timestepshat t in mainmemoryis showninsidethesquae
bradketsfor eath case Thestartingtimestepis 1. Theview-
pointusedis shownin Figure 11. Notethat out-of-coe num-
bers are not givenwhenthe entire 400 timestepst in the
mainmemory

Level0: 64 64 256

renderingmoden datastorage in-core  out-of-core
No warping,no packing 9.0[400] -
with packing 3.1[400] -
warping& packing 2.5[400] -
Level1:128 128 512
renderingnoden datastorage in-core  out-of-core
No warping,no packing 4.0[58] 0.3
with packing 1.8[400] -
warping& packing 1.7[400] -
Level 2: 256 256 1024
renderingnoden datastorage in-core  out-of-core
No warping,no packing 0.7[7] 0.3

with packing
warping& packing

1.3[197] 1.1
0.7[197] 0.7

is importantto note that since the imageswith and with-
out warping have very differentscreencoveragescompar
ing their timing resultsis generallynot meaningful,asthe
Il requirementsary with pixel coverage.

Finally, we seefrom our testresultsthat the costof de-
compressinghedatais relatively small,bothfor warpedand
the unwarpedresults.Responsie, if not interactve, frame
ratescanbe maintainedfor mostof the resolutionsyegard-
lessof whethercompressioror geometrycorrection(warp-
ing) is employed, or whetherthe dataarein-core or reside
on disk. We point out thatthe bene t of compressions the
potentialto storemore dataat variouslevels of the storage
hierarcly.

8. Conclusionand Futur e Work

Achieving interactize visualization of large time-varying
volumedatarequiresef cient datatransferthrougha multi-

level storagehierarcly from rotatingdisk to video memory
with eachhierarcly componenthaving varying bandwidth
andcapacitycharacteristicsSTo accommodatthis hierarcly,

we have developeda visualizationsystemthat relieson a
combinationof datareductiontechniqueshatallow usto t

moredatainto lower capacitystoragecomponentsndtrans-
fer databetweenhierarcly levels more quickly. Thesedata
reductiontechniguespnewavelet-basedandtheotheratex-
ture packingmechanismare simpleto implementand per
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mit theuserto malke effective speed/qualityrade-ofs. In the
caseof our texture-mapbasedcompressiomethod the un-
packing (decompressionprocedurels hardware accelerat-
ableusingtoday's programmablé&PUs,while our wavelet-
basedmultiresolutionschemds currently executedentirely
ontheCPU.

We have alsoextendedthe standardexture volumeren-
deringtechnigueto handlenon-uniformed stretched Carte-
sian grid data,and coupledthe renderingwith our GPU-
acceleratedinpackingstep.Both the hardwaredataunpack-
ing and the warping of the stretchedgrid have minimal
impact on renderingperformance We have demonstrated
the utility of this systemby interactvely browsing through
multi-terabyte time-varying volume datasetsusingonly a
singlePCanda commoditygraphicscard.
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Figure 12: Comparingopacitycorrected(a) andnot corrected(b) imageswhennon-uniformaxis-alignedslicesare used.The
rectanglesn (a) and(b) markthezoomedireasdepictedathe bottom.In (b), the opacityis lower at the outerareasinceslices
there are sparsecompaedto the central areawhetk slicesare densewheleasin (a), the opacityis consistenthroughoutthe
wholearea.

Figure 13: Selectedime stepsof theomhvariable Compessiorratesachievedare 91.4%,86.4%,83.4%,and 78.1%.

Figure 14: Selectedime stepsof theturbulencejet data.

Figure 15: Comparingimagesof thedataat differentresolutionlevels.Increasingresolutiondromleft to right.
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