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Abstract
Wepresenta systematicapproach for directvolumerenderingterascale-sizeddatathataretime-varying, andpos-
sibly non-uniformlysampled,usingonly a singlecommoditygraphicsPC.Our methodemploysa datareduction
schemethatcombineslossless,wavelet-basedprogressivedataaccesswith a user-directed,hardware-accelerated
datapacking technique. Data packing is achievedby discarding datablockswith valuesoutsidethedatainterval
of interestandencodingtheremainingdata in a structure that canbeef�ciently decodedin theGPU. Thecom-
presseddatacanbetransferredbetweendisk,mainmemory, andvideomemorymore ef�ciently, leadingto more
effectivedataexploration in bothspatialandtemporal domains.Furthermore, our texture-mapbasedvolumeren-
deringsystemis capableof correctlydisplayingdatathataresampledona stretched,Cartesiangrid. To studythe
effectivenessof our techniqueweuseddatasetsgeneratedfroma largesolarconvectionsimulation,computedon
a non-uniform,504� 504� 2048grid.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.8 [ComputerGraphics]:ApplicationsI.3.1 [Com-
puterGraphics]:GraphicsprocessorsI.3.3[ComputerGraphics]:ViewingalgorithmsE.4[CodingandInformation
Theory]:Datacompactionandcompression

1. Intr oduction

Studying time-evolving phenomenais critical for solving
many scienti�c andengineeringproblems.Theability to in-
teractively visualizeandexplorecomplex dynamicfeatures
containedwithin time-varyingdatais absolutelyessentialto
ensuretheircorrectinterpretationandanalysis,toprovidein-
sights,andto communicatethoseinsightswith others.How-
ever, a time-varyingdatasetfrom a computational�uid dy-
namicssimulation,for example,can containan enormous
amountof informationin thespatial,temporalandvariable
domains;a single time stepmay containhundredsof mil-
lions of grid points,while thetemporaldatasetmayoccupy
terabytesof storagein aggregate.Visualizingstaticvolumes
of this scaleis challengingenoughwithout the addeddif�-
culty imposedby thetemporaldimension.Theprincipalim-
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pedimentto visualizingtime-vary dataarisesfrom theneed
to manageand transfertime-stepsbetweenstoragehierar-
chiesfrom thepotentiallycapacious,but slow, rotatingdisk
arraysto thesmall,but high-performing,videomemories.

This paperpresentsa systematicapproachto direct vol-
umerenderingtemporaldatabasedonacombinationof two
user-directeddatareductionstrategies.First, a multiresolu-
tion datarepresentationscheme,developedin our previous
work, is employed to enableprogressive accessto the nu-
merical simulation's raw �oating point outputs[Cly03]. A
low-overheadpacking schemeis thenengagedto provide a
secondlevel of datareduction.Thecombinationof thesetwo
user-directeddatareductiontechniquesallow theresearcher
to effectively make speed/qualitytradeoffs, enablingthe in-
teractivevisualexplorationof terascalesizeddatausingonly
a lowly desktopPC.

The reducedspacerequirementscan be exploited to �t
more time steps in computermemory, enabling interac-

c
 TheEurographicsAssociation2005.



HiroshiAkiba& Kwan-LiuMa & JohnClyne / DataReductionandRenderingTechniquesfor VisualizingTime-VaryingData

tive animationof the data's temporaldomain, for exam-
ple, or reducethe bandwidthrequirementsfor data trans-
ferredbetweenmemoryhierarchies,further aiding interac-
tive performance.Our multiresolutionschemereducesde-
mandsfor disk storage,the CPU's memory, and the inter-
connectbetweenthesestoragesystems,while our texture
packingscheme,which supportsdecoding(unpacking)on
theGPU,further reducesdemandson mainmemory, video
memory, andthegraphicsbusthatconnectsthesedevices.

In addition to our data reduction strategies, we also
presenta methodto volumerenderdatasampledon a non-
uniformly spaced,stretched Cartesiangrid. In an effort to
reducesimulationtime andstoragerequirementssomenu-
merical �uid �o w modelsemploy stretchedgrids, allow-
ing highersamplingdensitiesto be focusedwherethey are
needed.We have devisedan ef�cient methodfor correctly
volume renderingstretchedgrids by again exploiting the
�e xibility of programmablegraphicshardware.

Thus the main contributions of our work are two fold.
First, we demonstratea comprehensive volume rendering
systemthat incorporatesend-to-enddata reductionstrate-
giesto curtail thedemandson numeroussystemstoragere-
sources,permittingtheexplorationof vasttime-varyingdata
setsusing only a PC equippedwith a current generation
graphicscard.Secondly, we presentan ef�cient hardware-
acceleratedmethod for renderingdata sets computedon
stretchedCartesiangrids.

2. RelatedWork

Theproblemof time-varyingdatavisualizationhasreceived
increasingattention.Variousdataencoding,reduction,and
renderingtechniqueshave been developed.One class of
techniquestreatstime-varyingvolumedataas4D data.For
example,Wilhelms andVan Gelder[WV94] encodetime-
varyingdatawith a 4D tree(anextensionof octree)anduse
an associatederror/importancemodel to control compres-
sionrateandimagequality. Linsenetal. [LPD� 02] introduce
a morere�ned designbasedon a 4th-root-of-2subdivision
schemecoupledwith a linear B-splinewavelet schemefor
representingtime-varyingvolumedataat multiple levelsof
detail.Woodringetal [WWS03] visualize4D databy slicing
or volumerenderingin the 4D space.The resultinghyper-
planeandhyperprojectioncandisplaysomeuniquespace-
time features.

Anotherclassof techniquesseparatesthetime dimension
from thespatialdimension.ShenandJohnson[SJ94] intro-
ducedifferentialvolumerenderingwhich exploits temporal
coherenceof thedataandcompressesthedatain a substan-
tial way, but it is limited toaone-way, sequentialbrowsingof
thetemporalaspectof thedata.Ma etal. [MSSS98] integrate
non-uniformquantizationwith octreeanddifferenceencod-
ing andspeedup renderingby sharingsubtreesamongcon-
secutive time steps.Shenet al. [SCM99] re�ne the design

deriving a hierarchicaldatastructurecalledtheTime-Space
Partitioning(TSP)tree,which capturesboth thespatialand
temporalcoherencefrom a time-varying�eld. It usesanoc-
tree for partitioning the volumespatiallyanda binary tree
for storingtemporalinformation.

Severalothertechniquesarealsoworthmentioning.West-
ermann[Wes95] encodeseachtime step separatelyusing
wavelet transforms.The result is a compressedmultiscale
treestructurealsoproviding an underlyinganalysismodel
for characterizingthe data. By examining the multiscale
treestructuresandwaveletcoef�cients, it is possibleto per-
form featureextraction, tracking,and further compression
more ef�ciently . Anagnostouet al. [WAA00] exploit tem-
poral coherenceto renderonly the changedpartsof each
slice and userun-lengthencodingto compressthe spatial
domainof the data.Lum et al. [LMC01] usetemporalen-
codingof indexedvolumedatathatcanbequickly decoded
in graphicshardware.Sohnet al. [SBS02] compresstime-
varying isosurfacesandassociatedvolumetricfeatureswith
wavelet transformsto allow fastreconstructionandrender-
ing. SchneiderandWestermann[SW03] usevectorquanti-
zationto compresstime-varying datain the spatialdomain
with bothdecompressionandrenderingdonein hardware.

Work closer to our own includes that of Li et
al.'s [LMK03], Kraus and Ertl's [KE02], and Binotto et
al.'s [BCF03]. Li et al.'s work is concernedwith the pack-
ing of a single volume.They pack voxel datainto texture
blocksby merging similar voxelsandskippingemptyspace
througha growing algorithm.A BSPtreeis thenusedto or-
ganizethe packed texture blocks for ef�cient loading and
renderingof the visible blocks in the correctorder. Their
approachresultsin losslesscompressionandfasterrender-
ing in graphicshardware. Kraus et al. introducean adap-
tive representationof texturedatathatstoresbothindicesto
packeddatablocksandscalingfactorsfor specifyingtheres-
olutionsof thedatablocks.They show that this representa-
tion canbeusedto encodetwo, three,andfour dimensional
data.Decodingis donewith programmablegraphicshard-
ware.Binotto et al. [BCF03] effectively packtime-varying
datainto athree-dimensionaltexturewhichadaptively stores
indicesto nonhomogeneousdatablocksandvaluesof ho-
mogeneousdatablocks.Thisapproachworkswell whenthe
targetvolumedatasetis highly correlatedbothspatiallyand
temporally, which is not thecasefor our targetdatasets.

In contrast,ourpackingapproach,describedin greaterde-
tails in Section5, is simpler. Weadopta regularpartitioning
of thevolume,whichleadsto alowerper-texture-blockover-
headandthusbetterandmorepredictableinteractivity. This
simpli�cation alsoallows usto performmuchfasteron-the-
�y packingaccordingto auserde�ned transferfunction.

3. Dri ving Applications

Our designtargetstime-varying volumedatageneratedby
�o w simulationsemploying high-resolutionCartesiangrids
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Figure 1: A 2D view of the typeof non-uniformmeshused
by thesimulation.

that may possessnon-uniformsamplespacing.Sampleco-
ordinatesalongeachdimensionof thesesocalledstretched
grids aregiven by a monotonicallyincreasing(or decreas-
ing) functionof thedimension's topologicalcoordinates.

The�o w featuresof interestin thesesimulationstypically
occupy a relatively small region of the computationaldo-
main ratherthancovering the entiredomain.A representa-
tive exampleis theoutputof a simulationconductedby re-
searchersat the NationalCenterfor AtmosphericResearch
(NCAR) to model 3D thermalstartingplumesdescending
through a fully-compressibleadiabatically-strati�ed�uid.
Suchplumesareproducedby radiative cooling in theouter
layersof theSun.Thesimulationshelpscientistsunderstand
thestabilityof theseplumes,sothatthey maybetterestimate
how deeplytheplumespenetrateinto thesolarinterior after
beinggeneratedin theuppersurfacelayers.Bettercompre-
hensionof thenatureof theseplumesin turn contributesto
understandingof deepsolarconvection,its penetrationinto
the stablelayersof the solar interior, andthe natureof the
magneticdynamooperatingtherein.

To capturethe plumes secondaryinstabilities, a high-
resolution504� 504� 2048stretchedgrid (seeFigure 1) is
employed.The simulationrequiredsix-monthsof compute
timeon112processorsof NCAR's IBM RS/6000computer,
andgenerateda total of nineterabytesof data.We obtained
400 time stepsof the datafor our study. Five variablesin-
cludingdensity, temperature,andthethreevelocity compo-
nents,arestoredateachgrid point.Thereis alsotheneedto
visualizequantitiesderived from themodeloutputssuchas
thescalarcomponentsof thevorticity �eld which arecom-
putedfrom the velocity �eld, further driving up the sizeof
thisdataset.Imagesandhistogramsfor two of thevariables
ataselectedtimestepareshown in Figure2.

4. Overview

Visualizing the plume simulation's raw �oating point data
directly, using a brute-force approach,would require a
formidable graphicssupercomputer. Maintaining a frame
rateof only � ve Hz while animatingthrougha time series
would requirea bandwidthof nearly10.0GBsper second,
for example!Even if thedataarequantizedto 8-bit quanti-
ties, the transferratesrequiredalonemake desktopPC ex-

Figure 2: Imagesand histogramsof two variablesat time
step380.Top: the z componentof the velocity. Bottom:the
square of thehorizontalcomponentof thevorticity. In each
histogram,thecurverepresentstheopacitytransferfunction
usedfor the correspondingrendering. For both time steps,
mostdatavalueslay within a verysmallrangeof values.

plorationprohibitive unlesssubstantial,further datareduc-
tion is undertaken.

To make temporaldataexplorationpossibleusingonly a
singlePC with commoditygraphicshardware,we employ
a combinationof aggressive datareductionstrategies.Our
three-stage,compression-basedvisualizationprocessis de-
picted in Figure 3. The �rst phaseof this processis the
conversionof the raw �oating point datainto multiple res-
olution levelsthatmaybeaccessedprogressively at any de-
siredpower-of-two resolution.This is accomplishedby us-
ing a lossless,wavelet-basedmultiresolutionschemedevel-
opedby us previously [Cly03]. Accordingto the visualiza-
tion purposeandthecomputerused,aparticularapproxima-
tion level is chosenby theuser.

In thesecondstage�oating pointdataarequantizedto in-
tegerquantitiesnecessaryto accommodatetexturehardware
volumerendering.Similar to theeditingof anopacitytrans-
fer function, whereuninterestingdatavaluesare assigned
transparentopacities,theuserthende�nesoneor moreinter-
valsof interestfrom thedomainof quantizedvalues.Voxels
possessingvalueswithin the user-de�ned domainof inter-
estarepacked in anef�cient texture representationscheme
for subsequentrendering.Voxel valuesfalling outsidethe
interval of interestarediscarded.Theresultingcompactrep-
resentationof thedatacanbetransferredfrom disk, to main
memoryandto videomemorymorequickly thentheuncom-
presseddata.For example,the imagesshown in Figure 2
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Figure3: A compression-basedvisualizationprocess.

correspondto an 80% reductionin datausingour packing
scheme.

Finally, unpackingand volume renderingof the com-
pressedinteger quantitiesare performedon the GPU to
achieveinteractivevisualization.Theusercanfreelyexplore
in the spatial,temporal,andrenderingparameterspacesof
thedata.Whenever desired,theusercanswitchto visualiz-
ing progressively �ner approximationsof thedata,after�rst
selectingrenderingparameters(e.g.,transferfunctionsand
view) atacoarser, moreinteractiveapproximationlevel.

Theremainderof this paperdescribeseachof thesethree
processesin detail,followedby testresultsacquiredwith the
NCAR plumedataset.

5. Data Reduction

Volume renderinghas becomeincreasinglyattractive be-
causeof thereal-time3D texturesupportnow foundoncom-
moditygraphicshardware.Theperformanceof texturehard-
warevolumerendering,however, is constrainedby �ll rates,
texture updaterates,texture memoryspace,and the card's
supportfor high-precisionprocessing.Currentcardtechnol-
ogy, for example, is capableof moving databetweenthe
mainmemoryandtexturememoryatabout200-800MB per
second.The actualtransferratesmay dependon the CPU
speedandmainmemoryspeed.Presently, themaximumtex-
ture memoryspaceavailable is 256MBs. Thus scalability
of volume renderingon a single graphicscard is limited.
The NCAR dataset,for example,has504� 504� 2048data
points.Thequantizedversionof thedatawould requireover
500MBsto storeasinglevariable,makingvolumerendering
even a staticvolumea dif�cult taskwithout carefultexture

management.Renderingof temporaldataat interactiverates
wouldbeimpossiblewithoutsomedecreasein thedatasize.

Wemustthereforerely onaggressivedatareductionif we
areto interactively visualizethesedata.We employ a com-
binationof two datareductionstrategies.The�rst is a mul-
tiresolutionschemethatallows theselectionof anappropri-
ateresolutionlevel from theraw �oating pointdata.Thesec-
ondfurther reducesthedatathrougha user-directedtexture
packingscheme.Thecombinationof approachesallows the
userto freelychoosebetweeninteractivity andimagequality
duringthedataexplorationprocess.

5.1. Multir esolutionRepresentation

As depictedin Figure3, the �rst phaseof our visualization
processis the conversionof the raw �oating point simula-
tion datainto a hierarchicalrepresentationthat permitsthe
reconstructionof thesampleddataat varyingpower of two
resolutions.We provide a brief descriptionof this process
below. A detaileddescriptionmaybefoundin our previous
work [Cly03].

Themultiresolutionrepresentationstrategy we employ is
basedon Haar wavelet transformationsthat map sampled
datainto a spaceconsistingof anoverall coarseapproxima-
tion of theoriginal datatogetherwith thedetailcoef�cients
permittingthecoarsenedapproximationto bere�ned atvari-
ousscales.Thusit becomespossibleto progressively access
the data.That is, the datamay be reconstructedat progres-
sively �ner resolutions.

The wavelet transformationprocessis lossless,save for
�oating point round off errors.Thus unlike many prepro-
cessingstrategies aimedat improving performance,multi-
ple copiesof the dataare not required.The total number
of wavelet coef�cients are equal to that of the numberof
samplesin the original data.Thereforeno additionalspace
is requiredby the wavelet representation.Othernotableat-
tributesof ourdatarepresentationstrategy include:

� Both the forward and inversetransformare highly ef�-
cient. This is an importantconsiderationfor very large
datasets.An encodingschemewith long preprocessing
requirementsis notpracticalfor terascalesizeddata.

� Theimplementationoperatesout-of-corefor bothforward
andinversetransforms,permittingextremely large grids
to beprocessedusingonly amodestmemoryfootprint.

� Dataapproximationsareproducedby reconstructingand
resamplingtheoriginaldata,notby simplysubsampling.

For theNCAR dataset,we have chosento generatefour
approximationlevels; the resolutionof eachlevel is shown
in Table1. Figure15 shows imagesfor the four resolution
levels of the NCAR plumedataset.Much asexpected,the
higher the dataresolution,the �ner the detailsof the �o w
structurethat arerevealed.Lastly, we note that becauseof
theef�cient computationandlosslessnatureof thewavelet
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Table 1: VolumedatasizefromNCARplumesimulationfor
each resolution

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

transform,we apply the transformasa preprocess,discard-
ing the original dataandstoringonly the transformeddata
ondisk.

5.2. Data Packing and Unpacking

Theobjectiveof datapackingis to furtherreducethesizeof
the dataobtainedfrom our multiresolutionscheme,lessen-
ing demandson theremainderof our visualizationpipeline.
Ourbasicapproachis to �rst partitionthevolumeuniformly
alongthex, y, andz directionsinto a setof equal-sizesub-
volumes.Thesizeof asubvolumeshouldbechosenaccord-
ing to thedatacoherency andthecapabilityof thegraphics
hardware.A goodsizeto useis experimentallyshown to be
between83 and323 voxels.Eventhoughpackingsmallsub-
volumescanmoreeffectively captureemptyspaceby better
�tting arbitrarily shapedsubregions,small subvolumescan
result in signi�cant storageoverhead.The overheadarises
from the needto replicatevoxels at the subvolumeborders
to avoid incorrectlinear interpolationat the boundary, and
alsofrom thesizeof theauxiliarytexturerequiredto address
valid subvolumes.

After partitioning,the subvolumesarepacked into a se-
quenceof 3D textureblocks,whichwereferto asthepacked
volumetexture. Subvolumesthat containvalueswithin the
user-de�nedrangeof interestarepacked,without loss,while
thoseoutsideof therangearediscarded.To addressthelim-
itationsof thefragmentshadinglanguage,which lackspro-
visionsfor a conditionalstatement,the �rst textureblock is
reservedasanemptyvolumeto which all discardedregions
refer. Theseemptyvolumesaresubsequentlyrendered.But
becausethey areempty they do not effect the �nal image.
Thecoordinatesof eachsubvolumearestoredin a separate
texturecalledtheaddresstexture. To unpackandrenderthe
volumeontheGPU,theaddresstexturemustbealsoloaded
into video memory. Unpackingis very straightforward be-
causeof the regularpartitioningof thevolume.Figure4 il-
lustratesa2D examplingshowing therelationshipsbetween
avolume,its packedvolumetexture,andtheaddresstexture.
Unpackingis performedduring renderingusinga fragment
shadingprogram.Unlikepreviousapproaches[LMK03], for
simplicity wereconstructthewholevolumewith aone-time
unpackingatthebeginningof therenderingstep.In thisway,

Figure 4: Packing in the 2D case. The original data de-
�ned asa WbyH image is �r st partitionedinto sub-images.
Each sub-image is storedin thepackedtexturestartingfrom
thelower left corner. The�r stsub-image is alwaysanempty
sub-image to which all the uninterestingsub-images refer.
Addressesfor sub-imagesarestoredin a separatetexture.

therenderingcostis completelyindependentof thenumber
of packedvolumetextures.

6. StretchedGrid Rendering

When 3D texture hardware supportis available, sampling
the volume datatexture with a collection of view-aligned
polygonalslicestypically gives superiorresultsover axis-
alignedslicing necessitatedwhenonly 2D texturehardware
is present.Theseslices,which are uniformly spaced,are
compositedusinghardwarealphablendingto derive the �-
nal image.Whenrenderingdataon a non-uniformlyspaced
grid asigni�cantly largenumberof view-alignedslicesmay
be neededto capturethe �ne detailsin a meshif uniform
spacingbetweenthepolygonslicesis maintained.Thenum-
ber of slicesmay be reduced,while the imagequality pre-
served,if appropriateadaptivespacingbetweenslicesis em-
ployed.However, determiningtheappropriatespacinginter-
val is non-trivial, andmaystill leadto over-sampling,except
for thecasewhenviewing thevolumealongoneof thepri-
marycoordinateaxes.In thiscasethepolygonslicesbecome
alignedwith the grid andthe bestspacingmay be inferred
directly from thegrid's sampling.

An alternative to view-aligned slicing is to use axis
alignedslices,asis requiredby oldergraphicscardssupport-
ing only 2D textures.Theadvantageof this approachwhen
renderingstretchedgrids is that the correctsamplespacing
betweenslicescanbe maintainedfor arbitraryviewing an-
gles.Figure6 comparesaxis-alignedrenderingwith view-
alignedrenderingusingthesamenumberof slices.Clearly,
with non-uniformly positionedaxis-alignedslices, the re-
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Figure 5: A 5-sliceexampleillustratingcorrectsamplingof
a stretchedgrid. Slicecoordinatesare obtainedby 1D tex-
ture lookup.For each coordinateaxis, a 1D texture stores
thecorrespondinggrid coordinates.Thetexturecoordinates
arederivedfroman inversefunction

Figure6: Comparingview-alignedrendering(left) andnon-
uniformly axis-alignedrendering (right). The number of
slicesusedfor bothimagesare thesame.

sultingimagesaremuchbetterasmoreslicesareusedin the
region of highersamplingdensityin contrastto theplacing
of uniformly-spaced,view-alignedslices.Speci�cally, ev-
ery grid point is renderedon a slice that correctlysamples
thevolumealongtheviewing axis.In addition,axis-aligned
slicing is computationallylessexpensive sinceintersection
points betweenthe volume and slicesdo not change.The
top imagesin Figure5 demonstratenon-uniformslicing for
asimple5-slicecase.

Whenvolumerenderingwith non-uniformlyspacedsam-
plesalongtheviewing direction,caremustbetakento cor-
rectly handleopacityintegration.Theconventionalback-to-
front compositingoperationin volume rendering,suitable
for uniformsampling,canbedescribedas:

aout = a i + (1� a i)a in

whereaout is the resultingopacity, a i is the opacityat the
sampleposition i, and a in is accumulatedopacity before

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

reachingthe sampleposition i. For non-uniformslices,we
mustadjusta i sinceattenuationdependson thedistancebe-
tweentwo neighboringsamples.At eachsamplepoint i, a i
shouldbecorrectedasfollows:

anew = 1� (1� aoriginal)
di

wheredi is the averagedistancebetweenthe currentslice
andthe two immediateneighboringslices.Figure12 com-
pareswith andwithoutopacitycorrectionin therendering.

Adaptingthespacingbetweenpolygonalslicesasjustde-
scribedpermitsus to correctlysamplethe volumealonga
single axis. Correctly handling the non-uniformsampling
alongtheremainingtwo axesrequiresadditionalmeasures.
To addressthis issue,we again make useof programmable
graphicshardware,mappingthe uniformly storedtextures
to non-uniformlocationson eachof theslicing polygonsby
employing a fragmentprogram.We accomplishthis map-
ping by employing non-uniformtexturecoordinates,which
arepre-calculatedby computingthe inverseof the function
that de�nes the grid coordinatesfor eachmajor axis, and
thenstoredasthree1D textures.Thebottomimagesin Fig-
ure 5 illustratethis inversemapping.During rendering,the
fragmentprogramaccessesthecoordinatetexturesanduses
their contentsas the coordinatesfor indexing the original
scalardatatextures.Thusthestretchedgrid is correctlyren-
deredthroughacombinationof positioningslicingpolygons
appropriatelyin spaceto addressthenon-uniformsampling
alongtheprincipalviewing axis,andby usingasimplefrag-
ment programand 1D textures to accommodatethe non-
uniformsamplingalongtheremainingtwo axes.

Figure7 comparesvolumerenderedimagesof stretched
grid datawith uniform andcorrect,non-uniformsampling.
In theformercasethenon-uniformgrid spacingis simplyig-
nored.Thevolumeaspectratio changesfrom 1:1:4to 1:1:2.
Noticethatimagequality is maintainedwith thecorrectnon-
uniformsampling.

7. TestResults

We have implementedthecompression-basedvolumevisu-
alization strategy and testedit using a uniformly-sampled
turbulentjet datasetandthenon-uniformNCAR plumedata
set.Experimentswere performedon a Pentium43.06GHz
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Table 2: Thetime in secondsthat it takesto pack onetime
stepfor differentsubvolumesizes.

Subvolumesize 23 43 83 163

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

Table3: Thesizesof theaddresstexturefor differentsubvol-
umesizesto pack a 252x252x1024volumefrom the plume
dataset.

subvolumesize 23 43 83 163 323

lookuptablesize 100M 12.6M 1.57M 196k 12k

PCwith 2GB of memoryandanNVIDIA 6800GTPCI Ex-
pressgraphicscard,whichhas256MBof videomemory. All
renderingwasperformedto a512� 512pixel image.

Table2 showsthetimeto packonetimestepof theNCAR
datafor differentresolutionlevels anddifferentsubvolume
sizes.Packingtheentire400time-stepplumedatasetcould
thereforetake tensof minutes.We view this costasaccept-
ablesincepackingis usuallydonefor a selectedsubsetof
themid-level data.

Figure8 showsthecompressionrateachievedusingvary-
ing subvolume sizesfor eachtime step of the omh vari-
able,thehorizontalcomponentof vorticity derivedfrom the
NCAR plume dataset.The savings decreasesas the �o w
�lls moreof thespatialdomainin later time stepsascanbe
easilyseenin Figure13. Latertime stepsalsocorrespondto
an increaseddynamicrangeof the scalarvaluesover time
asshown in Figure9. For mostof thesubvolumesizessig-
ni�cant savings areachieved. The optimal subvolumesize
for the plumedatais 163, while using23 resultsin a very
signi�cant storageoverheadthatoutweighsany savings.Ta-
ble3 lists thestorageoverheadrequirementfor eachsubvol-
umesize.For the23 case,the lookuptablealoneconsumes
100MBsof space.On the otherhand,the overheadfor 323

subvolumesdropsto 12KBs.

We alsostudiedtheeffectivenessof our packingscheme
with theturbulentjet dataset.Figure14showsselectedtime
stepsfrom this dataset.Figure10 displaysthecompression
rateachieved.Weobservethataswith theNCAR plumedata
set,signi�cant compressionratesare achieved for eachof
thesubvolumesizesexceptfor the23 casewhereoverhead
again outweighsany compressionsavings. The 83 subvol-
umesproducesoptimal resultsfor all time steps.Lastly, we
notethatthecompressionrateremainsmoreor lessconstant
for thejet data.Unlike theNCAR plumedata,theturbulent
jet simulationhaseffectively reachedsteadystateand the
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setfor varyingboxsizes.Usinga 23 boxdoesnot leadto any
savingandis not shown.
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Figure 9: Global minimumand maximumscalar valuefor
each timestepof theplumedataset.

volumeof theregionoccupiedby theturbulentfeatureof in-
terestdoesnot changeasmuchastheplumedataascanbe
seenin Figure14.

In additionto evaluatingcompression,we alsoexplored
the renderingperformanceof theoverall systemfor brows-
ing in bothspatialandtemporaldomains.In caseof brows-
ing in spatialdomains,interactive browsing is possiblefor
all four resolutionlevelsby usingfewersliceswhichcanstill
reveal the overall structureof the volume.Oncethe spatial
browsingis �nished, there�nementprocessis performedto
increasethepicturequality.

Table4 shows framerateswhenbrowsing in the tempo-
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jet data set for different subvolumesizes.The total sizeof
packeddatais thesumof thesubvolumesizesanda lookup
table. Wedonotobtainanysavingsbyusingeither23 or 323

subvolumessotheir resultsarenotshown.

Figure 11: Imagesshowinga view usedto obtain the per-
formancenumbers in Table4. Theleft imageshowsthecase
whenno warping is performedand the right image shows
thecasewhenwarpingis performed.

ral domain.In this case,datamustbeconstantlytransferred
from main memoryor disk to the video memory. Timings
wereperformedfor both in-corerendering,wherethe data
�t entirely into physicalprocessormemory, andout-of-core
rendering,wherethedatawereprocessedfrom disk. In this
setof testsaxis-alignedsliceswereusedfor renderingand
thenumberof sliceswasthesameasthatasthenumberof
voxels.Usingfewer slicescangreatlyincreaseinteractivity,
if desired.Level 3 numbersarenot shown herebecausein-
teractive viewing is no longerpossibledueto thedatasize.
In level 1 we canseethe bene�ts of packingsincewe can
�t theentiretime sequencein mainmemoryandstill main-
tain 1.8 framesper second,whereaswithout packingonly
58 timestepscan be kept in main memory. In level 2, the
bene�ts of packingis again obvious in termsof framerate
andmemorybandwidth.We canalsoseefrom our test re-
sultsthatcorrectlysampling(warping)thestretchedgrid ap-
pearsto slow down the frameratessomewhat.However, it

Table 4: Framesper secondfor temporal browsing the
NCARdataset.Therenderingmodescorrespondto whether
the non-uniformspacingis considered or not, and whether
data packing was usedor not. The maximumnumberof
timestepsthat �t in mainmemoryis showninsidethesquare
bracketsfor each case. Thestartingtimestepis 1. Theview-
pointusedis shownin Figure11. Notethatout-of-corenum-
bers are not givenwhenthe entire 400 timesteps�t in the
mainmemory.

Level 0: 64� 64� 256
renderingmoden datastorage in-core out-of-core
No warping,nopacking 9.0[400] -
with packing 3.1[400] -
warping& packing 2.5[400] -

Level 1: 128� 128� 512
renderingmoden datastorage in-core out-of-core
No warping,nopacking 4.0[58] 0.3
with packing 1.8[400] -
warping& packing 1.7[400] -

Level 2: 256� 256� 1024
renderingmoden datastorage in-core out-of-core
No warping,nopacking 0.7[7] 0.3
with packing 1.3[197] 1.1
warping& packing 0.7[197] 0.7

is important to note that sincethe imageswith and with-
out warpinghave very differentscreencoverages,compar-
ing their timing resultsis generallynot meaningful,as the
�ll requirementsvarywith pixel coverage.

Finally, we seefrom our test resultsthat the costof de-
compressingthedatais relatively small,bothfor warpedand
the unwarpedresults.Responsive, if not interactive, frame
ratescanbemaintainedfor mostof the resolutions,regard-
lessof whethercompressionor geometrycorrection(warp-
ing) is employed,or whetherthe dataarein-coreor reside
on disk. We point out that thebene�t of compressionis the
potentialto storemoredataat variouslevels of the storage
hierarchy.

8. Conclusionand Futur eWork

Achieving interactive visualization of large time-varying
volumedatarequiresef�cient datatransferthrougha multi-
level storagehierarchy from rotatingdisk to videomemory,
with eachhierarchy componenthaving varying bandwidth
andcapacitycharacteristics.To accommodatethishierarchy,
we have developeda visualizationsystemthat relies on a
combinationof datareductiontechniquesthatallow usto �t
moredatainto lowercapacitystoragecomponentsandtrans-
fer databetweenhierarchy levels morequickly. Thesedata
reductiontechniques,onewavelet-based,andtheotheratex-
ture packingmechanism,aresimpleto implementandper-
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mit theuserto makeeffectivespeed/qualitytrade-offs. In the
caseof our texture-mapbasedcompressionmethod,theun-
packing(decompression)procedureis hardware accelerat-
ableusingtoday's programmableGPUs,while our wavelet-
basedmultiresolutionschemeis currentlyexecutedentirely
on theCPU.

We have alsoextendedthe standardtexture volumeren-
deringtechniqueto handlenon-uniformed,stretchedCarte-
sian grid data,and coupledthe renderingwith our GPU-
acceleratedunpackingstep.Both thehardwaredataunpack-
ing and the warping of the stretchedgrid have minimal
impact on renderingperformance.We have demonstrated
the utility of this systemby interactively browsing through
multi-terabyte,time-varying volumedatasetsusingonly a
singlePCandacommoditygraphicscard.
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(a)

(b)

Figure 12: Comparingopacitycorrected(a) andnot corrected(b) imageswhennon-uniformaxis-alignedslicesare used.The
rectanglesin (a) and(b) markthezoomedareasdepictedatthebottom.In (b), theopacityis lowerat theouterareasinceslices
there are sparsecomparedto thecentral areawhere slicesare dense, whereasin (a), theopacityis consistentthroughoutthe
wholearea.

Figure13: Selectedtimestepsof theomhvariable. Compressionratesachievedare91.4%,86.4%,83.4%,and78.1%.

Figure14: Selectedtimestepsof theturbulencejet data.

Figure15: Comparingimagesof thedataat differentresolutionlevels.Increasingresolutionsfromleft to right.
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