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Abstract

We presenta novel wavelet transformatiorschemefor the hierar
chical representationf large, regular griddeddatasets. Transfor
mationsinto, and out of, the wavelet domainusing our methods
areperformedout-of-coreandarehighly ef cient, permittingqual-
ity/speedradeofs by providing rapidprogressie dataaccessThe
methodsupportsrandomaccessgnablingdatasubsetting. Trans-
formationsoperateon oating pointdata,aresimpleto implement,
andlosslessmakingour approacha viable alternatve datarepre-
sentatiorformatthatavoidsreplication. The methodmaybe easily
incorporatednto existing visualizationandanalysigoolswith only
minor modi cation. We demonstrat¢he utility of onesuchtool us-
ing alevel-of-detailvolumerendereto explorea 1024° dataseton
asingleprocessqgrdesktopworkstation.

CR Categories: E.2[DataStorageRepresentationsg.4[Coding
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[ComputerGraphics]: Picture/ImageGeneration—iéwing algo-
rithms; J.2 [ComputerApplications]: Physical sciencesand engi-
neering
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1 Introduction

With the exponentialgrowth in processomerformanceover the
last decadethe ability to computehasreachedunprecedentetiv-
els. Numericalsimulationsemployed by researcherin the areas
of weatherforecastingclimateprediction,andthe studyof turbu-
lence to nameafew, have reachedtaggeringizes.Thechallenges
in mary instancesareno longerto runlarge simulationsbut to an-
alyzethe vastdatasetsthatresult. Analysis,whetherthroughsci-
enti ¢ visualizationor more quantitatve statisticalmethodsjs an
inherentlyinteractive process. Simulationsmay run in batch,but
for analysigto be effective it mustbe performedn realtime.

While chip densitieshave increasedas predictedby Moore's
law, other aspectsof computinghave advancedat a much more
modestpace.In particular storagecapacitiespe it randomaccess
memoryor magnetiadisk, have risenata muchslower rate. Faring
even more poorly are advancesin communicatiorrates,whether
betweenperipheralstorageand main memory or betweensystem
boardandgraphicsacceleratorThebottlenecksn dataanalysigo-
day are often not in the CPU or GPU, but in the communication
linesandstoragehierarchieghatfeedthem.

Muchresearcthasgoneinto improving performancef analysis
tools, particularlyin the areaof acceleratingzariousstagesof the
visualizationpipeline. Algorithmic improvementshave led to, for
example,moreef cient isosurbiceextraction[26, 23], or fasteol-
umerendering?2, 8]. Othershave employedbruteforceapproaches
requiringthe useof costly parallelmachineq13, 15], or dif cult
to program albeitrelatively inexpensve, clustersof PCs[12]. Mu-
tiresolutionmethodshave enablednteractive renderingn mary ap-
plicationsby prioritizing areasf interestandreducingthe number
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of graphicalprimitivesto bedisplayed9]. While all of thesemeth-
odshave bene tedsomeaspecbf interactve visualization,noneof

them, save perhapscostly or complex brute-forceapproachesare
generalsolutionsaddressinghe performanceof the entirevisual-
izationpipelinefrom endto end. Theseapproachesimplyimprove
onestageof the pipelinefor a very speci ¢ application frequently
moving thebottlenecko anotherstage or in mary instancesmov-

ing the bottleneckinto the communicatiorlines betweenpipeline
stages.

In this paperwe describea simple, yet novel, wavelet-based
datarepresentatiorschemefor the hierarchicalrepresentatiorof
Cartesiangriddeddata.By permittingprogressie dataaccesable
to meetan applicationand resourcedependenperformancebud-
get, our methodeffectively acceleratesil stagesof the visualiza-
tion pipelinefor mostary visualizationmethod. The techniques
highly generaland may easily be incorporatednto mostexisting
applicationsdealingwith Cartesiandata, therebycomplementing
all of the acceleratioriechniquesnentionedabore. Our methodis
losslesssave for oating pointroundingerrors,andthereforesuit-
able as a replacemenstorageschemethat avoids datareplication
commonto mary acceleratiortechniquesiependenbn datapre-
processing.Thoughothershave proposecdhierarchicaldatarepre-
sentatiorschemesvith theaforementionegropertie§27, 3,4, 16],
to our knowledgeour methodis the only onethat offers all of the
following importanttraits:

Out-of-core implementation: Our implementatioroperates
out-of-corefor bothforwardandinversetransformationsper
mitting extremelylarge datasetsto be processedisingonly a
modestmemoryfootprint.

High ef ciency: Both inverseand forward transformsare
highly cpuandl/O efcient, permittingdatasetsto berapidly
transformednto, andout of, hierarchicarepresentatiorkf -
cientforwardtransformspftenignoredby othersareparticu-
larly importantwhendealingwith time-varying datasetsthat
mayreachterabytesn size.

Subsetting: Subrgjionsof the datamayeasilyandef ciently
be extractedat varyingresolutions.

Minimal storageoverhead: Only a few bytesof headerin-
formationarerequiredtypically representingessthan0:01%
of thedata,makingstorageoverheadninimal. Thisis another
attributethatis particularlyimportantfor terascalalatasets.

Resampling: Coarsenedepresentationareproducedby re-
constructingandresamplingthe original data,not by simply
subsampling.

Althoughwe expectmary scienti c domainsmay bene t from
our work, our target applicationis datadiscovery for numerically
simulatedturbulent uid o w in the earthsciences Regulargrids,
andhigh spatialandtemporalresolutionsarecharacteristiof sim-
ulationsin this discipline.Singleexperimentgesultingin terabytes
of oating point dataarenotuncommon.Researcheri this eld
arefrequentlyinterestedn the behaior of large-scaldeatureghat



cannotbe detectedanalytically but may be obsered throughvi-

sualizationeven at coarsenedesolutions[17]. Oncea featureof

interestis detected further analysiswithin the subspaceontain-
ing thefeaturemaybe performedat higherresolutionsmakingthis
areaof scienceanidealcandidatdor our methods.

Theremaindeof our paperis organizedasfollows: In section2
we review prior work. We provide a brief overview of waveletsand
the Lifting methodin section 3 anda descriptionof our algorithm
in section4. In section5 we exploreperformanceanddemonstrate
the effectivenessof our methodusinga desktopworkstationto in-
teractiely explore a 1024° dataset. Lastly, we drav conclusions
andspeculat®n opportunitiesor futurework.

2 Previous Work

The challengegposedby large dataanalysisare not limited to the
numericalsimulation community or visualizationin generalfor
that matter Much work hasbeendonein the areaof compres-
sion, possiblycombininghierarchicalrepresentationwith an aim
towards enablinginteractve display by permitting speed/quality
tradeofs.

2.1 Post visualization simpli cation

Triangle meshsimpli cation methodshave demonstratedhe util-

ity of datacoarseningcombinedwith progressie re nement for

the display of the largesttrianglemeshegq22]. In the areaof data
visualization,Schroederet. al. were probablythe rst to apply
meshsimpli cation to addresghe notoriousproblemof over tes-
selationwith the marchingcubesand relatedisosurgcing algo-
rithms[21]. LindstromandSilvainvestigateout-of-coremeshsim-
pli cation methodsor someof the largestpublishedscient c data
setq11]. While theseapproachesangreatlyreducerianglecounts
while preservingsurface delity , andarewell-suitedto progressie
display they suffer from long preprocessingmes,the needfor ad-
ditional storagef thefull resolutionrepresentationareto be pre-
sened,andprecludeinteractie isosurficeselection Further these
methodsrovide little bene t to otherstagesn the pipelinebeyond
rendering.

2.2 Simpli cation for direct volume rendering
Othershave employed compressiorand hierarchicalmethodsto
guantizeddatain orderto reduceprocessingstorageand/orcom-
municationrequirementspeci cally for direct volumerendering.
Levoy wasperhapsghe rst to employ hierarchicaldecompositions
in an effort to accelerataay castingby using octreesto facilitate
skippingareasof zeroopacity [10]. Ihm andPark werethe rst to
adapt3D wavelet compressiorstratgjies that permit randomac-
cess,an essentialcapability for the changingaccessatternsre-
quiredby 3D datavisualization[7]. Rodlertreats3D volumesas
a collectionof 2D slices,emplgying video coding methodsto the
slicesand 2D wavelet transformswithin eachslice [19]. Rodlers
methodalso permitsrandomvoxel access.More recentlyNguyen
andSaupemprove uponthe methodof Thm andPark, with anap-
proachthat offers comparableperformancebut superiorcompres-
sion quality [14]. The wavelethierarcly presentedy Gutheet al
is mostsimilarto our own, thoughtheir focusis directvolumeren-
dering, not generaldatasimpli cation [6]. All of thesemethods
employ lossycompressiomstratgies,quantizing oating pointdata
into narrawv integer representationghusrequiringmultiple copies
of thedatato bemaintainedf theoriginal dataareto be presered.

2.3 General data simpli cation

Themoregenerabpproachof usinghierarchicabpproximationgo
representhe datasetsthemseleswith varyingresolutionsvasin-
troducedby Cignonietal [3, 4] andWilhelmsandVanGelder[27].
Cignoni et al generateanultiresolutionrepresentationef scattered
datathroughsuccessie tetrahedrate nementof a coarsenedhi-
tial approximation[3, 4]. While Cignoni's methodis capableof
supportingirregular as well as regular data, at the sametime it
fails to presere regularity in coarsenedepresentationsvenwhen
it existedin theoriginal data. Thoughnot basedon wavelettheory
WilhelmsandVan Gelders approximatiorstratey is moresimilar
to our own, exploring a small numberof basisfunctionsto recon-
structthe eld [27]. Zhouintroducesyet anothertetrahedrébased
framework, differing from that of Cignoniin that interpolationis
avoidedby relying on subsamplingmakingtheir methodmoreef-
cient (thoughlimited to regulargrids)[28]. FurthermoreZhou's
algorithm preseres continuity thus avoiding the crack problem.
For the mostpartall of thesemethodsarecpuandmemoryinten-
sive, do not supportregion subsettingandimposesigni cant stor
ageoverhead.

Mostcloselyrelatedto our own efforts arethoseof Pascucciand
Frank,who explore alternatve dataorganizationstratgiesadeptat
providing progressie dataaccesq16]. Unlike our own wavelet-
basedapproachPascucciandFrank's methodis baseduponspace

ling curvesthatgreatlyimprove the ef ciency of datasubsetting

andlevel-of-detailaccessy simply reoiganizingthe layout of the
datastorage Thesemethodslonotalterthedatain any wayandare
thereforeinherentlyinvertible. However, coarsenedesolutionsare
then necessarilyproducedby nearesmneighborsampling,leading
to inferior resamplingesultsthanthosepossiblewith higherorder
resamplingmethods.

3 Wavelet Transformations

Waveletsarearelatively new areaof mathematicshathave found
applicationdgn awide rangeof disciplinesincludingsignalprocess-
ing, approximatiortheory computergraphics,andnumericalsim-
ulation. Quite simply, waveletsareinvertible transformationghat
mapfunctionsinto a spaceconsistingof anoverall coarseapproxi-
mationof the functiontogetherwith the detail coefcients permit-
ting the coarsenedpproximatiorto bere ned atvariousscaleslin
this sectionwe provide a very brief overview of wavelet transfor
mationsandtheir properties.

3.1 Lifting method

We electto describevaveletsandtheirapplicationusingtheLifting
methodof wavelet constructionas opposedo more corventional
methods[25]. We feel the Lifting methodapproachto be more
accessibldo the readerand the bene ts to our applicationmore
readily apparent. More conventionaltreatmentof wavelet theory
can be found elsavhere[5, 24]. We discussrst how the lifting
methodis appliedandlaterthebene tsof representinghefunction
in thewaveletspace.

Thelifting methoddevelopedby Sweldenss anefcient means
of implementinga wide variety of wavelet transforms[25]. The
canonicalifting schemeconsistf threestagessplit, predict,and
update.Considersomefunction S representethy a nite, discrete
setof samples o. In the rst stageof thelifting operationwve apply
a split operatorS to split ¢ into two smallersubsetsconsisting
of scalingcoefcients o 1 andwaveletcoefcients o 1. The
lifting methoddoesnotimposeary restrictionson how g is split,
butin practicewe'll assume o 1 will containtheevenelementof

oand o 1 will containtheodd.



In the secondstageof the lifting methodwe apply an operator
P to try andpredicttheelementof o 1 from o 1 basedonthe
correlationbetweerthetwo subsetsin otherwordswe try approx-
imate o 1 from ¢ 1 withP:

0 1=P( o0 1)

Sincewe have split our original functioninto odd andevenele-
ments we areassumingieighboringelementspddandevenpairs,
aresomehw correlated We thenreplace o 1 with thedifference
betweent andour prediction:

P( o 1): ey

We've now decomposedur datainto two subsetsIf our predic-
tion operatorP is reasonabldor the correlationin our data,then
theelementof o 1 will besmall(i.e. nearzero),re ecting the
accuray of our prediction.

Our o 1 elementgrovide areducedesolutionrepresentation
of our original function. However, with our presentconstruction
we've simply subsampledhe function. We may wish to improve
the representatiof o by o 1 by requiring o 1 to maintain
somescalarpropertyQ suchthat:

Q( o) = Q( 0 1):

For example,we maywish o i to presere the meanvalue of

o. We do soby applyingan updateoperatorJ thatwill presere

Q whenappliedto ¢ 1. Ratherthanusing o directly we exploit

thework we've alreadyperformedto obtain o 1 andconstructU
suchthat

01= 01

o1+ U(o 1) 2

We cannow recursiely applyS, P, andU to ;, ateachlevelj
reducingtheresolutionof ; by half andfurtherdecorrelatingour
original function. Reversingour transformatiorandreconstructing
our original functionis trivial; we simply run the stepsbackwards
andswapour additionsandsubtractionsn equations1 and 2.

At this pointwe've describechow thelifting methodis applied,
but have given little insight asto how to constructour operators
P andU. Ideally, we would like P to be constructedn sucha
way asto re ect the correlationin our function, andwe'd like to
constructU in amannerthatpreseressomedesirablesetof scalar
propertiexQ. Thetaskof determiningdealizedoperatord andQ
for a givenfunctionis a broadtopic areaandonethatwe will not
addresshere. We will insteaddemonstrat®ne suchconstruction
usingthe simplestfamily of wavelets,the Haartransformation.

Considera signal o that we wish to transformusing Haar
wavelets.Thesplit operatorfor the Haartransformcreategwo dis-
joint setsof samples:s; .2, containingeven elementsands; ;i +1
containingodd elements. The prediction operatorfor the Haar
transformis simple;we let even sampless;;» predictneighboring
odd sampless; ;2 j+1 . Thatis, for the Haartransformour wavelet
coefcients arecomputedas

0 1=

i 11 = Sj2+1 Sj;21:

The Haar predictoris exact for the caseof functionsthat are
piecavise constantover intervals of length2. In otherwords,the
Haarwavelettransformeliminateszerothordercorrelation.

For the Haar updatefunction we'd like to presere the mean
value of our function for eachsuccessie setof ; functions. We
thusde ne theupdateoperatoiby letting

i 11 = St 1=20:

It caneasilybeveri ed that

i1 =1=2 il

forallj.

A few obsenationsare worth noting. The transformationsare
fast,emplogying only a coupleof oating point operationgfor the
calculationof eachelement. As statedearlier the inverseis eas-
ily computedby simply running the stepsbackwards. Thus for-
ward andinversetransformshave identicaltime compleities. No
datais lost by the forward or inversetransform. The updateoper
atorU for the Haartransformproducescoarsene@pproximations
by performing pairwise averaging. It is in essencea box lter.
Lastly, thelifting methodasdescribedperatesn thel 2(R) space
of functions. Generalizingdecompositiorto the L 2(R®) spaceis
straightforvard, however thereare somechoicesin the approach.
We describeour methodin thefollowing section.

4  Algorithm

Our algorithmassumes Cartesiargridded,regularly spaceddata
volumeof dimensionNx x Ny x N; whereeachdimensionis of
size 2 for somepositive integerj. The power-of-two restriction
may be relaxed with carefulattentionto boundaryconditions. We
reorderour Ny x Ny x N; volumeinto blocks of sizeb, where
b is alsoa power of two, and associatesubvolumesconsistingof
eight neighboringblockswith a2 x 2 x 2 superblo& . For each
blockin a superblockve applyasinglepassof a separablevavelet
transformusingthe Quincunxdecompositiorordering[20]. That
is, we rst transformalongthe X axis,decomposingheblockinto
two subbandsWe thenapplytheY directiontransformonly to the

coefcients resultingfrom the X transform. Similarly, we then
applytheZ axistransformonly to thenew coefcients resulting
from theY axispass.After a singlecompletepassof the wavelet
transformhasbeencompletedor all theblocksin asuperblockyve
gatherthe o 1 and o 1 coefcients of the superblocktogether
in the mannerdepictedby the 2D exampleof a supertileshavn in
gure 1.

After eachsuperblockhasbeentransformedn this manneywe
recursvely apply the procedureto eachsetof coefcients pro-
ducedin the previous pass,forming new superblockswith each
pass.With eachpasghenumberof available blocksis reducedy
afactorof 8. Processingtopswhenonly asingle block remains
or afterauserdeterminedimit is reached.

4.1 Implementation

The paragraphsbove describeour conceptuabpproach.In prac-
tice, we balancanemoryandef cient diskaccessapplyingthefor-
ward transformusinga depth- rst, binary treetraversalwith slabs
of raw block dataservingasleaf nodes.The datais streamedut-
of-corewith slabsreadin sequentiallyfrom disk, only asneeded,
in asinglepass.In thisway ourmemoryfootprint canbekeptquite
small, requiring only memoryto containlessthan4 Nx Ny
blocks, whereN x and Ny are the resolutionX andY volume
coordinatedimensiongn blocks,respectiely. The depth- rst tree
traversaloperatesas follows: If a nodeis a leaf node, a slab of
blocksis readinto memoryas o coefcients. If anodeis notaleaf
nodeandnottheroot, theforwardwavelettransformations applied
alongall threeaxisto the ; coefcients storedby the nodes two
childrenasindicatedin gure 1. Theresulting ; 1 coefcients are
writtento diskandthenew | 1 coefcients arestoredin memory
for subsegenprocessingvhenthe nodes parentis visited. If the
nodeis theroot, or the userde ned maximumtransformatiorimit
is reachedthenthe ; coefcients arewrittento disk aswell.
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Figurel: Forwardtransformatiorandreorderingof four neighbor
ing 2D tiles composinga supertile

Theinversetransformoperatesn muchthe sameway asthefor-
ward, reading and coefcients only asneeded. Of courseif
we arereconstructinga subvolume, or the full volumeat a coars-
enedresolution,our memoryrequirementsreevenlower. We also
notethatthereorderingstepcanbeperformedduringthetransform,
compressinghesetwo operationsnto one.

The block basedmethodjust describechasa numberof attrac-
tionsworth noting:

The blocks, when sized appropriately may be transformed
quickly on cache-dependenticroprocessors.

By gatheringour ; coefcients into new blocksattheendof
eachtransformatiorpass,we canlessenthe effects of block
boundaryartifactstypical of block-baseancodingschemes.

The numberof coefcients transformedwithin a block does
not decreasérom onepassto the next, facilitatingthe useof
higherorderwaveletswith largersupports.

We caneasilyand efciently reconstrucsubvolumesor vol-
umesat ary desiredpower-of-two resolution. Most impor-
tantly, ourmethodfacilitatesheef cient reconstructiorof the
entirevolumedomainat a coarsenedesolution,suitablefor
databrowsing. This is in contrastto previous block based
approacheshat storesubbandsvithin the spatialblock with
whichthey areassociatedBy reorderingour storageof coef-
cientssuchthatcoefcients aregroupecby level insteadof by
spatiallocation,we canbetteraccommodatpage-basedtor
ageaccessgreatlyreducingcacheandpagefaultsin thecase
of in-coreaccess&nd|/O operationdor out-of-coreaccess.

4.2 File Organization

The coefcients resultingfrom the nal forwardtransformation,
alongwith the coefcients resultingfrom eachtransformation
passarestoredin separateles ondisk. Separatinghe coefcients

into different les basedntransformatiorievel makespossiblethe

archival of coefcients correspondingo ner resolutions,per

hapsallowing an approximationof the entire spatial/temporatio-

mainto be maintainedn-line. Each le containscoefcients anda

negligible amountof global metadataNo space-consuminguxil-

iary datastructuresarerequired.

5 Results

In the sectionthat follows we presentsomeresultsfrom our im-
plementationOur platformfor experimentatioris an SGI Octane2
with a600Mhz,R14000processars GB's of memory V12 graph-
ics, anda Fiber ChannelattachedRrAID. We usetwo datasetsfor
our tests. The 512° Rastturbulent corvection dataare simulation
resultsrepresentingurbulent conditionsof the solarsurface. This
is a multivariate,time varying datasetconsistingof ve elds and
approximately200 time steps,occupying nearly half a Terabyte
of storage,and representate of simulationresultsfrom eld of
turbulencestudy Our seconddatasetis a 512° samplingof the
MarschneiLobb equation. Both datasetshave beentransformed
usingthreepasse®f the Haarwavelettransformasdescribedre-
sultingin a basevolumewith a resolutionof 64°. The block size
we have chosenfor our testsis 32%, which strikes a balancebe-
tweenprocessorcacheef ciency and having an adequatenumber
of coefcients for ourtransforms.

To demonstratéhe utility of our method,we've extendeda di-
rectvolumerenderingapplicationto take advantageof our multires-
olution datarepresentation.Since our implementationpreseres
the regular spacingof the dataat all resolutions modi cations to
our volume renderingapplicationare trivial. We needonly ex-
tendthe applicationto accommodatea varying dataresolutionand
adjustopacitiesfor the changingsamplespacing. Reconstructed
datablocks are quantizedto 8-bit integerson the y at negligi-
ble cost. A datacachestoring the mostrecently usedquantized
blockshelpshidewaveletreconstructiorrostsandparticularlyben-
e ts time varying data,permittinginteractve temporalanimations
from memory At aresolutionof 128 we caneasilyinteractiely
browse the full time varying Rastturbulencedatasetusing only
approximately400MBsof memory Reconstructing 28® volumes
from the 64° basevolumesis quitefastaswe shallseebelow.

We areinterestedn analyzingthreeaspect®f the performance
of our method: 1) the quality of the coarsene@pproximations2)
the speedat which we canreconstruci given volume or subvol-
umeto a desiredresolution,and 3) the computationatostfor for-
ward mappinga raw datavolumeinto our representatioscheme.
This lastmetric, oftenignoredelsavhere,is animportantconsider
ation, particularlywhendealingwith time varying datapossessing
multiple time stepswith high spatialresolutions.Figures2 and 3
shav volume visualizationsof our turbulenceand syntheticdata
setsatvaryingresolutions Theturbulencedatasetis directvolume
renderedvhile for the MarschnetLobb datawe shav anextracted
isosurbice. Eachcoarseningn resolutionrepresents factor of 8
reductionin dataanda correspondingeductionin storagecommu-
nication,andprocessingosts.Clearlytheimagedegradesatlower
resolutionsput eventhe 128° datasets,which representl/64thof
theoriginal data,presere theoverall structureof thedata.Only the

nest detailsarelost. At 256° hardly ary degradationis obsered
andit is dif cult to arguethatthe higher delity imagesresulting
from the 512° datawarrantthe expensein their computationfor
the view point selected.Clearly if we wereto zoomin on a fea-
ture, the higherresolutiondatawould be desirable But in this case



Table1: PSNR(dB) for 128® approximationsesampledo 512°

| Dataset | Spacelling curve | Haartransform |
Rastturbulence | 43.87 46.90
MarschnerLobb | 33.49 44.17

Table2: PSNR(dB) for 256° approximationsesampledo 512°

| Dataset | Spacelling curve | Haartransform |
Rastturbulence | 50.64 53.47
MarschneiLobb | 42.86 55.86

view frustum clipping would eliminatemuch of the domainfrom
the eld of view, permittingusto subsethe volumeandavoid re-
constructiorof theentiredomain.

To morequantitatvely judgethe quality of the coarsenedepre-
sentationsve upsampleatoarsenedolumesto their native resolu-
tion usingtri-linear Itering andmeasuredhe peak-signal-to-noise
ratio (PSNR)expressedn decibelddB) betweerthetri-linearly in-
terpolatedresampledrolume andthe original volume. We de ne
PSNRas

PSNR = 10logio((max(si) min (si))?=M SE):

We feel this methodof comparisoris somevhatinstructionalin
thatmary volumevisualizationalgorithmsrely on trilinear resam-
pling to computesamplelocationsthat do not coincidewith grid
points. Hence,a ray-castingalgorithm, for example,shouldgive
thesameresultsfor the coarsenedolumeasfor theresampledol-
umeassumingri-linear interpolationis usedby the ray casterand
the samplespacingis kept the same. A similar algumentcan be
madefor isosuriceextraction. Tablesl and2 comparehe PSNR
atavarietyof resolutionf our methodandthatof thespacelling
curve methodof PascucciandFrank[16].

Clearly the higherresolution256° datayields a higher PSNR.
We also seethat coarsenedepresentationbene t from the box

Itering performedby the Haartransformationwhereaghe near
estneighborsamplingof the spacelling curve methodresultsin
slightly lower peak-signal-to-noisetio.

To testthe ef ciency of reconstructiorwe rantwo differentex-
periments.The datasetwe useis the MarschneiLobb, upsampled
to a resolutionof 1024° in orderto demonstratéhe scalability of
our approachTheforwardwavelettransformatiorwasappliedus-
ing four passesesultingin a baseresolutionof 64°. In our rst
experimentwe look at the ef ciency of extractinga 128® subvol-
umefrom the full domainat varying resolutions. The location of
the sulbvolumeis the centerof the domain. Figure4 shows the av-
eragetimingsfor thel/O andthe computatiorof thereconstruction
transformatioritself. Thetotal extractiontime for a singlesubvol-
umeis the sumof the I/O andtransformatiortime. We obsere
thatthe costsof both I/O andthe wavelet transformatiorincrease
in proportionto the numberof passegequiredto reconstructhe
subvolume. Thisresultis expectedaswith eachpasshe numberof
additionalcoefcients requiredto reconstruct subvolumeof con-
stantdimensiorremainsconstantHowever, evenin the caseof the
1024 volumethe extractiontakesonly a coupleof seconds.We
alsonotethat!l/O dominateghe reconstructiorcosts,emphasizing
how little overheadbur datarepresentatiormposes.

In our secondexperimentwe look at the costof reconstructing
the entire volume domainat varying resolutions. Again our base
resolutionis 64°. Figure5 shavs thetime distributions. The coars-
estvolumein our testis 64° which is the resolutionof our trans-
formed basevolume. Hence,thereare only I/O costsfor recon-
structingthis volume and no transformationcosts. As we would
expect, the costsincreasein proportionto the resolution;at each
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Figure4: Timing distributionin seconddor extractinga 128° sub-
volumefrom the centerof the domainof a transformedl024° vol-
umeatvaryingresolutions.
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Figure5: Timing distributionfor fully reconstructinghedomainof
atransformedl024® volumeatvaryingapproximatiorresolutions.



Figure2: TheRastturbulencedatasetvolumerenderedat approximatiorresolutionsof 128> and256°, andnative 512° resolution from

left to right.

Figure3: Isosurhicesextractedfrom the Marschnet_obb datasetat approximatiorresolutionsof 128* and256°, andnative 512° reso-

lution, from left to right.

progressiely ner resolutionthereareeighttimesasmary datael-
ementsandcorrespondinglgighttimesasmary elementgo trans-
form andto readfrom disk. However, unlike with our subvolume
extractionexperimentsthe transformatiorand1/O costsaremore
balancedor full volumeextractions.We speculatehatthisis due
to ef ciency gainsin thel/O stagewhich canreadin largerchunks
of contiguousdatawhennot extractinga subvolume. We notethat
thegoodbalancébetweerthel/O andtransformatiorprocesgoints
to future possibleef ciency gainsby pipeliningtheseprocesses.

Tables3 and 4 comparethe overall run time of our methodin
theseexperimentawith the spacelling curvesmethodof Pascucci
andFrank. Table3 comparesubrgion extractiontimes,while ta-
ble 4 compareseconstructiontimesfor an entiredomain. We ob-
sene thatin the caseof subrgion extraction, much as expected,
thereconstructioime remainsnearlyconstanfor thespacelling
curve method.However, for full domainreconstructiorthe costsof
the spacelling curve methodgrow dramatically unlike our own
which exhibit nearlinear growth. We speculatéhat this is dueto
poorcacheperformancevith largerdatasets.

Finally, we look at forwardtransformatiorcosts.Table5 shavs
thetime in seconddor readingraw datafrom disk, applyingthree
passe®f the forward transform,andwriting the coefcients back
to disk. Theamountof processomemoryallocated asreportedoy

Table 3: Timing comparisonbetweenour methodand the space
lling curve methodfor 128® subreion extractionfrom a 1024
volume.All timesarereportedn seconds

[ Resolution] WaveletMethod | SpaceFilling Cune |

128° 0.40 0.56
256° 0.75 0.57
512° 1.16 0.65
1024 2.02 0.70

thelRIX operatingsystemjs alsoshavn. We notethattheforward
transformationlik etheinversejs quitefast,andagainthel/O times
dominate.

6 Discussion

Asresearchersmplagying numericaimodelsstrive to resole details
in their simulationsat ner and ner scales,computationalgrids
andtheresultingdatasetsthey generatdave reachedxtraordinary
sizes.Interactize analysisandpostprocessingf thesedataat their



Table 4: Timing comparisonbetweenour methodand the space
lling curve methodfor full domainreconstructiorfrom a 1024°
volumeat varyingapproximatiorresolutions All timesarein sec-

onds
[ Resolution] WaveletMethod | SpaceFilling Cune |

64° 0.13 0.10
128 0.33 0.60
256° 2.36 17.43
512 20.86 278.17

Table5: Timings for threepasse®f forward Haartransformation
appliedto varioussizedvolumes.
[ Resolution| Read | Write [ Transform[ Total | Memory |

256° 1.3 0.5 11 2.9 28MBs
512 156 | 3.9 8.8 28.3 | 92MBs
1024 207.7| 42.7 | 67.1 307.5 | 351MBs

native resolutionsrequirescomputationatesourcest leaston par
with thosethat producedhe data. Unfortunatelyour experienceat

the NationalCenterfor AtmosphericdResearclnasbeenthatanaly-
sis platformsof this scaleare seldomavailable. As a result,mary

numericalmodelersarenow facedwith a delugeof datathatthey

areill-equippedto handle.Their challenges oftennotto compute
but to analyze.Similar statementganbe madeaboutscientistsn

mary disciplinesworking with instrument-acquiredata.

While it is hopedthatthesedatasetswerenot generatedr ac-
quiredat suchgreatscalesneedlesslyit is not necessarilyhe case
thatthefull resolutiondataareessentiafor all aspect®of analysis.
In particular highly effective databrowsing or discorery may be
possibleat coarserscalesf greaterinteractvity is enabledandthe
full resolutiondatais presered for subsequenfurther analysisof
detectedeaturesf interesf18, 1]. It is this paradigm- interactve
browsing of coarsenedlata,followed by possiblynon-interactre
deepelanalysisof featuresn areduceddomain—thatour datarep-
resentatiorschemedargets.

By simplyreorderinghe3D waveletdecompositiomsingavari-
ationof the Quincunxschemewe have deviseda hierarchicaktor
agemethodthat allows rapid reconstructiorof eitherfull or par
tial domainsof volume dataat varying power-of-two resolutions.
Thekey componenbf this schemas theaccommodatiowf block-
basedstoragedevicesthat exist throughoutthe storagehierarcly.
By payingattentionto disk I/O accessRAM pageand micropro-
cessorcachesizes,the implementationis extremely ef cient and
we think demonstrablyhighly scalable.The losslessatureof the
method, combinedwith transformationef ciency, malkesit suit-
able,we feel, asa replacemenstoragestratgy for regularly grid-
deddata.Althoughwe have presentlyonly exploredpower-of-two
grids,we feel the schemecanbereadilygeneralizedo non-paver
of-two data.Furthermoretheability of secondyeneratiorwavelets
to handlenon-uniformlyspacediatamaylet us supportirregularly
spacedgrids in the future. Higher order waveletsthanthe Haar
transformwe testedmay alsoleadto moreaccuratecoarsenedata
approximationsalbeitat additionalcomputationatost.

7 Conclusions

We have deviseda simple,yet novel, methodfor hierarchicakepre-
sentationof regular griddeddatabasedon 3D waveletdecomposi-
tion. Our representatioenablesighly ef cient simpli cation and
losslesgeconstructiorof oating point dataat progressiely ner

resolutionsmakingthe methodan attractve alternatve to the con-

ventionalZ-orderedstorageof arrays.By simplifying the dataset,
asopposedo simplifying visualizationoutputprimitives,we stand
to accelerat¢heentirevisualizationprocess.

Our schemdliffersfrom previous relatedwork in the following
importantways:

Out-of-coreimplementatiorenablesventhelargestdatasets
to beprocessedn a modestlyequippedcommoditycomput-
ing platform.

Highly efcient forward and inversetransforms,combined
with negligible storageoverheadmalke the schemeattractve

asareplacemenstoragestratgy, particularlywell-suitedfor

vast,time-varyingdatasets.

Ef cient 1/0 afforded by our novel block-basedlecomposi-
tion enablegapidrandomaccessiecessaryor subrgion ex-
traction.

Preseration of the datasetregularity makestrivial the adap-
tation of our representatioschemeby existing toolsin order
to enabldevel-of-detailaccess.

We anticipate extending our researchin several directions.
Higherorder wavelets, though more computationally comple,
could provide moreaccurataepresentationsf the coarsenedata,
allowing further tradeofs betweenspeedand quality. Lossless
compressiomightalsobeexploredto reducestoragaequirements.
Presentlywe only supportegulargriddeddatawith dimensionghat
areapower of two. Generalizinghemethodto supportnon-pavers
of two shouldbe fairly straightforvard by simply paddingblocks
as needed. Irregularly spaceddatamight also be accommodated
thoughthe useof secondyeneratiorwavelets.
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