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Abstract

We presentthe Multiresolution Toolkit (MTK), a wavelet
basedsoftware systemfor enablingprogressie acces<o
large, regular griddeddatasets. Transformationsnto and
out of the wavelet domainusing our methodsare highly
efcient, permitting applicationusersto malke effective
speed/qualitytradeofs. The transformationsoperateon
oating point data,aresimpleto implement,andlossless,
making our approacha viable alternatve datarepresenta-
tion format. The methodmay be easilyincorporatednto
new or existing visualizationand analysistools with only
minor modi cation. We demonstraté¢he utility of our sys-
temby exploringalargeturbulencesimulationonadesktop
workstationusinga collection of multiresolutionapplica-
tionswe have developedor extendedwith MTK.
KeyWords
DataTreatmentandVisualization,VisualizationSoftware,
Progressie DataAccessWavelets,Large Data

1 Intr oduction

In numerousscienti ¢ disciplinesthe ability to generate
data, eitherthroughinstrumentatioror numericalsimula-
tion, hasout-strippedour ability to manipulate visualize
andanalyzethesedata. The resultis that mary datasets,
oftenproducedat greatexpensearenot fully investigated.
In this paperwe describea wavelet-basedoftwaresystem
thatprovidesprogressie dataaccessenablinggreatreduc-
tion in computingresourcesequiredto operateon these
data setsby providing reducedapproximationsto them.

The underlyingpremisefor this work is that mary forms

of scienti ¢ inquiry canbe performedusingcoarsenedand
thereforlessresourcentensve, approximation®f thedata.
Theinformationextractedfrom theseapproximationsnay
besufcient for thetaskathandorin mary casesnaysene

to simplynarrav thedomain(spatialand/otemporaljupon
whichfurtherinvestigationmaybeconductedtgreateide-

tail. Thoughothershave proposechierarchicaldatarepre-
sentationschemes[17, 3, 10, 18], to our knowledgeour

methodis the only onethat offersall of the following im-

portanttraits:

Out-of-core: Our implementationoperatesout-of-
core for both forward and inverse transformations,

permitting extremely large datasetsto be processed
usingonly amodestmemoryfootprint.

High ef ciency: Bothinverseandforwardtransforms
arehighly cpuandl/O ef cient.

Subsetting: Subrgions of the datamay easily and
efciently beextractedatvaryingresolutions.

Minimal storage overhead: Only a few bytes of
headerinformation are required,typically represent-
ing lessthan0:01% of the data.

Resampling: Approximationsare producedby re-
samplingthe original data, not by simply subsam-

pling.

2 Previous Work

Thechallengeposedoy large dataanalysisarenot limited
to the numericalsimulationcommunity or visualizationin
general Muchwork hasbeendonein theareaof compres-
sion, possiblycombininghierarchicalrepresentationyith
an aim towardsenablinginteractve displayby permitting
speed/qualityradeofs.

Triangle meshsimpli cation methodshave demon-
stratedthe utility of datacoarseningcombinedwith pro-
gressve re nementfor the display of the largesttriangle
meshe$16]. In theareaof datavisualization,Schroedeet
al. wereprobablythe rst to apply meshsimpli cation to
addresghe notoriousproblemof over tesselatiorwith the
marchingcubesand relatedisosurfcing algorithms[15].
Lindstrom and Silva investigate out-of-coremeshsimpli-
cation methodsfor someof the largestpublishedscien-
tic datasets[9]. While theseapproachesangreatlyre-
ducetriangle countswhile preservingsurface delity , and
arewell-suitedto progressie display they suffer fromlong
preprocessingmes, the needfor additionalstorageif the
full resolutionrepresentationareto bepresered,andpre-
cludeinteractize isosurbceselection.Further thesemeth-
odsprovide little bene t to otherstagesn the pipelinebe-
yondrendering.

Others have employed compressionand hierarchi-
cal methodsto quantizeddatain orderto reduceprocess-
ing, storageand/or communicationrequirementsspeci -
cally for direct volumerendering. Levoy wasthe rst to



employ hierarchicadecompositiongn aneffort to acceler
ateray castingby usingoctreesskip areasof low opacity
[8]. Thm andPark werethe rst to adapt3D waveletcom-
pressiorstrat@iesthat permitrandomaccessan essential
capabilityfor the changingaccesgpatterngequiredby 3D
datavisualization7]. Rodlertreats3D volumesasacollec-
tion of 2D slices,employing video codingmethodsto the
slicesand 2D wavelet transformswithin eachslice [12].
The wavelet hierarcly presentedy Gutheet al. is most
similarto our own, thoughtheir focusis directvolumeren-
dering, not generaldatasimpli cation [6]. All of these
methodsemploy lossy compressiorstratgies, quantizing
oating pointdatainto narrav integerrepresentationshus
requiringmultiple copiesof thedatato bemaintainedf the
original dataareto be presered.

The moregeneralapproactof usinghierarchicalap-
proximationsto representhe data setsthemseles with
varying resolutionswas introducedby Cignoni et al. [3]
andWilhelmsandVanGelder[17]. Cignonietal. generate
multiresolutionrepresentationsf scattereddatathrough
successie tetrahedrate nementof a coarsenedhitial ap-
proximation[3]. While Cignoni's methodis capableof
supportingirregular as well as regular data, at the same
time it fails to presere regularity in coarsenedepresenta-
tionsevenwhenit originally existed. Thoughnotbasecbn
wavelettheory WilhelImsandVan Gelders approximation
strat@y is moresimilarto our own, exploringasmallnum-
ber of basisfunctionsto reconstructhe eld [17]. Zhou
introducesyet anothertetrahedradbasedramework, differ-
ing from that of Cignoniin that interpolationis avoided
by relying on subsamplingmakingtheir methodmoreef-
cient, thoughlimited to regular grids [18]. For the most
partall of thesemethodsarecpuandmemoryintensie, do
not supportregion subsettingandimposesigni cant stor
ageoverhead.

Most closelyrelatedto our own efforts are thoseof
Pascucciand Frank[10]. Unlike our own wavelet-based
approach,Pascucciand Frank's methodis basedupon
SpaceFilling Curves(SPF)thatenablesubsettingandpro-
gressve accesdor regular griddeddataby simply reomga-
nizingthelayoutof thedatastorage Thesemethodsdo not
alterthedatain ary way andaretherefora@nherentlyinvert-
ible. However, coarsenedesolutionsarethennecessarily
producedy nearesheighborsamplingJeadingto inferior
approximations.

3 Algorithm

Our algorithm,describedn moredetail elsevhere[4], as-
sumes Cartesiargridded regularly spacediatavolumeof

dimensiolN, Ny N, whereeachdimensionis of size
2 for somepositiveintegerj . Thepower-of-two restriction
may be relaxed with eitherpaddingor carefulattentionto

boundaryconditions.WereorderourN, Ny N, volume
into blocksof sizeb, wherebis alsoa power of two, andas-
sociatesubsolumesconsistingof eightneighboringblocks
witha2 2 2superblo&. Foreachblockin asuperblock

S~

Figurel. Forward transformationand reorderingof four
neighboring?2D tiles composinga supertile

we apply a single passof a separablevavelet transform
using the Quincunx decompositionordering[13]. That
is, we rst transformalongthe X axis, decomposinghe
block into two subbands.We thenapply the Y direction
transformonly to the low-frequeny  coefcients result-
ing from the X transform. Similarly, we then apply the
Z axistransformonly to thenew  coefcients resulting
from the Y axis pass.After a singlecompletepassof the
wavelettransformhasbeencompletedor all the blocksin
asuperblockwe gatherthe 1 andhigh-frequeng ¢ 1
coefcients of the superblocktogetherin the mannerde-
pictedby the 2D exampleof a supertileshavnin gure 1.
After eachsuperblockhasbeentransformedin this
manney we recursvely apply the procedurgo eachsetof
coefcients producedn the previous passforming new
superblockswvith eachpass. With eachpassthe number
of available blocksis reducedby a factorof eight. Pro-
cessingstopswhenonly asingle blockremainsor aftera
userdeterminedimit is reached.

3.1 Implementation

Theparagraphabove describeourconceptuahpproachin
practice we balancememoryandef cient diskaccessap-
plying theforwardtransformusingadepth- rst, binarytree
traversalwith slabsof raw block dataservingasleafnodes.
Thedatais streamedaut-of-corewith slabsreadin sequen-



tially from disk, only asneededjn a single pass. In this

way our memoryfootprint canbe kept quite small, requir

ing only memoryto containlessthan4 Nx Ny blocks,
whereN x andN y aretheresolutionX andY volumeco-

ordinatedimensionsn blocks,respectrely. Thedepth- rst

treetraversaloperatessfollows: If anodeis aleaf node,
aslabof blocksis readinto memoryas ¢ coefcients. If a
nodeis notaleafnodeandnottheroot, theforwardwavelet
transformatioris appliedalongall threeaxisto the ; co-

ef cients storedby the node’s two childrenasindicatedin

gure 1. Theresulting ; 1 coefcients arewrittento disk
andthenew ; ; coefcients arestoredn memoryfor sub-
seqeniprocessingvhenthe nodes parentis visited. If the
nodeis theroot, or theuserde ned maximumtransforma-
tion limit is reachedthenthe ; coefcients arewritten to

disk aswell.

Theinversetransformoperatesn muchthesameway
astheforward,reading and coefcients only asneeded.
Of courseif we are reconstructinga subvolume, or the
full volumeatacoarsenedesolution,ourmemoryrequire-
mentsareevenlower. We alsonotethatthereorderingstep
canbe performedduring the transform,compressinghese
two operationsnto one.

The block basedmethodjust describechasa number
of attractionsvorth noting:

The blocks, whensizedappropriately may be trans-

formedquickly on cache-dependenticroprocessors.

By gatheringour ; coefcients into new blocks at
theendof eachtransformatiorpasswe canlesserthe
effects of block boundaryartifactstypical of block-
basecencodingschemes.

Thenumberof coefcients transformedvithin ablock
doesnot decreaseavith eachpass facilitating the use
of higherorderwaveletswith largersupports.

We caneasilyand ef ciently reconstructpproxima-
tions of subvolumesor volumesatary desiredpower-

of-two resolution.Thisis in contrasto previousblock
basedapproachesby reorderingour storageof co-

efcients suchthat coefcients are groupedby level

insteadof by spatiallocation, we can betteraccom-
modatepage-basedtorageaccessgreatly reducing
cacheandpagefaultsin the caseof in-coreaccesand
I/O operationdor out-of-coreaccess.

4 The Multir esolution Toolkit

To demonstratehe applicability of our progressie data
schemewe have implementeda suite of tools we col-
lectively call the Multiresolution Toolkit (MTK). MTK

presentlyconsistof abaseC++ objectlibrary, uponwhich
multiresolutiontools may easily be layered,a direct vol-

ume renderingapplication,MDB, extensionsto the pop-
ular commercialanalysispackage RSlI's Interactve Data
LanguatgIDL), and nally , adataimporterfor the Visual-
izationToolkit (VTK) [14].

4.1 MTK library

The baselibrary consistsof a collectionof C++ classob-
jectsfor applyingforwardandinversewavelettransforma-
tions on 3D Cartesiangridded data, as describedprevi-
ously Theclasslibrary encapsulatea 3D implementation
of theLifting methodbasedn Sweldens[5] Liftpack soft-
ware.Hence awide family of wavelettransformsaresup-
ported.Dataoperatedn by the transformatiorobjectsare
assumedo have beenpreviously blocked. Paddingis not
necessaryor non power-of-two data;the wavelet support
is adaptedasnecessary

Layeredon top of the coretransformatiornobjectli-
braryis a le API for readingandwriting wavelet coef-
cientsfrom disk. The le formatitselfis notexposed.The
API providesa simpleinterfacefor streamingput-of-core
acceswsvith transformationles; les maybereadby arbi-
trary axis-aligned block-boundedsubreions,andreador
written by slabs. The width of a slabis oneblock. In ad-
dition to storingthe actualwaveletcoefcients thewavelet
block les alsocontainasmallamountof metadatainclud-
ing min, max valuesfor eachblock. Eachapproximation
level is storedin a separatele to enablethe off-line stor
ageof the highest-frequencdetail coefcients if desired.

4.2 MDB

The Multiresolution Data Browser (MDB) implementsa
direct volume renderingenginewith supportfor progres-
sive dataaccess. In particular region subsettingis sup-
ported (axis-aligned,rectangularparallelpipeds). MDB
usesa block-based_RU cacheto improve performance.
Blocks of dataare quantizedto 8-bit quantitieson the y
at nggligible costandstoredin the datacache.The cache
size may be set arbitrarily large by the user The cache
is particularly bene cial whenmoving backandforth be-
tweenresolutionsandfor supportingtemporalanimations.
A 200time step128® volumerequiresA00MBsof memory
andis easilyaccommodatefly even a modestlyequipped
PC. Onceloadedinto main memorythe volumesmay be
streamedfor interactve temporal animations. Two di-
rectvolumerenderingenginesarecurrentlysupportedpne
basedon SGI's Volumizer[1], the otheris implemented
directly on top of OpenGLusing2D texture mapping,en-
ablinguseon PCswith commoditygraphicscards.
Becauseur algorithmpreseresthe regularity of the
data,adaptingour volume renderingenginesfor progres-
sive accesss trivial; they needonly becapableof handling
datawith varyingresolutionfrom frameto frame.We must
alsoscaleopacitiesfor the changingsamplingdistanceso
that the transluceng doesnot dependon the numberof
samplingpoints which vary for differentapproximations.
We canaccomplishthis oblivious to the renderingengine
by adjustingthe opacitylookuptable. The compostingop-
erationis non-linearand the correctequationfor opacity
adjustments o°= 1:0 1.0 o,wherenis1*!.



4.3 Extensionsto existingtools

We've extendedwo existingtoolsto take advantageof pro-
gressve dataaccess:IDL, andthe popularfreevarevisu-
alizationtoolkit, VTK [14]. IDL is a generalpurposedata
analysisandpost-processingpol thatis widely usedby re-
searchersn the earthsciences.Although recentversions
of IDL provide threadedmplementation®f mary of their
computationallyintensie intrinsic functions, mary user
de ned IDL functionsare serial. Hence,performances
oftenfar from interactive. The progressie dataaccessa-
pability we've addedto IDL cangreatlyreducethe costof
mary operations.

Similarly, we have addeda MTK dataimporter to
VTK. VTK, while possessingremendougunctionality is
notoriousfor its poor performanceon large data. Again,
progressie dataaccesgprovidesa meansfor accelerating
ary of VTK' srobustsuiteof visualizationalgorithms.

5 Results

In the sectionthat follows we presentsomeresultsfrom
our implementation. Our platform for experimentations
anSGI Octane2wvith a600Mhz,R14000processars GB's
of memory V12 graphics,and a Fiber Channelattached
RAID. Our datasetis a 200 time-step,512° solar turbu-
lentconvectionsimulationoccupying nearlyhalf aterabyte
of storage.We've transformedhe datausingthreepasses
of the Haarwavelet transform,as described resultingin
a basevolume with a resolutionof 64°. The block size
we have choserfor ourtestsis 322, which strikesabalance
betweerprocessocacheef ciency andhaving anadequate
numberof coefcients for ourtransforms.

We areinterestedn exploring several aspectf the
performanceof our method: 1) the quality of the coars-
enedapproximations) the speedat which we canrecon-
struct a given volume or subvolume to a desiredresolu-
tion, 3) theperformancéene t to our databrowser and4)
forwardtransformperformanceThis lastmetric, oftenig-
noredelsevhere,is animportantconsiderationparticularly
when dealingwith time varying datapossessingnultiple
time stepswith high spatialresolutions.

Figure 2 shawvs a volumevisualizationsof our turbu-
lencedatasetthat hasbeendirect volumerenderedusing
VTK's softwareray caster Eachcoarseningn resolution
represents factorof eightreductionin dataanda corre-
spondingreductionin storage,communication,and pro-
cessingcosts. Clearly the image degradesat lower reso-
lutions, but eventhe 128® approximationswhich represent
1/64thof the original data,presere the overall structureof
the simulation. Only the nest detailsarelost andimages
of this delity may still be usedto identify the location,
or obsene dynamics,of the large scalevortices. At 256°
hardly any degradationis obsened andit is dif cult to ar
guethatthe higher delity imagesresultingfrom the 512
datawarrantthe expensen their computatiorfor the view
point selected Clearlyif we wereto zoomin on afeature,

Tablel. Timingsin secondgor subregion extraction

| Size | Transform]| /O | Total [ SPFmethod |

128 | 0.09 0.31| 0.40 | 0.56
256° | 0.19 0.56 | 0.75 | 0.57
512 | 0.31 0.82] 1.16 | 0.65
1024 | 0.39 1.64| 2.02 | 0.70

the higherresolutiondatawould be desirable.But in this
caseview frustum clipping would eliminate much of the
domainfrom the eld of view, permittingusto subsethe
volumeandavoid reconstructiorof the entiredomain.

To demonstratescalability and test the ef ciency of
reconstructiorwe ran two different experimentsusing a
1024 upsampledrersionof our 512° data. The forward
wavelet transformationwas applied using four passege-
sultingin abaseresolutionof 64°. In our rst performance
experimentwe look at the ef ciency of extractinga 128°
subvolumefrom the centerof the domainat varyingtrans-
formationlevels. Tablel shavstheaveragetimingsfor the
I/O andthe computationof the reconstructiontransforma-
tionitself. Also shavnis thetotalreconstructionime using
the SPFmethodof PascuccandFrank.We obsenrethatthe
costsof bothl/O andthewavelettransformatiorincreasen
proportionto the numberof passesequiredto reconstruct
thesubrolume. Thisresultis expectedaswith eachpasshe
numberof additionalcoefcients requiredto reconstruca
sulvolumeof constandimensionremainsconstant.How-
ever, evenin the caseof the 1024 volumethe extraction
takesonly acoupleof secondsWe alsonotethatl/O domi-
nateshereconstructiortosts,emphasizindhow little over
headour datarepresentatioimposes.Lastly, we notethat
the SPFmethod,which doesnot rely on datatransforma-
tions, hasnearconstanperformance.

In oursecondxperimentwe look atthecostof recon-
structingthe entirevolume domainat varying resolutions.
Again our baseresolutionis 64°. Table2 shavs thetime
distributionsfor our methodandagain compareghe total
time with the SPFapproach.The coarsestolumein our
testis 64° which is the resolutionof our transformedase
volume. Hence,thereare only I/O costsfor reconstruct-
ing this volumeandno transformatiorcosts.As we would
expect, the costsincreasein linearly with the total num-
ber of samples.However, unlike with our subvolume ex-
tractionexperimentsthe transformatiorand|/O costsare
more balancedor full volumereconstructions We spec-
ulate that this is dueto ef ciency gainsin the I/O stage
which canreadin larger chunksof contiguousdatawhen
not extractinga subvolume. We notethatthe goodbalance
betweerthe /O andtransformatiorpointsto future possi-
ble ef ciency gainshby pipelining thesesteps. Finally, we
notethatunlike with subreion extractionthe costsof the
SPFmethodgrown exponentiallywith the numberof sam-
ples.

Forward transformationcostsare an importantcon-



Figure2. The Rastturbulencedatasetdirect volume renderedat approximatiornresolutionsof 128 and256°, and native

512 resolutionfrom left to right.

Table2. Timingsin secondsgor full domainreconstuction

| Size | Transform| I/O | Total | SPFmethod |

64 |0.0 0.13] 0.13 | 0.10
128 | 0.11 0.22] 0.33 | 0.60
256° | 1.21 114|236 | 17.43
512 | 11.01 9.85| 20.86 | 278.17

Table3. Timingsfor threepassesf forwardtransform

| Size | Read | Write | Trans.| Total [ Memory |
256° 1.3 0.5 1.1 2.9 28 MBs
5128 15.6 | 3.9 8.8 28.3 | 92MBs
1024 | 207.7| 42.7 | 67.1 307.5| 351MBs

siderationfor extremelylarge datasets. Table3 shaws the
time in seconddor readingraw datafrom disk, applying
threepasse®f the forward transform,andwriting the co-
ef cients backto disk. The amountof processomemory
allocatedasreportedby theIRIX operatingsystemjs also
shavn. We notethatunlike otherprogressie accessneth-
odsreportedin the literature,forward transformationlike
the inverse,is quite fast, and again the 1/0O times domi-
nate. We also seethat as expectedour memoryrequire-
mentsgrow only with N 2, making possiblethe transfor
mationof a 1024 dataset, which occupiesAGBsof disk
spaceusinglessthan400MBs of mainmemaory

Finally, we look at applicationperformance Table4
shavs renderingratesof our multiresolutiondirectvolume
rendererMDB, andTable5 shavstheperformancef IDL
computingahistogramatvariousresolutions As wewould
expect, as the resolutiondecreaseshe performancein-
creasesHowever, in both casesastheresolutionbecomes
extremely coarsethe inverseresolution/performanceela-
tion becomeshon-linear;the speedups not aswe'd hope.

Table4. Performancef volumerenderingwith MDB

| (64 [ 126 [ 256 | 512 |
FPS 13.0(6.0 |19 |03
Speedup| 47.1| 22.0 | 6.9 | 1.0

Table5. Performancef computinga histogranmwith IDL

| [ 64° [ 128 | 256° | 512 |
| Time/sec| 048] 0.9 [26 [21.2
| Speedup| 44.0| 236 | 81 | 1.0

We expectthisis dueto otherfactors(e.g. setuptime) that
begin to dominatethe executiontime. Neverthelesshighly
interactve ratesareachiezed with the coarsedata.

6 Discussion

As researcheremplo/ing numericalmodelsstrive to re-
solve detailsin their simulationsat ner and ner scales,
computationagrids andthe resultingdatasetsthey gener
ate have reachedextraordinarysizes. Interactve analysis
andpostprocessingf thesedataattheir native resolutions
requirescomputationatesourcest leaston parwith those
thatproducedhedata.Unfortunatelyour experienceatthe
National Centerfor AtmosphericResearcthasbeenthat
analysisplatformsof this scaleare seldomavailable. As
a result, mary numericalmodelersare now facedwith a
delugeof datathatthey areill-equippedto handle. Their
challengds oftennotto computebut to analyze.

While it is hopedthat thesedatasetswere not gen-
eratedor acquiredat suchgreatscalesneedlesslyit is not
necessarilthe casethatthe full resolutiondataareessen-
tial for all aspect®f analysis.In particular highly effective



databrowsing or discorery may be possibleusing lower
resolutionapproximationsf greateiinteractvity is enabled
andthefull resolutiondatais preseredfor subsequerfur-
ther analysisof detectedeaturesof interest[11, 2]. It is
this paradigm- interactve browsingof coarsenedata,fol-
lowed by possiblynon-interactre deeperanalysisof fea-
turesin a reduceddomain— that our datarepresentation
schemdamets.

7 Conclusions

We have presentecda collection of tools that enableex-
ploratory dataanalysisof vastdatasetsby taking adwvan-
tageof our wavelet-basedprogressie accesdatarepre-
sentationscheme. Our toolkit permitsmary existing ap-
plicationsto be easilyextendedto supportprogressie ac-
cess.Thedatarepresentatioenablesighly ef cient sim-
pli cation andlosslesseconstructiorf oating pointdata
atprogressiely ner resolutionsmakingthemethodanat-
tractive alternatve to the corventionalZ-orderedstorageof
arrays.By simplifying thedataset,asopposedo simplify-
ing visualizationoutputprimitives, we standto accelerate
theentirevisualizationprocess.

We anticipateextendingour researclin severaldirec-
tions. Higherorderwavelets,thoughmore computation-
ally comple, could provide moreaccurateaepresentations
of the coarsenediatathanthosepossiblewith the highly
computationallyef cient Haartransform,allowing further
speed/qualitytradeofs. Losslesscompressiommight also
be explored to reducestoragerequirements. Irregularly
spaceddatamight also be accommodatethoughthe use
of secondyeneratiorwavelets.
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