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Abstract

We presentthe MultiresolutionToolkit (MTK), a wavelet
basedsoftwaresystemfor enablingprogressive accessto
large, regular griddeddatasets.Transformationsinto and
out of the wavelet domainusing our methodsare highly
ef�cient, permitting application usersto make effective
speed/qualitytradeoffs. The transformationsoperateon
�oating point data,aresimpleto implement,andlossless,
makingour approacha viable alternative datarepresenta-
tion format. The methodmay be easily incorporatedinto
new or existing visualizationandanalysistools with only
minor modi�cation. We demonstratetheutility of our sys-
tembyexploringalargeturbulencesimulationonadesktop
workstationusinga collectionof multiresolutionapplica-
tionswehave developedor extendedwith MTK.
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1 Intr oduction

In numerousscienti�c disciplinesthe ability to generate
data,either throughinstrumentationor numericalsimula-
tion, hasout-strippedour ability to manipulate,visualize
andanalyzethesedata. The result is that many datasets,
oftenproducedat greatexpense,arenot fully investigated.
In this paperwe describea wavelet-basedsoftwaresystem
thatprovidesprogressivedataaccess,enablinggreatreduc-
tion in computingresourcesrequiredto operateon these
data setsby providing reducedapproximationsto them.
The underlyingpremisefor this work is that many forms
of scienti�c inquiry canbeperformedusingcoarsened,and
thereforlessresourceintensive,approximationsof thedata.
Theinformationextractedfrom theseapproximationsmay
besuf�cient for thetaskathandor in many casesmayserve
to simplynarrow thedomain(spatialand/ortemporal)upon
whichfurtherinvestigationmaybeconductedatgreaterde-
tail. Thoughothershave proposedhierarchicaldatarepre-
sentationschemes[17, 3, 10, 18], to our knowledgeour
methodis theonly onethatoffersall of the following im-
portanttraits:

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

permittingextremely large datasetsto be processed
usingonly amodestmemoryfootprint.

� High ef�ciency: Bothinverseandforwardtransforms
arehighly cpuandI/O ef�cient.

� Subsetting: Subregions of the datamay easily and
ef�ciently beextractedat varyingresolutions.

� Minimal storage overhead: Only a few bytes of
headerinformationare required,typically represent-
ing lessthan0:01%of thedata.

� Resampling: Approximationsare producedby re-
sampling the original data, not by simply subsam-
pling.

2 PreviousWork

Thechallengesposedby largedataanalysisarenot limited
to thenumericalsimulationcommunity, or visualizationin
general.Muchwork hasbeendonein theareaof compres-
sion,possiblycombininghierarchicalrepresentation,with
an aim towardsenablinginteractive displayby permitting
speed/qualitytradeoffs.

Triangle meshsimpli�cation methodshave demon-
stratedthe utility of datacoarseningcombinedwith pro-
gressive re�nement for the display of the largesttriangle
meshes[16]. In theareaof datavisualization,Schroederet
al. wereprobablythe �rst to applymeshsimpli�cation to
addressthenotoriousproblemof over tesselationwith the
marchingcubesand relatedisosurfacingalgorithms[15].
LindstromandSilva investigateout-of-coremeshsimpli-
�cation methodsfor someof the largestpublishedscien-
ti�c datasets[9]. While theseapproachescangreatlyre-
ducetrianglecountswhile preservingsurface�delity , and
arewell-suitedto progressivedisplay, they suffer from long
preprocessingtimes,the needfor additionalstorageif the
full resolutionrepresentationsareto bepreserved,andpre-
cludeinteractive isosurfaceselection.Further, thesemeth-
odsprovide little bene�t to otherstagesin thepipelinebe-
yondrendering.

Others have employed compressionand hierarchi-
cal methodsto quantizeddatain orderto reduceprocess-
ing, storageand/orcommunicationrequirementsspeci�-
cally for direct volumerendering. Levoy was the �rst to



employ hierarchicaldecompositionsin aneffort to acceler-
ateray castingby usingoctreesskip areasof low opacity
[8]. Ihm andPark werethe�rst to adapt3D waveletcom-
pressionstrategiesthatpermit randomaccess,anessential
capabilityfor thechangingaccesspatternsrequiredby 3D
datavisualization[7]. Rodlertreats3Dvolumesasacollec-
tion of 2D slices,employing videocodingmethodsto the
slicesand 2D wavelet transformswithin eachslice [12].
The wavelet hierarchy presentedby Gutheet al. is most
similar to ourown, thoughtheir focusis directvolumeren-
dering, not generaldatasimpli�cation [6]. All of these
methodsemploy lossycompressionstrategies,quantizing
�oating pointdatainto narrow integerrepresentations,thus
requiringmultiplecopiesof thedatato bemaintainedif the
originaldataareto bepreserved.

Themoregeneralapproachof usinghierarchicalap-
proximationsto representthe data sets themselves with
varying resolutionswas introducedby Cignoni et al. [3]
andWilhelmsandVanGelder[17]. Cignonietal. generate
multiresolutionrepresentationsof scattereddata through
successive tetrahedralre�nementof a coarsenedinitial ap-
proximation [3]. While Cignoni's methodis capableof
supportingirregular as well as regular data,at the same
time it fails to preserve regularity in coarsenedrepresenta-
tionsevenwhenit originally existed.Thoughnot basedon
wavelet theory, WilhelmsandVanGelder's approximation
strategy is moresimilar to ourown, exploringasmallnum-
ber of basisfunctionsto reconstructthe �eld [17]. Zhou
introducesyet anothertetrahedrabasedframework, differ-
ing from that of Cignoni in that interpolationis avoided
by relying on subsampling,makingtheir methodmoreef-
�cient, thoughlimited to regular grids [18]. For the most
partall of thesemethodsarecpuandmemoryintensive,do
not supportregion subsetting,andimposesigni�cant stor-
ageoverhead.

Most closely relatedto our own efforts are thoseof
Pascucciand Frank [10]. Unlike our own wavelet-based
approach,Pascucciand Frank's method is basedupon
SpaceFilling Curves(SPF)thatenablesubsettingandpro-
gressive accessfor regulargriddeddataby simply reorga-
nizingthelayoutof thedatastorage.Thesemethodsdonot
alterthedatain any wayandarethereforeinherentlyinvert-
ible. However, coarsenedresolutionsarethennecessarily
producedby nearestneighborsampling,leadingto inferior
approximations.

3 Algorithm

Our algorithm,describedin moredetailelsewhere[4], as-
sumesaCartesiangridded,regularlyspaceddatavolumeof
dimensionNx � Ny � Nz whereeachdimensionis of size
2j for somepositiveintegerj . Thepower-of-two restriction
maybe relaxedwith eitherpaddingor carefulattentionto
boundaryconditions.WereorderourNx � Ny � Nz volume
into blocksof sizeb, wherebis alsoapowerof two,andas-
sociatesubvolumesconsistingof eightneighboringblocks
with a2� 2� 2 superblock . For eachblockin asuperblock
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Figure1. Forward transformationandreorderingof four
neighboring2D tilescomposingasupertile

we apply a single passof a separablewavelet transform
using the Quincunx decompositionordering [13]. That
is, we �rst transformalong the X axis, decomposingthe
block into two subbands.We thenapply the Y direction
transformonly to the low-frequency � coef�cients result-
ing from the X transform. Similarly, we then apply the
Z axis transformonly to the new � coef�cients resulting
from theY axispass.After a singlecompletepassof the
wavelettransformhasbeencompletedfor all theblocksin
asuperblock,wegatherthe� 0� 1 andhigh-frequency 
 0� 1

coef�cients of the superblocktogetherin the mannerde-
pictedby the2D exampleof asupertileshown in �gure 1.

After eachsuperblockhasbeentransformedin this
manner, we recursively apply theprocedureto eachsetof
� coef�cients producedin thepreviouspass,forming new
superblockswith eachpass. With eachpassthe number
of available� blocksis reducedby a factorof eight. Pro-
cessingstopswhenonly asingle� block remainsor aftera
user-determinedlimit is reached.

3.1 Implementation

Theparagraphsabovedescribeourconceptualapproach.In
practice,we balancememoryandef�cient disk access,ap-
plying theforwardtransformusingadepth-�rst,binarytree
traversalwith slabsof raw blockdataservingasleafnodes.
Thedatais streamedout-of-corewith slabsreadin sequen-



tially from disk, only asneeded,in a singlepass. In this
way our memoryfootprint canbekeptquitesmall,requir-
ing only memoryto containlessthan4� N x � N y blocks,
whereN x andN y aretheresolutionX andY volumeco-
ordinatedimensionsin blocks,respectively. Thedepth-�rst
treetraversaloperatesasfollows: If a nodeis a leaf node,
aslabof blocksis readinto memoryas� 0 coef�cients. If a
nodeis notaleafnodeandnottheroot,theforwardwavelet
transformationis appliedalongall threeaxis to the � j co-
ef�cients storedby thenode's two childrenasindicatedin
�gure 1. Theresulting
 j � 1 coef�cients arewritten to disk
andthenew � j � 1 coef�cients arestoredin memoryfor sub-
seqentprocessingwhenthenode's parentis visited. If the
nodeis theroot,or theuser-de�ned maximumtransforma-
tion limit is reached,thenthe� j coef�cients arewritten to
diskaswell.

Theinversetransformoperatesin muchthesameway
astheforward,reading� and
 coef�cients only asneeded.
Of courseif we are reconstructinga subvolume, or the
full volumeatacoarsenedresolution,ourmemoryrequire-
mentsareevenlower. Wealsonotethatthereorderingstep
canbeperformedduringthetransform,compressingthese
two operationsinto one.

Theblock basedmethodjust describedhasa number
of attractionsworthnoting:

� The blocks,whensizedappropriately, may be trans-
formedquickly oncache-dependentmicroprocessors.

� By gatheringour � j coef�cients into new blocks at
theendof eachtransformationpass,wecanlessenthe
effects of block boundaryartifactstypical of block-
basedencodingschemes.

� Thenumberof coef�cients transformedwithin ablock
doesnot decreasewith eachpass,facilitating theuse
of higher-orderwaveletswith largersupports.

� We caneasilyand ef�ciently reconstructapproxima-
tionsof subvolumesor volumesatany desiredpower-
of-two resolution.Thisis in contrastto previousblock
basedapproaches;by reorderingour storageof co-
ef�cients suchthat coef�cients aregroupedby level
insteadof by spatial location, we can betteraccom-
modatepage-basedstorageaccess,greatly reducing
cacheandpagefaultsin thecaseof in-coreaccessand
I/O operationsfor out-of-coreaccess.

4 The Multir esolutionToolkit

To demonstratethe applicability of our progressive data
schemewe have implementeda suite of tools we col-
lectively call the Multiresolution Toolkit (MTK). MTK
presentlyconsistsof abaseC++objectlibrary, uponwhich
multiresolutiontools may easilybe layered,a direct vol-
ume renderingapplication,MDB, extensionsto the pop-
ular commercialanalysispackage,RSI's Interactive Data
Languate(IDL), and�nally , adataimporterfor theVisual-
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 encapsulatesa 3D implementation
of theLifting methodbasedonSwelden's[5] Liftpack soft-
ware.Hence,a wide family of wavelettransformsaresup-
ported.Dataoperatedon by thetransformationobjectsare
assumedto have beenpreviously blocked. Paddingis not
necessaryfor non power-of-two data;the wavelet support
is adaptedasnecessary.

Layeredon top of the core transformationobject li-
brary is a �le API for readingandwriting wavelet coef�-
cientsfrom disk. The�le formatitself is not exposed.The
API providesa simpleinterfacefor streaming,out-of-core
accesswith transformation�les; �les maybereadby arbi-
trary axis-aligned,block-boundedsubregions,andreador
written by slabs.Thewidth of a slabis oneblock. In ad-
dition to storingtheactualwaveletcoef�cients thewavelet
block�les alsocontainasmallamountof metadata,includ-
ing min, max valuesfor eachblock. Eachapproximation
level is storedin a separate�le to enabletheoff-line stor-
ageof thehighest-frequency detailcoef�cients if desired.

4.2 MDB

The Multiresolution Data Browser (MDB) implementsa
direct volumerenderingenginewith supportfor progres-
sive dataaccess. In particular, region subsettingis sup-
ported (axis-aligned,rectangularparallelpipeds). MDB
usesa block-basedLRU cacheto improve performance.
Blocks of dataarequantizedto 8-bit quantitieson the �y
at negligible costandstoredin thedatacache.Thecache
size may be set arbitrarily large by the user. The cache
is particularlybene�cial whenmoving backandforth be-
tweenresolutionsandfor supportingtemporalanimations.
A 200timestep1283 volumerequires400MBsof memory
andis easilyaccommodatedby evena modestlyequipped
PC. Onceloadedinto main memorythe volumesmay be
streamedfor interactive temporal animations. Two di-
rectvolumerenderingenginesarecurrentlysupported,one
basedon SGI's Volumizer [1], the other is implemented
directly on top of OpenGLusing2D texturemapping,en-
ablinguseonPCswith commoditygraphicscards.

Becauseour algorithmpreservestheregularity of the
data,adaptingour volumerenderingenginesfor progres-
siveaccessis trivial; they needonly becapableof handling
datawith varyingresolutionfrom frameto frame.Wemust
alsoscaleopacitiesfor thechangingsamplingdistancesso
that the translucency doesnot dependon the numberof
samplingpointswhich vary for differentapproximations.
We canaccomplishthis oblivious to the renderingengine
by adjustingtheopacitylookuptable.Thecompostingop-
erationis non-linearand the correctequationfor opacity
adjustmentis o0 = 1:0 � n

p
1:0 � o, wheren is 1j +1 .



4.3 Extensionsto existing tools

We'veextendedtwo existingtoolsto takeadvantageof pro-
gressive dataaccess:IDL, andthe popularfreewarevisu-
alizationtoolkit, VTK [14]. IDL is a generalpurposedata
analysisandpost-processingtool thatis widely usedby re-
searchersin the earthsciences.Although recentversions
of IDL provide threadedimplementationsof many of their
computationallyintensive intrinsic functions,many user-
de�ned IDL functionsare serial. Hence,performanceis
oftenfar from interactive. Theprogressive dataaccessca-
pability we've addedto IDL cangreatlyreducethecostof
many operations.

Similarly, we have addeda MTK data importer to
VTK. VTK, while possessingtremendousfunctionality, is
notoriousfor its poor performanceon large data. Again,
progressive dataaccessprovidesa meansfor accelerating
any of VTK' s robustsuiteof visualizationalgorithms.

5 Results

In the sectionthat follows we presentsomeresultsfrom
our implementation.Our platform for experimentationis
anSGIOctane2with a600Mhz,R14000processor, 5 GB's
of memory, V12 graphics,and a Fiber Channelattached
RAID. Our dataset is a 200 time-step,5123 solar turbu-
lentconvectionsimulationoccupying nearlyhalf a terabyte
of storage.We've transformedthedatausingthreepasses
of the Haar wavelet transform,as described,resultingin
a basevolume with a resolutionof 643. The block size
wehavechosenfor our testsis 323, whichstrikesabalance
betweenprocessorcacheef�ciency andhaving anadequate
numberof coef�cients for our transforms.

We areinterestedin exploring several aspectsof the
performanceof our method: 1) the quality of the coars-
enedapproximations,2) thespeedat which we canrecon-
struct a given volume or subvolume to a desiredresolu-
tion, 3) theperformancebene�t to ourdatabrowser, and4)
forwardtransformperformance.This lastmetric,oftenig-
noredelsewhere,is animportantconsideration,particularly
whendealingwith time varying datapossessingmultiple
timestepswith highspatialresolutions.

Figure2 shows a volumevisualizationsof our turbu-
lencedataset that hasbeendirect volumerenderedusing
VTK' s softwareray caster. Eachcoarseningin resolution
representsa factorof eight reductionin dataanda corre-
spondingreductionin storage,communication,and pro-
cessingcosts. Clearly the imagedegradesat lower reso-
lutions,but eventhe1283 approximations,whichrepresent
1/64thof theoriginaldata,preserve theoverall structureof
thesimulation. Only the �nest detailsarelost andimages
of this �delity may still be usedto identify the location,
or observe dynamics,of the large scalevortices. At 2563

hardlyany degradationis observedandit is dif�cult to ar-
guethat thehigher�delity imagesresultingfrom the5123

datawarranttheexpensein their computationfor theview
point selected.Clearly if we wereto zoomin on a feature,

Table1. Timingsin secondsfor subregionextraction

Size Transform I/O Total SPFmethod
1283 0.09 0.31 0.40 0.56
2563 0.19 0.56 0.75 0.57
5123 0.31 0.82 1.16 0.65
10243 0.39 1.64 2.02 0.70

the higherresolutiondatawould be desirable.But in this
caseview frustum clipping would eliminatemuch of the
domainfrom the �eld of view, permittingus to subsetthe
volumeandavoid reconstructionof theentiredomain.

To demonstratescalabilityand test the ef�ciency of
reconstructionwe ran two different experimentsusing a
10243 upsampledversionof our 5123 data. The forward
wavelet transformationwas appliedusing four passesre-
sultingin abaseresolutionof 643. In our �rst performance
experimentwe look at the ef�ciency of extractinga 1283

subvolumefrom thecenterof thedomainat varyingtrans-
formationlevels.Table1 showstheaveragetimingsfor the
I/O andthecomputationof thereconstructiontransforma-
tion itself. Also shown is thetotalreconstructiontimeusing
theSPFmethodof PascucciandFrank.Weobservethatthe
costsof bothI/O andthewavelettransformationincreasein
proportionto thenumberof passesrequiredto reconstruct
thesubvolume.Thisresultis expectedaswith eachpassthe
numberof additionalcoef�cients requiredto reconstructa
subvolumeof constantdimensionremainsconstant.How-
ever, even in the caseof the 10243 volumethe extraction
takesonly acoupleof seconds.WealsonotethatI/O domi-
natesthereconstructioncosts,emphasizinghow little over-
headour datarepresentationimposes.Lastly, we notethat
the SPFmethod,which doesnot rely on datatransforma-
tions,hasnear-constantperformance.

In oursecondexperimentwelook atthecostof recon-
structingtheentirevolumedomainat varying resolutions.
Again our baseresolutionis 643. Table2 shows the time
distributionsfor our methodandagain comparesthe total
time with the SPFapproach.The coarsestvolumein our
testis 643 which is theresolutionof our transformedbase
volume. Hence,thereareonly I/O costsfor reconstruct-
ing this volumeandno transformationcosts.As we would
expect, the costsincreasein linearly with the total num-
ber of samples.However, unlike with our subvolumeex-
tractionexperiments,the transformationandI/O costsare
morebalancedfor full volumereconstructions.We spec-
ulate that this is due to ef�ciency gains in the I/O stage
which canreadin larger chunksof contiguousdatawhen
not extractinga subvolume.We notethatthegoodbalance
betweentheI/O andtransformationpointsto futurepossi-
ble ef�ciency gainsby pipelining thesesteps.Finally, we
notethat unlike with subregion extractionthe costsof the
SPFmethodgrow exponentiallywith the numberof sam-
ples.

Forward transformationcostsare an importantcon-



Figure2. The Rastturbulencedatasetdirect volumerenderedat approximationresolutionsof 1283 and2563, andnative
5123 resolution,from left to right.

Table2. Timingsin secondsfor full domainreconstuction

Size Transform I/O Total SPFmethod
643 0.0 0.13 0.13 0.10
1283 0.11 0.22 0.33 0.60
2563 1.21 1.14 2.36 17.43
5123 11.01 9.85 20.86 278.17

Table3. Timingsfor threepassesof forwardtransform

Size Read Write Trans. Total Memory
2563 1.3 0.5 1.1 2.9 28MBs
5123 15.6 3.9 8.8 28.3 92MBs
10243 207.7 42.7 67.1 307.5 351MBs

siderationfor extremelylargedatasets.Table3 shows the
time in secondsfor readingraw datafrom disk, applying
threepassesof the forward transform,andwriting theco-
ef�cients backto disk. The amountof processormemory
allocated,asreportedby theIRIX operatingsystem,is also
shown. We notethatunlike otherprogressive accessmeth-
odsreportedin the literature,forward transformation,like
the inverse,is quite fast, and again the I/O times domi-
nate. We also seethat as expectedour memoryrequire-
mentsgrow only with N 2, making possiblethe transfor-
mationof a 10243 dataset,which occupies4GBsof disk
space,usinglessthan400MBs of mainmemory.

Finally, we look at applicationperformance.Table4
shows renderingratesof ourmultiresolutiondirectvolume
renderer, MDB, andTable5 showstheperformanceof IDL
computingahistogramatvariousresolutions.As wewould
expect, as the resolutiondecreasesthe performancein-
creases.However, in bothcasesastheresolutionbecomes
extremelycoarsethe inverseresolution/performancerela-
tion becomesnon-linear;thespeedupis not aswe'd hope.

Table4. Performanceof volumerenderingwith MDB

643 1283 2563 5123

FPS 13.0 6.0 1.9 0.3
Speedup 47.1 22.0 6.9 1.0

Table5. Performanceof computingahistogramwith IDL

643 1283 2563 5123

Time/sec 0.48 0.9 2.6 21.2
Speedup 44.0 23.6 8.1 1.0

We expectthis is dueto otherfactors(e.g.setuptime) that
begin to dominatetheexecutiontime. Nevertheless,highly
interactive ratesareachievedwith thecoarserdata.

6 Discussion

As researchersemploying numericalmodelsstrive to re-
solve detailsin their simulationsat �ner and�ner scales,
computationalgridsandtheresultingdatasetsthey gener-
atehave reachedextraordinarysizes. Interactive analysis
andpostprocessingof thesedataat theirnative resolutions
requirescomputationalresourcesat leaston parwith those
thatproducedthedata.Unfortunatelyourexperienceat the
National Centerfor AtmosphericResearchhasbeenthat
analysisplatformsof this scaleareseldomavailable. As
a result, many numericalmodelersare now facedwith a
delugeof datathat they areill-equippedto handle. Their
challengeis oftennot to computebut to analyze.

While it is hopedthat thesedatasetswerenot gen-
eratedor acquiredat suchgreatscalesneedlessly, it is not
necessarilythecasethat the full resolutiondataareessen-
tial for all aspectsof analysis.In particular, highly effective



databrowsing or discovery may be possibleusing lower
resolutionapproximationsif greaterinteractivity is enabled
andthefull resolutiondatais preservedfor subsequentfur-
ther analysisof detectedfeaturesof interest[11, 2]. It is
thisparadigm– interactivebrowsingof coarseneddata,fol-
lowed by possiblynon-interactive deeperanalysisof fea-
tures in a reduceddomain– that our datarepresentation
schemetargets.

7 Conclusions

We have presenteda collection of tools that enableex-
ploratorydataanalysisof vastdatasetsby taking advan-
tageof our wavelet-based,progressive accessdatarepre-
sentationscheme.Our toolkit permitsmany existing ap-
plicationsto beeasilyextendedto supportprogressive ac-
cess.Thedatarepresentationenableshighly ef�cient sim-
pli�cation andlosslessreconstructionof �oating pointdata
atprogressively �ner resolutions,makingthemethodanat-
tractivealternativeto theconventionalZ-orderedstorageof
arrays.By simplifying thedataset,asopposedto simplify-
ing visualizationoutputprimitives,we standto accelerate
theentirevisualizationprocess.

Weanticipateextendingour researchin severaldirec-
tions. Higher-order wavelets, thoughmore computation-
ally complex, couldprovide moreaccuraterepresentations
of the coarseneddatathanthosepossiblewith the highly
computationallyef�cient Haartransform,allowing further
speed/qualitytradeoffs. Losslesscompressionmight also
be explored to reducestoragerequirements. Irregularly
spaceddatamight alsobe accommodatedthoughthe use
of secondgenerationwavelets.
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