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Abstract

We presenta new parallel multiresolutionvolumerenderingframework for large-scaletime-varyingdata visu-
alizationusingthewavelet-basedtime-spacepartitioning (WTSP)tree. Utilizing thewavelettransform,a large-
scaletime-varyingdatasetis convertedinto a space-timemultiresolutiondatahierarchy, andis storedin a time-
spacepartitioning(TSP)tree. To eliminatetheparent-child datadependencyfor reconstructionandachieveload-
balancedrendering, we designan algorithm to partition the WTSPtreeand distribute the wavelet-compressed
data along hierarchical space-�lling curveswith error-guidedbucketization.At run time, the WTSPtreeis tra-
versedaccording to theuser-speci�edtimestepandtolerancesof bothspatialandtemporal errors. Data blocks
of different spatio-temporal resolutionsare reconstructedand rendered to composethe �nal image in parallel.
We demonstrate that our algorithm can reducethe run-time communicationcost to a minimumand ensure a
well-balancedworkloadamongprocessorswhenvisualizinggigabytesof time-varyingdataona PCcluster.

1. Intr oduction

While directvolumerenderingtechniquesusing3D texture
mappinghardwarehave madeit possibleto visualizestatic
three-dimensionalor smalltime-varyingdatasetsat interac-
tive framerates,thechallengeis to manageandrendervery
large-scaledatasets.Nowadays,acomplex scienti�c simula-
tion cangenerateoutputwith hundredsor thousandsof time
steps,and eachtime stepcan containmillions or billions
of voxels. While it is not unusualnow for a simulationto
produceterabytesor petabytesof data,theavailabletexture
memoryin the state-of-the-arthigh-endgraphicshardware
is limited to only severalhundredmegabytes.Thisgreatdis-
parity makes it very dif�cult to develop visualizationsys-
temsthat canscaleadequately. As the speedof processors
and the sizeof disk andmemorycontinueto increase,the
sizeof datasetswill likely increaseat an even higherrate.
As a result,thegapbetweenthedatasizeandour ability to
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performinteractive visualizationwill widen in the foresee-
ablefuture.

A viablesolutionto addressthis discrepancy is to reduce
theactualamountof datasentto therenderingpipeline.For
instance,to give theusera quick overview of thedata,it is
usefulto rendera largetime-varyingdatasetat lowerspatial
and/ortemporalresolutions.As theuserzoomsinto thedata
andrequestsfurtherdetailsin local regionsor time intervals
of interest,differentportionsof thedatacanberetrievedand
renderedat their higherresolutionson demand.To support
thiskind of “overview �r st,zoomand�lter , andthendetails-
on-demand” dataexploration paradigm[Shn96], it is cru-
cial to provide an ef�cient spatio-temporalmultiresolution
datamanagementandrenderingframework, in which vari-
ousamountof dataat differentspatio-temporalresolutions
canbeextractedfrom themultiresolutiondatahierarchy and
usedfor rendering.

Previously, researchershave introducedanumberof tech-
niques for encoding and rendering of large-scalestatic
volumes[ZCK97, LHJ99, GWGS02] andtime-varyingdata
[SCM99, GS01, SBS02] on a single PC, but fewer stud-
ieshave focusedon designingmultiresolutiondatamanage-
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mentandrenderingalgorithmsfor large-scaletime-varying
data in parallel computingenvironment.In this paper, we
presentaframework of managingandvisualizinglarge-scale
time-varying data setsfor multiresolutionvolume render-
ing over a PC cluster. In our algorithm, a data structure,
calledawavelet-basedtime-spacepartitioning(WTSP)tree,
is utilized to convert the time-varying datainto a wavelet-
compressedmultiresolutiondatarepresentation.To deploy
the multiresolutionframework over a PC cluster, we intro-
duceanalgorithmto partition theWTSPtreeinto distribu-
tion units, anddistributethepartitioneddataalonghierarchi-
cal space-�lling curvesamongdifferentprocessors,guided
by a hierarchical spatialandtemporal error metric. Our al-
gorithm caneliminatethe datadependency amongproces-
sorsandbalancetheworkloadof volumerendering.

Theremainderof thepaperis organizedasfollows: First,
we review relatedwork in Section2. In Section3, we de-
scribeour multiresolutionvolume renderingframework in
detail, including multiresolutiondata representationusing
the WTSPtree,WTSPtreepartition anddatadistribution,
andrun-timeparallelvolumerendering.Resultsonmultires-
olution renderingandload balancingover a PC clusterare
givenin Section4. Thepaperis concludedin Section5 with
futurework for our research.

2. RelatedWork

In this section,we give a brief review of relatedwork in the
areasof multiresolutiondatarepresentation,wavelet trans-
form andcompression,andparallelvolumerendering.

Multir esolutionData Representation:Having thecapa-
bility of visualizingdataat differentresolutionsallows the
userto identify featuresin differentscales,and to balance
imagequality and computationspeed.A numberof tech-
niqueshavebeenintroducedtoprovidehierarchicaldatarep-
resentationandindexing schemesfor three-dimensionalvol-
umetricdata[BA83, Wes94, GY95, LHJ99, BNS01, PF01].
For time-varying data hierarchicalrepresentation,Finkel-
stein et al. [FJS96] proposedmultiresolutionvideo, a rep-
resentationfor time-varyingimagedatathatallowsfor vary-
ing spatialand temporalresolutionsadaptive to the video
sequence.An approachfor dealingwith large-scaletime-
varying �elds wasdescribedin [SCM99, ECS00]. Thedata
structure,calledthe time-spacepartitioning (TSP)tree, en-
codesthespatialandtemporalcoherenceof thedata.Linsen
et al. [LPD� 02] presenteda four-dimensionalmultiresolu-
tion approachfor time-varying volume data that supports
a hierarchy with spatial and temporalscalability. In their
scheme,temporalandspatialdimensionsaretreatedequally
in asinglehierarchicalframework.

Wavelet Transform and Compression: Over the past
decade,many wavelet-basedtechniqueshavebeenappliedto
compress,manage,and renderthree-dimensionalvolumet-
ric data[Mur92, IP98, KS99, Rod99] andRGB imagedata
[BIP01], resultingin high compressionratioswith fastran-

dom accessof dataat run time. The wavelet analysishas
beenappliedfor featuredetectionandcompression-domain
volume rendering[Wes94, Wes95]. More recently, Guthe
et al. [GWGS02] presenteda hierarchicalwaveletrepresen-
tation for large volume datasetsthat supportsinteractive
walkthroughsonasinglePC.To visualizetime-varyingdata
sets,GutheandStraßer[GS01] introducedanalgorithmthat
usesthe wavelet transformto encodeeachspatialvolume,
andthenappliesa windowedmotioncompensationstrategy
to match the volume blocks in adjacenttime steps.Sohn
et al. [SBS02] describeda compressionschemewherethe
wavelettransformis usedto createintra-codedvolumesand
thedifferenceencodingis appliedto compressthe time se-
quence.While all thesemethodscanperformef�cient data
compressionandrendering,their goalsarenot for support-
ing �e xible spatio-temporalmultiresolutiondatabrowsing.

Parallel Volume Rendering: Parallel computing has
beenwidely usedin large datavisualizationto accelerate
volumerendering.Ma et al. [MPHK94] proposeda parallel
algorithmthat distributesdataevenly to the availablecom-
putingresourcesandproducesthe�nal imageusingbinary-
swap compositing.Kniss et al. [KMM � 01] developedthe
TRex systemfor large-scaletime-varyingdatavisualization.
Near-interactive framerateswereachievedby utilizing par-
allel graphichardwarein combinationwith software-based
compositingandhigh performanceI/O. A scalablevolume
renderingtechniquewas presentedin [LMC02], where a
transformencodingandcolor tableanimationschemewas
usedto rendertime-varying scalardata setsinteractively.
Wang et al. [WGS04] presenteda parallel multiresolution
volumerenderingalgorithmfor largethree-dimensionalvol-
umetricdata,wherea well-balancedworkloadamongpro-
cessorswas achieved by partitioning the wavelet tree,and
distributing the dataalonghierarchicalspace-�lling curves
with anerror-guidedbucketizationscheme.In thispaper, we
extend their ideasfor large-scaletime-varying datavisual-
ization.

3. The Algorithm

When the size of a large-scaletime-varying data set is
larger than what is tractableby renderingsystems,it be-
comescrucial to managethe datathrougha framework for
high-performancemultiresolutionvolumerendering.In re-
sponse,we devise a multiresolutionspatio-temporalhierar-
chy that encodesthe input time-varying dataset.The hier-
archy is baseduponthe wavelet transform,wherethe data
set is storedin a datastructurecalled the WTSPtree.The
WTSPtreeexploits both spatialand temporallocality and
coherenceof theunderlyingtime-varyingdata,thusallowing
�e xible spatio-temporallevel-of-detaildataselectionandre-
trieval at run time.A hierarchicalspatialandtemporalerror
metric is usedto calculatetheapproximatespatialandtem-
poralerrorsfor eachof thetreenodes.Thismetricis usedto
controltherun-timetradeoff betweenimagequalityandren-
deringspeed.To alleviate long chainsof parent-childnode
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dependenciesfor datareconstruction,we introduceanalgo-
rithm to storethe reconstructeddataat nodesin selective
WTSPtreelevels,whicheffectively reducestheoverall data
reconstructioncostat run time.

WhentheWTSPtreeis usedin conjunctionwith parallel
volumerendering,in orderto eliminatethedatadependency
amongprocessorsfor thewavelet reconstruction,andmini-
mizethecommunicationcost,wedesignanalgorithmwhich
partitionsthe WTSPtree into distribution units. Our algo-
rithm thendistributestheseunits to differentprocessors.At
run time, theWTSPtreeis traversedaccordingto theuser-
speci�ed time stepandtolerancesof both spatialandtem-
poral errors.Datablocksof differentspatio-temporalreso-
lutionsarereconstructedandrenderedto composethe �nal
imagein parallel.Our treepartitionanddatadistribution al-
gorithmensuresa well-balancedreconstructionandrender-
ing workloadamongprocessorsfor any user-speci�ed time
sequencesanderrortolerances.

Figure 1: Thealgorithm �ow for large-scaletime-varying
datavisualization.

Figure 1 illustratesthe �o w of our algorithm for large-
scaletime-varying datavisualization.In the following, we
describeeachstageof thealgorithmin detail.

3.1. The Wavelet-BasedTime-SpacePartitioning Tree

Originatingfrom theTSPtree[SCM99], thewavelet-based
time-spacepartitioning (WTSP)tree [WS04] is a space-
time hierarchicaldatastructureusedto organizemultires-
olution time-varying volumedata.To constructthe WTSP
tree,ablockwisetwo-stagewavelettransformandcompres-
sionprocessis performed,asillustratedin Figure2. The�rst
stageis to build a spatialhierarchy in the form of anoctree
(similar to a wavelettree [GWGS02]) for eachtime step,
whereeachnode in the tree representsa subvolume with
a certainspatialresolutionat that particulartime step.As
shown in Figure 2 (a), thevolumetricdatafor onetimestep
is subdivided into a sequenceof datablocks/subvolumesof
thesamesize(assumingeachhasn voxels).A methodsim-
ilar to [GWGS02] is usedto perform a 3D wavelet trans-
form for eachof the volume blocks. This will producea

low-pass�ltered subblockof size n=8 and wavelet coef�-
cientsof size7n=8. The wavelet coef�cients arecompared
against a user-speci�ed thresholdand clampedto zero if
they are smaller than the threshold.The low-pass�ltered
subblocksfrom eightneighboringsubvolumesarecollected
andgroupedinto a singleblock of n voxels,which becomes
theparentnodeof theeightsubvolumesin thespatialoctree
hierarchy (notethat the wavelet coef�cients arekept at the
child nodes,while thelow-pass�ltered subblocksarepassed
upto theparent).Werecursively applythis3D wavelettrans-
form and subblockgroupingprocessuntil the root of the
octreeis reached,wherea singleblock of sizen is usedto
representtheentirevolume.Werepeatthisprocessandcon-
structonemultiresolutionspatialoctreehierarchy for every
timestep.

In thesecondstage,to createthetemporalhierarchy from
theoctreesof all timesteps,weapply1D wavelettransforms
to thewaveletcoef�cients associatedwith octreenodeshav-
ing thesamespatiallocationandresolutionacrossthe time
sequence.Using Haarwavelets,this will producea binary
time treesimilar to the error treealgorithm[MVW98], as
illustratedin Figure2 (b). Thewaveletcoef�cients resulting
from 1D wavelettransformsarethencompressedusingrun-
length encodingcombinedwith a �x ed Huffman encoder
[GWGS02]. This bit-level run-lengthencodingschemeex-
hibitsgoodcompressionratio if many consecutivezerosub-
sequencesare presentin the wavelet coef�cient sequence,
andis very fastto decompress.For theroot nodesof theoc-
trees,thetemporalhierarchy is built from thelow resolution
datablocksratherthanwaveletcoef�cients. As a result,the
1D wavelet transformprocessmergesall thespatialoctrees
acrosstimeinto asingleuni�ed spatio-temporalhierarchical
datastructure.In essence,theWTSPtreeis anoctree(spatial
hierarchy) of binarytrees(temporalhierarchy). Thereis only
oneoctreeskeleton,andateachoctreenode,thereis abinary
time tree.Eachtime treespanstheentiretime sequenceand
combinesdatafrom multipleoctrees.

We cansave spaceandtime for theWTSPtreeconstruc-
tion by performingseveral additionalchecksto avoid un-
necessarywavelet transformcomputation.First, if the data
block is uniform,wecanskip the3D wavelettransformpro-
cessand set the low-pass�ltered subblockto the uniform
valueandall its correspondingwaveletcoef�cients to zero.
Second,if thewaveletcoef�cients of thecorrespondingoc-
treenodesin thetime sequenceareall zero,we canskip the
1D wavelettransformprocess.

Using Haarwavelets,the wavelet coef�cients associated
with octreenodescanbenaturallyorganizedintobinarytime
treesto createthetemporalhierarchy. Unlike the1D tempo-
ral wavelettransforms,the3D spatialwavelettransformsare
not limited to Haarwaveletsandhigherorderwaveletscan
beusedto achieve betterrenderingimagequality. However,
whenchoosinga wavelet transformon the spatialdomain,
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Figure 2: Theconceptualdiagramof constructingtheWTSPtree. In this �gur e, thetime-varyingdatahasfour timesteps.Ct
are thewaveletcoef�cients at timestept. A[t1; t2] andD[t1; t2] representtheaveragesanddifferencesof thecoef�cients across
timespan[t1; t2] respectively. During theconstruction,wecomputeandstore A[0;3], D[0;3], D[0;1] andD[2;3]. At run time,
they areusedto reconstructA[0;1], or A[2;3], or oneofCt (0 � t � 3) by traversingthetimetreefromtopdown,dependingon
thetimestepin queryandtheerror tolerances.

thereis a tradeoff betweenthe imagequality we canobtain
andthereconstructioncostit entailsat run time.

3.2. Hierar chical Spatial and Temporal Err or Metric

Figure 3: Calculatingthe spatial error for a time treeleaf
nodeT. Thetimetreenodesinvolvedin thecalculationare
drawn in black. Due to spacelimit, only threeout of eight
spatialchild nodesof T aredrawnhere.

Coupledwith the bottom-upconstructionof the WTSP
tree,spatialerror (se) andtemporalerror (te) arecalculated
for eachof thetime treenodes.Our errormetricis basedon
meansquareerror (MSE)calculation.A time treeleafnode
T, whichcorrespondsto asingletimestepratherthanatime
interval, is shown in Figure3. We calculatethespatialerror
of nodeT asthesumof theMSEbetweenthedataatnodeT
andthedataof thesametime stepat T's eightspatialchild
nodesin thenext spatiallevel of theoctree(threeof themare
shown in Figure3), addingthemaximumspatialerrorof the
child nodes.Written in formula:

se(T) =
7
å

i= 0
MSE(T;Ti) + MAXf se(Ti)j

7
i= 0g

whereTi ; i 2 f 0;1; :::;7g aretheeightspatialchild nodesof
nodeT that representthe sametime stepat a higher spa-
tial resolution.If nodeT's time tree is associatedwith an
octree's leaf node,we de�ne se(T) = 0. Note that rather

thancalculatingthe error by computingthe MSE between
the lower resolutiondatablock andthe original space-time
data,theerrorcalculatedin this way canbecomputedmore
quickly asweevaluatetheapproximationerrorsin abottom-
up manner. For the non-leafnodesof a time tree,they rep-
resentdataat lower resolutionsin thetemporaldomain.We
want to make surethatwhensucha nodeis chosenfor ren-
dering,noneof thedatablocksfromtheindividualtimesteps
usedto constructthis lower temporalresolutiondatawill vi-
olatetheuser-speci�edspatialerror tolerance(theviolation
happenswhenthe error valueof a parentnodeis lessthan
thevalueof oneof its descendentnodesin thetime tree).To
ensurethis, thespatialerrorassociatedwith a non-leaftime
treenodeis setto bethemaximumspatialerrorof its left and
right childrenin thetime tree.

The temporalerrorof nodeT is calculatedasfollows: If
T is a time treeleaf node,we de�ne te(T) = 0. Otherwise,
let Tl andTr be its left andright childrenrespectively. We
calculatete(T) asthe sumof the MSE betweenthe dataat
nodeT and the dataat its children,addingthe maximum
temporalerrorof its children:

te(T) = MSE(T;Tl ) + MSE(T;Tr ) + MAXf te(Tl ); te(Tr )g

We notethat many othererror norms,suchasL-in�nity ,
canreplacetheMSEin theabovetwo formulaeandbeused,
andourerrormetricis not limited to theselectedMSEhere.
A featureof this error metric is that it guaranteesthat the
spatialor temporalerrorof a parentnodeis greaterthanor
equalto thoseof its children.Our designof this hierarchi-
cal errormetric is usefulfor �e xible errorcontrolwhenwe
performtheWTSPtreetraversalduringtherendering.

3.3. Storing ReconstructedData for Space-Time
Tradeoff

For a largetime-varyingdataset,longchainsof parent-child
nodedependenciesexist in the WTSPtree- in orderto re-
constructits own data,a nodeneedsto recursively request
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the low-pass�ltered subblockfrom its ancestornodes.This
dependency dramaticallyslowsdown theoveralldatarecon-
struction processat run time. To alleviate long chainsof
parent-childnodedependenciesandreducetheoverall run-
timereconstructioncost,weintroducetheEVERY-K scheme
which pre-computesand storesthe reconstructeddata at
nodesin selectiveWTSPtreelevels.Thepre-computationis
performedduringtheWTSPtreeconstruction,andit serves
asaway to tradediskspacewith reconstructiontime.

Figure 4: The EVERY-K partition scheme. Due to space
limit, for the WTSPtreeskeleton,a binary treerather than
an octreeis drawnhere for illustration purpose. Theoctree
nodesand time treenodesthat store reconstructionresults
are drawnin black. Thesetof timetreenodegroups(drawn
with samepattern)that spanthe sametime interval within
oneoctreenodegroup is an exampleof a distribution unit.
In the�gur e, ko = 2, ho = 6, andkt = 2, ht = 4.

In the standardWTSP tree constructionalgorithm dis-
cussedearlier, thetime treein eachoctreenodeis built from
1D wavelet transforms(acrossthe time dimension)on the
3D waveletcoef�cients generatedfrom thespatialhierarchy
for eachtimestep.In theEVERY-K scheme,duringthe�rst
stageof theWTSPtreeconstruction,weperformthewavelet
reconstructionin advanceandstorethe low resolutiondata
for octreenodesat every ko level startingfrom the octree
root, whereko < ho andho is the heightof the octree.We
then build the time treesin the secondstagebasedon the
low resolutiondata.For therestof octreelevels,1D wavelet
transformsstill apply to the wavelet coef�cients as usual.
To furthereliminateparent-childnodedependency whenre-
constructingdataof varioustemporalresolutions,in eachof
thetimetrees,wepre-computethe1D inversewavelettrans-
forms from the coef�cients andstorethe reconstructedre-
sults for time treenodesat every kt level startingfrom the
time treeroot,wherekt < ht andht is theheightof thetime

tree.In practice,ho andht maynot beanexactmultiple of
ko andkt respectively andthiscanbeeasilyhandled.

Figure 4 shows an example of the EVERY-K scheme.
With the EVERY-K scheme,the problem of having long
chainsof parent-childnodedependenciesis mitigated.This
is becausenow a nodeonly needsto requestthe low-pass
�ltered dataandwaveletcoef�cients up to its closestances-
tor octreenodeand time treenoderespectively, wherethe
wavelet reconstructionshave alreadybeenperformed.This
alsoallows us to partition the WTSPtreeinto a setof dis-
joint distributionunitsandhenceeliminatedatadependency
for waveletreconstructionamongprocessors,which will be
describedin Section3.4.

3.4. WTSP TreePartition and Data Distrib ution

For parallel volumerendering,the WTSPtreeneedsto be
partitionedanddistributedamongdifferentprocessorssince
it is impractical to replicatethe large amountof dataev-
erywherein a clusterenvironment.However, if nodeswith
parent-childdependenciesareassignedto differentproces-
sors,thencommunicationbetweenthe processorsbecomes
inevitable. In this sectionwe presenta WTSPtreepartition
anddatadistributionschemewhicheliminatethedatadepen-
dency amongprocessorsandensureabalancedworkloadfor
renderingonaPCcluster.

First of all, theWTSPtreeis partitionedat every ko lev-
elsof thespatialoctreeaccordingto ourEVERY-K scheme.
Within eachof sucha partition, for eachoctreenodethat
hasstoredthelow resolutiondata,andthedescendentoctree
nodesstoringthe3D waveletcoef�cients thatdependon it,
we form anoctreenodegroup.Then,for every time treein
anoctreetreenodegroup,wepartitionthetimetreeatevery
kt levelsaccordingto theEVERY-K scheme.Within eachof
sucha partition, for eachtime treenodethathasstoredthe
1D wavelet reconstructedresults,and the descendenttime
treenodesstoring the 1D wavelet coef�cients that depend
on it, we form a time treenodegroup.In eachoctreenode
group,all thetimetreenodegroupsthatcover thesametime
spanarejoinedinto a distribution unit, asillustratedin Fig-
ure 4. We usethe distribution units to form a partition of
the WTSPtree,anda distribution unit is treatedasa min-
imumunit that canbe assignedto a processor. Sincethere
is no datadependency betweendistribution unitsduringthe
datareconstruction,weareableto eliminatethedependency
amongprocessorsat run time.

A gooddatadistributionschemeshouldensurethatall the
processorsreceive a nearequalamountof renderingwork-
load when the userspeci�es the time stepanderror toler-
ancesfor therendering.However, whenmultiresolutionvol-
umerenderingis performed,differentdataresolutions,and
thusdifferentrenderingworkloads,will bechosenasanap-
proximationof the spatio-temporalregion. This makes the
workloaddistribution taskmorecomplicated.In thefollow-
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ing, we describeour datadistribution schemeto addressthe
load-balancingproblem.

Figure 5: The�r st two iteratesof theHilbert curve. In con-
structingoneiterate fromthepreviousone, thedirectionof
thecurvedeterminestheorientationof thesmallercubesin-
sidethelarger one.

Generally speaking,time-varying data usually exhibit
strongspatialandtemporalcoherence.This impliesthatdur-
ing the rendering,if a datablock at a certainspatialand
temporal resolution is selectedfor rendering,it is likely
that the samespatio-temporalresolutionfor its neighbor-
ing blockswill alsobe selected.Therefore,if neighboring
datablocksof similar spatio-temporalresolutionareevenly
distributed to different processors,eachprocessorwill re-
ceive approximatelythe samerenderingworkload in that
local neighborhood.To achieve these,space-�lling curves
[Sag94] areutilized in our datadistribution algorithmto as-
signthedistributionunitsto differentprocessors.Thespace-
�lling curve is usedfor its uniqueability to preserve local-
ity, meaningthetraversalpathalongthecurve alwaysvisits
theadjacentblocksbeforeit leavesthe local neighborhood.
An exhibition of the three-dimensionalspace-�lling curve
that �lls a cube is shown in Figure 5. Previously, space-
�lling curveshave beenappliedto large datavisualization
in parallel[CDF� 03, GHSK03] anddistributedclient-server
[PLF� 03] environmentsto balancetheworkload.In our al-
gorithm,hierarchicalspace-�llingcurvesareusedto traverse
throughthevolumeto createa one-dimensionalorderingof
theunderlyingvolumeblocks.This orderingwill beusedas
abasisto distributethevolumeblocksto differentprocessors
in a round-robinmanner. Sinceeachdistribution unit in our
schemespansacrossko spatiallevels,we only needto use
onespace-�llingcurveof aparticularresolutionfor everyko
levels in thespatialhierarchy. Oncetheorderingof volume
blocksis determined,thesameorderwill beusedto traverse
thevolumeswith differenttemporalresolutions.

To ensureload balancingat run time for different spa-
tial andtemporalerror tolerances,datablockswith similar
spatialand temporalerrorsshouldbe distributed to differ-
entprocessorssinceourerror-basedWTSPtreetraversalal-
gorithm usuallyselectthemtogetherfor rendering.To en-
sureproperdistribution,in additionto thehierarchicalspace-
�lling curve traversal,we includean error-guidedbucketi-
zationmechanisminto our datadistribution scheme.First,

we partition the spatialerror rangeand the temporalerror
rangeof thenodesin theWTSPtreeinto discreteintervals.
Then,we iteratethroughall possiblecombinationsof spa-
tial error intervals and temporalerror intervals, andcreate
bucketsfor thespatial-temporalerrorinterval combinations.
Next, we traversethe WTSPtreealonghierarchicalspace-
�lling curvesasdescribedabove.Duringthetraversal,every
distribution unit encounteredis placedinto a bucket, if the
maximumspatialandtemporalerrorsof all thenodesin the
distribution unit fall into thespatial-temporalinterval of the
bucket.Theorderof thedistribution unitsstoredin a bucket
is determinedby theorderof thespace-�lling curve traver-
sal. The intervals of the buckets are adjustedso that each
bucket holds similar numberof distribution units. Finally,
all distribution units in eachof the buckets are distributed
amongprocessorsin a round-robinfashion.

3.5. WTSP TreeTraversaland Data Block
Reconstruction

At run time, the user speci�es the time step and the tol-
erancesof both spatialand temporalerrorsto traversethe
WTSPtree.The WTSPtreetraversalis similar to the TSP
treetraversalalgorithmpresentedin [SCM99]. We traverse
both the WTSP tree's octreeskeletonand the binary time
treeassociatedwith eachencounteredoctreenode.Theoc-
tree nodesin the WTSP tree are recursively visited in the
front-to-backorderaccordingto theviewing direction.The
tolerancefor the spatialerror providesa stoppingcriterion
for the octreetraversalso that the regionshaving tolerable
spatialvariationscanberenderedusinglowerspatialresolu-
tions.Thetolerancefor thetemporalerroris usedto identify
regionswhereit is appropriateto usedataof lower tempo-
ral resolutionsdue to their small temporalvariations.This
allows us to reusethe dataof thosesubvolumesfor multi-
ple time steps.The result of the WTSP tree traversal is a
sequenceof subvolumeswith differentsizesandcharacter-
istics of spatialandtemporalcoherence.If the datablocks
associatedwith thoseselectedsubvolumeshavenotbeenre-
constructed,we needto perform reconstructionbeforethe
actualrenderingbegins.

A datablock at a certainspatialandtemporalresolution
is reconstructedin thefollowing manner:If thecorrespond-
ing octreenodeis therootof theoctree,we retrieve thedata
block of n voxels from its time treehierarchy accordingto
thetimestepin question.Thecorrespondingbit stream�le is
accessed,andinverse1D wavelet transformsareperformed
to reconstructthe datablock. If the correspondingoctree
node is not the root of the octree,we recursively request
thedatablockassociatedwith its ancestornodes,andrecon-
structthecorrespondingdatablocksif necessary. This is for
extracting the low-pass�ltered subblockof size n=8 from
thedatablock associatedwith its parentnode.Thewavelet
coef�cients of size7n=8 areobtainedfrom its time treehi-
erarchy by decodingthe correspondingbit stream�le and
applyinginverse1D wavelettransforms.Then,wegroupthe
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low-pass�ltered subblockandthewavelet coef�cients into
a singleblock of n voxelsandapplyan inverse3D wavelet
transformto reconstructthedatablock.

Note that the reconstructionof wavelet coef�cients only
coversthenodesalongthepathfrom theleaf(corresponding
to the time stepin query) to the root in the time tree,and
the recursive requestingof the datablock coversthe nodes
along the path from the currentoctreenodeto the root of
theoctree.Therefore,thereconstructiontime for gettingthe
datablock is O(c1 � ho + c2 � ho � ht ), wherec1 is thetime
to performan inverse3D wavelet transform,c2 is the time
to performaninverse1D wavelettransform,ho is theheight
of theoctree,andht is theheightof the time tree.Utilizing
the EVERY-K scheme,the cost of getting a datablock is
boundedby thenumberof levelsin anoctreenodegroup(ko)
andthenumberof levelsin atimetreenodegroup(kt ) within
a distribution unit. Accordingly, the reconstructiontime is
reducedto O(c1 � ko + c2 � ko � kt ), whereko < ho, and
kt < ht aresmallnumbers,two or threein ourexperiments.

3.6. Parallel VolumeRendering

During theactualrendering,eachprocessoronly rendersthe
datablocksidenti�ed by theWTSPtreetraversalandpreas-
signedto it duringthedatadistribution stage,sothereis no
expensive dataredistribution amongprocessors.TheWTSP
treetraversalisdoneby thehostprocessor, whichwill broad-
castthe traversalresultto all theotherprocessors,or by all
processorssimultaneouslytraversingtheWTSPtree,avoid-
ing communicationamongprocessors.Eachprocessoronly
needsto have a copy of theWTSPtreeskeletonwith spatial
andtemporalerrorsrecordedat eachof thetime treenodes.
The screenprojectionof the entirevolume's boundingbox
is partitionedinto smallertileswith thesamesize,wherethe
numberof the tiles equalsthe numberof processors.Each
processoris assignedonetile andis responsiblefor thecom-
positionof the�nal imagefor thattile. Eachtimeaprocessor
�nishes renderingonedatablock, the resultingpartial im-
ageis sentto thoseprocessorswhosetiles overlapwith the
block'sscreenprojection.After renderingall thedatablocks,
thepartialimagesreceivedateachprocessorarecomposited
togetherto generatethe �nal imagefor its assignedtile. Fi-
nally, thehostprocessorcollectsthepartial imagetiles and
createsthe�nal image.

4. Results

Figure6: TheRMI dataset.

Thetwo time-varyingdatasetsusedin our testsarelisted

Figure7: TheSPOT dataset.

in Figure6 andFigure7 respectively. We extendonevoxel
overlappingboundariesbetweenneighboringblocksin each
dimensionwhen loading datafrom the original brick data
�les in order to produceseamlessrendering.The WTSP
treesconstructedfrom the datahave 10499and5799non-
emptyoctreenodesfor theRMI andtheSPOT datasetsre-
spectively. The compresseddatasizesare5.843GBfor the
RMI datasetand3.572GBfor theSPOT dataset.Morecom-
pressioncanbeexploitedby increasingthethresholdor us-
ing vectorquantizationtechnique,at thepriceof sacri�cing
theimagequality. For a giventime-varyingdataset,its cor-
respondingWTSP tree only needsto be constructedonce
andcanthenbeusedrepeatedly.

Theparallelrenderingusingsoftwareraycastingwasper-
formed on a PC cluster consisting of 32 2.4GHz Pen-
tium 4 processorsconnectedby Dolphin Networks.For the
EVERY-K partitioningscheme,we choseko = 2 andkt = 2
to partition the WTSP tree for both of the datasets.The
wavelet-compresseddata associatedwith the WTSP tree
nodesweredistributedamongthe 32 processors.We used
theHilbert curve asthespace-�lling curve for thedatadis-
tribution.

Figure 8: The numberof distribution units distributed to
each of the32processors for theRMI dataset.

Thehierarchicaldatadistributionwith error-guidedbuck-
etizationschemeallowed the parallelvolumerenderingal-
gorithmto balancetheworkload.Figure8 andFigure9 show
the numberof distribution units distributed to eachof the
32 processorsfor the RMI andthe SPOT datasetsrespec-
tively. Figure 10 and Figure 11 show the numberof data
blocksrenderedateachof the32processorsfor thetwo data
sets,whenthreedifferenttime stepsandtolerancesof both
spatialand temporalerrorswere used.It can be seenthat
good load-balancingwasachieved, becausethe processors
renderedapproximatelyequalnumbersof blocks.Figure12
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Figure 9: The numberof distribution units distributed to
each of the32processors for theSPOT dataset.

Figure 10: Thenumberof data blocks rendered at each of
the 32 processors with three different queriesof (se;te;t)
for the RMI data set. A total of 1597, 3462, and 5723
blocks were rendered for (56000;10;3), (20000;100;12)
and(1000;10;25) respectively.

givesthetiming resultsfor renderingthetwo datasets.The
well-balancedworkloadimplies that our parallelalgorithm
is highly scalable.Ouralgorithmcanachieveapproximately
96.53%parallelCPUutilization,or aspeedupof 30.89times
for 32processors.

Figure13 andFigure14 show the renderingof the RMI
and the SPOT datasetsrespectively at selectedtime steps
with differentspatialandtemporalerrortolerances.Theim-
agesof the RMI dataset in Figure 13 tend to have block
renderingappearance,this is becauseHaar waveletswere
usedto perform the wavelet transformin both spatialand
temporaldomains.In contrast,theimagesof theSPOT data

Figure 11: Thenumberof data blocks rendered at each of
the 32 processors with three different queriesof (se;te;t)
for the SPOT data set. A total of 1142, 2019, and 4696
blocks were rendered for (4:0;1:0;7), (1:5;0:1;18) and
(0:1;0:1;24) respectively.

Figure 12: The timing resultsfor renderingthe RMI and
the SPOT data setswith output image resolutionof 512 �
512. Thedifferencetime is the maximumtiming difference
betweentheprocessors.

set in Figure14 have lessblock effect, asthe higherorder
Daubechieswavelet transformwas usedto build the mul-
tiresolutionhierarchy. Otherhigherorderwavelets,suchas
quadraticsplinewavelets,canalsobe usedto perform3D
spatialwavelet transforms.However, it would requiremore
time to reconstructdata during the rendering.Figure 15
showsmultiresolutionrenderingresultsof differentlevelsof
detail for the two datasets.Whenthe spatialandtemporal
error toleranceswere higher, datablocks of lower resolu-
tions werereconstructed,which resultedin a smallernum-
ber of blocksbeingrendered.It canbe observed that, �ner
detailsof the dataare kept when reducingthe error toler-
ances,but imagesof reasonablequality canstill beobtained
at lower resolutions.Theuseof wavelet-basedcompression
allowed us to produceimagesof good visual quality with
muchsmallerstoragespacecommitment.

5. Conclusionand Futur eWork

We have presenteda multiresolutiondatamanagementand
renderingframework for large-scaletime-varyingdatavisu-
alization. A hierarchicalWTSP tree is designedfor orga-
nizing the time-varying datathat supports�e xible level-of-
detail dataselectionsat different spatialand temporalres-
olutions.To alleviate long chainsof parent-childnodede-
pendenciesfor data reconstruction,we proposedan algo-
rithm to storethe reconstructeddataat nodesin selective
tree levels and effectively reducethe overall data recon-
structioncostat run time. For parallelrenderingover a PC
cluster, we introduceda WTSPtreepartition anddistribu-
tion schemeto eliminatethe datadependency amongpro-
cessorsandensurea well-balancedworkloadfor any user-
speci�ed time stepandtolerancesof both spatialandtem-
poralerrors.Theexperimentalresultswith renderingof gi-
gabytesof time-varyingdatademonstratedtheeffectiveness
and utility of our framework. Futurework includesutiliz-
ing graphicshardwareto performwaveletreconstructionand
renderingfor the run-timespeedup,andincorporatingopti-
mal feature-preservingwavelettransformsinto ourmultires-
olutionframework for featuredetectionsin large-scaletime-
varyingdatasets.

c
 TheEurographicsAssociation2005.



C. Wang& J. Gao& L. Li & H. W. Shen/ A MultiresolutionVolumeRenderingFramework for Large-ScaleTime-VaryingDataVisualization

(a) (20000;10;1) (b) (55000;50;8) (c) (52410;20;15) (d) (52200;30;32)

Figure13: Renderingof theRMI datasetfor selectedtimesteps.All imageswere renderedwith thesameviewingparameters.
A total of 536, 743, 1317and 1625blocks were rendered for (se;te;t) = (20000;10;1), (55000;50;8), (52410;20;15) and
(52200;30;32) respectively.

(a) (3:0;0:1;1) (b) (1:0;0:5;12) (c) (1:2;0:3;21) (d) (1:0;0:2;30)

Figure 14: Renderingof theSPOT datasetfor selectedtimesteps.All imageswere renderedwith thesameviewing parame-
ters. A total of 2558,2743,2392and 2461blocks were rendered for (se;te;t) = (3:0;0:1;1), (1:0;0:5;12), (1:2;0:3;21) and
(1:0;0:2;30) respectively.

(a) (110000;10;11) (b) (10000;1;11) (c) (10:0;1:0;5) (d) (1:0;0:1;5)

Figure 15: Multiresolutionvolumerenderingof the RMI data set (a and b) and the SPOT data set (c and d) with different
spatialandtemporal error tolerances.Portionsof thedatawere zoomedin for bettercomparison.For theRMI datasetat the
11thtimestep,7 and151blockswere renderedfor (se;te) = (110000;10) and(10000;1) respectively. For theSPOT dataset
at the5th timestep,186and788blockswere renderedfor (se;te) = (10:0;1:0) and(1:0;0:1) respectively.
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