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Abstract

We presenta new parallel multiresolutionvolumerenderingframevork for large-scaletime-varyingdata visu-
alization usingthe wavelet-basetime-spacepartitioning (WTSP)tree Utilizing the wavelettransform,a large-
scaletime-varyingdatasetis corvertedinto a space-timanultiresolutiondata hierarchy, andis storedin a time-
spacepartitioning (TSP)tree To eliminatethe parent-dild datadependencfor reconstructiorandachieveload-
balancedrendering we designan algorithmto partition the WTSPtree and distribute the wavelet-compssed
data along hierarchical space- lling curveswith error-guidedbucketization.At run time, the WTSPtreeis tra-
versedaccoding to the userspeci edtime stepand tolerancesof both spatial and tempoal errors. Data blocks
of different spatio-tempaal resolutionsare reconstructecand rendeed to composehe nal image in parallel.
We demonstate that our algorithm can reducethe run-time communicatiorcostto a minimumand ensue a

well-balancedvorkloadamongprocessaos whenvisualizinggigabyteof time-varyingdataon a PC cluster

1. Intr oduction

While directvolumerenderingtechniquesising 3D texture
mappinghardware have madeit possibleto visualizestatic
three-dimensionalr smalltime-varyingdatasetsatinterac-
tive framerates the challenges to manageandrendervery
large-scalalatasets Nowadaysacomple scienti ¢ simula-
tion cangenerateutputwith hundredsor thousand®f time
steps,and eachtime step can contain millions or billions
of voxels. While it is not unusualnow for a simulationto
produceterabytesor petabytef data,the availabletexture
memoryin the state-of-the-arhigh-endgraphicshardware
is limited to only severalhundredmegabytes This greatdis-
parity makesit very dif cult to develop visualizationsys-
temsthat canscaleadequatelyAs the speedof processors
andthe size of disk and memorycontinueto increasethe
sizeof datasetswill likely increaseat aneven higherrate.
As aresult,the gap betweernthe datasizeandour ability to
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performinteractie visualizationwill widenin the foresee-
ablefuture.

A viable solutionto addresghis discrepang is to reduce
theactualamountof datasentto the renderingpipeline.For
instancefo give the usera quick overview of the data,it is
usefulto renderalargetime-varyingdatasetatlower spatial
and/ortemporalresolutionsAs the userzoomsinto thedata
andrequestdurtherdetailsin local regionsor time intenals
of interestdifferentportionsof thedatacanberetrievedand
renderedat their higherresolutionson demand.To support
thiskind of “overviev r st,zoomand Iter, andthendetails-
on-demand dataexploration paradigm[Shn94, it is cru-
cial to provide an ef cient spatio-temporamultiresolution
datamanagemenandrenderingframenork, in which vari-
ousamountof dataat differentspatio-temporatesolutions
canbeextractedfrom themultiresolutiondatahierarcly and
usedfor rendering.

Previously, researcherBave introduceda numberof 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-scaldime-varying
datain parallel computingenvironment.In this paper we
presenaframavork of managingandvisualizinglarge-scale
time-varying data setsfor multiresolutionvolume render
ing over a PC cluster In our algorithm, a data structure,
calledawavelet-basetime-spacepartitioning (WTSP)reg
is utilized to convert the time-varying datainto a wavelet-
compressednultiresolutiondatarepresentationTo deploy
the multiresolutionframework over a PC cluster we intro-
ducean algorithmto partitionthe WTSPtreeinto distribu-
tion units anddistributethe partitioneddataalonghierarchi-
cal space- lling curvesamongdifferentprocessorsguided
by a hierarchical spatialandtempoal error metric Our al-
gorithm can eliminatethe datadependenc amongproces-
sorsandbalanceheworkloadof volumerendering.

Theremainderof the paperis organizedasfollows: First,
we review relatedwork in Section2. In Section3, we de-
scribe our multiresolutionvolume renderingframework in
detail, including multiresolutiondata representatiorusing
the WTSP tree, WTSP tree partition and datadistribution,
andrun-timeparallelvolumerenderingResultson multires-
olution renderingandload balancingover a PC clusterare
givenin Section4. Thepaperis concludedn Section5 with
futurework for ourresearch.

2. RelatedWork

In this sectionwe give a brief review of relatedwork in the
areasof multiresolutiondatarepresentationyavelet trans-
form andcompressionandparallelvolumerendering.

Multir esolutionData Representation:Having thecapa-
bility of visualizing dataat differentresolutionsallows the
userto identify featuresin differentscales,andto balance
image quality and computationspeed.A numberof tech-
nigueshave beenintroducedo provide hierarchicatatarep-
resentatiorandindexing schemesor three-dimensionalol-
umetricdata[BA83, Wes94 GY95, LHJ99 BNSO01, PFO].
For time-varying data hierarchicalrepresentationfinkel-
steinet al. [F1S96 proposedmultiresolutionvideq a rep-
resentatiorfor time-varyingimagedatathatallows for vary-
ing spatialand temporalresolutionsadaptve to the video
sequenceAn approachfor dealingwith large-scaletime-
varying elds wasdescribedn [SCM99 ECS0(Q. The data
structure calledthe time-spacepartitioning (TSP)tree en-
codeshespatialandtemporalcoherencef thedata.Linsen
etal. [LPD 02] presenteda four-dimensionalmultiresolu-
tion approachfor time-varying volume datathat supports
a hierarcly with spatial and temporalscalability In their
schemetemporalandspatialdimensionsaretreatedequally
in asinglehierarchicaframework.

Wavelet Transform and Compression: Over the past
decademary wavelet-basedechniquesiave beenappliedto
compressmanageand renderthree-dimensionalolumet-
ric data[Mur92, IP98 KS99 Rod99 andRGB imagedata
[BIPO1], resultingin high compressiomatioswith fastran-

dom accessf dataat run time. The wavelet analysishas
beenappliedfor featuredetectionand compression-domain
volume rendering[Wes94 Wes93. More recently Guthe
etal. [GWGSO07] presented hierarchicalwaveletrepresen-
tation for large volume data setsthat supportsinteractie
walkthroughsonasinglePC.To visualizetime-varyingdata
sets,GutheandStraRef{GS0] introducedanalgorithmthat
usesthe wavelet transformto encodeeachspatialvolume,
andthenappliesa windowed motioncompensatiostratgy
to matchthe volume blocks in adjacenttime steps.Sohn
et al. [SBS032 describeda compressiorschemewherethe
wavelettransformis usedto createintra-codedsolumesand
the differenceencodingis appliedto compresghetime se-
guenceWhile all thesemethodscanperformef cient data
compressiorandrendering their goalsare not for support-
ing e xible spatio-temporamnultiresolutiondatabrowsing.

Parallel Volume Rendering: Parallel computing has
beenwidely usedin large datavisualizationto accelerate
volumerenderingMa etal. [MPHK94] proposed parallel
algorithmthat distributesdataevenly to the available com-
putingresourcesindproduceghe nal imageusingbinary-
swap compositing.Kniss et al. [KMM 01] developedthe
TR« systentor large-scaldgime-varying datavisualization.
Nearinteractve framerateswereachiezed by utilizing par
allel graphichardwarein combinationwith software-based
compositingand high performancd/O. A scalablevolume
renderingtechniquewas presentedn [LMCO02], where a
transformencodingand color table animationschemewas
usedto rendertime-varying scalardata setsinteractiely.
Wang et al. [WGS04 presentech parallel multiresolution
volumerenderingalgorithmfor largethree-dimensionailol-
umetric data,wherea well-balancedvorkload amongpro-
cessorsvas achieved by partitioning the wavelet tree, and
distributing the dataalong hierarchicalspace- lling curves
with anerrorguidedbucketizationschemeln this paperwe
extendtheir 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 renderingsystemsi,t be-
comescrucial to managethe datathrougha framework for
high-performancenultiresolutionvolume rendering.In re-
sponsewe devise a multiresolutionspatio-temporahierar
chy thatencodeghe input time-varying dataset. The hier-
arcty is baseduponthe wavelet transform,wherethe data
setis storedin a datastructurecalledthe WTSPtree. The
WTSP tree exploits both spatialand temporallocality and
coherencef theunderlyingtime-varyingdata thusallowing
e xible spatio-tempordevel-of-detaildataselectiorandre-
trieval atruntime. A hierarchicalspatialandtemporalerror
metricis usedto calculatethe approximatespatialandtem-
poralerrorsfor eachof thetreenodesThis metricis usedto
controltherun-timetradeof betweerimagequality andren-
deringspeed.To alleviate long chainsof parent-childnode
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dependenciefor datareconstructionye introduceanalgo-
rithm to storethe reconstructediataat nodesin selectve
WTSPtreelevels,which effectively reduceghe overall data
reconstructiortostatruntime.

Whenthe WTSPtreeis usedin conjunctionwith parallel
volumerenderingjn orderto eliminatethe datadependenc
amongprocessorsor the waveletreconstructionandmini-
mizethecommunicatiorcost,we designanalgorithmwhich
partitionsthe WTSP treeinto distribution units. Our algo-
rithm thendistributestheseunitsto differentprocessorsAt
runtime, the WTSPtreeis traversedaccordingto the user
speci ed time stepandtoleranceof both spatialandtem-
poral errors.Datablocks of differentspatio-temporateso-
lutions arereconstructe@ndrenderedo composethe nal
imagein parallel.Our treepartitionanddatadistribution al-
gorithm ensures well-balancedeconstructiorandrender
ing workloadamongprocessorgor ary userspeci edtime
sequenceanderrortolerances.

pre-processing

run-time rendering

next frame

WTSP tree construction
[error metric calculation]
[reconstructed data storage]

WTSP tree traversal

Glala block reconstructiorD

( data distribution ) Qoarallel volume renderingD

e

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

CWTSP tree partition )

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

3.1. The Wavelet-BasedTime-SpacePartitioning Tree

Originatingfrom the TSPtree[SCM99, the wavelet-based
time-spacepartitioning (WTSP)tree [WS04 is a space-
time hierarchicaldatastructureusedto organize multires-
olution time-varying volume data.To constructthe WTSP
tree,a blockwisetwo-stagewavelettransformandcompres-
sionprocesss performedasillustratedin Figure2. The rst
stageis to build a spatialhierarcly in theform of anoctree
(similar to a wavelettree [GWGS032) for eachtime step,
where eachnodein the tree representa subvolume with
a certainspatialresolutionat that particulartime step.As
shavn in Figure 2 (a), thevolumetricdatafor onetime step
is subdvidedinto a sequenc®f datablocks/sulvolumesof
the samesize (assumingeachhasn voxels). A methodsim-
ilar to [GWGSO03 is usedto performa 3D wavelet trans-
form for eachof the volume blocks. This will producea
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low-pass ltered subblockof size n=8 and wavelet coef-
cientsof size 7n=8. The wavelet coefcients are compared
against a userspeci ed thresholdand clampedto zero if
they are smallerthan the threshold.The low-pass ltered
subblocksrom eightneighboringsubvolumesarecollected
andgroupednto a singleblock of n voxels,which becomes
the parentnodeof the eightsubvolumesin thespatialoctree
hierarcly (notethatthe wavelet coefcients arekeptat the
child nodeswhile thelow-passltered subblocksarepassed
uptotheparent) Werecursvely applythis 3D wavelettrans-
form and subblockgrouping processuntil the root of the
octreeis reachedwherea singleblock of sizen is usedto
representheentirevolume.We repeathis processaandcon-
structonemultiresolutionspatialoctreehierarcly for every
time step.

In thesecondstageto createthetemporalhierarcly from
theoctreesf all time stepswe apply 1D wavelettransforms
to thewaveletcoefcients associateavith octreenodeshav-
ing the samespatiallocationandresolutionacrossthe time
sequenceUsing Haar wavelets, this will producea binary
time tree similar to the error tree algorithm [MVW98], as
illustratedin Figure2 (b). Thewaveletcoefcients resulting
from 1D wavelettransformsarethencompressedsingrun-
length encodingcombinedwith a x ed Huffman encoder
[GWGSO03. This bit-level run-lengthencodingschemeex-
hibits goodcompressiomatio if mary consecutie zerosub-
sequencesre presentin the wavelet coefcient sequence,
andis very fastto decompresd-or theroot nodesof theoc-
treesthetemporalierarcly is built from thelow resolution
datablocksratherthanwavelet coefcients. As aresult,the
1D wavelettransformprocesanemgesall the spatialoctrees
acrosgimeinto asingleuni ed spatio-temporahierarchical
datastructureln essencahe WTSPtreeis anoctree(spatial
hierarcly) of binarytreeg(temporahierarcly). Thereis only
oneoctreeskeleton,andateachoctreenode thereis abinary
time tree.Eachtime treespanghe entiretime sequenceand
combinedatafrom multiple octrees.

We cansave spaceandtime for the WTSPtreeconstruc-
tion by performingseveral additional checksto avoid un-
necessaryvavelet transformcomputation First, if the data
blockis uniform, we canskip the 3D wavelettransformpro-
cessand setthe low-pass Itered subblockto the uniform
valueandall its correspondingvavelet coefcients to zero.
Secondjf thewaveletcoefcients of the correspondingc-
treenodesin thetime sequencareall zero,we canskip the
1D wavelettransformprocess.

Using Haarwavelets,the wavelet coefcients associated
with octreenodescanbenaturallyorganizednto binarytime
treesto createthetemporalhierarcly. Unlike the 1D tempo-
ral wavelettransformsthe 3D spatialwavelettransformsare
not limited to Haarwaveletsand higherorderwaveletscan
beusedto achiese betterrenderingmagequality. However,
when choosinga wavelet transformon the spatialdomain,
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{a) 3D wavelet transforms on spatial domain

A[0,3]
D[0,3]

D[0,1]

maRa
C3 t D[2,3]

(b} 1D wavelet transforms on temporal domain

O octree node

O timet d 7 low-pass filtered subblock @
ime tree node

wavelet coefficients after 3D

wavelet coefficients after 1D
wavelet transforms

&

wavelet transforms

Figure 2: Theconceptualdiagram of constructingthe WTSPtree In this gur e, thetime-varyingdatahasfour time stepsCt
are thewaveletcoefcients at time stept. Alt1;to] andDlt1;t,] representhe avelagesanddifferencesof the coefcients across
time span(ty;ty] respectivelyDuring the constructionwe computeand store A[0; 3], D[0; 3], D[0; 1] and D[2; 3]. At run time,

they are usedto reconstrucd[0; 1], or A[2; 3], or oneof Ct (0

thetimestepin queryandtheerror tolerances.

thereis a tradeof betweertheimagequality we canobtain
andthereconstructiortostit entailsatruntime.

3.2. Hierar chical Spatial and Temporal Err or Metric

)2

f f f

[ A f ] f )
“o%oglo ‘“0%1&) “‘%0510

Figure 3: Calculatingthe spatial error for a time treeleaf
nodeT. Thetimetreenodesinvolvedin the calculationare
drawnin black. Due to spacelimit, only three out of eight
spatialchild nodesof T are drawnhere.

Coupledwith the bottom-upconstructionof the WTSP
tree,spatialerror (s andtemporalerror (t€) arecalculated
for eachof thetime treenodes Our errormetricis basedon
meansquae error (MSE) calculation A time treeleaf node
T, which correspond$o asingletime stepratherthanatime
interval, is shavn in Figure 3. We calculatethe spatialerror
of nodeT asthesumof theMSE betweerthedataatnodeT
andthe dataof the sametime stepat T's eight spatialchild
nodesn thenext spatiallevel of theoctree(threeof themare
shawn in Figure3), addingthemaximumspatialerrorof the
child nodesWrittenin formula:

7
sqT) = & MSE(T;Ti) + MAXf sg(T)jl_ o9
i=0

whereTj;i 2 f0;1;:::; 79 arethe eightspatialchild nodesof
nodeT that representhe sametime stepat a higher spa-
tial resolution.If nodeT's time treeis associatedvith an
octrees leaf node,we de ne sgT) = 0. Note that rather

3) by traversingthetimetreefromtop down,dependingn

than calculatingthe error by computingthe MSE between
the lower resolutiondatablock andthe original space-time
data,the errorcalculatedn this way canbe computednore
quickly aswe evaluatetheapproximatiorerrorsin abottom-
up manner For the non-leafnodesof atime tree,they rep-
resentdataat lower resolutionsn the temporaldomain.We
wantto make surethatwhensucha nodeis choserfor ren-
dering,noneof thedatablocksfrom theindividualtime steps
usedto constructhis lowertemporalresolutiondatawill vi-
olatethe userspeci ed spatialerrortolerance(the violation
happensvhenthe error value of a parentnodeis lessthan
thevalueof oneof its descendemodesn thetime tree).To
ensurethis, the spatialerror associateavith a non-leaftime
treenodeis setto bethemaximunspatialerrorof its left and
right childrenin thetime tree.

Thetemporalerror of nodeT is calculatedasfollows: If
T is atime treeleaf node,we de ne te(T) = 0. Otherwise,
let T, and Ty beits left andright childrenrespectiely. We
calculatete(T) asthe sumof the MSE betweerthe dataat
nodeT andthe dataat its children, addingthe maximum
temporalerrorof its children:

te(T) = MSE(T;T)) + MSE(T; Tr) + MAXTte(T));te(Tr)g

We notethat mary othererror norms,suchasL-in nity,
canreplacehe MSE in theabove two formulaeandbeused,
andour errormetricis not limited to the selectedMSE here.
A featureof this error metric is that it guaranteeshat the
spatialor temporalerror of a parentnodeis greaterthanor
equalto thoseof its children.Our designof this hierarchi-
cal error metricis usefulfor e xible error controlwhenwe
performthe WTSPtreetraversalduringtherendering.

3.3. Storing ReconstructedData for Space-Tme
Tradeoff

For alargetime-varyingdataset,long chainsof parent-child
nodedependenciesxist in the WTSPtree- in orderto re-
constructits own data,a nodeneedsto recursvely request
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thelow-passltered subblockfrom its ancestonodesThis

dependencdramaticallyslows down theoverall datarecon-
struction processat run time. To alleviate long chainsof

parent-childnodedependencieandreducethe overall run-

timereconstructiorcost,we introducethe EVERY-K scheme
which pre-computesand storesthe reconstructeddata at

nodesn selectve WTSPtreelevels. The pre-computatiotis

performedduringthe WTSPtreeconstructionandit senes
asaway to tradedisk spacewith reconstructiorime.

distribution unit

octree node stores
low resolution data

° time tree node stores 1D
reconstruction results

O octree node stores 3D 0 time tree node stores 1D
wavelet coefficients wavelet coefficients

Figure 4: The EVER\-K partition scheme Due to space
limit, for the WTSPtreeskeleton,a binary treeratherthan
an octreeis drawn here for illustration purpose Theoctree
nodesand time tree nodesthat store reconstructiorresults
are drawnin bladk. Thesetof timetreenodegroups(drawn

with samepattern)that spanthe sametime interval within

oneoctreenodegroup is an exampleof a distribution unit.

Inthe gure ko= 2,hp = 6, andk; = 2, ht = 4.

In the standardWTSP tree constructionalgorithm dis-
cusseckarlier thetime treein eachoctreenodeis built from
1D wavelet transforms(acrossthe time dimension)on the
3D waveletcoefcients generatedrom the spatialhierarcly
for eachtime step.In the EVERY-K schemeduringthe rst
stageof theWTSPtreeconstructionye performthewavelet
reconstructiorin advanceandstorethe low resolutiondata
for octreenodesat every ko level startingfrom the octree
root, whereko < hg andhg is the heightof the octree.We
thenbuild the time treesin the secondstagebasedon the
low resolutiondata.For therestof octreelevels, 1D wavelet
transformsstill apply to the wavelet coefcients as usual.
To furthereliminateparent-chilcdhodedependencwhenre-
constructinglataof varioustemporalresolutionsjn eachof
thetimetreeswe pre-computehe 1D inversewavelettrans-
forms from the coefcients and storethe reconstructede-
sultsfor time tree nodesat every k: level startingfrom the
time treeroot, wherek: < ht andh is the heightof thetime
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tree.In practice,ho andht may not be an exact multiple of
ko andk; respectiely andthis canbeeasilyhandled.

Figure 4 shavs an example of the EVERY-K scheme.
With the EVERY-K scheme the problem of having long
chainsof parent-childnodedependenciess mitigated.This
is becausenow a nodeonly needsto requestthe low-pass
Itered dataandwaveletcoefcients upto its closestances-
tor octreenodeandtime tree noderespectiely, wherethe
wavelet reconstructiondave alreadybeenperformed.This
alsoallows usto partitionthe WTSPtreeinto a setof dis-
joint distribution unitsandhenceeliminatedatadependengc
for waveletreconstructioramongprocessorsyhich will be
describedn Section3.4.

3.4. WTSP TreePartition and Data Distrib ution

For parallelvolumerendering,the WTSP tree needsto be
partitionedanddistributedamongdifferentprocessorsince
it is impracticalto replicatethe large amountof dataev-
erywherein a clusterervironment.However, if nodeswith
parent-childdependencieare assignedo differentproces-
sors,thencommunicatiorbetweenthe processordecomes
inevitable. In this sectionwe presenia WTSPtreepartition
anddatadistributionschemevhich eliminatethedatadepen-
deng amongprocessorandensurea balancedvorkloadfor
renderingonaPCcluster

First of all, the WTSPtreeis partitionedat every ko lev-
elsof thespatialoctreeaccordingto our EVERY-K scheme.
Within eachof sucha partition, for eachoctreenodethat
hasstoredthelow resolutiondata,andthedescendemictree
nodesstoringthe 3D waveletcoefcients thatdependonit,
we form an octreenodegroup. Then,for every time treein
anoctreetreenodegroup,we partitionthetime treeat every
ki levelsaccordingto the EVERY-K schemeWithin eachof
sucha patrtition, for eachtime tree nodethat hasstoredthe
1D wavelet reconstructedesults,and the descendentime
tree nodesstoring the 1D wavelet coefcients that depend
onit, we form atime treenodegroup.In eachoctreenode
group,all thetime treenodegroupsthatcoverthesametime
spanarejoinedinto adistribution unit, asillustratedin Fig-
ure 4. We usethe distribution units to form a partition of
the WTSP tree, and a distribution unit is treatedas a min-
imum unit that canbe assignedo a processorSincethere
is no datadependengbetweerdistribution units duringthe
datareconstructionwe areableto eliminatethedependengc
amongprocessorgtruntime.

A gooddatadistribution schemeshouldensurehatall the
processorseceie a nearequalamountof renderingwork-
load whenthe userspeci es the time stepand error toler
ancedor therenderingHowever, whenmultiresolutionvol-
umerenderingis performed differentdataresolutionsand
thusdifferentrenderingworkloads will be choserasanap-
proximationof the spatio-temporategion. This makesthe
workloaddistribution taskmorecomplicatedIn thefollow-
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ing, we describeour datadistribution schemeo addresshe
load-balancingroblem.

1/
—
/ //
/’/ ——/
A
— 1L
7/ —7 //
/
/

/ //’—-

.

Figure 5: The r sttwoiteratesof the Hilbert curve In con-
structingoneiterate fromthe previousone the directionof
thecurvedeterminesheorientationof thesmallercubesn-
sidethelarger one

Generally speaking,time-varying data usually exhibit
strongspatialandtemporalcoherenceThisimpliesthatdur
ing the rendering,if a datablock at a certain spatialand
temporalresolutionis selectedfor rendering,it is likely
that the samespatio-temporatesolutionfor its neighbor
ing blockswill alsobe selected Therefore,if neighboring
datablocksof similar spatio-temporatesolutionareevenly
distributed to different processorseachprocessomwill re-
ceive approximatelythe samerenderingworkload in that
local neighborhoodTo achieve these,space- lling curves
[Sag94 areutilized in our datadistribution algorithmto as-
signthedistribution unitsto differentprocessorsThespace-
ling cune is usedfor its uniqueability to presere local-
ity, meaningthe traversalpathalongthe curve alwaysvisits
the adjacenblocksbeforeit leavesthe local neighborhood.
An exhibition of the three-dimensionaspace- lling curve
that lls a cubeis shavn in Figure 5. Previously, space-
ling curveshave beenappliedto large datavisualization
in parallel[CDF 03, GHSKO03 anddistributedclient-serer
[PLF 03] ernvironmentsto balancethe workload.In our al-
gorithm,hierarchicakpace- lling curvesareusedo traverse
throughthe volumeto createa one-dimensionabrderingof
theunderlyingvolumeblocks.This orderingwill beusedas
abasigto distributethevolumeblocksto differentprocessors
in around-robinmanner Sinceeachdistribution unit in our
schemespansacrossky spatiallevels, we only needto use
onespace- lling cune of aparticularresolutionfor every ko
levelsin the spatialhierarcly. Oncethe orderingof volume
blocksis determinedthe sameorderwill beusedto traverse
thevolumeswith differenttemporalresolutions.

To ensureload balancingat run time for different spa-
tial andtemporalerror tolerancesdatablockswith similar
spatialand temporalerrorsshouldbe distributed to differ-
entprocessorsinceour errorbasedVTSPtreetraversalal-
gorithm usually selectthem togetherfor rendering.To en-
sureproperdistribution,in additionto thehierarchicabpace-
ling curve traversal,we include an errorguidedbucketi-
zation mechanisminto our datadistribution scheme First,

we partition the spatialerror rangeand the temporalerror
rangeof the nodesin the WTSPtreeinto discreteintenals.
Then,we iteratethroughall possiblecombinationsof spa-
tial errorintenvals andtemporalerror intervals, and create
bucketsfor the spatial-temporagrrorinterval combinations.
Next, we traversethe WTSP tree along hierarchicalspace-
ling curvesasdescribedbove. Duringthetraversal,every
distribution unit encountereds placedinto a bucket, if the
maximumrspatialandtemporalerrorsof all the nodesin the
distribution unit fall into the spatial-temporaintenal of the
bucket. The orderof thedistribution units storedin a bucket
is determinedby the orderof the space- lling curve traver
sal. The intenals of the buckets are adjustedso that each
bucket holds similar numberof distribution units. Finally,
all distribution units in eachof the buckets are distributed
amongprocessorfn around-robinfashion.

3.5. WTSP TreeTraversal and Data Block
Reconstruction

At run time, the user speci es the time step and the tol-

erancef both spatialand temporalerrorsto traversethe
WTSPtree. The WTSPtreetraversalis similar to the TSP
treetraversalalgorithmpresentedn [SCM99. We traverse
both the WTSP tree's octreeskeletonand the binary time
treeassociateavith eachencounteredctreenode.The oc-

tree nodesin the WTSP tree are recursvely visited in the
front-to-backorderaccordingto the viewing direction. The
tolerancefor the spatialerror provides a stoppingcriterion
for the octreetraversalso that the regions having tolerable
spatialvariationscanberenderedisinglower spatialresolu-
tions.Thetolerancedor thetemporalerroris usedto identify

regionswhereit is appropriateo usedataof lower tempo-
ral resolutionsdue to their small temporalvariations.This
allows us to reusethe dataof thosesubsolumesfor multi-

ple time steps.The result of the WTSP tree traversalis a
sequenc®f subvolumeswith differentsizesandcharacter
istics of spatialandtemporalcoherencelf the datablocks
associateavith thoseselectedsubvolumeshave notbeenre-

constructedwe needto performreconstructiorbeforethe
actualrenderingbegins.

A datablock at a certainspatialand temporalresolution
is reconstructedh the following mannerif the correspond-
ing octreenodeis theroot of the octree we retrieve the data
block of n voxels from its time tree hierarcly accordingto
thetime stepin questionThecorrespondindit streamle is
accessedandinverselD wavelettransformsare performed
to reconstructthe datablock. If the correspondingoctree
nodeis not the root of the octree,we recursiely request
thedatablock associatedvith its ancestonodesandrecon-
structthe correspondinglatablocksif necessaryThisis for
extracting the low-pass ltered subblockof size n=8 from
the datablock associatedvith its parentnode.The wavelet
coefcients of size 7n=8 are obtainedfrom its time tree hi-
erarcly by decodingthe correspondingit stream le and
applyinginverselD wavelettransformsThen,we groupthe
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low-pass Itered subblockandthe wavelet coefcients into
a singleblock of n voxels andapply aninverse3D wavelet
transformto reconstructhe datablock.

Note that the reconstructiorof wavelet coefcients only
coversthenodesalongthe pathfrom theleaf (corresponding
to the time stepin query)to the root in the time tree,and
the recursve requestingof the datablock coversthe nodes
along the path from the currentoctreenodeto the root of
theoctree.Thereforethereconstructiortime for gettingthe
datablockisO(c; ho+ ¢ ho ht), wherec; isthetime
to performaninverse3D wavelet transform,c, is the time
to performaninverselD wavelettransformho is theheight
of the octree,andhy is the heightof the time tree.Utilizing
the EVERY-K schemethe costof gettinga datablock is
boundedy thenumberof levelsin anoctreenodegroup(ko)
andthenumberof levelsin atimetreenodegroup(kt) within
a distribution unit. Accordingly, the reconstructiortime is
reducedto O(c; ko+ C; ko ki), whereko < ho, and
ke < hy aresmallnumberstwo or threein our experiments.

3.6. Parallel Volume Rendering

Duringtheactualrenderingeachprocessoonly renderghe
datablocksidenti ed by the WTSPtreetraversalandpreas-
signedto it duringthe datadistribution stage sothereis no
expensve dataredistritution amongprocessorsThe WTSP
treetraversalis doneby thehostprocessagmwhichwill broad-
castthe traversalresultto all the otherprocessorsor by all
processorsimultaneouslyraversingthe WTSPtree,avoid-
ing communicatioramongprocessorsEachprocessoonly
needgo have a copy of the WTSPtreeskeletonwith spatial
andtemporalerrorsrecordedat eachof thetime treenodes.
The screenprojectionof the entire volume's boundingbox
is partitionedinto smallertiles with the samesize,wherethe
numberof the tiles equalsthe numberof processorsEach
processois assignenetile andis responsibléor thecom-
positionof the nal imagefor thattile. Eachtime aprocessor
nishes renderingone datablock, the resultingpartial im-
ageis sentto thoseprocessorsvhosetiles overlapwith the
block'sscreerprojection After renderingall thedatablocks,
thepartialimagesreceivedateachprocessoarecomposited
togetherto generatghe nal imagefor its assignedile. Fi-
nally, the hostprocessocollectsthe partialimagetiles and
createghe nal image.

4. Results
data (type) RMI (byte)
range (threshold) [0, 255] (0)

1024 * 1024 * 960 * 32 (30GB)
block (size) 64 * 64 * 32 (128KB)
tree depth 6 (octree) and 6 (time tree)
wavelet transform |Haar with lifting (both space and time)

volume (size)

Figure 6: TheRMI dataset.

Thetwo time-varyingdatasetsusedin our testsarelisted
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data (type) SPOT (float)

range (threshold) [0.0, 10.109] (0.005)

volume (size) 512 * 512 * 256 * 30 (7.5GB)

block (size) 32 * 32 * 16 (64KB)

tree depth 6 (octree) and 6 (time tree)

wavelet transform | Daubechies 4 (space) and Haar (time)

Figure 7: TheSPO dataset.

in Figure6 andFigure 7 respectiely. We extendonevoxel
overlappingboundariebetweemeighboringblocksin each
dimensionwhen loading datafrom the original brick data
les in orderto produceseamlesgendering.The WTSP
treesconstructedrom the datahave 10499and5799 non-
emptyoctreenodesfor the RMI andthe SPO datasetsre-
spectvely. The compressediatasizesare 5.843GBfor the
RMI datasetand3.572GBfor theSPOI dataset.More com-
pressiorcanbe exploited by increasinghe thresholdor us-
ing vectorquantizatiortechniqueat the price of sacri cing
theimagequality. For a giventime-varying dataset, its cor
respondingW TSP tree only needsto be constructedonce
andcanthenbeusedrepeatedly

Theparallelrenderingusingsoftwareraycastingvasper
formed on a PC cluster consistingof 32 2.4GHz Pen-
tium 4 processorgonnectedy Dolphin Networks. For the
EVERY-K partitioningschemewe choseko = 2 andk = 2
to partition the WTSP tree for both of the datasets.The
wavelet-compressedata associatedvith the WTSP tree
nodeswere distributed amongthe 32 processorsWe used
the Hilbert curve asthe space- lling curve for the datadis-
tribution.

900

800

700

Number of Units
Distributed

13 & 7 9 11 13 15 17 19 21 23 25 27 29

Processor ID

Figure 8: The numberof distribution units distributed to
ead of the 32 processas for the RMI dataset.

Thehierarchicabatadistribution with errorguidedbuck-
etizationschemeallowed the parallelvolume renderingal-
gorithmto balanceheworkload.Figure8 andFigure9 shav
the numberof distribution units distributed to eachof the
32 processordor the RMI andthe SPOI datasetsrespec-
tively. Figure 10 and Figure 11 shov the numberof data
blocksrenderedit eachof the 32 processorfor thetwo data
sets,whenthreedifferenttime stepsandtolerancef both
spatialand temporalerrorswere used.It canbe seenthat
good load-balancingvas achiesed, becausehe processors
renderedapproximatelyequalnumbersof blocks.Figure 12
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Figure 9: The numberof distribution units distributed to
ead of the 32 processos for the SPOT dataset.

[—+—(1000,10,25) —=—(20000,100,12) —— (56000,10,3)]

250
. MW‘M'
150
1o WMHW
50 W

0-

Murnber of Blocks
Rendered

T3 % 7 8 1 13 1% 17 19 21 23 28 27 28 31
Processor ID

Figure 10: Thenumberof datablocks rendeed at each of
the 32 processaos with three different queriesof (sete;t)
for the RMI data set. A total of 1597, 3462, and 5723
blodks were rendeed for (5600Q10;3), (200090100 12)
and(100Q 10; 25) respectively

givesthetiming resultsfor renderingthe two datasets.The

well-balancedwvorkloadimplies that our parallelalgorithm

is highly scalable Our algorithmcanachieze approximately
96.53%parallelCPUutilization, or aspeedupf 30.89%times
for 32 processors.

Figure 13 andFigure 14 shaw the renderingof the RMI
andthe SPO datasetsrespectiely at selectediime steps
with differentspatialandtemporalerrortolerancesTheim-
agesof the RMI datasetin Figure 13 tendto have block
renderingappearancethis is becauseHaar wavelets were
usedto performthe wavelet transformin both spatialand
temporaldomainslIn contrasttheimagesof the SPOI data

‘+(D1m,24) —m—(1501,18) +(4n‘m,7)‘

240
200

150 WW

100
R on e Tes

13 5 7 8 1 13 15 17 19 21 23 25 27 28 31
Processor ID

Nurnber of Blocks
Rendered

Figure 11: Thenumberof data blocks rendeed at eac of
the 32 processos with three different queriesof (sete;t)
for the SPA data set. A total of 1142,2019, and 4696
blodks were rendeed for (4:0;1:0;7), (1:5;0:1;18) and
(0:1;0:1; 24) respectively

data set RMI SPOT

PR (se, te, 1) (50, 10,29) | (0.05,0.01,23)
5% 200 number of blocks 6218 4840
2 g wavelet reconstruction 15.637s 4.253s
£2 o software raycasting 10.810s 2.715s
z 0 image composition 0.118s 0.070s
1 3 5 7 9 11 13 18 17 19 21 23 25 27 29 31 overhead 3.093s 1.719s
Frocessar ID total time 29.658s 8.757s
difference time 2.043s 0.241s

Figure 12: The timing resultsfor renderingthe RMI and
the SPO data setswith outputimage resolutionof 512
512. Thedifferencetime is the maximumtiming difference
betweertheprocessacs.

setin Figure 14 have lessblock effect, asthe higherorder
Daubechiesvavelet transformwas usedto build the mul-
tiresolutionhierarcly. Otherhigherorderwavelets,suchas
guadraticspline wavelets,can also be usedto perform 3D
spatialwavelettransforms However, it would requiremore
time to reconstructdata during the rendering.Figure 15
shavs multiresolutionrenderingresultsof differentlevelsof
detail for the two datasets.Whenthe spatialandtemporal
error toleranceswere higher datablocks of lower resolu-
tions werereconstructedwhich resultedin a smallernum-
ber of blocksbeingrenderedlt canbe obseredthat, ner
detailsof the dataare kept when reducingthe error toler
ancesput imagesof reasonableguality canstill be obtained
atlower resolutionsThe useof wavelet-basedompression
allowed us to produceimagesof good visual quality with
muchsmallerstoragespacecommitment.

5. Conclusionand Futur e Work

We have presentedh multiresolutiondatamanagemenand
renderingframework for large-scaldime-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-childnode de-
pendenciedor datareconstructionwe proposedan algo-
rithm to storethe reconstructedlataat nodesin selectve
tree levels and effectively reducethe overall datarecon-
structioncostat run time. For parallelrenderingover a PC
cluster we introduceda WTSP tree partition and distribu-
tion schemeto eliminatethe datadependenc amongpro-
cessorandensurea well-balancedvorkloadfor ary user
speci ed time stepandtolerancef both spatialandtem-
poral errors.The experimentalresultswith renderingof gi-
gabytesof time-varyingdatademonstratethe effectiveness
and utility of our framework. Futurework includesutiliz-
ing graphicshardwareto performwaveletreconstructiomnd
renderingfor the run-time speedupandincorporatingopti-
malfeature-preservingiavelettransformsnto our multires-
olutionframework for featuredetectionsn large-scaldime-
varyingdatasets.
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(a) (2000010; 1) (b) (5500Q50; 8) (c) (5241020, 15) (d) (5220030, 32)

Figure 13: Renderingof the RMI datasetfor selectedime steps All imageswere rendeedwith the sameviewing parametes.
A total of 536, 743, 1317 and 1625 blodks were rendeed for (sete;t) = (2000Q10;1), (5500050;8), (5241Q020;15) and
(52200Q30; 32) respectively

(@) (3:0;0:1;1) (b) (1:0;0:5;12) (c) (1:2;0:3;20) (d) (1:0;0:2;30)

Figure 14: Renderingof the SPOT data setfor selectedime stepsAll imageswere rendeed with the sameviewing parame-
ters. A total of 2558,2743,2392and 2461 blocks were rendeed for (setejt) = (3:0;0:1;1), (1:0;0:5;12), (1:2;0:3;21) and
(1:0;0:2; 30) respectively

(2) (11000010, 11) (b) (10000Q1;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 SPO data set(c and d) with different
spatialandtempoal error tolerances Portions of the datawere zoomedn for bettercomparisonFor the RMI datasetat the
11thtimestep,7 and 151 blocks were rendeedfor (sete) = (11000010) and (1000Q 1) respectivelyFor the SPOr dataset
atthe5thtime step,186and 788blockswere rendeedfor (sete) = (10:0;1:0) and(1:0;0:1) respectively
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