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Abstract
We presenta new parallel multiresolutionvolumerenderingalgorithmfor visualizinglarge datasets.Using the
wavelettransform,therawdatais �r stconvertedinto a multiresolutionwavelettree. To eliminatetheparent-child
datadependencyfor reconstructionandachieve load-balancedrendering, wedesigna novel algorithmto parti-
tion the treeand distribute the data along a hierarchical space-�lling curvewith error-guidedbucketization.At
run time, thewavelettreeis traversedaccording to theuser-speci�ederror tolerance, datablocksof differentres-
olutionsaredecompressedandrenderedto composethe�nal image in parallel. Experimentalresultsshowedthat
our algorithmcanreducetherun-timecommunicationcostto a minimumandensure a well-balancedworkload
amongprocessorswhenvisualizinggigabytesof datawith arbitrary error tolerances.

CategoriesandSubjectDescriptors(accordingto ACM CCS): E.4 [Coding andInformationTheory]: Datacom-
pactionandcompression;I.3.1 [ComputerGraphics]:Parallelprocessing;I.3.3 [ComputerGraphics]:Pictureand
ImageGeneration- Viewing algorithms;I.3.6[ComputerGraphics]:MethodologyandTechniques- Graphicsdata
structuresanddatatypes

1. Intr oduction

An increasingnumber of scienti�c applicationsare now
generatinghigh resolutionthree-dimensionaldata setson
a regular basis.The sizesof thosedata setsare often so
large that it is almost impossible to perform interactive
dataanalysisusing only a single PC or workstation.Take
thetime-dependentRichtmyer-Meshkov turbulencesimula-
tion [MCC� 99] as an example,at eachtime stepthe sim-
ulation producedabout7.5 gigabytesof datade�ned on a
2048� 2048� 1920rectilineargrid. Not surprisingly, data
of this scalecannot behandledeasilyby a singlemachine
with limited computationalresources.A viable solution to
addressthis challengeis to utilize a clusterof PCsto dis-
tribute thedataandperformthecomputationandrendering
in parallel.

As visualizationis an iterative and exploratory process,
renderinga lower resolutionof datasometimesis suf�cient
for thepurposeof obtaininganoverview of thedatabefore
theusercanqueryfurtherdetailsin selectedregions.Given
the physical limitation in the currentgenerationof display

devices, it is alsonot alwaysdesirableto renderthe entire
datasetat the �nest resolutionconsideringthat the projec-
tion of sucha large datasetcanbe far beyond the highest
screenresolutioncurrentlyavailable.For this reason,many
visualizationalgorithmsprovide theuserwith thecapability
of multiresolutionrenderingsothatit is possibleto perform
interactivedatanavigationin anadaptivemanner.

In thispaper, wepresentaparallelalgorithmfor multires-
olution volumerendering.Although researcherspreviously
haveproposedvarioustechniquesfor multiresolutionencod-
ing andrenderingof largescalevolumeson a singlegraph-
ics workstation[ZCK97, LHJ99, GWGS02], fewer studies
were focusedon designingparallel algorithmsfor sucha
purposeusing PC clusters.Several issuesneedto be ad-
dressedin order to achieve ef�ciency andscalabilitywhen
parallelmultiresolutionvolumerenderingis performed.One
is theissueof designinganeffectivedatadistributionscheme
that can minimize both spaceand run-time computation
overheadsfor storingandreconstructingthemultiresolution
volumes.Whenhierarchicalencodingschemessuchasthe
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wavelettransformis used,themultiresolutiondataareoften
representedin the form of a hierarchicaltree [GWGS02].
Obviously, the sheersizeof the dataprohibits the replica-
tion of theentiretreein every processorsoit is necessaryto
partition anddistribute the multiresolutionhierarchy. Since
thereis often a greatdealof dependency amongthe parent
andchild nodesin thedatahierarchy, it is critical to design
an ef�cient partitioninganddistribution algorithmto mini-
mize suchdependency and thus reducethe run time inter-
processorcommunicationcost for datareconstruction.An-
otherissuethatneedsto beaddressedis loadbalancing.At
run time, when the userspeci�es arbitrary error tolerance
to visualize the volume, different spatial subvolumeswill
be reconstructedwith variouslevels of detail, which could
causeuneven renderingworkloadsamongthe processors.
It is importantto designan effective workloaddistribution
schemeso that the renderingsubtaskscan be evenly dis-
tributedamongtheprocessorsfor any givenerror tolerance
usedto traversethemultiresolutiondatahierarchy. It is also
crucialfor theworkloaddistributionalgorithmtoworkhand-
in-handwith thedatadistribution schemesoasto avoid ex-
pensivedataredistributiondynamicallyat run time.

In our algorithm,we exploit the wavelet transformand
convert the data into a hierarchicalmultiresolutionrepre-
sentation,calleda wavelettree. To alleviate the long chains
of parent-childnodedependencieswhenreconstructingvol-
umesof differentresolutions,we partition the wavelet tree
into distribution units which caneliminatethe datadepen-
dency amongprocessorsand also limit the reconstruction
cost.To avoid run-timedataredistribution andbalancethe
workload of volume rendering,we utilize a hierarchical
space-�lling curve to distribute the dataand the rendering
tasks,guidedby ahierarchical error metric.

Theremainderof thepaperis organizedasfollows.First,
wereview relatedwork in Section2. FromSection3 to Sec-
tion 6, we describeour parallelmultiresolutionvolumeren-
deringalgorithm,including the constructionof the wavelet
treewith hierarchicalerrormetriccalculation,datadistribu-
tion with error-guidedbucketization,andtherun-timeparal-
lel multiresolutionvolumerenderingalgorithm.Resultson
multiresolutionrenderingandloadbalancingamongdiffer-
ent processorsaregiven in Section7 andthe paperis con-
cludedin Section8 with futurework for our research.

2. RelatedWork

Having the ability to visualizedataat different resolutions
allows theuserto identify featuresin differentscales,andto
balanceimagequalityandcomputationspeed.Along thisdi-
rection,anumberof techniqueshavebeenintroducedto pro-
vide hierarchicaldatarepresentationfor volumedata.Burt
andAdelson[BA83] proposedthe LaplacianPyramid asa
compacthierarchicalimagecode.This techniquewas ex-
tendedto 3D by GhavamniaandYang[GY95] andapplied
to volumetricdata.Their Laplacianpyramid is constructed
using a Gaussianlow-pass�lter and encodedby uniform

quantization.Voxel valuesarereconstructedat run time by
traversingthepyramidbottomup.To reducethehighrecon-
structionoverhead,they suggesteda cachedatastructure.
LaMar et al. [LHJ99] proposedan octree-basedhierarchy
for volumerenderingwherethe octreenodesstorevolume
blocks resampledto a �x ed resolutionand renderedusing
3D texture hardware. A similar techniquewas introduced
by Boadaet al. [BNS01]. Their hierarchicaltexture mem-
ory representationand managementpolicy bene�ts nearly
homogeneousregionsandregionsof lower interest.

Waveletsare usedto representfunctionshierarchically,
andhave gainedmuchpopularity in several areasof com-
putergraphics[SDS96]. Overthepastdecade,many wavelet
transformand compressionschemeshave beenappliedto
volumetric data. Muraki [Mur92, Mur93] introduced the
ideaof usingthewavelettransformto obtainauniqueshape
descriptionof anobject,where2D wavelet transformis ex-
tendedto 3D andappliedto eliminatewavelet coef�cients
of lower importance.Theuseof single3D [IP98, KS99] or
multiple2D [Rod99] Haarwavelettransformationsfor large
3Dvolumedatahasbeenwell studied,resultingin highcom-
pressionratioswith fastrandomaccessof dataat run time.
More recently, Gutheet al. [GWGS02] presenteda hierar-
chicalwaveletrepresentationfor largevolumedatasetsthat
supportsinteractivewalkthroughonasinglecommodityPC.
Only the levelsof detailnecessaryfor displayareextracted
andsentto texturehardwarefor viewing.

Parallel computinghas beenwidely usedin large vol-
umevisualization.HansenandHinker [HH92] proposeda
parallel algorithm on SIMD machinesto speedup isosur-
faceextraction.Ellsiepen[Ell95] introduceda parallel im-
plementationfor unstructuredisosurfaceextraction with a
dynamicalblock distribution scheme.Crossnoand Angel
[CA97] gave an isosurfaceextractionalgorithmusingpar-
ticle systemsandits parallelimplementation.An isosurface
extraction algorithm in spanspaceand the corresponding
parallelizationwere describedin [SHLJ96]. To speedup
the volume renderingprocess,Ma et al. [MPHK94] pro-
poseda parallel algorithm that distributes data evenly to
the available computingresourcesand producesthe �nal
image using binary-swap compositing.Schulzeand Lang
[SL02] provideda parallelizedversionof perspective shear-
warp volumerenderingalgorithm[LM94]. A scalablevol-
umerenderingtechniquewaspresentedin [LMC02], utiliz-
ing lossycompressionto rendertime-varyingscalardatasets
interactively. To further reducethe renderingtime of large-
scale data sets, several parallel visualization algorithms
[HSC� 00, GS01, GHSK03] with visibility culling were in-
troducedto renderonly visibleportionof adatasetin paral-
lel.

Balancingtheworkloadamongtheprocessorsis alwaysa
key issuein aparallelimplementation.In [CDF� 03], Camp-
bell etal. showedaload-balancedtechniqueusingthespace-
�lling curve [Sag94] traversal.In thismethod,thespatiallo-
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cality preservedby a space-�lling curve wasutilized to bal-
ancetheworkload.Gaoet al. [GHSK03] alsoshowed that,
even after visibility culling, the parallel volume rendering
algorithmcanstill achieve well-balancedworkloadby dis-
tributing volumeblocksto processorsalonga space-�lling
curve.

3. Algorithm Overview

Our parallel multiresolution volume renderingalgorithm
consistsof two stages- preprocessingand run-time ren-
dering. The purposeof the preprocessingstageis to cre-
ate a multiresolutionhierarchy for the input volumeusing
the wavelet transform.It alsopartitionsanddistributesthe
wavelet multiresolutionhierarchy to different processors.
Basedon the preprocessedinformation,our run-timealgo-
rithm performsmultiresolutionvolumerenderingin parallel,
ensuringhigh performanceandbalancedworkloaddistribu-
tion for any user-speci�ederrortolerance.

In thepreprocessingstage,we �rst constructa hierarchi-
cal wavelet treeandthencompressthewavelet coef�cients
usinga combinationof run-lengthandHuffman encoding.
Coupledwith the constructionof the wavelet tree,a hier-
archical error metric is usedto calculatetheapproximation
error for eachof the treenodes,which will beusedto con-
trol thetradeoff betweenimagequality andrenderingspeed
at run time. This errormetriccanberapidly computed,and
also guaranteesthat the error value of a parentnodewill
be greaterthan or equal to thoseof its eight child nodes.
The datablocksassociatedwith the wavelet treenodesare
thendistributedamongdifferentprocessorsalonga hierar-
chicalspace-�lling curvewith anerror-guidedbucketization
schemeto ensureloadbalancing.

At run time, our parallelmultiresolutionvolumerender-
ing algorithmis performedaccordingto a user-speci�eder-
ror tolerance.Thewavelettreeis �rst traversedfront to back
to identify thenodeswith variedresolutionsthatsatisfythe
error tolerance.Then,the wavelet-compresseddataassoci-
atedwith thosenodesaredecompressedandthedatablocks
are reconstructedon the �y . Finally, the processorsrender
theselecteddatablockswith variouslevelsof detail in par-
allel.The�nal imageis generatedby compositingthepartial
imagesrenderedatdifferentprocessors.

In thefollowing, we describeeachstageof our algorithm
in detail. We �rst presentthe multiresolutionwavelet tree
constructionalgorithmandthe error metric. Then,we dis-
cussour datadistribution schemefor the purposeof mini-
mizing thedependency amongprocessorsandensuringrun-
time load balancing.Implementationdetailsaboutour par-
allel volumerenderingwill follow.

4. WaveletTreeConstruction with Hierar chical Err or
Metric Calculation

Our hierarchicalwavelet treeconstructionalgorithmis sim-
ilar to the methodsdescribedin [GWGS02, WS04], where

a bottom-upblockwisewavelet transformandcompression
schemeis used.The algorithm startswith subdividing the
original three-dimensionaldatainto a sequenceof blocks.
We assumeeachraw volume block hasn voxels. Without
lossof generality, we alsoassumen = 2i � 2 j � 2k, where
i, j, k areall integersandgreaterthanzero.Theseraw vol-
ume blocks form the leaf nodesof the wavelet tree.After
performinga 3D wavelet transformto eachblock, a low-
pass�ltered subblockof sizen=8 andwavelet coef�cients
of size7n=8 areproduced.The low-pass�ltered subblocks
from eight adjacentleaf nodesin the wavelet treearethen
collectedandgroupedinto asingleblockof n voxels,which
will becomethe low resolutiondatablock associatedwith
the parentnodein the next level of the wavelet hierarchy.
We recursively apply this 3D wavelet transformand sub-
block groupingprocessuntil the root of the treeis reached,
wherea singleblock of sizen is usedto representtheentire
volume.As we arrive at the root of the wavelet tree,since
therootnodehasnoparent,no3D wavelettransformis per-
formed.To save spaceand time for the wavelet tree con-
struction,unnecessarywavelettransformcomputationcould
beavoidedby checkingtheuniformity of thedatablock. If
thedatablock is uniform,wecanskip the3D wavelettrans-
form processandset the low-pass�ltered subblockto that
uniform valueandall its correspondingwaveletcoef�cients
to zero.

To reducethesizeof thecoef�cients storedin thewavelet
tree,thewaveletcoef�cients associatedwith a treenodere-
sulting from the 3D wavelet transformwill be compared
againsta user-providedthresholdandsetto zeroif they are
smaller than the threshold.Thesewavelet coef�cients are
thencompressedusingrun-lengthencodingcombinedwith a
�x edHuffmanencoder[GWGS02]. Thisbit-level run-length
encodingschemeexhibits goodcompressionratio if many
consecutivezerosubsequencesarepresentin thewaveletco-
ef�cient sequenceandis very fastto decompress.Thecom-
pressedbit streamis savedinto anindividual �le.

Figure1: Calculatingtheerror metricof a wavelettreenode
S. B is thelow resolutiondatablock associatedwith S, repre-
sentingtheraw datasubvolumeV. Thethreecolorednodes
andtheir associateddatablocksare examplesusedto illus-
trate thedata relationshipof theparentnodeSand it child
nodesSi , where0 � i � 7.
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Coupledwith theconstructionof thewavelettree,anerror
value is calculatedat every tree node.Our error metric is
basedonthemeansquareerror(MSE)calculation.Asshown
in Figure1, let usassumethatthecurrentwavelet treenode
in questionis S, theith child nodeof Sis Si , i 2 [0;7], andthe
datablock of n voxels associatedwith S that approximates
theoriginalsubvolumeV is B. Onewayto calculatetheerror
metric is to computethe MSE betweenthe low resolution
datablock B andthe correspondingraw datain subvolume
V usingthefollowing formula:

E =

( å
(x;y;z)2 V

(v(x;y;z) � f (x;y;z))2)

m

wherev(x;y;z) is the original scalardatavalueat the loca-
tion (x;y;z) in V. f (x;y;z) is theinterpolateddatavalueat its
correspondingpositionin B. m is thetotal numberof voxels
in V. The interpolationfunction for obtainingthe approxi-
mateddatavaluecanbe eithernearestneighborsor linear.
For any wavelettreeleafnode,wede�ne E = 0.

The main drawback of calculatingthe error metric this
way is that whenthe underlyingdataset is large, it canbe
very slow to performthe error computation.The MSE cal-
culation will becomeprogressively more expensive as we
traversetoward the wavelet tree root sincethe size of the
volumecoveredby a treenodewill increaseproportionally.
Furthermore,a large I/O overheadis involved becausethe
computationrequiresretrieving the raw dataaswell asthe
approximateddata.

To overcometheseproblems,we proposea muchfaster
way to calculatethe error metric which considersthe MSE
betweenthedatain aparentnodeandthedatain its eightim-
mediatechild nodes,takingthemaximumerrorvalueof the
child nodesinto account.Wecomputetheerrorasfollows:

E =

7
å

i= 0
( å
(x;y;z)2 B

(bi(x;y;z) � f (x;y;z))2)

8n
+ maxE

wherebi(x;y;z) is the datavalueat location (x;y;z) in the
datablock associatedwith Si . f (x;y;z) is the interpolated
datavalue at its correspondingposition in B. maxE is the
maximumerrorof Si , where0 � i � 7. Again, the interpo-
lation function for gettingthe approximateddatavaluecan
be either nearestneighborsor linear. Essentially, the error
E of a parentnodeS is calculatedby addingmaxE to the
MSE betweeneightdatablocksassociatedwith child nodes
Si and their correspondinglow-pass�ltered datain B. For
any wavelettreeleafnode,wede�ne E = 0.

A nicefeatureof thiserrormetricis thatit guaranteesthat
the error valueof any parentnodeis greaterthanor equal
to thoseof its correspondingeight child nodes.Our design

of this hierarchical error metric is useful for �e xible error
control whenwe performthe wavelet tree traversalduring
theactualrendering.

5. Hierar chical Data Distrib ution with Err or-Guided
Bucketization

For large scaledata sets,the resulting wavelet hierarchy
needsto be partitionedand distributed amongthe proces-
sorssinceit is impracticalto replicatethedataeverywhere.
To ensurethe scalabilityof the parallelalgorithm,it is im-
portantthat thepartitioningresultwill minimizethedepen-
dency amongthe processorsand ensurea balancedwork-
load. In this section,we describeour datadistribution and
loadbalancingalgorithmin detail.

Figure 2: Only thenodesat everyk levelsstartingfromthe
root (drawn in blue) store the data blocks.Thered ellipsis
showexamplesof thedistribution units.In the �gur e, k = 2
andh = 6. A binary treeratherthanan octreetreeis drawn
here for illustrationpurposeonly.

Oneof theprimaryissuesto beaddressedwhendesigning
thedatadistribution schemeis to minimize thedependency
amongthe processors.In the wavelet tree structuremen-
tioned above, thereexist long chainsof parent-childnode
dependencies- a nodeneedsto recursively requestthe low-
pass�ltered subblockfrom its parentnodein order to re-
constructits own data.Whennodeswith suchdependencies
areassignedto differentprocessors,expensive communica-
tionsat run timebecomeinevitable.To eliminatingsuchde-
pendency amongprocessors,we designthe following stor-
agestrategy to arrangethe multiresolutiondatablocks in
the wavelet tree. Insteadof having the leaf and intermedi-
atenodesstorewaveletcoef�cients, andonly theroot node
storethelow resolutiondatablock,we reconstructandstore
low resolutiondatablocksfor nodesat every k levelsstart-
ing from the root, wherek < h, andh is the heightof the
wavelet tree. (In practice,h may not be an exact multiple
of k and this can be easily handled.)We call a nodethat
storesthe reconstructeddatablock a representativenode,
while a nodethat storesonly wavelet coef�cients an asso-
ciatednode. By default, therootof thewavelettreeis a rep-
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resentative nodeandall the leaf nodesof the treeareasso-
ciatednodes.Figure2 shows an exampleof suchschemes
wherek = 2 andh = 6. It is clear that datareconstruction
only needsto be performedfor the associatednodesby re-
cursively requestingtheirparentnodesup to theclosestrep-
resentative node,wherethe low resolutiondatahasalready
beenreconstructed.We de�ne a distribution unit asthedata
at a representative nodealongwith thewavelet coef�cients
at all its descendentnodeswhich dependon therepresenta-
tivenode.Thisde�nition impliesthattheremustbeoneand
only onerepresentativenodein adistributionunit andall the
nodesin onedistribution unit are independentof nodesin
any otherdistribution units.We usethedistribution units to
form a partition of the wavelet tree,anda distribution unit
is usedasthe minimumunit to be assignedto a processor.
Sincethereis no datadependency amongdistribution units
during wavelet reconstruction,we areableto eliminatethe
dependency amongprocessorsat run time.

Figure3: A simpli�ed 2D exampleof datadistributionalong
the hierarchical space-�lling curve. All the wavelet tree
nodesare traversedlevel by level in a breadth-�rst search
manner. The numbers associatedwith the tree nodesindi-
catethe traversal order givenby the space-�lling curve. A
popularspace-�lling curve, theHilbert curve, is usedin this
example.

An optimal datadistribution schemeshouldensurethat
all theprocessorshave anequalamountof renderingwork-
load at run time. However, whenmultiresolutionrendering
is performed,different dataresolutions,and thus different
renderingworkload,will be chosento approximatethe lo-
cal regions.This makestheworkloaddistribution taskmore
complicated.In thefollowing, we describea staticloaddis-
tributionschemeto solve theloadbalancingproblem.

In general,a volumetricdatasetusuallyexhibits strong
spatialcoherence.Given an error tolerance,if a particular
dataresolutionis chosenfor a subvolume,it is morelikely

thatasimilarresolutionwill alsobeusedfor theneighboring
subvolumes.In our multiresolutionalgorithm,this meansif
a block at a certain level is selectedto be rendered,it is
mostlikely thatits neighboringblocksin thesametreelevel
will also be rendered.Thus, if neighboringdatablocks at
a similar resolutionareevenly distributed to differentpro-
cessors,eachprocessorwill receiveapproximatelythesame
renderingworkload in that local neighborhood.Basedon
this idea,aspace-�lling curve [Sag94] is utilized in ourdata
distribution schemeto assignthedistribution unitsto differ-
entprocessors.Thespace-�lling curve is usedfor its ability
to preserve spatial locality, i.e., the traversalpath along a
space-�lling curve alwaysvisits the adjacentblocksbefore
it leavesthe local neighborhood.The hierarchicalproperty
of a space-�lling curve alsomakesit suitableto beapplied
to ahierarchicalalgorithm.In Figure3, wegiveasimpli�ed
2D exampleof a wavelet treeandits correspondingspace-
�lling curve at eachlevel. The numbersin the �gure show
thetraversalorderalongthehierarchalspace-�lling curve.

Figure 4: An exampleof data distribution along the hier-
archical space-�lling curvewith error-guidedbucketization.
Thenumbersassociatedwith thedistributionunitsshownin
the �gur e indicate the traversal order given by the space-
�lling curve. In this example, a total of 21 distribution units
with threedifferent resolutionsare distributedamongfour
processors.

To ensureloadbalancingat run timeunderdifferenterror
tolerances,datablockswith similar error valuesshouldbe
distributedto differentprocessorssincethey aremostlikely
to beselectedtogetherfor rendering.To achieve this, in ad-
dition to the hierarchalspace-�lling curve traversal,we in-
cludean error-guidedbucketizationmechanismin our data
distributionscheme.As illustratedin Figure4, ouralgorithm
works as follows: The whole error range[errmin;errmax]
is �rst partitionedinto severalerror intervals,whereerrmin
anderrmaxaretheminimumandmaximumerrorvaluesof
therepresentativenodesfrom all thedistributionunits.Then,
we traversealonga hierarchicalspace-�lling curve, where
every distribution unit encounteredis sorted,accordingto

c
 TheEurographicsAssociation2004.



C. Wang& J. Gao& H. W. Shen/ Parallel MultiresolutionVolumeRenderingof LargeDataSetswith Error-GuidedLoadBalancing

thetraversalorder, into a bucket associatedwith anerrorin-
terval when the error valueof its representative nodefalls
into that interval range.The intervalsof thebucketswill be
adjustedso that eachbucket holds similar numberof dis-
tribution units. Finally, all sorteddistribution units in each
of thebucketsaredistributedamongprocessorsin a round-
robinmanner.

Utilizing our hierarchicalerror-guided data distribution
scheme,neighboringdistribution units with similar errors
will bedistributedto differentprocessors.As demonstrated
in Section7, our error-guidedhierarchicaldatadistribution
schemecanachieve well-balancedworkloadamongproces-
sors.

6. Parallel Multir esolutionVolumeRendering

Before renderingeachframe, the wavelet tree is traversed
if the viewing parameteror the error tolerancehas been
changed.This could be doneeither by the host processor
andthenbroadcastingthetraversalresultto all theotherpro-
cessors,or by all processorssimultaneously(eachprocessor
only needsto have a copy of thewavelet treeskeletonwith
errorat eachnoderegardlessof whetherit actuallyhasbeen
assignedthe datablock or not), obviating the communica-
tion amongthe processors.Our error-guidedtree traversal
algorithmallows theuserto specifyanerrortoleranceasthe
stoppingcriterion so that regionshaving smallererrorscan
be renderedat lower resolutions.The nodesin the wavelet
treearerecursively visitedin thefront-to-backorderaccord-
ing to theviewing directionandaseriesof subvolumeswith
differentresolutionsthatsatisfytheerrortoleranceareiden-
ti�ed. If thedatablocksassociatedwith thoseselectedsub-
volumeshave not beenreconstructed,we needto perform
reconstructionbeforetheactualrenderingbegins.

A datablock is reconstructedasfollows: thelow-pass�l-
teredsubblockof sizen=8 is �rst retrieved from its parent
node.This may entail a sequenceof recursive requestsof
the low resolutiondatablocksassociatedwith its ancestor
nodes.Reconstructionswill be performedin thosenodesif
necessary. Our wavelet tree partition and datadistribution
schemeensuresthatsuchdatadependenciescouldonly ex-
ist within a distribution unit. This will reducetheoverall re-
constructiontime sincethe cost of retrieving the low-pass
�ltered subblockis boundedby the height of the subtree
correspondingto adistributionunit, which is usuallyasmall
number, two or threein ourexperiments.Thehighfrequency
wavelet coef�cients of size7n=8 areobtainedby decoding
thecorrespondingbit stream.Finally, wegroupthelow-pass
�ltered subblockandthe wavelet coef�cients and thenap-
ply an inverse3D wavelet transformto reconstructthedata
block.

During theactualrendering,eachprocessoronly renders
the datablocks preassignedto it during the datadistribu-
tion stage,so thereis no expensive dataredistribution be-
tweenprocessors.The screenprojectionof the entire vol-

ume'sboundingbox is partitionedinto smallertileswith the
samesize,wherethenumberof the tiles equalsthenumber
of processors.Eachprocessoris assignedonetile andis re-
sponsiblefor thecompositionof the�nal imagefor thattile.
Eachtimeaprocessor�nishes renderingonedatablock, the
resultingpartialimageis sentto thoseprocessorswhosetiles
overlapwith the block's screenprojection.After rendering
all thedatablocks,thepartial imagesreceived at eachpro-
cessorarecompositedtogetherto generatethe �nal image
for its assignedtile. Finally, the hostprocessorcollectsthe
partialimagetilesandcreatesthe�nal image.

7. Results

In this section,we presentthe experimentalresultsof our
parallelmultiresolutionvolumerenderingalgorithmrunning
on a PC clusterthat consistsof 32 1.53GHzAMD Athlon
1800MPprocessorsconnectedby Myrinet. Thetestdataset
wasthe7.5GB2048� 2048� 1920Richtmyer-Meshkov In-
stability (RMI) datasetfrom LawrenceLivermoreNational
Laboratory.

The dimensionsof the leaf nodeblocks in our wavelet
treeweresetto be128� 128� 64,or 1MB in thetotal size.
This is atradeoff betweenthecostof performingthewavelet
transformfor asingledatablock,andtherenderingandcom-
municationoverheadsfor �nal imagegeneration.Sinceeach
voxel valueis representedusinga singlebyte,Haarwavelet
transformwith a lifting schemewas usedto constructthe
datahierarchy for simplicity and ef�ciency reasons.Loss-
lesscompressionschemewasusedwith thethresholdsetto
zero.We consideredonevoxel overlappingboundariesbe-
tweenneighboringblocksin eachdimensionwhenloading
datafrom original brick data�les in order to producecor-
rectrenderingresults.Thewavelettreeweconstructedhasa
depthof six with 10,499non-emptynodes.WechosetheEV-
ERY2 scheme(storingthereconstructeddatablocksatevery
two levelsof thewavelet tree)to partitionthetreeandform
the distribution units. The constructionof the wavelet tree
wasperformedon a 2.0GHzIntel Pentium4 processorwith
768MBmainmemory. It tookaboutanhourto completeand
the compresseddatasizewas2.65GB.The dataassociated
with thewavelet treenodesweredistributedusingthehier-
archicaldatadistribution schemewith error-guidedbucketi-
zationdescribedin Section5. The space-�lling curve used
in our implementationwastheHilbert curve.

Figure5 shows severalresultswith differentlevelsof de-
tail for theRMI datasetrenderedusingsoftwareraycasting.
Whentheerror tolerancebecamehigher, dataof lower res-
olutionswereused,which resultedin a smallernumberof
blocks being rendered.It can be seenthat, althoughmore
delicatedetailsof the dataarerevealedwhenlowering the
errortolerance,imagesof reasonablequality canstill beob-
tainedat lower resolutions.The useof wavelet-basedcom-
pressionalsoallowed us to produceimagesof goodvisual
qualitywith muchsmallerspaceoverhead.
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(a)A renderingof thedataset (b) E = 40;000,21blocksrendered (c) E = 30;000,120blocksrendered

Figure 5: Multiresolutionrenderingof theRMI dataset.Theresolutionof theoutputimagesis 512� 512.Image (a) showsa
renderingof thedata.Images(b) and(c) were zoomed-inviewsusingdifferenterror toleranceswith thesameviewing setting.
Ascanbeseen,thelower theerror tolerancewas,themoredelicatedetailsof thedatawere revealed.

Figure 6: Thenumberof datablocksdistributedto each of
the32processors for theEVERY2scheme.

Figure7: Thenumberof datablocksrenderedat each of the
32 processors for the EVERY2 schemewith threedifferent
error tolerances.A total of 1,510,2,640,and 3,850blocks
were renderedfor error tolerancesof 5,000,3,000,and500
respectively.

The error-guided hierarchicaldata distribution allowed
our parallelmultiresolutionvolumerenderingalgorithmto
effectively balancetheworkload.Figure6 showsthenumber
of datablocksdistributedto eachof the32 processors.Fig-
ure7 shows thenumbersof datablocksrenderedat eachof
the32 processorswhenthreedifferenterrortoleranceswere
used.Sincetheprocessorsrenderedapproximatelyanequal
numberof blocks, it canbe seenthat good load-balancing

wasachieved.Thewell-balancedworkloadimplies thatour
parallel algorithm is highly scalable.When the error tol-
erancewas set to 3,000, it took 48.74 secondsto render
2,640128� 128� 64 blocksusing32processors,which in-
cludedthe time to performwavelet reconstructionanddisk
I/O (26.35sec),software raycasting(22.36sec),and image
composition(0.03sec).Our algorithmcanachieve approxi-
mately97.6%,96.8%and87.3%parallelCPUutilizationfor
8, 16and32processorsrespectively.

8. Conclusionand Futur eWork

We have presentedanef�cient parallelmultiresolutionvol-
umerenderingalgorithm.A multiresolutionwavelet treeis
usedto allow for interactive analysisof largedataand�e x-
ible run-time tradeoff betweenimage quality and render-
ing speed.To ensurethealgorithm's scalability, we propose
a unique tree partitioning and distribution algorithm and
utilize a hierarchicalspace-�lling curve with error-guided
bucketization schemeto eliminate the parent-childnode
wavelet reconstructiondependencies,balancetherendering
workload,andreducetherun-timecommunicationcostto a
minimum. The experimentalresultsdemonstratethe effec-
tivenessand utility of our parallel algorithm.Futurework
includesutilizing graphicshardwareto performwavelet re-
constructionandrendering,andextendingour parallelmul-
tiresolutionvolumerenderingalgorithmto largescaletime-
varyingdatavisualization.
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