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Abstract

We presenta new parallel multiresolutionvolumerenderingalgorithmfor visualizinglarge data sets.Using the
waveletransformtherawdatais r stcorvertedinto a multiresolutionwavelettree To eliminatethe parent-dild
datadependencyor reconstructiorand achieve load-balanced-endering we designa novel algorithmto parti-
tion the treeand distribute the data along a hierarchical space- lling curvewith error-guidedbucketization.At
run time thewavelettreeis traversedaccoding to theuserspeci ederror tolerance datablocks of differentres-
olutionsare decompessedandrendeedto composehe nal image in parallel. Experimentatesultsshowedhat
our algorithm canreducethe run-timecommunicatiorcostto a minimumand ensue a well-balancedworkload
amongprocessos whenvisualizinggigabytesof datawith arbitrary error tolerances.

Catgyoriesand SubjectDescriptors(accordingto ACM CCS) E.4 [Coding and Information Theory]: Datacom-
pactionandcompressiont.3.1 [ComputerGraphics]:Parallel processingt.3.3 [ComputerGraphics]:Pictureand
ImageGeneration Viewing algorithms;l.3.6 [ComputerGraphics]:MethodologyandTechniques Graphicsdata

structuresanddatatypes

1. Intr oduction

An increasingnumber of scienti ¢ applicationsare now
generatinghigh resolutionthree-dimensionatlata setson
a regular basis.The sizesof thosedata setsare often so
large that it is almostimpossibleto perform interactve
dataanalysisusing only a single PC or workstation.Take
thetime-dependernRichtmyerMeshlov turbulencesimula-
tion [MCC 99 asan example,at eachtime stepthe sim-
ulation producedabout 7.5 gigabytesof datade ned on a
2048 2048 1920rectilineargrid. Not surprisingly data
of this scalecannot be handledeasily by a singlemachine
with limited computationaresourcesA viable solutionto
addresghis challengeis to utilize a clusterof PCsto dis-
tribute the dataand performthe computatiorandrendering
in parallel.

As visualizationis an iterative and exploratory process,
renderinga lower resolutionof datasometimess sufcient
for the purposeof obtainingan overview of the databefore
theusercanqueryfurtherdetailsin selectedegions.Given
the physical limitation in the currentgeneratiorof display
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devices, it is alsonot always desirableto renderthe entire
datasetat the nest resolutionconsideringthat the projec-
tion of sucha large datasetcanbe far beyond the highest
screerresolutioncurrently available. For this reasonmary

visualizationalgorithmsprovide the userwith the capability
of multiresolutionrenderingsothatit is possibleto perform
interactve datanavigationin anadaptve manner

In this paperwe present parallelalgorithmfor multires-
olution volumerendering.Although researcherpreviously
have proposedrarioustechniquegor multiresolutionencod-
ing andrenderingof large scalevolumeson a singlegraph-
ics workstation[ZCK97, LHJ99 GWGSO03, fewer studies
were focusedon designingparallel algorithmsfor sucha
purposeusing PC clusters.Several issuesneedto be ad-
dressedn orderto achieve ef ciency andscalabilitywhen
parallelmultiresolutionvolumerenderings performedOne
is theissueof designinganeffective datadistributionscheme
that can minimize both spaceand run-time computation
overheaddor storingandreconstructinghe multiresolution
volumes.When hierarchicalencodingschemesuchasthe
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wavelettransformis used the multiresolutiondataareoften
representedn the form of a hierarchicaltree [GWGS03.
Olviously, the sheersize of the dataprohibitsthe replica-
tion of theentiretreein every processosoit is necessaryo
partition anddistribute the multiresolutionhierarcly. Since
thereis often a greatdeal of dependencamongthe parent
andchild nodesin the datahierarcly, it is critical to design
an efcient partitioninganddistribution algorithmto mini-
mize suchdependeng and thusreducethe run time inter-
processocommunicatiorcostfor datareconstructionAn-
otherissuethatneedso be addressedt load balancing At
run time, when the userspeci es arbitrary error tolerance
to visualize the volume, different spatial subvolumeswill
be reconstructedvith variouslevels of detail, which could

causeuneven renderingworkloadsamongthe processors.

It is importantto designan effective workload distribution
schemeso that the renderingsubtaskscan be evenly dis-
tributedamongthe processorsor ary given errortolerance
usedto traversethe multiresolutiondatahierarcly. It is also
crucialfor theworkloaddistributionalgorithmto work hand-
in-handwith the datadistribution schemeso asto avoid ex-
pensve dataredistritution dynamicallyatruntime.

In our algorithm, we exploit the wavelet transformand
corvert the datainto a hierarchicalmultiresolutionrepre-
sentationcalleda wavelettree To alleviate the long chains
of parent-childhodedependenciewhenreconstructingol-
umesof differentresolutionswe partition the wavelet tree
into distribution units which can eliminatethe datadepen-
deny amongprocessorand also limit the reconstruction
cost.To avoid run-time dataredistritution andbalancethe
workload of volume rendering,we utilize a hierarchical
space- lling curveto distribute the dataandthe rendering
tasks,guidedby a hierarchical error metric

Theremainderof the paperis organizedasfollows. First,
we review relatedwork in Section2. FromSection3 to Sec-
tion 6, we describeour parallelmultiresolutionvolumeren-
deringalgorithm,including the constructionof the wavelet
treewith hierarchicakerror metric calculationdatadistribu-
tion with errorguidedbucketization,andtherun-timeparal-
lel multiresolutionvolume renderingalgorithm. Resultson
multiresolutionrenderingandload balancingamongdiffer-
entprocessorgaregivenin Section7 andthe paperis con-
cludedin Section8 with futurework for ourresearch.

2. RelatedWork

Having the ability to visualizedataat differentresolutions
allowstheuserto identify featuresn differentscalesandto
balancémagequality andcomputatiorspeedAlong thisdi-
rection,anumberof technique$iave beenintroducedo pro-
vide hierarchicaldatarepresentatiofior volume data.Burt
and Adelson[BA83] proposedhe LaplacianPyramid asa
compacthierarchicalimage code. This techniquewas ex-
tendedto 3D by Ghavamniaand Yang[GY95] andapplied
to volumetricdata. Their Laplacianpyramid is constructed
using a Gaussianow-pass Iter and encodedby uniform

guantizationVoxel valuesarereconstructedt run time by
traversingthe pyramidbottomup. To reducethehighrecon-
struction overhead they suggestedh cachedatastructure.
LaMar et al. [LHJ99 proposedan octree-basedhierarcly
for volumerenderingwherethe octreenodesstorevolume
blocksresampledo a x ed resolutionand renderedusing
3D texture hardware. A similar techniquewas introduced
by Boadaet al. [BNSOJ. Their hierarchicaltexture mem-
ory representatioand managemenpolicy bene ts nearly
homogeneouregionsandregionsof lower interest.

Wavelets are usedto representfunctions hierarchically
and have gainedmuch popularityin several areasof com-
putergraphic{ SDS98§. Overthepastdecademary wavelet
transformand compressiorschemeshave beenappliedto
volumetric data. Muraki [Mur92, Mur93] introduced the
ideaof usingthewavelettransformto obtaina uniqueshape
descriptionof anobject,where2D wavelettransformis ex-
tendedto 3D and appliedto eliminatewavelet coefcients
of lowerimportanceThe useof single3D [IP98 KS99 or
multiple 2D [Rod99 Haarwavelettransformationgor large
3D volumedatahasbeenwell studiedresultingin highcom-
pressiomratioswith fastrandomacces®f dataat runtime.
More recently Gutheet al. [GWGS02 presentedh hierar
chicalwaveletrepresentatiofor large volumedatasetsthat
supportsnteractive walkthroughon asinglecommodityPC.
Only the levels of detail necessaryor displayareextracted
andsentto texture hardwarefor viewing.

Parallel computing has beenwidely usedin large vol-
ume visualization.Hansenand Hinker [HH92] proposeda
parallel algorithm on SIMD machinesto speedup isosur
faceextraction. Ellsiepen[EII95] introduceda parallelim-
plementationfor unstructuredsosurfice extraction with a
dynamicalblock distribution scheme.Crossnoand Angel
[CA97] gave anisosuriceextraction algorithm using par
ticle systemsandits parallelimplementationAn isosurfice
extraction algorithm in spanspaceand the corresponding
parallelizationwere describedin [SHLJ9§. To speedup
the volume renderingprocessMa et al. [MPHK94] pro-
poseda parallel algorithm that distributes data evenly to
the available computingresourcesand producesthe nal
image using binary-swap compositing.Schulzeand Lang
[SLOZ provideda parallelizedversionof perspectie shear
warp volumerenderingalgorithm[LM94]. A scalablevol-
umerenderingtechniquewvaspresentedn [LMCO02], utiliz-
ing lossycompressioto rendettime-varyingscalardatasets
interactvely. To further reducethe renderingtime of large-
scale data sets, several parallel visualization algorithms
[HSC 00, GS01 GHSKO03 with visibility culling werein-
troducedo renderonly visible portionof a datasetin paral-
lel.

Balancingtheworkloadamongthe processorss alwaysa
key issuein a parallelimplementationin [CDF 03], Camp-
bell etal. shavedaload-balancetechniquaisingthespace-

ling curve[Sag94 traversal.ln this method the spatiallo-
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cality preseredby a space- lling curve wasutilized to bal-

ancethe workload.Gaoet al. [GHSKO03 alsoshaved that,
even after visibility culling, the parallel volume rendering
algorithmcanstill achiesze well-balancedvorkload by dis-

tributing volume blocksto processoralonga space- lling

cune.

3. Algorithm Overview

Our parallel multiresolution volume rendering algorithm
consistsof two stages- preprocessingnd run-time ren-
dering. The purposeof the preprocessingtageis to cre-
ate a multiresolutionhierarcly for the input volume using
the wavelet transform.It also partitionsand distributesthe

wavelet multiresolution hierarcly to different processors.

Basedon the preprocessethformation,our run-timealgo-
rithm performsmultiresolutiorvolumerenderingn parallel,
ensuringhigh performancendbalancedvorkloaddistribu-
tion for ary userspeci ederrortolerance.

In the preprocessingtagewe rst constructa hierarchi-
cal wavelettreeandthencompresghe wavelet coefcients
usinga combinationof run-lengthand Huffman encoding.
Coupledwith the constructionof the wavelet tree, a hier-
archical error metricis usedto calculatethe approximation
errorfor eachof the treenodeswhich will be usedto con-
trol thetradeof betweerimagequality andrenderingspeed
atruntime. This error metric canbe rapidly computedand
also guaranteeshat the error value of a parentnode will
be greaterthan or equalto thoseof its eight child nodes.
The datablocks associatedvith the wavelet tree nodesare
thendistributed amongdifferent processorslonga hierar
chicalspace- lling curve with anerrorguidedbucketization
schemeo ensurdoadbalancing.

At run time, our parallelmultiresolutionvolume rendef
ing algorithmis performedaccordingto a userspeci ed er-
ror toleranceThewavelettreeis rst traversedrontto back
to identify the nodeswith variedresolutionghat satisfythe
error tolerance .Then, the wavelet-compressedataassoci-
atedwith thosenodesaredecompresseandthe datablocks
arereconstructedn the y . Finally, the processorsender
the selecteddatablockswith variouslevels of detailin par
allel. The nal imageis generatedy compositinghepartial
imagesrenderedat differentprocessors.

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

4. Wavelet TreeConstruction with Hierar chical Err or
Metric Calculation

Our hierarchicalwavelettree constructioralgorithmis sim-
ilar to the methodsdescribedn [GWGS02 WS04, where

¢ TheEurographic#Association2004.

a bottom-upblockwisewavelet transformand compression
schemeis used.The algorithm startswith subdviding the
original three-dimensionatiatainto a sequencef blocks.
We assumeeachraw volume block hasn voxels. Without
lossof generality we alsoassumen= 2' 21 2% 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 size n=8 and wavelet coefcients
of size 7n=8 are produced.The low-pass Itered subblocks
from eight adjacenteaf nodesin the wavelettreearethen
collectedandgroupednto a singleblock of n voxels,which
will becomethe low resolutiondatablock associatedvith
the parentnodein the next level of the wavelet hierarcly.
We recursvely apply this 3D wavelet transformand sub-
block groupingprocesauntil the root of thetreeis reached,
wherea singleblock of sizen is usedto representhe entire
volume.As we arrive at the root of the wavelettree, since
theroot nodehasno parentno 3D wavelettransformis per
formed. To save spaceandtime for the wavelet tree con-
struction,unnecessarwavelettransformcomputatiorcould
be avoidedby checkingthe uniformity of the datablock. If
thedatablockis uniform, we canskip the 3D wavelettrans-
form processandsetthe low-pass ltered subblockto that
uniform valueandall its correspondingvaveletcoefcients
to zero.

To reducethesizeof thecoefcients storedin thewavelet
tree,the waveletcoefcients associatedvith atreenodere-
sulting from the 3D wavelet transformwill be compared
agpinsta userprovided thresholdandsetto zeroif they are
smallerthan the threshold. Thesewavelet coefcients are
thencompressedsingrun-lengthencodingcombinedwith a
x edHuffmanencodefGWGSO03. Thisbit-level run-length
encodingschemeexhibits good compressiorratio if mary
consecutie zerosubsequencesepresentn thewaveletco-
efcient sequencandis very fastto decompressThe com-
pressedit streamis savedinto anindividual le.

/Bs@
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Figure1: Calculatingtheerror metricof awaveletreenode
S Bisthelowresolutiondatablock associateavith S, repre-

sentingthe raw datasubvolumé/. Thethreecolored nodes
andtheir associatedlatablodks are examplesusedto illus-

trate the datarelationshipof the parentnodeS andit child

nodesS, whee0 i 7.
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Coupledwith theconstructiorof thewavelettree,anerror
valueis calculatedat every tree node.Our error metric is
basednthemeansquareerror(MSE) calculation As shovn
in Figurel, let usassumehatthe currentwavelettreenode
in questioris S, theith child nodeof Sis G, i 2 [0; 7], andthe
datablock of n voxels associatedvith S thatapproximates
theoriginal subvolumeV is B. Onewayto calculatetheerror
metric is to computethe MSE betweenthe low resolution
datablock B andthe correspondingaw datain subvolume
V usingthefollowing formula:

(& (Mxy2 f(xy2)?)

(xy:22V

E=
m

wherev(x;y; 2) is the original scalardatavalue at the loca-
tion(x;y;2) inV. f(X;y; 2) istheinterpolateddatavalueatits
correspondingpositionin B. mis thetotal numberof voxels
in V. The interpolationfunction for obtainingthe approxi-
mateddatavalue canbe either nearesineighborsor linear.
For ary wavelettreeleafnode,wede ne E = 0.

The main drawback of calculatingthe error metric this
way is thatwhenthe underlyingdatasetis large, it canbe
very slow to performthe error computationThe MSE cal-
culation will becomeprogressiely more expensve aswe
traversetoward the wavelet tree root sincethe size of the
volumecoveredby atreenodewill increaseproportionally
Furthermorea large I/0O overheadis involved becausehe
computationrequiresretrieving the raw dataaswell asthe
approximatediata.

To overcometheseproblems,we proposea much faster
way to calculatethe error metric which considershe MSE
betweerthedatain apareninodeandthedatain its eightim-
mediatechild nodestakingthe maximumerrorvalueof the
child nodesinto accountWe computethe errorasfollows:

,
a( & (bxy2 f(xy2)?
i=0 (xy;22B

E= + maxe

8n

whereb;(x;y; 2) is the datavalue at location (x;y; 2) in the
datablock associatedvith S. f(x;y;2) is the interpolated
datavalue at its correspondingpositionin B. maxE is the
maximumerrorof §, where0 i 7. Again, the interpo-
lation function for gettingthe approximateddatavalue can
be either nearesteighborsor linear Essentially the error
E of a parentnodeS is calculatedby addingmaxE to the
MSE betweereightdatablocksassociateavith child nodes
S andtheir correspondindow-pass Itered datain B. For
ary wavelettreeleafnode,wede ne E = 0.

A nicefeatureof this errormetricis thatit guaranteethat
the error value of ary parentnodeis greaterthanor equal
to thoseof its correspondingight child nodes.Our design

of this hierarchical error metric is usefulfor e xible error
controlwhenwe performthe wavelet tree traversalduring
theactualrendering.

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

For large scale data sets, the resulting wavelet hierarcly

needsto be partitionedand distributed amongthe proces-
sorssinceit is impracticalto replicatethe dataeverywhere.
To ensurethe scalability of the parallelalgorithm, it is im-

portantthatthe partitioningresultwill minimize the depen-
deng amongthe processorand ensurea balancedwork-

load. In this section,we describeour datadistribution and
loadbalancingalgorithmin detail.

@ Representative node
(O) Associated node

Figure 2: Only the nodesat everyk levelsstartingfromthe
root (drawnin blue) store the data blodks. Thered ellipsis
showexamplesof the distribution units. In the gure, k= 2
andh = 6. A binary treeratherthanan octreetreeis drawn
here for illustration purposeonly.

Oneof theprimaryissuego beaddressedhendesigning
the datadistribution schemes to minimize the dependenc
amongthe processorsin the wavelet tree structuremen-
tioned above, there exist long chainsof parent-childnode
dependenciesa nodeneeddo recursvely requesthe low-
pass ltered subblockfrom its parentnodein orderto re-
constructits own data.Whennodeswith suchdependencies
areassignedo differentprocessorsexpensve communica-
tionsatruntime becomanevitable.To eliminatingsuchde-
pendeng amongprocessorsywe designthe following stor
age stratgy to arrangethe multiresolutiondatablocks in
the wavelet tree. Insteadof having the leaf and intermedi-
atenodesstorewavelet coefcients, andonly the root node
storethelow resolutiondatablock, we reconstrucandstore
low resolutiondatablocksfor nodesat every k levels start-
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 reconstructedlatablock a representativenode
while a nodethat storesonly wavelet coefcients an asso-
ciatednode By default, theroot of thewavelettreeis arep-
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resentatie nodeandall the leaf nodesof the treeare asso-
ciatednodes.Figure 2 shavs an exampleof suchschemes
wherek = 2 andh = 6. It is clearthat datareconstruction
only needsto be performedfor the associatedchodesby re-
cursively requestingheir parentnodesup to the closestrep-
resentatie node,wherethe low resolutiondatahasalready
beenreconstructedWe de ne adistribution unit asthedata
at arepresentatie nodealongwith the wavelet coefcients
atall its descendemodeswhich dependon the representa-
tive node.This de nition impliesthattheremustbeoneand
only onerepresentatie nodein adistribution unit andall the
nodesin onedistribution unit areindependendf nodesin
ary otherdistribution units. We usethe distribution unitsto
form a partition of the wavelettree,anda distribution unit
is usedasthe minimumunit to be assignedo a processor
Sincethereis no datadependengcamongdistribution units
during wavelet reconstructionye are ableto eliminatethe
dependencamongprocessorstruntime.

Level 0

Level 1

5 —f 1P— ~20
8 ENRS -
§ el

b4 |14 A5

5 6 8B 7

19 20 18 17 9 12 10 1 13 16 14 15

A Wavelet Tree Level 2
Figure 3: Asimpli ed 2D exampleof datadistributionalong
the hierarchical space- lling curve All the wavelettree
nodesare traversedlevel by level in a breadth- rst seach
manner The numbes 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 schemeshould ensurethat
all the processorsiave an equalamountof renderingwork-
load at run time. However, when multiresolutionrendering
is performed,different dataresolutions,and thus different
renderingworkload,will be chosento approximatethe lo-
calregions.This makesthe workloaddistribution taskmore
complicatedIn thefollowing, we describea staticload dis-
tribution schemeo solve theloadbalancingoroblem.

In general,a volumetric dataset usually exhibits strong
spatialcoherenceGiven an error tolerance,if a particular
dataresolutionis chosenfor a subvolume, it is morelikely
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thata similarresolutionwill alsobeusedfor theneighboring
subvolumes.In our multiresolutionalgorithm, this meansf
a block at a certainlevel is selectedto be renderedit is
mostlik ely thatits neighboringblocksin the sametreelevel
will also be rendered.Thus, if neighboringdatablocks at
a similar resolutionare evenly distributedto differentpro-
cessorseachprocessowill receve approximatelythesame
renderingworkload in that local neighborhoodBasedon
thisidea,aspace- lling curve [Sag94 is utilized in our data
distribution schemeo assignthe distribution unitsto differ-
entprocessorsThe space- lling cune is usedfor its ability
to presere spatiallocality, i.e., the traversal path along a
space- lling curve alwaysvisits the adjacentblocks before
it leavesthe local neighborhoodThe hierarchicalproperty
of a space- lling curve alsomalkesit suitableto be applied
to ahierarchicaklgorithm.In Figure3, we give asimpli ed
2D exampleof a wavelettreeandits correspondingpace-
ling curve at eachlevel. The numbersin the gure shav
thetraversalorderalongthe hierarchakpace- lling curve.

errmax

|:’ Assigned to PO

Assigned to P1

. Assigned to P2
D Assigned to P3

errmin

Figure 4: An exampleof data distribution along the hier-

archical space- lling curvewith error-guidedbucketization.
Thenumbes associatedvith thedistribution unitsshownin

the gure indicate the traveisal order given by the space-
lling curve In this example a total of 21 distribution units
with three different resolutionsare distributed amongfour

processas.

To ensurdoadbalancingat runtime underdifferenterror
tolerancesgdatablocks with similar error valuesshouldbe
distributedto differentprocessorsincethey aremostlikely
to be selectedogetherfor rendering.To achieve this, in ad-
dition to the hierarchalspace- lling curwve traversal,we in-
clude an errorguidedbucketizationmechanisnin our data
distributionschemeAsiillustratedin Figure4, ouralgorithm
works as follows: The whole error range[errmin; errmax
is rst partitionedinto several errorintenals, whereerrmin
anderrmaxarethe minimum andmaximumerror valuesof
therepresentate nodedrom all thedistributionunits.Then,
we traversealonga hierarchicalspace- lling curve, where
every distribution unit encountereds sorted,accordingto
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thetraversalorder into a bucket associatedvith anerrorin-
terval whenthe error value of its representatie nodefalls
into thatintenval range.The intervals of the bucketswill be
adjustedso that eachbucket holds similar numberof dis-
tribution units. Finally, all sorteddistribution unitsin each
of the bucketsaredistributedamongprocessorén a round-
robinmanner

Utilizing our hierarchicalerrorguided data distribution
scheme neighboringdistribution units with similar errors
will bedistributedto differentprocessorsAs demonstrated
in Section?, our errorguidedhierarchicaldatadistribution
schemecanachieve well-balancedvorkloadamongproces-
sors.

6. Parallel Multir esolutionVolume Rendering

Before renderingeachframe, the wavelet tree is traversed
if the viewing parameteror the error tolerancehas been
changed.This could be doneeither by the host processor
andthenbroadcastinghetraversalresultto all theotherpro-
cessorsor by all processorsimultaneouslyeachprocessor
only needsto have a copy of the wavelettree skeletonwith
errorat eachnoderegardlessof whetherit actuallyhasbeen
assignedhe datablock or not), obviating the communica-
tion amongthe processorsOur errorguidedtree traversal
algorithmallows theuserto specifyanerrortoleranceasthe
stoppingcriterion so thatregionshaving smallererrorscan
be renderedat lower resolutions.The nodesin the wavelet
treearerecursvely visitedin thefront-to-backorderaccord-
ing to theviewing directionanda seriesof subvolumeswith
differentresolutionghatsatisfytheerrortoleranceareiden-
tied. If thedatablocksassociatedavith thoseselectedsub-
volumeshave not beenreconstructedywe needto perform
reconstructiorbeforethe actualrenderingoegins.

A datablockis reconstructedsfollows: the low-pass|-

teredsubblockof sizen=8 is rst retrieved from its parent
node.This may entail a sequencef recursie requestf
the low resolutiondatablocks associatedvith its ancestor
nodes.Reconstructionsvill be performedin thosenodesif
necessaryOur wavelet tree partition and data distribution
schemeensureghat suchdatadependenciesould only ex-
ist within a distribution unit. Thiswill reducethe overallre-
constructiontime sincethe cost of retrieving the low-pass
ltered subblockis boundedby the height of the subtree
correspondingo adistribution unit, whichis usuallyasmall
numbertwo or threein ourexperimentsThehighfrequeny
wavelet coefcients of size 7n=8 are obtainedby decoding
thecorrespondindpit streamFinally, we groupthelow-pass
ltered subblockandthe wavelet coefcients andthenap-
ply aninverse3D wavelettransformto reconstructhe data
block.

During the actualrendering.eachprocessoonly renders
the datablocks preassignedo it during the datadistribu-
tion stage,so thereis no expensve dataredistritution be-
tween processorsThe screenprojectionof the entire vol-

ume's boundingbox s partitionedinto smallertiles with the
samesize,wherethe numberof thetiles equalsthe number
of processorsEachprocessois assignednetile andis re-

sponsibldor the compositiorof the nal imagefor thattile.

Eachtime a processomishes renderingonedatablock, the
resultingpartialimageis sentto thoseprocessors/hosetiles
overlapwith the block's screenprojection.After rendering
all the datablocks,the partialimagesreceved at eachpro-
cessorare compositedogetherto generatehe nal image
for its assignedile. Finally, the hostprocessorollectsthe
partialimagetiles andcreateghe nal image.

7. Results

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

The dimensionsof the leaf node blocksin our wavelet
treeweresetto be128 128 64, 0r 1MB in thetotalssize.
Thisis atradeof betweerthecostof performingthewavelet
transforntfor asingledatablock,andtherenderingandcom-
municationoverheadsor nal imagegenerationSinceeach
voxel valueis representedsinga singlebyte,Haarwavelet
transformwith a lifting schemewas usedto constructthe
datahierarcly for simplicity and ef ciency reasonsLoss-
lesscompressiorschemavasusedwith the thresholdsetto
zero.We consideredne voxel overlappingboundariese-
tweenneighboringblocksin eachdimensionwhenloading
datafrom original brick data les in orderto producecor
rectrenderingesults. Thewavelettreewe constructedhasa
depthof six with 10,499n0on-emptynodesWe choseheEV-
ERY2 schemdstoringthereconstructedatablocksatevery
two levels of thewavelettree)to partitionthetreeandform
the distribution units. The constructionof the wavelet tree
wasperformedon a 2.0GHzIntel Pentium4 processowith
768MB mainmemory It tookaboutanhourto completeand
the compressedatasizewas2.65GB.The dataassociated
with the wavelettree nodesweredistributedusingthe hier-
archicaldatadistribution schemewith errorguidedbucketi-
zationdescribedn Section5. The space- lling curve used
in ourimplementatiorwasthe Hilbert curve.

Figure5 shaws severalresultswith differentlevels of de-
tail for the RMI datasetrenderedisingsoftwareraycasting.
Whenthe errortolerancebecamenigher dataof lower res-
olutionswere used,which resultedin a smallernumberof
blocks being renderedlt can be seenthat, althoughmore
delicatedetailsof the dataare revealedwhenlowering the
errortolerancejmagesof reasonablguality canstill be ob-
tainedat lower resolutions The useof wavelet-basedom-
pressionalsoallowed us to produceimagesof goodvisual
quality with muchsmallerspaceoverhead.
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(a) A renderingof the dataset

(b) E = 40;000,21blocksrendered (c) E = 30;000,120blocksrendered

Figure 5: Multiresolutionrenderingof the RMI data set. Theresolutionof the outputimagesis 512 512.Image (a) showsa
renderingof the data. Images(b) and (c) were zoomed-irviews usingdifferenterror toleranceswith the sameviewing setting
Ascanbeseenthelowertheerror tolerancewas,the more delicatedetailsof the datawere revealed.

Figure 6: Thenumberof datablocks distributedto ead of
the 32 processos for the EVERY2scheme

Figure 7: Thenumberof datablocksrendeedat eac of the
32 processas for the EVERY2 schemewith three different
error tolerances A total of 1,510,2,640,and 3,850blocks
were rendeedfor error tolerancesof 5,000,3,000,and 500
respectively

The errorguided hierarchicaldata distribution allowed
our parallel multiresolutionvolume renderingalgorithmto
effectively balancaheworkload.Figure6 shavsthenumber
of datablocksdistributedto eachof the 32 processorsrig-
ure 7 shavs the numbersof datablocksrenderedat eachof
the 32 processorsvhenthreedifferenterrortolerancesere
used.Sincethe processorsenderedapproximatelyanequal
numberof blocks, it canbe seenthat goodload-balancing

¢ TheEurographic#Association2004.

wasachieved. The well-balancedvorkloadimplies thatour
parallel algorithm is highly scalable.When the error tol-
erancewas setto 3,000, it took 48.74 secondsto render
2,640128 128 64 blocksusing32 processorsyhichin-
cludedthe time to performwaveletreconstructioranddisk
I/O (26.35sec)software raycasting(22.36sec) and image
composition(0.03sec) Our algorithm canachiese approxi-
mately97.6%,96.8%and87.3%parallelCPUutilizationfor
8, 16 and32 processorsespectiely.

8. Conclusionand Futur e Work

We have presentedn ef cient parallelmultiresolutionvol-

umerenderingalgorithm. A multiresolutionwavelettreeis

usedto allow for interactve analysisof large dataand e x-

ible run-time tradeof betweenimage quality and render

ing speedTo ensurethe algorithm's scalability we propose
a unique tree partitioning and distribution algorithm and
utilize a hierarchicalspace- lling curve with errorguided
bucketization schemeto eliminate the parent-child node
waveletreconstructiordependenciedalancethe rendering
workload,andreducetherun-timecommunicatiorcostto a
minimum. The experimentalresultsdemonstratéhe effec-

tivenessand utility of our parallel algorithm. Futurework

includesutilizing graphicshardwareto performwaveletre-

constructiorandrendering andextendingour parallelmul-

tiresolutionvolumerenderingalgorithmto large scaletime-

varyingdatavisualization.

Acknowledgements

The work was supportecby NSF ITR grantACI-0325934,
DOE Early CareerPrincipal Investicator award DE-FG02-
03ER25572,and NSF Career Award CCF-0346883.The

RMI data set was provided by Mark Duchaineauat

LawrenceLivermoreNationalLaboratory Specialthanksto

Don Stredng and DennisSessann&om Ohio Supercom-
puterCenterfor providing thetestervironment.



C.Wang& J. Gao& H. W. Sher Parallel MultiresolutionvolumeRenderingof Large Data Setswith Error-GuidedLoad Balancing

References

[BA83]

[BNSO1]

[CA97]

[CDF 03]

[ENl95]

[GHSKO3]

[GS01]

BURT P. J., ADELSON E. H.: The LaplacianPyra-
mid asa CompactmageCode. |[EEE Transaction®n
Communication81, 4 (1983),532-540. 2

BOADA I., NAVAZO |., SCOPIGNO R.: Multiresolu-
tion Volume Visualizationwith a Texture-BasedOc-
tree. TheVisual Computerl?7, 3 (2001),185-197. 2

CROssNO P., ANGEL E.: IsosurficeExtractionUsing
Particle SystemsIn Proceeding®f IEEE Visualization
'97 (1997),pp.495-498. 2

CaMPBELL P. C., DEVINE K. D., FLAHERTY J. E.,
GERVASIO L. G., TERESCO J. D.: DynamicOctree
Load Balancing Using Space-Hling Curves Tech.
Rep.CS-03-01Williams College Departmenbf Com-
puterScience2003. 2

ELLSIEPEN P.: Parallel Isosurfcing in Large Un-
structedDatasets. In Misualizationin ScientifcCom-
puting (1995),pp. 9-23. 2

GAO J., HUANG J., SHEN H. W., KOHL J. A.: Vis-
ibility Culling Using PlenopticOpacity Functionsfor
Large DataVisualization. In Proceedingof IEEE -
sualization'03 (2003),pp.341-348.2, 3

GAO J., SHEN H. W.: Parallel View-Dependent
Isosurfice Extraction Using Multi-Pass Occlusion
Culling. In Proceedingf IEEE Symposiunin Par-
allel and Large Data Misualizationand Graphics'01
(2001),pp.67-74. 2

[GWGSO02] GUTHE S., WAND M., GONSER J., STRASSER W.:

[GY95]

[HH92]

[HSC 00]

[IP98]

[KS99]

[LHJ99]

Interactve Renderingof Large Volume Data Sets. In
Proceeding®f IEEE Misualization'02 (2002),pp.53—
60. 1,2,3

GHAVAMNIA M. H., YANG X. D.: Direct Render
ing of LaplacianPyramid Compressed/olume Data.
In Proceedingsof IEEE Msualization '95 (1995),
pp.192-199. 2

HANSEN C., HINKER P.: Massvely Parallel Isosur
faceExtraction. In Proceeding®f IEEE Visualization
'92 (1992),pp.189-195. 2

HUANG J., SHAREEF N., CRAWFIS R., SADAYAPPAN
P., MUELLER K.: A Parallel SplattingAlgorithm with
OcclusionCulling. In Proceedingsof Eurographics
Workshopon Parallel Graphicsand Visualization'00
(2000),pp.125-132. 2

IHM |., PARK S.: Wavelet-Based3D Compression
Scheméor Very Large VolumeData. In Proceedings
of Graphicsinterface'98 (1998),pp.107-116. 2

KiMm T. Y., SHIN Y. G.: An Ef cient Wavelet-Based
CompressiorMethodfor VolumeRendering.In Pro-

ceedingof Paci ¢ Graphics'99 (1999),pp. 147-157.
2

LAMAR E., HAMANN B., Joy K. |.: Multiresolution
Techniquedor Interactve Texture-Basedvolume Vi-
sualization. In Proceeding®of IEEE Visualization'99
(1999),pp.355-362. 1, 2

[LM94]

[LMCO02]

[MCC 99]

[MPHK94]

[Mur92]

[Mur93]

[Rod99]

[Sag94]

[SDS96]

[SHLJ96]

[SLOZ]

[WS04]

[ZCK97]

LACROUTE P.,, MARC L.: FastVolumeRenderindJs-
ing a SheatWarp Factorizationof the Viewing Trans-
formation. In Proceedingsof ACM SIGGRAPH'94
(1994),pp.451-458. 2

Lum E., MA K. L., CLYNE J.: A Hardware-Assisted
ScalableSolutionfor Interactve VolumeRenderingpf
Time-Varying Data. |IEEE Transactionson Visualiza-
tion and ComputerGraphics8, 3 (2002),286-301. 2

MIRIN A. A., COHEN R. H., CurTIS B. C., DAN-
NEVIK W. P,, DIMITS A. M., DUCHAINEAU M. A.,
ELIASON D. E., SCHIKORE D. R., ANDERSON S. E.,
PORTER D. H., WOODWARD P. R., SHIEH L. J.,
WHITE S. W.: Very High ResolutionSimulationof
Compressibléfurbulenceon the IBM-SP System. In
Proceedingsof ACM/IEEE Supecomputing Confer
ence'99 (1999). 1

MA K. L., PAINTER J. S., HANSEN C. D., KROGH
M. F.: ParallelVolumeRenderindJsingBinary-Swap
Compositing.|[EEE ComputerGraphicsand Applica-
tions 14, 4 (1994),59-68. 2

MURAKI S.: Approximationand Renderingof Vol-
ume DataUsing Wavelet Transforms.In Proceedings
of IEEE Visualization'92 (1992),pp.21-28. 2

MURAKI S.: Volume Dataand Wavelet Transforms.
IEEE Computer Graphics and Applications 13, 4
(1993),50-56. 2

RODLER F. F.: Wavelet-BaseD Compressiomwith
FastRandomAccessfor Very Large VolumeData. In
Proceedingof Paci ¢ Graphics'99 (1999),pp. 108—
117. 2

SAGAN H.: Space-Hling Curves SpringefVerlag,
New York, 1994. 2,5

STOLLNITZ E. J., DEROSE T. D., SALESIN D. H.:
Waveletsfor ComputerGraphics: Theoryand Appli-
cations MorganKaufmann,1996. 2

SHEN H. W., HANSEN C. D., LIVNAT Y., JOHNSON
C. R.: Isosurkcingin SpanSpacewith UtmostEf -
cieng (ISSUE). In Proceeding®f IEEE Visualization
'96 (1996),pp.287-294. 2

ScHuLzE P., LANG U.: The Parallelizationof the
Perspectie SheatWarpVolumeRenderingAlgorithm.
In Proceedingf EurographicsWorkshopon Parallel
GraphicsandVisualization'02 (2002),pp.61-69. 2

WANG C., SHEN H. W.: A Framavork for Rendering
Large Time-\arying Data Using Wavelet-Basedime-

SpacePartitioning (WTSP)Tree Tech. Rep. OSU-

CISRC-1/04-TRO5Departmentof Computerand In-

formationScience;The Ohio StateUniversity January
2004. 3

ZHou Y., CHEN B., KAUFMAN A.: Multiresolution
TetrahedralFrameavork for Visualizing Regular Vol-
ume Data. In Proceedingof IEEE Visualization'97
(1997),pp.135-142.1

¢ TheEurographicsAssociation2004.



