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Abstract

We present a new parallel multiresolution volume rendering algorithm for visual-
izing large data sets.Using the wavelet transform, the raw data is �rst converted to
a multiresolution wavelet tree. To eliminate the data dependencybetween proces-
sorsat run-time, and achieve load-balancedrendering, we designa novel algorithm
to partition the tree and distribute the data along a hierarchical space-�lling curve
with error-guided bucketization. Further optimization is achieved by storing recon-
structed data at pre-selectedtree nodes for each processorbasedon the available
storageresourcesto reducethe overall wavelet reconstruction cost. At run time, the
wavelet tree is �rst traversedaccording to the user-speci�ed error tolerance. Data
blocks of di�eren t resolutions that satisfy the error toleranceare then decompressed
and rendered to composethe �nal image in parallel. Experimental results showed
that our algorithm can reducethe run-time communication cost to a minimum and
ensure a well-balanced workload among processorswhen visualizing gigabytes of
data with arbitrary error tolerances.
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1 In tro duction

An increasingnumber of scienti�c applicationsarenow generatinghigh resolu-
tion three-dimensionaldata setson a regularbasis.The sizesof thosedata sets
areoften solargethat it is almost impossibleto perform interactivedata analy-
sisusingonly a singlePC or workstation. Take the time-dependent Richtmyer-
Meshkov turbulencesimulation [18] asan example,at each time step the sim-
ulation producedabout 7.5 gigabytes of data de�ned on a 2048� 2048� 1920
rectilinear grid. Not surprisingly, data of this scalecan not be handled easily
by a single machine with limited computational resources.A viable solution
to addressthis challengeis to utilize a cluster of PCs to distribute the data
and perform the computation and rendering in parallel.

As visualization is an iterativ eand exploratory process,renderinga lower reso-
lution of data sometimesis su�cien t for the userto get a quick overviewbefore
queryingfurther details in selectedregions.Giventhe physical limitation in the
current generationof display devices,it is alsonot always desirableto render
the entire data set at the �nest resolution consideringthat the projection of
such a large data set can exceedthe highest screenresolution currently avail-
able.For this reason,many visualization algorithms now provide the userwith
the abilit y to perform multiresolution rendering for interactive and adaptive
data navigation.

In this paper, we present a parallel algorithm for multiresolution volume ren-
dering. Although researcherspreviously have proposedvarious techniquesfor
multiresolution encoding and rendering of large scale volumes on a single
graphicsworkstation [27,15,9],fewer studieswere focusedon designingparal-
lel algorithms for such a purposeusing PC clusters.Several issuesneedto be
addressedin order to achievee�ciency and scalability whenparallel multireso-
lution volumerenderingis performed.Oneis the issueof designingan e�ectiv e
data distribution schemethat can minimize both spaceand run-time compu-
tation overheadsfor storing and reconstructing the multiresolution volumes.
When hierarchical encoding schemessuch asthe wavelet transform is used,the
multiresolution data are often represented in the form of a hierarchical tree
[9]. Obviously, the sheersizeof the data prohibits the replication of the entire
tree in every processorso it is necessaryto partition and distribute the mul-
tiresolution hierarchy. Sincethere is often a great deal of dependencyamong
the parent and child nodes in the data hierarchy, it is critical to designan
e�cien t partitioning and distribution algorithm to minimize such dependency
and thus reduce the run time inter-processorcommunication cost for data
reconstruction. Another issuethat needsto be addressedis load balancing.
At run time, when the userspeci�es arbitrary error toleranceto visualizethe
volume, di�eren t spatial subvolumesof various levels of detail will be recon-
structed, which couldcauseunevenrenderingworkloadsamongthe processors.
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It is important to designan e�ectiv e workload distribution scheme,so that
the rendering subtaskscan be evenly distributed among the processorsfor
any given error toleranceusedto traversethe multiresolution data hierarchy.
It is alsocrucial for the workload distribution algorithm to work hand-in-hand
with the data distribution schemesoasto avoid expensive data redistribution
at run time.

In our algorithm, we exploit the wavelet transform to convert the data into
a hierarchical multiresolution representation, called a wavelettree. To allevi-
ate the long chains of parent-child node dependencieswhen reconstructing
volumesof di�eren t resolutions,the wavelet tree is partitioned into distribu-
tion units in a way that no data dependencyexists between processors.To
balancethe volume renderingworkload without run-time data redistribution,
we utilize a schemebasedon hierarchical space-�l ling curvesand error-guided
bucketizationto distribute the data and the renderingtasks.Moreover, to min-
imize the run-time wavelet reconstructioncost, we employ an e�ectiv e greedy
algorithm which utilizes the additional disk spaceallowed at each processor
to store the reconstructeddata at selective nodesin the distribution units.

The remainder of the paper is organizedas follows. First, we review related
work in Section2. From Section3 to Section7, we describe our parallel mul-
tiresolution volume rendering algorithm, including the construction of the
wavelet tree with hierarchical error metric calculation, data distribution with
error-guided bucketization, greedy selectionof nodes to store reconstructed
data, and run-time parallel multiresolution volumerendering.Resultson mul-
tiresolution renderingand load balancingamongdi�eren t processorsaregiven
in Section8 and the paper is concludedin Section9 with an outline of future
work for our research.

2 Related Work

Having the abilit y to visualizedata at di�eren t resolutionsallows the user to
identify featuresin di�eren t scales,and to balanceimagequality and computa-
tion speed.Along this direction, a number of techniqueshave beenintroduced
to provide hierarchical data representations for volume data. Burt and Adel-
son[2] proposedthe LaplacianPyramid asa compacthierarchical imagecode.
This technique was extendedto 3D by Ghavamnia and Yang [8] and applied
to volumetric data. Their Laplacian pyramid is constructedusing a Gaussian
low-pass�lter and encoded by uniform quantization. Voxel valuesare recon-
structed at run time by traversingthe pyramid bottom up. To reducethe high
reconstruction overhead,they suggesteda cache data structure. LaMar et al.
[15]proposedan octree-basedhierarchy for volumerenderingwherethe octree
nodes store volume blocks resampledto a �xed resolution and renderedus-
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ing 3D texture hardware. A similar technique was introducedby Boadaet al.
[1]. Their hierarchical texture memory representation and management policy
bene�ts nearly homogeneousregionsand regionsof lower interest.

Wavelets are used to represent functions hierarchically, and have gained in-
creasingpopularity in several areasof computer graphics[25]. Over the past
decade,many wavelet transform and compressionschemeshave beenapplied
to volumetric data. Muraki [19,20] introduced the idea of using the wavelet
transform to obtain a uniqueshape descriptionof an object, where2D wavelet
transform is extendedto 3D and applied to eliminate wavelet coe�cien ts of
lower importance. The use of a single 3D [12,13] or multiple 2D [21] Haar
wavelet transformations for large 3D volume data has beenwell studied, re-
sulting in high compressionratios with fast randomaccessof data at run time.
More recently, Guthe et al. [9] presented a hierarchical wavelet representation
for largevolumedata setsthat supports interactivewalkthrough usinga single
commodity PC. Only the levels of detail necessaryfor display are extracted
and sent to texture hardware for viewing.

Parallel computing hasbeenwidely usedin largevolumevisualization. Hansen
and Hinker [10] proposeda parallel algorithm on SIMD machines to speed
up isosurfaceextraction. Ellsiepen [5] introduced a parallel implementation
for unstructured isosurfaceextraction with a dynamical block distribution
scheme.Crossnoand Angel [4] devisedan isosurfaceextraction algorithm us-
ing particle systemsand its parallel implementation. A parallel isosurfaceex-
traction algorithm basedon spanspacesubdivisions wasdescribed in [24]. To
speedup the volume renderingprocess,Ma et al. [17] proposeda parallel al-
gorithm that distributes data evenly to the available computing resourcesand
producesthe �nal image using binary-swap compositing. Schulze and Lang
[23] provided a parallelizedversionof perspective shear-warp volume render-
ing algorithm [14]. A scalablevolume rendering technique was presented in
[16], utilizing lossycompressionto render time-varying scalardata setsinter-
actively. To further reducethe rendering time of large-scaledata sets,several
parallel visualization algorithms [11,6,7]with visibilit y culling wereintroduced
to render only visible portion of a data set in parallel.

Balancingthe workload amongthe processorsis always a key issuein a parallel
implementation. In [3], Campbell et al. showed a load-balancedtechnique
using the space-�lling curve [22] traversal. In this method, the spatial locality
preserved by a space-�lling curve was utilized to balancethe workload. Gao
et al. [7] also showed that, even after visibilit y culling, the parallel volume
rendering algorithm can still achieve well-balancedworkload by distributing
volume blocks to processorsalong a space-�lling curve.
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3 Algorithm Overview

Our parallel multiresolution volumerenderingalgorithm consistsof two stages:
preprocessingand run-time rendering. In the preprocessingstage, we �rst
construct a hierarchical wavelet tree and then compressthe wavelet coe�cien ts
using a combination of run-length and Hu�man encoding. Coupled with the
construction of the wavelet tree, a hierarchical error metric is usedto calculate
the approximation error for each of the treenodes,which will beusedto control
the tradeo� betweenimagequality and renderingspeedat run time. This error
metric can be rapidly computed, and also guaranteesthat the error value of
a parent node will be greater than or equal to those of its eight child nodes.
The data blocks associated with the wavelet tree nodesare then distributed
among di�eren t processorsalong a hierarchical space-�lling curve with an
error-guidedbucketization schemeto ensureload balancing. In the casethat
additional disk spaceat each processorcan be allocated, certain tree nodes
in the distribution units assignedto each processorare selectedto store the
reconstructeddata to improve the run-time data reconstruction time.

At run time, our parallel multiresolution volume rendering algorithm is per-
formed accordingto a user-speci�ed error tolerance.The wavelet tree is �rst
traversedfront to back to identify the nodeswith varied resolutionsthat sat-
isfy the error tolerance. Then, the wavelet-compresseddata associated with
those nodes are decompressedand the data blocks are reconstructedon the

y . Finally, the processorsrender the selecteddata blocks of various levels
of detail in parallel. The �nal image is generatedby compositing the partial
imagesrenderedat di�eren t processors.

In the following, we describe each stageof our algorithm in detail. We �rst
present the multiresolution wavelet tree construction algorithm and the er-
ror metric. Then, we discussour data distribution schemefor the purposeof
minimizing the dependencyamongprocessorsand ensuringrun-time load bal-
ancing. Finally, we introduce our greedyoptimization algorithm that selects
nodes from distribution units assignedto each processorto store the recon-
structed data. Implementation detailsabout our parallel volumerenderingwill
follow.

4 Wavelet Tree Construction with Hierarc hical Error Metric Cal-
culation

Our hierarchical wavelet tree construction algorithm is similar to the methods
described in [9,26],wherea bottom-up blockwisewavelet transform and com-
pressionscheme is used.The algorithm starts with subdividing the original

5



three-dimensionaldata into a sequenceof blocks. We assumeeach raw volume
block hasn voxels.Without lossof generality, we alsoassumen = 2i � 2j � 2k ,
where i , j , k are all integersand greater than zero.Theseraw volume blocks
form the leaf nodesof the wavelet tree. After performing a 3D wavelet trans-
form to each block, a low-pass�ltered subblock of sizen=8 and wavelet coef-
�cien ts of size7n=8 are produced.The low-pass�ltered subblocks from eight
adjacent leaf nodes in the wavelet tree are then collected and grouped into
a singleblock of n voxels, which will becomethe lower resolution data block
represented by the parent node in the wavelet hierarchy. We recursively apply
this 3D wavelet transform and subblock grouping processuntil the root of the
tree is reached, where a single block of sizen is usedto represent the entire
volume.As wearriveat the root of the wavelet tree, sincethe root nodehasno
parent, no 3D wavelet transform is performed.To save spaceand time for the
wavelet tree construction, unnecessarywavelet transform computation could
be avoided by checking the uniformit y of the data block. If the data block
is uniform, we can skip the 3D wavelet transform processand set the low-
pass�ltered subblock to that uniform value and all its corresponding wavelet
coe�cien ts to zero.

To reducethe sizeof the coe�cien ts storedin the wavelet tree, the wavelet co-
e�cien ts associated with a tree node resulting from the 3D wavelet transform
will be comparedagainst a user-provided threshold and set to zero if they
aresmallerthan the threshold.Thesewavelet coe�cien ts are then compressed
using run-length encoding combined with a �xed Hu�man encoder [9]. This
bit-level run-length encoding schemeexhibits good compressionratio if many
consecutive zero subsequencesare present in the wavelet coe�cien t sequence
and is very fast to decompress.The compressedbit stream is saved into an
individual �le.

At run time, a data block at a certain resolutionis reconstructedasfollows:the
low-pass�ltered subblock of sizen=8 is �rst retrieved from its parent node.
This may entail a sequenceof recursive requestsof the low resolution data
blocks associated with its ancestornodes.Reconstructionswill be performed
in thosenodesif necessary. The wavelet coe�cien ts of size7n=8 are obtained
by decoding the corresponding bit stream. Finally, we group the low-pass
�ltered subblock and the wavelet coe�cien ts and then apply an inverse3D
wavelet transform to reconstruct the data block.

Coupledwith the construction of the wavelet tree, an error value is calculated
at every tree node. Our error metric is basedon the meansquareerror (MSE)
calculation. As shown in Figure 1, let us assumethat the current wavelet tree
node in question is S, the i th child node of S is Si , i 2 [0; 7], and the data
block of n voxelsassociated with S that approximates the original subvolume
V is B. Oneway to calculatethe error metric is to computethe MSE between
the low resolutiondata block B and the corresponding raw data in subvolume
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Fig. 1. Calculating the error metric of a wavelet tree node S. B is the low resolution
data block associated with S, representing the raw data subvolume V . The three
nodes and their associated data blocks (drawn with same pattern) are examples
used to illustrate the data relationship of the parent node S and it child nodesSi ,
where 0 � i � 7.

V using the following formula:

E =
(

P

(x;y ;z)2 V
(v(x; y; z) � f (x; y; z))2)

m

where v(x; y; z) is the original scalar data value at location (x; y; z) in V.
f (x; y; z) is the interpolated data value at its corresponding position in B . m
is the total number of voxels in V. The interpolation function for obtaining
the approximated data value can be either nearestneighbors or linear. For
any wavelet tree leaf node, we de�ne E = 0.

The main drawback of calculating the error metric this way is that when
the underlying data set is large, it can be very slow to perform the error
computation. The MSE calculation will becomeprogressively more expensive
aswetraversetoward the wavelet tree root sincethe sizeof the volumecovered
by a tree node will increaseproportionally. Furthermore, a large I/O overhead
is involved becausethe computation requires the raw data as well as the
approximated data.

To overcometheseproblems,we proposea much faster way to calculate the
error metric which considersthe MSE betweenthe data in a parent node and
the data in its eight immediate child nodes,taking the maximum error value
of the child nodesinto account. We computethe error in a bottom-up manner
as follows:

E =

7P

i =0
(

P

(x;y ;z)2 B
(bi (x; y; z) � f (x; y; z))2)

8n
+ maxE
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wherebi (x; y; z) is the data value at location (x; y; z) in the data block asso-
ciated with Si . f (x; y; z) is the interpolated data value at its corresponding
position in B . maxE is the maximum error of Si , where0 � i � 7. Again, the
interpolation function for getting the approximated data value can be either
nearestneighbors or linear. Essentially , the error E of a parent node S is cal-
culatedby adding maxE to the MSE betweenthe eight data blocks associated
with the child nodesSi and their corresponding low-pass�ltered data in B .
A nice feature of this error metric is that it guaranteesthat the error value of
any parent node is greater than or equal to those of its corresponding eight
child nodes.For any wavelet tree leaf node, we de�ne E = 0.

5 Hierarc hical Data Distribution with Error-Guided Buc ketization

For large scaledata sets, the resulting wavelet hierarchy needsto be parti-
tioned and distributed amongthe processorssinceit is impractical to replicate
the data everywhere.To ensurethe scalability of the parallel algorithm, it is
important that the partitioning result will minimize the dependencyamong
the processorsand ensurea balancedworkload. In this section, we describe
our data distribution and load balancingalgorithm in detail.

Fig. 2. Only the nodes at every k levels starting from the root (drawn in black)
store the data blocks. The ellipsis show partitions of the distribution units. In the
�gure, k = 2 and h = 6. A binary tree rather than an octree tree is drawn here for
illustration purposeonly.

One of the primary issuesto be addressedwhen designing the data distri-
bution scheme is to minimize the dependencyamong the processors.In the
wavelet tree structure mentioned above, there exist long chainsof parent-child
node dependencies- a node needsto recursively requestthe low-pass�ltered
subblocks from its ancestornodesin order to reconstruct its own data. When
nodeswith such dependenciesare assignedto di�eren t processors,expensive
communicationsat run time becomeinevitable. To eliminate such dependency
amongprocessors,we designthe following EVERY-K storagestrategy to ar-
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range the multiresolution data blocks in the wavelet tree. Instead of having
the leaf and intermediate nodes store the wavelet coe�cien ts, and only the
root node store the low resolution data block, we reconstruct and store low
resolution data blocks in advancefor nodesat every k levelsstarting from the
root, wherek < h, and h is the height of the wavelet tree. (In practice, h may
not be an exact multiple of k and this can be easilyhandled.) We call a node
that storesthe reconstructeddata block a representativenode, while a node
that storesonly wavelet coe�cien ts an associated node. By default, the root of
the wavelet tree is a representativ e node and all the leaf nodesof the tree are
associated nodes.Figure 2 showsan exampleof such schemeswherek = 2 and
h = 6. It is clear that data reconstructiononly needsto be performedfor the
associated nodesby recursively requestingtheir parent nodesup to the closest
representativ e node, where the low resolution data have already beenrecon-
structed. We de�ne a distribution unit as the data at a representativ e node
along with the wavelet coe�cien ts at all its descendent nodeswhich depend
on the representativ e node. This de�nition implies that there must be one
and only one representativ e node in a distribution unit and all the nodes in
onedistribution unit are independent of nodesin any other distribution units.
We use the distribution units to form a partition of the wavelet tree, and a
distribution unit is usedas the minimum unit to be assignedto a processor.
Since there is no data dependencyamong distribution units during wavelet
reconstruction,we are able to eliminate the dependencyamongprocessorsat
run time.

Fig. 3. A simpli�ed 2D example of data distribution along the hierarchical
space-�lling curve. All the wavelet tree nodes are traversed level by level in a
breadth-�rst search manner. The numbers associated with the tree nodes indicate
the traversal order given by the space-�lling curve. A popular space-�lling curve,
the Hilb ert curve, is usedin this example.
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An optimal data distribution scheme should ensurethat all the processors
have an equal amount of rendering workload at run time. However, when
multiresolution rendering is performed, di�eren t data resolutions, and thus
di�eren t renderingworkload, will be chosento approximate the local regions.
This makes the workload distribution task more complicated. In the follow-
ing, we describe a static load distribution schemeto solve the load balancing
problem.

In general, a volumetric data set usually exhibits strong spatial coherence.
Given an error tolerance,if a particular data resolution is chosenfor a subvol-
ume, it is more likely that a similar resolution will alsobe usedfor the neigh-
boring subvolumes.In our multiresolution algorithm, this meansif a block at
a certain level is selectedto be rendered,it is most likely that its neighboring
regionswill also be renderedfrom the blocks in the sametree level. Thus, if
neighboring data blocks at a similar resolutionareevenly distributed to di�er-
ent processors,each processorwill receive approximately the samerendering
workload in that local neighborhood. Basedon this idea, a space-�lling curve
[22] is utilized in our data distribution schemeto assignthe distribution units
to di�eren t processors.The space-�lling curve is usedfor its abilit y to preserve
spatial locality, i.e., the traversalpath alonga space-�lling curve always visits
the adjacent blocks before it leaves the local neighborhood. The hierarchical
property of a space-�lling curve alsomakesit suitable to be applied to a hier-
archical algorithm. In Figure 3, we give a simpli�ed 2D exampleof a wavelet
tree and its corresponding space-�lling curve at each level. The numbers in
the �gure show the traversalorder along the hierarchal space-�lling curve.

Fig. 4. An example of data distribution along the hierarchical space-�lling curve
with error-guided bucketization. The numbersassociated with the distribution units
shown in the �gure indicate the traversal order given by the space-�lling curve. In
this example, a total of 21 distribution units with three di�eren t resolutions are
distributed among four processors.

10



To ensureload balancing at run time under di�eren t error tolerances,data
blocks with similar error valuesshould be distributed to di�eren t processors
since our error-guided wavelet tree traversal algorithm usually selectsthem
together for rendering. To achieve this, in addition to the hierarchal space-
�lling curve traversal, we include an error-guided bucketization mechanism
in our data distribution scheme. As illustrated in Figure 4, our algorithm
works as follows: The whole error range[errmin; errmax] is �rst partitioned
into several error intervals, whereerrmin and errmax are the minimum and
maximum error values of the representativ e nodes from all the distribution
units. Then, we traversealong a hierarchical space-�lling curve, whereevery
distribution unit encountered is sorted, accordingto the traversalorder, into
a bucket whoseerror range covers the error of its representativ e node. The
intervals of the buckets will be adjusted so that each bucket holds similar
number of distribution units. Finally, all sorted distribution units in each of
the buckets are distributed amongprocessorsin a round-robin manner.

Utilizing our hierarchical error-guideddata distribution scheme,neighboring
distribution units with similar errorswill bedistributed to di�eren t processors.
As demonstratedin Section8, our error-guidedhierarchical data distribution
schemecan achieve well-balancedworkload amongprocessors.

6 Reconstructed Data Storage with Greedy Optimization

According to the EVERY-K schemedescribed in Section5, only data at the
representativ enodeof each distribution unit arepre-reconstructed.This means
mostof the nodesassignedto a processorstorecompressedwavelet coe�cien ts.
Reconstructionof thosenodescanbe expensive, and hencewill slow down the
overall run-time rendering performance.In the casewhen there is additional
storagespaceavailable in each of the processors,it can be bene�cial to recon-
struct and store the low resolution data in more tree nodesto trade spacefor
run-time e�ciency .

Given that the available storagespacecan be limited, the selectionof nodes
from the distribution units for storing the reconstructed data is primarily
basedon the bene�t of thosenodes,that is, how much the nodescancontribute
to the reduction of the reconstruction time if their wavelet coe�cien ts are
decompressedand reconstructed in advance. The amount of reconstructed
data that can be stored is subject to the additional storagespacethat the
user is willing to commit in each processor.To determine which tree nodes
shouldhavetheir data pre-reconstructed,wede�ne two functions,Benef it and
Cost. Benef it estimatesthe degreeof usefulnesswhen keepingreconstructed
data at a node,and Cost evaluatesthe amount of the additional storagespace
required to keepthe reconstructeddata rather than the compressedwavelet
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coe�cien ts. The goal can be then stated as:

Maximize:
P

! 2 
 Benef it (! )

Subject to:
P

! 2 
 Cost(! ) � �

where 
 is the set of nodesselectedto keepthe reconstructeddata. � is the
additional storagespacethe user is allowed to usein each processor.

We proposea greedyalgorithm to tackle this optimization problem by repeat-
edly selectinga node i with the highest bene�t until there is no more storage
spaceavailable. Speci�cally, our greedy algorithm assignseach node a ben-
e�t value, and selectsthe one with the highest bene�t at each iteration by
traversingthe wavelet tree nodesin all distribution units assignedto a proces-
sor. Every time when a node is selectedto store the reconstructeddata, the
bene�t valuesfor the remaining nodes in its corresponding distribution unit
needto be updated. Finding the exact optimal solution for this optimization
problemis actually NP-complete,which prompted usto adopt an approximate
greedysolution.

Wede�ne the bene�t B (i ) for each nodei by consideringthe visiting likelihood
L, the penalty factor P, and the quality of reconstruction R, which can be
written as:

B(i ) = L(i ) � P(i ) � R(i )

We now needto de�ne L(i ), P(i ), and R(i ).

L(i ): This function approximatesthe likelihood of a nodebeingvisited. A node
will be visited more often when (1) it is closerto the root of the distribution
unit sincethe reconstructionsof data in its descendant nodeswill dependon it;
(2) it is not a uniform node,hencecontains moreinformation. We characterize
L(i) by the error calculatedfor the node, that is:

L(i ) = E(i )

where E(i ) is the error value of node i . The value L(i ) is normalized before
being usedin function B(i ) to calculate the bene�t.

P(i ): For a node i , when a large portion of the nodesin its distribution unit
have already beenchosento store the reconstructeddata, it is lessbene�cial
to select this node. This is becausean uneven distribution of the additional
resourcesamong the distribution units will lead to uneven speedupswhen
di�eren t error tolerancesare used for traversing the multiresolution tree, a
causefor load imbalance.To avoid this problem, we prevent this clustering
e�ect by adding a penalty factor into the bene�t measure:
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P(i ) = p�

where p 2 (0:0; 1:0) is the penalty heuristic and � is the number of nodes
already selectedto store reconstructeddata in node i 's distribution unit.

Time Description

T1 load the �le stream of the reconstructed data from disk

T2 load the compressed�le stream of the wavelet coe�cien ts from disk, and
perform decoding to get the coe�cien ts, proportional to the sizeof the
stream

T3 retrieve the low-pass �ltered subblock from the ancestor nodes recur-
sively

T4 composethe low-pass�ltered subblock and wavelet coe�cien ts into one
block, and perform a 3D inverse wavelet transform to get the recon-
structed data

T5 extract the low-pass�ltered subblock from a data block
Table 1
Notations usedto calculate T(i ) and T 0(i ) in the calculation of R(i ) for determining
the bene�t function, B (i ).

R(i ): This is usedto estimate the contribution to the reduction of overall re-
construction time by allocating additional disk spaceto keepthe reconstructed
data for node i . The following formula is used:

R(i ) =
T0(i ) � T(i )
S(i ) � S0(i )

where S(i ) is the storagespacethat node i will consumeto store the recon-
structed data if it is selected,and S0(i ) is the storagespacethat node i will
needto store wavelet coe�cien ts when it is not selected.T(i ) is the time to
load the reconstructeddata if node i is selected,while T 0(i ) is the time to load
and reconstruct the data if node i is not selected.

Following the notations de�ned in Table 1, T(i ) is computedas:

T(i ) = T1(i )

And T0(i ) is computedas:

T0(i ) = T2(i ) + T3(i ) + T4(i )

where T3(i ) dependson the current selectingstatus of the parent node j of
node i , and is calculatedas:
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T3 = f
T(j ) + T5(i ) j 2 


T0(j ) + T5(i ) j =2 


The calculation of the reconstructiontime of all the descendant nodesof node
i in its distribution unit dependson whether node i is selectedor not. After
the algorithm selectsa node to store reconstructeddata, the bene�t values
of the remaining nodesin the samedistribution unit needto be recomputed.
The total number of nodes that can be selectedis limited by the additional
storagespace� allocated at the processor.

7 Parallel Multiresolution Volume Rendering

Before rendering each frame, the wavelet tree is traversedif the viewing pa-
rameter or the error tolerancehasbeenchanged.This could be doneeither by
the host processorwhich in turn broadcaststhe traversalresult to all the other
processors,or by all processorssimultaneously (each processoronly needsto
have a copy of the wavelet tree skeleton with error at each node regardlessof
whether it actually has been assignedthe data block or not), obviating the
communication among the processors.Our error-guided tree traversal algo-
rithm allows the userto specify an error toleranceasthe stopping criterion so
that regionshaving smaller errors can be renderedat their lower resolutions.
The nodesin the wavelet tree are recursively visited in the front-to-back order
according to the viewing direction and a seriesof subvolumeswith di�eren t
resolutionsthat satisfy the error toleranceare identi�ed. If the data blocks as-
sociated with thoseselectedsubvolumeshave not beenreconstructed,we need
to perform reconstructionbeforethe actual renderingbegins.Our wavelet tree
partition and data distribution schemeensuresthat the reconstructiondepen-
denciescould only exist within a distribution unit. This will reducethe overall
reconstruction time sincethe cost of retrieving the low-pass�ltered subblock
is boundedby the height of the subtreecorresponding to a distribution unit,
which is usually a small number, two or three in our experiments.

During the actual rendering,each processoronly rendersthe data blocks pre-
assignedto it during the data distribution stage,sothat there is no expensive
data redistribution between processors.The screenprojection of the entire
volume's bounding box is partitioned into smaller tiles with the samesize,
wherethe number of the tiles equalsthe number of processors.Each processor
is assignedone tile and is responsible for the composition of the �nal image
for that tile. Each time a processor�nishes renderingonedata block, the re-
sulting partial image is sent to those processorswhosetiles overlap with the
block's screenprojection. After rendering all the data blocks, the partial im-
agesreceived at each processorare composited together to generatethe �nal
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imagefor its assignedtile. Finally, the host processorcollects the partial im-
age tiles and createsthe �nal image. Becausewe perform data distribution
along the hierarchical space-�lling curve and image spacepartition for the
image composition, each processorrendersa similar number of data blocks
and compositesa similar number of imagetiles, which ensuresa well-balanced
workload amongprocessors.

As we may anticipate reusingmost of the reconstructeddata blocks for sub-
sequent viewings due to the spatial locality and coherenceexploited by the
wavelet tree structure, it is desirableto cache the data blocks that have al-
ready been reconstructedduring the rendering for better performance.The
usercan prede�ne a �xed amount of disk spaceand memorydedicatedfor the
caching purpose.Upon requestinga data block for the rendering,we retrieve
its data from the memory, provided the block is cached in the main memory.
Otherwise, we needto load the data from the disk if the reconstructeddata
block is on disk. If it is neither cached in memory nor on disk, then we need
to reconstruct the data block and load it into the main memory. When the
systemruns short of the availablestoragefor caching the reconstructedblocks,
our replacement schemewill swap out a data block that hasbeenvisited least
often.

8 Results

In this section,we present the experimental results of our parallel multireso-
lution volumerenderingalgorithm running on a PC cluster that consistsof 32
2.4GHzPentium 4 processorsconnectedby Dolphin Networks. The test data
set was the 7.5GB 2048� 2048� 1920Richtmyer-Meshkov Instabilit y (RMI)
data set from LawrenceLivermoreNational Laboratory.

The dimensionsof the leaf node blocks in our wavelet tree were set to be
128� 128� 64, or 1MB in the total size.This is a tradeo� betweenthe cost
of performing the wavelet transform for a singledata block, and the rendering
and communication overheadsfor �nal image generation. Since each voxel
value is represented using a singlebyte, Haar wavelet transform with a lifting
schemewas usedto construct the data hierarchy for simplicity and e�ciency
reasons.A losslesscompressionscheme was used with the threshold set to
zero. We consideredone voxel overlapping boundariesbetween neighboring
blocks in each dimensionwhen loading data from original brick data �les in
order to produce correct rendering results. The wavelet tree we constructed
hasa depth of six with 10,499non-empty nodes.

For comparison,we chosetwo schemesto partition the wavelet tree and form
the distribution units. The �rst oneis the EVERY-2 schemewithout greedyop-

15



timization, and the secondoneis the EVERY-2 schemewith greedyoptimiza-
tion. The construction of the wavelet tree was performed on a 2.0GHz Intel
Pentium 4 processorwith 1GB main memory. It took about an hour to com-
plete and the compresseddata sizewas around 2.65GB. The data associated
with the wavelet tree nodeswere distributed using the hierarchical data dis-
tribution schemewith error-guidedbucketization described in Section5. The
space-�lling curve usedin our implementation wasthe Hilbert curve. For both
schemes,we allocated256MB temporary disk spaceand 128MB main memory
at each processorfor run-time caching of the reconstructeddata blocks.

speed T1 T4 T5

6.542MB/s 0.0286s 0.3563s 0.0018s
Table 2
The benchmark test results.

For the EVERY-2 schemewith greedyoptimization, in order to achieve better
load balancing, we took into account the actual non-empty nodesin the dis-
tribution units when distributing the data along the hierarchical space-�lling
curves.A processorwould not receive any more distribution units if the total
number of non-empty nodesin the distribution units alreadyassignedto it had
exceededthe averagelimit (the total number of non-empty nodesin a wavelet
tree divided by the total number of processors).We performed benchmark
tests to obtain the constants (decompressionspeed,T1, T4, and T5) for the
performancemodel presented in our greedyselectionalgorithm. The results
are shown in Table 2. The averagedecompressionspeed for the run-length
and �xed Hu�man decoding was around 6.542MB/s, which included disk �le
I/O. For every node i , the benchmark results wereusedto calculate the tim-
ing of T2(i ) and T3(i ). The penalty heuristic p in the bene�t function B(i )
wasset to 0:8. When testing our greedyselectionalgorithm, rather than spec-
ifying exact permanent storagesizesfor each processor,the spaceallocated
to store the additional reconstructeddata was set to di�eren t percentagesof
the total non-empty nodes in each processorin order to have more intuitiv e
comparisons.

Fig. 5. The number of data blocks distributed to each of the 32 processorsfor the
EVERY-2 scheme.
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Fig. 6. The number of data blocks rendered at each of the 32 processorsfor the
EVERY-2 schemeunder three di�eren t error tolerances.A total of 1,510,3,602,and
3,850blocks wererenderedfor error tolerancesof 5,000,1,000,and 500respectively.

Fig. 7. The number of data blocks reconstructedat each of the 32 processorsfor the
EVERY-2 schemewith greedyoptimization under three di�eren t error tolerances.In
all the three cases,20%of non-empty nodeswereselectedto store the reconstructed
data at each processor.A total of 657, 1,767,and 1,859blocks were reconstructed
for error tolerancesof 5,000,1,000,and 500 respectively.

Fig. 8. The number of data blocks reconstructedat each of the 32 processorsfor the
EVERY-2 scheme with greedy optimization under error tolerance of 1,000. Three
di�eren t percentages of non-empty nodes were selectedto store the reconstructed
data at each processor.A total of 1,203,1,767,and 2,845blocks were reconstructed
for percentagesof 40%, 20%, and 0% respectively.

The error-guidedhierarchical data distribution allowed our parallel multireso-
lution volumerenderingalgorithm to e�ectiv ely balancethe workload.Figure 5
shows the number of data blocks distributed to each of the 32 processorsfor

17



Percentage Total Reconstruction Raycasting Overhead

0% 53.021s 31.466s 15.603s 5.952s

20% 35.430s 21.567s 12.486s 1.377s

40% 27.701s 14.527s 11.413s 1.761s
Table 3
The timing for for the EVERY-2 schemewith greedyoptimization under error tol-
erance 1,000. 40%, 20% and 0% of non-empty nodes were selected to store the
reconstructed data at each of the 32 processors.The overheadincluded the initial-
ization, image composition and communication overhead.

the EVERY-2 scheme.Figure 6 shows the number of data blocks renderedat
each of the 32 processorswhen three di�eren t error toleranceswereused.For
the EVERY-2 schemewith greedyoptimization, Figure 7 shows the number
of data blocks reconstructedat each of the 32 processorswhen three di�er-
ent error toleranceswere used. Since the processorsreconstructed/rendered
approximately an equalnumber of blocks, it can be seenthat good rendering
load-balancingwasachieved. Figure 8 shows the number of data blocks recon-
structed at each of the 32 processorsfor the EVERY-2 schemewith greedy
optimization under error tolerance of 1,000. Three di�eren t percentages of
non-empty nodeswereselectedto store the reconstructeddata at each proces-
sor. Table 3 shows the corresponding timing results using software raycasting
and the time spent on each of the stages.As we can observe, whenwe chosea
higherpercentageof nodesto storethe reconstructeddata, the time to perform
wavelet reconstructiondecreasedaccordingly. This demonstratesthe e�ectiv e-
nessof our greedyoptimization algorithm in trading additional storagespace
for the wavelet reconstruction time. The well-balancedworkload implies that
our parallel algorithm is highly scalable.For the EVERY-2 schemewith greedy
optimization under error tolerance1,000,when40%of non-empty nodeswere
selectedto store the reconstructeddata, it took 840.838stotal time to render
the data on a singleprocessor.(We actually increasedthe main memory size
for caching to 1GB for the singleprocessor.If westill use128MBmain memory,
the total rendering time was 898.303swith many more data blocks shu�ing
betweenmemoryand disk.) Our algorithm can achieve approximately 94.86%
parallel CPU utilization, or a speedupof 30.36times for 32 processors.

Figure 9 showsseveral resultswith di�eren t levelsof detail for the RMI data set
renderedusing software raycasting. When the error tolerancebecamehigher,
data of lower resolutions were used, which resulted in a smaller number of
blocks being rendered.It can be seenthat, although more delicate details of
the data wererevealedwhenreducingthe error tolerance,imagesof reasonable
quality can still be obtained at their lower resolutions. The use of wavelet-
basedcompressionalso allowed us to produce imagesof good visual quality
with much smaller spacecommitment.
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(a) the RMI data set (b) low resolution (c) high resolution

Fig. 9. Multiresolution rendering of the RMI data set. The resolution of the out-
put images is 512 � 512. Image (a) shows a rendering of the data. Images (b)
(E = 40; 000, 21 blocks rendered) and (c) (E = 30; 000, 120 blocks rendered) were
zoomed-in views using di�eren t error toleranceswith the sameviewing setting. As
can be seen,the lower the error tolerance was, the more delicate details of the data
were revealed.

9 Conclusion and Future Work

We have presented an e�cien t parallel multiresolution volumerenderingalgo-
rithm. A multiresolution wavelet tree is usedto allow for interactive analysis
of large data and 
exible run-time tradeo� between image quality and ren-
dering speed.To ensurethe algorithm's scalability, we proposea unique tree
partitioning and distribution algorithm, and utilize a hierarchical space-�lling
curve with error-guided bucketization scheme to eliminate the parent-child
node wavelet reconstruction dependencies,balance the rendering workload,
and minimize the run-time communication overhead.A greedyoptimization
algorithm is introducedto store reconstructeddata at selective nodesfor each
processoras a further speedup.The experimental results demonstratethe ef-
fectivenessand utilit y of our parallel algorithm. Future work includesutilizing
graphicshardware to perform wavelet reconstruction and rendering, and ex-
tending our parallel multiresolution volumerenderingalgorithm to large-scale
time-varying data.
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