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Abstract

We describe a systemfor the texture-baseddirect volume visualization of large data
setson a PC cluster equippedwith GPUs. The data is partitioned into volumebricks
in object space,and the intermediate imagesare combined to a �nal picture in a
sort-last approach. Hierarchical wavelet compressionis applied to increasethe e�ec-
tiv e size of volumes that can be handled. An adaptive rendering mechanism takes
into account the viewing parameters and the properties of the data set to adjust
the texture resolution and number of slices.We discussthe speci�c issuesof this
adaptive and hierarchical approach in the context of a distributed memory archi-
tecture and present corresponding solutions. Furthermore, our compositing scheme
takesinto account the footprin ts of volume bricks to minimize the costsfor reading
from framebu�er, network communication, and blending. A detailed performance
analysis is provided for several network, CPU, and GPU architectures|and scal-
ing characteristics of the parallel system are discussed.For example, our tests on
a 8-node AMD64 cluster with In�niBand show a rendering speed of 6 frames per
secondfor a 2048� 1024� 1878data set on a 10242 viewport.
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1 In tro duction

Volume rendering is often to be applied to large data sets.For example,the
increasingresolutionof medicalCT scannersleadsto increasingsizesof scalar
data sets,which can be in the range of gigabytes. Even more challenging is
the visualization of time-dependent CFD simulation data, which can com-
prise several gigabytes for a singletime step and several hundred or thousand
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time steps. Parallel visualization can be used to addressthe issuesof large
data processingin two ways: Both the available memoryand the visualization
performanceare scaledby the number of nodesin a cluster computer.

This paper is an extensionto our previous work [1], which describes a com-
bination of the \traditional" bene�ts of parallel computing with the high
performancethat is o�ered by GPU-basedtechniques. The basic idea is to
apply hierarchical wavelet compressionin the context of distributed volume
visualization. In doing so, the e�ectiv e sizeof the volume processedin a dis-
tributed memory architecture can be further increased.In addition an adap-
tiv e, texture-basedrenderingalgorithm is presented and several optimizations
for acceleratingperformancecritical tasks such as framebu�er readbacks, im-
agecompositing, and network communication are discussed.This work is fur-
ther extendedby including the following topics. First, an extendedapproach
for CPU-basedimagecompositing using the capabilities of current 64-bit ar-
chitectures is presented. Second,a detailed look into the system'sperformance
with respect to time-dependent datasetsis given. Third, we discussthe in
u-
enceof the interconnectingnetwork, on systemsbuilt upon Gigabit, Myrinet,
and In�niBand networks. Resultsare discussedfor three di�eren t systems:A
mid-price systemwith 16 GPU/dual-CPU nodesand Myrinet, a low-costsys-
tem with standardPCsconnectedby Gigabit Ethernet, and anothermid-price
systemwith 8 GPU/dual-AMD64-CPU nodesconnectedthough In�niBand.
We believe that our �ndings are useful for working groupsthat have to visu-
alize large-scalevolume data.

2 Previous Work

This work builds up on that of Guthe et al. [2], who represent a volumetric
data setasan octreeof cubic blocks to which a wavelet �lter hasbeenapplied.
By recursively applying this �lter, a hierarchical multi-resolution structure is
generated.Renderingis accomplishedby computing a quality factor to select
for which block the higher or lower resolution representations shouldbe used.
The decompressionof the texture data is performedby the CPU. Basedon this
compressionapproach, Wang et al. [3] independently developed a parallel vol-
ume renderingsystemspecially focusedon large datasetsand load balancing.
Binotto et al. [4] presented a systemthat also usesa hierarchical representa-
tion, but is oriented towards the compressionof time-dependent, highly sparse
and temporally coherent data sets.Their algorithm usesfragment programs
to perform the decompressionof the data sets,with a reported performance
of over 4 fps for an image sizeof 5122 pixels and a texture data set of 1283

voxels.

Rosaet al. [5] describeda systemspeci�cally developed for the visualization of
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time-varying volumedata from thermal 
o w simulations for vehiclecabin and
ventilation design.The systemis basedon the work of Lum et al. [6], which
quantizesand lossilycompressesthe texture data by meansof a discretecosine
transformation and storesthe result asindexedtextures. Texturesrepresented
in this way can be decoded in graphicshardware by just changingthe texture
palette. The disadvantageof this method is that support for paletted textures
is beingphasedout by hardwarevendors.This could bereplacedby dependent
texture look-ups,but thesehavea di�eren t behavior with respect to interpola-
tion of the fetched data. In comparisonto the other methods mention before,
this approach achievesmuch lower compressionratios.

Stompel et al. [7] have recently proposeda compositing algorithm that takes
advantageof the fact that in a con�guration of n processingelements, thereare
on averagen

1
3 partial imageswhich are relevant for any given pixel of the �nal

image. They report promising results, using a 100 Mbps Ethernet network
as the underlying communications fabric. The e�ciency of the algorithm is
highly dependent on the viewing direction, but it comparesfavorably to the
direct send and binary swap algorithms, which are commonly used for this
task.

3 Distributed Visualization

We usea sort-last [8] strategy to distribute the visualization processin a clus-
ter environment. With increasingsizeof the input data set, this sorting scheme
is favorable, sincethe input data becomeslarger than the compositing data
and hencea static partitioning in object spaceavoids communication regard-
ing the scalar�eld during runtime. The basicstructure of our implementation
follows the approach by Magall�on et al. [9].

During a preprocessingstepobject-basedpartitioning is performedto split the
input data set into multiple, identically sizedsub-volumes,depending on the
number of nodes in the cluster con�guration. To overcomepossiblememory
limitations in connection with large data sets, this step is executed using
the sameset of nodesas the following render process.Once all sub-volumes
are created and transferred to their corresponding nodes, the render loop is
entered, which can be split into two consecutive tasks.

The �rst task is to rendereach brick separatelyon its corresponding node. An
intermediate imageis generatedby texture-baseddirect volumevisualization.
We employ screen-alignedslicesthrough a 3D texture with back-to-front or-
dering [10,11].By adapting the model-viewmatrix for each node, it is assured
that each sub-volume is renderedat its correct position in imagespace.Since
the partitioning is performedin object space,the rendering processof di�er-
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Table 1
Blended pixels in million pixels per second.The program was compiled using gcc
version 3.3.3.


oating-p oint integer optimized MMX

arithmetic arithmetic integer arithmetic implementation

(eq.1) (eq.2) (eq.3) (app.A)

AMD Athlon XP 1800+ 5.3 7.5 23.4 (3.12) 47.8 (6.37)

Intel Pentium IV 1.8 5.1 8.6 10.7 (1.24) 64.1 (7.45)

AMD Athlon MP+ 2000+ 6.0 8.3 32.8 (3.95) 64.3 (7.74)

Intel Pentium IV 2.8 8.1 14.4 17.5 (1.21) 116.6 (8.09)

AMD Opteron 2.2 16.7 23.0 65.6 (2.85) 123.7 (5.37)

ent nodescan produce output that overlaps each other in image space.The
secondtask blendsthe intermediate imagesand takesinto account that mul-
tiple nodescan contribute to a singlepixel in the �nal image.The distributed
imagesare depth sorted and processedthrough a compositing step basedon
alpha blending. To this end, each node readsback its framebu�er, including
the alpha channel, and sendsit to other nodes.

The original implementation by Magall�on et al. takesadvantage of all nodes
for the computationally expensive alpha blending by using direct sendcom-
munication scheme [12]. Each intermediate result is horizontally cut into a
number of stripesmatching the total number of nodes.All theseregionsare
sorted and transferred between the nodes in a way that each node receives
all stripesof a speci�c area in the imagespace.Then each node computesan
identically sizedpart of the �nal image. In Section4 this schemeis extended
to reduceunnecessarytransfer and blending of intermediate data.

The alpha blendingof the intermediate imagesis completelyperformedon the
CPU. Although the GPU is highly specializedfor this task, the additional costs
for loading all stripesinto texture memory and reading back the information
after blendingwould leadto a lower overall performance.The blendingof pixel
a onto pixel b is given by the equation

r = a + (1 � aalpha ) � b : (1)

Sincegraphicshardware usually dealswith 8 bit per color channel the result
of the blending can be calculatedusing integer-arithmetic insteadof the more
costly 
oating-p oint arithmetic. By scalingall variablesfrom [0; 1] to [0; 255],
Equation 1 can be rewritten as

r = a +
(255� aalpha ) � b

255
: (2)

The most expensive operation in terms of computational speedin Equation 2

4



is the integer division by 255.With the substitution,

x
255

=
x + 128+ x+128

256

256
;

the calculation of the division can be replaced by fast bit-shift operations.
This expressionis correct for all variablesthe range0::255when comparedto
the 
oating-p oint version rounded up and truncated to integer results. The
resulting blending function is:

x = (255� aalpha ) � b+ 128

r = a + ((x + (x >> 8)) >> 8)
(3)

To blend two RGBA pixels theseequation have to be calculated four times,
once for each color channel. With MMX operations [13] working on 32-bit
integers it is possible to determine the result of the blend function for all
four channelsof a pair of pixel in parallel. A further extensionto this is the
simultaneous handling of two completely independent pairs of pixels at the
sametime using the capabilities of modern 64-bit architectures like the AMD
Opteron CPUs. The actual implementation for an AMD64 system is given
in Appendix A. Table 3 provides a performancecomparisonof all presented
blending functions and the corresponding speedupis given with respect to the
unoptimized integer arithmetic approach. In the best casetwo imagesof size
1280� 1024canbecomposited95times in onesecondon the testedsingle-CPU
AMD Opteron system.

Without major changesthis approach can also handle time-dependent scalar
�elds. During the bricking processa static partitioning scheme is used for
all time steps,i.e., each sub-volume contains the completetemporal sequence
for the corresponding part of the input volume. To synchronize all nodesthe
information regardingthe current time step is broadcastto the render nodes.

4 Accelerated Comp ositing Scheme

Concerningdistributed rendering the overall performanceis limited by three
factors:The processof readingback the results from the framebu�er, the data
transfer betweennodes,and the compositing step. In the following we address
theseissuesby minimizing the amount of imagedata to be processed.The key
observation is that the imagefootprint of a sub-volume usually covers only a
fraction of the intermediate image. For the scaling behavior, it is important
that the relative sizeof the footprint shrinkswith increasingnumber of nodes.
For simplicity, we determine an upper bound for the footprint by computing
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the axis-alignedbounding box of the projected sub-volume in image space.
Sincethe time neededto read back a rectangular region from the framebu�er
is nearly linearly dependent on the amount of data, reducing the area to
be retrieved leads to a performance increaseof this part of the rendering
process.Similarly, the communication speedalso bene�ts from the reduction
of image data. The compositing step is acceleratedby avoiding unnecessary
alpha blending operations for image regionsoutside the footprints. Similarly
to SLIC [7], a line-basedcompositing schemeis employed. For each line the
spancontaining alreadyblendeddata is tracked. Sincethe imagesare blended
in the depth-sortedorder of their corresponding volume blocks and all blocks
together represent the convex shape of the unpartitioned volume, the tracked
region always forms one segment instead of multiple separatedspans. If a
projectedvolumefaceis parallel to the imageplane,the depth sort resultsin an
ambiguousordering that may break this property. In this casethe topology is
usedto ensurethe connectivity of the marked span.With this information the
newimagedata of the next compositing stepcanbeseparatedinto a maximum
number of three segments. Two segments contain pixels that map into the
region outside the marked span.Thesepixels needno further processingand
can be copiedinto the resulting image.The remaining segment maps into an
areawherealready other color information residesand alpha blending has to
be performed. An exampleof this procedureis given in Figure 1. After one
iteration the size of the span containing data needsto be updated and the
next image stripe can be processed.In doing so only a minimal amount of
blending operations for a given volume partitioning must be carried out.

copy

copyblend

copy blend

blend

Fig. 1. Depth-sorted blending of footprin ts of four volume blocks. For each com-
positing step the regionswith and without the needfor blending are marked.
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5 Hierarc hical Compression and Adaptiv e Rendering

Evenwith distributed renderingtechniquesthe sizeof a data setcanexceedthe
combined systemmemory of a cluster con�guration and the already bricked
data set is larger than one single node can handle. Another challenge is to
further improve the rendering speed.We addressthe memory issueby using
a hierarchical compressiontechnique, and the performanceissueby adaptive
rendering.

5.1 Single-GPUWaveletCompression

We adopt a single-GPU visualization approach that utilizes compressionfor
large data sets [2]. The idea is to transform the input data set into a com-
pressedhierarchical representation in a preprocessingstep.An octreestructure
is createdwith the help of wavelet transformations.The input data set is split
into cubes of size 153 voxels, which serve as starting point for the recursive
preprocessing.Eight cubessharingonecornerare transformedat a time using
linearly interpolating spline wavelets. The resulting low-pass�ltered portion
is a combined representation of the eight input cubeswith half the resolution
of the original data. The sizeof this portion is again 153 voxels. The wavelet
coe�cien ts representing the high frequenciesreplacethe original data of the
eight input blocks. After all cubesof the original data setare transformed,the
next iteration starts using the newly createdlow-pass�ltered cubesas input.
The recursionstops as soon as the whole volume is represented through one
singlecube. This cube forms the root node of the hierarchical data structure
and is the representation with the lowest quality. Except for the root node,
all other nodeshold only high-pass�ltered data, which is compressedthrough
an arithmetic encoder [14]. While it is possibleto increasethe compression
ratio by thresholding, we focus on losslesscompressionfor best visualization
results.

During renderingwe usean adaptive decompressionschemethat dependson
the viewing position and the data set itself. Starting at the root node of the
hierarchical data structure, a priorit y queuedetermineswhich parts of the vol-
umeare decompressednext. Dependingon the ratio betweenthe resolution of
a volume block and the actual display resolution, regionscloserto the viewer
are more likely decompressedthan others. Additionally an error criterion de-
scribing the di�erence betweentwo representations of varying quality is used
to identify regionsthat can be renderedin low quality without noticeablear-
tifacts. After the quality classi�cation is �nished, all decompressedblocks are
transferred to the graphicsboard's texture memory for rendering.Depending
on the reconstructedquality level of a block, the number of slicesusedfor ren-
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dering is determined. With increasingreconstruction quality the number of
slicesincreasesaswell, delivering higher quality for areascloserto the viewer.
Additionally a cache strategy is used to avoid the expensive decompression
step for recently processedblocks. Unnecessarytexture transfersare avoided
by tracking the already loadedtextures.

5.2 Extension to Parallel Rendering

In a distributed visualization system, this approach leadsto a problem con-
cerningcorrect texture interpolation betweensub-volumesrenderedon di�er-
ent nodes. A typical solution is to create the sub-volumes with an overlap
of one voxel. With multi-resolution rendering techniques it is necessaryto
know not only the border voxels of the original data set but also the data
value at the border of all other usedquality levels [15]. This information can
be determined in the preprocessingstep. After creating the sub-volumesand
constructing the hierarchical data structure, each node transfers the border
information of all quality levels to its appropriate neighbors. But even with
this information available on each node a correct texture interpolation can-
not be generatedeasily. The remaining problem is to determine the quality
level usedfor renderingof a neighboring node. This is necessaryfor choosing
the correct border information of the previously transferreddata. An example
showing this problem is given in Figure 2. Sincecommunication betweenthe
nodes is costly due to network latency, requestingthis information from the
neighboring node is not suitable. Another approach is to compute the quality
classi�cation on each nodefor an expandedarea.Unfortunately this is alsoim-
practical, becausethe quality classi�cation is dependent on the volume data.

Instead, we propose an approximate solution that presumesthat there are
no changesin quality classi�cation at the border of the sub-volumes.With

wrong interpolat ion

correct interpolat ion

neighboring node node

level 0

level 1

level 1 level 1

level 1level 1

Fig. 2. Texture interpolation at a sub-volumeborder for a 1D case.Texelson oneside
of the border (white cells) are �lled with previously transferred information of the
neigboring node. Errors arise if the quality level of the neighboring node is unknown
and hence a wrong level is chosen. For the incorrect, caseborder information of
level 0 are usedfor interpolation, although the rendering of the neighboring node is
performed on level 1.
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Fig. 3. In the left part of the image the volume was renderedusing di�eren t quality
levels for each of the two sub-volume blocks. Assuming identical classi�cation for
interpolation leads to visible artifacts as seenin the left magni�ed area. For com-
parison the right imagewasrenderedwith identical classi�cation for the sub-volume
blocks.

this approach errors only occur if di�eren t qualities are usedon each side of
a sub-volume border (example visualization in Figure 3). Due to the similar
position of adjacent parts of the sub-volumes it is however likely that both
regionsare classi�ed with the samequality. Experimental data showing the
proportion of the error remaining under this presumption is given in Table 2
for both the unweighted number of transitions and for the area-weighted ratio.
The measurement wasperformedwhile renderingthe Visible Human data set
on 16 rendering nodes (Figure 4). In this con�guration a total number of
185; 212 cube transitions are present in the whole dataset. Consideringonly
thosetransitions that leadto an interpolation error resultsin 723cubeborders,
which is lessthan onepercent of the total amount of transitions.

For a correct solution of the interpolation problem, we proposeanother ap-
proach that separatesthe computation of the quality classi�cation and the
renderingprocess.In each frame an adaptive classi�cation is determined,but
the associated renderingis delayed by oneframe. In doing so, the information
regarding the usedquality levels can be transferred to the neighboring nodes
at the time of distributing the intermediate results during the compositing
step. Sinceat this time communication betweenall nodesmust be performed

Table 2
Quanti�cation of changesin quality classi�cation at block faces.

unweighted area-weighted

total volume

same qualit y 89.8% 81.7%

di�eren t qualit y 10.2% 18.3%

sub-v olume b orders only

same qualit y 91.2% 83.0%

di�eren t qualit y 8.8% 17.0%

b orders compared to total volume

same qualit y 99.6% 99.1%

di�eren t qualit y 0.4% 0.9%
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anyway, the additional data can be appendedto the imagedata. Having the
transferred data available at the next frame the rendering processcan pro-
duce a properly interpolated visualization. The downside is that the latency
betweenuser interactions and the systemsreaction is increasedby oneframe.
To avoid this, a hybrid technique that exploits both described approaches is
possible.While the viewing parametersare changed, the approximate solu-
tion is usedto generatean imagewithout increasedlatency times during user
interaction. As soon as the cameraparametersare kept constant, a correct
image is renderedbasedon the quality classi�cation that is transferred from
the previous rendering step. Thus a fast user interaction is combined with a
correct sub-volume interpolation for the static case.

6 Implemen tation and Results

Our implementation is basedon C++ and OpenGL. Volumerenderingadopts
post-shadingrealizedeither through NVIDIAs register combiners or alterna-
tiv ely through an ARB fragment program, depending on the available hard-
ware support. MPI is usedfor all communication betweennodes.

Three di�eren t cluster environments wereusedfor developingand evaluation.
The �rst one is a 16-node PC cluster. Each of thesenodesruns a dual-CPU
con�guration with two AMD 1.6 GHz Athlon CPUs, 2 GB of systemmemory,
and NVIDIA GeForce4 Ti 4600(128MB) graphicsboards.The interconnect-
ing network is a Myrinet 1.28 GBit/s switched LAN providing low latency
times. Linux is used as operating system, the SCore MPI implementation
drivesthe communication [16].

The secondenvironment is built from standard PCs, using a Gigabit Ether-
net interconnectionwith a maximum number of eight nodes.Each node has
an Intel Pentium4 2.8 GHz CPU and 4 GB system memory. The installed
graphics boards are a mixture of NVIDIA GeForce 4 Ti 4200 and GeForce
4 Ti 4600both providing 128MB of video memory. Running Linux, the MPI
implementation LAM/MPI is usedfor node management and communication
[17].

The last con�guration consistsof 8 PCs interconnectedthrough an In�niBand
network. Each node is equipped with two AMD Opteron 248CPUs clocked at
2.2 GHz, 4 GB of systemmemoryand an NVIDIA Quadro FX 1100(128MB)
graphicsboard. The 10 Gbit/s network devicesare connectedusing the PCI-
Expressinterface.Again Linux is usedasoperating system,and an In�niBand-
capableMPI implementation drivesthe communication.

We use various large-scaledata sets to evaluate the performanceof the im-
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Fig. 4. Rendering result of the Visible Human Project male data set. The whole
body is renderedon 16 nodes.

plemented visualization system.The �rst static data set is an arti�cial scalar
�eld showing a radial distancevolumethat is additionally combined with Per-
lin noise.For our testing purposesa 10243 sizedvolume is used.The second
static data set is derived from the anatomical RGB cryosectionsof the Visi-
ble Human male data set [18]. The slicesare reducedto 8 bit per voxel and
cropped to excludeexternal data like gray scalecards and �ducial markers.
The obtaineddata sethasa resolutionof 2048� 1024� 1878voxels(Figure 4).
For evaluating the systemsperformancewith respect to time-dependent input
data two additional data setswere selected.The �rst sequencewas obtained
from a CFD simulation of a 
o w �eld with increasingturbulence. In total it
consistsof 89 individual time bins each 2563 in size.Second,the IEEE Visual-
ization 2004contest data set showing a simulation of cloud movement during
the hurricane Isabel in 2003 was used. Each time step of this simulation is
512� 512� 124 in sizeand the completesequenceconsistsof 48 time steps
resulting in a total data amount of 1.6 GB. Selectedimagesof this data set
are given in Figure 5.

The Visible Human maledata set canbe visualizedon a 10242 viewport using
16 nodes with 5.2 frames per secondon our Myrinet-based cluster system.
The quality classi�cation was set to use the original resolution for most re-
gions.Due to the uniform characteristic of the surroundings,theseareaswere
displayed in a lower resolution without any noticeabledisadvantages.With a
viewport of half size in each dimension and the samesettings the obtained
framerate increasesto 8.6 frames per second.Using the In�niBand cluster

Fig. 5. Imagesof three di�eren t timesteps of the IEEE Visualization 2004Contest
dataset. The content of the data shows a simulation of the cloud movement during
the hurricane Isabel.
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system, the obtained results increasedto 6.5 fps and 11.4 fps, depending on
the viewport size.The increasedperformanceis mainly the result of the faster
image compositing possiblein this cluster environment as well as the inter-
connectingnetwork. The total amount of communication per frame is mainly
determined by the image compositing step. The maximal amount of data to
be transferredwith a viewport of M � N pixels in a con�guration with k nodes
is (in bytes)

vol = 4 � (M � N ) � (k � 1) � (1 + 1=k) :

The constant factor of 4 is due to the needfor sendingRGBA imagesfor cor-
rect imagecompositing. With a viewport of 10242 this leadsto a data amount
of 15MB per frame.Usingthe Myrinet environment the maximal performance
is solelylimited by the communication to nearly 14 fps. Besidesthe communi-
cation bandwidth the network latency directly in
uences the system'sperfor-
mance.Using the Gigabit cluster environment with its 8 nodes,only 2 frames
per secondareachievedfor renderingthe distancevolume,while 8 nodesof the
Myrinet basedcluster achieve with 4.3 framesper second.Due to the similar
con�guration of each node this gap is solelycausedby the Gigabit Ethernet in
comparisonto Myrinet. While delivering comparablebandwidth, the Myrinet
clearly outperformsa conventional Gigabit Ethernet regarding latency times.
Switching to the In�niBand architecture the sametest results in 6.4 fps. Be-
sidesthe faster imagecompositing the further optimized latency times on an
In�niBand architecture are the main reasonfor this performanceincrease.For
a better comparisonof the latency times Figure 6 shows the point-to-point
performancefor a typical rangeof packet sizesusedin this application.

To show the scaling behavior of the visualization systemcon�gurations of 2
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Fig. 6. Comparison of latency times for point-to-p oint communication using three
di�eren t network architectures.
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Fig. 7. Performancerendering time-dependent turbulence data set in di�eren t qual-
ities.

up to 16 rendernodesweremeasuredusingthe Myrinet basedcluster environ-
ment. The data set for all thesetests is the distorted radial distancevolume
with a size of 1GB. Running on two nodes a new frame is renderedevery
340 ms. Due to the limited amount of texture memory available using two
256MB graphics boards, the data set cannot be reconstructed to the �nest
detail possibleand is shown in a coarserrepresentation. For all the following
con�gurations the datasetis renderedin the original quality. Adding two more
nodes reducesthe time required per frame to 272 ms and with a total of 8
nodes233 ms are achieved. For a 16 node con�guration the data set can be
renderedin 174ms, which corresponds to a refreshrate of 5.7 Hz.

For the time-dependent of the cloud simulation (Figure 5) the wholesequence
is renderedwith an averageof 3.3 fps on the In�niBand cluster system,us-
ing a con�guration that forcesthe original quality to be renderedin a 10242

viewport. For the CFD data set, Figure 7 shows the results for renderingeach
time step in a row on the Myrinet cluster. The test wasperformedusing three
di�eren t quality levels.In caseof the original quality the required time clearly
increasestowardsthe endof the sequence.The reasonfor this behavior is found
in the characteristic of the data set, which becomesmore and more turbulent
over time, leadingto a higher number of blocks that have to be decompressed.
In the caseof time-dependent data setsthe performanceis mainly limited by
the speed of decompressing.Stepping from one time bin to another cancels
the possibility to make useof the current cached blocks and everything has
to be decompressedagain starting at the root node for each block. Therefore
the performanceis rather slow for time-dependent data setscomparedto the
static ones.
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7 Conclusion and Future Work

Wehavepresented a distributed renderingsystemfor texture-baseddirect vol-
ume visualization. By adapting a hierarchical wavelet compressiontechnique
to a cluster environment the e�ectiv e size of volume data that can be han-
dled is further improved. The adaptive decompressionand rendering scheme
results in a reduction of rendering costs depending on the viewing positing
and the characteristicsof the data set without leading to noticeableartifacts
in the �nal image. The problem of texture interpolation at brick borders in
connectionwith multi-resolution rendering has beenaddressedand di�eren t
solutionshave beenprovided. Parts of the renderingprocesscrucial to the sys-
tems performancebene�t from the applied reduction of the processedregion
in imagespace,especially with increasingnumbersof renderingnodes.

The achieved performanceis often restricted by the capabilities of the in-
terconnectionbetweenthe rendering nodesand the computation of blending
operationsduring the compositing step.We have measuredperformancechar-
acteristics for largely di�eren t network architectures and CPU/GPU combi-
nations. With viewports sized 10242 the best performanceis approximately
14 framesper secondon our AMD64 cluster with In�niBand.

To increasethis upper limit an exact calculation of the footprints instead
of using a bounding box could be helpful. Doing so avoids the remaining
unnecessaryblending operations and further reducescommunication costs.
In caseof time-dependent data sets the performanceis additionally bound
by the decompressionstep becausethe performed caching of decompressed
blocks cannot be usedin this context. Future accelerationtechniquesof time-
dependent data could be basedon the coherencebetweentime steps.

A Blending using MMX operations on AMD64

The following code performs the operation r = a + ((1 � aalpha ) � b)=255 for
two pairs of pixels simultaneously. It uses128-bit registersas found on recent
AMD64 hardware. The code is written in the GNU Compiler Collection's
(GCC) \extended assembly" notation, which meansthe operandsarein AT&T
syntax. %0, %1and %2are(r; r 0), (a;a0) and (b;b0), respectively. Each parameter
is 64 bit in size,storing two non-interleaved RGBA pixels.
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r ex64 movd ( %1) , %xmm0
r ex64 movd ( %2) , %xmm1

/ / copy 128 ( 0 x80) t o al l
/ / wor ds i n x2
mov $0x00800080 , %r ax
movd %r ax , %xmm2
pshuf d $0 , %xmm2 , %xmm2

/ / c l ear x3 and x4
pxor %xmm3 , %xmm3
pxor %xmm4 , %xmm4

/ / pr epar e a pi xel s
punpck l bw %xmm3 , %xmm0
/ / pr epar e b pi xel s
punpck l bw %xmm3 , %xmm1

/ / f i l l x3 wi t h 1 ' s
pcmpeqd %xmm3 , %xmm3
/ / cons t uc t 16- bi t 255
punpck l bw %mm4 , %xmm3
/ / x3 = 1 - al pha
pxor %xmm0 , %xmm3

/ / 1- al pha on al l wor ds
pshuf hw $0 , %xmm3 , %xmm3
pshuf l w $0 , %xmm3 , %xmm3

/ / x1 = ( 1 - a) * b
psmul w %xmm3 , %xmm1
/ / x1 += 128
paddusw %xmm2 , %xmm1
/ / x2 = x1
movdaq %xmm1 , %xmm2
/ / x2 / = 256
psr l w $8 , %xmm2
/ / x1 += x1 / 256
paddusw %xmm2 , %xmm1
/ / x1 / = 256
psr l w $8 , %xmm1

/ / pack r esul t
packuswb %xmm1 , %xmm1
packuswb %xmm0 , %xmm0

/ / x0 += x1
paddusb %xmm1 , %xmm0

r ex64 moved %xmm0 , ( %0)
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