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Abstract

We describea systenfor thetexture-basedlirectvolumevisualizationof large datasetson a PC clusterequipped
with GPUs.Thedatais partitionedinto volumebricksin objectspace andtheintermediatamagesare combined
toa nal picturein a sort-lastapproad. Hierarchical wavelettompessions appliedto increasethe effectivesize
of volumeghat canbehandled An adaptiverenderingmedanismtakesinto accountthe viewing parametes and
the propertiesof the datasetto adjustthetexture resolutionand numberof slices We discusghe speci cissuesf
this adaptiveandhierarchical appmoad in the context of a distributedmemoryarchitecture and presentsolutions
for theseproblems.Furthermoe, our compositingschemetakesinto accountthe footprints of volumebricks to
minimizethe costsfor readingfrom frameluffer, networkcommunicationand blending A detailedperformance
analysisis providedand scalingcharacteristicsof the parallel systerare discussedFor example our testson a
16-nodePC clustershowa renderingspeedf 5 framesper secondor a 2048 1024 1878datasetona 1024
viewport.

CategoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.2[GraphicsSystems]Distributed/netverk graph-
ics1.3.3[Picture/Imageseneration]Viewing algorithms

scribean advancedcompositingschemethat takesinto ac-
countthe footprintsof volumebricksto minimize the costs
for readingfrom frameluffer, network communicationand
blending. Fourth, we documentperformancenumbersfor
differentcombinationsof parameterdo clarify the perfor
manceandscalingcharacteristicsResultsarediscussedor
both a mid-price systemwith 16 GPU/dual-CPlLhodesand
Myrinet, andalow-costsystemwith standard®Csconnected
by Gigabit Ethernet.We think that our ndings are useful
for working groupsthathave to visualizelarge-scalesolume
data.

1. Intr oduction

Volumerenderingis oftento be appliedto large datasets.
For example,theincreasingresolutionof medicalCT scan-
nersleadsto increasingsizesof scalardatasets,which can
bein therangeof gigabytesEvenmorechallengings thevi-
sualizationof time-dependentFD simulationdatathatcan
compriseseveral gigabytesfor a singletime stepand sev-
eral hundredor thousandime steps.Parallel visualization
canbeusedto addresgheissuesof large dataprocessingn
two ways: Both the availablememoryandthe visualization
performancere scaledby the numberof nodesin a cluster
computer

In this paper we follow an approachthat combinesthe 2. PreviousWork

“traditional” bene ts of parallel computingwith the high
performancehatis offeredby GPU-basedechniquesOur
contributionsare:First, hierarchicalwaveletcompressioris
adaptedo the distributed-memoryarchitectureof a cluster
computerto increasethe effective size of volumesthatcan
be handled.Secondwe presentan adaptve, texture-based
volumerenderingapproachfor a PC cluster Third, we de-
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Thiswork builds up onthatof Gutheetal. [GWGS03, who
represent volumetricdatasetasan octreeof cubic blocks
to which a wavelet Iter hasbeenapplied.By recursvely
applyingthis Iter, a hierarchicalmulti-resolutionstructure
is generatedRenderingis accomplishedby computinga
quality factorto selectfor which block the higheror lower
resolutionrepresentationshouldbe used.The decompres-
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sionof thetexture datais performedby the CPU.Binotto et

al [BCF03 haverecentlypresented systenthatalsousesa

hierarchicakepresentatiorfjut is orientedtowardsthe com-

pressionof time-dependenthighly sparseand temporally
coherentdatasets.Their algorithmusesfragmentprograms
to performthe decompressionf the datasets,with a re-

portedperformancef over 4 fps for animagesizeof 5122

pixelsandatexture datasetof 128% voxels.

Rosaetal. [RLMOO3] presente@ systenspeci cally de-
velopedfor the visualizationof time-varying volume data
from thermal o w simulationsfor vehicle cabinandventi-
lation design.The systemis basedon the work of Lum et
al. [LMCO02], which quantizesand lossily compresseshe
texturedataby meanof adiscretecosinetransformatiorand
storesheresultasindexedtextures.Texturesrepresenteh
thisway canbedecodedn graphicshardwareby justchang-
ing the texture palette.The disadwantageof this methodis
thatsupporffor palettedexturesis beingphaseautby hard-
warevendors.This could be replacedby dependentexture
look-ups,but thesehave a differentbehaior with respecto
interpolationof the fetcheddata.ln comparisorto the other
methodsmentionbefore this approactachievesmuchlower
compressiomatios.

Stompelet al. [SML 03] have recentlypresented new
compositingalgorithmwhichtakesadwantageof thefactthat
in acon guration of n processinglementsthereareon av-

eragen% partial imageswhich are relevant for ary given
pixel of the nal image.They reportpromisingresultsus-
ing a 100 Mbps Ethernetnetwork as the underlyingcom-
municationgabric. Theef ciency of thealgorithmis highly
dependenbn the viewing direction, but it comparegavor-
ably to the direct sendand binary swap algorithms,which
arecommonlyusedfor this task.

3. Distrib uted Visualization

We useasort-lastitMCEF94] stratey to distributethe visu-
alizationprocessdn a clusterervironment.With increasing
size of the input dataset, this sorting schemes favorable,
sincethe input databecomedarger than the compositing
dataand hencea static partitioningin object spaceavoids
communicationregarding the scalar eld during runtime.
The basicstructureof our implementationfollows the ap-
proachby Magallon etal. [MHEO1].

During a preprocessingtepobject-basedartitioningis
performedto split the input datasetinto multiple, identi-
cally sizedsub-wlumes,dependingon the numberof nodes
in the clustercon guration. To overcomepossiblememory
limitationsin connectiorwith large datasets this stepis ex-
ecutedusingthe samesetof nodesasthe following render
processOnceall sub-wlumesarecreatecandtransferredo
their correspondingnodestherenderoopis enteredwhich
canbe split into two consecutie tasks.The rst taskis to
rendereachbrick separatelyon its correspondingiode.An

intermediatéemageis generatedby texture-basedlirectvol-
umevisualization We employ screen-alignedlicesthrough
a 3D texture with back-to-frontordering[CCF94 CN93.
By adaptingthe model-viev matrix for eachnode,it is as-
suredthateachsub-wlumeis renderedtits correctposition
in imagespaceSincethe partitioningis performedn object
spacetherenderingprocesof differentnodescanproduce
outputthat overlapseachotherin imagespace.The second
task blendsthe intermediatemagesandtakesinto account
thatmultiple nodescancontrituteto a singlepixel in the -
nalimage.Thedistributedimagesaredepthsortedandpro-
cessedhrougha compositingstepbasedon alphablending.
To this end, eachnodereadsbackits framehuffer, includ-
ing the alphachannel,and sendsit to othernodes.To take
adwantageof all nodesfor the computationakxpensve al-
phablending,directsendis usedascommunicatiorscheme
[Neu93. Eachintermediateresultis horizontallycut into a
numberof stripesmatchingthe total numberof nodes.All
theseregions are sortedandtransferredoetweenthe nodes
in away thateachnoderecevesall stripesof aspeci c area
in theimagespaceTheneachnodecomputesanidentically
sizedpartof the nal image.

The alpha blending of the intermediate images is
completelyperformedon the CPU. Although the GPU is
highly specializedfor this task, the additional costs for
loading all stripesinto texture memory and readingback
theinformationafterblendingwould leadto a lower overall
performancelnstead,an optimizedMMX [PW9§ codeis
usedto determinethe result of the blend function for all
four channelof onepixel in parallel.In orderto implement
blendingof colora ontocolorb usingMMX operationst is
necessaryo expressheequation

_ (1 agphd b

f=ar 55

in terms of bit-shifts operations.This can be done by
substitutionof thedivision by

x+128
X _ X+ 128+ Hpsr

255 256 '

wherex correspondgo the numeratorof the upperequa-
tion. This expressionis correctfor the range0::255° when
comparedwith the oating point versionroundedup and
truncatedto integer results.The actualimplementatiorus-
ing MMX operationss givenin AppendixA.

Without major changesthis approachcan also handle
time-dependenscalar elds. During the bricking process
a static partitioning schemeis usedfor all time steps,i.e.,
eachsub-wlume containsthe completetemporalsequence
for the correspondingartof theinput volume.To synchro-
nizeall nodegheinformationregardingthecurrenttime step
is broadcasto therendemodes.
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4. AcceleratedCompositing Scheme

Concerningdistributedrenderingthe overall performances

limited by threefactors:The procesof readingbackthere-

sultsfrom the framehuffer, the datatransferbetweemodes,
andthe compositingstep.In the following we addresghese
issuesby minimizing the amountof imagedatato be pro-

cessedThekey obsenationis thatthe imagefootprint of a
sub-wlumeusuallycoversonly afractionof theintermedi-
ateimage.For the scalingbehaior, it is importantthatthe
relative sizeof thefootprint shrinkswith increasinghumber
of nodes.For simplicity, we determinean upperboundfor

the footprint by computingthe axis-alignedboundingbox

of the projectedsub-wlumein imagespace Sincethetime

neededto readback a rectangulamregion from the frame-
buffer is nearly linearly dependenbn the amountof data,
reducingthe areato be retrievedleadsto a performancen-

creaseof this part of the renderingprocess Similarly, the
communicatiorspeedalsobene tsfrom thereductionof im-

agedata.

Thecompositingstepis acceleratedby avoiding unneces-
saryalphablendingoperationgor imageregionsoutsidethe
footprints.Similarly to SLIC [SML 03], aline-baseccom-
positing schemeis employed. For eachline the spancon-
taining alreadyblendeddatais tracked. Since the images
areblendedn the depth-sortedrderof their corresponding
volumeblocksandall blockstogetherepresenthe corvex
shapeof theunpartitioned/olume thetrackedregionalways
forms one sggmentinsteadof multiple separatedgpans.If
a projectedvolumefaceis parallelto the imageplane,the
depthsortresultsin anambiguousorderingthat may break
this property In this casethe topologyis usedto ensurethe
connecwity of the marked span.With this informationthe
new imagedataof the next compositingstepcan be sepa-
ratedinto a maximumnumberof threesegments.Two sey-
mentscontain pixels that map into the region outsidethe
marked span.Thesepixels needno further processingand
canbe copiedinto the resultingimage.The remainingsey-
mentmapsinto an areawherealreadyothercolor informa-
tion residesandalphablendinghasto be performed An ex-
ampleof this procedures givenin Figurel. After oneitera-
tion the sizeof the spancontainingdataneedso be updated
andthenext imagestripecanbe processedn doingsoonly
aminimalamountof blendingoperationgor agivenvolume
partitioningmustbe carriedout.

5. Hierarchical Compressionand Adaptive Rendering

Evenwith distributedrenderingechniqueshesizeof adata
set can exceedthe combinedsystemmemory of a cluster
con guration andthe alreadybricked datasetis largerthan
onesinglenodecanhandle.Anotherchallenges to further
improve the renderingspeedWe addresgshe memoryissue
by usinga hierarchicalcompressionechniqueandthe per
formanceissueby adaptve rendering.
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Figurel: Depth-sortedlendingof footprintsof four volume
blocks.For eachcompositingsteptheregionswith andwith-
out the needfor blendingaremarked. A coloredversionof
thisimagecanbefoundin Figure6 (color plates).

5.1. Single-GPUWavelet Compression

We adopta single-GPUvisualizationapproachthat utilizes
compressiorfor large datasets[GWGSO03. The ideais to
transformthe input data setinto a compressedierarchi-
cal representatioim a preprocessingtep.With the help of
wavelet transformationsin octreestructureis created.The
input datasetis split into cubesof size 15° voxels, which
sene asstartingpoint for therecursve preprocessingzight
cubessharingonecorneraretransformedatatime usinglin-
early interpolatingspline wavelets. The resultinglow-pass
Itered portionis a combinedrepresentationf the eightin-
put cubeswith half the resolutionof the original data.The
sizeof this portionis again 15° voxels. The wavelet coef-
cientsrepresentinghe high frequencieseplacethe original
dataof theeightinputblocks.After all cubesof theoriginal
datasetare transformedthe next iteration startsusing the
newly createdow-passltered cubesasinput. Therecursion
stopsas soonas the whole volume is representedhrough
one single cube. This cubeforms the root node of the hi-
erarchicaldatastructureandis the representationvith the
lowestquality. Exceptfor therootnode all othernodeshold
only high-passltered datawhichis compressethroughan
arithmeticencodef{GSO0]. While it is possibleto increase
the compressiomatio by thresholdingwe focuson lossless
compressioffior bestvisualizationresults.
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Figure2: Texture interpolationat a sub-wlumeborderfor a 1D case.Texels on onesideof the border(white cells) are lled
with previously transferrednformation of the neigboringnode.Errorsariseif the the quality level of the neighboringnode
is unknavn andhencea wronglevel is chosenFor the incorrectcaseborderinformationof level 0 are usedfor interpolation
althoughtherenderingof the neighboringnodeis performedon level 1.

During rendering we use an adaptve decompression
schemethat depend=on the viewing position and the data
setitself. Startingat the root nodeof the hierarchicaldata
structurea priority queuedeterminesvhich partsof thevol-
umearedecompresseuakext. Dependingntheratiobetween
theresolutionof a volumeblock andthe actualdisplayres-
olution, regionscloserto the viewer aremorelikely decom-
pressedhanothers.Additionally anerror criterion describ-
ing the differencebetweentwo representationsf varying
qualityis usedto identify regionsthatcanberenderedn low
qualitywithoutnoticeablertifacts After thequality classi -
cationis nished, all decompresseblocksaretransferredo
thegraphicsboards texturememoryfor rendering Depend-
ing onthereconstructedjuality level of a block,thenumber
of slicesusedfor renderingis determinedWith increasing
reconstructiomuality thenumberof slicesincreasesswell,
delivering higherquality for areascloserto the viewer. Ad-
ditionally a cachestratayy is usedto avoid the expensve de-
compressiostepfor recentlyprocessedlocks.By tracking
thealreadyloadedtexturesunnecessariexturetransfersare
avoided.

5.2. Extensionto Parallel Rendering

In a distributedvisualizationsystem this approacHeadsto
a problemconcerningcorrecttexture interpolationbetween
sub-wlumesrenderedn differentnodes A typical solution
is to createthe sub-wlumeswith an overlap of onevoxel.
With multi-resolutionrenderingechniquesdt is necessaryo
know not only the bordervoxels of the original datasetbut
alsothedatavalueattheborderof all otherusedquality lev-
els[WWH 00]. This informationcanbe determinedn the
preprocessingtep.After creatingthe sub-wlumesandcon-
structingthe hierarchicaldatastructure eachnodetransfers
the borderinformation of all quality levels to its appropri-
ate neighbors But even with this information available on
eachnodea correcttexture interpolationcannotbe gener
atedeasily Theremainingproblemis to determinehequal-
ity level usedfor renderingof a neighboringnode.This is
necessarjor choosingthe correctborderinformationof the

previously transferreddata.An exampleshaving this prob-
lemis givenin Figure2. Sincecommunicatiorbetweerthe
nodess costlydueto network lateng, requestinghisinfor-

mation from the neighboringnodeis not suitable.Another
approachis to computethe quality classi cation on each
nodefor an expandedarea.Unfortunatelythis is alsoim-

practical,becauséhe quality classi cationis dependenbn
thevolumedata.

Instead,we proposean approximatesolution that pre-
sumesthat thereare no changesn quality classi cation at
the border of the sub-wlumes.With this approacherrors
only occurif differentqualitiesare usedon eachside of a
sub-wlumeborder(examplevisualizationin Figure3). Due
to the similar positionof adjacentpartsof the sub-wlumes
it is however likely thatboth regionsareclassi ed with the
samequality. Experimentaldatashaving the proportionof
the error remainingunderthis presumptionis givenin Ta-
ble 1 for boththe unweightechumberof transitionsandfor
the area-weightedatio. The measuremenvas performed
while renderingthe Visible Humandataset using 16 ren-
deringnodes(Figure8, color plates).In this con gurationa
total numberof 185212cubetransitionsare presentin the
whole datasetConsideringonly thosetransitionsthat lead

Tablel: Quanti cationof changesn quality classi cationat
blockfaces.

unweighted area-weighted

total volume

samequality 89.8% 81.7%
differentquality 10.2% 18.3%
sub-wolume borders only

samequality 91.2% 83.0%
differentquality 8.8% 17.0%
borders comparedto total volume
samequality 99.6% 99.1%
differentquality 0.4% 0.9%
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Figure 3: In theleft partof the imagethe volumewasrenderedusingdifferentquality levels for eachof the two sub-wlume
blocks.Assumingidenticalclassi cationfor interpolationleadsto visible artifactsasseenin theleft magni ed area.For com-
parisontheright imagewasrenderedvith identicalclassi cationfor the sub-wlumeblocks.

to aninterpolationerror resultsin 723 cubeborderswhich
is lessthanonepercenibf thetotalamountof transitions.

For a correctsolution of the interpolationproblem,we
proposeanotherapproactthat separatethe computatiorof
the quality classi cationandthe renderingprocessin each
frameanadaptve classi cationis determinedput the asso-
ciatedrenderingis delayedby one frame.In doing so the
informationregarding the usedquality levels canbe trans-
ferredto the neighboringnodesat the time of distributing
the intermediateresultsduring the compositingstep.Since
at this time communicatiorbetweenall nodesmustbe per
formedaryway, the additionaldatacanbe appendedo the
imagedata.Having thetransferredlataavailabletherender
ing processanproduceaproperlyinterpolatedsisualization
duringthe next frame. The downsideis thatthe lateny be-
tweenuserinteractionandthesystemseactionis increased
by oneframe.To avoid this a hybrid techniquethat exploits
bothdescribedpproacheis possible While theviewing pa-
rametersare changedthe approximatesolutionis usedto
generatean image without increasedateny times during
userinteraction.As soonasthe cameraparametersirekept
constant,a correctimageis renderedbasedon the quality
classi cationthatis transferredrom the previousrendering
step.Thusa fastuserinteractionis combinedwith a correct
sub-wlumeinterpolationfor the staticcase.

6. Implementation and Results

Our implementationis basedon C++ and OpenGL.Vol-

ume renderingadoptspost-shadingealizedeither through
NVIDIAs register combinersor alternatvely through an
ARB fragmentprogramdependingon the available hard-
ware support.MPI is usedfor all communicatiorbetween
nodes.

Two differentclusterervironmentswere usedfor devel-
opingandevaluation.The rst oneis a 16-nodePC cluster
Eachof thesenodesrunsadual-CPUcon gurationwith two
AMD 1.6 GHz Athlon CPUs,2 GB of systemmemory and
NVIDIA GeForce4 Ti 4600(128MB) graphicsboardsThe
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interconnectingnetwork is a Myrinet 1.28GBit/sswitched
LAN providing low lateng times.Linux is usedasoperat-
ing systemthe SCoe MPI implementatiordrivesthe com-
munication[PC].

The secondervironmentis built up by standardPCsus-
ing a Gigabit Ethernetinterconnectionwith a maximum
numberof eight nodes.Eachnodehasan Intel Pentium4
2.8GHzCPUand4GB systemmemory Theinstalledgraph-
ics boardsarea mixture of NVIDIA GeForce4 Ti 4200and
GeForce4 Ti 4600bothproviding 128MB of videomemory
RunningLinux, the MPI implementatiolLAM/MPI is used
for nodemanagemerandcommunicatioffLAM ].

We usethreedifferentlarge-scaledatasetsto evaluatethe
performancef theimplementediisualizationsystemIf not
statedotherwiseall measurements/ere performedon the
clusterinterconnectedhroughMyrinet. The rst datasetis
an arti cial scalar eld shaving a radial distancevolume
that is additionally combinedwith Perlin noise (Figure 7,
color plates).For our testingpurposes 1024’ sizedvolume
is used.The seconddatasetis derived from the anatomical
RGB cryosection®f theVisible Humanmaledataset[The].
Theslicesarereducedo 8 bit pervoxel andcroppedto ex-
cludeexternaldatalike grey scalecardsand dual markers.
Theobtaineddatasethasaresolutionof 2048 1024 1878
voxels (Figure8, color plates).The third datasetis atime-
dependenCFD simulationof a ow eld with increasing
turbulence.The sequenceontainsa total of 89 time bins
eachsized256° (Figure9, color plates).

The Visible Humanmale datasetcanbe visualizedon a
1024 viewport using 16 nodeswith 5 framesper second.
The quality classi cationwassetto usethe original resolu-
tion for mostregions. Due to the uniform characteristiof
the surroundingstheseareasweredisplayedin alower res-
olution without ary noticeabledisadantagesWith a view-
portof half sizein eachdimensionandthe samesettingshe
obtainedrameratancreaseso 8 framespersecond.

To shaw the scalingbehaior of the visualizationsystem
con gurationsof 2 upto 16 rendemodesaremeasuredThe
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Figure 4: Scalability of the visualizationsystemwith the
numberof renderingnodes.

useddatasetfor all thesetestsis the gigacubecontaining
the distortedradial distancevolume. The resultsare shovn
in Figure4. For a 16 nodecon gurationthe datasetcanbe
renderedn 174 ms, which correspondso a refreshrate of
5.7Hz.

For thetime-dependerdatasetFigure5 shavstheresults
for renderingeachtimestepn arow. Thetestwasperformed
using threedifferent quality levels. In caseof the original
quality the requiredtime clearly increasegowardsthe end
of thesequenceThereasorfor this behaior is foundin the
characteristiof the dataset,which getsmoreandmoretur-
bulent over time leadingto a higheramountof blocksthat
have to be decompressed-urthermorewith a progressin
time thecachebecomesnvalid andall blockshave to bede-
compressedtartingat the root node. Thereforethe perfor
manceis ratherslow for time-dependendatasetscompared
to thestaticones Usingthe seconctlusterervironmentwith
its 8 nodesonly 2 framespersecondareachiezedfor render
ing thedistancevolume.Dueto the similar con guration of
eachnodethis gapis solely causedy the Gigabit Ethernet
in comparisonto Myrinet. The determiningfactor for this
type of applicationis the lateny ratherthanthe bandwidth
limitation of theusednetwork. While deliveringcomparable
bandwidth,the Myrinet clearly outperformsa cornventional
Gigabit Ethernetregardinglateng times.

7. Conclusionand Futur e Work

We have presenteda distributed rendering system for
texture-basedlirectvolumevisualization By adaptinga hi-
erarchicalwavelet compressiortechniqueto a clusterervi-

ronmentthe effective size of volume datathat canbe han-
dled is furtherimproved. The adaptve decompressioand
renderingschemeresultsin a reductionof renderingcosts
dependingntheviewing positingandthe characteristicef
the datasetwithout leadingto noticeableartifactsin the -

nalimage.The problemof textureinterpolationat brick bor-

dersin connectionwith multi-resolutionrenderinghasbeen

450

full resolution

1/2 resolution -----
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timestep
Figure5: Performanceenderingime-dependendataset.

addresseanddifferentsolutionshave beenprovided. Parts
of therenderingproces<rucialto the systemgerformance
bene t from theappliedreductionof the processedegionin
imagespace gspeciallywith increasingnumbersof render
ing nodes.

Theachieved performances oftenrestrictedby the capa-
bilities of the interconnectiorbetweenthe renderingnodes
andthe computatiorof blendingoperationgiuringthecom-
positingstep.With viewportssized10242 this upperbound
is approximatelyl1 framesper secondfor our clustercon-

guration. To increasethis upperlimit an exact calculation
of the footprintsinsteadof usinga boundingbox could be
helpful. Doing so avoids the remainingunnecessarplend-
ing operationsandfurther reducescommunicatiorcosts.In

caseof time-dependentiatasetsthe performances addi-
tionally boundby the decompressiostepbecausehe per

formed cachingof decompressetlocks cannotbe usedin

this context.

As part of our future work we would like to implement
andtestthe SLIC algorithmfrom Stompelet al on Myrinet
and4x In niBand networks.

Appendix A: BlendingusingMMX operations

The following code performsthe operationr = a+ ((1
Aalpha  D)=255usingMMX instructions.It usesthe GNU
Compiler Collection's (GCC) “extendedassembly”nota-
tion, whichmeanghe operandsrein AT&T syntax(source
operandon the left side and destinationoperandon the
right). %Q %1and%?2arer, a andb respectiely.

pxor %mm2 %mm?2
/I copy 128 to all words in mm4
mov $128, %eax
movd %eax, %mm4
pshufw $0, %mm4d %mm4

/I copy a to mmoO
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movd (%1), %mmoO

/I copy b to mm3

movd (%2), %mm3

/I 16-bit expand b

punpcklbw %nm2, %mm3

Il Aill mmlwith 1's

pcmpegb %nm1l, %mml

/I 1 - aalpha

pxor %m0, %mml

/I 16-bit expand 1l-aa

punpcklbw %nm2, %mml

/I copy l-aa to all words

pshufw $0, %nml, %mml

/I x = (l-aalpha )*b

pmullw %nm1l, %mm3

/I x += 128

paddusw %nm4, %mm3

Il 'y =x

mov(q %nm3, %mm1l

Il 'y I= 256

psriw $8, %mml

Iy =y +x

paddusw %nm3, %mm1l

Il 'y I= 256

psriw $8, %mml

/I pack result

packuswb %nm1l, %mml

/I add a and (1- aalpha )b

paddusb %nm1, %mmO0

/I copy result to memory

movd %nmO0, (%0)
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Figure 8: Renderingresult of upper 4 nodes shaving

Figure 6: Depth-sortedblending of footprints of four vol- anatomiccryosectionshroughthe Visible Human Project
umeblocks.For eachcompositingstepthe regionswith and maledataset. Thewholebodyis renderedvith atotal of 16
without the needfor blendingaremarked. nodes.

Figure7: Radialdistancevolumecombinedwith noiseusing

ahighfrequeng transferfunction. ) i o . .
Figure9: Visualizationof the time-dependenCFD simmu-

lation. Fromtop to bottontimestep$), 45,89 areshavn.
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