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Abstract

The capability to visualizelarge volumedatasetshas applicationsin a myriad of scienti ¢ elds. This paper
presentsa large data visualizationsolutionin the form of distributed, multiresolution,progressiveprocessing
This solutionreduceghe problemof renderinga large volumedatainto manysimpleandindependenproblems
that canbe straightforwaudly distributedto multiple computes. By completelydecouplingrenderingand display
with image caching, we are ableto maintaina high level of interactivity during exploration of the data, which is

key to obtaininginsightsinto the data.

Categories and SubjectDescriptors(accordingto ACM CCS) 1.3.2 [Computer Graphics]: Distributed/netvark
graphicsremotesystemsj.3.3 [ComputerGraphics]:Picture/imagegeneration].3.8 [ComputerGraphics]:Ap-

plications

1. Intr oduction

Scientistmowadayscansimulatefairly sophisticategbhysi-
cal phenomenar chemicalprocessest high delity using
massiely parallelsupercomputerg&achsimulationrun can
generatea vastamountof datawhich caneasilyoverwhelm
mostof the dataanalysisand visualizationsoftware tools.
Compressinghe datawould defeatthe original purposeof
performing the high-resolutionsimulation. Renderingand
viewing the highestpossibleresolutionof the datadirectly,
if notimpossiblewould leadto long wait time unlessa suf-
ciently powerful parallelcomputerand a dedicatedhigh-
speedhetwork areused.Consideringhosewho wish to use
visualizationon their large datacan have a wide variety of
computationapower, atrue solutionshouldbe ableto fully
take advantageof their systemhowever large or smallit is.
The systemshouldbe distributedto take advantageof clus-
ters, which are becomingmore commondueto their rela-
tively low cost.An approactthatcansomevhatrelieve the
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computationahndhardwarerequirementss to visualizethe
datausingprogressie re nement. This is especiallyattrac-
tivewhenthescientistis exploring their datato searcHor ei-
therknown or unknavn featuredn thedata.ln suchdataex-
plorationmode,it is very importantto maintaina high level
of interactvity.

In this paper we presen@aninteractve visualizationsys-
tembasedn progressie re nementanddistributedrender
ing. Progressie re nement is made possiblewith a hier-
archicalmultiresolutionrepresentatiorf the volume data.
A particularlevel of interactvity is guaranteedyy 1) com-
pletelydecouplingrenderinganddisplayingusinganimage
cachingapproacHLP03, 2) usinga multiresolutionrepre-
sentatiorof the volumedata,and3) distributing the render
ing calculationgo multiple computersWhenusingthis sys-
temto visualizea large dataset,the usercanalwaysreceve
immediatevisual feedbacksshe browsesin the spatialdo-
main of the data,andasthe userpauseghe systemcontinu-
ously andprogressiely re nes the visualizationby switch-
ing from a coarsetevel of thedatato a ner level. Themain
contrikbution of our work is to integratea setof techniques
introducedin [LPO3 and[PLF 03] into a coherentsystem.
The resultsof our performancestudy using a clustercom-
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puterandaterascalaataseshav the practicalvalueof our
systemespeciallyin aremotevisualizationsetting.

2. RelatedWork

As statedbefore, one of the main problemsof the visu-

alizationsof large datasetis the fact that the data cannot
be storedin mainmemory Prohaskat al. [PHKHO04 han-
dle this problemby usingremotedatastorage This storage
wasdesignedo supportvery ef cient acces®f subsolumes.
Throughputwas increasedoy taking care of several high-

level operationsremotely and transferringthe resultsover

thenetwork. Threadings usedto allow for dataaccessvhile

the currentdatais beingrenderedAfter the datais loaded,
3D texturerenderingcanbe usedto rendertheimage.

Gutheetal. [GWGSO02 usedapreprocessingtepto con-
vert the datainto a hierachicalwavelet representationThe
datais decompresseduring renderingand useshardware
texture mappingfor the actualrendering.This waslaterim-
proved apon by adding empty spaceskipping and occlu-
sionculling [GS04. Wangetal. [WGS04 alsopreprocessed
the datainto a multiresolutionhierarcly usingthe wavelet
transform.This hierarcly is partitionedanddistributedover
several nodes.Visualizationis completedby traversingthe
wavelettreeandreconstructinglatablocks.Theresultsfrom
the nodesare then composited. Thesemethod doeshave
theadwantageof beingmultiresolution.This allows themto
view a coarseversionvery quickly or wait for a high quality
detailedversion.

Ahrenset al. [ALS 00] addresghe problemof render
ing timesby providing the ability to renderarge datasetsn
parallel.Thisis achiezedby addingparallelismto thevisual-
izationtoolkit(VTK) [SML96]. This allows a scientistusing
VTK to easilyupgradeo their versionandbene t from the
new parallelabilities.Sinceit is usingVTK, modulescanbe
addedto give the scientistmore power over how the scene
is renderedEngeletal. [EEH 0Q] give scientistthe power
to visualize by using high end remotesenersto visualize
medicaldataon alocal desktop.

Whendealingwith multiple levels of detail, Lamaret al.
[LHJ99 usedanadaptve octreetexture visualization.Cells
nearthe region of interestwere high resolutionwhile those
far away were low. Weiler et al. [WWH 00] shaved how
to usea hierarcly to insuresmoothinterpolationbetween
resolutionlevels. Our work differs from theseprevious ef-
forts sincewe breakthe probleminto mary simplerender
ing problemsThis allows usto notdependnaspeci ¢ ren-
dering algorithmor hardware renderingin orderto remain
interative.

3. BaseTechnologies

Our work startedby building upon previous projects at
Lawrence Livermore National Laboratory One of these
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Figure 1: Theoverall structue of MLIC. Thedisplayand
dispatdh accesghe shaedmemoryfromdifferentprocesses.
Thedispatd communicatesvith the remoterenderingen-
ginesandupdateghe cadewith theimagesthatthey return

projectsis MLIC [LP03, which standsor MultilayeredIm-
ageCaching MLIC wasavisualizationsystemthatuseshe
conceptof imagecachingto decouplethe displayingof im-
agedrom therenderingTheotherprojectwasViSUS[Pag,
which givesusaserief toolsfor ef ciently loadingandvi-
sualizinglarge mulitresolutiondatasetsWe brie y describe
thesetwo projectsin this section.

3.1. MLIC

As seenin Figure 1, MLIC is devided into the display the
dispatch,andthe renderingengines.The dispatchand dis-
play communicatehrougha setof queuesstoredin shared
memory During a singledisplaycycle, the display rst up-
datesthe imagecachewith ary new imagesfrom the done
queue.lt thendraws whatis currentlyin the imagecache,
andchecksto seeif moreimagesarerequiredto meetthe
userrequestedmagequality. Any requiredwork is thenput
into the work queue,and the cycle repeats.The dispatch
checksthe work queueand distributes the requiredwork
to the cluster of remoterenderingengines.When the en-
ginesreturntheresultis placedby thedispatchinto thedone
queue.

Even though MLIC was designedto more cleverly uti-
lize computingresourcesit fails to handlelarge datasets.
Theactualrenderings decoupledrom thedisplayingof the
nal imagesby usinga procesdor thedisplayingof subim-
agescurrently in the cache,alongwith a processfor dis-
patchingwork to therenderingenginesThis allows theuser
interfaceof the displayandthe displayingof imagesto re-
main interactive at all times. This interactvity grantedthe
userthe ability to browse the dataas the imageis contin-
ually improved over time. The resolutionof the screencan
bemodi ed atary time, thoughthe resolutionof the subim-
agesis x ed so the systemonly takes advantageof a high
resolutiondisplaywhenthereare mary subimages Actual
renderingwastakencareof by VTK [SML96].

The designof MLIC's image cachingis to have a sta-
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Figure 2: A 2D and 3D exampleof how the image cacte
surroundsthe camea. Figure providedby [ LP03

tionary camerawith imagesplacedaroundthe cameralike
acube.Eachsideof the cubecorrespond$o a viewing frus-
tum for thatdirectionin spaceAt rst thisasingleimageis
renderedusingthis frustum. Thenthe frustumis spit down
oneaxis like a KD-Tree.Eachsplit doublesthe numberof
imagesand eachindividual sub-frustumcorrespondgo a
smallersectionof spaceThiswill give usthepowerto load
only the datarequiredto rendera subimageletting us load
higherresolutionversionsof the dataasthe sizeof the sub-
frustumsdecrease$L P03 provideda gure to visualizethe
cachearoundthe cameraasseenin Figure2.

Thisprojectworkswell asabasedueto severalreasonsit
alreadyworksin adistributedenvironment.The systempar
allels the multiresolutionidea, so fewer subimagedor low
resolutiondataandmary subimagesor high/full resolution.
Finally the independenhatureof the renderingenginesal-
lows usto treatthe renderingof subimagessa traditional
simplerenderingoroblemin a divide-and-conquesense.

3.2. ViSUS

ViSUS standsfor VisualizationStreamdor Ultimate Scal-
ability. Thesetools let a userto visualizeandbrowselarge
simulationson nearlyary computerViSUS streamsatato
theuserscomputerasfastor asslow asthecomputemwill al-
low. Slower computerswill be ableto visualizevery coarse
datain realtime andimproveto ahigherresolutionwhende-
sired.Higherendcomputersnay be ableto startat a higher
resolutiondecreasinghetimeit takesto nish the nal im-
age.

ViSUSis alsocapableof streamingdatato theuserasit is
beingsimulated.This allows scientiststo begin to visualize
and browse the dataduring the simulation,and if needed,
re ne theparametersf thesimulationif they seet possibly
saving valuablecomputertime.

ViSUS useswhatis calleda streamingZ curve [PLF 03]
allowing the visualization to change someavhat without
reloadingall the dataagain. Datais also loadedprogres-
sively, loadingthe datafrom coarseto ne. This datacan
be visualizedat the coarseresolutionasthe datacontinues
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Figure 3: A gureofthemodi ed remoterenderingengines.
Informationis sentfromthe dispatd andanalyzedTheen-
ginethenasksfor therequired data at a speci c resolution
from\ViISUS.Thisdataandinformationis thenpassecdn to
arendeer. Theresultimageis thensentbad to thedispatd

to streamin. More informationon ViSUS can be found at
theprojectwebsite[Pag.

3.3. Combining the projects

We combinedthetwo projectsto utilize the parallelanddis-
tibutednatureof MLIC while takingadvantageof theuseful
datatoolsgivento usby ViSUS.To accomplistthis, ViISUS
wastakenoff thedisplayingcomputermndmaovedto theclus-
ter. The remoterenderingengineswereredesignedremor-
ing VTK, andaddinganinterfaceto the ViSUS dataloading
libraries. With this change the renderingenginesare now
composef 3importantsectionsThecore,ViSUS,andthe
rendererThecoreof theenginerefersto partthatdealswith
in incomingrequestindsendinghatinformationto ViSUS,
whichis usedto loadtherequireddataattherequestedeso-
lution. The corealsosetsup a non-multiresolutiorerviron-
mentfor the renderergiving us more optionson what the
actualrendereicanbe. A diagramof this new designcanbe
seenin Figure3.

With the combination of the two previous projects
we have VMLIC (ViSUS enabled Multilayered Image
Caching).

4. VMLIC

VMLIC takes an imageand splits it into multiple images
by splitting the frustum correspondingo thatimagealong
eachaxis. Thesenew sectionscorrespondo speci ¢ areas
in spaceand,in turn, correspondo speci ¢ sectionof data.
We can now take adwantageof this fact, and load differ-

entresolutionsof the databasedon the size of the section
neededOncethe sectionhasbeenidenti ed, it is putinto a
gueueo berenderedy oneof theremoterenderingengines.

Onceoneof theremoterenderingenginesetrievesthisin-
formation,it calculatesvhatsectionof datais required,and
thendeterminesvhatresolutionof the datacanbe t given
a memoryconstraint.The datais thenloadedusingthe Vi-
SUSlibrary. Now theinformationgivenoriginally from the
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Figure 4: An example of the samescenewith different
numbes of subimaes.lt is clear to seethat asthe number
of subimaesincreasespoth the resolutionof the dataand
images quality are greatly increased.Theincreasingorder
is: Top left, Top right, Bottomleft, Bottomright.

dispatchis convertedto malke it relative to the new section
of dataloaded.

This informationis passedonto the rendererto be ren-
dered After renderingtheresultis sentbackto thedispatch.
Thedispatchtakesthis subimageandstorest into theimage
cacheNow whenthe nal imageis displayedthesubimage
will bedisplayedalongwith ary othersubimageslreadyin
theimagecache.

Increasingthe numberof subimagedisplayedwill in-
creasahe overall picturequality in two ways.Firstincreas-
ing the numberof subimagesncreaseshe resolutionof the

nal image, since the subimageshave a x ed size. This
of coursecannotincreasethe resolutionbeyond what the
Display is capableof. Secondly increasingthe numberof
subimagesiecreasethe size of the sectionsthe subimages
correspondo. This allows higherresolutionversionsof the
dataseto be loaded.Examplesof increasinghe numberof
subimagesanbeseenin Figure4. It is clearthatthesystem
is capableof shawing bothlow resolution(datandpixel) as
well ashighresolution nal images.

4.1. Rendering

This procesdreaksthe large scalerenderingproblemdown
into mary smallrenderingproblems Theseimagesareren-

deredndividually andhave noknowledgeof eachother The
actualrendererof theseimageshasno multi-resolutionre-
quirementsandcanbe a simple standardendererThis al-
lows the useof algorithmsandrendererghatmay not seem
to bepossiblewith largedatasetswith thisin mind, thesys-
tem was designedto be rendererindependentvith only a
smallsetof restrictions.

What we call, rendererindependencewas achieved by
designingthe new remoterenderingenginesto format the
informationfrom the dispatch alongwith the datafrom Vi-
SUSin a way that hidesthe mulitresolutionnatureof the
problem.We wantedit to have a divide-and-conqueieel to
it. Taking a large complicatedproblem,andturning it into
mary smallsimpleproblems.

On an implementationlevel, the engineswere designed
with a skeleton renderingclass designedto be inherited
from. It hasasmallsetof simplefunctions(to setthedataset,
viewing frustum, etc.) that are easily overloaded.The user
simply createsa subclasof of this rendererwhich canei-
ther containthe actualrenderingcode,or call functionsin a
desiredrenderer)and builds the systemwith it. Whentest-
ing this idea, a simple ray castingisosurficerenderemwas
written. This ray casterdid not take into accountarything
involving the"big picture"andwaseasilyintegratedinto the
remoterenderingenginesAnotherrenderemwaslatertested
thattook advantageof graphicshardwareand3d textures.

4.2. Browsing

As statedbefore, oneof thepowersof this systemis it' sabil-
ity to browvseandnavigatethroughdatawhile it rendersFig-
ure5 givesanexampleof looking aroundwithin the dataset
while it rendersThe useof the subimagessimpostorsal-
lows for several typesof navigation that do not requirere-
placing the subimagesalreadyin the image cache.These
typesof navigationarecameraotationandzooming.

The reasorzoomingfalls into this cateory is ratherob-
vious. The systemsimply zoomsin onthe subimagesCam-
erarotationis alsorathersimple.Thisis notto be confused
with datarotation, but rotating the cameradirection while
thecamerdocationis x ed.Thisis only really usefulwhen
thelocationof thecamerds very neay or actuallywithin the
dataitself. All otherforms of navigation requirethe entire
cacheto bererendered.

Whatthis allows, is the userto locatepossiblyinteresting
informationonthe nal imageatlow resolution.Thenrotate
thatinformationto thecenterandzoomin. Theusercannow
increaseghe numberof subimagedor this sectionby alarge
amountallowing for a nal imageto berenderedtnearfull
dataresolution.

5. Testing

We havetestedVMLIC ona56-nodeclusterwith aQuadrics
switchinternconnectEachnodehas2GB of memoryandan
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Figure 5: An exampleof navigatingthroughthe dataset.Theuser r st rotatedthe camer and increasedthe dataresolution.
Theexamplefollowsthe userasthecamen is repeatedlyyoomedandthe dataresolutionincreasedagain. Thedisplayremains

interactiveastheseimagesare rendeed.

Intel Xeon2.8 GHz processarOur testswereconductedis-
ing betweenl6 and 56 nodes.The datasetusedin testing
wasgeneratedrom the RichtmyerMeshlov instability sim-
ulationwith 2048 2048 1920voxels.ViSUSis commonly
usedin anout-of-coreervironment,becausef this the data
is readfrom a leserver over the network, ratherthanstored
onthelocal disk of eachrenderingengine.

For our performancestudy frames-peiseconddoesnot
work asanaccuratemeasurementf this systembecausef
the decouplingof the renderingandthe display Imagesare
renderedemotelyon the clusterandplacedinto theimage
cache Whenthe displaydraws to the screent simply uses
theimagescurrentlyin thecache As statedbeforethis leads
to the systemas a whole beinginteractve, even thoughit
may be actively renderingimages For the samereasonthe
size of displayis alsoindependenof the performanceln-
stead,we recordedthe numberof imagesrenderedoer sec-
ond, andthe numberof imagesrenderecper secondperre-
moterenderingengine.

Thetestitself correspondso the systemstartingafter di-
viding thescendnto subimage® times.We thentimedhow
longit took for the systemto subdvide to atotal of 10 sub-
divisions. The startingpoint for this testwas usedbecause
in the early stagespnly afew remoterenderingenginesan
be usedat a time(sincethe areonly a small amountof im-
agesto be udated).This situationonly occurswhenthe sys-
temstarts,or theimagecacheis cleared A total of 568 sub-

¢ TheEurographic#ssociation2006.

Renderingengines| Total Time | ImagesperSecond
16 85.5637 6.5382
24 58.4335 9.7204
32 44.3990 12.7930
40 35.6591 15.9286
48 31.7465 17.8917
56 27.4257 20.7105

Table 1: A tableshowingnumbes usingtheray castingiso-
surfacerendeer. Theresultedmage createdwasat nearfull
dataresolution.

imageswererequiredto berenderedandtransferecbverthe
network. The primary rendererusedfor this testingwas a
softwareray castedsosurficerenderer

Table1 shaws the resultswhenthe systemfully renders
the scene As you canseethe total time to renderthe nal
imagewith fty-six renderingenginesvasaround27.5sec-
onds.Therenderetesteds notcommonlyusedn largedata
visualizationandis slow. Thesetestsleadusto believe that
the rendererwe were usingwas a large bottleneckfor the
system.For this reasonwe alsofelt that it wasimportant
to testthe systemwithout ary actualrenderingtakingplace.
This would give us anideaof the actualperformanceof all
the other componentsTable 2 shavs theseresults.Using

fty six renderingenginesthe systemcompleteghe previ-
oustestin around4.8 second®r around117 subimagesip-
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Renderingengines| Overhead| ImagesperSecond
16 15.7298 36.1098
24 10.5001 54.0947
32 7.9486 71.4591
40 6.5462 86.7678
48 5.5466 102.4050
56 4.8330 117.5253

Table 2: A tabledisplayingthe overheadof the systemThis
datawascreatedoy havingtherendeer returninstantly giv-
ing usanideaon howtheactualsystenitself performs.The
testinvolvesthedataloadingandsendingof 568subimages.

Figure6: A chart showingthenumberof imagespersecond,
relativeto thenumberof remoterenderingenginesThebot-

tomline correspondso the r stfull rendertest,whilethetop

line correspondgo the secondestwith no rendering This
chart showsusthatthe systendoesin fact scaleverywell.

datedper second.Thesevalue con rmed that our software
renderwasindeeda large bottleneck Our Preliminarytest-
ing of a 3D texturebasechardwarerenderernished thetest
in under6.4 secondscorrispondingo around89 subimages
persecond.

5.1. Scalability

An importantaspecbf all distributedsystemis how thesys-
temscalesvhenmoreprocessorareused Figure6 givesus
aview of the numberof imagesper secondyelative to the
numberof remoterenderingengines.This graphshavs us
thatthe systemscaleswell enoughthata simplegraphlike
this cannotdisplayhow muchperformanceve arelosing.

We calculatedanothewvalueto help usview the scalabil-
ity. Before,we kepttrack of the numberof subimagesren-
deredpersecondandthenumberof renderingenginesFrom
thiswe nd the numberof subimagesenderedper second,
pergeneratarThis givesusanideaof how muchwork each
renderingengineis doingrelative to the numberof total en-
gines.Table3 showvs usthesevaluesfor arangeof 16 to 56
total renderingengines.

The resultinggraphand table shav us that the scalabil-

Engines| ImagesperSeconderEngine
16 2.2568
24 2.2539
32 2.2330
40 2.6919
48 2.1334
56 2.0986

Table3: Thistablegivesusanideaonhowthesystenscales
by lookingat the numberof subimaesrendeed per second
for eath renderingengine

ity is not perfect,which of courseis expected We feel that
the performancdossis relatively minor and mainly dueto
the factthat sometimegherearefewer imagesthat needto
be renderedthanthereare renderingengines.This is true
during early partsof the rendering,and even partially true
duringmediumquality renderingsvhendealingwith alarge
numberof remoterenderingengines During actualbrows-
ing, andwhendealingwith actualcameramovementwe ex-
pectthatthe scalabilityto beevenbetter

A testwas also performedto checkfor a possibleper
formancebottlenecldueto thenetwork traf c. Thistestwas
conductedvithouttheloadingof dataor therenderingof im-
ageslt simplytestshow longit takesto sendall therequired
imagesoverthenetwork. Forty eightrenderingenginesvere
usedanda total of 568 128x128imagesweretransferedo
build a nal imagethat would be at nearfull dataresolu-
tion. This testtook 0.3821secondsThis letsus believe that
the network itself is not a large bottleneckandnot likely a
scalabilityissuefor the numberof engineswe used.

6. Conclusionand Futur e work

We have introduced the VMLIC system. This system
is capableof interactvely browsing large multiresolution
datasetghroughthe useof image caching.We are able to
updatethecachein atimely mannetby distributing thework
over mary remoterenderingenginesThis systemdoesnot
dependon the actualrenderingalgorthimused,andis ca-
pableof integratingalgorthimsthatwould otherwisenot be
ableto renderargedata.

More testingregarding the VLMIC systemcan also be
done Morerendersanbetestedaswell astestinghow VM-
LIC canbe adaptedo clustershasedon the power of each
node.VMLIC containsseveral variablesthat can be mod-
i ed basedon the hardware. Thesevariablesinclude how
muchdatais loadedto rendereachsubimagealongwith the
size of the actualsubimageAs statedbefore,this alsoin-
cludesthe actualrenderingalgorithm. As a users system
changesyMLIC canpossiblychangealongwith it to main-
tainthelevel of interactvity desired.

Theideabehindrendereindependenckasopenedcadoor
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for new researchTaking a renderingmethodincapableof
highresolutiondataandadaptingt to work with our system
is a de nite next step.This caninclude very speci ¢ algo-
rithmsusedby scientistavho arecurrentlyforcedto usethe
rendererdncludedwith otherlarge datavisualizationsys-
tems.Renderersn thesesystemsnaynot give themthean-
swersthey need.

The idea behind image caching and breaking a large
multi-resolutionprobleminto asmallsingleresolutionprob-
lem hasmore applicationghanjust scienti ¢ visualization.
We feel thatthis ideacould be expandedo handlenot only
data,but high resolutionmodelsor meshes.
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