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Abstract
The capability to visualizelarge volumedatasetshas applicationsin a myriad of scienti�c �elds. This paper
presentsa large data visualizationsolution in the form of distributed,multiresolution,progressiveprocessing.
Thissolutionreducestheproblemof renderinga large volumedata into manysimpleandindependentproblems
that canbestraightforwardly distributedto multiplecomputers.By completelydecouplingrenderinganddisplay
with image caching, weare ableto maintaina high level of interactivity during exploration of thedata,which is
key to obtaininginsightsinto thedata.

Categoriesand SubjectDescriptors(accordingto ACM CCS): I.3.2 [ComputerGraphics]:Distributed/network
graphics,remotesystems;I.3.3 [ComputerGraphics]:Picture/imagegeneration;I.3.8 [ComputerGraphics]:Ap-
plications

1. Intr oduction

Scientistsnowadayscansimulatefairly sophisticatedphysi-
cal phenomenaor chemicalprocessesat high �delity using
massively parallelsupercomputers.Eachsimulationruncan
generatea vastamountof datawhich caneasilyoverwhelm
most of the dataanalysisand visualizationsoftware tools.
Compressingthe datawould defeatthe original purposeof
performing the high-resolutionsimulation.Renderingand
viewing thehighestpossibleresolutionof thedatadirectly,
if not impossible,would leadto long wait time unlessa suf-
�ciently powerful parallel computeranda dedicatedhigh-
speednetwork areused.Consideringthosewho wish to use
visualizationon their large datacanhave a wide variety of
computationalpower, a truesolutionshouldbeableto fully
take advantageof their systemhowever largeor small it is.
Thesystemshouldbedistributedto take advantageof clus-
ters,which arebecomingmorecommondue to their rela-
tively low cost.An approachthatcansomewhat relieve the
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computationalandhardwarerequirementsis to visualizethe
datausingprogressive re�nement.This is especiallyattrac-
tivewhenthescientistis exploringtheirdatato searchfor ei-
therknown or unknown featuresin thedata.In suchdataex-
plorationmode,it is very importantto maintaina high level
of interactivity.

In this paper, we presentan interactive visualizationsys-
tembasedon progressive re�nementanddistributedrender-
ing. Progressive re�nement is madepossiblewith a hier-
archicalmultiresolutionrepresentationof the volumedata.
A particularlevel of interactivity is guaranteedby 1) com-
pletelydecouplingrenderinganddisplayingusinganimage
cachingapproach[LP03], 2) usinga multiresolutionrepre-
sentationof thevolumedata,and3) distributing therender-
ing calculationsto multiplecomputers.Whenusingthissys-
temto visualizea largedataset,theusercanalwaysreceive
immediatevisual feedbacksashebrowsesin thespatialdo-
mainof thedata,andastheuserpausesthesystemcontinu-
ouslyandprogressively re�nes thevisualizationby switch-
ing from acoarserlevel of thedatato a �ner level. Themain
contribution of our work is to integratea setof techniques
introducedin [LP03] and[PLF� 03] into a coherentsystem.
The resultsof our performancestudyusinga clustercom-
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puteranda terascaledatasetshow thepracticalvalueof our
systemespeciallyin a remotevisualizationsetting.

2. RelatedWork

As statedbefore,one of the main problemsof the visu-
alizationsof large datasetis the fact that the datacannot
bestoredin mainmemory. Prohaskaet al. [PHKH04] han-
dle this problemby usingremotedatastorage.This storage
wasdesignedto supportveryef�cient accessof subvolumes.
Throughputwas increasedby taking careof several high-
level operationsremotelyand transferringthe resultsover
thenetwork.Threadingis usedto allow for dataaccesswhile
thecurrentdatais beingrendered.After thedatais loaded,
3D texturerenderingcanbeusedto rendertheimage.

Gutheetal. [GWGS02] usedapreprocessingstepto con-
vert the datainto a hierachicalwavelet representation.The
datais decompressedduring renderingand useshardware
texturemappingfor theactualrendering.This waslater im-
proved apon by adding empty spaceskipping and occlu-
sionculling [GS04]. Wangetal. [WGS04] alsopreprocessed
the datainto a multiresolutionhierarchy using the wavelet
transform.This hierarchy is partitionedanddistributedover
several nodes.Visualizationis completedby traversingthe
wavelettreeandreconstructingdatablocks.Theresultsfrom
the nodesare then composited.Thesemethoddoeshave
theadvantageof beingmultiresolution.This allows themto
view acoarseversionveryquickly or wait for ahighquality
detailedversion.

Ahrenset al. [ALS� 00] addressthe problemof render-
ing timesby providing theability to renderlargedatasetsin
parallel.This is achievedby addingparallelismto thevisual-
izationtoolkit(VTK) [SML96]. Thisallowsascientistusing
VTK to easilyupgradeto their versionandbene�t from the
new parallelabilities.Sinceit is usingVTK, modulescanbe
addedto give the scientistmorepower over how the scene
is rendered.Engelet al. [EEH� 00] give scientistthepower
to visualizeby using high end remoteservers to visualize
medicaldataona localdesktop.

Whendealingwith multiple levelsof detail,Lamaret al.
[LHJ99] usedanadaptive octreetexturevisualization.Cells
nearthe region of interestwerehigh resolutionwhile those
far away were low. Weiler et al. [WWH� 00] showed how
to usea hierarchy to insuresmoothinterpolationbetween
resolutionlevels. Our work differs from theseprevious ef-
forts sincewe breakthe probleminto many simplerender-
ing problems.Thisallowsusto notdependonaspeci�c ren-
deringalgorithmor hardwarerenderingin order to remain
interative.

3. BaseTechnologies

Our work startedby building upon previous projects at
Lawrence Livermore National Laboratory. One of these

Figure 1: Theoverall structure of MLIC. Thedisplayand
dispatch accessthesharedmemoryfromdifferentprocesses.
Thedispatch communicateswith the remoterenderingen-
ginesandupdatesthecachewith theimagesthat they return

projectsis MLIC [LP03], whichstandsfor MultilayeredIm-
ageCaching.MLIC wasavisualizationsystemthatusesthe
conceptof imagecachingto decouplethedisplayingof im-
agesfrom therendering.TheotherprojectwasViSUS[Pas],
whichgivesusaseriesof toolsfor ef�ciently loadingandvi-
sualizinglargemulitresolutiondatasets.We brie�y describe
thesetwo projectsin thissection.

3.1. MLIC

As seenin Figure1, MLIC is devided into the display, the
dispatch,andthe renderingengines.The dispatchanddis-
play communicatethrougha setof queuesstoredin shared
memory. During a singledisplaycycle, thedisplay�rst up-
datesthe imagecachewith any new imagesfrom the done
queue.It thendraws what is currently in the imagecache,
andchecksto seeif more imagesarerequiredto meetthe
userrequestedimagequality. Any requiredwork is thenput
into the work queue,and the cycle repeats.The dispatch
checksthe work queueand distributes the requiredwork
to the clusterof remoterenderingengines.When the en-
ginesreturntheresultis placedby thedispatchinto thedone
queue.

Even thoughMLIC was designedto more cleverly uti-
lize computingresources,it fails to handlelarge datasets.
Theactualrenderingis decoupledfrom thedisplayingof the
�nal imagesby usinga processfor thedisplayingof subim-
agescurrently in the cache,along with a processfor dis-
patchingwork to therenderingengines.Thisallows theuser
interfaceof the displayandthe displayingof imagesto re-
main interactive at all times.This interactivity grantedthe
userthe ability to browse the dataas the imageis contin-
ually improved over time. The resolutionof the screencan
bemodi�ed atany time, thoughtheresolutionof thesubim-
agesis �x ed so the systemonly takesadvantageof a high
resolutiondisplaywhentherearemany subimages.Actual
renderingwastakencareof by VTK [SML96].

The designof MLIC' s imagecachingis to have a sta-
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Figure 2: A 2D and 3D exampleof how the image cache
surroundsthecamera. Figureprovidedby [LP03]

tionary camerawith imagesplacedaroundthe cameralike
acube.Eachsideof thecubecorrespondsto aviewing frus-
tum for thatdirectionin space.At �rst this a singleimageis
renderedusingthis frustum.Thenthe frustumis spit down
oneaxis like a KD-Tree.Eachsplit doublesthe numberof
imagesand eachindividual sub-frustumcorrespondsto a
smallersectionof space.This will give usthepower to load
only thedatarequiredto rendera subimage,letting us load
higherresolutionversionsof thedataasthesizeof thesub-
frustumsdecreases.[LP03] provideda�gure to visualizethe
cachearoundthecameraasseenin Figure2.

Thisprojectworkswell asabasedueto severalreasons.It
alreadyworksin adistributedenvironment.Thesystempar-
allels the multiresolutionidea,so fewer subimagesfor low
resolutiondataandmany subimagesfor high/full resolution.
Finally the independentnatureof the renderingenginesal-
lows us to treatthe renderingof subimagesasa traditional
simplerenderingproblemin adivide-and-conquersense.

3.2. ViSUS

ViSUS standsfor VisualizationStreamsfor Ultimate Scal-
ability. Thesetools let a userto visualizeandbrowselarge
simulationson nearlyany computer. ViSUSstreamsdatato
theuserscomputerasfastor asslow asthecomputerwill al-
low. Slower computerswill beableto visualizevery coarse
datain realtimeandimproveto ahigherresolutionwhende-
sired.Higherendcomputersmaybeableto startat a higher
resolution,decreasingthetime it 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 theparametersof thesimulationif they see�t possibly
saving valuablecomputertime.

ViSUSuseswhatis calleda streamingZ curve [PLF� 03]
allowing the visualization to changesomewhat without
reloadingall the dataagain. Data is also loadedprogres-
sively, loading the datafrom coarseto �ne. This datacan
be visualizedat the coarseresolutionasthe datacontinues

Figure3: A �gur eof themodi�ed remoterenderingengines.
Informationis sentfromthedispatch andanalyzed.Theen-
gine thenasksfor the requireddataat a speci�c resolution
fromViSUS.Thisdataandinformationis thenpassedon to
a renderer. Theresultimage is thensentback to thedispatch

to streamin. More informationon ViSUS canbe found at
theprojectwebsite[Pas].

3.3. Combining the projects

Wecombinedthetwo projectsto utilize theparallelanddis-
tibutednatureof MLIC while takingadvantageof theuseful
datatoolsgivento usby ViSUS.To accomplishthis,ViSUS
wastakenoff thedisplayingcomputerandmovedto theclus-
ter. The remoterenderingengineswereredesigned,remov-
ing VTK, andaddinganinterfaceto theViSUSdataloading
libraries.With this change,the renderingenginesare now
composedof 3 importantsections.Thecore,ViSUS,andthe
renderer. Thecoreof theenginerefersto partthatdealswith
in incomingrequestandsendingthatinformationto ViSUS,
which is usedto loadtherequireddataat therequestedreso-
lution. Thecorealsosetsup a non-multiresolutionenviron-
ment for the renderer, giving us moreoptionson what the
actualrenderercanbe.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 frustumcorrespondingto that imagealong
eachaxis. Thesenew sectionscorrespondto speci�c areas
in spaceand,in turn,correspondto speci�c sectionsof data.
We can now take advantageof this fact, and load differ-
ent resolutionsof the databasedon the sizeof the section
needed.Oncethesectionhasbeenidenti�ed, it is put into a
queueto berenderedby oneof theremoterenderingengines.

Onceoneof theremoterenderingenginesretrievesthisin-
formation,it calculateswhatsectionof datais required,and
thendetermineswhat resolutionof thedatacanbe�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
numbers of subimages.It is clear to seethat as thenumber
of subimagesincreases,both the resolutionof thedataand
imagesquality are greatly increased.Theincreasingorder
is: Top left, Top right, Bottomleft, Bottomright.

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

This information is passedonto the rendererto be ren-
dered.After rendering,theresultis sentbackto thedispatch.
Thedispatchtakesthissubimageandstoresit into theimage
cache.Now whenthe�nal imageis displayed,thesubimage
will bedisplayedalongwith any othersubimagesalreadyin
theimagecache.

Increasingthe numberof subimagesdisplayedwill in-
creasetheoverall picturequality in two ways.First increas-
ing thenumberof subimagesincreasestheresolutionof the
�nal image, since the subimageshave a �x ed size. This
of coursecannotincreasethe resolutionbeyond what the
Display is capableof. Secondly, increasingthe numberof
subimagesdecreasesthesizeof thesectionsthesubimages
correspondto. This allows higherresolutionversionsof the
datasetto be loaded.Examplesof increasingthenumberof
subimagescanbeseenin Figure4. It is clearthatthesystem
is capableof showing bothlow resolution(dataandpixel) as
well ashigh resolution�nal images.

4.1. Rendering

This processbreaksthelargescalerenderingproblemdown
into many small renderingproblems.Theseimagesareren-

deredindividually andhavenoknowledgeof eachother. The
actualrendererof theseimageshasno multi-resolutionre-
quirements,andcanbea simplestandardrenderer. This al-
lows theuseof algorithmsandrenderersthatmaynot seem
to bepossiblewith largedatasets.With this in mind,thesys-
tem was designedto be rendererindependentwith only a
smallsetof restrictions.

What we call, rendererindependence,was achieved by
designingthe new remoterenderingenginesto format the
informationfrom thedispatch,alongwith thedatafrom Vi-
SUS in a way that hidesthe mulitresolutionnatureof the
problem.We wantedit to have a divide-and-conquerfeel to
it. Taking a large complicatedproblem,andturning it into
many smallsimpleproblems.

On an implementationlevel, the engineswere designed
with a skeleton renderingclass designedto be inherited
from. It hasasmallsetof simplefunctions(to setthedataset,
viewing frustum,etc.) that areeasilyoverloaded.The user
simply createsa subclassof of this renderer(which canei-
thercontaintheactualrenderingcode,or call functionsin a
desiredrenderer)andbuilds the systemwith it. Whentest-
ing this idea,a simple ray castingisosurfacerendererwas
written. This ray casterdid not take into accountanything
involving the"big picture"andwaseasilyintegratedinto the
remoterenderingengines.Anotherrendererwaslatertested
thattookadvantageof graphicshardwareand3d textures.

4.2. Browsing

As statedbefore,oneof thepowersof thissystemis it' sabil-
ity to browseandnavigatethroughdatawhile it renders.Fig-
ure5 givesanexampleof looking aroundwithin thedataset
while it renders.Theuseof thesubimagesasimpostorsal-
lows for several typesof navigation that do not requirere-
placing the subimagesalreadyin the imagecache.These
typesof navigationarecamerarotationandzooming.

The reasonzoomingfalls into this category is ratherob-
vious.Thesystemsimplyzoomsin on thesubimages.Cam-
erarotationis alsorathersimple.This is not to beconfused
with datarotation,but rotating the cameradirection while
thecameralocationis �x ed.This is only really usefulwhen
thelocationof thecamerais verynear, or actuallywithin the
dataitself. All other forms of navigation requirethe entire
cacheto bererendered.

Whatthisallows, is theuserto locatepossiblyinteresting
informationonthe�nal imageat low resolution.Thenrotate
thatinformationto thecenterandzoomin. Theusercannow
increasethenumberof subimagesfor this sectionby a large
amount,allowing for a�nal imageto berenderedatnearfull
dataresolution.

5. Testing

WehavetestedVMLIC ona56-nodeclusterwith aQuadrics
switchinternconnect.Eachnodehas2GBof memoryandan
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Figure 5: An exampleof navigatingthroughthedataset.Theuser�r st rotatedthecamera and increasedthedata resolution.
Theexamplefollowstheuserasthecamera is repeatedlyzoomedandthedataresolutionincreasedagain.Thedisplayremains
interactiveastheseimagesare rendered.

Intel Xeon2.8GHzprocessor. Our testswereconductedus-
ing between16 and 56 nodes.The datasetusedin testing
wasgeneratedfrom theRichtmyer-Meshkov instabilitysim-
ulationwith 2048� 2048� 1920voxels.ViSUSis commonly
usedin anout-of-coreenvironment,becauseof this thedata
is readfrom a �leserver over thenetwork, ratherthanstored
on thelocaldiskof eachrenderingengine.

For our performancestudy, frames-per-seconddoesnot
work asanaccuratemeasurementof this systembecauseof
thedecouplingof therenderingandthedisplay. Imagesare
renderedremotelyon the clusterandplacedinto the image
cache.Whenthedisplaydraws to thescreenit simply uses
theimagescurrentlyin thecache.As statedbeforethis leads
to the systemas a whole being interactive, even thoughit
maybeactively renderingimages.For thesamereason,the
sizeof display is also independentof the performance.In-
stead,we recordedthenumberof imagesrenderedpersec-
ond,andthenumberof imagesrenderedpersecondper re-
moterenderingengine.

Thetestitself correspondsto thesystemstartingafterdi-
viding thesceneinto subimages5 times.Wethentimedhow
long it took for thesystemto subdivide to a total of 10 sub-
divisions.The startingpoint for this testwasusedbecause
in theearlystages,only a few remoterenderingenginescan
be usedat a time(sincethe areonly a small amountof im-
agesto beudated).This situationonly occurswhenthesys-
temstarts,or theimagecacheis cleared.A total of 568sub-

RenderingEngines TotalTime 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

Table1: A tableshowingnumbersusingtheraycastingiso-
surfacerenderer. Theresultedimagecreatedwasat nearfull
dataresolution.

imageswererequiredto berenderedandtransferedover the
network. The primary rendererusedfor this testingwas a
softwareraycastedisosurfacerenderer.

Table1 shows the resultswhenthe systemfully renders
the scene.As you canseethe total time to renderthe �nal
imagewith �fty-six renderingengineswasaround27.5sec-
onds.Therenderertestedis notcommonlyusedin largedata
visualizationandis slow. Thesetestsleadus to believe that
the rendererwe wereusingwas a large bottleneckfor the
system.For this reason,we also felt that it was important
to testthesystemwithoutany actualrenderingtakingplace.
This would give usan ideaof theactualperformanceof all
the other components.Table 2 shows theseresults.Using
�fty six renderingengines,thesystemcompletestheprevi-
oustestin around4.8secondsor around117subimagesup-
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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

Table2: A tabledisplayingtheoverheadof thesystem.This
datawascreatedbyhavingtherenderer returninstantly, giv-
ing usan ideaonhowtheactualsystemitself performs.The
testinvolvesthedataloadingandsendingof 568subimages.

Figure6: A chart showingthenumberof imagespersecond,
relativeto thenumberof remoterenderingengines.Thebot-
tomline correspondsto the�r st full rendertest,whilethetop
line correspondsto the secondtestwith no rendering. This
chart showsusthat thesystemdoesin fact scaleverywell.

datedper second.Thesevaluecon�rmed that our software
renderwasindeeda largebottleneck.Our Preliminarytest-
ing of a3D texturebasedhardwarerenderer�nished thetest
in under6.4seconds,corrispondingto around89subimages
persecond.

5.1. Scalability

An importantaspectof all distributedsystemis how thesys-
temscaleswhenmoreprocessorsareused.Figure6 givesus
a view of the numberof imagesper second,relative to the
numberof remoterenderingengines.This graphshows us
that thesystemscaleswell enoughthata simplegraphlike
thiscannotdisplayhow muchperformancewearelosing.

We calculatedanothervalueto helpusview thescalabil-
ity. Before,we kept trackof thenumberof subimagesren-
deredpersecondandthenumberof renderingengines.From
this we �nd thenumberof subimagesrenderedpersecond,
pergenerator. This givesusanideaof how muchwork each
renderingengineis doingrelative to thenumberof total en-
gines.Table3 shows usthesevaluesfor a rangeof 16 to 56
total renderingengines.

The resultinggraphand tableshow us that the scalabil-

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

Table3: Thistablegivesusanideaonhowthesystemscales
by lookingat thenumberof subimagesrenderedper second
for each renderingengine.

ity is not perfect,which of courseis expected.We feel that
the performancelossis relatively minor andmainly dueto
the fact that sometimestherearefewer imagesthatneedto
be rendered,than thereare renderingengines.This is true
during early partsof the rendering,andeven partially true
duringmediumquality renderingswhendealingwith a large
numberof remoterenderingengines.During actualbrows-
ing,andwhendealingwith actualcameramovement,weex-
pectthatthescalabilityto beevenbetter.

A test was also performedto checkfor a possibleper-
formancebottleneckdueto thenetwork traf�c. This testwas
conductedwithouttheloadingof dataor therenderingof im-
ages.It simplytestshow longit takesto sendall therequired
imagesoverthenetwork.Forty eightrenderingengineswere
usedanda total of 568 128x128imagesweretransferedto
build a �nal imagethat would be at nearfull dataresolu-
tion. This testtook 0.3821seconds.This letsusbelieve that
the network itself is not a large bottleneckandnot likely a
scalabilityissuefor thenumberof enginesweused.

6. Conclusionand Futur ework

We have introduced the VMLIC system. This system
is capableof interactively browsing large multiresolution
datasetsthroughthe useof imagecaching.We areable to
updatethecachein atimely mannerby distributingthework
over many remoterenderingengines.This systemdoesnot
dependon the actualrenderingalgorthim used,and is ca-
pableof integratingalgorthimsthatwould otherwisenot be
ableto renderlargedata.

More testingregarding the VLMIC systemcan also be
done.Morerenderscanbetestedaswell astestinghow VM-
LIC canbe adaptedto clustersbasedon the power of each
node.VMLIC containsseveral variablesthat can be mod-
i�ed basedon the hardware. Thesevariablesinclude how
muchdatais loadedto rendereachsubimagealongwith the
sizeof the actualsubimage.As statedbefore,this also in-
cludesthe actual renderingalgorithm. As a user's system
changes,VMLIC canpossiblychangealongwith it to main-
tain thelevel of interactivity desired.

Theideabehindrendererindependencehasopenedadoor
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for new research.Taking a renderingmethodincapableof
highresolutiondataandadaptingit to work with oursystem
is a de�nite next step.This canincludevery speci�c algo-
rithmsusedby scientistswhoarecurrentlyforcedto usethe
renderersincludedwith other large datavisualizationsys-
tems.Renderersin thesesystemsmaynot give themthean-
swersthey need.

The idea behind image caching and breaking a large
multi-resolutionprobleminto asmallsingleresolutionprob-
lem hasmoreapplicationsthanjust scienti�c visualization.
We feel that this ideacouldbeexpandedto handlenot only
data,but high resolutionmodelsor meshes.
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