
FourthEurographicsWorkshoponParallelGraphicsandVisualization(2002)
D.

�
Bartz,X. Pueyo, E. Reinhard(Editors)

Interactive Ray Tracing of Time Varying Data

Erik Reinhard,CharlesHansenandSteveParker

Schoolof Computing,Universityof Utah

Abstract

Wepresenta simpleandeffectivealgorithmfor raytracingiso-surfacesof timevaryingdatasets.Each timestepis
partitionedinto separaterangesof potentionaliso-surfacevalues.Thiscreatesa largenumberof relativelysmall
files.Out-of-core renderingis implementedby readingfor each timesteptherelevant iso-surfacefile, which con-
tainsits ownspatialsubdivisionaswell asthevolumetricdata.Sinceanyof thesedatapartitionsis smallerthan
a singletimestep,theI/O bottleneck is overcome. Our methodcapitalizeson theability of modernarchitectures
to streamdata off disk without interferenceof the operating system.Additionally, only a fraction of a time-step
is held in memoryat any momentduring the visualization,which significantlyreducesthe required amountof
internalmemory.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.1 [HardwareArchitectures]:ParallelProcessing
I.3.7 [Three-DimensionalGraphicsandRealism]:Raytracing

1. Introduction

Researchersin many scienceandengineeringfields rely on
insight gainedfrom instrumentsand simulationsthat pro-
ducediscretesamplingsof three-dimensionalscalarfields.
Visualizationmethodsallow for more efficient data anal-
ysis to guide researchers.Iso-surfaceextraction is an im-
portant techniquefor visualizing three-dimensionalscalar
fieldsby exposingcontoursof constantvalue10. Thesecon-
tours isolatesurfacesof interest,focusingattentionon im-
portantfeaturesin thedatasuchasmaterialboundariesand
shockwaveswhile suppressingextraneousinformation.Sev-
eraldisciplines,includingmedicine12� 22, computationalfluid
dynamics(CFD)5 � 6, andmoleculardynamics9 � 14, have used
this methodeffectively.

Understandingthe dynamic behavior of a data set re-
quiresthe visualizationof its changeswith respectto time.
However, most high performancecomputerspossessnei-
ther the disk spacenor the amountof memorynecessary
to store and manipulatelarge time-varying data setseffi-
ciently. While visualizationresearchhasbegun to address
thisproblem2 � 3 � 21� 20� 17� 24, datasetsfrom bothcomputational
andmeasurementsourceshavecontinuedto increasein size,
putting pressureon storagesystems.Simulationsthat com-
pute and storemultiple time stepsfurther increasethe de-
mandfor storagespace,commonlyproducingdatasetson

theorderof onehalf to onegigabytepertimestepwith hun-
dredsof timesteps.With thisvastamountof datato process,
theinteractive iso-surfacevisualizationproblemis impacted
by consuminglargeamountsof time readinga multitudeof
hugefiles from disk and potentially performingswapping
due to limited physical memory. Without a high degreeof
interactivity, theuserlosesthevisual cuesnecessaryto un-
derstandthestructureof thefield, reducingtheeffectiveness
of thevisualization.

We presentan algorithmfor the interactive visualization
of iso-surfacesin time-varyingfieldsthatminimizestheim-
pactof theI/O bottleneck.By preprocessingthedatainto ef-
fectiveiso-contourranges,theamountof datareadis limited.
By streamingthedatafrom disk,thepotentialoverallsizeof
a time-varyingsimulationis boundedonly by disk capacity,
not by the I/O rate.Coupledwith a parallelray tracingen-
gine,weachieve interactive timevaryingdatavisualization.

In the following sections,we first discussrelatedwork
and then presentour algorithm for streamingdatafor iso-
surfacevisualizationof time-varyingfields.Wethenprovide
experimentalresults,demonstratingthe performanceof the
algorithmonseverallargetime-varyingdatasets.Finally, we
draw conclusionsandsuggestdirectionsfor futurework.
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2. Background

A numberof differenttechniqueshavebeenintroducedto in-
creasetheefficiency of iso-surfaceextractionover thelinear
searchproposedin theMarchingCubesalgorithm13� 26. Wil-
helmsandvanGelder25 describethebranch-on-needoctree
(BONO),aspace-efficientvariationof thetraditionaloctree.
This datastructurepartitionsthe cells in the databasedon
theirgeometricpositions.Extremevalues(minimaandmax-
ima)arepropagatedupthetreeduringconstructionsuchthat
only thosenodesthat spanthe iso-surface,i.e. thosewith
minvalue � isovalue � maxvalue, are traversedduring the
extractionphase.

Other recentmethodshave focusedon partitioning the
cells basedon their extreme values.Livnat et al.11 intro-
ducedthe spanspace,whereeachcell is representedas a
point in 2D space.Thepoint’sx-coordinateis definedby the
cell’sminimumvalue,andthey-coordinateby themaximum
value.The NOISE algorithmdescribedin 11 usesa kd-tree
to organizethepoints.Shenet al.18 usea latticesubdivision
of spanspacein their ISSUEalgorithm.This simplifiesand
acceleratesthe searchphaseof the extraction,asonly one
elementin the lattice requiresa full min-maxsearchof its
cells.This accelerationcomesat the costof a lessefficient
memoryfootprint thanthekd-tree.

TheInterval Treetechniqueintroducedby Cignoniet al.4

guaranteesworst-caseoptimalefficiency. Cells,represented
by theintervalsdefinedby theirextremevalues,aregrouped
at the nodesof a balancedbinary tree. For any iso-value
query, atmostonebranchfrom anodeis traversed.

An alternatetechniqueis to propagate the iso-surface
from a setof seedcells. Itoh et al.7 � 8, Bajaj et al.1, andvan
Kreveld et al.23 constructseedsetsthatcontainat leastone
cell perconnectedcomponentof eachiso-surface.The iso-
surfaceconstructionbegins at a seedandis tracedthrough
neighboringcellsusingadjacency andintersectioninforma-
tion.

An algorithmto improve I/O performanceandallow ef-
ficient iso-surfaceextractionon datasetslarger thanphysi-
cal memorywasdescribedby Chianget al.2 � 3. An interval
tree is built on disk using a two-level hierarchy. Cells are
first groupedinto meta-cellsandmeta-intervalsaredefined.
Thesemeta-intervalsarethencomposedinto aninterval tree,
which is divided into disk block-sizedgroupsto allow effi-
cienttransferfrom disk.

WeigleandBanks24 considertime-varyingscalardataasa
four-dimensionalfield. They constructan “iso-volume” for
eachiso-value, representingthe volume sweptby the iso-
surfaceover time. Imposinga time constrainton the iso-
volume yields an instantaneoussurface.This methodele-
gantly capturestemporalcoherence,but its high execution
timemakesit impracticalfor largedatasets.

Shen17 proposedthe TemporalHierarchicalIndex Tree
to performiso-surfaceextractionon time-varyingdatasets.

This methodclassifiesthedatacellsby their extremevalues
over time.Temporalvariationof cellsis definedusinglattice
subdivision, extendingthe ISSUE algorithm.Nodesin the
treecontaincells with differing temporalvariationandare
pagedin from disk asneededto extract an iso-surfaceat a
particulartime step.At every time step,an ISSUEsearch18

is performedateachnode.In orderto acceleratethefull min-
maxsearch,anInterval Treeis constructedin thoselatticeel-
ementsthatmayrequiresuchasearch.TheTemporalHierar-
chical Index Treeshows significantimprovementin storage
requirementsoverconstructionof aspan-spacesearchstruc-
turewhich treatseachtime stepasan independentdataset.
This is achievedwhile retaininganefficient searchstrategy
for iso-surfaceextraction.

Shen’swork clearlyacceleratesthesearchfor iso-surfaces
in timedependentdata.However, ateachtimesteptheentire
datadomain(timestep)is loadedinto physicalmemory. The
iso-surfaceextractionprocesspotentiallyneedsto accessall
of thetime stepsin a time-varyingdataset.If all time steps
do not simultaneouslyfit into physicalmemory, I/O canbe-
comeabottleneck.As notedby WilhelmsandVanGelder25,
for a particulariso-value,largeportionsof thedatanot con-
taining the iso-valueneednot beexamined.Similarly these
samelarge portionsof the dataneednot be readfrom disk
whenconstructingan iso-surface.For time dependentdata
sets,thesesavings canbe significantandhasled us to de-
velopamethodaimedatexploiting this observation.

SuttonandHansenovercometheselimitationswith their
T-BON method for iso-surface extraction21� 20. The Tem-
poral Branch-on-NeedOctree(T-BON) extendsthe three-
dimensionalbranch-on-needoctree for time-varying iso-
surface extraction. This minimizes the impact of the I/O
bottleneckby readingfrom disk only thoseportionsof the
searchstructureanddatanecessaryto constructthecurrent
iso-surface.By performingaminimumof I/O andexploiting
thehierarchicalmemoryfoundin modernCPUs,theT-BON
algorithmachieveshigh performanceiso-surfaceextraction
in time-varyingfields.

All of thesemethodsstill requirerenderingthe resulting
geometry. For complex geometry, a fasterapproachis to vi-
sualizeiso-surfaceswithout explicitly extractinggeometry.
Sucha methodfor interactive iso-surfacevisualizationof
very large datasetswasintroducedby Parker et al.16. Their
ray tracingalgorithmrenderediso-surfacesfor staticscalar
fieldsby intersectingviewing rayswith thedatavolumeand
displayingthe iso-surfacewithout generatingan intermedi-
atepolygonalrepresentation.The parallelnatureof the ray
tracing algorithm mapswell onto the architectureof mas-
sively parallelcomputers.A 32 processorSGI Origin 2000
can generateimagesof an iso-surface at interactive rates
even for largedatasets.However, for time-varyingdatasets,
it requiresthe entiretime-seriesto be memoryresidentfor
interactiveapplications.
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3. Approach

Our approachto ray tracingiso-surfacesof largetime vary-
ing datasets,is to partitioneachtime stepinto a numberof
smallfiles.Eachfile containsthedatafor onetimestepanda
smallrangeof iso-values.Duringvisualization,only onefile
containingthegiveniso-surfacevalueandtimestepneedsto
beloadedinto memory. This methodof partitioningdatare-
ducestheamountof traffic betweenthedisksub-systemand
internalmemory, makingthis a viableout-of-corerendering
technique.

The partitioning of the time varying data into small
chunks,is performedduringapreprocessingstep.Here,one
time stepis readinto memoryat a time andvoxelsaredis-
tributedover a numberof iso-surfacefiles for thatparticular
time step.We typically split the rangeof iso-surfacevalues
into 256non-overlappingsubranges,creatingamaximumof
256files pertime step.If theiso-surfacevaluethatneedsto
be visualizedis known in advance,we only createonefile
per time stepcontainingjust that iso-valuetherebysaving a
largeamountof diskspace.

Becausewe split the datainto separatefiles, the regular
grid structureof theinputdatais lost:wewrite separatevox-
elsto file, which eachconsistof an(x,y,z) triplet specifying
spatiallocation,aswell astheeightiso-surfacevaluesasso-
ciatedwith theverticesof thevoxel. This datacanbestored
in variousways,dependenton whetherstoragespaceis at
a premiumor whetherthe renderingtime needsto be opti-
mized.If the datais storedasthreeintegersfor the coordi-
natesandeightshortsfor theiso-surfacevalues,thisamounts
to 28 bytesof storagespaceper voxel. To optimize cache
performance,thisdatamaybepaddedto 32bytessothatex-
actly four voxelsmaybestoredin asinglecacheline. If disk
storageneedsto beminimized,the(x,y,z) triplet maybeen-
codedasa singleinteger, providedthatthesecoordinatesdo
nottakemorethan10bitseach.Suchencodingwouldreduce
storagespaceto 20bytespervoxel. In Section4,weevaluate
theperformanceof all threevoxel storagemechanisms.

Wenotethataniso-valueof 0 is aspecialcase,indicating
thatno datais present.During datapartitioning,we remove
voxels that have an iso-valueof zero for all eight vertices.
For many datasets,this significantlyreducestheamountof
datastored.

Becauseray tracing an unstructuredset of voxels is in-
efficient without a spatialsubdivision structure,for eachof
theiso-surfacefiles,wecreateagrid spatialsubdivision.The
grid is createdin traditionalfashion,usingtheruleof thumb
thatthenumberof cellsin thisdatastructureis roughlyequal
to the numberof voxels for the currenttime stepand iso-
valuerange.Notethatin this paperwe usetheterm“voxel”
to indicateavolumetricelementin theoriginaldata,whereas
we usetheterm“cell” to indicateoneelementof thespatial
subdivision that is superimposedon thedata.Thegrid data
structureis appendedto therelevantiso-surfacefile. Because
wewould like to avoid any furtherprocessingof dataduring

rendering,this spatialsubdivisionusesindices(storedasin-
tegers)insteadof pointers.Althoughwe have chosena grid
spatialsubdivisionfor simplicity, ourapproachdoesnotpre-
cludetheuseof otherspatialsubdivisions.

Currently, the preprocessingstagedeterminesthe maxi-
mum size of the datasetsthat can be rendered,sinceone
timestepneedsto fit into memory. Notethatthis is alreadya
muchlesssevereconstraintthanrequiringthatall timesteps
fit into memory, althoughdatacould alsobe readin small
chucks.This would remove any sizeconstraintsdueto the
preprocessing.

Duringrendering,oneprocessoris responsiblefor reading
thenext timestepandall otherprocessorstraceraysthrough
thedatathatis currentlyin memory. Thisoverlappingof pro-
cessesallows us to hide the latency of the datareads.The
ray tracingengineis basedon the interactive ray tracerde-
velopedby Parkeretal.15. Theprocessorresponsiblefor dis-
playingtheimage,thedisplaythread,is alsoresponsiblefor
readingthedata.Thedistribution of dataover a largenum-
berof smallfiles reducestheamountof datathatneedsto be
readfor eachtimestep.However, weobtaina furtherreduc-
tion in readingtime by usingdirect I/O, which is available
on the SGI platform.This mechanismbypassesthe operat-
ing system,allowing eachsetof dataandspatialsubdivision
to bereadquickly with asinglereadoperation.Becauseone
processorreadsthedatainto memorywhile all othersaccess
dataalreadyin memory, weusedoublebufferingof thedata
to avoid artifactsandraceconditions.

Theprocessorsin chargeof tracingraysoperatein a con-
ventionalmanner. Raytraversalthroughthegrid datastruc-
tureis unaltered,andthevoxelsthatrepresentthevolumetric
dataaretreatedasseparateboxes.Ray-boxintersectionsare
straightforwardandimplementationsarereadilyavailablein
theliterature19. Ourapproachthereforeleveragesexistingin-
frastructures,while at the sametime allowing out-of-core
iso-surfacerenderingof largetimevaryingdatasets.

4. Results

Our systemis implementedusingthe interactive ray tracer
of Parker et al.15, which runson an SGI Origin 2000with
32 processors,12 GB of memory, anddirect I/O capability.
Dataaccessfrom diskusingdirectI/O operatesat200MB/s.

To evaluate our approach,we use the Jet and H300
datasets.The Jet datasetmodelsthe Kelvin-HelmholtzIn-
stability in a3D jet andconsistsof 100timestepsoccupying
33MB of diskspaceeach.TheH300datasetmodelsahep-
tanepool fire andconsistsof 170time stepsof 55 MB each.
A numberof framesof eachof thesedatasetsis shown in
Figure1.

For eachtime step,onesmall iso-surfacerange(1/256th
of the full rangeof iso values)is extractedand storedon
disk. This processtakesabout15 secondsper time-stepfor
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Figure 1: ImagesfromtheJetdataset(top)andH300dataset(bottom).

the Jet datasetand 25 secondsper time stepfor the H300
dataset.Thevoxelsarestoredeitherasthreeintegersfor the
positionof the voxel andeight shortsfor its iso-values(28
bytes,called“standard”),oneintegerencodingvoxel coordi-
natespluseightshorts(20bytes,called“encoded”),or three
integers,eight shortsand four bytesof paddingfor cache
alignedoperation(32 bytes,called “padded”).The result-
ing files sizesfor eachof theseencodingschemesand for
bothdatasetsarepresentedin Figure2. Thenumbersin this
figure includethe grid spatialsubdivision that is appended
to eachfile. Becausereadingthe time-stepsfor eachframe
re-usespreviously allocatedmemory, the amountof main
memoryusedwas never greaterthan 224MB. The frame-
ratesfor theseencodingschemesas function of time-step
arepresentedin Figure3. This datawascollectedwithout
tracingof shadow rays.Notethat thefirst few framesof the
H300datasetdonotcontainany data,whichaccountsfor the
veryhigh frame-ratesobservedin thisfigure.

Speed-upfiguresareshown in Figure4 for runswith and
without shadow rays.Theframe-ratesshown wereaveraged
over 500frames,eachrenderedat 450x450pixels.Therea-
sonto show resultswith andwithoutraytracingshadow rays
is thatfor certainapplicationsanddatasets,shadowsmaybe
lessrelevantfor analyzingthedata.

We observe a distinctdropin frame-ratefor bothdatasets
whentracingshadow rays,whichis accordingto expectation
(Figure4). In bothcasesthe frame-rateappearsto scaleal-
most linearly with the numberof processors.However, for
theH300dataset,theframe-ratesscalebetterwhenthecom-
pactvoxel codingschemeis used.Our hypothesiswasthat
cachealigneddatawouldperformbest,but thisdoesnotap-
pearto bethecasein thecurrentimplementation.We spec-
ulate that the datacoherenceof our datasetis too low to
measureaneffectof suchcachemanagement.Presumably, if
a bricking schemewereintroduced16� 21, alignmentof voxel
datawith cacheboundarieswouldbecomemorebeneficial.

Figures2 and3 show that for both datasets,the geomet-
ric complexity significantlyincreasesover time. Later time
stepsthereforeproducelarger files and are slower to ren-
der. However, regardlessof thecomplexity of eachtimestep,
thedisplaythreadwhichstreamsthedataoff disk,neverbe-
comesthebottleneck.For a typical frame,thereadoverhead
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Figure 2: Iso-surfacefile sizesas functionof time stepfor
each of threetypesof datastorage.

for the Jetdatasetis shown in red in Figure5. This figure
alsoshows that the load is well balancedbetweenproces-
sors,asall processorshave renderingtasksto executeuntil
theendof theframe.

5. Discussion

By splitting time varying datasetsinto separateiso-surface
values,only a small amountof dataneedsto be read for
eachtime step.This amountis small enoughto allow out-
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Figure 3: Frame-rate as function of time stepfor each of
threetypesof datastorage (using30processors).

of-corerendering,especiallywhenthedirect I/O facility of
SGIcomputerscanbeused.Appendingaspatialsubdivision
to eachof theseiso-surfacefiles producesextra data,but for
thedatasetsthatwetested,thisnevercauseddatareadsto be-
comethebottleneck.As such,ourdatapartitioningapproach
producesan iso-surfacerenderingsolutionthat is effective,
while beingalgorithmicallysimple.

Thework presentedin thispaperis intendedasaproofof
concept.The grid spatialsubdivision was chosenfor sim-
plicity. Becauseour methoddoesnot precludethe useof
more sophisticatedspatialsubdivisions,we anticipatethat
moreadvancedspatialsortingschemesmayfurtherimprove
thesystem’sperformance.Finally, becausethevoxelsin our
approachareindependent(i.e. their positionin spaceis ex-
plicitly stored,ratherthan inferred from their placein the
file), it is possibleto freely reorderthem.This featurecould
beusedto groupthemandsoregaincachecoherence.
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