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Abstract

We presenta simpleandeffectivealgorithmfor raytracingiso-surface®f timevaryingdatasets Each timestepis
partitionedinto sepaate rangesof potentionaliso-surfacevalues.Thiscreatesa large numberof relativelysmall
files. Out-of-coe renderingis implementedby readingfor ead time steptherelevantiso-surfacefile, which con-
tainsits own spatial subdivisionaswell asthe volumetricdata. Sinceany of thesedata partitionsis smallerthan
a singletime step,the /O bottlenek is overcome Our methodcapitalizeson the ability of modernarchitectules
to streamdata off disk withoutinterferenceof the operating systemAdditionally, only a fraction of a time-step
is held in memoryat any momentduring the visualization,which significantlyreduceshe required amountof

internal memory

Categoriesand SubjectDescriptorgaccordingto ACM CCS} 1.3.1 [Hardware Architectures]:Parallel Processing
1.3.7 [Three-DimensionaGraphicsandRealism]:Raytracing

1. Introduction

Researcheri; mary scienceandengineerindieldsrely on

insight gained from instrumentsand simulationsthat pro-
ducediscretesamplingsof three-dimensionascalarfields.
Visualizationmethodsallow for more efficient data anal-
ysis to guide researchersiso-surfice extraction is an im-

portant techniquefor visualizing three-dimensionascalar
fields by exposingcontoursof constanivalué®. Thesecon-
toursisolate surfacesof interest,focusingattentionon im-

portantfeaturesin the datasuchasmaterialboundariesand
shockwaveswhile suppressingxtraneousnformation.Sev-

eraldisciplinesjncludingmediciné2 22, computationafluid

dynamics(CFD)> 6, andmoleculardynamic§ 14, have used
this methodeffectively.

Understandinghe dynamic behaior of a data set re-
quiresthe visualizationof its changewwith respecto time.
However, most high performancecomputerspossesaei-
ther the disk spacenor the amountof memory necessary
to store and manipulatelarge time-varying data sets effi-
ciently. While visualizationresearchhasbegun to address
this problent-3.21.20.17.24 datasetsfrom bothcomputational
andmeasuremergourcedave continuedo increasen size,
putting pressureon storagesystems Simulationsthat com-
pute and store multiple time stepsfurther increasethe de-
mandfor storagespace.commonlyproducingdatasetson
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theorderof onehalf to onegigabytepertime stepwith hun-
dredsof time stepsWith this vastamountof datato process,
theinteractve iso-surficevisualizationproblemis impacted
by consumingarge amountsof time readinga multitude of
hugefiles from disk and potentially performing swapping
dueto limited physical memory Without a high degreeof
interactvity, the userlosesthe visual cuesnecessaryo un-
derstandhe structureof thefield, reducingthe effectiveness
of thevisualization.

We presentan algorithmfor the interactie visualization
of iso-surhicesin time-varyingfieldsthatminimizestheim-
pactof thel/O bottleneckBy preprocessinthedatainto ef-
fectiveiso-contourangestheamountf datareadis limited.
By streaminghedatafrom disk, thepotentialoverall sizeof
atime-varying simulationis boundednly by disk capacity
not by the I/O rate.Coupledwith a parallelray tracingen-
gine,we achiese interactive time varying datavisualization.

In the following sections,we first discussrelatedwork
andthen presentour algorithmfor streamingdatafor iso-
surfacevisualizationof time-varyingfields.We thenprovide
experimentalresults,demonstratinghe performanceof the
algorithmonseverallargetime-varyingdatasets Finally, we
draw conclusionsandsuggestirectionsfor futurework.
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2. Background

A numberof differenttechnique$iave beenintroducedo in-

creasdheefficiency of iso-surficeextractionoverthelinear
searctproposedn the MarchingCubesalgorithni3 26, Wil-

helmsandvan Gelde?® describethe branch-on-needctree
(BONO), aspace-dicientvariationof thetraditionaloctree.
This datastructurepartitionsthe cellsin the databasedon
theirgeometrigositions Extremevalues(minimaandmax-
ima) arepropa@tedupthetreeduringconstructiorsuchthat
only thosenodesthat spanthe iso-surfce, i.e. thosewith

mirvalue < isovalue < mawalue, aretraversedduring the
extractionphase.

Other recentmethodshave focusedon partitioning the
cells basedon their extreme values.Livnat et all! intro-
ducedthe spanspace whereeachcell is representeds a
pointin 2D spaceThepoint’s x-coordinatds definedby the
cell'sminimumvalue,andthey-coordinateby themaximum
value.The NOISE algorithm describedn 11 usesa kd-tree
to organizethe points.Shenet al .18 usea lattice subdvision
of spanspacen their ISSUEalgorithm.This simplifiesand
accelerateshe searchphaseof the extraction,asonly one
elementin the lattice requiresa full min-maxsearchof its
cells. This acceleratiorcomesat the costof a lessefficient
memoryfootprintthanthekd-tree.

TheInterval Treetechniquentroducedby Cignonietal A
guaranteesvorst-caseoptimal efficiengy. Cells,represented
by theintervalsdefinedby their extremevalues aregrouped
at the nodesof a balancedbinary tree. For ary iso-value
guery atmostonebranchfrom a nodeis traversed.

An alternatetechniqueis to propagte the iso-surbice
from a setof seedcells. Itoh et al.”- 8, Bajaj etall, andvan
Kreveld et al.23 constructseedsetsthat containat leastone
cell perconnecteccomponenbf eachiso-surfice.Theiso-
surfaceconstructionbegins at a seedandis tracedthrough
neighboringcellsusingadjaceng andintersectiorinforma-
tion.

An algorithmto improve 1/0 performanceandallow ef-
ficient iso-surficeextractionon datasetslarger than physi-
cal memorywasdescribecby Chianget al.2 3. An interval
treeis built on disk using a two-level hierarcly. Cells are
first groupedinto meta-cellsandmeta-interals aredefined.
Thesaneta-interalsarethencomposednto anintenal tree,
which is dividedinto disk block-sizedgroupsto allow effi-
cienttransferfrom disk.

WeigleandBank$ considetime-varyingscalardataasa
four-dimensionalffield. They constructan “iso-volume” for
eachiso-value, representinghe volume sweptby the iso-
surface over time. Imposing a time constrainton the iso-
volume yields an instantaneousurface. This methodele-
gantly capturesemporalcoherencebut its high execution
time makesit impracticalfor large datasets.

Shenr’” proposedthe TemporalHierarchicallndex Tree
to performiso-surficeextractionon time-varying datasets.

This methodclassifieghe datacells by their extremevalues
overtime. Temporalariationof cellsis definedusinglattice
subdvision, extendingthe ISSUE algorithm. Nodesin the
tree containcells with differing temporalvariationand are
pagedin from disk asneededo extractaniso-surbceat a
particulartime step.At every time step,an ISSUE searchg
is performedateachnode.In orderto accelerat¢hefull min-
maxsearchaninterval Treeis constructedn thoseatticeel-
ementghatmayrequiresuchasearchTheTemporaHierar
chical Index Treeshaws significantimprovementin storage
requirementsver constructiorof aspan-spaceearchstruc-
turewhich treatseachtime stepasanindependentiataset.
This is achiezed while retainingan efficient searchstrategy
for iso-surficeextraction.

Shenswork clearlyacceleratethesearctfor iso-surbices
in time dependentlata. However, ateachtime steptheentire
datadomain(time step)is loadedinto physicalmemory The
iso-surbiceextractionprocesgotentiallyneedgo accessll
of thetime stepsin atime-varyingdataset.If all time steps
do not simultaneouslyit into physicalmemory I/O canbe-
comeabottleneck.As notedby WilhelmsandVanGelde#?®,
for a particulariso-value, large portionsof the datanot con-
tainingthe iso-value neednot be examined.Similarly these
samelarge portionsof the dataneednot be readfrom disk
when constructingan iso-surfice.For time dependentiata
sets,thesesavings can be significantand hasled us to de-
velopamethodaimedat exploiting this obsenation.

SuttonandHansenovercometheselimitations with their
T-BON methodfor iso-surfice extractior?:20. The Tem-
poral Branch-on-NeedDctree (T-BON) extendsthe three-
dimensionalbranch-on-needctree for time-varying iso-
surface extraction. This minimizes the impact of the 1/O
bottleneckby readingfrom disk only thoseportionsof the
searchstructureanddatanecessaryo constructthe current
iso-suriice By performingaminimumof I/O andexploiting
thehierarchicaimemoryfoundin modernCPUs the T-BON
algorithmachiezeshigh performancdso-surficeextraction
in time-varyingfields.

All of thesemethodsstill requirerenderingthe resulting
geometryFor complex geometrya fasterapproachis to vi-
sualizeiso-surficeswithout explicitly extractinggeometry
Sucha methodfor interactive iso-surfice visualization of
very large datasetsvasintroducedby Parker et al.16. Their
ray tracingalgorithmrenderedso-surficesfor staticscalar
fieldsby intersectingviewing rayswith thedatavolumeand
displayingthe iso-surficewithout generatingan intermedi-
ate polygonalrepresentationThe parallelnatureof the ray
tracing algorithm mapswell onto the architectureof mas-
sively parallelcomputersA 32 processoiSGI Origin 2000
can generatemagesof an iso-surfice at interactve rates
evenfor large datasetsHowever, for time-varying datasets,
it requiresthe entiretime-seriego be memoryresidentfor
interactive applications.
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3. Approach

Our approactto ray tracingiso-surhicesof largetime vary-
ing datasets,is to partition eachtime stepinto a numberof

smallfiles. Eachfile containghedatafor onetime stepanda
smallrangeof iso-values During visualization only onefile

containingthegiveniso-surficevalueandtime stepneedso

beloadedinto memory This methodof partitioningdatare-

ducesheamountof traffic betweerthedisk sub-systenand
internalmemory makingthis a viable out-of-corerendering
technique.

The partitioning of the time varying data into small
chunks,is performedduringa preprocessingtep.Here,one
time stepis readinto memoryat a time andvoxels aredis-
tributedover a numberof iso-surfcefiles for thatparticular
time step.We typically split the rangeof iso-surhicevalues
into 256 non-overlappingsubranges;reatinga maximumof
256files pertime step.If theiso-surbcevaluethatneedso
be visualizedis known in advance,we only createonefile
pertime stepcontainingjust thatiso-valuetherebysaving a
largeamountof disk space.

Becausewe split the datainto separatdiles, the regular
grid structureof theinputdatais lost: we write separateox-
elsto file, which eachconsistof an(x,y,z) triplet specifying
spatiallocation,aswell asthe eightiso-suricevaluesasso-
ciatedwith the verticesof thevoxel. This datacanbe stored
in variousways, dependenbn whetherstoragespaceis at
a premiumor whetherthe renderingtime needsto be opti-
mized.If the datais storedasthreeintegersfor the coordi-
natesandeightshortsfor theiso-surficevaluesthisamounts
to 28 bytesof storagespaceper voxel. To optimize cache
performancethis datamaybe paddedo 32 bytessothatex-
actly four voxelsmaybestoredin asinglecachdine. If disk
storageneedgo be minimized,the (x,y,z) triplet maybeen-
codedasasingleinteger, providedthatthesecoordinatesio
nottake morethan10bitseach Suchencodingvouldreduce
storagespaceo 20 bytespervoxel. In Sectiord, we evaluate
the performancef all threevoxel storagemechanisms.

We notethataniso-valueof 0 is a specialcasejndicating
thatno datais presentDuring datapartitioning,we remove
voxels that have aniso-value of zerofor all eight vertices.
For mary datasets this significantlyreduceghe amountof
datastored.

Becauseray tracing an unstructuredset of voxels is in-
efficient without a spatialsubdvision structure for eachof
theiso-surficefiles, we createagrid spatialsubdvision. The
grid is createdn traditionalfashion,usingtherule of thumb
thatthenumberof cellsin this datastructures roughlyequal
to the numberof voxels for the currenttime stepandiso-
valuerange Notethatin this paperwe usetheterm*“voxel”
toindicateavolumetricelemenin theoriginaldatawhereas
we usetheterm“cell” to indicateoneelementof the spatial
subdvision thatis superimpose@n the data.The grid data
structures appendedo therelevantiso-surficefile. Because
we would lik e to avoid ary furtherprocessingf dataduring
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renderingthis spatialsubdvision usesndices(storedasin-
tegers)insteadof pointers.Althoughwe have chosera grid
spatialsubdvision for simplicity, ourapproactdoesnot pre-
cludetheuseof otherspatialsubdvisions.

Currently the preprocessingtagedetermineghe maxi-
mum size of the datasetsthat can be renderedsinceone
time stepneeddo fit into memory Notethatthisis alreadya
muchlesssevereconstrainthanrequiringthatall time steps
fit into memory althoughdatacould also be readin small
chucks.This would remove ary size constraintsdueto the
preprocessing.

Duringrenderingpneprocessois responsibldor reading
thenext time stepandall otherprocessortraceraysthrough
thedatathatis currentlyin memory This overlappingof pro-
cesseallows us to hide the lateny of the datareads.The
ray tracingengineis basedon the interactive ray tracerde-
velopedby Parker etal 1. Theprocessoresponsibldor dis-
playingtheimage thedisplaythread,s alsoresponsibldor
readingthe data.The distribution of dataover a large num-
berof smallfilesreducegheamountof datathatneedgo be
readfor eachtime step.However, we obtaina furtherreduc-
tion in readingtime by usingdirect1/O, which is available
on the SGI platform. This mechanisnmbypasseshe operat-
ing systemallowing eachsetof dataandspatialsubdvision
to bereadquickly with asinglereadoperationBecaus@ne
processoreadghedatainto memorywhile all othersaccess
dataalreadyin memory we usedoublebuffering of thedata
to avoid artifactsandraceconditions.

The processorin chage of tracingraysoperaten a con-
ventionalmannerRaytraversalthroughthe grid datastruc-
tureis unalteredandthevoxelsthatrepresenthevolumetric
dataaretreatedasseparatédoxes.Ray-boxintersectiongre
straightforvardandimplementationsirereadily availablein
theliteraturé®. Ourapproachherefordeveragesxistingin-
frastructureswhile at the sametime allowing out-of-core
iso-surficerenderingof largetime varyingdatasets.

4. Results

Our systemis implementedusingthe interactve ray tracer
of Parker et al.*5, which runson an SGI Origin 2000 with
32 processorsl2 GB of memory anddirectl/O capability
Dataaccesdrom disk usingdirect!l/O operatesit200MB/s.

To evaluate our approach,we use the Jet and H300
datasetsThe Jet datasetmodelsthe Kelvin-Helmholtz In-
stabilityin a3D jet andconsistf 100time stepsoccupying
33 MB of disk spaceeach.TheH300datasetmodelsa hep-
tanepool fire andconsistof 170time stepsof 55 MB each.
A numberof framesof eachof thesedatasetss shavn in
Figurel.

For eachtime step,one smalliso-surbicerange(1/256th
of the full rangeof iso values)is extractedand storedon
disk. This procesgakesabout15 secondger time-stepfor
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Figure 1: Imagesfromthe Jet datasef(top) and H300dataset(bottom).

the Jetdatasetand 25 secondger time stepfor the H300
datasetThevoxelsarestoredeitherasthreeintegersfor the
positionof the voxel and eight shortsfor its iso-values(28
bytes,called“standard”) oneintegerencodingvoxel coordi-
natespluseightshorts(20 bytes,called“encoded”),or three
integers, eight shortsand four bytesof paddingfor cache
aligned operation(32 bytes, called “padded”). The result-
ing files sizesfor eachof theseencodingschemesand for
bothdatasetsarepresentedn Figure2. Thenumbersn this
figure include the grid spatialsubdvision thatis appended
to eachfile. Becauseaeadingthe time-stepgor eachframe
re-usespreviously allocatedmemory the amountof main
memory usedwas never greaterthan 224MB. The frame-
ratesfor theseencodingschemesas function of time-step
are presentedn Figure 3. This datawas collectedwithout
tracingof shadav rays.Notethatthefirst few framesof the
H300datasetlo notcontainary datawhichaccountgor the
very high frame-rate®bseredin thisfigure.

Speed-ugiguresareshavn in Figure4 for runswith and
without shadev rays.Theframe-rateshovn wereaveraged
over 500 frames,eachrenderecdat 450x450pixels. Therea-
sonto shaw resultswith andwithoutraytracingshadaev rays
is thatfor certainapplicationsanddatasetsshadevs maybe
lessrelevantfor analyzingthe data.

We obsenre adistinctdropin frame-ratefor bothdatasets
whentracingshadaev rays,whichis accordingo expectation
(Figure4). In both caseghe frame-rateappeargo scaleal-
mostlinearly with the numberof processorsHowever, for
theH300datasettheframe-ratescalebetterwhenthecom-
pactvoxel codingschemes used.Our hypothesiswasthat
cachealigneddatawould performbest,but this doesnot ap-
pearto bethe casein the currentimplementationWe spec-
ulate that the data coherenceof our datasetis too low to
measuraneffectof suchcachemanagemenPresumablyif
a bricking schemewereintroduced® 21, alignmentof voxel
datawith cacheboundariesvould becomeamorebeneficial.

Figures2 and3 shawv thatfor both datasetsthe geomet-
ric compl«ity significantlyincreasesver time. Latertime
stepsthereforeproducelarger files and are slower to ren-
der However, regardlesof thecompleity of eachtime step,
thedisplaythreadwhich streamghe dataoff disk, never be-
comesghebottleneckFor atypical frame,thereadoverhead
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Figure 2: Iso-surfacefile sizesas function of time stepfor
ead of threetypesof datastorage.

for the Jetdatasets shown in redin Figure 5. This figure
also shaws that the load is well balancedbetweenproces-
sors,asall processorfiave renderingtasksto executeuntil
theendof theframe.

5. Discussion

By splitting time varying datasetsnto separatéso-surbice
values,only a small amountof dataneedsto be readfor
eachtime step.This amountis small enoughto allow out-
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Figure 3: Frame-ate as function of time stepfor ead of
threetypesof datastorage (using30 processos).

of-corerendering especiallywhenthe direct /O facility of
SGlcomputersanbeused Appendinga spatialsubdvision
to eachof theseiso-surhcefiles producesxtra data,but for
thedatasetshatwe testedthis nevercausedlatareadso be-
comethebottleneck As such,ourdatapartitioningapproach
producesaniso-surficerenderingsolutionthatis effective,
while beingalgorithmicallysimple.

Thework presentedh this paperis intendedasa proof of
concept.The grid spatialsubdvision was chosenfor sim-
plicity. Becauseour methoddoesnot precludethe use of
more sophisticatedspatial subdvisions, we anticipatethat
moreadwancedspatialsortingschemesnayfurtherimprove
the systems performanceFinally, becaus¢hevoxelsin our
approachareindependenfi.e. their positionin spaceis ex-
plicitly stored,ratherthaninferred from their placein the
file), it is possibleto freely reorderthem. This featurecould
beusedto groupthemandsoregain cachecoherence.
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