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Abstract

Feature tradking in large data setsis traditionally an off-line, batch processingopemtion while virtual reality
typically focuseson highly interactivetasksand applications.This paperpresentsan approac that usesa com-
bination of off-line preprocessingand interactive visualizationin VR to simplify and speedup the identi cation
of interestingfeatulesfor further study We coud the discussionin termsof our collaborative reseach on us-
ing virtual reality for cumuluscloud life-cycle studies,whete selectingsuitable cloudsfor studyis simplefor
the skilled observerbut dif cult to formalize Theprepocessingnvolvesidentifyingindividual cloudswithin the
datasetthrougha 4D connecteccomponentsilgorithm, and thensavingisosurface boundingbox, and volume
information. This informationis theninteractivelyvisualizedin our VR Cloud Explorer with varioustools and
informationdisplaysto identify the mostinterestingclouds.In a small pilot study reasonablgerformanceboth
in the preprocessinghaseandthevisualizationphase hasbeenmeasued.

CategoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.7 [ComputerGraphics]:Virtual Realityand

1.3.8[ComputerGraphics]:Applications

1. Intr oduction

Featurdrackingandvirtual reality oftenhave con icting re-
quirementsVirtual reality mustbeinteractive to beeffective
andmaintaina feeling of immersion.Featurerackingoften
requiresreadingand processindarge, time-dependendata
sets.Limited readingspeedsrom storagegenerallymean
that featuretracking cannotbe donein real-time.However,
certaintypes of featuresare relatively simple to track in
software, but it is dif cult to determinewhich of thoseare
actuallyinterestingto researcherdn suchcasesyisualiza-
tion enablesscientistswhosebackgroundsrein obsena-
tional studiesto usetheir perceptuaskills to selectfeatures
worthy of further study Traditionalscienti ¢ visualization,
though,can be awkward and unwieldy when dealingwith
3D featuresand,moreso,whenthosefeaturesarealsotime-
dependent/R, ontheotherhand brings3D datasetsto life
in threedimensionswhich evokesa strongermerceptuate-
sponseThis, coupledwith the more naturaland direct 3D
interactionit provides, makes VR an attractive choice for
dealingwith 3D datasets.It is our claim that scienti ¢ vi-
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sualizationin virtual reality is the logical choicewhenaid-
ing scientistsin identifying the mostinteresting,3D, time-
dependenteaturedo investigatefurther.

This paperaroseout of our work on simulatingcumulus
cloudswith Large-EddySimulationspr LES, andusingVR
visualizationto explore the results.The long term goalsof
this collaboratve projectareto gain betterinsightinto cloud
dynamicsthroughinteractize explorationin VR. Oneof the

rst hurdlesto be overcomein the project, though,is the
selectionof suitablecloudsto study

Thesizeof thedatasetsandthe natureof thecloudsmale
it challengingto identify interestingclouds.The cloudsde-
velopunpredictablyover the courseof asimulationrun,and
it is commonfor piecesof clouds,or entireclouds,to meige
togetheror split apart.Thesefactorsmale it dif cult to even
track individual cloudsthroughthe dataset. However, for
anindividual cloudto beinteresting it mustsatisfycertain
gualitative criteria, suchas being of sufcient size, going
throughthe properlife-cycle stagespeing a relatively co-
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Figure 1: Rawdatais genematedby the LES,which, in turn, is processedo identify andtradk cloudsin the dataand produce
isosurfacesand other datafor them.Thecloudisosurfacesand other relevantdata are visualizedin our virtual reality Cloud
Explorer. A skilleduserbrowseghroughthecloud eld interactivelyandidenti es interestingcloudsfor further study

hesie, andnot meging with otherclouds.Theseproperties
aredif cult to putinto aconsistenandautomateclgorithm.
Thesituationis furthercomplicatedby datasetsthataresev-
eralgigabytesandevenupto 1 TB or more,in size.These
dif culties arefrustratingfor atmospheriscientistbecause
they areaccustomedo selectingcloudsbasedon obsena-
tion. Whenthey are presentedvith the opportunityto ob-
sene the cloudsevolve over time, it is trivial for themto
identify the mostinterestingclouds.

Traditionally, cloud selectionfor researchhasbeenac-
complishedthroughthe painstakingefforts of atmospheric
scientistsWe have streamlinedhe processwith acombina-
tion of preprocessingndinteractve visualizationin virtual
reality. Individual cloudsevolving over time areidenti ed
andtrackedin preprocessinghrougha 4D connecteccom-
ponentsalgorithm,andthenisosurfice,boundingbox, and
cloudvolumedataaregeneratedThis datais thenvisualized
interactively in our Virtual Reality Cloud Explorer which
provides varioustools and information displays.Scientists
using Cloud Explorerarethenableto selectcertainclouds
for further study Usingthe connectedcomponentsliata,we
arethenableto extractonly thoseportionsof the datacon-
taining the interestingclouds. SeeFigure 1. This datacan
then be usedto study the cloud dynamicsover the course
of thelife-cyclesby, for example,generatingnassux plots
or velocity pro les. Theauthorshave successfullyemployed
Cloud Explorerin a small pilot studyto identify interesting
clouds,andreasonablgerformancepothin preprocessing
andin visualization hasbeenmeasured.

The remaindernf this paperis structuredasfollows. The
next sectionprovidesanoverview of featuretracking,LES,
andotherattemptdo visualizeclouds.The datapreprocess-
ing phaseis discussedn Section3. Cloud Exploreris de-
scribedn Sectiord. Someresultsarepresentedh Section5,
andthe paperconcludeswith Section6.

2. Background
2.1. Feature Tracking

Featureextractionis an approachto visualizing very large
datasets.It entailsdetectingstructureor objectswithin the

datathat are of particularinterestto scientistsfor a given
researchask.Thefeaturesandtheir propertieanberepre-
sentedn aformatthatis bothsuitablefor interactie explo-
rationandmuchmorecompacthantheoriginaldata.In fact,
datareductionratiosof up to 10° or 10* canbeachieved.

Featuretrackingis the extensionof featureextractionto
time varying datasets.Applying featureextractionto time
varying datasetsinvolvesmorethanjust extractingthe fea-
turesfrom eachtime step.The correspondendeetweerfea-
turesin subsequentime stepsmustalsobe determinedBy
trackingthe featuresacrosgime stepsthetemporalbeha-
ior of thefeaturescanbe studied.A further stepcanbethe
detectionof importantchangesn the lifetime of features.
Thesechangesor so-calledavents,canbetheappearancer
disappearancef featuresput they canalsobe the meging
togetheror splitting apartof features.

Severalapproachew featuretrackingandeventdetection
have beenpublished Correspondencbetweerfeaturescan
be determinedby extracting the featuresdirectly from the
4D spatio-temporatiomain[WB98] or by searchingsubse-
guentframesfor correspondindeatures.This canbe done
by looking at the spatialextentsof the features{ SW97 or
by calculatingfeatureattributesandsearchindor thefeature
with the mostsimilar attributesin the next frame[RPS01.
For asuney of techniquessee[PVH 03].

2.2. Large-Eddy Simulation

LESis apopularnumericaltool in theatmospherisciences
to give insight into characteristicof ows in the Atmo-
sphericBoundaryLayer, or ABL, whereobsenationalmeth-
ods,e.g.by satellitesairplanesor radar arelimited because
they do not give accesgo theentire3D ow eld. In LES,
the Navier-Stokesequationsaresolvedup to a certainscale.
In thisway, thelargestandmostenepgetic o w circulations,
or eddies,areresolhed, andthe in uence of smallereddies
areapproximatedria a statisticalmodel. This type of sim-
ulation was developedduring the sixtiesand seventies,e.g.
[Sma63, to solve turbulent o wsfor large (kilometersized)
domainsandtime scaleswhile still takinginto accountthe
dissipationof enegy, which takesplaceat scalesof motion
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aroundO (1mm) andis of vital importancefor thedynamics
of the mean o w. Our simulationsare performedby a par
allelizedversionof the codedescribecby Cuijpers[CD93.
The datasetsusedin Section5 are casesof the Barbados
OceanographiandMeteorologicaEXperimen{BOMEX),
whichis documentedn [SBB 03].

To simulatea eld of cumulusclouds,which are rela-
tively small cloudslocatedin the ABL, a typical domain
sizeis6:4 6.4 3:2km. Thesimulationkeepsrackof sev-
eralvariables:threevelocity componentstemperaturelig-
uid water andtotal moisture Theseareupdatedn thesimu-
lation by integratingbetweertime stepsrepresentin@ sec-
ondsof real time. Using, for example,a grid size of 5128
andoutputtingevery third simulationtime step,the dataset
producedfor simulating1 hour of real time will be more
than 500 GB. Thus, the size of the datasettanbe a disad-
vantagewhen attemptingto investigate speci ¢ featuresof
the ow. Thisis especiallytrue for exploring the evolution
of o w characteristicin time sincethis requiresbotha suit-
able cloud in spaceand knowledgeof its history. While a
thoroughselectionprocedurecanslim the datasetonsider
ably, in mary casest is still insufcient. In thosecasesa3D,
interactie ervironmentlike VR canbe an excellentway to
increasethe amountof datathat canbe handledby a user
andthusalsoenablesearche®f the datasefor criteriathat
canbemostreadilyidenti ed by humanperception.

2.3. Cloud Visualization

Many examplesexist of cloud visualization.One early ex-
ample( [KH84]) describegechniquedor ray tracing vol-
ume density elds, resultingin fuzzy, cloud-like images.
Later examplesare mainly concernedwith cloudsfor ap-
plication in animationsor games,aiming at visual realism
usingcomple lighting models|[RES 03, SSEHO03, or high
performancdHLO01, Wan03. In our casewe aremainly in-
terestedn the physicalaccurag of the cloudsimulation,al-
thoughvisual realismmay be of somehelpto bene t from
the obsenationalexperienceof theatmosphericesearchers.

3. Data Preprocessing

The rst phaseof ourapproactis datapreprocessingyhich
preparesheraw datafor visualizationin VR (Figurel). This
phaseproceeddn two majorstagesfeaturetrackingandiso-
surfacegenerationFor the purposef this work, we refer
to cloudsasfeaturesin the data.We incorporatethe usual
featuredetectionstepinto the tracking phasebecauset is
straightforvard in our case.In the tracking phase jndivid-
ual cloudsin the datasetaredetectedidenti ed andtracked
throughtime. We alsorecorddataaboutthe cloudsduring
this stage.Oncethe trackingis complete we generatdso-
surfacesrepresentinghe cloud shapéfor latervisualization.

The cloud data setsthat we worked with are three di-
mensionalvolumesfor eachtime step. The volumesare
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Figure 2: This gure depictsthe 26 neighboringcells of
cell (xn; ym;tp) in a three dimensional,i.e. two spatial di-
mensionandonetempoal dimensionpinary array.

128 128 80or256 256 160gridcellsinsize.Thevol-

umesareperiodicin boththex andy directions.This means
thatcloudsmay “wrap around”the sidesasthey move with

thewind. For preprocessingye areonly concernedavith one
of thescalarquantitieggeneratedby the LES: the quantityof

liquid waterin the air, which is centeredat eachgrid cell.

A non-zercamountof liquid waterindicatesthereis visible

cloudin thegrid cell, andwe usethis for clouddetection.

3.1. Cloud Tracking

Tracking clouds can be quite complex. Fortunately atmo-
sphericscientistarenotinterestedn cloudsthatgothrough
large-scalemeiging events. We take adwantageof this to
greatlysimplify the tracking.We labelall cloud masseshat
ever comein contactwith eachother as a single cloud.
During the later visualizationprocessn VR, scientistscan
quickly identify anddisregardary undesirabléclouds” that
resultfrom multiple collisionsor subdvisions.

To accomplishthe featuretracking,we employ a four di-
mensionalarietyof astandaraonnectedomponentsilgo-
rithm. Thistype of algorithmis commonlyusedin computer
vision. In suchan algorithm,a binary array of arbitrarydi-
mensionjs examined,andall arraycellsthathave a 1 value
are assigned label basedon their neighbors.Speci cally,
acell will have the samelabel asits neighborcells,andno
two distinctsetsof cellswill havethesamdabel.In thisway,
neighboringcellswith 1 valuesare“clustered”togetherFor
the four dimensionalalgorithm, we considerall 80 spatio-
temporalneighbors.SeeFigure 2 for a simpli ed illustra-
tion. We constructhefour dimensionabinaryarrayby con-
sideringeachsuccessie time step,andwe assigna 1 value
for eachgrid cell with a non-zeroamountof liquid water
anda 0 valueotherwise All cellsin the binary arraywith a
1 value are consideredpart of a cloud. Two grid cells that
arepartof clouds,vy = (X1;y1;21;t1) andvo = (Xo;Y2; 22;12)
with t; andt, representingime steps,aresaidto be neigh-
bors,andthuspartof the samecloud, if:

Xiiyr Yoz zijtn tj) L
Theonecaveatwe mustconsideiis thatthe x andy axesare
periodic,whereaghez andt axesarenot.

max(jxy

The 4D connectedcomponentds attractive for several
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reasonslt will work in almostall casesgxceptfor some
smallanduninterestinglouds becausef theslow cloudde-
velopmentandsigni cant overlapbetweerframes.It grace-
fully handlesmeming and splitting of clouds. This has
the addedadwantagethat it lumpslarge groupsof memging
cloudstogethey which allows themto be more readily ig-
nored.It is computationallyinexpensve, andit makesiden-
tifying correspondindeaturesn adjacentime stepstrivial.
Furthermoreit offers ne-grainedtracking,which otherap-
proachedik e simpleboundingbox overlapmaylack.

While creatingthe connecteccomponentsye alsokeep
track of otherdata.We recordthe cloud volumeby totaling
the numberof grid cells eachcloud occupiesin eachtime
step.Additionally, we keeptrack of the boundingboxesfor
eachpart of a cloud in eachtime step.In a brief postpro-
cessingtep theseboundingboxesareenlagedfor aesthetic
reasonsandoverlappingboxesaremerged.Thesebounding
boxesareusedin isosurficingandlatervisualization.

3.2. IsosurfaceCreation

Isosurficecreationis a pipeline processFirst, we prepare
the data,and then we generatethe initial isosurficeswith
the marchingcubesalgorithm[LC87]. We re ne theresult-
ing triangle mesheswith a seriesof lters, and nally we
corvert the re ned meshedo triangle strips. We musttake
somecarein this processhowever. We wantto keepthesize
of the isosurficedataas small as possibleto easethe bur-
denon CloudExplorersinteractvity, andwe wouldlike the
cloudsto have a more cloud-like appearanceAdditionally,
thetrianglestrippingalgorithmwe userequiresmanifoldtri-
anglemeshessinput.

Creatingthe initial isosurficesis fairly straightforvard.
First, an empty volumeis createdthat is twice the size of
thedatavolumein boththex andy directions Next, thedata
for aparticulartime stepis selectvely placednto thisempty
volume.Thisis necessarjor creating‘complete’; i.e. man-
ifold, isosurficesof cloudswherecloudswrap aroundthe
periodicboundariesBy consideringwhich cloud eachgrid
cell belongsto andwhat the boundingboxes of that cloud
are, it is possibleto placethe datafor just one complete
copy of eachcloudinto thevolume.SeeFigure3. Marching
cubescanthenbeappliedto this volumeto generateriangle
meshesepresentinghe cloudshape.

After isosurficing,thetrianglesarepreparedor eventual
storageandvisualization.The rst stepis to separat¢hetri-
anglesinto setsof meshesepresentingheindividual clouds.
By performingalook upinto theconnectedomponentslata
for thecentroidof eachtriangle,all thetrianglescanbe sep-
aratedinto appropriatesets.SeeFigure 4. This producesa
collectionof setsof triangularmeshesvhereeachmeshrep-
resents pieceof a cloud andeachsetof meshesepresents
asinglecloud. Next, we apply Iters to thetrianglemeshes
to both reducethe numberof trianglesandto improve the
appearancef themesh.SeeFigure5 for theresultsof this.

Figure 3: If the datafor a time stepis selectivelyplaced
into a larger volumein the fashionshown,ead cloud will
only appearin the volumeonce and that oneinstancewill
bea manifoldobject.

Figure 4. Thecentoid of the triangle lies within a cube
wheeead cornerofthecubeis agrid cell. Thebladk corner
belongsto cloud 5 while the white corners do not belongto
anycloud. Theefore, thetriangleis part of cloud5.

Thelaststepbeforestoringthe meshess to corvertthem
to triangle stripsto reducethe size of the storeddata.We
usea variationof the strippingalgorithmpresentedbyy Gopi
andEppsteifGE04. Their algorithmproducesa singletri-
anglestrip if given a manifold triangle meshasinput, but
it introducesnen meshverticesto do so. The cloud meshes
aremanifold,but we do notinsertnew verticessowe endup
with multiple trianglestrips.It is importantto note,though,
thattheresultingtrianglestripsarejust stripsof adjacentri-
angles,andactually consistof alternatingsequencesf tri-
anglefansandtriangle strips (Figure 6). We keeptrack of
whenthe stripsalternatebetweerfansandstripssothatwe
areableto recreatehesurfacelaterwith consistentvinding.

Figure5: Thetoprowillustratesthetriangle meshwhilethe
bottomrow showsthe correspondingshadedmodel. From
left to right: raw outputfrommarching cubesafter applying
a windowed-sinclter, after decimatingthe mesh and after
applyinga normals lter.
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Figure 6: A strip generated by Gopi and Eppsteins algo-
rithm [GEO4 beginsasa triangle strip, andthenalternates
betweertriangle fansand triangle strips. Triangle fansare
indicatedwith gray triangles.

4. Virtual Reality Cloud Explorer

The secondphaseof our approachis interactve visualiza-
tionin VR. Our VR CloudExplorerapplicationallows users
to interactwith evolving cumuluscloudsproducedby LES.
Theinterfaceprovidestools to allow usersto focuson po-
tentially interestingclouds.By examiningthesecloudsmore
closelywithin CloudExplorer they canpick outcertainones
to studyfurther, e.qg.for life-cycle studies.The application
wasbuilt ontop of OpenGLPerformerandthe RWB library,
which is a customVR library describedn [Kou03. In the
remainderof this section,we presenta samplescenaridfor
usingCloudExploret andthenwe describehecomponents
andrelevantinteractiondn moredetail.

4.1. Interaction Scenario

The userbagins her interactionswith Cloud Exploreronce
the visualizationdatais loadedand the applicationis run-
ning. She rst watchesthe cloud eld over the entire sim-
ulationrun (Figure 7a). This givesher a feel for the clouds
that are presentand she can quickly tell if anything went
wrong with the simulationrun. If the cloudsseemreason-
able,sheproceeddo hide all cloudsnot going throughthe
entirelife-cycle asthey arenot of interest(Figure 7b). She
continuesto browse throughtime to spotpotentiallyinter-
esting clouds amongthoseremainingvisible. She selects
one of thosecloudsto examinethe plot of its volume over
time (Figure7c, Section4.2). This givesheran overview of
how the cloud evolves. Sheis looking for cloudswith bell-
shapedvolume plots, which indicatesthat they go through
the properlife-cycle stageslf it is acceptableshelimits the
time playbackto the cloud's life-cycle so shecanfocuson
the time stepsfrom just beforethe cloud comesinto exis-
tenceto just afterit diesout (Figure7d). Next, shehidesall
cloudsexceptthe cloud sheis examining (Figure 7e). She
thenlets the applicationplay throughthe cloud's life-cycle
while sheorientsthe cloud eld andexaminesit from vari-
ousperspecties(Figure7f). If sheis satis edthatthecloud
is worthy of furtherstudy shenotesthe numberof thecloud
down. Oncesheis donelooking ata cloud,sheshavs all the
cloudsgoingthroughthe completelife-cycle again, andshe
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Figure 7: Cloud Explorer in variousstagesof use Seealso
Figure 8 and Sectiord.2 for more details.

examinesary otherpotentiallyinterestingcloudsin asimilar
mannerWhensheis nished with the application,sheuses
the numbersof the cloudsshehaswritten down, alongwith

theconnectedomponentslatato extractjusttheportionsof

the datasetthatcontaintheinterestingclouds.Shecanthen
performvariouspostprocessingtepson this datato further
analyzethe clouds,andshecanalsogeneratanoredetailed
simulationresultsfocusingon theseparticularclouds.

4.2. Application Componentsand Interaction

Cloud Explorer provides userswith threeinteractiontech-
niques: ray casting, direct manipulation, and world-in-
miniature,or WIM. Ray castinganddirectmanipulationare
usedinterchangeablyor objectselectionandmanipulation.
The default interactionis ray casting,but if the tip of the
interactiondevice, a stylusin our case,is within anobject,
thenwe switch to direct manipulation.Currently we only
useWIM asamethodfor orientingthe cloud eld.

The users primary view on the datais the cloud eld.
This is the large box (Figure 8a), which displaysthe cloud
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Figure 8: Cloud Explorer componentsa) cloud eld, b)
volumegraph,c) WIM, d) buttons,ande)timecontrol panel.

geometriesin the default mode,eachcloud appearsn the
cloud eld in adistinctcolor. Above eachcloud, a unique,
identifying numberis displayedfor collaborationbetween
multiple usersandusein postprocessinglf theuserhasse-
lecteda particularcloudin thecloud eld, thatcloudwill be
displayedvithin its boundingbox. Theuseralsohastheabil-

ity to hidecertaincloudsin thecloud eld with the provided
buttons(Figure8d). In particular he may chooseto hide all

cloudswhich do not go throughthe entire life-cycle or all

cloudsexceptthe currentlyselectectloud. If he choosego

only displaythe selectedcloud, thenthat cloud's bounding
box andidentifying numbemwill behidden.

The users secondaryview on the datais the volume
graph.This paneldisplaystwo plotsof thecurrentlyselected
cloud's volumeover time (Figure 8b). Oneis relative to the
cloud's maximumvolume, and the other is relative to the
largestcloud's maximumvolume. The plots give usersan
estimateof the currently selectedcloud's relative size and
behaior over time. Whenthe userselectsa new cloud, the
plotsareupdatedandtheidentifying numberof theselected
cloudis displayedabove theplots.To assistheuser thevol-
umegraphhasseveralindicators Oneindicateswherealong
thetime axisthe currenttime steplies. Two othersmarkthe
cloud's birth anddeath.The nal two indicatewhich time
spanthe playbackis currentlylimited to.

For additional perspectie and control, the useris pro-
videdwith theworld-in-miniature,or WIM (Figure8c). The
WIM andthecloud eld maintainthesameorientationmak-
ingtheWIM aconvenienttool for reorientingthecloud eld.
However, the WIM also plays a minor informational role

Grid Size Time Steps q Size Total Size
A (128 128 80) 600 146GB 8.76GB
B (128 128 80) 1184 289GB 17.34GB
C (256 256 160) 2169 42.36GB 254.16GB

Table 1: Three data setsconsistingof three dimensional
grids for ead time stepfor ead of six variables.For pre-
processingwe are only interestecthe variable g, which in-
dicatesliquid water 600 time stepsrepresentone hour of
realtime with onetime stepevery 6 seconds.

sinceit always displaysall the cloudsin the currenttime
stepandindicatesthe selectec:loud with its boundingbox.
In addition,the positive directionsin eachof thex, y, andz
directionsareindicatedin the WIM to sere asa reference
point shouldthe userbecomedisorientedIf the user nds
the WIM unhelpful,heis ableto remove it from view.

Thetime controlpanelgivestheusercontroloverthetime
dimension.It consistsof two scroll barsand several video
playerlike buttons(Figure 8e). The top scroll bar controls
the frequeng at which new time stepsare displayed,and
the buttonscontrolthetime stepsequenceThe lower scroll
bar givesthe usermoreinteractize control over which time
stepsaredisplayedHe canmove theslideraroundto rapidly
browse throughtime or jump to a time of interest.He can
alsolimit the rangeof time stepsthat the playbackcycles
through.Wheneertheslideror thelimits aremovedon this
scrollbar, the correspondingndicatorsonthevolumegraph
arealsoupdatedIn thisway, theusercanusea combination
of the time control panel,the volume graph,andthe cloud

eld to explorethe evolution of the cloudsovertime.

Cloud Explorer provides a setof button widgetsfor ex-
tra functionality (Figure 8d). The buttons provide tools to
changethe currentmode of operationfor Cloud Explorer
ratherthanmethodsto directly interactwith the data.With
these,heis ableto zoomin or out on the cloud eld, cy-
cle throughthe cloudsin the dataset,anddeterminewhich
cloudsarevisible in thecloud eld.

5. Results
5.1. Preprocessing

We implementedthe preprocessingphase as a multi-

threadedstand-alonepplication.The applicationis cross-
platform, running on both Linux and Windows. We used
threedatasets(describedn Table 1) to measurethe appli-

cation’s performancen threekey areas:overall processing
time, memoryusageanddatareduction.

For eachdataset,we producedwo setsof output.In all
caseswe rst identi ed andtracked all cloudsin the data
setvia the connecteccomponentslgorithm.We thenused
the datacollectedin this stageto Iter somecloudsout of
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CPUTime PeakMem.Usage Avg.Mem.Usage
A 9m44s 203MB 156 MB
B 31m24s 278MB 223MB
C 11h38m22s 2557MB 1836MB
A* 2m49s 163MB 117MB
B* 6m59s 238MB 189MB
C* 2h04m58s 1600MB 1011MB

Table 2: Processingime and memoryusage for the three
datasetsWe useda dual 3.60GHz PentiumXeonLinux ma-
chinewith hypertheadingand 3 GB of RAM, and the data
wasstored on a RAIDO systermwith read speedsup to 320
MB/s. 4 time stepswere processesgimultaneouslyin those
casegnarkedwith a star, only cloudsgoingthroughthe en-
tire life-cyclewere fully processed.

Number Output  DataCompression
of Triangles Size Ratio(vs.q)
A 11,731,822 165MB 54:1 9:1)
B 33,468,700 468MB 36:1 (6:1)
C 517,110,152 6.9GB 36:1 6:1)
A* 2,493,716 39MB 228:1 (38:1)
B* 6,456,066 99MB  180:1 (30:1)
c* 46,824,994 679MB  384:1 (64:1)

Table 3: The numberof triangles, total outputdata size
and the resultingcompessionratios whencompaed with
thetotal inputdatasetsizeandjusttheq size In thosecases
markedwith a star, only cloudsgoingthroughtheentire life-
cyclewere fully processed.

the subsequenprocessingln both sets,we eliminatedall

cloudshaving an averagevolumeof lessthantengrid cells
pertime step.In thesecondsetof output,we alsoeliminated
all cloudsthatdid notgothroughthefull life-cycle,i.e.those
cloudspresentin the rst orlasttime step.Table2 relateghe
processingime andmemoryusagerequiredfor the prepro-
cessingTable 3 givesa senseof the contentandsizeof the
resultingdata,aswell asthe compressiomatios.

Eliminating cloudsthatdid not go throughthe entirelife-
cycle yieldedsigni cantly smalleroutput,which is alsore-
ected in the shorterprocessingime required.This is be-
causeeachdatasethasoneor two “superclouds”,which do
not go throughthe entirelife-cycle andarepresenthrough-
out mostor all of the time steps.Theseclouds consistof
several cloudsthat continuouslymemge and split. Remaor-
ing themmeandgewer trianglesaregeneratedh isosuraces,
whichin turn meandessmeshre nementis necessary

5.2. Cloud Explorer

To testthe effectivenesof Cloud Explorer we performeda
simplepilot studyon our Responsie Workbench(Figure9)
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Figure 9: Playbad of a recodedsessioronthe Responsive
Workbend.
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Figure 10: Amassux plot for a cloudselectedvith Cloud
Explorer. Positve ux (right of the zemo line) indicatesthe
cloud massis moving upwaids at that altitude The cloud
baginsto decayat approximatelyt = 32 minutes After this
point, the cloudis no longer beingfed by a thermal,andit
drifts upwadsanddiesout. Interestingly the pro le retains
mostof its shapeuntil the nal minutes.

using dataset C from Table 1. Currently Cloud Explorer
loadsall of the visualizationdatainto memoryfor perfor
mancereasonsThis did not t into memorysowe, instead,
con rmedthesuitability of thedatasetby examiningahand-
ful of time stepsof thefull output,andthenwe workedwith
the outputcontainingonly cloudsgoing throughthe entire
life-cycle. Aside from theseminor differencespur VR ses-
sionproceededimilarly to Section4.1 During the session,
we experiencedrameratesbetweer?0 and30 FPS.

Using Cloud Explorer we identi ed seven cloudsof par
ticular interest.We then extractedthe relevant partsof the
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dataset.Using this per cloud data,we generatednass ux
plots indicating the motion trendswithin the clouds over
their life-cycles.SeeFigure 10 for oneof the plots. There-
sulting plots were quite consistentand they demonstrated
interestingpro les whenthe cloudsweredecaying We feel
thattheconsisteng in thegraphss agoodpreliminaryindi-
catorthatour approachs successful.

6. Conclusionsand Futur e Work

Cumulus cloud simulations generatevery large, time-
varyingdatasetsof up to hundred®f gigabytes We shoved
how featuretrackingandVR canhelpto dealwith suchlarge
datasetsandhow it canhelpscientistdo interactiely select
goodcloudsfor furtherstudy e.g.life-cycle studies.

Theinteractive selectionis performedby rst preprocess-
ing the dataand theninteractvely visualizing the results.
Throughthe efcient representatiorof the clouds as iso-
surfaces,sufcient datareductionis achieved to allow the
interactve VR visualizationasdonein our Cloud Explorer
application VR hasprovedto beavery valuabletool for in-
teractize exploration,allowing theoreticalandobsenational
considerationso becombined.

Having madetheir selectionsthescientistextracttherel-
evantpartsof thedata.They canthenperformmoredetailed
analysesf, for example, o w patternsand heatexchange
at every stageof a cloud's life-cycle. This combinationof
simulationandVR visualizationtechniquesvill allow these
typesof studiesto bedonefor thevery rst time.

This work is part of a larger project with mary possi-
ble future directions.We hopeto further formalizeandau-
tomatethe cloud selectionprocess We would alsolike to
incorporatedocumentatiorfacilities and new visualization
techniguesnto Cloud Explorer Theaim of thesestepsis to
furtherenableheatmospheriscientistdo make useof their
obsenational skills, though, ratherthan to eliminatethem
from the pipeline.Additionally, we will needto incorporate
otherlarge datahandlingfacilities, suchasout-of-coreand
multi-resolutionrepresentationgp copewith the full mag-
nitudeof the datasetsLES canproduce.
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