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Abstract

Thedataseigenertedby a large-scalenumericalsimulationmayincludethousand®f timestepsand hundedsof
variablesdescribingdifferentaspect®fthemodelehysicalphenomendn orderto analyzeandundestandsuc
data,scientistmeedthe capabilityto explore simultaneouslyn thetempoal, spatial,andvariable domainsof the
data. Sud capability, however, is notgeneally providedby conventionalvisualizationtools. This paperpresents
a new visualizationinterfaceaddressingthis problem.Theinterfaceconsistof threecomponentsvhich abstracts
the compleity of exploring in tempoal, variable and spatial domain,respectivelyThe r stcomponentisplays
time histograms of the data, helpsthe user identify timestepsof interest, and also helps specifytime-varying
featues.Thesecondcomponentlisplayscorrelationsbetweenvariablesin parallel coodinatesand enableshe
userto verify thosecorrelationsand possiblyidentity unanticipatedones.Thethird componenallows the user
to more closelyexplore and validatethe datain spatial domainwhile renderingmultiple variablesinto a single
visualizationin a usercontmwllable fashion.Eac of thesethreecomponentss notonly aninterfacebut is alsothe
visualizationitself, thusenablingef cient screen-spacesage. Thethreecomponentaretightly linkedto facilitate
tri-spacedataexploration, which offers scientistsiew powerto studytheir time-varying multivariatevolumedata.

Catayoriesand SubjectDescriptorgaccordingto ACM CCS} 1.3.3 [ComputerGraphics]:Display Algorithm 1.3.6
[ComputerGraphics]:Interactiontechniques.3.8 [ComputerGraphics]:Applications

transferfunctionsthatcanbestrevealthefeaturesf interest
in the data.De ning transferfunctionsfor one variablein
a steadystatedatasetis alreadya time-consumingask.A
typical TVMV datasetfoundin modernscienti ¢ applica-
tionscancontainover thousandsf timestepsaanda hundred
variables.To understandhe spatialand transientrelations
betweerthesevariablesandtimestepgequiresgreatercon-
trol of the way to probe,associatetransform,and animate
the data.Corventionalinterfacesonly allow the userto de-
ne asingletransferfunctionto visualizeonevariableat a
time, whichlimits theextentof theexplorationandthuspre-

1. Intr oduction

In mary areasof study scientistsperform large-scalenu-
mericalsimulationsto understandtomplex phenomenand
relations.The outputfrom their simulationsis often so vo-
luminousandcomple thatscientistanustrely on advanced
visualizationtools to interpretthe calculatedresults.Even
thoughmary novel visualizationtechnique$ave beenintro-
duced anoftenneglectedaspecbf theseoolsareuserinter-
facesTheuserinterfaceof a visualizationtool canstrongly
in uence the productiity of the user Furthermorea care-

fully designednterface can supportand encouragesxplo-
rationanddiscovery.

In this paperwe presenaninterfacefor visualizingtime-
varying multivariatevolume (TVMV) data.In volumeren-
dering,a critical taskis to de ne a setof opacityandcolor
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ventsthe userfrom obtainingdeepetinsightsin the data.

An idealuserinterfacefor visualizingTVMV datashould
enablethe userto explore not only the spatialand tempo-
ral domainsbut also the variable and renderingparameter
spacein a tightly coupledfashion.Immediatevisual feed-
back in responseto user action is also important for ef-
fective dataanalysis.The basisof our designis the under
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standingthatwe cannotdirectly perceve structuresandpat-
terns beyond 3D. We can, however, achieve that goal by
visually linking piecesof information perceved in differ-
ent lower-dimensionalspacesto understandelationsin a
higherdimensionakpace.

Our TVMV visualizationinterfaceconsistof threecom-
ponentswhich abstractghe compleity of exploring in dif-
ferentspace®f the dataandvisualizationparameterdMost
importantly it is not only an interface but also the visu-
alizationitself. The rst componentisplaysthe time his-
togramg AFMO06] of thedata.A time histogramshavs how
the distribution of datavalueschangesver the wholetime
sequencend can thus help the userto identify timesteps
of interestandto specifytime-varyingfeaturesThe second
componengattemptsto displaythe potentialcorrelationbe-
tweeneachpair of variablesin parallelcoordinatedor a se-
lectedtimestepBy examiningdifferentpairsof variableghe
usercanoftenidentify featureof interestbasecbnthecorre-
lationsobsered. Thethird componenis ahardwareacceler
atedvolumerendererenhancedvith the capabilityto render
multiple variablesinto a single visualizationin a usercon-
trollable fashion.Suchsimultaneouwisualizationof multi-
ple scalarquantitiesallows the userto morecloselyexplore
and validate their simulationsfrom the parallel-coordinate
spaceo the 3D physical space Thesethreecomponentsre
tightly crosslinked to facilitate tri-spacedata exploration,
offering scientistsew powerto studytheir TVMV data.

We demonstratehe effectivenessof this interface with
casestudiesusinga turbulentcomhustiondataseinda hur-
ricanelsabeldatasetlt is clearfrom thesecasestudiesthat
this new interfacemalesit easierfor the scientistdo specify
featuresof interestthat would be previously tedious,if not
impossibleto uncover. It alsoallows the scientistgo freely
exploredatapreviously unavailable which couldleadto nex
discoveries.

2. RelatedWork

Time-varyingdatavisualizationpresentsnary uniquechal-
lengedrom datamanagementeatureextraction,rendering,
andinteractionto interpretationA suney of earlyworkson
time-varyingdatavisualizationis givenin [Ma03. Ourwork
placesa focuson makinga userinterfacefor featureidenti-
cation andtracking.We alsotake into accountscientists'
needto look at multiple variablessimultaneouslySeveral
previousresearchresultsareworth discussindhere.

2.1. Multi variate Data

Image Surfer[JPR 04] is a tool for exploring correlations
betweertwo 3D scalar elds. It is speciallydesignedo nd
thelocationof a proteinembeddedhn the plasmamembrane
of neurons(nene cells). Image Surferenablesscientiststo
analyzerelationshipsbetweenmultiple data setsobtained
from confocalmicroscopy by providing a 3D surfaceview,

theheight eld ona 2D slice,anda 1D plot. As theuserun-
derstandglobalaspectof thedatavia the 3D surfaceview,
the dimensionis reducedoneby onefor further analysisof
the data.In orderto apply this techniqueto TVMV data,a
globalview alsoalongthetime dimensiomeedgo beintro-
duced.

WEAVE is an ervironmentfor creatinginteractie visu-
alization applicationsfGRW 00]. WEAVE providestrans-
parentlinking betweerncustom3D visualizationsaandmulti-
dimensional statistical representationslt allows interac-
tive color brushing betweenall visualizations.Sauberet
al.[STS0§ introducethe Multi eld-Graph, anode-linkrep-
resentatiorof the differentaspectof the correlationinfor-
mationderivedfrom a multivariatedatasetasa guideto se-
lectandvisualizethemostprominentcorrelationsHowever,
bothWEAVE andMulti- eld Graphhave no supportfor vi-
sualizingtime-varyingvolumedata.

Kettneret al. [KRS03 presentaninterfacefor visualiz-
ing time-varying iso-surficesand contourspectra.n their
system,a speci ¢ propertyof the iso-surficeis illustrated
in a 2D displaycalledthe control plane,which shavs sum-
mary informationof the selectedso-surficeover the whole
time sequenceThe information includes the number of
connecteccomponentshumberof tunnels,anddistribution
characteristicef the valuesof otherdatasets.Mouseclick-
ing on the control planetriggersthe display of the corre-
spondingpre-renderedso-surficein a small preview win-
dow.

Tzengetal.[TMO5] introduceapaintinguserinterfacefor
performingfeatureextractionandtracking of time-varying
o w data.Thecomplity of de ning afeatureof interestin
ahigherdimensionakpaces signi cantly reduceddy using
amachindearningengine.The paintinguserinterfaceis in-
tuitive to the usersinceit allows the userto operatedirectly
onthevolumedataby usingbrushing.

WoodringandShen[WS0g make comparatre visualiza-
tion of multivariatetime-varying volume datausingsetop-
eratorsalongwith a spreadsheet-l&kandvolumetreeinter
face However, withoutknowing which operatorgo use cer
tain correlationscannotbe uncovered.

As opposedo thegraphicainterfaceapproactintroduced
sofar, language-baseidterfaces MH99, MIA 04] arealso
viable. While most visualizationtechniquesely on some
data-to-visuamappingsspeci ed graphicallyto generaten
image,alanguage-baseddterfaceexpresseshesemappings
via mathematicaformulaor querieshatcanbedirectly ap-
plied to the data,thusallowing domainscientistdo conduct
guantitatve analysisin a morefamiliar environment.How-
ever, this stratgy is effective only if the userknows whatto
analyzeandif thosetaskscanbeexpressedn alanguage.

Our previous work [AMCHO7] presentsa casestudyon
visualizingmultivariatevolumedataobtainedfrom a turbu-
lent comhustionsimulation.Severalrenderingtechniquego

¢ TheEurographic#ssociation2007.



HiroshiAkiba& Kwan-LiuMa / A Tri-SpaceVisualizationinterfacefor AnalyzingTime-\arying Multivariate VolumeData

enhancehe perceptiorof spatialcorrelationsbetweenvari-

ablesare introduced.The techniquesncludesdatafusion,
motion basedenhancementnteractve cutting andillustra-
tive rendering.The work alsousesparallelcoordinatesand
time histogramgo shav correlationshetweervariables.In

this paperwe usethefusiontechniqueo simultaneouslyi-

sualizemultiple variables The parallelcoordinategndtime
histogramsare now tightly linked with brushinginteraction
in multivariateandtemporalviews of the new interface.

2.2. Time Histograms

Kosaraet al. [KBHO4] introducetime histogram,which is

a 2D plot of dataoccurrenceover time. A time histogram
is quite effective as a global view of time-varying data.
Even thoughit can only display a limited aspectof the

data,it hasbeenshawn to be quite helpful in visualizing
time-varying data. Our interface displaystime histograms
to assistthe userin identifying featuresof interestand se-

lecting key timestepsThe usercanoperatedirectly on his-

togramgto isolatefeaturesAs demonstrateéh our previous

work [AFMO06], the time histogramcan help classify tem-

poral featuresand characterizéime seriesleadingto data
reductionin thetime dimension.

Doleischet al. [DMG 04] introducea smoothbrushing
interfacefor specifyingthe featuresof interestin multivari-
atevolumedata.Theirinterfaceconsistof a 2D scatterplot
anda 3D visualizationview. The scattemplot shavs the cor-
relation betweenary two statisticalfeaturesfrom different
variables.The opacity transferfunction is de ned by po-
sitioning two square-framesn the plot, which de nes the
non-discretalegreeof interest(DOI). They statethatDOl is
suitablefor o w simulationdata,which doesnot have sharp
boundariesof o w features.For time-varying data explo-
ration, their systemalso shavs a time histogramrevealing
sometime-dependenproperty of the data.However, there
is no system-supportegheango furtherutilize thetime his-
togram.

2.3. Parallel Coordinates

Onesectionof our visualizationinterfaceusesParallel Co-
ordinateqPC),atechniquecreatedo visualizemultivariate
data[Ins85 ID90]. Its basicform is a 2D display plotting
datausingparallelaxes,onefor eachvariable.PCgenerally
canprovide agoodoverview of thecorrelationamongmulti-
variatedatabutit haslimitations.Usingit to visualizealarge
datasetoftensuffersfrom over-plotting, resultingin anim-
agethatis too clutteredto shaw trendsor structuresin order
to solwve this problem,Johanssoet al. [JLIC0] proposeto
displaytheclusterednultivariatedatainstead andusehigh-
precisiontexturesto bettersuperimposéayersof structures.
Novotny andHause{NHO6] alsoaddresghis over-plotting
problemusinga focus+contgt approachThey introducea
schemeo offer context visualizationat severallevels of ab-
stractionby mappingdataitem pairsto 2D histogramspace.

¢ TheEurographic#ssociation2007.

In this spaceputliersandtrendsaredetectedseparatehand
they areshavn separatelyon top of the focuseddataitems
in the parallelcoordinatespaceBendixetal. [BKHO5] in-
troduceParallelSetsthatadoptthe layoutof PCs but substi-
tutesthe individual datapointsby a frequeng-basedrepre-
sentatiorfor catgyoricaldatavariablessincefrequeng data
is bestrepresentetly areadnsteacof individual datapoints.
Similar to this conceptthe axis of PCis usedto mapaddi-
tionalinformationin ourwork.

Parallel coordinateshas also been utilized in making
volume visualization.Tory et al. [TPMO0Y designeda PC
basednterfacethat shavs the procesof volumevisualiza-
tion. Various parametersincluding view position, orienta-
tion, datasetselection transferfunction and several others
are mappedto eachaxis. The work more relevant to ours
is [LMO04], which usesa PCinterfaceto reveal the correla-
tion betweenwo scalarvaluesalongthe gradientdirection
for controlling lighting in volume rendering.The interface
consistof a pair of horizontallyalignedaxesfor two scalar
guantitiesanda 1D transferfunction for eachaxis. Our in-
terfacedesignis intendedto be moregeneral allowing ary
typesand numbersof volume propertiesto be displayedin
parallelcoordinates.

3. A UserInterface for TVMV Data Visualization

Our designobjective of a userinterface(Ul) for visualizing
TVMV datais to make the Ul a partof thevisualizationthat
providesthe usermary differentviews of the datain a user
controlledfashion.Thatis, the Ul is not only usedasa pa-
rameterspeci cationtool but alsois the visualizationitself.

In this way, the amountof informationthatis presentedn a

con ned screerspaces maximized.As shown in Figure 3,

therearethreemain componentsn our Ul, including tem-

poralview, multivariateview, andspatialview which enable
the explorationof the datain temporal,variableandspatial
domains,respectiely. Thesethree componentsare tightly

coupledto helpthe userbetterrelateandverify the features
of interestin differentspacesEachcomponents described
in this section.

3.1. Temporal View

A corventionalhistogramplots scalarvalue versusits fre-
queng of occurrencefor atime-varyingvolumedatasetwe
cancomputeacorventionallD histogranmfor eachtimestep,
andthencomposeandconcatenatell theselD histograms
together The resultis a time histogramwhich gives fre-
gueng of occurrencefor eachvalue andtime. It contains
awealthof informationabouttheentiretime seriesFor one,
it providesaconcisestatisticaloverview of thedata.Second,
it offersaglobalcontext within whichtemporafeatureq;i.e.
events)canbedistinguishedOur Ul adoptsandextendstime
histogramto supportTVMV datavisualization.In the tem-
poral view, severaltime histogramsare shovn sideby side
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(seeFigure 3) depictingthe correlationshetweervariables.
The usercanselectary variableand a type of data;either
the original voxel valueor derived quantitiessuchasspatial
gradient,temporalgradientand cunature.In this way, the
temporalview facilitatesthe procesf nding timestepsof

interestand classifyingtime-varying datasincethe correla-
tion informationcanbe obtainedby comparingseveral dif-

ferenttime histogramsDe ning a transferfunction for the
wholetime sequencés achallengingask[JMO01]. However,

theclassi cationof time-varyingdatacanbeef ciently per

formedfor eachvariableusingtime histogramq AFMO6].

ThetemporalTF widgetcanbede ned eithermanuallywith

mouseinteractionor semi-automaticallyy clicking thepre-
segmentedegionin thetime histogram.

In our previouswork [AFMO06], theentirevoxelsof thein-
putvolumedatais usedto computerequeng countdeading
to atime histogram Thus,certainsubtlefeaturesnaybeob-
scuredby otherdatavalues.To solvethis problemwedesign
our systemto computefrequeny countsfor speci ¢ vox-

els or voxel subsetwhich resultsin partial time-histogram.

Theselectiorof suchvoxelsis performedn themultivariate
view.

3.2. Multi variate View

To possiblyperceve the potentialrelationshipbetweemmul-

tiple variableswe have developedaninterfacebasedn par

allel coordinatesgdemonstratingts expressie powerin mul-

tivariatefeatureextraction.Our interfacedesignusesa hor

izontal layout for the parallel coordinatego align with the
time histograms Oncethe datapropertiesare selectedfor

the axes, lines aredravn betweerpairsof axeswhereeach
line correspond$o avoxel.

One problemwith parallel coordinatess that whenthe
numberof dataitemsis large, the lines dravn opaquecan
resultin overplotting. This problemcan be alleviated by
pre-clusteringthe data and using semitransparenines to
bring out the clusterfeatured FWR99 JLJCO0] or usingfo-
cus+contgt approach[NH06] as describedin the related
work section By observindine clustersbetweertwo neigh-
boring axesof parallelcoordinatesthe correlationbetween
the correspondingrariablescan be detected Sometypical
patternsareshavn in Figurel. Ourinterfaceallowstheuser
to de ne transferfunctionsfor volumerenderingdirectly on
theaxesof parallelcoordinatesThis is performedby de n-
ing arectangulawidget, which is referredto asTF widget,
on the axesvia mouseinteractions.Oncethe TF widgetis
de ned, theuseris allowedto edit the opacitytransferfunc-
tion within the rectanglein the separateegion in our UL.
TF widgetsare coloredbasedon the color transferfunction
asshown in Figure2. TF widgetsareinteractvely movable
andresizable.The changemadein the widget updateshe
volume renderingin the spatialview. Thus, an interactve
renderingin the spatialview is quite importantsinceim-
mediatevisual feedbackfacilitate the overall visual analy-

A

B

Figure 1: Typical line patternsthat could be shownin par-
allel coodinates Theleft-mostimage showsegativecorre-
lations betweerA and B. Themiddleimage showsa strong
correlation betweenA and the low-valuerange of B. The
right-mostimage showsno obviouscorrelation betweenA
andB.

3.1 5.6

B ]
-2.2 0.8

Figure 2: Themagentaand cyanTF widgetsare de nedto
captuee the correlation betweenhigh valuesin A and low
valuesin B, respectivelyThecyanTF widget at the bottom
is usedasa selectiontool. Thedatavaluesat theedge of TF
widgetsare alsoshown.

sisprocessThe TF widgetalsofunctionsasa brushingtool
to highlight certainvoxels or a voxel subsetAs shavn in
Figure2, the TF widgetfor variableB is usedasa brushing
tool, thushighlighting all the lines within the rangeof that
widget. The usercan chooseif eachTF widgetis usedas
a brushingtool or not. Whenmorethanone TF widgetare
usedasa brushingtool for morethantwo axes,eitherAND

or OR operationis performedto capturea voxel subsetAn
interactve brushingschemas quiteimportantto give auser
immediatefeedbaclkasthe TF widgetis movedor resized.

This multivariateview effectively guidesthe userto se-
lect the correlatedfeaturesbetweenvariablesand specify
featurego bevisualizedin spatialview.

3.3. Spatial View

Whereasthe temporaland multivariate views showv statis-
tical featuresof the input data,volume renderingprovides
the userthe mostdirect andintuitive view of the data.We
designedahe spatialview to shav volumerenderingof mul-
tivariatedata. The challengeis how to enhancehe percep-
tion of the spatialrelationshipsoetweentwo or more vari-
ables.We adoptthe volumefusing andrenderingapproach
describedn [AMCHO7]. Onerequirements thatthespatial
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relationshipbetweerdifferentvariablesn theimagemustbe
clear Anotheris thata usermustreceve immediatevisual
feedbackas the renderingparameter®r transferfunctions
change.

3.4. Linking betweenThreeViews

Oneof theessentiahspect®f ourinterfaceis thatthethree
views aretightly linkedto provide deepeiinsightof thedata
duringtheuserinteractionwith oneof theviews. Oneeffec-

tive linking featurebetweenthe temporaland multivariate
views is the propagtion of voxel subsetinformationspec-
i ed in multivariateview to temporalview. Oncethe high-

light widgetsarede ned in multivariateview, the histogram
of the voxel subsets computedor eachtimesteprevealing
the temporaltrend of the voxel subset.Another featureis

thelinking betweenTF widgetin multivariateandtemporal
view. As the userde nes atemporalTF widgetin temporal
view, the corresponding F widgetwill be shavn in multi-

variateview. Resizingor translatinga TF widgetupdateghe
corresponding F widget.Every time a TF widgetor atem-
poral TF widgetis moved or resized the volumerendering
in the spatialview is updated.

4. CaseStudies

In orderto demonstratéhe usefulnesof the new userin-
terface,we have conductedwo casestudiesusinga com-
bustionsimulationdatasetanda hurricanesimulationdata
set.Thesestudiesshav how this interfacehelpsidentity and
specify featuresin spatial,variableand temporaldomains.
Thecomhustiondatasetonsistof 122timestepsand5 vari-
ableswhereeachvolumeis of size480x720x120Thehurri-
canedatasetonsistof 48timestepandl2variableswhere
eachvolumeis of size500x500x100Hardwareaccelerated
slice-basedvolume renderingis usedfor the spatial view.
In orderto keephigh interactvity in the multivariateview,
a downsampledvolumeis usedto draw correlationlinesin
parallelcoordinates.

4.1. Casel: Visualizing A Combustion Simulation

The goal of this casestudyis to verify the correlationbe-
tweenthreevariablesrom the comhustiondatasetThe spe-
ci ¢ taskis to seeif scalardissipation(c) and OH radical
(OH) spatiallyoverlapsor not nearthe stoichiometricmix-
turefraction(mixfrac) iso-surficewith iso-value=0.42The
¢ andOH shouldbein thehighervaluerange.

Figure 3 (a) shavs the multivariate view of the scalars
mixfrac, ¢ and OH, which are mappedto the three axes
from bottomto top, respectiely. An importantfunctional-
ity of this view is the ability to specifya subsebf the data
to highlight. Thisis accomplishedby selectingarangealong
oneaxis rst, andre ne asneededy selectingalongother
axes.Thelinesoriginatingfrom the selecteddatapointsare
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highlighted,asshovn in Figure3. Thesemi-transparemgray
lines betweenthe threeaxes correspondo the entire setof

voxels,andthe bluelineslink the selectedvoxel subsetTo

examinethe extentc and OH overlapnearmixfrac 0.42,
at a particulartime step,we rst selecta small range of

mixfrac values(in blue)in the neighborhoodf 0.42,and
thenwe selectc values(in yellow). By observingthe data
rangeonthe OH axiswherethesebluelinesfall, we arealso
hintedwhereto positionthe TF widget. The importantdata
rangehereis high OH wherethebluelinesdonotfall in. For

instancethis non-overlappingrangefor timestep39is from

0.0013to 0.003.After obtainingthis non-overlappingrange,
we cande ne thered TF widgeton the OH axisto verify in

the spatialview if OH andc do not spatially overlap. The
spatialview in Figure3 (c) shaws the simultaneousolume
renderingof threevariables.We canverify the spatialcor

relationanddeterminef the TF widgetshouldbe movedor

resized.

The stepswe have takensofar do not guaranteghe non-
overlappingsituation holds for a time period. In fact, the
temporalview in Figure3 (b) revealstheinterval overwhich
¢ and OH do not overlap. However, this non-overlapping
rangemay vary over time andthe temporalview allows us
to quickly determinghetemporabehaior of the o w overa
particularperiodasshown in (b), wherethehighlightedblue
linesin (a) appeamlasablueband.ThetemporalTF widgetin
this casemaybeusedto de ne thetransferfunctionfor OH
in away suchthatthereis no overlapbetweerthe red band
andblue bandin (b). This capabilityis powerful, especially
whenthe numberof timestepis large. Finally, we canalso
checktheevolving correlationbetweerdifferentvariablesn
the spatialdomainwith the spatialview by steppingthrough
thetime steps.

In this casestudy the simultaneousisualizationsof mix-
ture fraction, portrayingthe ame surface,was visualized
togetherwith othervariablessuchas OH, representinghe
the massfraction of the hydroxyl radical,andc, represent-
ing a local mixing rate. While in isolation thesequantities
arelargely meaninglesgpgetheiit is possibleto understand
how the mixing is interactingwith the reactionandto iden-
tity the actively burning ame surface.Theinterface,which
providesmultiple views andinteractve crossexplorationof
thedata,is proving usefulto developqualitative understand-
ing, andit is expectedtheinterfacewill alsoprove very use-
ful to guidefurtherquantitatve analysis.

4.2. Casell: Visualizing A Hurricane Simulation

The goal of this casestudyis to nd correlationsbetween
cloud moisturemixing ratio(cloud), magnitudeof wind ve-

locity (wind speed, watervapormixing ratio (vapor), and

pressue. Two insights extracted from hurricane datasets
throughour Ul areexplainedbelow.

The rst insight is obtainedfrom a spatial correlation
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Figure 3: Misualizationof the comhustiondatasetto nd negative spatial correlation betweervariablesc and OH near the
iso-surfaceof mixfrac over time Threecomponenté our Ul are shownincluding the multivariateview for timestep29 (a),

thetempoal view for threevariableswhele x andy axescorrespondo timestepanddatavalug respectivelyb), andthespatial

views for timeste@ and 29 (c). In the multivariateview, the TF widgetsof ¢ and mixfrac are usedas the brushingtool, thus
highlighting voxelsof yellowthin ow featuesshownin the spatial view nearthe blue iso-surface Thetempoal view shows
the histagram of the voxelsovertimein blueaswell asthetempoal transferfunctions.

betweenwind speed vapor, and pressue. Figure 4 (a)
shaws that the high vapor region is correlatedto both the
low wind speedregion and high pressue region. This is

achiezedby highlightingthe voxel subsetasnavy-bluelines
usingthered TF widgetfor vapor asa brushingtool. Thus,
all the voxels of vapor in the range[0.18, 0.024] are high-
lighted. Even thoughthe temporalresolutionof this data
setlimits the quality of temporalinformationon the time-
histogram,we can obsene the samecorrelationin the en-
tire 48 timestepsasshavn in Figure 4 (b). This resultcor-

responddo the fact that the high vapor region is spatially
locatedabove the seasurface where pressue is high and
wind speedis low. It is importantto note that the insight
cannotbe obtainedwithout the parallelcoordinatébasedn-

terfacetightly linkedto time histogramsWith thisinterface,
thecorrelationof two variablegairsaresimultaneouslyi-

sualizedand suchcorrelationsare highlightedin time his-
togramof pressue andwind speed wherethe highlighted
region is speci ed by vapor. Oncethis global trendis dis-
coveredin thetemporalview, thetemporaltransferfunction
may be usedto capturethe trend directly on the time his-
togram.In Figure4, light blue,yellow, redandbluetemporal
transferfunctionsarede ned for cloud, wind speed vapor

and pressue, respectrely. We can always go backto the
multivariateview to re ne thetransferfunctionsandexplore
the datain the spatialview.

The secondnsightgainedfrom Figure4 is how the hur-
ricane gains and losesits power over time. By observing
the histogramof wind speedand pressue in temporalview
alongwith thecloudstructureof hurricanen spatialview, it
is foundthatwind speedof thehurricaneuctuatesovertime
while pressue in the eye of the hurricanekeepsdecreasing
until it landson the groundsurface. The procedureto de-
rive this obsenation throughtime-histogramss explained
asfollows. Theblackregionin time-histogranmcorresponds
to the region of zero or almost zero frequeng counts.
Thus,theboundarybetweerblackandlight-grayareain the
time-histogranmindicatesthe maximumdatavalue for each
timestep.By observingtime-histogramof wind speedand
pressueg, it is foundthatthe maximumvalueof wind speed
increasegapidly from timestepl to 7 whereasthe mini-
mumvalueof pressue decreased:romthespatialview, we
cancon rm thatthe cloud concentratedn a particularre-
gion startsto spreacverawider geographicatiomainfrom
timestepl to 7. We canalsocon rm thatthe low pressure
region exists in the eye of hurricane.Thus,the characteris-
tics of hurricanewhenit is gaining power arerevealeddur
ing this timestepperiod. After timestep7, pressue keeps
decreasinguntil timestep37 whereaswind speed uctu-
atesbut maintainesigh value.After timestep37, the mini-
mum pressue valuestartsto increasavhereashemaximum
wind speedstartsto decreaseln the spatialview, timestep
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37 correspondso thetiming whenthehurricaneapproaches
the groundsurface.Hence the datacharacteristicef hurri-
canewhenit losespower arediscovered.

This casestudyalongwith the rst onedemonstrateey-
eral unique featuresof our visualizationinterface and its
bene tswhich aresummarizedsfollows. Firstly, the paral-
lel coordinatebasednterfacein the multivariateview helps
theusergain quantitatve informationsuchasdatarange<of
interest.Secondly the temporalview helpsthe userto nd
interestingstatisticatemporalfeaturescoveringall the vox-
elsor its subsetThirdly, while observingthe correlationin-
formationpresentedn the multivariateandtemporalviews,
wecande ne thefeaturego bevisualizedn thespatialview.

5. Conclusion

The designof the Ul for a visualizationsystemis asim-

portantasthat of the visual transformationsand rendering
techniguesA carefully designednterfacecansigni cantly

increaseheperformancef theuseroncomplex visualanal-
ysistasks We presentUl for visualizingtime-varyingmul-
tivariate volume data. This interfaceis composedf three
tightly coupledviews characterizingthe datain different
spacesOur casestudiesshav that this interface gives the
userboth broaderand deeperviews of the dataaswell as
more expressve power in specifyingherintent. In particu-
lar, the ability to detectand capturethe correlationin both
multivariate and temporalview is shavn useful using two
differentdatasetsThe comhustionsimulationscientistsac-
tually participatedin the rst casestudy andfound the Ul

very desirable We wereableto extractanddisplaya fairly

complex featurethatthey previously couldnotsee.

For future work, alternatve representatiorio shav the
temporal correlation between variables may be desired
ratherthan the side-by-sidecomparisonin our currentde-
sign as the numberof variablesto be comparedncreases.
Also, the utilization of severaldifferentstatisticalproperties
in time histogranor parallelcoordinateshouldbeexplored.
Finally, we anticipateto obtainmorefeedback$rom thesci-
entistsafterthey begin to routinelyusethis interfaceandthe
visualizationsystem,andwe canre ne our designaccord-

ingly.
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