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Abstract
Thedatasetgeneratedbya large-scalenumericalsimulationmayincludethousandsof timestepsandhundredsof
variablesdescribingdifferentaspectsof themodeledphysicalphenomena.In ordertoanalyzeandunderstandsuch
data,scientistsneedthecapabilityto exploresimultaneouslyin thetemporal, spatial,andvariabledomainsof the
data.Such capability, however, is not generally providedby conventionalvisualizationtools.Thispaperpresents
a new visualizationinterfaceaddressingthisproblem.Theinterfaceconsistsof threecomponentswhich abstracts
thecomplexity of exploring in temporal, variable, andspatialdomain,respectively. The�r st componentdisplays
time histogramsof the data, helpsthe user identify timestepsof interest, and also helpsspecifytime-varying
features.Thesecondcomponentdisplayscorrelationsbetweenvariablesin parallel coordinatesandenablesthe
userto verify thosecorrelationsand possiblyidentity unanticipatedones.Thethird componentallows the user
to more closelyexplore andvalidatethedata in spatialdomainwhile renderingmultiplevariablesinto a single
visualizationin a usercontrollable fashion.Each of thesethreecomponentsis notonlyan interfacebut is alsothe
visualizationitself, thusenablingef�cient screen-spaceusage. Thethreecomponentsaretightly linkedto facilitate
tri-spacedataexploration,which offersscientistsnew powerto studytheir time-varying, multivariatevolumedata.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.3 [ComputerGraphics]:DisplayAlgorithm I.3.6
[ComputerGraphics]:InteractiontechniquesI.3.8 [ComputerGraphics]:Applications

1. Intr oduction

In many areasof study, scientistsperform large-scalenu-
mericalsimulationsto understandcomplex phenomenaand
relations.The outputfrom their simulationsis often so vo-
luminousandcomplex thatscientistsmustrely onadvanced
visualizationtools to interpretthe calculatedresults.Even
thoughmany novel visualizationtechniqueshavebeenintro-
duced,anoftenneglectedaspectof thesetoolsareuserinter-
faces.Theuserinterfaceof a visualizationtool canstrongly
in�uence the productivity of the user. Furthermore,a care-
fully designedinterfacecan supportand encourageexplo-
rationanddiscovery.

In this paperwe presentaninterfacefor visualizingtime-
varying multivariatevolume(TVMV) data.In volumeren-
dering,a critical taskis to de�ne a setof opacityandcolor
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transferfunctionsthatcanbestrevealthefeaturesof interest
in the data.De�ning transferfunctionsfor onevariablein
a steadystatedataset is alreadya time-consumingtask.A
typical TVMV datasetfound in modernscienti�c applica-
tionscancontainover thousandsof timestepsandahundred
variables.To understandthe spatialand transientrelations
betweenthesevariablesandtimestepsrequiresgreatercon-
trol of the way to probe,associate,transform,andanimate
thedata.Conventionalinterfacesonly allow theuserto de-
�ne a singletransferfunction to visualizeonevariableat a
time,which limits theextentof theexplorationandthuspre-
ventstheuserfrom obtainingdeeperinsightsin thedata.

An idealuserinterfacefor visualizingTVMV datashould
enablethe userto explore not only the spatialand tempo-
ral domainsbut also the variableand 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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standingthatwecannotdirectlyperceivestructuresandpat-
terns beyond 3D. We can, however, achieve that goal by
visually linking piecesof information perceived in differ-
ent lower-dimensionalspacesto understandrelationsin a
higher-dimensionalspace.

Our TVMV visualizationinterfaceconsistsof threecom-
ponentswhich abstractsthecomplexity of exploring in dif-
ferentspacesof thedataandvisualizationparameters.Most
importantly, it is not only an interface but also the visu-
alization itself. The �rst componentdisplaysthe time his-
tograms[AFM06] of thedata.A time histogramshows how
thedistribution of datavalueschangesover thewhole time
sequenceand can thus help the user to identify timesteps
of interestandto specifytime-varyingfeatures.Thesecond
componentattemptsto displaythe potentialcorrelationbe-
tweeneachpair of variablesin parallelcoordinatesfor a se-
lectedtimestep.By examiningdifferentpairsof variablesthe
usercanoftenidentify featuresof interestbasedonthecorre-
lationsobserved.Thethird componentis ahardwareacceler-
atedvolumerendererenhancedwith thecapabilityto render
multiple variablesinto a singlevisualizationin a usercon-
trollable fashion.Suchsimultaneousvisualizationof multi-
ple scalarquantitiesallows theuserto morecloselyexplore
and validatetheir simulationsfrom the parallel-coordinate
spaceto the3D physicalspace.Thesethreecomponentsare
tightly crosslinked to facilitate tri-spacedataexploration,
offeringscientistsnew power to studytheirTVMV data.

We demonstratethe effectivenessof this interfacewith
casestudiesusinga turbulentcombustiondatasetanda hur-
ricaneIsabeldataset.It is clearfrom thesecasestudiesthat
thisnew interfacemakesit easierfor thescientiststo specify
featuresof interestthat would be previously tedious,if not
impossible,to uncover. It alsoallows thescientiststo freely
exploredatapreviouslyunavailable,whichcouldleadto new
discoveries.

2. RelatedWork

Time-varyingdatavisualizationpresentsmany uniquechal-
lengesfrom datamanagement,featureextraction,rendering,
andinteractionto interpretation.A survey of earlyworkson
time-varyingdatavisualizationis givenin [Ma03]. Ourwork
placesa focuson makinga userinterfacefor featureidenti-
�cation andtracking.We also take into accountscientists'
needto look at multiple variablessimultaneously. Several
previousresearchresultsareworthdiscussinghere.

2.1. Multi variate Data

ImageSurfer [JPR� 04] is a tool for exploring correlations
betweentwo 3D scalar�elds. It is speciallydesignedto �nd
thelocationof a proteinembeddedin theplasmamembrane
of neurons(nerve cells). ImageSurferenablesscientiststo
analyzerelationshipsbetweenmultiple data setsobtained
from confocalmicroscopy by providing a 3D surfaceview,

theheight�eld ona2D slice,anda1D plot. As theuserun-
derstandsglobalaspectsof thedatavia the3D surfaceview,
thedimensionis reducedoneby onefor furtheranalysisof
the data.In orderto apply this techniqueto TVMV data,a
globalview alsoalongthetimedimensionneedsto beintro-
duced.

WEAVE is an environmentfor creatinginteractive visu-
alization applications[GRW� 00]. WEAVE provides trans-
parentlinking betweencustom3D visualizationsandmulti-
dimensionalstatistical representations.It allows interac-
tive color brushing betweenall visualizations.Sauberet
al. [STS06] introducetheMulti�eld-Graph, anode-linkrep-
resentationof the differentaspectsof the correlationinfor-
mationderivedfrom a multivariatedataset,asa guideto se-
lectandvisualizethemostprominentcorrelations.However,
bothWEAVE andMulti-�eld Graphhave no supportfor vi-
sualizingtime-varyingvolumedata.

Kettneret al. [KRS03] presentsan interfacefor visualiz-
ing time-varying iso-surfacesand contourspectra.In their
system,a speci�c propertyof the iso-surfaceis illustrated
in a 2D displaycalledthecontrolplane,which shows sum-
maryinformationof theselectediso-surfaceover thewhole
time sequence.The information includes the number of
connectedcomponents,numberof tunnels,anddistribution
characteristicsof thevaluesof otherdatasets.Mouseclick-
ing on the control planetriggersthe display of the corre-
spondingpre-renderediso-surfacein a small preview win-
dow.

Tzengetal. [TM05] introduceapaintinguserinterfacefor
performingfeatureextractionandtrackingof time-varying
�o w data.Thecomplexity of de�ning a featureof interestin
ahigherdimensionalspaceis signi�cantly reducedby using
amachinelearningengine.Thepaintinguserinterfaceis in-
tuitive to theusersinceit allows theuserto operatedirectly
on thevolumedataby usingbrushing.

WoodringandShen[WS06] makecomparativevisualiza-
tion of multivariatetime-varyingvolumedatausingsetop-
eratorsalongwith a spreadsheet-like andvolumetreeinter-
face.However, withoutknowing whichoperatorsto use,cer-
taincorrelationscannotbeuncovered.

As opposedto thegraphicalinterfaceapproachintroduced
sofar, language-basedinterfaces[MH99,MIA � 04] arealso
viable. While most visualizationtechniquesrely on some
data-to-visualmappingsspeci�edgraphicallyto generatean
image,a language-basedinterfaceexpressesthesemappings
via mathematicalformulaor queriesthatcanbedirectly ap-
plied to thedata,thusallowing domainscientiststo conduct
quantitative analysisin a morefamiliar environment.How-
ever, this strategy is effective only if theuserknows whatto
analyzeandif thosetaskscanbeexpressedin a language.

Our previous work [AMCH07] presentsa casestudyon
visualizingmultivariatevolumedataobtainedfrom a turbu-
lent combustionsimulation.Severalrenderingtechniquesto
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enhancetheperceptionof spatialcorrelationsbetweenvari-
ablesare introduced.The techniquesincludesdatafusion,
motionbasedenhancement,interactive cuttingandillustra-
tive rendering.The work alsousesparallelcoordinatesand
time histogramsto show correlationsbetweenvariables.In
thispaper, weusethefusiontechniqueto simultaneouslyvi-
sualizemultiplevariables.Theparallelcoordinatesandtime
histogramsarenow tightly linkedwith brushinginteraction
in multivariateandtemporalviewsof thenew interface.

2.2. Time Histograms

Kosaraet al. [KBH04] 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 though it can only display a limited aspectof the
data,it hasbeenshown to be quite helpful in visualizing
time-varying data.Our interfacedisplaystime histograms
to assistthe userin identifying featuresof interestandse-
lectingkey timesteps.Theusercanoperatedirectly on his-
togramsto isolatefeatures.As demonstratedin ourprevious
work [AFM06], the time histogramcanhelp classify tem-
poral featuresand characterizetime seriesleadingto data
reductionin thetimedimension.

Doleischet al. [DMG� 04] introducea smoothbrushing
interfacefor specifyingthefeaturesof interestin multivari-
atevolumedata.Their interfaceconsistsof a2D scatterplot
anda 3D visualizationview. Thescatterplot shows thecor-
relationbetweenany two statisticalfeaturesfrom different
variables.The opacity transferfunction is de�ned by po-
sitioning two square-frameson the plot, which de�nes the
non-discretedegreeof interest(DOI). They statethatDOI is
suitablefor �o w simulationdata,whichdoesnothavesharp
boundariesof �o w features.For time-varying dataexplo-
ration, their systemalsoshows a time histogramrevealing
sometime-dependentpropertyof the data.However, there
is nosystem-supportedmeansto furtherutilize thetimehis-
togram.

2.3. Parallel Coordinates

Onesectionof our visualizationinterfaceusesParallel Co-
ordinates(PC),a techniquecreatedto visualizemultivariate
data[Ins85, ID90]. Its basicform is a 2D display plotting
datausingparallelaxes,onefor eachvariable.PCgenerally
canprovideagoodoverview of thecorrelationamongmulti-
variatedatabut it haslimitations.Usingit to visualizealarge
datasetoftensuffersfrom over-plotting, resultingin anim-
agethatis tooclutteredto show trendsor structures.In order
to solve this problem,Johanssonet al. [JLJC05] proposeto
displaytheclusteredmultivariatedatainstead,andusehigh-
precisiontexturesto bettersuperimposelayersof structures.
Novotny andHauser[NH06] alsoaddressthis over-plotting
problemusinga focus+context approach.They introducea
schemeto offer context visualizationat several levelsof ab-
stractionby mappingdataitempairsto 2D histogramspace.

In this space,outliersandtrendsaredetectedseparatelyand
they areshown separatelyon top of the focuseddataitems
in theparallelcoordinatespace.Bendixet al. [BKH05] in-
troduceParallelSetsthatadoptthelayoutof PCs,but substi-
tutesthe individual datapointsby a frequency-basedrepre-
sentationfor categoricaldatavariables,sincefrequency data
is bestrepresentedby areasinsteadof individualdatapoints.
Similar to this concept,theaxisof PC is usedto mapaddi-
tional informationin ourwork.

Parallel coordinateshas also been utilized in making
volume visualization.Tory et al. [TPM05] designeda PC
basedinterfacethatshows theprocessof volumevisualiza-
tion. Variousparameters,including view position,orienta-
tion, datasetselection,transferfunction andseveral others
are mappedto eachaxis. The work more relevant to ours
is [LM04], which usesa PC interfaceto reveal the correla-
tion betweentwo scalarvaluesalongthe gradientdirection
for controlling lighting in volumerendering.The interface
consistsof a pair of horizontallyalignedaxesfor two scalar
quantitiesanda 1D transferfunction for eachaxis.Our in-
terfacedesignis intendedto bemoregeneral,allowing any
typesandnumbersof volumepropertiesto be displayedin
parallelcoordinates.

3. A User Interface for TVMV Data Visualization

Our designobjective of a userinterface(UI) for visualizing
TVMV datais to make theUI apartof thevisualizationthat
providestheusermany differentviews of thedatain a user
controlledfashion.That is, theUI is not only usedasa pa-
rameterspeci�cationtool but alsois thevisualizationitself.
In this way, theamountof informationthatis presentedin a
con�ned screenspaceis maximized.As shown in Figure3,
therearethreemain componentsin our UI, including tem-
poralview, multivariateview, andspatialview whichenable
theexplorationof thedatain temporal,variableandspatial
domains,respectively. Thesethreecomponentsare tightly
coupledto helptheuserbetterrelateandverify thefeatures
of interestin differentspaces.Eachcomponentis described
in thissection.

3.1. Temporal View

A conventionalhistogramplots scalarvalueversusits fre-
quency of occurrence.For atime-varyingvolumedatasetwe
cancomputeaconventional1D histogramfor eachtimestep,
andthencomposeandconcatenateall these1D histograms
together. The result is a time histogramwhich gives fre-
quency of occurrencefor eachvalue and time. It contains
awealthof informationabouttheentiretimeseries.For one,
it providesaconcisestatisticaloverview of thedata.Second,
it offersaglobalcontext within whichtemporalfeatures(i.e.
events)canbedistinguished.OurUI adoptsandextendstime
histogramto supportTVMV datavisualization.In the tem-
poral view, several time histogramsareshown sideby side
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(seeFigure3) depictingthecorrelationsbetweenvariables.
The usercanselectany variableanda type of data;either
theoriginal voxel valueor derivedquantitiessuchasspatial
gradient,temporalgradientandcurvature.In this way, the
temporalview facilitatestheprocessof �nding timestepsof
interestandclassifyingtime-varyingdatasincethecorrela-
tion informationcanbeobtainedby comparingseveraldif-
ferenttime histograms.De�ning a transferfunction for the
wholetimesequenceis achallengingtask[JM01]. However,
theclassi�cationof time-varyingdatacanbeef�ciently per-
formed for eachvariableusing time histograms[AFM06].
ThetemporalTF widgetcanbede�nedeithermanuallywith
mouseinteractionor semi-automaticallyby clicking thepre-
segmentedregion in thetimehistogram.

In ourpreviouswork [AFM06], theentirevoxelsof thein-
putvolumedatais usedto computefrequency countsleading
to atimehistogram.Thus,certainsubtlefeaturesmaybeob-
scuredbyotherdatavalues.Tosolvethisproblem,wedesign
our systemto computefrequency countsfor speci�c vox-
els or voxel subsetwhich resultsin partial time-histogram.
Theselectionof suchvoxelsis performedin themultivariate
view.

3.2. Multi variate View

To possiblyperceive thepotentialrelationshipbetweenmul-
tiple variables,wehavedevelopedaninterfacebasedonpar-
allel coordinates,demonstratingits expressivepowerin mul-
tivariatefeatureextraction.Our interfacedesignusesa hor-
izontal layout for the parallelcoordinatesto align with the
time histograms.Oncethe datapropertiesare selectedfor
theaxes,linesaredrawn betweenpairsof axeswhereeach
line correspondsto avoxel.

One problemwith parallel coordinatesis that when the
numberof dataitems is large, the lines drawn opaquecan
result in over-plotting. This problemcan be alleviated by
pre-clusteringthe dataand using semitransparentlines to
bring out theclusterfeatures[FWR99,JLJC05] or usingfo-
cus+context approach[NH06] as describedin the related
work section.By observingline clustersbetweentwo neigh-
boringaxesof parallelcoordinates,thecorrelationbetween
the correspondingvariablescan be detected.Sometypical
patternsareshown in Figure1. Our interfaceallows theuser
to de�ne transferfunctionsfor volumerenderingdirectlyon
theaxesof parallelcoordinates.This is performedby de�n-
ing a rectangularwidget,which is referredto asTF widget,
on the axesvia mouseinteractions.Oncethe TF widget is
de�ned, theuseris allowedto edit theopacitytransferfunc-
tion within the rectanglein the separateregion in our UI.
TF widgetsarecoloredbasedon thecolor transferfunction
asshown in Figure2. TF widgetsareinteractively movable
andresizable.The changemadein the widget updatesthe
volume renderingin the spatialview. Thus,an interactive
renderingin the spatialview is quite importantsince im-
mediatevisual feedbackfacilitate the overall visual analy-

A

B

Figure 1: Typical line patternsthat couldbeshownin par-
allel coordinates.Theleft-mostimageshowsnegativecorre-
lationsbetweenA andB. Themiddleimage showsa strong
correlation betweenA and the low-valuerange of B. The
right-mostimage showsno obviouscorrelation betweenA
andB.

3.1 5.6

-2.2 0.8
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Figure 2: ThemagentaandcyanTF widgetsare de�ned to
capture the correlation betweenhigh valuesin A and low
valuesin B, respectively. ThecyanTF widget at thebottom
is usedasa selectiontool. Thedatavaluesat theedgeof TF
widgetsarealsoshown.

sisprocess.TheTF widgetalsofunctionsasa brushingtool
to highlight certainvoxels or a voxel subset.As shown in
Figure2, theTF widgetfor variableB is usedasa brushing
tool, thushighlighting all the lines within the rangeof that
widget. The usercanchooseif eachTF widget is usedas
a brushingtool or not. WhenmorethanoneTF widget are
usedasa brushingtool for morethantwo axes,eitherAND
or OR operationis performedto capturea voxel subset.An
interactivebrushingschemeis quiteimportantto giveauser
immediatefeedbackastheTF widgetis movedor resized.

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

3.3. Spatial View

Whereasthe temporaland multivariateviews show statis-
tical featuresof the input data,volumerenderingprovides
the userthe mostdirect andintuitive view of the data.We
designedthespatialview to show volumerenderingof mul-
tivariatedata.The challengeis how to enhancethe percep-
tion of the spatialrelationshipsbetweentwo or morevari-
ables.We adoptthe volumefusing andrenderingapproach
describedin [AMCH07]. Onerequirementis thatthespatial
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relationshipbetweendifferentvariablesin theimagemustbe
clear. Anotheris that a usermustreceive immediatevisual
feedbackas the renderingparametersor transferfunctions
change.

3.4. Linking betweenThr eeViews

Oneof theessentialaspectsof our interfaceis thatthethree
viewsaretightly linkedto providedeeperinsightof thedata
duringtheuserinteractionwith oneof theviews.Oneeffec-
tive linking featurebetweenthe temporaland multivariate
views is the propagation of voxel subsetinformationspec-
i�ed in multivariateview to temporalview. Oncethe high-
light widgetsarede�ned in multivariateview, thehistogram
of thevoxel subsetis computedfor eachtimesteprevealing
the temporaltrend of the voxel subset.Another featureis
thelinking betweenTF widget in multivariateandtemporal
view. As theuserde�nes a temporalTF widget in temporal
view, thecorrespondingTF widgetwill beshown in multi-
variateview. Resizingor translatingaTF widgetupdatesthe
correspondingTF widget.Every time a TF widgetor a tem-
poralTF widget is movedor resized,thevolumerendering
in thespatialview is updated.

4. CaseStudies

In order to demonstratethe usefulnessof the new userin-
terface,we have conductedtwo casestudiesusinga com-
bustionsimulationdatasetanda hurricanesimulationdata
set.Thesestudiesshow how this interfacehelpsidentityand
specify featuresin spatial,variableand temporaldomains.
Thecombustiondatasetconsistsof 122timestepsand5 vari-
ables,whereeachvolumeis of size480x720x120.Thehurri-
canedatasetconsistsof 48timestepsand12variables,where
eachvolumeis of size500x500x100.Hardwareaccelerated
slice-basedvolume renderingis usedfor the spatialview.
In orderto keephigh interactivity in the multivariateview,
a downsampledvolumeis usedto draw correlationlines in
parallelcoordinates.

4.1. CaseI: Visualizing A Combustion Simulation

The goal of this casestudy is to verify the correlationbe-
tweenthreevariablesfrom thecombustiondataset.Thespe-
ci�c task is to seeif scalardissipation(c) andOH radical
(OH) spatiallyoverlapsor not nearthestoichiometricmix-
turefraction(mixf rac) iso-surfacewith iso-value=0.42.The
c andOH shouldbein thehighervaluerange.

Figure 3 (a) shows the multivariateview of the scalars
mixf rac, c and OH, which are mappedto the threeaxes
from bottomto top, respectively. An importantfunctional-
ity of this view is theability to specifya subsetof thedata
to highlight.This is accomplishedby selectingarangealong
oneaxis �rst, andre�ne asneededby selectingalongother
axes.Thelinesoriginatingfrom theselecteddatapointsare

highlighted,asshown in Figure3. Thesemi-transparentgray
lines betweenthe threeaxescorrespondto the entiresetof
voxels,andtheblue lines link theselectedvoxel subset.To
examinethe extent c andOH overlapnearmixf rac� 0.42,
at a particular time step,we �rst selecta small rangeof
mixf rac values(in blue) in the neighborhoodof 0.42,and
thenwe selectc values(in yellow). By observingthe data
rangeontheOH axiswherethesebluelinesfall, wearealso
hintedwhereto positiontheTF widget.The importantdata
rangehereis highOH wherethebluelinesdonotfall in. For
instance,this non-overlappingrangefor timestep39 is from
0.0013to 0.003.After obtainingthisnon-overlappingrange,
we cande�ne theredTF widgeton theOH axisto verify in
the spatialview if OH andc do not spatiallyoverlap.The
spatialview in Figure3 (c) shows thesimultaneousvolume
renderingof threevariables.We canverify the spatialcor-
relationanddetermineif theTF widgetshouldbemovedor
resized.

Thestepswe have takensofar do not guaranteethenon-
overlappingsituationholds for a time period. In fact, the
temporalview in Figure3 (b) revealstheinterval overwhich
c and OH do not overlap. However, this non-overlapping
rangemay vary over time andthe temporalview allows us
to quicklydeterminethetemporalbehavior of the�o w overa
particularperiodasshown in (b), wherethehighlightedblue
linesin (a)appearasablueband.ThetemporalTF widgetin
this casemaybeusedto de�ne thetransferfunctionfor OH
in a way suchthat thereis no overlapbetweentheredband
andbluebandin (b). This capabilityis powerful, especially
whenthe numberof timestepis large.Finally, we canalso
checktheevolving correlationbetweendifferentvariablesin
thespatialdomainwith thespatialview by steppingthrough
thetimesteps.

In thiscasestudy, thesimultaneousvisualizationsof mix-
ture fraction, portrayingthe �ame surface,was visualized
togetherwith othervariablessuchasOH, representingthe
the massfractionof the hydroxyl radical,andc, represent-
ing a local mixing rate.While in isolation thesequantities
arelargelymeaningless,togetherit is possibleto understand
how themixing is interactingwith thereactionandto iden-
tity theactively burning�ame surface.Theinterface,which
providesmultiple views andinteractive crossexplorationof
thedata,is proving usefulto developqualitativeunderstand-
ing, andit is expectedtheinterfacewill alsoproveveryuse-
ful to guidefurtherquantitativeanalysis.

4.2. CaseII: Visualizing A Hurricane Simulation

The goal of this casestudy is to �nd correlationsbetween
cloudmoisturemixing ratio(cloud), magnitudeof wind ve-
locity (wind speed), watervapormixing ratio (vapor), and
pressure. Two insights extracted from hurricanedatasets
throughourUI areexplainedbelow.

The �rst insight is obtainedfrom a spatial correlation
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Figure 3: Visualizationof the combustiondatasetto �nd negativespatial correlation betweenvariablesc and OH near the
iso-surfaceof mixf rac over time. Threecomponentsin our UI are shownincluding themultivariateview for timestep29 (a),
thetemporal view for threevariableswherex andy axescorrespondto timestepanddatavalue, respectively(b), andthespatial
viewsfor timestep2 and29 (c). In themultivariateview, theTF widgetsof c andmixf rac are usedasthebrushingtool, thus
highlightingvoxelsof yellowthin �ow featuresshownin thespatialview near theblue iso-surface. Thetemporal view shows
thehistogramof thevoxelsover timein blueaswell asthetemporal transferfunctions.

betweenwind speed, vapor, and pressure. Figure 4 (a)
shows that the high vapor region is correlatedto both the
low wind speedregion and high pressure region. This is
achievedby highlightingthevoxel subsetasnavy-bluelines
usingtheredTF widgetfor vapor asa brushingtool. Thus,
all the voxels of vapor in the range[0.18, 0.024]arehigh-
lighted. Even though the temporalresolutionof this data
set limits the quality of temporalinformationon the time-
histogram,we canobserve the samecorrelationin the en-
tire 48 timestepsasshown in Figure4 (b). This resultcor-
respondsto the fact that the high vapor region is spatially
locatedabove the seasurfacewhere pressure is high and
wind speedis low. It is importantto note that the insight
cannotbeobtainedwithout theparallelcoordinatebasedin-
terfacetightly linkedto timehistograms.With this interface,
thecorrelationsof two variablespairsaresimultaneouslyvi-
sualizedandsuchcorrelationsarehighlightedin time his-
togramof pressure andwind speed, wherethe highlighted
region is speci�ed by vapor. Oncethis global trendis dis-
coveredin thetemporalview, thetemporaltransferfunction
may be usedto capturethe trenddirectly on the time his-
togram.In Figure4, light blue,yellow, redandbluetemporal
transferfunctionsarede�ned for cloud, wind speed, vapor
and pressure, respectively. We can always go back to the
multivariateview to re�ne thetransferfunctionsandexplore
thedatain thespatialview.

Thesecondinsightgainedfrom Figure4 is how thehur-
ricanegains and losesits power over time. By observing
thehistogramof wind speedandpressure in temporalview
alongwith thecloudstructureof hurricanein spatialview, it
is foundthatwind speedof thehurricane�uctuatesovertime
while pressure in theeye of thehurricanekeepsdecreasing
until it landson the groundsurface.The procedureto de-
rive this observation throughtime-histogramsis explained
asfollows. Theblackregion in time-histogramcorresponds
to the region of zero or almost zero frequency counts.
Thus,theboundarybetweenblackandlight-grayareain the
time-histogramindicatesthe maximumdatavaluefor each
timestep.By observingtime-histogramof wind speedand
pressure, it is foundthatthemaximumvalueof wind speed
increasesrapidly from timestep1 to 7 whereasthe mini-
mumvalueof pressuredecreases.Fromthespatialview, we
cancon�rm that the cloud concentratedin a particularre-
gionstartsto spreadoverawidergeographicaldomainfrom
timestep1 to 7. We canalsocon�rm that the low pressure
region exists in the eye of hurricane.Thus,the characteris-
tics of hurricanewhenit is gainingpower arerevealeddur-
ing this timestepperiod.After timestep7, pressure keeps
decreasinguntil timestep37 whereaswind speed �uctu-
atesbut maintaineshigh value.After timestep37, themini-
mumpressurevaluestartsto increasewhereasthemaximum
wind speedstartsto decrease.In the spatialview, timestep
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37correspondsto thetiming whenthehurricaneapproaches
thegroundsurface.Hence,thedatacharacteristicsof hurri-
canewhenit losespowerarediscovered.

This casestudyalongwith the �rst onedemonstratesev-
eral unique featuresof our visualizationinterface and its
bene�tswhicharesummarizedasfollows.Firstly, theparal-
lel coordinatebasedinterfacein themultivariateview helps
theusergainquantitative informationsuchasdatarangesof
interest.Secondly, the temporalview helpsthe userto �nd
interestingstatisticaltemporalfeaturescoveringall thevox-
elsor its subset.Thirdly, while observingthecorrelationin-
formationpresentedin themultivariateandtemporalviews,
wecande�ne thefeaturestobevisualizedin thespatialview.

5. Conclusion

The designof the UI for a visualizationsystemis as im-
portantas that of the visual transformationsandrendering
techniques.A carefullydesignedinterfacecansigni�cantly
increasetheperformanceof theuseroncomplex visualanal-
ysistasks.WepresentaUI for visualizingtime-varyingmul-
tivariatevolume data.This interfaceis composedof three
tightly coupledviews characterizingthe data in different
spaces.Our casestudiesshow that this interfacegives the
userboth broaderanddeeperviews of the dataaswell as
moreexpressive power in specifyingher intent. In particu-
lar, the ability to detectandcapturethe correlationin both
multivariateand temporalview is shown useful using two
differentdatasets.The combustionsimulationscientistsac-
tually participatedin the �rst casestudyand found the UI
very desirable.We wereableto extractanddisplaya fairly
complex featurethatthey previouslycouldnot see.

For future work, alternative representationto show the
temporal correlation between variables may be desired
ratherthan the side-by-sidecomparisonin our currentde-
sign as the numberof variablesto be comparedincreases.
Also, theutilizationof severaldifferentstatisticalproperties
in timehistogramor parallelcoordinatesshouldbeexplored.
Finally, weanticipateto obtainmorefeedbacksfrom thesci-
entistsafterthey begin to routinelyusethis interfaceandthe
visualizationsystem,andwe canre�ne our designaccord-
ingly.
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