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ABSTRACT

Traditionally, time-varying data has beenvisualizedusing snap-

shotsof theindividual time stepsor ananimationof the snapshots

shavn in a sequentiamanner For larger datasetsvith mary time-
varyingfeaturesanimationcanbelimited in its use,asanobsener
canonly trackalimited numberof featureverthelastfew frames.
Visually inspectingeachsnapshots not practicaleitherfor a large
numberof time-steps.

We proposenew techniquesnspiredfrom theillustrationlitera-
tureto corvey changeover time moreeffectively in atime-varying
dataset.Speedlinesare usedextensiely by cartoonistgo cornvey
motion, speed,or changeover differentpanels. Flow ribbonsare
anothertechniqueusedby cartoonistgo depictmotionin a single
frame. Strobesilhouettesare usedto depictprevious positionsof
anobjectto corvey the previous positionsof the objectto the user
Theseillustration-inspiredtechniquescan be usedin conjunction
with animationto corvey changeovertime.

Keywords:  Flow visualization, Non-photorealisticrendering,
time-varyingdata,illustration

1 INTRODUCTION

Visualizationof time-varying datahasbeena challengingproblem
dueto thenatureandthesizeof thedatasetsThendve approacho

visualizingtime-varyingdatais to renderthethree-dimensionalol-

umeat eachindividual time stepusing standardvolumerendering
technique$2]. Thistechniqueeliesheavily ontheusersability to

identify andtrack regionsof interestover time. At the sametime,

thenumberof snapshotgeneratedanbequitehigh (100-3000)re-

quiring considerableffort for the userto track features.To reduce
this effort, we draw inspirationfrom theillustrationliteratureto en-
ableusto corvey changeover time moresuccinctly Time-varying
dataarethree-dimensionanapshotsf a processapturedat regu-

lar time intenals. Domainssuchascomputationaluid dynamics,
weatherforecastingandmedicalscangultrasound)generatdime-

varyingdata.

Time-varyingdatavisualizationconsistf threesteps.First, the
datasemmustbe analyzedo identify interestingfeatures.Featues
areregions of interestdependingon the scienti c domain. Fea-
ture extractioncanbe donemanuallywherea userselectdeatures,
semi-automaticallywherean algorithmidenti es featureswhich
are validatedby a user),or automaticallyidentifying featuresby
analyzingdifferent time steps. Attributesare identi ed for each
featureto quantifyit [17].

The secondstepin visualizingthesedatasetss featuie tracking.
The extractedfeatureg(from differenttime steps)aretracked over
thetime steps.Featuretrackingrequiresthe ability to identify the
featuresandcorrelatethemovertime.

Thethird stepis visualizingthis tracked informationalongwith
the actualtime-varyingdata. Thevisualizationcorveys thechange
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Figure 1: This illustration depicts the motion of a bird in ight with
the abstract path traversed by the bird and intermediate position
indications [13].

overtime in theunderlyingdata. Thefeatureextractionandfeature
trackingapproachs fairly commonin time-varying datasevisual-
ization[20].

Generallyidentifyingandvisualizingfeaturevertimeis apar
ticularly hardtask,evenfor thewell-trainedeye. The problemsare
numerousangingfrom thelargenumberof time stepshatareren-
deredto theability of the user/viever to identify andvisually track
a particularfeatureof interest. Thereis alwaysthe problemof oc-
clusionof the featureof interestby anotheruninterestingeature.
The problemwould be further complicatedby issuessuchasthe
large numberof featuresn eachtime step.

In anexperimentby Pylystyn [15], it wasfound thatobserers
cantracka maximumof ve independentlymoving objectsat the
sametime. As the speedof the maving objectsandthe numberof
objectsincreasesthe performancef the obserer droppedconsid-
erably The resultsof this experimentare particularly signi cant
becausehey sene asa motivation for our problemof effectively
depictingchangeover time for datasetgontainingmary features.
It is not uncommonto have 10-20featuresin a particulardataset
andthe experimentalresultsabove clearly statethatis impossible
for thehumanvisual systento tracktheir pathsover time.

lllustrationshave beenusedextensively to convey information
not easily corveyed by photographg7]. lllustrationsare ableto
corvey informationeasily drawing theviewer's attentionto theim-
portantdetailsandabstractinguttheirrelevantdetails.lllustrators
have usednumerougechniqueso depictchangeovertimein asin-
gleimage[14].

LeonardoDa Vinci in his treatiseon the the ight of birds[13]
writes “The lines of the movementsmadeby birds asthey rise are
of two kinds,onewhich is alwaysspiralin the mannerof a scrav,
andthe otheris rectilinearand curved. Thatbird will riseupto a
heightwhich by meansof a circular movementin the shapeof a
scrav malkesits re ex movementagainstthe coming of the wind
andagainstthe ight of thiswind, turning alwaysuponits right or
left side! To illustratethis effect, he drew the illustration repro-
ducedin Figurel thatdepictsthe motion of thebird in ight. The
illustration conveys the motion to the viewer by usinglinesto ap-
proximatethe pathtaken by the bird to ascendnto the sky. The
linesdo not connectexactpositionsof thebird asit took ight, but
is anabstractiorof thosepositions.lllustratorstendto rely moreon



Figure 2: This image depicts the motion of a feature in an experimental data set over time. The direction of motion of this feature is not clear

from these snapshots.
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Figure 3: These are a set of snapshotsfrom successivetime steps of a volume. As is evident from looking at the snapshots,it is very hard to
correlate and track a particular feature over di erent time steps. The problem partly lies in the fact that many features are very shat lived
which is why we usedthe coe cient of variation measureto identify stable, interesting features (illustration features).

abstractiorthanaccurag whencorveying changeover time.

The problemof ef ciently andsuccinctlydisplayinga minimal
setof imageghatcornveysinformationabouttheinteractionswithin
a time-varying datasetis still unsohed. We proposethe use of
illustration-inspiredNPR techniquego corvey changein the vol-
umetricdataovertime.

We have identi ed a few techniquedrom the illustration liter-
atureand apply themto depictchangeover time in time-varying
datasetsSpeedlinesreonesuchtechniquewhich follows features
and draws the users attentionto regions of interest. A group of
speedlinesogetherform o w ribbonsthatcornvey changeof afea-
tureovertimemoresuccinctly Researcheiis the eld of visualiza-
tion have usedopacity-basetechniqueso drav theusersattention
to a particularfeaturein a visualization[20]. We extendthis tech-
nigueto vary the opacity of featuresasthey transformover time.
We foundthat opacity-basedechniquesvhencoupledwith speed-
lines are a much strongerindicator of changeover time thanjust
usingopacity-basedechniques.

2 RELATED WORK

Researctin the eld of visualizingtime-varying datasethiasbeen
focusedaroundthe datato be visualized. Computationaluid dy-
namics(CFD) simulationded partof the earlyresearchn the eld
of visualizingtime varying data. Samtang et al. [17] werethe
rst to identify techniquesn the eld of computervision andex-
tend themfrom the two-dimensionaimagedomainto the three-
dimensionalvolume domain. Featureextraction techniquesand
featureattributeswereidenti ed. Featurerackingwasintroduced
in this paperandwaslaterimprovedby Silveretal. [20].

Time-varyingdatavisualizationcurrentlyfocuseson usingcom-
pressiorf18] andoptimizeddatastructuresandalgorithms[22, 24]
to managedataef ciently. Recentadvancesn graphicshardware
have also beenleveragedto interactvely visualize time-varying
data[12].

At the sametime, conveying information to the viewer using
non-traditionaltechniquess crucial. As the datasetgyet bigger
usingsmarttechniquedo convey theinformationcontainedwithin

the datasebecomesnoreimportant. Non-photorealisticendering
(NPR) hasshavn greatpromisein corveying information. Many
researchersave usedsuchNPRtechniquedor visualizingmedical
andscienti c dataset$16, 10,11, 3, 6]. Ma etal. [21] have applied
non-photorealisticenderingechniqueso time varyingdatavisual-
ization. They usedtechniquesuchasgradient silhouetteanddepth
enhancemertb provide morespatialandtemporalcues.Svakhine
etal. [23] have extendedvolume illustration techniqueq16] for
time-varying dataand have applied Schlierenand shadevgrapty
techniquedrom the eld of photograpl to corvey changeover
time.

3 APPROACH

Our approacthto time-varying datavisualizationis inspiredby the
illustrationliterature.We rst preprocesshetime stepsto analyze
themandidentify featuresof interest.In the secondstep,theiden-
tied featuresare correlatedbetweeneachtime stepto facilitate
tracking.In orderto trackafeature we calculatethe centroidof the
featureandtrackit overtime. Sincethecentroidof afeaturecanfall
outsidethe feature we alsotrack the extremepointsof the volume
ateachtime stepto provide uswith moreinformationfor tracking.
The centroidandthe extremepointsareusedby our techniquego
corvey thedirectionof motionof thefeatureovertime.

3.1 Featureidenti cation

We have usedfeature-gtracteddatafrom the Rutgersdatareposi-
tory. Every voxel in eachtime stephasanidenti er thatindicates
the o w featureat every time step,makingit possibleto track a
particularsetof ow features.

In this procesof enhancingherenderingto draw the users at-
tentionto regionsof interest,we rst needto identify featuresof
interestwhichwe shallcallillustration featuesto avoid confusion.

In the preprocessingtep,we analyzethe time-varying dataset
to identify o w featuresthat are mostactively moving (unstable),
mostly stableas well as signi cantly larger comparedto its sur
roundingfeatures.This preprocessingllows usto targeta certain



classof ow features(stable/unstablethat facilitiatesmore effec-
tive visualizations.

We de ne a quantity called the tempoal variation. Temporal
variation of a featureis de ned as a quantity that measureshe
amountof changethata featureundegoesover time. We usedthe
coefcient of variation (COV), a statisticalmeasuref the standard
deviation of avariable. The Coefcient of variationhasbeenused
for transferfunctiongeneratiorin time-varying data[8], for accel-
eratingvolumeanimation[19] andfor acceleratingherenderingof
time-varyingdatausing TSPtreeg[18, 4].

The COV for adatavalueis givenby:

s
o= —
oy

In the above equation,oy is the meanof the sampleoy; under
consideratiorover n time steps.sy is the standardieviation of oyt
fromits calculatednean.The COV c¢y is calculatedoy dividing the
deviation sy by the overall meanoy. A larger COV implies high
variation and less stability and similarly a smallervalue implies
morestability overtime,implying thatit maybeafeatureof interest
(illustrationfeature).

Temporalvariationis computedy comparingconsecutie time-
steps.For eachpair of consecutie time steps,we computea gra-
dientvolumethat containstemporalgradientsor eachvoxel. The
temporalCOV is thencomputedor the temporalgradients.Tem-
poralgradientgyive a senseof how the voxel densitychangedver
time for a particularvoxel.

We useanexperimentablataseto corvey theef cacy of thetech-
niguesandthenpresenbur resultson actualCFD data. In Figure
2, thefeatureis moving in acircularfashion,but it is notatall ap-
parentfrom visualizing the individual time stepsas shavn in the
gure. Figure3 shavsthesnapshot$or ve consecutie timesteps
in atime-varyingdatasetlt is evidentfrom these gures thattrack-
ing a particularfeatureovertimeis hard.

3.2 Speedlines

Speedlinesanbe de ned aslines that corvey informationto the
useraboutthepathtraversedby aparticularfeatureovertime. They
arebasicallylinesthatfollow a particularfeatureover time. Illus-
tratorshave usedspeedlineso corvey motionby alteringthe char
acteristicof thesdines. Thethicknesstheline-styleandvariation
of theopacityarethetypesof characteristic¢hatsuccessfullycon-
vey thechange.

For example,in Figure 4 the illustrator hasbeensuccessfuin
corveying the motion of the pitchers arm to the viewer [9]. In
particular the thicknessof thelinesis variedto shav the direction
of motionof the pitchers hand.lIt is alsoimportantto notethatthe
curwe tracingthe pitcher's armis smoothandnotirregular It is an
abstractiorof the actualmovementof a pitcher's arm. The motion
of the basebaltowardsthe viewer is successfullydepictedby the
speedlineshatstartoutthin to depictthe origin of motion, but later
thicken to imply the increasedntensity of force at that point and
thenagnin startthinningtowardsthe end.

lllustratorsusethicker, denseilines to represenblder time in-
stantsandlighter, thinnerlinesto represenhewer time steps.Fig-
ure 5 shaws anillustration with speedlines. The older lines are
thicker anddarker andthey getthinnerandlighter asthey approach
theman.

In Figure6 we have identi ed onefeatureandcorveyedits mo-
tion over twelve timesteps.To corvey the notion of time, we have
usedopacity basedspeedlinesThe darlker, thicker line depictsan
older time stepwhereashe lighter, thinnerregions of the speed-
line depicta morerecenttime step. By looking at Figure 6, it is
clearthatthe featuremoved from left to right. The characteristics
of the speedlinesare similar to that of Figure5. Theline styleis

Figure 4: This illustration shows the use of speedlinesto depict
motion of the pitcher in a single frame. lllustration provided courtesy
of Kunio Kondo [9].

Figure 5: This illustration usesspeedlinesto depict the running mo-
tion of the man. The lines get thinner and lighter as they approach
the running man. lllustration provided courtesy of HarperCollins pub-
lishersand Scott McCloud [14].

thicker and more opaquein older time instantsand thinner more
translucentowardsthe newvertime instants.

Figure 6: The image shows the use of speedlinesto depict motion
of the feature in the experimental dataset through twelve timesteps.
The translatory motion of the feature from left to right is depicted
using speedlines. The speedlinesget thinner just and transclucent as
they get closerto the latest timestep, just as Figure 5.

We appliedthe speedlinesechniqueto actual CFD datato de-
pict motion of a particularfeatureto get Figure 7. In this image,
the motion of the featureis clearly depictedusingspeedlinesThe
downward motion of the featureis clearly corveyed to a viewer
looking atthisimage.

Particle tracesconnecttrajectoriesof a particle over time [5].
Particle tracesare by de nition requiredto be faithful to the path
followed by the feature. A speedlinepn the otherhand,is an ex-
pressionof how anillustrator would depictthe samechange.The
speedlinespproximatehe pathtracedby the featureandincorpo-
ratethesmooth naturalstrokesof anillustratorto depictthemotion
of thefeature.Speedlinegliffer from particletracesin thattheline
propertienf speedlinesrevariedto depictthetemporalchange.

A streamline,by de nition [5], is a line that is tangentialto
the instantaneouselocity direction and generallya collection of
streamlinesreusedto corvey o w. Speedlinespnthe otherhand,
areusedto track the motion of a featureover a certaininterval of
timesteps.The goal of using speedliness not to corvey o w for
theentiretime-varyingdatasetbut to facilitatetrackinga featureof
interest. Figure 8 illustratesthe differencebetweenusing particle
tracesandspeedlines.The leftmostimagedepictsa particletrace
of thefeature themiddleandrightmostimagedepictits motionus-



Figure 8: This set of imageshighlights the di erence betweenparticle traces and the speedlinestechnique. The leftmost image depicts a particle
trace of the feature, the middle and rightmost image depict its motion using speedlines. In the middle image, we used alternate points from
the path traced by the feature and in the rightmost image we use one out of four points to generate speedlines.

Figure 7: The image depicts change over time in a feature for CFD
data. The downward motion of the o w feature is conveyed using
speedlines.

ing speedlinesin the middleimage,we usedalternatepointsfrom
the pathtracedby the featureandin the rightmostimagewe use
oneout of four pointsto generatespeedlines.Our speedlinesm-
agesaresimilar to the onesthatillustratorswould draw to convey
the motion of the feature. The speedlinesare smoothand corvey
thedirectionof motionto theviewer.

3.3 Flow Ribbons

Flow ribbonsare usedextensiely by illustratorsto shav motion.
Flow ribbonsare particularlyinterestingbecausehey occludeun-
derlyingregionsto depictchange.This facilitatesthe depictionof
motionovertime.

For example,in Figure9, theillustratorhasoccludedpartsof the
monsters legsto depictthe motion of his hand. At the sametime,
thesmallline sgmentsjnsidethe o w ribbon(nearhislegs),sene
asanabstractiorto represena simpli ed structureof theregion of
the legs occludedby the o w ribbon. Flow ribbonsconvey mor-
phologicalchangeof the featureaswell asthe pathof motion of
thefeaturefrom the rst time stepto thecurrenttime step.

To obtain o w ribbonsweidentify thecentroidof aselectedea-
turein everytime stepandwe usethatinformationto draw the ow
ribbons. An importantcharacteristidor o w ribbonsis that they
fadeinto the backgroundand stopshortof the feature. As canbe
seenin all the gures in Figure 10, this effect givesthe viewer an
opportunityto mentallycompletethe diagramby lling in thede-
tails. In this procesof mentallycompletingthe picture,the viewer
is corvincedof the changeovertime.

We de ne threedifferenttypesof ow ribbonsbasedon their

Figure 9: The ilustration depicts the motion of the monster's hand
using a ow ribbon. The region nea his thighs is occluded and is
abstracted using small lines within the o w ribbon. The small lines
conveyto the viewer the presenceof structure under the o w ribbon.
lllustration provided courtesy of HarperCollins publishers and Scott
McCloud [14].

complity. Thesimplest o w ribbonsarethe onesin which a pair
of speedlinesire consideredogetherto cornvey changeover time.
The secondtype of o w ribbonsare opaqueandoccludeunderly-
ing features.It senesto draw the users attentionto the featureof
interest. Thethird type of o w ribbonsusesmallline sggmentsto
abstractheunderlyingoccludedeatures Exampledor thesethree
typesof o w ribbonsareshavn in Figure10.

To obtaintheline segmentsoverlappingunderlyingfeaturesan
alphatestfollowed by a stenciltestis used. The alphatestchecks
for underlyingfeaturesandthe stenciltestdraws the line segments
ontheunderlyingfeatureto provide anabstractiorfor thatfeature.
Theline sgmentsaredynamicallygenerate@sthe volumeis ex-
plored. In Figure 11, the helical motion of the experimentaldata
featureis shavn using o w ribbons. The ow ribbonsdepicta
changeof motion alongthe pathof theribbons. As per Figure9,
theregionswherethe o w ribbonoccludesactualdata.theline seg-
mentsabstractheir presence.

We appliedthe o w ribbonstechniquedo CFD datato track a
featurein Figure 12. Theribbonsoccludethe underlyingfeature
andabstractsomepart of it by smallline sggmentsthat represent
the feature,similar to Figure9. The randommotion from bottom
left to upperright partof the gure is shavn using o w ribbons.

Looking atFigure12,themotionof thefeatureovertimeis con-
veyed. The motion of thefeaturewith respecto the otherfeatures



Figure 10: This set of images highlights the di erence between various types of o w ribbons. In their simplest form, o w ribbons are merely
pairs of speedlinesthat convey the change to the viewer. In the middle gure, the other extreme in which the region under the o w ribbon
is occluded by the ribbon to draw the viewer's attention to the moving feature and emphasizeits motion. In the rightmost gure, techniques
similar to Figure 9 were usedto generate the ribbons. Small line segmentswere usedto abstract features occluded by the o w ribbons.

Figure 11: The image depicts the helical motion of the experimental
data feature using ow ribbons. Just as in Figure 9, the occluded
features are abstracted using small line segments. The o w ribbon
gets thinner asthey get closerto the newest timestep.

in thescends clearly depicted.

3.4 Opacity modulation

lllustratorshave often usedtechniquesvherethey usea blurred,
desaturatedmageto depictan oldertime stepwhereasa brighter
moredetailedimagerepresents newer time step.

For this technique,we identify a particularinterestingfeature
andthenmemgetherenderingof thesnapshotsf eachtimestepnto
oneimage.At the sametime, we modulatethe opacityof the older
timestepsand make themlessopaqueanddull whereaghe newer
timestepsare more opaqueand the colors of the newer stepsare
brightercomparedo theoldertime steps.This providesinsightinto

Figure 12: The image depicts random motion of a o w feature using
ow ribbons. The feature moves from bottom right to upper left
corner. The features occluded by the ow ribbon are abstracted
using thin, small lines to representedthe underlying features.

theorigin of thefeatureandits paththroughmultiple timestepsWe

foundthatthe opacity-basedechniquesn conjunctionwith speed-
lineswereabettercombinatiorto cornvey thechangeovertimethan

opacity-basedechniques.

Figure 13 corveys the changeover multiple timestepsto the
viewer. The varying line thicknessandincreasinglevel of detail
conveys theleft-to-right motion of thehand.

We combinecdhistechniquewith our speedlinesechniqueo get
Figure14. Theoldertime stepis lesssaturatecanddull, whereas
the newer time stepis brighterandmorewell de ned comparedo
theblurredoldertime steps.This gure corveys the motion of the
feature from theleft uppercornerto theright bottomcorner to the
viewer usinga combinationof the two techniquesery effectively.
Justaswith the speedlinesechniquethethicknessof theolderline
decreaseastheline getscloserto the newertimestep.



Figure 13: This illustration conveysthe direction of motion of the
hand over time. They use low detail, thin lines for the older instants
of time and high detail, darker linesfor the latest positions of the hand
to conveythe motion. lllustration provided courtesy of HarperCollins
publishersand Scott McCloud [14].

Figure 14: The image conveyschangeover time using a combination
of the opacity-basedtechnique with the speedlinesbasedtechnique.
The translatory motion of the feature from upper left to bottom right
is conveyed by the image.

3.5 Strobesilhouettes

lllustratorshave usedstrobesilhouettego cornvey the previous po-

sitionsof the object. As canbe seenin Figure 15 the direction of

motionof theaxeis apparentrom thetrailing silhouette. Thestrobe
silhouettesareincreasingn their level of detail asthey getcloser
to the currentposition of the object. The oldesttime stephasthe
mostabstractjow level-of-detailsilhouette.Thetrailing silhouette
effect corvincingly corveys themotionof theaxe.

Figure 15: The image shows strobe silhouettes depicting motion over
time. The downward motion of the axe is conveyed using strobe
silhouettes. lllustration provided courtesy of Kunio Kondo [9].

To obtain strobe silhouettes,we precomputea direction-of-
motionvectorfor the feature. The dot productof the direction-of-
motionvectorwith the gradientvectorgivesusatrailing silhouette
for every time step. We combinethe silhouetteso getthe strobe
silhouetteeffect.

(Nf, mdionvedor) < 0=) Srobesihoudte

Figure 16 for the experimentaldataseusesstrobesilhouettedo

corvey atranslationin the horizontaldirectionto the viewer. The
featurestartsfrom the left extremeandtranslatego its currentpo-
sition.

Figure 16: The strobe silhouettes technique applied to the experi-
mental data set. The horizontal motion of the feature from left to
right is depicted using the strobe silhouettes technique.

Figure 17 shavs the upward motion of the o w featuresusing
strobesilhouettes. The direction-of-motionvector facilitatesthe
generatiorof trailing silhouettesThesilhouettesaarenotassmooth
asanillustratorwould drav themandwe arelooking at line-based
techniquedor strobesilhouettegeneratiorf1].

Figure 17: The strobe silhouettes technique applied to ow data.
The strobe silhouettes conveythe upward motion of the two features.
The direction-of-motion vector enablesthe generation of trailing sil-
houettes.

Strobesilhouettesare extremely effective in corveying the di-
rectionof motionto theviewer becausehey provide anabstraction
of pasttime steps. The viewer can mentally recreatethe motion
with thehelpof thesestrobesilhouetteandthathelpsin corveying
changeovertime to the viewer.

4 DISCUSSION

The suitability of thesetechniquess highly dependenon the type

of motion the featureundegoes. The strobesilhouettesor the

opacity-basetkchniquesrenotsuitablefor typesof motionwhere
thefeaturere-traceghe pathit hasfollowedbecausehesilhouettes
will overlapeachothermakingit harderfor the viewer to trackthe

featureanddisambiguatelder silhouetteswith newver ones. Sim-

ilarly, for opacity-basedechniquesan older timestepwill be oc-

cludedby newer timestepsandcancauseconfusionfor theviewer.

For suchmotion, the speedines or the o w ribbonswould be
moresuitable. Amongothertypesof motion,thespeedlinesiswell
asthe o w ribbonstechniquesvould be suitablefor twisting mo-
tion. Figurel1is a greatexamplethat depictsspiralmotion of the
featureusing o w ribbons.

Weknow thatall the o w featuresaremaving atall times. Sofar,
we have shavn the motion of a singlefeatureover time. We have
includedsomepreliminaryresultsin trackingmultiple o w features
over time. Figure 18 shows the motion of three features. Flow



ribbonsareusedto shav themotionof afeatureandspeedlinesre
usedfor the motion of the othertwo features.Since o w ribbons
occludeunderlying o w featureswe use o w ribbonsto depictthe
motionof higherpriority featuresandspeedlinesireusedfor lower
priority o w features.The centralfeatureis maoving leftwardsand
its motion is shavn usinga o w ribbon. The topmostfeatures
rightward motion andthe bottommosteatures leftward motionis
shawn usingspeedlines.

Figure 18: Multiple feature tracking using o w ribbons for the higher
priority o w feature and speedlinesfor the lower priority o w features.
The central feature's leftward motion is representedusinga o w rib-
bon. The rightward motion of the topmost feature and the leftward
motion of the bottommost feature is represented using speedlines.

This bringsusto the useof multiple techniquesn asinglevisu-
alization. We have alreadyseenthe combinationof speedlinesand
opacity-basedechniquesn Figure14. Figure19is anotherexam-
ple that uses o w ribbonsand opacity-basedechniqueto convey
changeover time. This is the actualmotion of the featurewhose
snapshotareshowvn in Figure2. It is evidentthatthis singleimage
(Figure19) effectively corveys therotationalmotion of thefeature
comparedo the ve snapshotsn Figure2. The combinationof
opacity-basedechniquesand o w ribbonsconciselycaptureshe
features rotationalmotion.

5 CONCLUSIONS

Visualizingtime-varying datasetss more challengingthanthree-
dimensional/olumevisualization.Eachdatasets madeup of mul-
tiple time stepsandrequiresanalysisto identify relevantfeatures.
To facilitatethe analysisof the data,the visualizationof datausing
illustration-inspiredechniquess proposedWe haveidenti ed and
substantiatedur claim by examplesproving thatour technique®f
usingspeedlines,o w ribbons,opacity-modulatiorand strobesil-
houettesare effective in cornveying changeover time. We propose
to conducta userstudyto substantiat@ur claimsandcon rm the
ef cacy of ourtechniquesFor the strobesilhouettegechniquewe
areinvesticating line-basedechniquesntroducedby Burnset al.
[1] to generatesmoothesilhouettezo morecloselyresembléllus-
tratedsilhouettes.
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