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ABSTRACT

Traditionally, time-varying datahasbeenvisualizedusing snap-
shotsof the individual time stepsor ananimationof thesnapshots
shown in a sequentialmanner. For largerdatasetswith many time-
varyingfeatures,animationcanbelimited in its use,asanobserver
canonly trackalimited numberof featuresoverthelastfew frames.
Visually inspectingeachsnapshotis not practicaleitherfor a large
numberof time-steps.

We proposenew techniquesinspiredfrom theillustrationlitera-
tureto convey changeover time moreeffectively in a time-varying
dataset.Speedlinesareusedextensively by cartooniststo convey
motion, speed,or changeover differentpanels.Flow ribbonsare
anothertechniqueusedby cartooniststo depictmotion in a single
frame. Strobesilhouettesareusedto depictprevious positionsof
anobjectto convey thepreviouspositionsof theobjectto theuser.
Theseillustration-inspiredtechniquescan be usedin conjunction
with animationto convey changeover time.

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

1 I NTRODUCTI ON

Visualizationof time-varyingdatahasbeena challengingproblem
dueto thenatureandthesizeof thedatasets.Thenä�veapproachto
visualizingtime-varyingdatais to renderthethree-dimensionalvol-
umeat eachindividual time stepusingstandardvolumerendering
techniques[2]. This techniquereliesheavily on theuser'sability to
identify andtrack regionsof interestover time. At thesametime,
thenumberof snapshotsgeneratedcanbequitehigh(100-3000),re-
quiring considerableeffort for theuserto trackfeatures.To reduce
thiseffort, wedraw inspirationfrom theillustrationliteratureto en-
ableusto convey changeover time moresuccinctly. Time-varying
dataarethree-dimensionalsnapshotsof aprocesscapturedat regu-
lar time intervals. Domainssuchascomputational�uid dynamics,
weatherforecastingandmedicalscans(ultrasound)generatetime-
varyingdata.

Time-varyingdatavisualizationconsistsof threesteps.First, the
datasetmustbeanalyzedto identify interestingfeatures.Features
are regions of interestdependingon the scienti�c domain. Fea-
tureextractioncanbedonemanuallywherea userselectsfeatures,
semi-automatically(wherean algorithm identi�es featureswhich
are validatedby a user),or automaticallyidentifying featuresby
analyzingdifferent time steps. Attributesare identi�ed for each
featureto quantifyit [17].

Thesecondstepin visualizingthesedatasetsis feature tracking.
Theextractedfeatures(from differenttime steps)aretrackedover
the time steps.Featuretrackingrequirestheability to identify the
featuresandcorrelatethemover time.

Thethird stepis visualizingthis trackedinformationalongwith
theactualtime-varyingdata.Thevisualizationconveys 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].

over time in theunderlyingdata.Thefeatureextractionandfeature
trackingapproachis fairly commonin time-varyingdatasetvisual-
ization[20].

Generally, identifyingandvisualizingfeaturesovertimeis apar-
ticularly hardtask,evenfor thewell-trainedeye. Theproblemsare
numerousrangingfrom thelargenumberof timestepsthatareren-
deredto theability of theuser/viewer to identify andvisually track
a particularfeatureof interest.Thereis alwaystheproblemof oc-
clusionof the featureof interestby anotheruninterestingfeature.
The problemwould be further complicatedby issuessuchas the
largenumberof featuresin eachtimestep.

In anexperimentby Pylyshyn [15], it wasfound thatobservers
cantrack a maximumof � ve independentlymoving objectsat the
sametime. As thespeedof themoving objectsandthenumberof
objectsincreases,theperformanceof theobserver droppedconsid-
erably. The resultsof this experimentareparticularlysigni�cant
becausethey serve asa motivation for our problemof effectively
depictingchangeover time for datasetscontainingmany features.
It is not uncommonto have 10-20featuresin a particulardataset
andthe experimentalresultsabove clearly statethat is impossible
for thehumanvisualsystemto tracktheirpathsover time.

Illustrationshave beenusedextensively to convey information
not easily conveyed by photographs[7]. Illustrationsare able to
convey informationeasily, drawing theviewer'sattentionto theim-
portantdetailsandabstractingout theirrelevantdetails.Illustrators
haveusednumeroustechniquesto depictchangeover time in asin-
gle image[14].

LeonardoDa Vinci in his treatiseon the the �ight of birds [13]
writes“The linesof themovementsmadeby birdsasthey riseare
of two kinds,onewhich is alwaysspiral in themannerof a screw,
andthe otheris rectilinearandcurved. That bird will rise up to a
heightwhich by meansof a circular movementin the shapeof a
screw makes its re�ex movementagainst the comingof the wind
andagainstthe�ight of this wind, turningalwaysuponits right or
left side.” To illustrate this effect, he drew the illustration repro-
ducedin Figure1 thatdepictsthemotionof thebird in �ight. The
illustrationconveys themotion to theviewer by usinglines to ap-
proximatethe path taken by the bird to ascendinto the sky. The
linesdo not connectexactpositionsof thebird asit took �ight, but
is anabstractionof thosepositions.Illustratorstendto 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.

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 short lived
which is why we used the coe�cient of variation measureto identify stable, interesting features (illustration features).

abstractionthanaccuracy whenconveying changeover time.
Theproblemof ef�ciently andsuccinctlydisplayinga minimal

setof imagesthatconveysinformationabouttheinteractionswithin
a time-varying datasetis still unsolved. We proposethe useof
illustration-inspiredNPR techniquesto convey changein the vol-
umetricdataover time.

We have identi�ed a few techniquesfrom the illustration liter-
atureandapply themto depict changeover time in time-varying
datasets.Speedlinesareonesuchtechniquewhich follows features
anddraws the user's attentionto regionsof interest. A groupof
speedlinestogetherform �o w ribbonsthatconvey changeof a fea-
tureovertimemoresuccinctly. Researchersin the�eld of visualiza-
tion haveusedopacity-basedtechniquesto draw theuser'sattention
to a particularfeaturein a visualization[20]. We extendthis tech-
niqueto vary the opacityof featuresasthey transformover time.
We foundthatopacity-basedtechniqueswhencoupledwith speed-
lines area muchstrongerindicatorof changeover time than just
usingopacity-basedtechniques.

2 REL ATED WORK

Researchin the �eld of visualizingtime-varyingdatasetshasbeen
focusedaroundthedatato bevisualized.Computational�uid dy-
namics(CFD) simulationsledpartof theearlyresearchin the�eld
of visualizing time varying data. Samtaney et al. [17] were the
�rst to identify techniquesin the �eld of computervision andex-
tend them from the two-dimensionalimagedomainto the three-
dimensionalvolume domain. Featureextraction techniquesand
featureattributeswereidenti�ed. Featuretrackingwasintroduced
in thispaperandwaslaterimprovedby Silveretal. [20].

Time-varyingdatavisualizationcurrentlyfocusesonusingcom-
pression[18] andoptimizeddatastructuresandalgorithms[22, 24]
to managedataef�ciently . Recentadvancesin graphicshardware
have also beenleveragedto interactively visualize time-varying
data[12].

At the sametime, conveying information to the viewer using
non-traditionaltechniquesis crucial. As the datasetsget bigger,
usingsmarttechniquesto convey theinformationcontainedwithin

thedatasetbecomesmoreimportant.Non-photorealisticrendering
(NPR) hasshown greatpromisein conveying information. Many
researchershaveusedsuchNPRtechniquesfor visualizingmedical
andscienti�c datasets[16, 10,11,3, 6]. Ma etal. [21] haveapplied
non-photorealisticrenderingtechniquesto timevaryingdatavisual-
ization.They usedtechniquessuchasgradient,silhouetteanddepth
enhancementto provide morespatialandtemporalcues.Svakhine
et al. [23] have extendedvolume illustration techniques[16] for
time-varying dataand have appliedSchlierenand shadowgraphy
techniquesfrom the �eld of photography to convey changeover
time.

3 APPROACH

Our approachto time-varyingdatavisualizationis inspiredby the
illustrationliterature.We �rst preprocessthetime stepsto analyze
themandidentify featuresof interest.In thesecondstep,theiden-
ti�ed featuresare correlatedbetweeneachtime stepto facilitate
tracking.In orderto trackafeature,wecalculatethecentroidof the
featureandtrackit overtime. Sincethecentroidof afeaturecanfall
outsidethefeature,we alsotracktheextremepointsof thevolume
at eachtime stepto provide uswith moreinformationfor tracking.
Thecentroidandtheextremepointsareusedby our techniquesto
convey thedirectionof motionof thefeatureover time.

3.1 Feature identi�cation

We have usedfeature-extracteddatafrom theRutgersdatareposi-
tory. Every voxel in eachtime stephasan identi�er that indicates
the �o w featureat every time step,making it possibleto track a
particularsetof �o w features.

In this processof enhancingtherenderingto draw theuser's at-
tentionto regionsof interest,we �rst needto identify featuresof
interest,whichweshallcall illustrationfeaturesto avoid confusion.

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



classof �o w features(stable/unstable)that facilitiatesmoreeffec-
tivevisualizations.

We de�ne a quantity called the temporal variation. Temporal
variation of a featureis de�ned as a quantity that measuresthe
amountof changethata featureundergoesover time. We usedthe
coef�cient of variation (COV), a statisticalmeasureof thestandard
deviation of a variable.TheCoef�cient of variationhasbeenused
for transferfunctiongenerationin time-varyingdata[8], for accel-
eratingvolumeanimation[19] andfor acceleratingtherenderingof
time-varyingdatausingTSPtrees[18, 4].

TheCOV for adatavalueis givenby:

cv =
sv

ōv

In the above equation,ōv is the meanof the sampleov;t under
considerationover n time steps.s v is thestandarddeviation of ov;t
from its calculatedmean.TheCOV cv is calculatedby dividing the
deviation sv by the overall meanōv. A larger COV implies high
variation and lessstability and similarly a smallervalue implies
morestabilityovertime,implying thatit maybeafeatureof interest
(illustrationfeature).

Temporalvariationis computedby comparingconsecutive time-
steps.For eachpair of consecutive time steps,we computea gra-
dientvolumethatcontainstemporalgradientsfor eachvoxel. The
temporalCOV is thencomputedfor the temporalgradients.Tem-
poralgradientsgive a senseof how thevoxel densitychangedover
time for aparticularvoxel.

Weuseanexperimentaldatasettoconvey theef�cacy of thetech-
niquesandthenpresentour resultson actualCFD data. In Figure
2, thefeatureis moving in a circular fashion,but it is not at all ap-
parentfrom visualizing the individual time stepsasshown in the
�gure. Figure3 shows thesnapshotsfor � ve consecutive timesteps
in a time-varyingdataset.It is evidentfrom these�gures thattrack-
ing aparticularfeatureover time is hard.

3.2 Speedlines

Speedlinescanbe de�ned as lines that convey informationto the
useraboutthepathtraversedby aparticularfeatureovertime. They
arebasicallylines that follow a particularfeatureover time. Illus-
tratorshave usedspeedlinesto convey motionby alteringthechar-
acteristicsof theselines.Thethickness,theline-styleandvariation
of theopacityarethetypesof characteristicsthatsuccessfullycon-
vey thechange.

For example,in Figure4 the illustrator hasbeensuccessfulin
conveying the motion of the pitcher's arm to the viewer [9]. In
particular, thethicknessof thelines is variedto show thedirection
of motionof thepitcher's hand.It is alsoimportantto notethatthe
curve tracingthepitcher's armis smoothandnot irregular. It is an
abstractionof theactualmovementof a pitcher's arm. Themotion
of the baseballtowardsthe viewer is successfullydepictedby the
speedlinesthatstartout thin to depicttheorigin of motion,but later
thicken to imply the increasedintensityof force at that point and
thenagainstartthinningtowardstheend.

Illustratorsusethicker, denserlines to representolder time in-
stantsandlighter, thinnerlinesto representnewer time steps.Fig-
ure 5 shows an illustration with speedlines.The older lines are
thickeranddarkerandthey getthinnerandlighterasthey approach
theman.

In Figure6 we have identi�ed onefeatureandconveyedits mo-
tion over twelve timesteps.To convey thenotionof time, we have
usedopacitybasedspeedlines.Thedarker, thicker line depictsan
older time stepwhereasthe lighter, thinner regionsof the speed-
line depicta morerecenttime step. By looking at Figure6, it is
clearthat the featuremoved from left to right. Thecharacteristics
of the speedlinesaresimilar to that of Figure5. The line style is

Figure 4: This illustration shows the use of speedlines to depict
motion of the pitcher in a single frame. Illustration 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. Illustration provided courtesy of HarperCollinspub-
lishers and Scott McCloud [14].

thicker andmoreopaquein older time instantsandthinner, more
translucenttowardsthenewer time instants.

Figure 6: The image shows the use of speedlines to 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 closer to the latest timestep, just as Figure 5.

We appliedthe speedlinestechniqueto actualCFD datato de-
pict motion of a particularfeatureto get Figure7. In this image,
themotionof thefeatureis clearlydepictedusingspeedlines.The
downward motion of the featureis clearly conveyed to a viewer
lookingat this image.

Particle tracesconnecttrajectoriesof a particle over time [5].
Particle tracesareby de�nition requiredto be faithful to the path
followedby the feature.A speedline,on theotherhand,is an ex-
pressionof how an illustratorwould depictthesamechange.The
speedlinesapproximatethepathtracedby thefeatureandincorpo-
ratethesmooth,naturalstrokesof anillustratorto depictthemotion
of thefeature.Speedlinesdiffer from particletracesin thattheline
propertiesof speedlinesarevariedto depictthetemporalchange.

A streamline,by de�nition [5], is a line that is tangentialto
the instantaneousvelocity direction and generallya collection of
streamlinesareusedto convey �o w. Speedlines,on theotherhand,
areusedto track the motion of a featureover a certaininterval of
timesteps.The goal of usingspeedlinesis not to convey �o w for
theentiretime-varyingdataset,but to facilitatetrackingafeatureof
interest. Figure8 illustratesthe differencebetweenusingparticle
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 speedlines.In themiddleimage,we usedalternatepointsfrom
the path tracedby the featureand in the rightmostimagewe use
oneout of four pointsto generatespeedlines.Our speedlinesim-
agesaresimilar to theonesthat illustratorswould draw to convey
the motion of the feature. The speedlinesaresmoothandconvey
thedirectionof motionto theviewer.

3.3 Flow Ribbons

Flow ribbonsareusedextensively by illustratorsto show motion.
Flow ribbonsareparticularlyinterestingbecausethey occludeun-
derlyingregionsto depictchange.This facilitatesthedepictionof
motionover time.

For example,in Figure9, theillustratorhasoccludedpartsof the
monster's legsto depictthemotionof his hand.At thesametime,
thesmallline segments,insidethe�o w ribbon(nearhis legs),serve
asanabstractionto representa simpli�ed structureof theregion of
the legs occludedby the �o w ribbon. Flow ribbonsconvey mor-
phologicalchangeof the featureaswell as the pathof motion of
thefeaturefrom the�rst timestepto thecurrenttimestep.

To obtain�o w ribbons,weidentify thecentroidof aselectedfea-
turein every timestepandweusethatinformationto draw the�o w
ribbons. An importantcharacteristicfor �o w ribbonsis that they
fadeinto the backgroundandstopshortof the feature.As canbe
seenin all the �gures in Figure10, this effect givestheviewer an
opportunityto mentallycompletethediagramby �lling in thede-
tails. In this processof mentallycompletingthepicture,theviewer
is convincedof thechangeover time.

We de�ne threedifferent typesof �o w ribbonsbasedon their

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

complexity. Thesimplest�o w ribbonsaretheonesin which a pair
of speedlinesareconsideredtogetherto convey changeover time.
Thesecondtypeof �o w ribbonsareopaqueandoccludeunderly-
ing features.It servesto draw theuser's attentionto thefeatureof
interest.Thethird typeof �o w ribbonsusesmall line segmentsto
abstracttheunderlyingoccludedfeatures.Examplesfor thesethree
typesof �o w ribbonsareshown in Figure10.

To obtainthe line segmentsoverlappingunderlyingfeatures,an
alphatestfollowedby a stenciltestis used.Thealphatestchecks
for underlyingfeaturesandthestenciltestdraws theline segments
on theunderlyingfeatureto provide anabstractionfor thatfeature.
The line segmentsaredynamicallygeneratedasthevolumeis ex-
plored. In Figure11, the helical motion of the experimentaldata
featureis shown using �o w ribbons. The �o w ribbonsdepict a
changeof motion alongthe pathof the ribbons. As per Figure9,
theregionswherethe�o w ribbonoccludesactualdata,theline seg-
mentsabstracttheir presence.

We appliedthe �o w ribbonstechniquesto CFD datato track a
featurein Figure12. The ribbonsoccludethe underlyingfeature
andabstractsomepart of it by small line segmentsthat represent
the feature,similar to Figure9. The randommotion from bottom
left to upperright partof the�gure is shown using�o w ribbons.

LookingatFigure12,themotionof thefeatureover time is con-
veyed. Themotionof thefeaturewith respectto theotherfeatures



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 used to generate the ribbons. Small line segmentswere used to abstract features occluded by the 
o w ribbons.

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

in thesceneis clearlydepicted.

3.4 Opacity modulation

Illustratorshave often usedtechniqueswherethey usea blurred,
desaturatedimageto depictanolder time stepwhereasa brighter,
moredetailedimagerepresentsanewer timestep.

For this technique,we identify a particular interestingfeature
andthenmergetherenderingof thesnapshotsof eachtimestepinto
oneimage.At thesametime,we modulatetheopacityof theolder
timestepsandmake themlessopaqueanddull whereasthe newer
timestepsare more opaqueand the colors of the newer stepsare
brightercomparedto theoldertimesteps.Thisprovidesinsightinto

Figure 12: The image depicts random motion of a 
o w feature using

o w ribbons. The feature moves from bottom right to upper left
corner. The features occluded by the 
o w ribbon are abstracted
using thin, small lines to represented the underlying features.

theorigin of thefeatureandits paththroughmultipletimesteps.We
foundthattheopacity-basedtechniquesin conjunctionwith speed-
lineswereabettercombinationto convey thechangeovertimethan
opacity-basedtechniques.

Figure 13 conveys the changeover multiple timestepsto the
viewer. The varying line thicknessand increasinglevel of detail
conveys theleft-to-rightmotionof thehand.

Wecombinedthistechniquewith ourspeedlinestechniqueto get
Figure14. The older time stepis lesssaturatedanddull, whereas
thenewer time stepis brighterandmorewell de�ned comparedto
theblurredolder time steps.This �gure conveys themotionof the
feature,from theleft uppercornerto theright bottomcorner, to the
viewer usinga combinationof thetwo techniquesvery effectively.
Justaswith thespeedlinestechnique,thethicknessof theolderline
decreasesastheline getscloserto thenewer timestep.



Figure 13: This illustration conveys the 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 convey the motion. Illustration provided courtesy of HarperCollins
publishers and Scott McCloud [14].

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

3.5 Strobesilhouettes

Illustratorshave usedstrobesilhouettesto convey thepreviouspo-
sitionsof the object. As canbe seenin Figure15 the directionof
motionof theaxeisapparentfromthetrailingsilhouette.Thestrobe
silhouettesareincreasingin their level of detail asthey get closer
to the currentpositionof the object. The oldesttime stephasthe
mostabstract,low level-of-detailsilhouette.Thetrailing silhouette
effect convincingly conveys themotionof theaxe.

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

To obtain strobe silhouettes,we precomputea direction-of-
motionvectorfor the feature.Thedot productof thedirection-of-
motionvectorwith thegradientvectorgivesusa trailing silhouette
for every time step. We combinethe silhouettesto get the strobe
silhouetteeffect.

(Ñ fn � motionvector) < 0 =) Strobesilhouette

Figure16 for theexperimentaldatasetusesstrobesilhouettesto

convey a translationin thehorizontaldirectionto theviewer. The
featurestartsfrom theleft extremeandtranslatesto 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.

Figure17 shows the upward motion of the �o w featuresusing
strobesilhouettes. The direction-of-motionvector facilitatesthe
generationof trailing silhouettes.Thesilhouettesarenotassmooth
asanillustratorwould draw themandwe arelooking at line-based
techniquesfor strobesilhouettegeneration[1].

Figure 17: The strobe silhouettes technique applied to 
o w 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 conveying the di-
rectionof motionto theviewerbecausethey provideanabstraction
of pasttime steps. The viewer canmentally recreatethe motion
with thehelpof thesestrobesilhouettesandthathelpsin conveying
changeover time to theviewer.

4 DI SCUSSI ON

Thesuitability of thesetechniquesis highly dependenton thetype
of motion the featureundergoes. The strobesilhouettesor the
opacity-basedtechniquesarenotsuitablefor typesof motionwhere
thefeaturere-tracesthepathit hasfollowedbecausethesilhouettes
will overlapeachothermakingit harderfor theviewer to trackthe
featureanddisambiguateolder silhouetteswith newer ones.Sim-
ilarly, for opacity-basedtechniquesan older timestepwill be oc-
cludedby newer timestepsandcancauseconfusionfor theviewer.

For suchmotion, the speedlines or the �o w ribbonswould be
moresuitable.Amongothertypesof motion,thespeedlinesaswell
asthe �o w ribbonstechniqueswould be suitablefor twisting mo-
tion. Figure11 is a greatexamplethatdepictsspiralmotionof the
featureusing�o w ribbons.

Weknow thatall the�o w featuresaremoving atall times.Sofar,
we have shown themotionof a singlefeatureover time. We have
includedsomepreliminaryresultsin trackingmultiple�o w features
over time. Figure 18 shows the motion of threefeatures. Flow



ribbonsareusedto show themotionof a featureandspeedlinesare
usedfor the motion of the othertwo features.Since�o w ribbons
occludeunderlying�o w features,weuse�o w ribbonsto depictthe
motionof higherpriority featuresandspeedlinesareusedfor lower
priority �o w features.Thecentralfeatureis moving leftwardsand
its motion is shown using a �o w ribbon. The topmostfeature's
rightwardmotionandthebottommostfeature's leftwardmotion is
shown usingspeedlines.

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

This bringsusto theuseof multiple techniquesin a singlevisu-
alization.We have alreadyseenthecombinationof speedlinesand
opacity-basedtechniquesin Figure14. Figure19 is anotherexam-
ple that uses�o w ribbonsandopacity-basedtechniqueto convey
changeover time. This is the actualmotion of the featurewhose
snapshotsareshown in Figure2. It is evidentthatthissingleimage
(Figure19) effectively conveys therotationalmotionof thefeature
comparedto the � ve snapshotsin Figure 2. The combinationof
opacity-basedtechniquesand�o w ribbonsconciselycapturesthe
feature's rotationalmotion.

5 CONCL USI ONS

Visualizing time-varying datasetsis morechallengingthan three-
dimensionalvolumevisualization.Eachdatasetis madeupof mul-
tiple time stepsandrequiresanalysisto identify relevant features.
To facilitatetheanalysisof thedata,thevisualizationof datausing
illustration-inspiredtechniquesis proposed.Wehaveidenti�ed and
substantiatedourclaimby examplesproving thatour techniquesof
usingspeedlines,�o w ribbons,opacity-modulationandstrobesil-
houettesareeffective in conveying changeover time. We propose
to conducta userstudyto substantiateour claimsandcon�rm the
ef�cacy of our techniques.For thestrobesilhouettestechnique,we
are investigating line-basedtechniquesintroducedby Burnset al.
[1] to generatesmoothersilhouettesto morecloselyresembleillus-
tratedsilhouettes.
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