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Abstract

This paperlays thegroundwork for comparingflow visualizations
usingstreamlinesandline integralconvolution(LIC). Ourapproach
is to identify anddefinerelevant parametersin eachof theseflow
visualizationtechniques.Mappingstrategiesarethendesignedto
generateLIC-lik e imagesfrom streamlinesandstreamline-like im-
agesfrom LIC. Theresultis a techniquewhichwecall pseudo-LIC
or PLIC. The main contribution beingreportedin this paperis a
methodologyfor flexibly generatingflow visualizationsthat span
thespectrumof streamline-like to LIC-lik e. Amongtheadvantages
are: performancespeedupsover LIC, applicabilityto time varying
datasets,andvariable-speedanimation.

Key Words and Phrases: unsteadyflow, variablespeedanima-
tion, jitter, texturemapping,comparative visualization.

1 INTRODUCTION

Thiswork attemptsto bridgethegapbetweenstreamlinesandLIC
by producingflow visualizationsthatvarycontinuouslyfrom being
streamline-like to LIC-lik e in appearance.Thesetwo seemingly
disparatetechniquesareoftenusedto studythesamephenomenon
in fluid flow overasurface.Ultimately, wehopeto getabetteridea
on how to comparethe flow featuresin visualizationsgenerated
usingstreamlinesandLIC.

BothstreamlinesandtheLIC methodshaveadvantagesanddis-
advantages.Streamlinesaregeneratedby advectingamasslesspar-
ticle from aninitial seedlocationandtrackingits pathusingpoly-
lines.They arestraightforwardandrelatively cheapto compute,are
naturallyextendedto 3D,andprovideacontinuous,coherentimage
of theflow pattern.However, theflow patternsarealsonotoriously
dependenton the seedplacement,needto be computedin physi-
cal space,andnot directly extendibleto time varying datasets–
streaklines,beingthemoreappropriatemethodthere.LIC images
aregeneratedby coloringeachpixel accordingto a convolution of
an input noisetexture with a one dimensionalfilter kernel along
a streamlinepassingthroughthat pixel. They are also relatively
straightforward to compute,canbe donein computationalspace,
andgiveadenseview of theflow withoutclutteringthedisplay. On
theotherhand,they aremoreexpensive thanstreamlines,difficult
to extendto 3D, andmaysuffer from graininessor poorcontrast.

One of the goalswe hope to achieve is to take advantageof
the strengthsof both techniques.Our approachtowardsthis end
is to provideuserswith enoughflexibility to selectaflow visualiza-
tion parameterizationwithin thespectrumspanningstreamlinesand
LIC. Specifically, wewouldliketo identify thevisualizationparam-
etersfor streamlinesandfor LIC, understandhow theseaffect the
resultingvisualization,andfind a commonor correspondingsetof
parametersto simulateonemethodwith theother.

The next sectionprovides somerelevant backgroundmaterial
thathighlightssomeof theissuesof streamlinesandLIC. We then

presentonepossiblemappingof oneflow visualizationmethodwith
another. This is followed by a formalizationof the PLIC method
anddiscussionof issuessuchasseedplacement,performance,ex-
tensionto timevaryingdatasets,variable-speedanimationandlim-
itations.Weconcludewith someadditionalideasfor futurework.

2 RELATED WORK

Streamlinesgive a globalview of theflow features.However, the
presentationsuffersfromvisualartifactsthatresultfromseedplace-
ment. To addressthis problem,image-guidedstrategieswerepro-
posedto give a moreuniformly distributedsetof streamlines[17],
andwassubsequentlyimprovedto convergefaster[10]. In addition,
therehave alsobeenpreviousefforts in animatingsteadyflows us-
ing color tableanimation[7] andcyclical setof textures[9].

In 1993,CabralandLeedom[1] introduceda new methodfor
visualizing2D vectorfieldscalledline integralconvolutionor LIC.
Sincethen,a numberof papershave appearedthat expandedthe
scopeandusefulnessaswell asimproved andrefinedthe original
work. The list includesanimationof steadyflows [19, 5] andun-
steadyflows [15, 14, 6], useof color to show flow properties[13],
extensionto curvilineargrids[5], improvementsto LIC appearance
[12, 11], improvementin speed[16], andextensionsto 3D [8].

In generalterms,thevisualappearanceof PLIC is very similar
to thoseof LIC images,spotnoise[18, 3], andtexturedstreamlines
[9]. Wenow describeourapproachandhow it differsfrom previous
work.

3 MAPPING STRATEGIES

Ourgeneralstrategy is to identify andunderstandhow thedifferent
parametersfor streamlinesandLIC affect the resultingvisualiza-
tion. As a first attemptto understandthe differencesbetweenthe
two techniquesandhave theability to comparethem,we explored
waysto generateimagesthatlookedlikestreamlinesusingthebasic
LIC algorithm. Thenext stepwasto usethestreamlinemethodto
generateimagesthatlook likeLIC. Wemanipulatedtheparameters
of bothmethodsto getabetterunderstandingof thetechniques.

Theparameterlist for thetwo differentmethodsareasexpected.
For streamlines,they areseedingdensityand/orstrategy, integra-
tion methodandassociatedparameters,whetherbackwardintegra-
tion is doneor not,andthicknessof streamlines.For LIC, they are
propertiesof the input texture, type of filter usedfor convolution,
how particleadvectionis done,integrationmethodandassociated
parameters.Weexperimentwith someof theseparametersbelow.

3.1 LIC to Streamlines

One of the important stepsin the LIC algorithm is to generate
streamlinesbeforeconvolving themwith theinput texture. We ex-
perimentedwith several input textures.Wewantedto studytheef-
fectof usingpatternsotherthanrandomnoise.Someof thepatterns



weexperimentedwith andthecorrespondingLIC imagesareshown
in Figure� 1. Ourexperimentsdemonstratedthatthereasonwhy LIC
workssowell is becauseof thelack of correlationin theinput tex-
ture.Any correlationin theinput texturewouldgetstrengthenedin
waysdependenton theflow field, andshow up in theoutputimage
asartifacts. Figure1 shows someinput patternswe experimented
with andthecorrespondingLIC imagesof thebluntfindataset.

Figure 1: Input patternsand the correspondingLIC imagesof
the bluntfin dataset.Note that aliasingartifactsand the bandsof
brighterregionsmovearoundastheinput textureis changed.

We observed that theLIC algorithmsmearsthe input texture in
thedirectionof theflow. Thisbehavior is muchsimilar to thephys-
ical experimentsconductedto study the fluid flow by injecting a
coloreddye in the fluid [13] (or particles:seealbum of fluid flow
[4]). Sucha processcanbesimulatedby usingtheLIC algorithm
in thefollowing way:

(x,y) = seed point for streamline;

// set the seed point in the input texture

set InputImage = 0;
set InputImage(x,y) = 255;

// generate "streamline"

repeat
OutputImage = LIC(InputImage);
If a pixel in OutputImage != 0, make it 255;
InputImage = OutputImage;

until (satisfied);

Theresultof applying40iterationsto therepeatloopcanbeseen
in Figure2.

Although the above techniquecanbe usedto generatestream-
lines,it is highly inefficient. Thepurposeof thetechniqueis not to
generatestreamlinesusingLIC but to aid in understandingthegap
betweenstreamlinesandLIC. For example,the strategy outlined
abovebasicallyproducesthick streamlines.Thiscanbeusedto de-
marcateregionsof divergingflowsthatmightbedifficult to achieve
usingnormalstreamlines.

3.2 Streamlines to LIC

Oneof thegoalswasto provideasliderthatcanbeadjustedto gen-
eratepicturesthatlook likestreamlinesononeextremeandLIC on

Figure2: Left: EnhancedLIC imageof thespiraldataset.Middle:
Input texture(only onepixel is turnedon). Right: Resultof repeat-
edly applyingLIC to the input texture with only onepixel turned
on.

theotherextreme.Wehavefoundthattherearemultipleparameters
thatneedto bemanipulated.We exploresomeof theseparameters
below.

In orderto understandthecoherenceof texturegeneratedbyLIC,
we generatedtwo images:oneusingstreamlinesandtheotherus-
ing LIC. Theseimageswereof thesamedimensions.We usedthe
streamlinesimageasa maskon theLIC imageto generatetheim-
agein Figure3(c).

(a) (b) (c)

Figure 3: Left: Image generatedusing enhancedLIC. Middle:
Streamlines.Right: Intersectionof thetwo images.

From Figure 3(c) we can seethat eachstreamlineappearsto be
texture mapped.The texture appearsto be the resultof applying
LIC to a one dimensionalnoiseimageand a unidirectionalflow
field. This experimentsuggestedthat it is not necessaryto do the
expensiveconvolutionin LIC. Onecansimplygeneratestreamlines
andtexturemapthemsothattheresultlookslike LIC. In fact,this
approachis alsotakenby [9] wherethey applycyclical textureson
theirstreamlines.Themaindifferencebetweenourapproachis the
propertiesof thetexturesthatweuseandhow weapplythem.

Wesaw earlierthatthewhitenoiseusedin theinputtextureplays
an importantrole in the sensethatdueto its randomnature,there
areno leftoverpatternsor artifactsin theLIC image.Likewise,we
would expectartifactsto appearin the resultingimageif we use
thesameonedimensionaltexturefor all thestreamlines.Hencewe
decidedto usea differentonedimensionaltexturefor eachstream-
line. A collectionof onedimensionaltextures,that are different
from eachother, canbe easilygeneratedusingLIC itself. Sucha
collectionof onedimensionaltextureswasgeneratedby applying
enhancedLIC [12] to a two dimensionalflow field. Theflow field
and the resultingtexture can be seenin Figure 4. Eachcolumn
of the LIC imagein Figure4 is a onedimensionaltexture andis
differentfrom all theothercolumns.Eachcolumncanbe usedto
texturemapa differentstreamline.We refer to the enhancedLIC
imageof aconstantflow field asthe templatetexture. Notethatwe
needto generatea templatetexture imageonly once,becausethe
sametemplatetexturecanbeusedfor any flow field. Also notethat
unlike LIC, the templatetexture is not requiredto have the same
dimensionsastheflow field. To generateanimagelike Figure3(c)
wecangeneratestreamlinesandfor eachstreamline,wecanchoose
a columnrandomlyfrom the templatetexture. This columnis the
one-dimensionaltextureusedto texturemapthegivenstreamline.



Figure4: Left: A constantflow field. Right: The corresponding
enhancedLIC image(templatetexture).

Theresultof texturemappingstreamlinescanbeseenin Figure
5(b). It looksverysimilarto Figure5(a)whichwasgeneratedusing
theintersectionof aLIC imageandastreamlineimage.

(a) (b)

Figure5: Left: Intersectionof LIC andstreamlines.Reproduced
from Figure3(c). Right: Texturemappedstreamlines.
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Figure6: Left: Streamlinesintersectingpixels in the imagespace.
Right: The correspondingpixels have beenturnedon. Individual
streamlinescannotbedistinguished.

Oneof the disadvantagesof streamlinesis that more thanone
streamlinescould intersectthe samepixel in the imagespace,as
canbe seenin Figure6. If we simply turn a pixel on if a stream-
line intersectsit, andoff if no streamlinesintersectit, thenwe can
getpicturesin whichindividualstreamlinescannotbedistinguished
from eachother. To solve this problem,we maintaina count for
eachpixel thatkeepstrack of the total numberof streamlinesthat
intersectit. During texturemappingof astreamline,for eachpixel,
we accumulatethecontribution of the texturefrom all thestream-
linesthatintersectthatpixel. As afinal step,wenormalizethevalue
of eachpixel by dividing theaccumulatedtexturevaluesby theto-
tal numberof streamlinesthat intersectthatpixel. This processis
similar to scatteringin UFLIC [15]. Theresultcanbeseenin Fig-
ure 7, wherewe comparePLIC with enhancedLIC andthe basic
LIC methods.

ThePLIC imagesin Figure7 look remarkablysimilar to theba-
sic LIC method.Eachpixel in the imagesin Figure7 corresponds

to a cell in thecomputationalspace.Theseimagesweregenerated
by seedingeachcell in the computationalspace. We found that
if we seedeachcell then the pseudo-LIC(PLIC) methodis only
slightly fasterthanLIC. This is sobecauseLIC spendsmostof its
timein streamlinecomputation.Theconvolutionis doneusingpre-
calculatedfunctiontablesandthemajorcostin theconvolutionstep
is thenormalizationby thekernelarea.Theequivalentof this cost
in PLIC is the normalizationof eachpixel by the total numberof
streamlinesthatintersectit.

PLIC canbe mademoreefficient by having a sparserseeddis-
tribution to generatestreamlines.The streamlinescan be drawn
thicker accordingly. Figure8 shows thatwhenthestreamlinesare
drawn like ribbonsthenmorethanonecolumnfrom the template
texture canbe usedto texture mapthem. It is importantthat the
columnschosenareadjacentto eachotherin the templatetexture
imageso that the PLIC imagehasgood spatialcoherence.The
thicknessof a streamlineis specifiedin pixels. If a streamlineisa pixelswide andthetexturechosenfrom thetemplateimagehas
columnnumber b , then a streamlinesaredrawn parallel to each
othersuchthat the startingpointsof the streamlinesareadjacent
to eachotherand in a straightline. The columnschosento tex-
turemapthesea streamlinesare bdcfe g , bhcfe ghikjmlonpnpn , b , bqirj ,
npnpnsltbui e g cvj . Hence,asubimageof thetemplatetextureis usedto
texturemapthethick streamline(seeFigure9). Also notethat the
centralstreamlineis tracedonceandis storedsothatit canberepli-
cateda cwj times. e g copiesof this streamlineareplacedadjacent
to eachotheron onesideand e g cwj copiesareplacedon theother
side. It shouldalsobe notedthatdrawing thick streamlinesusing
theabove describealgorithmdoesnot alwaysproducestreamlines
thatareparallelto eachother. Nonetheless,we found the method
to be satisfactory. An accuratecomputationandtexture mapping
wouldbeconsiderablycostlier.

Thethicknessa of streamlinesis usuallychosenproportionalto
the sparsenessof the seedplacement.The further apartthe seeds
for streamlinesare, the larger a canbe. We specify the distance
betweenadjacentseedsusing a parametercalled stride. In sim-
ple termsthe parameterstridedetermineshow far apartthe seeds
areplacedalongeachrow andcolumnof the grid. Varying these
two parametersalsoallow usto createvariablyspacedflow images
wheresomeregionsareLIC-lik e (wheretheflow mergestogether)
andmorestreamline-like (wheretheflow eitherdivergesor arepar-
allel to eachother).Following is thepseudo-codefor PLIC:

=+

Figure8: Texturemappingthick streamlines.

PLIC()
{
stride_x = stride in the x direction;
stride_y = stride in the y direction;
n = width of streamlines;
(max_x, max_y) = grid dimensions;



Figure7: The imagein thetop row weregeneratedusingenhancedLIC, theimagesin themiddlerow weregeneratedusingthebasicLIC,
andthoseon thebottomweregeneratedusingPLIC. Left: sink. Middle: saddle.Right: dynvort.
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Figure9: Subimageof thetemplatetexture is texturemappedto a
thick streamline.

for(i=0; i < max_x; i += stride_x)
for(j=0; j < max_y; j += stride_y)
{

// jitter current seed point
// position

(x, y) = jitter_position(i, j);

s = streamline(x, y);
c = random column of template-

texture;

// texture map subimage of
// template texture to the
// thick streamline

DrawThickStreamline(x, y, s, c, n);
}

Divide each pixel by the number of
streamlines that intersect it;

}

4 PLIC FEATURES AND ISSUES

Theprevioussectionoutlinedthebasicideaof PLIC – generating
LIC-lik e imagesby texturemappingstreamlines.Wenow focuson
someof theparametersassociatedwith thisapproach.

4.1 Effect of Template Texture on PLIC

Thetemplatetexturein Figure4 wasgeneratedusingenhancedLIC
with 10 integrationstepsperstreamline.It shouldbenotedthatus-
ing longerintegrationstepsmakestheLIC imagessmoother. Figure
10 shows threetemplatetexturesandthecorrespondingPLIC im-
ages.Thetemplatesweregeneratedwith integrationlengthsof 10,
20, and30 respectively. The streamlinesthemselvesweregener-
atedusing10integrationsteps.It is clearfrom theimagesin Figure
10thatatemplatewith longerintegrationlengthhelpsin producing
a smootherPLIC image. It is alsonoteworthy that usinga longer
integrationsteptemplatedoesnot increasethecomputationtimeof
thePLIC image. Henceonecansimulatetheeffect of usinglarge
numberof integrationstepsin LIC by simply choosinga template

which wasgeneratedusingappropriatelylargenumberof integra-
tion steps.For LIC the computationcost increasesby a factorof
four whenthenumberof integrationsaredoubled[12]. For PLIC
however, thereis no increasein computationcostwhena template
with largerintegrationstepsis used,hencePLIC hasaclearadvan-
tageoverLIC.

4.2 Seed Density and Thick Streamlines

Seedplacementis very importantfor the visualizationsgenerated
using streamlines. Most flow data is representedon a grid and
the grid pointsarea naturalchoiceto placethe seedsto generate
streamlines.Unfortunatelya simplestrategy like this gives poor
resultsbecauseif theseedsareplacedregularly on a grid thenthe
underlyinggrid patternsarevisible in theoutputimageasartifacts
(seeFigure3(b)). Theseartifactsserve not only to distracttheuser
of thevisualization,they canoftenleadto mis-interpretationof the
flow field.

SincePLIC relies heavily on drawing texture mappedstream-
lines, we also encounteredthe problem of finding a good seed
placementstrategy. The PLIC imagesin Figure 10 were gener-
atedby placingseedson thegrid pointssuchthatevery third grid
point wasseeded(strideof three).Sincewe alsodraw streamlines
thicker (3 pixels wide in Figure 10), and integrateboth forward
andbackwards,the streamlinesoverlapandleave no areauncov-
ered. Although it is not guaranteedthat the whole imagewill be
covered,we have foundthatin practicethis strategy givessatisfac-
tory results.Also, we areusinga stochastictextureto texturemap
thestreamlines,hencetheunderlyinggrid doesnot appearasarti-
factsin theresultingimages.Webelieve it is notnecessarythatthe
streamlinesshouldcover the whole areaof the imagein order to
generatea goodvisualizationof theflow. UsingPLIC we cangen-
erateimageswith sparsestreamlines.Suchanimagecanbeseenin
Figure11. It shouldbenotedthatthis imagein nowayconveys less
informationthanthecorrespondingLIC imageor thePLIC image
whereno areaof the imagewas left uncovered. Seedplacement
strategy becomesimportantwhenwedecideto draw sparsestream-
lines.Wewould liketo usetheimportantfeaturesin aflow to guide
theplacementof streamlinessothatin areasof importancetheim-
ageresemblesaLIC image,andin areawheretheflow is not inter-
estingtheimageslookslikestreamlines.Thuswewouldbeableto
combinetheadvantagesof bothLIC andstreamlinesin asingleim-
age.Wearecurrentlyinvestigatingaseedplacementstrategy based
on thecritical pointsof aflow field.

4.3 Reducing Aliasing

We have noticedthatwhenthestreamlinesareseededsparselyby
sub-samplingtheregulargrid anddrawn thin suchthatthestream-
linesdo not fully cover theentireareaof theimage,theunderlying
grid patternsarevisible in theoutputimage.Thealiasingeffectcan
bereducedsubstantiallyby usinga betterseedplacementstrategy.
Sincetheartifactsarearesultof aregularseedplacementpattern,if
theseedsaredistributedrandomly, thentheunderlyingseedplace-
mentpatternwill notbevisiblein theresultingimage.Cook’spaper
on stochasticsampling[2] describesthePoissondiskdistribution.
Wehaveimplementationavariationof Poissondiskdistributionus-
ing jittering asdescribedby Cook. In our implementation,thesize
of the “disk” is adjustablebut is usuallyset to be equalto or less
thanthe stridevalue. For example,if we areskippingevery third
grid point (i.e. generate1 out of 16 possiblestreamlines),we typi-
callysetthejitter parametersuchthattheseedliessomewherein thezh{|z

window aroundthecurrentgrid point. While jittering helps
to reducetheartifactsasdescribedabove for staticimages(seeFig-
ure 12), remnantsof the artifactsarestill visible in animationsof
time-varying data(seeaccompanying video). Anotherway to re-



Figure10: Effectof templatetextureonPLIC.Toprow showsthetemplatetextureimagesandthebottomrowsshowsthecorrespondingPLIC
images.PLIC imagesweregeneratedusinga strideof 3 andstreamlinethicknessof 3. Left: Integrationlengthof 10. Middle: Integration
lengthof 20. Right: Integrationlengthof 30.



Figure11: Bluntfin datasetin computationalspace.Top: Enhanced
LIC; Bottom: SparsePLIC – shows propertiesof bothstreamlines
andLIC in thesameimage.

ducetheartifactsfrom theunderlyinggrid is to jitter the lengthof
thestreamlines.By jittering thelengthof thestreamlines,wemean
that for eachstreamlinethe lengthof thestreamlinehasa Poisson
disk distribution. Note that we integrateboth in the forward and
backwarddirectionsto generateour streamlines.Hence,whenthe
lengthof the streamlinesare jittered, the seedpatternis not visi-
ble in the output image. Our experimentsindicatethat the effect
of jittering theseedlocationsis equivalentto theeffect of jittering
the lengthof the streamlines.It is sufficient to do only one type
of jittering. Figure12 comparesthetwo typesof jittering schemes
describedabove. Thestreamlinesin Figure12 have a thicknessof
oneandwereseededwith astrideof five.

4.4 Unsteady Flow

So far we have describedhow to generateLIC like imagesfor
steadyflow. We now describehow PLIC canalsobe usedto ani-
matesteadyandunsteadyflows. Animationof steadyandunsteady
flowsis typicallyachievedin LIC by usingperiodicfilter kernels[5]
andcolormapcycling [9]. PLIC canalsobeusedto generateani-
mationsfor steadyandunsteadyflows. In section3.2wedescribed
the onedimensionaltexturesusedto texturemapthe streamlines.
Theseonedimensionaltexturesarecolumnsof thetemplatetexture
image. We choosethe templatetexture imagesuchthat its height
is larger thanlengthof thestreamlines.To animatetheflow along
a givenstreamlinewe cycle throughits onedimensionaltextureto
simulatetheadvectionof texturealongthestreamline.Wehave in-
cludedtheresultsof ouranimationin theaccompanying video.The
videocomparesPLIC animationwith instantaneousstreamlinesfor
unsteadyflow usingenhancedLIC [12], andUFLIC [14]. Figures
14 and15 show onetime-stepfrom theunsteadydatasetsdynvort
anddeltarespectively. TheseimagescomparePLIC with UFLIC
andEnhanced-LIC,andarepseudo-coloredby thevelocity magni-
tude. It shouldbenotedthatalthoughwe have usedinstantaneous
streamlinesfor ourcurrentimplementation,PLIC canbeeasilyex-
tendedfor streaklinesandpathlinesfor amoreaccuraterepresenta-
tion of theflow. PLIC maintainsgoodspatialandtemporalcoher-
ence.Usingperiodicfilter kernelsfor pathlines,it is difficult to es-
tablishtemporalcoherenceunlesstheflow is relatively steady[14].
In Cohenand Forsell’s method[6], the pathlinesfrom the same

seedvary over time. Hence,the samefilter with shiftedphasesis
appliedoverdifferentconvolutionpaths.Since,phase-shiftmethod
is effective in creatingartificial motiononly whentheconvolution
is appliedto thesamepathover time, temporalcoherencebecomes
obscurefor unsteadyflows. Our methoddoesnot suffer from the
problemof usingperiodicfilter kernelsappliedto pathlinesbecause
thetextureis fixedfor eachpathlineandwouldfollow it from frame
to frame.Furthermore,PLIC doesnotrequireadditionalprocessing
likeUFLIC [15] to removethepotentialproblemof texturesgetting
coarserover time.

Whenwe jitter theseedlocationswe ensurethat theseedposi-
tionsdo not changeover thedurationof theanimation.Generating
new seedlocationsfor eachframeis notdesirablein orderto main-
tain temporalcoherence.

4.5 Variable Speed Animation

It is desirablethat the animationshouldhave fastermotionwhere
theflow hashighvelocityandslow wheretheflow haslow velocity.
CabralandLeedom[1] achieve thiseffectby varyingthefrequency
of the filter function. ForssellandCohen[6] vary the rateof the
filter function phaseshift in proportionto the vector magnitude.
We canachieve variablespeedanimationby determiningthe rate
of cycling throughtheone-dimensionaltexturein proportionto the
velocity magnitudeat theseedlocationfor eachstreamline.In ad-
dition, sincethe templatetexture is independentof the flow field
dimensions,we can increasethe dynamicrangeof the speedsby
increasingthenumberof rows in thetemplatetexture. Finally, the
relative speedsof differentflow regionscaneitherbe exaggerated
orplayeddown by appropriatelymappingvelocitymagnitudeto the
speedusedfor cycling throughthetexture.

4.6 Computation Time for PLIC

In thissectionwecomparetherunningtimesof thebasicLIC algo-
rithm with PLIC. For LIC we usedanintegrationlengthof 10. For
PLIC, we chosean integrationlengthof 15 with the seedsplaced
with a strideof 3 andthestreamlinesdrawn to be3 pixelswide. A
sideby sidecomparison(seeFigure10) revealsthat usingPLIC,
with the parametersas describedabove, the imagesare betterin
contrastand the flow lines are more distinct. Experimentswere
doneon anSGI Onyx-2 Infinite RealityBox with 3072Mbytesof
mainmemoryusingone195MHz IP27processor. Table1 shows
that PLIC reducesthe costabout45% over the basicLIC method
and71%overenhancedLIC. Wehavealsocomparedthecomputa-
tion time for PLIC with UFLIC andfound thatPLIC is abouttwo
ordersof magnitudefasterthanUFLIC. It is noteworthy that these
savingsaregreatlyincreasedwhensparserseedingis usedto gen-
eratethestreamlinesfor PLIC.

runningtimes
Dataset ImageSize Enhanced-LIC LIC PLIC
sink 544

{
544 12.67 6.33 3.63

spiral 544
{

544 12.73 6.36 3.67
saddle 544

{
544 12.67 6.33 3.64

dynvort 501
{

501 10.64 5.32 3.05
bluntfin 262

{
598 6.39 3.19 1.84

Table1: Comparisonof running times (in seconds)for LIC and
PLIC.

4.7 More Differences

Oneadvantageof LIC thatis currentlymissingin PLIC is thatone
canhave multiple passesof LIC to make theflow linesmorewell-



Figure12: Left: seedsplacedatregulargrid positions;Aliasingis visibleaslight anddarkbandsandbecomemoreprominentwhenanimated.
Middle: seedlocationsfor thestreamlinesarejittered;Right: lengthof thestreamlinesarejittered.

defined.EnhancedLIC usestwopassesof LIC to removenoise,and
thenapplieshigh passfilter to enhanceedges,andfinally doeshis-
togramequalizationto increaseimagecontrast. Our experiments
with PLIC have revealedthat althoughthe PLIC imagesarebet-
ter in contrastandhave well definedflow linesthanLIC, they still
have lesscontrastthanenhancedLIC. We arecurrentlyinvestigat-
ing waysto makethePLIC imagesto havebettercontrastandbetter
definedflow lines.For example,insteadof usinganimageprocess-
ing approachlike enhancedLIC, PLIC canimprove its imagecon-
trastby adjustingthetemplatetexture,integrationlength,andstride
(sub-samplingrate). In addition,onecanalwaysusePLIC instead
of LIC asthefirstpassof enhancedLIC to reducethecomputational
costof enhancedLIC.

Anotherdifferenceis that LIC canaccepta color imageas its
input texture andapply LIC on it. On the otherhand,the texture
templatein PLIC is usedpurelyasa bankof onedimensionaltex-
tures.

While bothPLIC andthemotionmapapproachpresentedby Jo-
bardandLefer [9] texturemapstreamlines,theintentandrangeof
featuresvarysignificantly. Ourintentis to usestreamlinesto mimic
or simulatetheappearanceof aLIC imagesothatwecanbetterun-
derstandtheparameterizationandcando a systematiccomparison
of thesetwo methods. Note that the streamline-to-LICmapping
thatis presentedin this paperis but onepossiblemapping.Thein-
tent of the motion mapapproachis to producethe appearanceof
motion in steadystateflow datamuch like the phase-shift[5] of
the filter kernel to achieve a similar objective. The texture used
by PLIC is significantlydifferentthanthefunctionalcyclic texture
usedby themotionmapapproach.PLIC usesapre-calculatedtex-
turetemplatethatis essentiallytreatedasabankof onedimensional
texturesrandomlyselectedandmappedto streamlines.Finally, the
PLIC approachallows us to visualizetime varying datasetsus-
ing instantaneousstreamlines,but whichareverysimilar to UFLIC
[15] in appearance.In addition,PLIC cangeneratevariablespeed
animationswith optionsfor adjustingtherelative speedsaswell as
capturingawidedynamicrangeof speeds.

5 CONCLUSIONS

We have presenteda flow visualization method that can be
smoothlyadjustedto generateLIC-lik e imagesononeextremeand
streamline-like imageson theother. In between,it is alsopossible
to generateimagesthat have propertiesof both LIC and stream-
lines.ThismethodalsohasseveraladvantagesoverLIC in termsof
computationtime, imagequality, andeaseof handlingtime vary-
ing datasets.We seethis work asa steppingstonetowardsbeing

ableto systematicallycomparestreamlinesandLIC. Therearealso
anumberof avenuesthatweareexploringbeyondthis initial work:
extensionof PLIC to 3D; investigateotherLIC-to-streamlineand
streamline-to-LICmappings;flow guidedseedplacementstrategy;
usemoreaccuratepathlinesinsteadof instantaneousstreamlinesto
visualizeunsteadyflow data;anda comprehensive comparisonof
flow visualizationtechniques.
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