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Abstract

This paperlaysthe groundverk for comparingflow visualizations
usingstreamlinegndline integral cornvolution (LIC). Ourapproach
is to identify anddefinerelevant parameterén eachof theseflow
visualizationtechniques.Mappingstratgiesarethendesignedo
generatdIC-lik eimagesfrom streamlinesndstreamline-lilke im-
agedrom LIC. Theresultis atechniquenhichwe call pseudo-LIC
or PLIC. The main contrikution being reportedin this paperis a
methodologyfor flexibly generatingflow visualizationsthat span
thespectrunof streamline-lile to LIC-like. Amongtheadwantages
are: performancespeedupsver LIC, applicabilityto time varying
datasets,andvariable-speednimation.

Key Words and Phrases: unsteadyflow, variablespeedanima-
tion, jitter, texture mapping comparatie visualization.

1 INTRODUCTION

Thiswork attemptgo bridgethe gapbetweerstreamlineandLIC
by producingflow visualizationghatvary continuouslyfrom being
streamline-lile to LIC-like in appearance.Thesetwo seemingly
disparatgechniquesreoftenusedto studythe samephenomenon
in fluid flow over a surface.Ultimately, we hopeto getabetteridea
on how to comparethe flow featuresin visualizationsgenerated
usingstreamlinegandLIC.

Both streamlinesndthe LIC methodshave advantagesanddis-
adwantagesStreamlinesregeneratedby adwectingamasslespar
ticle from aninitial seedocationandtrackingits pathusingpoly-
lines. They arestraightforvardandrelatively cheago computeare
naturallyextendedo 3D, andprovide acontinuouscoherentmage
of theflow pattern.However, theflow patternsarealsonotoriously
dependenbn the seedplacementneedto be computedin physi-
cal spaceandnot directly extendibleto time varying datasets—
streaklinespeingthe moreappropriatemethodthere. LIC images
aregeneratedy coloringeachpixel accordingto a convolution of
an input noisetexture with a one dimensionafilter kernel along
a streamlinepassingthroughthat pixel. They are alsorelatively
straightforvard to compute,canbe donein computationakpace,
andgive adenseview of theflow withoutclutteringthedisplay On
the otherhand,they aremore expensve thanstreamlinesdifficult
to extendto 3D, andmaysuffer from graininesr poorcontrast.

One of the goalswe hopeto achieve is to take adwantageof
the strengthsof both techniques.Our approachtowardsthis end
is to provide userswith enoughflexibility to selectaflow visualiza-
tion parameterizatiowithin thespectrunspanningtreamlinesand
LIC. Specificallywewouldliketoidentify thevisualizationparam-
etersfor streamlinesandfor LIC, understandow theseaffect the
resultingvisualization,andfind a commonor correspondingetof
parameterso simulateonemethodwith the other

The next sectionprovides somerelevant backgroundmaterial
thathighlightssomeof theissuesf streamlinesandLIC. We then

presenbnepossiblenappingof oneflow visualizationrmethodwith

another This is followed by a formalizationof the PLIC method
anddiscussiorof issuessuchasseedplacementperformanceex-

tensionto time varyingdatasets variable-speednimationandlim-

itations.We concludewith someadditionalideasfor futurework.

2 RELATED WORK

Streamlinegive a global view of the flow features.However, the
presentatiosuffersfrom visualartifactsthatresultfrom seedlace-
ment. To addresghis problem,image-guidedtratgieswere pro-
posedto give a moreuniformly distributedsetof streamlineg17],
andwassubsequentlimprovedto convergefaster{10]. In addition,
therehave alsobeenprevious efforts in animatingsteadyflows us-
ing colortableanimation[7] andcyclical setof textures[9].

In 1993, Cabraland Leedom[1] introduceda nev methodfor
visualizing2D vectorfieldscalledline integral convolution or LIC.
Sincethen, a numberof papershave appearedhat expandedthe
scopeand usefulnesaswell asimproved andrefinedthe original
work. Thelist includesanimationof steadyflows [19, 5] andun-
steadyflows [15, 14, 6], useof colorto shav flow propertieg13],
extensionto curvilineargrids[5], improvementdo LIC appearance
[12,11],improvementin speed16], andextensiongo 3D [8].

In generalterms,the visual appearancef PLIC is very similar
to thoseof LIC imagesspotnoise[18, 3], andtexturedstreamlines
[9]. Wenow describeourapproactandhow it differsfrom previous
work.

3 MAPPING STRATEGIES

Ourgeneraktratgy is to identify andunderstandhow the different
parametergor streamlinesandLIC affect the resultingvisualiza-
tion. As afirst attemptto understandhe differencesetweenthe
two techniquesandhave the ability to comparethem,we explored
waysto generatémageghatlookedlik e streamlinesisingthebasic
LIC algorithm. The next stepwasto usethe streamlinemethodto
generatémageghatlook like LIC. We manipulatedhe parameters
of bothmethodgo geta betterunderstandingf thetechniques.
Theparametelist for thetwo differentmethodsareasexpected.
For streamlinesthey are seedingdensityand/orstrateyy, integra-
tion methodandassociategparametersyhetherbackwardintegra-
tion is doneor not, andthicknessof streamlinesFor LIC, they are
propertiesof the input texture, type of filter usedfor convolution,
how particleadwectionis done,integrationmethodandassociated
parametersWe experimentwith someof theseparameterdelow.

3.1 LICto Streamlines

One of the importantstepsin the LIC algorithmis to generate
streamlinedbeforecorvolving themwith theinput texture. We ex-
perimentedvith severalinput textures. We wantedto studythe ef-
fectof usingpatternsotherthanrandomnoise.Someof thepatterns



we experimentedvith andthecorresponding.IC imagesareshavn
in Figurel. Ourexperimentslemonstratethatthereasorwhy LIC
workssowell is becaus®f thelack of correlationin theinput tex-
ture. Any correlationin theinputtexturewould getstrengtheneah
waysdependenon the flow field, andshav upin the outputimage
asartifacts. Figure 1 shavs someinput patternswe experimented
with andthecorresponding.IC imagesof thebluntfin dataset.

Figure 1: Input patternsand the corresponding_IC imagesof
the bluntfin dataset. Note that aliasingartifactsand the bandsof
brighterregionsmove aroundastheinputtextureis changed.

\ _

We obseredthatthe LIC algorithmsmeargheinput texturein
thedirectionof theflow. This behaior is muchsimilarto thephys-
ical experimentsconductedo studythe fluid flow by injecting a
coloreddyein the fluid [13] (or particles: seealbum of fluid flow
[4]). Sucha processanbe simulatedby usingthe LIC algorithm
in thefollowing way:

(x,y) = seed point for streamine;
/1 set the seed point in the input texture

0.

set | nputlmge ;
255;

set | nputlmge(x,y)

/'l generate "streamine"

r epeat

Qut put | mage LI C( I nput | mage) ;
If a pixel in Qutputlmage !'= 0, make it 255;
I nput | mage Cut put | mage;

until (satisfied);

1>

Theresultof applying40iterationgo therepeatoop canbeseen
in Figure2.

Although the above techniquecan be usedto generatestream-
lines, it is highly inefficient. The purposeof thetechniques notto
generatestreamlinesisingLIC but to aid in understandinghe gap
betweenstreamlinesand LIC. For example,the stratgy outlined
above basicallyproduceghick streamlinesThis canbeusedto de-
marcateegionsof diverging flows thatmightbedifficult to achiere
usingnormalstreamlines.

3.2 Streamlines to LIC

Oneof thegoalswasto provide asliderthatcanbeadjustedo gen-
eratepicturesthatlook lik e streamline®n oneextremeandLIC on

Figure2: Left: Enhanced.IC imageof the spiraldataset.Middle:

Inputtexture (only onepixel is turnedon). Right: Resultof repeat-
edly applyingLIC to the input texture with only one pixel turned
on.

theotherextreme.We have foundthattherearemultiple parameters
thatneedto be manipulated We explore someof theseparameters
below.

In orderto understanthecoherencef texturegeneratetby LIC,
we generatedwo images:oneusingstreamlinesandthe otherus-
ing LIC. Theseimageswereof the samedimensions We usedthe
streamlinesmageasa maskon the LIC imageto generateheim-
agein Figure3(c).

Figure 3: Left: Image generatedusing enhanced.IC. Middle:
StreamlinesRight: Intersectiorof thetwo images.

From Figure 3(c) we can seethat eachstreamlineappeardo be
texture mapped. The texture appeardo be the resultof applying
LIC to a onedimensionalnoiseimageand a unidirectionalflow
field. This experimentsuggestedhatit is not necessaryo do the
expensve convolutionin LIC. Onecansimply generatestreamlines
andtexture mapthemsothattheresultlookslike LIC. In fact,this
approachs alsotakenby [9] wherethey applycyclical textureson
their streamlinesThe maindifferencebetweerour approachs the
propertiesof thetexturesthatwe useandhow we applythem.

We saw earlierthatthewhite noiseusedn theinputtextureplays
animportantrole in the sensethatdueto its randomnature there
areno leftover patternsor artifactsin the LIC image.Lik ewise,we
would expectartifactsto appearin the resultingimageif we use
thesameonedimensionatexturefor all thestreamlinesHencewe
decidedo usea differentonedimensionatexturefor eachstream-
line. A collectionof one dimensionaltextures,that are different
from eachother canbe easilygeneratedisingLIC itself. Sucha
collectionof onedimensionakextureswasgeneratedy applying
enhanced.IC [12] to atwo dimensionaflow field. Theflow field
and the resultingtexture can be seenin Figure 4. Eachcolumn
of the LIC imagein Figure4 is a one dimensionalexture andis
differentfrom all the othercolumns. Eachcolumncanbe usedto
texture mapa differentstreamline.We refer to the enhanced.IC
imageof aconstanflow field asthetemplatetexture. Notethatwe
needto generatea templatetexture imageonly once,becausehe
sametemplatetexturecanbeusedfor ary flow field. Also notethat
unlike LIC, the templatetexture is not requiredto have the same
dimensionsastheflow field. To generateanimagelike Figure3(c)
we cangeneratatreamlinesndfor eachstreamlinewe canchoose
a columnrandomlyfrom the templatetexture. This columnis the
one-dimensionakxture usedto texture mapthe givenstreamline.
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Figure4: Left: A constantflow field. Right: The corresponding
enhanced.IC image(templatetexture).

Theresultof texture mappingstreamlinesanbe seenin Figure
5(b). It looksvery similarto Figure5(a)whichwasgeneratedising
theintersectiorof aLIC imageanda streamlinédmage.

(b)

Figure5: Left: Intersectionof LIC andstreamlines.Reproduced
from Figure3(c). Right: Texturemappedstreamlines.

Figure6: Left: StreamIlnesntersectlngmxels|n thelmagespace
Right: The correspondingixels have beenturnedon. Individual
streamlinesannotbedistinguished.

One of the disadwantagesof streamlineds that morethanone
streamlinecould intersectthe samepixel in the imagespace,as
canbe seenin Figure6. If we simply turn a pixel onif a stream-
line intersectst, andoff if no streamlinesntersectt, thenwe can
getpicturesin whichindividual streamlinegannotedistinguished
from eachother To solwe this problem,we maintaina countfor
eachpixel thatkeepstrack of the total numberof streamlineghat
intersectt. During texture mappingof a streamlinefor eachpixel,
we accumulatehe contritution of the texture from all the stream-
linesthatintersecthatpixel. As afinal step,we normalizethevalue
of eachpixel by dividing the accumulatedexture valuesby the to-
tal numberof streamlineghatintersectthat pixel. This processs
similar to scatteringn UFLIC [15]. Theresultcanbe seenin Fig-
ure 7, wherewe comparePLIC with enhanced.IC andthe basic
LIC methods.

ThePLIC imagesn Figure7 look remarkablysimilar to the ba-
sic LIC method.Eachpixel in theimagesin Figure7 corresponds

to acell in the computationakpace . Theseimagesweregenerated
by seedingeachcell in the computationakpace. We found that
if we seedeachcell thenthe pseudo-LIC(PLIC) methodis only
slightly fasterthanLIC. Thisis sobecausé.IC spendsnostof its
timein streamlinecomputationThecorvolutionis doneusingpre-
calculatedunctiontablesandthemajorcostin thecorvolution step
is the normalizationby the kernelarea.The equivalentof this cost
in PLIC is the normalizationof eachpixel by the total numberof
streamlineshatintersectt.

PLIC canbe mademoreefficient by having a sparserseeddis-
tribution to generatestreamlines. The streamlinescan be dravn
thicker accordingly Figure8 shawvs thatwhenthe streamlinesre
drawn like ribbonsthen morethan one columnfrom the template
texture canbe usedto texture mapthem. It is importantthatthe
columnschosenare adjacentto eachotherin the templatetexture
image so that the PLIC image hasgood spatialcoherence.The
thicknessof a streamlineis specifiedin pixels. If a streamlineis
n pixelswide andthe texture choserfrom the templateimagehas
columnnumberk, thenn streamlinesare dravn parallelto each
other suchthat the startingpoints of the streamlinesare adjacent
to eachotherandin a straightline. The columnschosento tex-
turemapthesen streamlinesarek — 5, k— 5 +1,..., k, k+ 1,

.,k + % — 1. Hence asubimageof thetemplatetextureis usedto
texture mapthe thick streamling(seeFigure9). Also notethatthe
centralstreamlings tracedonceandis storedsothatit canberepli-
catedn — 1 times. % copiesof this streamlineareplacedadjacent
to eachotheron onesideand % — 1 copiesareplacedontheother
side. It shouldalsobe notedthat drawing thick streamlinesusing
the abore describealgorithmdoesnot alwaysproducestreamlines
thatare parallelto eachother Nonethelesswe foundthe method
to be satishctory An accuratecomputationand texture mapping
would be considerablycostlier

Thethickness: of streamliness usuallychoserproportionatto
the sparsenessf the seedplacement. The further apartthe seeds
for streamlinesare, the larger n canbe. We specify the distance
betweenadjacentseedsusing a parameteicalled stride  In sim-
ple termsthe parametestride determineshow far apartthe seeds
areplacedalongeachrow andcolumnof the grid. Varyingthese
two parameteralsoallow usto createvariablyspacedlow images
wheresomeregionsareLIC-lik e (wherethe flow megestogether)
andmorestreamline-lile (wheretheflow eitherdivergesor arepar
allel to eachother).Following is the pseudo-codéor PLIC:

Figure8: Texturemappingthick streamlines.

PLI C()

{
stride_x = stride in the x direction;
stride_y = stride in the y direction;

n = width of streanlines;
(max_x, max_y) = grid dinensions;



Figure7: Theimagein thetop row weregeneratedisingenhanced.IC, theimagesin the middlerow weregeneratedisingthe basicLIC,
andthoseonthebottomweregeneratedisingPLIC. Left: sink. Middle: saddle Right: dyrvort.
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Figure9: Subimageof the templatetextureis texture mappedo a
thick streamline.
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random column

for(i=0; i < max_x; i
for(j=0; j
{

+= stride_x)
< max_y; j += stride_y)

/1 jitter current seed point
/1 position
(x, y) =jitter_position(i, j);

S
Cc

stream i ne(x, y);
random col um of tenpl at e-
texture;

/1 texture map subi nage of
/1 template texture to the
/1 thick streanline

DrawThi ckStream ine(x, y, s, ¢, n);
}

Di vi de each pixel by the nunber of
streamines that intersect it;

}

4 PLIC FEATURES AND ISSUES

The previous sectionoutlinedthe basicideaof PLIC — generating
LIC-lik eimageshy texture mappingstreamlinesWe now focuson
someof the parametergissociatedvith this approach.

4.1 Effect of Template Texture on PLIC

Thetemplataexturein Figure4 wasgeneratedisingenhanced.IC
with 10integrationstepsperstreamlinelt shouldbe notedthatus-
inglongerintegrationstepsmalestheLIC imagesmootherFigure
10 shaws threetemplatetexturesandthe correspondindLIC im-
ages.Thetemplatesveregenerateavith integrationlengthsof 10,
20, and 30 respectiely. The streamlineshemseleswere gener
atedusinglOintegrationstepslt is clearfrom theimagesn Figure
10thatatemplatewith longerintegrationlengthhelpsin producing
asmootherPLIC image. It is alsonotevorthy thatusinga longer
integrationsteptemplatedoesnotincreaseéhe computatiortime of
the PLIC image. Henceonecansimulatethe effect of usinglarge
numberof integrationstepsin LIC by simply choosinga template

which wasgeneratedisingappropriatelylarge numberof integra-
tion steps. For LIC the computationcostincreasedy a factor of
four whenthe numberof integrationsaredoubled[12]. For PLIC
however, thereis no increasaén computationcostwhenatemplate
with largerintegrationstepss used hencePLIC hasaclearadwan-
tageoverLIC.

4.2 Seed Density and Thick Streamlines

Seedplacements very importantfor the visualizationsgenerated
using streamlines. Most flow datais representean a grid and
the grid pointsare a naturalchoiceto placethe seedg€o generate
streamlines. Unfortunatelya simple stratgy like this gives poor
resultsbecauséf the seedsare placedregularly on a grid thenthe
underlyinggrid patternsarevisible in the outputimageasatrtifacts
(seeFigure3(b)). Theseartifactssene notonly to distractthe user
of thevisualization they canoftenleadto mis-interpretatiorof the
flow field.

SincePLIC relies heaiily on drawing texture mappedstream-
lines, we also encounteredhe problem of finding a good seed
placementstratgy. The PLIC imagesin Figure 10 were genef
atedby placingseedson the grid pointssuchthatevery third grid
pointwasseededstrideof three). Sincewe alsodrawv streamlines
thicker (3 pixels wide in Figure 10), and integrate both forward
andbackwards, the streamlinesoverlap andleave no areauncor-
ered. Althoughit is not guaranteedhat the whole imagewill be
covered,we have foundthatin practicethis stratgy givessatistc-
tory results.Also, we areusinga stochastidexture to texture map
the streamlineshencethe underlyinggrid doesnot appearasarti-
factsin theresultingimages.We believeit is notnecessaryhatthe
streamlineshouldcover the whole areaof the imagein orderto
generata goodvisualizationof the flow. Using PLIC we cangen-
erateimageswith sparsestreamlinesSuchanimagecanbeseenn
Figurell. It shouldbenotedthatthisimagein noway conveysless
informationthanthe correspondind.IC imageor the PLIC image
whereno areaof the imagewasleft uncosered. Seedplacement
stratgy becomesmportantwhenwe decideto drav sparsestream-
lines. Wewould like to usetheimportantfeaturesn aflow to guide
the placemenbf streamlinesothatin areasof importancetheim-
ageresembles LIC image,andin areawheretheflow is notinter-
estingtheimagedookslike streamlinesThuswe would be ableto
combinetheadvantage®f bothLIC andstreamlinesn asingleim-
age.Wearecurrentlyinvestigatinga seedplacemenstrategyy based
onthecritical pointsof a flow field.

4.3 Reducing Aliasing

We have noticedthatwhenthe streamlinesre seededsparselyby
sub-samplinghe regulargrid anddrawn thin suchthatthe stream-
linesdo notfully covertheentireareaof theimage theunderlying
grid patternsarevisible in theoutputimage.Thealiasingeffectcan
be reducedsubstantiallyby usinga betterseedplacementtratay.
Sincetheartifactsarearesultof aregularseedplacemenpattern f
the seedsaredistributedrandomly thenthe underlyingseedplace-
mentpatternwill notbevisiblein theresultingimage.Cook's paper
on stochasticsampling[2] describeghe Poissondisk distribution.
We have implementatioravariationof Poissordisk distributionus-
ing jittering asdescribedy Cook. In ourimplementationthe size
of the “disk” is adjustablebut is usually setto be equalto or less
thanthe stridevalue. For example,if we are skippingevery third
grid point (i.e. generatel out of 16 possiblestreamlines)ye typi-
cally setthejitter parametesuchthattheseedies somevherein the
7 x 7 window aroundthe currentgrid point. While jittering helps
to reducetheartifactsasdescribedborve for staticimageqseeFig-
ure 12), remnantsof the artifactsarestill visible in animationsof
time-varying data(seeaccompaying video). Anotherway to re-
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Figurel0: Effectof templateextureon PLIC. Toprow shavs thetemplatgextureimagesandthebottomrows shavsthecorresponding’LIC
images.PLIC imagesweregeneratedisinga stride of 3 andstreamlinethicknessof 3. Left: Integrationlengthof 10. Middle: Integration
lengthof 20. Right: Integrationlengthof 30.



Figurel1: Bluntfin datasetn computationaspace Top: Enhanced
LIC; Bottom: SparsePLIC — shawvs propertiesof both streamlines
andLIC in thesameimage.

ducethe artifactsfrom the underlyinggrid is to jitter thelengthof
thestreamlinesBy jittering thelengthof the streamlineswe mean
thatfor eachstreamlinethe lengthof the streamlinehasa Poisson
disk distribution. Note that we integratebothin the forward and
backward directionsto generateur streamlinesHence whenthe
lengthof the streamlinesare jittered, the seedpatternis not visi-
ble in the outputimage. Our experimentsindicatethat the effect
of jittering the seedocationsis equialentto the effect of jittering
the length of the streamlines.lt is suficient to do only onetype
of jittering. Figure12 compareshetwo typesof jittering schemes
describedhbore. The streamlinesn Figure12 have a thicknessof
oneandwereseededvith astrideof five.

4.4 Unsteady Flow

So far we have describedhow to generatelIC like imagesfor
steadyflow. We now describehowv PLIC canalsobe usedto ani-
matesteadyandunsteadylows. Animationof steadyandunsteady
flowsis typically achiezedin LIC by usingperiodicfilter kernelg5]
andcolormapcycling [9]. PLIC canalsobe usedto generateani-
mationsfor steadyandunsteadylows. In section3.2we described
the onedimensionakexturesusedto texture mapthe streamlines.
Theseonedimensionatexturesarecolumnsof thetemplatetexture
image. We choosethe templatetexture imagesuchthatits height
is largerthanlengthof the streamlines.To animatethe flow along
a given streamlinewe cycle throughits onedimensionatextureto
simulatethe advectionof texture alongthe streamline We have in-
cludedtheresultsof ouranimationin theaccompaying video. The
videocompare$LIC animationwith instantaneoustreamlinegor
unsteadyflow usingenhanced.IC [12], andUFLIC [14]. Figures
14 and 15 shav onetime-stepfrom the unsteadydatasetslyrvort
anddeltarespectiely. TheseimagescomparePLIC with UFLIC
andEnhanced-LICandarepseudo-colorely the velocity magni-
tude. It shouldbe notedthatalthoughwe have usedinstantaneous
streamlinegor our currentimplementationPLIC canbe easilyex-
tendedor streaklinesandpathlinesfor amoreaccurateepresenta-
tion of theflow. PLIC maintainsgoodspatialandtemporalcoher
ence.Usingperiodicfilter kernelsfor pathlinesijt is difficult to es-
tablishtemporalcoherenceinlesstheflow is relatively steady[14].
In Cohenand Forsell's method[6], the pathlinesfrom the same

seedvary over time. Hence,the samefilter with shiftedphasess
appliedover differentcorvolution paths.Since phase-shifmethod
is effective in creatingartificial motion only whenthe convolution
is appliedto the samepathovertime, temporalcoherencdecomes
obscurefor unsteadyflows. Our methoddoesnot suffer from the
problemof usingperiodicfilter kernelsappliedto pathlinesbecause
thetextureis fixedfor eachpathlineandwouldfollow it from frame
to frame.FurthermorePLIC doesnotrequireadditionalprocessing
like UFLIC [15] to remove thepotentialproblemof texturesgetting
coarseovertime.

Whenwe jitter the seedlocationswe ensurethat the seedposi-
tionsdo not changeover thedurationof theanimation.Generating
new seedocationsfor eachframeis notdesirabldn orderto main-
taintemporalcoherence.

4.5 Variable Speed Animation

It is desirablethatthe animationshouldhave fastermotion where
theflow hashighvelocityandslow wheretheflow haslow velocity.
CabralandLeedom[1] achieve this effectby varyingthefrequeng
of thefilter function. Forsselland Cohen[6] vary the rate of the
filter function phaseshift in proportionto the vector magnitude.
We canachiere variablespeedanimationby determiningthe rate
of cycling throughthe one-dimensionakxturein proportionto the
velocity magnitudeat the seedocationfor eachstreamline.ln ad-
dition, sincethe templatetexture is independenof the flow field
dimensionswe canincreasethe dynamicrangeof the speedsy
increasinghe numberof rows in thetemplatetexture. Finally, the
relative speedof differentflow regionscaneitherbe exaggerated
or playeddown by appropriatelymappingvelocity magnitudeo the
speedusedfor cycling throughthetexture.

4.6 Computation Time for PLIC

In this sectionwe compareherunningtimesof thebasicLIC algo-
rithm with PLIC. For LIC we usedanintegrationlengthof 10. For
PLIC, we chosean integrationlengthof 15 with the seedlaced
with astrideof 3 andthe streamlinegiravn to be 3 pixelswide. A
side by side comparisonseeFigure 10) revealsthat using PLIC,
with the parametersas describedabove, the imagesare betterin
contrastand the flow lines are more distinct. Experimentswere
doneon an SGI Onyx-2 Infinite Reality Box with 3072Mbytesof
main memoryusingone 195 MHz IP27 processor Table 1 shavs
that PLIC reduceghe costabout45% over the basicLIC method
and71%overenhanced.IC. We have alsocomparedhecomputa-
tion time for PLIC with UFLIC andfoundthatPLIC is abouttwo
ordersof magnitudefasterthanUFLIC. It is notevorthy thatthese
savings aregreatlyincreasedvhensparseseedings usedto gen-
eratethe streamlinegor PLIC.

runningtimes
Dataset | ImageSize | Enhanced-LIC| LIC | PLIC
sink 544 x 544 12.67 6.33 | 3.63
spiral 544 x 544 12.73 6.36 | 3.67
saddle | 544x 544 12.67 6.33 | 3.64
dynvort | 501x 501 10.64 532 | 3.05
bluntfin | 262x 598 6.39 3.19| 184

Table 1: Comparisonof runningtimes (in seconds¥or LIC and
PLIC.

4.7 More Differences

Oneadwantageof LIC thatis currentlymissingin PLIC is thatone
canhave multiple passe®f LIC to malke theflow linesmorewell-



Figurel2: Left: seedplacedatregulargrid positions;Aliasingis visible aslight anddarkbandsandbecomemoreprominentwhenanimated.
Middle: seedocationsfor the streamlinesrejittered; Right: lengthof the streamlinesrejittered.

defined Enhanced.IC useswo passesf LIC toremove noise and
thenapplieshigh pasdfilter to enhanceedgesandfinally doeshis-
togramequalizationto increaseémagecontrast. Our experiments
with PLIC have revealedthat althoughthe PLIC imagesare bet-
terin contrastandhave well definedflow linesthanLIC, they still
have lesscontrasthanenhanced.IC. We arecurrentlyinvestigat-
ing waysto make the PLIC imagesto have bettercontrastaindbetter
definedflow lines. For example,insteadof usinganimageprocess-
ing approacHike enhancedLIC, PLIC canimprove its imagecon-
trastby adjustingthetemplatetexture,integrationlength,andstride
(sub-samplingate). In addition,onecanalwaysusePLIC instead
of LIC asthefirst pasof enhancedlIC to reduceghecomputational
costof enhancedLIC.

Anotherdifferenceis that LIC canaccepta color imageasits
input texture andapply LIC onit. On the otherhand,the texture
templatein PLIC is usedpurely asa bankof onedimensionatex-
tures.

While bothPLIC andthe motionmapapproactpresentedby Jo-
bardandLefer[9] texture mapstreamlinestheintentandrangeof
featuressary significantly Ourintentis to usestreamlineso mimic
or simulatetheappearancef aLIC imagesothatwe canbetterun-
derstandhe parameterizatioandcando a systematiccomparison
of thesetwo methods. Note that the streamline-to-LICmapping
thatis presentedh this paperis but onepossiblemapping.Thein-
tent of the motion map approachs to producethe appearancef
motion in steadystateflow datamuchlike the phase-shiff5] of
the filter kernelto achiere a similar objective. The texture used
by PLIC is significantlydifferentthanthe functionalcyclic texture
usedby the motionmapapproachPLIC usesa pre-calculatedex-
turetemplatehatis essentiallyreatedasa bankof onedimensional
texturesrandomlyselectecandmappedo streamlinesFinally, the
PLIC approachallows us to visualizetime varying datasetsus-
ing instantaneoustreamlinesbut which arevery similarto UFLIC
[15] in appearanceln addition,PLIC cangeneratesariablespeed
animationswith optionsfor adjustingtherelative speedsaswell as
capturinga wide dynamicrangeof speeds.

5 CONCLUSIONS

We have presenteda flow visualization method that can be
smoothlyadjustedo generaté.IC-lik e imageson oneextremeand
streamline-lile imageson the other In betweenit is alsopossible
to generatamagesthat have propertiesof both LIC and stream-
lines. Thismethodalsohasseveraladwantage®ver LIC in termsof
computatiortime, imagequality, and easeof handlingtime vary-
ing datasets. We seethis work asa steppingstonetowardsbeing

ableto systematicallcomparestreamlineandLIC. Therearealso
anumberof avenueghatwe areexploring beyondthisinitial work:
extensionof PLIC to 3D; investigateother LIC-to-streamlineand
streamline-to-LIOmappingsflow guidedseedplacementtratgy;
usemoreaccurategathlinesnsteadof instantaneoustreamlineso
visualizeunsteadyflow data;anda comprehense comparisorof
flow visualizationtechniques.
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