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Abstract

Spotnoiseandline integral convolution (LIC) aretwo texturesyn-
thesistechniquedfor vector eld visualization. In this paperthe
two techniquesrecompared.Continuousdirectionalcorvolution

isusedasacommonbasisfor comparinghetechniqueslt is shavn

that the techniquesare basedon the samemathematicatoncept.
Comparisonof the visual appearancef the output and perfor

manceof thealgorithmsaremade.

CR Categories and Subject Descriptors: 1.3.3 [Computer
Graphics]: Picture/ImageGeneration;).3.6 [ComputerGraphics]:
Methodology and Techniquesl.6.6 [Simulation and Modeling]:

SimulationOutputAnalysis.

Additional Keywords: o w visualization texture synthesis

1 INTRODUCTION

Among the techniqueausedfor the visualizationof vector elds,
texture basedmethodsarearecentdevelopment.By usingtexture,
a continuousvisualizationof atwo-dimensionalector eld canbe
presented.Figure 8 shavs a visualizationof a slice from a direct
numericalsimulationusingtexture. Theimagesshav theturbulent
o w arounda block. Theseimagesclearly shav the power of tex-
tureasamediumfor visualization.The visualeffect of directionis
achievedby line structuresn thedirectionof thevector eld. These
linesaretheresultof highercohereng betweemeighboringpixels
inthe eld direction.Spotnoiseandline integral convolution (LIC)
aretwo texture basedechniquedor vector eld visualizationthat
male useof this principle.

Beforetexturewasusedfor datavisualizationmary papersap-
peareddealingwith the generationof textures[7, 9, 8, 3]. The

purposewas artistic or for giving imagesa realistic appearance.

Perlin[9] useddirectedconvolution of randomimagesasa texture
synthesigechniqueo produceimagesof ames.

Spotnoise, introducedby van Wijk [13], wasthe rst texture
synthesistechniquefor the visualizationof vectordata. A spot
noisetextureis synthesizedy distributing alarge numberof small
intensity functions— called spots— over the domainof the data.
Datais visualizedby transforminghe spotasa functionof theun-
derlyingvector eld. Furthermordgheconcep®f textureanimation
wasintroducedfor staticvector elds. Subsequertexture frames
are generatedy consideringthe spotsas particlesand advecting
the spotpositionsin thevector eld.

Line integral corvolution,introducedoy CabralandLeedom1],
usesa pieceof astreamlineasa lter kernelfor the convolution of
arandomtexture. Animationcanberealizedby cyclic shifting of
the lter kernelin subsequerftames.

In later papersboth LIC and spot noise have beenimproved
and extended. Improvementsinclude increasedexture synthesis
speedsgeneralizationsf grid types,usageof thetechniquesvith
time dependentector elds, andzoomingin on details.

In this paperwe comparebothtechniquesndsomeextensions.
In Section2, spotnoiseandLIC arebrie y describedWe describe
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thegoverningalgorithmsandsomeextensionsln Section3 acom-
monbasisis given. By usingcontinuoudirectionalconvolution as
a basis,it is shavn thatboth techniquesharea commonunderly-
ing principle. We alsodiscusgexture synthesidor time dependent
vector elds usingthiscommonbasis.Thetechniquesvill becom-
paredwith respecto outputtexture andperformancen Section4.
Theconclusionawill bepresentedh Section5.

2 LIC AND SPOT NOISE

2.1 Algorithm

A LIC textureis generatedby corvolution of aninputtexturewith a
one-dimensionalter kernel. Theshapeof thekernelis determined
by theshapeof the streamlinghroughthepixel. A pixel in the nal
texture is determinedoy the weightedsum of a numberof pixels
alongaline in theinputtexture:

@)

where isthesetof pixelsin theinputtextureusedfor convolution,
is thevalueof theinputtexturepixel atgrid cell and
is thecorvolution lter.
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Figurel: Schematiegepresentationf the LIC-algorithm.

Figure 1 givesan overview of the main component®f the al-
gorithm. Theinputsof thealgorithmarea randomtexture andthe
vector eld. Streamlinesrecalculatedromthevector eld andare
usedfor convolution of theinputtexture. This resultsin the output
texture.

A spotnoisetexture is generatedy blendingtogethera large
numberof smallintensityfunctionsatrandompositionsonaplane.
The shapeof the intensityfunctionsis deformedin relationto the
vector eld. Spotnoiseis describedy thefollowing equation:

@)

in which is calledthe spotfunction. It is anintensityfunction
which hasa nonzerovalueonly in the neighborhooaf the origin.
is arandomscalingfactorwith azeromeanand is arandom
position. The deformationusedin [13] wasa rotationin the direc-
tion of the vector eld andscaledby a factorof in the
velocity directionand perpendiculato the eld.



Figure2 shavs aschematigepresentationf thealgorithm.The
vector eld togethemwith a setof randompositionsandintensities
formtheinputof thealgorithm.Fromthesewo inputsthepositions
andshape®f the spotscanbe determined.This results after spot
blending,in the outputtexture.
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Figure2: Schematicepresentationf the spotnoisealgorithm.

2.2 Extensions

To be a usefultool for the analysisof vector elds, a numberof
extensionsto spotnoiseand LIC have beenproposed. Here we
limit our discussiono six extensions:

Non-uniformgrids. Thedatamaybe de ned on a grid with an
irregular geometryor topology Mappingthe textureto ancurved
surfacewill introducedeformationslf thedatahasaregulartopol-
ogy thedeformatiornproblemcanbe addressedy transforminghe
datato a at geometry This canbeauniformgrid aswasdescribed
in [2] or arectilineargrid [6]. Using a rectilineargrid in which
the sizeof the cells matcheghe cell sizesin the undeformediata
resultsin bettermappedexturesbecausehe scalingof the texture
elementss moreuniform.

Performance Performancas crucial for interactve visualiza-
tion. Both techniquesequiresubstantiatomputationgndperfor
manceof the algorithmis thereforeimportant. LIC canbe paral-
lelizedby partitioningthetexturein a numberof subdomaing15].
Eachsubdomaincanthenbe processedn parallel. Furthermore,
the generatiorof LIC texture canbe acceleratedy usingthe co-
herencebetweensuccessi pixels on a streamline. A substantial
performancegain canbe achieved by generatingong streamlines
andreusingthemfor a large numberof pixels. Spotnoisecanbe
parallelizedbecausehe processingf onespotcanbe doneinde-
pendentlyfrom the otherspots. Therefore processingf all spots
canbe distributedover a numberof processorsA secondmethod
to speedup spotnoiseis by utilizing graphicshardware[6]. Spot
renderingandblendingcanbemappednfunctionsfor which hard-
waresupportis available. Both waysto speedup generatiorhave
beencombined5].

Animationandtime dependentow. Althoughtheinformation
of a stationary o w is availablein a singletexture, animationcan
provide importantadditionalinformation. Animationis evenmore
importantwhenthe ow simulationis time dependent.For sta-
tionary o w, atechniquevaspresenteavherethe kernelis shifted
for subsequenframes. Animation of time dependento w canbe
achieed by UFLIC, describedn [10]. Herethe valuesin the tex-
turearedepositedhlongpathlinesto generatesubsequertextures.
Usingspotnoiseanimationcanbe achiered by regardingthe spots
asparticlesandusead\ectionequationgo calculatenew spotposi-
tionsfor subsequerframes[13]. More aboutthe useof texturein
time dependenio w canbefoundin Section3.4.

Zooming In high resolutionsimulations o w featurescanvary
threeordersof magnitudein size. A singleimagecanimpossibly
provide all information. Small detailsin the datacanonly be per
ceived if the useris ableto magnify a part of the eld. In LIC,
zoomingcan be achieved by using high resolutioninput textures

andrelatingthe outputtexture resolutionto the scaleat which an
imageis desired.In spotnoise,zoomingrequireghatthetextureis
regeneratedisinga smallerpartof the datausingsmallerspots.

3D. Visualizationof 3D vector elds is possiblewith Volume-
LIC introducedby Interranteand Grosch[4]. They usedthe gen-
eralizationof LIC to 3D in combinatiorwith volumerenderingfor
the visualizationof 3D ows. Becausehe presentatiorof dense
volumesis very dif cult, selectionmethodswereusedto lter the
inputtextureandtherefortheareain whichthe o w is shavn. Work
on 3D spotnoisehasnotbeenreported.

Flow direction. Both spotnoiseandLIC are ambwalentwith
respecto the directionof the ow. Wegenkittl et al. [14] present
amodi cation of LIC algorithmin which sparseanput texturesare
combinedwith anoriented Iter . In thisway theambivalencein the
directionis addressed.

3 COMMON BASIS

In theprevious sectionwe have shawn thatspotnoiseandLine In-
tegral Convolution texturesaresynthesizedby consideringa neigh-
borhoodof apixel. In thissectionwewill shav thatbothtechniques
canbedescribedn termsof corvolution over a certainregion. As
anintroductionwe will usea simpli ed modelto explain theidea.
Then,a more formal treatmentwill be given by usingcontinuous
directionalconvolution.

3.1 Simpli cation

To illustratethecommonalitybetweerthe LIC andspotnoisetech-
niques,we start with two simpli ed variationsof LIC and spot
noise.For LIC, astraightline sggmentis usedn thedirectionof the
o w atthe centerof the calculatedpixel. Thisis the DDA (Digital
DifferentialAnalyzer)convolution asdescribedn CabralandLee-
dom[l]. (seeequationl) is thesetof pixelsdeterminedy the
line sgmentwhenit is rasterizedIf a constantorvolution kernel
is assumedthena pixel valueis calculatedhs:
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For spotnoise,scanconvertedlinesof a x edlengthareused.The
spotsare placedat the centerof eachpixel in the directionof the
o w. Now equation2 canberewritten as:

(4)

where is thevalueof the spotat position .
Theseequationgroduceequialentoutputtexture because

is equivalentto and isthesameas . Theintensityof a
spot andthe pixel valuein the input texture are
both uniformly distributed randomvalues. That the setof input
values and arethe samecanbe seenin Figure3. On the
left, the kernelandthe pixelsin theinput textureareshavn. These
pixels (grey region) determinethe outputpixel (the smallbox) for
DDA-corwvolution. Therightimageshavs thelocationof spotsthat
in uence the pixel of interest(box). A spotin uencesthe pixel of
interestif it coversthis pixel. Seven spots(the centeris shavn by
blackdots)de ne . Dottedlinesindicatea spots extent(to avoid
clutteringonly two dottedlinesaredrawvn).

3.2 Contin uous directional convolution

It is not possibleto generatémagesusing streamlinesof a con-
stantwidth and constantdensity Dueto corvergence/diergence



Figure3: Pixelsmakingup the kernelshapeof DDA-Cornvolution
andthelocationof spotsin uencing thetexturevaluein simpli ed
spotnoise.

the density of lines changesresultingin a higher/laver density
Turks and Banks[12] proposea methodwhich resultsin an ap-
proximationof constandensityby calculatingthe local densityof
aninitial randomsetof streamlinesThis setis iteratively improved
by addingor deletingstreamlinesbasedn thelocal density They
alsosuggesvariationof the width of streamlinesto geta uniform
coverage.Randonvaluebasedexturetechniqueslsogive anap-
proximationof this idea. In texture basedechniqueghe pixelsin
thedirectionof the o w donothave equalintensity but theimpres-
sionof linesis achieved. Thisis theresultof ahighercorrelationof
pixelsin thedirectionof the o w, comparedo perpendiculato the
o w. Dueto theslow variationswhich occur no discontinuitiesare
introduced.

Foramoredetailedstudyof thisidea,wein introducecontinuous
directionalconvolution. Theinputtextureis a continuousfunction

of position: andthecorvolution equatiorcanbewrittenas:

(5)
where is the two-dimensionalkernel and is a two-
dimensionadeformationfunction. The function is atwo-

dimensionalvhite noisesignal. Sincethekernelis usuallynon-zero
onlyin a nite region,theintegralneedonly to beevaluatedn are-
gionaround .

The shapeof the Iter dependn the desiredeffect. Possibili-
tiesarealine with or withouta certainwidth or amorecomplicated
two-dimensionakhapgseeFigure4). In termsof frequenciesthe

Figure4: Possiblelter shapedor continuousdirectionalcorvo-
lution, one-dimensionallter, triangle sweptalong a streamline,
sweptrectangle,spot', andlow-passter .

purposeof the lter is to achieve ananisotropicltering of thein-
put wherethe maximumfrequeng in the eld directionis lower

asin theperpendiculadirection. Accordingto Itering theory the
bestresultwould be achiezed usingthe ananisotropidow-pass|-
ter (seeFigure 4 lower right) with the main axis deformedusing
a streamline. In practice,howvever, the corvolution mustbe car
ried outata nite resolution.To suppressrtifactsdueto aliasing
introducedby the nite resolutionof the texture the sametype of
anti-aliasingusedfor therenderingof linescouldbeused.

It is alsopossibleto encodeinformationregardingthe velocity
magnitude.This canbe doneby a parameterizinghe Iter kernel
with the velocity magnitude.In spotnoise,the velocity magnitude
is encodedn thedifferenceof thefrequeny in thedirectionof the

o w andthefrequeny perpendiculato the o w. The sameprinci-
ple couldbeincorporatedn the continuoudirectionalconvolution
by parameterizinghe width of the Iter inverselyproportionalto
thevelocity magnitude.

SpotnoiseandLIC arebothapproximationsf continuouglirec-
tional corvolution. The following obserationscanbe madewith
respecto theapproximation:

In LIC, ascanconvertedcurwe is usedasthekernel. Theker
nel hasthe shapeof a connectedetof pixels of a particular
size. This leadsto irregular ltering in the directionperpen-
dicularto the eld.

In spotnoise thereareonly a nite numberof spots.In terms
of corvolution, theinputtextureconsistof a nite numberof

randomlyplacedimpulseswith arandomenepy. Sincecon-
volution is a linear operator the convolution integral (equa-
tion 5) over thisinputtexture canbe evaluatedoy summation
of theseparateesponseto eachimpulse(equatior?).

3.3 Conversion between the methods

Continuoudirectionalcorvolution canbe usedto “translate'con-
ceptsusedby bothtechniquesConceptsn spotnoisecanbetrans-
latedto conceptsn LIC andviseversa.For example,in spotnoise,
themagnitudeof the o w is visualizedusingspotscaling.Because
the spotshapeperformsthe samerole asthe kernelshapen LIC,
onemight expectthat similar resultsmight be obtainedin LIC by
variationof thelengthof thekernel. Anotherexample:in spotnoise
it is easyto generat@nimationsn a stationaryo w by spotadwec-
tion. In LIC this could be realizedby adwection of the input tex-
ture. Eachpixel could be regardedasa particlewhich is advected
for sometime step. Alternatiely, the phaseshifting of the kernel
techniqueproposedor LIC couldbeimplementedn spotnoiseby
usinga spotshapewith a shifting phasein differentframes.These
examplesshav that conceptsusedby the two techniquescanbe
mappedntoeachother Thetablebelaw lists anumberof similar
conceptdor bothtechniques.

spotnoise LIC
randomspotintensity | randominputtexture
spotfunction kernelshape
spotscaling kernellengthvariation
standardspots DDA convolution
bentspots streamlinecorvolution
spotadwection textureadwection

We couldgeneratepotnoisetexturesusingavariantof LIC and,
vise versa, LIC texturesusing a variant of spotnoise. The line
integral convolutionalgorithmcanbeadaptedo generatespotnoise
texturesby using a two-dimensionallter domain. The shapeof
the domainis determinedy all positionsaroundthe Itered points
which, if a spotwould be placedthere,would cover the ltered
point. The spotnoisealgorithm can be adaptedo generateIC
textures. Spotswould have the shapeof a streamlineandwould be
renderedhtthe centerof eachpixelin thetexture.



3.4 Time dependent vector elds

A rst applicationof the commonbasisis the studyof texture an-
imation of time dependentector elds. The challengeof texture
animationis to maintaintwo typesof coherencen the textures.
To perceve ow, two issuesmustbe addressedFirst, spatialco-
hereng (the lower frequeny in the eld directionasdescribedn
the previous section)must be maintained. Second temporalco-
hereng mustbe maintained.Temporalcoherencés de ned asthe
movementof patternsbetweentexture frames. The impressionof
movementresultswhenpatternsaredisplacedor a smalldistance
in subsequerftames.

In astationary o w, temporakoherencés obtainedby usingthe
sameprinciple asis usedfor spatialcoherence.Betweensucces-
sive framestexture valuesareadvectedalongstreamlinesParticle
positionson a streamlinearecalculatedy:

(6)

where is the velocity at position  For time dependento w,
temporalcoherencés obtainedonly if particle pathsare usedto
adwectthetexture. A particlepathis expresseds:

@)
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Figure5: Streamlinesor pathlinesusedfor coherencén texture

For spatialcoherencestreamlineshouldbe usedto determine
the Itering domain. On the otherhand,to getthe bestpossible
temporalcoherencearticle pathsshouldused. This is illustrated
in Figure5. Thethreecolumnsshav differenttime stepsof a ow

eld. The ow is spatiallyuniform andthe directionvarieslinear

with time, asillustratedin the top row of th Figure. In rows two
andthree two kernelsarefollowedovertime. Dottedlinesindicate
particlepaths.Bold linesindicatetheshapeof thekernel. Notethat
in this particularcasestreamlinesrestraightline sggmentswhich
is nottruein general.

Temporalcoherences maintainedif particle pathsare used,
however, it compromiseshe spatialcoherencef thetexture. This
is becausgarticlepathsandthereforekernelsmayintersect(asis
shavn in the rst columnof the Figure)resultingin artifactsin the
texture. The crossingof kernelsintroduceshigh frequeng compo-
nentsin thedirectionof the o w. Usingstreamlinecompromises
thetemporalcoherencef thetexture,astheactualpathof the o w
may differ from the pathsuggestetby thetexture.

Figure 6 comparedexturesgeneratedising particle pathsand
streamlinegor the kernelshape.The datausedfor this imagesis
therotatinguniform vector eld describedn Figure5. TheFigure
shaws thatusingparticlepathsresultsin high frequenciesn all di-
rectionsandthuscompromisespatialcohereng in the eld direc-

tion. Usingstreamlinesigh frequencieoccuronly perpendicular
tothe eld direction.

Figure6: particlepaths(left) andstreamlinegright) usedfor tex-
turesynthesisn arotating o w.

Thereis no perfectsolutionfor the cohereng problem. How-
ever, usefulcompromisesveretaken by UFLIC [10] in whichthe
texture at a certainmomentmight not representhe currentvector

eld perfectly Spotnoiseusesstreamlinegor the spotshapecom-
promisingtemporakoherenceThesepartialsolutionsareusefulas
long astheuserknows thelimitations.

4 COMPARISON

A comparisorof the of both algorithmsis dif cult to realizebe-
causeahealgorithmsproducedifferentoutputs.lt is not possibleto
adjustthe parameter$or the methodssuchthatthey produceequal
textures. Furthermorethereis no metricto comparethe informa-
tion contentof texture.

Neverthelessijn this sectionwe will presenta metric for com-
paringtextures. We usethis metricasan measurgo comparethe
performancef thetechniques.

4.1 Output texture comparison

Becauseboth methodsdo not producethe sametexture a metric
mustbefoundto compareoutputtextures.We de ne thismetricby
introducingthe notionof pixel coverage. Pixel coverages de ned
asthe numberof randomvaluescontrituting to a pixel. Textures
arede ned to be equialentif the pixel coveragefor eachpixel is
thesame.

In the previous sectionwe found that a spotand a kernel are
comparableonceptsFor acertainkernelaspotcanbefoundsuch
thattheareacoveredis equalto theareaof thepixelsunderakernel
in LIC (seeFigure7). The averageareacoveredbe a kernelis
the Iter length multiplied by thewidth of a singlepixel. If we
normalizethe width and length of the completetextureto and
measurghelengthof thekernelin pixels,thenthe areaof a kernel

is calculatedby
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Figure 7: Equal coverageof a pixel: the numberof input values
whichin uence apixel is equalfor LIC (left) andspotnoise(right)
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where is the resolutionof the texture. A disc shapedspot
with acomparablesurfacehasaradius  of

— — 9)

Eachpixel mustbe covered by
spots tobeusedis

spotsthereforethe numberof

— (10)

In Figure 8 the samevector eld is visualizedusingboth tech-
niques.Theimageontheleft shavs the eld usingLIC while spot
noiseis usedfor theright image. The datais a slice from a direct
numericalsimulationof a turbulent o w arounda block andis de-
ned onarectilineargrid. Theresolutionof the datais
The o w is from the bottomto the top of theimage. The V|sual-
ization shaws the vortex sheddingin the wake behindthe block.
Theresolutionof bothtexturesis . FortheLIC texturea
kernellengthof 20 pixelswasused.Using Equation$9 and10 we
obtainedvaluesgiving an equalpixel coveragefor the spotnoise
image.

Figure8: LIC (left) andspotnoise(right) imagesof turbulent o w
aroundablock.

Becausethe large majority of grid cellsin the datais smaller
thana texel the amountof detail which could be visible is limited
by thetextureresolution.For furtherinvestigationwe useda detalil
behindtheblock. Thisis shavn in In Figure9. In thelower partof
theimagesthe block is visible. The dataresolutionof the section
shawvn is . Using texturesthe smallestgrid
cellsin thedataareabout texelsin size.In thetop left imagethe

Iter lengthusedfor LIC is 20 pixelswhile in thebottomleft image
a lter lengthof 40 used. The spotnoiseimageshave equalpixel
coverageusingparametersalculatedoy Equations® and10.

Fromthis side by side comparisora numberof differencesan
be noted. In the LIC imagerotation centersare visualizedmore
accurately For example:the LIC imagesclearlyshaw thetwo dis-
tinct rotationcenterdn therotationareain thetop left of the eld.
The velocity in the rotationcentersis relatively low andtherefor
the spotnoisetexturesbecomealmostisotropic. In additionto dis-
playingvelocity directioninformation,the spotnoiseimageshavs
themagnitudeof the eld; e.g.theupperright cornerof theimage

Figure9: LIC (left) andspotnoise(right) imageswith equalpixel
coverageusinga lter lengthof 20 andaspotradiusof 0.005.(top)
andusinga Iter lengthof 40 anda spotradiusof 0.007.(bottom)

shaws a region of highervelocity. Unfortunately this extra infor-
mationdecreasesesolutionof thedirectionalinformation. Thefre-
queng rangeneededo encodehevelocity magnitudeeduceghe
frequeny atwhichthedirectionalinformationis displayed.

4.2 Performance comparison

Theperformanceanbecomparedn severalways. Firstwe will do
someorderestimationof the performanceof the algorithms. Sec-
ond,we will look at extensiongo thealgorithmsfor increaseger
formance Finally, we will presensomemeasurements.

In unacceleratedIC the time neededo generatea texture in-
creasedinear with the numberof pixelsin the outputtexture and
linearwith thelengthof thekernel. For spotnoisethetime needed
increasedinear with the numberof the spotsand linear with the
areaof the spots. If the comparabldexturesare generatedsuch
asdescribedn the previous section,it is easyto seethatthe order
of generatiortime of the algorithmsis equal. However, the basic
operationsvhich have to becarriedout aredifferent. For spotnoise
scanconversionoperationareneededandfor LIC convolutionand
streamline integrationoperationsareneeded.

The previous analysisis valid for the original algorithms. Sev-
eralwayshave beenproposedo speedupthealgorithms.In theal-
gorithmfor LIC proposedy StallingandHege[11] thealgorithm
consistsof two steps. In the rst stepstreamlines are calculated
andin the secondstepthe convolution is carriedout by successie
processingf pixels alongstreamlinesvhereresultsarereused.In
this way, the compleity of the algorithmbecomesndependenof
the Iter length. For spotnoise,graphicshardwarecanbe utilized
to speecup scancorversionanblendingof the spots[6]. Although
this doesnot changethe orderof compleity, substantiagainscan
be achievedin the generatiortime. Parallelizationis anotherway
to speedup the algorithms. LIC canbe parallelizedby dividing
thetexturein tiles [15]. Parallelizationof spotnoiseis possibleby
distributingthespotsover theprocessorsThecombinatiorof hard-
wareacceleratiomndparallelizatiorfor spotnoiseis possibldf the
availableprocessopower is matchedby the speedof the graphics
hardware[5].



As atestcaseto comparethe speedhe algorithmswe usedthe
detail of the DNS describedn the previous section(seeFigure9).
Thetestswererun on a SGlIndigo workstationequippedwith a
250MHz R4400processoanda High Impactgraphicsboard.For
LIC theoriginalimplementatiorasdescribedn [1] wasused.For
spotnoisean implementatiortaking adwantageof graphicshard-
warewas used. The resultsfor this unfair comparisonwere 93.5
seconddor LIC and6.7 secondgor spotnoise.For theLIC image
a lter lengthof 20 wasused,the spotnoiseimagewasgenerated
with aspotradiusof 0.005.For theimageswith a Iter lengthof 40
andaspotradiusof 0.007thetimeswere182.3and6.6respectrely.

We geta bettercomparisonif usetheresultsof accelerated.IC
with the times presentedor spotnoise. The timing resultspre-
sentedin [11] indicatethat 4.6 secondsare neededor the gener
ation a similar LIC texture on slightly slover hardware usingthe
acceleratiortechniqueslescribedn the paper This would suggest
thatLIC is slightly fasterthanspotnoise.

In this comparisorwe usedtextureswith equalpixel coverage.
However, anumberof parameter@ spotnoiseallow tradingqual-
ity for speed. Figure 10 shavs spot noiseimagesin which less
spotswereused. Comparedo the spotnoisetexturesin Figure9,
20 percentof thenumberof spotswereusedin theleft image,and
5 percentin theright image. The timesneededo generatehese
imageswerel.3and0.35seconds.

Figure10: Tradingquality for speedn spotnoise. Texture using
50000spots(left) and12500spots(right)

5 CONCLUSION

In this paperLIC andspotnoisewerecompared.Both techniques
usetexture synthesidor vector eld visualization. Directionalin-
formationin texturesis encodedy coherencéetweemeighboring
pixels. Dueto differencedetweerthetechniquegndthe concepts
usedto discribethem,a directcomparisorwould be very dif cult.
By usingcontinuoudirectionalconvolution asa model,the simi-
larity in theunderlyingmathematicabasisbecomeslear andsim-
ilar conceptsn thetechniqueganbefound.

The diffencesin information presentedy both techniquesare
dueto thefactthatLIC doesnotencoderelocity magintude There-
fore, the spatialresolutionfor presentinglirectionalinformationis
higherthanfor acomparablespotnoisetexture. If theacceleration
scemegroposedor thetechniquesretaken into accounthe dif-
ferencesn performancef LIC is slightly betterthanof spotnoise.
Spotnoiseis more e xible with respecto tradingtexture quality
for generatiorspeed.

ContinuouDirectionalCorvolutionis usedo shav thatfor tex-
ture animationof time dependento w, it is not possibleto fully
satisfytherequirementsf spatialcoherencén thetextureandtem-
poral coherencen frames. We believe that continuousdirectional
corvolution cansene asa basisfor futurestudyandimprovements
of texturesynthesigechniquedor o w visualization.

Acknowledgments

Thanksto Arthur Veldmanand Roel VerstappenUniversity of
Groningerfor usingtheirdata.We aregratefulto thereviewerswho
gave valuableideasfor improvementsof the paper This work is
partially fundedby the DutchfoundationHigh Performance&Com-
putingandNetworking (High Performancé&/isualizationproject).

References

[1] B. CabralandL. Leedom.ImagingVectorFieldsUsingLine
Integral Convolution. In SIGGRAPH3 ConfeenceProceed-
ings Annual ConferenceSeries pages263—-272ACM SIG-
GRAPH,August1993.

[2] L.K. Forsselland S.D. Cohen. Using Line Integral Cornvo-
lution for Flow Visualization: Curvilinear Grids, Variable-
speedAnimation,andUnsteadyFlows. IEEE Transaction®n
\isualizationand ComputerGraphics 1(2):133-1411995.

[3] P.Haeberli.Paintingby Numbers:AbstractimageRepresen-
tations. In ComputerGraphics(SIGGRAPHI0 Confeence
Proceedings)volume24, page207—-214July 1990.

[4] VictoriaInterranteandChesterGrosch. Stratgiesfor Effec-
tively Visualizing3D Flow with VolumeLIC. In R. Yageland
H. Hagen, editors, Proceedingsf Misualization'97, pages
421-424) os Alamitos(CA), 1997.IEEE ComputerSociety
Press.

[5] W.C. de Leeuw and R. van Liere. Divide and Con-
quer Spot Noise. In ProceedingsSuper Computing'97
(http://scxytc.cornell.edu/sc97/pgram/TECH/DELEEUW/
INDEX.HTM) 1997.

[6] W.C.delLeeuwandJ.J.vanWijk. EnhancedspotNoisefor
Vector Field Visualization. In G.M. NielsonandD. Silver,
editors, Proceedingsv/isualization'95, pages233—-239,Los
Alamitos(CA), 1995.IEEE ComputetSocietyPress.

[7] J-PLewis. Texture Synthesidor Digital Painting. In Com-
puter Graphics (SIGGRAPH84 Confeence Proceedings)
volumel8, pages245-251,July 1984.

[8] D.R.Peache Solid Texturing of Complex Surfaces.Com-
puter Graphics (SIGGRAPH85 Confeence Proceedings)
19(3):279-286July 1985.

[9] K. Perlin. An Image Synthesizer In ComputerGraphics
(SIGGRAPHB5 ConfeenceProceedings)volume 19, pages
287-296July 1985.

[10] H.-W. ShenandD.L. Kao. UFLIC: A Line Integral Corvolu-
tion Algorithm for VisualizingUnsteadyFlows. In R. Yagel
andH. Hagen,editors,Proceedingd/sualization'97, pages
317-322) os Alamitos(CA), 1997.IEEE ComputerSociety
Press.

[11] D. StallingandH.C. Hege. FastandResolutionindependent
Line Integral Convolution. In SIGGRAPH5 ConfeencePro-
ceedingsAnnual ConferenceSeries pages249—-256 August
1995.

[12] G.TurkandD. Banks.Image-GuidedstreamlinePlacement.
In SIGGRAPH96 ConfeenceProceedingspages453—460,
July 1996.



[13]

[14]

[15]

J.J.vanWijk. SpotNoise— Texture Synthesidor DataVisu-
alization.In ComputeiGraphics(SIGGRAPH1 Confeence
Proceedings)volume25, pages263—272,July 1991.

R. WegenkittlandEduardGroller. FastOrientedLine Integral

Convolution for VectorField Visualization. In R. Yageland

H. Hagen,editors, Proceedingsf Misualization'97, pages
309-316Los Alamitos (CA), 1997.IEEE ComputerSociety
Press.

M. Zockler, D. Stalling,andH. Hege. ParallelLine Integral
Convolution. In A. Chalmersand FW. Janseneditors, Pro-
ceedinggFir st EurographicsWorkshopon Parallel Graphics
andVisualization pages249-256 heldin Bristol, UK, 26-27
Septemberl996.



