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Abstract

Spotnoiseandline integral convolution (LIC) aretwo texturesyn-
thesistechniquesfor vector �eld visualization. In this paperthe
two techniquesarecompared.Continuousdirectionalconvolution
isusedasacommonbasisfor comparingthetechniques.It isshown
that the techniquesarebasedon the samemathematicalconcept.
Comparisonsof the visual appearanceof the output and perfor-
manceof thealgorithmsaremade.
CR Categories and Subject Descriptors: I.3.3 [Computer
Graphics]:Picture/ImageGeneration;I.3.6 [ComputerGraphics]:
Methodologyand TechniquesI.6.6 [Simulation and Modeling]:
SimulationOutputAnalysis.
Additional Keywords: �o w visualization,texturesynthesis

1 INTRODUCTION

Among the techniquesusedfor the visualizationof vector �elds,
texturebasedmethodsarea recentdevelopment.By usingtexture,
acontinuousvisualizationof a two-dimensionalvector�eld canbe
presented.Figure8 shows a visualizationof a slice from a direct
numericalsimulationusingtexture.Theimagesshow theturbulent
�o w arounda block. Theseimagesclearlyshow thepower of tex-
tureasamediumfor visualization.Thevisualeffectof directionis
achievedby line structuresin thedirectionof thevector�eld. These
linesaretheresultof highercoherency betweenneighboringpixels
in the�eld direction.Spotnoiseandline integralconvolution(LIC)
aretwo texturebasedtechniquesfor vector�eld visualizationthat
make useof thisprinciple.

Beforetexturewasusedfor datavisualization,many papersap-
peareddealingwith the generationof textures[7, 9, 8, 3]. The
purposewas artistic or for giving imagesa realistic appearance.
Perlin[9] useddirectedconvolution of randomimagesasa texture
synthesistechniqueto produceimagesof �ames.

Spot noise,introducedby van Wijk [13], was the �rst texture
synthesistechniquefor the visualizationof vector data. A spot
noisetextureis synthesizedby distributinga largenumberof small
intensity functions– called spots– over the domainof the data.
Datais visualizedby transformingthespotasa functionof theun-
derlyingvector�eld. Furthermoretheconceptof textureanimation
wasintroducedfor staticvector�elds. Subsequenttexture frames
aregeneratedby consideringthe spotsasparticlesandadvecting
thespotpositionsin thevector�eld.

Line integralconvolution,introducedby CabralandLeedom[1],
usesa pieceof a streamlineasa �lter kernelfor theconvolution of
a randomtexture. Animationcanberealizedby cyclic shifting of
the�lter kernelin subsequentframes.

In later papersboth LIC and spot noise have beenimproved
and extended. Improvementsinclude increasedtexture synthesis
speeds,generalizationsof grid types,usageof thetechniqueswith
timedependentvector�elds, andzoomingin on details.

In this paperwe comparebothtechniquesandsomeextensions.
In Section2, spotnoiseandLIC arebrie�y described.Wedescribe
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thegoverningalgorithmsandsomeextensions.In Section3 acom-
monbasisis given.By usingcontinuousdirectionalconvolution as
a basis,it is shown thatboth techniquessharea commonunderly-
ing principle.Wealsodiscusstexturesynthesisfor timedependent
vector�elds usingthiscommonbasis.Thetechniqueswill becom-
paredwith respectto outputtextureandperformancein Section4.
Theconclusionswill bepresentedin Section5.

2 LIC AND SPOT NOISE

2.1 Algorithm

A LIC textureis generatedby convolutionof aninputtexturewith a
one-dimensional�lter kernel.Theshapeof thekernelis determined
by theshapeof thestreamlinethroughthepixel. A pixel in the�nal
texture is determinedby the weightedsumof a numberof pixels
alonga line in theinput texture:
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where) is thesetof pixelsin theinputtextureusedfor convolution,
�
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is thevalueof theinput texturepixel atgrid cell
#

and
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is theconvolution �lter .
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Figure1: Schematicrepresentationof theLIC-algorithm.

Figure1 givesan overview of the main componentsof the al-
gorithm. Theinputsof thealgorithmarea randomtextureandthe
vector�eld. Streamlinesarecalculatedfrom thevector�eld andare
usedfor convolution of theinput texture.This resultsin theoutput
texture.

A spotnoisetexture is generatedby blendingtogethera large
numberof smallintensityfunctionsat randompositionsonaplane.
Theshapeof the intensityfunctionsis deformedin relationto the
vector�eld. Spotnoiseis describedby thefollowing equation:
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in which
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is calledthespotfunction.It is anintensityfunction
whichhasa nonzerovalueonly in theneighborhoodof theorigin.
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is a random
position.Thedeformationusedin [13] wasa rotationin thedirec-
tion of the vector �eld andscaledby a factorof

�'465879,

:

7 �

in the
velocitydirectionand

43;<�'4�5�79,

:

7 �

perpendicularto the�eld.



Figure2 showsaschematicrepresentationof thealgorithm.The
vector�eld togetherwith a setof randompositionsandintensities
form theinputof thealgorithm.Fromthesetwo inputsthepositions
andshapesof thespotscanbedetermined.This results,afterspot
blending,in theoutputtexture.

output
texture
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Figure2: Schematicrepresentationof thespotnoisealgorithm.

2.2 Extensions

To be a useful tool for the analysisof vector �elds, a numberof
extensionsto spot noiseand LIC have beenproposed. Here we
limit ourdiscussionto six extensions:

Non-uniformgrids. Thedatamaybede�ned on a grid with an
irregulargeometryor topology. Mappingthe texture to an curved
surfacewill introducedeformations.If thedatahasaregulartopol-
ogy thedeformationproblemcanbeaddressedby transformingthe
datato a�at geometry. Thiscanbeauniformgrid aswasdescribed
in [2] or a rectilineargrid [6]. Using a rectilineargrid in which
thesizeof the cellsmatchesthecell sizesin the undeformeddata
resultsin bettermappedtexturesbecausethescalingof thetexture
elementsis moreuniform.

Performance. Performanceis crucial for interactive visualiza-
tion. Both techniquesrequiresubstantialcomputationsandperfor-
manceof the algorithmis thereforeimportant. LIC canbe paral-
lelizedby partitioningthetexturein anumberof subdomains[15].
Eachsubdomaincanthenbe processedin parallel. Furthermore,
the generationof LIC texture canbe acceleratedby usingthe co-
herencebetweensuccessive pixels on a streamline.A substantial
performancegaincanbe achieved by generatinglong streamlines
andreusingthemfor a large numberof pixels. Spotnoisecanbe
parallelizedbecausethe processingof onespotcanbe doneinde-
pendentlyfrom theotherspots.Therefore,processingof all spots
canbedistributedover a numberof processors.A secondmethod
to speedup spotnoiseis by utilizing graphicshardware[6]. Spot
renderingandblendingcanbemappedonfunctionsfor whichhard-
waresupportis available. Both waysto speedup generationhave
beencombined[5].

Animationand timedependent�ow. Althoughthe information
of a stationary�o w is availablein a singletexture,animationcan
provide importantadditionalinformation.Animationis evenmore
importantwhen the �o w simulationis time dependent.For sta-
tionary�o w, a techniquewaspresentedwherethekernelis shifted
for subsequentframes. Animationof time dependent�o w canbe
achievedby UFLIC, describedin [10]. Herethevaluesin thetex-
turearedepositedalongpathlinesto generatesubsequenttextures.
Usingspotnoiseanimationcanbeachievedby regardingthespots
asparticlesanduseadvectionequationsto calculatenew spotposi-
tionsfor subsequentframes[13]. More abouttheuseof texturein
timedependent�o w canbefoundin Section3.4.

Zooming. In high resolutionsimulations�o w featurescanvary
threeordersof magnitudein size. A singleimagecanimpossibly
provide all information. Smalldetailsin thedatacanonly beper-
ceived if the useris able to magnify a part of the �eld. In LIC,
zoomingcanbe achieved by usinghigh resolutioninput textures

andrelatingthe outputtexture resolutionto the scaleat which an
imageis desired.In spotnoise,zoomingrequiresthatthetextureis
regeneratedusingasmallerpartof thedatausingsmallerspots.

3D. Visualizationof 3D vector�elds is possiblewith Volume-
LIC introducedby InterranteandGrosch[4]. They usedthe gen-
eralizationof LIC to 3D in combinationwith volumerenderingfor
the visualizationof 3D �o ws. Becausethe presentationof dense
volumesis very dif�cult, selectionmethodswereusedto �lter the
inputtextureandtherefortheareain whichthe�o w is shown. Work
on3D spotnoisehasnotbeenreported.

Flow direction. Both spotnoiseandLIC areambivalentwith
respectto the directionof the �o w. Wegenkittl et al. [14] present
a modi�cation of LIC algorithmin which sparseinput texturesare
combinedwith anoriented�lter . In thiswaytheambivalencein the
directionis addressed.

3 COMMON BASIS

In theprevioussection,wehaveshown thatspotnoiseandLine In-
tegralConvolution texturesaresynthesizedby consideringaneigh-
borhoodof apixel. In thissectionwewill show thatbothtechniques
canbedescribedin termsof convolution over a certainregion. As
anintroductionwe will usea simpli�ed modelto explain theidea.
Then,a moreformal treatmentwill be given by usingcontinuous
directionalconvolution.

3.1 Simpli�cation

To illustratethecommonalitybetweentheLIC andspotnoisetech-
niques,we start with two simpli�ed variationsof LIC and spot
noise.ForLIC, astraightlinesegmentis usedin thedirectionof the
�o w at thecenterof thecalculatedpixel. This is theDDA (Digital
DifferentialAnalyzer)convolutionasdescribedin CabralandLee-
dom[1]. )�� (seeequation1) is thesetof pixelsdeterminedby the
line segmentwhenit is rasterized.If a constantconvolution kernel
is assumed,thenapixel valueis calculatedas:
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For spotnoise,scanconvertedlinesof a �x edlengthareused.The
spotsareplacedat the centerof eachpixel in the directionof the
�o w. Now equation2 canberewrittenas:
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where
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is thevalueof thespotatposition
#

.
Theseequationsproduceequivalentoutputtexturebecause
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andthe pixel valuein the input texture
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are
both uniformly distributed randomvalues. That the set of input
values )

� and )

 are the samecan be seenin Figure 3. On the

left, thekernelandthepixelsin theinput textureareshown. These
pixels (grey region) determinetheoutputpixel (thesmallbox) for
DDA-convolution. Theright imageshowsthelocationof spotsthat
in�uence thepixel of interest(box). A spotin�uencesthepixel of
interestif it coversthis pixel. Sevenspots(thecenteris shown by
blackdots)de�ne )



. Dottedlinesindicateaspot'sextent(to avoid

clutteringonly two dottedlinesaredrawn).

3.2 Contin uous directional convolution

It is not possibleto generateimagesusing streamlinesof a con-
stantwidth andconstantdensity. Due to convergence/divergence



Figure3: Pixelsmakingup thekernelshapeof DDA-Convolution
andthelocationof spotsin�uencing thetexturevaluein simpli�ed
spotnoise.

the densityof lines changesresulting in a higher/lower density.
Turks and Banks[12] proposea methodwhich resultsin an ap-
proximationof constantdensityby calculatingthe local densityof
aninitial randomsetof streamlines.Thissetis iteratively improved
by addingor deletingstreamlinesbasedon thelocal density. They
alsosuggestvariationof thewidth of streamlinesto geta uniform
coverage.Randomvaluebasedtexturetechniquesalsogive anap-
proximationof this idea. In texturebasedtechniquesthepixels in
thedirectionof the�o w donothaveequalintensity, but theimpres-
sionof linesis achieved.This is theresultof ahighercorrelationof
pixelsin thedirectionof the�o w, comparedto perpendicularto the
�o w. Dueto theslow variationswhichoccur, nodiscontinuitiesare
introduced.

Foramoredetailedstudyof thisidea,wein introducecontinuous
directionalconvolution. Theinput textureis a continuousfunction
of position:
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where
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is the two-dimensionalkernel and
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is a two-
dimensionaldeformationfunction. The function
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is a two-
dimensionalwhitenoisesignal.Sincethekernelisusuallynon-zero
only in a�nite region,theintegralneedonly to beevaluatedin are-
gionaround

,

. .
Theshapeof the �lter dependson thedesiredeffect. Possibili-

tiesarealine with or withoutacertainwidth or amorecomplicated
two-dimensionalshape(seeFigure4). In termsof frequencies,the

Figure4: Possible�lter shapesfor continuousdirectionalconvo-
lution, one-dimensional�lter , triangle sweptalong a streamline,
sweptrectangle,̀spot', andlow-pass�lter .

purposeof the �lter is to achieve ananisotropic�ltering of the in-
put wherethe maximumfrequency in the �eld direction is lower

asin theperpendiculardirection.Accordingto �ltering theory, the
bestresultwouldbeachievedusingtheananisotropiclow-pass�l-
ter (seeFigure4 lower right) with the main axis deformedusing
a streamline. In practice,however, the convolution mustbe car-
ried out at a �nite resolution.To suppressartifactsdueto aliasing
introducedby the �nite resolutionof the texture the sametype of
anti-aliasingusedfor therenderingof linescouldbeused.

It is alsopossibleto encodeinformationregardingthe velocity
magnitude.This canbedoneby a parameterizingthe �lter kernel
with thevelocity magnitude.In spotnoise,thevelocity magnitude
is encodedin thedifferenceof thefrequency in thedirectionof the
�o w andthefrequency perpendicularto the�o w. Thesameprinci-
plecouldbeincorporatedin thecontinuousdirectionalconvolution
by parameterizingthe width of the �lter inverselyproportionalto
thevelocitymagnitude.

SpotnoiseandLIC arebothapproximationsof continuousdirec-
tional convolution. The following observationscanbe madewith
respectto theapproximation:

� In LIC, ascanconvertedcurve is usedasthekernel.Theker-
nel hasthe shapeof a connectedsetof pixels of a particular
size. This leadsto irregular �ltering in thedirectionperpen-
dicularto the�eld.

� In spotnoise,thereareonly a �nite numberof spots.In terms
of convolution,theinput textureconsistsof a �nite numberof
randomlyplacedimpulseswith a randomenergy. Sincecon-
volution is a linear operator, the convolution integral (equa-
tion 5) over this input texturecanbeevaluatedby summation
of theseparateresponsesto eachimpulse(equation2).

3.3 Conversion between the methods

Continuousdirectionalconvolution canbeusedto `translate'con-
ceptsusedby bothtechniques.Conceptsin spotnoisecanbetrans-
latedto conceptsin LIC andviseversa.For example,in spotnoise,
themagnitudeof the�o w is visualizedusingspotscaling.Because
thespotshapeperformsthesamerole asthe kernelshapein LIC,
onemight expectthatsimilar resultsmight beobtainedin LIC by
variationof thelengthof thekernel.Anotherexample:in spotnoise
it is easyto generateanimationsin astationary�o w by spotadvec-
tion. In LIC this could be realizedby advectionof the input tex-
ture. Eachpixel couldberegardedasa particlewhich is advected
for sometime step. Alternatively, thephaseshifting of the kernel
techniqueproposedfor LIC couldbeimplementedin spotnoiseby
usinga spotshapewith a shiftingphasein differentframes.These
examplesshow that conceptsusedby the two techniquescanbe
mappedontoeachother. Thetablebelow lists a numberof similar
conceptsfor bothtechniques.

spotnoise LIC
randomspotintensity randominput texture

spotfunction kernelshape
spotscaling kernellengthvariation

standardspots DDA convolution
bentspots streamlineconvolution

spotadvection textureadvection

Wecouldgeneratespotnoisetexturesusingavariantof LIC and,
vise versa,LIC texturesusing a variant of spot noise. The line
integralconvolutionalgorithmcanbeadaptedtogeneratespotnoise
texturesby usinga two-dimensional�lter domain. The shapeof
thedomainis determinedby all positionsaroundthe�ltered points
which, if a spot would be placedthere,would cover the �ltered
point. The spot noisealgorithmcanbe adaptedto generateLIC
textures.Spotswouldhave theshapeof a streamlineandwouldbe
renderedat thecenterof eachpixel in thetexture.



3.4 Time dependent vector �elds

A �rst applicationof thecommonbasisis thestudyof texturean-
imationof time dependentvector�elds. The challengeof texture
animationis to maintaintwo typesof coherencein the textures.
To perceive �o w, two issuesmustbe addressed.First, spatialco-
herency (the lower frequency in the �eld directionasdescribedin
the previous section)mustbe maintained. Second,temporalco-
herency mustbemaintained.Temporalcoherenceis de�ned asthe
movementof patternsbetweentexture frames.The impressionof
movementresultswhenpatternsaredisplacedfor a smalldistance
in subsequentframes.

In astationary�o w, temporalcoherenceis obtainedby usingthe
sameprinciple as is usedfor spatialcoherence.Betweensucces-
sive framestexturevaluesareadvectedalongstreamlines.Particle
positionsonastreamlinearecalculatedby:
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where
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is the velocity at position
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. For time dependent�o w,
temporalcoherenceis obtainedonly if particlepathsare usedto
advectthetexture.A particlepathis expressedas:
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Figure5: Streamlinesor pathlinesusedfor coherencein texture

For spatialcoherence,streamlinesshouldbe usedto determine
the �ltering domain. On the otherhand,to get the bestpossible
temporalcoherenceparticlepathsshouldused. This is illustrated
in Figure5. Thethreecolumnsshow differenttime stepsof a �o w
�eld. The �o w is spatiallyuniform andthe directionvarieslinear
with time, asillustratedin the top row of th Figure. In rows two
andthree,two kernelsarefollowedover time. Dottedlinesindicate
particlepaths.Bold linesindicatetheshapeof thekernel.Notethat
in this particularcasestreamlinesarestraightline segmentswhich
is not truein general.

Temporalcoherenceis maintainedif particle pathsare used,
however, it compromisesthespatialcoherenceof thetexture. This
is becauseparticlepaths,andthereforekernels,mayintersect,(asis
shown in the�rst columnof theFigure)resultingin artifactsin the
texture.Thecrossingof kernelsintroduceshigh frequency compo-
nentsin thedirectionof the �o w. Usingstreamlinescompromises
thetemporalcoherenceof thetexture,astheactualpathof the�o w
maydiffer from thepathsuggestedby thetexture.

Figure6 comparestexturesgeneratedusingparticlepathsand
streamlinesfor the kernelshape.The datausedfor this imagesis
therotatinguniform vector�eld describedin Figure5. TheFigure
shows thatusingparticlepathsresultsin high frequenciesin all di-
rectionsandthuscompromisesspatialcoherency in the�eld direc-

tion. Usingstreamlineshigh frequenciesoccuronly perpendicular
to the�eld direction.

Figure6: particlepaths(left) andstreamlines(right) usedfor tex-
turesynthesisin a rotating�o w.

Thereis no perfectsolutionfor the coherency problem. How-
ever, usefulcompromisesweretakenby UFLIC [10] in which the
textureat a certainmomentmight not representthecurrentvector
�eld perfectly. Spotnoiseusesstreamlinesfor thespotshapecom-
promisingtemporalcoherence.Thesepartialsolutionsareusefulas
longastheuserknows thelimitations.

4 COMPARISON

A comparisonof the of both algorithmsis dif�cult to realizebe-
causethealgorithmsproducedifferentoutputs.It is notpossibleto
adjusttheparametersfor themethodssuchthatthey produceequal
textures. Furthermore,thereis no metric to comparethe informa-
tion contentof texture.

Nevertheless,in this sectionwe will presenta metric for com-
paringtextures. We usethis metricasan measureto comparethe
performanceof thetechniques.

4.1 Output texture comparison

Becauseboth methodsdo not producethe sametexture a metric
mustbefoundto compareoutputtextures.Wede�ne thismetricby
introducingthenotionof pixel coverage. Pixel coverageis de�ned
asthe numberof randomvaluescontributing to a pixel. Textures
arede�ned to be equivalent if thepixel coveragefor eachpixel is
thesame.

In the previous sectionwe found that a spot and a kernel are
comparableconcepts.For acertainkernelaspotcanbefoundsuch
thattheareacoveredis equalto theareaof thepixelsunderakernel
in LIC (seeFigure 7). The averageareacoveredbe a kernel is
the �lter length ��� multiplied by thewidth of a singlepixel. If we
normalizethe width and lengthof the completetexture to

4

and
measurethelengthof thekernelin pixels,thentheareaof a kernel
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is calculatedby
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Figure7: Equalcoverageof a pixel: the numberof input values
whichin�uenceapixel is equalfor LIC (left) andspotnoise(right)
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where  � � is the resolutionof the texture. A disc shapedspot
with acomparablesurfacehasaradius
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Eachpixel must be coveredby � � spotsthereforethe numberof
spots� to beusedis
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In Figure8 the samevector�eld is visualizedusingboth tech-
niques.Theimageon theleft shows the�eld usingLIC while spot
noiseis usedfor the right image.Thedatais a slice from a direct
numericalsimulationof a turbulent�o w arounda block andis de-
�ned on a rectilineargrid. Theresolutionof thedatais �

4����
	

��� .
The �o w is from the bottomto the top of the image. The visual-
ization shows the vortex sheddingin the wake behindthe block.
Theresolutionof bothtexturesis

	<4����	�4�

. For theLIC texturea
kernellengthof 20 pixelswasused.UsingEquations9 and10 we
obtainedvaluesgiving an equalpixel coveragefor the spotnoise
image.

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

Becausethe large majority of grid cells in the datais smaller
thana texel theamountof detailwhich couldbevisible is limited
by thetextureresolution.For furtherinvestigationweusedadetail
behindtheblock. This is shown in In Figure9. In thelowerpartof
the imagesthe block is visible. Thedataresolutionof the section
shown is

4������ 4����

. Using
	�4����	�4�

texturesthe smallestgrid
cellsin thedataareabout

�

texelsin size. In thetop left imagethe
�lter lengthusedfor LIC is 20pixelswhile in thebottomleft image
a �lter lengthof 40 used.Thespotnoiseimageshave equalpixel
coverageusingparameterscalculatedby Equations9 and10.

Fromthis sideby sidecomparisona numberof differencescan
be noted. In the LIC imagerotationcentersarevisualizedmore
accurately. For example:theLIC imagesclearlyshow thetwo dis-
tinct rotationcentersin therotationareain thetop left of the�eld.
The velocity in the rotationcentersis relatively low and therefor
thespotnoisetexturesbecomealmostisotropic.In additionto dis-
playingvelocitydirectioninformation,thespotnoiseimageshows
themagnitudeof the�eld; e.g. theupperright cornerof theimage

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

shows a region of highervelocity. Unfortunately, this extra infor-
mationdecreasesresolutionof thedirectionalinformation.Thefre-
quency rangeneededto encodethevelocitymagnitudereducesthe
frequency atwhich thedirectionalinformationis displayed.

4.2 Performance comparison

Theperformancecanbecomparedin severalways.Firstwewill do
someorderestimationof theperformanceof thealgorithms.Sec-
ond,wewill look atextensionsto thealgorithmsfor increasedper-
formance.Finally, wewill presentsomemeasurements.

In unacceleratedLIC the time neededto generatea texture in-
creaseslinear with the numberof pixels in the outputtexture and
linearwith thelengthof thekernel.For spotnoisethetimeneeded
increaseslinear with the numberof the spotsand linear with the
areaof the spots. If the comparabletexturesaregenerated,such
asdescribedin theprevioussection,it is easyto seethat theorder
of generationtime of the algorithmsis equal. However, the basic
operationswhichhaveto becarriedoutaredifferent.For spotnoise
scanconversionoperationsareneededandfor LIC convolutionand
streamline integrationoperationsareneeded.

Theprevious analysisis valid for the original algorithms.Sev-
eralwayshavebeenproposedto speedupthealgorithms.In theal-
gorithmfor LIC proposedby StallingandHege[11] thealgorithm
consistsof two steps. In the �rst stepstreamlines arecalculated
andin thesecondsteptheconvolution is carriedout by successive
processingof pixelsalongstreamlineswhereresultsarereused.In
this way, thecomplexity of thealgorithmbecomesindependentof
the �lter length. For spotnoise,graphicshardwarecanbeutilized
to speedupscanconversionanblendingof thespots[6]. Although
this doesnot changetheorderof complexity, substantialgainscan
beachieved in thegenerationtime. Parallelizationis anotherway
to speedup the algorithms. LIC can be parallelizedby dividing
thetexturein tiles [15]. Parallelizationof spotnoiseis possibleby
distributingthespotsover theprocessors.Thecombinationof hard-
wareaccelerationandparallelizationfor spotnoiseis possibleif the
availableprocessorpower is matchedby thespeedof thegraphics
hardware[5].



As a testcaseto comparethespeedthealgorithmswe usedthe
detailof theDNS describedin theprevioussection(seeFigure9).
The testswererun on a SGI Indigo

�

workstationequippedwith a
250MHz R4400processoranda High Impactgraphicsboard.For
LIC theoriginal implementationasdescribedin [1] wasused.For
spotnoisean implementationtaking advantageof graphicshard-
warewasused. The resultsfor this unfair comparisonwere93.5
secondsfor LIC and6.7secondsfor spotnoise.For theLIC image
a �lter lengthof 20 wasused,thespotnoiseimagewasgenerated
with aspotradiusof 0.005.For theimageswith a�lter lengthof 40
andaspotradiusof 0.007thetimeswere182.3and6.6respectively.

We geta bettercomparisonif usetheresultsof acceleratedLIC
with the times presentedfor spot noise. The timing resultspre-
sentedin [11] indicatethat 4.6 secondsareneededfor the gener-
ation a similar LIC texture on slightly slower hardwareusingthe
accelerationtechniquesdescribedin thepaper. Thiswouldsuggest
thatLIC is slightly fasterthanspotnoise.

In this comparisonwe usedtextureswith equalpixel coverage.
However, a numberof parametersin spotnoiseallow tradingqual-
ity for speed. Figure 10 shows spot noiseimagesin which less
spotswereused.Comparedto thespotnoisetexturesin Figure9,
20 percentof thenumberof spotswereusedin theleft image,and
5 percentin the right image. The timesneededto generatethese
imageswere1.3and0.35seconds.

Figure10: Tradingquality for speedin spotnoise. Textureusing
50000spots(left) and12500spots(right)

5 CONCLUSION

In this paperLIC andspotnoisewerecompared.Both techniques
usetexturesynthesisfor vector�eld visualization.Directionalin-
formationin texturesis encodedby coherencebetweenneighboring
pixels.Dueto differencesbetweenthetechniquesandtheconcepts
usedto discribethem,a directcomparisonwould bevery dif�cult.
By usingcontinuousdirectionalconvolution asa model,thesimi-
larity in theunderlyingmathematicalbasisbecomesclear, andsim-
ilar conceptsin thetechniquescanbefound.

The diffencesin informationpresentedby both techniquesare
dueto thefactthatLIC doesnotencodevelocitymagintude.There-
fore, thespatialresolutionfor presentingdirectionalinformationis
higherthanfor acomparablespotnoisetexture. If theacceleration
scemesproposedfor thetechniquesaretaken into accountthedif-
ferencesin performanceof LIC is slightly betterthanof spotnoise.
Spotnoiseis more�e xible with respectto tradingtexture quality
for generationspeed.

ContinuousDirectionalConvolutionis usedto show thatfor tex-
ture animationof time dependent�o w, it is not possibleto fully
satisfytherequirementsof spatialcoherencein thetextureandtem-
poralcoherencein frames.We believe thatcontinuousdirectional
convolutioncanserveasabasisfor futurestudyandimprovements
of texturesynthesistechniquesfor �o w visualization.
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