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Abstract

In this paperwe discussseveral techniquesto display multiple scalar distributionswithin an image depictinga

2D ow eld. We r st addresshow internal contrast and meanluminancecan effectivelybe usedto represent
a scalar distribution in addition to an underlying ow eld. Secondlywe expandupona currenttechniqueto

more effectivelyuseluminancerampsover densestreamlinesto representdirectionof ow. Lastly we presenta

new method basedon embossingto encodethe out-of-planecomponentf a 3D vector eld de ned overa 2D

domain.Throughoutthis paper welimit our focusto thevisualizationof steady ows.

CatayoriesandSubjectDescriptorgaccordingo ACM CCS) 1.3.3[ComputerGraphics]Picture/Imag&eneration

1. Intr oduction

The goal of scienti ¢ visualizationis to representnforma-
tion in amannerthatis easyto interpret,accurateandlends
itself to a fundamentalinderstandingf the underlyingor-
ganizationof theinformationbeingdisplayed Whethercon-
sciouslyconsiderear not, the procesf evaluatingandan-
alyzingscienti ¢ visualizationmageseliesuponhumanvi-
sualperceptiorandaestheticsTo produceanimagethatsuc-
cessfullyre ects multi-valueddatait is necessarpotonly to
be accuratan the representationf individual distributions,
but alsoto portray eachspeci c componentn a way that
doesnot interferewith the accurateperceptionof the other
componentsThis processof successfullycombiningvari-
ableshasimportantapplicationsin analyzingthe scienti ¢
phenomenaepresentetly multi-variatedata.As analterna-
tive to representinglifferentvariableson separatelomains
andattemptingto piecethe datatogetherusingside-by-side
displays,it is highly desirableto createimagesthat allow
eachdistribution to be understoodoth individually andin
the contet of oneor moreof the otherdistributions.

While several techniquesexist to visualize ow elds
(spotnoise,line integral convolution, hedgehogsetc.) dis-
playing scalar elds within ow eld representationse-
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mainsa ubiquitousproblem.This paperpresentsechniques
thatcanbe usefulfor representinguchdata.

We begin by reviewing mary of theexistingtechniquego
represenscalarvariablesin additionto ow elds. We con-
tinue with a more detaileddiscussioron how the concepts
of manipulatingmeanluminanceor contrastcanbe usedto
represenscalarvaluesover a 2D vector eld. Additionally,
we analyzea recenttechniquefor usingluminanceramping
over densestreamlinedo represento w directionandadvo-
catea few modestmodi cations. Finally, we presentatech-
niguedesignedo visualizea3D vector eld ona2D domain
throughthe useof variableembossindo give the perception
of depth.

2. Background and Previous Work
2.1. Visualizing Vector Fields

Perhapghe mostprevalentandstraightforvard approactto
representinga 2D vector eld is to usea seriesof glyphs
known as vector plots or hedgehogsWhile effective and
efcient, onelimitation is that suchplots canonly provide
informationat relatively sparselysampledpointsover a do-
main,aseachglyphwill requireseveral pixelsto bedravn.
Evenwhenthevector eld is not downsampledthe collec-
tion of glyphsmay not easilylenditself to the perceptiorof
global uid ow asthe sgmentsmustbe perceptuallyin-
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terpolatedandconnectedn orderto understandhe pathof

a particle.Selectingsamplesalonga uniform grid may lead
to artifactsin which the structureof the grid interfereswith

correctperceptionof the directionindicatedby the vectors
[LKD 01].

Vector elds havetraditionallybeeneffectively visualized
throughthe use of texture-basedlgorithms.In pioneering
work, vanWijk [vW91]introducedheconcepbf spotnoise
atexture producedrom weightedandrandomlypositioned
spotsdeformedin accordancewith the direction of ow.
Cabraland Leedom[CL93] presentedine integral corvo-
lution (LIC), aversatileandwidely-usedechniqudan which
intensitiesin an input texture are corvolved along stream-
linesde ned by anaccompaying vector eld. Stallingand
Hege [SH95] increasedhe ef ciency of the LIC algorithm
by takingadwantageof coherencalongstreamlinesThisre-
sultsin the computationof the outputtexture beingstream-
line oriented not pixel oriented.

One disadwantage of traditional LIC images is that
the direction of movementin a ow is ambiguous.An-
imation can be used to make that information explicit
[SH95,CL93,JL97b] Wegenkittl, Groller, and Purgathofer
[WGP97 introducedatechniquecalledOrientedLine Inte-
gral Convolution (OLIC) that addressethis issuein a sin-
gle staticimage. The OLIC algorithm, in essenceusesa
sparsdextureresemblingnk dropletsonapageasinputand
a ramp-like corvolution kernelsmearshe dropletsaccord-
ing to the vector eld, resultingin a collection of streaks
in which intensity increasedrom tail to head. Computa-
tion time for this methodwas signi cantly reducedwith
theintroductionof FastOrientedLine Integral Cornvolution
(FROLIC) [WG97]. Morerecentlyin anothempproactsim-
ilar to OLIC, Sannaet al. [SMMSO01] proposea Thick Ori-
entedStreanlines(TOSL)methodjn whichtheorientation
of a o w is depictedby increasingheluminancealongcal-
culatedstreamlines.

Kiu and Banks [KB96] propose the use of multi-
frequeny input texturesalong with increasedlIter kernel
lengthsto incorporateindications of velocity magnitude.
Khouas,Odet,andFriboulet[KOF99 usea 2D autorgres-
sive synthesismethodto simulatea 3D fur-like texture in
orderto representwo dimensionalow elds. This tech-
nigue allows control over streamletorientation,lengthand
density andhasbeenusedto producestriking visualizations
of vectororientationandmagnitude.

Indicationsof velocity magnitudeanddirectionhave thus
beensuccessfullyreintroducednto texture-basedo w rep-
resentationshroughthe useof luminancerampsandvaria-
tionsin spatialfrequeng. In the next sectionwe review cur
renttechniquegiesignedo representdditionalscalarval-
uesin additionto anunderlyingvector eld.

2.2. Visualizing Additional Data

As earlyas1991,Crav s andAllison [CA91] presenteca
techniquefor mappingmultiple scalar elds in additionto

avector eld onanon-planarsurfaceusingthe visual vari-

ablesof color, texture,andheight.An inherentlimitation in

visualizingvectordataover surfacesin 3D is thatit canbe
dif cult for obserersto disambiguatehe effectsof projec-
tion — possiblycausingfalseinterpretatiorof the orientation
information.Also, the 3D natureof the new surfacemayoc-
cludeotherregionsof thedomain.

Scheuermanet al. [SBH99] combinedsurfacedeforma-
tion with LIC to portray 3D vectordatade ned over a 2D
domain.A similar approachpresentedy Sannaand Mon-
trucchio (BLIC) [SMOQ] usesbump mappingto encodean
arbitraryadditionalscalarvariableover avector eld.

Using light sourcesand shadingcanwork well for rep-
resenting3D dataon a planardomain.Onemusttake care,
however, to ensurethatthe displayof informationvia shad-
ing doesnotinterferewith theinterpretatiorof the texture.

Kirby, Marmanisand Laidlaw [KML99] useda layering
techniquejnspiredby methodsfrom oil painting,to repre-
sent2D o w imagesgencodingup to threeor moredifferent
variablesjn additionto thebasic o w eld, throughthe use
of glyph size,shapegcontrastandcolor.

Sanneaet al. [SMZMO02] introducean additionalvalueto
a ow eld by accentuatingnunderlying o w texture with
local contrastContrasis alsoaddresselly WareandKnight
[WK95] who useGaborfunctionsto createtexture-like im-
agesof o w datain whichinformationis encodedalongthe
perceptuallysigni cant texturedimension®f scale orienta-
tion, andcontrast.

3. Using Contrast and Luminance

Therole of theluminancecomponenhasa prominenteffect
on how featuresn animageareperceved[War0d. Manip-
ulationsof meanluminanceor contrasthave the ability to

enhancecharacteristic®f animagewith the intent of rep-
resentinga scalarvaluein additionto the o w dataalready
depictedby a texture. We illustrate thesemethodson LIC

images.

3.1. Contrast

Allowing averageintensity valuesfor an imageto remain
the samedifferencesn the contrastbetweerthe blacksand
whitescanbe usedto effectively corvey informationabout
ascalardistribution.

Onceanoriginal imageis createdo displaya ow eld,
contrastcan be manipulatedoy alteringthe grey-level val-
uesin an image dependingon the valuesin a scalar eld
thatis intendedto be displayed At the locationsof promi-
nentscalarvalues,we reassigmixel valuesto darler greys

¢ TheEurographic#Association2004.
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Figure 1: Manipulationof contrastis usedin this image to

representa scalar distribution. Local differencesbetween
blad and white valuesare usedto portray the calculated
quantityof uniformmomentum.

Figure 2: Two histagramstaken from different regions of
gure 1. Theleft image depictsthe intensitydistribution of
a low-contast region. Therightmostimage depictsa high-
contrastregion.

or lighter whitesthanthe original andreassigriesservalues
of the scalar eld to be closerto the averageintensity The
resultingintensityhistogramfor theimagewill bedifferent,
but the averagepixel value over the new imagewill remain
similarto thatof theoriginal. An exampleis shavnin gure
1.

Imagescreatedin this mannercan work to effectively
display a scalardistribution becauseghe humanvisual sys-
temis sensitve to differentlevels of disparity betweenthe
blacksand whitesin an image.Figure 2 displaysthe his-
togramtaken from two separateegionsof gure 1. Both
histogramssuggestthat the averagepixel value is in the
middle of therange.However, high-contrastegionsrequire
the entirerangeof intensityvalueswhile a muchmorenar
row rangeis utilized in low-contrastregions.A continuous
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Figure 3: Manipulation of meanluminanceis usedin this
image to representa scalar distribution. Luminancevalues
in anoriginal LIC image are shiftedaccoding to thevalues
in anauxiliary scalardistribution—in this caserepresenting
uniformmomentum.

Figure4: Two histagramstakenfromdifferentregionsof g-
ure 3 showingthatthe shapef the histagramsremainsim-
ilar, andonly the average luminancevalueis changed.

scalardistribution canthusbe encodedver a textureimage
throughvariationsin the internaldynamicrangeof the pat-
tern.

3.2. Mean Luminance

Meanluminancerefersto the averageintensityvalueof the
pixelsin agivenregion andcanbecharacterizedstheover-

all brightnesof aregion. The default8-bit grey-level values
of aLIC imagegeneratedrom a randomwhite-noiseinput
texturetypically have anaveragevaluecloseto 127.The av-

erageluminanceof theimageis changedy addingor sub-
tractinganamountproportionako thescaladistribution. We

ensurethe luminancevaluedoesnot go out of rangeby ap-
plying the following formula wherea is an arbitrary x ed
valuedeterminecy theuser
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Inav(X;y) = a scalar(x;y)+ (1 a) lgg(xy)

Applying this formula essentiallyshifts the histogram
with respecto thescalarvaluewhile maintainingtheoverall
shape Using this techniquethe contrastbetweerthe black
andwhite valuesof linesremainshe sameasin theoriginal
imageandthe averageluminancevalue encodedhe scalar
distribution ( gure 3). Caremustalsobe takento consider
the nonlinearity of intensity perceptionwhen using this or
ary otherintensityremapping.

4. Depicting Flow Dir ection

Several techniqueshave been proposedto overcomethe

problemof ambiguouso w direction that occursin static

LIC images]WGP97,WG97, SMMSO0]]. Thesetechniques
typically involve eitheranimationor the useof a monotoni-
cally increasinguminancerampto disambiguatehe direc-

tion of the ow.

Sannaetal. [SMMSO01]] developeda space- lling method
they called Thick OrientedStreamLines (TOSL), in which
theorientationof a o w is depictedby increasinguminance
valuesalong calculatedstreamlines An adwantageof this
techniqueis that it provides a denserepresentatiorof the
vector eld.

The rst stepin the TOSL method asin the LIC method,
isto numericallycalculatestreamlinesiccordingo thegiven
ow eld. Thetwo approachesliffer, however, in thatthe
TOSL methoddoesnot usean input texture and doesnot
initiate a corvolution process.Instead,intensitiesfor pix-
elsalongstreamlineareincrementechccordingo thelocal
vectormagnitude The initial 8-bit pixel valueis randomly
setwithin arangeof 30 and120andthealgorithmcontinues
by steppingalongeachpixel calculatedn thestreamlineand
assigninganincreasingntensityvalue.Local vectormagni-
tudeis taken into accountasthe value of eachpixel is in-
crementedy anamountthatre ects thevelocity magnitude
atthat point. Eachvectormagnitudeis normalizedwith re-
spectto themaximumvelocity onthelocal streamlinelf the
vectorhasa high relative velocity alongthe streamlinethe
incrementn grey toneis proportionallyhigh atthatpointin
theimage.A high densityoutputtextureis obtainedby cre-
atingtheimagein two passesThe rst passcreatesa sparse
texture by coloring only a percentagef the pixels, using
a speci ¢ procedureo selectrandomlyspacedseedpoints.
After auserde ned percentagef theimagehasbeen lled,
theremainingpixelsareconsideredn scan-lineorderto en-
surethatthe entireimageis completed.

TheTOSLtechniquas particularlyadvantageoubecause
of its high densityoutput, ability to accuratelydepict ow
direction, relative simplicity, and potentialfor ef cient im-
plementationUsing the original TOSL algorithmasinspi-
ration,we extendthetechniqueto enhancehe visual effect
andimprove perceptiorof the ow eld.

We have foundthatstartingwith aninitial intensityvalue

between30 and 120 can lead to artifacts due to stream-
linesthathave a similar rangeandstartfrom a similar point
(suchasthe edgeof the domainor a singularity). Figure 5
shavs thatthis canresultasa darkenedanduniform artifact
alongthe edgeof the domainwherethe streamlinesarein-
troduced.The authorsof TOSL suggesthis startingrange
in orderto avoid initial dark grey andalsoto avoid jumps
in which the valuesof neighboringpixelswould be 255and
0. It hasbeenour experiencethat computinglong stream-
lines in which several cycles of pixel valuesrangingfrom
0 to 255 occur including jumps canbe advantageousThis
allows one streamlineto carry several repeateduminance
rampsindicatingthe directionof o w andresultsin a uid
nal image.The problemof edgeartifactscanbe alleviated
by allowing the startingvalue to be randomlyassignedo
ary valuebetweerD and255.

Figure 5: Restrictingtheinitial valueof the streamlinecan
leadto artifactsat boundaryof theimage domain,asseenn

thelowerleft andbottomof theleftmostimage. Thisproblem
canbealleviatedby allowing theinitial pixel valuesto span
theentirerange fromO to 255.

Secondly we feel thata more accuraterepresentatioof
the entirevector eld could be obtainedby usingthe max-
imum global vector magnitudeto normalizethe stepsize.
Incrementingthe intensity of pixels with a stepsizethatis
directly proportionalto the local vectorvelocity magnitude
producesippealingesultsattheexpenseof globalinconsis-
tenciesWith thisapproachpnecannotcompardine lengths
in differentareasof the imageto determineif the velocity
magnitudeis at a global maximumor simply a local maxi-
mum.By adjustingthefactorin whichthevectormagnitudes
arenormalizedjt is possibleto provide amoreglobally con-
sistentportrayalof the scienti c phenomenon.

Finally, we nd it appropriateto make the stepsizein-
verselyproportionako thevectorvelocity magnitudenstead
of directly relatedto the velocity magnitude While an ob-
sener of animagemay learnto readshortlines asrepre-
sentinghigh speecareasandlonglinesasrepresentinglov
maving o w, we nd thisapproactcounterintuitve. Revers-
ing the mappingresultsin creatinglong smoothlineswhere
the o w velocityis attheglobalmaximum.Thisis evocative
of the resultthat a spotsmearecut over a period of time

¢ TheEurographicsAssociation2004.
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Figure 6: In the topmostimage, velocitymagnitudeis nor-

malizedwith respecto thevaluesalongthelocal streamline
only. This resultsin short streamlinesat placeswhere the

velocityis greatestalong ead individual streamline In the

lower image, velocitymagnitudeis normalizedwith respect
to theglobal velocitymagnitude Theluminancerampalong
streamliness alsode ned usingan inverserelationshipbe-
tweenthe stepsizeand the vector magnitude resultingin

long streamlineswhele the velocityis at the largestmagni-

tudeglobally overthedomain

will producealong streakwherethe o w is faster Figure6
illustratesthe effectsof makingthesechanges.

5. Color

Using the techniquepresentedn section4 to visualize a
vector eld with densestreamlinescolor canbe effectively
addedn away thatallows multiple distributionsto berepre-
sentedsimultaneousljUIL 03]. An effective visualization
of multi-valued o w datacanbeachiezed by usingdifferent
huesfor differentscalardistributionsandapplyingcolorin
a mannerthat maintainsthe intensity of the original dense
streamlinemageandsaturatioraccordingto the respectie
scalarvalue(see gure 7 in color section).

6. Streamline Density

Controlling streamlinedensity facilitates several effective

methodsof visualizing 2D vector elds. Here we discuss
a few variationson previous methods[TB96, JL97a] that
presentnformationovervector elds by controllingtheden-
sity of the placemenbf streamlinesOur methodsallow fur-

thertechniquedo visualizeadditionaldistributionson these
images.

Oneway to createa sparsdexture thataccuratelyre ects
avector eld is to begin by usinga randomdistribution to
selectseedvaluesfor streamlinecalculation.Oncea starting
point hasbeenselectedthe streamlings calculatedn both
the positive and negative direction. Following [JL97a] the
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Figure 8: A sparsetexture of evenlydistributedstreamlets.

Figure 9: A spaisetexture in which streamlinesare notter-
minatedwhentheir proximity becomedoo great. This en-
hanceifurcationlinesin thedata.

streamlinds tracedin eachdirectionuntil oneof thefollow-
ing occurs:a singularityis reachedthe streamlinereaches
theedgeof thedomain,or thestreamlinecomeswithin some
userde ned distanceof anotherstreamlinghathasalready
beencalculatedIntensity valuesare assignedeginning at
the negative end of the streamline The startingintensityis
randomly selectedwithin the rangeof [0,255] and subse-
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guentpixels alongthe calculatedstreamlinan the direction
of ow areassignednonotonicallyincreasingntensityval-
ues,wrappingaroundfrom 255 to 0, until the end of the
streamlinds encounteredStreamlinesvhosetotal lengthis
lessthana userspeci ed minimumarenot coloredin.

If the restrictionof proximity is not enforced,a remark-
ably differentimageresults.Theinitial pixel selectedatran-
domis checledto determingf anotherstreamlinehasbeen
computedvithin ade ned proximity. Oncea streamlinehas
beeninitialized, the entire streamlinegetsde ned andcol-
oredin regardlessof whetherit comestoo closeto another
streamlinghathasalreadybeencomputedTheeffectis that
areaswherestreamlineonverge areindicatedby a much
more densecoverageof streamlinesthanin the previous
technigueThisincreasedlensityhighlightstheinterfacebe-
tweencorverging ow regionsand can be interpretedasa
bifurcationline.

7. Embossing

Applying 3D shadingor lighting effects,suchasbumpmap-
ping or embossingto 2D imagescanbeaneffective method
for producingthe perceptiorof threedimensionakhape.

In order for the embossingtechniqueto be effective,
the imagebestnot containa large numberof dense high-
frequeng discontinuitiesEmploying embossingechniques
onimagessuchas gure 6 would notbeadvisableasthereis
not sufcient spacewithin theimageto perceve the results
of the shadingequation.For this reasonwe usethe sparse
texture shavn in gure 8 asinput for the embossingech-
niques.

For the imagespresentedn this section,the additional
distribution that we have chosento visualizeis the out-of-
planevectorcomponentv. The characteristic®f w is sig-
ni cant to varioustheoriesandotherderived quantitiesthat
arevaluablefor analysisof theturbulent o w data.However,
this quantityis oftenignoredwhenproducing2D imagesof
3D vector elds becausé is moreconvenientto simply por-
tray only thein-planecomponentsWith embossingwe can
representhevector eld componentv in amannerthatev-
erywherere ects its depthdistancgboth positve andnega-
tive) from thebaseplane.

7.1. Light Direction

Light direction plays an importantrole with regard to the
perceptiorof depth.Embossingalgorithmstypically mimic
astandardighting equatiorwith asinglepointlight source.

An embossedmagethat represents scalardistribution
that containsboth positive and negative valuescanbe cre-
ated by combining two imagesin the following manner
First,animageis createdby applyingthe embossalgorithm
with alight sourcefrom above, andthena secondmageis
createdwith a light sourcefrom below. The nal imageis

Figure 10: Anembossednddepth-shadeidnage represent-
ing the gain-adjustednagnitudeof the out-of-planecompo-
nentof a vector eld.

Figure 11: Overlyinga sparsestreamlinetexture on an em-
bossedepresentatiorof the out-of-planevectorcomponent.

producedby selectingpixel valuesfrom the imagelit from
abore whereverthequantityis positive andpixel valuesirom
theregion lit from below wherever the quantityis negative.
Thedesiredeffectis thatpositive valuesappeato beraised
andnegative valuesappeato besunlen( gure 10).

¢ TheEurographic#Association2004.
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Figure 12: Differentlevelsof embossin@ppliedto stream-
linesto representthe magnitudeof an auxiliary scalar dis-
tribution.

The rst methodwe presents to overlay the sparsetex-
tureimagepresentedn gure 8 andtheembossedmageof
gure 10in sucha way that only the valuesin the former
thatarelighter thanthevaluesin thelattergetwrittento the
resultingimage.Theresultis shavnin gure 11.While sim-
ple, thistechniqueallows usto effectively visualizeboththe
in-planeandout-of-planevelocity componentsogetherin a
singleimage.

7.2. RepresentingValueswith EmbossedStreamlines

To representa scalardistribution throughthe use of em-
bossedstreamlinesthe magnitudeof the scalarvalue must
be encodedn the depthof the embossingThe processs
startedby creatinga discretenumberof embossing®f the
imageat differentdepthlevels

If thedistribution desiredto bedisplayedhaspositive and
negative componentsthentwo imagesare createdfor each
level lit in opposingdirections— one from above and one
from below ( gure 12). We found a linear interpolationbe-
tweenonly a few levelsto besufcient to createtheimages
presentedh this paper

The nal imagerepresentinghe ow eld andscalardis-
tribution is createdon a pixel-by-pixel basisdependingon
the magnitudeof the scalarcomponentat eachpoint. The
valueof thescalar eld is queriedat eachpointandalinear
combinationof the appropriatdevels of embossingor the
respectie directionis recorded.This processis continued
until all pixelsarecovered( gure 13).

7.3. Combining Embossingwith Streamlines

A secondand more sophisticatedapproachto representing
the ow eld in conjunctionwith the scalardistribution be-
ginswith the creationof an embossedtreamlineimage of
thevector eld. Theembossedtreamlinadmageis addedto
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Figure 13: Embossedtreamlines

Figure 14: Embossedtreamlineson anembossedepresen-
tation of the out-of-planevectorcomponent.

thescalarrepresentationnceagainin a pixel-by-pixel fash-

ion. Oncethe two pixel valuesare added,the background
color from the embossedstreamlineimage is subtracted.
Thisresultsin anembossingf theoriginal embossedcalar
eld asvaluesthat were below the averageare subtracted
from the original image and valuesabove the averageare

addedto the originalimage( gure 14). Any valuesoutside
therangeof 0 or 255areeffectively clamped.
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7.4. Limitations

Representingscaladistribution usingthisembossingech-
niqueis largely impressionisticand containsa few limita-
tions. Namely the ability to perceve numeroudiscretized
levels of a scalarvariableis limited. While all imagesthat
re ect scalarvaluesarelimited in this mannerto a degree,
the embossingechniqueutilizes a numberof surrounding
pixelsanddifferentshade®f grey to producea deptheffect.
The combinationof spaceand limited numberof different
levels of grey that can be effectively usedto producethe
deptheffect signi cantly limit the numberof perceptually
distinguishabldevelsusingthistechniqueAdditionally, this
techniqueis bestemployed whenthe datais relatively con-
tinuousanddoesnot containadjacenssporadicpositive and
negative jumps. This would causehe embossedtreamlines
to appearsggmentedin a mannerthat doesnot accurately
re ect theunderlyingow eld.

8. Summary

The challengeof visualizing multiple scalar elds in com-
bination with o w datahasinspiredmary different tech-
niques.In an attemptto betterunderstandhe components
of visualizingmulti-valued o w data,we have analyzedhe
basicconceptof contrasandmeanluminanceto visualizea
scalardistribution within a ow eld. We presentednodi -
cationsto the TOSL algorithmthatmale it a moreeffective
tool for displayinga ow eld asa seriesof densestream-
lines depicting o w directionusinga luminanceramp. Fi-
nally, we describeda techniquausingembossingo simulate
normalsof a 2D imageanda lighting equationto produce
theperceptiorof 3D shape.
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Figure 7: Usingluminanceto depict ow directionandcolor to representmultiple distributions.
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