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Abstract
In this paperwe discussseveral techniquesto displaymultiple 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. Secondly, we expandupona current techniqueto
more effectivelyuseluminancerampsover densestreamlinesto representdirectionof �ow. Lastly, wepresenta
new method,basedon embossing, to encodetheout-of-planecomponentof a 3D vector�eld de�ned over a 2D
domain.Throughoutthispaper, welimit our focusto thevisualizationof steady�ows.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.3[ComputerGraphics]:Picture/ImageGeneration

1. Intr oduction

The goal of scienti�c visualizationis to representinforma-
tion in amannerthatis easyto interpret,accurate,andlends
itself to a fundamentalunderstandingof the underlyingor-
ganizationof theinformationbeingdisplayed.Whethercon-
sciouslyconsideredor not, theprocessof evaluatingandan-
alyzingscienti�c visualizationimagesreliesuponhumanvi-
sualperceptionandaesthetics.To produceanimagethatsuc-
cessfullyre�ectsmulti-valueddatait is necessarynotonly to
beaccuratein therepresentationof individual distributions,
but also to portray eachspeci�c componentin a way that
doesnot interferewith the accurateperceptionof the other
components.This processof successfullycombiningvari-
ableshasimportantapplicationsin analyzingthe scienti�c
phenomenarepresentedby multi-variatedata.As analterna-
tive to representingdifferentvariableson separatedomains
andattemptingto piecethedatatogetherusingside-by-side
displays,it is highly desirableto createimagesthat allow
eachdistribution to be understoodboth individually andin
thecontext of oneor moreof theotherdistributions.

While several techniquesexist to visualize �o w �elds
(spotnoise,line integral convolution, hedgehogs,etc.) dis-
playing scalar �elds within �o w �eld representationsre-
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mainsa ubiquitousproblem.This paperpresentstechniques
thatcanbeusefulfor representingsuchdata.

Webegin by reviewing many of theexistingtechniquesto
representscalarvariablesin additionto �o w �elds. We con-
tinue with a moredetaileddiscussionon how the concepts
of manipulatingmeanluminanceor contrastcanbeusedto
representscalarvaluesover a 2D vector�eld. Additionally,
we analyzea recenttechniquefor usingluminanceramping
overdensestreamlinesto represent�o w directionandadvo-
catea few modestmodi�cations.Finally, we presenta tech-
niquedesignedto visualizea3D vector�eld ona2D domain
throughtheuseof variableembossingto give theperception
of depth.

2. Background and PreviousWork

2.1. Visualizing Vector Fields

Perhapsthemostprevalentandstraightforwardapproachto
representinga 2D vector �eld is to usea seriesof glyphs
known as vector plots or hedgehogs.While effective and
ef�cient, onelimitation is that suchplots canonly provide
informationat relatively sparselysampledpointsover a do-
main,aseachglyph will requireseveralpixels to bedrawn.
Evenwhenthevector�eld is not downsampled,thecollec-
tion of glyphsmaynot easilylenditself to theperceptionof
global �uid �o w as the segmentsmustbe perceptuallyin-
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terpolatedandconnectedin orderto understandthepathof
a particle.Selectingsamplesalonga uniform grid maylead
to artifactsin which thestructureof thegrid interfereswith
correctperceptionof the directionindicatedby the vectors
[LKD � 01].

Vector�elds havetraditionallybeeneffectively visualized
throughthe useof texture-basedalgorithms.In pioneering
work,vanWijk [vW91] introducedtheconceptof spotnoise,
a textureproducedfrom weightedandrandomlypositioned
spotsdeformedin accordancewith the direction of �o w.
CabralandLeedom[CL93] presentedline integral convo-
lution (LIC), aversatileandwidely-usedtechniquein which
intensitiesin an input texture areconvolved alongstream-
linesde�ned by anaccompanying vector�eld. Stallingand
Hege [SH95] increasedthe ef�ciency of the LIC algorithm
by takingadvantageof coherencealongstreamlines.Thisre-
sultsin thecomputationof theoutputtexturebeingstream-
line oriented,notpixel oriented.

One disadvantage of traditional LIC images is that
the direction of movement in a �o w is ambiguous.An-
imation can be used to make that information explicit
[SH95,CL93,JL97b]. Wegenkittl, Groller, andPurgathofer
[WGP97] introduceda techniquecalledOrientedLine Inte-
gral Convolution (OLIC) that addressesthis issuein a sin-
gle static image.The OLIC algorithm, in essence,usesa
sparsetextureresemblingink dropletsonapageasinputand
a ramp-like convolution kernelsmearsthe dropletsaccord-
ing to the vector �eld, resulting in a collection of streaks
in which intensity increasesfrom tail to head.Computa-
tion time for this methodwas signi�cantly reducedwith
the introductionof FastOrientedLine Integral Convolution
(FROLIC) [WG97]. Morerecently, in anotherapproachsim-
ilar to OLIC, Sannaet al. [SMMS01] proposea Thick Ori-
entedStreamLines(TOSL)method,in whichtheorientation
of a �o w is depictedby increasingtheluminancealongcal-
culatedstreamlines.

Kiu and Banks [KB96] propose the use of multi-
frequency input texturesalong with increased�lter kernel
lengths to incorporateindicationsof velocity magnitude.
Khouas,Odet,andFriboulet[KOF99] usea 2D autoregres-
sive synthesismethodto simulatea 3D fur-like texture in
order to representtwo dimensional�o w �elds. This tech-
niqueallows control over streamletorientation,lengthand
density, andhasbeenusedto producestrikingvisualizations
of vectororientationandmagnitude.

Indicationsof velocitymagnitudeanddirectionhave thus
beensuccessfullyreintroducedinto texture-based�o w rep-
resentationsthroughtheuseof luminancerampsandvaria-
tionsin spatialfrequency. In thenext sectionwereview cur-
rent techniquesdesignedto representadditionalscalarval-
uesin additionto anunderlyingvector�eld.

2.2. Visualizing Additional Data

As early as1991,Craw�s andAllison [CA91] presenteda
techniquefor mappingmultiple scalar�elds in addition to
a vector�eld on a non-planarsurfaceusingthevisualvari-
ablesof color, texture,andheight.An inherentlimitation in
visualizingvectordataover surfacesin 3D is that it canbe
dif�cult for observersto disambiguatetheeffectsof projec-
tion – possiblycausingfalseinterpretationof theorientation
information.Also, the3D natureof thenew surfacemayoc-
cludeotherregionsof thedomain.

Scheuermannet al. [SBH99] combinedsurfacedeforma-
tion with LIC to portray3D vectordatade�ned over a 2D
domain.A similar approachpresentedby SannaandMon-
trucchio(BLIC) [SM00] usesbump mappingto encodean
arbitraryadditionalscalarvariableoveravector�eld.

Using light sourcesandshadingcanwork well for rep-
resenting3D dataon a planardomain.Onemusttake care,
however, to ensurethat thedisplayof informationvia shad-
ing doesnot interferewith theinterpretationof thetexture.

Kirby, MarmanisandLaidlaw [KML99] useda layering
technique,inspiredby methodsfrom oil painting,to repre-
sent2D �o w images,encodingup to threeor moredifferent
variables,in additionto thebasic�o w �eld, throughtheuse
of glyphsize,shape,contrast,andcolor.

Sannaet al. [SMZM02] introducean additionalvalueto
a �o w �eld by accentuatinganunderlying�o w texturewith
localcontrast.ContrastisalsoaddressedbyWareandKnight
[WK95] who useGaborfunctionsto createtexture-like im-
agesof �o w datain which informationis encodedalongthe
perceptuallysigni�cant texturedimensionsof scale,orienta-
tion, andcontrast.

3. UsingContrast and Luminance

Theroleof theluminancecomponenthasaprominenteffect
on how featuresin animageareperceived[War00]. Manip-
ulationsof meanluminanceor contrasthave the ability to
enhancecharacteristicsof an imagewith 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
thesame,differencesin thecontrastbetweentheblacksand
whitescanbe usedto effectively convey informationabout
ascalardistribution.

Onceanoriginal imageis createdto displaya �o w �eld,
contrastcanbe manipulatedby altering the grey-level val-
uesin an imagedependingon the valuesin a scalar�eld
that is intendedto be displayed.At the locationsof promi-
nentscalarvalues,we reassignpixel valuesto darker greys
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Figure 1: Manipulationof contrast is usedin this image to
representa scalar distribution. Local differencesbetween
black and white valuesare usedto portray the calculated
quantityof uniformmomentum.

Figure 2: Two histogramstaken from different regions of
�gur e 1. Theleft image depictsthe intensitydistribution of
a low-contrast region. Therightmostimage depictsa high-
contrastregion.

or lighter whitesthantheoriginal andreassignlesservalues
of the scalar�eld to be closerto the averageintensity. The
resultingintensityhistogramfor theimagewill bedifferent,
but theaveragepixel valueover thenew imagewill remain
similar to thatof theoriginal.An exampleis shown in �gure
1.

Imagescreatedin this mannercan work to effectively
displaya scalardistribution becausethe humanvisual sys-
tem is sensitive to different levels of disparitybetweenthe
blacksand whites in an image.Figure 2 displaysthe his-
togramtaken from two separateregions of �gure 1. Both
histogramssuggestthat the averagepixel value is in the
middleof therange.However, high-contrastregionsrequire
theentirerangeof intensityvalueswhile a muchmorenar-
row rangeis utilized in low-contrastregions.A continuous

Figure 3: Manipulationof meanluminanceis usedin this
image to representa scalar distribution. Luminancevalues
in anoriginal LIC imageareshiftedaccording to thevalues
in anauxiliary scalardistribution– in thiscaserepresenting
uniformmomentum.

Figure4: Twohistogramstakenfromdifferentregionsof �g-
ure3 showingthat theshapesof thehistogramsremainsim-
ilar, andonly theaverage luminancevalueis changed.

scalardistribution canthusbeencodedover a textureimage
throughvariationsin the internaldynamicrangeof thepat-
tern.

3.2. Mean Luminance

Meanluminancerefersto theaverageintensityvalueof the
pixelsin agivenregionandcanbecharacterizedastheover-
all brightnessof aregion.Thedefault8-bit grey-level values
of a LIC imagegeneratedfrom a randomwhite-noiseinput
texturetypically haveanaveragevaluecloseto 127.Theav-
erageluminanceof the imageis changedby addingor sub-
tractinganamountproportionalto thescalardistribution.We
ensurethe luminancevaluedoesnot go out of rangeby ap-
plying the following formula wherea is an arbitrary �x ed
valuedeterminedby theuser.
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Inew(x;y) = a � scalar(x;y) + (1� a) � Iold(x;y)

Applying this formula essentiallyshifts the histogram
with respectto thescalarvaluewhile maintainingtheoverall
shape.Using this technique,thecontrastbetweentheblack
andwhitevaluesof linesremainsthesameasin theoriginal
imageandthe averageluminancevalueencodesthe scalar
distribution (�gure 3). Caremustalsobe taken to consider
the nonlinearityof intensityperceptionwhenusing this or
any otherintensityremapping.

4. Depicting Flow Dir ection

Several techniqueshave been proposedto overcomethe
problemof ambiguous�o w direction that occursin static
LIC images[WGP97,WG97, SMMS01]. Thesetechniques
typically involve eitheranimationor theuseof a monotoni-
cally increasingluminancerampto disambiguatethedirec-
tion of the�o w.

Sannaet al. [SMMS01] developeda space-�lling method
they calledThick OrientedStreamLines (TOSL), in which
theorientationof a �o w is depictedby increasingluminance
valuesalong calculatedstreamlines.An advantageof this
techniqueis that it provides a denserepresentationof the
vector�eld.

The�rst stepin theTOSL method,asin theLIC method,
is tonumericallycalculatestreamlinesaccordingto thegiven
�o w �eld. The two approachesdiffer, however, in that the
TOSL methoddoesnot usean input texture and doesnot
initiate a convolution process.Instead,intensitiesfor pix-
elsalongstreamlinesareincrementedaccordingto thelocal
vectormagnitude.The initial 8-bit pixel valueis randomly
setwithin arangeof 30and120andthealgorithmcontinues
by steppingalongeachpixel calculatedin thestreamlineand
assigninganincreasingintensityvalue.Local vectormagni-
tudeis taken into account,asthe valueof eachpixel is in-
crementedby anamountthatre�ects thevelocitymagnitude
at thatpoint. Eachvectormagnitudeis normalizedwith re-
spectto themaximumvelocityonthelocalstreamline.If the
vectorhasa high relative velocity alongthestreamline,the
incrementin grey toneis proportionallyhighat thatpoint in
theimage.A high densityoutputtextureis obtainedby cre-
atingtheimagein two passes.The�rst passcreatesasparse
texture by coloring only a percentageof the pixels, using
a speci�c procedureto selectrandomlyspacedseedpoints.
After auser-de�ned percentageof theimagehasbeen�lled,
theremainingpixelsareconsideredin scan-lineorderto en-
surethattheentireimageis completed.

TheTOSLtechniqueis particularlyadvantageousbecause
of its high densityoutput,ability to accuratelydepict �o w
direction,relative simplicity, andpotentialfor ef�cient im-
plementation.Using the original TOSL algorithmasinspi-
ration,we extendthetechniqueto enhancethevisualeffect
andimproveperceptionof the�o w �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).Figure5
shows thatthis canresultasa darkenedanduniformartifact
alongtheedgeof thedomainwherethestreamlinesarein-
troduced.The authorsof TOSL suggestthis startingrange
in order to avoid initial dark grey andalso to avoid jumps
in which thevaluesof neighboringpixelswould be255and
0. It hasbeenour experiencethat computinglong stream-
lines in which several cyclesof pixel valuesrangingfrom
0 to 255occur, including jumps, canbeadvantageous.This
allows one streamlineto carry several repeatedluminance
rampsindicatingthe directionof �o w andresultsin a �uid
�nal image.Theproblemof edgeartifactscanbealleviated
by allowing the startingvalue to be randomlyassignedto
any valuebetween0 and255.

Figure 5: Restrictingthe initial valueof thestreamlinecan
leadto artifactsat boundaryof theimagedomain,asseenin
thelowerleft andbottomof theleftmostimage. Thisproblem
canbealleviatedbyallowing theinitial pixel valuesto span
theentire range from0 to 255.

Secondly, we feel that a moreaccuraterepresentationof
the entirevector�eld could be obtainedby usingthe max-
imum global vector magnitudeto normalizethe stepsize.
Incrementingthe intensityof pixels with a stepsizethat is
directly proportionalto the local vectorvelocity magnitude
producesappealingresultsat theexpenseof globalinconsis-
tencies.With thisapproach,onecannotcompareline lengths
in differentareasof the imageto determineif the velocity
magnitudeis at a global maximumor simply a local maxi-
mum.By adjustingthefactorin whichthevectormagnitudes
arenormalized,it is possibleto provideamoregloballycon-
sistentportrayalof thescienti�c phenomenon.

Finally, we �nd it appropriateto make the stepsize in-
verselyproportionalto thevectorvelocitymagnitudeinstead
of directly relatedto the velocity magnitude.While an ob-
server of an imagemay learn to readshort lines as repre-
sentinghighspeedareas,andlonglinesasrepresentingslow
moving �o w, we�nd thisapproachcounterintuitive.Revers-
ing themappingresultsin creatinglong smoothlineswhere
the�o w velocity is at theglobalmaximum.This is evocative
of the result that a spotsmearedout over a periodof time
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Figure 6: In the topmostimage, velocitymagnitudeis nor-
malizedwith respectto thevaluesalongthelocal streamline
only. This resultsin short streamlinesat placeswhere the
velocityis greatestalongeach individual streamline. In the
lower image, velocitymagnitudeis normalizedwith respect
to theglobalvelocitymagnitude. Theluminancerampalong
streamlinesis alsode�nedusingan inverserelationshipbe-
tweenthe stepsizeand the vector magnitude, resultingin
long streamlineswhere thevelocityis at the largestmagni-
tudegloballyover thedomain

will producea long streakwherethe�o w is faster. Figure6
illustratestheeffectsof makingthesechanges.

5. Color

Using the techniquepresentedin section4 to visualizea
vector�eld with densestreamlines,color canbeeffectively
addedin awaythatallowsmultipledistributionsto berepre-
sentedsimultaneously[UIL � 03]. An effective visualization
of multi-valued�o w datacanbeachievedby usingdifferent
huesfor differentscalardistributionsandapplyingcolor in
a mannerthat maintainsthe intensityof the original dense
streamlineimageandsaturationaccordingto therespective
scalarvalue(see�gure 7 in color section).

6. StreamlineDensity

Controlling streamlinedensity facilitatesseveral effective
methodsof visualizing 2D vector �elds. Here we discuss
a few variationson previous methods[TB96, JL97a] that
presentinformationovervector�elds by controllingtheden-
sity of theplacementof streamlines.Ourmethodsallow fur-
thertechniquesto visualizeadditionaldistributionson these
images.

Oneway to createa sparsetexturethataccuratelyre�ects
a vector �eld is to begin by usinga randomdistribution to
selectseedvaluesfor streamlinecalculation.Onceastarting
point hasbeenselected,thestreamlineis calculatedin both
the positive andnegative direction.Following [JL97a], the

Figure8: A sparsetextureof evenlydistributedstreamlets.

Figure 9: A sparsetexture in which streamlinesare not ter-
minatedwhentheir proximity becomestoo great. This en-
hancesbifurcationlinesin thedata.

streamlineis tracedin eachdirectionuntil oneof thefollow-
ing occurs:a singularity is reached,the streamlinereaches
theedgeof thedomain,or thestreamlinecomeswithin some
user-de�ned distanceof anotherstreamlinethathasalready
beencalculated.Intensityvaluesareassignedbeginning at
the negative endof the streamline.The startingintensityis
randomlyselectedwithin the rangeof [0,255] and subse-
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quentpixelsalongthecalculatedstreamlinein thedirection
of �o w areassignedmonotonicallyincreasingintensityval-
ues,wrappingaroundfrom 255 to 0, until the end of the
streamlineis encountered.Streamlineswhosetotal lengthis
lessthanauser-speci�edminimumarenotcoloredin.

If the restrictionof proximity is not enforced,a remark-
ablydifferentimageresults.Theinitial pixel selectedat ran-
domis checkedto determineif anotherstreamlinehasbeen
computedwithin ade�ned proximity. Onceastreamlinehas
beeninitialized, the entirestreamlinegetsde�ned andcol-
oredin regardlessof whetherit comestoo closeto another
streamlinethathasalreadybeencomputed.Theeffect is that
areaswherestreamlinesconverge are indicatedby a much
more densecoverageof streamlinesthan in the previous
technique.Thisincreaseddensityhighlightstheinterfacebe-
tweenconverging �o w regionsandcanbe interpretedasa
bifurcationline.

7. Embossing

Applying 3D shadingor lighting effects,suchasbumpmap-
pingor embossing,to 2D imagescanbeaneffectivemethod
for producingtheperceptionof threedimensionalshape.

In order for the embossingtechniqueto be effective,
the imagebestnot containa large numberof dense,high-
frequency discontinuities.Employing embossingtechniques
onimagessuchas�gure 6 wouldnotbeadvisableasthereis
not suf�cient spacewithin the imageto perceive theresults
of the shadingequation.For this reason,we usethe sparse
texture shown in �gure 8 as input for the embossingtech-
niques.

For the imagespresentedin this section,the additional
distribution that we have chosento visualizeis the out-of-
planevectorcomponentw. The characteristicsof w is sig-
ni�cant to varioustheoriesandotherderivedquantitiesthat
arevaluablefor analysisof theturbulent�o w data.However,
this quantityis oftenignoredwhenproducing2D imagesof
3D vector�elds becauseit is moreconvenientto simplypor-
tray only thein-planecomponents.With embossing,we can
representthevector�eld componentw in a mannerthatev-
erywherere�ects its depthdistance(bothpositive andnega-
tive) from thebaseplane.

7.1. Light Dir ection

Light direction plays an importantrole with regard to the
perceptionof depth.Embossingalgorithmstypically mimic
astandardlighting equationwith asinglepoint light source.

An embossedimagethat representsa scalardistribution
that containsboth positive andnegative valuescanbe cre-
ated by combining two imagesin the following manner.
First,animageis createdby applyingtheembossalgorithm
with a light sourcefrom above, andthena secondimageis
createdwith a light sourcefrom below. The �nal imageis

Figure10: Anembossedanddepth-shadedimagerepresent-
ing thegain-adjustedmagnitudeof theout-of-planecompo-
nentof a vector�eld.

Figure 11: Overlyinga sparsestreamlinetexture on an em-
bossedrepresentationof theout-of-planevectorcomponent.

producedby selectingpixel valuesfrom the imagelit from
abovewhereverthequantityis positiveandpixel valuesfrom
theregion lit from below wherever thequantityis negative.
Thedesiredeffect is thatpositive valuesappearto beraised
andnegativevaluesappearto besunken(�gure 10).
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Figure 12: Different levelsof embossingappliedto stream-
lines to representthe magnitudeof an auxiliary scalar dis-
tribution.

The �rst methodwe presentis to overlay the sparsetex-
tureimagepresentedin �gure 8 andtheembossedimageof
�gure 10 in sucha way that only the valuesin the former
thatarelighter thanthevaluesin thelattergetwritten to the
resultingimage.Theresultis shown in �gure 11.While sim-
ple, this techniqueallowsusto effectively visualizeboththe
in-planeandout-of-planevelocity componentstogetherin a
singleimage.

7.2. RepresentingValueswith EmbossedStreamlines

To representa scalardistribution through the use of em-
bossedstreamlines,the magnitudeof the scalarvaluemust
be encodedin the depthof the embossing.The processis
startedby creatinga discretenumberof embossingsof the
imageatdifferentdepthlevels.

If thedistributiondesiredto bedisplayedhaspositiveand
negative components,thentwo imagesarecreatedfor each
level lit in opposingdirections– one from above and one
from below (�gure 12). We founda linear interpolationbe-
tweenonly a few levelsto besuf�cient to createtheimages
presentedin thispaper.

The�nal imagerepresentingthe�o w �eld andscalardis-
tribution is createdon a pixel-by-pixel basisdependingon
the magnitudeof the scalarcomponentat eachpoint. The
valueof thescalar�eld is queriedat eachpoint anda linear
combinationof the appropriatelevels of embossingfor the
respective direction is recorded.This processis continued
until all pixelsarecovered(�gure 13).

7.3. Combining Embossingwith Streamlines

A secondandmoresophisticatedapproachto representing
the�o w �eld in conjunctionwith thescalardistribution be-
gins with the creationof an embossedstreamlineimageof
thevector�eld. Theembossedstreamlineimageis addedto

Figure13: Embossedstreamlines

Figure14: Embossedstreamlinesonanembossedrepresen-
tationof theout-of-planevectorcomponent.

thescalarrepresentationonceagain in apixel-by-pixel fash-
ion. Oncethe two pixel valuesare added,the background
color from the embossedstreamlineimage is subtracted.
This resultsin anembossingof theoriginalembossedscalar
�eld as valuesthat were below the averageare subtracted
from the original imageand valuesabove the averageare
addedto theoriginal image(�gure 14). Any valuesoutside
therangeof 0 or 255areeffectively clamped.
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7.4. Limitations

Representingascalardistributionusingthisembossingtech-
nique is largely impressionisticand containsa few limita-
tions.Namely, the ability to perceive numerousdiscretized
levels of a scalarvariableis limited. While all imagesthat
re�ect scalarvaluesarelimited in this mannerto a degree,
the embossingtechniqueutilizes a numberof surrounding
pixelsanddifferentshadesof grey to produceadeptheffect.
The combinationof spaceand limited numberof different
levels of grey that can be effectively usedto producethe
deptheffect signi�cantly limit the numberof perceptually
distinguishablelevelsusingthistechnique.Additionally, this
techniqueis bestemployedwhenthedatais relatively con-
tinuousanddoesnot containadjacentsporadicpositive and
negative jumps.This wouldcausetheembossedstreamlines
to appearsegmentedin a mannerthat doesnot accurately
re�ect theunderlying�o w �eld.

8. Summary

The challengeof visualizingmultiple scalar�elds in com-
bination with �o w datahas inspiredmany different tech-
niques.In an attemptto betterunderstandthe components
of visualizingmulti-valued�o w data,we have analyzedthe
basicconceptsof contrastandmeanluminanceto visualizea
scalardistribution within a �o w �eld. We presentedmodi�-
cationsto theTOSL algorithmthatmake it a moreeffective
tool for displayinga �o w �eld asa seriesof densestream-
lines depicting�o w directionusinga luminanceramp.Fi-
nally, wedescribedatechniqueusingembossingto simulate
normalsof a 2D imageanda lighting equationto produce
theperceptionof 3D shape.
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Figure7: Usingluminanceto depict�ow directionandcolor to representmultipledistributions.
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