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Abstract

Flow visualizationhasbeena very attractivecomponenof scienti ¢ visualizationreseach for a longtime Usu-
ally verylarge multivariatedatasetsequire processing Thesadatasetoftenconsistof a large numberof sample
locationsand several time steps.The steadilyincreasingperformanceof computes hasrecentlybecomea driv-
ing factor for a reemegencein ow visualizationreseach, especiallyin texture-basededniques.In this paper
densetexture-basedow visualizationtechniquesare discussed.This classof techniquesattemptsto provide a
complete denserepresentatiorof the ow eld with high spatio-tempaal coheency An attemptof categorizing
closelyrelatedsolutionsis incorporatedandpresentedFundamentalare shortlyaddressedswell asadvantges

anddisadvantgesof themethods.

Catagyoriesand SubjectDescriptorgaccordingto ACM CCS} 1.3 [ComputerGraphics]:visualization, o w visual-

ization,computationalo w visualization

1. Intr oduction

Flow visualization(FlowVis) is oneof the classicsub elds

of visualization coveringarich varietyof applicationsfrom

the automotve industry aerodynamicsturbomachinengde-
sign,to weathersimulation,meteorologyclimatemodeling,
groundwater o w, andmedicalvisualization.Consequently
the spectrumof FlowVis solutionsis very rich, spanning
multiple technicalchallenges2D vs. 3D solutionsandtech-
niquesfor steadyor time-dependendata.

Bringingmary of thosesolutionsin linearorder(asneces-
saryfor atext like this) is neithereasynor intuitive. Several
optionsof subdviding this broad eld of literatureare pos-
sible. Hesselinket al., for example,addressedhe problem
of how to categorize techniquesn their 1994 overvien of
researchissueg4 andconsiderdimensionalityasa meango
classifythe literature. In the following, several aspectsare
discussean an abstractevel beforeliteratureis addressed
directly.

1.1. Classi cation

Accordingto the differentneedsof the users therearedif-
ferentapproacheto o w visualization(cf. Figurel):
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Direct ow visualization: This category of techniques
usesa translationthat is as direct as possiblefor repre-
senting o w datain theresultingvisualization.Theresult
is anoverall pictureof the o w. Commonapproachesare
drawing arrows (Figure 2, left) or color codingvelocity.
Intuitive picturescanbe provided, especiallyin the case
of two dimensions.Solutionsof this kind allow immedi-
ateinvestigationof the o w data.

Dense texture-based ow visualization: Similar to di-
rect o w visualization,a textureis computedthatis used
to generatea denserepresentationf the o w (Figure 2,
middle). A notion of wherethe ow movesis incorpo-
ratedthrough co-relatedtexture valuesalong the vector
eld. In mostcaseshis effect is achieved through Iter -
ing of texture valuesaccordingto thelocal o w vector

Geometric ow visualization: For a bettercommunica-
tion of thelong-termbehaior inducedby o w dynamics,
integration-basedappioades rst integratethe o w data
andusegeometriobjectsasabasisfor o w visualization.
Theresultingintegral objectshave ageometnthatre ects

the propertiesof the o w. Examplesinclude streamlines
(Figure 2, right) , streaklines,and pathlines. Thesege-
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Figure 1: Classication of ow visualization tech-
niques— (left) direct, (middle-left)texture-based(middle-
right) basedon geometricobjects.and(right) featue-based.

ometric objectsare basedon integration as opposedto
othergeometricmbjects Jike isosurbicesthatmayalsobe
usefulfor visualization.A descriptionof geometrictech-
niguesis presentedby Postetal. 55

Featue-based ow visualization: Another approach
malkesuseof an abstractiorand/orextractionstepwhich
is performedbeforevisualization.Speciaffeaturesareex-
tractedfrom the original datasetsuchasimportantphe-
nomenaor topologicalinformationof the o w. Visualiza-
tion is then basedon these o w features(insteadof the
entire dataset),allowing for compactand ef cient ow
visualization,even of very large and/ortime-dependent
datasets.This canalsobe thoughtof asvisualizationof
deriveddata. Postet al. 56 cover feature-based w visu-
alizationin detail.

Figure 1 illustratesa classi cation of the aforementioned
classeandFigure2 shavsthreetypical examples Notethat
thereare differentamountsof computationassociateavith
eachcatagyory. In general,direct o w visualizationtech-
nigquesrequire less computationthan the other three cate-
gories, whereasfeature-basedechniquesrequire the most
computationThis overvien focusesonthebodyof research
relatedto densefexture-basedechniques.

1.2. Spatial, Temporal, and Data Dimensionality

Solutionsin o w visualizationdiffer with respecto the di-
mensionalityof the o w data.Usefultechniquedor 2D ow
data,like color codingor arrav plots, sometimesack simi-
lar advantagesn 3D. Here,the spatialdimensionalityof the
o w datais indicatedaseither2D, 2.5D, or 3D. In our clas-
si cation the dimensionalityof the resultsfrom eachtech-
nigue is marked with a correspondindabel indicating di-
mensionality(seeFigure4).

By 2.5Dwe mean o w visualizationrestrictedto surfaces
in 3D. We draw attentionto the notion thatin mary cases
like CFD, the simulationsetsall velocitieson a surfaceto
zero. Oneway to approachthis is to extrapolatethe vector

eld just inside the surfaceto the boundary In ary case,
the vector componenmnormalto the surfaceis usually lost
in thevisualization.Furthermoreanothervector eld canbe
calculatecbn asurface,suchasskin friction.

In additionto spatialdimensiontempoal dimension(di-
mensionalitywith respectto time) is of greatimportance.
Firstly, velocity incorporates notionof time— o wsareof-
teninterpretedas differential datawith respecto time (cf.
Equationl), i.e., whenintegrating the data, instantaneous
pathssuchasstreamlinesnay be obtained(cf. Equation3).
We call this steadyvelocitytime Additionally, the o w data
itself canchangeover time resultingin time-dependenfor
unsteady)o w. We refer to this asunsteadyvelocitytime
The visualizationmust carefully distinguishbetweenboth.
Performingintegrationin the caseof unsteadydataresults
in pathlinesor streaklinesasopposedo streamlines.

The distinction betweensteady and unsteadyvelocity
time is importantespeciallywhen animationis usedin the
visualization.Then,evenathird notionof time, i.e., anima-
tion time, may affect the visualization. Animationtime can
beanarbitraryfeatureaddedto the visualizationin orderto
createmotion. Sometimesgeometricobjectslike stream-
lines are animatedin orderto shav o w orientation,e.g.,
the motion of color controlledby a colortable3!. Anima-
tion is also often addedto texture-basednethodswith the
samegoalin mind. Specialattentionis requiredfor correct
interpretatiorof animationtime.

In mary casesfurther data dimensions,i.e., attributes,
are suppliedwith the data, suchastemperaturepressure,
or vorticity in additionto spatialandtemporaldimensions.
Thedimensionof the datavaluesis alsoassociateavith the
termsmultivariateand multi- eld data. Flow visualization
may alsotake thesevaluesinto accountge.g.,by usingcolor
or isosurficeextraction.

Although we do not have spaceto focus on experimen-
tal o w visualization|t is interestingto recognizehatmary
computationakolutionsmore or lessmimic the visual ap-
pearancef well-acceptedechniquesn experimentalvisu-
alization(cf. particletracesdyeinjection,or Schlierertech-
niques’’).

1.3. Data Sources

Computationalo w visualizationjn generaldealswith data
thatexhibitstemporaddynamicdik etheresultsfrom (a) ow
simulation(e.g., the simulationof uid o w througha tur-
bine), (b) ow measuements(possibly acquiredthrough
laserbasedtechnology),or (c) analytic modelsof ows
(e.g.,dynamicalsystems, givenassetof differentialequa-
tions).

We focus on visualization of datafrom computational
o w simulation,i.e., o w datagivenasa setof sampleson
agrid. In mary casesthe velocity informationin a ow
datase{encodedasa setof velocity vectors)representshe
focus. Therefore, o w visualizationis strongly relatedto
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Figure2: Anexampleof circular ow atthesurfaceof aring to helpillustrateour ow visualizationclassi cation: (left) direct
visualizationby theuseof arrow glyphs,(middle)texture-basedy the useof LIC, and (right) visualizationbasedon geometric

objects here streamlines.

vector eld visualization which may alsodealwith vector
elds otherthanvelocity elds.

Therelationof computationaindexperimentavisualiza-
tion is worthy of mention. Experimentalo w visualization,
asin awind tunnel, is also usedto validate computational

o w simulation.In sucha casethe computationalisualiza-
tion needgo besetupin away suchthatresultscanbeeasily
compared.

2. Fundamentals

Before outlining someof the mostimportanttexture-based
techniques,a short overview of commonmathematicsas

well as somegeneralconceptswith regardto the compu-

tationof resultsarepresented.

Flow simulationsareoften solutionsto systemof PDEs,
such as the Navier Stokes, Euler, or Advection-Difusion
equations®2. In general,discretizedsolution methodsare
used.Noteworthy are nite volume(FV) and nite element
(FE) analysis,which subdvide the domaininto small ele-
mentslike hexahedralor tetrahedratells. A solutionis de-

ned on the computationgrid in physicalspace: unstruc-
turedfor FE andstructuredcurvilinearfor FV solutions.In
the discussiorthat follows, we assumehat vector dataare
de ned onthegrid nodegcell vertices).

2.1. Reconstructionof Flow Data

An inherentcharacteristiof o w datais thatderivative in-
formationis given with respectto time, which is laid out
with respectto an n-dimensionalspatialdomainwW  R",
e.g.,n 3forrepresentingD uid ow. Temporalderiva-
tivesv of nD locationsp within the o w domainW are n-
dimensionalectors:

v dpdt p W Rv RRt R Q)
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A generaformulationof (possiblyunsteady)o w datav is
vpt :W P R )

wherep W R representthespatialreferencef the ow

dataandt P  Rrepresentshe systemtime. For steady
ow data,thesimplercaseof v p : W R"isgiven (v not
dependentnt).

In resultsfrom nD o w simulation,suchasfrom automo-
tive applicationsor airplanedesign,vectordatav is usually
notgivenin analyticform, but requiresreconstructiorfrom
the discretesimulationoutput. The numericalmethodsused
for the o w simulation,suchas nite elementmethodsput-
put simulationvaluesusually on large-sizedgrids of mary
samplevectorsv;, which discretelyrepresenthe solutionof
the simulationprocess.Furthermorejt is assumedhatthe
o w simulationis basedon a continuousmodelof the o w
allowing continuousreconstructiorof the o w datav. One
optionis to applyareconstructioniter h: R"  Rto com-
putevp &;hp p;v. Forpracticalreasons,lter h
usuallyhasonly local extent. Ef cient proceduresor nd-
ing o w samplesyj, which arenearesto the querypoint p,
areneededo do properreconstruction.

2.2. Grids

In o w simulation thevectorsamplew; usuallyarelaid out
acrosghe o w domainwith respecto acertaintypeof grid.
Grid typesrangefrom simplerectilinearor Cartesiargrids
to curvilineargrids to complex unstructuredgrids (cf. Fig-
ure 3). Typically, simulationgrids exhibit large variations
in cell sizes. This variety of cell sizesstemsfrom the in-
uence of grid generatiorontothe o w simulationprocess.
Thequality of thegrid modelandits implementatiorimpact
the quality of the simulationresults.

Althoughthe principaltheoryof reconstructiorfrom dis-
cretesamplesioesnotexhibit mary differencesvith respect
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Figure 3: Gridsinvolvedin ow simulation— (a) Cartesian,
(b) regular, (c) generl rectilinear (d) structuedor curvilin-
ear, (c) unstructued,and (f) unstructued triangular 37 89,

to grid cell types,the practicalhandlingdoes.While neigh-

bor searchingnightbetrivial in arectilineargrid, it usually

is notin atetrahedraprid. Similar differenceshold for the

problemsof pointlocationandvectorreconstructionln the

following we shortly describesomefundamentabperations
which form the basisfor visualizationcomputation®n sim-

ulationgrids.

Startingwith point location, i.e., the problemof nding
the grid cell in which a given nD-point lies, usually two
casesaredistinguished.For generalpoint location, special
data structurescan be usedthat subdvide the spatial do-
main to speedup the search. For iterative point location,
oftenneededluringintegral curve computationalgorithms
areusedthatef ciently exploit spatialcoherenceluringthe
search. Onekind of suchalgorithmsstartswith an initial
guessfor the target cell, checksfor point-containmenand
re nes accordinglyafterward. This processs iterateduntil
the target cell is found. More detailscanbe found in text
booksabout o w visualizationfundamental$s ©8.

Besidepoint location, ow reconstruction or interpola-
tion, within a cell of the datasets a crucial issue. Often,
oncethe cell containingthe query locationis found, only
the samplevectorsat the cell's verticesare consideredor
reconstruction.The approachusedmostoftenis rst-order
reconstructiorby performinglinearinterpolationwithin the
cell. For example,trilinear o w reconstructioomaybe used
within a 3D hexahedrakell.

After pointlocationand o w reconstructionyisualization
begins: vectorscanberepresentedith glyphs,virtual parti-
clescanbeinjectedandtracedacrosgshe o w domain.Nev-
erthelessthecomputatiorof deriveddatamaybenecessary
to domoresophisticatedo w visualization.Usually, the rst
stepis to requessecond-ordegradientinformationfor arbi-

trary pointsin the o w domainj.e., v p, whichgivesinfor-
mationaboutlocal propertieof the o w (atpointp) suchas
o w convergenceanddivergencepr o w rotationandshear
For featureextraction, o w vorticity w v canbe of
highinterest.Furtherdetailsaboutlocal o w propertiescan
befoundin previouswork 45 54,

2.3. Integration

Recallingthat o w datain mostcasess dervative informa-
tion with respectto time, the ideaof integrating o w data
over time is naturalto provide an intuitive notion of evolu-
tioninducedby the o w. Oneexampleis visualizationby the
useof particleadwection. A respectie particlepathp t —
herethroughunsteadyo w — canbe de ned by

t
Pt po vpt todt ®3)
0
wherepg representshelocationof the particlepathat seed
time 0. Note that Equationsl and3 are complimentaryto
eachother For othertypesof integral curves,suchasstreak-
linesseepreviouswork 36 68,

In addition to the theoretical speci cation of integral
cunes, it is importantto notethat respectie integral equa-
tions like Equation 3 usually cannotbe resohed for the
cune function analytically andtherebynumericalintegra-
tion methodsare emplo/ed. The mostsimple approachis
to usea rst-order Eulermethodto computean approxima-
tionpg t —oneiterationof thecurve integrationis speci ed

by

pet Dt pt Dtvpt t 4)

whereDt usuallyis a very small stepin time andp t de-

notesthe locationto startthis Euler stepfrom. A moreac-

curatebut also more costly techniqueis the second-order
Runge-Kitta method,5” which usesthe Euler approxima-
tion pg as a look-aheadto computea better approxima-
tion pri2 t of theintegral cune:

prez2 t Dt

pt Dt vptt vpgt Dtt 2 (5

Higherorder methods like the often used fourth-order
Runge-Kittaintegrator utilize moresuchstepsto betterap-
proximatethe local behaior of the integral curve. Also,
adaptve stepsizesare usedto computesmallerstepsin re-
gionsof high curvature.

3. Denseand Texture-BasedFlow Visualization

Densetexture-basedechniquesn o w visualizationgener

ally provide full spatialcoverageof the vector eld. In our

classi cationwe groupthesemethodsnto thefollowing cat-

egoriesbasedn their respectie primitive: thefundamental
objectuponwhich thealgorithmis based Our classi cation

subdvidesthetechniquedasedon their similarity.
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SpotNoisetechniques: ThesemethodgSection3.1) are
basedon a techniqueintroducedby Van Wijk 78. In this
catgory, the basicprimitive on which the algorithmsop-
erateis theso-calledspot anellipseor othershapehatis
warpedanddistributedin orderto re ect the characteris
tics of avector eld.

LIC techniques: The methodsin this category (Sec-
tion 3.2) are derived from an algorithm introducedby
CabralandLeedomg, namely Line Integral Cornvolution
(LIC). The basicprimitive hereis a noise texture: the
propertiesof texture are corvolved, or smearedusinga
kernel Iter in thedirectionof theunderlyingvector eld.
Texture advectiorandGPU-basededniques: Theprim-
itivein thiscasgSection3.3) isamaving texel 0. Individ-
ualtexels/texel propertiespr groupsof texelsareadvected
in the direction of the vector eld. Many of the tech-
niguesin this category utilize more computationon the
GPU (GraphicsProcessindJnit) — ratherthanthe CPU-
in orderto realizeperformanceains.
Relatedtechniques: Most of the dense,texture-based
o w visualizationresearcHalls into one of the previous
catgories. Relatedresearchthatdoesnot t cleanlyinto
one of the previous classi cationsis discussedn Sec-
tion 3.4.

We have includeda sectionof meta-researchapersn Sec-
tion 4 aftertheindividual researchiechniquesThesepapers
attemptto provide an alternatve, higherlevel framewvork

thatincorporatesnary of thetechniquegliscussedhere.

3.1. SpotNoise

Spotnoise,introducedby Van Wijk 78, wasoneof the rst
dense,texture-basedechniquedor vector eld visualiza-
tion. Spotnoisegenerates: texture by distributing a setof
intensityfunctions,or spots overthedomain.Eachspotrep-
resentsaparticlewarpedoverasmallstepin time andresults
in a streakin thedirectionof thelocal o w from wherethe
particleis seededA spotnoisetextureis de ned by: 78

fx Qahx xvx (6)

in which h is calledthe intensityfunction, g is a scaling
factor andx; is arandomposition. A spotis afunctionwith
unity intensityvaluefor the spot,e.g.,a ellipseandits inte-
rior, andzeroeverywhereelse. The summationdenoteshe
blendingof eachinstanceof theintensityfunctionatrandom
positions.

The hierarchyshawvn in Figure 4 illustratesthe relation-
ship amongstspot noise related methods. Follow-up re-
searchthat builds upona previous techniqueis shavn asa
child in the hierarchy Childrenthat sharea commonpar
entarepresentedh chronologicabrderof appearanceshen
readingfrom left to right. Eachnodein the hierarchyis la-
beledandthe correspondinglescriptioncanbe matchedn
the text of this article. The dimensionalityof the o w data
usedto generateheresultsis indicatedfor corvenience The
timedimensiorlabelis givenadifferentshapeo distinguish
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Figure 4: The SpotNoise hierarchy of related reseach.
Childrenin the hierarchy build uponthe work of their par-
ent.

Figure 5. A snapshotof the unsteadyspot noise algo-
rithm 18, Image courtesyof De LeeuwandVan Liere.

it from the spatialdimensionsWe believe the spotnoisehi-
erarchy(Figure4) andthe LIC hierarchy(Figure7) will be
valuableassetsn helpingthereademavigatetherelatedre-
searcHiterature. In whatfollows, we visit eachnodein the
hierarchyin depth- rst-searctorder

Comparative Visualization — Spotnoisehasbeenusedto

simulatetheresultsfrom the eld of experimentalo w visu-

alization4. Firstthe parametersf the spotnoisetechnique
aretunedin orderto simulatethe smearingof oil on a sur

face. A post-processingtepis thenaddedto enhancethe
visualizationresultsuchthatit looks closerto the smearing
of realoil from experimentalo w visualization.

EnhancedSpot Noise— Onelimitation of the original spot
noisealgorithmwastheinability to represenhigh, local ve-
locity cunatureespeciallywith high speedsEnhancedpot
noise!? by De Leeuwand Van Wijk addressethesechal-
lengesthroughthe useof bentspotprimitives.

Parallel and UnsteadySpot Noise— In orderto accelerate
the performanceof enhancedpotnoisetowardsinteractie
framerates,a parallelimplementatiorof the algorithmwas
introducedby De Leeuw 13, The parallelimplementation
wasappliedto the steeringof a smogpredictionsimulation
andsearching very large datasetresultingfrom a numeri-
cal simulationof turbulence.
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Figure 6: Visualizationof ow pasta boxusing(left) spotnoiseand (right) LIC.

The rst applicationof spotnoiseto unsteadyo w is pre-
sentedby De LeeuwandVanLiere 16 (Figure5). Themotion
of spotsis modeledafterparticlesin unsteadyo w. In order
to visualizeunsteadyo w, the distribution of spotswith re-
spectto the temporaldomainis discussed.Unsteadyspot
noisealsointroducessupportfor zoomingviews of thevec-
tor eld. Spotnoisewith zoomingis also utilized by De
LeeuwandVan Liere whenvisualizingtopologicalfeatures
of 2D ow 10

Spot Noise Related Literatur e — A combinationof both
texture-based-lowVis on 2D slicesand 3D arraws for 3D
o w visualizationis emplgyed by Teleaand Van Wijk 74.
Arrows denotethe main characteristicef the 3D o w after
clusteringanda 2D slicewith spotnoisevisualizationsenes
ascontet. Thefocusof thiswork is onvector eld cluster
ing.

Léffelmann et al 44 use anisotropicspot noise created
from a grid-shapedspotto visualizestreamlinesaand time-
lines concurrentlyon streamsurfaces. Anotherinteresting
applicationof spotnoiseis its usefor the depictionof dis-
cretemaps(non-continuouso w) 43.

Spot noisehasalso beenappliedto the visualizationof
turbulent o w 15 andin combinationwith the visualization
of ow topology° 11, We referthereaderto Postetal. 55 56
for moreonthesubjectof o w topology

Spot Noisevs. LIC — A visualcomparisorof LIC (thefo-
cusof the next section)andspotnoiseis shavn in Figure6.
Spotnoiseis capableof re ecting velocity magnitudewithin
the amountof smearingn the texture, thusfreeingup hue
for the visualizationof anotherattribute suchas pressure,

temperatureetc. On the otherhand,LIC is moresuitedfor

the visualizationof critical pointswhich is a key element
in corveying the o w topology The vectormagnitudesare
normalizedthusretaininglower spatialfrequeny texturein

areasof low velocity magnitude.De LeeuwandVan Liere

alsocomparespotnoiseto LIC 17. They reportthatLIC is

betterat shawing directionthan spotnoise,but it doesnot

encodevelocity magnitude.By o w direction,we referto

the path alongwhich a masslesgarticle follows whenin-

jectedinto the o w.

3.2. Line Integral Convolution

Line integral corvolution (LIC), rst introducedby Cabral
andLeedonm®, hasspavnedalarge collectionof researctas
indicatedin Figure7. Theoriginal LIC methodtakesasin-
putavector eld ona?2D, Cartesiargrid anda white noise
textureof thesamesize. Texelsarecorvolved(or correlated)
alongthe pathof streamlinesisinga lter kernelin orderto
createa densevisualizationof the ow eld. More specif-
ically, givena streamlines, LIC consistsof calculatingthe
intensityl for apixel locatedatxy s sp by:7°

o L2
I Xo ks s Tss ds @)
o L2
whereT standdor aninputnoisetexture,k denoteghe lter
kernel, s is an arc length usedto parameterizehe stream-
line curve,andL representshe lter kernellength.SeeFig-
ure 2 (middle) for aresult. LIC wasoneof the rst dense,

texture-basedilgorithmsableto accuratelyre ect velocity
elds with highlocal curvature.
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Figure 7: TheLIC hierarchy of relatedreseach. Nodelabelscorrespondo paragraphsin thetext, which thenleadto speci c

entriesin thebibliography

The researchn LIC-based o w visualizationdescribed
hereextenddLIC in severaldirections:(1) adding o w orien-
tationcues(2) shawving localvelocity magnitude(3) adding
supportfor non-rectilineargrids, (4) animatingthe result-
ing texturessuchthatthe animationshavs the upstreanand
downstreamo w direction,(4) allowing real-timeandinter
active exploration,(5) extendingLIC to 3D, and(6) extend-
ing LIC to unsteadyector elds. In thefollowing, we visit
theLIC hierarchyof Figure7 in depth- rst-searclorder

Curvilinear Grids and Unsteady LIC — Forssell?0 was
early to extend LIC to surfacesrepresentedby curvilinear
grids. Theoriginal LIC methodportraysa vector eld with

uniform velocity magnitude Forssellintroducesatechnique
for displayingvectormagnitude Shealsodescribeoneap-
proachto animatethe resultingLIC textures. Forsselland
Cohenextendthis work to visualizeunsteadyo w 21, Their
approachmodi es the convolution suchthatthe Iter ker

nel operate®on streaklinegatherthanstreamlinesin other
words, they modify the LIC algorithmto tracea paththat
incorporatesnultiple time steps.

Fast LIC — Marny algorithmsare built on fastLIC intro-
ducedby StallingandHege 7°. FastLIC is approximately
oneorderof magnituddasterthantheoriginal. Thespeedup
is achieved throughtwo key obserations:(1) fastLIC min-
imizesthe computationof redundanstreamlinepresentin
the original methodand (2) fastLIC exploits similar con-
volution integrals along a single streamlineand thus re-
usegpartsof the convolution computatiorfrom neighboring
streamlinetexels. They alsointroducesupportfor Itered
imagesat arbitraryresolution.

Parallel FastLIC — Amongstthe rst parallelimplementa-
tionsof fastLIC is thatof Zdckleretal. °. Theproposedil-
gorithm computesanimationsequencesn a massvely par
allel distributed memory computer Parallelizationis per
formedin imagespaceratherthanin time in orderto take
adwantageof thestrongtemporalkcoherencéetweerframes.
Luckily, aswe shallseelater, o w visualizationresearchn
this areahasevolved far enoughsuchthat expensve paral-
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lel processindhardware is not always necessaryo achieve
interactve visualization?® 29 38 79 However, for 3D andun-
steadyo w thereis still needfor parallelization Forthesale
of completenessye also mentionthe work of Cabraland
Leedomon parallelizationof LIC 7 althoughthis is a paral-
lel processingersionof theoriginal LIC algorithm,notfast
LIC.

FastLIC on Surfaces— Battke et al. 2 extendfastLIC to
surfacesrepresentedby arbitrarygridsin 3D. Theapproach
by ForssellandCohen?! waslimited to surfacesrepresented
by curvilinear grids. The methodworks by tessellatinga
givensurfacerepresentatiowith triangles.Thetrianglesare
pacled(ortiled) into texturememoryandalocal LIC texture
is computedfor eachtriangle. The resultspresentechere
arelimited to relatively smallsimplesurfacerepresentations
composedf equilateratriangles(1,600—4,00Qriangles).

VolumeLIC — InterranteandGrosch?® 26 visualizetrue3D
o w usingthefastLIC algorithmasastartingpoint. Clearly,
thereareperceptuathallengeselatedto 3D o w visualiza-
tion suchas occlusion,depth perception,and visual com-
plexity. Volume LIC introducesthe useof halosin order
to enhancedepth perceptionsuchthat the userhasa bet-
ter chanceat perceving the 3D spacecoveredin thevisual-
ization (Figure 8). Areasof highervelocity magnitudeare
mappedto highertexture opacity It is interestingto note
thatwith theintroductionof halos,we arethenableto iden-
tify distinctentitiesin the3D eld, apropertygenerallynot
presentn otherLIC techniques.Thusthe 3D LIC takesa
stepin thedirectionof beinga geometric o w visualization
techniquenvherediscretantegral objectssuchasstreamlines
canbe distinguished. Without introducingsomenotion of
sparsenesmto the visualization,the resultswould not be
very useful. However, with theintroductionof sparseness,
trade-of is madebetweenow eld coverageandreducing

occlusion.

Enhanced Fast LIC and LIC with Normal — Two use-
ful extensionsto the fastLIC algorithm are introducedby
Hege and Stalling 22 and Scheuermanet al. 8 Hege and
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Figure 8: AresultfromtheVolumeLIC method?® 26, Image
courtesyof Interranteand Grosa.

Stalling 22 experimentwith higherorder lter kernelsin or-
derto enhancehe quality of theresultingLIC textures.

In the caseof slices,vectorcomponent®rthogonato the
slice areremoved whenusingtexture-basedand geometric
methoddor visualizationresults. Scheuermanaet al. 84 ad-
dressthis missingorthogonalector eld componenby ex-
tendingfastLIC to incorporatea normalcomponeninto the
visualization.

DLIC - Sundquist’* presentsan extensionto fast LIC,
DLIC (DynamicLIC), in orderto visualizetime-dependent
electromagneticelds. Accordingto Sundquistthe motion
of the eld is not necessarilyalongthedirectionof the eld
itself in the caseof electromagneticelds. The algorithm
proposecherehandlegshe caseof whenthe vector eld and
the direction of the motion of the eld lines are indepen-
dent. Conceptuallytherearetwo vector elds usedin this
approach(1) theelectromagneticeld itself and(2) thevec-
tor eld thatdescribesheevolution of streamlinessafunc-
tion of time.

Multi variate LIC — Urnessetal. 76 presentinextensionto
fastLIC thatincorporatesnew coloringschemehatcanbe
usedto incorporatemultiple 2D scalarandvectorattributes.
Color weavingassignsa speci ¢ attribute representedyy a
color to anindividual streamlinethreadin the visualization.
Thestreamlingpatterngmayinterweae andthussomaythe
color patterns Using multiple colorsallows visualizationof

morethanonevariatein the result. Their secondcontriku-
tion is calledtexture stitching: anextensionto theideapre-
sentedby Kiu and Banks34, namelymulti-frequeng LIC.

However, in the caseof Urnesset al. 76 the multi-frequeng

noisetexturesareusedto highlightregionsof interestasop-
posedo velocity magnitudeasby Kiu andBanks34.

Dye Injection — Shenet al. addresghe problemof direc-
tional cuesin LIC by incorporatinganimationandintroduc-
ing dye adwectioninto the computationfé. The simulation
of dye may be usedto highlight featuresof the o w. In ad-
dition, they incorporatevolumerenderingmethodshatmap

Figure9: Dyeinjectionis usedto highlightareasof the ow
in combinationon the boundarysurfaceof an intake port
andcomlustionchamber

aLIC textureontoa 3D surface. Thusthe useris ableto vi-

sualizethedyethroughouthevolume.We pointoutthatthe
modelingof dye transportis not always physically correct
sincedyeis dispersediotonly by adwection,but alsoby dif-

fusion. Note thatdye adwectiontechniquesanbeclassi ed
differently Dye injection canresultin discretegeometric
objectsusedto visualizethe o w, andthus,could be classi-
ed asa groupof geometricvisualizationtechniques.Dye
injectionis alsoimplementedy someof thetexture advec-
tion andGPU-basedechniqueslescribedn Section3.3.

Again, in Shenet al. we seethe notion of a sparsewisu-
alizationin orderto seeinto the3D ow. Theresulting3D
visualizationapproachethatof a geometricechniquesuch
asthe useof streamsudces.And just aswith the othergeo-
metrictechniquesthe notion of whereto placeor injectthe
dyeintothe o w becomesmportant.Figure9 illustratesthe
useof dyeinjection.

Multi-Fr equencyLIC — Kiu and Banksproposeto usea
multi-frequeng noisefor LIC 34. The spatialfrequeng of
thenoiseis afunctionof themagnitudeof thelocal velocity.
Long, fat streaksindicate regions of the o w with higher
velocity magnitude.

Oneproblemwith mary curvilineargrid LIC algorithms
is thattheresultingLIC texturesmaybedistortedafterbeing
mappedntothe geometricsuriaces sinceacurvilineargrid
usuallyconsistof cellsof differentsizes.Maoetal. propose
asolutionto theproblemby usingmulti-granularitynoiseas
theinputimagefor LIC 46,

OLIC and FROLIC — Wegenkittl et al. addresghe prob-
lemof directionof o w in still imageswith their OLIC (Ori-
entedLIC) approach*. By orientation,they meanthe up-

submitteddo COMPUTERGRAPHICSForum (3/2004).
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streamanddownstreamdirectionsof the o w, notvisiblein

the original LIC implementation. Conceptuallythe OLIC

algorithmmakesuseof a sparseexture consistingof mary

separatedpotsthat are smearedn the direction of the lo-

calvector eld throughintegration. A fastversionof OLIC,

called FROLIC (FastRRenderingof OLIC), is achieved by
Wegenkittl and Groller 83 via a trade-of of accurag for

time. FROLIC approximateshe simulateddroplettracere-

sultingfrom OLIC with asequencef disksof varyinginten-
sity, with disk intensityincreasingtiowardsthe dovnstream
direction.

AnimatedFROLIC 4 achiezesanimationof the resultvia
a colortable andis basedon the obseration that only the
colorsof the FROLIC disksneedto be changed Eachpixel
is assigned color-tableindex thatpointsto a speci ¢ entry
in the colortable. Color-table animationthenchangeshe
entriesof the colortableitself ratherthanthe pixels of the
correspondingmage.

LIC on Surfaces— Mao et al.#” extend the original LIC
methodby applyingit to surfacesrepresentedby arbitrary
gridsin 3D. FormerLIC methodgtargetedat surfaceswere
restrictedto structuredgrids 20 21 66, Also, mappinga com-
puted 2D LIC texture to a curvilinear grid may introduce
distortionsin the texture. Mao el al. proposesolutionsto
overcomethesdimitations. The principle behindtheir algo-
rithm relieson solid texturing 52. The corvolution of a 3D
white noiseimage with Iter kernelsde nedalongthelocal
streamlinesjs performedonly at visible ray-suraceinter-
sections.

This ideahasan adwantageover that of Battke et al. 2 in
thatit avoids what canbe a timely and comple assembly
of trianglesinto texture space.However, ray-tracingis also
costly The methodhereis view-point dependentnd re-
quiredrelatively lengthyprocessindgime for anunstructured
meshcomposedf 10,000triangles.

A signi cant body of researchs dedicatedo the exten-
sionof LIC ontoboundarysurfaces.Teitzeletal. 73 present
an approachthat works on both 2D unstructuredgrids and
directly on triangulatedgrids in 3D space.This topic itself
is the subjectof asuney by Stalling©°.

UFLIC — ShenandKao %7 extend the original LIC algo-
rithm to handle unsteady o ws. Their extension, called
UFLIC (UnsteadyFlow LIC), handlesthe caseof unsteady
ow elds by introducinga new cornvolution lter thatbet-
ter modelsthe natureof unsteadyo w. The corvolution is
donealongpathlines(asopposedo streamlines) They im-
prove uponthe shortcomingof the previous unsteadyLIC
attemptpresentedy Forsselland Cohen2l. Accordingto
ShenandKao, Forsselland Cohens approacthasmultiple
limitationsincluding: (1) lack of clarity with respecto spa-
tial coherence(2) deriving current o w valuesfrom future
o w values,(3) unclearexpositionwith respecto temporal
coherenceand (4) lack of accuratetime stepping. All of

submittedto COMPUTERGRAPHICSForum(3/2004).

Figure 10: An LIC visualizationshowinga simulation of
ow arounda wheel.5® The appropriate choice of transfer
functionresultsin a sparsernoisetexture. Image courtesyof
Rezk-Salamatal. 5°

theseproblemsareaddressetly UFLIC. ShenandKao also
apply UFLIC to the visualizationof time-dependenb w to
parameterizedurfaces.UFLIC is alsoextendedusinga par
allel implementatiorby ShenandKao 5.

AUFLIC — AUFLIC (AcceleratedJFLIC) is an extension
to UFLIC thatenhanceperformancdimes4l. The princi-
ple behindAUFLIC is to save, re-use,andupdatepathlines
in avector eld seedingstratgy. AUFLIC requiresapproxi-
matelyonehalf of thetimerequiredby UFLIC andgenerates
similarresults.

3DLIC — Rezk-Salameatal. 5 proposeenderingmethods
to effectively display the resultsof 3D LIC computations.
They utilize texture-basedrolumerenderingin an effort to

provide explorationof 3D LIC texturesat interactive frame
rates. Like Interrante?8, they addresshe perceptuaprob-

lemsposedby dense3D visualization.They approachthese
challengeghroughthe useof transferfunctionsandclipping

planesasin Figure10. Transferfunctionsallow the userto

seethroughportionsof the LIC texturesdeemeduninterest-
ing by the user In additionto corventionalclipping planes,
Rezk-Salamat al. alsouseclipping with arbitraryclosed-
surfacegeometries.

The useof transferfunctionsandgeometricclipping ob-
jectsareinterestingchoicesfor dealingwith the perceptual
problemsassociatedvith 3D. In somesensethesecanbe
comparedvith theseedingproblemof thegeometricclassof
visualizationtechniques.Seedingstratgies addressvhere
to start streamlinesand other integration-basedjyeometric
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Figure 11: A comparisorof 3 LIC techniques:(left) UFLIC 5, (middle)ELIC 52, and(right) PLIC 81. Image courtesyof Verma

etal. 81,

objects. Selectve seedingof geometricobjectsin 3D is of-
ten considereda key to successfuliisualization. However,
knowledgeof the properseedocationsis a requisitefor this
approach. And just as proper seedplacements a requi-
sitewhenusinggeometricobjects knowledgeof thetransfer
function(s)andclosed-objectlippinggeometriess required
in thecaseof 3D LIC.

GeometricLIC — We malke a distinctionbetweengeomet-
ric ow visualizationand dense texture-basedo w visual-
ization. However, thesewo topicsarecloselycoupled.Con-
ceptually the pathfrom usinggeometricobjectsto texture-
basedvisualizationis obtainedvia a denseseedingstratayy.

Thatis, denselyseededyeometricobjectsresultin anim-

agesimilar to that obtainedby dense texture-basedech-
niques®. Likewise,thepathfrom densetexture-basedisu-
alizationto visualizationusinggeometrimbjectsis obtained
usingsomethingsuchasa sparsetexture for texture advec-
tion 84,

Herewe have groupedogethettechniqueshatsynthesize
LIC resultshy mappinga pre-computed.IC textureontoge-
ometricprimitivessuchasstreamlines By usinggeometric
primitives,researcherbopeto speedup performancdimes
of the LIC results. The dravback of thesemethodsis that
they requirecarefulseedingstratgiesto gainthe complete
coverageof the ow eld offered by traditional LIC tech-
niques.

Motion Map — JobardandLeferusea motionmap3! in or-
derto animate2D steady o ws. First, the domainis covered
completelywith streamlinesNext, a coloris mappedo the
streamlinesinda colortableanimationtechniques usedto
animatethe o w. It offersthe adwvantageof saring memory
andcomputatiortime sinceonly oneimageof the o w has
to be computedandstoredin the motionmapdatastructure.
Thistechniquds notapplicableto unsteadyo w however. It
relieson a one-timecostof computinga setof streamlines.

PLIC — Vermaet al. presenta methodfor visual compar
ison of streamlinesand LIC called PLIC 8! (Pseudo-LIC).
They attemptto identify the relevant parameterso generate
LIC-lik eimagesrom adensesetof streamlinesandfor gen-
eratingstreamline-lile imagesthroughthe useof different
Iters usedfor corvolution. By experimentingwith different
inputtexturesfor LIC, bothstreamline-likimagesandLIC-
like resultscanbe obtained. ELIC (enhanced.IC), placed
herebecausef its visual comparisorwith PLIC, builds on
the original LIC algorithmin four ways: (1) by incorporat-
ing an algorithmto improve the delineationof streamlines,
(2) increasinghe imagecontrast,(3) removing texture dis-
tortionintroducedby applyingLIC to curvilineargrids,and
(4) using color to highlight ow separationand reattach-
mentboundaries.A visual comparisorbetweenUFLIC ©5,
ELIC 51, andPLIC is shavn in Figurell

Hierar chical LIC — Bordoloi andShen® introducea hier

archicalapproacho LIC basedn a quadtreedatastructure
usedto supportlevel of detail (LOD). Theideais to replace
portionsof thevector eld of lower compleity with rectan-
gularLIC texture-mappegbatchesTheLIC textureis taken
from a previously calculatedLIC imageof a straightvector
eld. Here,compleity is adirectfunction of theamountof

curlin thelocal vector eld.

DecoupledLIC — Li etal. 4% presenttechniqueor thevi-
sualizationof 3D o w basedon texture mappedprimitives,
namely streamlines. They decouplethe visualizationinto
a pre-processingype stagethat computesthe streamlines
anda stagewhich mapsvarioustexturesto the streamlines
computedin the rst stage. Theresultis volumerendered
at interactve framerates. To addresshe perceptuakhal-
lengesposedby 3D visualization,depthcues,lighting ef-
fects,silhouettesshadingandinteractive volumeculling are
described.

submittedto COMPUTERGRAPHICSForum (3/2004).



Laramee Hausey Doleisd, Vrolijk, Post,Weislopf/ Flow Visualization-SAR: Denseand Texture-Basedledhniques 11
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Figure 12: Theclassi cation of texture advectionand GPU-basededcniques.Thecolumnsindicatethe primitive usedduring

advectiorwhile therowsindicatethe advectionscheme

3.3. Texture Advection and GPU-BasedTechniques

In this sectionwe describeresearctbasedon moving tex-
els or moving groupsof texels, i.e., texture-mappedoly-
gonswhosemotionis directedby thevector eld. Figurel2
shavs anoverview of thedifferenttechniquesndclassi es
themaccordingto two properties:(1) the adwectionscheme
usedand (2) the primitive usedduring adwection. Someof
theliteraturefocusesmainly on theintegrationschemeaused
to adwecttexturesor texels. By thetermtexel meangexture
element. Somemethodsfocus on the mappingto adwected
primitives and somefocus on both. Figure 12 also shavs
the dimensionalityof the o w data. In our discussionwe
visit the methodsin clockwiseorderstartingat 12 o'clock.
Within eachsub-blockthe methodsarelistedin chronologi-
calorder Thisis becaus¢hemappingof texel propertiese-
tweentwo time stepsin thevisualizationis not 1-to-1in this
case.For amoredetaileddiscussiorseeJobardet al 28 2°,

One characteristiccommonto mary of the texture ad-
vection techniquesin this section28 29 38 48 js the use of
badward coodinate integration (or backward advection).
None of the methodsdescribedchereuseforward advection
(i.e., forward integration) and individual texels as a primi-
tive. Thisis because¢he combinationof forwardintegration
andtexel primitivesleavesholesin the visual domainafter
the forward integration computation?®. Given a position,
Xo 1 j i j of eachparticlein a2D ow, backward in-
tegrationover a time interval h determinests positionat a
previoustime step?e:

h

Vot X ti]j dt (8)
t o

X phi] X1 j
whereh is theintegrationstep,x ¢ i j representinterme-
diary positionsalongthe pathlinepassingthroughxg i j ,

andv; isthevector eld attimet. We notethatthemethods
in this catgyory are generallyimplementedin an iterative
fashion. Thatis for eachanimatedframe an integrationis

performedover a smalltime-steph, followed by an update
of visual properties.This is opposedo geometricmethods
in which a longerparticle path may be computedover sev-

eraltime stepsbeforetheresultsaredisplayed.

submittedto COMPUTERGRAPHICSForum(3/2004).

Figure 13: A screenshotfromthe Image BasedFlow Visu-
alizationalgorithm. Image courtesyof Van Wijk 7°.

IBFV — Image BasedFlow Visualization(IBFV) by Van
Wijk 7 is one of the fastestalgorithmsfor dense 2D, un-
steadyvector eld representationFigure 13). It is based
ontheadwectionanddecayof texturesin imagespace Each
frameof the visualizationis de ned asa blendbetweerthe
previousimage,warpedaccordingto the o w direction,and
anumberof backgroundmagescomposef Itered white
noisetextures. Onereasonit is fasterthan mary texture-
based o w visualizationmethodsis becauset reduceshe
number of integration computationsthat needto be per
formedvia adwecting small quadrilateralgatherthanindi-
vidual pixels.

Moving Textures— Max and Becker were early to intro-
ducetheideaof moving texturesin orderto visualizevector
elds 48. Oneof the primary goalsof this work wasto use
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Figure 14: Snapshotfromthevisualizationof a time-dependergurfacemeshcomposeaf 79K polygonswith dynamicgeom-

etry andtopolagy 38.

texturesin motion to producenearreal-time animationof
o w. Texture-mappedrianglesareadwected or distorted,n
thedirectionof the o w. Also, applyingthistechniqueto 3D
o ws with no modi cation providesresultsthataredif cult
to perceve, atleastin the caseof astill image.

ISA and IBFVS — IBFV hasbeenextendedo thevisualiza-
tionof o wonsurfaces’ 8, VanWijk presentainextension
calledIBFVS, IBFV for Surfaces Larameeetal. 38 presenta
similar densetexture-basedvisualizationtechniqueon sur

facedfor unsteadyo w calledISA: ImageSpaceAdvection.
Both methodsproduceanimatedtextures on arbitrary 3D

triangle meshesn the samemanneras the original IBFV

method. Texturesare generatedadwected,and blendedin

imagespace Themethodgeneratelensaepresentationsf

time-dependentector elds with high spatio-temporator-

relation. While the 3D vector elds areassociatedvith ar-

bitrary triangularsurfacemeshesthe generatiorandadvec-
tion of texture propertiesis con ned to imagespace.Both
spotnoiseandLIC-lik eresultscanbeattained.In bothtech-
niques,8 80 fastframeratesareachievedin partby exploit-

ing the GPU.

VanWijk' s methodis appliedto potential eld visualiza-
tion andsurfacevisualization.Larameeet al.'s algorithmis
appliedto unsteadyo w onboundarysurfacesof large,com-
plex meshesfrom computationaluid dynamics,dynamic
meshewith time-dependengjeometryandtopology It has
alsobeenappliedto medicalsimulationdataaswell asiso-
surfaces®. Figure 14 shavs the resultsappliedto a time-
dependengieometryandtopology

3D IBFV — IBFV hasalsobeenappliedto thevisualization
of 3D ow 75. The problemof how to seeinsidethe ow
volumeis addressedly varyingboththenoisesparsityrem-
iniscentof InterranteandGrosch?é, andthroughvaryingthe
opacity of the renderedvolume similar to Rezk-Salamaet
al %9, In orderto achieve sparsenesdeleaandVanWijk in-
jectemptyholesof noiseinto the3D eld, in additionto the
noisedescribedby the original IBFV. Oneimportantcom-
ponentof their methodis to de ne athresholdvaluewhich

eliminatesall close-to-transparerttxel values. Onedisad-
vantageof the methodis thatthe rangeof velocity valuesit
candisplayis limited: A texel propertycannotbe adwected
by morethanoneslicealongthe z axis of thevolumein one
animationframe. This problemis addressedby Weiskopf
andErtl 87,

3D Texture Advection — Kao et al. discussthe useof 3D
and 4D texture adwectionfor the visualizationof 3D uid
0 ws32, Theresultsshaw sparsdexturenoisein orderto vi-
sualizeinsidethe3D vector eld. Formidablechallengesre
introducedby the memoryrequirementsnvolved in using
3D and 4D textures. The proposedmethoddoesnot work
well for the caseof o ws containingcritical pointsfor in-
coming o ws from thegrid boundary

GPU-BasedLIC - Heidrich et al. 23 exploit pixel tex-

turesto acceleratd IC computation. Pixel texturesare an

OpenGLextensionby SGI that providesthe functionality of

dependentexturesin combinationwith multi-passrender

ing. Heidrich et al's implementationsupports2D, steady
vector elds only, and achiezes sub-secondcomputation
timesfor LIC imagegeneration.While this methodcould

be catgyorizedasa GPU-acceleratelIC techniquewe po-

sitionit heredueto its comparabilitywith thefollowing tex-

ture adwectiontechniqueg” 88 that usethe sameproposed
OpenGLextension,handleunsteadyo w, andthus canbe
considerednextensionof this technique.

LEA — Jobardet al. 27 introducea GPU-assistedexture
adwectiontechniquefor the densevisualizationof 2D, un-
steady o w. While the methodof Max and Becler 4° ad-
vectstexturesbasedon coarsetriangularmeshes,Jobardet
al. adwect textureson a perpixel basisby meansof pixel
textures,which areusedin a similar way asby Heidrich et
al 23, The gray-scaleexture from the previous time stepis
draggedilongthe ow eld by modifyingthetexturecoordi-
natesfor thedependentexturelookupaccordingo the o w
data.Nearest-neighba@amplings combinedwith anupdate
of fractionaltexturecoordinate$o represensubteel motion

submitteddo COMPUTERGRAPHICSForum (3/2004).
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Figure 15: Threeimagestakenfroman animationof an unsteadyvector eld createdwith the Lagrangian-Eulerianadvection

algorithm.28 29 Image courtesyof Jobard etal.

and,atthe sametime, maintaina high contrast.An iterative

injectionof additionalnoiseis usedto compensatéor a pos-

siblelossof contrasbovertime. Jobardetal. alsodiscusshe

treatmentof in o w at boundariesjmage enhancemenby

color masking,andthe useof dyeadwection.Becausef the

limited functionality of the graphicshardwarethat supports
pixel textures,the implementatiorrequiresmary rendering
passesandadwectsa texture of size 256 at approximately
two framesper second.Moreover, the maximumresolution
of texturesis restrictecto 256°.

Jobardet al. extend this method to the more e xible
Lagrangian-Eulerialdvection(LEA) scheme? for thevi-
sualizationof unsteady2D o w. Here,they rely ona CPU
implementatiorthatleadsto betteradwectionquality;, higher
speed,and no limitations of the maximum o w size. Par-
ticle pathsare integratedas a function of time, referredto
asthe Lagrangianstep, while the color distribution of the
imagepixelsis storedin atextureandupdatedn place(Eu-
lerian step). The temporalcoherencef the adwectednoise
texturesis transformedinto spatialcoherenceby blending
textures from subsequentime steps,i.e., eachstill frame
depictsthe instantaneoustructureof the o w, whereasan
animatedsequencef framesstill revealsthe motion of the
adwectedtexture. Jobardet al. demonstratéhat the combi-
nationof noiseanddye adwectionis usefulfor an effective
visualizationandexplorationof unsteadyo w. Someresults
from thetechniqueareshawn in Figure15. Thiswork is ex-
tendedby Jobardetal. 2% in orderto improve the quality of
dyeadwection.

Weislopf et al. 86 presenta GPU-acceleratestersionof
the LEA algorithm using perfragment operations. The
GPU-basedexture adwection by Weiskopf et al. 8 sup-
portsbilineardependentexture lookupswithout takinginto
accountthe updateof fractional coordinates. Therefore,
this approachis mainly suitablefor dye adwection at high
frame rates. Weislopf et al. also demonstratehov GPU-
acceleratediisualizationof unsteady3D o ws canbeim-
plementedvith pixel textures.

submittedto COMPUTERGRAPHICSForum(3/2004).

UFAC - Weislopf et al. 85 introduce a generic texture-

basedramework for visualizing2D, time-dependentector
elds. They proposdJnsteadyFlow Advection-Corolution

(UFAC) asan applicationof the framavork for visualizing

unsteady uid ow. Also, their approachcan reproduce
othertechniquessuchasLEA 29, IBFV 79, UFLIC %5 and

DLIC 1. Weiskopf etal. describea GPU-accelerateinple-

mentatiorthat,amongotherthings,allows the userto trade-
off quality for speed.

3.4. Related Dense,Texture-BasedViethods

The literaturedescribecdhereis not, in general,asstrongly
inter-relatedasthe literaturein the spotnoise,LIC, texture
adwection, and GPU-baseccateyories. For this reasonwe
soughtan alternatve scheman orderto relatethe different
techniquesFigure 16 shavs therelatedmethodsandclassi-
es thembasedon the densityof their results. In this case
eachtechniqueis given a subjectve rating on a sparse-to-
densescale. Sparseesultslook morelike the resultsfrom
o w visualizationusing geometricobjectswhereasdense
techniquesproduceresultsresemblingspot noise or LIC.
Thesemethodsdo not t cleanlyinto one of the previous
categories,nonethelesghey areimportantto the dedicated
topicandarebrie y outlinedhere.Readingfrom top to bot-
tom in Figure 16, we visit the techniquesn chronological
order

Texture Splats— As anextensionof thetechniqueof splat-
ting from volumerendering,Crav s and Max ° introduce
the notion of texture splatsfor o w visualization. Being a
volumerenderingechniqueit is targetedat the depictionof
3D vector elds. As with Rezk-Salamatal. 9, it is a selec-
tive transferfunction that ultimately decideswhich subsets
of the 3D dataare shawvn andwhich arenot. The transfer
functionsare usedto emphasizer suppresspatialregions
asopposedo rangesof datavalues.

Texture Transport — The texture transport method of
Becler and Rumpf3 introducesa mathematicaframewvork
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Figure 16: Relateddense texture-basedow visualization
methods Each methodis compaed with respecto theden-
sity of theresultingvisualization.

basedon the solution of a time-dependentransportequa-
tion. Lagrangiancoordinatesare computedfrom the trans-
port equationand visualizedusing a texture mapping. The
resultsin this caseresemblahosefrom the geometricclass
of solutions. Individual lines in the texture can be distin-
guished. The major dravbackof this approachs the com-
putationtime required.

Furlik eTexture— Khouasetal. synthesiz&.IC-lik eimages
in 2D with furlike textures33. Theirtechniques ableto lo-
cally control attributesof the outputtexture suchas orien-
tation, length,density andcolor via a modelbasedon la-
mentsresemblingur.

Diffusion and UnsteadyDiffusion — PreuBeandRumpf58
aswell asDiewald et al. 18 borrowv a well known technique
from imageanalysisor visualizationof uid ow. Thenon-
linear, anisotropicdiffusion equationdrom imageanalysis
areadoptechndappliedto vector elds. A noisytexturecov-
ering the domainis strongly smoothedalongintegral lines
while still retainingand enhancingedgesin directionsor-
thogonalto the o w, i.e., streamline-alignediffusion. Suc-
cessvely coarsepatternsrepresentinghe vector eld can
alsobe generatedlt is appliedto 2D, 2.5D, and 3D vector
elds 18 58, In the caseof 3D, theresultingenhanceddges
are discretizedand resemblestreamlinesor streamribbons.
In this case occlusionbecomesanimportantissuebecause
the 3D resultsappeaisomevhatcluttered.

Birkle et al. extend this techniqueto the caseof time-
dependento w 6. Insteadof streamline-like patternsstreak-
line patternsaregeneratedA blendingstrateyy, comparable
to noiseor dyeinjection,is introducedn orderto providethe
new time-dependentexture necessaryor the caseof long-
term o w evolution. They proposea solutionbasedon the
blendingof differentresultsfrom thetranspordiffusionevo-
lution startedat successiely incrementedimes. Again, the

disadwantageof this approactis the requiredcomputational
time. Also, no attemptis madeto applythis methodto time-
dependen8D o w, aformidablechallenge.

Contrast Analysis — Sannaet al. %3 focus on the issueof
encodinganotherscalarvalueinto the texture usedto visu-
alizethe ow, in additionto o w direction,orientation,and
local magnitudeof the eld. It is an extensionof a previ-
oustechniquecalled TOSL-Thick OrientedStreamlineAl-
gorithm 62, Areasof higherscalarvaluesare characterized
by highercontrastevelsin thetexture andstreamlinetones
aregeneratedn orderto highlight theseareas.The goal is
to allow anadditionalvariableinto the visualizationbeyond
previoustechniques.

MRF — Taponecc@ndAlexa apply Markov RandomField
(MRF) texture synthesismethodsto vector elds 72. The
resultsresemblea mixture of traditionaltexture-basedneth-
ods and geometricmethods. In the resultingtexture, dis-
tinct streamlingpatternscanbe seen.Onedravbackto this
methodis performance. MRF texture synthesismethods
may requirehoursof computatiortime. How it may be ap-
pliedto unsteadyo w is anopenquestion.

4. Comparisonsand Discussion

In this sectionwe brie y introduceliteraturethatcompares
and discusseglense,texture-basedechniquesat a meta-
level. Sannaet al. also pravide a summaryof this areaof
researchwith a differentclassi cation®!. The methodsare
classi ed accordingto the dimensionalityoutlined herein
Sectionl.2

Flow Textures— Erlebacheetal. 19 presenta classof ow
visualizationalgorithmscalled ow textureswithin a com-
mon conceptuaframevork. Flow texturesaretexturesthat
encodedense,2D, time-dependentepresentationsf o w.
Theframework allows importantingredientsof o w texture
algorithmsto be understoodvith respecto spatialandtem-
poral correlation. A subsetf the morerecentvisualization
techniquess described.

User Studies— Laidlaw etal. 35 presenbneof thefew nd-
ingsrelatedto human-computeinteraction(HCI). They at-
temptto assessomedifferentvisualizationtechniquegrom
the viewpoint of the userin termsof searchingor andclas-
sifying critical pointsin the o w andpredictingwhereapar
ticle may endafteradwection. Error washighestfor theLIC
techniquein conjunctionwith classifyingcritical pointsand
the predictionof particle adwection. This is probablydue
to the factthat LIC imagesdo not distinguishbetweenup-
streamanddowvnstreamo w. Usererrorwashigherthanex-
pectedfor all methods HedgehogechniquesandLIC were
alsoassociatedwvith high error for locating critical points.
The authorspostulatethat this wasbecausén mary cases
critical pointsnearthebordersof thevector eld weredif -
cult to identify.

submittedto COMPUTERGRAPHICSForum (3/2004).
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5. Conclusionsand Futur e Prospects

Texture-basedo w visualization algorithms are effective,
versatile, and applicableto a wide spectrumof applica-
tions. A large numberof techniqueshave beendeveloped
andre ned. In generalwhich techniquesarebestdepends
stronglyon the goal of the visualization,suchasfor explo-
ration, detailedanalysis,or presentatiorandon the kind of
datainvolved. Thereforewe believe thata large variety of
technigueshouldbe availablein orderto allow researchers
to choosehemostsuitableone.

The problemof dense,2D, unsteady o w visualization
is close to being solved 7°.  And with recentfollow-up
work 38 80 unsteadyo w visualizationon surfacesis notfar
behind.However, thegeneralizatioio 3D o w elds is still
unsohed,especiallyin the caseof unsteadyo w. Hardware,
arguably will not be the primary bottleneckto solving this
challenge put perceptualssueswill. Perceving threespa-
tial andthreedatadimensiondirectly is a dif cult job for
the humaneye andbrain. Sofar, techniquesasedon geo-
metricobjectsandparticleanimationgeneralizébetterto 3D

elds.

The scaleof numerical ow simulations,and thus the
size of the resulting datasetscontinuesto grow rapidly -
generallyfasterthanthesizeof computermemory For these
reasonsmore simpli cation stratgies must be conceved,
suchasspatialselection(slicing, regionsof interest),geom-
etry simpli cation, andfeatureextraction.

Slicingin a3D eld reduceghe problemto 2D, allowing
useof good2D techniquesbut caremustbe takenwith in-
terpretation,asthe lossof the third dimensionmay leadto
physicallyirrelevant resultsandwrong interpretation. Tak-
ing asingle3D time slicefrom a 3D time-dependendataset
has similar dangers. Other spatial selectionssuch as 3D
region-of-interestselectionare lessrisky, but may lead to
loss of context. Reductionof datadimension,suchasre-
ducing vector quantitiesto scalarswill give morefreedom
of choicein visualizationtechniquegsuchasusingvolume
rendering),but will not leadto much datareduction. Ge-
ometrysimpli cation techniquesuchaspolygonmeshdec-
imation, levels-of-detail ,or multiresolutiontechniqueswill
be effective in managingvery large dataset@ndinteractve
exploration,enablingusersto tradeaccurag with response
time. Someareaghatneedadditionalwork are:

densevisualizationtechniquesn 3D

multi- eld visualizationwith scalar vector and tensor
data,

handling and exploring huge time-dependent ow
datasets,

userstudiesfor evaluation,validation,and eld testingof
o w visualizationtechniques,

visualizationof inaccurag anduncertainty*2 60,

more robust featureextraction techniques gspeciallyin
thecaseof 3D ow.

We alsonotethatmuchof the researcHiteraturepresented

submittedto COMPUTERGRAPHICSForum(3/2004).

heredemonstratemethodoperatingon structureduniform
resolutiongrids. However, thegridsusedn theprivate,com-
mercialindustrysectorareoftenadaptve resolutionandun-
structuredespeciallyin the caseof CFD 37 38, Thusfurther
researchs necessaryn orderto integratemary of thethese
methodsnto practicalindustrialapplications.
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