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ABSTRACT

We describetexture-based�o w visualizationtechniquesthat bring out the uncertaintiesin real-world
measured�o w dataor highlightthedeviationof scenariossimulatedwith differentnumericaltechniques.
Onevisualizationapproachis basedon a generictexture-�ltering processthat improvestheperception
of uncertainty-affectedregions; the otherapproachfocuseson a user-adjustedcolor codingof uncer-
tainty. Bothmethodsareimplementedongraphicshardwareandfacilitateinteractivevisualization.The
usefulnessof thesetechniquesis demonstratedfor examplesof simulationandPIV datasets.

1 INTRODUCTION

Thevisualizationof vector�elds hasevolved to an importantandinterestingareaof researchover the
lastdecades.Theapplication�elds for ¯ow visualizationrangefrom scienti�c researchto engineering
disciplines;therebya multitudeof differentvisualizationtechniqueshave evolved [11], that have the
ability of representinglocalandglobal¯ow features,for steadyandunsteadyvector�elds. For aproper
understandingof areal-world measureddataset,it is notonly importantto visualizetheunderlying¯ow
�eld, but alsoindicatehow accurateandreliablethemeasuringsystemandthustheacquireddatais. In a
relatedcontext, it is of concernto compareresultsof differentsimulationalgorithmsandshow how and
wherethey differ.

Onthewayfromdataacquisitionto the�nal stepof visualization,thereexist anumberof possibilities
how uncertaintiesor errorscanaffect the data[15, 22]. Someof themcanbe minimizedor actually
eliminated. For thosethat cannotbe removed, it is advantageousto be awareof them. For example,
in industrial applicationsit canbe of greatvalue to engineersto know the extent of uncertaintythat
occursin the measureddata,sincethe lack of this informationcanleadto falseconclusionsandthus
signi�cantly impacttheprocessof dataevaluation.

Following GrietheandSchumann[6], we useuncertaintyasa genericterm throughoutthis paper.
Dependingon theunderlyingproblem,uncertaintycanbeunderstoodaserror, imprecision,inaccuracy,

1



R.P. BOTCHEN, D. WEISKOPF, T. ERTL

or in generalasdataquality problem,just to namea few. In mostcases,uncertaintyis a quantitative
measurerepresentedby onescalarvaluelike standarddeviation, probability, or thedifferencebetween
two datavalues.

Although it is a well known fact that nearly all data is affectedby errorsor uncertainties,most
visualizationtechniquesignore this issue. The reasonfor this is that it is challengingto �nd a good
representationof uncertaintyand combinethis representationwith an existing visualizationmethod.
In this work, we extendour previous algorithmictechniques[1] andapply themto practicaldatasets
from CFD (computational̄uid dynamics)and¯ow measurements.Textureadvectionis usedasbasic
techniquefor vector�eld visualizationbecauseit is ef�cient andversatile.We follow two different,yet
compatibleapproachesto incorporateuncertaintyvaluesin thevisualization:�rst, anadditionaltexture
�ltering stepthat changesthe spatialfrequenciesof the visualizationby smearingout particle traces
(Section5); second,color codinglayeredon top of textureadvection(Section6). We demonstratethat
thesevisualizationmethodslendthemselvesto fastGPU(graphicsprocessingunit of moderngraphics
cards)implementationsthatfacilitateinteractivedataexploration.

2 RELATED WORK

Therehasbeenanincreasinginterestin uncertaintyvisualizationin abroad�eld of researchareasin the
lastfew years.Panget al. [15] provide a classi�cationof uncertaintyvisualizationtechniques,basedon
thevisualizationtechniquesfrom whichtheuncertaintydatais derived.Two relatedpublications[12, 22]
presenta wide rangeof uncertaintyvisualizationtechniques,which vary from glyphs,streamlines,and
envelopesfor ¯ow-baseduncertaintiesto animation.Here,it is alsosuggestedthatuncertaintyis usedto
manipulatethegeometricshapeof objectsor affect theoscillationof moving objects.Anotherapproach
thatcontrolsmotionaccordingto theerrorextent is presentedby Brown [2], wheretheamountof error
steersthedegreeof visualvibrationof anobject. In volumerendering,JohnsonandSanderson[8] use
scalaruncertaintyvaluesto manipulatethethicknessof anisosurface.Knissetal. [9] presentadirectvol-
umerenderingtechniquethatallows usersto exploretheuncertaintyof surfaceboundaries.They apply
colormapsbasedonsensitivity (changein boundarypositionperunit changein importance)to highlight
uncertaintyareas.Pang[14] presentsvisualizationtechniquesthatarecapableof handlinglargeamounts
of geo-spatialdata,includingtheadditionalvariateof uncertainty. Thereaderis referredto Grietheand
Schumann[6] for anoverview of thede�nition of uncertainty, variousuncertaintyclassi�cations,anda
collectionof uncertaintyvisualizationtechniques.

This paperbuilds uponconventionaltexture advectionasa basictechniquefor ¯ow visualization.
Early versionsof texture advection[13] wereextendedto 2D Lagrangian-EulerianAdvection[7], 2D
ImageBasedFlow Visualization[18], or GPU-basedtextureadvection[21]. Textureadvectionis directly
relatedto Line Integral Convolution (LIC) [3]: mostexamplesof texture advectioncanbe considered
asLIC with an exponential�lter kernel[4]. All thesetexture-basedtechniqueshave the advantageof
a denserepresentation,which denselycoversthedomainby streamlinesor othercharacteristiccurves.
Therefore,texture-based̄ow visualizationovercomesthe seed-pointpositioningproblem,i.e., the is-
sueof choosingappropriatestartingpointsfor particletracing. We refer to Larameeet al. [11] for an
overview of thestateof theart in texture-based̄ow visualization.
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3 SIMULA TION AND MEASURING TECHNIQ UESIN A NUTSHELL

In this sectionwe give a shortoverview of CFD simulationtechniquesthat intendto representthebe-
havior of turbulent¯ow in someway. ThegoverningequationsaretheNavier-Stokesequations,which
representtheconservationof mass,momentum,andenergy, andcandescribethebehavior of ¯uidsor
gasin turbulent¯ows. They area systemof nonlinearpartialdifferentialequationsof secondorderthat
expressthedependency of velocity andpressureasfunctionof time andspace.For an incompressible
¯uid with constantdensityanddivergenceÑ� u = 0, they canbewrittenas

¶r
¶t

+ Ñ � (r u) = 0 (1)

¶u
¶t

+ (u � Ñ)u =
1
r

f �
1
r

ÑP+ nDu ; (2)

wherer denotesthemassdensity, thevectorf is thebody forceandstandsfor theaccelerationdueto
externalforce (e.g.gravity), P is thescalarpressure,andn thedynamicviscosityof themedium. The
following techniquesaremostcommonlyusedin CFD.

Dir ectNumerical Simulation (DNS)directlysolvestheNavier-Stokesequationsnumericallywith-
outany turbulencemodel.Theusedalgorithmsvary in themethodthatsolvestheequations,e.g.explicit
or implicit techniquescanbeapplied.For explicit methods,the time stephasto beproportionalto the
spatialgrid in order to keepthe computationstable. Implicit methodsallow for bigger time stepsto
improve computationperformance.On theonehand,thesesimulationsarecapableof representingall
temporalandspatialscalesof turbulence;on theotherhand,they requirevery largecomputationalre-
sources.Especiallyfor turbulent ¯ow with many smallstructures,DNS needsa high-resolutiongrid to
conserve thekinetic energy, which leadsto exceedingcomputationalcosts.Therefore,DNS is mainly
appliedto smallgridsor ¯owswith relatively low Reynoldsnumbers.

Reynolds-AveragedNavier-Stokes(RANS)methodssolvetheReynoldsequations,whicharetime-
averagedNavier-Stokesequations.Theseequationscanbe acquiredby separatinḡow velocity into
meanand¯uctuatingparts,introducingnew termsknown asReynoldsstresses.In contrastto DNS,
this approachcanbeappliedto ¯ows in complex geometryandat high Reynoldsnumbersat very low
computationalcostsandis thereforecommonlyusedin CFD.However, RANS methodsrequiretheuse
of turbulencemodelsthatcharacterizeall unsteadyturbulentmotion.Unfortunately, noturbulencemodel
hasbeendevelopedto thisday, thatis capableof representingtheturbulentmotionaccuratelyfor awide
varietyof ¯ows. This limitation of RANShasled to increasinginterestin othersimulationtechniques.

Lar ge-Eddy Simulation (LES) is basedon Kolmogorov's [10] theoryof self similarity, andwas
�rst proposedby Smagorinsky [16]. LES is capableof resolvingthemajorpartof thekinetic energy of
turbulentmotion,whereonly thesmall structureshave to bemodeled.Thepopularityof LES is based
on the fact that the kinetic energy contentof turbulent ¯ow decreaseswith increasingwave number,
wherebythe major portion of the Reynoldsstresscanbe solved. LES techniquessolve space-�ltered
and/ortime-�ltered Navier-Stokesequations.Therefore,it is possibleto directlycomputethelargescales
(i.e. thelargeeddies)with lesscomputationalcosts.Theeffectsof thesmaller¯ow structureshave to be
modeledby a sub-gridscale(SGS)model,sincelow-pass�ltering introducesunknown quantities.The
mainadvantageof LESis thatthecomputationalcostsaresubstantiallysmallerthanfor DNS(but higher
thanfor RANS),sincenotall scaleshave to besolved.
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Detached-EddySimulation (DES)[17] is ahybrid approachfor thepredictionof turbulentmotions
in ¯ow �elds with high Reynoldsnumbers.It usesa singleturbulencemodelthat hasthe capacityof
an SGSmodel in regionswith a grid resolution�ne enoughfor LES computation,andRANS in all
other areas. More precisely, RANS is appliedin zoneswherethe turbulent lengthscaleis lessthan
themaximumgrid dimensionor nearsolid boundaries.Sincethecomputationaldemandsof pureLES
increasesigni�cantly in the vicinity of walls, zonalapproacheslike DES areoften employed to save
computationcosts. A weak point of thosehybrid approachesis that RANS and LES have different
requirementsto theunderlyinggrid and,therefore,thesuccessof thecomputationhighly dependsonthe
qualityof theselectedsub-gridsfor thedifferentmethods.

Particle Image Velocimetry (PIV) is a real-world measuringtechniquethat,for example,wasused
to acquirethe datashown in Section7. The basicprinciple of PIV is to inject particlesinto the ¯ow
andto measurethemovementof theseparticlesbetweentwo light pulses.Usually, a planarlaserlight
sheettechniqueis used.In very shortintervals, the targetareais illuminatedtwice by a double-pulsed
laserandrecordedby theCCD arrayof a digital camera.SincetheCCD chip mustbeableto capture
eachlight pulsein separateimageframes,theresolutionin time is boundby theimagefrequency of the
camera.Afterwards,appropriatealgorithmsevaluateconsecutiveimagesanddeterminethedisplacement
of particlesin the¯ow.

This paperprimarily focuseson exampledataacquiredby LES andDES simulationsor PIV mea-
surements,as discussedin detail in Section7. LES andDES computationsareusedin comparative
visualizationsthat interpretdifferencesbetweendifferentsimulationresultsasgenericuncertainty. In
contrast,PIV datais affectedby measurementerrorsthataredescribedasuncertainty.

4 SEMI-LA GRANGIAN TEXTURE ADVECTION

We usesemi-Lagrangiantexture advection as basictechniquefor ¯ow visualizationbecauseit is an
ef�cient and ¯exible methodthat canhandlesteadyandunsteadȳ ow alike. Our implementationis
basedon thetextureadvectionmethodby VanWijk [18] andthesemi-Lagrangianschemeby Jobardet
al. [7]. Thissectionbrie¯y reviewssemi-Lagrangiantextureadvection.

Particlesor injecteddye arerepresentedin an Eulerianfashionon a uniform grid in the form of a
sampledproperty�eld r (x), with pointsx on the¯ow domain.A uniform grid canalsoberegardedas
a texture—withtexels(textureelements)beingthecellsof thatgrid. Froma Lagrangianpoint of view,
particlesfollow pathlinesgovernedby

dx(t)
dt

= v(x(t);t) ;

with thevector�eld v(x;t) andtimet. Formalintegrationleadsto thepathline

x(t1) = x(t0) +
Z t1

t0
v(x(t);t) dt : (3)

Combining an Eulerian particle descriptionand a Lagrangianparticle transport,we obtain a semi-
Lagrangianupdatescheme:

r (x(t0);t0) = r (x(t0 � Dt);t0 � Dt) : (4)

Here,a backward lookup is employed at a locationof the previous time step,x(t0 � Dt), alongwith
an integrationbackwardsin time. Euler integration is often usedbecauseonly short “streaklets”are
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Fig. 1 Textureadvectionandinjectionby alphablending.

constructed:x(t0 � Dt) = x � Dtv(x;t0). Bilinear interpolationis employed asreconstruction�lter for
theproperty�eld.

An advantageof textureadvectionis its supportof differentvisualizationstyles,rangingfrom large-
structuredye patternsto a densecollectionof particle tracesknown from LIC [3]. The visualization
styleis controlledby injectingdifferenttypesof patternsthatareblendedwith theproperty�eld r after
eachadvectionstep[18]: dyeadvectionis achievedby injectinglarge,smoothdyesourcesandLIC-lik e
imagesare obtainedby injecting noiseimages. Figure 1 illustratesthe texture advection and alpha-
blendingprocess.Anotherimportantadvantageis thattextureadvectionallows for ef�cient, interactive
GPUimplementations[21].

5 TEXTURE-BASED UNCERTAINTY VISUALIZA TION

Textureadvectionasdescribedin theprevioussectionis capableof showing thevector�eld of the¯ow
(i.e. a singlevectorat eachdatapoint),but needsto beextendedto visualizetheassociateduncertainty.
Thegoalof thissectionis to includethevisualizationof uncertaintyor error.

Weassumethatuncertaintyis describedby ascalarvalue,e.g.themagnitudeof ameasurementerror
or datadifference.Theoriginal uncertaintyvaluemaybemappedto a derivedmeasure,e.g.by a linear
or a non-linearfunction, in orderto emphasizeuncertaintyrangesandobtainusefulvalues.Theresult
of this mappingis denotedby the uncertaintymeasureu(x;t). Uncertaintyvisualizationaddressesthe
displayof u(x;t).

This sectiontargetsuncertaintyvisualizationincorporatedin the texture representationof the ¯ow.
Thecrucialobservationis thatuncertaintyof thevectordataresultsin anuncertaintyof pathlines.There-
fore, theparticletransportshouldtake into accountu(x;t) by modifying theadvectionprocess,aspro-
posedin our previous work [1]. In fact, the pipelinefrom Figure1 is just extendedby oneadditional
image-�ltering stepthatworkson theadvectedtexture.Thisuncertainty�lter affectstheadvectedprop-
erty �eld r accordingto thefollowing 2D convolution:

r ®ltered(x) =
Z

V(x;v)

f (u; x̃;v)r (x+ x̃) d2x̃ : (5)

In contrastto many otherconvolution �lters, the�lter f maybespace-variantand¯ow-dependent,and
sois theintegrationdomainV(x;v). Thegoalof theconvolution �lter is to modify thespatialfrequency
perpendicularto particletraces:it essentiallysmearsoutparticletraces.While LIC or traditionaltexture
advectiononly modify thespatialfrequenciesalongthe ¯ow, uncertainty-awaretextureadvectionalso
affectsthe spatialfrequenciesperpendicular. The speci�c characterof the uncertaintyvisualizationis
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controlledby the choiceof �lter kerneland integrationdomain. Two setsof examplesaredescribed
below.

The�rst exampleis crossadvection, whichemploys �ltering alonga line perpendicularto thevector
�eld. In thisway, particlesareadditionallytransportedperpendicularto the¯ow direction,smearingout
theparticletrace.Thediscretizedversionof �ltering reads

r ®ltered= å
i2f� 1;0;1g

fir i ; (6)

with the�lter kernel fi andthepropertyvaluesr i thataresampledalongtheperpendicularline:

r i = r (x+ iµDtMrotv(x;t)) : (7)

We usea symmetric�lter kernelthat is normalized(i.e. å fi = 1) to maintaina constantoverall bright-
ness.Theamountof smearingis controlledby the relative stepsizeµ, which is determinedby u(x;t).
Thematrix Mrot implementsa rotationby 90 degreesin orderto obtaina �ltering perpendicularto the
vector�eld.

A variantof crossadvectionusesamaximumfunctioninsteadof theweightedsumin Eq.(6):

r ®ltered= maxf r i ji = 1;2;3g : (8)

Themaximumfunctionavoidsthatstreaklinesarefadedout to smallpropertyvaluesin regionsof large
uncertainty, which is especiallynoticeablefor sparselyseededstreaklines. However, the maximum
functiondoesnot guaranteea constantoverall brightness.In fact, imagestendto increasein intensity
and, thus, the maximum-functionapproachis mainly usedfor sparserepresentationswith only few,
distinctstreaklines.

Error diffusionis analternative exampleof uncertaintyvisualization.Here,anisotropic�lter kernel
is usedfor the �ltering equation(5). The amountof smearingis controlledby the uncertainty:u(x;t)
determinesthe width (i.e. size) of the �lter kernel. The larger the uncertainty, the wider the kernel.
Typically, weusea2D Gaussian�lter kernelthatis normalizedto maintainaconstantoverallbrightness.
Becauseanerror-affecteddatapoint in¯uencesits adjacentregion, this �ltering processimitatesnatural
diffusion. The maximumfunction is not recommendedas�lter function for error diffusion becauseit
would lead to an extremeincreasein brightnesscausedby the larger footprint of error diffusion (as
comparedto crossadvection).

Errordiffusionandcrossadvectioncanbeconsideredasimage-processingmethodsthatwork on2D
textures.Both techniquescanbedirectlymappedto ef�cient GPUprograms,thedetailsof whichcanbe
foundin [1]. CrossadvectionbasicallyusesaGPUfragmentprogramto stepalongtheperpendiculardi-
rectionandsumthetermsfrom Eq.(6). Errordiffusionsumsthetermswithin thesupportof the2D �lter
kernel.A naive implementationof 2D image�ltering couldleadto a poorvisualizationspeedfor large
kernelsbecausethe numberof �lter kernelentriesandthe computationalcostsincreasequadratically
with theresolutionof �lter width. Weovercomethisproblemby successively applyingasmall�lter ker-
nel. In thecaseof Gaussian�ltering, successiveapplicationresultsin aGaussiankernelof largerwidth.
Weuseadiscrete,separated3� 3 Gaussian�lter , wherethenumberof �ltering stepsis controlledby the
uncertaintyvalue. Furthermore,a �ne adjustmentof the�lter is obtainedby adaptingtheentriesin the
3� 3 �lter mask.As demonstratedin Section7, GPUimplementationsleadto interactive visualizations
evenfor very largedatasetsin therangeof 106 grid points.
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Fig. 2 Two examplesof uncertainty-dependent�ltering techniques,representingz=D � � 1:016—the
84thlayerof theLEScylinderdataset.Left: crossadvection.Right: errordiffusion.

Figure2 illustratestheeffect of crossadvection(with maximum�lter) anderrordiffusion. Thetest
datasetfor this �gure originatesfrom a LES simulationof ¯ow arounda cylinder anda corresponding
uncertaintymeasurethat areboth describedin moredetail in Section7. The visualizationsshow the
highestamountof “smearing” in regionsbehindthe top andbottomof the cylinder, indicating those
regionsasareasof highestuncertainty.

6 COLOR-BASED UNCERTAINTY VISUALIZA TION

Althoughtexture-baseduncertaintyvisualizationalreadyleadsto anintuitive visualencodingof uncer-
tainty information,additionalvisual cuescanbe usedto further enhanceperception. Besidesspatial
visual structures,which areexploitedby texture-basedvisualization,color generallyplaysa dominant
role in humanvisualperception.An advantageis thatcolor andshapeor positionarehighly separable
perceptualdimensions[20, p.180]—colorandtexturepatternscanbeeasilycombinedwithoutimpairing
eachother. Therefore,wesimultaneouslyusecolorandtexturepatternsfor improvedvisualization.

The�rst approachdirectlymapstheuncertaintyinformationu(x;t) to colorby employing a1D color
table.This color tabletakestheuncertaintyasthe1D input parameterandoutputsanRGB (red,green,
blue) value. The resultingcolor is combinedwith the gray-scalepropertytexture from the advection
processby blendingor modulation.

A popularwayof usingacolor tableis to displayquantitativedata.It is importantthatthecolor table
is designedin a way thatsupportstheaccurateperceptionof quantitative data,for example,by usinga
perceptuallyuniformcolor scale.More detailson thedesignof color tablesarediscussedby Ware[19].
Figure3 (right) illustratescolorcodingof uncertaintyfor thesameLESdatasetthatis usedin Figure2.
For comparison,Figure3 (left) shows textureadvectionwithoutcolor coding.

Anotherapplicationof colortablesusescolorto separateregions—essentiallylabelingthoseregions.
In this sense,color is mainly usedto encodenominalinformation;color canbeextremelyeffective asa
nominalcode[20, p.123]. Eachcolorrepresentsaninterval of uncertaintyvalues.Theadvantageof such
adiscretecolorcodingis thatregionscanbemoreeasilyrecognizedthanwith aquantitativecolorscale.
Thediscretecolor codingis particularlyusefulwhena qualitative understandingof thevisualizationis
moreimportantthanreadingoff quantitative data.Figure4 (left) demonstratesdiscretecolor codingfor
theLEStestdataset.

Anotherusefulmethodis uncertaintyedgedetection.Thisapproachis a2-passrenderingtechnique.
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Fig. 3 Left: traditionaltextureadvectionof the84thlayer(z=D � � 1:016)of theLEScylinderdataset.
Right: thesamelayerwith uncertainty-controlledcolorcodingby agreen-yellow-redmap.

Fig. 4 Examplesof texture-based̄ow visualizationtechniquesshowing the84thlayer(z=D � � 1:016)
of theLES cylinder dataset. Left: qualitative color mappingwith discretecolors. Right: uncertainty-
edgestechniquecombinedwith aspectral(blueto red)colormap.

In the �rst stage,traditional texture advection is employed as describedin Section4. In the second
stage,an edge-detection�lter —namelya 3� 3 Sobeloperator—is appliedto the result of stageone,
extractingall edges,which generallyarelocatedaroundthe injectedparticleandalongthe sideof its
short streakline. In the samestep,a color mappingof the uncertaintyvalue is applied. If no edge
exists at the evaluatedregion, the result from stageone—thecolor of the original particle traces—is
usedinstead.An advantageof this techniqueis that it doesnot modify or �lter theoriginal streaklines,
computedin the�rst stageand,thus,additionalinformation(e.g.pressureor density)couldbeencoded.
A slight disadvantageof this techniqueis that theedgescanclutter the�nal visualization.Therefore,it
is bettersuitedfor a sparseparticleinjection,wherestreaklinesareclearly separated.Figure4 (right)
demonstratesuncertaintyedgedetectionfor theLES testdataset.

7 RESULTS AND ANALYSIS

We have testedour visualizationmethodsfor wall-mounted�nite cylinder datasetscomputedon an
unstructuredgrid with 12.3 million grid points, for both LES andDES. Sinceour GPU visualization
techniquesaredesignedfor Cartesiangrids,to exploit theSIMD (singleinstructionmultipledata)archi-
tectureof moderngraphicshardware,it wasnecessaryto resampletheoriginaldatasetonanequidistant
grid. Therefore,weplacedacubewith thedimensionsx2 [� 1:5;4:5], y2 [� 1:5;1:5], andz2 [0:0; � 3:0]
in the interestingregion of theoriginal dataset,andresampledit with 256� 128� 128samplepoints.
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Table 1 Renderingperformancein framespersecond,measuredon a PentiumIV with 3.4 GHz andan
NVIDIA GTX 7800GPU.Techniquesare(I) conventionaltextureadvection,(II) crossadvection,(III)
errordiffusion,(IV) uncertaintycolor coding,and(V) uncertaintyedges,respectively.

viewport I II III IV V

1024� 512 901 429 507 822 539

Thesimulationfor bothoriginal datasetswasperformedon thesamegrid with a Reynolds-numberof
200,000.The�nal datais averaged,using3083singletime steps.Computationtimingsfor theoriginal
cylinder datasetsaregivenfor a clustercomputerwith 42 IBM pSeries690PCswith 1.3GHz. For the
12.3million grid points,it took thecluster3.1minutesfor LES and5.0minutesfor DESpersimulated
time step. More detailson the original datasetsand its acquisitioncan be found in [5]. Rendering
performanceresultsfor all techniquesareshown in Table1.

Thevisualizationof theDESandLES simulationsis anexampleof comparative visualization,i.e.,
thedifferencebetweendifferentsimulationresultsservesasuncertaintymeasure.All imagesof thesim-
ulateddatasetsshown in this paper, usethemagnitudeof thevelocity differencevectorasuncertainty
extend,whereasothervalueslikepressure,densityor temperaturecanbeusedinstead,if they areamat-
terof particularinterest.High uncertaintiesappearin regionswith vortex separationsnearthesurfaceor
in shearlayersbehindthecylinder. Figure5 shows two differentvisualizationsof theDESdataset.The
left imageusesa greencolor map,sequentiallyenhancingsaturationwith increasinguncertainty. This
kind of mappingis usedin mostapplicationssincecoloranduncertaintyareintuitively coupled.Never-
theless,theuseof a diverging color map,asshown in theright image,canemphasizethevisualization.
While blueregionswith very low uncertaintiesfadeto thebackground,thered-coloredregionswith high
uncertaintiesareemphasized.In thisresultssection,weexclusively useadiscretecolor tablewhencolor
codingis applied.

In Figures6 and7, we comparetwo differentlayersof bothsimulations.Figure6 shows thediffer-
enceof velocity magnitudein thecomputedshearlayersbehindthecylinder with a sequentialredcolor
table. Figure7 illustratesvortex separationsnearthe upperedgeof the cylinder with a spectralcolor
map.Noticeablearethesmalldifferencesin ¯ow directionsof bothdatasets.

Fig. 5 The84thlayer(z=D � � 1:016)of theDESdataset,with two differentcolormapsapplied.Left:
sequentialgreencolorcoding.Right: divergingspectral(blue-red)color table.
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Fig. 6 Comparingthe84th layer(z=D � � 1:016)of theLES (left) andDES(right) datasets,encoded
by sequentialredcolors.

Fig. 7 Comparisonof LES (left) andDES (right) with a spectral(blue-red)color map. Shown is the
40thlayer(z=D � � 2:055),locatedright on topof thecylinder.

Fig. 8 Illustrationof layer6 of thePIV dataset,renderedwith a sequential(orange)color map. Left:
blendedwith thetexture-advectionresult.Right: appliedto uncertaintyedges.

Fig. 9 The8thlayerof thePIV dataset.Left: acombinationof crossadvectionandadiscrete,qualitative
colormap.Right: uncertaintyedgedetectioncombinedwith asequentialcolormap.
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Anothertestdatasetwasmeasuredby a 3D S-PIV methodin a laminarwaterchannel.Theoriginal
datahas81� 45 measurementpoints in eachof nine separatedlayersandcontainsone time stepof
waterin¯ow, streamingthroughthechannelandforming vorticesin thecurrent.For the �nal data,the
experimentwasconducted25 timesandaveraged.As uncertaintyvaluewe usethe root meansquare
overall 25measurements[1].

Figures8 and9 show thesixth andeighthlayerof themeasureddatasetwith differentcolor maps.
Thevisualizationshows thattheareasof high uncertaintylie in regionswherethe¯ow movesin thedi-
rectionof thethird dimension,i.e.,aweaknessof thisPIV methodis theaccuracy in thethird dimension,
which is plausiblesincethemeasurementsareperformedon2D layers.

Theleft imagesof Figures8 and9 applyacolormapto thecompletetexture-based̄ow visualization,
i.e.,to thewholedomain.In contrast,theright imagesonly applycolorcodingto uncertaintyedges;here,
uncertaintyis only shown in regionswhereparticlesarevisible, freeingimageestatein theotherareas.
As mentionedbefore,theseunneededareascouldbeusedto displayanadditionalvariate(e.g.pressure).
Both imagesin Figure8 andtheright imagein Figure9 useasequentialcolor tablethatmapsthedegree
of uncertaintyfrom low (white)to highvalues(highestcolorsaturation).In Figure9 (left), thequalitative
color mappingrepresents� ve differentregionsof uncertainty:high uncertaintiesarerepresentedby red
or bluecolors,whereasregionswith no or little uncertaintyaremappedto orangeandpurplecolor and
mid-rangevaluesaredisplayedasgreencolor. In this way, the viewer's attentionis drawn to regions
with strongdeviations.

8 CONCLUSION

We have presentedtexture-based̄ow visualizationmethodsthatarecapableof handlinguncertaintyas
anadditionalvariatein orderto manipulatetheaffectedregionsof the¯ow. Themainadvantageof our
approachesis their ¯exibility andcompatibilitywith traditionalvisualizationtechniques.Moreover, the
real-timecapabilityof all methodsallows the userto changeparameterswhile interactively exploring
the ¯ow. In future work, we will extend the capability of our systemto handlehigher-dimensional
uncertaintyvalues. Furthermore,the extensionto 3D ¯ow visualizationis left openaschallengefor
futurework.
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