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ABSTRACT

We describetexture-basedo w visualizationtechniqueghat bring out the uncertaintiesn real-world
measuredo w dataor highlightthedeviation of scenariosimulatedyith differentnumericakechniques.
Onevisualizationapproachs basedon a generictexture- Itering procesghatimprovesthe perception
of uncertainty-dectedregions; the otherapproachfocuseson a useradjustedcolor coding of uncer
tainty. Both methodsareimplementedn graphicshardwareandfacilitateinteractie visualization.The
usefulnes®f thesetechniquess demonstratetbr examplesof simulationandPIV datasets.

1 INTRODUCTION

The visualizationof vector elds hasevolvedto animportantandinterestingareaof researclover the
lastdecadesThe application elds for ow visualizationrangefrom scienti ¢ researcho engineering
disciplines;therebya multitude of differentvisualizationtechniqueshave evolved [11], that have the
ability of representindpcal andglobal ow featuresfor steadyandunsteadyector elds. For aproper
understandingf areal-world measuredlataset,it is notonly importantto visualizetheunderlying ow
eld, butalsoindicatehow accurateandreliablethemeasuringystemandthustheacquireddatais. In a
relatedcontext, it is of concernto compareresultsof differentsimulationalgorithmsandshav how and
wherethey differ.

Onthewayfrom dataacquisitionto the nal stepof visualizationthereexistanumberof possibilities
how uncertaintiesor errorscan affect the data[15, 22]. Someof them canbe minimized or actually
eliminated. For thosethat cannotbe removed, it is advantageouso be aware of them. For example,
in industrial applicationsit canbe of greatvalue to engineerdo know the extent of uncertaintythat
occursin the measuredlata,sincethe lack of this informationcanleadto falseconclusionsandthus
signi cantly impactthe processf dataevaluation.

Following Grietheand Schumanri6], we useuncertaintyasa genericterm throughoutthis paper
Dependingon the underlyingproblem,uncertaintycanbe understoodserror, imprecision,inaccuragy,
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or in generalasdataquality problem,just to namea few. In mostcasesuncertaintyis a quantitatve
measurgepresentethy onescalarvaluelik e standarddeviation, probability or the differencebetween
two datavalues.

Although it is a well known fact that nearly all datais affectedby errorsor uncertaintiesmost
visualizationtechniquedgnore this issue. The reasonfor this is thatit is challengingto nd a good
representatiorof uncertaintyand combinethis representationvith an existing visualizationmethod.
In this work, we extend our previous algorithmictechniqueg1] andapply themto practicaldatasets
from CFD (computationaluid dynamics)and ow measurementsTexture advectionis usedasbasic
techniquédor vector eld visualizationbecausét is ef cient andversatile.We follow two different,yet
compatibleapproacheto incorporateuncertaintyvaluesin thevisualization: rst, anadditionaltexture
Itering stepthat changeghe spatialfrequenciesof the visualizationby smearingout particle traces
(Section5); secondcolor codinglayeredon top of texture adwection(Section6). We demonstraté¢hat
thesevisualizationmethoddend themselesto fastGPU (graphicsprocessinginit of moderngraphics
cards)implementationshatfacilitateinteractve dataexploration.

2 RELATED WORK

Therehasbeenanincreasingnterestin uncertaintyvisualizationin abroad eld of researclareasn the
lastfew years.Pangetal. [15] provide a classi cationof uncertaintyvisualizationtechniquesbasedn
thevisualizationtechnique$rom whichtheuncertaintydatais derived. Two relatedpublicationd12, 22]
presenta wide rangeof uncertaintyisualizationtechniquesyhich vary from glyphs,streamlinesand
ernvelopedfor ow-baseduncertaintieso animation.Here,it is alsosuggestethatuncertaintyis usedto
manipulatehe geometricshapeof objectsor affect the oscillationof moving objects.Anotherapproach
thatcontrolsmotionaccordingto the errorextentis presentedby Brown [2], wheretheamountof error
steerghe degreeof visualvibration of an object. In volumerendering Johnsorand Sandersoif8] use
scalamuncertaintyvaluesto manipulatehethicknesof anisosurfice.Knissetal. [9] presentadirectvol-
umerenderingtechniquethatallows usersto explore the uncertaintyof surfaceboundariesThey apply
colormapsbasedn sensitvity (changen boundarypositionperunit changen importance}o highlight
uncertaintyareas Pang[14] presentyisualizationtechniqueshatarecapableof handlinglargeamounts
of geo-spatiatiata,includingthe additionalvariateof uncertainty Thereaderis referredto Grietheand
Schumanrj6] for anoverview of thede nition of uncertaintyvariousuncertaintyclassi cations,anda
collectionof uncertaintyvisualizationtechniques.

This paperbuilds upon cornventionaltexture advectionas a basictechniquefor ow visualization.
Early versionsof texture adwection[13] were extendedto 2D Lagrangian-Euleria\dvection[7], 2D
ImageBasedrlow Visualization18], or GPU-basedextureadwection[21]. Textureadwectionis directly
relatedto Line Integral Cornvolution (LIC) [3]: mostexamplesof texture adwectioncanbe considered
asLIC with anexponential Iter kernel[4]. All thesetexture-basedechniquesave the advantageof
a denserepresentationyhich denselycoversthe domainby streamlinesr othercharacteristicurves.
Therefore texture-basedow visualizationovercomeshe seed-poinpositioningproblem,i.e., the is-
sueof choosingappropriatestartingpointsfor particletracing. We referto Larameeet al. [11] for an
overview of the stateof theartin texture-basedow visualization.



Interacti ve Visualization of Uncertainty in Flow Fields using Texture-BasedTechniques

3 SIMULATION AND MEASURING TECHNIQ UESIN A NUTSHELL

In this sectionwe give a shortoverview of CFD simulationtechniqueghatintendto representhe be-
havior of turbulent ow in someway. The governingequationsarethe Navier-Stokesequationsyhich
representhe conseration of mass,momentumandenegy, andcandescribethe behaior of "uidsor
gasin turbulent ows. They area systemof nonlineampartial differentialequationof secondorderthat
expressthe dependeng of velocity andpressureasfunction of time andspace.For anincompressible
“uid with constantlensityanddivergenceN u = 0, they canbewritten as

Ir - _

N w=0 (1)
fu ~ 1 1. ]
ﬁJ'(“ Nyu = r_f ~NP+nDu; (2)

wherer denoteghe massdensity the vectorf is the body force and standsfor the acceleratiordueto
externalforce (e.g.gravity), P is the scalarpressureandn the dynamicviscosity of the medium. The
following techniquesremostcommonlyusedin CFD.

DirectNumerical Simulation (DNS) directly solvesthe Navier-Stokesequationsiumericallywith-
outary turbulencemodel. Theusedalgorithmsvaryin themethodthatsolvestheequationse.g.explicit
or implicit techniquesanbe applied. For explicit methodsthetime stephasto be proportionalto the
spatialgrid in orderto keepthe computationstable. Implicit methodsallow for biggertime stepsto
improve computationperformance.On the onehand,thesesimulationsare capableof representingll
temporalandspatialscalesof turbulence;on the otherhand,they requirevery large computationate-
sources Especiallyfor turbulent ow with mary smallstructuresDNS needsa high-resolutiongrid to
consere the kinetic enepgy, which leadsto exceedingcomputationatosts. Therefore DNS is mainly
appliedto smallgridsor ows with relatively low Reynoldsnumbers.

Reynolds-AreragedNavier-Stokes(RANS) methodssolve theReynoldsequationsyhich aretime-
averagedNavier-Stokes equations. Theseequationscan be acquiredby separatingow velocity into
meanand uctuatingparts,introducingnewv termsknown as Reynolds stresses.In contrastto DNS,
this approachcanbe appliedto ows in complex geometryandat high Reynoldsnumbersat very low
computationatostsandis thereforecommonlyusedin CFD. However, RANS methodsequiretheuse
of turbulencemodelsthatcharacterizall unsteadyurbulentmotion. Unfortunatelynoturbulencemodel
hasbeendevelopedto this day, thatis capableof representingheturbulentmotionaccuratelyfor awide
varietyof ows. This limitation of RANS hasled to increasingnterestin othersimulationtechniques.

Lar ge-Eddy Simulation (LES) is basedon Kolmogoro/'s [10] theory of self similarity, andwas
rst proposedy Smagorinsk [16]. LES is capableof resolvingthe major partof the kinetic enegy of
turbulent motion, whereonly the small structureshave to be modeled.The popularityof LES is based
on the fact that the kinetic enegy contentof turbulent ow decreasesvith increasingwave numbey
wherebythe major portion of the Reynolds stresscanbe solved. LES techniquessolve space- Itered
and/ortime- Itered Navier-StokesequationsThereforejt is possibleto directly computehelargescales
(i.e.thelarge eddies)with lesscomputationatosts.The effectsof the smaller ow structureshave to be
modeledby a sub-gridscale(SGS)model,sincelow-passltering introducesunknavn quantities.The
mainadwantageof LES s thatthecomputationatostsaresubstantiallysmallerthanfor DNS (but higher
thanfor RANS), sincenotall scaleshave to besolved.
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Detached-EddySimulation (DES)[17] is a hybrid approactor the predictionof turbulentmotions
in ow elds with high Reynoldsnumbers.It usesa single turbulencemodelthat hasthe capacityof
an SGSmodelin regionswith a grid resolution ne enoughfor LES computation,and RANS in all
otherareas. More precisely RANS is appliedin zoneswherethe turbulent length scaleis lessthan
the maximumgrid dimensionor nearsolid boundaries Sincethe computationatlemandf pureLES
increasesigni cantly in the vicinity of walls, zonalapproache$ke DES are often employed to save
computationcosts. A weak point of thosehybrid approachess that RANS and LES have different
requirementso theunderlyinggrid and,thereforethesuccessf thecomputatiorhighly depend®nthe
guality of the selectedsub-gridsfor the differentmethods.

Particle Image Velocimetry (P1V) is areal-world measuringechniquethat, for example,wasused
to acquirethe datashavn in Section7. The basicprinciple of PIV is to inject particlesinto the ow
andto measurghe movementof theseparticlesbetweentwo light pulses.Usually, a planarlaserlight
sheettechniques used. In very shortintervals, the target areais illuminatedtwice by a double-pulsed
laserandrecordedby the CCD arrayof a digital camera.Sincethe CCD chip mustbe ableto capture
eachlight pulsein separatemageframes theresolutionin time is boundby theimagefrequeny of the
cameraAfterwards,appropriatalgorithmsevaluateconsecutieimagesanddeterminghedisplacement
of particlesin the ow.

This paperprimarily focuseson exampledataacquiredby LES and DES simulationsor PIV mea-
surementsas discussedn detail in Section7. LES and DES computationsare usedin comparatie
visualizationgthat interpretdifferencesbetweendifferentsimulationresultsas genericuncertainty In
contrastPIV datais affectedby measuremerdrrorsthataredescribedasuncertainty

4 SEMI-LA GRANGIAN TEXTURE ADVECTION

We use semi-Lagrangianexture adwection as basictechniquefor ow visualizationbecauset is an
efcient and exible methodthat can handlesteadyand unsteady ow alike. Our implementations
basedon thetexture adwectionmethodby Van Wijk [18] andthe semi-Lagrangiaischemeby Jobardet
al. [7]. Thissectionbrie yreviews semi-Lagrangiamexture adwection.

Particlesor injecteddye arerepresentedh an Eulerianfashionon a uniform grid in the form of a
sampledproperty eld r (x), with pointsx onthe ow domain.A uniform grid canalsobe regardedas
atexture—with texels (texture elementspeingthe cells of thatgrid. Froma Lagrangiarnpoint of view,
particlesfollow pathlinesgovernedby

dx(t) _

e V(X(t);t) ;

with thevector eld v(x;t) andtimet. Formalintegrationleadsto the pathline
Z tl
X(t1) = X(to) + t v(x(t);t) dt : 3)
0
Combining an Eulerian particle descriptionand a Lagrangianparticle transport,we obtain a semi-
Lagrangiarupdatescheme:
r(X(to);to) = r(x(to Dt);to Dt): (4)
Here, a backward lookup is employed at a location of the previous time step,x(tp  Dt), alongwith
an integration backwardsin time. Eulerintegrationis often usedbecauseonly short“streaklets”are
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Fig. 1 Textureadwectionandinjectionby alphablending.

constructedx(tp Dt) = x Dtv(X;tp). Bilinear interpolationis employed asreconstructionlter for
theproperty eld.

An advantageof texture advectionis its supportof differentvisualizationstyles,rangingfrom large-
structuredye patternsto a densecollectionof particletracesknown from LIC [3]. The visualization
styleis controlledby injectingdifferenttypesof patternghatareblendedwith the property eld r after
eachadwectionstep[18]: dyeadwectionis achiezedby injectinglarge,smoothdye sourcesandLIC-like
imagesare obtainedby injecting noiseimages. Figure 1 illustratesthe texture advection and alpha-
blendingprocess Anotherimportantadwantages thattexture advectionallows for ef cient, interactve
GPUimplementation$21].

5 TEXTURE-BASED UNCERTAINTY VISUALIZA TION

Textureadvectionasdescribedn the previous sectionis capableof shawving thevector eld of the ow
(i.e. asinglevectorat eachdatapoint), but needgo be extendedto visualizethe associatedincertainty
Thegoalof this sectionis to includethevisualizationof uncertaintyor error.

We assuméhatuncertaintyis describedy a scalarvalue,e.g.themagnitudeof ameasuremerdrror
or datadifference.The original uncertaintyvaluemay be mappedo a derived measuree.g.by alinear
or anon-linearfunction, in orderto emphasizeincertaintyrangesandobtainusefulvalues. The result
of this mappingis denotedby the uncertaintymeasureau(x;t). Uncertaintyvisualizationaddressethe
displayof u(x;t).

This sectiontargetsuncertaintyvisualizationincorporatedn the texture representationf the ow.
Thecrucialobsenrationis thatuncertaintyof thevectordataresultsin anuncertaintyof pathlines.There-
fore, the particletransportshouldtake into accountu(x;t) by modifying the adwectionprocessaspro-
posedin our previouswork [1]. In fact, the pipelinefrom Figure 1 is just extendedby one additional
iImage- ltering stepthatworkson theadwectedtexture. This uncertaintylter affectstheadwectedprop-
erty eld r accordingo thefollowing 2D convolution:

Z
[ ®iteredX) = f(u; % V)1 (x+ X) B : (5)

V(x;v)

In contrastto mary othercorvolution lters, the Iter f maybe space-ariantand ow-dependentand
sois theintegrationdomainV(x;v). Thegoalof the corvolution Iter is to modify the spatialfrequeny
perpendiculato particletraces:it essentiallysmearsut particletraces.While LIC or traditionaltexture
adwectiononly modify the spatialfrequenciesalongthe ow, uncertainty-avaretexture advectionalso
affectsthe spatialfrequenciegperpendicular The speci ¢ characterof the uncertaintyvisualizationis
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controlledby the choiceof lter kernelandintegrationdomain. Two setsof examplesare described
below.

The rst exampleis crossadvectionwhichemploys ltering alongaline perpendiculato thevector
eld. In thisway, particlesareadditionallytransportegberpendiculato the ow direction,smearingout
the particletrace.Thediscretizedversionof Itering reads

[}
leitered= @  fili; (6)
i2f  1,0;1g

with the lter kernelf; andthe propertyvaluesr ; thataresampledalongthe perpendiculatine:
ri=r(x+ iuDtMrorv(x;t)) (7)

We usea symmetric Iter kernelthatis normalized(i.e. & fj = 1) to maintaina constanverall bright-
ness.The amountof smearings controlledby the relative stepsize p, which is determinedy u(x;t).
The matrix Mot implementsa rotationby 90 degreesin orderto obtaina Itering perpendiculato the
vector eld.

A variantof crossadvectionusesa maximumfunctioninsteadof theweightedsumin Eq. (6):

I @itered= Maxfriji = 1;2;3g: (8)

The maximumfunctionavoidsthatstreaklinesarefadedout to smallpropertyvaluesin regionsof large
uncertainty which is especiallynoticeablefor sparselyseededstreaklines. However, the maximum
function doesnot guarantee constantoverall brightness.In fact,imagestendto increasan intensity
and, thus, the maximum-functionapproachis mainly usedfor sparserepresentationsvith only few,
distinctstreaklines.

Error diffusionis analternatve exampleof uncertaintyisualization.Here,anisotropic Iter kernel
Is usedfor the ltering equation(5). The amountof smearings controlledby the uncertainty:u(x;t)
determineghe width (i.e. size) of the Iter kernel. The larger the uncertainty the wider the kernel.
Typically, we usea 2D Gaussianlter kernelthatis normalizedo maintainaconstanbverallbrightness.
Becausanerroraffecteddatapointin uencests adjacentegion, this Itering processmitatesnatural
diffusion. The maximumfunctionis not recommendeas Iter functionfor error diffusion becauset
would leadto an extremeincreasein brightnesscausedby the larger footprint of error diffusion (as
comparedo crossadwection).

Errordiffusionandcrossadwectioncanbe consideredsimage-processinmethodghatwork on 2D
textures.Bothtechniquesanbedirectly mappedo ef cient GPU programsthedetailsof which canbe
foundin [1]. Crossadwectionbasicallyusesa GPUfragmentprogramto stepalongthe perpendiculadi-
rectionandsumthetermsfrom Eq. (6). Errordiffusionsumsthetermswithin thesupportof the2D lter
kernel. A naive implementatiorof 2D image Itering couldleadto a poorvisualizationspeedor large
kernelsbecausehe numberof Iter kernelentriesandthe computationakostsincreasequadratically
with theresolutionof Iter width. We overcomethis problemby successiely applyingasmall lter ker-
nel. In the caseof Gaussianltering, successie applicationresultsin a Gaussiarkernelof largerwidth.
We useadiscreteseparate@ 3 Gaussianlter , wherethenumberof Itering stepss controlledby the
uncertaintyvalue. Furthermorea ne adjustmenbf the Iter is obtainedby adaptingthe entriesin the
3 3 Iter mask.As demonstrateth Section7, GPUimplementation$eadto interactve visualizations
evenfor very large datasetsin therangeof 10° grid points.
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Fig. 2 Two examplesof uncertainty-dependentering techniquesrepresenting=D 1:016—the
84thlayerof the LES cylinder dataset. Left: crossadwection.Right: errordiffusion.

Figure? illustratesthe effect of crossadwection(with maximum Iter) anderrordiffusion. Thetest
datasetfor this gure originatesfrom a LES simulationof ow arounda cylinder anda corresponding
uncertaintymeasurehat are both describedn moredetailin Section7. The visualizationsshav the
highestamountof “smearing”in regions behindthe top and bottom of the cylinder, indicatingthose
regionsasareasf highestuncertainty

6 COLOR-BASED UNCERTAINTY VISUALIZA TION

Althoughtexture-basedincertaintyvisualizationalreadyleadsto anintuitive visual encodingof uncer
tainty information, additionalvisual cuescan be usedto further enhanceperception. Besidesspatial
visual structureswhich are exploited by texture-basedisualization,color generallyplaysa dominant
role in humanvisual perception.An adwantages that color andshapeor positionare highly separable
perceptuatlimensiong20, p. 180]—colorandtexture patternsanbeeasilycombinedwvithoutimpairing
eachother Thereforewe simultaneouslyisecolor andtexture patterndor improvedvisualization.

The rst approachdirectly mapstheuncertaintyinformationu(x;t) to color by employing a1D color
table. This color tabletakesthe uncertaintyasthe 1D input parameteandoutputsan RGB (red, green,
blue) value. The resultingcolor is combinedwith the gray-scalepropertytexture from the advection
procesdy blendingor modulation.

A popularway of usinga colortableis to displayquantitatve data. It is importantthatthecolortable
is designedn away thatsupportshe accuratgerceptionof quantitatve data,for example,by usinga
perceptuallyuniform color scale.More detailson the designof color tablesarediscussedby Ware[19].
Figure3 (right) illustratescolor codingof uncertaintyfor the samelLES datasetthatis usedin Figure2.
For comparisonFigure3 (left) shavs texture advectionwithout color coding.

Anotherapplicationof colortablesusescolorto separateegions—essentialliabelingthoseregions.
In this sensegolor is mainly usedto encodenominalinformation;color canbe extremelyeffective asa
nominalcode[20, p. 123]. Eachcolorrepresentanintenal of uncertaintyvalues.Theadwantageof such
adiscretecolor codingis thatregionscanbe moreeasilyrecognizedhanwith a quantitatve color scale.
Thediscretecolor codingis particularlyusefulwhena qualitatve understandingf the visualizationis
moreimportantthanreadingoff quantitatve data.Figure4 (left) demonstratediscretecolor codingfor
the LES testdataset.

Anotherusefulmethodis uncertaintyedgedetection.This approachs a 2-pasgenderingechnique.
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Fig. 3 Left: traditionaltextureadwectionof the84thlayer(z=D 1:016)of the LES cylinder dataset.
Right: the saméayerwith uncertainty-controlledolor codingby a green-yellav-red map.

Fig. 4 Examplesof texture-basedow visualizationtechniqueshaoving the84thlayer(z=D 1:016)
of the LES cylinder dataset. Left: qualitatve color mappingwith discretecolors. Right: uncertainty-
edgedechniquecombinedwith a spectralblueto red)color map.

In the rst stage,traditional texture adwectionis employed as describedn Section4. In the second
stage,an edge-detectionlter —namelya 3 3 Sobeloperator—is appliedto the result of stageone,
extractingall edgeswhich generallyare locatedaroundthe injectedparticle andalongthe side of its

short streakline. In the samestep, a color mappingof the uncertaintyvalue is applied. If no edge
exists at the evaluatedregion, the resultfrom stageone—thecolor of the original particle traces—is
usedinstead.An adwantageof this techniquds thatit doesnot modify or Iter theoriginal streaklines,
computedn the rst stageand,thus,additionalinformation(e.g.pressurer density)couldbe encoded.
A slight disadwantageof this techniquas thatthe edgescanclutterthe nal visualization.Therefore,t

Is bettersuitedfor a sparseparticleinjection, wherestreaklinesare clearly separatedFigure 4 (right)

demonstrateancertaintyedgedetectionfor the LES 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 and DES. Sinceour GPU visualization
techniquesredesignedor Cartesiargrids,to exploit the SIMD (singleinstructionmultiple data)archi-
tectureof moderngraphicshardware,it wasnecessaryo resampleheoriginal dataseton anequidistant
grid. Thereforewe placedacubewith thedimensionx2 [ 1:5;4:5],y2 [ 1.5;1:5],andz2 [0:0; 3:0]
in the interestingregion of the original dataset,andresampledt with 256 128 128 samplepoints.
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Table 1 Renderingperformancen framesper secondmeasurean a PentiumlV with 3.4 GHz andan
NVIDIA GTX 7800GPU.Techniquesre(l) corventionaltexture adwection,(ll) crossadwection,(lIl)
errordiffusion, (IV) uncertaintycolor coding,and(V) uncertaintyedgesrespecitrely.

viewport I Il [l \Y \

1024 512 901 429 507 822 539

The simulationfor both original datasetswasperformedon the samegrid with a Reynolds-numbenof
200,000.The nal datais averagedusing3083singletime steps.Computatiortimingsfor the original
cylinder datasetsaregivenfor a clustercomputermwith 42 IBM pSeries690 PCswith 1.3 GHz. For the
12.3million grid points,it took the cluster3.1 minutesfor LES and5.0 minutesfor DES per simulated
time step. More detailson the original datasetsand its acquisitioncanbe foundin [5]. Rendering
performanceesultsfor all techniqguesreshavnin Tablel.

The visualizationof the DES andLES simulationsis an exampleof comparatre visualization,i.e.,
thedifferencebetweerdifferentsimulationresultssenesasuncertaintyneasureAll imagesof thesim-
ulateddatasetsshownn in this paper usethe magnitudeof the velocity differencevectorasuncertainty
extend,whereaothervalueslik e pressuregensityor temperatureanbe usedinsteadjf they areamat-
ter of particularinterest.High uncertaintieappeain regionswith vortex separationgearthe surfaceor
in shearayersbehindthecylinder. Figure5 shavs two differentvisualizationsof the DES dataset. The
left imageusesa greencolor map, sequentiallyenhancingsaturatiorwith increasinguncertainty This
kind of mappingis usedin mostapplicationssincecolor anduncertaintyareintuitively coupled.Never-
thelessthe useof a diverging color map,asshavn in theright image,canemphasizehe visualization.
While blueregionswith verylow uncertaintie$adeto thebackgroundthered-coloredegionswith high
uncertaintieareemphasizedin this resultssection we exclusively useadiscretecolor tablewhencolor
codingis applied.

In Figures6 and7, we comparewo differentlayersof bothsimulations.Figure6 shaws the differ-
enceof velocity magnituden the computedshealayersbehindthe cylinder with a sequentiated color
table. Figure 7 illustratesvortex separationsiearthe upperedgeof the cylinder with a spectralcolor
map.Noticeablearethesmalldifferencesn ow directionsof bothdatasets.

Fig. 5 The84thlayer(z=D 1:016) of the DES dataset,with two differentcolor mapsapplied.Left:
sequentiagreencolor coding.Right: diverging spectralblue-red)color table.
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Fig. 6 Comparingthe 84thlayer(z=D 1:016) of the LES (left) andDES (right) datasets,encoded
by sequentiatedcolors.

Fig. 7 Comparisorof LES (left) and DES (right) with a spectral(blue-red)color map. Shaowvn is the
40thlayer(z=D 2:055),locatedright on top of the cylinder.

Fig. 8 lllustration of layer 6 of the PIV dataset,renderedvith a sequentialorange)color map. Left:
blendedwith thetexture-adectionresult. Right: appliedto uncertaintyedges.

Fig. 9 The8thlayerof thePIV dataset. Left: acombinatiorof crossadwectionandadiscrete qualitative
color map.Right: uncertaintyedgedetectioncombinedwith a sequentiatolor map.

10



Interacti ve Visualization of Uncertainty in Flow Fields using Texture-BasedTechniques

Anothertestdatasetwasmeasuredby a 3D S-PIV methodin alaminarwaterchannel. The original
datahas81 45 measuremenpointsin eachof nine separatedayersand containsone time step of
waterin ow, streamingthroughthe channelandforming vorticesin the current. For the nal data,the
experimentwas conducted?5 timesand averaged.As uncertaintyvalue we usethe root meansquare
over all 25 measurementd].

Figures8 and9 shaw the sixth andeighthlayer of the measuredlatasetwith differentcolor maps.
Thevisualizationshavs thatthe areasof high uncertaintylie in regionswherethe ow movesin thedi-
rectionof thethird dimensionj.e.,aweaknes®f this PIV methodis theaccurag in thethird dimension,
whichis plausiblesincethe measurementareperformedon 2D layers.

Theleft imagesof Figures8 and9 applyacolormapto thecompleteexture-basedow visualization,
l.e.,to thewholedomain.In contrasttherightimagesonly applycolorcodingto uncertaintyedgeshere,
uncertaintyis only showvn in regionswhereparticlesarevisible, freeingimageestaten the otherareas.
As mentionedefore theseunneededreasouldbeusedio displayanadditionalvariate(e.g.pressure).
Bothimagesn Figure8 andtherightimagein Figure9 usea sequentiatolor tablethatmapsthedegree
of uncertaintyfrom low (white)to highvalues(highestcolor saturation)ln Figure9 (left), thequalitatve
color mappingrepresents ve differentregionsof uncertainty:high uncertaintiesrerepresentedy red
or blue colors,whereagegionswith no or little uncertaintyaremappedo orangeandpurplecolorand
mid-rangevaluesare displayedas greencolor. In this way, the viewer's attentionis dravn to regions
with strongdeviations.

8 CONCLUSION

We have presentedexture-basedow visualizationmethodghatarecapableof handlinguncertaintyas
anadditionalvariatein orderto manipulatethe affectedregionsof the ow. The mainadvantageof our

approachess their exibility andcompatibilitywith traditionalvisualizationtechniquesMoreover, the
real-timecapability of all methodsallows the userto changeparametersvhile interactvely exploring
the ow. In future work, we will extend the capability of our systemto handlehigherdimensional
uncertaintyvalues. Furthermore the extensionto 3D ow visualizationis left openas challengefor

futurework.
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