Texture-Based Visualization of Uncertainty in Flow Fields

Ralf P. Botchert  Daniel Weislopf?

LUniversiy of Stuttgart®

ThomasErtl!

2Simon FraserUniversiy

Figure 1: Three di®erent advection schemesapplied to a PIV measurementof a °uid °ow data set. Left image: Gaussianerror di®usion
approach. Center image: Crossadvection method. Right image: Semi-Lagrangianadvection using multi-frequency noise.

ABSTRACT

In this paper we presentwo novel texture-basedechniquego vi-
sualizeuncertaintyin time-dependen2D ow elds. Both meth-
odsusesemi-Lagrangiatexture advectionto shav o w direction
by streaklinesandcornvey uncertaintyby blurring thesestreaklines.
The rst approachappliesa crossadwection perpendiculato the
o w direction. Thesecondmethodemploysisotropicdiffusionthat
canbe implementedby Gaussianltering. Both methodsare de-
rived from a generic ltering processhatis incorporatednto the
traditional texture adwection pipeline. Our visualizationmethods
allow for a continuouschangeof the densityof ow representa-
tion by adaptingthe densityof particleinjection. All methodscan
be mappedo efcient GPUimplementations.Therefore the user
can interactvely control all important characteristicof the sys-
tem like particle density error in uence, or dye injection to cre-
ate meaningfulillustrations of the underlyinguncertainty Even
thoughthereare mary sourcesof uncertaintieswe focuson un-
certaintythat occursduring dataacquisition. We demonstratehe
usefulnes®f our methoddor the exampleof real-world uid ow
datameasuredvith theparticleimagevelocimetry(PIV) technique.
Furthermorewe comparethesetechniquesith anadaptednulti-
frequeng noiseapproach.

CR Categories: 1.3.3[ComputerGraphics]:Picture/ ImageGen-
erationl.3.6 [ComputerGraphics]: Methodologyand Techniques
1.3.8 [ComputerGraphics]:Applications

Keywords: Uncertaintyvisualizationunsteadyo w visualization,
textureadvection,GPU programming.

1 INTRODUCTION

Exposinguncertaintie®f real-world o w databecomes moreand
moreimportanttopicin the eld of vector eld visualization.Engi-
neersandscientistaareincreasinglyinterestedn which region and
extent uncertaintiesoccurin measuredliata. The absenceof this
informationcanleadto wrong conclusionsandthereforeaffect the
analysigprocessn anegative way. Severaltypesof uncertaintie®r
errorscanappeann theway from dataacquisitionto the nal step
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of visualization[11, 14, 24]. In this work, we focuson errorsthat
ariseduringthemeasuremerstepby inaccuraciesf themeasuring
device or technique Althoughscientistsandengineersareavareof
the factthatalmostevery datasethasintrinsic uncertaintiesmost
visualizationtechniqueseglect or completelyignore them. One
reasorfor thisis thedif culty to nd agooduncertaintyrepresen-
tation that can be combinedwith the visualizationof the original
data. By includingthe errormeasurénto the procesf visualiza-
tion we needto add onemorevariate. For one-dimensionatlata,
uncertaintycanbedisplayedoy atraditionalplot thatshovs the av-
erageminimum,andmaximumvalueof adatapointmappedo the
seconddimension.For multivariatedata,this mappingbecomes
challengingproblem,sinceseveral dimensionshave to be mapped
to 2D screerspace.

The goal of this paperis to provide new texture-basedsisual-
ization schemeghatdo not only represenparticlepositionsalong
streaklinedout alsobring out measuringerrorsandtheir in uence
on particlesin theform of smeared-owtisualstructuregperpendic-
ular to the o w direction. We adopttraditional semi-Lagrangian
textureadwection[8, 19, 22], asbrie y describedn Section4, and
extendit by anerrordependenadditional Iter processhatreveals
uncertaintyby essentiall}changinghespatialdistribution of visual
patterngperpendiculato the o w. This genericerrorvisualization
stratey is introducedin Section5. We have developedtwo spe-
ci ¢ visualizationmethodsthatarederived from this genericstrat-
egy: First, the crossadwectionmethod,which usesa line-oriented

Iter perpendiculato the ow direction (Section6); second,an
arti cial errorguideddiffusion lter (Section7). Our visualiza-
tion methoddend themselesto ef cient GPU (graphicsprocess-
ing units)implementationsywhichis demonstratetly providing de-
tails of theimplementatioralongwith performanceneasurements.
Moreover, we compareour new methodswith anadaptatiorof the
multi-frequeng noisemethod[9] andshawv resultsof uncertainty
visualizationappliedto real-world uid o w datafrom PIV mea-
surementgseeSection9).

2 PREVIOUS WORK

Previous work on uncertaintyvisualizationhasfocusedon repre-
sentinguncertaintyin simulationor analyticaldata. For example,
Lodhaetal. [12] evaluateandcomparethe quality of surfaceinter-
polantsandintroducedgeometriauncertaintyasa measuref inter
polationerror. Furthermorethey proposeUFLOW [11], a system
to visualizeuncertaintiesn streamlineof uid o w with glyphs,



envelopespr animation.Wittenbrinketal. [24] presenseveral dif-
ferentglyphslike uncertaintyglyphsand arrov glyphsto visual-
ize wind andoceancurrents. They mapuncertaintydirectionand
magnitudeto varioustypesof glyphsandglyph attributes. Panget
al. [14] give a classi cation of possibilitiesfor visualizinguncer
taintiesfor awide eld of applications.Two techniquegor uncer
tainty visualizationin isosurficerenderingareproposedy Rhodes
etal.[16]. The rst onechange®neof thevertex colorparameters
hue, saturationor brightness.The secondtechniqguemapsan ad-
ditional texture on top of the surfaceandvariesthe opacity of the
texture accordingto the error measure.Finally, Brown [1] intro-
ducesamethodof visualvibrationsto indicatetheamountof error.

Measuremenof real-world datais a typical sourceof error or
uncertainty A widely usedtechniqueto acquirethe velocity eld
of a uid ow isbasedn particleimagevelocimetry(PIV) [6, 15].
Sincethequality and eld of applicationof PIV measurementsas
improvedin recentyears,the analysisof PIV datais becomingin-
creasinglyinteresting. For example,the recentwork by Ebling et
al. [3] appliesimage-processinmethodgo analyzePIlV measure-
ments.

Researclin the eld of texture-basedo w visualizationhasbeen
strongly advancedlately, not only becausef the rapidly increas-
ing performanceand functionality of GPUs. The availability of
densenoise-basedndsparsalye-basedepresentationgswell as
the possibility for the userto interactand manipulateall impor-
tantparametersn-the- y alsoplay animportantrole. Thestate-of-
the-artin texture-basedo w visualizationis suneyed by Laramee
et al. [10]. Early work on texture-basednethodscomprisesspot
noise[18], line integral corvolution (LIC) [2], andtexture advec-
tion [13]. Morerecent2D techniquesely on semi-Lagrangiartex-
ture adwection: Image BasedFlow Visualization(IBFV) by Van
Wijk [19] andLagrangian-Euleriadvection(LEA) by Jobardet
al. [8]. Sincedensedexturerepresentationseeda large numberof
computationsgraphicshardware canimprove the performanceof
2D texture-basedo w visualization[5, 7, 23]. An examplefor a
sparsaepresentatiois the metaphoiof dyeadwection[21, 22].

3 PARTICLE IMAGE VELOCIMETRY

Real-world uid ow canbemeasuredby particleimagevelocime-
try (PIV) [6, 15]. The basicprinciple of PIV is to inject particles
into the o w andto measurehe movementof theseparticlesbe-
tweentwo light pulses.Usually, aplanarlaserlight sheetechnique
is used. In very shortintervals the targetareais illuminatedtwice
by adouble-pulsedaserandrecordedntothe CCD arrayof adig-
ital camera(seeFigure 2). Sincethe CCD chip mustbe ableto
captureeachlight pulsein separatémageframes theresolutionin
time is boundto theimagefrequeng of the camera.Afterwards,
appropriatealgorithmsevaluateconsecutie imagesanddetermine
the displacemenbof particlesin the o w. The mostcommonway
of measuringlisplacemenis to divide the imageplaneinto small
interrogationareaqlA) andcrosscorrelateheimagesrom thetwo
time exposures.With this method,even unsteadyor non-periodic
ow elds canbemeasured.

Onepossiblecrosscorrelationalgorithmworksasfollows: Each
imageis divided into | small IAs with edgelengthK (in pixels);
the 1As arethenshiftedand comparedwith otherpartsof theim-
age.For eachtranslationDx of onelA A with K2 pixelsto another
domainB of the samesize,the crosscorrelation

K K
C(Dx) = & & Bij ¢A;(Dx) @)
i=1j=1

canbe computed.If the coefcient C is a maximumand/ormini-
mum for atranslationDx (dependingon the matrix function),then
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Figure 2: Con guration of a particle image velocimetry system.

the largestmatchbetweenA and B andthusthe shift of the parti-

cleshasbeenfound for IA A. Solving Eq. (1) for all I1As Dx| of

theimageresultsin acollectionof displacementectorsthatcanbe
convertedto velocity vectorsby usingthetime differencebetween
bothevaluatedmages:

dX| DX|
V|(X|) = E l/4m

Ontheway from dataacquisitionto the stageof visualization sev-

eral differentuncertaintier errorscanbe introducedto the data
[11, 14]. Figure 3 shows the threestagepipelinethat datahasto
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Figure 3: Possible sourcesfor uncertainties (adopted from [14]).
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go throughuntil it canbe analyzed. In the visualizationstep, al-
gorithmic uncertaintiescan occug e.g., by approximatingfactors
for globalillumination or by interpolatingdatavalueson slicesin
volumerendering.Transformatioruncertaintiesareintroducedby
corverting from oneunit to anotheror by scaling,resampling,or
quantization. In our work, we focus on uncertaintieghat appear
in the rst stage—duringlataacquisition.We think thatthis stage
is mostinterestingfor uncertaintyvisualizationbecausehe errors
from dataacquisitiontypically cannotbein uenced or reducedby
subsequenprocessesln contrast,algorithmicor numericalerrors
from the othertwo stagesof the pipeline canbe negglectedif algo-
rithms of appropriateguality areapplied. Neverthelesserror from
ary sourcecouldbeusedasinputto, andthusshavn by, ouruncer
tainty visualizationmethods.

During dataacquisition,errorscanbe introducedinto PIV data
setsfrom severalsourceg15]:

2 Randomerrordueto noisein therecordedmages.

2 Bias error arising from the processof computingthe signal
peaklocationto sub-pixel accurag.

2 Calibrationinaccurag of the CCD camera.



2 Acceleratiorerrorcausedy approximatinghelocal Eulerian
velocity from the Lagrangiarmotion of tracerparticles.

2 Gradienterrorresultingfrom rotationanddeformationof the
o w within aninterrogation arealeadingto a lossof correla-
tion.

2 Dimensionof the cross-correlatethterrogationareas.

2 Trackingerrorresultingfrom theinability of a particleto fol-
low the o w withoutslip.

Someof theseerrorscanbe minimizedby carefully choosingthe
experimentalconditions,but otherscannotbe eliminatedandthus
the nal datainheritsuncertaintiesy the natureof the measuring
system. Sinceengineersare fully aware of the existenceof those
uncertaintiest canbe of greatadvantageto have aninteractie vi-
sualfeedbaclduringanalysis.

In our system,the PIV methodyields N measurement®r the
vector eld at eachspatiallocationandtime step. The raw data
measurementaredenotedv; with i = 1:::N. The averagevector
v senesasbasisfor traditionalvector eld visualization.Then,the
rootmeansquare

<
[any
Qo=

ivii vii2:
1

lrms=

N;

canbeusedasthemeasuref uncertainty

Our testdatasetwasacquiredin a laminarwater channelwith
a 3D S-PIV methodand a resolutionof 81£ 45 in eachof nine
separatethyers.EachlayerwasmeasuredN = 25times. Sinceour
computatiortakesplacein the 2D domain,we slice the 3D vector
eld into nineseparate@D layers.

4 SEMI-LAGRANGIAN TEXTURE ADVECTION

Texture adwection is a well-establishecand versatile methodfor

visualizingunsteadyo w [8, 13, 19]. Semi-Lagrangiarransport
[8, 17], whichis the basisfor ourimplementatiorof textureadwec-
tion, is brie y describedn this section.

Particlesor injecteddye arerepresentedn a regularly sampled
grid or texture. This property eld is denotedby r (x). The points
x arefrom the domainof the nD vector eld, R". For the Eulerian
approachparticleslosetheir individuality andtheir positionis im-
plicitly givenby thelocationof thecorrespondingexel in theprop-
erty eld. Particlesaretransportedilongstreamlinegor steadyor
alongpathlinesfor unsteadyvector elds v(x;t), wheret denotes
time. The Lagrangianformulation of the underlyingequationof
motion, (1)

X(t
Rl COIE
canbeintegratedto computethe pathlineof an adwectedmassless
particle, 7
t
X(t1) = X(to) + . V(x(t);t) dt : 2

0

Theevolution of the property eld r (x;t) is governedby
fr (x;t)
Mt

This partialdifferentialequationcanbe solved by semi-Lagrangian
transport[8, 17], which leadsto a stableevolution even for large
stepsizes.A backwardtexturelookupis oftenemployed:

r (x(to);to) = r (x(toi Dt)itoi DX): ©))

Startingfrom the currenttime steptg, anintegrationbackwardsin
time accordingto Eq. (2) providesthepositionat the previoustime

+v(x;t) ¢Nr (x;t) = 0:

step,x(tpj Dt). Texture-basednethodsoften produceonly short
streamlinesor streaklinesand, therefore, rst-order Euler integra-
tion typically providessufcient accurag:

X(toi Dt) = x(to) i Dtv(x(to);to) :

Theproperty eld is evaluatedatthis previouspositionto accesshe
particlethatis transportedo the currentposition. Tensofproduct
linearinterpolation(bilinearin 2D or trilinear in 3D) is appliedto
reconstructheproperty eld atlocationsdifferentfrom grid points.
Textureadwectioncanbeusedto visualizelargerstructuresn the
ow, like streamlinesn steady o w or streaklinesn time-varying
ow. Thesestructurescanbe generatedy injecting smoothdye
patternor noise-basegarticlesinto the property eld r aftereach
adwectionstep,following the IBFV approacH19]. Newly injected
materialis combinedwith the adwectedproperty eld by meansof
alphablending,which representshe discretizedversionof an ex-
ponential lter kernel[4] in thecontet of LIC [2]. We usetexture
adwectionasbasisfor uncertaintyvisualizationbecausé offersim-
portantbene ts. First, theinjection schemeds e xible in allowing
theuserto graduallychangehedensityof new particlesfrom afew
randomlyinjectedparticlesupto adenselylled property eld rep-
resentedy white noise.Secondfexture adwectionlendsitself to a
directandef cient mappingto GPUs,which leadsto aninteractve
visualizationof large datasets.

5 STRATEGY FOR UNCERTAINTY VISUALIZATION

The goal of this paperis to enrichtexture adwection by a visual-
ization of ow uncertainty without losing the bene ts of texture
adwection,i.e.,its exibility andefciency. Uncertaintyvisualiza-
tion essentiallyrequiresto represenbne additionalsingle-valued
attribute: ameasurdor uncertaintyor error.

Fromanabstracipoint of view, uncertaintyvisualizationcanbe
structuredinto a three-stagerocess(seeFigure 4). Raw datais

original error
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Figure 4: Uncertainty pipeline.
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the basisto computean error value. As detailedin Section3, the
errorvaluefor PIV datais typically basedntherootmeansquare.
However, ary othererror computationcould be usedfor this part
of thevisualizationprocessIn the secondstage this original error
valueis mappedto a derived error measureg.g.,by alinearor a
non-linearfunction,in orderto obtainvaluesin a usefulrange.We
denotehis, possiblyspace-ariantandtime-dependentjncertainty
measuredy u(x;t). The third stepcompriseshe actualmapping
to visual primitives. This stepis the main objective of uncertainty
visualization.

Variousmeansf avisualmappingof multi-variatedatacouldbe
employedto representheerrorattribute. A simpleandwell-known
methodis to mapthederivederrorvalueto colorandto overlaythis
color on top of the underlying o w visualization. However, this
kind of visualizationmethodonly shavs uncertaintyatarespectie
point,i.e.,it resultsin alocalizedrepresentationin contrastuncer
tainty in a o w leadsto anuncertaintyof particletransportwhich
shouldalsoberepresentetlty meansof “uncertain” particletraces.
It isreasonabléo markaparticlethathasbeenadwectedthroughout
anerroraffectedareaandto emphasizé¢hisin thefurtherprocesof
the o w. Furthermoreanuncertainty-dectedregion canin uence



initialize
property field
load flow and
error data
. o
l error advection Q
%]
(]
texture advection | £
3
l display 2
particle and
dye injection

Figure 5: Flowchart of the algorithm.

its neighborhoodindthis shouldbetakeninto accountn thevisu-
alizationstep. Therefore our goalis to incorporatethe uncertainty
representatiowithin the conceptof texture-basedarticle trans-
port. Anotheradwantageof this approachis thatthe error attribute
is encodedn the sameperceptuathannelasthe original o w—in
the form of a texture—and,thus, other perceptuakchannelse.g.,
color) couldbeusedto encodeadditionalattributes.

We proposethe following basicvisualizationprocesghat com-
binesuncertaintyvisualizationwith traditional texture adwection.
As laid out in Figure5, the rst stepsof the visualizationcycle
("load ow data”, "texture advection”, and "particle and dye in-
jection”) areidenticalto traditionaltexture advection. Uncertainty
visualizationis exclusively basedon an additionalerror ltering
stagethatis completelydecoupledrom thetextureadwectioncom-
putation.Error Itering aimsat manipulatingthe spatialfrequeng
perpendiculato particletracesto shav uncertaintyu(x;t), i.e., we
donotonly changehespatialfrequeny alongthe o w asin LIC [2]
or basictextureadwection[10].

Error Itering modi estheproperty eld and,in its genericform,
canbeformulatedas

z
I itered (X) = fugv)r (x+ %) d"x: 4

V(x;v)

The compactnD Iter domainV(x;v) may be space-ariantand
o w-dependentandsois the Iter f. Theintegral is evaluatedat
a x edtimet. In this paper we restrictoursehesto 2D visualiza-
tion with n = 2 andwe usetwo specialcasesfor Eq. (4), which
aredetailedin Sectionss and7. Different” a vors” of uncertainty
visualizationare achievzed by choosingspeci ¢ parametergor the
Iter kernelandintegrationdomain.

6 CROSSADVECTION

Crossadwectionis the rst speci c examplefor error Itering. Here,
the Iter domainis reducedto a line perpendiculato the current
o w direction. The fundamentaldeais to transporta particlelat-
erally to the o w directionandthussmearout the streaklineof the
particle. This essentiallyleadsto a 1D convolution similar to that
of traditionaltexture adwection. The only differenceis thata sym-
metric Iter (in bothdirections)is applied.
Discretizationof the Iter leadsto

o
Fitered = @  firi; (5)
i2fi 1,019

wheref; is thediscretelter kernelandr; aresampleof the prop-
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T~ .
error region

time step t-Dt

time step t

Figure 6: Semi-Lagrangiantransport of a particle along °ow direction
into an error region from time step tj Dt to time stept. The cross
advection is applied in time step t.

erty eld alongthe perpendiculaline,
ri=r(x+ imbtMyv(x;t)) : (6)

Here,mdenotegheerrordependingelative stepsize,Dt is thestep
sizeof traditionaltexture advection,and M, is a 2D matrix for a
rotationby 90 degrees.Theintegrationwidth and,thus,the length
scalefor smearingis controlledby the error valuevia m Equa-
tion (5) implementsthe analogof line integral corvolution based
on texture advection, with the following differences:First, a con-
volution perpendiculato the o w directionis performedseconda
symmetriccorvolution lter in bothdirectionsis applied. This |-
teringmaintainsaconstanbverallbrightnessf anormalizedkernel
isused(i.e.,& fi = 1). A typical choiceis f; = 0:25;0:5;0:25.

Figure 6 illustratesthe two stepsperformedfor the complete
crossadwection approach. In the rst step,a particle (grey dot)
is transportedy traditional semi-Lagrangiamdwectionalongthe
o w directioninto an uncertaintyregion. Black grid pointslie in-
side the error region, white grid points outside. In the next step
shavn on theright sideof Figure6, we computethe intensityval-
uesof the currentpoint (grey dot) andthe two crossdirectional
points(white andblackdots)by combiningthe valuesaccordingo
Eq.(5).

The Itering processcanbe slightly modi ed by replacingthe
weightedsumin Eq. (5) by amaximumfunctionaccordingo

I tered = MaxXf riji= 1,2;3g: (7)

The max) function guaranteeshat (sparselyseeded)treaklines
arenot reducedto very small intensitiesin regionsof large error,
andthereforesmeared-oustreaklinesare maintained.In general,
the max)) function doesnot provide a constantoverall brightness
but tendsto increasethe imagebrightness.Therefore this variant
is primarily designedor sparserepresentationwith afew, clearly
separatedtreaklines.

Crossadwectioncanbe consideredan image-processingpera-
tion thatcanbedirectly mappedo GPU fragmentoperations.The
updateequationg5) or (7) work independentlyn 2D grid cells of
the property eld. By identifying this 2D grid with a texture, the
updateof cells (i.e., texels) is reducedto updatingthe underlying
texture througha fragmentprogram. In fact, ping-pongrendering
is employed to updatetextures: Two copiesof the property eld
areheldin texture memory;onesenesasrendertamget, the other
onesenesasinputtexture. After eachupdate therole of the two
texturesis exchangedThis crossadvectionprocesss oneexample
for an”error advectionmodule”in Figure5.



Figure 7: Left image: Crossadvection with a single dye pattern in
a laminar °ow “eld and with piecewiseconstant uncertainty. Right
image: Sparsely injected particles into the same°ow with increasing
uncertainty from top to bottom.

A HLSL fragmentprogramof thebasictransporimechanisnfor
Eq.(7)is givenin Figure8. Themappingfrom theinputuncertainty
measureo therelative stepsize mis implementedy a dependent-
texturelookup. The space-ariantinput uncertaintyis heldin a2D
domain- lling texture. We needto performthreetexturelookupsin
the propertytextureto evaluateEq. (6). In the 2D casetherotation
matrix Mot canbe realizedby a componenswizzle followed by
a simplemultiplication. Finally, the texel with maximumintensity
is written to the output. In a variantof this fragmentprogram,the
max) functionis replacedy aweightedsumto implementeq. (5).

The left imageof Figure 7 shavs an exampleof a single dye
patterninjectedinto a uniform ow eld. The underlyinguncer
tainty begins a few stepsaway from the injection point and then
staysconstant. The exact shapeof the streaklineis visible in the
errorfree part of the o w that changedo a symmetricexpansion
of bothsides. Theright imageillustratesa sparsenjection of ran-
dom particles,while the uncertaintyincreasegrom top to bottom.
Sinceuncertaintymagnitudesffectsthe stepsizeof crosstransport,
streaklinedn regionswith large errors(bottom)spreadmorethan
thosein unafectedregions(top).

/I lookup in all textures at current TexCoord position
float4 direction = tex2D( VectorField, TexCoord );

/I result from previous traditional texture advection
float4 thistxl = tex2D( AdvectedTex, TexCoord );

/I uncertainty measure u(x,t)

float error = tex2D( ErrorField, TexCoord );

/I cross advection step size: mu* Delta t

float  stepSize = tex2D( ErrorStepSize, error );
float4 maxintens;

/I perform cross advection in both directions
direction.yx = direction.xy  * stepSize.xx;
direction.x *= -1.0f; /I rotate -90

newpos.xy = TexCoords - direction.xy;
floatd lefttxl = tex2D( AdvectedTex, newpos.xy );
newpos.xy = TexCoord + direction.xy; /I rotate 180

float4 righttxI tex2D( AdvectedTex, newpos.xy );

/I find texel with maximumintensity

maxintens.x = max( lefttxl.x, righttx|.x );
maxintens.x = max( thistxl.x, maxintens.x );
/I final  output

Output.RGBA = maxintens.xxxx;

return Output;

Figure 8: Main part of the HLSL fragment program for the cross
advection approach.

Figure 9: Left image: Gaussianerror di®usionwith a single dye pat-
tern in a laminar °ow with piecewise constant uncertainty. Right
image: Sparsely injected particles into the same °ow, with uncer-
tainty magnitude increasing from top to bottom.

7 ERROR DIFFUSION

Error diffusion is our secondtechniquebasedon the generic I-
tering processrom Eq. (4). In contrastto crossadwection, error
diffusion appliesanisotropic2D lter kernel,independentf the
direction of the ow. Filtering is space-ariant: The uncertainty
valuedetermineghe strengthof smearingout. While crossadvwec-
tion blursthestreaklinesidevaysto the o w direction,thediffusion
Iter affectstexelsnotonly in directionof the o w butin all direc-
tions. Sincean erroraffecteddatapoint exertsin uence to all its
adjacenpointsin realdatameasurementshis ltering processm-
itates natural diffusion. A typical Iter kernelis a 2D Gaussian
function, normalizedin orderto maintaina constantbrightness.
We do not recommendo employ a max) function herebecause
thiswould leadto anoverly fastincreasen brightness—duéo the
largersupportof the Iter, thereis ahigherprobabilityof collecting
bright contributionsthanin the crossadvectionapproach.

The diffusion computationis completelydetachedrom the ad-
vectionstepandcanbe computedseparatelyasshavn in Figure5.
In this secondstep,we apply a discretized2D lIter kernelto the
previously adwectedparticles. For a GPU implementation,it is
inefcient to usealarge Iter kernelbecausehis would increase
the computationcostsdramatically Therefore,we implemented
only adiscrete separate@£ 3 Gaussianlter. A larger lter ker
nelis achieved by successie applicationof this3£ 3 Iter, where
the numberof Iltering stepsis determinedby the extent of uncer
tainty. A ne-grainedcontrolof lter strengththroughthe uncer
tainty valueis achiezed by modifying the entriesin the Iter mask.
Theactual Iter is constructedrom alinearinterpolationbetween
an identity mappingand a full Gaussiarkernel, wherethe inter-
polationweightis determineddy the uncertaintyvalue. Linearin-
terpolationguaranteeshat the integral over the interpolated Iter
remainsconstanandnormalized.In thisway, we areableto obtain
arerangeof ltering results,all the way from anidentity mapping
in regionswith no uncertainty(which resultsin exact streaklines)
up to a standardsausslter in regionswith maximumuncertainty
(which stronglyblursthe streaklinein all directions).For the GPU
implementationpoth the identity mappingandthe Gaussiarfunc-
tion areheldin a oating-point texture. During runtimewe perform
abilinearlookupin thistextureandcomputehelinearinterpolation
to obtainamodi ed lter kernel.

The left image of Figure 9 illustratesdye injectedinto a lam-
inar ow eld with constantuncertainty beginning a few steps
away from theinjectionpoint. Well recognizablés the one-to-one
mappingof the streaklinein areaswithout error in uence, which
changedo a constanblurring in all directionsin the erroraffected
region. The right image shavs the Gaussiarerror diffusion ap-
proachappliedto sparselyinjectedparticlesinto thesame o w with



Figure 10: Comparison of cross advection and Gaussianerror dif-
fusion with two dye patterns injected into a °ow with increasing
uncertainty from left to right.

increasinguncertaintyfrom top to bottom. This pictureillustrates
that the size and weight of the Iter kerneldependon the uncer

tainty magnitudehencestreaklinesn thelower partof the o w are
heavily blurredwhile streaklinesn the upperpart are mappecdo

identity. Figure 10 shavs both approachesvith two injecteddye
patternsnto alaminar ow eld with increasinguncertaintyfrom

left to right. Consideringhe lower dyein the left image,onecan
seehow uncertaintymagnitudeaffects the step size of the cross
adwectionandhow the streaklinewidensdueto anincreasingstep
size. Dependingon the 2D corvolution kernel,the wavefront of a
streaklinecomputedwith the error diffusion approachrunsfaster
thantraditionaltexture adwectionor the crossadvectionapproach.

8 MULTI-FREQUENCY NOISE

We adoptthe genericmulti-frequeng noiseapproach9] asthird
techniquefor adensevector eld representationHere,uncertainty
is usedto control the spatialfrequenyg of noiseinjection. This
techniguecan be directly incorporatedinto semi-Lagrangiarad-
vectionby slightly modifying the injectednoise. The original 2D
noiseis replacedoy a 3D noisetexturewhoselayersare lled with
noisepatternof varyingmaximumspatialfrequeng. The rst slice
containsoriginal white noise;all successie slicescontain Itered
versionsof this white noisewith decreasingnaximumfrequeng.
Filtering is basedon the fastFourier transform: First, the original
white noiseis transformedo frequeng spacethenalow passl-
teris appliedin frequeng spaceand nally we performtheinverse
Fouriertransformatiorbackto imagespace Sincelow-passltered
imagedosecontrastwe apply histogramequalizatiorto matchthe
contrasiof theoriginalimageandsharperthelow-frequeng struc-
tures. To accesshe differentlayers,the noiselookup is extended
by athird dimensiorthatis controlledby theerrorvalue.Figurell
givesanexampleof four differentnoisepatternsandtheir applica-
tion to thevisualizationof auniform ow eld.

9 DISCUSSION AND RESULTS

In Sections6-8, we have discussedhreedifferenttechniquego
visualize uncertaintiesn vector elds. All methodsare suitable
for adenseepresentatioandmanipulatehe spatialfrequeny ac-
cordingto the uncertaintyvalue. Multi-frequeng noiseis a pre-
Itering method—allnecessargpatialfrequenciehave to be pre-
computedandstoredin a 3D texture. Our novel approacheapply
post-processedtering to the streaklinesandtherefore compared
to the multi-frequeng approachthe resultsare similar for dense
noiseinjection but differ drasticallyfor a sparsenjection. An im-
portantadwvantageof bothnew methodss thatthey permita contin-
uoustransitionfrom adenseo a sparseepresentationyhereaghe

Figure 11: Left image: Four layers of multi-frequency noise. The
frequency dependson the uncertainty value. Right image: Advection
of multi-frequency noisein a laminar °ow.

multi-frequeny approactonly worksfor a denserepresentationA
sparsenoiseinjection or the injection of a smoothdye patternal-
lows the analystto focus on single streaklinesand their behasior
accordingo theunderlyingow eld.

Weillustrateall technique®n our testdataset,whichwasmea-
suredn alaminarwaterchannelvith thePIV method.This dataset
containsonetime stepof waterstreaminghroughthetestchannel,
producingvorticesin the o w. Theupperimageof Figure12 shavs
the fth layerof the dataset. Clearstreaklinesaregeneratedvith
traditionalsemi-Lagrangiatexture adwectionusingalphablending
asexponential Iter along o w direction. Streaklinesonly widen
in divergent partsof the vector eld anddueto numericaldiffu-
sion. The secondmageshans the same o w visualizedwith the
crossadwectionapproachln regionswith maiginal uncertaintythe
streaklinegemainclearbutin uncertainty-aectedregionsthey be-
comeblurredperpendiculato the o w by an extentthat depends
ontheuncertaintyalue. The sameappliesto the third image,gen-
eratedby Gaussiarerror diffusion. With bothtechniquesthe user
canstill seestructuref the o w in errorregions,thoughthe spa-
tial frequeng hasbeenreduced Furthermoregventhe orientation
of the o wis distinguishablelueto the OLIC-lik e [20] structureof
thestreaklines.

For a sparseparticleinjection, the multi-frequeny approachs
not suitable.We have notincludeda picturein Figure12 for com-
parisorbecauséow-passltering of sparsenjectedparticlesvould
leadto artifactsas known from heary JPEGcompressedmages.
Further onewould recognizesingle,isolatedandlarge streakshut
their width would not changedependingn uncertainty Therefore,
this approachs notintuitive enoughfor uncertaintyvisualization.
Figurel3directlycomparesurthreeuncertaintygpproacheby us-
ing denseoarticleinjectionrepresentetly awhite noisepattern.As
anticipatedthe spatialfrequenciestrongly decreasén regionsof
large error, irrespectvely of the methodbeingpre- Itered or post-

Itered. All techniquegroducesimilar resultsandeliminatestruc-
turesof the streaklinesn errorregions. Our new approachesan
be appliedfor dye patternsin the sameway asfor denseparticle
textures,which enableghe engineetto interactiely releasedyein
interestingregionsto explore featuresof the o w. Accomparying
videomaterialcanbe foundon the projectwebpagé.

In Figures14 and 15, we usetwo syntheticallygeneratediata
setsto demonstratehe behaior of the uncertaintyadvection ap-
proachesn regionsof typicalvector eld featuresFigurel4shavs
threedifferenttopologicalstructuresuchassource sink, andtwo
vortices,visualizedwith the crossadwectionmethod.Eachfeature
pointhasanarti cial errorapplied.Thevalueof theerrorregionis
independenbf the radius,but dependon the rotationangle. The

1 http:/www.vis.uni-
uncertainties

stuttgart.de/texflowvis/



Figure 12: Visualizing the 5 layer of the PIV data set. The upper
three images show semi-Lagrangian texture advection, cross advec-
tion, and Gaussianerror di®usionwith sparsely injected particles.

errordecreaseBom 0 to 180degreesandincreasesgain upto 360
degrees.Evenasourceor a sink, wherethe structureof streaklines
is manipulateddue to divergenceor convergenceof the underly-
ing vector eld, the errordependentvideningof the streaklineds
clearly visible. Figure 15 combinesan elliptical o w with a sink.
Theradialerrorregionis centeredatthe middle of thefeaturepoint.
Visible is theincreasingerroron theright sideof the o w. Though
all streaklinesneetin onepoint, therearenorecognizablartifacts.

Ourimplementatiorof texture-basedincertaintyvisualizationis
basedon C++, Direct3D9.0,HLSL, andFX les. Respectie per
formancenumbersare documentedn Table 1. Renderingspeed
dependdinearly on the numberof texels,asshavn in the compari-
sonof differentviewport sizes.Crossadvectionanderrordiffusion
have similar performancesincebothtechniqueseedanadditional
rendemassandmoretexturelookups.Dueto singlepassrendering
andhalf asmuchlookups themulti-frequeng approachs twice as
fast.

Table 1: Performance of all three GPU-based 2D advection tech-
niques in frames per second measuredon an NVIDIA GeForce 6800
GT graphics board.

Viewportsize 2562 512 1024
Multi-frequeng noise 2073.0 558.0 125.0
Crossadwection 1238.0 312.0 66.0
Gaussiarerrordiffusion 1164.0 307.0 61.0

Figure 13: lllustration of all three approachesusing a denserepresen-
tation. Upper image: Multi-frequency noise. Middle image: Cross
advection. Lower image: Gaussianerror di®usion.

10 CONCLUSION AND FUTURE WORK

We have presentec generictexture-basedtratey to visualizeun-
certaintyin time-dependentow. As two speci ¢ examplesfor
this stratgy, we have proposedrossadwectionanderrordiffusion.
Accordingto underlyinguncertaintyof the data, both techniques
changespatialfrequeng perpendiculato the o w direction. The
mainadwantage®f ourtechniquesretheir e xibility andgeneral-
ity. They canbedirectly combinedwith semi-Lagrangiaadwection
by including one additional Itering step. Therefore they canbe
appliedto ary densityof texturerepresentatiorangingfrom dense
noise-basedip to sparsedye-basednethods. Moreover, our ap-
proachesanbe directly mappedo GPUsin orderto achieve real-
time visualization. In this way, the usercaninteractively explore
the ow eld.

For future work, an extensionof uncertaintyvisualizationto 3D
ow will beahallengingtask. Moreover, the relationshipbetween
texture-baseduncertaintyvisualizationof ow andthe visualiza-
tion of symmetricsecond-ordetensor elds could be investigated
becausehetwo eigervector elds of atensordatasetcouldbere-
latedto the o w anduncertaintydirections.
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Figure 14: This synthetic data set combines di®erent “ow features
like source, sink, and vortices to clarify the behavia of the cross
advection approach in critical regions.
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