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Abstract

In this paper we presentinked 2D/3D texture advection
for theinteractiveexplorationof 3D ow. 3D texture advec-
tion facilitatesa denseepresentatiorof the 3D structuse of
unsteadyow but is subjectto problemsof occlusionand
clutter Theeforg, it is dif cult for the userto explore fea-
turesin occludedregions.We overcomethe occlusionprob-
lemby adoptingan additional 2D representatioron several
parallel slicesthroughthe data set. By linking thesetwo
views,our appioad allowstheuserto gainunrestrictedac-
cesdo all spatialareasof thedatasetand,atthesameime
retain a view on the 3D nature of the ow. Furthermoe,
the 2D view is usedto visualizean additional attribute of
the data setby color coding sud as vortex strength,tem-
perature, or velocitymagnitude The2D view letsthe user
explore ow featureshby selectinginterestingvaluesin this
attributespace A brushingandlinking medanismprovides
immediatefeedbak by highlighting selectedlatavaluesin
boththe 2D and 3D representationsFinally, we discussa
GPU implementatiorof our visualizationappmoad that is
thetedchnical basisfor interactiveexploration andreal-time
visualizationwithoutthe needfor preprocessing

1 Intr oduction

Flow visualizationplaysanimportantrole in mary sci-
enti ¢ andengineeringlisciplines. For example,the anal-
ysisof CFD (computationaluid dynamics)simulationsin
the aerospac@andautomotie industriesrelieson effective
visual representationsln this paper we focuson o w vi-
sualizationtechniqueshatcomputethe motionof massless
particlesadvectedalongthe velocity eld to obtaincharac-
teristic structuredik e streamlinesor streaklines.The fun-
damentaproblemof nding appropriaténitial seedpoints
canbeovercomeby adenseaepresentation,e., by densely
covering the domainwith particle traces. This approach
givesgoodresultsfor planar2D domains,but exhibits in-

Figure 1. Example of linked 2D/3D texture ad-
vection: 2D representations (on the left) side-
by-side with a 3D representation (upper -right

part).

trinsic problemsof clutterandocclusionin 3D [11].

Not only doesa dense3D representatioposea prob-
lem for the display of the datasetby potentially occlud-
ing importantinformation, but it alsomalesit dif cult for
the userto interactwith the dataset: Pickingandselection
in 3D is cumbersomainceusualinput and outputdevices
(suchasmouseandcomputerscreenlareintrinsically two-
dimensional.The goal of this paperis to addressheissues
of occlusion,navigation, andinteractionin 3D representa-
tionswithoutlosingthe advantage®f a 3D view.

We achieve this goal by simultaneouslysingdense2D
and3D representationsf the samedataset,asillustratedin
Figurel. 3D textureadwectionin combinationwith volume
renderingcanbe employed for the dense3D visualization
[30]. Adoptingthe traditionaldisplayof medialCT (com-
putertomograply) or MRI (magneticresonancémaging),
the 2D representatiois computedon severalparallelslices
throughthe dataset, which are simultaneouslyshavn in a



takular layout. It is crucialfor our approachto tightly link
thesetwo representation orderto gain an unrestricted
view on all regions of the datasetand, at the sametime,
explorethe 3D natureof the o w. Couplingbetweerviews
is achieved throughbrushingandlinking, aswell as navi-
gationalslaving [28]. Brushingandlinking [1, 3] automat-
ically propagtesthe selectionof datavaluesby the user
to otherviews by highlighting correspondinglatavalues.
Navigationalslaving is implementedy markingthecurrent
spatialposition(via 2D and3D mousepointers)simultane-
ouslyin the2D and3D views.

Anotherbene t of the 2D view is its immediateextensi-
bility to multi- eld visualization:An additionalattribute of
the datasetcanbeshawn by color coding,overlayedon top
of thevector eld visualization.Typical examplesfor such
anattribute arevortex strengthby | » [12], velocity magni-
tude,pressureor temperaturef the o w.

A third goal is to achieve interactve visualizationbe-
causdightlinking is only usefulin combinatiorwith imme-
diatefeedbacko the user Thereforeef cient visualization
methodshave to beemployed. In our systemthe high pro-
cessingspeedof GPUs(graphicsprocessingunits) is used
to achieve advectionandrenderingof the 3D view atinter-
active framerates[31]. In this paper we make directuse
of the 3D computatiorto generatehe additional2D views.
Therefore,combined2D and 3D visualizationcomeswith
only mamginal additionalperformance&osts ascomparedo
astand-alon&D visualization.

The remainingpartsof the paperare organizedas fol-
lows. In Section2, previousandrelatedwork is brie y dis-
cussed.The subsequensectionpresentour approachfor
volumetrictexture adwectionandrenderingon GPUs,i.e.,
the corevisualizationaspect®of our system.Section5 dis-
cussedinking of 2D and3D views, aswell astheinteraction
methoddor exploring o w features.The paperendswith a
brief conclusionandanoutlookon possiblefuture work.

2 RelatedWork

Dense texture-basedo w visualizationis an important
and classicalmethodof scienti ¢ visualization. A com-
prehensie overvien of the state-of-the-artn o w visual-
ization is given in several surwey articles[17, 24]. Early
texture-basedechniquesare SpotNoise [26] andLine In-
tegral Corvolution (LIC) [5]. The visualizationmethodof
this paperis basedntherelatedapproactof textureadwec-
tion[19], whichcanbeextendedo 2D Lagrangian-Eulerian
Advection(LEA) [13] or 2D ImageBasedFlow Visualiza-
tion (IBFV) [27]. Recentlytextureadwectionmethodshave
beendevelopedfor 3D ow [25, 30, 31]. Thesetechniques
allow for real-timeadwectionandrenderingby makinguse
of ef cient GPUimplementations.

Multiple views areemployedfor varioustypesof visual-

ization. Guidelinesfor aneffective useof multiple viewsin
informationvisualizationaresummarizedy WangBaldon-
adoetal. [28]. The spatialorganizationof visualinforma-
tion is often orientedalongtatular layouts—typicalexam-
plesarescatterplot matrices[7], imagespreadsheefd ],
or visualizationspreadshee{§]. In generallinking andin-
teractionbetweerviewsis akey elemenin makingmultiple
visualrepresentationsomprehensiblandeffective. Coor
dinatedand multiple views are especiallyuseful for inter-
active exploration[2]. The role of linking is investicated
anddifferentlinking methodsareevaluatedby Plumleeand
Ware[21]. Brushingandlinking is a widely appliedand
classicaimethodfor linking highlightedregionsin multiple
views [1, 3]. Recentlyit wasshovn how 3D scatterplots
canbeimprovedby linking severalviews[16, 20].
Advancedtechniquedor coordinatedand linked views
areoftenappliedin informationvisualization but they used
to be lesscommonin scienti ¢ visualization. A recent
trend, however, is to adoptclassicalmethodsfrom infor-
mation visualizationfor problemsin scienti ¢ visualiza-
tion. For example,focus-and-contd approachesnd co-
ordinatedmultiple views are effective tools for o w visu-
alization[8]. The designof transferfunctionsfor volume
visualizationis another eld in which coupledviews are
successfullyapplied[15]: Full 3D view, selectionof fea-
tureson 2D sliceswithin the 3D domain,andexplorationof
structuresn the multi-dimensionahistogramand transfer
functiondomainareusedside-by-side.

3 3D Flow Visualization

In this sectionwe give abrief introductionto thevisual-
izationof 3D o w by texture adwection. 3D texture adwec-
tion achievesthe goal of aninteractive andfully 3D repre-
sentatiorof the ow eld. Thisapproachs e xible because
it facilitatesadensenoise-basedepresentatioandasparse
dye-basedepresentatioalike.

We distinguishbetweerthetransporimechanismwhich
computesthe motion along the vector eld, andthe con-
struction of renderablestructuresand their actualdisplay
on the screen. Transportis computedoy semi-Lagrangian
adwection(Section3.1); thevisualizationof o w structures
is basedon particleinjection, successie blending,andvol-
umerendering(Section3.2). Finally, Section3.3 describes
an ef cient implementatiorof the transportand rendering
mechanismsia 2D texturesandthe useof GPUs.

3.1 3D Semi-LagrangianAdvection

In mary ow visualization approachesparticles are
modeledas masslesanaterial that is perfectly adwected
alongtheinputvector eld. FromanEulerianpointof view,
theparticledoosetheirindividuality andarerepresentetly



their propertyvalues(e.g.gray-scalevaluesor particleden-
sity). Thesearestoredin a property eld r(x;t), wherex
denotegpositionandt time. The evolution of the property
eld, whichistypically givenonauniformgrid, is governed
by the corvectionequation,

fr(x;t)
1t

wherev is thevector eld.

This equationcan be solved by a semi-Lagrangiarap-
proach. The ordinary differentialequationfor Lagrangian
particletracing,

+v(x;t) Nr(x;t)=0 ;

dx(t) _ -
a - V@

leadsto the rst-order approximation,

x(t D)= x() Div(x(t);t) ;
ascomputedby backward explicit Euler integration. With
the particle positionat the previoustime step,it is possible
to accesshevaluethatis transportedo thecurrentposition,

r(x;t)=r(x Dwv(x;t);t D) : (1)

Equation(1) can be evaluatedby a GPU implementation
thatrepresentshevectorandthe property elds by 3D tex-
tures[30]. Semi-Lagrangiarmdwectiontakesinto account
time-dependentector elds andthusfacilitatesthe visual-
izationof steadyandunsteadyo w alike.

3.2 Particle Injection, Blending, and Rendering

A mappingof particletracesto a graphicalrepresenta-
tion is requiredto achieve a useful visualization. We re-
strict ourselesto an appropriatenjection of propertyval-
ues,adoptingthe ideaof ImageBasedFlow Visualization
(IBFV) [25, 27].

The structureandcontentof theinjectiontexture deter
minesthe appearancef the nal visualization. A dense,
LIC-like resultis achieved by specifying a noise texture
asinjection texture. A sparserepresentations obtained
by releasingvirtual dye at userspeci ed positions,which
is modeledby a injection texture that describegegions of
dye injection. An extendedversion of the IBFV blend-
ing schemd30] allows for a genericlinear combinationof
newly injectedparticles(describedoy the injection texture
I) andold particle(describedy thepropertyr ), andit sup-
portsthe independenadwection of several materials. The
correspondindplendingequationis givenby

r(x;t) = W(xt) r(x Div(x;t);t Dt)

+V(xt) 1(xt); (2

wherethe two weightsW andV neednot add up to one.
The symbol“ " denotesa component-wisenultiplication
of two vectorquantitiesj.e.,W, V, r, andl musthave the
samenumberof components.

A repeatedapplicationof the blendingequation(2) re-
sultsin andecayof theinjectedparticlesovertime,i.e.,line-
like visual structuresof decreasingntensityaregenerated.
For time-independeninjection and weights, this blending
methodsresembleghe resultof LIC with an exponential

Iter kernel.

Direct volumevisualizationis usedto renderthe results
of 3D texture adwectionbecausat allows the userto view
a volume dataset at different depth positionssimultane-
ouslyby meanof semi-transparencHere,volumerender
ing is implementedoy GPU-base®D texture slicing with
viewport-alignedslices[4]. The property eld r doesnot
directly containcolorvalues but representglensitieof dif-
ferentmaterials. A separatdransferfunctionis appliedto
eachmaterialto obtainthe correspondingolorvalues.The
transferfunctionsareappliedon-the- y in the form of de-
pendentexturelookupsduringfragmentprocessing.

The de nition of the transferfunctionsplays a crucial
role in achievzing an effective visualization. Importantfea-
turesof the o w canbe highlightedby choosinghigh opac-
ity valueswhile unimportantregions can be faded-outby
makingthemtransparentln thiscontext, featurecanbeas-
sociatedvith adegree-of-interesiunction—theexploration
of featurescanbe consideredsthe procesf choosingan
appropriatadegree-of-interestunction. Section5 describes
our approachto aninteractve explorationof ow features
by meansof linked 2D/3D visualization.Our implementa-
tion of 3D textureadwectionsupportsnteractie exploration
becausdransferfunctionscanbe modi ed in realtime by
updatingthe dependentexture that representshe transfer
function.

Spatial perceptionis anotherimportantaspectof volu-
metric o w visualization. We utilize several mechanisms
to improve depthperception Firstly, theinteractize control
of the positionandorientationof the 3D datasetresultsin
motion parallax,which is an effective depthcue. Secondly
severalmaterialswith differentcolorsareadwectedto make
useof the continuity of lines[11]. Thirdly, volumetricil-
lumination canbe computedon-the- y to further enhance
the perceptionof depthandorientation[31]. For example,
Phongillumination, cool-warm shading[10], or haloscan
beadded.

Figure 2 shows a typical exampleof 3D texture adwec-
tion. The underlyingdatasetrepresentshe behaior of a
tornado(thedatasetis courtesyof RogerCraw s). Thesize
of the ow eld is 128, theproperty eld is 256°, andthe
noiseinjection texture is 128%. A degree-of-interesfunc-
tion is choseno highlight regionswith high velocity mag-
nitude. Two differentmaterials coloredgreenandblue,are



Figure 2. Visualization of a tornado data set
by 3D texture advection.

usedto exploit the continuity of lines for improved depth
perception.Diffuseandspeculaillumination is appliedto
visualizethe spatialorientationof o w structures.

3.3 Mapping to 2D Physical Memory

Volumetricsemi-Lagrangiamadvectionfrom Section3.1
canbedirectly implementedy meansof 3D textures[30].
Sincenot all GPUssupportan ef cient updateof 3D tex-
tures,animplementatiorvia 2D texturescanleadto a sig-
ni cantly higherperformanceon mary hardwarearchitec-
tures. 2D texturesusually provide a fastreadaccesgby
texturelookup)andwrite accesgby rendefto-texturefunc-
tionality).

This sectionbrie y reviews our implementatiorof vol-
umetricadwectionwith 2D textures[31], which is the basis
for the visualizationsystemof this paper The basicideais
to distinguishbetweerogical memoryand physical mem-
ory. Logical memoryis identicalasfor the 3D description
in Section3.1, physicalmemoryis a 2D uniform grid rep-
resentedby a 2D texture. The 3D grid is constructedrom
a 2D grid in a slice-by-slicemanner A slice of constantz
valuein logical memorycorrespondso onetile in physical
memory(Figure3). Thecoordinate®f thelogical spaceare
denotedby x = (x;¥; 2) andthe coordinatef the physical
memoryu = (u;V). All thenumericaloperationof 3D tex-
ture advectionare computedn the logical 3D space.The

lookup table F,

© 00 @} (u,v)

logical memory

physical memory

Figure 3. Mapping between logical and phys-
ical memory by means of a lookup table.

mappingfrom logical to physicalmemoryis describedy

F: (xy.27!" (uv)
Whenthe 2D coordinatesare separatedhto the origin of a
tile, up, andthelocal coordinateswithin thetile, ujocal, the
mappingcanberewritten as
F:r (XY 7! Uo+ Ugca ;
with
Uo = Fo(2); Uiocal = (SxXSyY) :

With the function F o, the logical z value is mappedto
the physical coordinatesof the origin of the correspond-
ing slice. Fo canimplementedby a lookup table (Fig-
ure3). Thelocalcoordinatesvithin aslice,ujqcal, areessen-
tially identicalto thex andy coordinatesn logicalmemory
The scalingfactors(sy;sy) just take into accountthe dif-
ferentrelative texel sizesin logical and physical memory
SinceGPUslimit the maximumsize of a 2D texture, sev-
eral2D texturesmaybeusedto provide necessarynemory
Here,the mappingF additionally speci eswhich 2D tex-
tureholdsarespectie slice.

Usingaphysical2D memorylayoutfor theproperty eld
r, we replacethe updateof 3D texturesby a moreef cient
renderto-texturewith 2D textures.Thevector eld andthe
particleinjectiontexturesdo not needto bemodi ed by the
GPUandthuscanberepresentetly 3D textures. The GPU
implementatiorwith 2D physicalmemoryleadsto interac-
tive frameratesfor reasonabhsized o w elds. For exam-
ple, 3D adwectionof a256° property eld canbeperformed
with 16:8 fps (framesper second)on a GeForce 6800 UI-
tra GPU [31]. The combinationof volume renderingand
adwectionleadsto 12:7 fps onthe sameGPU.



4 Slice-Based®D Flow Visualization

Our methodfor 2D o w visualizationis directly based
on the 3D visualizationtechniquefrom the previous sec-
tion. Planarslicesareextractedfrom the 3D property eld
r, reusingthe resultsof the previous 3D computation. In
this way, only minimal computationaloverheadis intro-
ducedfor the actualdisplayof the 2D slices.

We employ a takular layout to visualize several slices
simultaneously Adopting the CT metaphor(knoxn from
the medicalimaging of computertomograply), the layout
is organizedin a column- rst order, displayingslicesof in-
creasing valuein aleft-to-rightandtop-to-bottonfashion.
(This orderingre ects the cultural in uence from Latin /
Westerntext writing andmay be modi ed to take into an-
otherculturalbackground.As anexample,Figure4 shavs
a slice-by-slicevisualizationof the tornadodatasetfrom
Figure 2. Engineersareusedto ow visualizationon 2D
slicesfrom mary existing visualizationsystemsTherefore,
slicing is anacceptablepproacthto build a 3D impression
of thedatasetthrough2D visualization.

Typically, the available amountof imagespaceis lim-
ited and,thereforenotall slicesof afull 3D datasetcanbe
displayedsimultaneouslyIn this case,only a subsetf all
slicesis viewed at the sametime, andthe usercanaccess
otherpartsof the datasetby vertical scrolling. Thenumber
of tilesis x edalongthe horizontalaxis,i.e., no horizontal
scrollingis used. In this way, a naturalandintuitive iden-
ti cation of the vertical axis on the screenandthe z axis
of the datasetis establishedThe x edrelative positionof
differentslicesleadsto anintrinsic coupling of the differ-
entviews. Thecouplingis supportedy thefactthatduring
temporalevolution all tiles shav the sametime stepof the
visualization.

Multiple 2D slicescanbeimplementedy accessinghe
previously generate®D property eld r. A sliceis dravn
ontothescreerby renderingarectanglethatis texturedac-
cordingto therespectie entriesfrom the 3D property eld.
Correspondin@D texture coordinatesare attachedo the
verticesof therectanglevhenr is representetly a 3D tex-
ture. In caseof 2D physicalmemory(Section3.3),2D slices
are lled with 2D textureinformation.If thestackingdirec-
tion in 3D spacg(i.e., theorientationof the z axis of logical
memory)is notcompatiblewith theslicing directionfor the
2D view, the stackingdirectioncanbe modi ed ef ciently
by GPU operationg31]. Alternatively, a stripe-basedp-
proachcanbe emplo/edto directly renderfrom a 2D data
formatthatis organizedin ary stackingdirection[22].

2D o w visualizationhasthe advantagethat it canbe
easilyextendedto multi- eld visualization: A seconddata

eld canbevisually overlaid ontop of the vector eld rep-
resentationWe allow for ary data eld whosedatavalueis,
or canbe,reducedo asinglecomponentTypical examples

Figure 4. Slice-based 2D o w visualization of
a tornado data set. The tabular layout dis-
plays slices of increasing z value in a left-to-
right and top-to-bottom order.

for suchasingle-componerdata eld arepressuretemper
ature,or dissipatve enegy in a o w. Otherexamplesare
derived from the velocity eld, e.g.velocity magnitudeor
| 2, which describewvortex strength[12]. Theactualchoice
of theseconddata eld depend®n theapplication.In ary
case,however, the secondeld is a characteristidnput to
explorefeaturesof the o w and,thereforejs calledfeatue
eld. Thefeature eld senesasbasisto de ne thedegree-
of-interestfunction. The interactionmodelfor featureex-
plorationis describedn Section5.

The combinationof vector eld visualizationandthevi-
sualizationof the seconddata eld is basedon color cod-
ing. Thehumanvisual systemfacilitatesa 3D color space:
Through combinationof input signalsfrom the conesin
theretina,ganglioncellsencodevisualinformationin form
of a one-componentuminancechannelandtwo chromatic
channelg[14]. We use color tablesthat map the density
valuesfrom the property eld r to luminancecontrastand
encodethefeature eld by meansof chromaticcontrast.In
thisway, ne-grain o w structuresarerepresente@y lumi-
nancecontrastwhich is mostsuitableto displayhigh lev-
els of spatialdetail [23]. In contrastto the 3D case,2D
vector eld visualizationis not affectedby issuesof depth
perceptionand, thus, doesnot require continuity of lines.
Therefore,different materialsare not mappedto different



Figure 5. Combined visualization of vector
and feature elds (image to the right). The
vector eld is indirectl y represented by a
luminance-based visualization of its corre-
sponding property eld. The feature eld is
described by velocity magnitude and mapped
to hue values. For comparison, the left im-
age shows only the vector eld via luminance
contrast.

colors (asfor the 3D view) but combinedinto a common
luminancerepresentation.

The feature eld is mappedto the remaining two
chromaticchannels. We recommendto map the single-
componentdata value to either saturationor hue, which
areintuitive conceptsof color perception. Hue, in partic-
ular, is effective for our applicationbecauset allows for a
visual orderingand labeling of the seconddata eld. Al-
thoughour color encodingis technicallyrealizedby a bi-
variatecolor map, only chromaticcontrastis usedto rep-
resentquantitatve datain the senseof a traditional color
map. Therefore advancedguidelinesfor designingunivari-
atecolor mapg[29] canbeadopted.

We employ theHSV (hue,saturationyalue)color space
to generatehe colortables.Theproperty eld r is mapped
to value,the seconddata eld to hue. Saturations chosen
constant. Although the HSV model doesnot completely
separatéduminanceandchromaticchannelsit is anaccept-
able approximationfor our rangeof application. Figure5
illustratescolor encodingfor multi- eld visualizationon a
slicethroughthe tornadodataset. The vector eld is visu-
alizedby arenderingthe correspondingproperty eld with
luminancecontrast. Velocity magnitudeis usedasfeature

eld andis encodedy differenthuevalues.Figure5 shavs
thesehuevalues(for x edsaturatiorandvaluein the HSV
model)in thelegend.

Similarly to the GPU implementationof transferfunc-
tions, the color table for the 2D view is representedby a
texture. Here,atwo-parametecolortableis used,whichis
implementedy a dependen®D texture.

5 Interactively Linking 2D and 3D Texture
Advection

Sinceboth 2D and 3D o w visualizationhave speci ¢
adwantagesand disadwantagespur goal is to combinethe
strengthof bothviews. A 2D view is not subjectto occlu-
sion problems facilitatesthe visualizationof a secondea-
ture eld, andsupportsan easyexplorationof datavalues.
A 3D view, ontheotherhand,is veryeffectivein visualizing
3D structure.

Following thedescriptiorby WangBaldonadaetal. [28],
threedifferentdimensionganbedistinguishedor ageneric
multiple-view system: selectionof views, presentatiorof
views, andinteractionbetweernviews. In whatfollows, we
relateour speci ¢ approacHor linked o w visualizationto
thesegenericconcepts.

Ourvisualizationsystemusesan essentiallyx edselec-
tion of views. A single 3D view is employed, alongwith
a numberof 2D views for different planarslicesthrough
the dataset. Only for the 2D views, a restrictedselection
is possible:Vertical scrollingis supportedasdescribedn
Section4. In this way, a subsetof all parallelslicescan
be selectedby the user Notethatthis subsetcontainsonly
directly neighboringslices.

The selectionof views is restricted,andsois their pre-
sentation:We choosea x ed layoutin which the 3D view
is locatedin the upperright partof thewindow andthe 2D
views are positionedin the left part (seeFigure 6). The
2D representatiortovers a large portion of the available
space—approximatelywo thirds of the window—because
it needsmuchscreerspaceto shawv several 2D views. The
usermayscrollthe 2D views by usingthe keyboard.In ad-
dition to the 2D and3D views, numericalvaluesthatcorre-
spondto userselectecelementsof the datasetare shavn
in the lowerright part of the window. Moreover, views
arealwaysshovn simultaneouslywithouttogglingbetween
them.The x edlayoutfor the simultaneougresentatiorf
multiple views hasseveraladwantagesFirstly, thetime and
effort requiredto learnthe systemis relatively small. Sec-
ondly, a consistenpresentations achiezed. Thirdly, only
minimal temporalcostsareinvolvedfor switchingbetween
different2D views andthe 3D view because&ye movement
is very fast. In contrasttoggling betweerviews via mouse
or keyboardwould leadto muchlower userperformance.
Themaindisadwantageof a x edlayoutwith simultaneous
multiple views is ademandor largeimagespace.

The last, and mostimportant, dimensionconcernsthe
interactionbetweenviews. We emplgy differentways of
couplingthe 2D and 3D views. The rst couplingmethod
is basedn linking thatconnectslatain oneview with data
in anothewiew. In particular we employ a speci c type of
linking: brushing1], whichallowstheuserto highlightcer
tain dataelementsn oneview andautomaticallyhighlights



the correspondinglementdn otherviews. The usermay
highlight datain ary of the 2D views by picking. Picking
in 2D is mucheasierthanin 3D becauseét is immediately
supporteddy 2D input via mouse.Moreover, a 2D view is
not subjectto occlusionissuesand avoids the problemof
unwillingly selectingmorethana single datapoint. Fea-
ture explorationis basedn thefeature eld and,therefore,
valuesarebrushedn the domainof this seconddata eld.
In generalbrushingis basedon a selectionof datavalues
in aninterval. (We do not considersmoothbrushing[9].)
We supporttwo slightly differentinteractionmethodgo de-
ne abrushingintenal: The rst method—callednterval
picking—allows the userto pick onepointto selectasingle
datavalue. Theselectedlatarangecanthenbe extendedby
shifting the lower andupperboundsof the datainterval by
usingthe keyboard. The secondmethod—namednin/max
picking—allows the userto pick several points. The brush-
ing interval is determinedoy the minimum and maximum
valuesselectedso far andhasto be updatedvhenthe user
picksanadditionalvalue. In this way, the usercanselecta
valuerangeby virtually paintinginto the datadomain.

Theselecteddatainterval is directly linkedto all visible
views. For the 2D views, the color table from Section4
is extendedto incorporatean additionalbinary parameter
thatdescribesvhetheravalueis selectedr not. The HSV-
basedcolor table representghis additional dimensionby
color saturation: Highly saturatedcolors are usedfor se-
lectedregions,lesssaturatedolorsrepresentieselectede-
gions.Theperceptuatlifferencedetweerbothregionscan
be further emphasizedy reducingthe luminancecontrast
in deselectegarts. Figures7 (b)—(d) shav examples:In
each gure, the left image shavs a 2D view with high-
lighted regionsin saturatedcolors and deselectedegions
with low saturatiorandcontrast.This extendedcolor-table
modelis onceagainimplementedn theform of GPU-based
dependentextures. Two textureshold two differentcolor
tablesfor selectedand deselectedtate,respectrely. Dur-
ing fragmentprocessingpneof thetwo dependentextures
is chosendependingn thedatavalue.

Similarly to the2D views,the3D vector eld representa-
tion is immediatelyaffectedby brushing.Brushingis used
tode ne abinarydegree-of-interestunctionfor the3D data
set: Selectedlatavaluescorrespondo ahighinterestvalue,
deselectedraluescorrespondo a low interestvalue. The
interestvalueis mappedo opacityin the transferfunction
that governsthe volume renderingto the property eld r.
Therefore prushingonly affectsthe de nition of thetrans-
fer functionanddoesnot changeary otherelementf the
implementatiorof the 3D view.

The secondcouplingmethodis basedon a specialform
of navigationalslaving, in which navigational movements
in oneview arepropagtedto otherviews. The currentpo-
sitionin a2D view is representetly amousepointer Nav-

igationalcouplingis employed by markingthe correspond-
ing positionin 3D spacevia a 3D mousepointer Figurest
and?7 illustratethis navigationalcoupling: The 2D position
is shovn by a white arrov asmousepointet while the cor-
respondingBD positionis indicatedby a blue box thatsur
roundsthat position. Navigationalslaving is intensi ed by
simultaneouslynarkingthecurrentslicebothin 2D and3D
views: In Figure6, the 2D view is framedby a thin bluish
rectangleandthecorrespondingliceis markedby ayellow
outlinein the 3D view.

Anotherfeedbackmechanisnprovidesthe userwith de-
tailed information about the selectedfeatureregion. As
shown in the lowerright part of Figure 6, an outputarea
displaysaccuratenumericaldataaboutthe featuresof the
vector eld, theselecteddatavalues,andthe datavaluesat
thecurrentpositionof thecursor Furthermorethe position
of cursorin 3D spacetheviewing andselectiormodesand
thenumberof 2D slicesareshawn.

Finally, theusercaninteractwith the 3D view by chang-
ing the viewing parametersn real time. In this way, 3D
navigationthroughthe datasetis possiblewhich facilitates
improved depthperceptiornvia motion parallaxandallows
theuserto exploreary partsof the 3D dataset.

Figure7 illustrateshow ausercanperformfeatureexplo-
ration by brushingandlinking. In Figure7 (a), no feature
is selected.Therefore the left partof Figure7 (a) shavs a
2D view of the vector eld andthe velocity magnitudein
slightly saturatedcolors. The 3D view (right part of Fig-
ure7 (a)) doesnot shaw ary interior detailsof the 3D data
setbecausehey areoccludedby adensevector eld repre-
sentatioronthecubicboundaryof thedataset. Theusercan
selectinterestingdataintervalsof thefeature eld toempha-
sizefeaturesof the dataset. In Figure7 (b), for example,
min/maxpicking is usedto selecta wide interval of veloc-
ity values.Theselectedraluescorrespondo a highvelocity
magnitudewhich canbefoundin the outerpartsof thetor-
nadotube. In Figure7 (c), interval picking is appliedto
chosea smallerinterval of velocity values.In this way, the
tubecanbe extractedmoreclearly Finally, Figure7 (d) il-
lustratesnterval pickingfor anotherfeature eld: | 2, which
indicatesvortex structures.With this feature eld, the vor-
tex corecanbe extractedby brushing.

It is importantto notethat interactve featureselection
andimmediatefeedbackin the 3D view arecrucial for an
effective exploration. In thisway, theusercanmentallylink
his or her actionson the feature eld with the effects on
the overall 3D view. This interactie natureof exploration
is bettercorveyed in the accompaying video thanin the
standstillimagesof the paper



Figure 6. Overview of the layout for linked 2D and 3D texture advection. The 3D view is located in the
upper -right part of the windo w and the 2D views are positioned in the left part. In addition, numerical
values that correspond to user-selected elements of the data set are shown in the lower-right part of

the windo w.

(@) (b)

(©) (d)
Figure 7. lllustrating feature exploration by brushing and linking. No feature is selected in (a); the
left part shows the 2D view of the vector eld and the velocity magnitude and the right part shows
the 3D view. In (b), min/max picking is used to select a wide inter val of velocity values. In (c), inter val
picking is used to choose a smaller inter val of velocity values. Image (d) illustrates inter val picking

for | , features.



6 Conclusionand Futur e Work

We have presentedan interactve and exploratory ap-
proachfor 3D o w visualizationby meansof linked2D/3D
texture adwection. GPU-base®D texture adwectionallows
for the ef cient, denserepresentationf unsteadyo w and
facilitatesanintuitive understandinghe 3D structureof the
dataset. Problemsof the 3D view—such as occlusion,
clutter, and dif cult picking—have beenovercomeby si-
multaneouslyemploying a 2D view with planarand paral-
lel slicesthroughthe dataset. The 2D view is alsoused
to visualizean additionalattribute of the datasetby color
coding,suchasvortex strengthby | ,, temperatureor ve-
locity magnitude.The 2D view allows the userto explore

o w featuredy selectingnterestingvaluesin this attribute
space.A brushingandlinking mechanisnprovidesimme-
diatefeedbackby highlighting selecteddatavaluesin both
the 2D and3D representationgCouplingbetweenviews is
furthertightenedby navigationalslaving, which propagtes
the currentcursorpositionto all views.

In future work, non-equidistan2D slicescould be in-
vesticatedto achieve a betterusageof the available screen
space. For example, few slicesmay be sufcient in less
interestingregionswhile importantregions shouldbe rep-
resentedby a densecollection of slices. Similarly, slices
along several stackingdirectionscould be shavn simulta-
neouslyto improve the interactionwith complex 3D struc-
tures. Finally, additionaldatadomainscould be visualized
concurrentlyto build a degree-of-interestunctionthatde-
pendson morethanonefeature eld [8].
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