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Preface

Before the actualcontentsof this thesisare presenteda few words are usedto
commenibnthe contet of thiswork, the papersvhich arecontainedn this thesis,
thethesisitself, andits author

Most generally this thesisprovides a surwey of a subsetof Helwig Hausers
researchwork in the years1999-2003. After finishing his PhD project on the
visulizationof dynamicalkystemgfield of flow visualization)n 1998[80], Helwig
Hausemursuedthe ideaof generalizingfocus+contgt visualization(abbreiated
“F+C visualization”)in the scopeof severalprojects.

Previously, F+C visualizationonly hasbeenknow in thefield of information
visualization,andthereonly in the form of spacedistortiontechniquescompara-
bly large portionsof the visualizationspaceare usedto visualizecertaindetailed
dataparts“in focus” whereaghe restof the datais visually representetias con-
text” in reducedstyle (seesectionl.2 for moredetails). Not at the leastthrough
the work of Helwig Hausey F+C visualizationnow is a more generalapproach,
alsoincludingthe focus—contet discriminationby othervisualmeansge.g.,color,
opacity or style (chapterl givesanovervien of this generalization)Additionally,
F+C visualizationnow alsois usedin scientificvisualization,e.g.,volume visu-
alizationandflow visualization,which alsocanbe backtrackd to the somework
which is presentedn the following. This thesisnow containsthe mostimportant
paperswith respecto this work.

Chapter2 describegwo-level volumerendering(2IVR), whichis a new tech-
niquefor thevisualizationof sggmentedsolumedata,alsoenablingfocus+contzt
visualizationthroughthe selectve useof color, opacity andstyle. Chapter2 equals
a papemwhich hasbeenpublishedn the journal“IEEE Transaction®n Visualiza-
tion and ComputerGraphics”in 2001[41]. Before,in 2000,Helwig Hauserpre-
sented2IVR at the IEEE VisualizationConferencdn Salt Lake City, Utah [40].
After the conferencehis work was selectedas an especiallyinterestingcontri-
bution which thenresultedin an extendedversionof the paper publishedin the
journal[41]. Since2000,several otherworksby Helwig Hauseraswell asby oth-
erswerebasedn this papey e.g.,a GPU-basedigh-qualityversionof 2IVR with
anenrichedspectrunof availablerenderingstyles[35] (notin thisthesis).

Chapte3 describesontourrenderingfor volumedataasanalternatve render
ing stylefor volumevisualizationwhich proofedto be especiallyusefulfor context
renderingin 3D F+C visualization.Chapter3 equalsa paperwhich hasbeenpub-
lishedin the Proceeding®f EUROGRAPHICS 2001[17]. Contourrenderingfor
volume datahasbeensuccessfullyintegratedwithin two-level volume rendering
andis sincethenastandardptionfor renderingof volumetricdata.

Chapter4 describedocus+contgt visualizationof data from 3D flow simu-
lation, demonstratindiow interactve featurespecificationcanbe combinedwith
3D F+C visualizationon the basisof volumerendering(2IVR). Chapterd equals



a paperwhich hasbeenpublishedin the Proceedingsf the 8" Fall Workshopon
Vision, Modeling, and Visualization(VMV) 2003[39]. This paperis alsobased
on previous work on the F+C visualizationof simulationdataby Helwig Hauser
andothers[19, 20], notincludedasfull text within thisthesis.

Chapter5 describesangular brushingasa new techniquefor focusspecifica-
tion with respecto relationaldatapropertieswhenvisualizedwith parallelcoor
dinates.Chapter5 equalsa paperwhich hasbeenacceptedor publicationin the
Proceedingsf the IEEE Symposiunon InformationVisualization(InfoVis) 2002
in Boston,Massachusetti87]. The paperversion“acceptedfor publication” is
includedin this thesis(insteadof the ultimately publishedone[38]), becausssig-
nificantshorteningvasnecessaryo gainthefinally publishedversiondueto page
limitationsin the proceedingsAccordingly thereis moreinformationin the orig-
inal (reviewed andacceptedyersionof this paper

Chapter6 describessemanticdepthof field asa new techniquefor visually
discriminatingbetweerfocusandcontet by usinga selectvely sharpvs. blurred
display Chapter6 equalsa paperwhich asbeenpublishedin the Proceeding®f
the IEEE Symposiumon Information Visualization(InfoVis) 2001in SanDiego,
California[64]. Lateranextendedversionof this paperhasbeenpublishedin the
journal IEEE ComputerGraphicsand Applicationsin 2002[65] (notincludedin
this thesis). In a userstudy it wasalsoproventhat SDOFindeedcansene asa
usefulmeando realizeF+C visualization[66] (full text notin this thesis).

Chapter7 described$-+C visualizationof processdatabasedn thetraditional
approachof spacedistortion. Chapter7 equalsa paperwhich hasbeenaccepted
for publicationin the Proceeding®f the IEEE Symposiumon InformationVisu-
alization(InfoVis) 2002in Boston,Massachusetff87]. Again, the paperversion
“acceptedor publication”is presentedsimilar caseaswith the angularbrushing
papey seeabove) insteadof the muchshorter ultimately publishedarticle[88].

Thegeneralizatiorof focus+contet visualizationitself, i.e.,theembracingle-
scriptionof the generaideabehindall the herepresentedvork, is presentedn the
first chapter(chapterl). It senesasa suney of all the relatedwork, bringsthe
otherchapterf thisthesisin arelationto eachother addressegenerahspect®f
generalizedocus+contgt visualization,andtherebyvery well actsasanintroduc-
tion to andoverview of all thiswork. Chapterl is the paperaccompaying anoral
contritution of Helwig Hausetto the DagstuhiSeminaion ScienitificVisualization
in 2003(exactly aboutthe contentof this thesis).High-qualityimagesandfurther
informationcanbeacquiredhroughthe World Wide Webandthefollowing URLSs:

Two-Level VolumeRenderingand ContourRendering:
http://ww. VRVI s. at/vis/research/two-1Ievel /
.at/vis/research/ npvr/
.at/vis/research/voxel st ube/
.at/vis/research/rtvr/
.at/vis/research/ conpressi on/
.at/vis/resources/diss-LM

nunmmnnon



F+C Visualizationof SimulationData:
http://ww. VRVI s. at/vi s/ research/vol fl owi s/
http://ww. VRVi s. at/vi s/research/fdl -vis/
http://ww. VRVI s. at/vi s/ research/ snoot h- brush/
http://ww. VRVI s. at/vi s/research/sinvis-tinme/
http://ww. VRVi s. at/ vi s/ resear ch/ di esel - case/
http://ww. VRVI s. at/vi s/ resources/ DA- MM €] nek/

AngularBrushing
http://ww. VRVI s. at/vi s/ research/ ang- brush/

SemantidDepthof Field:
http://ww. VRVi s. at/vi s/ research/ sdof/
http://ww. VRVi s. at/vi s/ resources/ di ss- RK/

Procesd/isualization:
http://ww. VRVI s. at/vi s/ research/ proc-1od/

nnmumunnn

Generalnformation:

http://ww. VRVI s. at/vi s/ research/
http://ww. VRVi s. at/vi s/
http://ww. VRVi s. at/

Concerningthe type-settingof this thesisit is statedthat all papersasdescribed
abore have beenincludedasthey were published(or acceptedor publication).
Only thetype-settinglnumberof columns letterfaceandsize,pagemamgins, size
of images,etc.) hasbeenunified to the style of this thesis. It is especiallynoted
that, accordingly no changedo the text of the papershave beenmadewith the
exceptionthatall bibliographieshave beenjoined andplacedaltogethemttheend
of thisthesis.

Finally, someconcludingremarksaremadeon the authorshipof all the papers
includedwithin this thesis.Up to the endof 2003,Helwig Hausellists morethan
50reviewedor invited papersn his publicationlist (ht t p: / / www. VRVi s. at /
vi s/ staf f/ hauser/ publ s. ht m ), noneof themis a single-authompaper
solely by Helwig Hauser(chapterl of this thesiswill bethefirst one). Themain
reasoris thatHelwig Hauseusuallyworksin collaboratve researclprojects.espe-
cially alsoin conjunctionwith studentgundegraduateaswell asgraduateseealso
Helwig Hausers CurriculumVitaeatht t p: / / www. VRVi s. at/ vi s/ staff/
hauser/ cv. ht n ). With respecto the paperdncludedin this thesis,it canbe
statedthatHelwig Hausereithercontrituted significantlyor, morewer, eventook
theleadin therelatedprojects.

Helwig HauserDecembef2,2003.
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Chapter 1

Generalizing
Focus+ContextVisualization

In DecembeR003,thecontentof this chaptethave beensubmittedfor publication
in theProceedingsf the Dagstuh2003Seminaon ScientificVisualization(paper
“Generalizing Focus+ContextVisualization” by Helwig Hauser).

This papersenesbothasanintroductionto this thesisasalsoa surey about
all theworksthatarepresentedn this thesis.It presents generalideabehindall
the papers,which afterwardsare includedwithin this thesis. It alsois the most



recentwork, putinto text in December2003asa contritution to the Proceedings
of the Dagstuhl2003 Seminaron ScientificVisualization(Junel—-6,2003)where
thecontentf this chapteralsohave beenpresentedby Helwig Hauseron Junes,
2003).Relatedpaperdco-authoredy Helwig Hauser)are:

Two-Level Volume Rendering [41], containedin this thesisas chapter2,
andTwo-Level Volume Rendering - FusingMIP and DVR [40], anearlier
versionof this paper

Fast Visualization of Object Contours by Non-Photorealistic Volume
Rendering[17], containedn this thesisaschapter3

Interactive Volume Visualization of Complex Flow Semantics[39], con-
tainedin thisthesisaschapter4, SmoothBrushing for Focus+ContextVi-
sualization of Simulation Data in 3D [20], atightly relatedpaperandin-
teractive Feature Specificationfor Focus+ContextVisualization of Com-
plex Simulation Data [19], alsoarelatedpaper

Angular Brushing for Extended Parallel Coordinates[37], containedn
thisthesisaschapterb, laterpublishedn ashortened/ersion[38]

Semantic Depth of Field [64], containedin this thesisas chapter6, and
Focus+ Context Taken Literally [65], anextendedversionof this paper

ProcessVisualization with Levelsof Detail [87], containedn thisthesisas
chapter7, later publishedn a shortened/ersion[88]



Generalizing
Focus+ContextVisualization

Helwig Hauser

Abstract

Focus+contet visualizationis well-known from informationvisualization:certain
datasubset®f specialinterestareshavn in moredetail (locally enlaged)whereas
all the restof the datais provided as contet (in reducedspace)to supportuser
orientationandnavigationin the visualization. The key point of this work now is
a generalizediefinition of focus+contet visualizationwhich extendsits applica-
bility alsoto scientificvisualization. We shawv how differentgraphicsresources
suchas space,opacity color, etc., canbe usedto visually discriminatebetween
datasubsetsn focusandtheir respectie contet. To furthermoredemonstratéts
generaluse,we discusssereral quite differentexamplesof focus+contet visual-
izationwith respecto our generalizedlefinition (all of which we have published
separatelyn moredetail). Finally, we alsodiscusghe very importantinteraction
aspecbf focus+contet visualization.

1.1 Intr oduction

For a long time already modernsociety is greatly influencedby computers.
Mainly, computersare usedto procesdataof variouskind. Additionally, com-
putersarealsousedto supportthe acquisitionof data,for example,throughmea-
surement®r computationakimulation. Due to a steadilyincreasingperformance
of computerdMoore’s law), yearby yearmoredatais processedSinceusersdo
notextendtheir capabilitiesn data-processingtacomparableate,thereis anin-
creasingheedfor efficienttoolsto supportthe processingf large amountsof data.

Onevery usefulopportunityfor accessindarge amountsof datais visualiza-
tion. Datais communicatedo the userin avisualform to easeprocessinglnstead
of dealingwith loadsof numbersthe useraccessethe datathroughpicturesand
agraphicaluserinterface. This approachs especiallyusefulwhenthe datahasat
leastsomespatialform inherentlyassociatedvith it. In mary scientificapplica-
tions, for example,datais tightly relatedto concretepartsof our realworld, e.g.,
a 3D computertomographyscanof a humanbodyin a medicalapplicationor the
3D simulationof air flow aroundthe computemmodelof a new aircraft.

The mainadwantageof visualizationis thatit usesthe greatbandwidththatis
offered by the humanvisual systemfor visualization. However, alsofor visual-
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izationthe amountof datato be shawvn simultaneouslys limited. For very large
datasets detailscannotbe shavn for all of thedataatthe sametime. In this case,
theuserusuallyis offeredthe opportunityto eithergetanovervien of thedata(no
details),or zoominto specificpartsof the dataandgetall of thedeatilsthere.

While scientificvisualization(SciVis, thevisualizationof scientific,i.e.,inher
ently spatialdata) hasbeenreseinformatiorvisualization)suchas bank account
dataor censugdatahasbecomepopulararchedfor dozensof yearsalready more
recentlyalsothevisualizationof non-scientificabstractdata(InfoVis, information
visualization)suchasbankaccountdataor censusiatahasbecomepopular In In-
foVis, anadditionalstepis requiredin the visualizationprocessij.e., the mapping
of non-spatialdatato a visualform. As the userhasto learnthis additionalmap-
pingto effectively usethevisualization(andto successfullyouild up amentalmap
of the data—formrelation), more careis requiredto supportthe userwith orienta-
tion in thevisualization.Careleszoomingacrosamultiple levels of detailseasily
cancausean effect like beinglost in too mary details. Thus,advancedsolutions
have beendevelopedin thisfield to supplyuserswith bothovervien anddetailsof
thedata.

1.2 Focus+ContextVisualization

In information visualization, an approachcalled focus+contet visualization
(F+Cvisualization)hasbeendevelopedwhich realizeghe combinatiorof boththe
generalovervien anda detaileddepictionwithin oneview of the dataat the same
time. Traditionally focus+contet visualizationrefersto an uneven distortion of
visualizationspacesuchthatrelatively morespaceds openedor a certainsubsebf
thedata(datain focus).At thesamedimetherestof thevisualizationis compressed
to still shav therestof thedataasa contet for improved userorientation.

Theideaof usingdifferentmagnificationfactorsfor differentpartsof thevisu-
alization(in oneimage)to displayinformationin a F+C stylealreadydatesbackto
the’70s of the 20" century[25, 53]. Furnas'work onthefisheye view [29] in 1981
oftenis acceptedhsthe historicalstartinto computetbasedF+C visualization.In
thiswork, Furnasdescribesow informationis selectedor displayin dependence
onana-prioriimportanceandthedistanceof eachdataitemto the currentfocusof
the visualization.Also in the early 1980s,Spenceand Apperley presentedhe bi-
focaldisplayasaone-dimensionalistortiontechniqug121] to provide ashrinked
context on both the left and the right side of an undistortedfocal region in the
middle of thevisualization.

During the 1980s,both approachefiave beengeneralizedand extended[30,
76]. In 1992, SarkarandBrown presentedhe graphicalfisheye view [113], based
on Furnas’'work, but morefocusingon the graphicalappearancef the F+C visu-
alization(comparabldo arealfisheye lens). Oneyearlater, Sarkaretal. discussed
two techniquegorthogonalandpolygonalstretching)for F+C visualizationbased

4
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on the conceptof a stretchablerubbersheet{115]. And alreadyin 1994, Leung
andApperley presentea review of distortion-oriented=+C visualization,includ-
ing additionalapproachesuchasthe perspectie wall [84] (seealsolater), and
providing arespectie taxonomy[77]. They describgechnique®f F+Cvisualiza-
tion by thecharacteristicef the magnificatiorfunction (beingthe derivative of the
tranformatiorfunctionfrom the undistortedview to the F+C view). Doing so,two
classe®f techniquesredifferentiated:approachesvith a continuousmagnifica-
tion function (suchasthe graphicalfisheye [113]) andothers(suchasthe bifocal
display[121]). Amongstthe latter, the authorsdifferentiatebetweentechniques
with piece-wiseconstantmagnificationfactors(the bifocal display for example)
andothers(the perspectie wall, for example).

The perspectie wall [84], presentedby Mackinlay etal. in 1991,is basedon
the conceptof “bendingbackwards” partsof the displayon both the left andthe
right sideof the focusregion in the centerof the screen(similar to the bifocal dis-
play [121]). Perspectie projectionis usedto achiere a variationin magnification
factorswithin this kind of F+C visualization.In 1993,this approactwasextended
to the so-calleddocumentiens— also partsabore andbelov the focal region are
usedfor context visualization.

In the domain of distortion techniqueswith continuousmagnificationfunc-
tions, further extensionshave beenpresentedafter the first half of the 1990s. In
1995,thethree-dimensiongbliable suriacewaspresentedy Sheelagtetal. [12],
alsousingperspectie projectionto achieve differentmagnificationfactorsin dif-
ferentpartsof the display Gaussiarprofiles are usedto generatanagnification
(thusyielding continuousmagnificationandmultiple foci arepossbilein oneview.
In 1996,Keahg andRobertsorpresentedion-lineamagnificatiorfieldsasatech-
nigue independenfrom perspectie projectionand with direct control over the
magnificationfunction on every point of a grid over the display [57, 58]. The
transformatiorfunctionis computedn aniterative process|ocally optimizingon
the differencebetweenthe discretederivative of the transformatiorfield andthe
input (magnificatiorfield).

In 1995,the mappingof hyperbolicspaceto the planewasusedby Lamping
etal. [73, 72, 7]] to achiere F+C visualization,enablingthe visualizationof in-
finite spaceon a limited screenspace(at leastin principle). In a similar fashion,
Kreuseleret al. usedthe mappingfrom sphericalspaceto the planefor F+C visu-
alization[68], allowing for movementof thefocal centeraroundthe sphere.

Thelarge amountof work on distortiontechniquegor F+C visualizationdoc-
umentstherelevanceof this approachespeciallyin the domainof informationvi-
sualization.But insteadof discussingnoredetailsaboutdistortiontechniquedor
F+C visualizationor otherapproaches this field, we restrictthis overview to the
abore mentionedexamplesandproceedowardsour generalizatiorof F+C visual-
ization. First,we briefly discusshow focusis separatedfom contet, aninherently
necessarpartof every focus+contet visualization.
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1.3 Separating Focusfrom Context

Whendealingwith focus+contet visualization,t is inherentlynecessaryo have a
notionof which partsof thedataare(atleastcurrently)consideredo be“in focus”
andwhatothersarenot(context partof thedata).In thecourseof thiswork, we use
a so-calleddegree-of-inteest function (DOI function), doi(), which describedor
every item of the datawhether(or not) it belongsto the focus(similar to Furnas’
definition[29], but normalizedto the unitintenal):

. w1 if dat a[] is partof thefocus
doipin(dat afi]) = { 0  if dat a[s] is partof thecontext

In mary applicationscenarios binary discriminationbetweerfocusand context

(asformulatedabore) is mostappropriatej.e., to assumea sharpboundarybe-
tweenthe dataitemsin focusandall the others.In mary othercaseshowever, it

is moreappropriateo allow for asmoothchangeof doi()-valuesbetweerthe data
itemsin focusandtheir context (resultingin a smoothdegree of interest[20]). In

otherwords,the questionof whethera dataitem belongsto the focus(or not) also
canbeansweredy theuseof afuzzy attribute doi():

1 if dat al7] is partof thefocus
: N , if dat als] is partof thesmooth
doi(dat afi]) = { doi€]0, 1] boundarybetweerfocusandcontext
0 if dat afs] is partof thecontext

(1.1)

Accordingly a fractional value of doi is interpretedas a percentagef beingin
focus (or interest). A fractional doi()-value can be the result of a multi-valued
definition with multiple (still discrete)levels of interest,a non-sharpdefinition of
whatis interesting(e.g.,througha definitionwhich is basedon continuousspatial
distances)pr a probabilisticdefinition (e.g.,througha definition incorporatinga
certainamountof uncertainty).

Usually the specificatiorof the doi()-functionis tightly coupledwith theuser
interface. Differentapproacheareusedto let the userspecifywhich partsof the
data(currently)areof specialinterest(explicit vs.implicit specificationfor exam-
ple). In sectionl.5we discusghe interactionaspecbf F+C visualizationin more
detail.

In traditional F+C visualization(space-distortiortechniques) the degree of
interestdoi(dat a[:]) directly relatesto the local magnificationusedto depicta
dataitemdat a[i]': thelargerthedoi()-valueis, themorescreerspaceis usedfor
visualization atleastlocally.

lthis 1:1-relationonly holdsto a certainextent of accurag — in generalit is not possibleto
translateavery DOIl/magnificatiorfunctioninto a correspondingransformatiorfunction[77, 57].
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1.4 GeneralizedFocus—ContextDiscrimination

Althoughthevastmajority of researchwork on F+Cvisualizationhasbeendevoted
to space-distortiotechniquestheideaof visually discriminatingthosepartsof the
datawhich currentlyarein focusfrom all the rest(context information)is more
general. In additionto using more spacefor shawving the focusin more detail,
othervisual dimensionscan be usedin a similar way. In volume rendering,for
example typically moreopacityis usedfor partsof thedatain focus[78], whereas
a greateramountof transparengis usedfor contet visualization. Additionally,
alsocolor canbe effectively usedto visually discriminatebetweendifferentparts
of thedata. In a systemcalled WEAVE [34], for example,thosepartsof the data
which positively respondo a certainuserquery(i.e., the currentfocus)areshavn
in color, whereagherestof the data(the context) is shawvn in gray-scale.

Similarly, othervisualdimensionssuchasimagefrequenciestenderingstyle,
etc.,canbe usedfor focus—contet discrimination(seebelon for examples). We
thereforeproposeo generalizedhedefinitionof focus+contet visualizationin the
following way: focus+contgt visualizationis theunesenuseof graphicsresouces
(spaceppacity color, etc.)for visualizationwith the purposeof visually discrim-
inating thosepartsof the datawhich arein focusfrom the respectie contet, i.e.,
the restof the data. In table 1.1, we give several examplesof F+C visualization
which arequite differentfrom eachotherbut which all matchthe above definition
andtherebydemonstratés generakharacterTheexampleddiffer from eachother
with respecto which graphicsresourcés (unevenly) usedto achieve F+C visual-
ization. Below we discusssomeof theseexamplesin more detail (thosemarked
with anasterixin table1.1). In table 1.2 we provide a side-by-sidecomparisorof
five sampletechniquegonesampleimageeach)with pointersto otherpartsof this
documentvith moredetailaswell asotherpiecesof relatedliterature.

1.4.1 More Opacity for Visualization in Focus

One alternatve style of F+C visualization (alternatve to space-distortiortech-
niques)is identifiedin a domainwhere usually other objectives, slightly differ-
entfrom focus—contet discrimination actuallydo governthedevelopmenof nen
techniquesin volumerenderingall from the beginningon[78], a so-calledopac-
ity transferfunction(OTF) «() wasusedto dealwith thefactthatusuallynotall of
the 3D datacanbe shovn simultaneoushatfull intensity OTF «() is usedto map
the datadomainto the unit intenal (1 <> opaque0 <> completelytransparent).
Using an OTF, differentvaluesof opacity/transparey are assignedo different
partsof thedata.This causeshatsomepartsof thedatabecomemoreprominently
visible in therenderedmagewhile othersarenot (or only hardly)visible atall.

Originally, the useof an opacitytransferfunction never wasarguedwith the
needto discriminatepartsof the data“in focus” from their “context”. However,



Generalizing Focus+ContextVisualization/ 1.4

graphics

resource approaches sampletechnique(s)

space morespacegmagnification)or | graphicafisheeview[113], ...
datain focus F+Cproceswisualization{88]*

opacity focusratheropaquecontext directvolumerenderind78], ...
rathertransparent RTVR [95]*

color coloredfocusin graycontext | WEAVE [34], SimVis [20, 19]*
saturated/lightolorsfor focus | Geospacg82], RTVR [95]*

frequeny || sharpfocus,blurredcontet semantidepthof field [64, 65]*

style contet in reducedstyle (NPR) | two-level vol.-rend.[40, 41]*

NPR-contourg17]*

* ... techniquesvhicharedescribedn moredetailin sectionl.4 ‘

Tablel.1: Realizing(generalized)-+C visualizationby theunesenuseof graphics
resourcegspaceppacity color, etc.)to discriminatepartsof the datain focusfrom
therest(contet) — moredetailsin sectionl.4.

sample

image

?éggmgz opacity  style color frequeny space
section 1.4.1 1.4.2 1.4.3 1.4.4 1.45
chapter(s) 2,4 2,3,4 4,5 6 7
paper(s) [95] [40,41,17] [20,19  [64, 65] [88]

Tablel.2: Samplemagesof five differentF+C visualizationtechniquegfrom left
to right): RTVR-basedvolumerendering two-level volumerendering,F+C visu-
alizationof simulationdata,semantiaepthof field, F+C proceswisualization.

the goal to visually bring out certainpartsof the datain the visualizationwhile
reducingthevisualappearancef all the restvery well matcheghe principalidea
of F+Cvisualization.Onthe basisof a degree-of-interestunction,an OTF canbe
specifiedby

a(dat a[i]) = a(doi(dat a[i]))

with a() beingthe identity map (a(z) = ), a simple windowing function (see
figure 1.1), or ary other(potentially simple) monotonicmapfrom [0, 1] to [0, 1].
Whendoi(), for example,is definedon the basisof a scaleddistancefrom a pre-
definediso-value— doi(dat a[i]) = max {1 — s|dat a[i]—viso|,0} —, thenone
of Levoy’s OTF (thoughnot yet dependenbn the datagradients)is regenerated
with a() beingtheidentity map(or asimplewindow).
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Figurel.1: A simple“window” oftenis suficient to mapdoi-valuesto a-values:
doi-valuesup to a certainminimumaremappedo a minimal valueof opacity(of-
ten0), whereasloi-valuesabore a certainmaximumaremappedo somemaximal
opacity In betweena linearmapfrom doi-valuesto a-valuesis used.

From mary yearsof work on the questionof how to specifyanoptimal opac-
ity transferfunction [36] we know that onesimple data-dependeritinction doi()
(or a()) oftenis notsuficient to optimally discriminatebetweerfocusandcontext
in avisualizationof 3D data,e.g.,3D medicaldataor 3D datafrom computational
simulation. Instead often sophisticatedegmentatioralgorithmsareusedto do a
properfocus—contet discriminationbeforetheactualvisualization.Theresultof a
sggmentatioralgorithmusuallyis ann-valuedobjectmapobject), telling for each
andevery dataitem dat a[z] which objectit belongsto.

In two-level volume rendering(2IVR) [40, 41], suchan objectmapis used
to improve the F+C visualizationof 3D data: insteadof directly derving doi()
from the data, the degree of interestis definedon the basisof objecy), i.e.,
for all the objectsin the data(and not the singulardataitems)it is determined
how interestingthey are. This is done, becausan mary applicationsthe 3D
dataaryhow is assumedo be composedf objects(in medicalapplications for
example, a datasetusually is assumedo be composedof bones,tissue, etc.).
Therefore,the userautomaticallytendsto formulatethe focus—contet discrim-
ination in terms of the data objects (like “I'd like to seethe bonesand the
blood vesselsin the contect of the skin’). For rendering,two valuesof opac-
ity are usedin two-level volume rendering: in addition to the objec{)-based
(global) opacity agiobal = agiobal(doi(objecy), which yields the overall opacity
for an object(dependingon its degreeof interest),a local (object-wisespecified)
OTF aiocar(dat alfz], objec{dat afi])) is usedto individually steerthe visual ap-
pearancef every object.

For example,assuminguocal(., 1) to be a relatively sharpLevoy-OTF (com-
parablylarge s) andagiopal to betheidentiy map,object1 would berenderedike
aniso-surfcewith its importancedoi(1) directly relatingto its opacity Through

9
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Figurel.2: A sggmentedCT-datasebdf a chestyvisualizedusingtwo-level volume
rendering Differentvaluesof overall opacityhase beenusedfor lung (completely
opaque)ponegsemi-transparentgndskin (very transparent).

this separatiorf agiona andaiecal thetaskof emphasizingertainpartsof thedata
(semanticabuestion)is separatedrom the questionof how to renderthe differ-

ent partsof the data(syntacticalquestion). Accordingly the parameterizatioof

two-level volumerendering(adjustmenbf opacities)s muchmoreintuitive (when
comparedo usinga standardOTF only) andthusit is possibleto achieve better
resultsin shortertime. Seefigure 1.2 for a samplevisualizationof sggmented3D

chestdatawith the focuson thetwo lungs.

In additionto opacity variations,two-level volume renderingalso offers al-
terative waysto achiere a visual focus—contet discrimination,for example, by
varying the renderingstyle. But before we futhermorediscuss2IVR, another
examplefor opacity-based-+C visualizationis briefly describedwhich comes
from thefield of informationvisualization.Parallelcoordinateg47, 49, 48] area
well-establishedechniquefor the visualizationof high-dimensionatata. Every

10
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Figurel.3: 9-dimensionatlatafrom computationaflow simulation(5400cells of
a T-junction),visualizedwith parallelcoordinates.
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Figurel.4: DOI-basedpacityusedto visually separatesomepartsof the data“in
focus” (characterizethroughratherlargevaluesof “T.K.Enegy”) from all therest
(contet).

n-dimensionaldataitem is plottedas a polyline acrossn parallelaxesin screen
spacesuchthat a dataitem’s polyline intersectshe axes exactly at thosepoints
which relateto the dataitem’s n attributes(seefigure 1.3 for asamplemage).

Whenmary dataitemsareto be shavn simultaneouslytensof thousand®or
more), problemswith overdrav easilyoccur: mary pixels arecoveredby several
(or even mary) polylines. The resultingeffect is that the visualizationloosesef-
fectivnessdueto visual clutter— a classicalscenariovhereF+C visualizationcan
help. Using a DOI-basedopacity to drav semi-transparenpolylines over each
other[38], animproved displayis gainedwhich allows for interactve analysisof
then-dimensionablata(seefigure 1.4). Note thatthe ability to interactvely focus
in sucha F+C applicationis essentiahereto effectively exploit the visual superi-
ority of thiskind of visualization.

1.4.2 ReducedStyle for Context Visualization

Anotheroption of visually distinguishingbetweerobjectsin focusandtheir con-
text is to usedifferentrenderingstyles. In two-level volume rendering,for ex-
ample,it is possibleto usedifferentrenderingtechniquedor differentobjectsin
the data. On the globallevel, the differentrepresentationef the dataobjectsare
combinedusing standardcompositingto achieve the final image. In additionto
standardvolumerendering(a-compositing) shadedsurfacerenderingmaximum
intensityprojection(MIP), x-ray renderingandnon-photorealisticontourrender
ing canbe usedto depictan object. In table 1.3 somevisualizationpropertiesare
listed for differentrenderingstylesin 3D visualization. A good opacity control,
for example,favors the visualizationas part of the contet, becausecclusionis

11
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rendering style \ visualization properties

a-compositing| corveys appearancef semi-transparer8D medium(F),
opacitydifficult to control
shadedsurf. displ. | well corveys 3D form (F), goodtransparenccontrol(C)

max.intensityproj. | goodfor comple forms(F), limited 3D appearancegood
transparenccontrol (C)

x-ray rendering| goodfor overview (C), complex opacitydistribution
contourrendering| reducedappearanc€C), little problemswith occlusion

‘ F ... goodfor focusvisualization, C ... goodfor contet visualization

Tablel.3: Visualizationpropertief differentrenderingstylesfor 3D visualization
togethemwith a roughassessmerdf how they canbe usedfor F+C visualization.
Dependingon whetherthe focusis inside the context (or outside),or if the con-
text is of comple shape(or a rathercoherentobject), different combinationsof
renderingstylesyield goodresultsfor F+C visualization(detailsin sectionl.4.2).

easiercontrolled. Theability to visualize3D form well, asanotherxample favors
the visualizationof datapartsin focus. In the following we discussseveral useful
combination®f differentrenderingstylesfor F+C visualization.

Shadedsurfacedisplayvery well actsasvisualizationof objectsin focus,espe-
cially if the object(s)in focusareinsidethe contet and,consequentlyanopaque
surfaceis usedfor visualization.This way, usuallya strongandsharpappearance
of the objectsin focusis possiblewith a good communicatiorof 3D shape. For
contet visualization,in sucha casethe useof contourrenderingand/orMIP is
very interesting.Contourrenderingworksfine, becausef its reducedappearance
(lots of objectpartsareleft avay whereasonly their contoursare shawvn) andthe
fact that usuallythe middle partsof the visualization(wherethe objectsin focus
areshawn) is rarly occluded(seefigure 1.5, right image). Additionally, alsoMIP
usuallyis usefulfor contet visualizationbecausef its easy-to-controbpacity—
only onedatavalueperviewing rayis choserfor display all objectrepresentaties
sharethe sameopacity(seefigure 1.5, left image).

In caseof context whichis insidethe objectsin focus,like thebonesactingas
contet to blood vesselqasthe objectsof interestin angiography)for example,
shadedsurfacesagainsene a goodjob of focusvisualization. The surfaces how-
ever, needto be renderedsemi-transparentlfat leastto someextent) to allow the
userto peerinsideandgetvisual accesdo the otherwiseoccludedcontext. MIP
againis usefulfor thedepictionof thecontext objects(goodtransparenccontrol)—
seefigure 1.6 (left image)for a samplerenderingof sucha situation. Similarily,
anx-ray simulationsometimess usefulfor context visualizationwithin objectsof
interest(seefigure 1.6, rightimage,for anexample).

In additionto contect rendering MIP alsois usefulfor depictingobjectsin fo-
cus,especiallyis they areof comple shap€like anentiresystenof bloodvessels

12
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Figure 1.5: MIP is usefulfor context visualization(skin on left side) becausef
its easy-to-trimopacity Contourrenderingworks very well for contet visual-
ization (skin on theright) becausef its reducedappearancdittle problemswith
occlusion).

Figurel.6: F+Cyvisualizationof CT dataof ahumanhand(left side): theobjectsof
interest(bloodvesselsaredravn assemi-transparersuriaceswhereaghebones
arerenderedusing MIP. Contourrenderinghasbeenusedto depictthe skin. An
x-ray simulationhasbeenusedto depit the dentineof the tooth on the right side
(semi-transparergurface renderingof the adamantineand contourrenderingof
surroundingmaterial).

13
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Figurel1.7: Two examplesof usingMIP for complex objectsin focus: the system
of blood vesseldn the CT handdata(left side)anda chaoticattractorwithin its

basinof attractionon the right side (partsof the basinare shavn as shadedsur

facewhereaghe restof the basinis shavn usingcontourrenderingto minimize
occlusion).

or achaoticattractorin adynamicakysteni2]). In figure1l.7two examplesof such
avisualizationaregiven. On theleft sideMIP is usedto showv the blood vessels
within the CT handdata.Ontheright sidea comple attractorwith fractalshapds
visualizedusingMIP. The contet (the basinof attraction,in this case)is shavn in
two ways: whereaghe lower partsareshavn asa shadedsurface,the upperparts
areprovidedusingcontourrenderingonly (to reduceproblemswith occlusion).

1.4.3 Eye-catchingColors for FocusVisualization

In additionto opacityandstyleasdiscussedh the previoustwo sectionsalsocolor
is effectively usedto focuswithin a visualization. From perseptuatesearchon
preattentie vision [128] we know that humanobserers canvery quickly “find”
coloredpartsof a visualizationwithin an otherwisegray-scaledepiction. This
“search”usuallysucceedsvenbeforethe obserer actuallystartsactively search-
ing, i.e., in atime shorterthan200msfrom stimulus. Accordingly coloringsome
partsof avisualization(which arein focus)andshawving all therestin agray-scale
way, alsoworksfine asa F+C visualizationtechnique.

Greshet al. presenteda systemcalled WEAVE [34] which usesthis style of
F+C visualizationfor the displayof complex simulationdataof a beatinghuman
heart. Differentviews of differenttypesof visualization(a scatterplota 3D view,
etc.) are usedto depict and analysethe multi-dimensionalsimulationdata. To
assesshe large amountof data,the useris ableto selectcertaindatasubsetsof
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specialinterest.Thesepartsof the dataarethendravn in colorwhereasll therest
is displayedin gray-scalestyle. First of all, the coloredpartsof the visualization
immediatelystandout of every view wherethis kind of focus—contet discrimina-
tion is used. Secondly the coloring is doneconsistentlyacrossall the views, so

visuallinking is establishedetweerthe views. The samecolor alwaysindicates
the sameselectionof the data(focus),just visualizeddifferently accordingto the

differentviews (therebydifferentcharacteristics/dimaions of the samedataare
visualizedin the differentviews). In information visualizationthis approachis

calledlinking and brushing(L&B) — “brushing”, becauséehe processof selecting
adatasubsebf interestusuallyis donedirectly on oneof thelinked views, similar

asin adrawing program.

In asystemcalledSimVis, we usethis approacho visualizedatafrom compu-
tationalsimulationof processes the automotve industry An extendedbrushing
techniquecalled smoothbrushing[20] allows for a gradualtransitionof the doi-
function from the subsebf interest(focus,doi = 1) to therest(context, doi= 0).
For visualization,a gradualreductionof color saturatioris usedto reflectthecon-
tinuouslydiminuishingdegreeof interest.Seefigure 1.8 for a sampleresultof this
kind of visualization,wherea datasubsetof high pressureandhigh velocity was
selectedusingsmoothbrushingin the scatterplobn theright. Ontheleft, a visu-
ally linked 3D view shavs wherethoseareasof high pressureand high velocity
lie in the 3D flow domain(a model of a catalytic converter). In additionto the
DOl-basedvariationsof color saturatioralsothe glyph sizeis variedaccordingto
thedataitem’s degreeof interest(the moreinterestingthe biggerthe glyphsused).

In figure 1.9 volume renderingon the basisof a-compositing[39] was used
to depicta subsebf a flow throughan extendedT-junction(characterizedhrough
valuesof hightemperaturendhigh turbolentkinetic enegy, seescatterplobnthe
right).

In asystemcalledGeoSpacé¢82], userqueriesareansweredsisually through
high-lightingthe datapartsin focus,i.e., thosedataitemswhich positively respond
to theuserquery High-lightingis done for example,by increasinghe colorlight-
ness. Therebythe selecteddatasubsetsvisually standout from the rest of the
depiction. In two-level volume rendering,this approachis usedto provide feed-
backto the userduring objectselectionin the 3D domain. For a shorttime after
the selectionof anobjectin the scenethe selectedbjectis shavn with a different
transferfunction (increaseccolor lightness,increasedpacity). Therebya clear
visuallinking betweeranobjects nameor ID andits visualrepresentatioaspart
of thevisualizationis establishedseefigure 1.10).

This is especiallyuseful,whenvolumevisualizationis performedin a virtual
environment. In this case,especiallywhen3D objectsareto be selectedirectly
through 3D userinteraction(for example, by the use of a 3D pointing device),
objecthigh-lighting greatlysupportgheinteractve placemenof the 3D pointing
device. While maving the pointing device, the userimmediatelygetsfeedbackon
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Figure 1.8: F+C visualizationof CFD data(flow througha catalytic converter).
A datasubsetrepresentedby valuesof high pressureandhigh velocity, hasbeen
selectedby smoothbrushingon the scatterploton the right. Gradualchangesof
colorsaturatiorontheleft (in the3D view) representhesmoothdegreeof interest.

Figure 1.9: Visualizationof flow througha T-junction. The visualizationfocuses
on a flow subsetwhich is characterizedy high temperatureand high turbolent
kinetic enegy. Thejunction-geometrys addedascontet (contourrendering).

which objectthe pointercurrentlyis pointingtowards. Thereby the useris easily
ableto efficiently selectthe oneobjectof specialinterestwithoutalot of trial and
error (which otherwiseis quite normalfor 3D directselection).Figure1.11gives
anumberof snapshotef avideowhich wastakenduringa sessiorwheretheuser
moved a 3D pointing device arounda 3D datasebf a humanchestwith different
segmentedgartsof thedata.Wheneerthe 3D pointingdevice entersanotheiobject
in the scenethe respectie objectis renderedn a high-lightedfashionaccording
to theabore mentionedransferfunctionalternation.

1.4.4 Band-limited Context

Beforewe lateron(sectionl.4.5)comebackto the traditionalway of F+C visual-
ization,we furthermoredescribeoneadditionalway of visually discriminatethe vi-
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Figure1.10: Objecthigh-lighting in the courseof objectselection:beforethe se-
lection (t = tg, left image),right after the selectionof the chaoticattractor(t =
to+~ %sec.,middleimage),andaIittle laterafterhigh-lighting (t = ¢+ ~ 1sec.,
rightimage).

— bones liver kidneys —

Figure1.11: Several snapshotférom a video which wastaken througha session
wheretheusermoveda 3D pointingdevice acrossa 3D datasebf ahumanchestin
avirtual ervironment. Visual objecthigh-lighting reflectsthe current3D position
of the 3D pointing device whichis very usefulto efficiently positionthe device in
3D spaceaduringobjectselection.

sualizationof datapartsin focusfrom all therest(context). Again (ascomparedo
the useof eye-catchingcolorsfor focusvisualization,seesectionl.4.3)it is anar
gumentfrom perceptuapsychologywhich motivatesthis alternatve approachthe
differencebetweera sharpandblurredobjectdepictionefficiently canbe usedfor
visual focus—contet discrimination[64, 65], a techniquewe call semanticdepth
of field (SDOF).In a userstudywe could prove that the perceptuaidentification
of sharpobjectsamongblurredothersindeedis preattentie [66], i.e.,is performed
by the humanperceptuabystemwithin avery shorttime (< ~200ms).

In 2D, thebasicideaof SDOF(semantidepthof field) is (a) to assume cam-
eramodelwith a depth-of-fieldeffect for renderingand (b) to virtually displace
partsof the visualizationalongthe viewing axisto achieve a blurredor sharpde-
piction of irrelevant andrelevant partsof the data,respectiely (seefigure 1.12).
With alens-based@amerapbjectsareonly displayedsharplyif they arelocatedat
thefocal distancefrom thelens. Objectwhich aredisplacedalongtheviewing axis
areblurredaccordingto their distancerom the lens. Therefore the displacement
in the depthdirectionis doneaccordingto the degree-of-interesvalueswhich are

17



Generalizing Focus+ContextVisualization/ 1.4

focus plane
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Figurel.12: The basicideaof SDOFfor 2D visualization:assuminga lens-based
cameramodel for rendering,the visualizationobjectsare virtually moved back
or forth alongthe viewing directionto achiee a blurredand sharpdepictionfor
irrelevantandrelevantdataitems,respectiely.
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Figure1.13: Two examplesof an SDOF visualization: streetsstandingout of an
SDOFmapvisualizationon theleft (otherpartsof the mapblurred)anda scatter

plot with SDOFeffect on theright.

associatedo all the dataelementgandnot asa spatialfunction of the dataasit
is in real-world photography).For 3D visualization,a similar SDOF model ex-
ists[64, 65].

Confrontedwith theresultof suchan SDOFvisualization(seefigure 1.13),the
usercanimmediatelyidentify the datasubsetsn focus(similarily asin photogra-
phy wheresharpnesslsodirectly correlatego thefactof beingin focus). There-
fore, this kind of F+C visualizationbecomesspeciallyusefulwhenthe DOI as-
signements doneimplicitly, e.g.,throughbrushingof invisible dimensiongwith
arangeslider, for example)or throughdefiningthe DOI valueby how well a data
item matchesa certainuserquery[3]. In all thesecaseghe first taska userusu-
ally performsis to identify which dataitemsactually have beenassigned high
DOI value (andwhich not). With SDOFthis is easily possibleasthe sharpparts
of thevisualization representingherelevantdataitems,standout of thedepiction
automatically
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1.4.5 More Spacefor Details

After discussindour alternatve waysof realizingfocus—contet discriminationin
visualization(basedon the variationof opacities styles,colors,andfrequencies),
we comebackto the traditionalway of F+C visualization,i.e., to the variation
of magnificationfactorswithin a singleimage. This alsotherebycompleteshe
picture of our generalization.In sectionl1.2 we alreadydiscussedhe extensve
block of literatureon this kind of F+C visualization.In our case we have applied
this classicprinciple to processvisualization[88] wherethis hasnot beendone
before.

In processvisualization,datawhich is streamingin from a larger numberof
processeblasto be presentedo a usersuchthatprocessureillanceaswell asin-
teractie analysiss possible In analogyto traditionalproceswisualizationwhere
processesarevisualizedwith analoginstrumentdike gaugesor otherdisplayde-
vices, programsfor processvisualization(at least partially) mimic this kind of
visualizationwith virtual instruments.Onedisadwantageof virtual instrumentds
that they take up quite a lot of screenspace. Whenmultiple streamsof process
dataareto be shavn simultaneouslynot enoughscreerspaces availableto shav
all the datawith regularily sizedinstrumentsIn sucha situation,distortion-based
F+Cvisualizationbecomesiseful.

To achieve F+Cvisualizationof procesglata,severallevelsof detailhave been
designedor the differentvirtual instrumentsn use. The differentlevels of detail
usedifferentamountsof screenspace rangingfrom a small lamp, colorcoding
the procesdata,up to a fully fletchedvirtual instrument,usinga hundrettimes
the amountof screenspaceascomparedo thelamp. If not all of the datacanbe
shawvn at the highestlevel of detail simultaneouslydueto lack of screenspace),
differentlevels of detailcanbe combinedaccordingto DOI valuesof the different
dataitems. Seefigure 1.14for anexample wherethreestreamof procesglataare
visualized. DOI valuesinverselycorrelateto the distancebetweenthe respectie
virtual instrumentandthe pointerwhich is interactvely moved by the user(from
left to right). Thereby thosevirtual instrumentswvhich are nearesto the pointer
aredisplayedat the highestlevel of detail whereaswith increasingdistancefrom
the pointerlower levels of detailareused.

In processsisualizationdatausuallyoriginatesat concrete3D locationslike a
sensortacertainplaceor asimulationoutputwith aspecific3D position. Accord-
ingly, thevisualizationof procesglatacanbeorganizedonthescreersuchthatthis
relationbetweerthe virtual instrumentsandthe related3D modelbecomebvi-
ous.In aprototypeimplementatiorof F+C processisualizationwe first draw the
underlying3D modelasawire-framerendering.Then,thevirtual instrumentsare
shavn on top of thewire-framemodelat thosescreercoordinatesvhich correlate
to the screen-projectionf the correspondin@D locationsof the datasourcegsee
figure1.15).
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Figure1.14: F+C processvisualization: dependingon wherethe userpoints, the
virtual instrumentsaredravn atasmalleror largerlevel of detail(from left to right:
the pointeris movedfrom left to right).

Figure 1.15: 3D anchoringandcollision avoidancein F+C processvisualization:
virtual instrumentsare placedat the screen-projectiomf that 3D point which is
relatedto the dataorigin, for example,a sensor(3D anchoring);to avoid clutter
ing dueto overlappingdials a physically-basedpringmodelis usedto relocate
instrumentsuchthatthey do notoverlap(collision avoidance).

With suchalayoutstratgy (called3D anchoring — thevirtual instrumentsare
“anchored attheirrespectie 3D sourcdocations),t caneasilyhapperthatscreen
projectionsof sensotocationglie neareachothersuchthata naive implementation
of 3D anchoringwould causeoverlappingvirtual instruments. In our prototype
implementatiorwe thereforeusea physically-basedpring modelto resohe for
non-overlappinginstrumentgcollision avoidance).Seefigure 1.15for threesnap-
shotsof this prototypewhich weretaken while the userrotatedthe 3D model(the
black dots,which areconnectedo the centersof theinstrumentswith blacklines,
markthe screen-projectionsf the 3D anchorsj.e., the 2D locationswherein the
optimal casethevirtual instrumentshouldbe displayed).

1.5 Interaction

Focus+contet visualizationrequiresinteraction. Most important,the userneeds
to have interactve meanso focusin a F+C visualization,i.e., he or sheneedsto
steerwhich partsof the dataareto be shavn in focus. Accordingly focussing
alsoincludesinteractve meango navigatein thevisualizationj.e.,to changerom
the visualizationof one part of the data(in focus)to another For applicationsof
F+C visualization,differentapproacheso focussingare available (seetable 1.4
for anoverview of someof them),which canbe classifiedwith respecto several
different aspects. One questionis of whetherfocussingis donedirectly on the
visualization(or not). Anotherquesionis of whetherfocussingis doneexplicitly,
i.e., by eitherdirectly brushingthe dataitemsof interestor namingthemexplicitly.
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focussing| action | selection| user | sampleapplications
brushing| ontheview | explicit | actve | SimVis[20, 19], ParCoords[38]
pointing RTVR [95], Proc\s [88]
selection| off-view SDOF[64, 65, RTVR [95]
rangeslider implicit SimVis [20, 19], SDOF[64, 65]
querying SimVis [20, 19|
plot-based both passie | SDOF[64, 65]
alerting Proc\s [88]

Tablel.4: Differentapproacheto focussing-techniquesanbeclassifiedaccord-
ing to whetherthey actdirectly ontheview (or not), their definitionis explicit (or
implicit), or whetherthey aretriggeredby the user(or not). This differentiationis
discussedn moredetailin sectionl.5.

Thirdly, the questionof whetherthe useractively performsthe focussing(or the
systemdoesit for the user)alsoclassifieghe differentapproacheso focussing.

Most intuitive, explicit selectionof especiallyinterestingdatasubsetglirectly
ontheview resultsin a (new) specificatiorof the currentfocus. Prominentexam-
plesof this kind of focussingare brushingon the oneside (asused,for example,
in the previously describedSimVis system)and pointing on the otherside (used
in F+C processvisualizationaswell asin 3D visualizationusing RTVR). Simi-
larily, the usercanexplicitly focusby selectingobjectsthroughan off-view list of
objects(asusedin volumevisualizationusingRTVR, for example,andthe SDOF-
visualizedmapviewer wherelayerscanbe selectedff-view).

More comple, andallittle lessintuitive, implicit selectionalsosenesfor fo-
cussing.In the simplercase selectionsn invisible axescanbe usedto describe
whatcurrentlyis mostinteresting(asalsousedin SimVis, for example). Alterna-
tively, alsocomplex queriescanbe usedto achiere implicit focussing. As again
alsousedin SimVis — herea separatdeaturedefinition languagehasbeendevel-
opedfor the purposeof formally describingwhatactuallyis of greatesinterestto
theuser[19].

In additionto methodswherethe useractively steerswhich partsof the data
areto bevisualizedin focus,thereareothercasesywherethesystentakesoverthis
role. In atutoring system for example,a predefinecblot describesvhich partsof
the visualizationarein focusat which pointin time. This kind of focussingwas
usedin a chesdutoring systemwith the purposeof shawving historic competitions
to moderatelyexperiencedusers(seefigure 1.16). In F+C processvisualizationit
is possibleto let the systemassignDOI valuesaccordingto whether(or not) the
valuesof a certainsensotie inside(or outside)a certainsafetyintenal. In caseof
analert(valueoutof range)theuserimmediatelyis confrontedwith a F+Cdisplay
wheremostvisualemphasiss putonthevaluesin question.
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Figure1.16: SDOF-visualizedhesgutoring system:throughselectve sharpness
the systemshaws which piecesthreaten(left image)or cover (right image)the
white horseon E3.

1.6 Summary and Conclusions

Taking a stepback, we cantry to round up the mattersdiscussedip to now and
to summarizeéhe mostimporantpointsaddressedn the beginningwe startedout
with a discussiorof the well-establishedpproachof focus+contgt visualization
(F+Cvisualization)asknown from informationvisualization.It is usuallyassoci-
atedwith the processf openingup morespacen avisualizationfor the detailed
depictionof someselectegpartsof the data(thosein focus)while still shawving the
restof thedatain reducedsizeto provide contect informationfor betterorientation
andnavigation.

This idea of integrating data subsetsin focus with their respectie context
within onevisualizationalsocanbefoundin otherfields,especiallyin scientificvi-
sualization.There,however, usuallyothermeanghanspacedistortionareusedto
achieve F+C visualization.In scientificvisualizationthe spatialarrangemenof a
visualizationis tightly coupledwith thespatialarrangemenf thedataorigin, e.g.,
the 3D layoutof patientsin medicalapplicationsor the 3D setupof aflow simula-
tion, andthereforeusuallyresistfrom unevendistortions.In volumevisualization,
for example theuseof opacityis variedto achiere F+Cyvisualizationof 3D data.In
the 3D visualizationof sggmenteddata(2IVR), differentstylesareusedto graph-
ically distinguishbetweenobjectsin focusandtheir context. Non-photorealistic
contourrenderingfor example,is very usefulfor context visualization.In the vi-
sualizationof datafrom computationakimulation(WEAVE, SimVis), the useof
eye-catchingcolors(within agray-scalecontet) alsovery well senesfor F+C vi-
sualization. Similarily, the differentiationbetweena sharpand blurred depiction
canyield to F+Cvisualization(SDOF).All this variety of possiblerealizationsof
focus+contet visualizationyields a moregeneraldefinition of F+C visualization:
focus+contet visualizationis the unevenuseof graphicsesourcessuchasspace,
opacity color, frequenciesandstyle,for visualization(with thepurposeo visually
discriminatethosepartsof thedatain focusfrom all therest).
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A discussiorof several concreteexamplesof differenttypesof F+C visualiza-
tion shaws that often several graphicsresourcesre usedto do the focus—contet
discrimination. In F+C volumevisualizationby the useof RTVR and2IVR, for
example,in somecasesll threeof opacity renderingstyles,andcoloringarevar-
ied to achieve F+C visualization(seefigure 1.5, left side,for a sampleimage).In
F+Cyvisualizationof 3D datafrom computationaflow visualization(Sim\is), col-
oring, opacity andglyph sizeareadjustedaccordingto the DOI valuesof thedata
to achieve the desiredvisual discrimination(seefigure 1.8, left side,for a sample
image).Lookingthroughtheglasse®f ourgeneralizediefinitionof focus+contzt
visualizationatthevery broadfield of applicationsshavs how usefulthis approach
of graphicallyintegratingdatasubsetsn focusandtheir respectie contet within
avisualizationactuallyis andhow generaits applicabilityis.

In additionto the discussioraboutdifferentwaysto graphicallydiscriminate
focusfrom contet, alsothe interactive aspectof F+C visualizationis discussed.
Once focus+contet visualizationis establishedt immediatelypecomegssential
to provide sufiicient interactve meansfor focussing,i.e., to selectwhich partsof
the dataactuallyareto be drawn in focusor to navigate througha F+C display
Differentoptionsof how to cateyorizefocussingwith respecto how it is done(on
theview vs. off-view focussing;explicit vs.implicit selection;active/passie user)
helpto give anovervien aboutavailable stratgies. Anotherway of looking at fo-
cussinghowever, is to differentiateusergoals:whereasn onecasethe userwants
to seemore(details)of certaindatasubset§— spacedistortion,style variations),
in other casesthe userjust wantsto visually emphasizehe graphicaldepiction
of certainparts(— opacity color variations). In againothercasesthe visualiza-
tion goalis to visually attractthe usertowardsa certainsubsebf the visualization
(— SDOF coloring,spacdlistortion). Sometimesthesegoalsdo overlapin anap-
plicationor arefollowed uponeachotherduringanalysigfirst theuserneedso be
attractedfor example,to a sensomut of range thenthe userwantsto investigate
this sensoiatain moredetail).

Despiteof theprincipalresultthatfocus+contet visualizationindeedis genef
ally applicableanduseful(almostregardlesf the applicationfield), anothercon-
clusionof thiswork is thatscientificvisualizationandinformationvisualizationdo
not lie far apartfrom eachother but canmutually supporteachother Thereare
verygoodideasonbothsidesandvisualizationsystemavhichintegrateapproaches
from bothfieldscangainsuperbadwantage®ver pureSciVis- or InfoVis-solutions.
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Chapter 2

Two-Level Volume Rendering

In 2001 the contentf this chaptethave beenpublishedn thejournal[EEE Trans-
actionsof Visualizationand ComputerGraphics(IEEE TVCQ 7(3), pp. 242—-252
(paper“ Two-Level Volume Rendering’ by Helwig Hauser Lukas Mroz, Gian-
Italo Bischi,andEduardGroller).

The contentsof this chapter(paper)are a resultfrom a collaboratve project
with LukasMroz (oneof Helwig Hausers PhDstudents)Gian-ItaloBischi (acol-
laboratorfrom the applicationside of the project),andProf. EduardGroller (head
of the visualizationgroup at the Institute of ComputerGraphicsand Algorithms,
ViennaUniversityof Technology) Relatedpapergco-authoredy Helwig Hauser)
are:

e Two-level volume rendering - fusing MIP and DVR [40], anearlierver

sion of this paper publishedat the IEEE Visualization2000 Conference-
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afterthe conferencehis papemwasselectedasanespeciallyinterestingone,
which then causedhe publicationof the paperin an extendedversion,as
presentedh this chapterin IEEETVCG.

Fast Visualization of Object Contours by Non-Photorealistic Volume
Rendering [17], arelatedpaper alsocontainedin this thesisas chapter3

Interacti ve Volume Visualization of Complex Flow Semantics[39], are-
latedpaperalsocontainedn this thesisaschapter4

High-Quality Two-Level Volume Rendering of SegmentedData Setson
Consumer Graphics Hardware [35], a relatedpaperfrom 2003 with new
extensionsanda high-qualityandGPU-basedmplementation

RTVR - aflexible java library for interactive volume rendering [95], a
relatedpaperaboutfastvolumerendering

Space-EfficientBoundary Representationof Volumetric Objects [96], a
relatedpaperaboutdatacompression

Interactive High-Quality Maximum Intensity Projection [97], a related
paperaboutfastMIP

Studying Basin Bifur cationsin Nonlinear Triopoly Gamesby Using 3D
Visualization [9], arelatedpapemwith moredetailsaboutthe original appli-
cation
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Two-Level Volume Rendering

Helwig HauserLukasMroz, Gian-ItaloBischi,andEduardGroller

Abstract

In this paperwe presenta two-level approachfor volume rendering,i.e., two-
level volumerenderingwhich allows for selectvely usingdifferentrenderingech-
niquesfor differentsubset®f a3D data-setDifferentstructuresvithin thedata-set
arerenderedocally on anobject-by-objecbasisby eitherDVR, MIP, surfaceren-
dering,valueintegration (x-ray-like images),or non-photorealisticendering.All
theresultsof subsequertbjectrenderingsarecombinedgloballyin amerging step
(usuallycompositingin our case).This allows to selectvely choosethe mostsuit-
abletechniquéfor depictingeachobjectwithin the data,while keepingtheamount
of information containedin the imageat a reasonabldevel. This is especially
usefulwheninner structuresshouldbe visualizedtogetherwith semi-transparent
outerparts,similarto thefocus-plus-contd approactknovn from informationvi-
sualization.We alsopresentanimplementatiorof our approachwhich allows to
explorevolumetricdatausingtwo-level renderingat interactve framerates.

2.1 Intr oduction

Irrespectie of a certainapplication the generalgoal of visualizationis to provide
insightinto thedataof interest.This meanghatvisualizationfacilitatesthe process
of answeringspecificuserdefinedquestionsaboutthedataunderinvestigation As
a consequencehe questionof what visualizationmethodis well-suitedor even
optimalin thecontet of aspecificapplicationis notonly dependenbntheapplica-
tion dataitself, but it alsosignificantlydepend®n theactualquestion®ftheuser

Especiallyin casesvherethe simultaneouwisualizationof all the datais not
possiblee.g.,in casef very large data-setor dataof high dimensionality the
guestionof what aspector what subsetof the datato shov becomesa very im-
portantdecisionduring investigation.ln medicalapplicationsfor example,when
visualizingthree-dimensionalata-setst is in generahotpossibleto concurrently
shaw all thedata.lnstead certainselectve representationsf the dataareusedfor
visualization:iso-surficeswhich boundcertainsubset®f the data,voxels of max-
imal intensitywhich aredisplayedusingmaximume-intensityprojection,aswell as
severalothers.

Of course,certain propertiesof the dataunderinvestigationthemseles can
alsoimply the useof a specificvisualizationtechnique. Given a specificsubset
of interest for example,which actuallyhasa sharpboundarythatdelimitsit from
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Figure2.1: Two-level volumerenderingof a medicaldata-se{partsof a human
hand): bonesarerenderedusing DVR, surfacerenderingis usedfor vesselsand
non-photorealisticenderings usedfor the skin.

the restof the data,the useof aniso-surfice might be a well-suited choice for
visualization. In contrast,anothersubsetof the data,which is characterizedy
relatively high data-alues, might betterbe visualizedby the use of maximum-
intensityprojection.

In this paperwe now presentour two-level approachfor volume rendering,
i.e.,two-level volumerendering(2IVR), which allows to selectvely useindividual
renderingtechniquesuchasdirectvolumerendering(DVR), maximum-intensity
projection(MIP), iso-surfices x-ray-like summationandnon-photorealisticen-
dering(NPR) for differentobjectswithin a commondata-set.SeeFig. 2.1 for an
example,whereseveral differentrenderingtechniquesave beenusedto visualize
amedicaldata-sebf a humanhand.

An interestingobseration abouthumanperceptionof 3D computergraphics
is that viewers seemto inherentlyseparatendividual objectsfrom renderedm-
agesof 3D scenesUserstendto seesolid objects,which areboundedby opaque
or semi-transparersturfaces.Evenobjectswith intrinsic 3D characteristicsuchas
clouds fire, aso.arepercevedasindividual entities.Additionally, mary visualiza-
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(b) ()

Figure2.2: Directvolumerenderingvs. surfacerendering:(a) DVR usingarather
smoothTF resultsin gel-lookingobjects;(b) DVR usingarathersharpTF simu-
latessurfacerenderingj(c) surfacerenderingvery well communicate8D shape.

tion goalsalsorequiresucha notion of data-set@asbeingcomposedf individual
objects.Medicalinvestigation for example,oftenis object-orientedsomespecific
organof interestis to be examinedwhereasall therestis consideredo be context.
In the following, we will thereforeunderstandary volumetric data-setas being
composedf semanticallydistinguishedsubsetof the data,whichin turnwe will
call the objectswithin the data-set.

In this paperwe alsodemonstrat@ow two-level volumerenderings usedasa
focus-plus-contd (F+C)techniquéan volumerenderingcomparabléo similarso-
lutionswhich arewell-known from informationvisualization.Especiallyinterest-
ing subset®f thedata,which areconsideredo be*“in focus”, arerenderedfor ex-
ample,usingiso-surfcingor DVR, whereagherestof thedata,i.e., thecontet in
this casejs depictedusingsemi-transparerillP or non-photorealisticendering.

2.2 Experienceswith DVR, MIP, etc.

Beforewe actuallydescribethe new approactof two-level volumerenderingwe
first give a brief review of someexperiencesvhich we gainedfrom previouswork
with differentvolumerenderingtechniques.

Oneof the standardechniquedor displayingvolumetricdatais directvolume
rendering[54, 78], which is basedon the sortedcompositionof visual properties
alongviewing rays. The mostimportantparameteiof DVR probablyis the so-
calledtransferfunction(TF) which describeshe mappingof data-waluesto optical
properties Dependingon thetransferfunctionin use,mainly two typical forms of
objectappearancesanbe distinguished:eitherobjectslook like semi-transparent
gel dueto a rathersmoothTF, or objectboundariesare depictedsimilar to iso-
surfacing as a resultof a rathersharpor even binary TF — seeFigs. 2.2(a)and
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@) (b)

Figure 2.3: Threealternatve methodsfor volume rendering: (a) MIP displays
structuresof maximalimportance;(b) value integration resultsin x-ray-like im-
agesj(c) non-photorealisticenderingmay enhanceontoursfor example.

(b) for sampleresults. In generalwe experiencedhatresultsfrom DVR usually
featuregoodimpressionof 3D shape gspeciallyif photorealisticshadingis used.
Contrarily occlusionsometimedecomes significantproblemof DVR, whichis
mainly becauseixel-valuesdo notonly dependonthelocal TF mapping,but also
on the numberof samplesto be composited. The latter is not undercontrol of
the TF andcandrasticallyvary amongall viewing rays,consequentlyesultingin
sometimedarge variationswith respecto objecttransparenc

Dueto thefact,thatit is oftenverydifficult to intuitively setupapropertransfer
function, given a specificvisualizationgoal in mind, the designof transferfunc-
tionshasbecomea researchopic onits own [42, 4, 85, 59, 62]. Producinguseful
imageswith DVR is evenmoredifficult if thereis noclosecorrespondendeetween
differencesn data-aluesandthe discriminationof objects.MRI data-setsfor ex-
ample typically containlarge differencesn data-waluesfor objectsof similartype.

Two solutionshave beenproposedo helpin sucha case:oneis to useanal-
ternative renderingtechniquefor depictingthe featuresof interest— for solutions
differentto DVR seethe paragraph&elon. Anotherapproachs to first apply seg-
mentation[130] to the data-setwhich is followed by selectve renderingof the
separatedbjects,for example, by the useof different transferfunctions[126].
Varioustechniguehave beenproposedor automaticandsemi-automatisegmen-
tationof volumetricdata,suchasthresholdingwatershed etc.In this papemwe do
not focuson seggmentationtself, but very well malke useof optionalseggmentation
information, if presentasa resultof a preprocessingtep. As two-level volume
renderinginherentlydependson the notion of a 3D data-setvhich is composed
of distinguishablebjects,ourimplementatiorof 2IVR alsoprovidesathreshold-
basedsegmentatiortechniquefor all caseswhereno sggmentatiorinformationis
givenapriori.

Maximume-intensityprojection[142, 112, 99|, whichis usedo displaythemost
importantdata-aluesalong viewing rays, featuresa clearly different object ap-
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pearancen comparisorto DVR. MIP imagesareusually quite sharpasonly one
data-alueis shavn per pixel. Also, assuminghatimportanceis directly corre-
latedwith data-alues,the moreimportantsomedata-waluesare,the morelikely
it is thatthey areactuallyvisible in the resultingimage— the amountof important
informationwhichis hiddenis minimal. However, dueto thefactthatneighboring
pixelsdonotnecessarilyepresenspatiallycoherentlata-alues MIP imagegend
to look ratherflat. This undesirableffect of MIP actuallyis aninherentproperty
of this renderingmethod,andcanonly be diminishedto a certainextentby varia-
tionsof MIP suchaslocal MIP [116], depth-shadednd/oranimatedMIP, etc.For
anexampleseeFig. 2.3(a).

Surface-basedpproaches in contrastto DVR andMIP — aresuitablein sit-
uations,wheresharpobjectboundariesare presentn the data-setandtheinterior
structureof the objectis notrelevantfor visualization.Basically therearetwo ap-
proachego extractandrenderiso-surfices.Oneclassof techniqueglealswith the
explicit computatiorof a geometricrepresentatioof theiso-surbice— the march-
ing cubesalgorithm[83] is a well-known example. The secondclassdealswith
depictingthe surfaceby meansof a transferfunction[78]. DVR andsurfaceren-
dering canalso be combinedinto a hybrid techniquedepictingboth, truly volu-
metric information, and objectsdefinedby polygonalmodels[67]. In this paper
we integratethe renderingof object surfacesby directly depictingsurfacesfrom
thevolumetricdata[100] — seeFig. 2.2(c)for anexample—, not dealingwith ary
polygonalmodelat all. This is alsoin contrastto volumetric ray tracing[120],
whereactualray tracingis usedto computehigh-qualityimagesfrom 3D scenes
which arecomposeaf volumetricobjectsandpolygonalmodels.

We have alsoimplementedralueintegrationalongviewing raysthroughvolu-
metricdatafor imagesynthesislmageswhich have beenrenderedisingthistech-
nique— seefig. 2.3(b)for anexample—, simulateanx-ray-appearancef the data.
Thisis dueto thefact,thatvalueintegrationis nothingelsethantheinverseopera-
tion comparedo datareconstructiomwithin a 3D scanningdevice suchasaCT.

Recently non-photorealisticenderinglNPR) methodshave beenproposedor
volumetric data[22, 17], which, for example,depict object contoursin a view-
dependenmanner Here, a greatvariety of objectappearancesanbe achieved,
all usefulfor differentvisualizationgoals. In our case we foundthe depictionof
objectcontoursby the useof NPRto be especiallyuseful,alsoasanalternatve to
traditionalrenderingmethodsasdescribedabove. Fig. 2.3(c)shavs anexampleof
NPRrenderingof volumetricdata.

Goodvisualizationstronglydepend®nwhatdatais visualized whatstructue
this dataconsistsof, aswell ason the visualizationgoals of the user Depend-
ing ontheseprerequisiteseveralusefulapproachesxist, andindividual decisions
(whatrenderingmethodto choosehave to be madefor specificapplications.Two-
level volumerenderingasdescribedn this paperallows for selectvely combining
differentrenderingtechniquedor differentobjectswithin acommondata-set.
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2.3 Two-level volumerendering

After thepreceedingliscussiorof prosandconsof severalvolumerenderingech-
nigues,we now presentwo-level volumerenderingasa usefulway of combining
differentrenderingmethodswith respecto their respectie advantages.

2.3.1 Object discrimination

An importantgoal for two-level volume renderingnot only wasto provide the
ability for usingdifferentrenderingtechniquedor different objectswithin a 3D
scene put alsoto comeup with visualizationresultswhich actuallyallow to eas-
ily discriminatethe individual objectsfrom eachother From previouswork [51]

we know, thatdisplayingmultiple semi-transparergurfaceson top of eachother
quickly imposessignificantproblemswith the identificationandperceptiorof the
individual objects. Usually just two or threelayersare easilydistinguishedrom

renderedmages. Therefore,a key featureof two-level volume renderingis that
pixel-valuesarecomposedf avery limited numberof valuesonly.

2.3.2 Two-level rendering

For achieving our goal of generatingmageswhich are composedf a few, but
meaningfulobjectrepresentates per pixel, we decomposehe renderingcalcu-
lationsinto two levels, i.e., local and global rendering. For every pixel, we the-
oretically investigatea viewing ray throughthe dataand detectwhat objectsare
intersectedFor every objectintersectedasingle representate valueis computed
(by the useof local rendering).Theseobjectrepresentates arefinally composed
to yield a pixel valueby combiningthem,usuallyby the useof DVR compositing
(globalrendering).Only a small numberof data-aluesare combinedfor a pixel
(oneperobject),thereforelimiting the numberof samplesvhich finally make up
onepixel-value.

For more specifically explaining two-level volume rendering,it is usefulto
utilize the modelof ray casting.Of course animplementatiorof our techniquds
not boundto this image-ordeapproach.in this papey for example,we will later
present fastobject-ordeimplementatiorof two-level volumerendering.

For calculatingthe valueof a pixel within theresultingimage ,we mayassume
aviewing ray to be castright into the volumetricdata-sefcf. Fig. 2.4). A 3D s&-
mentationmaskdeterminedor ary voxel within the datawhich objectit belongs
to. Therefore alsothe viewing ray may be interpretedasbeingdecomposeéhto
se/eral sggments,dependingon what objectsareintersectedby theray. We now
utilize this ray segmentatiorasfollows:

While traversinga viewing ray — for example, back-to-front— two tracksof
renderingareprocesseth parallel. As long asonesegmentof theray s traversed,
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Objects: Attractor 1 Basin 1 Basin 2

viewing ray

each segment rendered separately

Basin 1
Attractor
Basin
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T dvr
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segment representatives

Figure 2.4: Objectseggmentationimplicitly yields viewing raysto be partitioned
into segments(oneperobjectintersection).

i.e.,aslongastheviewing ray traversesoneindividual objectwithin thedata,local
renderingis performedto computean objectrepresentate associatedo the seg-
ment(renderingat the objectlevel). Individual renderingmethodscanbe usedfor
differentsggmentsdependingonwhatobjectsaretraversed.Fig. 2.5, for example,
wasrenderedvith DVR usinga sharpTF alongsegmentsthroughbones surface
renderingfor vesselsandMIP for the skin.

At thosepointsalongthe ray, wherethe objectclassificationchangesi.e., at
the pointswhereviewing rayscrossobjectboundariesupdatestepsin the global
renderingtrack are performed. We usually use DVR-compositingon the global
level. The only exception,wherewe could experiencethat MIP is usefulinstead,
is if all objectsin the data-setarerenderedy the useof MIP themseles, also. In
contrastto standardMIP, this “MIP of MIP” approachallows to easilydistinguish
betweendifferentobjectswithin the sceneasdifferenttransferfunctionsandthus
differentcolorscanbe assignedo differentobjects.
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Figure2.5: CombiningDVR, surfacerenderingandMIP: whereagheboneshave
beenrenderedusing DVR (sharpTF), andthe vesselshave beenrenderedusing
surfacerenderingthe skin wasdepictedusingMIP.

2.3.3 Focus-plus-context

Due to the ability to selectvely usedifferent renderingtechniquedor different
objectswithin a 3D data-setfwo-level volumerenderingstrongly supportsappli-
cationswhichareof F+Cstyle: dependingpnwhetherobjectsareselectedo be“in
focus” or not, their visualappearanceanbe different. Wherea®bjects‘in focus”
may featuresignificantopacity for example,objectswhich are consideredo be
contet ratheractassemi-transparemeference SeeFig. 2.5againfor anexample,
wherebonesandvesselsareconsideredo be“in focus”,whereagheskin justacts
asthecontet in this application.Table2.1 givesanovervien aboutrecommended
F+C configurationsvhentwo-level volumerenderingis used. Dependingon the
internalstructureof objects differentrenderingechniqueseemo bewell-suited.
Objects‘in focus”, for example,canvery well be renderedusing ratheropaque
surfacesin caseof spatiallycontiguousobjects(Fig. 2.5, for example).Objectsof
interest,which arecharacterizedby a complex or evenfractalinner structure can
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focus contet
DVR | + ratheropaque, | + rathertrans-
surface-like parentgel-like
MIP | 4+ comple focus, | + veryuniform
high contrast transparenc
surfaces| + ratheropaque | + semi-transparent
X-ray | — + innercontet
NPR | £ only asadd-on | + sparseontours

Table2.1: F+C configurationgor Two-level VolumeRendering

very well bedepictedby theuseof MIP (Fig. 2.9(c),for example).In caseof con-
text visualization,the useof MIP, quite transparensurfaces,and NPR proved to
bevery useful. MIP is useful,becausdt featuregquite homogeneousgansparenc
throughoutanentireobject(Fig. 2.5, for example).Shapepropertieof context ob-
jectsarewell-communicatedby the useof semi-transparersurfaces.NPR canbe
usedto sparselyapply shapecuesof outercontet objects(Fig. 2.1, for example).

2.3.4 Technicaldetails

Sincethe modelof two-level volumerenderingis basedon ray casting,animple-
mentationasimage-ordetechniquewould be straight-forvard. Neverthelessthe
ideaof two-level renderinghasoriginally beendevelopedto aid explorationof data
from thefield of complex dynamicalsystemsInteractvity is crucialfor exploring
andinvestigatingdata,andespeciallyfor finding propersettingsfor opticalproper

tiesof objects. Thuswe presenta fastobject-ordeimplementatior{94], basedon
sheatwarp rendering[70], which allows for interactve visualizationof medium-
sizeddata-setsFor performanceaeasonsno interpolationis donewithin thevol-

ume,eachvoxel is projectedonto exactly onepixel of the baseplane. During the
warpstep,bilinearinterpolationis used,alsoconsideringhescalingcomponenbf

the projectionmatrix.

To allow for efficient skippingof emptyspacen-betweerobjects,eachobject
within theinvestigatediatais storedseparatehasanarrayof all its membewnoxels.
Foreachvoxel, its positionandattributes,e.g.,data-alueandgradientinformation,
arestored. Thelist is replicatedand storedseparatelyfor eachprincipal viewing
axis (z, y, andz) with voxels sortedby the principal viewing coordinate.For the
sale of clarity, the principalviewing directionwill becalledz from now on.

All voxels of an objectwhich sharethe samez coordinatearegroupedwithin
aso-calledRender Li st Ent r y, thevalueof z is storedwith theRender Li s-
t Ent ry insteadwith all the voxels (Fig. 2.6). For renderingthe Render Li s-
t Ent r ysof all objectsaremeigedinto asingleRender Li st sortedby z.
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Figure2.6: Storageschemdor two-level volumerendering.

PROCEDURE Conput eRender Li st :

FOR pvd (principal viewing dir.) BEING x, vy, z:
{ FOREACH obj (object in the scene) DG
FOREACH val (depth val ue regarding pvd) DG
LET RenderListEntry][ pvd, obj,val] = set of
all voxels of obj. obj with depth val
MERGE ALL RenderlListEntry[pvd,.,.] into a
Render Li st [ pvd] (sorted by val)

}

Processingthis list sequentially during rendering results, for example, in
a back-to-front traversal of the scene, even though the voxels within one
Render Li st Ent ry,i.e.,which areatequaldepthfrom the baseplane,arepro-
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Figure2.7: Selectvely appliedclipping planesallow furtherinsight.

jectedin anarbitraryorder By storingonly voxels which actuallybelongto ob-
jects,emptyspacein-betweenis skippedautomaticallywithout ary effort during
rendering.

For implementingtwo-level volumerendering two setsof buffersareusedfor
the baseplane. Onehbuffer (local objectbuffer) is usedfor performingrendering
within an object, while a global buffer is usedto performinterobjectrendering.
In additionto pixel values,eachpixel of the objectbuffer additionally storesthe
uniguelD of the currentlyfront-mostobject. If avoxel is projectedontothe base
plane,its ID is comparedvith thestoredID in theobjectbuffer. If bothIDs match,
the valuein the objectbuffer is updatedusingan operationwhich corresponds$o
thelocal renderingnodeof theobject.If thelD of thevoxel differsfrom thelD of
the pixel in the buffer, the viewing ray thoughthis pixel musthave entereda new
object. The contentof the objectbuffer pixel is combinedwith the correspond-
ing global buffer pixel usingan operationwhich dependsn the globalrendering
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stratgy (usuallyDVR). Thenthe objectbuffer pixel is initialized accordingto the
voxel of thenew objectandthe new local renderingmode.

After all voxelshave beenprojectedthecontritution of thefront-mostseggment
ateachpixel hasto beincludedby performinganadditionalscanof the buffersand
memging the sgmentvaluesleft in thelocal buffer into the global buffer.

As the applicationof clipping planesis a widely usedmethodfor enhancing
volumevisualization,supportfor this techniguehasalsobeenincludedin our ob-
ject storagescheme(seeFigs. 2.7 and 2.9(c)). The voxel lists usedfor rendering
allow a very efficient implementatiorof arbitrary cutting planes. As the orderin
which voxels of the samedeptharerenderedo the baseplaneis irrelevant, vox-
elsremoved by the applicationof a cutting planecanbe simply movedto theend
of the voxel arraybelongingto a Render Li st Ent r y. An end-markis usedto
indicatethelastvisible voxel within aRender Li st Ent ry (Fig. 2.6). Remwed
voxels which are storedafter this mark canbe ignoredduring renderingwithout
slowing down the process.Instead we alsoenablethe clipped partsof objectsto
berenderedisinganotherenderingtiechniquegcf. 2.10(c)).

PROCEDURE TwolLevel Renderi ng:

Choose pvd (according to current viewing dir.)
Init(local Buf,0); Init(global Buf, 0)
FOREACH RenderListEntry I N RenderlList[pvd]:
{ object = RenderListEntry.objectlD
FOREACH voxel | N RenderListEntry. activeSet:
{ pixel = projection(voxel, pvd)
| F | ocal Buf ( pi xel ). obj ect = obj ect THEN
Updat e( | ocal Buf ( pi xel ), voxel)
ELSE:
{ Updat e( gl obal Buf (pi xel ), | ocal Buf ( pi xel))
I nit(local Buf (pixel), voxel)
Pl
FOREACH pi xel DO
Updat e( gl obal Buf (pi xel ), | ocal Buf ( pi xel ))
i mage = Warp(gl obal Buf)

For lighting of objectsthe Phongshadingmodelis emplo/ed. The gradientvec-
tor at eachvoxel is pre-calculatedluring the preprocessingtep[102], corverted
to polarcoordinateandquantizedo 12Bit for limiting the storagerequirements.
During renderingthis representationf the gradientis usedto access look-upta-
ble with shadingnformation. The shadingableincludestheinfluenceof ambient,
diffuse,andspecularcomponent®f the lighting model. It is quickly recalculated
for eachnew viewing or light positionandalsoaftera changeof materialproper
ties.
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@)

Figure2.8: ComparisonbetweerstandardVR (first row) andtwo-level volume
rendering(secondrow). (a) Two-level volume renderingallows to shav blood
vesselsvithin theheadgvenneartheskull. (b) UsingMIP for thevisualizationof
contet (bones,skin) the objectof interest(blood vesselplus stenosispecomes
well visible from all viewing directions. (c) Again MIP provesto work fine for
contet visualization.

Opacity values for compositingvoxels and objects are derived from two
sources:first, the ability to changethe opacity of a whole objectturnedout to
be usefulwhenadjustingviewing parameters Secondly the object-wideopacity
canbe modulatedby a pervoxel opacitywhich dependn somepropertyof the
voxel, like for exampledata-alue, gradientmagnitude,or the distanceto some
otherobject(seeSect.2.4.2).

2.4 Applications and results

Two-level volumerendering,asdescribedabore, canbe usedin variousfields of
applications.In this paperwe describetwo applicationsand shav how two-level
volumerenderingmprovestheresults.
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2.4.1 Medical data visualization

Visualizationof medicaldatais oneof themostimportantapplicationfieldsof vol-
umerendering.Several renderingtechniquesare usedto depictdifferentfeatures
of the data. Puresurfacerendering for example,is usedwhenactualboundaries
of objectswithin the medicaldata-sefreto be shawvn, e.g.,the surfaceof bones
or theskin (cf. Fig. 2.7). Similar to surfacerendering DVR is oftenusedto render
tissuetransitionswithin medicaldata-setgseeFig. 2.2(b)). Throughphotoreal-
istic shading,DVR-imagesaswell as surfacedepictionsvery well communicate
3D shape.Furthermore DVR resultsfeaturea usuallygoodimpressionof object
interrelationsand depthinformation. MIP, on the otherhand,is very useful for
visualizingrathercomplex structureslike bloodvesselsprgans etc. Imagesusu-
ally arelessoverloaded,comparedo DVR, andfocuson the importantpartsof
the data. In Fig. 2.3(a)we shav blood vesseldogetherwith lower-valuedbones
by the useof MIP. In additionto DVR andMIP, simplevalueintegration (x-ray-
like results)becomesuseful when object thicknessshould be displayed. Also,
x-ray-like objectappearancenight be familiar to user(seeFig. 2.10(a)for an ex-
ample).Finally, non-photorealisticenderingof medicaldata-sethiasbeenproven
to allow for shaving shapecueswithout the consumptiorof lots of screenspace
(cf. Figs.2.1, 2.10(b),and2.10(c)).

However, alsosomedisadwantagexanbe experiencedvhenworking with the
abore mentionedmethods:DVR imagessometimedendto be overloadedwith
content(blurred images). Due to the convolution characterof the compositing
step,andthe high sensitvity of DVR on the transferfunctionin use, it happens
easilythattoo mary data-aluesare meigedinto the final image. The useof gra-
dientinformationasanotherinput to the transferfunction[78] partially improves
this situation. For objectswith a comple interior structure neverthelessit is dif-
ficult to avoid this accumulatiorproblem.MIP imageson the otherhand,usually
lack depthinformation. Thisis dueto theweakinter-pixel correlationof neighbor
ing viewing rays. Data-maximeaoften are detectedat significantly differentdepth
locationsalong neighboringrays. ConsequentlyMIP imagesusuallylook rather
flat, andview-point variations(via animationor userinteraction)arenecessaryo
re-generatéhe 3D impression Also, no occlusionis consideredshawving objects,
which are actually beyond eachother in an arbitrary order With standardVIP
usuallyjust onestructureis visualized,i.e., the objectof interestlackscontet in-
formation.

Two-level volumerenderingallows to overcomethesedifficulties to a certain
extent. Context information, for example, can be displayedby the use of MIP,
andcombinedwith DVR-renderednnerstructuresThe MIP-representationf the
outer hull avoids the overloading problemof DVR as MIP hulls featurerather
uniform transparenc ThroughDVR-renderingthe 3D shapeof inner structures
becomegamorevisible. In Fig. 2.8(a), lower image,the skull is renderedoy the
useof MIP, producingrathercontinuougransparencthroughoutheimage. This
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(@) (b)

Figure2.9: Dynamicalsystemsvisualizedby the useof two-level volumerender
ing.

enablesnsightto thebloodvesselswhich arerepresentetly theuseof DVR. Two
furthercomparisongrealsodepictedn Fig. 2.8. In generalwe foundit usefulto
depictthe context of DVR-renderednner structuresoy the useof MIP [40]. We
alsoexperiencedhatin the caseof rathercomplex structuresMIP is working fine,
whereador objectswith limited spatialfrequenciesisuallyDVR worksfine.

2.4.2 Dynamical systemvisualization

We also successfullyapplied two-level volume renderingto discrete dynam-
ical systemsin 3D. We are interestedin the long-term evolution of a dis-
crete dynamical system, which is given as a set of three difference equa-
tionsx;+1 = £ (xt); X1, X141 € Q C R3, wheret denoteghe (discrete)time of
evolutionandp € II C R™ is avectorof parametersf the dynamicalsystem.

A trajectory(or evolution over time) of the systemis definedasthe sequence
of states{x; }+>¢, startingfrom a giveninitial conditionx, by the repeatedap-
plication (iteration) of the mapf,, i.e.,x; = ff,(xo). Investigatingthe long-term
behaior of suchadynamicakystemwe arefirstinterestedn attractingsetswhich
arepresenfor aspecificparametesettingp. Attractingsetsmightbequitesimple,
e.g.,singlepoints, periodiccyclesof limited period,or quasi-periodidrajectories
whichfill aclosedcune, or morecomplex objectssuchaschaoticsetsalsocalled
strangeattractorgd33].

Not only the attractorasthe limit of evolution, but alsoits basinof attraction
shouldbeshavn. A basinis equalto the setof all startingconfigurationsx, which
(in the long-term)finally corverge to the correspondingttractor Similar to the
attractorsthemseles, also the basinsmay have either simple boundariesjust a
box, for example,or complex boundariesvhich may be formedby mary discon-
nectedportionsand sometimeanay even have a fractal structure. A basinis a
setwhich spatiallyincludesthe correspondingttractor When several attractors
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coist, it becomesyery importantto visualizethe boundariesvhich separatéhe
correspondindpasingtogethewith theattractorsvhich arenestednsidethem.

In ourcasefwo-level volumerenderings successfullyusedin thescientificin-
vestigatiorof two discretesystem®f internationalnterest.Thefirst oneis athree-
dimensionabystemwhich modelsatriopoly, i.e.,aneconomicsystemwherethree
producersharehe market of agivenproduct—for example,a competitionamong
threecompaniesn aninternationalcontext. The questionis which compary will
finally dominatethe market, givena particularinitial condition(theinitial produc-
tionsof thethreecompaniesandgivena certainsetof socalledreaction-functions
f, which representhe optimal choices[2]. In Fig. 2.9(a)two-level volumeren-
deringwasusedto visualizefour basinsof attraction,threeenclosedasinsusing
DVR, andonesurroundingoasinusingMIP. Additionally a so-calledcritical sur
faceis depictedusingMIP. The color of the surfacecorrespondso the distanceto
the closesthasinboundary Critical surfaceswhich aresometimesesponsibldor
globalbifurcations,arebasicallydefinedto bethe 3D locuswherethe determinant
of the Jacobiarmatrix of f;, vanishes.

Another systemwe are investigatingis a three-dimensionahon-irvertible
guadratic,.e., a seconddegreemap, which canbe consideredas an extensionof
a broadlyusedtwo-dimensionafjuadraticmap[92]. Suchtwo-dimensionamaps
have oftenbeenusedto explain globalbifurcations. Thesearequalitative changes
occurringin the structureof the attractorsand/orof their basinswhenthe param-
etersare changed,as a consequencef contactsbetweenparticularcurves (the
so-calledcontactbifurcationg[92]). Two-level volumerenderingfor thevisualiza-
tion of basinsandtheir associatedttractorseaseghe investigationof bifurcation
eventsin three-dimensionalpace A fastvisualinspectiorallowsto relatebifurca-
tionsto contactshetweerparticularsuriaceswhoseanalyticequationis generally
unknavn. Interactie 3D visualizationis crucial for the detectionof global bifur-
cationeventsin 3D. Fig. 2.9(b)shaws, for example,anattractorwhichis closeto a
contactwith the boundaryof its basin. The attractorhasbeenrenderedisingMIP,
theboundaryis depictedusingDVR. The opacityof the boundaryoxelsis modu-
latedaccordingto the distanceto the closestpoint of the attractoy clearly shaving
areasof potentialcontact. In fact, the useof cutting planesor simple projections
doesnotwork in suchcases.

In Fig. 2.9(c) MIP wasusedto rendera chaoticattractor Theinner structure
of the fractal object becomesvisible quite well. Another attractoy also appar
entwithin this parametesetting,is a two-cycle (two points),representety label
“E1". Bothbasinsof attractionarerenderedy theuseof DVR to bettershaw their
3D shape.They subdvide phasespacein a complex way: the basinof attraction
correspondingo the simpleattractoris a non-connectedet,whosedistribution in
spacehasa fractalstructure.
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(b)

Figure2.10: Furtherresultscomputedvith two-level volumerendering: (a) value
integration(x-ray-like depiction)andsurfacerendering, (b) surfacerenderingand
NPR (c) surfacerenderingNPR,andMIP.

2.4.3 Userinteraction

Two-level volume rendering,as presentedn this paper hasbeenimplemented
in aninteractve Java-based124] tool. The appletprovidesthe userwith a setof
interactve toolsfor exploringandvisualizingthedata.After loadingadata-setit is
decomposedhto distinctobjects. Segmentationinformationis alwayspresentor
dataoriginatingfrom dynamicalsystemcomputationsMedical data-sethovever
may not necessarilycontainsegmentationinformation. Non-s@gmentedmedical
datais automaticallydecomposedsinga simple,threshold-baseseggmentation.

All operationswhich affect viewing parametersand optical propertiesof ob-
jectsareperformednteractvely. Eachobjectcanbeeithershavn or hiddenfor se-
lective visualizationof specificfeatureswithin the scene In additionto the global
renderingmode, the object-level renderingmode as well as the opacity can be
selectedseparatelfor eachobject. Also, the color of objectscanbe setindepen-
dently of therangeof valuesof the objects voxels. In our implementatiorwe use
color mainly to distinguishbetweenobjectswithin the scenewhereasDVR and
MIP mainly work on opacities,color saturationandlightness,aswell asshading
information. Additional information (like gradientmagnitudeor distanceto an-
otherobject)canbe usedto modulateeitherthe color or the opacityof an objects
voxels. Cutting planesat certainvaluesof z, y, andz canbe appliedto subsetof
objectsandmanipulatedn real-time.

Using the mouseto directly interactwith the scene further visualizationpa-
rameterscan be influenced: viewing position, zoom factor position of the light
source,materialproperties,and opacity transferfunction. Additionally the win-
dowing metaphaorwhich is widely employed in medicalimagingapplicationsjs
usedto adjustcontrastandemphasizapecificdatarangeswithin the colortransfer
function.
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figure volumesize | renderingtime
2.3(a)| 256 * 256 * 100 0.09s
2.8(b) | 202 x 152 x 255 0.18s
2.8(c) | 256 * 256 * 241 0.17s
2.9(c) | 256 * 256 * 256 0.17s

Table2.2: Renderingimes.

As emptyregionswithin the volumearenot storedin our implementationye
are ableto handle4D data(or even dataof higherdimensionality)in a memory
efficient way. 4D datais obtainedfrom dynamicalsystemresearchas parameter
variationproducesseveral (10-100)distinctvolumedata-sets.

2.4.4 Results

Table 2.2 shavs the renderingtimes of someof the figuresfrom this papermea-
suredon an AMD Athlon 600 PC. All imagesare512x512in size. Most of the
imagesaresingleframesfrom animationsequencewhich canbefoundattheweb
pageof this work (http://www VRVis.at/vis/research/tvlevel/), wherealso fur-

therresultsareshavn. Fig. 2.10shaws threeof them: surfacerenderingandvalue
integration (x-ray-like depiction)were usedfor the tooth data-setsurfacerender

ing togetherwith NPR resultedin the imageof the humanhead,whereassuriace
rendering,MIP, and NPR were usedto depictthe datafrom a dynamicalsystem
simulation.

2.5 Summary and conclusions

In this paperwe presentedheideaof meging seseral differentvolumerendering
techniquesnto a two-level volumerenderingmethod. Segmentationinformation
is utilized to apply individual renderingtechniquego differentobjects,which ad-
ditionally arememgedinto aresultingimagethrougha globalrenderingstep.

We appliedour new techniquen two areaspnamelymedicaldatavisualization
and the visualizationof dynamicalsystems. DVR-renderedobjectsof interest,
for example,which aredisplayedwith MIP-renderectontext objectsprovedto be
usefulin bothcases.

Thedecisionwhatrenderingmethodto choosestronglydependon whatdata
is to be visualized,what structurethis dataconsistsof (comple, rathersimple,
etc.),andwhatthe useractuallywantsto seewithin thedata.Often,evenonedata-
setcontainsobjects,which differ significantlywith regardto their inner structure
or boundarysurface. Our approachallows to take the mostappropriatevolume
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renderingmethodon a object-by-objecbasis,andglobally meige the subsequent
resultto thefinal image.

We alsoexperiencedhatcertainvisualizationsetupsarequite commonto vari-
ousapplicationfields. Focus-plus-contd, for example,whichis well-known from
informationvisualization alsoshavs up in visualizationgoalsfor medicaldata,or
dataof dynamicalsystemsUserswantto peerinside3D datato investigatesome
inner structuresput they alsowould like to keepsurroundingobjectsintegrated
within thevisualization for spatialreference.

Also, beingableto implementhis new approactof two-level volumerendering
as an interactive tool on PC-hardvare, allowed to experiencethe importanceof
interactve investigationof volumetricdata.Beingableto vary viewing parameters
aswell asvisualizationattributesinteractvely significantlyhelpsto generatejuite
usefulresults.
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Chapter 3

FastVisualization
of Object Contours by Non-
Photorealistic Volume Rendering

In 2001, the contentsof this chapterhave beenpublishedin the journal Com-
puterGraphicsForum (Blackwell CGF) 20(3), i.e., in the Proceeding®f the Eu-

ROGRAPHICS 2001 Conference(EG 2007, pp. C452—C460 (paper*“Fast Vi-

sualization of Object Contours by Non-Photorealistic Volume Rendering’

by Csbfalvi Balazs, Lukas Mroz, Helwig Hauser AndreasKonig, and Eduard
Groller).

46



The contentsof this chapter(paper)arearesultfrom a collaboratve projectwith
Lukas Mroz (one of Helwig Hausers PhD students),Csbfalvi Balazs (another
PhD student) Andreask nig (manageiof the projectwhich fundedthis pieceof
research)andProf. EduardGroller (headof thevisualizationgroupatthe Institute
of ComputetGraphicsandAlgorithms,ViennaUniversityof Technology).Related
papergco-authoredy Helwig Hauser)are:

Two-Level Volume Rendering[41], astronglyrelatedpaperalsocontained
in this thesisaschapter2, and Two-level volume rendering - fusing MIP
and DVR [40], anearlierversionof this paper

Interactive High-Quality Maximum Intensity Projection [97], a related
paperaboutfastMIP

RTVR - aflexible java library for interactive volume rendering [95], a
relatedpaperaboutfastvolumerendering

Space-EfficientBoundary Representationof Volumetric Objects[96], a
relatedpaperaboutdatacompression

High-Quality Two-Level Volume Rendering of SegmentedData Setson
Consumer Graphics Hardware [35], a relatedpaperfrom 2003 with an
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Fast Visualization of Object Contours
by Non-Photorealistic Volume Rendering

Csbfalvi Balazs,LukasMroz, Helwig HauserAndreask onig,andEduardGroller

Abstract

In this paperwe presenta fastvisualizationtechniquefor volumetricdata,which
is basedon a recentnon-photorealisticenderingtechnique. Our new approach
enableslternatve insightsinto 3D data-setgcomparedo traditionalapproaches
suchasdirectvolumerenderingor iso-suracerendering).Objectcontourswhich
usually are characterizedy locally high gradientvalues,are visualizedregard-
lessof their densityvalues. Cumbersoméuning of transferfunctions,asusually
neededor settingup DVR views, for example,is avoided. Insteada smallnum-
berof parameterss availableto adjustthe non-photorealistidisplay Basedonthe
magnitudeof local gradientinformationaswell ason the anglebetweerviewing
directionandgradientvector data-aluesare mappedto visual properties(color,
opacity),whichthenarecombinedo form therenderedmage(MIP is proposeds
the default compositingstragtgy here).Dueto the fastimplementatiorof this al-
ternative renderingapproachit is possibleto interactvely investigatethe 3D data,
andquickly learnaboutinternalstructures.Several further extensionsof our new
approachsuchaslevel linesarealsopresentedh this paper

3.1 Intr oduction

Oneimportantreasorfor visualizationto actuallybe ausefultool for investigating
large andcomplex data-setss thatit allows to view the dataof interestby means
of differentdisplaymethods Especiallyin thefield of volumevisualizationwhere
the useraimsto peerinside3D objects this ability to vary the waysof visualizing
theinterior of a 3D data-setis very useful.

Traditionally socalledphotorealisti@pproachedominatethefield of volume
visualization.The representationf objectswithin a 3D data-seby meansof iso-
surfaces for example which themselesareapproximatedy alarge collectionof
polygonseach(cf. marchingcubes[83]), aswell asthe useof transferfunctions
to mapdensityvaluesto visual propertieswhich in turn arecomposedo thefinal
imageby the useof alpha-blendinglongviewing rays(cf. directvolumerender
ing [21, 78]), arejusttwo prominentexamples.

Onespeciakhallengeof mostvolumerenderingapproacheis thespecification
of parametersuchthatthe resultingimagesarein fact providing usefulinsights
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into the objectsof interest. With iso-surficerendering for example,the specifi-
cation of properiso-valuesis crucial for the quality of the visualization. When
directvolumerendering(DVR) is used,the specificationof usefultransferfunc-
tionshasbeenunderstoodsthemostdemandingnddifficult part[59, 24, 28,62].
Therefore techniquesyhich do not requirea lot of parametetuning, while still
corveying usefulinformationaboutthe data-sebf interest,proofedto be useful,
especiallywhen appliedduring the exploration phaseof datainvestigation,i.e.,
whenthedatashouldbe understoodn general.

An interestingexperiencefrom working with applicationsin the field of vol-
umerenderingwhichis especiallyimportantfor the work presentedn this paper
is that(duringinvestigation)olumetricdataoftenis interpretecasbeingcomposed
of distinctobjects,for example,organswithin medicaldata-setsFor a usefulde-
piction of 3D objects,often boundarysurfacesare usedasa visual representation
of the objects. This is mostly dueto the needto avoid visual clutterasmuchas
possible. Evenin directvolumerenderingwhentransferfunctionsareusedwhich
alsodependngradientmagnitude$78], visible structuresaresignificantlyrelated
to objectboundaries.This is a direct consequencef the fact that voxels, which
belongto object boundariestypically exhibit relatively high valuesof gradient
magnitudej.e., valuesof first-orderderiative information.

In contrastio photorealisticapproachesyhich stick to (moreor lessaccurate)
modelsof theillumination of translucentmedia[90], non-photorealistitechniques
allow to depictuserspecifiedfeatures,like regions of significantsurface cuna-
ture, for example, regardlessof ary physically-basedendering. Recently also
non-photorealisticenderingtechniqueswhich originally have beenproposedor
computergraphicsin general[111, 74, 23], have beenproposedor volumeren-
dering[22, 127], definitely extendingthe abilitiesfor theinvestigationof 3D data.
Ebertand Rheingang22], for example, give a broad spectrumof variousnon-
photorealistiozisualcuegboundaryenhancemensketchlines,silhouettesfeature
halos,etc.) to be easilyintegratedwithin the volume visualizationpipeline. Also
very interesting,otherspecializedechniquedor the representatiof objectsur
faceshave beenproposedecentlylike 3D LIC which is basedon aneigervalue/-
vectoranalysisof surfacecunatureasproposedy Interrante[50], or the repre-
sentationof surfacepoints by the useof small geometricobjectsas proposedoy
Saito[110].

In this paperwe presentanon-photorealisticenderingechniquefor volumet-
ric data,which doesnot dependon data-alues,but on the magnitudeof gradient
information,instead. Thereby 3D structureswhich are characterizedby regions
exhibiting significantchangesof data-alues,becomevisible without being ob-
structedby visualrepresentationsf rathercontinuousegionswithin the 3D data-
set. We discussthe importanceof high-quality gradientreconstructionwhich in
our caseis performedby a sophisticateanethodbasedon linearregressiorf102].
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Figure3.1: Theg(]V|) windowing function.

3.2 Contour Rendering

In this sectionwe presentthe non-photorealistidendering(NPR) model which
we useto displaythe contoursof the objectswithin the volumetricdata-set.The
following characteristicef therenderingmodelin usearecrucial:

e noapriori knonvledgeaboutthe datavalues

e enhancemerdf internaldetails

e justafew renderingparameterdastfine tuning

e supportof optimizationfor fastpreviewing

Sincewe needa model,which is independenbf data-alues,asa generaltool for
volumesof variousorigins, the datavaluesthemseles shouldnot directly con-
tribute to the final result. Insteadof the original data-alues,a functiong(|V|) of
gradientmagnitudess used(note,thatfor the sale of simplicity ‘' V'’ is usedhere
asashortcutfor ‘ Vdata;’) in orderto characterizéhe “surfacenessbdf avoxel.

This function canbe definedasa windowing function by default determining
therangeof interestin thedomainof gradientmagnitudegFigure3.1). Ourmodel
enhanceshe voxels with highervalue of function g emphasizinghe surfacesof
differentobjects.

The traditionalway of iso-suriceenhancemeris to usea transferfunction,
wherethe opacitiesare weightedby the gradientmagnitudeg78]. This solution
hasthefollowing drawvbacks:

e time consumingransferfunctionspecification

o limited numberof iso-surbicesrenderecht the sametime

e internaldetailslik e cavities canbe easilymissed

e ray-casting-basedknderings computationallyexpensve

Consideringthesedisadwantageswe do not follow the ideaof renderingseveral
iso-surfices. Insteadof this we proposea non-photorealistizisualizationmodel.
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d) opacitymodulated e) pluslevel lines f) front view

Figure 3.2: Differentoptionsof usingnon-photorealisticenderingfor the visual-
izationof objectcontourswithin volumes.

Ourgoalis to give afirst 3D impressioraboutthe contentof thevolumepreferably
without missingimportantfeatures. Therefore,only the silhouettelines of iso-
surfacesarerenderedn orderto avoid the hiding of importantdetails. Previously
this ideahasbeenusedonly for singleiso-surbicesdefinedby a densitythreshold
andreconstructethy the“marchingcubes”algorithm. Thesilhouetteenhancement
canbe adaptedo volumes,wherethe contoursof all the objectscanbe rendered
at the sametime providing imageswhich arerich in details. In our model we
usea view-dependenfunction s(P, V') which assignshigherweightsto voxels
belongingto anobjectcontour:

s(P,V) = (1 —-[V(P)- V)", 3.1)

whereP is thepositionof a givenvoxel andvectorV is theviewing directionand
n is anexponentcontrollingthe sharpnessf the contour

Thereare several opportunitiesof usingweightingfunctionsg ands in calcu-
lating thepixel colorscorrespondingo theviewing rays. For example anintensity
valuefor a sampleposition P canbe calculatedusingthefollowing formula:

I(P,V) = g(IV(P)])-s(PV)
= g(V(P)))- (1~ |V(P) V)" (3.2)
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MIP

threshold

ray parameter

Figure3.3: Local maximumintensityprojection(LMIP).

After having theseview-dependenintensitiescalculatedatthesamplepointsalong
a viewing ray we canusemaximumintensity projection(MIP), thusthe highest
sampleintensityis assignedo the givenray. Note that, the classificatioraccord-
ing to function I (P, V') resultsa sparsevolumesignificantlyreducingthe number
of voxelswhich contrikute to thefinal image. This approacthastwo adwantages.
Thereis no visual overload(unlike in directvolumerenderingwhenseveraliso-
surfacesarerenderedat the sametime) andthis propertycanalsobe exploitedin
the optimizationof therenderingprocessaswe will shaw it in the furtherdiscus-
sion. Figure3.2(a)shavs the CT scanof a humanheadrenderedusingthe contour
enhancemenrfunction I(P, V'), whereyou canseethe contoursof the skull, the
skin,andthebrainatthesametime.

If simple maximumintensity projectionis used,depthinformationis not ap-
pearentin the image. The spatialimpressioncan be improved by using simple
depthcueingwheretheintensitiesof samplepointsareweightedaccordingo their
distancefrom the viewpoint. Figure 3.2(b) shavs an imagegeneratedvith this
depth-cueingxtension.Herefor instancethe contoursof the earsarebetterrec-
ognizablethanin Figure3.2(a).

Evenif depthcueingis usedit canhappernthatsomehigherintensitycontours
hidethewealer contourswhicharecloserto theviewer. Thismightbeconfusingn
correctinterpretatiorof theimage.In medicalimagingpracticeusuallylocal max-
imum intensityprojection(LMIP) is appliedinsteadof traditionalMIP in orderto
avoid suchproblemq116]. Theideais to projectthefirst local maximumintensity
ontotheimageplane,whichis higherthana predefinedhreshold(Figure3.3).

Thistechniguecanbe adaptedalsoto theview-dependenintensitiesdefinedin
ourmethod.Figure3.2(c)shavs animagerenderedisingthe LMIP of our contour
enhancingntensityfunctionI(P, V).

Another alternatve of keepingthe depthinformationis to assignthe values
of function g ascolorsandopacitiesmodulatedby the view-dependentntensity
function I(P,V) (Equation3.2) to the samplepoints and to perform an alpha-
blendingrendering.
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Thisapproachldemonstrateth Figure3.2(d)emphasizegatherthe contoursof
larger objectsandthe smallerdetailsare lessvisible. This versionis appropriate
for datasetswhich containmary highfrequeng regions.In this caseonly themain
characteristicontoursareenhanced.

Thebasiccontourprojectionapproactcanbeextendedoy alsorenderingsome
additionalcharacteristidines like level lines. For instance gvery twentiethslice
is selectedn the volumeandindependentlyrom the viewing directionthe values
of function g areassignedsintensitiesto the voxels of the selectedslices. These
assignedntensitiesaarerenderedy maximumintensityprojectionaswell but using
a different color channelin orderto distinguishthe level lines from the object
contours(Figure 3.2(e)). Of coursetheselevel lines canbe perpendiculato any
arbitrarydirectionaswell.

Figure 3.2(e)clearly illustrate that the additionalcharacteristidines improve
the spatialimpressiorwithout hiding the importantfeatures.After having theim-
agegeneratedhe usercaninteractively andseparatel\gcaletheintensityof differ-
entcolor channelslt is alsopossibleto simply switch off thedisplayof additional
characteristidines.

Figure 3.4 shavs internalorgansof a humanbody renderedoy our combined
technique. Without taking care aboutthe different density rangesthe contours
of the skin, the lungs, the spine,andthe pelvis are visualizedat the sametime.
The branchesf the bronchiainsidethe lungsarealsovisible. Thesearetypical
low densitycavities which canbe hardly renderedusingthe corventionaltransfer
functionbaseday casting.

Figure3.2(f) shaws alsotherenderingof suchinternalcavities, wheregenerat-
ing thefront view of the humanheadthe frontal sinusesareclearlyvisible.

For renderingthe CT scanof humanvertebraecontainingscravs, which is
depictedin Figure 3.5 it would be confusingto useary additionalcharacteristic
lines. Note that, the visualizationof the scravs would require quite sometime
to find anappropriataransferfunctionif traditionaldirect volumerenderingwas
applied.

3.3 Gradient Estimation

Usuallyin volumerenderingheconventionalmethodof centraldifferencess used
for gradientestimation.Sinceit takesonly a narrav voxel neighborhoodnto ac-
countit causegypical staircaseartifacts. Contourenhancingasit is describedn

this paperis very sensitve to accurag in gradientdirections,thereforea more
sophisticate@radientestimationis required.

We usetheresultsof our previous work publishedin [102]. The gradientes-
timation methodpresentedhereis basedon linear regression,wherein a local
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Figure3.5: Non-photorealisticenderingof humanvertebraeawith scravs inside.
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neighborhoodhe densityfunctionis approximatedyy a 3D hyperplane.The er-
ror of the approximationis definedas a meansquarepenaltyfunction which is
evaluatedat eachneighboringvoxel positionusing a ring off weighting of error
contrilutions. Theminimizationof the equatiornsystemeadsto a computationally
efficientconvolution. Sincethesurfaceinclinationis estimatedrom alargervoxel
neighborhoodthereforewe obtaina smoothgradientfunction.

3.4 Rendering

Two differentimplementation®f the non-photorealistianethodhave beenused
for generatingthe imagesshawvn in this paper A high-quality perspectie ray
caster(Fig. 3.2,3.4,and3.5) andaninteractve sheatwarp basedmplementation
(Fig. 3.8)whichis discussedbelav in detail.

Whenthe lighting modelfrom equation3.2 is used,the usualspatialqueues
which areofferedby corventionalrenderingwith a physics-basetighting model
are not available. If in addition MIP is usedto obtain pixel colors, depthinfor-
mationis alsolost dueto the inherentlack of occlusionwithin MIP images.The
ability to interactively modify theviewing parameterandto changeheview-point
becomesrucialfor understandinghe resultof thevisualizationprocess.

A preconditionto achieve interactve renderingperformancdor volumevisu-
alizationwithout specialvolumerenderinghardvarelike a VolumePrdooard[103]
is theability to excludefrom renderingpartsof thevolumewhichdo notcontrilute
to theresultingimagewith utmostefficiengy. Classicaivolumerenderings based
on compositingthe contritutionsof samplesalongraysaccordingo their opacity
In this caseeither‘empty”, entirelytransparentegions,or partsof the volumelo-
catedwithin high-opacityobjectswhich are occludedby outerpartsof the object
canbeomitted. Skippingof emptyregionsis usuallyperformedusingeitherahier
archicalapproach(for examplebasedon octreeq70]) or by encodinghe distance
to theclosesnon-transparergtructureat eachsamplewithin thevolume[13]. The
skipping of non-contriluting datawithin high-opacityregionscanbe doneusing
front-to-backrenderingandearly ray termination.

If equation3.2is usedfor determiningthe color of avoxel, it's potentialinflu-
enceontheresultingimagedepend®ntwo factors:First,thewindovedmagnitude
of the gradientat the voxel, andsecondon the anglebetweerthe gradientandthe
currentviewing direction. Similarly to the definition of classicalopacitytransfer
functions,theinfluenceof gradientmagnitudeon a voxel changenly if thewin-
dowing function is modified. Voxels with g(|V(P)|) = 0 caneasily be skipped
using one of the establishedechniquedor empty spaceencoding. Most of the
remainingvoxelswith a highergradientmagnitudealsodo not contribute ary sig-
nificantinformationto acontourimage dueto theinfluenceof the(1— |V (P)-V|)™
term. Unfortunately this termis view dependentmakingary of the conventional
volumeregion skippingtechniquesnfeasible.
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In the following sectionswe will discusstwo approachegor skipping non-
contrikuting voxels within the volume. Their applicability is closely coupledto
the usedrenderingtechnique . The methodusedto achiere interactive renderings
thereforeoutlinedfirst.

3.4.1 Preprocessing

Effective renderingof volumetric data setswhere voxel contrikutions depend
on gradientmagnitude requiresmethodswhich are able to efficiently deal with

“sparse”volumes. For example,potentially contrituting voxels canbe extracted
from the volumeandto storedin alist. For eachof thosevoxels, it’s positionand
relevant attributes, like datavalue or gradientdirectionand magnitudeare stored.
Thevoxelswithin thelist areorderedto meetrequirement®f a specificrendering
technique.For MIP for example,sortingand projectingthe voxels by datavalue
eliminatesthe needfor maximumsearchand allows efficient skipping of voxels
mappedto black [98]. For DVR, sorting the potentially contrituting voxels by

deptheliminateshe needto procesemptyvoxelswhile still maintaininga correct
orderof compositing[100]. Voxelsfrom commonsized(2563) datasetsstoredin

this way canbe renderedat interactve frameratesusingfor examplesheaswarp
basedprojection[40]. To achie/e interactve framerates,this methodperforms
parallelprojectiononly, usingnearesneighborinterpolationfor projectingvoxels
ontothebaseplane.

A quantizatiorof gradientvectorsto 12-16bit allows to performshadingby a
singletablelookup usingthe gradientvectorasanindex. The effort for comput-
ing thelookup tableis negligible. For scannediatasetseven the quantizationto
only 12 bit per gradientstill providesvisually satishctoryresults. Despiteof the
reductionin accurag by quantizationperforminggradientreconstructiorusinga
high-qualitymethods still recommendedp avoid staircasartefaictsasintroduced
by usingthe centraldifferencesnethod.

3.4.2 Optimizations for MIP

In our case yoxel intensitiesarenot constantatavaluesfrom the volumeascom-

monly usedfor MIP projection. IntensitiesI (P, V') resultfrom a function which

dependon the viewing direction and gradientmagnitude. This propertymakes
a global pre-sortingof voxels by intensityimpossible. However, properordering
of the voxels canbe usedto group andefficiently skip groupsof voxels mapped
to black eitherby windowing of the gradientmagnitudeor by the influenceof the

currentviewing direction.

For maximumintensityprojection theorderof projectingvoxelsis notrelevant
asmaz(a,b) = maz(b,a). Thus,voxelsdo not have to be orderedandprojected
in spatialorder If we insteadgroup voxels with the sameor a similar gradient
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Figure3.6: Voxel orderingfor MIP (2D). Voxels aregroupedby (quantized)gra-
dientdirection. Within the groups,voxels aresortedby gradientmagnitude.Only
groupswith S(P, V) > e arerenderedwithin a grouprenderingis stoppedafter
thefirst voxel with I(P, V) < ¢

direction,we canexploit the fact, that voxels which are not part of a contourfor
the currentviewing direction,are mappeddo low intensityvalues. Entire groups
of voxelswith a similar gradientdirectioncanbe skipped,f theintensityS(P, V)
of arepresentatke of this groupis belov somee (seeFig. 3.6). The quantization
of gradientvectorsfor renderingleadsto the requiredclusteringof voxels into
groupswith the samegradientrepresentationFor typical datasets,over 75% of
all voxel scanbe skippedby exploiting just this scheme. Furthermorewithin a
group of voxels with the samegradientrepresentationyoxels can be sortedby
gradientmagnitude.lf projectionof voxelswithin a groupstartswith voxelswith
the highestgradientmagnitude processingf the groupcanbe stoppedassoonas
thefirst voxel with anintensityI(P, V') belov € hasbeenprojected.

This arrangemenbf voxels allows to skip non-contriluting partsof the data
with utmostefficieng). The disadwantageof this optimizationis the restriction
of the compositingprocesgo maximumintensity selection. Due to the arbitrary
spatialorderingof thevoxels, blendingof voxel contritutionsis not feasible.

3.4.3 Optimizations for Back-to-front Compositing
To maintainfull flexibility in the choiceof compositingoperationslike local MIP

or alpha-blendinga spatially consistentordering of the projectedvoxels hasto
be maintained. If sheatwarp basedprojectionis used,only the orderin which
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Figure 3.7: Voxel orderingfor back-to-frontrendering: Voxels within eachslice
aresortedby gradientmagnitude Voxels which aremappedo 0 by ¢(|V|) canbe
skippedefficiently.

slicesof voxels are projectedis relevant (consistentlyback-to-frontor front-to-

back). Within a slice of voxels, the orderingis not relevantaslong asprojections
of neighboringvoxels do not influenceeachother Nearesneighborinterpolation
for the projectionto the base-plananeetsthis requirement. The groupinginto

sliceshasto be performedfor eachprincipal viewing axis-z, y, andz separately
Dependingon the viewing direction,oneof the threecopiesis usedfor rendering
(theusualapproacho sheaiwarp rendering).

Voxels with a gradientmagnitudebelov a specificthresholddo not provide
a useful contritution to animagerenderedusingour model. Only about25% of
all voxels have a sufiiciently high gradientmagnitude andarethusincludedinto
theextracteddatastructure thuskeepingthe memoryrequirementsitareasonable
level.

Within a slice,voxels aresortedaccordingto gradientmagnitude During ren-
dering,only voxelswhich arenot mappedo blackdueto their gradientmagnitude
(seeFig. 3.7) have to be considered.VVoxels mappedto black dueto the cur
rently usedg(|V|) arelocatedat the endof the voxel list of the slice andcanbe
efficiently skipped.Comparedo the MIP-only orderingof voxels describedn the
previous section significantlymorevoxels have to berendered Voxel skippingis
only basednthe“surfaceness{i.e. gradientmagnitudepf avoxel, but notonthe
view-dependenpropertyof beingpartof a contour
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Figure 3.8: Interactve non-photorealisti renderingresults

3.4.4 Interactiverendering—discussion

As usualfor interactve rendering,a high frame rate is achieved by trading off

renderingquality andaccurag againstspeed. The mostimportantfactorfor the
quality of contourimagesis the accurayg of gradientvectors(Sec.3.3). By quan-
tizing gradientdo afew bit for interactve renderinglimits aresetto the exponent
n in Equ.3.1. High valuesof n resultin very sharpandthin contours.The quan-
tizationerrorof gradientscloseto the contouris thereforeamplifiedandresultsin

too bright or too dark voxel contrikutions. For a quantizatiorto 12 bit asusedby

our implementationan exponentaround4 providesa sufficiently narrov contour
without producingdisturbingartefacts(Fig. 3.8).

Dueto moreefficient skippingof blackvoxelsanda simplercompositingoper
ationfor projectingavoxel, renderingusingMIP is faster(seeTah 3.1)thanwhen
blendingof voxel contritutionsis used. Although MIP allows to depictthe most
significantfeaturesof a volume (seeFig. 3.8¢,f), thelack of occlusionanddepth
informationin MIP imagesmay be a disadwantage.The high interactvity of non-
photorealisticrenderingusing MIP compensatefor this disadwantageby adding
time asanadditionaldegreeof freedomfor thevisualization(i.e. interactve view-
pointchanges).
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volumesize | voxelsrendeed | time

head/mip | 2562 * 225 102k 85ms
head/blend 366k 150ms
scravs/mip | 2562 % 241 337k 130ms
scravs/blend 942k 270ms

Table3.1: RenderingTimes

More flexibility is gainedby usingopacity-modulatedblendingof voxel con-
tributionsfor rendering. The renderingtimesare acceptablgdTah 3.1), although
slower thanfor MIP. Dependingon the sourceof voxel opacity differenteffects
can be achieed. By settingthe opacity equalto voxel intensity (Fig. 3.8a)an
effect similar to MIP is achiered, with the difference,that occlusionand spatial
orderingof thevoxelsis taken into account.Contoursin areaswith a highergra-
dient magnitudeare depictedbrighterthanin areaswith lower gradientmagni-
tude.If opacityis derivedfrom g(|V|) only, theresultingimagedisplaysablended
setof surfaceswith lighted contours(Fig. 3.8b). This approachcanbe alsowell
usedto enhancecontours[22] in additionto Phongshadingfor surfacerender
ing (Fig. 3.8c). For sgmenteddatawhich allows to distinguishbetweerdifferent
objects,non-photorealistianethodscan be easily combinedwith otherrendering
methodsfor examplewith corventionalsurfacerendering(Fig. 3.8d).

The renderingtimes provided in table 3.1 have beenmeasuredising a Java
implementatiorof the algorithmson a P11/400MHz processomwith SunJDK 1.3
for Windows.

3.5 Conclusion

In thispaperaninteractve non-photorealistivolumerenderingechniquéhasbeen
presented.lt is proposedor fastviewing of differenttypesof datasetswithout
assumingary a priori knowledgeaboutthe densityvalues. Our simplified visu-
alizationmodeldoesnot requirea time-consumingransferfunction specification
which is necessaryn traditionaldirectvolumerendering.It hasbeenshavn that
usingasimplecontourenhancemergpproachifferentimportantdetailscanbevi-
sualizedsimultaneouslyThisis hardlypossiblewith renderingof semi-transparent
iso-surfces.

Our view-dependenvoxel classificationresultsin a sparsevolume,therefore
the numberof voxels which contritute to the final imageis significantlyreduced.
Ononehandusingthis approactthevisualoverloadcanbe avoidedwithout miss-
ing theinternalfeatureslik e low densitycavities. Ontheotherhandthedatareduc-
tion canbe exploitedin the optimizationof therenderingprocess Sincereal-time
rotationis very importantin orderto improve the spatialimpressioraninteractve
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renderingtechniguehasbeenpresentediswell. The maincharacteristiof thein-

teractve approachis a reorderingof voxels during a preprocessingtepin a way,

that voxels mappedto black during renderingdueto their gradientmagnitudeor

dueto the directionof their gradientvectorscanbe skippedwith high efficiency.

Thisis a puresoftware-basedcceleratiomethodwhich provideshigh framerates
even on low-endmachines.It alsosupportsthe combinationof traditional direct
volumevisualizationandnon-photorealistiwolumerendering.
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Chapter 4

Interacti ve Volume Visualization
of Complex Flow Semantics

In 2003,the contentsof this chaptethave beenpublishedin in the Proceedingsf
the 8" InternationalFall Workshop“Vision, Modeling, and Visualization2003”
(VMV 2003, pp. 191-198(paper“Interactive Volume Visualization of Com-
plex Flow Semantic$ by Helwig HauserandMatej Mlejnek).

The contentsof this chapter(paper)are a resultfrom a collaboratve project
with Matej Mlejnek (one of Helwig Hausers diplomastudents).Relatedpapers
(co-authoredy Helwig Hauser)are:

e Two-Level Volume Rendering[41], astronglyrelatedpaperalsocontained
in this thesisaschapter2, and Two-level volume rendering - fusing MIP
and DVR [40], anearlierversionof this paper

¢ RTVR - aflexible java library for interactive volume rendering [95], a
relatedpaperaboutfastvolumerendering
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e Smooth Brushing for Focus+ContextVisualization of Simulation Data
in 3D [20], atightly relatedpaper and Interactive Feature Specification
for Focus+ContextVisualization of Complex Simulation Data [19], also
atightly relatedpaper
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Interacti ve Volume Visualization
of Complex Flow Semantics

Helwig HauserandMatej Mlejnek

Abstract

Comprehendingesultsfrom 3D CFD simulationis a difficult task. In this pa-
per, we presenta semantics-basespproacho feature-basegtolumerenderingof

3D flow data.We male useof interactie featurespecificatiorto acquireso-called
degree-of-interestDOI) valueswhich describevhatis mostinterestingo theuser
(atacurrentpointin time). We adaptthreevisualizationtechniquego achiese bet-
tervisualizationanswergo specificuserquestions: (a) isosurficingthe degreeof

interest— a triplet of isosurficesrepresentgertainlevels of interest; (b) feature
volumes— volumerenderings usedto depict3D distributionsof DOI values; and
(c) interest-basedeedingof streamlinesresultingin streamlinesvhich areauto-
matically placedin regionsof specialinterest. We utilize HW-acceleratedesam-
pling and fast sheatwarp volume rendering(RTVR) for real-timeviewing, also
providing two-level volumerenderingwhich allows to integrateall of the above-

mentionedapproaches.

4.1 Intr oduction

The visualizationof flow datasetswhich result from computationalsimulation
gainsincreasingimportancedueto the increaseduseof flow simulationin sev-

eral fields of modernindustry — a well-known exampleis the simulationof air

flow aroundmodelsof new flight vehicles. In our case,the visualizationusers
simulatefluid and/orgasflows within complex 3D geometriessuchas comhus-
tion processem the automotve ervironment. Dueto the sizeandthe compleity

of their data,userorientedvisualizationis neededo helpwith answeringspecific
guestionsaboutthe dataduring dataanalysisand exploration. Also, visualiza-
tion provesto be very usefulwhenthe simulationprocesstself is investigated-
guestionssuchasof whetherthe grid designwas appropriatewith respecto the
simulatedflow featuresor of whetherthe boundaryconditionsactually provided
a usefulinterfacebetweerthe “world setting” of the simulationandits inner pro-
cessearefrequentlychecled aftersimulation.
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Figure4.1: Visualizationof a backflav regionin a catalyticcorverter (upperim-
age)andthemixing of hotandcold water(lowerimage).

4.1.1 Flow data and visualization

The visualizationof flow datastill is a challengingdfield of researcrandapplica-
tions. Thisis becausaisuallyhugelots of data-itemseedto be visualized,often
comple grid structuresareinvolved, andrealflows usuallyarethree-dimensional
andtime-depender(posingmajorchallengesuchastremendousesourcaequire-
ments,dealingwith unsteadydata,andhandlingof occlusion).Resultsfrom com-
putationalflow simulationalsooften provide several additionaldataattributesper
data-itemsuchaspressuretemperaturegtc.,requiringvisualizationtechniquegor
multi-dimensionalata.

To copewith the abore mentionedchallengesyisualizationtechniquesrere-
quired,which focuson especiallyinterestingsubsetf the data. If notall of the
datais shavn simultaneouslyocclusionproblemsare reducedand resourcere-
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quirementsare moderated. Feature-baseuisualizationof flow datais onevery
usefulapproachaswell asfocus+contgt visualizationof datafrom flow simula-
tion. While literature[105] alreadyprovidesvery goodsolutionsin feature-based
visualization— examplesareiconic visualizationof flow featureq4108, 131] or the
useof flow topologyfor visualization[43, 117] —, focus+contgt visualizationof
flow dataonly recentlypecameanactive field of researchil9]. Thework presented
herebuilds uponthis latterapproach.

With respectto the multi-dimensionalcharacterof datafrom computational
flow simulation,visualizationtechnigueswhich extend the usualdomainof sci-
entific visualizationareneeded.In informationvisualizationwe find mary useful
approachet thevisualizationof multi-dimensionalata[11, 63]. Theintegration
of techniquedrom informationvisualizationsuchasscatterplotshistogramsand
parallel coordinateg48] alreadyproved to be useful,alsoin scientificvisualiza-
tion [34].

4.1.2 Flow data and volume visualization

Volume renderingis one of the most prominentfields of visualizationresearch.
Very usefulresultshave beenachievedin medicalapplications.Volumerendering
alsohasbeenappliedto datafrom flow simulation[16, 122. However, the specifi-
cationof propertransferfunctions— which alreadyis a challengingoroblemin 3D
medicalvisualization—is anevengreaterchallengen 3D flow visualization.This
probablyis dueto thefactthatmedicaldataandflow datainherentlyhave different
datacharacteristicsWhereasn medicaldatawe usually have tissueboundaries
(which usuallyare to be shavn in medicalvisualization),in flow datawe often
misssuchrathersharpboundariebetweersubset®f the data(of coursethereare
counterexamplessuchasshockwaves,also).

Flow featuresoftenaresmoothlydelimited. Thustools, which alreadyproved
theirexcellencein medicalapplicationsuchasisosuracegcomputedvith march-
ing cubeq83]) andalpha-compositingf gradient-weightesoxel data[78, 61], do
not produceas meaningfulresultsasin medicalvisualization. The respeciie vi-
sualizationmetaphorof representinglataby somekind of thresholdingneedsto
be adaptedto datafrom flow simulation. In this paper we adapt— asone part
of our contrikution (section4.4)— isosurficingandalpha-compositingor volume
renderingto bettermatchthe specialsituationof 3D flow visualization.

4.1.3 Userquestionsand visualization

Theotherpartof our contritution in this paperis thatwe moredirectly involve the
userwithin thevisualizationprocessWe do soto morespecificallyrespondo the
actualuserquestionsA typical userquestiorwould enquireall thoseplacesn the
flow domainwherethetemperaturés high andtheflow is slow, for example.
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Therefore,a tool for interactve analysisshould(a) allow the usersto easily
formulatetheir questionsand(b) alsoprovide usefulvisualizationanswerswhich
aretailoredto theuserquestionsin our software,we useaninteractie assessment
stepin thefirst place[19, 20], which is basedon multiple, linked views aswell as
on interactive brushingto determinewhatthe usercurrentlyis mostinterestedn
(seesectiond.2 for moredetails).

So the two main contritutions of this paperare (a) the embeddingof voxel-
basedvolumerenderingin our frameavork for interactve analysisandexploration
of 3D flow data(throughresamplingo a Cartesiargrid, seesectiord.3)and(b) the
adaptatiorof voxel-basedso-surfcing,volumerenderinganddensestreamlines
(sectiond.4) to betterreflectthe specificuserinterestqutilizing degree-of-interest
valuesfor visualization).All of the heredescribedxtensionshave beenintegrated
within a real-timevolumerenderingsoftware (RTVR [95], seesection4.5 before
results,conclusionsetc.).

4.2 Interactive Data Assessment

In thissectionwe describehow asystenof multiple, linkedviewsis used(together
with interactie brushing)to determinewhatthe usercurrentlyis mostinterested
in. We alsodescribedegree-of-interes{DOI) valueswhich are usedto represent
theresultsof the dataassessment.

4.2.1 Linking and brushing

In theinteractie assessmerstep,the userinvestigateshe multi-dimensionakim-
ulationdataby usingmultiple, linkedviews, which all shav thesamedata,but usu-
ally differentdataattributesthereof.We provide scatterplotshistogramsandalso
parallelcoordinatedor flow dataassessmen©n demandtheuserbringsup views
asrequiredandadjustshemto shav exactlythosedatadimensionsvhich currently
aremostrelatedto the users currentinterest(seefigure 4.2 for anexample).

After interactive explorationin theseviews, theuserstartsto formulatewhathe
or sheis mostinterestedn: to do so,the userworks out interestingdata-itemsy
iteratively restrictingthe subsebf interestwith respecto certaindatadimensions.
This is achiered by interactvely brushingwhat actually is shavn in the views.
Stepby step,the userconcretizeshe descriptionof his or hercurrentinterest.3D
visualization,as describedbelov (section4.4), supportsthis stepby interactve
spatialfeedback.

67



Interacti ve Volume Visualization of Complex Flow Semantics/ 4.2

4.95577192...

-10.025465...

0.58751708... 16.2302284...

Y-Axis X-Axis

Flow_5Velocity. W - ‘

Flow_5\felocity hd

Figure4.2: A scatterplotof the catalytic corverter data(z: over-all velocities,
y: vertical flow components)Interactie brushingwasusedto selectdatawith a
significant‘downwards” flow component.

4.2.2 Degree-of-interestvalues

As alreadymentionedye usedegree-of-interesfDOI) valuesto representvhatthe

user(currently)is mostinterestedn. In the caseof several concurrentuserques-
tions, multiple DOI valuesareattachedo eachdata-item.Smoothbrushing[20] is

usedto gainDOI valueswhich non-binarilyaredistributedin theinterval between
0 (nointerestatall) and1 (100%interest). Therebythe usercanwork aroundthe

casethat the smoothdistribution of datapropertiesacrossthe flow domaindoes
notallow for a sharpandstill meaningfulsegmentationinto interestingversusnot

interestingpartsof theflow. This alsocanbeinterpretedasassigninga fuzzy set
membershipwithrespecto the datasubsebf interest.
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To enableusergo specificallyformulatetheir questionst is necessaryo allow
comple combinationsof simplerestrictions. In the interface of our application,
logical AND- and OR-combinationsare provided throughthe useof modifierkeys
while brushingwith the mouse.The applicationexplicitly represents composite
brushin termsof aso-calledeaturedefinitionlanguagd19]; aseparateiew, simi-
larto aregulartreeviewer of afile systemallowsto directly manipulatehesettings
of eachandary brushvia slidersandnumericinput. DOI valuesarecomputedrom
thelogical compositiontreeby hierarchicallyusingami n- or amax-combination
whereat-norm (AND) or at-conorm(CR) is required respectiely.

Although thereare interestingalternatves for logical combinationsof fuzzy
sets[60], we choseni n/max for our system,allowing for fastcomputationsand
alsothe drop-of to zero,whencombiningtwo fractionalvalues,is minimal with
respecto otheralternatves.

4.3 HW-AcceleratedResampling

Flow data-setfrom computationasimulationusuallyarelaid outon non-Cartesian
grids suchas unstructuredyrids. To enablefastvolume visualization,we usea
variantof a hardware-acceleratesksamplingapproachi136] to provide fastaccess
to theflow datawith respecto Cartesiarcoordinates.

The simulationresultswe are usingare given in the form of cell-baseddata,
i.e., dataattributessuchasthe flow vector pressureetc., aregivenfor eachgrid
cell, asopposedo a pervertex specification.

For fastvolumevisualizationit is crucialto efficiently interrogateary dataat-
tribute with respectto (almost)arbitrary spatiallocation. Sincewe usually need
access$o multiple attributesduringvisualization we decidedo notdirectly resam-
pleall thedatathemseles,attribute by attribute,but to computeanintermediat8D
redirectiontablethatmapsspatiallocationsto thecorrespondingriginal grid cells.

Sucharedirectiontableusesmuchlessmemorythanresamplingall theoriginal
attributesinto individual Cartesiargrids. The redirectiontableis a 3D Cartesian
grid of agivenresamplingesolution(usuallywe use512voxels alongthedimen-
sion of greatesextent), whereeachvoxel containsthe ID of the original grid cell
correspondingo the spatialcoordinate®f thatvoxel.

In orderto computethis table, we first decomposehe original grid cellsinto
tetrahedraEachtetrahedrorns assignedhe ID of the correspondingpriginal cell.
Sinceour resampleemploys graphicshardwarefor the actualresamplingprocess,
we split uptheintegerID into four 8-bit partsthatfit into theR, G, B, andA chan-
nelsof ahardwarecolor specification During resamplingeachcell is assignedhe
constantRGBA color correspondindo its ID andrasterizednto the outputgrid,
yielding aredirectiontableof 32-bitcell ID voxels.
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Then, sincethe original dataattributesare available for eachcell, mappinga
Cartesiariocationto ary of its correspondingttributesbecomes simpletwo-step
process.First, thelocationis mappedo its correspondingell ID via the redirec-
tiontable. Then,thecell ID is mappedo theactualdesiredattribute corresponding
to thatcell.

Throughthis kind of resamplingwe trade memory-eficiengy and flexibility
for limited visual quality of the results— the redirectiontable basicallyequalsa
zero-orderreconstructiorof the data. However, high quality outputanyhow is not
essentiafor exploration/analyis of simulationdata.

4.4 Visualization Mapping

In this sectionwe describeadaptation®f threewell-know visualizationalgorithms
(isosurhcing,volumerendering andstreamlineendering)o bettermatchthe sit-
uationof visualizing3D flow semantics.

4.4.1 Isosurfacingthe degreeof interest

Isosurficesare a very useful instrumentto visualize scalardatain 3D. This is
mostly due to their visually sharpappearance When shaded very good depth
perceptionis achiered. The worth of an isosurfice, however, is dependenbn
how meaningfulthe respectie isovalue is (seealso relatedwork abouthow to
find meaningfulisovalues[4, 134)).

An isosurficeis a sharpvisual distiction betweendata-itemswith areference-
attribute lower thantheisovaluefrom thosewith largerattribute values.If the dis-
tribution of theinvestigatedlataattributeis rathersmoothwith respecto its spatial
locationsthenanisosurficecanprovide reducednformationin placesvherethere
is notmuchchangen thedataattribute of interest-asmallvariationof theisovalue
canthencauseadrasticchangesn the geometridayoutof theisosurfce.

Below, we now presenttwo variantsof standardsosurficeswhich betterre-
flect their sharpnessvith respectto the underlyingdata,thus being bettersuited
for rathersmoothdatasuchas flow datafrom computationakimulation. Since
all of the heredescribedvolume visualizationtechniquesare integratedwithin a
volumerenderingsetup the belov describedsosurficesarerepresentedsvoxel-
surfaceg95].

Gradient-dependentopacity of isosurfaces

As afirst extension,we presenisosurficeswhich exhibit a surfaceopacitywhich
is dependenbn the gradientmagnitudewith respectto the dataattribute under
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Figure 4.3: Isosurficewith respectto 316K (hot water floating in from the top
inlet), whosevoxels are more opaquethe larger the temperaturgradientis at the
samevoxel. Similarly, the color of theisosurficevariesfrom red (large gradients)
via yellow to greed.In this casethe resamplingesolutionwasmuchhigherthan
theoriginal grid resolution yielding staircase-ééctsat theisosurace.

investigation. Similar to windowing of intensity valuesin medicalvisualization,
theopacitya,, of anisosurbce-wxel v is definedas

O if |gv| > gni
ay =< %o if |gv| < G0
Qo —I-i‘ggl:’i'__;lo" (ani—age) else

whereg,, denoteghegradientof theinvestigatediataattribute, g, andgy; bounda
rangeof gradientmagnitudesn which the surfaceopacitylinearly increasegrom
a0 10 api. While g, oftenis setto 0, settinganupperlimit of gn; < maxy|gy| €s-
peciallyis usefulwhenpartsof theisosurficecoincidewith theboundarygeometry
of theflow whereusuallylarge gradientsoccut

A samplemagedemonstratinghis kind of aisosurficeis shavn in figure4.3.
The moretransparentheisosurficeis, the lessit actuallytells dueto small gradi-
entsat therespectie places.Also, a color transferfunction hasbeenusedwhich
assignghreedifferentcolorswith respecto small(green) medium,andlargegra-
dient magnitudegred). This color schemds an additionalhelp with the correct
interpretatiorof theisosurfce.

Isosurfacetriplets

Anotherextensionof standardsosurficesareisosurficetriplets, which alsohelp
to correctlyreadthe sharpnessf anisosurice. Insteadof oneisosurfice,a setof
threesemi-transparensosurficesis renderedalsocompareo relatedwork [31]).
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Figure4.4: Isosurhcetriplet usedto represena usersinterestin hotregionsof the
flow. Reddenotesnaximalinterest(hottestparts),greenmediuminterestandblue
leastinterest,all accordingto aninteractve DOI assessmentAgain, the blocky
appearancef the surfacestructuregesultfrom the relatively low grid resolution
with respecto resamplingandrendering.

With respecto oneso-calledreferencdasosurace(isovalue f..s andsurfaceopac-
ity arer), two additionalisosurbces(isovalues f, and fi,, opacitiesa, and ay)

arespecified We proposeawo differentspecificatiormodesfor isosurfcetriplets:
refeence-insidendintermediate-efelence

In the refeeence-insidemode of an isosurfce triplet, surface isovaluesare
sorted fy, < fu < frets I.€., the referenceisosurfice is the innermost, assum-
ing that the dataattribute underinvestigationexhibits increasingvaluesoutside-
in. Usually an equidistantspacingbetweenthe threeisovaluesis usedsuchthat
(fref— fo) = (fo— fa) = fsep,» Wherethe usercanadjust fsp, in the userinterface.
For the refeence-insidetype of isosurfice triplets, increasingvaluesof surface
opacitiesproved to be useful: a, < ay, < aper With ager = 1. Again, an equidis-
tantspacingof thethreeopacitiesis useful. Therefeence-insidésosurfcetriplet
is usefulfor DOI visualization,using f..f = 1 — € to representhe 100%-interest
subsetsvith thereferencasosurtice,and fsep, = 25%, for example to alsodenote
whereinterestdropsto 75% and50%, respectiely. In figure 4.4 we demonstrate
thiskind of DOI visualization(red: 100%-interestblue: 50%-interest).

In the intermediate-efelence mode of an isosurfce triplet, isovalues are
sorted fy < frer < fb, i-€., the referenceisosurficeis in-betweenthe two oth-
ers. Two differentvariantsof settingthe isovalue spacingproved to be useful:
equidistanispacingwith (f, — fret) = (fret — fa) = fsep, Wherethe usersets fgep,
andproportionalspacingwith

fref - fa _ fb - fref
fref_flo fhi_fref
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Figure4.5: Volumerenderingof all thoseplacesn acatalyticcorverterwhereflow
vectorsexhibit a relatively strongvertical flow component(red: upwards, blue:
downwards)— a recirculationbubble becomesapparenin the upperpart, before
conversionblock.

with fi, and f; denotingthe value rangeof the dataattribute underinvestiga-
tion. In this casetheisovaluesof theadditionaltwo isosurfcespartitionthevalue
rangebelov andabove the referencdsovalue proportionally Thereby for exam-
ple, it is possibleto easilyadjusttheisosurfcetriplet in a way suchthat, regard-
lesswhichisovalueis usedfor thereferencdasosurace theouterisosurbcealways
representshe propertyboundaryhalfway to minimum (with respectto the data
attribute underinvestigation),andthe innerisosurfice halfway to maximum. For
the surfaceopacity setting,usually acy = a, = (e — isep) IS Usedwith the user
settingayer > agep > 0.

In addition to the specific settingsof the isosurfice opacitiesas described
above, coloringtheisosurticesn red(referencesosuraice) green(inner),andblue
(outer)is usefulfor a bettervisual distinctionof the stacled andsemitransparent
isosurfces.

Ourimplementatioralsosupportghe useof isosurfice-quintufets. However,
usingmorethanthreesemi-transparerisosurbcesstacled over eachother really
poseddifficulties for visual discrimination. Futurework could clarify whethera
more sophisticatednodellingof the isosurficeopacity like the useof cunature-
directedstroles [51] can furthermoreimprove the 3D perceptionof isosurfice
triplets/quintuplets
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Figure 4.6: llluminated streamlinesepresentinga users interestin streamlines
whoseoriginscoincidewith the hotinflow.

4.4.2 Volumerenderingof DOI values

Another useful volume visualizationtechniquefor scalardatalaid out in three-
spaces volumerenderingoy meanf alpha-compositing78]. In ourcasewe use
thistechniqueo visualizeDOI valuesinsteadof original datavalues.We mapDOlI
valuesto voxel opacitiesin a one-to-onanannersuchthatDOI valuesof 1 appear
opaqudor atleastwith maximalopacity)andDOI valuesof 0 arenotvisible atall.

The applicationof this kind of DOI visualizationusuallyis basedon the def-
inition of multiple DOI attributes(in the senseof sggmentingthe flow datainto
severalinterestingsubsets)We usethe hueof voxel colorsto visually differentiate
betweendifferent DOI objects. Usually we vary the color intensity accordingto
Phongillumination [104]. Whenmultiple volumetricDOI objectsoverlapin one
voxel, onevoxel overridesthe otherbasedon a randomchoice— sincesuchcases
usually arerare (dueto the segmentationapproachused),this solution hasbeen
sufficiently accuraten ourcase.In figure4.5we seetwo DOI objects(oneredand
oneblue)with varyingopacitiesaccordingo their DOI values.

4.4.3 Interest-dependenstreamlines

Streamlinesare a very usefulinstrumentto visualizeinstantaneousectorfields.
Dueto their characteiof visually connectingflow locationsalongvirtual pathsof
masslesgarticles,streamlinegive an intuitive imageof a flow dataset.Evenly-
spacedstreamlineswhich fill up the flow domainin a well-distributed way, are
well-acceptedor two-dimensionaflows [52]. However, in 3D flow visualization,
selectve streamlingplacements neededo avoid problemswith occlusion[6].
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Figure4.7: llluminatedstreamlinesepresentin@ users interestin how two flows
join in asimpleT-junction. Two regionsof interestwereusedto gaintwo (differ-
ently colored)objectsof streamlines.

In previouswork [81] we usethevicinity to topologicalstructuresuchaschar
acteristictrajectoriesin theflow datato selectvely seedstreamlineslin this work,
we now usethe spatialdistribution of DOI valuesto selectvely seedstreamlines.
To do so, evenly-spacedtreamlineseeding[52] is extendedto 3D. Streamlines
areonly seededn regionswherethe DOI valueis 1. Fromthere,streamlinesare
integratedforwardsandbackwardsuntil they eitherexit the flow domain,violate
the minimal distanceto other streamlinespr just get too long with respectto a
userdefinedmaximallengthof streamlines.

To integrateDOI-basedstreamlinesvithin our volumevisualizationsetup we
assumethat streamlineshave a certainwidth and rasterizethem into our voxel
grid suchthatthe voxel opacitiesare setaccordingto the proportionaloverlap of
the streamlineandthe respectie voxel. We usea 5 x 5 x 5 sub-woxels accurag
whencomputingthe overlap of (thick) streamlinesandvoxels, thusgaininganti-
aliasedstreamlineswhich is of greatimportancefor usefulresults. Furthermore,
voxel opacitiesarealsodimmeddown accordingo the DOI valuesexhibitedatthe
respectre streamlingooints. Therebythestreamlinesadeout accordingo thede-
greeof interest.For lighting, we usetheilluminatedstreamlinesnodel[141] to fur-
thermoresupportthe 3D perceptiorof streamlinesn our visualization.Figure4.6
demonstratethe useof DOI-basedstreamline®n theexampleof a T-junction.
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4.5 Real-time Volume Rendering

Gradient-dependergosurficesandisosurficetriplets,aswell asvolumerendering
of DOI valuesandinterest-weightedtreamlinesiave beenintegratedon the basis
of RTVR [95], which is a fastvolume renderingsoftware providing several dif-

ferentmodi of volumerenderingsuchasstandardalpha-compositingmaximum-
intensityprojection(MIP), andnon-photorealisticontourrendering17]. Theuse
of RTVR for flow volume renderingprovided flexibility with respectto model-
ing aswell asfastrendering. Theseadwantagesameat the costof limited visual
quality, which however is not soimportantduringanalysisandexploration.

Two-level volumerendering[41] is usedfor datasetsvhich are composedf
several, explicitly separateabjectsso that differentrenderingmodi canbe used
for differentobjects.

In thiswork, we build up RTVR-objectsfor every representationf ausers par
ticularinterest.Therebytheuserinteractively composesasetof volumetricobjects
(extendedsosurficestruly volumetricobjects,andstreamlinestecallsectiond.4)
in dependencen as mary dataattributesas necessaryin simple or in comple
manner(recallsectiond.2). For the casethattwo or moreobjectsmale useof one
voxel, differentstratgiesapply Whenmultiple iso-suricevoxels coincidewithin
on voxel, preintegyrationof objectvaluesis performedto mix the differentsurface
contritutions accordingly Streamlinevoxels andisosurfice voxels override vol-
umevoxels, whereadbetweenstreamlinevoxels andisosurficevoxels, the object
with themorerecentspecificatioroverridesthe other For every objecttheusercan
decidein which styletherespectie objectshouldberendered.

Isosurficesusuallyare of onecolor andshadedwhile their opacitymay vary
with respectto the datagradient. Isosurficesalso can be renderedby using the
non-photorealisticontourrendering therebygiving very goodcontet for theen-
tire visualization(seethe visualizationof the boundarygeometryin figure 4.7 for
anexample).For volumerendering githershaded/oxelsareusedor voxelswhose
colorintensitiesdependnthe DOI attribute. Voxel opacitiesusuallyrepresenthe
DOl attribute which the voxel objectwasmadedependendn during specification.
Streamlinesare eitherilluminated [141] or coloredsuchthat the intensity repre-
sentsthe DOI attribute for which the streamlinesave beenrequestedOpacityof
streamlinegs usedfor anti-aliasing.

In generalwe usehueto discriminateobjectsfrom eachother This approach
alreadyprovedto bevery usefulin medicalapplicationg95] andalsoin the con-
text of flow data,color codingthe different 3D objectsdifferentfrom eachother
significantlyeaseshe perceptuatistinctionof them.

RTVR provides several useful tools for volume visualizationwhich also in
this applicationhelpeda lot with comprehendingheresultsof computationaflow
simulation: interactize changeof lighting conditions,theinteractve changeof an
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Figure4.8: Flow throughthe extendedT-junction (main flow from right to left).
Volume renderingwas usedto encodeflow regions with flow which is mostly
alignedwith oneof majoraxes(blue: —y-flow, like from the secondarynlet; yel-
low: +y-flow; red: upwards;green:donvnwards).A gradient-dependemsosurace
wasusedto shav the extent of mediumhot temperaturg€hot comingin from the
upperinlet).

object-wideoverall opacity(in additionto the pervoxel opacitytransferfunction),
and,of course theinteractve changeof viewing conditions.

4.6 Results

Following, we describetwo applicationcasesin which the previously described
visualizationtechniquehelpedto answerspecificuserquestions.

4.6.1 Flow through a catalytic corverter

Oneinvestigateddatasecomprisegheresultsof a simulationof gasflow through
a catalytic corverter With respecto this case,specialinterestis put on a recir
culationzone,right beforethe reactionchamber For visualization,the userfirst
describedhis/herinterestby (a) a brushon —z-velocities(asthe positive z-axis
coincideswith the main flow directionthroughthe catalytic corverter) and(b) a
restrictionto theregion beforethereactionchambercombinedwith alogical AND.
ThetherebydefinedDOI attribute is thenusedto selectvely placestreamlinesas
shavn in figure 4.1, upperimage (the DOI valuesare also volume renderedin
grey). In additionto the streamlinesyolumerenderingin redis usedto visualize
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regionsof relatvely high turbolent-kineticenegy. The whole catalyticconverter
is shavn ascontet usinga contourrendering.

Anotherapproacho this caseis to investigateupwardsand downwardsflow
which atthe sameaime doesnot exhibit a significantflow componentnto themain
flow direction.Figure4.5 shawvs a volumerenderingwith upwardsflow in redand
downwardsflow in blue — notethe differentpatternsof upwards/devnwardsflow
before(with therecirculation)andafterthe reactionchamber

4.6.2 ExtendedT-junction

Theothercasepresentethereis anextendedT-junction(with anextendedchamber
aroundthejunctionandan obstaclen front of the secondarynlet). Cold wateris
floatingin from the primaryinlet, andhot wateris enteringthe T-junctionthrough
the secondarynlet) afterthefirst third of thetime-sparof the simulation.

In this exampletheuserprimarily is interestingn the mixing behaior of this
flow-junction. The obstaclein the middle of the T-junction causeghe hot inflow
to split — one part turns directly to the exit whereasthe other part traversesan
extra-loopbeforeit alsodevelopstowardsthe exit of this structure(seefigure 4.6
for several streamlinegdemonstratinghis behaior). Figures4.3 and4.4 usethe
two heredescribedsosurficeextensiongo shav certaindegreesof temperaturén
responséo the hotinflow from the oneside.

In figure 4.8, several volumetricobjectsareusedto partition partsof the flow
in regions which exhibit flow thatis mainly in the direction of one of the three
main axes. A gradient-dependensosurfice was usedto depictthe boundaryof
the incoming hot flow — this isosurfice is more opaquein regions with larger
temperature-gradient¥he separatiorof theincomingflow, dueto the obstaclejs
very well visible in this example,also.

Figure 4.9 visualizesvortical structuresin the dataaswell asthe boundary
betweerhotandcold flow (in blue). Additionally, agradient-dependefsosurice
is shavn whichvisualizeslow regionswith amajory-componenti.e.,towardsthe
inlet in thefront. Fromthisisosurfce,informationcanbe derived aboutwherein
theflow vortical structuresouldbe, e.g.,beforeandafterthe obstacle.

4.7 Summary and conclusions

In this papemwe presensemantics-basedsualizationof flow datafrom computa-
tionalsimulation.We describenow theuserutilizesinteractve featurespecification
to tell thesystemwhatheor shecurrentlyis interestedn. We proposga) gradient-
dependenisosurficesto alsovisualizethe sharpnessf anisosurfice,(b) isosur

facetriplets with specificrelationsfor the threeisovaluesinvolved, (c) volume
renderingof DOI values,and(d) interest-dependerstreamlinesyhich arebased
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Figure4.9: Flow throughthe extendedT-junction. Volume renderingwas used
to shaw flow subsetsvhich exhibit relatively high valuesof turbulent-kineticen-
ey while alsohaving a strongflow componeninto(green)/againged the main
direction of flow. Anothervolume-renderedubsetf the datadenotesegions
of medium-hotfluid, whereasa gradient-dependerisosurbicewas usedto work
out thosepartsof the flow wherea larger y-componenof the flow is given,i.e.,
towardstheviewer (moredetails:section4.6.2).

on the evenly-spacedtreamlineseedingalgorithmbut only are placedin regions
of high userinterest.

Conclusionof thiswork are(a) thatmultiple dataattributesusuallyareneces-
saryto really comprehendesultsfrom computationaflow simulationandthatfor
thisreasoraflow visualizationsystenshouldoffer easy-to-handlaccesgo all the
informationwhich is provided by the simulation, (b) that selectve visualization,
in our case focus+contet visualizationof 3D flow datais a really goodapproach
to copewith the large amountof informationto be communicated- for deciding
whatto shaw, the userandhis/herquestionsaboutthe datashouldbe considered,
and (c) that dueto the differentrequirementsf differentcasest is very useful
to have an integratedsolutionwhich providesdifferent means/technique®r the
visualization.
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Chapter 5

Angular Brushing
of Extended Parallel Coordinates
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In 2002 ,the contentsof this chaptethave beenacceptedor publicationin the Pro-
ceeding®f thelEEE SymposiunonInformationVisualizatior2002(IEEE InfoMs
2002 asshortpaper(paper‘Angular Brushing of Extended Parallel Coordi-
nates by Helwig HauserFlorianLedermannandHelmutDoleisch).
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The contentsof this chapter(paper)arearesultfrom a collaboratve projectwith
Florian Ledermann(one of Helwig Hausers undegraduatestudents)and Hel-
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Hauser)are:

e Angular Brushing for ExtendedParallel Coordinates[38], theshortened
versionof this paper publishedin the Proceedingsf IEEE InfoVis 2002
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Angular Brushing
of Extended Parallel Coordinates

Helwig HauserFlorianLedermannandHelmutDoleisch

Abstract

In this paperwe presentseveral extensionsto the well-known InfoViz technique
of parallelcoordinatesinainly concentratingpn brushingandfocus+contet visu-
alization. First, we propose angular brushing asa new approacho high-light
rational data-properties,e., featureswhich dependon two datadimensiong(in-
steadof one). We alsodemonstratesmoothbrushing of parallelcoordinatesas
anintuitive tool for specifyingnon-binarydegree-of-interestunctions(thenused
for F+Cvisualization).Thirdly, we shaw how compositebrushesprovide lots of
flexibility during dataexploration. Additionally, we alsopresentseveral further
andmoregenerakxtensiondo parallelcoordinatesvhichthereare (a) histagrams
to beusedasaxisoverlays, (b) interaction featuessuchasaxisre-orderingflip-
ping, scalingandpanningand (c) detailondemandimplementecisamouse-oer
effect.

Keywords: informationvisualization,parallelcoordinatesbrushinglinearcorre-
lations,focus+contet visualization

5.1 Intr oduction

For mary yearsalreadyparallelcoordinate$47, 49, 48] arewell-known andanof-

tenusedtechniquen informationvisualization(InfoViz). Multi-dimensionaldata-
setsarevisualizedby draving a poly-line — for every n-dimensionaddata-point-

acrossoordinateaxeswhicharelaid outin parallel,side-by-sid€seefigure5.1for

an example,four out of a dozendimensionsshavn). The poly-linesintersectthe
parallelcoordinateaxesat pointswhich correspondo therespectie values(dimen-
sions)of the particulardata-points.Thereby up to a dozenof datadimensiongor

evenmore)arewell visualized especiallywhenthevisualizationis combinedwith

properinteractionfeaturessuchasreal-timere-orderingof coordinateaxesor in-

teractie brushingin singledimensiong86]. If usedasaninteractie tool, parallel
coordinatesreespeciallyeffective in visualizingcorrelationdetweemeighboring
axes,outliers,etc.

Brushing — asalreadymentionedabove, brushingis a very effective technique
for specifyinganexplicit focusduringinformationvisualization[7, 133 13§. The
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Figure5.1: Parallel coordinatesa sampleview: the cars data-seis shavn, four
(outof twelve) datadimensionsarevisualized.

useractively markssub-setof the data-setsbeingespeciallyinteresting for ex-
ample by usingabrush-like interfaceelement.f usedn conjunctionwith multiple
linkedviews, brushingcanenableusersto understanaorrelationsacrosanultiple
dimensiong7, 10, 44, 34].

Focus+contextvisualization — brushingalsois very usefulto steera drill-down

into visualizationof really big data-set$119] — by specifyinga (limited andlim-

iting) focus,moredetailscanbe showvn for the selectedlata-pointsThisrelatesto

anothewvery importantinfoViz conceptwhich is focus-plus-conte (F+C) visual-
ization [30, 11]. The basicideaof F+C visualizationis to jointly visualizesome
partsof the datain detail— usuallythosepartswhich areof primeinterestata par

ticular pointin time — andalsoshaw the restof the data-setput in reducedstyle
(smaller accumulatedetc.) — this is doneto maintainthe users orientationandto

easenavigationin very large data-sets.

Degree-of-interest functions — for specifyingwhich partsof the dataareto be
drawn in detalil,i.e., for specifyingthe focus,a degree-of-interes{DOI) function

83



Angular Brushing of Extended Parallel Coordinates/ 5.1

T T T T
2300 80 466 5140.0 455.0 8.0 820 3.0

CyliNTRTS=
60

N Weight= Displacement=
25950 1730

46.0 24.8 a.0 1613.0 G8.0 30 70.0
Horsepower Accel MPG Weight Displacement Cylinders Year

Figure5.2: Extendedparallelcoordinatesa sampleview of the cars data-setcars
with six cylinders were emphasizedhrough brushing, histogramsare laid over

axes,andonedata-pointis shavn with all details.

is used[30], usuallyassigninga valueof 1 or 0 to eachdata-pointdependingon
whetherthedata-poinis of currentinterestor not. Brushingis aneffective method
to actively (andexplicitly) assigrvaluesof 1 to data-pointof interest7, 13§.

Brushing extensions- in additionto standardrushing,seseralusefulextensions
have beenproposedoreviously Theintroductionof compositebrusheq86], for

example,enabledusersto more specificallydefinetheir focus. However, it was
also shavn that interactionelementsof the userinterface mustbe chosencare-
fully due to the very high numberof possibleways of compositinga comple

brush[138]. The combinationof brushingandnon-binarydegree-of-intersfunc-

tions[86] provedto be usefulfor data-setsvith gradualchangesn at leastoneof

their dataattributes,for example  datafrom scientificsimulation[20]. Also, rather
comple extensionsto brushinghave beenproposedas, for example, structure-
basedrushesdealingwith hierarchicadata-set$27].

In this paper we proposeseveral small but very effective extensiongo brush-
ing asan interactiontechniquefor parallelcoordinateqlike angularbrushingor
smoothbrushing,seesection5.2). Thereby parallelcoordinatescan be further
more improved as an effective tool for information visualizationand for visual
datamining.

General extensiongo parallel coordinates— duringthelongtime thatthey have
beenanintegral partof InfoViz researchseveral extensiongo theoriginal parallel
coordinatedave beenpresentedA hierarchicalextensionwasproposed26], for

example,integrating automaticclusteringto deal with really big data-sets.Fur-

thermore anumberof 3D extensiondo parallelcoordinatesverepresentedil35],

including extrudedparallelcoordinatesor linking with wings, for example. Also,

higherorder parallelcoordinatesvere proposed125], usinghigherordersplines
to interpolatevalueson morethantwo axes.

84



Angular Brushing of Extended Parallel Coordinates/ 5.2

In this paper we also presenta numberof further generalextensionsto par
allel coordinateswhich we have found usefulduring datainvestigation(suchas
addinghistogramsn singleaxesor a detail-on-demandption, seefigure 5.2 and
section5.3).

Theremainderof this paperis structuredasfollows: first we presentseveral
extensionswhich specialfocuson brushing(section5.2). Then,we continuewith
further moregeneralextensiongo parallelcoordinategsection5.3). Laterin this
papey we alsoshortly presensomeimplementatiorissuestalking aboutfastren-
dering, for example (section5.4). The applicationitself and someresultsfrom
visualdataanalysisaredemonstrateth section5.5.

5.2 ExtendedBrushing for Parallel Coordinates

As alreadydiscussedbore shortly brushingeffectively enablegshe userto (ex-

plicitely) specifyhis or herfocus. In parallelcoordinatesthis usuallyis accom-
plishedby markinga certaindatasub-setf interestaccordingto valueswithin a
singledatadimension.In the cars data-se{132], for example,a usercouldfocus
on carswith four cylinders by brushingthe respectie portion of the cylinders-

axis. Seefigure 5.3 for a sampleview — note,thatthe third axis (“Acceleration”)
wasflipped,sincevaluesaregivenin secondstil 60MPH, andthereforea smaller
numberrepresents higheracceleration.

In our applicationof visually investigatingmulti-dimensionalandlarge data-
setsoriginatingin a physically-basedimulationof dynamicprocessegcompu-
tationalfluid dynamics,CFD, for example,seesection5.5 for more details),we
found standardbrushingof parallelcoordinates/ery useful, howvever, we needed
to go further The requirementvasto specifya focusnot only in dependencef
one dataattribute (one dimension),but to do so with respectto at leasttwo of
them—like brushingall thosedata-pointsvhich featurea z-velocity largerthanthe
respectie z-velocity. Theconsequenc@asto introducea new brushingtechnique
which we calledangularbrushing

5.2.1 Angular Brushing of Parallel Coordinates

Onestrengthof parallelcoordinatess its effectivenesof visualizingrelationsbe-
tweencoordinateaxes. Bringing axesnext to eachotherin aninteractve way, the
usercaninvestigatehow valuesare relatedto eachotherwith specialrespectto
two of the datadimensions.This way; it is not only possibleto seewhetherdata-
pointsexhibit high or low valuesin singledimensionsput alsotheir relationcan
be understood.More specifically the slopeof the line-sggmentsin-betweentwo
axestells the user whetherthereis a positive or negative correlationin-between
values(of courseassuminghatthe usersetup a propermapping). Outliersalso
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Figure5.3: Brushingparallelcoordinatesanexample:all carswith four cylinders
aremarkedandemphasizedonly four datadims.shaown).

canbe easilyfoundwith respecto two datadimensions- whenall but a few line-
sgmentshave a positive slope thenthefew othersclearly standout (seefigure 5.4
for anillustration).

In this paperwe demonstratbow thisfeatureof parallelcoordinategasilycan
beexploitedfor anextendedbrushingtechniquej.e.,angulabrushing.In addition
to standardbrushing,which primarily actsalongthe (parallel)axes,we enablethe
spacdn-betweeraxesfor brushinginteraction,aswell. Theusercaninteractvely
specifya sub-sebf slopeswhich thenyieldsall thosedata-pointso be marked as
part of the currentfocus, which exhibit the matchingcorrelationin betweenthe
brushedaxes. Seefigure 5.4 for anexample,whereall negative slopeshave been
markedin-betweernthe secondandthird axis.

Angular brushingasdescribedabore is a useful extensionto parallelcoordi-
nates,alsobecausét very well correspondso the effective visual cuesprovided
by parallel coordinates.Inherently angularbrushingopensthe extendedfield of
brushingmulti-dimensionalpropertiesof high-dimensionatata-setsIn addition
to compositebrushesvhich arecomposednultiple single-axisbrushesdy the use
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Figure 5.4: Readingbetweenthe lines: whereasmost line-sgmentsgo up in-
betweerthe 2" andthe 39 axis (visualizinga positive correlationof valuesthere),
justafew go down —thosehave beenemphasizethroughangularbrushing.

of logical operatorg(seealsobelown in section5.2.3), angularbrushesallow the
selectionof rationalpropertieswith respecto two of the datadimensions.When
comparedo compositdorushedy theuseof a scatterplowisualizationwe clearly
seethatbrushesasedon logical operatorsselectsub-setavhich arealignedwith
the display axes, whereasangularbrushesselectsub-setswvhich are alignedwith
thediagonalsvhenvisualizedin a scatteplot (seealsofigure5.5for comparison).

5.2.2 SmoothBrushing and Non-Binary DOls

Many well-knowvn F+C techniquesn InfoViz suchasfisheye views [29, 3Q], for
example,do not usea discretedistinctionbetweerfocusandcontext, but allow a
multi-valuedor even continuoustransition,which inherentlysupportsthe mental
connectiorbetweendata-pointsn focusandtheir context. This correspondso a
degree-of-interestunction, which non-binarilymapsinto the [0, 1]-range.

Often,suchanon-binaryDOI functionis definedoy meansf spatialdistances,
i.e.,the DOI-valuereflectsthe distanceof a data-poinffrom a so-calledcenterof-
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compositebrushes

angularbrushes

AND-brush CR-brush angularbrush angularbrush,
afteraxisflipping

Figure5.5: Comparingcompositebrushegon theleft) andangulambrushegonthe
right), using parallel coordinateqtop row) andscatterplotgbottomrow): com-
positebrushesaddresshorizontal/ertical' featureswhereasngularbrushesem-
phasizé'diagonal” feature.

interest(COI), which in thesecasewftenis specifiedexplicitly, for example,by
pointingto it. In theimplicit casej.e.,whenqueryingis usedfor the specification
of theDOI function,fuzzylogic canbeusedin the style of probabilisticresponses.

Brushingalsoeasilycombineswith non-binaryDOI functions[86], i.e., when
smoothlydelimitedbrushesareused.Thereby at the brushboundariesfractional
DOl-valuesbetween0 and 1 are assigned. When compositebrushesare com-
posedthroughthe useof logical operatorsfuzzy logic is emplo/ed to aggreate
final DOI-valuesfor every singledata-point.In previouswork, we alreadydemon-
stratedheusefulapplicationof smoothbrushingin the F+C visualizationof multi-
dimensionabata,originatingin 3D flow simulation[20].

In conjunctionwith parallelcoordinatesve extendthe interactvely specified
brushby a certain, userdefinedpercentaggo accommodatea smoothgradient
of DOI-valuesat its borders. When combiningsmoothbrushesthroughlogical
operatorswe apply the Lukasiavicz norm [118], known from fuzzy logic asa
comparablylarge norm [60], i.e., a norm which (whenappliedrepeatedly)only
slowly corvergesto 0 andthereforebetterconseresthetransitionalDOI-gradients,
for computingAND- aswell asOR-combinations Seefigure 5.6 for anexampleof
smoothlybrushedparallelcoordinates.
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Figure 5.6: Smoothbrushing,an example: note the gradualchangesof drawing
intensity which reflectthe respectie degreeof interest,after smoothbrushingof
the 2" axis.

5.2.3 CompositeBrushesfor Parallel Coordinates

Shortly aftertheoriginal ideaof brushing,alsothelogical combinationof brushes
wasproposedasa usefulextension[86]. As soonasthe users imaginationabout
thefeaturesheor shewantsto seewithin adata-segetsmoreandmoreconcretea
needfor moreflexible andmulti-dimensionabescription®f featuresarises.User
centeredspecificationsike all thosecars which are fastbut do not costa lot, for
example,needto be supportedoy visualization. Compositebrushesij.e., brushes
which arecomposeaf simpleonesby theuseof logical operatorsareanintuitive
solutionto theabore mentionedequirement.

In ourapplication(seealsosection5.5),compositebrushesvereto beenabled
onthebasisof single-axisbrushesangularbrushegseeabove, section5.2.1),and
smoothbrushegseeabore, also). We thereforamplementedhefollowing features
to endup with a consistensolution:

Multiple brushes— wheneer a nenv brushinginteractionis triggered,a new
brushis instantiatedrepresentelly anew entryin aseparatdérushlist (sep-
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Figure5.7: An exampleof a compositebrush(AND): a CFD data-setis shavn
with all data-pointshigh-lighted,which exhibit high valuesof turbolentvelocity
(single-axisbrush,smoothlyalong“T urbolence¥locity”-axis) and relatively low
y-velocity (“VelocityV’) whencomparedo 3D-velocity (angularbrushafteraxis
flipping).

aratedpart of the userinterface). New brushescan be namedby simply
editingthenew entryin thebrushlist. Hereby a usefuloverview is provided
while still enablingtheuserto switchbetweerpreviously definedorushegto
comparehem,for example),or to combinethemto form compositebrushes.

Compositebrushes— singlebrushesasilycanbe combinedio form composite
brusheghroughthe applicationof logical operators A nicelittle featurein
our applicationis that nev (composite)brushesautomaticallyderive their
namesfrom the brushesinvolved in the composition. Compositebrushes
alsocanbeconstructedy addingnew constraintsnteractvely, usingmodi-
fier keysthroughinteraction.As alreadydescribedbore, compositebrushes
arecomputedbasedon thetukasiavicz norm,whensmoothbrushesarein-
volved (seealsofigure5.7).

Support of linking — in our application,DOIl-valuesare consideredo be first-
rank data-dewatives, i.e., brushesanbeloadedfrom andsavedto disk, or
exchangedwith otherviews, for example. Thereby the heredescribedhar
allel coordinatesilsocanbe usedasoneof severallinked views, supporting
a linking-and-bruking style of application. Seefigure 5.8 for an example
whereparallelcoordinatesverecombinedwith a 3D scientificview. In this
example,a scatterplot wasusedfor brushingandthe parallelcoordinatess
well asthe 3D view arelinked for F+C visualization.
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Figure 5.8: Linking and brushing,an example: in a scattesplot (shavn on the
left side),smoothbrushingwasusedto mark data-pointof low pressureandlow

velocity; alinked 3D view (onthetop right) shavs the samedatawith the brushed
data-pointsigh-lighted;thirdly, the parallelcoordinatesiew (on the lower right)

alsoshavs the samedata,alsohigh-lightingthe brushedsub-set.

5.3 Further Extensionsfor Parallel Coordinates

In additionto the brushingextensionsasdescribedabove, we alsodevelopedser-
eralfurther extensiongo parallelcoordinatesywhich we found usefulduring data
investigation.Next to simplebut yet very usefulinteractionfeaturessuchascoor
dinateflipping, the additionof histogramsalongall of the parallelaxeswasfound
to be especiallyuseful.

5.3.1 Histogramsover Parallel Coordinates

Similar to a previously publishedsolution[138], we alsocomputehistogramsfor
all theaxesshawn in the parallelcoordinatewiew. Thisis especiallyuseful,when
mary data-pointsareto be shavn. While usersmight be troubledwith resolving
clutterproblemswith anover-full display histogramgyive a very intuitive clue on
wheredata-pointsaccumulateallongcoordinateaxes.

Dependingon a userdefinedsub-dvision, multiple binsof equalextensionare
generatedand the data-pointsare sortedinto thesebins during the build-up of
the parallelcoordinateview. Afterwards,a semi-transparenepresentatioof the
bins’ cardinalityis plottedon top of the parallelcoordinatesiew, comparableo
a histogramalongthis datadimension. Seefigure 5.2 for an exampleof parallel
coordinateplushistogramvisualizationalongaxes.
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5.3.2 Flexible Layout with Parallel Coordinates

Fromtheearlybeginningof parallelcoordinate®n, interactionwasa crucialcom-
ponentof parallelcoordinateviews to enablethe userto work with theview and
to interactvely explorethe dataunderinvestigation.

In our application,we implementeda numberof partly obligatoryand partly
new featuresin conjunctionwith the goal of providing a flexible layout the user
canwork with:

Axesre-ordering— probablymostimportantis that the usercaninteractvely
re-orderthe layout of the axesin use. In our application,single axes can
be draggedaround,and automaticallypositionthemselesright in the gap
(betweertwo otheraxes,or atthe boundary) wherethe userdropsthem.

Flipping of axes— alsovery usefulfor datainvestigationis anoptionwhich al-
lows usersto flip certainaxes,i.e., to requirea top-davn orderingof values
insteadof the standardbottom-upstyle. By doing so, correlationsbetween
axescanbe betterinvestigated.Also, this optionis especiallyimportantin
conjunctionwith angularbrushingasit enableghe userto brushsub-sets,
which — in a scatteiplot — would be alignedalongthe sub-dominantiago-
nal (seefigure5.5).

Changingthe mapping — thedefaultin ourapplicationis to useamin-maxmap-
ping of valuesto coordinateaxes,i.e., minimal andmaximalvaluesare ex-
tractedbeforemapping,thenvaluesarelinearly mappedsuchthat minimal
valuescomelowestwhereagmaximal valuesare mappedto the top of the
coordinateaxes. Additionally, two othermodescanbe used: (a) The user
canenforcethatzerois mappedo the sameheightalongall the coordinate
axes. (b) Themin-maxmappingcanbe correlatecalongall theaxes,result-
ing in a consistentmappingfor of them. Of course,if not all of the scales
arecomparablethis modecanresultin aroughlydistortedview.

Axis scalingand panning— theusercaninteractiely scaleandpanthemapping
for singleaxes. On thefirst sight, this only addsmoreflexibly with adjust-
ing the view layout. In our application,this option also providesimportant
meansvhenworkingin-betweerdimensionsEspeciallyin conjunctionwith
angularbrushing theability to scaleandpanoneof thetwo axes(laterto be
brushed)provedto bevery useful.

Deletionand addition of axes— in additionto interactve re-orderingof axesas
shortlydescribedibore, we alsoenabletheuserto interactvely deletesingle
axes from the view. This is usedto clarify the view, whennot all of the
informationneedsto be shavn concurrently We alsoallow the addition of
axesto theview, evenif they arealreadyin use:often,singledatadimensions
are of specialinterestto the userandthenit is very usefulto have suchan
axis repeatedlyin the view, especiallyas correlationsin-betweenaxes are
bestvisualizedwhenaxesarenext to eachother

92



Angular Brushing of Extended Parallel Coordinates/ 5.4

5.3.3 Detail on Demand

We alsoimplemented detail-on-demanéeature whichwerealizedwith amouse-
over effect. Therebythe usercaninteractvely browse throughthe display and
when&er the mousemovesover a poly-line, all the detailsare shawvn for the re-
spectve data-point. We also make use of this featureto displaytextual dataat-
tributes,which by default arenot dravn asaxesatall (problemof mapping).

5.4 Implementation

To dealwith real-world data-sets- in our caseconsistingof 10*~10° data-points
each— we quickly experiencedhe limitations of a brute-forceimplementatiorof
parallel coordinates.Simply draving multiple line-sgmentsfor eachand every
data-pointalreadyposesquite a load on the graphicshardware — for data-setas
in our application,quickly millions of line-s@mentsneedto be dravn. We also
neededsemi-transpareggcoloring, andanti-aliasedine-sagmentsto nicely inte-
grateall of thefeaturesdescribedn this paper

In thefollowing, we shortlydescribesomeof theapproachewe utilized to still
provide real-timeinteractvity:

Exploiting coherence—  during interaction,the applicationseeksto re-useas
muchof the currentvisual outputaspossible Whensingleaxesareflipped,
for example,only the interaxis spaceon the left- andright-handsideof the
flippedaxisarere-renderedall therestis reused.

Progressverendering—  for immediate feed-back the application uses a
preview-style of rendering,i.e., without anti-aliasingor semi-transparegc
As soonasthereis time for betterrendering,the applicationcomputesa
high-qualityresultandreplaceghe preview with theimprovedimage.

Bi-thr eadedimplementation— to de-couplerenderingandinteraction,we use
a bi-threadedimplementation. One thread senes the userinterface and
guaranteesnteractie responsewhile the otherthreaddealswith render
ing, which sometimedastsfor a numberof secondsgspeciallyfor bigger
data-sets.

5.5 Application and Results

In our applicationwe investigatemulti-dimensionaldata-setswvhich originatein
CFDsimulationgrun by oneof our partners)which usuallyexhibit adozenof data
dimensionsor more. During flow simulation,valueslike temperaturepressure,
velocity, dissipationrate, and mary others,are computedfor all cells within a

93



Angular Brushing of Extended Parallel Coordinates/ 5.6

detailedCFD grid. Datalike this needscareful analysiswhich usually is non-
trivial, not only becausehe datais of high dimensionality often laid out in 3D
spaceor eventime-dependent.

Parallel coordinatesyith all the extensionspresentedn this paper provedto
beveryusefulfor datainvestigation.Theinteractve characteof theheredescribed
implementatiorallows for fastandflexible dataexploration, even whensimulta-
neouslyinvestigatingmultiple dimensionsLinking parallelcoordinatesandother
typesof views (like a 3D SciViz view, shavn in figure 5.8 on the top right) and
usingour brushingfeatureseaseddataexploration. Whereagarallel coordinates
areusedto find interestingdata-pointsa linked 3D view cansimultaneoushshav
wherethosedata-pointgesidein 3D space. Also the combinationwith scatter
plots was found to be useful, primarily becausecompositebrushesare specified
moreeasilyin a scatteplot thanin parallelcoordinates.

Figuresb.5,5.7,andespecially5.8 shav resultsof dataexplorationby the use
of parallelcoordinatesThedatashavn is theresultof asimulationof flow through
pipesshapedas a T-junction. Flow is coming from the left and the top (when
referringto figure5.8,topleft) andleaving the T-junctionto theright. In figure5.7,
a compositeAND-brushwasusedto mark all thosedata-pointswvhich, on the one
hand,exhibit ratherhigh valuesof turbolence(smoothlybrushedand which are
partof flow regionsthatarewell alignedwith the negative y-axis (“Velocity.V”),
ontheotherhand.

5.6 Summary and Conclusions

In this paper we have presentedereral usefulextensiongo parallelcoordinates,
especiallyfocussingon brushinginteractions We proposedangularbrushingasa

new techniqueto effectively selectdatasub-setavhich exhibit a datacorrelation
along(atleast)two axes.We alsoshaved how smoothbrushingcanbeused,even

in combinationwith compositebrushes We also shaved how histgramscan be

usedasaxisoverlaysto furthersupportdataexploration.

Concluding,we may say that we re-experiencedthe advantagesof an inter
active visualizationtool whendoing dataexploration. We alsoconcludethat the
worth of a parallelcoordinatevisualizationincreaseslrasticallywheninteraction
featuredike axisre-orderinggetc.,areadded.
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Chapter 6

SemanticDepth of Field

In 2001,the contentf this chaptethave beenpublishedn the Proceedingsf the
IEEE Symposiunon InformationVisualization2001(IEEE InfoMs 2007), pp.97-
104 (paper‘ SemanticDepth of Field” by RobertKosaraSilvia Miksch, andHel-
wig Hauser).

The contentsof this chapter(paper)are a resultfrom a collaboratve project
with RobertKosara(one of Helwig Hausers PhD students)and Silvia Miksch
(RobertKosaras university-sidePhD supervisor) Relatedpapergco-authoredy
Helwig Hauser)are:

e Focus+ Context Taken Literally [65], anextendedversionof this paper

o Useful Properties of SemanticDepth of Field for Better F+C Visualiza-

tion [66], a relatedpaperaboutresultsfrom a userstudy aboutsemantic
depthof field
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SemanticDepth of Field

RobertKosaraSilvia Miksch, andHelwig Hauser

Abstract

We presenta new techniquecalled SemantidDepthof Field (SDOF)asan alter
native approacho focus-and-conté displaysof information. We utilize a well-
knowvn methodfrom photographyand cinematographydepth-of-fieldeffect) for
informationvisualization,which is to blur differentpartsof the depictedscenen
dependencef their relevance. Independentf their spatiallocations,objectsof
interestaredepictedsharplyin SDOF, whereaghe contet of the visualizationis
blurred. In this papey we presenta flexible modelof SDOFwhich canbe easily
adoptedo varioustypesof applications We discusgprosandconsof thenew tech-
nigue,give examplesof application,anddescribea fastprototypeimplementation
of SDOE

6.1 Intr oduction

Wheneer large amountsof dataareto be investigated visualizationpotentially
becomesa usefulsolutionto provide insightinto userdata. Especiallyfor explo-
rationandanalysisof very large data-setsyisualizationnot only needgo provide
aneasy-to-readisualmetapharbut alsoshouldenablethe userto efficiently nav-
igatethedisplay allowing for flexible investigationof arbitrarydetails.

Focusand Contet (F+C) techniquesnablethe userto investigatespecificde-
tails of thedatawhile atthe sameime alsoproviding anovervien overtheembed-
ding of thedataunderinvestigatiorwithin theentiredatasetBut F+Cencompasses
a numberof very differenttechniquegshat achieve similar goalsin very different
ways.

6.1.1 Different Kinds of Focusand Context

Themostprominentgroupof F+C methodsaredistortion-oriented77] or spatial
methods Thegeometryof thedisplayis distortedto allow a magnificatiorof inter
estinginformationwithout losing the (lessmagnified)context. It is thuspossible
to navigateinformationspaceghat arefar too large to be displayedon a screen.
Examplesarefisheye views [30, 114, hyperbolictrees[68, 73, 101], stretchable
rubbersheetg115], etc. Distortion-orientedechniguesreusuallyusedin anex-
plicit way, by actively bringing the interestingobjectsinto focus,e.g.by clicking
on objectsor draggingthemaround.
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For smallernumbersof objectsthathave a lot of dataassociatedvith them,a
visualizationrmethodis usefulthatshavsjustalimited numberof datadimensions,
andallows the userto selectwhich of the objectsareto be shawn in moredetail—
we call thesedimensionaimethods The context in this casearenot only the other
objects,but alsothe remainingdatadimensions.This type of methodalsoshawvs
moredetail,but in termsof datadimensionsnot screersize. Examplesaremagic
lenseqd123] andtool glasseg$8], wherethe usermovesawindow overthedisplay
theobjectsinsidewhich aredisplayedn moredetail.

Thethird type of focusand contet allows the userto selectobjectsin terms
of their features,not their spatialrelations;usually by assigninga certainvisual
cueto them—we thereforecall thesemethodscuemethods They male it possible
to querythe datafor information which is not immediatelyvisible in the initial
visualization while keepingthe original layout,andthusnot destrying the users
mentalmap [93]. An examplefor sucha systemis a Geographicinformation
System(GIS) thatmalesit possibleto displaycrime data,certaincities, or hospi-
tals[82]. Thisdatais displayedn thesamecontet asbefore but therelevantparts
of the displayhave a highercolor saturationand opacitythantherest. This leads
the viewer’s attentionto the relevant objectseasily without removing contet in-
formation. In contrasto distortion-orientedechniquesandmagiclenseswith this
type of method the userfirst selectghe criteria, andthenis shavn all the objects
fulfilling them.

Thetechniquepresentedh this paperis of thethird type, but we usea different
visual cuefor discriminatingfocusandcontext.

6.1.2 The Usesof Blur and Depth of Field

Blur is usuallyconsideredo be animperfection:it makesfeaturesharderto rec-

ognize and can hide information completely But the differencebetweensharp
and blurred partsof animageis a very effective meansof guiding the viewer’s

attention. In photographythe depth-of-field(DOF) effect leadsto somepartsof

the imagebeingdepictedsharply while othersareblurred[1]. The viewer auto-
matically looks at the sharpparts,while the blurred partsprovide non-disturbing
contet for the objectsof interest(seeFig. 6.1 for anexample). The sameeffectis

alsousedin cinematographys5], wherefocuschangesanguidethe audiences

attentionfrom onecharacteto anotherfrom a characteto anobjectheor shejust

noticed,etc.

Becausdghe humaneye (like every lenssystem)alsohaslimited DOF[32], an
importantcharacteristiof humanvision is that wheneer we getinterestedn a
specificpartof our ervironment,we 1) bring thethe objectof interestinto the cen-
ter of our eye (wherethe areaof mostacutevision, thefoveacentalis, is located),
and?2) focusonthatobject. Fromtheabove applicationsof DOF (photographyand
cinematography)we know thatthis processs easilyinverted:If we displaysharp
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Figure6.1: A lanternwith a bridgeascontext.

objectsin a blurredcontet, the viewer’s attentionis automaticallyguidedto the
sharpobjects.This alsogivesusreasorto believe thatDOF is perceved preatten-
tively, i.e. within 50msof exposureto thestimulus,andwithoutserialsearct{128§].
Thismeansit very efficiently makesuseof the bandwidthof thehumanvisualsys-
temto cornvey alot of informationin verylittle time.

We have developedanF+Ctechniqueve call Semanti®epthof Field (SDOF)
for informationvisualization,which rendersobjectssharpof blurred, depending
ontheir currentrelevance.It thusmakesuseof the phenomenaescribedbove to
guidetheviewer’s attention.
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6.2 RelatedWork

Therehave beensurprisinglyfew attemptsto useDOF or blur in visualizationat
all; theonesrelevantto this work areshortly summarizedere.

In a systemfor the display of time-dependentardio-\asculardata[139], a
stereoscopi@D displayis includedthatis controlledby the viewer’s eyes. Like
a microscopeonly one thin slice throughthe dataappearssharp,all othersare
blurred andthereforealmostinvisible. Eye trackingequipmentdeterminesvhat
theuseris looking at, andthatpointis broughtinto focus. This makesit possibleto
concentrat@n onedetailwithout the surroundingstructuresconfusingthe viewer.
Laterwork [140] describesnon-lineardepthcues” ,which meandisplayingstruc-
turesthat currentlyare of interest(like single organs)in focus,and otherobjects
out of focus,notbasedn their distancefrom the cameraput on theirimportance.

The Macroscopd79] is a systemfor displayingseveralzoomlevels of infor-
mationin the samedisplay space. For this purpose the imageson all levels are
drawvn over eachother with the more detailedonesdravn “in front”, i.e., dravn
over the lessmagnifiedlayers. The layers’ transparenc canbe changedso that
the backgroundcontet) canbe moreor lessvisible. Thelessdetailedlayersare
blurredsoasto notdistractthe viewer, but sene ascontext.

Themostinterestingexisting approactor thiswork is adisplayof geographi-
calinformation[14]. In thissystemupto 26 layersof informationcanbedisplayed
atthe sametime. Eachlayerhasaninterestlevel associatedvith it thatthe user
canchange.The interestlevel is a combinationof blur andtranspareng making
lessinterestinglayersmore blurred and more transparentt the sametime. This
work doesnot seento have beenfollowedup onrecently

In this paper we describea generalmodelof SDOF i.e., of selectvely using
sharpnesss. blur to emphasize/deemphasizertainpartsof the data. We clearly
embedSDOFwithin thescopeof informationvisualizationandcomputeigraphics.
In additionto the abore examples,we provide a flexible solutionwhich easilyis
adoptedo variouskinds of applicationsasdemonstratetateron.

6.3 SemanticDepth of Field (SDOF)

SDOFallowstheuserto selectelevantpartsof avisualizationthatarethenpointed
out by deemphasizingll the restthroughblur. The discriminationbetweerrele-
vantandirrelevant objectscanbe binary (an objectis eitherrelevantor irrelevant)
or continuouganobjectcanhave arelevancevaluebetweerthetwo extremes).

Differentrelevancemetricsfor objectshave to be offered by the application,
that have to dealwith the specificinformation andtasksthe applicationis made
for. Exampledor binaryrelevancemeasuresirethe setof chessmethatthreaten
a specificpiecein a chesstutoring system(seeFig. 6.5¢c andthe accompaying
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Figure6.2: SDOFBuilding Blocks.

video),thelayercontainingroadsin a GIS application(Fig. 6.5d),or all incidents
relatedto high blood glucosein a graphicalpatientrecord. Continuousfunctions
couldexpressthe ageof files in afile systemviewer (Fig. 6.5a),therecentperfor
manceof stocksin astockmarketbrowser or thedistanceof citiesfrom aspecified
city in termsof flight hours.

The building blocksof SDOFarediscussedn the following subsectionsand
aresummarizedn Fig. 6.2andTah 6.1.

6.3.1 Spatial Arrangement

In informationvisualization,usuallysomekind of layoutalgorithmis usedto ar

rangeobjectsin thevisualizationspacdtypically 2D or 3D). Thespecialkchallenge
of informationvisualizationis the fact that dataoften doesnot have ary inherent
structurethat naturally translatego a layout. Mappingfunctionsare a very im-

portantpart of visualizationbecausdhey determinehow well the usercanbuild

amentalmapthathe or shecanuseto understandind navigate the visualization.
Changingthe layout often meanshaving to learna new layout, and thuslosing
ones ability to navigateeasily

In our model,the spatialmappingfunctionis calledplace; it translatedrom
the original dataspaceto anintermediatevisualizationspacg2D or 3D).

6.3.2 Relevanceand Blurring
Independentlyof the spatialarrangementthe blur level of eachobjectis deter

mined. This is donein two steps:First, eachobjectis assigned relevancevaluer
by therelevancefunctionrel. Thevalueof r is in theintenal [0; 1], wherel means
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Figure6.3: TheBlur function.

the objectis maximally relevant,and0 meanghe objectis completelyirrelevant.
Thisrelevancevalueis translatednto a blur valueb throughtheblur functionblur.

The relevancefunction is application-specifi@and thus can be very different
betweerapplicationgseeSect.6.5.2for examples).Theblur functioncantheoret-
ically alsotake on ary shapeput we have foundthe functiondepictedin Fig. 6.3
to be sufiicient for our currentuses. The usercan specify the thresholdvaluet,
the stepheight s, andthe maximumblur diameterb,,,x. The gradientg is then
calculatedby the application.

6.3.3 Viewing and Camera Models

In orderto provide a consistenmodel,andto embedheideaof SDOFin existing
work in computergraphicswe discusscameramodelsfor generatingmageswith
SDOEF Dependingonwhetherthevisualizationspaces two- or three-dimensional,
differentcameramodelscanbe usedto finally achiere the SDOFeffect. Thecam-
eraprovidestwo functions: camera projectsdatavaluesfrom an intermediate
spacgwheretheinformationwaslaid out by the place function)to screerspace;
anddof, which calculateghe blur level of eachdataitem dependingnits z coor
dinateandthe zg,.,s Valuethe camerds currentlyfocusedat.

In the following, we describetwo cameramodels: a regular photo-realistic
camera(camerap) canbe usedin the 2D case;for 3D, we presenthe adaptive
camen (cameray).

2D SDOF and the Photo-realistic Camera

In the 2D case,objectsget a third coordinatein additionto their x andy values.
This additionalz valuedependn the intendedblur diameterb of the object: If
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Figure6.4: The photo-realisticameraand2D SDOF

thecamerds focusedat zs,.,s, @anobjectwith intendedblur b hasto be movedto a
distanceof z from thelensof the camera(seeFig. 6.4):

f(zfocus - Z)

b = dofp(2, 2tocus) = ‘sz =7 (6.1)
ocus
_ D+b
z = dOfP ! (b, zfocus) D b (6.2)
Zfocus bi

whereD is theeffective lensdiameterasdefinedin thethin lensmodel[75], and f
is thefocal lengthof thelensin use.

The abore equationsapply to cameramodelssuch as distribution ray trac-
ing [15], linearpost-filtering[106], etc.

If the camerausesperspectie projection,objectsalsohave to be scaled(and
possiblymoved)to compensatéor deptheffectsthatarenotdesiredn this case.

3D SDOF and the Adaptive Camera

In the 3D case,of course,it is not possibleto directly map blur factorsto depth
values,becausdhe spatialarrangementf dataitemsalreadycontainsa third di-
mension. However, using a simple extensionof the photo-realisticcamera,it is
possibleto alsohandlethe 3D case.

The adaptve camerais a modification of a photo-realisticcamerathat can
changadts focusfor every objectpointto berenderedThis is easilypossiblewith
object-orderenderingput canalsobeachiezedwhenrenderingn imageorder In
contrasto the photo-realisticameratheadaptve cameracanrenderSDOFin 2D
and3D scenesThephoto-realisticamerds, in fact,a specialcaseof theadaptve
camergwhich simply staysfocusedat the samedistanceor thewholeimage).
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Table6.1: All stepsnecessaryor visualizing datavaluesdatali] with 2D (top)
and3D SDOF(bottom).

Functiondof 5 is definedlike dofp in Eq. 6.1. Differentto the 2D case now
theinversionof dof , mustberesohedfor zg.,s-values:

b:dOfA(zazfocus) = dOfP(zazfocus) (63)
_ D
Zocus = dof 31 (b,2) = FH— (6.4)
z  f

An examplefor anadaptve camerais splatting[45, 137], which is a volumeren-
deringtechnigue,but which also canbe usedfor information visualization. By
changingthe size of the splat kernel dependingon the b value of a datapoint,
SDOFcanbeimplementedeasily

Anotherpossibilityis to usepre-blurredillboards(Sect.6.6and[91]). Objects
arerenderednto memory theimagesarethenblurredandmappedonto polygons
in thescene.

6.4 Propertiesand Applicability

This sectiondiscussesomehigh-level propertiesof SDOF, how it canbe princi-
pally applied,andwhatchallengest bringswith it.

6.4.1 Properties

SDOF beingyetanother=+C highlightingtechnique hasthefollowing properties
thatmalke it anadditionto the currenttoolbox:

¢ SDOFdoesnotdistortgeometrylt is thereforeusablevhensizes(of objects
or partsof objects(glyphs))andpositionsareusedasvisual parametersWe
alsobelieve thatit is easietto recognizeblurrediconsthandistortedones.
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e SDOFdoesnot alter colors. If color is usedto convey meaning,or the vi-
sualizationis to be usedby colorblind people,SDOF canbe usedinstead
of color highlighting. This alsomeansthat SDOFis independenof color,
and canthereforebe usedwhenonly gray-scaleis available (e.g., printed
images).

¢ SDOF changeghe irrelevant objects, ratherthan the relevant ones. It is
thereforeusefulwheneer the relevant objectscontaina lot of information
whoseperceptiormight beimpededby changes.

6.4.2 Applicability

SDOFrequiresconcretequeriesto the data(which canbe simple, but have to be
formulatednonethelessindis thereforeusefulfor analyzingandpresentinglata.

SDOFcansene asanadditionalaid to guidethe viewer’s attention,together
with brightercolors, etc., or asa completelyseparatalimensionof datadisplay
Becauseblur is very naturallyassociatedavith importance(even morethancolor),
we do notbelieve thatit is suitablefor true multi-variatedatavisualization.It can,
however, addanotherdimensionfor a shorttime, whenthe displayeddatais to be
queried.

Blurring needsspacesowhenalot of very smallobjectsaredepictedit is only
of little use.Theapplicationcandealwith this problemby drawing the objectsin
suchan orderthat sharpobjectsare dravn on top of blurred ones. But this can
introduceartifacts, where partsof the display appearsharponly becauseof the
contrastetweersharpobjectsandthe background.

6.4.3 Challenges

SDOFimagesdependon the outputdevice (similar to tonemapping[89], for ex-
ample).Thereasorfor thisis thatblur is notanabsolutemeasurebut dependsn
theviewing anglethattheimagecovers—thisis alsothereasonwvhy smallimages
look sharpethanlargerones:thecirclesof confusionarenotvisiblein thesmaller
version,or atleastto a smallerextent. We usea calibrationstepat programstartup
to accounffor this problem(seeSect.6.5.1).

ImageghatcontainSDOFeffectsarealsoproblematiavhenlossycompression
is used(like MPEG, JPEG,etc.). In this case,artifacts can be introducedthat
createa high contrastin ablurredarea,andthusdistractingthe user But SDOFis
mostusefulin interactve applications so this problemshouldplay no big role in
practice.
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6.5 Parameterization

Parameterizatiorof SDOF consistsof two parts: Adaptationto currentviewing
parameteranduserinteractionto changeherelevancemapping.

6.5.1 Output Adaptation

We askthe userto selecttwo blur levels on programstartup:a) the minimal blur
level thatcanbe easilydistinguishedrom a sharpdepiction— this valuetranslates
to thestepheighth in Fig. 6.3; b) the minimal differencein blur thatcanbedistin-
guished- this valuecanbe usedto calculateg, if the smallestdifferencebetween
ary two r valuesis given. Becausehis is generallynot the case the blur function
is adaptedor everyimageafterexaminingther valuesof all objects.Thesevalues
canvary with the useof the generatedmage(printing out, projectingontoawall,
etc.),theuseof differentscreensetc.

6.5.2 UserInteraction

Interactionis akey partof SDOF. Blurred objectsareunnatural andit is therefore
importantfor theuserto beableto changeherelevancemappingandblur function
quickly, andto returnto adepictionthatshaws all objectsin focus.

Dependingon the application,thereare differentusagepatterns.in mary ap-
plications,it is usefulto be ableto pointatanobjectandsay“Show meall objects
thatareolderthanthis”, “Show meall chessmethatcover this piece” (Fig. 6.5€),
or “Show methe citiesweighedby their railway distancefrom this city”.

Anotherway is to selectvaluesindependentlyf objects:“Show meall threat-
enedchesspiecesof my color”, “Show me all files that were changedtoday”
(Fig. 6.5b),or “Show meall currentpatientsweighedby their needfor drugxyz”.

An additional featurewe believe is useful is the auto focus After a pre-
specifiedime, it makesall objectsappeasharpagain thusmakingexaminationof
all objectseasier(this functioncanbeturnedoff).

Transitionsbetweendifferentdisplaysare alwaysanimatedo enablethe user
to follow the changeandimmediatelyseewhich objectsarerelevantin the new
display This is anotherreasonfor separating and b (seesection6.3.2): The
animationis donebetweenthe old andthe new b values,ratherthanthe r values.
Thisis becauseheblur functioncancontaindiscontinuitieghatcanleadto jumps
betweerblur levelsof objects,andarethereforeundesirable.
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a) A file browser showing the age of files b) A file browser showing today’s files sharply,
through blur. Continuous relevance function. older ones blurred. Binary relevance function.

c) A chess tutoring system showing the d) A Geographic Information System (GIS) showing
chessmen that threaten the knight on e3. the roads layer in focus.

e) A chess tutoring system showing the chessmen that cover the knight on e3.

Figure6.5: SDOFin action.SeeSect.6.5.2and6.3for details.
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Figure6.6: The Box Filter (left), andthe generalizedox filter for arbitrarysizes
(right).

6.6 Implementation

A methodin informationvisualizationshouldnot only be visually effective, but

alsofast,sothatit canbe usedinteractively. Blurring usedto be a very slow op-
erationbecauset involvesa sumof threecolor component®f mary neighboring
pixels for every single pixel in the image,andis still not supportedoy hardware
exceptin high-endgraphicsworkstations We have implementedSDOFusingtex-

ture mappinghardware,which malkesit faston currentlyavailable consumePCs.
The describedmethodis an implementationof the adaptve cameramodel (see
Sect.6.3.3).

Blur canbe understoodas a corvolution operationof the imagewith a blur
kernel. In photographythis blur kernelideally is round, but usuallyis a regular
polygonwith six to eightvertices,dueto the shapeof theaperture.

The more commontype of blur kernelin computerscienceis the box filter
(Fig. 6.6, left). It hasthe big adwvantageof beingseparablg¢91], which reducests
computationakostfrom O(n?) to O(2n), wheren is the filter size. It canalso
be generalizedjuite easilyto arbitrary sizes(Fig. 6.6, right) otherthanjust odd
integers.This implementatiordirectly uses asits filter sizen.

Usinggraphicshardvareis differentfrom a softwareimplementatiorof afilter
in thatit doesnot sumup the color valuesof surroundingpixels for every single
pixel. Rather it addsthe whole imageto the framebuffer in one stepby draving
it ontoatexturedpolygon(thisis doneby blendingwith a specialblendfunction).
Whentheimageis drawvn in differentpositions(with one pixel distancebetween
the images),sereral imagepixels are addedto the sameframe buffer pixel. Be-
causeof the limited accurag of the frame buffer (typically eight bits per color
component)this canonly be donefor smallvaluesof n (we have foundn < 4 to
yield acceptablémages).
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For larger blur diameterswe usea two-stepapproach.First, we sumup four
imagesinto the frame buffer, with their color valuesscaledso that the sumuses
the entireeightbits. We thentransferthis imageto texture memory(this is a fast
operation)andusethis auxiliary sumasthe operandor further calculations.The
auxiliary sumalreadycontainsthe informationfrom four additionsteps,sowhen
summingthemup further, only onequarterof theadditionstepss neededBecause
all the valuesin the box filter (exceptfor the border which is treatedseparately)
areequal,all auxiliary sumsareequal—they areonly displaced.This meansthat
theauxiliary sumonly needgo be computednce(aswell asanotherauxiliary for
theborders).Summingup auxiliary sumsis thereforenot only moreaccurateit is
alsofaster

For blur diameterdargerthan 20 pixels, we first scalethe imageto onequar
ter of its size, thenblur with half the diameter andthen scaleit back (“quarter
method”).

Using the describedmethod,it is possibleto run applications- like the ones
shawvn in theimagesandthe accompaying video— at interactve framerates(at
leat 5 framesper second)on cheapconsumermraphicshardware. This number
is likely to increasewith somefurther optimizationsaswell asthe useof multi-
texturing (whichis supportedy moreandmoreconsumegraphicscards).

6.7 Evaluation

To shav that SDOF is actually perceved preattentrely, andto demonstratéts
usefulnessn applicationswe arecurrently performinga userstudywith 16 par
ticipants. We want to find out a) if SDOF is, indeed, perceved preattentiely,
which includesthe detectionandlocalisationof targets,aswell asthe estimation
of the numberof targetson screen(asa numberrelative to all objectsin theim-
age)in thepresencef distractorsp) how mary blur levels peoplecandistinguish,
and how blur is perceved (e.g., linear, exponential,etc.); ¢) how blur compares
to othervisual cueswhich areknown to be perceved preattentiely (suchascolor
andorientation);andd) how well SDOFcanbeusedto solve simpleproblemswith
simpleapplicationgwherethe emphasiss onthe useof SDOF).This studyis still
in progressat the time of this writing, but we will publishthe resultsassoonas
they areavailable.

6.8 Conclusionsand Future Work

We have presented@nextensionto thewell-known depth-of-fieldeffect thatallows

objectsto be blurred dependingon their relevanceratherthan on their distance
from the camera. This techniquemakesit possibleto point the userto relevant

objectswithout distortingthe geometryandotherfeaturesof the visualization.
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Becausef the similarity to the familiar depth-of-fieldeffect, andthe factthat
DOF is an intrinsic part of the humaneye, we believe thatit is a quite natural
metaphoifor visualizationandcanbe usedquite effortlesslyby mostusers.

SDOFcanbe usedwhenanalyzingandpresentingdata,andalsoseemgo be
effective asatool for pointinginformationoutin tutoring systems.

We expectto learna lot aboutSDOF's propertiesduring our userstudy and
will usethisinformationto definecriteriawhenandhow SDOFcanbebestused.

As oneof the next steps,we wantto investigatethe applicability of SDOFto
otherareasof scientificvisualization like volumeandflow visualization.

We alsowantto find out how SDOFcanbe appliedto humancomputerinter
action,to enabletheuserto graspimportantinformationfasterandto bealertedto
importantchangesvithout beingdistractedoo much.
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Chapter 7

ProcessVisualization
with Levelsof Detall

AN

In 2002, the contentsof this chapterhave beenacceptedor publicationin the
Proceeding®f the IEEE Symposiumon Information Visualization2002 (IEEE
InfoMs 2002 asshortpaper(paper‘ ProcessVisualization with Levelsof Detail”
by KreSimir Matkovi€, Helwig HauserReinhardSainitzer andEduardGroller).

The contentsof this chapter(paper)are a resultfrom a collaboratve project
with Wolfgang Rieger (one of Helwig Hausers diploma students), KreSimir
Matkovi¢ and ReinhardSainitzer(both from the applicationside of this project,
andProf. EduardGroller (headof the visualizationgroupat the Institute of Com-
puterGraphicsandAlgorithms, ViennaUniversity of Technology).Therewereno
furtherdirectly relatedpaperqco-authoredy Helwig Hauser)rom this project.
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with Levelsof Detall

KreSimir Matkovi¢, Helwig HauserReinhardSainitzey andEduardGroller

Abstract

In this paperwe demonstratéow we appliedinformationvisualizationtechniques
to processmonitoring. Virtual instrumentsareenhancedisinghistory encoding—
instrumentsare capableof displayingcurrentvalue andthe value from the near
past. Multi-instrumentsare capableof displaying several datasourcessimulta-
neously Levelsof detail for virtual instrumentsare introducedwherethe screen
areais inverselyproportionalto the informationamountdisplayed. Furthermore
the monitoring systemis enhancedy using 3D anchoring — attachmenbf in-
strumentdo positionson a 3D model—, collision avoidance- a physicallybased
springmodelpreventsinstrumentgrom overlapping—, andfocus+contgt render
ing — giving the usera possibilityto examineparticularinstrumentsn detailwith-
outloosingthe context information. Two applicationsveredeveloped,a prototype
applicationanda commercialbrocessnonitoringtool.

Keywords: processmonitoring, processvisualization,informationvisualization,
levelsof detail,focus+contet visualization yvirtual instruments.

7.1 Intr oduction

Informationvisualization(InfoViz) hasemegedasanimportantfield of researchn
the pastfew years.Procesvisualizationasoneof its sub-fieldsis directly related,
but neverthelessnucholder Processebave beenvisualizedandmonitoredusing
traditional, analoginstrumentssincethe early daysof industrialization. Analog
instrumentaverefollowed by the useof digital instrumentsandfinally, computers
areincreasinglyusedto visualizeandmonitor processes.

Thereare a lot of software tools available, offering a comfortableand intu-
itive way for processisualization. Examplesof widely usedinstrumentibraries
andtoolsareproductshy GlobalMajic Software[46] andQuinn-Curtisinc. [107].
A wide-spreadmonitoring tool alsois LabVIEW Systemfrom National Instru-
ments[69]. Therearehundredf instrumentsavailablewithin this software. An-
otheroffererin thisfield is GE FanucAutomationwith the DataMews systen{18]
andalarge baseof virtual instrumentsaswell.

Most of thesetools andlibrariestry to mimic corventionalinstrumentswith-
outtakingadwantageof well-known InfoViz methodology Virtual instrumentsare
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muchmoreflexible than conventionalsettingswith realinstruments.The virtual
instrumentsare easiercustomizedput essentiallythey arestill just an electronic
versionof therealinstruments.

In this paper we describehow processvisualizationcan benefitfrom infor-
mationvisualization. We have improved featuresof singularinstrumentsaswell
as global monitoring features,andfinally we developedtwo applicationswhich
illustratethe methodsdescribedn this paper

Featuresddedo virtual instrumentsare: historyencodingmulti-instruments,
andlevels of detail (LOD). Including history encodingallows to displaythe cur
rent value andthe valuesfrom the nearpastsimultaneously We achieve this by
visually augmentinghe commongaugeand bar instrument. The historic values
aredisplayedusinglesssaturateccolorsandsmallerneedlesor bars. In this way
historyvaluescanbe distinguishedrom the currentvalueon afirst sight, but still
give anadditionalinformationaboutsensolbehaior in thenearpast.

Multi-instrumentsdisplay morethanone datasourcesimultaneouslymaking
it easierto comparethem. A multi-gauge for example,hassereral needlesgach
of themin a differentcolor andlength. Valuescorrespondindo the needlescan
be easily compared. In fault-tolerantsystemsoften several sensorameasurehe
samephenomenonlin this casemulti-instrumentsarewell-suitedin emphasizing
amalfunctioningsensar

Levelsof detailis aninterestingchoicein structuringthe concurrentisplayof
mary instrumentsVarioustypesof instrumentf differentsizesaresuitablefor a
LOD approachlf, e.g.,four redundansensorshouldbevisualized aninstrument
which coversasmallareaandwhichdisplaysonly thecollective stateof all sensors
(ok/not-ok)canbeconsideredsthefirst (androughestl. OD. Thenext level could
beaninstrumentwhich displaysthe averagevalueof all thefour sensorsSuchan
instrumentaoversmoreareaonthescreenput givesmoreinformationaswell. The
following level could be a multi-instrumentdisplayingall four values,andfinally
the highestLOD would be representedby four single instruments. The highest
level occupieghelargestarea,giving the mostinformationatthe sametime.

Besidesaugmentingheinstrumentgshemseles,the globalmonitoringsystem
wasimprovedaswell. Globalfeaturesaddedarefocus+contet rendering56] and
collision avoidance.

Focus+contet (F+C) approachesmale a hugeinformationspacemanageable
for a userby coarselyrepresentinghe entireinformationin the available screen
space.Theuseris enabledo displayselectedarts(focus)enlagedbut embedded
into the surroundingenvironment(context). In the exampledescribedabore, it is
possibleto choosehe level of detail of aninstrumentdependingon the degreeof
interest. Thedegreeof interestcanbedetermineckitherexplicitly by theuser—the
usermpointsto thefocus—, or it canbedata-diven. Herethedegreeof interestmight
increasevhene&er a specificeventoccurs,e.g.,a datavalueleavesthe admissible
range.
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Increasinghe level of detail,increaseshe requireddisplayareaof the instru-
ment,andit potentially occursthat someof the instrumentsoverlap after a level
changeln orderto avoid instrumentbverlap,acollisionavoidancealgorithmbased
onaphysicallybasedspringmodelwasimplemented.

Theabove describedeatureswill be explainedin moredetailusinggauge par,
LED, and numericinstruments. The bar instrumentis an instrumentwherethe
length of a solid bar correspondgo the measuredralue. It's analogcounterpart
is a mercurythermometeror a tube manometer The LED instrumentmimics a
singleLED andcanrepresentwo statesn our case.The numericinstruments an
instrumenthatdisplaysmeasuredataonanumericdisplay Datacanbedisplayed
asadecimal,hexadecimalor binarynumber

All of the new featuresare implementedin two applications. A placement
prototypeapplication109] anda commercialT TPView 3.0 application[129].

7.2 New Featuresfor Virtual Instruments

Theideaof usingvirtual insteadof classicainstrumentss notnew. However, most
of thevirtual instrumentgry to mimic realones,andoffer a faster morecomfort-
ableandmoreflexible way of arranginga new setof measuringnstruments.We
improve virtual instrumentshy addingsomenew featuresand techniqueswhich
arewell-known from informationvisualization. We not only improve the instru-
mentmanagemeniut alsoaugmenthe virtual instrumentsas comparedo their
real counterparts We madevirtual instrumentscapableof displayingthe history
of data(historyencoding).Our virtual instrumentsarealsoableto simultaneously
displayseveraldatavalueswithin oneinstrumentsothatdivegencesn redundant
information are easily recognizablgmulti-instruments). Finally, we introducea
LOD representatiofor virtual instruments.

7.2.1 History Encodingin Virtual Instruments

It is oftenimportantnot only to readthe currentvalueof a sensaorbut alsoto geta
cluewhatwasthevaluein the nearpast. Of courseit is possibleto usesomekind
of oscilloscopeanstrumentor time chart, but their sizeis oftena limiting factor
We addedhistory encodingto the barand gaugeinstrument. Suchan augmented
instrumentakesno moreplacethana commonbar/gaugenstrumentput givesfar
moreinformationto the user In the caseof the barinstrumenthistoryis encoded
throughhorizontallines on the left of the numericalscale. Lengthandsaturation
of aline encodethe "recentness’df a value,i.e., longerandmore saturatedines
correspondo newer datavalues. Figure 7.1(a)illustratesa bar instrumentwith-
out history encoding. Justthe currentvalueis depicted,redundantellythrougha
bullet on the numericalscaleaswell asa solid barto the left of the scale. In fig-
ures7.1(b)-7.1(efatahistoryis depicted Figure7.1(b)and(c) shav anovertime
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Figure7.1: Solid bar (a), history barwith increasing(b) anddecreasingdc) value,
two state(d) andconstantalue(e) historybar

monotonicallyincreasingrespectiely decreasinglatavalue. Figure7.1(d)shawvs
a quantity thatis switching betweentwo valuesandfigure 7.1(e) shawvs a quan-
tity thatis constanbvertime. A simplesolid barinstrumentwould not be ableto
capturethesevastly differenttemporalevolutions.

The sameideahasbeenappliedto the gaugeinstrument.The history needles
in the gaugeinstrumentarereducedo the needletips in orderto make the whole
instrumentmore clear Figure 7.2 illustratesthe history gaugeinstrumentfor a
uniformly increasingdatavalue.

History encodingalsorelateso thevisualizationof gradientinformationin the
data,similar as,for example,oftenusedin scientificvisualization(compareo gra-
dientsin volumevisualization,for example). By shaving not only theimmediate
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Figure7.2: History gaugedepictinga uniformly increasingvalue

values,but alsoa notion of temporalderiatives, the usergainsmoreinformation
aboutthesensodata.

7.2.2 Multi-Instruments

Commonpracticein fault tolerantsystemse.g.,planesJocomotives,moderncars,

etc.,is to install severalsensorgor thesamedata.Importantsystendecisionsnust

not be basedon a single measuremenrdlone. In a faultlesssituationall sensors
deliver the samedata. If a sensoris out of order its measurementshouldbe

neglected,and the maintainerof the systemshouldget the information that the

sensolis not working properly If a separaténstrumentis usedfor eachsensaor

it is very hardto seeif thereareary deviationsin the measurementsjnlessone

valueis significantlydifferentfrom the others.

In order to malke it easierto visualize such cases,we introduce multi-
instrumentsThemulti-barandthemulti-gaugeinstrumentdisplayseveraldistinct
datasourcessimultaneouslybut usingthe samescale. The multi-bar instrument
usesmorebarsbesideeachother andthe multi-gaugeinstrumentusesmorenee-
dles. The needleshave differentlength,andshorterneedlesare placedon top of
longerneedlesso that the userimmediatelyseesall the values. If thereis a de-
viation in the values,one (or more)not matchingneedle(swill be easilyspotted.
Figure 7.3 illustratesa multi-bar and a multi-gaugeinstrument. The usereasily
noticesthata sensorepresentetly theyellow bar/needlebviously malfunctions.
Themulti-instrumentapproacthasits dravbacksaswell. Althoughtheneedlesn
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Figure7.3: Multi-gaugeandmulti-bar

the multi-gaugeinstrumentare color-codedandhave differentlengths,it is not so
easyto perceve separatereedlesvhenthey overlap. Several, singleinstruments
arecertainlyeasierto readbut requiremuchmorespace.

Multi-instrumentscanalsobeusedwheneerit is necessarto visualizerelated
datawhich doesnot have to be identical. An exampleis the visualizationof a
distribution of a datavalueusingthreeneedles.Oneneedledisplaysthe average,
andothertwo needleghe standardieviation of the distribution.

In orderto make it easierto readtheinstrumentsfwo morefeaturesareadded.
Firstabullet on the scaleindicatesthe currentvalue. This is especiallyusefulfor
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Figure7.4: Bullets andactualvaluedisplaysin the multi-barandmulti-gaugein-
struments

multi-instrumentsvherethe numericalscaleis not next to all bars/needlesFur
thermoreanactualvaluedisplayis addedaswell. An actualvaluedisplayshavs
the currentvalueasdecimalnumberin a numericdisplay The positionof the ac-
tual valuedisplaychangesndcloselyfollows the currentdatavalue. The display
is positionedusinga runningaveragemakingit easierto readthe numericalvalue
in caseof fastchangewr oscillating values. Furthermore actualvalue displays
never overlap, which makesthemeasierto readaswell. Figure 7.4 shaws these
two features.

7.2.3 Levelsof Detalil

Multi-instrumentshave not only the advantageof makingit easierto comparere-
latedvalues but they save screerspaceaswell. A multi-barinstrumentswith four
barsoccupiesafar smallerareathanfour singlebarinstrumentsThis led usto the
next new featurein processisualization,i.e., levels of detail. An exampleis the
following. Four singlebarinstrumentsarethe finestlevel of detail, the multi-bar
instrumentrepresentinghe samefour valuesis the next lower level, anumericin-
strumenwhich displaystheaveragevalueanda LED instrumentarefurtherlevels
of detail. Figure7.5illustratesthe example,andgivestheareausagedor eachlevel
(highestlevel = 100%). In this way, it is possibleto usethe LED instrumentf ev-
erythingis runningOK, andthanautomaticallyswitchto ahigherlevel if somedata
doesnot fulfill predefinecconditions. Thereareotherpossibilitieshow the levels
canbeswitched,andsomeof themwill bedescribedn thefollowing section.

118



ProcessVisualization with Levelsof Detail / 7.3

38‘;43.&)0
level 1, level 2,
area ratio: area ratio: s
gauge 1%, gauge 2%, level 3, area ratio level 4, area ratio:
bar 3% bar 6% gauge 33%, bar 60% gauge 100 %, bar 100%

Figure7.5: VariousLODs, building up a tree of instrumentswith corresponding
areasizes

7.3 F+C ProcessVisualization

The LOD ideaitself leadsto a F+C processvisualization. The focus+contet ap-

proachis a well-knowvn techniquein informationvisualization. The surrounding
environment,i.e., thecontet, makesthis approactdifferentfrom simplezooming-
in, wherean areais displayedin anotherscalebut the connectionto the erviron-

mentis lost.

TheF+Cprincipleis partially basednthefactthathumansanbestperceve a
circularareawith alimited diameteiin thecenterof theirview [11]. Theimportant
informationshouldbe placedin this focus, but the information outsidethe "most
interesting”area,is not unimportant. This peripheralarea(contet) helpsus to
orient,andbringssurroundingnformationfor theinstrumentsn focus.

Accordingto Kosaraet al. [64] the F+C methodscan be divided into three
groups.Thefirst, andwidestspreadyroupof F+C methodsaredistortion-oriented
or spatialmethods. The ideais to distortthe displayto allow a magnificationof
interestingareaswithout losing the context which will be displayedon a coarser
scale.A lot of metaphorselatingthis kind of F+Ctechniquego realworld objects
have beenintroducedlike fisheye views [114, 30], stretchedubbersheetd115],
etc.

Thesecondyroupof methodsaredimensionamethodswhich aresuitablefor
objectswith alot of dataassociatedvith them. Objectsin focuswill bedisplayed
using more dimensionsof the data. An exampleof sucha methodis the magic
lens[123].
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Finally, the last group of F+C methodsis called cue methods. Theseap-
proachesllow the userto selectobjectsin termsof their features,and not their
spatialrelations. An exampleis the semanticdepthof field approach[64] which
blursdifferentpartsof the scenan dependencef their relevance.In thisway the
contet informationis still presentbut the importantinformationis in depicted
sharp,andcanbeeasilyrecognizedy theuser

Our ideais to usethe LOD principle introducedin the previous sectionfor
our F+C approach. The dggree of interestcorrespondgo the level of detail of
the instrument. The larger the degree of interestis, the higherlevel of detail is
used.This canbe consideredaccordingto the above introducedcateyorizationas
a dimensionalF+C method. Increasingthe level of detail, however, increaseshe
sizeof aninstrumentandinstrumenbverlappingpossiblywouldoccur Somekind
of rearrangemerdf theinstrumentshouldbe donein this case(assuminghereis
enoughfree spaceon the screen)which makes our methoda spatialmethodtoo.
Therefore,our approachrepresents combinationof a dimensionalanda spatial
F+C method.

7.3.1 3D Anchoring and Interaction

While processvisualizationusuallyis donein 2D, the dataoften comesfrom a
3D environment. Of courseit would be possibleto use3D visualizationwith its
advantagedik e similarity to real-world situationsandflexibility which is offered
by the third dimension.On the otherhand3D visualizationhassomedravbacks
aswell. The computingpower neededor 3D visualizationis significantlyhigher
thanthe computingpower neededor 2D, the objectsare often occludedby other
objects andthereshouldbe somenavigationmechanisnin orderto visuallyaccess
all objects. The fact that commonoutput devices (monitors) and input devices
(mouse)areactually 2D devices, makes manipulatingandusing 2D visualization
moreintuitive for atypical user

Virtual instrumentgepresenteal measuringsensorsthat are placedin a 3D
environment,andsenddatato the system. The userpositionsinstrumentson the
screenspecifyingtheinstrumentsurrentanddesiredposition(which canbut must
not be the same).Sincethe real sensorsxist in a 3D ervironment,e.g.,aracing
car, virtual instrumentouldbe attachedo the 3D modelof thereal ervironment
andthenmappedo the screen.This attachmenbf aninstrumentto a 3D position
of a3D modelis calledanchoring If datathatis goingto bevisualizedcomesrom
the wheelsensorof a car, the correspondingirtual instrumentsanbe anchored
to the wheelson the 3D model. In this way, the usercanimmediatelyrecognize
which datais representedby which instrument. The usercanfor examplerotate
the 3D model,andthe assignednstrumentswill follow the movement.

The instrumentsare not simply placedin the 3D world andthenmapped pe-
causethey would be easily unreadableafter applying projection. Instead,after
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Figure7.6: 3D anchoring:virtual instrumentgollow the 3D model

projectionthe instrumentsare placedat the positionsof anchoringpoints (pro-

jectednow). In this way the instrumentsare always visible, and easilyreadable.
Figure7.6 shavs anexampleof four instrumentsassignedo the four wheelsof a

schematicar model. The anchorednstrumentgollow change®f the underlying
3D model.

7.3.2 Collision Avoidance

In principle, anchorednstrumentswhich follow a 3D model, often would over-
lap. It is possibleto let the usersolve the overlappingproblemby arrangingthe
instrumentshimself. It would however be far more comfortableif the systemac-
complisheghis task.

In this casejt is necessaryo developa collision avoidancesystemwhich will
preventtheinstrumentdrom overlapping.The algorithmimplemented109] uses
aphysicallybasedspringmodel[5].

A systemof objectsandspringsis defined suchthatthereis a springbetween
eachinstruments currentandits desiredposition. The desiredpositionis the pro-
jectedanchormoint. Thetensionof aspringis proportionalto the distancebetween
theinstrument currentanddesiredposition. Furthermoreaminimal allowed dis-
tancebetweertwo instrumentds defined.If two instrumentsomecloserthanthe
minimal allowed distance repelling forcesare addedto the system. This keeps
instrumentsapartfrom eachother andavoids overlap. As soonastheinstruments
arefarenoughfrom eachothertherepellingforcesarenot actingary more.

In our prototypeapplicationthe userdeterminegheinitial positionby placing
instrumentsandspecifyingtheir ideal positions(anchorpointson the 3D model).
Whenall instrumentsare placed,the spring model tries to assumea minimum-
tensionstateby incrementallymoving the instrumentsin the spring force direc-
tions. The procesds repeatedintil a stablestateis found, or until a userdefined
time elapses.During the rearrangementhe stiffnessof springssuccessely in-
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Figure 7.7: Collision avoidanceof virtual instruments: (a) start configuration,
(b) rearrangemeris goingon, and(c) final solution

creases.This simulatesannealingto avoid oscillationsbetweentwo stablesolu-
tions (instrumentgumping betweerdifferentpositions).The processof automatic
placements illustratedin figure7.7.

7.3.3 Focus+ContextRendering

TheLOD principleandautomatianstrumenplacemenareusedfor focus+contet
rendering.Theideais to usedifferentlevelsof detailfor differentdegreesof inter
est. Theinstrumentswith the highestdegreeof interestwill berepresentedising
the highestLOD, andthe level of detailwill decreaseavith decreasinglegreeof
interest. After a level changest is sometimeqecessaryo rearrangehe instru-
ments. Automaticcollision avoidancedescribedn section7.3.2is usedin sucha
case.Figure7.8illustratesthe changeof levels, andrearrangemenif the instru-
ments.

An instruments dggreeof interestcanbeincreaseaitherexplicitly or implic-
itly. By explicitly changingthe degreeof interestthe userselectsheinstruments
thataremoreinteresting.This canbe donein two ways.

Oneway is to equip the userwith a sort of magiclens[123] which canbe
coupledto thecursor In thiswaytheareaaroundthecursoris consideredo have a
highdegreeof interestandthe degreedecreasewith thedistancerom thecursor

Anotherway, couldbeto defineafixedareaon thescreerwhichrepresentshe
regionwith thehighestdegreeof interest.This canbetheareaaroundthe centerof
thescreenpr areaaroundthegoldencut point, or ary otheruserselectedarea.The
closertheinstrumentis to the centerof theareathehigherlevel of detailis usedto
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Figure7.8: Changingthe degreeof interest

representheinstrument.In this way the usercanexaminea particularinstrument
by bringingit into a predefinedscreerarea.

Implicitly changinghedegreeof interests coupledwith predefinedundesired
systenstateslf anunwantedstateoccurse.g.,avalueexceedsapredefinedange,
theinstrument degreeof interestis increasegutomaticallyto notify theuserand
gethis attention.

7.4 Application and Evaluation

The principles describedin this paperare implementedin a placementproto-
type [109] andin a commercialapplicationTTPView 3.0 [129]. The placement
prototyperealizedocus+contet visualizationaswell ascollision avoidanceasde-
scribedin section7.3. The TTPView 3.0 applicationis far morecompl. It is a
commercialproductwhichis intendedo beusedon adaily basis.

TTPView is a high-speedus monitoringtool for the TTP system.TTP stands
for Time TriggeredProtocol,which represent®ne of two available technologies
in the field of real-timecontrol systems.Oneis event-triggered andthe second
oneis time-triggered The TTPView 3.0is easilyconnectedo thesystemandgets
all informationaboutexisting datasourcedrom the system.The datasourcesare
logically organizedin trees,andthe usercan easily drag-and-dropwanteditems
into aview. Eachtreeitem hasa defaultinstrumentassignedo it, but theusercan
switchto anothervirtual instrument. All availableinstrumentscanbe configured
by: addinga captionstring (descriptionof datasource)and unit string (physi-
cal unit of the datalike RPM, MPH,..), addingan instrumentbackgroundmage,
switchingthe scalesandactualvalue displayson or off, changingsize andcolor
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Figure7.9: A screershotof TTPView 3.0

etc. It is easyfor the userto configurethe views accordingto his or her needs.
Theusercancreateseveralviews aswell. Theviews themselesmayhave a back-
groundimageand a userselectedbackgroundcolor. Figure 7.9 shavs someof

thesefeatures.

Thefeatureto addaninstrumentbackgroundhasturnedout to bevery useful.
Usingcleverly designedackgroundmagesit is oftenimmediatelyobviouswhat
type of datatheinstrumentslisplay Thebarinstrumentin figure 7.10shavs tem-
peratureandthe gaugeinstrumenin the samefigure shavs revolutionsperminute
(RPM). Both datatypesare obvious from the designof the backgroundmageof
theinstrumentNotethattheinstrumentsn figure 7.10arethe samebarandgauge
instrumentsasshavn throughoutthe paper but with scalesswitchedoff, andin-
strumentackgroundmagesadded.

TTPView supportghefollowing instrumentsbar, gaugetrace led,numerical,
icon, andtext instrument. The bar, gauge LED, andnumericalinstrumentswere
describedn previous sectionsHerewe just briefly describeheotherinstruments.
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Figure 7.10: The bar instrumentwith a thermometetbackgroundand the gauge
instrumentshaving RPMs

Thetraceinstrumentdisplaysthetemporalevolution of a datavalueasa poly-
line in atime vs. data-alueplot. Thetraceinstrumentsupportanoredatasources,
whichmalesit amulti-traceinstrument.It hasaseparatscalefor eachdatasource
(notethatmulti-barandmulti-gaugenstrumentshave only onescale).This canbe
usefulto study correlationsbhetweendifferentsourcesg.g., correlationof speed,
RPM, andenginetemperature.

Theicon andtext instrumentsaredesignedo visualizediscretesetsof values.
An iconor astringis assignedo individual intervals of theinputdata.An example
could beto assigntraffic-light iconswith green,yellow andred light switchedon
accordingo athreestateinput.

The usercan definea rangeof valid valuesfor all instruments. If a value
exceedgheadmissibleangeawarningsignis addedo theinstrument A message
describingwhenthe erroroccurred andwhatwaswrongis printedonthescreen.

7.5 Conclusion

This paperpresentseveral novel approacheto processisualization.We did not
only try to mimic realinstrumentsbut addedeaturego thevirtual instrumentghat
cannotberealizedusingtheirrealcounterpartskFurthermoreve have enhancethe
whole processisualizationsystemandwe have implementedwo applications.
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Thenew featuresaddedto thevirtual instrumentssanbe summarizeds:

History encoding, which makesit possibleto display the valuesfrom the near
pasttogethemwith the currentvalue. This allows to seethe evolution of the
valuewithoutincreasinghedisplaysizeof theinstrument.

Multi-instruments are capableof displayingseveral valuessimultaneously A
multi-instrumentmales it easierto compareredundantvalues,and saves
screenspacecomparedo single instrumentswhich display the samedata.

The levels-of-detailapproach makesit possibleto useinstrumentsof different
sizesto representhe samedata. Increasinghe level of detailwill increase
theamountof informationshavn, but will take up morescreerspace.

Theadwancedfeaturesn instrumentsnadeit possibleto improve the globalmon-
itoring systemby applying:

The focus+contextprinciple, which allows the userto explore particularinstru-
mentsin moredetail (usinghigherlevelsof detail)withoutloosingthe over
all context. Themethodimplementeds acombinationof adimensionabnd
a spatialF+C method. The degreeof interestcanbe explicitly setby the
user or canbedatadriven,increasinghedegreeif somespecial predefined
datastateoccurs.

3D Anchoring wasusedsinceour dataoriginatesfrom a 3D ervironment.Instru-
mentsare anchoredon the 3D model, but specialattentionis taken when
instrumentsare projectedto 2D screerspacen orderto make themalways
visible.

Collision Avoidance was implementedusing a physically basedspring model.
This was necessaryo avoid instrumentoverlapping. Overlappingcan be
avoided only if the total instrumentareais not larger thanthe total screen
area.

The methodsdescribedin this paperwere implementedin two applications: a
placemenprototypewith F+CvisualizationandcollisionavoidanceandTTPView
3.0, as a commercialapplication, developedwith the TTTech compary [129],
whichis usedon adaily basis.

This papershavs how InfoViz techniquesanbeappliedto processnonitoring
andvisualization. We did not try only to mimic the realinstrumentsput alsoto
enhancghem, andthe whole monitoring system,aswell. As a result,a system
offering moreinformation,usingnot muchmorescreerspaceandgiving the user
moreflexibility is realized.
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