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geborenam16. April 1971in Wien,
Hauser@IEEE.org.





Preface

Before the actualcontentsof this thesisare presented,a few words areusedto
commentonthecontext of thiswork, thepaperswhicharecontainedin this thesis,
thethesisitself, andits author.

Most generally, this thesisprovidesa survey of a subsetof Helwig Hauser’s
researchwork in the years1999–2003. After finishing his PhD project on the
visulizationof dynamicalsystems(field of flow visualization)in 1998[80], Helwig
Hauserpursuedthe ideaof generalizingfocus+context visualization(abbreviated
“F+C visualization”)in thescopeof severalprojects.

Previously, F+C visualizationonly hasbeenknow in thefield of information
visualization,andthereonly in theform of spacedistortiontechniques:compara-
bly large portionsof thevisualizationspaceareusedto visualizecertaindetailed
dataparts“in focus” whereasthe restof thedatais visually represented“as con-
text” in reducedstyle (seesection1.2 for moredetails). Not at the leastthrough
the work of Helwig Hauser, F+C visualizationnow is a moregeneralapproach,
alsoincludingthefocus–context discriminationby othervisualmeans,e.g.,color,
opacity, or style(chapter1 givesanoverview of thisgeneralization).Additionally,
F+C visualizationnow also is usedin scientificvisualization,e.g.,volumevisu-
alizationandflow visualization,which alsocanbebacktracked to thesomework
which is presentedin the following. This thesisnow containsthemostimportant
paperswith respectto thiswork.

Chapter2 describestwo-level volumerendering(2lVR), which is a new tech-
niquefor thevisualizationof segmentedvolumedata,alsoenablingfocus+context
visualizationthroughtheselectiveuseof color, opacity, andstyle.Chapter2 equals
a paperwhich hasbeenpublishedin thejournal“IEEE Transactionson Visualiza-
tion andComputerGraphics”in 2001[41]. Before,in 2000,Helwig Hauserpre-
sented2lVR at the IEEE VisualizationConferencein Salt Lake City, Utah [40].
After the conferencethis work was selectedas an especiallyinterestingcontri-
bution which thenresultedin an extendedversionof the paper, publishedin the
journal[41]. Since2000,severalotherworksby Helwig Hauseraswell asby oth-
erswerebasedon thispaper, e.g.,aGPU-basedhigh-qualityversionof 2lVR with
anenrichedspectrumof availablerenderingstyles[35] (not in this thesis).

Chapter3 describescontourrenderingfor volumedataasanalternative render-
ing stylefor volumevisualizationwhichproofedto beespeciallyusefulfor context
renderingin 3D F+Cvisualization.Chapter3 equalsa paperwhich hasbeenpub-
lished in the Proceedingsof EUROGRAPHICS 2001[17]. Contourrenderingfor
volumedatahasbeensuccessfullyintegratedwithin two-level volumerendering
andis sincethenastandardoptionfor renderingof volumetricdata.

Chapter4 describesfocus+context visualizationof data from 3D flow simu-
lation, demonstratinghow interactive featurespecificationcanbe combinedwith
3D F+C visualizationon thebasisof volumerendering(2lVR). Chapter4 equals

i



a paperwhich hasbeenpublishedin theProceedingsof the8th Fall Workshopon
Vision, Modeling,andVisualization(VMV) 2003[39]. This paperis alsobased
on previous work on the F+C visualizationof simulationdataby Helwig Hauser
andothers[19, 20], not includedasfull text within this thesis.

Chapter5 describesangularbrushingasa new techniquefor focusspecifica-
tion with respectto relationaldatapropertieswhenvisualizedwith parallelcoor-
dinates.Chapter5 equalsa paperwhich hasbeenacceptedfor publicationin the
Proceedingsof theIEEE Symposiumon InformationVisualization(InfoVis) 2002
in Boston,Massachusetts[37]. The paperversion“acceptedfor publication” is
includedin this thesis(insteadof theultimatelypublishedone[38]), becausesig-
nificantshorteningwasnecessaryto gainthefinally publishedversiondueto page
limitationsin theproceedings.Accordingly, thereis moreinformationin theorig-
inal (reviewedandaccepted)versionof thispaper.

Chapter6 describessemanticdepthof field as a new techniquefor visually
discriminatingbetweenfocusandcontext by usinga selectively sharpvs. blurred
display. Chapter6 equalsa paperwhich asbeenpublishedin theProceedingsof
the IEEE Symposiumon InformationVisualization(InfoVis) 2001in SanDiego,
California [64]. Lateranextendedversionof this paperhasbeenpublishedin the
journal IEEE ComputerGraphicsandApplicationsin 2002[65] (not includedin
this thesis). In a userstudy, it wasalsoproven that SDOFindeedcanserve asa
usefulmeansto realizeF+Cvisualization[66] (full text not in this thesis).

Chapter7 describesF+C visualizationof processdatabasedon thetraditional
approachof spacedistortion. Chapter7 equalsa paperwhich hasbeenaccepted
for publicationin theProceedingsof the IEEE Symposiumon InformationVisu-
alization(InfoVis) 2002in Boston,Massachusetts[87]. Again, thepaperversion
“acceptedfor publication” is presented(similar caseaswith theangularbrushing
paper, seeabove) insteadof themuchshorter, ultimatelypublishedarticle[88].

Thegeneralizationof focus+context visualizationitself, i.e., theembracingde-
scriptionof thegeneralideabehindall theherepresentedwork, is presentedin the
first chapter(chapter1). It servesasa survey of all the relatedwork, bringsthe
otherchaptersof this thesisin a relationto eachother, addressesgeneralaspectsof
generalizedfocus+context visualization,andtherebyverywell actsasanintroduc-
tion to andoverview of all thiswork. Chapter1 is thepaperaccompanying anoral
contributionof Helwig Hauserto theDagstuhlSeminaronScienitificVisualization
in 2003(exactly aboutthecontentof this thesis).High-quality imagesandfurther
informationcanbeacquiredthroughtheWorld WideWebandthefollowing URLs:

Two-Level VolumeRenderingand ContourRendering:
http://www.VRVis.at/vis/research/two-level/
http://www.VRVis.at/vis/research/npvr/
http://www.VRVis.at/vis/research/voxelstube/
http://www.VRVis.at/vis/research/rtvr/
http://www.VRVis.at/vis/research/compression/
http://www.VRVis.at/vis/resources/diss-LM/
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F+CVisualizationof SimulationData:
http://www.VRVis.at/vis/research/volflowvis/
http://www.VRVis.at/vis/research/fdl-vis/
http://www.VRVis.at/vis/research/smooth-brush/
http://www.VRVis.at/vis/research/simvis-time/
http://www.VRVis.at/vis/research/diesel-case/
http://www.VRVis.at/vis/resources/DA-MMlejnek/

AngularBrushing
http://www.VRVis.at/vis/research/ang-brush/

SemanticDepthof Field:
http://www.VRVis.at/vis/research/sdof/
http://www.VRVis.at/vis/resources/diss-RK/

ProcessVisualization:
http://www.VRVis.at/vis/research/proc-lod/

GeneralInformation:
http://www.VRVis.at/vis/research/
http://www.VRVis.at/vis/
http://www.VRVis.at/

Concerningthe type-settingof this thesisit is statedthat all papersasdescribed
above have beenincludedas they were published(or acceptedfor publication).
Only thetype-setting(numberof columns,letterfaceandsize,pagemargins,size
of images,etc.) hasbeenunified to thestyle of this thesis. It is especiallynoted
that, accordingly, no changesto the text of the papershave beenmadewith the
exceptionthatall bibliographieshave beenjoinedandplacedaltogetherat theend
of this thesis.

Finally, someconcludingremarksaremadeon theauthorshipof all thepapers
includedwithin this thesis.Up to theendof 2003,Helwig Hauserlists morethan
50reviewedor invitedpapersin hispublicationlist (http://www.VRVis.at/
vis/staff/hauser/publs.html), noneof them is a single-authorpaper
solelyby Helwig Hauser(chapter1 of this thesiswill be thefirst one). Themain
reasonis thatHelwig Hauserusuallyworksin collaborative researchprojects,espe-
cially alsoin conjunctionwith students(undergraduateaswell asgraduate,seealso
Helwig Hauser’sCurriculumVitaeathttp://www.VRVis.at/vis/staff/
hauser/cv.html). With respectto thepapersincludedin this thesis,it canbe
statedthatHelwig Hausereithercontributedsignificantlyor, moreover, eventook
theleadin therelatedprojects.

Helwig Hauser, December22,2003.
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Chapter 1

Generalizing
Focus+ContextVisualization

In December2003,thecontentsof thischapterhavebeensubmittedfor publication
in theProceedingsof theDagstuhl2003SeminaronScientificVisualization(paper
“GeneralizingFocus+ContextVisualization” by Helwig Hauser).

This paperservesbothasan introductionto this thesisasalsoa survey about
all theworksthatarepresentedin this thesis.It presentsa generalideabehindall
the papers,which afterwardsare includedwithin this thesis. It also is the most
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recentwork, put into text in December2003asa contribution to theProceedings
of theDagstuhl2003Seminaron ScientificVisualization(June1–6,2003)where
thecontentsof thischapteralsohavebeenpresentedby Helwig Hauser(onJune3,
2003).Relatedpapers(co-authoredby Helwig Hauser)are:� Two-Level Volume Rendering [41], containedin this thesisaschapter2,

andTwo-Level VolumeRendering- FusingMIP and DVR [40], anearlier
versionof thispaper� Fast Visualization of Object Contours by Non-Photorealistic Volume
Rendering [17], containedin this thesisaschapter3� Interacti ve Volume Visualization of Complex Flow Semantics[39], con-
tainedin this thesisaschapter4, SmoothBrushing for Focus+ContextVi-
sualization of Simulation Data in 3D [20], a tightly relatedpaper, andIn-
teractiveFeatureSpecificationfor Focus+ContextVisualization of Com-
plex Simulation Data [19], alsoa relatedpaper� Angular Brushing for ExtendedParallel Coordinates [37], containedin
this thesisaschapter5, laterpublishedin ashortenedversion[38]� Semantic Depth of Field [64], containedin this thesisas chapter6, and
Focus+ Context TakenLiterally [65], anextendedversionof thispaper� ProcessVisualization with Levelsof Detail [87], containedin this thesisas
chapter7, laterpublishedin ashortenedversion[88]
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Generalizing
Focus+ContextVisualization
Helwig Hauser

Abstract

Focus+context visualizationis well-known from informationvisualization:certain
datasubsetsof specialinterestareshown in moredetail(locally enlarged)whereas
all the restof the datais provided ascontext (in reducedspace)to supportuser
orientationandnavigation in thevisualization.Thekey point of this work now is
a generalizeddefinitionof focus+context visualizationwhich extendsits applica-
bility also to scientificvisualization. We show how differentgraphicsresources
suchasspace,opacity, color, etc., canbe usedto visually discriminatebetween
datasubsetsin focusandtheir respective context. To furthermoredemonstrateits
generaluse,we discussseveral quite differentexamplesof focus+context visual-
izationwith respectto our generalizeddefinition(all of which we have published
separatelyin moredetail). Finally, we alsodiscussthevery importantinteraction
aspectof focus+context visualization.

1.1 Intr oduction

For a long time already, modern society is greatly influencedby computers.
Mainly, computersareusedto processdataof variouskind. Additionally, com-
putersarealsousedto supporttheacquisitionof data,for example,throughmea-
surementsor computationalsimulation.Dueto a steadilyincreasingperformance
of computers(Moore’s law), yearby yearmoredatais processed.Sinceusersdo
notextendtheir capabilitiesin data-processingatacomparablerate,thereis anin-
creasingneedfor efficient toolsto supporttheprocessingof largeamountsof data.

Onevery usefulopportunityfor accessinglarge amountsof datais visualiza-
tion. Datais communicatedto theuserin avisualform to easeprocessing.Instead
of dealingwith loadsof numbers,theuseraccessesthedatathroughpicturesand
a graphicaluserinterface.This approachis especiallyusefulwhenthedatahasat
leastsomespatialform inherentlyassociatedwith it. In many scientificapplica-
tions, for example,datais tightly relatedto concretepartsof our realworld, e.g.,
a 3D computertomographyscanof a humanbodyin a medicalapplicationor the
3D simulationof air flow aroundthecomputermodelof anew aircraft.

Themainadvantageof visualizationis that it usesthegreatbandwidththat is
offeredby the humanvisual systemfor visualization. However, also for visual-
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GeneralizingFocus+ContextVisualization / 1.2

ization the amountof datato be shown simultaneouslyis limited. For very large
datasets,detailscannotbeshown for all of thedataat thesametime. In this case,
theuserusuallyis offeredtheopportunityto eithergetanoverview of thedata(no
details),or zoominto specificpartsof thedataandgetall of thedeatilsthere.

While scientificvisualization(SciVis, thevisualizationof scientific,i.e., inher-
ently spatialdata)hasbeenreseinformationvisualization)suchasbankaccount
dataor censusdatahasbecomepopular.archedfor dozensof yearsalready, more
recentlyalsothevisualizationof non-scientific,abstractdata(InfoVis, information
visualization)suchasbankaccountdataor censusdatahasbecomepopular. In In-
foVis, anadditionalstepis requiredin thevisualizationprocess,i.e., themapping
of non-spatialdatato a visual form. As theuserhasto learnthis additionalmap-
ping to effectively usethevisualization(andto successfullybuild upamentalmap
of thedata–formrelation),morecareis requiredto supporttheuserwith orienta-
tion in thevisualization.Carelesszoomingacrossmultiple levelsof detailseasily
cancausean effect like beinglost in too many details. Thus,advancedsolutions
have beendevelopedin thisfield to supplyuserswith bothoverview anddetailsof
thedata.

1.2 Focus+ContextVisualization

In information visualization, an approachcalled focus+context visualization
(F+Cvisualization)hasbeendevelopedwhichrealizesthecombinationof boththe
generaloverview anda detaileddepictionwithin oneview of thedataat thesame
time. Traditionally, focus+context visualizationrefersto an uneven distortionof
visualizationspacesuchthatrelatively morespaceis openedfor acertainsubsetof
thedata(datain focus).At thesametimetherestof thevisualizationis compressed
to still show therestof thedataasacontext for improveduserorientation.

Theideaof usingdifferentmagnificationfactorsfor differentpartsof thevisu-
alization(in oneimage)to displayinformationin aF+Cstylealreadydatesbackto
the’70sof the20th century[25, 53]. Furnas’work onthefisheyeview [29] in 1981
often is acceptedasthehistoricalstartinto computer-basedF+C visualization.In
this work, Furnasdescribeshow informationis selectedfor displayin dependence
onana-priori importanceandthedistanceof eachdataitemto thecurrentfocusof
thevisualization.Also in theearly1980s,SpenceandApperley presentedthebi-
focaldisplayasaone-dimensionaldistortiontechnique[121] to provideashrinked
context on both the left and the right side of an undistortedfocal region in the
middleof thevisualization.

During the 1980s,both approacheshave beengeneralizedandextended[30,
76]. In 1992,SarkarandBrown presentedthegraphicalfisheye view [113], based
on Furnas’work, but morefocusingon thegraphicalappearanceof theF+C visu-
alization(comparableto arealfisheye lens).Oneyearlater, Sarkaretal. discussed
two techniques(orthogonalandpolygonalstretching)for F+C visualizationbased

4



GeneralizingFocus+ContextVisualization / 1.2

on the conceptof a stretchablerubbersheet[115]. And alreadyin 1994,Leung
andApperley presenteda review of distortion-orientedF+C visualization,includ-
ing additionalapproachessuchas the perspective wall [84] (seealso later), and
providing arespective taxonomy[77]. They describetechniquesof F+Cvisualiza-
tion by thecharacteristicsof themagnificationfunction(beingthederivativeof the
tranformationfunctionfrom theundistortedview to theF+Cview). Doingso,two
classesof techniquesaredifferentiated:approacheswith a continuousmagnifica-
tion function (suchasthegraphicalfisheye [113]) andothers(suchasthebifocal
display [121]). Amongstthe latter, the authorsdifferentiatebetweentechniques
with piece-wiseconstantmagnificationfactors(the bifocal display, for example)
andothers(theperspective wall, for example).

Theperspective wall [84], presentedby Mackinlayet al. in 1991,is basedon
the conceptof “bendingbackwards” partsof the displayon both the left andthe
right sideof thefocusregion in thecenterof thescreen(similar to thebifocal dis-
play [121]). Perspective projectionis usedto achieve a variationin magnification
factorswithin this kind of F+Cvisualization.In 1993,this approachwasextended
to the so-calleddocumentlens– alsopartsabove andbelow the focal region are
usedfor context visualization.

In the domainof distortion techniqueswith continuousmagnificationfunc-
tions, further extensionshave beenpresentedafter the first half of the 1990s. In
1995,thethree-dimensionalpliablesurfacewaspresentedby Sheelaghet al. [12],
alsousingperspective projectionto achieve differentmagnificationfactorsin dif-
ferentpartsof the display. Gaussianprofilesareusedto generatemagnification
(thusyieldingcontinuousmagnification)andmultiplefoci arepossbilein oneview.
In 1996,Keahey andRobertsonpresentednon-linearmagnificationfieldsasatech-
nique independentfrom perspective projectionand with direct control over the
magnificationfunction on every point of a grid over the display [57, 58]. The
transformationfunction is computedin aniterative process,locally optimizingon
the differencebetweenthe discretederivative of the transformationfield andthe
input (magnificationfield).

In 1995,themappingof hyperbolicspaceto theplanewasusedby Lamping
et al. [73, 72, 71] to achieve F+C visualization,enablingthe visualizationof in-
finite spaceon a limited screenspace(at leastin principle). In a similar fashion,
Kreuseleret al. usedthemappingfrom sphericalspaceto theplanefor F+C visu-
alization[68], allowing for movementsof thefocal centeraroundthesphere.

Thelargeamountof work on distortiontechniquesfor F+C visualizationdoc-
umentstherelevanceof this approach,especiallyin thedomainof informationvi-
sualization.But insteadof discussingmoredetailsaboutdistortiontechniquesfor
F+Cvisualizationor otherapproachesin thisfield, we restrictthis overview to the
above mentionedexamplesandproceedtowardsourgeneralizationof F+Cvisual-
ization.First,webriefly discusshow focusis separatedfrom context, aninherently
necessarypartof every focus+context visualization.
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GeneralizingFocus+ContextVisualization / 1.3

1.3 SeparatingFocusfr om Context

Whendealingwith focus+context visualization,it is inherentlynecessaryto havea
notionof whichpartsof thedataare(at leastcurrently)consideredto be“in focus”
andwhatothersarenot(context partof thedata).In thecourseof thiswork,weuse
a so-calleddegree-of-interest function(DOI function),doi

���
, which describesfor

every item of thedatawhether(or not) it belongsto the focus(similar to Furnas’
definition[29], but normalizedto theunit interval):

doibin
�
data � ��� �	��

� if data � ��� is partof thefocus�

if data � ��� is partof thecontext

In many applicationscenariosa binarydiscriminationbetweenfocusandcontext
(as formulatedabove) is most appropriate,i.e., to assumea sharpboundarybe-
tweenthedataitemsin focusandall theothers.In many othercases,however, it
is moreappropriateto allow for asmoothchangeof doi

���
-valuesbetweenthedata

itemsin focusandtheir context (resultingin a smoothdegreeof interest[20]). In
otherwords,thequestionof whethera dataitem belongsto thefocus(or not) also
canbeansweredby theuseof a fuzzy attributedoi

���
:

doi
�
data � ��� �	� ����

���
� if data � ��� is partof thefocus

if data � ��� is partof thesmooth
doi ��� ��� � �

boundarybetweenfocusandcontext�
if data � ��� is partof thecontext

(1.1)

Accordingly, a fractional valueof doi is interpretedas a percentageof being in
focus (or interest). A fractional doi

���
-value can be the result of a multi-valued

definitionwith multiple (still discrete)levelsof interest,a non-sharpdefinitionof
what is interesting(e.g.,througha definitionwhich is basedon continuousspatial
distances),or a probabilisticdefinition (e.g.,througha definition incorporatinga
certainamountof uncertainty).

Usually, thespecificationof thedoi
���

-functionis tightly coupledwith theuser
interface. Differentapproachesareusedto let theuserspecifywhich partsof the
data(currently)areof specialinterest(explicit vs. implicit specification,for exam-
ple). In section1.5we discusstheinteractionaspectof F+Cvisualizationin more
detail.

In traditional F+C visualization(space-distortiontechniques),the degreeof
interestdoi

�
data � ��� � directly relatesto the local magnificationusedto depicta

dataitemdata � ��� 1: thelargerthedoi
���

-valueis, themorescreenspaceis usedfor
visualization,at leastlocally.

1this 1:1–relationonly holds to a certainextent of accuracy – in generalit is not possibleto
translateeveryDOI/magnificationfunctioninto a correspondingtransformationfunction[77, 57].
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1.4 GeneralizedFocus–ContextDiscrimination

Althoughthevastmajorityof researchwork onF+Cvisualizationhasbeendevoted
to space-distortiontechniques,theideaof visuallydiscriminatingthosepartsof the
datawhich currentlyare in focusfrom all the rest (context information) is more
general. In addition to using more spacefor showing the focus in more detail,
othervisual dimensionscanbe usedin a similar way. In volumerendering,for
example,typically moreopacityis usedfor partsof thedatain focus[78], whereas
a greateramountof transparency is usedfor context visualization. Additionally,
alsocolor canbeeffectively usedto visually discriminatebetweendifferentparts
of thedata. In a systemcalledWEAVE [34], for example,thosepartsof thedata
whichpositively respondto a certainuserquery(i.e., thecurrentfocus)areshown
in color, whereastherestof thedata(thecontext) is shown in gray-scale.

Similarly, othervisualdimensions,suchasimagefrequencies,renderingstyle,
etc.,canbe usedfor focus–context discrimination(seebelow for examples).We
thereforeproposeto generalizedthedefinitionof focus+context visualizationin the
following way: focus+context visualizationis theunevenuseof graphicsresources
(space,opacity, color, etc.) for visualizationwith thepurposeof visually discrim-
inatingthosepartsof thedatawhich arein focusfrom therespective context, i.e.,
the restof the data. In table1.1, we give several examplesof F+C visualization
which arequitedifferentfrom eachotherbut which all matchtheabove definition
andtherebydemonstrateits generalcharacter. Theexamplesdiffer from eachother
with respectto which graphicsresourceis (unevenly) usedto achieve F+Cvisual-
ization. Below we discusssomeof theseexamplesin moredetail (thosemarked
with anasterixin table1.1). In table1.2we provide a side-by-sidecomparisonof
fivesampletechniques(onesampleimageeach)with pointersto otherpartsof this
documentwith moredetailaswell asotherpiecesof relatedliterature.

1.4.1 Mor eOpacity for Visualization in Focus

One alternative style of F+C visualization(alternative to space-distortiontech-
niques)is identified in a domainwhereusually other objectives, slightly differ-
entfrom focus–context discrimination,actuallydogovernthedevelopmentof new
techniques.In volumerendering,all from thebeginningon [78], a so-calledopac-
ity transferfunction(OTF) � ���

wasusedto dealwith thefactthatusuallynotall of
the3D datacanbeshown simultaneouslyat full intensity. OTF � ���

is usedto map
the datadomainto the unit interval (1 � opaque,0 � completelytransparent).
Using an OTF, different valuesof opacity/transparency areassignedto different
partsof thedata.Thiscausesthatsomepartsof thedatabecomemoreprominently
visible in therenderedimagewhile othersarenot (or only hardly)visibleatall.

Originally, the useof an opacitytransferfunction never wasarguedwith the
needto discriminatepartsof the data“in focus” from their “context”. However,
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graphics
resource approaches sampletechnique(s)

space morespace(magnification)for graphicalfisheyeview [113], . . .
datain focus F+Cprocessvisualization[88]*

opacity focusratheropaque,context directvolumerendering[78], . . .
rathertransparent RTVR [95]*

color coloredfocusin graycontext WEAVE [34], SimVis [20, 19]*
saturated/lightcolorsfor focus Geospace[82], RTVR [95]*

frequency sharpfocus,blurredcontext semanticdepthof field [64, 65]*
style context in reducedstyle(NPR) two-level vol.-rend.[40, 41]*

NPR-contours[17]*

* . . . techniqueswhicharedescribedin moredetailin section1.4

Table1.1: Realizing(generalized)F+Cvisualizationby theunevenuseof graphics
resources(space,opacity, color, etc.)to discriminatepartsof thedatain focusfrom
therest(context) – moredetailsin section1.4.

sample
image

graphics opacity style color frequency spaceresource

section 1.4.1 1.4.2 1.4.3 1.4.4 1.4.5

chapter(s) 2, 4 2, 3, 4 4, 5 6 7

paper(s) [95] [40, 41,17] [20, 19] [64, 65] [88]

Table1.2: Sampleimagesof fivedifferentF+Cvisualizationtechniques(from left
to right): RTVR-basedvolumerendering,two-level volumerendering,F+C visu-
alizationof simulationdata,semanticdepthof field, F+Cprocessvisualization.

the goal to visually bring out certainpartsof the datain the visualizationwhile
reducingthevisualappearanceof all therestvery well matchestheprincipal idea
of F+Cvisualization.On thebasisof a degree-of-interestfunction,anOTF canbe
specifiedby � �

data � ��� �������
doi

�
data � ��� ���

with
�����

being the identity map (
��� ���!�"�

), a simple windowing function (see
figure 1.1), or any other(potentiallysimple)monotonicmapfrom � ��� � � to � ��� � � .
Whendoi

���
, for example,is definedon thebasisof a scaleddistancefrom a pre-

definediso-value– doi
�
data � ��� �#�%$'&)(+* �-,/.10 data � ��� ,32 iso 0 �4�65

–, thenone
of Levoy’s OTF (thoughnot yet dependenton the datagradients)is regenerated
with

�����
beingtheidentity map(or asimplewindow).

8
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0 1
0

1

min max

a

doi

α

Figure1.1: A simple“window” often is sufficient to mapdoi-valuesto � -values:
doi-valuesup to acertainminimumaremappedto aminimal valueof opacity(of-
ten

�
), whereasdoi-valuesaboveacertainmaximumaremappedto somemaximal

opacity. In between,a linearmapfrom doi-valuesto � -valuesis used.

Frommany yearsof work on thequestionof how to specifyanoptimalopac-
ity transferfunction [36] we know thatonesimpledata-dependentfunctiondoi

���
(or � ���

) oftenis notsufficient to optimallydiscriminatebetweenfocusandcontext
in avisualizationof 3D data,e.g.,3D medicaldataor 3D datafrom computational
simulation. Instead,oftensophisticatedsegmentationalgorithmsareusedto do a
properfocus–context discriminationbeforetheactualvisualization.Theresultof a
segmentationalgorithmusuallyis an 7 -valuedobjectmapobject

���
, telling for each

andevery dataitemdata � ��� whichobjectit belongsto.

In two-level volume rendering(2lVR) [40, 41], suchan object map is used
to improve the F+C visualizationof 3D data: insteadof directly deriving doi

���
from the data, the degree of interest is definedon the basisof object

���
, i.e.,

for all the objectsin the data(and not the singulardataitems) it is determined
how interestingthey are. This is done, becausein many applicationsthe 3D
dataanyhow is assumedto be composedof objects(in medicalapplications,for
example, a datasetusually is assumedto be composedof bones,tissue,etc.).
Therefore,the userautomaticallytendsto formulatethe focus–context discrim-
ination in terms of the data objects (like “I’ d like to see the bonesand the
blood vesselsin the context of the skin.”). For rendering,two valuesof opac-
ity are used in two-level volume rendering: in addition to the object

���
-based

(global) opacity � global
�8�

global
�
doi

�
object

���
, which yields the overall opacity

for an object(dependingon its degreeof interest),a local (object-wisespecified)
OTF � local

�
data � ��� � object

�
data � ��� ��� is usedto individually steerthe visual ap-

pearanceof every object.

For example,assuming� local
�:9 � � � to be a relatively sharpLevoy-OTF (com-

parablylarge . ) and
�

global to betheidentiy map,object � would berenderedlike
an iso-surfacewith its importancedoi

� � � directly relatingto its opacity. Through
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Figure1.2: A segmentedCT-datasetof a chest,visualizedusingtwo-level volume
rendering.Differentvaluesof overall opacityhave beenusedfor lung (completely
opaque),bones(semi-transparent),andskin (very transparent).

thisseparationof � global and � local thetaskof emphasizingcertainpartsof thedata
(semanticalquestion)is separatedfrom the questionof how to renderthe differ-
ent partsof the data(syntacticalquestion).Accordingly, the parameterizationof
two-level volumerendering(adjustmentof opacities)is muchmoreintuitive (when
comparedto usinga standardOTF only) andthusit is possibleto achieve better
resultsin shortertime. Seefigure1.2 for a samplevisualizationof segmented3D
chestdatawith thefocuson thetwo lungs.

In addition to opacity variations,two-level volume renderingalso offers al-
terative ways to achieve a visual focus–context discrimination,for example,by
varying the renderingstyle. But before we futhermorediscuss2lVR, another
examplefor opacity-basedF+C visualizationis briefly described,which comes
from thefield of informationvisualization.Parallelcoordinates[47, 49, 48] area
well-establishedtechniquefor the visualizationof high-dimensionaldata. Every
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Figure1.3: 9-dimensionaldatafrom computationalflow simulation(5400cellsof
aT-junction),visualizedwith parallelcoordinates.

Figure1.4: DOI-basedopacityusedto visually separatesomepartsof thedata“in
focus”(characterizedthroughratherlargevaluesof “T.K.Energy”) from all therest
(context).

7 -dimensionaldataitem is plottedasa polyline across7 parallelaxes in screen
spacesuchthat a dataitem’s polyline intersectsthe axes exactly at thosepoints
which relateto thedataitem’s 7 attributes(seefigure1.3 for a sampleimage).

Whenmany dataitemsareto be shown simultaneously(tensof thousandsor
more),problemswith overdraw easilyoccur: many pixels arecoveredby several
(or even many) polylines. The resultingeffect is that the visualizationloosesef-
fectivnessdueto visualclutter– a classicalscenariowhereF+C visualizationcan
help. Using a DOI-basedopacity to draw semi-transparentpolylines over each
other[38], an improveddisplayis gainedwhich allows for interactive analysisof
the 7 -dimensionaldata(seefigure1.4). Notethat theability to interactively focus
in sucha F+C applicationis essentialhereto effectively exploit thevisualsuperi-
ority of this kind of visualization.

1.4.2 ReducedStyle for Context Visualization

Anotheroptionof visually distinguishingbetweenobjectsin focusandtheir con-
text is to usedifferent renderingstyles. In two-level volume rendering,for ex-
ample,it is possibleto usedifferentrenderingtechniquesfor differentobjectsin
thedata. On theglobal level, thedifferentrepresentationsof thedataobjectsare
combinedusingstandardcompositingto achieve the final image. In addition to
standardvolumerendering( � -compositing),shadedsurfacerendering,maximum
intensityprojection(MIP), x-rayrendering,andnon-photorealisticcontourrender-
ing canbeusedto depictanobject. In table1.3somevisualizationpropertiesare
listed for different renderingstylesin 3D visualization. A goodopacitycontrol,
for example,favors the visualizationaspart of the context, becauseocclusionis
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rendering style visualization properties� -compositing conveys appearanceof semi-transparent3D medium(F),
opacitydifficult to control

shadedsurf.displ. well conveys 3D form (F), goodtransparency control(C)

max.intensityproj. goodfor complex forms(F), limited 3D appearance,good
transparency control(C)

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

F . . . goodfor focusvisualization,C . . . goodfor context visualization

Table1.3: Visualizationpropertiesof differentrenderingstylesfor 3D visualization
togetherwith a roughassessmentof how they canbeusedfor F+C visualization.
Dependingon whetherthe focusis insidethe context (or outside),or if the con-
text is of complex shape(or a rathercoherentobject),differentcombinationsof
renderingstylesyield goodresultsfor F+Cvisualization(detailsin section1.4.2).

easiercontrolled.Theability to visualize3D form well, asanotherexample,favors
thevisualizationof datapartsin focus. In thefollowing we discussseveraluseful
combinationsof differentrenderingstylesfor F+Cvisualization.

Shadedsurfacedisplayverywell actsasvisualizationof objectsin focus,espe-
cially if theobject(s)in focusareinsidethecontext and,consequently, anopaque
surfaceis usedfor visualization.This way, usuallya strongandsharpappearance
of the objectsin focusis possiblewith a goodcommunicationof 3D shape.For
context visualization,in sucha case,the useof contourrenderingand/orMIP is
very interesting.Contourrenderingworksfine,becauseof its reducedappearance
(lots of objectpartsareleft away whereasonly their contoursareshown) andthe
fact that usuallythemiddle partsof the visualization(wherethe objectsin focus
areshown) is rarly occluded(seefigure1.5, right image).Additionally, alsoMIP
usuallyis usefulfor context visualizationbecauseof its easy-to-controlopacity–
only onedatavalueperviewing ray is chosenfor display, all objectrepresentatives
sharethesameopacity(seefigure1.5,left image).

In caseof context which is insidetheobjectsin focus,like thebonesactingas
context to blood vessels(asthe objectsof interestin angiography),for example,
shadedsurfacesagainserve a goodjob of focusvisualization.Thesurfaces,how-
ever, needto berenderedsemi-transparently(at leastto someextent) to allow the
userto peerinsideandget visual accessto the otherwiseoccludedcontext. MIP
againis usefulfor thedepictionof thecontext objects(goodtransparency control)–
seefigure 1.6 (left image)for a samplerenderingof sucha situation. Similarily,
anx-ray simulationsometimesis usefulfor context visualizationwithin objectsof
interest(seefigure1.6,right image,for anexample).

In additionto context rendering,MIP alsois usefulfor depictingobjectsin fo-
cus,especiallyis they areof complex shape(like anentiresystemof bloodvessels
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Figure1.5: MIP is useful for context visualization(skin on left side)becauseof
its easy-to-trimopacity. Contourrenderingworks very well for context visual-
ization(skin on theright) becauseof its reducedappearance(little problemswith
occlusion).

Figure1.6: F+Cvisualizationof CT dataof ahumanhand(left side):theobjectsof
interest(bloodvessels)aredrawn assemi-transparentsurfaces,whereasthebones
arerenderedusingMIP. Contourrenderinghasbeenusedto depictthe skin. An
x-ray simulationhasbeenusedto depit thedentineof the tooth on the right side
(semi-transparentsurfacerenderingof the adamantineand contourrenderingof
surroundingmaterial).
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Figure1.7: Two examplesof usingMIP for complex objectsin focus: thesystem
of blood vesselsin the CT handdata(left side)anda chaoticattractorwithin its
basinof attractionon the right side(partsof the basinareshown asshadedsur-
facewhereasthe restof the basinis shown usingcontourrenderingto minimize
occlusion).

or achaoticattractorin adynamicalsystem[2]). In figure1.7twoexamplesof such
a visualizationaregiven. On the left sideMIP is usedto show theblood vessels
within theCT handdata.Ontheright sideacomplex attractorwith fractalshapeis
visualizedusingMIP. Thecontext (thebasinof attraction,in thiscase)is shown in
two ways:whereasthelower partsareshown asa shadedsurface,theupperparts
areprovidedusingcontourrenderingonly (to reduceproblemswith occlusion).

1.4.3 Eye-catchingColors for FocusVisualization

In additionto opacityandstyleasdiscussedin theprevioustwo sections,alsocolor
is effectively usedto focus within a visualization. From perseptualresearchon
preattentive vision [128] we know that humanobserverscanvery quickly “find”
coloredpartsof a visualizationwithin an otherwisegray-scaledepiction. This
“search”usuallysucceedsevenbeforetheobserver actuallystartsactively search-
ing, i.e., in a time shorterthan200msfrom stimulus.Accordingly, coloringsome
partsof avisualization(whicharein focus)andshowing all therestin agray-scale
way, alsoworksfineasaF+Cvisualizationtechnique.

Greshet al. presenteda systemcalledWEAVE [34] which usesthis style of
F+C visualizationfor thedisplayof complex simulationdataof a beatinghuman
heart.Differentviews of differenttypesof visualization(a scatterplot,a 3D view,
etc.) are usedto depict and analysethe multi-dimensionalsimulationdata. To
assessthe large amountof data,the useris able to selectcertaindatasubsetsof
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specialinterest.Thesepartsof thedataarethendrawn in colorwhereasall therest
is displayedin gray-scalestyle. First of all, thecoloredpartsof thevisualization
immediatelystandout of every view wherethis kind of focus–context discrimina-
tion is used. Secondly, the coloring is doneconsistentlyacrossall the views, so
visual linking is establishedbetweentheviews. Thesamecolor alwaysindicates
thesameselectionof thedata(focus),just visualizeddifferently accordingto the
differentviews (therebydifferentcharacteristics/dimensions of the samedataare
visualizedin the different views). In information visualizationthis approachis
calledlinking andbrushing(L&B) – “brushing”, becausetheprocessof selecting
adatasubsetof interestusuallyis donedirectlyononeof thelinkedviews,similar
asin adrawing program.

In asystemcalledSimVis, weusethisapproachto visualizedatafrom compu-
tationalsimulationof processesin theautomotive industry. An extendedbrushing
techniquecalledsmoothbrushing[20] allows for a gradualtransitionof the doi-
function from thesubsetof interest(focus,doi

� � ) to the rest(context, doi
� �

).
For visualization,agradualreductionof color saturationis usedto reflectthecon-
tinuouslydiminuishingdegreeof interest.Seefigure1.8for asampleresultof this
kind of visualization,wherea datasubsetof high pressureandhigh velocity was
selectedusingsmoothbrushingin thescatterploton theright. On the left, a visu-
ally linked 3D view shows wherethoseareasof high pressureandhigh velocity
lie in the 3D flow domain(a modelof a catalyticconverter). In addition to the
DOI-basedvariationsof color saturationalsotheglyph sizeis variedaccordingto
thedataitem’s degreeof interest(themoreinterestingthebiggertheglyphsused).

In figure 1.9 volumerenderingon the basisof � -compositing[39] wasused
to depicta subsetof a flow throughanextendedT-junction(characterizedthrough
valuesof high temperatureandhigh turbolentkineticenergy, seescatterploton the
right).

In a systemcalledGeoSpace[82], userqueriesareansweredvisually through
high-lightingthedatapartsin focus,i.e., thosedataitemswhichpositively respond
to theuserquery. High-lighting is done,for example,by increasingthecolor light-
ness. Therebythe selecteddatasubsetsvisually standout from the rest of the
depiction. In two-level volumerendering,this approachis usedto provide feed-
backto the userduring objectselectionin the3D domain. For a shorttime after
theselectionof anobjectin thescene,theselectedobjectis shown with adifferent
transferfunction (increasedcolor lightness,increasedopacity). Therebya clear
visual linking betweenanobject’s nameor ID andits visualrepresentationaspart
of thevisualizationis established(seefigure1.10).

This is especiallyuseful,whenvolumevisualizationis performedin a virtual
environment. In this case,especiallywhen3D objectsareto be selecteddirectly
through3D user interaction(for example,by the useof a 3D pointing device),
objecthigh-lightinggreatlysupportsthe interactive placementof the3D pointing
device. While moving thepointingdevice, theuserimmediatelygetsfeedbackon
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Figure1.8: F+C visualizationof CFD data(flow througha catalyticconverter).
A datasubset,representedby valuesof high pressureandhigh velocity, hasbeen
selectedby smoothbrushingon the scatterploton the right. Gradualchangesof
colorsaturationontheleft (in the3D view) representthesmoothdegreeof interest.

Figure1.9: Visualizationof flow througha T-junction. Thevisualizationfocuses
on a flow subsetwhich is characterizedby high temperatureandhigh turbolent
kineticenergy. Thejunction-geometryis addedascontext (contourrendering).

which objectthepointercurrentlyis pointing towards.Thereby, theuseris easily
ableto efficiently selecttheoneobjectof specialinterestwithout a lot of trial and
error (which otherwiseis quitenormalfor 3D directselection).Figure1.11gives
anumberof snapshotsof avideowhichwastakenduringasessionwheretheuser
moveda 3D pointingdevice arounda 3D datasetof a humanchestwith different
segmentedpartsof thedata.Wheneverthe3D pointingdeviceentersanotherobject
in thescene,the respective objectis renderedin a high-lightedfashionaccording
to theabove mentionedtransferfunctionalternation.

1.4.4 Band-limited Context

Beforewe lateron(section1.4.5)comebackto thetraditionalway of F+C visual-
ization,wefurthermoredescribeoneadditionalwayof visuallydiscriminatethevi-
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Figure1.10: Objecthigh-lighting in thecourseof objectselection:beforethese-
lection ( ; � ;=< , left image),right after the selectionof the chaoticattractor( ; �
; <?>A@CBD sec.,middleimage),anda little laterafterhigh-lighting( ; � ; <?>A@ � sec.,
right image).

— bones liver kidneys —

Figure1.11: Several snapshotsfrom a video which wastaken througha session
wheretheusermoveda3D pointingdeviceacrossa3D datasetof ahumanchestin
a virtual environment.Visualobjecthigh-lightingreflectsthecurrent3D position
of the3D pointingdevice which is very usefulto efficiently positionthedevice in
3D spaceduringobjectselection.

sualizationof datapartsin focusfrom all therest(context). Again (ascomparedto
theuseof eye-catchingcolorsfor focusvisualization,seesection1.4.3)it is anar-
gumentfrom perceptualpsychologywhichmotivatesthisalternativeapproach:the
differencebetweena sharpandblurredobjectdepictionefficiently canbeusedfor
visual focus–context discrimination[64, 65], a techniquewe call semanticdepth
of field (SDOF).In a userstudywe could prove that theperceptualidentification
of sharpobjectsamongblurredothersindeedis preattentive [66], i.e., is performed
by thehumanperceptualsystemwithin avery shorttime ( E @GF �H�

ms).

In 2D, thebasicideaof SDOF(semanticdepthof field) is (a) to assumeacam-
eramodelwith a depth-of-fieldeffect for renderingand(b) to virtually displace
partsof thevisualizationalongtheviewing axis to achieve a blurredor sharpde-
piction of irrelevant andrelevant partsof the data,respectively (seefigure 1.12).
With a lens-basedcamera,objectsareonly displayedsharplyif they arelocatedat
thefocaldistancefrom thelens.Objectwhicharedisplacedalongtheviewing axis
areblurredaccordingto their distancefrom thelens. Therefore,thedisplacement
in thedepthdirectionis doneaccordingto thedegree-of-interestvalueswhich are
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Figure1.12: Thebasicideaof SDOFfor 2D visualization:assuminga lens-based
cameramodel for rendering,the visualizationobjectsare virtually moved back
or forth alongthe viewing directionto achieve a blurredandsharpdepictionfor
irrelevantandrelevantdataitems,respectively.

Figure1.13: Two examplesof an SDOFvisualization:streetsstandingout of an
SDOFmapvisualizationon theleft (otherpartsof themapblurred)anda scatter-
plot with SDOFeffecton theright.

associatedto all the dataelements(andnot asa spatialfunction of the dataasit
is in real-world photography).For 3D visualization,a similar SDOFmodelex-
ists[64, 65].

Confrontedwith theresultof suchanSDOFvisualization(seefigure1.13),the
usercanimmediatelyidentify thedatasubsetsin focus(similarily asin photogra-
phy wheresharpnessalsodirectly correlatesto thefactof beingin focus). There-
fore, this kind of F+C visualizationbecomesespeciallyusefulwhenthe DOI as-
signementis doneimplicitly, e.g.,throughbrushingof invisible dimensions(with
a rangeslider, for example)or throughdefiningtheDOI valueby how well a data
item matchesa certainuserquery[3]. In all thesecasesthefirst taska userusu-
ally performsis to identify which dataitemsactuallyhave beenassigneda high
DOI value(andwhich not). With SDOFthis is easilypossibleasthesharpparts
of thevisualization,representingtherelevantdataitems,standoutof thedepiction
automatically.
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1.4.5 Mor eSpacefor Details

After discussingfour alternative waysof realizingfocus–context discriminationin
visualization(basedon thevariationof opacities,styles,colors,andfrequencies),
we comeback to the traditional way of F+C visualization,i.e., to the variation
of magnificationfactorswithin a single image. This also therebycompletesthe
pictureof our generalization.In section1.2 we alreadydiscussedthe extensive
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
processeshasto bepresentedto ausersuchthatprocesssurveillanceaswell asin-
teractiveanalysisis possible.In analogyto traditionalprocessvisualization,where
processesarevisualizedwith analoginstrumentslike gaugesor otherdisplayde-
vices, programsfor processvisualization(at leastpartially) mimic this kind of
visualizationwith virtual instruments.Onedisadvantageof virtual instrumentsis
that they take up quite a lot of screenspace.Whenmultiple streamsof process
dataareto beshown simultaneously, notenoughscreenspaceis availableto show
all thedatawith regularily sizedinstruments.In sucha situation,distortion-based
F+Cvisualizationbecomesuseful.

To achieveF+Cvisualizationof processdata,severallevelsof detailhavebeen
designedfor thedifferentvirtual instrumentsin use.Thedifferentlevelsof detail
usedifferentamountsof screenspace,rangingfrom a small lamp, color-coding
the processdata,up to a fully fletchedvirtual instrument,usinga hundrettimes
theamountof screenspaceascomparedto the lamp. If not all of thedatacanbe
shown at thehighestlevel of detail simultaneously(dueto lack of screenspace),
differentlevelsof detailcanbecombinedaccordingto DOI valuesof thedifferent
dataitems.Seefigure1.14for anexample,wherethreestreamsof processdataare
visualized.DOI valuesinverselycorrelateto the distancebetweenthe respective
virtual instrumentandthepointerwhich is interactively movedby theuser(from
left to right). Thereby, thosevirtual instrumentswhich arenearestto the pointer
aredisplayedat thehighestlevel of detailwhereaswith increasingdistancefrom
thepointerlower levelsof detailareused.

In processvisualization,datausuallyoriginatesatconcrete3D locationslike a
sensoratacertainplaceor asimulationoutputwith aspecific3D position.Accord-
ingly, thevisualizationof processdatacanbeorganizedonthescreensuchthatthis
relationbetweenthevirtual instrumentsandthe related3D modelbecomesobvi-
ous.In aprototypeimplementationof F+Cprocessvisualization,wefirst draw the
underlying3D modelasa wire-framerendering.Then,thevirtual instrumentsare
shown on topof thewire-framemodelat thosescreencoordinateswhich correlate
to thescreen-projectionof thecorresponding3D locationsof thedatasources(see
figure1.15).
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Figure1.14: F+C processvisualization:dependingon wheretheuserpoints,the
virtual instrumentsaredrawn atasmalleror largerlevel of detail(from left to right:
thepointeris movedfrom left to right).

Figure1.15: 3D anchoringandcollision avoidancein F+C processvisualization:
virtual instrumentsareplacedat the screen-projectionof that 3D point which is
relatedto thedataorigin, for example,a sensor(3D anchoring);to avoid clutter-
ing due to overlappingdials a physically-basedspringmodel is usedto relocate
instrumentssuchthatthey do notoverlap(collision avoidance).

With sucha layoutstrategy (called3D anchoring – thevirtual instrumentsare
“anchored”attheirrespective3D sourcelocations),it caneasilyhappenthatscreen
projectionsof sensorlocationslie neareachothersuchthatanäıve implementation
of 3D anchoringwould causeoverlappingvirtual instruments. In our prototype
implementationwe thereforeusea physically-basedspringmodel to resolve for
non-overlappinginstruments(collision avoidance).Seefigure1.15for threesnap-
shotsof this prototypewhich weretakenwhile theuserrotatedthe3D model(the
blackdots,which areconnectedto thecentersof theinstrumentswith blacklines,
markthescreen-projectionsof the3D anchors,i.e., the2D locationswherein the
optimalcasethevirtual instrumentshouldbedisplayed).

1.5 Interaction

Focus+context visualizationrequiresinteraction. Most important,the userneeds
to have interactive meansto focusin a F+C visualization,i.e., he or sheneedsto
steerwhich partsof the dataare to be shown in focus. Accordingly, focussing
alsoincludesinteractivemeansto navigatein thevisualization,i.e., to changefrom
thevisualizationof onepartof thedata(in focus)to another. For applicationsof
F+C visualization,different approachesto focussingareavailable (seetable1.4
for anoverview of someof them),which canbeclassifiedwith respectto several
different aspects.One questionis of whetherfocussingis donedirectly on the
visualization(or not). Anotherquesionis of whetherfocussingis doneexplicitly,
i.e.,by eitherdirectlybrushingthedataitemsof interestor namingthemexplicitly.
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focussing action selection user sampleapplications

brushing ontheview explicit active SimVis[20, 19], ParCoords.[38]
pointing RTVR [95], ProcVis [88]
selection off-view SDOF[64, 65], RTVR [95]

rangeslider implicit SimVis [20, 19], SDOF[64, 65]
querying SimVis [20, 19]

plot-based both passive SDOF[64, 65]
alerting ProcVis [88]

Table1.4: Differentapproachesto focussing– techniquescanbeclassifiedaccord-
ing to whetherthey actdirectly on theview (or not), their definitionis explicit (or
implicit), or whetherthey aretriggeredby theuser(or not). This differentiationis
discussedin moredetail in section1.5.

Thirdly, the questionof whetherthe useractively performsthe focussing(or the
systemdoesit for theuser)alsoclassifiesthedifferentapproachesto focussing.

Most intuitive, explicit selectionof especiallyinterestingdatasubsetsdirectly
on theview resultsin a (new) specificationof thecurrentfocus.Prominentexam-
plesof this kind of focussingarebrushingon theoneside(asused,for example,
in the previously describedSimVis system)andpointing on the otherside(used
in F+C processvisualizationaswell as in 3D visualizationusingRTVR). Simi-
larily, theusercanexplicitly focusby selectingobjectsthroughanoff-view list of
objects(asusedin volumevisualizationusingRTVR, for example,andtheSDOF-
visualizedmapviewerwherelayerscanbeselectedoff-view).

More complex, anda little lessintuitive, implicit selectionalsoservesfor fo-
cussing.In thesimplercase,selectionson invisible axescanbe usedto describe
whatcurrentlyis mostinteresting(asalsousedin SimVis, for example).Alterna-
tively, alsocomplex queriescanbe usedto achieve implicit focussing.As again
alsousedin SimVis – herea separatefeaturedefinition languagehasbeendevel-
opedfor thepurposeof formally describingwhatactuallyis of greatestinterestto
theuser[19].

In additionto methodswherethe useractively steerswhich partsof the data
areto bevisualizedin focus,thereareothercases,wherethesystemtakesover this
role. In a tutoringsystem,for example,a predefinedplot describeswhich partsof
the visualizationarein focusat which point in time. This kind of focussingwas
usedin a chesstutoringsystemwith thepurposeof showing historiccompetitions
to moderatelyexperiencedusers(seefigure1.16). In F+C processvisualizationit
is possibleto let thesystemassignDOI valuesaccordingto whether(or not) the
valuesof acertainsensorlie inside(or outside)acertainsafetyinterval. In caseof
analert(valueoutof range)theuserimmediatelyis confrontedwith aF+Cdisplay
wheremostvisualemphasisis puton thevaluesin question.
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Figure1.16: SDOF-visualizedchesstutoringsystem:throughselective sharpness
the systemshows which piecesthreaten(left image)or cover (right image)the
white horseon E3.

1.6 Summary and Conclusions

Taking a stepback,we cantry to roundup the mattersdiscussedup to now and
to summarizethemostimporantpointsaddressed.In thebeginningwe startedout
with a discussionof thewell-establishedapproachof focus+context visualization
(F+Cvisualization)asknown from informationvisualization.It is usuallyassoci-
atedwith theprocessof openingup morespacein a visualizationfor thedetailed
depictionof someselectedpartsof thedata(thosein focus)while still showing the
restof thedatain reducedsizeto providecontext informationfor betterorientation
andnavigation.

This idea of integrating data subsetsin focus with their respective context
within onevisualizationalsocanbefoundin otherfields,especiallyin scientificvi-
sualization.There,however, usuallyothermeansthanspacedistortionareusedto
achieve F+C visualization.In scientificvisualizationthespatialarrangementof a
visualizationis tightly coupledwith thespatialarrangementof thedataorigin, e.g.,
the3D layoutof patientsin medicalapplicationsor the3D setupof a flow simula-
tion,andthereforeusuallyresistsfrom unevendistortions.In volumevisualization,
for example,theuseof opacityisvariedto achieveF+Cvisualizationof 3D data.In
the3D visualizationof segmenteddata(2lVR), differentstylesareusedto graph-
ically distinguishbetweenobjectsin focusandtheir context. Non-photorealistic
contourrendering,for example,is very usefulfor context visualization.In thevi-
sualizationof datafrom computationalsimulation(WEAVE, SimVis), the useof
eye-catchingcolors(within agray-scalecontext) alsovery well servesfor F+Cvi-
sualization.Similarily, the differentiationbetweena sharpandblurreddepiction
canyield to F+C visualization(SDOF).All this varietyof possiblerealizationsof
focus+context visualizationyieldsa moregeneraldefinitionof F+C visualization:
focus+context visualizationis theunevenuseof graphicsresources,suchasspace,
opacity, color, frequencies,andstyle,for visualization(with thepurposeto visually
discriminatethosepartsof thedatain focusfrom all therest).
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A discussionof severalconcreteexamplesof differenttypesof F+Cvisualiza-
tion shows thatoften several graphicsresourcesareusedto do the focus–context
discrimination. In F+C volumevisualizationby the useof RTVR and2lVR, for
example,in somecasesall threeof opacity, renderingstyles,andcoloringarevar-
ied to achieve F+C visualization(seefigure1.5, left side,for a sampleimage).In
F+Cvisualizationof 3D datafrom computationalflow visualization(SimVis), col-
oring,opacity, andglyph sizeareadjustedaccordingto theDOI valuesof thedata
to achieve thedesiredvisualdiscrimination(seefigure1.8, left side,for a sample
image).Lookingthroughtheglassesof ourgeneralizeddefinitionof focus+context
visualizationat theverybroadfield of applicationsshowshow usefulthisapproach
of graphicallyintegratingdatasubsetsin focusandtheir respective context within
avisualizationactuallyis andhow generalits applicabilityis.

In additionto the discussionaboutdifferentwaysto graphicallydiscriminate
focusfrom context, alsothe interactive aspectof F+C visualizationis discussed.
Once,focus+context visualizationis established,it immediatelybecomesessential
to provide sufficient interactive meansfor focussing,i.e., to selectwhich partsof
the dataactuallyare to be drawn in focusor to navigate througha F+C display.
Differentoptionsof how to categorizefocussingwith respectto how it is done(on
theview vs.off-view focussing;explicit vs. implicit selection;active/passive user)
helpto give anoverview aboutavailablestrategies.Anotherway of looking at fo-
cussing,however, is to differentiateusergoals:whereasin onecasetheuserwants
to seemore(details)of certaindatasubsets( I spacedistortion,stylevariations),
in other casesthe userjust wantsto visually emphasizethe graphicaldepiction
of certainparts( I opacity, color variations). In againothercases,thevisualiza-
tion goalis to visually attracttheusertowardsa certainsubsetof thevisualization
( I SDOF, coloring,spacedistortion).Sometimes,thesegoalsdooverlapin anap-
plicationor arefolloweduponeachotherduringanalysis(first theuserneedsto be
attracted,for example,to a sensorout of range,thentheuserwantsto investigate
thissensordatain moredetail).

Despiteof theprincipalresultthatfocus+context visualizationindeedis gener-
ally applicableanduseful(almostregardlessof theapplicationfield), anothercon-
clusionof thiswork is thatscientificvisualizationandinformationvisualizationdo
not lie far apartfrom eachother, but canmutually supporteachother. Thereare
verygoodideasonbothsidesandvisualizationsystemswhichintegrateapproaches
from bothfieldscangainsuperbadvantagesoverpureSciVis- or InfoVis-solutions.
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Chapter 2

Two-Level VolumeRendering

In 2001,thecontentsof thischapterhavebeenpublishedin thejournalIEEETrans-
actionsof VisualizationandComputerGraphics(IEEE TVCG) 7(3), pp. 242–252
(paper“Two-Level Volume Rendering” by Helwig Hauser, LukasMroz, Gian-
Italo Bischi,andEduardGröller).

The contentsof this chapter(paper)area result from a collaborative project
with LukasMroz (oneof Helwig Hauser’s PhDstudents),Gian-ItaloBischi (acol-
laboratorfrom theapplicationsideof theproject),andProf.EduardGröller (head
of the visualizationgroupat the Instituteof ComputerGraphicsandAlgorithms,
ViennaUniversityof Technology).Relatedpapers(co-authoredby Helwig Hauser)
are:� Two-level volume rendering - fusing MIP and DVR [40], anearlierver-

sion of this paper, publishedat the IEEE Visualization2000Conference–
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aftertheconferencethis paperwasselectedasanespeciallyinterestingone,
which thencausedthe publicationof the paperin an extendedversion,as
presentedin thischapter, in IEEETVCG.� Fast Visualization of Object Contours by Non-Photorealistic Volume
Rendering [17], a relatedpaper, alsocontainedin this thesisaschapter3� Interacti ve Volume Visualization of Complex Flow Semantics[39], a re-
latedpaper, alsocontainedin this thesisaschapter4� High-Quality Two-Level Volume Rendering of SegmentedData Setson
ConsumerGraphics Hardware [35], a relatedpaperfrom 2003with new
extensionsandahigh-qualityandGPU-basedimplementation� RTVR - a flexible java library for interactive volume rendering [95], a
relatedpaperaboutfastvolumerendering� Space-EfficientBoundary Representationof Volumetric Objects [96], a
relatedpaperaboutdatacompression� Interacti ve High-Quality Maximum Intensity Projection [97], a related
paperaboutfastMIP� Studying Basin Bifur cations in Nonlinear Triopoly Gamesby Using 3D
Visualization [9], a relatedpaperwith moredetailsabouttheoriginalappli-
cation
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Two-Level Volume Rendering
Helwig Hauser, LukasMroz, Gian-ItaloBischi,andEduardGröller

Abstract

In this paperwe presenta two-level approachfor volume rendering,i.e., two-
level volumerendering,whichallowsfor selectively usingdifferentrenderingtech-
niquesfor differentsubsetsof a3D data-set.Differentstructureswithin thedata-set
arerenderedlocally onanobject-by-objectbasisby eitherDVR, MIP, surfaceren-
dering,valueintegration(x-ray-like images),or non-photorealisticrendering.All
theresultsof subsequentobjectrenderingsarecombinedglobally in amergingstep
(usuallycompositingin our case).This allows to selectively choosethemostsuit-
abletechniquefor depictingeachobjectwithin thedata,while keepingtheamount
of information containedin the imageat a reasonablelevel. This is especially
usefulwheninner structuresshouldbe visualizedtogetherwith semi-transparent
outerparts,similar to thefocus-plus-context approachknown from informationvi-
sualization.We alsopresentan implementationof our approach,which allows to
explorevolumetricdatausingtwo-level renderingat interactive framerates.

2.1 Intr oduction

Irrespective of a certainapplication,thegeneralgoalof visualizationis to provide
insightinto thedataof interest.Thismeansthatvisualizationfacilitatestheprocess
of answeringspecificuser-definedquestionsaboutthedataunderinvestigation.As
a consequence,the questionof what visualizationmethodis well-suitedor even
optimalin thecontext of aspecificapplicationis notonly dependentontheapplica-
tion dataitself, but it alsosignificantlydependson theactualquestionsof theuser.

Especiallyin caseswherethesimultaneousvisualizationof all thedatais not
possible,e.g., in casesof very large data-setsor dataof high dimensionality, the
questionof what aspector what subsetof the datato show becomesa very im-
portantdecisionduring investigation.In medicalapplications,for example,when
visualizingthree-dimensionaldata-sets,it is in generalnotpossibleto concurrently
show all thedata.Instead,certainselective representationsof thedataareusedfor
visualization:iso-surfaceswhichboundcertainsubsetsof thedata,voxelsof max-
imal intensitywhicharedisplayedusingmaximum-intensityprojection,aswell as
severalothers.

Of course,certainpropertiesof the dataunderinvestigationthemselves can
also imply the useof a specificvisualizationtechnique.Given a specificsubset
of interest,for example,which actuallyhasa sharpboundarythatdelimits it from
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Figure2.1: Two-level volumerenderingof a medicaldata-set(partsof a human
hand): bonesarerenderedusingDVR, surfacerenderingis usedfor vessels,and
non-photorealisticrenderingis usedfor theskin.

the rest of the data,the useof an iso-surfacemight be a well-suitedchoicefor
visualization. In contrast,anothersubsetof the data,which is characterizedby
relatively high data-values,might betterbe visualizedby the useof maximum-
intensityprojection.

In this paperwe now presentour two-level approachfor volume rendering,
i.e., two-level volumerendering(2lVR), whichallows to selectively useindividual
renderingtechniquessuchasdirectvolumerendering(DVR), maximum-intensity
projection(MIP), iso-surfaces,x-ray-like summation,andnon-photorealisticren-
dering(NPR) for differentobjectswithin a commondata-set.SeeFig. 2.1 for an
example,whereseveraldifferentrenderingtechniqueshave beenusedto visualize
amedicaldata-setof a humanhand.

An interestingobservation abouthumanperceptionof 3D computergraphics
is that viewersseemto inherentlyseparateindividual objectsfrom renderedim-
agesof 3D scenes.Userstendto seesolid objects,which areboundedby opaque
or semi-transparentsurfaces.Evenobjectswith intrinsic3D characteristicssuchas
clouds,fire,aso.,areperceivedasindividualentities.Additionally, many visualiza-
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(a) (b) (c)

Figure2.2: Direct volumerenderingvs.surfacerendering:(a) DVR usinga rather
smoothTF resultsin gel-lookingobjects;(b) DVR usinga rathersharpTF simu-
latessurfacerendering;(c) surfacerenderingvery well communicates3D shape.

tion goalsalsorequiresucha notionof data-setsasbeingcomposedof individual
objects.Medicalinvestigation,for example,oftenis object-oriented:somespecific
organof interestis to beexaminedwhereasall therestis consideredto becontext.
In the following, we will thereforeunderstandany volumetric data-setas being
composedof semanticallydistinguishedsubsetsof thedata,which in turn we will
call theobjectswithin thedata-set.

In thispaper, wealsodemonstratehow two-level volumerenderingis usedasa
focus-plus-context (F+C)techniquein volumerendering,comparableto similarso-
lutionswhich arewell-known from informationvisualization.Especiallyinterest-
ing subsetsof thedata,whichareconsideredto be“in focus”,arerendered,for ex-
ample,usingiso-surfacingor DVR, whereastherestof thedata,i.e., thecontext in
thiscase,is depictedusingsemi-transparentMIP or non-photorealisticrendering.

2.2 Experienceswith DVR, MIP, etc.

Beforewe actuallydescribethenew approachof two-level volumerendering,we
first give abrief review of someexperienceswhich we gainedfrom previouswork
with differentvolumerenderingtechniques.

Oneof thestandardtechniquesfor displayingvolumetricdatais directvolume
rendering[54, 78], which is basedon thesortedcompositionof visualproperties
alongviewing rays. The most importantparameterof DVR probablyis the so-
calledtransferfunction(TF) whichdescribesthemappingof data-valuesto optical
properties.Dependingon thetransferfunctionin use,mainly two typical formsof
objectappearancescanbedistinguished:eitherobjectslook like semi-transparent
gel due to a rathersmoothTF, or objectboundariesaredepictedsimilar to iso-
surfacing as a result of a rathersharpor even binary TF – seeFigs. 2.2(a)and
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(a) (b) (c)

Figure 2.3: Threealternative methodsfor volume rendering: (a) MIP displays
structuresof maximal importance;(b) value integration resultsin x-ray-like im-
ages;(c) non-photorealisticrenderingmayenhancecontours,for example.

(b) for sampleresults. In general,we experiencedthat resultsfrom DVR usually
featuregoodimpressionof 3D shape,especiallyif photorealisticshadingis used.
Contrarily, occlusionsometimesbecomesa significantproblemof DVR, which is
mainlybecausepixel-valuesdonotonly dependon thelocalTF mapping,but also
on the numberof samplesto be composited.The latter is not undercontrol of
theTF andcandrasticallyvary amongall viewing rays,consequentlyresultingin
sometimeslargevariationswith respectto objecttransparency.

Dueto thefact,thatit isoftenverydifficult to intuitively setupapropertransfer
function,given a specificvisualizationgoal in mind, the designof transferfunc-
tionshasbecomea researchtopic on its own [42, 4, 85, 59, 62]. Producinguseful
imageswith DVR isevenmoredifficult if thereisnoclosecorrespondencebetween
differencesin data-valuesandthediscriminationof objects.MRI data-sets,for ex-
ample,typically containlargedifferencesin data-valuesfor objectsof similartype.

Two solutionshave beenproposedto help in sucha case:oneis to useanal-
ternative renderingtechniquefor depictingthe featuresof interest– for solutions
differentto DVR seetheparagraphsbelow. Anotherapproachis to first applyseg-
mentation[130] to the data-set,which is followed by selective renderingof the
separatedobjects,for example,by the useof different transferfunctions[126].
Varioustechniqueshavebeenproposedfor automaticandsemi-automaticsegmen-
tationof volumetricdata,suchasthresholding,water-shed,etc.In thispaperwedo
not focuson segmentationitself, but very well make useof optionalsegmentation
information, if presentasa resultof a preprocessingstep. As two-level volume
renderinginherentlydependson the notion of a 3D data-setwhich is composed
of distinguishableobjects,our implementationof 2lVR alsoprovidesa threshold-
basedsegmentationtechniquefor all cases,whereno segmentationinformationis
givenapriori.

Maximum-intensityprojection[142, 112, 99], whichisusedtodisplaythemost
importantdata-valuesalongviewing rays, featuresa clearly differentobject ap-
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pearancein comparisonto DVR. MIP imagesareusuallyquitesharpasonly one
data-value is shown per pixel. Also, assumingthat importanceis directly corre-
latedwith data-values,the moreimportantsomedata-valuesare,the morelikely
it is thatthey areactuallyvisible in theresultingimage– theamountof important
informationwhich is hiddenis minimal. However, dueto thefactthatneighboring
pixelsdonotnecessarilyrepresentspatiallycoherentdata-values,MIP imagestend
to look ratherflat. This undesirableeffect of MIP actuallyis aninherentproperty
of this renderingmethod,andcanonly bediminishedto a certainextentby varia-
tionsof MIP suchaslocal MIP [116], depth-shadedand/oranimatedMIP, etc.For
anexampleseeFig. 2.3(a).

Surface-basedapproaches– in contrastto DVR andMIP – aresuitablein sit-
uations,wheresharpobjectboundariesarepresentin thedata-setandthe interior
structureof theobjectis not relevantfor visualization.Basically, therearetwo ap-
proachesto extractandrenderiso-surfaces.Oneclassof techniquesdealswith the
explicit computationof a geometricrepresentationof theiso-surface– themarch-
ing cubesalgorithm[83] is a well-known example. The secondclassdealswith
depictingthesurfaceby meansof a transferfunction [78]. DVR andsurfaceren-
deringcanalsobe combinedinto a hybrid techniquedepictingboth, truly volu-
metric information,andobjectsdefinedby polygonalmodels[67]. In this paper
we integratethe renderingof objectsurfacesby directly depictingsurfacesfrom
thevolumetricdata[100] – seeFig. 2.2(c)for anexample–, not dealingwith any
polygonalmodelat all. This is also in contrastto volumetric ray tracing [120],
whereactualray tracingis usedto computehigh-qualityimagesfrom 3D scenes
whicharecomposedof volumetricobjectsandpolygonalmodels.

Wehave alsoimplementedvalueintegrationalongviewing raysthroughvolu-
metricdatafor imagesynthesis.Images,whichhavebeenrenderedusingthistech-
nique– seeFig. 2.3(b)for anexample–, simulateanx-ray-appearanceof thedata.
This is dueto thefact,thatvalueintegrationis nothingelsethantheinverseopera-
tion comparedto datareconstructionwithin a3D scanningdevicesuchasaCT.

Recently, non-photorealisticrendering(NPR)methodshavebeenproposedfor
volumetric data[22, 17], which, for example,depict object contoursin a view-
dependentmanner. Here,a greatvariety of objectappearancescanbe achieved,
all usefulfor differentvisualizationgoals. In our case,we foundthedepictionof
objectcontoursby theuseof NPRto beespeciallyuseful,alsoasanalternative to
traditionalrenderingmethodsasdescribedabove. Fig. 2.3(c)shows anexampleof
NPRrenderingof volumetricdata.

Goodvisualizationstronglydependsonwhatdatais visualized,whatstructure
this dataconsistsof, aswell ason the visualizationgoalsof the user. Depend-
ing ontheseprerequisitesseveralusefulapproachesexist, andindividualdecisions
(whatrenderingmethodto choose)have to bemadefor specificapplications.Two-
level volumerenderingasdescribedin this paperallows for selectively combining
differentrenderingtechniquesfor differentobjectswithin acommondata-set.
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2.3 Two-level volumerendering

After thepreceedingdiscussionof prosandconsof severalvolumerenderingtech-
niques,we now presenttwo-level volumerenderingasa usefulway of combining
differentrenderingmethodswith respectto their respective advantages.

2.3.1 Object discrimination

An importantgoal for two-level volume renderingnot only was to provide the
ability for usingdifferent renderingtechniquesfor differentobjectswithin a 3D
scene,but alsoto comeup with visualizationresultswhich actuallyallow to eas-
ily discriminatethe individual objectsfrom eachother. Fromprevious work [51]
we know, thatdisplayingmultiple semi-transparentsurfaceson top of eachother,
quickly imposessignificantproblemswith theidentificationandperceptionof the
individual objects. Usually just two or threelayersareeasilydistinguishedfrom
renderedimages. Therefore,a key featureof two-level volumerenderingis that
pixel-valuesarecomposedof avery limited numberof valuesonly.

2.3.2 Two-level rendering

For achieving our goal of generatingimageswhich arecomposedof a few, but
meaningfulobject representatives per pixel, we decomposethe renderingcalcu-
lations into two levels, i.e., local andglobal rendering. For every pixel, we the-
oretically investigatea viewing ray throughthe dataanddetectwhat objectsare
intersected.For everyobjectintersected,asingle,representative valueis computed
(by theuseof local rendering).Theseobjectrepresentativesarefinally composed
to yield a pixel valueby combiningthem,usuallyby theuseof DVR compositing
(global rendering).Only a small numberof data-valuesarecombinedfor a pixel
(oneperobject),thereforelimiting thenumberof sampleswhich finally make up
onepixel-value.

For more specificallyexplaining two-level volume rendering,it is useful to
utilize themodelof ray casting.Of course,animplementationof our techniqueis
not boundto this image-orderapproach.In this paper, for example,we will later
presenta fastobject-orderimplementationof two-level volumerendering.

For calculatingthevalueof apixel within theresultingimage,wemayassume
a viewing ray to becastright into thevolumetricdata-set(cf. Fig. 2.4). A 3D seg-
mentationmaskdeterminesfor any voxel within thedatawhich objectit belongs
to. Therefore,alsotheviewing ray maybe interpretedasbeingdecomposedinto
several segments,dependingon what objectsareintersectedby the ray. We now
utilize this ray segmentationasfollows:

While traversinga viewing ray – for example,back-to-front– two tracksof
renderingareprocessedin parallel.As longasonesegmentof theray is traversed,
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viewing ray
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Figure2.4: Objectsegmentationimplicitly yields viewing raysto be partitioned
into segments(oneperobjectintersection).

i.e.,aslongastheviewing ray traversesoneindividualobjectwithin thedata,local
renderingis performedto computeanobjectrepresentative associatedto theseg-
ment(renderingat theobjectlevel). Individual renderingmethodscanbeusedfor
differentsegments,dependingonwhatobjectsaretraversed.Fig.2.5,for example,
wasrenderedwith DVR usinga sharpTF alongsegmentsthroughbones,surface
renderingfor vessels,andMIP for theskin.

At thosepointsalongthe ray, wherethe objectclassificationchanges,i.e., at
thepointswhereviewing rayscrossobjectboundaries,updatestepsin theglobal
renderingtrack areperformed. We usuallyuseDVR-compositingon the global
level. Theonly exception,wherewe couldexperiencethatMIP is usefulinstead,
is if all objectsin thedata-setarerenderedby theuseof MIP themselves,also. In
contrastto standardMIP, this “MIP of MIP” approachallows to easilydistinguish
betweendifferentobjectswithin thescene,asdifferenttransferfunctionsandthus
differentcolorscanbeassignedto differentobjects.

33



Two-Level VolumeRendering / 2.3

Figure2.5: CombiningDVR, surfacerendering,andMIP: whereastheboneshave
beenrenderedusingDVR (sharpTF), and the vesselshave beenrenderedusing
surfacerendering,theskinwasdepictedusingMIP.

2.3.3 Focus-plus-context

Due to the ability to selectively usedifferent renderingtechniquesfor different
objectswithin a 3D data-set,two-level volumerenderingstronglysupportsappli-
cationswhichareof F+Cstyle:dependingonwhetherobjectsareselectedto be“in
focus”or not, their visualappearancecanbedifferent.Whereasobjects“in focus”
may featuresignificantopacity, for example,objectswhich areconsideredto be
context ratheractassemi-transparentreference.SeeFig. 2.5againfor anexample,
wherebonesandvesselsareconsideredto be“in focus”,whereastheskin justacts
asthecontext in thisapplication.Table2.1givesanoverview aboutrecommended
F+C configurationswhentwo-level volumerenderingis used.Dependingon the
internalstructureof objects,differentrenderingtechniquesseemto bewell-suited.
Objects“in focus”, for example,canvery well be renderedusingratheropaque
surfacesin caseof spatiallycontiguousobjects(Fig. 2.5,for example).Objectsof
interest,which arecharacterizedby a complex or evenfractal innerstructure,can
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focus context
DVR J ratheropaque,

surface-like
J rathertrans-

parent,gel-like
MIP > complex focus,

highcontrast
> very uniform

transparency
surfaces > ratheropaque > semi-transparent

x-ray , J innercontext
NPR J only asadd-on > sparsecontours

Table2.1: F+Cconfigurationsfor Two-level VolumeRendering

very well bedepictedby theuseof MIP (Fig. 2.9(c),for example).In caseof con-
text visualization,the useof MIP, quite transparentsurfaces,andNPR proved to
bevery useful.MIP is useful,becauseit featuresquitehomogeneoustransparency
throughoutanentireobject(Fig.2.5,for example).Shapepropertiesof context ob-
jectsarewell-communicatedby theuseof semi-transparentsurfaces.NPRcanbe
usedto sparselyapplyshapecuesof outercontext objects(Fig. 2.1,for example).

2.3.4 Technicaldetails

Sincethemodelof two-level volumerenderingis basedon ray casting,animple-
mentationasimage-ordertechniquewould bestraight-forward. Nevertheless,the
ideaof two-level renderinghasoriginally beendevelopedto aidexplorationof data
from thefield of complex dynamicalsystems.Interactivity is crucialfor exploring
andinvestigatingdata,andespeciallyfor findingpropersettingsfor opticalproper-
tiesof objects.Thuswe presenta fastobject-orderimplementation[94], basedon
shear-warp rendering[70], which allows for interactive visualizationof medium-
sizeddata-sets.For performancereasons,no interpolationis donewithin thevol-
ume,eachvoxel is projectedontoexactly onepixel of thebaseplane.During the
warpstep,bilinearinterpolationis used,alsoconsideringthescalingcomponentof
theprojectionmatrix.

To allow for efficient skippingof emptyspacein-betweenobjects,eachobject
within theinvestigateddatais storedseparatelyasanarrayof all its membervoxels.
Foreachvoxel, its positionandattributes,e.g.,data-valueandgradientinformation,
arestored.The list is replicatedandstoredseparatelyfor eachprincipal viewing
axis (

�
, K , and L ) with voxelssortedby theprincipalviewing coordinate.For the

sake of clarity, theprincipalviewing directionwill becalled L from now on.

All voxelsof anobjectwhich sharethesameL coordinatearegroupedwithin
aso-calledRenderListEntry, thevalueof L is storedwith theRenderLis-
tEntry insteadwith all thevoxels (Fig. 2.6). For rendering,theRenderLis-
tEntrysof all objectsaremergedinto asingleRenderList sortedby L .
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Figure2.6: Storageschemefor two-level volumerendering.

PROCEDURE ComputeRenderList:

FOR pvd (principal viewing dir.) BEING x, y, z:
{ FOREACH obj (object in the scene) DO:

FOREACH val (depth value regarding pvd) DO:
LET RenderListEntry[pvd,obj,val] = set of

all voxels of obj. obj with depth val
MERGE ALL RenderListEntry[pvd,.,.] into a
RenderList[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
RenderListEntry, i.e.,which areat equaldepthfrom thebaseplane,arepro-
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Figure2.7: Selectively appliedclipping planesallow furtherinsight.

jectedin an arbitraryorder. By storingonly voxels which actuallybelongto ob-
jects,emptyspacein-betweenis skippedautomaticallywithout any effort during
rendering.

For implementingtwo-level volumerendering,two setsof buffersareusedfor
thebaseplane. Onebuffer (local objectbuffer) is usedfor performingrendering
within an object,while a global buffer is usedto performinter-object rendering.
In additionto pixel values,eachpixel of the objectbuffer additionallystoresthe
uniqueID of thecurrentlyfront-mostobject. If a voxel is projectedonto thebase
plane,its ID is comparedwith thestoredID in theobjectbuffer. If bothIDs match,
thevaluein theobjectbuffer is updatedusinganoperationwhich correspondsto
thelocal renderingmodeof theobject.If theID of thevoxel differsfrom theID of
thepixel in thebuffer, theviewing ray thoughthis pixel musthave entereda new
object. The contentof the objectbuffer pixel is combinedwith the correspond-
ing globalbuffer pixel usinganoperationwhich dependson theglobal rendering
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strategy (usuallyDVR). Thentheobjectbuffer pixel is initialized accordingto the
voxel of thenew objectandthenew local renderingmode.

After all voxelshavebeenprojected,thecontributionof thefront-mostsegment
ateachpixel hasto beincludedby performinganadditionalscanof thebuffersand
merging thesegmentvaluesleft in thelocal buffer into theglobalbuffer.

As the applicationof clipping planesis a widely usedmethodfor enhancing
volumevisualization,supportfor this techniquehasalsobeenincludedin our ob-
ject storagescheme(seeFigs.2.7 and2.9(c)). Thevoxel lists usedfor rendering
allow a very efficient implementationof arbitrarycuttingplanes.As theorderin
which voxels of the samedeptharerenderedto thebaseplaneis irrelevant, vox-
elsremovedby theapplicationof a cuttingplanecanbesimply movedto theend
of thevoxel arraybelongingto a RenderListEntry. An end-markis usedto
indicatethelastvisible voxel within aRenderListEntry (Fig. 2.6). Removed
voxels which arestoredafter this mark canbe ignoredduring renderingwithout
slowing down theprocess.Instead,we alsoenabletheclippedpartsof objectsto
berenderedusinganotherrenderingtechniques(cf. 2.10(c)).

PROCEDURE TwoLevelRendering:

Choose pvd (according to current viewing dir.)
Init(localBuf,0); Init(globalBuf,0)
FOREACH RenderListEntry IN RenderList[pvd]:
{ object = RenderListEntry.objectID
FOREACH voxel IN RenderListEntry.activeSet:
{ pixel = projection(voxel,pvd)
IF localBuf(pixel).object = object THEN:
Update(localBuf(pixel),voxel)

ELSE:
{ Update(globalBuf(pixel),localBuf(pixel))
Init(localBuf(pixel),voxel)

} } }
FOREACH pixel DO:
Update(globalBuf(pixel),localBuf(pixel))

image = Warp(globalBuf)

For lighting of objectsthe Phongshadingmodelis employed. The gradientvec-
tor at eachvoxel is pre-calculatedduring thepreprocessingstep[102], converted
to polarcoordinatesandquantizedto 12Bit for limiting thestoragerequirements.
Duringrendering,this representationof thegradientis usedto accessa look-upta-
blewith shadinginformation.Theshadingtableincludestheinfluenceof ambient,
diffuse,andspecularcomponentsof the lighting model. It is quickly recalculated
for eachnew viewing or light positionandalsoaftera changeof materialproper-
ties.
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(a) (b) (c)

Figure2.8: ComparisonsbetweenstandardDVR (first row) andtwo-level volume
rendering(secondrow). (a) Two-level volumerenderingallows to show blood
vesselswithin thehead,evenneartheskull. (b) UsingMIP for thevisualizationof
context (bones,skin) the objectof interest(blood vesselsplus stenosis)becomes
well visible from all viewing directions. (c) Again MIP provesto work fine for
context visualization.

Opacity values for compositingvoxels and objects are derived from two
sources:first, the ability to changethe opacity of a whole object turnedout to
be usefulwhenadjustingviewing parameters.Secondly, theobject-wideopacity
canbemodulatedby a per-voxel opacitywhich dependson somepropertyof the
voxel, like for exampledata-value, gradientmagnitude,or the distanceto some
otherobject(seeSect.2.4.2).

2.4 Applications and results

Two-level volumerendering,asdescribedabove, canbe usedin variousfields of
applications.In this paperwe describetwo applicationsandshow how two-level
volumerenderingimprovestheresults.

39



Two-Level VolumeRendering / 2.4

2.4.1 Medical data visualization

Visualizationof medicaldatais oneof themostimportantapplicationfieldsof vol-
umerendering.Several renderingtechniquesareusedto depictdifferentfeatures
of thedata. Puresurfacerendering,for example,is usedwhenactualboundaries
of objectswithin the medicaldata-setareto be shown, e.g.,thesurfaceof bones
or theskin (cf. Fig. 2.7). Similar to surfacerendering,DVR is oftenusedto render
tissuetransitionswithin medicaldata-sets(seeFig. 2.2(b)). Throughphotoreal-
istic shading,DVR-imagesaswell assurfacedepictionsvery well communicate
3D shape.Furthermore,DVR resultsfeaturea usuallygoodimpressionof object
inter-relationsanddepthinformation. MIP, on the otherhand,is very useful for
visualizingrathercomplex structures,like bloodvessels,organs,etc. Imagesusu-
ally arelessover-loaded,comparedto DVR, andfocuson the importantpartsof
the data. In Fig. 2.3(a)we show blood vesselstogetherwith lower-valuedbones
by theuseof MIP. In additionto DVR andMIP, simplevalueintegration(x-ray-
like results)becomesuseful when object thicknessshouldbe displayed. Also,
x-ray-like objectappearancemight be familiar to user(seeFig. 2.10(a)for anex-
ample).Finally, non-photorealisticrenderingof medicaldata-setshasbeenproven
to allow for showing shapecueswithout theconsumptionof lots of screenspace
(cf. Figs.2.1, 2.10(b),and2.10(c)).

However, alsosomedisadvantagescanbeexperiencedwhenworking with the
above mentionedmethods:DVR imagessometimestendto be over-loadedwith
content(blurred images). Due to the convolution characterof the compositing
step,andthe high sensitivity of DVR on the transferfunction in use,it happens
easilythat too many data-valuesaremergedinto thefinal image.Theuseof gra-
dient informationasanotherinput to the transferfunction [78] partially improves
this situation.For objectswith a complex interior structure,nevertheless,it is dif-
ficult to avoid this accumulationproblem.MIP images,on theotherhand,usually
lackdepthinformation.This is dueto theweakinter-pixel correlationof neighbor-
ing viewing rays. Data-maximaoftenaredetectedat significantlydifferentdepth
locationsalongneighboringrays. Consequently, MIP imagesusuallylook rather
flat, andview-point variations(via animationor user-interaction)arenecessaryto
re-generatethe3D impression.Also, no occlusionis considered,showing objects,
which areactuallybeyond eachother, in an arbitraryorder. With standardMIP
usuallyjust onestructureis visualized,i.e., theobjectof interestlackscontext in-
formation.

Two-level volumerenderingallows to overcomethesedifficulties to a certain
extent. Context information, for example,can be displayedby the useof MIP,
andcombinedwith DVR-renderedinnerstructures.TheMIP-representationof the
outer hull avoids the over-loading problemof DVR as MIP hulls featurerather
uniform transparency. ThroughDVR-renderingthe 3D shapeof inner structures
becomesmorevisible. In Fig. 2.8(a), lower image,the skull is renderedby the
useof MIP, producingrathercontinuoustransparency throughouttheimage.This
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(a) (b) (c)

Figure2.9: Dynamicalsystemsvisualizedby theuseof two-level volumerender-
ing.

enablesinsightto thebloodvessels,whicharerepresentedby theuseof DVR. Two
furthercomparisonsarealsodepictedin Fig. 2.8. In general,we foundit usefulto
depictthe context of DVR-renderedinner structuresby theuseof MIP [40]. We
alsoexperiencedthatin thecaseof rathercomplex structures,MIP is workingfine,
whereasfor objectswith limited spatialfrequenciesusuallyDVR worksfine.

2.4.2 Dynamical systemvisualization

We also successfullyapplied two-level volume rendering to discretedynam-
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-
tions MONQP B ��RTSU� MON �WV MON � MONQP B �YX[Z]\_^ , where ; denotesthe (discrete)time of
evolution and `/�GabZc\_d is avectorof parametersof thedynamicalsystem.

A trajectory(or evolution over time) of thesystemis definedasthesequence
of states

* MON 5 Nfeg< , startingfrom a given initial condition MU< , by the repeatedap-
plication (iteration)of themap

RTS
, i.e., MON �hR NS � MU< � . Investigatingthe long-term

behavior of suchadynamicalsystem,wearefirst interestedin attractingsetswhich
arepresentfor aspecificparametersetting̀ . Attractingsetsmightbequitesimple,
e.g.,singlepoints,periodiccyclesof limited period,or quasi-periodictrajectories
whichfill aclosedcurve,or morecomplex objectssuchaschaoticsets,alsocalled
strangeattractors[33].

Not only theattractorasthe limit of evolution, but alsoits basinof attraction
shouldbeshown. A basinis equalto thesetof all startingconfigurationsM , which
(in the long-term)finally converge to the correspondingattractor. Similar to the
attractorsthemselves, also the basinsmay have either simple boundaries,just a
box, for example,or complex boundarieswhich maybeformedby many discon-
nectedportionsand sometimesmay even have a fractal structure. A basinis a
setwhich spatially includesthe correspondingattractor. Whenseveral attractors
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coexist, it becomesvery importantto visualizetheboundarieswhich separatethe
correspondingbasinstogetherwith theattractorswhicharenestedinsidethem.

In ourcase,two-level volumerenderingis successfullyusedin thescientificin-
vestigationof two discretesystemsof internationalinterest.Thefirst oneis athree-
dimensionalsystemwhichmodelsatriopoly, i.e.,aneconomicsystemwherethree
producerssharethemarketof agivenproduct– for example,acompetitionamong
threecompaniesin an internationalcontext. Thequestionis which company will
finally dominatethemarket,givenaparticularinitial condition(theinitial produc-
tionsof thethreecompanies)andgivenacertainsetof socalledreaction-functionsRiS

which representthe optimal choices[2]. In Fig. 2.9(a)two-level volumeren-
deringwasusedto visualizefour basinsof attraction,threeenclosedbasinsusing
DVR, andonesurroundingbasinusingMIP. Additionally a so-calledcritical sur-
faceis depictedusingMIP. Thecolor of thesurfacecorrespondsto thedistanceto
theclosestbasinboundary. Critical surfaces,which aresometimesresponsiblefor
globalbifurcations,arebasicallydefinedto bethe3D locuswherethedeterminant
of theJacobianmatrixof

R S
vanishes.

Another systemwe are investigatingis a three-dimensionalnon-invertible
quadratic,i.e., a seconddegreemap,which canbe consideredasan extensionof
a broadlyusedtwo-dimensionalquadraticmap[92]. Suchtwo-dimensionalmaps
have oftenbeenusedto explain globalbifurcations.Thesearequalitative changes
occurringin thestructureof theattractorsand/orof their basinswhentheparam-
etersare changed,as a consequenceof contactsbetweenparticularcurves (the
so-calledcontactbifurcations[92]). Two-level volumerenderingfor thevisualiza-
tion of basinsandtheir associatedattractorseasesthe investigationof bifurcation
eventsin three-dimensionalspace.A fastvisualinspectionallowsto relatebifurca-
tions to contactsbetweenparticularsurfaceswhoseanalyticequationis generally
unknown. Interactive 3D visualizationis crucial for thedetectionof globalbifur-
cationeventsin 3D. Fig. 2.9(b)shows, for example,anattractorwhich is closeto a
contactwith theboundaryof its basin.TheattractorhasbeenrenderedusingMIP,
theboundaryis depictedusingDVR. Theopacityof theboundaryvoxelsis modu-
latedaccordingto thedistanceto theclosestpoint of theattractor, clearlyshowing
areasof potentialcontact. In fact, theuseof cuttingplanesor simpleprojections
doesnotwork in suchcases.

In Fig. 2.9(c)MIP wasusedto rendera chaoticattractor. The inner structure
of the fractal object becomesvisible quite well. Another attractor, also appar-
entwithin this parametersetting,is a two-cycle (two points),representedby label
“E1”. Bothbasinsof attractionarerenderedby theuseof DVR to bettershow their
3D shape.They subdivide phasespacein a complex way: thebasinof attraction
correspondingto thesimpleattractoris a non-connectedset,whosedistribution in
spacehasa fractalstructure.
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(a) (b) (c)

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

2.4.3 User interaction

Two-level volume rendering,as presentedin this paper, hasbeenimplemented
in an interactive Java-based[124] tool. Theappletprovidestheuserwith a setof
interactive toolsfor exploringandvisualizingthedata.After loadingadata-set,it is
decomposedinto distinctobjects.Segmentationinformationis alwayspresentfor
dataoriginatingfrom dynamicalsystemcomputations.Medicaldata-setshowever
may not necessarilycontainsegmentationinformation. Non-segmentedmedical
datais automaticallydecomposedusingasimple,threshold-basedsegmentation.

All operationswhich affect viewing parametersandoptical propertiesof ob-
jectsareperformedinteractively. Eachobjectcanbeeithershown or hiddenfor se-
lective visualizationof specificfeatureswithin thescene.In additionto theglobal
renderingmode, the object-level renderingmodeas well as the opacity can be
selectedseparatelyfor eachobject. Also, thecolor of objectscanbesetindepen-
dentlyof therangeof valuesof theobject’s voxels. In our implementationwe use
color mainly to distinguishbetweenobjectswithin the scene,whereasDVR and
MIP mainly work on opacities,color saturationandlightness,aswell asshading
information. Additional information(like gradientmagnitudeor distanceto an-
otherobject)canbeusedto modulateeitherthecolor or theopacityof anobject’s
voxels. Cuttingplanesat certainvaluesof

�
, K , and L canbeappliedto subsetsof

objectsandmanipulatedin real-time.

Using the mouseto directly interactwith the scene,further visualizationpa-
rameterscanbe influenced:viewing position,zoom factor, position of the light
source,materialproperties,andopacity transferfunction. Additionally the win-
dowing metaphor, which is widely employed in medicalimagingapplications,is
usedto adjustcontrastandemphasizespecificdatarangeswithin thecolor transfer
function.
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figure volumesize renderingtime
2.3(a) FHjHk�l1FHjHk!l � �H�

0.09s
2.8(b) F � F�l � jHF!lmFHjHj 0.18s
2.8(c) FHjHk�l1FHjHk!lmF)n � 0.17s
2.9(c) FHjHk�l1FHjHk!lmFHjHk 0.17s

Table2.2: Renderingtimes.

As emptyregionswithin thevolumearenot storedin our implementation,we
areableto handle4D data(or even dataof higherdimensionality)in a memory
efficient way. 4D datais obtainedfrom dynamicalsystemresearchasparameter
variationproducesseveral(10–100)distinctvolumedata-sets.

2.4.4 Results

Table2.2 shows the renderingtimesof someof the figuresfrom this papermea-
suredon an AMD Athlon 600 PC.All imagesare512x512in size. Most of the
imagesaresingleframesfrom animationsequenceswhichcanbefoundat theweb
pageof this work (http://www.VRVis.at/vis/research/two-level/), wherealso fur-
therresultsareshown. Fig. 2.10shows threeof them:surfacerenderingandvalue
integration(x-ray-like depiction)wereusedfor thetoothdata-set,surfacerender-
ing togetherwith NPRresultedin the imageof thehumanhead,whereassurface
rendering,MIP, andNPR wereusedto depict the datafrom a dynamicalsystem
simulation.

2.5 Summary and conclusions

In this paperwe presentedtheideaof merging severaldifferentvolumerendering
techniquesinto a two-level volumerenderingmethod.Segmentationinformation
is utilized to apply individual renderingtechniquesto differentobjects,which ad-
ditionally aremergedinto a resultingimagethroughaglobalrenderingstep.

Weappliedournew techniquein two areas,namelymedicaldatavisualization
and the visualizationof dynamicalsystems. DVR-renderedobjectsof interest,
for example,which aredisplayedwith MIP-renderedcontext objectsprovedto be
usefulin bothcases.

Thedecisionwhatrenderingmethodto choosestronglydependson whatdata
is to be visualized,what structurethis dataconsistsof (complex, rathersimple,
etc.),andwhattheuseractuallywantsto seewithin thedata.Often,evenonedata-
setcontainsobjects,which differ significantlywith regardto their innerstructure
or boundarysurface. Our approachallows to take the mostappropriatevolume
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renderingmethodon a object-by-objectbasis,andglobally merge thesubsequent
resultto thefinal image.

Wealsoexperiencedthatcertainvisualizationsetupsarequitecommonto vari-
ousapplicationfields.Focus-plus-context, for example,which is well-known from
informationvisualization,alsoshows up in visualizationgoalsfor medicaldata,or
dataof dynamicalsystems.Userswantto peerinside3D datato investigatesome
inner structures,but they alsowould like to keepsurroundingobjectsintegrated
within thevisualization,for spatialreference.

Also,beingableto implementthisnew approachof two-level volumerendering
as an interactive tool on PC-hardware, allowed to experiencethe importanceof
interactive investigationof volumetricdata.Beingableto varyviewing parameters
aswell asvisualizationattributesinteractively significantlyhelpsto generatequite
usefulresults.
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Chapter 3

FastVisualization
of Object Contours by Non-
PhotorealisticVolumeRendering

In 2001, the contentsof this chapterhave beenpublishedin the journal Com-
puterGraphicsForum(Blackwell CGF) 20(3), i.e., in theProceedingsof theEU-
ROGRAPHICS 2001 Conference(EG 2001), pp. C452–C460 (paper“Fast Vi-
sualization of Object Contours by Non-Photorealistic Volume Rendering”
by Cśebfalvi Balázs,Lukas Mroz, Helwig Hauser, AndreasKönig, and Eduard
Gröller).
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Thecontentsof this chapter(paper)area resultfrom a collaborative projectwith
Lukas Mroz (one of Helwig Hauser’s PhD students),Cśebfalvi Balázs(another
PhDstudent),AndreasKönig (managerof theprojectwhich fundedthis pieceof
research),andProf.EduardGröller (headof thevisualizationgroupat theInstitute
of ComputerGraphicsandAlgorithms,ViennaUniversityof Technology).Related
papers(co-authoredby Helwig Hauser)are:� Two-Level VolumeRendering [41], astronglyrelatedpaper, alsocontained

in this thesisaschapter2, andTwo-level volume rendering - fusing MIP
and DVR [40], anearlierversionof thispaper� Interacti ve High-Quality Maximum Intensity Projection [97], a related
paperaboutfastMIP� RTVR - a flexible 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
GPU-basedimplementation
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FastVisualization of Object Contours
by Non-PhotorealisticVolumeRendering
Cśebfalvi Balázs,LukasMroz,Helwig Hauser, AndreasKönig,andEduardGröller

Abstract

In this paperwe presenta fastvisualizationtechniquefor volumetricdata,which
is basedon a recentnon-photorealisticrenderingtechnique. Our new approach
enablesalternative insightsinto 3D data-sets(comparedto traditionalapproaches
suchasdirectvolumerenderingor iso-surfacerendering).Objectcontours,which
usually are characterizedby locally high gradientvalues,are visualizedregard-
lessof their densityvalues.Cumbersometuning of transferfunctions,asusually
neededfor settingup DVR views, for example,is avoided. Instead,a smallnum-
berof parametersis availableto adjustthenon-photorealisticdisplay. Basedonthe
magnitudeof local gradientinformationaswell ason theanglebetweenviewing
directionandgradientvector, data-valuesaremappedto visual properties(color,
opacity),whichthenarecombinedto form therenderedimage(MIP is proposedas
thedefault compositingstragtegy here).Dueto thefastimplementationof this al-
ternative renderingapproach,it is possibleto interactively investigatethe3D data,
andquickly learnaboutinternalstructures.Several furtherextensionsof our new
approach,suchaslevel linesarealsopresentedin thispaper.

3.1 Intr oduction

Oneimportantreasonfor visualizationto actuallybeausefultool for investigating
largeandcomplex data-setsis that it allows to view thedataof interestby means
of differentdisplaymethods.Especiallyin thefield of volumevisualization,where
theuseraimsto peerinside3D objects,this ability to vary thewaysof visualizing
theinteriorof a3D data-set,is very useful.

Traditionally, socalledphotorealisticapproachesdominatethefield of volume
visualization.Therepresentationof objectswithin a 3D data-setby meansof iso-
surfaces,for example,which themselvesareapproximatedby a largecollectionof
polygonseach(cf. marchingcubes[83]), aswell asthe useof transferfunctions
to mapdensityvaluesto visualproperties,which in turn arecomposedto thefinal
imageby theuseof alpha-blendingalongviewing rays(cf. directvolumerender-
ing [21, 78]), arejust two prominentexamples.

Onespecialchallengeof mostvolumerenderingapproachesis thespecification
of parameterssuchthat the resultingimagesarein fact providing useful insights
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into the objectsof interest. With iso-surfacerendering,for example,the specifi-
cationof properiso-valuesis crucial for the quality of the visualization. When
direct volumerendering(DVR) is used,the specificationof useful transferfunc-
tionshasbeenunderstoodasthemostdemandinganddifficult part[59, 24, 28,62].
Therefore,techniques,which do not requirea lot of parametertuning,while still
conveying useful informationaboutthe data-setof interest,proofedto be useful,
especiallywhen appliedduring the exploration phaseof datainvestigation,i.e.,
whenthedatashouldbeunderstoodin general.

An interestingexperiencefrom working with applicationsin the field of vol-
umerendering,which is especiallyimportantfor thework presentedin this paper,
is that(duringinvestigation)volumetricdataoftenis interpretedasbeingcomposed
of distinctobjects,for example,organswithin medicaldata-sets.For a usefulde-
piction of 3D objects,oftenboundarysurfacesareusedasa visual representation
of the objects. This is mostly dueto the needto avoid visual clutter asmuchas
possible.Evenin directvolumerendering,whentransferfunctionsareusedwhich
alsodependongradientmagnitudes[78], visiblestructuresaresignificantlyrelated
to objectboundaries.This is a direct consequenceof the fact that voxels, which
belongto object boundaries,typically exhibit relatively high valuesof gradient
magnitude,i.e.,valuesof first-orderderivative information.

In contrastto photorealisticapproaches,which stick to (moreor lessaccurate)
modelsof theilluminationof translucentmedia[90], non-photorealistictechniques
allow to depictuser-specifiedfeatures,like regions of significantsurfacecurva-
ture, for example,regardlessof any physically-basedrendering. Recently, also
non-photorealisticrenderingtechniques,which originally have beenproposedfor
computergraphicsin general[111, 74, 23], have beenproposedfor volumeren-
dering[22, 127], definitelyextendingtheabilitiesfor theinvestigationof 3D data.
Ebert and Rheingans[22], for example,give a broadspectrumof variousnon-
photorealisticvisualcues(boundaryenhancement,sketchlines,silhouettes,feature
halos,etc.) to beeasilyintegratedwithin thevolumevisualizationpipeline. Also
very interesting,otherspecializedtechniquesfor the representationof objectsur-
faceshave beenproposedrecentlylike 3D LIC which is basedon aneigenvalue/-
vectoranalysisof surfacecurvatureasproposedby Interrante[50], or the repre-
sentationof surfacepointsby the useof small geometricobjectsasproposedby
Saito[110].

In thispaper, wepresentanon-photorealisticrenderingtechniquefor volumet-
ric data,which doesnot dependon data-values,but on themagnitudeof gradient
information,instead.Thereby, 3D structures,which arecharacterizedby regions
exhibiting significantchangesof data-values,becomevisible without being ob-
structedby visualrepresentationsof rathercontinuousregionswithin the3D data-
set. We discussthe importanceof high-qualitygradientreconstruction,which in
ourcaseis performedby asophisticatedmethodbasedon linearregression[102].
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Figure3.1: The o � 0 pq0 � windowing function.

3.2 Contour Rendering

In this sectionwe presentthe non-photorealisticrendering(NPR) model which
we useto displaythecontoursof theobjectswithin thevolumetricdata-set.The
following characteristicsof therenderingmodelin usearecrucial:� no apriori knowledgeaboutthedatavalues� enhancementof internaldetails� just a few renderingparameters,fastfine tuning� supportof optimizationfor fastpreviewing

Sincewe needa model,which is independentof data-values,asa generaltool for
volumesof variousorigins, the datavaluesthemselves shouldnot directly con-
tribute to thefinal result. Insteadof theoriginal data-values,a function o � 0 pY0 � of
gradientmagnitudesis used(note,that for thesake of simplicity ‘ p ’ is usedhere
asashortcutfor ‘ psr &ut4&Hv

’) in orderto characterizethe“surfaceness”of avoxel.

This functioncanbedefinedasa windowing functionby default determining
therangeof interestin thedomainof gradientmagnitudes(Figure3.1).Ourmodel
enhancesthe voxels with highervalueof function o emphasizingthe surfacesof
differentobjects.

The traditionalway of iso-surfaceenhancementis to usea transferfunction,
wherethe opacitiesareweightedby the gradientmagnitudes[78]. This solution
hasthefollowing drawbacks:� time consumingtransferfunctionspecification� limited numberof iso-surfacesrenderedat thesametime� internaldetailslike cavities canbeeasilymissed� ray-casting-basedrenderingis computationallyexpensive

Consideringthesedisadvantageswe do not follow the ideaof renderingseveral
iso-surfaces.Insteadof this we proposea non-photorealisticvisualizationmodel.
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a)projection:MIP b) proj.: MIP + depthcueing c) projection:LMIP

d) opacitymodulated e)pluslevel lines f) front view

Figure3.2: Differentoptionsof usingnon-photorealisticrenderingfor thevisual-
izationof objectcontourswithin volumes.

Ourgoalis to giveafirst 3D impressionaboutthecontentof thevolumepreferably
without missingimportantfeatures. Therefore,only the silhouettelines of iso-
surfacesarerenderedin orderto avoid thehiding of importantdetails.Previously
this ideahasbeenusedonly for singleiso-surfacesdefinedby a densitythreshold
andreconstructedby the“marchingcubes”algorithm.Thesilhouetteenhancement
canbeadaptedto volumes,wherethecontoursof all theobjectscanberendered
at the sametime providing imageswhich are rich in details. In our model we
usea view-dependentfunction . �fw �Wx �

which assignshigher weightsto voxels
belongingto anobjectcontour:

. �fw �Wx �y�z� �{,|0 p �fw}��~ x 0 �i� �
(3.1)

where
w

is thepositionof a givenvoxel andvector
x

is theviewing directionand7 is anexponentcontrollingthesharpnessof thecontour.

Thereareseveralopportunitiesof usingweightingfunctionso and . in calcu-
latingthepixel colorscorrespondingto theviewing rays.For example,anintensity
valuefor asampleposition

w
canbecalculatedusingthefollowing formula:� �fw �Wx ��� o � 0 p �fw�� 0 ��~ . �fw �Wx �� o � 0 p �fw�� 0 ��~�� �{,�0 p �fw}��~ x 0 � � (3.2)
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Figure3.3: Local maximumintensityprojection(LMIP).

After having theseview-dependentintensitiescalculatedatthesamplepointsalong
a viewing ray we canusemaximumintensityprojection(MIP), thusthe highest
sampleintensityis assignedto thegiven ray. Note that, theclassificationaccord-
ing to function

� �fw �Wx �
resultsa sparsevolumesignificantlyreducingthenumber

of voxelswhich contribute to thefinal image.This approachhastwo advantages.
Thereis no visualoverload(unlike in directvolumerendering,whenseveral iso-
surfacesarerenderedat thesametime) andthis propertycanalsobeexploited in
theoptimizationof therenderingprocessaswe will show it in thefurtherdiscus-
sion.Figure3.2(a)shows theCT scanof ahumanheadrenderedusingthecontour
enhancementfunction

� �fw �Wx �
, whereyou canseethe contoursof the skull, the

skin,andthebrainat thesametime.

If simplemaximumintensityprojectionis used,depthinformationis not ap-
pearentin the image. The spatial impressioncan be improved by using simple
depthcueingwheretheintensitiesof samplepointsareweightedaccordingto their
distancefrom the viewpoint. Figure3.2(b) shows an imagegeneratedwith this
depth-cueingextension.Herefor instance,thecontoursof theearsarebetterrec-
ognizablethanin Figure3.2(a).

Evenif depthcueingis usedit canhappenthatsomehigherintensitycontours
hidetheweakercontourswhicharecloserto theviewer. Thismightbeconfusingin
correctinterpretationof theimage.In medicalimagingpracticeusuallylocalmax-
imum intensityprojection(LMIP) is appliedinsteadof traditionalMIP in orderto
avoid suchproblems[116]. Theideais to projectthefirst localmaximumintensity
ontotheimageplane,which is higherthanapredefinedthreshold(Figure3.3).

This techniquecanbeadaptedalsoto theview-dependentintensitiesdefinedin
ourmethod.Figure3.2(c)showsanimagerenderedusingtheLMIP of ourcontour
enhancingintensityfunction

� �fw �Wx �
.

Anotheralternative of keepingthe depthinformation is to assignthe values
of function o ascolorsandopacitiesmodulatedby the view-dependentintensity
function

� �fw �Wx �
(Equation3.2) to the samplepoints and to perform an alpha-

blendingrendering.

52



Fast Visualization of Object Contours by NPVR / 3.3

Thisapproachdemonstratedin Figure3.2(d)emphasizesratherthecontoursof
larger objectsandthe smallerdetailsarelessvisible. This versionis appropriate
for datasetswhichcontainmany highfrequency regions.In thiscaseonly themain
characteristiccontoursareenhanced.

Thebasiccontourprojectionapproachcanbeextendedby alsorenderingsome
additionalcharacteristiclines like level lines. For instance,every twentiethslice
is selectedin thevolumeandindependentlyfrom theviewing directionthevalues
of function o areassignedasintensitiesto thevoxelsof theselectedslices.These
assignedintensitiesarerenderedbymaximumintensityprojectionaswell but using
a different color channelin order to distinguishthe level lines from the object
contours(Figure3.2(e)). Of coursetheselevel lines canbe perpendicularto any
arbitrarydirectionaswell.

Figure3.2(e)clearly illustratethat the additionalcharacteristiclines improve
thespatialimpressionwithout hiding theimportantfeatures.After having theim-
agegeneratedtheusercaninteractively andseparatelyscaletheintensityof differ-
entcolorchannels.It is alsopossibleto simplyswitchoff thedisplayof additional
characteristiclines.

Figure3.4 shows internalorgansof a humanbodyrenderedby our combined
technique. Without taking careabout the different densityrangesthe contours
of the skin, the lungs, the spine,and the pelvis arevisualizedat the sametime.
The branchesof the bronchiainsidethe lungsarealsovisible. Thesearetypical
low densitycavities which canbehardlyrenderedusingtheconventionaltransfer
functionbasedray casting.

Figure3.2(f) showsalsotherenderingof suchinternalcavities,wheregenerat-
ing thefront view of thehumanheadthefrontal sinusesareclearlyvisible.

For renderingthe CT scanof humanvertebraecontainingscrews, which is
depictedin Figure3.5 it would be confusingto useany additionalcharacteristic
lines. Note that, the visualizationof the screws would requirequite sometime
to find anappropriatetransferfunction if traditionaldirectvolumerenderingwas
applied.

3.3 Gradient Estimation

Usuallyin volumerenderingtheconventionalmethodof centraldifferencesis used
for gradientestimation.Sinceit takesonly a narrow voxel neighborhoodinto ac-
countit causestypical staircaseartifacts. Contourenhancingasit is describedin
this paperis very sensitive to accuracy in gradientdirections,thereforea more
sophisticatedgradientestimationis required.

We usetheresultsof our previous work publishedin [102]. Thegradientes-
timation methodpresentedthereis basedon linear regression,wherein a local
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Figure3.4: Non-photorealisticvisualizationof internalorgans.

Figure3.5: Non-photorealisticrenderingof humanvertebraewith screws inside.
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neighborhoodthe densityfunction is approximatedby a 3D hyperplane.The er-
ror of the approximationis definedas a meansquarepenaltyfunction which is
evaluatedat eachneighboringvoxel positionusinga ring off weightingof error
contributions.Theminimizationof theequationsystemleadsto acomputationally
efficientconvolution. Sincethesurfaceinclinationis estimatedfrom a largervoxel
neighborhood,thereforewe obtainasmoothgradientfunction.

3.4 Rendering

Two different implementationsof the non-photorealisticmethodhave beenused
for generatingthe imagesshown in this paper. A high-quality, perspective ray
caster(Fig. 3.2,3.4,and3.5)andaninteractive shear-warpbasedimplementation
(Fig. 3.8)which is discussedbelow in detail.

Whenthe lighting model from equation3.2 is used,the usualspatialqueues
which areofferedby conventionalrenderingwith a physics-basedlighting model
arenot available. If in additionMIP is usedto obtainpixel colors,depthinfor-
mationis alsolost dueto the inherentlack of occlusionwithin MIP images.The
ability to interactively modify theviewing parametersandto changetheview-point
becomescrucialfor understandingtheresultof thevisualizationprocess.

A preconditionto achieve interactive renderingperformancefor volumevisu-
alizationwithoutspecialvolumerenderinghardwarelikeaVolumeProboard[103]
is theability to excludefrom renderingpartsof thevolumewhichdonotcontribute
to theresultingimagewith utmostefficiency. Classicalvolumerenderingis based
on compositingthecontributionsof samplesalongraysaccordingto their opacity.
In this caseeither“empty”, entirelytransparentregions,or partsof thevolumelo-
catedwithin high-opacityobjectswhich areoccludedby outerpartsof theobject
canbeomitted.Skippingof emptyregionsis usuallyperformedusingeitherahier-
archicalapproach(for examplebasedon octrees[70]) or by encodingthedistance
to theclosestnon-transparentstructureateachsamplewithin thevolume[13]. The
skippingof non-contributing datawithin high-opacityregionscanbe doneusing
front-to-backrenderingandearlyray termination.

If equation3.2 is usedfor determiningthecolor of a voxel, it’s potentialinflu-
enceontheresultingimagedependsontwo factors:First,thewindowedmagnitude
of thegradientat thevoxel, andsecondon theanglebetweenthegradientandthe
currentviewing direction. Similarly to thedefinitionof classicalopacitytransfer
functions,theinfluenceof gradientmagnitudeon a voxel changesonly if thewin-
dowing function is modified. Voxels with o � 0 p �fw}� 0 ��� �

caneasilybe skipped
usingoneof the establishedtechniquesfor emptyspaceencoding. Most of the
remainingvoxelswith a highergradientmagnitudealsodo not contributeany sig-
nificantinformationto acontourimage,dueto theinfluenceof the

� ��,s0 p �fw}��~ x 0 � �
term. Unfortunately, this termis view dependent,makingany of theconventional
volumeregionskippingtechniquesinfeasible.
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In the following sectionswe will discusstwo approachesfor skipping non-
contributing voxels within the volume. Their applicability is closelycoupledto
theusedrenderingtechnique.Themethodusedto achieve interactive renderingis
thereforeoutlinedfirst.

3.4.1 Preprocessing

Effective renderingof volumetric data sets where voxel contributions depend
on gradientmagnitude,requiresmethodswhich areable to efficiently dealwith
“sparse”volumes. For example,potentiallycontributing voxels canbe extracted
from thevolumeandto storedin a list. For eachof thosevoxels, it’s positionand
relevantattributes,like datavalueor gradientdirectionandmagnitudearestored.
Thevoxelswithin thelist areorderedto meetrequirementsof a specificrendering
technique.For MIP for example,sortingandprojectingthevoxels by datavalue
eliminatesthe needfor maximumsearchandallows efficient skippingof voxels
mappedto black [98]. For DVR, sorting the potentially contributing voxels by
deptheliminatestheneedto processemptyvoxelswhile still maintainingacorrect
orderof compositing[100]. Voxels from commonsized( FHjHk ^ ) datasetsstoredin
this way canbe renderedat interactive frameratesusingfor exampleshear-warp
basedprojection[40]. To achieve interactive framerates,this methodperforms
parallelprojectiononly, usingnearestneighborinterpolationfor projectingvoxels
ontothebaseplane.

A quantizationof gradientvectorsto 12-16bit allows to performshadingby a
singletablelookupusingthegradientvectorasan index. Theeffort for comput-
ing the lookup tableis negligible. For scanneddatasetseven thequantizationto
only 12 bit pergradientstill providesvisually satisfactoryresults.Despiteof the
reductionin accuracy by quantization,performinggradientreconstructionusinga
high-qualitymethodisstill recommended,to avoid staircaseartefactsasintroduced
by usingthecentraldifferencesmethod.

3.4.2 Optimizations for MIP

In ourcase,voxel intensitiesarenot constantdatavaluesfrom thevolumeascom-
monly usedfor MIP projection. Intensities

� �fw �Wx �
resultfrom a functionwhich

dependson the viewing directionandgradientmagnitude.This propertymakes
a global pre-sortingof voxels by intensityimpossible.However, properordering
of the voxels canbe usedto groupandefficiently skip groupsof voxels mapped
to blackeitherby windowing of thegradientmagnitudeor by the influenceof the
currentviewing direction.

Formaximumintensityprojection,theorderof projectingvoxelsis notrelevant
as � �����f� ��� �-� � ����� ��� ���

. Thus,voxelsdo not have to beorderedandprojected
in spatialorder. If we insteadgroupvoxels with the sameor a similar gradient
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Figure3.6: Voxel orderingfor MIP (2D). Voxelsaregroupedby (quantized)gra-
dientdirection.Within thegroups,voxelsaresortedby gradientmagnitude.Only
groupswith � �fw �Wx �}�z�

arerendered,within a grouprenderingis stoppedafter
thefirst voxel with

� �fw �Wx �1�]�
direction,we canexploit the fact, that voxels which arenot part of a contourfor
thecurrentviewing direction,aremappeddo low intensityvalues.Entiregroups
of voxelswith asimilar gradientdirectioncanbeskipped,if theintensity � �fw �Wx �
of a representative of this groupis below some

�
(seeFig. 3.6). Thequantization

of gradientvectorsfor renderingleadsto the requiredclusteringof voxels into
groupswith the samegradientrepresentation.For typical datasets,over 75% of
all voxel scanbe skippedby exploiting just this scheme.Furthermore,within a
group of voxels with the samegradientrepresentation,voxels can be sortedby
gradientmagnitude.If projectionof voxelswithin a groupstartswith voxelswith
thehighestgradientmagnitude,processingof thegroupcanbestoppedassoonas
thefirst voxel with anintensity

� �fw �Wx �
below

�
hasbeenprojected.

This arrangementof voxels allows to skip non-contributing partsof the data
with utmostefficiency. The disadvantageof this optimization is the restriction
of the compositingprocessto maximumintensityselection.Due to the arbitrary
spatialorderingof thevoxels,blendingof voxel contributionsis not feasible.

3.4.3 Optimizations for Back-to-front Compositing

To maintainfull flexibility in thechoiceof compositingoperations,like local MIP
or alpha-blending,a spatially consistentorderingof the projectedvoxels hasto
be maintained. If shear-warp basedprojectionis used,only the order in which
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Figure3.7: Voxel orderingfor back-to-frontrendering:Voxels within eachslice
aresortedby gradientmagnitude.Voxelswhicharemappedto 0 by o � 0 pY0 � canbe
skippedefficiently.

slicesof voxels are projectedis relevant (consistentlyback-to-frontor front-to-
back). Within a sliceof voxels, theorderingis not relevantaslong asprojections
of neighboringvoxelsdo not influenceeachother. Nearestneighborinterpolation
for the projectionto the base-planemeetsthis requirement. The groupinginto
sliceshasto beperformedfor eachprincipalviewing axis-

�
, K , and L separately.

Dependingon theviewing direction,oneof thethreecopiesis usedfor rendering
(theusualapproachto shear-warprendering).

Voxels with a gradientmagnitudebelow a specificthresholddo not provide
a usefulcontribution to an imagerenderedusingour model. Only about25% of
all voxels have a sufficiently high gradientmagnitude,andarethusincludedinto
theextracteddatastructure,thuskeepingthememoryrequirementsatareasonable
level.

Within a slice,voxelsaresortedaccordingto gradientmagnitude.During ren-
dering,only voxelswhicharenotmappedto blackdueto theirgradientmagnitude
(seeFig. 3.7) have to be considered.Voxels mappedto black due to the cur-
rently usedo � 0 pY0 � arelocatedat the endof the voxel list of the slice andcanbe
efficiently skipped.Comparedto theMIP-only orderingof voxelsdescribedin the
previoussection,significantlymorevoxelshave to berendered.Voxel skippingis
only basedonthe“surfaceness”(i.e. gradientmagnitude)of avoxel, but noton the
view-dependentpropertyof beingpartof a contour.
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a)opacity=
� �fw �Wx �

b) opacity=o � 0 pY0 � c) weightedsumof
Phongand

� �fw �Wx �

d) contourscombined e)mip of
� �fw �Wx �

f) mip of
� �fw �Wx �

,
with iso-surface color transferfunction

Figure3.8: Interactive non-photorealistic renderingresults

3.4.4 Interacti ve rendering – discussion

As usual for interactive rendering,a high frame rate is achieved by trading off
renderingquality andaccuracy againstspeed.The most importantfactor for the
quality of contourimagesis theaccuracy of gradientvectors(Sec.3.3). By quan-
tizing gradientsto a few bit for interactive rendering,limits aresetto theexponent7 in Equ.3.1. High valuesof 7 resultin very sharpandthin contours.Thequan-
tizationerrorof gradientscloseto thecontouris thereforeamplifiedandresultsin
too bright or too darkvoxel contributions. For a quantizationto 12 bit asusedby
our implementation,anexponentaround4 providesa sufficiently narrow contour
withoutproducingdisturbingartefacts(Fig. 3.8).

Dueto moreefficientskippingof blackvoxelsandasimplercompositingoper-
ationfor projectingavoxel, renderingusingMIP is faster(seeTab. 3.1)thanwhen
blendingof voxel contributionsis used.AlthoughMIP allows to depictthemost
significantfeaturesof a volume(seeFig. 3.8e,f), the lack of occlusionanddepth
informationin MIP imagesmaybea disadvantage.Thehigh interactivity of non-
photorealisticrenderingusingMIP compensatesfor this disadvantageby adding
timeasanadditionaldegreeof freedomfor thevisualization(i.e. interactive view-
point changes).
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volumesize voxelsrendered time
head/mip FHjHk D l1FHFHj 102k 85ms

head/blend 366k 150ms
screws/mip FHjHk D l1F)n � 337k 130ms

screws/blend 942k 270ms

Table3.1: RenderingTimes

More flexibility is gainedby usingopacity-modulatedblendingof voxel con-
tributionsfor rendering.The renderingtimesareacceptable(Tab. 3.1), although
slower thanfor MIP. Dependingon the sourceof voxel opacity, differenteffects
can be achieved. By settingthe opacity equal to voxel intensity (Fig. 3.8a)an
effect similar to MIP is achieved, with the difference,that occlusionandspatial
orderingof thevoxels is taken into account.Contoursin areaswith a highergra-
dient magnitudeare depictedbrighter than in areaswith lower gradientmagni-
tude.If opacityis derivedfrom o � 0 pq0 � only, theresultingimagedisplaysablended
setof surfaceswith lighted contours(Fig. 3.8b). This approachcanbe alsowell
usedto enhancecontours[22] in addition to Phongshadingfor surfacerender-
ing (Fig. 3.8c). For segmenteddatawhich allows to distinguishbetweendifferent
objects,non-photorealisticmethodscanbe easilycombinedwith otherrendering
methods,for examplewith conventionalsurfacerendering(Fig. 3.8d).

The renderingtimesprovided in table3.1 have beenmeasuredusing a Java
implementationof the algorithmson a PII/400MHz processorwith SunJDK 1.3
for Windows.

3.5 Conclusion

In thispaperaninteractivenon-photorealisticvolumerenderingtechniquehasbeen
presented.It is proposedfor fastviewing of different typesof datasetswithout
assumingany a priori knowledgeaboutthe densityvalues. Our simplified visu-
alizationmodeldoesnot requirea time-consumingtransferfunctionspecification
which is necessaryin traditionaldirectvolumerendering.It hasbeenshown that
usingasimplecontourenhancementapproachdifferentimportantdetailscanbevi-
sualizedsimultaneously. This is hardlypossiblewith renderingof semi-transparent
iso-surfaces.

Our view-dependentvoxel classificationresultsin a sparsevolume,therefore
thenumberof voxels which contribute to thefinal imageis significantlyreduced.
On onehandusingthisapproachthevisualoverloadcanbeavoidedwithout miss-
ing theinternalfeatures,like low densitycavities. Ontheotherhandthedatareduc-
tion canbeexploitedin theoptimizationof therenderingprocess.Sincereal-time
rotationis very importantin orderto improve thespatialimpressionaninteractive
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renderingtechniquehasbeenpresentedaswell. Themaincharacteristicof thein-
teractive approachis a reorderingof voxels duringa preprocessingstepin a way,
that voxels mappedto black during renderingdueto their gradientmagnitudeor
dueto thedirectionof their gradientvectorscanbe skippedwith high efficiency.
This is apuresoftware-basedaccelerationmethodwhichprovideshighframerates
even on low-endmachines.It alsosupportsthe combinationof traditionaldirect
volumevisualizationandnon-photorealisticvolumerendering.
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Chapter 4

Interacti veVolumeVisualization
of ComplexFlow Semantics

In 2003,thecontentsof this chapterhave beenpublishedin in theProceedingsof
the 8th InternationalFall Workshop“Vision, Modeling, andVisualization2003”
(VMV 2003), pp. 191–198(paper“ Interacti ve Volume Visualization of Com-
plex Flow Semantics” by Helwig HauserandMatej Mlejnek).

The contentsof this chapter(paper)area result from a collaborative project
with Matej Mlejnek (oneof Helwig Hauser’s diplomastudents).Relatedpapers
(co-authoredby Helwig Hauser)are:� Two-Level VolumeRendering [41], astronglyrelatedpaper, alsocontained

in this thesisaschapter2, andTwo-level volume rendering - fusing MIP
and DVR [40], anearlierversionof thispaper� RTVR - a flexible java library for interactive volume rendering [95], a
relatedpaperaboutfastvolumerendering
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� Smooth Brushing for Focus+ContextVisualization of Simulation Data
in 3D [20], a tightly relatedpaper, and Interacti ve Feature Specification
for Focus+ContextVisualization of Complex Simulation Data [19], also
a tightly relatedpaper

63



Interacti ve VolumeVisualization
of ComplexFlow Semantics
Helwig HauserandMatejMlejnek

Abstract

Comprehendingresultsfrom 3D CFD simulationis a difficult task. In this pa-
per, we presenta semantics-basedapproachto feature-basedvolumerenderingof
3D flow data.Wemakeuseof interactive featurespecificationto acquireso-called
degree-of-interest(DOI) values,whichdescribewhatis mostinterestingto theuser
(atacurrentpoint in time). Weadaptthreevisualizationtechniquesto achievebet-
ter visualizationanswersto specificuserquestions:(a) isosurfacingthedegreeof
interest– a triplet of isosurfacesrepresentscertainlevels of interest; (b) feature
volumes– volumerenderingis usedto depict3D distributionsof DOI values; and
(c) interest-basedseedingof streamlines,resultingin streamlineswhich areauto-
maticallyplacedin regionsof specialinterest.We utilize HW-acceleratedresam-
pling and fast shear-warp volumerendering(RTVR) for real-timeviewing, also
providing two-level volumerendering,which allows to integrateall of theabove-
mentionedapproaches.

4.1 Intr oduction

The visualizationof flow datasetswhich result from computationalsimulation
gainsincreasingimportancedue to 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 geometries,suchascombus-
tion processesin theautomotive environment.Dueto thesizeandthecomplexity
of their data,user-orientedvisualizationis neededto helpwith answeringspecific
questionsabout the dataduring dataanalysisand exploration. Also, visualiza-
tion provesto be very usefulwhenthe simulationprocessitself is investigated–
questionssuchasof whetherthe grid designwasappropriatewith respectto the
simulatedflow featuresor of whetherthe boundaryconditionsactuallyprovided
a usefulinterfacebetweenthe“world setting”of thesimulationandits innerpro-
cessesarefrequentlycheckedaftersimulation.
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Figure4.1: Visualizationof a backflow region in a catalyticconverter(upperim-
age)andthemixing of hotandcoldwater(lower image).

4.1.1 Flow data and visualization

The visualizationof flow datastill is a challengingfield of researchandapplica-
tions. This is becauseusuallyhugelots of data-itemsneedto bevisualized,often
complex grid structuresareinvolved,andrealflows usuallyarethree-dimensional
andtime-dependent(posingmajorchallengessuchastremendousresourcerequire-
ments,dealingwith unsteadydata,andhandlingof occlusion).Resultsfrom com-
putationalflow simulationalsooftenprovide severaladditionaldataattributesper
data-itemsuchaspressure,temperature,etc.,requiringvisualizationtechniquesfor
multi-dimensionaldata.

To copewith theabove mentionedchallenges,visualizationtechniquesarere-
quired,which focuson especiallyinterestingsubsetsof thedata. If not all of the
datais shown simultaneously, occlusionproblemsare reducedand resourcere-
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quirementsaremoderated.Feature-basedvisualizationof flow datais one very
usefulapproachaswell asfocus+context visualizationof datafrom flow simula-
tion. While literature[105] alreadyprovidesvery goodsolutionsin feature-based
visualization– examplesareiconicvisualizationof flow features[108, 131] or the
useof flow topologyfor visualization[43, 117] –, focus+context visualizationof
flow dataonly recentlybecameanactivefield of research[19]. Thework presented
herebuilds uponthis latterapproach.

With respectto the multi-dimensionalcharacterof datafrom computational
flow simulation,visualizationtechniqueswhich extend the usualdomainof sci-
entific visualizationareneeded.In informationvisualizationwe find many useful
approachesto thevisualizationof multi-dimensionaldata[11, 63]. Theintegration
of techniquesfrom informationvisualizationsuchasscatterplots,histograms,and
parallelcoordinates[48] alreadyproved to be useful,alsoin scientificvisualiza-
tion [34].

4.1.2 Flow data and volumevisualization

Volumerenderingis one of the most prominentfields of visualizationresearch.
Very usefulresultshave beenachieved in medicalapplications.Volumerendering
alsohasbeenappliedto datafrom flow simulation[16, 122]. However, thespecifi-
cationof propertransferfunctions– whichalreadyis achallengingproblemin 3D
medicalvisualization– is anevengreaterchallengein 3D flow visualization.This
probablyis dueto thefactthatmedicaldataandflow datainherentlyhavedifferent
datacharacteristics.Whereasin medicaldatawe usuallyhave tissueboundaries
(which usuallyare to be shown in medicalvisualization),in flow datawe often
misssuchrathersharpboundariesbetweensubsetsof thedata(of coursethereare
counter-examplessuchasshockwaves,also).

Flow featuresoftenaresmoothlydelimited.Thustools,which alreadyproved
theirexcellencein medicalapplicationssuchasisosurfaces(computedwith march-
ing cubes[83]) andalpha-compositingof gradient-weightedvoxel data[78, 61], do
not produceasmeaningfulresultsasin medicalvisualization.The respective vi-
sualizationmetaphorof representingdataby somekind of thresholdingneedsto
be adaptedto datafrom flow simulation. In this paper, we adapt– as onepart
of our contribution (section4.4)– isosurfacingandalpha-compositingfor volume
renderingto bettermatchthespecialsituationof 3D flow visualization.

4.1.3 Userquestionsand visualization

Theotherpartof our contribution in thispaperis thatwemoredirectly involve the
userwithin thevisualizationprocess.Wedo soto morespecificallyrespondto the
actualuserquestions.A typicaluserquestionwouldenquireall thoseplacesin the
flow domainwherethetemperatureis high andtheflow is slow, for example.
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Therefore,a tool for interactive analysisshould(a) allow the usersto easily
formulatetheir questionsand(b) alsoprovide usefulvisualizationanswers,which
aretailoredto theuserquestions.In oursoftware,weuseaninteractive assessment
stepin thefirst place[19, 20], which is basedon multiple, linkedviews aswell as
on interactive brushingto determinewhat theusercurrentlyis mostinterestedin
(seesection4.2 for moredetails).

So the two main contributions of this paperare(a) the embeddingof voxel-
basedvolumerenderingin our framework for interactive analysisandexploration
of 3D flow data(throughresamplingto aCartesiangrid, seesection4.3)and(b) the
adaptationof voxel-basediso-surfacing,volumerendering,anddensestreamlines
(section4.4) to betterreflectthespecificuserinterests(utilizing degree-of-interest
valuesfor visualization).All of theheredescribedextensionshavebeenintegrated
within a real-timevolumerenderingsoftware(RTVR [95], seesection4.5 before
results,conclusions,etc.).

4.2 Interacti veData Assessment

In thissection,wedescribehow asystemof multiple,linkedviewsis used(together
with interactive brushing)to determinewhat theusercurrentlyis mostinterested
in. We alsodescribedegree-of-interest(DOI) valueswhich areusedto represent
theresultsof thedataassessment.

4.2.1 Linking and brushing

In theinteractive assessmentstep,theuserinvestigatesthemulti-dimensionalsim-
ulationdataby usingmultiple,linkedviews,whichall show thesamedata,but usu-
ally differentdataattributesthereof.We provide scatterplots,histograms,andalso
parallelcoordinatesfor flow dataassessment.Ondemand,theuserbringsupviews
asrequiredandadjuststhemtoshow exactlythosedatadimensionswhichcurrently
aremostrelatedto theuser’s currentinterest(seefigure4.2for anexample).

After interactiveexplorationin theseviews,theuserstartsto formulatewhathe
or sheis mostinterestedin: to do so,theuserworksout interestingdata-itemsby
iteratively restrictingthesubsetof interestwith respectto certaindatadimensions.
This is achieved by interactively brushingwhat actually is shown in the views.
Stepby step,theuserconcretizesthedescriptionof his or hercurrentinterest.3D
visualization,as describedbelow (section4.4), supportsthis stepby interactive
spatialfeedback.
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Figure 4.2: A scatterplotof the catalytic converter data(
�
: over-all velocities,K : vertical flow components).Interactive brushingwasusedto selectdatawith a

significant“downwards”flow component.

4.2.2 Degree-of-interestvalues

As alreadymentioned,weusedegree-of-interest(DOI) valuesto representwhatthe
user(currently)is mostinterestedin. In thecaseof severalconcurrentuserques-
tions,multipleDOI valuesareattachedto eachdata-item.Smoothbrushing[20] is
usedto gainDOI valueswhichnon-binarilyaredistributedin theinterval between�

(no interestat all) and � (100%interest).Thereby, theusercanwork aroundthe
casethat the smoothdistribution of datapropertiesacrossthe flow domaindoes
not allow for a sharpandstill meaningfulsegmentationinto interestingversusnot
interestingpartsof theflow. This alsocanbe interpretedasassigninga fuzzy set
membershipwithrespectto thedatasubsetof interest.
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To enableusersto specificallyformulatetheirquestionsit is necessaryto allow
complex combinationsof simplerestrictions. In the interfaceof our application,
logicalAND- andOR-combinationsareprovided throughtheuseof modifierkeys
while brushingwith themouse.Theapplicationexplicitly representsa composite
brushin termsof aso-calledfeaturedefinitionlanguage[19]; aseparateview, simi-
lar toaregulartreeviewerof afile system,allowstodirectlymanipulatethesettings
of eachandany brushvia slidersandnumericinput. DOI valuesarecomputedfrom
thelogical compositiontreeby hierarchicallyusingamin- or amax-combination
wherea t-norm(AND) or a t-conorm(OR) is required,respectively.

Although thereare interestingalternatives for logical combinationsof fuzzy
sets[60], we chosemin/max for our system,allowing for fastcomputationsand
alsothedrop-off to zero,whencombiningtwo fractionalvalues,is minimal with
respectto otheralternatives.

4.3 HW-AcceleratedResampling

Flow data-setsfrom computationalsimulationusuallyarelaidoutonnon-Cartesian
grids suchas unstructuredgrids. To enablefast volume visualization,we usea
variantof ahardware-acceleratedresamplingapproach[136] to provide fastaccess
to theflow datawith respectto Cartesiancoordinates.

The simulationresultswe areusingaregiven in the form of cell-baseddata,
i.e., dataattributessuchastheflow vector, pressure,etc.,aregiven for eachgrid
cell, asopposedto aper-vertex specification.

For fastvolumevisualizationit is crucial to efficiently interrogateany dataat-
tribute with respectto (almost)arbitraryspatiallocation. Sincewe usuallyneed
accessto multipleattributesduringvisualization,wedecidedto notdirectlyresam-
pleall thedatathemselves,attributebyattribute,but to computeanintermediate3D
redirectiontablethatmapsspatiallocationsto thecorrespondingoriginalgridcells.

Sucharedirectiontableusesmuchlessmemorythanresamplingall theoriginal
attributesinto individual Cartesiangrids. The redirectiontableis a 3D Cartesian
grid of agivenresamplingresolution(usuallywe use512voxelsalongthedimen-
sionof greatestextent),whereeachvoxel containstheID of theoriginal grid cell
correspondingto thespatialcoordinatesof thatvoxel.

In orderto computethis table,we first decomposetheoriginal grid cells into
tetrahedra.Eachtetrahedronis assignedtheID of thecorrespondingoriginal cell.
Sinceour resampleremploys graphicshardwarefor theactualresamplingprocess,
wesplit up theintegerID into four 8-bit partsthatfit into theR, G, B, andA chan-
nelsof ahardwarecolorspecification.Duringresampling,eachcell is assignedthe
constantRGBA color correspondingto its ID andrasterizedinto theoutputgrid,
yielding a redirectiontableof 32-bit cell ID voxels.
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Then,sincethe original dataattributesareavailablefor eachcell, mappinga
Cartesianlocationto any of its correspondingattributesbecomesasimpletwo-step
process.First, the locationis mappedto its correspondingcell ID via theredirec-
tion table.Then,thecell ID is mappedto theactualdesiredattributecorresponding
to thatcell.

Throughthis kind of resamplingwe tradememory-efficiency andflexibility
for limited visual quality of the results– the redirectiontablebasicallyequalsa
zero-orderreconstructionof thedata.However, high quality outputanyhow is not
essentialfor exploration/analysis of simulationdata.

4.4 Visualization Mapping

In thissectionwedescribeadaptationsof threewell-know visualizationalgorithms
(isosurfacing,volumerendering,andstreamlinerendering)to bettermatchthesit-
uationof visualizing3D flow semantics.

4.4.1 Isosurfacing the degreeof interest

Isosurfacesare a very useful instrumentto visualizescalardata in 3D. This is
mostly due to their visually sharpappearance.When shaded,very good depth
perceptionis achieved. The worth of an isosurface, however, is dependenton
how meaningfulthe respective isovalue is (seealso relatedwork abouthow to
find meaningfulisovalues[4, 134]).

An isosurfaceis a sharpvisualdistictionbetweendata-itemswith a reference-
attribute lower thantheisovaluefrom thosewith largerattributevalues.If thedis-
tributionof theinvestigateddataattributeis rathersmoothwith respectto its spatial
locations,thenanisosurfacecanprovidereducedinformationin placeswherethere
isnotmuchchangein thedataattributeof interest–asmallvariationof theisovalue
canthencausedrasticchangesin thegeometriclayoutof theisosurface.

Below, we now presenttwo variantsof standardisosurfaceswhich betterre-
flect their sharpnesswith respectto the underlyingdata,thusbeingbettersuited
for rathersmoothdatasuchas flow datafrom computationalsimulation. Since
all of the heredescribedvolumevisualizationtechniquesare integratedwithin a
volumerenderingsetup,thebelow describedisosurfacesarerepresentedasvoxel-
surfaces[95].

Gradient-dependentopacity of isosurfaces

As a first extension,we presentisosurfaceswhich exhibit a surfaceopacitywhich
is dependenton the gradientmagnitudewith respectto the dataattribute under

70



Interacti ve VolumeVisualization of ComplexFlow Semantics/ 4.4

Figure4.3: Isosurfacewith respectto 316K (hot waterfloating in from the top
inlet), whosevoxelsaremoreopaquethe larger thetemperaturegradientis at the
samevoxel. Similarly, thecolor of theisosurfacevariesfrom red(largegradients)
via yellow to greed.In this casethe resamplingresolutionwasmuchhigherthan
theoriginalgrid resolution,yieldingstaircase-effectsat theisosurface.

investigation.Similar to windowing of intensityvaluesin medicalvisualization,
theopacity ��� of anisosurface-voxel � is definedas

�U� � ���
��
�U��� ��� 0 � � 0 � ou����U� � ��� 0 � � 0 � ou� ��U� � >¢¡ £?¤�¡ ¥§¦=¨ ©¦�ª=«¬¥§¦ ¨ © ~�� �U��� , ��� � �A­?®°¯4­

where� � denotesthegradientof theinvestigateddataattribute, o)� � andou��� bounda
rangeof gradientmagnitudesin which thesurfaceopacitylinearly increasesfrom��� � to ����� . While ou� � oftenis setto

�
, settinganupperlimit of o)���g± $�&)( � 0 � � 0 es-

peciallyis usefulwhenpartsof theisosurfacecoincidewith theboundarygeometry
of theflow whereusuallylargegradientsoccur.

A sampleimagedemonstratingthiskind of a isosurfaceis shown in figure4.3.
Themoretransparenttheisosurfaceis, thelessit actuallytells dueto smallgradi-
entsat the respective places.Also, a color transferfunctionhasbeenusedwhich
assignsthreedifferentcolorswith respectto small(green),medium,andlargegra-
dient magnitudes(red). This color schemeis an additionalhelp with the correct
interpretationof theisosurface.

Isosurfacetriplets

Anotherextensionof standardisosurfacesareisosurfacetriplets,which alsohelp
to correctlyreadthesharpnessof anisosurface.Insteadof oneisosurface,a setof
threesemi-transparentisosurfacesis rendered(alsocompareto relatedwork [31]).
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Figure4.4: Isosurfacetriplet usedto representauser’s interestin hot regionsof the
flow. Reddenotesmaximalinterest(hottestparts),greenmediuminterest,andblue
leastinterest,all accordingto an interactive DOI assessment.Again, the blocky
appearanceof thesurfacestructuresresultfrom the relatively low grid resolution
with respectto resamplingandrendering.

With respectto oneso-calledreferenceisosurface(isovalue ²)³ ´�µ andsurfaceopac-
ity ��³ ´�µ ), two additionalisosurfaces(isovalues ²u¶ and ²)· , opacities ��¶ and �U· )
arespecified.Weproposetwo differentspecificationmodesfor isosurfacetriplets:
reference-insideandintermediate-reference.

In the reference-insidemode of an isosurface triplet, surface isovaluesare
sorted ² ¶ � ²)· � ²)³ ´�µ , i.e., the referenceisosurface is the inner-most, assum-
ing that the dataattribute underinvestigationexhibits increasingvaluesoutside-
in. Usually an equidistantspacingbetweenthe threeisovaluesis usedsuchthat� ²)³ ´�µ , ²)· ���c� ²)· , ² ¶ �g� ²)¸ ´�¹ , wheretheusercanadjust ²)¸ ´�¹ in theuserinterface.
For the reference-insidetype of isosurface triplets, increasingvaluesof surface
opacitiesproved to be useful: � ¶ � �U· � ��³º´�µ with ��³ ´�µ @ � . Again, an equidis-
tantspacingof thethreeopacitiesis useful.Thereference-insideisosurfacetriplet
is useful for DOI visualization,using ²)³ ´�µ � �O,�» to representthe 100%-interest
subsetswith thereferenceisosurface,and ²)¸ ´�¹ � FHj½¼ , for example,to alsodenote
whereinterestdropsto 75%and50%,respectively. In figure4.4 we demonstrate
thiskind of DOI visualization(red: 100%-interest,blue: 50%-interest).

In the intermediate-reference mode of an isosurface triplet, isovalues are
sorted ²u¶ � ²)³ ´�µ � ²)· , i.e., the referenceisosurface is in-betweenthe two oth-
ers. Two different variantsof settingthe isovalue spacingproved to be useful:
equidistantspacingwith

� ²)· , ²)³º´�µ �O��� ²)³º´�µ , ² ¶ �O� ²)¸ ´T¹ , wheretheusersets ²)¸ ´�¹ ,
andproportionalspacingwith

²)³ ´�µ , ² ¶²)³ ´�µ , ²)� � � ²)· , ²)³º´�µ²)��� , ²)³º´�µ
72



Interacti ve VolumeVisualization of ComplexFlow Semantics/ 4.4

Figure4.5: Volumerenderingof all thoseplacesin acatalyticconverterwhereflow
vectorsexhibit a relatively strongvertical flow component(red: upwards,blue:
downwards)– a recirculationbubblebecomesapparentin the upperpart, before
conversionblock.

with ²)� � and ²)��� denotingthe value rangeof the dataattribute under investiga-
tion. In thiscase,theisovaluesof theadditionaltwo isosurfacespartitionthevalue
rangebelow andabove thereferenceisovalueproportionally. Thereby, for exam-
ple, it is possibleto easilyadjustthe isosurfacetriplet in a way suchthat, regard-
lesswhich isovalueis usedfor thereferenceisosurface,theouterisosurfacealways
representsthe propertyboundaryhalfway to minimum (with respectto the data
attribute underinvestigation),andthe inner isosurfacehalfway to maximum. For
thesurfaceopacitysetting,usually � ¶ � �U· �C� ��³ ´�µ , ��¸ ´T¹ �

is usedwith theuser
setting ��³ ´�µ�¾¿� ¸ ´T¹ ¾ �

.

In addition to the specific settingsof the isosurface opacitiesas described
above,coloringtheisosurfacesin red(referenceisosurface),green(inner),andblue
(outer)is usefulfor a bettervisualdistinctionof the stacked andsemitransparent
isosurfaces.

Our implementationalsosupportstheuseof isosurface-quintuplets. However,
usingmorethanthreesemi-transparentisosurfacesstackedover eachother, really
posesdifficulties for visual discrimination. Futurework could clarify whethera
moresophisticatedmodellingof the isosurfaceopacity, like theuseof curvature-
directedstrokes [51] can furthermoreimprove the 3D perceptionof isosurface
triplets/quintuplets.
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Figure 4.6: Illuminated streamlinesrepresentinga user’s interestin streamlines
whoseoriginscoincidewith thehot inflow.

4.4.2 Volumerendering of DOI values

Another useful volume visualizationtechniquefor scalardatalaid out in three-
spaceis volumerenderingby meansof alpha-compositing[78]. In ourcaseweuse
thistechniqueto visualizeDOI valuesinsteadof originaldatavalues.WemapDOI
valuesto voxel opacitiesin a one-to-onemannersuchthatDOI valuesof 1 appear
opaque(or at leastwith maximalopacity)andDOI valuesof 0 arenotvisibleatall.

Theapplicationof this kind of DOI visualizationusuallyis basedon thedef-
inition of multiple DOI attributes(in the senseof segmentingthe flow datainto
severalinterestingsubsets).Weusethehueof voxel colorsto visuallydifferentiate
betweendifferentDOI objects. Usually we vary the color intensityaccordingto
Phongillumination [104]. Whenmultiple volumetricDOI objectsoverlapin one
voxel, onevoxel overridestheotherbasedon a randomchoice– sincesuchcases
usuallyarerare (dueto the segmentationapproachused),this solutionhasbeen
sufficiently accuratein ourcase.In figure4.5weseetwo DOI objects(oneredand
oneblue)with varyingopacitiesaccordingto theirDOI values.

4.4.3 Interest-dependentstreamlines

Streamlinesarea very useful instrumentto visualizeinstantaneousvectorfields.
Dueto their characterof visually connectingflow locationsalongvirtual pathsof
masslessparticles,streamlinesgive an intuitive imageof a flow dataset.Evenly-
spacedstreamlines,which fill up the flow domainin a well-distributed way, are
well-acceptedfor two-dimensionalflows [52]. However, in 3D flow visualization,
selective streamlineplacementis neededto avoid problemswith occlusion[6].
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Figure4.7: Illuminatedstreamlinesrepresentingauser’s interestin how two flows
join in a simpleT-junction. Two regionsof interestwereusedto gaintwo (differ-
entlycolored)objectsof streamlines.

In previouswork [81] weusethevicinity to topologicalstructuressuchaschar-
acteristictrajectoriesin theflow datato selectively seedstreamlines.In this work,
we now usethespatialdistribution of DOI valuesto selectively seedstreamlines.
To do so, evenly-spacedstreamlineseeding[52] is extendedto 3D. Streamlines
areonly seededin regionswheretheDOI valueis � . Fromthere,streamlinesare
integratedforwardsandbackwardsuntil they eitherexit theflow domain,violate
the minimal distanceto other streamlines,or just get too long with respectto a
user-definedmaximallengthof streamlines.

To integrateDOI-basedstreamlineswithin our volumevisualizationsetup,we
assumethat streamlineshave a certainwidth and rasterizethem into our voxel
grid suchthat thevoxel opacitiesaresetaccordingto theproportionaloverlapof
the streamlineandthe respective voxel. We usea j-À�j-À}j sub-voxels accuracy
whencomputingtheoverlapof (thick) streamlinesandvoxels, thusgaininganti-
aliasedstreamlines,which is of greatimportancefor usefulresults.Furthermore,
voxel opacitiesarealsodimmeddown accordingto theDOI valuesexhibitedat the
respectivestreamlinepoints.Thereby, thestreamlinesfadeoutaccordingto thede-
greeof interest.For lighting,weusetheilluminatedstreamlinesmodel[141] to fur-
thermoresupportthe3D perceptionof streamlinesin ourvisualization.Figure4.6
demonstratestheuseof DOI-basedstreamlineson theexampleof aT-junction.

75



Interacti ve VolumeVisualization of ComplexFlow Semantics/ 4.5

4.5 Real-timeVolumeRendering

Gradient-dependentisosurfacesandisosurfacetriplets,aswell asvolumerendering
of DOI valuesandinterest-weightedstreamlineshave beenintegratedon thebasis
of RTVR [95], which is a fastvolumerenderingsoftwareproviding several dif-
ferentmodi of volumerenderingsuchasstandardalpha-compositing,maximum-
intensityprojection(MIP), andnon-photorealisticcontourrendering[17]. Theuse
of RTVR for flow volume renderingprovided flexibility with respectto model-
ing aswell asfastrendering.Theseadvantagescameat thecostof limited visual
quality, whichhowever is not soimportantduringanalysisandexploration.

Two-level volumerendering[41] is usedfor datasetswhich arecomposedof
several, explicitly separatedobjectsso that differentrenderingmodi canbe used
for differentobjects.

In thiswork,webuild upRTVR-objectsfor everyrepresentationof auser’spar-
ticularinterest.Thereby, theuserinteractively composesasetof volumetricobjects
(extendedisosurfaces,truly volumetricobjects,andstreamlines,recallsection4.4)
in dependenceon asmany dataattributesasnecessary, in simpleor in complex
manner(recallsection4.2). For thecasethattwo or moreobjectsmake useof one
voxel, differentstrategiesapply. Whenmultiple iso-surfacevoxelscoincidewithin
on voxel, preintegrationof objectvaluesis performedto mix thedifferentsurface
contributionsaccordingly. Streamlinevoxels andisosurfacevoxels overridevol-
umevoxels,whereasbetweenstreamlinevoxels andisosurfacevoxels, theobject
with themorerecentspecificationoverridestheother. For everyobjecttheusercan
decidein whichstyletherespective objectshouldberendered.

Isosurfacesusuallyareof onecolor andshadedwhile their opacitymayvary
with respectto the datagradient. Isosurfacesalsocanbe renderedby using the
non-photorealisticcontourrendering,therebygiving very goodcontext for theen-
tire visualization(seethevisualizationof theboundarygeometryin figure4.7 for
anexample).For volumerendering,eithershadedvoxelsareusedor voxelswhose
color intensitiesdependontheDOI attribute.Voxel opacitiesusuallyrepresentthe
DOI attributewhich thevoxel objectwasmadedependentonduringspecification.
Streamlinesareeither illuminated[141] or coloredsuchthat the intensity repre-
sentstheDOI attribute for which thestreamlineshave beenrequested.Opacityof
streamlinesis usedfor anti-aliasing.

In general,we usehueto discriminateobjectsfrom eachother. This approach
alreadyproved to bevery usefulin medicalapplications[95] andalsoin thecon-
text of flow data,color codingthe different3D objectsdifferent from eachother
significantlyeasestheperceptualdistinctionof them.

RTVR provides several useful tools for volume visualizationwhich also in
thisapplicationhelpeda lot with comprehendingtheresultsof computationalflow
simulation: interactive changeof lighting conditions,the interactive 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: , K -flow, like from thesecondaryinlet; yel-
low: > K -flow; red:upwards;green:downwards).A gradient-dependent isosurface
wasusedto show theextentof mediumhot temperature(hot comingin from the
upperinlet).

object-wideoverallopacity(in additionto theper-voxel opacitytransferfunction),
and,of course,theinteractive changeof viewing conditions.

4.6 Results

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

4.6.1 Flow through a catalytic converter

Oneinvestigateddatasetcomprisestheresultsof a simulationof gasflow through
a catalyticconverter. With respectto this case,specialinterestis put on a recir-
culationzone,right beforethe reactionchamber. For visualization,the userfirst
describeshis/herinterestby (a) a brushon , �

-velocities(as the positive
�

-axis
coincideswith the main flow directionthroughthe catalyticconverter)and(b) a
restrictionto theregionbeforethereactionchamber, combinedwith a logicalAND.
The therebydefinedDOI attribute is thenusedto selectively placestreamlinesas
shown in figure 4.1, upper image(the DOI valuesare also volume renderedin
grey). In additionto thestreamlines,volumerenderingin red is usedto visualize

77



Interacti ve VolumeVisualization of ComplexFlow Semantics/ 4.7

regionsof relatively high turbolent-kineticenergy. Thewhole catalyticconverter
is shown ascontext usingacontourrendering.

Anotherapproachto this caseis to investigateupwardsanddownwardsflow
whichat thesametimedoesnotexhibit asignificantflow componentinto themain
flow direction.Figure4.5shows avolumerenderingwith upwardsflow in redand
downwardsflow in blue– notethedifferentpatternsof upwards/downwardsflow
before(with therecirculation)andafterthereactionchamber.

4.6.2 ExtendedT-junction

Theothercasepresentedhereis anextendedT-junction(with anextendedchamber
aroundthejunctionandanobstaclein front of thesecondaryinlet). Cold wateris
floatingin from theprimaryinlet, andhot wateris enteringtheT-junctionthrough
thesecondaryinlet) afterthefirst third of thetime-spanof thesimulation.

In this example,theuserprimarily is interestingin themixing behavior of this
flow-junction. Theobstaclein themiddle of theT-junctioncausesthehot inflow
to split – one part turns directly to the exit whereasthe other part traversesan
extra-loopbeforeit alsodevelopstowardstheexit of this structure(seefigure4.6
for several streamlinesdemonstratingthis behavior). Figures4.3 and4.4 usethe
two heredescribedisosurfaceextensionsto show certaindegreesof temperaturein
responseto thehot inflow from theoneside.

In figure4.8,severalvolumetricobjectsareusedto partitionpartsof theflow
in regions which exhibit flow that is mainly in the directionof oneof the three
main axes. A gradient-dependentisosurfacewasusedto depict the boundaryof
the incoming hot flow – this isosurface is more opaquein regions with larger
temperature-gradients. Theseparationof theincomingflow, dueto theobstacle,is
very well visible in thisexample,also.

Figure 4.9 visualizesvortical structuresin the dataas well as the boundary
betweenhotandcoldflow (in blue).Additionally, agradient-dependent isosurface
is shown whichvisualizesflow regionswith amajor K -component,i.e.,towardsthe
inlet in thefront. Fromthis isosurface,informationcanbederivedaboutwherein
theflow vortical structurescouldbe,e.g.,beforeandaftertheobstacle.

4.7 Summary and conclusions

In thispaperwe presentsemantics-basedvisualizationof flow datafrom computa-
tionalsimulation.Wedescribehow theuserutilizesinteractive featurespecification
to tell thesystemwhatheor shecurrentlyis interestedin. Wepropose(a)gradient-
dependentisosurfacesto alsovisualizethesharpnessof an isosurface,(b) isosur-
facetriplets with specificrelationsfor the threeisovaluesinvolved, (c) volume
renderingof DOI values,and(d) interest-dependentstreamlines,which arebased
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Figure4.9: Flow throughthe extendedT-junction. Volumerenderingwasused
to show flow subsetswhich exhibit relatively high valuesof turbulent-kineticen-
ergy while alsohaving a strongflow componentinto(green)/against(red) themain
directionof flow. Anothervolume-renderedsubsetsof the datadenotesregions
of medium-hotfluid, whereasa gradient-dependentisosurfacewasusedto work
out thosepartsof the flow wherea larger Á -componentof the flow is given, i.e.,
towardstheviewer (moredetails:section4.6.2).

on theevenly-spacedstreamlineseedingalgorithmbut only areplacedin regions
of high user-interest.

Conclusionsof thiswork are(a) thatmultipledataattributesusuallyareneces-
saryto really comprehendresultsfrom computationalflow simulationandthatfor
this reasonaflow visualizationsystemshouldoffer easy-to-handleaccessto all the
informationwhich is provided by the simulation,(b) that selective visualization,
in our case,focus+context visualizationof 3D flow datais a really goodapproach
to copewith the large amountof informationto be communicated– for deciding
what to show, theuserandhis/herquestionsaboutthedatashouldbeconsidered,
and(c) that due to the different requirementsof different casesit is very useful
to have an integratedsolutionwhich providesdifferentmeans/techniquesfor the
visualization.
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Chapter 5

Angular Brushing
of ExtendedParallel Coordinates

In 2002,thecontentsof this chapterhave beenacceptedfor publicationin thePro-
ceedingsof theIEEESymposiumonInformationVisualization2002(IEEEInfoVis
2002) asshortpaper(paper“Angular Brushing of Extended Parallel Coordi-
nates” by Helwig Hauser, FlorianLedermann,andHelmutDoleisch).
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Angular Brushing
of ExtendedParallel Coordinates
Helwig Hauser, FlorianLedermann,andHelmutDoleisch

Abstract

In this paperwe presentseveral extensionsto the well-known InfoViz technique
of parallelcoordinates,mainly concentratingon brushingandfocus+context visu-
alization. First, we propose angular brushing asa new approachto high-light
rationaldata-properties,i.e., featureswhich dependon two datadimensions(in-
steadof one). We alsodemonstratesmoothbrushing of parallelcoordinatesas
an intuitive tool for specifyingnon-binarydegree-of-interestfunctions(thenused
for F+C visualization).Thirdly, we show how compositebrushesprovide lots of
flexibility duringdataexploration. Additionally, we alsopresentseveral further
andmoregeneralextensionsto parallelcoordinateswhichthereare (a)histograms
to beusedasaxisoverlays, (b) interaction featuressuchasaxisre-ordering,flip-
ping,scalingandpanning,and (c) detailondemand, implementedasamouse-over
effect.

Keywords: informationvisualization,parallelcoordinates,brushing,linearcorre-
lations,focus+context visualization

5.1 Intr oduction

For many yearsalready, parallelcoordinates[47, 49, 48] arewell-known andanof-
tenusedtechniquein informationvisualization(InfoViz). Multi-dimensionaldata-
setsarevisualizedby drawing a poly-line – for every Ã -dimensionaldata-point–
acrosscoordinateaxeswhicharelaid outin parallel,side-by-side(seefigure5.1for
anexample,four out of a dozendimensionsshown). Thepoly-linesintersectthe
parallelcoordinateaxesatpointswhichcorrespondto therespectivevalues(dimen-
sions)of theparticulardata-points.Thereby, up to a dozenof datadimensions(or
evenmore)arewell visualized,especiallywhenthevisualizationis combinedwith
properinteractionfeaturessuchasreal-timere-orderingof coordinateaxesor in-
teractive brushingin singledimensions[86]. If usedasaninteractive tool, parallel
coordinatesareespeciallyeffectivein visualizingcorrelationsbetweenneighboring
axes,outliers,etc.

Brushing – asalreadymentionedabove, brushingis a very effective technique
for specifyinganexplicit focusduringinformationvisualization[7, 133, 138]. The
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Figure5.1: Parallel coordinates,a sampleview: the cars data-setis shown, four
(outof twelve) datadimensionsarevisualized.

useractively markssub-setsof thedata-setasbeingespeciallyinteresting,for ex-
ample,by usingabrush-like interfaceelement.If usedin conjunctionwith multiple
linkedviews,brushingcanenableusersto understandcorrelationsacrossmultiple
dimensions[7, 10, 44, 34].

Focus+contextvisualization – brushingalsois very usefulto steera drill-down
into visualizationsof really big data-sets[119] – by specifyinga (limited andlim-
iting) focus,moredetailscanbeshown for theselecteddata-points.This relatesto
anothervery importantInfoViz conceptwhich is focus-plus-context (F+C)visual-
ization [30, 11]. Thebasicideaof F+C visualizationis to jointly visualizesome
partsof thedatain detail– usuallythosepartswhichareof primeinterestatapar-
ticular point in time – andalsoshow the restof thedata-set,but in reducedstyle
(smaller, accumulated,etc.)– this is doneto maintaintheuser’s orientationandto
easenavigationin very largedata-sets.

Degree-of-interest functions – for specifyingwhich partsof the dataare to be
drawn in detail, i.e., for specifyingthe focus,a degree-of-interest(DOI) function
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Figure5.2: Extendedparallelcoordinates,asampleview of thecars data-set:cars
with six cylinders were emphasizedthroughbrushing,histogramsare laid over
axes,andonedata-pointis shown with all details.

is used[30], usuallyassigninga valueof 1 or 0 to eachdata-point,dependingon
whetherthedata-pointis of currentinterestor not. Brushingis aneffectivemethod
to actively (andexplicitly) assignvaluesof Ä to data-pointsof interest[7, 138].

Brushing extensions– in additionto standardbrushing,severalusefulextensions
have beenproposedpreviously. The introductionof compositebrushes[86], for
example,enabledusersto morespecificallydefinetheir focus. However, it was
also shown that interactionelementsof the userinterfacemust be chosencare-
fully due to the very high numberof possibleways of compositinga complex
brush[138]. Thecombinationof brushingandnon-binarydegree-of-interstfunc-
tions[86] provedto beusefulfor data-setswith gradualchangesin at leastoneof
theirdataattributes,for example,datafrom scientificsimulation[20]. Also, rather
complex extensionsto brushinghave beenproposedas, for example,structure-
basedbrushes,dealingwith hierarchicaldata-sets[27].

In this paper, we proposeseveralsmallbut very effective extensionsto brush-
ing asan interactiontechniquefor parallelcoordinates(like angularbrushingor
smoothbrushing,seesection5.2). Thereby, parallelcoordinatescanbe further-
more improved as an effective tool for information visualizationand for visual
datamining.

Generalextensionsto parallel coordinates– duringthelong timethatthey have
beenanintegralpartof InfoViz research,severalextensionsto theoriginalparallel
coordinateshave beenpresented.A hierarchicalextensionwasproposed[26], for
example,integratingautomaticclusteringto dealwith really big data-sets.Fur-
thermore,anumberof 3D extensionsto parallelcoordinateswerepresented[135],
includingextrudedparallelcoordinatesor linking with wings, for example.Also,
higher-orderparallelcoordinateswereproposed[125], usinghigher-ordersplines
to interpolatevaluesonmorethantwo axes.
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In this paper, we alsopresenta numberof further generalextensionsto par-
allel coordinates,which we have found usefulduring datainvestigation(suchas
addinghistogramson singleaxesor a detail-on-demandoption,seefigure5.2and
section5.3).

The remainderof this paperis structuredasfollows: first we presentseveral
extensionswhich specialfocuson brushing(section5.2). Then,we continuewith
further, moregeneralextensionsto parallelcoordinates(section5.3). Later in this
paper, we alsoshortlypresentsomeimplementationissues,talking aboutfastren-
dering, for example(section5.4). The applicationitself and someresultsfrom
visualdataanalysisaredemonstratedin section5.5.

5.2 ExtendedBrushing for Parallel Coordinates

As alreadydiscussedabove shortly, brushingeffectively enablesthe userto (ex-
plicitely) specifyhis or her focus. In parallelcoordinates,this usuallyis accom-
plishedby markinga certaindatasub-setof interestaccordingto valueswithin a
singledatadimension.In thecars data-set[132], for example,a usercould focus
on carswith four cylinders by brushingthe respective portion of the cylinders-
axis. Seefigure5.3 for a sampleview – note,that the third axis (“Acceleration”)
wasflipped,sincevaluesaregivenin seconds’til 60MPH, andthereforeasmaller
numberrepresentsahigheracceleration.

In our applicationof visually investigatingmulti-dimensionalandlarge data-
setsoriginating in a physically-basedsimulationof dynamicprocesses(compu-
tationalfluid dynamics,CFD, for example,seesection5.5 for moredetails),we
found standardbrushingof parallelcoordinatesvery useful,however, we needed
to go further. The requirementwasto specifya focusnot only in dependenceof
one dataattribute (one dimension),but to do so with respectto at leasttwo of
them– likebrushingall thosedata-pointswhichfeaturea Å -velocity largerthanthe
respective Æ -velocity. Theconsequencewasto introduceanew brushingtechnique
whichwe calledangularbrushing.

5.2.1 Angular Brushing of Parallel Coordinates

Onestrengthof parallelcoordinatesis its effectivenessof visualizingrelationsbe-
tweencoordinateaxes.Bringing axesnext to eachotherin aninteractive way, the
usercan investigatehow valuesare relatedto eachotherwith specialrespectto
two of thedatadimensions.This way, it is not only possibleto seewhetherdata-
pointsexhibit high or low valuesin singledimensions,but alsotheir relationcan
be understood.More specifically, the slopeof the line-segmentsin-betweentwo
axestells the user, whetherthereis a positive or negative correlationin-between
values(of courseassumingthat the usersetup a propermapping). Outliersalso
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Figure5.3: Brushingparallelcoordinates,anexample:all carswith four cylinders
aremarkedandemphasized(only four datadims.shown).

canbeeasilyfoundwith respectto two datadimensions– whenall but a few line-
segmentshaveapositive slope,thenthefew othersclearlystandout (seefigure5.4
for anillustration).

In thispaper, wedemonstratehow thisfeatureof parallelcoordinateseasilycan
beexploitedfor anextendedbrushingtechnique,i.e.,angularbrushing.In addition
to standardbrushing,whichprimarily actsalongthe(parallel)axes,we enablethe
spacein-betweenaxesfor brushinginteraction,aswell. Theusercaninteractively
specifya sub-setof slopeswhich thenyieldsall thosedata-pointsto bemarkedas
part of the currentfocus,which exhibit the matchingcorrelationin betweenthe
brushedaxes. Seefigure5.4 for anexample,whereall negative slopeshave been
markedin-betweenthesecondandthird axis.

Angular brushingasdescribedabove is a usefulextensionto parallelcoordi-
nates,alsobecauseit very well correspondsto theeffective visual cuesprovided
by parallelcoordinates.Inherently, angularbrushingopensthe extendedfield of
brushingmulti-dimensionalpropertiesof high-dimensionaldata-sets.In addition
to compositebrusheswhich arecomposedmultiple single-axisbrushesby theuse
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Figure 5.4: Readingbetweenthe lines: whereasmost line-segmentsgo up in-
betweenthe2nd andthe3rd axis(visualizingapositive correlationof valuesthere),
justa few godown – thosehave beenemphasizedthroughangularbrushing.

of logical operators(seealsobelow in section5.2.3), angularbrushesallow the
selectionof rationalpropertieswith respectto two of thedatadimensions.When
comparedto compositebrushesby theuseof ascatterplotvisualization,weclearly
seethatbrushesbasedon logical operatorsselectsub-setswhich arealignedwith
the displayaxes,whereasangularbrushesselectsub-setswhich arealignedwith
thediagonalswhenvisualizedin ascatter-plot (seealsofigure5.5for comparison).

5.2.2 SmoothBrushing and Non-Binary DOIs

Many well-known F+C techniquesin InfoViz suchasfisheye views [29, 30], for
example,do not usea discretedistinctionbetweenfocusandcontext, but allow a
multi-valuedor even continuoustransition,which inherentlysupportsthe mental
connectionbetweendata-pointsin focusandtheir context. This correspondsto a
degree-of-interestfunction,whichnon-binarilymapsinto the Ç È�É?ÄËÊ -range.

Often,suchanon-binaryDOI functionis definedby meansof spatialdistances,
i.e., theDOI-valuereflectsthedistanceof a data-pointfrom a so-calledcenter-of-
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——– compositebrushes——– ——– angularbrushes——–

AND-brush OR-brush angularbrush angularbrush,
afteraxisflipping

Figure5.5: Comparingcompositebrushes(ontheleft) andangularbrushes(onthe
right), usingparallelcoordinates(top row) andscatterplots(bottomrow): com-
positebrushesaddress“horizontal/vertical” features,whereasangularbrushesem-
phasize“diagonal” feature.

interest(COI), which in thesecasesoften is specifiedexplicitly, for example,by
pointingto it. In theimplicit case,i.e.,whenqueryingis usedfor thespecification
of theDOI function,fuzzy logic canbeusedin thestyleof probabilisticresponses.

Brushingalsoeasilycombineswith non-binaryDOI functions[86], i.e.,when
smoothlydelimitedbrushesareused.Thereby, at thebrushboundaries,fractional
DOI-valuesbetweenÈ and Ä are assigned. When compositebrushesare com-
posedthroughthe useof logical operators,fuzzy logic is employed to aggregate
final DOI-valuesfor everysingledata-point.In previouswork, wealreadydemon-
stratedtheusefulapplicationof smoothbrushingin theF+Cvisualizationof multi-
dimensionaldata,originatingin 3D flow simulation[20].

In conjunctionwith parallelcoordinateswe extendthe interactively specified
brushby a certain,user-definedpercentageto accommodatea smoothgradient
of DOI-valuesat its borders. When combiningsmoothbrushesthroughlogical
operators,we apply the Łukasiewicz norm [118], known from fuzzy logic as a
comparablylarge norm [60], i.e., a norm which (whenappliedrepeatedly)only
slowly convergesto È andthereforebetterconservesthetransitionalDOI-gradients,
for computingAND- aswell asOR-combinations.Seefigure5.6 for anexampleof
smoothlybrushedparallelcoordinates.
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Figure5.6: Smoothbrushing,an example: notethe gradualchangesof drawing
intensitywhich reflectthe respective degreeof interest,after smoothbrushingof
the2nd axis.

5.2.3 CompositeBrushesfor Parallel Coordinates

Shortlyaftertheoriginal ideaof brushing,alsothelogical combinationof brushes
wasproposedasa usefulextension[86]. As soonastheuser’s imaginationabout
thefeaturesheor shewantsto seewithin adata-setgetsmoreandmoreconcrete,a
needfor moreflexible andmulti-dimensionaldescriptionsof featuresarises.User-
centeredspecificationslike all thosecars which are fastbut do not costa lot, for
example,needto besupportedby visualization.Compositebrushes,i.e., brushes
whicharecomposedof simpleonesby theuseof logicaloperators,areanintuitive
solutionto theabove mentionedrequirement.

In ourapplication(seealsosection5.5),compositebrusheswereto beenabled
on thebasisof single-axisbrushes,angularbrushes(seeabove,section5.2.1),and
smoothbrushes(seeabove,also).Wethereforeimplementedthefollowing features
to endup with aconsistentsolution:

Multiple brushes– whenever a new brushinginteractionis triggered,a new
brushis instantiated,representedby anew entryin aseparatebrushlist (sep-
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Figure 5.7: An exampleof a compositebrush(AND): a CFD data-setis shown
with all data-pointshigh-lighted,which exhibit high valuesof turbolentvelocity
(single-axisbrush,smoothlyalong“TurbolenceVelocity”-axis) and relatively lowÁ -velocity (“Velocity.V”) whencomparedto 3D-velocity (angularbrushafteraxis
flipping).

aratedpart of the user interface). New brushescan be namedby simply
editingthenew entryin thebrushlist. Hereby, ausefuloverview is provided
while still enablingtheuserto switchbetweenpreviouslydefinedbrushes(to
comparethem,for example),or to combinethemto form compositebrushes.

Compositebrushes– singlebrusheseasilycanbecombinedto form composite
brushesthroughtheapplicationof logical operators.A nice little featurein
our applicationis that new (composite)brushesautomaticallyderive their
namesfrom the brushesinvolved in the composition. Compositebrushes
alsocanbeconstructedby addingnew constraintsinteractively, usingmodi-
fier keysthroughinteraction.As alreadydescribedabove,compositebrushes
arecomputedbasedon theŁukasiewicz norm,whensmoothbrushesarein-
volved(seealsofigure5.7).

Support of linking – in our application,DOI-valuesareconsideredto be first-
rankdata-derivatives,i.e., brushescanbeloadedfrom andsaved to disk, or
exchangedwith otherviews, for example.Thereby, theheredescribedpar-
allel coordinatesalsocanbeusedasoneof several linkedviews,supporting
a linking-and-brushing style of application. Seefigure 5.8 for an example
whereparallelcoordinateswerecombinedwith a 3D scientificview. In this
example,ascatter-plot wasusedfor brushingandtheparallelcoordinatesas
well asthe3D view arelinkedfor F+Cvisualization.
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Figure 5.8: Linking and brushing,an example: in a scatter-plot (shown on the
left side),smoothbrushingwasusedto markdata-pointsof low pressureandlow
velocity;a linked3D view (on thetop right) shows thesamedatawith thebrushed
data-pointshigh-lighted;thirdly, theparallelcoordinatesview (on thelower right)
alsoshows thesamedata,alsohigh-lightingthebrushedsub-set.

5.3 Further Extensionsfor Parallel Coordinates

In additionto thebrushingextensionsasdescribedabove, we alsodevelopedsev-
eral furtherextensionsto parallelcoordinates,which we foundusefulduringdata
investigation.Next to simplebut yet very usefulinteractionfeaturessuchascoor-
dinateflipping, theadditionof histogramsalongall of theparallelaxeswasfound
to beespeciallyuseful.

5.3.1 Histogramsover Parallel Coordinates

Similar to a previously publishedsolution[138], we alsocomputehistogramsfor
all theaxesshown in theparallelcoordinatesview. This is especiallyuseful,when
many data-pointsareto be shown. While usersmight be troubledwith resolving
clutterproblemswith anover-full display, histogramsgive a very intuitive clueon
wheredata-pointsaccumulatealongcoordinateaxes.

Dependingonauser-definedsub-division,multiplebinsof equalextensionare
generated,and the data-pointsare sortedinto thesebins during the build-up of
theparallelcoordinatesview. Afterwards,asemi-transparentrepresentationof the
bins’ cardinalityis plottedon top of theparallelcoordinatesview, comparableto
a histogramalongthis datadimension.Seefigure 5.2 for an exampleof parallel
coordinatesplushistogramvisualizationalongaxes.
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5.3.2 Flexible Layout with Parallel Coordinates

Fromtheearlybeginningof parallelcoordinateson, interactionwasacrucialcom-
ponentof parallelcoordinatesviews to enabletheuserto work with theview and
to interactively explorethedataunderinvestigation.

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

Axesre-ordering – probablymost importantis that the usercan interactively
re-orderthe layout of the axes in use. In our application,singleaxes can
be draggedaround,andautomaticallypositionthemselvesright in the gap
(betweentwo otheraxes,or at theboundary),wheretheuserdropsthem.

Flipping of axes– alsovery usefulfor datainvestigationis anoptionwhich al-
lows usersto flip certainaxes,i.e., to requirea top-down orderingof values
insteadof thestandardbottom-upstyle. By doingso,correlationsbetween
axescanbebetterinvestigated.Also, this option is especiallyimportantin
conjunctionwith angularbrushingasit enablesthe userto brushsub-sets,
which – in a scatter-plot – would bealignedalongthesub-dominantdiago-
nal (seefigure5.5).

Changing the mapping – thedefault in ourapplicationis to useamin-maxmap-
ping of valuesto coordinateaxes,i.e., minimal andmaximalvaluesareex-
tractedbeforemapping,thenvaluesarelinearly mappedsuchthatminimal
valuescomelowestwhereasmaximalvaluesaremappedto the top of the
coordinateaxes. Additionally, two othermodescanbeused: (a) Theuser
canenforcethatzerois mappedto thesameheightalongall thecoordinate
axes. (b) Themin-maxmappingcanbecorrelatedalongall theaxes,result-
ing in a consistentmappingfor of them. Of course,if not all of the scales
arecomparable,this modecanresultin a roughlydistortedview.

Axis scalingand panning – theusercaninteractively scaleandpanthemapping
for singleaxes. On thefirst sight, this only addsmoreflexibly with adjust-
ing theview layout. In our application,this optionalsoprovidesimportant
meanswhenworkingin-betweendimensions.Especiallyin conjunctionwith
angularbrushing,theability to scaleandpanoneof thetwo axes(laterto be
brushed),provedto bevery useful.

Deletionand addition of axes– in additionto interactive re-orderingof axesas
shortlydescribedabove,wealsoenabletheuserto interactively deletesingle
axes from the view. This is usedto clarify the view, when not all of the
informationneedsto beshown concurrently. We alsoallow theadditionof
axesto theview, evenif they arealreadyin use:often,singledatadimensions
areof specialinterestto theuserandthenit is very usefulto have suchan
axis repeatedlyin the view, especiallyascorrelationsin-betweenaxesare
bestvisualizedwhenaxesarenext to eachother.
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5.3.3 Detail on Demand

Wealsoimplementedadetail-on-demandfeature,whichwerealizedwith amouse-
over effect. Therebythe usercan interactively browse throughthe display and
whenever the mousemovesover a poly-line, all the detailsareshown for the re-
spective data-point. We alsomake useof this featureto display textual dataat-
tributes,whichby default arenotdrawn asaxesatall (problemof mapping).

5.4 Implementation

To dealwith real-world data-sets– in our caseconsistingof Ä�ÈuÌ – Ä�ÈHÍ data-points
each– we quickly experiencedthe limitationsof a brute-forceimplementationof
parallelcoordinates.Simply drawing multiple line-segmentsfor eachandevery
data-pointalreadyposesquite a load on the graphicshardware– for data-setsas
in our application,quickly millions of line-segmentsneedto be drawn. We also
neededsemi-transparency, coloring,andanti-aliasedline-segmentsto nicely inte-
grateall of thefeaturesdescribedin thispaper.

In thefollowing, weshortlydescribesomeof theapproachesweutilizedto still
provide real-timeinteractivity:

Exploiting coherence– during interaction,the applicationseeksto re-useas
muchof thecurrentvisualoutputaspossible.Whensingleaxesareflipped,
for example,only theinter-axisspaceon theleft- andright-handsideof the
flippedaxisarere-rendered,all therestis reused.

Progressive rendering – for immediate feed-back the application uses a
preview-style of rendering,i.e., without anti-aliasingor semi-transparency.
As soonas there is time for betterrendering,the applicationcomputesa
high-qualityresultandreplacesthepreview with theimprovedimage.

Bi-thr eadedimplementation – to de-couplerenderingandinteraction,we use
a bi-threadedimplementation. One threadserves the user interface and
guaranteesinteractive response,while the other threaddealswith render-
ing, which sometimeslastsfor a numberof seconds,especiallyfor bigger
data-sets.

5.5 Application and Results

In our applicationwe investigatemulti-dimensionaldata-setswhich originatein
CFDsimulations(runby oneof ourpartners),whichusuallyexhibit adozenof data
dimensions,or more. During flow simulation,valueslike temperature,pressure,
velocity, dissipationrate, and many others,are computedfor all cells within a
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detailedCFD grid. Data like this needscareful analysiswhich usually is non-
trivial, not only becausethe datais of high dimensionality, often laid out in 3D
spaceor eventime-dependent.

Parallelcoordinates,with all theextensionspresentedin this paper, proved to
beveryusefulfor datainvestigation.Theinteractivecharacterof theheredescribed
implementationallows for fastandflexible dataexploration,even whensimulta-
neouslyinvestigatingmultiple dimensions.Linking parallelcoordinatesandother
typesof views (like a 3D SciViz view, shown in figure 5.8 on the top right) and
usingour brushingfeatureseaseddataexploration. Whereasparallelcoordinates
areusedto find interestingdata-points,a linked3D view cansimultaneouslyshow
wherethosedata-pointsresidein 3D space. Also the combinationwith scatter-
plots wasfound to be useful,primarily becausecompositebrushesarespecified
moreeasilyin ascatter-plot thanin parallelcoordinates.

Figures5.5,5.7,andespecially5.8show resultsof dataexplorationby theuse
of parallelcoordinates.Thedatashown is theresultof asimulationof flow through
pipesshapedas a T-junction. Flow is coming from the left and the top (when
referringto figure5.8,topleft) andleaving theT-junctionto theright. In figure5.7,
a compositeAND-brushwasusedto markall thosedata-pointswhich, on theone
hand,exhibit ratherhigh valuesof turbolence(smoothlybrushed)and which are
partof flow regionsthatarewell alignedwith thenegative Á -axis (“Velocity.V”),
on theotherhand.

5.6 Summary and Conclusions

In this paper, we have presentedseveralusefulextensionsto parallelcoordinates,
especiallyfocussingon brushinginteractions.Weproposedangularbrushingasa
new techniqueto effectively selectdatasub-setswhich exhibit a datacorrelation
along(at least)two axes.Wealsoshowedhow smoothbrushingcanbeused,even
in combinationwith compositebrushes. We alsoshowed how histgramscanbe
usedasaxisoverlaysto furthersupportdataexploration.

Concluding,we may say that we re-experiencedthe advantagesof an inter-
active visualizationtool whendoing dataexploration. We alsoconcludethat the
worth of a parallelcoordinatevisualizationincreasesdrasticallywheninteraction
featureslike axisre-ordering,etc.,areadded.
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Chapter 6

SemanticDepth of Field

In 2001,thecontentsof this chapterhavebeenpublishedin theProceedingsof the
IEEESymposiumonInformationVisualization2001(IEEEInfoVis 2001), pp.97–
104(paper“SemanticDepth of Field” by RobertKosara,Silvia Miksch,andHel-
wig Hauser).

The contentsof this chapter(paper)area result from a collaborative project
with RobertKosara(one of Helwig Hauser’s PhD students)and Silvia Miksch
(RobertKosara’s university-sidePhDsupervisor).Relatedpapers(co-authoredby
Helwig Hauser)are:Â Focus+ Context TakenLiterally [65], anextendedversionof thispaperÂ Useful Propertiesof SemanticDepth of Field for Better F+C Visualiza-

tion [66], a relatedpaperaboutresultsfrom a userstudy aboutsemantic
depthof field
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SemanticDepth of Field
RobertKosara,Silvia Miksch,andHelwig Hauser

Abstract

We presenta new techniquecalledSemanticDepthof Field (SDOF)asan alter-
native approachto focus-and-context displaysof information. We utilize a well-
known methodfrom photographyandcinematography(depth-of-fieldeffect) for
informationvisualization,which is to blur differentpartsof thedepictedscenein
dependenceof their relevance. Independentof their spatiallocations,objectsof
interestaredepictedsharplyin SDOF, whereasthecontext of thevisualizationis
blurred. In this paper, we presenta flexible modelof SDOFwhich canbe easily
adoptedto varioustypesof applications.Wediscussprosandconsof thenew tech-
nique,give examplesof application,anddescribea fastprototypeimplementation
of SDOF.

6.1 Intr oduction

Whenever large amountsof dataare to be investigated,visualizationpotentially
becomesa usefulsolutionto provide insight into userdata. Especiallyfor explo-
rationandanalysisof very largedata-sets,visualizationnot only needsto provide
aneasy-to-readvisualmetaphor, but alsoshouldenabletheuserto efficiently nav-
igatethedisplay, allowing for flexible investigationof arbitrarydetails.

FocusandContext (F+C) techniquesenabletheuserto investigatespecificde-
tailsof thedatawhile at thesametimealsoproviding anoverview over theembed-
dingof thedataunderinvestigationwithin theentiredataset.But F+Cencompasses
a numberof very differenttechniquesthatachieve similar goalsin very different
ways.

6.1.1 Differ ent Kinds of Focusand Context

Themostprominentgroupof F+C methodsaredistortion-oriented[77] or spatial
methods. Thegeometryof thedisplayis distortedto allow amagnificationof inter-
estinginformationwithout losing the (lessmagnified)context. It is thuspossible
to navigateinformationspacesthat arefar too large to be displayedon a screen.
Examplesarefisheye views [30, 114], hyperbolictrees[68, 73, 101], stretchable
rubbersheets[115], etc. Distortion-orientedtechniquesareusuallyusedin 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 dataassociatedwith them,a
visualizationmethodis usefulthatshowsjusta limited numberof datadimensions,
andallows theuserto selectwhich of theobjectsareto beshown in moredetail–
we call thesedimensionalmethods. Thecontext in this casearenot only theother
objects,but alsothe remainingdatadimensions.This typeof methodalsoshows
moredetail,but in termsof datadimensions,not screensize.Examplesaremagic
lenses[123] andtool glasses[8], wheretheusermovesawindow over thedisplay,
theobjectsinsidewhicharedisplayedin moredetail.

The third type of focusandcontext allows the userto selectobjectsin terms
of their features,not their spatialrelations;usuallyby assigninga certainvisual
cueto them– wethereforecall thesemethodscuemethods. They make it possible
to query the datafor informationwhich is not immediatelyvisible in the initial
visualization,while keepingtheoriginal layout,andthusnot destroying theuser’s
mentalmap [93]. An example for sucha systemis a GeographicInformation
System(GIS) thatmakesit possibleto displaycrimedata,certaincities,or hospi-
tals[82]. Thisdatais displayedin thesamecontext asbefore,but therelevantparts
of thedisplayhave a highercolor saturationandopacitythantherest. This leads
the viewer’s attentionto the relevant objectseasilywithout removing context in-
formation.In contrastto distortion-orientedtechniquesandmagiclenses,with this
typeof method,theuserfirst selectsthecriteria,andthenis shown all theobjects
fulfilling them.

Thetechniquepresentedin thispaperis of thethird type,but weuseadifferent
visualcuefor discriminatingfocusandcontext.

6.1.2 The Usesof Blur and Depth of Field

Blur is usuallyconsideredto bean imperfection:it makesfeaturesharderto rec-
ognizeand can hide information completely. But the differencebetweensharp
andblurredpartsof an imageis a very effective meansof guiding the viewer’s
attention. In photography, the depth-of-field(DOF) effect leadsto somepartsof
the imagebeingdepictedsharply, while othersareblurred[1]. The viewer auto-
matically looks at thesharpparts,while the blurredpartsprovide non-disturbing
context for theobjectsof interest(seeFig. 6.1 for anexample).Thesameeffect is
alsousedin cinematography[55], wherefocuschangescanguidetheaudience’s
attentionfrom onecharacterto another, from acharacterto anobjectheor shejust
noticed,etc.

Becausethehumaneye (like every lenssystem)alsohaslimited DOF [32], an
importantcharacteristicof humanvision is that whenever we get interestedin a
specificpartof ourenvironment,we1) bring thetheobjectof interestinto thecen-
ter of our eye (wheretheareaof mostacutevision, the foveacentralis, is located),
and2) focusonthatobject.Fromtheaboveapplicationsof DOF(photographyand
cinematography),we know thatthis processis easilyinverted:If we displaysharp
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Figure6.1: A lanternwith abridgeascontext.

objectsin a blurredcontext, the viewer’s attentionis automaticallyguidedto the
sharpobjects.This alsogivesusreasonto believe thatDOF is perceivedpreatten-
tively, i.e.within 50msof exposureto thestimulus,andwithoutserialsearch[128].
Thismeans,it veryefficiently makesuseof thebandwidthof thehumanvisualsys-
temto convey a lot of informationin very little time.

WehavedevelopedanF+Ctechniquewecall SemanticDepthof Field (SDOF)
for informationvisualization,which rendersobjectssharpof blurred,depending
on their currentrelevance.It thusmakesuseof thephenomenadescribedabove to
guidetheviewer’s attention.
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6.2 RelatedWork

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

In a systemfor the display of time-dependentcardio-vasculardata[139], a
stereoscopic3D displayis includedthat is controlledby the viewer’s eyes. Like
a microscope,only one thin slice throughthe dataappearssharp,all othersare
blurredandthereforealmostinvisible. Eye trackingequipmentdetermineswhat
theuseris lookingat,andthatpoint is broughtinto focus.Thismakesit possibleto
concentrateon onedetailwithout thesurroundingstructuresconfusingtheviewer.
Laterwork [140] describes“non-lineardepthcues”,whichmeansdisplayingstruc-
turesthat currentlyareof interest(like singleorgans)in focus,andotherobjects
outof focus,notbasedon theirdistancefrom thecamera,but on their importance.

TheMacroscope[79] is a systemfor displayingseveral zoomlevels of infor-
mation in the samedisplayspace.For this purpose,the imageson all levels are
drawn over eachother, with the moredetailedonesdrawn “in front”, i.e., drawn
over the lessmagnifiedlayers. The layers’ transparency canbe changedso that
thebackground(context) canbemoreor lessvisible. Thelessdetailedlayersare
blurredsoasto notdistracttheviewer, but serve ascontext.

Themostinterestingexistingapproachfor thiswork is adisplayof geographi-
calinformation[14]. In thissystem,upto 26layersof informationcanbedisplayed
at the sametime. Eachlayer hasan interestlevel associatedwith it that theuser
canchange.The interestlevel is a combinationof blur andtransparency, making
lessinterestinglayersmoreblurredandmoretransparentat the sametime. This
work doesnot seemto have beenfollowedup onrecently.

In this paper, we describea generalmodelof SDOF, i.e., of selectively using
sharpnessvs. blur to emphasize/deemphasizecertainpartsof thedata.We clearly
embedSDOFwithin thescopeof informationvisualizationandcomputergraphics.
In additionto the above examples,we provide a flexible solutionwhich easily is
adoptedto variouskindsof applications,asdemonstratedlateron.

6.3 SemanticDepth of Field (SDOF)

SDOFallowstheuserto selectrelevantpartsof avisualizationthatarethenpointed
out by deemphasizingall the restthroughblur. Thediscriminationbetweenrele-
vantandirrelevantobjectscanbebinary(anobjectis eitherrelevantor irrelevant)
or continuous(anobjectcanhave a relevancevaluebetweenthetwo extremes).

Differentrelevancemetricsfor objectshave to be offeredby the application,
that have to dealwith the specificinformationandtasksthe applicationis made
for. Examplesfor binaryrelevancemeasuresarethesetof chessmenthat threaten
a specificpiecein a chesstutoring system(seeFig. 6.5c and the accompanying
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Figure6.2: SDOFBuilding Blocks.

video),thelayercontainingroadsin a GIS application(Fig. 6.5d),or all incidents
relatedto high bloodglucosein a graphicalpatientrecord. Continuousfunctions
couldexpresstheageof files in a file systemviewer (Fig. 6.5a),therecentperfor-
manceof stocksin astockmarketbrowser, or thedistanceof citiesfrom aspecified
city in termsof flight hours.

Thebuilding blocksof SDOFarediscussedin the following subsections,and
aresummarizedin Fig. 6.2andTab. 6.1.

6.3.1 Spatial Arrangement

In informationvisualization,usuallysomekind of layoutalgorithmis usedto ar-
rangeobjectsin thevisualizationspace(typically 2D or 3D).Thespecialchallenge
of informationvisualizationis the fact thatdataoftendoesnot have any inherent
structurethat naturally translatesto a layout. Mapping functionsarea very im-
portantpart of visualizationbecausethey determinehow well the usercanbuild
a mentalmapthatheor shecanuseto understandandnavigatethevisualization.
Changingthe layout often meanshaving to learn a new layout, and thus losing
one’s ability to navigateeasily.

In our model,thespatialmappingfunction is called Î�ÏºÐgÑ½Ò ; it translatesfrom
theoriginaldataspaceto anintermediatevisualizationspace(2D or 3D).

6.3.2 Relevanceand Blurring

Independentlyof the spatialarrangement,the blur level of eachobject is deter-
mined.This is donein two steps:First,eachobjectis assigneda relevancevalue Ó
by therelevancefunction ÔQÕuÖ . Thevalueof Ó is in theinterval Ç È�×?ÄËÊ , where1 means
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theobjectis maximally relevant,and0 meanstheobjectis completelyirrelevant.
This relevancevalueis translatedinto ablur value Ø throughtheblur function Ù�ÖÛÚ�Ô .

The relevancefunction is application-specificand thuscanbe very different
betweenapplications(seeSect.6.5.2for examples).The Ù�ÖÜÚ�Ô functioncantheoret-
ically alsotake on any shape,but we have foundthefunctiondepictedin Fig. 6.3
to be sufficient for our currentuses. The usercanspecify the thresholdvalue Ý ,
the stepheight Þ , andthe maximumblur diameterØWßyà:á . The gradient â is then
calculatedby theapplication.

6.3.3 Viewing and CameraModels

In orderto provide a consistentmodel,andto embedtheideaof SDOFin existing
work in computergraphics,we discusscameramodelsfor generatingimageswith
SDOF. Dependingonwhetherthevisualizationspaceis two- or three-dimensional,
differentcameramodelscanbeusedto finally achieve theSDOFeffect. Thecam-
era provides two functions: Ñ½Ðgã/Ò6ä�Ð projectsdatavaluesfrom an intermediate
space(wheretheinformationwaslaid out by the Î�Ï Ð§Ñ½Ò function)to screenspace;
and å�æ)ç , which calculatestheblur level of eachdataitem dependingon its Å coor-
dinateandthe Å�èêé�ë�ì�í valuethecamerais currentlyfocusedat.

In the following, we describetwo cameramodels: a regular photo-realistic
camera( Ñ½Ðgã/Ò�ä)Ð�î ) canbe usedin the2D case;for 3D, we presentthe adaptive
camera ( Ñ½ÐïãðÒ6ä�Ð�ñ ).

2D SDOFand the Photo-realistic Camera

In the 2D case,objectsget a third coordinatein additionto their Æ and Á values.
This additional Å valuedependson the intendedblur diameterØ of the object: If
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Figure6.4: Thephoto-realisticcameraand2D SDOF.

thecamerais focusedat Å?èÛé�ëTìËí , anobjectwith intendedblur Ø hasto bemovedto a
distanceof Å from thelensof thecamera(seeFig. 6.4):

Ø{ò�å�æ)ç�î�ófÅ�É4Å�èêé�ë�ì�í�ô�ò õõõõ ö
÷ ófÅ�èÛéWë�ì�íùøAÅ�ôÅ�èÛéWë�ì�í?ófÅúø ÷ ô õõõõ (6.1)

Å#ò�å�æ)ç�ûOüî ó�Ø�É4Å�èêé�ë�ì�í�ô�ò ö"ý Øþÿ��������	� ý

� (6.2)

whereö is theeffective lensdiameterasdefinedin thethin lensmodel[75], and
÷

is thefocal lengthof thelensin use.

The above equationsapply to cameramodelssuchas distribution ray trac-
ing [15], linearpost-filtering[106], etc.

If thecamerausesperspective projection,objectsalsohave to be scaled(and
possiblymoved)to compensatefor deptheffectsthatarenotdesiredin this case.

3D SDOFand the Adaptive Camera

In the 3D case,of course,it is not possibleto directly mapblur factorsto depth
values,becausethespatialarrangementof dataitemsalreadycontainsa third di-
mension. However, usinga simpleextensionof the photo-realisticcamera,it is
possibleto alsohandlethe3D case.

The adaptive camerais a modificationof a photo-realisticcamerathat can
changeits focusfor every objectpoint to berendered.This is easilypossiblewith
object-orderrendering,but canalsobeachievedwhenrenderingin imageorder. In
contrastto thephoto-realisticcamera,theadaptive cameracanrenderSDOFin 2D
and3D scenes.Thephoto-realisticcamerais, in fact,aspecialcaseof theadaptive
camera(whichsimply staysfocusedat thesamedistancefor thewholeimage).
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and3D SDOF(bottom).

Function å�æ)ç4ñ is definedlike å�æ)ç�î in Eq. 6.1. Differentto the2D case,now
theinversionof å�æ)ç4ñ mustberesolvedfor Å�èÛéWë�ì�í -values:Ø{ò�å�æ)ç�ñmófÅ�É4Å�èêé�ë�ì�í�ô�ò å�æ)ç=îùófÅ�É4Å?èÛé�ëTìËí4ô (6.3)

Å?èÛéWë�ì�íùò�å�æ)ç�ûOüñ ó�Ø É4Å6ô ò öþJI 
ÿ ø 
� (6.4)

An examplefor anadaptive camerais splatting[45, 137], which is a volumeren-
dering technique,but which alsocanbe usedfor information visualization. By
changingthe size of the splat kernel dependingon the Ø value of a datapoint,
SDOFcanbeimplementedeasily.

Anotherpossibilityis to usepre-blurredbillboards(Sect.6.6and[91]). Objects
arerenderedinto memory, theimagesarethenblurredandmappedontopolygons
in thescene.

6.4 Propertiesand Applicability

This sectiondiscussessomehigh-level propertiesof SDOF, how it canbeprinci-
pally applied,andwhatchallengesit bringswith it.

6.4.1 Properties

SDOF, beingyetanotherF+Chighlightingtechnique,hasthefollowing properties
thatmake it anadditionto thecurrenttoolbox:Â SDOFdoesnotdistortgeometry. It is thereforeusablewhensizes(of objects

or partsof objects(glyphs))andpositionsareusedasvisualparameters.We
alsobelieve thatit is easierto recognizeblurrediconsthandistortedones.
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Â SDOFdoesnot alter colors. If color is usedto convey meaning,or the vi-
sualizationis to be usedby color-blind people,SDOFcanbe usedinstead
of color highlighting. This alsomeansthat SDOFis independentof color,
andcan thereforebe usedwhen only gray-scaleis available (e.g., printed
images).Â SDOF changesthe irrelevant objects,rather than the relevant ones. It is
thereforeusefulwhenever the relevant objectscontaina lot of information
whoseperceptionmight beimpededby changes.

6.4.2 Applicability

SDOFrequiresconcretequeriesto thedata(which canbe simple,but have to be
formulatednonetheless),andis thereforeusefulfor analyzingandpresentingdata.

SDOFcanserve asanadditionalaid to guidetheviewer’s attention,together
with brightercolors,etc.,or asa completelyseparatedimensionof datadisplay.
Becauseblur is very naturallyassociatedwith importance(evenmorethancolor),
we do notbelieve thatit is suitablefor truemulti-variatedatavisualization.It can,
however, addanotherdimensionfor a shorttime,whenthedisplayeddatais to be
queried.

Blurring needsspace,sowhenalot of verysmallobjectsaredepicted,it is only
of little use.Theapplicationcandealwith this problemby drawing theobjectsin
suchan order that sharpobjectsaredrawn on top of blurredones. But this can
introduceartifacts,wherepartsof the display appearsharponly becauseof the
contrastbetweensharpobjectsandthebackground.

6.4.3 Challenges

SDOFimagesdependon theoutputdevice (similar to tonemapping[89], for ex-
ample).Thereasonfor this is thatblur is notanabsolutemeasure,but dependson
theviewing anglethattheimagecovers– this is alsothereasonwhy small images
look sharperthanlargerones:thecirclesof confusionarenotvisible in thesmaller
version,or at leastto asmallerextent.Weuseacalibrationstepatprogramstartup
to accountfor thisproblem(seeSect.6.5.1).

ImagesthatcontainSDOFeffectsarealsoproblematicwhenlossycompression
is used(like MPEG, JPEG,etc.). In this case,artifactscan be introducedthat
createa high contrastin a blurredarea,andthusdistractingtheuser. But SDOFis
mostusefulin interactive applications,so this problemshouldplay no big role in
practice.
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6.5 Parameterization

Parameterizationof SDOFconsistsof two parts: Adaptationto currentviewing
parametersanduserinteractionto changetherelevancemapping.

6.5.1 Output Adaptation

We asktheuserto selecttwo blur levels on programstartup:a) theminimal blur
level thatcanbeeasilydistinguishedfrom a sharpdepiction– thisvaluetranslates
to thestepheight Þ in Fig. 6.3;b) theminimaldifferencein blur thatcanbedistin-
guished– this valuecanbeusedto calculateâ , if thesmallestdifferencebetween
any two Ó valuesis given. Becausethis is generallynot thecase,theblur function
is adaptedfor every imageafterexaminingthe Ó valuesof all objects.Thesevalues
canvary with theuseof thegeneratedimage(printing out, projectingontoa wall,
etc.),theuseof differentscreens,etc.

6.5.2 User Interaction

Interactionis akey partof SDOF. Blurredobjectsareunnatural,andit is therefore
importantfor theuserto beableto changetherelevancemappingandblur function
quickly, andto returnto adepictionthatshows all objectsin focus.

Dependingon theapplication,therearedifferentusagepatterns.In many ap-
plications,it is usefulto beableto point atanobjectandsay“Show meall objects
thatareolderthanthis”, “Show meall chessmenthatcover thispiece”(Fig. 6.5e),
or “Show methecitiesweighedby their railway distancefrom thiscity”.

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

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

Transitionsbetweendifferentdisplaysarealwaysanimatedto enabletheuser
to follow the changeandimmediatelyseewhich objectsarerelevant in the new
display. This is anotherreasonfor separatingÓ and Ø (seesection6.3.2): The
animationis donebetweentheold andthenew Ø values,ratherthanthe Ó values.
This is becausethe Ù�ÖÜÚ�Ô functioncancontaindiscontinuitiesthatcanleadto jumps
betweenblur levelsof objects,andarethereforeundesirable.
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e) A chess tutoring system showing the chessmen that cover the knight on e3.

c) A chess tutoring system showing the
chessmen that threaten the knight on e3.

F
ilenam

es

F
ilenam

es

a) A file browser showing the age of files
through blur. Continuous relevance function.

b) A file browser showing today’s files sharply,
older ones blurred. Binary relevance function.

d) A Geographic Information System (GIS) showing
the roads layer in focus.

Tree Depth Tree Depth

Figure6.5: SDOFin action.SeeSect.6.5.2and6.3 for details.
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Figure6.6: TheBox Filter (left), andthegeneralizedbox filter for arbitrarysizes
(right).

6.6 Implementation

A methodin informationvisualizationshouldnot only be visually effective, but
alsofast,so that it canbe usedinteractively. Blurring usedto be a very slow op-
erationbecauseit involvesa sumof threecolor componentsof many neighboring
pixels for every singlepixel in the image,andis still not supportedby hardware
exceptin high-endgraphicsworkstations.Wehave implementedSDOFusingtex-
turemappinghardware,which makesit faston currentlyavailableconsumerPCs.
The describedmethodis an implementationof the adaptive cameramodel (see
Sect.6.3.3).

Blur canbe understoodas a convolution operationof the imagewith a blur
kernel. In photography, this blur kernel ideally is round,but usually is a regular
polygonwith six to eightvertices,dueto theshapeof theaperture.

The more commontype of blur kernel in computerscienceis the box filter
(Fig. 6.6, left). It hasthebig advantageof beingseparable[91], which reducesits
computationalcost from K�ó ÃML?ô to K�ó�N)Ã�ô , where Ã is the filter size. It canalso
be generalizedquite easily to arbitrarysizes(Fig. 6.6, right) other than just odd
integers.This implementationdirectly usesØ asits filter size Ã .

Usinggraphicshardwareis differentfrom asoftwareimplementationof afilter
in that it doesnot sumup the color valuesof surroundingpixels for every single
pixel. Rather, it addsthewhole imageto theframebuffer in onestepby drawing
it ontoa texturedpolygon(this is doneby blendingwith aspecialblendfunction).
Whenthe imageis drawn in differentpositions(with onepixel distancebetween
the images),several imagepixels areaddedto the sameframebuffer pixel. Be-
causeof the limited accuracy of the frame buffer (typically eight bits per color
component),this canonly bedonefor smallvaluesof Ã (we have found ÃPORQ to
yield acceptableimages).
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For largerblur diameters,we usea two-stepapproach.First, we sumup four
imagesinto the framebuffer, with their color valuesscaledso that the sumuses
theentireeightbits. We thentransferthis imageto texturememory(this is a fast
operation)andusethis auxiliary sumastheoperandfor furthercalculations.The
auxiliary sumalreadycontainsthe informationfrom four additionsteps,sowhen
summingthemupfurther, only onequarterof theadditionstepsis needed.Because
all the valuesin thebox filter (exceptfor the border, which is treatedseparately)
areequal,all auxiliary sumsareequal– they areonly displaced.This means,that
theauxiliarysumonly needsto becomputedonce(aswell asanotherauxiliary for
theborders).Summingup auxiliarysumsis thereforenot only moreaccurate,it is
alsofaster.

For blur diameterslarger than20 pixels,we first scalethe imageto onequar-
ter of its size, thenblur with half the diameter, and thenscaleit back (“quarter
method”).

Using the describedmethod,it is possibleto run applications– like the ones
shown in the imagesandthe accompanying video – at interactive framerates(at
leat 5 framesper second)on cheapconsumergraphicshardware. This number
is likely to increasewith somefurther optimizationsaswell asthe useof multi-
texturing (which is supportedby moreandmoreconsumergraphicscards).

6.7 Evaluation

To show that SDOF is actually perceived preattentively, and to demonstrateits
usefulnessin applications,we arecurrentlyperforminga userstudywith 16 par-
ticipants. We want to find out a) if SDOF is, indeed,perceived preattentively,
which includesthedetectionandlocalisationof targets,aswell astheestimation
of the numberof targetson screen(asa numberrelative to all objectsin the im-
age)in thepresenceof distractors;b) how many blur levelspeoplecandistinguish,
andhow blur is perceived (e.g., linear, exponential,etc.); c) how blur compares
to othervisualcueswhich areknown to beperceivedpreattentively (suchascolor
andorientation);andd) how well SDOFcanbeusedto solvesimpleproblemswith
simpleapplications(wheretheemphasisis ontheuseof SDOF).Thisstudyis still
in progressat the time of this writing, but we will publishthe resultsassoonas
they areavailable.

6.8 Conclusionsand Futur e Work

Wehavepresentedanextensionto thewell-known depth-of-fieldeffect thatallows
objectsto be blurred dependingon their relevanceratherthan on their distance
from the camera.This techniquemakes it possibleto point the userto relevant
objects,withoutdistortingthegeometryandotherfeaturesof thevisualization.
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Becauseof thesimilarity to thefamiliar depth-of-fieldeffect, andthefact that
DOF is an intrinsic part of the humaneye, we believe that it is a quite natural
metaphorfor visualizationandcanbeusedquiteeffortlesslyby mostusers.

SDOFcanbeusedwhenanalyzingandpresentingdata,andalsoseemsto be
effective asa tool for pointinginformationout in tutoringsystems.

We expect to learna lot aboutSDOF’s propertiesduring our userstudy, and
will usethis informationto definecriteriawhenandhow SDOFcanbebestused.

As oneof thenext steps,we want to investigatetheapplicabilityof SDOFto
otherareasof scientificvisualization,like volumeandflow visualization.

We alsowant to find out how SDOFcanbeappliedto humancomputerinter-
action,to enabletheuserto graspimportantinformationfaster, andto bealertedto
importantchangeswithoutbeingdistractedtoomuch.
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Chapter 7

ProcessVisualization
with Levelsof Detail

In 2002, the contentsof this chapterhave beenacceptedfor publicationin the
Proceedingsof the IEEE Symposiumon Information Visualization2002 (IEEE
InfoVis 2002) asshortpaper(paper“ProcessVisualization with Levelsof Detail”
by Krešimir Matković, Helwig Hauser, ReinhardSainitzer, andEduardGröller).

The contentsof this chapter(paper)area result from a collaborative project
with Wolfgang Rieger (one of Helwig Hauser’s diploma students),Krešimir
Matković andReinhardSainitzer(both from the applicationsideof this project,
andProf.EduardGröller (headof thevisualizationgroupat theInstituteof Com-
puterGraphicsandAlgorithms,ViennaUniversityof Technology).Therewereno
furtherdirectly relatedpapers(co-authoredby Helwig Hauser)from thisproject.
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ProcessVisualization
with Levelsof Detail
Krešimir Matković, Helwig Hauser, ReinhardSainitzer, andEduardGröller

Abstract

In thispaperwedemonstratehow weappliedinformationvisualizationtechniques
to processmonitoring.Virtual instrumentsareenhancedusinghistoryencoding–
instrumentsarecapableof displayingcurrentvalueand the value from the near
past. Multi-instrumentsare capableof displayingseveral datasourcessimulta-
neously. Levelsof detail for virtual instrumentsareintroducedwherethe screen
areais inverselyproportionalto the informationamountdisplayed.Furthermore
the monitoring systemis enhancedby using 3D anchoring – attachmentof in-
strumentsto positionson a 3D model–, collision avoidance– a physicallybased
springmodelpreventsinstrumentsfrom overlapping–, andfocus+context render-
ing – giving theuserapossibilityto examineparticularinstrumentsin detailwith-
out loosingthecontext information.Two applicationsweredeveloped,aprototype
applicationandacommercialprocessmonitoringtool.

Keywords: processmonitoring,processvisualization,informationvisualization,
levelsof detail,focus+context visualization,virtual instruments.

7.1 Intr oduction

Informationvisualization(InfoViz) hasemergedasanimportantfieldof researchin
thepastfew years.Processvisualizationasoneof its sub-fieldsis directly related,
but neverthelessmucholder. Processeshave beenvisualizedandmonitoredusing
traditional, analoginstrumentssincethe early daysof industrialization. Analog
instrumentswerefollowedby theuseof digital instruments,andfinally, computers
areincreasinglyusedto visualizeandmonitorprocesses.

Thereare a lot of software tools available, offering a comfortableand intu-
itive way for processvisualization.Examplesof widely usedinstrumentlibraries
andtoolsareproductsby GlobalMajic Software[46] andQuinn-CurtisInc. [107].
A wide-spreadmonitoring tool also is LabVIEW Systemfrom National Instru-
ments[69]. Therearehundredsof instrumentsavailablewithin this software.An-
otheroffererin thisfield is GEFanucAutomationwith theDataViewssystem[18]
anda largebaseof virtual instrumentsaswell.

Most of thesetoolsandlibrariestry to mimic conventionalinstruments,with-
out takingadvantageof well-known InfoViz methodology. Virtual instrumentsare

112



ProcessVisualization with Levelsof Detail / 7.1

muchmoreflexible thanconventionalsettingswith real instruments.The virtual
instrumentsareeasiercustomized,but essentiallythey arestill just an electronic
versionof therealinstruments.

In this paper, we describehow processvisualizationcanbenefitfrom infor-
mationvisualization.We have improved featuresof singularinstruments,aswell
as global monitoring features,andfinally we developedtwo applicationswhich
illustratethemethodsdescribedin thispaper.

Featuresaddedto virtual instrumentsare:historyencoding,multi-instruments,
andlevels of detail (LOD). Including history encodingallows to displaythe cur-
rent valueandthe valuesfrom the nearpastsimultaneously. We achieve this by
visually augmentingthe commongaugeandbar instrument.The historic values
aredisplayedusinglesssaturatedcolorsandsmallerneedlesor bars. In this way
historyvaluescanbedistinguishedfrom thecurrentvalueon a first sight,but still
give anadditionalinformationaboutsensorbehavior in thenearpast.

Multi-instrumentsdisplaymorethanonedatasourcesimultaneously, making
it easierto comparethem. A multi-gauge,for example,hasseveralneedles,each
of themin a differentcolor andlength. Valuescorrespondingto the needlescan
be easily compared. In fault-tolerantsystemsoften several sensorsmeasurethe
samephenomenon.In this casemulti-instrumentsarewell-suitedin emphasizing
amalfunctioningsensor.

Levelsof detailis aninterestingchoicein structuringtheconcurrentdisplayof
many instruments.Varioustypesof instrumentsof differentsizesaresuitablefor a
LOD approach.If, e.g.,four redundantsensorsshouldbevisualized,aninstrument
whichcoversasmallareaandwhichdisplaysonly thecollectivestateof all sensors
(ok/not-ok)canbeconsideredasthefirst (androughest)LOD. Thenext level could
beaninstrumentwhich displaystheaveragevalueof all thefour sensors.Suchan
instrumentcoversmoreareaonthescreen,but givesmoreinformationaswell. The
following level couldbea multi-instrument,displayingall four values,andfinally
the highestLOD would be representedby four single instruments.The highest
level occupiesthelargestarea,giving themostinformationat thesametime.

Besidesaugmentingtheinstrumentsthemselves,theglobalmonitoringsystem
wasimprovedaswell. Globalfeaturesaddedarefocus+context rendering[56] and
collisionavoidance.

Focus+context (F+C) approachesmake a hugeinformationspacemanageable
for a userby coarselyrepresentingthe entire informationin the availablescreen
space.Theuseris enabledto displayselectedparts(focus)enlargedbut embedded
into thesurroundingenvironment(context). In theexampledescribedabove, it is
possibleto choosethelevel of detailof an instrumentdependingon thedegreeof
interest.Thedegreeof interestcanbedeterminedeitherexplicitly by theuser– the
userpointsto thefocus–,or it canbedata-driven.Herethedegreeof interestmight
increasewhenever a specificeventoccurs,e.g.,a datavalueleavestheadmissible
range.
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Increasingthelevel of detail, increasestherequireddisplayareaof theinstru-
ment,andit potentiallyoccursthat someof the instrumentsoverlapafter a level
change.In orderto avoid instrumentoverlap,acollisionavoidancealgorithmbased
on aphysicallybasedspringmodelwasimplemented.

Theabovedescribedfeatureswill beexplainedin moredetailusinggauge,bar,
LED, and numericinstruments. The bar instrumentis an instrumentwherethe
lengthof a solid bar correspondsto the measuredvalue. It’s analogcounterpart
is a mercurythermometer, or a tubemanometer. The LED instrumentmimics a
singleLED andcanrepresenttwo statesin ourcase.Thenumericinstrumentis an
instrumentthatdisplaysmeasureddataonanumericdisplay. Datacanbedisplayed
asadecimal,hexadecimalor binarynumber.

All of the new featuresare implementedin two applications. A placement
prototypeapplication[109] anda commercialTTPView 3.0application[129].

7.2 NewFeaturesfor Virtual Instruments

Theideaof usingvirtual insteadof classicalinstrumentsis notnew. However, most
of thevirtual instrumentstry to mimic realones,andoffer a faster, morecomfort-
ableandmoreflexible way of arranginga new setof measuringinstruments.We
improve virtual instrumentsby addingsomenew featuresand techniqueswhich
arewell-known from informationvisualization. We not only improve the instru-
mentmanagementbut alsoaugmentthe virtual instrumentsascomparedto their
real counterparts.We madevirtual instrumentscapableof displayingthe history
of data(historyencoding).Our virtual instrumentsarealsoableto simultaneously
displayseveraldatavalueswithin oneinstrument,sothatdivergencesin redundant
informationareeasily recognizable(multi-instruments).Finally, we introducea
LOD representationfor virtual instruments.

7.2.1 History Encoding in Virtual Instruments

It is oftenimportantnot only to readthecurrentvalueof asensor, but alsoto geta
cluewhatwasthevaluein thenearpast.Of courseit is possibleto usesomekind
of oscilloscopeinstrumentor time chart,but their size is often a limiting factor.
We addedhistoryencodingto thebarandgaugeinstrument.Suchanaugmented
instrumenttakesnomoreplacethanacommonbar/gaugeinstrument,but givesfar
moreinformationto theuser. In thecaseof thebarinstrument,history is encoded
throughhorizontallineson the left of thenumericalscale.Lengthandsaturation
of a line encodethe ”recentness”of a value,i.e., longerandmoresaturatedlines
correspondto newer datavalues. Figure7.1(a)illustratesa bar instrumentwith-
out history encoding.Justthe currentvalue is depicted,redundantellythrougha
bullet on thenumericalscaleaswell asa solid bar to the left of thescale.In fig-
ures7.1(b)–7.1(e)datahistoryis depicted.Figure7.1(b)and(c) show anover time
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Figure7.1: Solid bar(a), historybarwith increasing(b) anddecreasing(c) value,
two state(d) andconstantvalue(e) historybar

monotonicallyincreasing,respectively decreasingdatavalue.Figure7.1(d)shows
a quantity that is switchingbetweentwo valuesandfigure 7.1(e)shows a quan-
tity that is constantover time. A simplesolid bar instrumentwould not beableto
capturethesevastlydifferenttemporalevolutions.

Thesameideahasbeenappliedto thegaugeinstrument.Thehistoryneedles
in thegaugeinstrumentarereducedto theneedletips in orderto make thewhole
instrumentmore clear. Figure 7.2 illustratesthe history gaugeinstrumentfor a
uniformly increasingdatavalue.

Historyencodingalsorelatesto thevisualizationof gradientinformationin the
data,similaras,for example,oftenusedin scientificvisualization(compareto gra-
dientsin volumevisualization,for example).By showing not only the immediate
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Figure7.2: Historygaugedepictingauniformly increasingvalue

values,but alsoa notionof temporalderivatives,theusergainsmoreinformation
aboutthesensordata.

7.2.2 Multi-Instruments

Commonpracticein fault tolerantsystems,e.g.,planes,locomotives,moderncars,
etc.,is to installseveralsensorsfor thesamedata.Importantsystemdecisionsmust
not be basedon a singlemeasurementalone. In a faultlesssituationall sensors
deliver the samedata. If a sensoris out of order, its measurementsshouldbe
neglected,and the maintainerof the systemshouldget the information that the
sensoris not working properly. If a separateinstrumentis usedfor eachsensor,
it is very hardto seeif thereareany deviationsin the measurements,unlessone
valueis significantlydifferentfrom theothers.

In order to make it easier to visualize such cases,we introduce multi-
instruments.Themulti-barandthemulti-gaugeinstrument,displayseveraldistinct
datasourcessimultaneously, but usingthe samescale. The multi-bar instrument
usesmorebarsbesideeachother, andthemulti-gaugeinstrumentusesmorenee-
dles. Theneedleshave different length,andshorterneedlesareplacedon top of
longerneedles,so that the userimmediatelyseesall the values. If thereis a de-
viation in thevalues,one(or more)not matchingneedle(s)will beeasilyspotted.
Figure7.3 illustratesa multi-bar anda multi-gaugeinstrument. The usereasily
noticesthatasensorrepresentedby theyellow bar/needleobviouslymalfunctions.
Themulti-instrumentapproachhasits drawbacksaswell. Althoughtheneedlesin
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Figure7.3: Multi-gaugeandmulti-bar

themulti-gaugeinstrumentarecolor-codedandhave differentlengths,it is not so
easyto perceive separateneedleswhenthey overlap. Several, singleinstruments
arecertainlyeasierto readbut requiremuchmorespace.

Multi-instrumentscanalsobeusedwhenever it is necessaryto visualizerelated
datawhich doesnot have to be identical. An exampleis the visualizationof a
distribution of a datavalueusingthreeneedles.Oneneedledisplaystheaverage,
andothertwo needlesthestandarddeviationof thedistribution.

In orderto make it easierto readtheinstruments,two morefeaturesareadded.
First a bullet on thescaleindicatesthecurrentvalue. This is especiallyusefulfor
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Figure7.4: Bulletsandactualvaluedisplaysin themulti-barandmulti-gaugein-
struments

multi-instrumentswherethe numericalscaleis not next to all bars/needles.Fur-
thermore,anactualvaluedisplayis addedaswell. An actualvaluedisplayshows
thecurrentvalueasdecimalnumberin a numericdisplay. Thepositionof theac-
tual valuedisplaychangesandcloselyfollows thecurrentdatavalue.Thedisplay
is positionedusinga runningaveragemakingit easierto readthenumericalvalue
in caseof fastchangesor oscillatingvalues. Furthermore,actualvaluedisplays
never overlap,which makesthemeasierto readaswell. Figure7.4 shows these
two features.

7.2.3 Levelsof Detail

Multi-instrumentshave not only theadvantageof makingit easierto comparere-
latedvalues,but they save screenspaceaswell. A multi-barinstrumentswith four
barsoccupiesa farsmallerareathanfour singlebarinstruments.This ledusto the
next new featurein processvisualization,i.e., levels of detail. An exampleis the
following. Four singlebar instrumentsarethefinestlevel of detail, themulti-bar
instrumentrepresentingthesamefour valuesis thenext lower level, anumericin-
strumentwhichdisplaystheaveragevalueandaLED instrumentarefurtherlevels
of detail.Figure7.5illustratestheexample,andgivestheareausagefor eachlevel
(highestlevel = 100%).In this way, it is possibleto usetheLED instrumentif ev-
erythingis runningOK, andthanautomaticallyswitchto ahigherlevel if somedata
doesnot fulfill predefinedconditions.Thereareotherpossibilitieshow the levels
canbeswitched,andsomeof themwill bedescribedin thefollowing section.
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Figure7.5: VariousLODs, building up a treeof instruments,with corresponding
areasizes

7.3 F+C ProcessVisualization

TheLOD ideaitself leadsto a F+C processvisualization.The focus+context ap-
proachis a well-known techniquein informationvisualization. The surrounding
environment,i.e., thecontext, makesthisapproachdifferentfrom simplezooming-
in, wherean areais displayedin anotherscalebut theconnectionto theenviron-
mentis lost.

TheF+Cprincipleis partiallybasedonthefactthathumanscanbestperceivea
circularareawith alimited diameterin thecenterof theirview [11]. Theimportant
informationshouldbeplacedin this focus,but the informationoutsidethe ”most
interesting”area,is not unimportant. This peripheralarea(context) helpsus to
orient,andbringssurroundinginformationfor theinstrumentsin focus.

According to Kosaraet al. [64] the F+C methodscan be divided into three
groups.Thefirst, andwidestspreadgroupof F+Cmethodsaredistortion-oriented
or spatialmethods.The ideais to distort the displayto allow a magnificationof
interestingareaswithout losing the context which will be displayedon a coarser
scale.A lot of metaphorsrelatingthiskind of F+Ctechniquesto realworld objects
have beenintroducedlike fisheye views [114, 30], stretchedrubbersheets[115],
etc.

Thesecondgroupof methodsaredimensionalmethods,whicharesuitablefor
objectswith a lot of dataassociatedwith them.Objectsin focuswill bedisplayed
usingmoredimensionsof 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-
proachesallow the userto selectobjectsin termsof their features,andnot their
spatialrelations.An exampleis thesemanticdepthof field approach[64] which
blursdifferentpartsof thescenein dependenceof their relevance.In this way the
context information is still present,but the importantinformation is in depicted
sharp,andcanbeeasilyrecognizedby theuser.

Our idea is to usethe LOD principle introducedin the previous sectionfor
our F+C approach. The degreeof interestcorrespondsto the level of detail of
the instrument. The larger the degreeof interestis, the higher level of detail is
used.This canbeconsidered,accordingto theabove introducedcategorizationas
a dimensionalF+C method.Increasingthe level of detail,however, increasesthe
sizeof aninstrument,andinstrumentoverlappingpossiblywouldoccur. Somekind
of rearrangementof theinstrumentsshouldbedonein this case(assumingthereis
enoughfree spaceon the screen)which makesour methoda spatialmethodtoo.
Therefore,our approachrepresentsa combinationof a dimensionalanda spatial
F+Cmethod.

7.3.1 3D Anchoring and Interaction

While processvisualizationusually is donein 2D, the dataoften comesfrom a
3D environment. Of courseit would be possibleto use3D visualizationwith its
advantageslike similarity to real-world situationsandflexibility which is offered
by the third dimension.On theotherhand3D visualizationhassomedrawbacks
aswell. Thecomputingpower neededfor 3D visualizationis significantlyhigher
thanthecomputingpower neededfor 2D, theobjectsareoftenoccludedby other
objects,andthereshouldbesomenavigationmechanismin orderto visuallyaccess
all objects. The fact that commonoutput devices (monitors)and input devices
(mouse)areactually2D devices,makesmanipulatingandusing2D visualization
moreintuitive for a typical user.

Virtual instrumentsrepresentreal measuringsensors,that areplacedin a 3D
environment,andsenddatato thesystem.The userpositionsinstrumentson the
screen,specifyingtheinstrumentscurrentanddesiredposition(whichcanbut must
not be thesame).Sincethe real sensorsexist in a 3D environment,e.g.,a racing
car, virtual instrumentscouldbeattachedto the3D modelof therealenvironment
andthenmappedto thescreen.This attachmentof aninstrumentto a 3D position
of a3D modelis calledanchoring.If datathatis goingto bevisualizedcomesfrom
thewheelsensorsof a car, thecorrespondingvirtual instrumentscanbeanchored
to the wheelson the 3D model. In this way, the usercanimmediatelyrecognize
which datais representedby which instrument.The usercanfor examplerotate
the3D model,andtheassignedinstrumentswill follow themovement.

The instrumentsarenot simply placedin the3D world andthenmapped,be-
causethey would be easily unreadableafter applying projection. Instead,after
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Figure7.6: 3D anchoring:virtual instrumentsfollow the3D model

projectionthe instrumentsare placedat the positionsof anchoringpoints (pro-
jectednow). In this way the instrumentsarealwaysvisible, andeasilyreadable.
Figure7.6shows anexampleof four instrumentsassignedto thefour wheelsof a
schematiccarmodel.Theanchoredinstrumentsfollow changesof theunderlying
3D model.

7.3.2 Collision Avoidance

In principle, anchoredinstruments,which follow a 3D model,often would over-
lap. It is possibleto let the usersolve the overlappingproblemby arrangingthe
instrumentshimself. It would however befar morecomfortableif thesystemac-
complishesthis task.

In this case,it is necessaryto developa collision avoidancesystemwhich will
prevent theinstrumentsfrom overlapping.Thealgorithmimplemented[109] uses
aphysicallybasedspringmodel[5].

A systemof objectsandspringsis defined,suchthatthereis a springbetween
eachinstrument’s currentandits desiredposition.Thedesiredpositionis thepro-
jectedanchorpoint. Thetensionof aspringis proportionalto thedistancebetween
theinstrument’s currentanddesiredposition.Furthermore,aminimalalloweddis-
tancebetweentwo instrumentsis defined.If two instrumentscomecloserthanthe
minimal allowed distance,repelling forcesareaddedto the system. This keeps
instrumentsapartfrom eachother, andavoidsoverlap.As soonastheinstruments
arefarenoughfrom eachothertherepellingforcesarenotactingany more.

In our prototypeapplicationtheuserdeterminestheinitial positionby placing
instrumentsandspecifyingtheir idealpositions(anchorpointson the3D model).
Whenall instrumentsareplaced,the springmodel tries to assumea minimum-
tensionstateby incrementallymoving the instrumentsin the spring force direc-
tions. Theprocessis repeateduntil a stablestateis found,or until a user-defined
time elapses.During the rearrangement,the stiffnessof springssuccessively in-
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Figure 7.7: Collision avoidanceof virtual instruments: (a) start configuration,
(b) rearrangementis goingon,and(c) final solution

creases.This simulatesannealingto avoid oscillationsbetweentwo stablesolu-
tions(instrumentsjumpingbetweendifferentpositions).Theprocessof automatic
placementis illustratedin figure7.7.

7.3.3 Focus+ContextRendering

TheLOD principleandautomaticinstrumentplacementareusedfor focus+context
rendering.Theideais to usedifferentlevelsof detailfor differentdegreesof inter-
est. The instrumentswith thehighestdegreeof interestwill be representedusing
the highestLOD, andthe level of detail will decreasewith decreasingdegreeof
interest. After a level changesit is sometimesnecessaryto rearrangethe instru-
ments.Automaticcollision avoidancedescribedin section7.3.2is usedin sucha
case.Figure7.8 illustratesthechangeof levels,andrearrangementof the instru-
ments.

An instrument’s degreeof interestcanbeincreasedeitherexplicitly or implic-
itly. By explicitly changingthedegreeof interesttheuserselectsthe instruments
thataremoreinteresting.Thiscanbedonein two ways.

One way is to equip the userwith a sort of magic lens [123] which can be
coupledto thecursor. In thiswaytheareaaroundthecursoris consideredto havea
highdegreeof interest,andthedegreedecreaseswith thedistancefrom thecursor.

Anotherway, couldbeto defineafixedareaonthescreenwhichrepresentsthe
regionwith thehighestdegreeof interest.Thiscanbetheareaaroundthecenterof
thescreen,or areaaroundthegoldencutpoint,or any otheruserselectedarea.The
closertheinstrumentis to thecenterof thearea,thehigherlevel of detailis usedto
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Figure7.8: Changingthedegreeof interest

representtheinstrument.In this way theusercanexaminea particularinstrument
by bringingit into apredefinedscreenarea.

Implicitly changingthedegreeof interestis coupledwith predefined,undesired
systemstates.If anunwantedstateoccurs,e.g.,avalueexceedsapredefinedrange,
theinstrument’s degreeof interestis increasedautomatically, to 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
prototyperealizesfocus+context visualizationaswell ascollisionavoidanceasde-
scribedin section7.3. TheTTPView 3.0 applicationis far morecomplex. It is a
commercialproductwhich is intendedto beusedonadaily basis.

TTPView is ahigh-speedbusmonitoringtool for theTTP system.TTPstands
for Time TriggeredProtocol,which representsoneof two availabletechnologies
in the field of real-timecontrol systems.Oneis event-triggered,andthe second
oneis time-triggered.TheTTPView 3.0is easilyconnectedto thesystem,andgets
all informationaboutexisting datasourcesfrom thesystem.Thedatasourcesare
logically organizedin trees,andthe usercaneasilydrag-and-dropwanteditems
into a view. Eachtreeitem hasadefault instrumentassignedto it, but theusercan
switch to anothervirtual instrument.All availableinstrumentscanbe configured
by: addinga captionstring (descriptionof datasource)and unit string (physi-
cal unit of the datalike RPM, MPH,..), addingan instrumentbackgroundimage,
switchingthe scalesandactualvaluedisplayson or off, changingsizeandcolor
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Figure7.9: A screenshotof TTPView 3.0

etc. It is easyfor the userto configurethe views accordingto his or her needs.
Theusercancreateseveralviews aswell. Theviews themselvesmayhaveaback-
groundimageand a user-selectedbackgroundcolor. Figure7.9 shows someof
thesefeatures.

Thefeatureto addaninstrumentbackgroundhasturnedout to bevery useful.
Usingcleverly designedbackgroundimages,it is oftenimmediatelyobviouswhat
typeof datatheinstrumentsdisplay. Thebarinstrumentin figure7.10shows tem-
peratureandthegaugeinstrumentin thesamefigureshows revolutionsperminute
(RPM). Both datatypesareobvious from thedesignof thebackgroundimageof
theinstrument.Notethattheinstrumentsin figure7.10arethesamebarandgauge
instrumentsasshown throughoutthe paper, but with scalesswitchedoff, andin-
strumentbackgroundimagesadded.

TTPView supportsthefollowing instruments:bar, gauge,trace,led,numerical,
icon, andtext instrument.Thebar, gauge,LED, andnumericalinstrumentswere
describedin previoussections.Herewe justbriefly describetheotherinstruments.
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Figure7.10: The bar instrumentwith a thermometerbackgroundandthe gauge
instrumentshowing RPMs

Thetraceinstrumentdisplaysthetemporalevolution of a datavalueasa poly-
line in a timevs.data-valueplot. Thetraceinstrumentsupportsmoredatasources,
whichmakesit amulti-traceinstrument.It hasaseparatescalefor eachdatasource
(notethatmulti-barandmulti-gaugeinstrumentshaveonly onescale).Thiscanbe
useful to studycorrelationsbetweendifferentsources,e.g.,correlationof speed,
RPM,andenginetemperature.

Theicon andtext instrumentsaredesignedto visualizediscretesetsof values.
An iconor astringis assignedto individual intervalsof theinputdata.An example
couldbeto assigntraffic-light iconswith green,yellow andred light switchedon
accordingto a threestateinput.

The usercan definea rangeof valid valuesfor all instruments. If a value
exceedstheadmissiblerangeawarningsignis addedto theinstrument.A message
describingwhentheerroroccurred,andwhatwaswrongis printedon thescreen.

7.5 Conclusion

This paperpresentsseveralnovel approachesto processvisualization.We did not
only try to mimic realinstruments,but addedfeaturesto thevirtual instrumentsthat
cannotberealizedusingtheirrealcounterparts.Furthermorewehaveenhancedthe
wholeprocessvisualizationsystem,andwehave implementedtwo applications.
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Thenew featuresaddedto thevirtual instrumentscanbesummarizedas:

History encoding, which makes it possibleto display the valuesfrom the near
pasttogetherwith thecurrentvalue. This allows to seetheevolution of the
valuewithout increasingthedisplaysizeof theinstrument.

Multi-instruments are capableof displayingseveral valuessimultaneously. A
multi-instrumentmakes it easierto compareredundantvalues,and saves
screenspacecomparedto single instrumentswhich displaythe samedata.

The levels-of-detailapproach makes it possibleto useinstrumentsof different
sizesto representthesamedata. Increasingthe level of detailwill increase
theamountof informationshown, but will take up morescreenspace.

Theadvancedfeaturesin instrumentsmadeit possibleto improve theglobalmon-
itoring systemby applying:

The focus+contextprinciple, which allows theuserto exploreparticularinstru-
mentsin moredetail(usinghigherlevelsof detail)without loosingtheover-
all context. Themethodimplementedis acombinationof adimensionaland
a spatialF+C method. The degreeof interestcanbe explicitly setby the
user, or canbedatadriven,increasingthedegreeif somespecial,predefined
datastateoccurs.

3D Anchoring wasusedsinceourdataoriginatesfrom a3D environment.Instru-
mentsareanchoredon the 3D model,but specialattentionis taken when
instrumentsareprojectedto 2D screenspacein orderto make themalways
visible.

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

The methodsdescribedin this paperwere implementedin two applications: a
placementprototypewith F+Cvisualizationandcollisionavoidance,andTTPView
3.0, as a commercialapplication,developedwith the TTTech company [129],
which is usedonadaily basis.

Thispapershowshow InfoViz techniquescanbeappliedto processmonitoring
andvisualization. We did not try only to mimic the real instruments,but alsoto
enhancethem,andthe whole monitoringsystem,aswell. As a result,a system
offeringmoreinformation,usingnotmuchmorescreenspace,andgiving theuser
moreflexibility is realized.
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Processvisualizationwith levelsof detail. In Proceedingsof theIEEESym-
posiumon InformationVisualization2002, pages67–70.IEEE Computer
Society, 28–29October2002.
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