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ABSTRACT

The eld of Visualizationis gettingmature. Many problemshave
beensolved, and new directionsare soughtfor. In orderto male
goodchoicesanunderstandingf the purposeandmeaningof vi-
sualizationis needed.Especially it would be nice if we could as-
sessvhata goodvisualizationis. In this paperanattemptis made
to determinethe valueof visualization.A technologicaliewpoint
is adoptedwherethe value of visualizationis measuredasedon
effectivenessandef ciency. An economicmodelof visualization
is presentedandbene ts and costsare established.Next, conse-
qguencesor andlimitationsof visualizationarediscussedincluding
theuseof alternatve methodshighinitial costs subjectvenessand
therole of interaction)aswell asexamplesof the useof themodel
for thejudgementf existing classe®f methodsandunderstanding
why they areor arenot usedin practice. Furthermorewo alter
native views on visualizationarepresente@nddiscussedviewing
visualizationasanartor asascienti ¢ discipline.Implicationsand
futuredirectionsareidenti ed.

CR Categories: H.5.2 [Information Interfacesand Presenta-
tion]: User Interfaces;1.3.6 [ComputerGraphics]: Methodology
andTechniqued.3.8 [ComputerGraphics]:Applications

Keywords: Visualization,evaluation

1 INTRODUCTION

Modern societyis confrontedwith a dataexplosion. Acquisition
deviceslike MRI-scannersjarge scalesimulationson supercom-
puters but alsostocktradingat stockexchangegproducevery large
amountsof data. Visualizationof datamalesit possiblefor re-
searchergnalystsengineersandthelay audienceo obtaininsight
in thesedatain anef cient andeffective way, thanksto the unique
capabilitiesof the humanvisual systemwhich enablesisto detect
interestingfeaturesandpatternsn shorttime.

Many of uswill have written paragraphéik e the precedingone,
wherel attemptedto give the standardrationaleof our eld. In
1987,whenthein uential ViSC report[16] of the NSF appeared,
the expectationswvere high. Visualizationwas considerechsvital
andhighly promisingfor the scienti ¢ process.Nowadays,much
progresshasbeenmade. The advancesin graphicshardware are
astonishingmostlaptopcomputersaregraphicssupervorkstations
accordingo thestandardsf justadecadeago.Many new methods,
techniguesandsystemshave beendeveloped.Someof them,such
asslices,height-surbces,andiso-surbicesare now routinely used
in practice.

On the otherhand,mary of thesenew methodsare not usedin
real-world situations,mary researchresultsare novadaysconsid-
eredasincrementaby reviewers,andour prospectie usersrarely
go to our conferencesSo, arewe, asresearcheri visualization,
ontheright track?
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In thispapen wantto give acontritutionto thediscussioronthe
statusand possibledirectionsof our eld. Ratherthanto pinpoint
speci ¢ topicsandactivities, my aim is to detectoverall patterns,
andto nd awayto understanéndqualify visualizationin general.
Thisis anambitiousandvagueplan,althoughthe basicgroundfor
thisis highly practical.

| have to make decisionson visualizationin mary roles. As a
researcherdecisionshave to be maderangingfrom which areato
spendtime on to which particularsolutionto implement;asa su-
pervisor guidanceo studentsnustbeprovided;asareviewer, new
resultsandproposalsor new researcimustbejudged,andopinions
areexpectedif they areworth publishingor funding; asadvisorin
a start-upcompan, novel andpro table directionsmustbe spot-
ted. All thesecasedmply judgementof the value of visualization
in varyingsenses.

How to assesshe valueof visualization?Visualizationitself is
anambiguougerm. It canreferto theresearchliscipline,to atech-
nology, to a speci ¢ techniquepr to thevisualresult. If visualiza-
tion is consideredasa technologyi.e., asa collectionof methods,
techniquesandtools developedandappliedto satisfya needthen
standardneasureapply: Visualizationhasto be effectiveandef-
cient In otherwords,visualizationshoulddo whatit is supposed
to do, andhasto do this usinga minimalamountof resourcesOne
immediateand obvious implication is that we cannotjudge visu-
alizationon its own, but have to take into accountthe context in
whichit is used.

In section2 a shortoverview is given of the backgroundf the
topic discussedhere.In section3 aneconomicmodelof visualiza-
tion is proposed.The basicelementsareidenti ed rst, the asso-
ciatedcostsandgainsareaddednext. Variousimplicationsof the
modelarediscussedn section4. In section5 this modelis applied
to severalcaseslin section6 the modelis discusse@ndalternatve
views areconsideredfollowedby conclusionsn section?.

Finally, this topic is on one handvery general,high-level, and
abstract;on the otherhand, it is alsovery personal,in the sense
thatit is aboutvalues(which aresubjectve), andvaluationof ones
own work. To re ect this, | usethe rst personin this paper to
emphasizéhat the opinionsgiven are personal. Most examplesl
usecomefrom my own work, oftendonetogethemwith cowvorkers.
The mainreasorfor this is simply that] am mostfamiliar with it,
not only with the techniquesandresults,but alsowith the context
in whichit took place.

2 BACKGROUND

If weusel987astheyearwherevisualizationstartedpurdiscipline
celebrateshis yearits 18thanniversary In the Netherlandsat this
ageapersoris considereanature.Many thingshave changedince
1987.Graphicshardwaredevelopmentareamazingaswell asthe
large amountof techniqueghat have beendevelopedto visualize
datain avariety of ways.

Therearesignalsthatthereis a needto reconsidewisualization.
First of all, thereseemdo be a growing gap betweenthe research
communityandits prospectie users. Few, if no attendantsat the
IEEE Visualizationconferenceare prospectie userslooking for
new ways to visualizetheir dataand solve their problems. Sec-
ondly, the communityitself is getting both more specializedand



critical, judging from my experienceas paperco-chairfor IEEE
Visualization2003 and 2004. In the early nineties,the eld lay
fallow, andit wasrelatively easyto comeup with new ideas. The
proceedingén the early ninetiesshav a greatdiversity Nowadays
the eld is gettingmorespecializedsubmittedwork consistsoften
of incrementatesults.Thiscouldsignalthatour eld is gettingma-
ture. Ontheotherhand,it is notalwaysclearthattheseincremental
contributionshave merit, andreviewersaregettingmoreandmore
critical. Thirdly, somebig problemshave beensolved moreor less
[14]. For volumerenderingof medicaldatasophisticatedhdustrial
packageshatsatisfythe needsof mary usersareavailable.

Thesetrendsurge a needto reconsiderthe eld, andto think
aboutnew directions.Severalresearcherbave presented?, 9, 17]
overviews of currentchallengesAnothergreatoverview of thecur-
rent statusof visualizationand suggestiongor new directionsis
providedby the positionpaperd3] contritutedby the attendantsf
thejoint NSF-NIH Fall 2004 Workshopon VisualizationResearch
Challengesprganizedby Terry Yoo. Mary issuesare mentioned
several times, including handlingof complex and large datasets,
uncertainty validation, integration with the processe®f the user
anda betterunderstandin@f the visualizationprocesstself. One
particularlyimpressie and disturbingcontrikution is [14], for its
title, thenameandfameof theauthor andthevivid descriptiorthat
indeedthe eld haschangedndnew directionsareneeded.

In this papemo attemptis madeto summarizeor overview these
challengesbut theaimisto nd a modelor procedurgo judgein
generalf amethodis worthwhileor not. In thefollowing sections,
a rst steptowardssuchamodelis presentedMuch of it is evident
andohvious. As adefensesomeopendoorscannotbekickedopen
oftenenough,andalso,if obviousresultswould not comeout, the
modelandtheunderlyingreasoningvould bedoubtful. Somestate-
mentsmadeare more surprisingand sometimescontraryto main
streanthinking. To stimulatethedebate) have takentheliberty to
presenthesemoreextremepositionsalso,hopingthatsomereaders
will notbeoffendedtoo much.

3 MODEL

In this sectiona genericmodelon visualizationis proposed.First,
the major ingredientsareidenti ed; secondly costsandgainsare
associatedThe modelis abstractandcoarseput it canbe usedto
identify someaspectspatternsandtrends.

3.1 Visualization and its context

Figure 1 shavs the basicmodel. Boxesdenotecontainersgircles
denoteprocessethattransforminputsinto outputs. The aim here
is not to positiondifferentvisualizationmethods for which a tax-
onomywould be a more suitableapproachhut ratherto describe
thecontext in which visualizationoperatesNo distinctionis made,
for instance,betweenscienti ¢ visualizationand information vi-
sualization,at this level thereis much morethey sharethanwhat
separatethem.

In thefollowing we describethe varioussteps.We usea mathe-
maticalnotationfor this, merelyasa conciseshorthandandto give
a senseof quanti cation thanasan exact and precisedescription.
Processearede ned asfunctions,but the domainsandrangesof
theseareill-de ned.

Thecentralprocessn themodelis visualizationV:

I(t) = V(D;St):

DataD is transformedaccordingto a speci cation S into a time
varyingimagel(t). All theseshouldbe consideredn the broadest
sense.Thetype of dataD to be visualizedcanvary from a single
bit to a time-varying 3D tensor eld; the speci cation Sincludes
a speci cation of the hardware used,the algorithmsto be applied
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S

data visualization user

Figure 1: A simple model of visualization

(in theform of a selectionof a prede nedmethodor in theform of
code),andthe speci ¢ parameterso be used;theimagel will of-
tenbeanimagein theusualsensebut it canalsobe ananimation,
or auditory or hapticfeedback.In otherwords, this broadde ni-
tion encompassesoth a humbleLED on anelectronicdevice that
visualizeswhetherthe device is on or off, aswell asa largevirtual
reality set-upto visualizethephysicalandchemicaprocessem the
atmosphereTheimagel is percevedby a user with anincreasen
knowledgeK asaresult:

dK

at P(1;K):
Theamountof knowledgegaineddepend®ntheimage thecurrent
knowledgeof the user andthe particularpropertiesof the percep-
tion andcognitionP of the user Concerninghein uence of K, a
physicianwill be ableto extract moreinformationfrom a medical
imagethanalay-personButalso,whenalreadymuchknowledgeis
available,theadditionalknowledgeshovn in animagecanbelow.
A map shawing the provincesof the Netherlandsprovides more
new informationto a personfrom the US thanto a Dutch person.
Also, theadditionalvalueof animageof time-step321is probably
smallwhentime-step320hasbeenstudiedjust before.Concerning
thein uence of P, a simplebut importantexampleis thata color
blind personwill be lesseffective in extractingknowledgefrom a
colorfulimagethanapersorwith full vision. Butalso,somepeople
aremuchbetterthanothersin spottingspecialpatternsstructures,
andcon gurations.

ThecurrentknowledgeK (t) follows from integrationover time

Zy
K(t) = Ko+ P(I;K;t)dt
0

whereKj is theinitial knowledge.

An importantaspecis interactize exploration,hererepresented
by E(K). The usermay decideto adaptthe speci cation of the
visualization,basedon his currentknowledge,in orderto explore
the datafurther

ds

a - E(K)
hencethe currentspeci cation t) follows from integration over
time 7

t
St)= S+ EK)dt
0
whereS is theinitial speci cation.

3.2 EconomicModel

To assessf a visualizationmethodis worthwhile, we mustassess
its value. We proposeto usepro tability in aneconomicsenseas



a measureor this. We simplify this by assumingthat thereis a
homogeneousisercommunity consistingof n userswhich usea
certainvisualizationV to visualizea datasetm timeseach,where
eachsessiortakesk explorative stepsandtime T. Thisis a crude
simpli cation of course.In therealworld, the usercommunitywill
often be highly varied, with differentKy's andalsowith different
aims. The costsassociatedvith usingV comeat four different
levels:

Ci(S): Initial developmentosts The visualizationmethod
hasto bedevelopedandimplementedpossiblynew hardware
hasto beacquired.

Cu(S): Initial costsper user Theuserhasto spencdtime on
selectionand acquisitionof V, understandindiow to useit,
andtailoringit to his particularneeds.

Cs(S): Initial costsper session Datahave to be corverted,
andaninitial speci cationof thevisualizationhasto bemade.

Ce: Perceptionand exploration costs The userhasto spend
time to watchthevisualizationandunderstandt, aswell asin
modi cation andtuning of the speci cation, therebyexplor-
ing the dataset.

Thetotal costsarenow givenby
C= Ci+ nCy+ nnCg+ nmkCe:

Thereturnontheseinvestmentgonsistof thevalueW(DK) of the
acquiredknowvledgeDK = K(T) K(0) persessionmultiplied by
thetotal numberof sessions:

G = nmW(DK)
andhencefor thetotalprot F= G Cwe nd
F=nmW({DK) GCs kG C nCu

This gives us a recipeto decideon the value of a visualization
method. Positive are high valuesfor n, m, W(DK), andlow val-
uesfor Cs;Ce; Ci;Cy, andk. Or, in otherwords, a greatvisualiza-
tion methodis usedby mary people,who useit routinely to ob-
tain highly valuableknowledge,without having to spendtime and
mone/ on hardware,software,andeffort. Indeed quite obvious.

4 |MPLICATIONS

Quanti cation of the elementf the modelis hard. In this section
we discusshis in moredetail, aswell asa numberof otherissues
implied by this model.

4.1 Valuable knowledge

Insight is the traditional aim of visualization. The term itself is
great,andsuggests high-level contritution to the advanceof sci-
ence.Usersareenabledo seethingsthey werenot awareof, and
this insight helpsthemto de ne new questions hypothesesand
modelsof their data. However, from an operationapoint of view,

the term insight doesnot help us muchfurther to assesshe value
of visualization. One problemis that we cannotdirectly obsene
or measurédiow muchinsightis acquiredandalso, it is dif cult to

asseswvhat the value of thatinsightis. In the modelwe usethe
term knowledge,but this suffers from the samelimitations. Also,

thereis a strangeparadoxin the basicparadigmof visualization.
We don't know whatinformationis containedn thedata,hencewe
malke picturesto getinsight. But if we do notknow which speci ¢

aspector featuresshouldbe visible, we cannotassessf we are
successfubr not.

Neverthelesswe shouldtry to measurer estimatéV(DK), if we
wantto assesthevalueof visualization especiallypecausé is the
only termin the modelfor F with a positive sign. An operational
approachis to considerthe use of visualizationas an elementin
problemsolving. The userhasa problem,he mustdecidewhich
actionto take, andto make thatdecisionheneedsnformation.The
visualizationshouldenablehim to extracttherelevantinformation
from thedata.

Decisionsare typically aboutactionsto be taken or not. For
instance shoulda stockbe boughtor sold, shoulda patientbe op-
eratedor not, which peoplein an organizationare candidategor
promotion, etc. Hence,l recommendmy studentsto searchfor
andenumeratgossibleactionsof usersafter usingtheir prospec-
tive tools. If suchactionscannotbe found or de ned, the valueof
visualizationis doubtful. Justclaiming that a visualizationgives
insightis notenoughjf we wantto offer additionalvalue.

If we know to which actionsthevisualizationshouldleadto, the
next stepsareassessmenthetherthe knowledgederivedfrom the
visualizationdoesindeedsupportthe decision,andalso, to assess
theeconomiovalueof thisdecision.Thisis noteasybut onecantry
for instanceto estimatehow muchtime is saved, or try to quantify
theconsequencesf awrongdecision.

4.2 Alter native methods

Ef ciency is relative, anaspecthatis not capturedexplicitly in the
model. One could predicta high value for F for a nev method,
however, if othermethodsare availableto obtainthe sameknowl-
edgeagninstlower costs thenverylik ely thevaluefor nis overesti-
mated.Or, statedsimply, if abettersolutionalreadyexists,nobody
will usethenewerone.Themodelis too simplehere. Theeffective
valueof nitself is nota parameterbut a functionof, amongothers,
thepercevedbene t by potentialusers.

Developersof new visualizationmethodsshouldbe awvareof al-
ternatie solutions,andcarefully studytheir advantagesndlimita-
tions. New methodsarenot betterby de nition. Especiallywhen
existing methodsareheavily usedin practice they have provento
have value. It is often hardto beatstraightforvard solutions;for
instancejn mary casegust usinga line graphis the bestway to
shav atime-varyingsignal.

A defenseoften heardfor alessemperformancef newv methods
comparedo existing onesis that the usershave not had enough
timeto getaccustomedo them.In somecaseghis mighthold, but
an equally viable hypothesisis that an existing methodis simply
better For instancejust shaving a setof objectsin alist enables
linearscanningwhereasscanningafang/ 2D or 3D displaywhere
the objectsaredistributedover spacds muchharder{18].
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Figure 2: Visualization of daily patterns [28], an example of the
combined use of conventional statistical and graphical methods.



Alternative methodsare not limited to visualizationmethods.
For instance when an automaticmethodexists to extract the rel-
evant information, visualizationis useless. Visualizationis not
‘good' by de nition, developersof new methodshave to make clear
why theinformationsoughtcannotbe extractedautomatically One
reasoncould be that such automatedmethodsare not fullproof.
In this case,integration of automatednethods for instancefrom
statisticsor data-mining,andvisualizationis a greatidea, seefor
instancethe work undervay andled by Jim Thomasin the Visual
Analyticsareng19].

Figure2 shavs anexamplewherewe usedstandardnethodsn a
new combinatior{28]. For theanalysiof atime-serief oneyear
daily patternswvereclusteredi.e., nding similar daily patternsvas
automated. The resultsare shavn usingtwo corventionalrepre-
sentationsaveragedaily patternsof clustersareshaovn asgraphs,
andthe daysper clusterareshavn on a calendar The approactis
straightforvardandcorventional,andvery effective.

4.3 High initial costs

Oneimportantreasorthatnew visualizatiortechniquesirenotused
in practiceis the high initial costperuserC,(S) involved. Let us
considera potentialcustomerfor visualization,for instancea re-
searcheidoing comple simulations. First, he hasto realizethat
maybevisualizationcan help him to understanchis data. This is
not obvious, he alreadyusessomemethodsto extractinformation
from hisresultsin acondensediorm. For instancen moleculardy-
namicsimulationspnetypicalaimis to derive largescalequantities
(temperaturesporosity etc.) via simulationfrom the propertieson
asmallscale(sizeof ions, elds, etc.). Suchlarge scalequantities
canbe calculatedfairly easilyfrom the raw data. Mathematicians
working in ComputationaFluid Dynamicsareoftennotinterested
in particular o w patternsput ratherin corvergenceof numerical
methodsandconseration of quantitieswhich again canbe calcu-
latedeasilyandsummarizedn afew numbers.

The easiestay to visualizedatais to usepost-processinga-
pabilitiesthat are integratedwith the software used. Commercial
packagedor, for instance,computationaluid dynamicsor nite
elementsimulationoffer these.Froma visualizationpoint of view,
the techniquesoffered are far from stateof the art: Usually just
optionslik e iso-suraces,color mapping,slicing, streamlinesand
arrow plots are provided. But if thesemeetthe demandsof our
user thenthisis a highly cost-efective way.

Supposehatthis optionis not availableor falls short. The next
stepisto nd alternatves.Ourresearchehnasto getacquaintedavith
possiblesolutions. Unfortunately thereare no booksthat present
andcomparenovel visualizationtechniqueglik e volumerendering
or topologybased o w visualization)at an introductorylevel. So
hehasto studyresearclpaperspr searctandgetin contactwith an
expertin the eld.

Next stepsarealsocostly Maybehecangetaresearciprototype
to work with, or elsehe hasto (or let somebody)mplementthe
novel techniquesOftenadditionalsoftwarehasto be developedto
corvert his datato a suitableformat.

This all takesmuchtime andeffort, while it is unclearwhether
the new methodwill indeedsolwe his problem. Hence,a rational
decisionis to abstainfrom this.

Thereareof coursewaysto sharetheinitial costswith others.A
groupof researchersantake adwantageof aninitial investmenby
oneof them.Also, providersof simulationsoftwarecanbeasledto
integratenew methods.Visualizationdoesnot seento have a high
priority herehowever. For animpressiorof whatprovidersthink to
be importantfor their customerswe canhave a look at web-sites
of companiedike MSC or Fluent, and obsere that featureslike
adwancedsimulationcapabilitiesandtight integrationarepromoted
muchmorethanvisualization,which is just mentionedn passing
by underthe headeof post-processing.

4.4 Visualization is subjective

In theidealcasepnewould hopethatextractionof knowledgefrom
datais anobjective processin the sensehatthe outcomedoesnot
dependon who performsit, andthatthe analysiscanbe repeated
afterwardsby otherswith thesameoutcome Statisticsaimsatthis,
atypical patternis the useof statisticalteststo validatehypotheses
on the data. Suchtestsmake assumption®n the data(suchasa
normaldistribution) andhave free parameterglik e the con dence
level), but furthermorethey do meetthecriteriafor objectveness.

Unfortunately visualizationoften doesnot meetthis aim. Con-
sider d

o = PV (D:S1iK):

dt
This simply meanghattheincreasdan knowledgeusingvisualiza-
tion notonly depend®nthedataitself, but alsoonthespeci cation
(for instancewhich hardware hasbeenused,which algorithmhas
beenusedandwhich parameters)the perceptuakkills of the ob-
sener, andthea priori knowledgeof theobsenrer. Hence thestate-
mentthatvisualizationshavs thata certainphenomenomccursis
doubtfulandsubjectve.

An evenhardercaseis the statementhata certainphenomenon
doesnotoccur | have oftenspenthoursvisualizingdata,searching
for patternsand structure. Sometimessomeresult could be pro-
ducedusinga particularsettingof the parametersin othercased
failedto do so. Whenavisualizationdoesnot shaw clearpatterns,
it is hardto decideif thisis alimitation of thevisualizationmethod,
or that the setting of the parametersvas wrong, or that the data
simply doesnot containsigni cant patterns.

This doesnot meanthat visualizationis useless. If thereare
no betteralternatvesto inspectcomple data,visualizationhasto
beused.Anotherline of defenseas thatvisualizationshouldnot be
usedto verify the nal truth, butratherto inspireto new hypotheses,
to be checled afterwards. Part of the subjectvenesscanbe elimi-
natedby simply shawving the visualizationto the audienceso that
they canview andjudgeit themseles.However, this doesnottake
away the subjectvenessnherentin S asa seconchandviewer we
do not know how sensitve the ultimatevisualizationis to changes
in scalesand/orselection®f thedata.

4.5 Negative knowledge

In the previous subsectiorwe consideredsubjectve aspectof vi-
sualization.Thereis anotheproblem:Visualizationscanbewrong
andmisleading. Or, in the terminologyintroducedhere, negative
knowledge(jDKj < 0) canbe produced. Tufte hasintroducedthe
lie-factor [23], which hede ned astheratio of the sizeof aneffect
shawn in thegraphicto the sizeof the effectin the data.

Here,| justwantto give anexampleof my own experiencewith
this. A longtime agol visualizedthewavesproducedy shipsfor a
maritimeresearctinstitute. Thedataweretheresultof simulations.
Figure3 (a) shavs theresultof bilinearinterpolationof the data. |
found theseresultsunclear hencel decidedto usean interpolat-
ing spline,therebysmoothingthe surfacewhile remainingfaithful
to the data. Figure 3 (b) shaws clearly thattwo setsof wavesare
generatedthe standardvavesaswell asa setof wavesorthogonal
to this. | proudly presentedhis discovery to the researchemwho
immediatelyrepliedthat this was physically totally impossible. A
muchbettervisualizationis shavnin gure 3 (c), whereanapprox-
imating splineis used. The artifactsin the middle imageare the
resultof aliasing.Thedataorthogonato theshiparesamplectlose
to the Nyquistfrequeng, interpolationgivesrise to aliaseswhich
correspondingvaveshave in this 2D casea differentdirectionthan
theoriginalwave. A smoothingnterpolatingsplinesmoothesway
the high frequenciesput the rst aliasessurvive and give rise to
wrong interpretations.| learnedfrom this thatinterpolationis not
by de nition betterthanapproximationandalsothatthejudgement



Figure 3: Wave surface, from top to bottom (a) bilinear interpo-
lation, (b) cubic interpolation, (c) cubic approximation. Incorrect
interpolation leadsto artifacts.

of an expert, with a high Ko, is vital for properinterpretationrand
validation. | never publishedthis, andalso, articleson limitations
andpitfalls of visualizationarescarce.For anadwancemenbf the
eld, moresuchreportswould be highly bene cial.

4.6 Interaction

Interactionis generallyconsideredas'good’. Onecould adwocate
the opposite:Interactionshouldbe avoided,andwell for two rea-
sons.Firstof all, asmentionedefore allowing the userto modify

Sfreelywill leadto subjectvenesslt is temptingto tunethe map-
ping sothatthe desiredresultcomesout strongly but this canbe

misleading.Also, high customizatiorcanmale it hardto compare
differentvisualizations. Secondly interactionis costly andleads
to ahighCe. Rerenderingheimageaftera changeof themapping
or the point of view taken requiresoften a few secondsyiewing

it again also. If mary optionsare available to modify the visual-

ization, trying themall out cantake hours. A developerof a nev

methodthereforeshouldthink carefullyaboutgooddefaults,or au-

tomaticwaysto setthe visualizationparametersso thatas much

knowledgeis transferredaspossible.

Ohviously, in mary casesnteractionstronglyenhanceshe un-
derstandingf the data. The mostimportantcaseis simply when
the amountof datato be shovn doesnot t onthescreenpr is too
largeto beunderstoodrom a singleimage.In this casenavigation
andselectiorof thedatahasto besupportedldeally, theuserhasto
be provided with cuesthatwill leadhim quickly to imageswhere
somethinginterestingcan be seen. Anothercaseis during devel-
opmentof new methods. | stimulatemy studentsto malke every
aspectof their nev methodscustomizablevia userinterfacewid-
gets,sothatthetotal solutionspacecanbe explored. However, for
the nal versionsof their prototypesl recommendhemto offer
suitablepresetsundera few buttons,so that a good visualization
canbeobtainedwith little effort.

5 EXAMPLES

In this sectiona numberof (classef) techniquesare considered
andthe costmodelis usedto explain their adoptionin practice.

5.1 Texturebased o w visualization

The useof texture to visualize uid o w hasbeenintroducedin
the early nineties. The ideais that densetexturesenableviewers
to judgethedirectionof ow atall locationsof the plane,whereas
the standardarrons andstreamlinesonly give discreteandhardto
interpretsamples.The topic hasbeenstudiedheaily in the visu-
alizationcommunity arecentnon-echaustve overview [13] has90
references.The progressmadein this decadds great. The early
SpotNoisetechniqug24] wasaninterestingrst attempt,in 1993
Cabraland LeedomintroducedLine Integral Corvolution (LIC),
which gave high quality renderingsof 2D uid ow [5]. Marny
othervariationsandadditionshave beenpresentedincethen, for
instanceto handle o w on surfacesand in volumes,and also to
boostthe performance,using software or hardware acceleration
[13]. Nowadays high quality 2D textureimagesof ow elds can
easilybe generatean standarchardwareat 50 or moreframesper
second[25]. This seemsa successstory, but on the other hand,
thesemethodsare not integratedin commercialsoftware, usersof
ComputationaFluid Dynamics(CFD) aretypically completelyun-
aware of their existence let alonethat they routinely usethemto
solve their problems. Here | usetexture based o w visualization
becausd am mostfamiliar with it, but for otherclassesf meth-
ods, suchastopology based o w visualizationand featurebased
o w visualization similar patternsseento apply.

How canwe explain this? We considerthe parameterof the
costmodel. The numberof usersn is not too great. CFD is vital
for someareasbut therearefew caseswhereCFDis routinelyused
for screeningcomparedo for instancemedicalapplications.The
frequeng of usemis alsonot very high. Often, CFD-usersspend
muchtime on de ning the model,simulationscanalsotake along
time. By then,they arevery familiar with their models(high Kp).
For the analysisof the resultsmary alternatve optionsare avail-
able,including compositequantities(suchaslift of anairfoil) and
straightforvardcross-sectionandarrawv plots,with low costs.The
useof texturebasedvisualizationincursatleasta high valuefor C,
(seesection4.3). The additionalDK that texture basedvisualiza-
tion offersis unclear Laidlaw et al. [12] have comparedifferent
vectorvisualizationmethods LIC turnedoutto yield betterresults
for critical pointdetection put worseresultsfor otheraspectssuch
asestimationof the angleof the o w. Also, standard_IC doesnot
givethesignof thedirectionof the o w. Hencewe candoubtabout
thevalueof DK. And nally, it is not clearwhatthe real valueis
of this DK, in thesensédhatbettervisualizationleadsto betterdeci-
sions. At least,sofar theredoesnot seento be sucha strongneed
for bettervisualizationmethodsin the CFD communitythat they
have attemptedo integratethesemethodsnto their packages.

5.2 Cushiontreemaps

Alsoin theearlynineties JohnsorandShneidermamtroducedhe
conceptof a treemap[8] to visualizelarge hierarchicaldatasets.
The basealgorithmis straightforvard: A rectangleis recursvely
subdvided accordingto the hierarchicaldata,in sucha way that
the sizeof eachrectanglecorrespondso the size of eachleaf ele-
ment. In thelate ninetieswe proposedo usehierarchicalcushions
to shav theunderlyinghierarchicaktructuremoreclearly [26]. We
packagedhis techniquan 2000in SequoiaVew [1], atool for the
visualizationof the contentf aharddisk ( gure 4), andmadethis
publicly availableasfreeware. Sincethen, SequoiaVew hasbeen
downloadedabout400,000times from our site. Also, it hasbeen
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Figure 4: Visualization hard disk using SequoiaView[1, 26, 27], an
example of an application that has found an audience.

distributedthreetimesvia CD with the Germarncomputemagazine
C't. Thisis anexamplehow visualizationhasreachedanaudience.

The economianodelhelpsto explain this result. First, the num-
berof (potential)usersis very large,in principle equalto the num-
berof PCusers.Typically, suchatool is usedsereraltimesperyear
which is not very high, but not neglectable. Alternative solutions
for this problemare scarce(SpaceMongerusing alsotreemapss
an example),andgettingan overview of a harddisk is hardusing
Windows Explorer

Informationcanbe derivedfairly easyfrom the visualization.It
is easyto spotlarge les, largedirectories andlarge collectionsof

les. Furthermorethisinformationis directly valuablefor theuser:
The tool can help (and mary usershave con rmed this) to delay
buying a new harddisk. The actionis clearhere:removal of les.
We offer anoptionto startup Windows Explorerfrom SequoiaVew
toremove les manually Theinitial costsperuserarelow: Thetool
itself is freaware, it only hasto be downloadedandinstalled. The
costsperusecaseareminimal aswell. By default, the tool starts
to collectdatafrom thelastfolder speci ed,andanimageis shavn
automatically Explorationis easy: Extrainformationper le can
be obtainedby hoveringthe pointerover therectangles.

In summaryF is high in this case.We would lik e to think that
thisis aresultof our visualizationmethod however, the mainrea-
sonsareprobablythatour tool meetsa realneedof realusersand
thatthecosts,in all respectsareminimal.

5.3 Presentationvs. exploration

Next we considera moregeneralcase.The mainusecasedor vi-
sualizationareexploration(whereusersdo not know whatis in the
data),andpresentatiorfwheresomeresulthasto becommunicated
to others). It is hardto quantify this, but my impressionis that
mary researcherms visualizationconsiderexplorationasthemajor
raisond'étrefor visualization,whereagresentations considered
as somethingadditionaland not too serious. However, from my
own experience presentatioris at leastjust asimportantasexplo-
ration. Many usersnd videosandimagesattractve for presenting
their work at conferencesthe popularityof visualizationtoolsand
demosoften risessharplyjust beforeopendays. For yearsl had
apleasantandfruitful cooperatiorwith FlomericsLtd. in the UK.
This compary developsCFD-basedoolsfor, amongsbthers ther
malassessmeifior theelectronicsndustry My majorcontacthere
was the marketing managerwho could usevisualizationto shav
thebene tsof the CFD toolsto managers.

In abroadersenseywe canview visualizationeverywhere.Com-
mercialtelevision usesvisualizationto shav the chemicalmiracles
of new cosmeticsthe ingenuity of vacuum-cleanersand why a
new tness device doesnot harmyour back. Obviously, suchvisu-
alizationsareprobablynot the resultof visualizingdata,but rather
theresultof fantasyof adwertisementegencies Selling stuff is not
only therealmof businesshut alsoof sciencadtself. Oncel heard
someonestate:Thepurposeof visualizationis funding notinsight
We canexplain the valueof visualizationfor presentatiowith the
costmodel. If we considerthe viewers of suchvisualizationsas
the userswe seethatn is high; Kq is low (the viewersknow little
aboutthe topic, so muchcanbe gained);the actionto be takenis
clear(buy aproduct,fundresearchaindhasdirecteconomicconse-
guencesthe costsfor the viewersarelow (they just have to watch
thevisualization) althoughthey canbe high for the presenterAnd
furthermore for thesepurposedhereare almostno alternatve or
competingtechniques.Purefacts(productX savesY percentof
time) can be corvincing, but to make plausiblewhy, and alsoto
shaw thatthisis all Scienti cally Sound yvisualizationis theway to

go.

6 DISCUSSION

In theprecedingsectionanumberof questionsvereraisedandvar-
ious disturbingstatementsvere made. Thereare mary objections
thatcanbe made,andin this sectionsomeof themaregiven. One
importantdistinctionis to considervisualizationeitherastechnol-
ogy, art,or asscience Associatedvith theseareanumberof routes
for futurework.

6.1 Technology

In the costmodel, visualizationis considerechs a technology to
be measuredor utility. In this contet, researchin visualization
shouldleadto new solutionsthatareusefulin practice.Not all the
work doneis successfuin thisrespectput we can nd anumberof
reasongo explainthis.

First of all, innovation is a mercilessprocesswhereonly few
new solutionssurvive. A rule of thumbin productdevelopmentis
thatthousanddeasleadto hundredprototypeswhich leadto ten
products,out of which just oneis successful. The visualization
researclcommunityoperatesn the startof this pipeline, henceit
shouldcomeas no surprisethat not everything nds its way. We
canseeit asa missionto developinspiring new ideas,which area
primaryfuel in theinnovation process.

Creatvity howeverconsist®f two parts:creationof new ideasas
well asselectiornof thebestones.The rst taskis ful lled properly
by the visualizationcommunity the seconds not. The numberof
careful validationsof visualizationmethodsis still low, although
this seemgo beimproving in thelastyears.

Secondlyinnovationis along chain. Developingnewv methods
is quite differentfrom turning theseinto productsand marketing
them.Thereis agapbetweerour prospectie usersandtheresearch
community Both do not have the properstimuli to bridgethis gap:
individual researcheraretoo busy increasingthe numberof pub-
licationsthey arejudgedon, andfor the end-usersmplementing
new methodsis far too costly The gap canbe lled in different
ways. Oneway is via commercialcompaniegspin-of companies,
or companieghatintegratevisualizationin their simulationpack-
ages)analternatve is via opensourceandacademialevelopment
andmaintenancefundedby governmentagenciesVMD [2] is an
exampleof thelattercategory. As acorollary, if we think thatvisu-
alizationis usefulandthatthis gap causeghe lack of adoption,we
shouldaim at increasingfunding for more practicalactvities. Or
we shouldstartup companies.



Thirdly, onecould statethatall this is a matterof time. It takes
time beforenew ideaspenetratebeforenewn usersbecomeawareof
new methodspeforeinitiativesaretakento integratenev methods
into existing systems.This might be true in somecaseshowever,
it is alsotoo easyto usethis asanexcuse.lIt couldbe usedfor ary
methodhenceit doesnot helpusto distinguishbetweergoodand
badones.

Fourthly, thefocusin themodelis on largenumbersof usersand
usecasesOnecanalsoconsideicasewherethenumberof userss
small,but wherethevalueof theresultis verylarge. In thebooksof
Tufte somegreatcasesare presentedsuchas Snowv's discovery of
thecauseof acholeraepidemidn 1854[21]. Are thererecentcases
for new visualizationmethods?Caseghat enabledthe researcher
to obtaina major scienti ¢ insight, to savze mary lives,or to solve
acrucialtechnologicaproblem?Onewould like to readmorecase
studiesin this spirit, which shaov that visualizationis worthwhile
andcanmale a difference.

Finally, one defenseis that maybewe are not doing too bad,
comparedo otherdisciplines. Many disciplines(for instance,in
mathematicsylo not careaboutpracticalusability at all, for some
computerscienceelds thatdo claim to have practicalrelevanceit
is alsohardto seetheadoptionin practice.Why shouldwe bother?
This notionis exploredfurtherin the next subsection.

6.2 Art

Onecould claim that visualizationhasvaluein its own right, and
for its own purposesOnepartof thisis in theresults:Someof the
imageswe producehave a clearaesthetiosalue. But the art of vi-
sualizationcanalsobefoundin theideas,methodsandtechniques
developed.We canconsidemurselesasagroupof puzzlesolvers,
andthe challenges to develop new, simple,andelegantsolutions,
which provide usall with intellectualandaestheticatisaction.

This is not a line of defensethat can help us to corvince our
prospectie usersandsponsorsNevertheless| dowantto mention
it, becausé cangive apowerful thrust(andobviously alsobecause
resultsof this possiblywill nd applicationsn the realworld). In
theearlynineties| workedhardon usingtexturefor visualization-
notto satisfyusersput simply becaus¢he puzzlewastough,chal-
lenging,andhardto crack. Thework of our studentErnstKleiberg
on botanicallyinspiredtree visualization( gure 5, [10]) was not
drivenby userrequestshut justanexperimentto nd outif it could
bedoneatall. At thelnformationVisualizationSymposiunin 2004
we got two messageback. Alfred Kobsafound the usability lim-
ited, comparedto other methods[11]; on the other hand, Stuart
Cardshaved thisimagein his keynote speechasan exampleof a
nicevisualization.Is this agoodvisualizationor not?

Finally, in my own work, | foundaestheticriteriaon nev meth-
odsto be guidingandeffective. Sometimeseachlink of the chain
from idea, mathematicamodel, algorithm, implementatiorto vi-
sualresultis clean,simple, elegant, symmetric,etc. It is amazing
howv mucheffort is requiredto reachthis. Developinggreatideasis
simple,rejectionof badideastakesall thetime.

6.3 Science

Apart from consideringvisualizationas a technology or asan art
for its own sale, we could considewisualizationresearchasa sci-
enti ¢ discipline. If thereis somethinglike a Scienceof Visual-
ization, what shouldit botherabout?Looselyde ned, a scienti ¢
disciplineshouldaim at a coherentsetof theoriesJaws, andmod-
elsthatdescribea rangeof phenomenahave predictve power, are
groundedn obsenations,andthatcanbefalsi ed.

If welook atthe eld now, mary algorithmsandtechniquehave
beendeveloped,but thereare few genericconceptsand theories.
Onereasorfor thelack of fundamentatheoriess thatvisualization
is intrinsically comple, hasmary aspectsandcanbe approached

Figure 5: Botanic visualization contents of a hard disk [10, 27].
Useful or just a nice picture?

from different perspecties. In termsof the model proposedyi-

sualizationcan be obsered from the point of view of the dataD

to be visualized,the various solutionsproposed(S and V), from

the DK aimedat, i.e., the purposeor disciplinefor which it is ap-
plied, theimagesl themseles,or from aspectsuchasperception
P or explorationE. Also, developinggoodvisualizationsolutions
is intrinsically a designproblem,andclosedform solutionsfor the
optimalizationproblem”GivenD nd V suchthatDK is optimal”

cannotbe expected.

Neverthelesswe couldandshouldaim at moregenericinsights,
at several levels. First of all, a descriptiveapproachcanbe pur
suedfurther Methodsareanalyzedandcateorized,leadingto tax-
onomiesthat shav how they relateto anddiffer from eachother
Suchtaxonomiesspanup the currentsolutionspaceandcanlead
to insight wherenew opportunitiesare. Someexamplesof good
overview papersare[30, 6, 13], a greatexampleof a taxonomyis
givenin [4], wherea variety of differentmarchingcubestyle algo-
rithms arebroughtunderoneumbrellausingcomputationaggroup
theory Evenif it wereonly becausehe eld is still developing
andoverviews arequickly outdatedmorework in this areashould
be encouragedTaxonomieseednot be con ned to methodsalso
taxonomieson differentkinds of dataand especiallyon different
typesof knawledgethatarerelevantfor endusersareuseful.

Secondly evaluationandvalidation areimportant. Assessment
of the effectivenessand ef ciency of differentmethodsandtech-
niguesis vital from atechnologicapoint of view (which methodto
use),but alsoasa basefor more genericstatement®n visualiza-
tion. A scienceof visualizationshouldbe empirical,in the sense
that concretemeasurementsf the phenomenatudiedare done,
whichin our caseconcermpeoplemakingandwatchingimageghat
depictdata. Tory andMoller [20] give a goodoverview of the cur
rentstatusof theuseof humanfactorsresearchn visualizationand
identify areador futureresearch.

Thirdly, in line with the previous, we shouldultimately aim at
generic results(models,laws) that enableus to understandvhat
goeson andto predictwhy certainapproachesio or don't work.
In the end, explanationsshouldbe basedon propertiesof the en-
vironmentof visualization,especiallythe enduser The value of
visualizationis ultimately determinedby his perceptuakbilities,



his knowledgeon the datashown, the value he assigngto various
insights,andthe costsheis willing to spend.

Ware's book on Information Visualization[29] is a rich source
of insightson perceptionand how thesecan be usedto improve
visualization, Tufte gives mary useful guidelinesand recommen-
dationsin his books[23, 21, 22]. However, mary of thesearenot
guantitatve, andalso,do not explain how to handlecon icting re-
quirements.Oneoperationakind practicalcriterium on guidelines
is thatthey shouldallow for automatedmplementationsuchthat
theusergetsa good,if notoptimalview on the datawithout costs.
The early work of Mackinlay [15] on automatedyeneratiorof vi-
sualizationds great,andit is surprisingthatthe stateof the artin
this areadoesnot seemto have advancedmuchfurthersincethen.

Finally, methodolgical issueshave to be studiedfurther This
concernsquestiondike how to designvisualizationsand how to
measureand evaluatethe effectivenessof varioussolutions. And
also,how to assesshevalueof visualizationin general.

7 CONCLUSION

In the precedingsections| have tried to answerthe questionhow
thevalueof visualizationcanbe assessedAs a conclusion| think
thereis notasingleanswerbut thatit depend®nthe point of view
one adopts. One view is to considervisualizationpurely from a
technologicapointof view, aimingfor effectivenessndef ciency.
Thisrequireghatcostsandbene tsareassessed hesimplemodel
proposecenableausto getinsightin variousaspectof visualiza-
tion, andalsoto understandvhy certainclassesf methodshave
successand othersnot. Anotherview is to considervisualization
asanart,i.e.,somethinghatis interestingenoughfor its own sale,
and nally aview on visualizationasan empiric sciencewasdis-
cussed.

Oblviously, thesethreedifferent views, schematicallydepicted
in g. 6, arestronglyrelated,andresultsfrom oneview canstim-
ulate work accordingto the otherviews. Finally, eachview that
is adopteddoesimply playing a differentgame,andif we wantto
win, we shouldplay thosegamesaccordingheirown rules:aimfor
provableeffectivenessandef ciency, aim for eleganceandbeauty
andaim at genericlaws with predictve power.

technol ogy

=
T

science

art Visualization Real world

Figure 6: Views on visualization
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