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ABSTRACT

The �eld of Visualizationis gettingmature.Many problemshave
beensolved, andnew directionsaresoughtfor. In orderto make
goodchoices,anunderstandingof thepurposeandmeaningof vi-
sualizationis needed.Especially, it would benice if we couldas-
sesswhata goodvisualizationis. In this paperanattemptis made
to determinethevalueof visualization.A technologicalviewpoint
is adopted,wherethe valueof visualizationis measuredbasedon
effectivenessandef�ciency. An economicmodelof visualization
is presented,andbene�ts andcostsareestablished.Next, conse-
quencesfor andlimitationsof visualizationarediscussed(including
theuseof alternativemethods,highinitial costs,subjectiveness,and
theroleof interaction),aswell asexamplesof theuseof themodel
for thejudgementof existingclassesof methodsandunderstanding
why they areor arenot usedin practice. Furthermore,two alter-
native views on visualizationarepresentedanddiscussed:viewing
visualizationasanartor asascienti�c discipline.Implicationsand
futuredirectionsareidenti�ed.

CR Categories: H.5.2 [Information Interfacesand Presenta-
tion]: User Interfaces;I.3.6 [ComputerGraphics]: Methodology
andTechniquesI.3.8 [ComputerGraphics]:Applications
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1 I NTRODUCTI ON

Modernsocietyis confrontedwith a dataexplosion. Acquisition
devices like MRI-scanners,large scalesimulationson supercom-
puters,but alsostocktradingatstockexchangesproducevery large
amountsof data. Visualizationof datamakes it possiblefor re-
searchers,analysts,engineers,andthelay audienceto obtaininsight
in thesedatain anef�cient andeffective way, thanksto theunique
capabilitiesof thehumanvisualsystem,whichenablesusto detect
interestingfeaturesandpatternsin shorttime.

Many of uswill have written paragraphslike theprecedingone,
whereI attemptedto give the standardrationaleof our �eld. In
1987,whenthe in�uential ViSC report[16] of the NSF appeared,
the expectationswerehigh. Visualizationwasconsideredasvital
andhighly promisingfor the scienti�c process.Nowadays,much
progresshasbeenmade. The advancesin graphicshardwareare
astonishing,mostlaptopcomputersaregraphicssuperworkstations
accordingto thestandardsof justadecadeago.Many new methods,
techniques,andsystemshave beendeveloped.Someof them,such
asslices,height-surfaces,andiso-surfacesarenow routinely used
in practice.

On the otherhand,many of thesenew methodsarenot usedin
real-world situations,many researchresultsarenowadaysconsid-
eredasincrementalby reviewers,andour prospective usersrarely
go to our conferences.So,arewe, asresearchersin visualization,
on theright track?
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In thispaperI wantto giveacontributionto thediscussiononthe
statusandpossibledirectionsof our �eld. Ratherthanto pinpoint
speci�c topicsandactivities, my aim is to detectoverall patterns,
andto �nd awayto understandandqualify visualizationin general.
This is anambitiousandvagueplan,althoughthebasicgroundfor
this is highly practical.

I have to make decisionson visualizationin many roles. As a
researcher, decisionshave to be maderangingfrom which areato
spendtime on to which particularsolutionto implement;asa su-
pervisor, guidanceto studentsmustbeprovided;asareviewer, new
resultsandproposalsfor new researchmustbejudged,andopinions
areexpectedif they areworth publishingor funding;asadvisorin
a start-upcompany, novel andpro�table directionsmustbe spot-
ted. All thesecasesimply judgementof thevalueof visualization
in varyingsenses.

How to assessthevalueof visualization?Visualizationitself is
anambiguousterm.It canreferto theresearchdiscipline,to atech-
nology, to a speci�c technique,or to thevisualresult. If visualiza-
tion is consideredasa technology, i.e., asa collectionof methods,
techniques,andtoolsdevelopedandappliedto satisfya need,then
standardmeasuresapply: Visualizationhasto beeffectiveandef�-
cient. In otherwords,visualizationshoulddo what it is supposed
to do,andhasto do thisusingaminimalamountof resources.One
immediateandobvious implication is that we cannotjudgevisu-
alizationon its own, but have to take into accountthe context in
which it is used.

In section2 a shortoverview is given of the backgroundof the
topic discussedhere.In section3 aneconomicmodelof visualiza-
tion is proposed.The basicelementsareidenti�ed �rst, the asso-
ciatedcostsandgainsareaddednext. Variousimplicationsof the
modelarediscussedin section4. In section5 this modelis applied
to severalcases.In section6 themodelis discussedandalternative
viewsareconsidered,followedby conclusionsin section7.

Finally, this topic is on onehandvery general,high-level, and
abstract;on the other hand,it is also very personal,in the sense
that it is aboutvalues(which aresubjective),andvaluationof ones
own work. To re�ect this, I usethe �rst personin this paper, to
emphasizethat the opinionsgiven arepersonal.Most examplesI
usecomefrom my own work, oftendonetogetherwith coworkers.
Themain reasonfor this is simply that I ammostfamiliar with it,
not only with the techniquesandresults,but alsowith thecontext
in which it tookplace.

2 BACK GROUND

If weuse1987astheyearwherevisualizationstarted,ourdiscipline
celebratesthis yearits 18thanniversary. In theNetherlands,at this
ageapersonis consideredmature.Many thingshavechangedsince
1987.Graphicshardwaredevelopmentsareamazing,aswell asthe
large amountof techniquesthat have beendevelopedto visualize
datain avarietyof ways.

Therearesignalsthatthereis a needto reconsidervisualization.
First of all, thereseemsto bea growing gapbetweenthe research
communityandits prospective users.Few, if no attendantsat the
IEEE Visualizationconferenceare prospective 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-chair for IEEE
Visualization2003 and 2004. In the early nineties,the �eld lay
fallow, andit wasrelatively easyto comeup with new ideas.The
proceedingsin theearlyninetiesshow a greatdiversity. Nowadays
the�eld is gettingmorespecialized,submittedwork consistsoften
of incrementalresults.Thiscouldsignalthatour�eld is gettingma-
ture.Ontheotherhand,it is notalwaysclearthattheseincremental
contributionshave merit, andreviewersaregettingmoreandmore
critical. Thirdly, somebig problemshave beensolvedmoreor less
[14]. For volumerenderingof medicaldatasophisticatedindustrial
packagesthatsatisfytheneedsof many usersareavailable.

Thesetrendsurge a needto reconsiderthe �eld, and to think
aboutnew directions.Severalresearchershave presented[7, 9, 17]
overviewsof currentchallenges.Anothergreatoverview of thecur-
rent statusof visualizationand suggestionsfor new directionsis
providedby thepositionpapers[3] contributedby theattendantsof
thejoint NSF-NIH Fall 2004Workshopon VisualizationResearch
Challenges,organizedby Terry Yoo. Many issuesarementioned
several times, including handlingof complex and large datasets,
uncertainty, validation, integrationwith the processesof the user,
anda betterunderstandingof thevisualizationprocessitself. One
particularly impressive anddisturbingcontribution is [14], for its
title, thenameandfameof theauthor, andthevivid descriptionthat
indeedthe�eld haschangedandnew directionsareneeded.

In thispapernoattemptis madeto summarizeor overview these
challenges,but theaim is to �nd a modelor procedureto judgein
generalif amethodis worthwhileor not. In thefollowing sections,
a �rst steptowardssuchamodelis presented.Muchof it is evident
andobvious.As adefense,someopendoorscannotbekickedopen
oftenenough,andalso,if obviousresultswould not comeout, the
modelandtheunderlyingreasoningwouldbedoubtful.Somestate-
mentsmadearemoresurprisingandsometimescontraryto main
streamthinking. To stimulatethedebate,I have takentheliberty to
presentthesemoreextremepositionsalso,hopingthatsomereaders
will notbeoffendedtoomuch.

3 M ODEL

In this sectiona genericmodelon visualizationis proposed.First,
the major ingredientsareidenti�ed; secondly, costsandgainsare
associated.Themodelis abstractandcoarse,but it canbeusedto
identify someaspects,patternsandtrends.

3.1 Visualization and its context

Figure1 shows the basicmodel. Boxesdenotecontainers,circles
denoteprocessesthat transforminputsinto outputs.Theaim here
is not to positiondifferentvisualizationmethods,for which a tax-
onomywould be a moresuitableapproach,but ratherto describe
thecontext in whichvisualizationoperates.No distinctionis made,
for instance,betweenscienti�c visualizationand information vi-
sualization,at this level thereis muchmorethey sharethanwhat
separatesthem.

In thefollowing we describethevarioussteps.We usea mathe-
maticalnotationfor this,merelyasa conciseshorthandandto give
a senseof quanti�cation thanasan exact andprecisedescription.
Processesarede�ned asfunctions,but the domainsandrangesof
theseareill-de�ned.

Thecentralprocessin themodelis visualizationV:

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

Data D is transformedaccordingto a speci�cation S into a time
varyingimageI(t). All theseshouldbeconsideredin thebroadest
sense.The typeof dataD to bevisualizedcanvary from a single
bit to a time-varying 3D tensor�eld; the speci�cation S includes
a speci�cationof the hardwareused,the algorithmsto be applied

data uservisualization

VD KP

ES

I dK/dt

dS/dt

Figure 1: A simple model of visualization

(in theform of a selectionof a prede�nedmethodor in theform of
code),andthespeci�c parametersto beused;the imageI will of-
tenbeanimagein theusualsense,but it canalsobeananimation,
or auditoryor haptic feedback.In otherwords,this broadde�ni-
tion encompassesbotha humbleLED on anelectronicdevice that
visualizeswhetherthedevice is on or off, aswell asa largevirtual
realityset-upto visualizethephysicalandchemicalprocessesin the
atmosphere.TheimageI is perceivedby auser, with anincreasein
knowledgeK asa result:

dK
dt

= P(I ;K):

Theamountof knowledgegaineddependsontheimage,thecurrent
knowledgeof theuser, andtheparticularpropertiesof thepercep-
tion andcognitionP of theuser. Concerningthe in�uence of K, a
physicianwill beableto extractmoreinformationfrom a medical
imagethanalay-person.Butalso,whenalreadymuchknowledgeis
available,theadditionalknowledgeshown in animagecanbelow.
A map showing the provincesof the Netherlandsprovides more
new informationto a personfrom the US thanto a Dutch person.
Also, theadditionalvalueof animageof time-step321is probably
smallwhentime-step320hasbeenstudiedjustbefore.Concerning
the in�uence of P, a simplebut importantexampleis thata color-
blind personwill be lesseffective in extractingknowledgefrom a
colorful imagethanapersonwith full vision. But also,somepeople
aremuchbetterthanothersin spottingspecialpatterns,structures,
andcon�gurations.

ThecurrentknowledgeK(t) follows from integrationover time

K(t) = K0 +
Z t

0
P(I ;K;t) dt

whereK0 is theinitial knowledge.
An importantaspectis interactive exploration,hererepresented

by E(K). The usermay decideto adaptthe speci�cation of the
visualization,basedon his currentknowledge,in orderto explore
thedatafurther

dS
dt

= E(K);

hencethe currentspeci�cation S(t) follows from integrationover
time

S(t) = S0 +
Z t

0
E(K) dt

whereS0 is theinitial speci�cation.

3.2 EconomicModel

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



a measurefor this. We simplify this by assumingthat thereis a
homogeneoususercommunity, consistingof n userswhich usea
certainvisualizationV to visualizea datasetm timeseach,where
eachsessiontakesk explorative stepsandtime T. This is a crude
simpli�cation of course.In therealworld, theusercommunitywill
often be highly varied,with differentK0's andalsowith different
aims. The costsassociatedwith usingV comeat four different
levels:

� Ci(S0): Initial developmentcosts. The visualizationmethod
hasto bedevelopedandimplemented,possiblynew hardware
hasto beacquired.

� Cu(S0): Initial costsper user. Theuserhasto spendtime on
selectionandacquisitionof V, understandinghow to useit,
andtailoring it to hisparticularneeds.

� Cs(S0): Initial costsper session. Datahave to beconverted,
andaninitial speci�cationof thevisualizationhasto bemade.

� Ce: Perceptionandexploration costs. Theuserhasto spend
timeto watchthevisualizationandunderstandit, aswell asin
modi�cation andtuning of the speci�cation, therebyexplor-
ing thedataset.

Thetotal costsarenow givenby

C = Ci + nCu + nmCs+ nmkCe:

Thereturnon theseinvestmentsconsistsof thevalueW(DK) of the
acquiredknowledgeDK = K(T) � K(0) persession,multiplied by
thetotal numberof sessions:

G = nmW(DK)

andhencefor thetotal pro�t F = G� C we �nd

F = nm(W(DK) � Cs � kCe) � Ci � nCu:

This gives us a recipe to decideon the value of a visualization
method. Positive arehigh valuesfor n, m, W(DK), and low val-
uesfor Cs;Ce;Ci ;Cu, andk. Or, in otherwords,a greatvisualiza-
tion methodis usedby many people,who useit routinely to ob-
tain highly valuableknowledge,without having to spendtime and
money onhardware,software,andeffort. Indeed,quiteobvious.

4 I M PL I CATI ONS

Quanti�cationof theelementsof themodelis hard. In this section
we discussthis in moredetail,aswell asa numberof otherissues
impliedby thismodel.

4.1 Valuableknowledge

Insight is the traditional aim of visualization. The term itself is
great,andsuggestsa high-level contribution to theadvanceof sci-
ence.Usersareenabledto seethingsthey werenot awareof, and
this insight helpsthem to de�ne new questions,hypotheses,and
modelsof their data.However, from anoperationalpoint of view,
the term insight doesnot help us muchfurther to assessthe value
of visualization. Oneproblemis that we cannotdirectly observe
or measurehow muchinsightis acquired,andalso,it is dif�cult to
assesswhat the valueof that insight is. In the modelwe usethe
term knowledge,but this suffers from the samelimitations. Also,
thereis a strangeparadoxin the basicparadigmof visualization.
Wedon't know whatinformationis containedin thedata,hencewe
make picturesto get insight. But if we do not know which speci�c
aspectsor featuresshouldbe visible, we cannotassessif we are
successfulor not.

Nevertheless,weshouldtry to measureor estimateW(DK), if we
wantto assessthevalueof visualization,especiallybecauseit is the
only term in themodelfor F with a positive sign. An operational
approachis to considerthe useof visualizationas an elementin
problemsolving. The userhasa problem,he mustdecidewhich
actionto take,andto make thatdecisionheneedsinformation.The
visualizationshouldenablehim to extract therelevant information
from thedata.

Decisionsare typically aboutactionsto be taken or not. For
instance,shoulda stockbeboughtor sold,shoulda patientbeop-
eratedor not, which peoplein an organizationarecandidatesfor
promotion,etc. Hence,I recommendmy studentsto searchfor
andenumeratepossibleactionsof usersafter usingtheir prospec-
tive tools. If suchactionscannotbe foundor de�ned, thevalueof
visualizationis doubtful. Justclaiming that a visualizationgives
insightis notenough,if wewantto offer additionalvalue.

If weknow to whichactionsthevisualizationshouldleadto, the
next stepsareassessmentwhethertheknowledgederivedfrom the
visualizationdoesindeedsupportthe decision,andalso,to assess
theeconomicvalueof thisdecision.Thisis noteasy, but onecantry
for instanceto estimatehow muchtime is saved,or try to quantify
theconsequencesof awrongdecision.

4.2 Alter nativemethods

Ef�ciency is relative,anaspectthatis notcapturedexplicitly in the
model. Onecould predicta high value for F for a new method,
however, if othermethodsareavailableto obtainthesameknowl-
edgeagainstlowercosts,thenvery likely thevaluefor n is overesti-
mated.Or, statedsimply, if abettersolutionalreadyexists,nobody
will usethenewerone.Themodelis toosimplehere.Theeffective
valueof n itself is notaparameter, but a functionof, amongothers,
theperceivedbene�t by potentialusers.

Developersof new visualizationmethodsshouldbeawareof al-
ternativesolutions,andcarefullystudytheiradvantagesandlimita-
tions. New methodsarenot betterby de�nition. Especiallywhen
existing methodsareheavily usedin practice,they have proven to
have value. It is often hard to beatstraightforward solutions;for
instance,in many casesjust usinga line graphis the bestway to
show a time-varyingsignal.

A defenseoftenheardfor a lesserperformanceof new methods
comparedto existing onesis that the usershave not had enough
time to getaccustomedto them.In somecasesthis might hold,but
an equallyviable hypothesisis that an existing methodis simply
better. For instance,just showing a setof objectsin a list enables
linearscanning,whereasscanninga fancy 2D or 3D displaywhere
theobjectsaredistributedoverspaceis 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,whenan automaticmethodexists to extract the rel-
evant information, visualizationis useless. Visualizationis not
'good' by de�nition, developersof new methodshaveto makeclear
why theinformationsoughtcannotbeextractedautomatically. One
reasoncould be that such automatedmethodsare not fullproof.
In this case,integrationof automatedmethods,for instancefrom
statisticsor data-mining,andvisualizationis a greatidea,seefor
instancethe work underway andled by Jim Thomasin the Visual
Analyticsarena[19].

Figure2 showsanexamplewhereweusedstandardmethodsin a
new combination[28]. For theanalysisof atime-seriesof oneyear,
daily patternswereclustered,i.e.,�nding similardaily patternswas
automated.The resultsare shown using two conventionalrepre-
sentations:averagedaily patternsof clustersareshown asgraphs,
andthedaysperclusterareshown on a calendar. Theapproachis
straightforwardandconventional,andveryeffective.

4.3 High initial costs

Oneimportantreasonthatnew visualizationtechniquesarenotused
in practiceis thehigh initial costperuserCu(S0) involved. Let us
considera potentialcustomerfor visualization,for instancea re-
searcherdoing complex simulations. First, he hasto realizethat
maybevisualizationcanhelp him to understandhis data. This is
not obvious,healreadyusessomemethodsto extract information
from his resultsin acondensedform. For instancein moleculardy-
namicsimulations,onetypicalaimis to derivelargescalequantities
(temperatures,porosity, etc.) via simulationfrom thepropertieson
a smallscale(sizeof ions,�elds, etc.). Suchlargescalequantities
canbecalculatedfairly easilyfrom the raw data. Mathematicians
working in ComputationalFluid Dynamicsareoftennot interested
in particular�o w patterns,but ratherin convergenceof numerical
methodsandconservationof quantities,which again canbecalcu-
latedeasilyandsummarizedin a few numbers.

The easiestway to visualizedatais to usepost-processingca-
pabilities that are integratedwith the softwareused. Commercial
packagesfor, for instance,computational�uid dynamicsor �nite
elementsimulationoffer these.Froma visualizationpoint of view,
the techniquesoffered are far from stateof the art: Usually just
optionslike iso-surfaces,color mapping,slicing, streamlinesand
arrow plots are provided. But if thesemeetthe demandsof our
user, thenthis is ahighly cost-effectiveway.

Supposethat this option is not availableor falls short. Thenext
stepis to �nd alternatives.Ourresearcherhastogetacquaintedwith
possiblesolutions. Unfortunately, thereareno booksthat present
andcomparenovel visualizationtechniques(likevolumerendering
or topologybased�o w visualization)at an introductorylevel. So
hehasto studyresearchpapers,or searchandgetin contactwith an
expertin the�eld.

Next stepsarealsocostly. Maybehecangetaresearchprototype
to work with, or elsehe hasto (or let somebody)implementthe
novel techniques.Oftenadditionalsoftwarehasto bedevelopedto
convert hisdatato asuitableformat.

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

Thereareof coursewaysto sharetheinitial costswith others.A
groupof researcherscantake advantageof aninitial investmentby
oneof them.Also,providersof simulationsoftwarecanbeaskedto
integratenew methods.Visualizationdoesnot seemto have a high
priority herehowever. For animpressionof whatprovidersthink to
be importantfor their customers,we canhave a look at web-sites
of companieslike MSC or Fluent, and observe that featureslike
advancedsimulationcapabilitiesandtight integrationarepromoted
muchmorethanvisualization,which is just mentionedin passing
by undertheheaderof post-processing.

4.4 Visualization is subjective

In theidealcase,onewouldhopethatextractionof knowledgefrom
datais anobjective process,in thesensethattheoutcomedoesnot
dependon who performsit, andthat the analysiscanbe repeated
afterwardsby others,with thesameoutcome.Statisticsaimsatthis,
a typical patternis theuseof statisticalteststo validatehypotheses
on the data. Suchtestsmake assumptionson the data(suchasa
normaldistribution) andhave freeparameters(like thecon�dence
level), but furthermore,they domeetthecriteriafor objectiveness.

Unfortunately, visualizationoftendoesnot meetthis aim. Con-
sider

dK
dt

= P(V(D;S;t);K):

This simply meansthat the increasein knowledgeusingvisualiza-
tion notonly dependsonthedataitself, but alsoonthespeci�cation
(for instance,which hardwarehasbeenused,which algorithmhas
beenusedandwhich parameters),the perceptualskills of the ob-
server, andtheapriori knowledgeof theobserver. Hence,thestate-
mentthatvisualizationshows thata certainphenomenonoccursis
doubtfulandsubjective.

An evenhardercaseis thestatementthata certainphenomenon
doesnotoccur. I haveoftenspenthoursvisualizingdata,searching
for patternsand structure. Sometimessomeresult could be pro-
ducedusinga particularsettingof theparameters,in othercasesI
failedto do so. Whena visualizationdoesnot show clearpatterns,
it is hardto decideif this is a limitation of thevisualizationmethod,
or that the settingof the parameterswas wrong, or that the data
simplydoesnot containsigni�cant patterns.

This doesnot meanthat visualizationis useless. If thereare
no betteralternativesto inspectcomplex data,visualizationhasto
beused.Anotherline of defenseis thatvisualizationshouldnot be
usedto verify the�nal truth,but ratherto inspireto new hypotheses,
to becheckedafterwards. Part of thesubjectivenesscanbeelimi-
natedby simply showing thevisualizationto theaudience,so that
they canview andjudgeit themselves.However, this doesnot take
away thesubjectivenessinherentin S, asa secondhandviewer we
do not know how sensitive theultimatevisualizationis to changes
in scalesand/orselectionsof thedata.

4.5 Negativeknowledge

In theprevioussubsectionwe consideredsubjective aspectsof vi-
sualization.Thereis anotherproblem:Visualizationscanbewrong
andmisleading. Or, in the terminologyintroducedhere,negative
knowledge(jDKj < 0) canbe produced.Tufte hasintroducedthe
lie-factor [23], whichhede�ned astheratioof thesizeof aneffect
shown in thegraphicto thesizeof theeffect in thedata.

Here,I just wantto give anexampleof my own experiencewith
this. A longtimeagoI visualizedthewavesproducedby shipsfor a
maritimeresearchinstitute.Thedataweretheresultof simulations.
Figure3 (a) shows theresultof bilinearinterpolationof thedata.I
found theseresultsunclear, henceI decidedto usean interpolat-
ing spline,therebysmoothingthesurfacewhile remainingfaithful
to the data. Figure3 (b) shows clearly that two setsof wavesare
generated:thestandardwavesaswell asa setof wavesorthogonal
to this. I proudly presentedthis discovery to the researcher, who
immediatelyrepliedthat this wasphysically totally impossible.A
muchbettervisualizationis shown in �gure 3 (c), whereanapprox-
imating spline is used. The artifactsin the middle imageare the
resultof aliasing.Thedataorthogonalto theshiparesampledclose
to theNyquist frequency, interpolationgivesrise to aliases,which
correspondingwaveshave in this2D caseadifferentdirectionthan
theoriginalwave. A smoothinginterpolatingsplinesmoothesaway
the high frequencies,but the �rst aliasessurvive andgive rise to
wrong interpretations.I learnedfrom this that interpolationis not
by de�nition betterthanapproximation,andalsothatthejudgement



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

of an expert,with a high K0, is vital for properinterpretationand
validation. I never publishedthis, andalso,articleson limitations
andpitfalls of visualizationarescarce.For anadvancementof the
�eld, moresuchreportswouldbehighly bene�cial.

4.6 Interaction

Interactionis generallyconsideredas'good'. Onecouldadvocate
theopposite:Interactionshouldbeavoided,andwell for two rea-
sons.First of all, asmentionedbefore,allowing theuserto modify
Sfreely will leadto subjectiveness.It is temptingto tunethemap-
ping so that the desiredresultcomesout strongly, but this canbe
misleading.Also, high customizationcanmake it hardto compare
differentvisualizations.Secondly, interactionis costly, and leads
to a highCe. Rerenderingtheimageaftera changeof themapping
or the point of view taken requiresoften a few seconds,viewing
it again also. If many optionsareavailable to modify the visual-
ization, trying themall out cantake hours. A developerof a new
methodthereforeshouldthink carefullyaboutgooddefaults,or au-
tomaticwaysto set the visualizationparameters,so that asmuch
knowledgeis transferredaspossible.

Obviously, in many casesinteractionstronglyenhancestheun-
derstandingof the data. The most importantcaseis simply when
theamountof datato beshown doesnot �t on thescreen,or is too
largeto beunderstoodfrom asingleimage.In thiscase,navigation
andselectionof thedatahasto besupported.Ideally, theuserhasto
be providedwith cuesthat will leadhim quickly to imageswhere
somethinginterestingcanbe seen. Anothercaseis during devel-
opmentof new methods. I stimulatemy studentsto make every
aspectof their new methodscustomizablevia userinterfacewid-
gets,sothatthetotal solutionspacecanbeexplored.However, for
the �nal versionsof their prototypesI recommendthem to offer
suitablepresetsundera few buttons,so that a goodvisualization
canbeobtainedwith little effort.

5 EXAM PL ES

In this sectiona numberof (classesof) techniquesareconsidered
andthecostmodelis usedto explain their adoptionin practice.

5.1 Texturebased�o w visualization

The useof texture to visualize�uid �o w hasbeenintroducedin
the early nineties. The idea is that densetexturesenableviewers
to judgethedirectionof �o w at all locationsof theplane,whereas
thestandardarrows andstreamlinesonly give discreteandhardto
interpretsamples.The topic hasbeenstudiedheavily in the visu-
alizationcommunity, a recentnon-exhaustiveoverview [13] has90
references.The progressmadein this decadeis great. The early
SpotNoisetechnique[24] wasaninteresting�rst attempt,in 1993
Cabraland LeedomintroducedLine Integral Convolution (LIC),
which gave high quality renderingsof 2D �uid �o w [5]. Many
othervariationsandadditionshave beenpresentedsincethen,for
instanceto handle�o w on surfacesand in volumes,and also to
boost the performance,using software or hardware acceleration
[13]. Nowadays,high quality 2D texture imagesof �o w �elds can
easilybegeneratedon standardhardwareat 50 or moreframesper
second[25]. This seemsa successstory, but on the other hand,
thesemethodsarenot integratedin commercialsoftware,usersof
ComputationalFluid Dynamics(CFD)aretypically completelyun-
awareof their existence,let alonethat they routinely usethemto
solve their problems. Here I usetexture based�o w visualization
becauseI am mostfamiliar with it, but for otherclassesof meth-
ods, suchas topologybased�o w visualizationand featurebased
�o w visualization,similarpatternsseemto apply.

How can we explain this? We considerthe parametersof the
costmodel. The numberof usersn is not too great. CFD is vital
for someareas,but therearefew caseswhereCFDis routinelyused
for screening,comparedto for instancemedicalapplications.The
frequency of usem is alsonot very high. Often,CFD-usersspend
muchtime on de�ning themodel,simulationscanalsotake a long
time. By then,they arevery familiar with their models(high K0).
For the analysisof the resultsmany alternative optionsareavail-
able,includingcompositequantities(suchaslift of anairfoil) and
straightforwardcross-sectionsandarrow plots,with low costs.The
useof texturebasedvisualizationincursat leastahighvaluefor Cu
(seesection4.3). The additionalDK that texture basedvisualiza-
tion offers is unclear. Laidlaw et al. [12] have compareddifferent
vectorvisualizationmethods.LIC turnedout to yield betterresults
for critical pointdetection,but worseresultsfor otheraspects,such
asestimationof theangleof the�o w. Also, standardLIC doesnot
givethesignof thedirectionof the�o w. Hence,wecandoubtabout
the valueof DK. And �nally , it is not clearwhat the real valueis
of thisDK, in thesensethatbettervisualizationleadsto betterdeci-
sions.At least,sofar theredoesnot seemto besucha strongneed
for bettervisualizationmethodsin the CFD communitythat they
haveattemptedto integratethesemethodsinto their packages.

5.2 Cushion tr eemaps

Also in theearlynineties,JohnsonandShneidermanintroducedthe
conceptof a treemap[8] to visualizelarge hierarchicaldatasets.
The basealgorithmis straightforward: A rectangleis recursively
subdivided accordingto the hierarchicaldata,in sucha way that
thesizeof eachrectanglecorrespondsto thesizeof eachleaf ele-
ment. In thelateninetieswe proposedto usehierarchicalcushions
to show theunderlyinghierarchicalstructuremoreclearly[26]. We
packagedthis techniquein 2000in SequoiaView [1], a tool for the
visualizationof thecontentsof aharddisk(�gure 4), andmadethis
publicly availableasfreeware. Sincethen,SequoiaView hasbeen
downloadedabout400,000timesfrom our site. Also, it hasbeen



Figure 4: Visualization hard disk using SequoiaView [1, 26, 27], an
example of an application that has found an audience.

distributedthreetimesvia CD with theGermancomputermagazine
C't. This is anexamplehow visualizationhasreachedanaudience.

Theeconomicmodelhelpsto explain this result.First, thenum-
berof (potential)usersis very large,in principleequalto thenum-
berof PCusers.Typically, suchatool is usedseveraltimesperyear,
which is not very high, but not neglectable.Alternative solutions
for this problemarescarce(SpaceMonger, usingalsotreemapsis
anexample),andgettinganoverview of a harddisk is hardusing
WindowsExplorer.

Informationcanbederivedfairly easyfrom thevisualization.It
is easyto spotlarge�les, largedirectories,andlargecollectionsof
�les. Furthermore,this informationis directlyvaluablefor theuser:
The tool canhelp (andmany usershave con�rmed this) to delay
buying a new harddisk. Theactionis clearhere:removal of �les.
Weoffer anoptionto startupWindowsExplorerfrom SequoiaView
to remove�les manually. Theinitial costsperuserarelow: Thetool
itself is freeware,it only hasto bedownloadedandinstalled. The
costsper usecaseareminimal aswell. By default, the tool starts
to collectdatafrom thelastfolderspeci�ed,andanimageis shown
automatically. Explorationis easy:Extra informationper �le can
beobtainedby hoveringthepointerover therectangles.

In summary, F is high in this case.We would like to think that
this is a resultof our visualizationmethod,however, themainrea-
sonsareprobablythatour tool meetsa realneedof realusers,and
thatthecosts,in all respects,areminimal.

5.3 Presentationvs. exploration

Next we considera moregeneralcase.Themainusecasesfor vi-
sualizationareexploration(whereusersdonotknow whatis in the
data),andpresentation(wheresomeresulthasto becommunicated
to others). It is hard to quantify this, but my impressionis that
many researchersin visualizationconsiderexplorationasthemajor
raisond'êtrefor visualization,whereaspresentationis considered
as somethingadditionaland not too serious. However, from my
own experience,presentationis at leastjust asimportantasexplo-
ration.Many users�nd videosandimagesattractive for presenting
their work at conferences;thepopularityof visualizationtoolsand
demosoften risessharplyjust beforeopendays. For yearsI had
a pleasantandfruitful cooperationwith FlomericsLtd. in theUK.
Thiscompany developsCFD-basedtoolsfor, amongstothers,ther-
malassessmentfor theelectronicsindustry. My majorcontactthere
wasthe marketing manager, who could usevisualizationto show
thebene�tsof theCFDtoolsto managers.

In abroadersense,wecanview visualizationeverywhere.Com-
mercialtelevisionusesvisualizationto show thechemicalmiracles
of new cosmetics,the ingenuity of vacuum-cleaners,and why a
new �tness device doesnot harmyour back.Obviously, suchvisu-
alizationsareprobablynot theresultof visualizingdata,but rather
theresultof fantasyof advertisementagencies.Sellingstuff is not
only therealmof business,but alsoof scienceitself. OnceI heard
someonestate:Thepurposeof visualizationis funding, not insight.
We canexplain thevalueof visualizationfor presentationwith the
costmodel. If we considerthe viewersof suchvisualizationsas
theusers,we seethatn is high; K0 is low (theviewersknow little
aboutthe topic, so muchcanbe gained);the actionto be taken is
clear(buy aproduct,fundresearch)andhasdirecteconomicconse-
quences;thecostsfor theviewersarelow (they just have to watch
thevisualization),althoughthey canbehigh for thepresenter. And
furthermore,for thesepurposestherearealmostno alternative or
competingtechniques.Purefacts(productX saves Y percentof
time) can be convincing, but to make plausiblewhy, and also to
show thatthis is all Scienti�cally Sound,visualizationis thewayto
go.

6 DI SCUSSI ON

In theprecedingsectionsanumberof questionswereraisedandvar-
iousdisturbingstatementsweremade.Therearemany objections
thatcanbemade,andin this sectionsomeof themaregiven. One
importantdistinctionis to considervisualizationeitherastechnol-
ogy, art,or asscience.Associatedwith theseareanumberof routes
for futurework.

6.1 Technology

In the costmodel,visualizationis consideredasa technology, to
be measuredfor utility. In this context, researchin visualization
shouldleadto new solutionsthatareusefulin practice.Not all the
work doneis successfulin this respect,but wecan�nd anumberof
reasonsto explain this.

First of all, innovation is a mercilessprocess,whereonly few
new solutionssurvive. A rule of thumbin productdevelopmentis
that thousandideasleadto hundredprototypes,which leadto ten
products,out of which just one is successful. The visualization
researchcommunityoperatesin the startof this pipeline,henceit
shouldcomeasno surprisethat not everything�nds its way. We
canseeit asa missionto developinspiringnew ideas,which area
primaryfuel in theinnovationprocess.

Creativity howeverconsistsof twoparts:creationof new ideasas
well asselectionof thebestones.The�rst taskis ful�lled properly
by thevisualizationcommunity, thesecondis not. Thenumberof
careful validationsof visualizationmethodsis still low, although
thisseemsto beimproving in thelastyears.

Secondly, innovation is a long chain. Developingnew methods
is quite different from turning theseinto productsand marketing
them.Thereis agapbetweenourprospectiveusersandtheresearch
community. Bothdonot have theproperstimuli to bridgethis gap:
individual researchersaretoo busy increasingthe numberof pub-
lications they are judgedon, and for the end-usersimplementing
new methodsis far too costly. The gap canbe �lled in different
ways.Oneway is via commercialcompanies(spin-off companies,
or companiesthat integratevisualizationin their simulationpack-
ages),analternative is via opensourceandacademicdevelopment
andmaintenance,fundedby governmentagencies.VMD [2] is an
exampleof thelattercategory. As acorollary, if we think thatvisu-
alizationis usefulandthatthis gapcausesthelack of adoption,we
shouldaim at increasingfunding for morepracticalactivities. Or
weshouldstartupcompanies.



Thirdly, onecouldstatethatall this is a matterof time. It takes
timebeforenew ideaspenetrate,beforenew usersbecomeawareof
new methods,beforeinitiativesaretakento integratenew methods
into existing systems.This might be true in somecases,however,
it is alsotoo easyto usethis asanexcuse.It couldbeusedfor any
method,henceit doesnot helpusto distinguishbetweengoodand
badones.

Fourthly, thefocusin themodelis on largenumbersof usersand
usecases.Onecanalsoconsidercaseswherethenumberof usersis
small,but wherethevalueof theresultis verylarge.In thebooksof
Tufte somegreatcasesarepresented,suchasSnow's discovery of
thecauseof acholeraepidemicin 1854[21]. Are thererecentcases
for new visualizationmethods?Casesthat enabledthe researcher
to obtaina majorscienti�c insight, to save many lives,or to solve
acrucialtechnologicalproblem?Onewould like to readmorecase
studiesin this spirit, which show that visualizationis worthwhile
andcanmakeadifference.

Finally, one defenseis that maybewe are not doing too bad,
comparedto otherdisciplines. Many disciplines(for instance,in
mathematics)do not careaboutpracticalusabilityat all, for some
computerscience�elds thatdo claim to have practicalrelevanceit
is alsohardto seetheadoptionin practice.Why shouldwebother?
Thisnotionis exploredfurtherin thenext subsection.

6.2 Art

Onecould claim that visualizationhasvaluein its own right, and
for its own purposes.Onepartof this is in theresults:Someof the
imageswe producehave a clearaestheticvalue. But theart of vi-
sualizationcanalsobefoundin theideas,methods,andtechniques
developed.Wecanconsiderourselvesasagroupof puzzlesolvers,
andthechallengeis to developnew, simple,andelegantsolutions,
whichprovideusall with intellectualandaestheticsatisfaction.

This is not a line of defensethat can help us to convince our
prospectiveusersandsponsors.Nevertheless,I dowantto mention
it, becauseit cangiveapowerful thrust(andobviouslyalsobecause
resultsof this possiblywill �nd applicationsin therealworld). In
theearlynineties,I workedhardonusingtexturefor visualization–
not to satisfyusers,but simplybecausethepuzzlewastough,chal-
lenging,andhardto crack.Thework of our studentErnstKleiberg
on botanicallyinspiredtreevisualization(�gure 5, [10]) wasnot
drivenby userrequests,but justanexperimentto �nd out if it could
bedoneatall. At theInformationVisualizationSymposiumin 2004
we got two messagesback. Alfred Kobsafound theusability lim-
ited, comparedto other methods[11]; on the other hand,Stuart
Cardshowed this imagein his keynotespeechasanexampleof a
nicevisualization.Is thisagoodvisualizationor not?

Finally, in my own work, I foundaestheticcriteriaonnew meth-
odsto beguidingandeffective. Sometimes,eachlink of thechain
from idea,mathematicalmodel,algorithm, implementationto vi-
sualresult is clean,simple,elegant,symmetric,etc. It is amazing
how mucheffort is requiredto reachthis. Developinggreatideasis
simple,rejectionof badideastakesall thetime.

6.3 Science

Apart from consideringvisualizationasa technology, or asan art
for its own sake,we couldconsidervisualizationresearchasa sci-
enti�c discipline. If thereis somethinglike a Scienceof Visual-
ization,whatshouldit botherabout?Looselyde�ned, a scienti�c
disciplineshouldaim at a coherentsetof theories,laws, andmod-
elsthatdescribea rangeof phenomena,have predictive power, are
groundedin observations,andthatcanbefalsi�ed.

If welook at the�eld now, many algorithmsandtechniqueshave
beendeveloped,but thereare few genericconceptsand theories.
Onereasonfor thelackof fundamentaltheoriesis thatvisualization
is intrinsically complex, hasmany aspects,andcanbeapproached

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

from differentperspectives. In termsof the model proposed,vi-
sualizationcanbe observed from the point of view of the dataD
to be visualized,the varioussolutionsproposed(S andV), from
the DK aimedat, i.e., the purposeor disciplinefor which it is ap-
plied, the imagesI themselves,or from aspectssuchasperception
P or explorationE. Also, developinggoodvisualizationsolutions
is intrinsically a designproblem,andclosedform solutionsfor the
optimalizationproblem”GivenD �nd V suchthatDK is optimal”
cannotbeexpected.

Nevertheless,wecouldandshouldaimatmoregenericinsights,
at several levels. First of all, a descriptiveapproachcanbe pur-
suedfurther. Methodsareanalyzedandcategorized,leadingto tax-
onomiesthat show how they relateto anddiffer from eachother.
Suchtaxonomiesspanup thecurrentsolutionspace,andcanlead
to insight wherenew opportunitiesare. Someexamplesof good
overview papersare[30, 6, 13], a greatexampleof a taxonomyis
givenin [4], wherea varietyof differentmarchingcubestylealgo-
rithmsarebroughtunderoneumbrellausingcomputationalgroup
theory. Even if it were only becausethe �eld is still developing
andoverviews arequickly outdated,morework in this areashould
beencouraged.Taxonomiesneednot becon�ned to methods,also
taxonomieson differentkinds of dataandespeciallyon different
typesof knowledgethatarerelevantfor endusersareuseful.

Secondly, evaluationandvalidationareimportant. Assessment
of the effectivenessandef�ciency of differentmethodsandtech-
niquesis vital from atechnologicalpointof view (whichmethodto
use),but alsoasa basefor moregenericstatementson visualiza-
tion. A scienceof visualizationshouldbe empirical, in the sense
that concretemeasurementsof the phenomenastudiedare done,
which in ourcaseconcernpeoplemakingandwatchingimagesthat
depictdata.Tory andMöller [20] give a goodoverview of thecur-
rentstatusof theuseof humanfactorsresearchin visualization,and
identify areasfor futureresearch.

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



his knowledgeon the datashown, the valuehe assignsto various
insights,andthecostsheis willing to spend.

Ware's book on InformationVisualization[29] is a rich source
of insightson perceptionand how thesecan be usedto improve
visualization,Tufte givesmany usefulguidelinesandrecommen-
dationsin his books[23, 21, 22]. However, many of thesearenot
quantitative, andalso,do not explain how to handlecon�icting re-
quirements.Oneoperationalandpracticalcriteriumon guidelines
is that they shouldallow for automatedimplementation,suchthat
theusergetsa good,if not optimalview on thedatawithout costs.
Theearlywork of Mackinlay [15] on automatedgenerationof vi-
sualizationsis great,andit is surprisingthat the stateof theart in
thisareadoesnotseemto haveadvancedmuchfurthersincethen.

Finally, methodological issueshave to be studiedfurther. This
concernsquestionslike how to designvisualizationsand how to
measureandevaluatethe effectivenessof varioussolutions. And
also,how to assessthevalueof visualizationin general.

7 CONCL USI ON

In theprecedingsections,I have tried to answerthequestionhow
thevalueof visualizationcanbeassessed.As a conclusion,I think
thereis notasingleanswer, but thatit dependsonthepointof view
one adopts. One view is to considervisualizationpurely from a
technologicalpointof view, aimingfor effectivenessandef�ciency.
Thisrequiresthatcostsandbene�tsareassessed.Thesimplemodel
proposedenablesus to get insight in variousaspectsof visualiza-
tion, andalso to understandwhy certainclassesof methodshave
successandothersnot. Anotherview is to considervisualization
asanart, i.e.,somethingthatis interestingenoughfor its own sake,
and�nally a view on visualizationasan empiric sciencewasdis-
cussed.

Obviously, thesethreedifferent views, schematicallydepicted
in �g. 6, arestronglyrelated,andresultsfrom oneview canstim-
ulatework accordingto the otherviews. Finally, eachview that
is adopteddoesimply playinga differentgame,andif we want to
win, weshouldplaythosegamesaccordingtheirown rules:aimfor
provableeffectivenessandef�ciency, aim for eleganceandbeauty,
andaimatgenericlawswith predictivepower.

Visualization Real world

technology

science

art

Figure 6: Views on visualization
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