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1 Introduction

An importart researclproblemin computergraphicsis the visualization of multidimensional data,the conversian of adataset

contining stringsandnumbersnto a sequencef oneor moreimages Valuesin  repregnt  attributes

recordedat sample points , that is, and . A dat-feature mappng
de nesavisual featire to use to display valuesfrom  ; it also de nes to map the

doman of  to the rangeof displayable valuesin . Visualization in this framework is the construction of a data-featue

mappng togetherwith aviewer'sinterpreation of theimagesproducedy

Althoughtheneedto visualize multiple layersof informationsimultaneouly is well documente@43, 61, 63], progrestowards
thisgoalhasbeensow [56]. It hasoftenproven dif cult to congruct methodghatrepregntmultidimensonaldatain away is
eay to explore, analyze, verify anddiscover. Thedesre to build fundamendl technguesthatare appropréate for awiderange
of visualizaion environmensfurthercomplicaesthis problem.

Previouswork hasstudied mehodsfor harnesing the low-level humanvisual system during visualizaion [4, 26, 52, 81].

Certain visualfeaturege g., hue,luminance contrad, and motion) aredetecedvery quickly by the visual system [14, 70, 83];

whencombinedproperly, thesesame featuescanbe usedto construct multidimensional displaysthat canberapidly, accumately,

and effortlessly explored and analyzedby a viewer. The application of perceptionin aid of visualization has shown great
promise,and hasbeenexplicitly citedas an importart areaof currert and future researci63].

We have recertly initiated a study of the use of artistic techiques for multidimensional visualization. This investigation

was motivated in large part by work on nonphobrealstic renderng in compuger graphcs[10, 18, 27, 28, 39, 44, 65], and

by the efforts of resarcherdike Interrane [30], Laidlaw [36, 37], and Ebertand Rheingans[13] to extend this work to a
visualizaion environment Certain movemens and techngjuesin painting (e g., impresionism, expresionism, or watercobr)

are characerizedby a set of fundameral styles If these stylescanbeideni ed andsimulated on a compugr, we believe

they canthenbe applied to represen individual dataattributesin a multidimensional dataset.Consider, for exanmple, a dataset
contining weaterconditions A “painting” madeup of smulated brush strokes could be used to visualize this data. A brush

stroke' scolor would repregnttemperatireat agiven spaial locaton; stroke direcion andlength would repregntwinddirecion

andstrengh; stroke densty would repregnt presure. Thereallt isanimagethatlookslike apainting, notof areatworld scene,
but ratherof theinformaion containedin the underling datset.

Suchatechniguemightinitially seemdif cultto controlandted. Animportaninsightis thatmary painterlystylescorregpond
closely to perceptualfeaturesthat are detectedby the humanvisual system. In some sen this is not surprising. Artistic
magersundersoodintuitively which propertiesof apaintingwould captureaviewer'sgaze andtheir stylesnaturallyfocused on
harnesingthesfeatires Moreover, cerein movemensused scieni ¢ studiesof thevisual system to help themundersandhow
viewerswould percevetheirwork (e g., the use of the perceptial color modek of Chevruel[9] and Rood[55] in Impressionism).
The overlap of artistic stylesandpercepton offerstwo signi cantadvanteges Most importantly, the body of knowledgeon
the use of percepion during visualizaion can help us to predict how correponding painterly styles might performin the
same ervironment In addtion, psychophyscal experimens offer a methodfor dedgning contolled studiesthat cantest the
fundamenal strenghs andlimitations of a given style, both in isolation and in combination with other styles being shown
simultaneoudly in the same display.



Feature Author
line (blob) orientation  Jules & Bergen(1983);Wolfe (1992)

length Triesman& Gormican(1988)

width Julés (1984)

size Triesman& Gelade(1980)

cunature Triesnan& Gormican(1988)

number Julés (1985);Trick & Pylyshyn (1994);Heaky, Booth, & Enns(1996)

terminatars Juléz & Bergen(1983)

intersectia Juléz & Bergen(1983)

closure Enns(1986);Triesman& Souther(1986)

color (hue) Triegnan & Gormican (1988); Nagy & Sanchez (1990); D'Zmura
(1991);Heaky (1997)

intendty Becketal. (1983);Triesman& Gormican(1988)

ick er Julés (1971)

direction of motion Nakayama& Silverman(1986);Driver & McLeod(1992)

binocukbrlustre Wolfe & Franzel(1988)

stereosopic deph Nakayama& Silverman(1986)

3-D dept cues Enns(1990)

lighting direcion Enns(1990)

texture Heaky & Enns(1998)

Table 1: A list of two-dimensonal featureghat”popout” during visual search,and alist of authorswho degribe preattentre tasks performed using the given
feature.

2 Low-Level Human Vision

An importantrequiremenfor any visualizationtechniques a methodfor rapid,accurateand effortless visual exploration.We

addresthis goalby using whatis known aboutthe control of humanvisual atention as afoundaton for ourvisualizaion tools.

Theindividualfacborsthatgovern whatis atendedin avisual display canbeorganzedalongtwo major dimensons bottom-up
(or stimulusdriven)versus top-dovn (or goaldirecied).

Bottom-upfacrsin the contol of attention includethe limited set of featuresthat psychophyscists have ideni edasbeing
detecked very quickly by the humanvisual system, withoutthe needfor search. Thes featuresare often called preatentive,
becaustheirdetectionoccursrapidly and accuratelyusually in anamountof timeindependerf thetotal numberof elements
being displayed:. Whenapplied properly, preatentive featirescanbe usedto performdifferenttypesof explorapry analysis.
Exampeksinclude searching for dat elemensg with a unique visual feature, idenifying the boundarés betveengroupsof
elementswvith commonfeaturestrackinggroupsof elementsasthey move in time and space,and estimating the numberof
elementwith aspeci c feature.Preattentie taks canbe performedn asingle glance which corregpondsto 200 milliseconds
(ms9) or less. As noted above, the time required to complete the task is independendf the numberof data elemens being
displayed. Sincethe visual system cannotchoo® to refocusattention within this timeframe,users mug compkte their tak
usng only a“single glance” atthe image.Table 1 lists anumberof preatentive featires and providesreferenceshatdesribe
thetaksthatcanbe performedusng thes features

Fig. 1 shows exampksof both typesof targetsearch. In Fig. 1a-1dthe target aredcircle, is eay to nd. Here,the target
continsa preatentive featire uniquefrom the backgroundlistracers color (redveras blue) or shape(circle versussquare).
Thisuniquefeatureisused by thelow-level visualsystem to rapidly idenify thepresenceor absnceof thetarget Unfortunagly,
anintuitive combinatiorof thes reallts canleadto visual interferenceFig. leand1f smulateatwo-dimensonaldatagtwhere
oneattributeis encodedwith color (redor blue),andthe otheris encodedvith shape(circle or square).Althoughthes featres
workedwell in isdlation, searcing for aredcircle tamgetin aseaof blue circlesand red squaresis signi cantly more dif cult.
In fact experimens have shown that searchtime is directy proportonalto the numberof elemensin the display, suggesing

1Althoughwe now know thatthese visual featuresare in uencedby the goalsandexpectationsof the observer, theterm preattentie is still useful becaise
it corveys therelative ea® with which thes proceses are conypleted.
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Figure1: Exanples of target search:(a, b) identifying ared targetin a sea of blue distractersis rapid andaccuratetarget absentin (a), preent in (b); (c, d)
identifying a redcircular targetin a sea of red squaredistractersis rapid andaccuratetarget preent in (c), abent in (d); (e, f) identifying the same red circle
tamgetin acombined sea of blue circular distractersand red squaredistractersis signi cantly more dif cult, targetabsentin (e), preentin (f)
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that viewers are searching smal subgroupsof elemens (or even individual elemens themelves) to idenify the target In
this exampk the low-level visual system has no unique feature to searchfor, since circular elemens (blue circles) andred
elementgredsquare}arealso preentin thedisplay. Thevisual systemcannointegratepreattentvely the presenceof multiple
visual features(circular and red) atthe samespaial locaton. Thisisavery simple exampk of a situation whereknowledgeof
preattenive vision would have allowedus to avoid disgays that actively interferewith our aralysis task

In spite of the perceptial salienceof thetargetin Fig. 1a-1d,bottom-upin uencesannotbeassumedto operaéindependethy
of thecurrentgoalsandattentionalstateof the obsrver. Recentstudieshave demongratedthatmary of the bottom-upfactors
only in uencepercepton whenthe observer is engagedn atask in which they are expeced or task-relevant (seethe review
by [14]). For exampk, atargetde nedasa color singletonwill “pop out’ of a display only whenthe observer is looking for
targets de nedby color. The same color singletonwill notin uencepercepiton whenobservers aresearching exclusively for
luminance de n ed targets. Sometimesobserverswill fail completely to seeotherwisesaliert targetsin their visual eld, either
becausthey areabsorbedin the performancef a cognitively-demandindgask [41], therearea multitudeof othersimultaneous
sdlient visual events[51], or becaug the salient event occursduring an eye movementor other changein viewpoint [62].
Thereforethe control of attention mug alwaysbe undersoodasaninteracion betweenbotom-upandtop-dovn mechanims

1. Visual analy$s is rapid, accurateand relatively effortless since preattentve taks canbe completedn 200msor less.
We have shown thattass performedon static displays extend to a dynamt environmentwheredata framesare shown
oneafter anotherin a movie-like fasion [23] (i.e., tasks thatcanbe performedon anindividual display in 200 ms can
also be performedon asequencef displaysshown at ve framesasecond).

2. Thetimerequiredfor taskcompletion is independent of dispay size (to the resdution limits of the display). This mears
we canincreasethe number of dataelements in a dispgay with little or no increasdan the time requiredto analy ze the
display.

3. Certain combinaionsof visual feaurescau® interferencepaternsthatmask informaton in thelow-level visual system.
Our experimens are desgnedto identfy thes situations This meansour visualization tools canbe built to avoid data-
feauremappigsthat mightinterferewith the analysis task.

Propertesthatare procesed preatentively canbe usedto highlightimportant imagecharaceristics. Expermensin both the
cogntive psychologyandscieni cvisualizaiondomanshave usedvariousfeauresto asist in performingthefollowingvisual
tasks:

target detection, whereusersattemptto rapidly andaccuratelydetectthe presenceor absenceof a “tamet” elementthat
usesauniquevisual featurewithin a eld of distracterelementgFig. 1),

bounday detecion, whereusers attemptto rapidly and accuratelydetecta texture boundarybetweentwo groupsof
elementswhereall the elementsn eachgrouphave acommonvisual feature(Fig. 2), and

counting and estimaion, whereusersattemptto countor edimate the numberor percenégeof elemensin adisplay that
have a uniquevisual feature.

Callachan [7, 8] rst reportedthe interfererce effectsshown in Fig. 2. The visual system seens to prioritize featuesin order
of importance. This meanghatthe preenceof visually “i mporant” featirescaninterfere with tasks that use lower priority
features In Fig. 2a, the verticalboundaryde nedby hueis detectedbreattentiely, eventhoughthe shapeof eachelements
random.In Fig. 2b, however, it is dif cult to detectthe horizontal boundaryde nedby form dueto randomhuevariations If
huewere xedto acondantvalueforeachelementtheformboundarycouldbe detectedoreattentiely. Callaghanexplainsthis
phenomend&y suggesing thatthe visual system assignsa higherimporenceto huethanto form during boundarydetcion.
Thus arandomhueinterfereswith form boundarydetecion, but arandomform hasno effecton hueboundarydeecion. A
similar asymmety exists betweenhueandintensty. Randomhuehasno effecton deecing boundaresde nedby intengty.
However, randomintengty interfereswith hueboundarydetecion. Callaghanconcludedthatintensty is moreimportant than
hueto the low-level visual systemduring boundaryideni caion[6].

Researchrscontinue to expand preattetive processimg in a number of exciting directions. To date,most of the featuesused
in preattenive tasks have beenrelatively simply properties (eg., hue,orienfation, line lengh, andsize). Ennsand Rensnk,
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Figure 2: Region segregation by form and hue: (a) hue boundaryis identi ed preattentrely, even thoughform varies in the two regions (b) randomhue
variationsinterferewith theidenti cationof aregion boundarybased on form

however, have ideni eda class of three-dmensonalelemens thatcanbe detecied preatentively [15, 16]. They have shown
that three-dmensonalorienttion, shape,anddirecion of lighing canbe usedto make elemens “pop-ouf’ of avisual scene
(Fig. 3b and 3c). Thisis important,becaus it suggess thatcomplex high-level conceptanay be procesed preattentvely by
the low-level visual systam.

New taks thatcanbe performedpreattentrely are alo beinginvedigated.Resarchhasrecentlybeenconductedn counting
andestimationin preattentve procesing. Varey describesexperimentsn which subjectswere askedto edimatetherelatve
frequeng of white or blackdots [76]. Her reaults showedthat subject could estimate in four differentways “percentge” of
white dots “percentage’df black dots “ratio” of black dotsto white dots and* difference’betweerthe numberof black and
white dots. She also foundthat subject condstently overegimated small proporionsandunderemated large proporions
Edimation of relative frequeng using hueandorienttion wasshown to be preatentive in experimens conduced in ourlabo-
ratory [22, 24]. Moreover, our reallts showedthat therewasno featureinteracton. Randomorientation did notinterferewith
edimaton of targes with a uniqguehue,and randomhuedid notinterferewith edimation of targets with a uniqueorientation.
This is importantbecaus it suggess thathueandorientationcanbe usedto encodewo independendlatavaluesin a single
display withoutcausng visual interference.

A numberof scienists have propogdcompeingtheoriesto explain how preatentiveprocesingoccursin particular Triesman's
feaureintegration theory[70], Julég' textontheory[34], QuinlanandHumphres similarity theory[48], and Wolfe's guided
searchtheory[83]. Our interes is in the use of visual featureghat have alreadybeenshown to be preattentve. Results from
psychology areextendedmodi ed, tested, and thenintegraiedinto our visualizaion environment

Since preatentive taks arerapid andinsenstive to display size, we believe visualizaion technguesthat make use of these
propertes will supporthigh-geedexplorabry analysis of large, multivariate datasets. Care mug betaken, however, to ensire
thatwe choo® data-featire mappingsthat maximizethe perceptial salienceof all the data attributesbeing displayed.

2.1 Real-Time Preattentive Visualization

Most preatentive technuesare validated by studying a single data framein isolaton. This leadsto an interesing quegion
with importantrelevanceto visualization. If a preattentve tak canbe performedon a single framein 100 millisecondscan
the sametask canbe performedon a reattime sequencef framesdisplayedat ten framesper second?We hypoheszedthat
importart aspectsof preattetive processimg will exterd to a real-time environment. A visualization tool that usespreattetive
featureswill allow viewersto performvisual tasks suchas grouping of similar dataelement (boundarydetcion), detecion of
elementsvith auniquecharacterisc (targetdetection)and edimationof thenumberof elementswith agivenvalue or rangeof
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Figure3: Combinationof simple componentgo form emergentfeatures (a) closure, asimple closed gureis seen;(b) three-dinensonality, the gure appears
to have depth;(c) volume, asolid gure isseen

values dl in reattime on temporaly animated data frames We testedthis hypothess using experimens thatsimulated the use

of ourpreatentive visualizaion toolsin areaktime environment Analysis of the experimentl results suppored our hypothess

for boundaryandtargetdetecion using hueandshape.Moreover, interferencepropertes previoudy repored for static frames
werefoundto apply to adynamt environment

Our initial experimentaddresed two generalquesions aboutthe preattentve featureshue and shape,and their use in our
visualization tools:

Questian 1: Is it possible for subject to detecta data framewith a horizontal boundarywithin a sequenceof random
frame® If so, whatfeaturesllow this and underwhatcondition®

Questin 2: Do Callaghansfeaurehierarchyeffects apply to ourreaktimevisualizaion environmen® Speci caly, does
randomhueinterferewith form boundarydeecion within a sequencef frame® Doesrandomform interferewith hue

boundarydetcion within a sequencef frame®

Experimentaleailts showed accurateboundarydetectioncanbe performedusng either hueor form on sequence®f frames
displayed at tenframesper second.Moreover, feature hierarchyeffects extendedio a dynamc environment speci caly, hue
dominatedform during boundarydetecion. A randomhuepatern makedform boundarés while arandomform patern had

no effecton hueboundarydetecion.
A correponding set of experimenswererunto test targetdetecion, with similar reaults. While both hueandformtargets can

bedekcedpreatentively in areakttime environmentatframerates of tento twenty framesper second) formtargeswereonly
visible whenthe backgrounchuewas held congant. Hue variation masked form targets. Form variation had no effect on the

detection of hue tamets.

We have built a numberof visualizaion tools thatallow users to performexplorabry analysis on their datsets in reaktime.
Experencefrom usingthese tools con rmedthat our experimentl reallts hold for these datasets and tasks.
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3 Color Sdection

Color isapowerful and often-usedvisual feature. Previouswork hasaddresed theissue of choodgng colorsfor ceriin typesof

datvisualizaion. For exampk, Wareand Beaty desribea simple color visualizaion techngjuefor displaying correlation in

a ve-dimensonaldatast[79]. Roberson, Ware, Rheingansand Tebbs and Levkowitz andHermandiscuss variousmethods
for building effective color gamutsandcolormapg38, 52, 53, 78]. Recentwork at thelBM Thomasl. Watson ResearchCenter
hasfocusdon arule-bagd visualizaion tool that consdershow a user perceves visual feaureslike hue,luminance height,

and 0 on [4, 54].

If we use color to repregntour daig, oneimportant quesion to ask is: “How canwe choog effecive colorsthatprovidegood
differentation betweendata elemens during the visualizaion tak?” We addresed this problem by trying to ansver three
relatedquestions:

How canwe allow rapidandaccuratédenti cationof individual dataelementshroughthe use of color?

Whatfacborsdeterminewhethera“tamget’ elements color will make it eay to nd, relative to differenty colored“non-
target” elements?

How mary colors canwe dispay at once,while still allowing for rapd and accuatetargetiderti catio n?

None of the currently-available color selection techniquesvere speci cally desgnedto invedigate the rapid and accurate
ident caion of individualdataelemensbasdon color. Al so, sincethe color gamutand colormapwork usesconinuouscolor
scalesto encodenformation,they have notaddresed thequegion of how mary colorswe caneffectively display atonce while
till providing gooddifferentiatiorbetweenindividual dataelements

We beganby using the perceptially balancedCIE LUV color modelto provide contol over color distanceandisoluminance.
We also exploited two speci c reaultsrelated to color targetdetecion: linearseparaton [12, 2] and color catgory[35]. These

effectsare controlledto allow for the rapid and accurateidenti cation of color targets Target identi cation is a necesary

rst step towards performingother typesof exploratorydataanalyss. If we canrapidly and accuratelydifferentiateslements
based on their color, we canapply ourresults to otherimportnt visualizaion techngueslike detecion of databoundarés the

tracking of dataregionsin real-time,and enumeratian tasks like counting and estimation [24, 71, 76].

3.1 CIELUV

TheCIE LUV color modelwaspropogdby the Commission Internaionak de L' Eclairge (CIE) in 1976[85]. Colorsare spec-
i ed using the threedimersions  (which encodeduminance), ,and (whichtogetherencodechromaticity). CIELUV

providestwo usefu propertiesfor controlling percevedcolor differerce. First, colorswith thesame  areisoluminant. Sec-
ond,Euclideandistanceandperceved color differencgspeci edin units) canbeinterchangedsincethecolor difference
betveentwo color stimuli  and (postionedin CIE LUV at , repectvely) isroughly:

1)

3.2 Linear Separation

The linear separationeffect hasbeendesribed by both D'’Zmura andBaueret. a [2, 12]. D'Zmura wasinvestigating how
the humanvisual system ndsa targetcolor in a seaof backgrounchon-trget colors. D'Zmura ran experimens that asked
observers to deermine the preenceor abenceof an orangetarget Two groupsof differenty colored non-target elemensg
werealo preentin eachdisplay (eg., in one experimenthalf the non-tagetsin eachdisplay were colored greenand half
werecoloredred). Results showedthat whenthe targetcould be separaéd by a straightline from its non-targetsin color space
(Fig. 4, target T andnon-trgets A andC), the time requredto determine the targets presence or absencewas condant, and
independentf the total numberof elemens being displayed. This suggess detection occurspreatentively in the low-level
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visual system. Whenthetarget was collinearwith its non-tagets(Fig. 4, target T and non-tagetsA andB), thetime required
to idenify the target was linearly proportonalto the numberof elemens being displayed. Observershadto searchserially
througheachdisplay to determinewhetherthe target was present or abent. Baueret. a strengthened'Zmura's resllts by
showing that perceptially balancedcolor modek cannotbe used to overcomethe linearseparaton effect Baueret a aso
replicatedtheir ndingsin threeadditionalcolor regions green blue,andgreen-yelow. Thissuggesslinearseparaton applies
to colors from differentpars of thevisible color doman.

blue-purple
color category boundary

blue

purple

B .
T-BC
linear separation

Figure4: A small, isoluminant patchwithin the CIE LUV color model, showing atarget color T andthreebackgroundlistractercolorsA, B, and C; notethat
T is collinearwith A andB, but canbe separatedby a straightline from B andC; notealsothat T, A, and C occuy the “blue” color region, while B occupies
the“purple” color region

3.3 Color Category

Kawai et. al [35] repored reaults that sugges that the time requredto identfy a color targetdependsn parton the named
color regionsoccupedby the tamgetandits non-targets. Kawai et. al testeddisplaysthatconfaineda uniquely color targetanda
congant numberof uniformly colorednon-targets. They dividedan isoluminant perceptially balancedcolor slice into named
color regions Their reaults showed that searchtimesdecreasd dramaicaly whenever the non-trget was moved outside the
target's color region. For exampk, nding atargetcoloredT in a set of non-frgets coloredA wassigni canty moredif cult
thanthan nding T in aset of non-ergetscoloredB (Fig. 4). Sincethe target-non-trgetdistances and  areequal, there
was an expecttion of perceptial balancethatshould have beenprovidedby the underying color model This expectation was
notmet Kawai et. al suggessthedifferencan performances dueto the factthatboth T andA arelocaedin the blue color
region, but A isnot

3.4 Experiments
We ran a numberof experimens to study the effects of color distance,linearseparaton, andcolor cakegory. Subjects were

shown displays that contained multiple colored squares. Eachsubjectwas askedto determine whether a target square with a
particularcolorwaspresentor absentin eachdisplay. Theexperimentsveredesgnedto teg thefollowing conditions
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selectim criteria, which selectioncriteria (color distance linear separation andcolor cateyory) needto be consderedto
guarangéeequaly distinguishable colors,

simuttaneousolors, how mary colorscanwe dispay at the sametime, while still allowing usersto rapdly and accuately
determine the presenceor absnceof any paricular color, and

dispay size, is performanceaffectedby the numberof elementsin adisplay.

We foundthatup to seven isoluminantcolorscanbe displayedsimultaneouly, while still allowing for therapidand accurate
ideni caion of any oneof the seven. Thetime requiredto performideni caion wasindependendf display size,suggesing
thattamget detectionis occurringpreattentiely. Our reaults also showedthatall threeselectioncriterianeededo beconsdered
to guaraneéecongstent performance When only someof the seleciion criteria wereused (eg. only distanceand separaton,
or only cakgory) the amountof time requredto idenify targets dependedn the color of thetarget somecolorswerevery
eay to idenify, while othercolorswerevery dif cult. This agymmety suggesed that the colorswe chos werenotequaly
distinguishable, and thereforethatthe selecion criteria being usedwerenotsuf cientto properly control perceved difference
betweenthe colorsduring targetdetecion.

4 Visualizing CT Medical Scans

Onepracical appicaion of our color selecion techngueis the use of color to highlight regionsof intereg during volume
visualization[66]. Radiologids from the Universty Hospital at the Universty of British Columbiaare studying methodsor
visualizingabdominalaneurisns. Traditionalrepairof an abdominalaneurisn entailsamajoroperatiorwith anincisioninto the
aneurisn, evacuationof the clot containedwithin, placemenbf a syntheticgraft, andwrappingof the graft with theremnants
of the wall of the aneurisn. Recently a new treatmentoption, endaascular stenting, hasbeenpropogd andis currently
undegoingclinicaltrials. This proceduredoesnotrequire generabneshesaand canbedonelessinvasively by smply placing
a self-expanding stert graft via a catleterinto the aneurismto stablize it. Lesst patients are ale to withstard the procedure,
hogital stay iscutto 1to 2 days and pog-operatverecovery is shortenedconsderabyy.

After theoperaton computdtomography(CT) scansare usedto obtain two-dimensonaldicesof apatient' sabdomnal region.
Thes dicesarereconsructed to producea three-dimensonalvolume. Thevolumeis visualizedby the radiologists to perform
pog-operatve analyss. A two-pas segmentatiorstepis used to strip out materialin eachCT dlice thatdoesnot correpondto
oneof the regionsof intered: the artery running throughthe abdomenthe aneursm, and the metal hooks(caled tyne9 used
to embedhe stentgraft within theaneurisn. Therecons$ructedvolumesmug show clearlyeachof thes threeregions

Normally, greyscaleis used to display recongructedmedicalvolumes Changesn luminancearemog effectivefor repregnting
the high spaial frequeng data containedin thes kindsof datsets. For our applcaion, however, oneof the mos imporant
taks is identifying the exact postion of the tynes(which in turn identify the postions of eachof the correpondingstent
grafts). In our greyscale volumethe locaion of tyneswithin the aneursm are obscuredby the wall of the aneursm itself
(Fig. 5a). Differentlevels of trangareny wereusedto try to “see through”the aneurism, however, we could not nd any
appropriatevalue that showedthe tyne locations within the artery, while at the same time providing an effective represeration
of the three-dinensgonalshapeandextentof thewall of the aneurem. We decdedthat for this applicaion, it might bemore
approprate to high the threeregionsof intereg usng color.

Althoughthe radiologists had alreadychosna set of colors basd on context and aeshetic consderatons it did a poorjob of
showing the size andshapeof the aneurisn (Fig. 5b). We replacedheir colorswith threenew onesusing our color selection
techngue. The radiologists asked us to avoid greensand green-ydlows, since thes are asociated with bile. We decidedto
use yellow to repregent the artery, purple to repreent the aneursm, andredto repregntthetynes(Fig. 5¢). Thes colorsshow

clearlythe location of all threeregions of interestwithin the volume. For example, consider the large patches of yellow within

the aneurem. Thes are areasof “l ow support wherethe grafts in the lower part of the artery were not inserted far enough
to mesh with their upgreamparier. Althoughnot dangerousthes areexacty the kindsof feauresthe radiologists wantto

identify during post-operative visualization.
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Figure5: A reconsructed CT volume showing an abdominal aneurisn: (a) greyscale hidesthe location of the tyneswithin the aneurisn; (b) a color scale
choenby theradiologigs obsuresthe shapeand extentof thewall of the aneurisn; (c) threecolorschoenwith our perceptuatolor selectiontechrique

5 Perceptual Textures

Oneof theimportantissuesin scienti ¢ visualizationis desgning methoddor repreenting multiple values(or attributeg at a
single spatiallocation. Althoughit is possible to assign differentvisual featurego eachattribute, simply “stacking” multiple
featurestogetherwill mostlikely leadto dispaysthatareunintelligible.

Ratherthanchoo$ng multiple individual featuredi.e., color, shape,size, orientation, line lengh), we decidedto try usng a
single visual feaurethat could be decomposedinto a set of fundamenrdl parts or dimensons We cho< to invegigate texture
for thispurpo.

Texture hasbeenstudied extersively in the computer vision, computer graphics, and cognitive psychology communities. Al-
thougheachgroupfocuses on separateass (textureidenti cationand texture ssgmentationin computervision, displaying
informaton with texture patternsin compugrgraphcs and modelng thelow-level humanvisual systemin cogntive psychok
ogy) they eachneedwaysto dexribe preci®ly thetexturesbeingidenti ed,class ed, or displayed.

Researchersave used differentmethodsto study the perceptial feauresinherentin a texture patern. Bela Julés [32] con-
ducted numerousxperimens thatinvedigatedhow atexture's rst, second,andthird-orderstatistics affectdiscriminaion in
the low-level humanvisual system. This ledto the texton theory[33], which suggess thatearly vision detect threetypesof
feaures(or textons as Juléexz called them): elongagd blobswith speci ¢ visual propertes (e g., hue, orientation, and width),
endsof line segment, andcrossingsof line segmens. Tamuraetal. [67] and Rao and Lohs2[49, 50] ideni edtexturedimen-
sionshy conductng experimens that asked subjects to divide picturesdepicting differenttypesof textures(Brodatkz image$
into groups Tamuraet al. usedtheirreaultsto propoe methodfor measiringcoarenes, contras, directionality, line-likenes,
regularity, and roughnes. Rao and Lohse used multidimengonal scaling to identify the primary texture dimensons used by
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their subjectsto group images: regularity, directionality, and complexity. Haralicket a. [19] built greyscalespatial dependency
matricesto idertify featueslike homogeneity, contrast,and lineardependency. Thesefeatueswereusedto classify satellite
imagesinto catgories like foreg, woodlands graslands and water. Liu and Picard[40] used Wold featiresto synthesze
texture patterrs. A Wold decamposition dividesa 2D homogeneous pattern (e g., atexture patern) into threemutually orthog-
onalcomponentsvith perceptuapropertieghatroughlycorrepondto periodicity, directionality, and randomnes Malik and
Perana [42] designed computer algorithms that use orientation  Itering, nonlinearinhibition, and computation of the resuting
texture gradientto mimic the discriminationability of the low-level humanvisual system. We used the® reaults to choo® the
perceptial texture dimensonswe wantedto investigate during our experimens.

Work in compuergraphtshasstudiedmehodsfor usingtexturepatternsto displayinformaion during visualizaion. Schweitzer
[59] usadrotateddiscsto highlightthe orientationof athree-dimeni®nal surface.Pickettand Gringein[17] built “stick-men”
iconsto producetexture patternsthat show spatial coherencen a multidimensonal datagt. Ware and Knight [80, 81] used
Gabor Itersto congructtexture paterns attributesin anunderying datset are usedto modify the orienttion, size,andcon-
trad of the Gaborelemens during visualizaion. Turk andBanks[75] desribedan iterated method for placing streamines
to visualize two-dimengonalvecor elds. Interranie [29] displayedtexture strokesto help show three-dmengonalshapeand
depthon layeredtrangarentsurfaces principal directionsand curvaturesare used to orientandadvectthe strokesacros the
surface. Finally, Salisbury etal. [57] and WikenbachandSalesn [82] usedtexturing techniquego build computergenerated
pen-and-ik drawingsthatcorvey arealstic sense of shapedept, and orientation. We built uponthes reaultsto try to develop
aneffective methodfor displayingmultidimensgonaldatathroughthe use of texture.

5.1 Pexels

We wanted to design a techique that will allow usersto visualize multidimensional datasetswith perceptual textures. To
this end,we used a method similar to Wareand Knight to build our displays. Eachdata elementis repregntedwith a single
perceptial texture element or pexel. Our visualizaion environmentconssts of a large numberof element arrayedacros a
three-dmensonalsurface(e g., atopographtalmapor the surfaceof athree-dmensonalobjecf). Eachelementcontainsone
or moreattributesto bedisplayed. Attribute valuesare usedto contol thevisual appearancef a pexel by modifying its texture
dimensons Texture paternsformedby groupsof spatialy neighboring pexels canbeusedto visually analzethe datset.

We cho to study threeperceptial dimensons densty, regularity, and height Densty andregularity have beenideni edin
theliteratureasprimarytexture dimensons[49, 50, 67]. Althoughheightmight not be consderedan “intrinsic textural cue”,
we notethatheightis oneagpectof elementsize,andthatelementsizeis animportant propery of atexturepatern. Moreover,
realts from cognitive vision have shown thatdifferencesn height aredetected preatentively by thelow-level visual system
[1, 70]. We wantedto build three-dimeni®nal pexelsthat“sit up” on the underlyingsurface. This allows the possibility of
applyingvariousorientationganothetimportaniperceptuatiimenson) to a pexel. Becaus of this, we chos heightasourthird
texturedimenson.

In orderto supportvariation of height, densty, and regularity, we built pexelsthatlooklikeacollecion of paperstrips Theuser
mapsattributesin thedatatto thedensty (whichcontrolsthenumberof stripsin a pexel), height,andregularity of eachpexel.

Examplesof eachof thes perceptuabdimensonsareshown in Fig. 6a. Fig. 6b shaws anexampleof our techniqueappliedto

the oceanographicata®t: environmentalconditionsin the northernPaci ¢ Oceanarevisualizedusng multicoloredpexels.

In this display, color repregntsopen-oceamplanktondengty, heightrepregntsoceancurrentstrength(taller for stronger),and
densty repreents sea surfacetemperatire (den®r for warmer). Fig. 6b is only oneframefrom a muchlarger time-series of
historical oceanconditions Our choiceof visual featureswas guidedby experimentateaults thatshow how differentcolorand
texture propertiescanbe usedin combination to represen multivariate dataelements.

5.2 Experiments

In orderto teg our perceptial dimensonsandthe interacionsthat occurbetweenthem during visualizaion, we ran a set of
psychophygcal experiments Our experimentsverededgnedto invegigatea user's ability to rapidly and accuratelyidentify
target pexels de ned by a particular height, densty, or regularity. Users were asked to determine whethera small group of
pexels with a particular type of texture (e g., a group of taller pexels, asin Fig. 7a) waspreentor absentin a array
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current strength gradient (height) dense plankton blooms (color)

temperature gradients (density)

(b)

Figure6: Pexel exanples (a) abackgroundarrayof short, sparse, regular pexels, the lower and uppergroupson the left containirregular andrandompexels,

regectively; the lower and uppergroupsin the centercontainden and very den® pexels the lower and uppergroupsto the right containmedium andtall

pexels (b) Color, height,and dendty used to visualize open-ocearplanktondengty, oceancurrentstrength,and seasurfacetemperature repectvely; low

to high planktondensgties repregntedwith blue, green,brown, red, and purple, stronger currentsrepregnted with taller pexels, and warmer tenperatures
repregntedwith den®r pexels
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(a) (b)

Figure7: Two display typesfrom the taller andregular pexel experiments (a) a target of mediumpexelsin a seaof short pexels with a backgrounddensty
pattern( target group locatedleft of center);(b) a targetof regular pexelsin a seaof irregular pexels with no backgroundexture pattern( tamget
grouplocated8 grids stepright and2 grid stepsup from the lower-left cornerof the array)

Conditionslik e target pexel type, exposure duration,target groupsize, and backgroundexture dimensonsdifferedfor each
display. This allowed us to teg for preattentie tak performanceyisual interferenceanda user preferencdor a particular
targettype.In al cags user accurag was used to measire performance.

Eachexperimentaldisplay containeda regularly-gpaced array of pexels rotated aboutthe X-axis (Fig. 7). All
displays weremonochromact (i.e., grey andwhite), to avoid variationsin color or intensty that might mas the underying
texture pattern Grid linesweredrawn at eachrow and column, to ensure usersperceived the pexels aslying on atilted 3D plane.
After adisplay wasshown, userswereaskedwhethera groupof pexels with a particulartarget value waspresntor absent. In
orderto avoid confuson, eachuser searchedor only onetype of target pexel: taller, shorter sparser, den®r, moreregular, or
moreirregular Theappearancef thepexelsin eachdisplay wasvariedto ted for preattentve performanceyisual interference,
ard feature prefererte. For example, the following experimental conditions wereusedto investigatea user's ahility to idertify
taller pexels (smilar conditionswereusedfor the shorter, denr, spars, regular, and irregular experiment):

two targetbackgroundpairings a target of medum pexelsin a seaof short pexels, andatarget of tall pexelsin a sea
of medum pexels; differenttargetbackgroungairingsallowed us to teg for a subjectpreferencdor a pariculartarget
typey

threedisplay duratons 50 msec, 150msec,and450msec; we varied exposure duraton to ted for preatentive perfor
mancegspeci caly, doesthetask becomemoredif cult during shorter exposures

threesecondarytexturedimensons none(every pexel isspare andregular),densty (half thepexelsarerandomy chogn
to be sparse, half to be den®), andregularity (half the pexels areregular, half are random);we addeda “background”
texture feaure to teg for visual interference,that is, doesthe task becomemore dif cult whena secondarytexture
dimenson appearst randomspatial locatonsin the display, and

two tarmgetgroupsizes pexels and pexels; we used differenttarget groupsizesto see how large a group of
pexels was neededeforethetargetcould be detectedoy aviewer.

Our reaults sugges that pexels can be used to repregnt multidimensonal data elements but only if speci ¢ data-feature
mappngsarechoen. Somedimensonsweremoresalient thanothers and interferenceoccurredwhenceriin typesof pexels
weredisplayed. Speci caly, we foundthat

taller pexelscanbeidenti edat preatentive expoureduratons(i.e., 150msecor less) with very highaccurag (approx-
imately 93%); backgroundiensty andregularity paternsproduceno signi cantinterference,

shorter, den®r, and sparser pexels are moredif cult to identify thantaller pexels, althoughgoodresults arepossible at
both 150and450msec; height, regularity, and densty backgroundexture paternscau interferencefor all threetarget
types
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irregular pexels are dif cult to identify, althoughrea®nableaccurag (approximately76%) is possible at 150 and
450msecwith no backgroundexture patern, and

regularpexels cannotbe accuratelyidenti ed;the percentagef correctreallts approacheghancei.e., 50%) for every
condiion.

Thesrealltsshow thatheightanddensty canbeusedto to formtexturepatternghatcanbeidenti ed preattentrely. Regularity,
however, canonly be used as a secondarydimenson. While differencesn regularity cannotbe detecid consstently by the
low-level visual system, in many caseduserswill be abe to seechanges in regularity when areasof interestin a datasetare
ideni edandanalyzedin afocusdor atentive fashion.

6 Orientation

00010 00O01000014132314

00001 01 0O0O0O0DO0D0D0346345

00000 1 01010001075646

00000 0O O0OO0OOOODO0D00276357

01011 109 910000065701

00000 01313150 0000115000

000101516151618 0000000000

00000 181918161819000010000 (b) (c)
00000 161920201916010000000 | |
00000 161818192015010100000 X
1000151717 18171919050000000

0000141412 0 1316 9890001000

00091213140 0 1410701100000

000911130 0 0128710100010

00789 00 0 0109000000000

02568 00 0000000000000

03456 0 001 00OO0O0O0O0O0OO0OO0O0O

20424 0 0 0000001000000

21240 0 0000 O0O00000OO0CO0O0O

00200 01 00O0O0OO0OD0OO0C0OO0OOOOO

(@)
(d)
Figure8: (a) A patchof valuesfrom ascalar eld; (b) the patchrepregntedby greyscaleswatches (c) a collection of divers oriented0 ateachdata

valuelocation;(d) the greyscalemap and sliversand combined to producethe nal sliver layer

A follow-up study was recentlyconductedo ted anotherperceptuatexture dimenson: orientation.This work was motivated
in part by the desireto construct an alternative method for visualizing multiple overlaping data eld s. The well-known method
of selectiry  visual featuredo repregnteachof the datattributeshasanumberof inherentimitations

dimersionality: asthe numberof attributesn in the dataset grows, it becomesnoreand moredif cultto nd additional
visual featuredo repregntthem.

interference:differentvisual featireswill often interactwith oneanoter, producng visual interferencethes interfer
enceeffectsmug be controlledor eliminatedto guaranteeffective explorationand analyss.

attribute-feature matching: differentvisual featresarebeg suited to a paricular type of attribute and analysis task; an
effective visualizationtechniqueneedgo regectthes preferences
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Multidimersional datasetscan often be viewed as a col-
lection of  scalar eld s that overlap spatially with one
anoher Rather thanusng  visual featuresto repregnt
thee elds we canuse only two: orientationand lumi-
nance.For eachscalar eld (repregntingattribute ) we
selecta condant orientation  ; at variousspatial locatons
wherea vaue exists, we placea correponding
diver texture oriened at . The luminanceof the diver
texture dependson  : the maximum _ pro-

@) ®) ducesa white (full luminance) sliver, while the minimum

| X | _ produces black (zeroluminance)diver. A
perceptially-balanceduminancescale running from black
to white is used to select a luminancefor an intermediate
values

Fig. 8a shows a uniformly-sampkd path from a hypo-
theticalscalar eld. Valuesin the eld arerepregntedas
greyscale swatchesin Fig. 8b. A condant orientation of O

is usedto represent values in the eld (sliversrotated0 a
replacedatthespatiallocationgfor eachreadingin the eld,
shown in Fig. 8c). Blending thesetwo represertations to-
getherproduceshe nalimage(Fig. 8d),alayerof variable-
luminanceslivers showing the postionsandvaluesof al the
da@intheoriginal eld.

©

Figure 9: (ab) two scalar eldsrepregntedwith 0 and 90 , regec- . . .. .
tively; (c) both elds displayedin a single image, overlapping values Multiple scalar eld s are dispayed by compositing their

show aselenentsthatlook like plus signs diver layerstogether Fig. 9a-b shows two separatesliver
layersrepregntingtwo scalar elds. The rst eldusesdliv-
ersorientedO ; thesecondusessliversoriented90 . When
aviewervisualizesboth eldssimultaneousy, thediverlay-
ersare overlayedto producehesingleimageshown in Fig. 9c. Thisimagealowstheviewerto locatevaluesin eachindividual
eld, while atthe same time identify ing importart interactios betweenthe elds. The use of thin, well sefaratedsliversis key
to allowing valuesfrom multiple elds to show throughin acommonspatiallocation.A viewer canuse thee imagego:

deerminewhich elds are prominentin aregion,
determine how strongly agiven eld is present,
estimatethe relative weights of the eld valuesin the region, ard

locat regionswhereall the eldshavelow, medum,or high values

6.1 Experiments

Ourinitial experimentsnvedigateda viewer's ability to distinguish diver textureswith different2D orientations(i.e., slivers

with differentrotaonsembeddedn the XY-plane). Eachtrial containeda grid of rectangkesrotated . A randomy
selected patchof targetrectanglesvasthenrotated . In half the trials (i.e., the targetwasabeent, Fig. 10b).In
the other half, (i.e., atagetwaspre®nt, Fig. 10aand10c). We testedbackgrounarientatonsranging from 0-45 and

45-90 in 5 steps For eachbackgroundevery orientationwasteded asatamget(i.e., ten targetrotations0,5, , 45 were
tededfor eachbackgroundn therange0-45 ; tentargetrotations45,50, , 90 weretededfor eachbackgroundn therange
45-90).

In summary our results showed:
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Figure10: An exanple of threeexperiment displays:(a)a1l0 targetinaO backgroundtargetis ve stepsright andeightstepsup from thelower left corner
of thearray); (b) a30 backgroundvith notamet;(c) a65 tamgetina55 backgroundtametissix stepdeft and seven stepsup from thelower right corner
of thearray)

1. A targetoriented or morefrom its backgroundelementss rapidly and accuratehdistinguishable.

2. Errorsfor backgroundsriented0 or 90 weresigni canty lower thanfor other backgroundgeg., tilted targets are
easer to seein backgroundsf 0 or90 ).

3. Errorsfor targessoriented0 or90 weresigni canty higherthanfor othertargess, suggesing an asymmety (goodasa
backgroundbadas atarget) for thes orienttions

7 Scanning Electron Microscope Images

The application for which this techiquewas originally developedisthe dispay of multiple data eld sfrom ascaming electran
microope(SEM). Each eld repregntsthe concentratiorof a particularelementoxygen,silicon, carbon,andso on) acros
a surface. Physdcists studying mineralsamplesneedto determinewhat elementsmake up eachpart of the surfaceand how
those elemens mix. By alowing the viewer to seethe relative concentationsof the elemens in a given area, our techngue
erablesrecanition of compositesmore easilythanside-by-side comparism, esgecially for situations wherethere arecompl ex
amalgam®f materials

Fig. 11ashows dliver layersrepregnting eight separateelements calcium(15 ), copper(30 ), iron (60 ), magnesim (75 ),
manganes (105 ), oxygen(120 ), sulphur (150 ), and silicon (165 ), The orientationsfor eachlayerwerechoento endirre
no two layers have an orientation differerce of lessthan 15 Fig. 11b shows the eight layers blendedtogeter to form a
singleimage.Fig. 11cchangeghe orientationsof silicon andoxygento 90 and180 , regectively, to investigatea potential
interactionbetweenthe two (the preenceof silicon oxidein theupperright, upperleft, andlower left whereregionsof “plus
sign” texturesappear).

Ourreallts sugges upto 15 orientationsin the 0-180 rangecanberapidly and accuratelydifferentiated The greyscaleramp
usdto asign aluminanceo eachdliveris also condructedto be perceptuallylinear. Thereallt is animagethat shows data
valuesin eachindividual eld, while atthe sametime highlightingimportantinteractiondetweerthe elds

8 Combining Color and Texture

Althoughtexture and color have beenstudied extensgvely in isolation, muchless work hasfocusedontheir combineduse for
informaton repregntation. An effectve method of displaying color and texture patterns simultaneousy would increas the
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Figurell: (a) eightsliver layersrepregnting calcium (15 ), copper(30 ), iron (60 ), magnesium(75 ), manganes€105 ), oxygen(120 ), sulphur(150 ),
andsilicon (165 ), (b) all eightlayersblendedinto a single image; (c) silicon and oxygenre-orientedat 90 and180 , regectively, to highlight the presence
of silicon oxide (asa“plus sign” texture)in the upperright, upperleft, andlower left cornersof theimage

numberof attributeswe canrepregntat onetime. The rst step towardssupportng this goalis the determination of theamount
of visual interferencethatoccursbetwveenthes featuresduring visualizaton.

Experimensin psychophyscs have producedntereging but contadictory answersto this quesion. Callaghanrepored asym-

metic interferenceof color on form during texture ssgmengtion: a randomcolor pattern interferedwith the ident caton of

a boundarybetweentwo groupsof differentforms but a randomform patern hadno effecton idenifying color boundares
[7, 8]. Triesman,however, showedthatrandomvariation of color hadno effecton detecing the preenceor abenceof atarget
elementde ned by adifferencdn orientation(recallthatdirectionalityhasbeenidenti ed asa fundamentaperceptuatexture
dimengon) [73]. Recentwork by Snowden[64] recreatedhe differingreaults of both Callagharand Triesman. Showdenrana

numberof additionalexperimensto teg the effects of randomcolor and stereodepth variation on thedetecion of atargetline

elementwith a uniqueorientation. As with Callaghanand Triesman, reaults differeddependng on the targettype. Searchfor a
singleline elementwas rapidandaccurateeven with randomcolor or depthvariation. Searchfor a spatial collectionof targets
was eay only whencolor anddepth were xedto acondant value. Randomvariation of color or deph producedasigni cant
reductionin detectionaccurag. Snowdensuggess thatthe visual systemwantsto try to groupspatially neighboringelements
with commonvisual feaures even if this groupingis not helpful for the task being performed.Any randomvariation of color

or depth interfereswith this groupg proces, therebyforcing areducton in performance.

Thesereslts left unansweredthe question of whether color variation would interferewith texture identi catio n during visu-
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alizaton. Moreover, work in psychophyscs studied two-dimensonal texture sesgmengtion. Our pexels are arrayedover an
underying height eld, thendisplayedin 3D udng a pergectve projecion. Most of the researchto dat hasfocusdon color
ontextureinterferenceLess work hasbeenconduced to study how changesn texture dimengonslike height, densty, or reg-
ularity will affectthe identi catio n of dataelements with a particuar target color. The question of interfererce in this kind of
height- eld environmentheedso be addresed beforewe canrecommendnethodsfor thecombineduse of color andtexture.

8.1 Experiments

In orderto invedigate the combheduse of color andtexture, we desgneda new set of psychophyscal experimens. Our two
speci ¢ quesionswere:

1. Doesrandomvariation in pexel color in uencethedetecion of aregion of target pexelsde nedby heightor densty?

2. Doesrandomvariation in pexel heightor densty in uencethe detecion of aregion of targetpexelsde nedby color?

We cho to ignoreregularity, sinceit performedpoorly asatargetde ning propery during al phass of our original texture
experimens [25, 26]. We chos threedifferentcolors using our perceptial color selecion techngue[20, 25]. Colors were
initially selectedin the CIE LUV color space,then cornvertedto our monitor's RGB gamut. The threecolorscorreponded
approxmatly to red (monitor RGB = 246, 73, 50), green(monitor RGB = 49, 144,21) andblue (monitor RGB = 82, 109,
168). Our new experimentswere condructedaround a set of conditionssimilar to thos used during the original texture
experimens. We varied targetbackgroundpairings expoaure duraton, the preenceor absnceof a secondarybackground
feature andtargetpatchsizefrom trial to trial to ted user performancen anumberof differentcircumgances

Meanpercentagéarget detectionraccurag was the measire of performanceQObserverrepongswerecollected averagedand
analyzedusng multi-factorANOVA. In summary we found:

1. Color tamgess weredetecedrapidly (i.e., at 150ms) with very high accurag (96%). Backgroundvariationin heightand
densty producechointerferenceeffecsin this detecion tak.

2. Detectionaccuray for targetsde ned by densty or heightwerevery similar to reaults from our original texture experi-
ments[25, 26]. Whentherewas no backgroundrariationin color, excellentdetectionaccurag was obtainedfor densty
de ned tamets(i.e., dengr andsparsr targets) at 150 ms (94%). Height de nedtargets (i.e., taller and shorter) were
detectedsomewhatless accuratelyat 150 ms (88%) but werehighly detectableat 450ms (93%). As we hadalso found
previoudy, taller targets weregenerdly easer to detectthanshorter targets, and den®r targets were easer thansparser
targets.

3. In all fourtexture experimens, backgroundsariation in color produceda smal but signi cantinterferencesffect aver-
aging6% in overall accurag reduction.

4. Theabsolutereductionin accurag dueto colorinterferencelependean thedif culty of thedetectiontak. Speci cally,
colorinterferedmorewith theless visible targetvalues(shorterand sparser targetsyieldeda meanaccurag reductionof
8%) thanwith themorevisible targets(taller and den®r targetsyield ameanaccurag reductionof 4%).

Ourrealltsshowedanagymmetricinterferencesffect,similar to thosreportedn thepsychophyscal literature.Asdescribedby
[64], we foundthat color producesa smal but statisticaly reliable interferencesffectduring texture ssgmengtion. Moreover,
we foundcolor and textureforma“featurehierarchy”that producesasymmetic interference:color variation interfereswith an
observer'sability to seetextureregionsbasedon height or density, but variation in texture has no effecton region detection based
oncolor. Thisissimilar to reporsby [7, 8], whorepored asymmetic color on shapeinterferencen aboundarydetecion task
involving two-dimengonaltextures Theamountof color on textureinterferencedependedn thedif culty of the ssgmengtion
task Tametsthatwereharderto idertify inisdation (e g., shorter and sparser targets) showedamuchhighersenstivity to color
interferencecomparedo targetsthatwereeay to identify (e g., taller and den®rtargets). This suggessthatcolor andtexture
canbecombhnedin asingle display, but only in caseswherethetexturetargets have a strongperceptial salience.

37



9 Nonphotorealistic Visualization

For mary yearstheareasof modelng andrenderngin compuergraphtshave studiedthe problemof producig phobrealstic
imagesimagesof graphical modek that areindistinguishable from phobgraphf anequialent realworld scene.Advances
in areadike the simulation of globallight trangort, modelng of natural phenomenaandimage-basdrenderhg have made
dramaticstridestowardsachieving this goal. At the sametime, researcherdhave approachedhe issue of imagegeneration
from a completelydifferentdirection. Althoughphotographsrecommon,thereare mary othercompellingmethodsof visual
discourse, for exampk, oil and watercolor paintings penandink sketches celanimation, andline art. In thepropersituatons
these typesof picturesare often condderedmore effective, more appropréte, or even more expresive than an equivalent
phobgraph.The study of methodsthat congructimageof thes typesis known asnonphobrealistic rendeling.

Ourcurrentinteregslie speci caly in nonphobrealstic renderng methodsthat use smulatedbrush strokesto produceémages
thatlook like paintings Strassmann[65] condructeda “hairy brugh”, a collectionof bristles placedalonga line segment;
Japanes-style brush strokesare producedby applying ink to the brush, then moving it along a path over a ssimulated paper
surface. Haberli[18] built a system that paintswith a brush thata user strokesacros an underlyingimage;the size, shape,
color, location,anddirectionof brush strokes canall be varied.Hsu et a. [28] usedvectorbasdskeletalstrokes with variable
thicknes drawvn along a parametriccurve to produceinteresing line-artimages Meier [44] attachedparticlesto surfaces
in a 3D scere, then rendered a brush stroke (with variable calor, size, and direction) at eachparticle position to paint the
scene.Litwinowicz [39] clippedstrokesto objectboundares thenrenderedhemas linesor texturemapswith variable length,
thicknes, direcion, andcolor. Curtis etal. [10] built a uid- ow simulation to modelthe interacionsof brush, watercolor,
andpaperduring the painting of watercobr images Shiraishi and Yamaguchi60] compuedimagemomensonatargetimage
to contol the color, locaion, orientation, andsize of the brush strokesin their painterly renderng. Herzmann[27] used a
multilay er painting tecmique, where eachnew layer contains n er details painted with smallerbrush strakes; brush paths are
modeled with spines,while the brushitself allows variation of length, size,opacity, placemem, and color jitter. Interrarte[30]
discussedapplying natural texturesto visualize multidimersional datasets.Laidlaw [36, 37] extended the layered approach
of Meier to visualize multidimensonaldatain a painterlyfasion. Finally, Ebertand Rheingang13] used nonphotorealitic
techngueslike silhouetes, sketchlines and halos to highlightimportant featuresin a volumetic dataset

9.1 Painterly Styles

We believe that fundamerwl propertes of a nonphobrealstic imagecanbeideni edin partby studying the styles used by
artiststo construct their paintings. Our investigation of painterly stylesis directedby two separatecriteria. First, we are
redricting our searchto a particularmovementin art known asImpresioniam. Second,we attemptto pair eachstyle with
a correponding visual feature that has beenshown to be effecive in a perceptial visualizaion environment Thereare no
techncal rea®nsfor why Impresionism was choenover any othermovement In fact we expectthe basc theoriesbehind
our tecmique will exterd easilyto other types of artistic presetation. For our initial work, however, we felt it was importart
to narrav our focusto a set of fundamerdl goakin the the context of a single type of painting style.

Theterm“Impressiamisn’ wasattactedto asmall group of Frerchartists(initially including Monet, Degas, Manet, Reroir, ard
Pissargand laterCézanneSisley, andVanGogh,amongotherg who broke from thetraditionalschoolsof thetimeto approach
painting from a new pergecive. The Impresionist technguewas based on a numberof underling principles|[5, 58, 77], for
example:

1. Objectandernvironmentinterpenetate. Outlinesof objectsare satenedor obscured (eg., Monet's waterlilies); objects
arebathed and interactwith light; shadows arecoloredand movenent is represetedas un nishedoutlines.

2. Color acquiresindependenceThereis no congant huefor an object atmosphercc conditionsandlight moderag¢ color
acrosits surface;objectsmay reduceto swatchesof color.

3. Showa small section of nature. The artistis not placedin a privileged position relative to nature; the world is shown as a
seriesof close-updetils.

4. Minimize perspectve. Perspectveis shortenedand distancereducedo turn 3D spaceinto a 2D image.
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5. Solicit a viewer's optics. Study the retinal system divide tones as separatebrush strakesto vitalize color rather than
graying with overlapping strokes; harnes simultaneouscontag; use modek from color scientists like Chevruel [9] or
Rood[55].

Althoughthes generalcharacteriics are perhapdess precie thanwe might prefer we canstill drav a numberof important
conclusions. Properties of hue, luminance,and lighting wereexplicitly controlled and evenstudiedin a scienti ¢ fashon by
some of the Impresionists. Ratherthanudng an “objectbasd” repregntation, the artists appeato be moreconcernedvith
subdviding a paintingbasedontheinteraction®f light with colorand othersurfaceproperties Additional painterly stylescan
beideni edby studying the paintingsthemslves The® stylesoften varied dramatcaly beweenindividualartists, acing to
de netheir uniquepainting techngjues Exampesinclude:

path: the direcion abrush stroke follows; Van Goghmadeextensve use of curvedpathsto de neboundaresandshape
in his paintings; other artistsfavoredsimpler, straighter strokes,

length: the lengt of individual strokeson the carvas, often used to differentate betweenconextually differentparts of
apainting,

densty: thenumberand size of strokes laid down in a x edareaof carvas,

coarsenes. the coarenes of the brush used to apply a stroke; a coarer brush caugs visible bristle linesandsurface
roughnes, and

weight theamountof paintappliedduringeachstroke; heary strokes highlight coarenes andproduceridgesof paint
that caug underhangigshadovs whenlit from the properdirecion.

Althoughthis collecion of painterly stylesprovidesa good starting point, it is by no meansexhausive. All of the styles
we use are evaluatedfor effectivenes by identifyingtheir perceptuaktharacterigcs, andby validatingtheir ability to support
visualization, discoveryanalysis,and preseftation in areal-world application environmert.

A comparson of perceptial color andtexture properteswith painterly stylesfrom Impresionist artreveak a strongcorregpon-
dencebetweenthetwo. Reducedo perceptuaklementscolor andtexture arethe preci® propertieghatan artist variesin the
appicaton of coloredpigmens of paint to acarvaswith abrush. Fromthis pergecive, color andlightingin Impresionism has
adirectrelationgip to theuse of hueandluminancein perceptial vision. Other painterly styles(e g., pah, densty, andlength)
have similar partnerdn perception(e g., orientation,contag, andsize). This close correpondencéetweenperceptal features
andmary of the painterly styles we hopeto apply is particularly advantageousSince numerousontolled experimenson the
use of percepion have areadybeenconduced, we have a large body of evidenceto use to predict how we expectpainterly
stylesto reactin amultidimersional visualization environmert.

9.2 Experiments

We conduced a set of psychophyscal experimens to tes our hypotess that guidelinesfrom humanpercepiton will extend
to a painterly ervironmert. Our experiments weredesigned to investicatea viewer's allity to rapdly and accuatelyidertify
target brush strokesde ned by a particular color or orienttion. Backgroundorientation, color, regularity, and densty varied
betweendisplays. Thisalowedusto ted for preatentivetask performanceandfor visual interferenceeffects. Theexperimentl
resuts werethen usedto idertify similarities and differercesbetweenpainterly images and existing percepual visualization
techngues

Eachexperimentl display containeda arrayof simulatedbrush strokes(Fig. 12). Viewerswereasked to determine
whethera small, groupof strokeswith a particulartargettypewas present or abent in eachdisplay. Displayswereshown

for 200millisecondsafter which the screenwas clearedthe systemthenwaited for viewersto entertheir answver (either“target
presnt” or “targetabsent”).

The displayswere equally divided into two groups one studieda viewer's ability to identify tarmget strokes basd on color,
the other studied identi cation based on orientation. The appearancef the strokesin eachdisplay was varied to teg for
preatentive performancendvisual interference For exampk, Fig. 12ashows an orangetargetin a seaof pink strokes; all the
strokes have acongant orientation of 30  ; they are sparsly pacled,andarelocatedn acompletelyregular, grid-like pattern.
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Fig. 12bshows a greentargetin a seaof orangestrokes; these strokes however, have a randomorientation, a dens packing,
andan irregularplacementFig. 12cshows a45 orientation target in a seaof strokesrotated30 ; the strokes have arandom
backgroundaolor, very den® packing,andirregularplacementFinally, Fig. 12dshowsa60 tamgetin a45 backgroundthese
strokes have a congantcolor, den® packing,andregularplacement.

@) (b) © (d)

Figure12: Example experiment displays:(a) orangetargetin pink strokes,constant30 backgroundrientation,sparse packing,regular placenent; (b) green
targetin orangestrokes, randombackgroundorientation,den® packing, irregular placenent; (c) 45 tamgetin strokes, randombackgroundcolor, very
den® packing,irregular placenent; (d) tamgetin strokes, congantbackgroundcolor, den® packing,regular placenent

Vieweraccurag andrepongtimewerecombinedandtegedfor signi cance usng amulti-factoranalyss of variance(ANOVA).
In summary we found:

colortargetswereeay to detectata 200millisecondpreattentie expoureduration;a randomorientationpatternhadno
interferingeffecton performance,

orientation targets wereeay to detect whena congant color wasdisplayed in the backgrounda randombackground
color patterncaugd a signi cant reductionin performance,

backgroundiensty hadasigni canteffecton both color andorienttion targets, densr displaysproducedanimprove-
mentin performanceand

backgroundegularity hadasigni canteffecton both color andorienttion targets; irregular displays caugd areducton
in performance.

Ourreaults matchprevious ndings in boththe psychophyscal andthevisualizationliterature,speci cally: (1) color produces
better performancethanorientation during target identi catio n, and (2) anasymmetric color on texture interfererce effectexists
(randomcolor patternsinterferewith orientation ident caton, but not vice-versa). Both reaults have beenshown to exist in
experimentl [8, 64] andrealworld visualizaion settings[25, 26]. Thes reailts extend our previouswork [26], whichfounda
generakolor ontextureinterferencepattern, but no correpondingtextureon color effect Overall, our results provide postive
evidenceto supportthebelief thatperceptial ndingswill carryto a painterly visualizaion environment

10 Visualizing Environmental Weather Data

Based on thereaultsfrom our experimens, we decdedto build anonphobrealstic visualizaion system thatvaried brush stroke
color, spatial dersity, direction (i.e., orientation),and stroke placement{i.e., regularity) to encode multiple data attributes(in
additionto the two spatial valuesused to postion eachstroke). The preenceof featurehierarchiessugges color should be
usedto represeit the mostimportart attribute, followed by texture properties. Our resdts further re n e this to mapping color,
direction,densty, and placementn orderof attributeimportancéfrom mog importanto leas important).
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Thebrush strokes in our currentprototypearesimilar to the onesshown during our experimens. They arecondructed using
a simple texture mappng scheme. This techngueis commonin nonphobrealstic renderng (eg., in [18, 27, 39, 44]). Real
painted strokesarecaptredand corverted into texture maps Thes texturesareapplied to an underying polygonto produce
anapproximation of a callection of gereric brush strokes. We currertly use asmall library of ve represettative brush strake
textures oneof the texturesis randomy selecied andapplied whena stroke is rendered.A stroke's color, direcion, densty,

andplacementre controlledby modifying its texture and by trangormingthe polygonit mapsto.

Oneof theapplcaton tegbedsfor our nonphobrealstic visualizaion techngueis a collecion of monthly environmenél and

weatherconditionscollectedand recordedby the IntergovernmentalPanel on Climate Change. This datagt containsmean
monthly surfaceclimate readngsin - latitude andlongitude stepsfor the years1961to 1990 (eg., readngsfor January
averagedver theyears1961-1990readngsfor Februaryaveragedover 1961-1990andso on). We cho< to visualize values
for meantemperaturewindspeed, pressure, precipitation,and frost frequeng (or temp, wind pressure, precip, and frost).

Based on this orderof importance,we built a data-featiremappng  that variesbrush stroke color, densty, orienttion, and
regularity. We divided density into two separateparts: enegy, the numberof strokesused to repregnta dat element

andcoverage, the percendge of 's screenspacecoveredby its strokes. Both properties represeit painterly styles. Enemgy

describes the number and vitality of strokesin a xed region of a painting (eg., afew long,broad,lazy strokes or mary small,

short, enegeic strokes). Coveragedesribestheamountof the underliing carvas, if ary, that shows throughthe strokes This

producedhe following attribute to visual featire pairings

temp color: darkbluefor low tempto brightpink for high temp

wind  coverage: low coveragefor weakwind to full coveragefor strongwind,

pressue  enegy: asingle stroke,a arrayof strokes or a arrayof strokesfor low to high pressure,
precip orientation: upright(  rotation) for light precipto at (  rotation)for heary precip, and

frost  regularity: regularfor low frost frequeng to irregularfor high frost frequeng.

Fig. 13 shows an exampk of applying  to data for February along the eastcoast of the continertal United States. The
top ve imagesuse a perceptial color ramp (running from dark blue and greenfor smal valuesto bright red and pink for
large values) to show the individual variation in temp,pressure, wind, precip, andfrost. Thereault of applying  to congructa
nonphobrealsticvisualizaionof all veattributesisshowninthebotomimage.Variouscolor andtexturepaternsrepregnting
differentweaher phenomenare noted on this image. Changesn temperatre arevisible asa smooh blue-greerto red-pnk
color variation running north to south over the map. Pressure gradients produceeneigy boundarés shown asregionswith
differentnumbersof strokes packed into a unit areaof screenspace(eg., higherenemgy strokesin Florida repreent higher
pressue readingy. Windgpeedmodi es stroke coverage: weakwind values producesmal strokes with a large amountof
backgrounahowing through(eg., north of the GreatLakes), while strongwind valuesproducdargerstrokesthat compktely

Il their correpondng screenspace(eg., in centralTexasand Kansag. Increagsin rainfal areshown asaincreagg stroke
tilt runningfrom upright (light precip) to at (heavy precip). Finally, a higherfrost frequeng producesmoreirregularity
(eg., strokesin FloridaandsouthernTexasare compktely regular, while strokes in the northern states and Canadaarehighly
irregular).

Fig. 14 usesthe samemappng  to visualize weaher condtionsover the wedern United States for Januaryand Augus.
Thes visualizatonsprovide anumberof interesing ingghtsinto historicalweaterconditionsfor this partof theconinent In
January(Fig. 14a)weakwind values(shown assmall, low coveragestrokes) highlightthe locatonsof the Rocky Mountains
the Casades and the Sierra Nevada range. Typically heavy rainfall in the Paci ¢ Northwes is repregnted by nearly at

strokes. Regionsof severe cold eas of the Rocky Mountins nearDerver andin the northern plains and Canadian praries
appeamaspatcheof dark greenandblue strokes Low presure (i.e., asinglelow enepy stroke for eachdataelementandhigh
frost frequeng (shown as irregular stroke placementovers mog of the map. Conditionsin Augug (Fig. 14b)aremarkedly
differert. Most of the westernUnited Statesis warm (a completely regular placemen of strokes denoting little or no frost
during this month). An areaof intens heat shown asbright pink strokes, is visible in southernCalifornia and Arizona. High
pressue regions coverthe coast,the south, and much of the certral and northernplains. Little or no rainfall is evidert. Finally,
anareaof weakwind valuesis visible as small, low coveragestrokes in northernWashington, Idaho,andMontana.
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temp pressure wind precip frost

Figure13: Nonphotorealiic visualization of weatherconditionsover the eagern United States (top row) perceptualcolor ramps (dark blue for low to bright
pink for high) of meantenperature pressure, windsgpeed,precipitation,andfrost frequeng in isolation; (bottomrow) combinedvisualizationof tenmperature
(darkblue to bright pink for cold to hot), pressure (low to to high enegy for low to high), windspeed(low to high coveragefor weakto strong), precipitation
(uprightto at for light to heavy), and frost frequeny (regularto irregularfor low to high)
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(a) (b)

Figure14: Weatherconditionsover the western United States (a) meantenp, pressure, wind, precipandfrog for January;(b) meanconditionsfor August

11 Visualizing Typhoon Data

Oneof our currenttegbedsfor using pexels to visualize multidimensonal datais the analyss of ervironmentalconditions
relatedto typhoons We used pexels to visualize typhoonactivity in the Northwes Paci ¢ Oceanduring the summerand
fall of 1997. The names“typhoon”and“hurricane”areregion-geci ¢, and referto the same type of weaher phenomena:
an atmogpherc disturbancecharacerized by low pressure, thundersorm acivity, and a cyclic wind patern. Storms of this
typewith windspeedsbelow 17m/sarecalled”tropicaldepresions’. Whenwindgpeedsxceedl7m/s they become'tropical
storms'’. Thisis al whenstormsareassignedaspeci ¢ name Whenwindgpeedseach33m/s astormbecomestyphoon(in
the NorthwestPaci c) or ahurricare (in the NortheastPaci ¢ and North Atlantic).

We combinedinformationfrom a numberof differentsourcesto collectthe datawe needed.A U.S. Navy elevation datagf

was used to obtain landelevationsatten minute latitudeandlongitudeintervals. Land-basd weaterstation readngscollecied
from aroundthe world andarchived by the National Climatic Data Center® provideddaily measirementgor eighteenseparate
ervironmertal conditions. Finally, satellite archivesmade availade by the Global Hydrology and Climate Certer* contined
daily open-oceawindspeedmeasirementatthirty minutelatitudeandlongitudeintervals TheNationalClimatic DataCenter
de nedthe 1997typhoonsea®n to run from Augug 1 to October31; eachof our datagts containedmeasirementdgor this

time period.

We chosto visualizethreeervironmendl conditionsrelated to typhoons windeed pressure,and precpitation. All threeval-
uesweremeasiredonadaily bass at eachland-basd weatherstation,but only daily windspeedsvereavailable for open-ocean
postions. In spite of themissing open-oceapresure andprecipitation we wereableto trackstormsasthey moved acros the
Northwes Paci ¢ Ocean.Whenthe stormsmadelandfall the associatedwindgpeed sea-level pressure, and precipitationwere
providedby weaterstationsalongtheir path.

Based on ourexperimentl reallts, we chos to repregnt windgpeed pressure, and precpitation with height, densty, and color,
regpectively. Localizedareaof highwindgpeedareobviousindicatorsof stormactivity. We chosto mapincreaing windspeed
to anincreagd pexel height. Althoughour experimentl reaults showed statisticaly signi cantinterferencdrom background
color variation, the abslute effectwas very small. Taller and denerpexelswereeasly ideni edin all other caes suggesing
thereshould be no changesn color interferencedueto anincreagin task dif culty. Windpeedhastwo important boundares

2http://grid2cr.usgs.gov/idenm
Shttp://www.ncdcnoaagov/ol/climate/online/gsod.html
“http://ghrcmsfc.nasagov/ghrc/list.htm
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17mk (wheretropical depresionsbecometropical stormg and 33mk (wherestormsbecometyphoon$. We mirroredthes
boundariesvith heightdiscontinuities Pexel heightincreagslinearly from 0-17m/s At 17m/s heightapproximatelydoubles
thencontinueslinearly from 17-33mé. At 33msk anoterheight discontinuity is introducedfollowedby alinearincreag for
ary windgpeedsover 33mak.

Presste is represeted with pexel density. Since our resuts showed it was easierto nd dense pexelsin a seaof sparse
pexels (asoppo®dto spare in deng), an increag in presure is mappedo adecreasin pexel densty (i.e., very den® pexels
repregntthe low pressure regionsassociatedwith typhoon3. Threedifferenttexture densties were used to repreent three
presure ranges Presure readingdess than996 millibars, between996 and 1014 millibars, andgreaterthan 1014 millibars
producevery deng, dens, and spare pexels, repectvely.

Precipitation is repregnted with color. We used our perceptial color selecion techngueto choo® ve perceptially uniform
colors. Daily precpitation readngsof zero,0—0.03inches 0.03-0.4inches0.4-1.0inchesand1.0-10.7lincheswerecolored
green,yellow, orange red, and purple,repectively (eachprecipitationrangehadan equal numberof entriesin our typhoon
datagt). Pexels on the openoceanor at weatherstationswhereno precipitationvalueswere reportedwere colored blue-
green.Our experimentl results showed no texture-on-cobr interference Moreover, our color selecion techngueis desgned
to producecolorsthatare equaly distinguishable from oneanoter Our mapping usesred and purple to highlight the high-
precpitation areasassociatedwith typhoonacivity.

We built asimple visualizaion tool thatmapswindgeed pressure, and precpitation to their correponding height, densty, and
color. Our visualizaion tool allows a user to move forwardsandbackwards throughthe dataset day-by-day Oneinteresing
reailt wasimmedately evidentwhenwe beganouranaysis: typhoonacivity was notrepregnied by high windgpeedvaluesin
ouropen-oceadatast. Typhoonsnormallycontainsevererainandthundersorms Thehigh levelsof cloud-bagd watervapor
producedby thesestorms block the satellitesthat are used to measue open-oceanwindspeed. The resut is an absence of
arny windgeedvalueswithin atyphoons spaia extent Ratherthanappeamg as alocal region of highwindgpeedstyphoons
on the open-ocearare displayedasa “hole”, an oceanregion without ary windspeedreadingg(see Fig. 15band15d). This
absnceof avisual feature(i.e., aholein thetexture eld)islarge enoughto besalientin ourdisplays, and canbepreatentively
iderti ed and trackedovertime. Therefae, usershave little dif culty n ding starms and watching them as they move acrcss
theopenocean.Whenastorm makeslandfall, theweathestationsalongthestorm's pathprovidethe properwindspeed aswell
aspressuie and precipitation. Weatter stations measuie windspeeddirectly, rather than using satelliteimages,so high levelsof
cloud-basd water vapor cau® noloss of informaton.

Fig. 15 shows windgeed pressure, and precpitation aroundJapan,Korea,and Taiwan during Augug 1997.Fig. 15b,looking

northeas, trackstyphoonAmber (one of the region's major typhoon$ approaching along an eas to weg path acros the
Northwes Paci ¢ Oceanon Augug 27, 1997. Fig. 15¢ shows typhoonAmber one day laterasit moves throughTaiwan.
Weaher stationswithin the typhoonshow the expecedstrongwinds low presure, and highlevels of rainfall. Theereaultsare
easly ideni edastall, den®,redand purple pexels. Comparethes imagedo Fig. 15dand15e,wherewindpeedwas mapped
to regularity, pressure to height, and precpitation to densty (a mapping without color that our original texture experimens
predict will performpoorly). Althoughviewers canidenify areasof lower and higherwindgeed(eg., on the openocean
andover Taiwan), it isdif cult to identfy a changein lower or higherwindgpeedge.g.,the changan windgpeedastyphoon
Amber moves onshoreover Taiwan). In fact, viewersoften searchedor an increas in densty thatrepregntsanincreag in
precipitationratherthananincreag in irregularity; pexelsover Taiwan becomenoticeablyden®r betweerig. 15dand15e.

12 Ocearography Simulations

Our nal exampk degribesa set of oceanographgimulations being jointly conduced at North Carolina State Universty

andthe Universty of British Columbia[21]. Researchersn oceanographyre studying the growth and movementpatterns
of differentspeciesof salmon in the northernPaci ¢ Ocean.Underlyingervironmentalconditionslik e planktondengty, sea
surfacetemperatur¢SST),currentdirection,and currentstrengthaffectwherethe salmon live andhow they move andgrow

[68]. For example,saimon like coolerwater and tendto avoid oceanlocationsabove a certaintemperatureSincethe slmon

feedon plankibn blooms they will try to move to areasvhereplankton densty is highes. Currenswill “push” the salmonas

they swim. Finally, SST, currentdirecion,andcurrentstrengh affectthe size andlocaion of plankton bloomsasthey form.
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Figure15: Typhoonconditionsacros SoutheasAsia duringthe summer of 1997:(a) Augug 7, normal weatherconditionsover Japan;(b) Augug 27,typhoon
Amberapproachesheisiandof Taiwanfrom thesoutheas (c) Augug 28, typhoonAmberstrikesTaiwan, producingtall, den® pexelscoloredorange red,and
purple(repregntinghigh precipitation);(d,e) the same dataasin (b) and (c) but with windpeedrepreentedby regularity, pressure by height,and precipitation
by density
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The oceanographerare desgning modelsof how they believe sailmon feedandmove in the openocean. Thes simulated
samonwill be placedin a set of known ervironmentalconditions thentrackedto see if their behaior mirrorsthatof thereal

sh. For exampk, salmonthatmigrate backto the Fraser River to spawn chos oneof two routes Whenthe Gulf of Alakais
warm, salmonmake landgll at thenorth endof Vancouer Island andapproachthe Fraser River primarily viaanorthernroute
throughthe JohngoneStrait (theupperarrow in Fig. 16). Whenthe Gulf of Alaskais cold, salmonare distributed further south,
make landfall on the wed coas of Vancouer Island, and approachthe Fraser River primarily via a southernroute through
the Juan de Fuca Strait (the lower arrow in Fig. 16). The ahlity to predct salmon distributions from prevailin g environmental
condiionswould allow the commercal shing eetto egimate how mary sh will pas throughthe Johngoneand Juande
Fucastraits It would also allow more accuratepredictionsof the size of the salmon run, helpingto ensurethatan adequate
numberof salmonarrive atthe spavning grounds

In orderto teg their hypothess, the oceanographersave
createda databae of SSTsand oceancurrentsfor the re-
gion 35 north latitude,180 weg longitudeto 62 north
latitude, 120 weg longitude (Fig. 16). Measurements
within this region are available at grid spacings
This array of valuesexists for eachmonth for the years
1956t0 1964,and1980to 1989.

Partial plankton densities have also beencadllectedand tab-

ulated;these areobtainedby shipsthattakereadngsatvar-

iousposgtionsin theocean.We estimatedmissing plankton
valuesusng a set of knowledgediscovery (KD) algorithms
thatwe have speci caly modi ed for use during visualiza-
tion. Our KD agorithmsideni ed mont, SST, and cur-

rert magnitude asthe attributes used to estimate missing
plarkton values. Becawse of this, we restrictedour initial

visualizaion to a montly time-sriesof plankion densty,

SST, and currentmagntude.

Displayingthethreeatributestogeherallowsthe oceanog-
raphergto searchfor relationsips betwveenplankion den-
sity, currentstrengt, andSST. Planktonis displayedusing
color; SST and currentstrengh are displayed using tex-

ture. CO|0rSf0the ve plgnkbn rangesverechoenusng Figure 16: Map of the North Paci c; arrows repregnt possible salmon
our color selecion techngue[20]. Althoughother color migration paths as they pass throughthe either Johngone Strait (upper
scaleswereavailable(for example by Ware[78]), our col- arraw) or the Strait of Juande Fuca (lower arrow)

ors are speci cally designed to highlight outliers, and to

show clearly the boundarés betwveengroupsof elemens

with acommonplankton densty. We display the ve plankibn densty rangesrom low to high usng blue (monitor RGB=36,
103,151),green(monitor RGB=18,127,45), brown (monitor RGB=134,96, 1), red (monitor RGB=243,51, 55), and purple
(monitor RGB=206,45,162),

For the underlying texture, we mappecdcurrentstrengh to heightand SST to densty. Our choiceswereguidedby reaults we
observed from our textureexperimens:

differencesn height (speci cally, taller elemens) maybe easer to detect comparedo differencesn densty or random-
ness,

variation in height may mak differencesn densty or randomnes this appearso be dueto the occluson thatoccurs
whentall pexelsin the foregroundhide short pexelsin thebackgroundthis will belessimportant whenuserscancontol
their viewpoint into the dataset (our visualizaion tool allows the user to interactvely manipulate theviewpoint), and

tightly spacedgridscansupportup to threeeadly distinguishabledensty patternsplacingmorestripsin a single pexel
(eg., arraysof or strips) will eithercau® the strips to overlap with their neighbors or make eachstrip too
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thin to easilyidentify.

Becaus theremay bea featurepreferencdor heightover densty, and becaus currentstrengthwasdeemedmore important”
than SST during knowledgediscovery, we used heightto repregntcurrens and densty to repregntSSTs. The ve rangesof
currentstrengh aremappedo vedifferentheights. We donotusealinearmappng,ratherthelowertwo rangegcorreponding
to thewealed currens) aredisplayedusng two typesof shortpexels, andtheupperthreerangegcorrepondngto the stronges
currens) aredisplayedusng threetypesof tall pexels. Thisallowsauser to rapidly locat boundaresbetwveenweakandstrong
currentswhile still beingableto identify eachof the verangesFor SSTsthelowerthreerangegcorrepondingto thecoldeg
SSTs) aredisplayedwith apexel containing a single strip, while the uppertwo rangegcorrepondingto the warmes SSTs) are
displayedwith pexels containing arraysof and strips, respectively. The dersitieswe chose allow a userto seeclearly

the boundariedpetweencold andwarmtemperatureegions If necesary, users canchangethe rangeboundarieso focuson
differentSSTgradients

Theoceanographemgant to traverse their datasets in monthly and yearly steps Experimensrunin our laborabry have shown

that preatentive taks performedon static framescanbe extendedto a dynamt environment wheredisplaysare shown one
after anotherin a movie-like fashion [23]. Our visualizaion tool was desgnedto allow users to scanrapidly forwards and

backwardsthroughthe datast This makesit eay to comparechangesn the value and locaion of any of the environmensl

variables being displayed. The oceanographersantrack ssa®nal changesn currentstrengt, SST, and plankion dengty as
they move monthby monththrougha particularyear They canalso see how interannuabariability affectsthe ervironmental
conditionsandcorrepondingplanktondengties for a particularmonthacros arangeof years

Fig. 17 shows threeframesfrom the oceanographyatset: February1956,June1956,andOctober1956. Color shows the
sea®nalvariationin planktondengties. Heightanddensty allow the oceanographets track currentstrengthsandSSTs In
Felruary (Fig. 17a), most plarkton densities are lessthan28g/m (i.e., blueandgreenstrips). Currens are low in the north-
centralPaci c; a region of weakcurrentsalso sits off the south coag of Alaska. Mog of the oceanis cold (spars pexels),
althougha region of highertemperatrescaneasly be scenasdeng pexels in the south. In June(Fig. 17b) den® plankton
blooms(redand purple strips) arepresent acros mog of thenorthernPaci c. Thepostionsof the strongcurrens have shifted
(viewing the entire dataset shows this currentpatern is relatively stable for the monthsMarchto Augug). WarmerSSTs have
pushednorth,athoughthe oceanaroundAlaska andnorthernBritish Columbiais still relatively cold. By Octoberthe plankton
densities have startedto decreaségreen brown, and red strips); few high or low dersity patches are visible. Current strergths
have alo decreasdin theeasernregions Overall a muchlargerpercentagef the oceanis warm (i.e., den® pexels). Thisis
common sincesummertemperaturewill sometimedag in partsof theoceanuntil Octoberor Novembet
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