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1 Introduction
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Althoughtheneedto visualizemultiple layersof informationsimultaneously is well documented[43, 61, 63], progresstowards
thisgoalhasbeenslow [56]. It hasoftenproven dif �cult to constructmethodsthatrepresentmultidimensionaldatain away is
easy to explore, analyze, verify anddiscover. Thedesire to build fundamental techniquesthatare appropriate for a widerange
of visualization environmentsfurthercomplicatesthisproblem.

Previouswork hasstudied methodsfor harnessing the low-level humanvisual system during visualization [4, 26, 52, 81].
Certainvisual features(e.g., hue,luminance,contrast, andmotion)aredetectedvery quickly by thevisualsystem [14, 70, 83];
whencombinedproperly, thesesamefeaturescanbeusedto construct multidimensional displaysthat canberapidly, accurately,
and effortlessly exploredand analyzedby a viewer. The applicationof perceptionin aid of visualization hasshown great
promise,and hasbeenexplicitly citedasan important areaof current and futureresearch[63].

We have recently initiated a study of the use of artistic techniques for multidimensional visualization. This investigation
was motivated in large part by work on nonphotorealistic rendering in computer graphics [10, 18, 27, 28, 39, 44, 65], and
by the efforts of researcherslike Interrante [30], Laidlaw [36, 37], and Ebertand Rheingans[13] to extend this work to a
visualization environment. Certain movementsand techniquesin painting (e.g., impressionism, expressionism, or watercolor)
arecharacterizedby a set of fundamental styles. If these stylescanbe identi� ed andsimulated on a computer, we believe
they canthenbe applied to represent individual dataattributesin a multidimensional dataset.Consider, for example,a dataset
containingweatherconditions. A “painting” madeup of simulated brush strokes could be used to visualize this data. A brush
stroke'scolor would represent temperatureat agivenspatial location;strokedirectionandlengthwould representwinddirection
andstrength; strokedensity would representpressure. Theresult isanimagethatlookslikeapainting,notof areal-worldscene,
but ratherof theinformation containedin theunderlyingdataset.

Suchatechniquemight initially seemdif� cult to controlandtest. An importantinsight is thatmany painterlystylescorrespond
closely to perceptualfeaturesthat aredetectedby the humanvisual system. In somesense this is not surprising. Artistic
mastersunderstoodintuitively whichpropertiesof apaintingwouldcaptureaviewer'sgaze,andtheirstylesnaturallyfocusedon
harnessingthesefeatures. Moreover, certainmovementsusedscienti� c studiesof thevisualsystemto help themunderstandhow
viewerswouldperceivetheirwork (e.g., theuseof theperceptualcolor modelsof Chevruel[9] andRood[55] in Impressionism).
Theoverlapof artistic stylesandperception offerstwo signi� cantadvantages. Most importantly, thebodyof knowledgeon
the use of perception during visualization can help us to predict how corresponding painterly styles might perform in the
sameenvironment. In addition, psychophysical experiments offer a methodfor designing controlled studiesthat cantest the
fundamental strengths and limitationsof a given style, both in isolation and in combination with other styles being shown
simultaneously in thesamedisplay.



Feature Author

line (blob)orientation Julész & Bergen(1983);Wolfe (1992)
length Triesman& Gormican(1988)
width Julész (1984)
size Triesman& Gelade(1980)
curvature Triesman& Gormican(1988)
number Julész (1985);Trick & Pylyshyn(1994);Healey, Booth, & Enns(1996)
terminators Julész & Bergen(1983)
intersection Julész & Bergen(1983)
closure Enns(1986);Triesman& Souther(1986)
color (hue) Triesman & Gormican (1988); Nagy & Sanchez (1990); D'Zmura

(1991);Healey (1997)
intensity Becketal. (1983);Triesman& Gormican(1988)
�ick er Julész (1971)
direction of motion Nakayama& Silverman(1986);Driver & McLeod(1992)
binocular lustre Wolfe & Franzel(1988)
stereoscopic depth Nakayama& Silverman(1986)
3-D depth cues Enns(1990)
lighting direction Enns(1990)
texture Healey & Enns(1998)

Table1: A list of two-dimensional featuresthat“popout” duringvisual search,and a list of authorswho describe preattentive tasks performedusing thegiven
feature.

2 Low-Level Human Vision

An importantrequirementfor any visualizationtechniqueis a methodfor rapid,accurate,andeffortlessvisual exploration.We
addressthisgoalby usingwhatisknown aboutthecontrol of humanvisual attention asafoundation for ourvisualization tools.
Theindividualfactorsthatgovern whatisattendedin avisual display canbeorganizedalongtwo major dimensions: bottom-up
(or stimulusdriven)versus top-down (or goaldirected).

Bottom-upfactors in thecontrol of attention includethe limited set of featuresthat psychophysicistshave identi� edasbeing
detected very quickly by the humanvisual system,without the needfor search.These featuresareoftencalled preattentive,
becausetheirdetectionoccursrapidlyandaccurately, usually in anamountof time independentof thetotalnumberof elements
being displayed1. Whenapplied properly, preattentive featurescanbeusedto performdifferenttypesof exploratory analysis.
Examples includesearching for data elements with a uniquevisual feature, identifying the boundariesbetweengroupsof
elementswith commonfeatures, trackinggroupsof elementsasthey move in time and space,andestimating the numberof
elementswith aspeci�c feature.Preattentive taskscanbeperformedin asingleglance,whichcorrespondsto 200milliseconds
(ms) or less. As noted above, the time required to complete the task is independentof the numberof data elements being
displayed. Sincethe visual system cannotchoose to refocusattention within this timeframe,users must complete their task
using only a “single glance”at the image.Table1 listsa numberof preattentive features, andprovidesreferencesthatdescribe
thetasks thatcanbeperformedusing these features.

Fig. 1 shows examplesof both typesof target search. In Fig. 1a-1dthe target, a red circle, is easy to � nd. Here,the target
containsa preattentive featureuniquefrom thebackgrounddistracters: color (redversusblue) or shape(circle versussquare).
Thisuniquefeatureisusedby thelow-level visualsystem to rapidly identify thepresenceorabsenceof thetarget. Unfortunately,
anintuitivecombinationof theseresults canleadto visual interference.Fig.1eand1f simulateatwo-dimensionaldatasetwhere
oneattribute isencodedwith color (redor blue),andtheotherisencodedwith shape(circleor square).Al thoughthesefeatures
workedwell in isolation, searching for a redcircle target in a seaof blue circlesand redsquaresis signi�cantly moredif� cult.
In fact, experiments have shown that searchtime is directly proportionalto thenumberof elements in thedisplay, suggesting

1Althoughwe now know that these visual featuresare in� uencedby thegoalsandexpectationsof theobserver, thetermpreattentive is still useful because
it conveys therelative ease with which these processes arecompleted.
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(a) (b)

(c) (d)

(e) (f)

Figure1: Examplesof target search:(a, b) identifying a red target in a sea of blue distractersis rapid andaccurate,target absent in (a), present in (b); (c, d)
identifying a redcircular target in a sea of redsquaredistractersis rapidandaccurate,targetpresent in (c), absent in (d); (e, f) identifying thesame redcircle
target in acombinedseaof blue circulardistractersand redsquaredistractersis signi� cantlymoredif� cult, targetabsent in (e),present in (f)
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that viewersare searching small subgroupsof elements (or even individual elements themselves) to identify the target. In
this example the low-level visual system hasno uniquefeature to searchfor, sincecircular elements (blue circles) andred
elements(redsquares) arealso present in thedisplay. Thevisual systemcannotintegratepreattentively thepresenceof multiple
visual features(circular and red)at thesamespatial location. This isa verysimple exampleof a situation whereknowledgeof
preattentivevision would haveallowedus to avoid displaysthat actively interferewith our analysis task.

In spiteof theperceptual salienceof thetarget in Fig. 1a-1d,bottom-upin� uencescannotbeassumedto operate independently
of thecurrentgoalsandattentionalstateof theobserver. Recentstudieshavedemonstratedthatmany of thebottom-upfactors
only in� uenceperception whentheobserver is engagedin a task in which they are expectedor task-relevant (seethe review
by [14]). For example, a target de�nedasa color singleton will “pop out” of a display only whentheobserver is looking for
targets de� nedby color. Thesamecolor singleton will not in� uenceperception whenobservers aresearching exclusively for
luminancede�n ed targets. Sometimesobserverswill fail completely to seeotherwisesalient targetsin their visual �eld , either
becausethey areabsorbedin theperformanceof acognitively-demandingtask [41], thereareamultitudeof othersimultaneous
salient visual events[51], or because the salient event occursduring an eye movementor other changein viewpoint [62].
Therefore,thecontrol of attention must alwaysbeunderstoodasaninteraction betweenbottom-upandtop-down mechanisms.

1. Visual analysis is rapid,accurate,and relatively effortless sincepreattentive tasks canbe completedin 200ms or less.
We have shown that tasks performedon static displays extend to a dynamic environmentwheredata framesare shown
oneafter another in a movie-like fashion [23] (i.e., tasks thatcanbeperformedon an individualdisplay in 200mscan
also beperformedonasequenceof displaysshown at � ve framesasecond).

2. The timerequiredfor taskcompletion is independent of display size (to the resolution limits of thedisplay). This means
we canincreasethe number of dataelements in a display with little or no increasein the time required to analyze the
display.

3. Certain combinationsof visual featurescause interferencepatternsthatmask information in thelow-level visualsystem.
Our experimentsare designedto identify these situations. This meansour visualization tools canbebuilt to avoid data-
featuremappingsthat might interferewith theanalysis task.

Properties thatare processed preattentively canbeusedto highlight important imagecharacteristics. Experiments in both the
cognitivepsychologyandscienti� c visualizationdomainshaveusedvariousfeaturesto assist in performingthefollowingvisual
tasks:

� target detection, whereusersattemptto rapidly andaccuratelydetectthepresenceor absenceof a “ target” elementthat
usesa uniquevisual featurewithin a � eldof distracterelements(Fig. 1),

� boundary detection, whereusersattempt to rapidly andaccuratelydetecta texture boundarybetweentwo groupsof
elements, whereall theelementsin eachgrouphavea commonvisual feature(Fig. 2), and

� counting and estimation, whereusersattempt to countor estimate thenumberor percentageof elements in adisplaythat
havea uniquevisual feature.

Callaghan [7, 8] �rst reportedthe interferenceeffectsshown in Fig. 2. The visual systemseems to prioritize featuresin order
of importance. This meansthat thepresenceof visually “i mportant” featurescaninterferewith tasks that use lower priority
features. In Fig. 2a, theverticalboundaryde�nedby hueis detectedpreattentively, eventhoughtheshapeof eachelementis
random.In Fig. 2b,however, it is dif� cult to detectthe horizontal boundaryde�nedby form dueto randomhuevariations. If
huewere� xedto aconstantvaluefor eachelement,theformboundarycouldbedetectedpreattentively. Callaghanexplainsthis
phenomenaby suggesting that thevisual systemassignsa higherimportanceto huethan to form during boundarydetection.
Thus, a randomhueinterfereswith form boundarydetection, but a randomform hasno effecton hueboundarydetection. A
similar asymmetry exists betweenhueandintensity. Randomhuehasno effecton detecting boundariesde�nedby intensity.
However, randomintensity interfereswith hueboundarydetection. Callaghanconcludedthat intensity is moreimportant than
hueto the low-level visual systemduring boundaryidenti� cation [6].

Researcherscontinue to expand preattentive processing in a number of exciting directions. To date,most of the featuresused
in preattentive tasks have beenrelatively simply properties (e.g., hue,orientation, line length, andsize). EnnsandRensink,
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(a) (b)

Figure2: Region segregation by form and hue: (a) hueboundaryis identi� ed preattentively, even thoughform varies in the two regions; (b) randomhue
variationsinterferewith theidenti� cationof a region boundarybased on form

however, have identi� eda class of three-dimensionalelements thatcanbedetectedpreattentively [15, 16]. They have shown
that three-dimensionalorientation, shape,anddirection of lighting canbeusedto make elements “pop-out” of a visual scene
(Fig. 3b and 3c). This is important,because it suggests thatcomplex high-level conceptsmaybe processed preattentively by
the low-level visual system.

New tasks thatcanbeperformedpreattentively are also beinginvestigated.Researchhasrecentlybeenconductedon counting
andestimation in preattentive processing. Varey describesexperimentsin which subjectswereasked to estimatethe relative
frequency of white or blackdots [76]. Her results showedthat subjects could estimate in four differentways: “percentage” of
white dots, “percentage”of black dots, “ratio” of black dotsto white dots, and“difference”betweenthenumberof black and
white dots. She also foundthat subjects consistently overestimatedsmall proportionsandunderestimated large proportions.
Estimation of relative frequency usinghueandorientation wasshown to be preattentive in experimentsconducted in our labo-
ratory [22, 24]. Moreover, our results showedthat therewasno featureinteraction. Randomorientation did not interferewith
estimation of targets with a uniquehue,and randomhuedid not interferewith estimation of targetswith a uniqueorientation.
This is importantbecause it suggests that hueandorientationcanbeused to encodetwo independentdatavaluesin a single
display withoutcausingvisual interference.

A numberof scientistshaveproposedcompetingtheoriesto explainhow preattentiveprocessingoccurs, inparticularTriesman's
featureintegration theory[70], Julész' texton theory[34], QuinlanandHumphreys' similarity theory[48], andWolfe'sguided
searchtheory[83]. Our interest is in theuse of visual featuresthathave alreadybeenshown to be preattentive. Results from
psychologyareextended,modi� ed, tested,and thenintegratedinto ourvisualization environment.

Sincepreattentive tasks arerapid andinsensitive to display size, we believe visualization techniquesthat make use of these
propertieswill supporthigh-speedexploratory analysis of large,multivariatedatasets. Care must betaken, however, to ensure
thatwe choosedata-featuremappingsthatmaximizethe perceptual salienceof all thedataattributesbeing displayed.

2.1 Real-TimePreattentive Visualization

Most preattentive techniquesare validatedby studying a single data framein isolation. This leadsto an interesting question
with importantrelevanceto visualization. If a preattentive task canbeperformedon a single framein 100milliseconds, can
the sametask canbeperformedon a real-time sequenceof framesdisplayedat ten framesper second?We hypothesizedthat
important aspectsof preattentiveprocessing will extend to a real-time environment. A visualization tool that usespreattentive
featureswill allow viewersto performvisual taskssuchasgroupingof similar dataelements(boundarydetection),detection of
elementswith auniquecharacteristic (targetdetection),andestimationof thenumberof elementswith agivenvalueor rangeof
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Figure3: Combinationof simplecomponentsto formemergentfeatures: (a)closure,asimple closed � gureisseen;(b) three-dimensionality, the� gureappears
to have depth;(c) volume,asolid �gure is seen

values, all in real-timeon temporally animateddata frames. We testedthishypothesisusingexperimentsthatsimulatedtheuse
of ourpreattentivevisualization tools in areal-timeenvironment. Analysisof theexperimental resultssupported ourhypothesis
for boundaryandtargetdetection usinghueandshape.Moreover, interferencepropertiespreviously reported for static frames
werefoundto apply to a dynamic environment.

Our initial experimentaddressed two generalquestions aboutthe preattentive featureshueandshape,and their use in our
visualization tools:

� Question 1: Is it possible for subjects to detect a data framewith a horizontal boundarywithin a sequenceof random
frames? If so, whatfeaturesallow thisandunderwhatconditions?

� Question 2: Do Callaghan'sfeaturehierarchyeffectsapply to ourreal-timevisualization environment? Speci� cally, does
randomhueinterferewith form boundarydetection within a sequenceof frames? Doesrandomform interferewith hue
boundarydetection within a sequenceof frames?

Experimentalresults showedaccurateboundarydetectioncanbeperformedusing either hueor form on sequencesof frames
displayedat tenframesper second.Moreover, featurehierarchyeffects extendedto a dynamic environment, speci� cally, hue
dominatedform during boundarydetection. A randomhuepattern maskedform boundaries, while a randomform pattern had
noeffectonhueboundarydetection.

A correspondingset of experimentswererun to test targetdetection,with similar results. While both hueandform targetscan
bedetectedpreattentively in areal-timeenvironment(at frameratesof tento twenty framespersecond),formtargetswereonly
visible whenthebackgroundhuewas held constant. Huevariation masked form targets. Form variation hadno effect on the
detection of hue targets.

We have built a numberof visualization tools that allow users to performexploratory analysis on their datasets in real-time.
Experiencefrom using these toolscon� rmedthatourexperimental resultshold for thesedatasetsand tasks.
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3 Color Selection

Color isapowerful andoften-usedvisual feature.Previouswork hasaddressed theissueof choosing colorsfor certain typesof
data visualization. For example, Wareand Beatty describea simple color visualization techniquefor displaying correlation in
a � ve-dimensionaldataset [79]. Robertson,Ware, RheingansandTebbs, and Levkowitz andHermandiscuss variousmethods
for building effectivecolor gamutsandcolormaps[38, 52, 53,78]. Recentwork at theIBM ThomasJ. WatsonResearchCenter
hasfocusedon a rule-based visualization tool that considershow a user perceives visual featureslike hue,luminance,height,
and so on [4, 54].

If we use color to representourdata, oneimportant question to ask is: “How canwe chooseeffectivecolorsthatprovidegood
differentiation betweendata elements during the visualization task?” We addressed this problem by trying to answer three
relatedquestions:

� How canweallow rapidandaccurateidenti� cationof individualdataelementsthroughtheuse of color?

� What factorsdeterminewhethera “target” element's color will make it easy to � nd, relative to differently colored“non-
target” elements?

� How many colorscanwe display at once,while still allowing for rapid and accuratetarget identi�catio n?

None of the currently-available color selection techniqueswere speci�cally designedto investigate the rapid and accurate
identi� cation of individualdataelementsbasedoncolor. Also, sincethecolor gamutandcolormapwork usescontinuouscolor
scalesto encodeinformation,they havenotaddressed thequestion of how many colorswecaneffectivelydisplayatonce,while
still providing gooddifferentiationbetweenindividualdataelements.

We beganby using the perceptually balancedCIELUV color model to providecontrol over color distanceandisoluminance.
We also exploited two speci� c results related to color targetdetection: linearseparation [12, 2] andcolor category [35]. These
effectsare controlledto allow for the rapid andaccurateidenti�cation of color targets. Target identi�cation is a necessary
�rs t step towardsperformingother typesof exploratorydataanalysis. If we canrapidly and accuratelydifferentiateelements
based on their color, we canapply our results to otherimportant visualization techniqueslikedetection of databoundaries, the
tracking of dataregions in real-time,and enumeration tasks like counting and estimation [24, 71, 76].

3.1 CIE LUV

TheCIE LUV color modelwasproposedby theCommission InternationaledeL' �Eclairge(CIE) in 1976[85]. Colorsarespec-
i�ed using the threedimensions

���

(which encodesluminance),�

�

, and �

�

(which togetherencodechromaticity).CIELUV
providestwo useful propertiesfor controlling perceivedcolor difference. First, colorswith the same

���

areisoluminant.Sec-
ond,Euclideandistanceandperceived color difference(speci� ed in �	�

�

units) canbeinterchanged,sincethecolor difference
betweentwo color stimuli 
 and � (positionedin CIE LUV at �

���


��

�

�


��

�

�


��

�

���

���

�

�

���

�

�

��� , respectively) is roughly:

���

�


������

���

�

�


���� �"!

�#�$�

�


���� �%!

�����

�


��&�'� (1)

3.2 Linear Separation

The linear separationeffect hasbeendescribedby both D'Zmura andBaueret. al [2, 12]. D'Zmura wasinvestigatinghow
the humanvisual system � ndsa targetcolor in a seaof backgroundnon-target colors. D'Zmura ranexperiments that asked
observers to determine the presenceor absenceof an orangetarget. Two groupsof differently colored non-target elements
werealso present in eachdisplay (e.g., in oneexperimenthalf the non-targetsin eachdisplay werecoloredgreenandhalf
werecoloredred).Results showedthatwhenthe targetcould beseparatedby a straight line from its non-targets in color space
(Fig. 4, targetT andnon-targets A andC), the time requiredto determine the target's presenceor absencewas constant, and
independentof the total numberof elements being displayed. This suggests detection occurspreattentively in the low-level
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visual system. Whenthetarget was collinearwith its non-targets(Fig. 4, target T and non-targetsA andB), thetime required
to identify the target was linearly proportional to the numberof elements being displayed. Observershad to searchserially
througheachdisplay to determinewhetherthe target was present or absent. Baueret. al strengthenedD'Zmura's results by
showing that perceptually balancedcolor models cannotbe used to overcomethe linearseparation effect. Baueret. al also
replicatedtheir � ndingsin threeadditionalcolor regions: green,blue,andgreen-yellow. Thissuggests linearseparation applies
to colors from differentpartsof thevisiblecolor domain.

T-BC
linear separation

C

A

T

B

blue-purple
color category boundary

blue

purple

Figure4: A small, isoluminantpatchwithin theCIE LUV color model,showing a targetcolor T andthreebackgrounddistractercolorsA, B, and C; notethat
T is collinearwith A andB, but canbeseparatedby a straight line from B andC; notealsothatT, A, and C occupy the“blue” color region, while B occupies
the“purple” color region

3.3 Color Category

Kawai et. al [35] reported results that suggest that the time required to identify a color targetdependsin parton the named
color regionsoccupiedby thetargetanditsnon-targets. Kawai et. al testeddisplaysthatcontainedauniquely color targetanda
constant numberof uniformly colorednon-targets. They dividedan isoluminant, perceptually balancedcolor slice into named
color regions. Their results showedthat searchtimesdecreaseddramatically whenever the non-target was moved outside the
target's color region. For example, � nding a targetcoloredT in a set of non-targetscoloredA wassigni� cantly moredif� cult
thanthan� ndingT in aset of non-targetscoloredB (Fig. 4). Sincethetarget–non-targetdistances

���

and
���

areequal, there
was an expectation of perceptual balancethatshould havebeenprovidedby the underlyingcolor model. Thisexpectation was
not met. Kawai et. al suggests thedifferencein performanceis dueto the fact that both T andA arelocatedin the blue color
region,but A isnot.

3.4 Experiments

We ran a numberof experiments to study the effects of color distance,linearseparation, andcolor category. Subjects were
shown displays that contained multiple coloredsquares. Eachsubjectwas askedto determine whether a target square with a
particularcolorwaspresentor absentin eachdisplay. Theexperimentsweredesignedto test thefollowing conditions:
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� selection criteria, whichselectioncriteria (colordistance,linearseparation,andcolor category)needto beconsideredto
guaranteeequally distinguishablecolors,

� simultaneouscolors, how many colorscanwedisplayat thesametime,while still allowingusersto rapidly and accurately
determinethepresenceor absenceof any particularcolor, and

� display size, isperformanceaffectedby thenumberof elementsin a display.

We foundthatup to seven isoluminantcolorscanbedisplayedsimultaneously, while still allowing for therapidand accurate
identi� cation of any oneof the seven. Thetime requiredto performidenti� cation wasindependentof display size,suggesting
thattargetdetectionisoccurringpreattentively. Our resultsalso showedthatall threeselectioncriterianeededto beconsidered
to guaranteeconsistent performance.Whenonly someof theselection criteria wereused (e.g. only distanceand separation,
or only category) the amountof time required to identify targets dependedon thecolor of the target: somecolorswerevery
easy to identify, while othercolorswerevery dif� cult. This asymmetry suggested that the colorswe chose werenotequally
distinguishable, and thereforethattheselection criteria beingusedwerenot suf� cientto properly control perceived difference
betweenthe colorsduring targetdetection.

4 Visualizing CT Medical Scans

Onepractical application of our color selection techniqueis the use of color to highlight regionsof interest during volume
visualization[66]. Radiologists from theUniversity Hospital at theUniversity of British Columbiaare studyingmethodsfor
visualizingabdominalaneurisms. Traditionalrepairof an abdominalaneurismentailsamajoroperationwith anincisioninto the
aneurism, evacuationof theclot containedwithin, placementof a syntheticgraft,andwrappingof thegraft with theremnants
of the wall of the aneurism. Recently, a new treatmentoption, endovascular stenting, hasbeenproposed and is currently
undergoingclinical trials. Thisproceduredoesnotrequiregeneralanesthesiaandcanbedoneless invasively by simply placing
a self-expanding stent graft viaa catheter into the aneurismto stabilize it. Less�t patientsare able to withstand theprocedure,
hospital stay iscut to 1 to 2 days, andpost-operativerecovery isshortenedconsiderably.

After theoperation computedtomography(CT) scansareusedto obtain two-dimensionalslicesof apatient'sabdominal region.
Theseslicesarereconstructed to producea three-dimensionalvolume.Thevolumeisvisualizedby the radiologists to perform
post-operativeanalysis. A two-passsegmentationstepis used to strip outmaterialin eachCT slice thatdoesnotcorrespondto
oneof the regionsof interest: theartery running throughthe abdomen,theaneurism, and the metal hooks(called tynes) used
to embedthestentgraft within theaneurism. Thereconstructedvolumesmust show clearlyeachof these threeregions.

Normally, greyscaleisused to displayreconstructedmedicalvolumes. Changesin luminancearemost effectivefor representing
the high spatial frequency data containedin these kindsof datasets. For our application, however, oneof the most important
tasks is identifying the exact position of the tynes(which in turn identify the positions of eachof the correspondingstent
grafts). In our greyscale volumethe location of tyneswithin the aneurism are obscuredby the wall of the aneurism itself
(Fig. 5a). Different levels of transparency wereused to try to “see through” the aneurism, however, we could not � nd any
appropriatevalue that showedthe tyne locationswithin the artery, while at thesame time providing aneffective representation
of the three-dimensionalshapeandextentof thewall of the aneurism. We decidedthat, for this application, it might bemore
appropriateto high the threeregionsof interest using color.

Al thoughthe radiologistshadalreadychosena set of colorsbased on context andaesthetic considerations, it did a poorjob of
showing thesizeandshapeof theaneurism (Fig. 5b). We replacedtheir colorswith threenew onesusing our color selection
technique. The radiologists askedus to avoid greensand green-yellows, since these are associatedwith bile. We decidedto
use yellow to represent the artery, purple to represent theaneurism, andredto representthetynes(Fig. 5c). Thesecolorsshow
clearlythe location of all threeregionsof interestwithin the volume. For example, consider the largepatchesof yellow within
the aneurism. These are areasof “l ow support”wherethe grafts in the lower part of the artery werenot inserted far enough
to mesh with their upstreampartner. Al thoughnot dangerous, these areexactly the kindsof featuresthe radiologists want to
identify during post-operativevisualization.
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Figure5: A reconstructedCT volume showing an abdominal aneurism: (a) greyscalehidesthe locationof the tyneswithin the aneurism; (b) a color scale
chosenby theradiologists obscurestheshapeand extentof thewall of theaneurism; (c) threecolorschosenwith our perceptualcolor selectiontechnique

5 Perceptual Textures

Oneof theimportantissuesin scienti�c visualizationis designingmethodsfor representingmultiple values(or attributes) at a
singlespatial location.Althoughit is possible to assign differentvisual featuresto eachattribute,simply “stacking” multiple
featurestogetherwill most likely leadto displays thatareunintelligible.

Rather thanchoosing multiple individual features(i.e., color, shape,size,orientation, line length), we decidedto try using a
single visual featurethatcould be decomposedinto a set of fundamental parts or dimensions. We chose to investigate texture
for thispurpose.

Texture hasbeenstudiedextensively in the computer vision, computer graphics,and cognitive psychology communities. Al-
thougheachgroupfocuses on separatetasks (texture identi� cationand texture segmentationin computervision, displaying
information with texturepatternsin computergraphics, andmodeling thelow-level humanvisual systemin cognitivepsychol-
ogy) they eachneedways to describeprecisely thetexturesbeingidenti� ed,classi� ed, or displayed.

Researchershave used differentmethodsto study the perceptual featuresinherentin a texture pattern. Bela Julész [32] con-
ducted numerousexperiments that investigatedhow a texture's � rst, second,andthird-orderstatistics affectdiscrimination in
the low-level humanvisual system. This led to the texton theory[33], which suggests thatearly vision detects threetypesof
features(or textons, as Julész called them):elongated blobswith speci� c visual properties (e.g., hue, orientation, and width),
endsof linesegments, andcrossingsof linesegments. Tamuraet al. [67] andRao andLohse[49, 50] identi� edtexturedimen-
sionsby conducting experiments thatasked subjects to divide picturesdepicting differenttypesof textures(Brodatz images)
into groups. Tamuraet al. usedtheirresultsto proposemethodsfor measuringcoarseness, contrast, directionality, line-likeness,
regularity, and roughness. Rao and Lohse used multidimensionalscaling to identify theprimary texturedimensionsusedby
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their subjectsto group images:regularity, directionality, and complexity. Haralicket al. [19] built greyscalespatial dependency
matricesto identify featureslike homogeneity, contrast,and lineardependency. Thesefeatureswereused to classifysatellite
imagesinto categories like forest, woodlands, grasslands, and water. Liu and Picard [40] used Wold featuresto synthesize
texturepatterns. A Wold decomposition dividesa 2D homogeneouspattern(e.g., a texturepattern) into threemutually orthog-
onalcomponentswith perceptualpropertiesthatroughlycorrespondto periodicity, directionality, and randomness. Malik and
Perona [42] designed computeralgorithmsthat use orientation � ltering, nonlinearinhibition, and computation of the resulting
texturegradientto mimic thediscriminationability of thelow-level humanvisual system. We used these results to choose the
perceptual texturedimensionswewantedto investigateduring ourexperiments.

Work in computergraphicshasstudiedmethodsfor usingtexturepatternstodisplayinformationduringvisualization. Schweitzer
[59] usedrotateddiscsto highlight theorientationof a three-dimensionalsurface.Pickett andGrinstein [17] built “stick-men”
iconsto producetexturepatternsthat show spatial coherencein a multidimensionaldataset. Wareand Knight [80, 81] used
Gabor� lters to construct texturepatterns; attributesin anunderlyingdataset are usedto modify the orientation,size,andcon-
trast of the Gaborelements during visualization. Turk andBanks[75] describedan iterated method for placing streamlines
to visualize two-dimensionalvector � elds. Interrante [29] displayedtexturestrokesto help show three-dimensionalshapeand
depthon layeredtransparentsurfaces; principal directionsandcurvaturesare used to orientandadvect thestrokesacross the
surface.Finally, Salisbury et al. [57] and WikenbachandSalesin [82] usedtexturing techniquesto build computer-generated
pen-and-ink drawingsthatconvey arealistic senseof shape,depth, andorientation. Webuilt upontheseresultsto try to develop
aneffectivemethodfor displayingmultidimensionaldatathroughtheuse of texture.

5.1 Pexels

We wanted to design a technique that will allow usersto visualize multidimensional datasetswith perceptual textures. To
this end,we useda methodsimilar to Wareand Knight to build our displays. Eachdata elementis representedwith a single
perceptual textureelement, or pexel. Our visualization environmentconsists of a largenumberof elements arrayedacross a
three-dimensionalsurface(e.g., a topographicalmapor thesurfaceof a three-dimensionalobject). Eachelementcontainsone
or moreattributesto bedisplayed.Attributevaluesareusedto control thevisual appearanceof apexel by modifying its texture
dimensions. Texturepatternsformedby groupsof spatially neighboring pexelscanbeusedto visually analyzethedataset.

We chose to study threeperceptual dimensions: density, regularity, and height. Density andregularity have beenidenti� edin
theliteratureasprimarytexturedimensions[49, 50, 67]. Althoughheightmight not beconsideredan“intrinsic textural cue”,
we note thatheight isoneaspectof elementsize,andthatelementsizeisanimportant property of a texturepattern. Moreover,
results from cognitive vision have shown thatdifferencesin height aredetectedpreattentively by the low-level visual system
[1, 70]. We wantedto build three-dimensional pexels that “sit up” on the underlyingsurface. This allows the possibility of
applyingvariousorientations(anotherimportantperceptualdimension) to apexel. Becauseof this, wechoseheightasourthird
texturedimension.

In orderto supportvariation of height, density, andregularity, webuilt pexelsthat looklikeacollection of paperstrips. Theuser
mapsattributesin thedatasetto thedensity (whichcontrolsthenumberof stripsin apexel), height,andregularityof eachpexel.
Examplesof eachof these perceptualdimensionsareshown in Fig. 6a. Fig. 6b shows anexampleof our techniqueappliedto
the oceanographicdataset: environmentalconditionsin the northernPaci�c Oceanarevisualizedusing multicoloredpexels.
In thisdisplay, color representsopen-oceanplanktondensity, heightrepresentsoceancurrentstrength(taller for stronger),and
density represents sea surfacetemperature(denser for warmer). Fig. 6b is only oneframefrom a muchlarger time-seriesof
historicaloceanconditions. Our choiceof visual featureswasguidedby experimentalresults thatshow how differentcolorand
texturepropertiescanbeusedin combination to represent multivariatedataelements.

5.2 Experiments

In orderto test our perceptual dimensionsandthe interactionsthat occurbetweenthemduring visualization, we rana set of
psychophysical experiments. Our experimentsweredesignedto investigatea user's ability to rapidly and accuratelyidentify
target pexels de�ned by a particular height, density, or regularity. Users wereasked to determine whether a small group of
pexels with a particular typeof texture (e.g., a groupof taller pexels, asin Fig. 7a)waspresentor absent in a

���������

array.
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(a)

temperature gradients (density)

dense plankton blooms (color)current strength gradient (height)

(b)

Figure6: Pexel examples: (a) a backgroundarrayof short, sparse, regularpexels; thelower and uppergroupson theleft containirregularandrandompexels,
respectively; the lower and uppergroupsin thecentercontaindense and very dense pexels; the lower and uppergroupsto the right containmedium andtall
pexels; (b) Color, height,and density used to visualize open-oceanplanktondensity, oceancurrentstrength,andseasurfacetemperature,respectively; low
to high planktondensities representedwith blue, green,brown, red, and purple,strongercurrentsrepresented with taller pexels, and warmer temperatures
representedwith denser pexels
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(a) (b)

Figure7: Two display typesfrom the taller andregular pexel experiments: (a) a target of mediumpexels in a seaof short pexels with a backgrounddensity
pattern(

�����

target group locatedleft of center);(b) a target of regular pexels in a seaof irregular pexels with no backgroundtexture pattern(
�����

target
grouplocated8 grids stepright and2 grid stepsup from thelower-left cornerof thearray)

Conditionslike targetpexel type,exposureduration,target groupsize,andbackgroundtexturedimensionsdifferedfor each
display. This allowed us to test for preattentive task performance,visual interference,anda user preferencefor a particular
target type. In all cases, user accuracy wasused to measureperformance.

Eachexperimentaldisplay containeda regularly-spaced
���
	���


arrayof pexels rotated �


��

aboutthe X-axis (Fig. 7). All
displays weremonochromatic (i.e., grey andwhite), to avoid variationsin color or intensity that might mask the underlying
texturepattern. Grid linesweredrawn at eachrow and column, to ensureusersperceivedthepexelsaslyingon atilted 3D plane.
After a display wasshown, userswereaskedwhethera groupof pexels with a particulartargetvaluewaspresentor absent. In
orderto avoid confusion, eachuser searchedfor only onetypeof target pexel: taller, shorter, sparser, denser, moreregular, or
moreirregular. Theappearanceof thepexelsin eachdisplay wasvariedto test for preattentiveperformance,visual interference,
and featurepreference.For example, the following experimental conditionswereusedto investigatea user'sability to identify
taller pexels (similar conditionswereusedfor theshorter, denser, sparse,regular, and irregularexperiments):

� two target-backgroundpairings: a target of medium pexels in a seaof short pexels, anda target of tall pexels in a sea
of medium pexels; differenttarget-backgroundpairingsallowedus to test for a subjectpreferencefor a particular target
type,

� threedisplay durations: 50msec,150msec,and450msec; we variedexposureduration to test for preattentive perfor-
mance,speci� cally, doesthetask becomemoredif� cult during shorter exposures,

� threesecondarytexturedimensions: none(every pexel issparseandregular),density (half thepexelsarerandomly chosen
to besparse, half to be dense), andregularity (half thepexels areregular, half are random);we addeda “background”
texture feature to test for visual interference,that is, doesthe task becomemore dif� cult when a secondarytexture
dimension appearsat randomspatial locationsin thedisplay, and

� two targetgroupsizes:
��	��

pexels and �

	

� pexels; we used differenttarget groupsizesto see how large a groupof
pexels wasneededbeforethetargetcouldbedetectedby aviewer.

Our results suggest that pexels can be used to represent multidimensional data elements, but only if speci�c data-feature
mappingsarechosen.Somedimensionsweremoresalient thanothers, and interferenceoccurredwhencertain typesof pexels
weredisplayed.Speci� cally, we foundthat:

� taller pexelscanbeidenti� edatpreattentiveexposuredurations(i.e., 150msecor less) with very highaccuracy (approx-
imately 93%); backgrounddensity andregularity patternsproduceno signi� cantinterference,

� shorter, denser, and sparser pexels are moredif� cult to identify thantaller pexels, althoughgoodresults arepossible at
both 150and450msec;height, regularity, anddensity backgroundtexturepatternscause interferencefor all threetarget
types,

32



� irregular pexels are dif � cult to identify, althoughreasonableaccuracy (approximately76%) is possible at 150 and
450msecwith nobackgroundtexturepattern, and

� regularpexels cannotbeaccuratelyidenti� ed; thepercentageof correctresults approachedchance(i.e., 50%) for every
condition.

Theseresultsshow thatheightanddensity canbeusedto to formtexturepatternsthatcanbeidenti�ed preattentively. Regularity,
however, canonly be used as a secondarydimension. While differencesin regularity cannotbedetectedconsistently by the
low-level visual system, in many casesuserswill be able to seechanges in regularity whenareasof interestin a datasetare
identi� edandanalyzedin a focusedor attentive fashion.

6 Orientation

0 0 0 1 0 0 0 0 1 0 0 0 0 1 4 1 3 2 3 4
0 0 0 0 1 0 1 0 0 0 0 0 0 0 3 4 6 3 4 5
0 0 0 0 0 1 0 1 0 1 0 0 0 1 0 7 5 6 4 6
0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 7 6 3 5 7
0 1 0 1 1 1 0 9 9 1 0 0 0 0 0 6 5 7 0 1
0 0 0 0 0 0 13 13 15 0 0 0 0 0 1 1 5 0 0 0
0 0 0 1 0 15 16 15 16 18 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 18 19 18 16 18 19 0 0 0 0 1 0 0 0 0
0 0 0 0 0 16 19 20 20 19 16 0 1 0 0 0 0 0 0 0
0 0 0 0 0 16 18 18 19 20 15 0 1 0 1 0 0 0 0 0
1 0 0 0 15 17 17 18 17 19 19 0 5 0 0 0 0 0 0 0
0 0 0 0 14 14 12 0 13 16 9 8 9 0 0 0 1 0 0 0
0 0 0 9 12 13 14 0 0 14 10 7 0 1 1 0 0 0 0 0
0 0 0 9 11 13 0 0 0 12 8 7 1 0 1 0 0 0 1 0
0 0 7 8 9 0 0 0 0 10 9 0 0 0 0 0 0 0 0 0
0 2 5 6 8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 3 4 5 6 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
2 0 4 2 4 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
2 1 2 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 2 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0

(a)

(d)

x

(b) (c)

Figure8: (a) A
���������

patchof valuesfrom ascalar� eld; (b) thepatchrepresentedby greyscaleswatches; (c) acollectionof slivers oriented0 � ateachdata
valuelocation;(d) thegreyscalemap and sliversand combinedto producethe� nal sliver layer

A follow-upstudy was recentlyconductedto test anotherperceptualtexturedimension: orientation.Thiswork was motivated
in part by thedesireto construct an alternativemethod for visualizing multiple overlappingdata�eld s. Thewell-known method
of selecting � visual featuresto representeachof the � dataattributeshasanumberof inherentlimitations:

� dimensionality: asthe numberof attributesn in thedataset grows, it becomesmoreand moredif� cult to � nd additional
visual featuresto representthem.

� interference:differentvisual featureswill often interactwith oneanother, producing visual interference;these interfer-
enceeffectsmust becontrolledor eliminatedto guaranteeeffectiveexplorationandanalysis.

� attribute-feature matching: differentvisual featuresarebest suited to a particular typeof attribute and analysis task; an
effectivevisualizationtechniqueneedsto respectthesepreferences.
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(c)

x

(a) (b)

Figure 9: (a,b) two scalar � elds represented with 0
�

and 90
�

, respec-
tively; (c) both � elds displayed in a single image, overlapping values
show aselementsthat look like plus signs

Multidimensional datasetscan often be viewed as a col-
lection of � scalar�eld s that overlapspatially with one
another. Rather than using � visual featuresto represent
these � elds, we can use only two: orientationand lumi-
nance.For eachscalar�eld (representingattribute

���

) we
selecta constant orientation �

�

; at variousspatial locations
wherea value ���
	�	

�
�����

exists, we placea corresponding
sliver texture oriented at �

�

. The luminanceof the sliver
texture dependson ���
	

�

: the maximum �������

�������

pro-
ducesa white (full luminance) sliver, while the minimum

� �����

� ��� �

producesa black (zeroluminance)sliver. A
perceptually-balancedluminancescale running from black
to white is used to select a luminancefor an intermediate
values � �
	

���

� �����

� �

� �
	

� �

� ���!�

�

.

Fig. 8a shows a uniformly-sampled patch from a hypo-
theticalscalar �eld. Valuesin the �eld are representedas
greyscale swatchesin Fig. 8b. A constant orientation of 0"

is used to represent values in the �eld (sliversrotated0" a
replacedat thespatiallocationsfor eachreadingin the�eld,
shown in Fig. 8c). Blending thesetwo representations to-
getherproducesthe� nalimage(Fig. 8d),alayerof variable-
luminancesliversshowing thepositionsandvaluesof all the
data in the original � eld.

Multiple scalar �eld s are displayed by compositing their
sliver layerstogether. Fig. 9a-bshows two separatesliver
layersrepresentingtwo scalar�elds. The� rst � eldusessliv-
ersoriented0 " ; thesecondusessliversoriented90" . When
aviewervisualizesboth � eldssimultaneously, thesliverlay-

ersareoverlayedto producethesingleimageshown in Fig. 9c. This imageallowstheviewerto locatevaluesin eachindividual
�eld , while at thesametime identify ing important interactionsbetweenthe � elds. Theuseof thin, well separatedsliversis key
to allowing valuesfrom multiple �elds to show throughin a commonspatial location.A viewercanuse these imagesto:

# determinewhich � eldsareprominentin a region,

# determinehow strongly agiven � eld ispresent,

# estimatethe relativeweightsof the �eld valuesin the region, and

# locate regionswhereall the � eldshave low, medium,or high values.

6.1 Experiments

Our initial experimentsinvestigateda viewer's ability to distinguish sliver textureswith different2D orientations(i.e., slivers
with differentrotationsembeddedin theXY-plane). Eachtrial containeda $&%(')$�% grid of rectanglesrotated *,+ . A randomly
selected $-'.$ patchof targetrectangleswas thenrotated/0+ . In half the trials *,+213/0+ (i.e., the targetwasabsent, Fig. 10b). In
theotherhalf, *�+54 1�/0+ (i.e., a targetwaspresent, Fig. 10aand10c).We testedbackgroundorientationsrangingfrom 0-45" and
45-90" in 5" steps. For eachbackground,every orientationwastestedasa target(i.e., ten targetrotations0, 5, 67686 , 45" were
testedfor eachbackgroundin therange0-45" ; tentargetrotations45,50, 68676 , 90" weretestedfor eachbackgroundin therange
45-90" ).

In summary, our results showed:
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Figure10: An example of threeexperiment displays:(a) a10
�

target in a0
�

background(target is � vestepsright andeightstepsup from thelower left corner
of thearray); (b) a 30

�

backgroundwith no target; (c) a 65
�

target in a 55
�

background(target is six stepsleft and seven stepsup from thelower right corner
of thearray)

1. A targetoriented
�������

or morefrom its backgroundelementsis rapidlyandaccuratelydistinguishable.

2. Errorsfor backgroundsoriented0
�

or 90
�

weresigni� cantly lower thanfor other backgrounds(e.g., tilted targets are
easier to seein backgroundsof 0

�

or 90
�

).

3. Errorsfor targetsoriented0
�

or 90
�

weresigni� cantly higherthanfor othertargets, suggesting an asymmetry (goodasa
background,badasa target) for theseorientations.

7 Scanning Electron Microscope Images

Theapplication for which this techniquewasoriginally developed isthedisplay of multiple data�eld sfrom ascanning electron
microscope(SEM).Each�eld representstheconcentrationof a particularelement(oxygen,silicon, carbon,andso on) across
a surface. Physicists studying mineralsamplesneedto determinewhat elementsmake up eachpart of the surfaceandhow
those elements mix. By allowing the viewer to seethe relative concentrationsof the elements in a given area,our technique
enablesrecognition of compositesmoreeasilythanside-by-sidecomparison, especially for situationswheretherearecomplex
amalgamsof materials.

Fig. 11ashows sliver layersrepresenting eight separateelements: calcium(15
�

), copper(30
�

), iron (60
�

), magnesium (75
�

),
manganese (105

�

), oxygen(120
�

), sulphur (150
�

), and silicon (165
�

), Theorientationsfor eachlayerwerechosen to ensure
no two layers have an orientation dif ference of lessthan 15

�

Fig. 11b shows the eight layers blendedtogether to form a
single image.Fig. 11cchangestheorientationsof silicon andoxygento 90

�

and180
�

, respectively, to investigatea potential
interactionbetweenthetwo (thepresenceof silicon oxidein theupperright, upperleft, andlower left whereregionsof “plus
sign” texturesappear).

Our results suggest up to 15 orientationsin the 0-180
�

rangecanberapidlyand accuratelydifferentiated.Thegreyscaleramp
usedto assign a luminanceto eachsliver is also constructedto be perceptuallylinear. Theresult is an imagethatshows data
valuesin eachindividual � eld,while at thesametimehighlighting importantinteractionsbetweenthe� elds.

8 Combining Color and Texture

Al thoughtextureand color have beenstudiedextensively in isolation, muchless work hasfocusedon their combineduse for
information representation. An effective methodof displaying color and texture patterns simultaneously would increase the
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(a)

(b) (c)

Figure11: (a) eightsliver layersrepresenting calcium(15
�

), copper(30
�

), iron (60
�

), magnesium(75
�

), manganese(105
�

), oxygen(120
�

), sulphur(150
�

),
andsilicon (165

�

), (b) all eight layersblendedinto a single image; (c) silicon and oxygenre-orientedat 90
�

and180
�

, respectively, to highlight thepresence
of silicon oxide(asa “plus sign” texture) in theupperright, upperleft, andlower left cornersof theimage

numberof attributeswecanrepresentat onetime. The� rst step towardssupporting thisgoalis thedetermination of theamount
of visual interferencethatoccursbetweenthese featuresduring visualization.

Experiments in psychophysicshaveproducedinteresting but contradictory answersto thisquestion. Callaghanreported asym-
metric interferenceof color on form during texture segmentation: a randomcolor pattern interferedwith the identi� cation of
a boundarybetweentwo groupsof differentforms, but a randomform pattern hadno effecton identifying color boundaries
[7, 8]. Triesman,however, showedthatrandomvariation of color hadno effectondetecting thepresenceor absenceof a target
elementde�ned by a differencein orientation(recallthatdirectionalityhasbeenidenti�ed asa fundamentalperceptualtexture
dimension) [73]. Recentwork by Snowden[64] recreatedthedifferingresults of bothCallaghanandTriesman.Snowdenrana
numberof additionalexperiments to test theeffectsof randomcolor andstereodepth variation on thedetection of a target line
elementwith a uniqueorientation. As with CallaghanandTriesman,resultsdiffereddependingonthe targettype.Searchfor a
singleline elementwasrapidandaccurate,even with randomcoloror depthvariation. Searchfor a spatial collectionof targets
was easy only whencolor anddepth were� xedto a constant value. Randomvariation of color or depth produceda signi� cant
reductionin detectionaccuracy. Snowdensuggests thatthevisual systemwantsto try to groupspatially neighboringelements
with commonvisual features, even if this grouping is not helpful for the task being performed.Any randomvariation of color
or depth interfereswith thisgroupingprocess, therebyforcinga reduction in performance.

Theseresults left unansweredthe question of whether color variation would interferewith texture identi�catio n during visu-
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alization. Moreover, work in psychophysics studied two-dimensional texture segmentation. Our pexels are arrayedover an
underlyingheight � eld, thendisplayedin 3D using a perspectiveprojection. Most of the researchto date hasfocusedon color
on textureinterference.Less work hasbeenconducted to studyhow changesin texturedimensionslike height, density, or reg-
ularity will affect the identi�catio n of dataelements with a particular target color. The question of interference in this kind of
height-� eld environmentneedsto beaddressed beforewecanrecommendmethodsfor thecombineduse of color andtexture.

8.1 Experiments

In orderto investigate thecombineduse of color andtexture,we designeda new set of psychophysicalexperiments. Our two
speci� c questionswere:

1. Doesrandomvariation in pexel color in� uencethedetection of a regionof targetpexelsde�nedby heightor density?

2. Doesrandomvariation in pexel heightor density in� uencethe detection of a regionof targetpexelsde�nedby color?

We chose to ignoreregularity, since it performedpoorly asa targetde� ning property during all phases of our original texture
experiments [25, 26]. We chose threedifferentcolors using our perceptual color selection technique[20, 25]. Colors were
initially selectedin the CIE LUV color space,thenconvertedto our monitor's RGB gamut. The threecolorscorresponded
approximately to red (monitor RGB = 246,73, 50), green(monitor RGB = 49, 144,21) andblue (monitor RGB = 82, 109,
168). Our new experimentswere constructedaround a set of conditionssimilar to those used during the original texture
experiments. We varied target-backgroundpairings, exposureduration, the presenceor absenceof a secondarybackground
feature,andtargetpatchsizefrom trial to trial to test user performancein a numberof dif ferentcircumstances.

Meanpercentagetargetdetectionaccuracy was themeasureof performance.Observerresponseswerecollected,averaged,and
analyzedusing multi-factorANOVA. In summary, we found:

1. Color targetsweredetectedrapidly (i.e., at 150ms) with very high accuracy (96%). Backgroundvariation in heightand
density producedno interferenceeffects in thisdetection task.

2. Detectionaccuracy for targetsde�ned by density or heightwerevery similar to results from our original textureexperi-
ments[25, 26]. Whentherewas no backgroundvariation in color, excellentdetectionaccuracy was obtainedfor density
de�ned targets(i.e., denser andsparser targets) at 150 ms (94%). Height de�ned targets (i.e., taller and shorter) were
detectedsomewhatless accuratelyat 150ms(88%) but werehighly detectableat 450ms(93%). As we hadalso found
previously, taller targets weregenerally easier to detect thanshorter targets, and denser targets wereeasier thansparser
targets.

3. In all four textureexperiments, backgroundvariation in color produceda small but signi� cantinterferenceeffect, aver-
aging6% in overall accuracy reduction.

4. Theabsolutereductionin accuracy dueto color interferencedependedon thedif� culty of thedetectiontask. Speci�cally,
color interferedmorewith thelessvisible targetvalues(shorterandsparser targetsyieldedameanaccuracy reductionof
8%) thanwith themorevisible targets(talleranddenser targetsyield ameanaccuracy reductionof 4%).

Ourresultsshowedanasymmetricinterferenceeffect,similar to thosereportedin thepsychophysical literature.Asdescribedby
[64], we foundthat color producesa small but statistically reliable interferenceeffectduring texture segmentation. Moreover,
wefoundcolor and textureforma“featurehierarchy”thatproducesasymmetric interference:color variation interfereswith an
observer'sability toseetextureregionsbasedonheight or density, but variation in texturehasnoeffecton regiondetectionbased
oncolor. This is similar to reportsby [7, 8], who reported asymmetric color on shapeinterferencein a boundarydetection task
involving two-dimensionaltextures. Theamountof color on textureinterferencedependedon thedif� culty of thesegmentation
task. Targetsthatwereharderto identify in isolation (e.g., shorter andsparser targets) showedamuchhighersensitivity to color
interference,comparedto targetsthatwereeasy to identify (e.g., taller anddenser targets). Thissuggests thatcolor andtexture
canbecombinedin asingledisplay, but only in caseswherethetexturetargetshavea strongperceptual salience.
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9 Nonphotorealistic Visualization

For many yearstheareasof modeling andrenderingin computergraphicshavestudiedtheproblemof producing photorealistic
images, imagesof graphical models that areindistinguishable from photographsof anequivalent real-world scene.Advances
in areaslike thesimulation of global light transport, modeling of natural phenomena,andimage-basedrendering have made
dramaticstridestowardsachieving this goal. At the sametime, researchershave approachedthe issue of imagegeneration
from a completelydifferentdirection.Althoughphotographsarecommon,thereare many othercompellingmethodsof visual
discourse, for example,oil andwatercolor paintings, penandink sketches, cel animation,andline art. In thepropersituations,
these typesof picturesare often consideredmore effective, more appropriate, or even more expressive than an equivalent
photograph.Thestudyof methodsthatconstruct imagesof these typesisknown asnonphotorealistic rendering.

Ourcurrentinterests liespeci� cally in nonphotorealistic renderingmethodsthatusesimulatedbrush strokesto produceimages
that look like paintings. Strassmann[65] constructeda “hairy brush”, a collectionof bristles placedalonga line segment;
Japanese-style brush strokesareproducedby applying ink to the brush, then moving it along a path over a simulated paper
surface. Haberli [18] built a system that paintswith a brush that a user strokesacross an underlyingimage;thesize, shape,
color, location,anddirectionof brush strokescanall bevaried.Hsu et al. [28] usedvector-basedskeletalstrokeswith variable
thickness drawn along a parametriccurve to produceinteresting line-art images. Meier [44] attachedparticlesto surfaces
in a 3D scene, then rendered a brush stroke (with variable color, size, and direction) at eachparticle position to paint the
scene.Li twinowicz [39] clippedstrokesto objectboundaries, thenrenderedthemas linesor texturemapswith variable length,
thickness, direction, andcolor. Curtis et al. [10] built a � uid-� ow simulation to model the interactionsof brush, watercolor,
andpaperduring thepainting of watercolor images. Shiraishi andYamaguchi[60] computedimagemomentsonatargetimage
to control the color, location, orientation, andsize of the brush strokes in their painterly rendering. Hertzmann[27] used a
multilayer painting technique, where eachnew layer contains �n er details paintedwith smallerbrushstrokes; brush paths are
modeledwith splines,while thebrushitself allowsvariation of length, size,opacity, placement, and color jitter. Interrante [30]
discussedapplying natural texturesto visualize multidimensional datasets.Laidlaw [36, 37] extended the layered approach
of Meier to visualizemultidimensionaldatain a painterlyfashion. Finally, EbertandRheingans[13] usednonphotorealistic
techniqueslikesilhouettes, sketch lines, andhalos to highlight important featuresin a volumetric dataset.

9.1 Painterly Styles

We believe that fundamental properties of a nonphotorealistic imagecanbe identi� ed in part by studying the styles used by
artiststo construct their paintings. Our investigation of painterly styles is directedby two separatecriteria. First, we are
restricting our searchto a particularmovementin art known asImpressionism. Second,we attemptto pair eachstyle with
a corresponding visual feature that hasbeenshown to be effective in a perceptual visualization environment. Thereare no
technical reasonsfor why Impressionism was chosenover any othermovement. In fact, we expectthe basic theoriesbehind
our technique will extend easilyto other types of artistic presentation. For our initial work, however, we felt it was important
to narrow our focusto a set of fundamental goals in the thecontext of a single typeof painting style.

Theterm“Impressionism” wasattachedto asmall group of Frenchartists(initially includingMonet, Degas,Manet,Renoir, and
Pissaro, and laterCézanne,Sisley, andVanGogh,amongothers) whobrokefrom thetraditionalschoolsof thetimeto approach
painting from a new perspective. TheImpressionist techniquewas basedon a numberof underlyingprinciples[5, 58, 77], for
example:

1. Objectandenvironmentinterpenetrate. Outlinesof objectsare softenedor obscured(e.g., Monet's waterlilies); objects
arebathed and interactwith light; shadowsarecoloredand movement is representedasun� nishedoutlines.

2. Color acquires independence. Thereis no constant huefor an object, atmospheric conditionsandlight moderate color
across its surface;objectsmayreduceto swatchesof color.

3. Showa small section of nature. Theartist isnot placedin aprivileged position relative to nature; theworld is shown asa
seriesof close-updetails.

4. Minimizeperspective. Perspective isshortenedanddistancereducedto turn 3D spaceinto a2D image.
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5. Solicit a viewer's optics. Study the retinal system; divide tones as separatebrush strokesto vitalize color rather than
graying with overlapping strokes; harness simultaneouscontrast; use models from color scientists like Chevruel [9] or
Rood[55].

Althoughthese generalcharacteristics are perhapsless precise thanwe might prefer, we canstill draw a numberof important
conclusions. Propertiesof hue, luminance,and lighting wereexplicitly controlled and evenstudied in a scienti�c fashion by
someof the Impressionists. Rather thanusing an “object-based” representation, the artists appearto bemoreconcernedwith
subdividing apaintingbasedontheinteractionsof light with colorandothersurfaceproperties. Additionalpainterlystylescan
beidenti� edby studying the paintingsthemselves. These stylesoften varied dramatically betweenindividualartists, acting to
de�ne their uniquepainting techniques. Examplesinclude:

� path: thedirection abrush stroke follows; VanGoghmadeextensiveuseof curvedpaths to de� neboundariesandshape
in hispaintings; otherartistsfavoredsimpler, straighterstrokes,

� length: the length of individualstrokeson the canvas, often used to differentiatebetweencontextually differentparts of
apainting,

� density: thenumberandsizeof strokes laid down in a �x edareaof canvas,
� coarseness: thecoarseness of thebrush used to apply a stroke; a coarser brush causes visible bristle linesandsurface

roughness, and
� weight: theamountof paintappliedduringeachstroke; heavy strokes highlight coarseness andproduceridgesof paint

thatcauseunderhangingshadowswhenlit from theproperdirection.

Al thoughthis collection of painterly stylesprovidesa goodstarting point, it is by no meansexhaustive. All of the styles
we use are evaluatedfor effectiveness by identifyingtheir perceptualcharacteristics, andby validatingtheir ability to support
visualization, discovery, analysis,and presentation in a real-world application environment.

A comparison of perceptual color andtexturepropertieswith painterly styles from Impressionist art revealsastrongcorrespon-
dencebetweenthetwo. Reducedto perceptualelements, color andtexturearetheprecise propertiesthatan artist variesin the
applicationof coloredpigmentsof paint to acanvaswith abrush. Fromthisperspective,color andlighting in Impressionismhas
adirectrelationship to theuseof hueandluminancein perceptual vision. Otherpainterly styles(e.g., path, density, and length)
havesimilar partnersin perception(e.g., orientation,contrast, andsize).Thisclosecorrespondencebetweenperceptual features
andmany of thepainterly styleswe hopeto apply isparticularly advantageous. Sincenumerouscontrolled experimentson the
use of perception have alreadybeenconducted, we have a largebodyof evidenceto use to predict how we expectpainterly
stylesto reactin amultidimensional visualization environment.

9.2 Experiments

We conducted a set of psychophysical experiments to test our hypothesis thatguidelinesfrom humanperception will extend
to a painterly environment. Our experimentsweredesigned to investigatea viewer's ability to rapidly and accurately identify
target brush strokesde�nedby a particular color or orientation. Backgroundorientation, color, regularity, and density varied
betweendisplays. Thisallowedusto test forpreattentivetask performance,andforvisual interferenceeffects. Theexperimental
results werethenused to identify similarities and differencesbetweenpainterly images and existing perceptual visualization
techniques.

Eachexperimental display containeda
���������

arrayof simulatedbrush strokes(Fig. 12). Viewerswereasked to determine
whetherasmall, �

�

� groupof strokeswith aparticulartargettypewaspresent or absent in eachdisplay. Displayswereshown
for 200milliseconds, after whichthescreenwascleared;thesystemthenwaitedfor viewersto entertheiranswer(either“target
present” or “targetabsent”).

The displayswereequally divided into two groups: onestudieda viewer's ability to identify target strokesbased on color,
the other studied identi�cation based on orientation. The appearanceof the strokes in eachdisplay was varied to test for
preattentiveperformanceandvisual interference.For example, Fig. 12ashowsan orangetarget in a seaof pink strokes; all the
strokeshaveaconstant orientation of 30 �	��
�� ; they aresparsely packed,andarelocatedin acompletelyregular, grid-likepattern.
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Fig. 12bshows a greentarget in a seaof orangestrokes; these strokes, however, have a randomorientation,a dense packing,
andan irregularplacement.Fig. 12cshows a 45

�

orientation target in a seaof strokesrotated30
�

; thestrokes have a random
backgroundcolor, very densepacking,andirregularplacement.Finally, Fig. 12dshowsa60

�

targetin a45
�

background;these
strokeshaveaconstantcolor, densepacking,andregularplacement.

(a) (b) (c) (d)

Figure12: Example experiment displays:(a) orangetarget in pink strokes,constant30
�

backgroundorientation,sparse packing,regularplacement; (b) green
target in orangestrokes, randombackgroundorientation,dense packing, irregular placement; (c) 45

�

target in
���

�

strokes, randombackgroundcolor, very
dense packing,irregularplacement; (d) �

�

�

target in ���

�

strokes, constantbackgroundcolor, dense packing,regularplacement

Vieweraccuracy andresponsetimewerecombinedandtestedfor signi�canceusingamulti-factoranalysisof variance(ANOVA).
In summary, we found:

	 color targetswereeasy to detectata200millisecondpreattentiveexposureduration;arandomorientationpatternhadno
interferingeffectonperformance,

	 orientation targets wereeasy to detect whena constant color wasdisplayed in the background;a randombackground
colorpatterncaused asigni�cant reductionin performance,

	 backgrounddensity hada signi� canteffecton both color andorientation targets; denser displaysproducedanimprove-
mentin performance,and

	 backgroundregularity hada signi� canteffectonboth color andorientation targets; irregulardisplayscaused areduction
in performance.

Our resultsmatchprevious�ndings in boththepsychophysical andthevisualizationliterature,speci�cally: (1) colorproduces
betterperformancethanorientationduring target identi�catio n, and (2) anasymmetric color on textureinterferenceeffectexists
(randomcolor patterns interferewith orientation identi� cation, but not vice-versa). Both results have beenshown to exist in
experimental [8, 64] andreal-world visualization settings[25, 26]. Theseresultsextendourpreviouswork [26], which founda
generalcolor on textureinterferencepattern, but nocorrespondingtextureon color effect. Overall, our resultsprovidepositive
evidenceto supportthebelief thatperceptual � ndingswill carryto apainterly visualization environment.

10 Visualizing Envir onmental Weather Data

Based on theresultsfrom ourexperiments, wedecidedto build anonphotorealisticvisualization system thatvaried brush stroke
color, spatial density, direction (i.e., orientation),and stroke placement(i.e., regularity) to encode multiple data attributes(in
additionto the two spatial valuesused to position eachstroke). Thepresenceof featurehierarchiessuggest color shouldbe
usedto represent the most important attribute, followedby texture properties. Our results further re�n e this to mapping color,
direction,density, andplacementin orderof attributeimportance(from most importantto least important).
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Thebrush strokes in our currentprototypearesimilar to theonesshown during our experiments. They areconstructed using
a simple texture mapping scheme.This techniqueis commonin nonphotorealistic rendering (e.g., in [18, 27, 39, 44]). Real
painted strokesarecapturedand converted into texture maps. These texturesareapplied to an underlyingpolygonto produce
anapproximation of a collection of generic brush strokes. We currently use a small library of � ve representative brushstroke
textures; oneof the texturesis randomly selectedandapplied whena stroke is rendered.A stroke's color, direction, density,
andplacementarecontrolledby modifying its textureandby transformingthepolygonit mapsto.

Oneof theapplication testbedsfor our nonphotorealistic visualization techniqueis a collection of monthly environmental and
weatherconditionscollectedandrecordedby the IntergovernmentalPanel on Climate Change. This dataset containsmean
monthly surfaceclimate readings in

�

�

�

latitude and longitudestepsfor the years1961 to 1990 (e.g., readingsfor January
averagedover theyears1961-1990,readingsfor Februaryaveragedover 1961-1990,andso on). We chose to visualize values
for meantemperature,windspeed,pressure, precipitation,and frost frequency (or temp, wind pressure, precip, and frost).
Based on this orderof importance,we built a data-featuremapping

�

that variesbrush stroke color, density, orientation,and
regularity. We divided density into two separateparts: energy, the numberof strokesused to represent a data element ��� ,
andcoverage, the percentageof ��� 's screenspacecoveredby its strokes. Both properties represent painterly styles. Energy
describes the number and vitality of strokesin a �xed region of a painting (e.g., a few long,broad,lazystrokesor many small,
short, energetic strokes). Coveragedescribestheamountof the underlyingcanvas, if any, that shows throughthe strokes. This
producedthe followingattribute to visual featurepairings:

� temp 	 color: darkbluefor low tempto brightpink for high temp,
� wind 	 coverage: low coveragefor weakwind to full coveragefor strongwind,
� pressure 	 energy: a singlestroke,a 
���
 arrayof strokes, or a 
���
 arrayof strokesfor low to highpressure,
� precip 	 orientation: upright( ���

�

rotation) for light precipto �at ( �

�

rotation) for heavy precip, and
� frost 	 regularity: regularfor low frost frequency to irregular for high frost frequency.

Fig. 13 shows an example of applying
�

to data for February along the eastcoast of the continental United States. The
top � ve imagesuse a perceptual color ramp(running from dark blue and greenfor small valuesto bright red and pink for
largevalues) to show theindividual variation in temp,pressure, wind,precip, andfrost. Theresult of applying

�

to constructa
nonphotorealisticvisualizationof all � veattributesisshown in thebottomimage.Variouscolor andtexturepatternsrepresenting
differentweatherphenomenaare notedon this image.Changesin temperature arevisible asa smooth blue-greento red-pink
color variation running north to south over the map. Pressure gradients produceenergy boundaries, shown asregionswith
differentnumbersof strokes packed into a unit areaof screenspace(e.g., higherenergy strokes in Florida represent higher
pressure readings). Windspeedmodi� es stroke coverage: weakwind valuesproducesmall strokes with a large amountof
backgroundshowing through(e.g., north of the GreatLakes), while strongwind valuesproducelargerstrokesthat completely
� ll their correspondingscreenspace(e.g., in centralTexasand Kansas). Increasesin rainfall areshown asa increasing stroke
tilt running from upright (light precip) to �at (heavy precip). Finally, a higher frost frequency producesmore irregularity
(e.g., strokes in FloridaandsouthernTexasare completely regular, while strokes in thenorthernstates and Canadaarehighly
irregular).

Fig. 14 uses the samemapping
�

to visualize weather conditionsover the western United States for JanuaryandAugust.
Thesevisualizationsprovideanumberof interesting insights into historicalweatherconditionsfor thispartof thecontinent. In
January(Fig. 14a)weakwind values(shown assmall, low coveragestrokes) highlight the locationsof the Rocky Mountains,
the Cascades, and the Sierra Nevada range. Typically heavy rainfall in the Paci�c Northwest is representedby nearly �at
strokes. Regionsof severe cold east of the Rocky Mountains nearDenver andin the northernplains and Canadian prairies
appearaspatchesof darkgreenandbluestrokes. Low pressure(i.e., asingle low energy strokefor eachdataelement)andhigh
frost frequency (shown as irregularstroke placement)covers most of themap. Conditionsin August (Fig. 14b)aremarkedly
different. Most of the westernUnited Statesis warm (a completely regular placement of strokesdenoting little or no frost
during this month). An areaof intense heat, shown asbright pink strokes, is visible in southernCalifornia and Arizona.High
pressureregionscoverthecoast,thesouth, and much of thecentral and northernplains. Little or no rainfall is evident. Finally,
anareaof weakwind valuesisvisibleassmall, low coveragestrokes in northernWashington,Idaho,andMontana.
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temp pressure wind precip frost

Figure13: Nonphotorealistic visualizationof weatherconditionsover theeasternUnitedStates: (top row) perceptualcolor ramps(darkblue for low to bright
pink for high) of meantemperature,pressure, windspeed,precipitation,andfrost frequency in isolation; (bottomrow) combinedvisualizationof temperature
(darkblue to bright pink for cold to hot), pressure (low to to high energy for low to high), windspeed(low to high coveragefor weakto strong),precipitation
(upright to �at for light to heavy), and frost frequency (regular to irregular for low to high)
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(a) (b)

Figure14: Weatherconditionsover thewesternUnitedStates: (a) meantemp, pressure, wind, precipandfrost for January;(b) meanconditionsfor August

11 Visualizing TyphoonData

Oneof our currenttestbedsfor using pexels to visualize multidimensional data is the analysis of environmentalconditions
relatedto typhoons. We used pexels to visualize typhoonactivity in the Northwest Paci� c Oceanduring the summerand
fall of 1997. The names“typhoon”and“hurricane”areregion-speci� c, and refer to the same type of weather phenomena:
an atmospheric disturbancecharacterizedby low pressure, thunderstorm activity, and a cyclic wind pattern. Storms of this
typewith windspeedsbelow 17m/sarecalled“ tropicaldepressions”. Whenwindspeedsexceed17m/s, they become“tropical
storms”. This is also whenstormsareassignedaspeci� c name.Whenwindspeedsreach33m/s, astormbecomesatyphoon(in
theNorthwestPaci�c) or ahurricane(in theNortheastPaci�c and North Atlantic).

We combinedinformationfrom a numberof dif ferentsourcesto collect thedatawe needed.A U.S.Navy elevationdataset2

wasused to obtain landelevationsat ten minute latitudeandlongitudeintervals. Land-based weatherstation readingscollected
from aroundthe world andarchived by theNationalClimatic Data Center3 provideddaily measurementsfor eighteenseparate
environmental conditions. Finally, satellitearchivesmade available by the Global Hydrology and ClimateCenter4 contained
daily open-oceanwindspeedmeasurementsat thirty minutelatitudeandlongitudeintervals. TheNationalClimatic DataCenter
de�ned the 1997typhoonseason to run from August 1 to October31; eachof our datasets containedmeasurementsfor this
timeperiod.

Wechoseto visualizethreeenvironmental conditionsrelated to typhoons: windspeed,pressure,andprecipitation. Al l threeval-
uesweremeasuredonadaily basisat eachland-based weatherstation,but only daily windspeedswereavailablefor open-ocean
positions. In spiteof themissingopen-oceanpressureandprecipitation,we wereableto trackstormsasthey moved across the
Northwest Paci�c Ocean.Whenthestormsmadelandfall theassociatedwindspeed,sea-level pressure,andprecipitationwere
providedby weatherstationsalongtheir path.

Based on ourexperimental results, wechoseto represent windspeed,pressure,andprecipitation with height, density, andcolor,
respectively. Localizedareasof highwindspeedareobviousindicatorsof stormactivity. Wechoseto mapincreasingwindspeed
to an increasedpexel height. Althoughour experimental results showedstatistically signi� cantinterferencefrom background
color variation,theabsoluteeffectwasverysmall. Taller anddenserpexelswereeasily identi� edin all othercases, suggesting
thereshould beno changesin color interferencedueto anincrease in task dif� culty. Windspeedhastwo important boundaries:

2http://grid2.cr.usgs.gov/dem/
3http://www.ncdc.noaa.gov/ol/climate/online/gsod.html
4http://ghrc.msfc.nasa.gov/ghrc/list.html
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17m/s (wheretropical depressionsbecometropical storms) and 33m/s (wherestormsbecometyphoons). We mirroredthese
boundarieswith heightdiscontinuities. Pexel heightincreaseslinearly from 0-17m/s. At 17m/s, heightapproximatelydoubles,
thencontinueslinearly from 17-33m/s. At 33m/s anotherheight discontinuity is introduced,followedby a linearincrease for
any windspeedsover 33m/s.

Pressure is represented with pexel density. Since our results showed it was easierto � nd dense pexels in a seaof sparse
pexels (asopposedto sparse in dense),an increase in pressure is mappedto a decrease in pexel density (i.e., very densepexels
represent the low pressure regionsassociatedwith typhoons). Threedifferenttexture densities wereused to represent three
pressure ranges. Pressure readingsless than996millibars, between996and1014millibars, andgreaterthan1014millibars
produceverydense, dense, andsparsepexels, respectively.

Precipitation is representedwith color. We usedour perceptual color selection techniqueto choose � ve perceptually uniform
colors. Daily precipitation readingsof zero,0–0.03inches, 0.03–0.4inches, 0.4–1.0inches, and1.0–10.71incheswerecolored
green,yellow, orange,red,and purple,respectively (eachprecipitationrangehadan equalnumberof entriesin our typhoon
dataset). Pexels on the openoceanor at weatherstationswhereno precipitationvalueswere reportedwerecoloredblue-
green.Our experimental results showedno texture-on-color interference.Moreover, our color selection techniqueis designed
to producecolors thatare equally distinguishable from oneanother. Our mapping usesredand purple to highlight the high-
precipitation areasassociatedwith typhoonactivity.

Webuilt asimplevisualization tool thatmapswindspeed,pressure,andprecipitation to their correspondingheight, density, and
color. Our visualization tool allows a user to move forwardsandbackwards throughthe dataset day-by-day. Oneinteresting
result was immediately evidentwhenwebeganouranalysis: typhoonactivity wasnot represented by high windspeedvaluesin
ouropen-oceandataset. Typhoonsnormallycontainsevererainandthunderstorms. Thehigh levelsof cloud-based watervapor
producedby thesestorms block the satellitesthat are used to measure open-oceanwindspeeds. The result is an absence of
any windspeedvalueswithin a typhoon'sspatial extent. Rather thanappearing as a local regionof highwindspeeds, typhoons
on theopen-oceanaredisplayedasa “hole”, an oceanregion without any windspeedreadings(seeFig. 15band15d). This
absenceof avisual feature(i.e., aholein thetexture� eld) is largeenoughto besalient in ourdisplays, andcanbepreattentively
identi�ed and trackedovertime. Therefore,usershave little dif� culty �n ding storms and watching them as they moveacross
theopenocean.Whenastormmakeslandfall, theweatherstationsalongthestorm'spathprovidetheproperwindspeed,aswell
aspressureand precipitation. Weather stationsmeasurewindspeeddirectly, rather than using satelliteimages,so high levelsof
cloud-based watervaporcauseno lossof information.

Fig. 15showswindspeed,pressure,andprecipitation aroundJapan,Korea,andTaiwan during August 1997.Fig. 15b,looking
northeast, trackstyphoonAmber (one of the region's major typhoons) approaching along an east to west path across the
Northwest Paci� c Oceanon August 27, 1997. Fig. 15c shows typhoonAmber oneday later as it moves throughTaiwan.
Weatherstationswithin the typhoonshow theexpectedstrongwinds, low pressure,andhighlevelsof rainfall. Theseresultsare
easily identi� edastall, dense,redandpurplepexels. Comparethese imagesto Fig.15dand15e,wherewindspeedwasmapped
to regularity, pressure to height, and precipitation to density (a mapping without color that our original texture experiments
predict will performpoorly). Al thoughviewerscan identify areasof lower and higherwindspeed(e.g., on the openocean
andover Taiwan), it is dif� cult to identify a change in lower or higherwindspeeds(e.g.,thechangein windspeedastyphoon
Ambermoves onshoreover Taiwan). In fact,viewersoftensearchedfor an increase in density that representsan increase in
precipitation,ratherthananincrease in irregularity;pexelsover Taiwan becomenoticeablydenserbetweenFig. 15dand15e.

12 Oceanography Simulations

Our � nal example describesa set of oceanographysimulationsbeing jointly conducted at North Carolina State University
andthe University of British Columbia[21]. Researchersin oceanographyarestudying the growth and movementpatterns
of differentspeciesof salmon in thenorthernPaci�c Ocean.Underlyingenvironmentalconditionslike planktondensity, sea
surfacetemperature(SST),currentdirection,andcurrentstrengthaffectwherethesalmon live andhow they move andgrow
[68]. For example,salmon like coolerwater and tendto avoid oceanlocationsabove a certaintemperature.Sincethesalmon
feedon planktonblooms, they will try to move to areaswhereplanktondensity is highest. Currentswill “push” the salmonas
they swim. Finally, SST, currentdirection,andcurrentstrength affectthesize and location of planktonbloomsas they form.
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(a)

(b) (c)

(d) (e)

Figure15: TyphoonconditionsacrossSoutheast Asiaduringthesummer of 1997:(a)August 7, normal weatherconditionsover Japan;(b) August 27,typhoon
Amberapproachestheislandof Taiwanfrom thesoutheast; (c) August 28,typhoonAmberstrikesTaiwan,producingtall, densepexelscoloredorange,red,and
purple(representinghigh precipitation);(d,e) thesamedataasin (b) and(c) but with windspeedrepresentedby regularity, pressureby height,andprecipitation
by density.
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The oceanographersaredesigning modelsof how they believe salmon feedandmove in the openocean. These simulated
salmon will beplacedin a set of known environmentalconditions, thentrackedto see if their behavior mirrorsthatof thereal
� sh. For example, salmonthatmigratebackto the Fraser River to spawn chose oneof two routes. WhentheGulf of Alaska is
warm, salmonmake landfall at thenorth endof Vancouver Islandandapproachthe Fraser Riverprimarily via a northernroute
throughtheJohnstoneStrait (theupperarrow in Fig. 16).WhentheGulf of Alaskaiscold, salmonaredistributed furthersouth,
make landfall on the west coast of Vancouver Island, andapproachthe Fraser River primarily via a southernroute through
the Juan de Fuca Strait (the lower arrow in Fig. 16). The ability to predict salmon distributions from prevailing environmental
conditionswould allow the commercial � shing � eetto estimate how many � sh will pass throughthe JohnstoneandJuande
Fucastraits. It would also allow moreaccuratepredictionsof the size of thesalmon run, helpingto ensure that an adequate
numberof salmonarriveat thespawning grounds.

Figure 16: Map of the North Paci� c; arrows represent possible salmon
migration pathsas they pass throughthe either Johnstone Strait (upper
arrow) or theStrait of JuandeFuca(lower arrow)

In orderto test their hypotheses, theoceanographershave
createda database of SSTsand oceancurrentsfor the re-
gion 35

�

north latitude,180
�

west longitudeto 62
�

north
latitude, 120

�

west longitude (Fig. 16). Measurements
within this region areavailable at

�

���

�

�

grid spacings.
This array of valuesexists for eachmonth for the years
1956to 1964,and1980to 1989.

Partial plankton densitieshavealsobeencollectedand tab-
ulated;theseareobtainedby shipsthattakereadingsatvar-
iouspositionsin theocean.Weestimatedmissingplankton
valuesusing aset of knowledgediscovery (KD) algorithms
thatwehavespeci� cally modi� ed for useduring visualiza-
tion. Our KD algorithms identi� ed month, SST, and cur-
rent magnitude as the attributesused to estimatemissing
plankton values. Becauseof this, we restrictedour initial
visualization to a monthly time-seriesof plankton density,
SST, andcurrentmagnitude.

Displayingthethreeattributestogetherallowstheoceanog-
raphersto searchfor relationships betweenplankton den-
sity, currentstrength, andSST. Plankton isdisplayedusing
color; SST and current strength are displayed using tex-
ture. Colorsfor the � veplanktonrangeswerechosenusing
our color selection technique[20]. Althoughother color
scaleswereavailable(for example,by Ware[78]), ourcol-
ors are speci�cally designed to highlight outliers, and to
show clearly the boundariesbetweengroupsof elements
with a commonplanktondensity. We display the � ve planktondensity rangesfrom low to high using 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 theunderlying texture,we mappedcurrentstrength to height andSST to density. Our choiceswereguidedby results we
observed from our textureexperiments:

� differencesin height(speci� cally, taller elements) maybeeasier to detect, comparedto differencesin density or random-
ness,

� variation in height may mask differencesin density or randomness; this appearsto be dueto the occlusion thatoccurs
whentall pexels in the foregroundhideshortpexels in thebackground;thiswill beless important whenuserscancontrol
their viewpoint into thedataset (ourvisualization tool allows theuser to interactively manipulate theviewpoint), and

� tightly spacedgridscansupportup to threeeasily distinguishabledensity patterns; placingmorestrips in a single pexel
(e.g., arraysof �

�

� or �

�

� strips) will eithercause thestrips to overlap with their neighbors, or make eachstrip too
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thin to easilyidentify.

Because theremaybea featurepreferencefor heightover density, andbecausecurrentstrengthwasdeemed“more important”
thanSST during knowledgediscovery, we used height to representcurrentsand density to representSSTs. The� ve rangesof
currentstrengtharemappedto � vedifferentheights. Wedonotusealinearmapping,ratherthelowertwo ranges(corresponding
to theweakest currents) aredisplayedusing two typesof shortpexels, andtheupperthreeranges(correspondingto thestrongest
currents) aredisplayedusing threetypesof tall pexels. Thisallowsauser to rapidly locateboundariesbetweenweakandstrong
currents, while still beingableto identifyeachof the� veranges. For SSTs, thelowerthreeranges(correspondingto thecoldest
SSTs) aredisplayedwith apexel containingasinglestrip, while theuppertwo ranges(correspondingto thewarmest SSTs) are
displayedwith pexelscontainingarraysof

�����

and
�����

strips, respectively. Thedensitieswechoseallow auserto seeclearly
theboundariesbetweencold andwarmtemperatureregions. If necessary, users canchangetherangeboundariesto focuson
differentSSTgradients.

Theoceanographerswant to traverse their datasets in monthly andyearly steps. Experimentsrun in our laboratory haveshown
that preattentive tasks performedon static framescanbeextendedto a dynamic environment, wheredisplaysare shown one
after another in a movie-like fashion [23]. Our visualization tool was designedto allow users to scanrapidly forwards and
backwardsthroughthe dataset. This makesit easy to comparechangesin thevalue and location of any of the environmental
variables being displayed. Theoceanographerscantrackseasonal changesin currentstrength, SST, and plankton density as
they move monthby monththrougha particularyear. They canalso see how interannualvariability affectstheenvironmental
conditionsandcorrespondingplanktondensities for a particularmonthacrossa rangeof years.

Fig. 17 shows threeframesfrom the oceanographydataset: February1956,June1956,andOctober1956. Color shows the
seasonalvariationin planktondensities. Heightanddensity allow theoceanographersto trackcurrentstrengthsandSSTs. In
February (Fig. 17a), most plankton densities are lessthan28g/m� (i.e., blueandgreenstrips). Currents are low in thenorth-
centralPaci�c; a region of weakcurrentsalso sits off the south coast of Alaska. Most of the oceanis cold (sparse pexels),
althougha region of highertemperaturescaneasily be seenasdense pexels in the south. In June(Fig. 17b)dense plankton
blooms(redandpurplestrips) arepresent acrossmost of thenorthernPaci� c. Thepositionsof thestrongcurrentshaveshifted
(viewing the entire dataset shows this currentpattern is relatively stable for themonthsMarchto August). WarmerSSTs have
pushednorth,althoughtheoceanaroundAlaskaandnorthernBritish Columbiaisstill relatively cold. By Octobertheplankton
densitieshavestartedto decrease(green, brown, and redstrips); few high or low density patchesare visible. Current strengths
have also decreasedin theeasternregions. Overall a muchlargerpercentageof theoceanis warm (i.e., dense pexels). This is
common,sincesummertemperatureswill sometimeslast in partsof theoceanuntil Octoberor November.
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