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Abstract — Visualization of uncertainty or error in astrophysical data is seldom available in simulations of astronomical phenomena,
and yet almost all rendered attributes possess some degree of uncertainty due to observational error. Uncertainties associated with
spatial location typically vary signi cantly with scale and thus introduce further complexity in the interpretation of a given visualization.
This paper introduces effective techniques for visualizing uncertainty in large-scale virtual astrophysical environments. Building upon
our previous transparently scalable visualization architecture, we develop tools that enhance the perception and comprehension of
uncertainty across wide scale ranges. Our methods include a uni ed color-coding scheme for representing log-scale distances and
percentage errors, an ellipsoid model to represent positional uncertainty, an ellipsoid envelope model to expose trajectory uncertainty,
and a magic-glass design supporting the selection of ranges of log-scale distance and uncertainty parameters, as well as an overview
mode and a scalable WIM tool for exposing the magnitudes of spatial context and uncertainty.

Index Terms —Uncertainty visualization, large spatial scale, interstellar data, astronomy.
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1 INTRODUCTION

Uncertaintyand error are commonand crucial entitiesin scienti ¢
studies. As pointedout by Johnson[23,24], if we look at leading
peerreviewed scienceand engineeringournals,we can seethat the
majority of 2D graphsrepresenerroror uncertaintyin theexperimen-
tal or simulateddata. Sinceit is signi cant to shov erroranduncer
tainty in 2D graphsjt shouldbe equallysigni cant to shav errorand
uncertaintyin 3D visualizationsaswell. An assortmenof uncertainty
visualizationmethodsfacilitating scienti ¢ studiesin differentareas
have beenproposedn recentdecades.Examplesinclude the visu-
alization of uncertaintyin ow data[6, 30] and volume data[9, 27],
positionaluncertaintyin molecularstructure[42], uncertaintyin ter-
rainmodeling[10, 50], andalsotechniquedor shaving uncertaintyin
archaeologicaleconstruction§6]. Beingableto visualizetheuncer
tainty in a body of datacan substantiallyimprove our understanding
and interpretationof the data, and therebyfacilitate better decision
making.

1.1 Motiv ation

Theargumentsegardingtheimportanceof errorvisualizationareeven
morerelevantto astroplysical data,becausefor example,astroplysi-
cal measurementisivolve gigantic distancessothatthe resultantun-
certaintiescouldtypically bevery large aswell. For spatialquantities
suchasdistanceandvelocity, characterizethy standardneasurements
of parallax,propemotion,andradialvelocity, errorscanbecomejuite
signi cant. For instance the Hipparcosand Tycho Catalogueg12]
shaw thatRigilKent(Alpha Centauruspneof theclosesstarsto Earth
in thetriple starsystemin the constellationCentaurushasa percent-
ageerrorof  0:19%,while Betelgeus€Alpha Orionis, the brightest
starin the constellationOrion) hasa percentagesrror of  20:54%
in its distancemeasurementNote that RigilKentandBetelgeusere
around4:40 and 447 light years(10'%6m and 10'86m) from Earth,
respectiely, andthatthe constraintsof applying parallaxto measure
distancednevitably make the locationsof the mostdistantstarsthe
mostuncertain.

While attentionto the representatiof uncertaintydominateshe
scienti ¢ literatureon astronomicalmeasurementsupportfor error
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representationss lackingin alarge fraction of 3D astronomical/isu-
alizationproducts.In visually spectaculaanimationgiepictingnehula
ythroughs or travel from the Earththroughthe Milky Way Galaxy
producedfor planetariumsand television programs,rarely doesthe
narrationor the visual representatiogive ary hint of the hugeposi-
tional uncertaintythatexistsin the datausedto producethe rendered
images. However, since,asnotedin the exampleof Betelgeusethe
percentagerrorin positioncanbe exceedinglylarge, andthe uncer
tainty cansigni cantly in uence the plausibility of the visualization.
The demandfor pleasingvisualstypically overridesthe questionof
scienti ¢ accurag. Our goalis to bring moreattentionto the impor-
tanceof representingincertainty particularly in the presentatiorof
3D astronomicakimulations.

1.2 Focus and Organization of This Paper

Visualizinguncertaintyin astroplysicaldatais a uniqueproblem.Un-
like otheruncertaintyvisualizationcontets, wherethe distribution of
datain spaces generallyhomogeneoug nature,the distribution of
astroplysical datais sparseandinhomogeneoughe fartheraway an
objectis, the harderit is to getaccuratedirectmeasurementsndthe
morelikely it is thatinterveningmaterialwill confoundthe data.Fur-
thermore,the scalesof the datauncertainties)ike astronomicaldis-
tancesthemseles, spana hugerangeof scales.To addresshesevi-
sualizationissueswe focusin this paperon improving our ability to
visualizedatauncertaintyin large-scaleernvironmentstypi ed by stel-
lar data[4, 12]. Themajorobjectivesin our designinclude:

1. Providing userswith a setof well-de ned visual cuesanduser
interfacetoolsto ef ciently identify andexplore large-scaleun-
certaintyin astroplysicaldata.

. Properlydisplayingthe dataelementn thevisualframe.

. Enhancingthe understandingf the datawhile minimizing the
visualdistractioncausedy theuncertaintyrepresentations.

Thepaperis organizedasfollows: Section2 reviews previouswork
on uncertaintyvisualizationsandrecentadvancesn astronomicavi-
sualizations Section3 itemizesthe uniquecharacteristicsf visualiz-
ing uncertaintyin astroplysicalenvironments.Section4 describeshe
uni ed color-codingschemethenpresents collectionof visualcues
to dealwith four majorkindsof uncertaintyin astronomicatiata.Sec-
tion 5 thenproposeour userinterfacetools: the magicglassdesign,
the log-sky visualizationmode,andthe enhancedcalableWIM. Fi-
nally, Section6 detailsour systemimplementatiorandpresentsa user
studyanda casestudyon the effectivenesf the proposedrisualiza-
tion techniqueswhile Section7 givesa summaryanddiscusse$uture
directions.



Fig. 1. A unied color-coding scheme: using colors to encode and explore large-scale spatial uncertainty and percentage errors.

2 RELATED WORK

Uncertainty Visualization.  Uncertaintyvisualization[24] wasre-
cently notedby Johnson[23] to be one of the top visualizationre-
searchproblems andthereis a signi cant body of work in therecent
visualizationliterature. Basedon the guidelinesproposedby Taylor
andKuyatt[47] for evaluatingdatauncertainty Lodhaet al. [30,31]
devisedvariousmethoddor presentingincertaintyin differentscenar
ios: amongthesearevisual cuessuchas pseudocolor, displacement
andbumpmaps displacemenglyphs andcross-hairglyphsfor shav-
ing geometricuncertainty and anothersetof visual techniquessuch
as ow ervelopes twirling batons and barbell glyphsfor shawving
uncertaintyin uid ow. In addition, Lodhaet al. [32] also experi-
mentedwith theuseof audio,e.g. thepitchof differentmusicalinstru-
ments to encodedatauncertainty Also from thesameresearclyroup,
Wittenbrink et al. [49] deviseda new kind of vectorglyphto present
both the direction and magnitudeuncertaintyin vector elds, while
Panget al. [40] surwyed differentuncertaintyvisualizationmethods,
anddescribeda systematiclassi cationfor uncertaintyisualization.
Djurcilov etal. [9] shaveduncertaintyin volume-renderingby using
pseudacolor, by addingnoise andby alteringtextures

Subsequenivork by Rhodeset al. [43] shaved uncertaintyin iso-
surfaceshy mappingtheuncertaintyto parametersuchashue,bright-
nesspr saturationGrigoryanandRheingns[15, 16] employedpoint-
basedprimitivesto shav surfaceuncertaintypy displacingindividual
surfacepointalongits normalby anamountproportionalto arandom
numbermultiplied with the local uncertaintyvalue, a fuzzy surface
wascreatedo revealthe surfaceuncertainty

Texture is anothervaluableelementfor revealingdatauncertainty
Interrante[21] employed naturaltexturesto shov spatialuncertainty
by distortingthe regularity in natural textures Sandersoret al. [45]
exploredthe useof reactiondiffusionto generateexture patternswith
variableshapessizes,andorientationshasedn the uncertaintyin the
datadomain;Botchen[6] subsequentlgevelopedandimplementedca
texture-basedlgorithmon the GPUto interactizely shov uncertainty
in time-varying2D ow elds.

Insteadof shaving the uncertaintyby distortingthe dataor by em-
phasizinghigh uncertaintyregions, Cedilnik and Rheingns[7] laid
out procedually-geneatedannotationson the datadomain,andrep-
resentedhe amountof uncertaintyin differentareasby distortingthe
annotations.In the domainof informationvisualization,Olstonand
Mackinlay[38] presentetheconcepbf boundedincertaintyandpro-
posedheuseof ambiguation(similarto ervelopes)o visually present
ambiguousegionsin 2D graphsandchartswhile Aigneretal.[2] pro-
posedheuseof anew glyph, calledPlanningLinesto shav temporal
uncertainty Otherrecentresearchwork in uncertaintyvisualization
includesthework of Love et al. [33], who developeda systentfor vi-
sualizingamultivaluedvector eld sothatuncertaintycanbenaturally
incorporatedn thevisualizationandthework of Knissetal. [27], who
developeda comprehensie volumevisualizationapproachhatincor
poratesthe fuzzy classi cationinto the visualizationcycle, allowing
theclassi cationdecisionto be deferredio therenderingstage.

Astronomical Visualization.  Amongrelevantrecentastronomical
visualizationwork we notethatof OstrikerandNorman[39], who pro-
posedaframevork for simulatingcosmologyandreviewedtherelated
requirementsn high performancecomputingervironments,Nadeau
etal. [14,37], who simulateda y-through of a volumetricmodel of

the Orion Nelula [11], Kahler et al. [26], who useda supercomputer

andadaptve meshrenderingto simulatethelife-spanof a star Jensen
etal. [22], who deviseda physically-basednodelto renderthe night
sky asseenfrom Earth,Baranosketal. [3], who proposedarendering

methodfor simulatingthe AuroraBorealis(theNorthernLights), Hopf
etal.[20], who developeda PCA-basedplattingtechniquefor render
ing point-basedlatain dynamicgalaxymodels Magnoretal. [34,35],
who developedan inversevolumerenderingmethodfor constructing
andrenderingplanetarynelulaeandre ection netulae,andMiller et
al. [36], who derived a visualizationtool to reveal structuressuchas
laments andvoidsin the Horologium-Reticulunsupercluster

In our own recentwork, Hansonet al. [17,19] proposeda visual-
ization framework for illustrating the context of time in cosmologi-
caldata,Li etal.[29] developedascalableNIM (world-in-miniature)
userinterfacefor facilitatingtheef cient explorationof large-scales-
trophysicalervironments,andFu et al. [13] proposeda transparently
scalablevisualizationarchitecturefor modelingandrenderingastro-
nomicalmodelsacrosdarge-scaleastroplysical spaces.However, it
is worth notingthat,exceptfor primitive errorbarsconstructedo shov
positionaluncertainty see[13], comprehensk visual representations
of datauncertaintyarebasicallyabsenfrom the bodiesof astronomy
visualizationwork mentionedhusfar.

3 UNIQUE CHARACTERISTICS: UNCERTAINTY IN ASTRO-

PHYSICAL ENVIRONMENTS

This sectionsummarizeghe unique characteristicof astronomical
datato illustrate how the visualizationof uncertaintyin astroplysi-

cal ervironmentsdiffers from otheruncertaintyvisualizationrequire-
ments.In particular

First, the astroplysical spacebeingsimulatedspansa very large
spatialrange,andyet is mostly empty; henceusersnd it hard
to judgedistancessizesof objects,andalsothe spatialcontext
aroundobjectsin the 3D virtual simulations.

Secondly we have huge spatialrangesnot only in the spatial
quantitiedik e distanceandsizein theastronomicatiata,but also
in the uncertaintyvalues. The absoluteuncertaintyof distances
to nearbystarscanrangefrom undera light yearup to several
hundredlight years;the vastmajority of recordedstarsaretoo
distantto apply parallaxmethodsandthushave no reliabledis-
tanceassignmentat all. The percentagerrorscanbe exceed-
ingly large comparedo thosetypical of otherscienti ¢ studies.

Thirdly, becausef the rangeof estimationmethodsandthein-
trinsic distancesnvolved, someastronomicaljuantitiescan be
measuredvith very high precisionwhile otherscannot. When
locating stars,for example,we have to measurdhe distanceto
starsandthe directionto stars;directionsto starscanbe mea-
suredwith extremelyhigh precisionwhile thedistancemeasure-
mentprecisionis typically muchlessaccurate.

Fig. 2. The Equatorial coordinate system: RA and Dec (left) and the
trajectory of stars: radial velocity and proper motion (right).



Fig. 3. Representing star positional uncertainty using error bars; from left to right, colors are assigned to annotate: 1) the percentage error of the
distance uncertainty (for the most probable distance) to Earth, 2) the most probable distance, and 3) the absolute value of the distance uncertainty.

To demonstrateur proposeduncertaintyvisualizationmethods,we
applythemto thefollowing stardatasets:

The Hipparcosand Tycho Catalogueq12,41]. Theseprovide
starposition(parallaxandEquatorialcoordinategRADec) [8]),
propermotion, apparentmagnitude andcolor index of stars,as
well asthe relatederrorsin the measurementsNote that dec-
lination (Deq is the anglemeasuringhow far a given sky lo-
cationabove or below the CelestialEquator whereaghe right
ascensiorfRA) is theanglebetweerthe VernalEquinoxandthe
projectionof the sky location on the Celestialplane, seeFig-
ure2(left).

The meanradial velocity catalogof galacticstars[4]. This pro-
videsradial velocitiesof stars(the radial componenbf starve-
locity alongtheline of sight)andalsotheassociate@rror

The catalogof constellatiorboundarydata[1].

Detailson employing thesedatato computea star's position, trajec-
tory, etc.,will bepresentednh Section4.

4 VISUAL CUES FOR LARGE-SCALE UNCERTAINTY
4.1 The unied -color-coding scheme

Sincethe astroplysical ervironmentswe typically needto simulate
arevery large and very sparseyiewers have dif culty judging sizes
and distances,as well as the propertiesof spatial uncertainty To
annotatethe magnitude of spatial uncertaintyin a visualization,
we employ a customizeduni ed color-coding schemeas a central
designmechanisno annotatdarge-scalauncertaintyby consistently
assigningcolorsto thevisual cues.

Color asannotation.  Figurel showsthe chosercolor map;in our
designthecolor mapcanprovide differentkindsof annotationspeci-
ed by theuserthroughtheuserinterfacecontrols.Color assignments
areassociatedvith thevisualcuesto representhefollowing:

Large-scaledistanceandlength Showvn ontop of the color map
in the gure is abasel0 logarithmicrange:[1014; 102%m. This
rangeis typically choserto matchthe spatialscalein theinter
stellarervironment, but is adjustableso that we canrescaleto
include galaxiesor otherastronomicakontets at other spatial
scales.Notethatthis kind of annotationcanbe sub-catgorized
as: 1) the distanceof a visual cueto Earth, 2) the distanceof
a visual cue to the camera(or viewing spacecraft)and 3) the
size/lengthof spatialuncertainty

Percentage errors. Shovn on the bottomof the color mapin the
gure is alinearrangeshaving percentagerrors.

Using SaturatedColors.  Thecolorswe emplogyedin thecolormap
areall fully saturatectolorsin the CIE L*a*b color system[48]. The
adwantage®f this designincludethefollowing:

Whenwe applythesecolorsto shadehevisualcuestheintrinsic
hueof thecolorswill staythesame gventhoughtheirbrightness
may vary dueto the shading. As a result, we needonly very

simple visual processingo estimatedistances|engths,or per
centageerrors;userscanlook solely at the hueof a given color
anddeduceanapproximatalistanceor percentagerror.

Sinceall visual cuesare colored consistently we can visually
compareuncertaintyamongneighboringentitiesby examining
their color differences.

4.2 Positional Uncer tainty

Astronomicalobjectsin the sky aregenerallydescribedy polarcoor
dinatesde ning the directionto the objectfrom Earth; for instance,
we typically use EquatorialcoordinateRADeq for stars[8], the
Galacticcoordinatedor objectswithin the Milky Way Galaxy and
the SuperGalacticcoordinateso describesxtra-Galactidocations.

To place objectsaccuratelyin three dimensionswe must deter
minethedistanceo the objectsby variousmethodssuchasthe paral-
lax methodor apparentmagnitudefor starsandredshiftmethodsfor
galaxies. Thedistancer(p;dp) to a starin the Hipparcosdataset,as
well asthestandarderrordr(p; dp) of thisdistancearedeterminedy
theparallaxp andits standarderrordp. If we measureg in arcseconds
andchoosetheideal normalizationr = 1=p, thenonearcsecondn p
givesadistance of 1parsec= 3:086 10'%meers. Thestandardut
rarely-usedivariate2nd orderexpansionof the expectationof aratio
aboutthe meansgiven in Rice [44] reducego the following for the
caseof parallaxcomputation,

. _ 1, dp?
(pdp) = o+ 5+ oldp 1)
dr(pidp) = gm(dps); @

wherewe take dr to be the squareroot of the varianceof the dis-

tancer, anddp to be the squareroot of the varianceof the parallax.
Sincedp couldberelatively largewith respecto p in anastronomical
measuremenincludingthedp termin the expectationvalueof r can

signi cantly improve the computationahccurag.

Sincewe have uncertaintyin the measuremerf parallaxaswell
asin RAandDegc, the positionaluncertaintyof astronomicabbjects
(including stars,galaxies,etc.) canalways be decomposedhto two
componentsa radial componenglongthe line of sight (from Earth
to the object)anda sphericalcoordinatecomponenperpendiculato
the line of sight on the Celestialsphere. To illustrate the positional
uncertaintywe proposewo typesof visualcues:

Error bars. Dueto thefactthattheuncertaintyin distancess sev-

eral ordersof magnitudelarger thanthe uncertaintyin RADec one
way to visualizethe positionaluncertaintyis to ignorethe errorsin

RA/Dec and plot a line sggmentto shav the uncertaintyalong the
line of sight from the Earth. Figure 3 representshe error barsren-
deredwith a cameraat a distanceof 10°°m from Earth. Notethatthe
positionaluncertaintyis, in fact, a distribution centeredat the object
position,andwe thusdraw the error barswith variabletranspareng

the opacityfadesfrom onein the middle andto zeroat the endpoints.
Next, we usethe uni ed colorcodingschemeo shadethe errorbars,
asnotedin the gure caption.



Ellipsoid models. The secondrepresentatiorwe have is an el-

lipsoid modelthatemphasizeshe fact thatthe positionaluncertainty
shouldbe a volumethatincludesthe RADec component.However,

the uncertaintyin RADec is exceedinglysmall comparedo the dis-

tanceuncertainty;to visualizeall theseuncertaintytermssimultane-
ously wehaveto arti cially scaleuptheRAIDecuncertaintytypically

by 10°. Theresultantuncertaintyrangecanbeillustratedasan ellip-

soid volume,seeFigure4. Note thatin shadingthe ellipsoid model,

we employ cos (V' N) to attenuatethe surfacetranspareng using
shadelprogrammlngwhereN is the normalatasurfacepomt andV

is the view directionfrom the surfacepoint to the viewer. With this

shadingapproachwe canbettercornvey the shapeof positionuncer

tainty by emphasizinghe silhouette.

Fig. 4. Presenting positional uncertainty using ellipsoid models; color-
ing by percentage error (left) and by absolute error (right). Note: the
chosen star is Betelgeuse: percentage error of 20:54%in its distance
measurement and  447light years (10'88m) from Earth.

4.3 Trajector y Uncer tainty

Anothercommonspatialquantityin astronomicabbsenationsis the
trajectoryor velocity (typically availablefor nearbystars).Lik e posi-
tion, thevelocity of astronomicabbjectsalsohastwo component§8]:

a radial componentknown asthe radial velocity, alongthe line of
sightanda componenbn the Celestialsphere known asthe proper
motion As depictedin Figure 2(right), we cancombinepropermo-
tion andradial velocity and determinethe three-dimensionalelocity
of ary object, known asthe spacevelocity Note alsofrom the g-

urethatthe propermotion hastwo perpendiculacomponentspmga
and pmpgc alongthe RAandDecdirections respectrely. Hence,to
shaw the positionaluncertaintyof the objectat any momentalongthe
trajectorypath,we canemploy ellipsoid modelsasbefore.

Fig. 5. Left: An example model showing trajectory uncertainty of a Hur-
ricane. Right: The trajectory uncertainty of a star in 50,000 years;
note: the color reveals the percentage error and the trajectory data
of this star are 1) Radial component: (2:87 0:41) 10"m=yr, 2) RA
( 434 057 10 8rad=yr, and 3) Dec ( 1:23 0:40) 10 rad=yr.

To designthe visual cuesshaving the trajectoryuncertaintyof as-
tronomicalobjectswe borron fromthe eld of meteorologyamethod
usedto shav thetrajectoryuncertaintyof hurricanein 2D, asshovn
in Figure5. Our 3D representatiofor trajectoryuncertaintyis shovn
on theright handside; we usea conemodelto depictthe overall tra-
jectoryuncertainty(giventhetime spanfor thetrajectory)andemploy
anarrayof equally-spaceellipsoidmodelsto shav the positionalun-
certaintyat eachtime step.

4.4 Magnitude and Color Uncer tainty

In astronomicameasurementshe brightnesof astronomicabbjects
in thenightsky is quantitatvely de ned by themagnitudescale where
this scaleis appliednot only to stars but alsoto nelhulaeandgalaxies.
In apreliminaryexperiment,we attemptedo visualizethe magnitude
uncertaintyby animatingthe star sizesand by addinghalosaround
stars; however, dueto fact that the magnitudeuncertaintywas too

smallto be effectively percevable usingthis method,we revertedto

shaving the uncertaintyfor a picked starthroughan auxiliary chart
displayedon the userinterface,as shavn in Figure 6 (left) andalso
in Section5. Here,we shov the min-maxrangeandalsothe median
of the visual magnitudecurrently obsered at the virtual viewpoint.

Note thatthe Hipparcosand Tycho Catalogue$12] presenthe mag-
nitudeuncertaintyasa rangeof visualmagnitudevalues(asobsenred

from Earth)togethemwith a medianterm; by rst convertingtheseto

absolutemagnitude we candeterminethe rangeof visual magnitude
obsenredatary viewpoint by thefollowing equation:

m M = 5log,gr 5+ A;

®3)

whereM is the absolutemagnitudem is the obsered magnitude A
representshe amountof light attenuatiorfrom reddeningcausecdoy
the interstellarmedium,andr is the distancein parsecgo the astro-
nomicalobject(thedistanceatwhich magnitudemis measured)Note
thatthe uncertaintyin visual magnitudecould changenteractively as
theviewpointchanges.

Fig. 6. Two on-screen plots of the user interface depicting the visual
magnitude uncertainty (left) and B-V color uncertainty (right).

We alsofound thatthe uncertaintyin color is somavhattoo small
to be effectively percevable using renderingmethods;thereforewe
alsoplot the uncertaintyrangefor Br andVg asscreenplots shavn
in Figure6. Note thatwe usethe Tycho photometry(availablein the
HipparcosandTychoCatalogud12]) to representolors:Br is for the
bluevisible range while Vt is for theyellow-greenrangethis system
is closelyrelatedto JohnsorlJBV Photometricsystem[25].

5 USER INTERFACE TOOLS

We developedthefollowing threemajoruserinterfacetoolsto support
our objective of facilitating the examinationandexplorationof visual
cuesin large-scalestroplysicalenvironments.

5.1 The Magic Glasses

The designof what we call “magic glasses”was motivated by the
magiclenstechniquel5, 28]. This interfaceallows usersto interac-
tively move a 2D lensoverthescreerto exposeadditionalinformation
hiddenin therenderedmages.In our framewvork, whenamagicglass
is putonthescreengdetailedvisualcuescanberevealed/cullecccord-
ingly, while text labelswithin the glassareremovedto reduceclutter

ing. We equipthe magicglassinterfacewith the following additional
selectioncapabilityrelevantto large-scalaincertaintyisualization:

Percentage error selection- Userscanselecta percentagerror
rangeandattachit to amagicglassyisualcuesnotmatchingthis
constraintdo notappeain themagicglass.

Log-scaledistanceselection- Userscanalsoimposealog-scale
distanceconstraintand selectvisual cuesbasedon a log-scale
distancerangemeasuredrom the Earthand/orfrom the camera
(viewpoint). Usingthe secondype of constraintwe canequip
our 2D magicglassewvith proximity selectioncapabilities.

Multiple magic glasses— Finally, userscan deploy multiple
magicglassesimultaneously Dependingon the users choice,
we canapply unionsor intersectionf constraintfrom multi-

ple magicglassesindimposethe combinedconstraintdo select
visualcuesin the overlappingregion.



Fig. 7. Top row: A wide panoramic view centered on the Constellation Orion. Here we expose the data uncertainty using the magic glasses; Left:
Positional uncertainty in constellation lines of Pyxis; Middle: Trajectory uncertainty in Taurus; Right: Positional Uncertainty. Bottom row: Moving
the magic glass from left to right, exposing the properties of stars that are relatively close to us (within 10'8%m), while providing appropriate visual
cues to characterize positional uncertainty. Color is also used to annotate the absolute size of the uncertainty.

Figure7(top)demonstratethe useof multiple magicglasseso ex-
posevariouskindsof datauncertaintyin awide panoramicziew, while
Figure7(bottom)illustratestheactionof moving amagicglassthatse-
lectsvisual cuescloseto the viewpoint; notethe rangedisplayednext
to the label “CB Log(m)”, where“CB” refersto camera-basetbg-
scaledistanceselection. Also, note that on-screerannotationssuch
asthetext labelsof the constellationsimajor starsareremovedin the
magicglasses.

5.2 The Log-Sky Visualization Mode

Next, we de ne the log-sky visualization mode that provides an
overview visualizationby uniformly compressinghe dataspacein a
logarithmicmanner Mathematicallygivena power-scaledcoordinate
(PSCfor short),sayp = (X;y;z5s) (notethatPSCS arede ned in our
previouswork [13], wherep representthethree-dimensionglosition
(x;y;2) 10°), the log-sky visualizationmodetransformsp usingthe
following mapping:

(xy;z9) 7' (xy;2 f(s) wheref(s) = Z Z;

Here[a; b] de nesthelogarithmicrangethatthe userchooseso map
thedataspacefor example,if a andb aresetto be 14 and20, respec-
tively, thenwe mapthe physical range[10'*; 10?°]m logarithmically
to the radial distanc€[0; 1] (measuredrom the spherecenter)inside
the unit sphere;note: the directionalcomponentfRADeqg) are kept
unchangedThe adwantageof this mappingis thatwe canef ciently

utilize the spaceinside a unit sphereaccordingto the typical physi-

cal rangethat the datacovers. Note thatin our original log-sky de-
sign[29] for assistingvirtual exploration, f(s) is basically x edto be
s, hence our interstellarspacewhich rangeg 104 102%m, will only

cover a thin shellvolumenearthe boundaryof the unit sphere.Since
this work focuseson uncertaintyvisualization,maximizingthe space

utilization caneffectively improve the presentationFigure9 demon-
stratestwo typical visualizationsshawving the positionaluncertainty
of starsaswell aspositionaluncertaintyin constellationines plotted
in 3D. Note thatwe allow visual cuesto be drawvn outsidethe magic
glasswhile remaoving potentiallyclutteringtext labels.

5.3 The Scalable WIM

In the courseof dataexplorationin a large-scaleastroplysical sim-
ulation, userstypically have dif culty maintaining context aware-
nesswhile focusingon the dataexploration. The ScalabléWorld-in-
Miniature (WIM) [29] is a powerful tool that provides userswith a
large-scale3D scalablemapto representind corvey the spatialcon-
text andto reducetheconstraint®f limited screerspaceIn thispaper
we addvisualcuesandrepresentationsf uncertaintyto the context of
theScalableVIM; theseadditionalfeaturescanenhanceheeffective-
nessof visualizinguncertaintyin large-scalespaces:

First,the ScalabléeNIM enableghe userto examinethe dataun-
certaintymodelsthat he/shecanseeon the main screerfrom a
third-persorperspectie. Notethatuserscanstayengagedin the
immersie ervironmentshovn in themainwindow while explor-
ing thelocal context in the ScalabléNIM, asnotedin Figure10.

Secondlythe ScalabléNIM providesanicon-renderediew, in-
steadof arealistically-renderesiew, sothattheuncertaintycues
canalwaysbemoreclearlyseerwith muchlessvisualcluttering.

6 |IMPLEMENTATION AND RESULTS

In our systemdesign, the proposeduncertaintyvisualizationtech-
niguesareimplementedasa modulein the transpaently scalablevi-
sualizationarchitectue [13]. To avoid concernswith scenetransfor
mationaccurag anddepthbuffering limits, thussupportingmodeling



andrenderingof the 3D uncertaintymodelsproperlyacrosshugespa-
tial rangeswe represenandrenderall modelsusingthe PSCmodule
architecture.In addition, to renderthe silhouetteshadingeffects for
theellipsoidandconemodelswe developeda shadeprogramwritten
in GLSL for computingthelocal surfacetranspareng

CaseStudy: The DistanceEditing Tool.  In ourcollaboratie work
with anastronomerwe have implementeda software system known
asthe DistanceEditing Tool [18] (DET for short),to assistherin ex-
aminingmetricfeatureof materialsn thelocalgalacticneighborhood
of the Sun. This systemcompareshedistancego starsresultingfrom
parallaxmeasurementand photometricmeasurementéseethe Ap-
pendix), and provides assistancén the constructionand veri cation
of geometricmodelsfor spectrallyabsorbingandemitting gasclouds
lying betweerthe Earthandnearbystars. To further enhancehe ca-
pability of this applicationsoftware,we have addedmodulessupport-
ing theuncertaintyvisualizationtechniqueproposedn this paperand
incorporatedhevisualcuesanduserinterfacetoolsinto the DET sys-
tem;seeFigurellfor selectedscreenshots.

In addition, it is worth noting that sincewe dealwith photometric
distancedn DET, we have positional (distance)uncertaintynot just
from parallaxmeasurementhut also from the luminosity and spec-
tral type classi cation,andB-V measurementdn the DET, we han-
dle both of theseuncertaintyproblemsby requiringsomeagreement
betweenthe photometricand parallaxdistance.This allows usto re-
ducethe uncertaintiesn the intervening ISM substantiallybecause
dustcloudscandisturbthe photometricdistancesascould a misclas-
si cation of astar As reportedby our astronomycollaboratoyrequir
ing thatphotometricandparallaxdistancesnatchwithin adesignated
uncertaintyhelpedcull out misclassi edspectraldata.

User Study. We conductedan exploratory userstudyto collect
feedbackirom usersconcerningheir perceptionsf uncertaintyvisu-
alizationin our system,aswell asthe designof the visual cuesand
userinterfacetools. Ten subjectsparticipatedn the study threewith
prior experiencein virtual astronomysystems; ve of themare stu-
dentsfrom thegraphicggroupandtheothersdo nothave graphicsand
visualizationbackground. Six of them are maleswhereasthe other
four arefemales;their agesrangefrom 23 to 28 andall of themhave
anormalvisionandnonearecolor blind. In doingthetest,the subject
workedon asinglePCin anisolatedroom,andbeforethat,we brie y
explainedthe whole procedureandintroducedsomebasicastronomy
knowledgethatwasrelatedthewholetesttook around30 minutes.

The rst taskwasto examinethe positionaluncertaintyof three
stars(with distinct positionaluncertaintiespy checkingthe color on
the correspondingisual cues. Thesedataquantify the ef ciency of
theuni ed color codingscheme.In the secondask, the participants
wereasledto locatea staramongthe starswith largest(basedn user
perception)percentag@rrorsin positionaluncertainty Here,the ten
participantsare divided into two groups. One group usedthe range
selectiontool provided by the magicglassto Iter out unwantedvi-
sualcuesduringthe exploration,while the othergroupcoulduseonly
color to do the selection. This measuremendetermineshe relative
efciency of therangeselectiortool.

Fig. 8. Left: Performance of the two groups in locating positional uncer-
tainty with/without range selection tool. Right: User's perception of the
magnitude of astronomical uncertainty.

In the rst task,the successate of determiningthe percentager-
ror (within - 5%) of the positionaluncertainty(radialcomponentjvas
around96:7%. This resultshovs thatmostuserscanef ciently em-
ploy the color codingto determinethe amountof uncertainty The
usergyenerallyagreedhatthiswasaquickandcomfortablevayto get
aninitial feelingfor the amountof uncertainty;howvever, someusers
complainedthatthey hada dif cult time perceving the detailsusing
this methodand suggestedisinghighercontrastcolorsfor neighbor
ing rangesn the color map. In thesecondask,we foundthatthe rst
group (usingthe rangeselectiontool) performed64% fasterthanthe
secondgroup(seethe graphplottedon theleft of Figure8), although
both groupstypically succeedeth thetaskof locatingthe tamget star
All participantdn the rst groupbelievedthattherangeselectiortool
wasvery importantandnecessaryWe obsenedthatthis groupof par
ticipantsgenerallycould usethis tool to quickly Iter out unwanted
visual cueswhile focusingon the searchfor the large uncertainty In
addition, we also asled the subjectsabouttheir perceptionsof the
magnitudeof the astronomicaldata,onceat the beginning and once
atthe end. As shovn on the right of Figure 8, more subjectsrealize
thesigni canceof consideringhedatauncertaintyparticularlyin the
contet of astronomicalisualization afterthe experiment.

7 CONCLUSION

In conclusionwe have developedan assortmenbf uncertaintyvisu-
alizationtechniquesiesignedo meetthe uniquechallengef large-
scale,sparsalatatypical of astronomicaVisualizationervironments.
Error measuresire essentiacomponent®f scienti cally valid astro-
nomicalvisualizationinterfacesandarecharacterizedy wide ranges
of scaleseldomencounteredn othercontets. Our tools, including
error encoding,custom-designedrrorellipsoids,interactive “magic-
glass” methods,and a scalableworld-in-miniatureenvironmentare
combinedwith powver-scaledcoordinate$o exposeastronomicakrror
informationto theuserin anef cient andeffective interactve manner

Future Work  We have thusfar focusedmainly on datasuchas
3D starlocationsfrom catalogsuilt usingparallaxmeasurementsy-
thoughwe have alsotouchedon the useof photometricdistancees-
timates. Many other large bodiesof datacan be incorporatedinto
this contet, including distanceso nearbygalaxiescomputedfrom
Cepheidvariablestars,distanceglerived from calibratedsupernoae
that canbe usedas “standardcandles”in intermediategalaxies,and
distancedor cosmologicallydistantgalaxiesderived from redshifts.
Detailedstudyof theerrormodelsfor datasuchasthesewill resultin
still further uniqueclasseof error modelswhoseuni ed interactve
displaywill supportnew scienti ¢ visualizationcapabilities.
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Appendix: Computing Photometric Distances

While parallax measurements the standardmethodfor determin-
ing the distanceto nearbystars,alternatves are available. Onesuch
methodemploys stellarphotometrydata,andis basedn therelation-
shipbetweerstellardistanceandthedifferencebetweerthe measured
visual magnitudeand the estimatedabsolutemagnitude,as given in
Equation3. In this approachwe rst determinethe absolutemag-
nitude of a starby usinga well-establishedablein [8], “Calibration
of MK spectraltypes. This table mapsthe obsered spectraltype,
spectralclass,and spectrainumberof a starto the expectedabsolute
magnitudevalue.Usinganastronomes rule of thumb,we setthered-
deningtermAtobe3:1 E(B V), where3:1is ageneralconstant
representin@ wide rangeof theinterstellarmedium.We canthenin-
vert Equation3 to computethe distanceto a star Note: E(B V) is
thecolor excessj.e., thedifferencebetweerthemeasured® V color
index andtheintrinsic BV color index givenin the cited tablefor
theabsolutemagnituddn [8].



Fig. 9. The log-sky visualization mode; Left: positional uncertainty (error bars) of stars; Right: positional uncertainty of constellation lines plotted in
3D; Middle: two zoomed views.

Fig. 10. Using the Scalable WIM to explore and examine data uncertainty from a third-person viewpoint; Left: main window showing a trajectory
uncertainty; Middle and Right: the Scalable WIM, as a popup window, exposes the spatial context around the uncertainty model.

Fig. 11. Uncertainty visualization in the DET: Ellipsoid models show positional uncertainty and magic glasses expose uncertainty. The DET
supports two modes: 1) Planar mode (left) (the ground plane is a rectangular space corresponding to RA/Dec coordinates) and 2) Sphere mode
(right) (projected onto the Celestial sphere). Note: we can hide the text labels inside the magic glasses to avoid information cluttering (right).



