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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 entities in scienti�c
studies. As pointedout by Johnson[23,24], if we look at leading
peer-reviewed scienceandengineeringjournals,we canseethat the
majorityof 2D graphsrepresenterroror uncertaintyin theexperimen-
tal or simulateddata. Sinceit is signi�cant to show error anduncer-
tainty in 2D graphs,it shouldbeequallysigni�cant to show errorand
uncertaintyin 3D visualizationsaswell. An assortmentof uncertainty
visualizationmethodsfacilitating scienti�c studiesin differentareas
have beenproposedin recentdecades.Examplesinclude the visu-
alizationof uncertaintyin �o w data[6,30] andvolumedata[9,27],
positionaluncertaintyin molecularstructure[42], uncertaintyin ter-
rainmodeling[10,50], andalsotechniquesfor showing uncertaintyin
archaeologicalreconstructions[46]. Beingableto visualizetheuncer-
tainty in a body of datacansubstantiallyimprove our understanding
and interpretationof the data,and therebyfacilitate betterdecision
making.

1.1 Motiv ation

Theargumentsregardingtheimportanceof errorvisualizationareeven
morerelevantto astrophysicaldata,because,for example,astrophysi-
cal measurementsinvolve giganticdistances,so that theresultantun-
certaintiescouldtypically bevery largeaswell. For spatialquantities
suchasdistanceandvelocity, characterizedby standardmeasurements
of parallax,propermotion,andradialvelocity, errorscanbecomequite
signi�cant. For instance,the Hipparcosand Tycho Catalogues[12]
show thatRigilKent(AlphaCentaurus,oneof thecloseststarsto Earth
in thetriple starsystemin theconstellationCentaurus)hasa percent-
ageerrorof � 0:19%,while Betelgeuse(Alpha Orionis,thebrightest
star in the constellationOrion) hasa percentageerror of � 20:54%
in its distancemeasurement.Note thatRigilKentandBetelgeuseare
around4:40 and447 light years(1016:6m and1018:6m) from Earth,
respectively, andthat theconstraintsof applyingparallaxto measure
distancesinevitably make the locationsof the mostdistantstarsthe
mostuncertain.

While attentionto the representationof uncertaintydominatesthe
scienti�c literatureon astronomicalmeasurements,supportfor error
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representationsis lackingin a largefractionof 3D astronomicalvisu-
alizationproducts.In visuallyspectacularanimationsdepictingnebula
�ythroughs or travel from the Earth throughthe Milk y Way Galaxy
producedfor planetariumsand television programs,rarely doesthe
narrationor the visual representationgive any hint of the hugeposi-
tional uncertaintythatexists in thedatausedto producetherendered
images.However, since,asnotedin the exampleof Betelgeuse,the
percentageerror in positioncanbeexceedinglylarge,andtheuncer-
tainty cansigni�cantly in�uence the plausibility of the visualization.
The demandfor pleasingvisualstypically overridesthe questionof
scienti�c accuracy. Our goal is to bring moreattentionto the impor-
tanceof representinguncertainty, particularly in the presentationof
3D astronomicalsimulations.

1.2 Focus and Organization of This Paper

Visualizinguncertaintyin astrophysicaldatais auniqueproblem.Un-
like otheruncertaintyvisualizationcontexts,wherethedistribution of
datain spaceis generallyhomogeneousin nature,the distribution of
astrophysical datais sparseandinhomogeneous;the fartheraway an
objectis, theharderit is to getaccuratedirectmeasurements,andthe
morelikely it is thatinterveningmaterialwill confoundthedata.Fur-
thermore,the scalesof the datauncertainties,like astronomicaldis-
tancesthemselves,spana hugerangeof scales.To addressthesevi-
sualizationissues,we focusin this paperon improving our ability to
visualizedatauncertaintyin large-scaleenvironments,typi�ed by stel-
lar data[4,12]. Themajorobjectivesin ourdesigninclude:

1. Providing userswith a setof well-de�ned visual cuesanduser
interfacetools to ef�ciently identify andexplore large-scaleun-
certaintyin astrophysicaldata.

2. Properlydisplayingthedataelementson thevisualframe.

3. Enhancingthe understandingof the datawhile minimizing the
visualdistractioncausedby theuncertaintyrepresentations.

Thepaperis organizedasfollows: Section2 reviewspreviouswork
on uncertaintyvisualizationsandrecentadvancesin astronomicalvi-
sualizations.Section3 itemizestheuniquecharacteristicsof visualiz-
ing uncertaintyin astrophysicalenvironments.Section4 describesthe
uni�ed color-codingscheme,thenpresentsa collectionof visualcues
to dealwith four majorkindsof uncertaintyin astronomicaldata.Sec-
tion 5 thenproposesour userinterfacetools: themagicglassdesign,
the log-sky visualizationmode,andthe enhancedscalableWIM. Fi-
nally, Section6 detailsoursystemimplementationandpresentsauser
studyanda casestudyon theeffectivenessof theproposedvisualiza-
tion techniques,while Section7 givesasummaryanddiscussesfuture
directions.



Fig. 1. A uni�ed 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 bodyof work in therecent
visualizationliterature. Basedon the guidelinesproposedby Taylor
andKuyatt [47] for evaluatingdatauncertainty, Lodhaet al. [30,31]
devisedvariousmethodsfor presentinguncertaintyin differentscenar-
ios: amongthesearevisual cuessuchaspseudocolor, displacement
andbumpmaps, displacementglyphs, andcross-hairglyphsfor show-
ing geometricuncertainty, andanothersetof visual techniquessuch
as �ow envelopes, twirling batons, and barbell glyphs for showing
uncertaintyin �uid �o w. In addition,Lodhaet al. [32] alsoexperi-
mentedwith theuseof audio,e.g.,thepitchof differentmusicalinstru-
ments,to encodedatauncertainty. Also from thesameresearchgroup,
Wittenbrinket al. [49] deviseda new kind of vectorglyph to present
both the directionandmagnitudeuncertaintyin vector �elds, while
Panget al. [40] surveyeddifferentuncertaintyvisualizationmethods,
anddescribedasystematicclassi�cationfor uncertaintyvisualization.
Djurcilov etal. [9] showeduncertaintyin volume-renderingsby using
pseudocolor, by addingnoise, andby alteringtextures.

Subsequentwork by Rhodeset al. [43] showeduncertaintyin iso-
surfacesby mappingtheuncertaintyto parameterssuchashue,bright-
ness,or saturation.GrigoryanandRheingans[15,16] employedpoint-
basedprimitivesto show surfaceuncertainty;by displacingindividual
surfacepoint alongits normalby anamountproportionalto a random
numbermultiplied with the local uncertaintyvalue, a fuzzy surface
wascreatedto revealthesurfaceuncertainty.

Texture is anothervaluableelementfor revealingdatauncertainty.
Interrante[21] employed naturaltexturesto show spatialuncertainty
by distortingthe regularity in natural textures; Sandersonet al. [45]
exploredtheuseof reactiondiffusionto generatetexturepatternswith
variableshapes,sizes,andorientationsbasedon theuncertaintyin the
datadomain;Botchen[6] subsequentlydevelopedandimplementeda
texture-basedalgorithmon theGPUto interactively show uncertainty
in time-varying2D �o w �elds.

Insteadof showing theuncertaintyby distortingthedataor by em-
phasizinghigh uncertaintyregions,Cedilnik andRheingans[7] laid
out procedurally-generatedannotationson thedatadomain,andrep-
resentedtheamountof uncertaintyin differentareasby distortingthe
annotations.In the domainof informationvisualization,Olstonand
Mackinlay[38] presentedtheconceptof boundeduncertainty, andpro-
posedtheuseof ambiguation(similar to envelopes)to visuallypresent
ambiguousregionsin 2Dgraphsandcharts,whileAigneretal. [2] pro-
posedtheuseof anew glyph,calledPlanningLines, to show temporal
uncertainty. Other recentresearchwork in uncertaintyvisualization
includesthework of Love et al. [33], who developeda systemfor vi-
sualizingamultivaluedvector�eld sothatuncertaintycanbenaturally
incorporatedin thevisualization,andtheworkof Knissetal. [27], who
developeda comprehensive volumevisualizationapproachthatincor-
poratesthe fuzzy classi�cation into the visualizationcycle, allowing
theclassi�cationdecisionto bedeferredto therenderingstage.

Astronomical Visualization. Amongrelevantrecentastronomical
visualizationwork wenotethatof OstrikerandNorman[39], whopro-
posedaframework for simulatingcosmologyandreviewedtherelated
requirementsin high performancecomputingenvironments,Nadeau
et al. [14,37], who simulateda �y-through of a volumetricmodelof
theOrion Nebula [11], Kahleret al. [26], who useda supercomputer
andadaptivemeshrenderingto simulatethelife-spanof astar, Jensen
et al. [22], who deviseda physically-basedmodelto renderthenight
sky asseenfrom Earth,Baranoskietal. [3], whoproposedarendering

methodfor simulatingtheAuroraBorealis(theNorthernLights),Hopf
etal. [20], whodevelopedaPCA-basedsplattingtechniquefor render-
ing point-baseddatain dynamicgalaxymodels,Magnoretal. [34,35],
who developedan inversevolumerenderingmethodfor constructing
andrenderingplanetarynebulaeandre�ection nebulae,andMiller et
al. [36], who derived a visualizationtool to reveal structuressuchas
�laments andvoidsin theHorologium-Reticulumsupercluster.

In our own recentwork, Hansonet al. [17,19] proposeda visual-
ization framework for illustrating the context of time in cosmologi-
caldata,Li etal. [29] developedascalableWIM (world-in-miniature)
userinterfacefor facilitatingtheef�cient explorationof large-scaleas-
trophysicalenvironments,andFu et al. [13] proposeda transparently
scalablevisualizationarchitecturefor modelingandrenderingastro-
nomicalmodelsacrosslarge-scaleastrophysical spaces.However, it
is worthnotingthat,exceptfor primitiveerrorbarsconstructedtoshow
positionaluncertainty, see[13], comprehensive visualrepresentations
of datauncertaintyarebasicallyabsentfrom thebodiesof astronomy
visualizationwork mentionedthusfar.

3 UNIQUE CHARACTERISTICS: UNCERTAINTY IN ASTRO-
PHYSICAL ENVIRONMENTS

This sectionsummarizesthe uniquecharacteristicsof astronomical
datato illustrate how the visualizationof uncertaintyin astrophysi-
cal environmentsdiffers from otheruncertaintyvisualizationrequire-
ments.In particular,

� First, theastrophysicalspacebeingsimulatedspansa very large
spatialrange,andyet is mostlyempty;hence,users�nd it hard
to judgedistances,sizesof objects,andalsothespatialcontext
aroundobjectsin the3D virtual simulations.

� Secondly, we have hugespatial rangesnot only in the spatial
quantitieslikedistanceandsizein theastronomicaldata,but also
in theuncertaintyvalues.Theabsoluteuncertaintyof distances
to nearbystarscanrangefrom undera light yearup to several
hundredlight years;the vastmajority of recordedstarsaretoo
distantto applyparallaxmethodsandthushave no reliabledis-
tanceassignmentsat all. The percentageerrorscanbe exceed-
ingly largecomparedto thosetypicalof otherscienti�c studies.

� Thirdly, becauseof therangeof estimationmethodsandthe in-
trinsic distancesinvolved, someastronomicalquantitiescanbe
measuredwith very high precisionwhile otherscannot. When
locatingstars,for example,we have to measurethe distanceto
starsandthe direction to stars;directionsto starscanbe mea-
suredwith extremelyhighprecision,while 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 demonstrateour proposeduncertaintyvisualizationmethods,we
applythemto thefollowing stardatasets:

� The Hipparcosand Tycho Catalogues[12,41]. Theseprovide
starposition(parallaxandEquatorialcoordinates(RA,Dec) [8]),
propermotion,apparentmagnitude,andcolor index of stars,as
well as the relatederrorsin the measurements.Note that dec-
lination (Dec) is the anglemeasuringhow far a given sky lo-
cationabove or below the CelestialEquator, whereasthe right
ascension(RA) is theanglebetweentheVernalEquinoxandthe
projectionof the sky location on the Celestialplane,seeFig-
ure2(left).

� Themeanradialvelocity catalogof galacticstars[4]. This pro-
videsradial velocitiesof stars(the radial componentof starve-
locity alongtheline of sight)andalsotheassociatederror.

� Thecatalogof constellationboundarydata[1].

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

4 VISUAL CUES FOR LARGE-SCALE UNCERTAINTY

4.1 The uni�ed color -coding scheme

Sincethe astrophysical environmentswe typically needto simulate
arevery large andvery sparse,viewershave dif�culty judging sizes
and distances,as well as the propertiesof spatial uncertainty. To
annotatethe magnitudeof spatial uncertainty in a visualization,
we employ a customizeduni�ed color-coding schemeas a central
designmechanismto annotatelarge-scaleuncertaintyby consistently
assigningcolorsto thevisualcues.

Color asannotation. Figure1 shows thechosencolormap;in our
design,thecolormapcanprovidedifferentkindsof annotation,speci-
�ed by theuserthroughtheuserinterfacecontrols.Colorassignments
areassociatedwith thevisualcuesto representthefollowing:

� Large-scaledistanceandlength: Shown on topof thecolormap
in the�gure is a base10 logarithmicrange:[1014;1020]m. This
rangeis typically chosento matchthespatialscalein the inter-
stellarenvironment,but is adjustableso that we canrescaleto
includegalaxiesor otherastronomicalcontexts at otherspatial
scales.Note that this kind of annotationcanbesub-categorized
as: 1) the distanceof a visual cue to Earth,2) the distanceof
a visual cue to the camera(or viewing spacecraft),and 3) the
size/lengthof spatialuncertainty.

� Percentage errors: Shown on thebottomof thecolor mapin the
�gure is a linearrangeshowing percentageerrors.

UsingSaturatedColors. Thecolorsweemployedin thecolormap
areall fully saturatedcolorsin theCIE L*a*b color system[48]. The
advantagesof thisdesignincludethefollowing:

� Whenweapplythesecolorsto shadethevisualcues,theintrinsic
hueof thecolorswill staythesame,eventhoughtheirbrightness
may vary due to the shading. As a result, we needonly very

simplevisual processingto estimatedistances,lengths,or per-
centageerrors;userscanlook solelyat thehueof a givencolor
anddeduceanapproximatedistanceor percentageerror.

� Sinceall visual cuesare coloredconsistently, we can visually
compareuncertaintyamongneighboringentitiesby examining
their colordifferences.

4.2 Positional Uncer tainty

Astronomicalobjectsin thesky aregenerallydescribedby polarcoor-
dinatesde�ning the direction to the object from Earth; for instance,
we typically useEquatorialcoordinates(RA,Dec) for stars[8], the
Galacticcoordinatesfor objectswithin the Milk y Way Galaxy, and
theSuper-Galacticcoordinatesto describeextra-Galacticlocations.

To placeobjectsaccuratelyin threedimensions,we must deter-
minethedistanceto theobjectsby variousmethodssuchastheparal-
lax methodor apparentmagnitudefor starsandredshiftmethodsfor
galaxies.Thedistancer(p;dp) to a starin theHipparcosdataset,as
well asthestandarderrordr(p;dp) of thisdistance,aredeterminedby
theparallaxp andits standarderrordp. If wemeasurep in arcseconds
andchoosethe idealnormalizationr = 1=p, thenonearcsecondin p
givesadistancer of 1parsec= 3:086� 1016meters. Thestandardbut
rarely-usedbivariate2ndorderexpansionof theexpectationof a ratio
aboutthe meansgiven in Rice [44] reducesto the following for the
caseof parallaxcomputation,

r(p;dp) =
1
p

+
dp2

p3 + O(dp4) (1)

dr(p;dp) =
dp
p2 + O(dp3) ; (2)

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 respectto p in anastronomical
measurement,includingthedp termin theexpectationvalueof r can
signi�cantly improve thecomputationalaccuracy.

Sincewe have uncertaintyin the measurementof parallaxaswell
asin RA andDec, the positionaluncertaintyof astronomicalobjects
(including stars,galaxies,etc.) canalwaysbe decomposedinto two
components:a radial componentalongthe line of sight (from Earth
to theobject)anda sphericalcoordinatecomponentperpendicularto
the line of sight on the Celestialsphere.To illustrate the positional
uncertainty, weproposetwo typesof visualcues:

Err or bars. Dueto thefactthattheuncertaintyin distancesis sev-
eral ordersof magnitudelarger than the uncertaintyin RA/Dec, one
way to visualizethe positionaluncertaintyis to ignore the errorsin
RA/Dec and plot a line segment to show the uncertaintyalong the
line of sight from the Earth. Figure3 representsthe error barsren-
deredwith a cameraat a distanceof 1020m from Earth.Notethat the
positionaluncertaintyis, in fact, a distribution centeredat the object
position,andwe thusdraw theerrorbarswith variabletransparency;
theopacityfadesfrom onein themiddleandto zeroat theendpoints.
Next, we usetheuni�ed color-codingschemeto shadetheerrorbars,
asnotedin the�gure caption.



Ellipsoid models. The secondrepresentationwe have is an el-
lipsoid modelthatemphasizesthe fact that thepositionaluncertainty
shouldbe a volumethat includesthe RA/Dec component.However,
the uncertaintyin RA/Dec is exceedinglysmall comparedto the dis-
tanceuncertainty;to visualizeall theseuncertaintytermssimultane-
ously, wehaveto arti�cially scaleuptheRA/Decuncertainty, typically
by 106. Theresultantuncertaintyrangecanbe illustratedasanellip-
soid volume,seeFigure4. Note that in shadingthe ellipsoid model,
we employ cos� 1(V̂ � N̂) to attenuatethe surfacetransparency using
shaderprogramming,whereN̂ is thenormalat a surfacepoint,andV̂
is the view directionfrom the surfacepoint to the viewer. With this
shadingapproach,we canbetterconvey the shapeof positionuncer-
taintyby emphasizingthesilhouette.

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 (1018:6m) from Earth.

4.3 Trajector y Uncer tainty

Anothercommonspatialquantityin astronomicalobservationsis the
trajectoryor velocity (typically availablefor nearbystars).Like posi-
tion, thevelocityof astronomicalobjectsalsohastwo components[8]:
a radial component,known as the radial velocity, along the line of
sight anda componenton the Celestialsphere,known asthe proper
motion. As depictedin Figure2(right), we cancombinepropermo-
tion andradialvelocity anddeterminethe three-dimensionalvelocity
of any object,known as the spacevelocity. Note also from the �g-
ure that thepropermotionhastwo perpendicularcomponents:pmRA
and pmDEC alongtheRAandDecdirections,respectively. Hence,to
show thepositionaluncertaintyof theobjectat any momentalongthe
trajectorypath,wecanemploy ellipsoidmodelsasbefore.

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) � 1011m=yr, 2) RA:
(� 4:34� 0:57) � 10� 8rad=yr, and 3) Dec: (� 1:23� 0:40) � 10� 8rad=yr.

To designthevisualcuesshowing thetrajectoryuncertaintyof as-
tronomicalobjects,weborrow from the�eld of meteorologyamethod
usedto show the trajectoryuncertaintyof hurricanein 2D, asshown
in Figure5. Our3D representationfor trajectoryuncertaintyis shown
on theright handside;we usea conemodelto depicttheoverall tra-
jectoryuncertainty(giventhetimespanfor thetrajectory)andemploy
anarrayof equally-spacedellipsoidmodelsto show thepositionalun-
certaintyateachtimestep.

4.4 Magnitude and Color Uncer tainty

In astronomicalmeasurements,thebrightnessof astronomicalobjects
in thenightsky is quantitatively de�nedby themagnitudescale,where
thisscaleis appliednotonly to stars,but alsoto nebulaeandgalaxies.
In a preliminaryexperiment,we attemptedto visualizethemagnitude
uncertaintyby animatingthe star sizesand by addinghalosaround
stars; however, due to fact that the magnitudeuncertaintywas too
small to be effectively perceivableusingthis method,we revertedto
showing the uncertaintyfor a picked star throughan auxiliary chart
displayedon the userinterface,asshown in Figure6 (left) andalso
in Section5. Here,we show themin-maxrangeandalsothemedian
of the visual magnitudecurrentlyobserved at the virtual viewpoint.
Note that theHipparcosandTychoCatalogues[12] presentthemag-
nitudeuncertaintyasa rangeof visualmagnitudevalues(asobserved
from Earth)togetherwith a medianterm; by �rst converting theseto
absolutemagnitude,we candeterminetherangeof visualmagnitude
observedatany viewpointby thefollowing equation:

m � M = 5log10r � 5 + A ; (3)

whereM is the absolutemagnitude,m is the observed magnitude,A
representsthe amountof light attenuationfrom reddeningcausedby
the interstellarmedium,andr is the distancein parsecsto the astro-
nomicalobject(thedistanceatwhichmagnitudemis measured).Note
that theuncertaintyin visualmagnitudecouldchangeinteractively as
theviewpoint changes.

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

We alsofound that theuncertaintyin color is somewhat too small
to be effectively perceivable using renderingmethods;thereforewe
alsoplot the uncertaintyrangefor BT andVT asscreenplots shown
in Figure6. Note thatwe usetheTychophotometry(availablein the
HipparcosandTychoCatalogue[12]) to representcolors:BT is for the
bluevisible range,whileVT is for theyellow-greenrange;thissystem
is closelyrelatedto JohnsonUBV Photometricsystem[25].

5 USER INTERFACE TOOLS

Wedevelopedthefollowing threemajoruser-interfacetoolsto support
our objective of facilitatingtheexaminationandexplorationof visual
cuesin large-scaleastrophysicalenvironments.

5.1 The Magic Glasses

The designof what we call “magic glasses”was motivatedby the
magic lens technique[5,28]. This interfaceallows usersto interac-
tively movea2D lensover thescreento exposeadditionalinformation
hiddenin therenderedimages.In our framework, whenamagicglass
is putonthescreen,detailedvisualcuescanberevealed/culledaccord-
ingly, while text labelswithin theglassareremovedto reduceclutter-
ing. We equipthemagicglassinterfacewith thefollowing additional
selectioncapabilityrelevantto large-scaleuncertaintyvisualization:

� Percentage error selection– Userscanselecta percentageerror
rangeandattachit to amagicglass;visualcuesnotmatchingthis
constraintdonotappearin themagicglass.

� Log-scaledistanceselection– Userscanalsoimposea log-scale
distanceconstraintandselectvisual cuesbasedon a log-scale
distancerangemeasuredfrom theEarthand/orfrom thecamera
(viewpoint). Using thesecondtypeof constraint,we canequip
our2D magicglasseswith proximity selectioncapabilities.

� Multiple magic glasses– Finally, userscan deploy multiple
magicglassessimultaneously. Dependingon the user's choice,
we canapply unionsor intersectionsof constraintsfrom multi-
ple magicglassesandimposethecombinedconstraintsto select
visualcuesin theoverlappingregion.



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 1018:6m), while providing appropriate visual
cues to characterize positional uncertainty. Color is also used to annotate the absolute size of the uncertainty.

Figure7(top)demonstratestheuseof multiplemagicglassesto ex-
posevariouskindsof datauncertaintyin awidepanoramicview, while
Figure7(bottom)illustratestheactionof moving amagicglassthatse-
lectsvisualcuescloseto theviewpoint; notetherangedisplayednext
to the label “CB Log(m)”, where“CB” refersto camera-basedlog-
scaledistanceselection. Also, note that on-screenannotationssuch
asthetext labelsof theconstellations'majorstarsareremovedin the
magicglasses.

5.2 The Log-Sky Visualization Mode

Next, we de�ne the log-sky visualization mode that provides an
overview visualizationby uniformly compressingthedataspacein a
logarithmicmanner. Mathematically, givenapower-scaledcoordinate
(PSCfor short),sayp = (x;y;z;s) (notethatPSC's arede�ned in our
previouswork [13], wherep representsthethree-dimensionalposition
(x;y;z) � 10s), the log-sky visualizationmodetransformsp using the
following mapping:

(x;y;z;s) 7! (x;y;z) � f (s) wheref (s) =
s� a
b� a

:

Here[a;b] de�nes the logarithmicrangethat theuserchoosesto map
thedataspace;for example,if a andb aresetto be14 and20,respec-
tively, thenwe mapthe physical range[1014;1020]m logarithmically
to the radial distance[0;1] (measuredfrom the spherecenter)inside
the unit sphere;note: the directionalcomponents(RA/Dec) arekept
unchanged.Theadvantageof this mappingis thatwe canef�ciently
utilize the spaceinsidea unit sphereaccordingto the typical physi-
cal rangethat the datacovers. Note that in our original log-sky de-
sign[29] for assistingvirtual exploration, f (s) is basically�x edto be
s; hence,our interstellarspace,which ranges[1014;1020]m, will only
cover a thin shellvolumeneartheboundaryof theunit sphere.Since
this work focuseson uncertaintyvisualization,maximizingthespace

utilization caneffectively improve thepresentation.Figure9 demon-
stratestwo typical visualizationsshowing the positionaluncertainty
of starsaswell aspositionaluncertaintyin constellationlinesplotted
in 3D. Note thatwe allow visual cuesto bedrawn outsidethemagic
glass,while removing potentiallyclutteringtext labels.

5.3 The Scalab le WIM

In the courseof dataexploration in a large-scaleastrophysical sim-
ulation, userstypically have dif�culty maintaining context aware-
nesswhile focusingon the dataexploration. The ScalableWorld-in-
Miniature (WIM) [29] is a powerful tool that provides userswith a
large-scale3D scalablemapto representandconvey the spatialcon-
text andto reducetheconstraintsof limited screenspace.In thispaper,
weaddvisualcuesandrepresentationsof uncertaintyto thecontext of
theScalableWIM; theseadditionalfeaturescanenhancetheeffective-
nessof visualizinguncertaintyin large-scalespaces:

� First, theScalableWIM enablestheuserto examinethedataun-
certaintymodelsthat he/shecanseeon the main screenfrom a
third-personperspective. Notethatuserscanstayengagedin the
immersiveenvironmentshown in themainwindow while explor-
ing thelocalcontext in theScalableWIM, asnotedin Figure10.

� Secondly, theScalableWIM providesanicon-renderedview, in-
steadof arealistically-renderedview, sothattheuncertaintycues
canalwaysbemoreclearlyseenwith muchlessvisualcluttering.

6 IMPLEMENTATION AND RESULTS

In our systemdesign, the proposeduncertaintyvisualizationtech-
niquesareimplementedasa modulein thetransparentlyscalablevi-
sualizationarchitecture [13]. To avoid concernswith scenetransfor-
mationaccuracy anddepthbuffering limits, thussupportingmodeling



andrenderingof the3D uncertaintymodelsproperlyacrosshugespa-
tial ranges,we representandrenderall modelsusingthePSCmodule
architecture.In addition,to renderthe silhouetteshadingeffectsfor
theellipsoidandconemodels,wedevelopedashaderprogramwritten
in GLSL for computingthelocal surfacetransparency.

CaseStudy: TheDistanceEditing Tool. In ourcollaborativework
with anastronomer, we have implementeda softwaresystem,known
astheDistanceEditing Tool [18] (DET for short),to assisther in ex-
aminingmetricfeaturesof materialsin thelocalgalacticneighborhood
of theSun.Thissystemcomparesthedistancesto starsresultingfrom
parallaxmeasurementsand photometricmeasurements(seethe Ap-
pendix),andprovidesassistancein the constructionandveri�cation
of geometricmodelsfor spectrallyabsorbingandemittinggasclouds
lying betweentheEarthandnearbystars.To furtherenhancetheca-
pability of this applicationsoftware,we have addedmodulessupport-
ing theuncertaintyvisualizationtechniquesproposedin thispaperand
incorporatedthevisualcuesanduser-interfacetoolsinto theDET sys-
tem;seeFigure11 for selectedscreenshots.

In addition,it is worth noting thatsincewe dealwith photometric
distancesin DET, we have positional(distance)uncertaintynot just
from parallaxmeasurement,but also from the luminosity andspec-
tral typeclassi�cation,andB-V measurements.In theDET, we han-
dle both of theseuncertaintyproblemsby requiringsomeagreement
betweenthephotometricandparallaxdistance.This allows us to re-
ducethe uncertaintiesin the intervening ISM substantiallybecause
dustcloudscandisturbthephotometricdistances,ascoulda misclas-
si�cation of a star. As reportedby ourastronomycollaborator, requir-
ing thatphotometricandparallaxdistancesmatchwithin adesignated
uncertaintyhelpedcull outmisclassi�edspectraldata.

User Study. We conductedan exploratory userstudy to collect
feedbackfrom usersconcerningtheir perceptionsof uncertaintyvisu-
alization in our system,aswell as the designof the visual cuesand
userinterfacetools. Tensubjectsparticipatedin thestudy, threewith
prior experiencein virtual astronomysystems;� ve of themarestu-
dentsfrom thegraphicsgroupandtheothersdonothavegraphicsand
visualizationbackground.Six of them aremaleswhereasthe other
four arefemales;their agesrangefrom 23 to 28 andall of themhave
anormalvisionandnonearecolorblind. In doingthetest,thesubject
workedonasinglePCin anisolatedroom,andbeforethat,webrie�y
explainedthewholeprocedureandintroducedsomebasicastronomy
knowledgethatwasrelated;thewholetesttookaround30minutes.

The �rst task was to examinethe positionaluncertaintyof three
stars(with distinctpositionaluncertainties)by checkingthecolor on
the correspondingvisual cues. Thesedataquantify the ef�ciency of
the uni�ed color codingscheme.In the secondtask,the participants
wereaskedto locateastaramongthestarswith largest(basedonuser
perception)percentageerrorsin positionaluncertainty. Here,the ten
participantsaredivided into two groups. Onegroupusedthe range
selectiontool provided by the magicglassto �lter out unwantedvi-
sualcuesduringtheexploration,while theothergroupcoulduseonly
color to do the selection. This measurementdeterminesthe relative
ef�ciency of therangeselectiontool.

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,thesuccessrateof determiningthepercentageer-
ror (within � 5%)of thepositionaluncertainty(radialcomponent)was
around96:7%. This resultshows that mostuserscanef�ciently em-
ploy the color coding to determinethe amountof uncertainty. The
usersgenerallyagreedthatthiswasaquickandcomfortablewayto get
an initial feeling for theamountof uncertainty;however, someusers
complainedthat they hada dif�cult time perceiving thedetailsusing
this methodandsuggestedusinghighercontrastcolorsfor neighbor-
ing rangesin thecolormap.In thesecondtask,we foundthatthe�rst
group(usingthe rangeselectiontool) performed64%fasterthanthe
secondgroup(seethegraphplottedon theleft of Figure8), although
bothgroupstypically succeededin thetaskof locatingthetargetstar.
All participantsin the�rst groupbelievedthattherangeselectiontool
wasvery importantandnecessary. Weobservedthatthisgroupof par-
ticipantsgenerallycould usethis tool to quickly �lter out unwanted
visualcueswhile focusingon thesearchfor the largeuncertainty. In
addition, we also asked the subjectsabout their perceptionsof the
magnitudeof the astronomicaldata,onceat the beginning andonce
at the end. As shown on the right of Figure8, moresubjectsrealize
thesigni�canceof consideringthedatauncertainty, particularlyin the
context of astronomicalvisualization,aftertheexperiment.

7 CONCLUSION

In conclusion,we have developedan assortmentof uncertaintyvisu-
alizationtechniquesdesignedto meettheuniquechallengesof large-
scale,sparsedatatypical of astronomicalvisualizationenvironments.
Error measuresareessentialcomponentsof scienti�cally valid astro-
nomicalvisualizationinterfacesandarecharacterizedby wide ranges
of scaleseldomencounteredin othercontexts. Our tools, including
errorencoding,custom-designederror-ellipsoids,interactive “magic-
glass” methods,and a scalableworld-in-miniatureenvironmentare
combinedwith power-scaledcoordinatesto exposeastronomicalerror
informationto theuserin anef�cient andeffective interactivemanner.

Futur e Work We have thus far focusedmainly on datasuchas
3D starlocationsfrom catalogsbuilt usingparallaxmeasurements,al-
thoughwe have alsotouchedon the useof photometricdistancees-
timates. Many other large bodiesof datacan be incorporatedinto
this context, including distancesto nearbygalaxiescomputedfrom
Cepheidvariablestars,distancesderived from calibratedsupernovae
that canbe usedas“standardcandles”in intermediategalaxies,and
distancesfor cosmologicallydistantgalaxiesderived from redshifts.
Detailedstudyof theerrormodelsfor datasuchasthesewill resultin
still further uniqueclassesof error modelswhoseuni�ed interactive
displaywill supportnew scienti�c visualizationcapabilities.
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Appendix: Computing Photometric Distances

While parallax measurementis the standardmethodfor determin-
ing the distanceto nearbystars,alternativesareavailable. Onesuch
methodemploys stellarphotometrydata,andis basedon therelation-
shipbetweenstellardistanceandthedifferencebetweenthemeasured
visual magnitudeand the estimatedabsolutemagnitude,asgiven in
Equation3. In this approach,we �rst determinethe absolutemag-
nitudeof a starby usinga well-establishedtablein [8], “Calibration
of MK spectraltypes.” This tablemapsthe observed spectraltype,
spectralclass,andspectralnumberof a starto the expectedabsolute
magnitudevalue.Usinganastronomer'sruleof thumb,wesetthered-
deningterm A to be 3:1� E(B� V), where3:1 is a generalconstant
representinga wide rangeof theinterstellarmedium.We canthenin-
vert Equation3 to computethedistanceto a star. Note: E(B� V) is
thecolorexcess,i.e., thedifferencebetweenthemeasuredB� V color
index andthe intrinsic B� V color index given in the cited tablefor
theabsolutemagnitudein [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).


