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Abstract

This paperintroducesGraphSplatting,a techniquewhich trans-
formsa graphinto a two-dimensionakcalar eld. Thescalar eld
canbe renderedas a color codedmap, a height eld, or a setof
contours.Splat elds allow for the visualizationof arbitrarily large
graphswithout cluttering. They provide densityinformationwhich
canbe usedto determineghe structureof the graph.

The constructionyisualizationandinteractionwith splat elds
is discussedTwo applicationsllustrateto usageof GraphSplatting.

CR Categories: 1.3.3 [ComputerGraphics]: Picture/ImageGen-
erationl.3.6 [ComputerGraphics]:Methodologyand Techniques

Keywords: informationvisualization,graphvisualization,inter
action

1 Introduction

The main problemof informationvisualizationis the mappingof
comple, non-spatialabstractlataonto effective visualforms. Re-
lational structuresconsistingof a setof entitiesandrelationships
betweenthoseentitiesis an importantclassof suchdata. Such
structuresare commonlymodeledas graphs: the entitiesare ver
tices,andtherelationshipsarethe edges.A large numberof graph
drawing algorithmshave beendevelopedthat presenthe informa-
tion in a grapheffectively. Effective graphdravings helpthe user
to understandhe underlyingabstractata.

Graphdrawing algorithmsconsistof two steps:layoutandren-
dering. Graphlayoutis concernedwith the placemenbf vertices
andedgessuchthatpropertiesof thegrapharespatiallyconveyed.
Graphlayoutalgorithmsarebasedn mary differentprinciplesand
shaw differentpropertiesof thegraph.For example algorithmscan
minimize the numberof edgecrossingspr canplaceverticessuch
thatstructureof the graphcanbe madevisible. Graphrenderingis
concernedvith mappingvertex and edgepositionsonto graphical
objectsandrenderingtheseobjectson the display Usually graph
drawing algorithmsusediscretegraphicalobjectsto represenver-
tices and edges. Pointsor icons are usedfor the vertices,while
cunesareusedto represenedges.

A key issuein graphdrawing is how to handleverylargegraphs.
Clutteringdueto thelargenumberof objectsto displayis very hard
to avoid. Above a numberof verticesit becomesmpossibleto
displayall verticesandedgesusingdiscreteobjects. It will beim-
possibleto discernbetweenindividual graphicalobjectsand,asa
result,only partsof thegraphcanbedisplayedn asingleimage.

In this paperwe introduceGraphSplattinga techniquethatrep-
resentsa graphasa 2D continuousscalar eld. This scalareld is
calledasplat eld. 2D scalareld visualizationtechniquesreused
to renderthesplat eld; e.g.asheight elds, contourscolor maps,
etc. The utility of splat elds is basedon the assumptiorthatthe
densityof pointsis an meaningfulcharacteristiche chosenayout
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of the graph. Splat elds areusefulto rapidly gain a overvien of
thecompletestructureof thegraph.

A splat eld canbeusedin combinatiorwith othergraphrender
ing methods.Splat eld is usefulfor obtainingan overview of the
dataand, after zoominginto a detail, they canbe combinedwith
discretegraphicalobjects. In addition, splat elds canbe usedin
combinationwith asecondscalar eld.

The paperis organizedasfollows: rst we discusgelatedwork.
In section3 we give the detailsof the GraphSplattingechnique.
We discussthe constructionof the scalar eld, andshav how this
eld canbevisualized.In section4 we discussvarioustechniques
thatallow a userto explore datausinga splat eld. We shav how
zoominginto splat elds canbe realized,combining splat elds
with texture elds, andusegraphicshardware for fastsplat eld
constructionln sections weillustrateGraphSplattingvith two ap-
plications. The rst applicationis concernedvith the analysisof
structurein multidimensionafeaturespaces.The secondapplica-
tion is the analysisof the citation index of IEEE Vis'XX papers.
We shav that GraphSplattingcabe usedto identify topicsin visu-
alization.

2 Related work

Visualizationof graphdatais awell studiedsubject.Excellentsur
veys of the layout andrenderingof large graphsin the contet of
informationvisualizationcanbefoundin [4, 3].
Landscapeisualizationtechniqueshave beenusedfor text doc-
umentvisualization. Wise et al. developedthe ThemeScapéech-
nique,which conveys informationabouttopicsin text documents,
[13]. ThemeScapeare abstractthree-dimensiondndscapesf
informationthatareconstructedrom documentorporawhichaug-
menta 2D landscapef text with a heightdimensionshaving the
strengthof a themein a given region. Elevation depictstheme
strengthwhile otherfeatureof theterrainmapsuchasvalleys and
peaksrepresentetailedinterrelationshipsamongdocumentsand
their compositethemes. The authorsclaim that ThemeScapeare
usefulto rapidly gainasummaryof thecompletedocumentorpus.
The work reportedin this paperwas inspired by the research
summarizeabove. In contrasto otherapplicationdependentech-
niques,GraphSplattings generalpurposeand makes useof stan-
darddatavisualizationtechniquegor renderingandinteraction.
We also addresghe problemof combininga splat eld with a
secondscalar eld. In this way, densityinformation depictedby
the splat eld canbe correlatedwith the information represented
by thesecondscalar eld. Froma visualizationpoint of view, this
problemcan be regardedas simultaneouslyrenderingtwo scalar
elds. Mary researcherbave addressethis problem. For exam-
ple, Trumbo[9] andRobertsoret al. [7] have usedcolor schemes
for bivariatemappings.Also, combinationsof contoursandcolor
or combinationof height elds andcolor arepossible.S. Smithet
al. andWeigleetal. have usediconographidisplaysfor the visu-
alizationof multidimensionadata[8, 12]. VanWijk exploredthe
usageof spotnoiseto generatdexture patterngo represenainun-



derlying ow eld [11]. Ourapproachs to make useof thespectral
propertiesof the splat eld. A splat eld is shovn to berestricted
to low frequenciesallowing usto usethe high frequenciego en-
codea secondscalar eld asa texture. Krueger appliedthe same
principlesto generateealisticsurfacetexturesin the context of ray
tracing[5]. Also, theapproachs in line with recentwork in pattern
recognitionjn whichimagemodelsarede ned basednperceptual
propertied6]. Theclaimis that”periodicity”, "directionality”, and
"randomness”arethe threemostimportantdimensionsof human
texture perception.
The zoomingandhardwareacceleratedechniquesrebasedon

thosefor interactize explorationin 2D vector elds usingspotnoise
textures,[2].

3 GraphSplatting

GraphSplattings a techniquethat transformsa graphinto a con-
tinuous eld. A centralassumptioris that the densityof vertices
is an important characteristioof layout usedthe graph. Layout
techniguessuchas spring massand other edgelength minimiza-
tion techniquehave this property Splattingis usedto projecteach
vertex of the grapha onto a two-dimensionakcalar eld usinga
splattingfunction. Insteadof shaving the individual vertices,the
continuousvariationin densityis shavn. Eachvertex contritutes
tothe eld with atwo-dimensionaGaussiarshapedasisfunction.
Theresulting eld is obtainedby addingall the contrikutions. This
eld is calledthesplat eld.

Figurel illustratesthe mappingprimitive. The gure shavs a
crosssectionof the Gaussiarsplattingfunction. The width of the
Gaussiar( in gure 1) determineghe'smoothnessbdf the splat
eld. A largevalueof will resultin smoothingout the detailsof
the graph. Using a small valuefor  will resultin more detail of
the graph. In the limit case , the splat eld shaws vertices
asimpulses. is aglobalparametewhich canbe changedy the
user

Figurel: A crosssectionof the Gaussiarsplat.

GraphSplattingn itself is notintrinsically 2D, the equationdor
the splatscould be easilyextendedto 3D. We choose2D elds be-
causethe visualizationof andinteractionwith 3D elds is more
complicated Also, thereis no inherentthreedimensionalityin the
datasuchasin 3D o w or medicalvolumedata.

3.1 Splat eld construction

In this sectionwe de ne the constructionof the two dimensional
splat eld moreformally. The 2D continuousfunction is con-
structedoy summingthe contritutionsof individual 2D basisfunc-
tions:

1)

in which x is a positionin the splat eld. Eachbasis
functionis modeledasa normalizedGaussiarfunction:

— )

A propertyof the usedGaussians that its integral is equalto 1
irrespectve of the ; i.e. . The basisfunction

is de ned by placing the centerof the Gaussiamat the vertex
position :

@)

The implementationof the splat eld is doneon a grid with a
usercontrolledresolution. The Gaussiarfunctionsare discretized
andaddedto thecellsin thegrid. The contritution of eachsplatto
a pixel in the grid is estimatedby usingthe distancebetweenthe
vertex positionandthe centerof the pixel. High resolutiongrids
give a betterrepresentatiorof the splat eld, however they take
longerto compute.Section4.3 discusseganimplementatiorusing
graphicshardwareacceleration.

Figure2 illustrateshow splat elds canbe used. Theleft image
shavs 40 verticesof agraph(theedgesarenotshavn). Themiddle
andrightimagegivesvaryingsplat eld representationsf thepoint
collection.Bothimagesusea differentvalueof . Therightimage
usesa larger resultinga smoothersplat eld.  is a parameter
providing the usera meansto male a trade-of betweena global
overview of thestructureof the data(right image)or moredetail of
the data(middleimage). The overlappingof splatscauseslusters
of pointsto shav up asa singlemaximumin the splat eld. The
mappingto grayvalueof thesplat elds in bothimagess suchthat
zeromapsto white andthe highestvaluein the eld to black.

Figure 2: Visualizationof a splat eld. The left imageshav the
layoutof 40 vertices.Themiddleandrightimagesshawvs two splat-
elds with varying values.

3.2 Splat eld visualization

Standardvisualizationtechniquesanbeusedto visualizethefunc-
tion . Althoughthe GraphSplattingechniqueconstructsa con-
tinuousscalareld, it isimportantto realizethattheunderlyingdata
is agraph.As such,thesplat eld is oftencombinedwith discrete
representationsf the original data. Thesediscreterepresentations
canberenderedntop of thesplat eld.

Threestandarddatavisualizationtechniquesanbe usedto vi-
sualizethesplat eld :

Color coding. A two dimensionaliew of the eld in which

thevalueis shavn usingcoloris usefulfor interaction.Differ-

entcolor codingcanbe used(for the black andwhite images
in this paperthe value was mappedto the gray level. For

the color platesa color codingwasused.).By combiningthe

splat eld with adiscreterepresentationf thegraph,interac-
tion with individual verticescanbe realized. Point-and-click
of verticesto getadditionalinformation,dragginga vertex to

anew position,etc,areinteractionghatarebestperformedn

2D.

Heightmap. A threedimensionaheightmap of the eld is
valuableto shav the mainstructureof the eld. A dravback
of a heightmapis thatinteractionis dif cult. For example,



picking verticesor speci cationof aregionis dif cult in three
dimensions.

Isovaluecontours.Contourscanbeusedo shav theboundary
of speci c clusters.A contouris alsousefulasa criterionto
selectall dataitemswithin theregion boundedoy the contour

4 Interacting with Splat elds

4.1 Splat Field Zooming

For largedatasetsnotall detailscanbediscernedn theconstructed
splat eld. Thiswill bethecasewhenevenfor very smallvaluesof
adjacensplatswill overlap.

However, the parametein conjunctionwith asmallemregionof
interestdoesprovide a naturalinterfaceto zooming. is automat-
ically adjustedwhile the userzoomsinto a new region of interest.
This is realizedby maintaininga constantatio between andthe
sizeof theregion of interestduringzooming;i.e.

— 4)
in which denoteghesizeof theregion of interest.Thisratio
shavs thatwhen is decreasedhen decreaseproportion-
ally.

Figure3 illustrateszooming. The splat eld in left imagegives
an overvien of an arti cially generateddataset. The left image
shaw two clusters.The middle andright imageillustrateszooming
into regions of interest,which areindicatedwith a boundingbox.
The middle imageshaws that the clusterconsistsof threesmaller
clusters,andtheright imageshaws theinternalstructureof oneof
thesmallerclusters.

Figure 3: Splat eld zooming. Left: splat eld of all data. The
region of interestis shavn asa dashedoundingbox. Middle: rst
level zooming.Right: secondevel zooming.

4.2 Combining Splat elds with Texture Fields

In section3 the constructiorof asplat eld asthe sumof contritu-
tionsof Gaussiabasegunctions(seeequationl) wasdiscussedA
propertyof a Gaussiariunctionis thatit is limited in thefrequeng
domain. The sumof Gaussiarfunctionswill have the samespec-

tral propertiesas a single Gaussiarfunction. As a consequence,

the spectrumof the splat eld is restrictedto the lower frequen-
cies. This propertyis usedto mapthe additionalscalar eld. More
speci cally, theremaininghigherfrequenciesreusedfor atexture
thatrepresentsheadditionalscalardata.

Therearemary choicesfor the signalusedto representhe ad-
ditional scalardata. The choicewe have madeis to usehigh fre-
queng noiseof varying intensity which is addedto the intensity
of theindividual splats. Although ary signalcanbe used,regular
signalsmay suffer from interferencebetweeroverlappingsplats.

The organizationof the frequeng domainis illustratedin g-
ure 4. It shaws how the frequeng domainis organizedinto low

splat field noise

Figure 4: Organizationof 1D frequeny domainusagefor splat
elds andnoise.

frequenciedor the splat eld and high frequenciedor the noise.
Thelow frequenciesreboundedoy . Therangeof thehighfre-
guenciesvailableto mapthesecondscalar eld is . s
aupperbounddetermineddy theresolutionof the signalrepresen-
tation.

We now discusscombining splat elds with additional scalar
datamoreformally. The Fouriertransform of thenormalized
Gaussiar{equation?) is formulatedas:

— ()

in which — and isa2D frequeng vector A largesplatin
the spatialdomain(i.e. high valueof ) resultsin alow cut off in
thefrequeny domain(i.e. low ). Similarly, a smallsplatresults
in ahigh cutoff in thefrequeny domain.

Combiningsplat elds with scalardatais performedby adding
highfrequeng noiseto thesplat(seeFigure5). Theintensityof the
noiseaddedto the splatis proportionalto the mappedscalarvalue.
Theresultis denotedhs

(6)

in which is the high frequeng noisefunctionand is a
scalarattribute valueof the pointrepresentetly the splat.

G(X)
S()
splat
Rp() 5604
result
—_—
noise scaling

Figure5: Noiseaddedto splatfunction

A numberof issuegnustbetakeninto accountvhenimplement-
ing themethod:

The quantizationof a signal resultsin a maximum repre-
sentabldrequeng; denotedas  (gure 4). Graphicswork-
stationshave limited texture andscreerresolution.As a con-
sequencethe maximumfrequeng thatcanberepresentetly
theworkstationis determinedy theseresolutionsThis max-
imumfrequeng x esthevalueof in gure 4.



The usercan control the splatwidth by changing , which
x esthe  value. This resultsin the range which
canbeusedfor noise.If thisranges toosmall,thenoisemap-
ping cannotbe used.In ourimplementatiomoisemappingis
notusedif thevalueof islowerthan texels(=texturepix-
els).

Insteadof re-computing for every renderedsplat, our
implementationusesa databaseof 20 prede nedsplatsfor
varyingvaluesof . Thesplatwith theclosest ischoserto
berenderedA databaseof splatsis usefulto preventjittering
of texture when renderingsequencesf splat elds and for
increasedenderingperformance.

Consider gure 6 asanexampleof combininga splat eld with a
scalareld. Thedatasetis acollectionof pointswith two attributes.
Theseattributesarethe coordinatef positionson a regular grid.
Theleft imageshaws the positionsof thepoints. Themiddleimage
shavsthesplat eld usingarainbav color mapto denotethevalue
ofthe eld. Duetotheregularityofthe eld, thesplat eld isalmost
constanttthechosen value. In therightimage,the 'x'-attrib ute
of the datapointsis linked to the describednhoise mapping. The
resultis alinearincreaseof noiseintensityfrom left to right.

Figure6: Threeimagesof the syntheticregulargrid dataset. The
left imageshaws the point positions. The middleimageshaws the
splat eld andtherightimagecombineghesplat eld with anoise
texture.

4.3 Hardware Implementation

Graphicshardware can be usedto constructthe splat eld. This
canbeachieredby representinghe Gaussiarfunctionasatextured
polygonandrenderingthe polygonto anoff-screenbuffer with ad-
ditive blendingenabled.

Usingthegraphicshardwareto construciasplat eld introduces
aproblemcausedy thelimited depthof the framebuffer (often8
bits per pixel). In anoptimal rendering the maximumintensity of
thesplat eld would mapontothemaximumpixel value.However,
dueto the additive blendingof a unknavn numberof splats,the
maximumintensityof asplat eld is notknown in adwance.

We useanadaptve algorithmto achieve the nearoptimalinten-
sity mapping.Theideaof the algorithmis to scalethe intensity of
all splatssuchthatthe maximumintensityof the splat eld is close
to themaximumintensityof the framebuffer.

The algorithmis implementedby rst renderingthe splat eld
with anestimatedsplatintensityscaling. Thenthe maximuminten-
sity of therenderedsplat eld is determinedby scanninghe
framebuffer. Figure7 shavs how correspondso the frame
buffer intensities. Therearethreecases:

1. is lies in region R2. Region R2 are thoseintensities

thatare lessthanthe maximumintensity of the frame buffer

andgreaterthan80% of . In this case a sat-
isfactoryscalingis foundandthe algorithmterminates.

2. is liesin region R1. Increasehe splatintensityscaling
with

)

Thevalue s chosersuchthattheexpectedhen maximum

splat eld intensityis in themiddle of region R2. In this case,
re-rendethesplat eld with

3. is equalto
with

. Decreas¢he splatintensityscaling

®)

In this casere-rendetthesplat eld with

0.8FBmax FBmax

R1 ‘T\I

Figure 7: Relation betweenmaximum splat eld intensity and
framebuffer intensities.

Thedesiredscalingfactoris foundafterafew iterations.

5 Applications

5.1 Multidimensional Feature Spaces

For ary givenimage,afeatureis expressedsa -dimensionavec-
tor . For example, the brightnessof an
imagemaybenotedasa singlevalue,i.e., , whereasa color
histogrammay consistfor instanceof 128 values ie.,
Imagesimilarity modelsoften representanimageas a point in a
multidimensionaffeaturespacewheresimilarity of two imagesis
expressedy thedistancebetweertheir pointsin thefeaturespace.
A largersimilarity/dissimilaritycorrespond$o a smaller/lagerdis-
tanceof thepoints.

Multidimensionalscaling (MDS) can be beenusedto project
multidimensionakpacento a two-dimensionaplane,[1]. MDS
is aprojectiontechniquen which thediscrepang betweerthe dis-
tanceof two pointsin themultidimensionakpaceandtheprojected
planeis minimized.

Figure8: Theprojectedmagefeaturespacaepresentedsagraph
(left) andasplat eld (right).

We have usedsplat elds to interactizely gaininsightinto the
structureof featurespaces[10]. Figure 8 shavs two imagesof
the projectedmultidimensionalfeaturespace. The left image of
gure 8 shavs a graphin which a vertex representanimagefrom
ancollectionof imagesandanedgerepresentsimilarity between



two imagesbasedon the distancein the multidimensionafeature
space Thegraphshavs 200verticesand4007 (of the ) edges.
MDS hasbeenusedfor thelayout. The graphis very clutteredand
it is very dif cult to determinegroupingof images.

Theimageon theright shavs the splat eld asa coloredheight
eld. By usingthe heightmap,the symmetryin theimagecollec-
tion with regardto the usedfeaturesbecomesapparent.Also, the
locationandrelative sizesof the two main clustersof imagescan
easilybe detected.This informationis dif cult to obtainfrom the
discreterenderingof the layoutin theleft image.

Figure9: Zoominginto anregion of interestin the imagefeature
space.

Figure9 shavsadetailof ahighdensityareain thefeaturespace.
Now, the structurescanbe seenasa collectionof individual points
andsimilarity relationshipsn the vicinity of a particularpoint can
be obtained.The gure shavs mary peaksin the heightmapthat
representndividual images,anda few larger peaksthat represent
smallgroupsof very similarimages Zoomingin still furtherwould
resultin individual peaksfor all images.

5.2 IEEE Vis Citation Index

We have appliedGraphSplattingo theanalysisof theI[EEE Vis'™XX
citationindex. TheinputdatasetareBibTeX entriesof all papersn
theproceeding®f thelEEE Vis'XX conferenceandall references
betweempapersn this set. Thedatasetconsist672BibTeX entries
and1044referencesin additionto BibTeX information,the name
of the sessionthat the paperwas presentedn was collected;e.g.
o w visualizationrelatedpapersareusuallypresentedh thesession
named‘VectorFieldsandFlow Visualization”,etc.

A graphwasde ned in which verticesrepresenpapersandref-
erencesarerepresentedsedges. A springmassgraphlayout al-
gorithm was appliedto the graph,resultingin a layoutin which
referencingpapersareattractedo eachother while paperghatdo
notreferenceeachotherarerepelled.

Thegoalof thevisualizationwasto testthehypothesighattopics
in visualizationcouldbeidenti ed by usingreferencanformation.
The motivation of this hypothesisis that papersaboutone topic
oftenreferto otherpapersaboutthe sametopic.

Theleft imageof gure 10 shows the outputof the springmass
algorithm. As canbe seen,asidefrom the paperswhich are not
reference@nddo notreferencepapersthereis asinglecomponent

Figure10: All paperspublishedn IEEE Vis'XX conferencesThe
left imageshaws the graph. Small red discsrepresenpapersand
referencedetweenthe papersarerepresentedslines. The right
imageshaws the color codedsplat eld of thegraph.

in the graphwhich cannot be partitionedwithout breakingedges.
The numberof elementsn the graphis too large and clutteredto
getinsightinto the structureof the graph.

Theright imageof gure 10 shavsthesplat eld appliedto the
graph.A rainbav colormapis usedto shav thevalues:bluedenotes
low densitieswhile reddenotehigherdensitiesThesplat eld was
generatedtaresolutionof 512x512andthe splatsize wassetto
0.03wheretheunitis thetotal eld size.

Accordingto the hypothesis peakscanbe interpretedas visu-
alizationtopics. The higher peakscoincidewith papersthat are
relatedto topicsonwhich mary papersarewritten (coloredin red),
while lowerpeakgcoloredin greenandyellow) denotdesspopular
topics.

To validatethe hypothesiswe usedthe sessiomameasanin-
dicationof the topic to which a paperbelongs.The noisemapping
describedn sectionrefcombinewasusedto combinethe splatmap
with the informationaboutthe sessiomameof the paper The oc-
currenceof theword ~ ow' or “volume' in the sessiomamewas
linked asa booleanattribute to the noisemapping.In this way pa-
persin the mentionedsessionsvererenderedasnoisy splatswhile
otherswerenot. Theleft imageof gure 11useghenoisemapping
to shav papersthatwerepresentedn o w visualizationsessions.
Theright imageof gure 11 usesnoiseto shav papersthatwere
presentedn volumevisualizationsessions.

Figure11: Combiningthe IEEE Vis'XX splat eld with a texture
eld. Theleft imageusesnoiseto highlight paperselatedto o w
visualizationwhile the right imageusesnoiseto highlight papers
relatedto volumevisualization.

Two obserationscanbe madefrom thesevisualizations.First,
theimagesin gure 11 shav that noiseis limited to speci ¢ and
mostly disjoint regions. In both casesthe noise eld shows one



large region anda numberof smalleroutliers. Secondtheleft im-
ageshavsthatthereis astrongcorrelationbetweerregion of strong
noiseandtheredregionin the splat eld. In therightimagethere
is no maximumin thesplat eld in theregion of strongnoise.
Fromtheseobserationswe may deducehefollowing:

Sincethe noiseregionsaredisjoint, theassumptiorthatvisu-
alizationtopicscanbeidenti ed is valid.

In thecaseof o w visualizationpapersthereis a strongcor-
relationbetweerthenoise eld andthesplat eld. Forvolume
visualizationpaperssuchacorrelationis lessapparent.

The noise elds shav smallregions of outsidethe “primary
region”. Thereasorfor thisis thatthe o w papersn outlying
noiseregionsdo not have referenceso otherpapers.

Figure12illustratessplat eld zooming. Theleft imageshavs an
overview of the splat eld with aregion of interestwhich roughly
correspondgo the topic of o w visualization. The right image
shaws theregion of interestusingthe zoomingtechniquedescribed
in section4.1. Usinga smaller valueshaws thatthe large ow

visualizationregion consistsof threesmallerregions. Manualin-

spectiorof papersn theseregionsrevealedthatthesmallerregions
roughly correspondo paperselatedto the sub-topicsof o w tex-

ture, particletracing,and o w systems.

e

Figure12: Zoominginto anregion of interestin the IEEE Visual-
izationpaperssplat eld.

6 Discussion

GraphSplattinghaswvo advantagescomparedto the discreteren-
deringof thegraph: rst anoverview of arbitrarilylargegraphscan
be produced.Sincethe splat eld is constructecasanaggrgation
of basisfunctions,the numberof verticesdoesnot in uence the
amountof datato bevisualized. Secondthe visualizationof splat
elds presentslensityinformation,which is not easilyavailablein
discreterendering.

The usageof splat elds is basedon the assumptionthat the
densityof points, provided by the layout algorithm, is an impor-
tantcharacteristiof the graph. Theinterpretatiorof the splat eld
dependson the interpretationof this densityinformation. In the
caseof featurespacessplat elds were usedto gain insightinto
the structureof an imagecollectionin the multidimensionalfea-
ture space. Similarity relationshipsn the vicinity of a particular
pointin featurespacecanbe obtainedoy studyingthedensityof the
pointsin the projectedspace This informationcanusedby feature
developersto experimentwith featuredistributions and similarity
models.

In thecaseof thecitationindex, aspringmassgraphlayoutalgo-
rithm wasappliedto thegraph resultingin clusteringof paperghat
referto eachother The hypothesiss thatpapersn regionsof high

densityform visualizationtopics. Thesplat eld clearlyshavedthe
high densityregionsin theresultinglayout. However, sinceno sim-
ilarity informationis available,additionaltechniquesreneededo
verify thehypothesighatthe high densityregion wereindeedvisu-
alizationtopics.

Noisemappingwasusedto presentisecondangcalar eld. Our
experiencds thatthe noisemappingtechniquejn contrasto other
scalarrepresentationsuchiconic mappingsscalego large graphs
without cluttering.

7 Conclusion

GraphSplattingis techniquewhich transformsa graphinto a two-
dimensionalscalar eld. The scalar eld is renderedas a color
codedmap, a height eld, or a setof contours. Splat elds allow
for thevisualizationof arbitrarily large graphswithout cluttering.

Explorationis animportantaspecbf gaininginsightin structural
aspect®of thegraph. For this reasonthe analysisof a graphusing
splat elds shouldbedoneinteractiely. An implementatiorutiliz-
ing graphicshardvareandinteractve zoomingweredeveloped.By
varying the mappingparameterg andnoisemapping),the user
canchangetheinformationconveyed by the splat eld without ef-
fecting the layout of the data. BecauseGraphSplattingwrks on a
x ed layout, the methoddoesnot dependon costly layout algo-
rithms.

In this paperGraphSplattingwas appliedto graphs,however, it
canalsobe appliedto ary two dimensionalpoint collection. For
exampleit could be usedshav the samplingdensityfor irregular
samplediata.
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