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Abstract

This paper introducesGraphSplatting,a techniquewhich trans-
formsa graphinto a two-dimensionalscalar�eld. Thescalar�eld
canbe renderedasa color codedmap,a height �eld, or a setof
contours.Splat�elds allow for thevisualizationof arbitrarily large
graphswithout cluttering.They provide densityinformationwhich
canbeusedto determinethestructureof thegraph.

The construction,visualizationandinteractionwith splat�elds
is discussed.Two applicationsillustrateto usageof GraphSplatting.

CR Categories: I.3.3 [ComputerGraphics]:Picture/ImageGen-
erationI.3.6 [ComputerGraphics]:MethodologyandTechniques

Keywords: informationvisualization,graphvisualization,inter-
action

1 Intr oduction

The main problemof informationvisualizationis the mappingof
complex, non-spatial,abstractdataontoeffectivevisualforms.Re-
lational structures,consistingof a setof entitiesandrelationships
betweenthoseentities is an importantclassof suchdata. Such
structuresarecommonlymodeledasgraphs: the entitiesarever-
tices,andtherelationshipsaretheedges.A largenumberof graph
drawing algorithmshave beendevelopedthatpresentthe informa-
tion in a grapheffectively. Effective graphdrawings help theuser
to understandtheunderlyingabstractdata.

Graphdrawing algorithmsconsistof two steps:layoutandren-
dering. Graphlayout is concernedwith the placementof vertices
andedges,suchthatpropertiesof thegrapharespatiallyconveyed.
Graphlayoutalgorithmsarebasedonmany differentprinciplesand
show differentpropertiesof thegraph.For example,algorithmscan
minimizethenumberof edgecrossings,or canplaceverticessuch
thatstructureof thegraphcanbemadevisible. Graphrenderingis
concernedwith mappingvertex andedgepositionsonto graphical
objectsandrenderingtheseobjectson the display. Usually graph
drawing algorithmsusediscretegraphicalobjectsto representver-
tices and edges. Pointsor icons are usedfor the vertices,while
curvesareusedto representedges.

A key issuein graphdrawing is how to handlevery largegraphs.
Clutteringdueto thelargenumberof objectsto displayis veryhard
to avoid. Above a numberof verticesit becomesimpossibleto
displayall verticesandedgesusingdiscreteobjects.It will be im-
possibleto discernbetweenindividual graphicalobjectsand,asa
result,only partsof thegraphcanbedisplayedin a singleimage.

In this paperwe introduceGraphSplatting,a techniquethatrep-
resentsa graphasa 2D continuousscalar�eld. This scalar�eld is
calledasplat�eld . 2D scalar�eld visualizationtechniquesareused
to renderthesplat�eld; e.g.asheight�elds, contours,color maps,
etc. The utility of splat �elds is basedon the assumptionthat the
densityof pointsis anmeaningfulcharacteristicthechosenlayout
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of the graph. Splat �elds areusefulto rapidly gain a overview of
thecompletestructureof thegraph.

A splat�eld canbeusedin combinationwith othergraphrender-
ing methods.Splat�eld is usefulfor obtaininganoverview of the
dataand,after zoominginto a detail, they canbe combinedwith
discretegraphicalobjects. In addition,splat �elds canbe usedin
combinationwith a secondscalar�eld.

Thepaperis organizedasfollows: �rst we discussrelatedwork.
In section3 we give the detailsof the GraphSplattingtechnique.
We discusstheconstructionof thescalar�eld, andshow how this
�eld canbevisualized.In section4 we discussvarioustechniques
thatallow a userto exploredatausinga splat�eld. We show how
zooming into splat �elds can be realized,combiningsplat �elds
with texture �elds, andusegraphicshardware for fast splat �eld
construction.In section5 weillustrateGraphSplattingwith two ap-
plications. The �rst applicationis concernedwith the analysisof
structurein multidimensionalfeaturespaces.Thesecondapplica-
tion is the analysisof the citation index of IEEE Vis'XX papers.
Weshow thatGraphSplattingcanbeusedto identify topicsin visu-
alization.

2 Related work

Visualizationof graphdatais a well studiedsubject.Excellentsur-
veys of the layout andrenderingof large graphsin the context of
informationvisualizationcanbefoundin [4, 3].

Landscapevisualizationtechniqueshave beenusedfor text doc-
umentvisualization.Wise et al. developedtheThemeScapetech-
nique,which conveys informationabouttopicsin text documents,
[13]. ThemeScapesareabstract,three-dimensionallandscapesof
informationthatareconstructedfrom documentcorporawhichaug-
menta 2D landscapeof text with a heightdimensionshowing the
strengthof a themein a given region. Elevation depictstheme
strength,while otherfeaturesof theterrainmapsuchasvalleysand
peaksrepresentdetailedinterrelationshipsamongdocumentsand
their compositethemes.The authorsclaim that ThemeScapesare
usefulto rapidlygainasummaryof thecompletedocumentcorpus.

The work reportedin this paperwas inspiredby the research
summarizedabove. In contrastto otherapplicationdependenttech-
niques,GraphSplattingis generalpurposeandmakesuseof stan-
darddatavisualizationtechniquesfor renderingandinteraction.

We alsoaddressthe problemof combininga splat �eld with a
secondscalar�eld. In this way, densityinformationdepictedby
the splat �eld can be correlatedwith the information represented
by thesecondscalar�eld. Froma visualizationpoint of view, this
problemcan be regardedas simultaneouslyrenderingtwo scalar
�elds. Many researchershave addressedthis problem. For exam-
ple, Trumbo[9] andRobertsonet al. [7] have usedcolor schemes
for bivariatemappings.Also, combinationsof contoursandcolor
or combinationsof height�elds andcolor arepossible.S.Smithet
al. andWeigleet al. have usediconographicdisplaysfor thevisu-
alizationof multidimensionaldata[8, 12]. VanWijk exploredthe
usageof spotnoiseto generatetexturepatternsto representanun-



derlying�o w �eld [11]. Ourapproachis to makeuseof thespectral
propertiesof thesplat�eld. A splat�eld is shown to berestricted
to low frequencies,allowing us to usethe high frequenciesto en-
codea secondscalar�eld asa texture. Krueger appliedthe same
principlesto generaterealisticsurfacetexturesin thecontext of ray
tracing[5]. Also, theapproachis in line with recentwork in pattern
recognition,in whichimagemodelsarede�nedbasedonperceptual
properties[6]. Theclaim is that”periodicity”, ”directionality”, and
”randomness”,arethe threemostimportantdimensionsof human
textureperception.

Thezoomingandhardwareacceleratedtechniquesarebasedon
thosefor interactiveexplorationin 2D vector�elds usingspotnoise
textures,[2].

3 GraphSplatting

GraphSplattingis a techniquethat transformsa graphinto a con-
tinuous�eld. A centralassumptionis that the densityof vertices
is an important characteristicof layout usedthe graph. Layout
techniquessuchas spring massand other edgelengthminimiza-
tion techniqueshave this property. Splattingis usedto projecteach
vertex of the grapha onto a two-dimensionalscalar�eld usinga
splattingfunction. Insteadof showing the individual vertices,the
continuousvariationin densityis shown. Eachvertex contributes
to the�eld with atwo-dimensionalGaussianshapedbasisfunction.
Theresulting�eld is obtainedby addingall thecontributions.This
�eld is calledthesplat�eld .

Figure1 illustratesthe mappingprimitive. The �gure shows a
crosssectionof the Gaussiansplattingfunction. Thewidth of the
Gaussian( � in �gure 1) determinesthe 'smoothness'of thesplat
�eld. A largevalueof � will resultin smoothingout thedetailsof
the graph. Using a small valuefor � will result in moredetail of
the graph. In the limit case���

�

, the splat �eld shows vertices
asimpulses. � is a globalparameterwhich canbechangedby the
user.
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Figure1: A crosssectionof theGaussiansplat.

GraphSplattingin itself is not intrinsically 2D, theequationsfor
thesplatscouldbeeasilyextendedto 3D. We choose2D �elds be-
causethe visualizationof and interactionwith 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-
structedby summingthecontributionsof individual2D basisfunc-
tions:
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in which x ����������	 is a positionin the splat �eld. Eachbasis
functionis modeledasa normalizedGaussianfunction:
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A propertyof the usedGaussianis that its integral is equalto 1
irrespective of the � ; i.e. -
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. The basisfunction
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is de�ned by placing the centerof the Gaussianat the vertex
position 2
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The implementationof the splat �eld is doneon a grid with a
usercontrolledresolution.TheGaussianfunctionsarediscretized
andaddedto thecellsin thegrid. Thecontribution of eachsplatto
a pixel in the grid is estimatedby usingthe distancebetweenthe
vertex positionand the centerof the pixel. High resolutiongrids
give a betterrepresentationof the splat �eld, however they take
longerto compute.Section4.3discussesan implementationusing
graphicshardwareacceleration.

Figure2 illustrateshow splat�elds canbeused.The left image
shows40verticesof agraph(theedgesarenotshown). Themiddle
andright imagegivesvaryingsplat�eld representationsof thepoint
collection.Both imagesusea differentvalueof � . Theright image
usesa larger � resultinga smoothersplat �eld. � is a parameter
providing the usera meansto make a trade-off betweena global
overview of thestructureof thedata(right image)or moredetailof
thedata(middle image).Theoverlappingof splatscausesclusters
of pointsto show up asa singlemaximumin the splat �eld. The
mappingto grayvalueof thesplat�elds in bothimagesis suchthat
zeromapsto white andthehighestvaluein the�eld to black.

Figure2: Visualizationof a splat �eld. The left imageshow the
layoutof 40vertices.Themiddleandright imagesshowstwo splat-
�elds with varying � values.

3.2 Splat �eld visualization

Standardvisualizationtechniquescanbeusedto visualizethefunc-
tion � . AlthoughtheGraphSplattingtechniqueconstructsa con-
tinuousscalar�eld, it is importantto realizethattheunderlyingdata
is a graph.As such,thesplat�eld is oftencombinedwith discrete
representationsof theoriginal data.Thesediscreterepresentations
canberenderedon topof thesplat�eld.

Threestandarddatavisualizationtechniquescanbe usedto vi-
sualizethesplat�eld :

= Color coding. A two dimensionalview of the �eld in which
thevalueis shown usingcoloris usefulfor interaction.Differ-
entcolor codingcanbeused(for theblackandwhite images
in this paperthe value was mappedto the gray level. For
thecolor platesa color codingwasused.).By combiningthe
splat�eld with adiscreterepresentationof thegraph,interac-
tion with individual verticescanberealized.Point-and-click
of verticesto getadditionalinformation,dragginga vertex to
anew position,etc,areinteractionsthatarebestperformedin
2D.

= Height map. A threedimensionalheightmapof the �eld is
valuableto show themainstructureof the�eld. A drawback
of a heightmapis that interactionis dif�cult. For example,



pickingverticesor speci�cationof aregionis dif�cult in three
dimensions.

= Isovaluecontours.Contourscanbeusedto show theboundary
of speci�c clusters.A contouris alsousefulasa criterion to
selectall dataitemswithin theregionboundedby thecontour.

4 Interacting with Splat �elds

4.1 Splat Field Zooming

For largedatasetsnotall detailscanbediscernedin theconstructed
splat�eld. Thiswill bethecasewhenevenfor verysmallvaluesof

� adjacentsplatswill overlap.
However, the � parameterin conjunctionwith asmallerregionof

interestdoesprovide a naturalinterfaceto zooming. � is automat-
ically adjustedwhile theuserzoomsinto a new region of interest.
This is realizedby maintaininga constantratio between� andthe
sizeof theregionof interestduringzooming;i.e.
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in which
� �����

denotesthesizeof theregionof interest.This ratio
shows thatwhen
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is decreased,then � decreasesproportion-
ally.

Figure3 illustrateszooming.Thesplat�eld in left imagegives
an overview of an arti�cially generateddataset. The left image
show two clusters.Themiddleandright imageillustrateszooming
into regionsof interest,which areindicatedwith a boundingbox.
The middle imageshows that the clusterconsistsof threesmaller
clusters,andtheright imageshows theinternalstructureof oneof
thesmallerclusters.

Figure3: Splat �eld zooming. Left: splat �eld of all data. The
region of interestis shown asa dashedboundingbox. Middle: �rst
level zooming.Right: secondlevel zooming.

4.2 Combining Splat �elds with Texture Fields

In section3 theconstructionof a splat�eld asthesumof contribu-
tionsof Gaussianbasesfunctions(seeequation1) wasdiscussed.A
propertyof aGaussianfunctionis thatit is limited in thefrequency
domain. Thesumof Gaussianfunctionswill have thesamespec-
tral propertiesas a single Gaussianfunction. As a consequence,
the spectrumof the splat �eld is restrictedto the lower frequen-
cies.This propertyis usedto maptheadditionalscalar�eld. More
speci�cally, theremaininghigherfrequenciesareusedfor a texture
thatrepresentstheadditionalscalardata.

Therearemany choicesfor thesignalusedto representthead-
ditional scalardata. The choicewe have madeis to usehigh fre-
quency noiseof varying intensitywhich is addedto the intensity
of the individual splats.Although any signalcanbe used,regular
signalsmaysuffer from interferencebetweenoverlappingsplats.

The organizationof the frequency domainis illustratedin �g-
ure 4. It shows how the frequency domainis organizedinto low

w0 w1

splat field noise

w

Figure 4: Organizationof 1D frequency domainusagefor splat
�elds andnoise.

frequenciesfor the splat �eld andhigh frequenciesfor the noise.
Thelow frequenciesareboundedby ��� . Therangeof thehigh fre-
quenciesavailableto mapthesecondscalar�eld is � � � ���

��� . �

� is
a upperbounddeterminedby theresolutionof thesignalrepresen-
tation.

We now discusscombiningsplat �elds with additional scalar
datamoreformally. TheFouriertransform� ��� 	 of thenormalized
Gaussian(equation2) is formulatedas:
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in which �
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and � is a 2D frequency vector. A largesplatin
thespatialdomain(i.e. high valueof � ) resultsin a low cut off in
thefrequency domain(i.e. low �

� ). Similarly, a smallsplatresults
in a high cutoff in thefrequency domain.

Combiningsplat�elds with scalardatais performedby adding
highfrequency noiseto thesplat(seeFigure5). Theintensityof the
noiseaddedto thesplatis proportionalto themappedscalarvalue.
Theresultis denotedas
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in which #&% ����	 is the high frequency noisefunction and �'" is a
scalarattributevalueof thepoint representedby thesplat.

splat

noise scaling

result

G(x)

Rh(x)

S(x)

saG(x)

+

Figure5: Noiseaddedto splatfunction

A numberof issuesmustbetakeninto accountwhenimplement-
ing themethod:

= The quantizationof a signal results in a maximum repre-
sentablefrequency; denotedas �

� (�gure 4). Graphicswork-
stationshave limited textureandscreenresolution.As a con-
sequence,themaximumfrequency thatcanberepresentedby
theworkstationis determinedby theseresolutions.Thismax-
imumfrequency �x esthevalueof �

� in �gure 4.



= The usercan control the splat width by changing � , which
�x esthe � � value. This resultsin the range � � � � �

� � which
canbeusedfor noise.If thisrangeis toosmall,thenoisemap-
ping cannotbeused.In our implementationnoisemappingis
notusedif thevalueof � is lower than

�

texels(=texturepix-
els).

= Insteadof re-computing
�

���
	 for every renderedsplat, our
implementationusesa databaseof 20 prede�nedsplatsfor
varyingvaluesof ��" . Thesplatwith theclosest�'" is chosento
berendered.A databaseof splatsis usefulto preventjittering
of texture when renderingsequencesof splat �elds and for
increasedrenderingperformance.

Consider�gure 6 asan exampleof combininga splat�eld with a
scalar�eld. Thedatasetis acollectionof pointswith two attributes.
Theseattributesarethecoordinatesof positionson a regulargrid.
Theleft imageshows thepositionsof thepoints.Themiddleimage
shows thesplat�eld usinga rainbow colormapto denotethevalue
of the�eld. Dueto theregularityof the�eld, thesplat�eld isalmost
constantat thechosen� value. In theright image,the'x'-attrib ute
of the datapoints is linked to the describednoisemapping. The
resultis a linearincreaseof noiseintensityfrom left to right.

Figure6: Threeimagesof thesyntheticregulargrid dataset. The
left imageshows thepoint positions.Themiddle imageshows the
splat�eld andtheright imagecombinesthesplat�eld with a noise
texture.

4.3 Hardware Implementation

Graphicshardware can be usedto constructthe splat �eld. This
canbeachievedby representingtheGaussianfunctionasatextured
polygonandrenderingthepolygonto anoff-screenbuffer with ad-
ditive blendingenabled.

Usingthegraphicshardwareto constructa splat�eld introduces
a problemcausedby thelimited depthof theframebuffer (often8
bits perpixel). In anoptimal rendering,themaximumintensityof
thesplat�eld wouldmapontothemaximumpixel value.However,
due to the additive blendingof a unknown numberof splats,the
maximumintensityof a splat�eld is not known in advance.

We useanadaptive algorithmto achieve thenearoptimal inten-
sity mapping.Theideaof thealgorithmis to scaletheintensityof
all splatssuchthatthemaximumintensityof thesplat�eld is close
to themaximumintensityof theframebuffer.

The algorithmis implementedby �rst renderingthe splat �eld
with anestimatedsplatintensityscaling.Thenthemaximuminten-
sity ���
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of therenderedsplat�eld is determinedby scanningthe
framebuffer. Figure7 shows how �
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correspondsto the frame
buffer intensities.Therearethreecases:

1. ���
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is lies in region R2. Region R2 are thoseintensities
thatarelessthanthemaximumintensityof the framebuffer
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andgreaterthan80%of
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. In this case,a sat-
isfactoryscalingis foundandthealgorithmterminates.

2. � � "
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is lies in region R1. Increasethesplatintensityscaling
with
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Thevalue
��� �

is chosensuchthattheexpectednew maximum
splat�eld intensityis in themiddleof regionR2. In thiscase,
re-renderthesplat�eld with
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is equalto
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. Decreasethesplatintensityscaling
with
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In thiscase,re-renderthesplat�eld with
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Figure 7: Relation betweenmaximum splat �eld intensity and
framebuffer intensities.

Thedesiredscalingfactoris foundaftera few iterations.

5 Applications

5.1 Multidimensional Feature Spaces

For any givenimage,afeatureis expressedasa  -dimensionalvec-
tor
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��& . For example, the brightnessof an
imagemaybenotedasa singlevalue,i.e.,  ��

 

, whereasa color
histogrammay consistfor instanceof 128 values,i.e.,  �
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Imagesimilarity modelsoften representan imageasa point in a
multidimensionalfeaturespacewheresimilarity of two imagesis
expressedby thedistancebetweentheirpointsin thefeaturespace.
A largersimilarity/dissimilaritycorrespondsto asmaller/largerdis-
tanceof thepoints.

Multidimensionalscaling (MDS) can be beenusedto project
multidimensionalspacesontoa two-dimensionalplane,[1]. MDS
is aprojectiontechniquein which thediscrepancy betweenthedis-
tanceof two pointsin themultidimensionalspaceandtheprojected
planeis minimized.

Figure8: Theprojectedimagefeaturespacerepresentedasa graph
(left) anda splat�eld (right).

We have usedsplat �elds to interactively gain insight into the
structureof featurespaces,[10]. Figure 8 shows two imagesof
the projectedmultidimensionalfeaturespace. The left imageof
�gure 8 shows a graphin which a vertex representsanimagefrom
ancollectionof images,andanedgerepresentssimilarity between



two imagesbasedon the distancein the multidimensionalfeature
space.Thegraphshows200verticesand4007(of the

� � �

! ) edges.
MDS hasbeenusedfor thelayout. Thegraphis very clutteredand
it is verydif�cult to determinegroupingof images.

Theimageon theright shows thesplat�eld asa coloredheight
�eld. By usingtheheightmap,thesymmetryin the imagecollec-
tion with regardto theusedfeaturesbecomesapparent.Also, the
locationandrelative sizesof the two main clustersof imagescan
easilybedetected.This informationis dif�cult to obtainfrom the
discreterenderingof thelayoutin theleft image.

Figure9: Zoominginto an region of interestin the imagefeature
space.

Figure9 showsadetailof ahighdensityareain thefeaturespace.
Now, thestructurescanbeseenasa collectionof individual points
andsimilarity relationshipsin thevicinity of a particularpoint can
be obtained.The �gure shows many peaksin the heightmapthat
representindividual images,anda few larger peaksthat represent
smallgroupsof verysimilar images.Zoomingin still furtherwould
resultin individualpeaksfor all images.

5.2 IEEE Vis Citation Index

WehaveappliedGraphSplattingto theanalysisof theIEEEVis'XX
citationindex. TheinputdatasetareBibTeX entriesof all papersin
theproceedingsof theIEEEVis'XX conferencesandall references
betweenpapersin thisset.Thedatasetconsists672BibTeX entries
and1044references.In additionto BibTeX information,thename
of the sessionthat the paperwaspresentedin wascollected;e.g.
�o w visualizationrelatedpapersareusuallypresentedin thesession
named“VectorFieldsandFlow Visualization”,etc.

A graphwasde�ned in which verticesrepresentpapersandref-
erencesarerepresentedasedges.A springmassgraphlayout al-
gorithm was appliedto the graph,resultingin a layout in which
referencingpapersareattractedto eachother, while papersthatdo
not referenceeachotherarerepelled.

Thegoalof thevisualizationwasto testthehypothesisthattopics
in visualizationcouldbeidenti�ed by usingreferenceinformation.
The motivation of this hypothesisis that papersaboutone topic
oftenreferto otherpapersaboutthesametopic.

Theleft imageof �gure 10 shows theoutputof thespringmass
algorithm. As can be seen,asidefrom the paperswhich are not
referencedanddonotreferencepapers,thereis asinglecomponent

Figure10: All paperspublishedin IEEE Vis'XX conferences.The
left imageshows the graph. Small red discsrepresentpapersand
referencesbetweenthe papersarerepresentedaslines. The right
imageshows thecolorcodedsplat�eld of thegraph.

in thegraphwhich cannot bepartitionedwithout breakingedges.
The numberof elementsin the graphis too large andclutteredto
getinsightinto thestructureof thegraph.

Theright imageof �gure 10 shows thesplat�eld appliedto the
graph.A rainbow colormapisusedtoshow thevalues:bluedenotes
low densities,while reddenotehigherdensities.Thesplat�eld was
generatedata resolutionof 512x512andthesplatsize � wassetto
0.03wheretheunit is thetotal �eld size.

Accordingto the hypothesis,peakscanbe interpretedasvisu-
alization topics. The higher peakscoincidewith papersthat are
relatedto topicsonwhichmany papersarewritten (coloredin red),
while lowerpeaks(coloredin greenandyellow) denotelesspopular
topics.

To validatethe hypothesis,we usedthe sessionnameasan in-
dicationof thetopic to which a paperbelongs.Thenoisemapping
describedin sectionrefcombinewasusedto combinethesplatmap
with theinformationaboutthesessionnameof thepaper. Theoc-
currenceof the word `�o w' or `volume' in the sessionnamewas
linkedasa booleanattributeto thenoisemapping.In this way pa-
persin thementionedsessionswererenderedasnoisysplatswhile
otherswerenot. Theleft imageof �gure 11usesthenoisemapping
to show papersthatwerepresentedin �o w visualizationsessions.
The right imageof �gure 11 usesnoiseto show papersthat were
presentedin volumevisualizationsessions.

Figure11: Combiningthe IEEE Vis'XX splat �eld with a texture
�eld. The left imageusesnoiseto highlight papersrelatedto �o w
visualizationwhile the right imageusesnoiseto highlight papers
relatedto volumevisualization.

Two observationscanbemadefrom thesevisualizations.First,
the imagesin �gure 11 show that noiseis limited to speci�c and
mostly disjoint regions. In both cases,the noise�eld shows one



largeregion anda numberof smalleroutliers.Second,theleft im-
ageshowsthatthereis astrongcorrelationbetweenregionof strong
noiseandtheredregion in thesplat�eld. In theright imagethere
is nomaximumin thesplat�eld in theregionof strongnoise.

Fromtheseobservationswe maydeducethefollowing:

= Sincethenoiseregionsaredisjoint, theassumptionthatvisu-
alizationtopicscanbeidenti�ed is valid.

= In thecaseof �o w visualizationpapers,thereis a strongcor-
relationbetweenthenoise�eld andthesplat�eld. For volume
visualizationpapers,suchacorrelationis lessapparent.

= The noise�elds show small regionsof outsidethe “primary
region”. Thereasonfor this is thatthe�o w papersin outlying
noiseregionsdonot have referencesto otherpapers.

Figure12 illustratessplat�eld zooming.The left imageshows an
overview of thesplat�eld with a region of interestwhich roughly
correspondsto the topic of �o w visualization. The right image
shows theregionof interestusingthezoomingtechniquedescribed
in section4.1. Using a smaller � valueshows that the large �o w
visualizationregion consistsof threesmallerregions. Manualin-
spectionof papersin theseregionsrevealedthatthesmallerregions
roughlycorrespondto papersrelatedto thesub-topicsof �o w tex-
ture,particletracing,and�o w systems.

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

6 Discussion

GraphSplattinghastwo advantagescomparedto the discreteren-
deringof thegraph:�rst anoverview of arbitrarily largegraphscan
beproduced.Sincethesplat�eld is constructedasanaggregation
of basisfunctions,the numberof verticesdoesnot in�uence the
amountof datato bevisualized.Second,thevisualizationof splat
�elds presentsdensityinformation,which is not easilyavailablein
discreterendering.

The usageof splat �elds is basedon the assumptionthat the
densityof points,provided by the layout algorithm, is an impor-
tantcharacteristicof thegraph.Theinterpretationof thesplat�eld
dependson the interpretationof this density information. In the
caseof featurespaces,splat �elds wereusedto gain insight into
the structureof an imagecollection in the multidimensionalfea-
ture space. Similarity relationshipsin the vicinity of a particular
point in featurespacecanbeobtainedby studyingthedensityof the
pointsin theprojectedspace.This informationcanusedby feature
developersto experimentwith featuredistributionsandsimilarity
models.

In thecaseof thecitationindex, aspringmassgraphlayoutalgo-
rithm wasappliedto thegraph,resultingin clusteringof papersthat
referto eachother. Thehypothesisis thatpapersin regionsof high

densityform visualizationtopics.Thesplat�eld clearlyshowedthe
highdensityregionsin theresultinglayout.However, sincenosim-
ilarity informationis available,additionaltechniquesareneededto
verify thehypothesisthatthehighdensityregionwereindeedvisu-
alizationtopics.

Noisemappingwasusedto presentasecondaryscalar�eld. Our
experienceis thatthenoisemappingtechnique,in contrastto other
scalarrepresentationssuchiconic mappings,scalesto largegraphs
without cluttering.

7 Conc lusion

GraphSplattingisa 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 largegraphswithout cluttering.

Explorationis animportantaspectof gaininginsightin structural
aspectsof thegraph.For this reason,theanalysisof a graphusing
splat�elds shouldbedoneinteractively. An implementationutiliz-
ing graphicshardwareandinteractivezoomingweredeveloped.By
varying the mappingparameters( � andnoisemapping),the user
canchangetheinformationconveyedby thesplat�eld without ef-
fecting the layout of the data. BecauseGraphSplattingworks on a
�x ed layout, the methoddoesnot dependon costly layout algo-
rithms.

In this paperGraphSplattingwasappliedto graphs,however, it
canalsobe appliedto any two dimensionalpoint collection. For
exampleit could be usedshow the samplingdensityfor irregular
sampleddata.
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