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ABSTRACT

This paperpresentanalgorithmfor drawing a sequencef graphs
thatcontainaninherentgroupingof their vertex setinto clusters.lt

differs from previous work on dynamicgraphdrawing in the em-
phasighatis putonmaintainingtheclusteredstructureof thegraph
duringincrementalayout. The algorithmworks onlineandallows

arbitrary modi cations to the graph. It is genericand canbeim-

plementedisinga wide rangeof staticforce-directedyraphlayout
tools. The paperintroducesseveral metricsfor measuringayout
quality of dynamicclusteredgraphs. The performanceof our al-

gorithmis analyzedusingthesemetrics. The algorithm hasbeen
successfullyappliedto visualizingmobile objectsoftware.

CR Categories: 1.3.8 [Computer graphics]: Applica-
tions; H.4.3 [Information systemsapplications]: Communica-
tions applications—InformatiorbrowsersH.5.2 [Information in-
terfacesand presentation]: User Interfaces—Graphicalser in-
terfacesC.2.4 [Computercommunicationnetworks]: Distributed
systems—Distribtedapplications

Keywords: graphdrawing, dynamiclayout, mobile objects soft-
warevisualization

1 INTRODUCTION

Graphsareanimportantdatastructurefor describingrelationships
betweenobjects(e.g.,[7, 10]). The needto draw (i.e. layoud
graphsappearsn mary applicationsandassuch,is anactive area
of researchn informationvisualization[16]. In clusteredgraphs,
the verticesare divided betweena setof componentsalled clus-
ters, which form a partition of the vertex set.In someapplications,
the graphsareinherentlyclustered4]. In othercasesgclustering
hasbeensuccessfullyusedin orderto aid in the visualizationof
graphg32].

Marny applicationgequiretheability of dynamicgraphdrawing,
i.e.,theability of modifyingthegraph[23, 9, 3]. Differenttypesof
graphmodi cations may be performed: addingverticesand clus-
ters,moving verticesbetweenclusters,remaoving edgesetc. The
challengein dynamicgraphdrawing is to computea new layout
thatis both aestheticallypleasingasit standsand ts well into the
sequencef drawings of the evolving graph. The latter criterion
hasbeentermedpreservinghe mentalmap[22] or dynamicstabil-
ity [23]. A shortanimationsequenceshaving incrementalayouts
of clusteredgraphscomputeddy ouralgorithmis shavnin Figurel.
In this dynamicscenarioyerticesmove betweerclustersandthus
thesizeof clusterschangeedgesareadded andclustersareadded
andremoved. Yet, therelative locationsof the clustersandthever-
ticesare presered, while allowing changesn the size of clusters
whendeemecdecessary
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Figure 1: Snapshotsfrom an animation sequence

One eld in which clusteredgraphsariseis software visual-
ization, and in particular visualizationof mobile object frame-
works[17, 6, 21]. Suchframavorks extendthe distributedobjects
concepf24, 26] in allowing the objectsto migrateto remotehosts,
alongwith their stateandbehaior, while the applicationis execut-
ing (in orderto speedupinteraction).

In theseframeaworks, the notion of a dynamicclusteredgraph
arisesquite naturally Every objectis representedby a vertex in
the graph. A machineis representedsa clusterthat containsthe
objectscurrentlyresidingin it. The areaoccupiedby a clusteris
usedasavisualclueto theuserregardingthenumberof objectslo-
catedin themachinerepresentelly thecluster Naturally, thegraph
beingvisualizedevolveswith time, asobjectsmigratebetweerma-
chinesandmachinesonnectnddisconnecfrom thenetwork. Our
algorithmhasbeendesignedo shav theseinteractions.

The generalproblemof drawing graphs.e.qg.,assigningcoordi-
natesto graphvertices,edgesandotherelementshasbeenexten-
sively studied[27, 20, 8]. Onepopulartechniqueis force-directed
layout, which usesphysical analogiesin orderto corverge to an
aestheticallypleasingdrawing [2, 27, 19]. Drawing non-pointver-
tices using this approachis discussedn [13, 5, 15]. Extending
force-directedalgorithmsfor drawing large graphsis discussed
in [14,29].

Work on clusteredgraphdrawing is lesswidespread.In [30],
a divide and conquerapproach,n which eachclusteris laid out
separatelyandthenthe clustersarecomposedo form thegraph,is
used.In [11], amethodof drawing the clusteringhierarchieof the
graphusingdifferentZ coordinatesn a 3D view is discussedSee



(a) Force-directedhon-incrementaiyout

(b) Ourincrementalayout

Figure 2: Incremental vs. non-incremental layout (from left to right)

also[4, 1] for adiscussiorof clusterecandcompoundyraphlayout.

Incrementaldraving of directed agyclic graphsis discussed
in [23], which usesa modi cation of the Sugiyamaalgorithm[25]
in orderto draw ranked digraphs.An algorithmfor computingthe
layout of a sequencef graphsofine is describedn [9]. Theal-
gorithmis basedon using differentadjustmensstrat@iesin order
to computethe new layout. The DA-TU systemdescribedn [18]
allows navigatingandinteractively clusteringhugegraphs Finally,
somecommercialgraphlayout packagesuchas[28, 31] contain
provisionsfor dynamiclayoutof graphs.As far aswe know, none
of the above wasdesignedo handleincrementaldraving of clus-
teredgraphs.

In this paperwe proposea new algorithmfor onlineincremental
layoutof clusteredgraphs.The algorithmdoesnot imposerestric-
tions on the structureof the graph. It allows draving of edgesnot
only betweenverticesbut also betweenclusters,which is usedto
corvey informationto the user Thealgorithmprovidesa meansof
separatinghe setof verticesin eachclusterto a subsebf vertices
thatstayin thesameclusterandasubsebf verticeshatmightmove
to adifferentcluster Thelayoutof theverticesinsidethe clusteris
in uencedby this separation.

The major designconsideratiorof our algorithmis preserving
the mentalmap while the graphis beingupdated. We show that
force directedlayouttechniqueg2, 27, 19] canbe usedasa basic
building block. However, they cannotbeusedasis, asdemonstrated
in Figure 2(a), whereclustersand verticesmove considerablybe-
tweensuccessie dravings. We proposea few enhancementt
existing algorithmsin orderto presere the mentalmap,asshovn
in Figure2(b), whereonly smallvariationsin clusterlocationand
sizeareexhibited. Also notethe stability of the verticesinsidethe
clustersasopposedo the non-incrementaiayout.

A key considerationin designingalgorithmsis the desirable
propertiesof the results. This paperproposesseveral criteria for
evaluatingthe quality of dynamicclusteredgraphs. They include
spacecompactnessninimization of the changesetweenframes
andrun-time efciency. We demonstratehat our algorithm per
formswell accordingto theseproperties.Moreover, we shaw that
this is the casewhenconsideringa softwarevisualizationapplica-
tion.

Therestof this paperis structuredasfollows. Section2 de nes
the problem. Section3 describeghe algorithm. A software visu-
alizationapplicationis presentedn Section4. Finally, Section5
concludesanddiscusse$uturedirections.

2 PROBLEM STATEMENT

This sectionde nes clusteredgraphsand possiblegraphupdates.
It alsodiscussegriteria by which the quality and stability of the
layoutis evaluated.

De nition 2.1 Partition: Ak-wa)épartition of asetCis afamily of
subsetdCy;Cy;:::;Cy) sudthat K ; G = CandGi\ Cj = 0for
i6j.

De nition 2.2 ClusteredGraph: A clusteed graphis an ordered
quadrupleG = (V;C;Ey; Ec), wherV isthevertex set,C is a setof
clustes which form a partition of the vertex setV, Ey is the setof
vertex-vertx edgesEy (vi;v))ji & j;vi;vi 2V andEg isthe
setof clusterclusteredgesEc (G;Cyii 6 j;GC;Cj2C .

wherel,; is a drawing of G;j, suchthatthe setsV;, G, Ey;, E are
assignedoordinatesSincethesequencef graphsG; is notknown
in advance,the algorithmis an online algorithm. The updatedJ;
that can be performedbetweensuccessie elementsG; ; and G
are: Adding or removing verticesedgesor clustersandmodifying
the partition of verticesinto clusters(i.e. moving verticesbetween
clusters).

A key issuein incrementalgraphdrawing is the stability of the
layouts[22, 23]. This is importantsincea userlooking at a graph
drawing graduallybecomegamiliar with the structureof thegraph.
We proposethe following criteria for evaluatingthe quality of the
layout:

1. The movement of clusters between successie drawings
shouldbe small. Speci cally, clustersthatare not modi ed
shouldremainin their previous positionif possible.

2. The changein the size of clustershetweensuccessie draw-
ings shouldbe minimal, whenthe numberof verticesin the
clusteris similar.

3. Movementof verticesinsidea clustershouldbe minimized.

4. Thesizeof eachclusterC; shouldbe proportionalto the num-
berof verticesit contains.



5. Thedrawing of eachclusterC; shouldbecompact.

6. Overlappingbetweerverticesshouldbe avoidedandoverlap-
ping betweerclusterboundarieshouldbe minimal.

Our applicationto software visualizationaddsan additional re-
quirement.Theverticesin eachclusteraredividedinto two subsets,
staticobjectsthatremainat the sameclusterthroughouthe anima-
tion andmovableobjects.This shouldbecomevisually apparent.

Note that thereare classicalaestheticcriteria suchasthe num-
ber of edgecrossingsthe total edgelength, etc. which we ignore
here.However, theunderlyingstaticalgorithmusedaddressethese
criteria.

3 THE ALGORITHM

asmuchaspossibleto the criteriadiscussedn Section2. A pos-
sible approachs to develop anincrementaklgorithmfor draving
clusteredgraphsfrom the groundup. A differentapproachwhich
we have pursuedis to useanexisting non-incrementagraphlayout
algorithmasa basicblock, andbuild the incrementalayout capa-
bility ontop.

Among the different classesof graphdrawing algorithms,the
forcedirectedalgorithmclassseemso bethe naturalchoicein our
cas€[2, 27,19,7, 10]. Roughlyspeakingthis approactsimulates
a systemof forcesde ned on the input graphand outputsa local
minimum enegy con guration. An edgeis simulatedby a spring
connectingits endpointvertices. Edgelengthin uences the opti-
mal spring length and edgeweight determinests stiffness. The
algorithm convergestowardsa minimum enegy position, starting
from aninitial placemenbf the vertices.In our casethe previous
layout,L; 1, canbe usedasa startingpositionfor the new layout,
Li. Extendinga force directedalgorithmto perform a layout of
clusteredyraphsis discussedn Section3.2.

Ouralgorithm'srequirementérom theunderlyingforce-directed
staticlayoutalgorithmarethatthereexist waysto assigninitial co-
ordinatedo vertices to restricttheir movementto setedgelengths
andto add supportfor draving clusters. Sincelittle assumptions
aremaderegardingthe underlyinglayoutalgorithm,awide variety
of existinglayouttoolscanbeused.As such,ouralgorithmcanadd
incrementalayoutcapabilitiesto mostexisting packages.

In ourimplementatiorwe usethe Graph\Mz graphdrawing pack-
age[12] andits force directedlayout componentNeato[13, 19].
Neatoavoidsoverlapsbetweenverticesandallows settingpreferred
edgelengthsand weights. It also allows pinning down vertices.
Pinnedverticesare not moved while the algorithm corvergesby
moving verticesaccordingto the forcesactingon them. However,
Neatoneithersupportslusteredgraphanor doesit supportcontrol-
ling the repulsive forcesbetweenvertices. Thesede cienciesare
addressedly our algorithm,aswill bedescribechext.

We adoptthe propositionmadein [23] that vertex stability is
more crucial thanedgestability. Speci cally, we preferchanging
edgelengthsratherthan moving vertices. Moreover, in our case,
clusterstability is moresigni cant thanvertex stability. Thus,our
algorithmutilizesthefollowing key ideas.

First, dummy verticesand edgesare usedin orderto createa
clusteredstructure.Sinceclustersaretreatedasvertices their mo-
tion canbe controlled. Second,nvisible place-holdewerticesare
usedin orderto minimize the movementof clustersand of ver
ticeswithin clusters.This is donewhile maintainingcompactness
andkeepingthe size of the clustersproportionalto the numberof
verticesthey contain. Third, edgelengthandweight are usedas
a meansof controlling the changesnadeto the layout. Fourth, to
achieve both dynamicstability anddistinguishbetweenstableand
movablevertices the setof verticesis partitionedinto two sub-sets

— stableandmovable. The subsetsarelaid out in a structurethat
approximateswo concentriccirclesaroundthe centerof the clus-
ter. Staticobjectsareplacedin theinnercircle andmovableobjects
in theouterone.

Theseideasareelaboratedn this section.After outlining theal-
gorithm,variousphaseandaspectof the algorithmarediscussed
in detail,includingclustersupportminimizationof visualchanges,
andanimationf graphupdates.

3.1 Overview

To computeayoutL,;, only thelastlayout,L; 1, andthenew graph
thatneeddo belaid out, G;, areused.This is afastandsimpleap-
proachthat ts well with theview thatincrementalayoutperforms
somelocal changesn thegraph.In otherwords,the previous lay-
outis consideredasa goodstartingpoint for the new layout, with
someadjustmentsnadeaccordingto the changeshatoccurred.
The rst stepin computingthe new layout, describedn Sec-
tion 3.4,is amemge stagewhich memgeslayoutL; ; andgraphG;.
In the secondstage an actuallayout,Lil, is computedisinga static
forcedirectedlayoutalgorithmwith the modi cations describedn
Sections3.2-3.3. In the third stage,the quality of this layout is
checled, asdescribedn Section3.5. If the layoutis deemedsat-
isfactory it is acceptecandL; = Lil. Otherwise,a secondlayout

attemptis performed,producinglayout Liz. During this attempt,
morefreedomis givento the layoutalgorithmin termsof moving
vertices,at the expenseof wealeningthe connectionbetweenthe
old andthe new layouts. The betterof L andL? is selectedasthe
nal dravingL;. The nal stageof thealgorithm,describedn Sec-
tion 3.6, animateghe changebetweerthedrawvingsL; 1 andL; in
asmoothmanner Thealgorithmis summarizedn Figure3.

procedurencrementaldraving (L 1; Gj ) f

G"=memgegraphy L; 1; Gi)

L; = layoutgraph( G)

if (L is goodenough)
L= L}

elsef
L? = layout graph( modify_graph( L} ))
Lj = better( L?, L})

animatechange( L 1; Lj)

Figure 3: Algorithm overview in pseudo-cale

3.2 Supporting Clusters

Adding an invisible dummy attractorvertex to eachcluster to
which all of the verticesin the clusterare connectedwith invisi-
ble edgesijs proposedn [4], whererepulsie forcesarealsoused,
in orderto increaseclusterseparation Oneof the approacheslis-
cusseds adivide andconqueralgorithm,in which the clustersare
rst laid out separatelandthenthedifferentlayoutsarecomposed
together A hybrid approachthat solvesthe problemof neglecting
inter-clusteredgescausedy this algorithm,is discussedn [30].

We follow the approactof addingadummyvertex to eachclus-
ter. However, separatioetweertheclustersandmeetingtheother
requirementslescribedn Section2, is achieveddifferently It isac-
complishedhroughpropersettingsof edgelengthsandweights,as
describedelow.

Five kinds of edgelengthsareutilized andindicatethe expected
level of proximity betweentheir adjacentvertices. The shortest
lengthis assignedo the invisible edgesconnectingstatic vertices



to thedummyvertex of the clusterthey belongto. The edgescon-
nectingmovableverticesandthedummyvertex areassignedonger
lengths.This creates layoutthatresemble$wo concentriccircles.
The next type of edgeds the edgeshetweervertices. If bothver

ticesatthe endpointf the edgearecontainedn the samecluster

a shorterlengthis setthanif the verticesarein differentclusters.
This increaseshe separatiorbetweenclusters. The last kind of

edgesareclusterclusteredges. The lengthof theseedgess vari-

ableanddepend®n the requestegbroximity betweerthe different
clusterswhichis determinedy theapplicationg.g.,by theamount
of interactionbetweerclusters.

Edge weights are also usedin our algorithm. Higher edge
weights instruct the underlying force-directedalgorithm to try
harderto generateedgeswith lengthscloseto the optimal lengths
suppliedto the algorithm (asdiscussedbove). Inter-clusteredges
areassignedower weightsthanintra-clusteredgesThisis donein
an attemptto give inter-clusteredgedessin uence on the layout.
This is importantwhen verticesmove betweenclusters. In such
casesijt is preferableto stretchor shortenthe length of the edges
someavhat,ratherthandisplacevertices.

In our implementationthe lengthsassignedo the edgescon-
nectinga static vertex to a dummy vertex, a movable vertex to a
dummyvertex, two regularverticesin thesameclusterandtwo reg-
ularverticeslocatedin differentclustersarel, 2, 1.5and4 unitsof
length,respectiely. Thelengthsassignedo clusterclusteredges
vary between5 and 6 units, wherethe dummy verticesare used
asendpointsfor clusterclusteredges.The weight of intra-cluster
edgess setto 1 unit andthe weightof inter-clusteredgess setto
2.5units.

3.3 Minimizing Visual Changes

Invisible vertices,calledspacervertices,areaddedto eachcluster
in an attemptto reducethe changein clusters'outlinesand mini-
mizethe movementof clustershetweersuccessie layouts.

Thespacewerticesareusedasplace-holdersor regularvertices
in acluster They areconnectedvith invisible edgego thedummy
vertex of the clusterto which they belong,like ary othervertex in
thecluster Whenavertex is removedfrom acluster aspacewnertex
is addedo theclusterinsteadof it. Theinitial locationof thespacer
vertex is setto bethelocationof thevertex thatleft thecluster This
is donein orderto keepthesizeof theclusterconstanendin order
to resene spacefor anew vertex thatmight be addedto the cluster
in the future. Whena vertex moves (or is added)to a cluster the
spacenvertex thatis closestto its previous locationis replacedoy
this new vertex.

However, whenaddingor removing spacersthealgorithmkeeps
the numberof spacersn a clusterbetweenan upperanda lower
fraction of the numberof verticesin the cluster Thisis donein or-
derto give the algorithmbreathingroomwhenmaodifying clusters.
Moreover, the limits aresetso asto avoid a casein which a clus-
ter with a very smallnumberof regular, visible verticesoccupiesa
large areadueto themary spacewerticesit contains.

Whencalculatingthe outline of eachcluster whichis oftensim-
ply theboundingbox,thespacewrerticesaretakeninto accountsif
they wereregularvisible vertices.Obviously, this minimizationof
the movementscomesat the expenseof extra screenspacewhich
is occupiedby the spacers.

3.4 Merging Graphs

The rst stepin performingthe incrementalayoutis meiging the
new graphto bedrawn, G;j, andthe previousgraphdrawing, L; 1.
Theresultof the mege stageis a partially laid out graph,G[", in
which someof the verticesare assignednitial coordinates.After
meging, the graphG" is laid-out by the static layout algorithm.

The quality of theresultingincrementalayoutdependsn the ini-
tial conditionscomputedby the meiging algorithm.

Merging is performedin several steps.Unchangecanddummy
verticesareassignednitial coordinatesrom L; ;. Then,clusters
to which verticeswereboth addedandremoved arehandled. The
addedandremovedverticesof aclusterarepaired-upandtheinitial
coordinatesf anaddedvertex is setto thecoordinate®f aremoved
vertex.

Then, verticesthat were addedto a clusteror removed from it,
but cannotbe paired-up,are handled,asdiscussedn Section3.3.
Next, theverticesin new clustersthatis clustershatexistin Gj but
notin L; i, areinsertedinto the graphwithout initial coordinates,
alongwith new spacewertices.The numberof thelatteris setto a
constanfractionof the numberof verticesin thecluster

Thelaststageof memginginvolvesvertex pinning,whichrestricts
vertex movement,allowing it to move only asanindirectresultof
the movementof anunpinnedvertex. We have experimentedvith
several stratgjies for computingthe set of verticesto be pinned.
Our conclusionis thatpinningall verticesthatwereassigneaoor
dinatesachieves goodresultsin termsof the dynamicstability of
thelayout. We have alsoobsenred thatin mostcaseshe resulting
layoutsareaestheticallypleasing.

3.5 Improving the Layout

After computingthegraphlayoutL?, aclusterdensitymetricdeter
mineswhetherthelayoutis of satishctoryquality. For aclusterC;,
wede ne

area(boundng boxC;))

densty meric(Ci) = numberof verticeqC;)

Thatis, thedensitymetric of a clusteris theratio betweerthearea
of its boundingbox andthe numberof verticesit contains.Higher
valuesimply thattheverticesin the clusterarespacedurtherapart,
whichis notdesirable For theentiregraphG we de ne

densty meric(G) = max;2f densty meric(Ci)g:

Experiencédiasshavn thatacorrelationexistsbetweerhigh density
metricvaluesandoverlapsbetweerclusters.

A secondayout,LiZ, is computedf thevalueof thegraphdensity
metric exceedsa threshold.To improve the layout, the restrictions
on vertex movementarerelaxed. The layout algorithmis re-run
with the positionsof theverticesin L} astheinitial condition. This
time the verticesare not pinneddown. This givesthe layout al-
gorithm morefreedomandallows it to cornvergeto a betterresult.
The new layoutL? still resembled.! becausef the suppliedini-
tial condition. The nal layoutis selectedasthe layout with the
lower densitymetric betweenL! andL?. Clearly the choicebe-
tweenL! andL? demonstratethe tradeof betweerpreservinghe
mentalmapandcreatinganaestheticallypleasingayout. It should
be notedthatinitial attemptgo usemorerelaxed constraintsvhen
computingL?, suchasremaving someof the assignedertex coor
dinateswerecounterproductie.

3.6 Display and Animation

We have investigateddisplayin threedimensionsasillustratedin

Figure 4, in order to distinguishbetweenvertex typesand edge
types. Vertex-vertex edgesare dravn on the lower plane, while

clusterclusteredgesaredravn onthe upperplane.ln 3D, a cluster
is dravn asa semi-transpareryramid with the clusters dummy
vertex, which is the endpointof clusterclusteredgesdravn atthe
ape of the pyramid. One of our guidelinesin creatingthis visu-
alizationis beingableto collapsethe 3D view into a 2D view in a
naturaland comprehensiblevay, asillustratedin Figure5, which



shavs a 2D drawing of the graphfrom Figure4. Coloris alsoem-
ployedin orderto helpthe usercomprehendheimage— eachclus-
ter hasadifferentcolor.

The transition betweenL; 1 andL; is performedusing a se-
quenceof intermediataravingsgeneratedby alinearinterpolation
of the coordinate®f vertices,edgesand clusterboundaries.(See
theattachednovie.)

Figure 4: 3D view of a clustered graph

Figure 5: 2D view of a clustered graph

4 VISUALIZING MOBILE OBJECT SOFTWARE

Our layout algorithmhasbeenusedin the visualizationof mobile
objectapplications[17, 6, 21]. This framework extendsthe dis-
tributedobjectsconceptwhereobjectscanmigrateto remotehosts,
alongwith their stateandbehaior, duringthe executionof the ap-
plication. Thevisualizationshouldexposethe connectionsinterac-
tions andmovementsof the objectsthataredistributedthroughout
acomputemetwork.

In our visualization,every objectis depictedby a vertex. Con-
nectionsbetweenobjectsare dravn asvertex—vertex edges.Each
machineis representedby a clusterthat containsall of the objects
currentlyresidingon thatmachine. Thesetof clusterclusteredges

is usedto display physical connectionshetweenmachinesasop-
posedo logical relationsthatexist betweerpbjects.

Our algorithmis demonstratedn Figure 6 aswell asin Fig-
ures1-2 andin the accompaping movie. It wastestedon several
graphsequencesSomeof themrepresenéxecutionsof realmobile
objectapplicationsandothersrepresensimulateddata.

To measurehe quality of the resultinglayouts,we identify sev-
eralcriteria. The rst is thedensitymetricdiscussedh Section3.5,
whichis usedto measure¢hecompactnessf thelayout. Thesecond
is the sumof displacemenof clustersbetweereachpair of succes-
sive layouts,which is usedto measurehe stability of the layout.
Thethird is the percentag®f clusterswith the samesizebetween
successie layouts,which helpsto demonstrat¢he effectivenesof
usingspacewerticesin minimizing visualchangeso thegraph.

Figures7-10 comparethe performanceof our algorithmto two
otheralgorithms. The rst is a non-incrementahlgorithmandthe
seconds anincrementaklgorithmin which verticesareassigned
initial coordinatecomputedn the meige stage but vertex pinning
andspacewerticesarenotused.

The densitymetricis plottedin Figure7. Highervaluesin the
graphrepresensparseclusterswhich shouldbe avoided. All three
algorithmsproducesimilar results whichmeanghattheincremen-
tal algorithm managego computecompactlayoutsof the graph.
Figure 8 shaws the sumof the displacement®f clustershetween
eachpair of successie layouts. Lower valuesimply higher sta-
bility in the location of clusters. As can be seen,our algorithm
outperformsthe otheralgorithms. Figure 9 depictsthe numberof
clusterghatmaintaintheir sizebetweereachpair of successie lay-
outs. Highervaluesimply thattherearelessmodi cationsto clus-
teroutlines.lt is clearfrom the graphsthatour algorithmproduces
much betterresultsthanthe other algorithms. Finally, Figure 10
depictstherunningtimesof thealgorithms.Both incrementaklgo-
rithms take moretime to computethanthe non-incrementaélgo-
rithm. Thisis mostlydueto the extra processinglonein thememge
stage.

Tablel summarizeshe averagevaluesof eachof theabose met-
rics. All algorithmsproducesimilar clusterdensities. The clus-
ter displacemenbf our algorithmis by far superiorto the non-
incrementalalgorithm, averaging about one twelfth of the non-
incrementaklgorithm. Reducingthe movementof clustershasin-
deedbeenoneof the main designgoalsof the algorithm. The av-
eragepercentagef clustersthat remainwith the samesizein our
algorithmis aboutfour timesas muchasthe non-incrementaél-
gorithm. This is facilitatedby the spacewerticesthat are usedto
minimizevisualchangego the graph.Finally, therunningtimesof
bothincrementaklgorithmsis abouttwice the runningtime of the
non-incrementaalgorithm,whichis reasonable.

5 CONCLUSION AND FUTURE WORK

We have presentedan online algorithm for incrementalayout of
clusteredgraphs.The algorithmusesa force directedstaticlayout
tool asa basichuilding block. The key ideaof the algorithmis to
establishpriorities of avoiding changesFirst andforemostmove-
mentof clustersshouldbe avoided, becauseclustersgive insight
into the basicstructureof the graph. Then,movementof vertices
shouldbe avoided,sinceverticesconvey informationregardingthe
sizeof the clustersandaid in navigating the graph. Movementof
edgess consideredheleastcritical.

To achieve this, our algorithm incorporatesa few novel con-
cepts. First, crucial vertices(dummy and old) are pinneddown.
Secondjnvisible place-holderare usedto minimize changes Fi-
nally, lengthsandweightsof edgesare usedto control both vertex
placemenandgraphmodi cations.

It hasbeendemonstratethatthealgorithmcomputesa compact
and spaceefcient graphlayout, while minimizing the displace-



mentandchangedo clustersoetweerlayoutiterations.

The algorithm hasbeenappliedto the visualizationof mobile
objectenvironments,whereboth realand simulateddatahasbeen
tested. Goodresultshave beenachieved at the expenseof higher
running times. This is due both to the addedcompleity of the
algorithmandto the fact that our implementationis only loosely
coupledto theunderlyingstaticlayouttool.

In future researchye plan to investigate enhancementto our
3D displaymode.We would alsolik e to extendthe spacewertices
concepto drawing the clusterboundariesAllowing some e xibil-
ity in tting the boundaryaroundthe verticesin the clustermight
improve the layout. An additionallayout stagewhereeachclus-
ter is modeledas a non-uniformnode could help improve cluster
separatior[5]. Finally, usingstrongerconstraintsvhena second
layoutis necessarynight furtherimprove the dynamicstability of
thealgorithm.
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Figure 6: Sample animation sequence(from left to right and top to bottom)



Number of clusters Displacement Density metric [area/nodes]
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Figure 7: Density metric
a) Non-incremental b) Without vertex pinning c) With vertex pinning
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Figure 8: Sum of cluster displacements
a) Non-incremental b) Without vertex pinning c) With vertex pinning
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Figure 9: Number of clusters with the same size
a) Non-incremental b) Without vertex pinnning c) With vertex pinning
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Figure 10: Running times
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Averagen Algorithm non-incremental| withoutvertex pinning | with vertex pinning
densitymetric[areanverticed 1:2516¢10° 1:199410 1:1936¢10
clusterdisplacemenfdistance] 4.0193 1.4118 0.3311
fractionof clusterswith thesamesize 0.1575 0.23 0.615
runningtime [ms.] 492 1076 1084

Table 1: Average results of an animation sequence



