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ABSTRACT

This paperpresentsanalgorithmfor drawing a sequenceof graphs
thatcontainaninherentgroupingof their vertex setinto clusters.It
differs from previous work on dynamicgraphdrawing in the em-
phasisthatis putonmaintainingtheclusteredstructureof thegraph
duringincrementallayout. Thealgorithmworksonlineandallows
arbitrarymodi�cations to the graph. It is genericandcanbe im-
plementedusinga wide rangeof staticforce-directedgraphlayout
tools. The paperintroducesseveral metricsfor measuringlayout
quality of dynamicclusteredgraphs. The performanceof our al-
gorithm is analyzedusingthesemetrics. The algorithmhasbeen
successfullyappliedto visualizingmobileobjectsoftware.

CR Categories: I.3.8 [Computer graphics]: Applica-
tions; H.4.3 [Information systemsapplications]: Communica-
tions applications—InformationbrowsersH.5.2 [Information in-
terfacesand presentation]: User Interfaces—Graphicaluser in-
terfacesC.2.4 [Computer-communicationnetworks]: Distributed
systems—Distributedapplications

Keywords: graphdrawing, dynamiclayout,mobileobjects,soft-
warevisualization

1 I NTRODUCTI ON

Graphsareanimportantdatastructurefor describingrelationships
betweenobjects(e.g., [7, 10]). The needto draw (i.e. layout)
graphsappearsin many applicationsandassuch,is anactive area
of researchin informationvisualization[16]. In clusteredgraphs,
the verticesaredivided betweena setof componentscalledclus-
ters, which form a partitionof thevertex set.In someapplications,
the graphsare inherentlyclustered[4]. In othercases,clustering
hasbeensuccessfullyusedin order to aid in the visualizationof
graphs[32].

Many applicationsrequiretheability of dynamicgraphdrawing,
i.e., theability of modifying thegraph[23, 9, 3]. Differenttypesof
graphmodi�cations may be performed:addingverticesandclus-
ters,moving verticesbetweenclusters,removing edges,etc. The
challengein dynamicgraphdrawing is to computea new layout
that is bothaestheticallypleasingasit standsand�ts well into the
sequenceof drawings of the evolving graph. The latter criterion
hasbeentermedpreservingthementalmap[22] or dynamicstabil-
ity [23]. A shortanimationsequenceshowing incrementallayouts
of clusteredgraphscomputedbyouralgorithmisshown in Figure1.
In this dynamicscenario,verticesmove betweenclustersandthus
thesizeof clusterschange,edgesareadded,andclustersareadded
andremoved.Yet, therelative locationsof theclustersandthever-
ticesarepreserved, while allowing changesin the sizeof clusters
whendeemednecessary.
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Figure 1: Snapshotsfrom an animation sequence

One �eld in which clusteredgraphsarise is software visual-
ization, and in particular, visualizationof mobile object frame-
works [17, 6, 21]. Suchframeworksextendthedistributedobjects
concept[24, 26] in allowing theobjectsto migrateto remotehosts,
alongwith their stateandbehavior, while theapplicationis execut-
ing (in orderto speedup interaction).

In theseframeworks, the notion of a dynamicclusteredgraph
arisesquite naturally. Every object is representedby a vertex in
the graph. A machineis representedasa clusterthat containsthe
objectscurrentlyresidingin it. The areaoccupiedby a clusteris
usedasavisualclueto theuserregardingthenumberof objectslo-
catedin themachinerepresentedby thecluster. Naturally, thegraph
beingvisualizedevolveswith time,asobjectsmigratebetweenma-
chinesandmachinesconnectanddisconnectfrom thenetwork. Our
algorithmhasbeendesignedto show theseinteractions.

Thegeneralproblemof drawing graphs,e.g.,assigningcoordi-
natesto graphvertices,edgesandotherelements,hasbeenexten-
sively studied[27, 20, 8]. Onepopulartechniqueis force-directed
layout, which usesphysical analogiesin order to converge to an
aestheticallypleasingdrawing [2, 27, 19]. Drawing non-pointver-
tices using this approachis discussedin [13, 5, 15]. Extending
force-directedalgorithms for drawing large graphsis discussed
in [14, 29].

Work on clusteredgraphdrawing is lesswidespread.In [30],
a divide and conquerapproach,in which eachclusteris laid out
separatelyandthentheclustersarecomposedto form thegraph,is
used.In [11], amethodof drawing theclusteringhierarchiesof the
graphusingdifferentZ coordinatesin a 3D view is discussed.See



(a)Force-directednon-incrementallayout

(b) Our incrementallayout

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

also[4, 1] for adiscussionof clusteredandcompoundgraphlayout.
Incrementaldrawing of directed acyclic graphs is discussed

in [23], which usesa modi�cation of theSugiyamaalgorithm[25]
in orderto draw rankeddigraphs.An algorithmfor computingthe
layout of a sequenceof graphsof�ine is describedin [9]. The al-
gorithm is basedon usingdifferentadjustmentstrategies in order
to computethe new layout. TheDA-TU systemdescribedin [18]
allowsnavigatingandinteractively clusteringhugegraphs.Finally,
somecommercialgraphlayout packagessuchas[28, 31] contain
provisionsfor dynamiclayoutof graphs.As far aswe know, none
of theabove wasdesignedto handleincrementaldrawing of clus-
teredgraphs.

In thispaperweproposeanew algorithmfor onlineincremental
layoutof clusteredgraphs.Thealgorithmdoesnot imposerestric-
tionson thestructureof thegraph. It allows drawing of edgesnot
only betweenverticesbut alsobetweenclusters,which is usedto
convey informationto theuser. Thealgorithmprovidesa meansof
separatingthesetof verticesin eachclusterto a subsetof vertices
thatstayin thesameclusterandasubsetof verticesthatmightmove
to a differentcluster. Thelayoutof theverticesinsidetheclusteris
in�uencedby thisseparation.

The major designconsiderationof our algorithmis preserving
the mentalmapwhile the graphis beingupdated. We show that
forcedirectedlayout techniques[2, 27, 19] canbeusedasa basic
buildingblock. However, they cannotbeusedasis,asdemonstrated
in Figure2(a), whereclustersandverticesmove considerablybe-
tweensuccessive drawings. We proposea few enhancementsto
existing algorithmsin orderto preserve thementalmap,asshown
in Figure2(b), whereonly small variationsin clusterlocationand
sizeareexhibited. Also notethestability of theverticesinsidethe
clustersasopposedto thenon-incrementallayout.

A key considerationin designingalgorithms is the desirable
propertiesof the results. This paperproposesseveral criteria for
evaluatingthe quality of dynamicclusteredgraphs.They include
spacecompactness,minimizationof the changesbetweenframes
and run-time ef�ciency. We demonstratethat our algorithm per-
formswell accordingto theseproperties.Moreover, we show that
this is thecasewhenconsideringa softwarevisualizationapplica-
tion.

Therestof this paperis structuredasfollows. Section2 de�nes
the problem. Section3 describesthe algorithm. A softwarevisu-
alizationapplicationis presentedin Section4. Finally, Section5
concludesanddiscussesfuturedirections.

2 PROBL EM STATEM ENT

This sectionde�nes clusteredgraphsandpossiblegraphupdates.
It alsodiscussescriteria by which the quality andstability of the
layoutis evaluated.

De�nition 2.1 Partition: A k-waypartition of a setC is a familyof
subsets(C1;C2; : : : ;Ck) such that

S k
i= 1 Ci = C andCi \ Cj = /0 for

i 6= j.

De�nition 2.2 ClusteredGraph: A clusteredgraph is an ordered
quadrupleG = (V;C;Ev;Ec), whereV is thevertex set,C is a setof
clusters which form a partition of thevertex setV, Ev is thesetof
vertex-vertex edgesEv �

�
(vi ;v j )ji 6= j;vi ;v j 2 V

	
and Ec is the

setof cluster-clusteredgesEc �
�

(Ci ;Cj )ji 6= j;Ci ;Cj 2 C
	

.

Given a seriesof clusteredgraphsG1;G2; : : : ;Gn, the goal of
the algorithm is to producea sequenceof layoutsL1;L2; : : : ;Ln,
whereLi is a drawing of Gi , suchthat the setsVi , Ci , Evi , Eci are
assignedcoordinates.Sincethesequenceof graphsGi is notknown
in advance,the algorithmis an online algorithm. The updatesUi
that canbe performedbetweensuccessive elementsGi� 1 andGi
are:Addingor removing vertices,edgesor clusters,andmodifying
thepartitionof verticesinto clusters(i.e. moving verticesbetween
clusters).

A key issuein incrementalgraphdrawing is thestability of the
layouts[22, 23]. This is importantsincea userlooking at a graph
drawing graduallybecomesfamiliarwith thestructureof thegraph.
We proposethe following criteria for evaluatingthequality of the
layout:

1. The movement of clusters between successive drawings
shouldbe small. Speci�cally, clustersthat arenot modi�ed
shouldremainin their previouspositionif possible.

2. The changein the sizeof clustersbetweensuccessive draw-
ings shouldbe minimal, whenthe numberof verticesin the
clusteris similar.

3. Movementof verticesinsideaclustershouldbeminimized.

4. Thesizeof eachclusterCi shouldbeproportionalto thenum-
berof verticesit contains.



5. Thedrawing of eachclusterCi shouldbecompact.

6. Overlappingbetweenverticesshouldbeavoidedandoverlap-
pingbetweenclusterboundariesshouldbeminimal.

Our applicationto software visualizationaddsan additional re-
quirement.Theverticesin eachclusteraredividedinto two subsets,
staticobjectsthatremainat thesameclusterthroughouttheanima-
tion andmovableobjects.Thisshouldbecomevisuallyapparent.

Note that thereareclassicalaestheticcriteria suchasthe num-
berof edgecrossings,the total edgelength,etc. which we ignore
here.However, theunderlyingstaticalgorithmusedaddressesthese
criteria.

3 THE AL GORI THM

Givena sequenceof clusteredgraphsG1;G2; : : : ;Gn, our goalis to
computeasequenceof graphlayoutsL1;L2; : : : ;Ln, soasto adhere
asmuchaspossibleto the criteria discussedin Section2. A pos-
sibleapproachis to developan incrementalalgorithmfor drawing
clusteredgraphsfrom thegroundup. A differentapproach,which
wehavepursued,is to useanexistingnon-incrementalgraphlayout
algorithmasa basicblock, andbuild the incrementallayoutcapa-
bility on top.

Among the different classesof graphdrawing algorithms,the
forcedirectedalgorithmclassseemsto bethenaturalchoicein our
case[2, 27, 19, 7, 10]. Roughlyspeaking,this approachsimulates
a systemof forcesde�ned on the input graphandoutputsa local
minimum energy con�guration. An edgeis simulatedby a spring
connectingits endpointvertices. Edgelengthin�uences the opti-
mal spring length and edgeweight determinesits stiffness. The
algorithmconvergestowardsa minimum energy position,starting
from aninitial placementof thevertices.In our case,theprevious
layout,Li� 1, canbeusedasa startingpositionfor thenew layout,
Li . Extendinga force directedalgorithm to perform a layout of
clusteredgraphsis discussedin Section3.2.

Ouralgorithm'srequirementsfrom theunderlyingforce-directed
staticlayoutalgorithmarethatthereexist waysto assigninitial co-
ordinatesto vertices,to restricttheirmovement,to setedgelengths
andto addsupportfor drawing clusters. Sincelittle assumptions
aremaderegardingtheunderlyinglayoutalgorithm,awidevariety
of existinglayouttoolscanbeused.As such,ouralgorithmcanadd
incrementallayoutcapabilitiesto mostexistingpackages.

In ourimplementationweusetheGraphViz graphdrawing pack-
age[12] andits force directedlayout component,Neato[13, 19].
Neatoavoidsoverlapsbetweenverticesandallowssettingpreferred
edgelengthsand weights. It also allows pinning down vertices.
Pinnedverticesare not moved while the algorithm convergesby
moving verticesaccordingto the forcesactingon them. However,
Neatoneithersupportsclusteredgraphsnordoesit supportcontrol-
ling the repulsive forcesbetweenvertices. Thesede�cienciesare
addressedby ouralgorithm,aswill bedescribednext.

We adopt the propositionmadein [23] that vertex stability is
morecrucial thanedgestability. Speci�cally, we preferchanging
edgelengthsratherthanmoving vertices. Moreover, in our case,
clusterstability is moresigni�cant thanvertex stability. Thus,our
algorithmutilizesthefollowing key ideas.

First, dummy verticesand edgesare usedin order to createa
clusteredstructure.Sinceclustersaretreatedasvertices,their mo-
tion canbe controlled. Second,invisible place-holderverticesare
usedin order to minimize the movementof clustersand of ver-
ticeswithin clusters.This is donewhile maintainingcompactness
andkeepingthe sizeof the clustersproportionalto the numberof
verticesthey contain. Third, edgelengthandweight areusedas
a meansof controlling thechangesmadeto the layout. Fourth, to
achieve bothdynamicstability anddistinguishbetweenstableand
movablevertices,thesetof verticesis partitionedinto two sub-sets

– stableandmovable. The subsetsarelaid out in a structurethat
approximatestwo concentriccirclesaroundthecenterof theclus-
ter. Staticobjectsareplacedin theinnercircleandmovableobjects
in theouterone.

Theseideasareelaboratedin thissection.After outlining theal-
gorithm,variousphasesandaspectsof thealgorithmarediscussed
in detail,includingclustersupport,minimizationof visualchanges,
andanimationsof graphupdates.

3.1 Overview

To computelayoutLi , only thelastlayout,Li� 1, andthenew graph
thatneedsto belaid out,Gi , areused.This is a fastandsimpleap-
proachthat�ts well with theview thatincrementallayoutperforms
somelocal changesin thegraph.In otherwords,theprevious lay-
out is consideredasa goodstartingpoint for thenew layout,with
someadjustmentsmadeaccordingto thechangesthatoccurred.

The �rst stepin computingthe new layout, describedin Sec-
tion 3.4, is a mergestage,which mergeslayoutLi� 1 andgraphGi .
In thesecondstage,anactuallayout,L1

i , is computedusingastatic
forcedirectedlayoutalgorithmwith themodi�cationsdescribedin
Sections3.2–3.3. In the third stage,the quality of this layout is
checked,asdescribedin Section3.5. If the layout is deemedsat-
isfactory, it is acceptedandLi = L1

i . Otherwise,a secondlayout
attemptis performed,producinglayout L2

i . During this attempt,
morefreedomis given to the layoutalgorithmin termsof moving
vertices,at the expenseof weakeningthe connectionbetweenthe
old andthenew layouts.Thebetterof L1

i andL2
i is selectedasthe

�nal drawing Li . The�nal stageof thealgorithm,describedin Sec-
tion 3.6,animatesthechangebetweenthedrawingsLi� 1 andLi in
asmoothmanner. Thealgorithmis summarizedin Figure3.

procedureincrementaldrawing ( Li� 1; Gi ) f
Gm

i = merge graphs( Li� 1; Gi )
L1

i = layout graph( Gm
i )

if ( L1
i is goodenough)
Li = L1

i
elsef

L2
i = layout graph( modify graph( L1

i ) )
Li = better( L2

i , L1
i )

g
animatechange( Li� 1; Li )

g

Figure 3: Algorithm overview in pseudo-code

3.2 Supporting Clusters

Adding an invisible dummy attractorvertex to eachcluster, to
which all of the verticesin the clusterareconnectedwith invisi-
ble edges,is proposedin [4], whererepulsive forcesarealsoused,
in orderto increaseclusterseparation.Oneof theapproachesdis-
cussedis a divide andconqueralgorithm,in which theclustersare
�rst laid outseparatelyandthenthedifferentlayoutsarecomposed
together. A hybrid approachthatsolvestheproblemof neglecting
inter-clusteredges,causedby thisalgorithm,is discussedin [30].

We follow theapproachof addinga dummyvertex to eachclus-
ter. However, separationbetweentheclustersandmeetingtheother
requirementsdescribedin Section2, is achieveddifferently. It is ac-
complishedthroughpropersettingsof edgelengthsandweights,as
describedbelow.

Five kindsof edgelengthsareutilized andindicatetheexpected
level of proximity betweentheir adjacentvertices. The shortest
lengthis assignedto the invisible edgesconnectingstaticvertices



to thedummyvertex of theclusterthey belongto. Theedgescon-
nectingmovableverticesandthedummyvertex areassignedlonger
lengths.Thiscreatesa layoutthatresemblestwo concentriccircles.
Thenext typeof edgesis theedgesbetweenvertices. If bothver-
ticesat theendpointsof theedgearecontainedin thesamecluster,
a shorterlengthis setthanif the verticesarein differentclusters.
This increasesthe separationbetweenclusters. The last kind of
edgesarecluster-clusteredges.The lengthof theseedgesis vari-
ableanddependson therequestedproximity betweenthedifferent
clusters,whichis determinedby theapplication,e.g.,by theamount
of interactionbetweenclusters.

Edge weights are also used in our algorithm. Higher edge
weights instruct the underlying force-directedalgorithm to try
harderto generateedgeswith lengthscloseto the optimal lengths
suppliedto thealgorithm(asdiscussedabove). Inter-clusteredges
areassignedlowerweightsthanintra-clusteredges.This is donein
an attemptto give inter-clusteredgeslessin�uence on the layout.
This is importantwhen verticesmove betweenclusters. In such
cases,it is preferableto stretchor shortenthe lengthof the edges
somewhat,ratherthandisplacevertices.

In our implementation,the lengthsassignedto the edgescon-
nectinga staticvertex to a dummyvertex, a movablevertex to a
dummyvertex, two regularverticesin thesameclusterandtwo reg-
ularverticeslocatedin differentclusters,are1, 2, 1.5and4 unitsof
length,respectively. The lengthsassignedto cluster-clusteredges
vary between5 and 6 units, wherethe dummy verticesare used
asendpointsfor cluster-clusteredges.The weight of intra-cluster
edgesis setto 1 unit andtheweightof inter-clusteredgesis setto
2.5units.

3.3 Minimizing Visual Changes

Invisible vertices,calledspacervertices,areaddedto eachcluster,
in an attemptto reducethe changein clusters'outlinesandmini-
mizethemovementof clustersbetweensuccessive layouts.

Thespacerverticesareusedasplace-holdersfor regularvertices
in a cluster. They areconnectedwith invisible edgesto thedummy
vertex of theclusterto which they belong,like any othervertex in
thecluster. Whenavertex is removedfrom acluster, aspacervertex
is addedto theclusterinsteadof it. Theinitial locationof thespacer
vertex is setto bethelocationof thevertex thatleft thecluster. This
is donein orderto keepthesizeof theclusterconstantandin order
to reserve spacefor a new vertex thatmight beaddedto thecluster
in the future. Whena vertex moves(or is added)to a cluster, the
spacervertex that is closestto its previous locationis replacedby
thisnew vertex.

However, whenaddingor removing spacers,thealgorithmkeeps
the numberof spacersin a clusterbetweenan upperanda lower
fractionof thenumberof verticesin thecluster. This is donein or-
derto give thealgorithmbreathingroomwhenmodifying clusters.
Moreover, the limits aresetso asto avoid a casein which a clus-
ter with a very smallnumberof regular, visible verticesoccupiesa
largeareadueto themany spacerverticesit contains.

Whencalculatingtheoutlineof eachcluster, which is oftensim-
ply theboundingbox,thespacerverticesaretakeninto accountasif
they wereregularvisible vertices.Obviously, this minimizationof
themovementscomesat theexpenseof extra screenspace,which
is occupiedby thespacers.

3.4 Merging Graphs

The �rst stepin performingthe incrementallayout is merging the
new graphto bedrawn, Gi , andthepreviousgraphdrawing, Li� 1.
The resultof the merge stageis a partially laid out graph,Gm

i , in
which someof the verticesareassignedinitial coordinates.After
merging, the graphGm

i is laid-out by the static layout algorithm.

Thequality of theresultingincrementallayoutdependson theini-
tial conditionscomputedby themergingalgorithm.

Merging is performedin severalsteps.Unchangedanddummy
verticesareassignedinitial coordinatesfrom Li� 1. Then,clusters
to which verticeswerebothaddedandremovedarehandled.The
addedandremovedverticesof aclusterarepaired-up,andtheinitial
coordinatesof anaddedvertex is setto thecoordinatesof aremoved
vertex.

Then,verticesthat wereaddedto a clusteror removed from it,
but cannotbe paired-up,arehandled,asdiscussedin Section3.3.
Next, theverticesin new clusters,thatis clustersthatexist in Gi but
not in Li� 1, areinsertedinto thegraphwithout initial coordinates,
alongwith new spacervertices.Thenumberof thelatter is setto a
constantfractionof thenumberof verticesin thecluster.

Thelaststageof merginginvolvesvertex pinning,whichrestricts
vertex movement,allowing it to move only asan indirect resultof
themovementof anunpinnedvertex. We have experimentedwith
several strategies for computingthe set of verticesto be pinned.
Our conclusionis thatpinningall verticesthatwereassignedcoor-
dinatesachievesgoodresultsin termsof the dynamicstability of
the layout. We have alsoobserved that in mostcasestheresulting
layoutsareaestheticallypleasing.

3.5 Impr oving the Layout

After computingthegraphlayoutL1
i , aclusterdensitymetricdeter-

mineswhetherthelayoutis of satisfactoryquality. For aclusterCi ,
wede�ne

density metric(Ci) =
area(bounding box(Ci))
numberof vertices(Ci)

:

That is, thedensitymetricof a clusteris theratio betweenthearea
of its boundingbox andthenumberof verticesit contains.Higher
valuesimply thattheverticesin theclusterarespacedfurtherapart,
which is notdesirable.For theentiregraphG wede�ne

density metric(G) = maxCi2Gf density metric(Ci)g:

Experiencehasshown thatacorrelationexistsbetweenhighdensity
metricvaluesandoverlapsbetweenclusters.

A secondlayout,L2
i , is computedif thevalueof thegraphdensity

metricexceedsa threshold.To improve the layout,therestrictions
on vertex movementare relaxed. The layout algorithm is re-run
with thepositionsof theverticesin L1

i astheinitial condition.This
time the verticesare not pinneddown. This gives the layout al-
gorithmmorefreedomandallows it to converge to a betterresult.
The new layout L2

i still resemblesL1
i becauseof the suppliedini-

tial condition. The �nal layout is selectedas the layout with the
lower densitymetric betweenL1

i andL2
i . Clearly, the choicebe-

tweenL1
i andL2

i demonstratesthetradeoff betweenpreservingthe
mentalmapandcreatinganaestheticallypleasinglayout. It should
benotedthat initial attemptsto usemorerelaxedconstraintswhen
computingL2

i , suchasremoving someof theassignedvertex coor-
dinates,werecounterproductive.

3.6 Display and Animation

We have investigateddisplayin threedimensions,asillustratedin
Figure 4, in order to distinguishbetweenvertex typesand edge
types. Vertex-vertex edgesare drawn on the lower plane,while
cluster-clusteredgesaredrawn on theupperplane.In 3D, acluster
is drawn asa semi-transparentpyramid with the cluster's dummy
vertex, which is theendpointof cluster-clusteredges,drawn at the
apex of the pyramid. Oneof our guidelinesin creatingthis visu-
alizationis beingableto collapsethe3D view into a 2D view in a
naturalandcomprehensibleway, asillustratedin Figure5, which



shows a 2D drawing of thegraphfrom Figure4. Color is alsoem-
ployedin orderto helptheusercomprehendtheimage– eachclus-
terhasadifferentcolor.

The transition betweenLi� 1 and Li is performedusing a se-
quenceof intermediatedrawingsgeneratedby alinearinterpolation
of the coordinatesof vertices,edgesandclusterboundaries.(See
theattachedmovie.)

Figure 4: 3D view of a clustered graph

Figure 5: 2D view of a clustered graph

4 V I SUAL I ZI NG M OBI L E OBJECT SOFTWARE

Our layoutalgorithmhasbeenusedin thevisualizationof mobile
object applications[17, 6, 21]. This framework extendsthe dis-
tributedobjectsconcept,whereobjectscanmigrateto remotehosts,
alongwith their stateandbehavior, duringtheexecutionof theap-
plication.Thevisualizationshouldexposetheconnections,interac-
tionsandmovementsof theobjectsthataredistributedthroughout
acomputernetwork.

In our visualization,every objectis depictedby a vertex. Con-
nectionsbetweenobjectsaredrawn asvertex–vertex edges.Each
machineis representedby a clusterthatcontainsall of theobjects
currentlyresidingon thatmachine.Thesetof cluster–clusteredges

is usedto displayphysical connectionsbetweenmachines,asop-
posedto logical relationsthatexist betweenobjects.

Our algorithm is demonstratedin Figure 6 as well as in Fig-
ures1-2 andin theaccompanying movie. It wastestedon several
graphsequences.Someof themrepresentexecutionsof realmobile
objectapplicationsandothersrepresentsimulateddata.

To measurethequality of theresultinglayouts,we identify sev-
eralcriteria.The�rst is thedensitymetricdiscussedin Section3.5,
whichis usedtomeasurethecompactnessof thelayout.Thesecond
is thesumof displacementof clustersbetweeneachpairof succes-
sive layouts,which is usedto measurethe stability of the layout.
The third is thepercentageof clusterswith thesamesizebetween
successive layouts,whichhelpsto demonstratetheeffectivenessof
usingspacerverticesin minimizingvisualchangesto thegraph.

Figures7-10comparethe performanceof our algorithmto two
otheralgorithms.The �rst is a non-incrementalalgorithmandthe
secondis an incrementalalgorithmin which verticesareassigned
initial coordinatescomputedin themergestage,but vertex pinning
andspacerverticesarenotused.

The densitymetric is plottedin Figure7. Higher valuesin the
graphrepresentsparseclusters,whichshouldbeavoided.All three
algorithmsproducesimilar results,whichmeansthattheincremen-
tal algorithm managesto computecompactlayoutsof the graph.
Figure8 shows the sumof the displacementsof clustersbetween
eachpair of successive layouts. Lower valuesimply higher sta-
bility in the location of clusters. As can be seen,our algorithm
outperformsthe otheralgorithms.Figure9 depictsthe numberof
clustersthatmaintaintheirsizebetweeneachpairof successivelay-
outs.Highervaluesimply that therearelessmodi�cations to clus-
ter outlines.It is clearfrom thegraphsthatour algorithmproduces
muchbetterresultsthan the otheralgorithms. Finally, Figure10
depictstherunningtimesof thealgorithms.Both incrementalalgo-
rithms take moretime to computethanthe non-incrementalalgo-
rithm. This is mostlydueto theextraprocessingdonein themerge
stage.

Table1 summarizestheaveragevaluesof eachof theabovemet-
rics. All algorithmsproducesimilar clusterdensities. The clus-
ter displacementof our algorithm is by far superiorto the non-
incrementalalgorithm, averagingabout one twelfth of the non-
incrementalalgorithm.Reducingthemovementof clustershasin-
deedbeenoneof themaindesigngoalsof thealgorithm. Theav-
eragepercentageof clustersthat remainwith thesamesizein our
algorithmis aboutfour timesasmuchasthe non-incrementalal-
gorithm. This is facilitatedby the spacerverticesthat areusedto
minimizevisualchangesto thegraph.Finally, therunningtimesof
both incrementalalgorithmsis abouttwice therunningtime of the
non-incrementalalgorithm,which is reasonable.

5 CONCL USI ON AND FUTURE WORK

We have presentedan online algorithmfor incrementallayout of
clusteredgraphs.Thealgorithmusesa forcedirectedstaticlayout
tool asa basicbuilding block. Thekey ideaof thealgorithmis to
establishprioritiesof avoiding changes.First andforemost,move-
mentof clustersshouldbe avoided,becauseclustersgive insight
into the basicstructureof the graph. Then,movementof vertices
shouldbeavoided,sinceverticesconvey informationregardingthe
sizeof the clustersandaid in navigating the graph. Movementof
edgesis consideredtheleastcritical.

To achieve this, our algorithm incorporatesa few novel con-
cepts. First, crucial vertices(dummy and old) are pinneddown.
Second,invisible place-holdersareusedto minimizechanges.Fi-
nally, lengthsandweightsof edgesareusedto controlbothvertex
placementandgraphmodi�cations.

It hasbeendemonstratedthatthealgorithmcomputesacompact
and spaceef�cient graphlayout, while minimizing the displace-



mentandchangesto clustersbetweenlayoutiterations.
The algorithm hasbeenappliedto the visualizationof mobile

objectenvironments,whereboth realandsimulateddatahasbeen
tested.Goodresultshave beenachieved at the expenseof higher
running times. This is due both to the addedcomplexity of the
algorithmandto the fact that our implementationis only loosely
coupledto theunderlyingstaticlayouttool.

In future research,we plan to investigateenhancementsto our
3D displaymode.We would alsolike to extendthespacervertices
conceptto drawing theclusterboundaries.Allowing some�e xibil-
ity in �tting the boundaryaroundthe verticesin the clustermight
improve the layout. An additionallayout stagewhereeachclus-
ter is modeledasa non-uniformnodecould help improve cluster
separation[5]. Finally, usingstrongerconstraintswhena second
layout is necessarymight further improve thedynamicstability of
thealgorithm.
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Figure 6: Sample animation sequence(from left to right and top to bottom)
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Figure 7: Density metric
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Figure 8: Sum of cluster displacements
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Figure 9: Number of clusters with the same size
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Figure 10: Running times

Averagen Algorithm non-incremental withoutvertex pinning with vertex pinning
densitymetric[areanvertices] 1:2516x104 1:1994x104 1:1936x104

clusterdisplacement[distance] 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


