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Abstract. Efficienthierarchicalarchitecturesfor reconfigurableandadaptivemulti-agent
networks requiredynamicclusterformationamongthesetof nodes(agents).In theab-
senceof centralisedcontrollers,this processcanbedescribedasself-organisationof dy-
namichierarchies,with multiple cluster-headsemerging asa resultof inter-agentcom-
munications.Decentralisedclusteringalgorithmsdeployed in multi-agentnetworks are
hardto evaluatepreciselyfor the reasonof the diminishedpredictabilitybroughtabout
by self-organisation.In particular, it is hard to predictwhenthe clusterformationwill
converge to a stableconfiguration.This paperproposesandexperimentallyevaluatesa
predictorfor theconvergencetimeof clusterformation,basedonaregularityof theinter-
agentcommunicationspaceas the underlyingparameter. The resultsindicatethat the
generalised“correlationentropy” 
 � (a lower boundof Kolmogorov-Sinai entropy) of
thevolumeof the inter-agentcommunicationscanbecorrelatedwith thetime of cluster
formation,andcanbeusedasits predictor.

1 Introduction

Dynamiccreationandmaintenanceof “optimal” hierarchiesin large dynamicnetworks is a
well-recognisedchallenge.It appearsin many differentcontexts, e.g.,asdynamichierarchies
in Artificial Life [15], coalition formation in Agent-basedSystems[17], decentralisedclus-
tering in Multi-Agent Systems[12], dynamicclusterformationin Mobile Ad Hoc Networks
[10], etc.In this paper, we considera sub-problemfrom this class:dynamicclusterformation
in a sensorandcommunicationnetwork without centralisedcontrollers.This processcanbe
describedasself-organisationof dynamichierarchies,with multiplecluster-headsemergingas
a resultof inter-agentcommunications.Importantly, the emphasisis on rulesof interactions
(or communicationprotocols)betweentheengagedlower-level entities(cells,agents,network
nodes,etc.)andthe structuresandpatternsemerging at a higher-level (multi-cellular bound-
aries,multi-agentcoalitions,localhierarchsor cluster-heads,etc.).

In general,theclusteringof sensor-dataaimsat groupingentitieswith similar characteris-
tics togethersothatmaintrendsor unusualpatternsmaybediscovered.Self-organisingclus-
ter formationin multi-agentnetworks/systemshastwo specificprimarychallenges:a) decen-
tralisedclustering:evenif acorrectclassificationcanbedeterminedwith theincompleteinfor-
mationavailable,thelocationof itemsbelongingto a classalsoneedsto bediscovered,“data
is widely distributed,datasetsarevolatile, or dataitemscannotbe compactlyrepresented”
[12], and;b) dynamic(on-line)clustering:new eventsmayrequirereconfigurationof clusters:
the resultingpatternsor clustershave to be constantlyrefined.This requiresefficient algo-
rithms for decentralisedsensor-dataclusteringin a distributedmulti-agentsystem.A method
for groupingnetworkedagentswith similar objectivesor datawithout collectingtheminto a
centraliseddatabaseis presentedby Ogstonet al. [12], andshows very goodscalabilityand



speedin comparisonwith thek-meansclusteringalgorithm.It employs a heuristicfor break-
ing largeclusterswhenrequired,anda sophisticatedtechniquedynamicallymatchingagents
objectives,representedasconnectionsin themulti-agentnetwork.

However, decentralisedclusteringalgorithmsdeployed in multi-agentnetworks arehard
to evaluatepreciselyfor the reasonof the diminishedpredictability broughtaboutby self-
organisation.In particular, it is hardto predictwhentheclusterformationwill converge to a
stableconfiguration.Suchapredictiveability is,however, importantfor decidingwhetherclus-
terswill form in time for multi-agentdiagnostics,beinga prerequisitefor theoverall damage
propagationprognosis.Thespecificobjective of this paperis an identificationandevaluation
of potentialpredictorsfor theconvergencetimeof dynamicclusterformation.

In achieving this goal,weanalysetwo levelsof multi-agentdynamics:macro-level, where
coordinationpatternsform andcanbeobserved,andmicro-level, wherethe inter-agentmes-
sagesareexchanged,creatinga multi-agentcommunicationspace.We considerirregularity
of the inter-agentcommunicationspace,andproposeit asa possiblepredictorfor our task.
Thispredictoris estimatedvia thegeneralised“correlationentropy” � � of theunderlyingtime
series:thetraffic volumeof inter-agentcommunications.Theestimatesareshown to becorre-
latedwith theconvergencetimeof clusterformation.

The experimentsrequiredto evaluatethe predictorwerecarriedout on a self-monitoring
sensorandcommunicationnetwork developedCSIRO-NASA “Ageless”AerospaceVehicle
(AAV) project,in the context of StructuralHealthManagement(SHM). The AAV project is
briefly describedin thenext section,followedby a simplifiedversionof a decentralisedadap-
tive clusteringalgorithmdevelopedfor evaluationpurposes.Section3 presentsthe proposed
predictorfor the convergencetime of clusterformation,followed by a discussionof the ob-
tainedresultsandfuturework.

2 Adaptive Clustering in Self-organising SHM Networks

Structuralhealthmonitoringandmanagementof complex, safety-criticalstructuressuchas
aerospacevehicleswill ultimately requirethe developmentof intelligent networks systems
thatcanprocessthedatafrom largenumbersof sensors;evaluateanddiagnosedetecteddam-
age; form a prognosisfor the damagedstructure;make decisionsregarding responseto or
repairof thedamage;initiate therequiredactionsandmonitor their effectiveness[13,3]. Re-
cently, severalessentialconceptsfor self-organisingSHM networksaswell astheir desirable
characteristics,suchasrobustness,reliability andscalability, havebeenidentifiedin thelitera-
ture[13,14]. Someof theseconceptsarebeingdeveloped,implementedandtestedin theAAV
ConceptDemonstrator(AAV-CD): a hardwaremulti-cellularsensingandcommunicationnet-
work whoseaim is to detectandreactto impactsby projectilesthat, for a vehicle in space,
mightbemicro-meteoroidsor spacedebris.A stand-aloneAsynchronousSimulatorcapableof
simulatingtheAAV-CD dealingwith someenvironmentaleffectssuchasparticleimpactsof
variousenergieshasbeendevelopedandusedin thereportedexperiments.Thedamagesens-
ing network may consistsof “cells” (agents)that not only form a physical shell (“skin”) for
a structure(e.g.,an aerospacevehicle),but alsohave passive sensorsdetectingelasticwaves
generatedin the “skin” by impacts;andelectronicmodules,acquiringdatafrom thesensors,
running the agentsoftwareandcontrolling the communicationswith its neighbouringcells.
Importantly, a cell shouldcommunicateonly with immediateneighbours,eliminatingsingle
critical pointsof failure:all dataareprocessedlocally, andonly informationrelevant to other
regionsof thestructureis communicated.



Singlecells may detectimpactsandtriangulatetheir locations,while collectionsof cells
maysolvemorecomplex tasks.Someresponsescouldbepurelylocal,while somemayrequire
emergenceof dynamicreconfigurablestructures,with somecellstakingtherolesof “local hi-
erarchs”.A cluster-headmay be dynamicallyselectedamongthe setof nodesandbecomea
local coordinatorof transmissionswithin thecluster. A typicalSHM taskmayrequireimpact-
dataclusters,logically groupingthecellswhichdetectedimpactswith energieswithin acertain
band(e.g.,non-criticalimpacts).Moreover, clusterswould form andre-formwhennew dam-
ageis detectedon thebasisof local sensorsignals.Importantly, a clusterformationalgorithm
shouldberobustto changescausedby new impacts,cells’ failuresandpossiblerepairs.

As pointedout earlier, our maingoal is not a new clusteringmethodper se, but ratheran
analysisof a representative clusteringtechniquein a dynamicanddecentralisedmulti-agent
setting,exemplifiedby theAAV sensorandcommunicationnetwork, in termsof predictability
of its convergencetime. Therearesomeimportantspecificdetailsof our experimentalsetup
which mayberelevant to othermulti-agentnetworks:a particularcommunicationinfrastruc-
turewhereeachcell is connectedonly to immediateneighbours;constraintson thecommuni-
cationbandwidth;dynamicscenarioswheredensityof eventsmayvaryin timeandspace;ade-
centralisedarchitecturewithoutabsolutecoordinatesor id’sof individualcellsona large-scale
multi-cellularskin.To staywithin agenericframework, weabstractedawayalmostall sensor-
datafeatures.For example,insteadof consideringtime-domainor frequency-domainimpact
data,detectedand/orprocessedby cell sensors[13], werepresentacell sensoryreadingwith a
singleaggregatedvalue(“impact-energy”), define“dif ferences”betweencells in termsof this
value,andattemptto clustercells while minimising these“dif ferences”.This approachcan
berelatively easilyextendedto caseswhere“dif ferences”aredefinedin a multi-dimensional
space.In short,our focusis on inter-agentcommunicationsrequiredby a decentralisedclus-
teringalgorithm,dynamicallyadaptingto changes,andtheconvergencetime.

2.1 Dynamic Cluster Formation Algorithm

The algorithminput canbe describedasa series(a flux) of events(impacts)detectedat dif-
ferenttimesandlocations,while the output is a setof non-overlappingclusters,eachwith a
dedicatedcluster-head(anetwork cell) andaclustermapof its followers(cellswhichdetected
theimpacts)in termsof their sensor-dataandrelative coordinates.Thealgorithmis described
elsewhere[11] and involves a numberof inter-agentmessagesnotifying agentsabouttheir
sensorydata,andchangesin their relationshipsandactions.For example,anagentmaysend
a recruit messageto anotheragent,delegatethe role of cluster-headto anotheragent,or de-
clare“independence”by initiating anew cluster. Mostof theseandsimilardecisionsarebased
on the clusteringheuristicdescribedby Ogstonet al. [12], anda dynamicoffset range.This
heuristicdeterminesif aclustershouldbesplit in two, andthelocationof this split.

Eachcluster-head(initially, eachagent)broadcastsits recruit messageperiodically, with a
broadcasting-period,affectingall agentswith valueswithin aparticulardynamicoffset � of the
impact-energy data� detectedby thisagent.Every recruitmessagecontainsthesensor-dataof
all currentfollowersof thecluster-headwith their relative coordinates(a clustermap).Under
certainconditions,anagent,which is nota follower in any cluster, receiving a recruitmessage
becomesa follower, stopsbroadcastingits own recruit messagesandsendsits informationto
its new cluster-headindicatingits relative coordinatesandthe sensor-data � . However, there
aresituationswhenthereceiving agentis alreadya follower in someclusterandcannotaccept
a recruit messageby itself — a recruit disagreement.In this case,this agentforwards the
received recruitingrequestto its presentcluster-head.Every cluster-headwaits for a certain



period,collectingall suchforward messages,at the endof which the clusteringheuristicis
invokedontheunionsetof presentfollowersandall agentswho forwardedtheirnew requests.

Firstly, all � agentsin thecombinedlist aresortedin decreasingorderaccordingto their
impact-energy value � . Then,a seriesof all possibledivisionsin theorderedsetof agentsis
generated.That is, thefirst orderingis a clusterwith all agentsin it; thesecondorderinghas
the agentwith the largestvaluein the first clusterandall otheragentsin the secondcluster;
andsoforth (the � -th division hasonly the last � -th agentin thesecondcluster).For eachof
thesedivisions,thequalityof clusteringis measuredby thetotal squareerror:� ���� �� � � � ������ �"! #%$ �'&)(

� * � $ �,+
where - is a numberof consideredclusters(- �/. whenonly onesplit is considered),0 � * �
arethe clustersresultingfrom a particulardivision and ( � * � is the meanvalueof the cluster0 � * � . We divide

� �
valuesby their maximumto get a seriesof normalisedvalues.Thenwe

approximatethesecondderivative of thenormalisederrorsperdivision:1 2 243 � ��657� 3 � ��98 �;: � ���< � & . � ��65>=@? � +
where ?A� �B . If thepeakof thesecondderivative is greaterthansomethresholdfor adivisionC
, wesplit thesetaccordingly;otherwise,thesetwill remainasonecluster.

The cluster-headwhich invoked the heuristicnotifies new cluster-headsabouttheir ap-
pointment,and sendstheir clustermapsto them: a cluster-information message.When the
clusteringheuristicis applied,it may produceeitheroneor two clustersasa result.If there
aretwo clusters,theoffsetof eachnew cluster-headis modified.It is adjustedin sucha way
thatthecluster-headof the“smaller” agents(henceforth,referenceslike “larger” or “smaller”
arerelative to thevalue � ) cannow reachup to, but not including,the“smallest”agentin the
clusterof “larger” agents.Similarly, the cluster-headof “larger” agentscannow reachdown
to, but not including,the“largest”agent(thecluster-head)of theclusterof “smaller” agents.
Theseadjustedoffsetsaresentto thenew cluster-headsalongwith their clustermaps.

Thereareotherauxiliary messagesinvolved in the algorithmbut importantly, the cluster
formation is driven by threetypes:recruit, cluster-information, and forward messages.The
first two typesareperiodic,while thelattertypedependsonly on thedegreeof disagreements
amongcluster-heads.Ontheonehand,if therearenodisagreementsin clustering(for instance,
if a clusteringheuristicresultedin optimal splits even with incompletedata),then thereis
no needin forward messages.On the otherhand,whencluster-headsfrequentlydisagreeon
formed clusters,the forward messagesare common.In short, it is preciselythe numberof
forward messagestracedin time — thetraffic volumeof inter-agentcommunications— that
we hopemayprovide anunderlyingtime seriesDFEHGJI for our prognosticanalysis,asit exhibits
bothperiodicandchaoticfeatures.

The quality of clusteringis measuredby the weightedaverageclusterdiameter[23], but
thealgorithmdoesnot guaranteea convergenceminimisingthis criterion.In fact,it maygive
differentclusteringsfor the samesetof agentvalues,dependingon the physical locationsof
the impactpoints.The reasonis a differentcommunicationflow affecting the adjustmentof
theoffsets.Eachtime theclusteringheuristicis executedin anagent,its offsetsareeitherleft
aloneor reduced.Thescopeof agentsinvolvedin theclusteringheuristicdependsontheorder
of messagepassing,which in turn dependson thephysical locationsof impacts.Theadjusted
offsetsdeterminewhich agentscanbereachedby a cluster-head,andthis will affect theresult



of clustering.Therefore,for any setof agentvalues,therearecertainsequencesof eventswhich
yield betterclusteringresultsthanothers.

Weconductedextensivepreliminarysimulationsto determinewhetherthealgorithmis ro-
bust andscaleswell in termsof the quality of clusteringandconvergence,measuredby the
numberof times the clusteringheuristicwas invoked beforestability is achieved with each
dataset[11]. Severalscenarioswereconsidered.Thefirst scenariokeptthenetwork sizecon-
stant,while increasingthenumberof impactsdetectedwithin it. Thesecondscenario,on the
contrary, fixed thenumberof impacts,while increasingthenetwork size.In otherwords,the
densityof impactswasincreasingin the first case,anddecreasingin the second.Finally, we
developedscenarioswhereimpactsappearperiodically, with varyingperiods.While thesim-
ulationresultsshow thatthealgorithmconvergesandscaleswell in all cases,andin addition,
is robustto dynamicsof thesensor-dataflux, theconvergencetimevariessignificantly(Figure
1), withoutobviousindicative patterns.
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Fig. 1. VaryingconvergencetimesLNM for O differentexperiments,
�QPSRTP O .

In the remainderof thepaperwe focuson our mainobjective: predictionof theconvergence
time U , basedonregularityof aninitial segmentV +XW W W +ZY , where

Y\[ U , of the“communication-
volume”seriesDFE 3^] 5 I , whereE 3^] 5 is thenumberof forward messagesat time

]
.

3 The _/`>a�b\c predictor: Entropy of multi-agent communication-volume

Theobservedvariability of differentcommunication-volumetime seriesmayindicatethatthe
underlyingdynamicsin thephase-spaceincludesbothunstableperiodicandchaoticorbits,and
anunstablefixed-point.It is known thatin many experiments,timeseriesoftenexhibit irregular
behavior duringaninitial interval beforefinally settlinginto anasymptoticstatewhich is non-
chaotic[1] — in ourcase,eventuallyconvergingto afixed-point(E6d � V ). Theirregularinitial
partof theseriesmay, nevertheless,containvaluableinformation:this is particularlytruewhen



the underlyingdynamicsis deterministicandexhibits transientchaos[1, 7]. We believe that
thedescribedalgorithmfor dynamicclusterformation,employing theclusteringheuristicand
adjustmentsof theoffset � , createsmulti-agenttransientchaoticdynamics.

Our plan is simple: for eachexperiment e , a) selectan initial segmentof length
Y

of
the time series,DFE6f g@I ; b) estimateits generalisedentropy �ih 3 Y 5 g for a rangeof estimation-
dependentparameters(seethe descriptionbelow). Then,c) given the estimates� h 3 Y 5 g for
all the experiments,correlatethemwith the observed convergencetimes U g , e.g.,by usinga
linear regressionU �kj :ml �nh 3 Y 5 andthecorrelationcoefficient o betweentheseriesD�U g I
and DF� � 3 Y 5 g I . This would allow usto predictthe time U g of convergenceto E g 3 U g 5p� V , asU g �qj :il �nh 3 Y 5 g .

A simplecharacterisationof the “regularity” of the communicationspaceis provided by
theauto-correlationfunctionof anintegerdelayr :s g 3 r 5n� f�G ��t 8 ��u E g 3^] &)r 5 & E g4v u E g 3^] 5 & E g4v = f� G � �wu E g 3^] 5 & E g4v � W (1)

Theauto-correlationis obviously limited to measuringonly lineardependencies,andwe con-
siderinsteadamoregeneralandelaborateapproach.Oneclassicalmeasureis theKolmogorov-
Sinai(KS) entropy, alsoknown asmetricentropy [8,9,18]: it is ameasurefor therateatwhich
informationaboutthestateof thesystemis lost in thecourseof time. In otherwords,it is an
entropy per unit time, or an “entropy rate”. Supposethat the xN& dimensionalphasespaceis
partitionedinto boxesof size y6z . Let { � |9} } } � ~F�6� be the joint probability that a trajectoryis in
box ��� at time V , in box � � at time � ] , W W W , andin box � z < � at time

3 x�&q� 5 � ] , where� ] is the
time interval betweenmeasurementson thestateof thesystem(in our case,we mayassume� ] � � , andomit thelimit � ]p� V in thefollowing definitions).TheKS entropy is definedby� � &�� � �� G ��� � � �� ��� � � �z ��� �x�� ] �� |9} } } � ~F�6� {

� |9} } } � ~J�6� � ��{ � |9} } } � ~J�6� + (2)

andmoreprecisely, asa supremumof � on all possiblepartitions.This definition hasbeen
generalisedto theorder-� Rényi entropies� h [16]:�ih � &�� � �� G ��� � � �� ��� � � �z ��� �x�� ]w3 �@&)� 5 ��� �� |9} } } � ~F�6� { h

� |9} } } � ~F�6� W (3)

It is well-known that � � V in anorderedsystem,� is infinite in arandomsystem,and� is a
positive constantin a deterministicchaoticsystem.GrassbergerandProcaccia[4] considered
the “correlationentropy” � � in particular, andcapitalisedon the fact ����� � in establish-
ing a sufficient conditionfor chaos� ��� V . The Grassberger andProcaccia(GP) algorithm
estimatestheentropy � � asfollows:� � � � � �� ��� � ���z ��� � � �� ��� � ��� z 34� + y 5� z 8 � 3^� + y 5 + (4)

where� z 3 y 5 is thecorrelationintegral:

� z 3^� + y 57� �3^� &�� 5 �
�� � � �

�� � � �¡  3 y�& $9¢Q£ & ¢¥¤�$ 5 W (5)

Here   is theHeavisidefunction(equalto V for negative argumentand � otherwise),andthe
vectors¢ £ and¢ ¤ containelementsof theobservedtimeseriesDFE 3^] 5 I , “converting” or “recon-
structing” thedynamicalinformationin one-dimensionaldatato spatialinformationin the x -
dimensionalembeddingspace:¢@¦ � 3 E	§ + E	§ 8 � + E	§ 8 � +XWXWwW�+ E%§ 8 z < � 5 [19]. Thenorm $�¢ £ & ¢ ¤ $



is thedistancebetweenthevectorsin the x -dimensionalspace,e.g.,themaximumnorm[20]:

$9¢ £ & ¢ ¤ $ � z < ��A¨F©t�� � 3 E
� 8 t &)E �98 t 5 (6)

Put simply, � z 3 y 5 computesthe fraction of pairsof vectorsin the x -dimensionalembedding
spacethat are separatedby a distanceless than or equal to y . In order to eliminateauto-
correlationeffects,the vectorsin Equation(5) shouldbe chosento satisfy ª �p& C ª �¬« , for
somepositive « , andat thevery least�p­� C

[21]. Sincewe consideronly aninitial segmentof
thetimesseries,wesimply set

� � Y
in theEquation(5), estimatingtheentropy as

� � 3 x + y +ZY 57� � ��� z 3 Y'+ y 5� z 8 � 3 Y'+ y 5
W

(7)

Now we only needto identify theembeddingdimension ®x andthedistance®y which maximise
thecorrelationcoefficient for e experiments,o 3 DFU g I + DF� � 3 x + y +ZY 5 g I 5 , overarangeof x andy ,
anddesignate � � 3 Y 5 g � � � 3 ®x + ®y +ZY 5 g W (8)

At this stagewe needto make a commenton the correlationdimension.Within certain
rangesof y and x , the correlationintegral � z 3 y 5 may be proportionalto somepower of y ,� z 3 y 5Q¯ y	° [5]. This power ± is calledthecorrelationdimension.If thedynamicalprocessis
unfoldedby choosingasufficiently largex � x ° , atypicalslopeof theplot � � � z 3 y 5 versus� ��y
becomesindependentof x . We observed(seethenext section)that this minimumembedding
dimensionx ° is notnecessarilytheembeddingdimension ®x maximisingthepredictor� � 3 Y 5 ,
but apossibleconnectionis intriguing.

Thecorrelationdimensionprovidesusefulinformationaboutthelocalstructureof thepro-
cessandis aneffective measureof its (possiblyfractal) size:in particular, a randomprocess
hasan“infinite” correlationdimension(its orbit is not expectedto have any spatialstructure).
In contrast,thecorrelationdimensionfor aperiodicorbit is � , while it couldbehigherfor some
non-regularprocesses.A non-integer ± [ � is anindicationof astrangechaoticattractor[5]. It
is worth pointingout that theGPalgorithmcanbeusedto estimatethecorrelationdimension
of underlyingchaotictransients[1].

4 Experimental Results

Theexperimentsincludede � � +wW W�W + . V runsof theclusteringalgorithm,tracingthecommuni-
cation-volumetimeseriesDFEHGJI . As expected,theauto-correlationfunctions g 3 r 5 , Equation(1),
did notadvanceusin ourexperiments:thehighestcorrelationcoefficientbetweenconvergence
timesU g andauto-correlationss g 3 r 5 , for a rangeof delaysr , wasonly V W ² . .

Wethenselectedaninitial segment
Y �m³ V´V , andcomputedcorrelationintegrals� z 3 ³ V´V + y 5for a wide rangeof embeddingdimensions(x [¶µ¸·

) anddistances( ��¹ºy)¹¶�¸V¸V´V , a median
standarddeviation of DFENI g beingabout �´V¸V ). A plot � � � z 3 y 5 versus� ��y is shown in Figure
2, illustrating the time seriesdepictedin the top-left of Figure1 (a quickly convergedseries,U �¶³ � ² ). We canobserve threewell-known regions:1) the lower region distortedby fluc-
tuationsdueto thesmall numberof points,2) a linear “scaling” region wherethepower law� z 3 y 5»¯ y	° holds,and3) theupperregiondistorteddueto thefinite sizeof theprocess.There
arealsoanomalousshouldersin thecorrelationintegraldueto remainingautocorrelationin the
time-seriesdata[22]. We observed thatquickly convergedserieshave anearlieronsetof the



upperregion thanslowly convergedseries.Theplot stronglyindicatesa transientmulti-mode
process,andsuggeststhepossibilityof extractingmeaningfulpredictors� � 3 Y 5 g , specifiedby
Equations(7)-(8).
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Given dataof e experiments:the Ê -dimensionalarray � � 3 x + y +ZY 5 g for varying x and y ,
andeache , thecorrelationcoefficient o 3 DFU g I + D�� � 3 x + y +ZY 5 g I 5 wasdeterminedfor the range
of x and y . It is shown in Figure3, clearlyreachingmaximumat embeddingdimensionsËÌ¹xi¹k�´V , almostuniformly for all thedistancesy . Themaximum(o � V W ·´µ¸· Ê ³ ² ) wasattained
at ®x � Ë and ®y �Í³ � , andis a very encouragingcorrelationvalue.Figure4 shows the linear
regressionbetweenD�U g I and D�� � 3 Y 5 g I , wherethelatteris selectedaccordingto theEquation
(8) for theidentified ®x and ®y .

5 Conclusions and Future Work
Weconsidereddecentralisedanddynamicclusterformationin multi-agentsensorandcommu-
nicationnetworks,proposedandexperimentallyevaluatedapredictorfor theconvergencetime
of clusterformation.Thepredictor� � 3 Y 5 is basedonthegeneralised“correlationentropy” (a
lower boundof Kolmogorov-Sinaientropy) of thevolumeof theinter-agentcommunications.
Theresultsindicatethat � � 3 Y 5 canbewell correlatedwith thetime of clusterformation.The
predictor�nh 3 Y 5 canalsobeconsideredfor otherorders� , andthiswork is ongoing.

The dynamiccluster formation may be interpretedin self-referentialterms: inter-agent
messagescontribute to emergenceof clusterhierarchiesat macro-level, andat thesametime
aresignificantlyinfluencedby thematmicro-level. Suchaninterdependency canalsobechar-
acterisedin termsof tangledhierarchiesexhibiting StrangeLoops[6]: “an interactionbetween
levels in which the top level reachesbackdown towardsthe bottomlevel and influencesit,
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while at thesametimebeingitself determinedby thebottomlevel”. Theobservedmulti-agent
transientchaoticdynamicsmayappearpreciselydueto this self-referentiality.

Theperformanceof thepredictor� � 3 Y 5 providesaverygoodsupportfor deploying other,
moresophisticatedalgorithmsin thesensingnetworks.Thedensity-basedalgorithmsmaypar-
ticularly be relevant in our application:e.g.,DBSCAN algorithmwould allow us to discover
clusterswith arbitraryshape[2].

Acknowledgements Theauthorsaregratefulto EdGenerazioandWilliam Prosser(NASA
Langley ResearchCenter),DanielPolani(Universityof Hertfordshire),FrankHorowitz (CSIRO
ExplorationandMining), andto othermembersof the AAV team,especiallyDon Priceand
Tony Farmer(CSIRO IndustrialPhysics),for their encouragementandinsightful comments.

References
1. Dhamala,M., Lai, Y.C., Kostelich,E.J. Analysesof transientchaotictime series.PhysicalReview

E, 64,056207,1–9,2001.
2. Ester, M., Kriegel,H., Sander, J.,andXu, X. A Density-BasedAlgorithm for DiscoveringClusters

in LargeSpatialDatabaseswith Noise. The2ndInternationalConferenceon KnowledgeDiscovery
andDataMining, 226-231,1996.

3. Foreman,M., Prokopenko, M., Wang,P. PhaseTransitionsin Self-organisingSensorNetworks.
Banzhaf,W., Christaller, T., Dittrich, P., Kim, J.T. Ziegler, J. (Eds.)Advancesin Artificial Life -
Proceedingsof the7thEuropeanConferenceonArtificial Life, 781–791,LNAI 2801,Springer, 2003.

4. Grassberger, P. andProcaccia,I. Estimationof theKolmogorov entropy from achaoticsignal.Phys-
ical Review A, 28(4):2591,1983.

5. Grassberger, P. andProcaccia,I. Characterizationof strangeattractors. PhysicalReview Letters,
50:346–349,1983.

6. Hofstadter, D.R. Godel,Escher, Bach: AnEternalGoldenBraid. New York: VintageBooks,1989.
7. Jánosi,I.M., andTél, T. Time seriesanalysisof transientchaos. PhysicalReview E, 49(4):2756–

2763,1994.



0.16

0.18

0.2

0.22

0.24

0.26

0.28

0.3

400 500 600 700 800 900 1000

C
or

re
la

tio
n 

E
nt

ro
py

 K
2

Convergence Time T

Fig. 4. ThelinearregressionbetweenÐ�LNM�Ñ and Ð�
 � Á ÓpÃXM�Ñ .
8. Kolmogorov, A.N. A new metric invariantof transientdynamicalsystemsandautomorphismsin

Lebesguespaces.DokladyAkademiiNaukSSSR, 119:861-864(Russian),1958.
9. Kolmogorov, A.N. Entropy perunit timeasametricinvariantof automorphisms.DokladyAkademii

NaukSSSR, 124:754–755(Russian),1959.
10. Lin R.,andGerla,M. AdaptiveClusteringfor Mobile WirelessNetworks. IEEEJournalonSelected

Areasin Communications, 1265–1275,September1997.
11. Mahendrarajah,P., Prokopenko, M., Wang,P., Price,D.C. TowardsAdaptive Clusteringin Self-

monitoringMulti-Agent Networks. The9th InternationalConferenceon KnowledgeBasedandIn-
telligentInformationandEngineeringSystems(KES-2005),Melbourne,Australia,September2005.

12. OgstonE., Overeinder, B., Van Steen,M., andBrazier, F. A Methodfor DecentralizedClustering
in LargeMulti-Agent Systems.The2ndInternationalJointConferenceon AutonomousAgentand
Multi AgentSystems,798–796,2003.

13. Price,D.C.,Scott,D.A., Edwards,G., Batten,A., Farmer, A.J.,Hedley, M., Johnson,M., Lewis, C.,
Poulton,G.,Prokopenko, M., Valencia,P., Wang,P. An IntegratedHealthMonitoringSystemfor an
AgelessAerospaceVehicle.4th Int’ l WorkshoponStructuralHealthMonitoring,Stanford,2003.

14. Prokopenko, M., Wang,P.., Price,D.C., Valencia,P., Foreman,M., Farmer, A.J. Self-organising
Hierarchiesin SensorandCommunicationNetworks. To appearin Artificial Life, Specialissueon
DynamicHierarchies,2005.

15. Rasmussen,S.,Baas,N.A., Mayer, B., Nilsson,M., andOlesen,M.W. Ansatzfor DynamicalHier-
archies.Artificial Life, vol. 7, 4, 2001.
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