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Abstract. Efficienthierarchicabrchitecturegor reconfigurabl@endadaptve multi-agent
networks requiredynamicclusterformationamongthe setof nodes(agents)In the ab-
senceof centraliseccontrollers this procescanbe describedasself-oiganisationof dy-
namic hierarchieswith multiple clusterheadsemeging asa resultof interagentcom-
munications Decentralisedtlusteringalgorithmsdeplo/ed in multi-agentnetworks are
hardto evaluatepreciselyfor the reasonof the diminishedpredictability broughtabout
by self-oiganisation.In particulay it is hardto predictwhenthe clusterformationwill
corveme to a stableconfiguration.This paperproposesand experimentallyevaluatesa
predictorfor theconvergencetiime of clusterformation,basedbnaregularity of theinter
agentcommunicationspaceas the underlying parameterThe resultsindicate that the
generalisedcorrelationentropy” K, (alower boundof Kolmogoros-Sinai entropy) of
thevolumeof theinteragentcommunicationganbe correlatedwith thetime of cluster
formation,andcanbeusedasits predictor

1 Introduction

Dynamic creationand maintenancef “optimal” hierarchiesn large dynamicnetworksis a
well-recognisedhallengelt appearsn mary differentcontets, e.g.,asdynamichierarchies
in Artificial Life [15], coalition formationin Agent-basedsystemd17], decentralisectlus-
teringin Multi-Agent Systemd12], dynamicclusterformationin Mobile Ad Hoc Networks
[10], etc.In this paperwe considera sub-problenfrom this class:dynamicclusterformation
in a sensorand communicatiometwork without centralisedcontrollers.This processcanbe
describedasself-oganisationof dynamichierarchiesyith multiple clusterheadsemeging as
aresultof interagentcommunicationsimportantly the emphasidgs on rulesof interactions
(or communicatiorprotocols)betweertheengagedowerlevel entities(cells,agentsnetwork
nodes.etc.) andthe structuresand patternsemeging at a higherlevel (multi-cellular bound-
aries,multi-agentcoalitions,local hierarchsor clusterheadsetc.).

In generalthe clusteringof sensomataaimsat groupingentitieswith similar characteris-
tics togethersothat main trendsor unusualpatternamay be discorered.Self-olganisingclus-
ter formationin multi-agentnetworks/system#astwo specificprimary challengesa) decen-
tralisedclustering:evenif a correctclassificatiorcanbe determinedvith theincompleteinfor-
mationavailable,thelocationof itemsbelongingto a classalsoneedso be discovered,“data
is widely distributed, datasetsare volatile, or dataitems cannotbe compactlyrepresented
[12], and;b) dynamic(on-line) clustering:new eventsmayrequirereconfiguratiorof clusters:
the resulting patternsor clustershave to be constantlyrefined. This requiresefficient algo-
rithmsfor decentralisedensorataclusteringin a distributed multi-agentsystem A method
for groupingnetworked agentswith similar objectvesor datawithout collectingtheminto a
centraliseddatabasés presentedy Ogstonet al. [12], and shawvs very good scalabilityand



speedn comparisorwith the k-meansclusteringalgorithm. It employs a heuristicfor break-
ing large clusterswhenrequired,anda sophisticatedechniquedynamicallymatchingagents
objectives,representedsconnectionsn the multi-agentnetwork.

However, decentraliseatlusteringalgorithmsdeployed in multi-agentnetworks are hard
to evaluatepreciselyfor the reasonof the diminishedpredictability broughtaboutby self-
organisation.In particular it is hardto predictwhenthe clusterformationwill corvergeto a
stableconfiguration Suchapredictive ability is, however, importantfor decidingwhetherclus-
terswill form in time for multi-agentdiagnosticsheinga prerequisitefor the overall damage
propagtion prognosis.The specificobjectie of this paperis anidentificationandevaluation
of potentialpredictorsfor the corvergencetime of dynamicclusterformation.

In achieving this goal, we analysewo levels of multi-agentdynamicsmacro-level, where
coordinationpatternsform andcanbe obsered, andmicro-level, wherethe interragentmes-
sagesare exchangedgcreatinga multi-agentcommunicationspace We considerirregularity
of the interagentcommunicatiorspace and proposeit asa possiblepredictorfor our task.
This predictoris estimatedsia thegeneralisedcorrelationentropy” K> of theunderlyingtime
seriesthetraffic volumeof inter-agentcommunicationsThe estimatesareshavn to becorre-
latedwith the corvergencetime of clusterformation.

The experimentsrequiredto evaluatethe predictorwere carriedout on a self-monitoring
sensorand communicatiometwork developedCSIRO-NASA “Ageless” AerospacéV/ehicle
(AAV) project,in the contet of StructuralHealthManagemen{SHM). The AAV projectis
briefly describedn the next section followedby a simplified versionof a decentraliseddap-
tive clusteringalgorithmdevelopedfor evaluationpurposesSection3 presentghe proposed
predictorfor the corvergencetime of clusterformation,followed by a discussiorof the ob-
tainedresultsandfuturework.

2 Adaptive Clustering in Self-organising SHM Networks

Structuralhealthmonitoring and managemenof comple, safety-criticalstructuressuchas
aerospaceehicleswill ultimately requirethe developmentof intelligent networks systems
thatcanprocesgshe datafrom large numbersof sensorsevaluateanddiagnoseletecteddam-
age;form a prognosisfor the damagedstructure;malke decisionsregarding responseo or
repairof the damagejnitiate the requiredactionsand monitor their effectivenesg413, 3]. Re-
cently, several essentiatonceptdor self-oiganisingSHM networks aswell astheir desirable
characteristicssuchasrobustnessteliability andscalability have beenidentifiedin thelitera-
ture[13, 14]. Someof theseconceptarebeingdeveloped,implementedandtestedn the AAV
ConceptDemonstratofAAV-CD): a hardwaremulti-cellular sensingandcommunicatiomet-
work whoseaim is to detectandreactto impactsby projectilesthat, for a vehiclein space,
mightbemicro-meteoroider spacedebris.A stand-alonésynchronousSimulatorcapableof
simulatingthe AAV-CD dealingwith someernvironmentaleffects suchas particleimpactsof
variousenegieshasbeendevelopedandusedin the reportedexperiments The damagesens-
ing network may consistsof “cells” (agents)hat not only form a physical shell (“skin”) for
a structure(e.g.,an aerospac@ehicle),but alsohave passie sensorsletectingelasticwaves
generatedn the “skin” by impacts;andelectronicmodules,acquiringdatafrom the sensors,
running the agentsoftware and controlling the communicationswith its neighbouringcells.
Importantly a cell shouldcommunicateonly with immediateneighboursgliminating single
critical pointsof failure: all dataareprocessedbcally, andonly informationrelevantto other
regionsof the structurels communicated.



Single cells may detectimpactsand triangulatetheir locations,while collectionsof cells
maysolve morecomple tasks.Someresponsesouldbepurelylocal, while somemayrequire
emepgenceof dynamicreconfigurablestructureswith somecellstakingtherolesof “local hi-
erarchs”.A clusterheadmay be dynamicallyselectedamongthe setof nodesandbecomea
local coordinatorof transmissionsvithin thecluster A typical SHM taskmay requireimpact-
dataclusters)ogically groupingthecellswhich detectedmpactswith enegieswithin acertain
band(e.g.,non-criticalimpacts).Moreover, clusterswould form andre-formwhennev dam-
ageis detectedn the basisof local sensoisignals.Importantly a clusterformationalgorithm
shouldberobustto changesausedy new impacts cells’ failuresandpossiblerepairs.

As pointedout earlier our maingoalis not a new clusteringmethodper sg but ratheran
analysisof a representate clusteringtechniquein a dynamicand decentralisednulti-agent
setting,exemplifiedby the AAV sensoandcommunicatiometwork, in termsof predictability
of its corvergencetime Thereare someimportantspecificdetailsof our experimentalsetup
which may be relevantto othermulti-agentnetworks: a particularcommunicatiorinfrastruc-
turewhereeachcell is connectednly to immediateneighboursgonstraintson the communi-
cationbandwidthdynamicscenariosvheredensityof eventsmayvaryin timeandspaceade-
centralisedarchitecturevithout absolutecoordinate®r id’s of individual cellsonalarge-scale
multi-cellularskin. To staywithin a genericframeavork, we abstractedway almostall sensor
datafeaturesFor example,insteadof consideringtime-domainor frequeng-domainimpact
data,detectecand/orprocessedby cell sensorgl3], we represena cell sensoryreadingwith a
singleaggreatedvalue (“impact-enegy”), define“dif ferences’betweercellsin termsof this
value,and attemptto clustercells while minimising these"dif ferences”.This approachcan
be relatively easilyextendedto casesvhere“differences aredefinedin a multi-dimensional
spaceln short,our focusis on interagentcommunicationsequiredby a decentralisedlus-
teringalgorithm,dynamicallyadaptingto changesandthe corvergencetime.

2.1 Dynamic Cluster Formation Algorithm

The algorithminput canbe describedasa series(a flux) of events(impacts)detectedat dif-
ferenttimesandlocations,while the outputis a setof non-overlappingclusters,eachwith a
dedicatedtlusterhead(a network cell) anda clustermapof its followers(cellswhich detected
theimpacts)in termsof their sensotdataandrelative coordinatesThe algorithmis described
elsavhere[11] andinvolves a numberof interagentmessagesiotifying agentsabouttheir
sensorydata,andchangesn their relationshipsandactions.For example,anagentmay send
arecruitmessageo anotheragent,delegate the role of clusterheadto anotheragent,or de-
clare“independenceby initiating a new cluster Most of theseandsimilar decisionsarebased
on the clusteringheuristicdescribedoy Ogstonet al. [12], anda dynamicoffsetrange.This
heuristicdeterminesf aclustershouldbesplitin two, andthelocationof this split.
Eachclusterhead(initially, eachagent)broadcast#s recruit messag@eriodically with a
broadcasting-period@ffectingall agentswith valueswithin aparticulardynamicoffsete of the
impact-enggy dataz detectedy this agentEvery recruitmessageontainghe sensowataof
all currentfollowersof the clusterheadwith their relative coordinatega clustermap).Under
certainconditions,anagentwhichis notafollowerin ary cluster receving arecruitmessage
becomes follower, stopsbroadcastingts own recruit messageandsendsts informationto
its new clusterheadindicatingits relative coordinatesandthe sensordatax. However, there
aresituationswvhenthereceving agentis alreadya followerin someclusterandcannotaccept
a recruit messagey itself — a recruit disagreementln this case,this agentforwards the
receved recruitingrequestto its presentclusterhead.Every clusterheadwaits for a certain



period, collectingall suchforward messagesat the end of which the clusteringheuristicis
invokedontheunionsetof presenfollowersandall agentavho forwardedtheir new requests.
Firstly, all n agentsn the combinedlist aresortedin decreasingrderaccordingto their
impact-enagy valuez. Then,a seriesof all possibledivisionsin the orderedsetof agentss
generatedThatis, the first orderingis a clusterwith all agentsn it; the secondorderinghas
the agentwith the largestvaluein the first clusterandall otheragentsin the secondcluster;
andsoforth (the n-th division hasonly the lastn-th agentin the secondcluster).For eachof
thesedivisions,the quality of clusteringis measuredby the total squareerror:
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wherez is a numberof considerectlusters(z = 2 whenonly onesplit is considered)A; ;

arethe clustersresultingfrom a particulardivision andm;_; is the meanvalue of the cluster
A; ;. We divide £? valuesby their maximumto geta seriesof normalisedvalues.Thenwe
approximatehe secondderivative of the normalisederrorsperdivision:
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whereh = L. If thepeakof theseconderivative is greaterthansomethresholdfor adivision
j, we split the setaccordingly;otherwise the setwill remainasonecluster

The clusterheadwhich invoked the heuristic notifies new clusterheadsabouttheir ap-
pointment,and sendstheir clustermapsto them: a clusterinformation messageWhenthe
clusteringheuristicis applied,it may produceeitherone or two clustersasa result.If there
aretwo clustersthe offset of eachnew clusterheadis modified.It is adjustedn sucha way
thatthe clusterheadof the “smaller” agentghenceforthyeferencedik e “larger” or “smaller”
arerelative to thevaluex) cannow reachup to, but notincluding, the “smallest”agentin the
clusterof “larger” agents Similarly, the clusterheadof “larger” agentscannow reachdown
to, but notincluding, the “largest” agent(the clusterhead)of the clusterof “smaller” agents.
Theseadjustedffsetsaresentto the new clusterheadsalongwith their clustermaps.

Thereare otherauxiliary messagesvolved in the algorithm but importantly the cluster
formationis driven by threetypes:recruit, clusterinformation andforward messagesThe
first two typesareperiodic,while thelattertype depend®only on the degreeof disagreements
amongclusterheadsOntheonehand,if thereareno disagreements clustering(for instance,
if a clusteringheuristicresultedin optimal splits even with incompletedata),thenthereis
no needin forward messagesOn the otherhand,whenclusterheadsfrequentlydisagreeon
formed clusters,the forward messagegsre common.In short, it is preciselythe numberof
forward messagetracedin time — the traffic volume of interragentcommunications— that
we hopemay provide anunderlyingtime series{v, } for our prognosticanalysisasit exhibits
bothperiodicandchaoticfeatures.

The quality of clusteringis measuredy the weightedaverageclusterdiameter{23], but
the algorithmdoesnot guarantee corvergenceminimising this criterion. In fact, it may give
differentclusteringsfor the samesetof agentvalues,dependingon the physical locationsof
the impactpoints. The reasonis a differentcommunicatiorflow affecting the adjustmenif
the offsets.Eachtime the clusteringheuristicis executedin anagent,its offsetsareeitherleft
aloneor reducedThescopeof agentsnvolvedin theclusteringheuristicdependontheorder
of messag@assingwhichin turn depend®on the physicallocationsof impacts.The adjusted
offsetsdeterminewvhich agentscanbereachedy a clusterhead,andthis will affecttheresult



of clustering.Thereforefor ary setof agentvaluestherearecertainsequencesf eventswhich
yield betterclusteringresultsthanothers.

We conductedextensie preliminarysimulationsto determinewvhetherthe algorithmis ro-
bustand scaleswell in termsof the quality of clusteringand corvergence measuredy the
numberof timesthe clusteringheuristicwas invoked before stability is achiered with each
dataset[11]. SeveralscenariosvereconsideredThefirst scenarickeptthe network sizecon-
stant,while increasinghe numberof impactsdetectedwithin it. The secondscenariopn the
contrary fixed the numberof impacts,while increasinghe network size.In otherwords,the
densityof impactswasincreasingn thefirst case,anddecreasingn the secondFinally, we
developedscenariosvhereimpactsappearperiodically with varying periods.While the sim-
ulationresultsshowv thatthe algorithmcorvergesandscaleswell in all casesandin addition,
is robustto dynamicsof the sensodataflux, the corvergencetime variessignificantly (Figure
1), without obviousindicative patterns.
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Fig. 1. VaryingcorvergencetimesT for 4 differentexperimentsl < s < 4.

In the remainderof the paperwe focuson our main objective: predictionof the convergence
time1", basednregularity of aninitial sggmento, ..., D, whereD < 7', of the“communication-
volume” series{v(t) }, whereuv(t) is thenumberof forward messageattime .

3 The K, (D) predictor: Entropy of multi-agent communication-volume

The obseredvariability of differentcommunication-glumetime seriesmayindicatethatthe
underlyingdynamicdn thephase-spadacludesbothunstablgeriodicandchaoticorbits,and
anunstabldixed-point.lt is known thatin mary experimentstime seriesoftenexhibit irregular
behaior duringaninitial interval beforefinally settlinginto anasymptoticstatewhichis non-
chaotic[1] — in ourcasegventuallyconvergingto afixed-point(vy = 0). Theirregularinitial
partof theserieamay, neverthelessgontainvaluableinformation:thisis particularlytruewhen



the underlyingdynamicsis deterministicand exhibits transientchaos[1, 7]. We believe that
thedescribedalgorithmfor dynamicclusterformation,employing the clusteringheuristicand
adjustment®f the offsete, createsnulti-agenttransientchaoticdynamics

Our plan is simple: for eachexperiments, a) selectan initial segmentof length D of
the time series,{vP}; b) estimateits generalisecntrory K,(D) for arangeof estimation-
dependenparametergseethe descriptionbelow). Then,c) given the estimatesi, (D), for
all the experimentscorrelatethemwith the obsened cornvergencetimesTy, e.g.,by usinga
linearregressionl’ = a + bK,(D) andthe correlationcoeficient p betweerthe series{T}}
and{K2(D),}. Thiswould allow usto predictthetime T; of cornvergenceto v,(T;) = 0, as
Ts =a+bKy(D)s.

A simplecharacterisationf the “regularity” of the communicatiorspaceis provided by
theauto-correlatiorfunctionof anintegerdelayr:

v(r) = Y st =7) =05 [os(t) =] / D _[vs(t) = T]* 1)
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Theauto-correlations obviously limited to measuringonly lineardependenciesndwe con-
siderinsteadamoregenerabndelaboratepproachOneclassicameasurés the Kolmogoros-
Sinai(KS) entroyy, alsoknown asmetricentropy [8, 9, 18]: it is ameasurdor therateatwhich
informationaboutthe stateof the systemis lostin the courseof time. In otherwords, it is an
entrofy per unit time, or an “entropy rate”. Supposehat the d—dimensionalphasespaceis
partitionedinto boxesof sizer<. Let P, ;, , bethejoint probability thata trajectoryis in
boxig attime 0, in boxi; attime A¢, ..., andin boxi,_; attime (d — 1) At, where At is the
time interval betweenmeasurementsn the stateof the system(in our case we may assume
At = 1, andomitthelimit At — 0 in thefollowing definitions).The KS entroyy is definedby
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andmore precisely asa supremunof K on all possiblepartitions. This definition hasbeen
generalisedo theorderq Réryi entropiesk, [16]:
C 1
Ky = = Jim lim lim o —sin > Pi,,- ®
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It iswell-known that K = 0 in anorderedsystem K is infinite in arandomsystemandK isa
positive constanin a deterministicchaoticsystem Grassbeayer and Procaccigd4] considered
the “correlationentropy” K, in particular and capitalisedon thefact K > K, in establish-
ing a sufiicient conditionfor chaosK, > 0. The Grassbeger and Procaccig GP) algorithm
estimatesheentrofy K> asfollows:

T . . Cd(N7 T)
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whereCy(r) is thecorrelationintegral:
N N
1
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Here© is the Heaviside function (equalto 0 for negative agumentand1 otherwise)andthe
vectorsV; andVj containelement®f theobsenedtime series{v(t) }, “converting” or “recon-
structing”the dynamicalinformationin one-dimensionadlatato spatialinformationin the d-
dimensionakmbeddingpaceVy, = (vk, Vkt1, Vk+2; - - -, Vk+d—1) [19]. Thenorm||V; — V;||



is thedistancebetweerthe vectorsin the d-dimensionakpaceg.g.,themaximumnorm[20]:
d—1
HVL - ‘/J” - r?:aa((vi+7' - vj+7) (6)

Putsimply, Cy4(r) computeghe fraction of pairsof vectorsin the d-dimensionakembedding
spacethat are separatedy a distancelessthan or equalto r. In orderto eliminate auto-
correlationeffects, the vectorsin Equation(5) shouldbe chosento satisfy|i — j| > L, for

somepositive L, andattheveryleasti; £ j [21]. Sincewe consideronly aninitial segmentof

thetimesserieswe simply set N = D in the Equation(5), estimatingthe entrofy as

Cd(D, T)

Cd+1 (D, T) ’ (7)

Ks(d,r,D) =In

Now we only needto identify the embeddinglimensiond andthe distance? which maximise
thecorrelationcoeficientfor s experimentsp({Ts}, {K2(d, r,D)s}), overarangeof d andr,
anddesignate R

K5(D)s = Ko(d,#,D)gs. (8)

At this stagewe needto make a commenton the correlationdimension.Within certain
rangesof r andd, the correlationintegral Cy(r) may be proportionalto somepower of r,
Cy(r) ~ r¥ [5]. Thispower v is calledthe correlationdimensionlf the dynamicalprocesss
unfoldedby choosingasuficiently larged > d,,, atypicalslopeof theplotln Cy(r) versudn r
becomesndependenof d. We obsened (seethe next section)thatthis minimumembedding
dimensiond,, is not necessarilyhe embeddinglimensiond maximisingthe predictorKs(D),
but a possibleconnectioris intriguing.

Thecorrelationdimensiorprovidesusefulinformationaboutthelocal structureof the pro-
cessandis an effective measureof its (possiblyfractal) size:in particular a randomprocess
hasan“infinite” correlationdimension(its orbit is not expectedto have ary spatialstructure).
In contrastthecorrelationdimensiorfor aperiodicorbitis 1, while it couldbehigherfor some
non-rgularprocessedA non-intggerv < 1 is anindicationof astrangechaoticattractof5]. It
is worth pointing out thatthe GP algorithmcanbe usedto estimatethe correlationdimension
of underlyingchaotictransientg1].

4 Experimental Results

Theexperimentdncludeds = 1, ..., 20 runsof the clusteringalgorithm,tracingthe communi-
cation-wlumetime series{v, }. As expectedtheauto-correlatiofiunctiony,(7), Equation(1),
did notadwanceusin our experimentsthehighestcorrelationcoeficientbetweercorvergence
timesT andauto-correlations; (7), for arangeof delaysr, wasonly 0.52.
Wethenselectedhninitial sggmentD = 400, andcomputectorrelationintegralsCy (400, r)
for awide rangeof embeddingdimensiondd < 98) anddistancegl < r < 1000, amedian
standarddeviation of {v}, beingabout100). A plot ln C4(r) versuslnr is shavn in Figure
2, illustrating the time seriesdepictedin the top-left of Figure1 (a quickly corvergedseries,
T = 415). We canobsenre threewell-known regions: 1) the lower region distortedby fluc-
tuationsdueto the small numberof points,2) a linear “scaling” region wherethe power law
Cy(r) ~ r¥ holds,and3) theupperregion distorteddueto thefinite sizeof theprocessThere
arealsoanomaloushouldersn thecorrelationintegral dueto remainingautocorrelatiorin the
time-seriegdata[22]. We obsered that quickly corverged serieshave an earlieronsetof the



upperregion thanslownly corvergedseriesThe plot stronglyindicatesa transientmulti-mode
processandsuggestshe possibility of extractingmeaningfulpredictorskKz (D), specifiedby
Equationg7)-(8).
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Fig.2. A plot In C4(r) versuslnr for a quickly convergedseries,T” = 415. Embeddingdimensions
areshaown for every d betweenl (from top-left corner)and40, andfor every 5th d betweerd5 and95
(towardsbottom-rightcorner).

Given dataof s experimentsthe 3-dimensionalarray K»(d, r, D), for varyingd andr,
andeachs, the correlationcoeficient p({T}, { K2(d, r, D) }) wasdeterminedor therange
of d andr. It is shavn in Figure 3, clearly reachingmaximumat embeddinglimensionss <
d < 10, almostuniformly for all the distances. Themaximum(p = 0.898345) wasattained
atd = 6 and7 = 41, andis avery encouragingorrelationvalue.Figure4 shaws the linear
regressiorbetween( T, } and{ K2(D),}, wherethelatteris selectedaccordingto the Equation
(8) for theidentifiedd and?.

5 Conclusionsand Future Work

We considerediecentralisednddynamicclusterformationin multi-agentsensoandcommu-
nicationnetworks, proposedndexperimentallyevaluateda predictorfor thecorvergenceime
of clusterformation.ThepredictorK» (D) is basednthegeneralisedcorrelationentropy” (a
lower boundof Kolmogoros-Sinaientropy) of thevolumeof theinterr-agentcommunications.
Theresultsindicatethat K> (D) canbewell correlatedwith thetime of clusterformation.The
predictorK, (D) canalsobe consideredor otherordersq, andthiswork is ongoing.

The dynamic clusterformation may be interpretedin self-referentialterms:inter-agent
messagesontribute to emegenceof clusterhierarchiesat macro-level, andat the sametime
aresignificantlyinfluencedby themat micro-level. Suchaninterdependenccanalsobechar
acterisedn termsof tangledhierarchiesxhibiting Strangd_oops[6]: “an interactionbetween
levels in which the top level reachedack down towardsthe bottom level andinfluencesit,
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while atthe sametime beingitself determinecy the bottomlevel”. The obsened multi-agent
transientchaoticdynamicanay appeapreciselydueto this self-referentiality

Theperformancef thepredictorK»(D) providesavery goodsupportfor deploying other
moresophisticate@lgorithmsin thesensinghetworks. Thedensity-basedlgorithmsmaypar
ticularly be relevantin our application:e.g.,DBSCAN algorithmwould allow usto discover
clusterswith arbitraryshapg?2].
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