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ABSTRACT

A DecentralisedAdaptive Clustering(DAC) algorithm for multi-
agentnetworksis contrastedvith a Fixed-orderCentralisedAdap-
tive Clusteringalgorithm (FCAC). The clusteringis doneon sen-
sorreadinggdetectedvithin a self-monitoringimpactsensingnet-
work. Simulationresultsshav thatDAC algorithmscaleswell with
increasingnetwork and datasizesandin somecasesoutperforms
FCAC algorithm. While the common-sensmtuition suggestshat
centralisedalgorithmis alwayssuperior we supporthe simulation
resultswith a simplecounterexample.

Categoriesand Subject Descriptors

I.2.11[Artificial Intelligence]: DistributedAtrtificial Intelligence—
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1. INTRODUCTION

Currently StructuraHealthMonitoring (SHM) — detectiorand
evaluationof the extentandseverity of structuraldamage— is car
ried outin a very limited way in specificregions, generallyusing
a small numberof sensorsconnectedo a centraliseddatalogger
or computer Ultimately, large numbersof sensorsill berequired
in the exploitation of structures,operatingin harshworking en-
vironmentsand respondingto variousforms of damageand fail-
ures. Anotherkey requiremenbf anautonomoussHM systemis
robustnessits performancenustdegrade“gracefully” ratherthan
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catastrophicallyvhendamageoccurs.Scalabilityandperformance
verificationarealsokey requirements.

CSIRO-NASA AgelessAerospacé/ehicle(AAV) projectdevel-
opedand examinedseveral essentiatonceptsfor self-monitoring
sensingand communicationnetworks [4, 1, 2]. Theseconcepts
arebeingdeveloped,mplementedandtestedn a ConcepDemon-
strator(CD): ahardwaremulti-cellularsensingandcommunication
network whoseaim is to detectandreactto impactsby projectiles
that, for a vehiclein space might be micro-meteoroidr space
debris. The structureof the CD is a hexagonalprism. A modular
aluminiumframeis coveredby 220 mmx 200 mm, 1 mmthick alu-
minium panels forming the outerskin of the structure:eachpanel
comprisest cells. Every AAV cell containsd passve piezoelectric
polymersensordondedto the aluminiumpanelin orderto detect
theelasticwavesgeneratedby impacts;and2 digital signalproces-
sors,oneof which acquiresdatafrom the sensorswhile the other
runsthe agentsoftware and controlsthe communicationswith its
neighboringcells. Importantly a cell communicatesnly with four
immediateneighbors. The CD doesnot emplgy centralisedcon-
trollers or communicationrouters. A stand-aloneAsynchronous
Simulatorcapableof simulatingthe CD dealingwith someenvi-
ronmentaleffectssuchas particleimpactsof variousenegieshas
beendevelopedandusedin thereportedexperiments.

AutonomousSHM systemsequireanefficientdiscovery of main
trendsor unusuapatternsn sensordata,andin theabsencef cen-
tralisedcontrollers,rely on emegenceof dynamicreconfigurable
clusterswith somecellstakingtherolesof “local hierarchs”.Most
existing algorithmsfor clusteringfocus on how to form clusters,
givenafile or databaseontainingtheitems. Decentralisatiortre-
atestheadditionalcomplicationthat,evenif acorrectclassification
canbedeterminedvith theincompleteinformation,thelocationof
itemsbelongingto a classalsoneedsto be discovered[3]. More-
over, new eventsmay requiredynamicreconfiguratiorof clusters
onthebasisof localsensosignalsandtheclusteralgorithmshould
berobhustin thefaceof changesausedy cellsfailuresandrepairs.

2. ADAPTIVE CLUSTERING

Our maingoalis anevaluationof a simpleclusteringtechnique
in a dynamicand decentralisedetting, exemplified by the AAV
sensoandcommunicatiometwork, in termsof scalabilityandcon-
vergence.Thealgorithminput canbe describedhsa series(a flux)
of impactenegiesdetectedat differenttimesandlocations,while
the outputis a setof non-overlappingclusters,eachwith a dedi-
catedclusterhead(a cell) and a clustermap of its followers (the
AAV cells which detectedthe impacts)in termsof their sensor
dataandrelative coordinates. A clusterheadis dynamically se-
lectedamongthe setof nodesand actsas a local coordinatorof
transmissionsvithin thecluster The Decentralised\daptive Clus-

1175



tering (DAC) algorithmis describedelsavhere[2]: it involvesa
numberof interagentmessagesotifying agentsabouttheir sen-
sory data,and changesn their relationshipsand actions. For ex-
ample,anagentmay sendarecruitmessagéo anotheragentdele-
gatetherole of clusterheadto anotheragentjnitiate anew cluster
etc. Most of theseandsimilar decisionsarebasedn theclustering
heuristic[3], andadynamicoffsetrange[2]. Therecruitingis done
periodically affectingall agentswith impact-enagy valueswithin
a particularoffset ¢ of the value z of this agent. The clustering
heuristicdeterminesf a clustershouldbe split in two, andthelo-
cationof this split. If therearetwo clustersthe offsetof eachnew
clusterheadis adjustedn sucha way thatthe clusterheadof the
“smaller” agentgrelative to the valuex) cannow reachup to, but
notincluding,the“smallest”agentin theclusterof “larger” agents.
Similarly, the clusterheadof “larger” agentscannow reachdown
to, but not including, the “largest” agent(the clusterhead)of the
clusterof “smaller” agents.A centralisedversionwasalsodevel-
oped— Fixed-orderCentralisedAdaptive Clustering(FCAC).

The quality of clustering(both DAC and FCAC) is measured
by the weightedaveragecluster diameter usedby Zhanget al.
[5]. Theaveragepair-wise distanceD for a clusterC with points
{z1,22,...,2m} IS givenby

Dic1 2o A, x;)
m(m —1)/2 ’

whered(z;, z;) is the Euclideandistancebetweenz; andz;. The
weightedaverageclusterdiameterfor k clusterds givenby:
k

k

wherem; is thenumberof elementsn the clusterC; with the pair-
wise distanceD;. Neitherdecentraliseahor centralisedalgorithm
guaranteeacorvergenceminimisingthediameterD. In fact,DAC
may give differentclusteringsor the samesetof agentvalues,de-
pendingon the physicallocationsof theimpactpoints. Thereason
is a differentcommunicatiorflow affecting the adjustmenbf the
offsets.The scopeof agentdnvolvedin theclusteringheuristicde-
pendson the orderof messag@assingwhich in turn dependn
the physical locationsof impacts. The adjustedoffsetsdetermine
which agentscanbereachedy a clusterhead,andthis will affect
theresultof clustering.Thereforefor ary setof agentvaluesthere
arecertainsequencesf eventswhichyield betterclusteringresults
thanothers.

The developedcentralisedalgorithm doesnot simulateall pos-
sible sequencesf events,working with a fixed-oder sequenceA
randomordet obviously, may not initiate the “best” ordering of
eventsandyield thebestclusteringfor aparticulardataset. In other
words,centralisatiorof sensormatais nota guarante®f a superior
performanceandprocessingf all permutationss prohibitive even
for avery smallnumberof elements.

D=

3. A COMPARISON AND CONCLUSIONS

Randomnumbersvereusedasagentvaluesin simulationscar
ried out to compareDAC and FCAC algorithms. The scalability
andconvergenceanalysisconsideredwo scenarios.Thefirst sce-
nario (65 runs) kept the AAV grid array size constant,while in-
creasinghe numberof impactsdetectedwithin it (i.e., the density
of impactswasincreasing) It wasobsenred([2] thattherelative per
formanceof DAC in termsof D scalesvell anddecreasetgrace-
fully” with thenumberof impacts.DAC alsoneedgelatively more
and more executionsof clusteringheuristicsto stabilisethanthe
FCAC algorithm. Thisis expectedastheclusteringheuristicneeds
to beinvokedin mary differentagentswith limited information.

The secondscenario(50 runs),on the contrary fixed the num-
ber of impacts,while increasingthe grid size(i.e., the densityof
impactswasdecreasing)In this case notonly the DAC algorithm
scalesvery well with respecto the AAV arraysizes,but it begins
to outperformthe FCAC algorithmwhenthearraybecomedarger.
In addition, DAC beginsto requirefewer executionsof clustering
heuristicsthan FCAC: the larger datasampleshave morepossible
orderingsandFCAC hasalesserchanceo procesghebestone[2].

Herewe provide sucha sequenceasa counterexampleto the
common-sensmtuition suggestinghatcentralisedalgorithmis al-
wayssuperior Thesequencés nottheshortespossiblg(it includes
20 elements)but it pinpointsthe reasonvery clearly Consider
the datasetwith agentvalues{0, 9, 21, 23, 38, 44, 49, 66, 87,90,
96,97,102,108,120, 121,128,143,151,156}. The algorithms
returnedthefollowing clusteringresults:

FCAC Clustering: {{0}, {9}, {21,23}, {38,44,49}, {66},
{87,90,96,97,102}, {118}, {120, 121,128}, {143, 151,156} }
with theweightedaverageclusterdiameterDgcac = 14.0;

DAC Clustering: {{0}, {9}, {21,23}, {38,44,49}, {66},
{87,90}, {96,97,102}, {118}, {120, 121,128}, {143,151, 156} }
with theweightedaverageclusterdiameterDp 4¢c = 11.571.

In otherwords, this particularorderingof datagave worseresults
for the FCAC algorithm. Sinceit is impossibleto simulateall 20!
orderingsfor the FCAC algorithm,we simulatedjust 20 different
orderingsby randomlyshufling the data. Resultsincluded8 out-
comeswith Droac = 14.0, 1 outcomewith Droac = 13.667,
and 11 outcomeswith Drcac = 11.571. Thus,the majority of
FCAC runscorvergedon the betterresultshowvn by the DAC al-
gorithm, confirming that dataorderingsmale a differenceto the
performanceof the FCAC algorithm. In short, FCAC algorithmis
only anapproximationof anideal centralisecclustering;the latter
beinginfeasiblein dynamicdecentralisednulti-agentetworks.

TheobsenrationthatDAC algorithmscalegeasonablyvell with
respecto arraysizesandthe numberof impacts,andis robustin
thefaceof a spatiotemporaimpactflux [2], providesa very good
supportfor deploying other more sophisticatedalgorithmsin dy-
namicimpactsensingnetworks.
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