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ABSTRACT
A DecentralisedAdaptive Clustering(DAC) algorithmfor multi-
agentnetworksis contrastedwith a Fixed-orderCentralisedAdap-
tive Clusteringalgorithm(FCAC). The clusteringis doneon sen-
sorreadingsdetectedwithin a self-monitoringimpactsensingnet-
work. Simulationresultsshow thatDAC algorithmscaleswell with
increasingnetwork anddatasizesandin somecasesoutperforms
FCAC algorithm.While thecommon-senseintuition suggeststhat
centralisedalgorithmis alwayssuperior, wesupportthesimulation
resultswith asimplecounter-example.

Categoriesand SubjectDescriptors
I.2.11[Artificial Intelligence]: DistributedArtificial Intelligence—
Multiagentsystems

GeneralTerms
Algorithms,Design,Experimentation

Keywords
clustering,sensornetworks,scalability

1. INTRODUCTION
Currently, StructuralHealthMonitoring(SHM) — detectionand

evaluationof theextentandseverity of structuraldamage— is car-
ried out in a very limited way in specificregions,generallyusing
a small numberof sensorsconnectedto a centraliseddatalogger
or computer. Ultimately, largenumbersof sensorswill berequired
in the exploitation of structures,operatingin harshworking en-
vironmentsandrespondingto variousforms of damageand fail-
ures. Anotherkey requirementof an autonomousSHM systemis
robustness:its performancemustdegrade“gracefully” ratherthan
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catastrophicallywhendamageoccurs.Scalabilityandperformance
verificationarealsokey requirements.

CSIRO-NASA AgelessAerospaceVehicle(AAV) projectdevel-
opedandexaminedseveral essentialconceptsfor self-monitoring
sensingand communicationnetworks [4, 1, 2]. Theseconcepts
arebeingdeveloped,implementedandtestedin aConceptDemon-
strator(CD): ahardwaremulti-cellularsensingandcommunication
network whoseaim is to detectandreactto impactsby projectiles
that, for a vehicle in space,might be micro-meteoroidsor space
debris. Thestructureof theCD is a hexagonalprism. A modular
aluminiumframeis coveredby ����� mmx ����� mm, 	 mmthick alu-
minium panels,forming theouterskin of thestructure:eachpanel
comprises
 cells.EveryAAV cell contains
 passivepiezoelectric
polymersensorsbondedto thealuminiumpanelin orderto detect
theelasticwavesgeneratedby impacts;and� digital signalproces-
sors,oneof which acquiresdatafrom thesensors,while theother
runsthe agentsoftwareandcontrolsthe communicationswith its
neighboringcells. Importantly, acell communicatesonly with four
immediateneighbors. The CD doesnot employ centralisedcon-
trollers or communicationrouters. A stand-aloneAsynchronous
Simulatorcapableof simulatingthe CD dealingwith someenvi-
ronmentaleffectssuchasparticleimpactsof variousenergieshas
beendevelopedandusedin thereportedexperiments.

AutonomousSHMsystemsrequireanefficientdiscoveryof main
trendsor unusualpatternsin sensor-data,andin theabsenceof cen-
tralisedcontrollers,rely on emergenceof dynamicreconfigurable
clusters,with somecellstakingtherolesof “local hierarchs”.Most
existing algorithmsfor clusteringfocuson how to form clusters,
givena file or databasecontainingtheitems.Decentralisationcre-
atestheadditionalcomplicationthat,evenif acorrectclassification
canbedeterminedwith theincompleteinformation,thelocationof
itemsbelongingto a classalsoneedsto bediscovered[3]. More-
over, new eventsmay requiredynamicreconfigurationof clusters
onthebasisof localsensorsignals,andtheclusteralgorithmshould
berobustin thefaceof changescausedby cellsfailuresandrepairs.

2. ADAPTIVE CLUSTERING
Our maingoal is anevaluationof a simpleclusteringtechnique

in a dynamicand decentralisedsetting,exemplified by the AAV
sensorandcommunicationnetwork, in termsof scalabilityandcon-
vergence.Thealgorithminput canbedescribedasa series(a flux)
of impactenergiesdetectedat differenttimesandlocations,while
the output is a setof non-overlappingclusters,eachwith a dedi-
catedcluster-head(a cell) anda clustermapof its followers(the
AAV cells which detectedthe impacts)in termsof their sensor-
dataand relative coordinates.A cluster-headis dynamicallyse-
lectedamongthe set of nodesand actsas a local coordinatorof
transmissionswithin thecluster. TheDecentralisedAdaptiveClus-
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tering (DAC) algorithm is describedelsewhere[2]: it involves a
number� of inter-agentmessagesnotifying agentsabouttheir sen-
sory data,andchangesin their relationshipsandactions. For ex-
ample,anagentmaysendarecruitmessageto anotheragent,dele-
gatetheroleof cluster-headto anotheragent,initiateanew cluster,
etc.Mostof theseandsimilardecisionsarebasedon theclustering
heuristic[3], andadynamicoffsetrange[2]. Therecruitingis done
periodically, affectingall agentswith impact-energy valueswithin
a particularoffset � of the value  of this agent. The clustering
heuristicdeterminesif a clustershouldbesplit in two, andthe lo-
cationof this split. If therearetwo clusters,theoffsetof eachnew
cluster-headis adjustedin sucha way that the cluster-headof the
“smaller” agents(relative to thevalue  ) cannow reachup to, but
not including,the“smallest”agentin theclusterof “larger” agents.
Similarly, thecluster-headof “larger” agentscannow reachdown
to, but not including, the “largest” agent(the cluster-head)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 Zhang et al.
[5]. Theaveragepair-wisedistance� for a cluster� with points�  ���  ����������� ���� is givenby

����� �� � � � �! � ��"$#  � �  !&%' # ')( 	 %+* � �
where"$#  � �  !&% is theEuclideandistancebetween �

and  ! . The
weightedaverageclusterdiameterfor , clustersis givenby:-�.�0/1 � � �

' � # ' � ( 	 % � � * /1 � � �
' � # ' � ( 	 % �

where' �
is thenumberof elementsin thecluster� �

with thepair-
wisedistance� �

. Neitherdecentralisednor centralisedalgorithm
guaranteesaconvergenceminimisingthediameter

-� . In fact,DAC
maygive differentclusteringsfor thesamesetof agentvalues,de-
pendingon thephysical locationsof theimpactpoints.Thereason
is a differentcommunicationflow affecting the adjustmentof the
offsets.Thescopeof agentsinvolvedin theclusteringheuristicde-
pendson the orderof messagepassing,which in turn dependson
the physical locationsof impacts. The adjustedoffsetsdetermine
which agentscanbereachedby a cluster-head,andthis will affect
theresultof clustering.Therefore,for any setof agentvalues,there
arecertainsequencesof eventswhichyield betterclusteringresults
thanothers.

The developedcentralisedalgorithmdoesnot simulateall pos-
siblesequencesof events,working with a fixed-order sequence.A
randomorder, obviously, may not initiate the “best” orderingof
eventsandyield thebestclusteringfor aparticulardataset.In other
words,centralisationof sensor-datais notaguaranteeof asuperior
performance,andprocessingof all permutationsis prohibitiveeven
for averysmallnumberof elements.

3. A COMPARISON AND CONCLUSIONS
Randomnumberswereusedasagentvaluesin simulationscar-

ried out to compareDAC andFCAC algorithms. The scalability
andconvergenceanalysisconsideredtwo scenarios.Thefirst sce-
nario (2�3 runs) kept the AAV grid array size constant,while in-
creasingthenumberof impactsdetectedwithin it (i.e., thedensity
of impactswasincreasing).It wasobserved[2] thattherelativeper-
formanceof DAC in termsof

-� scaleswell anddecreases“grace-
fully” with thenumberof impacts.DAC alsoneedsrelatively more
and more executionsof clusteringheuristicsto stabilisethan the
FCAC algorithm.This is expected,astheclusteringheuristicneeds
to beinvokedin many differentagentswith limited information.

The secondscenario(3�� runs),on the contrary, fixed the num-
ber of impacts,while increasingthe grid size(i.e., the densityof
impactswasdecreasing).In this case,not only theDAC algorithm
scalesvery well with respectto theAAV arraysizes,but it begins
to outperformtheFCAC algorithmwhenthearraybecomeslarger.
In addition,DAC begins to requirefewer executionsof clustering
heuristicsthanFCAC: the largerdatasampleshave morepossible
orderingsandFCAC hasalesserchanceto processthebestone[2].

Herewe provide sucha sequence,asa counter-exampleto the
common-senseintuition suggestingthatcentralisedalgorithmis al-
wayssuperior. Thesequenceis nottheshortestpossible(it includes��� elements),but it pinpoints the reasonvery clearly. Consider
the datasetwith agentvalues

� � �546� �7	 � ��8 � 8�9 � 
�
 � 
 47� 2�2 � 9�: �54 � �4 2 �54 : � 	+��� � 	;��9 � 	+��� � 	+�6	 � 	+��9 � 	;
�8 � 	+36	 � 	+3�26� . The algorithms
returnedthefollowing clusteringresults:

FCAC Clustering:
��� �6� � � 4 � � � �6	 � ��86� � � 8�9 � 
�
 � 
 4 � � � 2�27� �� 9�: �54 � �54 2 �54 : � 	;���6� � � 	�	+97� � � 	+��� � 	;�6	 � 	;��97� � � 	;
�8 � 	+36	 � 	+3�26���

with theweightedaverageclusterdiameter
-�=<7>6?7>@�A	+
 � � ;

DAC Clustering:
��� �6� � � 4 � � � �7	 � ��86� � � 8�9 � 
�
 � 
 4 � � � 2�27� �� 9�: �54 �6� � � 4 2 �54 : � 	+���6� � � 	�	;96� � � 	;��� � 	+�6	 � 	+��96� � � 	;
�8 � 	+37	 � 	+3�26���

with theweightedaverageclusterdiameter
-�=BC?7>@�A	�	 � 3�:6	 .

In otherwords,this particularorderingof datagave worseresults
for theFCAC algorithm. Sinceit is impossibleto simulateall ���6D
orderingsfor the FCAC algorithm,we simulatedjust ��� different
orderingsby randomlyshuffling thedata. Resultsincluded9 out-
comeswith

-�=<7>6?7>=�)	+
 � � , 	 outcomewith
-�=<7>6?$>E�)	+8 � 2�2�: ,

and 	�	 outcomeswith
-�=<7>6?7>F�G	�	 � 3�:6	 . Thus,the majority of

FCAC runsconvergedon the betterresultshown by the DAC al-
gorithm, confirming that dataorderingsmake a differenceto the
performanceof theFCAC algorithm. In short,FCAC algorithmis
only anapproximationof an idealcentralisedclustering;the latter
beinginfeasiblein dynamicdecentralisedmulti-agentnetworks.

TheobservationthatDAC algorithmscalesreasonablywell with
respectto arraysizesandthe numberof impacts,andis robust in
the faceof a spatiotemporalimpactflux [2], providesa very good
supportfor deploying other, moresophisticatedalgorithmsin dy-
namicimpactsensingnetworks.
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