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Abstract. A DecentralisedAdaptive Clustering(DAC) algorithm for self-monitoring
impactsensingnetworksis presentedwithin thecontext of CSIRO-NASA AgelessAero-
spaceVehicleproject.DAC algorithmis contrastedwith aFixed-orderCentralisedAdap-
tive Clustering(FCAC) algorithm,developedto evaluatethe comparative performance.
A numberof simulationexperimentsis described,with afocusonthescalabilityandcon-
vergencerateof theclusteringalgorithm.Resultsshow thatDAC algorithmscaleswell
with increasingnetwork anddatasizesandis robustto dynamicsof thesensor-dataflux.

1 Intr oduction
Structuralhealthmanagement(SHM) is expectedto play a critical role in the development
andexploitation of future aerospacesystems,operatingin harshworking environmentsand
respondingto variousformsof damageandpossiblemanufacturingand/orassemblyprocess
variations.Ultimately, largenumbersof sensorswill berequiredto detectandevaluatea wide
rangeof possibledamagetypeswithin a largeandcomplex structure.Robustness,scalability,
reliability and performanceverificationarealso key SHM requirements.A future vision of
self-monitoringrobust aerospacevehiclesincludesboth local andglobal SHM systems.The
localactionsareanticipatedto identify, evaluate,andtriggerrepairfor awiderangeof damage
or defectconditionsin aerospacematerialsandstructures.In parallel,global actionsshould
enabledynamicevaluationof structuralintegrity acrosslargeandremoteareas.This dualar-
chitecture,in turn, entailstheneedfor dynamicanddecentralisedalgorithmsusedin damage
detection,evaluation,diagnostics,prognosisandrepair. In orderto addresstheserequirements
we have chosento investigate the applicationof a complex multi-agentsystemapproachto
thearchitecture,andseekto developmethodologiesthatwill enablethedesiredresponsesof
thesystem(theremedialactions)to emergeasself-organisedbehaviors of thecommunicating
systemof sensingandactingagents.

CSIRO-NASA AgelessAerospaceVehicle(AAV) projectdevelopedandexaminedseveral
essentialconceptsfor self-organisingsensingandcommunicationnetworks [1,8,3,9]. Some
of theseconceptsarebeingdeveloped,implementedandtestedin theAAV ConceptDemon-
strator(AAV-CD): a hardwaremulti-cellularsensingandcommunicationnetwork whoseaim
is to detectandreactto impactsby projectilesthat, for a vehicle in space,might be micro-
meteoroidsor spacedebris.The CD consistsof “cells” that not only form a physical shell,
but alsohave sensors,logic, andcommunications.Currently, eachcell containsa smallnum-
ber of passive piezoelectricpolymersensorsbondedto an aluminiumskin panelin order to
detectthe elasticwavesgeneratedin the structureby impacts.EachAAV cell containstwo
digital signalprocessors,oneof which acquiresdatafrom the sensors,while the other runs



theagentsoftwareandcontrolsthecommunicationswith its neighboringcells.Importantly, a
cell communicatesonly with four immediateneighbors.TheCD doesnot employ centralised
controllersor communicationrouters.A stand-aloneAsynchronousSimulatorcapableof sim-
ulating the CD dealingwith someenvironmentaleffectssuchasparticle impactsof various
energieshasbeendevelopedandusedin thereportedexperiments.

Singlecells may detectimpactsandtriangulatetheir locations,while collectionsof cells
maysolvemorecomplex tasks,for example,produceanimpactboundarywith desiredcharac-
teristicsor an impactnetwork [3,9] to pre-optimisesecondaryinspectionsandrepairs.Some
responsescouldbepurelylocal,while somemayrequireemergenceof dynamicreconfigurable
structures,with somecellstakingtherolesof “local hierarchs”.In fact,mosthierarchicalclus-
teringarchitecturesfor multi-agentnetworksarebasedontheconceptof acluster-head(alocal
hierarch).A cluster-headactsasa local coordinatorof transmissionswithin thecluster. Often,
a cluster-headis dynamicallyselectedamongthesetof nodes.Moreover, clusterswould form
andre-formwhennew damageis detectedon thebasisof thelocalsensorsignals.In theSHM
context, anexampleof acoordinatedtaskinitiatedby aclusterheadis ActiveDamageInterro-
gation(ADI) with apiezoelectrictransducerarray, emittingmoderateto highfrequency energy
from oneor moretransducersandusingtheothertransducersassensorsto monitortheenergy
propagation throughthestructure.A meaningfulADI scenariomay requireanemergentfor-
mationof clustersof cellswith similardamagelevels.A cluster-headwould thenfit thedatato
adiagnosticmodel.Thesensor-dataclusteringtaskhastwo primarychallenges:

– Decentralisedclustering:most existing algorithmsfor clusteringfocus on how to form clusters,
given a file or databasecontainingthe items.Decentralizationcreatesthe additionalcomplication
that,evenif acorrectclassificationcanbedeterminedwith theincompleteinformationavailable,the
locationof itemsbelongingto aclassalsoneedsto bediscovered[6];

– Dynamic(on-line)clustering:new eventsmayrequirereconfigurationof clusters— thus,theresult-
ing patternsor clustershave to beconstantlyrefined.

This requiresefficient algorithmsfor decentralisedsensor-dataclusteringin a distributed
multi-agentsystem.In Section2 we describeanadaptive algorithmenablingself-organisation
of stablebut reconfigurableimpactdataclusters,connectingthecellswhich detectedimpacts
with energieswithin a certainband(e.g.,non-criticalimpacts).Theseclustersareexpectedto
reconfigurein real-timeif required.Importantly, theclusteralgorithmshouldberobust in the
faceof changescausedby new damage,cells’ failuresandnodeinsertion/removal. Section3
presentscomparativeanalysisbetweendecentralisedandcentralisedversionsof thedeveloped
algorithm,followedby adiscussionof theobtainedresultsandfuturework.

2 AdaptiveClustering Algorithms

In thissectionwedescribethedecentralisedandcentralisedversionsof thedevelopedadaptive
clusteringalgorithm.Theinputcanbedescribedasaseries(aflux) of impactenergiesdetected
atdifferenttimesandlocations,while theoutputis asetof non-overlappingclusters,eachwith
a dedicatedcluster-head(an AAV cell) anda clustermapof its followers(AAV cells which
detectedtheimpacts)in termsof their sensor-dataandrelativecoordinates.

Beforepresentingdetailsof thealgorithms,we would like to positionour work in relation
to themethodof clusteringwithin a fully decentralisedmulti-agentsystem,proposedrecently
by Ogstonet al. [6]. Thework of Ogstonandhercolleaguesclearlypointsout the problems
of centralisedclusteringwhen“data is widely distributed,datasetsarevolatile, or dataitems
cannotbecompactlyrepresented”.They presentamethodfor groupingnetworkedagentswith



similarobjectivesor datawithoutcollectingtheminto acentraliseddatabase,whichshowsvery
goodscalabilityandspeedin comparisonwith thek-meansclusteringalgorithm.Themethod
employsaheuristicfor breakinglargeclusterswhenrequired,andasophisticatedtechniquedy-
namicallymatchingagentsobjectives,representedasconnectionsin themulti-agentnetwork.
Thereportedclusteringresultsprovide a considerablemotivationfor our effort. Nevertheless,
we needto accountfor specificsof our application:a particularcommunicationinfrastructure
whereeachcell is connectedonly to immediateneighboursin Von Neumannneighbourhood;
constraintson thecommunicationbandwidth;dynamicimpactscenarioswheredensityof im-
pactsmayvary in time andspace;adecentralisedarchitecturewithoutabsolutecoordinatesor
id’sof individualcellsonamulti-cellularaerospacevehicleskin;etc.Therefore,ourmaingoal
is notanew clusteringmethodperse, but ratheranevaluationof asimpleclusteringtechnique
in adynamicanddecentralisedsetting,exemplifiedby theCD sensorandcommunicationnet-
work, in termsof scalabilityandconvergence,underspecificcommunicationconstraints.To
this effect, we attemptedto abstractaway somesensor-datafeatures.For example,instead
of consideringtime-domainor frequency-domainimpactdata,detectedand/orprocessedby
cell sensors[8], we representa cell sensoryreadingwith a singleaggregatedvalue(“impact-
energy”), define“dif ferences”or “distances”betweencells in termsof this value,andattempt
to clustercellswhile minimisingthese“distances”.This approachcanberelatively easilyex-
tendedto caseswhere“distances”aredefinedin amulti-dimensionalspace.In short,our focus
is on evaluatinginter-agentcommunicationsrequiredby a decentralisedclusteringalgorithm,
dynamicallyadaptingto changes.

Thealgorithminvolvesanumberof inter-agentmessagesnotifying agentsabouttheir sen-
sory data,andchangesin their relationshipsandactions.For example,an agentmay senda
recruitmessageto anotheragent,delegatetherole of cluster-headto anotheragent,or declare
“independence”by initiating anew cluster. Mostof theseandsimilardecisionsarebasedonthe
clusteringheuristicdescribedby Ogstonet al. [7], anda dynamicoffset range.This heuristic
determinesif aclustershouldbesplit in two, andthelocationof this split.

2.1 Clustering Heuristic

Firstly, all � agentsin aclusteraresortedin decreasingorderaccordingto their impact-energy
value � . Then,a seriesof all possibledivisionsin theorderedsetof agentsis generated.That
is, the first orderingis a clusterwith all agentsin it; the secondorderinghasthe agentwith
thelargestvaluein thefirst clusterandall otheragentsin thesecondcluster;andsoforth (the� -th divisionhasonly thelast � -th agentin thesecondcluster).For eachof thesedivisions,the
qualityof clusteringis measuredby thetotal squareerror:� �	�
 �
 � � � 
��������� ��� �����

� � 	 � �! 
where " is a numberof consideredclusters( " 
$# whenonly onesplit is considered),% � � 	
arethe clustersresultingfrom a particulardivision and � � � 	 is the meanvalueof the cluster% � � 	 . We divide

� �
valuesby their maximumto get a seriesof normalisedvalues.Thenwe

approximatethesecondderivative of thenormalisederrorsperdivision:&(' '*) � �	,+ 
 ) � �	.- �0/ � �	21 � � # � �	 +3 �  
where

3 
 �4 . If the peakof the secondderivative is greaterthan somethreshold5 for a
division 6 , wesplit thesetaccordingly;otherwise,thesetwill remainasonecluster.



2.2 DecentralisedAdaptiveClustering (DAC)

Eachagentis initially a follower to itself, andits followers’ list will containonly itself. Each
agentis alsoacluster-headinitially (asingletoncluster).Thecommunicationmessages(shown
in italic) canbe “flooding” broadcastsor dead-reckoning packetsusing relative coordinates
of their destinationon the AAV grid. The algorithminvolvesthe following stepscarriedout
by eachcell (agent)which detectedan impactwith the value � (henceforth,referenceslike
“larger” or “smaller” arerelative to this value):

1. Keepsbroadcastingits recruitmessageinitially (recruitmessageswill alwayscontainthefollowers’
list of anagent).This broadcastingis doneperiodically, with a broadcasting-period7 , affectingall
agentswith valueswithin a particularoffset of the value 8 of this agent,i.e., with valuesbetween8:9:; and8=<>; . Theoffset ; is initially setto aproportion? of its agentvalue:;A@B?�8 .

2. If anagentin asingletonclusterreceivesa recruitmessagefrom a“smaller” agent,it ignoresit.
3. If anagentC in a singletonclusterreceivesa recruit messagefrom a “larger” agentD in a singleton

cluster, it becomesits follower, stopsbroadcastingits own recruitmessagesandsendsits information
to its new cluster-headD : anacceptance-messagewith its relativecoordinatesandtheagent-value8 .
It alsostoresdetailsof thecluster-headD : theagent-value8�E andrelativecoordinates.

4. If an agentC in a singletonclusterreceivesa recruit messagefrom a “larger” agentD which does
haveotherfollowers,it ignoresthemessage:simplybecausethe“larger” agentD wouldalsoreceive
andhandlea recruitmessagefrom C itself (seestep6).

5. If an agentreceivesan acceptance-message from somepotentialfollower agent,it addsthe agent
involvedin its followers’ list.

6. If a memberof a non-singletoncluster, either the heador a follower, receives a recruit message
(eitherfrom a“larger”, “smaller” or “equal” agent),it forwards it to its presentcluster-head.

7. After forwarding a recruit messageto its cluster-head,a follower ignoresfurther recruit messages
until theidentityof its headhasbeenre-asserted(asaresultof theclusteringheuristicbeinginvoked
somewhere).

8. Thecluster-headwaitsfor a certainperiodF , collectingall suchforward messages(theperiodF ,
calledheuristic-period,shouldbegreaterthanGH7 ). At theendof theheuristic-period,theclustering
heuristicis invokedby thecluster-headon theunionsetof followersandall agentswho forwarded
themessages.The“largest”agentin any resultingclusteris appointedasits cluster-head.

9. Thecluster-headwhichinvokedtheheuristicnotifiesnew cluster-headsabouttheirappointment,and
sendstheir clustermapsto them:acluster-informationmessage.

10. A cluster-headstopssendingits recruitmessages7 cyclesbeforeit invokestheclusteringheuristic.
If it is re-appointedasacluster-head,it resumessendingrecruitmessages.

11. If an agentreceives a cluster-information messageit becomesa cluster-head.If it was alreadya
cluster-headwith a clustermap,it erasesthatclustermapandacceptsthenew clustermap.It also
notifiesall its new followers.

12. A follower will periodicallyget recruit messagesfrom its cluster-head.If this doesnot happenfor
a while, thenit meansthat this follower is no longerin the followers’ list of its cluster-head.Then
it will make itself a cluster-headand start sendingits own recruit messages.The offset of these
recruit messageswill be determinedby the offsetsit hadwhenit wasa cluster-headthe last time
(notnecessarilythesameas; ).
Becauseof the unpredictabletiming of the clusteringheuristicsbeinginvoked in various

agents,it is possiblethat a cluster-headkeepsa particularagentasits follower even after its
offset I haschangedandthis particularagentis now out of range.To counterthis, thecluster-
headchecksits followers’ list periodicallyandremovesagentswith valuesout of range.It is
alsopossiblethat a cell detectsa new impact,possiblyincreasingthe agent-valueby a large
amount.If this agentwasa follower, it immediatelybecomesa cluster-headandupdatesits
formercluster-head.Theformercluster-headwill deleteit from its followers’ list.



Dependingon thenatureof thesetof agentvalues,theoffset I maybeinitially too small
to reachany otheragent.To counterthis, an agentperiodically (with a period J ) increases
its offsetsexponentiallyuntil a certainlimit: I � - � 
 �LKM� ) # I �  ON � + , whereIQP 
 I initially,
and

N
is the limit proportion(e.g.,the initial I P may be RTS RVU.� andafter W periodsthe offset

would becomeIMX 
 RTS Y # � ). Alternatively, theincreasewill stopwhentheoffsetsof anagent
have beenresetby the clusteringheuristic.When the clusteringheuristicis applied,it may
produceeitheroneor two clustersasa result.If therearetwo clusters,theoffsetof eachnew
cluster-headsis modified.It is adjustedin sucha way that the cluster-headof the “smaller”
agentscannow reachup to, but not including, the “smallest” agentin theclusterof “larger”
agents.Similarly, thecluster-headof “larger” agentscannow reachdown to, but not including,
the“largest”agent(thecluster-head)of theclusterof “smaller” agents.Theseadjustedoffsets
aresentto thenew cluster-headsalongwith their clustermaps.

2.3 Fixed-order CentralisedAdaptive Clustering (FCAC)

In order to evaluateDAC, its centralisedversionwas developed.To achieve a congruence
betweendecentralisedandcentralisedversionswedefinethenotionof “reachability” imitating
the recruit messages.That is, any agentthat is within a particularoffsetof theagent-valueof
a cluster-head,i.e., with valuesbetween�!�BI and � / I , is said to be reachable from that
cluster-head.This allows us to essentiallyreplacebroadcastmessageswith simpledata-array
searches.Direct cell-to-cell messages(e.g., forwarding) arereplacedwith simpledata-array
operations,suchasinclusion,deletion,merge,split, etc.For example,anadditionof afollowerZ is decidedwhenan agentZ is “reachable”from a cluster-head[ , and is accomplishedby
inclusionof Z into anorderedlist, headedby [ .

TheCentralisedClusteringAlgorithm is aniterativeprocess,involving two functions.The
first function is a sequentialprocessingof eachcluster-head“reaching” to all otheragents—
analogousto recruit messages,while each“reaching” event may trigger an additionof a list
of followers to an existing cluster— analogousto forward messages.The secondfunction
follows the first, and invokes the cluseringheuristicby all currentcluster-heads,potentially
changingtheclusteringoutcome.Thesefunctionsarerepeatedlyinvokedon thelist of agents,
andoffsetsarecontinuouslymodified(asdescribedat theendof theprevioussubsection),until
any agentis “reachable”only from a uniquecluster-head.Onceno cluster-headcan“reach”
agentsthatarenot its followers,thecentralisedalgorithmterminates.

Thequality of clusteringis measuredby theweightedaverageclusterdiameter[10]. The
averagepair-wisedistance\ for acluster% with points ]^� �  � �  S_S`S  �0acb is givenby

\ 
ed a� � � d a	 � �Vf ) � �  � 	 +� ) �$�BU +^g #  
where f ) � �  � 	 + is the Euclideandistancebetweenpoints � � and � 	 . The weightedaverage
clusterdiameterfor " clustersis givenby:h\ 
 �
 � � � �

� ) � � �BU + \ � g �
 � � � �
� ) � � �BU +  

where � � is the numberof elementsin the cluster % � with the pair-wise distance\ � . This
metricis known to scalewell with thesizeof datapointsandnumberof clustersin aparticular
clustering.It doesnot,however, accountfor singletonclusters,while favouringsmallclusters.

Wewouldliketo pointout,atthisstage,thatneitherdecentralisednorcentralisedalgorithm
guaranteesa convergenceminimising theweightedaverageclusterdiameter

h\ . In fact,DAC



may give different clusteringsfor the sameset of agentvalues,dependingon the physical
locationsof the impact points.The reasonis a different communicationflow affecting the
adjustmentof theoffsets.Eachtime theclusteringheuristicis executedin anagent,its offsets
areeither left aloneor reduced(they arenever increased).The scopeof agentsinvolved in
theclusteringheuristicdependsontheorderof messagepassing,which in turndependsonthe
physicallocationsof impacts.Theadjustedoffsetsdeterminewhichagentscanbereachedby a
cluster-head,andthiswill affect theresultof clustering.Therefore,for any setof agentvalues,
therearecertainsequencesof eventswhichyield betterclusteringresultsthanothers.

The developedcentralisedalgorithm doesnot simulateall possiblesequencesof events
— hence,the name:Fixed-orderCentralisedAdaptive Clustering(FCAC). Agent valuesare
enteredin a randomorder, which may not initiate the “best” orderingof eventsand yield
the bestclusteringfor a particulardataset. In other words,centralisationof sensor-datais
not a guaranteeof a superiorperformance,andprocessingof all permutationsis prohibitive
even for a very small numberof elements.On occasions,DAC mayevenoutperformFCAC.
Nevertheless,randomisationof dataprovedto besufficient for thepurposesof ourcomparison.

3 Experimental Results
Weconductedextensivesimulationsto compareDAC andFCAC algorithms,with theintention
of determiningwhetherDAC algorithm is robust andscaleswell in termsof the quality of
clusteringand convergence.The quality of clusteringis measuredby the weightedaverage
clusterdiameter

h\ . The convergenceis measuredby the numberof times (denotedi ) the
clusteringheuristicwasinvoked beforestability is achieved with eachdataset.This number
of timesis is chosenasa metricinsteadof thetotal time takenin ordernot to rewardDAC for
employing essentiallyparallelcomputation.

Sincewewantedto comparetheDAC andFCAC algorithms,weconsideredtheratioof the
weightedaverageclusterdiameters

h\ givenby FCAC andDAC:
h\kj ��lm� g h\�n lm� . Similarly,

we tracedtheratio of numbersof timestheclusteringheuristicwasexecutedbeforeDAC and
FCAC algorithmsstabilisedwith eachdataset:ikj �mlm� g ikn l�� . Randomvalueswereusedas
agentvalues.Eachresultingdataserieswasapproximatedwith polynomials,andthe bestfit
wasselectedaccordingto Mallows’ criterion[5]:%po 
rqtsus o g^v � ��w / # Z  
where Z is the polynomial’s order, w is the datasamplesize, qtsus o is the residualsum of
squares,and v � is givenby qtsxszy g ) w{�>| + , which is theestimatefor theresidualvariance
obtainedfrom thecompletemodelwith all | regressorsincluded.WeusedMallowscriterion
becausepredictive anddescriptive ability of themodeldealingwith noisydatais important.

The scalabilityanalysisconsideredtwo scenarios.The first scenariokept the AAV grid
array size constant,while increasingthe numberof impactsdetectedwithin it. The second
scenario,on thecontrary, fixedthenumberof impacts,while increasingthegrid size.In other
words,thedensityof impactswasincreasingin thefirst case,anddecreasingin thesecond.

Effect of Incr easingDensity. Figure1[top-left] shows theweightedaverageclusterdiam-
eterratio

h\ j �mlm� g h\ n lm� againstthe increasingnumberof impacts.It illustratesthat,while
the relative performanceof DAC decreaseswith the numberof impacts,it scaleswell and
decreases“gracefully”. Therelative decreasein performanceis linear, andDAC givescompa-
rableperformancewith FCAC for largedatasets.Figure1[top-right]showsthat,asthenumber
of impactsincreases,DAC needsrelatively moreandmoreexecutionsof clusteringheuristics
to stabilisethan the FCAC algorithm.This is expected,as the clusteringheuristicneedsto
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Fig.1. Top-left: the quality ratio ������,���Q� �������� for increasingimpactdensity. Top-right: the conver-
genceratio � ���,���Q� � ����� ; increasingdensity. Bottom-left:thequalityratio ����,�����Q� ����m��� ; decreas-
ing density. Bottom-right:theconvergenceratio � ���,��� � � ����� ; decreasingdensity.

be invoked in many differentagentswith limited information in the DAC algorithm.As the
numberof impactsincreases,DAC takesrelatively morecomputationandtimebeforestabilis-
ing. However, thebestfit (a � -th orderpolynomial)indicatesthatDAC mayin factstoplosing
groundwith respectto FCAC for evenlargernumbersof impacts.Thereasonis thatlargerdata
sampleshave morepossibleorderingsandFCAC hasa lesserchanceto processthebestone.
At thisstageit is unclearwhetherDAC will begin to outperformFCAC, but at leastit doesnot
performworsethan� timescomparedto thelatter.

Effect of DecreasingDensity. Figure 1[bottom-left] shows that an increasein the grid
size hasan interestingeffect on the relative performanceof the DAC algorithm. Not only
the DAC algorithmscalesvery well with respectto the network arraysizes,but it begins to
outperformtheFCAC algorithmwhenthearraybecomeslarger. This is indicatedby boththe
bestfit (a # -nd orderpolynomial)andthenext best(linear)fit. Figure1[bottom-right]shows
thattherelative convergencerateof DAC algorithmcanbebestapproximatedby a Y -rd order
polynomial(again,thenext bestfit waslinear).Bothapproximationsindicatethat,asthearray
becomeslarger, thedecentralisedalgorithmbegin to outperformthecentralisedversion.

The describedexperimentssimulatedimpactsdetectedat the sametime — to evaluate
scalabilitywith respectto arraysizesandthenumberof impacts.Anotherfactoris dynamics
of theimpactflux. To analyserobustnessof theDAC algorithmin thefaceof aspatiotemporal
impactflux, we developedscenarioswhereimpactsappearperiodically, with varyingperiods.
For the FCAC algorithm,still all datawere given at oncesince,in this case,periodic data
insertionis notrelevant.Againtheratio

h\ j ��lm� g h\ n lm� of weightedaverageclusterdiameters
wastaken.It wasobservedthatDAC is robustagainstthetiming of impacts:theimpactperiod
doesnotaffect therelativeperformanceof theDAC algorithm.In otherwords,DAC is asgood
with dynamicdatainsertionasFCAC is with static(or dynamic)datainsertion.



4 Conclusionsand Futur eWork
WepresentedDecentralisedAdaptiveClustering(DAC) andFixed-orderCentralisedAdaptive
Clustering(FCAC) algorithmsfor self-monitoringimpactsensingnetworks.Theexperiments
indicatethatDAC algorithmcanbeusedto clustersensor-data,achieving a high quality in a
dynamicimpactsensingnetwork. TheDAC algorithmscalesreasonablywell with respectto
arraysizesandthe numberof impacts,and is robust in the faceof a spatiotemporalimpact
flux. This providesa very goodsupportfor deploying other, moresophisticatedalgorithmsin
thesensingnetworks.Thedensity-basedalgorithmsmayparticularlyberelevant in our appli-
cation:e.g.,DBSCAN algorithmwould allow usto discover clusterswith arbitraryshape[2].
Anotheravenueis, of course,deploymentof hierarchicalclusteringalgorithms.However, in
thiscase,ratherthanparallelisingclusteringby partitioningthedatasetover theAAV network
andmaintaininga centralpoint asdonein P-CLUSTERalgorithm[4], we are investigating
dynamichierarchiesemerging in responseto theconstrainton thenumberof clusters,andthe
communicationprotocolsrequiredfor that. In addition,sucha dynamichierarchy in a self-
monitoringimpactsensingnetwork maybecapableof diagnosticactionsandlocalisedSHM
responsesto globalpatternsdetectedby thenetwork.
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