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Abstract. A DecentralisedAdaptive Clustering(DAC) algorithm for self-monitoring
impactsensingietworksis presentedvithin the context of CSIRO-NASA AgelessAero-
spacévehicleproject.DAC algorithmis contrastedvith a Fixed-orderCentralisedAdap-
tive Clustering(FCAC) algorithm,developedto evaluatethe comparatie performance.
A numberof simulationexperimentds describedwith afocusonthescalabilityandcon-
vergencerate of the clusteringalgorithm.Resultsshav that DAC algorithmscaleswell
with increasingnetwork anddatasizesandis robustto dynamicsof the sensomataflux.

1 Intr oduction

Structuralhealthmanagemenf{SHM) is expectedto play a critical role in the development
and exploitation of future aerospaceystemspperatingin harshworking ervironmentsand
respondingo variousforms of damageandpossiblemanufcturingand/orassemblyprocess
variations.Ultimately, large numbersf sensorsill berequiredto detectandevaluatea wide
rangeof possibledamagdypeswithin alarge andcomple structure Rokustnessscalability
reliability and performanceverification are alsokey SHM requirementsA future vision of
self-monitoringrobust aerospaceehiclesincludesboth local and global SHM systemsThe
local actionsareanticipatedo identify, evaluate andtriggerrepairfor awide rangeof damage
or defectconditionsin aerospacenaterialsandstructuresin parallel,global actionsshould
enabledynamicevaluationof structuralintegrity acrosdarge andremoteareasThis dual ar
chitecturejin turn, entailsthe needfor dynamicanddecentralise@lgorithmsusedin damage
detectiongvaluation,diagnosticsprognosisandrepait In orderto addressheserequirements
we have chosento investicate the applicationof a complex multi-agentsystemapproachto
the architectureandseekto develop methodologieshatwill enablethe desiredresponsesf
the system(theremedialactions)to emege asself-oganisedbehaiors of the communicating
systemof sensingandactingagents.

CSIRO-NASA AgelessAerospacé/ehicle(AAV) projectdevelopedandexaminedseveral
essentiatonceptdor self-olganisingsensingandcommunicatiometworks[1, 8,3,9]. Some
of theseconceptsarebeingdeveloped,mplementedandtestedin the AAV ConceptDemon-
strator(AAV-CD): a hardwaremulti-cellular sensingagndcommunicatiometwork whoseaim
is to detectandreactto impactsby projectilesthat, for a vehiclein spacemight be micro-
meteoroidsor spacedebris.The CD consistsof “cells” that not only form a physical shell,
but alsohave sensorslogic, andcommunicationsCurrently eachcell containsa smallnum-
ber of passie piezoelectricpolymer sensorsondedto an aluminiumskin panelin orderto
detectthe elasticwaves generatedn the structureby impacts.EachAAV cell containstwo
digital signalprocessorspne of which acquiresdatafrom the sensorswhile the otherruns



the agentsoftwareandcontrolsthe communicationsvith its neighboringcells. Importantly a
cell communicatesnly with four immediateneighborsThe CD doesnot emplgy centralised
controllersor communicatiorrouters A stand-alonésynchronousSimulatorcapableof sim-
ulating the CD dealingwith someervironmentaleffects suchas particle impactsof various
enegieshasbeendevelopedandusedin thereportedexperiments.

Single cells may detectimpactsand triangulatetheir locations,while collectionsof cells
may solve morecomplex tasks for example produceanimpactboundarywith desiredcharac-
teristicsor animpactnetwork [3, 9] to pre-optimisesecondarynspectionsandrepairs.Some
responsesouldbepurelylocal, while somemayrequireemegenceof dynamicreconfigurable
structureswith somecellstakingtherolesof “local hierarchs”In fact,mosthierarchicaklus-
teringarchitecturegor multi-agentetworksarebasedntheconcepof aclusterhead(alocal
hierarch) A clusterheadactsasalocal coordinatorof transmissionsvithin the cluster Often,
aclusterheadis dynamicallyselectecamongthe setof nodes Moreover, clusterswould form
andre-formwhennen damages detectedn the basisof thelocal sensossignals.In the SHM
contet, anexampleof a coordinatedaskinitiated by a clusterheadis Active Damagdnterro-
gation(ADI) with apiezoelectridransducearray emittingmoderatdo highfrequeny enegy
from oneor moretransducerandusingthe othertransducerassensorgo monitortheenegy
propagtion throughthe structure A meaningfulADI scenariomay requirean emepgentfor-
mationof clustersof cellswith similardamagdevels.A clusterheadwould thenfit thedatato
adiagnostiomodel. The sensorataclusteringtaskhastwo primary challenges:

— Decentralisectclustering: most existing algorithmsfor clusteringfocus on how to form clusters,
given afile or databaseontainingthe items. Decentralizatiorcreateshe additionalcomplication
that,evenif acorrectclassificatiorcanbe determinedvith theincompletenformationavailable the
locationof itemsbelongingto a classalsoneedgo be discorered[6];

— Dynamic(on-line)clustering:new eventsmayrequirereconfiguratiorof clusters— thus,theresult-
ing patternsor clustershave to be constantlyrefined.

This requiresefficient algorithmsfor decentraliseédensoataclusteringin a distributed
multi-agentsystemln Section2 we describeanadaptve algorithmenablingself-oiganisation
of stablebut reconfigurablémpactdataclusters,connectinghe cellswhich detectedmpacts
with enegieswithin a certainband(e.g.,non-criticalimpacts).Theseclustersareexpectedto
reconfiguran real-timeif required.Importantly the clusteralgorithmshouldbe robustin the
faceof changesausedy new damagecells’ failuresandnodeinsertion/removal. Section3
present€omparatie analysisbetweerdecentraliseéndcentralised/ersionsof the developed
algorithm,followed by a discussiorof the obtainedresultsandfuture work.

2 Adaptive Clustering Algorithms

In this sectionwe describahedecentralise@ndcentralised/ersionsof the developedadaptve
clusteringalgorithm.Theinputcanbedescribedsaserieqaflux) of impactenegiesdetected
atdifferenttimesandlocationswhile the outputis a setof non-overlappingclusters gachwith
a dedicatedclusterhead(an AAV cell) anda clustermap of its followers (AAV cells which
detectedheimpacts)in termsof their sensordataandrelative coordinates.
Beforepresentingletailsof the algorithms,we would lik e to positionour work in relation
to the methodof clusteringwithin afully decentralisednulti-agentsystemproposedecently
by Ogstonet al. [6]. The work of Ogstonandher colleague<learly pointsout the problems
of centralisectlusteringwhen“datais widely distributed,datasetsarevolatile, or dataitems
cannotbe compactlyrepresentedThey presentamethodfor groupingnetworkedagentswith



similarobjectivesor datawithout collectingtheminto acentralisedlatabaseyhichshavsvery
goodscalabilityandspeedn comparisorwith the k-meanslusteringalgorithm.The method
employsaheuristicfor breakingargeclustersvhenrequired andasophisticatedechniquedy-
namicallymatchingagentsobjectives, representedsconnectionsn the multi-agentnetwork.
Thereportedclusteringresultsprovide a considerablenotivationfor our effort. Nevertheless,
we needto accountfor specificsof our application:a particularcommunicatiorinfrastructure
whereeachcell is connectednly to immediateneighboursn Von Neumanmeighbourhood;
constraintn the communicatiorbandwidth;dynamicimpactscenariosvheredensityof im-
pactsmayvary in time andspacea decentralise@rchitecturavithout absolutecoordinateor
id’s of individual cellsonamulti-cellularaerospacgehicleskin; etc. Therefore pur maingoal
is notanew clusteringmethodper sg but ratheranevaluationof a simpleclusteringtechnique
in adynamicanddecentralisedetting,exemplifiedby the CD sensomndcommunicatiomet-
work, in termsof scalabilityand corvergence,underspecificcommunicatiorconstraintsTo
this effect, we attemptedto abstractaway somesensotdatafeatures.For example,instead
of consideringtime-domainor frequeng-domainimpactdata,detectedand/orprocessedy
cell sensorg8], we represent cell sensoryreadingwith a singleaggreyatedvalue (“impact-
enepgy”), define“differences’or “distances’betweercellsin termsof this value,andattempt
to clustercellswhile minimisingthese'‘distances”.This approactcanberelatively easilyex-
tendedo casewhere“distances’aredefinedin a multi-dimensionakpaceln short,our focus
is on evaluatinginter-agentcommunicationsequiredby a decentralisedlusteringalgorithm,
dynamicallyadaptingto changes.

Thealgorithminvolvesa numberof interagentmessagesnotifying agentsabouttheir sen-
sory data,and changesn their relationshipsand actions.For example,an agentmay senda
recruitmessagé¢o anotheragent,delegatetherole of clusterheadto anotheragent,or declare
“independenceby initiating anew cluster Most of theseandsimilardecisionsarebasednthe
clusteringheuristicdescribedoy Ogstonet al. [7], anda dynamicoffsetrange.This heuristic
determinesf aclustershouldbe splitin two, andthelocationof this split.

2.1 Clustering Heuristic

Firstly, all n agentsn aclusteraresortedin decreasin@rderaccordingo theirimpact-enegy
valuez. Then,a seriesof all possibledivisionsin the orderedsetof agentss generatedT hat
is, the first orderingis a clusterwith all agentsin it; the secondorderinghasthe agentwith
thelargestvaluein thefirst clusterandall otheragentsn the secondcluster;andsoforth (the
n-th division hasonly thelastn-th agentin theseconctluster).For eachof thesedivisions,the
quality of clusteringis measuredy thetotal squareerror:

k
Ef =3 > lle—mi;

i=1xcC; ;
wherek is a numberof considerectlusters(k = 2 whenonly onesplit is considered)(; ;
arethe clustersresultingfrom a particulardivision andm;_; is the meanvalueof the cluster
C; ;. We divide E? valuesby their maximumto geta seriesof normalisedvalues.Thenwe
approximatehe secondderivative of the normalisederrorsperdivision:
(EFyy + EF . —2E7)
f//(EJZ) _ J hJ2 J ;
whereh = % If the peakof the secondderiative is greaterthan somethreshold?’ for a
division j, we split the setaccordingly;otherwise the setwill remainasonecluster
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2.2 DecentralisedAdaptive Clustering (DAC)

Eachagentis initially afollower to itself, andits followers’ list will containonly itself. Each
agents alsoaclusterheadinitially (asingletoncluster).Thecommunicatiormessagegshavn
in italic) canbe “flooding” broadcast®r dead-reckning paclets using relative coordinates
of their destinationon the AAV grid. The algorithminvolvesthe following stepscarriedout
by eachcell (agent)which detectedan impactwith the valuez (henceforthreferencedike
“larger” or “smaller” arerelative to this value):

1.

N

10.

11.

12.

Keepshroadcastingts recruitmessagitially (recruitmessagewill alwayscontainthefollowers’

list of anagent).This broadcastings doneperiodically with a broadcasting-period, affectingall

agentswith valueswithin a particularoffsetof the valuex of this agent,i.e., with valuesbetween
x — ¢ andz + ¢. Theoffsete is initially setto a proportiona of its agentvalue:e = az.

. If anagentin asingletonclusterrecevesarecruitmessagérom a“smaller” agent,t ignoresit.
. If anagentp in a singletonclusterrecevesarecruitmessagdérom a “larger” agentg in asingleton

cluster it becomedts follower, stopsbroadcastings own recruitmessageandsendsts information
to its new clusterheady: anacceptance-mesgawith its relative coordinategandtheagent-aluex.
It alsostoresdetailsof the clusterheady: theagent-aluez, andrelative coordinates.

. If anagentp in a singletonclusterrecevesa recruit messagdrom a “larger” agentq which does

have otherfollowers,it ignoresthe messagesimply becausehe“larger” agentg would alsoreceve
andhandlearecruitmessagérom p itself (seestep6b).

. If anagentreceivesan acceptance-mesgafrom somepotentialfollower agent,it addsthe agent

involvedin its followers’ list.

. If a memberof a non-singletorcluster eitherthe heador a follower, receves a recruit message

(eitherfrom a“larger”, “smaller” or “equal” agent),it forwardsit to its presentlusterhead.

. After forwarding a recruit messagéo its clusterhead,a follower ignoresfurther recruit messages

until theidentity of its headhasbeenre-asserte(asaresultof the clusteringheuristicbeinginvoked
somavhere).

. Theclusterheadwaitsfor a certainperiodW, collectingall suchforward message@heperiodW,

calledheuristic-periodshouldbe greatethan2 P). At theendof theheuristic-periodthe clustering
heuristicis invoked by the clusterheadon the union setof followersandall agentswvho forwarded
themessagedsThe“largest’agentin ary resultingclusteris appointedasits clusterhead.

. Theclusterheadwhichinvokedtheheuristicnotifiesnew clusterheadsabouttheirappointmentand

sendgheir clustermapsto them:a clusterinformationmessage.

A clusterheadstopssendingts recruitmessage®’ cyclesbeforeit invokestheclusteringheuristic.
If it is re-appointedsa clusterhead it resumesendingrecruitmessages.

If anagentreceivesa clusterinformation messaget becomesa clusterhead.If it wasalreadya
clusterheadwith a clustermap, it eraseghat clustermapandacceptghe new clustermap.It also
notifiesall its new followers.

A follower will periodicallygetrecruit messagefrom its clusterhead.If this doesnot happerfor
awhile, thenit meanghatthis follower is no longerin the followers’ list of its clusterhead.Then
it will make itself a clusterheadand start sendingits own recruit messagesThe offset of these
recruit messagewill be determinedby the offsetsit hadwhenit wasa clusterheadthe lasttime
(notnecessarilfhesamease).

Becauseof the unpredictablgiming of the clusteringheuristicsbeinginvoked in various

agentsjt is possiblethat a clusterheadkeepsa particularagentasits follower even after its
offsete haschangedandthis particularagentis now out of range.To counterthis, the cluster
headchecksits followers’ list periodicallyandremovesagentswith valuesout of range.lt is
alsopossiblethat a cell detectsa new impact, possiblyincreasingthe agent-alueby a large
amount.If this agentwasa follower, it immediatelybecomesa clusterheadand updatesits
formerclusterhead.Theformerclusterheadwill deleteit from its followers'list.



Dependingon the natureof the setof agentvalues the offsete may beinitially too small
to reachary otheragent.To counterthis, an agentperiodically (with a period A) increases
its offsetsexponentiallyuntil a certainlimit: ;1 = max(2¢eg, fz), wheregy = < initially,
and g is thelimit proportion(e.g.,the initial ¢ may be 0.01x andafter5 periodsthe offset
would becomess = 0.32x). Alternatively, theincreasewill stopwhenthe offsetsof anagent
have beenresetby the clusteringheuristic. Whenthe clusteringheuristicis applied,it may
produceeitheroneor two clustersasaresult.If therearetwo clustersithe offsetof eachnew
clusterheadsis modified. It is adjustedin sucha way that the clusterheadof the “smaller”
agentscannow reachup to, but not including, the “smallest” agentin the clusterof “larger”
agentsSimilarly, theclusterheadof “larger” agentscannow reachdown to, but notincluding,
the“largest”agent(the clusterhead)of the clusterof “smaller” agentsTheseadjustedffsets
aresentto thenew clusterheadsalongwith their clustermaps.

2.3 Fixed-order Centralised Adaptive Clustering (FCAC)

In orderto evaluate DAC, its centralisedversionwas developed.To achieve a congruence
betweerdecentralisedndcentralisedrersionswe definethe notionof “reachability” imitating
therecruitmessagesthatis, arny agentthatis within a particularoffsetof the agent-alue of
a clusterhead,i.e., with valueshetweenr — ¢ andx + ¢, is saidto be reachable from that
clusterhead.This allows usto essentiallyreplacebroadcasmessagewith simpledata-array
searchesDirect cell-to-cell messagese.g.,forwarding) are replacedwith simple data-array
operationssuchasinclusion,deletion,mege,split, etc.For example, anadditionof afollower
p is decidedwhenan agentp is “reachable”from a clusterheadq, andis accomplishedy
inclusionof p into anorderedist, headedy q.

TheCentralisedClusteringAlgorithm is aniterative processinvolving two functions.The
first functionis a sequentiaprocessingf eachclusterhead‘reaching”to all otheragents—
analogoudo recruit messagesyhile each“reaching” event may trigger an addition of a list
of followersto an existing cluster— analogougo forward messagesThe secondfunction
follows the first, and invokes the cluseringheuristicby all currentclusterheads potentially
changingthe clusteringoutcome Thesefunctionsarerepeatedlynvoked on thelist of agents,
andoffsetsarecontinuouslymodified(asdescribedittheendof the previoussubsection)until
ary agentis “reachable”only from a uniqueclusterhead.Onceno clusterheadcan“reach”
agentdhatarenotits followers,the centralisedalgorithmterminates.

The quality of clusteringis measuredy the weightedaverageclusterdiameter{10]. The
averagepairwisedistanceD for aclusterC with points{z1, z2, ..., z,,} IS givenby

D1 2y AT, T5)

m(m—1)/2 ’
whered(z;, z;) is the Euclideandistancebetweenpoints z; andz;. The weightedaverage
clusterdiameterfor k clusterds givenby:

k k
D= Zml(ml -1)D;/ Zml(ml -1),

wherem; is the numberof elementsn the clusterC; with the pairwise distanceD,. This
metricis known to scalewell with the sizeof datapointsandnumberof clustersn aparticular
clustering.It doesnot, however, accountor singletonclusterswhile favouringsmallclusters.

Wewouldliketo pointout,atthis stagethatneitherdecentralisedor centralisedalgorithm
guarantees corvergenceminimising the weightedaverageclusterdiameterD. In fact, DAC
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may give different clusteringsfor the sameset of agentvalues,dependingon the physical
locationsof the impact points. The reasonis a different communicationflow affecting the
adjustmenbf the offsets.Eachtime the clusteringheuristicis executedin anagent,its offsets
are either left aloneor reduced(they are never increased)The scopeof agentsinvolved in
theclusteringheuristicdepend®ontheorderof messag@assingwhichin turn dependonthe
physicallocationsof impacts.Theadjustedffsetsdeterminevhichagentsanbereachedy a
clusterheadandthiswill affecttheresultof clustering.Thereforefor ary setof agentvalues,
therearecertainsequencesf eventswhich yield betterclusteringresultsthanothers.

The developedcentralisedalgorithm doesnot simulateall possiblesequencesf events
— hence the name:Fixed-orderCentralisedAdaptive Clustering(FCAC). Agentvaluesare
enteredin a randomordet which may not initiate the “best” ordering of eventsand yield
the bestclusteringfor a particulardataset. In otherwords, centralisationof sensomatais
not a guaranteef a superiorperformanceand processingf all permutationds prohibitive
evenfor avery small numberof elementsOn occasionsPAC may even outperformFCAC.
Neverthelesstandomisatiorof dataprovedto besufiicientfor the purpose®f ourcomparison.

3 Experimental Results

We conductedxtensize simulationgo compardDAC andFCAC algorithmswith theintention
of determiningwhetherDAC algorithmis robust and scaleswell in termsof the quality of
clusteringand corvergence.The quality of clusteringis measuredy the weightedaverage
clusterdiameterD. The cornvergenceis measuredy the numberof times (denotedH) the
clusteringheuristicwasinvoked beforestability is achiezed with eachdataset. This number
of timesis is chosemasa metricinsteadof thetotal time takenin ordernotto reward DAC for
employing essentiallyparallelcomputation.

Sincewewantedto comparghe DAC andFCAC algorithmswe consideredheratio of the
weightedaverageclusterdiametersD givenby FCAC andDAC: Drcac/Dpac- Similarly,
we tracedtheratio of numbersof timesthe clusteringheuristicwasexecutedbeforeDAC and
FCAC algorithmsstabilisedwith eachdataset: H ¢ ac /Hp ac- Randomvalueswereusedas
agentvalues.Eachresultingdataserieswasapproximatedvith polynomials,andthe bestfit
wasselectedaccordingio Mallows’ criterion[5]:

Cp = RSS,/s* — L+ 2p,

wherep is the polynomial’s order L is the datasamplesize, RSS,, is the residualsum of
squaresands? is givenby RSSy /(L — M), which is the estimatefor the residualvariance
obtainedfrom thecompletemodelwith all M regressorsncluded.We usedMallows criterion
becausgredictive anddescriptve ability of the modeldealingwith noisydatais important.
The scalability analysisconsideredwo scenariosThe first scenariokept the AAV grid

array size constantwhile increasingthe numberof impactsdetectedwithin it. The second
scenariopn the contrary fixed the numberof impacts,while increasinghe grid size.In other
words,thedensityof impactswasincreasingn thefirst case anddecreasingn the second.

Effect of IncreasingDensity. Figurel1[top-left] shavs theweightedaverageclusterdiam-
eterratio Dpcac/Dpac aginstthe increasingnumberof impacts.It illustratesthat, while
the relative performanceof DAC decreasesvith the numberof impacts,it scaleswell and
decreaseracefully”. Therelative decreasén performances linear, andDAC givescompa-
rableperformancavith FCAC for largedatasets Figurel[top-right] shavs that,asthenumber
of impactsincreasesDAC needselatively moreandmore executionsof clusteringheuristics
to stabilisethanthe FCAC algorithm. This is expected,asthe clusteringheuristicneedsto
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Fig. 1. Top-left: the quality ratio Drcac/Dpac for increasingmpactdensity Top-right: the corver-
genceatio Hrcac /Hp ac; increasinglensity Bottom-left:thequalityratio Drcac /Dp ac; decreas-
ing density Bottom-right:the corvergenceratio H cac / Hp ac; decreasinglensity

be invoked in mary differentagentswith limited informationin the DAC algorithm.As the
numberof impactsincreasesDAC takesrelatively morecomputatiorandtime beforestabilis-
ing. However, the bestfit (a 4-th orderpolynomial)indicatesthat DAC mayin factstoplosing
groundwith respecto FCAC for evenlargernumberof impacts Thereasoris thatlargerdata
sampleshave morepossibleorderingsand FCAC hasa lesserchanceo procesghe bestone.
At this stageit is unclearwhetherDAC will begin to outperformFCAC, but atleastit doesnot
performworsethan4 timescomparedo thelatter.

Effect of DecreasingDensity. Figure 1[bottom-left] shavs 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
outperformthe FCAC algorithmwhenthe arraybecomedarger. This is indicatedby boththe
bestfit (a 2-nd orderpolynomial)andthe next best(linear)fit. Figure 1[bottom-right]showvs
thattherelative corvergencerateof DAC algorithmcanbe bestapproximatedy a 3-rd order
polynomial(again, thenext bestfit waslinear).Both approximationsndicatethat,asthearray
becomedarger, the decentralise@lgorithmbegin to outperformthe centralisedversion.

The describedexperimentssimulatedimpactsdetectedat the sametime — to evaluate
scalabilitywith respecto arraysizesandthe numberof impacts.Anotherfactoris dynamics
of theimpactflux. To analyseobustnes®f the DAC algorithmin thefaceof a spatiotemporal
impactflux, we developedscenariosvhereimpactsappearperiodically with varying periods.
For the FCAC algorithm, still all datawere given at oncesince,in this case,periodic data
insertionis notrelevant.Againtheratio Do ac / Dp ac of weightedaverageclusterdiameters
wastaken. It wasobsenedthatDAC is robustagainstthetiming of impactstheimpactperiod
doesnotaffecttherelative performancef the DAC algorithm.In otherwords,DAC is asgood
with dynamicdatainsertionasFCAC is with static(or dynamic)datainsertion.



4 Conclusionsand Futur e Work

We presentedecentralised\daptive Clustering(DAC) andFixed-orderCentralisedAdaptive
Clustering(FCAC) algorithmsfor self-monitoringimpactsensingnetworks. The experiments
indicatethat DAC algorithmcanbe usedto clustersensomata,achieving a high quality in a
dynamicimpactsensingnetwork. The DAC algorithmscalesreasonablywell with respecto
array sizesandthe numberof impacts,andis robustin the faceof a spatiotemporaimpact
flux. This providesa very goodsupportfor deploying other moresophisticatealgorithmsin
the sensingnetworks. The density-basedlgorithmsmay particularlyberelevantin our appli-
cation:e.g.,DBSCAN algorithmwould allow usto discover clusterswith arbitraryshapg?2].
Anotheravenueis, of course,deploymentof hierarchicalclusteringalgorithms.However, in
this caseratherthanparallelisingclusteringby partitioningthedatasetoverthe AAV network
and maintaininga centralpoint asdonein P-CLUSTERalgorithm[4], we are investigating
dynamichierarchiesemegingin responseo the constrainton the numberof clustersandthe
communicationprotocolsrequiredfor that. In addition, sucha dynamichierarcly in a self-
monitoringimpactsensingnetwork may be capableof diagnosticactionsandlocalisedSHM
responseto global patterngdetectedy the network.
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