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Abstract. Structuralhealthmanagement(SHM) of safety-criticalstructuresre-
quiresmultiple capabilities:sensing,assessment,diagnostics,prognostics,repair,
etc. This paperpresentsa capability for self-organisingdiagnosisby a groupof
autonomoussensingagentsin a distributedsensingandprocessingSHM network.
Thediagnosticsinvolvesacousticemissionwavesemittedasa resultof a sudden
releaseof energy duringimpactsanddetectedby themulti-agentnetwork. Several
diagnostictechniquesidentifying the natureand severity of damageat multiple
sitesareinvestigated,andtheself-organisingmaps(Kohonenneuralnetworks)are
shown to outperformthestandardk-meansalgorithmin bothtime- andfrequency
domains.

1 Introduction

Structuralhealthmanagement(SHM) of complex, safety-criticalstructuressuchasaero-
spacevehicleswill ultimately requirethedevelopmentof intelligentsystems– systems
thatcanprocessthedatafrom largenumbersof sensors;evaluateanddiagnosedetected
damage;form aprognosisfor thedamagedstructure;makedecisionsregardingresponse
to or repairof thedamage;initiate the requiredactionsandmonitor their effectiveness.
CSIRO, with supportfrom NASA, is investigatingapproachesto suchsensornetworks
basedon complex multi-agentsystemsprinciplesthatareexpectedto provide thedesir-
ablecharacteristicsof robustness,reliability andscalability[1, 12]. The transitionfrom
conventional“hot spot”monitoring,whichusesrelatively few sensorsandtreatsdamage
detectionasa separatetask from dataanalysisandprognosis,to comprehensive SHM
employing very largenumbersof diversesensorsintegratedinto thematerialmicrostruc-
ture,will necessitatethehandlingof massiveamountsof diversedata,leadingto potential
failuresdueto informationandcommunicationsloss,andinformationoverload.In order
to solve this problem,we proposean innovative multi-cellular sensorandcommunica-
tion network,with self-monitoringandself-diagnosingcapabilities,leadingto distributed
self-assessment.Datawill beprocessedlocally, andonly informationrelevantto otherre-
gionsof thestructurewill becommunicated.

Thus,thefocusof ourcurrentresearchisondevelopingacapabilityfor self-organising
diagnosisby agroupof autonomoussensingcellsin adistributedsensingandprocessing
network, andon demonstratingthe outcomeson a large-scalehardware test-bed– the
“Ageless”AerospaceVehicles(AAV) ConceptDemonstrator(CD). The AAV-CD con-
sistsof “cells”, thatnotonly form aphysicalshellfor anaerospacevehicle,but alsohave
sensors,logic, andcommunications.Currently, eachcell contains� passivepiezoelectric



Fig. 1. A singlealuminiumpanelwith 4 cells(left) andageneralview of theConceptDemonstrator
(right), with four of thesix sidespopulated.

polymersensors,consistingof a 110 � m-thick film of PVDF (polyvinylidenefluoride)
coatedonbothsideswith aconductive gold layer, bondedto analuminiumskinpanelin
orderto detecttheelasticwavesgeneratedin thestructureby impacts.Thepresentstruc-
tureof theAAV-CD is ahexagonalprism.A modularaluminiumframeis coveredby �	��

mm x ��
	
 mm, ��
 mm thick aluminiumpanelsthatform theouterskin of thestructure.
Eachsuchpanelcontainsfour cells,andeachof thesix sidesof theprismcontainseight
of thesepanels.The entireAAV ConceptDemonstratorcontains��� panels,�	��� cells,
anda total of �	��� sensorsin theinitial system(Figure1).

Someof the distributedprocessinginvolvesonly interactionsbetweenlocal agents,
while otherprocessingrequiresthe emergenceof dynamichierarchicalstructures.An
exampleof the former is emergentspatialorganisation,suchasour previously reported
work on the formationof impactboundaries[7,6], evolvablerecovery membranes[15]
andimpactnetworksarounddamagedareas[14], which canbeusedto characterizethe
extentof damage.Thefocusof this paperis to investigatediagnostictechniquesidenti-
fying thenatureandseverity of damageatmultiplesites,but at thisstage,not identifying
eitherthecausesof damageor the requiredremedialactions.In particular, we consider
theself-organisingmaps(SOMsor Kohonenneuralnetworks)[9, 10], thePrincipalCom-
ponentAnalysis(PCA)technique[8], andtheircombinations.Eachconsideredtechnique
involvescollectinginput-vectorsfor severalimpactsignalcategories,atrainingphaseus-
ing a half of the input-vectorsandproducinga clustering,anda testingphasewhenthe
otherhalf is diagnosedby mappingto producedclusters.Appropriatemetrics,e.g.recall
andprecision,areusedto characterisethetechniquesperformance.

At this stage,the diagnosticmodelsarecentralised:all the detectedinputsarecol-
lectedprior to the training andtestingphases,so that processingis carriedout outside
the AAV-CD. Eventually, thesetechniqueswill be decentralisedandembeddedin the
AAV-CD multi-cellulararray, enablinganon-lineassessmentof damagetypeandsever-
ity. Our main objective is to evaluatethe conceptof self-organisingdiagnosticsin the
context of a self-monitoringimpactsensingnetwork. The following Sectionbriefly re-
viewssomebackgroundresearch.Section3 describestheemployedtechniques,followed
by experimentalset-upanddiagnosticsresults(Section4) andconclusions(Section5).



2 Background
Acousticemission(AE) is anultrasonicwave emittedasa resultof a suddenreleaseof
energy duringadeformationandfailureprocess[3]. Thereleasedenergy canbedetected
by sensorssensitive to displacementor velocity. A subsequentanalysisof the arrival
timesof thesignalsat differentsensorlocationsalongwith knowledgeof thevelocity of
soundpropagationcanbeusedto triangulatethe locationof thedamagemechanism[2,
13]. In somecases,detailedanalysisof the acousticemissionsignalscanalsoprovide
informationaboutthenatureandseverity of thedamage.For example,AE methodsare
beinginvestigatedfor on-boardimpactdetectionfor theSpaceShuttle— following the
ColumbiaShuttleaccidentwhich resultedfrom damageto the Shuttlewing’s leading
edge,causedby impact of foam insulationthat broke off of the external tank during
ascent[13].

Recently, neuralnetworkshave beensuccessfullyusedin clusteringandidentifying
damage-relatedAE signalsin a highly noisyenvironment,achieving very goodclassifi-
cationresultsfor crack-relatedsignalsin thepresenceof strongtime-varyingnoiseand
otherinterference[5] — in particular, theKohonennetwork (SOM) wasappliedfor this
purpose.Artificial NeuralNetworks (ANN) andSupportVectorMachines(SVM) were
alsorecentlyconsideredasapproachesto build classifiersin orderto assessthestructural
integrity of shaftsandpinsbasedon ultrasonicsignatures[11]. It is generallyobserved
thata combinationof classifiersmayproducea moreinformative classification.Thus,a
sequenceof PCA andSOM is usedin [5], while a hybrid ANN-SVM classifieris found
moreinformative in [11].

3 Self-organising Maps
Thevery popularSOM algorithmwasoriginally devisedby Teuvo Kohonen[9,10] asa
modelof theself-organisationof neuralconnections,with theability to produceorgan-
isationstartingfrom possiblytotal disorder. TheKohonenalgorithmfor self organising
featuremapsstoresprototypes
�
������� � (alsoknownascodebookvectors)of theinput-vectors
of aneuclidianinput space� , 
� � , in theneurons(cells)of a neurallayer � (a ��� grid).
Theprototypevectors 
�
 ���� � � areusuallyinitialized with randomvalues.At eachiteration!#" 
 , thereare $ updates:onefor eachinput-vector
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denotestheeuclidiandistancein input space.Thewinnerneuroncorresponds

to the highestneuralactivity, beingthe “centerof excitation”. The prototypevectorof
the winner neuronis updated,becomingmoresensitive to that type of input. This al-
lows differentcellsto betrainedfor differenttypesof data.Theneighborsof thewinner
neuronadjust their prototypevector towardsthe input vector as well, but in a lesser
degree,dependenton their distancefrom thewinner. Usuallya neighbourhoodfunctionK A � � �LD � A B � C D & ! * thatdecreasesbothwith timeanddistancebetweenpositions&)3�4768* and &LM%4 NO*
ontheplanarneurallayer(e.g.,a radialsymmetricGaussianneighbourhoodfunction),is
usedfor thispurpose:
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Fig. 2. A patternof laserimpacts.

The function Q & ! * , suchthat 
VUWQ & ! * UX� determinesthe speedof learningandcan
bereducedduringthelearningprocess.Theradiusof theneighbourhoodY & ! * decreases
with eachiterationasfollows:

Y & ! * /ZY\[^]`_badc e�f7gh
with i beingthemaximalnumberof iterations.In our experiments,a linearneighbour-
hoodfunctionoutperformedtheGaussianfunction.

Sinceprototypevectors,whoseneuronswith positions&dM%47Nj* arecloseto thewinner
with theposition &)354 68* , arealwaysupdatedtogether, a topologypreservationis achieved
— neuronsthatarecloserin theneurallayer tendto respondto inputsthatarecloserin
theinput space.In otherwords,SOM learnsa smoothmappingof theinput spaceto the
neurallayer. However, thesolutionsobtainedby SOMmightbedifferentdueto different
trajectoriesthroughthesearchspace,andthereforetheinput-vectorscanbereusedmany
iterations(“epochs”)duringthetrainingphase,in differentorders.

4 Experimental Results

In orderto carryout andevaluateself-organisingdiagnosticsin theAAV impactsensing
network, we collectedthe datacontainingthe transients(voltagevs time) from PVDF
transducersattachedto a separatealuminiumpanelthatis subjectto laseror mechanical
impacts,with high or low energy. Laser impactshave beenproducedby pulseswith
eithertheenergy of k�
	
 mJor k	
 mJusinga Q-switchedNd:YAG laserfocusedonto
thesurfaceto simulateparticleimpactsby ablatingmaterialfrom thealuminum.Impacts
did not piercetheskin,but left a significantcraterin thealuminumsurface.Theoutputs
were detectedby four receivers while the laserimpact site is changedover the panel
in a specificpattern(Figure2). The sensorswere in quadrantQ only, at positions�P� ,
�P� , �?k and �l� . Tenlaserimpacts,for eachenergy level, wereaimednearthecentreof
eachquadrantequidistantfrom each,with eachsubsequentimpactmoving � -mm in the
sequence,indexedfrom � to �	
 , sothatthefirst andthetenthstrikeat thecentre.

Themechanicalimpactsresultedfrom a stainlesssteel-tippedpendulumbob. Again,
the outputsweredetectedby four receivers,while striking the panelten timesat each
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Fig. 3. A lasersignal(highenergy) in quadrantn , locationo , detectedby sensorprq is shown with
solid lines.A pendulumsignal(low energy) in quadrants detectedby sensorput is shown with
dots.

quadrant.Tenpendulumimpacts,for eachenergy level, wereaimedat thecentreof each
quadrant— unlike lasershots,they werenotmovedaroundona � -mm grid.

Thegoalof clusteringanddiagnosticsis to identify anddistinguishbetweendifferent
impact types(laservs pendulum)and different impact energies (high vs low) — the
distancesto impactsarenot intendedto be determined.In otherwords,the processof
varyingimpactlocationsin thelaserexperimentsdoesnotpursuethegoalof representing
differentdistancesin thedata-set,but hasaratherpracticalpurposeof avoidingthepanel
fatiguefrom repeatedlaserimpacts.

Thecollecteddatapresentanumberof challengesfor clusteringanddiagnostics.First
of all, therearedifferentimpacttypesanddifferentenergy levels,creating� objectivecat-
egories.For example,a high-energy impactfrom thequadrantv maybevery similar to
a low-energy impact from the quadrantQ — especiallyif the signalsof the sameim-
pact,detectedby four sensors,aretreatedseparatelyfrom eachother. Laserimpacts,in
addition,vary dueto the shifting impact locations:for instance,impactsat locations �
and �	
 differ from thoseat k , w , � , � , andfrom thoseat � ,� , � , � . Moreover, therearesignal
reflectionsfrom thepanel’s edges.More precisely, in all of thesesignals,thefirst arrival
correspondsto the xy[ Lambwave (thelowestorderextensionalwave),whosefasterlow
frequency componentspropagateat w J k mmzd��{ in this material.This is followed by
the | [ (flexural) wave, for which thehigherfrequency modespropagatefasterthanthe
lower frequency components,at the Rayleighwave velocity ( k mmzO��{ in aluminum).
The presenceof both wavesin the signalmakesthe laserimpactsquite hardto cluster
andproperlydiagnose.Figure3 shows two signals:a laserwith high energy, anda pen-
dulumwith low energy. Finally, thetrainingsetis relatively smallcontaining��
 impacts
detectedby � sensors.



Eachsignalcontains��
O��� time-domainpoints.Moreover, thesignalsfrom thesame
impactdetectedby four sensorswereconcatenatedinto oneinput-vector— to betterac-
countfor thevaryingdistances.In practicesuchmerging canbeeasilyachievedafteran
AAV cell determinesthat its four sensorsdetectedthe samesignal.The training (clus-
tering) phaseusedsignalscorrespondingto the impact locationsfrom � to ��
 , leaving
locationsfrom � to w to thetesting(diagnostics)phase.

In orderto comparatively evaluateSOM performance,we usedk-meansclustering
algorithm[4], augmentedeitherwith the PrincipalComponentAnalysis(PCA) [8], or
DiscreteFourierTransform.ThePCAtransformsadata-setinto anew coordinatesystem
is sucha way that the new first coordinateaxis hasthe greatestpossiblevarianceof
thedata-setprojection,thesecondaxishasthesecondgreatestpossiblevarianceof the
projections,etc.Theorderednew coordinatesarecalledthePrincipalComponents(PCs).
In many applicationsthe correspondingvariancerapidly decreasesfrom the first to the
last PC. A reductionof data-setdimensionalitywith minimal information losscanbe
achievedby usingonly a few first PCsto representthedata.This is acommontechnique
in imagecompressionandpatternrecognition.ThePCA helpsto improve performance
andreducememorydemandof dataprocessingalgorithms.However, this techniqueis
not optimizedfor clustering,which, in combinationwith the informationloss,degrades
thequality of theclusteringresults.Although thePCA is frequentlyusedasa partof a
processingsequencein dataclassification,thetruereasonto includeit is not to improve
theclassificationresults,but to reducethecomputationaldemandsof thealgorithmsthat
follow thePCA.In ourexperimentsweusedSingularValueDecomposition(SVD) based
algorithmto calculatethePCA.

The DiscreteFourier Transform(DFT) also changesthe way the data-setis dis-
tributed. It doesnot guaranteea betterclusteringeither. But if the data-setrepresents
acousticor electromagneticsignals,thespectralrepresentationof thesignalsmayleadto
a betterdiscriminationbetweendifferentclassesof the signals.This wasthe casewith
the data-setin our experiments.The K-meansalgorithmappliedto the DFT-processed
data-setled to slightly betterresultsthan the samealgorithmappliedto the raw data.
To calculatetheDFT we usedtheFastFourierTransform(FFT) algorithmembeddedin
Matlab.

In summary, theclusteringwasdonewith a) k-meansalgorithmappliedto theinput
space;b) k-meansalgorithmappliedto thePCA space;c) k-meansalgorithmappliedto
the frequency domain(usingFourier Transformof the input-vectors,FFT) d) SOM of
theinput space;e) SOM of theFFT space.A comparisonbetweena) andb) is expected
to show thebenefitsof usingPCA asa preliminarystep,while a comparisonbetweena)
andc) would highlight thebenefitsof FFT. On theotherhand,a comparisonbetweena)
andd), aswell asbetweenc) ande)maysupporttheusageof SOMsin diagnostics.

Input-vectorsare labelledwith � categories(“laser-high”, “laser-low”, “pendulum-
high”, “pendulum-low”), and theselabels are propagated to resultantclusters(using
majority-voting), enablingdiagnosticsand its evaluation.We usedseveral metricsfor
eachscenario:recall, precisionand effectiveness.The recall measureshow many test
input-vectors� weresuccessfullymatchedto thecorrectclustercategory out of } exist-
ing testvectorsfrom this category: ~ � / � � zd} � . Theprecisionmeasureshow many test
vectorswereattractedto eachclusteredcategoryin relationto thetotalsizeof thecluster:� � / � � zd� � , where� � is thenumberof all testvectorsplacedin thecluster. For example,
is the cluster k attracted����/��	w vectors,out of which � ��/��	� vectorsbelongedto



thecorrectcategory (which contains}�/��	
 vectorsin total), then ~��b/W����z`�	
�/�
 J ��w
and � � /W����z`�	wP/�
 J ��� . In otherwords, ��w	� of the testvectorsfrom this category are
correctlyrecalled(diagnosed)with theprecisionof �	��� . Theeffectivenessis definedas
a harmonicmeanof recallandprecision:� � /-��~ � �'� z & ~ � 1 �'� * , andwe usetheaverage
effectiveness�?/0����)� � � � zj� in thecomparative analysis.

Laser Pendulum
Technique High Low High Low� � �'� � � ��� �`� � � �G� � � �

a)k-means:k=6, noPCA 0.15 1.0 1.0 0.28 0.25 1.0 0.0 0.0 0.2739
k-means:k=60,noPCA 0.4 1.0 0.95 0.76 1.0 1.0 0.90 0.67 0.7955

b) k-means:k=32,35PCs 0.35 1.0 0.65 0.65 1.0 0.91 0.90 0.58 0.7067

c) k-means:k=50,FFT 0.45 1.0 0.85 0.77 1.0 1.0 1.0 0.69 0.8116

d) SOM: linear � , mean 0.42 0.95 0.83 0.61 0.99 0.98 0.93 0.80 0.7817
SOM: linear � , maximum 0.55 1.0 0.95 0.68 1.0 1.0 0.95 0.90 0.8570

e)SOM-FFT: mean 0.44 0.95 0.88 0.60 0.97 0.98 0.88 0.81 0.7814
SOM-FFT: maximum 0.55 1.0 0.95 0.70 1.0 1.0 1.0 0.91 0.8676

Table 1. Diagnostics:resultsof testing.

Theresultsof diagnosticsaresummarisedin table1. Thek-meansalgorithmapplied
to thePCA-processeddata-sethadinferior resultscomparingto thesamealgorithmap-
plied to theoriginaldata.Thenumberof clustersmaximisingtheeffectivenesswasquite
largewith or without theFFT step( M /Ww	
 and M /W�	
 respectively). FFT helpedonly
marginally — however, thereis a clearbenefitin usingit in the presenceof noise.We
trained �	
 SOMsin thetime-domain,eachhaving a squarelayerof �\
�
 neurons,with a
linearneighbourhoodfunction,andcalculatedthemeanrecall andprecisionover these
��
 runs,followed by the effectivenessof thesemeanvalues(shown in the table).The
averageperformanceof theseSOMsapproachedthe bestresultof k-means,while the
bestSOMoutof thetrainedsetexceededthis result.TheSOMsappliedin thefrequency
domainhavealsoshown only amarginal improvement,andtheirbestSOMhasalsoout-
performedk-meanswith the FFT step.Thus,we canconcludethat SOM techniqueis
quiteappropriatewhenthetrainingsetis smallandin thepresenceof noise.

5 Conclusions

In thispaperweevaluatedseveraltechniquesaimedatself-organisingdiagnosticsin im-
pactsensingnetworks.Theself-organisingmaps(Kohonenneuralnetworks)haveshown
to bemorepromising,outperformingthestandardk-meansalgorithmin both time- and
frequency domains,andsuggestinga way to embedself-organisingdiagnosticsin dis-
tributedanddecentralisedSHM systems.Thecommonfeatureof all experimentswasa
difficulty in recallingthe“Laser-High” category. In fact,abetteraccountof thiscategory
wasadistinguishingcontributorto theoverallsuccessof theSOM.It canbeobservedthat
thesignalsfrom thiscategoryaremostlyplacedin the“Laser-Low” category, reducingits
precision.In otherwords,theenergy levelsareharderto recognisein thehigher-velocity
signalsdetectedby remotesensors.This observationcalls for a comprehensive analysis
of optimalsensordensityandlayout,which is anothersubjectof futurework.
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