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Abstract. Structuralhealthmanagemen(SHM) of safety-criticalstructuresre-

quiresmultiple capabilities:sensingassessmentliagnosticsprognosticsyepair

etc. This paperpresentsa capability for self-oiganisingdiagnosisby a group of

autonomousensingagentsn adistributedsensingandprocessingsHM network.

The diagnosticsnvolvesacousticemissionwavesemittedasa resultof a sudden
releaseof enegy duringimpactsanddetectedy the multi-agentnetwork. Several

diagnostictechniquesdentifying the natureand severity of damageat multiple

sitesareinvestigated,andthe self-oiganisingmaps(Kohonemeuralnetworks) are
shown to outperformthe standarck-meansalgorithmin bothtime- andfrequeny

domains.

1 Introduction

StructuralhealthmanagementSHM) of comple, safety-criticalstructuresuchasaero-
spacevehicleswill ultimately requirethe developmentof intelligent systems- systems
thatcanprocesghe datafrom large numbersof sensorsevaluateanddiagnoseletected
damageform aprognosidor thedamagedtructuremake decisiongegardingresponse
to or repairof the damagejnitiate the requiredactionsand monitor their effectiveness.
CSIRO, with supportfrom NASA, is investigating approacheso suchsensometworks
basedon complex multi-agentsystemsprinciplesthatare expectedto provide the desir
ablecharacteristicof robustnessreliability andscalability[1, 12]. The transitionfrom
cornventional*hot spot” monitoring,which useselatively few sensorandtreatsdamage
detectionas a separatdask from dataanalysisand prognosisto comprehensie SHM
employing very large numbersof diversesensorsntegratedinto the materialmicrostruc-
ture,will necessitatthehandlingof massie amountf diversedata eadingto potential
failuresdueto informationandcommunicationsoss,andinformationoverload.In order
to solwe this problem,we proposean innovative multi-cellular sensorand communica-
tion network, with self-monitoringandself-diagnosingapabilities|eadingto distributed
self-assessmeratawill beprocessetbcally, andonly informationrelevantto otherre-
gionsof thestructurewill becommunicated.

Thus,thefocusof ourcurrentresearclis ondevelopingacapabilityfor self-oiganising
diagnosisby agroupof autonomousensingellsin adistributedsensingandprocessing
network, and on demonstratinghe outcomeson a large-scalehardware test-bed- the
“Ageless”Aerospacé/ehicles(AAV) ConceptDemonstrato(CD). The AAV-CD con-
sistsof “cells”, thatnotonly form aphysicalshellfor anaerospacegehicle,but alsohave
sensorslogic, andcommunicationsCurrently eachcell containst passve piezoelectric



Fig. 1. A singlealuminiumpanelwith 4 cells(left) andagenerakiew of the ConcepDemonstrator
(right), with four of the six sidespopulated.

polymersensorsconsistingof a 110 um-thick film of PVDF (polyvinylidenefluoride)
coatedon bothsideswith a conductve gold layer, bondedio analuminiumskin panelin
orderto detectthe elasticwavesgeneratedh the structureby impacts.The presenstruc-
tureof theAAV-CD is ahexagonalprism.A modularaluminiumframeis coveredby 220
mm x 200 mm, 1—mm thick aluminiumpanelsthatform the outerskin of the structure.
Eachsuchpanelcontainsfour cells,andeachof the six sidesof the prism containseight
of thesepanels.The entire AAV ConceptDemonstratoicontains48 panels,192 cells,
andatotal of 768 sensorsn theinitial system(Figurel).

Someof the distributed processingnvolvesonly interactionsbetweenocal agents,
while other processingequiresthe emegenceof dynamichierarchicalstructures An
exampleof the formeris emegentspatialorganisation,suchasour previously reported
work on the formationof impactboundarieg7, 6], evolvablerecorery membrane$15]
andimpactnetworks arounddamagedareaq14], which canbe usedto characterizehe
extentof damageThefocusof this paperis to investicate diagnostictechniquesdenti-
fying thenatureandsererity of damageat multiple sites,but atthis stage notidentifying
eitherthe cause®of damageor the requiredremedialactions.In particular we consider
theself-olganisingmaps(SOMsor Kohonemeuralnetworks)[9, 10], thePrincipalCom-
ponentAnalysis(PCA)techniqud8], andtheircombinationsEachconsideredechnique
involvescollectinginput-vectorsfor severalimpactsignalcateyories,atrainingphaseus-
ing a half of the input-vectorsandproducinga clustering,anda testingphasewhenthe
otherhalf is diagnosedy mappingto producedctclusters Appropriatemetrics,e.g.recall
andprecision,areusedto characteris¢hetechniqueperformance.

At this stage the diagnosticmodelsare centralisedall the detectednputsare col-
lectedprior to the training andtestingphasesso that processings carriedout outside
the AAV-CD. Eventually thesetechniqueswill be decentralisecand embeddedn the
AAV-CD multi-cellulararray enablinganon-lineassessmermtf damageypeandsever
ity. Our main objectie is to evaluatethe conceptof self-organisingdiagnosticsan the
contet of a self-monitoringimpactsensingnetwork. The following Sectionbriefly re-
views somebackgroundesearchSection3 describesheemplo/edtechniquesfollowed
by experimentaket-upanddiagnosticgesults(Section4) andconclusiongSection5s).



2 Background

Acousticemission(AE) is anultrasonicwave emittedasa resultof a sudderreleaseof

enepgy duringadeformatiorandfailure procesg3]. Therelease@&negy canbedetected
by sensorssensitve to displacemenbr velocity. A subsequenanalysisof the arrival

timesof the signalsat differentsensoilocationsalongwith knowledgeof the velocity of

soundpropagtion canbe usedto triangulatethe locationof the damagemechanisni2,

13]. In somecasesdetailedanalysisof the acousticemissionsignalscanalso provide

informationaboutthe natureandseverity of the damageFor example, AE methodsare
beinginvesticatedfor on-boardimpactdetectionfor the SpaceShuttle— following the

ColumbiaShuttle accidentwhich resultedfrom damageto the Shuttlewing'’s leading
edge,causedby impact of foam insulationthat broke off of the externaltank during

ascen{13].

Recently neuralnetworks have beensuccessfullyusedin clusteringandidentifying
damage-relatedE signalsin a highly noisy ervironment,achiezing very goodclassifi-
cationresultsfor crack-relateasignalsin the presencef strongtime-varying noiseand
otherinterferencg5] — in particular the Kohonemetwork (SOM) wasappliedfor this
purpose Atrtificial NeuralNetworks (ANN) and SupportVectorMachines(SVM) were
alsorecentlyconsiderecsapproacheso build classifierdn orderto assesshestructural
integrity of shaftsand pins basedon ultrasonicsignatureg11]. It is generallyobsered
thata combinationof classifieranay producea moreinformative classificationThus,a
sequencef PCAandSOM is usedin [5], while a hybrid ANN-SVM classifieris found
moreinformative in [11].

3 Sdf-organising Maps

Thevery popularSOM algorithmwasoriginally devisedby Teuvo Kohonen[9, 10] asa
modelof the self-oanisationof neuralconnectionswith the ability to produceorgan-
isationstartingfrom possiblytotal disorder The Kohonenalgorithmfor self organising
featuremapsstoregprototypesu; ; (alsoknown ascodebookrectors)of theinput-vectors
of aneuclidianinput spaceX, 7, in theneurongcells) of aneurallayer R (a2D grid).
The prototypevectorsw; ; areusuallyinitialized with randomvalues.At eachiteration
t > 0, thereare M updatesonefor eachinput—vectora:(4mS, 1 < m < M (we shall
denoteanupdatewith anindex 7 = tM + m). Every stimulus:Tm)> is mappedo the
“winner” neuronwith the position (i, j) in the neurallayer R, which hasthe prototype
vectorw; ; with theminimal euclidiandistancen input space:

J(m) —wis (Tl = omin, (2] — wea (7))

where||.|| denoteghe euclidiandistancen input space Thewinnerneuroncorresponds
to the highestneuralactvity, beingthe “centerof excitation”. The prototypevector of
the winner neuronis updated becomingmore sensitve to that type of input. This al-
lows differentcellsto betrainedfor differenttypesof data.The neighborsof thewinner
neuronadjusttheir prototypevector towardsthe input vector as well, but in a lesser
degree,dependenbn their distancefrom the winner. Usually a neighbourhoodunction
Na.5),(k.1) (1) thatdecreaselothwith time anddistancebetweerpositions(i, j) and(, 1)
ontheplanarneurallayer(e.g.,aradialsymmetricGaussiameighbourhoodunction),is
usedfor this purpose:

Wit (7 + 1) = wia (1) + alt) 1gag), ey (£) [2(m) — wia(7) ] -
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Fig. 2. A patternof laserimpacts.

The function a(t), suchthat0 < a(t) < 1 determineghe speedof learningandcan
bereducedduringthelearningprocessTheradiusof the neighbourhoog(t) decreases
with eachiterationasfollows:

t1n pg

p(t)=poe &

with N beingthe maximalnumberof iterations.In our experimentsa linear neighbous
hoodfunctionoutperformedhe Gaussiariunction.
Sinceprototypevectors,whoseneuronswith positions(k, ) arecloseto thewinner
with the position(i, j), arealwaysupdatedogetheratopologypreserationis achieved
— neuronghatarecloserin the neurallayertendto respondo inputsthatarecloserin
theinput spaceln otherwords,SOM learnsa smoothmappingof theinput spaceto the
neurallayer However, the solutionsobtainedoy SOM might bedifferentdueto different
trajectorieghroughthe searchspaceandthereforetheinput-vectorscanbereusednary
iterations(“epochs”)duringthetraining phasejn differentorders.

4 Experimental Results

In orderto carry outandevaluateself-omganisingdiagnosticsn the AAV impactsensing
network, we collectedthe datacontainingthe transientgvoltagevs time) from PVDF
transducerattachedo a separataluminiumpanelthatis subjectto laseror mechanical
impacts,with high or low enegy. Laserimpactshave beenproducedby pulseswith
eithertheenegy of 300 mJor 30 mJusinga Q-switchedNd:YAG laserfocusedonto
thesurfaceto simulateparticleimpactsby ablatingmaterialfrom thealuminum.Impacts
did not piercethe skin, but left a significantcraterin the aluminumsurface. The outputs
were detectedby four receivers while the laserimpact site is changedover the panel
in a specificpattern(Figure 2). The sensorswverein quadrantx only, at positionsR1,
R2, R3 and R4. Tenlaserimpacts for eachenepy level, wereaimednearthe centreof
eachquadranequidistanfrom each,with eachsubsequenimpactmaoving 4-mmin the
sequencandexedfrom 1 to 10, sothatthefirst andthetenthstrike atthe centre.

The mechanicalmpactsresultedfrom a stainlesssteel-tippegendulumboh Again,
the outputswere detectedby four recevers, while striking the panelten timesat each
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Fig. 3. A lasersignal(high enegy) in quadrant3, location5, detectedy sensorRR2 is shovn with
solid lines. A pendulumsignal (low enegy) in quadrantx detectedby sensorR1 is shovn with
dots.

quadrantTenpendulumimpacts for eachenepgy level, wereaimedatthe centreof each
quadrant— unlike lasershots they werenot movedaroundon a4-mm grid.

Thegoalof clusteringanddiagnosticss to identify anddistinguishbetweerdifferent
impacttypes (laservs pendulum)and differentimpact enegies (high vs low) — the
distancedo impactsare not intendedto be determinedIn otherwords, the processof
varyingimpactlocationsin thelaserexperimentgloesnotpursuehegoalof representing
differentdistancesn thedata-setbut hasaratherpracticalpurposeof avoiding the panel
fatiguefrom repeatedaserimpacts.

Thecollecteddatapresenanumberof challengegor clusteringanddiagnosticsFirst
of all, therearedifferentimpacttypesanddifferentenegy levels,creatingi objective cat-
egories.For example,a high-enegy impactfrom the quadrant3 may be very similar to
a low-enepgy impactfrom the quadrantoe — especiallyif the signalsof the sameim-
pact,detectedby four sensorsaretreatedseparatelffrom eachother Laserimpacts,in
addition,vary dueto the shifting impactlocations:for instancejmpactsat locations1
and10 differ from thoseat 3,5,7,9, andfrom thoseat 2,4,6,8. Moreover, therearesignal
reflectionsfrom the panels edgesMore preciselyin all of thesesignals thefirst arrival
correspondso the S; Lambwave (the lowestorderextensionalwave), whosefasterlow
frequeny componentpropagteat 5.3 mm/us in this material. This is followed by
the A, (flexural) wave, for which the higherfrequeng modespropagtefasterthanthe
lower frequeny componentsat the Rayleighwave velocity ( 3 mm/us in aluminum).
The presencef bothwavesin the signalmakesthe laserimpactsquite hardto cluster
andproperlydiagnoseFigure3 shavs two signals:a laserwith high enegy, anda pen-
dulumwith low enepy. Finally, thetrainingsetis relatively smallcontaining80 impacts
detectedby 4 sensors.



Eachsignalcontains2048 time-domainpoints.Moreover, the signalsfrom the same
impactdetectedy four sensorsvereconcatenatethto oneinput-vector— to betterac-
countfor thevaryingdistancesln practicesuchmeiging canbe easilyachieved afteran
AAV cell determineghat its four sensorgetectedhe samesignal. The training (clus-
tering) phaseusedsignalscorrespondindo the impactlocationsfrom 6 to 10, leaving
locationsfrom 1 to 5 to thetesting(diagnosticsphase.

In orderto comparatiely evaluateSOM performancewe usedk-meansclustering
algorithm[4], augmenteckitherwith the Principal ComponentAnalysis (PCA) [8], or
DiscreteFourier Transform.The PCAtransformsa data-seinto anew coordinatesystem
is sucha way that the new first coordinateaxis hasthe greatestpossiblevarianceof
the data-seprojection,the secondaxis hasthe secondgreatespossiblevarianceof the
projectionsgtc. Theorderedhew coordinatesrecalledthe PrincipalComponent$PCs).
In mary applicationsthe corresponding/ariancerapidly decreasefrom thefirst to the
last PC. A reductionof data-sedimensionalitywith minimal information loss can be
achievedby usingonly afew first PCsto representhedata.Thisis acommontechnique
in imagecompressiorandpatternrecognition.The PCA helpsto improve performance
andreducememorydemandof dataprocessingalgorithms.However, this techniqueis
not optimizedfor clustering,which, in combinationwith the informationloss,degrades
the quality of the clusteringresults.Althoughthe PCA is frequentlyusedasa partof a
processingequencén dataclassificationthetrue reasorto includeit is notto improve
theclassificatiorresults but to reducethe computationatlemand®f the algorithmsthat
follow the PCA. In ourexperimentsve usedSingularValueDecompositio(SVD) based
algorithmto calculatethe PCA.

The DiscreteFourier Transform (DFT) also changesthe way the data-setis dis-
tributed. It doesnot guaranteea betterclusteringeither But if the data-setrepresents
acoustioor electromagnetisignals the spectrakepresentatioof the signalsmayleadto
a betterdiscriminationbetweendifferentclassef the signals.This wasthe casewith
the data-sein our experiments.The K-meansalgorithm appliedto the DFT-processed
data-seted to slightly betterresultsthanthe samealgorithm appliedto the raw data.
To calculatethe DFT we usedthe FastFourier Transform(FFT) algorithmembeddedn
Matlah

In summarythe clusteringwasdonewith a) k-meansalgorithmappliedto the input
space)p) k-meansalgorithmappliedto the PCA spacer) k-meansalgorithmappliedto
the frequeny domain(using Fourier Transformof the input-vectors,FFT) d) SOM of
theinput spaceg) SOM of the FFT space A comparisorbetweera) andb) is expected
to shav the benefitsof usingPCA asa preliminarystep,while a comparisorbetweern)
andc) would highlight the benefitsof FFT. On the otherhand,a comparisorbetweern)
andd), aswell ashetweerc) ande) may supportthe usageof SOMsin diagnostics.

Input-vectorsare labelledwith 4 categyories(“laserhigh”, “laserlow”, “pendulum-
high”, “pendulum-lav”), and theselabels are propagtedto resultantclusters(using
majority-wvoting), enablingdiagnosticsandits evaluation.We usedseveral metricsfor
eachscenario:recall, precisionand effectiveness.The recall measuresiow mary test
input-vectorsz weresuccessfullymatchedo the correctclustercategory out of y exist-
ing testvectorsfrom this categyory: §; = x;/y;. The precisionmeasurefiow mary test
vectorswereattractedo eachclusterectateyoryin relationto thetotal sizeof thecluster:
™ = x;/ 2, wherez; is thenumberof all testvectorsplacedin the cluster For example,
is the cluster3 attractedzs = 25 vectors,out of which 3 = 19 vectorsbelongedto



the correctcategyory (which containsy = 20 vectorsin total), thends = 19/20 = 0.95

andm; = 19/25 = 0.76. In otherwords,95% of thetestvectorsfrom this cateyory are
correctlyrecalled(diagnosedvith the precisionof 76%. The effectivenesss definedas
a harmonicmeanof recallandprecision:q; = 26;7;/(d; + m;), andwe usethe average
effectiveness; = Zle ¢;/4 in thecomparatie analysis.

Laser Pendulum
Technique High Low High Low
O [ m [ b [ ma | 3 [ms | 0a | m q

a) k-meansk=6,no PCA 0.15( 1.0| 1.0 |0.28/0.25| 1.0| 0.0 | 0.0 | 0.2739
k-meansk=60,noPCA | 0.4 | 1.0|0.95/0.76| 1.0 | 1.0|0.90|0.67| 0.7955

[b) k-meansk=32,35PCs  [0.35] 1.0 [0.65[0.65] 1.0 [0.91]0.90[0.58] 0.7067|
[c) k-meansk=50,FFT  [0.45[ 1.0[0.85]0.77] 1.0 [ 1.0] 1.0 [0.69[ 0.8116|
d) SOM:linearn, mean 0.42/0.95/ 0.83|0.61| 0.99|0.98| 0.93|0.80| 0.7817
SOM: linearn, 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. Diagnosticsresultsof testing.

Theresultsof diagnosticsaresummarisedn table1l. The k-meansalgorithmapplied
to the PCA-processedata-sehadinferior resultscomparingto the samealgorithmap-
pliedto theoriginal data.The numberof clustersmaximisingthe effectivenessvasquite
large with or without the FFT step(k = 50 andk = 60 respectrely). FFT helpedonly
mauginally — however, thereis a clearbenefitin usingit in the presencef noise.We
trained20 SOMsin thetime-domaineachhaving a squardayerof 400 neuronswith a
linear neighbourhoodunction, and calculatedthe meanrecall and precisionover these
20 runs, followed by the effectivenessof thesemeanvalues(shavn in the table). The
averageperformanceof theseSOMs approachedhe bestresultof k-meanswhile the
bestSOM out of thetrainedsetexceededhis result. The SOMsappliedin thefrequeng
domainhave alsoshavn only amaiginal improvement,andtheir bestSOM hasalsoout-
performedk-meanswith the FFT step.Thus,we canconcludethat SOM techniqueis
quiteappropriatevhenthetraining setis smallandin the presencef noise.

5 Conclusions

In this paperwe evaluatedseveraltechniquesimedat self-oiganisingdiagnosticsn im-

pactsensingietworks. Theself-oiganisingmaps(Kohonemeuralnetworks) have shavn

to be more promising,outperformingthe standarck-meansalgorithmin bothtime-and
frequengy domains,and suggestinga way to embedself-oiganisingdiagnosticsn dis-

tributedanddecentralise@HM systemsThe commonfeatureof all experimentsvasa
difficulty in recallingthe“LaserHigh” category. In fact,abetteraccounof this cateyory
wasadistinguishingcontributorto theoverallsuccessf the SOM. It canbeobseredthat
thesignalsfrom this cateyory aremostlyplacedin the“LaserLow” catagory, reducingits

precision.n otherwords,theenegy levelsareharderto recognisean the highervelocity
signalsdetecteddy remotesensorsThis obsenation callsfor a comprehensie analysis
of optimal sensodensityandlayout,which is anothersubjectof future work.
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