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Abstract

Aconciseoverviewoftheprinciplesofstatisticaltimeseriesmethodsforvibration–basedStructural
HealthMonitoringispresented.Thestructureofthemethodsisoutlinedandtheirbasicfeaturesand
operationareexplained.Theuseofvariousmethods,scalarorvector,non–parametricorparametric,
isthendemonstratedviatheirapplicationtodamagediagnosisonalaboratory–scaleaircraftskeleton
structure.

1 INTRODUCTION

Statisticaltimeseriesmethodsforvibration–basedStructuralHealthMonitoring(SHM)utilizerandomex-
citationand/orvibrationresponsesignals(timeseriesrecords),alongwithstatisticalmodelbuildingand
decisionmakingtools,forinferringthehealthstateofastructure.Theyformanimportantandpowerful
categoryundertheso–calleddata–basedmethods,whicharethemselvespartofthebroadervibration–based
family[1,2,3,4,5,6,7,8,9].
Assuch,timeseriesmethodssharetheadvantagesofthebroadvibration–basedfamily(forexampleby

being“global”,inthesensethatnomeasurementsnearadamagelocationareneededforeffectiveSHM),
aswellasthoseofthedata–basedmethods(forexamplebycircumventingtheneedfordetailedphysics–
basedmodelsofthestructuraldynamics,likeFiniteElementtypemodelsormodalmodels).Moreover,the
statisticalnatureofthemethodsofferseffectivetreatmentofuncertaintiesinthesignalsemployed,plusin
thestatisticaldecisionmakingwhichmaybeset–uptooperatewithspecifedperformancecharacteristics
[7,8].
StatisticaltimeseriesmethodsforSHMutilizescalarorvectorrandom(stochastic)vibrationsignals

underhealthyandpotentiallydamagedstates,identifcationofparametricornon–parametrictimeseries
modelsofthedynamicsofeacheachstate,andextractionofastatisticalcharacteristicquantityQcharacter-
izingthestructuralstateineachcase(baselinephase).Damagediagnosis(thetermsignifesthecollection
ofallsubproblemsinvolvedinSHM,namelydamagedetection,identifcation,andmagnitudeestimation)is
thenaccomplishedviastatisticaldecisionmakingandestimationtechniquesimplementedintheinspection
phase.Inthisthecurrentcharacteristicquantity,sayQu,is“compared”(inastatisticalsense)tothatof
eachpotentialstateasdeterminedinthebaselinephase(forexampleQoofthehealthystatefordamage
detection).Foranextendedoverviewoftheprinciplesandtechniquesofstatisticaltimeseriesmethodsfor
vibration–basedSHMtheinterestedreaderisalsoreferredto[7,8,10].
Non–parametrictimeseriesmethodsarethosebasedonscalarorvectornon–parametrictimeseries

representations,suchasthePowerSpectralDensity(PSD)oftheFrequencyResponseFunction(FRF)[7,8],
andhavereceivedconsiderableattentionintheliterature[11,12,13].Parametrictimeseriesmethodsare
thosebasedonscalarorvectorparametrictimeseriesrepresentations,suchastheAutoRegressiveMoving
Average(ARMA)models[14,7,8].Thislattercategoryhasattractedsignifcantattentioninrecentyears
[15,16,17,18].
Thegoalofthisarticleistoprovideaconciseoverviewoftheprinciplesandtechniquesofstatisticaltime

seriesmethodsforvibration–basedSHManddemonstratetheirapplicationonalaboratorystructure.The
effectivenessofcertainscalar(univariate)andvector(multivariate)methods,ofboththenon–parametric
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andparametrictypes,isalsoassessed.Itshouldbestressedthatthearticleaims,primarily,asaconcise
introductiontothetopic.Assuchitisrestrictedtothepresentationofsomeofthesimplestmethods–the
interestedreaderisdirectedtotheliteratureforadditionalandmoreelaboratemethods.Forinstanceseethe
books[3,9],thebookchapters[8,10],thearticle[18]onanassessmentofvariousmethods,thearticles
[19,20]onadvancedmethodsallowingforprecisedamagelocalization,andthearticle[21]ondamage
diagnosisinTime-Varyingstructuralsystems.
Therestofthisarticleisorganizedasfollows:TheSHMproblemisdescribedinsection2,andthe

structureofstatisticaltimeseriesmethodsforSHMisreviewedinsection3.Aconciseoverviewofcertain
statisticaltimeseriesmethodsforvibration–basedSHMisprovidedinsection4.Thescaleaircraftskeleton
structureusedinthisstudyandtheexperimentalset–uparepresentedinSection5,whileSHMresultsare
presentedinSection6.TheconclusionsarefnallysummarizedinSection7.

2 THESHMPROBLEM

LetSodesignatethevibratingstructureofinterestinitsnominal(healthy)state.AlsoletSA,SB,...designate
thestructureunderdamagetypes(damagemodes)A,B,...respectively.Eachdamagetypemay–ofcourse
–includeacontinuumofdamagesizes(magnitudes),allcharacterizedbycommonnatureand/orlocation
(forinstancedamageofvariouspossiblemagnitudestoaspecifcstructuralelement).Thestructureunder
aspecifcdamage,sayoftypeAandmagnitudek,isdesignatedasSkA.ThesymbolFA

kisalsousedfor
designatingthedamageitself.
Duringinspection(whichmaybecontinuousorperiodicintime)thestructureissupposedtobeinan

unknownhealthstateSu,whichneedstobedeterminedbasedonfreshvibrationsignals.Ingeneralthese
mayincludetheforceexcitationxu[t]and/orvibrationresponseyu[t](t=1,2,...,N)signals(tdesignates
discretetime,withthecorrespondinganalogtimebeing(t−1)·Ts,withTsstandingforthesamplingperiod;
thesubscript“u”designatesthecurrent/unknownstructuralhealthstate).

1 1Letthecompletesignalrecordsobtainedduringinspectionbedesignatedas(xu)
Nand(yu)

N,andletthe

1

excitation–responsesignalsbecollectedintothevectorzu[t]=[xu[t]yu[t]]
T(t=1,2,...,N)(lower/upper

caseboldfacesymbolsdesignatevector/matrixquantities,respectively;byconventionallvectorsarecolumn
vectors).Thecompletedatarecordisthendesignatedas(zu)

N.
Itshouldbenotedthatallcollectedsignalsneedtobesuitablypre-processed[2,22].Thismaygenerally

includelowpassorbandpasssignalflteringwithinaselectedbandwidth(frequencyrange),signalsubsam-
pling(incasetheoriginallyusedsamplingfrequencyistoohigh),aswellasproperscaling.Thelatteris
usedfornumericalreasons,butalsoforcounteracting–totheextentpossible–differentoperating(including
excitationlevels)and/orenvironmentalconditions.Inthecaseoflineartime–invariant(stationary)structural
dynamics,scalingtypicallyinvolvessubtractionofeachsignal’ssample(estimated)meanandnormalization
byitssample(estimated)standarddeviation.Incaseofmultipleexcitationscareshouldbeexercisedin
ordertoensureminimalcrosscorrelationamongthem.Scalingmaynotbegenerallyappliedinthecaseof
non-linearstructuralornon–stationarydynamics.

1Giventhedata(zu)
N,collectedduringtheinspectionphase,theproblemofSHM(determiningthe

currenthealthstateofthestructure)maybeanalyzedintothreesubproblems:

(a)Damagedetection,whichisthebinarydecisionmakingsubprobleminwhichthemerepresenceof
damageisdetermined(Su=SoorSu=So).

(b)Damageidentifcation,whichisthemultipledecisionmakingsubproblempertainingtotheidentifcation
(characterization,localization)ofadetecteddamage.Inthepresentcontextdamagetype(mode)A
(SA),B(SB),andsoon.

(c)Damageestimationisthesubproblempertainingtodamagemagnitude(size)estimation.
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3 THESTRUCTUREOFSTATISTICALTIMESERIESMETHODS

3.1 TheOperationalViewpoint

Fromanoperationalviewpointthetacklingoftheaforementionedsubproblemsrequires–inadditionto
(zu)

N
1 –theavailabilityofsimilardatarecordsfromthenominal(healthy)structureandalsofromthe

structureundereachdamagestate. Thatis,inpresentterms,zo[t](t=1,2,...,N)correspondingto
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datarecordsmaybe fromlaboratoryscale
models,orfromdetai

ondingtovariousdamagemagnitudeswithineachdamagetype
obtainedeitherfromtheactualstructure(wheneverpossible),or
ledsimulationmodels.

Thedatarecordsareobtainedandprocessedinaninitialbaselinephase.Thisisdoneonce.Ontheother
hand,thecurrentdataacquisition,processing,anddecisionmakingaretakingplaceinasecondoperational
phasethatisreferredtoastheinspectionphase.

3.2 TheConceptualViewpoint

1

Fromaconceptualviewpointstatisticaltimeseriesmethodsincludeanalysis(modelling)andstatisticalde-
cisionmaking.(a)Theanalysispartincludescharacterizationandparametricornon-parametricmodelling
ofpartofthedynamics.Theaimistheextraction,fromeachdatarecord,ofacharacteristicquantity,des-
ignatedasQ(whichisafunctionofzN)andplaysaninstrumentalroleinthedecisionmakingpart.(b)
Inthestatisticaldecisionmakingpartdecisionsaremadeby“comparing”,viaformalstatisticalhypothesis
testingprocedures,thecurrentcharacteristicquantityQutoitscounterpartsQo,QA,QB,...pertainingto
thevariouspossiblestructuralstates(o,A,B,...,respectively).
Damagedetectionisthenformulatedasabinarycompositehypothesistestingproblemexpressedas:

Ho:Qo∼Qu (nullhypothesis-healthystructure)

H1:Qo∼Qu (alternativehypothesis-damagedstructure)
(1)

with∼designatingaproperrelationship(suchasequality,inequality,andsoon).
Damageidentifcation,isformulatedasamultiplehypothesistestingproblemwhichmaybeexpressed

as:
HA:QA∼Qu (hypothesisA-damagetypeA)

HD:QB∼Qu (hypothesisB-damagetypeB)
...

...

(2)

Damageestimationisagenerallytreatedviaintervalestimationtechniques.
Remarks:Thedesignofabinarystatisticalhypothesistest(suchasthatofEquation(1))maybebased

upontheprobabilitiesoftypeIandtypeIIerroroccurrence.Thefrst–designatedasαandalsoreferredto
asthetypeIrisk–istheprobabilityofrejectingthenullhypothesisHoalthoughitistrue(falsealarm).The
secondprobability–designatedasβandalsoreferredtoastypeIIrisk–istheprobabilityofacceptingthe
nullhypothesisHoalthoughitisnottrue(missedfault).Thedesignstreatedinthisarticlearebasedupon
selectedtypeIerroroccurrenceprobability(α),andutilizetheprobabilitydensityfunctionofarelevant
randomquantityunderthenull(Ho)hypothesisofahealthycurrentstructure.Inselectingαitshouldbe
borninmindthatadecrease/increaseinitresultsinacorrespondingincrease/decreaseinβ.Thereaderis
referredtoreferencessuchasBasseville&Nikiforov[23,subsection4.2]andMontgomery[24,subsection
3.3]fordetailsonstatisticalhypothesistesting.
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Table1:CharacteristicsofstatisticaltimeseriesmethodsforSHM
Method Principle TestStatistic

PSDbased
?

Su(ω)=So(ω) F=So(ω)/S
√
u(ω)∼ F(2K,2K)

FRFbased
?
= Z=δ|H(jω)|/ 2σH ∼ N(0,2σ

2
H(ω))

σ2oo

δ|H(jω)|=|Ho(jω)|−|Hu(jω)| 0
?

≥σ2ou F=σ2ou
2
oo/σ ∼

−

F
1

(N,N−d)

δθ=θo
?

−θu
?
=0 χ2θ=δθ

T 2(2Pθ) δθ∼ χ(d)

Residualvariance

Modelparameter

Residuallikelihood θo=θu
N
t=1(e

T
u[t,θo]·Σo·eu[t,θo])≤ l

S(ω):PowerSpectralDensity(PSD)function;|H(jω)|:FrequencyResponseFunction(FRF)magnitude

σH:standarddeviationof|Ho(jω)|;θ:modelparametervector;d:parametervectordimensionality;Pθ:covarianceofθo
σ2oo:varianceofresidualsignalobtainedbydrivingthehealthystructuresignalsthroughthehealthymodel
σ2ou:varianceofresidualsignalobtainedbydrivingthecurrentstructuresignalsthroughthehealthymodel
e:k-variateresidualsequence;Σ:residualcovariancematrix;l:userdefnedthreshold;N:signallengthinsamples
Inallcasesestimators/estimatesaredesignatedbyahat.
Thesubscripts“o”and“u”designatehealthyandcurrent(unknown)structuralstate,respectively.

3.3 Typesoftimeseriesmethods

StatisticaltimeseriesmethodsforSHMmaybeclassifedasexcitation-responseorresponse-onlymethods,
dependingonwhetherthecharacteristicquantityQisconstructedbyusingornotusing,respectively,the
excitationsignal(s). Asalreadymentioned,theymaybealsoclassifedasscalarorvector,andasnon-
parametricorparametric.

4 OVERVIEWOFSTATISTICALTIMESERIESMETHODSFOR
VIBRATION–BASEDSHM

Aconciseoverviewofsomeofthemainmethods,bothscalarandvector,isprovidedbelow.

4.1 Scalarmethods

Twonon–parametricmethods,namelyaPowerSpectralDensity(PSD)andaFrequencyResponseFunc-
tion(FRF)basedmethod,andaparametricmethod,namelyaresidualvariancebasedmethod,arebriefy
reviewed.TheirmaincharacteristicsaresummarizedinTable1.
PowerSpectralDensity(PSD)basedmethod. Damagedetectionandidentifcationisinthiscase

tackledviachangesinthePSDofameasuredvibrationresponsesignal(non–parametricmethod).Theexci-
tationisassumedunavailable(response–onlycase).Themethod’scharacteristicquantityisthePSDfunction
Q=S(ω)(ωdesignatingfrequency–Table1).Damagedetectionisbasedonconfrmationofstatistically
signifcantdeviationsfromthenominalhealthystateatsomefrequency[7,8].Damageidentifcationmay
beachievedbyperforminghypothesistestscomparingthecurrentPSDtothosecorrespondingtodifferent
damagetypesandobtainedinthebaselinephase.Itshouldbenotedthatresponse-scalingisimportantin
ordertoproperlyaccountforpotentiallydifferentexcitationlevels.
FrequencyResponseFunction(FRF)basedmethod.ThisissimilartothePSDmethod,exceptthatit

requirestheavailabilityofboththeexcitationandresponsesignals(excitation–responsecase)andusesthe
FRFmagnitudeasitscharacteristicquantity(non–parametricmethod),thusQ=|H(jω)|withj=

√
−1

(Table1).ThemainideaisthecomparisonoftheFRFmagnitudeofthecurrentstructuralstatetothatof
thehealthystructure.Damagedetectionisbasedonconfrmationofstatisticallysignifcantdeviationsfrom
thenominalhealthystateatsomefrequency[7,8].Damageidentifcationmaybeachievedsimilarlytothe
previouscase.
Residualvariancebasedmethod.Inthismethodthecharacteristicquantityisthemodelresidualvari-

ance(Table1).Themainideaisbasedonthefactthatthemodel(whichisnowparametric)matchingthe
currentstateofthestructureshouldgeneratearesidualsequencecharacterizedbyminimalvariance[7,8].
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Thusdamagedetectionmaybeachievedbyexaminingwhetherornottheresidualvarianceisminimal[7,8].
Themethodusesclassicaltestsontheresidualsandofferssimplicityandnoneedformodelre–estimationin
theinspectionphase.

4.2 Vectormethods

Twovector(multivariate)parametrictimeseriesmethodsforSHM,namelyamodelparameterbasedmethod
andaresiduallikelihoodfunctionbasedmethod,arebriefyreviewed.Themaincharacteristicsofthemeth-
odsarealsosummarizedinTable1.
Modelparameterbasedmethod. Thismethodbasesdamagedetectionandidentifcationonacharac-

teristicquantityQwhichisafunctionoftheparametervectorθofaparametrictimeseriesmodel(parametric
method–seeTable1)[7,8].Themodelhastobere-estimatedintheinspectionphasebasedonsignalsfrom
thecurrent(unknown)stateofthestructure.Damagedetectionisbasedontestingforstatisticallysignifcant
changesintheparametervectorθbetweenthenominalandcurrentstructuresthroughahypothesistesting
problem.Damageidentifcationmaybebasedonmultiplehypothesistestingcomparingthecurrentparam-
etervectortothosecorrespondingtodifferentdamagetypes.Inthisarticleaprocedurethatusessuccessive
binarytestsisemployed.
Residuallikelihoodfunctionbasedmethod.Inthismethoddamagedetectionisbasedonthelikelihood

functionevaluatedforthecurrentsignal(s)undereachoneoftheconsideredstructuralstates[25,pp.119–
120],[7,8].Thehypothesiscorrespondingtothelargestlikelihoodisselectedastrueforthecurrentstructural
state.Damageidentifcationisachievedbycomputingthelikelihoodfunctionofthecurrentsignal(s)forthe
baselinemodelscorrespondingtodamagedstructuralstatesandacceptingthehypothesisthatcorresponds
tothemaximumvalueofthelikelihood.Byincludingthehealthybaselinemodel,damagedetectionisalso
treated.Themethodofferssimplicityasthereisnoneedformodelre–estimationintheinspectionphase.

5 THESTRUCTUREANDTHEEXPERIMENTALSET–UP

5.1 Thestructure

ThestructureusedinthestudyisascaleaircraftskeletondesignedbyONERAinconjunctionwiththe
GARTEURSM-AG19GroupandmanufacturedattheUniversityofPatras(Fig.1)[8,26].Itrepresents
atypicaldesignandconsistsofsixsolidbeamswithrectangularcrosssectionsrepresentingthefuselage
(1500×150×50mm),thewing(2000×100×10mm),thehorizontal(300×100×10mm)andvertical
stabilizers(400×100×10mm),andtherightandleftwing–tips(400×100×10mm). Allpartsare
constructedfromstandardaluminumandarejointedtogetherviasteelplatesandbolts.Thetotalmassofthe
structureisapproximately50kg.

5.2 TheDamageTypesandtheExperiments

Thestructureissuspendedthroughasetofbungeecordsandhooksfromalongrigidbeamsustainedbytwo
heavy–typestands(Fig.1).Thesuspensionisdesignedinawaytoexhibitapendulumrigidbodymode
belowthefrequencyrangeofinterest,astheboundaryconditionsarefree–free.
TheexcitationisbroadbandrandomstationaryGaussianappliedverticallyattherightwing–tip(PointX,

Fig.1)throughanelectromechanicalshaker(MBDynamicsModal50A,maxload225N).Theactualforce
exertedonthestructureismeasuredviaanimpedancehead(PCBM288D01),whiletheresultingvertical
accelerationresponsesatPointsY1,Y2,Y3andY4(Fig.1)aremeasuredvialightweightaccelerometers
(PCB352A10ICP).Theforceandaccelerationsignalsaredriventhroughaconditioningchargeamplifer
(PCB481A02)intothedataacquisitionsystembasedonSigLab20–42measurementmodules.
Thedamageconsideredcorrespondstothelooseningofavariablenumberofboltsatdifferentjointsof

thestructure(Fig.1–alsosee[26]).SixdistincttypesareconsideredandsummarizedinTable2.
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Figure1:Theaircraftscaleskeletonstructureandtheexperimentalset-up:Theforceexcitation(Point
X),thevibrationmeasurementlocations(PointsY1–Y4),andtheboltsconnectingthevariousele-
mentsofthestructure.

Table2:Experimentaldetails&thedamagetypes
StructuralState Description Noof

Experiments

Healthy 60

DamageA 40

DamageB 40

DamageC 40

DamageD 40

DamageE 40

DamageF

—

looseningofboltsA1,A4,Z1,Z2

looseningofboltsD1,D2,D3

looseningofboltsK1

looseningofboltsD2,D3

looseningofboltsD3

looseningofboltsK1,K2 40

Samplingfrequency:fs=512Hz,Signalbandwidth:[4−200]Hz

SignallengthNinsamples(inseconds):

Non-parametricmethods:N=46080(90s)

Parametricmethods:N=15000(29s)

Theassessmentofthestatisticaltimeseriesmethodsemployedisbasedon60experimentsforthehealthy
and40experimentsforeachconsidereddamagedstate(damagetypesA,B,...,F–seeTable2).Four
vibrationmeasurementlocations(Fig.1,PointsY1–Y4)areemployedinordertodeterminetheabilityof
themethodsintreatingdamagediagnosisusingsingleandmultiplevibrationresponsesignals.
Fordamagedetectionasinglehealthydatasetisusedforestablishingthebaseline(reference)set,while

60healthyand240damagedsets(sixdamagetypeswith40experimentseach)areusedasinspectiondata
sets.Forthedamageidentifcationtask,asingledatasetforeachdamagedstructuralstate(damagetypesA,
B,...,F)isusedforestablishingthebaseline(reference)set,while240setsareconsideredasinspectiondata
sets(correspondingtounknownstructuralstates).Thetimeseriesmodelsareestimatedandthecorrespond-
ingestimatesofthecharacteristicquantityQareextracted(QA,QB,...,QFinthebaselinephase;Quin
theinspectionphase).Damageidentifcationisbasedonsuccessivebinaryhypothesistests–asopposedto
multiplehypothesistests[8].

6 EXPERIMENTALDAMAGEDIAGNOSISRESULTS

PowerSpectralDensity(PSD)BasedMethod.EstimationisbasedontheWelchPowerSpectralDensity
estimationmethod,withno–overalp,Hammingwindow,signalsthatareN =46080samples(≈90s)
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−5risklevel.Figure2:PSDbasedmethod:Indicativedamagedetectionresults(output3)attheα=10
Theactualstructuralstateisshownaboveeachplot.

long,segmentlengthL=2048samples,andK=22non–overlappingsegments–theachievedfrequency
resolutionisδf=0.25Hz.
TypicaldamagedetectionresultsobtainedfromthevibrationmeasurementlocationY3(output3)are

−5presentedinFig.2.Evidently,correctdetectionattheα=10 risklevelisobtainedineachcase,asthe
teststatisticdoesnotexceedthecriticalpoints(dashedhorizontallines)inthehealthycase,whileitexceeds
themineachdamagecase.ItshouldbeobservedthatdamagetypesDandEarehardertodetect.
Summarydamagediagnosisresultsfortheconsideredvibrationmeasurementlocations(Fig.1)are

presentedinTable3.ThePSDbasedmethodachievesaccuratedamagedetectionasnofalsealarmsare
exhibited,whilethenumberofmisseddamagecasesiszeroforallconsidereddamagestates.Themethodis
alsocapableofidentifyingtheactualdamagetype,aszerodamagemisclassifcationerrorsareobtainedfor
damagetypesA,C,DandF,whilesomeerrorserrorsarereportedfordamagetypeE.Themisclassifcation
errorsincreasefordamagetypeBwhenthemeasurementlocationY3orY4areused.

FrequencyResponseFunction(FRF)BasedMethod.Figure3presentsdamagedetectionresultsvia
theFRFbasedmethodobtainedatvibrationmeasurementlocationY2(output2).Evidently,correctdetection

−6attheα=10 risklevelisachievedineachcase,astheteststatisticisshownnottoexceedthecritical
points(dashedhorizontallines)inthehealthycase,whileitexceedsthecriticalpointinthedamagedcases.
Likebefore,damagetypesDandEarehardertodetect.
Summarydamagedetectionandidentifcationresultsfortheconsideredvibrationmeasurementlocations

(Fig.1)arepresentedinTable3.TheFRFmagnitudebasedmethodachieveseffectivedamagedetectionas
nofalsealarmsormisseddamagesarereported(Table3).Themethodontheotherhand,exhibitsdecreased
accuracyindamageidentifcationassignifcantnumbersofdamagemisclassifcationerrorsarereportedfor



Statistical Time Series Methods for Vibration-Based SHM 

11 - 8 STO-EN-AVT-220 

50 100 150 200
0

2

4

6

8

10
Healthy Structure

|
Z| 
st
at
is
ti
c

50 100 150 200
10
−4

10
−2

10
0

10
2

10
4

Damage A

50 100 150 200
10
−2

10
0

10
2

10
4

Damage B

50 100 150 200
10
−2

10
0

10
2

10
4

Frequency (Hz)

Damage C

|
Z| 
st
at
is
ti
c

Frequency (Hz)
50 100 150 200

0

5

10

15

20

Frequency (Hz)

Damage D

Frequency (Hz)
50 100 150 200

0

2

4

6

8

10

Frequency (Hz)

Damage E

Frequency (Hz)

Figure3:FRFmagnitudebasedmethod:Indicativedamagedetectionresults(output2)attheα=
10−6risklevel.Theactualstructuralstateisshownaboveeachplot.

damagetypesBandD.

ResidualVarianceBasedMethod.Themethodisbasedonidentifed4−variateVARX(80,80)models
obtainedinthebaselinephase,aswellasoncorrespondingmodelsfromthecurrent(unknown)datarecords
(inspectionphase).Damagedetectionandidentifcationareachievedviastatisticalcomparisonofthetwo
residualvariances(eachoneofthescalarresponsesisconsideredseparately).
Typicaldamagedetectionresultsobtainedviatheresidualvariancebasedmethodforvibrationmeasure-

mentlocationY2areshowninFig.4.Evidently,correctdetection(Fig.4)isobtainedineachconsidered
case,astheteststatisticisshownnottoexceedthecriticalpointinthehealthycase,whileitexceedsitinthe
damagedtestcases.
Summarydamagedetectionandidentifcationresultsfortheconsideredvibrationmeasurementlocations

arepresentedinTable3.Themethodachieveseffectivedamagedetectionandidentifcationasnofalse
alarms,misseddamages,ordamagemisclassifcationcasesareobserved.

ModelparameterBased Method. Themodelparameterbasedmethod(excitation–responsecase)
employstheidentifedinthebaselinephase4−variateVARX(80,80)models,aswellasanidentifed
VARX(80,80)modelforeachcurrentdatarecord(inspectionphase).
Figure5presentstypicalparametricdamagedetectionresults.Thehealthyteststatisticsareshownin

circles(60experiments),whiletheleastseveredamagetypesDandEarepresentedwithasterisksand
diamonds,respectively(oneforeachoneofthe40experiments).Evidently,correctdetectionisobtainedin
eachcase,astheteststatisticisshownnottoexceedthecriticalpointinthehealthycases,whileitexceeds
itinthedamagedcases(notethelogarithmicscaleontheverticalaxis).
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Figure4:Residualvariancebasedmethod:Indicativedamagedetectionresults(output2;healthy–60
experiments;damaged–200experiments).Adamageisdetectediftheteststatisticexceedsthecritical
point(dashedhorizontalline).

AsindicatedinTable4,themodelparameterbasedmethodachievesaccuratedamagedetectionand
identifcation,asnofalsealarm,misseddamage,ordamagemisclassifcationcasesarereported.

LikelihoodFunctionBasedMethod.Theresiduallikelihoodfunctionbasedmethodisbasedonthe
identifed4−variateVARX(80,80)modelsfromthebaselinephase.Figure6presentstypicaldamagedetec-
tionresults.Correctdetectionisobtainedineachcase,astheteststatisticisshownnottoexceedthecritical
pointinthehealthycases,whileitexceedsitinthedamagedcases.
Themethodachievesaccuratedamagedetectionandidentifcation,asnofalsealarm,misseddamage,

ordamagemisclassifcationcasesarereported.Summarydamagedetectionandidentifcationresultsare
presentedinTable4.

6.1 Discussion

ScalartimeseriesmethodsforSHMareshowntoachieveeffectivedamagediagnosis,althoughnon–
parametricscalarmethodsencountersomediffculties.ThePSDbasedmethodachievesexcellentdamage
diagnosis,althoughitexhibitssomemisclassifcationerrorsfordamagetypeE.Themisclassifcationerrors
increasefordamagetypeBandtheY3andY4vibrationmeasurementlocations.TheFRFbasedmethod
achievesaccuratedamagedetectionwithnofalsealarmsormisseddamages,exceptforvibrationmeasure-
mentlocationY4forwhichitexhibitsanincreasednumberoffalsealarms.Moreover,itfacesproblemsin
correctlyidentifyingdamagetypesBandD,asthenumberofdamagemisclassifcationcasesishigherfor
thesedamagetypeswhichinvolvelooseningofboltsontheleftwing–tipoftheaircraft(Fig.1).Ontheother
hand,theparametricresidualvariancebasedmethodachievesexcellentperformanceinaccuratelydetecting
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Figure5:Modelparameterbasedmethod:Indicativedamagedetectionresultsforthreestructural
states(healthy–60experiments;damaged–80experiments).Adamageisdetectediftheteststatistic
exceedsthecriticalpoint(dashedhorizontalline).

andidentifyingdamageforallconsideredvibrationmeasurementlocations.
VectortimeseriesmethodsforSHMachieveveryaccuratedamagediagnosis,aswithproperlyadjusted

risklevelα(typeIerror)nofalsealarm,misseddamage,ordamagemisclassifcationcasesareobserved.
Moreover,themethodsdemonstrateglobaldamagedetectioncapability. Nevertheless,parametricvector
modelsrequireaccurateparameterestimationandappropriatemodelstructure(order)selectioninorderto
accuratelyrepresentthestructuraldynamicsandeffectivelytackledamagediagnosis.Therefore,thesemeth-
odsrequireuserexpertiseandaresomewhatmoreelaboratethantheirscalarornon–parametriccounterparts.
Furthermore,thenumberandlocationofvibrationmeasurementsensorsisanimportantissue.Several

vibrationbaseddamagediagnosistechniquesthatappeartoworkwellincertaincases,couldactuallyperform
poorlywhensubjectedtothemeasurementconstraintsimposedbyactualtesting[2].Techniquesthatareto
beseriouslyconsideredforimplementationinthefeldshoulddemonstratethattheycanperformwellunder
limitationssuchasasmallnumberofmeasurementlocationsandtheconstraintthattheselocationsshould
beselecteda–priori,withoutknowledgeoftheactualdamagelocation.
Itisalsonoteworthythatinorderforcertainparametricmethodstoworkeffectively,averysmallvalue

ofthetypeIriskαisoftenneeded.Thisisduetothefactthatthecurrentlyusedstochastictimeseries
modelsdonotfullycapturetheexperimental,operationalandenvironmentaluncertaintiesthatthestructure
issubjectedto.
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Figure6:Residuallikelihoodfunctionbasedmethod:Indicativedamagedetectionresults(healthy–
60experiments;damaged–200experiments). Adamageisdetectediftheteststatisticexceedsthe
criticalpoint(dashedhorizontalline).

Table3:Scalarmethodsdamagedetection&identifcation–summaryresults
DamageDetection DamageIdentifcation

Method False Misseddamage Damagemisclassifcation
alarms dam.Adam.B dam.C dam.D dam.E dam.F dam.A dam.B dam.C dam.D dam.E dam.F

PSDbased
responseY1 0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40
responseY2 0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40
responseY3 0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 21/40 0/40 0/40 1/40 0/40
responseY4 0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 21/40 0/40 0/40 2/40 0/40
FRFbased
responseY1 1/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 10/40 6/40 5/40 2/40 0/40
responseY2 0/60 0/40 0/40 0/40 0/40 1/40 0/40 0/40 4/40 10/40 22/40 9/40 3/40
responseY3 0/60 0/40 0/40 0/40 1/40 0/40 0/40 0/40 7/40 2/40 9/40 5/40 1/40

0/40 0/40 0/40 0/40 0/40 0/40 0/40 8/40 0/40 8/40 2/40 0/40responseY4 35/60

Res.variance†

responseY1 0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40
0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40
0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40
0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40

responseY2
responseY3
responseY4
†adjustedα

7 CONCLUDINGREMARKS

•Statisticaltimeseriesmethodsforvibration–basedSHMachieveeffectivedamagedetection,iden-
tifcation(includinglocalization),anddamagemagnitudeestimationbasedon(i)randomexcitation
and/orvibrationresponses,(ii)statisticalmodelbuilding,and(iii)statisticaldecisionmakingunder
uncertainty.
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Table4:Vectormethodsdamagedetectionandidentifcation–summaryresults
DamageDetection DamageIdentifcation

Method False Misseddamage Damagemisclassifcation
alarms dam.Adam.B dam.C dam.D dam.E dam.F dam.A dam.B dam.C dam.D dam.E dam.F

Mod.parameter† 0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40
Res.likelihood† 0/60 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40 0/40
†adjustedα

•Themethodsaredata–based,inverse–type,andofgeneralapplicability.

•Inadditiontosharingthebeneftsofgeneralvibrationbasedmethods(like“global”coverage,time
andcosteffectiveness,automationcapability)statisticaltimeseriesmethodsofferanumberofunique
advantages:(i)Noneedforphysics–basedorfniteelementmodels;(ii)noneedforcompletestruc-
turalmodels(partialmodelsandalimitednumberofresponsessuffce);(iii)inherentaccountingof
uncertainty;(iv)statisticaldecisionmakingwithspecifedperformancecharacteristics;(v)potential
useofambientrandomvibrationdatarecords.

•Themethods’abilitytoprovideeffectivedamagediagnosisusingalow–frequencybandwidthanda
verysmallnumberofsensorsisremarkable.Itisalsoveryimportant,asinpracticetheexcitation
maybeambient(andthusoflimitedbandwidth),whilethenumberofsensorsmayneedtobe(dueto
variousreasons)constrained.

•Statisticaltimeseriesmethodsmaybeeitherofthenon–parametricorparametrictypes.Thelatterare
generallymoreelaborate,butofferpotentiallyimprovedcapabilities.

•Themethodsoffer“global”damagediagnosis,astheyareabletodiagnosedamagethatiseither“local”
or“remote”withrespecttothesensorlocationused.

•Theavailabilityofdatarecordscorrespondingtovariouspotentialdamagescenariosisnecessaryfor
damageidentifcationandmagnitudeestimation.Thismaynotbepossiblewiththeactualstructure
itself,butlaboratoryscalemodelsoranalytical(likeFiniteElement)modelsmaybeusedforthis
purposeinthebaseline(training)phase.
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