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Abstract

Reliability quantification is a critical and necessapyocess for the evaluation and
assessmenof any inspection technologthat may beclassified either as a Nondestructive
Evaluation (NDE) or Structural Health Monitoring (SHMchnique Based onthe sensitivity
characterizatiorof NDE techniquesappropriate processésvebeendeveloped and established
for the reliability quantification of their performance with respectd@mage/flawdetectionin
materals or structures. However, in the caseSéfM-based method#o such weldefined and
general applicableapproacheshave been establishefor neither active nompassive sesing
techniqueghatallow for thar accurate reliabilityguantification

The objective of this study is to claaterize the sensitivity oéctive sensingacouste
ultrasoundbased SHM techniquesith respect tadamagedetection, as well a® identify the
parameters that influenctheir sensitivity. With such @& understanding, itis believed that
adequate quantitative methods could therestablishedo enablethe practical use of acousto
ultrasoundSHM methods in the aerospace and mechanical enginessmgunities.

In order to evaluate the sensitivity of a-gedected active sensing acousttvasound SHM
system both numerical simulationsnd experimentaereperformed orthirty aluminumcoupons
each outfitted with a pair of LeadZirconateTitanate (P4) based piezoelectric
sensors/actuatard damage index versus damage size relationshginvestigatechumerically
and experimentallyo assess the applicability thetraditional NDE linear regression framework
for Probability of Detection (PODipr anactive sensing SHM systerihe results of the study
showthat thepositionof each senseactuatorpair with respect to &nown damagéocationand
the damage growth pattern are the two most critical parametersncingthe reliability of the
sane SHM systemapplied to identical structural componentander the same environmental
conditiors.
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Introduction

Structural Health Monitoring (8M) systems utilize distributed, pernently installed
sensorsat certain structural regions and gpgiagnosic algorithms toextractmeaningful health
information from the sensing dafd-10]. Suchsensingdatais subjected tovarious sources of
uncertainty associated with all aspects of the inspection environment and operating conditions. In
contrast to traditionaNon-destructive EvaluationNDE) procedures, where the factors due to
operator pose the dominantaertainty[11-15], SHM-based technologies angainly challenged
by in-situ effects.These includechangng environments (temperatyr@umidity, and wind),
varying operating conditions (ambient loading conditions, operational speed and mass, loading
etc), variation in boundary conditionssensor and structuraging, and measurement noise
amongst othersas well as the sensing network layout it$26-25]. Usually, the uncertainties
due to environmental effects have the largest impact on the system perfaor&aBtéM system
needs to be robush uncertaintiesbut sensitive enough to detect the required minimumadam
even when the sensor data &eorrupted®y these uncertaintie3.owards this end, statistical
tools and machine learning algorithms are used to eftdgttackle the detection and estimation
problemd16, 23,26-32].

SHM technologies oftentimesin combination withappropriateNDE and/or Health and
Usage Monitoring Systems (HUMSglong with sophisticated data management systems and
life-prediction modelsconstitute the required step for the transition to Conditichased
Maintenance (CBM)Typically, SHMmethodsnvolve the detection, monitoring, evaluation, and
assessment of an advemseert that may affect the structural health state. In the currentaftate
the-art literature a significant amount of research is targtidtie development of diagnostic
approaches based on various sensor technol¢g®s33-35]. These approaches are abde t
achieve a certain level of capability ierms of detectigrevaluation, and assessment of adverse
events that can affect the proper structural operation, performance, and safety. However, in order
to achieve the verification and validation of the SHM technologieseamadble the largescale
applicability, the effectivenessand damage detection sensitivetiyany SHM techniquemust be
guantifiable with respect to i@bility to accurately determinghe actual health condition.

In order to quantifythe reliability of an SHM systemit is essential tocharacterizeits
sensitivity in terms othe detectioncapability In that respect, the first and most critical step is
the investigation of the factorand parameters that affect the damage detection sensitivity.
Typically, SHM involvesfour functional levels referred tosaTechnology Classification Levels
(TCL) [36, 37}

¥ Level I: Detection of theccurrence of an event

¥ Level ll: Identification of thegeometriclocation of the event

¥ Level lll: Determination of the magnitude severityof the event

¥ Level IV: Estimation of the remaining servitife/strength (prognosjs



In each levelthe technology employed needs to be mature enough in order tovefiecti
accomplish the targeted action. Hence, for any SHM systetargpetedT CL has to be defined
a-priori with respect to its intended applicatighschemat representationf an active sensing
SHM systenis presented ifrigurel.

The quantification of SHM systems starts from TCL I, as it is of utmost importance to
determine whether a system is able to detect an adverse event, such as damage in the form of
cracks and delamination, excessive loads, and sdfam SHM systemis not capable of
effectively detecting (TCL I) such an adverse event, then higher TCLs would fail to provide
reliable resultd or in fact achieve any result. Therefore, the TCL | reliability quantification is
considered as the most critical task relgag the $IM systemquantification.The performance
guantification should be always conducted from the lowest to the highest Ti@ile, the required
technologybecomes increasingly more complex and challenging for higher TCLs.
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Figurel: Schematic representation of the generic SHM principles of operation.

Classification of SHM Systemdor Reliability Quantification

Typically sensor datamay be collectedeither over predetermined time intervals in a
scheduled manner or continuously inarnomatic wayHence,SHM systems are classified with
respect to their applicable inspection interval(gsScheduled SHM (SHM) systems, in which
each inspection is independent of time, and (ii) Automatic SHNs M), where the monitoring
occurs contioously in he time domaij38]. The performance of an SHM system desamgbn
several keyparameters, such #se type number and location of sensors, the inspection interval,



and the diagnostic algorithms used to process and interpret the sensingpdatafrom the
sensor typgand diagnostic algorithmshe reliability and accuracy @n SHM system could be
significantly influenced bythe sensor/atuator network (number and location$ sensors and
actuators)However the sensor network design will depend upon whether the damage location is
known (Known Damage Locatio® KDL) or unknown(Unknown Damage LocatioBUDL) a
priori based on historical data or othgreliminary methods of analysisHence the sensor
network designfor KDL (in fact the suspected damage locatiaiso known as OfspotO
monitoring could be subsntially different from those cases wh@@etentialdamage location is
completelyunknown such as thease of random impact damage

Accordingly, all SHMsystems cabe chssified into four categories shown inrable1: (i)
KDL S-SHM, (ii) KDL A-SHM, (iii) UDL S-SHM, and(iv) UDL A-SHM. As will be discussed
in detailin the following sections, only the case of KDLSEIM systems may be compared to the
reliability quantification of traditional NDE systems@&sentedn [11-14].

Tablel: Classification of SHM systentsased omeliability quantification.

S-SHM (Scheduled) A-SHM (Automatic)
Known Damage Location The system will only interrogatg  The system will continuously
(KDL) periodically a knowrthotspo | interrogate a know@hotspoO
location. location
(similar to NDB
Unknown Damage Location The system will periodically The system will continuously
(UDL) interrogate the entire structure f( interrogate the entire structure f
damage. damage.

Because the working principle in each SHM category is fundamentally differenbfreno
another, it is quite reasonable to assuinata quantification method established for one category
may not be applicable directly to thechniques in other categoriésr typicalNDE techniques,
the wellestablished method d?robability of Detetion (POD) has been widely accepted and
adopted to quantitatively characterize and evaluate the NDE systemOs reliability to detect a
specified eventdamagdiaw) [11-14]. The POD method requirésatthe location of damage is
known (or suspectedand the inspection igerformedon ascheduled basigherefore, the POD
method might be applicable for SHM systems falling itlie topleft quadrantof Table 1
corresponding tcKDL S-SHM systers.

Accordingly, in thisstudy,the case oSHM systems falling in the KDIS-SHM category
will be consideredContinuous monitoring and unknown damage location situations will not be
considered and evaluatelh the currentliterature, hereare a very limited number ofstudies
addresmg the SHM reliability quantification[37-45].



Comparison of NDE and SHM Systems

For the reliability quantification of traditional NDE techniqgué®e POD method is an
established and widelypplied approaciil3]. POD is defined as the probability of detecting an
eventor flaw (crack delamination, etc.pf a specific targessize a (damage or any other
meaningful feature that should be explicitly defined and be unambiguously measurable) under
specified inspection procedures and environmental conditldr$4]. Practically, the NDE POD
is presented as the curve generated by PODesas a function of the flaw sizelt represents
the probability of detecting a specific flaw type with a representative flavaskethe PODs a
statistical quantity it is also associated witla certain confidence level (CL)Therefore,
depending o the requirements of the specific applicatittre desired POD/CL values define the
targeted quantification goal. In general, the values 90/95, representing a PQ@B80)vith a
CL=0.95(95%), aremost commonly employed practice

Although there are amy similar physical working principles betweBIiDE and S-SHM
systemsthe key differencg37-40] is that NDE techniques use a pe¢d) or transduceithat is
(are) movable, but typical SHM techniques do require the sensors and actuators to be fixed and
permanently installed onto the structuhe that respectmethods on the diagnosidq] and
compensation of sensdegradation [47] have been proposed

POD Estimation forNDE Systems

ForanNDE systemthe PODis defined as the proportion of all flaws of a representative size
a (POD(a)) that will be detected by the NDE technique when applied by trained inspectors to the
population of structural elements in a wadifined environmenDemonstrating the capability of
the NDE system for a specific application requires a number (several s&aleral operators) of
carefully controlled experimentsllowed bya valid statistical analysis of the resulting data. To
reflect the statistical uncertainty within the obtained POD values from different &i@ls can
be calculated yielding the PODO/C:haracterization of capability. POD calculation procedures
are generally applied to estimate the minimum siz8asis that can be detected at a certain
POD/CL value

Depending on the criticality of the applicatidghe POD of aflaw of sizea can beestmated
at different confidence level3.ypically, the valueaggos is chosen ashe standard for system
designand implementatianThus, anagogs crack size characterization means that there is 95
percent confidence that at least 90 percent of all cracks ofagige will be detected. The
importance of this POD procedure is thatah quantifythe largest flaw that could be missed in
the inspegbn and the minimum flaw size that could be detected wi0/95 POD/CL. The
general procedure to determine the P@D¢r a specific NDE technique starts with creating a
list of variables that influence the systemOs perform¥aciation inNDE system esponse (and,
hence, uncertainty in flaw detection) is caused by the physical attributes of the flaws under test,
the NDE process variables, system settings, and test protocol.



The uncertainty caused by differences between flaws is accountedafdhe se of
representative specimens with flaws of known size in the demonstration inspections. The
uncertainty caused by the NDE process is accounted for by a test matrix of different inspections
to be performed on the complete set of specimBms.test matrixs a list of planned process test
conditions which collectively define one or more experiments for asseg®ngDE system
capability. Thus, the test matrix isreated using as many combinatiafsthese variables as
feasible[13]. In general, theactual number depends othe number of parameters needed to
obtain arepresentative specimen. If a smalfermber ofvariablesis consideredthis will be
reflected as aconsiderable uncertainty in the parameter estimates, which will cause wider
confidencebounds on the POR) curve and a larger value fahe ago/gs

The precision of the POB) function depends on the number of inspecipacimensith
flaws, the size of the flaws, and the type of inspection resutis{ssor %wsa). Larger sample
sizeswill, in general, provide greater precision in the estimate of the BDxiction, and thus
provide amore accuratgalue foragges The sample size is determined from the numbelagfs
in the experimentln addition, unflawed inspection sites are egzary in the specimen set to
preclude guessing and to estimate the rate of false indicafonshit/miss analysis, studies
suggest a minimum of 60 flawte be used to estimate the PQ@Ipfunction. When the NDE
system outputs a quantitative resporfgethat can be correlated to the flaw size, the data are
known as%ws-a inspection results and an advanced P&xnalysis is availablg-or %wvsa
analysis a minimum of 40 flanghouldbe used to estimate the P@Ip{unction. The recorded
signal responsé&po provides significantly more information for analysis than a simple hit/miss
inspection response. The PQ@Ip{unction is derived from the correlation of t#e&/s-a data, and
the pattern ofsoresponses can be used for extrapolatidore precise estimateof agy and
narrower confidence bounds on the P@D¢urve result from target sizes that are uniformly
spaced on a Cartesian scale and therefore this is the recommended praeticktion, flaws
which are so large that they are always found or so shalthey are always missed (or produce
a signal which isddominatedby the system noise) provide only limited information about the
POD(a) function[13].

POD curves are routinely generated for NDE methods and typically involve a large numbers
of measuren@s to capture uncertainties arising from variations in operators, probes, data
acquisitionhardware and software, structupmbperties (geometry, material, surface finjsind
flaw morphologyand propagatiorfflaw type, shape, orientation, depth, locatietc.). Due to
those uncertainties in the NDE inspection process, BQdlysisevaluated at different instances
may result in different values atitereforeneed tdoe considered within a statistical framesko

The NDE POD approach for SHM quantification

Historically, the POD determination begingith crude binary methods, while contemporary
analysis relies on Linear Models (LNhat constitutethe theoretical basis for th& vs analysis
[13]. For %o vs &inear modelof the form! ! 1, 1 1, b1 11t 11 1111 g(in vector/matrix



notation) with! = %d{or log(%g) ! =a(orlog(a)),!,!!, designatinghe model parameters, ahd
a random error (Gaussian, zero mean with varidriceequence),there are far main
assumptions, aligned with linear regression analftsad,need to be satisfi¢ti3]:

1. Linearity of the model parametes(y;|! ) = x, !'! , wherex; is thei-th row of!

2. Uniform variance (homoscedasticity)y# (! ,|! ) ! !',m1 1,11

3. Uncorrelated observation&# (y,!!,|X) ! omm 1 1

4. Normal errors(!,,!,, .., )!I! have a multivariate normal distribution

If any of these assumptions is violatdek subsequent analysis wik invalid and will result
in erroneous resultgigure 2 presents indicativéo vs datg with respect to the measdrerack
length (a) and the corresponding damage indBx, also referred tas % More specifically,
Figure2 showsthe crack length v®I plot of a system that satisfies the linear model assumptions
1-4. In this case, the underlying POD analysis is valid and will yeeldect results. If the POD
procedure is properly designed and implemented, as describg@8]inits outcome should
resemble the graph &figure2. On the other hand, if some of theear regressiomssumptions
are not satisfied then the underlying POD analyssld not be valid.In this case, appropriate
and oftentimes more sophisticated statisticathmmds and corresponding models may be
employed48, 49.

In SHM systemgsdata arausuallycollectedfrom the same component and compared thi¢h
previously recorded data [37, 49h addition, he obtaineddata arepotentially affected by
varying enviromental and/or operating conditioithe NDE guidelines for POD estimation
approach as described in MHIDBK-1823A are valid only in the case of independent {E8a
The distinction between dependent and independent data is very important conpsidenent
NDE standards for validatiomgnoring the data dependency assumptitay lead toerroneous
POD estimation due to biased standard eanol confidence intervals estimates.

Figure3 presentsndicativedamage index versue crack lengthresults as obtained from an
SHM system in a recent stu¢49]. The results correspond to experiments on three samples of a
wing attaclnent lug. Fatigue cracks were initiated and grown in the lug by loads applied through
the hydraulic actuator attached to the end of the wing &painis case a single pair of sensor
actuator was employedlnlike the data ofFigure 2, in this case a substantial variability both
across and within specimens is evident. In this case, the SHM resuleflected on the damage
index versus crack length plots, indicatdaddependery on each individual specimeB8uch
differences could be attributet differences in material, or other properties related to those
particular specimens, the experimental setup, or the specific computations used to define the
response signffl9].
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Figure2: Indicative damage index versus crack length for N®E-a POD analysis. The red line
corresponds to the estimated linear regression model fitted abthimed data. The more the damage
indexvalues thatorrespond to measured crack lengths the higher the accuracy of the POD estimation.

W@ ) ] (0)

S
012 7 G 012 -

i aft B & Lj i &
8. a2%f g —as il
004 001
b0z r 002 -
| | | | | | . . . .
a (vertical crack length) ’ a (vertical crack length)

Figure3: Scatterplot of the vertical crack length damagendexfor each of threaving attachment
lug specimengeach color corresponds to a different wing lug specim@pyvithout and (b) witHitted
linear regression line§or the detailed description of the experimental procesglSge

Therefore, before quantifying a KDL SSHM system, it is necessary to study and
characterizall these factors affecting the damage detection sensitiviy interests to identify
thecritical parameters that affestich an SHM systeand study the damage detection results as
reflectedin the sensing signals and the obtaidathage indices.

In order b generatetypical DI vs damagsize (notch length)curves, thirty Oidentical@est
structures, eachutfitted with the exacty same SHMsystem (sensors, hardware, and diagnostic
algorithm) were used inthe test studyThe objective is to determine whethiére DI data
generated fronthesecoupons meet the requirementsd assumptionsf the traditional NDE
approachfor POD estimation In addition, both numericadimulationsand analytical methods



were performedto exploreand determine the parameters that may affect the DI vanedshe
correspondingletection sensitivity of the SHM system.

The Coupons and theExperimental Setup

A nunber of experiments were conducted on thirtentical Aluminum coupons of
dimensions 120 (300 mthsO (200 mm) Al 2023 with a hole in the center. The experimental
geometric configuration is shown kigure4. Two singlePZT SMART Layers™ (type PZT5A)
designed and fabricated cellent Technologies were attached on the stiffener plate, as shown
in Figure 4, using Hysol EA 9394 adhesiveThe employed PZT actuator/sensare # Oin
diameter and10 mm in thickness. The ScanGenie” data acquisition hardware and
SmartComposite’ software were used to carry out the experimesing a pitckcatch setupA
five-peak tone burst actuation voltage signal with a center frequency of 250 kHz was driven to
PZT #1. The response was recorded at PZT #2.
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Figure4: Dimensions othe Aluminum coupon equipped witRZT-5A type piezoelectric sensors on
the surface using HysoEA 9394 adhesive.

The Aluminum coupon dimensions are shown Tiable 2 and are the same for both the
numerical simulations and experimental testgjure5 presents the thirty identical coupons that
were prepared to investigate the eféauft different system parameteos the sensor sigralTo
simulate the practical installation and mounting procedure and estimate the induced uncertainty
in the different system parameters, six technicians attached or¢oasgnsor pair on each of
five couponsthat they wereassigned. The thirty identical coupons were usethéasurethe
variation in the system parameters, including the percentagm@tion onthe PZT properties,
thickness of adhesive, and actuadensor locations. After estimating the variation resulted from
the actual experimental testing, additional numerical wave propagation studies were carried out



Eachof these system parameters was assessed both individually and collectively in order to study
the effect of each individual systggarameter on the sensignal and damage index

Table2: Dimensions of coup@ PZT sensorsandadhesive.

Thickness of Aluminum 2.286 mm
Thickness of PZBensor 0.25 mm
Diameter of PZTsensor 6.35 mm
Thickness of adhesive 0.05 mm
Diameter of hole 12.7 mm
Length & width of plate 304.80 mm x 152.40 mm

Figure5: Thirty couponsoutfitted with identicapairs of piezoelectric actuatorsensos.

Analytical Investigation: Effect of Sensor Roperties on the Damage hdex

In this sectionthe effect of the variation of the sensor properties on the damage index is
analytically investigatedNote thata two-dimensional structure is considered to lify the
theoretical analysisVariations in the evironmental and operatingonditiors between the
baselineandinspectiondatarecordshave not been taken into accoumthe following analysis.
Moreover,a single guided wave mode generation is assurfgplire 6 shows the schematic of
the incident, reflected and transmitted waves between the actuator and the sensor along a plate
with a notch.
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Figure6: Schematic of thincidenttransmitted and reflected waves along a plate with a notch

Based orj50] theamplitude of the incident modet the sensor locatidn ;;) andamplitude
of the transmitted converted moheat the sensor locatioi,- ) are defined as follows:

po= 10 RGO mppy p Gal Y (1)

I, and!,, correspond tothe transmission coefficiestof the i mode and thetransmission
coefficient of thed™ mode to them" mode respectivelyT; and!, are dependent on the depth of
the notch! , is the amplitude of the incident modeat the sensor locatioh. andl, are the
distance between the actuator and the natod thedistance between the notch and the sensor
respectively. The width of the notch is assumed to be negligibéand! , correspond tahe
wave attenuation of th& mode and thewave attenuation of the" mode converted from tH&
mode respectively.

By modeling the piezoelectric sensas a capacitorhe output voltag®f the piezoelectric
sensor is defined dbe ratio of the accumulated chatde ! to the capacitance valg€,) of the
piezoelectric sens¢8]:

by shs
Loue(n) =11 22 [ gl )

whereY; is YoungOs modulus of the sensand h, and2c are the thicknessand length of the
sensof respectivelygs, is thexzdirectional piezoelectric voltage constamde;; is the sum of
the strains at the sensor location
Once Eq. (1) is plugged into Eg. (2), the output voltage of the baseline data (ho notch) and
that of theinspectiondata (with notch) are derived as follows:

ll+lz+C

Yohsg31 i
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— —12TTUi X —12T X .
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ll+lz—C

()



From Eq. (3), the normalized mean squaredrdvased damage index, whichgsnerally used to
compare twesignals,can be derived as follows:

2
ZITY! 1 (Vlnspection (Tl) - VBaseline (n))
Z{V=1 VBaseline (n)z
Litlpc (> =10t % — 2T U X
B e () i i Gl

2
(flh+lz+c el ”P‘!xzcixz)

1+!! —C

DI =

2

(4)
Equation(4) clearly shows that the sensor properties are cancelled out during the damage index
calculation Furthermore, it proves th#be DI solely depends on the coefficients relatethéo
guided wave propagatiohis is a vey significant result in agreement with the numerical
simulations of the next section.

The damage detection sensitivity characterization of any SHM system requires
understandingof the waythe various system parameters affect sleasor signals. Once the
effects are understood and properly quantified, it is crucial to select a damage index that is
insensitive to all other environmental and external factors other than damage. The damage index
that is highly sensitive to damage anuich less sensitive to other external factors will be
selected for detecting, localizing, and characterizing the damage presence on the structure.
Therefore, the damage detection sensitivity of the SHM system defpightson the appropriate
selection othe damage index.

The Damage Index (DI)

Various system parameters that could affect the sgmaidentified through experimental
and numerical simulatioresults Both smulatiors and experiments were carried out for thirty
isotrgpic Aluminum coupons. Mtallic homogeneous coupons were selected for this preliminary
testing since the focus of this study is the investigation of the effect of uncertainties of the
sensor/actuatanstallation,and thematerial properties of sensor, adhesive, and strutteren
sensor signals.

The damage index used in this work is defined as:

Csig

Ndmg == r
Z sig

Z(Bsig ' Ndmg)
Slg ZBSLg

DI = Z(Ndam — Nref) !

Nref =

(5)



with Bg;, desiguating the pristine signal;4 the damage signdl,.; the normalized pristine
signal andN,,,,, the normalized damage signal.

After careful consideration, the damage index was selected in such a way that it has high
sensitivity to damage growth (damage size and orientation) and less sensitivitgrtdagtors
(such as material properties of adhesive, PZT and strugauation onadhesive thickness, etc.).

Numerical Smulations

SHM and damage diagnosidten requiremulti-scale electranechanical simulations to

analyze the signal (oftenltrasamic waves) propagationnothe structural substrate. The wave
propagation simulations used to be performed almost exclusively using the Finite Element
Method (FEM), which requires a very fine spatial discretization to simulate therbmency
nature of vaves from the piezoelectric sensors, which results in high computationf8 oS .
On the other hand, the Spectral Element Method (SEM), originally developed by [Bajera
the mid1980s, is a similar numerical method to find approximate soluabpartial differential
equations, but does not require asfine mesh to get results of desired accuraagd is
computationally less expensive than FEM.

A multi-physics SEMbased simulation tool, the Piezo Enabled Spectral Element Analysis
(PESEA) codewas developed ithe Structures andComposited_aboratory (SACL)at Stanford
University to solve the governing partial differential equations in ultrasonic wave propagation
problems[3, 54, 5. PESEA is capable of efficiently solving the coupled elect@mnical
problems thatoccurin smart structures with embedded or attached piezoelectric sensors and
actuators. Varying environmental and operating conditions, such as temperature Vi&jdton
25,56] and applied loadg25, 55], which otherwise inflance the signal propagation, can also be
effectively modeled by taking into account the #iorarity in the stresstrain relationship.

Though formulation of SEM is very similar to that of FEM, it uses {ugker elements with
nodes defined at Gautsbato-Legendre (GLL) points. Asreexample, a solid spectral element
of order 4 4" 4 is shown irFigure?. High-order shape functions and nodal quadrature make the
simulation more accurate and faster thaedmFEM. Hence,PESEAIs used to model ipzo-
induced acoustaltrasonic wave propagation in structures with complex geometfiks.
attenuation inthe viscoelastic material is implemented by introducing Rayleigmping.PESEA
was also extended to include the capability of simulating Lamb waves in solid media with
dispersion, attenuation and anisotropy, which is a problem prominent in composite mateeials.
formulation of the Layered Solid Spectral Element (ExSwith the included Rayleigh viscous
damping model, was develop¢8, 54 to accurately and efficiently simulate ultrasonic wave
propagation and sensor response in laminated compd3ESEA can also be used to model
ultrasonic wave propagation in corapl structures with damage, such as cracks in metallic
structures and debonds/delaminations in composite structures. The effectiveness of PESEA in
simulating Lamb wawbased detection of composite delamination was validated using structures



of complexity vaying from a model of a simple flat composite plate with a delamination, to
composite structures with complex geometries like a stiffened [iarte]].
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Figure7: (a) Plate with piezoelectric sensor mounted on the surface using adhesive; (bpesctiiel
element of order'#4" 4, and (c) modeling of piezoelectric transducers and adhesive layers.

In this work, PESEA will be the computatial tool based on which thrimericalsimulation
of ultrasonic wave propagation and the piezoelectric sensor respiinse obtained Extensive
PESEA simulations have been performed for the investigation of the effect of various SHM
system parameters dhe response signals and the damage index, as well as the way system
uncertainties propagate and affect the reliability analysis. More specifically, in this ws&ud
address the effects :ofi) sensor, structural, and adhesiwaterial property variatianon the
damage index, (iiluncertainty in the sensor installation on the DI including botlvénation on
the adhesive thickness and the location of the sensors, and (iii) damage propagation and
morphology on the DI including the effects of the damage growth and damage orientation.

The experimentally obtained response signals were compared witlcothesponding
obtained viathe PESEA toglin which solid spectral elements of ordéb53 were used. The
adhesive thickness was assumed to be 50 umtidmaicee boundary conditions were assumed
and the excitation was applied to the top surface nodes of PZT #1 (actuatiogtivesimulated
response signals for PZT #2 (sensor) are comparedewgrimentakignalsin Figure 8. The
PESEAbased simulated signals match very well with theesponding experimental signals
the past, PESEA was validated on isotropic and anisotropic plates attached with s{b#ners
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Figure8: (a) Mesh for the geometry created in Abaqus CAE; (b) Comparison beiwkesntive
experimental and simulated signals.

A few snapshots of thEEM models corresponding to the pristine and damaged coupons are
presented ifrigure9.

@) NN (b)

Figure9: Schematic othe SEM mesh ofimulated (a) pristine coupons, and (b) damaged coupons.

Damage DetectiorSensitivity Characterization Results

For the characterization of the damage detection sensititagyfollowing parameterare
considered, whilgheir effecton the sensing signals and tth@mage indexs investigatedThe
seven parametec®nsidered in this work agrouped into three categories:

¥ Effect ofvariation inmaterial properteson damage index

1) Variationin PZT properties



2) Variationin properties othe structural material
3) Variationin properties otheadhesive
¥ Effect of uncertainésin senso(SMART Layerinstallation ondamage index

4) Variationin adhesive thickness
5) Variationin sensottocation

¥ Effect of damagpropagationon damage index

6) Damage size

7) Orientation of damage

The djective of this section is to collect informatiand invetigate the way theariatiors
of the above parameteadfects the damage indekXhe percentage variation (in PZT properties
adhesive propées structural properties ejds calculated with respetd themeanvalueof their
properties.The general propertiesf the materials used in the wave propagation simulatoas
presentedn Table 3. Table 4 enlists the mean properties of aluminum, adhesavel PZT,
whereasTable5 summarizeshe factorsand the corresponding variationsnsidered to affect the

damage index the numerical simulations

Table3: General propertiesf the materials used in the simulations.

Adhesive

Hysol EA-9696; Thickness: 0.05 mm; Density: 11a9m°

Aluminum 6061 Thickness: 2.286 mm; Density: 2700 kg/m

PZT Thickness: 0.25 mm. diameter 6.35mm; Density: 7750 kg/rr

Table4: Material properties of aluminum, PZand adhesive.

Material 1: Aluminum 6061 2: PZT 3: Adhesive
Density 2700 7750 1100
Eff”é‘ggsé'\gﬂg?éga] 689 | 689 | 689 | 6097 | 6097 | 5319 | 26 | 26 | 2.6
ngs’kgglr"\"eoldzutgpa] 26 26 26 2105 | 2105 | 2257 | 1 | 1 | 1
P?;S;O,r‘l‘zsl 'f;‘“os 033 | 033 | 033 | 04402 | 04402 | 035 | 03| 03| 03

Electromechanical coupling coeff
[D11,D12,D013,D014,D15,D16]
[D21,D22,D023,D24,D25,D26]

[0.0,0.0,0.0,0.0,558.6¢2,0.0]

[0.0,0.0,0.0,558.0642,0.0,0.0]
[-171.0e12-171.0e12,374.0e

[D31,D32,D33,D34,D35,D36] 12,0.0,0.0,0.0]
Dielectric constant: EPSl:_L,EPSZZ,EPS?,S 1730 1730 1700
(related to capacitance)




Table5: Factorsconsidered in the numerical simulations for the characterization of the damage

detection sensitivity

How many variations are to be HOW. to vary Number of
# Parameter considered during simulation proper.t|es/damage simulations Outcome
size etc.,
Effect of
1 Damage size 0,2,4,6,10,14,20 mm 210 damage size
on DI
Effect of
2 Orientation of (6 mm damage case) 0i/15j/30i/4 4 .dam?‘ge
damage orientation on
DI
+5% from mean for mechanical
percentage +20% for erl)é?:tpriecrgle(sca acitance Random selection Effer%[ Oefrf !
3 | variation onPZT | ~ P of each property 30 property
. and electremechanical L . . variation on
properties (D11,D12,D13,E,D33 coupling within this variation DI
coefficients
Percentage Effect of
variation on +3% from mean Random selection structural
4 properties of - of each property 30 property
structural within this variation variation on
material DI
Percentage
L Effect of
5 Va”atlon on +50% from mean Random variation 10 adhesive
thickness of -
adhesive thickness
Percentage . Effect .Of
L Random selection adhesive
variation on +2% from mean
6 . of each property 30 property
properties of o L L
adhesive within this variation variation on
DI
Percentage
variation on veI\Erfi];let?;nogn
7 location of +2 mm from mean Random variation 10 sensor
sensor (dunng location on DI
installation)
Total 324

Effect of variation in material properies

Variation in sensor properfes Based on the PZTnanufactureDs recommendatiof20%

random variation in dielectric constants and20% randomvariation in electromechanical
coupling coefficients along witk5% randomvariationin PZTOs mechanical properties were
implemented in the numerical wave propawatsimulations.Figure 10 shows thevariationin
sensor signals collecte@xperiment)and numericallygenerated(simulation) along withthe
measured capacitance wdion (experimenta))and the range of dielectric constants estimated
using a +20% randomvariation inthe mean propertiesA significantvariation n the baseline
signals was observed frofmoth the measured and simulatexknsor signals. Even with this



variation n the baseline sensor sigls, thecalculateddamage indexXor the thirty coupons
showed a negligible variation which is due to its insensitivityo the variation in the sensor
properties.In addition, he variation ofthese sensor signals iancelled out by subtractintpe
baseline (pristine coupon) sensor signal fthecurrent (damagkcoupon) sensor signals.
Figure12(a) showsthe damage indexariation for 30 copons (used in the simulation3he DI
variationis negligible and thus we can conclude that tregiatiors in the sensor propertiewill
not affect theselecteddamage index
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Figurel0: Variation in baseline sensor signal for thiptystine couponga) variation in experimental
signals, (bmeasureaapacitance (experiments)) {@riation in numerical signals, and (diglectric
constants (simulations)

Variation in structural properties In this case, a2% randonvariationin structural properties
was implemented in the wave propagation numerical simulatieigsire 11(a) presentsthe
variation ofthe simulated baseline sensor signélssignificantvariation inthe baseline signal
amplitude and phase was observed. Hewevthe damage indegstimate from the thirty
coupons yields a negligible variation, agsitinsensitive tovariations instructural properties.



Similarly, the variation in these sensor signals is cancelled out by subtracting the baseline
(pristine coupon) sensor signal from the currenin@ged coupon) sensor signal
Figure 12(b) showsthe variations in the Dfor the thirty coupongfrom simulations) The
variationis negligible and as a reswite may nfer that variation irthe structural property W
not affect the damage index
Variation in adhesive properies In this case, at2% randomvariation in the adhesive
properties was implemented in the numerical wave propagation simulakanse 11(b)
presents a negligibleariationin the baseline sensor signals that were numericatiynated.
Hence, the estimated damage indices exlaibmiegligiblevariation; again the selected damage
indexis insensitive to theariation onadhesive properties.
Figure12(c) shows the negligible variatiom the damage indicesbtained from thirty coupons
via simulations due to theariationin adhesive properties. Hendgeis concluded that variations
in the adhesive propéesdoes not affect the damage indmatculation.

In summary, the effect of variatienn the material properties has a minimum or even
negligible effect orthe selected damagadex.
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Figure1l: Numerical smulationresults(thirty pristine coupons)a) Variation in sensotbaseline
signal due tovariation n the structural propertiegb) Variation in sensor baseline signal dueviariation
onthe adhesive properties.
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Figure12: Numerical smulation result®n the effect ofvariationin the material propertiean the DI:
(a) effed of variation insensor propeigs, (b) effect ofvariation instructural propeits and (c) effect of
variation inadhesive propeads.



Effect of sensor installation variation

Variation in adhesive thicknessBased on the gasured adhesive thickness of thidgntical
experimental coupons, variat®nin adhesive thicknesses agstimated approximatel¥50%
from themean adhesive thicknesgherefore, a50% random variatiom the adhesive thickness
was impemented in the numerical simulatiori@ble 6 shows the randomlgelectedadhesive
thicknesgsthat wereused in thenumericalsimulations. In order to minimiziae computational
time required by thenodeling and computational efforten differentcoupons were simulated
this caseFigure 13(a) presents theariationin the baseline sensor signdlsat werenumerically
estimated.Figure 13(b) showsthe numerically estimatedamage indicesA small variation
(1.18%)in the damage indeis observed that idue tothe £50% variationin adhesive titkness.
Hence,the conclusion is thatariatiors in the adhesive thicknessight not severelyaffect the
damagendex
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Figure13: Numerical mulation results (10 pristine coupons): Y&riationin baselinesensor
signak due tovariation n the adhesive thickness; (b) Effectvafriation inadhesive thicknesan the DI.

Table6: Variationin the adhesive thickness.

#Set| Thickness
(mm)
0.0357
0.0706
0.0739
0.0322
0.0378
0.0451
0.0463
0.0523
0.0602
0.0522
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Variation in sensor location Based on the measured center of the PZT locations on the thirty
identical experimental coupons, theriation in the sensor location is estimatdad be
approximately £5 mm from the mean PZT locatibable 7 shows the measure@riation ofthe
actuator and sensor locations on the actual test coup@nse 14 schematically presents the
variationin the actuatesensor locations of the thirty test coupons. In this case, a £5 mm random
variationin the PZT sensor tmtions was implemented in the numerical simulations. Similarly, in
order to minimize the required computational burden and time, ten coupons were simulated.
Figure 15(a) presentshe variation of thesimulatedbaseline sensor signaksigure 15(b) shows

the estimated DI that exhibits a maximum 10.84%6ation inits value resultig from the £5 mm
variation ofthe actuatosensor locationdn this case, the analysis demonstratesuhaatiorsin

the senseactuator location have significant impact on the damaigelex
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Figure14: Variation onactuatorsensor locations in 30 test coupons

Table7: Variationin sensor location.

Max & Min error inthesensor location (in mm)

Max error in XY Max error in XY
directions (PZT1) directions(PZT2)

3.175(X) | 4.76(Y) | 4.76 (X) 1.58 (Y)
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Figure15: Numerical mulation results (10 pristine coupons): {&riation in baseline sensor signal
due tovariationin sensor locationand (b) &ect of variation insensor locatioln DI.

Effect of damage propagation

Variation in d amage sizeln this study, six different damage sizestChlengtrs of 2mm, 4mm,

6mm, 10mm, 14mm, and 20mm) were selected forrnhmericalsimulatiors and four different
damag sizesrgotchlengths of 2mm, 4mm, 6m, and 10mm) were selected for the experimental
destructive testsTable 8 presents thevariation inthe damage indexwith respect tothe six
simulated damage sizes. THamage indewariation for the thirty simulated and experinmadnt
casesis shown inFigure 16. It is evident that the vaésfor increasing damage size am&s
expectedalso increasing for both the numerical and experimental data. However, the standard
deviation ofthe DI forexperimental data is much higher than fleatsimulationdata. The main
reason for this is that ¢hdamage orientation for the simulations is horizontal, whereas for the
real experiments the orientation (showrFigure 18) was varied significantly which resultéal

higher deviation in the DFigure17 presents the variation of the damage index that is due to the
damage size variation for both the simulated and real experimental damage cases. In this case the
larger damage index variatiomel to the real damage is evident.

Table8: Effect of damage size dheDI.

Damage index wariation due to damage size

2 mm 4 mm 6 mm 10 mm | 14 mm 20 mm
Mean 0.0238 0.0577 | 0.0849 | 0.2628 0.481 0.7566
Std. deviation | 0.0006 0.0014 | 0.0019 | 0.0066 | 0.0081 0.0094
Maximum 0.0251 0.0606 | 0.0885 | 0.2789 | 0.5007 0.7745
Minimum 0.0221 0.0543 | 0.0802 | 0.2449 | 0.4631 0.7298




Numerical Simulations Experimental Results
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Figurel6: Effect ofvariation indamage sizen theDI: (a) numericalsimulaions and (b)
experimental results
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Figurel7: Numerical smulation versus experimentasults Effect of damage sizen DI. The lines
connect the mean values of the DlIs for each damage size.

Variation in damage orientation Figure 18 presentsa real damage map observed from the
thirty test coupons. Damages of 2 mm armdm lengths were implemented via EDM machining.
However, in order tonicrease the range of the uncertainties in this case, the 6 mm and 10 mm

notchlengths were created manually using a thin hand saw which resuliatifiarent damage
orientations anthrgerdamage indexariation.
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Figure18: Mapping of the real damage (notches) for the thidypons

Table9: Summary of the parametric studiamage detection sensitivity characterization

Property Property variation DI variation
(%) (%)

Adhesive mechanical properties 2 0.58
PZT mechanical properties 5 0.55
PZT capacitance 20

PZT electromechanical coefficient 20

Structural properties 2 0.12
Sensor location (x1.57*r, £1.57*r) 10.84
Adhesive thickness 50 1.18

Where ¢ is theradius ofPZT disc

Discussionand Concluding Remarks

In this paper, thelamage detection sensitivity characterizatioamfactivesensing acousto
ultrasoundbased SHMmethod with respect to wvaations n the material properties, sensor
installation, and damage qgpagation was investigated The identification of the critical
parameters that have a significant impact on the damage detsetisitivity was achieved via
numerical simulations based on a Spectral Element Mumakdd analysi analytical
investigation,and experimental results obtained from multiple experiments on #iutginum
coupons outfitted with a pair d?ZT-basedpiezoelectric sensors/actuatofe results of this
study indicatd that the uncertainty in the sensatuator installation anithe damage propagation
path havexa major impact on the sensing signals and the damage index calculation.

The main conclusiaifrom this workarethat the sensor locations with respect to the damage
location and the wagotch or crackpropagatere thetwo critical parameters thanfluence the
damage indexif the environmentalageing and boundamgonditions remain constani that



respect, if the sens@actuator location uncertainty can be minimized via accurate installation
processeshenthe damaggrowth exhibits a similar pattn from one coupon to another, @hd
damage index versus damage location behavior may be preserved for identical structures.
Therefore, fora hotspot monitoring application (whetiee approximate damage location and
orien@ation are known)testing ofmultiple coupons may not be necessary for traditional POD
based analysis under the assumptbaccurate sensor installaticappropriate cmpensation of
the environmental andoundary conditions effectsand compensation of ging effects
Numerical simulations through calibrated numerical meddl help to minimize the number of
components required for estimatitigg POD for SHM systems.
In order to develop an accurate and robust SHM system reliability quantification approach
several fundamentahulti-disciplinary techniques need to arther developed or extended
future research effortend then combined in a unified frameworke developmentgequired the
mostare related tthedifferentchallengesegardingaccuratesimulatiors under uncertaties and
varying environmentabperating conditionsas different material odels, reliable damage
modeling, appropriate model calibrationrategies and uncertainty modeling and propagation
techniques are required.
The concludingemarksof the study may be summarized as follows:
¥ The study shows that the sensor/actuator location and the damage growth orientation from
specimen to specimen atiee two major factors affecting the variation toe damage
index for SHM under the same environmeiatadl boundargonditions.
¥ Thetraditional PODBbasedmethodfor NDE reliability quantificationas presented in [13]
may not belirectly applicable fothe case o6HM systemsHowever, improved methods
based on sophisticated statistical models and appropriate methods may be able to tackle
the various data structures observed in practice.
¥ Although duplicated coupon tests m@yovide adequate NDE quant#iton results, this
practice maynot be the optimal approachfor quantifying SHM systemsdue to the
inherent differences between NDE and SHM technigAesurate omputational tools
capable of effectively accounting for the major sources of uncertail@kiivi systems in
combinationwith limited coupon tests may lead l&ss time consuming, less costly, and
improved system reliability quantificatioesults.
¥ More research work is needed with respect to (i) the definition of appropriate
experimental procedas, (i) accurate computational modeling techniques capable of
accounting for operational and environmental uncertainty, and (iii) statistical methods and
corresponding model building techniques for SHM reliability quantification.
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