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Abstract. The problem of population-based Structural Health Monitoring for composite
aerostructures via dynamic strain signals is experimentally investigated under high levels of
population, experimental, and temperature uncertainty. Both delamination and impact induced
damage are considered using robust data-based methods. Due to the ‘small’ sample of coupons
available for training, the study focuses on assessing the diagnostic performance that would be
achievable under training with an adequately large sample of the underlying population. The
results demonstrate that high diagnostic performance, reaching a detection accuracy of 99.4%
and almost perfect Delamination/Impact damage characterization, is potentially achievable.
A comparison with vibration acceleration signals indicates largely similar performance for the
considered damages.
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1 INTRODUCTION

As the importance of Structural Health Monitoring (SHM) for composite structures in the
aerospace, energy, and other industries is growing, the use of dynamic strain signals over vi-
bration acceleration counterparts receives increasing attention. This is also motivated by the
technological developments and advantages offered by Fiber Bragg Gratings (FBG) technology
1, 2].

This attention has been reflected in a number of recent studies. For instance, in [3] very
good damage detection results (detection accuracy of 98.1%) are reported for a UAV structure
using Principal Component Analysis based statistics (Q and T? indices) and a Self Organizing
Map (SOM) cluster algorithm accounting for in-flight excitation variability. Studies exploring
artificial damage (added masses) diagnosis! on a single composite aerostructure via Support
Vector Machines (SVM), following a feature extraction procedure based on the discrete wavelet
transform [4] or the Fourier transform [5], are reported with detection accuracy higher than
90% and classification efficiency reaching 99.3%. The use of Convolutional Neural Networks
for accounting for flight load (excitation) variability is reported in [6] with excellent accuracy
reaching 99% for detection and 83% for localization using a simulated composite wing.

In [7] superiority of dynamic strain based damage detection over vibration acceleration based
is claimed via the use of modal shapes, although this refers to a metallic beam. In [8], the
presence of artificial damages (added masses) on a metallic structure is revealed via discrepancies
in Frequency Response Functions (FRFs), with strain FRFs exhibiting improved sensitivity
to damage over their acceleration counterparts. In [9] the feasibility of strain based damage
detection on a numerical store frame and a metallic circular arch is reported via a damage index
robust to excitation (although measurement of the excitation is required).

Despite the progress achieved thus far, the question of dynamic strain based damage diagnosis
effectiveness for composite aerostructures, in particular under unobservable excitation and in
comparison to vibration acceleration based diagnosis, remains an important research topic. Even
more so under population and other uncertainty factors which are well known to have serious
detrimental consequences [1]. This precise problem has been at the focus of our parallel study [10]
which is based on Monte Carlo numerical experiments with a population sample of 90 composite
aerostructures, under manufacturing and temperature uncertainty, simulated via Finite Element
Models. As demonstrated therein, high detection (up to 99.2%) but rather low (up to 65.7%)
damage type (delamination/debonding) characterization performance is possible via the use of
strain-based robust to uncertainty methods. Yet, for ‘low’ level damage dynamic strain based
diagnosis performance is generally lower than that achieved by vibration acceleration based
methods.

This work constitutes a parallel to our study [10], in that it ezperimentally explores the per-
formance limits of dynamic strain based damage diagnosis under various uncertainty factors,
that is population (mainly due to materials and manufacturing), test rig (experimental), ex-
citation profile, and temperature uncertainty. A comparison with vibration acceleration based
diagnosis is also presented. The work is based on a population sample of C-shaped composite
coupons manufactured by the Israel Aeronautical Industries (IAI) under the framework of the
joint Greece-Israel REALISM research project. A particular challenge, unique to this study, is

!The term damage diagnosis is meant to include both detection and characterization.
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the fact that it is based on a particularly ‘small’ population sample (only 26 coupons). The
detrimental implication of this is that robust SHM methods cannot be adequately trained to
properly include the significant (see subsection 2.2) population and other uncertainty present.

Yet, as the question of interest mainly is on the diagnostic performance achievable if a suffi-
ciently large sample of the population were available, the study focuses right on this by selecting
the best (most representative, for instance in the sense of optimizing performance) set of avail-
able coupons to include in the methods’ Baseline Phase, leaving the remaining coupons for the
Inspection Phase (details in section 4).

The rest of this paper is organized as follows: The coupons, the uncertainty factors, and
the damage scenarios are discussed in section 2, while brief remarks on the robust to uncer-
tainty damage diagnosis methods employed are made in section 3. Performance assessment and
comparisons with vibration acceleration based SHM are presented in section 4, and concluding
remarks are summarized in section 5.

2 THE COUPONS, THE UNCERTAINTY FACTORS, THE DAMAGE SCE-
NARIOS, AND THEIR EFFECTS ON THE DYNAMICS

2.1 The coupons and the experimental set-up

The experiments are carried out using a set of 26 C-shaped composite coupons, each one
consisting of twelve carbon fiber epoxy resin laminates with [0/452/0/45/0]s ply architecture.
The cross-section dimensions are 25.0 x 81.8 mm and the total length is 860.1 mm. The ply
properties have been experimentally determined, with their values being summarized in Table 1.

Twenty coupons are in pristine condition, four under Delamination damage, and two under
Impact-induced damage, with each coupon assigned an ID tag. These IDs are 1 ... 20 for the
pristine coupons, 21,22 and 25, 26 for the ‘Low’ and ‘High’ Delamination coupons, respectively,
and 27 and 30 for ‘Low’ and ‘High’ Impact damage coupons, respectively.

A picture of the experimental set-up organized at the University of Patras, Greece, is provided
in Figure 1, and a corresponding schematic representation in Figure 2. As indicated, each
coupon is clamped at one end via 4 screws (clamping torque of 1.6 Nm) while being free at
the other end. It is excited at two distinct locations (E1 and E2), while strain and acceleration
measurements are acquired in the indicated directions at three locations (locations 1, 2, 3). The
set-up is operated within a freezer allowing for temperature variation (measured via a K-type
thermocouple) between experiments.

2.2 The uncertainty factors and their effects on the dynamics

Four main uncertainty factors are present: (a) Material and manufacturing uncertainty, (b)
experimental set-up uncertainty (due to clamping and excitation/sensor location), (¢) random
force excitation profile uncertainty, and (d) temperature uncertainty (within the [0...25]°C
range). The first one concerns population uncertainty and the subsequent three correspond to
varying Environmental and Operational Conditions (EOCs).

The effects of temperature uncertainty (6 temperatures for Coupon 1, 5 curves per tem-
perature) and the combined material, manufacturing, and set-up uncertainty on the pristine
dynamics (all 20 pristine coupons at 25°C; 5 curves per coupon), always under the additional
random excitation profile uncertainty, are depicted in Figure 3 via the Transmittance Function
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® Thermocouple
Location

Figure 1: Photo of the experimental set-up (top view): Sensor, excitation, and thermocouple locations
are indicated by arrows [11].

S2% /S14 Welch-based magnitude estimates for the pristine structures (symbol explanations in
Figure 2). It should be noted that throughout this study the term dynamics refers to the
partial structural dynamics as reflected in the strain (or acceleration) based Multiple-Input
Single-Output Transmittance Function (MISO-TF) employing the signals at locations 1 and 3
as pseudo-inputs and that at location 2 as output.

Based on Figure 3, the temperature uncertainty effects on the pristine dynamics are impor-
tant, yet, those of the combined material, manufacturing, and set-up uncertainty are severe. This
fact is indicative of the challenging nature of the problem being tackled and further underlines
the statement made on the low number of sample structures available.

2.3 The damage scenarios and their effects on the dynamics

As previously indicated, four damage scenarios are considered: ‘Low’ and ‘High’ Delamination
(designated as DLy, and DLy, respectively) and ‘Low’ and ‘High’ Impact (designated as I, and
Irr); details in Table 2.

Delamination (DL) damage is implemented using a square-shaped layer of Teflon placed

Coupon Details
Material Carbon Epoxy
Young’s Modulus E11 (Pa) 5.78 x 100
Young’s Modulus E22 (Pa) 5.60 x 1010

Shear Modulus G12 (Pa) 3.87 x 1010
Poisson’s ratio v 0.07
Density p (kg/m?) 1490
Plie Thickness (mm) 0.22
Architecture [0/452/0/45/0]s

Table 1: Details and material properties for the coupons (room temperature).
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Figure 2: Schematic representation of the composite coupons indicating the damage location, the sensor
locations and directions (black for acceleration, orange for strain), and the excitation locations (green).
All dimensions in mm.
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Figure 3: Effects of the uncertainty factors on the pristine structural dynamics (Welch-based MISO-
TF S52%/S1Z magnitude estimates): (a) Temperature effects on Coupon 01 (5 curves for each one of 6
Temperatures); (b) Manufacturing and experimental uncertainty effects at the nominal Temperature of
25°C for 20 pristine coupons (5 curves per coupon).
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Damage Type Damage Level/Area Coupon ID Damage Scenario

Delaminatione LW (20 X 20 mm) 21, 22 DL,

CAIMAMONT High (50 x 50 mm) 25, 26 DLy
. Low(1390) 27 I,

Impact-Induced High (27.7) 30 In

®Delamination is implemented with the use of a separation layer of Teflon of the indicated,
in each case, dimensions.

Table 2: The considered damage scenarios and the coupon IDs used in each one.

in between two layers at a location that is 300 mm away from the free side of the coupon
(Figure 2). The delamination area is of two possible sizes: 20 x 20 mm for ‘Low’ Delamination
and 50 x 50 mm for ‘High’ Delamination (notice that these areas are similar to those used in our
parallel Finite Element Model based study [10], yet the damages are more serious in the present
context due to the smaller size of the coupons). Impact-induced (I) damage (implemented at
approximately the same location as the Delamination) is of two distinct energy levels: 12.9 J
for ‘Low’ Impact and 23.1 J for ‘High’ Impact. Hence 4 damage scenarios are considered on six
distinct coupons (see Table 2).

The effects of each damage scenario on the dynamics (presently the MISO-TF S2%/S17
magnitude curves) under uncertainty are depicted in Figure 4. Evidently, the effects of all
4 damage scenarios are small compared to those of uncertainty, as their corresponding TF
zones reside, almost fully, within the TF zone corresponding to the pristine dynamics under
uncertainty; a fact clearly underlining the difficulty of the problem.

Delamination Damage Impact Damage

S22 S8 TF Mag(dB) $27 S17 TF Mg dB)

(8] 500 1000 1500 2048 o 500 1000 1500 2048
Frequency (Hz=) Freguency (H=)
l——Hcaltl)y DLy =Ly | j_ Healthy Ir I;;l

Figure 4: Effects of each Damage Scenario on Welch-based Transmittance dynamics estimates (upper
row S24/S1%, and lower row S27/S3% transmittance dynamics) under uncertainty: ‘Low’ and ‘High’
Delamination effects (left column), and ‘Low’ and ‘High’ Impact effects (right column). [600 sets of TF
magnitude curves corresponding to 20 Pristine coupons under 6 Temperatures (blue), 120 sets of TF
curves corresponding to 4 Delamination damaged coupons under 10 Temperatures (tints of red), and 60
sets of TF curves corresponding to 2 Impact damaged coupons under 10 Temperatures (purple).]
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3 REMARKS ON THE ROBUST DAMAGE DIAGNOSIS METHODS

Robust response-only damage SHM is based on the partial structural dynamics, as reflected
in a Multiple-Input Single-Output Transmittance Function (MISO-TF) representing the rela-
tionship among m measured response signals, with m—1 of them acting as pseudo-inputs and the
m-th as output. The MISO-TF dynamics are represented via an AutoRegressive with eXogenous
excitation (ARX) model of ARX orders (n,n), designated as an ARX(n,n) model:

n m—1 n
Umlt] + Y i ymlt — i = D> Wyt — i+ wlt]  wlt] ~iid N(0,00) (1)
i=1 j=1 i=1

In the above a; (i € [1,n]), bf (i € [1,n], j € [1,m — 1]) designate the model’s AR and X
parameters, respectively, and wlt| an innovations (white) Gaussian signal, with i.i.d. standing
for identically independently distributed and A(0,02) standing for the normal (Gaussian) dis-
tribution with zero mean and variance o2,. Model order selection and AR/X model parameter
vector and innovations variance estimation are based on standard identification procedures us-
ing m-tuples of signals (y1[t],...,ym[t]) (t € [1, N]) [12]. It is noted that the use of the MISO
Transmittance dynamics is important in eliminating the effect of excitation profile uncertainty
provided that the number of pseudo-inputs employed equals the number of independently acting
excitations.

Robust damage detection is formulated within a feature space spanned by a Principal Com-
ponent Analysis (PCA) transformed and reduced version of the original ARX model parameter
vector (the feature vector; details in [13]). Dimensionality reduction aims at retaining only those
Principal Components that collectively explain a minor portion of the feature vector variability
under uncertainty. It is noted that the sample covariance matrix of the original ARX parameter
vector necessary for performing the PCA is based on p parameter vector estimates, each one
obtained from each one of p available signal sets under the pristine structural state within the
methods’ Baseline/Training Phase.

Robust damage detection is based on two unsupervised methods using approximations of the
Healthy Subspace, defined as the subspace spanned by the transformed and reduced feature vec-
tors corresponding to the healthy dynamics under uncertainty. The first method uses a Multiple
Model (MM) [13] representation of the Healthy Subspace, while the latter uses a Hyper-Sphere
(HS) approximation [14]. Both representations are established in the Baseline/Training Phase
using p signal sets under uncertainty, while damage detection takes place in the methods’ Inspec-
tion/Operational Phase. Robust damage characterization (as Delamination or Impact-induced)
is, on the other hand, based on a supervised MM type scheme employing cosine similarity within
the original feature space (no PCA based transformation and dimensionality reduction).

4 PERFORMANCE ASSESSMENT

As two independent force excitations act on the structure, the number of pseudo-inputs is
selected equal to two (the responses at locations 1 and 3 are selected, with that at location
2 serving as output). Based on the corresponding strain signals for the healthy structure un-
der nominal conditions and standard identification procedures [12], an ARX(100,100) model is
obtained for representing the MISO-TF dynamics.
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No. of Experiments

Structural State Cljﬁi) gxﬁs Temperatures per Temperature gﬁ;i}riljféni
and Coupon
Baseline Phase
Healthy 16 {0, 5, 10, 15, 20, 25}°C 5 480
Inspection Phase

Healthy! 4 {1,4,6,9 3 120
DLy, + DLy 242 11, 14, 16, 3 60-+60

I + I 141 19, 21, 24}°C 3 30430

THealthy Inspection Coupon IDs: (2,8,10,12).
Signal details: Sampling frequency fs = 4096 Hz, signal length N = 81920 samples (20 s).
Signal pre-processing includes sample mean subtraction and normalization by its sample standard deviation.

Table 3: Damage detection Baseline and Inspection Experiments.

4.1 Damage detection

In the Baseline/Training Phase 16 pristine coupons are employed (the best, most representa-
tive are selected; see the remark made in the Introduction), with 5 experiments (each one with
a distinct set of force excitations) performed for each one under 6 distinct temperatures; this re-
sults into a total number of 480 Baseline Experiments (see Table 3) and a corresponding number
of ARX(100,100) models. Based on the sample covariance of the ARX model parameter vector,
the original parameter vector (of dimensionality 300) is PCA transformed and reduced into a
dimensionality of 228 (72 PCs explaining 99.85% of parameter variability are dropped), based
on which the feature space is defined and the Healthy Subspace approximations are constructed.

In the Inspection/Operational Phase 4 healthy and 6 damaged coupons (2 under DLy, 2
under DLy, 1 under I, and 1 under Iy) are employed, with 3 experiments (each one with a
distinct set of force excitations) performed for each one under 10 distinct temperatures. This
results into the total numbers of Inspection Experiments per health state indicated in Table 3).

The damage detection performance achieved by both the MM and HS based methods is
assessed in Figure 5 in terms of the distance metric D of the current point in the feature space
to the Healthy Subspace, and also via Receiver Operating Characteristic (ROC) curves depicting
the relationship between the True Positive Rate (TPR, or correct detection rate) and the False
Positive Rate (FPR, or false alarm rate). Evidently, both the MM and HS based methods
achieve excellent, or almost excellent, performance for all 4 damage scenarios.

A comparison of the damage detection performance achieved by dynamic strain signals and
vibration acceleration signals (from our study [11]) is presented in Figure 6 using the Accuracy
(correct decision rate) index and optimal decision threshold [that is that corresponding to the
point of the ROC curve that lies closest to the (0, 1) point]. Evidently, the strain-based detection
performance is on par with its acceleration-based counterpart for the Delamination damage
scenarios (for both the MM and HS based methods) and the Impact damage scenarios (for the
MM based method).
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Figure 5: Robust damage detection performance for the MM (upper row) and HS (lower row) methods:
Distance metric D (left column) and corresponding ROC curves (right column) based on all 300 Inspection
Experiments. [Color code: Light/dark green tints for Low/High Delamination, light/dark purple tints
for Low/High Impact.]
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Figure 6: Strain (blue tints) versus acceleration (red tints) based robust damage detection performance:
Accuracy values achieved by the MM (light tints) and HS (dark tints) methods. [Low/High (upper/lower
row) Delamination/Impact (left/right column) damage scenarios; 300 Inspection Experiments.]
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Structural Number No. of Experiments  Total No.
State of Temperatures per Temperature of
Coupons and Coupon Experiments
Baseline Phase
Delamination 2 {0, 5, 10, 15, 20, 25}°C 5 60
Impact 1 30
Inspection Phase
Delamination 2 {1, 4, 6,9, 11, 14, 5 60
Impact 1 16, 19, 21, 24}°C 30

Baseline Coupon IDs: Delamination (IDs 21, 26), Impact (ID 27).
Inspection Coupon IDs: Delamination (IDs 22, 25), Impact (ID 30).

Table 4: Damage characterization Baseline and Inspection Experiments.

4.2 Damage characterization

In the Baseline/Training Phase, due to the very limited number of available coupons, 1
‘Low’” and 1 ‘High’ Delamination damaged coupons are employed, along with 1 ‘Low’ Impact
damaged coupon. 5 experiments (each one with a distinct set of force excitations) per each one
of 6 temperatures are performed with each coupon, thus resulting into a total of 60 Baseline
Experiments under Delamination and 30 under Impact (details in Table 4).

In the Inspection/Operational Phase 1 ‘Low’ and 1 ‘High’ Delamination damaged coupons
are employed, along with 1 ‘High’ Impact damaged coupon. In this case 3 experiments (each one
with a distinct set of force excitations) per each one of 10 temperatures (different from those of
the Baseline Phase) are performed with each coupon, thus resulting into a total of 60 Inspection
Experiments under Delamination and 30 under Impact (details in Table 4).

Damage characterization is assessed via the correct characterization rate, referred to as True
Positive Rate in Figure 7. As may be seen (blue bars) the characterization results are perfect,
and in fact somewhat better than those obtained based on vibration acceleration signals [11] for
the Impact damage scenario.

g
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g = I A ccel. (ko)
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© & Bl Strain
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Figure 7: Strain-based (blue) versus acceleration-based (green) robust damage characterization per-
formance: Correct characterization rates for all 60 Delamination and all 30 Impact damage Inspection
Experiments.
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5 CONCLUDING REMARKS

The main conclusions drawn from the study may be summarized as follows:

(i)

Despite the presence of strong uncertainty, it has been experimentally demonstrated that
high diagnostic performance (damage detection accuracy reaching 99.4% and almost per-
fect Delamination/Impact characterization) is achievable via robust strain-response-based
SHM methods, provided that a sufficiently large (representative) sample of the considered
population of structures is available for training.

The comparison of strain-based to acceleration-based damage diagnosis has indicated
largely similar performance for both damage detection and characterization. This result
is quite aligned with that of our Finite Element Model based parallel study [10] in which
the detection performance between the two types of sensors is not particularly different for
‘high’ level delamination (notice that no impact type damage is considered in [10], while
the two levels of delamination damage of the present study effectively are quite ‘higher’
than those in [10] as similar damage areas are employed for smaller structures).
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