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Abstract. This research presents a hybrid physics-aided multi-layer feed forward neural network (MLFFNN)
model to improve damage detection under Lamb wave responses. Here, a damage parameter database (DPD) is
created from the complex responses of a thin aluminum plate generated using ﬁnite-element (FE) simulations. A
double pulse-echo transducer conﬁguration is implemented over the 1.6 mm thick aluminum plate with notchlike defect, which generates only A0 mode in the plate structure and records damage-speciﬁc S0 mode. Sixty-six
FE simulations are conducted, each representing a distinct damage scenario in terms of damage location and
Lamb wave frequency. Artiﬁcial noise is added to compensate environmental interference. Orthogonal matching
pursuit was performed to improve the sparsity of the signal. Thereafter, the damage-speciﬁc features are
extracted from the sparsed S0 signal to construct DPD for all 66 FE simulations. The fully developed DPD is
deployed to train an MLFFNN supervised by a robust Levenberg–Marquardt algorithm. A set of initial tests are
conducted for higher damage-depth to plate-thickness ratio with 1.0 mm notch depth, and the fully trained
MLFFNN predicts the damage location with 99.94% accuracy. The proposed algorithm achieves a good level of
generalization, including the cases of overlapping echoes and cluttered responses due to multiple reﬂections for
the given damage scenarios.
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1. Introduction
The integrity of engineering structural components depends
upon their material and geometrical characteristics. The
presence of damage (cracks, creep, delamination, corrosion,
etc.) brings severe adversity in these characteristics and
thus affects the stiffness and stability of the structure. The
techniques to detect the presence of such damages in the
domain of structure in real-time are referred to as structure
health monitoring (SHM). In the past two decades majority
of research, both experimental and theoretical, is focused
towards development of automated SHM techniques. These
automated damage detection techniques are broadly classiﬁed into two groups, namely parametric (model-based)
and non-parametric (signal-based) approaches. The parametric approach requires exact mathematical modeling to
estimate the output behavior of such a system, which
proves to be a difﬁcult task as the physics of the actual
system is partially known. The shortcoming encourages
researchers across the globe, to explore possibilities in
inverse modeling using data-driven techniques such as
neural networks (NN), pattern recognition tools, etc. [1].
Lamb-wave-based inspection is the most widely
*For correspondence

acknowledged SHM technique as it bears the ability to scan
larger area with relatively smaller number of transducers
and has low attenuation characteristics [2]. However, analyzing the recorded response of a structure poses a real
challenge due to the multi-modal and dispersive nature of
Lamb waves. Environmental factors, instrumentation and
ambient noises as well as multiple reﬂections from nearby
obstructions (i.e., discontinuities like damages and boundaries) can mask the damage-related pulses present in the
signal. Thus an efﬁcient guided-wave-based SHM system
depends equally on both the generation and measurement of
desired waveform, as well as on the signal processing of the
measured wave [3]. Signal processing plays a crucial role in
determining the meaningfulness of data from the recorded
signal. Signal processing techniques like de-convolution,
wavelet transform and matching pursuit (MP) were proposed to enhance the searching capability of guided-wavebased SHM. Among many, MP is one of the most popular
tools for data compression, echo separation and enhancing
the sparsity of the signals. Mallat and Zang introduced the
concept of MP, which decomposes a signal into a linear
expansion of waveforms that are chosen from a redundant
set of functions called ‘‘Dictionary’’ [1, 3, 4]. Hong et al [5]
successfully extracted the meaningful damage-related pulses from noisy signals by employing a 2-stage MP
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approach. Li et al [6] opted correlation-ﬁltering-based
matching pursuit (CF-MP) as the signal processing algorithm to evaluate Lamb wave signal response in different
delamination cases of CF-EP composite beam and to
identify the location and size of delamination. Xu et al [7]
explored MP using the Gabor and chirplet dictionary to
decompose symmetric and asymmetric disperse Lamb
wave signals.
A conventional data-driven SHM utilizes machine
learning (ML) algorithm in conjunction with signal processing tools to automate the damage detection process
online. The scanned Lamb wave data are synthesized and
characterized using various statistical and signal processing
techniques. ML algorithms are then applied over the processed data to recognize effective features, evaluate them
and localize the fault. An et al [8] present a practical insight
of both data-driven and physics-based approaches for
prognostics. The study reviews artiﬁcial neural network
(ANN), Gaussian Process (GP) regression (statistics-based
data-driven), the particle ﬁlter (PF) and Bayesian method
(BM). Sen and Nagarajaiah [9] give a brief review of the
applications of statistical learning algorithms in data-driven
SHM. In a recent advancement in computational technology, deep learning emerges as a novel approach to deal
with data classiﬁcation and feature extraction problems.
Khan and Yairi [10] present a systematic review of artiﬁcial-intelligence-based system health management with an
emphasis on recent trends of deep learning within the ﬁeld.
Melville et al [11] use a deep learning algorithm to analyze
structural damage detection based on ultrasonic guided
waves. The fully trained deep learning network can predict
the damage state of the thin plate with 99.98% accuracy. Su
and Ye [12] utilize continuous wavelet transform (CWT)
for signal ﬁltration, characterization extraction, data compression and information mapping. They coin a concept of
digital damage ﬁngerprint (DDF) for damage-related features and develop the damage parameter database (DPD) to
train multi-layer feed forward neural network (MLFFNN)
supervised by an error back-propagation (EBP). Rizzo et al
[13] perform pipe inspection by an ultrasonic guided wave
in feature extraction and automatic classiﬁcation network.
To increase the sensitivity to detect damage size and
location, a multivariate analysis was performed over the
recorded signal. Lu et al [14] carried out damage identiﬁcation in the aluminum plate using the ANN technique.
With the help of FE, 50 test simulations were performed
each representing a distinct damage scenario. A leave-oneout approach was adopted to investigate the generalization
capacity of such neural nets. Atashipour et al [15] conduct
ANN-based damage identiﬁcation in thick steel beam using
guided wave inspection. CWT-based scaled average
wavelet power was obtained to synthesize the raw signal,
and damage-speciﬁc feature as damage characteristic points
(DCP) were extracted to train the MLFFNN. Agarwal and
Mitra [4] conducted MP over Lamb wave response by
improving sparsity and de-noising in two distinct stages.
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The proposed approach is then tested with ANN and support vector machines (SVM) to automate the damage
detection in the thin metallic plate. To reduce the complexity of responses, the setup was conﬁgured to excite and
sense A0 mode only. Lim et al [16] develop an online
monitoring system for continuous fatigue crack quantiﬁcation and estimating remaining fatigue life for plate-like
structure based on non-linear ultrasonic modulation and
ANN. Parameters like plate thickness, elapsed fatigue
cycle and cumulative increase and decrease in the nonlinear parameter serve as input features, whereas the crack
length and remaining fatigue life serve as the targeted
results. The proposed technique can estimate crack length
less than 2 mm and remaining fatigue life less than 3k
cycles.
The performance of ANN or any other data-driven ML
algorithms hugely depends upon the training data, i.e.,
DDF, extracted from the recorded Lamb wave responses.
Any corruption brought to the DDF would greatly affect the
ANN performance and lead to false assessment while
monitoring the structure’s health. This becomes a reality
when scanning real-life structures. Situations where damages are in close proximity to the edges/boundaries could
yield highly cluttered response, due to multiple reﬂections
and dispersion of the diagnostic Lamb wave. Special cases
like overlapping echoes, which arise when the damagesensitive features are masked by reﬂection from nearby
boundaries, pose another challenge. Such cases can corrupt
the DDF while extracting the damage-related pulses from
the complex Lamb wave responses, creating confusion for
ANN, and thus lead to a false diagnosis. Therefore, for the
robust performance of an online SHM, the NN should be
trained with the stated complex responses. According to the
authors’ best knowledge, though considerable advancement
has been made on the application of ML algorithms for
damage detection, it has not been deployed for analyzing
Lamb wave responses in which the damage-sensitive features are masked or buried under the reﬂections coming
from the boundary of the structure. The main reason is the
ineffective feature extraction method, which is not robust
enough to recognize masked damage-sensitive features
present in the highly cluttered responses. This has limited
the adoption of the techniques in real-life full-length
scanning. We proposed a hybrid physics-assisted ML
model that is capable of handling such discrepancies present in the recorded Lamb wave signals. The goal is to
evaluate the potential of the proposed hybrid technique for
online SHM of real-life structures. The current study
exploits a double pulse-echo transducer conﬁguration [4],
which excites A0 mode alone. A0 mode is excited by
generating the extensional component opposite to each
other by the two PZTs. S0 modes are recorded from the
sensors pair. DPD containing damage-sensitive features
from 66 test simulations is constructed for online training of
NN. Each simulation depicts a distinct scenario in terms of
damage location and guided wave frequency.
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The rest of the paper is organized as follows. Section 2
describes the conﬁguration for transducers and extraction of
S0 mode response. Section 3 includes signal processing for
eliminating noise and signal compression. Section 4 presents building the damage database containing damagesensitive feature vector. Proposed MLNNFF architecture is
presented in Section 5. The result and performance evaluation are reported in Section 6. The conclusions are provided in Section 7.

2. Simulation of Lamb wave
To acknowledge the aforementioned challenges, 66 distinct
cases are modeled using the double pulse-echo transducer
conﬁguration as shown in ﬁgure 1; this is implemented over
a thin aluminum plate of 1.2 m length and 1.6 mm thickness. Damage in the form of a 10 mm  1 mm notch is
introduced in the plate geometry as shown in ﬁgure 1.
Though the size of the notch considered here is not signiﬁcantly small, it should be mentioned that smaller size
damages can probably be detected with higher input frequencies, improved instrumentation and signal processing.
However, such an approach still needs a proper validation
as well as further experimental investigations to study the
complexities that may arise with the use of higher input
frequencies. Deﬁned by the center frequency fc and number
of cycles ncycles , Hanning windowed is one of the most
effective excitation signals to detect damage using Lamb
wave.
A 3.5 cycle Hanning windowed sinusoidal modulated
tone burst of frequency 100, 125 and 150 kHz has been
used for excitation of signals. The 66 test scenarios were
divided equally into three sets of 22 test simulations corresponding to each input signals (i.e., 100, 125 and 150
kHz). The set of 22 test scenarios are premeditated with the
intention to capture complete behavioral response of the
modeled structure. In each set of 22 test simulations the
actuation/sensing location (i.e. TU and TL , shown in ﬁgure 2), is ﬁxed at a distance of 50 mm from the left
boundary. On the other hand the damage location is varied
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uniformly, thus collecting a detailed response of plate
structure under a particular input frequency. Finite-element
(FE) simulations were performed using ABAQUS Explicit.
The structure is meshed with CPE4R plane strain elements.
The element edge length is set to 0.2 mm and about 47,750
elements are generated [17, 18]. Free–free boundary conditions are adopted for the simulation. Table 1 presents FEsimulated and experimental values of the group velocity Cg
of A0 and S0 modes. They are in close approximation to the
theoretical group velocities derived from standard dispersion plot at 100, 125 and 150 kHz. The standard dispersion
curve for aluminum is plotted using Lamb Wave Dispersion
Curve in Matlab [19]. The experimental values of group
velocities are derived from an in-house experimental setup
using PZTs.
As already known the Lamb waves are multi-modal in
nature, which makes it extremely difﬁcult to analyze.
Adopting double pulse-echo conﬁguration is an effective
way to eliminate complex responses. It allows users to
generate and analyze single mode in the structure. In this
study pure anti-symmetric in-plane A0 modes, excited as
the extensional component generated by each of the two
PZTs, cancel each other, resulting in pure A0 mode. The A0
mode can be visualized by subtracting the responses
recorded by T U from the responses recorded by T L . Figure 3 shows the response plot for pristine samples, i.e.,
without any damage. The ﬁrst pulse is the generated input
wave, which is quickly followed by the reﬂection (second
pulse) from the left edge/boundary.
As the damage is introduced in this setup, mode conversions are observed in the response. The interaction of A0
mode with the implanted damage leads to the generation of
both anti-symmetric in-plane A0 and symmetric in-plane S0
modes. The splitting of modes has been illustrated in ﬁgure 4 and well explained by Ramadas et al [20]. The
common observations for all A0 mode responses are concluded in Table 1. In ﬁgure 5, Case 1 presents an overlapping echoes situation where an incoming reﬂection from
the damage is masked by the reﬂection from the left
boundary. Such scenarios can lead to cause confusion in the
extraction of damage-sensitive features. In the same

Figure 1. Schematic view of plate geometry.
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Figure 2. A schematic diagram depicting different damage scenarios with respect to the ﬁxed PZTs location (i.e., TU and TL ).

Table 1. Group velocity parametrical comparison.
Frequency
100 kHz
125 kHz
150 kHz

Mode velocity, m/s
S0 mode
A0 mode
S0 mode
A0 mode
S0 mode
A0 mode

Analytical
5410.94
2496.09
5402.53
2654.23
5392.08
2773.74

Experimental
4980.07
2566.73
4970.17
2558.85
4960.31
2983.29

FE simulation
5300.46
2364.39
5365.60
2473.31
5217.79
2555.87

Figure 3. Signal recorded by top and bottom sensors at 100 kHz
without damage.

Figure 4. Mode conversion observed due to the presence of
damage in the plate structure.

ﬁgure 5, Case-18 and Case-22 plots show merging of
damage-sensitive features with other irrelevant reﬂections
from the right boundary. Such cluttered responses lead to
the loss of damage-sensitive features during signal processing stage.
On the summary side, unlike A0 mode, utilizing S0 mode
will address these two major challenges. S0 mode pulses
travel faster than A0 mode, and scan the structure at higher
speed compared with A0 mode. With higher scanning

speed, S0 mode pulse escapes from the highly cluttered A0
mode pulse and thus remains unaffected from the reﬂection
of edges present in close proximity of the damage. Thus, to
overcome the current issue, only symmetric in-plane S0
modes are analyzed. In the present conﬁguration, the
presence of S0 modes is associated with the existence of
damages; i.e., presence of non-zero S0 mode in the response
conﬁrms the presence of damage. S0 modes are recorded by
adding the response of the top sensor TU and bottom sensor
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TL . The overlapping echoes, which are predominantly
present in Case 1 of ﬁgure 5, are now eliminated completely; this clears the way to design a logical feature
extraction algorithm for the current structure conﬁguration.
The choice of optimal feature extraction algorithm and the
performance of the classiﬁer vary signiﬁcantly with the
variation in the transducer conﬁguration [21]. Figures 6, 7
and 8 present a visual comparison of the extracted S0 mode
response for different damage scenarios (i.e., Cases 1–22),
when scanned with different frequencies (i.e., 100, 125 and
150 kHz). Also the cluttered responses due to overlapping
echoes as well as multiple reﬂections and dispersions, as
shown in ﬁgure 5, get completely eradicated when only S0
mode is extracted from the scanned responses. This change
is clearly visible in the presented ﬁgures 6, 7 and 8. To
compensate for the noisy interference from the environment, an additive white Gaussian noise (AWGN) with SNR
kept at 130 dB is added to the extracted S0 signal. The
white Gaussian noise is generated and added to the
numerical signal using an in-built awgn function in Communication toolbox of Matlab.

3. Signal processing using MP

Figure 5. Sensing of A0 modes.

Table 2. Recorded response for all A0 modes.

Case no.
Case [1]
Case [2–17]
Case [18–22]

Distance from PZT
location (mm)
50
100–850
900–1100

Response nature for A0
modes

Overlapping echoes
Clear
Cluttered—multiple reﬂections

Figure 6. Extracted S0 mode signals for various damage cases at
100 kHz.

An efﬁcient signal processing technique can ﬁlter the signal, compress the data and can enhance the damage characteristics from scattered Lamb wave signals. At this stage,
the amplitudes of extracted S0 mode responses are normalized to [–1, 1] by dividing the response’s data-points
with their respective absolute maxima. Thus, a database
containing Lamb wave response vectors for all 66 samples
is constructed with each response containing nearly 3700
data-points. In this study, orthogonal matching pursuit
(OMP) is used to de-noise the Lamb wave responses from
all samples. OMP is an iterative greedy algorithm that
searches for the sparse representation of a signal through a

Figure 7. Extracted S0 mode signals for various damage cases at
125 kHz.
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Figure 8. Extracted S0 mode signals for various damage cases at
150 kHz.

linear combination of elements from a set of functions
called the dictionary. It is crucial to select the dictionary
that retains the desired sparsity with the minimum number
of iterations for all samples. If the number of iterations is
very high then the required features would be lost, especially the cluttered responses. On the other hand, if the
number of iterations is too less then, the noise would not be
eliminated from the signal. A detailed discussion can be
found in [22, 23]. The one-dimensional OMP operation is
performed using Wavelet toolbox in Matlab 2017b platform. Utilizing OMP eliminates the noisiness and enhances
the sparseness of the response dataset based on the stopping
criteria (i.e. number of iterations). Here, the total number of
iterations has been ﬁxed to 30 based on analyzing the
retained quality. The symlet wavelet dictionary, which
comprises symlet waves of levels 4 with 5 vanishing
moments, is selected as it retains desired quality in 30
iterations. As demonstrated in ﬁgure 9, OMP approximates

Figure 9. Comparison between normalized original signal and
compressed (OMP) signal.
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Figure 10. De-noised sample responses at 100 kHz using OMP.

Figure 11. De-noised sample responses at 125 kHz using OMP.

Figure 12. De-noised sample responses at 150 kHz using OMP.
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the smoothly oscillating part of the signal at 100 kHz for
Case 12 and reconstructs sparse representation of the
scattered Lamb wave response. Figures 10, 11 and 12
showcase the outcome of the de-noised S0 mode responses,
where the noises as well as some of the irrelevant features
(i.e., smaller amplitude fragments) get eliminated when
compared with ﬁgures 6, 7 and 8, respectively.

4. DPD
Building the DPD starts with collecting the damage-sensitive features, i.e. damage-related S0 pulse is extracted from
the compressed response vector. As discussed earlier, the
damage-sensitive features selection and extraction is a trialand-error process. The optimal feature selection for a particular signal and classiﬁer remains unanswered to date
[21]. In this study, an automatic damage-sensitive feature
extraction algorithm is designed to record the time-of-ﬂight
(ToF) of S0 pulse that gets reﬂected back from the damage.
However, this algorithm is highly dependent on the current
scanning conﬁguration such as sensor location, structural
characteristics, etc. Any change in the conﬁguration would
lead to the malfunctioning of the feature extraction algorithm. The ﬁrst S0 pulse reﬂected from the damage, as
clearly visible in ﬁgures 10, 11 and 12, contains damagerelated information. Along with the ToF, the input Lamb
wave frequency becomes another damage identiﬁcation
feature as the group velocity Cg of S0 mode of guided
Lamb wave varies with it. Hence, one particular damage
case can be uniquely deﬁned with one set of the feature
vector. By integrating all possible damage-associated feature vectors a comprehensive database is established, given
in ﬁgure 13. All the elements in the database are normalized
by their possible maxima.

5. Designing the MLFFNN
NN can commonly be recognized as a data mapping tool
and when employed in conjunction with suitable signal
processing, they demonstrate excellent performance in
damage detection. The aim of ML algorithm, at this stage,
is to correlate the extracted damage-related feature vector,
i.e. normalized ToF and normalized test frequency, to the

Figure 13. Building damage database—work ﬂow.
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location of damage. To achieve this objective a data-driven
NN model is designed and trained to correlate the extracted
features to the location of damage present in the plate
structure. A target database is also developed that contains
true value of normalized damage locations corresponding to
each sample. These multiple features are then applied to the
NN and they are trained against the target damage locations. Once trained, the NN can automatically be able to
estimate the damage location. The NN model is built,
trained and tested on Neural Networks toolbox in Matlab
2017b platform. The adopted MLFFNN model is trained
using the Levenberg–Marquardt (LM) algorithm instead of
the steepest descent method, which is also known as the
EBP algorithm, since the former offers several beneﬁts over
the latter. One of the major advantages of the LM algorithm
is that it integrates both steepest descent method and
Gauss–Newton algorithm, which makes it faster than the
traditional EBP algorithm, and enhances stability of the
convergence. The LM algorithm is best suited for training
of small- and medium-size regression models. The 66
samples corresponding to DPD and target output database
are randomly divided into three sample sets:
1. training set 70% (46 samples),
2. validation set 15% (10 samples) and
3. testing set 15% (10 samples).
The training sets are utilized for tuning of connecting
weights, biases values and other parameters of a ﬁxed NN
architecture. Batch mode of training is carried out through
the minimization of mean-squared-deviation (MSD) in
prediction:
E0 ¼

2
1 PL 
l¼1 TOpl  OOpl
2L

ð1Þ

where TOpl represents the target output of pth output
neuron corresponding to the lth training scenario and OOpl
indicates the model-predicted value of pth output neuron
corresponding to the lth training scenario. Validation sets
are used to tune hyper-parameters, whereas testing sets
provide an independent measure of network’s generalization performance during and after training. Also, to avoid
over-ﬁtting of the NN model, an early stopping criterion is
imposed to halt training when validation error does not
improve for six consecutive epochs [24].
A series of different architectures having varying numbers of neurons in the hidden layer are tested to evaluate the
best generalized MLFFNN conﬁguration suited for the
current problem. The MLFFNN model mapping performance is usually visualized using performance versus
epochs plot, also known as learning curve, which is shown
in ﬁgure 14. Here the learning abilities of ﬁve different NN
architectures are tested, where each architecture holds different number of neurons in its hidden layer. It is quite
evident from ﬁgures 14(a)–(c) that NN architectures with
20, 10 and 9 neurons in its hidden layer, respectively,
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Figure 14. Performance plot for different MLFFNN architectures.
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exhibit an over-ﬁtting behaviour, as the validation error is
much higher than the training error. However, NN architectures with 8 and 6 neurons in the hidden layer as shown,
respectively, in ﬁgures 14(d) and (e), exhibit a good-ﬁt
behavior as the difference between the validation error and
the training error is very small. In the ﬁnal architecture,
number of neurons in hidden layer is set to ‘six’ as the
model has very stable learning performance, which is
clearly visible in ﬁgure 14(e). The ﬁnal architecture of
MLFFNN has a shallow-framework design, which is presented in ﬁgure 15. The shallow NN has less number of
parameters (i.e., weights and biases) that need to be tuned.
Thus, such architectures can be trained on smaller datasets
[25].
The hidden layer has hyperbolic tangent activation
function while the output layer has linear transfer function.
Estimation of output of jth hidden neuron can be obtained
as follows:
HOj ¼

eaHIj  eaHIj
:
eaHIj þ eaHIj

ð2Þ

Here a is coefﬁcient of the transfer function.

6. Results and discussion
The performance plot in ﬁgure 16 shows an exponential
improvement in the convergence with the increase in
epochs, i.e. iteration, as the network output rapidly
approaches the anticipated targets. With each epoch the
network updates its parameters such as weights and biases,
etc., and hits the lowest MSE value of 1.3679e–04 at epoch
17 while performing validation tests.
Since NN performance depends upon its initial approximation of the network parameter the results shown in
ﬁgure 16 are the best results, after executing the MLFFNN
several times. Regression plot is observed in ﬁgure 16(b),
which exhibits the diagnostic ability of the proposed network to an average linear regression value of 0.99935. The
fully trained MLFFNN can predict the damage location in
the thin plate with 99.935% accuracy. This accuracy is
Figure 16. Adopted MLFFNN model performance.
H1
Time of Flight
(normalized)

H2
I1
H3
Output

Scanning Frequency
(normalized)

I2

Damage location
(normalized)

H4
H5
H6
Hidden Layer

Figure 15. Adopted MLFFNN architecture.

achieved also for the cases where the damage is located
near the boundaries, thereby producing cluttered Lamb
wave responses. Similarly, ﬁgure 17 compares actual normalized damage location versus the predicted normalized
damage location by the trained network when tested upon
unseen test datasets of 10 samples. The MLFFNN model’s
test performance proves that it has achieved generalization
over the problem. Exceptional cases, such as local nonlinearity in the material properties of the structure under
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Figure 17. Trained NN damage prediction performance.

inspection, could lead to unexpected mode conversions and
scattering of the diagnostic Lamb waves. The adopted
feature extraction mechanism may misinterpret the recorded signal and the NN can make false assessment for the
structure. Analyses of variations in the model’s diagnosis
performance due to in-homogeneity in the material property
are not included in the present investigation.

7. Conclusion
In this study, an improved version of physics-supported
MLFFNN is implemented as a hybrid damage detection
approach. The proposed system is veriﬁed with the FE
simulations and performance is found to be excellent and
well suited for online SHM and damage detection process.

The study presents the ﬁrst attempt to implement MLbased full-scale diagnosis of an isotropic plate structure and
to interpret the complex guided wave responses due to
overlapping echoes, multiple reﬂections and dispersion
phenomena. At the initial stage the proposed algorithm
achieves a high level of generalization and estimates the
location of a notch-like cavity having large damage size of
1.0 mm depth, in a 1.6 mm thin plate with 99.94% accuracy. S0 mode of Lamb wave response proves to be an
effective approach to identify damage-sensitive features
while dealing with overlapping echoes. Utilizing S0 mode
helps the MLFFNN to achieve a high level of accuracy in
damage prediction at different scanning frequencies.
Experimental validation of the system will be carried out as
part of future work. Further studies are also needed to
extend the method for the detection of smaller damages.
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