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Abstract: Lamb-wave-based structural health monitoring is widely acknowledged as a reliable
method for damage identification, classification, localization and quantification. However, due to
the complexity of Lamb wave signals, especially after interacting with structural components and
defects, interpreting these waves and extracting useful information about the structure’s health is
still a major challenge. Deep-learning-based strategy offers a great opportunity to address such
challenges as the algorithm can operate directly on raw discrete time-domain signals. Unlike tradi-
tional methods, which often require careful feature engineering and preprocessing, deep learning
can automatically extract relevant features from the raw data. This paper proposes an autoencoder
based on a bidirectional long short-term memory network (Bi-LSTM) with maximal overlap discrete
wavelet transform (MODWT). layer to detect the signal anomaly and determine the location of the
damage in the composite structure. MODWT decomposes the signal into multiple levels of detail
with different frequency resolution, capturing both temporal and spectral features simultaneously.
Comparing with vanilla Bi-LSTM, this approach enables the model to greatly enhance its ability to
detect and locate structural damage in structures, thereby increasing safety and efficiency.

Keywords: structural health monitoring; deep learning; Lamb waves; autoencoder; anomaly detection

1. Introduction

Structural health monitoring (SHM) aims to evaluate large civil and mechanical infras-
tructures’ structural integrity, reliability, and resilience [1,2]. The proper implementation of
SHM ensures the functioning of these engineering structures by finding structural defects
or irregularities before they cause catastrophic structural breakdown [3]. It involves mea-
suring and evaluating the state properties of the underlying structure and relating these
to define the performance parameter. Structural Health Monitoring (SHM) is an emerg-
ing field with immense industrial significance, incorporating innovative technology and
evolving into a multidisciplinary area of research and development. Despite its growing
importance, a recent study has yet to prove enough in many aspects. One primary concern
is the reliability quantification of SHM systems, as current assessments primarily rely on
visual inspections, which can be subjective and infrequent. On the other hand, existing data
processing methods faced challenges from ambient noise, the volume of measurement data,
the computation complexity, etc. [4]. These limitations hinder the widespread application
of SHM across various industries [5].

The last decade has seen significant advances in machine learning, particularly in
deep learning. Deep learning approaches are very effective in various tasks, yielding
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cutting-edge outcomes across multiple engineering disciplines [6]. Recent advancement in
artificial intelligence has also provided an opportunity to address these SHM challenges
and elevate the capability and applicability of the SHM sector [7,8].

Recently, Rai and Mitra [9] proposed a 1D convolutional neural network (CNN) to
detect damage in aluminium metallic structures. The proposed method can process raw
signals and identify the different types of structural damage. Similarly, Wang et al. [10]
presented a structural damage identification method based on integrating Hilbert–Huang
transformation and CNN. Similarly, the author used a DNN with an autoencoder to com-
press the input data and a second neural network architecture to translate the compressed
input into the damage characteristic. For guided wave (GW)-based fatigue crack diagnosis
(FCD) on aluminium-alloy attachment lugs, Xu et al. [11] developed a CNN model. The
trained multiclass CNN model predicted the crack length with an accuracy of 86.84%.

Similarly, Li et al. [12] employed a deep CNN network on a bridge. The author deter-
mined the deflection signal from the fibre-optic gyroscope sensor. The author exploited a
data augmentation scheme to enhance the size of the datasets. The trained model generates
an efficiency of 97% and outperforms many traditional machine learning algorithms. Many
authors integrate multiple deep-learning networks. For example, ref. [13] combined 1D
CNN and LSTM for acceleration data obtained from a three-story frame. The combined
architecture decreases the computational cost, but the network is noise-sensitive.

Most of the damage detection strategies based on deep learning methods are mainly su-
pervised and require data preprocessing and filtering methods to extract their key features.
Moreover, most of the traditional deep learning methods require large amounts of training
datasets, which is an expensive and time-consuming effort, requires expert knowledge,
and hence generates a bottleneck in the automation system. Moreover, in SHM, there are
other challenges associated with data collection and analysis such as high-dimensionality,
data insufficiency, and class-imbalance. In a traditional ML approach, gathering a substan-
tial and diverse dataset is crucial for accurately estimating the parameters of statistical
models that describe all classes involved in efficient damage inspection [14]. However,
in real situations, the collection of training data for all cases is often difficult, expensive,
time-consuming, and resource intensive. In the literature [15–19], the viable solution for
class imbalance or data insufficiency is data augmentation/enlargement. However, this ap-
proach becomes impractical when the training dataset lacks sufficient length to capture the
fundamental discernible characteristics within the data. Additionally, any biases present
in the original datasets will persist in the augmented dataset. Moreover, identifying an
effective augmentation approach presents its own set of challenges.

In this paper, we trained a biLSTM-based autoencoder with maximal overlap discrete
wavelet transform (MODWT) layer to accurately predict the signal anomaly and detect
the presence of structural damage and, based on this, to help determine the damage loca-
tion. MODWT decomposes the input signals into multiple levels of details with different
frequency resolution which enables RNN to capture both temporal and spectral features
simultaneously. This enhances the RNN capability to detect signal anomalies that exhibit
specific time and frequency scale. The proposed scheme exploits only pristine/healthy
signals and is trained without any labeling. So, the problem of supervised-based learning
methods such as class imbalance and data insufficiency can be avoided. Once the proposed
DL algorithm identifies the anomalous exciter-sensor path, damage localization can be done
with the help of an image reconstruction algorithm. Figure 1 represents the flow chart of
the proposed methodology used in this paper. The rest of the paper is organized as follows:
in Section 2, a brief description of the autoencoder, LSTM, and MODWT layer is presented,
while in the next section, the proposed methodology along with the experimental setup is
explained. In Section 4, anomaly detection and damage localization based on the proposed
methodology are performed, while the conclusion is drawn in the last section.
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Figure 1. Flowchart for the proposed methodology.

2. Background
2.1. Autoencoder

Autoencoder, a particular type of deep learning network, is trained to replicate the
input data. Anomaly detection, text generation, picture generation, image denoising,
and digital communications are some areas where autoencoders outperform conventional
engineering approaches in terms of accuracy and performance [20]. Autoencoder is an
unsupervised learning traditionally consisting of two parts: encoder and decoder. The
encoder compresses the data into a latent space vector, while the decoder tends to convert
the latent space vector into the original input.

If the input to an autoencoder is a vector, x ∈ RD, then it will convert into another
vector z ∈ RD as

z = h(wx + b)

where h is a transfer function f the encoder, w is a weight matrix, and b is a bias vector.
Then, the decoder converts an estimate of the original input vector, x, from the encoded
representation, z, as follows:

x = h′
(
w′z + b′

)
where the quotation marks represent the other layer. The autoencoder learns to recognize
and replicate the “standard” or “healthy” condition of the structural signals. When new
data are introduced, the autoencoder tries to reconstruct them based on its understanding
of the normal state. If the new data reflect an undamaged state, the autoencoder should
accurately recreate them, resulting in a low reconstruction error. If the signal is dam-
aged, containing ambiguous terms, then the autoencoder’s attempts to rebuild the data
using what it has learned from the undamaged pattern will result in a more significant
reconstruction error [21].

2.2. RNN and BiLSTM

RNNs are a neural networks often employed for sequential data processing jobs.
They are intended to deal with input data with temporal dependencies and where the
sequence of the data points is essential. RNNs are excellent at applications, including speech
recognition, natural language processing, and time series analysis [22]. The fundamental
principle underlying RNNs is that they include feedback links that allow information to
persist over time. This feedback mechanism allows the network to maintain memory and
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capture long-term dependencies in the input [23]. Unlike feed-forward networks such as
convolutional neural networks (CNNs), RNNs feature a recurrent connection where the
last hidden state is an input to the next state; Figure 2 presents a typical RNN network.
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LSTM layers are RNNs meant to learn and interpret long-term relationships in time-
ordered data or sequences. Traditional RNNs frequently struggle to capture these long-term
dependencies due to issues with “vanishing” or “exploding” gradients during training.
The expressions “vanishing” and “exploding” gradients apply to circumstances in which
the gradients become unexpectedly tiny or excessively big. These problems can impede
the network’s capacity to develop and sustain interactions over long periods. LSTM helps
to address these challenges, improving its ability to grasp and recall information across
extended periods. It handles gradient issues by incorporating additional gates that govern
the flow of information within the hidden cell, determining what information is preserved
for output and the next hidden state. With better control over information flow, LSTMs can
more successfully learn and imitate long-term connections in data. LSTMs are more efficient
than conventional neural networks such as ANN and CNN, which are less appropriate for
collecting temporal correlations among sensor data [24].

A unit LSTM cell structure consists of three gates that control the flow of the data
within the network as shown in Figure 3. The first is the forgetting gate ( ft) which eliminates
the unnecessary data from the previous LSTM cell.

ft = σ(W f .[ht−1, xt] + b f ) (1)

where σ denotes the sigmoid activation function while W represents the weight of forget-
ting gate. ht−1 and xt are the output of previous LSTM cell and new input information,
respectively. b f shows the bias vector of the forgetting gate.

The input gate determines how much information should be carried for the current
memory state based on the sigmoid function. On the other hand, the cell state is updated
over time by incorporating new information through the input gate and selectively forget-
ting information through the forget gate. The process consists of two parts. First, sigmoid
function is used to decide whether the new information should be updated or ignored while
the other tanh function gives value to the information, representing its level of importance.
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it = σ(Wi.[ht−1, xt] + bi) (2)

C′
t = tan h(σ(Wc.[ht−1, xt] + bc)) (3)

Now, the new cell is updated by multiplying ft with the previous cell and then added
to the new memory.

PCt = Ct−1 × ft + C′
t × it (4)

The output layer finally regulates the output produced by the LSTM at a specific time
by the sigmoid activation function.

Ot = σ(Wo.[ht−1, xt] + bo) (5)

Th new hidden layer ht is determined by

ht = Ot × tan h(Ct) (6)

On the other hand, the basic idea behind Bi-LSTMs is to have two independent LSTM
layers, one processing the sequence ahead and the other processing it backwards. Each
LSTM layer has its hidden state, and at each time step, the outputs of both layers are
combined [25]. Figure 4 represents the general architecture of uniLSTM and biLSTM.
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2.3. Maximal Overlap Discrete Wavelet Transform

Multi-resolution analysis (MRA) is a signal processing technique used to analyze
signals at multiple scales and resolution. The basic idea is convert the signal x(t) into
the number of successive approximations, each of which is the smoother version of x(t)
corresponding to a different resolution. MODWT is MRA that uses low- and high-pass
filters to split the frequency spectrum of the input signal into scaling and wavelet coef-
ficients. The traditional way of constructing the MODWT employs circular convolution
directly in the time domain. However, the technique presented here performs the circular
convolution within the Fourier domain, potentially improving processing efficiency and
treating periodic signals [26].

To elaborate, the wavelet and scaling filter coefficients at a particular level, ‘j’, are
computed by first performing the signal’s discrete Fourier transform (DFT) and the wavelet
or scaling filter’s DFT at the ‘jth’ level. The DFT is a mathematical approach commonly
used for frequency analysis of time-domain signals to transform a function of time into
frequency. The product of these DFTs is then computed, which essentially captures the
multiplication of their spectral components. This procedure relates to the time domain
convolution of the original signals. Finally, the inverse DFT is done on this product which
converts the information back into the time domain, producing the wavelet and scaling
filter coefficients for the ‘jth’ level [27].

This method efficiently computes the circular convolution in the Fourier domain
before bringing it back into the time domain. The benefit of this approach is its computing
efficiency and precision, which is especially useful for big datasets and when the signal or
system of interest is intrinsically periodic or well-represented in the frequency domain.

Let H and G are jth level MODWT wavelet and scaling filters defined by orthogonal
wavelets, respectively. If N represents the size of the sample which is an integer multiple of
2j, then the DFT of the higher order wavelet filter is defined by

1
N ∑N−1

k=0 Hj,kei2πk/N , k = 0, . . . . . . , N − 1 (7)

Hj,k = H2 j−1kmodN

j−2

∏
m=0

G2mkmodN

where k is the width of the filter while Hj,k is the jth level wavelet filter of the higher order.
In addition, k mod N is k modulo N. Similarly, the jth level scaling filter is

1
N ∑N−1

k=0 Gj,kei2πk/N (8)
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where

Gj,k =
j−2

∏
m=0

G2mkmodN

Figure 5 represents the MODWT of a Lamb wave signal. The original signal on the
top is decomposed up to five decomposition levels with symlet wavelets. It captures both
high and low frequency details and components, providing a comprehensive detailed of
the signal.
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3. Methodology
3.1. Experimental Datasets

In this paper, we utilize the datasets provided by the Open Guided Waves (OGW)
platform [28]. Two carbon fibre plates having dimensions of 550 mm × 550 mm and a
thickness of 2 mm are used. The thickness of each layer within the plates is 0.125 mm.
Prepeg material Hexply M21/34%/UD134/T700/300, a particular kind of carbon fibre
prepreg material from Hexcel®, is used for the plates. A quasi-isotropic (QI) layup pattern
is used to organize the layers within the plates, which means that the layers are angled
differently to offer balanced strength in various directions. The omega stringer, a separate
component, is also composed of Hexply M21/34%/UD194/T700/IMA-12K carbon fibre
prepreg material. The stringer features a [45/0/90/45/90/45]S quasi-isotropic layup
pattern. The nominal thickness of the stringer is 1.5 mm, and each layer within the stringer
has a thickness of 0.125 mm. The complete experimental setup is given in Figure 6a.

The plate has 12 piezoceramic transducers, surrounded by the stringer. These sensors
are split evenly, with six on each side of the plate. Out of these sensors, six on one side
act as actuators or exciters at a time, which are activated one by one, while the remaining
11 sensors receive the signals. So, each experiment collects a total of 66 separate signals from
the decentralized and dispersed array of transducers’ actuator-sensor pairs in a round-robin
method, Figure 6b. The position of these transducers is given in Table 1.
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Table 1. Transducer/sensors position on pate.

Transducer/Sensor ID Coordinates

1 (450, 470)
2 (370, 470)
3 (290, 470)
4 (210, 470)
5 (130, 470)
6 (50, 470)
7 (450, 30)
8 (370, 30)
9 (290, 30)
10 (210, 30)
11 (130, 30)
12 (50, 30)

For anomaly detection, we consider 60 kHz Lamb wave excitation frequency. A Hann-
windowed five-cycle excitation pulse was generated. For the measurement, the author
of [28] considered seven different phases. For phase 1, five measurements were recorded
on the pristine structure. In phase two, reference defects were attached to the plate at
position D1. An electromagnet with a metal block pressed the reference damage to the
structure for maximum reliability. The electromagnet was then removed, leaving only the
reference damage in contact with the structure. This process was repeated five times for
each of the 13 damage sizes and positions. In the next phase, the author recorded another
five baseline measurements after removing the reference damage. The author followed
the same procedures for other damage positions in the next phases. Overall, 20 baseline
and 520 damage measurements were recorded. Note that originally the author used three
damage conditions present at different locations; however, in this study, we only considered
two damage locations on the plate.

The stringer significantly impacts guided wave propagation, resulting in considerable
signal changes. Here, the real challenge is used for raw signals and to extract useful
information related to the state of the structure. To simplify the analysis, we focus only on
the signals that traverse the plate and are received by sensors on the opposite side. As a
result, out of the total 66 signals, we narrowed our attention to 36 signal paths. Moreover,
we considered only 2048 sampling points as we were interested in the first-arriving waves
and reflections from the damage and stringer. There are 720 datasets, of which 90% were



Appl. Sci. 2024, 14, 2925 9 of 17

used for the training purpose while 10% were used for validation. Some of the waveforms
are given in Figure 7.
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3.2. Model Training

In this study, we exploited three different autoencoders. The first is 1D CNN, in which
the convolutional layer performs the function of a feature extractor. It employs appropriate
filters or kernels to capture spatial and temporal interdependence in time-varying signals.
To train the convolutional autoencoder, we built a hybrid model in which convolutional
layers and BiLSTM were simultaneously used. The 1-D convolutional layer first filters
the signal and removes the majority of the high-frequency noise. After that, the BiLSTM
layer refines the signal features further. There is a total of 21 layers used with an overall
21,000 learnable. Figure 8 presents the architecture for the CNN network.
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In the subsequent phase, a pure LSTM autoencoder model was developed. This
model consisted of multiple bidirectional LSTM layers alternated with ReLU activation
layers. These were later followed by a fully connected layer and a regression layer. There
are nine layers in the model, with 29,300 learnable parameters. In the third phase, we
added the MODWT layer with a multiresolution analysis algorithm in biLSTM architecture.
This study used “Coiflets” orthogonal wavelets with five transform levels. The complete
architecture is given in Figure 9 and all parameters are presented in Table 2.
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Table 2. Proposed biLSTM + MOWDT layers.

Layers Learnable Properties Number of
Learnable

1 Sequence input
2 MODWT Weights 3 × 30 60
3 Flatten

4 biLSTM 1 (32 hidden units)
Input weights = 128 × 5

Recurrent weights = 128 × 16
Bias = 128 × 1

2816

5 Relu 1

6 biLSTM 2 (64 hidden units)
Input weights = 256 × 32

Recurrent weights = 256 × 32
Bias = 256 × 1

16,640

7 Relu 2

8 biLSTM 3 (32 hidden units)
Input weights = 128 × 64

Recurrent weights = 128 × 16
Bias = 128 × 1

10,368

9 Relu 3

10 Fully Connected Weights = 1 × 32
Bias = 1 × 1 33

11 Regression Output
Total 29,900

Adam optimizer was used for training, which is suitable for nonstationary and non-
linear data such as Lamb wave signals, with a learning rate of 0.001. The minibatch size
was 500, with a maximum epoch between 200 and 600, depending on the computational
complexity. All the training was done using MATLAB® deep learning toolbox while all net-
work architecture was designed and analyzed on the Deep network designer app provided
by Mathwork®. Since 90% of baseline datasets are used for the model training, and 10% are
used for validation purposes, the Table 3 represents the training and validation accuracy.

Table 3. Validation accuracy, RMSE and MAE of all three autoencoder architectures.

Deep-Learning Models Accuracy RMSE MAE

1D CNN 81.44% 0.2347 0.1856
Bi-LSTM 84.75% 0.1950 0.1522

MODWT + Bi-LSTM 86.1% 0.1830 0.1439

As observed from the Table 3, when comparing with 1D CNN, it is evident that
biLSTM performs better for the given datasets. However, adding the MODWT layer
further enhanced the prediction accuracy of biLSTM and resulted in slightly lower RMSE
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values. The model with biLSTM and MODWT layer can capture the signals’ peak position,
magnitude, and shape well.

Figure 10 shows the validation mean square error for all three architectures. Since there
are 77 validations signals, we only present the first 30 signals here. It can be observed that
the biLSTM with MODWT layer outperforms the other deep learning scheme and generates
signals with better quality. Furthermore, Figure 11 shows the MAE for all exciter-sensor
paths for all given datasets, determined by the proposed method.
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sensor paths.

MODWT has a decomposition property that makes it suitable for analyzing both local
and global features into different scales and levels. By analyzing signals at different levels,
MODWT can identify the subtle variation in signals that may exist in different frequencies
or time intervals. For example, we corrupted the original signals by adding noises of varied
frequencies. Figure 12 shows that BiLSTM + MODWT detected anomalous behavior. This
sensitivity allows for early detection and swift response.
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4. Methodology
4.1. Anomaly Detection

An autoencoder-model-based anomaly detection system is usually trained solely on
data corresponding to the pristine signal condition. As a result, the model is equipped to
precisely reconstruct input that closely reflects inherent signal trends. Consequently, we
can determine whether an input is an anomaly by examining its reconstruction error. The
system classifies the input as an anomaly if the error surpasses a well-defined threshold.
However, if the reconstruction error stays below this cutoff, the input is regarded as normal
and consistent with typical normal signal patterns. The strength of this approach depends
on the ability to identify unique signal variations. Since the model is trained only on pristine
data, any significant deviation in the input, even one that does not align with known signal
patterns, would lead to a higher reconstruction error. This means that the autoencoder can
detect or flag anomalies as long as patterns deviate from the learned normal patterns. In
this study, mean absolute error (MAE) was used to identify the signal anomaly which is
determined by the Equation (9).

M̂AE =
1
N

N

∑
i=1

∣∣∣X̂i − Ŷi

∣∣∣ (9)

where N is the size of the signals and X̂ and Ŷ correspond to the regenerated signals by the
encoder for the original/pristine signal and the damage/received signal, respectively.

This study considers two damages placed at different locations, as shown in Table 4.
For anomaly detection, we set the threshold value to be equal to 0.3, which was determined
empirically by analyzing the baseline signals and validation data. Figure 13 presents the
box plot for all three DL algorithms, explaining the statistical summary of the baseline data.
We exploited maximum whisker value for determining the threshold values. Table 5 shows
the threshold values for all DL algorithms.

Table 4. Damage Positions in specimen.

Damage ID x-Coordinates (mm) y-Coordinates (mm)

D1 210 350
D2 130 100
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Table 5. Threshold values for all three DL algorithms.

MODWT + RNN RNN 1D-CNN

0.300 0.315 0.350

For damage identification D1, a total of 436 damage signals were extracted from the
datasets, which were generated by conducting multiple experiments involving various
damage sizes. Table 6 illustrates the results for true anomaly detection, false anomaly
detection, and autoencoder accuracy. It was observed that the proposed method performed
better than both biLSTM and 1D CNN methods. The MAE difference with the baseline
signal obtained by the proposed scheme is shown in Figure 14. It can be observed that
different bars surpassed the threshold value. Each bar represents a different pathway from
the exciter sensor. Studying these bars, we can better understand which paths may pass
through the damage. Similar to identifying anomalous signals, this visualization aids in
detecting irregularities or deviations that might signify damage in specific paths. Similarly,
Figure 15 shows error values for D2 which show significant deviations from the learner
learned pattern. Peaks are also observed in both figures generated when the exciter-sensor
path directly passes or is close to the damage. Table 7 shows the average MAE values for
D1 and D2.

Table 6. All three autoencoder accuracy in detecting damage signal (D1).

Deep Learning
Models

True Anomaly
Detection

False/Missed
Detection Accuracy

MODWT + BiLSTM 385 51 88.3%
BiLSTM 375 61 86.0%
1D-CNN 351 85 80.5%
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Table 7. Average MAE for both damage.

Damage ID Average MAE Difference

D1 0.37
D2 0.48

4.2. Damage Localization

In this section, we apply a reconstruction algorithm to localize the damage on the
plate. For this purpose, we only considered those exciter-sensor paths with maximum peak
values; hence, these peak values were used as weights for the pixels. We first subtracted
the damage signal from the pristine signal and then determined the signal envelope.
Here, we exploited time-frequency transformation for this purpose. In this section, we
implement a reconstruction algorithm to pinpoint the location of damage on the plate. To
facilitate this, we limit our focus to the exciter-sensor paths that display the highest peak
values. The first step in this process involves subtracting the pristine, undamaged signal
from the damaged signal. Subsequently, we ascertain the signal envelope. We utilize a
time-frequency transformation to leverage its capabilities to identify and analyze signal
components effectively. In this study, we used smoothed pseudo-Wigner Ville distribution
(SPWVD) to obtain the maximum energy distribution curve in time domain. SPWVD
possesses two inherent properties; first, it exhibits an anti-noise characteristic, allowing
filtered energy to pass through an exceptionally narrow passband. As a result, the impact of
low SNR value can be effectively diminished. Secondly, unlike linear Time-Frequency (TF)
distributions, which provide only an approximate energy distribution in the TF domain,
SPWVD accurately represents the true TF energy distribution of the signal. This precise
estimation enables the identification and assessment of damage-related features with high
accuracy [29].

W(t, ω)
∫

z
(

t +
τ

2

)
z∗
(

t − τ

2

)
e−iωτ (10)

Envelop = max(W(t, ω)) (11)

In addition, we utilized the normal distribution to reduce the width of the generated
signal envelope. This technique involves using the maximum peak value of the signal
as the mean (average) of the normal distribution. The normal distribution, also known
as the Gaussian distribution, is a symmetric probability distribution about the mean. By
centering this around the maximum peak value using it as a windowing function, we
effectively narrow the envelope’s width, focusing more precisely on the region of interest
within the signal. This technique provides a more focused and accurate understanding
of where potential anomalies, such as damage, might occur within the signal. Figure 16
shows the pristine signal and its comparison with the damage signal D1 for a particular
exciter-sensor path.
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The Figures 17 and 18 show the location of the damage D1 and D2, respectively. As
we can observe, the position of D1 was determined by utilizing only two exciter-sensor
paths, as the proposed autoencoder scheme accurately determined which exciter-sensor
paths were optimal for localized damage. However, the result can be made more precise by
adding more paths.
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5. Conclusions

This study used an autoencoder that integrated a bidirectional Long Short-Term Mem-
ory (BiLSTM) layer with a Maximal Overlap Discrete Wavelet Transform (MODWT) layer.
This configuration aimed to identify anomalies in Lamb wave signals as they propagated
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through a composite structure. Our deep learning approach was trained on 720 raw base-
line signals, encompassing 36 distinct exciter-sensor paths. This proposed method was
validated using unseen datasets comprising 72 randomly selected signals. One of the pri-
mary strengths of our approach is its ability to work directly with raw oscilloscope signals,
thus eliminating the need for extensive data preparation. To ascertain the effectiveness of
our method, we compared the validation accuracy with that of a pure LSTM-based deep
model and a 1D Convolutional Neural Network (CNN) model. The results demonstrated
that our proposed method performed admirably. To detect anomalies, we introduced dam-
aged signals to the trained encoder model and established threshold values derived from
the error generated by the model on the baseline signals. We observed that datasets involv-
ing multiple exciter-damage paths exceeded these threshold values, indicating structural
damage. Interestingly, paths that passed close to or directly across the damage produced
higher error values. This observation proved instrumental in accurately identifying the
precise location of the damage within the structure. This approach has the potential to
greatly enhance our ability to detect and locate structural damage in composite structures.
One limitation of using the proposed scheme is its high sensitivity. MODWT + Bi-LSTM
is sensitive to the signal variation which enables models to detect anomalies at an early
stage; however, it also increases the chances of detecting false positive results. For such
a case, careful model calibration and parameter tunning as well as pre-processing of the
input signals are recommended to optimize the model sensitivity and performance.
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