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Abstract
Lamb-wave-based structural health monitoring (SHM) technology for damage location in plate-like structures relies on
the postprocessing of captured signals after interacting with damage. Traditional methods typically leverage the time of
flight (ToF) of scattered waves from damage. However, these methods are prone to reflected waves from structural
boundaries which mix with scattered waves from damage. This is a vital problem faced by most ToF-based detection
methods, which seriously narrows the inspection area. To tackle this problem, a machine learning framework, consisting
of a multiscale spatiotemporal (MSST) fusion network, is proposed to facilitate the accurate extraction of the ToF of
scattered waves through eliminating the influence of boundary reflections. Experiments are conducted with the time-
domain Lamb wave signals recorded by a tactically designed piezoelectric sensor array on a 2-mm-thick Al-6061 plate. A
pair of circle magnets is attached onto the plate as the wave reflectors. Through step-by-step moving of the magnets in
the predefined grids, the corresponding Lamb wave signals are measured to construct a database. An MSST is subse-
quently designed to minimize the error between estimated and theoretical ToFs, with wavelet coefficients of the signals
and transducer position as inputs. The model is trained with the Adam algorithm where 80% of samples in the database
are used for training and the rest for evaluation. The final validations are conducted with the scatters off the predefined
grids. Results demonstrate that the designed neural network architecture can effectively eliminate boundary reflections
and enable precise ToF extraction of the scattered waves from damage. This allows the enlargement of the detection
area and presents a promising and useful tool for enhancing the detection performance of existing SHM methods in
complex structures.
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Introduction

The online and real-time monitoring of engineering
structures is of paramount importance to ensure their
operational safety, which hatches out the need for
structural health monitoring (SHM) techniques.1–5

Among various existing SHM methodologies, Lamb-
wave-based method holds particular promise for thin-
walled structures, owing to its high sensitivity to small
and even invisible damage,6,7 conducive to early-stage
detection of defects, so as to facilitate proactive and
timely maintenance decisions.8–10

Lamb-wave-based SHM relies on a network of stra-
tegically placed sensors across a structure, with actua-
tors generating Lamb waves that interact with
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potential damage and sensors capturing the resultant
waves. Detecting and locating damage often involves
baseline comparisons to underscore their impact.11,12

The time of flight (ToF) of Lamb waves scattered by
damage is commonly leveraged in various detection
and localization algorithms.13,14 Accordingly, a few
classical algorithms, such as delay-and-sum imaging,15

path imaging,16 time-inverted-focus imaging,17,18 spa-
tial wave number domain filtering imaging,19–23 and
multiple signal classification imaging,24–26 have been
developed. All these methods rely on a reliable and
accurate estimation of the ToF. However, practical
applications face challenges when damage occurs near
structural boundaries, causing interference between
scattered waves and boundary reflections, as sketched
in Figure 1. Specifically, it becomes difficult to discern
the ToF of Lamb waves scattered by damage from that
caused by boundary reflections. This compromises the
accuracy of these methods and limits their effective
inspection area.

To tackle this problem, an intuitive solution is to
put absorbing materials on structural boundaries. For
example, Salmanpour et al.27 applied the packaging
foam to a plate to reduce boundary reflections.
However, it is usually difficult to achieve a perfect
elimination of boundary reflections with damping
materials. In addition, the installation of absorbing
materials can be hardly applied in some engineering
applications where structural weight needs to be
strictly controlled. By contrast, a more realistic way is
to scrutinize these complex signals and extract ToF
from the signal processing viewpoint.

Separating overlapped boundary reflected and dam-
age scattered waves in time domain often requires an
expert construction of a physics-based model, albeit
very difficult due to complex types of damage, multiple
guided wave modes, and various boundary reflection

paths. Recent advances in machine learning, particu-
larly through hybrid approaches like physics-informed
neural networks (PINNs),28–31 have emerged as inno-
vative alternatives in various applications. PINNs
uniquely combine physical laws represented by partial
differential equations (PDEs) with neural networks,
enhancing model accuracy and reducing reliance on
extensive datasets. In particular, the work by Shukla
et al.32 demonstrates the practical application of
PINNs for the nondestructive quantification of
surface-breaking cracks in metal plates. Their approach
effectively integrates ultrasonic imaging data with
physics-based models, significantly improving detec-
tion accuracy while minimizing the need for large data-
sets. This highlights the transformative potential of
physics-informed machine learning in the field of
SHM. More generally, deep learning enables the
extraction and processing of multiple signal features
from the inputs, allowing nonlinear mapping between
input time-domain signals and damage locations.33,34

For example, Zhang et al.35 used a one-dimensional
convolutional neural network (1D CNN) to correlate
the time-varying damage index directly with the dam-
age location, which allows an accurate localization of
damage in plates with a few transducers. Additionally,
a kernel regression method which incorporates deep
metric learning was used to locate damage in metallic
plates based on linear guided waves.36 Wang et al.37

proposed a real-time guided wave imaging method
using a CNN for quantitative corrosion evaluation,
alongside the establishment of the relationship between
the wave signals and the velocity map. Rautela and
Gopalakrishnan38 assessed some typical machine learn-
ing frameworks, including dense neural networks, 1D
CNNs, recurrent neural networks, and long short-term
memory. The study assessed the robustness of the mod-
els with noisy datasets and their potential for real-time

Figure 1. Boundary reflections on scattered waves: (a) sketch of wave propagation paths in a plate with damage and (b) typical
wavelet coefficients of a time-domain signal after wavelet transformation.
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applications. Moreover, Sbarufatti et al.39 utilized a
multilayer perceptron (MLP) to localize a crack in an
aluminum plate. The model was trained using cross-
correlations between the simulation data and in-field
measurements. By artificially incorporating noise into
the training data, the model exhibited strong generali-
zation to experimental data. For composite structures,
Lin et al.40 also applied a CNN model to detect and
locate defects in a composite wing. Heesch et al.41 pre-
sented a generative adversarial network architecture to
generate guided wave signals with the open guided
waves database. Liu et al.42 presented a novel approach
using a structural digital twin for damage detection in
carbon fiber-reinforced plastics (CFRP) composites,
leveraging a meta transfer learning framework. This
method addresses the challenges of limited training
data by generating virtual data under various damage
conditions, significantly enhancing the accuracy of
damage localization and classification. Xu and Liu43

introduced a physics-guided CNN, which combines
physical models and data-driven techniques to achieve
over 90% accuracy in detecting damage in CFRP com-
posites across varying structures and conditions, fur-
ther underscoring the effectiveness of hybrid models in
SHM. These studies signify the potential of machine
learning as a transformative tool in the field of SHM,
offering improved capabilities and new perspectives to
damage detection and localization.

Despite these successful attempts of machine learn-
ing in SHM, prevalent issues persist in many existing
methods. A significant challenge lies in excessive reli-
ance on end-to-end learning, which may overlook some
critical information in intermediate processes and lead
to a lack of model interpretability. This deficiency
could hinder the widespread adoption of machine
learning methods in practical engineering applications.
This work introduces a novel neural network architec-
ture tailored for SHM, incorporating a preprocessing
step with wavelet transforms. This step identifies the
appropriate domain for signal analysis, enhancing the
extraction of ToF from scattered waves while minimiz-
ing boundary reflections. The proposed method elimi-
nates the need for baselines and effectively interrogates
both the temporal information of Lamb wave signals
and the spatial information of sensor coordinates,
facilitating more efficient learning of mapping relation-
ships. A multiscale module is introduced to represent
input time-domain signals at different levels compre-
hensively. Deconvolution is applied to interpret the
results of the multiple-scale module, revealing its effec-
tiveness in eliminating unnecessary boundary reflec-
tions. Experimental validations are finally carried out
to demonstrate the effectiveness of the proposed

method for precise ToF extraction, which is subse-
quently used for damage localization.

This paper is organized as follows. The proposed
method is presented in ‘‘The MSST fusion network’’
section in terms of the multiscale spatiotemporal
(MSST) fusion network. ‘‘Experiment setup and analy-
sis’’ section describes the experimental setup and analy-
ses the interpretability of the network. The results of
damage localization are presented in ‘‘Applications’’
section. Conclusions are summarized in ‘‘Conclusions’’
section.

The MSST fusion network

Prior to the construction of the MSST fusion model,
methods for signal generation, acquisition, and prepro-
cessing are briefly introduced. Lamb wave signals are
generated and captured using PZTs on a plate, used as
an illustrative example to exemplify a thin-walled struc-
ture. As the preprocessing of the captured time-domain
signals, the wavelet transform is used to extract the
arrival time of different wave packets,44 which is
termed as the signal temporal information (STI). To
extract the envelope of the response signal, the complex
Morlet transform is utilized. The coefficients of the
wavelet transform are given by

CWTf (a, b) =
1ffiffiffi
a
p

ð+ ‘

�‘

f (t)c�
t � b

a

� �
dt ð1Þ

where the mother wavelet c(t) is formulated as

c(t) =
1ffiffiffiffiffiffiffi
pg
p ejv0te�t2=g ð2Þ

where a and b are the scale and shift parameters,
respectively. c�(t) represents the complex conjugate of
the Morlet wavelet function. Here, v0 is the angular
frequency, and g defines the width of the Gaussian
window. This analysis emphasizes the modulus at a
constant scale to align with the central frequency of the
excitation signal. The narrowband nature of the com-
plex Morlet wavelet can effectively reduce noise
interference.

Meanwhile, the coordinates of the PZTs and the
structural dimensions are determined a priori, which
are called signal spatial information (SSI) hereafter.
The STI and SSI are further synthesized in a fully con-
nected module in the designed network. In general,
with the input of the extracted temporal wavelet coeffi-
cients, the proposed network aims at eliminating the
influence of boundary reflections to precisely extract
the ToF of the scattered waves induced by the damage.

Song et al. 1221



The flowchart of the proposed method is illustrated in
Figure 2.

Network architecture

Assuming that there are m actuator-sensor paths, the
corresponding time-domain signals are processed with
the wavelet transform to extract their STI.
Simultaneously, the coordinates of the actuators and
sensors, along with the dimensions of the structure,
constitute the SSI. Both STI and SSI form an input
feature set x(i) 2 R

13m. Correspondingly, the ToF of
scattered waves from damage is used as the output,
which is labeled as y(i) 2 R

131. In the context of
machine learning, the model essentially functions as a
parametric regression model, trained to approximate a
set of parameters representing the nonlinear mapping
relationship F : x(i) ! y(i). The training process
involves optimizing a mean squared error (MSE) loss
function through parameter updates using stochastic
gradient descent (SGD) method.45 The specific expres-
sion is given as follows:

L(H) =
1

M

XM
i = 1

y(i) � F x(i);H
� ��� ��2

2
ð3Þ

where H represents the set of parameters to be
optimized.

The overall network architecture consists of two
main components: a multiscale module and a fully con-
nected module, as illustrated in Figure 3. In the first
part, the temporal signals undergo a holistic convolu-
tional layer with 256 filters, followed by a normaliza-
tion and max-pooling layer. Subsequently, four parallel
convolutional layers with different kernel sizes, com-
prising 32, 64, 64, and 128 filters respectively, are
applied.

The features extracted from the first part are then
flattened and concatenated with spatial information in
the second part. This concatenated tensor is fed into
two fully connected layers. The first layer consists of 64
neurons with rectified linear unit (ReLU) activation
function and a dropout rate of 0.01. The second layer
serves as the output layer with a single neuron and lin-
ear activation function. The entire network is optimized

Figure 2. Flowchart of the proposed method.
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using the Adam optimization algorithm46 with a learn-
ing rate of 2 3 1026.

One-dimensional convolutional layers, commonly
employed in signal processing and time-series data
analysis, are also adopted in the proposed network.
These layers apply convolution operations along a sin-
gular dimension, adept at capturing temporal depen-
dencies and patterns while concurrently extracting
temporal features.47 The one-dimensional convolution
operation is mathematically expressed as follows:

(X3ϕ)i =
XK

k = 1
Xi + k�1ϕk + ti ð4Þ

In the equation, X represents the input sequence, ϕ

denotes the one-dimensional convolutional filter, t is
the bias term, and

P
signifies the summation over the

convolutional filter size K.
Usually, a single-scale convolutional network

faces challenges in capturing diverse and multiscale
temporal characteristics. Therefore, within the pro-
posed network architecture, a multiscale module has

Figure 3. Architecture of the proposed spatiotemporal fusion with a multiscale parallel neural network.
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been meticulously designed specifically for extracting
features from time-domain signals after the wavelet
transformation, as depicted in Figure 3. This module
intends to enhance the network’s ability to discern
subtle patterns in the input data. By employing convo-
lutional layers with kernel sizes corresponding to scales
2, 3, 4, and 10, the multiscale convolutional module
(MCM) facilitates feature extraction at different reso-
lutions. For a given input set X, the MCM processes X
through a set of convolutional layers, each associated
with a specific scale. By denoting the convolutional
operation at the ith scale as Convi and applying the
ReLUf (x) =max(0, x) as activation function,48 the
module’s output O is expressed as:

O=ReLU Conv2 Xð Þð Þ �ReLU Conv3 Xð Þð Þ �ReLU

Conv4 Xð Þð Þ �ReLU Conv10 Xð Þð Þ:
ð5Þ

The � operator concatenates the outputs along the
channel dimension. These convolutional operations
capture features at various scales, enabling the network
to distinguish intricate details.

In the lead-up to the multiscale convolutional net-
work, we introduce an initial global convolution opera-
tion, succeeded by batch normalization (BN)49 and
max pooling layers.50 This combination aims at refin-
ing the feature extraction and overall performance. BN
normalizes convolutional layer outputs to mitigate the
vanishing gradient for improved stability and faster
convergence as

BN(x) = g
xi � mBffiffiffiffiffiffiffiffiffiffiffiffi

s2
B + e

p
 !

+ b ð6Þ

where xi represents the input, mB and sB are the mean
and standard deviation, and g and b are learnable
parameters, with e preventing division by zero. BN
accelerates training, augments stability, and improves
generalization.

Max pooling reduces spatial dimensions by selecting
maximum values within each input window, aiming at
decreasing complexity and enhancing model robustness
to translations. Each window in Max Pooling selects
only one maximum value to focus on crucial informa-
tion. This integrated design not only elevates network
performance but also addresses gradient challenges,
enhances generalization, and accelerates training,
which provides a robust foundation for diverse tasks
and datasets.

Following the multiscale convolutional module, the
output undergoes flattening and concatenation with
spatial information to merge temporal and spatial fea-
tures. This concatenated information is then processed

through an MLP51 for precise ToF estimation. The
flattening operation transforms temporal features into
a one-dimensional vector, enhancing the network’s
capacity for feature fusion. Algebraically, with flat-
tened temporal features Xf and spatial features Xs, the
merged feature is expressed as:

Xmerged =Xf � Xs: ð7Þ

The subsequent MLP performs a nonlinear
transformation:

MLP Xmerged

� �
= s W2s W1Xmerged + b1

� �
+ b2

� �
ð8Þ

where s represents the activation function (ReLU),
and W1,W2, and b1, b2 denote the weight matrices and
bias vectors, respectively. This design leverages flatten-
ing and concatenation for effective feature fusion to
enhance the efficiency of the designed network.

After constructing the architecture and initializing
its parameters randomly, we employ SGD to iteratively
update the parameters. Following each gradient des-
cent step, the Adam optimizer, known for adaptive
learning based on gradients, is applied to update all
parameters to achieve swift convergence of results. The
updating rule for each parameter is expressed as
follows:

u u� a
m̂tffiffiffiffi
v̂t

p
+ e

ð9Þ

where a denotes the learning rate, and e is a small con-
stant introduced for numerical stability. Adam main-
tains two moving averages for each parameter u:

mt = b1mt�1 + 1� b1ð Þgt ð10Þ

vt = b2 � vt�1 + 1� b2ð Þg2
t ð11Þ

where mt is the first moment estimate, vt is the second
raw moment estimate, gt is the gradient at time t, and
b1 and b2 are the exponential decay rates for the
moment estimates. The bias-corrected estimates are
calculated as:

m̂t =
mt

1� bt
1

ð12Þ

v̂t =
vt

1� bt
2

: ð13Þ

Here, bt
1 and bt

2 represent the tth power of b1 and b2,
respectively. The adaptive learning rate in the Adam
optimizer enables efficient adjustment of step sizes for
various parameters, striking a balance between adapt-
ability and stability throughout the optimization
process.
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In the training process, the parameters in the
designed network undergo updates for multiple epochs
until convergence. After that, the efficacy of the net-
work is assessed through practical testing. This entails
evaluating the network’s performance on a dataset that
was not part of the training data.

Experimental setup and analysis

Experimental setup

In this work, guided wave data are experimentally mea-
sured from a typical aluminum plate with a dimension
of 500 3 700 3 2 mm. Eight PZT transducers were
mounted on the surface of the plate by epoxy resin to
actuate and receive Lamb waves. For ease of presenta-
tion, the plate is divided into 140 uniform regions, as
shown in Figure 4. The positions for placing scatterers
are chosen at the centers of every four-unit region.
Aiming at diversifying the datasets, four PZTs marked
by the yellow points in Figure 4 are solely used for sen-
sing, while those at the pink points serving as actuators
and sensors as needed.

A pair of circular magnets is attached to the plate as
the scatterer to simulate the damage. For the same
scatterer, different excitation channels produce differ-
ent boundary reflection paths as a way to increase the
diversity of the datasets. Four excitation channels are
selected in the present case, resulting in four data sets
to assess the proposed method. Each signal in the data
sets includes both direct waves and boundary reflected
waves. The collected data are divided with 80% for
training and 20% for testing purposes.

The experimental system works as follows, as shown
in Figure 5: a KEYSIGHT 33500B waveform genera-
tor is used to output the excitation signal. A power
amplifier is used to amplify the excitation voltage for
the PZT actuator. The sensor captures and records the
propagating Lamb waves by the NI PXIe-5105 data
acquisition module. The excitation signal is a Hann-
windowed sinusoidal tone burst for all sets. The central
frequency is selected with the following considerations:
(1) the amplitude of response signals should be as high
as possible, (2) the wavelength should be comparable
to the size of the damage so that the damage can serve
as a strong scatter, and (3) the waves should be as clean

Figure 4. Schematic illustration of the data collection method.

Figure 5. Experimental setup.
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as possible, that is, the waves with fewer modes are pre-
ferable. Guided by these principles, the excitation fre-
quency is selected as 160 kHz. Examining the waves in
the response signals, the A0 mode Lamb waves domi-
nate the responses.

Performance evaluation

The MSE and the mean absolute error (MAE) between
the predicted ToF and the actual ToF associated with
the scattered waves from damage are used to evaluate
the performance of the designed network. The two
indices are mathematically expressed as:

MAE=
1

N

XN

i = 1

y(i) � ŷ(i)
�� �� ð14Þ

MSE=
1

N

XN

i = 1

y(i) � ŷ
(i)

� �2 ð15Þ

where N is the total number of samples, y(i) is the actual
arrival time, and ŷ(i) is the predicted arrival time.

Figure 6 illustrates the training and validation loss
curves of the proposed model over 300 epochs. The
training loss (blue line) decreases steadily, demonstrat-
ing that the model is learning effectively throughout the
training process. The validation loss (red line) follows a
similar trend, indicating that the model generalizes well
to unseen data. Following an initial sharp decrease in
losses, they start to stabilize around the 50th epoch,
with the training loss consistently lower than the vali-
dation loss. This consistent behavior further validates
the robustness and accuracy of our model.

Table 1 presents a comparative analysis of the per-
formance of our proposed method with traditional
machine learning and deep learning approaches. The
comparison includes machine learning models such as
linear regression,52 ridge regression,53 Lasso regres-
sion,54 decision tree,55 principal component analysis
(PCA),56 support vector regression (SVR),57, and non-
negative matrix factorization (NMF),58 as well as sev-
eral deep learning models Long Short-Term Memory
(LSTM),59 Recurrent Neural Network (RNN),60

Gated Recurrent Unit (GRU),61 Deep Neural Network

Figure 6. Training and validation loss curves.

Table 1. Comparison between the performance of the proposed method versus traditional machine learning approaches.

Model MAE MSE

Our model 2.91981249932E-05 1.28721169000E-09
Machine learning
methods

Linear Regression 4.32372880772E-01 5.06988352482E-01
Ridge 1.53132763600E-01 3.72314677860E-02
Lasso 1.57350022302E-01 3.73620651276E-02
Decision Tree 1.63530463634E-01 4.77629257822E-02
PCA + Linear Regression 1.56491938842E-01 3.72886161208E-02
PCA + Ridge 1.56491938581E-01 3.72886159445E-02
PCA + SVR 1.60217224315E-01 3.92246366963E-02
NMF + Linear Regression 1.60135578253E-01 3.88855283405E-02
NMF + Ridge 1.58633513046E-01 3.80224650692E-02
NMF + SVR 1.58911557352E-01 3.86085520174E-02

Deep learning
methods

LSTM 3.16880453326E-05 1.57238322832E-09
RNN 3.14389894018E-05 1.52228323027E-09
GRU 3.24486383443E-05 1.70872061698E-09
DNN 3.13540027655E-05 1.45930177241E-09
Transformer 3.27024178897E-05 1.67044803484E-09
Densenet 3.18908274611E-05 1.54580940390E-09
Resnet-18 3.18590071187E-05 1.58138232759E-09
Alexnet 3.08384310074E-05 1.52713839646E-09

MSE: mean squared error; MAE: mean absolute error; PCA: principal component analysis; SVR: support vector regression; NMF: non-negative

matrix factorization.
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(DNN),62 Transformer,63 DenseNet,64 ResNet-18,65

and AlexNe.66

Our dual-input network processes both temporal and
spatial information separately, while in the traditional
machine learning models, temporal and spatial data are
concatenated into a single input. In the deep learning
comparisons, only the temporal part of our network was
replaced, keeping the spatial component unchanged to
better validate our network’s performance.

The experimental results demonstrate that our pro-
posed method achieves superior performance com-
pared to both existing approaches. Specifically, our
method yields an MAE that is four orders of magni-
tude lower and an MSE that is seven orders of magni-
tude lower than those of traditional machine learning
models, while also outperforming the deep learning
models included in the comparison. This exceptional
performance in both MAE and MSE metrics highlights
the effectiveness of our proposed network in integrat-
ing temporal and spatial information, underscoring its
significant accuracy advantage over existing methods.

Evaluation of network input information

To validate the relevance of integrating STI and SSI
into the network, we utilized t-distributed stochastic
neighbor embedding (t-SNE)67 to visualize high-
dimensional data. t-SNE transforms data point simila-
rities into joint probabilities, minimizing the Kullback–
Leibler (KL) divergence between the joint probabilities
of low-dimensional embedding and high-dimensional
data. The definition of t-SNE is expressed as follows:

X
i

KL PijjQið Þ=
X

i

X
j

pijlog
pij

qij

� �
ð16Þ

where Pi represents pairwise similarities in the original
high-dimensional space, and Qi denotes similarities in
the lower-dimensional space. pij is the conditional prob-
ability that point i would pick point j as its neighbor in
the original space, and qij is the conditional probability
in the low-dimensional space. The KL divergence in t-
SNE measures the variation in the similarity of data
distributions in the low-dimensional space after dimen-
sionality reduction with different input signal encoding
forms. A more minor KL divergence indicates that data
points are closer in the low-dimensional space, suggest-
ing a more apparent similarity in the high-dimensional
space.

As shown in Figure 7, after reducing dimensionality,
the outcomes derived solely from the STI display a dis-
tributed pattern. By contrast, when SSI is integrated,
the dimensionality-reduced results show a more concise
envelope where temporal information surrounds spa-
tial details. This indicates that this encoding approach
effectively captures the reflection path of guided waves.

Interpretability analysis

To explain the reason for the high accuracy achieved
by the proposed model, we select a typical input (in
Figure 8) and track the signal flow through the model.
The actual ToF of the scattered wave from the damage
corresponds to the third peak, which would be very
difficult to identify by any conventional means. The

Figure 7. Illustration of the results obtained from the dimensionality reduction algorithm with (a) wavelet coefficients only and (b)
both wavelet coefficients and sensor coordinates.
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first peak attributes to the direct wave, and remaining
peaks associate with boundary reflections. Through
deconvolution68 calculations on the input, we manage
to illustrate the knowledge acquired by each network
layer.

Five cases, labeled as (a), (b), (c), (d), and (e) in
Figure 9, correspond to the output of the convolution
operations at different locations depicted in Figure 3.
Here, we investigate four distinct patterns observed
while applying a neural network model to eliminate
boundary reflections in guided wave signals. These pat-
terns signify varied outcomes: Effective Elimination:
demonstrating successful removal of boundary reflec-
tions while retaining desired signal components;
Unprocessed Signal: indicating no suppression of
boundary reflections and an unaltered signal; Partial
Suppression: illustrating partial mitigation of bound-
ary reflections while preserving desired signal integrity;
Misdirected Suppression: highlighting accidental sup-
pression of desired signal components rather than
boundary reflections. Understanding these modes is
imperative for optimizing the model’s performance in
guided wave signal processing applications.

The visualization results in Figure 9(a) reveal three
notable observations: successful removal of boundary
reflections, elimination of unsuccessful instances, and
occurrences of ineffective learning. These visualizations
underscore the importance of maintaining diversity in
the network’s learning content during the initial phase.

Specifically, to validate the network’s ability to elimi-
nate boundary reflections, we performed a deconvolu-
tion on the results shown in Figure 8(b). In this figure,
the third wave peak represents the desired time of arri-
val, while the subsequent peaks are attributed to
boundary reflections. Our primary focus is to deter-
mine whether the network effectively removes these
unwanted peaks.

In Figure 9, the x-limits represent time, since the
input signal comes from the wavelet transform process-
ing in the time domain. However, the length of the
time axis is shortened due to the compression effect of
the convolution layers in the multiscale module, the
limits of which are determined by the downsampling
effect of these convolution operations. After deconvo-
lution is performed to reconstruct the signal and
reduce boundary reflections, the x-limits still represents
time, although it is compressed compared to the origi-
nal input.

In the multiscale convolution module, the outcomes
with a kernel size of 2 (illustrated in Figure 9(b)) closely
resemble those in Figure 9(a). This similarity primarily
arises from the small receptive field of the network
when using a kernel size of 2, making it susceptible to
local minima and excessive focus on detailed informa-
tion. Upon increasing the kernel size to 3, as depicted
in Figure 9(c), the network notably improves its capa-
bility to suppress boundary reflections. Compared to
the first two scenarios, there is a remarkable

Figure 8. A representative case to showcase the effect of the proposed method: (a) the system configuration and (b) the identified
peaks in the wavelet coefficients.
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enhancement in accurately learning the ToF. This
improvement primarily stems from the network’s
increasing focus on macroscopic signal information
with the larger kernel size. Furthermore, when the ker-
nel size is set to 4, the output of network closely resem-
bles that with a size of 3, albeit with a slight increase in
failure to eliminate reflections as shown in Figure 9(d).
This slight increase is mainly due to both scenarios
maintaining a similar-sized receptive field.
Subsequently, with a kernel size of 10, a significant
improvement is observed in successfully eliminating
boundary reflections, as shown in Figure 9(e). This
suggests the network prioritizes macroscopic waveform
information with a larger kernel size, closely tied to the
provided plate size and PZTs spatial coordinates.

In summary, multiscale convolution substantially
enhances the learning of signal features, thereby
improving the method’s accuracy in eliminating bound-
ary reflections. More essentially, the multiscale module
considers the mathematical model of neurons and the
frequency-domain decay characteristics of activation
functions, as shown in Figure 10. For a one-hidden
layer ReLU-DNN fitting a 1D function f, the mathe-
matical representation is:

h(x) = ajs wjx+ bj

� �
ð17Þ

where wj and aj denote the weights, x is the input, bj rep-
resents the bias, and s is the ReLU activation. The
Fourier transform of the output h(x) can be expressed as:

F(k) =

ð‘
�‘

h(x)e�ikxdx: ð18Þ

The frequency-domain representation of a neural net-
work mathematical model is mainly determined by the
activation function. Specifically, a Fourier transform is
applied to the h(x) function:

F kð Þ= � ajwj

k2
� i

bj

k
: ð19Þ

From the above equation, it is evident that as the fre-
quency approaches infinity, the amplitude converges
toward 0. Consequently, when influenced by the acti-
vation function, neurons exhibit a bias toward low fre-
quencies, suggesting that the network prioritizes the
acquisition of low-frequency information, which is
referred to as the frequency principle.69

As shown in Figure 11, the commonly used ReLU
activation function becomes less effective in capturing
high-frequency information due to exponential decay
in the frequency domain during the learning process.
This limitation restricts the network’s ability to repre-
sent detailed features. In the frequency domain, ReLU

attenuates high-frequency components through non-
linear clipping, which complicates the network’s capac-
ity to learn higher-frequency details of the signal.

To address this limitation, multiscale architectures
have been introduced, incorporating layers with differ-
ent receptive field sizes. This design enables the net-
work to capture information across multiple scales,
preserving high-frequency components while integrat-
ing them with low-frequency information. Our multi-
scale convolutional network specifically employs
convolutional kernels of sizes 2, 3, 4, and 10, each
tuned to capture distinct frequency bands within the
input signal. Kernels of sizes 2 and 3 are optimized for
capturing high-frequency elements, such as rapid tran-
sitions and sharp variations. A kernel size of 4 achieves
a balance between high- and mid-frequency features,
capturing both fine details and moderate signal
changes, while a kernel size of 10 targets low-frequency
components, capturing broader trends and smoother
variations in the signal.

The architecture achieves comprehensive learning
by processing these features in parallel across various
kernel sizes, followed by a gradual fusion across layers.
This design maintains the integrity of low-frequency
information while preventing the total suppression of
high-frequency signals due to ReLU’s attenuation.
Moreover, by dynamically adjusting the significance of
different frequency components during training, the
multiscale architecture further enhances the network’s
capacity to accurately represent complex signals.

Ablation experiment

To evaluate the effectiveness of our proposed multi-
scale network, we conducted a series of ablation experi-
ments summarized in Table 2. These experiments
systematically compare different network variants at
three scales (small, medium, and large), with and with-
out spatiotemporal fusion. In the ‘‘Ablation 23 in
Parallel Multiscale’’ experiment, we used convolutions
with a kernel size of 2 across all scales to focus on
small-scale features. Similarly, ‘‘Ablation 33 in Parallel
Multiscale’’ and ‘‘Ablation 103 in Parallel Multiscale’’
employed kernel sizes of 3 and 10 for medium and large
scales, respectively, allowing us to assess the impact of
scale selection on model performance. We also con-
ducted ‘‘Ablation w/o Multiscale’’ experiments to
explore the effects of removing the multiscale structure.
For instance, ‘‘Ablation w/o Multiscale (Single 23

Conv)’’ utilized a single convolution layer with a kernel
size of 2, while ‘‘Ablation w/o Spatial Info’’ assessed
performance without integrating spatial information.
By comparing these results to our multiscale architec-
ture, we can evaluate the contribution of multiscale
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Figure 9. Results of the deconvolution operations at different locations in the proposed network to illustrate the effect of the
multiscale scheme for boundary reflection elimination: (a) after deconvolution following global convolution of the input signal, (b)
after deconvolution with a 2-point kernel, (c) after deconvolution with a 3-point kernel, (d) after deconvolution with a 4-point
kernel, and (e) after deconvolution with a 10-point kernel.
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fusion for feature extraction and its effectiveness in
processing complex data.

This detailed experimental approach allows for a
thorough analysis of the contributions of each config-
uration, as well as a quantified assessment of the
impact of spatiotemporal fusion on overall perfor-
mance. The results of these controlled experiments
unequivocally demonstrate the superior effectiveness of
our multiscale network. These findings highlight the
crucial role of multiscale fusion, which improves the
network’s ability to process information across various
dimensions and underscores the importance of multi-
scale integration in addressing complex tasks.

Applications

Signal analysis and processing

To confirm the efficiency of our proposed network in
eliminating boundary reflections and extracting the
ToF of the scattered waves from damage, we place a
scatterer near the boundary as a representative case, as
shown in Figure 12. It is worth noting that the position
of the scatterer has not been used in the previous train-
ing process. We collect and test the data from excita-
tion E to receiver S. The black line indicates the direct
wave, the red line associates with the path of the

scattered wave, and the dashed lines illustrate the
boundary reflections.

The time-domain signal from the specific path is
shown in Figure 13(a), followed by the corresponding

Table 2. Ablation study results.

Method MAE MSE

Ablation 23 in Parallel Multiscale 3.03963360E-05 1.35731420E-09
Ablation 33 in Parallel Multiscale 3.01363561E-05 1.36770098E-09
Ablation 43 in Parallel Multiscale 3.04813807E-05 1.46242259E-09
Ablation 103 in Parallel Multiscale 2.92590390E-05 1.30759970E-09
Ablation w/o Spatial Info 2.95890107E-05 1.32726064E-09
Ablation w/o Multiscale (Single 23 Conv) 3.08380499E-05 1.40681359E-09
Ablation w/o Multiscale (Single 33 Conv) 3.09936803E-05 1.45320109E-09
Ablation w/o Multiscale (Single 43 Conv) 3.07001596E-05 1.40353542E-09
Ablation w/o Multiscale (Single 103 Conv) 3.06420031E-05 1.39146826E-09
Our model 2.91981250E-05 1.28721169E-09

MSE: mean squared error; MAE: mean absolute error.

Figure 11. Form of the ReLU activation function in time and
frequency domains.

Figure 10. Illustration of the mathematical model of neurons.

Figure 12. Wave path diagram.
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wavelet coefficients in Figure 13(b). The first peak in
wavelet coefficients is presumed to be the direct wave.
In this specific case, the second peak corresponds to
the boundary reflection rather than the scattered wave.
Instead, the fifth peak corresponds to the scattered
wave from damage. As to the output of the proposed
method, the predicted ToF is 1.5e-04, which agrees well
with the ground truth. This confirms that the designed
network adeptly recognizes and accurately identifies
the ToF of scatter waves despite their relatively low
amplitude.

Localization results

With the extracted ToFs, damage localization can be
achieved by the ellipse positioning method,70 resulting
in the corresponding damage image. Two representa-
tive cases are selected to illustrate the efficacy of the
method, as shown in Figure 14. In the first case, when
damage is located near the center of the plate, the dam-
age image is reconstructed with the ToFs extracted by
the proposed method, as depicted in Figure 14(a). It
can be seen the accuracy of damage localization is very
high with a localization error of merely 1.31 cm. By
comparison, a traditional strategy is adopted by using
the ToF of the second peaks in the wavelet coefficients.
This should be fine when the structure is sufficiently
large. However, in the present case, influenced by the
boundary reflections, the accuracy suffers, as shown in
Figure 14(b), with a localization error of 34.29 cm. In
the second case, the scatter is placed very close to the
structural boundary. The damage images reconstructed
with the proposed and traditional methods are

obtained in Figure 14(c) and (d), respectively. It can be
seen that the proposed method induces a localization
error of 3.14 cm, whereas the traditional method incurs
an error of 9.29 cm. These outcomes again underscore
the efficacy of the proposed method in advancing dam-
age localization.

Conclusions

In this study, we propose a multiscale CNN with spa-
tiotemporal fusion to accurately extract the ToF of
scattered Lamb waves from damage while effectively
mitigating the influence of boundary reflections. The
effectiveness of our proposed network architecture is
validated through experiments, in which we compare
its performance with traditional machine learning algo-
rithms. Additionally, we analyze the encoded represen-
tations of different network inputs using the t-SNE
algorithm. Interpretability analyses are then conducted
by tracing data flows through deconvolution opera-
tions and analyzing them from a frequency-domain
perspective. Moreover, ablation experiments are exe-
cuted to assess the impact of different scales on the
results. Finally, testing is performed to evaluate the
performance of our network in eliminating boundary
reflections compared with manually identified arrival
time localization results.

The proposed network achieves significantly lower
MAE and MSE than traditional methods. Specifically,
the MAE of our proposed method is four orders of
magnitude lower than that of other existing methods,
and the MSE is seven orders of magnitude lower,
unequivocally demonstrating the superior accuracy of

Figure 13. (a) The raw signal and (b) the identified peaks in the wavelet coefficients.
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our proposed approach. Furthermore, the t-SNE
results indicate that coupling temporal and spatial
information as inputs to the network better assists in
capturing the reflection paths of guided waves. The
effectiveness of our network in eliminating unnecessary
boundary reflections during intermediate processing
stages is confirmed by deconvolution operations.
Additionally, the designed multiscale network avoids
the neural network’s bias toward low-frequency fea-
tures, allowing for comprehensive learning of features
at different scales. Ablation experiments demonstrate
that combining four scales (2, 3, 4, and 10) and the
spatiotemporal fusion form currently yields the most
effective results. Finally, by comparing the network-
identified arrival times with manually identified ToF
for damage localization, we find that the localization
errors after boundary reflection elimination by the

network are only 1.31 and 3.14 cm for two typical sce-
narios, as opposed to the respective errors of 34.29 and
9.29 cm after manual identification.

The developed CNN with spatiotemporal fusion
and multiscale properties leads to significant improve-
ments in the accuracy of the ToF estimation of the scat-
tered Lamb wave for damage localization. It can be
used as an enabler to enhance the detection and locali-
zation capabilities of existing SHM methods based on
ToF. Meanwhile, the study paves the way for under-
standing and explaining the internal working mechan-
ism of deep learning models in such tasks.
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