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ABSTRACT The conventional admittance approach utilizing statistical evaluation metrics offers limited information
about the damage location, especially when damage introduces nonlinearities in admittance features. This study proposes
a novel automated damage localization method for plate-like structures based on deep learning of raw admittance signals.
A one-dimensional (1D) convolutional neural network (CNN)-based model is designed to automate processing of raw
admittance response and prediction of damage probabilities across multiple locations in a monitored structure. Raw
admittance data set is augmented with white noise to simulate realistic measurement conditions. Stratified K-fold cross-
validation technique is employed for training and testing the network. The experimental validation of the proposed
method shows that the proposed method can accurately identify the state and damage location in the plate with an
average accuracy of 98%. Comparing with established 1D CNN models reveals superior performance of the proposed
method, with significantly lower testing error. The proposed method exhibits the ability to directly handle raw
electromechanical admittance responses and extract optimal features, overcoming limitations associated with traditional
piezoelectric admittance approaches. By eliminating the need for signal preprocessing, this method holds promise for
real-time damage monitoring of plate structures.

KEYWORDS convolutional neural network, electromechanical admittance, electromechanical impedance, piezoelectric
transducer, damage localization, plate structure, deep learning, structural health monitoring

the technique involves installing lightweight and fast-
response piezoelectric transducer onto the surface of a
target structure and tracking the changes in electrome-
chanical impedance (EMI)/EMA responses as an
indicator of structural integrity [7]. Since these responses

1 Introduction

The electromechanical admittance (EMA) technique,
based on the electromechanical coupling characteristic of
piezoelectric materials, has demonstrated its feasibility

and practicality across diverse structural health moni-
toring (SHM) applications, including aerospace [1,2] and
civil structures [3,4] and wind turbines [5,6]. Typically,
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contain rich information about the mechanical properties
of the monitored structure, they exhibit sustainable
alternations due to structural changes, damages, or
defects. With a dependence on high-frequency structural
excitations (usually exceeding 30 kHz), this method
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exhibits heightened sensitivity to minor structural
alterations within the near field of the piezoelectric
transducers [8]. The technique is cost-effective and easy
in implementation for complex structures [9], robust to
early-stage damage [10], and offers multifaceted damage
(including fatigue cracks [11], corrosion [12], loosened
bolts [13], ice formation [14]) detection capabilities, low-
cost wireless sensing [15-17].

Traditional methods for damage interpretation rely on
quantifying EMA shifts using statistical metrics such as
Root Mean Square Deviation (RMSD) and Cross-
Correlation Deviation (CCD) [18-20]. Since the 2000s,
Zagrai and Giurgiutiu [18] utilized the traditional EMI
technique for crack detection in thin plates. Their study
showed that the CCD metric, used in the high frequency
band from 300 to 450 kHz, was found to be most succe-
ssful for crack detection. Tinoco etal. [21] decoupled
EMI measurements of piezoelectric transducer to identify
and locate an induced damage in plate structures. In
recent years, Tawie et al. [22] studied various piezoelec-
tric transducer (PZT) attachment methods for EMI-based
damage identification in composite plates. Their study
compared the performance of several statistical damage
metrics for quantifying the EMI change and damage
identification. Le et al. [23] conducted a numerical study
to examine the feasibility of the EMA technique for crack
detection in a bearing plate. Their numerical study
showed that the sensitivity of the EMI response to a crack
was reduced with respect to the distance. In 2021, Zhu
et al. [24] detected location of damage in a honeycomb
sandwich composite plate with an array of PZT sensors.
They developed a damage localization method by
combining direct-coupled mechanical impedance with
modified probability-weighted algorithm for enhancing
the damage location imaging.

While the traditional metrics showed excellent results
for damage alarming, the damage localization remains
challenging. These metrics merely statistically measure
changes in the EMA response, providing limited
information about the damage state and location. Further,
their sensitivity is contingent upon the trends in EMA
signal wvariations. This, coupled with nonlinearities
induced by structural damage in EMA features, poses
challenges in identifying damage locations [13,25]. On
the other hand, the reliability of diagnostic results is
significantly influenced by the selection of effective
frequency bands. In some instances, damage detection
outcomes may be unreliable if improper frequency bands
are utilized for EMA feature extraction [25,26]. These
bands vary with the geometric, structural and mechanical
properties of a host structure and are often determined
through trial and error [10,27]. These hand-crafted
preprocessing steps not only diminish the reliability of
damage detection results but also hinder the automation
of EMA-based damage detection.
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To address shortcomings in traditional damage interpre-
tation, scholars have investigated machine learning-based
EMA methods. Lopes etal. [28] developed back-
propagation artificial neural networks (ANNs) to predict
damage from the EMI signals and successfully applied to
identify damage in a scaled bridge section and a space
truss structure. Min et al. [25] developed an ANN model
that can automatically select frequency bands suitable for
damage quantification. Other researchers developed a
radial basis function network-based algorithm for
temperature compensation [29]. In recent times, deep
neural network algorithms have been applied in
addressing various challenging problems in civil and
structural engineering, including plate bending analysis
[30-32], material design with topology optimization [33],
the stochastic analysis of heterogeneous porous material
[34], and heat transfer analysis of functionally graded
materials. Among various algorithms, convolutional
neural network (CNN) has shown excellent performance
in damage detection in terms of accuracy and computa-
tional efficiency [35,36]. By combining feature extraction
and damage classification within a unified architecture,
the CNN offers an ability to autonomously extract and
learn optimal damage-sensitive features from raw signals,
while simultaneously reducing computational costs
[35,37]. Nguyen et al. [38] developed a one-dimensional
(1D) CNN-based regression model to predict prestress
force in a post-tensioned structure from the raw EMI data
set and later introduced various 1D CNN architectures for
monitoring bolt-loosening [13]. Li etal. [39] integrated
the EMI technique with a CNN-based regression model,
quantitatively predicting and monitoring real-time
concrete strength development. Two-dimensional (2D)
CNN models were proposed for identifying damages in
concrete structures [40,41]. Zhang et al. [42] introduced a
1D CNN-based admittance approach to automatically
detect small-size damages in concrete structures.
Recently, Ta etal. [43] developed a concrete stress
prediction method based on a 1D CNN algorithm. de
Oliveira et al. [44] developed a 2D CNN algorithm to
diagnose the presence of damage in an aluminum
specimen using pre-processed 2D images of raw EMI
signals.

For admittance-based damage detection in plate
structures, there are at least three remaining challenges.
1) Previous studies have predominantly concentrated on
the development of CNN-based admittance algorithms to
predict stress states or detect cracks in structural joints
and concrete specimens, leaving damage localization in
plate structures via deep learning of raw EMA data
unexplored. 2) Existing EMA/EMI techniques for
damage detection in plate structures often rely on
manually extracting EMI features from predefined
frequency bands using hand-crafted statistical metrics.
This dependence can constrain the effectiveness of these
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techniques in terms of accuracy and computational cost,
and it impedes the potential for automated diagnosis.
Moreover, when coupled with the nonlinearities induced
by structural damage in EMA features, these factors pose
challenges in identifying damage locations within a plate
structure. 3) The CNN approach’s damage prediction
ability is still lack of investigation in terms of its
generalization to handle variations in EMA data induced
by noise.

This study proposes an alternative method for damage
monitoring and localization in plate structures by
integrating the admittance technique with a 1D CNN
model. As compared with the previous studies, this study
includes the following new contributions. 1) The
proposed method can effectively localize damage in a
plate structure using only a single transducer through 1D
CNN-based deep learning of raw EMA responses. 2) By
directly processing the raw data, the method can
substantially decrease preprocessing costs associated with
manual data transformation and damage-sensitive feature
extraction. Consequently, it shows potential for real-time
damage monitoring in plate structures. (3) Compared with
previous 1D CNN-based methods, the proposed method
shows superior performance in terms of accuracy with
significantly lower testing error.

2 Piezoelectric admittance approach

The principle of the admittance technique involves
monitoring the changes in EMI/EMA response, typically
in the ultrasonic frequency range. The variations in
EMI/EMA are sensitive to structural changes, damages,
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or defects, allowing for the early detection and
identification of potential issues in a structural system. As
shown in Fig. 1(a), a typical setup of the EMA
measurement includes a PZT mounted on the surface of
the plate, an EMA analyzer for exciting and recording the
EMA response, and a computer for data visualization and
result intepretation. Under the harmonic voltage
excitation via the analyzer, the transducer is harmonically
deformed based on the piezoelectric effect [10]. This
deformation introduces a harmonic force F(w) to the host
plate. The plate’s admittance describes its ability to
respond to the applied force F(w) and is defined as the
ratio of the steady-state velocity to the force. The
admittance response encapsulates the dynamic features of
the interconnected transducer-plate system within a
designated frequency range, holding a great potential for
detecting structural changes in the host plate based on
changes in the admittance response.

The coupling of the PZT-plate system can be described
by a 1D simplified EMA model (Fig. 1(b)) [45]. The
EMA response of this interconnected dynamic system can
be deduced from the mechanical impedance of both the
transducer and the plate. Assuming the host plate is
defined by standard structural parameters: mass (m),
damping (c), and stiffness (k). The mechanical impedance
of the host structure (Z(w)) is calculated as the ratio of
the induced force (F(w)) to the velocity of the host plate
at the excitation point (it(w)), as articulated in Eq. (1)
[46]:
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Fig.1 The illustration of the admittance technique for damage identification in a plate structure: (a) the typical EMA measurement

system; (b) the simplified EMA coupling model.
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frequency of the host structure, and w is the scanning
frequency.

The EMI of the transducer-plate system Z(w) can be
simplified as a combined function involving both Z(w)
and Z,(w), as expressed in Eq. (2) and presented in the
Ref. [47]. The EMA response Y(w) is determined as the
reciprocal of Z(w), as outlined in Eq. (3).
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where Z (o) represents the mechanical impedance of the
transducer. The complex Young’s modulus of the
transducer (under no electric field) is signified by YE: the
complex dielectric constant (under no stress condition) is
expressed by &],; the 1D piezoelectric coupling constant
(under no stress field) is denoted by ds;; the width,
length, and thickness of the transducer are respectively
represented by w,, [,, and ¢,. It is noted that the transverse
piezoelectric coupling constant, denoted as d;,, represents
the coupling between an applied electric field in the
longitudinal direction (direction 3—the poling direction)
and the resulting strain in the transverse direction
(direction 1—perpendicular to the direction 3). In contrast,
the longitudinal piezoelectric coupling constant, denoted
as d.;, signifies the coupling between an applied electric
field in the longitudinal direction (direction 3) and the
resulting strain in the same direction. Since the EMA
technique proposed in this work utilizes the transverse
mode, d,; was not considered in the mathematical
equations of the 1D simplified model [47].

Equation (3) theoretically asserts that the resulting
EMA response inherently encompasses the mechanical
properties of the host structure (mass, damping, and
stiffness). When damage occurs in the host plate, such as
fatigue cracks or corrosion (indicating changes in stiff-
ness or mass properties), the EMA response undergoes
variations that reflect the altered mechanical properties.
Therefore, monitoring these EMA changes aids in
identifying structural damage. In practical applications,
the EMA response is typically observed within a high-
frequency range, frequently extending into ultrasonic
bands. The short wavelength associated with high
frequency enables the admittance technique to detect and
monitor structural changes, representing early-stage
structural damage.
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3 Proposed damage identification method
3.1 Schematic of the method

Traditional feature extraction methods rely on manual
intervention, which requires careful selection of EMA
features and damage-sensitive frequency bands for
effective damage identification [25,48]. Notably, an EMA
feature considered effective for a particular host structure
may not demonstrate the same effectiveness for others.
Inappropriate use of the EMA feature can lead to
suboptimal performance in detecting damage and
estimating severity. Furthermore, the manual feature
extraction process requires significant computational
overhead, hindering automatic damage identification.
Furthermore, since the traditional feature metrics such as
only statistically quantify the changes in the EMA
response [19,20], they could provide only limited
information for damage detection. As reported in the
previous studies [38,49], structural damage can induce
nonlinearities in the EMA features. As a result, it is very
difficult to determine the damage location in the plate
based on only observing the trends of the traditional
EMA features.

To address these challenges, a novel automated damage
identification method for plate structures is proposed,
integrating the admittance technique with a 1D CNN
model, as illustrated in Fig. 2. The proposed approach
directly processes raw EMA responses, autonomously
extracting optimal EMA features, and predicting
structural damage. By leveraging the 1D CNN’s inherent
capabilities for feature extraction, the method eliminates
the need for manual feature extraction and data prepro-
cessing steps [37,50]. The flowchart of the proposed
method comprises the following steps. 1) Recording
EMA signals from a target plate specimen subjected to
structural damage at different location scenarios.
2) Augmenting the recorded EMA data by adding white
noise to the raw EMA signals. This step broadens the data
set, accounting for variations induced by diverse
environmental conditions. 3) Partitioning the resultant
EMA data into training and validation data sets using
stratified-shuffle-split. This ensures a rigorous evaluation
of the proposed method’s performance and generalization
across different scenarios. 4) Designing the architecture
of the 1D CNN model for identifying structural damage
and initializing the CNN model. 5) Training and testing
the initiated 1D CNN model using K-fold cross-
validation. 6) Detecting structural damage in the host
plate, visualizing the results, and evaluating the accuracy
of the proposed method.

3.2 One-dimensional convolutional neural network-based
regression model
3.2.1 Network architecture

The regression model based on the 1D CNN algorithm is
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Fig. 2 The proposed CNN-based damage identification method for plate structures.

designed to automate the processing of raw EMA
responses and facilitate automatic damage identification
in plate structures. The network architecture, illustrated in
Fig. 3, is formulated by drawing inspiration from the
previous well-established models [38,51], ensuring
effective learning and prediction of structural conditions.
Comprising a total of 11 layers, each layer plays a distinct
role in information processing. The input layer processes
1D raw EMA signals, and subsequent layers, including
convolution, batch normalization, rectified linear unit
(ReLU) activation, max-pooling, and fully-connected
(FC) layers, contribute to implicit feature extraction. The
output layer, a regression layer, predicts the damage
index (D) for each location on the target plate. The DI is
then compared with a threshold to detect structural
damage. It should be noted that the proposed network
employs 1D convolutions to extract optimal impedance

element of the output corresponds to the identification of
the respective location on the plate.

3.2.2 Network’s layer

The layer-specific information for the proposed CNN
model is summarized in Table 1. The explanations of the
layers are presented, as follows.

Input layer. The CNN model takes a 1D EMA signal as
input with a size of 1 x N, where N = 301 denotes the
number of frequency points in the EMA signal. To ensure
a consistent distribution of inputs and facilitate error
backpropagation, data normalization is implemented on
each 1D EMA sample at the input layer. The z-score
normalization method is utilized, as described in Eq. (4)
[52]:

features from a 1D input signal. Although the outcome of Y(w)-Y
damage localization in a plate is depicted in a 2D domain normY(w) = oy )
(Fig. 3), the network’s output is, in fact, 1D. Each
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Fig.3 The proposed CNN architecture for deep learning of raw EMA data and damage identification in a plate structure.
Table 1 The layer information of the proposed CNN model
Layer Operator Output shape ~ Kernel size Y Stride Layer Operator Output shape  Kernel size  Stride
1 Input 1x301 - - 6 Convolution 32 x 151 32x1x32 1
2 Convolution 8 x 301 8 x1x64 1 7 Batch normalization 32 x 151 - -
3 Batch normalization 8 x301 - - 8 ReLU 32x151 - -
4 ReLU 8 x 301 - - 9 FC 1x60 - -
5 Max-pooling 8 x 151 1x2 2 10 Output 1 x 60 - -

Note: a) Kernel size: Channel x Height x Width.



Thanh-Canh HUYNH et al. EMA-based automatic damage assessment in plate structures

where normY(w) and Y(w) represent the normalized and
original EMA signals, respectively; Y is the mean of the
original signal and o is the corresponding standard
deviation. Data normalization ensures a consistent
distribution of input across each layer of the CNN,
thereby altering the data distribution within each feature
graph. This adjustment facilitates more straightforward
error backpropagation and enhances network conver-
gence. As demonstrated in Ref. [52], the z-score data
normalization method exhibited exceptional performance
during the training and testing phases of an EMA-based
deep learning algorithm for damage detection.
Consequently, this study has opted for the z-score’
normalization method based on its proven effectiveness.

Convolutional layer. In the convolutional layer, kernels
traverse the 1D input pattern during convolution with a
specified stride (s) to extract features. Each 1D
convolutional layer utilizes C channels of filters (kernels)
with dimensions 1 x Q, where Q represents the temporal
window covered by the filter. The mathematical
formulation for a 1D convolutional layer is described as
follows [53]:

0
= f{z WoXrg + b] ’ ®)

gq=1

where y, represents the output of the unit » of the filter
feature map of a size R; x is the 1D input portion
overlapping with the filter; w denotes the connection
weight of the convolutional filter; b is the bias term, f{*) is
an activation function, ¢ is the element’s position in the
temporal window. During the convolution process, the
use of ‘same’ zero padding technique is applied to extend
the input, ensuring the inclusion of information from the
input's borders. This specific padding method preserves
the exact size of both the input and output when the stride
(s)is setto 1.

Batch normalization layer. In the training phase, the
batch normalization layer plays a crucial role in
normalizing and zero-centering the input based on the
entire batch, representing the set of instances used for
computing the loss and gradient during the training
process [53]. This normalization approach enables the
model to learn the optimal scaling of the input, thereby
enhancing the efficiency of the training process. How-
ever, during the testing phase, the batch normalization
layer operates differently. Instead of relying on batch-
wide statistics, it utilizes precomputed mean and variance
values obtained during the training phase. This strategy
ensures consistent normalization and zero-centering
procedures, aligning with the learned characteristics of
the model.

ReLU layer. The role of the ReLU layer is to rectify
negative values in the output of the preceding layer,
mapping them to zero while preserving positive values.
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This layer serves a crucial function in minimizing
computational costs and improving the overall efficiency
of the training process. Mathematically, the ReLU
operation for a given input value x is expressed as follows
[54]:

ReLU(x) = max(0, x). (6)

This operation introduces nonlinear characteristics into
the model, empowering the network to discern compli-
cated relationships within the data. The rectification of
negative values fosters sparsity in activations, optimizing
the learning process and bolstering the network’s capacity
to apprehend complex patterns in the data.

Max-pooling layer. The max-pooling layer employs a
kernel on the preceding layer’s output, with a designated
stride (s), selecting the maximum value within the sliding
window of the kernel. To safeguard crucial information at
the input borders, zero-padding is applied. For an input
sequence v of length K, the 1D max-pooling layer,
characterized by a window size of 1 x F and a stride s,
systematically identifies the maximum value within each
window, yielding an output sequence k. Mathematically,
this process is expressed by [55]:

is+F

ki — manz(i,l)me’ (7)

where the term k; denotes the output at position i in the
resultant sequence. The integration of this layer serves the
dual purpose of efficiently diminishing the dimensionality
of the input and facilitating error propagation during the
back-propagation phase, thereby fostering the overall
convergence of the network. The reduced size in
representation space ensures invariance to minor
translations of the input, empowering the network to
identify distinct patterns at various locations within the
feature map.

FC layer. A FC layer executes matrix multiplication
between the input and a weight matrix, supplemented by
the addition of a bias vector. In each FC layer, every unit
establishes connections with all units in the preceding
layer. The computation of each unit activation yj(l) is
obtained, as follows:

I
o E: O - 10
Y _f[ Wii i +b.i]’
i=1

where [ denotes the number of units in the previous layer,
[ represents the current layer, wi.? is the weight of the
connection between unit j of this layer and unit i in the
previous layer, and b;” is the bias term for the unit j. The
activation function f{-) introduces nonlinearity, enabling
the network to capture intricate relationships within the
data. This FC layer plays a pivotal role in learning
complex patterns and features by adjusting weights and
biases throughout the training process.

®
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Output regression layer. The network outputs a vector
representing the DI of size 1 X M, where M is the number
of damaged locations in the plate specimen (in this study,
M = 60). Subsequently, the regression output layer
utilizes the output obtained from the final FC layer to
estimate the DI for each of the M locations. The
regression layer calculates the half-mean-squared-error
loss for regression tasks, as expressed by:

1 R
loss = EZ (=), )
k=1

where R signifies the number of responses, #, is the target
output, and y, denotes the prediction for the output k.
During the training process of the networks, the lost
function is minimized. To quantify the deviation of the
prediction errors of a trained network, the three
performance indicators including the root-mean-squared-
error (RMSE), the mean-squared-error (MSE), and the
mean-absolute-error (MAE) are calculated as follows:

R >
&=y
RMSE = _
; R
R 2
=y
MSE = _
; R

R
l’_
MAE:Z"‘IT”".

k=1

(10)

3.2.3 Threshold-based damage identification

Outlier analysis is employed to identify potential damage
in the plate. The DI for each location on the plate,
representing the output of the 1D CNN, is compared with
a predefined threshold for damage localization. First, the
prediction error is computed, as follows:

(11)

e =h =Y

where e, denotes the prediction error for the output £.
Secondly, assuming the prediction error follows a normal
distribution, the upper control limit (UCL) is computed as
3 standard deviations from the mean (99.73% confi-
dence), as expressed by:

UCL =pu.+30., (12)

where y, is the mean of the prediction error e,, and o is
the corresponding standard deviation. If the DI for a
specific location on the plate is higher than the UCL
threshold, that location is classified as ‘damage’. Conver-
sely, the location is classified as ‘healthy’ (undamaged).
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3.3 Noise-injected data augmentation

The EMA signals can be influenced by various factors,
such as material degradation and temperature changes
[56-58]. Conducting comprehensive experiments that
encompass all these factors can present substantial
challenges in terms of both feasibility and cost. To
pragmatically address the complexities associated with
realistic measurement conditions, data augmentation
emerges as a viable solution [38,59]. In this study, we
selected a data augmentation method based on injection
of Gaussian noise into the recorded EMA signals. This
method is widely accepted for simulating noise effects on
the EMA technique [60,61]. By employing two adjustable
parameters, namely mean zero and standard deviation, the
method provides flexibility to enable the injection of
noise at different levels. The formulation for injecting
noise into the EMA signal is expressed by:

Ynoisy(w) = Y(C()) + E(C()), (13)
where Y(w) is the measured EMA signal, Y,y (w) is the
corresponding noise-contaminated signal, and e(w)
represents the noise vector.

3.4 K-fold cross validation and accuracy evaluation

To mitigate the instability in model performance
evaluation resulting from a single data split and to
counteract overfitting challenges during the training
phase, our study employs a specialized K-fold cross-
validation technique known as stratified-shuffle-split
[62]. By repeatedly training and testing the network on
different subsets of the data, K-fold cross-validation
allows the network to learn from various parts of the data
set, contributing to better generalization. In particular, the
K-fold cross-validation process divides the measured raw
EMA signals into five distinct folds (K = 5). Each fold
undergoes random division, allocating 80% of the data to
the training set and 20% to the evaluation set.
Subsequently, individual fold performance is evaluated,
and the average performance is aggregated to characterize
the overall proficiency of the K-folds.

The K-fold cross-validation process for evaluating the
1D CNN model comprises two key stages. 1) Data
configuration, and 2) model training and evaluation. In
the first stage, raw EMA signals and their corresponding
structural conditions of the target plate are categorized
into training and evaluation folds. In the subsequent
stage, the 1D CNN regression model is initialized.
Training fold data sets, consisting of EMA data sets and
associated structural conditions, are utilized to train the
1D CNN model, while evaluation fold data sets assess the
model’s performance on previously unseen data.

The accuracy of the deep learning model is evaluated as
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follows. (1) The probabilities of damage occurrence for
all potential damage locations on the plate (i.e., the final
output of the model) are compared with the UCL
threshold for damage classification. If the probability of a
location is over the UCL threshold, that location is
classified as ‘damage’. Otherwise, it is classified as
‘healthy’. (2) For each test, the damage classification
result is compared with the ground-truth and the accuracy
is computed as the ratio of the number of correctly-
classified locations to the number of all potential damage
locations. (3) The accuracy of each fold is computed by
averaging the accuracy of all tests in that fold.

4 Experimental investigation

4.1 Test-setup

The splice plate of a bolted connection was chosen for
experimental evaluation of the proposed method. As
depicted in Fig. 4(a), the test structure is a rectangular
plate with dimensions 200 mm % 380 mm and a thickness
of 10 mm. Four small foam blocks, each measuring
20 mm % 20 mm % 10 mm, provide support to the testing
plate. To enhance the EMA response from the plate, the
‘PZT interface technique’, developed in a prior study
[56], was employed as the piezoelectric transducer
device. As shown in Fig. 4(b), the transducer device was
situated at the center of the bottom of the connection plate
via bonding layers. The device consists of a PZT-5A
patch (20 mm X 20 mm % 0.51 mm) affixed to an
aluminum base (100 mm X% 33 mm x 5 mm). The
aluminum base is structured with two outer connected

specimen

Transducer

\ Steel plate
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parts, each with a thickness of 5 mm, and a middle
unconnected part with a thickness of 4 mm.

Harmonic excitation of 1V amplitude was applied to
the transducer, and the resulting EMA signal was
measured within a frequency range of 10-25 kHz (301
points and 50 Hz interval) using a HIOKI 3532 impe-
dance analyzer, as depicted in Fig. 4(c). The chosen
scanning frequency range was tailored to capture robust
resonant responses, critical for effective damage
identification, in alignment with previous recommenda-
tions [63,64]. Laboratory temperature was maintained at
22 °C through air conditioning to ensure data consistency
and minimize the potential influence of temperature
variation on the EMA signal.

4.2 Measured admittance response

The EMA response was obtained under simulated
structural damage at various locations on the plate. The
damage simulation technique, utilizing added mass, was
employed to represent stiffness/mass alterations in the
plate. This technique mimics the effects of cracks or
corrosion without causing harm to the test structure
[48,65,66]. The mass was magnetically attached to the
top surface of the splice plate (Fig. 4(a)). The mass is a
cylinder-shaped block with a height of 0.02 m, a diameter
of 0.04 m, a weight of 0.174 kg. The mass was
respectively added at 60 intersections of a 2-cm grid
marked over a quarter of the splice plate (Fig. 4(d)).
Totally, 61 testing cases including Intact + 60 Damage
cases (D,y where X = 1:6 and Y = 1:10) were conducted
during the experiment.

For each of the testing cases, the EMA response was

wof R - —

Y (x 20 mm)
N
IS
=]
1B--
L&
el
o
e
]
'8

5 Dy

)
Supporf

(b)

1 2 3 4 5 6
X (x 20 mm)

(d)

Fig. 4 The experimental setup: (a) the test plate specimen with added mass as a simulated damage; (b) the EMA analyzer; (c) the EMA
transducer at the bottom surface; (d) the grid of damage locations over a quarter of the test plate specimen.
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measured and repeated four times. Totally, 244 EMA
signals corresponding to 61 testing cases were obtained.
Figure 5(a) shows the sample EMA signal of the intact
state. The implementation of the PZT interface technique
generated strong resonances within 10-25 kHz. The most
significant EMA responses occur in the frequency range
of 15-18 kHz. Strong resonances should contain
significant information about the structural properties of

Front. Struct. Civ. Eng. 2024, 18(11): 1730-1751

the host plate and therefore they should be employed for
damage identification [63]. Figure 5(b) shows the EMA
signals corresponding to different damage locations in the
test specimen. It is observed that the resonant EMA
responses sensitively vary with the location of added
mass. The most damage-sensitive band is 15-18 kHz
(Fig. 5(c)). In this range, the shift of resonant frequencies
is approximately within the range of 0.3-0.5 kHz.
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Fig.5 The measured EMA signals: (a) the intact case; (b) the Intact + 60 Damage cases; (c) the significant resonance band in 15-18 kHz.
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4.3 Damage monitoring using traditional metrics

To offer an assessment of overall structural integrity of
the plate specimen, the EMA features were extracted
using the traditional approaches. Widely accepted
damage metrics for the admittance technique, such as
RMSD and CCD were calculated [19,20]. Typically, these
damage indices approach zero when the plate structure is
in a healthy state and increase beyond zero with the onset
of damage. The RMSD damage index is defined by
Eq. (14) [20]:

RMSD = J D Y(e)- Y(w,->]2/ DY@y, (14

where Y(w;) is the EMA signal at the healthy state (i.e.,
Intact case) for the ith frequency and Y*(w;) is the EMA
signal at the damage state; and N is the quantity of
scanning frequencies (N = 301 in this study). The CCD
damage index is defined by Eq. (15) [19]:

EMA-based automatic damage assessment in plate structures
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ZN: (Y(@)-7)(Y (@)-T)

CCD=1- (15)

>

N_l o-yo-y»»

where Y and Y* are the means of the EMA signals at the
healthy state and the damage state, respectively; oy and
o, are the corresponding standard deviations of the EMA
signals.

Figures 6(a) and 6(b) show the contours of the RMSD
and CCD metrics computed over the 60 damage locations
on the splice plate, respectively. The EMA of the intact
case was used as the baseline. The metrics were averaged
over four replicate EMA measurements. Generally, the
magnitude of the CCD metric is lower than the RMSD
metric but they exhibit similar damage-sensitivity
patterns. It is observed that the sensitivity of the EMA
response to structural damage is dependent on the damage
location. Notably, the damage cases D ,, D,4, D3y, Do,
Dy, and Dy, exhibit low sensitivity to damage compared
to others. In contrast, the EMA response of the cases D,,,
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Fig. 6 The quantitative damage evaluation using traditional approaches: (a) RMSD contour; (b) CCD contour; (c) RMSD metric vs damage

locations.
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D,g, Ds,, and D,, are the most sensitive to damage.
Despite variations in damage sensitivity, the magnitudes
of the damage metrics are consistently higher than zero
for all damage cases, signifying damage to the plate
specimen.

The analysis of the correlation chart between RMSD
and the damage location in Fig. 6(c) indicates that
numerous damage locations result in comparable
magnitudes of the damage metric. Additionally, the
nonlinear nature of RMSD with the damaged distance is
observed. Specifically, as the distance along the Y-axis
increases from 0 to 8 cm (D;,—D,,), the RMSD magnitude
gradually decreases. After reaching a minimum at the
position of 8 cm (D,,), this metric subsequently increases,
peaking at the damaged location of 16 cm (Dy).
Following a slight decrease at the position of 18 cm (D),
it rises again at the location of 20 cm (D).
Consequently, relying solely on the magnitudes of these
two metrics poses challenges in precisely determining the
location of damage on the plate. These metrics only
provide information about the presence or absence of
damage on the plate. Therefore, it is necessary to develop
an alternative method to accurately determine the location
of damage on the plate.

5 Performance evaluation of the proposed
method

5.1 Data configuration

For each of the 61 testing cases, four EMA samples were
measured repeatedly. In each sample, 301 data points
were collected from the frequency range of 10-25 kHz
with a 50 Hz interval. Consequently, an EMA databank
of 73444 data points was obtained, corresponding to 61
different structural conditions of the plate (i.e., Intact +
Dy, where X = 1:6, Y = 1:10). In real-world applications,
EMA signatures are influenced by external disturbances

0.06
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I 2% Noise| |
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Fig.7 The added noises to the EMA signals for data augmentation: (a) 10-25 kHz; (b) 15.75-18.25 kHz.
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such as noise conditions. To account for realistic
scenarios and for data augmentation purposes, each EMA
signal was injected with random white Gaussian noise,
with a standard deviation ranging from 0% to 5% (0.5%
intervals) of the signal amplitude. Figure 7(a) illustrates
sample noise signals added to the EMA data. In the
zoomed-in view in Fig. 7(b), the added noises in the
15-18 kHz band exhibit the most significant magnitudes,
corresponding to the strong resonances. The amplitude
changes in the EMA signal become more noticeable with
higher noise percentages.

The resultant EMA databank consists of the input of
2684 EMA signals (807884 data points) and the output
representing the 61 structural conditions of the plate
specimen. The target output consists of the DI data where
DI, is assigned to 1 if the location (X,Y) is damaged and
0 if the location (X,Y) is healthy. The stratified shuffle-
split technique [62] was employed to randomly partition
the acquired databank (2684 EMA signals) into 5-fold
data sets denoted as Fold 1 through Fold 5. Each of the 5-
folds is composed of an evaluation set (20%) and a
training data set (80%). Figure 8 depicts the distribution
of testing EMA samples within the evaluation set for each
fold. The application of the stratified shuffle-split techni-
que ensures that each fold maintains a representative
distribution of the target structural conditions, thereby
enhancing the distinctiveness of each split data set for
training and evaluating the proposed 1D CNN model.

All training and testing experiments are conducted on a
desktop computer equipped with an Intel Core 17-8700
CPU running at 3.2 GHz, 32 GB DDR4 memory, and a
GeForce GT 1030 GPU. The implementation of the 1D
CNN is carried out in the Matlab program.

5.2 Damage localization using the proposed method
To minimize the loss function and iteratively update the

parameters of the network, the stochastic gradient descent
with momentum optimization algorithm was utilized. The
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Fig. 8 The distribution of the testing samples in each fold for K-fold cross validation.

hyper-parameters were configured with a mini-batch size
of 8, momentum of 0.9, learning rate of 0.001, learning
rate drop factor of 0.1, and a learning rate drop period of
20. The training process spans 20 epochs. Shuffling of the
training data at the commencement of each training epoch
was implemented to enhance learning and improve the
generalization capability of the machine learning model.
This practice aids in mitigating overfitting and
contributes to the robustness of the trained model.

Figure 9 illustrates the training outcomes of the pro-
posed 1D CNN regression model for damage identifica-
tion in plate structures. As depicted in Fig. 9(a), the
training loss for the 5-folds significantly decreases after
the initial 40 iterations. In parallel, the training error (i.e.,
RMSE) corresponding to the 5-folds also exhibits a
substantial reduction after the initial iterations, as shown
in Fig. 9(b). Subsequently, the training RMSE continues
to decrease but at a slower rate, stabilizing after over
5300 iterations, indicating the convergence of the 1D
CNN model.

The evaluation results for each of the 5-folds are
visually depicted in Figs. 10(a)-10(e), and a sample
ground-truth illustration (i.e., of Fold 5) is showcased in
Fig. 10(f). In these 3D plots, the horizontal axis
corresponds to the 60 potential damage locations within
the plate, the lateral axis signifies the testing samples, and
the vertical axis illustrates the DI values. It is apparent
from the observation that the DI values predicted by the
proposed CNN model for the 60 locations closely
coincide with each other and exhibit a strong agreement
with the ground-truth sample.

The distribution of prediction errors for the 5 folds is
depicted in Figs. 11(a)-11(e), illustrating that the errors
adhere to normal distributions. Subsequently, the UCL
across the 5 folds was established for damage classifica-
tion, as shown in Fig. 11(f). The UCL value exhibits
slight variations across folds, ranging from 0.0361 to
0.0460. The UCL planes are also plotted in Figs.
10(a)-10(e). The DI values for undamaged locations

consistently fall below the UCL plane for all folds,
whereas those for damaged locations exceed the threshold
and reach approximately 1. Some positions on the plate
specimen, although undamaged, exhibit D/ values slightly
surpassing the UCL threshold. Nevertheless, the extent of
these exceedances is negligible. Several typical diagno-
stic results are depicted in Fig. 12. As observed in the
figure, the simulated damage locations in the plate
specimen were successfully detected. The DI values of
the damaged locations stand out compared to the
remaining positions.

Figure 13(a) illustrates the testing RMSE across 5 folds,
ranging from 0.0177 to 0.0219, with a mean of 0.0192,
equivalent to approximately 2% of the DI of damaged
locations. The low testing RMSE values indicate the high
accuracy of the proposed 1D CNN model for damage
identification in plate structures. The testing MSE across
5 folds, depicted in Fig. 13(b), ranges from 0.00031 to
0.00048, with a mean of 0.00037. Similarly, the testing
MAE across 5 folds, illustrated in Fig. 13(c), ranges from
0.0133 to 0.0164, with a mean of 0.0144. These
indicators consistently demonstrate low values, affirming
the good performance of the deep learning model. The
testing accuracy of the model across 5 folds, assessed by
comparing with the UCL threshold, is plotted in Fig.
13(d). The accuracy of the proposed model is remarkably
high, ranging from 97.15% to 98.35%, with an average
value of 97.97%.

The attained results underscore the effectiveness of the
proposed 1D CNN regression model. The model exhibits
the capability to directly handle raw EMA data sets and
acquire optimal EMA features, thereby overcoming the
limitations of traditional damage metric approaches in the
presence of nonlinearity within damage characteristics, as
elucidated in Subsection 4.3. Additionally, the proposed
method can autonomously identify damage locations
without the need for signal preprocessing steps, reducing
computation time and costs, demonstrating its potential
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Fig. 9 The training of the proposed 1D CNN: (a) training loss; (b) training RMSE.

for real-time
applications.

damage monitoring and assessment

5.3 Comparison of deep learning models

In this section, we assess the performance of the proposed
model by comparing it with two established 1D CNN
models introduced by Nguyen etal. [38] and Ai etal.
[67], respectively. Both benchmark models undergo
training and validation using the identical data sets of the
5-folds through the K-fold cross-validation method. The
training algorithm and parameters are set according to the
specifications in Subsection 5.1, with the number of
epochs determined based on the convergence of the
training loss.

Figure 14 illustrates the performance comparison
between the current study and previous research using the
RMSE, MSE, and MAFE indicators. The results indicate the
superior performance of the proposed method. All three
performance indicators of the proposed method exhibit
the lowest values. Nguyen’s and Ai’s models exhibit
testing RMSE values approximately 5 and 6 times higher
than the proposed model, respectively. Similarly, their
testing MSE values are approximately 27 and 37 times
higher than the proposed model, while their MSE values
are approximately 3.2 and 2.6 times higher than the MAFE
of the proposed model. The specific outcomes of damage
identification in the plate specimen using these two
established models are elaborated in the subsequent
sections.
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Fig. 10 The testing results across 5 folds: (a) Fold 1; (b) Fold 2; (c¢) Fold 3; (d) Fold 4; (e) Fold 5; (f) sample ground-truth (Fold 5).

5.3.1 Ar1’s model

The input and output layers of the 1D CNN model
proposed by Ai et al. [67] were adapted to accommodate
the EMA data set in this study. Particularly, the input
layer of the model was adjusted to learn from the EMA
data of size 1 x 301 (N = 301), while the output layer of
the model was replaced with a regression output layer
with an output size of 1 x 60 (M = 60).
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The training loss and evaluation results across 5 folds
for Ai’s method are presented in Fig. 15. Across all folds,
a substantial reduction in loss is observed in the initial
6000 training iterations, as shown in Fig. 15(a).
Subsequently, the loss exhibits a gradual decrease over
the next 5000 iterations and remains stable in the
remaining iterations. As depicted in Fig. 15(b), during the
final iterations, the loss mostly varies between 0.30 and
0.35. A good prediction model should have low testing
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Fig. 11 The UCL thresholds for damage detection: (a) the distribution of prediction error; (b) the UCL thresholds.

RMSE values to secure the high accuracy of damage
detection. Comparing with the loss values of the proposed
model shown in Fig. 9(a), the loss values of Ai’s model
are significantly higher. Figure 15(c) illustrates the testing
RMSE across 5 folds, ranging from 0.1042 to 0.1049,
with a mean of 0.1045, equivalent to approximately 10%
of the DI of damaged locations. The testing MSE across 5
folds, with a mean of 0.0109, is depicted in Fig. 15(d),
while the testing MAE across 5 folds, with a mean of
0.0457, is illustrated in Fig. 15(e).

Several typical damage identification results are
depicted in Fig. 16. Compared to the diagnostic results of
the proposed method presented in Fig. 12, the accuracy of
Ai’s model is lower. While the proposed model predicts
the DI values near 1 for damaged locations, Ai’s model
predicts values in the range of 0.2-0.6 (Figs. 16(a)—16(c).
Additionally, although the damaged locations yield
relatively higher DI values than undamaged locations,
other locations also show equivalent DI values.
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Fig. 12 Some typical prediction results by the proposed method.

5.3.2 Nguyen’s model

The architecture of the 1D CNN model introduced by
Nguyen etal. [38] was adjusted to accommodate the
EMA data set. Figure 17 displays the training loss and
evaluation outcomes across 5 folds for Nguyen’s method.
In all folds, a considerable reduction in loss is evident
during the initial 500 training iterations (Fig. 17(a)).
Subsequently, the loss gradually decreases over the next
3500 iterations (Fig. 17(b)), with the final iterations
showing a variation primarily between 0.4 and 0.5. In
comparison to the loss values of the proposed model
shown in Fig. 9(a), the losses of Nguyen’s model are
notably higher. Figure 17(c) illustrates the testing RMSE
across 5 folds, ranging from 0.1199 to 0.1237, with a

mean of 0.1217, equivalent to approximately 12% of the
DI of damaged locations. The testing MSE of 5 folds with
a mean of 0.0148 and the testing MAE of 5 folds with a
mean of 0.0377 are shown in Figs. 17(d) and 17(e),
respectively.

Figure 18 presents typical damage identification results.
In contrast to the diagnostic outcomes of the proposed
method shown in Fig. 12, the accuracy of Nguyen’s
model is inferior. While the proposed model predicts DI
values near 1 for damaged locations, Nguyen’s model
predicts DI values in the range of 0.15-0.6 only (Figs.
18(a)-18(c)). Moreover, undamaged locations exhibit D/
values equivalent to those of damaged locations, posing
challenges in pinpointing the location of damage in the
plate.
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Fig. 15 The training loss and evaluation results across 5 folds of Ai’s method: (a) the training loss; (b) the magnified loss; (c) the testing

RMSE; (d) the testing MSE; (e) the testing MAE.
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6 Conclusions

Conventional damage metrics employed in the admittance
technique solely quantify changes in the EMA response
through statistical measures, offering restricted insights
into the damage location, especially in cases where
damage introduces nonlinearities in EMA features. This
study presents a new approach centered on the deep
learning of raw EMA signals for robust damage
localization in plate structures. Through the development
of a 1D CNN-based regression model, the method
automates the processing of raw EMA responses and
predicts damage probabilities across multiple locations in
a target plate. The validation process, conducted on a
joint splice plate, involved measuring raw EMA
responses at various damaged locations, augmenting the
data set with white noise to simulate realistic measure-
ment conditions, and utilizing K-fold cross-validation for
training and testing the developed 1D CNN model. From
the experimental study, the following concluding remarks
can be drawn, as follows.

1) The proposed method achieves a high accuracy rate
of 98% in identifying the state and location of damage in
the joint splice plate.

2) Comparative analysis against the two established 1D
CNN models demonstrates the superior performance of
the proposed method, exhibiting significantly lower
testing RMSE.

3) The method demonstrates a capability to directly
handle raw EMA responses, overcoming limitations
associated with traditional EMA-based approaches
related to the selection of optimal high-frequency ranges
and appropriate damage metrics.

4) By eliminating signal preprocessing steps, the
proposed method holds substantial promise for real-time
damage monitoring in plate structures.

5) The proposed method demonstrates the potential to
monitor multiple damage locations in a plate structure
using only a single transducer with a single measurement
channel. This makes it a promising solution for cost-
effective SHM through reducing data acquisition costs
and enabling the implementation of low-cost EMA
analyzers with a limited number of sensing channels.

Our forthcoming research endeavors will concentrate
on extending the applicability of the proposed method. It
is imperative to assess the method’s performance in more
intricate damage scenarios, including instances with
multiple damage locations exhibiting varying extents of
damage. Further investigations will be conducted to
assess the effectiveness of the proposed method in the
context of an in situ plate-like structures and to explore
more realistic damage simulations, such as fatigue cracks
and environmental corrosion. The comparison and the
employment of different data augmentation methods will
also be investigated in a future study.
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