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Abstract

Bolted connections are extensively utilized in aerospace, civil, and mechanical systems
for structural assembly. However, inevitable structural vibrations can induce bolt loos-
ening, leading to preload reduction and potential structural failure. Early-stage preload
degradation, particularly during initial loosening, is often undetectable by conventional
monitoring methods due to limited sensitivity and poor noise resilience. To address these
limitations, this study proposes an intelligent bolt preload monitoring framework that
combines electromechanical impedance (EMI) signal analysis with a parallel deep learn-
ing architecture. A multiphysics-coupled model of flange joint connections is developed
to reveal the nonlinear relationships between preload degradation and changes in EMI
conductance spectra, specifically resonance peak shifts and amplitude attenuation. Based
on this insight, a parallel convolutional neural network (P-CNN) is designed, employing
dual branches with 1 x 3 and 1 x 7 convolutional kernels to extract local and global
spectral features, respectively. The architecture integrates dilated convolution to expand
frequency-domain receptive fields and an enhanced SENet-based channel attention mecha-
nism to adaptively highlight informative frequency bands. Experimental validation on a
flange-bolt platform demonstrates that the proposed P-CNN achieves 99.86% classification
accuracy, outperforming traditional CNNs by 20.65%. Moreover, the model maintains over
95% accuracy with only 25% of the original training samples, confirming its robustness
and data efficiency. The results demonstrate the feasibility and scalability of the proposed
approach for real-time, small-sample, and noise-resilient structural health monitoring of
bolted connections.

Keywords: bolt loosening; electro-mechanical impedance; convolutional neural network;
parallel network; structural health monitoring

1. Introduction

As one of the most commonly used fasteners in mechanical and civil structures, the
performance of bolted connections directly affects the load-bearing capacity and safety of
entire structures. Particularly in pipeline systems, the preload of flange bolt connections crit-
ically determines both joint integrity and sealing performance, where insufficient preload
may result in leakage or even structural failure [1]. Due to causes such as alternating loads,
material creep, and corrosion, bolt preload inevitably degrades during long-term service [2].
Notably, the performance deterioration of bolted connections does not occur after complete
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loosening but manifests abruptly when preload decreases to a critical threshold, potentially
leading to instantaneous structural instability [3]. However, during the initial loosening
phases, structural appearance usually remains unaltered, making conventional visual in-
spection or torque wrench checking ineffective [4]. Therefore, developing high-sensitivity
monitoring techniques capable of capturing the microscale performance degradation has
become crucial for ensuring engineering safety. Conventional monitoring approaches
are often limited by inadequate real-time performance, operational complexity, and high
implementation costs, which restrict their applicability for continuous, long-term monitor-
ing [5-7]. These challenges are further exacerbated in systems comprising numerous bolted
joints, such as flanged assemblies [8].

Over the past several decades, substantial advancements have been achieved in
vibration-based bolt loosening monitoring within structural health monitoring. The modal
analysis approach primarily relies on the variations in the dynamic characteristics, in-
cluding mode shapes, natural frequency, and damping ratio, to detect loosening. Impact
hammer and vibration exciter methods, respectively, acquire vibration responses through
transient and steady-state excitations. Deka et al. [9] revealed that natural frequencies
increase with preload elevation while damping ratios exhibit inverse trends. Brons et al.
demonstrated that single-bolt loosening in multi-bolt structures induces higher-order fre-
quency shifts. Liu et al. [10] validated preload sensitivity in composite bolted joints using
spring-contact models. Nevertheless, modal analysis shows insensitivity to contact stiffness
saturation under high preload and struggles to precisely locate loosened bolts in multi-bolt
systems. Current vibration-based methods generally suffer from three main limitations:
(1) insufficient detection capability and low localization accuracy for multi-bolt systems
and complex structures; (2) signal saturation caused by contact nonlinearity under high
preload, reducing sensitivity; (3) dependence on laboratory environments and specialized
equipment, hindering cost-effective large-scale deployment.

In recent years, lead zirconate titanate (PZT)-based smart piezoelectric materials have
gained extensive application in structural health monitoring (SHM) due to their high
energy conversion efficiency and cost-effectiveness. Piezoelectric transducers can serve
dually as actuators for excitation and sensors for signal acquisition, which have been
widely employed in wave-based methodologies for monitoring bolt preload. These systems
utilize actuators to induce elastic waves within the structure, while sensors capture the
corresponding response signals. Diagnostic assessment of bolt loosening is conducted by
analyzing variations in wave energy, sideband generation, and electrical impedance charac-
teristics within the acquired responses, which reflect changes in the mechanical integrity
of the bolted joints. Wave propagation-based approaches demonstrate high sensitivity
to the early-stage bolt preload variations. The linear ultrasonic wave features, including
wave energy dissipation and time reversal, were employed to detect bolt loosening. Wang
et al. [11] explored how interfacial surface roughness influences both the transmission
and attenuation of ultrasonic waves as they pass through bolted joints. Wang et al. [5]
developed a wave energy indicator based on the second norm time domain signal and
revealed the relationship between the received signal energy and bolt preload. Never-
theless, the existence of various propagation modes and dispersion in ultrasonic waves
poses challenges in accurately interpreting channel responses and retrieving valuable in-
formation. Time reversal techniques offer an adaptive approach to enhance both spatial
and temporal focusing of wave energy. Parvasi et al. [12] studied the correlation between
the peak amplitude of the focused signal and bolt preload and defined a tightness index
based on the energy of the structure’s impulse response function. Yin et al. [13] developed
smart washers integrated with time reversal to overcome signal saturation under high
preload. However, these methods exhibit limited accuracy in complex geometric config-
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urations (e.g., L-shaped joints and pipeline flange connections), as they require precise
sensor placement and are sensitive to interfacial surface roughness, thereby reducing their
reliability and practicality in real-world engineering applications. Vibro-acoustic modu-
lation (VAM) leverages nonlinear responses from coupled low-frequency vibration and
high-frequency probing to identify loosening through sideband signals. Zhang et al. [14]
proposed a modulation index-based quantification method successfully differentiating
early-stage loosening in metal and composite joints. However, VAM requires complex
signal processing (e.g., empirical mode decomposition) and faces integration challenges
with real-time monitoring systems due to bulky excitation devices (e.g., electromagnetic
shakers). Kong et al. [15] classified loosening levels through audio signal power spectrum
energy analysis, while Wang et al. [16] enhanced detection accuracy using Mel-frequency
cepstral coefficients. These methods remain vulnerable to environmental noise interference
and demand high-quality signal acquisition equipment, introducing stochastic errors in
practical applications.

As a specialized high-frequency ultrasonic non-destructive testing (NDT) technique,
electromechanical impedance (EMI) has demonstrated distinct advantages in SHM, in-
cluding high sensitivity, real-time detection capabilities, and non-invasive implementa-
tion [17,18]. Operating predominantly within the ultrasonic frequency range, EMI is
particularly effective in detecting subtle variations in structural stress states, such as the
early-stage loosening of bolts [19]. The EMI-based SHM approach identifies structural
changes by analyzing variations in the electrical impedance signals of piezoelectric trans-
ducers before and after damage occurrence. This methodology is grounded in the direct
and inverse piezoelectric effects, where changes in local mechanical impedance caused
by structural damage are transmitted to the piezoelectric sensors via stress waves. These
alterations manifest as systematic deviations in the amplitude-frequency characteristics of
the admittance spectra, including shifts in resonance magnitude and phase. The electrome-
chanical coupling intrinsic to the EMI technique enables quantitative damage assessment,
offering physical insight into structural integrity. To leverage EMI for practical SHM appli-
cations, an accurate understanding of the interfacial interaction mechanisms is essential
for establishing reliable correlations between admittance signatures and structural con-
ditions. In recent years, numerous studies have sought to investigate this relationship
across various structural types and damage scenarios. For example, Lim et al. [20] em-
ployed piezoelectric patches to detect damage in concrete cubes, aluminum beams, and
truss structures, and proposed a root mean square deviation (RMSD) index derived from
effective impedance for damage quantification. Ai et al. [21] developed a two-dimensional
coupled electromechanical model capable of translating tensile and compressive stresses
into admittance variations, thus enabling crack detection in reinforced concrete beams.
Bois and Hochard [22] introduced a delamination-informed beam model for predicting
damage in composite structures under static and cyclic loading. Additionally, Ai et al. [23]
presented a graded damage evaluation approach by linking resonance frequency shifts in
the admittance spectra to crack growth, thereby establishing a linear relationship between
damage severity and frequency deviation.

For bolt preload loss or loosening detection, these methods have garnered significant
research attention. Martowicz et al. [24] investigated pipeline bolt loosening detection
using multiple piezoelectric sensors and transfer impedance functions, validating sensitivity
through statistical damage indices (RMSD, cross-correlation). Wang et al. [25] introduced
multivariate multiscale fuzzy entropy (MMEFE) to quantify nonlinear features generated by
stress waves crossing contact interfaces for damage index construction. Wang et al. [26]
developed a piezoelectric impedance model based on fractal contact theory to quantify
bolt interface stiffness and damping, correlating preload with impedance variations via
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effective impedance concepts. Leveraging embedded piezoelectric smart structures, Huo
et al. [27] innovatively proposed piezoelectric smart washers for direct preload monitoring,
quantifying loosening severity through resonance frequency shifts and RMSD indices.
Despite these advances, most of the aforementioned methods rely on manually engineered
feature extraction strategies, which often require subjective selection of signal features such
as resonance frequency shifts. Additionally, many studies primarily depend on global
statistical indices (e.g., RMSD) to characterize impedance variations across entire frequency
bands only capture overall energy or spectral distribution changes. Due to the averaging
effects inherent in these methods, weak signals associated with early-stage damage may
be masked, thereby limiting the accuracy and robustness of damage quantification under
complex or evolving boundary conditions [28].

The recent advancement of deep learning and its widespread integration with engi-
neering disciplines has introduced adaptive and powerful network models for analyzing
EMI response signals. Convolutional neural networks (CNNs) have been widely adopted
due to their capability to autonomously extract nonlinear and high-dimensional features
from raw impedance data. Nguyen et al. [29] pioneered the use of 1D CNNs for automated
feature extraction in bolt loosening detection. Lou et al. [30] extended this approach to
access to non-uniform corrosion. They processed complex impedance responses by inte-
grating finite element simulations of corrosion pit distributions and generating real-world
samples via mechanical drilling. Regression models were then built to estimate mass loss
based on impedance spectra. Similarly, Li et al. [31] applied CNNs to monitor early-stage
concrete strength development. By combining smart aggregate-acquired impedance signals
with hybrid learning models, they successfully mapped impedance features to hydration-
driven strength evolution. To improve detection under complex operational conditions,
researchers have explored model designs that account for environmental and nonlinear
coupling effects. De Rezende et al. [32] developed a temperature-agnostic 1D CNN ar-
chitecture capable of automatically extracting damage-sensitive multi-frequency features
without requiring explicit compensation. Their results highlighted CNN'’s ability to decou-
ple thermal influences from impedance variations. Du et al. [33] addressed the challenge
of temperature-induced feature entanglement in bolt health monitoring. They proposed
a multi-task CNN framework incorporating both impedance and temperature vectors
as parallel inputs and optimized using a dynamic weight multi-loss strategy to achieve
accurate detection under small-sample constraints. In terms of local feature learning and
input structure innovation, Ai et al. [34] introduced a 2D CNN-based method for damage
quantification using electromechanical admittance (EMA) signals. By segmenting raw
admittance signals into RMSD-maximizing sub-bands and reshaping them into 2D inputs,
the model autonomously learned localized distortion patterns induced by micro-damage
through multilayer convolution.

While these studies demonstrate innovation by applying a CNN’s robust feature
extraction capabilities to electromechanical impedance signal analysis, several practical
challenges remain unsolved. A major limitation lies in the insufficient consideration of
multi-scale feature variation in EMI responses, which significantly affects recognition
accuracy. Specifically, bolt preload loss alters the local mechanical impedance of the
host structure, resulting in resonance frequency shifts and amplitude variations in the
admittance spectrum. Although both features correlate with structural changes, they exist
at different characteristic scales and exhibit distinct response sensitivities. Conventional
CNN architectures struggle to simultaneously capture both global resonance patterns
and local frequency deviations, leading to suboptimal feature representation and limited
classification performance—particularly under small-sample training conditions.
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To overcome these limitations, this study proposes a novel one-dimensional convolu-
tional neural network (1D CNN) framework that integrates multi-scale feature extraction
with a channel attention mechanism. The core of the method lies in a multi-scale dual-
core parallel CNN (P-CNN) architecture, which employs convolutional kernels of varying
receptive fields to concurrently extract global EMI spectral characteristics and localized
frequency shift details. This design effectively mitigates the drawbacks of single-scale
feature extraction and improves the representation of multi-resolution structural damage
indicators. The Squeeze-and-Excitation Network (SENet) attention module is embedded
into the architecture to further enhance feature discrimination and network adaptability.
This module adaptively recalibrates feature channel responses by learning their relative
importance, thereby emphasizing damage-relevant features and suppressing noise or re-
dundant information. A laboratory-scale flange bolt monitoring platform is developed
to simulate both single-bolt loosening and multi-stage torque loss scenarios, providing
EMI datasets for model training and evaluation. Experimental results demonstrate that
the proposed approach achieves accurate identification of preload variations with only
25% of the training data required by standard CNNs. The proposed approach provides a
novel technical pathway for pipeline flange connection health monitoring, combining high
sensitivity with engineering practicality.

2. Materials and Methods
2.1. Theoretical Background of EMI-Based Technique

The EMI technique is a non-destructive evaluation method grounded in the electrome-
chanical coupling effect between piezoelectric transducers (e.g., PZT) and host structures.
The core principle lies in monitoring variations in the electrical impedance spectrum of
PZT sensors induced by structural dynamic property changes. When a PZT patch bonded
to a structure is excited by a harmonic voltage, it generates high-frequency vibrations
(typically 10 KHz-2 MHz) through the inverse piezoelectric effect. These vibrations propa-
gate through the structure, and the resultant mechanical response is converted back into
electrical impedance via the piezoelectric effect [35]. The relationship between the electrical
impedance Z(w) of the PZT and the mechanical impedance Z;(w) of the host structure is
described by Liang’s 1D model (see Figure 1):

. ZUAZA _T ZS(CU) _E -1
2= [ (5 -z z )] o

where Z;(w), 8’53, d3p, and Y_gz represent the mechanical impedance of the PZT, com-
plex dielectric constant, piezoelectric coupling coefficient, and complex Young’s modulus,
respectively. Structural damage alters Zs(w), leading to measurable shifts in the PZT’s
impedance spectrum.

Bolt loosening identification using EMI has been widely investigated in structural
health monitoring [8]. Traditional approaches typically rely on manually extracted sta-
tistical features from the impedance spectrum, which are often sensitive to measurement
noise and boundary conditions. In this study, we adopt a CNN-based framework, where
the input consists of the conductance spectra obtained from a high-frequency impedance
analyzer, and the output corresponds to the classification of the bolt preload state. This
formulation emphasizes the non-trivial nature of the task, as it requires capturing both
subtle local resonance shifts and global variations across the frequency spectrum.

In the context of bolt-loosening detection, loosening at bolted interfaces leads to lo-
calized reductions in joint stiffness, increased damping, and altered interfacial contact
conditions. It disrupts the dynamic response of the structure, which is reflected in the



Appl. Sci. 2025, 15,9715

6 of 22

impedance spectrum through frequency shifts, amplitude variations, and statistical devia-
tions. Quantitative assessment of these variations commonly employs statistical metrics
such as root mean square deviation (RMSD), covariance (Cov), and correlation coefficient
deviation (CCD). The sensitivity and effective sensing range of the EMI technique are intrin-
sically dependent on the excitation frequency. Low-frequency regimes (10 KHz-100 KHz)
offer greater monitoring coverage but exhibit reduced sensitivity to localized damage.
Conversely, a frequency range higher than 200 KHz enables precise detection of localized
anomalies but suffers from significant ultrasonic attenuation, which limits the effective prop-
agation distance. Therefore, selecting an appropriate frequency is essential for effectively
detecting localized loosening while maintaining broad sensing coverage [36]. Accordingly,
a frequency range of 10 KHz-400 KHz has been chosen to balance these requirements.

Transducer

Y

O
©

Figure 1. Simplified one-dimensional model of EMI.

2.2. Proposed Bolt Loosening Identification Method Using EMI Data

As shown in Figure 2, the overall workflow of the proposed attention-enhanced
multi-scale EMI-based P-CNN method is illustrated in the form of a flowchart. The
process starts with signal acquisition from PZT sensors under different preload conditions,
followed by the partitioning of the collected data into training and testing samples. In the
training branch, the CNN is initialized, and forward propagation together with parameter
optimization is iteratively performed until convergence. Once the model is trained, the
testing branch employs the trained network to identify the loosening states of flange
bolted connections.

Conventional statistical damage metric of EMI can only provide limited information
about the host structure. To improve the feature extraction ability, machine learning base
methods have been induced, and the powerful tools such as CNN have extremely extended
the identification performance by representations of the monitoring data. Since the EMI
responses are normally represented in the frequency domain spectrum, a 1D CNN model is
one of the most efficient techniques for feature extraction based on its inherent capabilities.
The feature extraction capability of CNNs is largely influenced by the receptive field (RF),
which is determined by the size of the convolutional kernels. This principle, which is well-
established in image processing tasks, also applies to one-dimensional signal analysis. Small
kernels offer a fine-grained resolution but lack broader contextual awareness, while large
kernels capture more global trends at the cost of missing localized variations. EMI signals
typically contain multi-scale information, such as large-amplitude deviations associated
with stiffness loss and small-frequency shifts reflecting early contact degradation. These
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diverse features require different receptive field sizes for optimal extraction. Localized
amplitude fluctuations demand high-resolution attention, whereas resonance peak drift
may be better captured using a global view. Consequently, CNNs employing a fixed kernel
size may fail to capture the full range of relevant features, resulting in information loss and
reduced classification accuracy.

[ Start

}

Acquire signals of flange bolted
joint structure under different pre-
tightening force conditions.
i ]
[ Tramming samples ] ( Test samples ]

[ Initialize the network

—-[ Trained model ]
|
Identification of

loosening states in
bolted joint structures

Y l

[Parameter optumzanon [ End ]

QR

Forward propagatlon of]

Training
completed

Figure 2. Workflow of the proposed attention-enhanced multi-scale EMI-based P-CNN method for
bolt loosening identification.

2.2.1. Architecture of the Proposed Dual Parallel Channels Convolutional Neural Network

Focused on addressing the limitations of unidimensional feature extraction and in-
sufficient exploration of multi-scale signal correlations in EMI data, this study proposes a
parallel convolutional neural network (P-CNN) architecture integrating multi-scale feature
extraction with a channel attention mechanism. Based on the EMI technique, this method
employs piezoelectric ceramic sensors to acquire high-frequency electrical conductance
signals at bolted interfaces, enabling end-to-end intelligent identification of preload states
through deep learning. Compared with conventional single-branch CNNs, the P-CNN
enables hierarchical spectral analysis by deploying two parallel convolutional pathways:
one for learning localized resonance peak shifts, and the other for capturing broadband
amplitude variations. As shown in Figure 3, this architectural design enhances feature
representation and classification robustness under variable working conditions.

The core innovation of the P-CNN lies in its dual-branch structure, which comprises
two modified ResNet34-based subnetworks employing different convolutional kernel
sizes—1 X 3 for fine-scale feature extraction and 1 x 7 for coarse-scale patterns. The
model input consists of one-dimensional frequency—domain conductance signals with
a fixed dimension of 1 x 1000. A total of 4400 samples were collected, derived from
110 measurement groups under five preload conditions, with measurements repeated
across eight bolts for each condition. Thus, the complete input dataset can be expressed
as 4400 x 1000.
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Figure 3. Architecture of the 1D CNNs using EMI spectroscopy as input.

Each branch includes five convolutional layers, followed by a max-pooling layer, an
average-pooling layer, and a fully connected layer. The max-pooling operation reduces
computational cost, while the ReLU activation function is applied after each convolution
to introduce nonlinearity. After average pooling, the output features from both branches
are concatenated into a single feature vector, enabling cross-scale feature fusion. The
fused feature vector is passed through three fully connected layers with 512, 84, and
5 neurons, respectively.

The final fully connected layer outputs 512 floating-point features, which are then fed
into a Softmax classifier. The Softmax layer produces a 5-dimensional floating-point vector,
where each value represents the predicted probability that the input sample belongs to
one of the five discrete bolt preload states. The predicted class is obtained by selecting the
maximum probability. This setup ensures a proper multi-class classification interpretation,
with outputs summing to 1 and providing a probabilistic confidence measure for each class.

To mitigate overfitting during training, the Dropout technique is employed within the
fully connected layers. Additionally, a cross-entropy loss function is adopted to quantify
the discrepancy between predicted and ground-truth labels, providing a reliable metric for
model convergence and classification accuracy.

2.2.2. Channel Attention Module (SENet)

The attention mechanism, originally introduced in image processing and natural
language processing, is widely recognized for its ability to enhance deep neural networks
by dynamically emphasizing task-relevant information within input data. In the context
of EMI-based bolt preload assessment, training data are often limited due to practical
engineering constraints. To address this challenge and improve model adaptability under
small-sample conditions, this study integrates the Squeeze-and-Excitation Network (SENet)
attention module into the residual blocks of the proposed P-CNN architecture.
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The SENet module enhances the discriminative power of the network by learning
channel-wise dependencies and assigning dynamic weights to feature maps. This process
involves three stages: squeeze, excitation, and scaling. First, the output of a residual
block undergoes adaptive average pooling, reducing each channel to a single scalar that
reflects its global importance. Then, the pooled vector is passed through a convolutional
layer followed by a ReLU activation, which reduces the dimensionality and introduces
nonlinearity. Next, another convolutional layer and a sigmoid activation function are
applied to generate attention weights for each channel. Finally, these weights are multiplied
by the original feature maps to recalibrate the output, thereby highlighting salient features
and suppressing redundant information.

This channel attention mechanism is embedded within each residual block of the P-
CNN, as illustrated in Figure 4. By selectively amplifying important channels during feature
learning, the SENet module significantly enhances the network’s recognition accuracy and
generalization performance, particularly in low-data regimes.
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Figure 4. The structural framework of the SENet attention module.

2.2.3. Hyperparameter Determination of the P-CNN Model

In deep learning-based time-series classification tasks, the batch size and learning
rate are two critical hyperparameters that significantly affect the training performance and
efficiency of a model. To optimize the model performance, we systematically experimented
with and analyzed these parameters.

(1) Batch Size

The batch size determines the number of training samples processed in each iteration
and directly influences both the convergence speed and generalization capability of the
model. Smaller batch sizes allow more frequent weight updates and may improve general-
ization by introducing stochasticity; however, they often lead to increased training noise
and instability. In contrast, larger batch sizes typically improve computational efficiency
and reduce training time, but may impair model generalization and slow convergence due
to fewer updates per epoch. In this work, several batch sizes were evaluated in order to
balance training efficiency with recognition accuracy.

(2) Learning Rate

The learning rate not only influences the speed at which the model weights are adjusted
during training but also determines the step size of the parameter updates during the
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optimization process, thereby directly affecting the final training outcome. An excessively
high learning rate may cause oscillations or even divergence during training, whereas an
overly small learning rate, although ensuring stable convergence, can significantly prolong
the training time and potentially trap the model in a local optimum. To determine a suitable
learning rate for the proposed model, multiple candidate values were tested to identify the
configuration that achieves high recognition accuracy without compromising stability.

Based on these considerations, a systematic hyperparameter search was performed,
and the optimal configuration was subsequently adopted for model training.

2.2.4. Experimental Configuration

To validate the effectiveness of the proposed method for identifying and quantifying
bolt loosening, an experimental investigation was conducted using a test specimen with
a flanged pipe connection. The impedance analyzer was initially employed to measure
the electrical admittance signals of a PZT during the reduction in the bolt preload. The
electromechanical impedance spectroscopies were analyzed based on the conventional
statistical indicators. Then, the electrical admittance signal data obtained under different
bolt preloads were used to create a dataset for training and testing the proposed parallel
convolutional neural network. The outcomes obtained from the proposed approach are
analyzed and subjected to a comparative assessment.

The experimental setup consisted of four primary components: a desktop computer, a
HIOKI IM3536 high-frequency impedance analyzer, PZT patches, and a flange assembly
with bolted connections. The working principle of the experimental platform is illustrated
in Figure 5. As shown in Figure 6a, the impedance analyzer was connected to the PZT
patches via soldered wires and equipped with contact shielding modules to minimize
external noise. It generated sinusoidal excitation signals and acquired real-time electrical
admittance data, which were transmitted to the computer for storage and analysis. The
PZT patches (PZT-5 material, dimensions: ¢15 mm x 0.2 mm, Figure 6¢) are bonded to the
center of bolt heads using epoxy adhesive. After a 24 h stationary curing period at room
temperature (20-25 °C), the epoxy achieves stable mechanical properties. A calibrated
torque wrench (Laplace Instruments Co., Ltd. North Walsham, UK, BS04-135BN) with a
range of 6.8-135 N-m and £+3% accuracy (Figure 6d), simulates preload reduction.

| Impedance analyzer | Iexperimental object |

PC

=
2929 °

T

Figure 5. The working principle of the experimental platform.
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Figure 6. (a) Test platform. (b) High Frequency Impedance Analyzer. (c) PZT-5 piezoelectric ceramic
sensor. (d) BS04-135BN force wrench.

The test specimen of the pipeline flange joint was conducted, featuring a steel flange
(outer diameter: 190 mm, height: 200 mm) with eight evenly spaced 16 mm holes for Grade
12.9 M16 bolts (Figure 7a). Each bolt was centrally bonded to a PZT patch (Figure 7b), which
functioned as a self-excited transducer. The impedance analyzer output was configured to
1 Vpp, sweeping from 10 Hz to 500 KHz to excite the system. This range was selected based
on prior studies [37], which demonstrated that low-frequency admittance components offer
higher sensitivity to preload variations, while high-frequency components help reduce
structural boundary interference. Additionally, rubber mats were placed beneath the test
specimen to mitigate environmental vibration noise. After curing, all bolts were numbered,
and their layout is shown in Figure 7c.

To ensure consistent loading and reduce short-term relaxation effects, each bolt was
fully loosened and re-tightened before each measurement. Ambient temperature was
maintained at 2025 °C to avoid thermal variability. A total of five discrete preload
conditions (50, 40, 30, 20, and 10 N-m) were defined in 10 N-m increments, with 50 N-m
representing the fully preloaded state and 10 N-m representing the minimal tightening
condition. The experimental procedure was conducted as follows:

(1). Initial Configuration: All bolts were uniformly torqued to 50 N-m and rested for 5 min
to stabilize.

(2). Preload Variation on Bolt #1: Bolt #1 was fully loosened and re-tightened to 50 N-m
for baseline testing. Then, its preload was reduced stepwise to 10 N-m in 10 N-m
increments. After each adjustment, a 5 min rest period was applied, followed by
impedance data acquisition.

(3). Sequential Testing: Step 2 was repeated for bolts #2 through #8 to ensure full coverage.

(4). Repeatability Check: After all bolts were unloaded, the entire test process was repeated
the following day to verify data repeatability.

(5). Data Management: All acquired admittance signals were saved and analyzed to
ensure signal consistency and experimental reproducibility.
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Figure 7. (a) Schematic representation of the geometric dimensions of the test model. (b) Glue the
bolts of the PZT. (c) Bolt number and position.

3. Results
3.1. Hyperparameter Optimization Results

To evaluate the influence of hyperparameters on the training performance of the
proposed P-CNN model, we systematically tested different batch sizes and learning rates.

(1) Batch size

We tested batch sizes of 8, 16, 32, and 128, using a fixed learning rate of 0.02 and
50 training iterations. As shown in Figure 8, the recognition accuracies initially increased
with batch size—96.91% (batch size = 8), 98.27% (batch size = 16), 99.27% (batch size = 32)—
and then slightly decreased at the largest batch size, reaching 97.84% (batch size = 128).
Although training time decreased with increasing batch size—215.6 s (8), 123.4 s (16),
73.5 5 (32), and 59.8 s (128)—the accuracy exhibited a slight decline at larger batch sizes.
Considering the trade-off between accuracy and efficiency, a batch size of 128 was chosen
as it ensures faster training while retaining high recognition performance.

(2) Learning rate

To determine the optimal learning rate, four different values were tested: 0.1, 0.05,
0.02, 0.002, 0.001, and 0.0002. The experiments were conducted with a batch size of 128 and
50 iterations each. As shown in Figure 9, the model achieved its highest recognition accu-
racy at a learning rate of 0.02 (99.86%). In addition, the differences in training time across
the four learning rates were minimal, whereas the differences in recognition accuracy were
more pronounced. Therefore, the learning rate was set to 0.02 for subsequent experiments.
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Overall, the selected hyperparameter configuration (batch size = 128, learning
rate = 0.02) provides a practical balance between training efficiency and classification accu-
racy, and is particularly suitable for EMI-based monitoring tasks with limited data volume.

3.2. Experiment Results

To investigate the relationship between EMI signatures and bolt preload variations,
experimental tests were conducted on all eight bolts under fully preloaded conditions
(50 N m). Both the real (conductance) and imaginary (susceptance) components of the
admittance spectrum were acquired using a precision impedance analyzer. As shown in
Figure 10a,b, all bolts exhibited similar admittance response patterns, including a pro-
nounced resonance peak near 200 KHz. Minor frequency shifts and amplitude variations
were observed, likely caused by manufacturing tolerances. However, the proposed multi-
scale feature extraction strategy is robust to these variations, and the peak-frequency bands
remain the primary regions of interest due to their richness in damage-related features.
Following prior studies [11], the conductance signal was selected as the primary data
source, given its superior sensitivity to structural changes.
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Figure 10. Admittance responses of all eight bolts under fully preloaded conditions (50 N-m)
(a) Conductance curve; (b) susceptance curve.

Figure 11a,b present the conductance and susceptance curves for Bolt #1 under five
different preload conditions (50 to 10 N m). The results show that conductance signals
exhibit more significant changes in resonance peak amplitude than susceptance signals
as the preload decreases. This trend is further highlighted in Figure 11a, which compares
peak variation magnitudes of conductance and susceptance under loosening. These find-
ings confirm that conductance-based features offer higher sensitivity and reliability for
identifying preload degradation, thereby justifying their exclusive use in model training.

Figure 12 illustrates the changes in conductance peaks during progressive bolt loos-
ening. Although the amplitude generally increases as the preload decreases, this trend is
nonlinear and is embedded within subtle frequency shifts. Specifically, as the preload drops
from 50 N m to 10 N m, the admittance amplitude increases, reflecting changes in local inter-
face stiffness and damping. These observations are consistent with existing electromagnetic
induction (EMI) studies [35,37]. By examining the abscissa of the conductance curves, it can
be seen that the peak frequencies of the curves shift under different conditions. However,
compared with the changes in the curve peaks, the amount of frequency shift is relatively
small. Although the degree of frequency shift is relatively small compared with the changes
in the curve peaks, both frequency shift and peak changes can serve as multi-scale feature
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information for bolt preload variation for neural network learning and recognition. Taken
together, these amplitude and frequency variations constitute multi-scale features that
cannot be effectively captured by traditional statistical indices, thereby necessitating the
use of deep learning-based methods.
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Figure 11. Conductance and susceptance curves of Bolt #1 under five different preload conditions (50
to 10 N-m) (a) Conductance curve; (b) susceptance curve.
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Figure 12. Multi-scale variations in conductance and susceptance during progressive loosening of
Bolt #1 under different preload forces (50 to 10 N-m) (a) Comparison of the peak changes in the
conductance and susceptance of bolt no. 1, (b) variation in the peak conductance under different
preloading forces.

3.3. Comparative Analysis with Conventional CNN

To verify the effectiveness of the proposed P-CNN model in identifying the pre-loading
state of bolts in flange connections, comparative experiments were conducted using both
a conventional CNN and a single-scale dual-kernel CNN (D-CNN). The bolt preloading
dataset obtained from the experiments was used for training and testing. Table 1 provides
a comparative analysis of the recognition performance of the traditional CNN, D-CNN,
and P-CNN in detecting changes in the bolt preloading force.
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Table 1. Identification of two types of networks.

Evaluation Criteria  Traditional CNN D-CNN P-CNN
Epoch (times) 50 50 50
Iteration time (s) 40.8 88.2 76.9

Accuracy (%) 88.21 94.66 99.86

As shown in Table 1, the recognition accuracy of the traditional CNN is significantly
lower than that of the D-CNN and P-CNN models, with accuracies of 88.21%, 94.66%,
and 99.86%, respectively. This confirms that the effective extraction of multi-scale features
related to changes in the bolt preloading force enables the D-CNN and P-CNN models to
achieve superior performance, with P-CNN providing the highest recognition capability.

This confirms that the effective extraction of multi-scale features related to changes
in the bolt preloading force enables the P-CNN to achieve superior performance. Pre-
vious research [38] has indicated that integrating the multi-scale features of structural
damage allows the P-CNN model to capture and utilize more information for learning and
recognition, thereby enhancing its performance.

Training time consumption is another important indicator for evaluating network per-
formance, which is jointly affected by the iteration count, number of network parameters,
and network depth. As shown in Table 1, compared with the traditional CNN, the training
time of the P-CNN model increased by approximately 36 s. This increase is attributed
to the fact that the feature extraction branch of the P-CNN has more layers and parame-
ters, requiring more optimization during training, which extends the training duration.
However, compared with the improvement in recognition accuracy, the difference in time
consumption can be considered negligible.

As shown in Figure 13a, all models are sensitive to changes in bolt preload. The
training loss value drops rapidly after 10 iterations, indicating that the neural network suc-
cessfully extracted feature information in the early stages of training. The curve flattens out
after 25 iterations, suggesting that the learning process is essentially complete. Figure 13b
shows that the recognition accuracy of all models rises quickly within 10 iterations and
stabilizes around 30 iterations, with test accuracies all exceeding 90%, demonstrating the
network’s high sensitivity to changes in bolt preload status. Comparisons reveal that
the training loss curves of the single-scale dual-core CNN and P-CNN decline swiftly,
indicating higher learning efficiency. Although the traditional CNN can also achieve a
test accuracy of over 90% in the later stages, its speed and precision are both lower than
those of the single-scale dual-core CNN and P-CNN. The P-CNN has higher recognition
accuracy and a smoother curve, outperforming the single-scale dual-core CNN. Overall,
the P-CNN outperforms both the single-scale dual-core CNN and the traditional CNN,
with a recognition accuracy as high as 99%, proving its superiority.

3.4. Confusion Matrix Analysis

The confusion matrix was used as a criterion for evaluating the correct and incorrect
classifications for each damage condition. From Figure 14, by comparing the confusion
matrices of the two models, it can be observed that the traditional CNN exhibits misclassifi-
cations in identifying the first three conditions, with as many as 53 misclassifications out
of 176 classifications in the first condition alone. In contrast, the P-CNN confusion matrix
showed only 8 misclassifications out of 176 classifications in the first condition, with all
other conditions being correctly classified. Therefore, it can be concluded that, compared
with the traditional CNN, the P-CNN demonstrates superior capability in identifying
changes in the bolt preloading force and achieves extremely high classification accuracy.
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Figure 13. Training and recognition performance of all models under varying bolt preload conditions
(a) Loss curve; (b) accuracy curve.
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Figure 14. (a) Traditional CNN confusion matrix; (b) P-CNN confusion matrix.

In conclusion, combining EMI-based sensing with deep learning significantly improves
the capability for rapid, accurate, and automated monitoring of bolt preload states. The
proposed P-CNN, empowered by multi-scale feature extraction and attention mechanisms,
achieved extremely high classification accuracy (99.86%), validating its effectiveness for
intelligent bolt health monitoring in practical engineering scenarios.

4. Discussion

To further enhance the performance of the proposed P-CNN method under limited
data conditions, a channel attention mechanism (SE-Net) was integrated into the original
network architecture. Additionally, the experimentally obtained bolt preload dataset
was systematically reduced to create reduced-size sample sets for analysis. The training
results on these reduced datasets were then compared with those obtained using the full
dataset to evaluate the model’s performance under small-sample scenarios. To ensure
fairness, all network parameters were kept constant, and the training environment was
strictly controlled.

Figure 15 presents the classification performance of the proposed P-CNN model
under three different dataset scales: full-size, 1/2 scale, and 1/4 scale, with a horizontal
dotted line at 100% accuracy included as a reference benchmark to indicate the ideal
recognition accuracy. This analysis was conducted to evaluate the model’s robustness
and generalization capability in small-sample scenarios, which are common in real-world



Appl. Sci. 2025, 15,9715

18 of 22

structural health monitoring tasks. Despite a slight increase in variance, the 1/4 scale
dataset still achieved an average recognition accuracy of approximately 95%, with only
slight fluctuations in classification accuracy. The 1/2 scale dataset maintained accuracy
levels nearly identical to those of the full dataset. These results demonstrate that the
P-CNN retains high classification performance even under significant data reduction,
indicating strong adaptability and stability. This capability is particularly valuable in
practical engineering applications where collecting large amounts of high-quality training
data is often labor-intensive, time-consuming, or constrained by operational conditions.
Therefore, the proposed model not only maintains reliable performance across varying data
scales but also reduces the burden of data acquisition, offering a resource-efficient solution
for intelligent bolt preload monitoring.

Accuracy (%)

Original Dataset

ol s — 1/2 Original Dataset
— 1/4 Original Dataset
40 |
1 1 1 1
0 10 20 30 40 50

Number of Iterations

Figure 15. Recognition accuracy of P-CNN under different sample datasets.

Figure 16 presents the confusion matrices of the P-CNN model trained on datasets of
three different sizes: full, 1/2, and 1/4 of the original dataset. When trained on the full
dataset, the model achieved perfect classification across all preload conditions, with no
misclassifications. With the dataset reduced to 50% of its original size, the model introduced
only a small number of misclassifications—10 and 17 instances in two specific conditions—
while maintaining perfect recognition in the remaining classes. This corresponds to a
misclassification rate below 5% overall. Further reduction to 25% of the original dataset
size led to 14 misclassifications in a single condition comprising 44 instances, with all other
conditions accurately identified. Despite the substantial reduction in training data avail-
ability, the P-CNN still achieved over 95% accuracy across the board. These results confirm
that the P-CNN maintains strong generalization capability and class-level robustness even
under limited data scenarios, which is critical in practical applications where extensive
data collection is often infeasible. Even with a 75% reduction in training data, the model
preserved over 95% class-wise accuracy, demonstrating with only a marginal performance
degradation (less than 4%).

In summary, integrating the SENet attention mechanism into the P-CNN architecture
significantly enhanced the model’s performance and interpretability under small-sample
scenarios. By applying channel-wise weighting to convolutional outputs, the attention
module enables the network to focus on structurally salient features while suppressing
irrelevant information. Combined with the dual-branch multi-scale structure, this attention-
guided framework enables more effective representation learning across a wide range
of feature scales. Consequently, the SENet-enhanced P-CNN not only outperforms the
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baseline CNN in terms of overall classification accuracy but also demonstrates superior
stability, especially when trained on limited or imbalanced datasets. These results validate
the practical applicability of the proposed method for intelligent bolt preload monitoring
and provide a promising foundation for broader deployment in data-constrained structural
health monitoring applications.
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Figure 16. (a) Original dataset; (b) 1/2 original dataset; (c) 1/4 original dataset.

5. Conclusions

To address the limitations of traditional vibration methods and electromagnetic
impedance techniques in structural health monitoring, such as insufficient multi-scale
feature extraction, susceptibility to environmental interference, and poor recognition accu-
racy under small sample conditions, this study proposes a new intelligent structural health
monitoring method. The proposed approach is elaborated as follows:

1.  The method combines multi-scale convolutional feature extraction and channel at-
tention mechanisms to monitor changes in bolt preload by analyzing the changes in
the electrical admittance spectra of surface-mounted piezoelectric sensors. A wide
excitation frequency range of 10-400 KHz is selected to capture key signal changes
related to bolt loosening, such as resonance peak shifts and amplitude attenuations.

2. The method innovatively employs a dual-branch multi-scale convolutional strategy.
It uses convolutional kernels of sizes 1 x 3 and 1 x 7 to extract local and global
frequency—domain features, respectively. Dilated convolutions are applied to enhance
the long-range receptive field. Moreover, a channel attention module based on SENet
is embedded to adaptively recalibrate the importance of the learned frequency bands.
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This approach helps to mitigate the limitations of traditional CNNs in capturing weak
damage signals.

3. Under laboratory-scale bolted flange connections, the P-CNN achieved a classification
accuracy of 99.86% across different preload levels (50-10 N m), which is 11.65% higher
than that of traditional CNN models. Even with only 25% of the original training data,
the model still maintained an accuracy of 95.4%, demonstrating strong robustness and
generalization ability under data-scarce conditions. By combining electromagnetic
impedance techniques with data-driven learning, this method effectively decouples
multi-scale signal features related to connection stiffness degradation, providing a
highly sensitive and scalable solution for bolt health monitoring. It also represents a
significant advancement in the practical deployment of electromagnetic impedance-
based methods in complex engineering environments.
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