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Abstract

To address the insufficient fusion of electromechanical impedance (EMI) response features
from multiple sensors and the limited characterization of spatial relationships between
sensors and bolt nodes in four-bolt connection structures, this study proposes an improved
graph convolutional network (GCN) model integrating Batch Normalization (BN) and
Distance Weighting (DW) strategies for bolt preload-loss state identification. First, PZT
sensor nodes and bolt nodes are jointly represented as a graph structure, and the correlation
coefficient deviation (CCD) is extracted as the EMI response feature. Then, a weighted
adjacency matrix is constructed according to the geometric distances between sensor
nodes and bolt nodes to describe the spatial coupling relationships among different nodes.
Subsequently, the weighted adjacency matrix and node features are input into the GCN, and
a BN layer is introduced after the graph convolutional layers to reduce the influence of multi-
channel feature distribution variations on model training stability. Experimental results on
a four-bolt connection structure show that the proposed GCN-BN-DW model outperforms
the Basic GCN, GCN-BN, GCN-DW, and several benchmark models in terms of prediction
accuracy and stability. Under the strict five-fold cross-validation protocol, the proposed
model achieves a test MAE of 2.400 & 0.100, RMSE of 3.302 4 0.239, MASE of 0.300 4 0.013,
and R? of 0.821 + 0.033. These results indicate that the proposed model can effectively
integrate multi-sensor EMI features and sensor-bolt spatial relationships, providing a
feasible graph-based modeling approach for bolt preload-loss state identification.

Keywords: bolt preload; electromechanical impedance; graph convolutional network;
multi-sensor fusion; batch normalization; distance weighting

1. Introduction

Bolted connections are widely used in aerospace, high-speed rail, and various types
of large-scale mechanical equipment due to their high structural reliability and ease of
disassembly and maintenance [1]. However, during long-term service, the connection
structure is continuously subjected to factors such as vibration, impact, temperature fluctu-
ations, and load variations, which may cause the bolt preload to diminish. This can lead to
a reduction in contact interface stiffness, changes in load transfer paths, and local stress
redistribution [2]. If these changes are not detected and identified in a timely manner, they
may further lead to connection loosening, fatigue damage, or even structural failure [3].
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Therefore, conducting effective monitoring of the preload state of bolted joints is a critical
research area for ensuring structural safety during service.

Electromechanical impedance (EMI) [4] is a high-frequency, localized, non-destructive
testing method based on piezoelectric sensors. By exciting a piezoelectric element and
measuring its impedance or admittance response under high-frequency excitation, it in-
directly reflects changes in the local mechanical impedance of the structure. When the
state of a bolted joint changes, the contact stiffness at the joint interface and the local load
also change, thereby causing alterations in the peak, peak position, and spectral shape
of the EMI frequency-domain response [5]. Consequently, EMI technology exhibits high
sensitivity to bolt loosening and changes in preload status and has been widely applied in
research on the health monitoring of bolted structures [6-10].

However, in complex multi-bolt connection structures, a single sensor or a single
statistical metric struggles to comprehensively characterize the complex connection state.
Spatial coupling exists between different bolt joints; a change in the preload state of a single
bolt may affect the EMI response of multiple other sensors through the connecting plate,
contact interface, and adjacent bolts [11]. Furthermore, due to differences in installation
locations and propagation paths, the response amplitudes, frequency-sensitive ranges,
and characteristic distributions of different sensors may vary significantly [12]. Therefore,
relying on EMI characteristics from a single measurement point or traditional statistical
indicators makes it difficult to fully describe the spatial relationships between sensor nodes
and bolt nodes in multi-bolt connection structures.

In recent years, data-driven methods have been gradually introduced into EMI signal
analysis and structural condition monitoring. Methods such as backpropagation neural
networks and convolutional neural networks extract nonlinear features from impedance
responses for use in research on bolt loosening detection, damage classification, and condi-
tion prediction [13-17]. Related studies have shown [18,19] that neural network methods
offer certain advantages in EMI feature modeling, as they can reduce the influence of
human bias on recognition results during feature selection. However, for structures with
multiple sensors and multiple bolted connections, traditional neural networks typically
treat features from each channel as ordinary vectors or matrices, making it difficult to
explicitly represent sensor nodes, bolt nodes, and their spatial relationships. When multiple
connection nodes exist within a structure, ignoring spatial topological relationships can
result in the model’s inability to adequately characterize local state changes.

Graph neural networks (GNNs) [20] can characterize the node associations and
topological structure features of non-Euclidean data, making them suitable for describing
the inter-node relationships within a structure. Among these, graph convolutional networks
(GCNs) [21] aggregate node information through an adjacency matrix, enabling both node
features and topological relationships to be incorporated into model training. For multi-
sensor EMI monitoring, modeling sensors and bolt positions as graph nodes allows the use
of graph structures to describe the spatial relationships between different measurement
points and connecting nodes. Zhou [22] et al. combined EMI signals with GCNs to construct
a sensor-bolt graph structure, achieving quantitative characterization of dual-bolt loosening
states and validating the feasibility of integrating GCNs with EMI.

However, existing GCN and EMI modeling methods still have certain limitations.
Current research primarily focuses on simplified two-bolt scenarios and has limited abil-
ity to characterize multi-node, multi-path coupling relationships in complex connection
structures. In particular, for four-bolt connection structures, the increased number of bolts
leads to complex coupling relationships between sensors, placing high demands on the
model’s ability to represent spatial relationships and ensure training stability. Existing
EMI-GCN network frameworks do not adequately address the issues of multi-channel
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feature distribution variations and training fluctuations, limiting the effectiveness of these
frameworks in complex connection structures.

To address these issues, this paper proposes an improved GCN modeling method that
integrates Distance Weighting (DW) [23] and Batch Normalization (BN) [24] strategies
for the identification of preload-loss states in four-bolt connection structures. Different
from previous EMI-GCN studies mainly focusing on simplified two-bolt monitoring cases,
this work extends the sensor-bolt graph modeling framework to a four-bolt connection
structure with 625 torque combinations. First, PZT sensor nodes and bolt nodes are jointly
organized into a graph structure, and the CCD features extracted from multi-band EMI
responses are used to characterize the variation in sensor responses relative to the reference
state. Second, a weighted adjacency matrix is constructed based on the geometric distances
between sensor nodes and bolt nodes to characterize the spatial relationships among nodes.
Finally, node features and the weighted adjacency matrix are input into the GCN, and BN
is introduced during the graph convolution feature propagation process to mitigate the
impact of variations in multi-channel EMI feature distributions on the model training
process. The contribution of this work is not the isolated use of GCN, DW, or BN alone,
but the combined GCN-BN-DW framework for four-bolt preload-loss state identification
using multi-sensor EMI features.Through experiments on four-bolt connection structures,
a comparative analysis of the baseline GCN, GCN-BN, GCN-DW, and GCN-BN-DW models
is conducted to validate the feasibility of the proposed method for bolt preload-loss state
identification under the experimental conditions described in this paper.

2. Methods

2.1. Structural Modeling of Multi-Sensor EMI Maps
2.1.1. Extraction of EMI Signals and CCD Features

Electromechanical impedance (EMI) testing technology [25] is a non-destructive testing
method based on the electromechanical coupling effect of piezoelectric materials. Figure 1
shows a schematic diagram of a one-dimensional electromechanical impedance theoretical
model, in which a PZT piezoelectric ceramic patch is fixed at one end, and the host system
can be modeled as a single-degree-of-freedom mass-spring-damping system. K, C, and V
denote the equivalent structural stiffness, equivalent damping, and applied excitation
voltage of the PZT patch, respectively. When the PZT is attached to the structural surface
and subjected to a high-frequency excitation voltage, its impedance or admittance response
is influenced by the local mechanical impedance of the structure. For bolted structures,
changes in the preload state of the bolts alter the contact conditions and local stiffness
at the joint interface, thereby causing changes in the peak values and waveform of the
EMI frequency-domain response. Therefore, the EMI response can be used to characterize
changes in the preload state of bolted structures.

To quantitatively characterize the degree of variation in EMI response relative to
a reference state under different bolt preload states, this paper employs the correlation
coefficient deviation (CCD) [26] as a sensor node feature. CC denotes the correlation
coefficient between the EMI response under the current preload state and that under the
reference state within the selected frequency range. Let Re(Z; (i)) denote the real part of
the impedance response at frequency point i under the condition to be identified, and
Re(Zy(i)) denote the real part of the impedance response at frequency point i under the
initial condition; then, the correlation coefficient of the EMI response between the two
conditions is expressed as:

1 @ [Re(Z(i)) — Zo] [Re(Z4(i)) — Z4]

CCupw, = 2
1,02
Wy — W1 =, 07,07,

(1)
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CCDuywy, = 1 — CCuyy 0y 2)

Here, Zy and Z; denote the mean values of the two impedance signals within the frequency
range from wy to wy, respectively, while 07, and 07, represent their corresponding standard
deviations. For each sensor under each working condition, a CCD feature value can be
calculated and used as the node input feature for constructing the graph model. When the
bolted joint group is under the initial condition, the calculated CC is 1 and the CCD is 0.

Excitation voltage V

Equivalent
mass M

Equivalent
stiffness K

Equivalent
damping C

Figure 1. Schematic diagram of a one-dimensional electromechanical impedance (EMI) model.

2.1.2. Constructing the Sensor-Bolt Diagram Structure

The EMI response in a multi-bolt connection structure depends not only on the position
of individual sensors but is also influenced by the spatial distance between the sensors
and the bolt nodes, as well as the connection paths. To describe the spatial relationships
among multiple nodes, this paper models both the PZT sensor nodes and the bolt nodes as
a graph structure. Let there be N; PZT sensor nodes and Nj, bolt nodes, respectively, in the
structure; then, the total number of nodes in the graph is:

N =N + N, 3)

Graph structures can be represented as:
G=(V,E AX) (4)

Here, V is the set of nodes, comprising sensor nodes and bolt nodes; E is the set of edges,
representing the spatial relationships between nodes; A is the adjacency matrix; and X is
the node feature matrix.

The adjacency matrix A = (a;j) represents the original topological connections be-
tween nodes, where ajj is defined as:

1, if nodes v; and v; are connected,

(5)

aj; = .
0, otherwise.

The node feature matrix X represents the attribute information of each node, where
the sensor node features consist of CCD values extracted from the corresponding channels,
and the initial features of the bolt nodes are set to the zero vector. Through graph convolu-
tion modeling, the EMI characteristics of sensor nodes are propagated to bolt nodes via
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adjacency relationships, thereby enabling the mapping and modeling of multi-sensor EMI
characteristics to bolt preload-loss states.

For the four-bolt specimen in this study, the graph contains 14 nodes, including 10 PZT
sensor nodes and 4 bolt nodes. Edges are established between PZT sensor nodes and bolt
nodes to describe the sensor-bolt spatial coupling relationships. Direct sensor-sensor and
bolt-bolt edges are not considered in the current graph construction. The initial features
of the bolt nodes are set to zero, whereas the PZT sensor nodes contain the CCD feature
vectors extracted from EMI responses.

2.1.3. Construction of the Distance-Weighted Adjacency Matrix

In multi-bolt connection structures, the EMI response measured by a PZT sensor is
more sensitive to local impedance changes near the sensor. Therefore, the spatial distance
between PZT sensor nodes and bolt nodes can be used as a measurable prior to describe
the sensor-bolt coupling strength. For the present flat four-bolt plate specimen, a shorter
sensor-bolt distance is assumed to indicate stronger local coupling, whereas a longer
distance indicates weaker coupling [27]. Based on this consideration, a distance-weighted
strategy is introduced into the adjacency matrix to describe the spatial relationship between
sensor nodes and bolt nodes.

Let P; = (x;,Y;,z;) be the position vector of the ith node in the graph. The Euclidean
distance between nodes i and j is calculated as:

dij = ||Pi = Pif|, = \/(xi — %)%+ (i — yj)* + (zi — zj)? (6)

Based on the measured sensor-bolt distances, the distance-weighted adjacency matrix
is constructed for the sensor-bolt graph. The measured distance d;; is first normalized by
the maximum measured sensor—bolt distance dmax:

_ d
dij =

g ?)

dmax

The distance-weighted adjacency matrix is then defined as:

exp(—‘de_l-j), 0U; € VS,U]' € Vyoru; € Vb,vj e Vs,

Aij =

(8)

0, otherwise

where V; and V}, denote the sets of PZT sensor nodes and bolt nodes, respectively; d_ij is the
normalized sensor-bolt distance; and B, is the distance attenuation coefficient.

The exponential Distance Weighting function assigns a larger edge weight to a closer
sensor-bolt pair and a smaller edge weight to a farther pair. This function is continuous,
monotonic, and bounded, and avoids the need for a manually selected distance threshold.
The coefficient B; controls the attenuation rate of the sensor-bolt coupling weight. In this
study, B, is set as a positive trainable parameter, so that the attenuation rate can be updated
during model training.

It should be noted that the Euclidean distance is used as a first-order spatial prior rather
than an exact EMI propagation path. The EMI response can also be affected by contact
interfaces, load-transfer paths, boundary conditions, local stiffness variations, and sensor
bonding conditions. Therefore, the distance-weighted graph in this study provides an
approximate description of sensor-bolt spatial coupling for the present flat plate specimen.
For more complex engineering structures, weights based on contact/load-transfer paths,
experimentally identified sensitivity weights, or finite-element sensitivity-based weights
may be needed.
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To preserve the intrinsic characteristics of the nodes, self-loops are added to the
adjacency matrix, as shown in Equation (9):

A=A+1 ©9)

Next, we compute the corresponding degree matrix D, and all non-diagonal elements
are zero, i.e., Di]- = 0 for i # j, whose diagonal elements satisfy:

N ~
Dij =) Ay (10)

-.
Il
—_

The adjacency matrix used for graph convolution propagation is then constructed
using symmetric normalization:
A=D"1AD 2 11)
2.2. A GCN-Based Preload-Loss State Identification Model Integrating BN and DW
2.2.1. Basic GCN Feature Propagation

GCN aggregates information about the neighborhoods of nodes using an adjacency
matrix and updates node features by incorporating trainable weights. For the /th layer of
graph convolution, the propagation process is represented as follows:

HU+D — a(AHU)w(l)) (12)

where H() represents the feature matrix of the /th layer, N is the number of nodes, and F is
the feature dimension of the current layer; W(!) represents the trainable weight matrix of
the /th layer; o(+) is the nonlinear activation function. In this paper, the ReLU function is
used; H®) = X refers to the input feature matrix.

2.2.2. Batch Normalization

Both the sensor installation location and the response propagation path influence
EMI characteristics, leading to variations in feature distribution across different channels.
If these features are directly used as GCN inputs, the model may experience issues such
as gradient oscillations, oscillatory propagation, or even convergence difficulties during
training [28]. To mitigate this problem, this paper introduces Batch Normalization (BN)
into the graph convolutional feature propagation process to normalize the output features
of each graph convolutional layer [29].

The formula for Batch Normalization during training is as follows:

1 m
M= l; X (13)
, 1 & 2
of = — ) (xi—up) (14)
mi3

- Xi — UB
£ = 1B (15)

N R
9i =% + BN (16)

Here, m represents the number of samples in the current batch, £; denotes the input
feature of the i-th sample in the mini-batch, yp and (7123 are the batch mean and batch
variance, respectively; ¢ is a small constant used to avoid division by zero; and y and
Bpn are trainable scale and shift parameters. The notation Bpy is used to distinguish the
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BN shift parameter from the distance attenuation coefficient B in the distance-weighted
adjacency matrix. During inference, the running mean and running variance accumulated
during training are used for normalization.

2.2.3. Model Output and Loss Function

In this paper, bolt nodes are treated as the nodes to be predicted. By aggregating the
EMI features from sensor nodes via a multi-layer GCN, the model performs regression
prediction of the target torque level of each bolt node. Let y;, denote the true label for b bolt
nodes, and #; denote the model’s predicted value. For a single sample, the model output is
expressed as:

Y =[91,9,...,9n,] (17)

Here, Y represents the predicted results for all bolted joints. The model training process
uses the mean squared error as the loss function:

1 N

Lyse = N, Y (v - ) (18)
=1

For batch training samples, the loss function is averaged across the sample dimension.
By minimizing the error between the predicted values and the true labels, the model
learns the mapping relationship between multi-sensor EMI features, spatial relationships
among nodes, and bolt preload-loss states. The overall workflow of the GCN-BN-DW
model proposed in this paper is shown in Figure 2, which includes EMI feature extraction,
distance-weighted matrix construction, graph convolutional feature propagation, Batch
Normalization, and bolt node state regression prediction.
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Graph structure

Adjacency matrix A

Figure 2. Recognition framework diagram of the improved GCN model.

3. Experimental Design and Conductance Response Analysis

In this section, an experimental system consisting of an aluminum alloy plate with four-
bolt connections was constructed to collect multi-sensor EMI response data under different
preload-loss states, with the aim of verifying the feasibility of the multi-sensor EMI-based
graph modeling method. The experimental content includes system setup, specimen design,
configuration of torque-defined preload-loss states, measurement of spatial distances
between sensors, and analysis of EMI response patterns. By comparing conductance curves
under different sensor positions and preload-loss states, this study analyzes the sensitivity
of multi-sensor EMI responses to changes in bolt connection states, providing experimental
data for subsequent CCD feature extraction and graph structure modeling.

3.1. Experimental Equipment and Test Specimens
3.1.1. Experimental Equipment

The experimental system consists of a desktop computer, a precision impedance
analyzer, PZT sensors, and a four-bolt-connected aluminum alloy plate test specimen,
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as shown in Figure 3. The impedance analyzer is the IM3536 model from Hioki (Japan),
which features high precision and wide-frequency response capabilities; its main technical
parameters are detailed in Table 1. The PZT sensor has a diameter of 15 mm and a thickness
of 1 mm, with the material type designated as PZT-5. The bolt preload is adjusted via
torque control using a BS04-135BN torque wrench, which has a measurement range of
6.8 N-m to 135 N-m and a torque measurement accuracy of £3%.

Desktop Computer Fiag

Test Specimen
- \-‘ _Tm-qm-j .‘YNML

Figure 3. Multi-bolt experimental monitoring system.

Table 1. Specifications of the IM3536 precision impedance analyzer.

Parameters Indicators
Rated voltage 240V
Measurement range 4 Hz-8 MHz
Measurement accuracy +0.05%rdg
Minimum measurement increment 0.1Hz
Maximum voltage/current excitation frequency 8 MHz
Fastest measurement time 1ms

3.1.2. Test Specimen Model

To verify the effectiveness of the aforementioned graph convolutional modeling
method in the fusion of multi-sensor EMI responses, the test specimen was designed
as an aluminum alloy plate structure connected by four bolts; the 3D model is shown in
Figure 4. The test specimen measures 300 mm x 200 mm x 10 mm and is rigidly connected
using four M16 Grade 12.9 chromium-molybdenum alloy steel bolts. The four bolt joints
are designated as B1, B2, B3, and B4, respectively.

100

e e 6"
e L
3

Figure 4. Geometry and dimensions of the four-bolt aluminum alloy specimen.

200

300 o

3.2. Experimental Setup

Based on the piezoelectric coupling characteristics of piezoelectric materials, a self-
excited piezoelectric admittance monitoring system was constructed. In the experiment,
10 PZT sensors were secured to different positions on the surface of an aluminum alloy
plate using epoxy resin, and wires were soldered to the positive and negative terminals of
the sensors. The aluminum alloy plate with the four-bolt connection after the sensors were
attached is shown in Figure 5. The PZT sensors were not arranged in a circularly symmetric
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pattern because the monitored specimen was a rectangular four-bolt joint rather than an
axisymmetric structure. The purpose of the sensor layout was to cover different regions
around the bolt group and to provide diverse sensor-bolt distances for subsequent distance-
weighted graph modeling. In addition, practical constraints, including bolt positions,
wiring space, edge distance of the plate, and available bonding areas, were considered
during sensor installation. Therefore, the adopted PZT layout was designed to balance
spatial coverage, installation feasibility, and sensitivity to different bolt preload-loss states.

During the experiment, an impedance analyzer applied a swept voltage excitation
signal to the PZT sensors. The sweep frequency range was set from 10 Hz to 1 MHz,
with an excitation amplitude of 1 V, and the conductance response of each sensor was
collected. The selected frequency range was not determined solely based on the global
natural frequencies of the aluminum plate-bolt assembly. In contrast to conventional modal
testing, EMI measurements mainly reflect the local electromechanical interaction between
the PZT patch and the host structure. Therefore, a broadband frequency sweep was adopted
to cover the effective response range of the PZT sensors and to identify conductance peaks
and preload-sensitive frequency bands for subsequent feature extraction.

Figure 5. Aluminum alloy panel with PZT bonded in place using a four-bolt connection.

This study focuses on the identification of torque-defined preload-loss states in multi-
bolt connections. In the experiment, 30 N-m was defined as the reference tightened state.
To simulate different degrees of bolt loosening, the applied torque of each bolt was gradually
reduced from 30 N-m to 10 N-m with a step size of 5 N-m. Therefore, five target torque
levels were considered for each bolt: 30, 25, 20, 15, and 10 N-m, where a lower torque level
was used to represent a larger preload reduction relative to the reference tightened state.
The target torque levels for a single bolt are shown in Table 2.

Table 2. Target torque levels for a single bolt.

Torque-Defined State Target Torque Level
Reference state 30 N-m
State 1 25 N-m
State 2 20 N-m
State 3 15N'm
State 4 10 N-m

It should be noted that the applied torque levels were used as controlled indicators of
preload-loss states rather than direct measurements of bolt axial preload. The relationship
between the applied torque and the axial preload can be approximately expressed as
T = KFd, where T is the applied torque, F is the axial preload, d is the nominal bolt
diameter, and K is the torque coefficient related to friction and contact conditions. Since K
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is affected by thread friction, bearing surface friction, and contact uncertainty, the labels in
this work should be interpreted as torque-defined preload-loss states under the present
experimental conditions.

For the four-bolt connection, each bolt could be assigned one of the five target torque
levels, namely 10, 15, 20, 25, and 30 N-m. Consequently, a total of 5% = 625 torque
combinations were generated. Each operating condition represents a specific target torque
combination of bolts B1, B2, B3, and B4, rather than the chronological order of tightening
or loosening. For example, condition 30303030 indicates that all four bolts were in the
reference tightened state of 30 N - m, whereas condition 10152025 indicates that bolts B1,
B2, B3, and B4 were set to 10, 15, 20, and 25 N - m, respectively.

During the experiment, all four bolts were first tightened to 30 N - m to acquire the
reference EMI response under the initial tightened state. Then, according to the predefined
test plan, the target torque of each bolt was adjusted to the prescribed value in the corre-
sponding torque combination using a calibrated digital torque wrench. After each target
torque combination was reached, the specimen was kept undisturbed for 5 min to reduce
the influence of short-term relaxation and manual loading disturbances. Subsequently,
the conductance responses of the 10 PZT sensors were collected using the impedance ana-
lyzer. After all 625 torque combinations were tested, all bolts were fully unloaded. After a
one-day interval, the same loading-resting—data acquisition procedure was repeated to
evaluate the repeatability of the experimental protocol. The representative test conditions
for the four-bolt torque combinations are listed in Table 3.

Table 3. Test conditions for torque combinations of four-bolt connections.

Bolt 1 Bolt 2 Bolt 3 Bolt 4
Operating Condition 1 10 N-m 10 N-m 10 N-m 10 N-m
Operating Condition 2 10 N-m 10 N-m 10 N-m 15N-m
Operating Condition 623 30 N'm 30 N-m 30 N-m 20 N'm
Operating Condition 624 30 N-m 30 N-m 30 N-m 25N-'m
Operating Condition 625 30 N-m 30 N-m 30 N-m 30 N-m

In multi-sensor EMI monitoring, the spatial relationship between sensors and bolts
affects the intensity of the EMI response to local state changes. To construct a distance-
weighted adjacency matrix, the geometric distances between each PZT sensor node and the
four bolt nodes were measured in the experiment; the results are shown in Table 4. This
distance matrix is used to calculate edge weights in graph-based modeling to characterize
the spatial relationships between sensor nodes and bolt nodes.

Table 4. Distance parameters between sensor nodes and bolt nodes for four-bolt connection monitoring.

Bolt1 Bolt 2 Bolt 3 Bolt 4
Sensor 1 71.01 mm 116.56 mm 154.95 mm 120.94 mm
Sensor 2 43.81 mm 72.56 mm 133.34 mm 124.82 mm
Sensor 3 56.85 mm 41.92 mm 117.31 mm 127.08 mm
Sensor 4 94.55 mm 47.65 mm 115.48 mm 144.12 mm
Sensor 5 106.25 mm 59.61 mm 89.15 mm 127.68 mm
Sensor 6 104.22 mm 69.95 mm 45.92 mm 94.48 mm
Sensor 7 128.75 mm 113.93 mm 35.51 mm 71.07 mm
Sensor 8 117.16 mm 130.65 mm 72.62 mm 39.65 mm
Sensor 9 96.39 mm 127.46 mm 96.79 mm 46.91 mm
Sensor 10 65.54 mm 112.56 mm 119.62 mm 78.01 mm
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Figure 6 shows a schematic diagram illustrating the spatial relationships among four
bolt nodes (B1, B2, B3, and B4) and three PZT sensor nodes. The lines in the figure are
used solely to illustrate the concept of Distance Weighting; in actual modeling, a graph
structure is constructed using all sensor nodes and bolt nodes, and adjacency relationships
are established based on the distances between nodes.
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Figure 6. Schematic diagram of distance weighting.

3.3. Analysis of Conductance Response Results

To analyze the patterns of changes in bolt preload caused by multi-sensor EMI signals,
a comparative analysis was conducted on the conductance curves collected by different
PZT sensors. Figure 7 shows the conductance response curves of 10 PZT sensors under
operating condition 30303030.
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= PEE

0.003

0.002
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0.001

0.000
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Frequency (KHz)

Figure 7. Conductance response of PZT sensors at different locations under operating condi-
tion 30303030.

As shown in Figure 7, the conductance curves measured by PZT sensors at different
locations exhibit essentially consistent peak positions at the main resonance frequency,
but differ in terms of local peak amplitude, peak shape, and fine-scale variations. This indi-
cates that the PZT response is not only related to the overall structural state but also to the
sensor installation location and the propagation path between bolted joints. For multi-bolt
connection structures, relying on a single PZT sensor alone makes it difficult to compre-
hensively characterize changes in the preload state of different bolt joints; therefore, it is
necessary to adopt a multi-sensor information fusion modeling method.
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To further analyze the response changes of the same sensor under different preload
state, Figure 8 plots the conductance curves of PZT-1, PZT-3, PZT-6, and PZT-9 under
different operating conditions.
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Figure 8. Conductance curves under different operating conditions in a test to monitor the preload
state of multi-bolt connections. (a) PZT-1; (b) PZT-3; (c) PZT-6; (d) PZT-9.

As shown in Figure 8, as the bolt assembly state changes, the peak amplitude, peak
position, and peak shape of the conductance curve vary across certain frequency bands,
indicating that the EMI signal is sensitive to changes in the connection state. Under identical
operating conditions, different position sensors exhibit varying response intensities and
sensitive frequency bands, indicating that each sensor reflects structural state information
from different local regions and propagation paths. The response changes of the same
sensor under different bolt combination conditions do not follow a linear relationship,
suggesting that changes in the preload state of multiple bolts have a coupled effect on local
admittance characteristics.

4. Analysis of Modeling and Recognition Results Using a Graph Neural
Network That Integrates BN and DW

Building upon the experimental data and graph structures presented in Section 3, this
chapter constructs an improved graph convolutional network (GCN) model that integrates
Batch Normalization (BN) and Distance Weighting (DW) strategies to perform regression
prediction of the preload-loss state of a four-bolt connection structure using multi-sensor
EMI features.By comparing the proposed model with Basic GCN, GCN-BN, GCN-DW,
and several benchmark models, the roles of BN and DW strategies in multi-sensor EMI
graph modeling are analyzed, and the predictive performance of the proposed model is
evaluated under the experimental conditions described in this paper.
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4.1. Multi-Sensor Feature Extraction and Fusion

To establish a mapping model between multi-sensor EMI response features and bolt
preload state, this paper constructs a graph neural network model based on the basic GCN
framework that integrates spatial relationships between nodes and multi-channel feature
information. The nodes in the graph consist of both PZT sensor nodes and bolt nodes.
The sensor nodes are used to input CCD features calculated from EMI responses, while the
bolt nodes serve as the nodes to be predicted, outputting the predicted target torque levels
for the corresponding bolts.

The model employs a multi-layer graph convolutional network for feature propagation
among nodes. The EMI features from sensor nodes are aggregated within the graph
structure via an adjacency matrix and transmitted to bolt nodes. The adjacency matrix A is
an nxn matrix, where n represents the total number of nodes in the graph. Based on the
geometric distances between sensor nodes and bolt nodes measured in Section 3, this paper
constructs a distance-weighted adjacency matrix to characterize the spatial relationships
between nodes.

In traditional GCNSs, the adjacency matrix merely reflects node connectivity, making
it difficult to distinguish the impact of spatial distance differences between nodes on the
propagation of EMI responses. For multi-bolt connection structures, the distance between
sensor nodes and bolt nodes affects the sensitivity of sensors to changes in local preload
state. Therefore, this paper introduces DW during the construction of the adjacency matrix
and uses an exponential decay function to define node edge weights:

wi]' = exp(—‘Bd,»j) (19)

Here, d;; represents the geometric distance between the i-th node and the j-th node, and § is
the distance decay coefficient. This definition assigns greater weights to nodes that are closer
together and reduces the weights of nodes that are farther apart, thereby enabling the graph
structure to reasonably reflect the spatial relationships between sensor nodes and bolt nodes.

Additionally, due to variations in PZT installation positions and response propagation
paths, the EMI characteristics of each channel differ in both amplitude and distribution.
To mitigate the impact of these variations on the stability of model training, this paper
introduces Batch Normalization (BN) during the graph convolution feature propagation
process to normalize the node features after each layer of graph convolution. BN adjusts
the distribution of propagated features to reduce the impact of inconsistent feature scales
across different channels on the training process.

Figure 9 illustrates the construction of the adjacency matrix for a four-bolt connec-
tion structure. First, node distances are calculated based on the spatial positions of the
sensor nodes and bolt nodes. Then, a weighted adjacency matrix is constructed using
distance-weighted values, which is further utilized as the adjacency matrix for GCN fea-
ture propagation.
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Figure 9. Schematic diagram of the adjacency matrix for a four-bolt connection structure.

https://doi.org/10.3390 /machines14070830


https://doi.org/10.3390/machines14070830

Machines 2026, 14, 830

14 of 21

4.2. Model Performance Evaluation and Results Analysis
4.2.1. Hyperparameter Settings

To ensure the comparability of prediction results across different models, this paper
adopts uniform training parameter settings for model performance evaluation and ablation
experiments. Except for the BN and DW modules, all models are consistent in terms of
input features, number of network layers, hidden layer dimensions, optimizer, learning
rate, and loss function, in order to minimize the impact of training parameter differences
on model performance comparisons.

During model training, Mean Squared Error (MSE) was used as the loss function to
minimize the deviation between the predicted and actual target torque levels; Adam was
used as the optimizer for parameter updates. The learning rate was set to 0.001, the batch
size to 64, the L2 regularization coefficient to 5 x 107, and the dropout retention rate to
0.8. The GCN model employed three layers of graph convolutional hidden layers with the
ReLU activation function; the specific parameter settings are shown in Table 5.

Table 5. Model parameter settings.

Name Value
Number of hidden layers in the convolutional layer 3
Batch size 64
Learning rate 0.001
Activation function ReLU
Loss function Mean Squared Error Loss
Optimizer Adam
L2 regularization coefficient 5x107%
Dropout retention rate 0.8

To evaluate the generalization ability of the proposed model, a strict five-fold cross-
validation strategy was adopted. In each fold, one subset was held out as the test set
and was used only for final performance evaluation. The remaining samples were further
divided into training and validation subsets, where the validation subset was used for early
stopping and model selection. To avoid information leakage, the normalization parameters
were calculated only from the training subset and then applied to the validation and test
subsets. All evaluation results were reported as the mean =+ standard deviation over the
five folds.

4.2.2. Evaluation Metrics

To quantitatively evaluate the performance of different graph convolutional neural
network (GCN) models in the four-bolt preload prediction task, the Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), Mean Absolute Scaled Error (MASE), and Coeffi-
cient of Determination (R?) are selected as evaluation metrics.

MAE is used to characterize the average absolute deviation between the predicted
results and the true values; a lower value indicates that the predicted values are closer to
the true values. RMSE is calculated by taking the square root of the sum of the squares of
the errors and then taking the square root, reflecting the dispersion of the predicted results.
MAGSE is used as a dimensionless supplementary metric by scaling the mean absolute
prediction error with the mean absolute variation between adjacent reference preload states.
R? is used to measure the model’s ability to explain the overall variation in the data; a value
closer to 1 indicates better model fitting performance. The formulas for each evaluation
metric are as follows:
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In the equation, y; represents true target torque level of the i-th sample, j; represents
the predicted target torque level, i represents the mean value of the true target torque
levels, and n represents the number of samples. For MAE, RMSE, and MASE, a smaller
value indicates a lower prediction error; for R2, a value closer to 1 indicates that the model
better fits the variations in the true data.
Figure 10 shows the training and validation loss curves of the GCN-BN-DW model.
The training loss decreases continuously with the increase of epochs, indicating that the
model gradually learns the mapping relationship between multi-sensor EMI features and
bolt preload-loss states. The validation loss also decreases rapidly in the early training
stage and then tends to stabilize. Although a gap between the training and validation
losses can be observed, the validation loss does not exhibit a continuous increasing trend,
indicating that the training process is stable and no severe overfitting occurs under the
current validation setting.

1.0
—— Train loss
‘ —— Val loss
0.8

Loss

0.0 1 1 1 1
0 500 1000 1500 2000

Epoch
Figure 10. Training and validation loss curves of the GCN-BN-DW model.

4.2.3. Comparison of Model Prediction Results and Performance

To ensure a fair comparison, all benchmark models were evaluated using the same five-
fold cross-validation protocol. In each fold, the test subset was held out for final evaluation
only, and the remaining samples were further divided into training and validation subsets.
To avoid information leakage, the normalization parameters of input features and labels
were calculated only from the training subset and then applied to the validation and
test subsets.

For non-graph benchmark models, the CCD features from 10 PZT sensors and 12 sub-
bands were reshaped into a 120-dimensional feature vector. For graph-based models,
the input graph contained 14 nodes, including 4 bolt nodes and 10 PZT sensor nodes.
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Each sensor node used a 12-dimensional CCD feature vector, while the bolt nodes were
initialized with zero feature vectors. The main implementation settings of the benchmark
models are summarized in Table 6.

Table 6. Implementation settings of benchmark models.

Model Input Representation Main Implementation Settings
SVR 120-dimensional CCD feature vector ?Stsl;(;}letput SVR with RBF kernel; C = 1.0,e = 0.1,
RF 120-dimensional CCD feature vector Random forest regressor; 200 trees; max depth = None
. . Fully connected network with hidden dimensions
MLP 120-dimensional CCD feature vector 128-64-32; BN, ReLU
CNN 10 x 12 CCD feature map Two convolutional blocks followed by fully connected
layers
14-node graph with 12-dimensional ~Two graph attention layers; hidden dimension = 64;
GAT .
node features attention heads = 4
GCN-BN-DW 14-node graph with 12-dimensional ~Three GCN layers with hidden dimensions 128-64-32;

node features distance-weighted adjacency and BN

The SVR and RF models were used as conventional machine-learning baselines. The
MLP and CNN models were used as non-graph deep learning baselines. The GAT model
was used as a graph neural network baseline with attention-based aggregation. Compared
with these models, the proposed GCN-BN-DW model further introduces the distance-
weighted adjacency matrix and BN in graph feature propagation.

To verify the feasibility of the multi-sensor EMI mapping method for predicting
the preload-loss state of four-bolt connections, the proposed GCN-BN-DW model was
evaluated under the strict five-fold cross-validation protocol. The benchmark comparison
results are shown in Figure 11. The quantitative results show that the proposed model
can establish an effective mapping relationship between multi- sensor EMI features and
bolt preload-loss states. The detailed prediction distributions of different GCN variants are
further analyzed in the ablation study.

ol MAE
T RMSE
MASE
R:

Evaluation Metrics
v = v
i
1
=

ALtk L L L

SVR RF MLP CNN GAT GCN-BN-DW
Model

Figure 11. Benchmark comparison of different models.
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The benchmark comparison further demonstrates that the proposed GCN-BN-DW
model achieves superior prediction performance under the same validation protocol. These
results indicate that graph-based fusion of multi-sensor EMI features is more suitable for
bolt preload-loss identification than conventional machine-learning models and general
deep-learning models. The detailed contribution of the BN and DW modules is further
analyzed in the following ablation study.

4.2.4. Analysis of Ablation Experiment Results

To further investigate the effects of the BN and DW modules on model performance,
an ablation study was conducted under the same five-fold cross-validation protocol. The Ba-
sic GCN model was used as the baseline. GCN-BN and GCN-DW were constructed by
introducing only the BN module and the DW module, respectively, while the proposed
GCN-BN-DW model integrates both modules. For all comparison models, the input fea-
tures, dataset partitioning, training parameters, loss function, and evaluation metrics were
kept consistent to ensure a fair comparison.

Table 7 summarizes the ablation results of different GCN variants under five-fold cross-
validation. The Basic GCN model provides the baseline prediction performance, indicating
that the graph structure can establish a preliminary mapping between multi-sensor EMI
features and bolt preload-loss states. Compared with the Basic GCN model, introducing
BN or DW individually changes the prediction performance to different extents. The BN
module helps stabilize the propagated feature distribution during graph convolution,
while the DW module improves the spatial representation of the graph by incorporating
the distance-dependent relationship between PZT sensors and bolt nodes. When BN
and DW are combined, the GCN-BN-DW model achieves the best overall performance,
with lower MAE, RMSE, and MASE values and a higher R? value. This indicates that BN
and DW play complementary roles in multi-sensor EMI feature fusion and graph-based
preload-loss prediction.

Table 7. Ablation study of the BN and DW modules under five-fold cross-validation.

Model MAE RMSE MASE R?
Basic GCN 2.568 +0.211 3.854 + (0.832 0.321 +0.026 0.690 + 0.146
GCN-BN 2.500 + 0.153 3.756 + 0.814 0.313 +0.017 0.706 + 0.131
GCN-DW 2.733 +0.226 3.852 +0.619 0.342 +0.023 0.696 + 0.105

GCN-BN-DW 2.400 £ 0.100 3.302 +£0.239 0.300 +£0.013 0.821 +0.033

To further examine whether the observed performance differences were affected by
fold-to-fold variations, a statistical comparison was conducted based on the five-fold cross-
validation results reported in Table 7. Since the comparison was performed using the
summarized mean and standard deviation values, Welch's t-test was adopted as supple-
mentary statistical evidence. As shown in Table 8, the GCN-BN-DW model shows better
mean performance than the other GCN variants. Compared with GCN-DW, the improve-
ments in MAE and MASE are statistically significant, with p-values lower than 0.05, while
the improvement in R? is close to the 0.05 significance level. The comparisons with Basic
GCN and GCN-BN show improved mean values but do not reach the 0.05 significance level.
Therefore, the statistical results are used as supplementary evidence that the combined
BN-DW strategy improves the prediction performance and stability of the graph model.
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Table 8. Statistical comparison of GCN variants under five-fold cross-validation.
Comparison MAE p-Value RMSE p-Value MASE p-Value R? p-Value
GCN-BN-DW vs. Basic GCN 0.161 0.217 0.158 0.115
GCN-BN-DW vs. GCN-BN 0.261 0.288 0.214 0.122
GCN-BN-DW vs. GCN-DW 0.026 0.121 0.011 0.054

To further examine the role of BN in the GCN-BN-DW model, the feature distribution
before and after BN was analyzed using the five-fold cross-validation results. The channel-
wise standard deviation was calculated and normalized by the mean standard deviation of
the corresponding stage.

As shown in Table 9 and Figure 12, the coefficient of variation of the channel-wise
standard deviation decreases from 0.267 £ 0.032 before BN to 0.168 =+ 0.051 after BN. This
result indicates that BN reduces the relative scale difference among different feature chan-
nels after graph convolution. Therefore, DW introduces distance-dependent sensor-bolt
relationships, while BN reduces the relative scale difference among propagated feature
channels. This provides additional evidence for the combined use of BN and DW in the
proposed model.

Table 9. Feature distribution statistics before and after BN.

Stage Mean Channel Std  Std. of Channel Std cv

Before BN 0.448 £ 0.075 0.121 £ 0.032 0.267 £0.032
After BN 1.013 £0.171 0.177 £0.078 0.168 £ 0.051
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Figure 12. Normalized channel-wise standard deviations before and after BN in the GCN-BN-
DW model.

To provide a more intuitive comparison of the prediction behavior of different GCN
variants, the predicted-versus-actual distributions of Basic GCN, GCN-BN, GCN-DW,
and GCN-BN-DW are shown in Figure 13. The scatter plots show that the prediction
results of Basic GCN, GCN-BN, and GCN-DW still exhibit noticeable dispersion at different
preload-loss levels. In contrast, the GCN-BN-DW model presents a more concentrated
distribution around the ideal prediction line, indicating that the combined BN-DW strategy
improves both the stability of feature propagation and the spatial representation capability
of the graph model.
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Figure 13. Prediction distributions of different GCN variants under five-fold cross-validation: (a) Basic
GCN; (b) GCN-BN; (¢) GCN-DW; (d) GCN-BN-DW.

5. Conclusions

This paper addresses the issues of fusing multi-sensor EMI response characteristics
and identifying torque-defined preload-loss states in multi-bolt connection structures by
proposing an improved graph convolutional network (GCN) model that integrates Batch
Normalization (BN) and Distance Weighting (DW) strategies. This method constructs
a graph structure that integrates sensor nodes and bolt nodes. It uses the coefficient of
correlation deviation (CCD) to characterize the degree of variation in sensor EMI responses
relative to the reference state and constructs a distance-weighted adjacency matrix based
on the geometric distances between sensor nodes and bolt nodes. On this basis, GCN is
used to propagate and fuse features from multiple sensor nodes to the bolt node, and BN
is introduced during the graph convolutional feature propagation process to mitigate the
impact of multi-channel EMI feature distribution variations on model training stability.

Experimental results indicate that, under the strict five-fold cross-validation protocol,
the proposed GCN-BN-DW model achieves better prediction performance than the Basic
GCN, GCN-BN, and GCN-DW models. The proposed model obtains lower MAE, RMSE,
and MASE values and a higher R? value, indicating that the integration of BN and DW
improves both prediction accuracy and model stability. Compared with conventional
machine-learning models and general deep-learning models, the GCN-BN-DW model
also shows better overall performance, demonstrating the effectiveness of graph-based
multi-sensor EMI feature fusion for bolt preload-loss identification.
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The ablation results further show that the effects of BN and DW are not simply additive.
BN helps stabilize the propagated feature distribution during graph convolution, while
DW introduces the distance-dependent spatial relationship between sensor nodes and bolt
nodes into the graph structure. When the two strategies are combined, the model achieves
improved prediction accuracy and more stable prediction performance. This indicates that
BN and DW play complementary roles in feature propagation and spatial relationship
representation for multi-sensor EMI-based bolt preload-loss prediction.

Although the proposed GCN-BN-DW model shows improved prediction performance
for the present four-bolt connection structure, several limitations should be noted. First,
the experimental validation was conducted on a specific bolt connection configuration
under relatively stable laboratory conditions, and the generalization ability of the model
for different structural forms, bolt numbers, sensor layouts, and boundary conditions still
requires further investigation. Therefore, the trained model and the distance-weighted
adjacency matrix should not be directly transferred to a new structure without recalibration.
For a different bolted structure, the graph topology, sensor-bolt distance matrix, feature ex-
traction range, and model parameters should be updated using representative experimental
data. Second, the available EMI dataset is relatively limited, and the model performance
may be affected by environmental factors such as temperature variation, sensor installation
quality, and measurement noise. Future work will focus on expanding the experimental
dataset, introducing independent test structures, and evaluating the robustness of the
proposed graph-based model under more complex engineering conditions. In addition,
incorporating physical constraints or physics-informed learning strategies may further
improve the interpretability and generalization capability of the model.
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