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Highlights

Integrate multi-channel signals and utilize
complementarity to suppress noise, breaking
through the limitations of a single channel.
Introduce the envelope activation function to
enhance shock, sparse features and suppress
noise.

The  cross-correlation  function  graph
outperforms traditional distance measurement

methods under strong noise.

Abstract

In response to the challenges of fault diagnosis for industrial equipment
in high-noise environments, this study proposes an improved graph
neural network model that combines envelope activation and cross-
correlation function. This model first enhances single-channel feature
extraction and anti-noise ability through an improved independent
parallel one-dimensional convolution structure and envelope activation
operation, achieving single-channel noise suppression and feature
extraction; then, it uses the time-domain cross-correlation function to
construct a topological graph structure between channels, highlighting
the essential correlations of multi-channel signals, and realizes multi-
channel feature fusion through graph convolution networks.
Experimental results on the public bearing dataset show that proposed
model has high classification accuracy, superior anti-noise performance,

= Embed a time-shift compensation mechanism
to capture phase offset and improve time-

domain alignment accuracy.

and good generalization ability in high-noise environments.
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1. Introduction

Fault diagnosis of mechanical equipment is a core link to ensure
production safety and improve operation and maintenance
efficiency. By accurately identifying abnormal conditions of
equipment, it effectively prevents sudden accidents and
optimizes maintenance decisions, becoming an indispensable
key guarantee in the process of industrial intelligence [1]. The
traditional fault diagnosis methods in the industrial field are
mainly based on the use of techniques such as Fast Fourier

Transform (FFT), Wavelet transform (WT) [2], and Empirical
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multichannel vibration signal, graph neural network, envelope
activation, cross-correlation function, strong noise working condition

Mode Decomposition (EMD) [3] to analyze and process
vibration signals. However, with the iterative development of
machine learning technology, fault diagnosis has evolved from
the traditional methods based on time-frequency feature
extraction and shallow statistical modeling to the data-driven
intelligent diagnosis paradigm. In the early studies, the shallow
neural network models with typical architectures such as BP
neural network [4] and Radial Basis Function Network (RBFN)

[5] achieved intelligent pattern recognition by capturing the
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nonlinear fault feature representations in vibration signals
through an end-to-end learning mechanism. However, the
strong noise interference commonly existing in industrial sites
(such as mechanical friction noise, electromagnetic coupling
noise, etc.) leads to severe distortion of vibration signals. Due
to the limited feature representation ability of the above models,
the classification accuracy significantly decreases under the
condition of low SNR, and the anti-noise robustness urgently
needs to be improved.

To overcome the above-mentioned bottlenecks, deep
learning technology has gradually become a research hotspot in
the field of fault diagnosis [6—14]. Convolutional Neural
Network (CNN) [15] is capable of extracting the deep spatial
features of vibration signals from the noisy background through
local perception and weight sharing mechanisms. Recurrent
neural networks (RNN) and their variants (such as LSTM) [16]
utilize time-dependent modeling to effectively capture the
dynamic evolution laws during the device degradation process.
Based on the above model architecture, the academic
community has achieved a series of research results,
demonstrating significant advantages in improving diagnostic
accuracy and anti-noise robustness. Wang et al. [17] proposed
an attention-guided joint learning convolutional neural network,
integrating fault diagnosis and signal denoising tasks into an
end-to-end CNN architecture, and achieving good noise
robustness through dual-task joint learning; Guo et al. [18]
proposed a model for bearing fault diagnosis under strong noise,
which enhances the adaptability of secondary neurons through
adaptive gating factors and establishes a connection with
learnable weighted autocorrelation to better extract features.
Experiments have proved that it has good anti-noise ability and
excellent performance. The above research, through multi-layer
nonlinear transformation and end-to-end learning strategies, can
still maintain a high diagnostic accuracy in a strong noise
environment, and the anti-noise performance is significantly
improved compared with traditional methods.

However, the above studies mostly focus on the analysis of
single-channel vibration signals. In fault diagnosis, relying
solely on single-channel vibration signals has significant
limitations: On the one hand, single-channel is restricted by the
position and direction of sensor distribution points, making it

difficult to capture the fault characteristics of the entire

equipment domain (such as coupled vibrations of multiple
components and fault propagation path information); On the
other hand, in a strong noise environment, single-channel
signals are prone to noise interference being directly conducted
to the diagnostic model due to the limitation of single-point
perception, intensifying the distortion risk of effective features.
In contrast, multi-channel vibration signals construct
information redundancy and spatial correlation through the
collaborative perception of multiple sensors, which can
significantly enhance the anti-noise ability [19-21]. Ye et al. [22]
proposed a multi-sensor residual convolution fusion network,
designing three major modules: double-loop residual, spatial
channel reconstruction, and global interactive perception fusion.
It can effectively fuse the signal characteristics of multiple
sensors. Experiments have proved that it has better anti-noise
ability. Yan et al. [23] proposed a mechanical multi-sensor fault
diagnosis method based on adaptive multi-feature pattern
decomposition and  multi-attention  fusion  residual
convolutional neural network. Experimental verification shows
that this method has more advantages in fault identification and
stronger anti-noise robustness than similar technologies.

Although the above model has initially achieved cross-
channel feature fusion of multi-channel vibration signals, its
essence still belongs to the shallow interaction of multi-channel
signal features in the vector space. It fails to effectively fuse the
non-Euclidean spatial topological associations among multi-
channel sensor entities, restricting the exploration of the
essential coupling laws of multi-dimensional vibration signals
in complex mechanical systems. This leads to the limitation of
the characterization ability of nonlinear interactions among
multi-channel signals under complex working conditions,
restricting the continuous improvement of anti-noise
performance. This bottleneck drives researchers to seek
breakthroughs in topology-aware models such as Graph Neural
Network (GNN) [24,25].

With its advantages in non-European data processing, GNN
has demonstrated remarkable characteristics in the field of
graph structure data modeling, providing a new research
paradigm for multi-channel vibration signal analysis [26—28].
Li et al. [29] proposed a multi-view graph neural network,
constructed multi-views integrating time-domain and

frequency-domain features based on Euclidean distance, and
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achieved multi-sensor information aggregation and fusion by
using graph convolutional blocks and view attention blocks.
Experiments proved that its performance was superior. Liu et al.
[30] proposed a spatio-temporal frequency graph attention
network. By encoding the time-frequency information through
the Transformer and combining the spatio-temporal graph
attention network to capture the spatio-temporal relationship of
multiple sensors, the multi-channel signal feature fusion for
fault diagnosis of rotating machinery can be achieved, and
a relatively high classification accuracy can still be reached
under strong noise conditions. The above GNN variant models
conduct feature characterization for the non-Euclidean
geometric correlation of multi-channel vibration signals and
construct a schema interaction mechanism for cross-channel
signal features. However, there is still room for improvement,
mainly including:

1. At the graph construction level, the model mainly relies
on the distance between vibration signals (such as
Euclidean distance) to construct the graph structure, and
does not fully integrate the essential characteristics of the
signals. This distance-based composition method is
prone to noise interference under strong noise conditions,
resulting in distortion of node correlation relationships,
and further affecting the accurate representation of the
spatial relationship of real sensors by the graph structure.

2. At the feature extraction level, the global attention
mechanism of the Transformer architecture may cause
the attention diffusion problem of key vibration modes,
resulting in the change of the fault-sensitive features of
the original vibration signal during the encoding process,
which restricts the identification accuracy of mechanical
fault-sensitive features in a strong noise background.

To overcome the above deficiencies, this paper proposes an
improved Graph Convolutional Network model for multi-
channel vibration signals based on envelope activation and
cross-correlation function mapping strategies (ECGCN) as
a fault diagnosis model. The model improvement is mainly
reflected in the following two core parts.

1. Single-channel feature extraction: A parallel and
independent one-dimensional convolution architecture is
constructed. A lightweight single-layer convolution

kernel is used to initially extract the vibration signal

features of each channel and suppress noise. Envelope
activation is adopted to selectively enhance the intrinsic
impact components under strong noise interference,
achieving feature enhancement of the fault impact
components.

2. Multi-channel feature fusion: Design a noise-robust
graph topology construction strategy, establish the
feature correlation among multi-channel signals based
on the integral anti-interference characteristics of the
time-domain cross-correlation function, and achieve the
fusion of multi-channel vibration signal features through
the graph convolutional network to further improve the
fault feature representation ability in a noisy background.

The main structure of the article is as follows. Section 1, the
introduction part mainly introduces the development history of
mechanical fault diagnosis technology and the current situation
at home and abroad of the research of deep learning technology
in the field of fault diagnosis under the background of strong
noise. Section 2 presents the model framework of ECGCN and
gives a specific introduction to its theoretical basis. Section 3:
Experiments are conducted to verify the superiority of the
model and the effectiveness of the improvement strategy.

Section 4 summarizes the full text.

2. Improved graph neural network for multi-channel
vibration signals

The fault diagnosis framework based on ECGCN is shown in
Fig.1. The entire process consists of three core modules: the
multi-channel vibration signal acquisition and preprocessing
module, the model training module, and the fault classification
and pattern recognition module. The innovation focus of this
research is on the dual key technologies in the model training
stage - feature extraction of single-channel signals and feature
fusion of multi-channel signals. Through the collaborative
working mechanism of these two modules, an end-to-end
diagnostic process from the original vibration signal to the
discrimination of equipment status is achieved. Specifically, the
feature extraction module is responsible for capturing the fault-
sensitive information of each sensor channel, while the feature
fusion module builds discriminative feature expressions
through cross-channel information interaction. Together, they

constitute the core technical architecture of the system. The
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following text will elaborate on this in detail.

2.1. Independent and parallel improved convolutional

layers

The traditional convolutional neural network consists of
convolutional layers, pooling layers, bias terms and activation
functions. Research on the mechanism of lightweight CNN
feature extraction based on Pang et al. [31]: The pooling layer

will compress the time-domain resolution of the signal through

down sampling, which may weaken the time-domain
characteristics of the fault impulse pulse. The bias term has
a significant interference in capturing fault features under the
condition of strong background noise. Traditional nonlinear
activation functions are prone to introducing non-fault features
during the feature extraction process, which may affect the
diagnostic results. Inspired by this, the convolutional layer
module was improved. As shown in Fig. 2., a three-stage

optimization strategy was adopted.
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Figure 1. Flowchart of fault diagnosis based on ECGCN.
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Figure 2. Improved convolutional layer architecture.

1. Structural optimization: Based on the convolutional
neural network model, the pooling layer is removed and filling
is adopted to maintain the dimensional consistency before and
after feature extraction; Discard the bias term to eliminate the
influence of noise coupling on feature capture; The traditional
nonlinear activation function is removed to avoid extracting the
high-order harmonic components irrelevant to the fault. By
adopting a single convolutional layer architecture for primary
feature extraction, it effectively ensures that only the real fault
features are retained in the feature space.

2. Feature domain enhancement: Commonly used activation
functions in convolutional neural networks typically include

Relu, Sigmoid, and Tanh, etc. However, these activation
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functions are not applicable to one-dimensional vibration
signals under strong noise conditions, as they introduce non-
fault frequency feature components and affect the model's
diagnostic results. In this paper, envelope activation is adopted
instead of the traditional activation function, that is, the Hilbert
transform is performed on the feature vectors output by the
convolutional layer and the envelope features on them are
extracted. The specific mathematical transformation is as
follows:

First, as shown in Eq.(1), perform a Hilbert transform on the
feature vector x(f) output by the convolutional layer to obtain its

orthogonal components X(t).

2(0) = Hx(@®)] =2 [ X2 ar €»

—00 t—1
Then, as shown in Eq.(2), based on the Hilbert transform,

construct its analytical signal and extract the upper envelope.

Eypper = 1x(8) + j2(0)| (2)
operation. The resulting feature Ey,pe, is the upper envelope
characteristic of the signal.

The envelope activation process is shown in Fig. 3. It can be
seen from this that the envelope transformation of characteristic
signals can effectively highlight the impact components and
modulation modes, which is suitable for the vibration signal
analysis of rotating machinery such as bearings and gears, and
helps to enhance the model's perception ability of fault
characteristics. The features activated by the envelope will
participate in the subsequent feature fusion and extraction

processes.

—— Noisy Original Signal = Upper Envelope

0 50 100 150 200 250 300 350 400
Time (s)

Figure 3. Schematic diagram of envelope activation.

3. Parallel feature extraction: A multi-channel independent
parallel improved convolutional layer structure is adopted to
extract features from each vibration signal channel respectively.
By constructing a parallel convolutional sub-network with non-

shared parameters, channe-specific time-frequency feature

representation is achieved, effectively preserving the integrity
of heterogeneous sensor information and providing a high-
discrimination feature input basis for subsequent cross-channel

feature fusion.

2.2. Graph construction method based on cross-

correlation function

After extracting the features of multi-channel signals based on
the improved independent parallel convolutional layer, the
graph topology structure is constructed for the enhanced
channel features. The multi-scale graph neural network is used
for cross-channel feature interaction and hierarchical fusion to
achieve further feature enhancement.
For graph convolutional neural networks, the core computation
is shown as Eq.(3). Among them, H® is the node feature matrix
of the Ith layer, W® is the weight matrix of the [th layer, which
is a learnable parameter matrix, o is the activation function, and
A is the adjacency matrix. The adjacency matrix, as one of the
key input features of graph convolutional networks, its
topological characteristics and data distribution directly affect
the training dynamics and generalization ability of the model.
During the model optimization process, A dominates the feature
propagation path and weight learning direction in the graph
convolutional layer by encoding the structured association
relationship between nodes. This determines that designing a
reasonable construction method for the multi-channel vibration
signal graph structure plays a decisive role in improving the
performance of the model.
HWD = 0[(H(l),A) WD 4 b(l)] 3)

Common graph construction methods are based on the K-
nearest Neighbor (KNN) algorithm framework and usually
adopt the edge generation strategy combining Euclidean
Distance(ED) or cosine similarity(CS) with cross-channel
ranking screening [27,29,32,33]. The correlation strength
between cross-channel samples is measured by ED or CS. Then,
adjacent nodes are screened based on similarity ranking. Finally,
the top K candidate nodes of cross-channel similarity are
directionally connected for the node samples of each channel,
thereby establishing an edge structure among multi-channel
signal samples.

However, under conditions of strong noise, the composition

method based on the above has certain limitations. When the
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signal samples xf and xf from the pth channel and the gth

p

channel are interfered with by the noise n;, n?, the signal x'?

q . .
and x ; is obtained.

At this time, the ED between the signals from the pth and
qth channels is:

EDGT ) = [B,Gef - w)e = JZ (67 =)+ 0 =) (5)

x'7 =xP +nf @
x’? = xl,q + n? The CS is:
s xfad Shea (e +n]) (x] +n) Tio, (P xlxfnl +xind +nfnf)

cs(x?,x?) =

Eq.(5) indicates that the ED calculates the absolute distance
between two signals in space. Noise will directly increase the
amplitude fluctuation of the signals. When the noise intensity is
large, it may completely mask the true differences between the
signals, causing the calculated distance to lose its effective
representation of the original signal relationship. It can be seen
from Eq.(6) that when the noise intensity is large enough(n >
x), the cosine direction representing the signal similarity is
mainly dominated by the noise. At this time, the CS approaches
zero, is consistent with the similarity of random noise, and is
independent of the original signal. Therefore, in a strong noise
environment, the construction of the adjacency relationship of
multi-channel vibration signals based on ED and CS has
essential flaws: it is highly sensitive to noise, and it will undergo
a large offset due to the existence of noise. In the process of
constructing edges, the correlation of the underlying fault
characteristics has not been considered.

The Cross-Correlation Function (CCF) (Eq.(7)) is used to
measure the variation of similarity between two signals with

time delay and is widely applied in fields such as signal

G B Gl Tt [ 2 nd )] B, [0 2+ (n)']

(6)

processing and system analysis. This paper proposes a new
composition method. Based on the calculation of the signal
energy correlation within the time-shifted sliding window by
CCeF, the statistical average suppression of noise power and the
phase alignment enhancement of fault impulse components are
achieved, thereby improving the physical interpretability of the
edge connection relationship. It is specifically manifested in the
following two aspects.
CCEy(®) = Rey(® = [ x(®y(t + dt  (7)
1. The CCF suppresses random noise through the product
integration between signals. As shown in Eq.(8), when the
signal is in a noisy environment, the noise is usually random and
independent of the signal. During the cross-correlation
summation process, the CCF values of the noise terms nf ®
and n{ (t) tend to be zero, as shown in the Eq.(9). And the cross
terms of the signal and noise disappear, which means
Rxfn? (t)=0 and Rxfn’i” (r) =0, while the true signal
component R P (1) is retained. Thereby highlighting the true

correlation between the signals.

Rx.’”xlf"(T) = fil x'p(t)xlfq(t +17)dt = fiil[xf(t) + nlp(t)][xf (t+1)+ nf (t+ T)] dt = Rx}"xf('[) + Rxfn? () + Rxfnf(T) + Rnfn? (r) (8)

=171

Rypna (@) =

2. Phase Sensitivity and Fault Feature Matching. Rotating
machinery faults often generate periodic impacts. However, due
to differences in sensor placement or signal propagation paths,
signals from different channels may exhibit a fixed phase shift.
ED and CS are both similarity metrics evaluated at a fixed time
shift, making them sensitive to phase variations. Even if two
waveforms are highly similar, the ED can be inflated due to
misalignment, and CS becomes inaccurate because the inner
product is affected by phase rotation. Consequently, neither

metric can reflect the true similarity between signals when a

n’(@) nl(t+1)=0 9

phase offset exists. In contrast, The CCF can accurately identify
the optimal time shift that aligns the two signals by evaluating
their similarity at different lags, and it assesses their similarity
after alignment, thereby effectively eliminating the influence of
phase offset and providing a true measure of similarity between
the two signals.

The process of constructing the adjacency matrix based on
the CCF is shown in Fig. 4, taking the signal samples of
channels p and ¢ as an example, channel p contains sample set

xP = {xP,x}...x}}, and channel g contains sample set x7 =
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{x7,x]...x1}. First, calculate the CCF between all sample pairs

(mxn) of the two channels. The CCF of the two samples x5, and
x,! is R,q(m,n,T), and its peak value is as shown in Eq.(10):

RRS = max Ryq(m,n, 1) (10)

Subsequently, the top £ maximum values are filtered from

the peak set through the KNN algorithm, and the corresponding

sample pairs form the following set:
Epq = {(m", ") |R%. € KNN — topy(Rpq)  (11)
Finally, the elements of the adjacency matrix A p) (j,q)8

follows:

Lif(m,q) € &4
0, otherwise

Amp),Ga) = { (12)

=
-R"‘f
* ; R, (mnt)

cCE s ] :

= v 1 1

of |t :

xi - ;
;

K r S PECRIR .
qiqure 4. Constructing multi-channel graph structures based on
CCF.

Valu

T

>
* Fixed phase difference

After constructing the graph structure based on CCF, the
graph convolutional network is used to further fuse multi-
channel features. The graph convolution process is shown in
Eq.(14). 4 is the adjacency matrix with self-loops, D is the
degree matrix, o is the activation function, W® is the weight
matrix, [hb, hL,..., ht] represents the feature matrix composed

(1+1)

of multi-channel signals (p, g...s), and H represents the

aggregated features, which integrate the features of multi-

channel signals and are used for downstream classification tasks.

HO*Y = o (D2AD:[hL, hL,..., RAJW®)  (12)

After systematically elaborating the theoretical framework
and method design of the improvement strategy of ECGCN, in
order to further verify the performance advantages of this model
in complex representation learning, the following content will
conduct multi-dimensional empirical research. The superiority
and effectiveness of ECGCN in the process of intelligent fault

diagnosis are proved through specific experiments.

3. Test

3.1. Experiment preparation

3.1.1. Dataset

In this paper, two public bearing datasets are adopted to verify
the proposed method. Dataset I is the bearing vibration dataset
provided by Southeast University; Dataset Il is a bearing dataset
provided by Huazhong University of Science and Technology.
1. Dataset I: Bearing vibration dataset of southeast

university (SEU)

Motor
Controer

Figure 5. Test rig of SEU bearing dataset.

The SEU bearing dataset was collected from the Drive
System Dynamic Simulator. It was collected under two different
working conditions with the rotational speed system load set at
20HZ-0V or 30HZ-2V, and the sampling frequency was
5120HZ. The different fault types of bearings are detailed in
Table 1. This dataset contains four bearing failure states and one
health state. The fault states of the bearings are as follows:
cracks appear on the rolling elements, cracks appear on the inner
race, cracks appear on the outer race, and cracks appear on both
the inner and outer race. In this paper, the data of four types of
faulty bearings and healthy bearings under a load condition of
20Hz-0V are adopted as experimental samples. Each type of
bearing vibration data contains three channel signals, namely X,
Y, and Z, corresponding respectively to the axial, radial
horizontal, and radial vertical directions. The X-direction along
the bearing axis reflects the axial load and preload state. The Y
direction is horizontal radial and sensitive to radial clearance
and imbalance. The Z direction is vertical and radial, also
reflecting radial loads. Due to the influence of gravity, its
characteristics are different from those of the Y direction. Multi-
directional collaborative collection can comprehensively
capture the vibration characteristics of bearings, which is
conducive to improving the accuracy of fault diagnosis. Fig. 6

and Fig. 7 respectively show the time-domain and frequency-
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domain graphs of the four types of faulty bearings in the SEU
Table 1. SEU bearing vibration dataset.

bearing dataset.

Condition of Loading Sample Frequency Fault Type Channel Acquisition
Normal
Inner race fault (IF)
20Hz-0V. 30Hz-2V 5120HZ Outer race fault (OF) XY, Z

Ball fault (BF)
Comb fault (CF)

A st

Té
EL 0
0. ()'ﬁ 0. (]‘»
Time (s) Time (s)

(a) (b)

0.1 0 0.05 0.1 0.05
Time (s) Time (s)
(c) (d)

Figure 6. Time-domain graphs (noise-free) of different fault types in the SEU bearing dataset.(a) IF (b) OF (c) BF (d) CF.

1

2
£
B
g
Q:o l lj — ‘ l“‘“L‘L . it sl d )
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(a) (b)

(c) (d)

Figure 7. Frequency-domain graphs (noise-free) of different fault types in the SEU bearing dataset.(a) IF (b) OF (c) BF (d) CF.

2. Dataset II: bearing vibration dataset of Huazhong
university of science and technology (HUST) [34].

The HUST dataset collected bearing vibration signals in
different states under 11 rotational speed conditions (10
constant rotational speeds and 1 time-varying rotational speed),
with a sampling frequency of 25.6KHz. The different fault types
of the bearings are detailed in Table 2.

This dataset contains 8 bearing failure states and 1 health
state. The bearing failure states respectively include severe
damage to the inner race, outer race, rolling elements and
compound faults. In this paper, the data of four types of faulty
bearings in a severely damaged state and bearings in a healthy
state under the condition of 20Hz rotational speed are adopted
as experimental data samples. Each type of bearing vibration
data contains three channel signals, namely X, Y, and Z,
corresponding respectively to the axial, radial horizontal, and

Table 2. HUST bearing vibration dataset.

radial vertical directions. Fig. 9 and Fig. 10 respectively show

the time-domain and frequency-domain graphs of the four types

of faulty bearings in the HUST bearing dataset.

1: Speed control, 2:Motor, 3: Shaft, 4: Acceleration
sensor, 5: Bearing, 6: Data acquisition board

Figure 8. Test rig of HUST bearing dataset.

- . Sample Channel
Condition of Loading Frequency Fault Type Acquisition
Normal
20Hz; 25Hz; 30Hz: 35Hz; Inner-race fault (IF) (Severe. Medium)
40Hz: 6OHz: 65Hz: 70Hz: 25.6KHz Outer-race fault(OF) (Severe. Medium) X,Y,Z
75Hz; 80Hz;
0-40-0Hz Ball fault(BF) (Severe. Medium)

Comb fault(CF) (Severe. Medium)
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Figure 9. Time-domain graphs (noise-free) of different fault types in the HUST bearing dataset.(a) IF (b) OF (c) BF (d) CF.
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Figure 10. Frequency-domain graphs (noise-free) OF different fault types in the HUST bearing dataset.
(a) IF (b) OF (c) BF (d) CF.

In actual industrial scenarios, the collected data usually
contains various types of background noise. However, the
above-mentioned experimental data set was collected in
a relatively ideal laboratory environment, and the noise
interference it contains is limited. To more effectively verify the
anti-noise performance of the proposed model under near-real
working conditions, this paper adopts the method of adding
Gaussian white noise with different Signal-to-Noise ratios
(SNR) to conduct noise enhancement processing on the existing
data set, in order to simulate the complex noise interference
situation in the actual industrial environment. Among them, the
lower the signal-to-noise ratio, the greater the noise intensity
and the higher the degree of data contamination. The specific
calculation method for adding Gaussian white noise is shown in
the Eq.(15).

Xnotsy (8) = x(8) + n(®) (13)

Among them: x(t) is the original signal, n(t) is Gaussian
white noise, with a mean of 0 and a variance of 2, and Xnoisy
is the signal after adding noise.

The calculation for the SNR is is shown in the Eq.(16).
o[x?(t)] represents the variance of the original signal, and
o[n?(t)] represents the variance of the noise. The smaller the
SNR, the greater the noise intensity and the higher the degree of
data contamination. By adjusting the value of SNR, the intensity
of the added noise can be controlled, thereby simulating the data

characteristics under different noise environments.

H0)
SNR =10l0gs (thmb a4

3.1.2. Sample selection and evaluation indicators

(1) Sample selection
Vibration signals contain rich fault characteristics. A reasonable
sample length is crucial for effective feature extraction, and it is
necessary to take into account signal integrity, computational
efficiency and model requirements. This paper choose 1024
points sampling length, according to the following:

1. The frequency resolution: the length under the common
sampling rate can meet dozens to hundreds of Hertz low-
frequency fault components analysis requirements, to
ensure that features extracted effectively.

2. Computational efficiency: in full cycle of information at
the same time, control calculation burden, to adapt to the
depth of the model input.

3. Enhance flexibility: easy to use in the form of sliding
window, overlap sampling and data, model generalization
ability.

4. Each sensor selected 100 samples, in accordance with the
ratio 6:2:2 divided into training set, validation set and test
set, in order to ensure model training, tuning fully effective
and independent evaluation.

(2) Evaluation index selection

As shown in Table 3, using Accuracy (ACC), Precision (Pre),
Recall, (Rec) and F1 score (F1) performance evaluation of
bearing fault diagnosis model for classification.

1. ACC: Itreflects the overall classification accuracy rate and
is suitable for scenarios with balanced categories.

2. Pre: measure of forecasting accuracy, reduce the false

alarm.
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3. Rec: measure of the ability to identify the real positive
cases in fault diagnosis is very important.

4. F1: comprehensive Pre and the harmonic average of Rec,
unbalanced situation is suitable for processing category.

5. The multi-target combination can be evaluation model
from various angles, to provide more comprehensive basis
for optimization.

Table 3. Model evaluation index.

Metric Expression
A tp +tn
ceuracy tp+fp+tn+fn
Precisi il
recision
tp+ fp
tp
Recall W+

2 X Precision X Recall
Fl-score

Precision +Recall

3.1.3. Training parameters

As shown in Table 4, ECGCN is trained using the Adam
optimizer and the cross-entropy loss function. Meanwhile, to
prevent overfitting, L1 regularization is added to the loss
function. The training period is set to 1000, the learning rate to
0.01, and the patience value to 20. (When the accuracy of the
model tends to stabilize, stop training when the accuracy of the
model has not improved after 20 rounds of training.)

Table 4. ECGCN training parameters.

Number .

. Loss . Learning .
Optimizer . Regularization of Patience
function Rate

epochs
Cross
Adam L1 1000 0.01 20
entropy

3.2. Ablation experiment for improving the effectiveness

of the strategy

This section aims to systematically evaluate the optimization
effect of each improvement strategy on the anti-noise
performance of the model based on different SNRs.
Experiments are conducted based on the SEU bearing dataset,
and the experiments are divided into two modules:

1. Focus on improving the effect of envelope activation in the
convolutional layer, quantify its performance gain under
different SNRS through ablation experiments, and
simultaneously analyze its interpretability in suppressing
noise and enhancing feature representation.

2. Acomparative analysis is conducted on the graph structure
construction methods, with a focus on verifying the

superiority of the composition strategy based on the CCF

over the composition methods based on ED and CS,
revealing its unique advantages in feature correlation

modeling.

3.2.1. Verification and Analysis of the Superiority of

envelope activation

To explore the influence of the envelope activation mechanism
on the anti-noise performance of the model, this study
conducted experiments using the strict control variable method.
By constructing a control experiment system, the experimental
group model containing the envelope activation module and the
control group model with the module removed were trained
respectively. Under the multi-gradient SNR conditions ranging
from -15dB to 15dB, the classification ACC of the two types of
models were compared and analyzed horizontally to evaluate
the effect of the envelope activation mechanism. Meanwhile,
combined with the T-SNE visualization technology, from the
dimension of the spatial distribution of data features, the
shaping effect of envelope activation on the classification
decision boundary is analyzed to provide an interpretable basis
for the mechanism of improving the anti-noise performance of
the model.

Fig. 11 shows the classification ACC of the models with and
without envelope activation modules under different SNR
conditions. In an extremely strong noise environment (SNR=-
15dB, -10dB), the control group models without envelope
activation modules exhibit significant performance degradation,
with classification ACC dropping to 58.67% and 60.33%
respectively, demonstrating obvious noise sensitivity. In sharp
contrast, the experimental group model with the envelope
activation module demonstrated outstanding anti-noise
robustness, maintaining a high classification ACC of over 90%
under the same harsh conditions. This fully verified the
significant improvement effect of the envelope activation
mechanism on model performance in extreme noise scenarios.

Fig. 12 shows the T-SNE visualization comparison of the
model classification results with and without envelope
activation modules under different SNR conditions. The
experimental results show that for the model without the
envelope activation module under each SNR condition, its T-
SNE graph presents the characteristics of discrete distribution

of data points and blurred clustering boundaries, reflecting that
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the model is difficult to effectively distinguish different types of
data, resulting in poor classification performance. Compared
with the T-SNE diagrams generated by the models with
envelope activation modules, the data points of various
categories are closely clustered, the clustering structure is clear
and distinguishable, and the separation degree between classes
is significantly improved. This intuitively confirms that the
envelope activation module can effectively enhance the feature
expression ability of the model and significantly improve the

classification effect.

D No Envelope D Proposed Method

160 ~ 95.44 97.67 98.78 100 100
90.65 92.17 =
=7 8333 84.1 86.1
3
g 801 75.1
< 70.6:
< 70 -
58.6 60.3:
60
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e -0 -3 0 5 10 15
SNR(dB)

Figure 11. Model classification ACC with and without

envelope activation modules (different SNRs).
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Figure 12. Visualization of the impact of envelope activation on model classification. (a) ~ (d) represent the classification T-SNE of

the non-envelope activation (upper) and the complete model (lower) with SNR of -15dB, -10dB, -5dB, and 0dB, respectively.

To explore the interpretability of the envelope activation
module in noise suppression and the improvement of feature
representation capabilities, the output features of the
convolutional layer were subjected to envelope activation
processing. The activated signal is shown inFig. 13: In the time
domain, the signal features after envelope activation processing
show more prominent periodicity compared to the original
features. This periodic feature is precisely the key
characterization of the fault signal. Envelope activation
effectively enhances the weak periodic components submerged
in the noise. By significantly amplifying the fault characteristics,
it suppresses the background noise and thereby improves the
anti-noise performance of the model. In the frequency domain,
the noise energy is uniformly distributed in the frequency
domain. Envelope activation can enhance the low-frequency
modulation components and suppress the noise components.
The characteristic frequencies in the original signal that are

submerged by wideband noise are transformed into energy-

concentrated spectral peaks after envelope activation.
Essentially, this process is to focus the dispersed signal energy
in the wideband noise background to the characteristic
frequency points through energy redistribution in the frequency
domain. So as to achieve the enhancement of robustness
characteristics.

In conclusion, the envelope feature can highlight the
abnormal amplitude changes in the signal, making the features
related to the fault more obvious. It is helpful to extract the fault
feature information from the complex noise background,
thereby improving the accuracy and reliability of fault diagnosis.

Based on the above multi-dimensional data analysis and
comprehensive consideration, the unique advantages and
irreplaceability of each improvement strategy of ECGCN in the
noisy environment were verified respectively, and a deep
learning framework with noise-resistant robustness was jointly

constructed.
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Figure 13. The effect of envelope activation on strong noise signals (SNR=-10). (a) Convolutional layer time-domain signal (b)

Signal after envelope activation (¢) Convolutional layer frequency-domain signal (d) Frequency-domain signal after envelope

activation.

3.2.2. Verification and Analysis of the Superiority of the
CCF

In graph convolutional neural networks, the adjacency matrix
A, as the core computing unit, directly affects the feature
propagation effect. Therefore, the graph structure construction
method is very crucial. During the process of multi-channel
vibration signal acquisition, due to the influence of mechanical
structure characteristics, phase offset is inevitable in the process
of collecting multi-channel vibration signals, and this offset
may cause coupling interference to the fault characteristics. The
CCF, as the similarity measure of the time difference t
parameter (T represents the time difference of signal alignment),
when constructing the edge connection model, through the
introduced time-shift compensation mechanism, can effectively
decouple the influence of phase offset on feature representation.

This study conducts experiments based on the SEU bearing

dataset to systematically analyze the influence of the time-shift
parameter T on the CCF value and the constructed graph edge
connection topology. By comparing the two modes of 7 = 0
(without phase compensation) and 7 # 0 (with phase
compensation), the role of 7 in a noisy environment is verified.

The time-shift parameter scanning experimental results of
the dual-channel signal samples are shown in Table 5 (under
different SNR conditions), and the classification ACC of the
model is shown in Fig. 14. It can be seen from the experimental
results that the change of the CCF response shows significant
sensitivity. This sensitivity is conducted to the graph topology
construction process and ultimately affects the classification
effect of the model. Therefore, in the experiment, the one
corresponding to the maximum value of the CCF is selected to
compensate for the phase deviation caused during the process

of collecting multi-channel signals.

Table 5. The influence of 7 on the value of the cross-correlation function.

(s)
Values(%) 0 0.02 0.04 0.06 0.08 0.1
SNR(dB)
T3 38.63 -57.32 -149.57 -41.36 -31.84 -8.48
-10 26.02 5.4 -2.06 7.54 -1.07 2.85
-5 6.74 15.57 -11.82 -9.82 -9.12 -20.05
0 -12.64 -3.22 1.7 -10.55 5.89 -5.21
5 -7.5 -4.05 -3.25 -10.97 4.34 -7.51
10 -11.29 -3.13 -2.89 -5.77 1.90 -5.14
15 -8.82 0.06 -2.67 -5.99 4.50 -3.59
&> 'S 67 9413

96.56
95.14 @
o
LAl

96
e 5)5.3? Joes

90.42
9

f T T T T T
0.00 0.02 0.04 0.06 0.08 0.10
7(s)

Figure 14. The influence of on the classification effect of ECGCN (Different SNRs).
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Figure 15. Heat maps of the strength of the relationship between nodes described by different composition methods (After global

normalization, ED is negatively correlated with the sign correlation, while CS and CCF are positively correlated with the signal

correlation).(a) Based on Euclidean distance (b) Based on cosine similarity (c) Based on cross-correlation function.

After completing the quantitative analysis of the influence
of 7 on the CCF and its model, the focus is on exploring the
influence of different graph construction methods on the
classification performance. By comparing three methods: ED,
CS, and CCF, a heat map matrix of the correlation strength
between signals was constructed based on ten samples of strong
noise signals. The visualization results shown in Fig. 15 indicate
that the three methods present significantly differentiated results
when characterizing signal correlations.

As shown in Fig. 16, under each SNR condition, the
classification F1-score of the models constructed based on the
ED and CS mapping methods are both lower than those based
on the CCF mapping method, and the classification effect of
their models is poor. The graph structure based on the essential
correlation of signals provides a feature expression space with
stronger noise resistance for the subsequent graph convolution,
enabling the model to have a higher F1 index under the same

noise conditions and verifying the dual advantages of the cross-

correlation function in noise suppression and feature
preservation.
100 100
100 - 98.78

98.23 98.23

90.65 9245 93.13 94.18

90 7

F1(%)

88.33 88.45 88.36
80 ED
76.13 s
—4— CCl
70 T T T T T T T
-15 -10 -5 0 5 10 15
SNR(dIB)

Figure 16. Model classification F1 when composing with

different methods.

3.3. Model

experiment

diagnostic performance comparison

To verify the superiority of ECGCN, different deep learning
models were selected. Comparative experiments on the
classification effects of the models were conducted based on the
SEU dataset and the HUST dataset respectively under noise-free
conditions and different SNR conditions. The
comparison models are GCN, GAT, Graph SAGE, GIN, HO-
GCN,1D CNN and LSTM, and the model inputs are all multi-

selected

channel vibration signals. The model parameters are show in

Table 6.
3.3.1. Comparative experiments based on the SEU dataset

Firstly, the SEU multi-channel vibration signals were input into
each comparison model under noise-free conditions. The
classification results of each model are shown in Table 7. The
results show that under the noise-free condition of the SEU
dataset, all classification indicators of the ECGCN model can
reach 100%, and Graph neural networks such as GCN, GAT and
Graph SAGE all maintain high classification accuracy.
However, each evaluation index of the 1D CNN and LSTM
models showed significant attenuation.

In order to verify the superiority of the anti-noise
performance of ECGCN, multi-channel vibration signals under
different SNR conditions were input into each graph neural
network model, and the classification ACC is shown in Table 8
and Fig. 17. The results show that in terms of training efficiency,
although CEGCN takes a relatively long time (202.54s), its
classification accuracy in a noisy environment is significantly

better than that of graph neural network models such as GCN
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and GAT. Even under strong noise interference (SNR=-15),

CEGCN can still maintain a classification accuracy of over 90%.

The classification confusion matrices of each model under
SNR=-15 are shown in Fig. 18. In the confusion matrices of the
comparison models: GraphSAGE, GCN, GAT, HO-GCN and

GIN, there are generally more misclassified samples, indicating

that the discriminative ability of the models significantly
decreases under the interference of strong noise. The confusion
matrix of the CEGCN model demonstrates high diagnostic
accuracy and anti-noise robustness. The various samples are
basically concentrated along the diagonal, with fewer

misjudgments.

Table 6. Compare the parameter Settings of the model.

Model Hyper-parameter Trainable parameters
C lutional 1 : (1024, 512)
ECGCN Kernel Size=16; Channel=10; Drop=0.5 onvolu 1.ona ayer(
Convolutional layer@: (512, 256)
C lutional 1 : (1024, 512)
GCN [35] Drop=0.5 onvolu 1.ona ayer@
Convolutional layer@: (512, 256)
C lutional 1 : (1024, 512)
GAT [36] Head=4; Drop=0.5 onvolutional layer()

Convolutional layer(2): (512, 256)
Convolutional layer(D): (1024, 512)
Convolutional layer(2): (512, 256)
Convolutional layer(D): (1024, 512)

Graph SAGE [37] Drop=0.5

GIN [38 A tor type=Sum; Drop=0.5
[38] ggregator fypemsui; Lrop Convolutional layer(2): (512, 256)
HO-GCN [39] Maximum neig}iborhood order=3; Convolutif)nal layer(D): (1024, 512)
Drop=0.5 Convolutional layer(2): (512, 256)
1D CNN [31] Kernel Size=16; Channel=10 Convolutional layer (1024, 256)
LSTM [40] Sequence Length=1024; Hidden layer (1024, 512)

Hidden Units=512

Table 7. Classification effects of various comparison models under noise-free conditions (SEU dataset).

Model | keGen GCN GAT Graph SAGE GIN HO-GCN IDCNN  LSTM
Values(%)
ACC 100 89.67 90.33 87.22 100 100 20.00 20.00
Pre 100 88.94 89.74 73.62 100 100 4.00 4.00
Rec 100 89.67 90.33 87.22 100 100 20.00 20.00
F1 100 88.65 90.15 79.19 100 100 6.76 6.76
Table 8. Compare the classification accuracy and training time of the models under different SNRs (SEU dataset).
Model GCN GAT GIN GraphSAGE HO-GCN CEGCN
-15 56.67+6.67 60.12+3.19 69.55+4.22 49.16£3.36 78.67+4.16 90.65
-10 60.15+3.21 63.45+2.24 76.53+4.3 51.76+1.76 84.80+0.72 92.17+0.92
-5 71.33£1.45 73.43+0.44 82.93£1.76 55.49+1.33 87.47+0.67 95.44+0.67
SNR 0 75.86+2.14 80.16+1.05 86.67+1.31 62.16+1.15 93.73+0.77 97.67+0.28
5 77.16£1.12 84.33+1.43 91.07+1.25 71.33£0.56 94.93+1.22 98.78+0.20
10 82.46+1.45 86.25+1.67 93.20+1.05 73.34+0.96 97.20+0.18 100+0.00
15 85.62+1.02 90.11+£0.68 96.67+0.43 85.67+0.44 98.12+014 100+0.00
Time(s) 26.34s 28.25s 37.65s 36.18s 53.46s 202.54s
—=— CEGCN —e— GCN —+— GAT ——GIN HO-GCN GraphSAGE
100 4 —_'*___._4——&—-
. 9.6 92.17 T
_ 80 /,/7/: 80 84.82 82,93
= 78.67 73.43
& > 76.53
=z 69.55 63.45
604 7(,.~"'<- 60 60.12
e 56.67 55.49
w6 51.76
40 L— : : : - - : : r
-5 -0 -5 0 5 10 15 -15 -10 -5
SNR(dB) SNR(dB)

Figure 17. Comparison of model classification ACC under different SNRs. The right figure shows the enlarged shaded part of the left
figure (SEU dataset).
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Figure 18. Confusion matrix for classification of different models under SNR=-15 (SEU dataset)
(a) GraphSAGE (b) GCN (¢) GAT (d) HO-GCN (e) GIN (f) CEGCN.

3.3.2. Comparative experiments based on the HUST

dataset

To verify the generalization performance of the model, noise-
free comparative experiments were conducted on the HUST
dataset, and the results are shown in Table 9. The experimental
conclusion is consistent with the results of the SEU dataset:
Graph neural network models (such as GCN, GAT, GraphSAGE,
etc.) can effectively extract fault features from multi-channel
signals and have a relatively high classification accuracy.
However, 1D CNN and LSTM are not sensitive to multi-
channel signals and have poor classification performance. This
indicates that there are significant differences among different
models in the feature learning and classification capabilities of
multi-channel vibration signals.

To verify the generalization ability of the noise resistance

performance of CEGCN, further comparative experiments were
conducted on the HUST bearing dataset. The results are shown
in Table 10 and Fig. 19. Experiments show that under different
SNRs, although the training time of CEGCN is relatively long
(225.465), it still achieves a high classification accuracy on the
HUST dataset and outperforms other comparison models.

The classification confusion matrices of each model under
SNR=-15 are shown in Fig. 20. The colors of the confusion
matrix of CEGCN are most concentrated on the diagonal, while
those of other models are much more dispersed. It is indicated
that the classification effect of CEGCN is significantly better
than that of other graph neural network models such as

GraphSAGE and GCN even under strong noise.

Table 9. ssification effects of various comparison models under noise-free conditions (HUST dataset).

——. )M"de' ECGCN GCN GAT Graph SAGE GIN HO-GCN 1D CNN LSTM
ACC 100 92.00 94.67 91.11 100 100 28.67 19.67
Pre 100 93.33 95.12 91.67 100 100 19.46 3.96
Rec 100 92.00 94.67 91.11 100 100 28.67 19.67
F1 100 90.15 95.48 90.11 100 100 19.03 6.59
Table 10. Compare the classification accuracy and training time of the models under different SNRs. (HUST dataset)
Model GCN GAT GIN GraphSAGE HO-GCN CEGCN
-15 56.67£7.25 60.12£7.15 70.55+£3.23 51.35+£1.33 69.67%£5.12 88+1.36
-10 67.33+£7.03 70.34+4.63 72.14£6.38 58.15+£0.92 80.40+4.14 89.33+1.02
-5 70.17£6.14 75.56+£2.03 73.88+4.76 62.44+1.05 82.16£3.55 92.11+0.88
SNR 0 72.67%£3.12 79.33+2.41 77.62+4.31 71.13£1.33 82.33+3.88 96.34+0.67
5 80.15£3.05 81.24+1.09 80.58+2.84 79.67£0.88 85.67£2.18 98.67%0.00
10 83.33+2.24 88.67£1.03 86.23+2.09 80.15+£0.43 88.08+0.43 98.67%0.00
15 86.67+2.26 90.17£0.88 93.72+1.02 83.33+1.02 95.12+0.14 100£0.00
Time(s) 30.12s 32.33s 42.36s 44.25s 62.09s 225.46s
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Figure 19. Comparison of model classification ACC under different SNRs. The right figure shows the enlarged shaded part of the left

figure (HUST dataset).
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Figure 20. Confusion matrix for classification of different models under SNR=-15. (HUST dataset)
(a) GraphSAGE (b) GCN (¢) GAT (d) HO-GCN (e) GIN (f) CEGCN.

Combining the experimental results on the SEU and HUST

datasets, CEGCN demonstrates excellent classification

performance in various noise environments, fully
demonstrating that this model has good generalization ability
and noise resistance robustness under complex noise conditions.
Its anti-noise advantage stems from a unique cascaded
processing architecture: on the one hand, the improved
convolutional layer suppresses wideband noise through local
feature extraction and envelope activation; On the other hand,
in the integration operation of CCF, phase interference is
eliminated by the selection of positive and negative random
noise and time-shift parameters. Finally, the multi-channel
features with enhanced noise resistance are input into the graph
convolutional network to enhance the feature representation.
This collaborative mechanism of noise filtering and feature

enhancement enables CEGCN to maintain the optimal

classification performance in strong noise scenarios.

3.4. Further Discussion
3.4.1. K value optimization experiment

In the process of constructing the multi-channel signal graph
structure based on CCF, we adopt the KNN algorithm to
establish the connections between multi-channel signal samples.
Among them, the composition parameter K value directly
determines the tightness of the topological connection of multi-
channel signals, and thus has an important impact on the
subsequent multi-channel signal fusion effect. This subsection
systematically explores the impact of the K value on the
classification performance and memory occupancy of the
CEGCN model based on the HUST dataset.

Fig. 21 shows the classification effect of CEGCN under
SNR=0, and Table 11 presents the size of the model's running
memory. It can be seen that as the K value increases, the
classification performance of CEGCN (ACC, Pre, Rec, F1)

generally shows a trend of first rising and then stabilizing. When
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K=8, all the indicators of the model tend to converge.
Meanwhile, the memory usage of the model increases with the

increase of the K value. It is 3.22G when K=8, which is higher

performance and efficiency, and thus is determined as the
optimal parameter.

Table 11. The occupied space of CEGCN operation.

than K=3 (1.57G), but much lower than K=12 (4.02G). Taking K 3 4 5 8 10 12
into account the classification effect and computational cost Memory(G) 157 244 288 322 362 402
comprehensively, K=8 achieves the best balance between
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Figure 21. The influence of K value on the classification effect of CEGCN.
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Figure 22. Model training process (S is convolution kernel size, N is the number of convolution kernels).

3.4.2. Optimal selection of independent and parallel

convolution kernel parameters

CEGCN conducts preliminary fault feature extraction on multi-
channel vibration signals by adopting independent and parallel
convolutional layers. Among them, the parameter setting of the
convolutional kernel has a key impact on the model
convergence process and classification accuracy. This
experiment aims to explore the influence law of different
combinations of convolution kernel parameters on the
performance of the CEGCN model. By training on the HUST
dataset under the condition of SNR=0, the results are shown in
Fig. 22. Analysis shows that increasing the size of the
convolution kernel (such as S=9) can effectively accelerate the
convergence speed of the model in the early stage of training,
while the change in the number of convolution kernels (N taken
as 5, 7, 9, 11) has no significant impact on the model training
process. Furthermore, after thorough training, the models under

different parameter combinations can all converge to similar

final classification accuracy rates, indicating that CEGCN has
good stability and robustness under different hyperparameter

configurations.

3.4.3. Superiority Verification and Analysis of Multi-

channel Models

This study aims to systematically verify the enhancing effect of
the the
classification performance of the ECGCN model. In the text, the

multi-channel feature fusion mechanism

on
model with single-channel signals as input is defined as the
single-channel model, and the model with multi-channel signals
as input is defined as the multi-channel model. A comparative
experiment was carried out based on the SEU bearing dataset.
By comparing the classification performance differences
between the single-channel model and the multi-channel model
under different SNR conditions, the superiority of the multi-
channel model was revealed. In the experiment, the X-axis
vibration signal was selected as the input of the single-channel

model. By strictly matching parameters such as the sampling

Eksploatacja i Niezawodno$¢ — Maintenance and Reliability Vol. 28, No. 4, 2026




frequency, sample size and signal length (completely consistent
with the multi-channel model), the interference of irrelevant
variables on the experimental results was effectively eliminated
to ensure the reliability of the performance comparison.

The experimental results are shown in Fig.23. When the
noise is relatively small (SNR=15, 10), the classification ACC
of the single-channel model and the multi-channel model are not
much different and can both be maintained above 95%.
However, under the condition of strong noise (SNR=-15, -10),
the classification ACC of the single-channel model is
significantly lower than that of the multi-channel model.

The experimental results show that, based on the improved
convolutional layer denoising framework, the multi-channel
vibration signals achieve the adaptive fusion of cross-channel
features through the Graph Convolutional network (GCN),
forming a complementary feature enhancement effect.
Compared with the problems such as single feature
representation dimension and poor anti-interference ability
existing in single-channel signals, multi-channel feature fusion
can effectively integrate fault-sensitive features in different
directions. Under the extreme noise of SNR=-15dB, the average
ACC value can still be as high as 90.65%.

10 I W Single signal [0 Multi signal

97.67
95.44

95 .
92.17
90,65 '

90 <

ACC(%)

85 4

&0 <

SNR=-15 SNR=-10 SNR=-5 SNR=0 SNR=3 SNR=10 SNR=15

Figure 23. The classification ACC of single-channel models
and multi-channel models (Different SNRs).

4. Conclusions and prospects

This paper aims at the challenges of feature extraction and
multi-channel signal fusion in a strong noise environment in
industrial equipment fault diagnosis, and proposes an improved
GNN model based on envelope activation features and cross-
correlation function mapping strategy. The model advantages
are as follows:

1. A method based on the parallel independent improved
one-dimensional convolution architecture is proposed,
combined with the envelope activation mechanism to
achieve feature extraction of single-channel signals. This
architecture design effectively enhances the significance

of fault impact features and simultaneously achieves the

suppression effect on noise components, providing a
high-discrimination feature input basis for subsequent
cross-channel feature fusion.

2. Agraph structure construction method based on the time-
domain cross-correlation function was designed, which
effectively overcomes the noise sensitivity in the
traditional composition based on Euclidean distance and
cosine similarity. This graph structure can effectively
represent the inherent feature correlation of multi-
channel vibration signals. Combined with the graph
convolutional network, the robust fusion of cross-
channel features is achieved, significantly improving the
signal representation ability.

3. Experiments based on the SEU and HUST public bearing
datasets show that the ECGCN model maintains high
classification ACC and noise resistance under different
SNRs, and its fault identification performance in
extreme noise environments is significantly better than
that of traditional GNN and deep learning models.
Compared with single-channel signals, the multi-
channel fusion mechanism can effectively improve the
ability of fault feature extraction and the generalization
performance of the model.

However, this method still has the following limitations:

1. CEGCN rely on synchronous data acquisition of multi-
channel signals of sensor layout and data alignment has
certain requirements.

2.  The graph construction method based on CCF has high
computational complexity, may affect in real time or
limited resources deployment efficiency of the scene.

3. Although the present study focused on the bearing fault
diagnosis, but this method can be extended to the gear,
theoretically rotor and other condition monitoring of
rotating machinery system, the future will pass more
mechanical  datasets verify its  generalization
performance.

Above all, CEGCN through innovative feature extraction
and map building strategy, improve the noise environment of
fault diagnosis accuracy and robustness, good engineering
application potential. Subsequent work will focus on the
deployment and verification in actual industrial scenarios, and

further explore the fusion of multimodal signals and the design
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of lightweight graph structures to enhance the practicality and edge environments.

adaptability of the model in complex mechanical systems and
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