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Abstract

Severe diagnostic errors are often caused by the significant imbalance between normal
and fault data in bearing datasets. To solve this challenge, a graph attention convolutional
neural network based on sensitivity analysis and correlation analysis (SCGAT) is pro-
posed to achieve bearing fault diagnosis under imbalanced-dataset conditions. Firstly, a
graph attention convolutional neural network is constructed to effectively extract fault-
related features from multi-sensor data. Then, a sensor sensitivity analysis module is built
to filter and select effective sensor information. A sensor correlation analysis module is
introduced to distinguish the correlation between different sensors, and strongly corre-
lated sensors are merged. Finally, the merged features are input into a classifier for fault
diagnosis. The effectiveness of the proposed method is verified on a power transmission
simulation experiment platform. The experimental results show that the proposed
SCGAT can effectively achieve fault diagnosis under imbalanced data conditions, and ex-
hibits higher diagnostic accuracy and stability compared to other models.

Keywords: fault diagnosis; graph attention network; imbalanced dataset; bearing

1. Introduction

Bearings are regarded as a kind of typical rotating machinery and are widely used in
various power transmission equipment [1,2]. The equipment is characterized by large size,
complex structure and heavy load. Almost all torque is transmitted through these com-
ponents. Once a fault occurs, it will cause the connected components to operate abnor-
mally, and ultimately lead to a bearing fault. This poses a huge safety hazard to power
equipment [3-7]. Consequently, it is important to carry out fault diagnosis for the stable
and safe operation of bearings.

Typical fault diagnosis methods include oil analysis [8], acoustic emission [9], tem-
perature detection, and vibration detection. All these methods monitor data through sen-
sors and then analyze the working state of the equipment. However, fault diagnosis tech-
niques have been improved significantly with the advancement of sensor technology and
artificial intelligence technology. Artificial intelligence technology is used to extract the
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time—frequency domain feature from vibration signals and construct a fault diagnosis
model to determine the fault type. It is the mainstream method for bearing fault diagnosis
[10-12].

Statistics-based artificial intelligence methods are employed to process data and ex-
tract features. These include frequency domain analysis methods, time domain analysis
methods, and time—frequency domain analysis methods. The frequency domain analysis
methods mainly use the Fourier transform to obtain the frequency domain features of the
time domain signal, and then achieve fault diagnosis by analyzing the frequencies of dif-
ferent vibration signals [13,14]. The time domain analysis methods directly analyze the
signal features collected by the sensor without processing [15,16]. The time—frequency do-
main analysis methods can not only analyze the relationship between the time and fre-
quency of the vibration signal but also extract the local detail features of the signal, and
they are capable of processing non-stationary and non-linear signals [17-19]. However,
these methods all require manual extraction of the fault features. This means relying on
the extensive experience of professionals. Due to the limitations in the applicability of
these methods, they cannot meet the requirements of long-term safe and stable operation
of bearings.

Deep learning techniques have become an effective method for bearing fault diagno-
sis. For example, Xie et al. proposed a feature-highlighting processing method based on a
reverse-attention mechanism to highlight important features [20]. Gao et al. used the mini-
batch stochastic gradient descent method to pre-train the DBN, and then used the back-
propagation neural network and conjugate gradient descent method to supervise and
fine-tune the entire DBN model, effectively improving the fault diagnosis accuracy of the
model [21]. Zhang et al. proposed a multi-scale, full-spectrum CNN model to address the
problem of poor fault diagnosis performance under variable working conditions, which
ensures classification ability while avoiding overfitting caused by overly complex net-
works [22]. Yuan et al. extracted temporal feature information through the bidirectional
long short-term memory network and performed fault classification in CatBoost, the ex-
periments showed that the fault diagnosis accuracy was high [23].

Deep learning requires a large amount of data. Among the data collected by numer-
ous sensors, the data from a few sensors are merely noise information. Therefore, address-
ing the noise problem caused by having multiple sensors has also led to many research
achievements [24-27]. Wang et al. presented an improvement of a convolutional autoen-
coder network to merge and exploit the valid features generated from multi-sensor data
[28]. There are also other methods for fault diagnosis when using multiple sensors to mon-
itor the working condition of bearings [29-36]. Kim et al. developed a new potentially
linear model that builds HI and selects an informative sensor to depict the regression
course in a harmonized way [37]. Melluso et al. proposed a non-invasive torque FD frame-
work. The residual is refined through a Recursive Least Squares estimator to enhance the
adaptability of the proposed modeling approach [38]. Wang et al. proposed an intelligent
process fault diagnosis system through integrating the techniques of an Andrews plot and
convolutional neural networks [39]. Wang et al. proposed a new fault diagnosis method
based on the distance and probability topological graph (DPGCN) model to address the
common problem of imbalanced classes in marine diesel-engine condition monitoring
data, which can improve the classification accuracy and stability under imbalanced data
sets [40]. Zhang et al. proposed a braking friction fault diagnosis method based on a one-
dimensional convolutional neural network (IDCNN) and GraphSAGE network to ad-
dress the problem of imbalanced fault samples in actual high-speed train braking friction
operation. The effectiveness of the network was verified with normal samples much more
than the fault samples [41].
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The existing diagnosis methods require sufficient fault data. However, fault data is
much less plentiful than normal data in practical scenarios. This imbalance in normal data
and fault data has raised the difficulty in fault diagnosis.

There are two ways to extract a feature from low-occurrence fault data effectively.
The first way is to find an appropriate method to extract the feature effectively. The graph
construction method takes samples as nodes and constructs the relationship between each
node, and a graph network is generated. The features of the low-occurrence samples can
be extracted by the relationships between the low-occurrence samples and the nodes, as
well as the features of the neighboring samples, so the GCN and GAT are potential meth-
ods. The other way is to find a method to decrease the unwanted signal; this can decrease
the difficulty of feature extraction. The sensor selection algorithm is a potential method.
A novel graph attention convolutional neural network based on sensitivity analysis and
correlation analysis (SCGAT) is proposed. The main contributions of this paper are as fol-
lows:

(1) A graph attention convolutional neural network is constructed to effectively ex-
tract imbalanced features. This method can capture hidden fault-related features within
the dynamic graph structure.

(2) A sensor sensitivity analysis module is built to select sensors highly sensitive to
faults. Furthermore, a sensor correlation analysis module is introduced to reveal the
strong correlation between sensors.

(3) Experiments are conducted to analyze the performance of the proposed method.
This demonstrated that the proposed method can enhance diagnosis accuracy under im-
balanced-dataset conditions.

The rest of this paper is organized as follows. In Section 2, we describe the network
structure of SCGAT. In Section 3, a power transmission simulation experiment platform
is introduced, and the effectiveness of the proposed method is verified. Section 4 gives the
conclusions and looks forward to future work.

2. Materials and Methods

The proposed SCGAT network model integrates the graph attention network, which
is capable of handling dynamic graphs, and a convolutional neural network, which has
the advantage of efficient feature extraction. By doing so, it can process the constructed
dynamic graphs and extract the features of fault samples efficiently. Each node in the dy-
namic graph represents a sample, and the connections between nodes represent the rela-
tionships between the samples. The samples are represented using the sensor group se-
lected through sensitivity analysis and correlation analysis. The number of sample fea-
tures is consistent with the number of sensors.

The SCGAT network flow and structure are shown in Figures 1 and 2. The SCGAT
method consists of three parts: (1) the model-building and pre-training stage; (2) the sen-
sor selection stage; (3) the feature-learning and fault diagnosis stage.

The SCGAT diagnosis model is constructed in the model-building and pre-training
stage. The complete dataset without sensor screening is used as the input. The hyperpa-
rameters of the model are initially determined, and the output of the model is obtained.
In the sensor selection stage, sensitivity analysis is employed for sensor screening and
selection. Combined with correlation analysis, the optimal sensor group is obtained. In
the feature-learning and fault diagnosis stage, the optimal sensor data is used to train the
model. The trained model is employed for fault diagnosis, and the diagnostic results are
obtained.
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Figure 1. SCGAT network flowchart.
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Figure 2. Graph attention convolutional neural network structure.
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2.1. Graph Attention Convolutional Neural Network

The graph attention convolutional neural network [42] comprises three components,
namely the graph data construction module, the graph attention mechanism module and
the convolutional neural network module. Extracting the features of the low-occurrence
samples is difficult. The graph construction method takes the samples as nodes and con-
structs the relationship between each node, and the graph network is generated. The fea-
tures of the low-occurrence samples can be extracted by the relationships between the
low-occurrence samples and the nodes, as well as the features of the neighboring samples,
which improves the efficiency of feature learning.

(1) Graph data construction module

The elements in the adjacency matrix are the relationships between each pair of nodes.
The relationships between nodes and nodes constitute a dynamic graph. Constructing the
adjacency matrix involves calculating the relationship values between each pair of nodes.
There are various methods, such as the Euclidean-distance method, cosine similarity
method, Pearson correlation coefficient, Spearman correlation coefficient, and Kendall
correlation coefficient. The cosine similarity method was selected in this paper after com-
parative analysis. Nodes can be regarded as samples with features. The new feature of a
node is updated by combining the node’s own feature with the relationships between the
node and all other nodes.

Let G = (V, E) be an undirected graph, where the vertex set V = vy, ..., v, and the
edgeset E = ey, ..., e.. Let a;; represent the number of edges between vertices v; and vj,
and the resulting matrix A = A(G) = (@;j)nxn is the adjacency matrix of graph G. A prop-
agation ruleis given: f(h', A) = relu(Ah'W"), where h' is the feature of the i-th layer, W*
is the weight matrix of the i-th layer, and relu is a non-linear activation function. Assume
the initial conditions: (1) i=1 and f acts on the input feature matrix. (2) relu is the identity
function. (3) Select the weights, Ah®W° = AXW° = AX;thatis, f(X, A) = AX, where h° is
the feature of the input layer, and W? is the weight of the input layer. The representation
of each node is the sum of the features of its adjacent nodes, that is, the aggregation of
adjacent nodes.

Since the aggregated representation of nodes is the feature aggregation of adjacent
nodes, their own features not included, a self-loop is added to each node before applying
the propagation rule; that is, the adjacency matrix A is added to the identity matrix I. The
connection situation of nodes is described by the degree matrix, that is, the number of
nodes including itself. Nodes with large degrees have larger values in their feature repre-
sentations, while nodes with small degrees have smaller values. This can lead to gradient
vanishing or explosion and affect the stochastic gradient descent algorithm. Therefore, by
multiplying the adjacency matrix A with the inverse of the degree matrix D, a transfor-
mation is performed to normalize the feature representations by the degree of the nodes.
The simplified propagation ruleis f(X,A) = D 24D _%X, where D is the degree matrix cor-
responding to A = A + I, the degree matrix of the matrix A with forced self-loops; then,
applying the relu activation function, it becomes a complete layer with the adjacency ma-
trix, input feature, weight, and activation function.

N 1 1
f(X,A) = relu (D zZAD 2XW) 1)
The expression can be expressed as the following formula for any layer:
h*D = relu(D‘%Aﬁ‘%h@W@) (2)

(2) Graph attention mechanism module
A node has multiple neighboring nodes, and the importance of these neighboring
nodes to a particular node varies a lot. Therefore, an attention mechanism is introduced
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to calculate the attention coefficients between the node and the neighboring nodes, and to
weight and sum the features of the neighboring nodes; this makes the feature update of
the node more reasonable.

The graph attention mechanism calculates the attention coefficients between nodes
and other nodes first and normalizes them, then performs weighted summation. If multi-
ple attention coefficients are calculated simultaneously, the results of the K attention
mechanisms are horizontally concatenated or averaged. The input and output of each
layer are as follows:

1. Input h={hy, hy,..., hy,}, h, € RF
2. Output: ' = (W'}, 'y, ..., W'y, }, I, €RF

The formula for calculating the attention coefficient between node i and node j:

a;; = softmax(LeakyReLU(a" [Wh,| |WF]])) (3)

Firstly, calculate the similarity between vertex i and its neighboring nodes j € N;:

e = a(Wh, Wh) )

In the formula, (WE, WE) indicates that the features h; and h; share the parame-
ter matrix W, and both use W to perform linear transformation on the features. -,- inthe
formula represents horizontal concatenation, and the outermost a in the formula repre-
sents a single-layer feedforward neural network, using LeakyReLU as the activation
function, and the output is a numerical value. With the correlation coefficient, it is then
normalized using Softmax.

€xp (eij)
o= 5
U S, oxp (e ©
exp (LeakyReLU(ZT w rd 1124 2 m
aij : ! (6)

/= Zke]\]i exp (LeakyReLU(?T [w 7 [|\W 7 1)
i j

Here, || represents vector concatenation. The calculation process of the attention co-
efficient is shown in Figure 3:

Figure 3. Calculation process of attention coefficient.

After obtaining the attention coefficient, the features of the neighboring nodes are
weighted and summed. The concatenation process of a single attention mechanism is
shown in Figure 4:

;)i: relu(z aijW 7}) (7)

JEN;

https://doi.org/10.3390/s26041182


https://doi.org/10.3390/s26041182

Sensors 2026, 26, 1182

7 of 21

-1

h 1 \h i
[ a2 _Lail
h,z | (/_) \
\\{l /’J

Figure 4. The concatenation process of a single attention mechanism.

For better learning results, multiple attentions are used. For K attentions, two meth-
ods can be employed to aggregate the neighboring nodes. One method is the horizontal
concatenation approach, where the aggregated-feature dimension is K times the original
one. The other method is to take the average of the results obtained from the K attention
mechanisms. The concatenation process of multiple attention mechanisms is shown in
Figure 5.

= Iloaretu( ) ay W ) ®

JEN;

©)

Figure 5. The concatenation process of multiple attention mechanisms.

(3) Convolutional neural network module

Although the graph attention network can handle dynamic graphs, the neighbors
extracted for each vertex are different, which makes the calculation processing necessary
for each vertex. The effectiveness of the feature extraction is not as good as that of a con-
volutional neural network. Therefore, a convolutional neural network is integrated into
the SCGAT method to improve the effect of feature extraction.

The modules of the convolutional neural network mainly include the convolution
module and the pooling module. The convolution module includes expanding bounda-
ries, convolution windows, forward convolution, backward convolution, etc., and the
pooling module includes forward pooling, creating masks, value allocation, backward
pooling, etc. A network with convolution layers and pooling layers contains forward and
backward propagation. During the forward-propagation process, some values are stored
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to calculate the gradient values in the backward-propagation process. Using the output of
the graph attention network module as the input of the convolutional neural network
module, features are extracted from the dynamic graph, and the extracted features are
classified using a fault classifier to achieve fault diagnosis of bearings under the condition
of an imbalanced dataset.

2.2. Sensitivity Analysis of Sensor

Due to the large number of sensors used for monitoring, there are differences in the
diagnostic effects of different sensors. Sensors with poor diagnostic performance can be
used for fault diagnosis, resulting in a large amount of interference information carried
by a single sample, making it difficult to diagnose. Therefore, sensitivity analysis and cor-
relation analysis are used to screen the sensors with many interference factors to improve
the accuracy of fault diagnosis.

Sensitivity analysis is a type of uncertainty analysis technique that studies the degree
to which changes in certain factors affect one or more key indicators from a quantitative
perspective. The sensitivity of each input is represented by a sensitivity index. The sensi-
tivity index includes the following types: the first-order index measures the contribution
of a single model input to the variance of the output; the second-order index measures the
contribution of the interaction between two model inputs to the variance of the output;
and the total-order index measures the contribution of model inputs to the variance of the
output, including the indexes of first-order and higher-order [43]. Generally, the sensitiv-
ity index can be divided into four grades, as shown in Table 1.

Table 1. Classification of sensitivity levels.

Sensitivity Index Sy Sensitivity Level
0.00 < |S¢] < 0.05 Inefficient
0.05 < |S7] <0.20 Moderately sensitive
0.20 < |S7] < 1.00 Sensitive
1.00 < |S7] Highly sensitive

The average sensitivity index refers to the average value of the total sensitivity index
of this characteristic parameter across several types of faults, where r represents the total
number of fault categories.

St + St ..+ St;

r

mean(Sr;) = (10)

The model is set as y =f(x), where x = xy, x5, ..., xy are the input values of the model;
x; represents the j-th column of data, which is a column vector; N indicates the number
of features, and it follows a uniform distribution over [0,1]; and f2(x) is integrable. y is
the corresponding output value. The model can be decomposed into the sum of functions
of different dimensions:

fo= [ £eodx (11)

FEO=fo+ ) > fr @ 1) (12)

s=1 j1<<Jg

Here, 1 <j; < <js; <N, fj, j. represents the functional relationship between the j-th
feature parameter and the other feature parameters; the total variance v of the model can
be calculated using the following formula:
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v= | frax- g (13)

Vi, .y = f firein@%; - Ay (14)

The overall variance of the model can also be decomposed into the influence of indi-
vidual feature parameters and the combined effect of each feature parameter:

N N
v=>" > v (15)

Jj=1j1<<jn

In the formula, v represents the total variance of the model outputy. v; ;. repre-
sents the variance term of the j-th characteristic parameter acting together with all other
characteristic parameters. By normalizing the above equation, the total sensitivity index
Srj of the j-th characteristic parameter can be obtained, which is used to represent the
total influence of the j-th characteristic parameter on the model and the mutual influence
among the characteristic parameters.

Sty = Sjy g = (16)
v

The above calculation process is based on the model y = f(x), and further extends the
model to SCGAT. During pre-training and pre-diagnosis, a set of data was calculated. The
original data X was used as the input x, and the diagnostic result Y was used as the output
y. The calculation of the sensitivity index is the same as the above process.

Sensitivity analysis assesses the influence of parameters on the response, which can
be divided into local sensitivity and global sensitivity in the form of partial derivatives.
Variance analysis assesses the contribution of input variance to response variance, which
is a type of local sensitivity. From the above analysis, it can be known that parameters
with larger variance have larger local sensitivity. The statistical significance of variance is
that when the data distribution is relatively scattered, that is, when the data fluctuates
more around the average value, the sum of the squares of the differences between each
data point and the average value is larger, and the variance is larger. When the data dis-
tribution is relatively concentrated, the sum of the squares of the differences between each
data point and the average value is smaller; so the smaller the variance, the smaller the
fluctuation of the data. When selecting the data measured by sensors to train the model
and perform fault diagnosis, the smaller the data fluctuation, the more conducive it is to
improving the accuracy rate. Therefore, when screening sensors, sensors with sensitivity
indices lower than the average value are selected to obtain the sensitive-sensor group,
thereby improving the fault diagnosis effect.

2.3. Correlation Analysis Among Sensors

Sensors with more interfering information can be eliminated through sensitivity
analysis. To improve the fault diagnosis effect, the results of correlation analysis are uti-
lized to merge the sensors with extremely strong correlations. The sensor with the higher
average sensitivity index among the two is removed. Finally, the remaining sensors are
regarded as the optimal sensor group.

Correlation analysis was conducted using the original data of the sensors, and the
correlation between the sensors was calculated. A correlation coefficient of 0.8 or above
indicates a strong correlation. The larger the absolute value of the correlation coefficient,
the stronger the correlation. The closer the correlation coefficient is to 1 or -1, the stronger
the correlation. The closer the correlation coefficient is to 0, the weaker the correlation.
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Generally, the strength of variable correlation is determined by the value range shown in
Table 2.

Table 2. Relationship between correlation coefficient values and correlation strength.

Correlation Coefficient Correlation Strength
0.8-1.0 Very strong correlation
0.6-0.8 Strong correlation
0.4-0.6 Moderate correlation
0.2-04 Weak correlation
0.0-0.2 Extremely weak correlation or no correlation

Suppose two sets of vectors are given: X = (xy,%y,.., ), Y=
(Xut1, Xuszr o Xusw)'. Among them, u and v are the dimensions of the two sets of vec-
tors, where u <v, u+v = M. Select several representative linear variables P; and Q;
from X and Y respectively. These linear variables are all linear combinations of the original
variables; that is, P, = a’X,Q; = BTY. To obtain the maximum correlation between the
two sets of variables, calculate their Pearson correlation coefficient p(P; Q;).

a’Sy,B
VaTSua BTS,,B

In the equation, a”S,,a =1, B7S,,f =1, a and B represent the typical correlation

argmaxp = corr(X,Y) = 17)

between P; and Q; in the projection directions, Sy, and S,, are the covariance matri-
ces of vectors X and Y respectively, and S,, is the covariance matrix between X and Y.

The original data of the sensor group obtained from the sensitivity analysis was di-
vided into different columns according to different sensors, all the data of one sensor cor-
responds to one variable. All the variables are combined in pairs. After obtaining the first
set of related variables, the related variables of other groups are calculated. This process
continues until the correlation between the variables is extracted completely, that is, until
the correlation coefficients between each pair of sensors are determined. For combinations
with correlation coefficients greater than the average value, the sensors with lower sensi-
tivity indices are retained; thus, the optimal sensor group is obtained.

3. Results

To verify the effectiveness of the proposed SCGAT at the task of fault diagnosis under
the condition of an imbalanced dataset, several different methods were introduced and
compared with the proposed method. Experimental verification and effect analysis were
conducted on the bearing dataset.

3.1. Experimental Platform and Dataset Introduction

The bearing dataset was collected from the gearbox data of the power transmission
simulation experiment platform at Southeast University. This platform mainly consists of
a motor, motor controller, gearbox, planetary gearbox, brake, and brake controller, and
can simulate various bearing operating conditions, as shown in Figure 6.
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Figure 6. Power transmission simulation experimental platform.

This experiment simulated five bearing operating conditions under two working
conditions: a rotational speed of 20 Hz (1200 rpm) with no load, 0 V (0 Nm), and a rota-
tional speed of 30 Hz (1800 rpm) with a load of 2 V (7.32 Nm). The five bearing operating
conditions were normal (NO), ball fault (BF), inner-ring fault (IF), outer-ring fault (OF),
and combined inner- and outer-ring fault (CF). The bearing dataset was obtained through
data collection. During the experiment, eight sensors monitored the experimental plat-
form. The installation location and function of each sensor are shown in Table 3.

Table 3. Sensor description of the power transmission simulation experimental platform.

Sensor Installation Location Description
X1 Motor Motor vibration
X2 Planetary gearbox Vibration in the x direction
X3 Planetary gearbox Vibration in the y direction
X4 Planetary gearbox Vibration in the z direction
X5 Motor Motor torque
X6 Parallel gearbox Vibration in the x direction
X7 Parallel gearbox Vibration in the y direction
X8 Parallel gearbox Vibration in the z direction

In practical applications, the amount of data related to mechanical failures is much
less than the normal data. To reflect the actual situations, for normal conditions, the train-
ing set, validation set and test set are much more than other failure conditions. The num-
ber of training, validation, and test samples for bearing failure types and various working
states in the power transmission simulation experimental platform is shown in Table 4.
The number of training samples with normal conditions is much larger than that of other
failure types, with a proportion of 71.4%.

Table 4. Bearing failure types, training, validation and test sample quantities.

Working Status Total Training Validation Testing Description
NO 1000 700 150 150 Healthy
BF 100 70 15 15 Roller has cracks
IF 100 70 15 15 Inner ring has cracks
OF 100 70 15 15 Outer ring has cracks

CF 100 70 15 15 BO’Fh inner and outer
rings have cracks

https://doi.org/10.3390/s26041182
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In the initial stage of the experiment, a comparative analysis was conducted to exam-
ine the impact of different hyperparameters on the experimental results. The experimental
conditions were set as follows: the batch size is 64, the optimizer is “Adam’, the learning
rate is 0.01, the effective number of training epochs is 100 and the stopping criteria is when
the loss does not decrease for 10 epochs. The experimental results are the average over
three random initializations.

3.2. Results and Discussion
3.2.1. Diagnostic Results

After training the model with the bearing dataset, the sensitivity indices of each sen-
sor were determined. Through sensitivity analysis, sensors with sensitivity indices lower
than the average value were selected. Then, sensors with strong correlations with each
other were screened out through correlation analysis; the sensor with a lower sensitivity
index was selected. The selected sensor group was used as the input for fault diagnosis. If
the diagnostic results were satisfactory, the selected sensor group would be regarded as
the optimal sensor group. Otherwise, the selection range of sensors would be expanded,
and the above steps would be repeated until the desired results were obtained. Under the
condition of a ratio of normal samples to faulty samples of 10:1, the diagnostic results
showed an accuracy rate of 98.01% and a loss value of 0.0059, as shown in Figure 7. This
verified that the proposed SCGAT model in this paper can improve the classification ac-
curacy and stability in the case of an imbalanced dataset.

Model categorical _accuracy & loss

0.8 4
0.6
—— categorical_accuracy
0.4 4 loss
0.2
0.0 4

0 10 20

30
Epoch

Figure 7. The diagnostic results of the SCGAT model using the superior-sensor group.

Different sensor groups are selected for fault diagnosis based on different fault types.
By integrating various sensor groups of all fault types, the optimal sensor group is ob-
tained through analysis and comparison. Conducting a sensitivity analysis for five types
of faults once cannot determine which sensors are more sensitive to each type of fault.
Therefore, sensitivity analyses are conducted for each of the five types of faults separately,
and the total sensitivity index and average sensitivity index of each sensor under various
faults are obtained. The results are shown in Figure 8.
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Figure 8. Total sensitivity index of each sensor for each type of fault.

Remove each type of low-sensitivity sensor and form a low-sensitivity-sensor group.
Since the sensitivity index values of the sensors are all relatively low, sensors with sensi-
tivity indices lower than the average value are selected as the corresponding state’s low-
sensitivity sensors and sorted according to the average sensitivity index. The average sen-
sitivity index is the average of the total sensitivity indices corresponding to the five states.
In this case, the sensors selected for each fault condition are X1, X2, X3, and X4. Place the
low-sensitivity sensor group into the SCGAT model for re-training and testing. The diag-
nostic accuracy rate is 89.6%. The result is within expectations. The possible reasons for
this phenomenon are the significant reduction in sensors and the fact that there are
strongly coherent sensors among the sensors. If sensors have a high correlation with each
other, they may interfere with each other during diagnosis and identification.

Conduct pairwise correlation analysis for all sensors according to different fault
types and remove redundant sensors. The correlation coefficient between each sensor is
shown in Figure 9. The correlation coefficients of 0.6 and above include X1 and X2, X2 and
X7, X8, and X3 and X8. Clean and merge the sensors with correlation coefficients of 0.6
and above, and remove the sensors with a higher average sensitivity index. To ensure that
the number of sensors is not too small, observe from the correlation graph and find that
X4 and X5 have correlations with multiple sensors, which may contain more information,
and their average sensitivity index is also low, so they are selected as reserved sensors.
The reserved sensors and the filtered sensitive sensors form a sensitive-sensor supplemen-
tary set, and they are re-trained and tested in the SCGAT model. Under the condition of a
normal sample-to-fault sample ratio of 10:1, the diagnostic result shows an accuracy rate
of 98.01%.

The fault diagnosis results from the additional set of low-sensitivity sensors met the
expectations. The test results calculated using the SCGAT method are shown in Table 5,
the confusion matrix calculated using the SCGAT method is shown in Figure 10, the fea-
ture visualization is shown in Figure 11, and the ROC curve is shown in Figure 12. If the
expected result was not achieved, there is still potential for further improvement. For
these five types of faults, sensors with the lowest indices from the corresponding medium-
sensitivity sensors can be selected. If such sensors are already included in the low-sensi-
tivity parameter-cleaning supplementary set or the low-sensitivity parameter set, one
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more sensor can be added. If there are still sensors in the selected sensors that have a
strong correlation with the previous sensor group, they should be eliminated. The remain-
ing ones can be used as a secondary supplementary set to supplement the optimal sensor
group. The obtained optimal-sensor-group data can be used as the input for the diagnostic
model. The data from the optimal sensor group can be used to re-train and optimize the
SCGAT model and test its diagnostic performance until the diagnostic accuracy require-

ment is met.
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Figure 9. Correlation between each pair of sensors.
Table 5. Test results calculated using the SCGAT method.
No. Working Status Precision Recall Rate F1-Score
1 NO 0.94 0.86 0.96
2 BF 0.99 1.00 0.99
3 IF 1.00 0.99 0.99
4 OF 0.99 1.00 0.95
5 CF 1.00 1.00 1.00
Confusion Matrix Lo
NO
0.8
— BF
ks
© 0.6
s ]
b= 0.4
§]
{ OF_
F0.2
CF A 0.0 0.0 0.0
T —- 0.0

NO BF IF OF CF
Predicted label

Figure 10. Confusion matrix obtained by using the SCGAT method.
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Figure 11. A visualized graph of features obtained by using the SCGAT method.
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Figure 12. The ROC curve obtained by using the SCGAT method.

3.2.2. Ablation Experiment

After conducting sensitivity analysis and correlation analysis on the sensors, the fol-
lowing four groups of sensors were tested to verify the effectiveness of the sensor selection
algorithm. The data from each group of sensors were used as the input of the SCGAT
model, and the test results are shown in Table 6 and Figure 13: (1) The original sensor
group X1 to X8. (2) The sensor group selected based on sensitivity analysis without corre-
lation analysis, according to the total sensitivity index of each sensor under each type of
fault in Figure 8; sensors X1, X2, X3, X4, X5, X6, and X7 were selected. (3) The sensor group
selected based on correlation analysis without sensitivity analysis; the correlations be-
tween sensors are shown in Figure 9; the sensor group was X2, X3, X4, X5, X6, and X8. (4)
The sensor group selected through sensitivity analysis and correlation analysis — X1 to X4.
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Table 6. Test results of ablation experiment.
No. Sensor Group Accuracy Rate Precision Recall Rate F1-Score
1 Sensor group X1 to X8 (8 sensors) 0.9801 0.9828 0.9801 0.9809
2 Sensor group X1 to X7 (7 sensors) 0.9163 0.9280 0.9163 0.9203
3 Sensor group X2 to X6, X8 (6 sensors) 0.8051 0.7091 0.7954 0.8051
4 Sensor group X1 to X4 (4 sensors) 0.9361 0.94 0.94 0.94
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Figure 13. Accuracy and loss curves of different experimental groups in the ablation experiment: (a)
Original sensor group; (b) sensor group selected through sensitivity analysis without correlation
analysis; (c) sensor group selected through no sensitivity analysis but with correlation analysis; (d)

sensor group selected after both sensitivity analysis and correlation analysis.

From the test results, the test accuracy of group (1) is 98.01%, which is the highest
among the comparison groups. The possible reason for this is that the bearing dataset has
few sensors, which leads to information loss after sensor selection. In the other three
groups, the accuracy of group (4) is 0.9361, which is the highest among these three groups,
verifying the effectiveness of the sensor selection algorithm. The accuracy rate of group
(2) is higher than that of group (3), indicating that the sensor group selected through sen-
sitivity analysis carries more effective information than the sensor group selected through
correlation analysis. Although the accuracy of group (4) was lower than that of group (1),
the test results met the expectation.
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3.2.3. The Impact of Imbalanced Datasets on Diagnostic Results

The proposed SCGAT method is mainly aimed at the fault diagnosis task with an
imbalanced dataset. To evaluate its performance, normal samples and fault samples are
divided into different ratios, such as 5:1, 10:1, 30:1, 50:1, 70:1 and 100:1. Take this as the
input of the SCGAT method to conduct fault diagnosis. The results are shown in Table 7.

Table 7. Test results of normal samples and fault samples at different proportions.

No. Ratio of Normal Samples to Faulty Samples Testing Accuracy Precision Recall Rate F1-Score Loss

N Ul = W N -

5:1 0.9894 0.9925 0.9894 0.9912 0.004
10:1 0.9801 0.9828 0.9801 0.9809  0.0059
30:1 0.9442 0.9389 0.9442 0.9519  0.0226
50:1 0.8913 0.9088 0.8913 0.8690  0.0422
70:1 0.8233 0.7153 0.8233 0.7393  0.0690
100:1 0.8210 0.9070 0.8210 0.9396  0.0712

From the results, when the ratio of normal samples to fault samples is 5:1, the accu-
racy rate is the highest, reaching 98.94%. As the sample ratio gap increases, the accuracy
rate gradually decreases. When the sample ratio is 100:1, the accuracy rate is the lowest.
However, when the sample ratio is within 50:1, the test accuracy rate does not significantly
decrease. In order to observe how the rare classes behave under different imbalance ratios,
the precision, recall rate and F1-score of outer-ring fault (OF) samples are shown in Table
8. From the results, when the ratio of normal samples to fault samples is 50:1 and 70:1, the
precision is 0.83 and the recall rate is 0.88 respectively; in addition to this, all the other
results have met the expectations. In summary, SCGAT shows a high accuracy rate and
can be used for bearing fault diagnosis tasks under imbalanced-dataset conditions.

Table 8. Test results of outer-ring fault (OF) samples at different proportions.

No. Ratio of Normal Samples to Faulty Samples Precision Recall Rate F1-Score

1 5:1 1.00 1.00 1.00
2 10:1 0.99 1.00 0.99
3 30:1 1.00 1.00 1.00
4 50:1 0.83 1.00 0.90
5 70:1 1.00 0.88 0.94
6 100:1 1.00 0.97 0.99

3.2.4. Comparison with Other Methods

To evaluate the performance of SCGAT, a comparison was made with other methods,
including SAE-DNN, GRU, BiGRU, LEGRU, and CNN, as well as MobileNet-V2, Shuf-
fleNet-V2, etc. [44-46]. In this experiment, 1024 sampling points were selected as one train-
ing sample. To reflect the fault conditions in practical applications, for normal cases, the
training set took 700 samples, while the validation set and test set each took 150 samples.
For other faults, 70 samples of each type were taken as the training set, and 15 samples
each were taken as the validation set and test set. The SCGAT model adopted set the out-
put layer to five neurons, corresponding to five different operating states’ labels. Finally,
the fault diagnosis accuracy rates of all models on the dynamic-simulation experimental
platform of the power transmission system were obtained, and the comparison results are
shown in Table 9.

From the results, compared with other machine learning methods, the SCGAT net-
work model has the highest fault diagnosis accuracy rate and achieves the best perfor-
mance. Moreover, compared with the convolutional neural network model with better
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performance, the SCGAT network model can improve the classification accuracy of fault
diagnosis. Specifically, under the experimental condition of gear which the rotational
speed is 1200rpm (20Hz) and without load (0 V), it has higher accuracy compared to Mo-
bileNet-V2. It was proved that the SCGAT method also has advantages in accuracy, in
addition to solving fault diagnosis under imbalanced datasets.

Table 9. Testing accuracies of different methods.

No. Classifiers Testing Accuracy (%)
1 SAE-DNN 87.5
2 GRU 91.2
3 BiGRU 93.0
4 LFGRU 93.2
5 CNN 97.3
6 ShuffleNet-V2 98.2
7 MobileNet-V2 98.6
8 SCGAT 98.9

The experimental results show that the SCGAT network model can learn useful fea-
tures from multiple sensor information, which is conducive to distinguishing fault types
accurately and thereby improving the classification accuracy of the fault diagnosis system.
The SCGAT model still shows satisfactory results on the limited available dataset, with an
average accuracy rate of up to 98.9%. The relevant information in the constructed topology
graph greatly improves the accuracy and stability of the model, so the proposed SCGAT
model is very suitable for bearing fault diagnosis under imbalanced-dataset conditions.

4. Conclusions

The amount of data related to mechanical failures is much less than the normal data
in many industrial scenarios, resulting in a diagnostic task with an imbalanced dataset.
The SCGAT is a fault diagnosis method proposed to diagnose the faults in imbalanced
datasets. Firstly, a graph attention convolutional neural network model, which integrates
the advantages of GAT and CNN, is constructed and pre-trained. Secondly, selecting the
superior-sensor group through sensitivity analysis and correlation analysis can decrease
the computational load and lower the cost of sensors, and can also can enhance the effi-
ciency of feature extraction by decreasing the unwanted signal. Finally, the data of the
selected sensor group, as the input of the model, was used to train the graph attention
convolutional neural network model. The trained model is utilized for feature learning
and fault diagnosis.

Diagnostic results show that the SCGAT method can diagnose faults in an imbal-
anced dataset effectively. In an ablation experiment, conducting sensitivity analysis and
correlation analysis on the sensors, the four groups of sensors were tested to verify the
effectiveness of the sensor selection algorithm. The experiment, in which normal samples
and fault samples are divided into different ratios, such as 5:1, 10:1, 30:1, 50:1, 70:1 and
100:1, verified that this method can diagnose the fault accurately. The comparative studies
show that it also has advantages in accuracy. The proposed SCGAT method has specific
industrial application value.

However, several aspects of the paper warrant further polishing and improvement.
Firstly, the approach is dependent on a single test bench and a single type of machinery,
and it does not generalize to other rotating systems or to datasets with even more extreme
imbalance. Secondly, it does not utilize or contrast explicit imbalance-sensitive ap-
proaches like cost-sensitive loss, focal loss, or re-sampling. Finally, the sensitivities and
the cut-offs of the correlations are unjustified both in theory and in empirical studies; these
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need to be adjusted based on the fault diagnosis results. A potential improvement for this
is to find a threshold value that is applicable to most scenarios, or adjust it dynamically in
a simple way to adapt to most scenarios.
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SCCAT and Correlation analysis
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OF Outer-ring Fault
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LFGRU Linear-Feedback Gated Recurrent Unit

1. Bai, R; Xu, Q.; Meng, Z; Cao, L.; Xing, K.; Fan, F. Rolling bearing fault diagnosis based on multi-channel convolution neural

network and multi-scale clipping fusion data augmentation. Measurement 2021, 184, 109885.

2. Alsalaet, ].K;; Hajnayeb, A.; Bahedh, A.S. Bearing fault diagnosis using normalized diagnostic feature-gram and convolutional
neural network. Meas. Sci. Technol. 2023, 34, 045901.

3.  He, Z.Y.; Shao, H.D, Jing, L.; Cheng, ].S.; Yang, Y. Transfer fault diagnosis of bearing installed in different machines using
enhanced deep auto-encoder. Measurement 2020, 152, 107393.

4. Cheng, Y.W,; Lin, M.X,; Wu, J.; Zhu, H.P,; Shao, X.Y. Intelligent fault diagnosis of rotating machinery based on continuous

wavelet transform-local binary convolutional neural network. Knowl. Based Syst. 2021, 216, 106796.

https://doi.org/10.3390/s26041182


https://doi.org/10.3390/s26041182

Sensors 2026, 26, 1182 20 of 21

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.
21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Hoang, D.-T.; Kang, H.-J. Rolling element bearing fault diagnosis using convolutional neural network and vibration image.
Cogn. Syst. Res. 2019, 53, 42-50.

Guan, Y.;Meng, Z.; Sun, D.; Liu, ].; Fan, F. 2MNet: Multi-sensor and multi-scale model toward accurate fault diagnosis of rolling
bearing. Reliab. Eng. Syst. Safe 2021, 216, 108017.

Hao, X.Y.; Zheng, Y.; Lu, L.; Pan, H. Research on Intelligent Fault Diagnosis of Rolling Bearing Based on Improved Deep Resid-
ual Network. Appl. Sci. 2021, 11, 10889.

Guerrero, ] M.; Castilla, A.E.; Fernandez, ].S.; Platero, C. Transformer oil diagnosis based on a capacitive sensor frequency re-
sponse analysis. IEEE Access 2021, 9, 7576-7585.

Rastegaev, I.; Merson, D.; Rastegaeva, I.; Vinogradov, A. A time-frequency based approach for acoustic emission assessment of
sliding wear. Lubricants 2020, 8, 52.

Gangsar, P.; Tiwari, R. Signal based condition monitoring techniques for fault detection and diagnosis of induction motors: A
state-of-the-art review. Mech. Syst. Signal Process. 2020, 144, 106908.

Fu, Q.; Wang, H. A novel deep learning system with data augmentation for machine fault diagnosis from vibration signals.
Appl. Sci. 2020, 10, 5765.

Yu, C; Ning, Y.; Qin, Y.; Su, W.; Zhao, X. Multi-label fault diagnosis of rolling bearing based on meta-learning. Neural Comput.
Appl. 2021, 33, 5393-5407.

Zheng, ].; Huang, S.; Pan, H. Adaptive power spectrum Fourier decomposition method with application in fault diagnosis for
rolling bearing. Measurement 2021, 183, 109837.

Schmidt, S.; Gryllias, K.C. The anomalous and smoothed anomalous envelope spectra for rotating machine fault diagnosis.
Mech. Syst. Signal Process. 2021, 58, 107770.

Zhu, D.; Gao, Q.; Sun, D. A detection method for bearing faults using complex-valued null space pursuit and 1.5-dimensional
teager energy spectrum. IEEE Sens. |. 2020, 20, 8445-8454.

Ge, M,; Lv, Y,; Ma, Y. Research on multichannel signals fault diagnosis for bearing via generalized non-convex tensor robust
principal component analysis and tensor singular value kurtosis. IEEE Access 2020, 8, 178425-178449.

Li, H,; Xu, Y.; An, D. Application of a flat variational modal decomposition algorithm in fault diagnosis of rolling bearings. J.
Low Freq. Noise Vib. Act. Control 2020, 39, 335-351.

Sharma, V.; Raghuwanshi, N.K.; Jain, A.K. Sensitive sub-band selection criterion for empirical wavelet transform to detect bear-
ing fault based on vibration signals. J. Vib. Eng. Technol. 2021, 9, 1603-161617.

Li, S; Hou, Y.; Li, X. Review of Time-Frequency Domain Analysis Methods for Rolling Bearing Vibration Faults. ]. Chongging
Univ. Technol. (Nat. Sci.) 2021, 35, 85-93.

Xie, J.; Jiang, Y.; Wang, L. Bearing Fault Diagnosis Method Based on RA-LSTM. J. Electron. Meas. Instrum. 2022, 36, 213-219.
Gao, S.; Xu, L.; Zhang, Y. Rolling bearing fault diagnosis based on intelligent optimized self-adaptive deep belief network. Meas.
Sci. Technol. 2020, 31, 055009.

Zhang, X.; Liu, S.; Li, L. Multiscale holospectrum convolutional neural network-based fault diagnosis of rolling bearings with
variable operating conditions. Meas. Sci. Technol. 2021, 32, 105027.

Yuan, J.; Shao, X.; Wang, C.; Gao, J. Research on Rolling Bearing Fault Diagnosis Model Based on AMCNN-BiLSTM-CatBoost.
Noise Vib. Control 2025, 45, 82-89.

Huo, D.Y,; Kang, Y.Y.; Wang, B.Y.; Feng, G.F.; Zhang, ].W.; Zhang, H.R. Gear Fault Diagnosis Method Based on Multi-Sensor
Information Fusion and VGG. Entropy 2022, 24, 1618.

Jiang, G.; He, H,; Yan, J.; Xie, P. Multiscale Convolutional Neural Networks for Fault Diagnosis of Wind Turbine Gearbox. IEEE
Trans. Ind. Electron. 2019, 66, 3196-3207.

Li, G.; Deng, C.; Wu, J.; Xu, X,; Shao, X.; Wang, Y. Sensor Data-Driven Bearing Fault Diagnosis Based on Deep Convolutional
Neural Networks and S-Transform. Sensors 2019, 19, 2750.

Li, S.; Wang, H.; Song, L.; Wang, P.; Cui, L.; Lin, T. An adaptive data fusion strategy for fault diagnosis based on the convolu-
tional neural network. Measurement 2020, 165, 108122.

Wang, X.; Cui, L.L.; Yang, N. Convolutional autoencoder neural network for fault diagnosis with multi-sensor data. Proceedings
of the Institution of Mechanical Engineers, Part C: Journal of Mechanical Engineering Science.2022;0(0), doi:10.1177/09544062221141336
Park, J.; Kim, Y.; Na, K; Youn, B.D.; Chen, Y.; Zuo, M.].; Bae, Y.-C. An image-based feature extraction method for fault diagnosis
of variable-speed rotating machinery. Mech. Syst. Signal Process. 2022, 167, 108524.

Su, K.G,; Liu, J.H.; Xiong, H. Hierarchical diagnosis of bearing faults using branch convolutional neural network considering

noise interference and variable working conditions. Knowl. Based Syst. 2021, 230, 107386.

https://doi.org/10.3390/s26041182


https://doi.org/10.3390/s26041182

Sensors 2026, 26, 1182 21 of 21

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.
44.

45.
46.

Peng, B.; Xia, H.; Lv, X.; Annor-Nyarko, M.; Zhu, S.; Liu, Y.; Zhang, ]. An intelligent fault diagnosis method for rotating ma-
chinery based on data fusion and deep residual neural network. Appl. Intell. 2022, 52, 3051-3065.

Shao, H.D,; Lin, J.; Zhang, LW.; Wei, M.H. Compound fault diagnosis for a rolling bearing using adaptive DTCWPT with
higher order spectra. Qual. Eng. 2020, 32, 342-353.

Xu, Z.R,; Li, QM.; Qian, L.F.; Wang, M.Y. Multi-Sensor Fault Diagnosis Based on Time Series in an Intelligent Mechanical
System. Sensors 2022, 22, 9973.

Wu, J; Lin, M.X,; Lv, Y.Q.; Cheng, Y.W. Intelligent fault diagnosis of rolling bearings based on clustering algorithm of fast
search and find of density peaks. Qual. Eng. 2022, 35, 399-412.

Xu, Z.; Li, C; Yang, Y. Fault diagnosis of rolling bearings using an Improved Multi-Scale Convolutional Neural Network with
Feature Attention mechanism. ISA Trans. 2021, 110, 379-393.

Xu, X; Tao, Z.; Ming, W.; An, Q.; Chen, M. Intelligent monitoring and diagnostics using a novel integrated model based on
deep learning and multi-sensor feature fusion. Measurement 2020, 165, 108086.

Kim, M,; Song, C.Y; Liu, K.B. A Generic Health Index Approach for Multisensor Degradation Modeling and Sensor Selection.
IEEE Trans. Autom. Sci. Eng. 2019, 16, 1426-1437.

Melluso, F.; Spirto, M.; Nicolella, A.; Malfi, P.; Tordela, C.; Cosenza, C.; Niola, V. Torque fault signal extraction in hybrid electric
powertrains through a wavelet-supported processing of residuals. Mech. Syst. Signal Process. 2026, 242, 113652.

Wang, S.; Zhang, J. An Intelligent Process Fault Diagnosis System based on Andrews Plot and Convolutional Neural Network.
J. Dyn. Monit. Diagn. 2022, 1, 127-138.

Wang, R.; Chen, H.; Guan, C. DPGCN Model: A Novel Fault Diagnosis Method for Marine Diesel Engines Based on Imbalanced
Datasets. IEEE Trans. Instrum. Meas. 2023, 72, 1-11.

Zhang, M.; Li, X,; Xiang, Z.; Mo, J.; Xu, S. Diagnosis of brake friction faults in high-speed trains based on 1IDCNN and
GraphSAGE under data imbalance. Measurement 2023, 207, 112378.

Velickovi¢, P.; Cucurull, G.; Casanova, A.; Romero, A Lio, P.; Bengio, Y. Graph Attention Networks. arXiv 2018,
arXiv:1710.10903v3.

Han, H. Method for Optimized Selection of Sensors for Fault Diagnosis of Chillers. Patent CN112990272A, 8 June 2021.

Lei, Y.G,; Yang, B.; Jiang, X.W. Applications of machine learning to machine fault diagnosis: A review and roadmap. Mech.
Syst. Signal Process. 2020, 138, 106587.

Wen, C,; Lu, F. A Review of Fault Diagnosis Methods Based on Deep Learning. J. Electron. Inf. Technol. 2020, 42, 234-248.

Ping, Y.; Jie, C. Application of Deep Learning in Fault Diagnosis and Prediction. Comput. Eng. Appl. 2020, 56, 18.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/s26041182


https://doi.org/10.3390/s26041182

