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ABSTRACT. Intelligence and automation technology are key to promoting the develop-
ment of modern industrial manufacturing; therefore, ensuring the safe and effective op-
eration of motors is an important research topic. Introducing deep learning technology
into the fault diagnosis environment of motor systems, considering the nonlinear char-
acteristics of industrial mechanical system signals, it is difficult to effectively obtain me-
chanical data signals. Therefore, the transfer learning of the physical diagnosis model is
studied, the traditional confrontation generation network is optimized, and the collected
real features are integrated into the physical model to build the mechanical fault diagnosis
model of the boundary balanced confrontation generation network (Boundary Equilibrium
GAN, BEGAN). At the same time, because the BEGAN model is faced with the problem
of declining correlation of generated data, transfer learning is introduced to optimize the
fault diagnosis model. Input the collected common motor fault data into the fault diag-
nosis model for training, improve the model’s fault diagnosis accuracy, and thus achieve
effective diagnosis of motor faults. In the test of motor bearing simulation spectrum di-
agram, the motor health, outer ring fault and inner ring fault meet the requirements of
simulation vibration signal sequence, and the amplitude is Ag > A; > Ay. The typical
KNN and K-means algorithm are selected for comparison with the proposed FD model.
In the FD of outer circle, the correct rate of FD of the proposed method is 0.923, which
is higher than 0.815 and 0.885 of KNN and K-means. The diagnosis effect of the Fault
Detection (FD) model is excellent and meets the needs of mechanical FD. The innovative
application of machine learning technology in the field of motor faults through diagnostic
model training and recognition of motor health status has important reference value for
improving the effectiveness of industrial machinery fault diagnosis.
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1. Introduction. In the field of modern industrial manufacturing, motors are very im-
portant automation equipment. With the improvement of software and hardware technol-
ogy, the motor system is developing towards high efficiency, integration and large scale.
Therefore, the internal structure of industrial motor is more precise and complex. For the
motor with high load operation, once the fault occurs, it brings serious challenges to the
production and safety of the enterprise. Ensuring stable operation of motor equipment
is a difficult problem for enterprises at present. The health detection and fault diagno-
sis of industrial electromechanical equipment has become one of the core technologies
of intelligent manufacturing. Modern industrial equipment generally has high integration
and a large number of electronic precision parts. The application of high-precision in-
struments and equipment increases the diagnostic requirements of motor equipment. At
present, the health detection of industrial electromechanical equipment usually relies on
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the internal sensor detection data of motor equipment, including internal vibration data,
noise parameters, etc., to diagnose mechanical faults through the judgment of abnormal
data information. Obviously, traditional fault diagnosis methods cannot meet the current
diagnostic needs of electrical machinery. In recent years, computer communication and
other technologies have been integrated into the field of industrial manufacturing, and
through real-time monitoring and massive data storage, different status data of mechan-
ical equipment can be effectively collected. The integration of data-driven and machine
learning technology in mechanical fault diagnosis greatly improves the diagnostic effective-
ness of motor faults. Therefore, deep learning technology is introduced into the diagnosis
of industrial motor faults. By analyzing the characteristics of motor diagnostic data and
utilizing intelligent machine learning models to analyze motor fault information, a mo-
tor fault diagnosis model based on deep learning is constructed. The improved diagnosis
model improves the shortcomings of traditional fault detection technology data recogni-
tion, and obtains more accurate diagnostic data through model training to ensure the
safe and stable movement of industrial motors. It has important reference value for the
development of industrial intelligence and automation.

2. Related Work. In the field of industrial manufacturing, mechanical fault is one of
the main problems faced by enterprises. Due to the continuous innovation of information
industry technology, intelligent FD technology has been developed, and relevant scholars
at home and abroad have done massive research on this area. Li and others found that
industrial IoT technology has been widely used in manufacturing environment. It was
difficult to detect mechanical equipment under different working conditions in fault diag-
nosis. An optimized adaptive FD scheme was proposed. The maximum average difference
and domain antagonism training were used to identify and judge features, so as to obtain
accurate FD results. The findings showed that the proposed scheme had good diagnostic
effect in mechanical FD [1]. Guo et al. carried out research on mechanical FD and found
that data drive was crucial to the safety and stability of equipment. An FD framework
was proposed. In this framework, auxiliary classifiers were preferentially used to generate
real damage data. At the same time, the damage data and real data were trained and
classified to achieve effective detection of equipment faults. The proposed method greatly
improved the fault detection accuracy [2]. Li et al. found that intelligent FD technology
based on depth technology has been largely adopted in many areas. There is a good so-
lution to the problem of sharing related faults between the source domain and the target
domain. Considering the particularity and complexity of mechanical fault, a fault detec-
tion method for motor equipment was proposed. This method used adversarial learning
to build a learning model to identify and classify fault types. Then an automatic encoder
model with silhouette coefficient was established to sort out the fault types. The find-
ings showed that this method had higher diagnostic accuracy than traditional diagnostic
model [3]. Shao et al. studied the rotor-bearing FD strategy and found that the existing
diagnosis technology was not suitable for the situation. Therefore, a new FD model of
rotor bearing system was built based on improved convolution network. It indicated that
the scheme had wider adaptability and higher FD ability [4].

In recent years, machine learning and other technologies have been largely adopted in
the field of mechanical fault diagnosis, significantly improving the health diagnosis effect
of industrial equipment. Abubakar et al. studied motor fault types and proposed a new
enhanced model for motor FD based on adaptive system. The performance experiment
showed that the method had good robustness and diagnosis effect [5]. Chen et al. carried
out research on deep learning technology used in the field of mechanical FD and found
that deep learning had excellent performance in fault diagnosis. An improved learning
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model based on neural network was proposed. Firstly, a one-dimensional convolution was
constructed based on the task data set, and the transfer learning strategy was used to
complete the depth model training task. The method was applied to four typical fault
case environments, and the proposed scheme had good FD ability [6]. Jiao et al. studied
the problem of mechanical fault diagnosis. Due to the internal complexity of mechanical
equipment, changes in internal and external data of equipment affect the results of FD and
reduce the accuracy of fault diagnosis. To solve this problem, an unsupervised intelligent
diagnosis method was constructed. This method was based on the antagonism adaptive
network and realized classification of data in different test areas. To verify the effect of the
proposed method, 15 typical diagnostic tasks were built. It turned out that the proposed
FD method has more comprehensive effect [7].

According to the above research, mechanical FD technology has developed rapidly. The
application of deep learning and other technologies in the field of mechanical fault diag-
nosis effectively solves the limitations of traditional equipment fault diagnosis techniques.
However, the application of deep learning technology in the field of fault diagnosis requires
a large amount of learning data, and a large number of data sources need to be collect-
ed to improve the training accuracy of the model. Therefore, the FD model based on
deep learning technology can provide effective reference for the development of intelligent
industry.

3. Construction of Migration Learning FD Model Based on Confrontation
Generation Network.

3.1. Construction of FD model based on confrontation generation network.
Due to the high integration and complex internal structure of modern industrial motor
equipment, it is difficult to collect and label the signal of fault problems and effectively
diagnose the equipment fault problems. Therefore, starting from the physical model of
the motor, the model simulation fault data is analyzed. The matching signal is generated
by the confrontation network and the mechanical FD is completed by the classifier [8]. In
the study of the physical model of the motor, the dynamic parameters of the model can
effectively reflect the internal working conditions of the machine. The research mainly
adopts the mixed parameter method to adjust the internal parameters of the machine.
The system layer of motor mechanical structure is divided into rolling body, inner ring,
shaft, outer ring and other parts. The system can be simplified as an elastic-mass-damping
system. Figure 1 shows the hybrid structure of the motor.

In Figure 1, the outer ring of motor bearing is mainly fixed on the plane by damping
equipment. In actual operation, the motor uses mass elasticity to reflect the operation
status of the whole system. The operation of motor system is represented by physical
model, as shown in Formula (1) [9].

mi = Z F (1)

In Formula (1), > F represents the total external force of the mechanical action on
the object. m is the mass parameter of the machine. # represents mechanical vibration
acceleration. The quasi-static state of motor equipment is studied. In the mechanical
model, the force and torque in the machine are in a static state. At this moment, the
state of the model is shown in Formula (2).
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F1GURE 1. Internal mixed parameter structure of motor

In Formula (2), M represents torque. » M is torque sum. In the quasi-dynamic state,
except for the torque, the mechanical interior is in the force balance state. The state
expression is shown in Formula (3).

In Formula (3), J represents the moment of inertia. w is the frequency of mechanical
unbalance vibration. If the machinery is abnormal, the internal force and torque are in
an unbalanced state, as shown in Formula (4) [10].

LS ®

Through the analysis of the internal state parameters of the motor, the operation
status of the internal system of the motor can be reflected. However, it is difficult to
obtain useful motor fault information only relying on the physical model parameters of the
motor [11]. Therefore, the physical model parameters are considered to be converted into
fault simulation signals. The more accurate FD data can be obtained by constructing the
confrontation generation model through the recognizer and generator. The confrontation
generation model is an unsupervised neural network, which can learn the data distribution
and complete the sampling operation [12]. The confrontation generation model is mainly
composed of generators and recognizers. The structure flow is shown in Figure 2.

In the Generic Adversarian Network (GAN), the generator is mainly used to generate
similar distributed data, while the recognizer is mainly used to identify and judge the
data sources [13]. The recognizer target is shown in Formula (5).

max V(G, D) = Egn)-pep[—log(1 = D(D(n)))] + Ex—pyp [~ log(D(2))] (5)

In Formula (5), G(n) is generator. D(z) represents recognizer. n is input. Pgp indicates
generated distribution data. The generator target expression is shown in Formula (6).

min V(G, D) = Eg)-rgp[—10g(1 = D(D(m)))] + Eo-pyyy [~ log(D(2))] (6)
The goal of GAN model is shown in Formula (7).

V(G,D) = - / Pop(a) - (—log(1 — D())) + Pro(a) - (log(D(@)))dz  (7)
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FiGURE 2. Flow diagram of GAN model

When the optimal solution is obtained in Formula (7), the expression of D(x) is shown
in Formula (8).
f?R[)<$>
D(.T) RRD<SL’) -+ PGD(ZL') (8>
In model training, only when the generated distribution data is consistent with the real
distribution data can the model obtain the optimal solution. However, the confrontation
generation model is prone to fall into local convergence in actual training, which affects
the actual training effect [14]. At the same time, it is difficult to maintain the balance
between the recognizer and generator in the model, which makes it difficult to achieve the
optimal effect of model training. Therefore, boundary confrontation generation network
(BEGAN) is used to solve the above problems. Figure 3 depicts the flow structure of
BEGAN model [15].
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FIGURE 3. Flow structure of BEGAN model

The BEGAN model contains an implicit code to generate a two-dimensional map of
the map, which can be used with the recognizer to determine whether the image is true or
false. W is the distance between the source domain and the generated domain, as shown
in Formula (9).

Wp,po) = inf B o)—q|T1 — 22| 9)

YET (111, p42)
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In Formula (9), z; and x5 represent the two loss function values of v = (puq,u2). v
represents the parameter exceeding the limit. p; and py are two distribution functions of
reconstruction. In the BEGAN model, the operation principle is not to directly optimize
the lower boundary of Wasserstein Distance (LWD). In model training, a good self-coder
can correctly decode and complete data distribution sampling in the source domain, and
ensure that the coding loss of model training tends to 0 [16]. When the input data does
not meet the requirements of source domain distribution, the coding loss during model
training is larger. Therefore, the BEGAN model can judge the signal distribution between
each domain by the coding loss, and cannot directly optimize the coding loss. Therefore,
the inequality transformation is used as shown in Formula (10).

inf Ef|zy — xo|] > inf |E[zy — x9)| = |my — my (10)

In Formula (10), |m; — mo| represents the lower bound of distance. p; is L(z) distribution.
2 and gy are G(z) distributions. Because the real distribution of the original GAN model
is similar to the generated distribution, it increases the difficulty of model training when
my1 = my. Therefore, the over-standard parameter v is defined in interval [0, 1] to avoid
the occurrence of m; = my. The final goal of the BEGAN model is equilibrium, so the
target parameters are expressed as shown in Formula (11).

Mgiohar = L(x) + |yL(x) = L(G(Zg))] (11)

In Formula (11), Z¢ represents GAN original generated data. M e is the training degree
of the model. The higher the Mg, value, the better the training effect of the model.

3.2. Construction of transfer learning FD model based on physical model. Due
to the large number of diagnostic datasets involved in the detection of motor systems,
and the tendency to overlook the correlation between generator input and output data in
BEGAN model training, motor operation generates a large amount of signal data, which
requires huge storage and computing power. Strong computing power is very expensive.
In addition, the training of massive data requires a lot of time, leading to the contradic-
tion between big data and weak computing. Through transfer learning, the quality and
quantity of training data can be improved. At the same time, most of the data in transfer
learning are trained in other source domains before the trained model is transferred to
the target domain, which greatly reduces the computational requirements of the training
process in the target domain and improves the diagnostic effect of the model. Therefore,
transfer learning is introduced to optimize this problem, and DABEGAN fault diagnosis
model is constructed. Figure 4 shows flow structure of the improved DABEGAN model
[17].

In the DABEGAN FD model, two identical self encoders are added. Figure 4 depicts
the details. The diagnosis signal generated by the mechanical model of the motor is
transferred to the generator in the model training. The generator processes the unlabeled
real signal and the generated signal, and the two signals complete the training together
in the recognizer. The recognizer judges the true and false of the two signals in training,
so that the collected signals are consistent with the generated signals, and meet the
requirements of adding true features in the simulation signals. Finally, the FD signal
classification results are obtained by using the distributed signals with labels and the real
signals, so as to achieve effective classification of mechanical faults [18]. In the DABEGAN
model, there are two self encoders with the same structure to form the recognizer and
generator. They contain six layers of convolution. The self encoder structure is shown in
Figure 5.

In Figure 5, self-coding includes identifying and generating two encoders. The struc-
ture is composed of multiple 2D Cov2D convolution layers. The convolved graph contains
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FIGURE 4. Flow structure of improved DABEGAN model
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FIGURE 5. Schematic diagram of self-coding structure

multiple channels, and the size of each channel is y x z. The normalized output char-
acteristics are required after the convolution processing. Leaky ReLu is selected as the
activation function in the study, and the expression is shown in Formula (12).

y = max(0,x) + a - min(0, x) (12)

In Formula (12), the value of @ is 0.01. The proposed DABEGAN model has excellent
domain adaptability. In source domain signal processing, the classifier can generate gen-
erated signals similar to target domain distribution more quickly. There is a problem of
signal migration in the training of the DABEGAN model. The probability distribution of
high-dimensional data features can be processed by different projection surfaces to obtain
the low-dimensional data feature distribution. However, when high-dimensional features
are processed to low-dimensional features, the data features show similar distribution.
The distribution after low-dimensional processing is shown in Figure 6 [19].

Different characteristics belong to different types. The similarity distribution causes
problems in feature mapping. To overcome this problem, although regularization can
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FIGURE 6. Distribution after low-dimensional processing

be used to constrain the change of the generation domain and the source domain, the
self-adaptability of the BEGAN model domain is significantly limited, which affects the
distribution of the generated feature data. Therefore, a boundary constraint is added
between the target domain signal n and the generated signal G(n) of the diagnostic
model to solve this problem, as shown in Formula (13) [20].

Lgi(n) = |G(n) —n| (13)

In Formula (13), Ly (n) represents the constraint limit. After adding constraints to the
model, the generator closes to the same target in the source domain when generating data,
but the signal is far away from the target domain. The graph loss after being constrained
is shown in Formula (14).

Ly(n) = |Mean(G(n)) — Mean(n)| (14)

In Formula (14), Mean(-) represents the mean function. The input of the average root
value is shown in Formula (15).

Mean(z) = % (15)

From Formula (13) to Formula (15), the total target of the generator is shown in
Formula (16).
Lei(n,0g) = Mean(La(G(n)) + La(n)) (16)
In Formula (16), 0 is the generator parameter. L(-) is the coding loss function. The
problem of data signal migration can be solved through the above constraints.

4. FD Model Simulation Test.

4.1. Motor physical model simulation signal test. Industrial manufacturing large
motor equipment is selected as the FD object, and judge whether the motor is faulty based
on the vibration of the motor bearing. The motor bearing signal is mainly collected by
the internal sensor of the motor. The fault model of the inner and outer rings of the motor
is shown in Figure 7.
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FiGURE 7. Motor fault type
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Figure 7 shows the fault types of the outer and inner rings of the motor bearing. Affected
by internal and external factors, the rolling element inside the motor enters the fault area
and increases the distance between the bearing and the rolling element. At this moment,
the force on the rolling element entering the fault area rapidly decreases and expands the
radial indirection. Two types of fault data of the motor can be obtained from the sensor,
and then the dynamic model of the motor can be constructed. The Runge-Kutta method
is used to solve the motor signal simulation results, as shown in Figure 8.
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F1GURE 8. Simulation spectrum of motor bearing

Figure 8(a), Figure 8(b) and Figure 8(c) show the simulation signal diagrams of motor
health, outer ring fault and inner ring fault, respectively. The simulated vibration signal
of the motor meets the Ay > A; > Ay sequence requirements. Among them, Aq is the
outer circle fault amplitude signal, A; is the inner circle fault amplitude signal, and Ay
is the health amplitude signal. Because the physical model is affected by noise in fault
signal detection, there are some abnormal curves in the actual spectrum. In the motor
fault monitoring, the motion frequency of the rolling element is consistent with the fault
frequency, so the amplitude is also consistent. However, the increase of the outer ring
Ao may be caused by debris or lubrication in the motor. In the healthy state, the low-
frequency signal is interfered by noise factors. The real signal and the simulated signal
have a large difference. Only relying on the results of mechanical internal simulation
signals cannot accurately determine the type of motor fault. Therefore, the simulation
information is taken as the fault feature test sample. The proposed FD model is used for
further mechanical fault diagnosis.



1962 J. SUN, Y. WANG, Y. SUN AND F. JIN

4.2. Performance test of FD model. To test the effect of the FD in motor fault diag-
nosis, the Windows 10 system platform is selected as experiment platform. The processor
is INTEL i7 64-core, and the graphics card is NVIDIA RTX30370. The performance test
of the diagnosis model is completed based on TensorFlow 1.4 learning platform. 1200
common motor fault data are collected as model test samples. The model learning rate
is set to 0.0001, and the model batch training size is 100. Figure 9 shows the test results
using the proposed BEGAN FD model.
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F1GURE 9. Multiple training results of the proposed fault diagnosis model

Figure 9 shows the FD results of multiple training of the proposed model. The proposed
FD model combines the transfer learning theory and has good domain adaptive ability.
However, GAN model is easy to fall into local convergence in training, which affects the
recognition training effect. Therefore, to test the reproducibility of the diagnosis model,
the optimized diagnosis model is tested repeatedly. From Figure 9, the accuracy rate of
FD for the four training sessions has exceeded 0.905, indicating that the FD has good
diagnostic ability. However, in the first test and the second test, the model stability is
poor, and there is a large curve fluctuation in the early training. By analyzing the curve of
the previous test, the generator is relatively fragile in the initialization stage of the model
training, which affects the performance of the model and causes large recognition losses.
The difference between the source domain signal and the generated signal also affects the
model mapping effect. Therefore, the model has a large curve fluctuation in the first test
and the second test. After many tests, the error of the model gradually decreases, thus
improving the accuracy and stability in the early training. To test whether the optimized
method can reduce the model training mapping error, the original BEGAN model with
generator regular term removed is tested by experimental simulation. The FD results of
the original BEGAN model are shown in Figure 10.

Figure 10 shows the results of three repeated training tests of the original fault diagnosis
model. According to the test curve in the figure, compared with the improved fault diag-
nosis model, the overall training accuracy of the original BEGAN fault diagnosis model is
poor, and there are significant fluctuations in the training curve during testing, indicating
that the training stability of the original BEGAN model is poor. The average diagnostic
accuracy of the original BEGAN fault diagnosis model was 0.435 for the first time, 0.664
for the second time, and 0.675 for the third time. Compared with the test results in Figure
9, the proposed improved DABEGAN fault diagnosis model has an improvement of 36.5%
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F1cURE 11. Training and test results of various fault diagnosis models

compared to the original BEGAN, indicating that the proposed diagnostic model reduces
the mapping error during model training and also has superior domain adaptability. In or-
der to compare the performance of the proposed fault diagnosis model, a typical neighbor
algorithm (KNN, K-Nearest Neighbor) and a clustering algorithm (K-means clustering
algorithm) were selected to participate in the model performance test. The test results
are shown in Figure 11.

Figure 11 shows the mechanical FD results of three FD models. Figure 11(a) shows
the FD test results of the motor outer ring. From the figure data, the three FD models
have obvious differences. The overall test performance of K-means FD model is the worst.
After 640 iterations, it tends to converge. The FD accuracy of K-means model is 0.885.
Next is the KNN FD model, which tends to converge after 710 iterations. The accuracy
is 0.815. The best performance is the model proposed by the research. According to the
model training curve, the proposed model tends to converge after 640 iterations, and
the FD accuracy is 0.923. The proposed FD model has the best FD accuracy and faster
convergence effect. Figure 11(b) shows the FD test results of the inner ring of the motor.
According to the results of model training curve, the proposed FD model is the best of the
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three FD models. It tends to converge after iteration 632. The FD accuracy of the model
is 0.986. The second is K-means FD model, which tends to converge after 672 iterations,
and the FD accuracy is 0.876. The KNN FD model with the worst performance tends
to converge after iteration 710, and the FD accuracy is 0.801. Compared with the outer
circle FD results, the inner circle FD accuracy is significantly higher, mainly because the
outer circle fault factors are more complex. The proposed FD model has excellent iterative
performance and FD accuracy. At the same time, select the outer circle data to verify the
model test effect, and conduct t test on the K-means model and the proposed method, as
shown in Table 1.

TABLE 1. Model training data verification results

Group Iteration 160 | Iteration 320 | Iteration 480
K-means (accuracy) 0.712 0.726 0.826
Proposed method (accuracy) 0.823 0.843 0.886
t value 2.466 2.056 1.656
p value < 0.05 < 0.05 < 0.05

From the results in Table 1, it can be seen that during 160 iterations, the K-means
model was 0.712, and the accuracy of the proposed model was 0.823. There was a signifi-
cant difference between the two groups of data (p < 0.05). At 320 iterations, the K-means
model was 0.726, and the accuracy of the proposed model was 0.843. There was a signif-
icant difference (p < 0.05) between the two sets of data. At 480 iterations, the K-means
model was 0.826, and the accuracy of the proposed model was 0.886. There was a signifi-
cant difference in comparison between the two sets of data (p < 0.05). It can be seen that
the proposed model has a significant difference in effectiveness compared to traditional
diagnostic models, and the proposed model has better diagnostic performance. Finally,
visualize and compare the images generated by the proposed fault diagnosis model, as
shown in Figure 12.

Figure 12 shows the result of visual features generated by the proposed model. The
triangular part is the health feature, the diamond part is the inner ring fault feature, and
the circular part is the outer ring fault feature. Figure 12(a) shows the visual characteristic
image of the generated domain, Figure 12(b) shows the visual characteristic image of the
recognition generated domain, and Figure 12(c) shows the visual characteristic image of
the target domain. Figure 12(a), Figure 12(b) and Figure 12(c) clearly show the richness
of sample features. The richer the sample features are, the more difficult it is to classify
them in fault diagnosis. Figure 12(d) shows a visual feature image of recognition target
domain. Compared with Figure 12(c), the coverage status of different types of FD features
has decreased, and the distribution of different features is denser. In Figure 12(c), a
large number of health features are distributed around the outer circle fault features and
the inner circle fault features, which increases the difficulty of feature recognition and
classification. In Figure 12(d), the generator and recognizer in the model can migrate
from the source domain to the target domain. Figure 12(e) shows the source domain
visualization feature image. The fault feature distribution in Figure 12(e) is different
from that in Figure 12(c) and Figure 12(d). Therefore, in the model training test, the
generation domain is similar to the target domain feature signal, and the recognition
generation domain is the same as the recognition target domain signal feature.

Through this recognition principle, the characteristics of mechanical faults can be iden-
tified more accurately, thus improving the overall diagnosis effect of mechanical faults.
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F1GURE 12. Visual feature image results generated by the proposed fault
diagnosis model

Finally, the robustness of the proposed model is verified by k-fold crossover, and the
results are shown in Figure 13.
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FiGURE 13. Model robustness test

Figure 13 shows the robustness test results of the model. The robustness of the model
is discussed through cross validation and analysis of the results of multiple runs of the
model. Divide the training set into complementary subsets, train each model with different
training subsets, and validate with the remaining validation subsets. Once the model type
and hyper parameter are determined, the final model uses these hyper parameters to train
on all training sets (i.e., the original training set described above), and the generalization
error rate is obtained using the test set. Divide the fault training data into complementary
subsets, train each model with different training subsets, and validate with the remaining
validation subsets. It can be seen from the above figure that for each super parameter
value, 10 fold cross validation is selected, and the hyper parameter values from 1 to 8 are
greater than 0.90, indicating that the model has good robustness.

5. Conclusion. As an important equipment in industrial automation, motors are widely
used in many fields. Once the motor malfunctions, it will inevitably have a serious impact
on the production and safety of the enterprise. Traditional motor mechanical fault identi-
fication mainly relies on data collection from motor sensors. Due to the complex internal
fault factors of the motor, it is difficult to effectively diagnose motor faults. Therefore,
based on the improved BGAN network, a BEGAN fault diagnosis model is constructed,
and the feature signals collected by the motor physical model are used as training sam-
ples to complete mechanical fault diagnosis. Because BEGAN model faces the problem
of reducing the correlation between generator input and output data, transfer learning
is introduced to build an improved DABEGAN fault diagnosis model and complete the
fault case diagnosis test. In the multiple training tests of the proposed fault diagnosis
model, the average of the highest diagnostic accuracy of the original BEGAN fault di-
agnosis model three times is 0.675. Compared with the proposed improved DABEGAN
fault diagnosis model, the average diagnostic accuracy of the improved DABEGAN fault
diagnosis model exceeded 0.905, which increased by 36.5% compared to the original BE-
GAN. It can be seen that the improved DABEGAN fault diagnosis model has superior
fault diagnosis performance, far higher than the fault diagnosis results of the original
BEGAN fault diagnosis model. At the same time, in the fault diagnosis testing of the
inner ring of the motor, the proposed fault diagnosis model has a diagnostic accuracy of
0.986, which is superior to the KNN model and K-means model. It can be seen that the
proposed fault diagnosis model meets the requirements of modern industrial motor fault
diagnosis. There are also shortcomings in research, as the fault characteristics of motors
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are complex and more representative fault feature data needs to be extracted to improve
the accuracy of fault diagnosis.
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