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Introduction: This article proposes a fault diagnosis algorithm for mechanical
rolling bearings based on transfer learning.

Methods: The proposed algorithm enhances the traditional conventional
convolutional neural network (CNN) algorithm by introducing a domain
category judgment module and an inter-domain conditional probability
distribution difference module, thereby achieving transfer learning between
source domain samples and target domain samples. Simulation experiments
were performed. On a PT100 bearing fault simulation test platform, vibration
signals of bearings were collected in cases of normal operation, inner race faults,
outer race faults, and ball faults at motor speeds of 1,000, 1,500, and 2,000 r/min.
The diagnostic performance of support vector machine (SVM), back-propagation
neural network (BPNN), and the proposed algorithm was evaluated in operating
condition transfer tasks. Moreover, ablation experiments were conducted.
Results: It was found that the proposed algorithm could effectively and
accurately identify bearing faults in the face of changes in operating conditions.
Discussion: Both the domain category judgment module and the inter-domain
conditional probability distribution difference could effectively achieve transfer
learning of the diagnostic model.

convolutional neural network, electrical control design, fault diagnosis, rolling bearing,
transfer learning

1 Introduction

In modern industrial systems, mechanical rolling bearings, as the core elements of rotating
mechanical equipment, play an important role in supporting rotors, reducing friction, and
transmitting loads (Liu and Yu, 2021). Therefore, realizing early fault diagnosis and health
condition monitoring of rolling bearings is an urgent need to guarantee the safe, efficient, and
continuous operation of industrial systems (Li et al., 2019). Traditional bearing fault diagnosis
methods usually require a large amount of fault data with clear labels collected from specific
equipment and performing complex feature engineering to extract fault-sensitive features.
However, in actual application scenarios, they face challenges such as scarce labeled data,
variable operating conditions, equipment differences, and difficulties in cold start. To address
these difficulties, transfer learning, as a training method, has been applied to intelligent
algorithms (Shang et al., 2024). The core principle of transfer learning is to transfer the
algorithm parameters learned in the “source domain” to another related but different “target
domain” to solve the difficulties brought about by the limited training data in the target
domain. Hu et al. (2024) combined a deep neural network with SKNet and Inception-ResNet-
v2 for bearing fault diagnosis. Li et al. (2025) designed an adaptive feature mode decomposition
method for the same purpose. Wang et al. (2025) developed a model for diagnosing faults in
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aviation bearings based on a long short-term memory and an
optimized deep residual shrinkage network. This article introduces
a transfer learning-based fault diagnosis algorithm for rolling bearings.
The proposed algorithm enhances a conventional convolutional neural
network (CNN) by introducing a domain category judgment module
and an inter-domain conditional probability distribution difference
module to realize transfer learning between source and target domain
samples. Simulation tests were subsequently conducted. The
innovation of this paper lies in realizing the transfer learning of the
intelligent fault diagnosis algorithm by using the domain category
judgment module and the inter-domain conditional probability
distribution difference module to make the algorithm quickly learn
the feature distribution rules even when there are not enough training
labels in the face of a new fault diagnosis environment, thereby
achieving rapid diagnosis of bearing faults in the new environment
and improving the training efficiency of the algorithm.

2 Transfer learning-based bearing
fault diagnosis

When a bearing malfunctions, its inherent fault characteristic
frequencies will be excited during operation. Different types of faults
have different fault characteristic frequencies (Liu et al., 2025).
Intelligent algorithms obtain the patterns of bearing fault
characteristics through sample training and then identify the
types of bearing faults. Usually, a large number of samples are
required for training. However, mechanical rolling bearings with
faults are difficult to be used for a long time or in large quantities.
Moreover, even for the same type of fault, variations in equipment
and operating conditions can lead to shifts in fault characteristics,
making it difficult for trained intelligent algorithms to adapt to new
2025).
Consequently, when pre-trained or existing intelligent algorithm

equipment or operating environments (Guo et al,
models are attempted to be applied to brand-new bearing
equipment, the absence of historical failure data from the target
equipment often prevents their direct application.

The core components of transfer learning include the source
domain, the target domain, and the transfer methodology. The
source domain generally refers to a dataset with abundant labeled
samples—in this paper, it denotes the dataset used to train the
generic fault diagnosis model. The target domain typically consists
of sparsely labeled or unlabeled data; here, it refers to the dataset of
new equipment or operating conditions for transfer learning. The
transfer methodology comprises the techniques used to transferring
diagnostic knowledge from the source domain to the target domain,
which may include model-based, instance-based, feature-based
methods (Xie et al., 2025).

Model-based transfer method does not require identical label
spaces between the source and target domains. However, if there are
significant differences in the distribution of samples in the source
domain and the target domain, and the quality of labeled samples in
the target domain is not high, it will affect the fine-tuning effect of
the model (Zhang et al., 2024). The instance-based transfer method
is easy to operate, but when the difference in the sample distribution
between the source domain and the target domain is too large, it will
lead to a decrease in the number of similar samples in the two
domains, affecting the training effect (Chen et al, 2024). The
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feature-based method adjusts the model parameters from the
level of the sample feature space, reducing the difference in the
sample feature distribution between the two domains and trying to
maintain the classification effect of the model on the source domain
samples. The above parameter adjustment process does not involve
the classification labels of the target domain samples, so it is
applicable to the fault diagnosis in the unsupervised domain.

Finally, this paper adopts a feature-based transfer approach to
train the fault diagnosis model. The overall training architecture is
depicted in Figure 1.

1. Fault samples, i.e., vibration signals, from rolling bearings are
collected to form the source and target domains. The source
domain dataset must contain complete fault category labels
(He et al., 2024), whereas the target domain dataset has no
strict labeling requirements.

2. After the Fast Fourier Transform (FFT) on samples from both
domains, the resulting time-frequency graphs are fed into the
feature extraction module. In the proposed fault diagnosis
model, this module is composed of multiple convolutional
base units (Wang et al, 2024). Each unit contains a one-
dimensional convolutional layer, a normalization layer, an
activation function, and a pooling layer. Each unit perform
convolutional operations on the input data and apply pooling
for dimensionality reduction, thereby effectively extracting
features from the time-frequency graphs.

3. The extracted convolutional features are fed into three
modules: the fault classification label module, the domain
category judgment module, and the inter-domain

conditional probability distribution difference module. The

fault classification label module, which comprises three fully
connected layers (FCLs) followed by a softmax function,
identifies the fault type of the input features. The domain

category judgment module, consisting of two FCLs and a

softmax function, distinguishes whether the input features

originate from the source or target domain. The inter-

domain conditional probability distribution difference
module calculates the difference between the features of the
source and target domain samples.

4. The fault classification error of the source domain samples, the
feature domain category judgment error, and the inter-domain
conditional probability distribution deviation are calculated to
obtain the training error of the fault diagnosis model (Yuan
et al, 2025). First, the calculation formula of the fault

classification error of the source domain samples is:
C
Ly == yelog (G,(Gy (x)))), )
c=1

where L, denotes the fault classification error of the source domain
samples, ¢ and C represent fault category and the total number of
fault categories, respectively, G () is a feature extractor, G, ( ) is a
fault label classifier, x; represents the sample from the source
domain, and y. is the real probability of samples belonging to
category ¢ fault in the source domain. Then, the calculation formula
of the feature domain category judgment error is:

Ly=-y,log (Gd(Gf (x,»))) -(1-y,) log (1 —Gd(Gf (x,»))), (2)
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FIGURE 1
Framework flow for transfer learning.

where L, stands for the feature domain category judgment error,
ys is the real probability of samples belonging to the source
domain among all the samples, x; is the input sample, and G4 ( )
is the feature domain category classifier. This error is used to
measure the performance of the algorithm model in determining
whether the input samples belong to the source domain or the
target domain during the transfer training process. The
formula of the inter-domain

calculation conditional

probability distribution deviation is:

Lo ézl 2 ¢(Gf<x?>)—$ Y oG ) ©

s xfeDS t XffDr

where Ly is the inter-domain conditional probability
distribution deviation, n and n{ are the number of samples
belonging to category c fault in the source and target domains,
D, and D, represent the source and target domains. This error is
used to measure the difference of the sample feature
distribution in the two domains. The formula of the overall

error of the algorithm model during transfer training is:

Ly = (1-p)(Ly = ALy) + L

2
127101)—1
—1V0e
1 +exp| ——
Xp(eptotal) 4
4 _l_diM “
Tyt

dy = 2(1-2e(k))
[ d.=2(1-2e(k)) ,

where Ly is the overall training loss of the diagnostic mode, d is the
difference of sample marginal distribution in the two domains, d, is
the difference of inter-domain sample conditional distribution, e (k)
is the binary classification error of determining whether a sample
belongs to the source domain or the target domain, e (k) is the
classification error of determining whether a sample has fault
category ¢, and y is the weight of Ly,.

5. A termination check is performed to determine whether to end
the training process. If terminated, the domain category

judgment module and the inter-domain conditional
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probability distribution difference module are deactivated
during the testing of the fault diagnosis model. If training
continues, the computed errors are used to iteratively adjust
parameters in all model modules, and the process returns to
step @. Training terminates when either the predefined
number of iterations is reached or the training error
converges to a stable value.

3 Simulation experiment
3.1 Experimental data

The
mechanical

data  were collected from actual
The PTI100 bearing fault
simulation test platform, used for acquiring bearing fault

experimental
rolling bearings.

data, is shown in Figure 2. The test platform includes a drive
motor, frequency converter, double-supported bearing, rotating
shaft, foundation base, control unit, and other components. The
relevant parameters of the platform are as follows: the drive
motor has a rated power of 370 W and a rated voltage of 220 V;
the chrome-plated shaft has a cross-sectional diameter of
25 mm; the rolling bearing is PH205 deep groove ball bearing
with an inner diameter of 25 mm; and the speed adjustment
range is 0-3,500 r/min. The platform can simulate inner race,
outer race, and rolling element faults.

When collecting sample data using the test platform, operating
conditions were set at 1,000, 1,500, and 2,000 r/min. Vibration signal
samples were collected under normal operation and three fault
types. Finally, 1,000 source domain samples and 5,00 target
domain samples were obtained from each operating condition
and bearing state. Both domains were further divided into
training and testing sets at an 8:2 ratio.

3.2 Experimental setup

Table 1 shows the parameter configuration of the improved
CNN algorithm for bearing fault diagnosis. The proposed
approach was evaluated against support vector machine
(SVM) (BPNN)
algorithms. The SVM algorithm adopted a linear kernel

and back-propagation neural network
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FIGURE 2
PT100 bearing fault simulation test platform.

TABLE 1 Relevant parameters of the bearing failure diagnosis model.

Structure Parameter setting
Feature extractor convolution

layer 1 et al., 2024)

1 x 64 convolution kernel, stride 16, ReLU activation function (Jia

Structure Parameter setting

Feature extractor pooling layer 1 = Max pooling box size 2 x 2

Feature extractor convolution
layer 2

1 x 3 convolution kernel, 1 stride, ReLU activation function

Feature extractor pooling layer 2 = Max pooling box size 2 x 2

Feature extractor convolutional
layer 3

1 x 3 convolution kernel, stride 1, ReLU activation function

Feature extractor pooling layer 3 = Max pooling box size 2 x 2

Feature extractor convolution
layer 4

1 x 3 convolution kernel, stride 1, ReLU activation function

Feature extractor pooling layer 4 = Max pooling box size 2 x 2

Label classifier FCL 1 512 nodes, ReLU activation function

Label classifier FCL 2 512 nodes, ReLU activation

function

Label classifier FCL 3 256 nodes, ReLU activation function

Domain category discriminator 512 nodes, ReLU activation

FCL 1 function
Domain category discriminator 512 nodes, ReLU activation function Number of training iterations 500
FCL 2
Learning rate 0.02 Learner Adam

FLC: fully connected layer; ReLU: rectified linear unit.

function and a penalty parameter of 1. The BPNN algorithm
employed an input layer with 128 nodes, a hidden layer with
256 nodes, a sigmoid activation function, and an output layer
with 4 nodes.

As the proposed bearing fault diagnosis algorithm was based on
transfer learning, the diagnostic model was evaluated using transfer
tasks. Specifically, motor speeds of 1,000, 1,500, and 2,000 r/min
were defined as operating condition 1, 2, and 3, respectively. The
transfer tasks included: “operating condition 1 — 2,” “operating
condition 1 — 3,” “operating condition 2 — 1,” “operating condition
2 — 3,” “operating condition 3 — 1,” and “operating condition
327

The ablation experiments were carried out by removing the
domain category judgment module, removing the intra-domain

» <«

conditional probability distribution difference module, and
removing the above two modules.

Frontiers in Mechanical Engineering

3.3 Evaluation indicators

The performance evaluation indicators for the fault diagnosis
algorithm employed commonly used precision, recall rate, and
F-score, calculated as:

TP
P=TpiEN
R=_ 1P

TP + FP
_2.P.R
" P+R

)

where P is precision, R is recall rate, F is the combined measure of
precision and recall rate, TP is the number of true positives, FP is the
number of false positives, FN denotes the number of false negatives,
and TN is the number of true negatives.
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TABLE 2 Recognition accuracy of three fault diagnosis algorithms for different fault types in various transfer tasks.

Diagnostic Operating Operating Operating Operating Operating Operating
algorithm condition condition condition 2 condition 2 condition 3 condition 3
1-2 1-3 -1 -3 -1 -2
Normal SVM 0.543 0.387 0.552 0.539 0.387 0.537
BPNN 0.723 0.601 0.729 0.732 0.603 0.741
The 0.987 0.945 0.989 0.986 0.944 0.984
improved CNN
Inner race = SVM 0.536 0.388 0.534 0.533 0.389 0.536
fault
BPNN 0.728 0.602 0.728 0.729 0.600 0.726
The 0.986 0.948 0.991 0.987 0.949 0.984
improved CNN
Outer race ~ SVM 0.539 0.389 0.542 0.538 0.386 0.539
fault
BPNN 0.736 0.604 0.736 0.738 0301 0.735
The 0.978 0.947 0975 0.977 0.948 0.979
improved CNN
Ball fault  SVM 0.569 0.392 0.567 0.568 0.385 0.564
BPNN 0.741 0.603 0.742 0.746 0.605 0.743
The 0.989 0.946 0.989 0.987 0.949 0.988
improved CNN
1.000
947 986 84 i
? 0.900 48
-
g (800 0.73 0.73 0.73
<
2 0700
&
2 0600 0.54 0.54 0.52 0.5
£
£ 0.500
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251 23 31 32
Transfer task
m SVM  wmBPNN & Improved CNN
FIGURE 3
Diagnostic accuracy of three fault diagnosis algorithms in different transfer tasks.

3.4 Experimental results

The recognition accuracies of the three fault diagnosis
algorithms facing different types of faults in different transfer
tasks are displayed in Table 2, and the comprehensive diagnosis
accuracy is shown in Figure 3. In the same transfer task, the
diagnostic accuracy of the same diagnostic algorithm for different
fault types did not vary much. Among different diagnostic
algorithms, the improved CNN algorithm had the highest
accuracy, followed by the BPNN algorithm, and the SVM

Frontiers in Mechanical Engineering 05

algorithm had the lowest accuracy. A reduction in accuracy for
both the SVM and BPNN algorithms was observed in the “operating
condition 1—3” and “operating condition 3—1”; in contrast, the
accuracy of the improved CNN algorithm remained largely
unaffected.

The results of the ablative experiments are presented in Figure 4.
It can be seen that the removal of either module led to a considerable
decline in the fault diagnosis accuracy. Moreover, the simultaneous
removal of both modules resulted in a further performance
degradation.
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Ablation experiment results.

4 Discussion

Rolling bearings are the core components in rotating mechanical
systems, and their operating states are directly related to the safety,
reliability, and service life of the equipment. Once a fault occurs, if it fails
to be identified and intervened in a timely manner, it is very likely to
trigger a chain of mechanical failures, resulting in significant economic
losses and even safety accidents. Traditional fault diagnosis methods
rely on expert experience and signal processing techniques, which are
effective under specific working conditions. However, they have
limitations such as weak generalization ability, strong dependence
on feature engineering, and high sensitivity to noise. Deep learning
technology has shown great potential in bearing fault diagnosis. It can
extract features from the original vibration signals and use them to
determine the fault type. However, such data-driven methods highly
depend on a large number of high-quality and fully labeled fault
samples. In actual industrial scenarios, it is difficult to obtain such
fault samples. On the one hand, it is difficult to accumulate enough
samples for new equipment or rare faults. On the other hand, manual
annotation requires the participation of professional engineers, which is
costly and error-prone. The fault diagnosis algorithm for rolling
bearings is faced with the dilemma of abundant source domain data
but scarce target domain data. To address this dilemma, transfer
learning has been proposed. Transfer learning alleviates the
distribution  shift problem load
fluctuations, sensor differences, or different equipment models

caused by speed changes,
through knowledge transfer mechanisms, such as feature alignment,
parameter fine-tuning, and adversarial training, thereby achieving high-
precision diagnosis with limited target data. In this paper, the CNN
algorithm was adopted to identify rolling bearing faults. During the
training process, a domain category judgment module and an inter-
domain conditional probability distribution difference module were
introduced to implement transfer learning between source domain
samples and target domain samples. Then, a simulation experiment was
carried out. The experimental results showed that in the same transfer
task, the diagnostic performance of the improved CNN algorithm was
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superior to that of the SVM and BPNN algorithms. In different transfer
tasks, the diagnostic performance of the proposed algorithm did not
change significantly, while that of the SVM and BPNN algorithms
declined. The reason is that in different transfer tasks, the samples in the
target domain change, and there are differences in the sample
distributions of different fault types between the two domains. The
SVM and BPNN algorithms directly apply the model trained with
source-domain samples to the target domain. Due to the difference in
feature distribution between the two domains, the recognition results
will deviate, ultimately leading to a decrease in diagnostic performance.
The CNN algorithm uses a domain category judgment module and an
inter-domain conditional probability distribution difference module
during training to balance the feature distribution between the two
domains as much as possible during the model parameter adjustment
process, so as to keep the diagnostic performance unchanged.

The shortcoming of this paper is that only a single experimental
platform was used when validating the algorithm. Meanwhile, the
comparison was only made with the SVM and BPNN algorithms,
which made the validation results lack universality. Therefore, the
future research direction is to expand the experimental platforms
and the diagnostic algorithms for comparison to make the
experimental results have sufficient universality.

5 Conclusion

This paper presents a transfer learning-based algorithm for
diagnosing faults in mechanical rolling bearings. A conventional
CNN algorithm integrates a domain category judgment module and
an inter-domain conditional probability distribution difference
module, thereby enabling effective knowledge transfer between
source and target domain samples. Simulation tests were carried
out on the PT100 bearing fault simulation test platform, where
vibration signals were collected from bearings under normal
conditions and with inner ring, outer ring, and ball faults at
motor speeds of 1,000, 1,500, and 2,000 r/min. The fault
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diagnosis performance of the improved CNN algorithm in operating
condition transfer tasks was compared with the SVM and BPNN
algorithms. Moreover, ablation experiments were performed. It was
found that the diagnostic accuracy of each algorithm remained
consistent for different fault types in the same transfer task. Among
the compared methods, the improved CNN algorithm achieved the
highest accuracy, followed by BPNN, and the SVM algorithm had
the lowest accuracy. In different transfer tasks, both SVM and BPNN
algorithms exhibited a significant decline in diagnostic accuracy for
transfers in “operating condition 1 — 3” and “operating condition
3 — 1,” whereas the accuracy of the proposed algorithm remained
largely unchanged. The ablation study confirmed that removing
either the domain category judgment module or the inter-domain
conditional probability distribution difference module significantly
resulted in a significant reduction in the diagnostic accuracy, and the
simultaneous removal of both modules resulted in a further
performance drop.
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