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To address the issue of low diagnostic accuracy caused by distribution differences between
the source and target domains in rolling bearing fault diagnosis, this study proposes a method
combining balanced distribution adaptation (BDA) and support vector machines (SVMs). The
approach utilizes BDA to simultaneously minimize discrepancies in both the marginal and
conditional distributions between domains, enabling effective feature alignment and enhanc-
ing the model’s cross-domain generalization in small-sample scenarios. After extracting time-
and frequency-domain features, BDA adaptively adjusts the feature distributions, and SVMs
are employed for fault classification. Experimental results demonstrate that the BDA-SVM
method achieves over 94 % diagnostic accuracy, showcasing strong performance and robust-
ness in bearing fault diagnosis. Compared with traditional SVMs and other methods without
transfer learning, the proposed approach shows a significant improvement in diagnostic accu-
racy under cross-domain conditions.
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1. INTRODUCTION

Bearings in industrial equipment generally play a critical role in support and
power transmission, and their health status directly affects the operational sta-
bility and service life of the entire equipment [1, 2]. Especially in critical fields
such as mechanical manufacturing, wind power, and rail transportation, sudden
failures of rolling bearings can lead to equipment shutdowns, causing signifi-
cant economic losses and even safety accidents. However, due to their long-term
operation in high-temperature, heavy-load, and high-frequency alternating-load
environments, rolling bearings are prone to various faults [2, 3]. Existing re-
search indicates that approximately 30 % of failures in rotating machinery are
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caused by rolling bearing failures [1, 4]. Therefore, achieving precise early fault
diagnosis [21] is of great significance for ensuring normal equipment operation,
extending equipment service life, and preventing loss escalation [5].

Traditional fault diagnosis relies on manual experience analysis, which is in-
efficient, highly subjective, and requires precise mechanistic models as support,
thus presenting numerous challenges in practical applications [6]. With techno-
logical advancements and the accumulation of experience, data-driven intelligent
diagnostic methods, by leveraging machine learning and deep learning’s ability
to fit complex nonlinear functions, have demonstrated outstanding performance
in industrial equipment fault diagnosis [4].

However, the performance of data-driven methods highly depends on large-
scale labeled data, which is a significant bottleneck in industrial settings due to
the scarcity of fault data. While data collected under normal operating condi-
tions are relatively abundant in most industrial scenarios, fault data are often
scarce due to various challenges such as the difficulty of fault detection, char-
acterization, and reproduction [6]. Existing supervised learning models rely on
large amounts of labeled data and are prone to overfitting under small-sample
conditions, significantly reducing diagnostic accuracy.

Besides, recent studies have further explored transfer learning for fault di-
agnosis. For instance, a comparative study [7] is conducted on classical shallow
transfer learning methods using the Case Western Reserve University (CWRU)
bearing dataset, including balanced distribution adaptation (BDA)+K-nearest
neighbor (KNN) and BDA+support vector machines (SVMs), and reported that
BDA+KNN achieved the highest accuracy, while BDA+SVMs ranked second.
Similarly, LEI et al. [8] provided a comprehensive review of deep-learning-based
fault diagnosis methods and highlighted their effectiveness in feature extraction
under varying working conditions. Although these deep learning-based methods
have shown promising performance, they often require a larger number of pa-
rameters and substantial computational resources, and their performance can
degrade in extreme small-sample scenarios.

To address the issue of insufficient model generalization under small-sample
conditions, transfer learning provides a solution. Its core objective is to reduce the
distribution differences between the source and target domains to achieve knowl-
edge transfer, enabling the model to effectively reuse source-domain knowledge
in the target domain [7]. Existing studies mostly focus on marginal distribution
features between the source and target domains while neglecting conditional dis-
tribution differences [1, 8]. BDA achieves effective cross-domain feature transfer
by jointly optimizing differences between marginal and conditional distributions
and introducing a tuning parameter to balance the weights of marginal and
conditional distributions. This approach preserves category-discriminative in-
formation while minimizing domain-specific bias, thereby providing an effective
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method for fault diagnosis under different operating conditions and across dif-
ferent devices [8-10].

In specific fault diagnosis tasks, the model’s ability to fit nonlinear func-
tions is crucial. This ability is usually achieved through deep learning, random
forests, and SVMs [11-13]. Among them, SVM is a classic supervised learning
method with flexible kernel functions and penalty factors, which has demon-
strated stable performance in both binary and multi-class classification prob-
lems [15]. Its core idea is to maximize the margin between different categories
of samples by constructing an optimal hyperplane to achieve classification [16].

Based on the above considerations, this study proposes a rolling bearing
fault diagnosis method combining BDA and SVM: the BDA algorithm is used
to jointly align the marginal and conditional distributions of the source and
target domains, thereby addressing the limitation of existing studies that only
consider marginal distributions to achieve feature-level adaptation. Meanwhile,
SVM is utilized to leverage its advantages in classification tasks. The synergistic
effect of the two methods not only alleviates the data scarcity constraint through
transfer learning but also ensures diagnostic accuracy by leveraging the strong
classification capabilities of SVM, ultimately achieving high-precision fault di-
agnosis under cross-domain and small-sample conditions.

2. SIGNAL TIME- AND FREQUENCY-DOMAIN FEATURE ANALYSIS
AND EXTRACTION

The essence of SVM classification is eigenvector-oriented, while the extracted
raw signals are discrete time series. Therefore, time-domain and frequency-
domain feature extraction (such as the mean value, root mean square (RMS),
spectral energy, etc.) is required to convert the signals into quantitative indi-
cators that reflect the key features of these signals. These indicators are first
aligned between the source domain and target domain using BDA, and are
then used as the training basis for SVM.

Time-domain signals and frequency-domain signals are linearly correlated
through the Fourier transform, reflecting signal characteristics from different di-
mensions. This paper intends to integrate multiple time- and frequency-domain
features as the inputs to BDA [22] and SVM.

2.1. TIME-DOMAIN FEATURE EXTRACTION

Time-domain signals are used to describe the amplitude, trend, and changes
of a signal. They can intuitively reflect the original characteristics of the signal
and are commonly used to describe the overall level and sudden faults of vi-
bration signals [17]. Time-domain features are directly extracted from the time
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series of vibration signals. Feature indicators such as the mean value, RMS, and
variance are commonly used in signal analysis and also have practical signifi-
cance in engineering applications.

The mean value is used to reflect the overall level of a signal. In bearing-rotor
systems, it can indirectly indicate bearing misalignment, etc. Its definition is

(2.1) = ;,sz

where x; is the sample value of the vibration signal, and N is the total number
of sampling points in the signal.

The RMS value is used to measure the energy level of a signal. A higher
RMS value typically indicates that the equipment is experiencing significant
vibration. Its definition is

(2.2)

Skewness (S) is a statistical measure describing the symmetry of a signal
and is used to analyze signal asymmetry. Its expression is

(2.3) S:;ZN:G";“)?),

i=1

where ¢ is the standard deviation of the signal.
Kurtosis (K) is a statistical measure of signal sharpness, indicating whether
the signal contains sudden anomalies or impact-related faults. Its expression is

(2.4) K—jbi(x;“y

i=1

Variance (V') is used to describe the degree of fluctuation in a signal. The
larger the variance, the more intense the vibration and the higher the likelihood
of a fault. Its expression is

(2.5) V=Y -

The crest factor (C) is defined as the ratio of the maximum value of the
signal to its RMS value. It is typically related to the impacts experienced by
the system and can be used to assess the intensity of transient impacts in the
signal. Its expression is
max(|z;|)

2.6 C =
(2:6) XRrMs
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2.2. FREQUENCY-DOMAIN FEATURE EXTRACTION

Frequency-domain features can effectively capture the periodicity or char-
acteristic frequency information of equipment faults [18] and are suitable for
detecting fault modes in specific frequency bands. Various types of faults in
rolling bearings have distinct characteristic frequencies and are closely related
to the inner and outer rings, rolling element dimensions, contact conditions,
and relative rotational frequency [19]. In this paper, we extract two common
frequency-domain features: spectral center frequency and spectral energy.

The spectral center frequency (CF) is used to describe the central position
of a frequency-domain signal, i.e., the average value of the signal frequency
distribution, and can indicate the dominant frequency where the signal energy
is concentrated. Its expression is

N

> fiP(f)
i=1

(2.7) CcF="L

Zp(fi)

=1

where f; is the frequency component of the signal, and P(f;) is the corresponding
power spectral density.

Faults cause a significant increase in energy at the characteristic frequency
locations [19]. Spectral energy (SE) represents the total energy of a signal in
the frequency domain and is commonly used to assess signal intensity across
different frequency bands. Its expression is

N
(28) SE=) IX(f)P
i=1
where X (f;) is the amplitude of the Fourier transform spectrum of the signal.

3. BDA-SVM ALGORITHM PRINCIPLE

3.1. BDA TRANSFER LEARNING PRINCIPLE AND FRAMEWORK

Traditional machine learning methods typically assume that the data distri-
butions of the training set and the test set are consistent. However, in practical
applications, there are inevitably significant differences in the distributions of
the source and target domains [7—9]. The objective of transfer learning is to
mitigate the problem of insufficient samples in the target domain by acquiring
knowledge from the source domain and transferring it to the target domain,
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thereby improving learning performance. Its core idea is to utilize knowledge
learned from the source domain (such as model parameters, feature distribu-
tions, or latent-space representations) to improve the performance of tasks in the
target domain, enabling models trained on the source domain to be effectively
applied to the target domain after fine-tuning.

Let the source-domain and target-domain datasets be denoted as

(3.1) D, = {4}

1=1
(3.2) D= {a"} " .

where z7 and xf represent the sample features in the source-domain and target-
domain datasets, respectively, ns and n; are the numbers of samples in the source
and target domains, respectively, and y; are the corresponding sample labels.
In practical applications, the labels y;f in the target domain are often unknown.
Therefore, we employ pseudo-labeling techniques to estimate the conditional
distribution, where initial predictions from the source domain model are used
to approximate the true target-domain labels.

The feature distributions of the source and target domains Ps(X) and Pr(X),
as well as the joint distributions Pg(XY) and Pr(XY), are typically differ-
ent. Therefore, the objective of transfer learning is to train a model fg(z)
in the source domain that can also perform well in the target domain, i.e.,
fr(x) =~ fs(x). Here, fr(z) represents the model performance in the target
domain, which is the ultimate objective of transfer learning.

3.2. INTRODUCTION TO BDA ALGORITHMS

BDA is a domain adaptation technique that simultaneously minimizes dif-
ferences between marginal and conditional distributions, thereby aligning the
source and target domains in terms of feature space and enhancing the transfer-
ability of cross-domain data [1, 8, 20]. The original BDA method was proposed
by WANG et al. [25], who introduced a framework for simultaneously minimiz-
ing marginal and conditional distribution discrepancies. Its objective is to find
a mapping function @(X) such that the source domain Dg and the target domain
D7 have more similar distributions in the mapping space.

This is achieved by simultaneously optimizing two objectives: minimizing
the marginal distribution discrepancy (MDD) and the conditional distribution
discrepancy (CDD). The MDD reflects the distribution deviation of data fea-
tures between the source and target domains over the entire feature space,
whereas the CDD considers the distribution differences between samples belong-
ing to the same category in the source and target domains, thereby ensuring that
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classification-related information remains consistent during the transfer process.
The expressions are as follows:

(3.3) MDD = ‘
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In practical applications where the target-domain labels are unknown, BDA
employs an iterative pseudo-labeling strategy. Initially, a base classifier (e.g.,
SVM) trained on the source domain is used to predict pseudo-labels for the
target-domain samples. These pseudo-labels are then used to estimate the con-
ditional distribution P(y”|2T). It is important to note that although a constant
mapping function @ might trivially minimize distribution discrepancies, BDA
avoids this degenerate solution by incorporating constraints that preserve the
intrinsic data structure and feature variance. The optimization framework en-
sures that the mapping @ not only aligns the distributions but also maintains
the discriminative information necessary for classification. During the BDA op-
timization process, the pseudo-labels are iteratively refined as feature alignment
improves, leading to more accurate conditional distribution matching. This ap-
proach allows BDA to effectively handle conditional distribution adaptation even
when target-domain labels are unavailable during training.

BDA introduces a balancing factor A to control the balance between MDD
and CDD:

(3.5) Lgpa = MDD + ACDD,

where A is a hyperparameter used to adjust the influence of marginal and condi-
tional distributions during transfer learning. By adjusting A, the model’s adapt-
ability to distribution differences between the source and target domains can be
controlled. The core idea of BDA is to simultaneously coordinate the optimiza-
tion of MDD and CDD by introducing the balancing parameter A.

3.3. SVM MODEL CONSTRUCTION

SVM is a classic supervised learning method commonly used for binary classi-
fication problems. The SVM classifier was originally introduced by CORTES and
VAPNIK [26], while the kernel trick for nonlinear mapping follows the formulation
proposed by SCHOLKOPF and SMOLA [27]. The core idea of SVM is to maximize
the separation margin between samples from different categories by constructing
a hyperplane, thereby achieving classification. The basic objective is to find an
optimal hyperplane that separates the different categories in the dataset [13].



194 D. CHEN et al.

Although SVM is fundamentally a binary classifier, it can be extended to multi-
class problems using strategies such as one-versus-rest or one-versus-one. In this
study, we employ the one-versus-rest approach for the four-class bearing fault
diagnosis task. Assume that the data points in the dataset are (x;y;), where
x; € R™ denotes the input feature vectors, andy; represents the corresponding
class label. The SVM classification hyperplane can be expressed as follows:

(3.6) d=

where w is the normal vector of the hyperplane, and b is the offset.
For each sample point z;, the distance to the hyperplane is

(3.7)

To maximize this margin while ensuring correct classification, the concept
of a soft margin is introduced to allow certain sample points to lie on or inside
the decision boundary, thereby determining the final position of the classifica-
tion hyperplane. To find the optimal classification hyperplane, SVM solves the
following optimization problem:

1 2
3.8 in
(3-8) min 5 Jw]”,
under the constraints:
(3.9) yi(wlz; +b) > 1, i=1,2,...,n,

where 3 ||wl|? is the regularization term, which prevents overfitting and ensures
that the classifier has good generalization ability.

However, in practical applications, many datasets cannot be well separated
by a single linear hyperplane. To address this issue, SVM introduces kernel func-
tions that map the input data into a higher-dimensional feature space, thereby
achieving linear separability in high-dimensional spaces. Since the radial basis
function (RBF) kernel effectively handles nonlinear classification problems and
exhibits strong classification capabilities in high-dimensional spaces, it is se-
lected as the built-in kernel function for the SVM model in this paper, and its
expression is as follows:

(3.10) K(zizj) = exp(—7 |lz; — 9Uj||2)'

Typically, in SVM, a slack variable &; is introduced to find the optimal hy-
perplane. After introducing the slack variable, the optimization problem can be
reformulated as follows:
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I =
(3.11) min 5 o] +C;€i,

where C' is the penalty parameter that controls the trade-off between margin
maximization and classification error. By adjusting C, a balance can be found
between maximizing the margin and minimizing the classification error. There-
fore, the final decision function of the SVM can be expressed as

(3.12) f(z) = sign Z oy K (zi,2) +b ],
i=1

where «; is the Lagrange multiplier obtained by solving the optimization problem.

3.4. BDA-SVM ROLLING BEARING FAULT DIAGNOSIS STRATEGY

By combining the advantages of BDA and SVM, this study proposes a BDA-
SVM-based rolling bearing fault diagnosis strategy to address fault diagnosis
problems when there is significant feature distribution discrepancy between the
source and target domains. The workflow of the proposed model is shown in
Fig. 1. The white boxes represent the inputs and outputs, while the black boxes
represent the intermediate processes.

| Start |
Open-source bearing vibration signal Diagnostic bearing vibration signals
(with labels) (without labels)

Feature extraction in time-frequency domain

at the same dimension

Source domain feature samples Unlabeled target domain
(with labeles) feature samples

BDA feature layer alignment

(joint edge distribution and conditional distribution)

Source domain feature samples Target domain feature samples
aligned by BDA aligned by BDA

SVM model training SVM model classifier

End

Fic. 1. BDA-SVM fault diagnosis flowchart.
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As shown in Fig. 1, first vibration signals from open-source datasets and
rolling bearing fault vibration signals are acquired. Time-domain and frequency-
domain feature extraction are then performed on these two types of signals.
The extracted time-domain features used in this study typically include the
mean value, variance, skewness, and kurtosis, while the frequency-domain fea-
tures involve frequency components and power spectral density information.
The extracted feature signals are divided into source-domain feature samples
and target-domain feature samples, corresponding to the open-source data and
rolling bearing fault data, respectively. Then, the BDA algorithm is applied
to adjust and transfer the feature distributions of the source and target do-
mains. Finally, the transformed feature data are input into the SVM classifier
to train the fault classification and diagnosis model. The SVM model is then
trained and performs classification on the input target-domain features to identi-
fy different fault types and ultimately complete the fault diagnosis task.

4. EXPERIMENTS AND ANALYSIS

4.1. EXPERIMENTAL SETUP

The experiment uses the MATLAB platform for algorithm development, data
processing and visualization operations. Machine learning models were trained
and tested using MATLAB toolboxes, while signal processing tools were em-
ployed for feature extraction to ensure accurate analysis and processing of the
experimental data. The vibration signals were sampled at 12kHz with a dura-
tion of 1s per sample, resulting in 12000 data points for each signal segment.
Sequential sampling was used without overlap between adjacent segments. To
validate the effectiveness of the proposed method for rolling bearing fault diag-
nosis, the CWRU bearing dataset was used. The CWRU dataset includes four
main fault modes: normal condition, inner ring fault, outer ring fault, and rolling
element fault. The fault category codes are shown in Table 1.

TABLE 1. Bearing dataset fault labels.

Fault type | Fault label
Normal 0

Outer ring 1

Inner ring 2
Roller 3

Inner ring faults manifest as physical damage on the inner race of the bear-
ing, while outer ring faults are associated with damage to the outer race. Rolling
element faults indicate abnormal damage to the balls or rollers. Each fault cat-
egory includes different damage levels (0.007 inch, 0.014 inch, and 0.021inch).
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The data are collected by recording vibration signals during bearing operation
using an accelerometer.

Additionally, the experiment utilizes rolling bearing fault data collected from
actual industrial equipment. These data serve as the target domain to validate
the model’s transferability in real-world industrial applications. The experimen-
tal setup, shown in Fig. 2, employed SKF 6205 deep-groove ball bearings. Faults
were artificially introduced using electrical-discharge machining to create single-
point defects on the inner race, outer race, and rolling elements, with fault diam-
eters of 0.007 inch, 0.014 inch, and 0.021 inch, respectively. Vibration acceleration
signals were acquired using a piezoelectric accelerometer (model: PCB 352C33)
mounted vertically on the drive-end bearing housing. The signals were sampled
at 12kHz using a 16-bit data acquisition system. The experimental setup is
shown in Fig. 2.

Fic. 2. Bearing signal acquisition device.

4.2. TIME- AND FREQUENCY-DOMAIN RESPONSES OF NORMAL
AND FAULTY BEARINGS

The signals acquired by the device are shown in Fig. 3. Figure 3 displays rep-
resentative time-domain signals from both the CWRU dataset and the in-house
collected industrial data to illustrate characteristic waveform patterns: (a) nor-
mal condition, (b) rolling element fault, and (c) inner ring fault are from the
CWRU dataset, while (d) outer ring fault is from the industrial data collected in-
house. The signals acquired by the device are shown in Fig. 3. By comparing dif-
ferent fault conditions, it can be observed that any fault types cause an increase
in the amplitude of the response in the time domain. Under normal conditions,
the maximum amplitude is approximately 0.2mV, while under fault condi-
tions, the maximum amplitude increases by approximately 5 to 40 times, and the
low-frequency harmonic components become significantly more pronounced, in-
dicating the validity of using time- and frequency-domain features for fault char-
acterization.
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F1a. 3. Time-domain signals collected in the experiment: a) normal condition, b) rolling element
fault, ¢) inner ring fault, d) outer ring fault.

To further investigate the frequency components of the signal, we normalized
the frequency-domain features, and the resulting frequency-domain signal is
shown in Fig. 4.

As shown in Fig. 4a, the characteristic frequencies of a healthy bearing are
clearly visible, with the fundamental frequency (0.17) and overtone (0.35) be-
ing prominent, exhibiting a typical frequency modulation phenomenon. This is
related to the time-varying support stiffness characteristics of rolling bearings,
while wide-band frequency characteristics are not prominent. Under rolling el-
ement fault conditions, the amplitude near the characteristic frequency (0.12)
of the rolling elements is significantly higher than that of the fundamental fre-
quency (0.17). Under inner ring fault conditions, the energy is primarily con-
centrated in the low-frequency range, and the fundamental frequency cannot
be identified from the frequency-domain signals. Under outer ring fault condi-
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F1G. 4. Frequency-domain features of signals acquired in the experiment: a) normal condition,
b) rolling element fault, c¢) inner ring fault, d) outer ring fault.

tions, the wide-band frequency characteristics are more pronounced, and the
frequency components of the response are more complex. Although the fun-
damental frequency and its harmonics can be identified, the formation mech-
anisms of other frequency components cannot be inferred. This is because the
outer ring is closer to the sensor, resulting in a more pronounced response to
fault-induced impacts. As shown in Fig. 3d, the fault signals are easier to iden-
tify in the time-domain signals compared with the frequency-domain signals in
Fig. 4d. Therefore, using combined time- and frequency-domain characteristics
as diagnostic indicators is more reasonable.

4.3. VALIDATION OF THE BDA METHOD

In this experiment, the source domain consists of the CWRU dataset un-
der specific operating conditions, while the target domain comprises collected
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under different operating conditions from CWRU and industrial field data, cre-
ating a challenging cross-domain scenario. The dataset composition and division
are as follows. The source domain (CWRU dataset) comprises 800 samples, with
200 samples for each health state (normal, inner ring fault, outer ring fault, and
roller fault). The target domain (industrial field data) contains 400 samples, with
100 samples per category. To ensure the representativeness of the data and to
maintain the class distribution in both domains, we employ a stratified random
sampling strategy to divide the datasets. To achieve effective transfer learning,
70 % of the source domain data (560 samples) was used for training and 30 %
(240 samples) for validation. The target domain data was similarly divided into
a 70 % training set (280 samples) and a 30 % test set (120 samples) to evalu-
ate the model’s performance in cross-domain fault diagnosis. It is important to
note that, during the BDA adaptation process, the labels of the target domain
training set are treated as unknown and are estimated using pseudo-labels gener-
ated by the source domain model. The final diagnostic accuracy is reported based
on the predictions on the target domain test set using the ground-truth labels.

In the BDA algorithm parameter settings, the regularization parameter A is
used to balance the distribution differences and the relationship between the fea-
ture matrices. Its value typically ranges from 0.1 to 1 and is optimized through
experiments to determine the optimal value. The embedding dimension d deter-
mines the dimension of the subspace after feature mapping. A larger dimension
retains more feature information but increases computational complexity. The
optimal dimension is determined through cross-validation in the experiments.
The number of iterations 71" in BDA is set to 100 to ensure minimization of
feature distribution differences.

In actual bearing fault diagnosis, the source and target domain data often
exhibit significant distribution differences, which can lead to poor performance
of traditional models when applied across domains. Therefore, this paper further
optimizes feature transfer effects by adaptively adjusting the feature distribu-
tions of the source and target domains, ensuring better classification perfor-
mance in fault diagnosis in the target domain.

This paper uses the transfer component analysis (TCA) transfer learning
method as an example to compare the performance improvement of the pro-
posed method. Figure 5 shows the visualization results of BDA and TCA before
and after feature transfer.

As can be clearly seen from the classification results in Fig. 5a, before fea-
ture migration, due to the significant differences in data distribution between
the source domain and target domains, data points from different categories
overlap in the feature space, resulting in blurred classification boundaries and
making it difficult to perform effective fault classification. After applying the
TCA method for feature transfer (Fig. 5b), the distribution of sample data from
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F1G. 5. Visualization results before and after feature transfer: a) before feature transfer,
b) after TCA-based feature transfer, c) after BDA-based feature transfer.

different fault categories in the feature space improves, with some categories
beginning to cluster together and distribute more densely. This is because TCA
can reduce the distribution differences between the source and target domains.
However, some categories still overlap in the figure, indicating that TCA has
limited effectiveness in adjusting cross-domain feature distributions. This is be-
cause TCA does not adequately account for imbalances in feature distributions
between the source domain and target domains, resulting in insufficient separa-
tion of some data categories and thereby affecting classification accuracy.
After feature transfer using the BDA method (Fig. 5¢), the data distribu-
tion of the source domain and target domain are significantly optimized. Data
points of different fault categories become more compact and distinct in the
feature space, and the distribution differences between the source and target do-
mains are greatly reduced. BDA achieves this by adaptively adjusting the feature
distributions between the source and target domains, making samples from the
same category to be more consistently distributed across domains while enhanc-
ing the separation between categories. This significantly improves classification
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accuracy and stability. These results indicate that BDA is indeed effective in
cross-domain fault diagnosis, effectively addressing distribution differences and
aiding in resolving the small-sample problem in engineering applications. Fig-
ure 5 visualizes the feature distributions of the source and target domain data.
The original feature space consists of the nine time-frequency domain features
extracted in Sec. 1 (including mean, RMS, skewness, kurtosis, variance, crest
factor, spectral center frequency, and spectral energy). To visualize these high-
dimensional features in a 2D plane, we employ the ¢-SNE (¢-distributed stochas-
tic neighbor embedding) dimensionality reduction method, which is widely used
for visualizing high-dimensional data while preserving the structure of local
neighborhoods.

4.4. PERFORMANCE VALIDATION OF THE BDA-SVM MODEL

To validate the performance of the proposed BDA-SVM model, this pa-
per designed a series of comparative experiments to compare the diagnostic
effectiveness of several traditional classification algorithms, including decision
trees (DT), KNN, and the original SVM. The purpose of the experiment is to
demonstrate the effectiveness of BDA-SVM in handling distribution inconsis-
tency issues through model comparisons and to evaluate its diagnostic accuracy
in actual fault classification tasks. The experimental results are shown in Fig. 6.
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As can be seen from the comparison results in Fig. 6, the traditional DT and
KNN models perform the worst in cross-domain fault diagnosis tasks. Specifi-
cally, the diagnostic accuracy of KNN is only 63 %, while the accuracy of the DT
model is slightly higher at 72 %. The SVM achieves the highest diagnostic accu-
racy, but it still only reaches 76 %. These traditional models cannot effectively
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adapt to the target-domain data without addressing data distribution differ-
ences, resulting in poor cross-domain diagnostic performance. These results in-
dicate that relying solely on traditional machine learning classifiers is insufficient
to address the distribution inconsistency issue in cross-domain fault diagnosis,
resulting in limited classification performance. As shown in the figure, incorpo-
rating BDA into traditional models significantly improves diagnostic accuracy,
fully demonstrating the feasibility of combining BDV with classical machine
learning and further validating the conclusions drawn in the previous section.

In contrast, the proposed BDA-SVM model demonstrates outstanding ad-
vantages in cross-domain fault diagnosis tasks. By introducing the BDA algo-
rithm before the SVM model to adaptively adjust the feature distributions of
the source and target domains, the diagnostic accuracy of the BDA-SVM model
is significantly improved, increasing from 76 % when using SVM alone to over
94 %. This improvement is attributed to the substantial reduction in distribu-
tion differences between the source and target domains after BDA processing,
enabling the SVM to better adapt to the target-domain data. Compared with
the other models, whether it is DT, KNN, or the original SVM, BDA-SVM per-
forms better in cross-domain fault diagnosis. Not only is the accuracy greatly
improved, but the distribution robustness is also inevitably enhanced. These
results indicate that the BDA-SVM model has stronger comprehensive perfor-
mance in practical applications.

It is important to note that the performance ranking between BDA com-
bined with SVM and BDA combined with KNN in our experiments differs from
that reported in earlier comparative studies on laboratory datasets. In those
studies [7], BDA with KNN achieved the highest accuracy because the source
and target data were collected entirely under controlled laboratory conditions.
The transferred features formed compact and well-separated clusters, enabling
KNN to fully leverage its neighborhood-based decision mechanism.

In our work, however, the target domain includes real industrial data char-
acterized by stronger noise, more complex operating conditions, and less consis-
tent local feature density after domain adaptation. Under such circumstances,
KNN becomes more sensitive to irregular neighborhood structures and bound-
ary noise, which reduces its classification stability. In contrast, SVM relies on
margin maximization and is less affected by local density fluctuations, resulting
in higher robustness and better performance, as shown in Fig. 6.

5. CONCLUSION

This paper addressed the distribution differences between the source and
target domains in cross-domain fault diagnosis and proposed a rolling bearing
fault diagnosis strategy based on BDA-SVM. The BDA algorithm effectively
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reduced the distribution differences between the source and target domains at
the feature level, thereby enhancing the model’s generalization capability in
cross-domain applications. The experimental results show that, compared with
traditional machine learning algorithms (such as DT, KNN, SVM, etc.) that do
not introduce transfer learning, BDA-SVM has significant advantages in cross-
domain fault diagnosis tasks, with a significantly improved diagnosis accuracy of
over 94 %, and demonstrating strong robustness and generalization capabilities.

Future research can build upon the existing model to further explore how to
enhance the effectiveness of the method and apply it to more industrial scenarios.
Combining deep learning techniques [23] or other advanced transfer learning
methods [24] can further improve the model’s performance in more complex and
diverse cross-domain fault diagnosis tasks. However, this study still has certain
limitations. In particular, the method’s performance under extreme distribution
shifts requires further investigation. Future work will focus on combining BDA-
SVM with deep feature extraction techniques and extending the approach to
more complex industrial scenarios with multiple fault modes and severe data
imbalance.
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