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Abstract: Deep learning methods based on neural network models have been widely
applied to bearing fault classification. Although they can achieve high accuracy, they also
come with significant complexity. Bearing faults often generate impact vibrations, which
produce regular fault characteristic peaks on the envelope spectrum. This paper utilizes
the differences in frequency and intensity of the envelope spectrum characteristic peaks
under different bearing fault conditions as fault features. By combining these features
with the simple and efficient Naive Bayes classifier for fault diagnosis, the algorithm
complexity is reduced from the perspective of feature extraction and fault identification.
The proposed method was validated using bearing fault data from the Case Western
Reserve University (CWRU) dataset and the Machinery Fault Prediction Technology (MFPT)
dataset. The results show that the method can classify bearing faults and achieve accurate
diagnostic results. The average diagnostic accuracy for the four groups from these two
datasets was 99.90% and 99.65%, respectively. The Naive Bayes classification algorithm was
compared with classic algorithms in terms of classification accuracy and classification time.
Additionally, the algorithm was compared with recent bearing fault diagnosis methods
using the CWRU dataset in terms of algorithm complexity. The complexity of the proposed
algorithm is only O(N(2280)), which is lower than that of other bearing fault diagnosis
methods, where N represents the number of fault samples. This demonstrates that the
method significantly reduces algorithm complexity while ensuring accuracy, improving
diagnostic efficiency, enhancing the timeliness of real-time industrial bearing fault diagnosis,
and reducing hardware setup and operating costs.

Keywords: bearings fault; envelope spectrum; Hilbert demodulation; naive Bayes

1. Introduction
The development of rotating mechanical equipment is moving towards refinement and

complexity, with increasing demands for reliability. Due to the complexity of its working
conditions and harsh operating environment, its parts are prone to damage. Even minor
faults during operation can lead to the failure of components or the entire system and,
in severe cases, can cause destructive damage and major accidents. Therefore, efficient,
fast, and accurate assessment and identification of the health status of rotating mechanical
equipment is crucial for improving its safe and reliable operation [1].

Rolling bearings are the core components of rotating machinery, and their reliability
in operation is crucial for the accuracy and service life of the entire machine [2]. Bearing
failures can lead to abnormal working conditions, resulting in a series of vibration impacts
and shock attenuation responses. The collected vibration signals of bearings exhibit a certain
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degree of non-stationarity and periodic impact characteristics. Therefore, in engineering
practice, signal processing methods are often used to identify and extract fault characteristic
components from the vibration signals of rolling bearings to achieve condition monitoring
and fault diagnosis of the bearings.

In practical applications, bearing fault diagnosis is mainly conducted using vibration
signals. The process of rolling bearing fault diagnosis based on vibration signals can be divided
into two steps: feature extraction and fault recognition. Since it is challenging to extract features
directly from raw signals that can differentiate between different defective states and normal
states of bearings, vibration analysis techniques, including time domain analysis, frequency
domain analysis, and time–frequency domain analysis, are employed to address this issue [3].

Time domain analysis is based on analyzing the characteristics of a signal over time.
We can reveal the signal’s dynamic behavior and characteristics by observing features such
as the waveform, amplitude, and frequency as the signal changes over time. Frequency-
domain analysis transforms a signal into a series of discrete frequency components, making
it easy to analyze. The signal is called the signal spectrum after transforming characteristic
frequency components for fault analysis. Standard frequency domain analysis methods
include peak spectrum analysis [4] and envelope spectrum analysis [5]. Time–frequency
domain analysis methods simultaneously study the characteristics of signals in both the
time and frequency domains. This enables a more comprehensive understanding of the
dynamic properties of the signal and reveals its changing patterns in time and frequency.
There are many time–frequency domain analysis methods, such as wavelet analysis [6,7],
Wagner–Ville distribution, and variational mode decomposition (VMD) [8,9].

Fault recognition, also known as fault pattern recognition, involves extracting informa-
tion containing equipment fault characteristics from historical fault data. A fault diagnosis
model is established by training on historical feature information using machine learning,
deep learning, and other methods. Subsequently, the model identifies and diagnoses equip-
ment by inputting test samples into the trained fault diagnosis model. Commonly used
methods include the K-Nearest Neighbor (KNN) [3], random forest (RF) [10], Support Vec-
tor Machine (SVM) [11–13], Naive Bayes (NB), convolutional neural networks (CNN) [14],
Long Short-Term Memory (LSTM) [15], and recurrent neural networks (RNNs) [16,17].

With the advancement and development of technology, fault diagnosis methods are
constantly evolving. Kaya et al. [18] suggested using continuous wavelet transform CWT
and convolutional neural networks to predict the bearing fault size diagnosis based on deep
transfer learning algorithms (DTL) and time–frequency images. Roy et al. [10] proposed an
autocorrelation-assisted feature extraction method, which extracts the top-ranked feature
vectors through dimensionality reduction and sends them to a random forest classifier
for rolling bearing fault diagnosis. Li et al. [19] use VMD to decompose vibration signals
into band-limited intrinsic mode functions (BLIMF), extract high-dimensional feature
vectors using a high-dimensional common space pattern filter, and perform fault diagnosis
using a random forest classifier. These methods achieve high-precision fault diagnosis by
extracting more features or using more advanced classification algorithms. However, the
complexity of the algorithms is gradually increasing. This requires more storage space,
more computational resources, and more computation time, leading to an increase in
hardware setup and operating costs.

M. Alonso-González and colleagues proposed a new approach for bearing fault di-
agnosis using envelope analysis and machine learning methods in 2023 [3]. This method
aims to detect bearing faults with minimal observational data and features, achieving
high diagnostic accuracy while reducing computational complexity. The process achieved
high accuracy by combining frequency-domain vibration analysis with envelope analysis
and leveraging the overlap of fault harmonics and characteristic frequencies. The Kernel
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Naive Bayes model achieved an accuracy of 94.4%, while the Decision Tree (Fine Tree)
and KNN (Fine KNN) models achieved a perfect accuracy of 100% [3]. This demonstrates
that frequency domain vibration analysis, especially when using envelope analysis, is the
optimal technology for detecting bearing faults. However, it is noted that this method
cannot diagnose faults related to the ball, as the harmonics of rolling element faults do not
overlap with characteristic frequencies. As a result, the technique achieves a three-class
fault diagnosis for healthy status, inner race faults, and outer race faults.

Considering the above facts, this paper proposes a bearing fault diagnosis method
based on vibration envelope spectrum features. Only the frequency and intensity (fai)
of the fault characteristic peaks in the envelope spectrum are used as features, thereby
reducing the variety of features. Meanwhile, the simple and efficient Naive Bayes algorithm
is employed as the classifier to reduce the fault recognition time, ensuring accuracy while
lowering algorithm complexity. In this study, evaluation is conducted using bearing fault
data from both the CWRU dataset and the MFPT dataset. Firstly, the vibration signals
of the bearings are demodulated using the Hilbert demodulation method to obtain the
envelope spectrum. Next, multiple peaks and their frequencies are extracted from the
envelope spectrum as fault features. Finally, a simple and efficient Naive Bayes classifier is
utilized to classify the fault features and obtain diagnostic results.

2. Diagnosis Mechanism and Frequency Characteristics of Bearing Faults
Rolling bearings generally consist of inner rings, outer rings, balls, and retainers. Dur-

ing the operation of mechanical equipment, assembly errors, component failures of inner
and outer ring balls, and localized deterioration can all lead to vibrations in the bearings.

The failure modes of rolling bearings can be classified into two categories: surface
damage and local wear. The latter is a progressive failure, which is far less harmful than
surface damage. Therefore, the focus of bearing failure diagnosis is on surface damage. The
types of surface damage failure of rolling bearings mainly include outer race fault (ORF),
inner race fault (IRF), and ball fault (BF).

Excluding the influence of structural and environmental factors, there are two main
reasons for generating vibration in rolling bearings. The first is due to the high-frequency
inherent vibration frequency caused by the elastic factor of the bearing itself [20]. The
second is due to faults or damage inherent in the bearing components, manifested as impact
vibration, with the frequency referred to as the bearing’s intrinsic frequency [21]. It should
be noted that the first form of vibration will inevitably occur during the bearing operation.
In contrast, the second form of vibration only appears after a fault occurs, with each fault
exhibiting different vibration characteristics.

The actual vibration is a nonlinear superposition of vibrations from the bearing and
surrounding components, making the vibration characteristics much more complex than the
analysis above. Electromagnetic interference from sensors and measurement circuits in the signal
acquisition system can also affect the measured vibration signal, resulting from the complex
interaction of multiple factors. Figure 1a–d shows vibration signals of different operating states
for a fault diameter of 0.007 inches under 0 hp at a speed of 1797 rpm in the CWRU Dataset.

From Figure 1a–d, it can be seen that the vibration signal of the rolling bearing exhibits
periodic variations and significant non-stationary characteristics. In the normal state, the
bearing mainly shows a combination of inherent and mechanical system vibration, with
small signal amplitudes and a characteristic of periodic decay. When a fault occurs in the
bearing, the rolling elements generate impact excitation as they pass through the defective
area, resulting in distinct impact modulation characteristics in the vibration signal, with the
interval between impacts being related to the type of fault. Furthermore, the peak values of
vibration signals for different fault types vary due to differences in the energy of impact
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excitation and the paths through which the energy reaches the sensor. As a result, the
vibration characteristics produced at the sensor location are also different.
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Figure 1. Vibration signals of (a) healthy (H), (b) ball fault (BF), (c) inner race fault (IRF), and (d) outer
race fault (ORF).

Figure 1a–d illustrates vibration signals from different conditions. It can be observed
that the pulse nature of the ball fault signal in Figure 1b is lower compared to other faults
and resembles the signal of the healthy state depicted in Figure 1a. Although the amplitudes
of the inner race fault signal in Figure 1c and the outer race fault signal in Figure 1d are
higher than that of the healthy state, these two signals are similar. This complicates direct
fault diagnosis through vibration signal analysis.

3. Method
In this work, vibration signals were obtained from both healthy bearings and bearings

with different faults. By utilizing vibration analysis techniques, the fault classification of
rolling bearings was achieved. The schematic flowchart of this method is shown in Figure 2.
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3.1. Signal Processing

In vibration signal processing, in addition to directly extracting the instantaneous
amplitude, phase, and frequency of the vibration signal, the Hilbert transform can also
demodulate the signal to obtain information about the interference and distortion of the
signal’s instantaneous attributes. Moreover, it can indicate the changes in frequency ampli-
tude over time and extract some time–frequency characteristics that cannot be obtained
using other methods [22].



Appl. Sci. 2025, 15, 2240 5 of 14

When a bearing is faulty, the vibration signal spectrum often contains a lot of low-
frequency noise interference. Through demodulation, the fault characteristic components
modulated at high frequencies are demodulated to low frequencies, reducing low-frequency
interference and improving the signal-to-noise ratio. In this work, the Hilbert transform
is used to implement envelope demodulation of the signal, obtaining the envelope signal
after filtering. The envelope signal retains the oscillating parts of the original signal and
includes harmonics at the fault frequency.

The principal steps are as follows:
Step 1: Perform the Hilbert transform on the vibration signal y(t):

∧
y(t) = 1

π

∫ a
−∞

y(τ)
t−τ dτ

= 1
π

∫ a
−∞

y(t−τ)
τ dτ= y(t)× 1

πt

(1)

Here,
∧
y(t) is the envelope-demodulated signal obtained through convolution integra-

tion, and 1/πt is the impulse response of the convolution integration.
Step 2: Construct the analytic signal s(t) of y(t):

s(t) = y(t) + j
∧
y(t) (2)

Here, j
∧
y(t) is the imaginary part of the analytic signal.

Step 3: The envelope signal Y(t) of the Hilbert transform of the signal y(t):

Y(t) =

√[
y(t)

]2
+

[
∧
y(t)

]2
(3)

Step 4: After filtering the signal Y(t) and performing a fast Fourier transform (FFT),
the envelope spectrum of the original signal y(t) can be obtained, from which characteristic
information can be extracted.

Figure 3a–d shows the envelope spectra of vibration signals in different operating
states with a speed of 1797 rpm, a fault diameter of 0.007 inches, and 0 hp in the CWRU
Dataset. It can be observed from Figure 3a–d that there are significant differences in the peak
values and corresponding frequencies of the envelope spectra for different operating states.
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3.2. Feature Extraction

Feature selection is an essential task in any classification problem because the perfor-
mance of a classification model depends on the appropriate selection of features. Impact
vibrations caused by faults typically form characteristic peaks on the envelope spectrum,
and the intensity and corresponding frequencies of these peaks reflect the fault type and
severity. The intensity of a feature peak refers to the peak value of the envelope spectrum,
while the frequency of a feature peak corresponds to the frequency at which the peak value
occurs in the envelope spectrum. Both the intensity and frequency of feature peaks can be
obtained simultaneously.

Compared with widely used feature indicators in mechanical fault diagnosis, including
mean value (mea), variance (var), kurtosis (kur), skewness (ske), and root mean square
(rms). Using the CWRU and MFPT datasets of bearing faults, we evaluate fault diagnosis
with different indicators as fault features using the Naive Bayes classifier.

Figure 4 presents the accuracy of fault diagnosis using different indicators as fault
features across two datasets. In the CWRU dataset, the accuracy of the var, kur, rms, and
fai feature indicators can all reach 90%, with fai achieving the highest accuracy at 99.6%.
In the MFPT dataset, only the kur and fai feature indicators achieve 90% accuracy, with
both reaching a high accuracy of 100.0%. Considering the diagnostic accuracy across both
datasets, fai emerges as the most effective fault feature indicator.
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In this study, traversing the global envelope spectrum plot to identify multiple char-
acteristic peaks would significantly increase the computational workload. Through calcu-
lation, the characteristic frequencies of faults in the ball, outer race, and inner race were
determined to be 70.58, 107.36, and 162.19 Hz, respectively. Therefore, this study chose the
envelope spectrum plot up to 200 Hz as the target for searching for fault characteristics.
Four peak values and their corresponding frequencies extracted from the envelope spec-
trum are considered fault features, as shown in Figure 5a–d, arranged in ascending order
of frequency. This feature extraction approach has a much lower algorithmic complexity
than standard methods such as wavelet packet transform, principal component analysis,
singular value decomposition, etc.
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3.3. Naive Bayes Classifier

The Naive Bayes method is a classification approach based on Bayes’ theorem and
the assumption of conditional independence. It has good physical interpretability, and
the diagnostic model is easy to implement. Compared to other classification algorithms,
the Naive Bayes classifier is simple, robust to noise, has high parameter stability, strong
overfitting handling capabilities, and boasts high learning and diagnostic efficiency. It
requires very little storage space and has low computational cost [23]. By using it for fault
diagnosis, the algorithm’s complexity can be effectively reduced, diagnostic speed can be
increased, the timeliness of real-time industrial bearing fault diagnosis can be enhanced,
and hardware setup and operating costs can be minimized.

The Naive Bayes classifier assumes that the feature variables are conditionally indepen-
dent given the class and each feature variable. Yi is only related to the class variable C. Let
U = {Y1, Y2, · · · , Yn, C} be a finite set of discrete random variables, where Y1, Y2, · · · , Yn

represent the fault feature variables, yi denotes the value of the fault feature Yi, and the
fault type C takes values from {c1, c2, . . . , cm}.

A faulty bearing sample X = {y1, y2, . . . , yn}, where {y1, y2, . . . , yn} are the fault
feature values. According to Bayes’ theorem, the probability that this sample belongs to the
fault class ct is

p(ct|y1, y2, · · · , yn) =
p(y1, y2, · · · , yn|ct)p(ct)

p(y1, y2, · · · , yn)
(4)

Here, p(ct|y1, y2, · · · , yn) represents the posterior probability of predicting fault
class ct, p(y1, y2, · · · , yn|ct) is the conditional probability of having fault feature values
{y1, y2, . . . , yn} given fault class ct, p(ct) is the prior probability of fault class ct, and
p(y1, y2, · · · , yn) is the prior probability of fault feature values. The posterior probability
reflects the impact of sample data on fault class ct.

Since p(y1, y2, · · · , yn) is constant for all fault classes, when p(y1, y2, · · · , yn|ct)p(ct)

is maximized, p(ct|y1, y2, · · · , yn) is maximized. The prior probability is

p(ct) =
Nct

N
(5)

where t = 1, 2, · · · , m; N is the total number of training samples for bearing faults. Nct is
the number of samples in the training set belonging to the fault class ct.
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On the premise of mutual independence among various fault characteristic values
y1, y2, . . . , yn, the conditional probability is defined as

p(y1, y2, · · · , yn|ct) =
n

∏
i=1

p(yi | ct) (6)

Here, p(yi | ct) represents the conditional probability of fault characteristic value yi

under fault class ct, which can be calculated from the training samples as

p(yi | ct) =
Nyi

ct

Nct

(7)

Here, Nyi
ct represents the number of samples in the training dataset where fault class ct

and fault characteristic value yi coccur. If Nyi
ct = 0, then the probability is

p(yi | ct) =
1/N

Nct + Nyi /N
(8)

The probability p(ct|Y) that a fault sample belongs to a particular fault class ci within
fault type C can be obtained through Equations (4) to (5). If the probability of belonging
to a certain fault class is maximum, then the bearing fault sample is classified into this
particular bearing fault class.

4. Experimental Results and Analysis
The performance of this method was evaluated on the CWRU dataset [24] and the

MFPT dataset [25].

4.1. Experimental Datasets

CWRU Dataset:
The CWRU dataset from Case Western Reserve University is a standard dataset for

bearing fault diagnosis. The data was collected using a bearing vibration test rig, which
includes a 2-horsepower motor, torque sensor/encoder, power meter, and electronic control
equipment. Single-point damage faults were introduced on the outer race, inner race, and
balls of the bearing through electrical discharge machining. The damage diameters are
0.007, 0.014, and 0.021 inches, respectively. Accelerometer sensors were installed on both
the fan end (FE) and the drive end (DE) to collect vibration signal data. The sampling
frequency for FE was 12 kHz, while for DE, it was 12 kHz and 48 kHz.

The experimental data selected for this experiment were sampled at a frequency of
12 kHz, with a fault diameter of 0.007 inches, a load range of 0 to 3 hp, and selected bearing
conditions of H, BF, IRF, and ORF located at the 6 o’clock position. The CWRU dataset
underwent sliding window processing, with a window size of 2048 and a step size of 400,
resulting in approximately 4 × 299 samples.

MFPT Dataset:
The MFPT dataset comes from the public bearing dataset of the Mechanical Failure

Prevention Technology Society. This dataset contains vibration signals under different
operating conditions, including inner race faults, outer race faults, and normal conditions.
Vibration data for normal conditions was collected using a test rig with NICE bearings at a
270 lb load and a sampling rate of 97,656 Hz, with a sampling time of 6 s. Seven datasets
for outer race faults were collected, with load variations of 25, 50, 100, 150, 200, 250, and
300 lbs, at a sampling rate of 48,828 Hz and a sampling time of 3 s. Seven datasets for inner
race faults were collected with load variations of 0, 50, 100, 150, 200, 250, and 300 lbs, at a
sampling rate of 48,848 Hz and a sampling time of 3 s.
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The experimental data selected for this experiment are as follows: since the vibration
signals of bearings in a healthy state are generally smooth and less affected by load, the
distribution of vibration signal data collected under different loads can be considered
approximately equal. In the experimental design, all healthy state samples are selected
under 270 lb with a sampling rate of 97,656 Hz. Vibration data for outer race fault and
inner race fault are generated with a sampling rate of 48,828 Hz and loads of 150 lb, 200 lb,
250 lb, and 300 lb, respectively, for 3 s, forming four datasets. The MFPT vibration data
was processed using a sliding window of 2048 steps with a stride of 400, resulting in
approximately 3 × 362 samples.

We utilized 80% of the samples as the training set to train the model and the remaining
20% as the test set to validate the model’s performance.

4.2. Evaluation Criteria

The confusion matrix is a tool used to evaluate the performance of a classification
model, helping to understand the types of errors that occur during prediction. It consists of
four parts: true positives, true negatives, false positives, and false negatives.

The performance of fault diagnosis results is evaluated based on three statistical
parameters, namely accuracy (Acc), sensitivity (Sen), and specificity (Spe) [12], which are
calculated from the respective confusion matrices of each classification result.

Acc(%) =
TP + TN

TP + TN + FP + FN
× 100 (9)

Sen(%) =
TP

TP + FN
× 100 (10)

Spe(%) =
TN

TN + FP
× 100 (11)

where true positive (TP) and true negative (TN) represent the number of cases correctly
classified, while false positive (FP) and false negative (FN) represent the number of cases
incorrectly classified.

4.3. Analysis of Experimental Results

The selected fault features are input into the Naive Bayes classifier for bearing fault
classification, thus completing the entire process of bearing fault diagnosis.

4.3.1. Experimental Results on the CWRU Dataset

Figure 6a–d presents the confusion matrix of bearing faults in the CWRU dataset using
the proposed method.

The performance of bearing fault classification is shown in Table 1, with the classifi-
cation accuracy reaching 99.58% for the 1st hp and 100.00% for the other three sets. The
average accuracy is 99.90%, the average sensitivity is 99.90%, and the average specificity
is 99.97%.

Table 1. Evaluation of fault detection results in CWRU.

Dataset Acc (%) Sen (%) Spe (%)

0 hp 100.00 100.00 100.00
1 hp 99.58 99.58 99.86
2 hp 100.00 100.00 100.00
3 hp 100.00 100.00 100.00

average 99.90 99.90 99.97
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The performance of bearing fault classification is shown in Table 2. The average
accuracy is 99.65%, the average sensitivity is 99.65%, and the average specificity is 99.89%.
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Table 2. Evaluation of fault detection results in MFPT.

Dataset Acc (%) Sen (%) Spe (%)

150 lb 100.00 100.00 100.00
200 lb 99.53 99.54 99.85
250 lb 100.00 100.00 100.00
300 lb 99.08 99.07 99.69

average 99.65 99.65 99.89

4.3.3. Comparison of Fault Diagnosis Using Different Classification Algorithms

To validate the simplicity and efficiency of the Naïve Bayes algorithm, accuracy and
classification time were compared using CWRU 0 hp data and MFPT 150 lb bearing data
against machine learning and deep learning algorithms, as shown in Figure 8. Fault diagno-
sis algorithms include random forest (RF), Support Vector Machine (SVM), convolutional
neural network (CNN), convolutional neural network combined with Bidirectional LSTM
(CNN-BiLSTM), Back Propagation (BP), and Long Short-Term Memory (LSTM).
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From Figure 8, it can be observed that in the CWRU dataset, the accuracy of various
classification algorithms reaches 99%, with LSTM, RF, and NB achieving a high accuracy
of 100%. On the MFPT dataset, CNN and BP achieve an accuracy of 99.58%, while other
algorithms achieve 100% accuracy. However, NB exhibits the shortest diagnostic time,
significantly lower than all algorithms except SVM.
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4.3.4. Analysis of Algorithmic Complexity of Fault Diagnosis Methods

The accuracy and algorithmic complexity of our experimental method were compared
with literature published in the past 5 years that utilized the CWRU bearing database
for fault recognition, as shown in Table 3. Due to the significantly higher algorithmic
complexity of deep learning compared to machine learning, the algorithmic complexity of
fault diagnosis methods based on deep learning is not further detailed here. Moreover, for
facilitating algorithm complexity comparison, the sample size is uniformly set to N.

Table 3. Comparative study of fault diagnosis literature related to the current use of the CWRU.

Model Year Acc (%) Algorithm Complexity

Laplacian Score, SVM [26] 2019 100.00 O(N(6144 + N))
Autocorrelation, RF [10] 2020 100.00 O(N(93 + 20182 + 250log(N)))

wavelet packet transform, RF [22] 2022 100.00 O(N(14,360 + 800Nlog(N)))
VMD, RF [27] 2022 99.67 O(N(4096 + 150log(N)))

envelope analysis, Fine KNN [3] 2023 100.00 O(N(3051))
this method 99.90 O(N(2280))

Table 3 shows that the accuracy of the diagnostic method proposed in this paper is
similar to the accuracy of other algorithms. The algorithm complexity is close to reference [3]
and much lower than other methods. Although the algorithm complexity in reference [3] is
similar to the method proposed in this paper, it is limited to a three-class fault diagnosis for
a healthy state, inner race fault, and outer race fault.

The results above indicate that the diagnostic method proposed in this paper has a high
classification accuracy, significantly reduces algorithm complexity, improves classification
efficiency, and is more suitable for industrial bearing fault diagnosis and maintenance.

5. Conclusions
To respond to the dramatic increase in algorithm complexity while achieving high

accuracy in current fault diagnosis methods, this paper proposes a bearing fault diagnosis
method based on vibration envelope spectrum features. This method utilizes the character-
istic of periodic impact vibrations caused by bearing faults, which typically form periodic
fault frequency peaks on the envelope spectrum. It extracts multiple peak values and
their frequencies from the envelope spectrum as fault features and employs the algorith-
mically simple and efficient Naive Bayes classifier for fault classification. The algorithm’s
complexity in feature extraction and fault recognition aspects is reduced.

The following conclusion is drawn through theoretical analysis and experimental
validation based on the CWRU dataset and the MFPT dataset. Compared to current
bearing fault classification methods based on deep learning, data-driven techniques, etc.,
the proposed method significantly reduces algorithm complexity and computational hp
while ensuring accuracy. It improves classification efficiency and is more suitable for
real-time industrial bearing fault diagnosis. When dealing with complex datasets, such as
variable-speed conditions, the classification performance of the proposed method in this
paper may not be ideal. In such cases, methods that combine multiple classifiers can be
used to further improve the results, which is the focus of our future work.
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