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Abstract: Motor fault diagnosis is an important task in the operational monitoring of electrical ma-
chines in manufacturing. This study proposes an effective bearing fault diagnosis model for electrical
machinery based on machine learning techniques. The proposed model is a combination of three
processes: feature extraction of signals collected from the motor based on multi-resolution analysis,
fast Fourier transform, and envelope analysis. Next, redundant or irrelevant features are removed
using the feature selection technique. A binary salps swarm algorithm combined with an extended
repository is the proposed method to remove unnecessary features. As a result, an optimal feature
subset is obtained to improve the performance of the classification model. Finally, two classifiers,
k-nearest neighbor and support vector machine, are used to classify the fault of the electric motor.
There are four input datasets used to evaluate the model performance, and UCI is the benchmark
dataset to verify the effectiveness of the proposed feature selection technique. The remaining three
datasets include the bearing dataset collected from experiments, with an average classification accu-
racy of 99.9%, as well as Case Western Reserve University (CWRU) and Machinery Failure Prevention
Technology (MFPT), which are public datasets with average classification accuracies of 99.6% and
98.98%, respectively. The experimental results show that this method is more effective in diagnosing
bearing faults than other traditional methods and prove its robustness.

Keywords: bearing fault diagnosis; feature extraction; feature selection; machine learning; salp
swarm algorithm

MSC: 68W50

1. Introduction

Rotating machinery is one of the most important types of equipment in industry today.
Due to harsh environments, some important parts such as bearings often fail, which has a
great impact on the overall operation [1]. Rotating machine failures most commonly occur
on rolling bearings [2], and they may not only cause motor failures [3] but there may also
even be concerns about work safety. Rolling bearing failures account for 41% of rotating
machinery failures [4]. Therefore, bearing fault diagnosis models have attracted more and
more attention from researchers. How to solve motor failures and avoid accidents has
become a very important issue. In this study, feature selection plays the role of extracting
features from the original signal obtained from the induction motor, and then uses feature
selection to screen out the best feature subset, Finally, the classification accuracy is obtained
by using a classifier.

The purpose of feature extraction is to extract useful signals as features from the
original current signal obtained by the induction motor, but the original current signal
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contains a lot of noise. The filtered features will change the classification accuracy. Many
feature selection methods are widely used, such as multi-resolution analysis (MRA) [5], fast
Fourier transform (FFT) [6], envelope analysis (EA) [7], empirical mode analysis (EMD) [8],
and Hilbert–Huang transform (HHT) [9]. MRA was proposed by Mallat et al. and is
a recursive filtering feature selection method that calculates the wavelet decomposition
of the signal based on the finest scale approximation of the signal [10]. FFT is a feature
extraction method often used in fault diagnosis. It is mainly used for the analysis and
design of discrete signal processing. [11]. EA can obtain the upper envelope and lower
envelope of the signal through extreme value sampling and signal reconstruction [12].
This study combines three feature extraction methods: MRA, FFT, and EA. MRA uses
the coefficient vector of discrete wavelet transform (DWT) to analyze the original signal
and extract time domain features. In addition, it extracts frequency domain features from
the signal analyzed by FFT and then uses EA to reorganize the extracted features into
feature sets. The feature set generated through feature extraction usually still contains
redundant features, especially in high-dimensional feature sets [13], which will affect the
final classification and lead to a decrease in accuracy. Therefore, the role of feature selection
in the next stage will be crucial.

There are three common approaches in feature selection methods. The filter approach
is a method of calculating distances and error rates between features to score or rank them.
This approach has the advantage of calculating and capturing important characteristics of
the feature. Commonly used methods are Relief [14], minimum redundancy and maximum
relevance (mRMR) [15], and correlation-based feature selection (CFS) [16]. The wrapper
approach typically uses optimization algorithms to find the optimal feature subset by
training a new model for each subset, so they are computationally intensive. Several swarm
algorithms belonging to the wrapper approach have been applied in feature selection, such
as the salp swarm algorithm (SSA) [17], particle swarm optimization (PSO) [18], gray wolf
optimizer (GWO) [19], whale optimization algorithm (WOA) [20], and genetic algorithm
(GA) [21]. Each method has its distinct characteristics. Among them, SSA was proposed by
Mirjalili et al. The main axis is the behavior of salps looking for food, which pumps water
into the body as the driving force for propulsion [17]. Although SSA has few parameters
and operators and a simple structure, when the leader falls into the local optimum, it
will cause the followers to have the same reaction, resulting in a decrease in the ability to
search for food [17]. This is the foundation of the proposed feature selection method in this
study. Embedded approach is a method that combines the wrapper and filter approach to
exploit the strengths of each method. Based on the embedded approach method, this study
proposes a feature selection method that combines SSA and extended repository (ER) to
eliminate redundant and irrelevant features by comparing new solutions with solutions
already stored in the extended repository to maintain diversity among the salps. At the
same time, the mechanisms for updating new positions of individuals in the swarm are
improved using the mRMR method and operators of the GA.

In addition to feature selection, feature classification is also an important stage in
bearing fault diagnosis. The best feature subset selected by feature selection is used by
the classifier to evaluate the classification accuracy. Machine learning applications include
many classifiers, such as k-nearest neighbor (KNN), support vector machine (SVM), random
forest (RF), domain adaptation (DA), naive Bayes (NB), and decision tree (DT). KNN is an
easy-to-understand and widely used technology in machine learning [22], and SVM can
make decisions and has good generalization capabilities in a smaller dataset [23] Therefore,
this study uses two classifiers, KNN and SVM, for application.

From the above analysis, a bearing fault diagnosis model is proposed with three main
parts. A new feature selection method is proposed based on binary salps combined with an
extended repository (BSSA-ER) and new mechanisms to update the positions of individuals
in the swarm to find an effective feature subset in the subsequent classification process. The
core goal of this study is to develop a model for bearing fault diagnosis. The key points are
explained as follows:
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1. In the feature extraction stage, three feature extraction methods, MRA, FFT, and EA,
are used to effectively extract features from the original signal to form a feature set.

2. A proposal for a feature selection method for BSSA with an extended repository,
which is beneficial to maintaining racial diversity.

3. This study validates the proposed model through four datasets. The results show that
the SVM classifier is more suitable for this model than the KNN classifier.

2. Feature Extraction Methods

This section introduces three feature extraction methods for extracting time domain
and frequency domain features from induction motor current signals, namely EA, MRA,
and FFT. The feature extraction process is shown in Figure 1. The original signal was
analyzed using methods EA and MRA. Ten statistical feature parameters in the time
domain are calculated from the upper envelope and lower envelope. There are 50 statistical
features extracted from approximation coefficients and detail coefficients of the MRA. In
addition, there are 50 statistical features in the frequency domain calculated from the
spectrum of the approximation coefficients and detail coefficients. Table 1 shows the feature
statistics used by the characteristic parameters in the time domain and frequency domain,
which are maximum value (Max), minimum value (Min), mean value (Mean), mean square
error (Mse), and standard deviation (Std), respectively.
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Table 1. Mathematical expression for each feature in feature selection.

Features
MRA

d1 d2 d3 d4 d5
a1 a2 a3 a4 a5

FFT
d1 d2 d3 d4 d5
a1 a2 a3 a4 a5

EA

Max F1, F2, F3, F4, F5
F6, F7, F8, F9, F10

F11, F12, F13, F14, F15
F16, F17, F18, F19, F20 F101, F102,

Min F21, F22, F23, F24, F25
F26, F27, F28, F29, F30

F31, F32, F36, F34, F35
F36, F37, F38, F39, F40 F103, F104,

Mean F41, F42, F43, F44, F45
F46, F47, F48, F49, F50

F51, F52, F53, F54, F55
F56, F57, F58, F59, F60 F105, F106,

Mse F61, F62, F63, F64, F65
F66, F67, F68, F69, F70

F71, F72, F73, F74, F75
F76, F77, F78, F79, F80 F107, F108,

Std F81, F82, F83, F84, F85
F86, F87, F88, F89, F90

F91, F92, F93, F94, F95
F96, F97, F98, F99, F100 F109, F110

2.1. Multi-Resolution Analysis

The primary concept of MRA involves identifying the coefficient vector of the discrete
wavelet transform (DWT) to analyze the original signal [24] The original signal can be
decomposed by the scaling functions, φ(t), and the wavelet functions, ψ(t), into several
approximation coefficients, Aj, and detail coefficients, Dj, as expressed by (1), where φ(t)
and ψ(t) are defined as (2) and (3):

x(t) = ∑
k

Aj0,k φj0,k(t) + ∑
j

∑
k

Dj,kψj,k(t) (1)

φj,k(t) =
√

2j φ(2jt − k) (2)

ψj,k(t) =
√

2jψ(2jt − k) (3)

Choosing the correct mother wavelet is crucial as it has a significant impact on the
usefulness of the extracted signal features [25,26]. This study uses detail coefficients d1 to
d5 for feature extraction.

2.2. Fast Fourier Transform

In Discrete Fourier Transform (DFT) engineering, FFT is an implementation method [27]
in which the calculation process is simplified. It is easier to obtain frequency domain signals
by performing bearing time domain FFT transformation. Therefore, frequency domain
signals are more suitable for fault diagnosis than original signals. [28] In order to acquire
the frequency domain signal, FFT analyzes the time domain signal, x(t), and converts it
into the frequency domain, f, of a limited number of frequency lines [29]. The calculation
process of FFT is shown in Equation (4). The detail coefficients d1 to a5 represent the input
of the FFT, as shown in Figure 1.

Y(k) =
N−1

∑
n=0

e−j2π f n/N x(t) (4)

2.3. Envelope Analysis

In envelope analysis, upper and lower envelopes extract the maximum and minimum
boundaries of a signal and identify peaks and valleys to create upper and lower envelopes.

These envelopes represent the overall change in signal amplitude. The upper envelope
marks the peak amplitude, and the lower envelope represents the troughs.

3. The Feature Selection Method

This section proposes a feature selection method—BSSA-ER. This method is based on
two operating mechanisms: (1) updating the salp position according to the feature weight;
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and (2) updating the salp position based on genetic calculation. The main goal is to remove
redundant features to improve the classification accuracy of the model.

3.1. Binary Salp Swarm Algorithm

Feature selection is performed by converting features into 0 and 1. In other words,
each salp position value changes from 1 to 0 to represent that the corresponding feature
is not selected, and from 0 to 1 to represent that the corresponding feature is selected.
Therefore, the position of each salp is converted into a binary during initialization. The
equation is shown in (5).

→
X

t+1

id =

{
1,
0,

if randi > 0.5
othrewise

(5)

SSA divides the group into leaders and followers. The role of the leader salps is to lead
the followers to search for food, which is the most important link in the entire algorithm. If
there is no leader in the group, the rest are followers. The leader’s process of searching for
food is represented by (6).

x1
j =

{
Fj + c1((ubj − lbj)c2 + lbj), c3 ≥ 0.5

Fj − c1((ubj − lbj)c2 + lbj), c3 < 0.5
(6)

x1
j and Fj in the jth dimension represent the positions of the leader and food source,

ubj is the upper limit of the jth dimension, and lbj is the lower limit of the jth dimension. c2
and c3 are randomly selected numbers in the range [0, 1]. c1 is an indispensable parameter
in the algorithm, used to balance exploitation and exploration [30]. The equation is shown
as (7).

x1
j = c1 = 2e−( 4t

T )
2

(7)

where t represents the current iteration, and T is the maximum number of iterations. The
position update equation of the follower salp is shown in (8)

x1
j = xi

j =
1
2
(xi

j + xi−1
j ) (8)

3.2. Updating the Salp’s Position Based on Feature Weights

This study proposes a salp position update method based on feature weights, using
max-relevance and min-redundancy (mRMR) to calculate the correlation. This algorithm
considers the correlation of features with class labels and feature redundancy between
selected features [31]. Before proceeding, it is necessary to confirm the Hamming distance,
S, between the current position of the salp and the group’s optimal solution. Hamming
distance refers to the proportion of positions where two binary vectors are different. Cal-
culating the Hamming distance between two vectors involves two steps: (1) calculating
the two binary vectors using XOR, and (2) calculating the number of 1 s in the resulting
vector [32]. If half of the Hamming distance is greater than the difference threshold, θ, the
update method is started. In this method, the θ threshold is set to one-quarter of the feature
length. If the condition S/2 < θ is reached, it means that the current position of the salp is
approaching F, and the different positions of the salp will be adjusted according to their
weight considerations. In roulette selection, if a feature has a higher weight, the probability
of being selected is higher, and there is a certain chance that a feature with a lower weight
will be selected. This is to ensure racial diversity.

3.3. Updating the Slap Position Based on Genetic Operators

Genetic algorithms are computational models of the biological evolution process,
which imitates Darwinian biological evolution selection and genetic mechanisms to find the
optimal solution [33]. Crossover operation can search new areas in space search, thereby
enhancing search capabilities, maintaining the diversity of the group, and avoiding falling
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into local optimality. Genetic operators randomly generate a solution race at the beginning,
select two solutions as parents, and generate new solutions through crossover mutation.
The quality of the parent will affect whether a good solution is produced. To exploit the
advantages of GA, this study applies two GA operators, crossover and mutation, in the
position updating process. Each location is considered an optimal solution. This will
increase the diversity of the population, meaning the algorithm can extend the search space,
combined with a refinement process using extended memory to eliminate new locations
that overlap with old values. This method is expected to bring greater efficiency in the
process of finding the best optimal solution. In addition, this study uses a three-point
crossover operation to enable the roulette wheel to select the parent., cutting the solutions
at three random points and swapping them with each other to get two new solutions. The
mutation operator works by making random changes to the solution, which helps generate
new offspring and avoids the population being too similar.

3.4. The Proposed BSSA-ER Method

This study proposes a feature selection method—BSSA-ER. The main purpose of this
method is to store all known solutions in the repository. When iterating, the ER stores the
solutions, which will be compared with each new solution of the salp. If the solutions in
the repository are the same as the new location of the salp, the update mechanism will be
triggered. During the process, the new solutions will be confirmed using the extended
repository to ensure that the new solutions the approach differs from previously evaluated
solutions to avoid excessive computational costs. In addition, combining BSSA and ER
will effectively avoid the problem of falling into local optimality and improve the search
capability of this method. To avoid falling into an infinite loop, setting the ρ threshold
improves the proposed method. Because a dataset has fewer features, the number of
solutions will be relatively small, resulting in more time to confirm suitable solutions. In
this study, all datasets use ρ = 100 to verify the effectiveness of the proposed method.

This study uses a k-nearest neighbor classifier, the number of nearest neighbors, k = 3,
and 10-fold cross-validation to evaluate each salp. Nearest neighbors, k, is calculated using
Euclidean distance. The equation is shown in (9).

f itness =
NTrue

NTrue + NFalse
× 100% (9)

Finally, the proposed method, BSSA-ER, is completed. The flow chart of BSSA-ER is
shown in Figure 2, and the details are as follows:

Step 1: Set the parameters (the number of salp N, maximum iteration T).

Step 2: Initialize the population of
→
Xi in the salp.

Step 3: Construct an extended repository, ER.

Step 4: Evaluate the fitness value of
→
Xi initial salp swarm.

Step 5: Obtain the food sources, F, from the salp swarms.
Step 6: Update the position of the leader’s salp.
Step 7: Update the position of the followers’ salp.
Step 8: Check whether half the Euclidean distance is less than the difference threshold

θ. If “Yes”, go to Step 9 for feature weighting. Otherwise, go to Step 10.

Step 9: Update salp position
→
Xi based on feature weights.

Step 10: Check if the salp is the same as the solution in the augmentation repository. If
“Yes”, go to Step 11. Otherwise, go to Step 14.

Step 11: Perform crossover operation.
Step 12: Check if the salp is the same as the solution in the augmentation repository. If

“Yes”, go to Step 13. Otherwise, go to Step 15.
Step 13: Check whether the number of program runs exceeds the ρ threshold. If “Yes”,

go to Step 14 for mutation operation. Otherwise, go back to Step 11.
Step 14: Perform mutation operation.
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Step 15: Update the ER and re-evaluate the suitability of the salps in their new position.
Step 16: Check whether t has reached the maximum number of iterations. If “Yes”,

end the iteration. If “No”, iteration will continue.
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4. The Bearing Fault Diagnosis Model

This study proposes a motor fault diagnosis model, which can be divided into three
stages: obtaining the original signal through feature extraction, then finding the best feature
subset through feature selection, and finally using a classifier to evaluate the classification
accuracy. The model process is shown in Figure 3. The three stages are explained below:
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Stage 1: Feature extraction. At this stage, the three methods of MRA, FFT, and EA
are combined to extract features from the original signal:MRA extracted 50 features, FFT



Mathematics 2024, 12, 1718 8 of 17

extracted 50 features, andEA extracted 10 features. Finally, a total of 110 features were
captured in this stage.

Stage 2: Feature selection. At this stage, a fault diagnosis model, BSSA-ER, is proposed.
This method can effectively filter out redundant features and select the optimal feature
subset, thereby improving classification accuracy.

Stage 3: Classifier. At this stage, two classifiers, KNN and SVM, are used. The KNN is
one of the machine learning methods. After calculating the distance using the Euclidean
distance, it determines the constant k value for voting to evaluate to which category the k
(nearest neighbors) belong. SVM is often used in classification research to find a hyperplane
solution. The hyperplane has a maximum margin and is located between two different
categories. Finding the hyperplane solution means finding the optimal solution [34].

5. Experimental Verification and Results

To verify the proposed motor fault diagnosis method, this study uses four different
datasets and divides them into four cases for explanation, which are explained as follows.

Case study 1: The UCI benchmark dataset is used to verify the search capability of the
proposed feature selection method. The proposed method is compared with three different
feature selections, namely BSSA, BWOA, and BGWO.

Case study 2: In this case, the motor bearing dataset is selected to verify the search
capability of the model. The original current is obtained from the induction motor. The
comparison method is the same as case study 1.

Case study 3: The search capability of the model is verified using the benchmark
dataset provided by CWRU. In this case, other published methods are used to compare
with the proposed fault diagnosis method.

Case study 4: To verify the robustness of the proposed model, this case uses the
benchmark dataset provided by the MFPT Association and compares it with other known
methods.

Figure 4 briefly describes the process of evaluating the effectiveness of the proposed
model and its importance.
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5.1. Case Study 1: UCI Benchmark Datasets
5.1.1. Description of the Datasets

UCI datasets can be used for training and evaluation of motor fault diagnosis models,
so this case study uses six UCI datasets, namely BrestEW, WaveformEW, Sonar, Vote,
Vehicle, and HeartEW. The detailed information on the 6 UCI datasets is shown in Table 2.
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Table 2. The message of the UCI benchmark datasets.

Datasets Features Instances Classes

BreastEW 30 569 2
WaveformEW 40 5000 2

Sonar 60 208 2
Vote 16 300 2

Vehicle 18 94 5
HeartEW 13 270 2

In the feature selection method using the optimization algorithm, the solution is a
sequence of binary numbers, where bit 1 represents selected features and bit 0 stands for
unselected features. The length of the binary string is equal to the total number of original
features. Therefore, in this study, the optimal solution is the position of the individuals in
the swarm. As positions change, new solutions will emerge. The evaluation of solutions is
performed by the fitness function of the optimization algorithm. Table 3 details the best
optimal feature set of BSSA-ER on the six UCI datasets. The criteria for selecting the best
optimal feature subset are based on the best accuracy value (fitness value) and the lowest
number of selected features. For the BreastEW dataset, BSSA-ER selected 16 features. This
means that the proposed feature selection method can remove 46.6% of the redundant
features compared to the original feature sets, WaveformEW, Sonar, Vote, Vehicle, and
HeartEW: 32.5%, 41.6%, 37.5%, 38.8%, and 46.2%, respectively.

Table 3. Details of the best optimal feature subset of BSSA-ER on 6 UCI datasets.

Datasets Best Accuracy Number of Feature Feature Index

BreastEW 95.42% 16
F2, F3, F6, F11, F12, F15, F16,

F19, F21, F23, F25, F26, F27, F28,
F29, F30

WaveformEW 83.66% 27

F1, F2, F3, F4, F5, F6, F7, F8, F9,
F10, F11, F12, F13, F14, F15, F16,
F17, F19, F21, F29, F30, F31, F36,

F37, F38, F39, F40

Sonar 87.98% 35

F1, F3, F4, F7, F9, F10, F11, F12,
F13, F15, F16, F22, F23, F24, F26,
F30, F31, F32, F33, F34, F37, F38,
F39, F43, F44, F46, F48, F49, F50,

F51, F54, F55, F58, F59, F60

Vote 95.67% 10 F3, F4, F5, F7, F8, F9, F11, F12,
F13, F14

vehicle 73.4% 11 F1, F2, F3, F5, F6, F7, F9, F10,
F14, F15, F18

HeartEW 86.67% 7 F3, F7, F9, F10, F11, F12, F13

5.1.2. Comparison with Other Feature Selection Methods

The results of comparing the proposed method with BSSA, BGWO, and BWOA are
shown in Table 4. The tables are evaluated based on three criteria: accuracy, number of
features, and operating time. Each experiment is executed 30 times. Although the fitness
value of the proposed method is 0.59% lower than BWOA in sonar, it is higher than other
methods in the datasets of BreastEW, WaveformEW, vote, and vehicle. Among them, the
dataset of HeartEW is 2.9% higher than BSSA and is the best.
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Table 4. Compare with three other methods.

Datasets
BSSA BGWO BWOA The Proposed Method

Avg. Fit.
(%)

Avg.
No. F.

Avg. Fit.
(%)

Avg.
No. F.

Avg. Fit.
(%)

Avg.
No. F.

Avg. Fit.
(%)

Avg.
No. F.

BreastEW 95.04 18.75 95.09 20.35 95.05 12.65 95.23 19.4
WaveformEW 82.85 32.4 83.21 31.2 82.91 33.55 83.35 28.7

Sonar 86.01 40.65 81.92 40.15 87 34.5 86.41 40.56
Vote 95 9.5 95.38 9.45 95.13 7 95.66 10

vehicle 66.76 11.65 68.3 11.4 67.66 8.4 68.9 11.63
HeartEW 82.78 7.3 84.52 7.66 83.15 5.9 85.68 7.33

For each dataset, the results of the better algorithm are bolded. Avg. Fit.: Average Fitness; Avg. No. F.: Average
Number of Feature.

The BSSA-ER uses WaveformEW, sonar, and vehicle datasets in the feature number
part, which are 3.7, 0.09, and 0.02 less than BSSA, respectively. Among them, the Wave-
formEW dataset is even smaller than the other three methods. However, the BreastEW,
Vote, and HeartEW datasets are 0.65, 0.5, and 0.03 more than BSSA, respectively. Although
the proposed method failed to reduce the average number of selected features in terms of
the average number of features, it has the best average accuracy.

Finally, although the proposed method failed to achieve the best results in terms of
running time, it was 9.8 s, 16.5 s, 1.9 s, and 27.7 s lower than BSSA and BWOA on the
BreastEW and WaveformEW datasets, respectively. Figure 5 shows a comparison of the
average operating times of the methods using UCI data. In conclusion, the proposed
method has better search capabilities than the other three methods.
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5.2. Case Study 2: Motor Dataset of Current Signal
5.2.1. Description of the Dataset

The original signal obtained from the induction motor was used in this case study.
Figure 6 shows the laboratory equipment, which included an induction motor (2 HP, 4 poles,
380 V, 60 HZ), a data miner (NI PXI-1037), a servo motor (FUKUTA), an oscilloscope, and a
personal computer. In addition, the hardware specification of the computer used in this
work was a personal computer with Windows 10 operating system, Intel(R) Core i5-6500
CPU @ 3.20 GHz, and 16.0 GB RAM. The software used in the resulting simulation was
MATLAB 2017-a version. The original signal measured from the motor is affected by the
environment, so it is usually full of noise. To conform to the actual situation encountered,
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this case adds different levels of Gaussian white noise to the original signal. Signal-to-
noise ratio (SNR) is a standard for noise levels, with ∞ dB representing no noise and 0 dB
representing maximum noise. Figure 7 shows a bearing inner ring square hole failure.
There are three different fault types of square holes in the bearing inner ring. The inner ring
square hole comprises three fault sizes, namely 0.53 mm × 0.53 mm, 0.53 mm × 1.24 mm,
and 0.53 mm × 1.96 mm.
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5.2.2. Comparison with Other Feature Selection Methods

The best feature subsets after feature selection are stored in the dataset, and then to
KNN and SVM, respectively. The purpose of this case is to evaluate the search capabilities
and stability of the proposed method. The average accuracy of the KNN classifier is shown
in Table 5. The proposed method has the best accuracy of 99.28% under both ∞ dB and
30 dB noise. Under 20 dB noise, the accuracy of the proposed method is higher than that of
BSSA (0.03%) and BWOA (0.04%), respectively, and only lower than BGWO (0.17%). Under
10 dB noise, the accuracy of the proposed method is higher than BSSA (0.17%) and BWOA
(0.16%), respectively, and only lower than BGWO (0.19%). Under 0 dB noise, the accuracy
of the proposed method is higher than BSSA (0.31%) and BWOA (0.01%), respectively, and
only lower than BGWO (0.1%). The average accuracy of the SVM classifier is shown in
Table 6. Under 30 dB, 20 dB, and 0 dB noise, the proposed method has the best results,
which were 92.05%, 79.4%, and 55.6%, respectively. Under ∞ dB noise, the accuracy of
the proposed method is only 0.05% lower than BWOA. Under 10 dB noise, the accuracy
of the proposed method is only 0.3% lower than BGWO. This shows the robustness of the
proposed method, except for noise of 10 dB. Tables 5 and 6 compare the results. The results
of the employed SVM classifier under different noise conditions are better than those of
the employed KNN classifier. Therefore, this case is suitable for using the SVM classifier.
Figure 8 shows the average operating times of the four methods under different noise
levels. Among all the methods, BGWO has the longest operating time on every dataset.
The average operation time of BSSA-ER is less than 8.4 s, 9.6 s, 5.2 s, 10.9 s, and 2.6 s than
that of BSSA, which means that this method takes less time to calculate and reduces the
calculation cost compared to BSSA. In this case study, the feasibility of the proposed fault
diagnosis model is verified; in addition, according to the experimental results, the SVM
classifier is more applicable for the study of this case than the KNN classifier.
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Table 5. The average accuracy by using the KNN classifier.

Methods
Average Accuracy (%)

∞ dB 30 dB 20 dB 10 dB 0 dB

BGWO 97.5 89.94 78.27 64.95 53.45
BWOA 99.68 89.59 77.98 64.6 53.34
BSSA 96.98 90.03 77.97 64.59 53.04

Proposed 99.28 90.44 78.1 64.76 53.35
The results of the better algorithm are bolded.
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Table 6. The average accuracy by using the SVM classifier.

Methods
Average Accuracy (%)

∞ dB 30 dB 20 dB 10 dB 0 dB

BGWO 99.85 92.9 79 65.4 54.95
BWOA 99.95 92.05 79.35 65 53.85
BSSA 99.8 92.8 79.2 63.75 55.55

Proposed 99.9 92.95 79.4 65.1 55.6
The results of the better algorithm are bolded.

5.3. Case Study 3: CWRU Benchmark Dataset
5.3.1. Description of the Dataset

This study uses the CWRU benchmark dataset to verify the proposed fault diagnosis
model. CWRU is a benchmark dataset provided by Case Western Reserve University. Its
experimental equipment includes a 2 HP induction motor, a load motor, and a torque
sensor. Test motor faults are divided into three types: inner race, outer race, and outer race.
Each bearing failure is EDM-machined into three different sizes: 0.007-inch, 0.014-inch, and
0.021-inch in diameter. This study divides this dataset into ten categories, one category
under normal circumstances, and three categories each for the inner circle, outer circle, and
sphere. The number of samples in each class is 100, with a length of 1200 sample points for
each sample. The detailed information and classification are shown in Table 7.

Table 7. CWRU benchmark dataset classification method.

Fault Location Loads
(hp)

Defect
Diameters

(Inches)
Samples Classes

Normal 0 100 1

Inner race 0
0.007 100 2
0.014 100 3
0.021 100 4

Ball 0
0.007 100 5
0.014 100 6
0.021 100 7

Outer race 0
0.007 100 8
0.014 100 9
0.021 100 10

5.3.2. Comparison with Other Feature Selection Methods

Li et al. proposed a random window sampling (RWS) method to extend the dataset to
avoid data and overfitting [35]. Li et al. applied LMD to decompose the bearing vibration
signal into multiple product functions (PF) and then extracted the multi-scale permutation
entropy (MPE) of the main PF. To complete automatic fault classification, an improved
binary tree based on a support vector machine was proposed (ISVM-BT) [36]. An et al.
proposed a supervised feature extraction method based on sparse expression and mapping
sample features to feature domains through effective transformation [37]. In this case, the
proposed model is compared with models published in the last five years. The proposed
models use KNN and SVM classifiers, respectively. The results are shown in Table 8. The
proposed model achieved 99.5% accuracy using KNN and 99.4% accuracy using SVM.
Although in the comparison of accuracy, the results obtained by the other three methods
are higher than the proposed model using KNN and SVM, they are better than the accuracy
of FMCNN using SVM. The results show that the proposed model has good classification
ability and is suitable for motor fault diagnosis.
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Table 8. The proposed model compared with the known studies using the CWRU dataset.

Models Classes Accuracy (%) Public Years

RWS [28] 10 99.9 2023
ISVM-BT [29] 10 99.9 2020
FMCNN [30] 10 98.8 2019

BSSA-ER-KNN 10 99.5
BSSA-ER-SVM 10 99.6

5.4. Case Study 4: MFPT Benchmark Dataset
5.4.1. Description of the Dataset

The MFPT used in this case is a benchmark dataset commonly used for fault diagnosis,
including three different fault types: baseline condition, outer ring fault condition, and
inner ring fault condition. The input shaft speeds were all 25 Hz. The baseline load was
270 pounds, and vibration data were captured at a sampling rate of 97,656 Hz for 6 s.
Vibration data were captured for outer ring failure and inner ring failure at a sampling rate
of 48,828 Hz for 3 s, with loads of 0, 50, 100, 150, 200, 250, and 300 pounds, respectively. The
data were finally classified into three classes. The details of the MFPT benchmark dataset
are shown in Table 9.

Table 9. MFPT benchmark dataset classification method.

Fault Location Load (Pound) Samples Classes

Baseline 270 200 1
Inner race 0/50/100/150/200/250/300 350 2
Outer race 0/50/100/150/200/250/300 350 3

5.4.2. Comparison with Other Feature Selection Methods

In this case, the proposed motor fault diagnosis model is compared with models
published in the last five years. Li et al. proposed a network architecture search method
(RL-NAS) with fault diagnosis ability, search space, search efficiency, and multi-working
condition performance [38]. Yuan et al. proposed a deep neural network model based
on a combination of CNN and SVM for the fault diagnosis of rolling bearings [1]. Sun
et al. used Gaussian modulated linear group delay (GLGD) to propose a second-order time
redistribution multi-synchronous squeezing transform (STMSST) to obtain time–frequency
images with high resolution [39]. Table 10 shows the comparison results between the
proposed model and the other three fault diagnosis methods. The accuracy of this model
using the KNN classifier is 98.45%, and the accuracy using the SVM classifier is 98.98%. The
proposed method uses the SVM classifier more effectively than the other three methods.
From this case, the SVM classifier is more applicable for use in this study.

Table 10. The proposed model is compared with known studies using the MFPT dataset.

Models Classes Accuracy (%) Public Years

RL-NAS [31] 3 96.86 2023
CNN-SVM [32] 3 98.89 2020

STMSST [33] 3 98.67 2020
BSSA-ER-KNN 3 98.45
BSSA-ER-SVM 3 98.98

In summary, the proposed model combined with the SVM classifier is a simple,
highly effective, and competitive diagnostic model compared to the state-of-the-art models.
However, some existing problems of the proposed model need to be extended and studied
further, such as calculation time and assessment of the overfitting problem when using
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SVM. In addition, the process of building the input dataset for this study also depends on
the experience of the expert.

6. Conclusions

This study proposes an efficient model that uses a combination of three feature extrac-
tion methods: MRA, FFT, and EA to extract 110 features from the original signal. In the
feature selection stage, a method combining BSSA-ER is proposed to eliminate redundant
and irrelevant features to achieve more effective feature selection. Finally, KNN and SVM
classifiers were used to classify the selected features for feature selection, and then the
four datasets were divided into four cases to evaluate the search capability and stability
of the proposed model. In case study 1, the UCI benchmark dataset was used to evaluate
the effectiveness of the proposed model. Compared with the other three methods, the
proposed method had better search capability. The results show that it is highly competi-
tive compared to traditional techniques and can be applied in many fields. Case study 2
used the original signal obtained by the induction motor to evaluate the proposed model.
To conform to the actual situation encountered, Gaussian white noise was added. The
proposed method used the SVM classifier to obtain the best accuracy under different white
noise levels and had excellent running times in both the BSSA and BGWO methods. In case
study 3, the CWRU benchmark dataset was employed, comparing the proposed model
with four other models. The proposed model obtained 99.4% accuracy by applying the
SVM classifier. In case study 4, using the MFPT quantity set to compare with the other three
models, the proposed method obtained an accuracy of 98.98% using the SVM classifier. To
summarize, the proposed model achieved better results using the SVM classifier than using
the KNN classifier. In addition, the competitiveness of the proposed model was compared
with previously published models using the same public dataset. Therefore, the proposed
model can be applied in motor fault diagnosis, but there is still room for improvement in
running time.
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