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ABSTRACT

Rolling element bearings play a crucial supporting role in rotating machines in many manufacturing
processes. The failure of rolling bearings can result in catastrophic damage and human casualties, and their
condition has a direct impact on the safe functioning of rotating machinery. Numerous bearing detection
techniques have been designed to prevent such outcomes and avoid unplanned downtime. Techniques that
have no dependence on the manual selection of attributes or the classifier parameters are still required. In
order to meet this requirement, the current method incorporates the following algorithms: Max Relevance
Min Redundancy (mMRMR) for automated feature ranking, Artificial Neural Network (ANN) for bearing
condition categorization, and Particle Swarm Optimization (PSO) for tuning the ANN hyperparameters,
including the hidden layer size, the number of neurons in each layer, and the learning rate. The performance
of the hybrid model is investigated using different scenarios covering noisy samples and variable rotational
speed. In addition, the performance of the present hybrid technique is compared with a standalone ANN as
well as a hybrid ANN-Bayesian to highlight the strength points in the methodology and identify the scenarios
where the present model performs better. The outcomes demonstrate that this approach can, in a number of
testing scenarios, achieve a very high accuracy percentage and outperforms other comparable models.
Keywords: Condition monitoring, metaheuristic, feature ranking, PSO

1. Introduction

Rotating machinery is employed in modern industrial systems in the chemical industry, electric power, mining,
aviation, etc. The rotating machinery system gets more complicated as science and technology advance [1].
Rolling element bearings cause almost 40% of the mechanical problems in rotating machines [2], [3]. As a
critical component, the rolling bearing is exposed to failure due to constant harshness and complicated loads
[4], [5]. The element rolling bearing failures affect the dependability and stability of rotating equipment systems
and might cause high maintenance costs, safety risk, or tragic events [6]. Thus, rolling element bearing defect
diagnosis is necessary. Many problems in fault diagnostics and classification have been solved by utilizing
machine learning (ML) in the past decades [7]. The quantity and quality of the input characteristics determine
the resilience of the trained model [8]. Feature selection is crucial for machine learning efficacy, diagnostic
speed, and accuracy [9], [10]. Bearing defect diagnostics utilized many feature selection techniques with good
results. Sharma et al. [11] utilized attribute filters to reduce dimensionality and obtain accurate classification
results, while the Laplace score was employed in [12] to select critical features from multiple domains. Imane
et al. [13] combined standard deviation and Random Forest to improve diagnostic robustness. Inadequate or
redundant features can lead to poor classification, increased complexity, and inefficient computation. Van et
al.[14] employed the Maximum Relevance Minimum Redundancy (mRMR) method to eliminate the
unnecessary and duplicate features, allowing for the selection of an ideal subset. This subset significantly
improved the classification accuracy in bearing fault diagnosis. In [15], the combination of the mMRMR
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algorithm and the Random Forest algorithm for feature selection enhances the model performance with the
lowest standard deviation value. The results reveal that this integration improved the accuracy and confirmed
its ability in intelligent fault diagnosis. Thus, effective feature selection is required for building reliable
diagnostic models. Artificial Neural Networks (ANNS) are an effective machine learning approach for handling
complicated issues [16]. The hyperparameters in neural networks play a key role in simulating performance
[17]. It takes a lot of time and effort, mostly based on empirical techniques, to tune these parameters. Moreover,
because there is no theoretical support for this endeavor, the optimization step is neither as visible nor as
interpretable. As a result, tuning and optimization procedures need to be more methodical and efficient to fully
utilize the neural networks in fault diagnosis [18]. A group of researchers utilized heuristic optimization
algorithms for training the neural networks. Unal et al. [19] employed the Genetic Algorithm (GA) to optimize
the structure of the ANN, and the latter is used for classifying the bearing conditions. In [20], the researchers
utilized Bayesian Optimization to optimize the hyperparameters and architecture of the convolutional neural
network. This process enhanced the performance and achieved a classification accuracy of 99.4% in rotating
machinery without human intervention in hyperparameter adjustment. Tian et al.[21] optimized a CNN-LSTM
model for bearing defect identification using hybrid particle swarm optimization (HPSO). This optimization
allows the model to modify parameters to solve nonlinear and complex multivariate optimization problems,
maximizing diagnostic performance. Chen et al [22] have used the Improved Genetic Algorithm and back
propagation neural network (IGA-BPNN) model for bearing defect diagnosis was proposed to tune the weights,
biases, and hyperparameters, and confirmed the effectiveness on the CWRU dataset.

The current technique presents a methodology that combines the mRMR and hybrid ANN for fault diagnosis in
rolling element bearings. The authors aim to achieve several contributions through the following:

1. Proposing a framework including extracting 15 temporal features and ranking them according to their
importance in the classification using mMRMR, and submitting either a subset or all of them to the hybrid
PSO-ANN classifier.

2. Investigate the use of three different training algorithms (Scaled Conjugate Gradient algorithm,
Resilient Backpropagation algorithm, and One Step Secant algorithm) for training the ANN to enhance
the model's accuracy and stability.

3. Validating the methodology by employing two vibration signal sources (CWRU and Wasit University
test rig) bearing datasets to reveal the generalization of the technique across different scenarios of
bearing conditions.

4. The performance of the present methodology has also been compared with a standalone ANN and a
hybrid Bayesian-ANN model, and two other standalone ANN models from the literature for CRWU
datasets.

5. The present technique has also been tested under the use of a noisy testing sample to investigate its
robustness against real-world noise.

The remaining sections of this document are organized below. In Section Il, the materials and methods are
illustrated. Section I11 explains the performance metrics. The results and discussion are presented in Section IV.
In the last section, Section V, the conclusion is given.

2. Materials and Methods
2.1. Datasets

For the data collection stage, a widely used experimental platform and our test rig are provided. The
specifications of the bearing dataset utilized in the two scenarios are clarified below:

Case 1) The well-known datasets of bearing failure from the Case Western Reserve University (CWRU) [23]
were utilized to evaluate our proposed approach. Figure 1 illustrates the experimental platform’s structure, which
includes a 2 HP motor, control electronics, a dynamometer, and an encoder. A 6205-2RSIEMSKF deep-groove
ball bearing was employed in the system. Four kinds of vibration signals, including Healthy (H), inner race fault
(IRF), ball fault (BF), and outer race fault (ORF), were recorded utilizing the acceleration sensors. For every
fault type, three separate fault sizes (0.007, 0.014, 0.021) inches were adopted to reflect varying degrees of fault
severity. Different rotational speed was conducted (1730, 1750, 1772, 1797) rpm. Datasets are splitted into
shorter, non-overlapped segments of 2048 points.
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Figure 1. The CWRU experimental apparatus [24]

Case 2) A test rig has been built in the laboratory of mechanical engineering at Wasit University for the purpose
of conducting the experiments. The test apparatus incorporates a coupling connected bearing shaft to a 1 HP
induction motor with two poles and three phases. In this configuration, the 6308-ball bearing is employed as the
test bearing. Measurements are taken by utilizing an ADXL355 logger accelerometer. The experiments are
carried out at a range of rotation speeds of 605, 1020, and 1500 rpm for four bearing conditions, namely H, IRF,
BF, and ORF. A 0.2 mm defect size was introduced by a wire electrical discharge machine (EDM). The variable
frequency drive is employed to regulate the speed. The datasets were collected utilizing a sampling frequency
of 4 kHz and a data sample of 2048 points. All the experimental apparatus and some of the produced bearing
2.
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Figure 2. (a) Experimental Test Rig, (b) bearing with IRF of 0.2 mm, (c) bearing with BF of 0.2 mm.

In the present approach, twenty percent of the data is employed as an independent testing part, while the rest is
utilized as a training set. The remaining 80% training set is further partitioned into a 60% training part and a
20% validation part using the 4-fold cross-validation scenario. This scenario is commonly utilized to validate
the models, and it involves folding training data into four almost equal portions. In each of the four iterations
of this scenario, one fold is employed as validation data and the other three folds as training data. K-fold cross-
validation creates several training and data sets to ensure the model can handle all the data during multiple
assessment rounds. Thus, the model's generalizability may be calculated more precisely without bias from a
single data split [25].

2.2. Feature extraction and Feature selection

At first, the collected vibration data are divided into training and testing samples. Besides the original data,
additional datasets are generated after adding Gaussian noise with different signal-to-noise ratios to the clean
data. This is useful when testing the method on a noisy sample, as it will be mentioned later. From these clean
and noisy samples, fifteen temporal features are extracted as in Table 1. Features are normalized using the Min-
Max technique to ensure that all features have the same scale [26]. These features are then ranked according to
their importance in classification using the mRMR algorithm. This strategy sorts the obtained features based on
how relevant they are to the categorization step. By plugging a given feature vector fjjinto equation 1, its feature
relevance could be determined [27].

1
fURMR () = T (Y fip) — 75 Zrses T (Fs, fiy) 1)
Where the j" feature of the i is represented by fi;, the mutual information is represented by I (Yi,f;). S is a set of
selected characteristics. |S| number of attributes in S.
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Table 1. Typical Time domain features

Features Equation Features Equation
Standard Peak to
Deviation Peak P=to =P = Xmax = Xmin
Mean Peak value Peak value = max|x]|
i=1 "
_ Crest max|x
Max Max = max (x;) Factor CF = RMS
Shape Shape fact RMS
Min Min = min (x;) ape factor = 37—
' Factor FIL, Ix |
Root Mean RMS — Impulse  mpulse Factor = ¢ max |x |
Square Factor Nzli\lz A
1 N
T o (= w3 /
Skewness Skewness = 1N =1 Mobility Mobility = —Uar(x (t))
(7 ZiL1 (e — w23/ var(x(t))
15 Mobility(x'(t))
. . obility(x'
Variance Variance = —Z(xi - w2 Complexity Complixity = _ .y
N £ Moblllty(x(t))

1 N
N Zl=1(xl - u)z

(&3 — D)2

Kurtosis Kurtosis =

2.3. ANN architecture

ANNSs are a subset of ML algorithms inspired by the way the human brain works. In the human brain, a wide
variety of neurons can be found. Throughout the artificial neural networks' (ANNSs) development process, nodes
connect these neurons. Each node processes data of a certain kind and executes a unique function. Adjusting
the weights of network connections to achieve a specific objective is the responsibility of the learning process
[28]. A basic artificial neural network (ANN) consists of three layers, namely the input layer, which takes in
data as input, the hidden layers, which process that data, and the output layer, which gives the results. A specific
decimal weight is learned by each layer of the neural network to be employed during the learning phase [29].

Before being added to the bias term bj, the inputs to the j"" neuron, denoted as X = [X1, X2, ..., xn], Will be
multiplied by the weights vector Wj = [wj1, Wy, ..., Wjn].
Y= Yiliwix + by 2)

Where Y; stands for the total weight of the input [30]. Figure 3 (a) presents the structure of the proposed ANN
model. In neural networks, the values of hyperparameters significantly affect the performance. The optimal
hyperparameter set applicable for all datasets and models does not exist. Therefore, optimization methods can
be employed to address the hyperparameter optimization problem [31]. In this study, the following
hyperparameters of the neural network (learning rate, number of hidden layers, and neurons in each layer) are
considered to be optimized by utilizing the PSO algorithm. In Table 2, the hyperparameters and their ranges in
the optimization stage are presented.

Table 2. Hyperparameters and their ranges for optimization

Hyperparameters The Ranges
Learning rate (0.001-0.1)
No. of hidden layers (1-3)
No. of neurons (2-100)
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2.4. Particle Swarm Optimization (PSO) algorithm

The Particle Swarm Optimization (PSO) is an algorithm for evolution that was designed based on the social
behavior of flocking birds as its primary source of inspiration [32]. The PSO, like the other evolutionary
algorithms, seeks the best global optimum by starting with initial solutions. It specifically looks at a bunch of
particles as potential answers. Each particle navigates the search space with a certain speed in pursuit of the
optimal solution. A particle's best solution up to this point is donated as pbest. "gbest" refers to the particle that
performs the best out of all pbest. Every particle needs to consider its present location, velocity, and distance to
pbest and gbest if it wants to change its position. The following equation was provided to represent this
adjustment [33]:
t+1
l

vt = wx vl + ¢; X rand x (pbest; — x!) + ¢, x rand X (ghest — xf) (3)

lp+1 — xlF + vt+1 (4)

x i

Here, Vi is the particle i's velocity at t iteration, w stands for the inertia weight, the acceleration coefficients are
ci and ¢y, rand is an arbitrary number between 0 and 1, x| is the particle i's current position at t iteration, pbest;
is the particle i's pbest at t iteration, and gbest is the optimized solution thus far. In the suggested approach, the
values of the parameters w, c1, and c; are selected to be (0.7, 1.5, 1.5), respectively, and the number of particles
is set to [50, 40, 30, 20]. Equation (3) is utilized to obtain the velocities of the article in each iteration. After
that, equation (4) is employed to determine the particle locations. Continuously shifting the positions of the
particles will continue until the halting condition is satisfied. The diagram of the suggested model is presented
in Figure 3 (b).

Vibration signals
v
Input layers Output layers Feature extraction
—  Hidden layers ™ v
Input 1 — = Output 1 Feature selection
p ‘\ P vl v
| o —p 7 Training 80% Testing 20%
nput ‘ / Output 2 v v
Input 3 _», ‘ Training 60% Validation 20%

Output 3 v
Input 4 —>' PSO optimized ANN
Input 5 _V‘

Fault diagnosis
(a) (b)

Figure 3. (a) The architecture of the ANN model, (b) the methodology flowchart.

Output 4

3. Performance metrics

Four common ML assessment metrics were utilized to evaluate the classification results. These metrics assessed
ML algorithm performance. The assessment metrics are accuracy, precision, recall, and F1-score [34]. The
following four equations provide the mathematical notation of these metrics:

TP +TN

Accuracy = TP YFP +TN T FN X 100% 5)
TP
Recall = e 100% (6)
Precision = ——— x 100% @)
TP + FP

F1score = 2 X Precision X Recall % 100% (8)

Precision + Recall
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TP, TN, FP, and FN represent true positives, true negatives, false positives, and false negatives, respectively.
The ratio of the algorithm's correct predictions to its total predictions is called accuracy. By dividing the total
number of positive samples by the number of successfully recognized ones, recall measures the model's ability
to detect positive cases. The accuracy rate of positive class predictions is measured by precision, another
evaluation parameter. Lastly, the F1 score is a measure of the algorithm's accuracy that combines recall and
precision [35].

4. Results and Discussion
4.1. CWRU bearing datasets
4.1.1. Data preprocessing and feature extraction

The first bearing datasets in this study are provided by CWRU. In Figure 4, different types of faults are not
clearly distinguishable in time-domain vibration signal diagrams. Therefore, this data must be subjected to the
classifier during the training process.

Healthy
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o 1 2 3 “o 1 2 3
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Amplitude
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Figure 4. Acceleration bearing vibration signals of the four different conditions.

4.1.2. Feature selection

Table 3 shows the highest-ranked features that appear frequently in datasets belonging to various rotational
speeds. The mobility, complexity, and mean were frequently selected across all rotational speeds.

Table 3. The common features subsets: CWRU case study.

Speed (rpm)
Features 1730 1750 1772 1797
Std . . .
Mean . . . .
Max . .
Min .
Crest Factor .
Shape Factor .
Mobility . . . .
Complexity . . . .

*The features in bold were selected across all speeds
4.1.3.  ANN Hyperparameters tuning based on PSO

Figure 5 shows the convergence curve during the tuning of ANN hyperparameters using PSO for different
particle swarms (20, 30, 40, and 50). The swarm 30 was selected as it converges faster compared to swarm 40
and 50. The maximum iteration for PSO optimization was set as 60; however, the process can reach the target
loss function in fewer iterations. All results are obtained using Matlab software version 2020a.
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Figure 5. The convergence curve of PSO with different swarm sizes at 1730 rpm.

The optimized parameters for all the hybrid PSO-ANN models at different motor speed cases are shown in
Table 4. It can be seen that the classification accuracy is very high in general, and this is applicable as the
training and testing samples were free of additional noise. This agrees with many results in the literature. The
high accuracy provided by the model across different rotational speeds, feature vector lengths, and training
functions reveals the effectiveness of the proposed model for accurate classification of laboratory data.

Table 4. Classification results of CWRU bearing datasets (Swarm 30), top five features.

Speed Optimum Hyper-parameters Evaluation Metrics of ANN Classifier

(rpm) No.of No. of LR Accuracy Precision Recall  Flscore
Layers  Neurons

1730 3 100 0.017 98.94 98.95 98.95 98.95

1750 2 92 0.077 100 100 100 100

1772 2 68 0.072 100 100 100 100

1797 2 88 0.053 100 100 100 100

The performance of the present technique is also evaluated under the presence of noise, where it is trained on a
mixed sample including clean and noisy datasets. These noisy datasets are generated by adding Gaussian noise
at different signal-to-noise ratio (SNR). For the hardest noisy condition (i.e., SNR is 0 and -5 dB), the present
model showed better accuracy in comparison to that obtained from the ANN optimized with Bayesian in a
number of testing scenarios, as in Table 5. It is worth noting that both models were trained and tested on the
same data samples to secure a fair comparison.

Table 5. Classification results of CWRU bearing datasets (noisy)

Scenario (mMRMR+Hybrid Bayesian-ANN) Present Model
RPM=1750, No=10, SNR=0, trainscg 78.52% 84.97%
RPM=1730, No=10, SNR=-5, trainscg 75.05% 78.63%
RPM=1750, No=15, SNR=0, trainscg 95.45% 89.84%
RPM=1797, No=10, SNR=-5, trainscg 69.68% 89.05%

In addition, the present model has outperformed other model configurations in several scenarios, as shown in
Table 6. The percentage accuracy values of the present model were compared to those obtained from Model A
(i.e., mMRMR+Hybrid Bayesian-ANN), Model B (i.e., ANN (200,200)) [36], and Model C (i.e., ANN (18,20))
[37].

Table 6. Scenarios where Present models outperform other models -CWRU bearing datasets

Scenario (RPM,_ I\_lo. of fea_tures, SNR (dB), Model A Model B Model C Present
training function) Model

RPM=1730, No=10, SNR=0, trainscg 74.95% 75.47% 75.37% 85.47%
RPM=1750, No=10, SNR=-5, trainscg 75.13% 69.84% 63.39% 75.77%
RPM=1772, No=10, SNR=0, trainrp 74.81% 73.76% 53.76% 93.23%
RPM=1797, No=10, SNR=-5, trainscg 72.84% 69.68% 88.21% 89.05%
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4.2. Test rig bearing datasets
4.2.1. Feature selection

The test rig bearing dataset is utilized to extract fifteen time domain features from vibration signals. The most
frequently selected top features are shown in Table 7. Root mean square (RMS) was the most popular attribute
across all rotational speeds, demonstrating its usefulness in bearing defect diagnosis. The experimental datasets
are also segmented identically to the CWRU datasets.

Table 7. The common features subsets: Wasit University case study.

Speed (rpm)

Features 605 1020 1500
Mean . R
Max . .
Min . .
RMS . . .
Skewness .
Kurtosis .
Shape Factor .
Mobility . .
Complexity .

4.2.2. ANN Hyperparameters tuning based on PSO

Table 8 shows that the hybrid PSO-ANN has performed exceptionally well in classifying vibration data
collected from the Wasit University test rig at speeds of (605, 1020, and 1500) rpm. Even very shallow to
moderately deep designs may successfully capture fault patterns, as most configurations achieved 100%
accuracy, especially with networks with 1 to 3 hidden layers and 35 to 92 neurons. Confirming the necessity for
adaptive tuning based on network topology, the learning rate fluctuated substantially from 0.001 to 0.1 while
maintaining a consistently high level of accuracy. Most settings were 100% accurate, while some dropped to
98-99%. These decreases may be attributable to inadequate learning rates or network topologies, but still
indicate model reliability.

Table 8. Classification results of experimental bearing datasets (Swarm 30), top five features

Optimum Hyper-parameters Evaluation Metrics of ANN Classifier
Speed No. of No. of
(rpm) ' ' LR Accuracy Precision Recall  Flscore
Layers  Neurons
605 1 35 0.022 100 100 100 100
1020 2 70 0.001 100 100 100 100
1500 3 15 0.006 100 100 100 100

Table 9 provides a comparison summary where the present model outperforms the mRMR-+Hybrid Bayesian-
ANN in a number of scenarios, including very noisy operating conditions.

Table 9. Classification results of Wasit University bearing datasets (noisy).

Scenario(RPM, No. of features, SNR
(dB), training function)

(mRMR+Hybrid Bayesian-ANN)  present model

RPM=605, No=5, SNR=-5, trainscg 48% 49.16%
RPM=605, No=10, SNR=0, trainscg 75.16% 76.95%
RPM=605, No=10, SNR=-5, trainscg 64.32% 67.58%
RPM=605, No=15, SNR=-5, trainscg 51.68% 55.37%
RPM=1020, No=10, SNR=0, trainscg 87.77% 91.49%
RPM=1020, No=15, SNR=0, trainscg 88.94% 95.21%
RPM=1500, No=5, SNR=5, trainscg 99.47% 100%
RPM=1500, No=5, SNR=-5, trainscg 66.49% 72.98%
RPM=1500, No=10, SNR=10, trainscg 99.47% 100%
RPM=1500, No=10, SNR=0, trainscg 90.11% 90.64%
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Although the present model struggles in some scenarios of heavy noise levels, it still outperforms the
performance where the Bayesian algorithm has been used for tuning the ANN hyperparameters. Table 10
captures the optimal hyperparameters for two case studies.

Table 10. The optimal hyperparameters of the ANN for both datasets.

Data source No. of hidden layers No. of neurons Learning rate
CWRU 2 17-100 0.02-0.1
Test rig 1-3 15-92 0.05-0.1

5. Conclusions

This paper proposes a rolling-element bearing fault diagnosis model utilizing the mRMR technique for feature
selection and an Artificial Neural Network (ANN) optimized by Particle Swarm Optimization (PSO). The
accuracy of the present model is tested at different scenarios covering various training functions, the signal
cleanliness by using various signal-to-noise ratios, a variety of machine rotational speeds, and a variety of
feature numbers. It was taken into consideration the use of cross-validation with 4-folds and an independent
testing set in order to enhance the reliability of the model and to minimize the overfitting effect. The results
showed that the training function of the model does not provide much variation in the accuracy. However, the
Scaled Conjugate Gradient algorithm (trainscg) was found to be the best in general. For the case study of the
CRWU datasets, the present model was compared to three other models. It shows better performance in a
number of testing scenarios, including scenarios where the noise level is high. For the case study of the Wasit
University Test rig datasets, the current model provides higher accuracy compared to the accuracy of another
model that uses MRMR with hybridized Bayesian—ANN in a number of scenarios. Despite those scenarios
where the present model shows better accuracy, it still has some limitations and requires further investigation,
which can be conducted in another work by the authors.
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