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Abstract: In recent years, intelligent fault diagnosis algorithms using deep learning method have 11 
achieved much success. However, the signals collected by sensors contain a lot of noise, which will 12 
have a great impact on the accuracy of the diagnostic model. To address this problem, we propose 13 
a one-dimensional convolutional neural network with multi-scale kernels (MSK-1DCNN) and 14 
apply this method to bearing fault diagnosis. We use a multi-scale convolution structure to extract 15 
different fault features in the original signal, and use the ELU activation function instead of the 16 
ReLU function in the multi-scale convolution structure to improve the anti-noise ability of MSK-17 
1DCNN; then we use the training set with pepper noise to train the network to suppress overfitting. 18 
We use the Western Reserve University bearing data to verify the effectiveness of the algorithm and 19 
compare it with other fault diagnosis algorithms. Experimental results show that the improvements 20 
we proposed have effectively improved the diagnosis performers of MSK-1DCNN under strong 21 
noise and the diagnosis accuracy is higher than other comparison algorithms. 22 

Keywords: intelligent fault diagnosis; bearing; anti-noise; one-dimensional convolution neural 23 
network  24 

 25 

1. Introduction 26 

Rolling bearings are not only an essential component, but also the main factor leading to system 27 
failures in rotating machinery. 45%-55% of equipment failures are caused by bearing damage [1]. 28 
Every unexpected failure of the bearing may lead to the failure of machine and even entire system, 29 
and result in huge economic losses and a waste of time. As a major problem in the field of fault 30 
diagnosis, the fault diagnosis of rolling bearings has attracted extensive attention from researchers. 31 
The traditional method of bearing fault diagnosis is to analyze the vibration signal collected by the 32 
sensor, and then use the intelligent algorithm to extract the fault characteristics of the signal, and 33 
finally use the classification algorithm to detect fault type. With the rapidly rising of deep learning 34 
and its successful applications in computer vision [2], natural language processing [3], medical image 35 
analysis [4]and other fields, intelligent fault diagnosis algorithms based on deep learning have also 36 
been rapid development in recent years [5,6]. Deep learning algorithms for bearing fault diagnosis 37 
mainly include Autoencoders (AE), Restricted Boltzmann Machines (RBM) and Convolutional 38 
Neural Networks (CNN), etc. 39 

Compared with AE and RBM, convolutional neural networks have advantages in processing 40 
time series data and vibration signals with variable translation characteristics [7], so researchers have 41 
used one-dimensional convolutional neural networks to directly extract fault features from original 42 
signal to classify faults in recent years. T Ince et al. [8] use a one-dimensional convolution neural 43 
network to process the current signal of the motor. The proposed one-dimensional convolution 44 
network is very effective in calculation and can be easily and cheaply implemented on hardware 45 
systems. Levent Eren [9] uses a one-dimensional convolutional neural network to quickly and 46 
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accurately detect motor bearing faults, with an accuracy rate of 97.1%. Wei Zhang et al. [10] proposed 47 
a deep convolutional neural network with a large first-layer convolution kernel (WDCNN). The 48 
proposed method uses original vibration signal as input, uses a large convolution kernel in the first 49 
convolution layer to extract features and suppress high-frequency noise, and then uses small 50 
convolution kernels in next layers of the network to achieve multi-layer nonlinearity mapping, while 51 
using AdaBN to improve the domain adaptability of the model. In another paper, Wei Zhang et al. 52 
[6] proposed a method called TICNN (Convolution Neural Network with Training Interference) for 53 
the problem of a lot of noise and variable operating conditions in the working environment of the 54 
bearing, which directly extracts the fault characteristics from the original vibration signal without 55 
additional data preprocessing. TICNN has made the following improvements: 1) Convolution kernel 56 
dropout is used in the first convolutional layer, 2) Small batch training is used in the optimization 57 
algorithm and ensemble learning is used to improve the stability of the network. 58 

The current one-dimensional fault diagnosis model basically achieves a 100% fault recognition 59 
rate under no-noise conditions, showing the powerful feature extraction ability of convolutional 60 
neural networks. However, most of the currently proposed models do not consider the situation that 61 
the signal contains noise. The signal collected by sensors in the real working environment contains a 62 
lot of noise, which will have a great impact on the accuracy of diagnostic model. Therefore, most 63 
models have not achieved good diagnostic accuracy in the presence of noise. To address this problem, 64 
we propose a one-dimensional convolutional neural network with multi-scale convolution kernels 65 
(MSK-1DCNN). MSK-1DCNN directly acts on original vibration signal, and the feature extraction 66 
and fault classification are realized through the convolutional neural network. MSK-1DCNN has 67 
made the following improvements: 1)Pepper noise is added to the input training data during the 68 
network training stage to increase the complexity of the input signal and improve the network's 69 
ability to extract generalized features; 2)At the front of the network, a single-layer and single-kernel 70 
convolution layer is replaced with two layers multi-scale convolution structure to extract more 71 
diverse fault features; 3) In the multi-scale convolution structure, the ELU activation function is used 72 
instead of the Relu function to improve the anti-noise ability of the network. 73 

The remainder of this paper is organized as follows: in Section 2, a introduction of CNN is 74 
presented. The proposed MSK-1DCNN model is introduced in Section 3. Section 4 presents and 75 
discusses the result from different experimental conditions. A comparison is also made with 76 
proposed method. We draw the conclusions in Section 5. 77 

2.Introduction of Convolutional Neural Networks 78 

The convolutional neural network is a multi-level feedforward neural network, which is usually 79 

composed of three types of layers: convolutional layer, pooling layer and fully connected layer. The 80 

convolutional layer and the pooling layer extract the characteristics of input data through 81 

convolution calculation and down-sampling operations, and then the fully connected layer achieves 82 

classification or regression task. The fully connected layer has the same structure and calculation 83 

method as the traditional feedforward neural network. 84 

1.1 Convolutional layer 85 

The convolutional layer learns the features of input data through convolution calculation. It is 86 

composed of multiple feature maps. Each neuron of each feature map is connected to a local area of 87 

the previous layer of feature maps through a set of weights. This local area is called the receptive field 88 

of the neuron, and this set of weights is called the convolution kernel. By performing convolution 89 

calculation on the input feature map and the convolution kernel, and then transferring the result to 90 

the nonlinear activation function, the next layer feature map is generated. The convolutional layer 91 

uses different convolution kernels to generate different feature maps. A single feature map is 92 

calculated by the same convolution kernel, which is called weight sharing. Weight sharing can reduce 93 
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the complexity of the model and make the network easier to train. The forward propagation of the 94 

convolutional neural network from layer � − 1 to layer � can be expressed by the following formula 95 

[11]: 96 

                               ��
� = � �∑ ��

��� ⋅ ���
� + ��

�
�∈��

�                            (1) 97 

where ��
�  represents the output of the layer � , ��  represents the selected feature map, ��

��� 98 

represents the output of the layer � − 1, ���
� represents the weight of layer �, and ��

� represents the 99 

bias of layer �. 100 

1.2 Activation layer 101 

The activation function is usually used to implement a non-linear transformation on the output 102 

of convolution calculation to obtain a non-linear representation of input data, thereby improving the 103 

feature learning ability of the network. The activation function commonly used in CNN is the 104 

Rectified Linear Unit (ReLU) function, and its calculation formula is [12]: 105 

                                    �(�)���(0, �)���                                  (2) 106 

Where � is the input of activation function. 107 

In order to improve the anti-noise ability of the model, we use Exponential Linear Unit (ELU) 108 

activation function in the multi-scale convolution structure, which can speed up the learning process 109 

and improve the accuracy of the network. Similar to ReLU function, ELU avoids the problem of 110 

gradient disappearance by setting the positive part of the input to be identical. But unlike ReLU, ELU 111 

does not set the negative value to zero, which is beneficial to speed up the learning speed of the 112 

network. And it uses a saturation function in the negative part to make ELU more robust to noise 113 

[13]. Its calculation formula is [13]: 114 

                               �� = �
�� �� ≥ 0

�(���(��) − 1) �� < 0
                              (3) 115 

where ��  is the activation function output value, �� is the activation function input value, and � is 116 

a predefined parameter used to control the saturation value of ELU for the negative input. 117 

1.3 Pooling layer 118 

In the structure of convolutional neural networks, pooling layers are usually inserted between 119 

successive convolutional layers. Its role is to gradually reduce the dimension of the output of 120 

convolutional layer to reduce the parameters and calculations in the network, and also suppress 121 

overfitting and implement secondary feature extraction. The pooling layer is composed of multiple 122 

feature maps, and its feature maps correspond to the feature maps of the previous convolutional 123 

layer one by one without changing the number. The most commonly used pooling methods are 124 

maximum pooling and mean pooling. In this paper, the maximum pooling method is used because 125 

the performance of maximum pooling in one-dimensional time series tasks is better than average 126 

pooling [14]. Its calculation formula is [10]: 127 

                             ��
���(�) = ���

(���)��������
{��

�(�)}                              (4) 128 
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where ��
�(�) represents the output of the �th neuron in the �th feature map of the layer �, � ∈ [(� −129 

1)� + 1, ��] , � is the width of the pooled area, and ��
���(�)  is the pooled value of the 130 

corresponding neuron in the layer � + 1. 131 

3. Proposed MSK-1DCNN Model 132 

3.1 Multi-scale convolution structure 133 

For the time series classification tasks using a one-dimensional convolutional neural network, 134 

the size of convolution kernel has a huge impact on the performance of the network, because part of 135 

the noise in time series cannot be removed by BN, Bias, ReLU and other operators, and it can only be 136 

eliminated by convolution operation of convolution kernel [15]. The traditional one-dimensional 137 

convolutional neural network treats the size of the convolution kernel as a hyperparameter, and uses 138 

a fixed-size convolution kernel in convolution layer, which makes the design of convolution kernel 139 

size a very difficult problem. And the use of this method in prediction and classification tasks is 140 

limited because of the following problems: 1) Large-scale convolution kernels tend to focus on low-141 

frequency regions and have good frequency resolution, but there are not enough convolution kernels 142 

in high-frequency regions, thereby ignoring high-frequency information. In contrast, small-scale 143 

convolution kernel focuses on the frequency band, but the frequency resolution is low. 2) Using 144 

convolution kernels of the same size cannot adequately extract different discriminant features in 145 

original signal [16]. In order to solve the above problems, scholars have proposed multi-scale 146 

convolution. Multi-scale convolution uses multiple filter banks of different scales to extract features 147 

from the original signal, and has been successfully applied in many fields, such as Environmental 148 

Sound Classification [17], Speech Recognition [18], and so on. Inspired by their work, we designed a 149 

two layers multi-scale kernel feature extraction structure (MSK), as shown in Figure 1. 150 
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Figure 1. Multi-scale convolutional structure  152 

In the first layer, MSK uses convolution kernels with a width of 11,53 and 113 (the number is 16) 153 

to extract features from the original data to obtain three different feature maps, and then stitch the 154 

three feature maps together as the output of the first layer. The second layer uses convolution kernels 155 

with a width of 36 and 72 (the number is 32) to continue extracting features from the output of the 156 

first layer, and then the convolution calculation results are stitched together, and finally through the 157 

BN and ELU activation function layer to get the output feature map of MSK. 158 
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3.2 Network structure and parameters of MSK-1DCNN 159 

In addition to the multi-scale convolution structure, the proposed MSK-1DCNN has made the 160 

following improvements to the anti-noise problem. 161 

 (1) The BN layer is added after the convolution layer. The BN layer is usually used before the 162 

activation function of the convolutional layer to readjust the data distribution. Its implementation 163 

steps are described in Algorithm 1[19]. In a sense, γ and β represent the variance and offset of the 164 

input data distribution. For a network without BN, these two values are related to the nonlinear 165 

properties brought by previous layer of the network. After transformation, it is not related to previous 166 

layer and becomes a learning parameter of current layer, which is more conducive to optimization 167 

and does not reduce the ability of network [20]. BN can not only reduce the offset of covariance within 168 

input data and speed up the training process of deep neural networks, but also reduce the 169 

dependence of network on parameter initialization and increase the generalization ability.  170 

Algorithm 1 BN 

Input:  value of x over a mini-batch: B = {��... m}; Parameters to be learned: γ, β 

Output: { �� = ���,�(��) } 

�� =
�

�
∑ ��
�
���                          //mini-batch mean 

��
� =

�

�
∑ (�� − ��)

��
���                 // mini-batch variance 

��
∧
=

�����

���
���

                           //normalize 

�� = ���
∧
+ � = ���,�(��)              //scale and shift 

(2) The ELU activation function is used instead of the ReLU function in MSK structure. ELU 171 

function avoids the problem of gradient disappearance and is more robust to noise, which can 172 

improve the anti-noise ability of network. 173 

 The structure and parameters of MSK-1DCNN are shown in Figure 2. The input of network is a 174 

standardized fault vibration timing signal. The network directly extracts features from original signal 175 

without any other signal processing. MSK-1DCNN model consists of a feature extraction layer and a 176 

classification layer. The front of feature extraction layer is a two-layer multi-scale convolution 177 

structure, followed by a three-layer single convolution kernel convolution layer. The multi-scale 178 

convolution structure can extract different discriminative features from original signal, and the 179 

single-convolution kernel convolution layer can extract more advanced features and deepen the 180 

depth of network to improve the anti-noise ability of model. The classification layer is composed of 181 

two fully connected layers and a softmax layer. The softmax function is used to convert network 182 

output into a probability distribution form that conforms to ten fault states of the bearing. The 183 

formula of softmax is as follows:  184 

                                      �(��) =
�
��

∑������
                                   (5) 185 

where �� represents the normalized probability of output of �th neuron through softmax function. 186 
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Figure 2. Architecture and parameters of MSK-1DCNN 188 

3.3 MSK-1DCNN fault diagnosis model 189 

MSK-1DCNN fault diagnosis model is established in three steps: 190 

（1）Data preprocessing. The original data is cut into a data set according to the resampling 191 

method [21]. The data set is divided into a training set and a test set according to a certain ratio, and 192 

then pepper noise is added to training set, and Gaussian white noise (simulating noise in daily 193 

industrial production) is added to testing set. 194 

（2）Training model. We select Adam optimizer and cross-entropy loss function. The Adam 195 

algorithm is easy to implement, and has high computational efficiency with low memory 196 

requirements [22]. Its optimization performance is better than SDG and RMSprop optimizer. The 197 

cross-entropy function was chosen because it is an entropy-shaped loss function, which is insensitive 198 

to noise and suitable for strong noise environments [23]. The initial value of the learning rate is set to 199 

0.0005 and decreases by 0.0001 every 10 iterations. It does not decrease until the learning rate is 0.0001, 200 

and is fixed at 0.0001. The model is trained on the training set until the loss value is fully converged, 201 

and then stop the iteration and save the trained model.  202 
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（3）Testing model. We use the testing set to test the model and take the average of five testing 203 
results as the final testing result.  204 

4. Experiment 205 

4.1 Data set 206 

The bearing data set is provided by Western Reserve University Bearing Data Center 207 

(https://csegroups.case.edu/bearingdatacenter), and its fault test bench is shown in Figure 3. 208 

 We selected the motor drive end bearing data sampled at 48kHz at 1hp, 2hp, and 3hp. The fault 209 

type of data includes normal, inner ring failure, outer ring failure and roller failure. Each fault 210 

contains 3 fault levels with widths of 0.007, 0.014, and 0.021 inches, so the data set has ten states. 211 

According to the resampling method [22], the original data of ten states are divided. Each sample has 212 

a length of 2048 and a sampling step size of 480. Therefore, each state obtains 1000 samples at 1hp, 2 213 

hp, and 3 hp respectively, and a total of 30,000 samples in ten states of three loads constitute a data 214 

set. We divide 85% of data set into a training set and add pepper noise, and 15% of data set are divided 215 

into a test set and added with Gaussian noise of different SNR. SNR is the signal noise ratio, which 216 

represents the ratio of the power of original signal to noise power, usually expressed in decibels. The 217 

smaller the value of SNR, the stronger the noise. The formula of SNR is as follows: 218 

                                 ���dB=10log
10
�
�signal

�noise
�                                 (6) 219 

where �signal and �noise are the effective power of signal and noise respectively. 220 

 221 

Figure 3. Motor driving mechanical system used by CWRU 222 

4.2 Effectiveness of multi-scale convolution structure 223 

In order to verify the effectiveness of proposed multi-scale convolution structure, we compared 224 

MSK-1DCNN with a network using a single layer with a single convolution kernel. The first layer of 225 

the single-convolution kernel network uses five convolution kernels (widths of 11, 36, 53, 72, and 113, 226 

respectively) in MSK shown in Figure 1 to extract features from original signal. The network structure 227 

after that is consistent with the network structure after multi-scale convolution structure of MSK-228 

1DCNN. The specific parameters of single kernel convolution layer are shown in Table 1. In order to 229 

maintain the consistency of the rest of network structure, we did padding for input data. 230 

The experimental results are shown in Figure 4. It can be seen that compared with the single-231 

layer and single-size convolution kernel, the accuracy of network using a multi-scale convolution 232 

structure at low SNR is significantly improved. This shows that the multi-scale convolution structure 233 
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takes into account both high-frequency region and low-frequency region, and can extract more 234 

diverse discriminative features from original signal and is more robust to noise. At the same time, it 235 

can also be found that the diagnostic accuracy of single convolution kernel networks of various sizes 236 

is obviously different, indicating that the size of convolution kernel will have a significant impact on 237 

the network diagnostic accuracy, and also reflecting the importance of convolution kernel design. 238 

Table 1. Parameters of single-scale convolutional structure 239 

Kernel Size Stride Kernel Number Padding 

11 5 32 0 

36 5 32 9 

53 5 32 18 

72 5 32 27 

113 5 32 48 

 240 

Figure 4. Diagnosis accuracy of multi-scale CNN and single CNN model 241 

4.3 Effect of pepper noise on the performance of network feature extraction 242 

 Salt and pepper noise, also known as impulse noise, is a white and dark spot noise generated by 243 

the image sensor, transmission channel, and decoding processing in the image. Pepper is a black 244 

point (pixel value 0) and salt is a white point (pixel value 225). Generally, pepper and salt noise are 245 

added by randomly changing some pixel values to 0 or 225. When training a Denoising Auto Encoder 246 

(DAE), pepper noise is usually added to the input training data to improve the feature extraction 247 

capability of the autoencoder. This method is realized by randomly setting the input data to 0 with a 248 

certain probability, that is, dropout the input data with a certain probability [24]. Because of the 249 

successful application of this method in DAE, we add pepper noise to training data through 250 

randomly zeroing it with a probability of 0.5. 251 

 We compared the effects of adding pepper noise and not adding pepper noise to training data 252 

on network feature extraction ability (the other structures and parameters remain the same) through 253 

experiments. The results are shown in Table 2. It can be seen that the accuracy of network with noisy 254 

training is higher than that without noise when the SNR is low. It shows that adding pepper noise in 255 
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training set can effectively destroy the original data, make the network learn more essential features 256 

of input data, suppress overfitting and improve accuracy of network under noise. 257 

Table 2. Diagnosis accuracy of noise and no-noise input training models 258 

SNR/db -6 -4 -2 0 2 4 6 8 10 

With noise 92.55% 97.27% 99.03% 99.53% 99.58% 99.64% 99.60% 99.68% 99.72% 

With no noise 61.81% 78.17% 89.01% 95.43% 98.17% 99.19% 99.64% 99.79% 99.87% 

4.4 Activation function 259 

ReLU is the most widely used activation function in neural networks. Its simple operation of 260 

taking the maximum value makes its calculation speed much faster than Sigmoid or tanh activation 261 

function. And it also caused the sparsity in the hidden units and there was no problem of gradient 262 

disappearance. But its operation of zeroing negative values will cause the death of neurons and is not 263 

robust to noise. ELU function retains the advantages of ReLU function, and instead of zeroing the 264 

negative value part, the saturation function is used in negative value part, which makes the ELU 265 

more robust to noise. 266 

We use the ELU activation function in the MSK, and compare it with MSK using ReLU through 267 

experiments. Except for the different activation functions of two networks, the other structures and 268 

parameters remain the same. The results are shown in Figure 5. It can be found that ELU function 269 

performs better than ReLU function at low SNR. It is proved that ELU activation function is 270 

insensitive to noise and has strong anti-noise ability under a strong noise environment. Therefore, 271 

the MSK-1DCNN using ELU function achieves better diagnostic performance at low SNR. 272 

 273 

Figure 5. Diagnosis accuracy of MSK-1DCNN with ReLU or ELU 274 

4.5 Comparison of fault diagnosis accuracy 275 

 In order to verify the effectiveness of proposed MSK-1DCNN fault diagnosis model, we select 276 

WDCNN model proposed by Wei Zhang et al. [10], Stacked Auto Encoder (SAE) and BP neural 277 

network as comparative models. We chose the WDCCNN model for comparison because its accuracy 278 

at low SNR is higher than other one-dimensional convolution models proposed in recent years. SAE 279 

is formed by stacking three autoencoders, and the number of neurons in the middle layer is 800, 200, 280 
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and 50, respectively. The number of neurons in BP neural network is 2048, 1000, 500, 200, 10, and the 281 

Sigmoid activation function and cross-entropy loss function are used. It can be seen from figure 6 that 282 

the diagnostic accuracy of the convolutional structure is significantly higher than SAE and BP neural 283 

network, because the convolutional structure has more advantages in processing one-dimensional 284 

time series data and has stronger noise resistance. The full connection structure of BP neural network 285 

and SAE leads to serious network overfitting, so even if the SNR is high, the diagnostic accuracy of 286 

them is low. The diagnosis accuracy of the MSK-1DCNN fault diagnosis model we proposed at low 287 

SNR is significantly higher than other models, which proves the effectiveness of improvements made 288 

in this paper of bearing faults diagnosis under the noise environment. 289 

 290 

Figure 6. Comparison of diagnosis accuracy 291 

To further demonstrate the performance of proposed MSK-1DCNN model, we use t-SNE (t-292 

distributed stochastic neighbor embedding) algorithm to visualize the output of the last layer of each 293 

model shown above. The output Dimension of each model on testing set is reduced using t-SNE 294 

algorithm when the SNR is -4, and the results are displayed in a two-dimensional space, as shown in 295 

Figure 7. The fault state of original input signal is chaotic and inseparable, for the features are 296 

gathered into a distinguishable state after the feature extraction of each model. It can be seen that the 297 

output features of SAE are poorly aggregated. Although the various features of BP neural network 298 

are gathered together, the features overlap with each other and are not completely separated. The 299 

output of WDCNN and MSK-1DCNN have only a few fault states overlapping, and basically achieve 300 

separation of each fault state. It shows that these two models based on one-dimensional convolutional 301 

neural network have stronger feature extraction capabilities. Moreover, the feature aggregation 302 

degree of MSK-1DCNN is obviously better than WDCNN, which proves that the diagnostic 303 

performance of MSK-1DCNN model under strong noise is better than WDCNN. 304 
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 305 

(a) 306 

 307 

(b)                                    (c) 308 

 309 

(d)                                    (e) 310 

Figure 7. Visualization of the input extracted from the last layer of different test models via t-SNE 311 

method: (a)raw input signals; (b)SAE; (c)BP Neural Network; (d)WDCNN; (e)MSK-1DCNN. 312 

5. Conclusions 313 

Aiming at the problem that current models have low fault diagnosis accuracy under noisy 314 

conditions, we propose a one-dimensional convolutional neural network named MSK-1DCNN. 315 

MSK-1DCNN uses a multi-scale convolution structure to extract different fault features from original 316 

signal and use ELU function instead of the ReLU function in MSK. At the same time, we use a training 317 

set with pepper noise to train MSK-1DCNN. MSK-1DCNN can extract high-efficiency discriminant 318 

features from original signal, and realize high-precision fault diagnosis of bearings under noisy 319 

conditions. According to the experiment, the conclusions of this paper are as follows: 320 

（ 1 ） Through the multi-scale convolution structure, MSK-1DCNN can extract different 321 

discriminative features from original signal, so that it can obtain better diagnostic results at low SNR 322 

than the network using a single-layer and single-convolution kernel network. 323 

（2）Using ELU activation function instead of ReLU function in MSK can effectively improve 324 

the anti-noise ability and increase the diagnostic accuracy of the at low SNR. 325 
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（3）Adding pepper noise to training data during training phase of the network can effectively 326 

destroy the input data, so that MSK-1DCNN can extract more essential features from original data 327 

and improve the generalization ability of network. 328 
（4）The diagnostic accuracy of MSK-1DCNN at low SNR is significantly higher than other 329 

comparison models. The diagnostic accuracy at SNR is -6 is 92.55%, and the diagnostic accuracy at 330 
SNR is -4 is 97.27. Moreover, the diagnostic accuracy at higher SNR is also higher than other models. 331 
Compared with other models, MSK-1DCNN has better anti-noise performance. 332 

This paper focuses on the problem of bearing fault diagnosis under noise conditions. The 333 
experimental data is the fault data generated under three fixed loads. In the actual working 334 
environment, the load of bearing often changes with the change of production task. The data obtained 335 
is variable working condition data under different loads. Therefore, in future works, we consider 336 
applying the research results of this paper to the fault diagnosis of bearings under variable 337 
conditions. 338 
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