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The bearing state signal collected by the vibration sensor contains a large amount of environmental noise in actual processes,
which leads to a reduction in the accuracy of the convolutional network in identifying bearing faults. To solve this problem, a onedimensional convolutional neural network with a multiscale kernel (MSK-1DCNN) is proposed for the classiﬁcation information
enhancement of the input. A two-layer multiscale convolution structure (MSK) is used at the front of the network. MSK has ﬁve
convolutional kernels with diﬀerent sizes, and those kernels are used to extract features with varying resolutions in the original
signal. In the multiscale convolution structure, the ELU activation function is used instead of the ReLU function to improve the
antinoise ability of MSK-1DCNN, also by adding pepper noise to the training set data to destroy the input data and forcing the
network to learn more representative features to improve the robustness of the network. Experimental results illustrate that the
improved methods proposed in this paper eﬀectively enhance the diagnostic performance of MSK-1DCNN under intense noise,
and the diagnostic accuracy is higher than that of other comparison algorithms.

1. Introduction
Rolling bearings are an essential component and the main
factor leading to system failures in rotating machinery. 45%–
55% of equipment failures are caused by bearing damage [1].
Every unexpected failure of the bearing may lead to the
machine and even the entire system’s failure, resulting in huge
economic losses and a waste of time. As a major problem of
fault diagnosis, rolling bearings’ fault diagnosis has attracted
researchers’ extensive attention. The traditional method of
bearing fault diagnosis is to analyze the sensor’s vibration
signal, then use the intelligent algorithm to extract the fault
characteristics of the signal, and ﬁnally, use the classiﬁcation
algorithm to detect fault type. With the rapid rising of deep
learning and its successful applications in computer vision [2],
natural language processing [3], medical image analysis [4],
and other ﬁelds, intelligent fault diagnosis algorithms based on
deep learning have also been rapidly developing in recent years
[5, 6]. Deep learning algorithms for bearing fault diagnosis
include Autoencoders (AE), Restricted Boltzmann Machines
(RBM), and Convolutional Neural Networks (CNN).

Compared with AE and RBM, convolutional neural
networks have advantages in processing time series data and
vibration signals with variable translation characteristics [7].
Researchers have used one-dimensional convolutional
neural networks to directly extract fault features from the
original signal to classify faults in recent years. T Ince et al.
[8] used a one-dimensional convolution neural network to
process the motor’s current signal. The proposed one-dimensional convolution network is very eﬀective in the
calculation and can be easily and cheaply implemented on
hardware systems. Eren [9] used a one-dimensional convolutional neural network to quickly and accurately detect
motor bearing faults, with an accuracy rate of 97.1%. Zhang
et al. [10] proposed a deep convolutional neural network
with a wide ﬁrst-layer convolution kernel (WDCNN). The
proposed method uses a wide convolution kernel in the ﬁrst
convolution layer to extract features form original vibration
signal and suppress high-frequency noise and, then, uses
small convolution kernels in the next layers of the network to
achieve multilayer nonlinearity mapping. AdaBN is used to
improve the domain adaptability of the model. In another
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paper, Zhang et al. [6] proposed a method called TICNN
(Convolution Neural Network with Training Interference)
for the problem of a lot of noise and variable operating
conditions in the working environment of the bearing.
TICNN directly extracts the fault characteristics from the
original vibration signal without additional data preprocessing. It has made the following improvements: (1)
Convolution kernel dropout is used in the ﬁrst convolutional
layer; (2) small batch training is used in the optimization
algorithm, and ensemble learning is used to improve the
stability of the network.
The current one-dimensional fault diagnosis model
achieves a 100% fault recognition rate under no-noise
conditions, showing the powerful feature-extraction ability
of convolutional neural networks. However, most of the
currently proposed models do not consider the situation that
the signal contains noise. The signal collected by sensors in
the real working environment contains a lot of noise, which
will signiﬁcantly impact the accuracy of the diagnostic
model. Therefore, most models have not achieved good
diagnostic accuracy in the presence of noise. To address this
problem, we propose a one-dimensional convolutional
neural network with multiscale convolution kernels (MSK1DCNN). MSK-1DCNN directly acts on the original vibration signal, and the feature extraction and fault classiﬁcation are realized through the convolutional neural
network.
The main contributions of the present paper are as
follows:
(1) At the front of the network, a single-layer and singlekernel convolution layer is replaced with a two-layer
multiscale convolution structure. Through multiple
convolution kernels of diﬀerent scales, MSK1DCNN can extract discriminative features with
varying resolutions from the original signal to obtain
better diagnostic results at low SNR than the network
using a single-layer single-convolution kernel
network.
(2) In the multiscale convolution structure, the ELU
activation function is used instead of the ReLU
function. The negative part of the ELU activation
function is a saturated function, which makes its
antinoise ability better. Therefore, using ELU functions can improve the accuracy of the network at low
SNR.
(3) Pepper noise is added to the input training data
during the network training stage. Pepper noise will
increase the complexity of the input signal, so adding
pepper noise in the training set can improve the
network’s feature extraction ability, making the
network more robust to noise.
This paper’s remainder is organized as follows: in Section
2, an introduction of the CNN is presented. The proposed
MSK-1DCNN model is introduced in Section 3. Section 4
presents and discusses the result from diﬀerent experimental
conditions. A comparison is also made with the proposed
method. We draw the conclusions in Section 5.

2. Introduction of Convolutional
Neural Networks
The convolutional neural network is a multilevel feed-forward neural network, which is usually composed of three
types of layers: a convolutional layer, pooling layer, and fully
connected layer. The convolutional layer and the pooling
layer extract the characteristics of input data through
convolution calculation and downsampling operations.
Then, the fully connected layer achieves classiﬁcation or
regression task. The fully connected layer has the same
structure and calculation method as the traditional feedforward neural network.
2.1. Convolutional Layer. The convolutional layer learns the
features of input data through convolution calculation. It is
composed of multiple feature maps. Each neuron of each
feature map is connected to a local area of the previous layer
of feature maps through a set of weights. This local area is
called the receptive ﬁeld of the neuron, and this set of
weights is called the convolution kernel. By performing the
convolution calculation on the input feature map and the
convolution kernel and, then, transferring the result to the
nonlinear activation function, the next layer feature map is
generated. The convolutional layer uses diﬀerent convolution kernels to generate diﬀerent feature maps. A single
feature map is calculated by the same convolution kernel,
which is called weight sharing. Weight sharing can reduce
the complexity of the model and make the network easier to
train. The forward propagation of the convolutional neural
network from layer l − 1 to layer l can be expressed by the
following formula [11]:
l
l⎞
⎜
⎟
⎝  xl−1
⎠
xlj � f⎛
i · kij + bj ,

(1)

i∈Mj

where xlj represents the output of the layer l, Mj represents
the selected feature map, xl−1
represents the output of the
i
layer l − 1, klij represents the weight of layer l, and blj represents the bias of layer l.
2.2. Activation Layer. The activation function is usually used
to implement a nonlinear transformation on the output of
convolution calculation to obtain a nonlinear representation
of input data, thereby improving the feature-learning ability
of the network. The activation function commonly used in
the CNN is the Rectiﬁed Linear Unit (ReLU) function, and
its calculation formula is [12]
f(x)max(0, x)cov ,

(2)

where x is the input of the activation function.
To improve the model’s antinoise ability, we use the
Exponential Linear Unit (ELU) activation function in the
multiscale convolution structure, which can speed up the
learning process and improve the accuracy of the network.
Similar to the ReLU function, the ELU avoids the problem of
gradient disappearance by setting the positive part of the
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input to be identical. But unlike the ReLU, the ELU does not
set the negative value to zero, which is beneﬁcial to speed up
the network’s learning speed. Also, it uses a saturation
function in the negative part to make the ELU more robust
to noise [13]. Its calculation formula is [13]
yi � 

zi ,

zi ≥ 0,

a exp zi  − 1,

zi < 0,

(3)

where yi is the activation function output value, zi is the
activation function input value, and a is a predeﬁned parameter used to control the saturation value of the ELU for
the negative input.
2.3. Pooling Layer. In the structure of convolutional neural
networks, pooling layers are usually inserted between successive convolutional layers. Their role is to gradually reduce
the dimension of the convolutional layer’s output to reduce
the parameters and calculations in the network and suppress
overﬁtting and implement secondary feature extraction. The
pooling layer is composed of multiple feature maps, and its
feature maps correspond to the feature maps of the previous
convolutional layer one by one without changing the
number. The most commonly used pooling methods are
maximum pooling and mean pooling. In this paper, the
maximum pooling method is used because the performance
of maximum pooling in one-dimensional time series tasks is
better than that of average pooling [14]. Its calculation
formula is [10]
Pl+1
i (j) �

max

(j−1)W+1≤t≤jW

l

qi (t),

(4)

where qli (t) represents the output of the tth neuron in the ith
feature map of the layer l, t ∈ [(j − 1)W + 1, jW], Wis the
width of the pooled area, and Pl+1
i (j) is the pooled value of
the corresponding neuron in the layer l + 1.

3. Proposed MSK-1DCNN Model
3.1. Multiscale Convolution Structure. For the time series
classiﬁcation tasks using a one-dimensional convolutional
neural network, the size of the convolution kernel has a
signiﬁcant impact on the performance of the network because part of the noise in the time series cannot be removed
by BN, Bias, ReLU, and other operators. It can only be
eliminated by the convolution operation of the convolution
kernel [15]. The traditional one-dimensional convolutional
neural network treats the size of the convolution kernel as a
hyperparameter. It uses a ﬁxed-size convolution kernel in
convolution layer, which makes the design of the convolution kernel size a challenging problem. Also, the use of this
method in prediction and classiﬁcation tasks is limited
because of the following problems: (1) Large-scale convolution kernels tend to focus on low-frequency regions and
have good frequency resolution, but there are not enough
convolution kernels in high-frequency regions, thereby ignoring high-frequency information. In contrast, the smallscale convolution kernel focuses on the frequency band, but
the frequency resolution is low. (2) Using convolution

kernels of the same size cannot adequately extract diﬀerent
discriminant features in the original signal [16]. To solve the
abovementioned problems, scholars have proposed multiscale convolution. Multiscale convolution uses multiple ﬁlter
banks of diﬀerent scales to extract features from the original
signal. It has been successfully applied in many ﬁelds, such as
Environmental Sound Classiﬁcation [17] and Speech Recognition [18]. Inspired by their work, we designed a twolayer multiscale kernel feature extraction structure (MSK), as
shown in Figure 1.
In the ﬁrst layer, MSK uses convolution kernels with a
width of 11, 53, and 113 (the number is 16) to extract
features from the original data to obtain three diﬀerent
feature maps and, then, stitch the three feature maps together as the output of the ﬁrst layer. The second layer uses
convolution kernels with a width of 36 and 72 (the number
is 32) to continue extracting features from the ﬁrst layer’s
output. Then, the convolution calculation results are
stitched together and, ﬁnally, through the BN and ELU
activation function layer to get the output feature map of
MSK.
3.2. Network Structure and Parameters of MSK-1DCNN.
In addition to the multiscale convolution structure, the
proposed MSK-1DCNN has made the following improvements to the antinoise problem:
(1) The BN layer is added after the convolution layer.
The BN layer is usually used before the activation
function of the convolutional layer to readjust the
data distribution. Its implementation steps are described in Algorithm 1 [19]. In a sense, c and β
represent the variance and oﬀset of the input data
distribution. For a network without BN, these two
values are related to the nonlinear properties of the
network’s previous layer. After transformation, it is
not associated with the previous layer. It becomes a
learning parameter of the current layer, which is
more conducive to optimization and does not reduce
the network’s ability [20]. BN can reduce the oﬀset of
covariance within input data, speed up the training
process of deep neural networks, and reduce the
dependence of the network on parameter initialization and increase the generalization ability.
(2) The ELU activation function is used instead of the
ReLU function in the MSK structure. The ELU
function avoids the problem of gradient disappearance and is more robust to noise, improving the
network’s antinoise ability.
The structure and parameters of MSK-1DCNN are
shown in Figure 2.
The input of the network is a standardized fault vibration
timing signal. The network directly extracts features from
the original signal without any other signal processing. The
MSK-1DCNN model consists of a feature extraction layer
and a classiﬁcation layer. The front of the feature extraction
layer is a two-layer multiscale convolution structure, followed by a three-layer single-convolution kernel
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Figure 1: Multiscale convolutional structure.

Input: value of x over a mini-batch: B � {x1 , . . . m}; Parameters to be learned: c, β
Output: {yi � BNc,β (xi )}
μB � (1/m) m
i�1 xi //mini-batch mean
2
σ 2B � (1/m) m
i − μB ) //mini-batch variance
i�1 (x
�����
xi � ((xi − μB )/( σ 2B + ε ))//normalize
yi � cxi + β � BNc,β (xi )//scale and shift
ALGORITHM 1: BN.

convolution layer. The multiscale convolution structure can
extract diﬀerent discriminative features from the original
signal. The single-convolution kernel convolution layer can
extract more advanced features and deepen the depth of the
network to improve the antinoise ability of the model. The
classiﬁcation layer is composed of two fully connected layers
and a softmax layer. The softmax function is used to convert
the network output into a probability distribution form that
conforms to the bearing’s ten fault states. The formula of
softmax is as follows:
q z j  �

ezj
,
 k10 ezk

(5)

where zj represents the normalized probability of output of
the jth neuron through the softmax function.

eﬃciency with low memory requirements [22]. Its
optimization performance is better than that of the
SDG and RMSprop optimizer. The cross-entropy
function was chosen because it is an entropy-shaped
loss function. It is insensitive to noise and suitable for
intense noise environments [23]. The initial value of
the learning rate is set to 0.0005 and decreases by
0.0001 every 10 iterations. It does not decrease until
the learning rate is 0.0001 and is ﬁxed at 0.0001. The
model is trained on the training set until the loss
value is fully converged, stops the iteration, and saves
the trained model.
(3) Testing model: we use the testing set to test the model
and take the average of ﬁve testing results as the ﬁnal
testing result.

4. Experiment
3.3. MSK-1DCNN Fault Diagnosis Model. MSK-1DCNN
fault diagnosis model is established in three steps:
(1) Data preprocessing: the original data are cut into a
data set according to the resampling method [21].
The data set is divided into a training set and a test set
according to a certain ratio, and then, pepper noise is
added to the training set. Then, the Gaussian white
noise (simulating noise in daily industrial production) is added to the testing set.
(2) Training model: we select an Adam optimizer and
cross-entropy loss function. The Adam algorithm is
easy to implement and has high computational

4.1. Data Set. The bearing data set is provided by the
Western Reserve University Bearing Data Center (https://
csegroups.case.edu/bearingdatacenter/home), and its fault
test bench is shown in Figure 3.
We selected the motor drive end bearing data sampled at
48 kHz at 1hp, 2hp, and 3hp. The fault type includes normal,
inner ring failure, outer ring failure, and roller failure. Each
fault contains 3 fault levels with widths of 0.007, 0.014, and
0.021 inches, so the data set has ten states. According to the
resampling method [22], the original data of ten states are
divided. Each sample has a length of 2048 and a sampling
step size of 480. Therefore, each state obtains 1000 samples at
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Figure 2: Architecture and parameters of MSK-1DCNN.

1 hp, 2 hp, and 3 hp, respectively, and a total of 30,000
samples in ten states of three loads constitute a data set. We
divide 85% of the data set into a training set and add pepper
noise, and 15% of the data set is divided into a test set and
added with the Gaussian noise of diﬀerent SNR. SNR is the
signal noise ratio, representing the ratio of the original

signal’s power to the noise power, usually expressed in
decibels. The smaller the value of SNR, the stronger the
noise. The formula of SNR is as follows:
SNRdB � 10 log10 

Psignal
,
Pnoise

(6)
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Figure 3: Motor driving mechanical system used by CWRU.

where Psignal and Pnoise are the eﬀective power of the signal
and noise, respectively.
4.2. Eﬀectiveness of the Multiscale Convolution Structure.
To verify the proposed multiscale convolution structure’s
eﬀectiveness, we compared MSK-1DCNN with a network
using a single layer with a single-convolution kernel. The
ﬁrst layer of the single-convolution kernel network uses ﬁve
convolution kernels (widths of 11, 36, 53, 72, and 113, respectively) in MSK, as shown in Figure 1, to extract features
from the original signal. After that, the network structure is
consistent with the network structure after the multiscale
convolution structure of MSK-1DCNN. The speciﬁc parameters of the single-kernel convolution layer are shown in
Table 1. To maintain the consistency of the rest of the
network structure, we did padding for input data.
The experimental results are shown in Figure 4. It can be
seen that compared with the single-layer and single-size
convolution kernel, the accuracy of the network using a
multiscale convolution structure at low SNR is signiﬁcantly
improved. It shows that the multiscale convolution structure
considers both the high-frequency region and low-frequency
region and can extract various discriminative features with
diﬀerent resolutions from the original signal and is more
robust to noise. Simultaneously, it can also be found that the
diagnostic accuracy of single-convolution kernel networks
of various sizes is diﬀerent, indicating that the size of the
convolution kernel will have a signiﬁcant impact on the
network diagnostic accuracy and also reﬂecting the importance of convolution kernel design.

4.3. Eﬀect of Pepper Noise on the Performance of Network
Feature Extraction. Salt and pepper noise, also known as
impulse noise, is a white- and dark-spot noise generated by
the image sensor, transmission channel, and decoding
processing in the image. Pepper is a black point (pixel value
0), and salt is a white point (pixel value 225). Generally,
pepper and salt noise are added by randomly changing some
pixel values to 0 or 225. When training a Denoising Auto
Encoder (DAE), pepper noise is usually added to the input
training data to improve the autoencoder’s feature extraction capability. This method is realized by randomly setting
the input data to 0 with a certain probability, that is, dropout
the input data with a certain probability [24]. Because of this
method’s successful application in the DAE, we add pepper

noise to training data by randomly zeroing it with a
probability of 0.5.
We compared the eﬀects of adding pepper noise and not
adding pepper noise to training data on network feature
extraction ability (the other structures and parameters remain the same) through experiments. The results are shown
in Table 2. It can be seen that the accuracy of the network
with noisy training is higher than that without noise when
the SNR is low. It shows that adding pepper noise in the
training set can eﬀectively destroy the original data, make
the network learn more essential features of input data,
suppress overﬁtting, and improve the accuracy of the network under noise.
4.4. Activation Function. The ReLU is the most widely used
activation function in neural networks. Its simple operation
of taking the maximum value makes its calculation speed
much faster than that of the Sigmoid or tanh activation
function. It also caused the sparsity in the hidden units, and
there was no problem of gradient disappearance. But, its
operation of zeroing negative values will cause the death of
neurons and is not robust to noise. The ELU function retains
the advantages of the ReLU function. Instead of zeroing the
negative value part, the saturation function is used in the
negative value part, making the ELU more robust to noise.
We use the ELU activation function in the MSK and
compare it with MSK using the ReLU through experiments.
Except for the diﬀerent activation functions of two networks,
the other structures and parameters remain the same. The
results are shown in Figure 5. It can be found that the ELU
function performs better than the ReLU function at low
SNR. It is proved that the ELU activation function is insensitive to noise and has intense antinoise ability under a
strong noise environment. Therefore, the MSK-1DCNN
using the ELU function achieves better diagnostic performance at low SNR.
4.5. Comparison of Fault Diagnosis Accuracy. To verify the
eﬀectiveness of the proposed MSK-1DCNN, the WDCNN
[10] proposed by Zhang et al., Stacked Autoencoder, and BP
neural network are used as comparative models for experiments. WDCNN uses the wide convolution kernel in the
ﬁrst convolution layer to extract features and suppress highfrequency noise. It uses the small convolution kernel in the
few layers for multilayer nonlinear mapping and uses the
AdaBN algorithm to improve the domain adaptation ability.
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Table 1: Parameters of the single-scale convolutional structure.

Kernel size
11
36
53
72
113

Stride
5
5
5
5
5

Kernel number
32
32
32
32
32

Padding
0
9
18
27
48

100

Accuracy (%)

95
90
85
80
75
–6

–4

–2

0

2
4
SNR (dB)

MSK
11
36

6

8

10

53
72
113

Figure 4: Diagnosis accuracy of the multiscale CNN and single CNN model.

Table 2: Diagnosis accuracy of noise and no-noise input training models.
SNR/db
With noise
With no noise

−6
92.55%
61.81%

−4
97.27%
78.17%

−2
99.03%
89.01%

0
99.53%
95.43%

The diagnostic accuracy of WDCCNN at low SNR is signiﬁcantly higher than that of other convolution models
proposed in recent years, such as the TICNN [6] proposed in
their another paper and the ACNNDM-1D [25] proposed by
Liu et al. SAE is formed by stacking three autoencoders, the
number of neurons in the middle layer is 800, 200, and 50
respectively, and the Sigmoid activation function and the
MSEloss function are used. When training SAE, 5% of the
training set is divided into the validation set to ﬁne tune the
SAE. The speciﬁc training method is carried out according to
the method in [5]. The number of neurons in the BP neural
network is 2048, 1000, 500, 200, and 10, and the Sigmoid
activation function and the cross-entropy loss function are
used.
Table 3 lists the experimental results of the four models
on the no-noise data set. It can be seen that their accuracy
on the training set has reached 100%, showing the strong
ﬁtting ability of the deep neural network. The test accuracy
of MSK-1DCNN and WDCNN reached 100%, while BP
and SAE’s test accuracy was less than 100%. It shows that
compared to the fully connected structure, the network

2
99.58%%
98.17%%

4
99.64%
99.19%

6
99.60%
99.64%

8
99.68%
99.79%

10
99.72%
99.87%

using convolution calculation has a stronger ability to
suppress overﬁtting.
It can be seen from Figure 6 that the diagnostic accuracy
of the convolutional structure is signiﬁcantly higher than the
SAE and BP neural network because the convolutional
structure has more advantages in processing one-dimensional time series data and has stronger noise resistance. BP
neural network and SAE’s full connection structure leads to
serious network overﬁtting, so even if the SNR is high, the
diagnostic accuracy of them is low. The diagnosis accuracy of
the MSK-1DCNN fault diagnosis model we proposed at low
SNR is signiﬁcantly higher than that of other models, which
proves the eﬀectiveness of improvements made in this paper
of bearing faults diagnosis under the noise environment.
To further demonstrate the performance of the proposed
MSK-1DCNN, we use the t-SNE (t-distributed stochastic
neighbor embedding) algorithm to visualize the output of
each model’s last layer mentioned above. The output dimension of each model on the testing set is reduced using the
t-SNE algorithm when the SNR is −4, and the results are
displayed in a two-dimensional space, as shown in Figure 7.
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SNR (dB)

0

2

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

Table 3: Diagnosis accuracy of each model on the no-noise dataset.
Model
Train Acc
Test Acc

SAE (%)
100
97.12

BP (%)
100
98.77

MSK-1DCNN (%)
100
100

WDCNN (%)
100
100

100
95

Accuracy (%)

90
85
80
75
70
65

–6

–4

–2

0

2
SNR (db)

4

6

8

10

MSK-1DCNN

92.55

97.27

99.03

99.53

99.58

99.64

99.66

99.68

99.72

WDCNN

86.15

91.85

95.15

97.19

98.23

98.76

98.93

99.2

99.22

MLP

77.32

83.08

87.17

89.04

90.61

91.19

91.72

92.02

92.06

SAE

70.34

78.8

84.06

86.59

87.86

88.86

89.37

89.46

89.57

Figure 6: Comparison of diagnosis accuracy.

The original input signal’s fault state is chaotic and inseparable, for the features are gathered into a distinguishable
state after the feature extraction of each model. It can be seen
that the output features of SAE are poorly aggregated.

Although the various features of the BP neural network are
gathered together, the features overlap with each other and
are not completely separated. The outputs of WDCNN and
MSK-1DCNN have only few fault states overlapping and
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Figure 7: Visualization of the input extracted from the last layer of diﬀerent test models via the t-SNE method: (a) raw input signals; (b) SAE;
(c) BP Neural Network; (d) WDCNN; and (e) MSK-1DCNN.

achieve separation of each fault state. It shows that these two
models based on the one-dimensional convolutional neural
network have more robust feature extraction capabilities.
Moreover, the feature aggregation degree of MSK-1DCNN is
better than that of WDCNN, which proves that the diagnostic performance of the MSK-1DCNN model under intense noise is better than that of WDCNN.

5. Conclusions
To solve the impact of the noise collected by the sensor on
the diagnostic accuracy of the convolutional neural network,
we propose a one-dimensional convolutional neural network with multiscale convolution kernels (MSK-1DCNN) in
this paper. MSK-1DCNN uses a multiscale convolution
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structure to extract diﬀerent fault features from the original
signal and use the ELU function instead of the ReLU
function in the MSK structure. At the same time, we use a
training set with pepper noise to train MSK-1DCNN. The
experimental results show that the MSK structure can extract discriminative features with diﬀerent resolutions from
the original signal, ELU activation function can eﬀectively
improve the antinoise ability, and adding pepper noise to
training data during the training stage of the network can
make the network more robust. The diagnostic accuracy of
MSK-1DCNN at low SNR is signiﬁcantly higher than that of
other comparison models, which shows the powerful antinoise ability of MSK-1DCNN.
The number of samples of each fault type in this paper is
entirely balanced, but the actual industrial environment’s
data are not entirely balanced. The imbalance of the sample
number will signiﬁcantly aﬀect the accuracy of the model
classiﬁcation results. Therefore, we consider solving the
problem of noisy fault diagnosis of the bearing under the
imbalanced data set in the future work.
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