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An Improved MSCNN and GRU Model
for Rolling Bearing Fault Diagnosis
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In this paper, a novel fault diagnosis method based on the fusion of squeeze and excitation-multiscale convolutional neural networks (SENet-
MSCNN) and gate recurrent unit (GRU) is proposed to address the problem of low diagnosis rate caused by the fact that normal samples
are much larger than fault samples in the vibration big data. The method takes the time-domain vibration signal as input and fuses the
spatial features extracted by SENet-MSCNN. The temporal features extracted by GRU in order to bring them into the fully connected layer
for identification so as to realize the intelligent diagnosis of rolling bearing adaptive feature extraction. Finally, the method is applied to the
simulated signal and experimental data for testing and analysis. The results reveal that the model can reach 98.98 % and 76.44 % migration
diagnostic accuracy in bearing and gearbox datasets. At the same time, it has strong noise immunity, adaptivity, and robustness, providing an

effective way for intelligent diagnosis of rolling bearing vibration big data.
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Highlights

*  Anovel integration method of SENet-MSCNN and GRU is proposed, which can more effectively and adaptively extract the fault

features of rolling bearing and fault diagnosis.

*  Based on the existing problems of convolutional neural networks (CNN), we developed MSCNN. The multiscale convolution
kernel in MSCNN not only considers the global basic features of the signal but also extracts local detail features.
e The SENet is added to MSCNN to recalibrate multiscale features, which can reduce attention to irrelevant information and pay

more attention to motivate important information.

o SENet-MSCNN is good at reducing frequency variance and extracting spatial features, and GRU is good at extracting long
sequence time-series features. The integration model has better robustness in real working conditions and can reach 98.98 %

accuracy under variable load conditions.

O INTRODUCTION

As a key component in rotating machinery, rolling
bearings often work in severe environments of high
load and high speed, so they are highly prone to failure.
Research shows that bearing faults account for the
majority of the total number of faults [1]. Therefore,
it is of great theoretical significance and engineering
application value to research rolling bearing fault
diagnosis methods to ensure the continuous and safe
operation of equipment and reduce the economic loss
of downtime [2].

However, the rolling bearing vibration big data
caused by variable working conditions and shock
excitation have typical nonlinear non-stationary
complex characteristics [3] and [4], which makes the
existing signal processing techniques, such as time-
domain statistical analysis [5] and [6], frequency-
domain spectral analysis [7] and [8], short-time
Fourier transform [9], wavelet analysis [10] and [11],
Hilbert-Huang transform (HHT) [12], variational
mode decomposition (VMD) [13], difficult to extract
fault features adaptively.

In contrast, the normal samples are much larger
than the fault samples in the massive rolling bearing

vibration data collected in the field, which makes
the diagnostic efficiency and recognition rate of the
existing artificial intelligence diagnosis methods,
such as support vector machine (SVM) [14], decision
tree (DT) [15], and random forest (RF) [16], artificial
neural network (ANN) [17], CNN [18] and [19],
deep autoencoder (DAE) [20], deep belief network
(DBN) [21], recurrent neural network (RNN) [22] and
artificial immune algorithm (AIN) [23] difficult to
apply in industrial contexts.

At present, researchers at home and abroad have
fused signal-processing techniques with artificial
intelligence diagnosis methods, such as wavelet packet
decomposition and empirical mode decomposition
(EMD) with back propagation (BP) network fusion
[24], VMD and probabilistic neural network (PNN)
[25], wavelet and CNN network fusion [26], HHT, and
CNN network fusion [27]. These methods have been
effective in improving the diagnostic performance
of the large sample and various fault vibration data.
However, vibration data is affected by different
working conditions, structural parameters, fault types,
fault degrees, and the number of faults. The above
fusion methods have their applicability conditions
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and need to be artificially selected based on experts’
empirical knowledge, which has greater limitations.
In addition, some researchers improve fault
diagnosis accuracy and robustness by fusing
different artificial intelligence methods. These
diagnosis methods mainly contain two parts: feature
extraction and pattern recognition. A convolutional
discriminative feature learning approach and support
vector machine fusion method was proposed by Sun
et al. [28] for fault diagnosis of induction motors; the
network performance is improved. Chen et al. [29]
proposed a mechanical fault diagnosis method based
on CNN and extreme learning machine (ELM) by
using ELM as a classifier of CNN with the advantages
of fast learning speed and high generalization ability.
The network performance is further improved, and
the model generalization ability and convergence
speed are also enhanced. Wang et al. [30] proposed
a CNN-based hidden Markov model for rolling
bearing fault identification by fusing the strong
feature extraction capability of CNN and the excellent
pattern recognition performance of the hidden Markov
model. Compared with the CNN model alone, it has
higher classification accuracy and robustness. Based
on the excellent network performance of CNN, the
above methods have achieved better performance by
combining CNN with various artificial intelligence
methods. However, the CNN, as a feature extraction
layer, extracts high-dimensional features and contains
a large amount of spatial information and sequence
information. Another approach, as a classifier,
classifies the spatial features extracted by the CNN
without considering the connection between the
features. Based on this idea, taking advantage of
RNN for extracting temporal features and CNN for
extracting spatial features, some researchers have
combined CNN and RNN [31] for fault diagnosis and
achieved better accuracy. However, RNNs are prone
to gradient explosion and gradient disappearance.
Gate recurrent unit (GRU) [32] and long short-term
memory (LSTM) [33], as a variant of RNN, can solve
gradient vanishing and gradient explosion problems.
A planetary gearbox diagnosis method based on CNN
and LSTM is proposed by Shi et al. [34]; the network
is able to detect the type, location, and direction of
gearbox faults with greater accuracy and a higher
recognition rate than traditional a single CNN. Chen
et al. [35] found that the features extracted by a size
convolutional kernel are more singular; a multi-scale
convolutional neural network and long shor-term
memory (MSCNN-LSTM) fault diagnosis model was
proposed. The average accuracy in the experimental
data reached 98.46 % and has strong noise immunity.

Li et al. [36] proposed a method that combines CNN
and GRU models with vibration and acoustic emission
signals for gear-pitting fault diagnosis. The method
can achieve a diagnosis rate of more than 98 % and
exhibits stronger robustness compared with a single
CNN and GRU for different loads and learning rates.
The fusion of two different deep learning methods is
to take the advantage of both models and make the
model representation more powerful. However, it is
casy to deepen the network layer depth, leading to
model overfitting.

To address these problems, a fault diagnosis
method based on the fusion of SENet-MSCNN and
GRU is proposed. The width of the convolutional
layers of the network is increased by adding
convolutional kernels of different scales to form
MSCNN layers, without increasing the depth of the
network structure. Convolutional kernels of different
sizes can capture different perceptual field features to
obtain global and local information. In addition, the
features extracted by MSCNN are not all important,
which can easily cause redundant information and
irrelevant information to influence the classification
results. Thus, the SE-Net block [37] was introduced
into MSCNN to recalibrate multiscale features to
reduce attention to irrelevant information and pay
more attention to motivate important information.
Then, the spatial features extracted by SENet-MSCNN
were input to GRU to extract time-series features.
Compared with other fault diagnosis methods, the
method has broad application prospects in improving
the accuracy of rolling bearing fault diagnosis. In
addition, the method is attractive in reducing failure
rates, reducing maintenance and repair costs of
machinery and equipment, and preventing accidents.

1 FAULT DIAGNOSIS MODEL BASED ON
SENet-MSCNN AND GRU METHOD

The MSCNN extracts the fault features through
several convolutional kernels of different sizes and
fuses the multiscale features. Then the fused features
are fed into the GRU network to extract the time-
series features and classify them while adding the
SE-Net into the MSCNN to enable the network model
to recalibrate multiscale features, which can further
improve the diagnosis rate and robustness of the fault
model.

1.1 Architecture of MSCNN

Since the rolling bearing vibration signal presents
nonlinear and nonstationary characteristics, the high-
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frequency features cannot be extracted by larger
convolutional kernels and the low-frequency features
cannot be extracted by smaller convolutional kernels.
Therefore, to solve this problem, this paper uses
the MSCNN structure, which includes a multiscale
convolutional layer by connecting convolutional
kernels of different sizes [1x1, 3x1, 5x1], whose
structure is shown in Fig. 1. Convolutional kernels
[3x1] extract high-frequency fault features;
convolutional kernels [5x1] extract low-frequency
fault features. The features extracted from several
different receptive fields possess both global and
local information [38] and [39]. A convolutional
kernel of size [1x1] is added to each of the four
branches of MSCNN, which has two advantages:
first, although a [1x1] convolutional kernel cannot
extract spatial features, it can extract features along
the depth dimension to achieve a nonlinear feature
map. Second, several [1x1] convolutional kernels are
embedded in the front of [3x1, 5%1] convolutional
kernels and can reduce dimensionality to reduce the
computational cost. It can accelerate training and
improve generalization. The calculation process of the
convolution is as follows:

[*g](n)= 3 x(z)g(n—z), M

where x denotes the amplitude, and g denotes the
multiscale convolution kernel.

Input
1x1 Conv 1x1 Conv 1x1 Conv 1x1 Conv
3x3 Conv 3x3 Conv 1x1 Conv

3x3 Conv

Output

Fig. 1. The structure diagram of MSCNN, which includes
a multiscale convolutional layer by connecting convolutional
kernels of different sizes [1x1, 3x1, 5x1]

By using the scaled exponential linear units
(SELU) activation function [40], the data distribution
is self-normalized to satisfy a normal distribution with
mean 0 and variance 1. Moreover, the SELU activation
function is a non-saturated function, which can

solve the vanishing gradient and exploding gradient
problem. Its function expression is as follows:

X, x>0
a(e* 1), x<0’

selu(x) = ﬂ.{ 2)

where o and A denote constants.

1.2 Architecture of SENet

A new module is introduced in the MSCNN model:
SENet, whose detailed structure is shown in Fig. 2.
The biggest advantage of the SENet block is that it
can construct interdependencies between channels
[41]. SENet adopts a feature recalibration mechanism,
which can obtain the dependency degree of each
channel feature through global information. Then, by
the dependency degree, the important information is
selectively enhanced and the irrelevant information
is squeezed to recalibrate the relationship between
channel-wise features. Thus, it aids in strengthening
the convolutional kernel learning capability and
improve the feature representation capability of
MSCNN. The formulas are as follows:

z, =GAP(u,) = ﬁzzm @, O

i=1 j-1

s, =0 (W, *5(W,*z,)), €))
M=[m1,m2,m3,...,mc]=Fm,e(scouc), %)
where u, € R"™ is input feature, z, =R" the
channel-wise feature vector, s, = R™" recalibration
vectors, and M € R reconstructing feature vector.
W, e R”"" and W, € R”""z = R"™ are weights *
convolution operator, ¢ Sigmoid function, 6 Relu

function, r reduction ratio, and F,, (e) is scalar
multiplication.

Input Size:
WxH xD

MSCNN

w:(l)
Global pooling  1x1xD
!
FC 1x1x2
l r
RELU  1x1x2
| r
FC 1x1xD
Sigmoid 1x1xD
L

Scale
a) WxHxD

(Squeeze)

. . (Excitation)

1x1xD

Multiply

Output Size:
b) WxH xD

Fig. 2. The structure diagram of SENet;
a) SENet module, and b) SENet block
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1.3 Architecture of GRU

The GRU network is a simplified version of the
LSTM, which has a simpler structure, with lower
computational cost, faster iterations, and no reduction
in network performance compared to the LSTM. The
GRU network has only two gated units: the update
gate and the reset gate. With these two gated units, it
can learn, discard, and retain information in a long-
term sequence and influence the output of the next
iteration. As shown in Fig. 3, the input vector X, and
the previous state vector h(_;, are connected to two
fully connected layers, through the Sigmoid function
mapping the result z,) and r(, between 0 and 1.

Y@

X®
Fig. 3. The structure diagram of GRU; the GRU network has only
two gated units: the update gate and the reset gate

The formulas can be given as follows:

zy =0 (WL+Wih, , +b.), (6)
Tn=0 (WxTrx(,) + W}:l;h(t—l) +b, )’ @)
Slide=500

SENet Squeeze

T T
g, =tanh (Wxgx(,) +W,, (r([) ®h_, ) +b, ) (3

Hy =2 Oy +(1-2 ) @), ©)
where ¢ represents Sigmoid function. W, W, and
W,, represent the weight matrices of for their

connection to the input vector x). Wj., W,,, and W,
represent the weight matrices of for their connection
to the vector h_y). b, b,, and b, are the bias. ® is
scalar multiplication.

1.4 Intelligent Fault Diagnosis Methods Based on SENet-
MSCNN and GRU Model

As shown in Fig. 4, rolling bearing fault diagnosis
consists of three major parts: the SENet-MSCNN
layer, GRU layer, and Dense layer. The method is
based on the improvement of the integration method
of the CNN and LSTM, with which CNN is good at
reducing the vibration frequency variance and GRU
is good at extracting time-series features. Combining
and improving the CNN and GRU fusion model, next
the SENet-MSCNN and GRU fault diagnosis model
is proposed. First, the time domain signal of bearing
fault vibration is directly served as the input of
SENet-MSCNN to extract multiscale features through
a multiscale convolution kernel. The multiscale
features are input to the SENet to recalibrate features.
Then, the high dimensional multiscale features are
Global Average Pooling to reduce dimensions. The
low dimensional features are input to the GRU layer
to extract time-series features. Finally, the features are
input to the fully connected layer for classification by

the Softmax function.

9999199

GRU GRU GRU GRU
GRU GRU . GRU
Fully connected

Softmax Classification

X XN X X N X X XK

Excitation

Fig. 4. The framework of the SENet-MSCNN and GRU model, which consist of three major parts
SENet-MSCNN layer, GRU layer, and Dense layer
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1.5 Signals Application of SENet-MSCNN and GRU
Methods in Simulated Signals

1.5.1 Construction of Simulated Signal Data Sets

The raw signal of the rolling bearing is simulated
using three simplified models from the literature [42]:
x1(%), x5(%), x3(¢), which are:

x, () =0.4cos (27 £, +10), (10)
x, () =0.6cos(27 f,t —15), (11)

x; (1) =sin(27 f,r)[1+sin (27 £2) ], (12)

where f,=20 Hz, /=45 Hz, ;=100 Hz, f,=10 Hz,
N=2048, sampling frequency f;=10 Hz.

A random matrix A is used to construct the
simulated signal and a white noise signal is added
to form the simulated signal: x4(f), x5(¢) and x4(¢). As
shown in Fig. 5, x4(7), x5(¢) and x4(¢) are added to the
Gaussian white noise to obtain the simulated signal
plot with a signal-noise ratio of 2 dB; the signal-noise
ratio equation is as follows:

SNR =10log,, 2=, (13)
P

n

0.5214 0.4555 0.2013
A=|04278 0.2002 0.4416 |, (14)
0.3122 0.3818 0.6058

xl (t) Snoise x4 (t)
Al X (1) [+ Spoe |=] %5 (1) |, (15)

noise

x3 (t) Snoise x6 (t)

where p; is to input signal energy, p, noise energy, and
S,0ise Gaussian white noise.

x4(t)

|

o2

Amplitude [m/s?]

boo
o 2

0.00 025 0.50 0.75 1.00 1.25 1.50 175 2.00
Time [s]

Fig. 5. Time-domain plots of the simulated signal,

a) x4(2), b) x5(¢), and c) x(t) are added to Gaussian
white noise signals with a signal-noise ratio of -2

x4(?), x5(t) and x¢(¢) are added to Gaussian white
noise signals with a different signal-noise ratio in the
range of [-4, 8]. The numbers of training samples and
test samples for each signal-noise ratio of each fault
are 30 and 10, respectively, which are given in Table
1.

Table 1. The information of the simulated signal dataset

SNR [dB]
4 2 0 2 4 6 8
Tan 30 30 30 30 30 30 30
O hs 10 10 10 10 10 10 10
Tan 30 30 30 30 30 30 30
5O st 10 10 10 10 10 10 10
Tan 30 30 30 30 30 30 30
%) st 10 10 10 1010 1010

Signals

1.5.2 Network Structure and Parameters

The detailed structure and parameter settings of the
SENet-MSCNN and GRU networks models are
shown in Table 2. Firstly, the simulation signal is
input to the SENet-MSCNN network. The number of
convolutional kernels in the SENet-MSCNN network
is 128, and the activation function is Selu, which
induces self-normalizing data. Then the output features
of SENet-MSCNN are input to global average pooling
and the remaining spatial features are discarded to
reduce feature dimensionality. Twenty cell numbers
are set for the GRU network and the Relu function is
used. The last layer is the fully connected layer and
the Softmax function is applied to classify the output
results into three classifications. The hyperparameters
are set: the learning rate is 0.001, the batch size is 32,
the number of iterations is 196, and the loss function
is the cross-entropy loss function.

1.5.3 Simulation Analysis

Fig. 6 is a comparison of the recognition rates in
the test set between GRU, 1D-CNN, MSCNN, BP
networks, and proposed methods. It can be seen that
recognition rates of the SENet-MSCNN and GRU
networks have stabilized at 100 % at the second
iteration. The recognition rate of the GRU network
has stabilized tending to 99.3 %. The BP network and
MSCNN network recognition rate are stable below
99.8 %, and the 1DCNN network fluctuates more.
Therefore, the recognition rate, convergence speed,
and anti-noise performance of the SENet-MSCNN
and GRU networks perform better in the simulation
data.
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Layer Kernel size/step Kernel num Unit Input size Output size Activation
Conv_1 3x1/2 128 32x2048x1 32x1024x128 Selu
Conv_a 1x1/2 128 32x1024x128 32x512x128 Selu
Conv_b 1x1/1 128 32x1024x128 32x1024x128 Selu
Conv_b 3x1/2 128 32x1024x128 32x512x128 Selu
AveragePooling ¢ 3x1/2 32x1024x128 32x512x128 Selu
Conv_c 5x1/1 128 32x512x128 32x512x128 Selu
Conv_d 1x1/1 128 32x1024x128 32x1024x128 Selu
Conv_d 3x1/1 128 32x1024x128 32x1024x128 Selu
Conv_d 3x1/2 128 32x1024x128 32x512x128 Selu
Concatenate (32x512x128) x4 32x512x512
SENet 32x512x512 32x512x512
GlobalAverage Pooling 32x1024x512 32x512
ExpandDim 32x512 32x512x1
Gru_1 20 32x512x1 32x512x20 Relu
Gru_2 20 32x512%20 32x512%20 Relu
MaxPooling 3x1/2 32x512x20 32x256x20
Flatten 32x256x20 32x5210
Dense 3 32x5210 32x3 Softmax
2.1 Data Preprocessing

100 ===

9 This paper increases the data sample set through data
s augmentation techniques (by sliding windows and
é 10000 cuts) to create three different sizes of comparison test
§ 7 99.80 datasets of 500, 1500, and 4500 samples. As shown in
2 w0 960 Fig. 7, each sample slide window size is 2048 points,

“ A Y e and a slide step size is 500 points, which consists of

IDCNN datasets.
40 — GRU
—— MSCNN
—— BP Slide step=500 overlap
2 4 6 8 10 o
Epochs [n] I |
Fig. 6. The diagnosis rate of different methods in simulation data, MMW
several methods including SENet-MSCNN and GRU, 1DCNN, GRU,
MSCNN, and BP are compared and analysed 1 sample 2 sample N sample

2 APPLICATION OF SENet-MSCNN AND GRU METHODS IN
ROLLING BEARING FAULT DIAGNOSIS

In this section, we first discuss the Case Western
Reserve University, Cleveland, USA, bearing datasets
[43] and the gearbox datasets, and our implementation
details. Subsequently, the proposed method in this
paper is applied to the comparative analysis of several
typical methods in the two datasets. Meanwhile,
we did ablation experiments to examine the effect
of each model component. Finally, we design the
variable working conditions experiment to analyse the
migration performance of the diagnosis.

Fig. 7. Data augmentation with overlap where. the sample length
is 2048 and the sliding step is 500

2.2 Bearing Dataset

As shown in Fig. 8, the experimental platform consists
of four parts: motor, torque transducer/encoder,
dynamometer, and electronic control. The sampling
frequency is 12 kHz, and the data ARE collected
from the vibration data of the drive end (DE). There
are three fault types: the inner fault, the ball fault,
and the outer fault with three fault diameters (0.1778
mm, 0.3556 mm, and 0.5334 mm) and a normal state.
Three fault types are shown in Fig. 9. Therefore,
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Motor

Torque transducer/encoder Dynamometer

Fig. 8. Experiment platform for rolling bearing fault used by CWRU
which consists of four parts: motor, torque transducer/encoder,
dynamometer, and electronic control

there are 10 states in total and their fault time-domain
waveforms are shown in Fig. 10. The rolling bearings
worked at three motor loads (746 W, 1492 W, 2238 W
with three motor speeds (1772 r/min, 1750 r/min, and

1730 r/min). The 10 states under the three working
conditions (1 hp, 2 hp, 3 hp) are respectively denoted
as A, B, and C. Dataset D consists of three working
conditions. Details of the datasets are shown in Table
3; 80 % of the samples are extracted from the 10 states
datasets under the three working conditions to form
the training set and 20 % to form the test set.

2.3 Gearbox Dataset

The experiment in this paper used the HFXZ-
1 planetary gearbox fault diagnosis experimental
platform, as shown in Fig. 11. The experimental
platform consists of seven parts: motor, gearbox,
flexible coupling, planetary gearbox, helical gearbox,
torque sensor, and magnetic powder brake. Three fault
states were in the experiment (gear tooth breakage,

Fig. 9. Different faults of the rolling bearings: a) inner fault, b) outer fault, and c) ball fault

Inner 0.1778 mm

Normal

0.04 0.05 0.06 0.07
Ball 0.1778 mm

0.04 005 0.06 0.07
Outer 0.3556 mm

0.04 0.05 0.06 0.07

Inner 0.5334 mm

Amplitude [m/s?] N

Outer 0.5334 mm

0.04 005 006 0.07
Ball 0.5334 mm

L 1 L L L L
0.03 0.04 0.05 0.06 0.07 0.09

01 0 0.03 004 005 006 007 008 0.09 0.1

Time [s]

0.01  0.02

Fig. 10. Raw vibration signals for 10 states; rolling bearings include 10 states: Normal, Inner 0.1778 mm , Outer 0.1778 mm , Ball 0.1778
mm, Inner 0.3556 mm , Outer 0.3556 mm , Ball 0.3556 mm, Inner 0.5334 mm, Outer 0.5334 mm , and Ball 0.5334 mm
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Table 3. The information of the rolling bearing datasets

Normal Inner Ball Outer
Label 0 1 2 3 4 5 6 7 8 9
Fault diameter [inches] 0 0007 0014 0021 0007 0014 0021 0007 0014 0021
A (i) Train 160 160 160 160 160 160 160 160 160 160
Test 40 40 40 40 40 40 40 40 40 40
5 2 m) Train 160 160 160 160 160 160 160 160 160 160
Test 40 40 40 40 40 40 40 40 40 40
ca Train 160 160 160 160 160 160 160 160 160 160
Test 40 40 40 40 40 40 40 40 40 40
Train 480 480 480 480 480 480 480 480 480 480
D (1 hp 2 p 3 fp) Test 120 120 120 120 120 120 120 120 120 120

Fig. 11. Planetary gearbox fault diagnosis experiment platform: 1 motor, 2 gearbox, 3 flexible coupling, 4 planetary gearbox, 5 helical
gearbox, 6 torque sensor, and 7 magnetic powder brake

Fig. 12. Different faults of the gearbox: a gear tooth breakage, b gear wear, and ¢ gear crack

gear wear, and gear crack), as shown in Fig. 12, and
one normal state.

The motor speed was set to 600 rad/min and
the sampling frequency was 5120. Three loads were
set: 0.1 A, 0.05 A, and 0 A corresponding to datasets
A, B, and C. The acceleration sensor was installed
outside the planetary gearbox to detect the vibration
signal, and the time domain waveform of the original
vibration signal is shown in Fig. 13.

268

2.4 Analysis of Experimental Results

The detailed structure and parameter settings of the
SENet-MSCNN and GRU network models in the
experimental data are shown in Table 2, which are the
same as the detailed parameters under the simulated
signals. The number of units in the dense layer being
10 and divided into 10 classifications. The data in A,
B, C, and D working loads are used as the model input.
To evaluate the superiority of the proposed method, it
was compared with 1D-CNN, CNN-GRU, MSCNN,
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GRU, BP, SVM, RF, and DT. The results are shown
in Table 4. The proposed method outperforms the
other models in various working loads. The average
accuracy is improved by 1.75 %, 1.42 %, and 3.58 %
compared with CNN-GRU, MSCNN, and 1DCNN,
respectively. The traditional machine learning
methods (SVM, RF, and DT) perform poorly, with
average accuracy below 80%, which demonstrates
that deep learning methods have better performance in
massive vibration data. Hence, the recognition rate of
the SENet-MSCNN and GRU networks is remarkably
better than the other methods.

Normal
E
9 MWWMMMWWWMM w«»w»wwwww«wwﬁ
.05 0.1 0.15 0.25 0.3
Large gear pitting
o 2 ledrontlhismesbh R PP i
tn Oy A i ey p i k i
£ 20t . L L L L L “ L 1
';' 0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4
= Large gear tooth breakage
= 200 b Mot bpetiisomsmmide]
a0 I ¥ o a p
E 20k F T" m r A T Ay i
< -40 £ L L L L L 3
0 0.15 0 2 0. 25
%E Plnlon wear
,1 0. 15 0. 25 0.3 0. 35 0.4

Tlme [s]
Fig. 13. Time-domain plots of vibration signals
under four state modes

Table 4. The diagnosis rate of different methods in experimental
data

the SENet-MSCNN and GRU model have the
highest accuracy in three datasets with 100 %,
99.67 %, and 100 % respectively, which can be
seen in Fig. 14. It also shows that the method has
good performance in small datasets. Therefore, the
accuracy and robustness of the proposed method in
this paper are significantly better than others. Fig.
15 shows the time plots. The time consumed by
the GRU network is the longest and the MSCNN
is the shortest for each sample; the time consumed
by the SENet-MSCNN and GRU networks is
second. The MSCNN reduces the complexity of
GRU model parameter computation and reduces
the model training time. Furthermore, with the
batch size increasing, the time consumed by every
sample is further reduced. The consuming time of
the proposed method is reduced to 19 ms/sample
at 4500 samples, which further speeds up the
model iteration. The SENet-MSCNN and GRU
fault diagnosis models are significantly improved
in terms of diagnostic accuracy, robustness, and
diagnostic speed.

Accuracy [%)]
5 3 8
_—

Different working loads Average : S?CNN »GAZENN - E:M
MEthOdS A B C D [%] 0A_ CNN-qRU Proposed melhf)d = DT
Proposed 500 samples 1500 samples 4500 samples
methog 10000 10000 100.00  100.00  100.00 oo B00% %% 9%
IDCNN ~ 98.00 9467  93.00  100.00  96.42 8P 46.00% 56.67% 68.56%
CNN-GRU 9767  99.00 9700 9933 9825 L s — .
MSCNN  97.33  99.00  99.00  99.00  98.8 TRy T 0%
GRU 96.33 84.67 95.66  94.00 92.64 Proposed method 100.00 % 99.67 % 100 %
BP 71.33 58.00 66.00 61.00 64.08 SYM 48.00 % 69.33 % 80.78 %
SVM 6467 7500 8167 8078 7553 RF 33.00 % 46.67 % 4711%
RF 4767 6033 4933 4733 51.16 2l 2600% 3567% 4133 %
DT 36.33 40.33 40.33 40.22 39.30 Fig. 14. Diagnosis accuracy of different methods

Considering the different performance of
network models in different sizes of datasets,
comparison experiments of three datasets (500
samples, 1500 samples, and 4500 samples) are
established. The datasets are divided into training
sets and test sets in the ratio of 4:1. The batch
sizes of the three datasets are set to 16, 32, and
64, respectively. Compared with other methods,

in three fault sample sets
2.5 Analysis of Ablation Experiments

In this section, we will do ablation experiments to
compare the performance of the proposed method
with serval baseline methods (MSCNN, GRU,
MSCNN-GRU).
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Fig. 15. Iteration speed of different methods in three datasets

S
2 60
<
=]
3 40
< . GRU
20! MSCNN
MSCNN-GRU
B Proposed method
A B C D AVG
GRU 9433% 86.33% 98.00% 96.67% 93.83%
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Fig. 16. Ablation study results

As Fig. 16 shows, the average accuracy
of MSCNN and GRU is 93.83 % and 98.33 %,
respectively. After the fusion of these two methods,
MSCNN-GRU achieves 100 % accuracy in B, C,
and D working conditions, with an average accuracy
0f 99.99 %. The proposed method adds the SENet to
MSCNN-CNN, and the accuracy is further improved
to reach 100 % in all four conditions. Thus, it is also

Table 5. Experimental diagnosis results of various methods

proved that the fusion of GRU, MSCNN, and SENet
has a significant improvement in the recognition rate.

2.6 Variable Working Conditions Experiment

To further signify the migration characteristics of
SENet-MSCNN and GRU models for different
working conditions, the experiment datasets of A, B,
C, and D working conditions are used as the input of
the models. One of A, B, C, D working conditions
is used as the source domain and another working
condition dataset is used as the target domain, which
constitutes 12 domains. Table 5 presents the accuracy
of different methods in variable working conditions.
The average accuracy of BP, DT, RF, SVM models
with shallow network structures is below 70 %, and
the migration characteristics of these models are poor.
The average accuracy of single deep network CNN,
GRU, MSCNN is 91.12 %, 84.75 %, and 90.12 %,
respectively. The network performance is improved.
The average accuracy of the fused models, CNN-
GRU, MSCNN-GRU, SENet-MSCNN and GRU are
above 94.12 %. The network performance is further
improved. The proposed method achieves the highest
average accuracy of 98.98 %, which is 4.83 % and
2.81 % higher than CNN-GRU and MSCNN-GRU.
Only in A-C, the MSCNN-GRU model performs
better, with an improvement of 0.6 %. In the rest of
the variable conditions, the proposed method has a
significant improvement, especially in C-A, with an
improvement of 11.2 %. The accuracy of all methods
is reduced when C is used as the source domain or C
is used as the target domain., which is explained by
the fact that C enhances the cyclic shock response of
rolling bearings, making the data more regular and the
features learned by the network model simpler. This
makes accuracy significantly reduce when testing low
load data (especially 1hp working conditions), which

Methods Variable working conditions test Average
A-B A-C A-D B-A B-C B-D C-A C-B C-D D-A D-B D-C [%]
1DCNN 9960 9140 96.60 90.00 7480 89.00 79.40 86.40 87.00 99.20 100.00 100.00 91.12
BP 5420 5440 64.80 5060 5220 58.00 4960 55.00 59.80 78.80 73.20 79.60 60.85
CNN-GRU 9640 94.80 9580 90.40 85.00 90.20 90.40 9480 92.60 99.40 100.00 100.00 94.15
GRU 7360 81.00 81.60 8760 83.80 88.60 7220 7360 7740 97.60 97.00 98.00 84.75
MSCNN 80.80 86.00 86.00 90.00 93.80 9560 77.80 86.00 86.20 99.80 99.40 100.00 90.12
MSCNN-GRU 99.60 96.20 99.00 9820 9480 9840 8540 9140 91.00 100.00 100.00 100.00 96.17
Proposed method 99.00 98.80 99.80 98.20 99.00 99.20 96.60 98.80 98.40 100.00 100.00 100.00 98.98
DT 3360 3580 49.60 3200 3420 4520 3520 3680 4480 63.80 6420 6280 44.83
RF 4260 48.00 46.80 4280 46.80 46.80 4160 4080 4640 51.00 52.60 54.80 46.75
SVM 5480 66.40 66.00 6400 65.00 67.60 63.80 56.40 67.80 87.20 79.40 89.00 68.95
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influences the migration characteristics of the model.
Thus, the proposed method maintains a high accuracy
under conditions with large differences, which proves
that the feature extracted by the proposed method
have stronger transfer characteristics.

Although the SENet-MSCNN and GRU model
exhibit strong migration properties in the Western
Reserve University bearing data, the bearing dataset
is very transferable. Therefore, to further validate
the migration properties of the method, the gearbox
dataset was used to test. Table 6 presents the accuracy
of different methods in variable working conditions.
The SENet-MSCNN and GRU fusion model still
exhibits the best performance on the gearbox dataset
with an average accuracy of 76.44 %, an improvement
of 4.61 %, 11.36 %, 9.77 %, and 2.69 % compared to
the MSCNN, GRU, MSCNN-GRU, and CNN-GRU
respectively. The average accuracy of traditional
machine learning methods is below 56 %, with poor
migration characteristics.

Table 6. Experimental diagnosis results of various methods

2.7 Visualization Results

(1) Visualization of mid-layer activation. A sample
of the fourth fault type of rolling bearing (fault position
is outer, fault diameter is 0.1778 mm) is used as input to
the model; the feature map of each hidden layer output
is visualized in a 2D image, which is shown in Fig. 17.
The yellow parts represent the activated part and the
blue parts represent the inactivated part. The features
extracted by the first convolutional layer Conv 1, which
is the yellow activated part, correspond to the shock
component of the vibration signal. The global features
extracted at different scales by the MSCNN layer are
the same, while the local features are different. The
convolutional kernels of 3x1 and 5x1 sizes are used
in MSCNN b and MSCNN c. The branches are more
sensitive to the shock signal and the extracted feature
information has a higher resolution. As the number
of network layers deepens, irrelevant information
is filtered out and useful information is refined and

Variable working conditions test Average
Methods AB AC B-A B-C C-A CB [%]
1DCNN 69.00 53.00 61.50 100.00 48.00 89.50 70.17
BP 27.50 27.50 50.00 55.00 44.00 54.50 43.08
CNN-GRU 73.50 56.50 53.00 99.00 61.00 99.50 73.75
GRU 35.00 34.00 57.00 99.50 65.00 100.00 65.08
MSCNN 59.50 65.00 50.50 99.00 57.00 100.00 71.83
MSCNN-GRU 4150 40.50 50.50 99.50 68.00 100.00 66.67
Proposed method 74.67 58.00 54.00 100.00 72.67 99.33 76.44
DT 28.50 26.00 33.00 42.00 34.50 28.00 32.00
RF 27.50 27.50 50.00 43.50 48.00 56.00 42.08
SVM 34.00 36.50 50.50 83.50 50.50 81.00 56.00
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Fig. 17. Visualization of the hidden layer activations of SENet-MSCNN and GRU, label 3 represents the fourth fault type of rolling bearing
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scaled up. The feature map becomes clearer, the
extracted features are more abstract, and the source
domain information is less relevant. The target domain
information is gradually more relevant.

le-9
1.50
2] | 125
_ 1.00
RINE
g 0.75
1! MMM | |-
= 025
s . ‘ ‘ \
< 0.00
-2 025
N -0.50

0.60 0.62 0.64 0.66 0.68 0.‘10
Time [s]

Fig. 18. Visualization of time-domain waveforms for class
activation; the red parts represent the activated part and the blue
parts represent the inactivated part

(2) Visualization of the time-domain plot for
class activation. The time-domain waveform plot
of the activation intensity of the vibration signal for
the fourth fault states(fault location is the outer and
the fault diameter is 0.1778 mm) is obtained by the
method of class activation visualization [44]. As
shown in Fig. 18, the medium and low-frequency
shock signals in the red parts have a strong influence
on the classification results of the fault diagnosis
model, and the high-frequency signals in the blue
parts have less influence on the classification results.

Input Layer

The part of the SENet-MSCNN and GRU model that
is more sensitive to the vibration signal of the fourth
fault state is similar to the characteristic frequency
of the vibration signal of the fourth fault state, which
further explains the fault diagnosis model to diagnose
the input signal as the fourth fault state.

(3) T-SNE Visualization. T-SNE (T-distributed
Stochastic Neighbor Embedding) is a common
method used for data dimensionality reduction and
visualization. In this paper, high dimension data is
represented by low dimension distribution using the
T-SNE method. Fig. 19 presents 1000 validation sets
classified by the SENet-MSCNN and GRU models
and the T-SNE visualization of their intermediate
processes. The T-SNE visualization picture of raw
signal through the Input Layer is confusing in the two-
dimension space. The T-SNE visualization picture
of raw signal through the SENet-MSCNN Layer
has initial classification characteristics. GRU Layer
already has obvious classification features, and the 10
states are remarkably separated from each other. The
Dense Layer has even more obvious classification
features, with the same state clustered at the same
location and the distance between different states is
larger.

3 CONCLUSIONS AND FUTURE WORK
In this paper, a rolling bearing fault diagnosis

method based on SENet-MSCNN and GRU model is
proposed. The method was applied to the comparative
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Fig. 19. Visualization feature distribution map using T-SNE; feature visualization of the Input Layer, SENet-MSCNN Layer, GRU Layer, and
Dense Layer structures of SENet-MSCNN and GRU

272 Wang, T. - Tang, Y. - Wang, T. - Lei, N.



Strojniski vestnik - Journal of Mechanical Engineering 69(2023)5-6, 261-274

analysis of the bearing data set and achieved a
recognition rate of over 99.67 %. Compared with other
representative fault diagnosis methods, the proposed
method has significant advantages in terms of fault
identification rate and robustness performance. In
addition, we tested the migration capability of the
model under variable working conditions in both the
bearing dataset and the gearbox dataset. The method
achieved recognition rates of 98.98 % and 76.44 % in
the cross-service tests, respectively. The results show
that the method exhibits better migration properties.

Therefore, the method is expected to provide
a new method for rolling bearing fault diagnosis. In
future research, we will apply the proposed fault
diagnosis method to other mechanical fault types
to determine its effectiveness in diagnosing a wider
range of mechanical faults.
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