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Bearing fault diagnosis in multiple working conditions based on one
dimensional convolutional neural network

LU Peng, SONG Baoye, XU Lin
(College of Electrical Engineering and Automation, Shandong University of Science and Technology » Qingdao 266590, China)

Abstract; To deal with the bearing fault diagnosis in multiple working conditions, this paper proposed a fault
diagnosis method based on one-dimensional convolutional neural network. The overlapped sampling method was
first used to obtain the augmented data samples from the CWRU data set, which were then normalized to obtain the
training data. Based on the TensorFlow model, the one-dimensional convolutional neural network was designed for
the bearing fault diagnosis, into which the preprocessed data samples were input directly for training, thus
accomplishing the bearing fault diagnosis in an end-to-end manner. The experiments show that the proposed
method, which can avoid the complex feature extraction procedure and achieve higher fault classification accuracy
and robust generalization capability, can achieve the accurate bearing fault diagnosis in multiple working conditions.
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Fig. 1 Rolling bearing structure and data acquisition system
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Table 1 Description of the driving bearing fault

LA T E 4 ROk 2 #1155 H 4% /inch 3/ hp WL A 45
EH EH EH 0 0~3 1
Bk 007 TR S IR 2 10U 4R 0.007 0~3 2
EEIRE EHk 014 TR P L 0.014 0~3 3
Rk 021 TR B R B I 0.021 0~3 4
PR 007 P R 2 U 45 0.007 0~3 5
P P 014 P v R At 0.014 0~3 6
R 021 PA) P T AR 0.021 0~3 7
ShE 007 N i 0.007 0~3 8
Sh SR 014 VNELRES i 0.014 0~3 9
ShE 021 ENEENES i 0.021 0~3 10
< b2 505
g 0.2 : : - ‘iﬂgfo.s - - - -
0.02  0.04 0.06 0.08 0.1 0 0.02  0.04 0.06 0.08 0.1
A [El/s ERE
(a) RENEERES (b) EHR00 7 (5 5

& {E/(m/s)
s o
w f=] U
& {E/(m/s”)

&

wn (=]

0 0.02 0.04 0.06 0.08 0.1 o 0.02 0.04 0.06 0.08 0.1

o ] [a)/s
_ (o) B0 145 B (F S ., (d) B k021 BEE S
T 1 T
E = g
o o
' -l : : - : = : : : :
0 0.02  0.04 0.06 0.08 0.1 0 0.02  0.04 0.06 0.08 0.1
R 78] /s i fa)/s
_ (e) HBlOOTH B (E S I () N4 (5B
< 2 <
=2 < 2l
p o 2}
E - : : : =y ; : : :
0 0.02  0.04 0.06 0.08 0.1 0.02  0.04 0.06 0.08 0.1
R 18] /s i [a)/s
(g) HE 21 (5 5 S (h) SMEIOOTHL (5 B
L 0.4 o
= 0.2 =
@ 0.2 o
= —0.4 i i i i w5 i i i i
0.02  0.04 0.06 0.08 0.1 0 0.02  0.04 0.06 0.08 0.1
R 78 /s i [a)/s
(i) A0 1 4 K {5 5 () A B2 (S S

2 0 hp TRHFIRENE S B EEIK T

Fig. 2 Time domain waveform of bearing vibration signal in 0 hp case
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Fig. 3 Frequency domain waveform of bearing vibration signal in 0 hp case
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Table 2 Bearing speed in different working conditions
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Fig. 7 Comparison of 1D-CNN performance via six different optimization algorithms
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Fig. 8 Confusion matrix and visualization of classification results in 0 hp case
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Fig. 9 Confusion matrix and visualization of classification results in 1 hp case
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Table 5 Classification accuracy of various faults in four working conditions
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1 2 3 4 5 6 7 8 9 10
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Table 6 Performance indexes of 1D-CNN in four working conditions
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