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Weak Fault Identification Method of Rolling Bearing
Based on MOMEDA and BiLSTM

QUAN Wei' ,HE Dan'“, YANG Pengcheng' ,OU Ruijian’

(1. School of Mechanical and Electrical Engineering,Xi'an Polytechnic University,Xi’an 710600, China;
2. Suzhou Veizu Equipment Diagnostic Technology Co. ,Suzhou, Jiangsu 215200, China)

Abstract ; Aiming at the problems of low computational efficiency and poor accuracy of the traditional rolling bearing
intelligent diagnosis model, a rolling bearing fault diagnosis model based on multipoint optimal minimum entropy
deconvolution adjusted (MOMEDA ) and bidirectional long and short term memory ( BILSTM ) network was proposed.
The MOMEDA method was used in model to enhance the fault characteristics and the genetic algorithm ( GA) was
combined to optimize the BiLSTM model parameters to achieve intelligent, efficient and robust diagnosis of rolling
bearings. The model was validated on the classical bearing dataset and the traction motor bearing fault dataset with an
average accuracy of 99. 63% , which was 16. 02% , 9. 98% , 7. 01% and 5. 65% higher than the conventional
convolutional neural network (CNN) , single-layer long short-term memory network (LSTM) , bi-directional long short-
term memory network ( LSTM) and the latest CNN-LSTM model, respectively, verifying the effectiveness and superiority
of the model.

Keywords: rolling bearing; MOMEDA ( Multipoint Optimal Minimum Entropy Deconvolution Adjusted ) ; genetic
algorithm ; BILSTM ( Bidirectional Long and Short Term Memory Network )
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Figure 1 ~ Structure of bidirectional long- and

short-term memory network
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Figure 2 MOMEDA-BILSTM rolling bearing

fault diagnosis model

B2 WAL -

1) FUAbBE. SREEMRIRSIFE 5 HAThR%E 3 HAl
o3 R INGRAE JE AR 3 300, IR P o
BORR R T Ab PN — AL BE

2) g BRI o TN 2R A R dE, AL
MOMEDA J5 33 SO R AT 3 5 , FH-K 304 98 ) 1)
S A BILSTM [ 2% v, il F 3 T8 7 J= 30 s A
FIRD 88 T R0 5 M 4 Jey - 2 b A J= A 7 R Ak 2 LA
FAFAEAE BARE G IS 455 CA SEIEXT M R AR 2
RBotkAT IR E— Uik BILSTM %5



. 60 - B THI# Light Industry Machinery

2023 FFEE2 B

7777777777777777777777777777777777777777777777777777777777777

£ | w
& | %
E ' e
| Hgm i ﬂi
| . TS biLoa| R
| ABARREAL | Miite iAot :
1 — |
! palligl T R i3 |
| GERR || WBSBEE —] E |
12 HRE R T

i% BAS HHGt

I -

% [ Vg | g b

| MOMEDA %1 ¥(3

i HRAE I 58 FF AT

| !

BiL STMHRIX GAPE#AT

l B 5 R4 (s RS

A3 #ELTHAETER

Figure 3  Diagram of fault diagnosis process
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Bearing Failure Test Stand
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Table 1  Parameters of CWRU bearing data set
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batch size on diagnostic accuracy
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Table 3 Comparison of average calculation

results of different models
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Figure 10  Bearing sample failure status
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Table 4 Parameters of the bearing data set
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Table 5 Comparison of the average accuracy and

time of different models
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Figure 13 Fault identification results of
traditional CNN model
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