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Fault diagnosis of bearing based on wavelet convolutional
auto-encoder and LSTM network

DU Xiao-lei'*, CHEN Zhi-gang'?, XU Xu'*, ZHANG Nan'
(1. School of Mechanical-Electronic and Vehicle Engineering, Beijing University of Civil Engineering
and Architecture, Beijing 100044, China; 2. Beijing Engineering Research Center of
Monitoring for Construction Safety, Beijing 100044, China)

Abstract: Aiming at the problems that traditional fault diagnosis algorithms of rolling bearings have such shortcomings as largely dependent
on expert prior knowledge and difficulty in fault feature extraction, combined with the merits of deep learning in dealing with high-dimensional
and nonlinear data, a method based on deep wavelet convolutional auto-encoder (DWCAE) and long short term memory (LSTM) network
was proposed. Firstly, wavelet convolutional auto-encoder ( WCAE) was designed, and improved loss function and contraction term restric-
tion were introduced to alleviate the over-fitting of the network. Secondly, several WCAEs were stacked to construct DWCAE. A large num-
ber of unlabeled samples were used for unsupervised pre-training of DWCAE, and the deeper features that were more favorable to fault diag-
nosis were mined. Finally, LSTM network was trained with deeper features, and the diagnosis model was established. The results of simulation
signal and engineering application analysis indicate that the proposed method can effectively identify the bearing faults under multiple working
conditions and multiple fault severities. The proposed method has better ability of feature extraction and recognition than traditional methods
such as artificial neural network, support vector machine and deep learning methods such as deep belief network, deep auto-encoder and so on.
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it 51 Sigmoid W bREL, ELATTE AL 5 A REAE $2 B
MFIRTERE . WAE AR A Z | FRUZ ik )2,
AN ZAEE05 T b =450, H 0y e Mb A R
Z (] EE R 1R 2 DA SE I — - 1E 45 pR R, AT A 30198 i
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Wi S O 4 — 2 WCAE #5 0 iR )2 M 2%, af LIRE
I 9 26 B S B F A1 XSS

AT AL B R O IS B 8 i i (adaptive
moments,Adam) , ¥ R 2 | & & T2 B 1T &
Adam R SCHE[15]
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(1) FIFE B R AR R 45 T IR B A 5

(2) B IR EHRBEPLEEL 70% 1F A I 2808, )
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#[0,1];

(3) FIH—Ab 5 BN 2R LATC M Oy E )2
Y%k DWCAE, ¥ I —% WCAE )25 H/EN T —%
WCAE MHIA )25 BURHIE (S B, I8t 47 W8 BP
BIRGS A /DR PR S FEARTIAEE A DWCAE;

(4) $#EHU DWCAE By T ZFFEVE AR Z LSTM [
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(5) AR 1435 SR W A5 2 S PR A B2 11412 Wi
ROR, Qs W E A 56 AR B TE R0 455 715 8 52 2D 0 3
TR 4, RN B U BE
3 PiEAfEZM

RAIESE PR RE AT BAR S0 e
i P TR A BT EAR 5 x (¢) oy (1) Flz(e) BEHULEK
BT ox (1) HIE B x, (1) a, (2) FTFRF 0 4L, B

x,(t) = 6cos(30mt) + 8cos(60t)
%,(t) = 10cos(40mt) + 20cos(70t)
w = 20randn(1,n)

x(t) =%, (1) +x,(8) +w

y(t) HVATEAE S v, (1) oy, (1) oy (1) R 0
ZH L, B
y, (1) 10[1 + cos(5mt) Jcos(10mt)

y,(t) = 15[1 + cos(5mt) Jcos(20mt)

vy (1) =20[1 + cos(5mt) Jeos(30me) (14)
w = 20randn(1,n)

y(1) =y (1) +3,(t) +y;,(8) +w

2(1) MIAIRIAMUE S 2, (1) 2, (1) FIEABEA w 4

A, B
z,(t) = 5sin(20m¢)sin(25mt) + sin(307t)
z,(t) = [15 + 6¢cos(5mt) Jcos[ 2t + 4cos(10mz) ]
w = 20randn(1,n)
z(t) = zl(t) +zz(t) +w
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10 s, B 18BN FME S 500 DREAS 174k 1 —
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BRGS0 80% 1E M YN ZRAEA T 4V R i iR A
AHFFEARYE ] 4 A0S BN AR S A TR0,

SRR S 5 B A D0, A 92 R AR HE DAE
(Sigmoid PREL) FIHR 15 2 M 2% (deep belief network,
DBN) #1773 07 b4, ARSI S 40U0 T . DWCAE
ZEFR 1 024 — 512 - 256 — 128 — 64, LSTM W 2% Jy 2
2, B2 64 D HIT, B EM LT 64
A A )2 5 B Softmax 73 S e E M B )E, A L
0.03,DAE 45894 1 024 =512 =256 — 128 —64 - 32 —
3,52 F N 0.1, AR e REfRIRECh 120, DBN 4%
M1 024 =512 =256 — 128 —64 —32 =3 2 2] RN
0.12, %1 RBM s KEIRECH 100,

SHUERRA SO iR v JEdE AT 5 AL, 4
mE 1 PR,
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SHE AR H O 3 B P | A 5 SR N T p 4
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A R Z G % Softmax M FERAME N )Z, &0
FRBMEAYIN LR, 15 3 2 A FROE A 5 68 7 1Y W 48 4544
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BIRDIBIE  -256-128 =64 =32 =7, HHE N 0. 12,
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k5 91.23 +1.36

FHER 4 A] 1 A SC 73 A YR DN 1) TR 2R 03 331 ok
98.42% 99.06% .98. 83% .98.95% F199. 13% , %= T
HAth Ty , AT RS W R R 98. 88% , =i T
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