® z T & F #

Journal of Vibration Engineering

o5 34 %45 5 1)
2021 4E 10 J

Vol. 34 No. 5
Oct. 2021

E TR E Q5 3] Fi& £/l T #r B i B ML
AR 12 T 77 ik
WL R B MR, B, ARAL K R

(1. 5 PR AC R A0 38 TR ML AT R T TR S %, F K 400074
2.5 R Tl REdEAUE b oA AR, E R 400056)

8« X T AL DI 1 12 U o R A 2 T 2 R AIE 27 > BB T R DR SRR 7 5 1A R, R A B 28 T 2 0L T AL
I Q PR, 38 5T Q-learning 8 ¥ 2% o) HEMS S BUBCIRS WY , £ 0T 3 T BR EE QA >0 NI /N Dl R 4 1Y TR P LB e
L2 W5 vk o XTI S04 5 2E AT i 5 /0N D 7 J5 AT 80 I ) RLJSE R A Sl o PR IR 3 2 i, S B mEAAC S BRI Il B 28
H 3 JH CNN U4 Q-learning 1 Q bR KA BRI Q I 2% , 45 B S5 a5 ] (6 DR 25 il AL B R B2 Q IR0 4% v 2 > il e A 4 L
WA FRAE R R IR 8 e FAE 7 o) HEms B BEAACR T e 00 38 Uy sQUe SR Hh s 4, 0T 22 il o A= e 8 s A BEAT A 5 T
T RE AT PR T ) AN B 28 B2 o) LR R A Q BRI, 15 2 e HEms S LR BRS WT o X Ry SUREG T R 2 o i
HIAE S IR AL 27 > B PR SRRE T, T A ACER i T2 WTRE D o 83 A ] T 00 B S TR A A BT 147 8 A 118 T 52 2R ik
BT TR T vk A R

R SRS W e AL % S/ MR TRIE Q)
HESES: THI65. 3; THI33  XEAREE: A XEHS: 1004-4523(2021)05-1092-09

DOI:10.16385/j.cnki.issn.1004-4523.2021.05.024

5l

[l

THE B AL e e 12 W7 A o A TR 1), v i
4 A5 B S A I R AIE 1 B B 2 AR G A
R, Fh TR 28 I 455 5 R I R AIE A 2D B L (AR
JHRE 2 L ARG 55 i 12 T 401 3 A5 1) el o R

I TR FE 2 ) $E AT 12 B i, o D A A Xy
T AT ST A [R] B4 TR A 28 I 246 I R AR 2 2T i
B 5 1F 2F T S BB A2 T . s A S R A AT R
Vi 5 A B 5 R AT 2 B A A A A5 3 P B
R %% (Intrinsic Mode Function, IMF) J5 F) IR & %
FRURI 22 I 2% il e AiE A5 S D] I 1) IMLF 3R 47 i s 12
WT o 2% A SR A B A O 4% B MR B AR
B )75 2 2] Bl R BB R AR AT R R 2 T . Cao
AR 4 W18 12 M 4% (Long Short Term Memory
Networks, LSTM) F T XU AL 14 & A il i 4 452 2R
B o Chen 557X AT B 5 50 76 15 5 JEAT B8 80/ Dk A8
e 15 B et SE B A4S U2 2% (Con-
volution Neural Network, CNN) 3 47 43 2 H 51 .

Y #m B #3: 2020-03-04; 1&1T H#A: 2020-06-06

Zeng 55 XHE 5 AT S AR e £ R SRR AE 5 B, $2
T T S AR R CNN Y B S A i e iz i . LA I
Ty VR B IS T AN HE IO AR RHR o3 i 22 I 4% B
B TE B 5 — 200 JH Softmax 43 2 28 3647 4 25, ELI
Y I T R R R I 2 1 RREAE 2 S BB i 2
T YR EE I TEM 2 W 2% T AR T 3K 23 5% W12 W 45
R0 A R AT R R R AR R A R R R

W Q% > (Deep Q Network, DQN) filt & 1
TR BE 4 > B BN i g A k2 2] e Sk BE 1, B AE
PLAT I A A 20 Tz . DQNGE 1 R RE R
IRBE IR0 B8l , R R B Q I 445 ok 1 HUESCHE 1) il 42
FAE, [F] B e AR HEAT B 3 Y k2 2T L Ak
fift LS mE . DQN AL EL A VR B2 2% 2 FRAE BE J) 5
(A RE A, I HL A R A2 2] DR RE T Bk i A B 1l LA
W BE 2 e B A B R T .

W, PRSI E A, T E AR fF 5
b it FErh B G R B PR s A5 5 1 A B AT
SR Al 2k 1 R AL D B AR A3 AT O T R A 4
B A3 A5 8 TR A R T R B Q I 2% 2 o] REAE R o
T o UL B B A A3 AT T i v, S B A 6 R A A 43

HETB: BR ARSI E (51975079) ; B Z #4408 & 11X (2018 YFB1306601) 5 T JK 1l 21 % B} 2% H R0 5%
I H (KJQN201900721) s H P11 H 4R Bl 24 5L 4 % Bh I H (estc2016jcyjA0467) 5 15 PR T AL &T X Bk 24 3 AR R H AR A1)
5 R A~ Ya I H (2020-6)



o5

R |, 3% 22 /N P AF e (Continuous Wavelet Trans-
fer, CWT) H A 1R 58 (19 5545 5 K0G8 J1 , AH XS T 55
R/ INIBE AN — R ] /0N il AT AN B e A T G R Tt B 1
SUETHOCR T CW T X IG5 5 3 47 78 46 4R 4 15 (1)
REETE

25 BT IR BRI TR Qo o) R 2N R
e 1 Jie B MLk R 12 W 7 12 o SR AT CW T X 3R
ARV R 5 AT TUAL 1, 42 9 H5 s 1 = 4 i []
FUBERFAEAR L, LA A ] U2 46 B AL 2 ) PR AR A 8
[, 25, FH CNN #l 4 Q-learning H1 B Q 2R 4L, ¥
P55 3R T AR 2 i A B R B Q I 2% o 2 o i e R
P BARBIRS R AE R R, IF 9 I RAE 2% 2] S ms . T
L AR A 5 PR BT )N W A2 B 2E ) LU KAk Q B
A A5 2 Fe O0 SR, AT S5 30 E e ML 12 T
3k AN [R] T FUAS TR R A S T 1A 0 A B 12 B 52
R T BB 05 ik 1 ) AT 1 AT R

o

EZENETRMNREQEIEE
1.1 ESNETREE

BB yeLl” (R)NLY(R)FF H ¢(0)=0,H y &
0 47 05885 7] LS 21— 72 pR B
=0 (1)
K a,0€R,aF#0, Wy, , IS /NI, a R i 45
T 0 BN F  w RN . o BT O3S i L2/
MITEAR L & F T 08 % S /NI I 6 o

XF FAT 2 R B () €L (R) |, ) H: 34 2 /N I A8 e
5E L

Wi(a,6)=<f, pos >=|a| *.

_1
CES |a| “y(

. — (2)
[ rawtt="a

AP <, > FRTREN B, v (1) F R (0
CE SR

3 RN o SERS R b TN RIS B AR T
EE AN AR BB W (a,b), M55 5% T 0
TS AF DL, D) 25 50 K, A 434 7 B ) R 3 AR ST
AT b5 Ak 295 Sy v R R ek e, R 2 DU Rk
3 5t AN ] fy RO 7S e, B 415 B 2 MU I W (a, b)
At 0% 220 T 11 1355 (9 — 4k i 1] R 45 AE . Morlet /i
5 LB 2 A W 7 A i o £ S TR A B
e 3 Sy kAN

1.2 REQMZ

SRAL S S AL DA JE R R RE AR EREIR S 8h
VB 5. Az B A2 ) il B 1R .

BRA-RE 45 ¢ T VR Q2 S0 % /N i s 1 R LB 14y v 1093
Wi
R |2 Hfka
iy

£ I e 4

Fig.1 The diagram of interactive learning
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Tab.7 Sample size of two working conditions

HARIFS  20Hz2V 30Hz2V St
0 40 10 50
1 45 15 60
2 50 20 70
3 55 25 80
4 60 30 90
5 65 35 100
6 70 40 110
7 75 45 120
8 80 50 130
9 85 55 140
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Fig. 10 The accuracy of gear fault diagnosis under different

sample size
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Tab.8 Gear and bearing fault diagnosis

Ty 20Hz0V  30Hz2V T
CNN 73.90% 53.81% 63.86%
ST-+CNN 83.70% 80.25% 81.98%
STFT+CNN 86.44% 92.10% 89.27%
CWT-+CNN 98.10% 91.78% 94.94%
BTk 99.91% 96.79% 98.35%
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Tab.9 Time comparison
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Fault diagnosis method of rotating machinery based on deep Q-learning

and continuous wavelet transform

CHEN Ren-ziang', ZHOU Jun', HU Xiao-Lin*, HAN Xing-bo', ZHU Sun-ke', ZHANG Xiao'
(1.Chongging Engineering Laboratory for Transportation Engineering Application Robot, Chongqing Jiaotong University,
Chongqing 400074, China; 2.Chongging Innovation Center of Industrial Big-Data Co. Ltd., Chongging 400056, China)

Abstract: To solve the problems of strong neural network feature learning and weak decision-making ability in fault diagnosis of ro-
tating machinery, a convolutional neural network (CNN) is used to fit the Q function in reinforcement learning, and the learning
strategy is implemented by the Q-learning algorithm. For fault diagnosis, a fault diagnosis method for rotating machinery based on
deep Q-learning and continuous wavelet transform is proposed. A continuous wavelet transform is performed on the vibration signal
to obtain a time-scale matrix, and an environmental state space is constructed for the interaction between the agent and the environ-
ment. CNN is used to fit the Q function in Q-learning to obtain a deep Q network to convert the environment. The returned state is
input to the deep Q network to learn the specific state feature representation of the fault data, and the learning strategy is character-
ized accordingly. The agent uses e-greedy mode to decide the action and reward generator to evaluate the action. The agent continu-
ously interacts with the environment to maximize the Q function value and obtain the optimal strategy for fault diagnosis. This
method combines the perceptual ability of deep learning and the decision-making ability of reinforcement learning, so as to effective-
ly improve the diagnostic ability. The effectiveness of the proposed method is proved by the fault diagnosis experiments of gearbox

under different working conditions and different sample sizes.
Key words: fault diagnosis; rotating machinery; continuous wavelet transform; deep Q-learning
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