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Intelligent fault diagnosis for the planetary gearbox based
on the deep wide convolution Q network
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Abstract: The fault diagnosis of the planetary gearbox often relies on strong professional knowledge, and the universality of the diagnosis
model is poor. Based on deep reinforcement learning, an intelligent fault diagnosis method of the planetary gearbox using the deep wide
convolution Q network is proposed. Firstly, fault diagnosis of the planetary gearbox is resolved into a sequential decision problem, which
is described by the classification Markov decision process. The fault diagnosis simulation environment is established. Secondly, a deep
wide convolutional neural network is designed as an action-value network in the deep QQ network model to enhance the perception ability
of the environmental state. Finally, the model learns the best diagnostic policy autonomously by interacting with the environment and
according to the reward of the environment. In this way, the state identification of the planetary gearbox can be achieved. Experiment
and case results show that this method can effectively and accurately realize the intelligent diagnosis of the planetary gearbox under
multiple working conditions. The diagnostic accuracy is more than 99% , which enhances the generalization and universality of the
diagnosis model.
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Fig.7 Vibration signal and its spectrum under nine modes

JITE DWCQN SR Adam SEALES TR S50, 2 ) R E K
0.001 , AXAK (18) 1 S%e N 0.01,€,, 0995,
e WA 1, B KT E & E R 2 000, & LA K TikE
K 5005 “HE KN mini-batch M 128 TR E K €=5;
285 M MO S K ARG R 20 000, %8 FAEARTE] Y
SRR /N, 4 RE MR AL T 24 J (0 S st 22 il 2 R e AT
ATy WEHO. 1,

F2 HHH DWCQON MEEMSE
Table 2 Detailed parameters of the designed DWCQN

AR SEBEL Ftho N 3T
Input 2 048x1
Cl  CW=64; CH=1; CC=1; CN=16; Strides=8 256x16 J&
P1 P_size=2; P_stride=2 128x16 7
(2 CW=3; CH=1; CC=16; CN=16; Strides=1 128x16 J&
P2 P_size=2; P_stride=2 64x16 &
C3 CW=3; CH=1; CC=16; CN=32; Strides=1  64x32 J&
P3 P_size=2; P_stride=2 P2x32 1w
C4 CW=3; CH=1; CC=32; CN=32; Strides=1  32x32 J&
P4 P_size=2; P_stride=2 16x32 7%
C5 CW=3; CH=1; CC=32; CN=64; Strides=1  16x64 J&
P5 P_size=2; P_stride=2 8x64 T

Flatten6 512
FC7 Dense =100 100
FC8 Dense=K K

:: * CW .CH,CC,CN 43 3IZm BRI S8 BE | e BE 3 3 BRI R

Bud s Strides R BB AL P_
H

sizes E(’[’Eﬂij@l\ ; P,slnde =tk
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AN, Fris i By AL 2R ] python 3. 6 Keras 2. 1.6,
TensorFlow 1. 8. 0 47271k, £ Ubuntu 16. 04 #ER G
13217,CPU A1 GPU EKHL & 41T ; Intel © Xeon (R)
CPU E5-2603 v4@ 1. 70 GHzx 12, NVIDIA GeForce GTX
1080Ti 11 GB,

3.4 FERILERSH

1) PEAN SR e b

h T FESTAIREAS S T T AT A SRR R
WEFEAT PPN IS W B R PR RE . B SRR RN AT B
i N BEPL S 5 AR B TR R A
H N5, BRJE KR B — A TR AR D AR R
4T RN IR AT BRI REIVA . Horp &
YR A B HERT Z (overall accuracy, OA) fENH K2
Wi oA e bR, an=X(19) B,

K
x(t’)

test ,correct
i=1

Aoy all) L RRIAREA TSR | 2R 2 2 AR AR A
BN, AISHEA R, B0 5 Wl F 2 0A 1E 2R
BRAY ) e 2P 4

2) Xk

R T BRI T VR A RO AR SO L 3 R B S
W R 4 Bl T U R R a2 Wy vk BAR R
SVM ;A TH2H 28 ABFSTUSURAAE , A0 & M 7 25 W
U HE | WU (AR DR BB IR AR R SVM
AT 4y 2, Horp SVM 1 4% pR B R B T 48 ) 3k o AR
(RBF) , B &%H 0.01, FESZECH 1;PCA-SVM; Fi|
FE AT ( principal component analysis, PCA) ¥ 28 4>
FRERES] 15 48 15% F SVM #4740 25 MLP . Hi45#
{2 1:200 45 4%, )2 2:50 15 &} ; DNN,; H 454 H
{2 1:500 4955, )22:200 1945, )2 3:100 1145, )2 450

TRy PL R SClk [22] 5 [34 ] by iz o7 2, 4.
Alexnet )  LetNet5'™ il WDCNN'? | g4k, MLP . DNN |
Alexnet , LetNet5 . WDCNN F1fT 4 DWCQN #5558 (1) 4y A 2
2 048x1 HIPRBIE S ALY 2 « HE RN 3590 128,
22N 0.001 , Hir MLP Fi1 DNN (8ill 2k epoch N
20, Alexnet . LetNet5 5 WDCNN il %k epoch } 100,

3) IRIR L, R g

% 3 PR N4 AR 4 Fh TO0F B 3E RIE AY-F
YR uErfR, IR 3 hafIE W, 7E TH A T, Brd
DWCOQN 5 59 {1y 57 25 30 3 v B4 2% 4 99. 60% , AH 4% T
SVM .PCA-SVM MLP .DNN , Alexnet 1 LetNet5 #5715 5]
T T 22.40% . 18.21% . 30.81% | 27. 81% . 13.43% .
8. 83% , RId X} kb T H #if Se i 19 WDCNN LA/ 82 7 1
2.91% ;7E T8 B R, 4 DWCQN A5 Y i) - 1700 328 ofi:
Py 99.77% , # B T SVM, PCA-SVM ., MLP . DNN |
Alexnet . LetNetS A1 WDCNN 12 Wi A5 51 43 Bl 42 F+ T 35% |
30. 09% .40. 34% .35.51% 9.22% .16.24% i 1. 09% ; 1E
T CF, R DWCQN L 1) o P 38 S50k - 34 ) i
HERIRN 99. 13% AT L3R 7 F2 Wik Bl T+ T
29% . 23.56% . 35.63% . 36.54% . 14.20% . 20.00% I
1.73% ;£ T0L D R, fird DWCOQN 5 i) L3742 LB IF
SR AERA R 99. 82% , HI%E T SVM  PCA-SVM \MLP |
DNN ., Alexnet . LetNet5 F1 WDCNN J5 ¥ 4> % 42 7+ T
20.29% . 12.65% . 11.38% . 7.86% . 11.46% . 11.25% Fl
2.03%, fE4FTHT, it DWCQN J5 ik B2 Wi i %
RSEIIME (average, AVG)IREIT 99. 58% , 4T Lik 7 Ff
DAy T T 26.67% 21 13% | 29.55% ., 26. 83% .
12. 08% ,14. 08% F1 1. 94% , AN, ASCHTHE DWCQN Jrik
B AT 28 SOt v B 23 B B o 25 7 4 R TR 43 51
0.25% 0. 07% .0.36% F1 0. 13% , AH % T Ho Al 7 5 %,
DWCQN AR W A v A B i Wi e v

®3 FARAETEFRZXEIEH BEEBELE

Table 3 Testing OA comparisons of different methods of five-fold cross-validation %
4 FORTR L
YIRS AVG
A B C D

SVM 77.20+0. 34 64.77+0.43 70. 13+0. 96 79.53+0.72 72.91+0. 61
PCA-SVM 81.39+0.29 69. 68+0. 47 75.57+0. 83 87.17+0. 41 78.45+0. 50
MLP 68.79+2. 25 59.40+1. 69 63. 50+0. 98 88.44+0. 58 70.03+1. 38
DNN 71.79+1.90 64.26+2.25 62.99+1. 28 91.96+2. 11 72.75+1. 89
Alexnet 86. 17+4. 49 90. 55+2.23 84.93+2.29 88.36+1.73 87.50+2. 69
LeNet5 90. 77+2. 56 83.53+4.08 79.13+4. 28 88.57+1.28 85.50+3. 05
WDCNN 96. 69+2. 52 98.68+1. 36 97.40=+1. 33 97.79+1.97 97.64+1. 80
DWCQN 99. 60+0. 25 99. 77+0. 07 99. 13+0. 36 99. 82+0. 13 99. 58+0. 20
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FAFRAETILA T 8 Fh oy 0y Sl st [a]
XFE . B FAS SO 5 i s Wi AR AR i 5 PR
AT 28 H. AW aAS | TR P S5 R 22 ol A 7 S s
T DA O S R A FERS . AAFE 4 W45, SVM  PCA-
SVM, MLP ,DNN . Alexnet ., LetNet5 1 WDCNN 4 5 ¢ T.
LA T B YN 2R FE B 43 R 10.93,6.56 ., 16. 98
23.21.171. 21, 154. 66, 280. 55 s, Ifii 7 3C J7 ¥ 41 /5 ik
50 887.93 s, H:H PCA-SVM [t SVM FERHI , {1 X 45 E
R4k JE 5 A SVM BLR [ RRAiE B/ T SR TS5 AR AR
2R AEIZ W RS 5, I3 E) 4 1) — J8 T v X AN
Ko FETHL AR HTIR 7 B0 5k 07 X0 FE 3 53 R
3.62.2.35.0.27.0.34.0.51.0.55 F10. 68 s, A& )M
MEAFERHL A 0. 38 s, EL 2 e WDCNN AR, 33 /2 K oy
ARSCTTEPRT Q MZE A5y sz it

g5 It 4 FORTE A T00R88 , AT SVM MLP |
DNN | Alexnet 55 J7 1%, A SCHT 4 J7 1 BA B 4712 Wrid H
PRz AL, BEASIE N 2 Fp T80 N AT 2 IS R A8 Y iR 12
Writs oK . HARBERIZE VI 2 b 75 B 5 IR AT 2 1., I 2%
A 1A, F S 3 B AR 4 B I AR IZ W SR W I, DX 1 12
VB[ SRS i) — 4 7 95 S s 18 00 3 ) 4 22 T8 L, SR
AW EIA 0. 11 ms,

v MTF ORCF

o HEA

CTF

60, .

O SWF

F4 BHENFHRELE
Table 4 Average elapsed time of each method s

Tk YR ) -2 i )
SVM 10. 93+0. 05 3.62+0.018
PCA-SVM 6.56+0.03 2.35+0.01
MLP 16. 98+0. 46 0.27x0. 01
DNN 23.21+0. 60 0.34+0.03
Alexnet 171.21+3. 15 0.51+0.02
LeNet5 154. 66£3. 76 0.55+0.03
WDCNN 280. 55+2. 83 0.68+0.02
DWCON 50 887.93+386. 40 0.38+0.01
4)t-SNE "] fAk o #r

T WG REARAE TR BE AL ST HESL TR BT 2= 1 AR
RS, AR TR &2 AR 22 T RE 7 B L
Bl A 55 5 Pz T AR AAE A 21T 4 Eval-Net F7
A% A A 434 BELAR I 5 A (t-distributed stochastic
neighbor embedding, t-SNE) D3SIps i m & 222 T 381 fih) 125 4
IR R 2 4k 2 u] HEAT T A4, anIE 8 R, Hor,
K1 8(a) ~ (e) Ay 4> 4 - Ak 41 & 48 AF J5 19 a5
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>BWF CWF @ IRF AIRF
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Fig. 8 Feature visualization results of t-SNE after Sth-fold testing samples input to DWCQN under working condition A
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HUME, R 158 5 RIS, SRS EEA S
ToEanl oy RIERAR K AR /N N 8 () Rl 122
W AEIRIR FCT 5 3t — 47 R 1 ARZS 6] (9 8 ik 2 A B
B4/ T IENER A RS YRR AE AT 2P B A

SR AIET 8 AT H A SO BT B A R LA i 11
A SRR ST BE T, RS 1E B2 12 Wi SR s 18 & T S BEXS
FORAS B R 73, FETHS WA HERR 1

4 R

4.1 HIEHAA

AT R U FAY BB 648 09 4R 20 W s i —
X6} T S WY (1) O A2 A A T S B B E
IR R B SNy 2395 2 N g (295 2 N
SRR AT RS 8. 25 em,, SLEGTE
FAH AL S R G A L IAT, R G RS
100 kHz, 2T B IHHLAFEFE AR A AR By 52, X
FLK S50 v BT HIL A B AR 4 0l AR LR I Bl 96. 28
144. 42 240. 69 336.97 F1481.38 N-m | 315 4R 3h %
PEVESIARRI MRS, FE, 76 iR BE T, g 4
A 10 KETHLE RS IR (K=10) 5 5 254k
FRARASFN 5 MRS . TE S RSN K,
UG T 5 A5 R SR AR X RG4S 15 5 Ab B BRI 1Y
Wi Ry 20 kHz, IEF B 2RORE T R IE S5 K E R
3584 000, Jf-#e MR 1Al 2 SE4T B0 40 #), BASFEAR K E R
1x2 048, K, B2 B AL A8 9 RER LA 1 750
AFEAR IZBIREIA 17 500 MEA
4.2 Rtk

5 FR K 8 MO ik B AT A LRI 25 5 .
5 vl M, DWCQN 77 ¥ #9347 Il 25 o o % 15 3
99. 73% A0 TAE S () SVM F1 PCA-SVM 43 J48 T+ T
3.67% .1.77%, [t WDCNN #£F T 0.67 %, X % 1
DWCON AIE I gt ik 3 T 84 R SUR  i2 Wi ik
TRREE 7 ) B BAF 2 W R W% . BAR, MLP \DNN | Alexnet
H1 LeNetS 7EVIZRAE I HERG R Y8 T 99. 5% , HAE T
WDCNN 1 DWCQN A& | {H 530 SRR 7 AL T B v A
R T 98% , 15 A (17 fb BE Sy AS 2, T A 3C T 4
DWCOQN A5 B 7E MR A L 0 vERf 5 51 99. 65% , W Ir
P BA Bz e, b, X% T SVM |, PCA-
SVM MLP .DNN  Alexnet il LeNet5, fiff#£ DWCQN 7£ i3,
A& E 7 200 o o R A i R TE T 3.75% (1. 78% |
1.90% 1. 85% 1. 88% Fll 1. 77% , R AHAS T 24 B 1
WDCNN 32T 0. 73% , b4k, DWCQN A7 7E ) L 4
LA SRR bR E2E R 0. 40% , R B2 Wi B R B A
BRIz Wit et

x5 BAEFTHEHZXWIENMREBELLR
Table 5 Testing accuracy of different methods of five-fold

cross-validation %

7k SEEINZRS Wi SRR
SVM 96. 06+0. 08 95.90+0. 28
PCA-SVM 97.96+0. 03 97. 87+0. 06
MLP 100. 00+0. 00 97.75+0. 31
DNN 99.93+0. 15 97. 80+0. 80
Alexnet 99. 80+0. 36 97.77+0. 55
LeNet5 100. 00+0. 00 97. 88+0. 36
WDCNN 99.06=+1. 81 98.92+2.03
DWCQN 99.73+0. 30 99. 65+0. 40
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