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HIH AT 15 5 A9 B H0fE B ik A8 3 (discrete Fourier
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Al AN RAEAR AR RAE AN SRk 2R 7Y AM-
CNN Hl7R 12 Wik A Sy fd i B BL BT MR RE ), %
AMCNN 1—JZ1% 4 dropout JZ

1 EARHE WL

CNN 1 HE 7 25 44 fy 1F 1] 1% £ 7 B2 1) 4% #5240
B IR AR S R0 i B e 1 1 A A
b, IEmEREHZ DN ERZE WAE LA 5 2%
MR, GRUZE I H B2 A AR 8 45 2
RGBT R RRE . CNN IR B2 an T,
1.1 BiEfE#&

$B1 B

BT BT e R i B R 2y
R N A AV =L LR EPCN U EU N I I
MERERE 7R Ho A 26 N RRAEAE M n i, R
W LA BRUZIE | MR E SR b RHEHE )
KT ! M R ik b

yi= Xy xwi+b; (1)
o, y! 2 L ETURME | A AR RS

B} 2 ftEinifEl

TEH iy A W5 30 A Lk R B T it B AR
Y#E1K (batch normalization, BN) RJ /b PN #50 J7 22 1
RO, IR B i 22 0 248 ) N kah A 308 fuli e A 8580
I3AT AR S0 . B AR )Z B EHE R AT
PRI R DS, LURE S Bl FE R % o Gl IR 2 PR R
BB BE BARAS AT LAyl ol 28 o 2% (1) 2 B8 LA T AR
ek, BN JZAVHARIT

_L m l
MB_m ; Yi (2)
1 m
=" (i-m)’ (3)
m ;-
1
N Vi M
yﬁ=27“ (4)
Oy + &
2 =7y +B (5)

AP m 2B/ MIEE S y (BH & 2 RIERUE
FEMET N — A/ NEEL, v, B B AR (L2

B,z 1A BN ZH05E AN

FB3 SR

e UL ) P PRESCR A8 E 26 1 BR T (rectified
linear unit,ReLU) " | ReLU fi#tth 1T S 5 Jay 6 JiF
B E RS B2 2 i [l @, fin i CNN I8, ReLU
ORERGS (I

¢, =R(z) (6)
K, R R RellU PTG MR, o) I 20 MG 455 .

$B4 ik

b AR 2 T LA R /N B ) RSE, AR AT LA
bR i EL AT AR ad iA T S R e
() Fe AR T2 BT T 4G4 i F

dﬁ:max{Ui} (7)
K, U, R ' 0I5 | MFIERRE

HEE 5 SoftMax [T

FEAR 25 N 25 (1 % H 0E A SoftMax 4328 22 i, 44
TaiEH)Z . SoftMax A1 ALY AT DLUJE: FF k43
REERR) 2R 2 B e 2 R 45 (g e ol
7R T 1 W TR | I N i = G e e O e
HAEARIT

yi,:S<di) =

= ()
> e
SRy R R 5 | AR, S () R
SoftMax FA%K,d, FRICEIEME i Ml n R
I 4 08 (19 B h
1.2 REfEE

$E6 X

A8 SRS VA 1 22 I 2 5t IS AT B A T
TR () U 4957 5 B SRS M 2 IR RS . B A
SO FRE y' (58 ST 2 190 2% 0 5000 43 A
y R T

H(y™y') = - Zy,;‘lgy’ (9)
A HGy y) LT My Eik y MM Y
T S 25 T 245 O 2 FRB, 2458 SR A28/
22 [ 4% (1 T 1230 B

SEBT Bk R

R RO 2 AL B bR R, R
Y B AL (A5 07 R R /M B b 45 o B
/I U T S S R R | L

L(w,b) =H(y ,y') +B 2, W’ (10)
A L(w,b) IR RE, T w Rl b BB




- 102 - R TRAE2AR (A AR

2020 4F

L2 EMMEREG D, wh N IE NI, A w

B A, LLBG ki FE LG
SRS BAE R
T8 b R R Rk R () S AT AR S
aw/(1
wo=wl —a 2 L(w.b) (11)
awij

bﬁ:bﬁ—a&L(w,b) (12)

Ao %, M) g e s b . NN
AN R SR [17]
2 EHAMELWEANET

2.1 ZERWERLE

NG TR RGN ARG e SRR AR SO
XU R AR AR5, SR F AMCNN A5 Sfe 348 i A 7
FEBURFIEBE T, 32 B UG FE . T4 5 ) AMCNN
PUNBALEE ST T 12 2R 146 1| M AJZ 5 6
FUZ 4 M Ab)2 1 D2 1 AR 2R 5 =
GRZRHAZAZER, RN @ BN 7kt 5o it
TTAbFE, BN J2(E154 A BNZZ M 7% A U HE
LA R B IX B DL SR BT O
2.2 HiE&EiEE

B AL 3G 5 A A B IR AS i 7 =S
I KA 3 19 8 A H bR, AMCNN #5570 75 B2
KR IZREHE % TR (S5 I RRIE  7E R R
FHEE B RAEM 7 AN e AR A B, X FeR
FEDT AT LAEAIABTC K Z AR R R v BE 2 1
KA RIEHE N T 2 SR R A S i DT AT LA
PR 2 ) B G 5 1) o R

BEAh 2 2% i U it R 25 5 1 it L 7E
MR AL AR AN EE il PR 22, IR, 2Rt
FEARTFIAT =10 ~ 50 dB {55 M L A9 BE ML =5 30 11 02
A DABS A FR A AR AR R | 8055 1 28 I 2% ) A 480
Z IR ZR A BEHLES 30T A e 75 R 24 T2
FEAS Ul P 28 26 e 0065 e 0T T M AT R 3
G

P, =10w (13)

1 -
Paye=N;x(n) (14)

P
z= /Pmrandom(N) (15)

K, P, MR P AN IR, P IG5 791 171
I () G TP I, N A5 55 i s S 8L,
kSRARWR L, 2 FRORMR RS AR/, RIS FE R 28
W25 55— 2R T dropout J2 | B ELSCEREE X5
T, ARG s ph 25 0 2800 R RS BT T e

IS R R R B AL LSS R an 18] 1 i
IR B WA S AT IR B IR SR AE S A
AT A, SR, I8 A5 2 A R AR A I 25
IR AMCNN il AR SIS . FEYI R
L A IO VRe D DN ept | E2y = o v | L = 2
RFEACH AR S AR AT T HCRE 1, B dropout JEAE
MR,

\
p—
TR o iy b s o R

]
b j v )

: )

N 128%32(32+32+32

&= 128x128

32x128

32x128 |

8x128

1 RS R R A

Fig.1 Bearing fault identification model
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G3IEFIARIC s HK, Tl AR 7 e I 7S S AN T i B 1Y)
WRENE5 55 Z BN 5 %
3.1 HiE#

SRR B ST PUfif K 2% (Case Western
Reserve University, CWRU ) i 7K 5 B {5 5, £ B T
A5 OB A AR T N Y 10 28000 43 i)k B
PIFEl SR TR Sl AR B A A | R 5405 R e A
Ui 55 4% 200 EEAS SR T E & R AR Y J5 LA
SN ZRAEA B B i, B N REAS K EE g 2 048 (3
P05 43 9] >R HY H8 JCAE i T 0,177 8.,0.355 6,
0.533 4 mm LU ) |, 53 A e 5 IE AR 3L 10
BB, SRR N 12 kHz, YA R A rh g REAS
AR 401, SEEBERTEAN A 2 WCHR[18 ]
3.2 BB

AMCNN BRI 2SR 1,

F£ 1 FIEH AMCNN #5250
Table 1  Parameters of the AMCNN model

2 )2 Ny AN BAE Hl ReE
Convl 1 x64 1x1 16 2048 x16
Poolingl 1 x4 1 x4 16 512 %16
Conv2 1 x4 1x1 32 512 %16
Pooling2 1 x4 1 x4 32 128 x32
Com3_1  1xI 1x1 32 128 x32
Com32  1x4 1x1 32 128 x32
Com?3 Comv3_3  1x8 1 x1 32 128 x32
Com3_4  1x16 1x1 32 128 x32
Concatenate 128 x 128
Convd 1 x4 1x1 128 128128
Pooling3 1 x4 1 x4 128 32 x 128
Convs 1 x4 1x1 128 32 %128
Poolingd 1 x4 1 x4 128 8 x 128
Fully-connected 100 1 100 x 1
SoftMax 10 1 10

TESEE Hd FH A T2 CNN 2544 1 5 2580 4
JEMACE A, B S A IR ZE A SoftMax 2, H
155 3 R B BUZJE h 26 U 4Lk, 5256 4l H
Google [ TensorFlow T EHAFSLH, 2H—NER N
IR/ R 1 x 64, A 18 1S — BN AT LU 2
PUFHAER 5 3 E2 BRI 430N
Ix1.1x4.1x8.1x16, &N E 4R
HRRE oo, o HL M BB 8 T 473 P TR A
5, BRUZHRNERNN 1 x4, 5405 RECH Re-

LU, WA R R e R Ak, 762 45 BUZ 4 i 4%
JEZ 5 A — A T EGE CNN BTERE
3.3 CNN #=HEWATHL

AT R CNN Y25 A i T Ak e 7 5 Y
FROESRIBGEFE . EH ¢ 0 A BEAL U R A (t-distrib-
uted stochastic neighbor embedding, t-SNE ) 5. | il
BT BAT 2R R S AR LU WA I Y
R T S v ) LA, o v 4 B [ IR 2 2 4
DAHEAT AT ARAL , SRR (LAY EE B 75 ST, AR B %
fEEir L, K2 i 7 NN ERUZE T -SNE
Ji SR 1000 ANIUREAS (1 R A 234 1Y AT AL
R I 2 ATLUE Y TR BARIE S AT 1 v, 4%
FMRHE A AT 401 (B R 2 2 &
AN RRIE SR 58 20T 731

]
ofs
Conv3

01 ®2 93094
@5 96 @7 @8
9% @10

. ‘
7 ® &
Conv4 Conv5 FC

B2 MRREAS YRR 2 A ]
Fig.2  Characteristic distributions of test samples

A AT D Bl JE TR R A5 Bk B AT 73
RN R TR A2 =R 2B G & RHIE
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OyATAT WA Xy AT L 2% s B TR R 03 2
PR R OB/ R, WA 1T R A
RITER B 5328 ARk
3.4 FEREIK

HF AR Sl S A Y 5 A A Y R AT X FE B iR AN
ARSI RERIIL S o O T A3 A SC IR 28 AR R 4
PR ROCR I T 3 FEIE G IE 1 #1458 CNN
FI AMCNN #7405 L, 148 CNN 2544 rh JE 2 146 11
¥, HAMZHS AMCNN 24080158 2 Il A 2
AEVIGRAEA IS IR S T2 3 B & 2R iR
dropout )22 /E & AMCNN D] 265 55 7R 1) 2 — )2, Hop
dropout MR 509 1 5

22 P T ARG MR L IRET T 4 Fhor R Ay
TR TE A 4

AMCNN 3T T 42 H 08 5 4, 0 I ke A gt
TN ALHE | 25— )24 dropout JZ ; CNN A 1% 48
CNNZE R I S5 ke A Jin g | 25 — )2 A dropout J2 5
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Table 2 Accuracy of different models in different

environments

PHAER 2/ %

SNR/dB AMCNN CNN /A\MCNN AMCNN

(JG dropout)  (SRMME)
-10 36. 00 15.25 21.30 12.01
-8 50. 94 39.70 33.15 24.41
-6 65.33 58. 60 55.30 44.57
-4 83.81 68. 10 79. 40 80. 35
-2 94.21 84. 15 91.50 93. 28
0 97. 85 93.95 94. 95 96. 61
2 98.59 97. 60 95.50 97.12
4 99. 16 96. 85 97. 45 98. 58
6 99. 46 99. 20 99. 15 99. 18
8 99. 60 99. 45 99. 85 99.91
10 99. 66 99.70 99.75 99. 98

AMCNN ( JC dropout ) #5254 % F AMCNN %544, Y1125
FEAANE | 55— )2 TC dropout JZ ; AMCNN ( AN ) A5
AU R H] AMCNN Z548) IR AR N 55— )2 R
dropout =

%2 ATLLAE 1,24 SNR R 10 dB B, i3 #5578
1 5 O A AR B (530 100% B IERR) , Bl
SNR Ay, CNN A HERR P KR P2+, CNN AEAY
AMCNN (& dropout ) 157  AMCNN ( A Mgt ) #2750 7
SNR M - 10dB [ 7}3] 10 dB B, IE#HE M 10% ~
20% Y% b IFEIFERE 100% , AHEEZ R, AMCNN 4
it MFaE, N - 10 dB F ) 36% #) 10 dB F
99.66% , AMCNN F5 %I 7E = B 75 PR BE T 9 1E 1 %
ABR A T H AR 4N 7E - 10 dB R, AMCNN #
AU 5 LAY S R 15% ~25% IR AR
SCRTHR TR R, B 7R MR 75 3R B T R A0 i bt M
RE 7RI 5 1) 12 T R

Bl {5 e H i BT, 4 AR 00 1E A SR 1
S BT AR AEEE ST 6 dB BSR4 AL
RURTR S IE B R A RE 2 3A B 99% LA I, AMCNN 7
T 55 A A R A FU R 1 IE B R 22 {H /N T 0.32%
AR HEE (FME L —25 T 4 AN BRI E A R
1) 2 I 2= 8k B /N 41420 100% , (H7E 1y M 75
FRES R, AMCNN #5815 CNN B84 [, 78 - 10 dB
TR IR S E 6% e 20.75% , 16 -8 dB FR4ET
i 11, 24% RUITE = A MG T AMCNN B8
&4 CNN A BUZE BT RE ) LoE AL, [R) 3, LA AM-

CNN #iAI 5 AMCNN ( JG dropout ) FE7 , AMCNN #5
RIAIR ) E AR AE - 10 dB 355 F i i 14, 70% , 78
-8 dB PREE P 17. 79% , 1 AMCNN R ()55 —
JZHIA dropout JZ 2 8 £ 18 I R A 55 MR A T 1)
FEIUHE NN R A, b A O AT Y AMCNN A5 70 HL A B
UFHIPTMEAE S, L AMCNN B 5 AMCNN (&S
M) AL AMCNN #5574 (19 15 1) 1E B 6 76 - 10 dB 3F
BT & 23.99% 78 -8 dB 385 F & i 26.53%
FE I AN P Y55 78 B REAS T DA AR AR ) 3
A AR B R E = s A R BRI, 25
I S S  IOIE T 7R IR IR AR SC TR AR AR
REA S R B IR 26 (35 99% LA L) | [A] I 7 e Mg
RS ARSI B R 4y FLA A R0t EE L b A AR
HUA T = 1R %

2% 3 K I FF m) & AL (support vector machine,
SVM) IR B 22 M 4% (DNN) . convolutional neural
networks with wide first-layer kernels ( WDCNN) ')
ZJ2IBATE (MLP) ZE R AR (51 L -5 dB# 0 dB
IR T X b AR 5 B P O IR A R

&3 -5dB F 0 dB FREET A S SR KU IE
Table 3 Average accuracy of different models in the

range —5dB to 0 dB

HERY P ERR/ %
SVM 84. 48
DNN 59.03
WDCNN! 2! 80. 81
MLP 38.14
AMCNN 94,21

H % 3 LA S R mT DL Y AR SO O i 7
G =5 dB £ 0 dB 5% M 75 FREE T A9 73451
HER R 2 T A vk, EERFR IR ik
AT DUA S0 D ABSCHE v 2 2] BEACHRRAE  SVM S54%
07 R I RCRAEAR KRR O F N T 2425 [FRT,
AR SCER X WP PR BT X AR AR R AT T et LRI Y
R FL A3 M 28 I 48 SR T A A S o e 7 3R 5
WCHE T IR AR S5 F R S50, A2 IR RRAE 4R rh ik R i
TR RRIE 5B O 5 R M 1 — S8 B R A )5, 12 7
SRR UEE . 5N THRIBUHE AL S T7
PR TR EE 2 2] 7 A B, AR SCHR 8 vk H s 4
fIE2E 2 BB IR K

4 #ib
(1) ARSCHEH T — Rt el B i e R
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R AMCNN, S5 WA~ EZ AP TR 45 0, Bl 285
FUZASMIN dropout )2 , Horh 224542 45 #4381 il R
) KN BT i AT 5 A T4 A B A3 s
Y[ B8, (8 A9 50 70 XoF A 2 R A B2 B AE 7 T 5
AMCNN B #4020 46 4 2 15 45, Jo 7 A Ao 2 B 1)
N TAHESRBGEAR , il B4 xR LG I e A
PEAT g A # S 3 S AR BT 48 B8 T, B dropout
JZ1E N AMCNN 55 —)2

(2) BT X M B8 T A Bl AR A5 5, BT 4R Y
AT dropout 25 K4 Fk A R AR L At 4SS R0 Xof e 75 f1 25
2V TR AR A R A B A i g ) N A A
A T o 2 0 2 P o AR TR A

(3) S0 6 TiF 245 5 3% A 45 F HA A A | A 3¢
FITHE ) AMCNN (1) R3] 285 235 F4) 70 M s PR EE T Xo) il e
KA EA TLFAIR 5, TEfF MR LN -5 dB 3 0 dB
S MRS PRI R AR IE B 94. 21%
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Bearing fault diagnosis based on an anti-noise multi-core
convolutional neural network

DONG ShaoJiang'®  YANG ShuTing' WU WenLiang'

(1. School of Mechatronics and Automotive Engineering, Chongqing Jiaotong University, Chongqing 400074 ; 2. Key Laboratory of Magnetic
Suspension Technology and Maglev Vehicle, Ministry of Education, Southwest Jiaotong University, Chengdu 610031, China)

Abstract; In view of the difficulty in diagnosing rolling bearing faults in a noisy environment, a new method for
bearing fault identification based on an anti-noise multi-core convolutional neural network ( AMCNN) is proposed.
First, the rolling bearing vibration signal is preprocessed to obtain data samples, which are divided into a training
set and a test set. Then, the bearing life state recognition model is established, and the tagged training set data
samples are input into the AMCNN for training. Finally, the trained AMCNN model is applied to the test set to out-
put the fault identification result. In the training process, in order to suppress over-fitting, the original training
samples are subjected to noise-adding processing. In order to improve the anti-jamming capability of the model, the
dropout layer is used as the first layer of the AMCNN. At last, the bearing test data is used to test the identification
model. Comparison with conventional methods shows that our method can more accurately idenfity a bearing fault in
a high noisy environment.

Key words: bearing fault diagnosis; rolling bearing; anti-noise; multi-core convolutional neural network; state

identification
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