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A multimode coupled input neural network for rotating machinery fault
diagnosis in noisy environment

YAO Jia-qi, JING Hua, ZHAO Chun-hui®
(College of Control Science and Engineering, Zhejiang University, Hangzhou 310027, China)

Abstract: Rotating machinery equipment is the key equipment in industrial production, which is of great significance
to carry out efficient fault diagnosis for industrial safety production. The traditional intelligent fault diagnosis method
of rotating machinery adopts the strategy of artificial feature extraction, which has the limitations of relying on expert
experience knowledge, poor feature generalization and insufficient feature completeness, leading to poor precision of the
fault diagnosis model, especially in the noisy environment. To solve the above problems, a multimode coupled input
neural network model for rotating machinery fault diagnosis is proposed. Firstly, the raw input signal is decomposed
into several sub-signals using the signal decomposition method, and the sub-signals are paired with the raw signal to
form a two-dimensional matrix and input into the network, so that the network can extract important related features
between the raw signal and sub-signals. In addition, the two-channel parallel convolutional neural network and long
and short-term memory network are used to extract and fuse the time-space features of signals, which greatly improves
the feature expression completeness of the network model and realizes the high-precision fault classification of rotating
machinery. The results of the experiments show that the proposed model has higher accuracy and better adaptability to
noise disturbance than traditional fault models.

Keywords: rotating machinery; fault diagnosis; deep learning; spatio-temporal feature fusion; multimode; anti-noise
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FL10 0, BN HIAE 750 I ZRAE AR 250 4
TAREEA, B ZNZREEA 7 500 MEEA, MR EEH 2 500
AFEAR, N 1 TR,

R 1 HRERARER K HARE

eS| FEAL b2
WA E4%0.007 inch 750,250 0
WA B4 0.014 inch 750,250 1
WRENARI B 4% 0.021 inch 750/250 2
WIS EL470.007 inch 750,250 3
WIS ELA£0.014 inch 750,250 4
N BA%0.021 inch 750/250 5
AR B 4% 0.007 inch 750,250 6
APIRHA EAE0.014inch 750/250 7
AP BLA%0.021 inch 750,/250 8
IE% 750/250 9
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FEAS RS2 56 vh, 4 22 0 25 31 kAR B % B N
20, F T I w28 X 24 1 /)N ik B H0OHE SR A A S =
(mini-batch size) ¥ B N 128, VI 255 RE AN £\
A 22 X 2 FT A BEATLFT L. FH T 0T bl S 0 f 158 2
# WDCNNP4| XGBoost!?!, SVMP26 FI KNNPZ7!, H
1 WDCNN & — P T e S AT U s e 12 W 1 iy 28] i
LA W 25 4557, 1T XGBoost« SVM Al KNN &£ 4¢
IIBLER 22 ) o3 AR A SO P B AL (R PR R S
T AR IR AT 6T bE DASRAIE BT 32t A 2 1 A R R
e

F1F Il 25 XGBoost.  SVM Fil KNN ## 7 fiff ) 7
RVRFAIE 432 2 i 7, e Ak B FH 21 (R R AR 350 SR R FH AR 3))
T 50 e e ATLBRE AT B 2 T I ) R AR AL, [
WDCNN ()8 N A 28 3 3 — fh A B 1) i a6 PR 20 15
5,2 H B BN SR URFAE.

*2 ATHEFHIER

5 AR
TagEk %2:‘: ]
I %2; (i — 2)?
W f max(|z;])
HRREB T max(|z \)/(%2\/;2,)2
e %Z:‘Zx
VIR T max(|a.]) /| = 2: :
7 iR > a2/

=
B max(|ai]) /| §_j il
i %ilrf
FEARI-T 3

Vg W 43 SR AE R R A 9 T PG A B PR B 1Y 45
b, HoE R R
%ﬂfﬁiﬁﬁzﬁ x100%.  (17)

FESEBR Tk A =3B SR B (B A A TR 2%
R TCVF R G R It SR A 12 s A B
—EMIPTERE SR8 B AR PR IR R (e R 2R
T4 5 08 75 i R AR AR A 1, AR M S 75 W 0 b AR
IR S BRSO TR AT BE IS I L SN 3 5, A
PUMERE TR IR T, A BT R o i i I 2515 2, 1T

accuracy =

IR S 0N A (] 5 B 4 n 42 v 7 ey g s, DA XA

TR 52 AN [ 53k P55 M 75 52 ) S (1) PR .
AR SC KA W LU AE Sy 5 M 75 ik P /K O 4R A, L
SNRyp = 101og10(@>. (18)

noise

Hort: Pgna WALFE 5 HA R0, BALH R A5 5
PVELIIR(E 55 Puose N HIA 2T 5.

8 MR AAAE 5 5 INMR A5 5 ) I S AT ML X L,
Horh S5 5 RSty —4 dB. W LAE Y, IR (5
TR RS AL 5 A B TR A 2 v W A AR AR
FEBUE K T BRI P

% 1
g
E
8
8
g -1
0 0.02  0.04 0.06
t/s
(a) JREEIRBNS S AT WAL
ol
g
E 0
=
5
< -1
Q
2

0 0.02 0.04 0.06
t/s

(b) DRSNS SR AT AL
E 8 FisiRaNES SR iRENE S FHE AT LTt
34 LR
FEAN XS DU ER N 75 80 155 00, 0 I R 007 1) 25
FPREAY AT I, LS50 25 AN 3R 3 .
*3 BEBERRAMEIEISEERE (XIRH)

Tiik HERH /%
MCINN 99.96
WDCNN 99.64
XGBoost 96.04

SVM 92.84

KNN 95.12

H1 3% 3 7] LU 21, AT HASE 28 1) fE i 236 i et ik
5T XGBoost %1% G b1 2% = > B (¥ i B2 W7 )5 vk,
FHAZ WS FE #1100 Y.

o N AN [ 5 5 e 7 ) 0 R ) s 8 S 1)
9 iR, 7E e A 5o N, N T3 B4R T s =
ZATE, (15 XGBoost 55 15 Gl 2 > A5 L i AH
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BT AE TG M 7 BRI KR BRAIC, HE LA 2 S Bs A 7
5 3R T A SC RT3 R 2 R A% B8 5 A% MR LS
5 ) B ELRRAE, DN Ut O AE —4 dB {3 M LE 1Y) R g
B P HERIRIE B T 78.68 Yo, F2IT 80 %o, 5 WDCNN
B A KR R T

N T SR AR U7V T e R 2 W AR A AR
HE KB R, I FH t-SNE J5 A0S 5 1 JR 4R FF1E 3 A
DA Kt 25 X 5% B B PRV R AE 33047 B 4 5 T AL, P
FH IR 15 e L ol —4 dB 2 M A 15 5 a4,
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0 ‘fil\z Fsii i . 0} &
1 ) L 2 12°%°,0¢ 0 i %
100 L L 40 K .
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(b) WDCNN $HE R 43 A7

(c) MCINN FEHL 2 HREAE 7 A7

B 10 JRIETRENESHHES 75 5 AHHE W& IR ENEI R FHE 2 R4 T E

L L 10 W] LUK IR, BT 7S (1 520, {5 5
() Ji 46 R AIE o0 A 5 VR L, 1R M B E I 4 K A gk
AT 70 28, T AR SCFT 4 HH R 4 28 TR 288 A 4 T — M A
B EIE1E 55 N B WDCNN B &2 5808 58 4 s $2 BURy
fiE. MCINN JIr 2 B3 1) [7] — > S8 0 (R R AiE 23 A1 BN
B2, AN [F) S 01 (PR AIE 23 A7 B A o0 5, (8 T 7 2K
HEAT MRS 28, NG AIE T BT Hh AR 78 i g P 340
BN M2 0 Rk
4 & ®

BN A% GubLAE 5 2] D5 1R AT e e ML 3 %
B R M A2 W I RO T R R FNIR L RRIEZ AT
22 UL SRR AE SR BOAS 58 4% 45 ) B, A SCHR T — A H
T B ALK i B 12 W 1K) 22 RS A i N P 2 IR 246
(multimode coupled input neural network, MCINN) £
R Z AR M A N B3 1 A 8 R 3 o Sk B e
NI T7 IR T RURFAIE 235 1) 52 4% 1, [R] I 1] FH A A0
FHZE X 2% 5 K AT I IC P 42 I 2% B Sh e R BNE 5
Hp B 1 25 ] JR) SRR A A P R AE R, AT A A5
TR B e B R A2 Wk . A SR CWRU R 3
A PR AR SR BRAIE 1 T R LR DTV SR IR )RR AIE 23
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FLAT 15 99.96 To (KIHEA R, w2 ks FZ 4R T 91 2,
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