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Abstract: The redu
structure of the drawa

important role in fixing the speed of the wire drawing roller. Due to the compact
ment and the difficulty in observing the operating status of internal parts, abnormal speed
ratio caused by gearbox teth faults is difficult to be found in time. To address the problem of missing fault diagnosis
links in the reducer of the wire drawing machine, this paper proposes a fault diagnosis method based on genetic
algorithm and improved residual network optimization attention module. Firstly, the data are cleaned by a hybrid
method of wavelet packet decomposition and band-pass filtering. Comprehensive evaluation indicators are proposed
based on the actual situation of the production workshop, and the number of wavelet packet decomposition layers is
selected according to the indicator requirements. Secondly, the residual network and attention module are improved.
Finally, the feature map after connected domain analysis and binarization is sent to the improved model for diagnosis.
The results show that the diagnostic accuracy of the proposed method is 7.32% higher than that of traditional SE-
ResNet (SE: Squeeze-and-Excitation), and 8.81% higher than that of CNN-ELM (Convolutional Neural Network-
Extreme Learning Machine). The improvement of SE module shortens the single diagnosis time of the model by 0.92 s,
which has great practical value for the maintenance of the reducer in the plastic weaving and drawing workshop.

Key words: fault diagnosis; deep learning, genetic algorithm; Squeeze-and-Excitation module; wire drawing

machine; residual network

0 5|5 (Introduction) LML H RGP R SR i T R g s 22 75 (e A= PR i AR 4G
RSB IOE TR SR 22 (R B B BEAR G, Wkigs e HIRSYEY AR s, RS A A T i s b B i

WieH H 381 2023-06-08
AW H WA RHE TR H (2022C01065) 5 #VTA4 FERA 25 0F78 11015 H (LGG21E050024)



S274 5531 ISR A < BT Ot B 2 I 4% Y L 22 ML o A e R 14 37
SRR IA) R S R F A 7 B35 B B e R A R, e 5 S AR BB EHR55 A X(D R,
2 R B 2 I 4% HH 2 G AR 22 X 4% LA BN 55 1 52 A P 7i“§ % oD
N :01,,e

TEHEIS FTRRE 7 o R LAY 5% SR FH 4% 2 I 45 4 S A 76 L i
X4 22 25 18] (A SE B T SR 38 22 X 4% 1 12 I o 1 2R 5 vk 2
Wk AT ek . IR P2 B B i R A R e L K
B ) ZE R AR T AR, BT 00 e 22 77 b A (R 2 fi 1R) e =K 5 AL
AR AN TERERELS R W AL 575 Hlig
Tk TovE R T 22 22 [ADHUAR i SRR 2 T S PR I e B (e iR Bl
O BRI AT IR ST MY L R TR 2 T A R 2
AU L B R S 1 R A 0 e o o L I AR e 5
Z ML G A IS WERE, R TR MY, £51R
S0 FARHEAR IS S B0 1A B L 40— 4 B A
LA A TR B IS . SR, LA_E TR IR R CR
BB A E S BOUE N R B A 1) B, T4 A R BUSCR 5
ZWHER 7 AT A R R B AR S BR A 5 T iz sk
s A ] A8

BRI s A SCH 1 — b B F PR Sl A5 5 i e ) o 22 R 4%,
TR 22 ZE (Rl A AR W . (AR A 57 R i e 5
T A BT O A 2 R 46, Sl i S B B E AR SCHR HH 2 W
A R0 S S R
1 #FEi2 W77 12 (Fault diagnosis process)

PRBIE 5 BR G HRBIR 5 BEAT 15 Ve $ 20 K I 30 (g
N HERMRAE B A BES 8E HEAT T E A

RS

A el

AR % H"'“‘*“‘“'*"““.W‘:”‘w‘,':.

4TS

S
¥

o { AR

SMRIEEUE T

B A | -

itk

fieabER¥L: 32
ik 0.91

33]%: 0015

BB ZER: 0.000 34

A1 #ESwEiRiizA
Fig. 1 Overall flow chart of fault diagnosis
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Fig. 2 Wavelet decomposition signal diagram
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Tab.1 Comparison of multiple indexes of different decomposition layers
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Tab.2 Comparison of model performance before and

after optimization
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Tab.3 Specified parameter value range
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Tab.4 Model hyperpar: ization results
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Tab.5 Diagnostic accuracy under different models
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