537 % 4 W fin =2 3 71 2 )% Vol. 37 No.4
20224 4 H Journal of Aerospace Power Apr. 2022

X EH S :1000-8055(2022)04-0848-08 doi: 10. 13224/j. enki. jasp. 20210221

HEF it GWO-LightGBM K
% B 5 A R FN PR 12 BT

REZE, Beaw, T R, # #
CRAM R S TR [ S e Be, H1 350108)

] B GRSl Bl R A 0T R R S 5 i il 7R A 4 T R 08 AR I ) B R T — R T e R B
B (GWO) IR B b B 42 T+ AL (LightGBM) [ 8 i 12 Wi A 70 | 51230 0 2601/ A 80 B 4 v G 0 331 o g ol B —
RUBE T AR AR B Bl 2, o T S0 R R 3455 43 S 4 BBCIRT 33, 3 A /N 0 SR R A S ST R AR 4R . 30 TR
SHUH R LA 1) GWO-LightGBM B8 If #4938 & 47 Halton J7 51 FIELHLE KR BE 9 GWO SEIL T B8 2
BOARRAL o S0 25 SR 2 B RS TR 6T T8 R oK S 28 5 e - S UM 28 3K 99. 57 96, 10 YK B AL 56 1 4 3531 22
O3 50 L B — 23 AR B AR [ ) (LR) e 48 70 2 % (KNN) I 32 i HL(SVM) 5 21.98% .17, 00% .9. 27 %,
B UE T ASE AL (184G R0 AN R | R = V0 S U3 Hh L I DA AT DA A H R R R

X 8 A R, RHEREG LR BB ERIIL, SO RORE ;R AN RIS W
mESES: V263.6; TP206.3; THI133.3 XHRARERRG: A

Unknown fault diagnosis of rolling bearing based on
improved GWO-LightGBM

CHAI Qingin, CHEN Shudi, WANG Wu, HUANG Jie
(College of Electrical Engineering and Automation,
Fuzhou University, Fuzhou 350108, China)

Abstract: In view of misjudgment of unknown new faults of rolling bearing affects bearing
safety and maintenance efficienc, a fault diagnosis model based on improved gray wolf optimiza-
tion (GWO) and light gradient boosting machine (LightGBM) was proposed to realize high preci-
sion discrimination about the known and unknown faults. The time domain, frequency domain
and wavelet domain features were extracted separately from the vibration signal of the rolling bear-
ing to avoid the lack of feature extraction at a single scale. The GWO-LightGBM model with un-
known new fault diagnosis mechanism was designed, and the improved gray wolf algorithm with
Halton sequence and simulated annealing strategy was constructed to realize the effective optimi-
zation of model parameters. The experimental results showed that the average recognition rate of
the model for known and unknown faults was 99. 57 %. The average recognition rates for 10 times
random experiments were 21.98%, 17.00% and 9. 27% higher than logistic regression (LR) ,
K-nearest neighbor (KNN) and support vector machine (SVM), respectively. The comparative

experiments verified the effectiveness and superiority of the model, which can identify known or
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unknown new faults with high accuracy.

Key words: rolling bearing; feature extraction; ensemble learning; LightGBM;

improved GWO; unknown fault diagnosis
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Table 2 Evaluation results of HSGWO model

Eul KR/ BER/ % GRIFNER/ %

0 100. 00 99. 67 99.83
1 100. 00 99. 33 99.67
2 100. 00 99.33 99.67
3 100. 00 99. 67 99.83
4 100. 00 100. 00 100. 00
5 100. 00 100. 00 100. 00
6 100. 00 100. 00 100. 00
7 100. 00 100. 00 100. 00
8 100. 00 100. 00 100. 00
w2z 99.40 100. 00 99.70
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