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Rolling bearing fault identification based on improved hierarchical
range entropy and WOA-ELM

LI Nana', WAN Zhong’
(1. Department of Mechanical Engineering, Xi’an Jiaotong University City College, Xi’an 710018, China;
2. Xi’an Kunlun Industrial Group Corporation, Xi’an 710043, China)

Abstract: The traditional multi-scale entropy feature extraction method cannot extract the high-frequency fault features of the signal, hence
the feature extraction is not complete enough, and the accuracy of fault identification is also low. Therefore, a fault diagnosis strategy of
rolling bearing based on improved hierarchical extreme range entropy (IHRE) and whale algorithm ( WOA) and optimized extreme learning
machine ( ELM ) was proposed. Firstly, based on the improved hierarchical analysis and range entropy, a time series complexity
measurement method called IHRE was proposed, which could simultaneously analyze the low frequency and high frequency components of the
rolling bearing vibration signals, and was used to extract the deep fault characteristics of the rolling bearing vibration signals. Then, the
WOA was used to optimize the key parameters of the ELM, and the whale algorithm-extreme learning machine ( WOA-ELM) classifier with
the best network structure was built. Finally, the constructed IHRE fault features were input to WOA-ELM classifier for classification, and
fault identification of rolling bearings was completed. Based on rolling bearing experiment data, the effectiveness of the algorithm was
analyzed and compared from multiple dimensions,and the superiority of the algorithm was analyzed. The results show that the IHRE method
has the highest accuracy of fault identification, reaching 100% , and the average recognition accuracy of multiple experiments has also
reached 99.82% , which is superior to the improved hierarchical sample entropy, hierarchical range entropy and multi-scale range entropy

methods. WOA-ELM classification model outperforms PSO-ELM and GA-ELM classifiers in terms of classification time and accuracy, proving
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that the fault diagnosis strategy based on IHRE and WOA-ELM can quickly and effectively identify the fault types of rolling bearings, and has

application potential.

Key words: improved hierarchical range entropy (IHRE) ; whale optimization algorithm optimized extreme learning machine( WOA-ELM ) ;

rolling bearing; fault diagnosis
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Table 1  Rolling bearing failure data set description
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Table 3  Detailed results of 50 experiments with four methods
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Table 4 Fault identification results of different classifiers

SR IEAET L % A HeBtE/s

WOA-ELM 100 0.63
PSO-ELM 99.5 0.65
BA-ELM 100 0.73
GA-ELM 99 0.97

3% 4 A[ L&A 3. WOA-ELM F1 BA-ELM #R 52
T 100% B 20ER R {H WOA-ELM IR T 5 ; [\
i}, PSO-ELM il GA-ELM B E# XK T WOA-ELM
A%, Ha2kaf £ F WOA-ELM,

A ] UL, WOA-ELM A HA 847 3z At | i
Hid BA BRI RR0%

4 HRIE

t FAE5 0 2 RBERFHE SR IO 3 R IUE
) R AT A R AR, X AR IR B BN A 52 3 s 1) o
R EAR, ik, EHEL T —F T IHRE 1
WOA-ELM 1) 3l il 7K i B 12 Wi SR ms , IR AR e K
SETR S REE AT T SL IR AT, RAIE T X 2
W SR S 118 A 80 A B

a5 T .
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AR B B RIS DAL T HRE 5 3 K5 1 5 )
R, G0 AT B o 4 1T A 7 43, TR A TR IR Bk
PSR AIE 5

2) 5% WY GA-ELM ,PSO-ELM F BA-ELM #H [,
WOA-ELM Z3 2825 A6 RS BRI 7 1 o8 BAT g

3) FERLFEI2 Wi 5286 b THRE + WOA-ELM ()
W EIE T 100% F 300 R 99. 82% [1)-F
P, YO0 T X R 3 Rk e 2 IRl THRE J7
ANTE 5 ANFRRIE BRI AT 52 30 5 B %) o 100, M BB AR T
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