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Abstract: In order to solve the problems of fuzzy extraction of vibration signal fault information and low diagnosis
accuracy in rolling bearing fault diagnosis, we propose a new fault diagnosis model named as COA-ELM by
combining the improved intrinsic time-scale decomposition (IITTD) method with extreme learning machine (ELM).
Firstly, the IITD algorithm is used to decompose the vibration signals to obtain the proper rotation (PR) components
and then the multi-scale entropy value of each PR component is calculated based on the multi-scale entropy theory to
reconstruct the feature vector. Secondly, the coyote optimization algorithm (COA) is used to optimize the input
weights and hidden layer thresholds of ELM network to obtain COA-ELM model. Finally, the optimal ELM network
is used to diagnose the seven different rolling bearing fault states. The experimental results show that the proposed
COA-ELM model can achieve a fault diagnosis accuracy of 96. 4% for rolling bearings, which is significantly better
than the traditional fault diagnosis model.
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Tablel Encoding of the bearing running status
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Table 2  Interpolation fitting correlation coefficients
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Fig. 8 Fault diagnosis results on (a) COA-ELM, (b) ELM, (c)
BP neural network and (d) CNN models. The triangles are the

actual category and the circles are the diagnostic category.
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BESE 1 (particle swarm optimization, PSO) | 5 fa1 {f
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£3  AF ELM LA A EE 2 W45 R
Table 3  The results of fault diagnosis of different ELM

optimization algorithm

Ak SFEIMERR % FemEFR/ %0 RN/

COA-ELM 94.9 96. 4 17.252
GA-ELM 81.3 84.5 28.322
PSO-ELM 77. 4 79.8 119. 673
WOA-ELM 86.3 89.3 60. 151

230 0L, COA-ELM fikt 12 Wi AU (s W v
R 5 = 0l 3k 96.4%, i S B Hx P AT 3k
17.252s.

4 % %

FEXTR SR R B ), ASBIFGE ST T —
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