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Abstract Aiming at the high dependence of super parameter selection on artificial experience in rolling bearing state
identification based on convolution neural network (CNN) , a fault diagnosis model (CNN-MA) based on mayfly algorithm ( MA)
was proposed. Firstly, the model used the powerful optimization ability of MA, took the diagnostic accuracy of CNN as the
optimization objective, and adaptively adjusted the super parameters in CNN. Secondly, the normalized original signal image set
was used to preserve the characteristics of the signal as much as possible. Finally, in order to evaluate the effectiveness of the
parameters in the optimization model, compared with the CNN model optimized by particle swarm optimization (PSO) algorithm.
The results show that the proposed model has more stable performance, higher recognition accuracy and good anti-noise ability. It
fully shows the feasibility and reliability of CNN-MA model in fault diagnosis of rolling bearings.
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Tab.1 Search for a set of optimizing parameters

25 Parameter PUEYE Value range

C1 BRI

C1 convolution kernels size 3%3,5%3,7x7
C1 BB o
C1 convolution kernels number
C3 BRI
C3 convolution kernels size 3%3,5%5,7x17
C3 BRI s
C3 convolution kernels number
C5 BRI
C5 convolution kernels size 3%3,5%5,7x7
v R
C5 BRW AR 6128

CS5 convolution kernels number
AL #§ZEFY Optimizer type
Y25t RN

Sgdm , Adam , RMSprop

Training batch size 16~128
2 2] % Learning rate 0.000 1~0. 1
EFR Dropout rate 0.2~0.6
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