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Research on recognition of motor running state
based on ICNN of wavelet transform

LONG Hui, MA lJiaging, WU Qinmu, HE Zhiqin, CHEN Changsheng, QIN Tao

(School of electrical engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] To the problems of feature extraction and effective recognition of motor running state. This paper combines discrete
wavelet transform and convolution neural network to improve the recognition method of motor running state. Firstly, the motor data
images collected by the thermal imager are transformed by wavelet transform to obtain the coefficient matrix. Then the preprocessed
wavelet coefficient images are inputted to the improved convolutional neural network model for feature extraction. Finally, the
network parameters of the structure are adjusted by using the back propagation to establish the most appropriate network model
method, so as to realize the recognition of the running state of the motor. The experimental results show that the accuracy of the
proposed method for identifying motor running state reaches 98% , which proves the feasibility and effectiveness of the method. And
the method is applied in engineering.
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Tab. 1 Performance comparison of different wavelet transforms in

running state recognition under 50 iterations

ANBPRE MR INRRBURE SSIM ERIE/ %
Haar 0.088 6 0.223 1 0.5836  96.89
£ 0.086 3 0.089 2 0.5852  98.47

Rbio 3.1 0.118 8 0.103 5 0.5856  97.01
Coif1 0.167 4 0.147 7 0.5836  95.46
Fk4 0.118 1 0.085 3 0.5839  97.68
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Fig. 1 Comparison of data images under different iterations
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Fig. 2 Comparison of data images under different weight

adjustment
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