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Abstract; In order to ensure the safe and stable operation of rotating machinery and realize the fault di-
agnosis in the early fatigue damage stage of bearings, a fault diagnosis method was proposed to improve
the fusion of complete ensemble empirical mode decomposition with adaptive noise ( CEEMDAN) and
convolutional neural network (CNN). The original fault signal was decomposed by CEEMDAN method ,
the fractal box dimension was used as an index to screen the best reconstruction component of the kernel
principal component analysis (KPCA) dimensionality reduction, and the nonlinear fault feature extraction
was realized by inputting the CNN. The results show that the accuracy rate of this diagnostic method is
87.1% at low signal-to-noise ratio and maintains the highest at various signal-to-noise ratios when com-
pared with a single traditional empirical mode decomposition-convolutional neural network ( EMD-CNN)

method , an ensemble empirical mode decomposition-convolutional neural network ( EEMD-CNN) method
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and its corresponding improved reconstruction of the optimal mode component method in the bearing data-

set of Xi'an Jiaotong University at various signal-to-noise ratios; the accuracy rate of this method in the

bearing dataset of Case Western Reserve University (CWRU) reaches 98.7% , which proves that it has

strong robustness and generalisation and can effectively solve the limitations of the traditional bearing fault

diagnosis methods with insufficient signal nonlinear feature extraction.

Key words: bearing, convolutional neural network (CNN) , fractal box dimension, complete ensemble

empirical mode decomposition with adaptive noise ( CEEMDAN) , fault diagnosis
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