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Fault Diagnosis of Planetary Gear Box Based on RF Feature
Optimization and EEMD-SSAE

LIU Weituan, WANG Youren, JIANG Haoyu
(College of Automation Engineering, Nanjing University of Aeronautics and Astronautics,Nanjing 210016, China)
Abstract : For the low recognition rate in planetary gearbox fault diagnosis due to insufficient feature extraction, a planetary
gearbox fault diagnosis method combining RF feature optimization and EEMD —-SSAE is studied. The time domain signal is
decomposed by EEMD. IMF components with large correlation coefficients are selected based on Pearson correlation coefficient,
and time—domain features, frequency domain features and original signal features are exiracted to construct the dataset. RF is
used to eliminate redundant features, a new dataset is constructed as input to the SSAE network, and with softmax classifier,

fault classification is implemented. The results show that the proposed method is superior to other models in terms of accuracy and

robustness under mixed conditions and noise interference.
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