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Abstract: According to the complexity of fault mechanism, the lack of prior knowledge, and the low diagnosis
precision of traditional shallow layer neural network for the fault diagnosis of petrochemical air compressor, a kind
of petrochemical air compressor fault diagnosis method is put forward based on the deep belief network because of
its advantage in feature extraction and nonlinear data processing. By using state monitoring data of the air
compressor, the method realizes the unsupervised characteristics learning and supervised fine—tuning of training
network, constructs the deep network model of the air compressor fault, thus achieving the effective intelligent
diagnosis for fault types of the air compressor. The effectiveness of the method is compared with the traditional fault
diagnosis method. The results show that the diagnostic accuracy of the method is better than the traditional fault

diagnosis method and the stability is better.
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Fig.3 Flow chart of air compressor fault diagnosis
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