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Application of a denoising autoencoder for the early warning of
mechanical faults

MA Bo' ZHENG FanFan®

(1. Key Laboratory of Engine Health Monitoring and Networking, Ministry of Education;

2. College of Mechanical and Electrical Engineering, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract; The vibration signals of complex mechanical equipment are nonlinear and non-stationary. It is therefore
difficult to characterize the operation state of the equipment based on features extracted by traditional signal process-
ing methods, which leads to the low accuracy of the corresponding early warning methods. To solve this problem
and make full use of the in-depth learning ability when learning high-order abstract features of data, a method of
data feature self-learning for mechanical equipment based on a denoising autoencoder ( DAE) is proposed for fault
forewarning. The DAE is first trained with normal data, and the coding part is reserved as a self-learning model.
Then, the test samples are input into the self-learning model to give the time-domain and frequency-domain feature
combination, and the feature clustering center is used as the benchmark in the initial stage of equipment operation.
Finally, the JS divergence, which measures the difference between real-time characteristics and benchmark charac-
teristics, is used as an early warning index. Experiments show that the proposed method can capture the small
changes in the running state of mechanical equipment and greatly advance the early warning time of faults.

Key words: denoising autoencoder( DAE) ; normal sample; fault symptom; fault forewarning

(WHE%HEE K



