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A RUL prediction method of equipments based on MSDCNN-LSTM

LIU Chang, CHEN Wenbai

(School of Automation, Beijing Information Science & Technology University, Beijing 100192, China)

Abstract ; In order to solve the problems of high data dimension and insufficient consideration of time series correla-
tion information, a multi-scale deep convolutional neural network and long-short-term memory ( MSDCNN-LSTM )
hybrid model is proposed for remaining useful life (RUL) of equipments. First, the sensor data is processed through
normalization and sliding time window to obtain input samples; then multi-scale deep convolutional neural network
(MSDCNN) is used to capture detailed spatial features, at the same time, time-dependent features are extracted for
effective prediction combining with long short-term memory ( LSTM). Experiments on simulation dataset of commer-
cial modular aero-propulsion system show that, compared with other state-of-the-art methods, the prediction method
proposed in this paper has achieved better RUL prediction results, especially for the prediction of the life of equip-
ment with complex failure modes and operating conditions. The effect is obvious. It can be seen that the prediction

method proposed in this paper is feasible and effective.

Keywords : remaining useful life; multi-scale deep convolutional neural network ; long short-term memory; sliding

time window; hybrid prediction model; simulation experiment
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