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State Prognosis of Rotary Machines Based on Long/Short Term
Memory Recurrent Neural Network

ZHAO Jian-peng , ZHOU Jun
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Abstract : As a method of deep learning algorithm, long/short term memory network (LSTM) has been playing an
increasingly important role in the field of time series prediction. In this paper, a new method for state prediction of rotary
machines based LSTM is proposed. And the principle of LSTM applied to rotary machine state monitoring and prognosis is
introduced and applied to state monitoring of the rotary machinery. In order to avoid the instability of the bearing data, the
empirical mode decomposition (EMD) is used to decompose the bearing data into several steady signals, and the intrinsic
mode function (IMF) energy entropy is calculated as the feature of the machine state. Furthermore the analysis of simulation
results based on LSTM is compared with those of support vector regression machine (SVRM). LSTM has achieved a state-
of- the- art prediction performance in the single- step prediction of rotary machine states. It is shown that the proposed

prognosis technology is superior in rotary machine state prediction and monitoring.
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