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An equipment performance degradation prediction method

based on a dynamic long-short-term memory network

WEI BingKun'~

WANG QingFeng' "

LIU JiaHe'?® ZHANG TianYu'

(1. College of Mechanical and Electrical Engineering, Beijing University of Chemical Technology, Beijing 100029 ; 2. Beijing Key Laboratory for

Health Monitoring Control and Fault Self-Recovery for High-end Machinery, Beijing University of Chemical Technology, Beijing 100029 ;

3. China Academy of Aerospace Standardization and Product Assurance, Beijing 100166, China)

Abstract; In an attempt to tackle associated with the problems current data-driven degradation predictions for rota-

ting machinery—such as insufficient consideration of time series information, unreasonable life labeling, and large

cumulative error of degradation models— a method involving fusion trend filtering, fuzzy information granulation,

and a dynamic long-short-term memory network ( LSTM) has been proposed for predicting the degradation trends

and degradation intervals of rotating machinery. Taking the vibration signal as an example, the characteristic index

of the degradation information of the equipment is first extracted, and then the main degradation trend and the fuzzy

degradation boundaries are extracted through trend filtering and fuzzy information granulation, and finally the com-

prehensive performance degradation is predicted using dynamic LSTM. The feasibility and effectiveness of the meth-

od were verified using a bearing training data set published on the internet.

Key words: long-short-term memory network (LSTM) ; performance degradation prediction; trend filtering; fuzzy

information granulation
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