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Abstract: In order to study the estimation and prediction of equipment operation state by condition monitor-
ing big data, a novel method of Long—short Memory Network integrating Principal Component Analysis is pro-
posed based on Artificial Experience (AEPCA-LSTM) , which uses the monitoring time series data during opera-
tion to predict the equipment health trends. Firstly, the Principal Component Analysis method based on Artificial
Experience (AEPCA) is used to extract the state parameters most relevant to target variable from the state moni-
toring system as input. Secondly, the Long short—term Memory Network (LSTM) is used to predict the trend
changes of the target variable considering the continuous generation of new data samples during operation, the
model is regularly updated to improve the dynamic adaptability of the model. Finally, the proposed method is ap-
plied to the turbocharger speed prediction of marine auxiliary engine system. The results show that the method has
a lower prediction loss of 0.18037 compared with PCA-LSTM and LSTM, which indicates its advantages in the
prediction of trend in time series data.
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Fig. 1 Structure of classical LSTM
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Fig.2 Fowchart of AEPCA-LSTM
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Table 1 Errors analysis of the different models
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Table 3 Results analysis of the comparative study
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