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Abstract; Aiming at the periodic and nonlinear characteristics of gas path performance degradation of gas
turbine, a kind of prediction method of gas exhaust temperature trend based on long-short term memory
(LSTM) neural network was proposed. The standardized and normalized data preprocessing method was
used to extract the degradation features of exhaust temperature data,which reduced the influence of envi-
ronment and working condition changes on the degradation characteristics. The sliding window method was
used to extract a certain length of historical data to enhance the generalization ability of LSTM model. The
internal cycle nodes of LSTM network were used to realize the gas turbine exhaust temperature prediction
in degradation cycle by means of the sequential similarity search. Finally,the historical data of marine gas
turbine in washing cycle was used for the exhaust temperature trend prediction test. The research results
show that the prediction accuracy of exhaust temperature prediction method based on LSTM is greater than
87.4% ,and the fluctuation and hysteresis of the prediction results are small.
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Fig. 1 Expanded view of hidden layers of RNN
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Fig. 3 The flow chart of exhaust temperature trend prediction method based on LSTM
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Fig. 6 Overlap sampling process
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