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PCA-Adam-LSTM-based turbine state prediction model
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Abstract; Turbines are vital components of engines, exerting significant influence on overall engine performance and efficiency.
However, traditional data—driven state prediction models face challenges such as excessive computational burden due to large input

parameter scales and the issue of potential " saddle points," making them ill-suited for dealing with complex systems. To achieve
accurate prediction of turbine states and ensure their healthy operation, a data—driven turbine state prediction method based on PCA-
Adam-LSTM is proposed. This method establishes a data—driven turbine state prediction model with 3 —dimensional input data
reduced by PCA and 750, P50, and W50 as output parameters. Finally, a comparative analysis is conducted with models based on
PCA-BP and PCA-LSF, revealing that the PCA-Adam—-LSTM model exhibits higher accuracy, stronger generalization ability, and
better handling of long—term dependencies. The average absolute percentage error is less than 0. 182, the average absolute error is
less than 1. 010, and the root mean square error is less than 1.287. These results demonstrate that the PCA—Adam-LSTM algorithm
offers practicality and high accuracy in turbine state prediction, providing a theoretical basis and technical support for subsequent
turbine health assessments.
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Fig. 1 Flowchart of the PCA—Adam-LSTM turbine model
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Fig. 3  Variation of principal component contribution rate and

cumulative contribution rate
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Table 1 Information of the top 3 principal components

ESr FEAE(E LR/ % RIT TR %
1 8.714 721 79.225 79.2
2 2.245 686 20.415 99.6
3 0.031 454 0.286 99.9
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Table 2 Modeling time for PCA -reduced data and non-reduced
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Fig. 4 Comparison of predicted values and actual values for three models
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Table 3 Evaluation metrics for turbine output parameter prediction

RLEELOY PCA-LSF  PCA-BP  PCA-Adam-LSTM
750 MAPE  0.111 740  0.351 431 0. 088 746
MAE  1.291700  0.455 819 1.010 056
RMSE  1.899 000  0.541 151 1.286 561
P50 MAPE  0.371311  0.493 449 0.181 728
MAE  0.044 428  0.656 478 0.021 192
RMSE  0.058 553  0.926 014 0.024 588
W50 MAPE  0.126 400  1.562 212 0. 186 401
MAE  0.242281  3.313 574 0. 340 636
RMSE  0.342 038  4.004 179 0. 426 939
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