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Abstract: A multi-model gas turbine fault diagnosis method based on Cubature Kalman Filters-Long Short-term Memory

CKF-LSTM is proposed, which integrates the advantages of model-based and data-driven. A priori fault state estimation model

is established with volumetric Kalman filter to extract the residual feature of operating state. LSTM neural network is used to

identify residuals of former residence models with multiple prior states at the same time to realize gas path fault diagnosis. The

proposed method is tested by using typical fault simulation data of heavy-duty gas turbine. The verification results show that the

gas path fault diagnosis method based on CKF-LSTM has good diagnostic accuracy, and the fault diagnosis accuracy is higher

than 95.6% at the three working conditions of heavy-duty gas turbine.
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