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Variable Static Blade Angle Prediction of LEAP Engine Based on 1DCNN-Resnet-LSTM Model

SHANG Jiupeng, TAN Yan
(College of Aviation Engineering,Civil Aviation Flight University of China,Guanghan 618307, Sichuan,China)

Abstract: The variable stator vane (VSV) is an important mechanism for the airflow control of the aviation engine compressor, which can ex-

pand the stable working range of the compressor and improve its pneumatic performance. Based on the massive LEAP engine data stored in the
aircraft quick access recorder (QAR) , a method to predict the VSV Angle of LEAP engine based on IDCNN-Resnet-LLSTM model. The evalua-

tion results of the model show that the error of the simulated output is small compared with the actual output, and the change of the simulation

trend can fit the actual data well, indicating that it is feasible and significant advantages to use the deep learning algorithm to predict the VSV

Angle and explore its control law.

Keywords: variable stator vane(VSV) ;deep learning; quick access recorder(QAR) ; control simulation
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