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Construction of Aeroengine fuel flow baseline Model based on Stacked Denoising Autoencoders
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Abstract: In order to overcome the shortcomings of traditional baseline model algorithm (such as Back Propagation),such as low
generalization ability, poor robustness and easy to fall into local optimal solution, a fuel flow baseline model of aeroengine based on Stacked
Denoising Autoencoders (SDAE)was established. The baseline model was trained and verified by using the real flight data of civil aviation

engine ,and compared with the baseline model based on BP neural network. The results show that the fuel flow baseline model based on

SDAE has higher accuracy and stronger robustness.
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