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Research on virtual self-learning control method for aero-engine
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Abstract: With the development of artificial intelligence technology, intelligent aircraft engines have gradually be-

come a hot spot in the field of aviation today. Traditional aero—engine control heavily relies on the engine model,

and the theoretical modeling approach based on aerothermodynamic formula introduces modeling error that may de-

grade the performance of controller. In this paper a virtual self-learning control method for aero—engine intelligent

controller design is proposed. Firstly, a virtual environment is established from the testing data of the aero—engine

via LSTM neural network. Secondly, the reinforcement learning algorithm based on TD3 is employed for intelli-

gent controller training in the virtual environment. Finally, the JT9D aero-engine model is utilized for controller

performance evaluation. The simulation comparisons between intelligent controller and traditional PID control

show that the intelligent controller has remarkable performance due to the less overshoot and shorter setting time.

Key words: aero-engine; intelligent control; reinforcement learning; LSTM (long short-term memory) neural

network; TD3 algorithm
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Fig.1 The basic framework of virtual self-learning method
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Table 4 Comparison of virtual environment and
theoretical outputs under different test sets

R ERE/ (romin 1)

PR A/ (kges 1)

B HE LB 555 i
0.7818 6742.53 6750.11
0.893 6 6.831.74 6 840. 92
1.208 4 7052.00 7 047.63
1.5437 7231.40 7 240. 08
2.387 8 7616.50 7621.13
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