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Military Aircraft Flight Action Recognition Based on ConvLSTM

Wang Li'na, Ren Ying, Wang Fengqin
(School of Aviation Foundation, Naval Aviation University, Yantai 264001, China)

Abstract: Aiming at the problem of military aircraft flight maneuver recognition, combined with the characteristics of
flight data, a deep learning model ConvLSTM is proposed to realize flight maneuver recognition. Obtain the flight data of a
certain type of aircraft, and preprocess the original data. According to the characteristics of the flight data collected by the
flight parameter recording system of the aircraft, the corresponding ConvLSTM model is constructed. The model is trained
and verified by experiments. The experimental results show that the algorithm has a high recognition rate for military
aircraft flight maneuver recognition, and the recognition accuracy of seven types of flight maneuvers reaches 91.5%, which
lays the foundation for the evaluation of flight control quality.
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Layer (type) Output Shape Param #
conv-lstm2d (ConvLSTM2D) (None, 1,6, 5, 64) 66816
dropout (Dropout) (None, 1, 6,5, 64) 0
convlstm2dl (ConvLSTM2D) (None, 1,4,3,64) 295168
dropout_1 (Dropout) (None, 1, 4, 3, 64)
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densel (Dense) (None, 90) 69210
dense2 (Dense) (None, 7) 637
Total params: 431,831
Trainable params: 431,831
Non-trainable params: 0
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Macro avg 0.92 0.92 0.91 908
Weighted avg 0.91 0.91 0.91 908
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