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Air-combat Trajectory Prediction Method Integrating STFT

and Multi-stream Dynamic Network

YUE Shengzhi' ,DENG Xiangyang’,FU Yupeng’,XU Jun',SONG Jinghan',LIN Yuanshan'®
(1.School of Information Engineering,Dalian Ocean University, Dalian 116023, China;
2.Aviation University Combat Services College, Yantai 264001, China)

Abstract; The complexity and changeability of modern air-combat confrontation makes air-combat
decisions fuzzy and changeable. Effective trajectory prediction can greatly improve the accuracy of
decision-making. Aiming at the characteristics of complex time series in air-combat trajectory prediction ,a
trajectory prediction method integrating short-time Fourier transform ( STFT) and multi-stream transformer
network was proposed to improve the accuracy of predicting air-combat maneuver trajectory. During air-
combat maneuvers, the trajectory of aircraft changes frequently and complexly. Therefore, the trajectory
data were first preprocessed by high-order difference to eliminate noise and retain the spatiotemporal
characteristics of trajectory. Subsequently,the short-time Fourier transform was used to extract frequency-
domain features of the preprocessed trajectory and analyze the dynamic changes of the trajectory. In order
to better capture the differences between position trajectory and attitude trajectory,a trajectory decoupling
strategy was designed to process these two types of trajectories separately. Then,the transformer network
based on the multi-stream dynamic attention mechanism was used to process these spatiotemporal
features , thereby capturing the deep dependencies in the flight trajectory. The network weights multiple

data streams through multi-head attention mechanism, enhancing the model’s ability to capture the
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spatiotemporal dependencies of different data streams. Experimental results show that compared to

traditional prediction methods,the proposed method has a 3.88% improvement in prediction accuracy. The

combination of STFT and multi-stream transformer effectively improves the prediction accuracy of complex

air-combat maneuver trajectory ,verifying its applicability in high-precision air-combat scene prediction.

Key words :trajectory prediction ; multidimensional feature processing;short-time Fourier transform
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