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Research on Trajectory Prediction Method of High Mobility Aircraft Based on GRU Model
ZHANG Huiying, PENG Man, YANG Di
(AVIC CHENGDU AIR CRAFT INDUSTRIAL ( GROUP ) CO. LTD, Sichuan Chengdu, Postcode: 610091)
Abstract: In this paper, the attention mechanism is used to extract the effective information from the flight test trajectory data, and the
gated recurrent neural network model is used to deal with the timing problem. A real-time multi-step trajectory prediction method of
high maneuvering flight test aircraft is proposed. Based on the track prediction combined with attention mechanism and gated cyclic
neural network, the collision prevention detection of high maneuvering flight test aircraft is carried out according to the track prediction
results, so as to improve the predictability of aircraft flight track in the process of flight test, reduce the workload of ground controllers,

and further improve the efficiency of scientific research flight test on the premise of ensuring the safety of flight test.
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Design of Intelligent Planning Platform for Multimodal Sea and Land Combined Transport Mode and Path
LUO Yun, LIANG Chunmei, HU Yunqin, ZHENG Weijuan
(China Coast Guard Academy, Department of computer application, Ningbo 315801, China)

Abstract: It can effectively save transportation cost and time by multimodal sea and land combined transport. In order to solve
the problem of multimodal sea and land combined transportation mode and path planning effectively, an improved immune gen-
etic algorithm is proposed. An immune mechanism is introduced to improve the global search ability and convergence speed of
genetic algorithm, and the defect that genetic is prone to local convergence can be improved effectively. In addition, a design of
intelligent planning platform for multimodal sea and land combined transport mode and path is also given. The simulation results
show that the proposed algorithm has good global optimization performance and can plan an ideal planning scheme.
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