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Abstract; Aiming for missile trajectory planning, an applicable Gym training evironment was established. An intelligent agent network
structure and its reward functions were designed based on twin delayed deep deterministic policy gradient framework and according to terminal and
process constraints, forming an intelligent trajectory planning method. Through deploying the algorithm on an embedded GPU computing
acceleration platform, bias simulation and comparison tests were conducted. The results show that the method can reach the requirements of missile
capability and process constraints under different range tasks and effectively overcome environmental disturbances with adaptability to distinet object
models. Meanwhile, the method has an extremely fast calculation speed, far surpassing the popular GPOPS-1I toolbox. The computation time for
single step trajectory command is less than a millisecond so that it can support real-time online trajectory generation, which provides an effective
implementation path and technical support for engineering applications.
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Fig.2 Training process of anti-ship missile model
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Fig.5 Monte-Carlo bias simulation of 20 km target range
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Tab.5 Comparison of trajectory planning time
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km BRI /s RATIETL /s U s
10 0.578 6 26.54 96.867 8
20 1.264 7 42.92 105.175 1
30 1.928 8 93.16 9.711 1
40 2.397 7 113.58 135.231 6
50 3.848 6 154.57 8.207 7
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