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Multi-stage Reinforcement Learning Method for Orbital Pursuit-Evasion

Game of Spacecrafts

YUAN Li"%, GENG Yuanzhuo"?, TANG Liang"?, HUANG Huang"’
(1.Beijing Institute of Control Engineering, Beijing 100094, China;
2.Science and Technology on Space Intelligent Control Laboratory, Beijing 100094, China)

Abstract: An enabled training method based on multi-phase reinforcement learning is proposed to solve the
problem of orbital pursuit-evasion of two spacecrafts, so that the pursuer reaches a specific region adjacent to the evader
at the terminal moment while the evader attempts to avoid being chased by means of orbital maneuvering. First, a
training set of the pursuer and chaser is constructed. The two rules-based pursuing and evasion policies are proposed for
the pursuer and evader, respectively, in which the expected position and pulse policy are analytically designed based on
the prediction of the terminal position of the other spacecraft. Second, a multi-mode training method based on
reinforcement learning is proposed to enhance the training efficiency and the ability to confront with uncertain
adversaries. Third, the spacecraft is pre-trained by confronting with the other spacecraft endowed with the rules-based
policies. Based on the pre-trained network, the network is re-trained in which both the spacecrafts are driven by the
proximal policy optimization (PPO) scheme where the network weights are updated gradually. Finally, simulations are
conducted to evaluate the effectiveness of the proposed training approach. The results show that the spacecraft with re-
trained network could enhance the success rates of pursuit and escape.
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Fig. 1 Schematic of the relative motion in the game on-orbit
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Fig. 2 Flow chart of the pursuer control policy
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Fig.3 Schematic of the expected position of the pursuer
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Fig.4 Schematic of the expected position of the evader
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Fig.5 Flow chart of the evader control policy
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Fig. 6 Flow chart of the multi-stage training process for

reinforcement learning
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PPO algorithm
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Fig. 11  Plots for one episode with the well trained network
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