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Deep Reinforcement Learning Control for Spacecraft Formation With Dynamical Reward

JIN Wei-Cheng"? CHEN Ti*? HU Hai-Yan"?

Abstract This paper presents a deep reinforcement learning control method for spacecraft formation. The method
deals with the dynamical feasibility of the trajectory and optimizes the fuel consumption by introducing dynamical
reward. Based on proximal policy optimization algorithm, a dynamic model of relative motion with Jy perturbation
is introduced in the training environment, and the inputs of Actor and Critic networks are the local observed in-
formation of the spacecraft. The outputs of the Actor network are the desired position and velocity of the space-
craft. Combining the dynamic model that restricts the control of transitions between two arbitrary actions of the
strategy, the Actor network outputs the desired position and velocity, which makes the output trajectory account
for the dynamical feasibility. The Critic network estimates the advantage function constrained by the dynamic mod-
el based on local observed information, therefore, the Actor network updates the parameters based on the advant-
age function. Further, the dynamical reward is defined as the negative value of the fuel consumption. As a result,
combining collision avoidance and task-related rewards, the obtained Actor network achieves the distributed space-
craft formation task while optimizing the fuel consumption.
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