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Abstract With the increasing complexity of spacecraft rendezvous and docking tasks,the requirements for its efficiency,autono-
my and reliability are highly demanded. In recent years, the introduction of reinforcement learning technology to solve the problem
of spacecraft rendezvous and guidance has become an international frontier hotspot. Obstacle avoidance is critical for safe space-
craft rendezvous,and the general reinforcement learning algorithm does not impose safety restrictions on space exploration, which
make the design of spacecraft rendezvous guidance policy challenging. This paper proposes a spacecraft rendezvous guidance
method based on safe reinforcement learning. First,a Markov model of autonomous spacecraft rendezvous in collision avoidance
scenarios is designed,a reward mechanism based on obstacle warning and collision avoidance restraint is proposed,and thus a safe
reinforcement learning framework for solving spacecraft rendezvous guidance strategy is established. Second, with the framework
of safe reinforcement learning,guidance policies are generated based on two deep reinforcement learning algorithms, proximal po-
licy optimization(PPO) and deep deterministic policy gradient(DDPG). Experimental results show that the method can effectively
avoid obstacle and complete the rendezvous with high accuracy. In addition,the performance and generalization ability of the two
algorithms are analyzed.which proves the effectiveness of the proposed method.
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Table 4 Neural network structure of PPO algorithm
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Table 5 Parameters of PPO algorithm
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Table 6 Neural network structure of DDPG algorithm
_ Actor F 4 Critic ¥ %
s TR OE W B¢ WhE B
WNE 4 ReLU 6 ReLU
[ 5% & 1 256 RelL.U 256 RelLU
a2 2 256 ReLU 256 RelLU
ol E 2 Tanh 1 Linear
# 7 DDPG HESH
Table 7 Parameters of DDPG algorithm
% &
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Critic % 3] % 0.00003
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W% %K 3000
Z 3y [ Mok A E 2000000
KAEEME KD batch_size 256
BREHAK 0.003
A4 B B steps_per_epoch 1000
BB total_steps 3000000
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Fig. 6 Spacecraft rendezvous relative position and relative velocity
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Fig. 8 Rendezvous trajectory based on DDPG algorithm

HE— 0 H, SEBBEALRE T 100 AN I A5 1 3B B R

A0 R AR A, DA i AN [ B 1 1 e e R 1 SR ik ) 4%

A IR RE TR S A A 55 S5 N3 8 BRI, NF 8 W LU

KRBT A SCHR B vk R Bk R R T R R A B T

100 % , T 76 2K 5 IR [ s 390 48 57 3k 43 249 5 1) 52 Jil UL 1 1) 1% 00

T WIS A A R B R A LR ] T AR SO T IR A
8 TR E L

Table 8 Comparison of success rate of two algorithms
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Fig. 11  Average percentage of episodes of collision
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