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Robust Interplanetary Trajectory Design with Continuous Low Thrust Using Reinforcement Learning
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This paper investigates the use of reinforcement learning for the robust interplanetary trajectory design with continuous low thrust
trajectory in presence of missed thrust event. An open-source reinforcement learning algorithm is adopted, and a novel method for the
reward function, consisting of an exponential polynomial, is adopted for the training process. To validate the proposed reward function,
the guidance laws obtained from the training are compared under scenarios with thrust loss and without thrust loss. Then the
corresponding numerical results are presented. The numerical results verify the proposed method effectively handles constraint
conditions, achieving a performance comparable to that under scenarios without thrust loss, even under scenarios with thrust loss.
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Table 1. Reward Function Parameters

Symbol Value Symbol Value
h 12 wy 0.005
j 10 w, 0.0005
c1 1 w3 1
Cy 10 W, 10
C3 12 Ws 50
Cy 7 N 85
Cs 2 I 5
Table 2. PPO Hyperparameters
Parameter Symbol Value
Initial Learning Rate @ 1x1073
Final Learning Rate Ao 1x107°
Decay Rate drqte 6
Initial Clip Range € 0.3
Ent Coef I 1x107°
GAE Factor A 0.99
Discount Factor 4 0.98
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Table 3. R,,,Value

SR[%] | Max[1073] | Min[1073]
ProposedMethod | 71.43 27.82 0.123
Unperturbed 100 4.384
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Figure 1. Earth-Mars Trajectories by Robust Policy
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Figure 2. Iteration vs Constraint Violation
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