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Abstract

Spacecraft rendezvous and docking (RVD) is a crucial technology for on-orbit servicing, space station
resupply, and active debris removal. These missions require spacecraft to approach and dock safely
while minimizing fuel consumption and avoiding obstacles. Traditional guidance methods, such as Model
Predictive Control (MPC), offer trajectory optimization but often face high computational costs and
challenges in adapting to dynamic environments. Learning-based approaches, like reinforcement learning,
improve adaptability but lack guarantees for constraint satisfaction and dynamic feasibility. Recent
advances in diffusion models, which excel at learning complex, high-dimensional distributions for decision-
making, offer a promising approach to enhance RVD control strategies. However, their direct application
to spacecraft control, particularly for ensuring both optimality and strict constraint satisfaction, remains
underexplored.

To address these challenges, this paper proposes a novel Diffusion Enhanced Model Predictive Control
(DEMPC) framework for autonomous spacecraft rendezvous and docking, incorporating obstacle avoid-
ance capabilities. This approach combines the generative power of diffusion models with the real-time
optimization strength of MPC. The key idea is to first train a diffusion model on a set of expert demonstra-
tions to learn multimodal, high-dimensional control policies, capturing the diversity of feasible solutions
for spacecraft approach and docking. During operation, the pre-trained diffusion model generates a set of
potential trajectories, each reflecting a different approach based on variations in dynamics, obstacles, or
mission objectives. These candidate trajectories are then refined by MPC, which optimizes them in real
time while ensuring that strict mission constraints—such as collision avoidance, fuel efficiency, and dy-
namic feasibility—are satisfied. The MPC step incorporates a projection method to ensure that the refined
trajectories remain within feasible operational limits, and a constraint-tightening mechanism is employed
to improve robustness against model inaccuracies and unexpected environmental changes. Furthermore,
iterative sampling techniques are used to explore diverse solutions while maintaining the balance between
optimality and feasibility. This hybrid approach leverages the flexibility of diffusion models to generate
diverse strategies and the reliability of MPC to guarantee safety and feasibility.

Compared to traditional MPC and existing reinforcement learning-based methods, DEMPC signifi-
cantly reduces computational complexity while maintaining high accuracy in trajectory optimization. The
diffusion-enhanced approach efficiently explores feasible solutions and ensures strict constraint satisfac-
tion and dynamic feasibility through MPC projections. Simulation results on spacecraft RVD scenarios
demonstrate superior performance in real-time planning, adaptability to dynamic conditions, and lower



fuel consumption, highlighting its potential for future autonomous space operations.



