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Abstract Keywords

Given that current maritime search and rescue (SAR) decision support systems still rely on maritime search and rescue;
traditional fixed search patterns, which are inefficient and lack adaptability, we propose a maritime deep reinforcement learning;
SAR coverage path planning model based on deep reinforcement learning. First, we formulate the coverage path planning

maritime SAR coverage path planning problem as a Markov decision process. Then, by integrating
a double deep Q-network (DDQN) , prioritized DDQN, distributional DQN, and noisy DQN, we
design a coverage path planning algorithm tailored for a single rescue vessel. Finally, we validate
the feasibility and effectiveness of the proposed algorithm through simulation experiments. Compar-
ison results demonstrate that the proposed algorithm substantially outperforms existing methods in

path planning quality and search efficiency.
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