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Abstract; This study develops a coverage path planning method for multi-UAV maritime search and rescue ( MSAR)
missions under dynamic ocean conditions and time-critical constraints, aiming to balance search efficiency and resource
allocation. Firstly, a grid-based regional decomposition approach is adopted to discretize complex maritime environments
into visual planning cells, while a Gaussian Mixture Model (GMM) is employed to construct a prior target-drift distribution
and generate a probabilistic map for path guidance. Secondly, for multi-UAV coverage planning, an improved Multi-
Objective Particle Swarm Optimization ( MOPSO) algorithm is developed to jointly optimize task allocation, path safety,
coverage of high-priority areas, and energy consumption control. Thirdly, to enhance global search capability and
convergence performance, the algorithm incorporates a Sigmoid-based adaptive inertia weight strategy, a two-level elite-
guided crossover strategy, and a constraint-penalty mechanism. Finally, three UAVs were deployed to conduct simulation
tests over MSAR regions of various shapes. Results show that, compared with classical baseline algorithms, the proposed

method achieves up to 30. 27% improvement in cumulative detection probability, 82. 5% improvement in workload
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balance, and 1.28% reduction in total path length within the first 50 steps, demonstrating its effectiveness and practicality

for improving MSAR efficiency and coordination.

Key words: Maritime Search and Rescue (MSAR) ; unmanned aerial vehicles; coverage path planning; Particle Swarm

Optimization (PSO) ; multi-objective optimization
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Fig.2 Camera footprint of the UAV
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R3 BEANSRMOERRIAGE HEE BEKE
Tab.3 Path planning results ( detection probability, workload balance, and path length)

L . 3 %’H:NHL i 50 B 1 H 7 FINILEELR i/ JSYLTENS
2R IR % KEE/m JE/m
itk PSO 68.23 38 302,38 33538 086 110.4 114 723
| PSO 29.76 38 31238 460 .39 018 304. 0 115 790
SA 34.03 38 038 38 815 .38 673 337.8 115 526
GA 52.88 39 769 38 431 37 486 936. 6 115 686
itk PSO 82.20 15309 .15 102 .15 117 94.2 45 528
) PSO 54.26 14 983 .16 427 .15 765 590.2 47175
SA 74.02 15 594 .14 822 .15 065 332.3 45 481
GA 69. 04 18 678 .15 572 .11 866 2784.6 46 116
itk PSO 66. 01 20 961 21 245 21 304 149.7 63 510
5 PSO 41.62 20 794 20 107 22 783 1134.8 63 684
SA 42.27 21 170 21 033 21 969 412.8 64 172
GA 31.09 20 783 .20 107 22 783 1136.2 63 673
x4 RBREANFEESH
Tab.4 The parameters of the experimental UAV
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