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Abstract :

This paper investigates a multi-agent reinforcement learning (MARL)-driven cooperative control

algorithm for agricultural drone robots. It first analyzes the application context of agricultural drone

robots and the importance of their cooperative control, clarifying the research objectives and key

issues. Subsequently,the fundamental principles and common algorithms of MARL are systematically

elaborated, along with a demand analysis tailored to agricultural scenarios. Building on this foundation,

a MARL-based cooperative control algorithm is proposed,detailing its overall architecture design and

specific implementation steps.Through the design of reasonable evaluation metrics, the algorithm’ s

performance is experimentally validated, with results demonstrating its effectiveness in enhancing the

cooperative operation efficiency and adaptability of drone swarms.
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