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A path planning method for complex naval battle
field based on an improved DQN algorithm
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Abstract: To solve a target tracking problem of multiple warships in a sea battlefield environment, the multiple agents
(warships) were focused on, and an improved deep Q-network (DQN) algorithm was proposed. It considers the characte-
ristics of a multi-agent reinforcement learning environment based on a traditional DQN algorithm. It adds a network with
the same structure and different parameters and updates a Q actual value and a Q estimated one, respectively to realize
convergence of a value function. Besides, it adopts a mechanism of experience playback and an update of one of two pa-
rameters for a target network to effectively solve problems of high training errors of neural networks, poor generalization
ability, and unstable training. Experimental results demonstrate that compared with the traditional DQN algorithm, the

improved DQN one adapts to different complex and dynamical sea battlefield environments in a faster manner, and the

ability to avoid obstacles has more than doubled and larger training reward.

Key words: deep Q network, reinforcement learning, multi-agent, path planning, target tracking
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