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Abstract : Because the traditional UAV is controlled 7 UAV cluster is more rigid in the strong electromagnetic
interference and complex and changeable battlefield ggnvj nt. In the study, a flexible and intelligent UAV controller is
developed. With a neural network trained by mulfi—aggnt deep reinforcement learning technology,UAV can control his be-
havior in flight. At the same time,UAV ob information from the battlefield environment, makes independent de-
cisions, forms an effective combat formation other UAVs, flexibly coordinates and cooperates with each other, and

produces the optimal action.
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