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Abstract: With the wide application of unmanned aerial vehicles (UAVs) in military and civil domains,
the research and application of intelligent technology in the domain of UAV control has become the focus in the
related field. Deep reinforcement learning(DRL) can solve complex control problems of UAVs and realize end—
to—end decision—making control of UAVs. At the same time, it also brings new opportunities and challenges to
the intelligent application of UAVs. In view of these, the application of deep reinforcement learning in the
intelligent control of UAVs is reviewed. The basic principles and common algorithms of deep reinforcement

learning are introduced, and the application of DRL in the fields of UAV attitude control, flight control, target
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searching and tracking, cluster cooperative control and air combat decision control is outlined. The problems

and challenges existing in the application of DRL in UAV control are pointed out, and the possible solutions

are discussed. The summary and prospect of the research on deep reinforcement learning technology in the

intelligent control of UAVs is given, so as to provide reference for the development of UAV systems towards

automation, autonomy and intelligence.

Key words: intelligent UAV; deep reinforcement learning; UAV attitude control; target searching

and tracking; UAV swarm; air battle decision control; sim to real
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