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ABSTRACT

With the rapid development of communication technology, research using LEO satellites in next-generation
mobile communication is being actively conducted. In LEO satellite communication, complex problems such as
resource management or handover occur, so deep reinforcement learning method can fix the problems that
were difficult to solve with conventional methods. In this paper, we investigated the cases that applied deep
reinforcement learning method in satellite communication. It is largely classified into scheduling problem,

resource allocation, user access control, and the other problems.
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Fig. 1. Conceptual Diagram of LEO, MEO, GEO Satellite
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Fig. 2. Relay communication between satellites, HAPS,
and users
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Fig. 5. 3-Layer Integrated Satellite Network Graph
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