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Fig.1 The execution processes of Markov decision
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Fig.2 The schematic diagram of autonomous guidance mission
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Fig.4 The schematic diagram of DDPG method
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dropping experiment 1
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Fig.9 The visualization of autonomous guidance of UAV

dropping experiment 2
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Autonomous Guidance Maneuvering Control Algorithm for UAV Dropping Based
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Abstract: Aiming at the problem of long-distance guidance for precise dropping of UAVs, this paper proposed the
autonomous guidance maneuvering control algorithm for UAV dropping based on deep transfer reinforcement
learning. This paper established the guidance maneuvering decision-making model for UAV dropping based on
Markov decision processes. Specifically, it constructed an improved reward model for evaluating the action obtained
by the algorithm we proposed based on traditional aviation fire control theory. And it presented the training process of
the autonomous guidance maneuvering policy for UAV dropping based on transfer learning and curriculum learning. It
constructed the autonomous guidance maneuvering policy and evaluation networks based on deep learning. Finally,
the simulation results show that this algorithm achieves autonomous flight of UAV in any initial position/attitude to
avoid threats in the mission area and towards the target point, ultimately performing the targeting of the dropping, and
effectively improving the autonomy of maneuvering control during the UAV dropping guidance process.

Key Words: dropping guidance; maneuvering control; deep transfer reinforcement learning; dropping aiming;
Markov decision processes
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