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Algorithm 1 Tabu List for TLS-DQN.
Require: The coordinate with the highest evaluated value in the section is (x, y, 2).
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Algorithm 2 Movement Adjustment Decision.
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Implementation and Evaluation of TLS-DQN Based AAV
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The Deep Q-Network (DQN) is one of the deep reinforcement learning algorithms, which uses deep neural
network structure to estimate the Q-value in Q-learning. In this paper, we designed and implement a DQN-based
Autonomous Aerial Vehicle (AAV) testbed and propose a Tabu List Strategy based DQN (TLS-DQN). Also we
propose a movement adjustment method for decreasing the movement fluctuations caused by TLS-DQN during
autonomous movement control. The performance evaluation results show that the proposed method can be reached
destination and decrease the movement fluctuation.

Keywords: Deep Q-Network: Autonomous aerial vehicle: Deep reinforcement learning: Unmanned aerial
vehicle



