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Research on T-DQN Intelligent Obstacle Avoidance Algorithm of

Unmanned Surface Vehicle

ZHOU Zhi-Guo' YU Si-Yu' YU Jia-Bao' DUAN Jun-Wei® CHEN Long® CHEN Jun-Long*

Abstract Unmanned surface vehicle (USV) is a kind of unmanned system with wide application prospect, and it is
important to train the autonomous decision-making ability. Due to the wide water surface motion environment, tra-
ditional obstacle avoidance algorithms are difficult to independently plan a reasonable route under quantitative
rules, while the general reinforcement learning methods are difficult to converge quickly in large and complex envir-
onment. To solve these problems, we propose a threshold deep Q network (T-DQN) algorithm, by adding long short-
term memory (LSTM) network on basis of deep Q network (DQN), to save training information, and setting prop-
er threshold value of experience replay pool to accelerate convergence. We conducted simulation experiments in dif-
ferent sizes grid, and the results show T-DQN method can converge to optimal path quickly, compared with the Q-
learning and DQN, the number of convergence episodes is reduced by 69.1%, and 24.8%, respectively. The threshold
mechanism reduces overall convergence steps by 41.1%. We also verified the algorithm in Unity 3D reinforcement
learning simulation platform to investigate the completion of obstacle avoidance tasks under complex maps, the ex-
periment results show that the algorithm can realize detailed obstacle avoidance and intelligent safe navigation.
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