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Obstacle Avoidance Method Using DQN to Classify Obstacles in Unmanned Driving

LIU Hangbo, MA Li*, LI Yang, MA«Dongchdo, FU Yingxun
(School of Information, North China University of Technology. Beijing 100144, China)

[ Abstract] Safety is the primary factor to consider forftthmanned driving vehicles, and obstacle avoidance is the
most effective means to ensure driving safety. Learning-based obstacle avoidance methods have attracted the
attention of researchers owing to their ability tollearn_from the environment and make decisions directly from
perception. Deep Q-Network (DQN) has made significant progress as a popular reinforcement learning method in
obstacle avoidance for autonomous drivings, howeveb, it does not consider the impact of the obstacle category on
obstacle avoidance strategies. Therefores Wwe propose a vehicle-driving decision-making framework, the
Classification Security DQN (CSDQN)s which is based on accurate obstacle classification results. This framework
aims to achieve higher safety in autonemous driving by finding safer decision strategies based on different obstacle
types and environmental information.) First, the detected obstacles are classified according to their safety levels,
and then safety evaluation functions are proposed for different types of obstacles. The uncertainties in position- and
distance-based safety mieasures are used to evaluate safety. The CSDQN decision-making framework utilizes
obstacle categories, relative® position information, and safety evaluation functions for continuous iterative
optimization to obtain a final model. Finally, the proposed method is compared with advanced deep reinforcement
learning. The simulation results show that in the presence of multiple obstacles, the CSDQN method improves
safety by 43.9% and 4. 2% and stability by 17. 8% and 3. 7%, respectively, compared to the DQN and SDQN
methods.

[Key words) unmanned driving; Deep Q-Network (DQN); classification obstacle avoidance; evaluation function;
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