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Collision avoidance approach with heuristic correction policy for mobile
robot navigation in dynamic environments

TIAN Shunyu, OUYANG Yongping, WEI Changyun
(College of Mechanical and Electrical Engineering, Hohai University, Changzhou 213251, China)

Abstract: Mapless navigation for mobile robots based on deep reinforcement learning (DRL) has received increasing at-
tention from robotics and related research fields. The major challenge in mapless navigation is collision avoidance of dy-
namic obstacles in unstructured environments. Therefore, this paper proposes a DRL algorithm that incorporates a heur-
istic correction policy for robot autonomous navigation. The algorithm utilizes information from a 24-line laser radar
sensor, target location, and robot velocity as inputs for DRL to generate action commands that regulate the robot’s mo-
tion. Experimental results demonstrate that, compared to other algorithms, the proposed approach can reach the target
more efficiently in terms of distance and time while ensuring safety. Moreover, the algorithm is implemented in a real
robot to verify and evaluate its performance, providing a technical reference for collision avoidance during its naviga-

tion in dynamic environments.
Keywords: mobile robots; deep reinforcement learning; robot navigation; non-structural environment; dynamic colli-

sion avoidance; heuristic correction policy; self-learning; end-to-end
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Fig. 1 Robot navigation and collision avoidance model
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Fig.3 Actor neural network
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Fig. 8 Transformation between angle and radian
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other methods.
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Table 2 Comparison of algorithm performance data in
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Table3 Comparison of algorithm performance data in dy-
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Table4 Comparison of algorithm performance data in
factory environment

Ak A% SEIRTEs PR /m
DDPG-PER 32 121.8141.32  42.88+3.02
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Fig. 14 Algorithm performance comparison in factory en-
vironment
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Fig. 16 Robot dynamic environment test results
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