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Mobile Robot Navigation with Switching Learning-Based and Rule-Based

Method in Dynamic Environments

O Yuki HYODO (Kyushu University), Kouhei MATSUMOTO (Kyushu University),

and Ryo KURAZUME (Kyushu University)

Abstract: Mobile robot navigation in crowded environments with pedestrians is an important challenge to realize service robots
that assist people in their daily lives. Although deep reinforcement learning (DRL) has been widely studied as a method to adapt
to such environments, there are many challenges in dealing with unexpected environments. In this study, we propose a method
for dynamically switching between learning-based and rule-based algorithms using normalized flows in such environments.
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Fig.1 Conceptual diagram of proposed method.
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Fig.2 Architecture of actor-critic part of proposed method.
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Fig.3 Architecture of switching administrator.
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Fig.4 Trajectories of simulation environment.

Table 1 Numerical comparison in square-crossing

Method Success [%0] Collision [%] Exec. time [s]
Rule-based (ORCA) 100.0 0.0 8.49
Learning-based 91.2 7.8 8.29

Table 2 Numerical comparison in circle-crossing

Method Success [%] Collision [%] Exec. time [s]
Rule-based (ORCA) 100.0 0.0 10.02
Learning-based 63.8 36.2 8.70
Random switching 77.8 222 8.98
Proposed 97.8 22 8.84
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Table 3 Numerical comparison of number of change in results

Method S-S S-F FS F-F
Random switching 260 59 129 52
Proposed 318 1 171 10
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