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Reconstruction of people flow in metropolitan area via reinforcement learning approach

Yanbo Pang, Takehiro Kashiyama®*, Yoshihide Sekimoto*

Abstract: Recently, the depopulation and aging of society have significantly changed urban structure
and policy especially in transportation domain. Such changes challenge urban planners in various of
issues such as traffic congestion, longer commuting, accidents, loss of public space and disaster
management. Therefore, how to accurately capture the demand and leverage existing infrastructures
effectively is essential for urban planning. However, most existing studies only reconstruct people flow
in limited area. In this study, we propose an agent-based simulation method based on reinforcement
learning approach to reconstruct people flow on Tokyo metropolitan areca. We leverage People Flow data

as real data to validate our results.
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