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It is important to make a security plan in advance for safe operation. Recently, to make a detailed security plan and to reproduce
the flow of the real world crowd, Multi Agent Simulator (MAS) is widely used. In order to reproduce the crowd flow on MAS,
the route (start time, start, and goal) of each agent is necessary to estimate. In this paper, we propose a estimation method based
on the Bayesian Optimization. Using two real world observed data, we show the data assimilation results. By considering a multi
time window to the optimization, the error of estimation caused by the time delay of observation is decreased.
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ŷt, · · · , ŷt+D
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