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Real-time estimation method for time-varying behavioral parameters
of traffic demand prediction in disaster restoration period

Yosuke MOCHIZUKI and Junji URATA

This paper proposed a parameter estimation method by which one can continuously estimate updated
parameters in the disaster restoration period. We extended surrogate-based optimization in three ways, in
order to solve a problem respectively. Three extensions, which are using derivatives for optimization, ap-
plying online transfer-learning and putting restrictions on the range of training data, are implemented after
verification of their effect. We estimated parameters of an activity simulator SPACE online using the data
collected during the earthquake happened in 2016 Kumamoto, and the proposed method.
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