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Traffic Demand Generation Technology
Using Location-Based Big Data

Akihiro KOBAYASHI, Daisuke KAMISAKA, Naoto TAKEDA,
Atsunori MINAMIKAWA and Akinori MORIMOTO

Attempts have begun to predict traffic demand by modeling large-scale location information (big data)
acquired on smartphones using deep learning technology, which has been remarkably developed in recent
years. However, most of them are based on RNNSs, and it is difficult to predict behaviors by utilizing the
long-term contexts of each user. In this study, we propose a training task setting method and a context-
based behavior generation technique to apply the language model GPT-2, which is used for natural language
generation, to human flow modeling. We modeled the human flow in Utsunomiya City based on actual
smartphone location data and compared the generated OD table with observed data.



