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BERT-based Transportation Mode Prediction using Smartphone Data

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

In recent years, Activity Based Model (ABM) has become a practical approach to model and understand
human mobility patterns throughout a city for smart planning. Location data collected by smartphones is
attracting attention as a data source for ABM because it has the advantage of capturing short trips, stay
patterns, seasonal trends in real time. On the other hand, smartphone data has difficulties to observe seman-
tics such as transportation mode and purpose of trips. In this paper, we propose an approach using BERT,
which is used for natural language processing, to obtain location embeddings from a large amount of loca-
tion data without annotations, and to classify transportation mode with a small amount of labeled data. We
evaluated accuracy and feasibility of our approach using real-world location data.



