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ABSTRACT

Due to the rapid expansion of urbanization, the significance of intelligent transportation in
facilitating citizen mobility has garnered increased attention. The fundamental prerequisite for
establishing and utilizing intelligent transportation services lies in the identification and
prediction of transportation modes. With the progression of location technologies, agents, and
smartphones, an abundance of information is generated by numerous devices utilizing Global
Navigation Satellite Systems (GNSS). In this study, GNSS sensors were employed in
smartphones (Geolife dataset) to extract 4 Point features, 59 travel features, and 3 advanced
features from the GNSS dataset. Subsequently, four Boosting classification models, namely
GB, XGBoost, LightGBM, and CatBoost, were utilized alongside hybrid feature selection
techniques. Additionally, three deep learning classification models, including CNN, LSTM,
and ConvLSTM, were implemented to predict transportation modes encompassing walking,
biking, bus usage, car usage, and train usage. In conclusion, the LightGBM classification
model demonstrated superior performance in predicting transportation modes, exhibiting a
higher Fscore (95.49%) and requiring less time complexity compared to other models.

Keywords: Intelligent Transportation System (ITS), Transportation Modes, Trajectory Data,
Deep Learning
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