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Abstract

Recently, as a variety of position sensors are developed, a large amount of urban position
data is collected in the urban traffic networks. Based on the data collected through such location
sensors, high-resolution urban mobility data of individual users using urban road networks is
generated and collected in the transportation systems. Urban mobility data generated by these
sensors provide a novel spatio-temporal insights into the mobility patterns of traffic network
users and can be used to develop models and strategies to predict traffic flows in urban areas
and improve traffic efficiency. This study proposes an algorithm for predicting urban mobility
patterns. Deep learning based algorithm is used to train mobility patterns in urban areas and
predict mobility. The proposed algorithm is trained and tested using Bluetooth data collected in
Brisbane for one year. As a result of evaluating the performance of the algorithm with the test
dataset, the proposed algorithm shows an average prediction accuracy of 70% or more.

Keywords: artificial neural network, deep learning, urban mobility prediction, vehicle trajetory
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Figure 1. Spatial distribution of Bluetooth MAC sensors in Brisbane city
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Figure 2. Structure of deep-learning based urban mobility prediction model
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Table 1. Result of the model performance evaluation. Average and standard deviation calculated with validation dataset when
h=64

Max. length of input sequence Average of accuracy (%) Standard deviation of accuracy (%)
1 68.225 0.149
2 76.397 0.244
3 76.756 0.209
4 76.772 0.205
5 76.872 0.191
6 76.809 0.195
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Figure 4. Prediction result based on test dataset
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