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Analysis of Social Transportation Core Technology and Application
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Abstract In recent years, the rapid development of smart portable devices and mobile Internet has led to the accu-
mulation of massive data information in cyberspace, and has affected research and development in many fields. This
paper focuses on an emerging interdisciplinary research field named social transportation, which derived from trans-
portation under the impact of data based mainly on social signals. The perception, mining, analysis and utilization
upon information of physical and cyber space in related work are introduced according to data, corresponding tech-
nical methods, and research applications. The research trends of social transportation is also analyzed and summar-
ized.
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