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Abstract: Traffic situational awareness is an important research direction of intelligent transportation systems. Most of
the existing research focused on how to use physical sensors to perceive the current traffic situation and predict the future
traffic state. However, the performance of physical sensors is prone to instability or failure due to adverse weather, elec-
tromagnetic interference, energy limitation and other problems, resulting in sparse or missing collected data, which makes
the perception of traffic situation lagging and inaccurate. Social media data provides a new and enhanced way of per-
ceiving comprehensive traffic situation information in a timely manner. Facing with the current traffic situation where
sudden abnormal traffic events occur frequently, social sensing and physical sensing data can complement with each other
to further improve the efficiency of urban traffic management. The related work of traffic event detection and traffic state
prediction enhancing based on social media data were analyzed, and how those research works provide decision support
for the traffic management departments to plan and guide traffic reasonably and alleviate traffic congestion were explored.
Finally, some future research directions of traffic situational awareness enhanced by social media data were proposed.
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