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In recent years, information on the Internet provided by indivisual users is more increasing and varied with
the developments in social media. It includes not only text information but location information, time stamp
information. Some of them refer to real-time events occurred in the real world, which means that we have hidden
potential to extract a variety of events in the real world. In this research, we propose a method to extract people
sighting information from social media using SVM and pattern matching, make prototype of sighting information
detection system, and validate the possibility to extract real -time evens in the real world from social media.
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