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Abstract Specific topic events, such as terrorist attacks, emergencies and conflicts, pose serious threats to national
security. Since event database which records real-life activities plays a major role in situational awareness, crisis early
warning and contingency decision, its construction techniques have become an important part of content security. The
construction techniques of event database achieve mass production of structured event data from massive unstructured data.
Because of the differences in data landscape, data precision and application scenario, there have been relevant researches
of various construction techniques. This paper describes the definition, classification and architecture of event database in
detail. According to the bottom-up data level, the paper divides the construction techniques of event database into three
classes of critical technologies, including event detection, event extraction and event fusion, and makes comprehensive
analysis on current research status and development of these technologies. Furthermore, the paper summarizes the main
application fields of event database. Finally, this work conducts in-depth discussions on major challenges and key issues
which the construction techniques of event database confront.
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Table 2 The typical event databases which are still being updated
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Figure 1 The framework of Event Database
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Figure 7 The representation methods of event graphs
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