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[ Abstract] The existing bursty event detection method does not consider the importance of the eveuts, and treats the
bursty event time domain and spatial domain of the incident in an isolated manner, and proposes an incident detection
method based on comprehensive analysis of spatio-temporal elements. The data cube structure is introduced to store event
words ,and important events are extracted by a real-time event clustering algorithm based on semantic similarity. TFIDF is
used to calculate the occurrence weights of events in the space-time dimension, and the finite state machine-Gaussian
distribution model is used to identify spatio-temporal events. Experimental results show that the method can effectively
identify bursty time and bursty area of the event,compared with the existing emergency detection method , the accuracy of
detecting eveuts is higher.
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