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Approach of event extraction based on spatio-temporal analysis
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Abstract: News media and social networking sites present a great volume of spatio-temporal text data every day. It is dif-
ficult for people to get valuable event information. Aiming at the existing methods which depend on a large number of an-
notation data and consider the temporal elements and spatial elements of events in an isolated way, this paper proposes an
event extraction approach based on spatio-temporal analysis. Firstly, a data cube structure was introduced to store event
information. Users can extract important events based on different temporal and spatial granularity. Secondly, a real-
time event clustering algorithm based on semantic similarity is proposed. In the clustering algorithm, a GloVe model was
adopted to learn the vector space of words, so that the event elements which collected in the same event cluster have
strong semantic relevance. According to a large number of unlabeled network text, the approach achieves a 77. 4% value
of F, which indicates that it can achieve event extraction task based on spatio-temporal analysis.
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If S,>threshold T then
Add w to the existing event e,
Update the center vector ¢, of event ¢,

For word w; in the ¢, do

1
1
Cp, — ? ; w;
Else

add w to E as a new event

Algorithm 1:EVENT-CLUSTER(E, w)

Input: Word w, Existing event set E={e; ,e;, ,***,ex |
Output: Updated event set E
If E is null
6 =W, = w
Else
For each event e; in the E do
S, =Sim(c; yw)
Return the biggest S,
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