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Abstract: With the popularity of smart phones and wireless sensors large amount of data with timestamps and geo-ocations
( spatial4emporal) has been produced continuously. This spatial-temporal data records individual behaviors by time and lo—
cations shows macro and micro behavior patterns of people by statistical methods which is very important for studying the
human behavior especially significant for managing the public safety for city administrators. In this paper we survey the
state-of-the-art research of the human behavior mining for public safety on spatial-temporal data in four aspects and provide
our work in each aspect respectively. We discussed two types of spatial4emporal data one is smartphone data and the oth—
er is smart card data of public transit. The former shows the individual and crowd behavior from “point” view and the lat—

ter shows the crowd behavior pattern from “line” view. With the former data we discussed how to discover suspect individ—
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uals; with the latter data we introduced how to find harmful events from short-term and burst passenger traffic so as to
provide the early warning to administration if necessary. We compared our model with existing ones such as ARIMA SARI-
MA SVR NN and LSTM. The result shows that our model can reduce the error up to 27.78% for short-term traffic pre—
diction and up to 14.68x for burst traffic prediction.

Keywords: spatial-temporal analysis; big data; outlier detection; prediction
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