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Discovering urban functional regions based on sematic mining from
spatiotemporal data

YU Lu', HE Xiang', LIU Jia-Yong*
(1. College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China;
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Abstract: To tackle the problem that the current urban functional regions division are manual completed
and do not fully use the spatiotemporal data in urban regions, an approach for detecting urban functional
regions is proposed based on sematic mining from spatiotemporal data. In which, a rectangular area of
the city is first selected as a research sample and divided it into some valid basis region units according to
its buildings. Dirichlet multinomial regression (DMR) topic model is then implemented for the check-in
and POI(points of interest) data from Sina weibo in these basis region units and the functional vectors of
the basis region units are obtained. Finally, the functional regions are discovered with vector clustering
algorithm and POI’s category proportion. The experimental results show that this approach has higher
accuracy compared with the k-means clustering method based on POI density and urban functional area
detecting approach based on latent Dirichlet allocation (ILDA) topic model. Therefore, The activity pat-
terns of people identified by location check-in data can reveal the differences between urban functional ar-
eas and have a good effect on urban geospatial analysis.
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