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Abstract With the accelerating urbanization of many countries, managing people flow and mining mobility patterns become more
and more important. Simultaneously, with the development of information technology, especially mobile crowd sensing, the con-
cept of smart city is proposed by many scholars, sensing data in smart cities also provides the possibility for analysis of people
flow. In smart city,spatio-temporal data is the most common data. Based on the spatio-temporal data,this paper proposes a mod-
eling method to represent different kinds of spatio-temporal data as people flow model. Then, based on the thinking of clustering,
this paper mines mobility pattern from people flow by an improved density-based clustering algorithm, designs a transportation
application in smart city,and proposes a method for evaluating the effectiveness of mobility pattern. Finally, experimenting on a
real dataset of a city in China and analyzing the results. The results show that the mobility pattern obtained in this paper can re-

duce costs by 25% in the transportation application of smart city, verifying the effectiveness of the mobility pattern.
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Fig. 1 Two ways of griding in different applications
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Fig. 2 Traffic changes in single grid from a set of traffic change
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