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Table 1 Estimation results for crowd movement modes
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The sudden change detection of the crowd movement trend
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Regional Co-location Pattern Mining and Scoping from Urban Facility POI
YU Wen—hao"*?, Al Ting—hua'*,ZHOU Qi°
(1. Key Laboratory of Urban Land Resources Monitoring and Simulation ,Ministry of Land and Resources ,Shenzhen
518000 ; 2. College of Urban and Environmental Science , Huazhong Normal University ,Wuhan 430079 ;
3. Key Laboratory of Digital Mapping and Land Information Application of National Administration of Surveying ,
Mapping and Geoin formation ,Chengdu 610100 ;4. School of Resource and Environmental Science ,
Wuhan University ,Wuhan 430079 ;5. The Third Geoin formation Map ping Institute of National Administration
of Surveying sMapping and Geoin formation ,Chengdu 610100 ,China)

Abstract: Different types of urban facilities usually appear together, which have strong spatial association. The spatial co-loca-
tion pattern mining.,which aims to discover this type of knowledge, can be utilized to support many applications, such as com-
mercial layout, urban planning and regional management. However, traditional co-location pattern mining usually adopts the
global statistical index,which tends to neglect the strong significance of spatial relationship in regional geographic areas. Consid-
ering this problem,a regional prevalence index is proposed in this paper, and the impact area of neighborhood is constructed
based on the regional impact of the First Law of Geography,and thereby significant areas of co-location patterns can be delimita-
ted. The actual data experiment for mining the POIs’ co-location patterns is used to analyze spatial association characteristics of
the POI infrastructure in Shenzhen City. The assess result indicates that this approach is more reliable than other methods.

Key words: spatial data mining;co-location pattern;scoping;urban facility; POI

( 5 )
Crowd Movement Analysis and Abnormal Behavior Detection under Geographical Environment
SONG Hong—quan'? ,WANG Feng®,LIU Xue—jun®,LV Guo—nian’, HAN Zhi— gang'
(1.College of Environment and Planning , Henan University ,Kaifeng 457004 ;
2.College of Life Sciences , Henan University ,Kai feng 475004 ; 3. Key Lab of Virtual Geographic
Environment , Ministry of Education , Nanjing Normal University . Nanjing 210023 ,China)

Abstract: The massive crowd gathering appears frequently with the rapid urbanization and the development of socio-economic.
There are enormous stampede accidents caused by the high crowd density. Numerous surveillance cameras have been installed in
many cities. So,it is important to monitor the crowd status in real time in crowded areas,and this can provide basic data for
crowd management and emergency warning. Existing video-based crowd movement analysis cannot express crowd movement
patterns and abnormal behaviors quantitatively in geo-referenced systems. In this study,a method for crowd movement analysis
and abnormal behavior detection was proposed based on the integration of video surveillance systems and GIS. Consequently,
crowd images can be processed and crowd movement vector fields can be extracted in GIS using video frames which were
mapped to geographic space. And then,crowd movement patterns,crowd movement trends,and crowd movement velocities can
be calculated and expressed in GIS. In addition,abnormal behaviors can be also detected through this method,such as the sudden
change of the movement velocity and the movement trend, reverse walking, central gathering,and central divergence. Experimen-
tal results illustrate the method proposed by this study can provide spatial-temporal patterns of crowd status in large areas.

Key words: video-GIS;crowd movement analysis;abnormal behavior detection;sensing and monitoring
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