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Simulation and Influencing Factors of Spatial Distribution of PM, ,

Concentrations in Chongqing

WU Jian-sheng' > LIAO Xing' > PENG Jian' > HUANG Xiu-an'

(1. Key Laboratory of Urban Habitant Environment Science and Technology Shenzhen Graduate School Peking University Shenzhen
518055 China; 2. Laboratory for Earth Surface Processes Ministry of Education College of Urban and Environmental Sciences
Peking University Beijing 100871 China)

Abstract: Land use regression model ( LUR model) was used to simulate the spatial distribution of PM, s concentrations in Chongqing
with the software of ArcGIS. This research was conducted with a total of 17 PM, 5 concentrations of monitoring points from 17 air quality
monitoring stations recorded in the official website of Chongqing Environmental Protection Bureau. Among them 16 were chosen as the
dependent variables and the last one was chosen for land use regression model validation test. At each site location we constructed
circular buffers with ArcGIS and captured information on roads population land use and DEM. Based on the buffer information 56
potential geographic predictors were built. Finally 3 variables: cropland area within 500 m of the air quality monitoring sites the site
locations” DEM and primary road length within 1 000 m of the 56 predictors were left for predicting 84% of the variation of PM,
concentrations and the Pearson coefficients between the 3 variables and PM, 5 concentrations were 0.695 —0.599 and 0.394
respectively. The validation test result showed that the spatial distribution map of PM, 5 predicted extremely well with an error rate of
only 0.027. And the return map results showed: () PM, s concentrations were high in the center of the main city; @ PM, ;
concentrations were high along the road and () the distribution was closely correlated to the DEM of sampling locations.

Key words: PM, ;; land use regression model; regression mapping; spatial distribution; correlation; GIS
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Fig. 2 Land use raster data of the study area
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Table 1  Classification description and processing methods of the independent variables
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3
Table 3 Correlation between the independent variables and the dependent variable
5 km 0.016 5 km 0. 144
5 km -0. 141 7 km 0.183
5 km 0.133 5 km 0. 064
5 km -0.154 5 km 0. 052
5 km 0.073 5 km 0. 628
2 km 0.018 5 km 0. 126
2 km 0.135 5 km 0. 065
2 km 0. 251 5 km 0. 105
2 km -0.247 2 km 0. 405
2 km -0.082 2 km -0.052
1 km 0.332 2 km 0. 66
1 km 0. 451 2 km 0. 347
1 km 0.277 2 km -0.022
1 km -0.362 2 km 0.024
1 km -0.179 1 km 0.539
0.5 km 0.227 1 km -0.213
0.5 km 0. 695 1 km 0.39%4
0.5 km 0.315 1 km 0.519
0.5 km -0.391 1 km -0.071
0.5 km -0.276 1 km -0.01
0.3 km 0.122 0.5 km 0.27
0.3 km 0. 662 0.5 km -0.328
0.3 km 0. 369 0.5 km 0.381
0.3 km -0.395 0.5 km 0. 494
0.3 km -0.289 0.5 km -0.122
-0.599 0.5 km -0.022
1 km 0.073 0.3 km 0.174
3 km 0.297 0.1 km 0. 007
4 PM, "
Table 4  Variable most strongly associated with PM, 5 in each sub class
max 300 m? 300m  300m 500m 1000 m 1000 m 500 m 2000 m 1000 m 500 m 5000 m 3000 m
R -0.289% -0.395 0.369 0.695 0.332 0.539 -0.328 0. 66 0.519 -0.122 0. 105 0.297
1) PM, 5 ( max) ; 2) PM, 5
7 3) “ max”  PM, s
5 4 &
Table 5 Variables excluded by the model’s forth step
2000 m? 2000 m 2000 m 1 000 m 2000 m 5000m  5000m 5000m 2000 m 1000 m
(0.824)3  (0.928)  (0.884)  (0.823) (0.773) (0.936) (0.668) (0.670) (0.9) (0.742)
R>0.6 1000 m 1000 m 1000 m 300 m 500 m 2000 m 5000 m
(0.933) (0.992)  (0.907)  (0.968) (0.651) (0.925) (0.888)
500 m 500 m 500 m 500 m 7000 m
(0.970) (1) (0.956) (0.792) (0.888)

( max) ( R>0.6); 2)
;v 3) ( ) ( max)
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Table 6  Analysis results of land use regression model Arcgis
R R? R? Sig. F 4 ;
1 0. 695 0.484 0.447 0.003
2 0. 846 0.715 0.671 0. 006 PM, 5
3 0.916 0. 840 0. 800 0.010 ;
PM, , ;
max 0.6
SPSS 20.0
PM, 5
R R =
0. 840
0.05
25 26 . 3
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( 3) PM, 500
m (r=0.695) 300 m
(r=0.662)
2 000 m (r=0.66) .
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(r=-0.599). 300 m
5000 m
7 PM:.s ;2000 m
Fig. 7 Spatial distribution of PM, 5% simulative
concentration in the study area PMZ_ .
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