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Abstract. This paper was the first to employ land use regression (LUR) with high-resolution geographical census data 

for Hebei, one of the most severely polluted regions in China, to evaluate its spatial distribution characteristics of PM2.5 

and NO2 concentrations and identify influencing factors. To develop the LUR model, PM2.5 and NO2 concentrations 

recorded at 53 sites in Hebei were selected as dependent variables. Independent variables include buffer-related and 

location-based factors. At first, 169 independent variables were chosen in total. Then pre-processing of bivariate 

correlation was performed to prevent multicollinearity. Lastly, step-wise regression was processed to identify the 

impacting factors. Different to other cities which have been studied like Shanghai or Beijing, we find that the results 

showed that PM2.5 and NO2 concentrations were positively correlated with the industrial pollution sources in a buffer 

area. NO2 concentrations displayed significant negative correlations with forestland within the distance of 1 km and 

from the coastline. This study showed that the introduction of high-resolution geographical data into the LUR model 

significantly improved the fitting. More importantly, our study identified industries within a 9 km-buffer as important 

influencing factors in Hebei and was also consistent with empirical observations. It provided data on effective buffers 

to support future policy-making and designations of residential areas. 

Keywords: land use regression, fine particulate matter, air pollution 

Introduction 

Fine particulate matter with a diameter of less than 2.5 μm (PM2.5) and nitrogen dioxide 

(NO2) have been recognized as causes of adverse health effects (Duki et al., 2003; Roswall et 



Yao et al.: Assessing spatial distribution and impact factors of fine particulate matter (PM2.5) and nitrogen dioxide (NO2) by 

combining high-resolution geographical census data, and meteorological data in Hebei Province, China 
- 8104 - 

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 17(4):8103-8120. 

http://www.aloki.hu ● ISSN 1589 1623 (Print) ● ISSN 1785 0037 (Online) 
DOI: http://dx.doi.org/10.15666/aeer/1704_81038120 

 2019, ALÖKI Kft., Budapest, Hungary 

al., 2017; Chen et al., 2018; Yin et al., 2017). Empirical studies have shown a significant 

increase in the proportion of related diseases in regions affected by air pollution (Shekarrizfard 

et al., 2016; Su et al., 2008). Research by the World Health Organization (WHO) has shown 

that outdoor pollution caused 3.0 million extra deaths in 2012 (WHO, 2016). After three 

decades of rapid economic development, China has become the world’s second largest 

economy (Morrison et al., 2015). At the same time, China is suffering from serious air pollution 

(Chambers et al., 2015; Chan et al., 2008; He et al., 2016; Hu et al., 2015; Wang et al., 2013; 

Fengwen et al., 2015; Song et al., 2017). There are emerging studies from various perspectives 

under pressures of urban and social development (Liu et al., 2017), but interdisciplinary 

research linking urban land use pattern, air pollution and meteorology at the regional level in 

China is lacking. 

Many studies in Europe and North America have shown that land use patterns directly and 

indirectly influence air pollutant concentrations, and the optimization of land use patterns is 

feasible to alleviate air pollution problems (Briggs et al., 2000). In order to optimize land use, it 

is necessary to understand the impacts of its various influencing factors. There are numerous 

approaches to the quantitative assessment of the influence of land use on air pollution, such as 

diffusion models (Ciocănea et al., 2013) (for example, land use regression [LUR]), numerical 

simulations of the atmosphere (Chen et al., 2009), inversion of MODIS remote sensing images 

(Wu et al., 2016; Yao et al., 2017), and artificial neural network models (Jerret et al., 2005; Lu et 

al., 2003), etc. Jedynska et al. (2015) and Liang et al. (2016) respectively applied the LUR 

model on relationship of air pollutants, land use variables in Oslo, The Netherlands, 

Munich/Augsburg, and Catalonia of Europe and Houston of USA. 

Among these tools, LUR has been proved to be feasible and appropriate of regions of China 

and other areas worldwide (Hoek et al., 2008; Ross et al., 2007). Therefore, LUR was chosen as 

the method to study spatial influencing factors in air pollution in this paper. As of the study 

areas, Hebei Province was selected because it is one of the most polluted area in China and 

worldwide, and in-depth research is needed to understand its pollution characteristics (He et al., 

2016; Zhang et al., 2016). 

LUR models are important methods for studying the relation between the spatial distribution 

of air pollutants and elements of geographical space. Usually, an LUR model is built by 

constructing a regression equation to analyze factors affecting air quality, in which data for air 

pollutant concentrations serve as the dependent variable while data for socioeconomic, land use, 

and meteorological factors, etc., serve as the independent variables. 

After the Chinese government established national networks for monitoring air pollutants in 

2013, relevant studies using LUR models gradually increased in number. Some researchers 

employed an LUR model to study land use and air pollution levels in Shanghai, one of the 

largest megacities in China (Liu et al., 2016; Meng et al., 2015). Although, Meng et al. (2015) 

was the first to combine aerosol optical depth (AOD), meteorological information and the land 

use regression (LUR) model to predict ground PM10 levels on high spatiotemporal resolution. 

However, in their studies, the resolution of land use data is not high. 

Previous studies showed that the Beijing–Tianjin–Hebei region is one of the most seriously 

areas affected by the pollutant haze in China (Wang et al., 2015b; Gang et al., 2014; He et al., 

2018). Beijing and Tianjin are two of the most important cities in China. Beijing is the capital of 

China, and Tianjin is an important municipality directly under the jurisdiction of the central 

government. Both cities have a high degree of urbanization and high levels of financial industry. 

Although the level of urbanization in Hebei Province is not high, its industry is dominated by 

steel and coal. The sources of pollution are therefore different, and the spatial patterns and 

influencing factors of pollution are also potentially different. 
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Some researchers have pointed out that the impact of motor vehicle exhaust emissions on the 

atmosphere is the most significant pollution source in Beijing and Tianjin, whereas in Hebei 

Province industry is the most notable contributor (Yang et al., 2018; Wang et al., 2017).  

By the end of 2012, the total coal consumption of Hebei Province reached 271 million tons, 

which was much higher than the combined consumption of Beijing and Tianjin. Among 74 

major cities in China, pollution by PM2.5 in seven Hebei cities is the most serious (Wang et al., 

2013). 

An LUR model has been used to analyze the spatial distribution and influencing factors of 

air pollutants in Tianjin and Beijing and good results have been achieved (Chen et al., 2010; Wu 

et al., 2014). However, an LUR model has not been employed in Hebei Province alone in any 

recent researches. Because of the heavy industry-based industrial structure and complex 

geographical and meteorological environment, we focused exclusively on Hebei and used high-

resolution land use data to employ LUR for the identification of influencing factors. 

The purpose of this study is to conduct Land use Regression model to analyze the 

relationship between spatial characteristic and air pollutants in Hebei province. In comparison 

with previous studies, this paper improved both data fineness and model integrity in cooperation 

with multiple local and international institutes. Firstly, high-resolution (1 × 1 m) land use data 

from national geographical census data were used. Secondly, we set 20 buffer distances to 

refine the influencing factors that significantly influenced the concentrations of air pollutants. 

Finally, this study introduced meteorological data as a variable for a more comprehensive 

analysis on air pollution problems. 

Data and methodology 

Hebei Province was chosen as the study area because it is the most polluted region of China 

(Lu et al., 2015). In contrast to Beijing and Tianjin, Hebei has a more complex and diverse 

geographical environment and a much larger area. Furthermore, Hebei is relatively less 

urbanized and has more heavy industries. Hebei’s unique characteristics need customized 

research designs, and it is necessary to conduct separate studies in Hebei alone. When we 

developed our LUR model, the PM2.5 and NO2 concentrations at 53 air quality monitoring sites 

were selected as separate dependent variables, and various influencing indicators (e.g., 

meteorological factors, land use types, road area, population density, monitoring enterprises, 

pollution sources, elevation, etc.) were selected as independent variables. The LUR model was 

analyzed with a statistical package (SPSS) and geographic information system (GIS) software 

(ArcGIS 10.1). A flow chart of the study is shown in Figure 1. 

 

Research area 

Hebei Province is a coastal province adjacent to two megacities in northern China, 

namely, Beijing and Tianjin. The Beijing–Tianjin–Hebei region is also one of China’s 

largest urban agglomerations. Hebei consists of 11 cities, and its land area is 

approximately 188,500 km2. The Yanshan and Taihang Mountains lie to its north and 

west respectively and the Bohai Sea lies to its northeast Hebei, as illustrated in 

Figures 2 and 3. At the end of 2014, the gross domestic product (GDP) of Hebei 

reached 2942.12 billion renminbi (RMB), its population was 73.83 million, and its 

average population density was 392 inhabitants/km2 (National Bureau of Statistics, 

2015). 
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Figure 1. Flow chart of our study 

 

 

The annual temperature at meteorological monitoring sites in Hebei Province in 2014 

ranged is 13°C (Climate Bulletin of 2014 in Hebei Province), and the average wind 

speed is 2.5 m/s, calculated from data for 20 national meteorological monitoring 

stations in Hebei in 2014. The average wind speed in southern and western areas is 

lower than that in northern and eastern areas because the Taihang and Yanshan 

mountains to the west and north of Hebei block the prevailing northerly winds in winter. 

 

LUR model setting 

Dependent variables: PM2.5 and NO2 

Hebei Province started to report PM2.5 concentrations in 2012. In this study, we 

extracted hourly monitoring data for PM2.5/NO2 concentrations from the official website 

of China Environmental Monitoring Station (http://www.cnemc.cn) during the period 

from March 22, 2014 to March 22, 2015. In total, one-year observations from 53 

national air quality monitoring sites in 11 cities of Hebei were collected, and the 

average annual values of PM2.5 and NO2 concentrations were used as dependent 

variables. 

 

Independent variables 

Independent variables were divided into buffer-related and location-based variables, 

of which the latter were specific to the 53 air quality monitoring sites. The buffer-

related variables are comprised of six land use types, road areas, and the numbers of 

pollution-emitting industries in different buffer areas around each monitoring site, 

which were calculated for 20 different buffer distances (from 0.5 km to 10 km at 
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intervals of 500 m) from each monitoring site. Furthermore, the location-based variables 

included the longitude, latitude, distance from the monitoring site to the coastline, 

population density, and elevation, as well as meteorological elements, including air 

pressure, wind speed, temperature, precipitation, and relative humidity. In the LUR 

model, 169 independent variables were used, and each independent variable is described 

as follows. 

 

 

Figure 2. Study area and monitor distributions 

 

 

Land use 

The six land use types adopted are comprised of building land (including workplaces, 

residences, educational institutions, and buildings used for entertainment), forest land, 

farmland, bodies of water (rivers and lakes), greenhouses, and garden land. (A 

greenhouse is defined as a heating facility used to cultivate plants.) The areas occupied 
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by each land use in each buffer zone were calculated separately. The land use data were 

derived from national geographical census data for Hebei Province with high resolution 

(1 × 1 m), which were collected by the Hebei Bureau of Geoinformation 

(http://www.hebsm.gov.cn/) in 2015. The variables were denoted as the land use type 

plus buffer distance as follows: build_buffer distance, fore_buffer distance, farm_buffer 

distance, wat_buffer distance, ghl_buffer distance, and gar_buffer distance. The 

explanation of abbreviation is shown in Table A3 in the Appendix. 

 

 

Figure 3. Study area and ridgelines distributions 

 

 

Road areas 

The areas of all road types in the different buffer zones in km2 were calculated. The 

road area data were derived from high-resolution national geographical census data for 

Hebei Province from the Hebei Bureau of Geoinformation (http://www.hebsm.gov.cn/). 

The road types included national roads, provincial roads, county roads in rural areas, 

expressways, arterial streets, sub-arterial streets, and local streets in urban areas. We did 

not separate these road types in detail but uniformly calculated the areas of all types of 

roads in different buffer zones, which were denoted as rdar_buffer in this paper. 
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Population density 

Population density data in inhabitants/km2 were extracted from the database of 

China’s population distribution provided by the Data Center for Resources and 

Environmental Sciences, Chinese Academy of Sciences. We used the GIS to extract the 

raster values of the 53 air quality monitoring sites in Hebei Province as population 

density variables from the population distribution dataset for the Chinese population 

grid (1 × 1 km), which was calculated by Fu et al. (2013). In comparison with the 

census data, the above-mentioned data have higher resolution and are better for 

revealing spatial differences in population density, because the relative error is kept 

under 10% (Fu et al., 2010). 

 

Distance to the coastline 

The straight-line distance (m) between each air quality monitoring site and the 

nearest coastline was measured on a map of Hebei Province with the GIS. The 

measurement of the distance to the coastline served to determine the effects of the 

deposition of pollutants in the sea and the dilution of pollutants by sea breezes. 

 

Geographical features of air quality monitoring sites 

The geographical coordinates of each air quality monitoring site (including its 

longitude and latitude) were recorded, which were obtained from the Environmental 

Monitoring Center of Hebei Province. Elevations were extracted from the data of a 

digital elevation model of Hebei with a worldwide resolution of 30 m. 

 

Industrial sources of air pollution 

This study considered 241 enterprises that carried out national emission monitoring 

in Hebei Province in 2015, as listed on the website of the Ministry of Environmental 

Protection of China, as shown in Figure 2 (http://www.zhb.gov.cn/). These included 

waste gas, coal, and thermal power plants, etc. We counted the number of these 

enterprises within each buffer zone, which was included as an independent variable in 

the model. 

 

Meteorological data 

We extracted meteorological data for 20 national meteorological monitoring stations 

in Hebei Province from the official website of the China Meteorological 

Administration. The mean values of five variables (air pressure, temperature, 

precipitation, wind speed, and relative humidity) in one year were calculated. By means 

of the kriging interpolation algorithm in ArcGIS 10.1, the values of the five classes of 

meteorological data for each air pollution monitoring site were taken as independent 

variables. 

 

Statistical analysis 

Pre-processing was performed to solve problems arising from multicollinearity 

between independent variables. Firstly, a bivariate (Pearson) correlation test was used to 

calculate the absolute strength of the correlation between all variables and the measured 

PM2.5/NO2 concentrations. Secondly, for land use factors, from two independent 

variables between which the correlation coefficient was greater than 0.6, only the 
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variable with a stronger correlation with the dependent variables was employed in the 

LUR model. In addition, the longitude, latitude, wind speed, population density, 

precipitation, pressure, temperature, and altitude were added directly to the LUR model. 

After the pre-processing step, stepwise backward multiple regression methods were 

employed to test the remaining variables for their correlations with PM2.5 and NO2 

concentrations. The adjusted R2 and residuals were used to evaluate the goodness of 

model fitting. The global Moran’s index and Durbin–Watson index were employed to 

test the assumption that the regression residuals were spatially independent. In the 

application of GIS model, Moran’s (Anselin, 1983) and Durbin-Watson (Mcauliffe, 

2015) indexes are generally used for spatial autocorrelation test of data. 

Results and discussion 

Descriptive characteristics of PM2.5 and NO2 concentrations 

The average PM2.5 and NO2 concentrations at the 53 air quality monitoring sites in 

Hebei Province were 83.64 ± 29.45 μg/m3 and 47.18 ± 12.10 μg/m3, respectively. 

Figure 4a shows an inverse distance weighting (IDW) interpolation map derived from 

the annual average values of PM2.5 concentrations. Figure 4b shows an IDW 

interpolation map derived from the annual average values of NO2 concentrations. The 

maps indicate that the concentrations in the southwest were higher than those in other 

areas. In addition, there were significant differences in concentration between the north 

and south of Hebei along the Yanshan mountains. Areas under severe air pollution were 

mainly concentrated in the south of Hebei for both PM2.5 and NO2. 

 

  

Figure 4. a Interpolation map of PM2.5 concentrations (μg/m3) based on observational data. b 

Interpolation map of NO2 concentrations (μg/m3) based on observational data 

 

 

Results of pre-processing for multicollinearity 

There were initially a total of 169 indicator variables in this study; after filtering for 

multicollinearity between the influencing factors with reference to the modelling 

method proposed by Wu et al. (2014), 20 influencing factors remained for PM2.5 
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concentrations (Table 1) and 19 influencing factors remained for NO2 concentrations 

(Table 1), which were added to the LUR model at the outset. 

 
Table 1. Screening of optimal correlation factors for bivariate correlation analysis with 

PM2.5/NO2 concentration 

PM2.5 NO2 

Influencing factors 
Correlation 

coefficient 
Influencing factors 

Correlation 

coefficient 

Longitude −0.39** Distance to the coastline −0.28* 

Latitude −0.75** Latitude −0.44** 

Population density 0.52** Population density 0.52** 

Elevation −0.73** Elevation −0.76** 

Wind speed −0.51** Wind speed −0.46** 

Temperature 0.77** Temperature 0.41** 

Air pressure 0.75** Relative humidity 0.61** 

Precipitation −0.30* Air pressure 0.72** 

Farmland_0.5 km 0.31* Road area_0.5 km 0.34* 

Building land_0.5 km 0.52** Forest land_1 km −0.73** 

Farmland_3 km 0.28* Road area_1 km 0.43** 

Farmland_3.5 km 0.31* 
Emission monitoring 

enterprises_3.5 km 
0.37** 

Water_3.5 km −0.37** 
Emission monitoring 

enterprises_4 km 
0.37** 

Emission monitoring 

enterprises_3.5 km 
0.34* Garden land_5 km −0.42** 

Emission monitoring 

enterprises_4 km 
0.33* Building land_5 km 0.63** 

Forest land_6 km −0.70** 
Emission monitoring 

enterprises_8.5 km 
0.76** 

Building land_9 km 0.78** Water_10 km 0.36** 

Emission monitoring 

enterprises_7.5 km 
0.48** Farmland_10 km 0.26* 

Farmland_10 km 0.58** Road area_10 km 0.66** 

Road area _10 km 0.62** - - 

**Significant correlation at level of p < 0.01. *Significant correlation at level of p < 0.05 

 

 

LUR model results 

PM2.5 concentration modeling results 

The adjusted R2 in the regression model was 0.96 and the F-statistic was 157.71 

(p < 0.01), which indicates that the LUR model had good fitness (Table A1 in the 

Appendix). The value of the Durbin–Watson test statistic was 1.954, which indicates 

that there was no autocorrelation in the residual sequence. Eight independent variables 

were finally entered into the LUR model, namely, air pressure, precipitation, 

temperature, wind speed, longitude, elevation, farmland_500 m, and pollution-emitting 

industries within the 7.5 km buffer zone. The standardized regression coefficients for air 

pressure and precipitation were 0.94 and 0.23, respectively, which indicates that they 
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were positively correlated with PM2.5 concentrations. In contrast, the standardized 

regression coefficients for temperature and wind speed were -0.62 and -0.15, 

respectively, which indicates that they were negatively correlated with PM2.5 

concentrations. The results also show that the area of farmland within the 500 m buffer 

zone and emission monitoring enterprises within the 7.5 km buffer zone (Emission 

monitoring enterprises_7.5 km) were included as significant predictor variables, with 

standardized regression coefficients of 0.07 and 0.10, respectively. This indicates that 

the emission source of waste gas enterprises is the main contributor to the concentration 

of PM2.5 pollutants, and the wind speed is the main factor to alleviate PM2.5 pollution, 

which is similar to the conclusions of relevant study (Guan et al., 2017; Liu et al., 

2018). Longitude and elevation were also influencing factors negatively correlated with 

PM2.5 concentrations, with standardized regression coefficients of -1.14 and -0.29. 

The final model explains 96% of the variation in the measured PM2.5 concentrations. 

There was no apparent bias in the model, as shown in Figure 5a and b. The results for 

spatial autocorrelation are shown in Figure 5c. The z-score was 0.74, which is less than 

the critical value of 1.96, which means the probability that the residuals resulted from 

random factors is greater than 0.95. The value of Moran’s index of 0.056 further 

indicates that there was no autocorrelation and justifies the assumption that errors were 

spatially independent. 

 

 

Figure 5. a Plot of residuals versus predicted PM2.5 values. b Plot of monitored versus 

predicted PM2.5 values (μg/m3). c Results of spatial autocorrelation test for LUR residuals 

 

 

An interpolation map of measured values of PM2.5 concentrations is shown in 

Figure 4a, and an interpolation map of LUR predictions of PM2.5 concentrations is 

shown in Figure 6a. From these two figures, we can conclude that there existed 
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significant heterogeneity in the spatial distribution of PM2.5 concentrations in Hebei 

Province. The variables of longitude and elevation were negatively correlated with 

PM2.5 concentrations. Correspondingly, the LUR model results show that western areas 

were more heavily polluted than eastern areas and that southern areas were more 

heavily polluted than northern areas. The regression coefficients for the number of 

emission monitoring enterprises within the 7.5 km buffer zone and farmland within the 

500 m buffer zone show that these variables were positively correlated with PM2.5 

concentrations. 

 

 

Figure 6. a LUR predictions of PM2.5 concentrations (μg/m3). b LUR predictions of NO2 

concentrations (μg/m3) 

 

 

This is due to the following reasons. Firstly, industrial emissions of air pollutants 

make a great contribution to PM2.5 concentrations (Rohde et al., 2015). Secondly, the 

destruction of the soil structure and surface vegetation cover of farmland by human 

farming processes (Bogman et al., 2005; Goossens, 2004; Pattey et al., 2012) and the 

burning of biomass lead to the increases in PM2.5 concentrations (Cheng et al., 2014). 

Therefore, we conclude that PM2.5 concentrations are influenced by meteorological 

factors, certain land uses, and heavy industries. 

 

Spatial distribution of NO2 concentrations and influencing factors 

NO2 is the main air pollutant indicator that originates from transportation. In this 

study, we also developed an LUR model for NO2 for comparison with the features of 

PM2.5 pollution. The adjusted R2 in the regression model was 0.81 and the F-statistic 

was 25.31 (p < 0.01), which indicates that the LUR model was also highly predictive for 

NO2 concentrations (Table A2 in the Appendix). The value of the Durbin–Watson test 

statistic was 2.08, which is very close to 2, indicating that there was no autocorrelation 

in the residual sequence. Finally, nine independent variables were entered into the 

model, namely, distance to the coastline, latitude, forest land within the 1 km buffer 

zone, emission monitoring enterprises within the 8.5 km buffer zone, area of water 

within the 10 km buffer zone, wind speed, temperature, air pressure, and relative 

humidity. 
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An interpolation map of measured values of NO2 concentrations is shown in 

Figure 4b, and an interpolation map of LUR predictions of NO2 concentrations is 

shown in Figure 5b. 

The main similarity was that for both PM2.5 and NO2 the number of emission 

monitoring enterprises and air pressure had a positive influence on pollution levels. 

There were also differences between the two models. In general, land uses were more 

influential in the NO2 model than in the PM2.5 model, whereas meteorological factors 

were more significant in the PM2.5 model than in the NO2 model. A possible reason is 

that PM2.5 remains suspended for a longer time and could be transported over longer 

distances with the help of meteorological conditions in comparison with NO2 (Liu et al., 

2016). NO2 is considered to be a local pollutant and is thus more influenced by local 

land uses (Liu et al., 2016). The results of the NO2 model differed from those of the 

PM2.5 model. Unlike the LUR model results for PM2.5, the distance to the coastline and 

latitude affected NO2 pollution but were not entered into the PM2.5 model. Secondly, 

wind speed, temperature, and relative humidity were positively correlated with NO2 

concentrations but negatively correlated with PM2.5 concentrations. Thirdly, forest land 

was helpful for NO2 pollution reduction but did not exhibit significant effects in 

decreasing PM2.5 concentrations. Besides, the adjusted R2 for the NO2 regression was 

lower than that for the PM2.5 model. 

There is a negative correlation between wind speed and NO2 concentration in 

Table 1. This suggests that without being influenced by anything else, the higher the 

wind speed, the more favorable is the diffusion of NO2 concentration. But in the LUR 

model, the influence factor coefficient of wind speed is negative, this may be because 

the influence of wind speed on NO2 concentration may be interfered by other factors. 

Discussion 

A comparison was carried out with LUR results for similar regions. Owing to the 

lack of specialized research in Hebei Province using LUR, we chose previous studies of 

the Beijing–Tianjin–Hebei region as a whole to compare our results. Each study had a 

specific combination of influencing variables for the prediction of PM2.5 concentrations, 

as shown in Table 2. 

The results of the comparison showed that this study displayed the best fitness and 

the highest adjusted R2. The primary reason was that Hebei Province and the cities of 

Beijing and Tianjin have distinct economic structures. Beijing and Tianjin are two of 

the most highly developed cities of China, with high levels of urbanization and much 

fewer polluting industries. Therefore, the fitness of the LUR model was lower when 

Beijing–Tianjin–Hebei as a whole was considered as the study region and the spatial 

characteristics were assumed to be the same in the model. 

In all three sets of results, elevation was a common variable and was negatively 

correlated with PM2.5 concentrations. Emission monitoring enterprises played an 

important role both in this study and in the model used by Gang et al. (2016), which had 

buffer zones of 9 km and 10 km, respectively. This consistency indicates that the 

influence of pollution-emitting industries on PM2.5 concentrations was significant. 

Our study was the first to consider the impacts of meteorological factors on pollutant 

levels. Our model showed that meteorological factors were even more significant for 

predicting PM2.5 concentrations, and hence a comprehensive LUR including 

meteorological factors is valuable and more convincing. 
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Table 2. Comparison of LUR results for PM2.5 concentrations for the Beijing–Tianjin–Hebei 

region 

Authors Study area Buffers 
Adjusted 

R2 
Influencing variables in the model 

Our study Hebei Province 

0–10 km total, 20 

different buffers, 

interval 500 m 

0.96 

Pressure, longitude, precipitation, 

temperature, elevation, wind speed, 

emission monitoring enterprises_9 

km, farmland_0.5 km 

Xu et al. 

(2016) 

Beijing–Tianjin–

Hebei region 

0–10 km total, 22 

different buffers 
0.81 

Temperature, elevation, emission 

monitoring enterprises_10 km, 

water_10 km 

Jian-Sheng et 

al. (2017) 

Beijing–Tianjin–

Hebei region 

100, 200, 300, 500, 

1000, 2000, 3000, 

5000 m 

0.81 
Elevation, water_2 km, relative 

humidity 

Conclusions 

Our LUR models indicate that the PM2.5 and NO2 concentrations in Hebei Province 

had significant spatial heterogeneity, and that the PM2.5 and NO2 concentrations in 

southern cities were higher than in northern cities. 

In contrast to relevant research studies in Europe, America, and other areas in China, 

the distribution of PM2.5 and NO2 concentrations in Hebei Province is affected by 

pollution-emitting industries, whereas the road network is not the most significant 

variable. This is because Hebei is a developing region, whereas other areas of the 

Beijing–Tianjin–Hebei region are already developed. Specifically, Beijing’s per capita 

GDP reached 99,995 RMB and the per capita GDP of Tianjin reached 105,231 RMB, 

whereas the per capita GDP of Hebei was only 39,984 RMB (National Bureau of 

Statistics, 2015). 

In general, the model results for PM2.5 concentrations demonstrate a gradually 

decreasing tendency from west to east, and the pollutant concentration is lower near the 

coastline than inland, which can be attributed to the influence of the onshore monsoon. 

The effect of dilution by sea breezes is consistent with the conclusions of a study 

performed in Shanghai (Liu et al., 2016). 

The results show that the rational planning of land uses, such as the designation of 

land as industrial land or as green space, plays an important role in mitigating air 

pollution and can effectively reduce PM2.5 and NO2 concentrations. 

Our study was the first to use high-resolution geographical data to study Hebei 

Province as the sole study area. Furthermore, our models made significant 

improvements with the use of meteorological factors, which were usually not 

incorporated into traditional LUR models. The results indicate the importance of 

meteorological factors. In addition, we identified the most distinctive characteristic of 

the spatial patterns of pollution in Hebei in comparison with developed cities, namely, 

the effective buffers around polluting industry. Our findings can be utilized for the 

planning of residential land and the design of buffers around heavily polluting industry 

and can help to reveal the land use factors with the greatest influences on PM2.5 and 

NO2 concentrations. 

Some limitations of the LUR models used in this study should be recognized. Firstly, 

the total number of national monitoring stations in Hebei Province used in this study 

was 53. Although this conforms to the number of monitoring sites (40–80) 
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recommended by Hoek et al. (2008), most monitoring sites were located in urban areas 

and there was a lack of rural monitoring sites. Secondly, our study was limited by the 

availability of refined variables, including land use types, pollutant emission sources, 

real-time meteorological data, and transportation emission data. This is a common 

constraint that also existed in previous studies. 

Further studies should be performed with more monitoring site data and more 

dynamic variables. In addition, empirical observations are needed to support our 

findings, such as the impact of buffers around industry, meteorological impacts, etc. As 

the most severely polluted region in China, Hebei Province needs more comprehensive 

study from an interdisciplinary perspective to identify the relevant problems, reasons, 

and solutions. 
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APPENDIX 

Table A1. Regression results of Hebei PM2.5 LUR model 

Model parameter Unit 
Unstandardized 

coefficient β 

Standardized 

coefficient β 
p-values 

Constant − 1472.79 − < 0.01 

Air pressure hPa 0.95 0.94 < 0.01 

Longitude ° −19.34 −1.14 < 0.01 

Precipitation mm 0.09 0.23 < 0.01 

Temperature °C −8.39 −0.62 < 0.01 

Farmland_500 m km2 33.1 0.07 0.02 

Elevation m −0.03 −0.29 < 0.01 

Wind speed m/s −10.05 −0.15 < 0.01 

Emission monitoring 

enterprises_7.5 km 
N 1.7 0.1 < 0.01 

Adjusted R2 0.96 

Durbin–Watson statistic 1.95 

F-values 157.71 p < 0.01 

 



Yao et al.: Assessing spatial distribution and impact factors of fine particulate matter (PM2.5) and nitrogen dioxide (NO2) by 

combining high-resolution geographical census data, and meteorological data in Hebei Province, China 
- 8120 - 

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 17(4):8103-8120. 

http://www.aloki.hu ● ISSN 1589 1623 (Print) ● ISSN 1785 0037 (Online) 
DOI: http://dx.doi.org/10.15666/aeer/1704_81038120 

 2019, ALÖKI Kft., Budapest, Hungary 

Table A2. Regression results of Hebei NO2 LUR model 

Model parameter Unit 
Unstandardized 

coefficient β 

Standardized 

coefficient β 
p-values 

Constant − -1500.62 − < 0.01 

Distance to coastline km 0.20 1.88 < 0.01 

Latitude ° 19.11 2.14 < 0.01 

Forest land_1 km km2 −3.28 −0.20 0.073 

Water_10 km km2 0.88 0.20 0.082 

Emission monitoring 

enterprises_8.5 km 
N 2.93 0.48 < 0.01 

Wind speed m/s 14.17 0.51 0.04 

Temperature °C 6.09 1.09 0.04 

Air pressure hPa 0.40 0.96 0.02 

Relative humidity % 4.56 1.35 0.02 

Adjusted R2 0.81 

Durbin–Watson statistic 2.08 

F-values 25.31 p < 0.01 

 

 
Table A3. Explanation of abbreviations of land use 

Abbreviation for 

land use data 
Description 

build_buffer The area of building land in a circular area centered on a monitoring station 

fore_buffer The area of forest in a circular area centered on a monitoring station 

farm_buffer The area of farmland in a circular area centered on a monitoring station 

wat_buffer The area of water in a circular area centered on a monitoring station 

ghl_buffer  Greenhouse area in a circular area centered on a monitoring station 

gar_buffer Garden area in a circular area centered on a monitoring station 

 


