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A B S T R A C T   

Coking was regarded as a predominant source of air pollution. Despite the adoption of more 
environmentally friendly equipment, whether the coking enterprises in the Beijing–Tianjin–Hebei 
(BTH) region are still causing regional air pollution is worthy of study, which is essential for the 
control of coking enterprises in this area. To improve the prediction accuracy of large-scale air 
pollutant distribution, the air particle distribution in the BTH region was simulated via land use 
regression (LUR) combined with Bayesian maximum entropy (BME); then, the distribution was 
correlated with the exhaust gas emitted from coking enterprises. Results indicated that the R2 of 
the “LUR + BME” method reached 0.95, higher than 0.82 using LUR alone. The air quality dis
tribution presented a pattern of “low in the northern mountains and high in the southern plains”, 
similar to the distribution of coking enterprises in BTH region. A significant correlation was found 
between exhaust emissions from coking enterprises and air quality in the BTH region, confirming 
the contribution of coking emissions to air pollution in this region, and the necessity to continue 
the strict control on coking enterprises in BTH area.   

1. Introduction 

Coking plants are prone to producing pollutants such as heavy metals, which introduce pollution risks to the air and health risks to 
the human body [1,2]. China is the largest coke producer in the world [3]. Coke production in the Beijing–Tianjin–Hebei (BTH) region 
accounts for about 12 % of the total coke production in China [4]. The coke pollution in the BTH region is regarded as a relatively 
serious environmental problem in this region [5]. As a result of increasingly stringent environmental policies, coking plants have 
adopted more environmentally friendly equipment [6]. Whether the coking enterprises in the BTH region are still causing air pollution 
is worthy of study, which is essential for the air quality improvement in this area. 

Particulate matter PM10 and PM2.5 are the main causes of smoggy weather [7], and they are defined as particles with an aero
dynamic diameter of less than 10 and 2.5 μm, respectively [5]. Smog in the BTH area is serious. Air pollution in BTH area has received 
widespread concern [8]. Industrial activities, traffic, and urban construction activities are considered as the most influential factors of 
urban air quality [9]. Among them, industrial structure is regarded as the decisive factor affecting PM2.5 health risks in BTH area [10]. 
However, despite the general idea that coking contributes to the air pollution in BTH region, there has been limited study analyzing the 
correlation between coking exhaust emission and air pollutants from the point of view of spatial distribution. 

The simulation of air quality from the regional scale using limited amount of data from monitoring stations is a research focus [7]. 
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Many relevant exposure assessments involving air pollutants are analyzed directly using the data obtained from spatial monitoring 
stations. However, the monitoring stations set up in most cities are unevenly distributed and limited in number. Since the monitoring 
stations can hardly cover all areas, the conclusions drawn are usually incomplete, and they are unable to reflect the actual situation of 
the region [11]. In BTH region, such varied distribution of monitoring stations is obvious. Using limited point data to simulate the 
status of the entire region helps promote air pollution control [12,13]. How to accurately reflect the spatial distribution of air pol
lutants using limited data becomes especially important, and thus becoming a hot research topic. The most used methods for exploring 
the spatial distribution of PM2.5 are spatial interpolation, remote sensing inversion, atmospheric diffusion models, land use models, or 
a combination of several methods [14]. The land use regression (LUR) model is a popular method used to simulate the spatial vari
ations in urban air pollution. Based on the hypothesis that the underlying surface environment and population density affected the 
spatial distribution of pollutants, using big data and mathematical statistics, the air pollution was correlated with land use type, 
meteorological factor and population density. Via such correlation, air pollution exposure can be predicted [9,15,16]. The basic idea of 
LUR model is to firstly collect the air pollutant concentration of dozens of sampling points as the dependent variable, and then the land 
use, traffic, population density and other data around the site were obtained as the independent variable. Using these two types of 
variables, a multiple regression model is to be established, predicting the spatial distribution of air pollutant concentration, and 
identifying the predominant influencing factors [17]. According to the model, the concentration of pollutants in other regions that are 
not within the monitoring range can be estimated. 

Compared with the traditional air pollutant simulation model, the land use regression model has the following advantages: more 
factors to consider, a wider prediction range, and higher spatial resolutions [18]. The land use regression model plays an important role 
in simulating the concentration of pollutants on a large scale and applying it to the hazard assessment of human exposure [19,20]. 

However, in the traditional LUR model, linear multiple regression equations are usually used to build models. However, the 
relationship between each variable and the target variable is usually complex and non-linear. Such contradictions indicated that the 
model cannot accurately express the complex realistic relationship between the dependent factor and the independent factor [21,22]. 
Integrating LUR with other modeling methods may increase its efficiency [23]. 

Methods like principal component analysis (PCA) has been combined with LUR to increase the simulation efficiency [24]. Bayesian 
maximum entropy (BME), as a scientific spatiotemporal data analysis method, can be well combined with LUR [25]. The traditional 
geostatistical methods focused on actual measured data (hard data), while ignoring some uncertain data that are not directly measured 
(soft data), including historical data, model fitting data, and the experience and knowledge of experts or existing research results. 
Different from traditional geostatistics, BME can not only build a spatiotemporal covariance model using known spatial points but also 
combine hard data and soft data to simulate the spatial distribution of unknown points [26,27]. The integration of LUR and BME can 
obtain a better prediction of large-scale air pollutant distribution [28]. 

In this study, the air particulate distribution in the BTH region was first simulated via LUR combined with BME. Aiming to confirm 
the contribution of the coking industry to air pollution in the BTH region, the simulated air quality was then correlated with the 
exhaust gas emitted by coking enterprises. Results could provide information for regional air pollution control. 

2. Materials and methods 

2.1. Study area 

The BTH region is located between 36◦05’ - 42 ◦40′ north latitude and 113◦27’ - 119◦50′ east longitude, including Beijing, Tianjin, 
and 11 prefecture-level cities in Hebei Province. It covers an area of 218,000 km2 and accommodates a population of about 110 
million. It is located in the northern part of the North China Plain, bordered by the Yanshan Mountains to the north, the North China 

Fig. 1. Research framework.  
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Plain to the south, the Taihang Mountains to the west, and the Bohai Bay to the east. The terrain is relatively high in the northwest and 
north areas, and it is relatively flat in the south and east areas. The Yanshan–Taihang Mountain system’s structure from the northwest 
to the southeast gradually transitions into a plain, showing high topographic characteristics in the northwest and low characteristics in 
the southeast. 

The research frame work was described in Fig. 1, mainly including three steps, i.e., data collection, models establishment and the 
correlation analysis. 

2.2. Data collection 

The data sources are shown in Table 1. The list of coking enterprises in production was obtained from a list of coking enterprise 
emission permits and a list of key emission supervision enterprises. Information on the longitude and latitude was extracted according 
to Baidu map POI. Kernel density analysis is used to calculate the unit density of the measured values of the point and line elements in a 
specified neighborhood [29]. The kernel density analysis function of ArcGIS is used to analyze the kernel density of coking enterprises 
in the BTH region, which can directly reflect the distribution of coking enterprises in the BTH region. 

The emission factor of coking enterprises is obtained from two databases, i.e., the “Industrial enterprise emission database” and 
“US-EPA”. The pollution emission data of coking enterprises were obtained from the China Industrial Enterprise pollution emission 
database. 

The monthly meteorological data of meteorological stations (102 in BTH area) in the past 30 years, including maximum wind 
direction (excluding quiet wind) and monthly average wind speed data, were obtained from the National Data Center for Meteoro
logical Sciences. The data on air temperature and precipitation were obtained from the Research Center for Resources and Environ
mental Data of the Chinese Academy of Sciences. Topographic data were obtained from the United States Geographic Survey. 

2.3. Simulate PM10 based on LUR 

PM10 from air monitoring stations in the BTH region were taken as dependent variables, and relevant geographical factors were 
extracted as independent variables to establish a multiple linear regression model of air quality data in the BTH region. 

The LUR model adopted in this study is a multiple linear regression model based on the concentration of air pollutants in the 
monitoring station and the surrounding variables that may have an impact on air pollutants. The LUR is shown in Eq (1):  

y = α0 +α1x1 + α2x2 +... +αnxn +β                                                                                                                                           (1) 

where y is the dependent variable, namely the concentration value of PM10; x1,x2,... xn is the independent variable, that is, various 
influence factors in this study; α1,α2,... αn is the undetermined coefficient; and β is the random variable. Using SPSS 22.0, the variables 
of the multiple linear regression model were screened via the stepwise regression method, which can effectively avoid 
multicollinearity. 

The independent variables represent the impact of meteorological factors, topographic population, land use types, road traffic, and 
different meteorological factors on the concentration distribution of pollutants, respectively. With respect to land use type, the variable 
was expressed using the proportion of land use type in the demarcated buffer zone. With respect to topographic and geomorphic data, 
it is represented by the DEM data of the location of the enterprise. With respect to the population density data, it is represented by the 
raster value of the POP data where the enterprise is located. With respect to road traffic data, it is represented by the total length of 

Table 1 
Data sources.  

Data content Data sources 

List of coking enterprises in the Beijing–Tianjin–Hebei region that have obtained 
production and pollutant discharge permits, the number of enterprises, and 
the region where the enterprises are located 

Tianyan investigation, laboratory research, etc. 

Pollution emission data of coking enterprises, such as wastewater, waste gas, 
smoke, and dust 

China Industrial Enterprise pollution emission database 

Location of pollution sources: Longitude and latitude Baidu map POI data crawl 
Natural environmental data, including temperature, wind speed, and direction; 

atmospheric stability; state of the underlying surface 
National Meteorological Science Data Center, official websites of local 
weather bureaus, and statistical yearbooks 

Air pollution data, including the AQI, PM2.5, and PM10 data of 80 monitoring 
stations 

National Urban Air Quality Real-time Release Platform 

Population spatial distribution data on a 1 km grid Chinese population spatial distribution kilometer grid dataset. Data 
registration and publication system of the Data Center for Resources and 
Environmental Sciences, Chinese Academy of Sciences (http://www.resdc. 
cn/DOI), 2017. DOI: 10.12078/2017121101 

The distribution of road networks in the region Data Center for Resources and Environmental Sciences, Chinese Academy of 
Sciences www.resdc.cn 

Land elevation DEM within the study area United States Geographic Survey (www.usgs.com) 
Type of land use in the study area Resources and Environmental Sciences and Data Center, Chinese Academy of 

Sciences www.resdc.cn  
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different types of roads within the delimited buffer. With respect to meteorological element data, the grid values of wind direction, 
wind speed, relative humidity, and precipitation at the location of the enterprise are expressed. The division of the buffer zone is 
greater than the safety and health protection distance of the coking plant as the standard; the 2 km scale is selected as the distinction; 
the 2 km, 4 km, 6 km, and 8 km scales are delimited. 

In the process of model building, three rules are followed: (1) a land use variable can have at most one buffer zone in the model to 
ensure the interpretability of the model; (2) the sign of the variable (±) must be reasonable in order to ensure that the contribution of 
the variable is meaningful; (3) stepwise regression is used to ensure the simplification of the model while limiting the influence of 
collinearity among variables. Only variables with significant contributions were retained in the final model (the threshold of variables 
entering the model was set at p = 0.05 and p = 0.1 when removed) to prevent overfitting. 

2.4. Simulate PM10 based on LUR with Bayesian maximum entropy (BME) 

The BME model provides a mathematical framework that integrates various kinds of information in a general and unified manner 
[30]. The simulation of PM10 spatial distribution by BME is completed by SEKS-GUI 0.6 package of MATLAB software. The hard data 
required for BME comprise the PM10 data from the air quality monitoring station. According to the results of the LUR model, the 

Fig. 2. Kernel density analysis of coking enterprises in the Beijing–Tianjin–Hebei region.  
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predicted value of particulate matter concentrations is generated, which comprises the soft data required for BME. After importing 
hard and soft data into SEKS-GUI, data processing is performed. The specific steps include data import, exploratory and covariance 
analyses of data, and output visual graphics [31]. 

2.5. Validation of models 

SPSS 22.0 was used to evaluate the predictability of the model using the K-fold cross-validation method. Ten-fold cross-validation 
was performed, which successively left out 10 % of sites from the training dataset, and the model was developed based on the 
remaining 90 % of sites. The initial sampling was evenly divided into 10 subsamples. A single subsample is retained as the data of the 
validation model. The other 9 samples were used for training. Cross-validation is repeated 10 times, once for each subsample. The 
results of the cross-validation were averaged to finally obtain a single estimate. The root mean squared error (RMSE), indicating the 
absolute difference between measured and predicted concentrations, was used to evaluate the models’ prediction ability. 

2.6. Correlation between air quality and coking emissions 

The “LUR + BME” simulation method was used to calculate the spatial distribution of PM10 and PM2.5 and the AQI index of air 
quality in the BTH region. The “value extraction to point” extraction tool of ArcGIS was used to obtain the values of the air quality 
indicators (AQI, PM10, and PM2.5) simulated via the LUR model. The exhaust emission data of coking enterprises were obtained from 
China Industrial Enterprise’s pollution emission database. The correlation between air pollutants and exhaust emissions from coking 
enterprises was analyzed via the SPSS cross-tabulation analysis method. 

3. Results and discussion 

3.1. Distribution of coking industries in the BTH region 

There are about 90 coking enterprises in the BTH region, which are mainly concentrated in Tangshan and Handan City. The number 
of key supervision enterprises is 19 in Tangshan, 19 in Handan, and 11 in other cities, totaling 50. The kernel density analysis result can 
directly reflect the distribution of discrete measured values in a continuous region. From the distribution of coking enterprises (Fig. 2), 
Handan and Tangshan of Hebei Province are areas with a high density of coking enterprises. In addition, Xingtai and Shijiazhuang of 
Hebei Province also have coking enterprise distribution densities that are higher than those in the surrounding areas. 

3.2. Establishment of the land use regression model 

According to the multiple regression results, eight factors were selected based on the significance level and collinearity of the 
factors, which were cultivated land_8 km, forest land_8 km, grassland_4 km, construction land_2 km, road_8 km, altitude, temperature, 
and relative humidity. The correlation coefficients of each factor are shown in Table 2. 

The final regression equation is as follows:  

Y(PM10) = 13.89 × TEM + 4.18 × HUM - 0.000022 × LENroad_8km + 20.27 × AERAconstruction_2km + 19.33 × AERAgrass_4km * AER
Aarable_8km AERA - 45.82 + 0.07wood_8km + 22.60 × DEM - 317.94                                                                                                    

where DEM is the elevation of the enterprise’s location, m; TEM is the temperature of the location of the enterprise, oC; HUM is the 
relative humidity of the location of the enterprise, %; LENroad_8km is the length of the road within the 8 km buffer zone at the location of 
the business, m; and AERAconstruction_2km, AERAgrass_4km, AERAwood_8kmarable_8km, and AERA are, respectively, the proportion of con
struction land, grassland, cultivated land, and forest land within the 2 km, 4 km, 8 km, and 8 km buffer zones where the enterprise is 
located, %. The regression coefficients are provided in Table 3. As observed in the results, the R2 of LUR for PM10 concentrations in the 
air reaches 82 %, which is a good simulation result (Table 4). 

Potential pollution sources, including traffic and industrial emissions; population density; and factors affecting pollution disper
sion, including green space and water bodies, are often utilized to construct LUR models. It has been suggested that industrial ac
tivities, traffic pollution, and urban construction activities are the most important factors affecting urban air quality [9]. Similarly to 
the literature [32], the current study indicated that traffic and land use type are the main variables determining air pollution. 

Table 2 
Bivariate correlation coefficient.  

Impact 
factors 

Arable land_8 
km 

Woodland_8 
km 

Grassland_4 
km 

Construction land_2 
km 

Altitude Temperature Relative 
humidity 

Road_8 
km 

Relevance 0.45 0.49 0.52 0.34 0.54 0.71 0.74 0.02 
p 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00  
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3.3. The combination of LUR and BME improves fitting 

According to the fitting (Fig. 3) and verification results (Table 4), the prediction of air pollutants via the “LUR + BME” method has 
been significantly improved. Compared to LUR (Fig. 3a), the R2 of the “LUR + BME” was apparently higher (Fig. 3b), being 0.95. “LUR 
+ BME” is more suitable for the spatial distribution of air pollutant concentrations and air quality in a large-scale region such as the 
BTH region. 

Air pollution is a worldwide problem. The accurate simulation of air quality from the regional scale has been a research focus [33]. 
Due to the fitness of LUR to large-scale simulations, it has been used in a considerable number of studies. However, the requirement of a 
linear relationship between variables limits its application. Therefore, the use of nonlinear regression models, such as geographically 
weighted regression models, has been adopted to improve the simulation of air quality, which significantly increased R2 [32,34,35]. 
The current study indicated that it is feasible to apply “LUR + BME” to the simulation of air pollutant distributions in the BTH region, 

Table 3 
Regression coefficients of independent and dependent variables.  

Models Non-standardized coefficient Standard coefficient t Significance 

B Standard deviation Beta. 

(Constant) − 318 48.4  − 6.57 0.00 
Elevation 0.07 0.02 0.42 3.70 0.00 
Temperature 13.887 2.59 0.62 5.37 0.00 
Relative humidity 4.178 0.72 0.55 5.77 0.00 
Road_8 km − 0.000022 0.00 − 0.05 − 0.85 0.40 
Construction land 2 km 20.3 7.83 0.20 2.59 0.01 
Grass_4 km 19.3 28.1 0.087 0.69 0.50 
Arable land_8 km 22.6 7.45 0.20 3.04 0.00 
Woodland_8 km − 45.8 20.0 − 0.16 − 2.29 0.03  

Table 4 
Cross validation statistical measures for two estimation methods.  

Models R2 RMSE 

LUR 0.82 1.49 
LUR + BME 0.95 1.01  

Fig. 3. RMSE evaluation based on LUR (a) and LUR + BME (b).  
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which obtained a better prediction result than using LUR alone. 
Another study has proposed a generalized additive model combining principal component analysis (PCA-GAM) to aid LUR, for the 

estimation of PM2.5 in BTH area, which increased the accuracy of PM2.5 estimation [24]. Similar to the current study, they also think 
than it is necessary to consider both linear and non-linear relationship between PM2.5 and variables, which can apparently increase the 
simulation accuracy. 

In our “LUR + BME” mode, LUR is conducted firstly to characterize regional pattern of PM10 in BTH. Afterwards, BME is used to 
extract unexplained variability in the residuals. “LUR + BME” is confirmed to be successful at combining the strengths of both LUR and 
BME. Similar advantage of “LUR + BME” compared to LUR has been reported [28]. Compared with the previous reports, the R2 value 
of the current study is the highest, indicating that the model can be well applied to the BTH region. 

3.4. Spatial distribution of air quality 

According to the air quality distribution results, the matching degree of different air quality indicators (AQI, PM10, and PM2.5) is 
high. The pollutant concentration shows an increasing trend from northwest to southeast areas; pollutant concentrations are the 
highest and air quality is the worst in the southern part of the BTH region (Fig. 4). Among them, the areas with poor air quality (Fig. 4a) 
and high air pollutant concentrations (Fig. 4b and c) are mainly the southern plain region of the BTH region. Baoding, Shijiazhuang, 
Xingtai, and Handan in the south of the BTH region and Tangshan and Tianjin in the east of the region have relatively poor air quality. 

The results were similar to earlier studies made by Yang et al. and Li et al. [24,36], presenting a spatial distribution pattern of “low 
in the northern mountains and high in the southern plains”. Results indicated although the absolute values of PM2.5 and PM10 have 
been reduced a lot during the past years with the efforts made to improve the air quality in BTH area, the distribution pattern remained 
the same. Therefore, it is essential to analyze the spatial distribution of air pollutants and the possible contributing factors of it. 

This spatial pattern of air quality was similar to the distribution of coking enterprises in this region (Fig. 2). The coking enterprises 
with high exhaust emission levels are also located in Tangshan and Tianjin along the coast of Bohai Bay and Handan in Hebei Province, 
and it can be preliminarily judged that there is a correlation between them. 

3.5. Correlation between the emission of coking enterprises and air particulate matter content distribution 

Via the correlation analysis of the exhaust emission of coking enterprises and the air quality index, the degree of correlation be
tween the two can be judged. The Sig value of exhaust emissions and the air quality index of coking enterprises is greater than 0.05 
(Table 5), indicating that there is no significant difference between exhaust emissions and the air quality index of coking enterprises; 
therefore, there is a certain correlation between them. By comparing the Phi and V values of the cross-tabular analysis results, it can be 
observed that the Phi and V values are much higher than 0.1. In the crosstab analysis, Phi and V are indicators that measure the 
strength of the relationship between the two variables; with their values being greater than 0.1, this indicates that there is a close 
relationship between the emission of coking enterprises and air particulate matter content distribution. 

Coking has been regarded as an important pollution source in the BTH region. Studies have been conducted on the emission 
characteristics of heavy metals and PAHs from coking enterprises [2], the direct influence of coking exhaust on atmospheric partic
ulates is less studied. Via the current study, it can be suggested that coking still contributes to air pollution in this region, especially in 
the southern area, although a considerable amount of work has been carried out recently to control pollution from the coking process 
[37]. 

Fig. 4. Air quality distribution map of the Beijing–Tianjin–Hebei region based on “LUR + BME”: a) air qualiy (dimensionless); b) PM10 (ug/m3), c) 
PM2.5 (ug/m3). 
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3.6. Environmental implications 

Via the analysis of air quality in the BTH region, LUR combined with BME can effectively improve the predictability of air pol
lutants. In the current study, “LUR + BME” was used to simulate the air quality data in the BTH region with a precision of 95 %. 
Therefore, the combined use of LUR and BME is feasible for the simulation of regional air quality. 

Air pollution in the BTH region is a problem that has received substantial attention [38]. The cross-table analysis showed that the 
air quality in the BTH region was closely related to the exhaust emission from coking enterprises. The coking enterprises in the BTH 
region are mainly distributed in Tangshan and Handan, which are located in the southern part of this region. At the same time, air 
quality was also comparatively poorer in this area than compared to other areas. Coking supervision operations should be intensively 
implemented in Tangshan and Handan. It is recommended that coking enterprises in BTH area, especially the southern part, should 
further upgrade their equipment to improve their environmental friendliness. Further, in terms of the urban planning, it is important to 
consider the environmental conditions like meteorological conditions and population distribution, to further decrease the diffusion of 
contamination and the potential exposure to vulnerable receptors. 

According to the comparison of LUR with LUR + BME, the latter shows better performance than the traditional LUR method, but 
our model has apparent limitations. It simulated spatial variations in air pollution, but it does not take into account temporal vari
ations. A comprehensive consideration of the spatial and temporal differences of air pollutants in the BTH region may provide more 
information [39,40]. In addition, our variables focus on land use, traffic, population, and elevation. Including innovative variable 
forms, such as street patterns, building height, wind direction, and pollution types, may further improve the explanatory power of the 
model. 

4. Conclusions 

The predictability of the “LUR + BME” method was significantly improved compared to the LUR method. The root mean square 
error (RMSE) of the simulation results decreased from 1.49 to 1.01, and the interpretation rate, R2, of the model increased from 0.82 to 
0.95. LUR + BME is feasible for the simulation of air quality on a regional scale. The air quality distribution presented a pattern of “low 
in the northern mountains and high in the southern plains”, similarly to the distribution of coking enterprises. Furthermore, the 
correlation between exhaust emissions from coking enterprises and air quality in the BTH region indicated a significant correlation. 
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