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Abstract

:

The problem of water pollution is a social issue in China requiring immediate and urgent solutions. In the Beijing–Tianjin–Hebei region, the contradiction between preserving the ecological environment and facilitating sustainable economic development is particularly acute. This study analyzed the spatiotemporal evolution of water pollutants and their factors of influence using statistics on the discharge of two water pollutants, namely chemical oxygen demand (COD) and NH3-N (ammonia nitrogen), in 154 counties in both 2012 and 2016 as research units in the region. The study employed Exploratory Spatial-Time Data Analysis (ESTDA), Standard Deviational Ellipse (SDE), and the Geographically Weighted Regression (GWR) models, as well as ArcGIS and GeoDa software, obtaining the following conclusions: (1) From 2012 to 2016, pollutant discharge dropped significantly, with COD and NH3-N emissions decreasing 65.9% and 47.2%, respectively; the pollutant emissions possessed the spatial feature of gradual gradient descent from the central districts to the periphery. (2) The water pollutants discharge displayed significant and positive spatial correlations. The spatiotemporal cohesion of the spatiotemporal evolution of the pollutants was higher than their spatiotemporal fluidity, representing strong spatial locking. (3) The level of economic development, the level of urbanization, and the intensity of agricultural production input significantly and positively drove pollutant discharge; the environmental regulations had a significant effect on reducing the emission of pollutants. In particular, the effect for NH3-N emissions reduction was stronger; the driving effect of the industrial structure and the distance decay was not significant.
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1. Introduction


Since 1978, China’s Gross Regional Product (GDP) has grown at an average rate of 9.5% per year, considerably higher than the 2.9% growth rate of the world economy for the same period. Environmental pollution was the price for rapid economic growth, and the total discharge of pollutants in water environments remains high. For example, in 2016, the wastewater discharge in the country amounted to 71.11 billion tons; the emission of chemical oxygen demand (COD) in wastewater amounted to 10.465 million tons, and that of ammonia nitrogen (NH3-N) amounted to 1.418 million tons (data from China Statistical Yearbook,2017). Economic losses due to water pollution amounted to as much as RMB 240 billion [1]. Especially in urbanized areas with larger populations and economic agglomerations, the pressure exerted on the environmental system is substantial. According to the Report on the State of the Ecology and Environment in China, the proportion of water “inferior than Grade V” in the Haihe River Basin was 41.0% of the entire basin. Water pollution has severely restricted the improvement of human living environments and threatened the physical and mental health of residents [2,3]. Due to water pollution, severe water scarcity was observed in approximately 400 cities in China [4]. Thus, water pollution is a social issue urgently requiring immediate solutions [5].



COD is a key indicator of the degree of organic pollution in a waterbody. It has been widely applied in evaluating water pollution levels [6,7]. NH3 and NH4 (NH3-N) mainly originate from nitrogenous organic matter in domestic sewage and are decomposed into nitrite nitrogen in the waterbody through the action of microorganisms. Long-term consumption of water containing high nitrite nitrogen levels is harmful to human health. A crucial aspect of water pollution prevention is control of total pollutant discharge. In the eleventh Five-Year Plan in China, COD was officially included as a binding indicator for the control of the total pollutants countrywide. In the twelfth Five-Year Plan, NH3-N was included as a binding indicator for the control of the total pollutants countrywide; this had a considerable effect in alleviating water pollution. Meanwhile, academics approached water pollution by using measures including the spatial patterns of water pollutions [8], pollutant emission measurement [9], factors of influence for water pollutants [10], sources of pollutants [11], pollution emission reduction [12], and pollution control model optimization [13]; and they investigated water pollution and its prevention. Research has revealed that water pollution was the main cause of the lack of water resources in southern China [14]; the pollutant discharge in China’s water environment has had a substantial spatial agglomeration effect, and the sources of pollution were mainly manifested as three types, namely agricultural source-based, urban life source-based, and mixed urban life and agricultural source-based. The pollutant emission intensity in regions with agricultural source-based pollution was the highest [15]. COD emission was less sensitive to changes in industrial production; the expansion of manufacturing was the main reason for the increase of the quantity of COD in industrial wastewater, and technological progress has helped reduce its emission [16]. Research on regions has revealed that, in the Fujian Bay region, Meizhou Bay had the largest COD emissions, and agricultural pollution was predominant over industrial pollution [17].



The water pollutants discharge in Jiangsu Province exhibited a significant spatial correlation, and such a correlation in southern Jiangsu is higher than that in northern Jiangsu [18]. The spatial agglomeration characteristic of the environmental pollution in Jilin Province was significant; the spatial change represented more stable path locking [8] and the spatial correlations of water pollutants distribution in Wuxi City with textile, petrochemical, and metallurgical industries was higher [19]. There was a significant and positive coupling effect between pollution levels in water environment and degree of industrial enterprise agglomeration in Zhangjiakou City [20]. Regarding water pollution, studies have been conducted in river and lake basins, including the Taihu Lake Basin [21], Yangtze River Basin [22], Yellow River Basin [23], Zhuhe River Basin [24], Liaohe River Basin [25], Haihe River Basin [26], and Songhua River Basin [27] in China as well as in the Biñan River Basin in the Philippines [28]. The results have indicated that although water pollution prevention efforts had been made, the phenomenon of water pollution remained; in particular, the Haihe River Basin remain in the category of “heavy pollution,” and local water quality improvement has progressed slowly. Similar to pollutant discharge in China, water pollution in river basins has also had a large spatial agglomeration effect, and pollution emission reduction has also had a spatial effect. Increases in local pollution emissions were adverse to emission reduction in neighboring basins; the phenomenon of cross-border water pollution was severe, and strengthening the collaborative governance mechanism for regional pollution was a key to water pollution prevention.



In China, areas of urban agglomeration represent the main form of urbanization and are the crucial spatial vehicle for regional economic growth [29]. In 19 areas of urban agglomeration in China, 75.3% of China’s population and 88.1% of the country’s GDP are concentrated in 25% of the country’s land area. The highly concentrated population, economy, and industry have created acute problems for the ecological environment. The Beijing–Tianjin–Hebei area of urban agglomeration is the region with the most acute contradiction between protection of the ecological environment and sustainable economic development in China [30], and the basin with the highest level of water resources development and the most severe water pollution is the Haihe River Basin. Regional population size, industrial agglomeration, and economic development all have strong and positive effects on driving the discharge of water pollutants [31]. Beijing–Tianjin–Hebei, with 2.25% of the country’s land area, produces 5.75% of COD emissions and 5.83% of NH3-N emissions in the country; water pollution prevention there requires immediate attention. However, most research on water pollution in China has been on the national scale or the basin scale. Although studies have been conducted on the Bohai Rim region, they were generally conducted at the city scale, and research at the microscopic scale of the county remains to be pursued. In addition, most existing research on the driving factors of the discharge of water pollutants have adopted general linear models and ignored the spatial heterogeneity of factors. Thus, this study took the Beijing–Tianjin–Hebei regional counties as the space units (the basic research objects) and comprehensively used exploratory spatial-time data analysis (ESTDA), the Least Square Method (OLS), and the geographically weighted regression (GWR) model to analyze the spatiotemporal evolution of and driving factors for water pollutants discharge in the Beijing–Tianjin–Hebei counties of urban agglomerations. The study aimed to thoroughly explore and examine the status quo and the features of water pollution in these counties, and to provide a reference for prevention and control of regional pollution as well as suggestions of countermeasures for the reduction of pollutant emissions.




2. Materials and Methods


2.1. Research Methods


2.1.1. Exploratory Spatial-Time Data Analysis (ESTDA)


Rey and Janikas [32] proposed ESTDA on the basis of exploratory spatial data analysis; the analysis uses methods such as Global Moran’s I, Local Moran’s I, the time path, and the spatiotemporal transition of LISA (Local Indicators of Spatial Association) to explore the spatiotemporal dynamic change of the research object.



(1) Global Spatial Autocorrelation Index



The Global Spatial Autocorrelation index describes a geographical factor’s spatial characteristic in the entire area; it is used to measure its spatial correlation in the entire area. The formula is as follows [33]:


  I =     ∑  i = 1  n     ∑  j = 1  n    W  i j    (   x i  −  x ¯   )   (   x j  −  x ¯   )         S 2    ∑  i = 1  n     ∑  j = 1  n    W  i j         ( i , j = 1 , 2 , … n , i ≠ j )  



(1)




where n is the sample size (n = 154); xi and xj are the respective quantities of water pollutant discharge in the ith county unit and in the jth county unit;    x ¯    is the average quantity of the emission; S2 is the variance of the emission; and Wij is the corresponding factor of spatial weight matrix. In general, Moran’s I value ranges from −1 to 1; a value greater than 0 designates a positive spatial correlation with an agglomerating trend; a value less than 0 designates a negative spatial correlation with a dispersing trend; and a value equal to 0 designates a random spatial correlation (no correlation).



(2) Local Spatial Autocorrelation Index



The Local Spatial Autocorrelation index is mainly used to reveal the similarity or difference of elements of attributes between spatial reference units and neighboring space units. Local Moran’s I is used to measure the autocorrelation of local space. The formula is as follows:


   I j  =    (   x i  −  x ¯   )     m 0      ∑  j   W  i j    (   x j  −  x ¯   )   



(2)




where    m 0  = ∑    (   x i  −  x ¯   )   2  / n ,     ∑  j   W  i j    (   x j  −  x ¯   )    are all the neighboring units of the  i th county unit. Ij is the indicator for the spatial heterogeneity of pollutant discharge among space units; a value greater than 0 designates a spatial agglomerating tendency of similar values of partial space; and a value less than 0 designates the tendency to disperse [15].



(3) LISA Spatiotemporal Transition Analysis



Spatiotemporal transition was proposed by Rey [34] according to transitions in the quadrants of the research units in Moran I scatter plots in different time periods. The transitions are divided into four types according to modes. In Type A, transitions occurred in the zone, but its surrounding area did not change; examples include HH→LH (high-high→low-high) and LL→HL. In Type B, transitions did not occur in the zone but occurred in its surrounding area, including as HH→HL and LL→LH. In Type C, transitions occurred in both the zone and its surrounding area, including as HH→LL and LH→HL. In Type D, transitions did not occur in either the zone or its surrounding area, that is, HH→HH, LL→LL, LH→LH, or HL→HL. The spatial stability is expressed as:


  S  T t  =    N  0 , t    n   



(3)




where STt is the number of zones where a Type D transition occurs in the time period t; n is the number of all the zones where a transition might occur (n = 154). The   S  T t    value ranges from 0 to 1; greater values represent greater spatial stability.




2.1.2. Standard Deviational Ellipse


The center of gravity, a long axis (Y), and a short axis (X) are the basic parameters of analysis in a standard deviational ellipse, a spatial statistical method quantitatively describing the research object’s spatiotemporal change process [35]. The scope of the space represents the core zone of the spatial distribution of geographic factors; the long axis and the short axis designate the factor’s degree of dispersion in the directions of the main trend and the subtrend; the center of gravity is the factor’s relative position in the spatial distribution; and the trajectory and the distance of the center of gravity’s transition reflect the geographic factor’s path change and the difference in the spatial distribution.




2.1.3. Geographical Weighted Regression Model


The classical general OLS (Ordinary Least Squares) ignores the characteristics of spatial nonstationarity. Thus, this study adopted the GWR model to explore the spatial heterogeneity of driving factors (Fotheringham et al. 1998). An OLS regression model was first used to test the significance of the driving factors. The basic formula is


   Y i  =  β 0  +   ∑   k = 1  m   β k   x  i k   +  ε i   



(4)







The GWR model embeds geolocation data in the regression parameters and allows spatial heterogeneity among the regression coefficients. It is an effective method for investigating spatial nonstationarity. The basic model is as follows [36]:


   Y i  =  β 0   (   u i  ,  v i   )  +   ∑   k = 1  m   β k   (   u i  ,  v i   )   x  i k   +  ε i   



(5)




where (ui,vi) are the geographic coordinates of the county i in Beijing–Tianjin–Hebei; βk(ui,vi) is the regression parameter of the kth explanatory variable of county i; β0(ui,vi) is the constant term; m is the number of the explanatory variable; and εi is the random error. βk(ui,vi), the regression coefficient of the GWR model, is expressed as


   β k   (   u i  ,  v i   )  =   (  X T  W  (   u i  ,  v i   )  X )   − 1    X T  W  (   u i  ,  v i   )   y i   



(6)




where X is the matrix of the explanatory variable; XT is the transpose matrix; and W(ui,vi) is the spatial weight matrix of observation point i.





2.2. Research Materials


2.2.1. Regional Overview


The Beijing–Tianjin–Hebei region includes two cities, namely Beijing and Tianjin, and a province, Hebei, which contain a total of 11 cities and 200 county-level administrative units. In 2015, the Chinese government issued the “Beijing–Tianjin–Hebei coordinated development planning outline”, which proposes to form four functional areas in combination with the natural and geographical environment, industrial development characteristics and relieving Beijing’s noncapital functions (Figure 1). Among them, the central core function zone is the core area leading the development of Beijing–Tianjin–Hebei, with a high degree of land development. The eastern coastal development zone focuses on the development of strategic emerging industries, and forms an industrial cluster coordinated with the ecological environment. The southern functional development zone mainly supplies agricultural and sideline products and controls the construction scale of cities and towns. The western and northern conservation zone is an area restricting industrialization and urbanization, which focuses on ecological protection, water conservation, and other functions.



The land area of this region is approximately 216,000 km², accounting for 2.3% of the area of the country. In 2016, the region had 110 million permanent residents, accounting for 8.1% of the population of the country; the GDP was 75.6 trillion, accounting for 10.2% of country’s GDP; the urbanization levels of the three zones were 86.5%, 82.9%, and 53.3%, respectively; and the densities of permanent population were 1324.1 people/km², 1328.5 people/km², and 398.0 people/km². The populations of both Beijing and Tianjin are thus highly concentrated. The deteriorating trend in the ecological environment in the region was manifested following the rapid development of the economy and rapid urbanization. The percentage of “Grade V” surface water and surface water deemed “inferior than Grade V” in the Beijing–Tianjin–Hebei region has reached 43% [37]; the percentage of water deemed “inferior than Grade V” is the highest among the major basins countrywide, and the pollution is the most severe. Along with the continuous advancement of a coordinated development strategy in the region, problems in the local ecological environment have caused widespread concern; the scarcity of water resources and serious water pollution have become a major bottleneck hindering regional green sustainable development.




2.2.2. Data Sources


COD and NH3-N are important indicators of water pollutions discharge, therefore, the spatial distribution of both will be studied here. Prior studies have explored the factors driving water pollution from different aspects such as level of urbanization, economic conditions, industrial structure, and technical level [8,38]. On the basis of prior research and the availability and representativeness of county-level administrative district data, a GWR model was built from the socioeconomic perspective. Table 1 presents the indicators selected.



The statistics for pollutants discharge of COD and NH3-N, and the social and economic data in both 2012 and 2016, all originated from Beijing Regional Statistical Yearbook, Tianjin Statistical Yearbook, Hebei Economic Yearbook, and statistical yearbooks of prefecture-level cities in Hebei published in 2013 and 2017. Due to administrative division adjustments, some county-level administrative units of the Beijing–Tianjin–Hebei region were merged during processing to unify the caliber of the data. Finally, 154 counties were obtained as research units. The data on administrative boundaries used in this study were obtained from the National Geomatics Center of China.






3. Results


3.1. Spatiotemporal Characteristics of the Discharge of Water Pollutants in the Beijing–Tianjin–Hebei Region


3.1.1. Emission Characteristics


From 2012 to 2016, the quantity of pollutants discharged in the water environment of the Beijing–Tianjin–Hebei region exhibited a significant decreasing trend; the quantities of COD and NH3-N emissions dropped 65.9% and 47.2%, respectively. In 2012, the quantities of COD emissions in Beijing City, Tianjin City, and Hebei accounted for 10.6%, 13.0%, and 76.5% of COD emissions. In 2016, the share occupied by Hebei dropped to 68.4%, and for Beijing and Tianjin the share increased to 14.5% and 17.2%, respectively. Regarding COD, the emission reduction rate in Hebei was greatest (69.6%). The quantities of the emission of NH3-N changed from 13.1%, 16.2%, and 70.7% to 6.7%, 18.9%, and 74.3%, respectively. The emission reduction rate in Beijing was highest, reaching 72.8% (Figure 2).




3.1.2. Characteristics of Water Pollutants Discharge in Counties


COD emissions in the Beijing–Tianjin–Hebei region in 2012 were characterized by concentrations in urban districts and their surrounding counties; a high emission zone of a wider scope was formed in the Bohai Rim region. The zones of harmful COD emissions were mainly city districts in Beijing, Tianjin, and Shijiazhuang and their surrounding counties, totaling 21 county units that jointly bore 41.6% of COD emission in the greater region. Low emission zones were scattered and distributed in the north of the Beijing–Tianjin–Hebei region as well as central and southern Hebei, accounting for 61% of the region’s total (Figure 3a). In 2016, more than 93% of Beijing–Tianjin–Hebei districts and counties were low emission zones. COD emissions in the counties had reduced substantially; only five districts and counties were deemed zones of high or extremely high COD emissions: a city district in each of Beijing, Tianjin, and Handan, Binhai New Area, and Wei County; the emissions were most concentrated in the city centers (Figure 3b). Notably, the quantities of emissions in Wei County, in city districts of Handan and Xingtai, and in Laiyuan County and Gaoyang County exhibited a rising trend (Figure 3c); in Wei County, emissions almost doubled.



In 2012, the zones of high or extremely high NH3-N emissions included city districts of Beijing, Tianjin, and Shijiazhuang and their surrounding districts and counties, which carried 40.2% of the quantity of NH3-N emissions in the Beijing–Tianjin–Hebei region. The low emission zones were mainly counties of Hebei Province, accounting for 74% of Beijing–Tianjin–Hebei counties (Figure 3d). In 2016, the NH3-N emissions in Beijing–Tianjin–Hebei counties dropped markedly; 91.6% of the counties were low emission zones, whereas only seven zones (including districts of Tianjin, Beijing, Tangshan, Baoding, and Handan) had high or extremely high emissions; and the scope was further narrowed to central urban areas (Figure 3e). From 2012 to 2016, the quantity of NH3-N emissions increased in nine counties, including Wuji County and Gaoyang County; the average increase exceeded 13.5%, and the increase of Wuji County exceeded 150% (Figure 3f).





3.2. Characteristics of the Spatiotemporal Evolution of Water Pollutants Discharge in the Beijing–Tianjin–Hebei Region


3.2.1. Spatial Correlation Analysis


The Moran’s I values of the quantities of COD and NH3-N emissions were significantly positive (Table 2), indicating a significant and positive spatial correlation with the discharge of water pollutants in Beijing–Tianjin–Hebei counties, which was spatially manifested as the agglomeration and distribution of zones of high-value or low-value pollutant discharges. The Moran’s I value of the COD emissions of 2016 dropped from that of 2012, indicating that the spatial correlation of COD emissions decreased during the study period, and the trend of concentrated pollutant emissions became weaker. The Moran’s I value of NH3-N emissions in 2016 increased obviously, indicating that the spatial correlation became stronger and the trend of concentrated pollutant emissions was enhanced.



Figure 4 is a two-dimensional visualization of a Moran scatter plot. The counties whose COD emissions of 2012 and 2016 were in the first and third quadrants (HH and LL) accounted for 66.9% and 59.1% of all counties; the positive correlation in COD emissions was significant. The HH agglomeration zones were mainly situated in the Bohai Rim region, but the distribution area was narrowed; agglomeration zones with high emissions in southern Hebei showed an expanding trend; the LL agglomeration zones were mainly distributed in Zhangjiakou, Chengde, Baoding, Cangzhou and Xingtai regions; and the overall number remained unchanged, and the spatial distribution was more concentrated (Figure 4a,b). The percentages of counties whose NH3-N emissions of 2012 and 2016 were in the first and the third quadrants (HH and LL) were 65.6% and 61.7%; the counties of HH agglomerations were distributed mainly in the Beijing–Tianjin–Tangshan region. The number dropped, and expansion was seen in southern Hebei. The LL agglomeration zones were distributed mainly in the Zhangjiakou, Chengde, and Xingtai regions, and the scope of the distribution was wider (Figure 4c,d).




3.2.2. Spatiotemporal Transition Analysis


From 2012 to 2016, the most pervasive type of transitions of COD and NH3-N in Beijing–Tianjin–Hebei counties was Type D (no transition occurred in the counties and the surrounding areas; Figure 4); this type of COD transition existed in 59.1% of counties, and this type of NH3-N transition existed in 74.7% of counties (i.e., the spatial stability of each was 0.591 and 0.747); and the spatial distribution of water pollutants in Beijing–Tianjin–Hebei counties was characterized by high stability. Both Type A and Type B COD transitions occurred in 27 counties; a Type C transition occurred in 9 counties. Both Type A and Type B NH3-N transitions occurred in 19 counties; a Type C transition occurred in only 1 county. The probability of a transition occurring in neighboring regions was higher than that in the counties; the spatiotemporal cohesion of the water pollutants in Beijing–Tianjin–Hebei counties was higher than the spatiotemporal fluidity, indicating strong spatial locking.




3.2.3. Spatial Pattern Analysis


From 2012 to 2016, the centers of gravity of the discharge of water pollutants in the Beijing–Tianjin–Hebei region were distributed at 38°41′–38°57′ N and 116°9′–116°18′ E, the intersection of the cities of Baoding, Langfang, and Cangzhou; the center of gravity tended to move south. Additionally, from 2012 to 2016, the centers of gravity of COD and NH3-N both moved in the northeast–southwest direction; the center of gravity of COD moved from Xiong County to inside Renqiu City over a distance of 31,000 m, and the distance of deflection was longer. The center of gravity of NH3-N moved from Wen’an County to Renqiu City over a distance of 14,000 m; the distance of deflection was shorter. The spatial distribution of water pollutants discharge in Beijing–Tianjin–Hebei remained in the pattern of a northeast–southwest distribution. Regarding the COD standard deviational ellipse, the standard deviation of the short axis decreased from 116.5 km to 99.6 km, and the standard deviation of the long axis increased from 233.2 km to 233.9 km. Regarding NH3-N, the standard deviation of the short axis decreased from 109.2 km to 105.6 km; the standard deviation of the long axis increased from 230.2 km to 235.4 km, indicating a notable converging tendency of water pollutants discharge in the northwest to southeast direction and a dispersing tendency in the northeast to southwest direction (Figure 5).





3.3. Analysis of the Factors Driving the Discharge of Water Pollutants in Beijing–Tianjin–Hebei Counties


In 2016, the center of gravity of water pollution in the Beijing–Tianjin–Hebei region obviously moved south. The discharge of water pollutants and the resultant phenomenon of water pollution in the region and particularly in Hebei counties remained acute; it was imperative to determine the crucial factors of influence for the discharge of water pollutants and to react proactively.



3.3.1. Estimation Results of OLS Model


Examination results of the OLS regression (Table 3) revealed that the regression variance of the two water pollutant models involved no redundancy or multicollinearity (VIF < 7.5). Jarque–Bera and Koenker (BP) tests both rejected the null hypothesis; the coefficients of determination R2 reflected the weaker explanatory power (approximately 45% and 54%) of OLS model regression, and the introduction of the GWR model was required to examine the spatial heterogeneity of the driving factors. The results of GWR model testing proved that the model’s AICc value was significantly less than that of the OLS model; calibrated R2 values increased by 12.2% and 15.5% from those of the OLS model.



The values of the factors’ regression coefficients indicated that PGDP, UR, and IPA had significant and positive effects on driving water pollutants discharge in Beijing–Tianjin–Hebei counties. Increases in the three indicators would significantly increase the amount of water pollutants discharge in these counties. The PGDP indicator’s driving coefficient exceeded 0.5. The ER factors had a significant effect on reducing pollutant emissions; increasing the intensity of ER had greater effect on reducing NH3-N emission reduction. The regression coefficients of the IS and DC indicators were negative, but their significance levels were less strong; the directions of action of both in relation to the water pollutants in Beijing–Tianjin–Hebei counties remained uncertain.




3.3.2. Analysis of the Spatial Heterogeneity of the Driving Factors


Spatial distribution graphs of the regression coefficients of the GWR models of COD and NH3-N (Figure 6 and Figure 7) were generated to facilitate the analysis of the spatial heterogeneity of the driving factors. In terms of COD emission, the direction of action of the PGDP and IS factors involved spatial heterogeneity; the directions of action of other factors in the Beijing–Tianjin–Hebei region were uniform. The regression coefficient of the PGDP was positive in all counties except She County in the southwestern part of the region; the effect intensity exhibited a gradually decreasing trend from the northwest to the southeast. The regression coefficient of IS in a few counties in southwestern Beijing–Tianjin–Hebei was positive, and those in other counties were negative. The effect intensity gradually decreased from north to south. The regression coefficients of UR and IPA in the total area were positive, but the effect intensity was exactly the opposite. The effect intensity of UR gradually decreased from the northeastern and southwestern areas toward the central Beijing–Tianjin–Hebei region, whereas IPA’s effect intensity gradually decreased from the vast central Beijing–Tianjin–Hebei area outward. The regression coefficients of the ER and DC factors for the entire area were negative. The effect intensity of ER gradually decreased from the north to the west of Beijing–Tianjin–Hebei; ER’s effect on reducing emissions from the discharge of water pollutants in northern Beijing–Tianjin–Hebei was the most significant. The effect intensity of DC was greatest in the Bohai Rim region, and COD emissions in the region represented a clearer core-edge structure (Figure 6).



Regarding NH3-N emissions, the directions of action of the PGDP, IS, and DC factors involved spatial heterogeneity; the directions of action of other factors in the Beijing–Tianjin–Hebei Region were uniform. Except in the southern Beijing–Tianjin–Hebei counties, the regression coefficients of the PGDP factor were positive. The effect intensity gradually decreased starting from around the cities of Zhangjiakou, Beijing, Langfang, and Cangzhou to the other two sides. With the northern part of Baoding as the boundary, in the region to its north, IS indicated negative driving; in the region to its south, IS indicated positive driving and the effect intensity gradually decreased from the boundary toward both sides. The regression coefficient of DC in Shangyi County in the Beijing–Tianjin–Hebei region was positive; it represented the phenomenon of “refuge from pollution” in the region. The regression coefficients of the DC factors in other Beijing–Tianjin–Hebei counties were positive; similar to the case of COD, the effect intensities in the northeastern Beijing–Tianjin–Hebei counties were higher. The regression coefficients of the UR and IPA factors in the total area were positive, but the effect intensities differed more greatly. UR’s effect intensity gradually decreased from the northeast and the southern Beijing–Tianjin–Hebei regions toward the central area; IPA’s effect intensity gradually decreased from around Tangshan, Tianjin, Langfang, and Baoding toward both sides; and the effect intensity in southern Beijing–Tianjin–Hebei was weakest. ER’s regression coefficient for the entire area was negative; the effect intensity gradually decreased from around Zhangjiakou, Beijing, Langfang, and Cangzhou toward both sides; and the effect for emission reduction in Beijing and its surrounding area was the most significant.






4. Conclusions and Policy Suggestions


From 2012 to 2016, the pollutant discharge in the water environment of the Beijing–Tianjin–Hebei region dropped significantly; the quantities of COD and NH3–N emissions dropped 65.9% and 47.2%, respectively; and the acute situation of water pollution was alleviated. The reduction of COD emissions was largest in Hebei Province; the reduction of NH3-N emissions was largest in Beijing. In 2016, the number of high water pollution zones dropped significantly and over 91% of the counties in the region were ranked as low-emission. However, the intersections of administrative boundaries continued to face the pressure of considerable pollutant emissions, which is consistent with the authors’ previous research results [39].



The results showed that, the water pollutants discharge in the Beijing–Tianjin–Hebei region had a significant and positive spatial correlation, this conclusion is consistent with that of Gao [19]. The HH agglomeration zones were mainly distributed in the Bohai Rim region and exhibited a decreasing trend, but the scope of the HH agglomeration zones in southern Hebei was expanded. The LL agglomeration zones were mainly distributed in the Zhangjiakou, Chengde, and XingTai regions. During the study period, the center of gravity of water pollutants in Beijing–Tianjin–Hebei deflected southwest, representing a stronger converging trend in the northwest–southeast direction and a dispersing trend in the northeast–southwest direction. The spatiotemporal cohesion of water pollutants was greater than their spatiotemporal fluidity, with strong spatial locking.



PGDP, UR, and IPA were the significant and positive driving factors for the discharge of water pollutants in the Beijing–Tianjin–Hebei counties. Increases in these three indicators would aggravate the regional water pollutants discharge. ER had a significant effect in reducing the emission of pollutants and its effect on reducing NH3-N emissions was greater. The driving effects of IS and DC were probably not significant. Both the direction of action and the effect intensity of PGDP, IS, and DC in relation to the discharge of water pollutants in Beijing–Tianjin–Hebei counties represented significant spatial heterogeneity; the effect intensity of UR, ER, and IPA exhibited spatial heterogeneity.



The spatial heterogeneity of the driving factors identified in the study along with the spatial development pattern of the Beijing–Tianjin–Hebei region allow the following policy suggestions.



First, the effect intensity of factors in the coastal development zone in the east was more balanced, and the driving intensities of UR and DC were greater. Governments should focus on the high-intensity industrial development in the zone and the coastal location characteristics, constrain the development of heavy chemical industries, adequately relieve demographic and economic factors in the urban center, optimize the layout of urban and industrial spaces, and prevent over-concentrations of demographic and economic factors.



Second, strong multi-factor (PGDP, UR, and IPA) effects were manifested in the central core functional zone. The key was controlling both urban life sources and agricultural sources; the government should approach through regulating the speed and intensity of economic development, strengthening the classification management of waste originated in urban life and control of the totality of pollution, enhancing the supervision of agricultural production (particularly suburban agriculture), and encouraging green agricultural production through tax subsidies to gradually reduce the discharge of pollutants originated from agricultural sources.



Third, the strong driving of two factors (UR and IPA) was manifested in the functional development zone in the south. The zone is a crucial site undertaking the “relief of noncapital functions” of Beijing and a major area of agricultural product supply in the Beijing–Tianjin–Hebei region; emphasis should be placed on expanding infrastructure in the regional environmental, building robust agricultural wastewater treatment plants, enhancing the supervision of the environments of urban border regions, and adequately undertaking population and industries by improving the comprehensive carrying capacity of the region.



Last, strong driving of multi-factors (PGDP, IS, ER, IPA, and UR) was manifested in the ecological conservation zone in the northwest. This zone is a vital water source area in the Beijing–Tianjin–Hebei region; the government should limit large-scale, high-intensity construction for urbanization and industrialization in the region and, on the basis of implementing the boundaries and intensity of urban development, appropriately tighten the development and construction policies for this type of region to maximize the effect of environmental regulations and cleaner production on emission reductions.




5. Study limitations and Future Prospects


Although major results were obtained in the study, the following crucial challenges remain to be resolved by future research:




	
Since legal and financial conditions stand in the way, change is not always possible or proceeds at an insufficient pace, the implementation effect of the policy will be obvious in a long time. If we can use longer or more periods of data, we will get better results. Due to the limitation of statistics of county units, unfortunately, this study only analyzed the data of 2012 and 2016. It is expected that more years of data will be used to analyze this phenomenon in the future.



	
This paper analyzed the influencing factors of water pollution discharge from social and economic perspectives. In fact, climate and hydrological conditions are also important factors affecting the pattern of water pollution discharge. Therefore, the follow-up research should fully consider the climate and hydrological conditions. In addition, according to the current research [20], the differences in policy intensity of different pollutant discharge in industrial sectors and main functional zones also have an important impact on pollutants discharge, so both of them should be considered as the influencing factors of analysis when the data can be collected.
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Figure 1. Overview map of the Beijing–Tianjin–Hebei region. 
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Figure 2. Schematic of water pollutant discharge in Beijing City, Tianjin City, and Hebei Province in 2012 and 2016. 
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Figure 3. Characteristics of spatiotemporal emissions and water pollutants change in Beijing–Tianjin–Hebei counties from 2012 to 2016. 
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Figure 4. Moran’s I scatter plot of the discharge of water pollutants in the Beijing–Tianjin–Hebei Region. 
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Figure 5. Center of gravity (CG) of water pollutants discharge in the Beijing–Tianjin–Hebei region and standard deviational ellipse (SDE). 
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Figure 6. Spatial distribution graph of the regression coefficients of driving factors for COD. 






Figure 6. Spatial distribution graph of the regression coefficients of driving factors for COD.



[image: Water 13 01174 g006]







[image: Water 13 01174 g007 550] 





Figure 7. Spatial distribution graph of the regression coefficients of driving factors for NH3-N. 
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Table 1. Model indicators and definitions.
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Indicator

	
Code

	
Definition of Variable






	
Dependent variable

	
COD

	
Quantity of COD emissions (10,000 tons)




	
NH3-N

	
Quantity of NH3-N emissions (10,000 tons)




	
Level of economic development

	
PGDP

	
GRP per capita (yuan)




	
Level of urbanization

	
UR

	
Proportion of urban population in total population (%)




	
Industrial structure

	
IS

	
Proportion of the added value of secondary industry in GDP (%)




	
Environmental regulations

	
ER

	
Proportion of governance costs for water pollutants in GDP (%)




	
Agricultural production input

	
IPA

	
Fertilizer consumption (purity) (tons)




	
Distance attenuation effect

	
DC

	
Distance between the county center and the city center (1000 m)
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Table 2. Expected Moran’s I values of water pollutants in the Beijing–Tianjin–Hebei region.
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2012

	
2016




	
COD

	
NH3-N

	
COD

	
NH3-N






	
Moran’s I

	
0.1666

	
0.1592

	
0.1309

	
0.1933




	
z-score

	
3.6114

	
3.6328

	
2.9777

	
4.4142




	
p-value

	
0.0003

	
0.0003

	
0.0029

	
0.0000
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Table 3. Results of OLS model for the factors driving water pollutants discharge in Beijing–Tianjin–Hebei counties.
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Driving Factors

	
COD

	
NH3-N




	
Coefficient

	
StdError

	
T-Statistic

	
VIF

	
Coefficient

	
StdError

	
T-Statistic

	
VIF






	
Intercept

	
0.036

	
0.046

	
0.777

	
—

	
−0.001

	
0.035

	
−0.02

	
—




	
PGDP

	
0.566 ***

	
0.102

	
5.534

	
2.062

	
0.550 ***

	
0.081

	
6.795

	
2.219




	
UR

	
0.200 ***

	
0.062

	
3.203

	
2.016

	
0.152 ***

	
0.047

	
3.218

	
1.977




	
IS

	
−0.129 *

	
0.066

	
−1.971

	
1.205

	
−0.037

	
0.021

	
−0.73

	
1.231




	
ER

	
−0.198 ***

	
0.066

	
−3.022

	
1.171

	
−0.265 ***

	
0.059

	
−4.482

	
1.286




	
IPA

	
0.152 ***

	
0.052

	
2.943

	
1.036

	
0.165 ***

	
0.040

	
4.170

	
1.042




	
DC

	
−0.066

	
0.052

	
−1.268

	
1.339

	
−0.069 *

	
0.039

	
−1.761

	
1.317




	
Model

	
Adjusted R²

	
AICc

	
Koenker (BP)

	
Jarque–Bera

	
Adjusted R²

	
AICc

	
Koenker (BP)

	
Jarque–Bera




	
Diagnosis

	
0.453

	
−237.29

	
38.439 **

	
1092.948 **

	
0.542

	
−320.299

	
83.947 **

	
434.023 **








Note: *** p < 0.01, ** p < 0.05, * p < 0.1.



















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
10 kt

Jing-JinvJi

Tiamjin

m2012 COD m2016 COD

Jing-Jin-Ji

Hebei Tiamjin

H2012 NH3-N ®2016 NH3-N






nav.xhtml


  water-13-01174


  
    		
      water-13-01174
    


  




  





media/file2.png
Eastern coast develop-
ment zones

- Central core function
zones

Southern portal function
development zones
Western and northern
conservation zones

- Study area ) !
0 900 km Py

L |

.__
~





media/file5.jpg





media/file3.jpg





media/file1.jpg
Eastem const develop-

Cental core function
' aones
Southern poral unction
development zon
Western and. northern

s o

900 kn

i






media/file7.jpg





media/file10.png
Chengde
Zhangjiakou

38° 50°0”N

38 40’ 0”N
2012 CG(COD) 2012 SDE(COD)

#2016 CG(COD) D 2016 SDE(COD)
2012 CG(NH3-N) 2012 SDE(NH3-N)

#amecammN) [ ] 2016 SDENH3-N)
0 100 km
——

116° 10°0"E 116° 20°0"E
Xiong County ,
Anxin
*Wenan
#
Renqiu
#
Dacheng
Hejian

116° 10’ 0"E

116° 20°0"E

387 50° 0"N

38° 40’ 0"N





media/file12.png
Regression Coefficient

0.0001~0.0552

Regression Coefficient
0.0791~0.1206
0.0000~-0.1454

U -0.1455--0.2309
P -0.2310--0.3288

0 100 km

L ; B 0328904515

0.1207~0.1699

L 0.1700~0.2254
P 0.2255-~0.2827

% Regression Coefficient
-0.0163~0.0000
0.0001~0.5113
0 05114-0.6776
0 100 km P 0.6777-0.7900
—_ B 0.7901~0.8908 B 0.2828-0.3765

(a) The regression coefficients of PGDP (b) The regression coefficients of UR (c) The regression coefficients of IS

Chengde

Chengde

Zhangjiakou

Regression Coefficient
-0.0019~-0.0386
-0.0386~-0.0591

I 0.0592--0.0864

P 0.1720-0.1846
100 km 0 100 km P 0.0865--0.1175
B 0.1847-0.2049 B 0.1176-0.1638

(d) The regreSSion CoefﬁCientS OfER (e) The regreSSion CoefﬁCientS Of IPA (f) The regression coefficients Of DC

Regression Coefficient

-0.1571~-0.1951

Regression Coeflicient
0.0906~0.1211
-0.1952~-0.2205

L -0.2206~-0.2602

P -0.2603--0.3345
100 km B -03346~-0.4095

0.1212~0.1518

. 0.1519-0.1719






media/file9.jpg





media/file0.png





media/file14.png
Regression Coefficient

[ ] -02693~0.0000
[ ] 0.0001~0.2202
[ 0.2203-0.5238
100 km P 0.5239-0.6950
B 0.6051-0.8288

(a) The regression coefficients of PGDP

—_—l

Regression Coefficient

[ ] -0.0433--0.1660

[ ] -01661--02571

[ 0257203112
B -03113--0.3430

100 km

B 0343103719

(d) The regression coefficients of ER

—_—l

Chengde

Zhangjiakou

Zhangjiakou

Regression Coefficient

[ ] -03006--0.1794
[ 0179300577
[ -0.0576~0.0000
B 0.0001-0.0888
B 0.0889-0.1973

(¢) The regression coefficients of IS

Regression Coefficient

[ ] o.0381-0.0881
[ ] 0.0882-0.1500
[ 0.1501~0.2106

B 0.2107-0.2702
100 km
, B 0.2703-0.3600

100 km

—)

(b) The regression coefficients of UR

Regression Coefficient

[ ]o00001-0.0019
[ 1 0.0000--0.0670
[ 0.0671--0.1055

100 k P -0.1056--0.1853
m B -0.1854--0.2980

(f) The regression coefficients of DC

Regression Coefficient

[ ] 0.0826~0.1208

[ 0120901675

[ 0.1676~0.2023
I 0.2024-0.2264

100 km

. ; B 0.2265-0.2548

(e) The regression coefficients of [PA






media/file8.png
Chengde Chengde Chengde Chengde

Zhangjiakou Zhangjiakou Zhangjiakou

s

Lartglgng -
B S /T (YOEE
[r)" NSy J
Baoding La» %f
v y
LL
0 100 km HL
e——

(a) Moran’s [ of COD 1n 2012 (b) Moran’s I of COD in 2016 (c) Moran’s I of NH3-N in 2012 (d) Moran’s I of NH3-N in 2016





media/file11.jpg





media/file6.png
Chengde

Chengde

Emission Levels Rate of Emission Change (%)

Emission Levels

Slight Emissions Slight Emissions - <.50
Moderate Emissions Moderate Emissions 49 -0
- Heavy Emissions - Heavy Emissions - 1~100
100 km - Severe Emissions 100 km - Severe Emissions 100 km - ~ 100
(a) The emission levels of COD 1n 2012 (b) The emission levels of COD 1n 2016 (¢) The change rate of COD from 2012 to 2016

Chengde

Chengde

Rate of Emission Change (%)

B =50

Emission Levels

Emission Levels

Slight Emissi - .
ight Emissions Slight Emissions
Moderate Emissions Moderate Emissions -49~0
- Heavy Emissions - Heavy Emissions - 1~100

100 km - Severe Emissions 100 km - Severe Emissions ._190 km - = 100
(d) The emission levels of NH3-N in 2012 (e) The emission levels of NH3-N in 2016 (f) The change rate of NH3-N from 2012 to 2016





