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Abstract

:

The development of the green economy is universally recognized as a solution to natural resource shortages and environmental pollution. When exploring and developing a green economy, it is important to study the relationships between the environment and economic development. As opposed to descriptive and qualitative research without modeling or based on environmental Kuznets curves, quantitative relationships between environmental protection and economic development must be identified for exploration and practice. In this paper, we used the generalized additive model (GAM) regression method to identify relationships between atmospheric pollutants (e.g., NO2, SO2 and CO) from remote sensing and in situ measurements and their driving effectors, including meteorology and economic indicators. Three representative cities in the Anhui province, such as Hefei (technology-based industry), Tongling (resource-based industry) and Huangshan (tourism-based industry), were studied from 2016 to 2020. After eliminating the influence of meteorological factors, the relationship between air quality indexes and industrial production in the target cities was clearly observed. Taking Hefei, for example, when the normalized output of chemical products increases by one unit, the effect on atmospheric NO2 content increases by about 20%. When the normalized output of chemical product increases by one unit, the effect on atmospheric SO2 content increases by about 10%. When chemical and steel product outputs increase by one unit, the effect on atmospheric CO content increases by 25% and 20%, respectively. These results can help different cities predict local economic development trends varying by the changes in air quality and adjust local industrial structure.
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1. Introduction


The green economy is a model of sustainable development that is globally recognized to meet challenges posed by increasing shortages of energy and natural resources [1] As an important engine of the world economy, China’s attitude and solutions can greatly contribute to green economic development worldwide [2]. After forty years of industrialization, China has achieved economic success with the costs of natural resources consumption and destruction of the environment [3]. Industrial transformation and upgrades were in urgent demand for China’s economic development [4]. The Chinese government set a target for reaching a carbon peak by 2030 and becoming carbon neutral by 2060 to demonstrate its commitment to the green economy [5]. The process of industrial transformation and upgrades in China provides sufficient data and case studies.



The academic research on this problem can be divided into two approaches. Some prior research has focused on technology that directly improves resource use efficiency and reduces environmental pollution [6]. Other studies have focused on effective management approaches that can be applied to both environmental protection and economic development [7]. The relationship between the economy and the environment is an important topic in research on management methods for developing a green economy. The early research on this subject relied on the environmental Kuznets curve, which stated that the relationship between pollutants and per capita income created an inverted U-shaped curve [8]. Subsequent studies have applied the environmental Kuznets curve to evaluate development stages of different regions at different times [9]. As time went on, there have been different opinions about the environmental Kuznets curve [10]. Some scholars have questioned its existence. Cole argued that it existed because a developed country transfers its highly polluting industries to a developing country [11]. Other scholars have challenged its interpretation. Suri and Chapman pointed out that trade itself may increase pollution in developing countries and reduce it in developed ones [12]. In general, studies based on the environmental Kuznets curve are confined to macroscopic analysis of the current situation and possible factors influencing the economy–environment relationship in a region [13]. For environmental and economic development managers, operational recommendations are needed, such as quantitative changes in the relationship between environmental and economic indicators at the micro-level [14].



The basis of this study is the selection of research data. It is necessary to find data indicators that can effectively represent both economic development and the environment. Most of the major environmental indicators are collected from the atmosphere, water and soil. Unlike soil and water, the air quality index can reflect the overall environmental level of a region more intuitively and efficiently [15]. More importantly, a sound air quality monitoring system has been established worldwide and has been operating consistently for many years [16]. Therefore, there is an abundance of detailed air quality monitoring data that can be used to study this problem. Traditional monitoring data are from sampling sites in a fixed distribution [16]. With upgrades to satellite remote sensing technology, satellites carrying hyperspectral equipment can monitor dynamic changes in different air component concentrations due to the unique absorption characteristics of gas types at different near-ground heights in the target area [17]. Satellite remote sensing techniques have greatly advanced the understanding of air quality observations, with unprecedented spatiotemporal coverage compared to other in situ measurements [18]. For example, the ozone monitoring instrument on-board the NASA-EOS satellite provides daily global coverage of atmospheric trace gas concentration starting from 2005, which has been widely applied to air pollution research among the regional pollution episodes [19]. Current standard air quality monitoring targets include carbon monoxide (CO), nitrogen dioxide (NO2), sulfur dioxide (SO2), PM2.5, PM10 and ozone (O3) [20]. The main sources of emissions identified by these monitoring indicators are as follows: fuel combustion, transportation and industrial production [21]. There is an extremely strong link between the above indicators and changes in air quality, a conclusion that has been supported by many studies. Dang and Trinh found a 5% reduction in NO2 and a 4% reduction in PM2.5 concentrations before and after COVID-19 closures in a comparison of daily air quality data from 164 countries [22]. Brodeur et al. analyzed the effects of home quarantine measures on social distance, traffic accidents and air quality by using a difference-in-differences approach. Results showed that the number of traffic accidents decreased by 50%, and PM2.5 concentrations decreased by 25% [23]. Hu and Guo used monthly power generation, air pollution, economic and weather data from four cities (Beijing, Tianjin, Shanghai and Chongqing) for six years to study the influence of power generation on air pollution (AQI and six standard air pollutants). The results found that 1 unit (100 million kWh) of power generation was correlated with 0.3 units of AQI, and it was primarily influenced by thermal power generation [24]. Power generation (especially thermal power generation) was positively correlated with PM2.5 and PM10, while other power generation (total minus thermal) was positively correlated with NO2 and SO2. Using long-term air pollution monitoring data combined with spatial econometric models, Xu et al. studied the spatiotemporal characteristics and socio-economic drivers of air pollution in China from 2005 to 2016. According to their influence, they ranked the social and economic driving factors as: number of motor vehicles, energy consumption, the proportion of the secondary industry in GDP, per capita GDP, greening coverage and science and technology expenditure [25]. Xie et al. used panel data for 286 cities from 2006 to 2018 to study the impact of new energy vehicle subsidy policies on urban air quality. The results showed that the implementation of the policy significantly improved air quality overall, and air pollution was reduced by about 5% with a subsidy increase of 1% [26]. Wx et al. used MODIS (moderate resolution imaging spectroradiometer) monitoring data from 2000 to 2018 to apply a vector autoregressive model to study PM2.5 variability and its relationship with industrial structure in the Beijing-Tianjin-Hebei region. The results showed that secondary and tertiary industries had a significant impact on PM2.5 pollution in the region, contributing 3.8% and 9.8%, respectively [27].



Appropriate research methods are needed to solve the current difficulties for the study of the relationship between air quality monitoring data and industrial production-related indexes (fuel combustion, transportation and industrial production). Firstly, air quality monitoring data in the target area are affected by many factors. The typical factor is meteorological change. Factors that cause meteorological change usually include temperature, air pressure, wind field, precipitation, humidity, surface radiation, clouds, etc. [28]. PBLH was found to have a close relationship with air pollutant concentration. Similar studies have proved that PBLH can affect the vertical dispersion of pollutant emission at ground level [29,30]. Some studies have found that the influence of meteorological factors on atmospheric composition can be effectively solved using remote sensing technology [31]. Satellites equipped with a space-borne spectrometer can monitor dynamic changes in air composition concentrations at different near-ground altitudes in the target area, as well as changes to meteorological factors over the same time periods [32]. Regression analysis of air composition concentration and meteorological factors can remove the influence of meteorological factors to obtain more accurate air composition concentration data [33]. Secondly, the relationships between air composition concentration and its variables are usually complicated and non-linear [28]. The typical example is PM2.5 and its components (SO2, NO2, CO, O3) [34]. A generalized additive model is therefore used to evaluate the statistical relationship between air quality monitoring data and factors related to industrial production. Wu and Zhang used a generalized additive model (GAM) to analyze the impacts that different factors, especially their interactions, have on PM2.5 concentration and its diffusion process. They found that PM2.5 concentrations had strong temporal autocorrelation [35]. Change in PM2.5 concentration was a complex non-linear time series driver that was affected by many factors; the interaction between air pollutants and meteorological elements was the most prominent. Zhang et al. used generalized additive models to assess the driving forces behind air quality trends in China and the effectiveness of emission controls. The results indicated that although meteorological parameters, such as wind, water vapor, solar radiation and temperature, mainly dominated the day-to-day and seasonal fluctuations in air pollutants, anthropogenic emissions played a unique role in the long-term variability of ambient concentrations of NO2, SO2 and HCHO in the past 13 years [17].



In this paper, we integrated existing research ideas and methods to identify a quantitative relationship between industrial production and air quality. We used average monthly NO2 and SO2 data collected by satellite remote sensing technology in China’s Anhui province and its major cities to conduct air pollutant time series analysis and study the temporal variability and difference in air quality changes before and after the novel coronavirus epidemic. We selected three representative cities in the Anhui province in terms of atmospheric characteristics and collected their monthly industrial-product output data (output of important industrial products, the electricity consumption of the whole society, industrial electricity consumption, etc.) beginning in 2016. The three cities were Hefei, which is leading in science and technology, Tongling, which mainly depends on mineral resources and Huangshan, which is dependent on the tourism industry. We used a generalized additive model to fit the relationship between air pollutant concentrations, meteorological factors and economic indicators. This method can be used to analyze the relationship between industrial production and air pollutants in different cities if the data are readily available.




2. Data and Methodology


2.1. Experimental Data


The experimental data were from the following sources:




	
Air pollutant data for target cities in the Anhui province








In this study, major trace gas pollutants such as nitrogen dioxide (NO2), sulfur dioxide (SO2) and carbon monoxide (CO) were selected as proxies for the industrial economy in the Anhui province.



Tropospheric NO2 and SO2 column density were retrieved from the OMI instrument over East China. The OMI instrument is equipped with three detection channels, covering the wavelength range of 270–500 nm with a spectral resolution between 0.42 and 0.62 nm. Its local overpass time is usually 13:40–13:50. The OMI spatial resolution at nadir is 24 × 13 km2. Compared to the NASA operational products, our improved NO2 and SO2 retrieval over China generally showed better performance of independent comparison with ground-based remote sensing MAX–DOAS instruments [17,33,36]. Both NO2 and SO2 level 2 data were re-gridded to a spatial resolution of 0.1° over the Anhui province from January 2016 to December 2020.



Figure 1 shows the planar distribution of the average column density of NO2 from 2016 to 2020 in the Anhui province.



The Figure 2 shows the planar distribution of the average column density of SO2 from 2016 to 2020 in the Anhui province.



There are several existing satellite instruments available for CO monitoring, such as AIRS, MOPITT, TROPOMI, and IASI. However, compared to NO2 and SO2, satellite CO measurements from most instruments failed the filtering criteria of spatial and temporal coverage in this research. Thus, we compromised to use in situ CO observations from the Chinese national environment monitoring center (CNEMC).



	
Economic data for target cities in the Anhui province






Considering the reliability, comprehensiveness and representativeness of economic data, we selected three cities, Hefei, Tongling and Huangshan, and downloaded public information of key industrial product outputs, social electricity consumption and industrial electricity consumption from the local statistics bureaus of the government (Hefei: http://tjj.hefei.gov.cn/ydsj/ydjc/index.html, accessed on 8 January 2021, Tongling: http://tjj.tl.gov.cn/2992/gy/index.html, accessed on 8 January 2021, Huangshan: http://www.huangshan.gov.cn/zfsj/index.html, accessed on 8 January 2021).



The economic data spanned from January 2020 to October 2020. Hefei, with the highest GDP in the Anhui province, is home to China’s National Comprehensive Science Center. The investment of science and technology in economic development is one of the city’s characteristics. Tongling is a typical resource-based city that relies on copper for economic development. Huangshan City is a typical tourist city relying on its natural scenery and tourism resources. Because of the different types of industrial products, we normalized the output data using the following formula:


x^ = (x − μ)/(MaxValue − MinValue)



(1)




where, x’ is the normalized data, x is the original data, μ is the mean value of data and MaxValue and MinValue are the maximum and minimum values, respectively.



	
Meteorological data






Meteorological parameters from the ERA-5 products by the European Centre for Medium Range Weather Forecasts (ECWMF), including temperature, air pressure, wind field, precipitation, humidity, surface radiation and clouds, were used in this research. ERA-5 provides hourly estimates of a large number of atmospheric, land and oceanic climate variables. The data cover the Earth in a 30 km resolution grid and resolve the atmosphere using 137 levels from the surface up to a height of 80 km. ERA-5 includes information about uncertainties for all variables at reduced spatial and temporal resolutions.



The input data will be uploaded as Tables S1–S3 in the Supplementary Materials.




2.2. Generalized Additive Models


There are existing complex physical relations between driving forces, including natural and anthropogenic effectors and air quality [37]. Compared with the chemical-based model (e.g., WRF–Chem and GEOS–Chem [38]), statistical models have proved to have a good advantage in decomposing air quality from the impact of meteorology and to investige the sources of air quality trends [39]. Differing from previous linear regression-based models, GAMs can account for the non-linear relationships well with good interpretability during the air quality modeling [40,41].



The main economic indicators (important industrial production, whole society power consumption, industrial electricity consumption, etc.) of the target cities (Hefei, Tongling and Huangshan) and air quality data were used to explore their temporal relationship. The spatial distribution relationship between the industrial, economic and air quality indexes of the target cities with different industrial formats was also studied. Generalized additive models were used to fit the relationship between air quality (pollutant concentrations), meteorological factors and economic indicators. The mathematical model is as follows:


   y i  =  β 0  +   ∑  j = 1  p    f j    (  x  i j   ) +  ε i   



(2)




where,    y i    and    x i    j  ( j = 1 , … , p )   are observed values of group i,    β 0    is the regression coefficient, and    ε i    is the random error term.    f j  ( j = 1 , … , p )   can be a smooth spline function, a kernel function or a local regression smooth function. Here    f j  ( j = 1 , … , p )   is a linear combination of the basis functions with the following form:


   f 1   ( x )  =   ∑   k = 1    q 1     β k   b  1 k    ( x )   



(3)






   f 2   ( x )  =   ∑   k = 1    q 2     β  k +  q 1     b  2 k    ( x )   



(4)




where    b k     ( x )    is the basis function. The basis functions take many forms as follows:



a. Polynomial regression


   f    ( x )  =   ∑   k = 1  q   β k   b k   ( x )   



(5)






   b k   ( x )  =  x k   



(6)







b. Cubic spline


   f    ( x )  =   ∑   k = 1   m + 2    β k   b k   ( x )   



(7)






   b k   ( x )  =    |  x −  x j *   |   3  ,    j  = 1 , 2 , … , m  



(8)






   b  m + 1    ( x )  = 1  



(9)






   b  m + 2    ( x )  = x  



(10)




where    x j *   , j = 1, 2, …, m are spline knot points.



To obtain a better fit, penalty regression can be introduced into the GAM model. By introducing a penalty term to the coefficient of the basis function, the smooth function can be prevented from being highly variable and resulting in a model overfit.


   l p   ( β )  = l  ( β )  − λ  B ′  S B  



(11)




where, β represents the regression coefficient, and S represents the penalty matrix. If the least square is chosen as the loss function, the above equation takes the following form:


   l p   ( β )  =  ∑     (  y − X β  )   2  + λ  B ′  S B  



(12)







Background changes in air quality (pollutant concentration) caused by meteorological factors, such as seasonal changes in pollutant concentrations, were then removed to explore the relationship between air quality changes and economic development indicators.



For example, using NO2 concentration to measure air quality change, the regression equation is written as:


  c ( N  O 2  ) = f (  A 1  ,  A 2  ,  A 3  , … ,  B 1  ,  B 2  ,  B 3  , … )  



(13)




where c(NO2) is atmospheric NO2 concentration, F is the regression equation, A1, A2, A3...represent meteorological factors, such as temperature, air pressure, wind field, precipitation, humidity, surface radiation, clouds, etc., B1, B2, B3...represent various economic indicators, control policies and other factors.



After the meteorological factors were removed, the regression equations of air quality and economic indicators were obtained as follows:


  c ( N  O 2  ) =  f ′  (  B 1  ,  B 2  ,  B 3  , … )  



(14)







The GAMs model performance is diagnosed by the residual autocorrelation and metrics such as convergence, p-value and estimated degree of freedom (EDF) [40]. For GAMs modeling over different cities, we first implemented sensitivity tests on the model diagnostics with varying input parameters and then selected the best performing scenarios for data interpretation





3. Results and Analysis


3.1. Temporal Variability of Air Quality in the Anhui Province and Target Cities


3.1.1. Temporal Variability of Atmospheric


Figure 3 shows the monthly mean change of tropospheric NO2 column density in the Anhui province, Hefei, Huangshan and Tongling from 2016 to 2020.



The average NO2 concentration in the Anhui province, Hefei and Tongling was about 1000 × 1013 molecules/cm2, whereas in Huangshan it, was only about 250 × 1013 molecules/cm2. The overall NO2 changes in the Anhui province, Hefei and Tongling showed that the monthly average NO2 had a cyclical characteristic of being “high in winter and low in summer”. NO2 concentrations peaked at about 2000 × 1013 molecules/cm2 around January each year and reached the lowest level at about 700 × 1013 molecules/cm2 around July.



The concentration of NO2 in Hefei was similar to that of Tongling and slightly higher than the Anhui province as a whole. The temporal change was similar, with a cyclical change characteristic of “high in winter and low in summer”. The seasonal variation of NO2 can be dominated by the lifetime variation of NO2 due to the temperature and solar radiation varying with seasons [42]. Moreover, NOx emissions also were reported to be with seasonal variations elsewhere. For example, the coal consumption increases during the heating season in winter over North China [43].



As a major tourist city in the Anhui province, the NO2 level of Huangshan was lower than that of Hefei and Tongling, as well as the Anhui province overall. NO2 in Huangshan did not have temporal variation characteristics and fluctuated throughout the year. Except for the high concentration of 600 × 1013 molecules/cm2 in December 2018, the overall variability was within 130–500 × 1013 molecules/cm2. The maximum NO2 levels in winter for the Anhui province and all three cities increased in 2016, 2017 and 2018, to 1100 × 1013, 1400 × 1013 and 1600 × 1013 molecules/cm2, respectively. However, in late 2019 and early 2020, NO2 significantly decreased due to the influence of the novel coronavirus. In December 2019, the overall NO2 concentration in the Anhui province was only 900 × 1013 molecules/cm2. As the whole province began to resume work and production in March and April 2020, NO2 in Tongling had a second peak value, reaching 900 × 1013 molecules/cm2 in April 2020.



By the end of 2020, the NO2 levels in the Anhui province as a whole and the three cities reached their winter peak values again. Peak levels were similar to those in late 2018 and early 2019. The respective concentrations in December 2020 were 1300 × 1013, 1600 × 1013, 400 × 1013 and 200 × 1013 molecules/cm2.




3.1.2. Temporal Variability of Atmospheric SO2


Figure 4 shows the monthly mean change in tropospheric SO2 column density for the Anhui province, Hefei, Huangshan and Tongling from 2016 to 2020.



SO2 concentrations had no clear periodicity in the Anhui province overall or Hefei and Huangshan. The average concentration in the Anhui province from 2016 to 2017 was about 2 DU (Dobson Unit, 1 DU = 2.6867 × 1020 molecules/m2), and it fluctuated throughout the year. The summer of 2016 brought a higher concentration of about 2.5 DU. A lower concentration of about 1.7 DU occurred in the spring of 2017. Compared with 2016 and 2017, SO2 in the first half of 2018 significantly decreased and was relatively stable at about 1 DU. The concentration peaked at about 2.2 DU in December 2018. In 2019 and 2020, SO2 in the Anhui province, Hefei and Huangshan increased compared to 2018, with an average concentration of about 1.6 DU, and there was more intra-year fluctuation in 2019 and 2020 than before, with a peak level of 3 DU per month in the summer of 2019 and 2020. SO2 levels in Tongling were similar to the other study areas, but the variability was more obvious. It reached a low level of about 0.6 DU in December 2017 and July 2020, and high levels of about 3.5 and 3.8 DU appeared in April 2017 and July 2019, respectively.



In addition, peak SO2 in Tongling in March 2017 and July 2019 was significantly different from Hefei, Tongling and the Anhui province as a whole. SO2 for the Anhui province was similar to Hefei, Tongling and Huangshan with similar change trends. The industrial structure of the three cities did not lead to significant differences in urban SO2 levels.




3.1.3. Temporal Variability of Atmospheric CO


Figure 5 shows the monthly variability of atmospheric CO concentration in Hefei, Tongling and Huangshan from January 2016 to December 2020.



The atmospheric CO in Tongling, Hefei and Huangshan was in a state of decline. The average atmospheric CO concentration for the three cities in 2017 were 1.05, 0.92 and 0.68 mg/m3, respectively. In 2020, average concentrations were 0.82, 0.66 and 0.54 mg/m3, respectively, decreasing by 22%, 28% and 21%. Ranked from high to low, the atmospheric CO levels of the three cities were Tongling, Hefei and Huangshan. From 2016 to 2020, average concentrations were 1.0, 0.8 and 0.6 mg/m3, respectively. As a mineral resource-based city, Tongling discharged more CO into the atmosphere by fuel combustion. As a tourist city, Huangshan maintained a low CO level. The variation of atmospheric CO concentration in the three cities showed the periodic characteristics of high in winter and low in summer. This periodic variability in Hefei and Tongling was more obvious. The average CO concentrations in January, from 2016 to 2020, were 1.08 and 1.22 mg/m3, respectively, whereas in July, they were 0.67 and 0.85 mg/m3, 44% and 30% lower than average levels in January, respectively.





3.2. The Relationship between Economic Indexes and Air Pollution


3.2.1. The Relationship between Economic Indexes and Air Pollution in Hefei


Table 1 shows the meanings of meteorological factors and industrial productions.



Figure 6 shows the marginal effect of meteorological factors and industrial product output on atmospheric NO2 column density in Hefei.



The chemical product outputs included agricultural fertilizer production, synthetic detergent production, plastic tire production, plastic products production and chemical fiber production after normalization. Nitrogen fertilizer production can directly or indirectly cause NO2 pollution in the atmosphere. In the process of synthetic detergent production, the hot blast stove, tail gas from the top of the tower and chemical production will generate NO2 pollution. The combustion and chemical processes used in plastic production generate NO2 pollution. In the figure above, increasing chemical product outputs increased the NO2 level, and there was a positive linear correlation between chemical product outputs and atmospheric NO2 content. When the outputs (after normalization) increased by one unit, its effect on atmospheric NO2 content increased by about 20%.



At the beginning of 2020, due to the impact of COVID-19, chemical product output in Hefei decreased significantly to 3.54 units, which was the lowest level from 2016 to 2020. In January and February of 2020, total agricultural chemical fertilizer output was 39,000 tons, with a year-on-year increase of −24.3%. The output of synthetic detergents was 71,400 tons, up 2.9%. Outer rubber tire output was 2.5816 million, up by −37.5%. The output of plastic products was 67,600 tons, up −16.6%, and that of chemical fibers was 10,100 tons, up −16.6%. In March 2018, chemical product output was 5.98 units, the highest level between 2016 and 2020, where the output of agricultural chemical fertilizer was 30,500 tons, an increase of 4.2% year-on-year. The output of synthetic detergents was 37,100 tons, up 8.5%. The rubber tire output was 4.436,600 pieces, up by −2.5%. The output of plastic products was 42,400 tons, up 8.2%. The output of chemical fiber was 9800 tons, up 19.7%. Compared with January and February 2020, the effect of chemical product production on atmospheric NO2 content in March 2018 increased by about 30%.



The marginal effect of meteorological factors and industrial product output on atmospheric SO2 column density in Hefei is shown in Figure S1 in the Supplementary Materials. Rubber tires produce sulfur oxide pollution in the process of vulcanization. The combustion and chemical processes of plastic production generate SO2 pollution. During chemical fiber production, the waste gas in the raw material workshop and the spinning workshop contains SO2 pollution. SO2 pollution is produced during the coking and sintering processes of steel production. As can be seen from the figure, chemical product output increases caused SO2 levels to go up. When chemical product output (after normalization) increased by one unit, the atmospheric SO2 content increased by about 10%. Steel production also had a positive correlation with atmospheric SO2. In May 2020, steel production was the lowest during the research period at 87,700 tons, with a year-on-year increase of -18.8%. In December 2016, steel production was the highest, with a year-on-year increase of 14.5%. The difference in the impact of the two processes on atmospheric SO2 was about 10%.



The marginal effect of meteorological factors and industrial product output on atmospheric CO in Hefei is shown in Figure S2 in the Supplementary Materials. Insufficient combustion of fuel in the production of chemical products led to CO pollution. CO pollution was generated during steel combustion processes, coking and sintering. As can be seen from the figure, chemical product output and steel output increases led to an increase in atmospheric CO. When chemical and steel product output increased by one unit, the atmospheric CO content increased by 25% and 20%, respectively. Compared with January and February 2020, the effect of chemical production in March 2018 on atmospheric CO content increased by about 50%. Compared with May 2020, the effect of steel production in December 2016 on atmospheric CO content increased by about 25%.




3.2.2. The Relationship between Economic Indexes and Air Pollution in Tongling


The meanings of meteorological factors and industrial productions are shown in Table 2.



Figure 7 shows the marginal effect of meteorological factors and industrial product output on atmospheric NO2 in Tongling. The increase in industrial electricity consumption increased industrial production activities; however, the increase in the demand for electricity generation increased atmospheric NO2 emissions from traffic and combustion emissions to increase the atmospheric NO2 level.



As can be seen in the figure, as industrial electricity consumption increased, the NO2 level also increased. When industrial electricity consumption increased from 469 million to 60 million kWh, atmospheric NO2 content increased by about 10%. When the industrial electricity consumption reached 60 million kWh, the influence on atmospheric NO2 was no longer obvious. An increase in chemical fertilizer yield promoted an increase in NO2 levels. The chemical fertilizer yield in November 2018 was the lowest during the study period (24,000 tons), and the yield in July 2017 was the highest (40,000 tons). The difference in the effect of the two on atmospheric NO2 content was about 15%.



The marginal effect of meteorological factors and industrial product output on atmospheric SO2 concentration in Tongling is shown in Figure S3 in the Supplementary Materials. The production of metal materials was generally accompanied by the combustion process, and the increase in sulfur fuel combustion led to an increase in the atmospheric SO2 level. As can be seen from the figure, increased production of metal materials (electrolytic copper, copper and steel) caused an increase in the SO2 level. In January and February 2019, the cumulative output of electrolytic copper is 88,000 tons, with a year-on-year growth of 26%; the cumulative output of copper was 220,000 tons, with a year-on-year growth of 35%; the cumulative output of steel was 230,000 tons, with a year-on-year growth of 19.2%, corresponding to 2.06 units after normalization. In May 2017, electrolytic copper, copper and steel in Tongling outputs were 106,000, 167,000 and 158,000 tons, respectively, corresponding to 3.44 units after normalization. Compared with the former, the effect of the latter on atmospheric SO2 content increased by about 30%. When the yield reached a certain level (3.5 units after normalization), the influence on SO2 was stable. In April 2020, the electrolytic copper output in Tongling was 80,000 tons, copper was 154,000 tons, steel was 301,000 tons, corresponding to 4.08 units after normalization. Compared with May 2017, the effects of the two on atmospheric SO2 content were nearly the same.



The marginal effect of meteorological factors and industrial product output on atmospheric CO in Tongling is shown in Figure S4 in the Supplementary Materials. When the metal material output changed from 2.06 units (electrolytic copper output 88,000 tons, copper output 220,000 tons and steel output 230,000 tons) in January and February 2019 to 4.08 units (electrolytic copper output 80,000 tons, copper output 154,000 tons, steel output 301,000 tons) in April 2020, there was not a clear impact on atmospheric CO content, and the variability was within 15%.




3.2.3. The Relationship between Economic Indexes and Air Pollution in Huangshan


The meanings of meteorological factors and industrial productions are shown in Table 3.



Figure 8 shows the marginal effect of meteorological factors and industrial product output on atmospheric NO2 in Huangshan. The results show that chemical products and industrial electricity have little influence on NO2 change in Huangshan city. The marginal effect of meteorological factors and industrial product output on atmospheric SO2 concentration in Huangshan is shown in Figure S5 in the Supplementary Materials. The results show that cement products have little influence on SO2 change in Huangshan city. The marginal effect of meteorological factors and industrial product output on atmospheric CO is shown in Figure S6 in the Supplementary Materials. The results show that chemical products have little influence on CO change in Huangshan city.



As a major tourist city in the Anhui province, NO2 in Huangshan was significantly lower than in Hefei and Tongling, as well as the Anhui province overall. Moreover, there was no clear temporal variability in NO2 for Huangshan. There was no clear periodicity in SO2 concentrations. The CO concentrations remained basically low. Because Huangshan industrial products made up a small proportion of the overall economic volume, the results on industrial production and air quality were not obvious for reference.






4. Discussion


Natural resource scarcity and the destruction of the environment have pushed humanity to a critical stage where changes must be made. Green economic development has become the only choice for mankind. Research on the relationship between the environment and economic development should not only evaluate the current situation but also have practical significance for green economic development. Research on the relationship between industrial products and air pollutants can provide accurate guidance for adjusting economic structure and environmental protection in target areas from a micro point of view. Air pollutant variability is affected by many factors. In addition to the influence of the emitters themselves, meteorological factors have a decisive influence. In our study, we used the regression method to identify relationships between air composition and meteorological factors in the target area and eliminate the influence of meteorological factors. Atmospheric pollutant data that are closely related to industrial production were collected by remote sensing technology. Meteorological data for the target area was obtained from the public dataset ERA-5 of the European Centre for Medium Range Weather Forecasts (ECWMF). Then we collected output industrial production data from 2016 to 2020 for three representative cities in the Anhui province: Hefei (technology-based industry), Tongling (resource-based industry) and Huangshan (tourism-based industry). A generalized additive model was used to fit the relationship between air pollutants and industrial production.



In Hefei, when chemical product output (after normalization) increases by one unit, its effect on atmospheric NO2 content increases by about 20%. When the chemical product output (after normalization) increased by one unit, the atmospheric SO2 content increased by about 10%. When the output of chemical and steel products increased by one unit, the atmospheric CO content increased by 25% and 20%, respectively.



Figure 9 below is the comparison of inter-annual variations between air pollutants and GAMs smoothing terms over Hefei.



In Tongling, when industrial electricity consumption increased from 469 million to 60 million kWh, atmospheric NO2 content increased by about 10%. When chemical fertilizer yield increased from 24,000 to 40,000 tons, atmospheric NO2 content increased by about 15%. When the output of metal materials increased from 2.06 units to 3.44 units, atmospheric SO2 content increased by about 30%. When the output of metal materials reached 4.08 units, atmospheric SO2 content remained stable. The metal material yield impacts on atmospheric CO content were not obvious, and the total effect was within 15%.



In Huangshan, NO2, SO2 and CO concentrations were far lower than the average level of the whole province, and there were no clear changes. The proportion of industrial products in overall economic volume was small, and the results for industrial production and air quality were not obvious for reference.



The comparison of inter-annual variations between air pollutants and GAMs smoothing terms over Tongling and Huangshan are shown in Figures S7 and S8 in the Supplementary Materials, respectively.



Future work can be continued on typical cities with different compositions of industrial production. With the support of sufficient cases and data, the optimal industrial product proportion structure is analyzed according to the meteorological conditions of different regions.




5. Conclusions


Our methods produced different results for different cities because of differences in air quality, meteorology and economic structure. However, this research method can be applied to different objectives with sufficient data support. The results of this study can help relevant units and departments predict local economic development trends according to air quality change. They can also help departments adjust local industrial structure according to the requirements of environmental protection policies, optimize economic development plans and enhance the ability of environmental protection and supervision. This study has important practical significance, not only for the transformation and upgrading of cities in China but other appropriate research targets on a global scale.
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Figure 1. Average column density of NO2 from 2016 to 2020 in the Anhui province. 
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Figure 2. Average column density of SO2 from 2016 to 2020 in the Anhui province. 
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Figure 3. Monthly mean changes of tropospheric NO2 column density. 
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Figure 4. Monthly mean changes of tropospheric SO2 column density. 
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Figure 5. Monthly mean changes of CO concentration. 
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Figure 6. The marginal effect (%) of each GAM smooth term on NO2 pollution over Hefei. The response curve of individual variables, such as sp, u10, v10, blh, chemical_products and month, were shown in different panels. 
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Figure 7. The marginal effect (%) of each GAM smooth term on NO2 pollution over Tongling. 
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Figure 8. The marginal effect (%) of each GAM smooth term on NO2 pollution over Huangshan. 
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Figure 9. The inter-annual variations of air pollutants concentration and the corresponding GAMs smooth terms accounted by each variable. The left y-axis is for the annual mean of smooth terms, and the right y-axis is for the relative change (%) to the overall mean. The results were presented for (a) NO2, (b) SO2 and (c) CO, respectively. 






Figure 9. The inter-annual variations of air pollutants concentration and the corresponding GAMs smooth terms accounted by each variable. The left y-axis is for the annual mean of smooth terms, and the right y-axis is for the relative change (%) to the overall mean. The results were presented for (a) NO2, (b) SO2 and (c) CO, respectively.



[image: Remotesensing 13 03137 g009]







[image: Table] 





Table 1. The input variables selected for GAMs modeling on the air quality of Hefei city.
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	Name
	Meaning





	Sp
	Surface pressure



	U10
	10 metre U wind components



	V10
	10 metre V wind components



	Blh
	Boundary layer height



	Chemical products
	Including: agricultural chemical fertilizers, synthetic detergents, rubber tires, plastic products and chemical fibers



	Steel
	Steel production



	Month
	Time measured in months
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Table 2. The input variables selected for GAMs modeling on air quality of Tongling city.
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	Name
	Meaning





	Sp
	Surface pressure



	T2m
	2 meter temperature



	V10
	10 meter V wind components



	Blh
	Boundary layer height



	Month
	Seasonal manifestation



	Industrial electricity
	Industrial electricity consumption



	Chemical fertilizer
	Chemical fertilizer yield



	Metal
	Includes electrolytic copper, copper, steel
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Table 3. The input variables selected for GAMs modeling on air quality of Huangshan city.
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	Name
	Meaning





	Sp
	Surface pressure



	U10
	10 meter U wind components



	Blh
	Boundary layer height



	Industrial electricity
	Industrial electricity consumption



	Chemical products
	Including: agricultural chemical fertilizers, synthetic detergents, rubber tires, plastic products and chemical fibers



	Cement
	Building materials
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