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Abstract

:

Surface ozone pollution in China has been persistently becoming worse in recent years; therefore, it is of great importance to accurately estimate ozone pollution and explore the spatiotemporal variations in surface ozone in East China. By using S5P-TROPOMI-observed NO2, HCHO data (7 km × 3.5 km), and other surface-ozone-influencing factors, including VOCs, meteorological data, NOX emission inventory, NDVI, DEM, population, land use and land cover, and hourly in situ surface ozone observations, an extreme gradient boosting model was used to estimate the daily 0.05° × 0.05° gridded maximum daily average 8 h ozone (MDA8) in East China during 2019–2021. Four surface ozone estimation models were established by combining NO2 and HCHO data from S5P-TROPOMI observations and CAMS reanalysis data. The sample-based validation R2 values of these four models were all larger than 0.92, while their site-based validation R2 values were larger than 0.82. The results revealed that the coverage ratio of the model using CAMS NO2 and CAMS HCHO was the highest (100%), while the coverage ratio of the model using S5P-TROPOMI NO2 and CAMS HCHO was the second highest (96.26%). Furthermore, the MDA8 estimation results of these two models were averaged to produce the final surface ozone estimation dataset. It indicated that O3 pollution in East China during 2019–2021 was susceptible to anthropogenic precursors such as VOCs (22.55%) and NOX (8.97%), as well as meteorological factors (27.35%) such as wind direction, temperature, and wind speed. Subsequently, the spatiotemporal patterns of ozone pollution were analyzed. Ozone pollution in East China is mainly concentrated in the North China Plain (NCP), the Pearl River Delta (PRD), and the Yangtze River Delta (YRD). Among these three regions, ozone pollution in the NCP mainly occurs in June (summer), ozone pollution in the YRD mainly occurs in May (spring), and ozone pollution in the PRD mainly occurs in April (spring) and September (autumn). In addition, surface O3 concentration in East China decreased by 3.74% in 2020 compared to 2019, which may have been influenced by the COVID-19 epidemic and the implementation of the policy of synergistic management of PM2.5 and O3 pollution. The regions mostly affected by the COVID-19 epidemic and the policy of the synergistic management of PM2.5 and O3 pollution were the NCP (−2~−8%), the Middle and Lower of Yangtze Plain (−6~−10%), and the PRD (−4~−10%). Overall, the estimated 0.05° × 0.05° gridded surface ozone in East China from 2019 to 2021 provides a promising data source and data analysis basis for the related researchers. Meanwhile, it reveals the spatial and temporal patterns of O3 pollution and the main influencing factors, which provides a good basis for the control and management of O3 pollution, and also provides technical support for the sustainable development of the environment in East China.
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1. Introduction


Ozone is a kind of trace gas accounting for less than 0.0012% of the atmosphere, but it is a very important atmospheric component [1,2]. As a toxic gas to humans and vegetables, surface ozone could cause damage to the human respiratory system [3,4,5,6], could endanger plant photosynthesis, thus reducing crop yields [7,8,9], and could furthermore damage the carbon assimilation capacity of the ecosystem [10]. Additionally, ozone is the third most important greenhouse gas and can perturb the radiative forcing of the earth [11], and therefore change the world’s climate [12]. In China, surface ozone pollution is persistently becoming worse, which was indicated in many previous studies [13,14,15,16,17,18,19,20,21,22]. Thus, surface ozone pollution in China requires urgent attention and solutions. Therefore, it is of great significance to estimate the surface ozone concentration more accurately and explore the spatiotemporal variations in surface ozone to protect the public from exposure to ozone pollution events [13].



In existing studies, there are usually two main methods for estimating surface ozone [23,24], which are deterministic models (i.e., atmospheric chemistry model simulation methods) [25] and empirical models (i.e., statistical model simulation methods) [26]. The advantage of the deterministic model is that it can help us better conduct mechanistic research to understand the key chemical and physical mechanisms of surface ozone pollution [23,27]. However, the labor and calculation burdens of deterministic models are much higher than those of the statistical models [23,27]. Compared with deterministic models, statistical models have a lower computational cost, are easier to develop and implement, and have higher estimation accuracy [23,24].



As for China, surface ozone estimation has been implemented by many previous studies [17,18,26,27,28,29,30,31,32,33,34,35,36]. Most of these studies focused on the ozone prediction of a single city or an urban belt such as Beijing, Guangzhou, Shanghai, Nanjing, Hong Kong, Lanzhou, Macau, Taipei, and Jinan in China [13,26,28,29,30,31,32,33,34,35], and the spatial distribution of the surface ozone estimation results are limited. In terms of studies using deterministic models to estimate surface ozone at the regional and national scale, the time range of the surface ozone estimation results is short [17], the estimation accuracy needs to be improved [6,16,21], and the accuracy of the estimation results varies greatly in different regions [18]. In terms of studies using statistical models to estimate surface ozone in China at the regional or national scale, the accuracy of ozone estimation results is high [27,37,38]; however, the spatial resolution of the ozone estimation results in most studies is 0.1° × 0.1° or coarser [39,40], and only a few studies have estimated 0.05° × 0.05° surface ozone products [41,42]. Meanwhile, NO2 and HCHO observations with high spatial resolution derived from the Tropospheric Monitoring Instrument on board the Sentinel-5 Precursor satellite (S5P-TROPOMI) are rarely used by existing surface ozone estimation studies [41,42]; therefore, it is necessary to use the high-spatial-resolution precursors’ data (S5P-TROPOMI NO2 and HCHO) to estimate large-scale surface ozone and obtain the surface ozone estimation results with higher accuracy, higher certainty, and higher spatial resolution.



In this study, satellite-based NO2 and HCHO data derived from S5P-TROPOMI, NO2, and HCHO data from the CAMS reanalysis product, the NOX emission inventories and CAMS O3 data, NDVI data, meteorological data, VOCs, land use and land cover data, DEM, population density data, and hourly in situ MDA8 observations between 2019 and 2021 were utilized to establish a surface ozone estimation model of East China. Subsequently, these variables were considered as the target response and explanatory variables for an extreme gradient boosting (XGBoost) model. Subsequently, the XGBoost model was utilized to establish the surface ozone estimation model by taking advantage of in situ surface ozone concentration data measured at 778 monitoring sites in East China between 2019 and 2021. After the MDA8 estimation model was established, the daily 0.05° × 0.05° gridded MDA8 product over East China during 2019–2021 was estimated. Furthermore, the spatiotemporal pattern of surface ozone pollution in East China was revealed. Finally, the contribution of each influencing factor of O3 pollution in East China was quantitatively estimated, and the main influencing factors of O3 pollution were revealed. It provides a reference for the control of O3 pollution in East China and ensures the sustainable development of the environment in this region. At the same time, the control of O3 pollution also provides technical support for the protection of human health in East China and the sustainability of people’s lives in this region. In addition, the control of O3 pollution helps to protect the ecosystems and crop yields in East China and also provides a guarantee for the sustainability of food security in this region.




2. Source Data and Methods


2.1. In Situ Surface Ozone Measurements


The hourly surface ozone concentration observations from 778 ground-based sites from the National Surface Air Quality Observation Network of China were utilized to construct a surface ozone estimation model in East China. The in situ surface ozone measurements from 1 January 2019 to 31 December 2021 were acquired from the China National Environmental Monitoring Center. To assure basic data quality, the 8 h moving average ozone concentration was calculated only when there were at least six valid measurements in those 8 h time periods. Subsequently, the maximum 8 h averaged surface ozone value during each day was extracted as the MDA8 value. At the same time, another quality control measure was applied to filter out records with inadequate samples. To avoid the possibility of reducing the accuracy of surface ozone estimation due to the different number of samples in each data record, the hourly ozone records with surface ozone data missing for ten consecutive days in a month were excluded, and records with more than 30% of samples missing during the study period were also rejected. To reduce the mutual interference between sites that were too close to each other and better establish the ozone estimation model, the observations of 778 sites in East China were clustered into 447 sites using a distance threshold of 0.05°. The spatial distribution of 447 ozone observation sites in East China is shown in Figure 1, below.




2.2. Ozone Precursors


As ozone is mainly generated by the photochemical oxidation of volatile organic compounds (VOCs) and carbon monoxide (CO) and in the presence of nitrogen oxides (NOX) and sunlight, it is of great significance to include these two primary ozone precursors, including VOCs and NOX, in the subsequent surface ozone estimation model. Since the spatial coverage and spatial resolution of the daily available CO product (MOPITT data) are not able to fulfill the need of the surface ozone estimation, the satellite CO data were not included in this work. In this study, satellite-based daily NO2 and HCHO data from Sentinel-5P-TROPOMI (S5P) products (7 km × 3.5 km), the NO2 mass mixing ratio at 1000 hPa, and HCHO total column density reanalysis datasets from the Copernicus Atmosphere Monitoring Service (CAMS) products (0.1° × 0.1°), as well as CAMS emission inventory NOX products between 2019 and 2021, were used to establish the surface ozone estimation model of East China. In addition, six kinds of VOC inventory datasets (including C3H8, C5H8, CH4, H2O2, OH, and PAN) derived from the CAMS emission inventory between 2019 and 2021 (0.1° × 0.1°) were also utilized to establish the surface ozone estimation model. Furthermore, the spatial resolution of these ozone precursor datasets was resampled to the same 0.05° × 0.05° grid for spatial matching. To be in line with MDA8, the daily averages of six kinds of VOCs, CAMS-HCHO, and CAMS-NO2 concentration datasets were calculated. In addition, since the CAMS-NOX data are monthly emission inventory data, the same CAMS-NOx data were used for each day of a particular month.




2.3. Meteorological Factors


The spatial–temporal variations in surface ozone are largely regulated by anthropogenic emissions (i.e., ozone precursors) and meteorological conditions [10,43]. Simultaneously, as other kinds of factors modulating surface ozone variations, meteorological factors were considered comprehensively here to establish the surface ozone estimation model. These meteorological factors, including surface 2 m temperature (T), relative humidity (RH), surface pressure (SP), boundary layer height (BLH), wind speed (WS), wind direction (WD), total cloud cover (TCC), and total precipitation (TP), as well as UV radiation (UV) derived from ERA5 reanalysis datasets between 2019 and 2021 with 0.1° × 0.1° spatial resolution, were used in this work. To acquire better surface ozone estimation accuracy and be consistent with previous studies [43], daily accumulated values of UV radiation and TP, daily averages of RH, SP, BLH, and TCC, daily maximum T, and hourly values of WS and WD at 14:00 pm (at which the highest MDA8 and temperature is oftentimes observed) were extracted and utilized in the surface ozone estimation model. All meteorological factor datasets were resampled to the same 0.05° × 0.05° grid for modeling and surface ozone estimation. Detailed descriptions and performances of these widely used datasets have been well documented in previous studies [44,45,46,47].




2.4. Auxiliary Data


In addition to ozone precursors and meteorological factors, elevation data (DEM), satellite-based Normalized Difference Vegetation Index (NDVI) data, the Land Use and Land Cover data (LULC), population density data (POPU), and CAMS O3 reanalysis products (CAMS-O3) were also used to establish the surface ozone estimation model of East China. In this study, the DEM data with 30 m spatial resolution were derived from the China Resource and Environmental Science Data Center (CRESDC). Similarly, the POPU data of 1 km × 1 km spatial resolution for China from 2019 to 2021 were also obtained from CRESDC, and the annual population values of each city were corrected with its statistical yearbook before being used for surface ozone estimation. The LULC data were divided into nine ground class attributes (including LULC1~LULC9) between 2019 and 2021 with 30 m × 30 m spatial resolution. In addition, the NDVI data used in this study were the 16-day MOD13C1 product derived from the Moderate-resolution Imaging Spectroradiometer (MODIS) onboard the Terra satellite. The NDVI data between 2019 and 2021 with 0.05° × 0.05° spatial resolution were used in this study to establish the surface ozone estimation model. To better estimate surface ozone over East China, CAMS reanalysis products of O3 mass mixing ratio at 1000 hPa (0.1° × 0.1°) were used in this study as an influencing factor on surface ozone because these data contain surface ozone information. Similar to CAMS-HCHO, the daily averaged CAMS-O3 concentration was calculated to match the daily MDA8.



All the explanatory variables collected, including ozone precursors datasets, meteorological data, DEM data, POPU data, LULC data, and CAMS-O3 data, were resampled to 0.05° × 0.05° grids for the subsequent surface ozone estimation. On the time scale, since population and LULC are annual datasets, the same population and LULC data were used for each day within a given year to match the daily MDA8. Similarly, the same NDVI data were used for each day within a given 16-day period. After sites with limited samples were excluded, daily MDA8 time series were paired with daily time series of collocated explanatory variables including ozone precursors, meteorological factors, DEM data, NDVI data, LULC data, and POPU data at 447 monitoring sites according to the location and date. All the datasets used in this study are summarized in Table S1.





3. Methods


3.1. Statistical Modeling Methods


Machine learning methods, an extension of the traditional statistical model, have been widely used in air pollutant estimation in recent years due to their excellent performances [48,49,50]. Furthermore, among these machine learning models, the eXtreme Gradient Boosting (XGBoost) model, a popular statistical modeling method, was utilized to establish the surface ozone estimation model for East China. The XGBoost model was utilized in this work due to its fast training speed, high prediction accuracy, and ability to quantify the relative importance of input variables [27,36,51,52]. Subsequently, four XGBoost surface ozone estimation models in East China using different NO2 and HCHO datasets were established by combining NO2 and HCHO data from satellite monitoring (S5P-TROPOMI) and reanalysis data (CAMS), as follows:


O3-surface ~ f (NO2-S5P/NO2-CAMS + HCHO-S5P/HCHO-CAMS + O3-CAMS + VOCs + NOX-CAMS + T

+ UV + RH + SP + BLH + WS + WD + TCC + TP + DEM + NDVI + POPU + LULC)



(1)




where O3-surface denotes the ground-based MDA8 observations; NO2-S5P and HCHO-S5P denote the tropospheric column density of NO2 and HCHO data in the corresponding site and date; and T, UV, RH, SP, BLH, WS, WD, TCC, and TP are the surface 2 m temperature, UV radiation, relative humidity at 1000 hPa, surface pressure, boundary layer height, wind speed, wind direction, total cloud cover, and total precipitation, respectively. Six kinds of CAMS VOCs inventory datasets (including C3H8, C5H8, CH4, H2O2, OH, and PAN) were also utilized as a separate influencing factor of surface ozone in the surface ozone estimation model. For simplicity, these six kinds of VOCs are uniformly summarized as VOCs in Equation (1). DEM and NDVI denote the elevation and Normalized Difference Vegetation Index of the corresponding site and date. Similarly, POPU and LULC represent the population density and classification of land use types, respectively.



As the training target datasets of the surface ozone estimation model, the MDA8 observations of 778 sites in East China were clustered into 447 sites using the distance threshold of 0.05°. Subsequently, in the model training process, 5% of the 447 sites were randomly chosen as sites-based validation datasets, and then 80% of the input data samples in the remaining 95% of sites were random selected as the training samples, while 20% of the input data samples were randomly chosen as sample-based validation datasets. In terms of the XGBoost model, the booster type was gbtree, and the number of boost rounds was 500. Subsequently, the relative importance of each influencing factor was quantified in the surface ozone estimation XGBoost models because the XGBoost model has the capability to quantify the relative importance of input variables. Finally, to improve the robustness of the MDA8 estimation model, the model estimation results of 50 training trials were saved and averaged, and the averaged result was used as the final gridded MDA8 concentration estimation. The data processing flow and methodology of this study is shown in Figure 2.




3.2. Accuracy Evaluation Statistics


After the surface ozone estimation models were established by the XGBoost model, the prediction accuracy of these four combinations of NO2 and HCHO datasets from satellite monitoring (S5P-TROPOMI) and reanalysis data (CAMS) were evaluated and compared. In this work, four commonly used statistical indicators, including the R2, root-mean-squared error (RMSE), mean prediction error (MPE), and relative percentage error (RPE), were calculated between the spatiotemporal co-located observed MDA8 and model-estimated MDA8 to quantitatively assess the accuracy and model performance. These four statistical indicators can be described as the following equations:


    R   2   = 1 −     ∑  i = 1   n          o   i   −   f   i       2         ∑  i = 1   n          o   i   −   o  ¯      2        



(2)






  R M S E =    1   n     ∑  i = 1   n      (   f   i   −   o   i   )   2         



(3)






  M P E =   1   n     ∑  i = 1   n        f   i   −   o   i        



(4)






  R P E = 100 % ×   1   n     ∑  i = 1   n          f   i   −   o   i         o   i         



(5)




where     o   i     denotes observed in situ MDA8, and     f   i     represents the estimated MDA8, respectively.     o  ¯    is the arithmetic means of the observed MDA8 values, and n denotes the number of data pairs.



After the prediction accuracy of these four combinations was evaluated and compared, the combination of NO2 and HCHO with the higher prediction accuracy and higher spatiotemporal coverage ratio of MDA8 estimation results was chosen as the final surface ozone estimation combination. Subsequently, the final chosen surface ozone estimation models were utilized to estimate the daily 0.05° × 0.05° gridded MDA8 data over East China during 2019–2021. In addition, the spatial–temporal distribution of MDA8 over East China, the spatial and temporal patterns of the ozone pollution in East China (MDA8 > 160 µg m−3), were revealed, and the impact of the COVID-19 epidemic on ozone pollution in East China was compared and analyzed.





4. Results


4.1. The Model Verification Performance


Figure 3 and Figure 4 show the sample-based and site-based validation results of four ozone estimation XGBoost models using four kinds of data combinations, including S5P-TROPOMI NO2 and S5P-TROPOMI HCHO, S5P-TROPOMI NO2 and CAMS HCHO, CAMS NO2 and S5P-TROPOMI HCHO, and CAMS NO2 and CAMS HCHO. In the model training process, 5% of 447 sites (22 sites) were randomly chosen, and all data pairs from these sites were then considered as the site validation dataset. Subsequently, 80% of the data pairs from the remaining 95% of 447 sites (425 sites) were randomly selected as training samples, while the remaining 20% of the input data pairs were selected as the sample-based validation dataset. This indicated that the forecasted MDA8 concentrations exhibited a high correlation with ground-based MDA8 measurements in all four models. The sample-based validation results shown in Figure 3 indicate that all four O3 estimation models had high prediction accuracies, the R2 values of these four models were all larger than 0.923, the RMSE values were all smaller than 16.15 µg m−3, the MPE values were smaller than 11.69 µg m−3, and the RPE values were smaller than 17.47%. In terms of the site-based validation prediction accuracy of these four MDA8 estimation models (Figure 4), the R2 values of four models were all larger than 0.82, the RMSE values were all smaller than 17.73 µg m−3, the MPE values were smaller than 13.42 µg m−3, and the RPE values were smaller than 18.10%. Among these four MDA8 estimation models, the ozone estimation model using S5P-TROPOMI NO2 and CAMS HCHO and the ozone estimation model using CAMS NO2 and CAMS HCHO had higher prediction accuracy, with their R2 values both larger than 0.823, RMSE values both smaller than 17.57 µg m−3, the MPE values both smaller than 13.28 µg m−3, and RPE values both smaller than 17.85%. Among these four MDA8 estimation models, the ozone estimation model using S5P-TROPOMI NO2 and CAMS HCHO and the ozone estimation model using CAMS NO2 and CAMS HCHO had higher prediction accuracy, with the RMSE values both smaller than 16.07 µg m−3, the MPE values both smaller than 11.59 µg m−3, and RPE values both smaller than 17.21%.



In addition to the site-based and sample-based validation results of the four models, the spatiotemporal coverage ratios of the four MDA8 estimation results are also revealed in Figure S1. The results indicated that the spatiotemporal coverage of the two surface ozone estimation models with the S5P-TROPOMI HCHO as the input variable was lower in the four models. The estimation results of the model using S5P-TROPOMI NO2 and S5P-TROPOMI HCHO had the lowest spatiotemporal coverage ratio, with a value of 68.46%, while the estimation results of the model using CAMS NO2 and S5P-TROPOMI HCHO had the second-lowest coverage ratio, with a value of 70.31%. In contrast, the estimation results of the model using CAMS NO2 and CAMS HCHO had the highest spatiotemporal coverage ratio, with a value of 100%, while the estimation results of the model using S5P-TROPOMI NO2 and CAMS HCHO had the second-highest coverage ratio, with a value of 96.26%.



In general, the results of four MDA8 estimation models revealed that the model using S5P-TROPOMI NO2 and CAMS HCHO and the other model using CAMS NO2 and CAMS HCHO showed better prediction accuracy and higher coverage for estimation results, with higher R2 values, lower RMSE values, lower MPE values, lower RPE values, and a higher coverage ratio. Subsequently, these two MDA8 estimation models were chosen to produce the final MDA8 estimation results. To improve the robustness of the MDA8 estimation model, 50 training trial results of each chosen MDA8 estimation model were saved. Subsequently, the 100 independent model estimation results of these two models were averaged and considered as the final gridded MDA8 concentration estimation results. The final MDA8 estimation dataset is a daily 0.05° × 0.05° gridded product of East China during 2019–2021.




4.2. Relative Importance of Each Explanatory Variable


The relative importance of explanatory variables for surface ozone is depicted in Figure 5. In these four surface ozone estimation models, VOCs were found to be the dominant factor, with the relative importance values larger than 22.55% for the MDA8 concentration in East China. This result indicates that the ambient ozone concentration is obviously modulated by VOCs. Combining the results of the four O3 estimation models, it revealed that the two largest contributors to these six VOCs (including C3H8, C5H8, CH4, H2O2, OH, and PAN) were C3H8 and H2O2, which contributed about 4.12% and 4.06%, respectively, and the remaining four VOCs including C5H8, OH, PAN, and CH4, contributed 4.02%, 3.79%, 3.55%, and 3.49%, respectively. Subsequently, the relative importance of NO2 (S5P NO2 or CAMS NO2) was larger than 6% in these four models, and the relative importance of CAMS NOX was about 2.97% in these four models, and it was revealed that the NOX (including NO2) was the second principal variable for the surface ozone in East China. CAMS-NOX is emission inventory data of anthropogenic emissions, while S5P-NO2 is satellite-based observations, and the combination of these two types of data contains NOX information from different sources, which can better estimate the surface O3. In addition to VOCs and NOX, HCHO (including S5P HCHO and CAMS HCHO) was found to be the third or fourth primary factor for the surface ozone with a relative importance larger than 4%, and this reemphasized the important contribution of VOCs to surface ozone. CAMS O3 was revealed to be the third or fourth dominant factor for the surface ozone in East China, with a relative importance larger than 4.51%.



In terms of meteorological factors, the sum contribution of T, WS, WD, RH, BLH, UV, TCC, TP, and SP constituted 27.35% of the overall variable importance. Among these meteorological factors, T, WS, and WD were considered to be the three most important meteorological factors for the O3 pollution, all with a relative importance larger than 3.4%. High temperature, weak wind speed, and stable atmospheric conditions, and a downwind region of polluted air mass was favored by the photochemical generation of ambient O3, as was revealed by previous studies [34,43,53]. In addition, RH, BLH, and UV were also treated as three major drivers for the O3 pollution over East China. This could be attributed to the appropriated relative humidity and stronger UV radiation that are the proper conditions of the photochemical generation of ambient O3, and the BLH would affect the vertical exchange of the polluted air mass [54,55]. In addition, TCC, TP, and SP also played significant roles in the O3 pollution, which was consistent with many previous studies [34,56,57].



In addition to these ozone precursors and meteorological factors, NDVI played an important role in ozone pollution; this may be attributed to more plants emitting more biogenic isoprene, thereby promoting the elevation of O3 concentration [27,58]. Subsequently, DEM, LULC, POPU, and Month also played important roles in surface ozone pollution. This may be attributed to time potentially influencing the temperature and UV radiation, a greater population leading to more pollution emissions and, in turn, to increased ozone pollution, and a higher elevation potentially affecting the distribution of population and sunshine, thereby promoting the elevation of O3 concentration [27,58].



In general, VOCs and NOX were revealed to be the top two main influencing factors of O3 pollution in East China. The implementation of VOCs and NOX emission reductions in East China will help to significantly reduce O3 pollution levels and control O3 pollution in this region. This provides a reference for the control of O3 pollution and ensures the sustainable development of the environment in East China. At the same time, the control of O3 pollution supports the protection of human health and the sustainability of citizens’ lives in East China. Moreover, the control of O3 pollution helps to protect ecosystems and crop yield, and also provides a guarantee for the sustainability of food security in East China.




4.3. Spatial Distribution of Estimated MDA8 over East China


Figure 6 depicts the spatial patterns of the seasonal and annual average MDA8 estimated by the XGBoost model from 1 January 2019 to 31 December 2021. The results of the estimated MDA8 indicated evident high surface ozone pollution levels in several specific regions. The first region that attracts attention had the most serious ozone pollution in the NCP. This major ozone pollution region included Beijing–Tianjin–Hebei, Shandong Province, Henan Province, and the northern part of the Anhui and Jiangsu provinces. At the same time, the region closest to the level of ozone pollution in the NCP was the YRD and the PRD. However, the scope of the ozone pollution in the YRD and the PRD was not as large as that of the NCP.



In terms of the spatial patterns of the seasonal MDA8, the most serious ozone pollution (>115 µg m−3) was found in North China in summer. This major ozone pollution region included Beijing–Tianjin–Hebei, Shandong Province, Henan Province, Shanxi Province, the southern part of Liaoning Province, the eastern part of Hubei Province, and the northern part of the Anhui and Jiangsu provinces. Although the spatial coverage of ozone pollution in spring is similar to that in summer, the ozone pollution level in North China in spring is lower than that in summer. The most serious ozone pollution in autumn is mainly concentrated in the PRD and the coastal area of the border area between Guangdong Province and Fujian Province; although its regional scope is much smaller than that of the NCP, its ozone pollution level is similar to that of the NCP in summer. Among the four seasons, the season with the most serious ozone pollution is summer, and the lightest ozone pollution level occurs in winter. The spatial distribution of seasonally averaged MDA8 in East China is consistent with the results of previous studies, which may be related to the spatial distribution of ozone precursor emissions (VOCs and NOX), temperature, and UV radiation [21,22,38,47].



From the perspective of the temporal variation in MDA8 in East China during 2019–2021, although the largest ozone pollution concentration region and the highest ozone pollution level occurred in the NCP, the ozone pollution level in this region decreased from 2019 to 2021, and the spatial coverage of ozone pollution also decreased year by year. In 2019, the major ozone pollution regions included Beijing–Tianjin–Hebei, Shandong Province, Henan Province, and the northern part of Anhui Province and Jiangsu Province. However, in 2021, the main areas of ozone pollution were narrowed to only include southern Hebei Province, western Shandong Province, northern Henan Province, and northern Anhui Province and Jiangsu Province. In addition, the ozone pollution level in the Ji–Lu–Yu region (including Hebei Province, Henan Province, and Shandong Province) decreased from 115 µg m−3 in 2019 to 105 µg m−3 in 2020, and this may have contributed to the impact of the synergistic control measures of PM2.5 and O3 implemented by the Chinese government and the impact of the COVID-19 pandemic (February–May 2020). At the same time, the reduction in O3 precursors and the nationwide lockdown measures led to the reduction in emissions from human activities and reduced the net photochemical production of ozone, which in turn reduced ozone pollution levels in the NCP in 2020. The decreasing trend of ozone pollution in 2019–2021 is consistent with the previous study, which may be related to the synergistic control measures of PM2.5 and O3 implemented by the Chinese government, as well as to the continued influence of COVID-19 in China [38,59,60].




4.4. Spatiotemporal Distribution of Estimated MDA8 Exceedance over China


Figure 7 depicts the annual accumulated exceedance (MDA8 > 160 µg m−3) of estimated MDA8 for each pixel of East China during 2019–2021. The results derived from the spatial distribution of accumulated exceedance on each pixel indicated that ozone pollution in the NCP was worst over East China. The severity of the ozone pollution in the NCP was the highest, and the coverage of the ozone pollution in the NCP was also the largest in China. From the perspective of the interannual variation of ozone pollution, ozone pollution in the NCP decreased during 2019–2020. During these two years, the reduction in ozone pollution in the NCP between 2019 and 2020 attracted the most attention. Compared with 2019, the severity and spatial coverage of ozone pollution in 2020 in the NCP reduced significantly in both aspects, and this phenomenon might be ascribed to the impact of COVID-19. As an area closer to Hubei Province, the initial center of the epidemic, the closure of the city during the COVID-19 epidemic caused a reduction in the intensity of human activities in the NCP in the first half of 2020, and the reduced intensity of human activities led to the reduction in ozone pollution precursor emissions, thereby reducing the level of ozone pollution in the NCP. Similar to the NCP, the ozone pollution level in southeastern Hubei Province, the PRD, and the YRD also decreased between 2019 and 2020, and this might also be ascribed to the impact of COVID-19.



Compared with 2020, the severity and spatial coverage of ozone pollution in 2021 in the NCP were greatly reduced in both aspects. However, ozone pollution in southeastern Hubei Province, the PRD, and the YRD showed different annual variation characteristics, and the results revealed that ozone pollution in these regions increased from 2020 to 2021. In addition, this result revealed that the regional terrain and the climatic conditions in these regions were different from those in the NCP, and the ozone pollution variation characteristic was also different from that in the NCP. The decrease in O3 pollution levels from 2019 to 2021 may be due to the impact of the policy on the synergistic management of PM2.5 and O3 pollution implemented by the government [38,61]. Additionally, the COVID-19 epidemic reappeared in 2021 in China, and this may also have led to the decrease in ozone pollution level, resulting in a further decrease in O3 pollution in the NCP in 2021 [38,61,62].



Figure 8 depicts the spatial distribution of the month with the largest exceedance in each pixel during 2019–2021. The results revealed that the time characteristic of ozone pollution varied greatly in different regions of East China. In most parts of the NCP, the month with the highest frequency of ozone pollution occurred in June from 2019 to 2021, while in 2020 alone, the worst month for ozone pollution was May in the southern part of Henan Province, Anhui Province, and the southern part of Jiangsu Province. Similar to the NCP, the most serious ozone pollution in Shanxi Province was measured in June from 2019 to 2021, and only in the northern part of Shanxi Province did the most serious ozone pollution occur in July and May of 2020.



In contrast to the NCP, ozone pollution during 2019–2021 in the YRD mainly occurred in May. In terms of ozone pollution in the Middle and Lower of Yangtze Plain (MLYP) and South China, the worst ozone pollution in 2019 and 2020 mainly occurred in September and April, respectively, while in 2021 the most serious ozone pollution happened in May and June in most parts of these two regions. Similar to the YRD, the ozone pollution in 2019–2021 in Liaoning Province and the eastern part of Shandong Province mainly occurred in May. In general, ozone pollution in the NCP usually happens in summer, while ozone pollution in the YRD, Central China, Northeastern China, and South China mainly occurs in autumn and spring. The spatial distribution of seasonal O3 pollution in East China is consistent with the results of previous studies, and this could be related to the differences in the spatiotemporal patterns of the temperature and UV radiation in East China [22,34,38,47,59].



To reveal the annual variation in ozone pollution for each month and each province during 2019–2021, Figure 9 depicts the exceedance (MDA8 > 160 μg m−3) ratio of ozone pollution in each month and the accumulated exceedance in each province of East China for each year. In the process of calculating the exceedance ratio of ozone pollution in each month, the cumulative value of the number of days with ozone pollution (MDA8 > 160 μg m−3) for all pixels in East China for a given month of a year was first calculated. Subsequently, the number of pixels in East China was multiplied by the number of days in that month of that year. Finally, the ratio of the two values produced the final ozone exceedance ratio for that month of that year. The results in Figure 9a indicate that the ozone pollution in China varied greatly in different years and different months. From the perspective of the monthly variation in ozone pollution, it is indicated that June was the month with the highest level of ozone pollution, and the averaged exceedance ratio for June was 42.65% in the period 2019–2021. Compared to June 2020, the higher exceedance ratio of ozone pollution in June 2021 may be due to enhanced net ozone photochemical production resulting from higher temperatures in June 2021 [63]. Following June, May was the month with the second most serious ozone pollution, with an averaged exceedance ratio value of 16.90% in the period 2019–2021. Additionally, September was the month with the third most significant ozone pollution, and the mean exceedance ratio was 15.56% over 3 years. In addition to the above three months, the most severe ozone pollution happened in April and July. In general, the ozone pollution in China mainly occurred in summer, followed by spring, and then in autumn. Summer was the season with the most ozone pollution incidents in China between 2019 and 2021.



To compare the degree of ozone pollution in different provinces and reveal the interannual variation in ozone pollution in each province of East China, Figure 9b reveals the annual accumulative exceedance of ozone pollution in each province of East China in the period 2019–2021. The top three provinces with serious ozone pollution were Hebei, Shandong, and Henan, and the cumulative annual exceedance of MDA8 in each of these three provinces was more than 163,000. Following these three provinces, the annual MDA8 exceedance values of Shanxi, Anhui, and Jiangsu were all near or larger than 86,000. In addition, ozone pollution in Hubei was also serious, with an annual MDA8 exceedance larger than 40,000. In terms of the spatial distribution of aggregation characteristics for the annual exceedance of these 14 provinces, the ozone pollution was mainly concentrated in the NCP. Consistent with the results of previous studies, emissions of ozone precursors (including VOCs and NOX) in the NCP are the highest in China, and consequently, the O3 pollution level in the NCP is higher than in other regions of China [22,47,64]. From the perspective of the interannual changes in various provinces, ozone pollution in most of the top 7 provinces with serious ozone pollution eased in the period 2019–2021, and it was consistent with the results shown in Figure 6 and Figure 7. In addition, the seven provinces with the least serious ozone pollution were Fujian, Shanghai, Jiangxi, Guangdong, Tianjin, and Beijing. Furthermore, the regions with better air quality (i.e., less ozone pollution) were mainly distributed in most parts of South China, the YRD, and parts of North China. Finally, compared with the annual exceedance of MDA8 in 2019, the value in 2020 was smaller in most provinces, and this indicated that the ozone pollution was eased by COVID-19 in early 2020 due to the reduction in the intensity of human activity.




4.5. Possible Impact of COVID-19 on the Estimated MDA8 in East China


To further understand the possible impact of COVID-19 on surface ozone concentration in China during the lockdown, the spatial variability of the relative difference in MDA8 in East China between 2020 (during the COVID-19 epidemic) and 2019 (one year before the COVID-19 epidemic) is revealed in Figure 10. Wuhan was the first city in China to be isolated due to COVID-19, and its lockdown period began on 23 January 2020. Following Wuhan, other cities went into lockdown by 29 January 2020, until 2 May 2020, when the national lockdown was lifted. The surface ozone concentration in most parts of East China decreased in 2020 compared to 2019. In contrast, there were fewer regions with increased ozone concentration during 2019–2020, mainly concentrated in the eastern coastal areas of Jiangsu, Shanghai, Zhejiang, and Fujian.



In terms of the magnitude of the ozone concentration reduction in East China, the ozone concentration in the Middle and Lower of Yangtze Plain (MLYP) had the largest reduction, of 6–10%, and the spatial scope of ozone concentration declining in the region was also the widest. In addition to the MLYP, the PRD was the other region with the largest reduction in ozone concentration, with a 4–10% reduction in 2020 compared to 2019. Following the MLYP and the PRD, the NCP is another region with a large reduction in ozone concentration, with ozone pollution levels in 2020 decreasing by 2–8% compared to 2019, and it is also the region with the widest spatial coverage of ozone pollution reduction in East China. This is probably due to the NCP, the MLYP, and the PRD being close to Wuhan, the center of the COVID-19 epidemic, and in these regions, the degree of resumption of work and production was low and far from the fully recovered level before the epidemic. Previous studies have shown that during the COVID-19 epidemic, HCHO (VOCs) and NOx emissions decreased in North China, which may have led to the reduction in ozone content in the NCP and its surrounding areas [65,66].



On the other hand, the ozone concentration in 2020 in eastern coastal areas of Jiangsu, Shanghai, Zhejiang, and Fujian increased by 1–8% compared to 2019 during the lockdown period. These regions are dominated by export-oriented economies. Additionally, the personal activities of residents decreased in 2020, but the activities of epidemic-prevention-related industries did not stop, they picked up and led to higher emissions. This is likely to be the reason why the ozone pollution in this area has increased compared to 2019, although it was affected by the COVID-19 epidemic between January and May 2020. In 2020, due to the COVID-19 epidemic, the foreign exports of the Yangtze River Delta increased and Ningbo Port experienced cargo ship congestion, which indirectly confirms the presence of foreign trade and production in the southeast coastal region [67].



In general, due to the impact of the COVID-19 epidemic and the implementation of the policy on the synergistic management of PM2.5 and O3 pollution in China, the average surface O3 concentration in East China from January to June 2020 decreased by 3.74% compared with the same period in 2019. The regions most affected by the COVID-19 epidemic were the NCP, the MLYP, and the PRD, and the ozone pollution level in these areas has been significantly reduced. The regions least affected by the COVID-19 epidemic were the eastern coastal areas of Jiangsu, Shanghai, Zhejiang, and Fujian, and the ozone pollution in these areas has been significantly increased by 1–8%.





5. Discussion


Most previous studies on large-scale surface ozone estimation utilized the deterministic model, and their validation R2 values were lower, with a range from 0.40 to 0.67 [6,16,21]. Additionally, the spatial resolution of the model estimation results was generally coarser than 0.1° × 0.1° [6,16,21]. In terms of the statistical model, the machine learning model was used to estimate the MDA8 of China; however, most of these studies focused on the ozone prediction of a single city or an urban belt [13,26,28,29,30,31,32,33,34,35], and the spatial distribution of these results is limited. For large-scale surface ozone estimation studies using the statistical model, the accuracy of the ozone estimation results is high [27,37,38]. However, the spatial resolution of surface ozone estimation results in most studies is 0.1° × 0.1° or coarser [39,40], and only a few studies estimated 0.05° × 0.05° surface ozone products [41,42]. Additionally, NO2 and HCHO observations with a high spatial resolution derived from S5P-TROPOMI (7 km × 3.5 km) are rarely used by existing surface ozone estimation studies [41,42]; therefore, it is necessary to use the high-spatial-resolution precursors’ data (S5P-TROPOMI NO2 and HCHO) to estimate large-scale surface ozone and obtain the surface ozone estimation results with higher accuracy, higher certainty, and higher spatial resolution.



In this study, daily HCHO and NO2 observations derived from S5P-TROPOMI (7 km × 3.5 km) were used to build the surface ozone estimation model. Subsequently, the XGBoost model was utilized to establish a surface ozone estimation model in East China during 2019–2021. The sample-based validation results indicated that the prediction accuracy of these four surface ozone estimation models is high, with the R2 values all larger than 0.92, while the site-based validation prediction R2 values of these models were all larger than 0.82. The prediction accuracy of surface ozone estimations in this study (sample-based R2: 0.92) is close to that of the coarser resolution (0.1° × 0.1°) results in previous studies. Subsequently, the daily 0.05° × 0.05° gridded MDA8 data over East China during 2019–2021 was estimated. In the future, long time-series nationwide daily 0.05° × 0.05° gridded MDA8 data estimation should be carried out based on deep learning methods to obtain surface ozone products with a longer time series, larger scale range, and higher accuracy.




6. Conclusions


In this study, NO2 and HCHO derived from S5P-TROPOMI (7 km × 3.5 km), meteorological data, CAMS NO2 and HCHO data, CAMS VOCs data, CAMS NOX emission inventory, MODIS NDVI data, DEM data, population density data, land use and land cover data, and in situ surface ozone observations from the national air quality monitoring networks in China between 2019 and 2020 were utilized to develop a large-scale surface ozone estimation model for East China. Subsequently, four XGBoost surface ozone estimation models in East China using different NO2 and HCHO datasets were established by combining NO2 and HCHO data from satellite monitoring (S5P-TROPOMI) and reanalysis data (CAMS). The site-based validation prediction accuracy of these four MDA8 estimation models was high, the R2 values of four models were all larger than 0.82, the RMSE values were all smaller than 17.73 µg m−3, the MPE values were smaller than 13.42 µg m−3, and the RPE values were smaller than 18.10%. In terms of the spatiotemporal coverage ratios of the four MDA8 estimation results, it revealed that the coverage ratio of the estimation results from the model using CAMS NO2 and CAMS HCHO was the highest (100%), while the coverage ratio of the estimation results from the model using S5P-TROPOMI NO2 and CAMS HCHO was the second highest, with a value of 96.26%.



Furthermore, the MDA8 estimation results of these two models were chosen and averaged as the final surface ozone estimation product, and daily 0.05° × 0.05° gridded MDA8 data over East China during 2019–2021 were estimated. This indicated that O3 pollution in East China during 2019–2021 was susceptible to anthropogenic precursors such as VOCs (22.55%) and NOX (8.97%), as well as meteorological factors (27.35%) such as wind direction, temperature, and wind speed. Subsequently, the spatial patterns of the MDA8 were revealed, and the spatiotemporal patterns of the ozone exceedance in East China in different years and different months were described and analyzed. It was revealed that ozone pollution in East China exhibits complex spatial and temporal variation characteristics. Ozone pollution in East China is mainly concentrated in the NCP, the PRD, and the YRD. Among these three regions, ozone pollution in the NCP mainly occurs in June (summer), ozone pollution in the YRD mainly occurs in May (late spring), and ozone pollution in the PRD mainly occurs in April (spring) and September (autumn). In addition, nationwide ozone pollution in 2020 was reduced by 3.74% due to the impact of the COVID-19 epidemic. The regions affected the most by the COVID-19 epidemic were the NCP (−2~−8%), the Middle and Lower of Yangtze Plain (−6~−10%), and the PRD (−4~−10%). Overall, the results showed that VOCs were the most important influencing factor on surface ozone, and NOx was the second most important contributing factor in East China, which reflected the urgency and importance of VOCs and NOx emission reductions in East China. Thus, the implementation of VOCs and NOX emission reductions in East China will help to significantly reduce O3 pollution levels and control O3 pollution in this region. This provides a reference for the control of O3 pollution and ensures the sustainable development of the environment in East China. At the same time, the control of O3 pollution supports the protection of human health and the sustainability of citizens’ lives in East China. Moreover, the control of O3 pollution helps to protect the ecosystems and crop yields and also provides a guarantee for the sustainability of food security in the region.
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Figure 1. Spatial distribution of averaged daily MDA8 at 447 ground-based sites in East China during 2019–2021. The specific location of each province, the NCP, the YRD, and the PRD, are labeled on the map. 
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Figure 2. The flowchart of this work. 
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Figure 3. Density scatterplots of sample-based validation results of four surface ozone estimation models. Sample-based validation results between observed and estimated surface O3 using S5P-TROPOMI NO2 and S5P-TROPOMI HCHO are shown in (a), while (b) denotes results for model-estimated surface O3 using S5P-TROPOMI NO2 and CAMS HCHO; (c) indicates the validation results of estimated O3 using CAMS NO2 and S5P-TROPOMI HCHO, while (d) denotes results for model-estimated surface O3 using CAMS NO2 and CAMS HCHO. 
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Figure 4. Site-based validation results of four surface ozone estimation models (a–d). Site-based validation results between observed and estimated surface O3 using S5P-TROPOMI NO2 and S5P-TROPOMI HCHO are shown in (a), while (b) denotes results for model-estimated surface O3 using S5P-TROPOMI NO2 and CAMS HCHO; (c) indicates the validation results of estimated O3 using CAMS NO2 and S5P-TROPOMI HCHO, while (d) denotes results for model-estimated surface O3 using CAMS NO2 and CAMS HCHO. 
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Figure 5. The relative importance of each explanatory variable of the four surface O3 XGBoost estimation models. In this figure, VOCs represent six kinds of Volatile Organic Compounds, including hydrogen peroxide, isoprene, peroxyacetyl nitrate, hydroxyl radicals, methane, and propane. 
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Figure 6. Spatial distribution of yearly and seasonally averaged estimated MDA8 over East China. 
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Figure 7. The annual accumulated exceedance counts of estimated MDA8 for each pixel over East China during 2019 and 2021. The exceedance was counted once when the MDA8 value of a specific pixel in one day was larger than 160 µg m−3. 
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Figure 8. The annual spatial distribution of the month with the largest exceedance in each pixel of East China from 2019 to 2021. 
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Figure 9. The annual exceedance ratio of ozone pollution in each month and the accumulative exceedance of ozone pollution in each province of East China during 2019–2021. The annual exceedance ratio of ozone pollution in each month during 2019–2021 of East China is shown in (a), while (b) denotes results for the accumulative exceedance of ozone pollution in each province of East China during 2019–2021. 
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Figure 10. The spatial distribution of MDA8 relative difference between 2020 and 2019. 
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