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Ground-received solar radiation is affected by several meteorological and air pollution factors. Previous studies have mainly focused on the effects of meteorological factors on solar radiation, but research on the influence of air pollutants is limited. Therefore, this study aimed to analyse the effects of air pollution characteristics on solar radiation. Meteorological data, air quality index (AQI) data, and data on the concentrations of six air pollutants (O3, CO, SO2, PM10, PM2.5, and NO2) in nine cities in China were considered for analysis. A city model (model-C) based on the data of each city and a unified model (model-U) based on national data were established, and the key pollutants under these conditions were identified. Correlation analysis was performed between each pollutant and the daily global solar radiation. The correlation between O3 and daily global solar radiation was the highest (r = 0.575), while that between SO2 and daily global solar radiation was the lowest. Further, AQI and solar radiation were negatively correlated, while some pollution components (e.g., O3) were positively correlated with the daily global solar radiation. Different key pollutants affected the solar radiation in each city. In Shenyang and Guangzhou, the driving effect of particles on the daily global solar radiation was stronger than that of pollutants. However, there were no key pollutants that affect solar radiation in Shanghai. Furthermore, the prediction performance of model-U was not as good as that of model-C. The model-U showed a good performance for Urumqi (R2 = 0.803), while the difference between the two models was not particularly significant in other areas. This study provides significant insights to improve the accuracy of regional solar radiation prediction and fill the gap regarding the absence of long-term solar radiation monitoring data in some areas.
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INTRODUCTION

Solar radiation is one of the main energy sources of the Earth–atmosphere system and drives atmospheric motion (1). In recent decades, the solar radiation trends in most regions worldwide have been decreasing. For instance, in the 1990's, a global dimming phenomenon, which was more evident in large cities, was observed (2–4). The reduction in solar radiation caused by global dimming can change the climate and reduce the surface temperature of Earth (5, 6). Long-term and accurate assessments of the amount of solar radiation reaching the Earth's surface is important for determining the energy budget of the Earth–atmosphere system, and to study climate change, evaluate solar radiation patterns, and develop and utilize solar energy resources (7–9). And high concentration of particulate matters in air reduced the amount of solar radiation that can reach the earth (10, 11). Appropriate lighting is also conducive to creating a more liveable urban environment and encouraging more citizens to participate in outdoor activities, such as outdoor walking (12).

The regional estimation of solar radiation has shifted from measurements using expensive and highly maintained instruments to model calculations (13, 14). Various empirical models, for example, sunshine-based models (15–18) and temperature-based models (19–21) are commonly used due to their simple operation and low computational costs (22–26). Angstrom (27) and Prescott (28) first proposed a simple solar radiation calculation model using average clear-sky daily global radiation data and the sunshine duration of the selected study area. Many subsequent studies further added expressions (e.g., quadratic, cubic, square root, logarithm, exponent, and idempotent) to the Angström–Prescott model (16, 22).

Further, various meteorological factors, such as precipitation and relative humidity, have been applied to improve the model accuracy (29–33). In addition to empirical models, machine learning models have been used for global solar radiation prediction to address non-linear and multidimensional relationships between solar radiation and meteorological factors in noisy environments (34–38). Fan et al. (39) indicated that by using vapor pressure deficit and relatively humidity, daily global solar radiation could be estimated more accurately in South China, which experiences a humid subtropical or tropical climate. Zhang et al. (31) reviewed and compared multiple models in terms of time scale and estimation type, and proved that sunshine-based and artificial neural network models exhibited similar performances in estimating monthly average and daily global radiation. The advantage of regression model is that the understanding and interpretation of the model are very intuitive. Artificial neural network model belongs to black box, which is difficult to understand the internal mechanism.

With expanding industrialization and the increasing proliferation of cars, especially in developing countries, the existing issue of air pollution is bound to further aggravate. Some researchers began to consider the impact of air pollution on solar radiation. Air pollution can change the amount of total solar radiation reaching the ground surface (40). Further, suspended particles capable of scattering and absorbing radiation can weaken the ground solar radiation. Elminir (41) concluded that air pollution reduced the total ground radiation in Egypt by 9.3–22% under clear sky conditions. Moreover, Fu and Dan (42) reported that an increased atmospheric aerosol concentration significantly affected the number of sunshine hours and the proportion of scattered radiation. Therefore, considering the impact of air pollution when estimating solar radiation estimation is important. Considering the impact of air pollution, the previous empirical solar radiation model may be difficult to meet the needs of solar energy utilization. Some researchers have studied the impacts of air pollution index (API) or air quality index (AQI) on solar radiation prediction (43–45). Furlan et al. (46) introduced a new regression model that considered the effects of air pollution and cloud cover on hourly diffuse solar radiation data. Their results showed that their model performed better than previously developed models. Further, Janjai et al. (47) proposed a semi-empirical model to estimate clear sky global and direct normal solar irradiances in Thailand. The model included physical parameters, such as aerosol optical properties and perceptible water, and performed better than previous empirical models. The validation of solar radiation data acquired from several cities showed that the new daily diffuse solar radiation (NDDSR) model and its modified version were applicable to various regions. Zhao et al. (48) and Suthar et al. (49) established linear, exponential, and logarithmic empirical models using data from China and India, and their results showed that inclusion of air pollution can improve the prediction accuracy of models. Moreover, Yao et al. (50) developed a new method using AQI and solar radiation data of 55 years measured in Beijing to modify the existing NDDSR model.

Although many studies have explored the impacts of air pollution on solar radiation, most focused only on the impact of AQI on solar radiation, and neglected the regional differences in the impacts of different pollutants on solar radiation. Presently, air quality monitoring mainly assesses the mass concentrations of PM2.5, PM10, NO2, SO2, CO, and O3 (9, 51–53). The standardization of urban air quality monitoring procedures can facilitate the use of measured data on different pollutants and the corresponding solar radiation for further analysis.

As few studies have analyzed the impact of air pollutants on solar radiation estimation, the present study filled this research gap. This study aimed to analyse the correlation characteristics between air pollution and daily global solar radiation. Data on various meteorological factors, AQI, and six air pollutants (O3, CO, SO2, PM10, PM2.5, and NO2) were considered from nine Chinese cities from 2015 to 2020. Further, the influence mechanism of air pollutants on daily global solar radiation was analyzed using stepwise regression. Moreover, a unified model (model-U) based on national data and city model (model-C) based on the data of each city were obtained through regression analysis, and the key pollutants that significantly affected solar radiation were identified. In particular, this study aimed: (1) to explore the correlation between different meteorological parameters, air pollution parameters, and solar radiation; (2) to establish a solar radiation model to analyse the influencing characteristics of pollutant parameters on solar radiation in each city; (3) to propose a sunshine pollution model-U with universal applicability in China and compare its performance with model-C; and (4) to extract the key pollutants for model-U and each model-C. The characteristics of the impact of pollutants on solar radiation in different cities were revealed and regional solar radiation prediction strategies were formulated.



MATERIALS AND METHODS


Study Area

The study area included the following nine Chinese cities: Urumqi, Lanzhou, Shenyang, Beijing, Chengdu, Kunming, Wuhan, Shanghai, and Guangzhou, with varying geographical locations (Urumqi and Lanzhou–northwest, Shenyang and Beijing–northeast, Guangzhou–southeast coast, Chengdu and Kunming–southwest, Wuhan–central China, and Shanghai–eastern coast) (Figure 1). Further, Shanghai, Guangzhou, Wuhan, Kunming, and Chengdu experience a subtropical monsoon climate, Beijing experiences a temperate monsoon climate, Shenyang experiences a temperate semi humid continental climate, and Urumqi and Lanzhou experience a temperate continental climate. Lanzhou and Shanghai have the highest (1,874.4 m) and lowest altitude (5.5 m), respectively. Further, the annual average temperature of Harbin, Urumqi, Lanzhou, and Shenyang is relatively low. The lowest annual average relative humidity is observed in Beijing (51.14%). Moreover, the annual average sunshine hours are the lowest in Chengdu (2.86 h), while Guangzhou has the highest annual average precipitation.


[image: Figure 1]
FIGURE 1. The geographic location of the study area.


The selected nine cities suffer from air pollution, particularly with high concentrations of inhalable particulate matter and haze. In Urumqi and Beijing, the annual average AQI is 96.59 and 87.33, respectively. The API in Kunming and Guangzhou is generally low, while the annual average AQI is 54.83 and 54.09, respectively. Urumqi has the highest levels of inhalable particulate matter and NO2 among the nine cities, while Shenyang has the highest SO2 concentration. Further, the O3 concentration is the highest in Lanzhou, while the CO concentration in all cities is similar. Different pollution sources cause differences in the pollutant characteristics in different cities.

In terms of solar radiation, the average annual total solar radiation in Urumqi is the highest (6,123 MJ/m2). However, due to a higher proportion of rain and fog and less sunny days, the average annual total solar radiation in Chengdu is only 3,854 MJ/m2.



Data Sources

Meteorological data, including daily observation values of average relative humidity (%), daily maximum temperature (°C), minimum temperature (°C), sunshine duration (h), and precipitation (mm), were acquired from the National Meteorological Information Center (http://data.cma.cn/). The acquired real time data were quality controlled and the availability of all elements exceeded 99.9%, with the percentage of correct data being 100%.

Solar radiation data were acquired from the National Meteorological Information Center. The dataset was mainly developed based on the HYBRID/MLWT2 model. Compared with the measured value, the average error of the product was −0.1 W/m2, relative error was −0.04%, and correlation coefficient was 0.98 (http://data.cma.cn/Market/Detail/code/RADI_CHN_MUL_HOR/type/0.html).

The air quality data (comprising all compositional information) were obtained from the national urban air quality real-time release platform of China Environmental Monitoring Station. The dataset provides data on AQI and six air pollutants (PM2.5, PM10, SO2, NO2, CO, and O3; http://www.cnemc.cn/).

According to previous studies (27, 28), actual daily sunshine hours n, daily potential sunshine hours N, daily extra-terrestrial solar radiation Q0, daily minimum temperature Tmin, relative humidity Rh, and maximum temperature Tmax are typically the most influential input parameters to predict global solar radiation. Sunshine rate is the ratio of the actual daily sunshine hours and the daily potential sunshine hours. In addition to the daily maximum and minimum temperatures, some researchers used daily temperature difference ΔT or the logarithm of temperature difference ln(ΔT) in their empirical equations (29, 54, 55). Wind and urban heat island effect are also one of the influencing factors of air pollution accumulation and photochemical reaction. Wind can affect the density and spatial distribution of air pollutants, and also affects the speed of photochemical reaction (12, 56, 57). Due to the existence of ground buildings, the wind also changes greatly in a small size range. It is difficult for traditional weather stations to achieve the required measurement density (58).

In this study, 14 initial independent variables were selected, including one radiation variable (daily extra-terrestrial solar radiation Q0), seven pollution factors (AQI, O3, CO, SO2, PM10, PM2.5, and NO2), and six meteorological variables [ratio of the daily actual sunshine hours and the daily potential sunshine hours, relative humidity Rh, daily minimum temperature Tmin, daily maximum temperature Tmax, daily temperature difference ΔT, and logarithm of temperature difference ln(ΔT)]. Four different temperature representation methods were selected to determine the most suitable representation method for the model.

Further, the daily average values of all air pollution data from 2015 to 2020 were calculated and associated with the acquired meteorological data and daily global solar radiation data. Incomplete datasets were deleted; additionally, to exclude the influence of thick cloud cover, only zero precipitation data were selected. The final data volume of each city was as follows: Urumqi−1,340 groups, Lanzhou−1,577 groups, Shenyang−1,603 groups, Beijing−1,599 groups, Chengdu−1,173 groups, Kunming−1,356 groups, Wuhan−1,077 groups (without 2018 data), Shanghai−1,226 groups, and Guangzhou−1,169 groups. Differences in the amount of data could affect the model accuracy.



Methods

Figure 2 presents the method for analyzing the driving effect of air pollution on solar radiation. Pearson's correlation was applied to determine the relation between daily global solar radiation and the air pollution parameters. Further, linear regression analysis was used to investigate the driving influence of air pollution factors on daily global solar radiation and determine the key pollutants that have strong effects on daily global solar radiation. Nine city models (model-C) based on the data of each city and a unified model (model-U) based on national data using comprehensive city data were established using stepwise regression analysis. The comparative analysis of model-C and model-U was conducted to discuss the regional differences in the impact of air pollution on solar radiation.


[image: Figure 2]
FIGURE 2. Structure and technical framework of the study.



Stepwise Regression Analysis Model

The prediction model was established using stepwise regression, which introduced the variables that affect daily global solar radiation step-by-step, determined the variables most significantly affecting daily global solar radiation each time, tested the existing variables in the equation, and eliminated the variables determined to be insignificant. Finally, neither new variables were introduced nor were old variables deleted. The calculation formula is:

[image: image]

where Xi is the independent variable affecting solar radiation and Y is the dependent variable. The F-test statistic value of the corresponding regression coefficient of Xi is calculated as given below, and recorded as [image: image], with the maximum value given as [image: image].
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At a significance level α, the corresponding critical value was recorded as [image: image], [image: image]; subsequently, Xi2 was introduced into the regression model and I1 was added to index set.

This method was repeated, and an independent variable that had not been introduced into the regression model was selected each time until no variable was left to be introduced.



Model Assessment and Statistical Error Analysis

Coefficient of determination (R2), root mean square error (RMSE), mean absolute error (MAE) and mean deviation error (MBE) were used to evaluate the accuracy and performance of the models. To compare model performance, Lin's Concordance Correlation Coefficient (LCCC) (59) were used, which were calculated as follows:

[image: image]

where xi and yi are the measured and predicted daily global solar radiation; [image: image] and [image: image] are the means for xi and yi;and [image: image] and [image: image] are the corresponding variances and,
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According to Zhao et al. (60), LCCC = 1 indicates perfect agreement. LCCC larger than 0.9 means excellent agreement, and the value ranging from 0.80 to 0.90 shows good agreement. The moderate agreement is achieved when LCCC values are between 0.65 and 0.80, while the values <0.65 mean poor agreement.





RESULTS


Comparative Analysis of Air Pollution and Solar Radiation

Figure 3 shows the daily global solar radiation and pollutant parameters of the selected nine cities from 2015 to 2020. The daily global solar radiation showed evident periodicity, with low and high values observed in winter and summer, respectively. The pollutant concentrations in Urumqi, Shenyang, Beijing, and Wuhan changed periodically, which was not evident in other cities. The AQI levels of Urumqi and Beijing were initially high in 2015 and 2016, and then decreased. In Lanzhou, Kunming, and Guangzhou, the AQI levels in 2018 were higher than those in other years. Moreover, in Shenyang and Shanghai, AQI levels did not have considerable yearly variations, and no evident fluctuations were observed. The variations in the AQI level in each city may be related to the industrial development and population density of each city. Furthermore, AQI level as well as CO, NO2, SO2, PM10, and PM2.5 were negatively correlated with daily total solar radiation. Contrastingly, O3 showed a significant periodic change, similar to the daily total solar radiation. This indicated that the influence of various pollutants and comprehensive AQI on global daily solar radiation was not consistent.


[image: Figure 3]
FIGURE 3. Daily global solar radiation and pollution parameters from 2015 to 2020 in nine cities (Wuhan lacks 2018 data).




Analysis of the Influence of Air Pollution on Solar Radiation
 
Correlation Analysis Between Solar Radiation and Air Pollution

Figure 4 shows the correlation coefficients between daily global solar radiation and air pollution in the nine cities during 2015–2020. The correlation between any single pollutant and daily global solar radiation differed. O3 and daily global solar radiation showed the highest correlation (r = 0.575), while the correlation between SO2 and daily global solar radiation was the lowest. AQI, CO, NO2, PM10, and PM2.5 were negatively correlated with daily global solar radiation. Further, the correlation coefficients between various pollution parameters and daily global solar radiation showed spatial heterogeneity. SO2 showed a negative correlation in all areas, except Kunming, and O3 showed a positive correlation with daily global solar radiation in all nine cities. Except for O3, the correlation of all other pollutants with daily global solar radiation was significantly weaker in Kunming than that in other areas. This could be attributed to the climatic conditions of Kunming, which facilitates the diffusion of pollutants. In addition, the air quality in this city was excellent due to long-term uniform precipitation. In 2020, the annual rate of air quality in Kunming was 100%. Moreover, the number of excellent days was 203 and the number of good days was 163.


[image: Figure 4]
FIGURE 4. Correlation coefficients between air pollution parameters and daily global solar radiation in the nine cities from 2015 to 2020.




Influence of Air Pollution on Daily Global Solar Radiation and the Selection of Key Pollutants

Table 1 shows the regression analysis results of the selected factors for the model to explain daily global solar radiation. Based on the regression analysis results, the pollution factors with a strong effect on daily global solar radiation were labeled as key pollutants for further investigation. Subsequently, daily extra-terrestrial solar radiation Q0 and sunshine rate were the most important factors affecting solar radiation, and were always selected as the top two elements of model-U and model-C. Among these, Q0 was related to the local latitude, while the sunshine rate represented local sunshine conditions. In addition to the above two factors, temperature contributed the most to the model in Beijing, Wuhan, Shanghai, and Guangzhou. During the selection of modeling elements, four temperature types were provided. According to the regression analysis results, model-U contained nine variables, and their order of contribution was Q0, the ratio of the daily actual sunshine hours and the daily potential sunshine hours, Rh, Tmin, Tmax, O3, NO2, and SO2. Further, the results showed that Tmin had the greatest contribution to model-U in the four temperature representations, while ln(ΔT) and ΔT had lower contributions. Tmax and Tmin combined contributed more to the model than ln(ΔT) alone; additionally, Tmin had the highest impact on the solar radiation, and approximately half of the total sites in model-C showed the same results.


Table 1. Elements of the city models and ranking of their contributions.

[image: Table 1]

Nine city models (model-C) included relative humidity, and based on the analysis of the contribution of meteorological factors to the model, the effects of relative humidity and temperature were equivalent. Urumqi model-C did not include relative humidity, possibly because Urumqi is at the center of the Eurasian continent and experiences a temperate continental arid climate. As can be seen from Table 1, in Urumqi and Lanzhou, Q0 and sunshine rate rank first, followed by NO2 and O3. In Urumqi, NO2 ranks third in the impact on solar radiation, and O3 ranks third in Lanzhou. The pollution elements selected for model-U were NO2, SO2, and O3, which indicated that there were common air pollutants that affected solar radiation in different cities in China. However, because of dissimilar composition of air pollutants in each city, the selected pollutants in model-C for each city were not the same as model-U. To be specific, five city models included NO2, four city models included SO2, while four city models included O3. In Shenyang and Guangzhou, driving effect of particulate matter (PM10 and PM2, 5) on the daily global solar radiation was stronger than gas molecules. However, none of the pollution elements in model-C of Shanghai, which differed from the results of other research areas studied previously. This phenomenon may indicate that meteorological factors have a greater impact on solar radiation than pollution factors in Shanghai.



City Models (Model-C)

Figure 5 shows the scatter plots of the predicted and measured daily global solar radiation of model-C for each city. The regression results showed that model-C performed well in terms of R2, RMSE, MAE, and MBE. The restrictive effect of regional pollution factors on solar radiation cannot be ignored. The R2 of model-C indicated a good fit, suggesting that the solar radiation models based on regional differences can accurately reveal the spatial differences in air pollution. The R2 value of model-C in Kunming was the lowest (0.824), while that of Urumqi was the highest (0.963), followed by that of Lanzhou (0.914). The R2 values of the models of other cities ranged between 0.8 and 0.9, indicating that solar radiation of each urban model could be well-explained by the independent variables. Further, the RMSE value of the Shenyang model was the highest (3.055), while that of the Urumqi model was the lowest (1.961). The model RMSE values of other cities ranged mostly between 2 and 3. RMSE initially involves the addition of all errors, which are then squared; therefore, it enlarges the gap between larger errors. MAE can better reflect the actual situation of the predicted value errors. The highest MAE value was observed in Shenyang (2.076), while Guangzhou showed the lowest MAE value (1.481). Further, the mean deviation error of each model-C was low, with that of the Lanzhou model-C being negative, indicating that the predicted value was slightly greater than the measured value. The MBE values of other cities were negative, indicating that the predicted values were lower than the measured values.


[image: Figure 5]
FIGURE 5. Scatter plot of predicted values and measured values of model-C.




Unified Models (Model-U)

The factors affecting solar radiation as identified by model-U were selected as key pollutants to further simulate and predict solar radiation. Figure 6 shows the scatter plots of the predicted and measured values of model-U for each city. The performance of model-U was the worst in Kunming (R2 = 0.735), and the best in Lanzhou (R2 = 0.893). The MBE value of most cities was more than 0, implying that the predicted value was generally less than the measured value, while an MBE value of <0 implied that the predicted value was generally more than the measured value. In general, model-U did not evidently show an overestimation or underestimation tendency. Furthermore, the RMSE (4.928), MAE (3.622), and MBE (1.142) values of Urumqi were the highest among the nine stations. The predicted values of the Urumqi models were underestimated during high solar radiation. In Shenyang, few predicted values were <0, which was inconsistent with the actual scenario. This could be possibly because model-U included maximum and minimum temperatures. When the maximum temperature in winter was <0, the predicted values were negative. In most cities, higher solar radiation values resulted in a better convergence of the scatter plot. However, this does not indicate that a higher actual solar radiation increases the model-U performance. Because model-U considers that precipitation is completely absent, seasons with more rainfall provided less data, which may have also affected the model prediction accuracy. In the future, the issue of low model prediction accuracy during high solar radiation in Urumqi should be addressed to further increase the prediction accuracy of model-U; additionally, negative prediction values in cold winter areas should be addressed, and strategies to improve the model-U accuracy during low solar radiation should be considered.


[image: Figure 6]
FIGURE 6. Scatter plot of predicted values and measured values of model-U.




Comparison and Prediction Analysis of Solar Radiation Models

The comparison results of the statistical values of model-U and model-C are shown in Figure 7. The corresponding R2 values indicated that the prediction performance of model-U in all cities was worse than that of model-C. Further, the model-U prediction performance was not as good as that for the optimal model of each city, and the difference between the performances of the two models was the greatest in Urumqi. Similarly, the LCCC values of the two models differ the most in Urumqi, with model-U being 0.847 and model C being 0.980. The LCCC difference between the two models in Shenyang is the smallest, which is 0.905 and 0.910. In general, except Urumqi, the difference between the two models was not significant in other cities. Additionally, the Urumqi model-U showed a good performance (R2 = 0.803).


[image: Figure 7]
FIGURE 7. Comparison of R2 and LCCC values between the two models.






DISCUSSION


Influence of Air Pollution on Solar Radiation

Air pollution particles can reduce atmospheric transparency and affect the total solar radiation reaching the ground by reflecting and absorbing solar radiation. After the pollutants in the atmosphere absorb the energy of solar radiation, photochemical reactions may occur to produce toxic substances. Most previous studies analyzed the influence mechanism of AQI on solar radiation. However, this cannot completely reveal the influence mechanism of air pollutants on solar radiation. Therefore, in this study, AQI and six pollutants (PM2.5, PM10, SO2, NO2, CO, and O3) were considered for mechanism and prediction analyses; subsequently, the mechanism analysis based on pollutants was verified. The comprehensive evaluation index AQI was negatively correlated with solar radiation, while some pollution components (such as O3) were positively correlated with the daily total solar radiation. This explains the need and rationality of determining the driving mechanism of atmospheric pollutants on solar radiation in a study area. By adjusting the concentration of various air pollutants, the response mechanism on solar radiation can be realized and the dimming phenomenon in cities can be improved. Further, strategies to assess the impacts of air pollution on solar radiation can be changed from using a conventional comprehensive evaluation index to a comprehensive evaluation method using data on the influence of pollutants on solar radiation. Further, the list of key pollutants is conducive to targeted intervention on air pollutants and can enhance the obtained solar radiation data. In this study, key pollutants were defined as the pollution variables selected for the models during stepwise regression analysis. These pollutants represented the pollution factors that had a strong driving effect on solar radiation in the models. In model-C, the key pollutants evidently differed, and the proportion and types of pollutants in each city model differed. NO2 was a key pollutant in five cities, while CO was a key pollutant in only two cities, thus indicating that that the driving effect of NO2 was stronger than that of CO in most study areas. The differences in the pollution factors may be caused by the industrial characteristics of cities; however, as various factors affect the daily global solar radiation and the origins of pollutants are complex, further assessments are required. The nine cities selected in this study are almost evenly distributed in China, including four climatic regions. Although evident regional differences were observed in the key pollutants in model-C, some overall similarities were also observed. The key pollutants in model-U were O3, NO2, and SO2, indicating that these were common pollutants affecting the solar radiation in the selected cities. By controlling the emission of key pollutants, the dimming effect in cities can be reduced, which in turn can increase the total solar radiation.



Prediction Performance of Solar Radiation Models

Based on the R2, RMSE, MAE, and MBE values of the two models, model-C showed better performance. Local climate and pollution elements were used in model-C, which provided a basis for accurate solar radiation prediction. Model-U used the data on all cities, and showed a similar prediction performance for all nine cities, but the prediction accuracy of each city was worse than that of model-C. Both models showed good prediction performance for solar radiation, with an R2 value exceeding 0.8. In Urumqi, the difference between the two models was relatively significant, while marginal differences were observed for other cities. This could be possibly because model-U included relative humidity, which was not considered in the Urumqi model-C, thereby causing deviations in the prediction results. This indicates that the accuracy of model-U in arid areas needs to be further verified.

Due to varied industry types and population densities in different cities and different air pollutants in different regions, the driving mechanism of daily global solar radiation differed. Model-C was observed to provide a better prediction accurately using the regional pollution characteristics and the impact of key pollutants on solar radiation than only using meteorological factors. Simultaneously, controlling the emission of key pollutants can allow the coordinated development of air quality and solar energy resource utilization during urbanization. Although the model-U performance was not as good as that of model-C, it still showed high prediction accuracy. Model-U can be applied in areas lacking long-term solar radiation monitoring data in China to obtain relatively accurate prediction data.



Limitations and Future Work

This study has some limitations. First, problems in data acquisition limited the regional coverage of the study. Some areas, such as plateau areas, were not included in the study. In addition, factors such as topography, wind and climate may affect pollutant diffusion in the stratosphere, thus adding more uncertainty and complexity to the regional solar radiation prediction and photochemical reaction. This highlights the need to consider the impact of the lag effect of air pollution on solar radiation. Second, due to the coupling effect of many factors, comprehensively analyzing the driving effect of various pollutants on solar radiation is difficult. Thus, the driving mechanism of individual pollutants should be further studied. The analysis results of driving mechanism indicated that several problems need to be resolved to alleviate the negative impacts of air pollution on solar radiation. Despite these limitations, this study effectively evaluated the correlation between different air pollutants and solar radiation, and identified key pollutants that have a strong impact on solar radiation in each study area; additionally, key pollutants suitable for the national prediction model were shortlisted, which also can be used as a reference for other regions.




CONCLUSION

Many studies have indicated that the impact of air pollution on solar radiation cannot be neglected. Previous studies mostly analyzed the impact of AQI on solar radiation through a general perspective of air pollution; however, they ignored the differences in the impacts of different pollutants (PM2.5, PM10, NO2, SO2, CO, and O3) on solar radiation. Because direct accurate measurement of solar radiation data is difficult, solar radiation prediction models are gaining increasing importance. Understanding the differences in the impacts of pollutants on solar radiation is significant to improve the model prediction accuracy and formulate effective pollution control policies. In this study, Pearson's correlation coefficient was used to analyse the correlation between different pollutant types and daily global solar radiation, while the influence mechanism of air pollutants on daily total solar radiation was analyzed using stepwise regression. Varying industrialization levels and climate conditions in different cities can result in different impacts of air pollutants on solar radiation in different regions. The key pollutants that influence solar radiation were identified by model-U and model-C. The accuracy of model-C was higher than that of model-U, but model-U is significant for areas lacking long-term solar radiation data. Further, the key pollutants reflect the regional heterogeneity of the impacts of air pollution on solar radiation, which can assist in improving the model accuracy, proposing more targeted pollution control countermeasures, and promoting the efficient utilization of solar energy resources.



DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. This data can be found at: China National Environmental Monitoring Center; http://www.cnemc.cn/, China National Meteorological Science Data Center; http://data.cma.cn/Market/Detail/code/RADI_CHN_MUL_HOR/type/0.html.



AUTHOR CONTRIBUTIONS

XZ: conceptualization, formal analysis, and writing—original draft. MZ: data curation and software. YC: formal analysis and visualization. YH: methodology and writing—review and editing. All authors contributed to the article and approved the submitted version.



FUNDING

This research project was sponsored by the National Natural Science Foundation of China (Grant no. 51878089).



REFERENCES

 1. Khatib T, Mohamed A, Sopian K. A review of solar energy modeling techniques. Renew Sustain Energy Rev. (2012) 16:2864–9. doi: 10.1016/j.rser.2012.01.064 

 2. Alpert P, Kishcha P, Kaufman YJ, Schwarzbard R. Global dimming or local dimming: effect of urbanization on sunlight availability. Geophys Res Lett. (2005) 2005:32. doi: 10.1029/2005GL023320 

 3. Wild M. Global dimming and brightening: A review. J Geophys Res Atmos. (2009) 114. doi: 10.1029/2008JD011470 

 4. Wild M. Enlightening global dimming and brightening. Bull Am Meteorol Soc. (2012) 93:27–37. doi: 10.1175/BAMS-D-11-00074.1 

 5. Ramanathan V, Vogelmann AM. Greenhouse effect, atmospheric solar absorption and the earth's radiation budget: from the Arrhenius-Langley Era to the 1990s. Ambio. (1997) 26:38. 

 6. Haverkort AJ, Uenk D, Veroude H, Waart MV. Relationships between ground cover, intercepted solar radiation, leaf area index and infrared reflectance of potato crops. Potato Res. (1991) 34:113– 21. doi: 10.1007/BF02358105 

 7. Jin XY, Cao L, Zhang JYE. of solar radiation modification on the ocean carbon cycle: an earth system modeling study. Atmos Ocean Sci Lett. (2022) 2022:100187. doi: 10.1016/j.aosl.2022.100187 

 8. Feinberg A. A re-radiation model for the earth's energy budget and the albedo advantage in global warming mitigation. Dyn Atmos Oceans. (2022) 97:101267. doi: 10.1016/j.dynatmoce.2021.101267 

 9. He Y, Zhang X, Quan L. Estimation of hourly average illuminance under clear sky conditions in Chongqing. PLoS ONE. (2020) 15:e0237971. doi: 10.1371/journal.pone.0237971

 10. Sun HW, Gui DW, Yan BW, Liu Y, Liao WH, Zhu Y, et al. the potential of random forest method for estimating solar radiation using air pollution index. Energy Conv Manag. (2016) 119:121–9. doi: 10.1016/j.enconman.2016.04.051 

 11. Zhang C, Shen C, Yang Q, Wei S, Lv G. An investigation on the attenuation effect of air pollution on regional solar radiation. Renew Energy. (2020) 161:570–8. doi: 10.1016/j.renene.2020.07.146 

 12. Ren JY, Yang J, Zhang YQ, Xiao XM, Xia JH, Wang L, et al. Exploring thermal comfort of urban buildings based on local climate zones. J Clean Prod. (2022) 340:130744. doi: 10.1016/j.jclepro.2022.130744 

 13. He Y, Zhang X, Quan L, Shi D, Zhang Y. Sky luminance distribution model based on the information method and ant colony system. Light Res Technol. (2022). doi: 10.1177/14771535211038292 

 14. Kor H. Global solar radiation prediction model with random forest algorithm. Thermal Sci. (2021) 25:31–9. doi: 10.2298/TSCI200608004K 

 15. Pandey CK, Katiyar AKA. comparative study to estimate daily diffuse solar radiation over India. Energy. (2009) 34:1792–6. doi: 10.1016/j.energy.2009.07.026 

 16. Bakirci K. Models of solar radiation with hours of bright sunshine: a review. Renew Sustain Energy Rev. (2009) 13:2580–8. doi: 10.1016/j.rser.2009.07.011 

 17. Jamil B, Siddiqui AT. Generalized models for estimation of diffuse solar radiation based on clearness index and sunshine duration in India: applicability under different climatic zones. J Atmos Sol-Terr Phys. (2017) 157:16–34. doi: 10.1016/j.jastp.2017.03.013 

 18. Bayrakçi HC, Demircan C, Keçebaş A. The development of empirical models for estimating global solar radiation on horizontal surface: a case study. Renew Sustain Energy Rev. (2017) 81:2771–82. doi: 10.1016/j.rser.2017.06.082 

 19. Liu X, Mei X, Wang LY, Jensen Q, Zhang JR, Porter Y, et al. Evaluation of temperature-based global solar radiation models in China. Agric For Meteorol. (2009) 1443–6. doi: 10.1016/j.agrformet.2009.03.012 

 20. Yacef R, Mellit A, Belaid S, Sen Z. New combined models for estimating daily global solar radiation from measured air temperature in semi-arid climates: application in Ghardaïa. Algeria Energy Convers Manag. (2014) 79:606–15. doi: 10.1016/j.enconman.2013.12.057 

 21. Hassan GE, Youssef ME, Mohamed ZE, Ali MA, Hanafy AA. New temperature-based models for predicting global solar radiation. Appl Energy. (2016) 179:437–50. doi: 10.1016/j.apenergy.2016.07.006 

 22. Besharat F, Dehghan AA, Faghih AR. Empirical models for estimating global solar radiation: a review and case study. Renew Sustain Energy Rev. (2013) 21:798–821. doi: 10.1016/j.rser.2012.12.043 

 23. Bakirci K. Models for the estimation of diffuse solar radiation for typical cities in Turkey. Energy. (2015) 82:827–38. doi: 10.1016/j.energy.2015.01.093 

 24. Fan J, Chen B, Wu L, Zhang F, Lu X, Xiang Y. Evaluation and development of temperature-based empirical models for estimating daily global solar radiation in humid regions. Energy. (2017) 144:903–14. doi: 10.1016/j.energy.2017.12.091 

 25. Jamil B, Akhtar N. Comparison of empirical models to estimate monthly mean diffuse solar radiation from measured data: case study for humid-subtropical climatic region of India. Renew Sustain Energy Rev. (2017) 77:1–1404. doi: 10.1016/j.rser.2017.02.057 

 26. Achour L, Bouharkat M, Assas O, Behar O. Hybrid model for estimating monthly global solar radiation for the Southern of Algeria: (Case study: Tamanrasset, Algeria). Energy. (2017) 135:526–39. doi: 10.1016/j.energy.2017.06.155 

 27. Angstrom A. Solar and terrestrial radiation. Report to the international commission for solar research on actinometric investigations of solar and atmospheric radiation. Q J R Meteorol Soc. (1924) 50:121–6. doi: 10.1002/qj.49705021008 

 28. Prescott JA. Evaporation from a water surface in relation to solar radiation. Trans R Soc South Aust. (1940) 64:114–8.

 29. Chen R, Ersi K, Yang J, Lu S, Zhao W. Validation of five global radiation models with measured daily data in China. Energy Convers Manage. (2004) 45:1759–69. doi: 10.1016/j.enconman.2003.09.019 

 30. Cao W, Shen SH. Estimation of daily solar radiation in China. J Nanjing Instit Meteorol. (2008) 31:587–91. doi: 10.1016/j.renene.2004.01.014 

 31. Zhang J, Zhao L, Deng S, Xu W, Zhang Y. A critical review of the models used to estimate solar radiation. Renew Sustain Energy Rev. (2017) 70:314–29. doi: 10.1016/j.rser.2016.11.124 

 32. Zhang Y, Cui N, Feng Y, Gong D, Hu X. Comparison of BP, PSOBP and statistical models for predicting daily global solar radiation in arid Northwest China. Comput Electron Agric. (2019) 164:104905. doi: 10.1016/j.compag.2019.104905 

 33. Ustun I, Karakus C, Yagli H. Empirical models for estimating the daily and monthly global solar radiation for Mediterranean and Central Anatolia region of Turkey. Int J Glob Warm. (2020) 20:249–75. doi: 10.1504/IJGW.2020.106597 

 34. Kisi O, Parmar KS. Application of least square support vector machine and multi-variate adaptive regression spline models in long term prediction of river water pollution. J Hydrol. (2016) 534:104–12. doi: 10.1016/j.jhydrol.2015.12.014 

 35. El Mghouchi Y, Chham E, Zemmouri EM, El Bouardi A. Assessment of different combinations of meteorological parameters for predicting daily global solar radiation using artificial neural networks. Build Environ. (2019) 149:607–22. doi: 10.1016/j.buildenv.2018.12.055 

 36. Zang HX, Cheng LL, Ding T, Cheung KW, Wang MM, Wei ZN, et al. Estimation and validation of daily global solar radiation by day of the year-based models for different climates in China. Renew Energy. (2019) 135:984–1003. doi: 10.1016/j.renene.2018.12.065 

 37. Liu Y, Zhou Y, Chen Y, Wang D, Wang Y, Zhu Y. Comparison of support vector machine and copula-based nonlinear quantile regression for estimating the daily diffuse solar radiation: a case study in China. Renew Energy. (2020) 146:1101–12. doi: 10.1016/j.renene.2019.07.053 

 38. Agbulut Ü, Gürel AE, Biçen Y. Prediction of daily global solar radiation using different machine learning algorithms: evaluation and comparison. Renew Sust Energ Rev. (2021) 135:110–4. doi: 10.1016/j.rser.2020.110114 

 39. Fan J, Wang X, Wu L, Zhang F, Bai H, Lu X, et al. New combined models for estimating daily global solar radiation based on sunshine duration in humid regions: a case study in South China. Energy Convers Manag. (2018) 156:618–25. doi: 10.1016/j.enconman.2017.11.085 

 40. Streets DG, Wu Y, Chin M. Two-decadal aerosol trends as a likely explanation of the global dimming/brightening transition. Geophys Res Lett. (2006) 33:2006GL026471. doi: 10.1029/2006GL026471 

 41. Elminir HKR. Relative influence of weather conditions and air pollutants on solar radiation Part 2: modification of solar radiation over urban and rural sites. Meteor Atmos Phys. (2007) 96:257–64. doi: 10.1007/s00703-006-0210-y 

 42. Fu CB, Dan L. Influence of intensified air pollution on the sunny diffuse radiation fraction in China. Chin Sci Bull. (2018) 63:2655–65. doi: 10.1360/N972018-00177 

 43. Wang Y, Yang Y, Zhao N, Liu C, Wang Q. The magnitude of the effect of air pollution on sunshine hours in China. J Geophys Res Atmos. (2012) 117:D00V14. doi: 10.1029/2011JD016753

 44. Khodakarami J, Ghobadi P. Urban pollution and solar radiation impacts. Renew Sustain Energy Rev. (2016) 57:965–76. doi: 10.1016/j.rser.2015.12.166 

 45. Yang X, Zhao C, Zhou L, Wang Y, Liu X. Distinct impact of different types of aerosols on surface solar radiation in China. J Geophys Res Atmos. (2016) 121:6459–71. doi: 10.1002/2016JD024938 

 46. Furlan C, Oliveira D, Soares AP, Codato J, Escobedo G. The role of clouds in improving the regression model for hourly values of diffuse solar radiation. Appl Energy. (2012) 92:240–54. doi: 10.1016/j.apenergy.2011.10.032 

 47. Janjai S, Sricharoen K, Pattarapanitchai S. Semi-empirical models for the estimation of clear sky solar global and direct normal irradiances in the tropics. Appl Energy. (2011) 88:4749–55. doi: 10.1016/j.apenergy.2011.06.021 

 48. Zhao N, Zeng X, Han S. Solar radiation estimation using sunshine hour and air pollution index in China. Energy Convers Manag. (2013) 76:846–51. doi: 10.1016/j.enconman.2013.08.037 

 49. Suthar M, Singh GK, Saini RP. Effects of air pollution for estimating global solar radiation in India. Int J Sustain Energy. (2017) 36:20–7. doi: 10.1080/14786451.2014.979348 

 50. Yao WX, Zhang CX, Wang X, Sheng JS, Zhu YB, Zhang SL. The research of new daily diffuse solar radiation models modified by air quality index (AQI) in the region with heavy fog and haze. Energy Conv Manag. (2017) 139:140–50. doi: 10.1016/j.enconman.2017.02.041 

 51. USEPA. Air Quality Index Reporting [EB/OL]. Washington, DC: USEPA (1999). 

 52. Kosovic IN, Mastelic T, Ivankovic D. Using Artificial Intelligence on environmental data from Internet of Things for estimating solar radiation: Comprehensive analysis. J Clean Prod. (2020) 266:121489. doi: 10.1016/j.jclepro.2020.121489 

 53. Department for environment food and rural affairs UK. Daily Air Quality Index [EB/OL]. London: Department for environment food and rural affairs (2012). 

 54. El-Sebaii AA, Al-Ghamdi AA, Al-Hazmi FS, Faidah AS. Estimation of global solar radiation on horizontal surfaces in Jeddah, Saudi Arabia. Energy Policy. (2009) 37:3645–9. doi: 10.1016/j.enpol.2009.04.038 

 55. Yang J, Wang YC, Xue B, Li YF, Xiao XM, Xia JH, et al. Contribution of urban ventilation to the thermal environment and urban energy demand: different climate background perspectives. Sci Tot Environ. (2021) 2021:795. doi: 10.1016/j.scitotenv.2021.148791

 56. He BJ, Ding L, Prasad D. Wind-sensitive urban planning and design: precinct ventilation performance and its potential for local warming mitigation in an open midrise gridiron precinct. J Build Eng. (2020) 29:101145. doi: 10.1016/j.jobe.2019.101145 

 57. Yang J, Ren JY, Sun DQ, Xiao XM, Xia JH, Jin C, et al. Understanding land surface temperature impact factors based on local climate zones. Sustain Cities Soc. (2021) 69:102818. doi: 10.1016/j.scs.2021.102818 

 58. He BJ, Ding L, Prasad D. Urban ventilation and its potential for local warming mitigation: a field experiment in an open low-rise gridiron precinct. Sustain Cities Soc. (2020) 55:102028. doi: 10.1016/j.scs.2020.102028 

 59. Lin L. A concordance correlation coefficient to evaluate reproducibility. Biometrics. (1989) 45:255–68. doi: 10.2307/2532051

 60. Zhao DX, Wang J, Zhao XY. John Triantafilis, Clay content mapping and uncertainty estimation using weighted model averaging. Catena. (2022) 209:105791. doi: 10.1016/j.catena.2021.105791 

Conflict of Interest: MZ was employed by Chongqing Real Estate Trading Centre, Chongqing, China.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Zhang, Zhang, Cui and He. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/inline_5.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Estimation of Daily Ground-Received Global Solar Radiation Using Air Pollutant Data



		Introduction



		Materials and Methods



		Study Area



		Data Sources



		Methods



		Stepwise Regression Analysis Model



		Model Assessment and Statistical Error Analysis













		Results



		Comparative Analysis of Air Pollution and Solar Radiation



		Analysis of the Influence of Air Pollution on Solar Radiation



		Correlation Analysis Between Solar Radiation and Air Pollution



		Influence of Air Pollution on Daily Global Solar Radiation and the Selection of Key Pollutants



		City Models (Model-C)



		Unified Models (Model-U)



		Comparison and Prediction Analysis of Solar Radiation Models













		Discussion



		Influence of Air Pollution on Solar Radiation



		Prediction Performance of Solar Radiation Models



		Limitations and Future Work







		Conclusion



		Data Availability Statement



		Author Contributions



		Funding



		References

















OPS/images/inline_4.gif
M > g
BNz p





OPS/images/inline_7.gif





OPS/images/inline_6.gif





OPS/images/inline_3.gif
o





OPS/images/inline_2.gif









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
& frontiers | Frontiers in Public Health





OPS/images/fpubh-10-860107-g005.gif





OPS/images/fpubh-10-860107-g006.gif





OPS/images/fpubh-10-860107-g003.gif





OPS/images/fpubh-10-860107-g004.gif
a0t
o,

o
o,

Urarai Lanshou Shenyang Beijng Chengda Kunning Wahan Shanghai Guangzhou
City





OPS/images/inline_1.gif
) (1)
BN B





OPS/images/fpubh-10-860107-g007.gif
10
o8
o6
04
02
00

12
10
08
Soe
04
02
00

Mol
Modec

Urumqi Lanzhou Shenyang Beijing - Chengdu Kunming Wuhan - ShanghaiGuangzhou

N
Mol

Uramai Lanzhow Shenyang Beijing  Chengdu Kunming Wuhan  Shanghai Guangzhou





OPS/images/fpubh-10-860107-t001.jpg
Rank
Urumgi Lanzhou  Shenyang

1 Q Sunshine rate Q

2 Sunshine rate Q Sunshine rate

3 NO, [N Ry

4 Tiw An In(AT)

5 S0, Trin Trvax

6 PMio SOz PMzs

7 AQl NOz PMio

8 In(AT)

9 Tonax

3

Beijing

Q
Sunshine rate
Trin
Ry
NO,
Timax
co
S0,
PMio
AQl

Model-C

Chengdu

Sunshine rate
Qo
AT
Rn
O3

Kunming

Wuhan

Sunshine rate  Sunshine rate

Fn
Q
In(AT)
co
PMzs.
O3

Qo

In(AT)

Rn
Tenin
O3
NO2

Shanghai

Qo
Sunshine rate
T
Rn

Guangzhou

Sunshine rate
Qo
In(aT)
Rn
PMio
AT

Model-U

Qo
Sunshine rate
Rn
Trin
Tmax
Os
NO2
SOz





OPS/images/cover.jpg
& frontiers | Frontiers in Public Health

Estimation of Daily Ground-Received
Global Solar Radiation Using Air
Pollutant Data





OPS/images/fpubh-10-860107-g001.gif





OPS/images/math_4.gif
=2 - D0 — P






OPS/images/fpubh-10-860107-g002.gif
Influence of air pollution on solar radiation

T

Pearson corrlation coefficient

Metcorological] ( Dty lobal | | (Sreencd polaion Polluion
parameters | | Solar radiation| 1 perameters parameters
T~
‘Stepwise regression method
i
Screening out key pollutants

!
I

Analysis of the driving influence and evaluate models






OPS/images/math_1.gif





OPS/images/inline_8.gif





OPS/images/math_3.gif
LCcC =

ol

+E-3)





OPS/images/math_2.gif





