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Abstract 

 

The increasing atmospheric aerosols from anthropogenic activities in North China are anticipated 

to change the proportion of direct and diffuse solar radiation in global solar radiation. These solar 

radiation variations can further influence the photosynthesis of the sunlit and shaded leaves, 

thereby affecting the terrestrial productivity. The goal of this research was to investigate the 

impact of aerosols on surface solar radiation and gross primary productivity (GPP) over cropland 

and grassland ecosystems in North China. Results suggest a significant (p < 0.05) increasing 

proportion of small-size anthropogenic aerosols from 2000 to 2016 and a significant (p < 0.01) 

increasing tendency of diffuse solar radiation but a significant (p < 0.01) decreasing tendency of 

direct solar radiation over the period of 1959-2016 in North China. Aerosols have contributed 

around 63% to the variations of diffuse solar radiation during 2000-2016. Besides, new empirical 

methods perform well in estimating direct solar radiation at monthly and daily level. By 

considering aerosols using the remote sensing-based aerosol optical depth (AOD), the estimation 

accuracy of diffuse solar radiation is significantly improved. The comparison of GPP under two 

aerosol scenarios suggests that the presence of aerosols has reduced GPP of the sunlit leaves due 

to the declined direct solar radiation but enhanced that of the shaded leaves on account of the 

increased diffuse solar radiation above and below the canopy over both ecosystems. The aerosol-

effect on GPP is more significant (p < 0.05) over cropland ecosystem given the more complex 

canopy structure during the peak period of the growing season. Besides, an AOD value of 0.3-

0.6 with a diffuse fraction (the fraction of diffuse solar radiation in global solar radiation) around 

30-40% can increase total GPP over cropland ecosystem.  

This study highlights the significant impact of aerosols on surface solar radiation and gross 

primary productivity of terrestrial ecosystem over the highly-polluted region. The new empirical 
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methods have improved the estimation accuracy of diffuse solar radiation at monthly and daily 

level. Meanwhile, the BEPS improved by the new empirical method can better model the 

terrestrial GPP over polluted regions.  
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Chapter 1 

Introduction 

1.1. Atmospheric Aerosols 

Aerosols refer to all the solid and liquid particles suspending in the atmosphere with an 

aerodynamic diameter ranging from 0.001 to 100μm. A large fraction of aerosols is natural in 

origin including desert dust, wildfire smoke, and sea salt, whereas an increasing proportion of 

aerosols is from anthropogenic activities, such as fossil fuel combustion, agriculture land 

cleaning, and transportation (Chin et al. 2016). Over the last three decades, the anthropogenic 

aerosol amount has decreased over North America and Europe but increased over East and South 

Asia due to the fast-economic development (Chin et al. 2016). In China, aerosols have 

dramatically increased over the mainland from 1961 to 1990 (Luo et al. 2001). High aerosol 

concentration has been observed over three regions: 1) Sichuan Basin (26°-34°N, 103°-112°E) 

dominated by SO2 and sulfate (Liu et al. 2016); 2) Taklimakan Desert (38°N, 82° E) by sand and 

dust (Che et al. 2013); and 3) North China (32°-42°N, 106°-122°E) featured by both 

anthropogenic aerosols from industrial activities and social economic development, and natural 

aerosols from agricultural cultivation (Chen et al. 2017). Additionally, a growing number of 

winter haze events caused by polluted aerosols has also been reported in the recent decade (Han 

et al. 2016; Ho et al. 2016).   

Regarding the potential impact, aerosols directly impinge on solar radiation reaching the earth 

surface via absorption and reflection (Ding and Sun 2006; Zheng et al. 2008). As the cloud 

concentration nucleus, aerosols also influence the optical and physical properties of the cloud 

and the formation of precipitation (Rosenfeld et al. 2007; Li et al. 2011). Besides, aerosols create 

more stable temperature profiles that result in less cumulus cloud cover (Li et al. 2003; Li et al. 
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2011). Moreover, aerosols can reduce the atmosphere visibility by increasing the light extinction 

coefficient via scattering and absorption (Founda et al. 2016). They can also cause physical 

damage to vegetation (Wang et al. 2013) and some aerosols like smoke may endanger human 

health once breathed into lungs (Chen et al. 2016; Huang et al. 2017).  

Variations of aerosols have been explored using satellite-retrieved atmospheric aerosol products 

(Liu et al. 2016; Xie et al. 2015) and ground measurements (Karol et al. 2013; Xin et al. 2007). 

Several major satellites including the MODIS (Moderate-Resolution Imaging Spectrometer), 

MISR (Multi-Angle Imaging SpectroRadiometer), CALIPSO (Cloud-Aerosol Lidar & Infrared 

Pathfinder Satellite Observation) and AVHRR (Advanced Very High Resolution Radiometer) 

provide useful aerosol products. Both linear and nonlinear models have been developed to 

estimate the ground-level concentration of PM (particulate matter) from the satellite-retrieved 

AOD (aerosol optical depth) across the globe (Tian and Chen 2010; Lee et al. 2011; Benas et al. 

2013; Bilal et al. 2017; Soni et al. 2018). AOD is the degree to which aerosols prevent the 

transmission of light by absorption or scattering, which can be an effective indicator of aerosol 

concentration. Apart from satellite products, surface networks such as the AERONET (AErosol 

RObotic NETwork) and CASNET (China Aerosol Remote Sensing NETwork), monitoring the 

ground-level AOD, are also used to estimate surface PM (Wu et al. 2012; Zhang and Li 2015) 

and validate the satellite-retrieved AOD (Misra et al. 2015; Xie et al. 2011). Besides PM, the 

variability of other polluted aerosols, such as O3, NO, NO2 and SO2, has also been widely 

investigated (Yamaji et al. 2008; Lu et al. 2010; Han et al. 2011; Chen et al. 2017). 

So far, extensive studies have been conducted to investigate the air quality and public health 

issues triggered by aerosols (Calkins et al. 2016; Chen et al. 2017; Chen et al. 2016; Liu et al. 
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2017; Philip et al. 2013). However, from the ecologic perspective, the substantial impact of 

aerosols on surface solar radiation and terrestrial ecosystem is seldom highlighted. 

1.2. Global, Direct and Diffuse Solar Radiation 

Global solar radiation (global radiation) is defined as the amount of energy radiated from the sun 

in the form of electromagnetic waves that reach the Earth surface. It is the key element of total 

energy exchanges between the atmosphere and the Earth (Wu et al. 2007). The amount of solar 

radiation reaching the Earth’s surface is affected by many factors such as the astronomical, 

physical, geographical and cloud properties (Boukelia et al. 2014). Variations of solar radiation 

can affect climate, hydrological cycle, plant photosynthesis and solar power (Pinker et al. 2005).  

Global radiation consists of direct and diffuse components. Those passing directly through the 

atmosphere to the Earth’s surface are direct solar radiation (direct radiation), while those 

scattered by clouds, aerosols or air molecules are diffuse solar radiation (diffuse radiation)(Qian 

et al. 2007). Direct radiation is the key to the heat gain of buildings (Paula et al. 2016), solar 

power projects and agriculture (Troccoli and Morcrette 2014). Diffuse radiation plays an 

important role in thermal, chemical and biological processes on the earth surface (Mubiru and 

Banda 2007), such as evaporation (Pedruzo-Bagazgoitia et al. 2017), plant photosynthesis 

(O’Sullivan et al. 2016), terrestrial productivity (Cheng et al. 2015; Gu et al. 2002) and land 

carbon uptake (Yue and Unger 2017). Therefore, the knowledge of global radiation alone is not 

enough. 

The long-term variability of global radiation has been investigated (Kaiser, 2002; Pinker et al. 

2005; Tang et al. 2011; Yang et al. 2009) with both regional and global dimming periods 

detected from about 1960 until 1990 (Liang and Xia 2005; Wild et al. 2005; Wild 2009). 

However, there are few measurements of direct and diffuse radiation since field measurements in 
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most areas of the world are only for global radiation. Despite the available estimates of direct 

and diffuse radiation provided by satellite products and reanalysis data,  the estimation accuracy 

can be largely biased under cloudy skies (Alonso-Montesinos et al. 2015; Frank et al. 2018). 

Therefore, empirically-derived models have been widely developed to estimate direct and diffuse 

radiation using some more readily available meteorological data, such as global radiation, 

sunshine duration, air temperature, relative humidity and clearness index (Boukelia et al. 2014; 

Erbs et al. 1982; Li et al. 2012; Liu and Jordan 1960; Sabzpooshani and Mohammadi 2014). 

In the recent decade, China has experienced a degrading air quality caused by the increasing air 

polluted aerosols (Lang et al. 2017; Xie et al. 2015; Zhang and Li 2015). The potential impact of 

aerosols on solar radiation has been gradually recognized (Boers et al. 2017; Chou et al. 2006; 

Zeng et al. 2018). In this context, it is important to further investigate the impact of aerosols on 

surface solar radiation and improve the estimation accuracy of direct and diffuse radiation by 

incorporating the aerosol-effect, particularly over highly-polluted regions. Besides, solar 

radiation is one of the necessary inputs for vegetation to conduct photosynthesis. Impact of 

aerosols on surface solar radiation can further affect the vegetation photosynthesis on the Earth 

Surface. 

1.3. Gross Primary Productivity 

Gross primary productivity (GPP) is defined as the photosynthetic rate at which plants capture 

and store chemical energy as biomass in a given length of time. It describes the capacity of 

vegetation to capture carbon and energy during photosynthesis (Sjöström et al. 2013). GPP is a 

key component of the carbon biogeochemical cycle that links atmospheric CO2 and terrestrial 

ecosystems (Liu et al. 2014) and the response of GPP to changes in solar radiation is an 

important part of the feedback between climate change and carbon cycle (Williams et al. 2016).  
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Current tools for monitoring GPP include remote sensing and eddy covariance tower. The remote 

sensing technique keeps monitoring the dynamic changes of vegetation properties such as land 

cover type or leaf area index at a high spatial and temporal resolution, which provides the basis 

for developing GPP models to estimate GPP of a large region (Xiao et al. 2004). In contrast, the 

eddy covariance tower measures the net ecosystem exchange of CO2 and is the only direct way 

to assess the carbon flux of the whole ecosystem with high temporal resolution. Carbon flux data 

obtained from the eddy covariance tower are often used to validate the performance of remote 

sensing-based GPP models.  

By incorporating the eddy covariance and satellite imagery, two major categories of GPP models 

including the big-leaf and two-leaf model have been developed. The big-leaf model maps the 

properties of the whole canopy onto a single leaf to calculate the flux (Dai et al. 2004). It is 

acceptable for estimating seasonal trends of canopy photosynthesis but inadequate for simulating 

day-to-day variations (Chen et al. 1999). Besides, the big-leaf model assumes that the 

photosynthetic capacity is distributed in proportion to the profile of radiation within the canopy, 

which has overestimated the rate of photosynthesis in modeling vegetation productivity (De Pury 

and Farquhar 1997). Instead, it is more reasonable for the two-leaf model to assume that most 

leaves are usually not light saturated and the distribution of the absorbed radiation is highly 

variable due to the complex canopy structure (Mercado et al. 2009). In this sense, the two-leaf 

model is more accurate at daily level as it attempts to model GPP by separating the canopy into 

the sunlit and shaded leaf groups and considers the diurnal variations of the sunlit and shaded 

leaves (Chen et al. 2012).  

The Boreal Ecosystem Productivity Simulator (BEPS), a two-leaf model, was originally 

developed at a daily time step and has been updated to an hourly model (Ju et al. 2006), which 
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has been extensively used in modeling terrestrial productivity (Feng et al. 2007; Li et al. 2015; 

Sun et al. 2004). Nevertheless, the original method for separating direct and diffuse radiation in 

the BEPS, developed under a mid-latitude marine air mass near Vancouver, Canada, 

underestimates diffuse radiation for air masses with large aerosol contents (Chen et al. 2012). 

Given the potential aerosol-effect on solar radiation, the BEPS needs further improvements when 

modeling terrestrial productivity over highly-polluted regions. 

1.4. Study Area  

North China, an intensively managed agricultural region and economically developed area, 

featured by the temperate monsoon climate, includes Beijing, Tianjin, Hebei, Henan, Shandong, 

Shanxi, and Shaanxi provinces (Figure 1-1). It contributes 28% to the total national gross 

domestic product with only 10% of the total area of China (Xu et al. 2015). In the recent decade, 

North China has experienced a degrading air quality due to the rapid social and economic 

development. Currently, it is a very populated and polluted region with two times higher AOD 

than the global average (Xin et al. 2014). Air quality and public health issues influenced by 

aerosols have been extensively discussed in this region (Calkins et al. 2016; Chen et al. 2017; 

Chen et al. 2016; Y. Liu et al. 2017; Philip et al. 2013). However, the substantial impact of 

aerosols on surface solar radiation needs further investigation and the aerosol-effect on terrestrial 

productivity is barely discussed. Aerosols can affect the climate system through direct and 

indirect radiative forcing (Murphy 2013). Meanwhile, solar radiation is the essential energy for 

vegetation photosynthesis (Jahani et al. 2017). Thereby, it is feasible and meaningful to study the 

aerosol-effect on surface solar radiation and terrestrial productivity over the highly-polluted 

North China. 
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Figure 1-1. The geographical location of North China (a) in national geography world map and 

the distribution of seven provinces, land cover in North China (b). 

 

1.5. Research Objectives 

To further understand the relations among aerosols, surface solar radiation and GPP, Kanniah et 

al.’s (2012) schematic diagram is used (Figure 1-2). When the incoming solar radiation reaches 

the earth surface, it can be divided into direct and diffuse radiation. Based on the definitions of 

direct and diffuse radiation (Section 1.2), the presence of aerosols in the atmosphere can alter the 

proportion of direct and diffuse radiation in global radiation. Moreover, those changes of direct 

and diffuse radiation can further affect the photosynthesis of the sunlit and shaded leaves 

(Section 1.3), eventually influencing the output of photosynthesis, gross primary productivity of 

the terrestrial ecosystem. Based on this interaction, this research aims to investigate the impact of 

aerosols on surface solar radiation and GPP over cropland and grassland ecosystems in the 

highly-polluted North China. Four major research objectives were addressed as separate 

manuscripts in Chapters 2-5. 
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Figure 1- 2. Schematic diagram illustrating the aerosol-effect on surface solar radiation and GPP 

(Kanniah et al. 2012). 

 

1.5.1. Research objective 1: To understand the spatial distribution and temporal variation 

of aerosols. 

Previous studies mostly focused on 1) the spatiotemporal variability of aerosols (Huang et al. 

2017; Lv et al. 2017); 2) the potential driving factor, like meteorology (Chen et al. 2018; Zhou 

and Zhao, 2017); and 3) the estimate of ground-level particulate matter (PM) from the remote 

sensing-based aerosol products (Song et al. 2014; Zhang and Li 2015). There are currently three 

limitations in the existing aerosol studies over North China. First, the temporal evolution of 

aerosols only covers the period of 2000-2010, the latest variations after 2010 remain unclear. 

Second, most aerosol studies focus on the specific PM, mostly PM2.5 (PM with an aerodynamic 

diameter less than 2.5μm) (Lang et al. 2017; Xie et al. 2015). The knowledge of total aerosols is 

also crucial in that all types of aerosols function simultaneously in affecting the atmosphere and 

climate. Third, instead of concentrating on one single driving factor, a multifaceted analysis 

incorporating the emission, meteorology, and landscape can facilitate a better understanding of 

the spatial distribution and temporal variation of total aerosols.  
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Thereby, Chapter 2 aims to reveal the latest spatiotemporal variations of total aerosols and the 

substantial driving factors in North China for the period of 2000-2016. Specifically, the 

spatiotemporal variability of aerosol concentration and size is investigated using the satellite-

based atmospheric aerosol product. Besides, contributions of the emission, meteorology, and 

landscape to the spatial distribution and temporal variation of total aerosols are analyzed using 

multiple datasets including the remote sensing-based products, ground measurements, reanalysis 

data, and national yearly statistics data. The analysis above provides the essential background 

knowledge of aerosols in North China, which is fundamental for the research. 

1.5.2. Research objective 2: To study the long-term variability of direct and diffuse solar 

radiation. 

The long-term variability of global radiation has been studied in most areas of the world based 

on the available field measurements (Che et al. 2005; Wild et al. 2005). However, the long-term 

variability of direct and diffuse radiation is barely discussed due to the lack of field 

measurements. The long-term analysis suggests the difference between the historical and recent 

proportion of direct and diffuse radiation in global radiation. Along with the independent 

observations of the ground-measured sunshine duration and the satellite-retrieved atmospheric 

aerosols, the more influential agent of direct and diffuse radiation can be identified for different 

periods. Also, the contribution of increasing atmospheric aerosols to solar radiation variations in 

the recent decade can also be highlighted. 

Therefore, in Chapter 3, the long-term variability of direct and diffuse radiation from 1959 to 

2016 and the influential agent of solar radiation variations are investigated using a three-day 

average moving window, an empirical model and a backpropagation artificial neural network. 

The long-term variability of direct and diffuse radiation over the period of 1959-2016 is revealed 
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by the average of measurements and estimates from seven meteorological and radiometric 

stations in North China. Apart from the solar radiation dataset, the ground-measured sunshine 

duration and the satellite-retrieved aerosol product are also collected. Based on these datasets, 

the contributions of sunshine duration and aerosols to direct and diffuse radiation variations are 

analyzed using both correlation analysis and weight analysis. The analysis above is important for 

understanding the variability of direct and diffuse solar radiation as well as the aerosol-effect on 

surface solar radiation in North China. 

1.5.3. Research objective 3: To estimate direct and diffuse solar radiation by incorporating 

aerosols. 

Empirical models have been widely developed to estimate diffuse radiation using sunshine 

duration (Sabzpooshani and Mohammadi 2014; Fan et al. 2018), clearness index (Erbs et al. 

1982; Zhang et al. 2017), and surface meteorological observations (Li et al. 2011; Li et al. 2012). 

Despite the generally good agreement with field measurements, these models may underestimate 

diffuse radiation over highly-polluted regions for not considering the aerosol-effect. Aerosols 

have been the major atmospheric components in the air mass over polluted regions, and the 

substantial aerosol-effect on solar radiation has been gradually noticed (Liang and Xia 2005; 

Zheng et al. 2008). Without considering aerosols, the estimation accuracy of solar radiation can 

be limited (Zeng et al. 2018).  

Therefore, Chapter 4 aims to develop new empirical models for estimating direct and diffuse 

radiation by incorporating aerosols at monthly and daily level. The ground-measured global 

radiation, sunshine duration, and satellite-retrieved AOD are used as the predictive variables. 

Specifically, correlations between direct, diffuse radiation and sunshine duration, AOD are 

examined at monthly and daily level, respectively. Based on the examined correlations, empirical 
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models are developed and validated at two meteorological and radiometric stations with over 

99% measurements of daily direct and diffuse radiation. These empirical models aim to improve 

the estimation accuracy of direct and diffuse radiation influenced by aerosols. Besides, they can 

be the key to make the two-leaf GPP model, which requires the separation of direct and diffuse 

radiation, more applicable and accurate over polluted regions. 

1.5.4. Research objective 4: To model the aerosol-effect on GPP using an improved BEPS. 

The Boreal Ecosystem Productivity Simulator (BEPS) is a popular two-leaf model for terrestrial 

productivity. It follows the sunlit-shaded leaf stratification technique by considering the diurnal 

variations of the sunlit and shaded leaf groups and the photosynthesis above and below the 

canopy (Chen et al. 2012). In the BEPS, direct and diffuse radiation for the sunlit and shaded 

leaves in the canopy are separated from global radiation using an empirical method (Chen et al. 

1999). The major limitation of this method lies in the underestimate of diffuse radiation over 

polluted regions for not considering aerosols in the air mass (Chen et al. 2012). Since diffuse 

radiation can efficiently improve the ecosystem productivity (Cheng et al. 2015; Williams et al. 

2016), the underestimate of diffuse radiation in the original BEPS may result in the uncertainty 

of productivity modeling over polluted regions. Nevertheless, the BEPS can be improved by the 

new empirical method based on the examined relationship between diffuse radiation and 

aerosols. This improvement is important as it can make the BEPS more applicable in polluted 

regions by considering the aerosol-effect. More importantly, the comparison of GPP modeled by 

the improved and original BEPS can reveal the aerosol-effect on GPP. 

In Chapter 5, GPP of the sunlit and shaded leaves above and below the canopy is modeled using 

the BEPS under an aerosol-free (S1) and an aerosol-impacted (S2) scenario over cropland and 

grassland ecosystems in North China. In S1, the original method, which does not consider the 
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aerosol-effect, is applied to estimate direct and diffuse radiation. GPP modeled by the original 

BEPS is assumed not or less disturbed by aerosols. In S2, the BEPS is improved by the new 

empirical method, which incorporates the aerosol-effect on solar radiation using the satellite-

retrieved AOD. Thereby, GPP simulated by the improved BEPS is influenced by aerosols. The 

difference in GPP under two aerosol scenarios is used to reveal the impact of aerosols on GPP. 

Besides, the sensitivity of GPP to aerosol concentration is summarized based on the sensitivity of 

GPP to diffuse radiation and that of diffuse radiation to aerosol concentration. The analysis is 

meaningful for polluted regions as it quantifies the potential aerosol-effect on vegetation 

productivity, which is significant in understanding the role of atmospheric aerosols in the carbon 

sequestration of the terrestrial ecosystem. 

1.6. References 

 Alonso-Montesinos J, Batlles FJ, Bosch JL (2015) Beam, diffuse and global solar irradiance 

estimation with satellite imagery. Energy Conversion and Management 105:1205–1212. 

doi: 10.1016/j.enconman.2015.08.037 

Benas N, Beloconi A, Chrysoulakis N (2013) Estimation of urban PM10 concentration, based on 

MODIS and MERIS/AATSR synergistic observations. Atmospheric Environment 79:448–

454. doi: 10.1016/j.atmosenv.2013.07.012 

Bilal M, Nichol JE, Spak SN (2017) A new approach for estimation of fine particulate 

concentrations using satellite aerosol optical depth and binning of meteorological variables. 

Aerosol and Air Quality Research 17:356–367. doi: 10.4209/aaqr.2016.03.0097 

Boers R, Brandsma T, Pier Siebesma A (2017) Impact of aerosols and clouds on decadal trends 

in all-sky solar radiation over the Netherlands (1966-2015). Atmospheric Chemistry and 

Physics 17:8081–8100. doi: 10.5194/acp-17-8081-2017 

Boukelia TE, Mecibah MS, Meriche IE (2014) General models for estimation of the monthly 

mean daily diffuse solar radiation (Case study: Algeria). Energy Conversion and 

Management 81:211–219. doi: 10.1016/j.enconman.2014.02.035 

Calkins C, Ge C, Wang J, et al (2016) Effects of meteorological conditions on sulfur dioxide air 

pollution in the North China plain during winters of 2006 - 2015. Atmospheric Environment 

147:296–309. doi: 10.1016/j.atmosenv.2016.10.005 

Che H, Wang Y, Sun J, et al (2013) Variation of aerosol optical properties over the Taklimakan 

Desert in China. Aerosol and Air Quality Research 13:777–785. doi: 



13 

 

10.4209/aaqr.2012.07.0200 

Che HZ, Shi GY, Zhang XY, et al (2005) Analysis of 40 years of solar radiation data from 

China, 1961-2000. Geophysical Research Letters 32:1–5. doi: 10.1029/2004GL022322 

Chen D, Feng Y, Zhang X (2017) Comparison of variability and change rate in tropospheric NO2 

column obtained from satellite products across China during 1997–2015. International 

Journal of Digital Earth 10:814–828. doi: 10.1080/17538947.2016.1252435 

Chen J., Liu J, Cihlar J, Goulden M. (1999) Daily canopy photosynthesis model through 

temporal and spatial scaling for remote sensing applications. Ecological Modelling 124:99–

119. doi: 10.1016/S0304-3800(99)00156-8 

Chen JM, Mo G, Pisek J, et al (2012) Effects of foliage clumping on the estimation of global 

terrestrial gross primary productivity. Global Biogeochemical Cycles 26:1–18. doi: 

10.1029/2010GB003996 

Chen X, Zhang L, Huang J, et al (2016) Long-term exposure to urban air pollution and lung 

cancer mortality : A 12-year cohort study in Northern China. Science of the Total 

Environment 571:855–861. doi: 10.1016/j.scitotenv.2016.07.064 

Chen Z, Xie X, Cai J, et al (2018) Understanding meteorological influences on PM2.5 

concentrations across China: a temporal and spatial perspective. Atmospheric Chemistry 

and Physics 18:5343–5358. doi.org/10.5194/acp-18-5343-2018 

Cheng SJ, Bohrer G, Steiner AL, et al (2015) Variations in the influence of diffuse light on gross 

primary productivity in temperate ecosystems. Agricultural and Forest Meteorology 

201:98–110. doi: 10.1016/j.agrformet.2014.11.002 

Chin M, Diehl T, Bian H, Kucsera T (2016) Aerosols in the atmosphere: sources, transport, and 

multi-decadal trends. Air Pollution Modeling and its Application XXIV 3–10. doi: 

10.1007/978-3-319-24478-5 

Chou MD, Lin PH, Ma PL, Lin HJ (2006) Effects of aerosols on the surface solar radiation in a 

tropical urban area. Journal of Geophysical Research Atmospheres 111:1–9. doi: 

10.1029/2005JD006910 

Dai Y, Dickinson RE, Wang YP (2004) A two-big-leaf model for canopy temperature, 

photosynthesis, and stomatal conductance. Journal of Climate 17:2281–2299. doi: 

10.1175/1520-0442(2004)017<2281:ATMFCT>2.0.CO;2 

De Pury DGG, Farquhar GD (1997) Simple scaling of photosynthesis from leaves to canopies 

without the errors of big-leaf models. Plant, Cell and Environment 20:537–557. doi: 

10.1111/j.1365-3040.1997.00094.x 

Ding Y, Sun Y (2006) Recent advances in climate change science. Advances in Climate Change 

Research 2:161–167 

Erbs DG, Klein SA, Duffie JA (1982) Estimation of the diffuse radiation fraction for hourly, 

daily and monthly-average global radiation. Solar Energy 28:293–302. doi: 10.1016/0038-

092X(82)90302-4 



14 

 

Fan J, Wang X, Wu L, et al (2018) New combined models for estimating daily global solar 

radiation based on sunshine duration in humid regions: A case study in South China. Energy 

Conversion and Management 156:618–625. doi: 10.1016/j.enconman.2017.11.085 

Feng X, Liu G, Chen JM, et al (2007) Net primary productivity of China’s terrestrial ecosystems 

from a process model driven by remote sensing. Journal of Environmental Management 

85:563–573. doi: 10.1016/j.jenvman.2006.09.021 

Founda D, Kazadzis S, Mihalopoulos N, et al (2016) Long-term visibility variation in Athens 

(1931-2013): A proxy for local and regional atmospheric aerosol loads. Atmospheric 

Chemistry and Physics 16:11219–11236. doi: 10.5194/acp-16-11219-2016 

Frank CW, Wahl S, Keller JD, et al (2018) Bias correction of a novel European reanalysis data 

set for solar energy applications. Solar Energy 164:12–24. doi: 

10.1016/j.solener.2018.02.012 

Gu L, Baldocchi D, Verma SB, et al (2002) Advantages of diffuse radiation for terrestrial 

ecosystem productivity. Journal of Geophysical Research: Atmospheres 107:ACL 2-1-ACL 

2-23. doi: 10.1029/2001JD001242 

Han R, Wang S, Shen W, et al (2016) Spatial and temporal variation of haze in China from 1961 

to 2012. Journal of Environmental Sciences 46:134-146. doi: 10.1016/j.jes.2015.12.033 

Han S, Bian H, Feng Y, et al (2011) Analysis of the relationship between O3, NO and NO2 in 

Tianjin, China. Aerosol and Air Quality Research 11:128–139. doi: 

10.4209/aaqr.2010.07.0055 

Ho KF, Ho SSH, Huang RJ, et al (2016) Chemical composition and bioreactivity of PM2.5 during 

2013 haze events in China. Atmospheric Environment 126:162–170. doi: 

10.1016/j.atmosenv.2015.11.055 

Huang Y, Du W, Chen Y, et al (2017) Household air pollution and personal inhalation exposure 

to particles (TSP/PM2.5/PM1.0/PM0.25) in rural Shanxi, North China. Environmental 

Pollution 231:635–643. doi: 10.1016/j.envpol.2017.08.063 

Jahani B, Dinpashoh Y, Raisi Nafchi A (2017) Evaluation and development of empirical models 

for estimating daily solar radiation. Renewable and Sustainable Energy Reviews 73:878–

891. doi: 10.1016/j.rser.2017.01.124 

Ju W, Chen JM, Black TA, et al (2006) Modelling multi-year coupled carbon and water fluxes in 

a boreal aspen forest. Agricultural and Forest Meteorology 140:136–151. doi: 

10.1016/j.agrformet.2006.08.008 

Kaiser DP (2002) Decreasing trends in sunshine duration over China for 1954–1998: Indication 

of increased haze pollution? Geophysical Research Letters 29:1–4. doi: 

10.1029/2002GL016057 

Kanniah KD, Beringer J, North P, Hutley L (2012) Control of atmospheric particles on diffuse 

radiation and terrestrial plant productivity: A review. Progress in Physical Geography 

36:209–237. doi: 10.1177/0309133311434244 

Karol Y, Tanré D, Goloub P, et al (2013) Airborne sun photometer PLASMA: Concept, 



15 

 

measurements, comparison of aerosol extinction vertical profile with lidar. Atmospheric 

Measurement Techniques 6:2383–2389. doi: 10.5194/amt-6-2383-2013 

Lang J, Zhang Y, Zhou Y, et al (2017) Trends of PM2.5 and Chemical Composition in Beijing, 

2000–2015. Aerosol and Air Quality Research 17:412–425. doi: 10.4209/aaqr.2016.07.0307 

Lee HJ, Liu Y, Coull BA, et al (2011) A novel calibration approach of MODIS AOD data to 

predict PM2.5 concentrations. Atmospheric Chemistry and Physics 11:7991–8002. doi: 

10.5194/acp-11-7991-2011 

Li C, MAO J, L A U Kai-hon A, et al (2003) Characteristics of distribution and seasonal 

variation of aerosol optical depth in eastern China with MODIS products. Chinese Science 

Bulletin 48:2488–2495. doi.org/10.1360/03wd0224 

Li D, Ju W, Lu D, et al (2015) Impact of estimated solar radiation on gross primary productivity 

simulation in subtropical plantation in southeast China. Solar Energy 120:175–186. doi: 

10.1016/j.solener.2015.07.033 

Li H, Bu X, Lian Y, et al (2012) Further investigation of empirically derived models with 

multiple predictors in estimating monthly average daily diffuse solar radiation over China. 

Renewable Energy 44:469–473. doi: 10.1016/j.renene.2012.01.104 

Li H, Ma W, Lian Y, et al (2011) Global solar radiation estimation with sunshine duration in 

Tibet, China. Renewable Energy 36:3141–3145. doi: 10.1016/j.renene.2011.03.019 

Li Z, Niu F, Fan J, et al (2011) Long-term impacts of aerosols on the vertical development of 

clouds and precipitation. Nature Geoscience 4:888–894. doi: 10.1038/ngeo1313 

Liang F, Xia XA (2005) Long-term trends in solar radiation and the associated climatic factors 

over China for 1961-2000. Annales Geophysicae, European Geosciences Union 23:2425–

2432. ⟨hal-00317880⟩ 

Liu BYH, Jordan RC (1960) The interrelationship and characteristic distribution of direct, 

diffuse and total solar radiation. Solar Energy 4:1–19. doi: 10.1016/0038-092X(60)90062-1 

Liu T, Gong S, He J, et al (2017) Attributions of meteorological and emission factors to the 2015 

winter severe haze pollution episodes in China’s Jing-Jin-Ji area. Atmospheric Chemistry 

and Physics 17:2971–2980. doi: 10.5194/acp-17-2971-2017 

Liu X, Chen Q, Che H, et al (2016) Spatial distribution and temporal variation of aerosol optical 

depth in the Sichuan basin, China, the recent ten years. Atmospheric Environment 147:434–

445. doi: 10.1016/j.atmosenv.2016.10.008 

Liu Y, De Leeuw G, Kerminen VM, et al (2017) Analysis of aerosol effects on warm clouds over 

the Yangtze River Delta from multi-sensor satellite observations. Atmospheric Chemistry 

and Physics 17:5623–5641. doi: 10.5194/acp-17-5623-2017 

Liu Z, Wang L, Wang S (2014) Comparison of different GPP models in China using MODIS 

image and ChinaFLUX data. Remote Sensing 6:10215–10231. doi: 10.3390/rs61010215 

Lu Z, Streets DG, Zhang Q, et al (2010) Sulfur dioxide emissions in China and sulfur trends in 

East Asia since 2000. Atmospheric Chemistry and Physics 10:6311–6331. doi: 

https://hal.archives-ouvertes.fr/hal-00317880


16 

 

10.5194/acp-10-6311-2010 

Luo YF, Lu DR, Zhou XJ, et al (2001) Characteristics of the spatial distribution and yearly 

variation of aerosol optical depth over China in last 30 years. Journal of Geophysical 

Research 106:14501. doi: 10.1029/2001JD900030 

Lv L, Liu W, Zhang T, et al (2017) Observations of particle extinction, PM2.5 mass concentration 

profile and flux in north China based on mobile lidar technique. Atmospheric Environment 

164:360–369. doi: 10.1016/j.atmosenv.2017.06.022 

Mercado LM, Bellouin N, Sitch S, et al (2009) Impact of changes in diffuse radiation on the 

global land carbon sink. Nature 458:1014–1017. doi: 10.1038/nature07949 

Misra A, Jayaraman A, Ganguly D (2015) Validation of version 5.1 modis aerosol optical depth 

(deep blue algorithm and dark target approach) over a semi-arid location in western india. 

Aerosol and Air Quality Research 15:252–262. doi: 10.4209/aaqr.2014.01.0004 

Mubiru J, Banda EJKB (2006) Performance of empirical correlations for predicting monthly 

mean daily diffuse solar radiation values at Kampala, Uganda. Theoretical and Applied 

Climatology 88:127–131. doi: 10.1007/s00704-006-0249-1 

Murphy DM (2013) Little net clear-sky radiative forcing from recent regional redistribution of 

aerosols. Nature Geoscience 6:258–262. doi: 10.1038/ngeo1740 

O’Sullivan M, Rap A, Reddington CL, et al (2016) Small global effect on terrestrial net primary 

production due to increased fossil fuel aerosol emissions from East Asia since the turn of 

the century. Geophysical Research Letters 43:8060–8067. doi: 10.1002/2016GL068965 

Paula A, Rocha DA, Goffart J, et al (2016) On the uncertainty assessment of incident direct solar 

radiation on building facades due to shading devices. Energy & Buildings 133:295–304. 

doi: 10.1016/j.enbuild.2016.09.058 

Pedruzo-Bagazgoitia X, Ouwersloot HG, Sikma M, et al (2017) Direct and diffuse radiation in 

the shallow cumulus–vegetation system: enhanced and decreased evapotranspiration 

regimes. Journal of Hydrometeorology 18:1731–1748. doi: 10.1175/JHM-D-16-0279.1 

Philip S, Martin R V, Wang J, et al (2013) Source attribution of particulate matter pollution over 

North China with the adjoint method. Environmental Research Letters 10:084011. doi: 

10.1088/1748-9326/10/8/084011 

Pinker RT, Zhang B, Dutton EG (2005) Do satellites detect trends in surface solar radiation? 

Science (New York, NY) 308:850–854. doi: 10.1126/science.1103159 

Qian Y, Wang W, Leung LR, Kaiser DP (2007) Variability of solar radiation under cloud-free 

skies in China: The role of aerosols. Geophysical Research Letters 34:1–5. doi: 

10.1029/2006GL028800 

Rosenfeld D, Dai J, Yu X, et al (2007) Inverse relations between amounts of air pollution and 

orographic precipitation. Science (New York, NY) 315:1396–1398. doi: 

10.1126/science.1137949 

Sabzpooshani M, Mohammadi K (2014) Establishing new empirical models for predicting 



17 

 

monthly mean horizontal diffuse solar radiation in city of Isfahan, Iran. Energy 69:571–577. 

doi: 10.1016/j.energy.2014.03.051 

Safaripour MH, Mehrabian MA (2011) Predicting the direct, diffuse, and global solar radiation 

on a horizontal surface and comparing with real data. Heat Mass Transfer 47:1537–1551. 

doi: 10.1007/s00231-011-0814-8 

Sjöström M, Zhao M, Archibald S, et al (2013) Evaluation of MODIS gross primary productivity 

for Africa using eddy covariance data. Remote Sensing of Environment 131:275–286. doi: 

10.1016/j.rse.2012.12.023 

Song W, Jia H, Huang J, Zhang Y (2014) A satellite-based geographically weighted regression 

model for regional PM2.5 estimation over the Pearl River Delta region in China. Remote 

Sensing of Environment 154:1–7. doi: 10.1016/j.rse.2014.08.008 

Soni M, Payra S, Verma S (2018) Particulate matter estimation over a semi arid region Jaipur, 

India using satellite AOD and meteorological parameters. Atmospheric Pollution Research 

9:949-958. doi: 10.1016/j.apr.2018.03.001 

Sun R, Chen JM, Zhu Q, et al (2004) Spatial distribution of net primary productivity and 

evapotranspiration in changbaishan natural reserve, China, using landsat ETM+ data. 

Canadian Journal of Remote Sensing 30:731–742. doi.org/10.5589/m04-040 

Tang W, Yang K, Qin J, et al (2011) Solar radiation trend across China in recent decades: a 

revisit with quality-controlled data. Atmospheric Chemistry and Physics 11:393–406. doi: 

10.5194/acp-11-393-2011 

Tian J, Chen D (2010) A semi-empirical model for predicting hourly ground-level fine 

particulate matter (PM2.5) concentration in southern Ontario from satellite remote sensing 

and ground-based meteorological measurements. Remote Sensing of Environment 114:221–

229. doi: 10.1016/j.rse.2009.09.011 

Troccoli A, Morcrette JJ (2014) Skill of direct solar radiation predicted by the ECMWF global 

atmospheric model over Australia. Journal of Applied Meteorology and Climatology 

53:2571–2588. doi: 10.1175/JAMC-D-14-0074.1 

Wang X, Liu Z, Niu L, Fu B (2013) Long-term effects of simulated acid rain stress on a staple 

forest plant, Pinus massoniana Lamb: a proteomic analysis. Trees 27:297–309. doi: 

10.1007/s00468-012-0799-z 

Wild M (2009) Global dimming and brightening: A review. Journal of Geophysical Research 

114:1–31. doi: 10.1029/2008JD011470 

Wild M, Gilgen H, Roesch A, et al (2005) From Dimming to Brightening: Decadal Changes in 

Solar Radiation at Earth’s Surface. Science 80:847–851. 10.1126/science.1103215 

Williams IN, Riley WJ, Kueppers LM, et al (2016) Separating the effects of phenology and 

diffuse radiation on gross primary productivity in winter wheat. Journal of Geophysical 

Research: Biogeosciences 121:1903–1915. doi: 10.1002/2015JG003317 

Wu G, Liu Y, Wang T (2007) Methods and strategy for modeling daily global solar radiation 

with measured meteorological data - A case study in Nanchang station, China. Energy 



18 

 

Conversion and Management 48:2447–2452. doi: 10.1016/j.enconman.2007.04.011 

Wu Y, Guo J, Zhang X, et al (2012) Synergy of satellite and ground based observations in 

estimation of particulate matter in eastern China. Science of the Total Environment 433:20–

30. doi: 10.1016/j.scitotenv.2012.06.033 

Xiao X, Zhang Q, Braswell B, et al (2004) Modeling gross primary production of temperate 

deciduous broadleaf forest using satellite images and climate data. 91:256–270. doi: 

10.1016/j.rse.2004.03.010 

Xie Y, Wang Y, Zhang K, et al (2015) Daily estimation of ground-level PM2.5 concentrations 

over Beijing using 3 km resolution MODIS AOD. Environmental Science and Technology 

49:12280–12288. doi: 10.1021/acs.est.5b01413 

Xie Y, Zhang Y, Xiong X, et al (2011) Validation of MODIS aerosol optical depth product over 

China using CARSNET measurements. Atmospheric Environment 45:5970–5978. doi: 

10.1016/j.atmosenv.2011.08.002 

Xin J, Wang Y, Li Z, et al (2007) Aerosol optical depth (AOD) and Angstrom exponent of 

aerosols observed by the Chinese Sun Hazemeter Network from August 2004 to September 

2005. Journal of Geophysical Research Atmospheres 112:1–13. doi: 

10.1029/2006JD007075 

Xin J, Zhang Q, Wang L, et al (2014) The empirical relationship between the PM2.5 

concentration and aerosol optical depth over the background of North China from 2009 to 

2011. Atmospheric Research 138:179–188. doi: 10.1016/j.atmosres.2013.11.001 

Xu W, Luo XS, Pan YP, et al (2015) Quantifying atmospheric nitrogen deposition through a 

nationwide monitoring network across China. Atmospheric Chemistry and Physics 

15:12345–12360. doi: 10.5194/acp-15-12345-2015 

Yamaji K, Ohara T, Uno I, et al (2008) Future prediction of surface ozone over east Asia using 

Models-3 Community Multiscale Air Quality Modeling System and Regional Emission 

Inventory in Asia. Journal of Geophysical Research Atmospheres 113:1–15. doi: 

10.1029/2007JD008663 

Yang Y, Zhao N, Hao, X H, Li CQ (2009) Decreasing trend of sunshine hours and related 

driving forces in North China. Theoretical and Applied Climatology 97:91–98. doi: 

10.1007/s00704-012-0583-4 

Yue X, Unger N (2017) Aerosol optical depth thresholds as a tool to assess diffuse radiation 

fertilization of the land carbon uptake in China. Atmospheric Chemistry and Physics 

17:1329–1342. doi: 10.5194/acp-17-1329-2017 

Zeng X, Zhao N, MA Y (2018) Distributed modeling of surface solar radiation based on aerosol 

optical depth and sunshine duration in China. Earth and Environmental Science 121:1–9. 
doi :10.1088/1755-1315/121/2/022035 

Zhang J, Zhao L, Deng S, et al (2017) A critical review of the models used to estimate solar 

radiation. Renewable and Sustainable Energy Reviews 70:314–329. doi: 

10.1016/j.rser.2016.11.124 



19 

 

Zhang Y, Li Z (2015) Remote sensing of atmospheric fine particulate matter (PM2.5) mass 

concentration near the ground from satellite observation. Remote Sensing of Environment 

160:252–262. doi: 10.1016/j.rse.2015.02.005 

Zhang YL, Qin BQ, Chen WM (2004) Analysis of 40 year records of solar radiation data in 

Shanghai, Nanjing and Hangzhou in Eastern China. Theoretical and Applied Climatology 

78:217–227. doi: 10.1007/s00704-003-0030-7 

Zheng X, Kang W, Zhao T, et al (2008) Long-term trends in sunshine duration over Yunnan-

Guizhou Plateu in Southwest China for 1961-2005. Geophysical Research Letters 35:2–5. 

doi: 10.1029/2008GL034482 

Zhou Y, Zhao X (2017) Correlation analysis between PM2.5 Concentration and Meteorological 

factors in Beijing Area. Acta Scientiarun Naturalium Universitatis Pekinensis 53:111–124. 

doi: 10.13209/j.0479-8023.2017.002 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



20 

 

Chapter 2 

Variability of Satellite-based Total Aerosols and the Relationship with Emission, 

Meteorology, and Landscape in North China during 2000-2016 

2.1. Abstract 

North China has recently experienced a deteriorating air quality featured by high aerosol 

concentration. The spatiotemporal variability of total aerosols and its relationship with emission, 

meteorology, and landscape are investigated in North China for the period of 2000-2016. Results 

suggest that total aerosol concentration has significantly (p < 0.05) increased from 2000 to 2011 

and declined from 2011 onward. A rising fraction of small-size anthropogenic aerosols is indicated 

by the declining trend in aerosol size and the growing consumption of fossil fuels, electricity and 

vehicles. The increasing anthropogenic emissions, the declining natural emissions and surface 

wind speed have contributed 34-73%, 2-52% and 43-61% to the build-up of aerosols. Seasonally, 

the highest aerosol concentration in summer and the lowest in winter are partly influenced by the 

seasonal patterns of near-surface (925hPa) wind field and vertical velocity. Spatially, the low 

elevation and two land cover types, urban and cropland, with intensive anthropogenic activities 

have shaped the high aerosol concentration with large increasing trends in eastern North China. 

Whereas, the high elevation and another two land cover types, forest, and grassland, with few 

human disturbances have contributed to the low aerosol concentration in western North China. 

Additionally, the increasing anthropogenic aerosol concentration has significantly reduced 

sunshine duration, evapotranspiration (p < 0.01) and diurnal temperature range (p < 0.05), and also 

facilitated the development of precipitation (p < 0.05) in North China. 
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2.2. Introduction 

Air pollution triggered by aerosols has been a major environmental concern for many developing 

countries. Aerosols refer to the total solid and liquid particles suspended in the atmosphere with 

the aerodynamic diameter ranging from 0.001 to 100μm, which can be generated from natural 

processes and anthropogenic activities (Chin et al. 2016). Aerosols have important climatic 

influence via direct and indirect radiative forcings (Li et al. 2011). They also increase the light 

extinction coefficient and reduce visibility (Founda et al. 2016), causing severe environmental 

issues.  

In the last three decades, anthropogenic aerosol concentration has increased over East and South 

Asia due to the economic development (Chin et al. 2016). In China, aerosols have dramatically 

increased from 1961 to 1990 with high aerosol concentration detected in Sichuan Basin, Xinjiang 

Basin and North China (Luo et al. 2001, 2012). The number of haze events caused by polluted 

aerosols has greatly increased (Gao 2008; Han et al. 2016; Ho et al. 2016). Huang et al. (2014) have 

concluded that the secondary aerosols contribute enormously during the haze event. Besides, 

increasing aerosol concentration lowers the atmosphere transparency and reduces collectible solar 

radiation (Liang and Xia 2005). Xia et al. (2008) suggest that aerosols can be an effective agent in 

reducing the ground-level solar radiation in the North China Plain. Since 2012, China has adopted 

the Ambient Air Quality Standard and started monitoring six major air pollutants over 945 sites in 

190 cities. Concentrations and sources of these polluted particles have been mapped across China 

(Rohde and Muller 2015).   

Variations of aerosols have been investigated using satellite-retrieved aerosol products (Luo et 

al. 2012; Georgoulias et al. 2016) and periodic ground-based measurements (Xin et al. 2007; 

Karol et al. 2013). Extensive studies have explored the relationship between the satellite-derived 
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aerosol optical depth (AOD) and the ground-level particulate matter (PM) (Tian and Chen 

2010a; van Donkelaar et al. 2010; Wu et al. 2012; Bocquet et al. 2015; Bilal et al. 2017). Both 

linear and nonlinear correlations have been detected between AOD and PM2.5 (particles with an 

aerodynamic diameter smaller than 2.5μm) over the fully-developed regions in China (Song et al. 

2014a; Zhang and Li 2015). Proxies like surface solar radiation, sunshine duration have also 

been widely used to estimate the variation of aerosols over China (Luo et al. 2001). The 

interaction between PM2.5 and meteorological factors including relative humidity and wind speed 

etc. has also been discussed (Fan et al. 2009; Zang et al. 2017; Zhou and Zhao 2017; Soni et al. 

2018).  

North China (NC) is a very populated and polluted region with two times higher AOD than the 

global average (Xin et al. 2014). Particulate matters have been extensively studied in Beijing, the 

most developed city in NC, due to the degrading air quality (Zhang et al. 2014; Xie et al. 2015; 

Lang et al. 2017). Existing studies in NC mostly focus on the specific particles, such as PM2.5 

rather than total aerosols. The study of total aerosols is essential since all types of aerosols 

function as one agent in influencing the environment or being affected by the ambient 

conditions. Besides, the latest variations of aerosols after 2010 and the multiple driving factors 

still need further investigation. Therefore, a comprehensive analysis regarding the emission of 

aerosols, interact with meteorology and landscape should be conducted to present the substantial 

causes and impacts of aerosols.  

The objective of this study is to investigate the spatiotemporal variability of total aerosols and 

the potential causes in NC over the period of 2000-2016. Specifically, the satellite-retrieved 

aerosol concentration and size are used to study the aerosol variations. Besides, seven proxies for 

aerosol emissions are collected from the Chinese Statistic Yearbook to clarify the variations of 
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both anthropogenic and natural aerosols. Surface meteorological observations from the China 

Meteorological Data Sharing System (CMDSS) and the near-surface (925hPa) wind field from 

the NCEP/NCAR Reanalysis data are used to study the interaction between aerosols and 

meteorology. Moreover, the impact of landscape on aerosols is also analyzed using the satellite-

based land cover types and elevation.  

2.3. Data and Methods 

2.3.1. Data 

To study the spatiotemporal variability of aerosols, monthly AOD and Angstrom exponent (AE) 

were downloaded from MOD08M3, a gridded atmospheric product from the Terra platform of 

the Moderate Resolution Imaging Spectroradiometer (MODIS) 

(https://ladsweb.modaps.eosdis.nasa.gov/api/v1/productGroupPage/name=l3-atmosphere). This 

dataset has been widely used for its high data accuracy (Segura et al. 2012; Luo et al. 2014; Soni 

et al. 2016). AOD is the degree to which aerosols prevent the transmission of light by absorption 

or scattering, which can be an effective indicator of aerosol concentration. An optical depth value 

of less than 0.1 indicates a clear sky with maximum visibility; whereas a value of 1 indicates a 

very hazy condition. Meanwhile, AE, known as the negative slope of AOD with the wavelength 

in the logarithmic scale, is an indicator of aerosol size. A larger (smaller) AE value indicates the 

dominance of small (large) particles. 

To evaluate the spatiotemporal variability of aerosols, three substantial aspects are considered 

including the emission, meteorology, and landscape. Seven proxies for the aerosol emission were 

obtained from the China Statistics Yearbook including the annual consumption of coal (ton), oil 

(ton), electricity (kwh) and vehicles (unit) for anthropogenic aerosols and the annual occurrences 

of sand dust storm (hour) and forest fire (occurrence and area) for natural aerosols. Forest fire, 

https://ladsweb.modaps.eosdis.nasa.gov/api/v1/productGroupPage/name=l3-atmosphere
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the major contributor to natural aerosols via biomass burning, and dust from sand dust storms 

have been adopted in the previous study working on natural aerosols (Lamarque et al. 2010). 

These province-based statistics are used to reveal the contributions of anthropogenic and natural 

aerosols to total aerosol variations.  

Daily surface meteorological observations were collected from the China Meteorological Data 

Service Center (http://cdc.cma.gov.cn/) including daily average temperature (Tavg, ℃), diurnal 

temperature range (DTR, ℃, calculated as the difference between daily maximum and minimum 

temperature), precipitation (Prep, mm), evapotranspiration (EVP, mm), sunshine duration (SSD, 

hour), relative humidity (RH, %) and surface wind speed (Wind, m/s) at 162 meteorological 

stations (Figure 2-1).  Meteorology has been proved as an influential agent in the distribution of 

PM2.5 concentration in the North China Plain (Zhou and Zhao 2017). Hence, the interaction 

between aerosols and surface meteorology should be analyzed. Besides, monthly wind field 

including wind speed, wind direction and monthly vertical velocity at 925hPa, largely similar to 

the ground-level conditions but less disturbed by surface properties, were collected from the 

NCEP/NCAR Reanalysis data to further elaborate the meteorological influence on aerosols. 

Landscape properties were also collected for NC including the elevation data from the Digital 

Elevation Model (DEM) provided by the Shuttle Radar Topography Mission and the land cover 

data in 2001 from the MODIS Land Cover Type product (MCD12Q1). The location of the study 

area and the distribution of four primary land covers are shown in Figure 2-1. 

http://cdc.cma.gov.cn/
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Figure 2-1. Location of the study area (North China, NC) in China (left) and distribution of four 

primary land covers (right) and 162 meteorological stations (black dots) in the study area. 

 

2.3.2. Methods 

Both aerosol concentration and size are considered to study the spatiotemporal variability of 

aerosols. According to Bréon et al. (2002), AOD is proportionally more sensitive to the large 

particle fraction, whereas aerosol index (AI), calculated as Eq. 2-1, partly compensating the size 

effect by quantifying the atmospheric loading of small particles, is more proportional to the 

columnar aerosol concentration. Thus, AOD and AI are used to suggest aerosol concentration and 

AE is used to indicate aerosol size. Eventually, three aerosol proxies are used to study the 

variability of aerosols from the perspective of aerosol concentration (AI & AOD) and aerosol size 

(AE). 

                                             AEAODAI *                                                (2-1) 

925hPa wind field including wind speed (Ws) and wind direction (Wd) is calculated from uwind 

(u) and vwind (v) as Eq. 2-2, where u and v represent the wind components in latitudinal and 
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longitudinal directions. Wind direction and speed at 925hPa are uniform with the ground-level 

observations but are less disturbed by the surface friction. 
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Considering the few missing aerosol data and the seasonality of aerosols, seasonal average AOD 

is used to interpolate the missing monthly AOD and AE data for further analysis. Meanwhile, the 

few missing daily meteorological data are filled with a three-day average moving window.  

Based on the interpolated aerosol data, time series analysis and spatial analysis are used for 

aerosol concentration of both all-size particles (AI) and large particles (AOD) as well as aerosol 

size (AE) in NC for the period of 2000-2016. Mann-Kendall test (MK test) is applied to test the 

significance of the temporal trends indicated by the time series. MK test is a statistical method to 

assess if there is a monotonic upward or downward trend of the variable of interest over time. 

Besides, monthly anomalies of three aerosol proxies are calculated as Eq. 2-3, based on which, 

the linear regression model (Eq. 2-4) is used to study the spatiotemporal trends in aerosols with 

the defined significance level (0.05) at each 1°×1° pixel. 
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                                                  (2-3) 

iMA  is the monthly anomaly of each aerosol proxy, iMT  is the monthly average of each aerosol 

proxy in month i , iMT  is the monthly average of each aerosol proxy in month i  for n  years, 

where n  is 17.  

                                      bxay  *                                                            (2-4) 
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Where, y  is the monthly anomaly of each aerosol proxy, x  is the time. a , the slope of the 

regression model, indicates the trend. b is the intercept. 

Four proxies for anthropogenic emissions (annual consumption of coal, oil, electricity, and 

vehicles) and three proxies for natural emissions (annual average hour of sand dust storm and 

annual occurrence and total area of forest fire) from seven provinces in the study area are 

averaged to the regional level. Pearson correlation coefficients (CC) between seven emission 

proxies and three aerosol proxies are obtained to study the contributions of anthropogenic and 

natural emissions to total aerosols. Besides, CC with seven meteorological factors (Prep, RH, 

EVP, SSD, Tavg, DTR and Wind) are also achieved at annual level to identify the interaction 

between aerosols and meteorology. Furthermore, the coefficient of determination (R2) is obtained 

from the linear regression model to show the variability of the response variable explained by 

each predictive variable. Additionally, the spatial zonal statistics of aerosols are conducted over 

different land cover types and different elevation levels to study the impact of landscape on 

aerosols. 

2.4. Results and Discussions 

2.4.1. Spatiotemporal variability  

Both AI and AOD indicate the increasing trends in aerosol concentration from 2000 to 2011 but 

the declining trends from 2011 onward. The increasing trend in AE suggests a growing 

proportion of small-size particles from 2000 to 2016 (Figure 2-2, the top panel). Previous studies 

have concluded that aerosols with large AOD and AE are probably air-polluted particles from 

anthropogenic activities (Kaufman et al. 2005; Russell et al. 2010). It can be inferred that 

anthropogenic aerosols have taken up an increasing proportion of total aerosols in NC.  
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MK tests confirm the significance (p < 0.05) of the increasing trends in aerosol concentration and 

AE since 2000 (Figure 2-2, the bottom panel). Despite the increasing reports on the degrading air 

quality over NC in recent years, the declining aerosol concentration has been detected from 2011 

onward. The contradiction may partly lie in the differences of the satellite-retrieved AOD and 

air-polluted PM. AOD is a columnar measurement of aerosol concentration from the surface to 

the atmosphere, whereas the air-polluted PM represents the ground-level concentration of 

specific particles (Tian and Chen 2010b; Wu et al. 2012). Besides, AOD is characterized by great 

complexity due to the different sources and instant interactions among local, synoptic and larger-

scale circulations (Di Iorio et al. 2009). 

 

Figure 2-2. Temporal variability (the top panel), MK test (the bottom panel) of three aerosol 

proxies in North China. The orange dotted line in the top panel suggests the three-year moving 

average of each aerosol proxy. UF is the standard normal distribution and UB is calculated like 

UF for the inverse time series. 

 

Seasonally, aerosol concentration is the highest in summer and the lowest in winter. Aerosol size 

is the largest in spring, and the second largest in winter but the smallest in summer (Figure 2-3). 

According to Russell et al. (2010), aerosols with small AOD and AE tend to be mineral dust and 

sea salts generated by natural processes, which are usually coarse-mode. Therefore, higher spring 

aerosol concentration with the largest aerosol size is likely the outgrowth of spring sand-dust 
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storms in Northwest China adjacent to NC. Xia et al. (2005) have also detected a dramatic increase 

in AOD along with the remarkable decrease in AE during the dust episode over NC in spring 2001. 

Besides, the second largest aerosol size in winter may be caused by the increasing sulfates, black 

carbon, nitrate and organic matters generated by the fossil fuel combustion or the Asian dust in 

NC (Kim et al. 2007). The highest summer aerosol concentration is mainly contributed by 

anthropogenic polluted particles with large AOD and AE. Apart from the emissions, Kim et al. 

(2007) have also pointed out that the maximum AOD in June is influenced by a stagnant synoptical 

meteorological system in the Asain continent, which causes the build-up of pollutants.   

                                  
           Figure 2-3. 17-year seasonal average aerosol concentration and size in North China. 

 

Spatially, aerosol concentration is higher in eastern NC with significant increasing trends. AE 

has been significantly increasing across NC with larger increasing trends detected in eastern NC 

(Figure 2-4). Therefore, larger increasing trends in aerosol concentration occur in eastern NC 

with high aerosol concentration, but smaller increasing trends occur in western NC with low 

aerosol concentration. An overall increasing trend in small-size particles indicates the expanding 

proportion of anthropogenic aerosols in NC. It can be concluded that the increasing aerosol 

concentration in eastern NC is mainly from anthropogenic activities. This can be justified by 

heavy traffics and industrial activities in many fully-developed or developing cities distributed in 

eastern NC. In contrast, western NC is largely under the rural atmosphere featured by the large-

scale coverage of forest and grassland with fewer human disturbances. Therefore, the difference 
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in the spatial distribution and variability of aerosols in NC may partly lie in the discrepancy of 

urban and rural environments (Li et al. 2014). 

 
Figure 2-4. Spatiotemporal variability of three aerosol proxies in North China. From the top to the 

bottom panel are the 17-year average, trend and corresponding significance level (p < 0.05). 

 

2.4.2. Relationship with emission 

Annual consumption of coal, oil, electricity, and vehicles has been increasing since 2000 with the 

general increasing rates from year to year. Despite the increasing consumption, the increasing rates 

are more or less declining, which is consistent with the declining aerosol concentration after 2011 
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(Figure 2-5). Besides, the statistically significant (p < 0.01) positive correlations between aerosols 

and anthropogenic emissions (Table 2-1) suggest the great contribution of anthropogenic aerosols 

to the increasing aerosol concentration. R2 suggests that the anthropogenic aerosols can explain 

somewhere from 39% to 73% variability of total aerosol concentration and 34-45% variability of 

aerosol size. Therefore, the assumption that NC has experienced an increasing proportion of 

anthropogenic aerosols is justified by the increasing consumption of coal, oil, electricity and 

vehicles and the significant positive correlations between anthropogenic emissions and aerosols. 

This is also supported by Pan et al.’s (2016) finding that fossil fuel combustion-related emissions 

dominate the atmospheric ammonia sources during the severe haze episode in China.  

                

Figure 2-5. Annual average consumption (the left axis) and changing rates (the right axis) of 

coal, oil, electricity, and vehicle in North China. The changing rates are calculated as

i

ii

v

vv 
 1 , where v  represents the annual average consumption of each proxy for 

anthropogenic emissions and i  refers to the year. 

 

 

 

 

 



32 

 

Table 2-1. Correlation coefficients (CC) and coefficients of determination (R2) between four 

proxies for anthropogenic emissions and three aerosol proxies. 

 
AI AOD AE 

 CC R2 CC R2 CC R2 

Coal 0.85 0.73 0.84 0.69 0.67 0.45 

Oil 0.81 0.66 0.80 0.65 0.63 0.39 

Electricity 0.83 0.68 0.77 0.59 0.66 0.44 

Vehicle 0.71 0.51 0.63 0.39 0.58 0.34 

 

Declining trends are detected in annual occurrence, the total area of forest fires from 2004 to 2007 

and also in the annual average hour of sand-dust storms during 1996-2007, which indicates a 

declining proportion of natural aerosols in total aerosols (Figure 2-6). Despite the positive 

correlations between forest fire and aerosols, these correlations are not significant. Annual average 

hour of sand dust storm is negatively correlated with aerosol concentration (Table 2-2). Normally, 

the concentration of dust should be positively correlated with sand dust storm. This contradiction 

is partly due to the fact that aerosols discussed here refer to all the solid and liquid particles in the 

atmosphere instead of merely dust. Besides, the significant (p < 0.05) positive correlation between 

the average hour of sand dust storm and aerosol size confirms the assumption that the largest 

aerosol size in spring is caused by sand-dust storms. R2 suggests that natural emissions can only 

explain the slight variability of aerosol concentration (2-32%) and size (3-52%). The analysis 

above suggests that natural aerosols and the corresponding proportion in total aerosols have 

declined in NC. 
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Figure 2-6. Temporal variability in annual forest fire (occurrence and total area) and sand dust 

storm (hour). 

 

Table 2-2. Correlation coefficients (CC) and coefficients of determination (R2) between three 

proxies for natural emissions and three aerosol proxies. 

 
AI AOD AE 

 CC R2 CC R2 CC R2 

Occurrence 0.24 0.06 0.39 0.14 -0.51 0.27 

Area 0.46 0.21 0.57 0.32 -0.16 0.03 

Sand dust storm -0.42 0.17 -0.13 0.02 -0.72* 0.52 

            * denotes that correlations are statistically significant at 0.05 significance level. 

 

 

2.4.3. Interaction with meteorology 

Relative humidity, evapotranspiration, surface wind speed and sunshine duration all indicate 

great declining trends with a slight declining trend in precipitation and an increasing trend in 

average temperature (Figure 2-7). Significant negative correlations are detected between aerosol 

concentration and surface wind speed, sunshine duration and evapotranspiration (Table 2-3). 

This suggests that the declining surface wind speed prevents the efficient removal and transport 

of aerosols, leading to the accumulation of aerosols. High aerosol concentration reduces sunshine 

duration, which further reduces evapotranspiration.  

The significant positive correlations between aerosol size and surface wind speed, 

evapotranspiration, and sunshine duration indicate that aerosol size is also important in the 

interaction between aerosols and meteorology. Particularly, the significance of aerosol size is 
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also highlighted by the influence on precipitation, which indicates that the small-size 

anthropogenic aerosols facilitate the development of precipitation. Moreover, the diurnal 

temperature range is significantly reduced by aerosols. Huang et al. (2006) have concluded that 

changes in downward longwave radiation at the surface are important in understanding 

temperature changes from aerosols. Despite a detected positive (negative) correlation between 

relative humidity (temperature) and nitrate aerosols (Tai et al. 2010), in this study, high aerosol 

concentration with increasing small particles tends to decrease surface temperature and relative 

humidity. R2 also suggests that surface wind speed can explain 43-61% variability of total 

aerosols.  

 

Figure 2-7. Temporal variability of annual average meteorological factors in North China based 

on 162 meteorological stations.  

 

Table 2-3. Correlations coefficients (CC) and coefficients of determination (R2) between seven 

meteorological factors and three aerosol proxies for the period of 2000-2016.  

 
AI AOD AE 

 CC R2 CC R2 CC R2 

Wind -0.78** 0.61 -0.72** 0.52 -0.66** 0.43 

EVP -0.77** 0.59 -0.54* 0.29 -0.57* 0.32 

SSD -0.64** 0.41 -0.53* 0.28 -0.59** 0.35 

DTR -0.53* 0.28 -0.40 0.16 -0.48 0.23 

Prep 0.38 0.15 0.12 0.02 0.53* 0.28 

Tavg -0.38 0.15 0.34 0.11 -0.24 0.05 

RH -0.12 0.01 -0.19 0.04 -0.03 0.00 

 **, *, denote that correlations are statistically significant at 0.01 and 0.05 significance levels. 
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Seasonal pattern of aerosol concentration, higher in spring and summer but lower in autumn and 

winter, can be partly explained by wind speed and direction at 925hPa (Figure 2-8). First, stronger 

winds in autumn and winter facilitate the transport and dispersal of aerosols. Second, despite the 

high aerosol concentration in spring and summer, wind direction indicates an anticlockwise 

pattern, which reduces the basal drag from the surface and keeps the aerosols from being spread 

out to the surrounding area, resulting in lower ground-level aerosol concentration. Whereas, in 

autumn and winter, wind direction indicates a counteracting pattern with the closed wind field 

surrounded by strong winds, which increases the basal drag of aerosols, leading to high aerosol 

concentration near the surface. This may further trigger severe air pollution and low visibility in 

winter. Therefore, apart from the differences of satellite-retrieved AOD and ground-level PM, 

wind field provides another possible explanation for the contradiction that air pollution is more 

severe in winter when the higher aerosol concentration is detected in summer.  

 
Figure 2-8. 17-year seasonal average wind speed (m/s) and wind direction at 925hPa over the 

study area. 

 

The negative vertical velocity in spring and summer suggests that aerosols are going upward from 

the surface to the atmosphere, whereas the positive vertical velocity in autumn and winter implies 

that aerosols are going down from the atmosphere to the surface (Figure 2-9). The opposite signs 

of vertical velocity in four seasons along with the dominant high atmospheric pressure in winter 
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and low atmospheric pressure in summer further explain more severe air pollution in winter but 

the higher aerosol concentration in summer.  

 

Figure 2-9. 17-year seasonal average vertical velocity (Omega, Pa/s) at 925hPa over the study 

area. 

 

2.4.4. Relationship with landscape 

AOD and AI are negatively correlated with DEM, and both coefficients are statistically 

significant (p < 0.01) (Figure 2-10). In eastern NC where the elevation is lower, aerosols can 

hardly be spread out and transported, leading to higher aerosol concentration. This is the “basin 

effect” of aerosols as another two regions with a higher aerosol concentration in China are found 

in Xinjiang and Sichuan Basin. Besides, higher aerosol concentration, increasing trends in 

aerosol concentration and declining trend in aerosol size are more detectable over cropland and 

urban than over grassland and forest (Figure 2-11). This further suggests that anthropogenic 

activities, such as agricultural cultivation and urban development, are the primary drivers of 

increasing aerosols in eastern NC.  
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Figure 2-10. Elevation (m) of the study area and scatterplots of elevation against aerosol 

concentration based on 162 meteorological stations. 

 

 

Figure 2-11. Elevation, 17-year average and trends of aerosol concentration and size over four 

primary land covers.      

  

Based on the analysis above, two major land cover types, cropland and urban, with intensive 

anthropogenic activities and the low elevation have shaped the high aerosol concentration and 

large increasing trend in aerosols in eastern NC. However, another two land cover types, forest, 

and grassland, with few human disturbances and the high elevation have contributed to the low 

aerosol concentration in western NC. Land surface properties including elevation and land cover 

type are seldom discussed, which turn out to be influential factors in the build-up of aerosols in 

NC. 
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2.5. Conclusions 

This study investigates the spatiotemporal variability of total aerosols and the relationship with 

emission, meteorology, and landscape in North China for the period of 2000-2016. 

Temporally, total aerosol concentration has significantly increased since 2000 (p < 0.05), reached 

the highest level in 2011 then declined from 2011 onward. The declining trend in aerosol size, the 

increasing anthropogenic emissions, and the declining natural emissions indicate an expanding 

proportion of small-size anthropogenic aerosols in total aerosols. Apart from the emission, the 

declining surface wind speed has greatly contributed to the accumulation of aerosols (p < 0.01). 

High anthropogenic aerosol concentration can significantly reduce sunshine duration, 

evapotranspiration (p < 0.01) and diurnal temperature range (p < 0.05), and facilitate the 

development of precipitation (p < 0.05).    

Seasonally, aerosol concentration is the highest in summer and the lowest in winter, and aerosol 

size is the largest in spring. Seasonal pattern of wind direction, wind speed, and vertical velocity 

at 925hPa can partly justify the severe air pollution in winter when aerosol concentration is the 

highest in summer. The largest aerosol size in spring is largely caused by sand-dust storms. 

Spatially, the low elevation and two major land covers, urban and cropland, with intensive 

anthropogenic activities have shaped the high aerosol concentration in eastern North China with 

larger increasing trends. In contrast, the high elevation with forest and grassland, less disturbed by 

human activities, results in the low aerosol concentration in western North China.    
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Chapter 3 

Estimated Long-term Variability of Direct and Diffuse Solar Radiation in North China 

during 1959-2016  

3.1. Abstract 

The long-term variability of direct and diffuse solar radiation at the surface remains unknown for 

many areas of the world due to the lack of measurements. In this study, two methods, an 

empirical model and an artificial neural network, are used to estimate the long-term variations of 

annual direct and diffuse solar radiation in North China for the 1959-2016 period. Results reveal 

that both methods have a good performance in estimating direct solar radiation (R2
 = 0.49-0.95), 

and the estimation accuracy of diffuse solar radiation can be improved by incorporating the 

influence of aerosols (R2
 = 0.29-0.79). Generally, global and direct solar radiation have 

significantly decreased along with the declining trend in sunshine duration since 1959 (p < 0.01). 

Diffuse solar radiation shows a significant (p < 0.01) increasing tendency over the period of 

1959-2016. Influenced by the atmospheric aerosols, two periods with large diffuse solar radiation 

values have been observed from 1959 to 1989 and from 2004 to 2016. The proportions of direct 

and diffuse solar radiation are almost equal from 1982 onward. Over the period of 2000-2016, 

sunshine duration, aerosol concentration and size can altogether explain 89% and 85% of direct 

and diffuse solar radiation variations, where aerosol concentration accounts for about 63% of 

changes in diffuse solar radiation. This study characterizes the long-term variability of direct and 

diffuse solar radiation in North China since 1959 and highlights the contribution of aerosols to 

diffuse solar radiation from 2000 to 2016.  
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3.2. Introduction 

Solar radiation is a key element of energy exchanges between the atmosphere and the earth (Wu 

et al. 2007). Previous studies have reported both regional and global dimming periods in about 

1960 until 1990 (Liang and Xia 2005; Wild et al. 2005; Xia et al. 2006; Wang and Wild 2016) 

based on the measurement of global solar radiation (global radiation), possibly due to cloud 

changes and increasing aerosols (Pinker et al. 2005). However, the long-term variability of the 

direct and diffuse components of global radiation is seldom discussed. Direct solar radiation 

(direct radiation) is important for solar power projects (Polo et al. 2016). More diffuse solar 

radiation (diffuse radiation) can increase the evaporative fraction (Pedruzo-Bagazgoitia et al. 

2017), terrestrial productivity (Cheng et al. 2015) and land carbon uptake (Yue and Unger 2017). 

Therefore, precise knowledge of direct and diffuse radiation is essential.  

Field measurements of direct and diffuse radiation are not easily available since measurements in 

most areas of the world are only for global radiation. Although the satellite-based estimates of 

direct and diffuse radiation are accessible, Alonso-Montesinos et al. (2015) have concluded that 

the accuracy of satellite-derived direct and diffuse radiation is the best under cloudless skies but 

the worst under overcast skies. In this context, empirical models have been developed to estimate 

direct and diffuse radiation. Liu and Jordan (1960) have presented the relationships of direct, 

diffuse and global radiation on both clear and cloudy days at hourly, daily and monthly level. 

Sunshine duration and clearness index have been used to estimate diffuse radiation (Erbs et al. 

1982; Boukelia et al. 2014). Li et al. (2011, 2012) have improved the estimation of diffuse 

radiation by considering air temperature and relative humidity. In contrast, very few models have 

been developed to estimate direct radiation (Spitters et al. 1986; Safaripour and Mehrabian 

2011).  
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North China (NC) is a very populated and polluted region with two times higher aerosol optical 

depth (AOD) than the global average (Xin et al. 2014). Aerosols can directly impinge on solar 

radiation reaching the earth surface via absorption and reflection (Zheng et al. 2008). Papadimas 

et al. (2012) have suggested that aerosols reduce the downward solar radiation at the 

Mediterranean’s surface by 3-38% under all-sky conditions. In China, the number of winter haze 

events triggered by polluted aerosols has been increasing (Han et al. 2016; Ho et al. 2016). These 

changes can further affect solar radiation and sunshine duration (Kaiser 2002; Liang et al. 2005; 

Yang et al. 2009). Therefore, the impact of aerosols on solar radiation should be highlighted over 

highly-polluted regions. 

The main goals of this study are: (1) to estimate the long-term variability of direct and diffuse 

radiation in NC for the 1959-2016 period using an empirical model (EM) and a backpropagation 

artificial neural network (BP network); and (2) to analyze the contributions of sunshine duration 

and aerosols to direct and diffuse radiation variations from 2000 to 2016.  

3.3. Data  

In this study, a daily solar radiation dataset including global, direct and diffuse radiation (MJ/m2) 

was obtained from the China Meteorological Data Sharing System (CMDSS, 

http://cdc.cma.gov.cn/) from 1959 to 2016. Seven meteorological and radiometric stations with 

over 99% daily global radiation, located in NC, were used. Among the seven stations, two 

stations with over 99% daily direct and diffuse radiation are referred to as the Type I stations. 

The remaining five stations, with only 50-90% daily direct and diffuse radiation due to no 

measurements after 1990, are referred to as the Type II stations. Apart from solar radiation, daily 

sunshine duration (SSD), the most common type of solar radiation measurements (Zheng et al. 

http://cdc.cma.gov.cn/


46 

 

2008), was also collected at the seven stations from the CMDSS for the same period. Figure 3-1 

presents the location of the study area and the spatial distribution of the seven stations.      

 

Figure 3-1. Location of the study area (North China, NC) and spatial distribution of the seven 

stations including the two Type I stations and the five Type II stations in North China.  

 

To study the impact of atmospheric aerosols on solar radiation, satellite-retrieved aerosols were 

collected from MOD08M3, a gridded atmospheric product from the Moderate Resolution 

Imaging Spectroradiometer (MODIS). Two aerosol proxies including monthly AOD and 

Angstrom exponent (AE) were collected. AOD is the degree to which aerosols prevent the 

transmission of light by absorption or scattering, which is an effective indicator of aerosol 

concentration. An optical depth of less than 0.1 indicates a clear sky with maximum visibility 

whereas a value of 1 indicates a very hazy condition. AE, the negative slope of AOD with the 

wavelength in logarithmic scale, is a proxy for aerosol size. A larger (smaller) AE indicates the 

dominance of smaller (larger) particles.  
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3.4. Methods 

3.4.1. Methods development 

First, the few missing daily solar radiation data were interpolated using a three-day average 

moving window at the two Type I stations from 1959 to 2016 and at the five Type II stations 

from 1959 to 1990. Missing monthly aerosol concentration and size data were interpolated with 

the seasonal average given the seasonality of aerosols (Feng et al. 2018). Then, daily solar 

radiation, sunshine duration, and monthly aerosol concentration and size were averaged to the 

annual level. Based on these quality-controlled data at the two Type I stations, an EM and a BP 

network are developed and validated to estimate annual direct and diffuse radiation after 1990 at 

the five Type II stations.   

When developing new empirical models, despite the good estimates of direct and diffuse 

radiation from global radiation (Liu and Jordan 1960), Benson et al. (1984) have suggested that 

the estimates of direct and diffuse radiation can be improved by considering sunshine duration. 

Thereby, new empirical models (Eqs. 3-1 and 3-2) are developed to estimate annual direct 

( directR ) and diffuse radiation ( diffuseR ) using global radiation ( gR ), sunshine duration ( SSD ), and 

clearness index ( TK , Eq. 3-3). 

            bRSSDaR gdirect                                                              (3-1) 

                              cKb
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aR Tdiffuse 
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                                                    (3-2)            

Where,               

                               
0R

R
K

g

T                                                                                    (3-3) 



48 

 

)]sin()cos()cos()sin()sin()[(
)60(12

0 ssrsc wwdGR 


            (3-4) 

                              
swS



24
0                                                                                  (3-5)  

0R  is the extraterrestrial radiation (Eq. 3-4) and 0S  is the maximum sunshine duration (Eq. 3-5).

scG  is the solar constant; rd  is the inverse relative Earth-Sun distance; sw  is the sunset hour 

angle;   is the latitude, and   is the solar decimation. a  and b are the coefficients to be 

determined. 

To consider the undetected relationships between solar radiation and sunshine duration, a BP 

network is designed. In this network, annual global radiation and sunshine duration are the input 

variables and annual direct and diffuse radiation are the output variables. One hidden layer with 

six nodes is set up, and the sigmoid transfer function (
xe

xf



1

1
)( ) is used. First, the BP 

network is trained at the two Type I stations for the training (1959-1989) period and is validated 

on both the training and the estimation (1990-2016) periods. Then, a similar network is trained 

and validated at the five Type II stations for the training period, based on which annual direct 

and diffuse radiation are estimated for the estimation period.  

To highlight the significance of aerosols, another empirical model, referred to as the EM (AOD), 

is developed to estimate annual diffuse radiation by incorporating aerosols using satellite-based 

AOD (Eq. 3-6). The estimation of diffuse radiation using the EM (AOD) starts since 2000 when 

the satellite-based AOD is available.  

    cAODbSSDa
R

R

g

diffuse
                                                     (3-6) 
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Similarly, a  and b  are coefficients to be determined. 

3.4.2. Methods validation  

The measured direct and diffuse radiation available at the seven stations are used to validate the 

estimates by the two methods with the determination coefficient (R2) and root mean square error 

(RMSE) indicating the estimation accuracy. First, validations of the empirical models (EM, Eqs. 

3-1 and 3-2) are shown in Figure 3-2 (the two Type I stations) and Table 3-1 (the five Type II 

stations).  

The empirical models can reach better estimates of direct (R2 = 0.78-0.88) than diffuse radiation 

(R2 = 0.17-0.72). Although the estimation accuracy of diffuse radiation by Eq. 3-2 varies greatly, 

Eq. 3-2 can estimate diffuse radiation with acceptable R2 and RMSE at most stations.  

 

Figure 3-2. Scatterplot of the observed against the estimated annual average direct and diffuse 

radiation by the empirical models at the two Type I stations. 

 

Table 3-1.Validation of the estimated annual direct and diffuse radiation by the empirical models 

using R2 and RMSE at the five Type II stations.  

Station ID 
Direct Radiation Diffuse Radiation 

R2 RMSE R2 RMSE 

53487 0.88 0.45 0.26 0.36 

53772 0.86 0.41 0.40 0.39 

53963 0.81 0.45 0.34 0.40 

54527 0.86 0.52 0.49 0.36 

54823 0.78 0.66 0.17 0.42 
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Second, validations of the BP network are shown in Figure 3-3 (the two Type I stations) and 

Table 3-2 (the five Type II stations). Similarly, the BP network can achieve better estimates of 

direct (R2 = 0.49-0.95) than diffuse radiation (R2 = 0.12-0.82) at the two Type I stations for the 

training and estimation periods and at the five Type II stations for the training period. 

 

Figure 3-3. Scatterplot of the observed against the estimated annual average direct and diffuse 

radiation by the BP network at the two Type I stations during both the training (1959-1989) and 

estimation (1990-2016) periods. 

 

Table 3-2. Validation of annual average direct and diffuse radiation estimated by the BP network 

using R2 and RMSE at the five Type II stations during the training (1959-1989) period. 

Station ID 
Direct Radiation  Diffuse Radiation  

R2 RMSE R2 RMSE 

53487 0.95 0.26 0.62 0.26 

53772 0.91 0.33 0.63 0.37 

53963 0.85 0.40 0.37 0.39 

54527 0.91 0.42 0.64 0.31 

54823 0.93 0.34 0.51 0.33 
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Third, validations of the EM (AOD) (Eq. 3-6) at the two Type I stations from 2000 to 2016 are 

shown in Figure 3-4. For comparison, validations of the empirical model (Eq. 3-2) and the BP 

network in estimating diffuse radiation for the same period are presented in Table 3-3. 

 

Figure 3-4. Scatterplot of the observed against the estimated annual average diffuse radiation by 

the empirical model (EM (AOD), Eq. 3-6) at the two Type I stations. 

 

Table 3-3. Validation of annual average diffuse radiation estimated by the empirical model (Eq. 

3-2) and BP network at the two Type I stations. 

Station ID 

Diffuse Radiation (2000-2016) 

EM (Eq. 3-2) BP network 

R2 RMSE R2 RMSE 

54511 0.19 0.26 0.14 0.25 

57083 0.01 0.53 0.12 0.97 

 

The EM (AOD) shows a better performance (R2 = 0.29-0.52) than the empirical model (EM, Eq. 

3-2) and the BP network. Then, measurements from the two Type I stations are used to calibrate 

and validate the EM (AOD) (Eq. 3-6). The validated model (Eq. 3-7) is used to estimate annual 

diffuse radiation at the five Type II stations from 2000 to 2016.  



52 

 

33.0,79.0

,615.0228.0041.0

2 



RMSER

AODSSD
R

R

g

diffuse

                                         (3-7) 

The validations above suggest that both methods can achieve better estimates of direct (R2
 = 

0.49-0.95) than diffuse radiation (R2
 = 0.12-0.82), and the estimation accuracy of diffuse 

radiation can be improved by incorporating aerosols (R2
 = 0.29-0.79). Similar to our results, 

Zeng et al. (2018) have also concluded that AOD can be an influential factor to improve the 

estimation accuracy of solar radiation.  

Based on the solar radiation dataset with the missing data estimated using the empirical models 

and the BP network, the long-term variability of direct and diffuse solar radiation is investigated 

using the average of measurements and estimates at the seven stations in NC. Mann-Kendall test 

(MK test) is employed to test the significance of the trend in solar radiation. 

3.4.3. Weight analysis 

Correlation coefficients between aerosols, sunshine duration, and solar radiation are obtained for 

different periods to reveal the varying influence of aerosols and sunshine duration on solar 

radiation. Then, the weight analysis (Eqs. 3-8 and 3-9) based on another BP network is used to 

analyze the contributions of aerosols and sunshine duration to solar radiation from 2000 to 2016. 

In this case, a similar BP network, referred to as the BP* network, is designed with AOD, AE 

and SSD as the input variables and global, direct and diffuse radiation as the output variables.  

                     
i ijijjj iji wwVwb |)]|ln||ln(|[|||                                     (3-8)                    
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Where ib  and ic  are the contribution and contribution rate of the input variable i , ijw  is the 

weights between the input node 𝑖 and the hidden node j , jV  is the weight between the hidden 

node j  and the output node.  

3.5. Results  

3.5.1. Long-term variability of surface solar radiation  

Global radiation and sunshine duration have significantly (p < 0.01) decreased in NC since 1959 

(Figure 3-5). Tang et al. (2011) have indicated that the declining trend in global radiation didn’t 

persist into the 1990s despite the “from dimming to brightening” transition in China. However, 

our results suggest that the dimming in NC ends in 2007 and that global radiation has increased 

from 2007 onward. This difference may result from the distinct size of the study area. Besides, 

similar to our results, the declining trend in sunshine duration has also been detected by Kaiser 

(2002) over the period of 1954-1998, particularly in eastern China. Although the long-term 

variability of global radiation is generally in line with that of sunshine duration, their temporal 

evolutions are not consistent in the recent decade. Potential causes, such as cloud changes or 

atmospheric aerosols, may account for the disagreement. Manara et al. (2017) have suggested 

that the pattern of atmospheric turbidity could also be one reason for the discrepancy of trends in 

sunshine duration and global radiation. 

 

Figure 3-5. Temporal variability of annual average global radiation (MJ/m2) and sunshine 

duration (h) in North China.  
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The two methods can reach a good agreement on the long-term variability of direct and diffuse 

radiation (Figure 3-6). Specifically, direct radiation and the direct/diffuse ratio have significantly 

(p < 0.01) decreased whereas diffuse radiation has significantly (p < 0.01) increased since 1959. 

Direct radiation, similar to global radiation, has increased since 2007. The increase of direct 

radiation after the dimming period is largely attributed to the increase of global radiation as 

direct radiation refers to the part of global radiation that directly reaches the Earth’s surface 

(Qian et al. 2007). Normally, when the sky is clear, direct radiation is around 85% of global 

radiation and diffuse radiation is about 15% (Naqi 2005). Therefore, direct radiation usually 

varies in line with global radiation.  

Besides, two periods with large diffuse radiation values have been detected. One is from 1959 to 

1989 within the “global dimming” period (1960-1990) and the other is from 2004 to 2016 due to 

the alarming air pollution triggered by high aerosol concentration. In addition, the sudden 

downward jump in the direct/diffuse ratio in 1978 indicates an overall deterioration of air quality 

in NC since the economic reform and opening up policy in 1978 followed by dramatic economic 

development and industrial activities. According to Wild (2009), solar radiation variations are 

detected under both cloudy and cloud-free atmospheres. Therefore, the origins of these variations 

are internal to the Earth’s atmosphere and not externally forced by the Sun. It is anticipated that 

the atmosphere contributes more than sunshine duration to the recent solar radiation variations in 

NC. 
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Figure 3-6. Temporal variability and MK tests of annual average direct, diffuse radiation 

(MJ/m2) and the ratio of direct to diffuse radiation (direct/diffuse ratio) in North China.  

 

Direct fraction, generally above 50%, is larger than diffuse fraction before 1982 (Figure 3-7). 

With the significant (p < 0.01) decreasing trend in direct fraction and increasing trend in diffuse 

fraction since 1959, direct and diffuse fractions are almost equal from 1982 onward. Luo et al. 

(2001) have detected a peak of AOD in 1982 over China, which may be partly caused by the 

eruption of EI Chichon. Therefore, the increase of diffuse radiation is largely caused by the 

increase in atmospheric aerosols. Despite the approximately equal contributions since 1982, the 

declining contribution of direct radiation suggests an increasing contribution of diffuse radiation 

to global radiation since 1959 as the sum of direct and diffuse radiation is global radiation.  

The significant (p < 0.01) declining trends in direct radiation, direct fraction and the significant 

(p < 0.01) increasing trends in diffuse radiation, diffuse fraction are all important solar radiation 

variations in NC since 1959. 
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Figure 3-7. Temporal variability of annual direct and diffuse fractions in North China. Direct and 

diffuse fractions refer to the fractions of direct and diffuse radiation (estimated by EM) in global 

radiation. 

 

3.5.2. Correlation between solar radiation and sunshine duration 

Global radiation is positively correlated with sunshine duration (0.77**) over the period of 1959-

2016, but the correlation is not significant (0.14) from 2000 to 2016 (Table 3-4). The similar 

pattern is also detected between direct radiation and sunshine duration. It suggests that increases 

in global and direct radiation after 2007 are less influenced by sunshine duration.  

Diffuse radiation is negatively correlated with sunshine duration, and the correlation is 

significant for the 1990-2016 period. However, non-significant correlations are detected between 

diffuse radiation and sunshine duration in the two periods with large diffuse radiation values. It 

indicates that sunshine duration has also been less influential to diffuse radiation. Instead, 

aerosols may play an active role in diffuse radiation variations as the two periods with large 

diffuse radiation values are featured by higher aerosol concentration.   

 

 

 



57 

 

Table 3-4. Correlation coefficients between solar radiation (estimated by EM) and sunshine 

duration (SSD) for different periods. 

 1959-2016 1959-1989 1990-2016 2000-2016 

SSD & Rg 0.77** 0.89** 0.17 0.14 

SSD & Rdirect 0.84** 0.79** 0.61** 0.43 

SSD& Rdiffuse -0.39** -0.27 -0.61** -0.30 

SSD & direct/diffuse Ratio 0.81** 0.69** 0.78** 0.55* 

**, * suggest the correlation coefficients are statistically significant at 0.01, 0.05 significance 

level.  

 

3.5.3. Correlation between solar radiation and aerosols 

Aerosol concentration has increased since 2000 and reached the highest level in 2011 but declined 

from 2011onward (Figure 3-8). Previous studies have suggested that aerosols with larger AOD 

and AE are probably the fine-mode air-polluted particles produced by anthropogenic activities 

(Kaufman et al. 2002; Russell et al. 2010). Thereby, the increasing trend in AE implies a significant 

(p < 0.05) increasing proportion of anthropogenic aerosols in NC. This is largely caused by the 

increasing anthropogenic emissions from the consumptions of fossil fuels, electricity and vehicles 

(Feng et al. 2018). 

 

Figure 3-8. Temporal variations of annual average aerosol concentration (AOD) and size (AE) in 

North China. NS suggests not significant.  

 

Although the correlations are not always statistically significant, it is worth mentioning that the 

increasing small-size anthropogenic aerosols can reduce global and direct radiation but increase 

diffuse radiation (Table 3-5). Similar to sunshine duration, aerosol concentration can 
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significantly (p < 0.05) influence the ratio of direct to diffuse radiation. Therefore, it is important 

to highlight the impact of aerosols on solar radiation over highly-polluted NC in the recent 

decade. 

Table 3-5. Correlation coefficients between solar radiation (estimated by EM) and aerosols. 

 AOD AE 

Rg -0.19 -0.09 

Rdirect -0.47 -0.24 

Rdiffuse 0.24 0.00 

Direct/diffuse ratio -0.57* -0.26 

* suggest the correlation coefficients are statistically significant at 0.05 significance level. 

 

3.5.4. Weight analysis 

Over the period of 2000-2016, sunshine duration, aerosol concentration and size can altogether 

explain 91%, 89% and 85% of global, direct and diffuse radiation variations (Figure 3-9). 

Sunshine duration explains about 55% of global radiation variations and aerosol concentration 

explains 63% of diffuse radiation variations (Table 3-6). The analysis above justifies the reason 

why the empirical model (EM (AOD)) can improve the estimation accuracy of diffuse radiation 

by incorporating aerosols over the heavily-polluted NC. 

 

Figure 3-9. Scatterplot of the observed against the estimated annual average global, direct and 

diffuse radiation by sunshine duration, total aerosol concentration and size using the BP* 

network. 
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Table 3-6. Contributions of aerosols and sunshine duration to solar radiation suggested by the 

weight analysis (Eqs. 3-8 and 3-9) based on the BP* network. 

 Rg Rdirect Rdiffuse 

SSD 55.1% 27.7% 10.5% 

AOD 29.1% 34.8% 63.4% 

AE 15.8% 37.5% 26.2% 

 

3.6. Discussions 

Regarding the interpolation of missing daily solar radiation data using the three-day average 

moving window, our tests suggest that the limited number and the random distribution of 

missing daily data are two prerequisites in order not to bias the analysis at annual level. 

However, the three-day average moving window cannot provide reasonable estimates of direct 

and diffuse radiation after 1990 at the five Type II stations. In this case, the empirical model and 

BP network can function well by considering both the linear and nonlinear relationships among 

variables. 

Correlation coefficients between solar radiation and sunshine duration vary greatly for different 

periods, which indicates the changing influence of sunshine duration on solar radiation. Hence, 

the temporal scale should be considered when conducting the correlation analysis. Besides, the 

positive correlation between aerosol concentration and diffuse radiation and the good 

performance of the EM (AOD) highlight the contribution of aerosols to diffuse radiation in NC. 

Similar to our findings, Kazadzis et al. (2018) have reported that most of the observed changes in 

surface solar radiation in Athens after 1954 are attributed to the changing aerosol load. Liepert 

(2002) also suggests that the increase of aerosols from air pollution alone can explain about 

3W/m2 of the observed decline in surface solar radiation over the USA from 1961 to 1990.  
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The increasing aerosols in NC from 2000 to 2016 have influenced the correlation between 

sunshine duration and solar radiation. Particularly, if aerosols are not considered, diffuse 

radiation tends to be underestimated. Three methods proposed in previous studies for estimating 

monthly diffuse radiation are discussed at the two Type I stations (Figure 3-10). Erbs et al. 

(1982) have achieved good estimates of diffuse radiation using the clearness index which covers 

the influence of atmospheric components on the incoming radiation (Figure 3-10 A, B). Chen et 

al. (2012) have underestimated diffuse radiation (Figure 3-10 C, D) using the empirical method 

developed under a mid-latitude marine air mass near Vancouver, Canada. Li et al. (2011; 2012) 

also slightly underestimate diffuse radiation for not considering aerosols (Figure 3-10 E, F). 

Comparisons of the estimated and measured diffuse radiation reveal the significance of aerosols 

in studying diffuse radiation over heavily-polluted regions. Additionally, the relationship 

between solar radiation and aerosols may vary at daily, monthly and annual level. Future efforts 

are needed to develop new methods to estimate diffuse radiation by incorporating aerosols at 

monthly and daily level. 
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Figure 3-10. Scatterplots of the observed and the estimated monthly diffuse radiation at the two 

Type I stations in North China using three different methods. A, B are the results using Erbs et 

al.’s method (1982), C, D by Chen et al.’s method (1999), and E, F by Li et al.’s method (2011). 

See the supplementary for the three methods. 

 

3.7. Conclusions 

The empirical model and the BP network perform better in estimating annual direct solar 

radiation (R2 = 0.49-0.95). The estimation accuracy of annual diffuse solar radiation (R2 = 0.29-

0.79) can be improved by incorporating the influence of aerosols. Direct solar radiation has 

significantly decreased whereas diffuse solar radiation has significantly increased in North China 

since 1959 (p < 0.01). Two periods with large diffuse solar radiation values have been observed 

from 1959 to 1989 within the “global dimming” period and from 2004 to 2016 due to the high 

aerosol concentration. The significant (p < 0.01) declining trend in direct fraction suggests a 

significant (p < 0.01) increasing contribution of diffuse solar radiation to global solar radiation. 

Over the 2000-2016 period, sunshine duration, aerosol concentration and size can altogether 
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explain 89% and 85% of direct and diffuse solar radiation variations, where aerosol 

concentration contributes about 63% to the changes in diffuse solar radiation. 

The study has estimated the long-term variability of direct and diffuse solar radiation and 

highlighted the significance of aerosols to diffuse solar radiation in the highly-polluted North 

China. Methods and results presented in this study can provide guidance for future studies 

regarding energy utilization and agriculture activities in North China. 
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Chapter 4 

Improved Empirical Models for Estimating Surface Direct and Diffuse Solar Radiation at 

Monthly and Daily level: A case study in North China  

4.1. Abstract 

Precise knowledge of direct and diffuse solar radiation is important for energy utilization and 

agricultural activities. However, field measurements in most areas of the world are only for 

global solar radiation. The satellite-retrieved direct and diffuse solar radiation show poor 

performance under overcast skies. Therefore, better empirical models are needed to estimate 

direct and diffuse solar radiation by considering the impact of aerosols over polluted regions. A 

case study is conducted in North China with the ground-measured solar radiation and the 

satellite-retrieved aerosol optical depth to develop new empirical models at monthly (from 2000 

to 2016) and daily (from 2006 to 2009) level. The improved empirical models are validated using 

the field measurements and compared with the existing models. Results suggest that these 

models perform well in estimating direct solar radiation at monthly (R2 = 0.86-0.91, RMSE = 

0.76-0.83MJ/m2) and daily (R2 = 0.91-0.94, RMSE = 1.51-1.64MJ/m2) level. The estimation 

accuracy of monthly (R2 = 0.95-0.96, RMSE = 0.57-0.65MJ/m2) and daily (R2 = 0.91-0.93, RMSE 

= 1.09-1.15MJ/m2) diffuse solar radiation, particularly the large diffuse solar radiation value, has 

been improved compared to the existing models. The models presented in this study can be 

useful in the improvement and evaluation of solar radiation dataset over polluted regions like 

North China. 

4.2. Introduction 

Solar radiation is the key energy source for many physical and biological processes on Earth. 

Global solar radiation (global radiation) passing through the atmosphere comprises the direct and 
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diffuse components (Qian et al. 2007). Direct solar radiation (direct radiation), the direct beam 

radiation on the horizontal surface, also known as direct normal irradiance, is important for the 

heat gain of buildings (Paula et al. 2016) and solar power project (Polo et al. 2016). Diffuse solar 

radiation (diffuse radiation), radiation that has been scattered by molecules and particles in the 

atmosphere, plays an active role in thermal, chemical and biological processes on the Earth 

surface (Mubiru and Banda 2007; Pedruzo-Bagazgoitia et al. 2017; Yue and Unger 2017). 

Therefore, knowledge of global radiation alone is not sufficient, precise knowledge of direct and 

diffuse radiation is also essential. 

Field measurements of direct and diffuse radiation are not available for most areas of the world 

due to the high technical and financial costs. Satellite products and reanalysis data provide 

estimates of solar radiation, which have been evaluated by comparing with field measurements 

(Ineichen 2014; Urraca et al. 2017, 2018). Despite some good estimates (Amillo et al. 2014; 

Bakirci and Kirtiloglu 2018), Alonso-Montesinos et al. (2015) have concluded that the accuracy 

of satellite-derived direct and diffuse radiation is overall lower than that of global radiation and 

that it is the best under cloudless skies but the worst under overcast skies. Frank et al. (2018) 

have also found overestimates of global radiation by reanalysis data in cloudy skies. Given these 

facts, empirical models have been widely developed to estimate direct and diffuse radiation. 

Liu & Jordan (1960) have presented the relationships of direct, diffuse and global radiation on 

both clear and cloudy days from hourly, daily to monthly scale. Since then, the estimations of 

direct and diffuse radiation have been improved by various empirically-derived models (Mubiru 

and Banda 2007; Jiang 2009; Zhang et al. 2017). Clearness index, the ratio of global radiation to 

extraterrestrial radiation, introduced by Erbs et al. (1982), has been a useful factor in estimating 

diffuse radiation (Boukelia et al. 2014; Bakirci and Kirtiloglu, 2018). Sunshine duration, the 



68 

 

most common type of solar radiation measurements, is also used for estimating diffuse radiation 

(Jiang, 2009; Sabzpooshani and Mohammadi, 2014). Li et al. (2011; 2012) have improved the 

temperature-based solar radiation model (Maghrabi 2009) by incorporating relative humidity in 

estimating monthly diffuse radiation. Yao et al. (2015) have also developed a new anisotropic 

model based on the concept of radiation intensity to estimate diffuse radiation. In contrast, very 

few models have been developed to estimate direct radiation (Spitters et al. 1986; Safaripour and 

Mehrabian 2011). 

Despite the general good estimates, these models may not perform well in the highly-polluted 

region where solar radiation is highly altered by aerosols. In the recent decade, the aerosol-effect 

on solar radiation has been extensively discussed (Kim and Ramanathan 2008; Yang et al. 2009; 

Boers et al. 2017). High aerosol concentration can decrease the duration and intensity of 

sunshine (Kaiser, 2002), reduce global radiation and increase diffuse radiation (Qian et al. 2007). 

Zeng et al. (2018) have concluded that the estimation accuracy of solar radiation can be limited 

by using only sunshine duration without considering aerosols. Fernández-Peruchena et al. (2010) 

have estimated solar radiation using aerosol optical depth by a clear sky model. Further efforts 

are needed to improve the empirical models for estimating direct and diffuse radiation by 

incorporating the aerosol-effect over heavily polluted regions under all sky conditions. 

The objective of this study is to improve empirical models for estimating direct and diffuse 

radiation by considering aerosols over polluted regions at monthly and daily level. A case study 

is conducted in North China (NC), a very populated and polluted region featured by an 

increasing proportion of anthropogenic aerosols. The improved empirical models are validated 

using the field measurements and also compared with the existing empirical models with respect 

to the estimation accuracy. 
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4.3. Data 

4.3.1. Ground-measured solar radiation  

The solar radiation dataset was obtained from the China Meteorological Data Sharing System 

(CMDSS, http://cdc.cma.gov.cn/) including daily global, direct and diffuse radiation (unit: 

MJ/m2). This dataset has been through the preliminary quality checks. Two meteorological and 

radiometric stations (Beijing 54511 and Zhengzhou 57083) located in NC, with over 99.9% daily 

global, direct and diffuse radiation from 2000 to 2016, were used to develop and validate the 

improved empirical models. Daily sunshine duration (unit: hour), the key measurement of solar 

radiation reaching the earth surface, was also collected at the two stations from the CMDSS for 

the same period. The few missing data in the two radiation datasets were interpolated using a 

three-day average moving window. Figure 4-1 presents the location of the study area and the 

spatial distribution of the two stations.  

 

Figure 4-1. Location of the study area (North China, NC) and spatial distribution of the two 

stations in North China.  

http://cdc.cma.gov.cn/
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4.3.2. Satellite-retrieved aerosol concentration 

To incorporate the aerosol-effect on solar radiation, satellite-retrieved aerosol optical depth 

(AOD) was collected from the Terra (MOD) and Aqua (MYD) platforms on board the Moderate 

Resolution Imaging Spectroradiometer (MODIS). The spatial resolution is 1°×1°. The MODIS 

instruments on the Terra and Aqua platforms scan the same area on Earth at approximately 10:30 

am and 1:30 pm (local time), respectively. AOD, an effective indicator of aerosol concentration, 

is the degree to which aerosols prevent the transmission of light by absorption or scattering. 

Monthly AOD was collected from the Terra platform (MOD08M3) for the 2000-2016 period 

given few missing monthly AOD data. Daily AOD was collected from both platforms for four 

normal calendar years from 2006 to 2009 to increase the number of available daily AOD data.  

At monthly level, there are generally over 181-month AOD data available for the period of 2000-

2016. Few missing monthly AOD data were interpolated by the seasonal average given the 

strong seasonality of AOD (Feng et al. 2018). At daily level, considering more AOD data with 

higher accuracy from the Terra platform (Segura et al. 2012), the missing AOD data from the 

Terra platform were filled with available AOD data from the Aqua platform to increase the 

number of daily AOD data. Despite the increased number, there are still 42.50-46.80% missing 

data from 2006 to 2009, mainly detected in winter. To spare any biases introduced by different 

interpolation methods, daily direct and diffuse radiation are separately estimated on days with or 

without AOD data.  



71 

 

4.4. Model development 

4.4.1. Model development at monthly level 

Correlations between aerosol concentration )(AOD , sunshine duration )(SSD , global radiation 

)( gR and direct radiation )( directR , diffuse fraction (
gdiffuse RR , the fraction of diffuse radiation in 

global radiation) are analyzed using Pearson correlation coefficients at each station (Table 4-1). 

Meanwhile, scatterplots of the predictor variables ),,( gRSSDAOD against the response variables

),( gdiffusedirect RRR  from the two stations are drawn in Figure 4-2.   

Table 4-1. Correlation coefficients between
gdiffusedirect RRR ,  and AODSSDRSSD g ,, at 

monthly level at each station. 

Station ID 
directR  gdiffuse RR  

gRSSD   SSD  AOD  

54511 0.95 -0.43 0.74 

57083 0.93 -0.50 0.55 
              

Direct radiation, the part of global radiation that directly reaches the Earth’s surface (Qian et al. 

2007), can be measured by sunshine duration. More direct and global radiation are in reasonable 

agreement with longer sunshine duration. Therefore, there are significant (p < 0.01) positive 

correlations between direct radiation and sunshine duration modified by global radiation. 

However, the increase of direct radiation due to longer sunshine duration may reduce the 

proportion of diffuse radiation in a given global radiation. Atmospheric aerosols can greatly 

increase diffuse radiation via scattering and reflection. Hence, diffuse fraction is significantly (p 
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< 0.01) negatively correlated with sunshine duration but positively correlated with aerosol 

concentration at both stations. 

 

Figure 4-2. Scatterplots of
gdiffusedirect RRR , against AODSSDRSSD g ,, at monthly level from 

the two stations. The dashed curves represent the best trendlines. 

 

Scatterplots reveal a first-order polynomial correlation between direct radiation and sunshine 

duration modified by global radiation (Figure 4-2a), between diffuse fraction and sunshine 

duration (Figure 4-2b), aerosol concentration (Figure 4-2c). Thereby, direct radiation can be 

directly estimated using global radiation and sunshine duration, whereas diffuse fraction can be 

estimated by sunshine duration and aerosol concentration. Based on the analysis above, two 

empirical models are developed to estimate monthly direct and diffuse radiation (Eq. 4-1).   

                                       
222
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                                                  (4-1) 

Where cba ,, are coefficients to be determined. 

 

4.4.2. Model development at daily level 

Similar analysis is conducted at daily level with the Pearson correlation coefficients and 

scatterplots presented in Table 4-2 and Figure 4-3, respectively. 
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Table 4-2. Correlation coefficients between gdiffusegdirectdirect RRRRR ,, and AODSSD, at daily 

level from the two stations.  

Year directR  gdirect RR  
gdiffuse RR  

SSD  AOD  SSD  AOD  

2006 0.86 -0.82 -0.83 0.82 

2007 0.87 -0.75 -0.81 0.75 

2008 0.86 -0.79 -0.80 0.79 

2009 0.89 -0.84 -0.74 0.84 

 

At daily level, similar to that at monthly level, there are significant (p < 0.01) positive 

correlations between direct radiation and sunshine duration from 2006 to 2009. Since the sum of 

direct and diffuse radiation is global radiation, the increased diffuse fraction by aerosols can 

reduce direct fraction (the fraction of direct radiation in global radiation). Therefore, there are 

negative correlations between direct fraction and aerosol concentration. Similar significant (p < 

0.01) correlations between diffuse fraction and sunshine duration, aerosol concentration are also 

detected at daily level.  

 

Figure 4-3. Scatterplots of gdiffusegdirectdirect RRRRR ,, , against AODSSD, at daily level from the 

two stations. Results in year 2006 are shown. The dashed curves represent the best trendlines. 

 

Scatterplots suggest second order polynomial correlations between direct radiation and sunshine 

duration (Figure 4-3a), and between direct fraction and aerosol concentration (Figure 4-3b) but 

they are opposite in signs. Diffuse fraction suggests a first-order polynomial correlation with 

sunshine duration (Figure 4-3c) but a logarithmic correlation with aerosol concentration (Figure 
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4-3d). Thereby, at daily level, direct radiation can increase in line with sunshine duration, 

whereas diffuse fraction cannot always increase with aerosol concentration as diffuse radiation 

cannot exceed global radiation and global radiation can be reduced by aerosols (Chou et al. 2006; 

Qian et al. 2007).   

Based on the analysis above, two empirical models incorporating three scenarios (S1-S3) are 

developed to estimate daily direct and diffuse radiation. S1 refers to the scenario where sunshine 

duration is zero. S2 and S3 refer to the scenarios with or without daily AOD data, respectively.  

In S1 where sunshine duration (SSD) is zero, direct and diffuse radiation are estimated as Eq. 4-

2.  

                                              
gdiffuse

direct

RR

R



 0
                                                                             (4-2) 

Two weather conditions are considered in S1; one is the overcast or heavily-polluted days when 

diffuse radiation is almost equal to global radiation whereas direct radiation is close to zero 

0(  gdiffuse RR and )0directR ; the other is rainy days without any solar radiation

)0(  gdirectdiffuse RRR . 

In S2 where aerosol optical depth (AOD) and sunshine duration (SSD) are both available, based 

on Table 4-2 and Figure 4-3, direct and diffuse radiation are estimated as Eq. 4-3. 
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In S3 where aerosol optical depth (AOD) is not available, alternative methods are used. Direct 

radiation, according to Table 4-2 and Figure 4-3, is estimated as Eq. 4-4. 

                                         55
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5 cSSDbSSDaRdirect                                                     (4-4) 

Where cba ,, are coefficients to be determined.  

Erbs et al.’s method (1982) in Eq. 4-5 is used to estimate daily diffuse radiation. So far, all the 

empirical models have been developed. 
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     (4-5) 

Where TK  is the clearness index, sW  is the sunset hour angle and 0R is the extraterrestrial 

radiation.  

4.4.3. Model validation 

Measurements at each station are used to calibrate and validate these models for the initial model 

validation. Once these models perform well at each station, measurements from both stations are 

used to calibrate and validate those models for regional application. Apart from the initial model 

validation, another two types of model validations are also conducted. One is the validation of 
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the empirical models between the two stations (the Type I validation), and the other is the 

comparisons between the empirical models presented in this study and the existing models in 

previous studies at the two stations (the Type II validation). The Type I validation ensures that 

the empirical models developed at the site can be applied on a large regional scale. The Type II 

validation highlights the significance of aerosols in estimating diffuse radiation over heavy 

polluted regions.  

In the Type I validation, the empirical models are calibrated using measurements from one 

station. Based on the calibrated models and measurements from the other station, the estimated 

direct and diffuse radiation are compared with the field measurements to validate the models. 

The Type I validation is applied to all empirical models presented in this study.  

In the Type II validation, only the empirical models for estimating diffuse radiation at monthly 

and daily level are compared with those existing models in previous studies. At monthly level, 

according to Li et al. (2011; 2012), diffuse radiation )( diffuseR is estimated using extraterrestrial 

radiation )( 0R , actual and maximum sunshine duration ),( 0SSSD , surface temperature )( aT and 

relative humidity )( hR as Eqs. 4-6-1 and 4-6-2. At daily level, Erbs et al. (1982) have proposed 

to estimate diffuse radiation using clearness index as Eq. 4-5. These existing models mentioned 

above are compared with the empirical models in this study. 
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In all the model validations, the coefficient of determination (R2) and root mean square error 

(RMSE) are used to indicate the estimation accuracy. 

4.5. Results and Discussion 

4.5.1. Model calibration at monthly level 

Sunshine duration, global radiation and aerosol concentration at each station are used to calibrate 

two models in Eq. 4-1 with the measured direct and diffuse radiation for model validation. Both 

empirical models show a good performance in estimating monthly direct (R2 = 0.86-0.91) and 

diffuse (R2 = 0.96) radiation at each station (Figure 4-4). 

 

Figure 4-4. Comparisons of the observed against the estimated monthly direct and diffuse 

radiation at each station using Eq. 4-1. 

 

Then, measurements from both stations are used to calibrate the two generic models in Eq. 4-1 as 

suggested in Eqs. 4-1-1 and 4-1-2, respectively. Figure 4-5 presents the validations of the 

calibrated models. Both models perform well in estimating monthly direct (R2 = 0.89) and 

diffuse (R2 = 0.95) radiation. In combination with the validations at each station in Figure 4-4, 

two empirical models at monthly level can explain 86-91% of direct radiation variations and 95-

96% of diffuse radiation variations, which confirms the reliability and application of both 

models.  
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Figure 4-5. Comparisons of the observed against the estimated monthly direct and diffuse 

radiation using Eqs. 4-1-1 and 4-1-2. 

 

4.5.2. Model calibration at daily level  

The empirical model for daily direct radiation is calibrated and initially validated at each station 

in S2 and S3 (Table 4-3). The estimated direct radiation can reach a good agreement with field 

measurements at both stations in two scenarios. 

Table 4-3. Comparisons of the observed and the estimated daily direct radiation in S2 (where 

daily AOD is available) and S3 (where daily AOD is not available) at each station in each year. 

  2006 2007 2008 2009 

 Station ID R2 RMSE R2 RMSE R2 RMSE R2 RMSE 

S2 
54511 0.90 1.70 0.91 1.88 0.89 1.87 0.93 1.90 

57083 0.89 1.85 0.86 1.82 0.86 1.75 0.89 1.87 

S3 
54511 0.92 1.19 0.89 1.24 0.92 1.09 0.92 0.75 

57083 0.79 0.93 0.84 0.81 0.83 1.91 0.89 1.23 

 

Then, measurements from two stations are used to calibrate and validate the empirical model for 

daily direct radiation in S2 and S3 (Table 4-4, 4-5). Despite the slight differences, similar 
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coefficients and good performance are suggested in S2 (R2 ≥ 0.88) and S3 (R2 ≥ 0.89) in four 

years. 

Table 4-4. Coefficients in Eq. 4-3 to estimate daily direct radiation and the comparison of the 

observed and the estimated daily direct radiation by R2 and RMSE in S2 (where daily AOD is 

available) in four years. 

S2 )( 2AODa  )(AODb  c  R2 RMSE 

2006 0.079 -0.491 0.823 0.89 0.79 

2007 0.072 -0.464 0.803 0.88 1.99 

2008 0.071 -0.453 0.800 0.88 1.83 

2009 0.075 -0.491 0.845 0.91 1.95 

 

Table 4-5. Coefficients in Eq. 4-4 to estimate daily direct radiation and the comparison of the 

observed and the estimated daily direct radiation by R2 and RMSE in S3 (where daily AOD is not 

available) in four years. 

S3 )( 2SSDa  )(SSDb  c  R2 RMSE 

2006 0.126 -0.198 0.243 0.90 1.11 

2007 0.104 -0.037 0.178 0.89 1.05 

2008 0.105 -0.043 0.260 0.89 1.10 

2009 0.113 -0.097 0.175 0.89 1.11 

 

Then, three scenarios (S1-S3) are all considered to estimate daily direct radiation at two stations 

each year (Figure 4-6). Results suggest that the empirical model incorporating three scenarios  

performs well in estimating daily direct radiation (R2 = 0.91-0.94, RMSE = 1.51-1.64MJ/m2) 

from 2006 to 2009. 
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Figure 4-6. Scatterplots of the observed against the estimated daily direct radiation using the 

improved empirical model. 

 

Similarly, the empirical model for daily diffuse radiation is calibrated and initially validated at 

each station in S2 (Table 4-6). The estimated diffuse radiation can reach a good agreement with 

field measurements on both stations in S2 in four years. 

Table 4-6. Comparisons of the observed and the estimated daily diffuse radiation in S2 (where 

daily AOD is available) at each station in each year. 

S2 2006 2007 2008 2009 

Station ID R2 RMSE R2 RMSE R2 RMSE R2 RMSE 

54511 0.87 1.39 0.86 1.34 0.89 1.43 0.83 1.09 

57083 0.86 1.26 0.86 1.36 0.92 1.18 0.86 1.41 

 

Then, measurements from two stations are used to calibrate and validate the empirical model for 

daily diffuse radiation in S2 (Table 4-7). Despite the differences in coefficients, the estimated 

daily diffuse radiation suggests a good agreement with field measurements in S2 (R2 ≥ 0.85) 

from 2006 to 2009. 
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Table 4-7. Coefficients in Eq. 4-3 to estimate daily diffuse radiation and the comparisons of the 

observed and the estimated daily diffuse radiation indicated by R2 and RMSE in S2 (where daily 

AOD is available) in four years. 

S2 )(SSDa  ))(log( AODb   c  R2 RMSE 

2006 -0.033 0.169 0.844 0.87 1.33 

2007 -0.036 0.161 0.866 0.87 1.32 

2008 -0.033 0.161 0.843 0.90 1.24 

2009 -0.037 0.159 0.871 0.85 1.38 

 

Daily diffuse radiation in S3 (where daily AOD is not available) is estimated using Erbs et al.’s 

method (Eq. 4-5), which has been proved as a reliable method in estimating daily diffuse 

radiation (Feng et al. 2018). Difference between the improved empirical model and Erbs et al.’s 

method is discussed in Section 4.6.3.  

Then, three scenarios (S1-S3) are all considered to estimate daily diffuse radiation over two 

stations in each year (Figure 4-7). Results suggest that the empirical model incorporating three 

scenarios shows a good performance in estimating daily diffuse radiation (R2 = 0.91-0.93, RMSE 

= 1.09-1.15MJ/m2) from 2006 to 2009. 

 

Figure 4-7. Scatterplots of the observed against the estimated daily diffuse radiation using the 

improved empirical model. 
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4.6. Model validation 

4.6.1. Type I validation at monthly and daily level 

In the Type I validation, measurements from one station (Beijing, 54511) are used for model 

calibration and measurements from the other station (Zhengzhou, 57083) are used for model 

validation (Figure 4-8). R2 and RMSE suggest high estimation accuracy of four models for 

estimating direct and diffuse radiation at monthly (Figure 4-8a, b) and daily (Figure 4-8c, d) 

level. This confirms that the empirical models developed at the site (one or two stations) in this 

study can be applied to a larger region (North China) with reliable estimates of direct and diffuse 

radiation.

 

Figure 4-8. Type I validations of four improved empirical models at monthly (a, b) and daily (c, 

d) level. Only results in the year 2006 are shown at daily level. 

 

4.6.2. Type II validation at monthly level 

Monthly diffuse radiation estimated by Li et al.’s (2011, 2012) methods (Eqs. 4-6-1 and 4-6-2) 

can reach a good agreement with field measurements at each station (Figure 4-9), whereas the 

improved model in Eq. 4-1 obtains better estimates (R2 = 0.96, RMSE = 0.57-0.59 MJ/m2). 

Besides, comparisons of the estimates and the measurements suggest that our model can improve 

the estimation accuracy of the large diffuse radiation value (Figure 4-10). Additionally, 

differences of diffuse radiation )( diffuseR between the estimates by Eqs. 4-6-1, 4-6-2 and the 
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measurements are significantly (p < 0.01) correlated with monthly AOD (Table 4-8), which 

highlights the significance of aerosols in improving the estimation accuracy of diffuse radiation. 

 

Figure 4-9. Scatterplots of the observed against the estimated monthly diffuse radiation at each 

station using Eqs. 4-6-1 and 4-6-2. 

 

                

Figure 4-10. Comparisons of the observed and estimated monthly diffuse radiation by the 

improved model in this study (Eq. 4-1) and the model in the previous study at each station. Here, 

only the model in Eq. 4-6-1 is taken for an example. 

 

Table 4-8. Correlation coefficients between △Rdiffuse and AOD at monthly level at the two 

stations. 

Station ID Eq. 4-6-1 Eq. 4-6-2 

54511 0.51 0.33 

57083 0.65 0.44 
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In addition, according to the previous study (Feng et al. 2018), at the two stations in North 

China, Erbs et al.’s method (1982) can have a good estimate of monthly diffuse radiation (R2 = 

0.96, RMSE = 0.59-0.92MJ/m2) using clearness index. Chen et al.’s method (1999) significantly 

underestimates diffuse radiation (R2 = 0.95-0.96, RMSE = 1.78-2.55MJ/m2) for not considering 

aerosols. Another empirical model in Li et al.’s work (2011) also fails to reach a good estimate 

of the large monthly diffuse radiation value (R2 = 0.91-0.93, RMSE = 0.80-0.93MJ/m2). These 

comparisons reveal that the estimates of monthly diffuse radiation, particularly the large diffuse 

radiation value, can be significantly improved by our empirical model (R2 = 0.96, RMSE = 0.57-

0.59MJ/m2). 

4.6.3. Type II validation at daily level 

Erbs et al.’s (1982) method performs well in estimating daily diffuse radiation (R2 = 0.89-0.94, 

RMSE = 1.20-1.28MJ/m2) and therefore can be an alternative method when daily AOD is not 

available (Figure 4-11). However, clearness index )( TK , the ratio of global radiation to 

extraterrestrial radiation, is directly modified by global radiation instead of the atmospheric 

components like aerosols. Besides, extraterrestrial radiation varies only spatially rather than 

temporally, which is fixed for a given location. In this case, Erbs et al.’s method relating diffuse 

fraction )(
gdiffuse RR  as a function of TK  obviously limits the estimation accuracy of the large 

daily diffuse radiation value. Therefore, it is important to consider aerosols when estimating 

daily diffuse radiation. 
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Figure 4-11. Scatterplots of the observed against the estimated daily diffuse radiation from two 

stations using Erbs et al.’s method (Eq. 4-5). 

 

Aerosol concentration is also referred when Erbs et al.’s (1982) method and the empirical model 

presented in this study are compared. Both stations and NC suggest that aerosol concentration is 

higher in 2006 but lower in 2009 (Figure 4-12). Compared to Erbs et al.’s estimates in 2006 (R2 

= 0.89, RMSE = 1.28MJ/m2, Figure 4-11), our model shows great improvement in estimating 

daily diffuse radiation (R2 = 0.91, RMSE = 1.14MJ/m2, Figure 4-7). In 2009, despite slightly 

lower R2 (0.91< 0.92), still, our method obtains smaller RMSE (1.15MJ/m2 < 1.26MJ/m2). 

Besides, different to Erbs et al.’s method, our model can improve the estimation accuracy of 

daily large diffuse radiation value, by considering different sky conditions. Therefore, it is more 

applicable in regions with higher aerosol concentration. 

 

Figure 4-12. Annual average aerosol optical depth at each station and NC in four years. 
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4.7. Conclusions 

Empirical models are improved to estimate direct and diffuse radiation at monthly and daily level 

in highly-polluted regions using the ground-measured global radiation, sunshine duration and 

satellite-retrieved aerosol concentration. Results of the case study in North China reveal that the 

improved empirical models perform well in estimating monthly (R2 = 0.86-0.91, RMSE = 0.76-

0.83MJ/m2) and daily (R2 = 0.91-0.94, RMSE = 1.51-1.64MJ/m2) direct radiation, and the 

estimation accuracy of monthly (R2 = 0.95-0.96, RMSE = 0.57-0.65MJ/m2) and daily (R2 = 0.91-

0.93, RMSE = 1.09-1.15MJ/m2) diffuse radiation, particularly the large diffuse radiation value, 

have been improved compared to the existing methods.  

Since the ground-measured global radiation and sunshine duration are more readily available and 

the satellite-based aerosol concentration is open for access, thereby, models presented in this 

study can be applicable in polluted regions featured by high anthropogenic aerosol concentration 

like North China. However, certain limitations of these empirical models should be mentioned. 

First, when these empirical models based on two stations are applied at the regional level, the 

estimates of direct and diffuse radiation are subjected to some uncertainties due to the varying 

stationary conditions such as the meteorology and air pollution. Despite these uncertainties, these 

models still provide a reliable improvement in the estimation accuracy of direct and diffuse 

radiation over the highly-polluted region. Besides, different from the fine-mode anthropogenic 

aerosols which can increase diffuse fraction, the coarse-mode natural aerosols, such as sands or 

dust in Northwest China, may reduce diffuse fraction rather than increase it (Feng and Li 2018). 

Therefore, the empirical models for diffuse radiation may need further calibration over polluted 

regions featured by more large-size natural aerosols. Additionally, in regions with relatively 

good air quality, where the aerosol-effect on solar radiation may be negligible, these models may 
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have no significant improvement in the estimation accuracy of direct and diffuse radiation. 

Future efforts are still needed to improve those models based on more in situ measurements with 

specific calibrations for different aerosol types or under different aerosol concentration levels. 
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Chapter 5 

Impact of Aerosols on Terrestrial Gross Primary Productivity in North China using an 

Improved Boreal Ecosystem Productivity Simulator 

5.1. Abstract 

Atmospheric aerosols can alter the direct and diffuse components of global solar radiation, which 

further influences terrestrial gross primary productivity (GPP). To investigate the aerosol-effect 

on GPP, in this study, the Boreal Ecosystem Productivity Simulator (BEPS) is used to model 

GPP under an aerosol-free (S1) and an aerosol-impacted (S2) scenario over cropland and 

grassland ecosystems in the highly-polluted North China. Specifically, in S1, the BEPS with the 

original method, which doesn’t incorporate the aerosol-effect when separating direct and diffuse 

solar radiation, is used. In S2, the BEPS is improved by a new empirical method using the 

remote sensing-based aerosol optical depth (AOD) to incorporate the aerosol-effect. Results 

suggest that aerosols have reduced GPP of the sunlit leaves by decreasing direct solar radiation, 

but enhanced GPP of the shaded leaves by increasing diffuse solar radiation, ending up with 

increases of total GPP over both ecosystems. The aerosol-effect on GPP is more significant over 

cropland ecosystem (p < 0.05) with more complex canopy structure during the peak period of the 

growing season. Besides, neither higher nor lower aerosol concentration can increase total GPP 

due to the tradeoff between the increased GPP of the shaded leaves and the reduced GPP of the 

sunlit leaves. An AOD value of 0.3-0.6 with a diffuse fraction (the fraction of diffuse solar 

radiation in global solar radiation) around 30-40% can largely increase total GPP over cropland 

ecosystem. The study highlights the aerosol-effect on GPP via solar radiation and improves the 

accuracy of GPP modeling by an improved BEPS over highly-polluted regions.  
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5.2. Introduction 

In the recent decade, the increasing atmospheric aerosols have significantly changed surface 

solar radiation over China (Zhou et al. 2005; Yang et al. 2015). High aerosol concentration 

decreases the duration and intensity of sunshine (Kaiser 2002) and is also responsible for the 

reduced global solar radiation (Qian et al. 2007), direct solar radiation (direct radiation) and the 

increased diffuse solar radiation (diffuse radiation) (Ramanathan et al. 2001).  

Separating direct and diffuse radiation is important for vegetation photosynthesis (Spitters et al. 

1986) given the discrepancy of light use efficiency on the sunlit and shaded canopy. According 

to Mercado et al. (2009), the sunlit canopy, illuminated by abundant direct radiation, is often 

light saturated and therefore has a low light-use efficiency. In contrast, the shaded canopy 

experiences low exposure to insufficient diffuse radiation under the clear sky condition; 

therefore, it is more light-use efficient. However, under the cloudy or aerosol-laden condition, 

the photosynthesis rate of the shaded canopy can be improved by more diffuse radiation scattered 

by atmospheric particles. Roderick et al. (2001) have concluded that the volume of shade within 

the canopy can be reduced on cloudy or haze days due to more diffuse radiation compared to 

clear sunny days. Besides, more diffuse radiation can increase the gross primary productivity 

(GPP) of the ecosystem (Gu et al. 2002; Cheng et al. 2015; Williams et al. 2016).  

GPP, the capacity of vegetation to capture carbon and energy during photosynthesis (Sjöström et 

al. 2013), is a key component of land-atmospheric carbon exchanges (He et al. 2013). Currently, 

two major categories of GPP models have been developed including the big-leaf and two-leaf 

models by incorporating the eddy covariance and satellite imagery. The big-leaf model, for 

example, the light-use-efficiency model, maps properties of the whole canopy onto a single leaf 

to calculate the flux (Dai et al. 2004). Whereas, the two-leaf model, such as the Boreal 
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Ecosystem Productivity Simulator, attempts to simulate GPP by separating the canopy into the 

sunlit and shaded leaf groups (Chen et al. 2012). Different from the big-leaf model, which 

assumes that the photosynthetic capacity is distributed in proportion to the profile of radiation 

within the canopy (De Pury and Farquhar 1997), the two-leaf model supposes that the 

distribution of the absorbed radiation is highly variable due to the complex canopy structure. 

Besides, the big-leaf model is acceptable for estimating seasonal trends of canopy photosynthesis 

but inadequate for simulating day-to-day variations (Chen et al. 1999). However, the two-leaf 

model is more applicable at daily level since it considers the diurnal variations of the sunlit and 

shaded leaves. Sprintsin et al. (2012) have also suggested that productivity simulated by the two-

leaf model is sensitive to both global and diffuse radiation. Thereby, it is feasible and more 

accurate to model the aerosol-effect on GPP using a two-leaf model. 

The objective of this study is to investigate the impact of aerosols on GPP over cropland and 

grassland ecosystems in North China, a very populated and polluted region featured by an 

increasing proportion of anthropogenic aerosols (Feng et al. 2018). The two-leaf model, Boreal 

Ecosystem Productivity Simulator (BEPS), is used to model GPP under an aerosol-free (S1) and 

an aerosol-impacted (S2) scenario with the difference indicating the aerosol-effect on GPP.  

5.3. Model Description 

The BEPS is a coupled carbon and hydrology model using climate data and remote sensing-

based data to quantify the biophysical processes governing ecosystem productivity (Liu et al. 

1997; Chen et al. 1999). It was originally developed to simulate net primary productivity at daily 

step and has been updated to an hourly model (Ju et al. 2006). Initially developed for boreal 

ecosystems, the BEPS has also been validated in different temperate and tropical ecosystems 

with reliable estimates (Matsushita and Tamura 2002; Sun et al. 2004; Wang et al. 2003). In the 
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BEPS, the canopy is separated into the sunlit and shaded leaves by the sunlit-shaded leaf 

stratification technique using the foliage clumping index, leaf area index and solar zenith angle 

(Chen et al. 1999). To consider the diurnal variations of the sunlit and shaded leaves, hourly 

photosynthesis is modeled for the two leaf groups above and below the canopy (Chen et al. 

2012). Particularly, an empirical method, developed under a mid-latitude marine air mass near 

Vancouver, Canada, is used in the BEPS to separate direct and diffuse radiation for vegetation 

photosynthesis on the sunlit and shaded canopy. However, this method doesn’t consider the 

aerosol-effect on solar radiation. Considering the notable impact of aerosols on solar radiation in 

the recent decade, the original method in the BEPS should be modified to incorporate the 

aerosol-effect when modeling GPP over highly-polluted regions. 

To model GPP, the BEPS requires hourly climate data including shortwave solar radiation 

(W/m2), air temperature (℃), relative humidity (%), precipitation (mm) and wind speed (m/s). 

Besides, the remote sensing-based data, such as land cover types, leaf area index and clumping 

index, and some other parameters including soil texture, water, temperature, and snow depth, are 

also required. Especially, to incorporate the aerosol-effect on solar radiation, the satellite-

retrieved aerosol concentration and ground-measured solar radiation are also needed. 

5.4. Data  

5.4.1. Climate data 

Hourly climate data including shortwave radiation, air temperature, relative humidity, 

precipitation and wind speed were collected from the Cold and Arid Regions Science Data 

Center (CARSDC) at Lanzhou, China (http://westdc.westgis.ac.cn). The spatial resolution is 0.2° 

× 0.2° (Shi et al. 2011). The dataset is available during 2006-2009 and therefore these four 

normal calendar years are selected as the research period. 

http://westdc.westgis.ac.cn/
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To incorporate the aerosol-effect on solar radiation, the ground-measured solar radiation data at 

16 meteorological and radiometric stations in North China (Figure 5-1) were obtained from the 

China Meteorological Data Sharing System (CMDSS, http://www.cma.gov.cn) including daily 

global, direct and diffuse radiation (MJ/m2). The dataset has been through the preliminary quality 

check and 14 out of 16 stations have almost complete daily global radiation but no direct and 

diffuse radiation. Another two stations (54511 and 57083), with over 99.9% measurements of 

daily global, direct and diffuse radiation, are used to calibrate and validate the new empirical 

method for separating direct and diffuse radiation developed under the aerosol-laden air mass in 

North China. Daily sunshine duration (SSD) at the 16 stations was also collected from the 

CMDSS since SSD has been widely used in the estimation of solar radiation (Angström 1924; Li 

et al. 2011a). Few missing data and outliers in the solar radiation datasets are interpolated with a 

three-day average moving window.  

5.4.2. Remote sensing-based data 

Satellite-retrieved daily aerosol optical depth (AOD) with 1°×1° spatial resolution was collected 

from both the Terra (MOD08D3) and Aqua (MYD08D3) platforms. Both platforms are on board 

the Moderate Resolution Imaging Spectroradiometer (MODIS). AOD, the degree to which 

aerosols prevent the transmission of light by absorption or scattering, is used as the proxy for 

aerosol concentration to incorporate the aerosol-effect when separating direct and diffuse 

radiation. Given more daily AOD with higher accuracy from the Terra platform (Segura et al. 

2012), missing daily AOD from the Terra platform is filled with available daily AOD from the 

Aqua platform. 

To specify the physiological parameters of plants (Feng et al. 2007), the MODIS Land Cover 

Type product (MCD12Q1), providing annual global land cover with 500m spatial resolution, 
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along with the University of Maryland (UMD) land cover classification scheme, was used. Two 

major land covers, cropland and grassland are identified in North China in 2007 (Figure 5-1). 

To separate the sunlit and shaded leaves, the vegetation clumping index (CI) with 500m spatial 

resolution developed by He et al. (2012) was used in this study. CI refers to the confined 

distribution of foliage in canopies with different structures and it quantifies the level of foliage 

grouping within distinct canopy structures (He et al. 2012). Besides, leaf area index (LAI), a key 

parameter to simulate many physical and biological processes, such as radiation interception and 

photosynthesis (Feng et al. 2007), was collected from the GLASS LAI product provided by the 

Center for Global Change Data Processing and Analysis of Beijing Normal University. It has an 

8-day temporal resolution and 1km spatial resolution. Here, the 8-day average LAI is linearly 

interpolated into daily LAI. 

5.4.3. Other data 

Soil is another important factor affecting plant growth. Soil texture was collected from the 

standardized global dataset of soil horizon thicknesses and textures compiled by Webb et al. 

(1991) with 1°×1° spatial resolution. It was finally determined based on the soil triangle 

calculator. Daily land surface temperature with 1km spatial resolution collected from MODIS 

Land Surface Temperature/Emissivity (MOD11) was used as the surrogate for soil temperature. 

Soil water was obtained from the outputs of the land data assimilation system provided by the 

Chinese Meteorological Administration (CMA) and the information on snow depth referred to 

Peng et al.'s research (2010).   

The measured GPP from three eddy covariance systems including Dongsu (grassland 

ecosystem), Guantao and Jinzhou (cropland ecosystem) was used to validate the modeled GPP. 

The coefficient of determination (R2) and root mean square error (RMSE) are used to show the 
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model performance (Figure 5-1). The measured 8-day total GPP available covers the growing 

season of vegetation, which has been used for validating model simulations (Wang et al. 2013b).  

 

Figure 5-1. Location of the study area (North China, NC) and distribution of two ecosystems 

(cropland and grassland ecosystem), 16 meteorological and radiometric stations (2 stations for 

the empirical method development and 14 stations for GPP modeling) and three sites (Dongsu, 

Jinzhou, Guantao) for GPP validations in the study area. 

 

5.5. Methods 

5.5.1. Two aerosols scenarios 

Two aerosol scenarios including an aerosol-free (S1) and an aerosol-impacted (S2) scenario, 

differing in the empirical method for separating direct and diffuse radiation in the BEPS, were 

designed for GPP modeling. In S1, the original method in the BEPS, which doesn’t consider the 

aerosol-effect on solar radiation (Chen et al. 2012), has significantly underestimated daily diffuse 

radiation in North China (Figure 5-2). Spitters et al. (1986) have also suggested that diffuse 

radiation estimated by this method is within the variation range but about 5-10% lower than the 

mean value. In S2, an improved empirical method proposed in our previous study (Feng et al. 
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2019), which incorporates the aerosol-effect using the remote sensing-based AOD, can 

significantly improve the estimation accuracy of daily diffuse radiation, particularly the large 

daily diffuse radiation value in North China (Figure 5-3). Then, hourly diffuse radiation is 

estimated from daily diffuse radiation based on the empirical model proposed by Liu and Jordan 

(1960). Seasonal differences of hourly diffuse radiation under two aerosol scenarios are shown in 

Figure 5-4. The original, improved empirical methods, Liu and Jordan’s empirical model (1960) 

are summarized in the Appendix. 

 

Figure 5-2. Scatterplots of daily diffuse radiation estimated by the original method in the BEPS 

against the field measurements at the two stations in North China under the aerosol-free scenario 

(S1). 

 

 

Figure 5-3. Scatterplots of the daily diffuse radiation estimated by the improved empirical 

method against the field measurements at the two stations in North China under the aerosol-

impacted scenario (S2). 
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Figure 5-4. Seasonal differences of hourly diffuse radiation under the aerosol-free (S1) and 

aerosol-impacted (S2) scenario. Results on April 1st, July 1st, October 1st and January 1st from 

one random site are used to suggest the variation of diffuse radiation in spring, summer, autumn, 

and winter. 

 

Given the good performance, the new empirical method is used to improve the BEPS for GPP 

modeling in S2. GPP modeled by the improved BEPS is under the influence of atmospheric 

aerosols. In contrast, in S1, GPP modeled by the BEPS with the original method is assumed to be 

not, or less disturbed by aerosols. Eventually, the difference in GPP under two aerosol scenarios 

is used to indicate the impact of aerosols on GPP. 

5.5.2. GPP modeling  

Given the various spatial resolutions of multiple datasets, the site-based GPP modeling is 

conducted to ensure the accuracy. To guarantee the maximum land cover homogeneity at each 

station, 1-km-radius buffer is established around 16 stations. Stations with the dominant land 

cover type, which takes up the largest area within the buffer area as grassland or cropland, are 

used as GPP modeling sites. Eventually, 14 sites are selected including 7 grassland ecosystem 
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sites and 7 cropland ecosystem sites (Figure 5-1). Apart from total GPP, GPP of the sunlit and 

shaded leaves above and below the canopy are compared under two aerosol scenarios. Two 

proxies indicating the change ( GPP , Eq. 5-1) and the changing rate ( (%)GPP , Eq. 5-2) of 

GPP under two aerosol scenarios are used to compare GPP both spatially and temporally. The 

significance of the difference in GPP under two aerosol scenarios is tested using the Student’s t-

test. The initial values of several required parameters for GPP modeling are spatially extracted 

from the corresponding datasets (listed in Section 5.4) for each site based on the geographical 

location (Table 5-1).  
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Table 5-1. Initial values of several required parameters to model GPP using the BEPS at 14 sites. 

FID Site ID Latitude Longitude 

Land 

cover 

Clumping 

index Soil texture 

Soil 

water 

Snow 

depth 

1 53068 43.62 111.93 grassland 0.84 sandy loam 0.08 0.08 

2 53487 40.08 113.42 grassland 0.77 silty clay loam 0.08 0.07 

3 53543 39.83 109.98 grassland 0.77 silty clay loam 0.08 0.07 

4 53817 36.00 106.27 grassland 0.75 clay loam 0.20 0.06 

5 53845 36.58 109.45 grassland 0.71 clay loam 0.20 0.06 

6 53923 35.73 107.63 grassland 0.76 clay loam 0.20 0.06 

7 54102 43.95 116.12 grassland 0.80 silt loam 0.08 0.08 

8 53772 37.62 112.58 cropland 0.76 clay 0.20 0.06 

9 54527 39.08 117.05 cropland 0.72 clay 0.20 0.07 

10 54539 39.43 118.88 cropland 0.78 silt loam 0.20 0.07 

11 54764 37.48 121.23 cropland 0.76 silt loam 0.20 0.07 

12 57178 33.10 112.48 cropland 0.74 clay 0.33 0.06 

13 57245 32.72 109.03 cropland 0.75 loamy sand 0.20 0.06 

14 58208 32.17 115.62 cropland 0.83 loamy sand 0.33 0.06 

 

5.6. Results and Discussion 

5.6.1. Model validation  

Total GPP of cropland ecosystem is huge than that of the grassland ecosystem and the slight 

difference in GPP at two cropland ecosystem sites may result from the different cultivation 

practices. Besides, total GPP in the aerosol-impacted scenario (S2) exhibits better agreement 

with the measured GPP at two cropland ecosystem sites (R2 = 0.68-0.85) than the grassland 

ecosystem site (R2 = 0.33) (Figure 5-5). The validation in S2 suggests that the improved BEPS 
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can achieve a good estimate of GPP in highly-polluted North China. This is meaningful in that 

the improved empirical method for separating direct and diffuse radiation increases the 

estimation accuracy of not only diffuse radiation but also GPP modeling using the BEPS over the 

heavily-polluted regions. 

 

Figure 5-5. Comparisons of the eight-day total GPP modeled by the BEPS in the aerosol-

impacted scenario (S2) with measured GPP at one grassland ecosystem site (Dongsu) and two 

cropland ecosystem sites (Jinzhou & Guantao) in 2009. n is the number of sampling. 

 

5.6.2. GPP under two aerosol scenarios 

GPP of the sunlit leaves has been reduced above (-2.36%--0.07%) and below (-4.12%--0.24%) 

the canopy at seven cropland ecosystem sites in southeast part of North China, but has been 

increased above (0.11%-0.89%) and below (0.26%-0.79%) the canopy at four grassland 

ecosystem sites in northwest part of North China (Figure 5-6). GPP of the shaded leaves has 

been generally increased above (1.16%-8.32%) and below (2.26%-18.03%) the canopy at seven 

cropland ecosystem sites. Besides, the increasing rate in GPP of the shaded leaves below the 

canopy is larger than that above the canopy. The spatial pattern of the decrease in GPP of the 

sunlit leaves and the increase in GPP of the shaded leaves is generally consistent with that of 

aerosol concentration, which is decreasing from the southeast to northwest in North China (Luo 

et al. 2012; Feng et al. 2018). The spatial difference in GPP under two aerosol scenarios 

highlights the aerosol-effect on terrestrial GPP in the highly-polluted North China. 
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Figure 5-6. The four-year average changing rate in GPP (△GPP (%)) of the sunlit and shaded 

leaves above and below the canopy under two aerosol scenarios at each site over cropland and 

grassland ecosystems.  

 

Over cropland ecosystem, GPP of the sunlit leaves is reduced by 7.34-17.2gCm-2yr-1 above the 

canopy and by 1.77-3.07gCm-2yr-1 below the canopy due to the declining direct radiation. The 
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decrease of GPP is significant from 2006 to 2009 (p < 0.05). In contrast, more diffuse radiation 

caused by high aerosol concentration has lightened up those previously shaded leaves. Therefore, 

GPP of the shaded leaves is increased by 8.02-18.35gCm-2yr-1 above the canopy and 4.85-

10.64gCm-2yr-1 below the canopy. The increase of GPP below the canopy is more significant 

(2006 and 2007, p < 0.05, 2008 and 2009, p < 0.01) (Figure 5-7). The tradeoff between the 

increase in GPP of the shaded leaves and the decrease in GPP of the sunlit leaves results in an 

increase of total GPP by 3.75- 9.39gCm-2yr-1 over cropland ecosystem, which is significant in 

2006 and 2009 (p < 0.05). Despite the similar pattern of GPP variations detected over the 

grassland ecosystem, non-significant differences are suggested by t-test. Possible causes include 

the relatively lower productivity and simpler canopy structure of grassland ecosystem compared 

to cropland ecosystem.  

 

Figure 5-7. Annual total GPP and the change of GPP (△GPP, gCm-2yr-1) of the sunlit and shaded 

leaves above and below the canopy under two aerosol scenarios averaged from the seven 

cropland ecosystem sites. *, ** indicate that the differences are statistically significant at 0.05 

and 0.01 significance levels. 
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The impact of aerosols on GPP is significant (p < 0.01) during the peak period of the growing 

season including the decrease in GPP of the sunlit leaves and the increase in GPP of the shaded 

leaves above and below the canopy over cropland ecosystem (Figure 5-8). However, over 

grassland ecosystem, only the decrease in GPP of the sunlit leaves below the canopy is 

significant (p < 0.05) (Figure 5-9). Generally, the decrease in GPP of the sunlit leaves above and 

below the canopy and the increase in GPP of the shaded leaves above the canopy are similar on 

both ecosystems. However, the increase in GPP of the shaded leaves below the canopy differs 

between two ecosystems (Figure 5-8, 5-9). Over the grassland ecosystem, it is increased during 

the peak periods of GPP of the shaded leaves both above and below the canopy. Whereas, over 

cropland ecosystem, it is increased during the entire growing season with the increase varying 

simultaneously with GPP of the shaded leaves below the canopy. This difference highlights the 

impact of canopy structure on GPP of the shaded leaves below the canopy. The canopy structure 

of cropland ecosystem is more complex with significant differences between the sunlit and 

shaded canopy. Therefore, the increase in GPP of the shaded leaves below the canopy is more 

significant. In contrast, it is challenging to stratify the sunlit and shaded canopy of grassland 

ecosystem due to the simple canopy structure, which determines the substantial impact of the 

shaded leaves above the canopy on that below the canopy. 
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Figure 5-8. Eight-day total GPP and △GPP (gCm-28d-1) of the sunlit and shaded leaves above 

and below the canopy under two aerosol scenarios averaged from seven cropland ecosystem 

sites. ** suggests the difference is statistically significant at 0.01 significance level. DOY 

indicates the day of the year.  

 

 

Figure 5-9. Eight-day total GPP and △GPP (gCm-28d-1) of the sunlit and shaded leaves above 

and below the canopy under two aerosol scenarios averaged from seven grassland ecosystem 

sites. * suggests the difference is statistically significant at 0.05 significance level. DOY 

indicates the day of the year. 

 

5.6.3. Impact of aerosols on GPP 

A negligible increase in total GPP is detected when diffuse fraction is below 30%. When diffuse 

fraction increases from 30 to 40%, total GPP can be largely increased. However, the increase of 
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total GPP by diffuse radiation is less notable once diffuse fraction is over 60% (Figure 5-10). 

Besides, total GPP can be reduced when diffuse fraction is over 70%. The piecewise response of 

daily total GPP to diffuse fraction can be illustrated as followings.  

When diffuse fraction is below 30%, there is no enough diffuse radiation to illuminate the shaded 

leaves. Therefore, GPP of the shaded leaves can hardly contribute to the increase of total GPP. 

However, when diffuse fraction is above 70%, GPP of the sunlit leaves is reduced due to the 

decrease of direct radiation. In this case, total GPP is likely to be reduced since the decrease in 

GPP of the sunlit leaves is larger than the increase in GPP of the shaded leaves. Instead, a 

fraction from 30-40% is desirable to increase total GPP in that GPP of the sunlit leaves is not 

reduced whereas GPP of the shaded leaves can be largely increased. These thresholds can 

facilitate a better understanding of the impact of direct and diffuse radiation on total GPP. 

 

Figure 5-10. Linear regression between the increase of daily total GPP (△GPP, gCm-2d-1) and 

daily diffuse fraction (the fraction of diffuse radiation in global solar radiation) in S2 during the 

growing season at seven cropland ecosystem sites. Take the year 2007 as an example. 

 

Diffuse fraction increases linearly with AOD when the AOD value increases from 0 to 2 (Figure 

5-11, left). However, when AOD is above 2, there are slight increases in diffuse fraction caused 

by aerosols. When diffuse fraction is approaching 1, variations in AOD no longer make any 
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obvious differences (Figure 5-11, right). Therefore, there is a potential threshold of 2 in AOD 

regarding the sensitivity of diffuse fraction to aerosol concentration. According to the trend lines, 

diffuse fraction can reach 30-40% when AOD is around 0.3-0.6. In combination with the finding 

that daily GPP increases greatly when diffuse fraction ranges from 30 to 40%, it can be 

concluded that an AOD value of 0.3-0.6 with a diffuse fraction around 30-40% can increase total 

GPP over cropland ecosystem. These thresholds provide guidance for further evaluation of the 

aerosol-effect on terrestrial GPP on the large region based on aerosol concentration. 

 

Figure 5-11. Scatterplots of daily diffuse fraction against daily AOD from two stations (54511 

and 57083). 

 

5.7. Conclusions 

In North China, high aerosol concentration increases GPP of the shaded leaves via the 

incremental diffuse radiation but reduces GPP of the sunlit leaves through the decrease of direct 

radiation both above and below the canopy, ending up with the increase of total GPP over 

cropland and grassland ecosystems. Despite the similar pattern of GPP variations, the aerosol-

effect on GPP is more significant over cropland ecosystem (p < 0.05) due to more complex 

canopy structure during the peak period of the growing season. 

Diffuse fraction increases sharply with an AOD value from 0 to 2, however, neither higher nor 

lower aerosol concentration can increase total GPP. An AOD value of 0.3-0.6 with a diffuse 
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fraction from 30-40% can increase total GPP over cropland ecosystem. These thresholds are 

important in better understanding the aerosol-effect on solar radiation and terrestrial GPP. 

The better model performance at two cropland ecosystem sites highlights the significance of 

canopy structure when modeling GPP using a two-leaf model. More importantly, the original 

method for separating direct and diffuse radiation in the BEPS significantly underestimates 

diffuse radiation in the aerosol-laden air mass for not considering aerosols. Therefore, it is 

important to model GPP in the highly-polluted region using the improved BEPS by considering 

the aerosol-effect on solar radiation. Future efforts are still needed to improve the quality of 

remote sensing-based data and determine the optimal spatial resolution for GPP modeling at 

regional scale given the various spatial resolutions of multiple datasets. 
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Chapter 6 

Synthesis and Future Directions 

The main goal of this research was to study the impact of aerosols on surface solar radiation and 

gross primary productivity (GPP) over cropland and grassland ecosystems in North China. 

Specifically, Chapter 2 investigated the latest spatiotemporal variability of total aerosols and its 

relationship with the emission, meteorology, and landscape for the period of 2000-2016. Chapter 

3 analyzed the long-term variability of annual direct and diffuse radiation from 1959 to 2016, 

and highlighted the contribution of aerosols to diffuse radiation over the period of 2000-2016. 

Based on the analysis above, in Chapter 4, new empirical models were developed to estimate 

direct and diffuse radiation by incorporating the aerosol-effect at monthly and daily level. Then, 

in Chapter 5, the Boreal Ecosystem Productivity Simulator (BEPS), improved by the new 

empirical method developed in Chapter 4, was used to model GPP under an aerosol-impacted 

scenario. For comparison, the BEPS with the original method which didn’t consider the aerosol-

effect, was used to model GPP under an aerosol-free scenario. The difference in GPP under two 

aerosol scenarios was used to present the aerosol-effect on GPP. 

This research has successfully proposed new ideas and methodologies for modeling the impact 

of aerosols on surface solar radiation and GPP in the terrestrial ecosystem over the highly-

polluted region. Main findings and additional research questions and perspectives that need 

future efforts are summarized as followings. 

6.1. Objective 1: To understand the spatial distribution and temporal variation of aerosols. 

MODIS aerosol optical depth (AOD) is useful in studying the spatiotemporal variations of 

aerosols due to the high spatial and temporal coverage. It is a desirable proxy for the columnar 

aerosol concentration from the surface to the atmosphere. To further elaborate the spatiotemporal 
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variations of aerosols, three major aspects are considered including the emissions suggesting the 

sources of aerosols, the meteorological conditions influencing the transport and dispersal of 

aerosols, and the landscape properties impacting both the emissions and removal of aerosols. 

Results reveal that the low elevation and two land cover types, urban and cropland, with 

intensive anthropogenic activities have shaped the high aerosol concentration in eastern North 

China. In contrast, the high elevation and another two land cover types, grassland and forest, 

with few human disturbances have contributed to the low aerosol concentration in western North 

China. The variability of aerosol emission and aerosol size suggest an increasing proportion of 

small-size anthropogenic aerosols in total aerosols. Meteorological conditions, such as the 

declining surface wind speed and the distinct seasonal patterns of wind field at 925hPa, account 

for the higher aerosol concentration in spring and summer and lower aerosol concentration in 

autumn and winter. Besides, the increasing anthropogenic aerosols can significantly reduce 

sunshine duration, evapotranspiration (p < 0.01), and diurnal temperature range (p < 0.05) and 

also facilitate the development of precipitation (p < 0.05). The analysis in Chapter 2 

demonstrates the latest spatiotemporal variations of aerosols in North China, which provides the 

essential background knowledge of aerosols for this research.  

Future work should focus on improving the accuracy of satellite-retrieved aerosol products. Due 

to the cloud-contamination, missing data are common in the satellite-based aerosol products 

(Feng et al. 2018). Some directly exclude the missing data from the analysis based on the quality 

flag (Xiao et al. 2015). Some interpolate the missing data with the available observations from 

other satellite products (Singh et al. 2016; van Donkelaar et al. 2010) or using the spatiotemporal 

interpolation methods (Yang and Hu 2018) or statistical models (Shi and Cressie 2007). A 

comparative evaluation of different gap-filling methods is meaningful for future works using the 
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satellite-retrieved aerosol products. Besides, despite the detected relationships between MODIS 

AOD and specific particles (Li et al. 2015; Ma et al. 2013), the degree to which AOD can 

represent total aerosol concentration in the atmosphere needs further investigation due to the 

uncertainties of aerosols caused by the secondary aerosol formation (Huang et al. 2014) and 

different aerosol properties (Xia et al. 2005).  

6.2. Objective 2: To study the long-term variability of direct and diffuse solar radiation. 

Due to the lack of the long-term continuous field measurements of direct and diffuse radiation, 

two stations with over 99% direct and diffuse radiation are used to develop and validate an 

empirical model and a backpropagation artificial neural network, which are used to estimate the 

missing direct and diffuse radiation at another five stations. Based on the estimates and 

measurements at the seven stations, the analysis reveals the long-term variability of direct and 

diffuse radiation and compares the historical and current separation of direct and diffuse 

radiation from global radiation. Results suggest a significant (p < 0.01) declining trend in direct 

radiation and a significant (p < 0.01) increasing trend in diffuse radiation. Particularly, two 

periods with large diffuse radiation values are detected. One is from 1959 to 1989 within the 

global dimming period, and the other is from 2004 to 2016 due to the high aerosol concentration. 

The increasing trend in diffuse radiation since 1959 and the potential increase of diffuse radiation 

contributed by high aerosol concentration present the key basis for quantifying the impact of 

aerosols on diffuse radiation in North China. 

Although the solar radiation variability derived from seven stations can be indicative of the 

region, future efforts are needed to estimate solar radiation more accurately at regional level. 

Currently, the satellite-based models and atmospheric reanalysis data provide the long-term 

gridded solar radiation datasets, which have been widely used (Amillo et al. 2014; Urraca et al. 
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2017, 2018). However, the satellite-based estimates of solar radiation have been suggested to 

exceed field measurements over many areas in China (Xia et al. 2006). Besides, the accuracy of 

satellite-derived direct and diffuse radiation is overall lower than that of global radiation and it is 

the best under cloudless skies but the worst under overcast skies (Alonso-Montesinos et al. 

2015). Frank et al. (2018) have found some underestimates in clear skies but overestimates in 

cloudy skies in reanalysis solar radiation data. Therefore, the accuracy of satellite-retrieved or 

atmospheric reanalysis solar radiation data should be improved using available field 

measurements under both clear and overcast sky conditions. In this way, the reliable estimate of 

direct and diffuse radiation can be extrapolated to regional level. Developing an accurate solar 

radiation dataset with desirable spatial and temporal coverage can be meaningful for future 

climate and ecological modeling. 

6.3. Objective 3: To estimate direct and diffuse solar radiation by incorporating aerosols.  

Most existing empirical models use sunshine duration, clearness index or meteorological factors 

(Chen et al. 1999; Erbs et al. 1982; Li et al. 2012, 2011) to estimate diffuse radiation. Despite the 

generally good agreement with field measurements, those models may significantly 

underestimate diffuse radiation, particularly the large diffuse radiation value for not 

incorporating aerosols over the polluted regions. Given the increasing aerosol concentration in 

North China, new empirical models are needed to improve the estimation accuracy of solar 

radiation by incorporating aerosols. Therefore, new empirical models are developed using the 

ground-measured global radiation, sunshine duration and the satellite-retrieved AOD. Results 

show that all empirical models can achieve a good performance in estimating both direct and 

diffuse radiation at monthly and daily level. Particularly, the estimation accuracy of monthly and 

daily large diffuse radiation value has been improved. The analysis in Chapter 4 quantifies the 
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aerosol-effect on solar radiation by empirical models, which improves the estimation accuracy of 

solar radiation over highly-polluted regions.  

Despite the desirable application of these empirical models over North China, future efforts are 

needed to develop a more generic model to estimate diffuse radiation by considering different 

aerosol types. When developing new empirical models, we found that aerosol type could also be 

a factor of uncertainty in influencing solar radiation. The small-size anthropogenic aerosols in 

North China tend to increase diffuse fraction. Whereas, the large-size natural aerosols, such as 

sand and dust in Northwest China, may reduce diffuse fraction (Feng and Li 2018). This suggests 

that new empirical models, developed in North China featured by an increasing proportion of 

fine-mode anthropogenic aerosols, may need further calibration and validation when applied in 

regions featured by coarse-mode natural aerosols. Besides, although the new models empirically-

derived from the relationships among surface solar radiation, sunshine duration and satellite-

based aerosol concentration can estimate direct radiation well and improve the estimation 

accuracy of diffuse radiation, the mechanism and theory still need further investigations to better 

understand the aerosol-effect on solar radiation. 

6.4. Objective 4: To model the aerosol-effect on GPP using an improved BEPS. 

Diffuse radiation can increase the photosynthesis rate and vegetation productivity (Gu et al. 

2002; Williams et al. 2016) since the volume of shade within the canopy can be reduced by more 

diffuse radiation on cloudy or haze days (Roderick et al. 2001). To quantify the impact of 

aerosols on GPP over cropland and grassland ecosystems, in Chapter 5, the difference in GPP 

under an aerosol-free (S1) and an aerosol-impacted (S2) scenario is calculated for the sunlit and 

shaded leaves above and below the canopy. In S1, the original method in the BEPS doesn’t 

consider the aerosol-effect on the separation of direct and diffuse radiation. Therefore, GPP 
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modeled by the original BEPS is assumed to be not or less disturbed by aerosols. In S2, the 

BEPS is improved by the new empirical method which incorporates the aerosol-effect by the 

remote sensing-based AOD. GPP modeled by the improved BEPS is influenced by the increasing 

anthropogenic aerosols. Results reveal that aerosols increase GPP of the shaded leaves but 

reduce GPP of the sunlit leaves both above and below the canopy, ending up with an increase of 

total GPP over both ecosystems. The aerosol-effect on GPP is more significant (p < 0.05) over 

cropland ecosystem due to the more complex canopy structure during the peak period of the 

growing season. Besides, two sensitivity analysis, one between daily total GPP and diffuse 

fraction (the fraction of diffuse radiation in global radiation) and the other between daily diffuse 

fraction and aerosol concentration, suggest that an AOD value of 0.3-0.6 with a diffuse fraction 

from 30-40% can increase total GPP over cropland ecosystem. These thresholds are helpful for a 

preliminary evaluation of the aerosol-effect on GPP based on aerosol concentration over 

cropland ecosystem at regional level in North China. 

In Chapter 5, GPP modeling is conducted at the site level, which is determined by various spatial 

resolutions of multiple datasets and the availability of model parameters. Cropland and grassland 

ecosystems are selected for productivity modeling for two reasons. One is that two major land 

cover types in the study area are cropland and grassland, and the other is that the site-based flux 

towers located in North China only measure GPP of cropland and grassland ecosystems. 

Considering these factors, the site-based GPP modeling over cropland and grassland ecosystems 

should be more accurate. The difference in GPP under two aerosol scenarios confirms the 

significant impact of small-size anthropogenic aerosols on terrestrial GPP. Future efforts are 

needed to extrapolate the idea from site to regional and global scale. Apart from cropland and 

grassland ecosystems, GPP of forest ecosystem with the most complex canopy structure should 
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be modeled. In summary, a large-scale quantification of the aerosol-effect on terrestrial GPP of 

different ecosystems can be meaningful for a better understanding of the interaction between 

atmospheric aerosols and global carbon cycle. 

6.5. Conclusion 

North China is the most desirable study area to investigate the impact of aerosols on surface solar 

radiation and terrestrial productivity according to the distinct variations of aerosols and solar 

radiation over six regions across China (Appendix A and B). Compared to the previous aerosol 

studies in North China, Chapter 2 reveals the latest aerosol variations (the decline of aerosol 

concentration after 2011 and the increasing proportion of small-size anthropogenic aerosols); and 

provides a more comprehensive explanation regarding aerosol variations by considering three 

major factors influencing the sources of aerosols (the emissions), the transport or removal of 

aerosols (the meteorological conditions) and both of them (the landscape properties). This is 

meaningful for a comprehensive understanding of the causes and impacts of aerosols in North 

China. Besides, the long-term variability of direct and diffuse solar radiation since 1959 

estimated in Chapter 3 successfully depicts the significant (p < 0.01) changes of direct (the 

declining trend) and diffuse (the increasing trend) radiation in spite of the lack of continuous 

field measurements. This analysis is more important than the general knowledge of the dimming 

and brightening period in existing studies since it provides essential references for various 

research groups working on different components of global radiation. Also, it highlights the 

aerosol-effect on solar radiation over the highly-polluted region. Variations of aerosols and solar 

radiation analyzed above facilitate the development of new empirical models to qualify the 

aerosol-effect on solar radiation. Models presented in Chapter 4 are more accurate in the 

estimates of direct and diffuse radiation by incorporating the aerosol-effect compared to those 
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existing models. This is significant for the development and evaluation of solar radiation dataset 

in the air mass with large aerosol loads. More importantly, since the original method in this two-

leaf model doesn’t incorporate the significant (p < 0.05) aerosol-effect on the separation of direct 

and diffuse radiation (Chapter 2), the BEPS in Chapter 5 improved by the new empirical method 

can improve the accuracy of GPP modeling and make it more applicable in the highly-polluted 

North China.  

This research provides an ecological perspective regarding the impact of aerosols over the 

polluted region apart from the widely-discussed air pollution and health issues. Major scientific 

contributions include: 1) multiple driving factors should be considered to understand the 

spatiotemporal variations of aerosols; 2) different methods (an empirical model and an artificial 

neural network) are validated to estimate the long-term variability of direct and diffuse radiation 

due to the lack of field measurements; 3) new empirical models are developed to improve the 

estimation accuracy of direct and diffuse radiation by incorporating aerosols in the air mass with 

large aerosol loads; 4) the BEPS is improved for a more accurate GPP modeling over highly-

polluted regions. Generally, this research reveals the unique variations of aerosols and surface 

solar radiation in North China and highlights the significant impact of aerosols on solar radiation, 

particularly, diffuse solar radiation. More importantly, the quantification of the aerosol-effect on 

solar radiation improves the estimation accuracy of diffuse solar radiation, which further 

improves the accuracy of GPP modeling by the two-leaf BEPS in the highly-polluted North 

China. Results are meaningful for developing solar radiation datasets and improving GPP 

modeling over aerosol-polluted region. Methods and conclusions presented in this study can also 

provide useful references to researches regarding atmospheric aerosols, solar radiation and 

terrestrial ecosystem over aerosol-polluted regions. 
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Appendix A Major Datasets 

A1. Ground-measured solar radiation datasets 

The measured solar radiation dataset was obtained from the China Meteorological Data Sharing 

System (CMDSS, http://cdc.cma.gov.cn/). There are totally 162 meteorological and radiometric 

stations measuring daily global, direct and diffuse radiation (unit: MJ/m2) across China since 

1958. This dataset has been through preliminary quality checks. Over the period of 1958-2016, 

there are 11 stations with over 99% daily global, direct and diffuse radiation (marked as the Type 

I stations). Meanwhile, another 34 stations have over 99% daily global radiation but around 50-

67% daily direct, diffuse radiation due to no measurements of direct and diffuse radiation after 

1992 (marked as the Type II stations). The remaining stations have no measurements of global, 

direct and diffuse radiation in the early 1990s, which are not used in this study. The geographical 

distribution of the 11 Type I and 34 Type II stations across China is shown in Figure A-1. Details 

of the missing daily global, direct and diffuse radiation at the 11 Type I stations for the period of 

1958-2016 are shown in Table A-1. 

Generally, two (Beijing 54511 and Zhengzhou 57083) out of the 11 Type I stations are located in 

North China (Figure A-1, left) with the least number of missing daily solar radiation data (Table 

A-1). Besides, there are five Type II stations in North China (Figure A-1, right). Therefore, in 

this research, the measured global, direct and diffuse radiation at the two Type I stations are used 

to develop and validate new methods to estimate the missing data at the five Type II stations. 

The average of the measurements and estimates from the seven stations are used to explore the 

long-term variability of direct and diffuse radiation in North China for the period of 1959-2016 

(Chapter 3).  

 

http://cdc.cma.gov.cn/
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Figure A-1. Ratio of daily diffuse (direct) radiation at the 11 Type I and 34 Type II stations over 

six regions. NC, NE, SE, NW, SW, TP represent North China, Northeast, Southeast, Northwest, 

Southwest China and Tibet Plateau. 

 

Table A-1. Statistics of missing daily global, direct and diffuse radiation at the 11 Type I stations 

over six regions. 

   Global Radiation Diffuse Radiation Direct Radiation 

FID station region number ratio number ratio number ratio 

1 54511 NC 10 0.05% 15 0.07% 19 0.09% 

2 57083 NC 13 0.06% 13 0.06% 14 0.06% 

3 50953 NE 77 0.37% 76 0.36% 77 0.37% 

4 54342 NE 77 0.36% 73 0.34% 80 0.37% 

5 51463 NW 70 0.33% 69 0.33% 73 0.34% 

6 51709 NW 38 0.18% 46 0.21% 46 0.21% 

7 57494 SE 54 0.25% 51 0.24% 58 0.27% 

8 59287 SE 31 0.14% 36 0.17% 36 0.17% 

9 56778 SW 176 0.86% 483 2.36% 562 2.75% 

10 52818 TP 47 0.22% 43 0.20% 46 0.21% 

11 55591 TP 37 0.18% 62 0.30% 167 0.82% 

 

Similarly, daily global, direct and diffuse radiation at each meteorological and radiometric 

station are summarized for the period of 2000-2016 over six regions across China. 14 stations 

have over 99% daily global, direct and diffuse radiation, marked as the Type III stations (Figure 

A-2). As indicated in Table A-2, ratios of missing daily solar radiation data at the 14 Type III 

stations are generally smaller than 1% except at two stations (50136 and 55591).  
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Figure A-2. Ratio of daily diffuse (direct) radiation at the 14 Type III stations over six regions.  

 

Table A-2. Statistics of missing daily global, direct and diffuse radiation at the 14 Type III 

stations over six regions. 

 

The two Type I stations in North China still have almost complete daily solar radiation for the 

period of 2000-2016. Therefore, measurements from the two stations are used to develop new 

   Global Radiation Diffuse Radiation Direct Radiation 

FID Station ID Region Number Ratio Number Ratio Number Ratio 

1 57083 NC 0 0.00% 0 0.00% 0 0.00% 

2 54511 NC 3 0.05% 3 0.05% 1 0.02% 

3 50953 NE 0 0.00% 0 0.00% 0 0.00% 

4 50136 NE 18 0.29% 17 0.27% 177 2.85% 

5 54342 NE 34 0.55% 32 0.52% 37 0.60% 

6 51709 NW 2 0.03% 6 0.10% 6 0.10% 

7 51463 NW 11 0.18% 12 0.19% 12 0.19% 

8 59287 SE 0 0.00% 0 0.00% 0 0.00% 

9 59948 SE 0 0.00% 0 0.00% 1 0.02% 

10 58362 SE 2 0.03% 2 0.03% 2 0.03% 

11 57494 SE 13 0.21% 9 0.14% 14 0.23% 

12 56187 SW 1 0.02% 1 0.02% 60 0.97% 

13 55591 TP 2 0.03% 3 0.05% 101 1.63% 

14 52818 TP 39 0.63% 37 0.60% 37 0.60% 
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empirical models to quantify the impact of aerosols on solar radiation over polluted North China 

in the recent decade. To test the application of those empirical models developed in North China, 

the measured direct and diffuse radiation over the 14 Type III stations are used to validate the 

performance of those models over six regions across China for the period of 2000-2016. 

In addition, daily sunshine duration (SSD, unit: hour) at each meteorological and radiometric 

station was also collected from the CMDSS. Unlike the measurements of solar radiation, there 

are relatively complete measurements of sunshine duration on each station since 1958, the few 

randomly-distributed missing daily sunshine duration data are interpolated using a three-day 

average moving window. 

A2. Remote sensing-based aerosol product 

The gridded atmospheric product of MODIS provides the global ambient aerosol optical depth 

(AOD) over oceans and continents, which is open for access. AOD is the degree to which 

aerosols prevent the transmission of light by absorption or scattering of light, which can be an 

effective indicator of aerosol concentration. An optical depth of less than 0.1 indicates a clear 

sky with maximum visibility; whereas a value of 1 indicates a very hazy condition. As an 

important proxy for aerosol concentration, AOD is highly correlated with the ground-level 

particulate matter concentration (Tian and Chen 2010a; Xie et al. 2015; Lee et al. 2016).  

Four aerosol datasets including monthly (MOD08M3, MYD08M3) and daily AOD data 

(MOD08D3, MYD08D3) from the Terra (MOD) and Aqua (MYD) platforms were downloaded 

from https://ladsweb.modaps.eosdis.nasa.gov/search/. MOD08M3 and MOD08D3 are from the 

Terra platform, which is on a descending orbit (southward) and passes over the equator at 10:30 

local standard time. Whereas, MYD08M3 and MYD08D3 are from the Aqua platform, which is 

on an ascending orbit (northward) and passes over the equator at 13:30 local standard time. The 

https://ladsweb.modaps.eosdis.nasa.gov/search/
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observation on the Terra platform started in March 2000 and that on the Aqua platform started in 

July 2002. However, there are more or less missing data in four datasets from both platforms 

(Figure A-3-A-5). 

Monthly AOD datasets from both platforms suggest more AOD data (over 80%) in eastern China 

and fewer AOD data (less than 20%) in western China (Figure A-3, A-4). Seasonally, the area 

with more missing data is the largest in winter and the smallest in summer. Similar pattern is also 

detected in daily AOD data on both platforms. However, the ratio of missing data is larger at 

daily level (Figure A-5).  

 

Figure A-3. Ratio of monthly AOD data at annual and seasonal level from the Terra platform 

over six regions from 2000 to 2016. 
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Figure A-4. Ratio of monthly AOD data at annual and seasonal level from the Aqua platform 

over six regions from 2002 to 2016.  

 

 

Figure A-5. Ratio of daily AOD data from the Terra (left, 2000-2016) and Aqua (right, 2002-

2016) platforms over six regions.  

 

To increase the number of AOD data, the missing AOD data from the Terra platform is replaced 

with available AOD data from the Aqua platform in light of more AOD data with higher 

accuracy from the Terra platform (Segura et al. 2012). Despite the slight differences in the 
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observation time of the two platforms, daily AODs from the two platforms are highly correlated 

(Figure A-6). 

 

Figure A-6. Scatterplots of daily AOD from the Terra and Aqua platforms at the two stations in 

North China from 2006 to 2009. 

 

The monthly and daily AOD data after interpolation suggest that NC, SE and SW are three 

regions with more monthly AOD data, whereas NC and SE are two regions with more daily 

AOD data across China (Figure A-7).  

 

Figure A-7. Raito of monthly AOD data (2000-2016) and that of daily AOD data (2003-2016) 

after the interpolation of missing AOD data from the Terra platform with available AOD data 

from the Aqua platform.  
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In this research, the satellite-based AOD data are used to study the spatiotemporal variations of 

aerosols across China for the period of 2000-2016 from two aspects. One is the spatiotemporal 

variations of average aerosol concentration based on monthly AOD data, and the other is the 

temporal evolutions of the high and low aerosol concentration based on daily AOD data across 

China. Six percentiles include P85, P90 and P95 for the high aerosol concentration and P5, P10 and 

P15 for the low aerosol concentration. Then I (> P95), II (P90-P95) and III (P85-P90) are for days 

with higher aerosol concentration and IV (P10-P15), V (P5-P10) and VI (< P5) are for days with 

lower aerosol concentration. 

Another important aerosol proxy in the remote sensing-based aerosol product is Angstrom 

exponent (AE). Known as the negative slope of AOD with the wavelength in logarithmic scale, 

AE is an indicator of aerosol size. A larger (smaller) AE value indicates the dominance of small 

(large) particles. AE, as the indicator of aerosol size, can be used for a preliminary identification 

of small-size anthropogenic aerosols or large-size natural particles.  
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Appendix B Aerosols and Solar Radiation in China 

B1. Atmospheric aerosols over six regions across China 

B1.1. Spatiotemporal variability  

Temporally, aerosol concentration has been increasing since 2000 (0.44) and reaches the highest 

level in 2011 (0.59) but declines from 2011 onward (Figure B-1). The declining trend after 2011 

is the most important variability of aerosol concentration in the recent decade. This may be partly 

due to the adoption of the Ambient Air Quality Standard to monitor six major air pollutants as 

well as the efforts that have been made to cut down the emissions. Although the degrading air 

quality has frequently been reported in China during the past few years, our results suggest that 

the increasing trend in aerosol concentration does not persist after 2011. It can be inferred that 

the emission of aerosols is no longer the determining factor of air pollution in China, other 

factors, such as the aerosol types or meteorological conditions, may play a more important role. 

Spatially, high aerosol concentration is mainly detected in North China and Sichuan Basin. 

Seasonally, aerosol concentration is the highest in summer and the lowest in winter (summer 

(0.61) > spring (0.55) > autumn (0.45) > winter (0.40)). Spring aerosol concentration reaches the 

highest level in 2007 (0.66) and decreases from 2012 to 2016. Variability of summer aerosol 

concentration is similar to that of annual aerosol concentration. Autumn and winter aerosol 

concentration have increased since 2000 but declined during 2011-2016. Despite a similar spatial 

distribution, seasonal aerosol concentration differs greatly as the area with high aerosol 

concentration is widely detected in spring and summer than in autumn and winter.  
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Figure B-1. Spatial distribution and temporal variability of annual and seasonal aerosol 

concentration across China. Grids with over 80% monthly AOD data are selected for analysis. 

NC, NE, SE, NW, SW, TP represent North China, Northeast, Southeast, Northwest, Southwest 

China and Tibet Plateau. 

 

Three regions including NC, SE and SW, featured by more grids with over 80% monthly AOD 

data, are selected to study the temporal variability of seasonal aerosol concentration over the 

period of 2000-2016. 

Over three regions, seasonal aerosol concentration is the highest in SE except in summer when it 

is the highest in NC. In contrast, aerosol concentration is the lowest in SW. Notably, spring and 

autumn aerosol concentration in SE, summer and winter aerosol concentration in NC and 
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summer and autumn aerosol concentration in SW have declined after 2011 (Figure B-2). 

Therefore, it is concluded that aerosol concentration over NC in summer and winter, over SE in 

spring and autumn and that over SW in summer and autumn have contributed to the declining 

aerosol concentration at the country level after 2011. 

 

Figure B-2. Temporal variability of seasonal aerosol concentration over SE, SW and NC from 

2000 to 2016. 

 

B1.2. Annual and seasonal trends  

Annually, aerosol concentration indicates significant increasing trends (p < 0.01 or 0.05) in 

North China but decreasing trends (p < 0.05) in Sichuan Basin (Figure B-3). In North China, the 

consumption of fossil fuels driven by intensive industrial activities releases considerable 

particulate matters and gaseous pollutants into the atmosphere, thus increasing aerosol 

concentration (Zhang et al. 2016). In contrast, the declining trends in aerosol concentration over 

Sichuan Basin are on account of the relevant environmental remediation measures, which have 

achieved initial positive results suggested by Liu et al. (2016). Similar pattern is also detected in 
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spring, summer, and autumn aerosol concentration. Particularly, there are significantly increasing 

trends (p < 0.01) of spring aerosol concentration in southern China. 

 

Figure B-3.Trends and significance levels of annual and seasonal aerosol concentration in China 

during 2000-2016, unit of the trend: AOD/yr. Three significance levels are suggested as p < 0.01, 

0.01< p < 0.05 and not significant (NS).      

 

The spatiotemporal analysis of aerosol concentration across China highlights the fact that aerosol 

concentration is higher and keeps increasing in North China for the recent decade. The more 

AOD data and higher aerosol concentration make North China an ideal study area for aerosol-

related topic across China. 
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B1.3. Variability of higher or lower aerosol concentration 

Occurrences of I, II and III indicate declining trends in NC, SE and SW but increasing trends in 

NE since 2003 (Figure B-4) and they exhibit two periods with upside-down “U” shape over NC 

and SW but three periods over SE and NE. In NC and SW, one is from 2005 to 2009 and the 

other is between 2010 and 2013. The third one over SE and NE is from 2014 to 2016. The 

temporal variation featured by two periods with upside-down “U” shape is consistent with that of 

annual average aerosol concentration suggested by monthly AOD data.  

 

Figure B-4. Temporal variability of annual occurrence of AOD day with higher aerosol 

concentration over four regions during 2003-2016. I (> P95), II (P90-P95), III (P85-P90). 

 

Occurrences of IV, V and VI are declining during 2003-2011 but start to increase after 2011 in 

NC and SW. However, increasing trends in SE and declining trends in NE have been detected 

since 2003. The increasing occurrences of AOD days with low aerosol concentration after 2011 

over NC, SE and SW are consistent with the declining aerosol concentration since 2011. Besides, 

the increasing (declining) trends of IV, V and VI in SE (NE) suggest that more (fewer) days with 

low aerosol concentration in SE (NE) (Figure B-5).   
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Figure B-5. Temporal variability of annual occurrence of AOD day with lower aerosol 

concentration over four regions during 2003-2016. IV (P10-P15), V (P5-P10) and VI (<P5). 

 

Occurrence of AOD day with the highest aerosol concentration (> P95) is the most in NC and the 

least in SW. There are declining occurrences of AOD days with high aerosol concentration over 

NC, SE and SW but increasing occurrence over NE during 2003-2016. In contrast, occurrence of 

AOD day with the lowest aerosol concentration (< P5) is the least in NC and the most in SW. 

There are increasing occurrences of AOD days with low aerosol concentration over NC, SE and 

SW but declining occurrence over NE during 2003-2016. 

B2. Solar radiation over six regions across China  

B2.1. Long-term variability of solar radiation                                                                                                                                             

 

Global radiation is higher in TP, NW and SW than NC, NE and SE and it is spatially decreasing 

from western to eastern China (Figure B-6). A dimming period from 1958 to 1990 has been 

detected but the dimming does not persist into 1990s. A “From Dimming to Brightening” 

transition between 1990 and 1993 is detected over six regions. Besides, the increasing trend in 

global radiation has been observed after 2000 over six regions except for TP. The spatiotemporal 
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pattern of global radiation is also applicable to direct radiation. Diffuse radiation has been 

increasing in NC, NE and SE due to the air pollution caused by increasing aerosols from the 

intensive economic activities in the 1990s (Fan et al. 2005) but decreasing in NW and TP after 

1990. Regionally, eastern China is featured by high diffuse radiation but western China is 

characterized by high global and direct radiation after 1990. The declining direct/diffuse ratio 

contributed by the declining direct radiation and increasing diffuse radiation indicate the 

deterioration of air quality in eastern China since 1958. In contrast, large direct/diffuse ratios 

above 1 suggest the relatively good air quality in TP and NW during 1958-2016. 

 

Figure B-6. Estimated long-term variations of global, direct, diffuse radiation and direct/diffuse 

ratio across China based on the 11 Type I stations and some of the 34 Type II stations. NC, NE, 



138 

 

SE, NW, SW, TP represent North China, Northeast, Southeast, Northwest, Southwest China and 

Tibet Plateau. 

 

B2.2. Correlation between sunshine duration and solar radiation 

In eastern China (NC, NE and SE), global and direct radiation are positively correlated with 

sunshine duration and diffuse radiation is negatively correlated with sunshine duration (Table B-

1). Thus, the declining trends of sunshine duration in eastern China during 1958-1990 (Figure B-

7) can largely explain the declining trends in global and direct radiation. A similar finding is also 

applicable in SW. However, the slightly declining sunshine duration since 2000 can hardly 

justify the increasing global and diffuse radiation in eastern China. That’s why aerosols are 

incorporated given the increasing aerosol concentration in China. In TP, global and direct 

radiation are negatively correlated with sunshine duration and diffuse radiation is positively 

correlated with sunshine duration. TP is unique compared to the other five regions. It has 

abundant solar energy resources and annual solar radiation is the highest in China and the second 

highest worldwide (Li et al. 2011a). Strong solar radiation intensity in TP is largely owing to the 

high altitude, thin air, good air transparency and few anthropogenic disturbances (Zhang et al. 

2000). Besides, sunshine duration in TP is the second longest next to NW in China. Slight 

variability in sunshine duration over TP can barely influence solar radiation there. 

Table B-1. Correlation coefficients between solar radiation and sunshine duration over six 

regions from 1958 to 2016. 

Radiation & SSD NC NE SE NW SW TP 

Rg 0.86** 0.37** 0.69** 0.14 0.37** -0.03 

Rdirect 0.93** 0.47** 0.84** 0.26* 0.51** -0.35** 

Rdiffuse -0.44** -0.49** -0.28* 0.06 -0.08 0.05 
 **, * suggest that correlation coefficients are statistically significant at 0.01, 0.05 significance 

levels. 
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Figure B-7. Long-term variations of annual average sunshine duration over six regions across 

China based on measurements at the 11 Type I and 34 Type II stations. 

 

Among six regions across China, North China is the region with the largest declining trends in 

global radiation (-0.34MJm-2decade-1), direct radiation (-0.56MJm-2decade-1) and sunshine 

duration (-0.20hdecade-1), and the largest increasing trend in diffuse radiation (0.21MJm-2decade-

1) for the period of 1958-2016. The most significant variations of direct and diffuse radiation 

unique to North China make it a desirable study area to further investigate the potential driving 

factor of solar radiation variations. 

B3. Solar radiation estimated by aerosols  

B3.1. Correlation between solar radiation and aerosol concentration 

Direct radiation is positively correlated with sunshine duration modified by global radiation. 

These significant correlations justify the reasonable agreement between the long-term variability 

of direct radiation and that of global radiation. Diffuse fraction (the fraction of diffuse radiation 

in global radiation) is negatively correlated with sunshine duration over six regions but positively 

correlated with aerosol concentration except in NW. Besides, the positive correlation between 

diffuse fraction and aerosols are more obvious in North China (Table B-2). 
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Table B-2. Correlation coefficients between direct radiation (Rdirect), diffuse fraction (Rdiffuse/Rg) 

and sunshine duration (SSD), aerosol optical depth (AOD) at the 14 type III stations over six 

regions during 2000-2016.  

  Rdirect Rdiffuse/Rg   Rdirect Rdiffuse/Rg 

region station SSD*Rg SSD AOD region station SSD*Rg SSD AOD 

NC 57083 0.93** -0.50** 0.55** SE 59287 0.94** -0.83** 0.40** 

NC 54511 0.95** -0.43** 0.74** SE 59948 0.92** -0.79** 0.51** 

NE 50953 0.96** -0.53** 0.31** SE 58362 0.96** -0.72** 0.40** 

NE 54342 0.89** -0.37** 0.50** SE 57494 0.95** -0.57** 0.41** 

NE 50136 0.93** -0.58** 0.02 SW 56187 0.91** -0.69** 0.22** 

NW 51709 0.98** -0.82** -0.02 TP 55591 0.82** -0.64** 0.36** 

NW 51463 0.97** -0.78** -0.36** TP 52818 0.92** -0.48** 0.51** 

** suggests that correlation coefficients are statistically significant at 0.01significance level. 

 

Aerosols concentration is higher in SE, NC and SW than NW, NE and TP. NC and SE are 

featured by the increasing anthropogenic emissions from intensive urban development and 

industrial activities. In SW lies the Sichuan Basin, one of the three regions with high aerosol 

concentration in China (Figure B-8). Positive correlations between AOD and diffuse fraction 

(Table B-2) suggest that high aerosol concentration can largely increase diffuse radiation in NC, 

SE and SW. In contrast, the lowest aerosol concentration can barely influence diffuse radiation in 

TP. 

According to Kaufman et al. (2005) and Russell et al. (2010), aerosols with larger AOD and AE 

are probably air-polluted particles from anthropogenic emissions, which are often fine-mode. 

Whereas, aerosols with smaller AOD and AE tend to be mineral dust and sea salt from natural 

processes, which are usually coarse-mode. Aerosol size is the largest in NW (Figure B-8), where 

the largest Taklimakan Desert in China is located. Since sand-dust storms break out frequently in 

this region, therefore, aerosols in NW are mainly large particles from natural processes. The 

negative correlation between diffuse fraction and aerosol concentration in NW suggests that 

large particles such as sand or dust from natural processes tend to reduce diffuse fraction (Table 
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B-2). In contrast, in NC, SE and SW, aerosols are mainly small-polluted particles from 

anthropogenic activities like the combustion of fossil fuel, vehicle emission and gaseous 

emissions (Figure B-8). Significant positive correlations between diffuse fraction and aerosols 

concentration in NC, SE and SW suggest that the small-size air-polluted aerosols tend to increase 

diffuse fraction. This analysis suggests that the impact of aerosols on diffuse radiation can vary 

among different aerosol types. 

 

Figure B-8. 17-year average aerosol concentration (AOD) and aerosol size (AE) over six regions 

from 2000 to 2016. 

 

B3.2. Validation of the empirical models 

Empirical models in Eq. 4-1 are used to estimate direct and diffuse radiation at the 14 Type III 

stations over six regions. The validation at each station is indicated by the coefficient of 

determination (R2) and root mean square error (RMSE) (Figure B-7).  

R2 and RMSE suggest that two empirical models can achieve good estimates of monthly direct 

(R2 = 0.68-0.96) and diffuse (R2 = 0.47-0.96) radiation at the 14 Type III stations over six 

regions. Both models function better in North China and Southeast China with larger R2 and 

smaller RMSE. Besides, by incorporating aerosols, the estimate of monthly diffuse radiation by 

the empirical model in our study is better than the estimates using the three methods from the 



142 

 

previous studies (3.6, Discussion). Our results highlight the necessity to incorporate the aerosol-

effect on solar radiation over highly-polluted regions like North China.  

 

Figure B-9. Validation of the estimated direct and diffuse radiation by empirical models using 

the field measurements at the 14 Type III stations during 2000-2016. 
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Appendix C Supplementary Methods 

C1. Supplementary methods in Chapter 3 

Three methods for estimating diffuse radiation presented in previous studies are compared with 

the empirical model developed in this research with respect to the estimation accuracy. Details of 

the three methods are summarized as followings. 

C1.1. Erbs et al.’s method  

Erbs et al.’s method (1982) (C1) was developed based on the correlations between daily diffuse 

fraction (the ratio of diffuse radiation in global radiation) and clearness index using the hourly 

data from four U.S. locations. This correlation was dependent upon seasons.  
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    (C1)                     

Where TK  is the clearness index, sw is the sunset hour angle, diffuseR  is the daily diffuse radiation 

on a horizontal surface, and gR is daily global radiation incident on a horizontal surface, 0R is the 

daily extraterrestrial radiation.  

Clearness index has been a widely-used proxy to estimate solar radiation ever since Erbs et al.’s 

work. This proxy can incorporate the substantial impact of atmospheric components, such as 



144 

 

aerosols, clouds and water vapor, on solar radiation by the ratio of surface collectible global 

radiation in the extraterrestrial radiation in theory at a given location. This method is taken as an 

example of many solar radiation models empirically developed based on clearness index. 

C1.2. Chen et al.’s method  

Chen et al.’s method (1999) (C2) was derived based on data obtained under a mid-latitude 

marine air mass near Vancouver, Canada. This is also the original method for separating direct 

and diffuse radiation from global radiation in the two-leaf model, the Boreal Ecosystem 

Productivity Simulator (BEPS). However, this method would underestimate the diffuse fraction 

for air masses with large aerosol contents (Chen et al. 2012). 
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                         (C2) 

Where gR  is the hourly global solar radiation above the canopy, diffuseR  is the hourly diffuse 

radiation, r is the cloud ratio, 0S  is the solar constant (=1367 W/m2).  

The separation of direct and diffuse radiation from global radiation and that of the sunlit and 

shaded leaves within the canopy required by the BEPS for GPP modeling make it possible to 

study the impact of aerosols on GPP via solar radiation. The original method in the BEPS would 

underestimate diffuse radiation for not considering aerosols. However, our new empirical 

method incorporates the impact of aerosols on solar radiation using the remote sensing-based 

AOD. The difference between the two methods is the fundamental basis to set up an aerosol-free 

and an aerosol-impacted scenario to investigate the impact of aerosols on GPP. 
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C1.3. Li et al.’s method 

Li et al.’s method (2011) (C3) is one of the most widely-used sunshine-based models relating the 

diffuse fraction with sunshine duration to estimate diffuse radiation. 
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Where diffuseR , 0R , SSD  and 0S  are monthly diffuse radiation, extraterrestrial radiation, actual and 

maximum sunshine duration.  

The sunshine-based model is widely-used in estimating solar radiation given the reasonable 

agreement between the changes in solar radiation and sunshine duration. However, sunshine 

duration alone may fail to reach a good estimate of solar radiation. Therefore, this method is 

selected as an example of many sunshine-based models. 

The major differences between the three methods and our empirical model lie in the 

consideration of the aerosol-effect and the way to incorporate it. Erbs et al.’s method considers 

the aerosol-effect indirectly via the clearness index. Chen et al.’s and Li et al.’s methods barely 

consider the aerosol-effect. Unlike these methods, our empirical model incorporates the aerosol-

effect directly by using the remote sensing-based AOD, an efficient satellite-retrieved proxy for 

aerosol concentration. Results can better highlight the significance of aerosols to an accurate 

estimate of diffuse radiation. 

C2. Supplementary methods in Chapter 5 

C2.1. Aerosol-free scenario (S1) 

In the BEPS, diffuse radiation is determined by the diffuse fraction as in Eq. C4 (Chen et al. 

1999). The direct fraction above the canopy is the remainder of the diffuse fraction. 
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Where
gR  is the hourly global solar radiation above the canopy, diffuseR  is the hourly diffuse 

radiation, r is the cloud ratio, 0S  is the solar constant (=1367 W/m2). This method was 

developed based on data obtained under a mid-latitude marine air mass near Vancouver, Canada 

(Chen et al. 2012). Since we have hourly global radiation available, this method can be used to 

separate direct and diffuse radiation for modeling photosynthesis of the sunlit and shaded leaves 

under the aerosol-free scenario (S1). 

C2.2. Aerosol-impacted scenario (S2) 

To improve the estimate of diffuse radiation by incorporating the impact of high aerosol 

concentration in North China, a new empirical method is proposed to estimate daily diffuse 

radiation by considering three cases.  

In case 1 where daily sunshine duration (SSD) is zero, daily diffuse radiation is estimated as Eq. 

C5. 

                                        gdiffuse RR                                                                                     (C5) 

Where gdiffuse RR , are daily diffuse and global radiation. Two weather conditions are considered; 

one is the extremely cloudy and heavy polluted day when 0 gdiffuse RR and the other is the 

rainy day when 0 gdiffuse RR . 
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In case 2 where daily aerosol optical depth (AOD) and sunshine duration (SSD) are both 

available, daily diffuse radiation is estimated in the diffuse fraction form as Eq. C6. 

            863.0)log(163.0035.0  AODSSD
R

R

g

diffuse
                                             (C6) 

Coefficients in Eq. C6 are determined based on the measured global, direct and diffuse radiation 

at two stations (54511 and 57083) in North China. 

In case 3 where daily aerosol optical depth (AOD) is not available, Erb et al.’s method (1982) is 

adopted to estimate daily diffuse radiation (Eq. C7). 
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(C7) 

Where TK  is the clearness index, sw  is the sunset hour angle and 0R  is the extraterrestrial 

radiation. Then, three cases are all considered to estimate daily diffuse radiation.  

To generate hourly diffuse and direct radiation required by the BEPS, hourly diffuse radiation is 

then estimated from daily diffuse radiation based on the empirical model shown in Eq. C8. This 

model was proposed by Liu and Jordan (1960) and improved by Collares-Pereira and Rabl 
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(1979). This is enlightened by Khatib and Elmenreich’s (2015) method to estimate hourly solar 

radiation using daily solar radiation and other solar angles based on a typical profile of mean 

hourly solar radiation versus time. 
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Where w  is the hour angle, sw is the sunset hour angle,  is the latitude and  is the angle of 

declination. N is the day number, AST is the apparent solar time, LST is the local standard time, 

EoT is the equation of time, LSMT  is the local standard meridian, LODis the longitude, GMT

is Greenwich mean time. Eventually, the underestimate of hourly diffuse radiation by the 

original method (Eq. C4) in the BEPS is improved by the new empirical method (Eq. C5-8). 

Hourly direct radiation is then calculated by subtracting hourly diffuse radiation from hourly 

global radiation.      

When modeling GPP using the BEPS, under the aerosol-free scenario, the only required input 

solar radiation is hourly global radiation with direct and diffuse radiation calculated by Eq. C4 as 

the intermediate variables. However, under the aerosol-impacted scenario, hourly diffuse and 
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direct radiation estimated using the new empirical method are set as the input variables. In this 

way, the BEPS has been improved to consider the aerosol-effect when modeling GPP. Then, 

GPP of the sunlit and shaded leaves below and above the canopy are modeled under two aerosol 

scenarios with the differences suggesting the impact of aerosols on GPP. 
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