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Surface incident shortwave radiation (ISR) is a crucial parameter in the land 

surface radiation budget. Many reanalysis, observation-based, and satellite-derived 

global radiation products have been developed but often have insufficient accuracy 

and spatial resolution for many applications. In this dissertation, I propose an 

optimization-based method (OB-Algorithm) based on a radiative transfer model for 

estimating surface ISR from Moderate Resolution Imaging Spectroradiometer 

(MODIS) Top of Atmosphere (TOA) observations by optimizing the surface and 

atmospheric variables with a cost function. This approach consisted of two steps: 

retrieving surface bidirectional reflectance distribution function parameters, aerosol 

optical depth (AOD), and cloud optical depth (COD); and subsequently calculating 

surface ISR. I also adapted the algorithm to VIIRS data and performed global 



  

validation with 34 Baseline Surface Radiation Network (BSRN) sites for both 

instantaneous and daily mean ISR. Researches on estimating daily and diurnal ISR 

was also made on Advanced Himawari Imager (AHI) and Advanced Baseline Imager 

(ABI). Geostationary satellites capture diurnal ISR variation better than polar-orbiting 

ones, especially in cloudy cases. 

Validation against measurements at seven Surface Radiation Budget Network 

(SURFRAD) sites resulted in an R2 of 0.91, a bias of -6.47 W/m2, and a root mean 

square error (RMSE) of 84.17 W/m2 for the instantaneous results. Validation at eight 

high-latitude snow-covered Greenland Climate Network (GC-Net) sites resulted in an 

R2 of 0.86, a bias of -21.40 W/m2, and an RMSE of 84.77 W/m2. These validation 

results show that the proposed method is much more accurate than the previous 

studies (usually with RMSEs of 80-150W/m2). The VIIRS ISR results at seven 

SURFRAD showed RMSEs of 83.76 W/m2 and 27.78 W/m2 for instantaneous and 

daily ISR, respectively at SURFRAD sites. Results at 34 BSRN sites showed RMSEs 

of 106.68 W/m2 and 32.76 W/m2 for instantaneous and daily ISR, respectively at 

BSRN sites. Validation of instantaneous and daily AHI ISR at eight OzFlux sites 

shows an R2 of 0.93, a bias of 0.52 W/m2 and an RMSE of 106.52 W/m2 for 

instantaneous results and an R2 of 0.95, a bias of -0.12 W/m2 and an RMSE of 22.49 

W/m2 for daily mean ISR. Validation of instantaneous and daily ABI ISR at seven 

SURFRAD sites shows an R2 of 0.93, a bias of 8.71 W/m2 and an RMSE of 102.30 

W/m2 for instantaneous results and an R2 of 0.95, a bias of -2.38W/m2 and an RMSE 

of 27.17 W/m2 for daily mean ISR.  

Ten years of optimization-based ISR products (OB-Product) in the Amazon 



  

region from MODIS data were produced and compared with existing products. The 

inter-comparison with CERES-SYN and GLASS ISR products show similar spatial 

and temporal patterns among the three datasets. Validation of my product at BSRN 

sites in this area provides an improved accuracy compared to GLASS product and a 

significant finer resolution compared to CERES-SYN product.  
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1 Introduction 

1.1 Background 

1.1.1 Importance of incident solar radiation 

Surface incident solar radiation (ISR) is a crucial parameter in the land surface 

radiation budget (SRB)(Liang et al. 2006; Zhang et al. 2014). ISR drives surface 

longwave emission, surface latent and sensible heat fluxes, and further affects Earthôs 

climate system. (Wang et al. 2010a; Wang et al. 2010c). Networks to measure ISR 

from flux towers have been established. However, due to the limited spatial coverage 

and representativeness of flux sites, satellite observation is the only way to estimate 

ISR on a global/regional scale. Many satellite ISR products with global coverage 

have been published. These include the Global LAnd Surface Satellite (GLASS) 

product (Zhang et al. 2014), the International Satellite Cloud Climatology Projectð

Flux Data (ISCCP-FD) (Zhang et al. 2004), the Clouds and the Earth's Radiant 

Energy System (CERES) (Wielicki et al. 1996), the Global Energy and Water Cycle 

ExperimentðSurface Radiation Budget (GEWEX-SRB) (Pinker and Laszlo 1992), 

and the Climate Monitoring Satellite Application Facility (CM-SAF) (Mueller et al. 

2009) datasets.  

1.1.2 Existing algorithms and satellite products 

Although there are several long-term ISR products available, most of these 
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have coarse spatial resolutions (e.g., 1Áor 280 km resolution) and are hardly sufficient 

for land surface models and other applications. The World Meteorological 

Organization (WMO) requires a shortwave radiation product with 10 km resolution 

for numerical weather prediction and a 1 km product for agricultural meteorology. 

Moreover, the validation results of current products have revealed insufficient 

accuracy (WMO requires an uncertainty of less than 20 W/m2) globally and in certain 

areas. Gui et al.  (2010) found significant biases in the Southeast Asia Tibetan Plateau 

and Greenland for three datasets (GEWEX-SRB, ISCCP_FD, and CERES-FSW). 

Zhang et al. (2015a) analyzed four long-term ISR products (GEWEX-SRB, ISCCD-

FD, University of Maryland Shortwave Radiation Budget, and CERES-EBAF) with 

more than 1,000 observation sites from the Global Energy Balance Archive (GEBA) 

and the China Meteorological Administration (CMA) and demonstrated an 

overestimation of about 10 W/m2 for monthly mean data. Slater et al. (2016) gathered 

measurements from more than 4,000 observation sites covering part of the United 

States and Canada from 1998 forward and compared site observations with seven 

different re-analysis products, six derived products, and two satellite products 

(CERES and GOES). Their results showed that in 13 of the 15 products, the RMSE 

values of spatial biases with site observations were higher than 18 W/m2 over the 

summer season (JuneïAugust). A more accurate algorithm is required to characterize 

both global and regional surface radiation budgets better. 

 Typically, there are two strategies for ISR estimation from satellite 

observations (Liang et al. 2010). The first type of methods for estimating ISR is based 

on analytical equations and radiative transfer models with atmospheric variables as 
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inputs (Ceamanos et al. 2014; Geiger et al. 2008). This type of approach has been 

used in many ISR products, such as the Earth Radiation Budget Experiment (ERBE), 

CERES, and ISCCP-FD. The second type of methods uses look-up tables (LUTs) to 

establish the relationship between TOA radiance and ISR. Liang et al. (2013; 2006) 

released the Global LAnd Surface Satellite (GLASS) Photosynthetically Active 

Radiation (PAR) and ISR products. GLASS provides ISR and PAR products at 5 km 

and 3- hour resolutions. A validation experience demonstrated a coefficient of 0.83 

and an RMSE of 81.91 W/m2 over 3 Chinese Ecosystem Research Network sites (Jin 

et al. 2013). The McClear algorithm (Lefevre et al. 2013) estimates the downwelling 

shortwave direct and global irradiances received at ground level under clear skies 

with LUTs. The Climate Satellite Application Facility (CM-SAF) (Mueller et al. 

2009) is characterized by a combination of parameterizations and ñeigenvectorò look-

up tables. Zhang et al. (2015b) reported an integrated approach incorporating a 

mountainous spectral radiation scheme and an atmospheric broadband transmittance 

model. Aside from these two types of traditional methods, a new family of methods 

using machine learning has been applied recently to ISR estimation (Tang et al. 

2016). However, the current methods have some limitations. First, many input 

parameters are not easy to estimate, especially parameters for some sophisticated 

parameterization methods. Second, uncertainties from different input parameters are 

accumulated in the process of estimation.  

1.2 Objectives 

 The overall purpose of the dissertation is to develop the methodology to 
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estimate surface downward solar radiation from both polar-orbiting and geostationary 

satellite data. The estimated ISR is expected with higher accuracy and spatial/temporal 

resolution compared with existing products. This dissertation consists of four tasks:  

1) Developing the optimization algorithm for estimating ISR from polar-

orbiting satellite data (MODIS). In this task, I developed an algorithm to 

estimate instantaneous ISR with MODIS data, and validate the results 

against field measurements. 

2) Adapting the optimization algorithm for different sensor (VIIRS) data and 

conduct extensive global validation. 

3) Estimating hourly and daily ISR from geostationary satellite data (AHI, 

ABI). In this task, I adapted the algorithm to work on geostationary satellites 

and estimate daily and hourly radiations, and then validate the results 

against field measurements. 

4) Comparing multiple satellite estimated solar radiation products with other 

existing products. In this task, I validated the results against field 

measurement and compared the results with existing satellite-derived 

radiation products. 

1.3 Dissertation Structure 

To achieve the objectives above, the dissertation consists of six chapters. 

Chapter 1 introduces the background knowledge and structure. Chapter 2 develops the 

optimization-based algorithm with one of the most popular mesoscale multispectral 

sensor MODIS data. Chapter 3 develops an improved algorithm on VIIRS data and 
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conducts extensive global validation. Chapter 4 provides adaption to the next 

generation of geostationary satellites and improves the estimation of daily mean ISR 

under extreme cases. Chapter 5 produces ten years of ISR data in the Amazon region 

and compares the data with existing satellite-derived ISR products. Chapter 6 

summaries the conclusion and future work. The results in Chapter 2 was published on 

Remote Sensing of Environment (Zhang et al. 2018). I performed all the experiments 

with the supervision and discussion with co-authors.
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2 Developing an optimization algorithm for estimating ISR from polar-orbiting 

satellite data 

2.1 Methodology 

2.1.1 Optimization of surface bidirectional reflectance distribution function 

parameters and atmospheric optical depth 

The method for the optimization of bidirectional reflectance distribution 

function (BRDF) parameters was initially developed for the estimation of surface 

reflectance, albedo, and AOD under snow-free conditions (He et al. 2012). I extended 

the algorithm for estimating instantaneous ISR from MODIS data. Figure 2-1 shows 

the framework of the ISR estimation algorithm. 

 

Figure 2-1 Framework of the ISR estimation algorithm 
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2.1.1.1 Calculation of TOA reflectance 

The spectral TOA reflectance in the first seven spectral bands was calculated 

via surface and atmospheric parameters through radiative transfer simulation. The 

calculated TOA reflectance was used to build a cost function, which was used to 

determine the optimums of surface and atmospheric parameters. 

Many simplified forward models, including various two-stream (Meador and 

Weaver 1980) and four-stream methods (Liang and Strahler 1994, 1995), have been 

proposed to approximate radiative parameters. However, these models sacrifice 

accuracy for higher efficiency. I adopted the formulation of radiative transfer 

incorporating the surface BRDF model and separating the radiation field into direct 

and diffuse components in both upwelling and downward directions. This formulation 

is accurate, although calculating the reflectance and transmittance terms in the 

formula requires numerical approximations (Qin et al. 2001). The TOA reflectance is 

as follows: 

”ɱȟɱ ” ɱȟɱ  
ȟ  ȿ ȟ ȿ

 (2-1) 

Ὕɱ ὸ ɱ ȟὸ ɱ  (2-2) 

Ὕɱ ὸ ɱ ȟὸ ɱ  (2-3) 

Ὑɱȟɱ
ὶ ɱȟɱ ὶ ɱ

ὶ  ɱ ὶ
 (2-4) 

Where ɱ and ɱ denote the solid angles of the solar and viewing directions, 

respectively. ” ɱȟɱ  is the reflectance normalized by path radiance and is 

controlled only by the atmosphere. 
ȟ  ȿ ȟ ȿ

 is 
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controlled by the interaction between the surface and atmosphere. In the second term, 

T and R denote a transmittance and reflectance matrix (Equations 2-3 and 2-4), 

respectively, while t and r represent bi-directional transmittance and reflectance, 

respectively. ” is the atmospheric spherical albedo, and Ὕɱ  and Ὕɱ  are 

combinations of direct and diffuse transmittance, respectively.  

Here, d denotes ñdirectionalò and h denotes ñhemisphere.ò Thus, ὸ ɱ  is 

direct transmittance and  ὸ ɱ  is diffuse transmittance. In practice, it is usually 

time-consuming to calculate all the atmospheric parameters in each pixel online. To 

make computation more time-efficient the atmospheric parameters were pre-

calculated offline by simulation using the radiative transfer software libRadtran 

(Mayer and Kylling 2005) and stored in the LUT. 

In terms of the surface, d denotes ñdirectionalò and h denotes ñhemisphere.ò 

ὶ  and ὶ ɱ  represent white and black-sky albedo, respectively. All of the 

parameters can be calculated with surface BRDF parameters. The surface BRDF 

model and the atmospheric radiative transfer simulation are presented in Sections 

2.1.1.2 and 2.1.1.3, respectively. 

2.1.1.2 Surface BRDF model 

BRDF models quantify angular distribution parameters of surface-reflected 

radiance. Various models have been proposed to simulate anisotropic characteristics 

of the surface. These BRDF models can be divided into three main groups, namely 

computer simulation, physical, and semi-empirical models. Pokrovsky and Roujean 

(2003a, b) compared different kernel-based BRDF models and found that the Liï
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Sparse and Roujean models have the best performance. The improved RossïLi kernel 

model by Maignan (2004) and Breon (2002) is used to calculate the surface 

anisotropic reflectance: 

Ὑɱȟɱȟ• Ὢ Ὢ ὑ ɱȟɱȟ• Ὢ ὑ ɱȟɱȟ• (2-5) 

Where, ɱ, ɱ, and • are the solar zenith, view zenith, and relative azimuth 

angles, respectively. ὑ  is a kernel based on the approximation of the radiative 

transfer for the canopy, and ὑ  is a kernel based on the distribution of the surface 

canopy size and orientation. Ὢ , Ὢ , and Ὢ  are the coefficients for these kernels.  

2.1.1.3 Atmospheric radiative transfer simulation 

Atmospheric optical parameters such as spherical albedo, atmospheric 

downward/upward transmittance, and path reflectance are required to implement a 

forward simulation using Equation 2-1. To make the algorithm more efficient, all of 

the parameters were pre-calculated in representative geometries and atmospheric 

conditions (AOD and cloud optical depth [COD]). Again, libRadtran (Mayer and 

Kylling 2005) software was used for the generation of the LUT. The following values 

were used as entries in the radiative transfer simulations: solar zenith angle (0Áï80Á, 

at 5Á intervals), viewing zenith angle (0Áï80Á, at 5Á intervals), relative azimuth angle 

(0Áï180Á, at 10Á intervals), COD (1, 2, 3, 5, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100), 

AOD at 550 nm (0.01, 0.025, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0), and 

water vapor (0, 15, 30, 45, 60, 75, 90, 105 mm).  

I used the continental-clean model to estimate ISR at the SURFRAD sites and 

the Antarctic model to estimate ISR at the GC-Net sites. For each specific 
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solar/viewing geometry and atmospheric parameter (AOD at 550 nm for clear-sky 

conditions or COD for cloudy-sky conditions), radiative transfer simulations 

generated path reflectance, upward/downward transmittances, and spherical albedo 

for each of the seven MODIS bands. I used actual site elevation to estimate ISR at the 

SURFRAD and GC-NET sites. With the atmospheric LUT, I calculated the surface 

broadband albedo and atmospheric index (AOD and COD) from the optimization 

process. ISR could then be calculated under specific geometries using the surface 

radiation LUT. In this chapter, I calculated the ISR for the spectral range of 280ï2800 

nm to match the field measurements. 

2.1.1.4 Cost function and optimization 

The TOA spectral reflectance calculated from the steps described Sections 

2.1.1.1ï2.1.1.3 was used to build up the following cost function:  

ὐὢ Ὑ ὢ Ὑ ὢ ὕ Ὑ ὢ Ὑ ὢ ὐ ὃὢ

ὃ ὄ ὃὢ ὃ ὅὢ ὅ Ὅ ὅὢ ὅ Ὀὢ

Ὀ Ὅ Ὀὢ Ὀ   (2-6) 

ὢ ὄὙὈὊȟὄὙὈὊȟȣȟὄὙὈὊȟὃὕὈȟὃὕὈȟȣȟὃὕὈ  (2-7) 

ὢ  ὅὕὈȟὅὕὈȟȣȟὅὕὈ   (2-8) 

Where NB is the number of spectral bands, and NO is the number of clear-sky 

observations. BRDFi is a set of BRDF kernel parameters. AODj and CODj are the 

AOD and COD values of corresponding observations, respectively. Ὑ  and Ὑ  are 

satellite-observed TOA reflectance and simulated TOA reflectance from the radiative 

transfer model for one band and one geometry (solar zenith, viewing zenith, and 
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relative azimuth angles), respectively.  

The terms in the square brackets are optional constraints in Equation 2-6. 

ὃὢ is the calculated surface shortwave broadband albedo from the retrieved BRDF 

parameters, and ὃ  is the broadband albedo climatology. The albedo climatology is 

used to constrain the retrieving procedure. It characterizes the major seasonal and 

annual changes in surface albedo. Multiyear MODIS albedo products were collected to 

generate the spatially and temporally continuous albedo climatology. ὅὢ  is the 

calculated AOD at 550 nm, and ὅ  is the MODIS MOD/MYD04 AOD data. Ὀὢ is 

the calculated COD, and Ὀ  is the MODIS MOD/MYD06 COD data. The AOD and 

COD products were used to constrain the retrieving procedure of atmospheric 

parameters. Jc denotes the penalty part of the cost function. In any particular geometry, 

if the reflectance or albedo calculated from the BRDF model is negative or greater than 

one, Jc is set to a large punitive value. In this framework, the AOD and COD can be 

the by-product of ISR when they are not available as input. However, if AOD and COD 

were provided as input, they could serve as constraints in the cost function to improve 

the accuracy.  

Here, X denotes unknown parameters within the time window (8 days). In the 

clear-sky case, ὢ  included surface BRDF parameters and AOD. An assumption was 

made that the surface BRDF parameters and aerosol types were stable within the time 

window. In the cloudy-sky case, surface parameters were usually unavailable, and the 

BRDF parameters optimized from clear-sky cases were used as input; ὢ  only 

included the COD. 

In one single time step, the unknown parameters included three BRDF 
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parameters for each spectral band and the atmospheric parameters (AOD/COD), 

while the information number was equal to the number of bands (NB). An assumption 

was needed to make the optimization solvable. Usually, the change of the surface is 

much slower than that of the atmosphere, and I, therefore, assumed that the surface 

BRDF parameters remained constant within a time window. In this chapter, the time 

window was eight days to obtain enough clear observations. The Shuffled Complex 

Evolution algorithm (Duan et al. 1994) was used to search for the optimum. 

2.1.2 Calculation of instantaneous ISR 

The ISR was estimated with Equations 2-9 and 2-10:  

Ὂ‘ Ὂ ‘ ‘Ὁ‎‘  (2-9) 

Ὂ ‘  Ὂ ‘  Ὂ ‘  (2-10) 

Where, Ὂ ‘  is the radiation without any contribution from the surface, and 

Ὂ ‘  and Ὂ ‘  denote the direct and diffuse parts, respectively. ὶ is the 

surface reflectance, ”Ӷ is the spherical albedo, ‘ is the cosine of the solar zenith 

angle, Ὁ is the extraterrestrial solar irradiance, and ‎‘  is the total trnasmittance. 

For each combination of geometry and optical depth, Ὂ ‘ , ”Ӷ, and ‘Ὁ‎‘  were 

pre-calculated by radiative transfer simulation and stored in the LUT. The ISR was 

the integration of the flux from 280 to 2800 nm. The optimized BRDF parameters and 

AOD/COD were used to estimate instantaneous ISR according to the LUT.  
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2.1.3 Cloud screening 

In the validation procedure, I introduced a cloud-screening process. The 3-D 

structure of clouds may cause different views from the sensor and the site tower. 

Sometimes the sensor view is cloudy, but the tower view is clear, vice versa. The cloud-

screening procedure was designed to lower this effect. As shown in Figure 2-2, the ratio 

between direct ISR and total ISR was mainly determined by the optical depth. I 

calculated the ñcloud maskò for each SURFRAD observation based on site-observed 

direct/total ISR ratio and radiative simulation. If the direct ISR ratio from the site 

observation was less than the simulated ratio at an optical depth of 1, the site observed 

cloud mask was defined as cloudy. Otherwise, it was deemed clear. In the cloud-

screening process, if the MODIS cloud mask data product differed from the cloud mask 

of the corresponding SURFRAD observation, the observation was included in the 

validation. A total of 5.75% of observations was removed in this process. The GC-Net 

observations provided only total ISR, and therefore, the cloud-screening process was 

only used at the SURFRAD sites. 
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Figure 2-2 Impact of optical depth and surface albedo on the direct ISR ratio from 

radiative simulation 

2.2 Data 

2.2.1 MODIS data 

MODIS provided seven spectral bands in the shortwave range (bands 1ï7) 

that can be used in this application. I transformed the MODIS Level 1B C6 calibrated 

radiance data into TOA bidirectional reflectance. In the clear-sky model, for a given 

observation number N, the input data were the TOA reflectance observations from the 

seven spectral bands, and the unknown variables were the three BRDF kernel 

parameters for each band and the N AOD values. The BRDF parameters were 

wavelength-dependent and were unknown for the seven bands of each observation. 

Because there were fewer observations than unknown variables, an assumption 

needed to be made to solve the underdetermined problem. I assumed that the surface 

BRDF kernel parameters were stable and invariant within a sliding time window. To 
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guarantee an invertible process, the number of input parameters had to be no less than 

the number of unknown variables. Therefore, N had to be at least four.  

MODIS level 2 cloud mask products (MOD/MYD35_L2) were used to 

distinguish clear and cloudy condition observations. MODIS level 2 water vapor 

products (MOD/MYD05) were used for water vapor correction. In addition, several 

MODIS products were used as optional constraints in the optimization procedure. The 

MODIS level 2 aerosol product (MOD/MYD04) provided AOD data, and the cloud 

product (MOD/MYD06) provided COD data. The AOD and COD data were used as 

constraints for the atmospheric conditions in the optimization process in the clear-sky 

and cloudy-sky models, respectively. MODIS surface reflectance data 

(MOD/MYD09) were used as optional input in the cloudy-sky model. Ten years 

(2000ï2009) of MODIS broadband albedo products and quality control data were 

collected, and albedo data marked as ñgood qualityò were used to calculate the 

climatology. 

2.2.2 Ground measurements 

Ground measurements from seven SURFRAD (Augustine et al. 2000) sites 

and eight GC-Net (Steffen et al. 1996) sites in 2013 were used in this chapter to 

validate ISR. All the GC-Net sites with available field measurements were included. 

The GC-Net sites collected shortwave radiation observations every hour, and these 

data facilitated validation of the algorithm accuracy over the snow-covered surface. I 

matched the estimation results with the closest ground measurement in the temporal 

domain within 30 min (Huang et al. 2016) at the SURFRAD sites. Table 2-1 shows 
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the site information of the sites used in this chapter. 

Table 2-1 SURFRAD and GC-Net sites for validation 

Site Name Latitude Longitude Elevation(m) 

Fort Peck 48.31 -105.10 634 

Sioux Falls 43.73 -96.62 473 

Penn State 40.72 -77.93 376 

Bondville 40.05 -88.37 230 

Boulder 40.13 -105.24 1689 

Desert Rock 36.62 -116.02 1007 

NASA-U 73.84 -49.51 2334 

Humboldt 78.53 -56.83 1995 

Summit 72.58 -38.51 3199 

Tunu-N 78.02 -33.98 2052 

DYE-2 66.48 -46.28 2099 

Saddle 66.00 -44.50 2467 

NASA-SE 66.48 -42.50 2373 

NEEM 77.50 -50.87 2454 

 

I used the quality assurance flag to eliminate uncertainties from the MODIS 

cloud mask product. The MOD/MYD35 data provided a ñconfidence levelò quality 

flag. I eliminated data marked as ñno confidenceò and only used the data with quality 

assurance of ñintermediate confidence,ò ñhigh confidence,ò or ñvery high 

confidence.ò  

2.3 Results and discussion 

2.3.1 Validation with SURFRAD site measurements 

Comparisons between retrieved surface ISR and ground measurements for the 

SURFRAD sites are shown in Figure 2-3, Figure 2-4 and Figure 2-5. The validation 

results show an R2 of 0.96, a bias of 7.07 W/m2, and an RMSE of 62.19 W/m2 
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(12.12%) for instantaneous ISR. The RMSEs for clear and cloudy condition 

validation were 41.85 and 71.75 W/m2, respectively.  
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Figure 2-3 Scatterplot of instantaneous ISR in 2013 at SURFRAD sites. Result 

calculated with AOD and COD product as constraints. (Blue: clear-sky results, Red: 

cloudy-sky results, Points: snow-free results, Squares: Snow covered results) 

Figure 2-4 shows a time series of the validation results for each site. The 

retrieved ISR could sufficiently characterize seasonal change. The Desert Rock site 

had a higher clear-sky observation ratio than other sites did and thus had the lowest 

RMSE and bias error.  
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Figure 2-4 Validation of time series for instantaneous ISR in 2013 at SURFRAD sites. 

Result calculated with AOD and COD product as constraints. (Blue: estimated results, 

Red: SURFRAD site observation data, the gray area denotes observation over snow) 

 

Figure 2-5 Validation RMSE for clear/cloudy/all sky and over snow at SURFRAD 

sites 

The clear-sky results show similar RMSEs among all sites. The cloudy-sky 

results show the largest RMSE in the Boulder site. The Boulder site is located in 

Table Mountain, which is more easily affected by a sparse cloud cover. Furthermore, 

the Boulder site had the largest difference between clear-sky and cloudy-sky results. 

For clear-sky results, all seven sites had an RMSE of less than 60 W/m2. The all-sky 

results for all seven sites had a bias error of less than 15 W/m2 and an RMSE of less 

than 75 W/m2.  
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2.3.2 Validation with GC-Net site measurements 

Comparisons between retrieved surface ISR and ground measurements for the 

GC-Net sites are shown in Figure 2-6, Figure 2-7 and Figure 2-8. The validation 

results show an R2 of 0.89, a bias of -15.77 W/m2 and an RMSE of 71.70 W/m2 

(17.74%) for instantaneous ISR. The RMSEs for clear-sky and cloudy-sky validations 

were 56.14 and 86.69 W/m2, respectively. The clear- and cloudy-sky observations 

were masked by the MODIS cloud mask product, which may have more uncertainties 

over Arctic areas due to snow.  
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Figure 2-6 Scatterplot of instantaneous ISR in 2013 at GC-Net sites. (Blue: clear-sky 

results Red: cloudy-sky results) 
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Figure 2-7 Validation of time series for instantaneous ISR in 2013 at GC-Net sites. 

(Blue: estimated results, Red: GC-Net site observation data, the gray area denotes 

observation over snow, missing data are due to data gap from field observations) 
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Figure 2-8 Validation RMSE for clear/cloudy/all sky and over snow cases at GC-Net 

sites 

The results from the GC-Net sites had larger bias errors and RMSEs compared 

with those of the SURFRAD sites; this is clearer in the relative RMSE than in the 

absolute value. Snow-covered surfaces bring uncertainties to the estimation, 

especially in cloudy-sky cases. On the other hand, I obtained more satellite 

observations in the Arctic region, which provided enough information for the 

optimization. The GC-Net validation results show that the proposed algorithm was 

capable of estimating ISR for permanent-snow cases. 

2.3.3 Analysis of impacts from constraints and cloud-screening analysis of impacts 

In the estimation algorithm, I used several optional products as optional 

constraints; these include MODIS surface albedo (MCD43), MODIS AOD 

(MOD/MYD04), and MODIS COD (MOD/MYD06). In the validation procedure, I 

introduced a cloud-screening process (the cloud screening process was discussed in 

Section 2.3). The validation results for different estimation and validation strategies are 

shown in Figure 2-9 and Figure 2-10, and Table 2-2, Table 2-3, Table 2-4, Table 2-5, 

Table 2-6 and Table 2-7. The inclusive of constraints led to a decrease of approximately 
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5 and 13 W/m2 in RMSEs at the SURFRAD and GC-Net sites, respectively; the cloud-

screening process lowered the RMSE by about 17 W/m2 at the SURFRAD sites. The 

reduced RMSE at each site from the constraints and the cloud screening are shown in 

Figure 2-11 and Figure 2-12. At the SURFRAD sites, the largest RMSE decrease from 

constraints was found at the Penn State site. At the Fort Peck site, the inclusive of 

constraints increased the RMSE, which meant that the uncertainties from the optional 

constraints sometimes lowered the accuracy. The largest difference after the cloud-

screening process was found at the Boulder site, as this site is located in the Table 

Mountain and is more often affected by sparse cloud cover. At the GC-Net sites, 

decreases in RMSEs were generally less than those at the SURFRAD sites. This is 

because more observations were acquired in the Arctic region and used in the 

optimization; therefore, the TOA reflectance contributed relatively more information 

compared with that in lower latitudes.  
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Figure 2-9 Impact of constraints and cloud-screening on the estimated and site 

observed ISR at SURFRAD sites 

  
Figure 2-10 Impact of constraints and cloud-screening on the estimated and site 

observed ISR at GC-Net sites 

 

Table 2-2 Validation results at SURFRAD site without constraints and cloud-

screening 

Sites R2 Bias, W/ 

m2 

RMSE, W/ 

m2 

RMSE, % Clear 

RMSE 

Cloudy 

RMSE 

Snow 

RMSE 

Fort Peck 0.92 -2.23 73.27 14.26 49.62 84.69 73.46 

Sioux Falls 0.91 -7.39 80.73 15.92 48.05 95.37 89.41 

Penn State 0.92 6.05 83.51 17.59 63.99 89.33 76.30 

Bondville 0.91 -7.96 84.95 16.58 59.92 96.08 90.71 

Boulder 0.85 -25.94 109.12 18.17 67.13 134.39 120.23 
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Desert Rock 0.92 -14.86 68.51 9.32 52.17 100.04 NAN 

Goodwin 

Creek 0.92 8.22 83.13 14.79 70.41 91.46 NAN 

All  0.91 -6.47 84.17 15.12 58.50 98.96 86.58 

 

Table 2-3 Validation results at SURFRAD site with constraints 

Sites R2 Bias, W/ 

m2 

RMSE, W/ 

m2 

RMSE, % Clear 

RMSE 

Cloudy 

RMSE 

Snow 

RMSE 

Fort Peck 0.93 -4.14 71.94 13.97 47.57 83.51 75.76 

Sioux Falls 0.91 -9.32 82.08 16.15 49.87 96.45 89.66 

Penn State 0.93 6.35 76.30 16.11 62.70 80.50 71.59 

Bondville 0.92 -8.74 77.18 15.01 56.46 86.70 82.31 

Boulder 0.87 -23.35 99.10 16.57 63.10 121.25 120.45 

Desert Rock 0.93 -15.87 67.33 9.16 51.48 97.74 NAN 

Goodwin 

Creek 0.93 5.90 75.47 13.59 66.85 81.24 NAN 

All  0.92 -7.16 79.08 14.23 56.51 92.26 86.23 

 

Table 2-4 Validation results at SURFRAD site with cloud-screening 

Sites R2 Bias, W/ 

m2 

RMSE, W/ 

m2 

RMSE, % Clear 

RMSE 

Cloudy 

RMSE 

Snow 

RMSE 

Fort Peck 0.96 15.44 57.08 12.18 37.23 69.79 55.95 

Sioux Falls 0.94 10.38 67.25 14.39 43.07 81.50 75.65 

Penn State 0.95 24.00 69.86 18.01 45.04 77.46 54.37 

Bondville 0.94 6.55 68.87 15.36 39.68 83.58 94.13 

Boulder 0.92 -2.39 80.66 14.05 46.16 111.21 103.56 

Desert Rock 0.94 0.38 56.90 7.58 43.97 109.61 NAN 

Goodwin 

Creek 0.94 8.85 73.54 14.90 46.99 92.50 NAN 

All  0.95 9.13 67.85 13.22 43.31 86.01 71.03 

 

Table 2-5 Validation results at SURFRAD site with constraints and cloud-screening 

Sites R2 Bias, W/ 

m2 

RMSE, W/ 

m2 

RMSE, % Clear 

RMSE 

Cloudy 

RMSE 

Snow 

RMSE 

Fort Peck 0.96 13.18 56.71 12.01 38.26 68.80 60.64 

Sioux Falls 0.94 8.94 67.65 14.43 41.94 82.46 80.11 

Penn State 0.96 20.11 59.48 15.37 42.41 64.97 50.56 

Bondville 0.95 3.48 63.08 14.06 35.85 76.79 83.80 

Boulder 0.94 -2.34 73.58 12.85 43.74 100.48 95.46 

Desert Rock 0.95 -1.78 51.75 6.89 43.32 89.86 NAN 
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Goodwin 

Creek 0.96 7.44 61.37 12.54 45.07 73.69 NAN 

All  0.96 7.07 62.19 12.12 41.85 77.65 71.75 

 

Table 2-6 Validation results at GC-Net site without constraints 

Sites R2 Bias, W/ 

m2 

RMSE, W/ 

m2 

RMSE, % Clear 

RMSE 

Cloudy 

RMSE 

NASA-U 0.86 -46.48 88.62 21.85 65.44 113.48 

Humboldt 0.81 -12.64 69.22 20.55 56.62 84.52 

Summit 0.84 -39.39 96.48 24.29 76.88 108.89 

Tunu-N 0.81 -21.56 73.59 20.53 46.17 111.80 

DYE-2 0.88 6.72 88.26 18.05 58.20 108.23 

Saddle 0.88 3.85 88.41 17.59 68.39 101.73 

NASA-

SE 0.88 -22.68 93.82 18.43 56.17 119.23 

NEEM 0.80 -8.26 77.42 22.92 64.43 91.75 

All  0.86 -21.40 84.77 20.96 61.65 105.77 

 

 

Table 2-7 Validation results at GC-Net site with constraints 

Sites R2 Bias, 

W/m2 

RMSE, W/ 

m2 

RMSE, % Clear 

RMSE 

Cloudy 

RMSE 

NASA-U 0.90 -39.21 75.00 18.52 60.28 92.12 

Humboldt 0.86 -9.97 59.06 17.52 49.01 71.14 

Summit 0.86 -31.80 87.42 22.02 69.47 98.89 

Tunu-N 0.88 -14.32 55.62 15.53 39.90 79.69 

DYE-2 0.93 9.31 66.30 13.61 57.90 73.51 

Saddle 0.90 4.04 83.24 16.59 66.95 94.60 

NASA-

SE 0.91 -14.23 78.19 15.33 54.73 95.30 

NEEM 0.87 -2.51 62.02 18.36 55.41 69.75 

All  0.89 -15.77 71.70 17.74 56.14 86.69 
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Figure 2-11 Impact of constraints and cloud-screening on the validation RMSE at 

SURFRAD sites 

 

 

Figure 2-12 Impact of constraints and cloud-screening on the validation RMSE at 

GC-Net sites 

2.4 Chapter Summary 

The goal of this chapter was to estimate high-resolution surface ISR from 

MODIS TOA observations. I assumed that the surface BRDF parameters remained 

stable within a short time window. Subsequently, I simulated atmospheric 

transmittance in each atmospheric condition (AOD/COD). With the modeled BRDF 

parameters and simulated atmospheric transmittance, I calculated TOA reflectance 

and then optimized the BRDF parameters and atmospheric conditions (AOD/COD). 

Finally, I estimated ISR based on the surface BRDF parameters and atmospheric 

conditions. I validated the estimated ISR using ground data measured in 2013 at 
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seven SURFRAD and 8 GC-Net sites. The validation results showed sufficient 

accuracy at both snow-free and snow-covered sites. The SURFRAD site validation 

showed an R2 of 0.91, a bias of -6.47 W/m2, and an RMSE of 84.17 W/m2 (15.12%); 

the GC-Net validation showed an R2 of 0.86, a bias of -21.40 W/m2, and an RMSE of 

84.77 W/m2 (20.96%) for instantaneous ISR.  

The algorithm has several advantages: First, most of the other methods rely on 

input data. However, many input data, especially the atmospheric data (e.g., AOD, 

COD), have large uncertainties. The uncertainties from input data accumulated in the 

estimation algorithms and cause a larger influence on the results. The proposed 

method relies on multispectral satellite observations and can distinguish the 

information from the atmosphere and the surface directly from the TOA information. 

High-level products (surface and atmospheric) are not required input but serve as 

optional constraints. This helps improve the estimates of surface incident radiation.  

Secondly, this algorithm could estimate ISR with higher accuracy than 

existing products and algorithms could at the SURFRAD and GC-NET sites. The 

validation at the SURFRAD and GC-Net sites showed a bias of 7.07 and -15.77 

W/m2, and an RMSE of 62.19 W/m2 (12.12%) and 71.70 W/m2 (17.74%), 

respectively. Many previous studies assessed the widely used satellite-based products 

and revealed larger uncertainties. (Gui et al. 2010; Jia et al. 2013; Zhang et al. 2013; 

Zhang et al. 2014), showing an RMSE of 80~150 W/m2 for hourly/3-hourly ISR at 

the same SURFRAD sites. Most existing methods calculate ISR based on surface and 

atmospheric products. The uncertainties from each of the products may be 

accumulated to produce a much larger error in the estimated ISR. In the proposed 
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method, however, the products could be used as constraints in the cost function to aid 

the optimization, but they were optional inputs. The proposed algorithm mainly relied 

on multiple TOA observations from sensors and is a direct retrieval method. Second, 

this algorithm could estimate other surface parameters, including surface band 

reflectance, surface broadband albedo, AOD, and COD. Third, this algorithm could 

estimate ISR under different atmospheric and surface conditions, including clear-sky 

and cloudy-sky conditions as well as snow-free and snow-covered surfaces. 

Furthermore, I analyzed the improvement of accuracy in snow-free areas 

using MODIS AOD, COD, and surface reflectance/albedo data as direct algorithm 

input or cost function constraints. When the AOD and COD estimates were 

constrained, validation results indicated reduced RMSEs of 64.58 W/m2 (12.64%) 

and 81.51 W/m2 (20.86%) at the SURFRAD and GC-Net sites, respectively. 

Additional products may help the optimization but may also bring uncertainties. In 

the snow-free cases, the improvement was significant at most sites. However, in the 

snow-covered cases, the RMSE decrease was small. The combination of greater 

information and uncertainty resulted only in a slight improvement in the Arctic 

region. This was due to more observations from TOA at high latitudes and more 

uncertainties in the MODIS atmospheric products in these regions. 

However, the proposed algorithm had some limitations. The algorithm relied 

on cloud mask data to distinguish clear-sky and cloudy-sky conditions, but the cloud 

mask data may be unreliable in snow-covered areas, which may limit the accuracy of 

ISR estimation. Furthermore, the optimization process was relatively time-

consuming. Further efforts will be made to improve the efficiency in mainly two 
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ways: 1) improving the efficiency of the optimization method by using more a rapid 

convergence approach, and 2) replacing the LUT with parameterization. 
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3 Estimating hourly and daily ISR from VIIRS data and global validation 

3.1 Introduction 

Visible Infrared Imaging Radiometer Suite (VIIRS) is a relatively new sensor 

compared to MODIS, and there is no radiation product publicly available at this time. 

In this chapter, I propose an optimization-based algorithm to estimate ISR. The 

algorithm was firstly developed for estimating land surface albedo in clear-sky cases 

(He et al. 2012). I then extended this algorithm for estimating instantaneous ISR using 

MODIS data(Zhang et al. 2018). Here I extended the algorithm to estimate 

instantaneous and daily ISR and VIIRS data. The algorithm firstly optimizes the surface 

and atmospheric parameters from TOA reflectance and subsequently estimates ISR. I 

improved the algorithm by adding new entries to the look-up tables and re-structured 

the optimization framework. Then I used the Wang and Liang method(Wang et al. 2015) 

to calculate daily integrated ISR from VIIRS observations. I validated the results 

against field measurements from seven SURFRAD sites and 34 BSRN sites globally. 

This algorithm can be applied to the global operational production of radiation products.  

3.2 Data and Methodology 

3.2.1 Datasets used in the estimation 

The VIIRS instrument provides observation continuity with MODIS. The 

VIIRS team provides a suite of operational products, termed sensor data records (SDR). 

In this chapter, I used VIIRS SDR archive sets from National Oceanic and Atmospheric 
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Administration (NOAA) Comprehensive Large Array-data Stewardship System 

(CLASS) to estimate surface ISR in 2013. The VIIRS data from bands 1-11 were used 

in this chapter except for the two absorption bands (band 6 and 9) at the spatial 

resolution of 750-meters. 

3.2.2 Validation sites 

Ground measurements from seven SURFRAD and BSRN sites during 2013 

were used in this chapter to validate ISR estimation. The recording cycle of SURFRAD 

and BSRN are both one minute. I averaged the observations of thirty minutes for 

instantaneous ISR validation to enhance the spatial representativeness of each 

site(Huang et al. 2016) and averaged observations of each day for the daily ISR 

validation. 

Table 3-1 and Table 3-2 show the SURFRAD and 34 BSRN sites used in the 

validation. When validating against BSRN measurements, I divided all sites into seven 

different areas, namely North America, Europe, South America, Oceania, Asia, Africa, 

and Greenland. Figure 3-1 shows the spatial distribution of the BSRN sites. 

 

Table 3-1 SURFRAD sites used in the validation 

Site Name Latitude Longitude Elevation(m) 

Fort Peck 48.30798 -105.10177 634 

Sioux Falls 43.73431 -96.62334 473 

Penn State 40.72033 -77.931 376 

Bondville 40.05155 -88.37325 230 

Boulder 40.12557 -105.23775 1689 
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Desert Rock 36.6232 -116.01962 1007 

Goodwin Creek 34.2547 -89.8729 98 

 

Table 3-2 BSRN sites used in the validation 

Area Site Name Latitude Longitude Elevation(m) 

North 

America 

BIL 36.605 -97.516 317 

BON 40.0667 -88.3667 213 

BOS 40.125 -105.237 1689 

BOU 40.05 -105.007 1577 

CLH 36.905 -75.713 37 

DRA 36.626 -116.018 1007 

E13 36.605 -97.485 318 

FPE 48.3167 -105.1 634 

GCR 34.2547 -89.8729 98 

PSU 40.72 -77.9333 376 

SXF 43.73 -96.62 473 

Europe 

CAB 51.9711 4.9267 0 

CAM 50.2167 -5.3167 88 

CAR 44.083 5.059 100 

CNR 42.816 -1.601 471 

LER 60.1389 -1.1847 80 

LIN  52.21 14.122 2862 

PAL 48.713 2.208 156 

South 

America 

BRB -15.601 -47.713 1023 

FLO -27.6047 -48.5227 11 

PTR -9.068 -40.319 387 

SMS -29.4428 -53.8231 489 

Oceania 

ASP -23.798 133.888 547 

COC -12.193 96.835 6 

DAR -12.425 130.891 30 

DWN -12.424 130.8925 32 

LAU -45.045 169.689 350 

MAN -2.058 147.425 6 

Asia 

FUA 33.5822 130.3764 3 

ISH 24.3367 124.1644 5.7 

XIA  39.754 116.962 32 

Africa 
GOB -23.5614 15.042 407 

TAM 22.7903 5.5292 1385 

Greenland ALE 82.49 -62.42 127 

 



37 

 

 

Figure 3-1 BSRN sites used for validation 

3.2.3 Estimation of surface and atmospheric conditions 

Figure 3-2 illustrates the framework of the algorithm. An optimization method 

has been used (He et al. 2012) to estimate surface reflectance and broadband albedo. In 

our previous research, I developed a similar approach for incident shortwave radiation 

estimation from MODIS data by revising the cost function considering both satellite 

observations and optional constraints, including aerosol optical depth (AOD), cloud 

optical depth (COD), surface reflectance products, and albedo climatology(Zhang et al. 

2018). In this chapter, I adapted the algorithm for the estimation of ISR from VIIRS 

data by revising the band configuration and the spectrum of radiation transfer 

simulation. An assumption is made here that the surface reflectance is invariant during 

a short period. Under cloudy sky conditions, I used the surface reflectance calculated 

by the nearest previous clear observations as surface input. The COD can then be 

optimized using radiative transfer models. 
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Figure 3-2 Framework of the ISR estimation algorithm 

In this chapter, atmospheric optical parameters such as spherical albedo, 

atmospheric downward/upward transmittance, and path reflectance are required to 

calculate the cost function. I used libRadtran (Mayer and Kylling 2005) to simulate the 

parameters. 

I used surface and atmospheric parameters to implement a forward simulation 

of TOA reflectance using the radiative transfer model from Qin (Qin et al. 2001). The 

cost function is based on the difference between simulated and observed TOA 

reflectance (Equation 3-1, 3-2, 3-3). 

ὐὢ Ὑ ὢ Ὑ ὢ ὕ Ὑ ὢ Ὑ ὢ ὐ ὃὢ

ὃ ὄ ὃὢ ὃ  (3-1) 

ὢ ὄὙὈὊȟὄὙὈὊȟȣȟὄὙὈὊȟὃὕὈȟὃὕὈȟȣȟὃὕὈ  (3-2) 

ὢ  ὅὕὈȟὅὕὈȟȣȟὅὕὈ ȟὅὉὙȟὅὉὙȟȣȟὅὉὙ   (3-3) 

Here, Ὑ  and Ὑ  refer to satellite-observed TOA reflectance and forward-

simulated TOA reflectance from the radiative transfer model. ὃ  and ὃ   are the 
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calculated albedo and the albedo climatology, respectively. ὢ  and ὢ  are the 

parameters to be optimized under clear and cloudy sky cases, respectively. The shuffled 

complex evolution (SCE) method (Duan et al. 1994) was used to search for the 

optimum. 

 

3.2.4 Updates of the atmospheric look-up tables 

Atmospheric optical parameters such as spherical albedo, atmospheric 

downward/upward transmittance, and path reflectance are required to implement a 

forward simulation. To make the algorithm more efficient, all the parameters were pre-

calculated in representative geometries and atmospheric conditions (AOD, cloud 

optical depth [COD] cloud effective radius [CER]).  LibRadtran (Mayer and Kylling 

2005) software was used for the generation of the LUT. The following values were used 

as entries in the radiative transfer simulations: solar zenith angle (0Áï80Á, at 10Á 

intervals), viewing zenith angle (0Áï80Á, at 20Á intervals), relative azimuth angle (0Áï

180Á, at 30Á intervals), AOD at 550 nm (0.01, 0.025, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 

0.7, 0.8, 0.9, 1.0), and water vapor (0, 15, 30, 45, 60, 75, 90, 105 mm). COD (1, 3, 5, 

10, 20, 40, 60, 80) and CER (3, 6, 9, 12 um) are set for water cloud while CER (20, 30, 

40, 50, 60, 70, 80 um) are set for ice cloud. 

I used the continental-clean model to estimate ISR. For each specific 

solar/viewing geometry and atmospheric parameter (AOD at 550 nm for clear-sky 

conditions, COD and CER for cloudy-sky conditions), radiative transfer simulations 

generated path reflectance, upward/downward transmittances, and spherical albedo for 
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each of the seven VIIRS bands. I used actual site elevation to estimate ISR at the 

SURFRAD and BSRN sites. With the atmospheric LUT, I calculated the surface 

broadband albedo and atmospheric index (AOD for clear-sky conditions, COD, and 

CER for cloudy-sky conditions) from the optimization process. For cloudy-sky cases, 

each observation was optimized from both water cloud, and ice cloud LUTs, the one 

with a smaller cost function result was chosen as the result. ISR could then be calculated 

under specific geometries using the surface radiation LUT. In this chapter, I calculated 

the ISR for the spectral range of 280ï2800 nm to match the field measurements. 

 

3.2.5 Improvement of the optimization framework 

In previous MODIS algorithm, most of the unknown variables in the 

optimization process were surface parameters while only one is for the atmospheric 

condition (AOD/COD). I prioritized the unknown variables in this chapter to increase 

more atmospheric parameters. 

The influence of ISR is much more associated with atmospheric conditions, 

especially the cloud conditions. Surface parameters also count for multiple scattering, 

which also contributes to the ISR. In this chapter, I tried to minimize the unknown 

surface variables to increase both the efficiency and accuracy of the model. 

I used principal component analysis (PCA) to analyze the surface spectral 

reflectance of the nine VIIRS bands using the data from all the site measurements 

extracted from reflectance products. Results show that the first two components explain 

more than 98 percent of the variations (Figure 3-3). In the updated framework, I only 

use to free variables for the surface condition, which reduce the total unknown variables 
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to three in clear-sky conditions and four in cloudy-sky conditions. 

 

Figure 3-3 Principal component analysis of the nine VIIRS spectral reflectance 

3.2.6 Estimation of instantaneous ISR 

When the surface and atmospheric parameters reach an optimum, ISR is then 

calculated using a radiative transfer model according to Equations 3-4 and 3-5. 

Ὂ‘ Ὂ ‘ ‘Ὁ‎‘                        (3-4) 

Ὂ ‘  Ὂ ‘  Ὂ ‘                    (3-5) 

Here, Ὂ ‘  is the radiation without any contribution from the surface, while 

Ὂ ‘  and Ὂ ‘  denote the direct and diffuse parts, respectively. ὶ is the surface 

reflectance, ”Ӷ is the spherical albedo, ‘ is the cosine of the solar zenith angle, Ὁ is 

the extraterrestrial solar radiation, and ‎‘   is the total transmittance. For each 

combination of geometry and optical depth, the Ὂ ‘ ,  ”Ӷ, and  ‘Ὁ‎‘  were pre-

calculated by radiative transfer simulation in the ISR spectrum range and stored in a 
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look-up table. 

3.2.7 Estimation of daily ISR 

The daily ISR were then estimated using the LUT-based algorithm by Wang et 

al. (Wang et al. 2010b). I calculated ISR every 30 minutes, according to the 

interpolation algorithm. Then, I calculated the average ISR for each day. 

3.3 Results analysis and discussion over SURFRAD sites 

3.3.1 Validation results of instantaneous ISR 
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Figure 3-4 Validation results of instantaneous ISR at SURFRAD sites 

The validation results of instantaneous ISR are shown in Figure 3-4 and Table 

3-3. The ISR RMSE ranges from 75.32 W/m2 to 94.66 W/m2 at the different sites while 

the bias ranges from -29.36 W/m2 to 9.21 W/m2. The overall RMSE and bias are 83.76 

W/m2 and -3.49 W/m2, respectively. 

Table 3-3 Validation results of instantaneous ISR at SURFRAD sites 

Site Name R2 RMSE Bias 

Instantaneous Rs unit: W/m2 

Fort Peck 0.89 80.62 4.24 

Sioux Falls 0.9 82 2.8 

Penn State 0.88 94.66 9.21 

Bondville 0.93 77.39 3.61 

Boulder 0.92 80.76 -24.17 

Desert Rock 0.92 75.32 -29.36 

Goodwin Creek 0.89 93.01 11.88 

All 0.91 83.76 -3.49 

 

 

3.3.2 Validation results of daily ISR 
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Figure 3-5 Validation results of daily ISR at SURFRAD sites 

Table 3-4 Validation results of daily ISR at SURFRAD sites 

Site Name R2 RMSE Bias 
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Instantaneous Rs unit: W/m2 

Fort Peck 0.97 24.40 -0.06 

Sioux Falls 0.97 24.70 -0.41 

Penn State 0.95 31.13 -5.41 

Bondville 0.97 26.50 -4.55 

Boulder 0.94 31.37 7.49 

Desert Rock 0.98 20.64 10.59 

Goodwin Creek 0.95 34.11 -8.60 

All 0.96 27.78 -0.16 

 

The validation results of daily ISR are shown in Figure 3-5 and Table 3-4. The 

ISR RMSE ranges from 24.40 W/m2 to 34.11 W/m2 at the different sites while the bias 

ranges from -8.60 to 10.59 W/m2. The overall daily RMSE and bias are 27.78 W/m2 

and -0.16 W/m2, respectively.  

3.4 Results analysis and discussion over BSRN sites 

3.4.1 Validation results of instantaneous ISR 

3.4.1.1 North America results 
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Figure 3-6 Validation results of instantaneous ISR at BSRN sites in North America 

Table 3-5 Validation results of instantaneous ISR at BSRN sites in North America 

Site Name R2 RMSE Bias 

Instantaneous Rs, W/m2 

BIL 0.93 105.66 -6.08 
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BON 0.93 114.55 -13.23 

BOS 0.91 127.65 -26.89 

BOU 0.92 112.43 -14.37 

CLH 0.92 113.15 -10.31 

DRA 0.95 95.41 -24.46 

E13 0.93 111.5 -7.8 

FPE 0.93 109.86 -19.06 

GCR 0.92 120.5 -1.55 

PSU 0.93 110.28 -11.96 

SXF 0.92 112.64 -16.17 

North America 0.93 112.39 -14.05 

 

The validation results of instantaneous ISR are shown in Figure 3-6 and Table 

3-5. The ISR RMSE ranges from 95.41 W/m2 to 127.65 W/m2 at the different sites 

while the bias ranges from -26.89 W/m2 to -1.55 W/m2. The overall RMSE and bias are 

112.39 W/m2 and -14.05 W/m2, respectively. The RMSE at BSRN sites is generally 

higher than that at SURFRAD sites even they are close to each other.  

 

3.4.1.2 Europe results 
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Figure 3-7 Validation results of instantaneous ISR at BSRN sites in Europe 

Table 3-6 Validation results of instantaneous ISR at BSRN sites in Europe 

Site Name R2 RMSE Bias 

Instantaneous Rs, W/m2 

CAB 0.93 93.37 12.49 

CAM 0.93 90.77 5.46 

CAR 0.91 87.86 -5.5 

CNR 0.92 102.18 13.52 

LER 0.92 86.72 15.41 

LIN 0.95 104.91 15.67 

PAL 0.93 106.09 6.54 

Europe 0.94 95.90 9.48 

 

The validation results of instantaneous ISR are shown in Figure 3-7 and Table 

3-6. The ISR RMSE ranges from 86.72 W/m2 to 106.09 W/m2 at the different sites 

while the bias ranges from -26.89 W/m2 to -1.55 W/m2. The overall RMSE and bias are 

95.90 W/m2 and 9.48 W/m2, respectively. 
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3.4.1.3 South America results 
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Figure 3-8 Validation results of instantaneous ISR at BSRN sites in South America 

Table 3-7 Validation results of instantaneous ISR at BSRN sites in South America 

Site Name R2 RMSE Bias 

Instantaneous Rs, W/m2 

BRB 0.82 148.95 -4.62 

FLO 0.86 156.99 13.25 

PTR 0.79 111.01 26.04 

SMS 0.93 115.36 -10.06 

South America 0.88 129.00 4.29 

 

The validation results of instantaneous ISR are shown in Figure 3-8 and Table 

3-7. The ISR RMSE ranges from 111.01 W/m2 to 148.95 W/m2 at the different sites 

while the bias ranges from-10.06 W/m2 to 26.04 W/m2. The overall RMSE and bias are 

129.00 W/m2 and 4.29 W/m2, respectively. 

 

3.4.1.4 Oceania results 
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Figure 3-9 Validation results of instantaneous ISR at BSRN sites in Oceania 

Table 3-8 Validation results of instantaneous ISR at BSRN sites in Oceania 

Site Name R2 RMSE Bias 
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Instantaneous Rs, W/m2 

ASP 0.92 107.41 -34.06 

COC 0.81 208.58 116.8 

DAR 0.87 123.81 17.92 

DWN 0.86 121.35 30.29 

LAU 0.95 89.48 -35.15 

MAN 0.89 147.77 47.89 

Oceania 0.91 118.31 2.86 

 

The validation results of instantaneous ISR are shown in Figure 3-9 and Table 

3-8. The ISR RMSE ranges from 89.48 W/m2 to 208.58 W/m2 at the different sites 

while the bias ranges from -35.15 W/m2 to 116.8 W/m2. The overall RMSE and bias 

are 118.31 W/m2 and 2.86 W/m2, respectively. Site COC is on an island and provides 

very limited field observations, which makes the validation RMSE and bias larger than 

any other sites globally. 

 

3.4.1.5 Asia results 
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Figure 3-10 Validation results of instantaneous ISR at BSRN sites in Asia 

Table 3-9 Validation results of instantaneous ISR at BSRN sites in Asia 

Site Name R2 RMSE Bias 

Instantaneous Rs, W/m2 

FUA 0.93 115.18 30.12 

ISH 0.91 132.63 29.55 

XIA 0.93 109.98 43.23 

Asia 0.92 119.48 34.09 

 

The validation results of instantaneous ISR are shown in Figure 3-10 and Table 

3-9. The ISR RMSE ranges from 109.98 W/m2 to 132.63 W/m2 at the different sites 

while the bias ranges from 29.55 W/m2 to 43.23 W/m2. The overall RMSE and bias are 

119.48 W/m2 and 34.09 W/m2, respectively. 

3.4.1.6 Africa results 
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Figure 3-11 Validation results of instantaneous ISR at BSRN sites in Africa 

Table 3-10 Validation results of instantaneous ISR at BSRN sites in Africa 

Site Name R2 RMSE Bias 

Instantaneous Rs, W/m2 

GOB 0.95 60.2 -9.8 

TAM 0.91 109.39 -53.23 

Africa 0.93 83.36 -27.11 

 

The validation results of instantaneous ISR are shown in Figure 3-11 and Table 

3-10. The ISR RMSE ranges from 60.2 W/m2 to 109.39 W/m2 at the different sites 

while the bias ranges from -53.23 W/m2 to -9.8 W/m2. The overall RMSE and bias are 
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83.36 W/m2 and -27.11 W/m2, respectively. 

 

3.4.1.7 Greenland results 

 

 

Figure 3-12 Validation results of instantaneous ISR at BSRN sites in Greenland 

Table 3-11 Validation results of instantaneous ISR at BSRN sites in Greenland 

Site Name R2 RMSE Bias 

Instantaneous Rs, W/m2 

ALE 0.88 74.28 -40.71 

Greenland 0.88 74.28 -40.71 

 

The validation results of instantaneous ISR are shown in Figure 3-12 and Table 

3-11. There is only one site located in this area. The RMSE and bias are 74.28 W/m2 

and -40.71 W/m2, respectively. 

 










































































































































