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Abstract: Surface solar radiation, as a primary energy source, plays a pivotal role in governing
land–atmosphere interactions, thereby influencing radiative, hydrological, and land surface dynam-
ics. Ground-based instrumentation and satellite-based observations represent two fundamental
methodologies for acquiring solar radiation information. While ground-based measurements are
often limited in availability, high-temporal- and spatial-resolution, gridded satellite-retrieved solar
radiation products have been extensively utilized in solar radiation-related studies, despite their
inherent uncertainties in accuracy. In this study, we conducted an evaluation of the accuracy of two
high-resolution satellite products, namely Himawari-8 (H8) and Moderate Resolution Imaging Spec-
troradiometer (MODIS), utilizing data from a newly established solar radiation observation system at
the Beijing Normal University (BNU) station in Beijing since 2017. The newly acquired measurements
facilitated the generation of a firsthand solar radiation dataset comprising three components: Global
Horizontal Irradiance (GHI), Direct Normal Irradiance (DNI), and Diffuse Horizontal Irradiance
(DHI). Rigorous quality control procedures were applied to the raw minute-level observation data,
including tests for missing data, the determination of possible physical limits, the identification of
solar tracker malfunctions, and comparison tests (GHI should be equivalent to the sum of DHI and
the vertical component of the DNI). Subsequently, accurate minute-level solar radiation observations
were obtained spanning from 1 January 2020 to 22 March 2022. The evaluation of H8 and MODIS
satellite products against ground-based GHI observations revealed strong correlations with R-squared
(R2) values of 0.89 and 0.81, respectively. However, both satellite products exhibited a tendency to
overestimate solar radiation, with H8 overestimating by approximately 21.05% and MODIS products
by 7.11%. Additionally, solar zenith angles emerged as a factor influencing the accuracy of satellite
products. This dataset serves as crucial support for investigations of surface solar radiation variation
mechanisms, future energy utilization prospects, environmental conservation efforts, and related
studies in urban areas such as Beijing.

Keywords: surface solar radiation; satellite products; urban region; Beijing

1. Introduction

Surface solar radiation refers to the solar radiation reaching the Earth’s surface, also
known as shortwave radiation. It provides the primary energy for atmospheric circulation
and the water cycle and plays a crucial role in surface radiation balance, energy exchange
at the Earth’s surface, hydrological cycles, and the formation of weather and climate [1–4].
During its passage through the atmosphere, solar radiation is scattered by atmospheric
molecules, clouds, and aerosols, and reaches the Earth’s surface in the form of diffuse sky
radiation, known as Diffuse Horizontal Irradiance (DHI). Solar radiation directly from
the solar facula, after absorption and scattering by atmospheric molecules, clouds, and
aerosols, is referred to as direct radiation, or Direct Normal Irradiance (DNI). The sum of
direct and diffuse radiation is called total solar radiation or surface global solar radiation,
commonly referred to as Global Horizontal Irradiance (GHI).
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Measurements of solar radiation and its components (GHI, DNI, and DHI) gener-
ally yield accurate products, which can be obtained through two fundamental methods:
ground-based instrumentation or remotely using satellites [5–7]. These measurements are
widely used to validate reanalysis products [8–11] or machine learning products [12,13].
Ground-based observations provide the most accurate and direct means of obtaining sur-
face solar radiation [11,14–16] and are used to validate all other types of solar radiation
datasets [17–20]. Currently, ground-based observation stations for solar radiation mea-
surement are unevenly distributed globally and relatively sparse because of their complex
and expensive installation and maintenance of measuring instruments, making it difficult
to depict the spatial distribution characteristics of surface solar radiation in local areas at
higher spatial resolutions [9,21,22]. Widely used ground-based observations include the
Baseline Surface Radiation Network (BSRN) [23], the SURFace RADiation Budget Network
(SURFRAD) [24,25], the World Radiation Data Center (WRDC) [26,27], and the Global En-
ergy Balance Archive (GEBA) [28,29]. In China, there are a total of 122 observation stations
capable of directly measuring surface solar radiation. However, due to the high cost of
measurement instruments and inadequate basic maintenance, the number of observation
stations capable of directly measuring direct and diffuse radiation has decreased to less than
20 since the 1990s [30–32]. Issues such as instrument replacement, aging, and relocation
have led to data inhomogeneities in solar radiation observations in China, increasing the
uncertainty in the evaluation of the data [33,34].

Compared with ground-based observations, satellite retrieval of solar radiation prod-
ucts offer superior spatial coverage, temporal resolution, and cost-effectiveness, although
the accuracies are generally lower [11,35]. They are developed employing either a semi-
empirical or physical methodology, leveraging cloud or aerosol data acquired from geo-
stationary satellites [36,37]. They can provide consistent, continuous data over large areas,
enabling comprehensive analyses of solar radiation patterns with minimal infrastructure
and logistical requirements. A series of satellite products have been developed and are
widely used in related research, such as International Satellite Cloud Climatology Project-
Flux Data (ISCCP-FD) [38], Moderate Resolution Imaging Spectroradiometer (MODIS)
level-3 products [39], the Clouds and Earth’s Radiant Energy System (CERES) radiation
products [40], Himawari-8(H8) [41,42], Global Land Surface Satellite (GLASS) [43], and
Fengyun-4A [44]. These satellite products have been widely validated and used in many
large-scale analyses [11,15,45,46]. Jia et al. [37] observed a strong correlation between
satellite products and in situ observations, although they noted a tendency for the satellite
data to overestimate or underestimate radiation magnitude over mainland China. These
discrepancies were attributed to limitations in cloud, aerosol, and water vapor parameteri-
zation, as well as deficiencies in retrieval algorithms. Similarly, Yang et al. [47] conducted
a comprehensive evaluation of multiple satellite products, revealing an overestimation
of solar radiation and poor accuracy, particularly in high-latitude regions worldwide. To
comprehensively ascertain their accuracy, a thorough evaluation of satellite products is
essential, incorporating in situ observations.

Beijing, the capital and political–cultural center of China, has been among the fastest-
growing cities in the world in recent decades [48]. It has abundant solar energy resources,
with an annual mean radiation of up to 158.5 W/m2 and total sunshine hours reaching or
exceeding 2700 h [49]. In recent years, despite significant improvements in environmental
quality, the complex characteristics of aerosols in the Beijing area during the winter and
spring coal combustion, as well as the frequent spring dust weather, have had quite complex
impacts on solar radiation [50–54]. While there is only one in situ station operated in Beijing,
as reported in the China Meteorological Data Service Center (http://data.cma.cn (accessed
on 14 May 2023)) of the China Meteorological Administration (CMA), it has been utilized
in prior research [55–57]. However, this singular data point fails to fulfill the requirements
for fine-scale analysis. Some studies detected a significant decrease in solar radiation from
1960 to 1990, consistent with the findings of most studies in China [58–60] and the global
dimming trend [2,61,62]. He et al. [58] and Wang et al. [56] found a significant decrease in
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solar radiation in Beijing from 1961 to 2016 and attributed it to a significant reduction in
direct radiation. Tang et al. (2011) [63] found that although solar radiation decreased in
Beijing from 1961 to 1989 and from 1989 to 2006, the decrease was not significant. Hence, for
a more comprehensive analysis of solar radiation dynamics in Beijing, high-temporal and
high-spatial resolution satellite imagery will serve as an invaluable remote sensing tool.

This study undertook an assessment of the accuracy of two high-resolution satellite
products, namely H8 and MODIS, utilizing data from a novel solar radiation observation
system established at the Beijing Normal University (BNU) station in Beijing in 2017. The
newly acquired solar radiation dataset encompassed three primary components: GHI, DNI,
and DHI. Stringent quality control protocols were implemented to generate dependable
in situ observation datasets. These in situ observations were subsequently leveraged to
evaluate the performance of MODIS and H8 products. The findings of this study provide
valuable practical insights for the advancement of future satellite remote sensing retrieval
products in atmospheric science.

The paper is organized as follows: Section 2 outlines the establishment of the solar
radiation observation system and the acquisition of satellite data. In Section 3, the quality
of the observational data is assessed. Section 4 presents the evaluation results of MODIS
and H8 datasets. Finally, the discussion and conclusion sections synthesize the results.

2. Data and Methods
2.1. Site Observations
2.1.1. Site Description and Measure Instruments

The newly constructed BNU site, depicted in Figure 1a, was established in 2017 atop
an office building within Beijing Normal University (39.956◦N, 116.359◦E), situated at an
altitude of 150 m. The location boasts minimal obstructions and lacks noticeable sources of
pollution nearby, meeting the environmental criteria for installing solar radiometers and
sun photometers from an atmospheric science perspective.
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At the BNU site, a set of solar radiometers was installed (Figure 1b). Solar radiation
measurements were conducted following the BSRN principles [23], enabling the measure-
ment of GHI, DNI, and DHI. As shown in Table 1, GHI and DHI were recorded using
the CMP series radiation meter, while DNI was captured by the CHP1 direct radiation
meter manufactured by Kipp and Zonen, the Netherlands (https://www.kippzonen.com/
(accessed on 6 October 2023)). Comprehensive technical details of this system can be
referenced in the study by Driemel et al. [23]. All radiation components were sampled
every second and recorded as 1 min statistics. Solar radiation data spanning from 1 January
2020 to 22 March 2022 were utilized for this study. Regular inspection and maintenance

https://www.kippzonen.com/
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procedures, including annual calibration, were performed on the solar radiometers to
ensure the quality of measurements. The calibration of solar instruments was achieved by
regularly sending them to the manufacturer each year. This process includes a thorough
inspection and assessment of all performance parameters. The basic procedure involves
comparing the instrument to be calibrated with a reference instrument to obtain its sensi-
tivity parameters. Based on these parameters, the observed signals from the instrument
can be accurately converted into radiation energy.

Table 1. Instrument attribute information for measuring solar radiation components.

Component Instrument Spectral Range (nm) Sensitivity
(µV/W·m−2) Time Period Manufacturer

GHI CMP

200–4000 7~14
1 January 2020–22

March 2022
Kipp & ZonenDNI CHP1

DHI CMP

2.1.2. Data Quality Control Procedure

Although the observation instruments were diligently maintained and regularly cal-
ibrated, data records may still contain inaccuracies due to adverse weather conditions
or human factors, such as potential operational errors during the manual replacement of
memory cards and data copying. Quality control for solar radiation observations primarily
follows the procedures recommended by the BSRN protocol [64,65], which have been
widely adopted in previous studies [66,67]. Key procedures include the missing data test,
physically possible limits test, solar tracker malfunction test, and comparison test.

1. Missing test

During the actual observation process, occurrences such as malfunctioning solar
radiation sensors, adverse weather conditions, instrument repairs, or maintenance periods
may result in “NAN” values in the observation output. Therefore, upon reviewing the
observation time series, “NAN” values were identified, signifying missing measurements
during those instances.

2. Physically possible limits test

The “Physically possible limits” test aims to detect significant observational errors
and random errors related to data processing [65,68]. Radiation data exceeding these
limit values typically occur under extremely rare conditions and for very short periods of
time. The specific testing method involves comparing the minute observational values of
radiation components with the threshold values for each component, which are generally
defined by the relationship established between the solar constant corrected for the distance
between the Earth and the Sun and the solar zenith angle (SZA).

The threshold of each solar radiation component, i.e., GHI, DNI, and DHI, was derived
from Long and Dutton [69] and Liu et al. [66], as shown in Table 2. By comparing the
minute observational values of each radiation component with their respective thresholds,
unreasonable radiation values exceeding the thresholds were removed.

Table 2. Lower and upper limits for “Physically Possible Limits”. µ represents the cosine of the solar
zenith angle, while SC denotes the solar constant.

Components Lower Limit
(W m−2)

Upper Limit (W m −2)
(µ > 0)

Upper Limit (W m −2)
(µ < 0)

GHI −4 1.5 × SC × µ1.2 + 100 50
DNI −4 SC × µ 50
DHI −4 0.95 × SC × µ1.2 + 50 50
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3. Solar tracker malfunction test

Conditions with high aerosol loading and cloudiness will lead to the malfunction
of the solar tracker. The threshold used to test for solar tracker malfunction was that
recommended by Liu et at. [66], which is proven to be effective in detecting potential
tracking problems.

First, the potential clear sky GHI (i.e., GHIclear) is calculated using the following formula:

GHIclear = 850 µ1.2 (1)

To calculate Rayleigh DHI(DHIR) using the method proposed by Long and Shi [68],
we first calculate atmosphere pressure PS following Formula (2):

Ps = 1013 (1 − Altitude/44,300)5.256 (2)

DHIR = 209.3µ − 708.3µ2 + 1128.7µ3 − 911.2µ4 + 287.85µ5 +0.046725µ × Ps (3)

where Altitude is elevation value. When SZA < 87.5◦ and GHI/GHIclear > 0.85, DNI should
exceed 2 W·m−2. When SZA < 87.5◦, GHI/GHIclear > 0.85, and DHI/GHI > 0.85, DNI
should exceed 15 W·m−2, and DHI should be less than DHIR.

4. Comparison test

Previous studies have indicated that a stable relationship exists among various radi-
ation components [24,70,71]. For instance, GHI is equivalent to the sum of DHI and the
vertical component of the DNI. Therefore, to assess the consistency among GHI, DNI, and
DHI, and to evaluate the deviation from an ideal closure, a surface reference radiation
network closure test was employed following the formulas below [66]:

When SZA is less than or equal to 75◦ and DNI·µ + DHI is greater than 50 W·m−2, the
ratio of GHI to (DNI·µ + DHI) should fall within the range of 0.92 to 1.08. When the SZA
exceeds 75◦ and DNI·µ + DHI is greater than 50 W·m−2, the ratio of GHI to (DNI·µ + DHI)
should be between 0.85 and 1.15. When the SZA is less than 75◦ and GHI exceeds 50 W·m−2,
the ratio of DHI to GHI should be less than 1.05. Similarly, when the SZA exceeds 75◦ and
GHI is greater than 50 W·m−2, the ratio of DHI to GHI should be less than 1.10.

2.2. Satellite Products
2.2.1. Himawari-8(H8) Satellite Products

The H8 satellite, operated by the Japan Meteorological Agency (JMA), is a geostation-
ary meteorological satellite equipped with an advanced Himawari Images (AHIs) system,
which provides measurements in sixteen bands comprising three for visible wavelengths,
three for near-infrared wavelengths, and ten for infrared wavelengths. This satellite offers
global solar radiation products with a remarkable temporal resolution of 10 min (and every
2.5 min over Japan) and spatial resolutions ranging from 0.5 to 2 km, facilitating the study
of solar radiation in localized regions [72–74]. Its high temporal resolution enables the
quasi-real-time monitoring of solar radiation, facilitating timely assessments of solar energy
availability [1,41,75–77].

The solar radiation retrieval algorithm that was employed originates from Frouin and
Murakami [78], which utilizes a plane-parallel radiation-transfer theory and distinguishes
between the effects of a clear atmosphere and clouds. This algorithm operates under
the assumption that the planetary atmosphere can be represented as a clear atmosphere
situated above a cloud layer [73]. The solar radiation reaching the land surface (E) can be
derived using the following formula:

E = Eclear(1 − A)(1 − As)
−1(1 − Sa A)−1 (4)

where Eclear represents the solar flux arriving at the surface when there is no reflection or
absorption by the cloud/surface layer; A denotes the albedo of the cloud/surface layer;
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As signifies the albedo of the ocean surface; Sa is the spherical albedo. For a detailed
description of the calculation procedure, please refer to Frouin and Murakami [78].

The H8 Level-3 hourly products offer two types of solar radiation products at spatial
resolutions of 1 and 5 km. The former covers latitudes ranging from 24◦N to 50◦N and
longitudes from 123◦E to 150◦E, while the latter extends from 60◦S to 60◦N and from 80◦E
to 160◦W. This study utilizes a spatial resolution of 5 km. The adopted products encompass
GHI, DNI, DHI, and other related parameters such as SZA.

2.2.2. MODIS Products

The MODIS solar radiation product MCD18 provides high-spatiotemporal-resolution
satellite data, offering continuous observational data globally [79–82]. The principle behind
MCD18 solar radiation computation involves utilizing MODIS product data with prototype
algorithms to derive top of atmosphere (TOA) reflectance through multi-temporal features
and subsequently calculate solar radiation using lookup tables [39,83]. The lookup table
considers different types of aerosol and cloud loadings at a variety of illumination/viewing
geometries. Two major steps in the lookup table are the estimation of TOA spectral
reflectance of a given value of atmospheric optical depth and the calculation of incident
solar radiation. The atmospheric optical depth refers to the aerosol optical depth for the
clear-sky cases and the cloud optical depth for the cloudy-sky cases. The TOA spectral
reflectance (R(λ)) for a given wavelength λ can be calculated using the following formula:

R(λ) = R0(λ) +
r(λ)

1 − r(λ)ρ(λ)
cos(θs)γ(λ)/π (5)

where r(λ) indicates surface spectral reflectance, θs is SZA, and R0(λ), ρ(λ), and γ(λ)
are path reflectance, atmospheric spherical albedo, and transmittance for the spectral
band, respectively.

The surface incident solar radiation (F) depends mainly on atmospheric properties, but
also, to a lesser extent, on surface reflectance, demonstrated by the formula as a function of
atmospheric and surface parameters, as follows:

F = F0 +
rρ

1 − rρ
E0cos(θs) (6)

where r, θs, ρ, and γ are the same as in Formula (5), F0 is path irradiance, and E0 is
extraterrestrial solar broadband irradiance.

The parameters in the above two equations can be simulated offline with the numerical
atmospheric transfer models. More details on this satellite retrieval algorithm can be found
in [39,84]. In this study, MCD18A1 version 6, a MODIS Terra and Aqua combined gridded
Level-3 product with a temporal resolution of 3 h and a spatial resolution of 5 km is utilized.

2.3. Evaluation Methods

To ensure comparability between ground observations and satellite-derived data,
we excluded ground observation data for hours without corresponding satellite data.
This approach ensured our analysis focused only on overlapping time periods between
the ground observations and satellite datasets. The overlapping hours between ground
observations and satellite products were 8 a.m., 11 a.m., 2 p.m., and 5 p.m. The available
hourly average values primarily reflect daytime solar radiation. To obtain daily average
values, we calculated the day length for each day and converted the daytime solar radiation
to a daily value by multiplying the daytime solar radiation by the day length and then
dividing this by 24 h.

Three statistical indicators, R-squared (R2), Root Mean Square Error (RMSE), and Bias,
were employed to evaluate the accuracy of satellite-derived solar radiation products by
assessing the discrepancy between satellite datasets and ground-based observations. R2

ranges from 0 to 1 and quantifies the goodness of fit between satellite datasets and ground
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observations, with a higher R2 value indicating a greater level of agreement, implying that
the satellite datasets effectively capture much of the variability present in the observed data.
RMSE offers a quantitative measure of the overall accuracy of the satellite data relative
to the observed data, with a lower RMSE indicating a closer match between satellite data
and observations. Bias represents the average difference between the satellite data and
observed values, with a positive bias indicating that the satellite data are higher than the
observed values, and vice versa. These methods are extensively employed in evaluation
research and further details can be found in the relevant literature [76–78].

3. Establishment of Ground Measurements
3.1. Data Quality of BNU Site Measurement

The data quality assessment results for solar radiation measurements at the BNU site
are presented in Table 3. It is apparent that the missing data rate in 2022, with respect to
the data extraction date, is notably high, reaching a ratio of 77.69%, while both 2020 and
2021 demonstrate negligible missing values. Regarding physically possible limits, both
DNI and DHI passed this assessment. However, a small portion of GHI, constituting 0.02%
of the available data in 2021 and 0.01% in 2022, did not meet the physically possible limits.
Table 3 further indicates that 0.92% of data in 2020, 1.49% in 2021, and 0.61% in 2022 did
not pass the solar tracker malfunction test of the available data.

Table 3. Quality control results of minute-level radiation observational data from 2020 to 2022. The
ratios represent the data coverage within all available data that did not pass the test.

Year Components Sample Size Missing Rate
Physically
Possible

Limits Test

Solar Tracker
Malfunction Test Comparison Test

2020

GHI

527,040 0

0

0.92% 0.98%DNI 0

DHI 0

2021

GHI

525,527 0.01%

0.02%

1.49% 9.78%DNI 0

DHI 0

2022

GHI

116,640 77.69

0.01%

0.61% 18.76DNI 0

DHI 0

In terms of the comparison test, Table 3 indicates that, within the available data, 0.98%
in 2020, 9.78% in 2021, and 18.76% in 2022 did not pass the comparison test. Figure 2
illustrates scatter plots of minute-level GHI and the sum of DNI multiplied by the cosine of
solar zenith angle (µ) plus DHI (DNI·µ + DHI) data, in both their raw and quality-controlled
forms, spanning from 2020 to 2022. It is evident that although there is no significant change
in the R2 of GHI and DNI·µ + DHI after the aforementioned quality control process, there
is a notable decrease in the RMSE.

In 2020, the RMSE of GHI and DNI·µ + DHI in the original data was relatively large,
reaching 12.6 W·m−2, with some scattered values deviating noticeably from the 1:1 line.
The quality control process effectively eliminated these scattered values, resulting in a
decrease in RMSE. In 2021, the quality of the originally observed solar radiation data
was poor, as evidenced by a large number of observed values deviating from the 1:1 line,
predominantly manifesting as GHI values smaller than the sum of DNI·µ + DHI. The RMSE
reached 38.41 W·m−2. However, the quality control process successfully rectified a large
number of deviations, significantly reducing the RMSE to only 6.8 W·m−2. Similarly, in
2022, the quality of the original observed solar radiation data was suboptimal, with an
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RMSE of 30.88 W·m−2. However, the quality control process notably reduced the RMSE to
6.19 W·m−2, thereby ensuring the accuracy and reliability of the data.
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3.2. Establishment of Ground Measurements at Different Time Scales

Based on the quality-controlled, minute-level, solar radiation data, hourly solar radia-
tion data were calculated, and subsequently, daily average solar radiation was computed
based on the hourly solar radiation data. First, an assessment was made of the hourly
observations contained in each date with available data from 2020 to 2022, as shown in
Figure 3. From the figure, it can be seen that the data in 2020 are relatively complete, with
almost every day ensuring a full 24 h observation, and there are few days with fewer
than 24 h of observation, mainly concentrated in April. The data in 2021 are relatively
complete, but in the first half of the year, there are many dates with fewer than 24 h of
hourly observations, with some dates having only a dozen hours of observation. The data
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in 2022 are limited to the first three months, with fewer observations per day ranging from
18 to 24 h.

To further calculate the daily average solar radiation, considering the distribution of
hourly data volume (Figure 3), we determined that when the hourly observations exceed
80% (approximately 19 h) per day, we can compute the average daily solar radiation based
on hourly averages. The obtained time series of daily average solar radiation from 1 January
2020 to 22 March 2022 is shown in Figure 4. From Figure 4, it can be observed that all
radiation variables exhibit significant seasonal variations. The daily GHI ranges from a
minimum of only a few W·m−2 to a maximum of around 350 W·m−2 from 2020 to 2022.
The DNI ranges from a minimum of 0 to a maximum of around 280 W·m−2, while the DHI
shows a smaller range of variation, with a maximum of only around 170 W·m−2.

Remote Sens. 2024, 16, x FOR PEER REVIEW  9  of  19 
 

 

but in the first half of the year, there are many dates with fewer than 24 h of hourly obser-

vations, with some dates having only a dozen hours of observation. The data in 2022 are 

limited to the first three months, with fewer observations per day ranging from 18 to 24 h. 

To further calculate the daily average solar radiation, considering the distribution of 

hourly data volume (Figure 3), we determined that when the hourly observations exceed 

80% (approximately 19 h) per day, we can compute the average daily solar radiation based 

on hourly averages. The obtained time series of daily average solar radiation from 1 Jan-

uary 2020 to 22 March 2022 is shown in Figure 4. From Figure 4, it can be observed that 

all radiation variables exhibit significant seasonal variations. The daily GHI ranges from 

a minimum of only a few W·m−2 to a maximum of around 350 W·m−2 from 2020 to 2022. 

The DNI ranges from a minimum of 0 to a maximum of around 280 W·m−2, while the DHI 

shows a smaller range of variation, with a maximum of only around 170 W·m−2. 

 

Figure 3. Hourly observations included in each date with available data from 2020 to 2022. Figure 3. Hourly observations included in each date with available data from 2020 to 2022.



Remote Sens. 2024, 16, 2030 10 of 19Remote Sens. 2024, 16, x FOR PEER REVIEW  10  of  19 
 

 

 

Figure 4. Time series of daily solar radiation components from 1 January 2020, to 22 March 2022. (a) 

GHI, (b) DNI, (c) DHI. 

4. Evaluation of Satellite Retrieval Product Using Ground Measurements 

Based on the solar radiation observational data from 1 January 2020 to 22 March 2022, 

we conducted an evaluation of the widely used solar radiation satellite products, with the 

focus on hourly and daily solar radiation data retrieved from the H8 and MODIS MCD18 

satellite products. Figure 5 illustrates the high R2 values between in situ observed hourly 

GHI and H8, as well as the MCD18 datasets, suggesting a strong linear relationship among 

the three datasets. Specifically, the R2 between observed GHI and H8 is 0.89, indicating a 

robust linear correlation between the solar radiation data from H8 and the observed GHI. 

Meanwhile, the R2 value between the observed GHI and MCD18 is slightly lower, at 0.81, 

though still demonstrating a strong correlation with a tendency towards overestimation. 

The RMSE between H8 and the observed GHI is calculated at 86.58 W·m−2, with a bias of 

51.79 (21.05%) W·m−2. In comparison, the RMSE between the MCD18 and observed GHI 

is higher, at 113.93 W·m−2, with a bias of 17.49 (7.11%) W·m−2. The smaller RMSE between 

the observed GHI and H8 suggests a higher accuracy in H8 data compared to MCD18, 

indicating a closer fit to the observed GHI. 

Figure 4. Time series of daily solar radiation components from 1 January 2020, to 22 March 2022.
(a) GHI, (b) DNI, (c) DHI.

4. Evaluation of Satellite Retrieval Product Using Ground Measurements

Based on the solar radiation observational data from 1 January 2020 to 22 March 2022,
we conducted an evaluation of the widely used solar radiation satellite products, with the
focus on hourly and daily solar radiation data retrieved from the H8 and MODIS MCD18
satellite products. Figure 5 illustrates the high R2 values between in situ observed hourly
GHI and H8, as well as the MCD18 datasets, suggesting a strong linear relationship among
the three datasets. Specifically, the R2 between observed GHI and H8 is 0.89, indicating a
robust linear correlation between the solar radiation data from H8 and the observed GHI.
Meanwhile, the R2 value between the observed GHI and MCD18 is slightly lower, at 0.81,
though still demonstrating a strong correlation with a tendency towards overestimation.
The RMSE between H8 and the observed GHI is calculated at 86.58 W·m−2, with a bias
of 51.79 (21.05%) W·m−2. In comparison, the RMSE between the MCD18 and observed
GHI is higher, at 113.93 W·m−2, with a bias of 17.49 (7.11%) W·m−2. The smaller RMSE
between the observed GHI and H8 suggests a higher accuracy in H8 data compared to
MCD18, indicating a closer fit to the observed GHI.
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The scatterplot in Figure 6 illustrates the daily solar radiation comparisons among the
observed GHI, H8, and MCD18. Compared to the hourly analysis, there is a significant
decrease in RMSE values. For instance, the RMSE value between H8 and the observed
GHI decreases from 86.58 W·m−2 at the hourly scale to 37.68 W·m−2 at the daily scale.
Similarly, bias decreases notably from 51.79 W·m−2 at the hourly scale to 27.20 W·m−2

at the daily scale. Additionally, the RMSE value between MCD18 and the observed GHI
decreases from 113.93 W·m−2 to 40.96 W·m−2. Likewise, bias decreases from 17.49 W·m−2

at the hourly scale to 11.30 W·m−2 at the daily scale. The reason why MODIS MCD18 has
a larger RMSE than H8 is as follows. H8 is based on observations from a geostationary
satellite, providing a high temporal resolution. In contrast, MODIS MCD18 is based on
data from polar-orbiting satellites (Aqua and Terra), which pass over the Beijing region,
at most, twice in 24 h. This limited frequency means that MODIS MCD18 cannot account
for changes in cloudiness between the observation times. According to the documentation
(https://lpdaac.usgs.gov/documents/106/MCD18_ATBD.pdf (accessed on 20 October
2023), the three-hourly MODIS MCD18 product is generated by keeping AOD and cloud
properties fixed in the time interpolation. Notably, both H8 and MCD18 exhibit positive
biases when compared to the observed GHI, suggesting overestimation errors in both
satellite datasets.

Through Figure 7, the hourly distribution of solar radiation in each month can be
obtained. Overall, the observational GHI, H8, and MCD18 exhibit similar data distributions
in most months. For the majority of months, the three datasets demonstrate similar distribu-
tion characteristics. For instance, in January, the median values for observational GHI, H8,
and MCD18 are 128.84 W·m−2, 169.26 W·m−2, and 117.43 W·m−2, respectively. Through-
out all months, H8 consistently has the highest median value, while MCD18 generally
has the lowest. It is notable that, during certain months, such as April, May, and August,
H8 and MCD18 show substantial deviations in median values compared to observations.
For example, in August, the median values for the observed GHI, H8, and MCD18 are
354.76 W·m−2, 432.01 W·m−2, and 326.26 W·m−2, respectively. These differences may
be attributed to seasonal biases in satellite data and the geographical location of ground
observation stations. Overall, H8 and MCD18 satellite data demonstrate good consistency
with ground-based GHI observations across multiple time scales.

https://lpdaac.usgs.gov/documents/106/MCD18_ATBD.pdf
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Figure 8 illustrates the differences between the observed hourly GHI and the radiation
products from H8 and MCD18 datasets at different SZA values. Across all SZA categories,
the range of differences between observed hourly GHI and H8 is relatively small compared
to that between observed GHI and MCD18, but the median differences deviate significantly.
Especially within the categories of 0◦–30◦ and 30◦–60◦ SZA, the median differences between
H8 and the observed GHI are notably higher than those in other categories. This suggests
that there are positive systematic biases in H8 predictions within these SZA ranges. This
discrepancy may be related to the radiation transmission models and input parameters
used in H8 radiation products. In reality, factors such as SZA and atmospheric pollution
can affect the scattering and absorption of solar radiation in the atmosphere.

Regarding the differences between the observed GHI and MCD18 within the SZA
range of 75◦–90◦, the differences are relatively small, with the median close to zero, consid-
ering the rather small GHI when the solar elevation is low. However, as the SZA increases
from 0◦, the differences also increase. Especially within the ranges of 30◦–60◦ and 60◦–75◦,
the range of differences widens, indicating significant discrepancies between MCD18 pre-
dictions and the observed GHI at these angles. This increase in differences may be related
to the increase in SZA. As the SZA increases, the angle at which solar radiation reaches the
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Earth’s surface decreases, increasing the likelihood of cloud cover. This is due to the fact
that, at a higher SZA, sunlight traverses a longer path through the atmosphere, making it
more susceptible to cloud obscuration or scattering. Additionally, algorithms for deriving
downwelling solar radiation from satellite data rely on plane-parallel radiative transfer
models, treating radiative transfer as a one-dimensional process (vertical direction only).
Consequently, these algorithms may not accurately account for complex 3D cloud effects,
such as situations where clouds in neighboring pixels block the sun. This can lead to signif-
icant differences between the observed GHI and the predicted values from satellite-derived
radiation models.

Remote Sens. 2024, 16, x FOR PEER REVIEW  13  of  19 
 

 

categories,  the  range of differences between observed hourly GHI and H8  is  relatively 

small compared to that between observed GHI and MCD18, but the median differences 

deviate significantly. Especially within the categories of 0°–30° and 30°–60° SZA, the me-

dian differences between H8 and the observed GHI are notably higher than those in other 

categories. This suggests that there are positive systematic biases in H8 predictions within 

these SZA ranges. This discrepancy may be related to the radiation transmission models 

and input parameters used in H8 radiation products. In reality, factors such as SZA and 

atmospheric pollution can affect  the scattering and absorption of solar radiation  in  the 

atmosphere.   
Regarding  the differences between  the observed GHI and MCD18 within  the SZA 

range of 75°–90°, the differences are relatively small, with the median close to zero, con-

sidering the rather small GHI when the solar elevation is low. However, as the SZA in-

creases from 0°, the differences also increase. Especially within the ranges of 30°–60° and 

60°–75°,  the  range  of differences widens,  indicating  significant discrepancies  between 

MCD18 predictions and  the observed GHI at  these angles. This  increase  in differences 

may be related to the increase in SZA. As the SZA increases, the angle at which solar ra-

diation reaches the Earth’s surface decreases, increasing the likelihood of cloud cover. This 

is due to the fact that, at a higher SZA, sunlight traverses a longer path through the at-

mosphere, making  it more susceptible  to cloud obscuration or scattering. Additionally, 

algorithms for deriving downwelling solar radiation from satellite data rely on plane-par-

allel radiative  transfer models,  treating radiative  transfer as a one-dimensional process 

(vertical direction only). Consequently, these algorithms may not accurately account for 

complex 3D cloud effects, such as situations where clouds in neighboring pixels block the 

sun. This can lead to significant differences between the observed GHI and the predicted 

values from satellite-derived radiation models. 

 

Figure 8. Boxplots of the difference between observed GHI and MCD18, H8 and under different SZA
intervals. In each boxplot, the bottom of the lower tail represents the minimum value and the top of
the upper tail represents the maximum. The lower line of the box represents the 25th percentile, the
upper box represents the 75th percentile, and the middle line in the box represents the median.

Figure 9 depicts the relative differences between the observed hourly GHI and the
corresponding estimates from the H8 and MCD18 datasets, categorized by SZA. These
relative differences, expressed as percentages, were computed by dividing the absolute
differences illustrated in Figure 9 by the mean observed GHI within each SZA category.
Within the SZA ranges of 0◦–30◦ and 30–60◦, both H8 and MCD18 datasets exhibit relatively
stable relative differences, as depicted in Figure 8. However, notable variations emerge
within the SZA range of 75◦–90◦, particularly for the H8 data, where the relative differences
escalate significantly. Similarly, the MCD18 dataset demonstrates substantial increases in
relative differences within the SZA intervals of 60◦–75◦ and 75◦–90◦. The broader range
of relative differences observed in both datasets indicates a decline in the accuracy of
solar radiation estimates within these SZA intervals, despite the seemingly small absolute
differences depicted in Figure 9. Furthermore, the expanded range of relative differences in
the MCD18 dataset corroborates its lower accuracy when compared to the H8 dataset.
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Figure 9. Boxplots of the relative difference between observed GHI and MCD18, H8 and under
different SZA intervals. The relative difference (%) was calculated by dividing the absolute difference
in Figure 9 by the mean observed GHI for each SZA category. In each boxplot, the bottom of the
lower tail represents the minimum value and the top of the upper tail represents the maximum. The
lower line of the box represents the 25th percentile, the upper box represents the 75th percentile, and
the middle line in the box represents the median.

5. Discussion and Conclusions

In this study, the accuracy of two high-resolution satellite products, namely H8 and
MODIS MCD18, were assessed, utilizing data from a novel solar radiation observation
system established at the Beijing Normal University (BNU) station in the urban area of
Beijing in 2017. Rigorous quality control protocols were implemented to generate reliable in
situ observation datasets at a temporal resolution of one minute, covering the period from
1 January 2020 to 22 March 2022. Utilizing minute-level observational data as a foundation,
datasets of surface solar radiation at different temporal scales (hourly, daily, monthly, and
yearly) were computed and subsequently leveraged to evaluate the performance of H8
and MODIS products. The evaluation results demonstrated that both H8 and MODIS
MCD18 solar radiation products exhibited strong consistency with observational data
across multiple time scales, with R2 values of 0.89 and 0.81, respectively. The RMSE
between H8 and observed GHI was calculated at 86.58 W·m−2, with a bias of 51.79 W·m−2.
In comparison, the RMSE between MCD18 and observed GHI was higher, at 113.93 W·m−2,
with a bias of 17.49 W·m−2. The smaller RMSE between observed GHI and H8 suggested
a higher accuracy in H8 data compared to MCD18, indicating a closer fit to the observed
GHI. However, both satellite datasets showed certain overestimation biases, with H8
overestimating by approximately 21.05% and MCD18 by approximately 7.11%, with H8
exhibiting a more pronounced overestimation tendency. Additionally, solar zenith angles
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significantly influenced the accuracy of satellite products. Notably, at solar zenith angles of
0◦–60◦, significant differences compared to the surface measurements were observed for
both MCD18 and H8 predictions, which were particularly evident for H8.

The inadequate estimation of satellite solar radiation products has been widely re-
ported [39,82], with various underlying reasons for this having been identified. Tong et al. [80]
attributed the overestimation of MCD18 in China to the 3D effects of clouds and the spatial
scale impact, as evidenced by a strong correlation between RMSE and spatial scale, ranging
from 160.43 to 146.02 W m−2. Shi et al. [75] linked the positive bias of H8 solar radiation in
the North China Plain to the underestimation of aerosol optical depth, and the negative
bias in high elevation stations to improper atmospheric profile inputs. Damiani et al. [72]
similarly observed H8 overestimation compared to ground observations conducted in
Japan. They identified cloud variability as the primary source of uncertainty in satellite
radiation estimates, followed by direct effects attributed to aerosols and bright albedo. A
study evaluating surface downward shortwave radiation in the Tibetan Plateau attributed
the insufficient performance of H8 and MCD18 products to the cloud parameterization,
rather than aerosol impact [85]. Additionally, complex terrain [86] and climate zones [87]
may also influence satellite-based solar radiation estimations. Other deficiencies in the
parameterizations of aerosols and water vapor, as well as errors in atmospheric and surface
properties for the retrieval algorithms, may also contribute to the estimation inaccura-
cies [37]. The findings of this study underscore the importance of validating satellite remote
sensing-derived solar radiation data using ground observations, as satellite data may be
subject to algorithmic limitations and exhibit variations under different atmospheric condi-
tions. Integrating multiple ground-based observations for the comparative validation of
satellite products is crucial for enhancing their accuracy. Furthermore, to improve the accu-
racy of satellite products, incorporating additional geostationary data capable of capturing
solar radiation diurnal variability, as exemplified by the Clouds and Earth Radiant Energy
System (CERES) product, is also essential [39].

The obtained observational data obtained firsthand in this study underwent rigorous
quality control, leading to the creation of a high-quality dataset spanning multiple temporal
scales, encompassing three surface solar radiation components (GHI, DNI, and DHI). This
dataset provides fundamental data support for research on surface solar radiation variation
mechanisms, future energy utilization, environmental protection, and related studies in the
Beijing urban area. Furthermore, this research has enhanced our scientific comprehension
of the characteristics of surface solar radiation fluctuations in the Beijing urban area and
evaluated commonly employed satellite retrieval products. The foundational data and
insights derived from this study are instrumental in assessing the influence of human activ-
ities and urban development on solar radiation dynamics. They also facilitate research into
solar energy utilization in the Beijing region, the formulation of climate change adaptation
strategies, and the development of pertinent policies aimed at mitigating environmental
degradation, all grounded in robust scientific evidence.

It is crucial to acknowledge that the uncertainties inherent in observational exper-
iments may also influence the evaluation outcomes of satellite products. Throughout
our observational experiments, several objective constraints were encountered, including
unstable wired network connections, COVID-19 lockdown measures, the premature aging
of equipment distribution boxes, and extended maintenance cycles. These challenges im-
peded real-time equipment observation, resulting in occasional data gaps and hindrances
to achieving satisfactory results for the planned long-term data analysis. Future endeavors
will prioritize the continuous enhancement of equipment management methods and the in-
tegration of additional observational parameters. These efforts aim to obtain more accurate
and continuous observational data, building upon the groundwork laid in this study.

Author Contributions: Conceptualization, Y.M.; methodology, Y.M.; formal analysis, L.X.;
writing—original draft preparation, L.X.; writing—review and editing, Y.M. All authors have read
and agreed to the published version of the manuscript.



Remote Sens. 2024, 16, 2030 16 of 19

Funding: This research is funded by the National Basic Research Program of China (No. 2022YFF0801301).
This research is also funded by the National Basic Research Program of China (No. 2020YFA0608201)
and BNU-FGS Global Environmental Change Program (No. 2023-GC-ZYTS-06).

Data Availability Statement: The observational solar radiation data can be obtained upon request
from Yuna Mao (myn@bnu.edu.cn). The Himawari-8 satellite products are available for download
from https://www.eorc.jaxa.jp/ptree/index.html (accessed on 11 May 2022), while MODIS MCD18
solar radiation products can be downloaded from https://lpdaac.usgs.gov/products/mcd18a1v006/
(accessed on 6 June 2023).

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Tan, Y.; Wang, Q.; Zhang, Z. Near-real-time estimation of global horizontal irradiance from Himawari-8 satellite data. Renew.

Energy 2023, 215, 118994. [CrossRef]
2. Wild, M.; Gilgen, H.; Roesch, A.; Ohmura, A.; Long, C.N.; Dutton, E.G.; Forgan, B.; Kallis, A.; Russak, V.; Tsvetkov, A. From

dimming to brightening: Decadal changes in solar radiation at Earth’s surface. Science 2005, 308, 847–850. [CrossRef] [PubMed]
3. Wild, M.; Roesch, A.; Ammann, C. Global dimming and brightening—Evidence and agricultural implications. CABI Rev. Perspect.

Agric. Vet. Sci. Nutr. Nat. Resour. 2012, 7, 1–7. [CrossRef]
4. Reindl, D.T.; Beckman, W.A.; Duffie, J.A. Diffuse fraction correlations. Sol. Energy 1990, 45, 1–7. [CrossRef]
5. Pandey, C.K.; Katiyar, A.K. Solar Radiation: Models and Measurement Techniques. J. Energy 2013, 2013, 305207. [CrossRef]
6. Badescu, V.J.S. Modeling Solar Radiation at the Earth’s Surface; Springer: Berlin/Heidelberg, Germany, 2008.
7. Paulescu, M.; Paulescu, E.; Gravila, P.; Badescu, V. Solar Radiation Measurements. In Weather Modeling and Forecasting of PV

Systems Operation; Springer: London, UK, 2013; pp. 17–42.
8. Feng, F.; Wang, K. Determining Factors of Monthly to Decadal Variability in Surface Solar Radiation in China: Evidences from

Current Reanalyses. Amer Geophys. Union 2019, 124, 9161–9182. [CrossRef]
9. Jiang, H.; Yang, Y.; Wang, H.; Bai, Y.; Bai, Y. Surface Diffuse Solar Radiation Determined by Reanalysis and Satellite over East

Asia: Evaluation and Comparison. Remote Sens. 2020, 12, 1387. [CrossRef]
10. Sianturi, Y.; Marjuki; Sartika, K. Evaluation of ERA5 and MERRA2 reanalyses to estimate solar irradiance using ground

observations over Indonesia region. AIP Conf. Proc. 2020, 2223, 020002. [CrossRef]
11. Yang, D.; Bright, J.M. Worldwide validation of 8 satellite-derived and reanalysis solar radiation products: A preliminary evaluation

and overall metrics for hourly data over 27 years. Sol. Energy 2020, 210, 3–19. [CrossRef]
12. Huang, L.; Kang, J.; Wan, M.; Fang, L.; Zhang, C.; Zeng, Z. Solar Radiation Prediction Using Different Machine Learning

Algorithms and Implications for Extreme Climate Events. Front. Earth Sci. 2021, 9, 596860. [CrossRef]
13. Demir, V.; Citakoglu, H. Forecasting of solar radiation using different machine learning approaches. Neural Comput. Appl. 2023,

35, 887–906. [CrossRef]
14. Yang, D.; Gueymard, C.A. Producing high-quality solar resource maps by integrating high- and low-accuracy measurements

using Gaussian processes. Renew. Sustain. Energy Rev. 2019, 113, 109260. [CrossRef]
15. Huang, G.; Li, Z.; Li, X.; Liang, S.; Yang, K.; Wang, D.; Zhang, Y. Estimating surface solar irradiance from satellites: Past, present,

and future perspectives. Remote Sens. Environ. 2019, 233, 111371. [CrossRef]
16. Letu, H.; Nakajima, T.Y.; Wang, T.; Shang, H.; Ma, R.; Yang, K.; Baran, A.J.; Riedi, J.; Ishimoto, H.; Yoshida, M.; et al. A

New Benchmark for Surface Radiation Products over the East Asia–Pacific Region Retrieved from the Himawari-8/AHI Next-
Generation Geostationary Satellite. Bull. Am. Meteorol. Soc. 2022, 103, E873–E888. [CrossRef]

17. Babar, B.; Graversen, R.; Boström, T. Solar radiation estimation at high latitudes: Assessment of the CMSAF databases, ASR and
ERA5. Sol. Energy 2019, 182, 397–411. [CrossRef]

18. Urraca, R.; Huld, T.; Gracia-Amillo, A.; Martinez-de-Pison, F.J.; Kaspar, F.; Sanz-Garcia, A. Evaluation of global horizontal
irradiance estimates from ERA5 and COSMO-REA6 reanalyses using ground and satellite-based data. Sol. Energy 2018, 164,
339–354. [CrossRef]

19. Ouhechou, A.; Philippon, N.; Morel, B.; Trentmann, J.; Graillet, A.; Mariscal, A.; Nouvellon, Y. Inter-comparison and validation
against in-situ measurements of satellite estimates of incoming solar radiation for Central Africa: From the annual means to the
diurnal cycles. Atmos. Res. 2023, 287, 106711. [CrossRef]

20. Li, Z.; Yang, X.; Tang, H. Evaluation of the hourly ERA5 radiation product and its relationship with aerosols over China. Atmos.
Res. 2023, 294, 106941. [CrossRef]

21. Wild, M. Decadal changes in radiative fluxes at land and ocean surfaces and their relevance for global warming. Wiley Interdiplinary
Rev. Clim. Change 2016, 7, 91–107. [CrossRef]

22. Tang, W.; He, J.; Qi, J.; Yang, K. A dense station-based, long-term and high-accuracy dataset of daily surface solar radiation in
China. Earth Syst. Sci. Data 2023, 15, 4537–4551. [CrossRef]

23. Driemel, A.; Augustine, J.; Behrens, K.; Colle, S.; Cox, C.; Cuevas-Agulló, E.; Denn, F.M.; Duprat, T.; Fukuda, M.; Grobe, H.; et al.
Baseline Surface Radiation Network (BSRN): Structure and data description (1992–2017). Earth Syst. Sci. Data 2018, 10, 1491–1501.
[CrossRef]

https://www.eorc.jaxa.jp/ptree/index.html
https://lpdaac.usgs.gov/products/mcd18a1v006/
https://doi.org/10.1016/j.renene.2023.118994
https://doi.org/10.1126/science.1103215
https://www.ncbi.nlm.nih.gov/pubmed/15879214
https://doi.org/10.1079/PAVSNNR20127003
https://doi.org/10.1016/0038-092X(90)90060-P
https://doi.org/10.1155/2013/305207
https://doi.org/10.1029/2018JD030214
https://doi.org/10.3390/rs12091387
https://doi.org/10.1063/5.0000854
https://doi.org/10.1016/j.solener.2020.04.016
https://doi.org/10.3389/feart.2021.596860
https://doi.org/10.1007/s00521-022-07841-x
https://doi.org/10.1016/j.rser.2019.109260
https://doi.org/10.1016/j.rse.2019.111371
https://doi.org/10.1175/BAMS-D-20-0148.1
https://doi.org/10.1016/j.solener.2019.02.058
https://doi.org/10.1016/j.solener.2018.02.059
https://doi.org/10.1016/j.atmosres.2023.106711
https://doi.org/10.1016/j.atmosres.2023.106941
https://doi.org/10.1002/wcc.372
https://doi.org/10.5194/essd-15-4537-2023
https://doi.org/10.5194/essd-10-1491-2018


Remote Sens. 2024, 16, 2030 17 of 19

24. Augustine, J.A.; DeLuisi, J.J.; Long, C.N. SURFRAD–A National Surface Radiation Budget Network for Atmospheric Research.
Bull. Am. Meteorol. Soc. 2000, 81, 2341–2358. [CrossRef]

25. Augustine, J.A.; Hodges, G.B.; Cornwall, C.R.; Michalsky, J.J.; Medina, C.I. An Update on SURFRAD—The GCOS Surface
Radiation Budget Network for the Continental United States. J. Atmos. Ocean. Technol. 2005, 22, 1460–1472. [CrossRef]

26. Bawazir, R.O.; Çetin, N.S. Investigation of Horizontal Solar Radiation Data Source in the World. In Proceedings of the 2020 2nd
International Conference on Photovoltaic Science and Technologies (PVCon), Ankara, Turkey, 30 November–2 December 2020;
pp. 1–5.

27. Tsvetkov, A.; Wilcox, S.; Renne, D.; Pulscak, M. International Solar Resource Data at the World Radiation Data Center; American Solar
Energy Society: Boulder, CO, USA, 1995.

28. Gilgen, H.; Ohmura, A. The global energy balance archive. Bull. Amer. Meteor. Soc. 1999, 80, 831–850. [CrossRef]
29. Wild, M.; Ohmura, A.; Schär, C.; Müller, G.; Folini, D.; Schwarz, M.; Hakuba, M.Z.; Sanchez-Lorenzo, A. The Global Energy

Balance Archive (GEBA) version 2017: A database for worldwide measured surface energy fluxes. AIP Conf. Proc. 2017, 9,
601–613. [CrossRef]

30. He, Y.; Wang, K. Variability in Direct and Diffuse Solar Radiation Across China From 1958 to 2017. Geophys. Res. Lett. 2020,
47, e2019GL084570. [CrossRef]

31. Tang, W.; Yang, K.; Qin, J.; Li, X.; Niu, X. A 16-year dataset (2000–2015) of high-resolution (3 h, 10 km) global surface solar
radiation. Earth Syst. Sci. Data 2019, 11, 1905–1915. [CrossRef]

32. Wang, Y.; Zhang, J.; Trentmann, J.; Fiedler, S.; Yang, S.; Sanchez-Lorenzo, A.; Tanaka, K.; Yuan, W.; Wild, M. Observations and
Implications of Diurnal Climatology and Trends in Direct and Diffuse Solar Radiation Over China. Amer Geophys. Union 2022,
127, e2022JD036769. [CrossRef]

33. Wang, K.; Ma, Q.; Wang, X.; Wild, M. Urban impacts on mean and trend of surface incident solar radiation. Geophys. Res. Lett.
2014, 41, 4664–4668. [CrossRef]

34. Wang, L.; Wang, K. Impacts of DEM uncertainty on estimated surface solar radiation and extracted river network. Bull. Am.
Meteorol. Soc. 2015, 96, 297–304. [CrossRef]

35. Liang, S.; Wang, D.; He, T.; Yu, Y. Remote sensing of earth’s energy budget: Synthesis and review. Int. J. Digit. Earth 2019, 12,
737–780. [CrossRef]

36. Cao, Q.; Liu, Y.; Sun, X.; Yang, L. Country-level evaluation of solar radiation data sets using ground measurements in China.
Energy 2022, 241, 122938. [CrossRef]

37. Jia, B.; Xie, Z.; Dai, A.; Shi, C.; Chen, F. Evaluation of satellite and reanalysis products of downward surface solar radiation over
East Asia: Spatial and seasonal variations. J. Geophys. Res. Atmos. 2013, 118, 3431–3446. [CrossRef]

38. Zhang, Y.; Rossow, W.B.; Lacis, A.A.; Oinas, V.; Mishchenko, M.I. Calculation of radiative fluxes from the surface to top of
atmosphere based on ISCCP and other global data sets: Refinements of the radiative transfer model and the input data. J. Geophys.
Res. Atmos. 2004, 109, D19105. [CrossRef]

39. Wang, D.; Liang, S.; Zhang, Y.; Gao, X.; Brown, M.G.L.; Jia, A. A New Set of MODIS Land Products (MCD18): Downward
Shortwave Radiation and Photosynthetically Active Radiation. Remote Sens. 2020, 12, 168. [CrossRef]

40. Smith, G.; Priestley, K.; Loeb, N.; Wielicki, B.; Charlock, T.; Minnis, P.; Doelling, D.; Rutan, D.A. Clouds and Earth Radiant Energy
System (CERES), a review: Past, present and future. Adv. Space Res. 2011, 48, 254–263. [CrossRef]

41. Letu, H.; Yang, K.; Nakajima, T.Y.; Ishimoto, H.; Nagao, T.M.; Riedi, J.; Baran, A.J.; Ma, R.; Wang, T.; Shang, H.; et al. High-
resolution retrieval of cloud microphysical properties and surface solar radiation using Himawari-8/AHI next-generation
geostationary satellite. Remote Sens. Environ. 2020, 239, 111583. [CrossRef]

42. Peng, Z.; Letu, H.; Wang, T.; Shi, C.; Zhao, C.; Tana, G.; Zhao, N.; Dai, T.; Tang, R.; Shang, H.; et al. Estimation of shortwave solar
radiation using the artificial neural network from Himawari-8 satellite imagery over China. J. Quant. Spectrosc. Radiat. Transf.
2020, 240, 106672. [CrossRef]

43. Liang, S.; Cheng, J.; Jia, K.; Jiang, B.; Liu, Q.; Xiao, Z.; Yao, Y.; Yuan, W.; Zhang, X.; Zhao, X.; et al. The Global Land Surface
Satellite (GLASS) Product Suite. Bull. Am. Meteorol. Soc. 2021, 102, E323–E337. [CrossRef]

44. Huang, C.; Shi, H.; Yang, D.; Gao, L.; Zhang, P.; Fu, D.; Xia, X.; Chen, Q.; Yuan, Y.; Liu, M.; et al. Retrieval of sub-kilometer
resolution solar irradiance from Fengyun-4A satellite using a region-adapted Heliosat-2 method. Sol. Energy 2023, 264, 112038.
[CrossRef]

45. Polo, J.; Zarzalejo, L.F.; Ramírez, L. Solar Radiation Derived from Satellite Images. In Modeling Solar Radiation at the Earth’s Surface:
Recent Advances; Badescu, V., Ed.; Springer: Berlin/Heidelberg, Germany, 2008; pp. 449–462.

46. Carpentieri, A.; Folini, D.; Wild, M.; Vuilleumier, L.; Meyer, A. Satellite-derived solar radiation for intra-hour and intra-day
applications: Biases and uncertainties by season and altitude. Sol. Energy 2023, 255, 274–284. [CrossRef]

47. Yang, S.; Zhang, X.; Guan, S.; Zhao, W.; Duan, Y.; Yao, Y.; Jia, K.; Jiang, B. A review and comparison of surface incident shortwave
radiation from multiple data sources: Satellite retrievals, reanalysis data and GCM simulations. Int. J. Digit. Earth 2023, 16,
1332–1357. [CrossRef]

48. Wang, L.; Gao, Z.; Miao, S.; Guo, X.; Sun, T.; Liu, M.; Li, D. Contrasting characteristics of the surface energy balance between the
urban and rural areas of Beijing. Adv. Atmos. Sci. 2015, 32, 505–514. [CrossRef]

49. Tang, X.; Cui, Y.; Li, N.; Fu, Y.; Liu, X.; Run, Y.; Li, M.; Zhao, G.; Dong, J. Human Activities Enhance Radiation Forcing through
Surface Albedo Associated with Vegetation in Beijing. Remote Sens. 2020, 12, 837. [CrossRef]

https://doi.org/10.1175/1520-0477(2000)081%3C2341:SANSRB%3E2.3.CO;2
https://doi.org/10.1175/JTECH1806.1
https://doi.org/10.1175/1520-0477(1999)080%3C0831:TGEBA%3E2.0.CO;2
https://doi.org/10.5194/essd-9-601-2017
https://doi.org/10.1029/2019gl084570
https://doi.org/10.5194/essd-11-1905-2019
https://doi.org/10.1029/2022JD036769
https://doi.org/10.1002/2014GL060201
https://doi.org/10.1175/BAMS-D-13-00285.1
https://doi.org/10.1080/17538947.2019.1597189
https://doi.org/10.1016/j.energy.2021.122938
https://doi.org/10.1002/jgrd.50353
https://doi.org/10.1029/2003JD004457
https://doi.org/10.3390/rs12010168
https://doi.org/10.1016/j.asr.2011.03.009
https://doi.org/10.1016/j.rse.2019.111583
https://doi.org/10.1016/j.jqsrt.2019.106672
https://doi.org/10.1175/BAMS-D-18-0341.1
https://doi.org/10.1016/j.solener.2023.112038
https://doi.org/10.1016/j.solener.2023.03.027
https://doi.org/10.1080/17538947.2023.2198262
https://doi.org/10.1007/s00376-014-3222-4
https://doi.org/10.3390/rs12050837


Remote Sens. 2024, 16, 2030 18 of 19

50. Gong, C.; Xin, J.; Wang, S.; Wang, Y.; Wang, P.; Wang, L.; Li, P. The aerosol direct radiative forcing over the Beijing metropolitan
area from 2004 to 2011. J. Aerosol Sci. 2014, 69, 62–70. [CrossRef]

51. Zhou, M.; Chen, Z.; Huang, R.; Wang, Q.; Arimoto, R.; Parungo, F.; Lenschow, D.; Okada, K.; Wu, P. Effects of two dust storms on
solar radiation in the Beijing-Tianjin area. Geophys. Res. Lett. 1994, 21, 2697–2700. [CrossRef]

52. Che, H.; Xia, X.; Zhao, H.; Li, L.; Gui, K.; Zheng, Y.; Song, J.; Qi, B.; Zhu, J.; Miao, Y.; et al. Aerosol optical and radiative properties
and their environmental effects in China: A review. Earth-Sci. Rev. 2024, 248, 104634. [CrossRef]

53. Zhong, J.; Zhang, X.; Wang, Y.; Liu, C.; Dong, Y. Heavy aerosol pollution episodes in winter Beijing enhanced by radiative cooling
effects of aerosols. Atmos. Res. 2018, 209, 59–64. [CrossRef]

54. Si-Ya, S.; Jing, Z. All-Sky Direct Radiative Effects of Urban Aerosols in Beijing and Shanghai, China. Atmos. Ocean. Sci. Lett. 2015,
8, 295–300. [CrossRef]

55. Hu, B.; Wang, Y.; Liu, G. Variation characteristics of ultraviolet radiation derived from measurement and reconstruction in Beijing,
China. Tellus B Chem. Phys. Meteorol. 2010, 62, 100–108. [CrossRef]

56. Wang, Y.; Yang, S.; Sanchez-Lorenzo, A.; Yuan, W.; Wild, M. A Revisit of Direct and Diffuse Solar Radiation in China Based
on Homogeneous Surface Observations: Climatology, Trends, and Their Probable Causes. J. Geophys. Res. Atmos. 2020,
125, e2020JD032634. [CrossRef]

57. Yang, X.; Zhao, C.; Zhou, L.; Wang, Y.; Liu, X. Distinct impact of different types of aerosols on surface solar radiation in China.
J. Geophys. Res. Atmos. 2016, 121, 6459–6471. [CrossRef]

58. He, Y.; Wang, K.; Zhou, C.; Wild, M. A Revisit of Global Dimming and Brightening Based on the Sunshine Duration. Geophys. Res.
Lett. 2018, 45, 4281–4289. [CrossRef]

59. Che, H.Z.; Shi, G.Y.; Zhang, X.Y.; Arimoto, R.; Zhao, J.Q.; Xu, L.; Wang, B.; Chen, Z.H. Analysis of 40 years of solar radiation data
from China, 1961–2000. Geophys. Res. Lett 2005, 32, 2341–2352. [CrossRef]

60. Hou, N.; Zhang, X.; Zhang, W.; Xu, J.; Feng, C.; Yang, S.; Jia, K.; Yao, Y.; Cheng, J.; Jiang, B.J.S. A new long-term downward surface
solar radiation dataset over China from 1958 to 2015. Sensors 2020, 20, 6167. [CrossRef]

61. Stanhill, G.; Cohen, S. Global dimming: A review of the evidence for a widespread and significant reduction in global radiation
with discussion of its probable causes and possible agricultural consequences. Agric. For. Meteorol. 2001, 107, 255–278. [CrossRef]

62. Liepert, B.G. Observed reductions of surface solar radiation at sites in the United States and worldwide from 1961 to 1990.
Geophys. Res. Lett. 2002, 29, 61–64. [CrossRef]

63. Tang, W.; Yang, K.; Qin, J.; Cheng, C.C.K.; He, J. Solar radiation trend across China in recent decades: A revisit with quality-
controlled data. Atmos. Chem. Phys. 2011, 11, 393–406. [CrossRef]

64. García, R.D.; Cuevas, E.; Ramos, R.; Cachorro, V.E.; Redondas, A.; Moreno-Ruiz, J.A. Description of the Baseline Surface Radiation
Network (BSRN) station at the Izaña Observatory (2009–2017): Measurements and quality control/assurance procedures. Geosci.
Instrum. Methods Data Syst. 2019, 8, 77–96. [CrossRef]

65. Ohmura, A.; Dutton, E.G.; Forgan, B.; Fröhlich, C.; Gilgen, H.; Hegner, H.; Heimo, A.; König-Langlo, G.; McArthur, B.; Müller,
G.; et al. Baseline Surface Radiation Network (BSRN/WCRP): New precision radiometry for climate research. Clim. Res. Bull. Am.
Meteorol. Soc. 1998, 79, 2115–2136. [CrossRef]

66. Liu, M.; Fan, X.; Xia, X.; Zhang, J.; Li, J. Value-Added Products Derived from 15 Years of High-Quality Surface Solar Radiation
Measurements at Xianghe, a Suburban Site in the North China Plain. Adv. Atmos. Sci. 2023, 40, 1132–1141. [CrossRef]

67. Quan, W.; Wang, Z.; Qiao, L.; Zheng, X.; Jin, J.; Li, Y.; Yin, X.; Ma, Z.; Wild, M. A quality-assured dataset of nine radiation
components observed at the Shangdianzi regional GAW station in China (2013–2022). Earth Syst. Sci. Data 2024, 16, 961–983.
[CrossRef]

68. Long, C.; Shi, Y. The QCRad value added product: Surface radiation measurement quality control testing, including climatology
configurable limits. Atmos. Radiat. Meas. Program Tech. Rep. 2006. [CrossRef]

69. Long, C.N.; Dutton, E.G. BSRN Global Network Recommended QC Tests, V2.x; PANGAEA: Bremerhaven, Germany, 2002.
70. Philipona, R. Underestimation of solar global and diffuse radiation measured at Earth’s surface. J. Geophys. Res. Atmos. 2002, 107,

ACL 15-1–ACL 15-8. [CrossRef]
71. Kratz, D.P.; Gupta, S.K.; Wilber, A.C.; Sothcott, V.E. Validation of the CERES edition 2B surface-only flux algorithms. J. Appl.

Meteorol. Climatol. 2010, 49, 164–180. [CrossRef]
72. Damiani, A.; Irie, H.; Horio, T.; Takamura, T.; Khatri, P.; Takenaka, H.; Nagao, T.; Nakajima, T.Y.; Cordero, R.R. Evaluation

of Himawari-8 surface downwelling solar radiation by ground-based measurements. Atmos. Meas. Tech. 2018, 11, 2501–2521.
[CrossRef]

73. Yu, Y.; Shi, J.; Wang, T.; Letu, H.; Yuan, P.; Zhou, W.; Hu, L. Evaluation of the himawari-8 shortwave downward radiation (swdr)
product and its comparison with the ceres-syn, merra-2, and era-interim datasets. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens.
2018, 12, 519–532. [CrossRef]

74. Bessho, K.; Date, K.; Hayashi, M.; Ikeda, A.; Imai, T.; Inoue, H.; Kumagai, Y.; Miyakawa, T.; Murata, H.; Ohno, T.; et al. An
Introduction to Himawari-8/9-Japan’s New-Generation Geostationary Meteorological Satellites. J. Meteorol. Soc. Japan. Ser. II
2016, 94, 151–183. [CrossRef]

75. Shi, H.; Li, W.; Fan, X.; Zhang, J.; Hu, B.; Husi, L.; Shang, H.; Han, X.; Song, Z.; Zhang, Y.J.S.E. First assessment of surface solar
irradiance derived from Himawari-8 across China. Sol. Energy 2018, 174, 164–170. [CrossRef]

https://doi.org/10.1016/j.jaerosci.2013.12.007
https://doi.org/10.1029/94GL02585
https://doi.org/10.1016/j.earscirev.2023.104634
https://doi.org/10.1016/j.atmosres.2018.03.011
https://doi.org/10.3878/AOSL20150017
https://doi.org/10.1111/j.1600-0889.2010.00452.x
https://doi.org/10.1029/2020JD032634
https://doi.org/10.1002/2016JD024938
https://doi.org/10.1029/2018GL077424
https://doi.org/10.1029/2004GL022322
https://doi.org/10.3390/s20216167
https://doi.org/10.1016/S0168-1923(00)00241-0
https://doi.org/10.1029/2002GL014910
https://doi.org/10.5194/acp-11-393-2011
https://doi.org/10.5194/gi-8-77-2019
https://doi.org/10.1175/1520-0477(1998)079%3C2115:BSRNBW%3E2.0.CO;2
https://doi.org/10.1007/s00376-022-2205-0
https://doi.org/10.5194/essd-16-961-2024
https://doi.org/10.2172/1019540
https://doi.org/10.1029/2002JD002396
https://doi.org/10.1175/2009JAMC2246.1
https://doi.org/10.5194/amt-11-2501-2018
https://doi.org/10.1109/JSTARS.2018.2851965
https://doi.org/10.2151/jmsj.2016-009
https://doi.org/10.1016/j.solener.2018.09.015


Remote Sens. 2024, 16, 2030 19 of 19

76. Qin, Y.; Huang, J.; McVicar, T.R.; West, S.; Khan, M.; Steven, A.D.J.S.E. Estimating surface solar irradiance from geostationary
Himawari-8 over Australia: A physics-based method with calibration. Sol. Energy 2021, 220, 119–129. [CrossRef]

77. Zhang, Y.; Chen, L.; Liu, J. Estimation of Daily Global Solar Irradiance from HIMAWARI-8 Products Over China. In XXIV ISPRS
Congress Imaging Today Foreseeing Tomorrow Commission III; ISPRS: Baton Rouge, LA, USA, 2022; Volume 3, pp. 493–500.

78. Frouin, R.; Murakami, H. Estimating photosynthetically available radiation at the ocean surface from ADEOS-II global imager
data. J. Oceanogr. 2007, 63, 493–503. [CrossRef]

79. Li, R.; Wang, D.; Liang, S. Comprehensive assessment of five global daily downward shortwave radiation satellite products. Sci.
Remote Sens. 2021, 4, 100028. [CrossRef]

80. Tong, L.; He, T.; Ma, Y.; Zhang, X. Evaluation and intercomparison of multiple satellite-derived and reanalysis downward
shortwave radiation products in China. Int. J. Digit. Earth 2023, 16, 1853–1884. [CrossRef]

81. Li, P.; Zhong, L.; Ma, Y.; Fu, Y.; Cheng, M.; Wang, X.; Qi, Y.; Wang, Z.J.A.C.; Discussions, P. Estimation of 1 km downwelling
shortwave radiation over the Tibetan Plateau under all-sky conditions. Atmos. Chem. Phys. 2023, 23, 9265–9285. [CrossRef]

82. Tian, Q.; Zhang, S.; Duan, W.; Ming, G. Evaluation of Downward Shortwave Radiation Products Over the Loess Plateau. IEEE J.
Sel. Top. Appl. Earth Obs. Remote Sens. 2024, 17, 3167–3180. [CrossRef]

83. Liu, R.; Liang, S.; He, H.; Liu, J.; Zheng, T. Mapping incident photosynthetically active radiation from MODIS data over China.
Remote Sens. Environ. 2008, 112, 998–1009.

84. Liang, S.; Wang, D. Moderate Resolution Imaging Spectroradiometer (MODIS) Downward Shortwave Radiation (MCD18A1) and
Photosynthetically Active Radiation (MCD18A2) Algorithm Theoretical Basis Document. 2017. Available online: https://modis-land.
gsfc.nasa.gov/pdf/mcd18_user_guide_C61_v3.pdf (accessed on 19 April 2024).

85. Li, T.; Xin, X.; Zhang, H.; Yu, S.; Li, L.; Ye, Z.; Liu, Q.; Cai, H. Evaluation of Six Data Products of Surface Downward Shortwave
Radiation in Tibetan Plateau Region. Remote Sens. 2024, 16, 791. [CrossRef]

86. Polo, J.; Wilbert, S.; Ruiz-Arias, J.A.; Meyer, R.; Gueymard, C.; Súri, M.; Martín, L.; Mieslinger, T.; Blanc, P.; Grant, I.; et al.
Preliminary survey on site-adaptation techniques for satellite-derived and reanalysis solar radiation datasets. SoEn 2016, 132,
25–37. [CrossRef]

87. Jia, A.; Liang, S.; Jiang, B.; Zhang, X.; Wang, G. Comprehensive Assessment of Global Surface Net Radiation Products and
Uncertainty Analysis. J. Geophys. Res. Atmos. 2018, 123, 1970–1989. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.solener.2021.03.029
https://doi.org/10.1007/s10872-007-0044-3
https://doi.org/10.1016/j.srs.2021.100028
https://doi.org/10.1080/17538947.2023.2212918
https://doi.org/10.5194/acp-23-9265-2023
https://doi.org/10.1109/JSTARS.2023.3346032
https://modis-land.gsfc.nasa.gov/pdf/mcd18_user_guide_C61_v3.pdf
https://modis-land.gsfc.nasa.gov/pdf/mcd18_user_guide_C61_v3.pdf
https://doi.org/10.3390/rs16050791
https://doi.org/10.1016/j.solener.2016.03.001
https://doi.org/10.1002/2017JD027903

	Introduction 
	Data and Methods 
	Site Observations 
	Site Description and Measure Instruments 
	Data Quality Control Procedure 

	Satellite Products 
	Himawari-8(H8) Satellite Products 
	MODIS Products 

	Evaluation Methods 

	Establishment of Ground Measurements 
	Data Quality of BNU Site Measurement 
	Establishment of Ground Measurements at Different Time Scales 

	Evaluation of Satellite Retrieval Product Using Ground Measurements 
	Discussion and Conclusions 
	References

