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Abstract: Accurate solar spectral irradiance (SSI) input is key to modelling climate systems. 
Traditional SSI data used in the climate modelling community are based on solar model calculations 
joined by limited observations. Recent advances in spaceborne high-resolution solar spectrum 
observations, such as the National Administration for Space and Aeronautics (NASA)’s Total and 
Spectral Solar Irradiance Sensor (TSIS), have provided more accurate and reliable SSI alternatives. 
Here, we investigate the differences between the observed and the model-based SSIs, and how these 
affect the modelled downward surface solar radiation (DSSR) over different regions of China. Special 
interest is dedicated to the implications for solar power estimation from solar farms. We conduct 
idealized calculations using the RRTMG-SW radiative transfer model, with the traditional China 
Meteorological Administration standard solar spectrum (CMA_STD) and the observed TSIS-1 
Hybrid Solar Reference Spectrum (TSIS-1_HSRS). Results show that the CMA_STD SSI yields 4.45 
Wm-2 less energy than the TSIS-1_HSRS, and systematically overestimate energy in the infrared 
bands and underestimate that in the visible bands. These discrepancies result in an annual regional 
mean visible DSSR underestimation of ~0.44 Wm-2, with localized underestimation for a particular 
month exceeding 2 Wm-2. The estimated solar power productions with the two SSIs differ by 
0.25%~0.35% and 0.36%~0.55% of the total power production capacity for fixed-angle and solar 
tracking panels, respectively. These findings suggest that long-term and high-resolution spaceborne 
SSI observations are crucial to improve surface climate modelling, especially on local scales, and to 
service climate change mitigations. 

Keywords: solar observation; solar spectral irradiance; surface solar radiation; photovoltaic power 
 

1. Introduction 

Solar radiation serves as the primary source of energy for the Earth. The portion of solar 
radiation that eventually reaches the surface after being absorbed and scattered by aerosols, clouds, 
gases in the atmosphere, i.e., the downward surface shortwave radiation (DSSR), contributes 
significantly to the Earth’s surface radiation balance [1,2] and drives the biosphere and geochemical 
cycles. Accurately capturing the spatial and temporal characteristics of DSSR is crucial for numerous 
human activities, including photovoltaic (PV) power generation, agricultural production, and 
meteorological prediction [3–5]. 

Radiative transfer models (RTMs), which physically simulate the radiation transfer processes 
under real/quasi-real atmospheric conditions (e.g., clouds, aerosols, and gases), are commonly used 
to predict DSSR for large spatial and temporal coverage. Such models are widely utilized in numeric 
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weather/climate models [6,7], remote sensing retrieval algorithms [8–10], and renewable energy 
studies [11,12]. 

A fundamental input to RTMs is Solar Spectral Irradiance (SSI) data, which represents the solar 
energy density across different wavelengths at the top of atmosphere and thus serves as the upper 
boundary conditions for such models. The accuracy of the input SSI data is crucial for the 
effectiveness of RTMs in various applications [13]. According to Hu [14], for instance, high-precision 
solar spectrum data offer crucial support for the physical retrieval of the concentration of atmospheric 
components (such as CO2, polluting gases, aerosols, etc.). In climate simulations, solar spectrum and 
its variation over time act as an external forcing that is necessary for the investigation of long-term 
climate change [6,7]. Even small variations in the input solar spectrum could induce noticeable 
changes to the simulated climate system. For example, Jing et al. [15] compared the SSI data widely 
used in climate models with the most recent satellite observation and found notable differences in 
the visible (VIS) and near-infrared (NIR) irradiances, which cause significant differences in modelled 
surface temperature and sea ice coverage at high latitudes due to the differing reflectance of the 
snow/ice surfaces to the VIS and NIR bands. In terms of PV applications, all PV materials are 
influenced by spectral irradiance given their specific spectral response functions [16], and hence the 
variations in the solar spectral irradiance reaching the PV modules can lead to significant differences 
in the performance of PV modules [17]. 

Given the fundamental importance of solar spectral irradiance in various fields, SSI data have 
been established for different application purposes with varying timescales (from daily to yearly). 
For example, multi-year SSI data generated from the NRLSSI2 solar variability model [18] have been 
widely utilized in historical climate simulations from pre-industry to present [19]. For the 
applications in surface solar radiation measurements and computations, China Meteorological 
Administration (CMA) established its standard zero air mass SSI data (China Meteorological 
Administration, 2016)[20], which is based on the ASTM E490-00a (2006) SSI [21] table and now 
adopted in the country’s green energy industry for the assessment of photovoltaic power capability 
and the calculation of other solar radiation parameters [22]. Nevertheless, both the above datasets are 
primarily derived from indirect model calculations rather than direct solar spectrum observations, 
although they incorporate observed solar activities (e.g., sunspot numbers) into their algorithms. 
Satellite-based observation of total solar irradiance (TSI) has continued since the 1970s [23], whereas 
direct spaceborne measurement of SSI (from UV to near-infrared) began with the National 
Administration for Space and Aeronautics (NASA)’s Solar Radiation and Climate Experiment 
(SORCE), which operated from 2003 to 2020 [24]. As a successor to SORCE, the first Total Solar 
Spectral Irradiance Sensor (TSIS-1) with notably improved instrument was launched by NASA in 
2017. TSIS-1 provides SSI measurements with an accuracy of better than 0.2 per cent, making it 
arguably the most precise SSI observation to date [25]. Additionally, China has also launched its first 
solar spectral irradiance monitor onboard the Fengyun-3E polar orbit satellite in 2021 [26]. These 
increasingly available direct SSI observations provide an opportunity to reexamine the solar 
spectrum used in the current climate models and other aspects such as the photovoltaic industry. 

This study aims to explore the differences between the newly observed and the previously 
model-based SSI data, and to estimate the potential effect on the computed downward surface solar 
radiation over the land surface of China which covers extensive conditions in terms of climatic zones, 
atmospheric components, and topography. A particular focus is placed on how large the differing 
DSSR could affect the estimated power generation from a PV power station, given the rapid 
expansion of PV panel deployment in recent years in China to mitigate carbon emission and global 
warming. To that end, the Rapid Radiative Transfer Model for General Circulation Models (RRTMG) 
[27] is employed alongside the quasi-real atmospheric data from the ERA5 reanalysis [28] and the 
CERES satellite retrievals [29] for a particular year. Hourly calculations of DSSR are conducted and 
the possible impacts on PV potential are estimated using two different SSI datasets: the CMA 
standard SSI and the most recent NASA TSIS-1 observation. The effects of clouds, aerosols, water 
vapor, etc. are fully considered in the calculations. 
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The structure of this article is organized as follows: Section 2 describes the two sets of SSI data, 
the radiative transfer model, and the experiments in detail. Section 3 provides the main results, 
including the regionality and seasonality of the calculated DSSR, as well as a brief estimation of the 
effect on PV potential. Section 4 summarizes the main conclusions and discusses potential 
applications. 

2. Materials and Methods 
2.1. Solar Spectral Irradiance Data 

The solar spectral irradiance datasets compared in this study are the CMA standard solar 
spectral data (CMA_STD hereinafter; China Meteorological Administration, 2016) [20] and the TSIS-
1 Hybrid Solar Reference Spectrum (TSIS-1_HSRS hereinafter) measured by NASA’s Total Solar 
Irradiance Sensor [18]. The two datasets differ in spectral resolutions and ranges. The CMA_STD data 
covers a spectral range from 119 nm to 1,000,000 nm, with a resolution of 1 nm between 119 and 630 
nm and a resolution of 2 nm between 631 and 5,000 nm. The TSIS-1_HSRS data has much finer 
resolution, which spans 202 to 2,730 nm at a spectral resolution of 0.01 to ~0.001 nm, with an 
uncertainty of 0.3% between 460 and 2,365 nm and 1.3% at wavelengths outside this range [18]. Figure 
1 compares the two spectra in their overlapping range of 200 to 2,730 nm. Here, the finer TSIS-1_HSRS 
data are resampled (e.g., accumulated within the broader bands of CMA_STD) to match the spectral 
resolution with the CMA_STD. The two datasets exhibit similar solar spectral distributions, but 
notable differences are observed in the 300–800 nm range, where the CMA_STD irradiances are 
generally smaller than those of the TSIS-1_HSRS. 

 

Figure 1. Comparison between the CMA_STD and TSIS-1_HSRS SSIs. The green line shows the differences 
between the two (CMA_STD – TSIS-1_HSRS). 

2.2. Radiative Transfer Model 

To estimate the effect of the differences in SSI on estimated DSSR, this study utilizes the 
shortwave component of the Rapid Radiative Transfer Model for General Circulation Models 
(RRTMG_SW hereinafter), developed by the Atmospheric and Environmental Research [27]. RRTMG 
is widely used in weather and climate modelling [30,31]. The model incorporates computationally 
efficient techniques alongside high-precision optical data for atmospheric gases, aerosols, and clouds, 
enabling it to effectively simulate the absorption and scattering processes of solar radiation in 
different wavelength bands. The model provides detailed output of the radiation fields, such as 
upward and downward radiative fluxes at the top of atmosphere and the surface, as well as 
atmospheric heating rates. 
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RRTMG_SW covers the wavelength range of 0.20–12.20 μm and is divided into 14 broad bands 
(the range of each band is shown in Table 1). The visible portion includes bands 9 to 11 (0.44 –0.78 
μm) and the near infrared includes bands 3 to 8 (0.78–2.50 μm). 

Table 1. Wavelength ranges of the 14 bands of RRTMG_SW. 

Band Wavelength (μm) 
1 3.08~3.85 
2 2.50~3.08 
3 2.15~2.50 
4 1.94~2.15 
5 1.63~1.94 
6 1.30~1.63 
7 1.24~1.30 
8 0.78~1.24 
9 0.63~0.78 

10 0.44~0.63 
11 0.35~0.44 
12 0.26~0.34 
13 0.20~0.26 
14 3.85~12.20 

To apply the high-resolution SSI data into the broadband RRTMG_SW, we first integrate the 
high-resolution SSI data within the various bands of the RRTMG_SW to obtain the broadband solar 
irradiance. For the TSIS-1_HSRS case, the irradiance between 2.73 and 12.20 μm that beyond the 
observational range, the CMA_STD irradiance in the same range is applied in the integration. Figure 
2 shows the integrated broadband irradiance of the two datasets as well as their differences. Figure 
2a illustrates that most (~85%) of the solar radiation energy are in the bands 8–11 (0.35–1.22 μm). The 
visible bands contain roughly 55%, and near-infrared bands about 40% of the total radiation. As for 
the differences between the two datasets, the total irradiance difference is 4.45 Wm-2, suggesting that 
the total solar irradiance differs significantly between the two. This is in line with recent studies which 
demonstrate that the solar constants previously used (in this case the CMA_STD) have been 
overestimated compared with new spaceborne observations [19][32].The differences in the visible 
bands (0.35–0.78 μm) are <0, while those in the near-infrared bands (0.78–2.5 μm) are > 0. This is in 
common with other SSI datasets that are compared with the TSIS-1 observation [32]. It should be 
noted that the 0.35–1.24 μm bands where the differences are greatest are also the wavelengths that 
most types of PV modules response the largest [17]. 
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Figure 2. (a) The CMA_STD SSI and TSIS-1_HRSR SSI integrated over each RRTMG_SW band; (b) The difference 
between the CMA_STD SSI and TSIS-1_HSRS SSI for each RRTMG_SW band (CMA_STD- TSIS-1_HSRS). 

2.3. Experiment Design 

The above differences in the distribution of energy across spectral bands can inevitably affect 
the estimation of downward radiation at the surface, given the differing atmospheric transfer 
processes of radiation in different bands. 

To comprehensively assess the effect of spectral data differences on the surface downward 
radiation, we conduct radiative transfer calculations for one natural year (2019 in this study; the 
selection of another year should not affect the main findings) under the two types of solar spectral 
data using the RRTMG model and quasi-realistic atmospheric data with high spatial (0.25° × 0.25°) 
and temporal (hourly) resolution for the continental areas of China. 

The atmospheric and surface data used in the calculations are summarized in Table 2. The 
atmospheric data are primarily obtained from the ERA5 reanalysis data provided by the European 
Centre for Medium-Range Weather Forecasts (ECMWF)[28], including meteorological variables 
(potential altitude, temperature, and pressure), atmospheric composition (water vapor and ozone), 
and cloud distributions (cloud cover, cloud water and cloud ice content), with a horizontal resolution 
of 0.25° × 0.25°, 37 vertical levels, and a temporal resolution of 1h. For trace and well-mixed absorbing 
gases, fixed volume mixing ratios are used in the calculations: the 2019 global average value of 412 
ppmv is used for CO2, and the typical values of 1.7, 0.32, 0.15, and 2.14 105 ppmv are used for CH4, 
N2O, CO, and O2, respectively. Considering that the ERA5 data does contain aerosol information, the 
aerosol optical thicknesses (at 550 nm and 840 nm and monthly averaged) from the CERES_SYN1deg 
satellite product [29] is used in this study. These data are initially at a spatial resolution of 1° × 1° and 
are interpolated to the same 0.25° × 0.25° grid of the ERA5 data. 

Table 2. Basic information on atmospheric and surface input data. 

Type Variable Unit Resolution Data Source 

Meteorologic

al field 

Potential height m2s-2  

 

 

 Temperature K 
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Barometric pressure hPa  

0.25°×0.25° 

 

 

 

 

ERA5 Relative humidity % 

Water vapour kg-1 

Ozone kg-1 

Cloud cover 1 

 cloud water kg-1   

 Cloud ice kg-1   

Aerosol 

Optical 

Depth 

Optical Thickness（550 

nm） 

 1°×1° 

 

CERES_SYN1

deg 

Optical Thickness（840 

nm） 

  

Ground data Surface temperature K 0.25°×0.25° 

 

ERA5 

Surface albedo 1  

To verify the accuracy of the model calculations, we compare the calculated DSSR with the 
CERES_SYN1deg satellite retrieval [29], as illustrated in Figure 3. The model-calculated DSSR is 
averaged monthly and interpolated to the 1° × 1° grids to be consistent with CERES_SYN1deg. Figure 
3a shows a grid-by-grid comparison of the monthly mean DSSR between the model calculation (using 
the TSIS-1_HRSR SSI) and the CERES_SYN1deg retrievals, for the whole of 2019. It is demonstrated 
that the model calculation is in good agreement with the retrievals, with an R2 of 0.92 and RMSE of 
18.41 Wm-2, suggesting that the spatial distributions are similar between the two. However, the 
model-calculated DSSR is mostly overestimated in the Tibetan Plateau (Figure 3b), where the DSSR 
values are generally larger than other locations. Notably, previous studies demonstrated that the 
CERES_SYN1deg product tends to underestimate DSSR in areas with high radiation values 
compared with ground-based observations [33]. This suggests that the model calculations should 
reflect to some extent the real solar radiation distribution. The comparisons between the calculation 
using the CMA_STD SSI and the CERES_SYN1deg are very similar to the above and thus are not 
shown. 

 

Figure 3. (a) Grid-by-grid scatter plot of the RRTMG_SW calculated DSSR (using the TSIS-1_HRSR SSI) against 
the CERES_SYN1deg data on a monthly scale for the year 2019. The shaded color shows the joint probability 
density function; (b) Spatial distribution of the annual-mean differences in DSSR between the RRTMG_SW 
calculation (using the TSIS-1_HRSR SSI) and the CERES_SYN1deg retrieval. 

3. Results 
3.1. Impact of SSI Data on the Spatial and Temporal Distributions of DSSR 

Figure 4 shows the global distribution of the annual mean DSSR from the RRTMG_SW 
calculation with the two SSI datasets, as well as their difference. The total DSSR (STOT) is further split 
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into direct (SDIR) and diffuse (SDIF) fluxes to examine the relative contributions of absorption and 
scattering extinctions by gases and cloud/aerosol particles. As is shown in Figure 4a,d, the highest 
total annual mean solar radiation in China occurs in the Tibetan Plateau and Northwest regions 
(ranging from 220 to 270 Wm-2), particularly over the Tibetan Plateau. This is due to the highest 
altitude of the Tibetan Plateau, which results in a shorter atmospheric path and limited absorption 
and scattering effects, as confirmed by the dominant direct radiation in this region (Figure 4b,e). The 
Northwest arid and semi-arid regions of China, characterized by long sunshine hours and little 
rainfall throughout the year, also exhibit higher average annual radiation values compared to other 
parts of China. Conversely, the lowest surface solar radiation (ranging from 80 to 130 Wm-2) is 
observed along the eastern edge of the Tibetan Plateau, where persistent clouds and higher water 
vapor content dominate due to the south-west vortex. 

 

Figure 4. Distribution of the annually averaged downward shortwave radiation calculated using the two SSI 
datasets and their differences (CMA_STD- TSIS-1_HSRS). 

The spatial distribution of the annual mean direct radiation in China (Figure 4b,e) is basically 
consistent with that of the total radiation, but regional disparities are more significant (ranging from 
20.14 to 183.40 Wm-2). The spatial distribution of the diffuse radiation (Figure 4c,f) is relatively 
uniform (ranging from 68.87 to 151.06 Wm-2). The areas of high diffuse radiation are located at the 
southern edge of the Tibetan Plateau and over the North China Plain, where the atmosphere is more 
polluted and the aerosol optical depth is large. Minimum values of diffuse radiation are located in 
Heilongjiang, northern Xinjiang and northeastern Inner Mongolia, owing to higher latitudes and low 
solar incidence. 

As shown in Figure 4g, the annual mean total DSSR derived by using the CMA_STD data is 
generally larger than that derived from the TSIS-1_HSRS data. The difference (CMA_STD-TSIS-
1_HSRS) across China ranges from 0.02 to 0.83 Wm-2, with an average difference of 0.44Wm-2 
throughout the region. The largest differences are in the Tibetan Plateau and Inner Mongolia, 
generally reaching more than 0.5 Wm-2. In contrast, differences in the southern region are relatively 
smaller, generally less than 0.3 Wm-2. Figure 4h,i further separate the total differences into differences 
in the direct and diffuse radiation, respectively. It is seen that the SSI-induced DSSR differences stem 
primarily from the differences in direct radiation (Figure 4h), which resembles both the spatial 
distribution and the magnitude of the total differences. In comparison, the differences in the annual 
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mean diffuse radiation are small and mostly negative, except for the central Tibetan Plateau region 
where the difference is slightly positive. 

To further understand the annual cycle of the DSSR, Figure 5 illustrates the monthly mean 
surface downward shortwave radiation variation. It is evident that the regional mean DSSR reaches 
its maximum in June (250.60 Wm-2) and minimum in December (112.36 Wm-2), predominantly driven 
by the variations in solar declination. While the monthly mean diffuse radiation follows largely the 
trend of total DSSR, the direct radiation remains relatively constant (~108 Wm-2) between April and 
September. Regarding the differences between the two SSI datasets (Figure 6), the CMA_STD data 
generates larger DSSR (0.35 to 0.58 Wm-2 on the monthly mean basis) than the TSIS-1_HRSR data. As 
previously mentioned and also demonstrated in Figure 6, the differences in direct radiation are the 
primary contributor to the differences in the total DSSR, while the differences in diffuse radiation, 
which exhibit an opposing trend, partially offset the positive differences in the direct radiation. 

 

Figure 5. Monthly variations in annually and regionally averaged radiation (total, direct, and diffuse) calculated 
with the two SSI datasets. Here the suffixes ‘C’ and ‘T’ represent the CMA_STD and TSIS-1_HSRS datasets, 
respectively. 

 

Figure 6. Monthly difference changes in national average radiation (total, direct, diffuse). 

The spatial distributions of seasonal radiation differences caused by using different SSI datasets 
are shown in Figure 7. The largest differences in the STOT are in spring (March–May, Figure 7a), with 
a regional average difference of 0.56 Wm-2 and local maximum exceeding 1 Wm-2 in specific areas, 
such as the southwestern Tibetan Plateau. The cloud fraction in Tibetan is typically smaller than in 
other parts of China. For the other seasons, the differences in STOT exhibit similar patterns to those in 
Figure 7a, but it is observed that the location of the smallest radiation difference (close to 0 Wm-2) 
varies significantly with seasons, which reflects the seasonal changes in cloud distributions governed 
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by the monsoonal climate system. This seasonal variation is more pronounced in diffuse radiation 
differences (right column in Figure 7), in which negative values are generally coincident with cloudy 
regions that form the seasonal rain belts. These negative differences stem from the visible bands (see 
section 3.2) even though the incident solar energy difference in the visible bands is slightly smaller 
than that in the infrared bands (Figure 2b), suggesting that the visible portion of the solar spectrum 
is more easily scattered by clouds and aerosols than the infrared. Consistent with the annual means 
in Figure 4, the seasonal STOT differences are again dominated by those in SDIR. 

 

Figure 7. Difference in seasonally averaged downward radiation calculated with the two SSI datasets. 

3.2. Impact of SSI Data on the DSSR in Different Spectral Ranges 

As demonstrated in Figure 2a, the most significant difference between the two SSI datasets lies 
in the arrangement of energy in different spectral ranges. This disparity is expected to affect the 
estimated spectral irradiance reaching the surface. To show the impact of SSI data on the DSSR in 
different spectral ranges, Figure 8 shows the band-by-band differences in the regional annual mean 
DSSR. The DSSR by using the CMA_STD spectrum is approximately 1.71 Wm-2 larger in the near-
infrared bands (0.78–2.50 μm) than that by using the TSIS-1_HRSR spectrum, while is approximately 
1.27 Wm-2 smaller in the visible bands (0.35-0.78 μm). Hence, the irradiance differences in the two 
wavelength ranges offset each other, resulting in a net difference of 0.44 Wm-2 in the STOT. Notably, 
the single band difference in DSSR can exceed 1.2 Wm-2 (the 0.78–1.25 μm band), and thus cannot be 
disregarded since the surface has distinct reflectivity/absorptivity characteristics at different 
wavelengths depending on the surface types and properties. 
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Figure 8. Histogram of band-by-band contributions to the regional annual mean difference. 

Although the signs are inverted, the distributions of the DSSR differences between the visible 
and near-infrared bands are similar (Figure 9). The largest localized differences in the STOT occur over 
Tibetan Plateau, where the CMA_STD overestimates the NIR by more than 2.50 Wm-2 and 
underestimates the VIS by over 1.70 Wm-2. Additionally, the contributions of scattered and direct 
radiation to the discrepancies vary between the two spectral ranges: scattered radiation is more 
underestimated in the VIS range (-0.81 Wm-2, or 63.78%) while direct radiation is more overestimated 
in the NIR range (0.97 Wm-2, or 56.72 %). These results indicate that direct radiation predominates 
the total differences and that the NIR bands are the primary source of the overall radiation 
differences. 

 

Figure 9. Distribution of annual mean differences in the near-infrared and visible wavelength bands. 

3.3. Possible Impacts on the Assessed Power Generation from PV Plants 

The findings above demonstrate notable differences in the estimated DSSR when using different 
solar spectral datasets. Since the visible and near-infrared portions of the solar spectrum are the main 
working bands of solar panels, here we attempt to make quantitative analysis of the effect of the 
above DSSR differences on power generation estimates for PV plants. 

Power production from a PV plant at a particular location is calculated with a photovoltaic 
power generation estimation model [34]. In this model, the theoretical annual energy production of 
a PV plant (Ep) is calculated from the total area of the implemented PV modules and the amount of 
solar radiation received by the tilted surface as follows: 

Ep=HASK1 K2, (1) 
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where HA is the solar radiation flux received by the tilted surface, S is the total area of the 
implemented PV modules, and K1 and K2 are the photoelectric conversion efficiency of the PV 
modules and the overall system efficiency, respectively. We assume a PV plant of 10 MWp at each 
grid point, which uses 350 Wp crystalline silicon PV modules with individual sizes of 1,656 mm × 994 
mm. This setup requires a total of 28,600 modules, giving an S of 47,077.43 m2. The values of K1 and 
K2 are set to 21. 26% and 80%, respectively, consistent with their typical ranges. These settings are 
summarized in Table 3. 

According to Liu et al. [35], HA is approximated as 𝐻஺ = 𝑆஽ூோ/𝑐𝑜𝑠(𝛽) + 0.5 × (1 + 𝑐𝑜𝑠 (𝛽)) × 𝑆஽ூி, (2) 
in which β is the inclination angle of the PV modules. The first and second terms on the right side of 
Eq. 2 convert the direct and diffuse downward solar radiation flux toward a horizontal plane to fluxes 
toward the PV modules with an inclination angle of β. Here it is assumed that the distribution of 
diffuse radiation is isotropic. 

To determine β in our calculation, we consider two different types of modules: 1) fixed-angle 
modules (for easy installation and maintenance); 2) solar-tracking modules (to maximize power 
generation). For the former, β is usually set to the local optimal inclination angle, which is related to 
the latitude as well as the climate conditions of the location. For simplicity, we approximate β as the 
local latitude at each grid point [36]. For the latter, we exactly calculate the β for each grid point at a 
particular time of day so that the PV modules are always perpendicular to the incoming sunlight. 

Table 3. The PV module parameters used in this study. 

Panel size  
(m2) 

Panel peak 
power (Wp) 

S, total area 
(m2) 

K1, photoelectric 
conversion 

efficiency (%) 

K2, system 
efficiency (%) 

1.656×0.994  350 47,077.43 21.26 80 

As shown in Figure 10a,d, the solar-tracking modules increase power production in most regions 
compared to the fixed-angle module. The national annual mean increase of total power production 
is 198,387.28 kWh. Nevertheless, the solar-tracking modules exhibit smaller power generation over 
the central and eastern regions of China compared with the fixed-angle modules. This can be 
attributed to the fact that solar-tracking approach maximizes the utilization of direct radiation, 
whereas limits the diffuse solar radiation that can reach the panels. As shown in Figure 4, the DSSR 
over the central and eastern regions are predominated by diffuse radiation, because of the abundant 
aerosols and clouds. This finding suggests that it is perhaps economically inappropriate to install 
expensive solar-tracking panels in these regions. 

 
Figure 10. Distribution of annual average power generation (a, d), power production differences (CMA_SDD-
TSIS-1_HSRS) (b, e), and percentage difference (c, f; in%) for PV plants with fixed-angle modules and solar-
tracking modules. 
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Figure 10b,e show the differences in the annual mean power production for the two types of PV 
modules. The distributions of the absolute differences in power production for both module types 
are mainly in consistency with the differences in DSSR (Figure 4g). In regions with a larger radiation 
difference, the discrepancies in electricity generation are more pronounced, reaching a maximum of 
70,678.06 kWh and 118,986.00 kWh for plants with fixed-angle and solar-tracking modules, 
respectively. The national mean Ep differences for these two types of plants are 38,195.64 kWh and 
65,771.41 kWh, respectively. Notably, high absolute differences in Ep occur at high latitudes and high 
altitudes, such as the Tibetan Plateau, Northwest China, and Northeast China, while low differences 
occur in the southern regions at low latitudes. 

Figure 10c,f show the percentage differences in Ep relative to the local annual mean value 
calculated with CMA_STD, which reflects the extent to which power generation in different regions 
is affected by the SSI data. The distributions are generally similar to the absolute differences, with 
larger values in Tibetan and the northern regions, and smaller values in the southern regions. 
Noteworthy, for solar-tracking modules, the northeastern provinces exhibit greater sensitivity to the 
SSI data (Figure 10f) compared with fixed-angle modules. The SSI-induced Ep differences account for 
over 0.45% of the local PV power capacity. Power generation in southern regions is less affected by 
the SSI data used (0.14%~0.25% and 0.18%~0.36% for fixed-angle and solar-tracking modules, 
respectively), especially in the Sichuan Basin and South China. 

It should be noted that the above calculations are for a single PV plant (with a particular area of 
modules) that imaginarily exists at each grid point. In practice, the installed PV plant capacity varies 
across regions, which should be considered when evaluating the effect of DSSR differences on the 
actual absolute power production. For instance, provinces such as Shandong, Hebei, and Jiangsu 
have installed the largest PV capacities, whereas the three northeastern provinces (Heilongjiang, Jilin, 
and Liaoning) possess much smaller PV capacities [37]. Although PV power generation in the latter 
regions is more affected by the SSI under ideal conditions (Figure 10f), the impact should be smaller 
in terms of the effect on the realistic total regional PV production. In summary, the SSI data-induced 
large solar radiation differences at high latitudes and high altitudes could cause considerable 
percentage differences in the potential PV power generation; nevertheless, regions already with large 
PV installation capacities, such as the central and eastern regions, should be more cautious to the SSI 
accuracy in order to make precise estimation of absolute power production. 

4. Conclusions and Discussion 

The accuracy of the solar spectral irradiance is of fundamental importance in climate change 
studies and various other applications such as PV power prediction. This study compares the most 
latest and arguably the most accurate spaceborne SSI data (TSIS-1_HSRS SSI) with the previously 
widely used SSI data (the CMA_STD SSI) and evaluates their impacts on the estimated downward 
surface solar radiation and PV power production in China, using the RRTMG model in conjunction 
with the atmosphere, cloud, and surface albedo data from ERA5 and aerosol data from CERES. 

The results show that the CMA_STD dataset yields higher DSSR values than the TSIS-1_HSRS 
dataset, with an annual average difference ranging from 0.02 to 0.83 Wm-2 locally. The largest 
difference occurs over the Tibetan Plateau due to its high altitude and clear atmospheric condition, 
followed by the northwestern regions such as the Inner Mongolia. Conversely, the southern region, 
particularly along the eastern peripheral of the Tibetan Plateau, exhibits a smaller annual radiation 
difference, mostly attributed to the persistent cloud coverage. These differences primarily arise from 
differences in direct radiation rather than in diffuse (or scattered) radiation. Seasonally, the regional 
mean DSSR differences are larger in spring and summer, and relatively smaller in autumn and 
winter. 

By band, the CMA_STD SSI has more energy in the near-infrared bands and less in the visible 
bands, resulting in an overestimation of the annual mean DSSR in the near-infrared bands by 1.71 
Wm-2 and an underestimation in the visible band by 1.27 Wm-2. For a particular month or season, the 
localized differences in the two bands could be even larger (> 2 Wm-2). These discrepancies in the 
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band-wise energy distribution have important implications for climate system and various 
applications, given that different surfaces have unique reflecting/absorbing properties for visible and 
near-infrared wavelengths. 

The impact of the above differences in DSSR on estimated photovoltaic power production is also 
analyzed. For a PV plant with an installed module area of 47,077.43 m2 (roughly the area required to 
generate a power productivity of 10 MWp), the annual power production difference maximizes in 
high-altitude regions and the north part of the county, reaching up to 65,771.41 kWh for fixed-angle 
panels and 118,986 kWh for solar-tracking panels. Generally, these PV power differences account for 
about 0.25%~0.35% and 0.36%~0.55% of the local total power production in the above regions, for 
fixed-angle and solar-tracking panels, respectively. 

It is worth pointing out that the effect of solar spectral irradiance data on DSSR could be much 
smaller than that of cloud and aerosol variations. However, as SSI is a global and consecutive input 
to climate models, the small variations in SSI could bring systematic and significant changes to the 
local climate system, especially when multiple feedback effects are involved. The feedback effects 
from surfaces like snow/ice and vegetation, which are known to absorb the visible and infrared 
radiation very differently, are excluded in this study but worth further exploration in the future. For 
the application in PV power estimation, our findings highlight that the introducing of the newly 
observed SSI data brings nonignorable impacts to the estimation of power production. Since PV 
power is a major climate change mitigation approach and a growing industry, updating the existing 
SSI data with long-term high-resolution spaceborne SSI observations is warranted. 
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