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ABSTRACT

This study investigates the application of the Extreme Gradient Boosting (XGBoost) ensemble learning algorithm
for estimating global horizontal irradiance (GHI) based on satellite data in Guangxi Province, China. By synergistically
integrating top-of-atmosphere (TOA) reflectance and brightness temperature data from 14 spectral bands of the Fengyun-4A
(FY-4A) Advanced Geosynchronous Radiation Imager (AGRI) and European Centre for Medium-Range Weather Forecasts
Reanalysis v5 (ERAS) reanalysis meteorological variables—including relative humidity, planetary boundary layer height,
and surface pressure—we developed an all-sky model to predict hourly surface solar radiation. The model was trained on
data from 159 ground stations across China in 2018 and incorporates 31 features covering satellite observations, geographical
parameters, and meteorological variables. Validation was conducted using independent observational data from three
additional ground stations in Guangxi (Guilin, Nanning, and Beihai) that were withheld from training, yielding Root Mean
Square Error (RMSE) of approximately 126—150 W/m? and Correlation Coefficient (CC) of 0.80—0.84, confirming strong
spatial generalization. Seasonal analysis revealed that the model performed best in winter and least accurately in summer,
attributable to the complexity of convective cloud dynamics in the subtropical monsoon climate of Guangxi. Feature
importance analysis identified brightness temperature at 7.42 um, solar zenith angle, relative humidity, and TOA reflectance
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at 0.47 pum as the most influential predictors, consistent with the physical mechanisms governing atmospheric transmissivity.

These findings demonstrate that the direct data-driven satellite—-machine learning framework offers a computationally

efficient and scalable alternative to semi-empirical approaches for regional solar resource assessment.
Keywords: Global Horizontal Irradiance; FY-4A; XGBoost; Data Validation

1. Introduction

Global Horizontal Irradiance (GHI) refers to the total
amount of solar radiation received per unit time on a spe-
cific area of the Earth’s surface, oriented perpendicular to
the sun’s rays. The measurement of GHI includes both direct
and diffuse radiation and serves as a crucial indicator for
assessing solar energy resources, climate change, and their
impacts on ecosystems. Variations in GHI are influenced by
multiple factors, including atmospheric composition, cloud
cover, topography, and seasonal changes, all of which collec-
tively determine the intensity and distribution characteristics
of radiation in different regions '~

Globally, GHI data is essential for the development of
renewable energy, particularly in the field of solar power
generation. Accurate GHI observations can help decision-
makers optimize the siting and design of solar energy facili-
ties, improving energy utilization efficiency. Furthermore,
with the intensification of climate change, long-term mon-
itoring of GHI also provides foundational data for study-
ing climate patterns and assessing environmental changes >,
Therefore, establishing effective observation networks and
data analysis methods to enhance the accuracy of GHI mea-
surements has become an important task in current scientific
research (0],

Relying solely on sparse ground observations for re-
gional solar radiation distribution presents significant limita-
tions. Ground-based measurements are often limited in spa-
tial coverage, which can lead to an incomplete understanding
of solar irradiance patterns across diverse geographical areas.
For instance, regions with few monitoring stations may not
accurately represent local variations in solar radiation due
to topographical differences, atmospheric conditions, and
seasonal changes. This lack of comprehensive data can result
in misleading conclusions about solar energy potential and
hinder effective planning for solar energy projects. Further-
more, ground observations are susceptible to measurement

errors and environmental factors that can affect their relia-

bility, such as shading from nearby structures or vegetation.
To address these challenges, integrating satellite-based data
and advanced modeling techniques is essential for producing
more accurate and high-resolution assessments of solar radi-
ation distribution across larger regions!”-*!. Satellite-derived
products have been increasingly adopted to overcome the
spatial limitations of ground networks. Studies utilizing Me-
teosat, Geostationary Operational Environmental Satellite
(GOES), and Himawari satellites have demonstrated that geo-
stationary platforms can provide consistent, high-temporal-
resolution GHI estimates over large domains 1%,

Recent studies have increasingly focused on estimating
global horizontal irradiance (GHI) using machine learning
algorithms, highlighting their potential to enhance solar en-
ergy forecasting. One notable research effort constructed
twelve distinct machine learning models to predict daily and
monthly solar radiation values, employing techniques such
as gradient boosting regression trees and random forests.
The study emphasized the significance of meteorological
factors like sunshine duration and land surface temperature

(11 Another investigation

in improving prediction accuracy
utilized deep learning methods, including convolutional neu-
ral networks (CNN) and long short-term memory (LSTM)
networks, to predict short-term solar irradiance, demonstrat-
ing that hybrid models can effectively leverage the strengths
of various algorithms for enhanced accuracy!'>~'4l. More-
over, a comparative analysis of different machine learning
approaches revealed that models like the gradient boosting
regressor and random forest regressor excelled in captur-
ing non-linear patterns in solar radiation data!''l. These ad-
vancements underscore the growing importance of machine
learning in optimizing solar energy management and forecast-
ing. Beyond ground-based approaches, satellite-derived GHI
estimation using geostationary platforms has gained increas-
ing traction. Tan et al.['] demonstrated that multi-spectral
TOA reflectance from the Himawari-8 satellite, when used
as the sole input to machine learning models including XG-

Boost and random forest, can achieve near-real-time GHI es-
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timation that outperforms the official Himawari-8 shortwave
radiation product, highlighting the potential of direct data-
driven satellite approaches. More recently, Suwanwimolkul

[16] developed a near-real-time GHI mapping system

et al.
over Thailand using Himawari-8 imagery and advanced deep
learning architectures, finding that LightGBM achieved the
best overall performance. These parallel developments on
comparable geostationary platforms underscore the broader
applicability of the satellite—-machine learning framework
adopted in the present study.

However, despite these promising developments, sev-
eral shortcomings remain. Many of these studies primarily
rely on ground-based meteorological measurements, which
may not capture the full spatial variability of cloud cover
and atmospheric conditions. Recent literature suggests that
integrating satellite-derived data—which provides compre-
hensive spatial coverage—with advanced Al techniques
can significantly enhance GHI forecasting performance!!”).
Such hybrid approaches are necessary to overcome the lim-
itations of existing models by fusing complementary in-
formation from both ground and remote sensing sources,
ultimately leading to more robust and accurate solar energy
predictions.

In this study, we developed an all-sky model utilizing
the XGBoost machine learning algorithm to estimate hourly
solar radiation distribution across China. To accomplish
this, we incorporated top-of-atmosphere (TOA) reflectance
data from the FY-4A satellite, along with ERAS reanalysis
meteorological data and geographical information during
2018. To validate the model’s performance and generaliza-
tion capabilities, we assessed the estimation accuracy using
data from Guangxi Province, which was not included in the
training dataset. Detailed information regarding the data and
methodologies employed is presented in Section 2. Section
3 outlines the validation results, while Section 4 provides a
comprehensive analysis and discussion, with key findings

summarized in Section 5.

2. Data and Method

2.1. FY4A Data

China’s second-generation geostationary meteoro-
logical satellite, Fengyun-4A (FY-4A), was successfully
launched on December 11, 2016, and is positioned at 104.7°

E. It is equipped with four payloads: the Advanced Geosyn-
chronous Radiation Imager (AGRI)['#2% the Geostation-
ary Interferometric Infrared Sounder (GIIRS), the Lightning
Mapping Imager (LMI), and a space environment package
(SEP). The AGRI features 14 spectral bands ranging from
0.47 pm in the visible spectrum to 13.8 um in the infrared,
with varying spatial resolutions of 1 km at nadir in the visi-
ble, 2 km in the near-infrared, and 4 km in the infrared 2!1.
The increased number of spectral bands compared to the five
bands of the previous FY-2 series enables more effective
aerosol retrieval from geostationary satellites. The high tem-
poral resolution of FY-4A is particularly advantageous for air
quality monitoring and modeling, enhancing the detection
and tracking of haze.

Top-of-atmosphere (TOA) reflectance at a given wave-
length arises from both surface-reflected radiation and atmo-
spheric scattering—without any direct surface interaction.
This angular spectral reflectance is closely linked to solar
zenith angles (SZA) and aerosol optical properties. In remote
sensing studies, the SZA is crucial because larger angles lead
to longer atmospheric paths, which enhance scattering and
absorption??], These effects can diminish the radiation reach-
ing the Earth’s surface and alter the reflected signal detected
by sensors. To ensure high data quality and reliable surface
reflectance measurements, samples with SZAs less than 72°
are typically selected. Building on this framework, we an-
alyzed 14 bands of reflectance along with corresponding
SZA data, supplemented by land cover and surface elevation
information. Moreover, since TOA reflectance data are only
available during daylight, our study focused exclusively on
daytime samples with solar zenith angles below 72°.

While we utilize the same input variables for both
cloudy and clear sky conditions, cloud masking is essen-
tial during model construction. In this study, we employ
the Level-2 cloud mask product as a cloud indicator. More
details of FY-4A could be found at the data server website
(http://satellite.nsmc.org.cn).

2.2. Ground-Based Solar Radiation Measure-
ments

The China Meteorological Administration (CMA) pro-
vides ground radiation measurements of 162 stations in China
in 2018. Thermoelectric pyranometers, characterized by a
spectral response spanning the range of 0.3 to 3.0 microme-
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ters, have been deployed across the CMA network. These
pyranometers have an uncertainty of +3%3231. The CMA
surface observations include three basic physical variables:
the global horizontal irradiance (GHI), direct solar radiation,
and diffuse radiation. This study uses the CMA GHI prod-
uct with a temporal resolution of 1 hour. The distribution

55°N

of CMA radiation stations is shown in Figure 1. 3 stations
in Guangxi are left for validation, and the remaining 159
stations are all used in model training. As solar irradiance is
zero at night, only daytime data during 00:00-09:00 Coordi-
nated Universal Time (UTC) were used. Finally, we obtained
443,933 valid samples across 2018.
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Figure 1. Geographical distribution of the CMA stations.

2.3. Meteorological Variables

ERAS is the fifth-generation European Centre for
Medium-Range Weather Forecasts (ECMWF) reanalysis for
global climate and weather research, which assimilates as
many observations as possible in the upper air and near sur-
face. It provides a large number of hourly atmospheric vari-
ables at a resolution of 0.25 degrees.

Many previous studies have revealed that meteorologi-
cal factors have a significant influence on ground GHI [?4-26],
The vertical mixing of aerosols—which directly affects the
attenuation of solar radiation—is largely determined by the
planetary boundary layer height (PBLH). A higher PBLH
indicates stronger turbulent mixing and a deeper layer for
pollutant dispersion, which generally reduces the colum-
nar aerosol load, whereas a lower PBLH can lead to ele-
vated aerosol concentrations that diminish the solar irradi-
ance reaching the surface. Similarly, relative humidity (RH)
is critical because it governs aerosol hygroscopic growth
and alters their optical properties. As RH increases, aerosols
absorb more water, which enhances their scattering and ab-

sorption capabilities, thereby intensifying the extinction of
incoming radiation. Consequently, incorporating PBLH and
RH as predictor variables helps capture both the vertical dis-
tribution of aerosols and their moisture-dependent optical
effects—factors that are crucial for accurately estimating
global horizontal irradiance (GHI). For these reasons, the
surface atmospheric pressure (P, hPa), total column water
(TCW, kg m2), 10-m u-wind (U10) and v-wind (V10) com-
ponent, air temperature at an altitude of 2 m (T, K), total
column ozone (kg m™2), relative humidity (RH, %), and plan-
etary boundary layer height (PBLH, m) were chosen for GHI
estimation. The P, T, PBLH, RH, U10, V10, TCW, and ozone
from ERAS were used and resampled to match the FY-4A
data.

2.4. XGBoost Algorithm

XGBoost is a novel algorithm introduced in 2016 by
Chen and Guestrin!?7), Similar to the Random Forest (RF)
algorithm, XGBoost is an ensemble method based on many

weak learners. XGBoost employs a gradient boosting ensem-
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ble technique, which fundamentally differs from the bagging
approach adopted by random forests (RF) in terms of both
model training and error correction mechanisms. Learners of
RF are parallel, and share the same data distribution. How-
ever, learners of XGBoost are serial, and focus more on sam-
ples that are predicted incorrectly. XGBoost is very efficient
in computation; the training time of the XGBoost model is
1/7 of that of the RF model with the same hyperparameter
settings. The key hyperparameters of XGBoost include the
number of trees and the maximum depth of the tree.

Feature importance is obtained from the impurity re-
duction. For a given node m with left and right child nodes,

the impurity reduction Gain,, is expressed as
(1

where iy, i and iyg, are the impurity of node m, its left

Gain'm = Zm - (wleft . ileft + Wright * 7:’r"ight)

and right child nodes, respectively. w is the weight, and
is defined as the share of the parent’s examples in a child
node (e.8., Wieft = Niefi/Nm, where N is the number
of examples in a node or leaf). In order to derive the total

impurity reduction of a given feature f in tree ¢, we need to
sum across all nodes me M (t), which perform a split on that
feature f/ and divide it by the total impurity reduction number
of all nodes of that tree. Eventually, the total importance of a
feature f is calculated across all trees ¢ in the random forest

with a total number of trees 7, and expressed as

1 T
Importance, = T Zfﬂ I mportanceﬁf) 2)

()

where Importance ¥ is the importance of a given feature f

in tree ¢, and expressed as

Zmel\lff) Gainm

Zf Zmé]\f}” Gainy,

I mportancegf) =

3)

As shown in Table 1, the XGBoost model used here
was developed by incorporating a total of 31 features, includ-
ing FY-4A observations at 13 wavelengths, NDVI index, 2
observation angles, elevation, land cover information, and

14 meteorological variables from the ERA-5 reanalysis.

Table 1. Description of the data sources used in this study.

Temporal Spatial

Type Parameters Resolution  Resolution Sources
Groupd-level solar. GHI hourly )
irradiance observation

TOA reflectance, Brightness Temperature, hourl 4km http://satellite.nsmc.org.cn/portalsi
Satellites Datasets and angle information from FY-4A Y te/default.aspx

NDVI hourly 4 km FY-4A

surface pressure (SP)

temperature at 2 m (T2M)
Meteorological data from :(e)iz;lzslﬁlr:ﬁlsvl;}t/e(r}??éW) hitps://eds.climate.copernicus.eu/

s hourly 0.25° datasets/reanalysis-eraS-single-lev

numerical weather model total column ozone (TCO3)
planet boundary layer height (PBLH)
10-m u-wind (U10)

10-m v-wind (V10)

els?tab=overview

2.5. Validation Method

Three widely used statistical metrics were selected to
evaluate the agreement between satellite-derived solar irra-
diance estimates and ground-based observations, providing
a comprehensive assessment of model accuracy.

Correlation Coefficient (CC): Quantifies the linear

relationship between satellite estimates and observations.

Values close to 1 indicate a strong positive correlation 2%,
[z (5:-5)(¢:-@)]”
R S O L o N (2 M

Mean Absolute Error (MAE): Measures the average
absolute difference between satellite estimates and observa-
tions, regardless of direction. Lower values indicate better

accuracy (291 .

MAE = 12; 1S; — Gy (5)

Root Mean Square Error (RMSE): Penalizes larger
deviations more heavily than ME or MAE, offering a strin-

gent assessment of errors (301,

RMSE = \/n Zizl (S; — Gy)

(6)
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Mean Absolute Percentage Error (MAPE): Ex-
presses the average absolute error as a percentage of the
observed value, providing a scale-independent measure of
relative accuracy. Unlike MAE and RMSE, MAPE is not
sensitive to the magnitude of the target variable, making it
particularly appropriate for comparing model performance
across conditions with substantially different GHI levels,

such as clear-sky versus cloudy-sky conditions.

Si — G;

- 1 0
g | X 100% )

1 n
MAPE = — Zi:l

where S; denotes the satellite-estimated GHI for sample ;

G, denotes the corresponding ground-observed GHI; S and
G are the means of all satellite estimates and ground obser-
vations, respectively; and n is the total number of samples.
Together, these metrics provide complementary per-
spectives on model performance: MAE and RMSE charac-
terize overall average accuracy, while CC reflects the de-
gree of linear agreement between estimates and observations.
Low RMSE and MAE, combined with CC close to 1, indi-
cate both accurate and consistent predictions across diverse
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3. Results and Validation

3.1. Model General Performance

Initially, we fixed the key hyperparameters using 10-
fold cross-validation. With these hyperparameters estab-
lished, we proceeded to train the XGBoost model. Prior to
training, the dataset was divided into training and testing sets,
with an 80% (355,146 samples) to 20% (88,787 samples)
ratio. All training data was utilized to build the model, while
the testing data remained untouched during the training pro-
cess, serving solely for model generalization. We compared
the model’s estimations with the true solar radiation obser-
vations, and the fitted results are presented in Figure 2. The
similar performance on both training and testing datasets in-
dicates that there are no issues of overfitting or underfitting.
The resulting Root Mean Square Error (RMSE) values are
131.89 W/m? for the training set and 134.75 W/m? for the

testing set.
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Figure 2. Density scatter plot of model fitting validation on training (left) and testing (right) dataset.

Note: The dot color represents the counts of data points. The black dashed line is the 1:1 line. The red line is the fitted line of estimation and observation.

3.2. Clear/Cloudy Validation

It can be observed that the estimation results from these
three sites are close to those obtained from the training and
testing datasets, indicating good generalization of the model.
Even though the data from these 3 sites were not used for
model training, satisfactory performance was still achieved.

Among these sites, the estimates most closely matched ac-

tual observations at Guilin, followed by Beihai, and then
Nanning. We also validated the results under clear and
cloudy conditions separately. The results are illustrated in
Figure 3. When evaluated using RMSE, the model appears
to perform comparably or better under cloudy conditions: at
Guilin, cloudy-sky RMSE (127.78 W/m?) is slightly lower
than clear-sky RMSE (134.35 W/m?); at Nanning, the dif-
ference is similarly small (154.34 vs. 156.54 W/m?); and at
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Beihai, cloudy-sky RMSE (144.25 W/m?) is slightly higher
than the clear-sky value (138.39 W/m?). It should be noted
that RMSE as an absolute metric is inherently sensitive to
the magnitude of the variable: under clear-sky conditions,
GHI values are intrinsically higher, which inflates absolute
errors even when relative model accuracy is comparable or
superior. To provide a more physically meaningful compari-
son, MAPE was used as well as RMSE and CC. The MAPE
results reveal that clear-sky MAPE values are substantially
lower than their cloudy-sky counterparts at all three sta-
tions —Guilin (31.46% vs. 76.68%), Nanning (26.38% vs.
56.41%), and Beihai (38.33% vs. 54.43%). These results
confirm that the model achieves smaller relative errors un-

der clear-sky conditions, and that RMSE alone substantially

underestimates the difficulty of cloudy-sky estimation due
to the lower absolute GHI values during overcast periods.
The similarity in RMSE across sky conditions also needs to
be interpreted alongside the substantial sample size imbal-
ance. As shown in Figure 3, there is a significant disparity
in the number of cloudy versus clear samples throughout
the year 2018 for these 3 sites. Cloudy samples outnum-
ber clear-sky samples by approximately 3:1 at Guilin (N =
2,477 vs. 789) and Nanning (N = 2,479 vs. 770), and by
as high as 10:1 at Beihai (N = 3,002 vs. 301). Therefore,
the better performance under cloudy conditions in terms of
RMSE is likely a combined effect of the lower absolute GHI
values during overcast periods and the larger sample sizes
for cloudy conditions.

€C=0.84 | cc=o0s81 | cc=083 a
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Figure 3. Scatter plot illustrating the validation results for data from 3 stations in Guangxi during 2018.
Note: The upper panel displays results under clear sky conditions, while the lower panel represents cloudy conditions. Clear and cloudy classifications are determined using the

cloud mask product from FY-4A.

3.3. Seasonal Validation

Building on these initial findings, we further examined
the model’s performance under varying seasonal conditions.
We evaluated the model’s performance across the four sea-
sons: spring, summer, autumn, and winter. As shown in

Figure 4, the model’s estimation results for the 3 stations

were best in winter and least accurate in summer. The per-
formance during spring and autumn varied; specifically, in
Guilin and Nanning, the autumn results were superior to
those in spring, while in Beihai, the opposite was true, with
smaller estimation errors observed in spring.

The model’s optimal performance in winter can be at-
tributed to several concurring factors. First, winter is char-
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acterized by lower absolute GHI values compared to sum-
mer, which narrows the dynamic range of the target variable
and simplifies the prediction task. It should be noted that
the lower RMSE observed under cloudy conditions in Sec-
tion 3.2 is largely a statistical artifact driven by sample size
imbalance—cloudy samples outnumber clear-sky samples
by ratios of up to 10:1 at Beihai—rather than evidence of

inherently superior model capability under overcast skies. At

the seasonal scale, the key driver of winter superiority is the
reduced frequency and intensity of convective cloud activity,
which leads to more temporally stable irradiance fields that

are intrinsically easier to predict. In contrast, summer is
dominated by rapidly developing, optically thick convective
clouds that introduce large sub-hourly fluctuations in surface
irradiance, exceeding the representational capacity of the

1-hour resolution inputs used in this model.
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Figure 4. Scatter plot illustrating the seasonal validation results for data from 3 stations in Guangxi during 2018.

Note: The four panels display results for spring, summer, autumn, and winter, respectively.

3.4. Hourly Validation

In order to systematically assess the influence of both
geographical and temporal variations on model accuracy, we
evaluated the model’s performance at different locations and
times. As shown in Figure 5, the Guilin station exhibited
the best performance during the 09—11 Local Time Clock
(LTC) period, while its performance was weakest during
the 15—-16 LTC period; the model’s accuracy during other
times was relatively consistent. In contrast, the Nanning
station performed optimally during the 07, 08, and 16 LTC

periods, but its performance was least effective during the
15 and 12 LTC periods. The Beihai station demonstrated
its best performance during the 12—13 LTC period, with the
weakest performance again noted in the 15-16 LTC period,
while its accuracy remained consistent during other times.
Notably, the performance of the Guilin and Beihai stations
was more closely aligned compared to the other locations.
This analysis highlights how geographical and temporal vari-
ations can influence model accuracy, emphasizing the need

for localized calibration in solar radiation estimation models.
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Figure 5. Scatter plot illustrating the hourly validation results for data from 3 stations in Guangxi during 2018.

Note: Each panel corresponds to a specific local time (LTC) interval.

3.5. Feature Importance model performance and reducing complexity. By focusing

) ) o ) ) on the most important features and eliminating those with
Feature importance is a critical concept in machine . . .. . .
. ) o T minimal impact, data scientists can streamline their models,
learning that quantifies the contribution of individual fea-

. . reduce overfitting, and improve computational efficiency.
tures (or variables) to the predictions made by a model. It & p P Y

provides a score for each feature, indicating its relative im- Additionally, feature importance plays a crucial role in ex-

portance in influencing the target variable. By identifying plainable AI (XAI), allowing stakeholders to comprehend

which features are most influential, feature importance aids NOW decisions are made by machine learning models. Vari-
in understanding the underlying relationships within the data, ous methods exist for calculating feature importance, includ-
enhancing model interpretability, and facilitating feature se- ing permutation importance and tree-based metrics, each
lection. This technique is particularly valuable for improving offering unique insights into the model’s behavior.
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From Figure 6, it is evident that the observation of
brightness temperature in Band 11 (central wavelength 7.42
pum) has the most significant impact on radiation estimation.
Following this, the solar zenith angle and relative humidity
also play important roles. Band 11, which typically corre-
sponds to a specific wavelength range sensitive to mid-level
water vapor, provides crucial information that influences
the accuracy of solar radiation estimates. The solar zenith
angle, representing the angle between the sun and the ver-
tical direction at a given location, affects the intensity and

distribution of solar radiation reaching the Earth’s surface.
Meanwhile, relative humidity is essential because it can alter
the atmospheric absorption and scattering of solar radiation.
The observation of reflectance in Band 1 is also important
for estimation, as it represents the combined contribution of
the atmosphere along with the surface (clear-sky) or clouds
(cloudy-sky). Together, these factors highlight the complex
interactions that determine solar irradiance and underscore
the importance of incorporating multiple meteorological pa-

rameters for accurate radiation modeling.
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Figure 6. Feature importance provided by the XGBoost model.

4. Discussion

4.1. Physical Interpretability of Feature Impor-
tance

A critical advantage of the proposed XGBoost model
is its ability to reveal the physical drivers of GHI estimation
through feature importance analysis. Our results identified
brightness temperature at 7.42 um, solar zenith angle, rela-
tive humidity and TOA reflectance at 0.47 um as the most
influential predictors. From a meteorological perspective,
the 7.42 pm band corresponds to the mid-level water vapor
band in the FY-4A AGRI. Its high feature weight underscores
the dominant role of atmospheric moisture and cloud liquid
water path in modulating solar radiation attenuation. Fur-
thermore, the strong dependence on SZA and RH aligns with
the physical principles of atmospheric transmissivity, cor-

roborating previous findings that aerosol optical properties
and atmospheric stability are pivotal in determining surface

irradiance 31-33

1. 1t is also noteworthy that visible and near-
infrared bands, despite carrying information on cloud optical
thickness and surface albedo, ranked lower in overall im-
portance than the water vapor band. This suggests that, in
the humid subtropical climate of Guangxi, moisture-driven
attenuation of incoming solar radiation is a more persistent
and dominant process. The planetary boundary layer height,
while ranked lower among the ERAS5 variables, still con-
tributed meaningfully to the model, reflecting its role in regu-
lating the vertical extent of aerosol-laden air masses. Collec-
tively, the feature importance ranking provides a physically
coherent explanation for the model’s predictive structure
and supports the rationality of the 31-feature input design
adopted in this study.
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4.2. Error Analysis and Spatiotemporal Vari-
ability

While the model generalized effectively across the
Guilin, Nanning, and Beihai stations, the spatiotemporal vari-
ability of the estimation errors requires careful examination.
The performance degradation observed during summer and
under cloudy-sky conditions can be attributed to the complex
convective cloud dynamics typical of Guangxi’s subtrop-
ical monsoon climate. During summer, rapid formations
of highly localized, optically thick cumulus clouds intro-
duce significant spatio-temporal heterogeneity. The ERAS
reanalysis data, despite its reliability, inherently struggles to
resolve these sub-grid scale micro-physical processes due
to its relatively coarse spatial resolution. Consequently, the
mismatch between the spatial footprint of satellite/reanaly-
sis grids and the point-based ground observations becomes
more pronounced under fragmented cloud cover, leading to
increased localized prediction errors. Furthermore, the inter-
station differences in error magnitude observed across Guilin,
Nanning, and Beihai can be partially attributed to differences
in local topography and land cover. Guilin is surrounded
by karst terrain with complex surface heterogeneity, which
may amplify the representativeness error when comparing
a spatially averaged satellite pixel with a point observation.
Beihai, located on the coast, is subject to marine boundary
layer influences and sea-breeze-driven cloud formation pat-
terns that are difficult to fully capture with ERAS reanalysis
at its native resolution. Nanning, situated in a broad inland
basin, experiences relatively more homogeneous surface con-
ditions, yet its lower CC values under certain sky conditions
suggest sensitivity to systematic biases in reanalysis humid-
ity fields during the wet season. These findings imply that
future model improvements could benefit from incorporating
higher-resolution ancillary data, such as land surface temper-
ature from geostationary sensors or high-resolution terrain
indices, to reduce representativeness errors at heterogeneous

sites.
4.3. Comparative Performance

To evaluate the advancement of our approach, the per-
formance of the proposed XGBoost model was systemati-
cally compared with existing state-of-the-art models, partic-

ularly the satellite-based semi-empirical approach applied
to FY-4A developed by Jia et al.l['l. In their study, Jia et al.
utilized FY-4A satellite data combined with the cloud index
methodology (CSD-SI) and the McClear clear-sky model
to estimate GHI in Northern China. While their physics-
based model demonstrated robust estimation under clear-sky
conditions, it inherently relies on the intermediate deriva-
tion of cloud indices and idealized clear-sky baselines. This
two-step derivation can introduce cascading errors under
complex, fragmented cloud cover—a limitation they explic-
itly observed through increased normalized root mean square
errors (NRMSE) during summer and autumn.

In contrast, our ensemble learning framework bypasses
the need for explicit intermediate cloud parameterizations.
By directly ingesting multi-spectral TOA reflectance along-
side ERAS meteorological parameters (e.g., relative humidity
and planetary boundary layer height), the XGBoost algorithm
effectively captures the highly non-linear interactions be-
tween atmospheric moisture, aerosol scattering, and surface
radiation. This direct data-driven approach not only miti-
gates the error propagation typical of semi-empirical models
but also exhibits distinct advantages in adaptability under
dynamic cloudy conditions. Consequently, while Jia et al.[!]
provide a strong physical baseline, our results demonstrate
that integrating multi-source meteorological data through
ensemble machine learning offers a highly competitive, scal-
able, and computationally efficient alternative for regional so-
lar resource assessment, particularly in subtropical climates
with complex convective cloud formations like Guangxi. It
is worth noting that the training dataset in this study covers
the full range of climate zones and land cover types across
China, which inherently exposes the model to diverse at-
mospheric conditions during training. This broad training
distribution is a key reason why the model generalizes effec-
tively to Guangxi stations despite their geographic specificity.
Moreover, the computational efficiency of XGBoost relative
to deep learning alternatives makes it particularly attractive
for operational deployment in power dispatching centers,
where near-real-time solar resource assessment is required.
The model’s training time was approximately 1/7 of that
required by a comparable Random Forest model under iden-
tical hyperparameter settings, demonstrating a clear practical

advantage for large-scale implementation.
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5. Conclusion

In this study, an ensemble learning framework based on
the XGBoost algorithm was developed and validated for es-
timating global horizontal irradiance (GHI) across Guangxi
Province. By synergistically integrating FY-4A satellite TOA
reflectance and brightness temperature, ERAS5 meteorologi-
cal reanalysis, and geographical features, the model demon-
strated robust predictive capabilities and strong spatial gen-
eralization, effectively estimating GHI at validation sites not
explicitly included in the training phase.

The main conclusions of this study are as follows:

1.  Robust Generalization: The model achieved high
agreement with ground-based observations across dif-
ferent geographical zones in Guangxi, confirming the
viability of the selected feature space for regional GHI
mapping.

2. Condition-Dependent Accuracy: Model performance
is highly sensitive to seasonal and cloud-cover varia-
tions. Optimal accuracy was recorded during winter,
while performance across sky conditions varied by
station and was strongly influenced by sample size dis-
tribution between clear-sky and cloudy observations,
whereas summer and cloudy periods presented greater
estimation challenges due to complex atmospheric scat-
tering and dynamic cloud properties.

3. Key Atmospheric Drivers: Feature importance analy-
sis validated the physical consistency of the AI model,
highlighting mid-level water vapor (7.42 pm observa-
tions), solar zenith angle, and relative humidity as the

primary modulators of surface solar radiation.

Despite the promising results, limitations remain re-
garding the reliance on historical reanalysis data, which may
introduce latency and spatial resolution biases. To further
enhance model adaptability and support grid operations, fu-
ture research will focus on developing ultra-short-term (e.g.,
0—4 h) solar radiation forecasting models. This will involve
transitioning to higher-resolution real-time data from new-
generation satellites (such as FY-4B) and constructing hybrid
architectures that embed physical radiative transfer processes
into advanced machine learning algorithms. Ultimately, the
insights and methodologies established in this study provide
a scalable foundation for optimizing photovoltaic system

deployment and advancing renewable energy integration

strategies.
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