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ABSTRACT: Under the dual challenges of global warming and energy transition, improving the short-term forecasting
accuracy of surface solar radiation is of great practical importance for photovoltaic (PV) power integration. In this
study, a short-term solar radiation forecasting model based on the XGBoost machine learning algorithm was developed
for Jiangsu Province by integrating multispectral data from the Fengyun-4A (FY-4A) geostationary satellite with
ground-based meteorological observations. The model incorporated 18 input features—including satellite reflectance,
solar zenith angle, normalized difference vegetation index (NDVI), elevation, and land-cover data—to dynamically
predict ground horizontal irradiance (GHI) with 0–4 h lead times. Systematic validation using data from 17 provincial
stations during 2023 demonstrated that the model achieved a root mean square error (RMSE) of 165.62 W/m2 and a
correlation coefficient (R) of 0.82 for 1-h forecasts, representing an approximately 23% reduction in RMSE compared
with traditional numerical weather prediction (NWP) models. Forecast errors exhibited distinct seasonal variability,
with spring and summer forecasts (RMSE: 182.76 and 184.86 W/m2) performing significantly better than autumn
(223.58 W/m2) and winter (194.07 W/m2), a pattern consistent with seasonal changes in cloud–aerosol interactions
under the East Asian monsoon regime. Three anomalous stations with elevated RMSEs (>300 W/m2) were further
identified, primarily attributed to localized radiation attenuation over coastal wetlands, urban agglomerations, and
mining surfaces. Nevertheless, correlation coefficients between predicted and observed values remained above 0.70,
confirming the capability of FY-4A multispectral data to capture short-term radiation dynamics. Overall, this study
establishes an innovative short-term forecasting framework suitable for the complex meteorological conditions of
China’s eastern coastal regions. The achieved 1-h forecasting accuracy satisfies the ≤20% relative error requirement
specified in the Technical Specifications for Power Forecasting Systems of Photovoltaic Power Stations, providing robust
technical support for renewable energy integration across the Yangtze River Delta.

KEYWORDS: Fengyun-4A (FY-4A); Jiangsu Province; XGBoost machine learning short-term forecasting model;
dynamic prediction

1 Introduction
In recent years, climate warming has intensified, leading to frequent extreme weather events: From

late June to early July 2021, the northwestern regions of the United States and Canada experienced a once-
in-a-century “high-pressure heat dome” heatwave, with maximum temperatures exceeding 49.6○C in some
locations, resulting in hundreds of deaths and extensive agricultural and livestock losses [1]; During the
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summer of 2022, Pakistan endured its worst monsoon floods on record, affecting over 33 million people
and claiming nearly 1500 lives [2]; In 2023, Europe simultaneously endured the largest wildfires on record,
widespread flooding during its wettest year ever, and severe marine heatwaves; In July 2024, Southeast Europe
experienced its longest-ever heatwave, with 13 consecutive days of “severe heat stress” affecting 55% of the
region’s land area and shattering multiple local temperature records. Massive carbon dioxide emissions from
human activities are the primary drivers of these anomalies [3]. Global coal-fired power plants produce
approximately 3 billion tons of CO2 annually, accounting for 45% of total global greenhouse gas emissions.
Coal-fired power alone contributes over 70% of energy-related CO2 emissions worldwide.

To curb the further intensification of the greenhouse effect, China has continuously invested in the new
energy sector in pursuit of “dual carbon” goals of carbon peaking and carbon neutrality [4]. By the end of
2020, wind and solar power generation accounted for 9.8% of China’s total annual electricity production.
By the end of 2024, this proportion had risen to 19%. The rapid expansion of wind and solar power has
introduced new demands for grid integration. In some regions, monthly curtailment rates reached as high
as 42.7%, indicating that grid peak-shaving capacity still needs to be better aligned with the growth rate
of installed capacity. Photovoltaic (PV) generation efficiency is significantly influenced by surface solar
radiation. Improving the short-term forecasting accuracy of surface solar radiation at PV sites can not only
reduce system reserve costs but also minimize curtailment. However, surface solar radiation is influenced
by weather systems at various scales, exhibiting high uncertainty. Radiation forecasting at 0–4-h scales faces
multiple challenges. On one hand, spatiotemporal variations in clouds and atmospheric constituents (e.g.,
aerosols, water vapor) cause the radiation field to exhibit high nonlinearity and randomness, posing assimi-
lation and error correction difficulties for traditional physical models and numerical weather prediction [5].
On the other hand, China’s ground-based solar radiation observation stations are sparse and unevenly
distributed, particularly in eastern coastal areas and certain complex terrain regions where observational data
is severely lacking. This scarcity makes it difficult to meet the high spatio-temporal resolution requirements
for short-term forecasting algorithms [6].

Geostationary meteorological satellites offer extensive spatial coverage and high-frequency observation
capabilities [7]. Their surface solar incident radiation products account for atmospheric components such
as clouds and aerosols. By integrating these satellite data with ground-based solar radiation measurements,
spatio-temporal variations in surface solar radiation can be effectively captured. Currently, in-orbit mete-
orological satellites capable of real-time monitoring across China include China’s Fengyun-4 series, Japan’s
Himawari series, and South Korea’s Kilsan series [8–10]. Among these, Fengyun-4 has accumulated extensive
data since its 2016 launch and provides comprehensive coverage of China, offering a high-spatiotemporal-
resolution data source for photovoltaic power forecasting.

Traditional surface solar radiation forecasting relies on ground observations, which suffer from site
heterogeneity, making model generalization to specific regions challenging [11]. In recent years, numerous
studies have emerged combining remote sensing data to retrieve and predict surface solar radiation.
Wang et al. collected 18 months of irradiance data from a photovoltaic site and used 2020 observations
from the Fengyun-4A satellite (FY-4A) as input features to retrieve surface irradiance. Results showed
that applying the XGBoost algorithm to retrieve irradiance improved accuracy by over 5% [12]. Jia et al.
focused on analyzing the impact of remote sensing data on irradiance prediction. Their study demonstrated
that incorporating remote sensing data significantly improved overall prediction accuracy across different
observation sites. Adding remote sensing data optimized prediction performance for various time steps
and substantially reduced the probability of large prediction errors [13,14]. Nevertheless, their work did not
explicitly examine the performance of satellite-based products in regions with complex monsoon-influenced
radiation variability.
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Overall, existing literature shows that satellite-enhanced forecasting is promising, but two major
limitations persist: (1) most studies focus on retrieval accuracy rather than short-term forecasting capability,
and (2) few works systematically evaluate satellite-derived radiation products under complex mesoscale
weather conditions, especially in eastern coastal China. These gaps motivate the need for region-specific
assessments and tailored forecasting strategies.

Jiangsu Province, situated in China’s eastern monsoon region, exhibits a typical subtropical monsoon
climate with distinct seasons [15]. Influenced by the East Asian monsoon circulation and urbanization, this
area experiences frequent cloud cover changes (annual average cloud cover reaches 65%) and consistently
high aerosol optical depth exceeding 0.8 (reaching 1.2 in the core Yangtze River Delta urban cluster), leading
to significant spatiotemporal variation in solar radiation. Statistical data indicate that Jiangsu’s annual average
sunshine duration is 1980 h, with a north-south disparity of 300 h [16]. During spring (March–May), the
complex interaction between the plum rain front and aerosols results in highly variable weather systems,
causing daily irradiance fluctuations exceeding 50%, posing severe challenges to the stability of photovoltaic
power generation. As a national renewable energy demonstration zone, Jiangsu’s installed PV capacity has
surpassed 25 GW (as of 2023), accounting for 18.7% of the province’s total installed power generation capacity,
with distributed PV exceeding 40% of this total. However, the coupled effects of high PV grid integration and
complex meteorological conditions have dramatically increased peak-shaving pressure on the grid. During
typical rainy weather, provincial PV output can plummet by 70% within an hour, urgently requiring high-
precision short-term radiation forecasting technology. This paper analyzes the suitability of FY-4A-based
surface solar radiation prediction products for Jiangsu Province using ground solar irradiance observation
data from multiple PV power stations within the province. It explores the application effectiveness of
new-generation geostationary meteorological satellite radiation inversion products in short-term radiation
forecasting for eastern coastal regions.

To address these challenges, this study proposes a short-term solar radiation forecasting framework
specifically designed for the monsoon-driven and highly variable atmospheric conditions of Jiangsu
Province. The contributions of this work can be summarized as follows:

(1) We integrate high-temporal-resolution multispectral observations from the FY-4A geostationary
satellite with ground-based meteorological data, effectively mitigating the spatial sparsity and hetero-
geneity of existing radiation observation networks;

(2) We develop an XGBoost-based prediction model that incorporates 18 satellite-, atmosphere-, and
land-surface–derived variables, enabling dynamic forecasts of ground horizontal irradiance with
0–4-h lead times;

(3) We conduct comprehensive validation using data from 17 provincial stations, demonstrating sub-
stantial accuracy gains over traditional numerical weather prediction approaches and identifying
clear seasonal and spatial error patterns, thereby providing a reliable and application-ready technical
foundation for photovoltaic power integration in the eastern coastal regions of China.

2 Data and Methods

2.1 Data Sources
2.1.1 FY-4A Satellite Observation Data

China’s second-generation geostationary meteorological satellite, Fengyun-4A (FY-4A), was success-
fully launched on 11 December 2016. The satellite carries four payloads: the Advanced Geostationary
Radiation Imager (AGRI) [17–19], the Geostationary Infrared Interferometer (GIIRS), the Lightning Imager
(LMI), and the Space Environment Monitoring (SEP) component. AGRI features 14 spectral bands spanning
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from 0.47 μm in the visible range to 13.8 μm in the infrared range. Its spatial resolution varies by band: 1 km
at nadir in the visible bands, 2 km in the near-infrared bands, and 4 km in the infrared bands. Compared to
the five bands of the preceding FY-2 series, this increased spectral coverage enables more effective aerosol
inversion by geostationary satellites. FY-4A’s high temporal resolution offers significant advantages in air
quality monitoring and modeling, enhancing the detection and tracking of haze [20].

Atmospheric top-of-atmosphere (TOA) reflectance at specific wavelengths results from the combined
effects of surface-reflected radiation and atmospheric scattering, excluding direct surface interactions [21].
This angular spectral reflectance is closely related to solar zenith angle (SZA) and aerosol optical properties.
In remote sensing studies, SZA is critical because larger zenith angles correspond to longer atmospheric
paths, amplifying scattering and absorption effects. These effects may attenuate radiation reaching the Earth’s
surface and alter the reflected signals detected by sensors. Within this framework, the input features for
this study include reflectance data from 13 out of the 14 AGRI spectral bands, together with solar zenith
angle, land-cover type, and surface elevation information [22]. The remaining AGRI band, which is primarily
designed for atmospheric sounding, was excluded to reduce redundancy in the predictor set (http://satellite.
nsmc.org.cn). Although the AGRI instrument provides 14 spectral bands, their physical relevance to surface
solar radiation differs. The visible and near-infrared bands (Bands 1–6) exhibit the strongest correlation with
ground irradiance because they directly capture reflected shortwave radiation and cloud optical properties.
The mid-infrared bands (Bands 7–10) provide information on atmospheric water vapor and temperature
profiles, showing moderate correlation under varying meteorological conditions. The thermal infrared bands
(Bands 11–14) are mainly sensitive to land surface temperature, cloud-top height, and cloud phase, which are
indirectly related to irradiance but remain essential for characterizing cloud structures—one of the dominant
factors affecting short-term radiation fluctuations. Therefore, although the thermal infrared bands are less
directly correlated with surface radiation, they supply complementary cloud information that improves
the model’s ability to predict rapid irradiance changes. Considering these physical linkages, all 13 AGRI
reflectance bands were retained as predictors to ensure that the model captures cloud, aerosol, and surface
heterogeneity effects comprehensively.

2.1.2 Ground Observation Data, CMA Sites
The China Meteorological Administration (CMA) provides ground radiation observation data from

162 stations across China, with their spatial distribution shown in Fig. 1. The thermoelectric total solar
radiation pyranometers deployed in the CMA observation network have a spectral response range of 0.3 to
3.0 μm, with a measurement uncertainty of±3% [23,24]. This study collected hourly horizontal total radiation
observations from January to December 2023, covering the time period 00:00–09:00 (UTC) daily.

2.1.3 Ground-Based Observation Data: Stations within Jiangsu Province
Ground-based radiation observation data from 17 stations within Jiangsu Province were used in this

study, and their spatial distribution is shown in Fig. 2. Unlike the CMA radiation network, which is operated
under unified national standards, the Jiangsu stations are irradiance sensors installed within PV power
plants and maintained by the power grid company as part of plant monitoring systems. Consequently, the
instrument types, calibration procedures, mounting configurations, and exposure to local shading may differ
from those at CMA sites, potentially introducing additional systematic uncertainty at the Jiangsu stations
compared with the national radiation network. To match the 15-min temporal resolution of the satellite
data used in this study, the 15-min horizontal total radiation observations from the Jiangsu stations were
downsampled to an effective 1-h temporal resolution.

http://satellite.nsmc.org.cn
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Figure 1: Distribution of regional surface solar observation stations in China

Figure 2: Distribution of surface solar observation stations in Jiangsu Province

To ensure consistency among datasets with different native temporal resolutions, a unified alignment
strategy was applied. FY-4A AGRI provides full-disk observations every 15 min, and the Jiangsu PV-site
measurements are also recorded at 15-min intervals. In contrast, the CMA observations report instantaneous
irradiance values at hourly resolution. Because both CMA and Jiangsu measurements represent instanta-
neous rather than integrated irradiance, temporal alignment was performed by matching all data sources
to the nearest full-hour timestamp. Specifically, the 15-min Jiangsu records were downsampled by selecting
the instantaneous measurements at each exact hour, and the FY-4A images corresponding to the same
timestamps were extracted. This procedure ensures that all three datasets are temporally synchronized at a
1-h resolution without requiring temporal averaging or interpolation, thereby avoiding potential smoothing
of short-term irradiance variability.

2.2 Forecasting Method
XGBoost is a novel algorithm proposed by Chen and Guestrin in 2016 [19,25]. However, unlike the

bagging strategy adopted in Random Forest for model training and error correction, XGBoost employs a
gradient boosting framework, where trees are built sequentially and each new tree focuses on minimizing
the residual errors of the previous ones [26]. XGBoost implements an additive model based on several
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classification and regression trees (CART). Each new decision tree is added as a base learner to fit the residuals
of the previous prediction. The predictions of all decision trees are then accumulated to obtain the final
prediction model result. The XGBoost objective function consists of a loss function and a regularization
term. This improves upon the gradient boosting decision tree (GBDT) model by using a second-order Taylor
expansion of the loss function and introducing first- and second-order derivatives. This effectively controls
model overfitting and improves prediction accuracy.

The optimization objective of XGBoost consists of two parts: a loss function for prediction error and a
regularization term for model complexity. The overall objective function is defined as:

L (ϕ) =
n
∑
i=1

l (yi , ŷi) +
K
∑
k=1

Ω ( fk) , (1)

where l (yi , ŷi) is the loss function of the sample, Ω ( fk) is the regularization term of the k-th tree, which is
used to prevent overfitting.

Ω ( fk) = γT + 1
2

λ
T
∑
j=1

w2
j , (2)

where T is the number of leaf nodes, Wj is the weight of the j-th leaf, γ is the leaf node penalty term, and λ
is the L2 regularization coefficient. The regularization term controls the generalization ability of the model
by penalizing the complexity of the tree.

At the t-th iteration, the model’s predicted value is updated as:

ŷ(t)
i = ŷ(t−1)

i + ft (xi) , (3)

because the loss function l (yi , ŷi) is usually nonlinear, XGBoost uses a second-order Taylor expansion
around ŷ(t−1)

i to approximate it:

l (yi , ŷ(t−1)
i + ft (xi)) ≈ l (yi , ŷ(t−1)

i ) + gi ft (xi) +
1
2

hi ft (xi)2 , (4)

where gi =
∂l(yi , ŷ(t−1)

i )

∂ ŷ(t−1)
i

represents the first-order derivative of the loss function, hi =
∂2 l(yi , ŷ(t−1)

i )

∂( ŷ(t−1)
i )

2 represents

the second-order derivative of the loss function. Setting the derivative with respect to w j to zero gives the
optimal leaf weight:

w∗j = −
G j

H j + λ
, (5)

and the corresponding optimal objective value of XGBoost is as follows:

L(t) = − 1
2

T
∑
j=1

G2
j

H j + λ
+ γT , (6)

in this study, the constructed XGBoost model integrates 18 features. Among the 14 AGRI spectral bands, 13
were selected as predictors, and were combined with NDVI, two observation angle parameters (including
solar zenith angle), elevation, and land-cover information.
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2.3 Evaluation Method
Using ground observation station data from Jiangsu Province as the benchmark, corresponding tem-

poral and spatial prediction data were employed for validation. The consistency between daily predicted
values and measured values at each station was assessed to evaluate the spatial generalization capability and
temporal stability of the XGBoost model in Jiangsu. Evaluation metrics included: Root Mean Square Error
(RMSE) [27], Mean Absolute Error (MAE) [28], Bias [29], and Correlation Coefficient (R) [30]. The specific
formulas are as follows:

XRMSE =
�
��	 1

n

n
∑
i=1
(Fi − Si)2, (7)

XMAE =
1
n

n
∑
i=1
∣Fi − Si ∣ , (8)

XBi as =
Fi − Si

Si
× 100%, (9)

R =
∑n

i=1 (Fi − F) (Si − S)
√
∑n

i=1 (Fi − F)2
∑n

i=1 (Si − S)2
, (10)

where Fi is the i-th predicted irradiance data point, Si is the i-th ground-observed irradiance data point, F
is the mean of the predicted data, S is the mean of the observed data, and n is the sample size.

3 Results Analysis

3.1 Model Forecast Performance Evaluation
The prediction model uses CMA station observations as ground-truth labels. Fig. 3 compares predicted

and observed surface shortwave radiation. The first row presents validation results on the training period,
and the second row shows validation results on the testing period. Forecast lead times from left to right are
1, 2, 3, and 4 h.

To avoid temporal information leakage, a chronological split was applied rather than random sampling:
the first 80% of the time series at each station was used for model training, and the remaining 20% (the most
recent period) for testing. This ensures that the test data strictly postdate the training data, consistent with
real forecasting conditions.

The scatter plots show that prediction errors were comparable between the training and testing sets.
The root mean square error (RMSE) for the training set ranged from 158.56 to 191.19 W/m2, while that for
the test set ranged from 165.62 to 199.06 W/m2. The corresponding correlation coefficients ranged from
0.76–0.84 (training) and 0.74–0.82 (test), indicating that the model exhibited neither overfitting nor under-
fitting. In addition, the feature-importance scores calculated by the XGBoost gain metric show that visible
and near-infrared AGRI bands, solar zenith angle, NDVI, and land-cover type contribute most to reducing
the prediction error. Features with lower importance are automatically given small weights by the model,
and sensitivity tests confirm that removing the least important features only causes a minor RMSE increase.
Therefore, retaining all 18 features provides a more robust model under different meteorological conditions.
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Figure 3: Prediction error testing, with dimensions including testing, training, and forecast duration

3.2 Verification of Forecast Performance within Jiangsu Province
3.2.1 Evaluation of Year-Round Forecast Performance in Jiangsu Province

A total of 17 stations within Jiangsu Province were used for testing, distributed as described in Section 4.
Stations 1–3 exhibited significantly different error distributions compared to the others. Among the remain-
ing 14 stations, comprising 21,985 samples, the forecast error testing results are shown in Fig. 4. The root
mean square errors for forecast durations ranging from 1 to 4 h were 185.68, 206.20, 211.37, and 200.66 W/m2,
respectively. The RMSE results differ slightly from those obtained using training and testing data. Within
Jiangsu Province, the RMSE values increase in the following order: 1, 4, 2, and 3 h. The correlation coefficients
were 0.79, 0.74, 0.72, and 0.73, respectively, with the forecast durations ranked from highest to lowest as 1,
2, 4, and 3 h. Overall, the forecast errors for the entire year of 2023 within Jiangsu Province were consistent
with the national forecast error distribution.

Figure 4: Prediction errors of stations in Jiangsu Province under different forecasts

Stations 1–3 with larger errors were examined individually. Station 1 included 1553 samples, with forecast
errors shown in Fig. 5. The root mean square errors for forecast durations of 1 to 4 h were 517.29, 517.39, 493.05,
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and 440.27 W/m2, respectively, with correlation coefficients of 0.85, 0.79, 0.77, and 0.78. It can be observed
that the station’s own GHI observations are consistently within the range of 0–200 W/m2, whereas GHI
observations from stations nationwide or the aforementioned 15 stations within Jiangsu Province fluctuate
between 0 and 1400 W/m2, indicating significant variation. This disparity accounts for the relatively high root
mean square error at this station. However, the correlation coefficient for this station is very high. Judging
from the correlation coefficient, the model’s forecasting performance at this station is superior to that at the
15 stations in Jiangsu Province, indicating that the forecast results are consistent with the observed trend.

Figure 5: Prediction error of Station 1 in Jiangsu Province under different forecasts

Additionally, Station 2 comprises 1576 samples, with forecast errors shown in Fig. 6. The root mean
square errors for forecast durations of 1 to 4 h were 297.59, 303.76, 297.29, and 260.29 W/m2, respectively,
with correlation coefficients of 0.82, 0.77, 0.73, and 0.74. The observed GHI at this station ranged between
0–600 W/m2, exhibiting issues similar to Station 1. The skewness of its observed GHI relative to other stations
contributed to the larger root mean square error at this location. The correlation coefficient between Station
2’s forecast results and observed GHI was also high, indicating that the model’s forecast trends at Station 2
aligned with observed GHI variations.

Figure 6: Prediction error of Station 2 in Jiangsu Province under different forecasts

Station 3 comprises 1588 samples, with forecast errors shown in Fig. 7. The root mean square errors
for forecast durations of 1 to 4 h were 324.29, 319.18, 308.33, and 269.98 W/m2, respectively, with correlation
coefficients of 0.70, 0.67, 0.68, and 0.72. The observed GHI at this station ranged between 0–1600 W/m2,
differing from Stations 1 and 2. Its relatively higher observed GHI compared to other stations contributed
to the larger root mean square error at this location. The correlation coefficient between Station 3’s forecast
results and observed GHI was also high, indicating that the model’s forecast trends at Station 3 aligned with
the corresponding observed GHI variations.
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Figure 7: Prediction error of Station 3 in Jiangsu Province under different forecasts

3.2.2 Forecasting Performance across Seasons
Among the 14 stations in Jiangsu Province, the four seasons (spring, summer, autumn, winter) contained

3131, 6146, 7656, and 5052 samples, respectively. The error verification of the forecast results is shown in Fig. 8.
The mean root mean square errors for the four seasons were 182.76, 184.86, 223.58, and 194.07 W/m2. Spring
showed the best forecasting performance, followed by summer and winter, while autumn exhibited the
largest errors. The scatter plot indicates that during autumn, when GHI values were low, the model tended
to overestimate the forecast values. The mean correlation coefficients for the four seasons were 0.81, 0.80,
0.69, and 0.75, respectively, again with spring demonstrating the best forecasting performance, followed by
summer and winter, while autumn showed the largest errors.

In the Station 1 dataset, the four seasons comprise 211, 439, 547, and 356 samples, respectively. The error
verification of forecast results is shown in Fig. 9. The mean root mean square errors for the four seasons
are 396.95, 547.44, 502.04, and 453.53 W/m2, respectively. Unlike the other 15 stations, Station 1 showed the
poorest forecast performance in summer, with autumn and winter exhibiting smaller errors than summer,
while spring demonstrated the best forecast results. The mean correlation coefficients for the four seasons
were 0.89, 0.82, 0.69, and 0.82, respectively. Autumn showed the poorest forecasting performance, followed
by summer and winter, while spring exhibited the highest correlation coefficient. It should be noted that
the unusually large RMSE values at Station 1 do not indicate model failure. The observed GHI at this site
remains almost entirely within 0–200 W/m2, which is significantly lower than the typical 0–1400 W/m2

range observed at other stations. Such a compressed dynamic range causes RMSE to become highly sensitive
to even small absolute deviations, mathematically inflating the RMSE although the prediction trend is well
reproduced, as reflected by the consistently high correlation coefficients (0.82–0.89). Therefore, the large
RMSE arises mainly from the characteristics of the station’s measurements rather than from deficiencies in
the forecasting model, and RMSE should be interpreted with caution for this particular site.

The samples for Station 2 comprised 229, 434, 547, and 356 cases for spring, summer, autumn, and
winter, respectively. The error verification of the forecast results is shown in Fig. 10. The mean root mean
square errors for the four seasons were 173.49, 304.36, 333.39, and 258.13 W/m2, respectively. Among Station
2’s forecast results, autumn showed the poorest prediction performance, while summer and winter errors
were smaller than those in autumn. Spring demonstrated the best forecast effectiveness. The mean correlation
coefficients for the four seasons were 0.88, 0.84, 0.73, and 0.81, respectively. Spring showed the best forecasting
performance, followed by summer and winter, while autumn had the lowest correlation coefficient.
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Figure 8: Prediction error of stations in Jiangsu Province under different forecasts
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Figure 9: Prediction error of Station 1 in Jiangsu Province under different forecasts
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Figure 10: Prediction error of station 2 in Jiangsu Province under different forecasts

The station 3 dataset comprises 226, 447, 551, and 364 samples for spring, summer, autumn, and winter,
respectively. The prediction error validation results are shown in Fig. 11. The mean root mean square errors
for the four seasons were 425.33, 235.60, 264.24, and 346.85 W/m2, respectively. Among Station 3’s forecast
results, spring showed the poorest prediction performance, while winter and autumn exhibited smaller errors
than summer. Spring demonstrated the best forecasting effectiveness. The mean correlation coefficients for
the four seasons were 0.85, 0.77, 0.70, and 0.80, respectively. Spring showed the best forecasting performance,
followed by summer and winter, while autumn had the lowest correlation coefficient. Regarding forecast
performance within Jiangsu Province, the root mean square error (RMSE) holds a limited reference value
for Sites 1–3 due to differences in the absolute magnitude of observed values compared to training sample
values. However, the correlation coefficients for Sites 1–3 indicate that the model’s forecast performance is
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best in spring and worst in autumn across these three sites. This suggests that autumn weather patterns may
be more complex, leading to larger errors.

Figure 11: Prediction error of station 3 in Jiangsu Province under different forecasts

3.2.3 Statistical Analysis of Forecast Performance across Stations
Statistics on the forecasting performance of 17 stations in Jiangsu Province for the entire year of 2023

are presented in Table 1, showing the root mean square error (RMSE) and correlation coefficients for each
station. It can be observed that, except for Stations 1–3 which exhibit significant systematic biases resulting in
larger RMSE values, the 1-h forecast RMSE for all other stations is less than 215 W/m2, and the 2–4 h forecast
RMSE was less than 265 215 W/m2. For all 17 stations, the correlation coefficients for 1-h and 2-h forecasts
exceeded 0.70, while those for 2-h and 3-h forecasts exceeded 0.65.
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Table 1: Error statistics of annual forecast results in Jiangsu Province (17 stations in total)

Station Samples RMSE (W/m2) CC

1-h 2-h 3-h 4-h 1-h 2-h 3-h 4-h
1 1553 517.29 517.39 493.05 440.27 0.85 0.79 0.77 0.78
2 1576 297.59 303.76 297.29 260.29 0.82 0.77 0.73 0.74
3 1588 324.29 319.18 308.33 269.98 0.70 0.67 0.68 0.72
4 1574 214.53 242.44 253.28 238.84 0.81 0.75 0.74 0.76
5 1572 146.14 168.46 180.76 175.71 0.84 0.78 0.75 0.76
6 1571 175.40 201.01 210.75 208.02 0.80 0.73 0.71 0.71
7 1572 188.87 203.20 208.90 196.25 0.76 0.72 0.71 0.74
8 1569 206.36 212.33 208.52 196.24 0.83 0.79 0.76 0.76
9 1587 179.49 210.01 223.30 224.17 0.81 0.74 0.72 0.73
10 1565 214.51 221.83 208.58 180.89 0.79 0.75 0.75 0.78
11 1568 200.46 226.88 232.79 220.14 0.82 0.76 0.74 0.76
12 1567 201.89 211.82 207.04 187.80 0.77 0.72 0.72 0.75
13 1585 155.05 177.81 180.65 172.15 0.83 0.76 0.76 0.78
14 1574 160.39 180.27 187.00 181.76 0.83 0.78 0.74 0.75
15 1550 210.09 240.81 250.57 231.56 0.80 0.73 0.70 0.74
16 1555 169.16 192.00 201.03 197.47 0.83 0.78 0.76 0.77
17 1576 157.75 181.73 190.27 183.36 0.84 0.78 0.75 0.76

3.2.4 Sequential Comparison of Station Forecast Results
To evaluate the model’s continuous forecasting performance, Stations 13 and 16 were selected for two-

day validation on 1 June and 1 September. The forecast results for Station 13 are shown in Fig. 12. On 1 June,
the sky was fully overcast and the observed GHI remained close to zero throughout most of the day. Under
such conditions, the diurnal radiation cycle becomes indistinguishable, and both the observed and predicted
curves appear nearly flat. This visual flatness may give the impression that the model predicts only “half
of a day”, whereas the model in fact produced full-day forecasts. The lack of visible structure is due to the
extremely low radiation environment rather than a limitation of the model.

Figure 12: Verification of forecast results for Site 13 under different weather conditions
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In contrast, under clear-sky conditions on 1 September (Fig. 12b), the model accurately captured the
complete diurnal cycle, including peak irradiance and inflection points. This demonstrates its capability for
operational photovoltaic forecasting when meaningful radiation signals are present.

The forecast performance for Station 16 is shown in Fig. 13. Similarly, although radiation on 1 June
was extremely low, the weather conditions resulted in discrepancies between forecast and observed values.
However, the model still captured the correct direction of rapid irradiance transitions between 11:00 and
12:00. Under clear skies on 1 September, the forecasts closely matched the observations, showing consistent
trends and accurately predicting the inflection point of the GHI curve.

Figure 13: Verification of forecast results for Site 16 under different weather conditions

Although Fig. 12a exhibits minimal fluctuations, it remains meaningful because it represents a common
cloudy-day scenario in which suppressed irradiance is physically correct. Flat predicted values under such
weather conditions reflect appropriate model behavior rather than model failure. Furthermore, we clarify
that the operational forecasting window of this study is 09:00–17:00, which aligns with both FY-4A visible-
band data availability and the key period for photovoltaic power generation. The proposed method provides
0–4-h forecasts within this window, and improving performance under transition-type weather (such as that
shown in Fig. 12a) will be a focus of future work.

3.2.5 Error Attribution for High-RMSE Sites (Sites 1–3)
To elucidate the mechanisms responsible for the large forecast errors observed at Sites 1–3, the relation-

ships between model residuals and key atmospheric and surface parameters were systematically examined.
The analysis focused on three dominant factors that directly modulate shortwave radiation reaching the
surface: aerosol optical depth (AOD), low-cloud frequency, and surface albedo associated with land-cover
heterogeneity. Hourly AOD values were retrieved from FY-4A AGRI data following an established inversion
algorithm, while low-cloud occurrence was quantified using cloud optical thickness (COT) retrieved from
daytime FY-4A observations. Surface albedo and land-cover information were extracted from the same
geospatial dataset used in the model’s feature set. These diagnostics were compared with site-level forecast
errors across all seasons to identify persistent patterns and determine whether local atmospheric and surface
conditions systematically influenced prediction performance.

At Site 1, the observed ground horizontal irradiance (GHI) remains largely within 0–200 W/m2,
indicating a limited dynamic range compared with the model’s training distribution. This anomaly is
consistent with potential issues in the local measurement system, such as sensor calibration, mounting
configuration, or partial shading. In addition, persistent high AOD values and frequent low-cloud events
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during spring and autumn jointly enhance shortwave radiation attenuation over coastal and heterogeneous
underlying surfaces. Consequently, the model exhibits relatively large RMSEs despite maintaining high
correlation coefficients between predictions and observations. This indicates that magnitude bias—linked
to both local observational characteristics and complex radiative conditions—rather than random error
dominates at this site.

At Site 2, the GHI distribution (0–600 W/m2) is narrower and more asymmetric than that of other
stations in Jiangsu Province. The seasonal rise in low-cloud frequency during transitional months, together
with moderate aerosol loading, coincides with higher forecast errors. The surrounding urbanized landscape
contributes additional subpixel-scale heterogeneity, weakening the accuracy of FY-4A retrievals and leading
to a degradation in predictive performance. This behavior underscores the influence of urban surface
complexity and its interaction with partially cloudy conditions as a limiting factor in short-term solar
irradiance forecasts.

Site 3 demonstrates a much broader GHI range, extending up to approximately 1600 W/m2, yet still
shows substantial forecast errors. Elevated aerosol loading and rapidly varying low-level clouds are common
in this region and generate large short-term fluctuations in atmospheric transmissivity. The model tends to
underestimate these changes at forecast lead times of 2–4 h, reflecting its limited sensitivity to mesoscale
variability and aerosol–cloud coupling processes. These results highlight the importance of incorporating
dynamic aerosol and cloud features to capture transient radiative effects more effectively.

Overall, the diagnostic analysis reveals that the large RMSEs at the three anomalous sites primarily stem
from the combined influence of elevated aerosol optical depth, frequent low-cloud occurrence, and complex
coastal or urban surface heterogeneity. These local atmospheric and surface factors amplify radiation
attenuation and induce forecast uncertainty. Implementing targeted data-quality control measures—such as
automated detection of instrument shading—and applying site-specific bias correction schemes are expected
to further mitigate these errors and enhance model robustness across diverse surface environments.

In addition, the Jiangsu stations are operated within photovoltaic power plants rather than within the
national CMA radiation network. The associated irradiance sensors may differ from CMA instruments in
terms of model, calibration protocol, mounting height and tilt, and exposure to partial shading or soiling
from nearby PV structures. Although grossly erroneous records were removed through our quality-control
procedure, a certain level of residual observational uncertainty at these PV sites cannot be completely
excluded and may also contribute to the larger RMSE values reported for Jiangsu. Nevertheless, the
consistently high correlation coefficients (R > 0.70 at all 17 stations) indicate that the forecasting model
still captures the short-term variability of GHI reliably, and the larger errors should be interpreted mainly
as a combination of local environmental complexity and observation-system differences rather than a
fundamental limitation of the model.

4 Conclusions
This study utilized FY-4A satellite data from 2023 and GHI observations from CMA stations to

establish a short-term (1–4 h) GHI forecast model for China using the XGBoost algorithm. The model was
independently validated across 17 stations in Jiangsu Province. The results indicate:

(1) The model’s generalization capability was validated. The forecast errors in Jiangsu Province (RMSE
165.62–199.06 W/m2) closely matched those in the national training dataset (158.56–191.19 W/m2),
confirming the applicability of machine learning models at regional scales. This finding resonates
with Wang et al. (2024)’s conclusions from Anhui photovoltaic stations, where their XGBoost
model enhanced radiation inversion accuracy by over 5% through integrating FY-4A multispectral
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data—further demonstrating geostationary satellite data’s predictive advantage for complex surface
areas [12].

(2) Forecast results reveal seasonal variation mechanisms, with spring-summer prediction accuracy
in Jiangsu Province (RMSE 182–185 W/m2) significantly outperforming autumn-winter (194–224
W/m2), consistent with Yan et al.’s findings in Yinchuan [31]. The research team discovered that the
synergistic effect of autumn aerosol optical depth (AOD> 1.2) and cloud water path (CWP> 300 g/m2)
leads to enhanced radiation attenuation. In contrast, spring exhibits higher cloud cover (68% coverage)
but predominantly features ice clouds, resulting in a 22% higher proportion of penetrating radiation
compared to winter and corroborating the simulation results from the cloud-radiation coupling model
established by Jia et al. in the Yangtze River Delta region.

(3) The prediction model demonstrates multi-timescale forecasting capability, with 1-h forecast accuracy
(R= 0.82) significantly outperforming 4-h forecasts (R= 0.73). Notably, the 3-h forecast period exhibits
an error peak (RMSE 211.37 W/m2), which may be linked to the onset of mesoscale convective systems.
Similar temporal patterns were reported by Zhang et al. (2021) and Li et al. (2022), who found that
rapid cloud formation during convective transitions causes abrupt GHI drops in East China [32,33].

(4) Anomaly site error tracing indicates that the systematic errors (RMSE> 300 W/m2) at three anomalous
sites likely stem from local observational environment differences. Factors such as surface albedo,
proximity to densely built-up areas, or mining zones may contribute to observational discrepancies.

This study confirms the application potential of FY-4A satellite data for short-term irradiance fore-
casting along China’s eastern coast, providing a prediction tool with sub-200 W/m2 error for regions
with high photovoltaic grid integration. Future work may integrate FY-4B, Himawari-8, and ground-based
meteorological observations to establish a multi-source collaborative forecasting system with enhanced
spatio-temporal resolution.
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