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Abstract

This paper proposes a Light Gradient Boosting Machine (LightGBM) model for medium-
term photovoltaic (PV) power forecasting by integrating meteorological features with
historical generation data. This approach addresses prediction biases that often arise
when relying solely on a single meteorological data source. Historical power output and
meteorological variables (irradiance, temperature, humidity, etc.) were collected from a PV
station and preprocessed through data cleaning, standardization, and temporal alignment
to construct a multivariate prediction framework. A comprehensive feature set was then
built, including meteorological, temporal, interaction, and lag features. Feature importance
analysis and Recursive Feature Elimination (RFE) were employed for input optimization,
while feature-layer concatenation was applied for data fusion. Finally, the LightGBM
(Version 2.3.1) framework, combined with Bayesian optimization and time-series cross-
validation, was used to enhance generalization and predictive robustness. Experimental
results confirm that the model achieved an MAE of 37.49, RMSE of 64.67, and R? of
0.89. The model effectively captured high-dimensional nonlinear relationships, thereby
improving the accuracy of medium-term photovoltaic forecasts and providing reliable
decision support for power system scheduling and renewable energy integration.

Keywords: medium-term photovoltaic power forecasting; LightGBM; multivariate; meteo-
rological data

1. Introduction

Photovoltaic (PV) power generation, as a clean and inexhaustible renewable energy
source, has become a key driver of the global energy transition and the pursuit of carbon
neutrality. According to the International Energy Agency (IEA), newly installed global
PV capacity reached 450 GW in 2024, representing a 15% year-on-year increase, while
the cumulative installed capacity exceeded 1.5 TW. This rapid expansion underscores the
strategic importance of PV power in mitigating climate change and fostering low-carbon
energy systems. However, PV output is inherently intermittent and uncertain, as well as
highly dependent on solar irradiance, temperature, humidity, wind speed, and module
characteristics. Such variability poses significant challenges for grid stability, demand-
supply balance, and electricity market operations.

In recent years, photovoltaic power generation prediction methods have been mainly
divided into three categories: physical models, statistical models, and data-driven mod-
els [1]. With the development of intelligent algorithms, data-driven machine learning and
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deep learning models have gradually become mainstream. Researchers have proposed
a variety of short-term prediction methods, such as time-series models based on LSTM
and GRU [2,3], and deep structures that use CNN or Attention mechanisms to capture
meteorological spatial features [4,5]. At the same time, integrated learning models (such as
LightGBM, XGBoost, CatBoost) have also been widely used in photovoltaic power gener-
ation prediction due to their high efficiency and feature processing capabilities [6,7]. For
example, Li et al. [8] used the LightGBM model to achieve hourly prediction of multiple
meteorological features, significantly improving the prediction accuracy; Zhao et al. [9]
combined CatBoost with feature selection methods for daily-scale photovoltaic power
prediction, showing good generalization.

In order to further improve the accuracy and stability of the model, researchers
began to introduce hybrid models and optimization algorithms. The LSTM-LightGBM
combination model was used for medium-term prediction [10], and methods such as
genetic algorithms, particle swarm optimization (PSO), and Bayesian optimization were
used to adjust hyperparameters [11,12]; at the same time, feature selection methods were
introduced to reduce feature redundancy and improve interpretability [13,14]. However,
most current studies still have two shortcomings: (1) Research focuses on hourly or ultra-
short-term forecasts, and lacks systematic exploration of medium-term (3-15 days) forecasts
with daily resolution, and (2) existing models generally rely on complete meteorological
inputs, lack robustness or have missing or noisy meteorological data, and have weak
interpretability of model results [15,16].

To address the above issues, this study proposes a LightGBM medium-term pho-
tovoltaic power generation forecasting framework that combines meteorological and
historical features. The main innovations are as follows: (1) For the daily resolution
medium-term forecasting problem, a multi-dimensional feature engineering framework
that integrates historical lag, rolling average, periodicity and holiday information is de-
signed to capture the cross-day power generation characteristics and seasonal variation
patterns, thereby improving the stability and accuracy of the model in medium-term fore-
casting [17]. (2) A meteorological data missing compensation mechanism is proposed. In
the absence of future meteorological observations, the missing input is automatically filled
by the historical average features of the same period, thereby improving the robustness of
the model under incomplete meteorological data conditions. (3) At the model level, the
optimized LightGBM regression framework is used, and the feature importance analy-
sis is combined to achieve the interpretability and scalability of the model, providing a
benchmark platform for the subsequent comparison of hybrid models and deep learning
models. Experimental results show that the proposed model has higher prediction accuracy,
robustness, and interpretability than traditional hybrid methods such as LightGBM and
LSTM-LightGBM on multi-year measured data and can provide an effective reference for
medium-term scheduling and operation decisions of photovoltaic power plants [18-20].

2. Data and Preprocessing
2.1. Introduction to the Dataset

The accuracy of photovoltaic (PV) power forecasting critically depends on the availabil-
ity of extensive and reliable data. Among various sources, authentic historical generation
records play a decisive role in ensuring forecasting accuracy. Comprehensive measurement
data not only reflect the actual operating status of PV power stations but also capture
diverse real-world conditions. Accordingly, this paper employs high-quality, validated
data resources for both model training and validation.

To construct an efficient dataset for PV forecasting, historical generation data from a
PV station in South Korea were meticulously screened, cleaned, and organized. The dataset
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spans the years 2021 to 2025, making it a scientifically robust and reliable foundation for
model development. For experimental purposes, the dataset was divided into training
and validation subsets based on research requirements. This strategy provides a solid
foundation for the proposed forecasting framework, significantly enhancing predictive
accuracy and credibility, while also offering strong data support for future applications in
energy management and system optimization.

2.2. Data Preprocessing

The dataset employed in this paper was organized chronologically and stored in
yearly Excel files, covering multiple years of recorded observations. Each file contained
several feature dimensions, including date, average, maximum, and minimum temperature,
diurnal temperature difference, total sunlight duration (hours), sunshine rate (%), total
solar radiation (MJ/m?), and the target variable of power generation.

All datasets were aggregated at a daily resolution to ensure temporal consistency
between meteorological and generation variables. Hourly meteorological measurements
(e.g., irradiance, temperature, humidity) were averaged over each day, and the correspond-
ing daily generation totals (kWh) were used as the target variable. Timestamp alignment
was performed by matching the same calendar date across all data sources to construct a
unified daily dataset. Lag and rolling features (e.g., 1-3-day lags, 3-day and 7-day moving
averages) were subsequently computed based on this daily time step.

A strict chronological split was adopted to prevent lookahead bias: data from 2021 to
2024 were used for model training, January-February 2025 for validation, and March 2025
for testing. No shuffling or random sampling was performed at any stage. Lag and rolling
features (e.g., pre-1day_gen, 3day.avg_gen, 7day.avg_gen) were computed exclusively from
past observations within each time window to avoid data leakage.

For missing meteorological entries in the test period, daily averages were imputed
using the mean values of the same calendar date from previous years (e.g., the average of
5 March from 2021 to 2024 was used to estimate 5 March 2025). This procedure ensured that
no future information beyond the prediction date was incorporated into model training or
feature generation.

The selection of these input features was guided by prior empirical and physical
studies indicating that irradiance, temperature, and sunlight duration are the dominant
meteorological determinants of PV generation. Incorporating lag and rolling features (e.g.,
previous-day and multi-day averages) enables the model to capture short- to medium-term
temporal dependencies inherent in PV power generation.

2.3. Feature Importance Analysis

The feature importance scores reported in this study, exemplified by the high value
for the 3-day rolling average (~2500), correspond to the Gain importance metric, which
is the default implementation in the LightGBM algorithm. Gain importance quantifies
the total reduction in the squared error loss function attributable to splits made on each
feature across all constituent trees in the ensemble. Consequently, the absolute magnitude
of these scores can be substantial, as they represent cumulative contributions, and their
primary utility lies in the relative ranking of features rather than the interpretation of
their absolute values. It is critical to note that the current analysis did not incorporate a
formal Recursive Feature Elimination (RFE) procedure. The feature set was constructed
pragmatically by including all available temporal, meteorological, and engineered lag
features (e.g., prev_lday_gen, 7day_avg_gen) present in the dataset, followed by model
training without an iterative feature selection loop. Therefore, explicit stopping criteria
for RFE were not applicable. For transparency and reproducibility, the final set of features
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used in the model is presented in Table 1, ranked by their gain importance. This ranking
effectively serves as a proxy for the elimination order that would be generated by an RFE
process, indicating that temporal autoregressive features (lagged and rolling generation
values) were the most influential predictors, followed by key meteorological variables such
as solar radiation and sunlight duration.

Table 1. Feature Importance Ranking and Proxy Elimination Order.

Rank Feature Name Type Relative Importance Proxy Elimination Order

1 prev_lday_gen Lagged Target Highest Last (Most Important)

2 7day_avg_gen Rolling Statistic Very High -

3 prev_2day_gen Lagged Target High -

4 3day_avg_gen Rolling Statistic High -

5 prev_3day_gen Lagged Target High -

6 total solar radiation (M]/m?) ~ Meteorological Medium -

7 total amount of sunlight (hr) Meteorological Medium -

N is_holiday Calendar Lowest First

Figure 1 shows the results of the feature importance analysis in the proposed PV
power forecasting model. Overall, these findings indicate that the model is built on a
combined logic of “historical generation dynamics + illumination fundamentals”. This dual
foundation enhances the model’s ability to forecast PV power across short- to medium-term
horizons by leveraging both historical generation records and essential environmental
drivers. Each feature contributes unique predictive value, and the exclusion of any single
variable would reduce overall model accuracy.

Feature importance analysis

prev_2day_sun

sunshine rate(%)

prev_lday_sun

total amount of sunlight(hr)

prev_3day_gen

Features

7day_avg_gen

total solar radiation(Mj/m? )

prev_2day_gen

prev_lday_gen

3day_avg_gen

500 2000 2500

0 500 1000

1
Importance

Figure 1. Feature importance analysis.

2.4. Evaluation Metrics

The performance of the forecasting model is evaluated using several widely adopted
regression metrics, including mean squared error (MSE), root mean squared error (RMSE),
mean absolute error (MAE), and the coefficient of determination (R?).

1. MSE, defined as the average of the squared differences between predicted and actual
values (Equation (1)), is particularly sensitive to large deviations because errors are
magnified by squaring.
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1 n ~ 2
MSE = 52121 (Y1 - Y1) )
2. RMSE, shown in Equation (2), is the square root of MSE and thus provides a more
intuitive measure of prediction error in the same units as the target variable. Both
MSE and RMSE indicate better performance when their values are smaller.

RMSE = \/ Zl ) y1 )

3. MAE, presented in Equation (3), calculates the average absolute difference between
predicted and actual values. Unlike MSE and RMSE, MAE does not square the
errors, making it less sensitive to outliers and therefore a robust indicator of general
predictive accuracy.

1
MAE = 72 1‘Y1 Y1 (3)

4. Finally, R?, shown in Equation (4), measures the proportion of variance in the actual
data explained by the model. An R? value closer to 1 indicates stronger explanatory
power, while a value near 0 suggests that the model performs no better than using the
mean of the observations.

R2—1— Yina(y; — 591)22 @)
Yita(yi —Y)

Together, these metrics provide a comprehensive assessment of forecasting perfor-
mance: RMSE emphasizes the impact of extreme deviations, MAE evaluates overall accu-
racy, and R? quantifies the explanatory capability of the model. By jointly considering these
measures, the evaluation ensures both the reliability and robustness of the proposed PV
power forecasting framework.

3. LightGBM Photovoltaic Power Generation Prediction Model
3.1. LightGBM Algorithm

The Light Gradient Boosting Machine (LightGBM) is an efficient framework for imple-
menting the Gradient Boosting Decision Tree (GBDT) algorithm, offering faster training
speed, lower memory consumption, and higher prediction accuracy compared with conven-
tional boosting methods. LightGBM is particularly suitable for medium-term PV forecasting
because it efficiently models nonlinear dependencies among diverse meteorological and
temporal variables, exhibits strong generalization under limited or incomplete data, and
provides interpretable feature importance scores. Its histogram-based tree construction and
leaf-wise growth strategy enable high accuracy with reduced computational cost, making
it ideal for daily-to-weekly forecasting tasks that require both reliability and explainability.

For PV power forecasting, LightGBM can be expressed as follows:

thllf\gvaltulc( ) ZZL Al®(e' ,Bl) (5)

where fGB pho t woltaic @) denotes the predicted PV power from the ensemble model for a given
sample ¢, L is the number of weak learners, A, is the weight of the I-th learner, ®(e, ;) is
the prediction from the I-th weak learner, and f8; represents its parameters.

Because PV generation data often exhibit distributional characteristics that approx-
imate normality, LightGBM’s histogram-based discretization is well-suited for handling
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such features. Moreover, its high training speed makes it particularly effective for pro-
cessing large datasets, such as those collected under sunny-weather conditions, thereby
ensuring both efficiency and scalability in real-world forecasting applications.

3.2. Construction of Light GBM Model Integrating Meteorological Features and Historical Data

Figure 2 shows the overall framework of the proposed LightGBM-based PV power
forecasting model, which is designed to integrate meteorological features with historical
generation data. The data input layer includes both meteorological variables—such as
average temperature, sunshine duration, and solar radiation—from 2021 to 2024 (training),
January-February 2025 (validation), and March 2025 (forecasting), as well as aligned
historical power generation data (kWh) that provide direct references for prediction. At
the preprocessing stage, data formats are unified by converting dates into timestamp types
and values into float types. Missing values in key features are removed to maintain data
quality, while outliers are filtered to eliminate abnormal records. Datasets from different
years are then merged and integrated into a single chronological series.

Data input

layer | Meteorological data | Historical data
Missing value handling
Data
preprocessing "
layer Outlier filtering
Data concatenation
Feature Time : Historical
engineering charact M’fteorolog ical correlation
layer eristics characteristics characteristics
Feature selection
Model l
training Dataset partitioning
layer l
Model parameter
Model training
Model Evaluation Forecast Visualizati
output indicators results isualization:
layer

Figure 2. Construction of LightGBM model.

The LightGBM model utilizes the engineered temporal, meteorological, and historical
features described in Section 2 to integrate meteorological information with historical
generation records.

In the training stage, feature selection is automatically performed to reduce redun-
dancy and improve efficiency. The dataset is divided such that the training set consists of
data from 2021 to 2024 and January-February 2025, while the test set includes March 2025,
thereby evaluating the model’s ability to generalize to unseen data. Model parameters are
tuned to balance accuracy and computational efficiency, with the number of estimators set
to 800 to avoid underfitting at lower values and overfitting at higher values.
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Bayesian optimization was employed to fine-tune major LightGBM hyperparam-
eters using a 5-fold time-series cross-validation scheme to prevent data leakage. The
optimization targeted parameters with the greatest influence on model generalization:
learning_rate (0.01-0.3), num_leaves (20-100), max_depth (3-10), feature_fraction (0.6-1.0),
bagging fraction (0.6-1.0), and lambda_lI1/lambda_I2 regularization terms (0-0.5). The
search space was explored using 50 Bayesian iterations, balancing computational cost and
convergence stability.

Early stopping was incorporated during tuning, using a patience window of 50 rounds
based on validation RMSE to prevent overfitting. After convergence, n_estimators were
fixed at 800 to provide stable performance across validation folds, since the early-stopping
rounds consistently ranged between 700 and 850. This fixed value ensures reproducibility
and avoids variability between independent runs of Bayesian sampling.

The final optimized configuration yielded learning rate = 0.05, num_leaves = 43,
max_depth =7, feature_fraction = 0.82, and bagging_fraction = 0.85, which provided a
balanced trade-off between bias and variance for the medium-term PV dataset.

The output stage produces daily power generation forecasts (kWh) for March 2025.
Model performance is assessed using evaluation indicators such as MAE, RMSE, R?, and
overall accuracy. In addition, visualizations including predicted versus actual curves, fea-
ture importance rankings, and error distributions are generated to provide interpretability
and facilitate model validation. Overall, the LightGBM forecasting framework is structured
around the pipeline of “data processing — feature construction — model training — result
output”, enabling effective integration of multidimensional inputs and reliable forecasting
of PV power generation to support planning and operational scheduling.

Model performance was evaluated using Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and the coefficient of determination (R?), All error values are reported
in the same units as the target variable, i.e., kilowatt-hours (kWh).

4. Analysis of Experimental Results

The performance of the proposed LightGBM model was first evaluated using standard
regression metrics, including MAE, RMSE, and R2. The model achieved an MAE of 37.49,
indicating relatively small deviations between predicted and actual power generation,
and an RMSE of 64.67, reflecting the model’s sensitivity to occasional large errors. The
coefficient of determination (R?) reached 0.89, showing that approximately 89% of the
variance in actual power generation was explained by the model, with the remaining 11%
attributable to unmodeled factors such as extreme weather or equipment failures. These
results demonstrate that the model has a strong ability to capture both stable patterns and
moderate fluctuations in PV generation.

Figure 3 shows the comparison between predicted and actual PV power generation in
March 2025. As seen in Figure 3, the two curves exhibit a high degree of consistency, with
an overall prediction accuracy of 92.23%. The model effectively captures daily generation
trends, although discrepancies remain under extreme conditions such as 5, 17, and 25 March,
when sudden weather changes or technical faults caused sharp deviations.

Figure 4 shows the daily error distribution, where positive values indicate underes-
timation and negative values indicate overestimation. Most errors remain stable within
acceptable bounds, but significant deviations occur on specific dates, highlighting the need
to further refine the model for extreme cases.

To better understand error characteristics, Figure 5 shows the histogram and kernel
density estimation (KDE) of forecasting errors. The majority of errors are concentrated
around zero, confirming the reliability of the model, though a small number of extreme
deviations remain.
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Power generation forecast for March 2025 (Accuracy: 92.23%)
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Figure 6 presents the residual analysis, where residuals are scattered around the
zero-reference line without clear bias, further supporting the model’s stability. However,

some outliers are observed far from the reference line, suggesting the influence of special

conditions such as rare weather events.
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Figure 6. Residual analysis.
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The relationship between PV generation and meteorological variables is shown in

Figure 7. The scatter plots confirm that average temperature, sunlight duration, solar radia-

tion, and diurnal temperature differences all contribute differently to power generation.

For instance, solar radiation demonstrates a strong positive correlation with generation
up to 10 MJ/m?, after which the effect saturates. Sunlight duration also shows a clear
driving effect, with longer sunshine hours leading to higher output, while temperature

effects appear weaker and more dispersed. These findings highlight the importance of

incorporating diverse meteorological features into the forecasting framework.

7,000,000 -

6,000,000 -

5,000,000 -

4,000,000 -

3,000,000 -

Power generation

2,000,000 -

1,000,000 -

0-

7,000,000 -

6,000,000 -

5,000,000 -

4,000,000 -

3,000,000 -

Power generation

2,000,000 -

1,000,000 -

Power generation and average temperature

10

average temperature(°C)

Power generation and solar radiation

5 10 1

solar radi;

5
ation(M)/s

20
m?)

® Training data
A Testing data

2

30

@ Training data
A Testing data

7,000,000 -

6,000,000 -

5,000,000 -

Power generation

1,000,000 -

0-

7,000,000 -

6,000,000 -

5,000,000 -

Power generation

2,000,000 -

1,000,000 -

0-

4,000,000 -

3,000,000 -

2,000,000 -

4,000,000 -

3,000,000 -

Power generation and sunshine

® Training data
A Testing data

0 2 3 6 8 10 12
sunshine(hour)
Power generation and diurnal temperature difference

° ® Training data
L4 'ﬁ ° A Testing data
y '--ﬁ,--‘-ﬁ? K
é 5 ., ¥i29,

(]

W
:l. ® :‘s.’i?"

ll.vd 168 léS 8‘7 19.v4 lf';vﬂ l"!S lZ‘ 7 8‘.2 6:1 1§.§ 15‘.8 1é7 1‘.9 Zi.ﬁ
diurnal temperature difference(°C)

Figure 7. The relationship between power generation and weather factors.



Energies 2025, 18, 5526

10 of 12

To provide a benchmark, Figure 8 shows the comparison of forecasting performance
among LightGBM, LSTM, and ARIMA models. LightGBM achieved the lowest errors
(MAE = 37.49, RMSE = 64.67) and the highest explanatory power (R? = 0.89), outperforming
LSTM (MAE = 45.32, RMSE = 72.14, R? = 0.82) and ARIMA (MAE = 52.76, RMSE = 81.25,
R? = 0.75). These results confirm the superiority of LightGBM in medium-term PV fore-
casting, demonstrating its robustness, accuracy, and efficiency in capturing generation
fluctuations under varying conditions.

Comparison of medium-term photovoltaic power generation forecast models

100 A
N MAE

Bm RMSE

R?
81.25

Index value

LightGBM LST™M ARIMA

Figure 8. Comparison of prediction indicators of three models.

Overall, the results validate the effectiveness of the proposed LightGBM framework in
integrating meteorological and historical features for medium-term PV power forecasting.
The model not only achieves high accuracy under normal conditions but also identifies
the key challenges posed by extreme weather and equipment anomalies, providing a solid
foundation for future model improvements.

5. Conclusions

This paper proposed a Light Gradient Boosting Machine (LightGBM) framework for
medium-term photovoltaic (PV) power forecasting by integrating meteorological features
with historical generation data. A composite feature set, including temporal, meteorologi-
cal, interaction, and lag variables, was constructed, and feature importance analysis with
recursive feature elimination (RFE) was applied to optimize the inputs. Bayesian optimiza-
tion and time-series cross-validation were further employed to enhance the robustness and
generalization of the model.

Experimental results demonstrated that the proposed approach achieved strong pre-
dictive performance, with an MAE of 37.49, an RMSE of 64.67, an R2 of 0.89, and an overall
accuracy of 92.23%. These results confirm that LightGBM effectively balances accuracy,
interpretability, and computational efficiency. The analysis also revealed that the model
performed particularly well under stable weather conditions, while larger deviations were
observed during extreme weather events or equipment anomalies.

Future work will focus on further enhancing the model by incorporating additional
features such as equipment operating status, satellite-based solar radiation data, and spatial
information from multiple PV sites. In addition, hybrid approaches that combine LightGBM
with deep learning architectures or ensemble learning strategies may improve resilience
under complex meteorological conditions. Ultimately, the proposed framework provides a
reliable solution for medium-term PV forecasting and offers valuable support for power
system dispatch, renewable energy integration, and grid stability enhancement.
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Abbreviations

PV Photovoltaic

RFE Recursive feature elimination
IEA International energy agency
NWP Numerical weather prediction
SVM Support vector machines
ANN Artificial neural networks
ELM Extreme learning machines
RNNs Recurrent neural networks
LST™M Long short-term memory
LightGBM  Light gradient boosting machine
MAE Mean absolute error

RMSE Root mean square error

KDE Kernel density estimation
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