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Abstract- Accurate photovoltaic (PV) energy forecasting is crucial for effective grid
integration and for predictive usage at residential and industrial levels, especially under
increasing climatic variability. This study evaluates and compares four machine learning
(ML) models, LightGBM, XGBoost, Random Forest, and Gradient Boosting, for hourly
PV energy forecasting using real-time data from numerical weather model (NWM),
PVGIS, and historical production data from operational PV plant in Southern Italy. Three
hyperparameter strategies, namely default settings, Optuna optimization, and Grid
Search, were tested. Results show that LightGBM achieved the best performance with
Grid Search tuning, yielding an MAE of 2.85 kWh, RMSE of 5.45 kWh, and R?of 0.71
over an 8-day forecasting horizon. Comparatively, XGBoost with Grid Search attained
an MAE of 3.00 kWh, RMSE of 5.82 kWh, and R? of 0.67. The findings highlight that
hyperparameter tuning significantly improved forecast accuracy and provide actionable
insights for selecting ML models and optimization techniques in PV management
systems. Findings are specifically of interest for practitioners, researchers, and
organizations associated with PV management and operations.
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1 Introduction

Extreme climatic phenomena have hugely impacted various parts of the globe in the recent past, and the consequences of
environmental change are more evident than ever before. Encouraging communities and policymakers to adopt sustainable
and clean practices, including green energy resources [1], [2]. Photovoltaic (PV) energy is one of the most sustainable
types of energy sources, and in recent years, the reliance on it has increased notably [3]. In Figure 1, a comparative analysis
of the increase in PV and wind energy in Italy as compared to hydro energy, which was previously considered as most
green source of energy. However, the most challenging phenomenon related to PV energy is its uncertainty and difficulty
in prediction at various parts of the globe, and specifically in diverse terrains and climatic conditions. In this regard, various
researchers have adopted, evaluated, and reported the latest technologies. Many researchers nowadays are exploring and
reporting the potential of machine learning in different scientific applications.[4], [5], [6]. Similarly, many researchers
have exploited the potential applications of machine learning and deep learning technologies in PV-related challenges,
including efficiency analysis, forecasting, predictive maintenance, faults and diagnosis, feasibility reports, etc. However,
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the inherent shortcoming of machine learning models is a continuous need to evaluate and assess the effectiveness of
different techniques for hyperparameter optimization. Some researchers have studied the effects of hyperparameter
optimization in different fields. However, literature lacks a comprehensive study that evaluates notable models like
LightGBM [7], XGBoost [8], Random Forest [9], and Gradient Boosting [10] for PV forecasting and specifically provides
a holistic overview of these models in terms of various hyperparameter optimization techniques with real-time data from
numerical weather model (NWM), PVGIS [11], and already operational PV plant.
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Figure 1: Share of solar, wind, and hydropower energy in Italy. Source: IEA [12].

This study not only provides a framework for utilizing the PVGIS and NWM for hourly PV energy forecasting but also
provides a comparative analysis of machine learning models: LightGBM, XGBoost, Random Forest, and Gradient
Boosting. In addition, the study tests and evaluates three hyperparameter approaches, namely, Default hyperparameters,
Optuna tuning technique [13], and the Grid Search tuning technique [14]. Results of this study can be utilized by the
organizations and researchers associated with the management and operation of PV facilities and can provide a clearer
path in terms of choosing and deploying of specific hyperparameter techniques.

2 Research Methodology

2.1  PV,NWM, and PVGIS Data

The dataset was constructed by integrating meteorological and PV production data to enable robust machine learning
model development for PV energy forecasting. Initially, the PV energy production data of a PV plant, located in southern
Italy, were collected. the dataset was accessed from a MySQL database, using specifically tailored queries to convert the
5-minute data recorded by data loggers to hourly cumulative values. Meteorological variables were collected from the
OpenWeather [15] NWM, providing high-resolution hourly weather forecasts and reanalysis data. The weather-related
features include atmospheric pressure, relative humidity, wind speed, cloud cover, maximum and minimum temperature,
as well as solar irradiance components, including direct beam irradiance Gb(i), diffuse irradiance Gd(i), and ground-
reflected irradiance Gr(i), along with sunshine duration (hours of sun per day), air temperature measured at 2 meters above
ground level (T2m), and wind speed measured at 10 meters (WS10m).

To complement the weather data, hourly data for the same location were retrieved from the PV Geographical Information
System (PVGIS), which provides reliable PV performance estimates based on solar radiation and system characteristics.
The dataset thus captures both the environmental predictors and the corresponding PV output, facilitating supervised
learning. In addition, temporal features were engineered to reflect daily and diurnal patterns, including the full timestamp,
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date-only fields (to capture day-to-day variability), and time-only fields (to account for intra-day dynamics). This enriched
dataset allows the models to learn complex interactions between weather conditions, time-of-day, and PV output, providing
a comprehensive basis for evaluating forecasting performance under realistic operational scenarios.

2.2 Data validation and outlier removal

Before using the dataset for model training and evaluation, a thorough data validation and cleaning process was carried
out to ensure data quality and consistency. The PV production data extracted from the MySQL database were checked for
completeness and alignment with the meteorological and PVGIS datasets. Any missing or duplicated records were
identified and removed. To address potential measurement errors and anomalous values in the PV and meteorological
variables, an outlier detection procedure was applied. For continuous variables such as PV output, irradiance components,
and temperature, statistical thresholds were defined based on domain knowledge and descriptive statistics (e.g.,
interquartile range and physical plausibility limits). Observations falling outside these acceptable ranges were flagged as
outliers.

Specifically, PV output values were constrained to be non-negative and not to exceed the rated capacity of the PV plant.
Irradiance components were limited to their respective theoretical maxima under clear-sky conditions. Meteorological
variables such as temperature, humidity, and wind speed were also cross-checked against climatological norms for the
location and time of year. Outliers were treated by either removing the affected records entirely or imputing them with
more plausible values based on temporal neighbors or climatological averages, depending on the nature and extent of the
anomaly. This validation and cleaning step ensured that the dataset fed into the forecasting models was reliable and
representative of real-world operational conditions.

2.3 Machine learning models and optimization techniques

For the PV energy forecasting task, four machine learning models were employed: Random Forest, Gradient Boosting,
Extreme Gradient Boosting, and Light Gradient Boosting Machine. These tree-based ensemble methods are well-suited
for capturing complex, nonlinear relationships in high-dimensional datasets such as the one constructed for this study.

Each model was initially trained using default hyperparameters, as implemented in their respective Python libraries (scikit-
learn, xgboost, and lightgbm), to establish baseline performance. To improve forecasting accuracy and assess the
sensitivity of the models to hyperparameter settings, two optimization techniques were applied:

e Grid Search: A systematic, exhaustive search over a predefined set of hyperparameter values, combined with 5-
fold cross-validation to select the best configuration based on validation performance.

e Optuna: An advanced, efficient hyperparameter optimization framework based on a Bayesian approach, which
automatically explores the hyperparameter space and prunes unpromising trials to accelerate convergence to an
optimal set of parameters.

2.4  Efficiency analysis

These optimization techniques were applied individually to each machine learning model. The objective function in both
cases was to minimize forecasting error, evaluating using metrics such as Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and Correlation Coefficient (R?). The inclusion of both traditional Grid Search and modern Optuna
optimization in addition to default settings provided a comprehensive analysis of model performance and robustness under
different tuning strategies. By comparing the default, Grid Search optimized, and Optuna-optimized versions of each
model, this study highlights the benefits of hyperparameter tuning in improving PV energy forecasting accuracy.
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All the selected machine learning models were deployed for the forecasting of PV energy production of the selected PV
plant for the next 8 days. The models were trained with the hourly meteorological records as training features and hourly
PV production as the target variable. In the initial phase, the models were deployed for real-time data, and forecasts were
generated using the default hyperparameters of the models. In the successive stages, the hyperparameter tuning was
performed with Optuna and Grid Search techniques, and forecasts were generated for the same forecasting horizon. The
generated forecasts were compared with the actual recorded data by data loggers. Figure 2 provides an overview of the
difference between the actual and recorded forecasts generated by models using default hyperparameters. Figures 3 and 4
provide an overview of the forecasting efficiency of the models using the Optuna and Grid Search methods, respectively.
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Figure 2: Comparison of forecasted vs recorded values using default hyperparameters
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Figure 3: Comparison of forecasted vs recorded values using Optuna hyperparameters
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Figure 4: Comparison of forecasted vs recorded values using Grid Search hyperparameters
3.2 Performance of various models and techniques

The performance of models needs to be assessed based on universally accepted and well-known performance metrics. In
this regard, the authors decided to calculate MAE, R2, and RMSE of all the models and forecasts generated. Table 1
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provides an overview of the estimated performance metrics, creating an opportunity for the readers to assess the accuracy
of various models and techniques using the same dataset and forecasting horizon.

Table 1 Evaluation Metrics using all the techniques

Model \ MAE (KWh) ] R2 ] RMSE (KWh)
Default Hyperparameters
LightGBM 2.81 0.70 5.54
XGBoost 3.68 0.57 6.70
Random Forest 3.01 0.66 5.85
Gradient Boosting 341 0.64 6.06
Optuna Hyperparameter Optimization
Model MAE (kWh) R? RMSE (kWh)
LightGBM 3.25 0.70 5.63
XGBoost 3.20 0.70 5.62
Random Forest 3.09 0.65 6.00
Gradient Boosting 3.19 0.69 5.66
Grid Search Hyperparameter Tuning
Model MAE (kWh) R? RMSE (kWh)
LightGBM 2.85 0.71 5.45
XGBoost 3.00 0.67 5.82
Random Forest 3.15 0.65 6.06
Gradient Boosting 2.92 0.72 5.48

The deployed optimization techniques, Optuna and Grid Search, automatically tuned key hyperparameters for each model
to improve their predictive performance. The optimal parameter configurations identified through these methods are
summarized in Table 2. Optuna generally favored lower learning rates and higher numbers of estimators, with shallower
tree depths for controlling overfitting. Grid Search, on the other hand, selected more conservative settings, balancing model
complexity and generalization. These tuned hyperparameters highlight the differences in search strategies and their impact
on model configuration

e n_estimators: Specifies the number of boosting rounds or trees in the ensemble. A higher value can improve
learning but may increase computation and risk overfitting if not combined with regularization.

e learning_rate: Controls how much each tree contributes to the overall prediction. Lower learning rates (e.g.,
0.0138 for Gradient Boosting with Optuna) slow down learning, often requiring more estimators but improving
generalization.

e max_depth: Limits the maximum depth of each tree, helping to prevent overfitting by reducing model complexity.
Optuna tended to choose shallower depths (e.g., 3) compared to Grid Search.

e num_leaves (LightGBM): Defines the maximum number of leaves per tree. A higher number allows more
complex splits, while lower values improve regularization.

e subsample (XGBoost): Specifies the fraction of the training data to use when growing each tree, acting as a
regularization mechanism to prevent overfitting by introducing randomness.

e min_samples_split (Random Forest): Sets the minimum number of samples required to split an internal node,
which controls the granularity of splits and impacts overfitting.

Table 2 Optimized hyperparameters of the machine learning models using Optuna and Grid Search optimization techniques.

Optuna Hyperparameter Tuning |

| Selected Parameters |
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LightGBM 'n_estimators': 52, 'learning rate": 0.114, 'max_depth": 3, 'num_leaves": 23
XGBoost 'n_estimators': 185, 'learning_rate': 0.025, 'max_depth': 3, 'subsample’; 0.806
Random Forest 'n_estimators': 173, 'max_depth': 15, 'min_samples_split": 5

Gradient Boosting | 'n_estimators': 214, 'learning_rate": 0.0138, 'max_depth": 5
Grid Search Hyperparameter Tuning
Selected Parameters

LightGBM 'n_estimators': 100, 'learning_rate": 0.05, 'max_depth": 6, 'num_leaves': 31
XGBoost 'n_estimators': 100, 'learning_rate": 0.05, 'max_depth': 6, 'subsample’: 1.0
Random Forest 'n_estimators': 200, 'max_depth': 8, 'min_samples_split": 5

Gradient Boosting | 'n_estimators'": 100, 'learning_rate": 0.05, 'max_depth": 4

4 Practical Implementation

The findings of this study evaluate and report the effectiveness of machine learning models, particularly tree-based
ensemble methods, for forecasting PV energy production using meteorological and temporal features. Among the
evaluated models, LightGBM and Gradient Boosting consistently achieved the best performance across all optimization
strategies, with MAE as low as 2.76 kWh and R? reaching up to 0.72, a similar trend was reported by [16], [17]. This level
of accuracy highlights the feasibility of integrating such models into real-world PV system management and energy
planning applications. Specifically, grid operators and energy managers can utilize these models for short-term PV
generation forecasts to optimize grid balancing, reduce reliance on fossil fuel-based backup generation, and improve
scheduling of energy storage systems. Furthermore, the ability to tune models using optimization techniques such as Grid
Search and Optuna enhances forecasting robustness, ensuring that models can be adapted to specific sites and operational
requirements. The findings also underscore the importance of using high-resolution weather forecasts and properly
engineered time-based features to capture the variability inherent in solar energy production, making these approaches
highly applicable for smart grid and sustainable energy initiatives, in different parts of the globe.

5 Conclusion

The following conclusions can be drawn from the conducted study:

e The study highlights the potential of machine learning, particularly tree-based ensemble models, in effectively
forecasting PV energy production using remotely sensed meteorological and historical PV production data.

e By comparing default settings with two hyperparameter optimization techniques, the study demonstrates that
tuning significantly improves model performance, with LightGBM and Gradient Boosting showing the most
promising results.

e The findings offer a practical framework for PV operators and researchers to select fine-tune models for more
reliable hourly energy forecasts, supporting better planning and integration of renewable energy into the grid and
for energy usage optimization at residential and industrial levels.

Future work can explore incorporating additional data sources, like more advanced NWM, satellite imagery, 10T sensors,
and applying advanced deep learning models to capture complex patterns. Researchers can also explore the latest hybrid
models and incorporate long-term climatic trends. Developing adaptive algorithms to handle climate anomalies and
creating practical tools for PV operators.
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