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Article 

Optimizing Solar Radiation Prediction:  

A Meta-Learning-Based VotingRegressor Approach 
Abdalla Alameen 

Department of Computer Engineering and Information, Prince Sattam Bin Abdulaziz University, Wadi ad-
Dawasir 11991, Saudi Arabia; a.alameen@psau.edu.sa 

Abstract: The growing global reliance on renewable energy underscores the need for accurate solar radiation 
forecasting, a key component in optimizing solar power generation, energy management, and climate policy. 
Traditional statistical and machine learning models, though effective under certain conditions, often struggle 
with the complexity and variability inherent in solar radiation data. This study proposes a meta-learning-
optimized VotingRegressor model, designed to overcome these challenges by dynamically adjusting base 
model weights—including Linear Regression, Random Forest, XGBoost, and CatBoost—through meta-
learning. This adaptive ensemble approach enhances model performance by balancing linear and non-linear 
data patterns, leading to improved accuracy and robustness. Leveraging three years of data from the National 
Solar Radiation Database (NSRDB), the model demonstrated substantial RMSE and MAE reductions and 
maintained high R² values across diverse meteorological conditions, confirming its robustness. The findings 
highlight the model's practicality for real-world applications, including solar farm optimization, smart grid 
management, and renewable energy trading. Future research could focus on improving computational 
efficiency through advanced optimization techniques, integrating additional atmospheric variables, and 
exploring hybrid architectures to support real-time adaptability. 

Keywords: solar radiation prediction; meta-learning; VotingRegressor; ensemble learning; renewable energy 
forecasting; smart grid management; solar farm optimization; real-time adaptability; predictive accuracy; 
computational efficiency 

 

1. Introduction 

The global shift towards renewable energy has intensified the need for precise solar radiation 
forecasting, which is critical for optimizing solar power generation, managing energy storage, and 
enhancing grid reliability [1]. Solar radiation is highly variable and influenced by numerous 
atmospheric conditions, including cloud cover, temperature, and aerosol concentration [2]. 
Accurately predicting solar radiation is vital to ensure the efficient use of solar resources and to 
support sustainable energy integration. However, forecasting solar radiation presents challenges due 
to its non-linear and complex nature, requiring models that can adapt across different meteorological 
conditions [3],[4]. 

Traditional statistical models and basic machine learning techniques have been applied to solar 
radiation forecasting with moderate success, especially under stable conditions. However, these 
models often fall short in capturing the intricate, non-linear relationships and high variability present 
in solar radiation data, particularly in dynamic environments [Error! Bookmark not defined.,[5]. 
Consequently, recent research has explored more advanced techniques, such as ensemble learning, 
meta-learning, and artificial neural networks (ANNs), which offer greater predictive accuracy and 
adaptability [6]. 

Ensemble learning methods, particularly those enhanced with meta-learning capabilities, have 
shown promise in addressing the challenges of solar radiation prediction. Models like the 
VotingRegressor leverage multiple base models to combine their strengths, resulting in improved 
accuracy and robustness [7]. The ability to dynamically adjust the weights of base models has proven 
effective in balancing linear and non-linear data patterns, enabling ensemble models to adapt well 
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across diverse meteorological conditions. Additionally, machine learning models like XGBoost and 
CatBoost have shown efficacy in managing high-dimensional, non-linear datasets, further 
contributing to enhanced prediction reliability [8]. 

Meta-learning, often described as “learning to learn,” has emerged as a powerful tool for 
automating parameter adjustments within ensemble models, allowing them to adapt across various 
datasets and changing conditions [9]. Recent studies show that integrating gradient-based and 
Bayesian optimization within meta-learning frameworks enhances the adaptability of ensemble 
models like the VotingRegressor, making them highly suitable for real-world solar radiation 
forecasting applications [Error! Bookmark not defined.,[10],[11]. 

Artificial Neural Networks (ANNs) also contribute significantly to advancements in solar 
radiation prediction. Their ability to learn complex, non-linear relationships from high-dimensional 
datasets makes ANNs particularly useful in environments with high atmospheric variability [12]. By 
integrating multiple meteorological variables, such as temperature, humidity, and wind speed, 
ANN-based models have demonstrated high accuracy, especially in regions with fluctuating weather 
patterns [13],[14]. 

To overcome these limitations, this study introduces a novel meta-learning-enhanced 
VotingRegressor model specifically designed for solar radiation prediction. By employing meta-
learning, the model dynamically adjusts the weights of its base models—Linear Regression, Random 
Forest, XGBoost, and CatBoost—in response to changing data patterns, enabling real-time 
adaptability and improved accuracy [Error! Bookmark not defined.]. This approach addresses the 
need for a flexible and computationally efficient model capable of capturing both linear and non-
linear relationships in solar radiation data. 

The primary contributions of this study are as follows: 

1. Dynamic Weight Adjustment: The model utilizes meta-learning to automate weight 
adjustment for each base model within the VotingRegressor ensemble, enhancing adaptability 
across varying atmospheric conditions without manual intervention. 

2. Improved Predictive Accuracy and Robustness: By capturing complex patterns within solar 
radiation data, the meta-learning VotingRegressor demonstrates substantial accuracy 
improvements over traditional and static ensemble models, evidenced by reduced Mean 
Absolute Error (MAE) and Root Mean Squared Error (RMSE) metrics. 

3. Practical Applicability for Renewable Energy Systems: Validated on data from the National 
Solar Radiation Database (NSRDB) over a diverse set of meteorological conditions, the model 
proves effective for real-world applications, including solar farm optimization, grid 
management, and renewable energy trading, highlighting its potential as a valuable tool in the 
renewable energy sector. 

This research underscores the importance of adaptive and efficient forecasting models in the 
field of renewable energy. By bridging theoretical advancements in machine learning with practical 
implementation, this study offers a benchmark for future developments in solar radiation prediction 
and renewable energy forecasting. 

2. Literature Review 

Accurate solar radiation forecasting plays a critical role in optimizing renewable energy 
resources, particularly for solar energy storage and distribution management. The inherent 
variability and complexity of solar radiation data, driven by factors like cloud cover and atmospheric 
pressure, have prompted researchers to develop advanced machine learning and ensemble 
techniques to improve forecasting accuracy. 

Ensemble learning methods, such as the VotingRegressor, aggregate predictions from multiple 
base models, forming a robust model that captures both linear and non-linear patterns. This 
aggregation improves the resilience of predictions in varying conditions. Boutahir et al. (2024) 
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demonstrated that a meta-learning-optimized VotingRegressor, capable of dynamically adjusting 
weights among base estimators, significantly enhances prediction accuracy [Error! Bookmark not 
defined.]. By combining models like Linear Regression, Random Forest, and CatBoost, this adaptive 
model improved performance across various weather conditions [Error! Bookmark not defined.]. 
Jallal et al. (2020) also integrated a deep neural network with particle swarm optimization for solar 
tracking, which allowed effective adaptation to rapid solar radiation changes [15]. This hybrid 
approach underscores the potential of ensemble models to integrate varied model strengths for 
improved solar radiation forecasting in dynamic environments [16],[17]. 

Machine learning models, particularly XGBoost and CatBoost, have gained traction for 
managing complex solar radiation datasets with high-dimensional features [Error! Bookmark not 
defined.]. XGBoost, known for its gradient-boosting mechanism, progressively minimizes prediction 
errors, making it suitable for capturing intricate data relationships [18]. Emrani (2022) introduced a 
hybrid forecasting system combining solar, wind, and gravity-based energy storage with 
optimization metrics, achieving cost efficiency without compromising accuracy [19]. This approach 
illustrated the effectiveness of hybrid energy forecasting models that leverage machine learning for 
broader energy management solutions. Belmahdi et al. (2022) further validated that machine learning 
models, especially XGBoost, outperform traditional time-series models in solar radiation forecasting, 
effectively capturing the complex variability of radiation data influenced by atmospheric changes 
[20]. 

Meta-learning, or “learning to learn,” has become increasingly relevant in solar radiation 
forecasting, particularly for enhancing ensemble model adaptability [Error! Bookmark not defined.]. 
By enabling models to automatically adjust parameters, meta-learning techniques allow ensemble 
models to perform well across varying datasets and environmental conditions [21]. Vettoruzzo et al. 
(2024) reviewed gradient-based meta-learning strategies, emphasizing their ability to adjust model 
weights dynamically in response to changing data [22]. Additionally, Tunio et al. (2023) developed a 
Bayesian optimization framework for meta-learning, which demonstrated robustness in 
environmental datasets with fluctuating patterns, highlighting the potential for enhanced 
adaptability in solar radiation models through meta-learning [23]. 

Artificial Neural Networks (ANNs) are commonly employed in solar radiation forecasting due 
to their capacity to model complex, non-linear relationships within data. ANNs are adept at learning 
from high-dimensional datasets, making them effective in forecasting solar irradiance influenced by 
multiple meteorological factors [Error! Bookmark not defined.,Error! Bookmark not defined.]. 
Moungnutou Mfetoum et al. (2024) used a multilayer perceptron neural network to forecast solar 
irradiance in Central Africa, incorporating meteorological data such as temperature, wind speed, 
humidity, and air pressure [24]. This model achieved high prediction accuracy across diverse 
atmospheric conditions, underscoring the utility of ANNs in regions with significant variability in 
solar radiation [Error! Bookmark not defined.]. The success of ANNs in handling complex datasets 
reinforces their relevance as a complementary approach in advanced solar forecasting models. 

The integration of ensemble learning, machine learning optimization, meta-learning, and neural 
networks has significantly advanced solar radiation forecasting, enabling greater predictive accuracy, 
adaptability, and robustness [25]. Researchers have developed models that address the non-linear 
and highly variable nature of solar radiation data, paving the way for enhanced renewable energy 
management [26]. This study builds upon these advancements by introducing a meta-learning-
optimized VotingRegressor model, designed to dynamically adjust base model weights and balance 
linear and non-linear relationships within solar radiation data. Through these state-of-the-art 
approaches, the proposed model aims to set a new benchmark for solar radiation forecasting accuracy 
and reliability, supporting real-world applications in renewable energy. 

3. Methodology 

The methodology framework for this study on solar radiation prediction is illustrated in Figure 
1. The framework consists of five primary stages: 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 November 2024 doi:10.20944/preprints202411.1146.v1

https://doi.org/10.20944/preprints202411.1146.v1


 4 

 

 

Figure 1. The research methodology framework. 

Data Collection: This initial stage involves gathering solar radiation and meteorological data 
from public databases and sensor data sources. These datasets provide essential variables such as 
temperature, humidity, and atmospheric pressure, which are critical for accurate solar radiation 
prediction. 

Data Preprocessing: In this stage, the collected data undergoes cleaning, normalization, and 
feature extraction. Data cleaning removes inconsistencies and errors, normalization scales the data 
for model compatibility, and feature extraction identifies key predictors, preparing the data for model 
input. 

Model Development: The core of the methodology is the model development phase, where a 
meta-learning-enhanced VotingRegressor is created. This ensemble model integrates multiple base 
models—Linear Regression, Random Forest, XGBoost, and CatBoost—to capture both linear and 
non-linear relationships within the data. 

Model Training and Optimization: Using meta-learning techniques, the model dynamically 
adjusts the weights of its base learners in response to varying data patterns. This optimization process 
enhances the model’s adaptability and accuracy across different atmospheric conditions. 

Performance Evaluation: The final stage involves assessing the model’s accuracy and robustness 
using key metrics such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R-
squared (R²). These metrics provide a comprehensive evaluation of the model’s predictive 
capabilities. 

The framework demonstrates a structured approach to solar radiation prediction, with each 
stage contributing to the development of a robust, adaptable model capable of supporting real-world 
renewable energy applications. 

3.1. Data Collection and Preprocessing 

The dataset used in this study was sourced from the National Solar Radiation Database (NSRDB) 
[27], a comprehensive resource providing high-resolution solar radiation and meteorological data for 
various geographic regions. Data from the NSRDB was selected due to its reliability and extensive 
coverage, capturing diverse atmospheric conditions critical for robust model training and evaluation. 
A three-year period was chosen to encompass a wide range of seasonal and weather patterns, 
ensuring that the model can generalize effectively across different scenarios [28]. 

Data filtering was performed to focus on periods with complete and accurate records, excluding 
any intervals with missing or incomplete information. Relevant variables, including solar radiation, 
temperature, humidity, wind speed, and atmospheric pressure, were selected for their influence on 
solar radiation levels. Records with extreme outliers that could skew model training were removed, 
ensuring a focus on typical patterns in solar radiation data. The filtering process aligns with recent 
best practices in solar radiation forecasting, emphasizing data quality to enhance model accuracy 
[Error! Bookmark not defined.]. 

Several preprocessing steps were applied to prepare the data for the model: 
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Outlier Detection and Removal: Statistical methods, including the interquartile range (IQR) 
method, were employed to detect and remove outliers [29]. Removing these values minimizes the 
risk of biased predictions caused by atypical data points. 

Normalization: The dataset was normalized to a common scale to prevent bias due to input 
magnitude differences. Normalization enhances the ensemble’s stability by ensuring that no single 
base model dominates due to scale discrepancies among features [30]. 

Feature Engineering: Additional features were generated based on the selected variables, such 
as interaction terms between meteorological variables, to capture complex dependencies within the 
data. These engineered features enable the model to better capture non-linear relationships in solar 
radiation data, contributing to improved predictive accuracy [31]. 

These preprocessing steps, recommended in recent studies, play a crucial role in supporting the 
model’s adaptability and accuracy, particularly under varying atmospheric conditions [Error! 
Bookmark not defined.,Error! Bookmark not defined.,Error! Bookmark not defined.,Error! 
Bookmark not defined.]. 

3.2. Model Design and Configuration 

The proposed model is a meta-learning-enhanced VotingRegressor ensemble, incorporating 
four base models—Linear Regression, Random Forest, XGBoost, and CatBoost—each chosen for its 
specific strengths in handling solar radiation data: 

Linear Regression: Useful for capturing linear trends in solar radiation patterns [9]. 
Random Forest: Provides robustness in managing variance and reducing overfitting, adding 

stability to the ensemble [Error! Bookmark not defined.]. 
XGBoost and CatBoost: Both gradient-boosting models are well-suited for high-dimensional, 

non-linear datasets, enabling the ensemble to capture complex relationships within solar radiation 
data [Error! Bookmark not defined.]. 

Table 1 provides an overview of the hyperparameters configured for each base model, selected 
based on preliminary tests to optimize model performance. Hyperparameters were chosen to balance 
prediction accuracy and computational efficiency, ensuring that the ensemble can adapt effectively 
to diverse data patterns [32]. 

Table 1. Base Model Hyperparameters and Selection Rationale [33]. 

Model Hyperparameter Value Rationale 
Linear Regression Regularization L2 Enhances stability by reducing variance. 

Random Forest Number of Trees 100 
Provides a balance between accuracy and 

computation. 
XGBoost Learning Rate 0.1 Controls step size to prevent overfitting. 

CatBoost Depth 6 
Optimizes for accuracy while managing 

computational cost. 

3.3. Meta-Learning and Dynamic Weight Optimization 

To enable the model’s adaptability to changing data patterns, a meta-learning framework was 
implemented to dynamically adjust the weights of the base models [Error! Bookmark not defined.]. 
This meta-learning approach automates the weight adjustment process within the ensemble, 
allowing the model to respond flexibly to real-time data variability. Gradient-based and Bayesian 
optimization techniques were employed within this framework: 

Gradient-Based Optimization: Enables rapid adjustment of weights based on immediate 
changes in data patterns, allowing the model to respond quickly to fluctuations in atmospheric 
conditions [Error! Bookmark not defined.]. 

Bayesian Optimization: Fine-tunes the ensemble’s weights over longer periods, improving 
accuracy by considering historical data patterns [Error! Bookmark not defined.,Error! Bookmark not 
defined.,Error! Bookmark not defined.,Error! Bookmark not defined.]. 
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By integrating these optimization techniques, the meta-learning VotingRegressor achieves real-
time adaptability without manual intervention. This approach addresses the need for a 
computationally efficient model that can handle both linear and non-linear relationships within solar 
radiation data, making it well-suited for practical applications in renewable energy forecasting [Error! 
Bookmark not defined.]. 

4. Experiments and Results 

4.1. Experimental Setup 

To evaluate the performance of the proposed meta-learning-enhanced VotingRegressor, the 
dataset was split into 70% training, 15% validation, and 15% testing subsets. This split ensures the 
model is exposed to diverse meteorological conditions during training while preserving unseen data 
for evaluation [34]. Experiments were conducted on a system equipped with an Intel i7 processor, 
16GB RAM, and an NVIDIA GTX 1080 GPU. Model development and optimization were performed 
using Scikit-Learn, CatBoost, and Hyperopt. 

4.2. Evaluation Metrics 

Model performance was assessed using these key metrics: 
1. Mean Absolute Error (MAE) (Equation 1): Represents the average absolute error between the 

predicted and observed values, directly reflecting prediction accuracy [35],Error! Bookmark 
not defined.,Error! Bookmark not defined.]. Lower values indicate better model performance. 

𝑴𝑨𝑬 =  
1

𝑛
 ෍|𝑦௜ − 𝑦ො௜|

௡

௜ୀଵ

 (1)

where 𝑦௜is the actual solar radiation value for the 𝑖 observation, 𝑦ො௜is the predicted solar radiation 
value, and, 𝑛 is the total number of observations. Lower MAE values indicate higher prediction 
accuracy. 
2. Root Mean Squared Error (RMSE) (Equation 2): This metric places greater emphasis on larger 

errors, making it suitable for applications sensitive to significant deviations in solar radiation 
predictions [36],Error! Bookmark not defined.,Error! Bookmark not defined.]. 

𝑹𝑴𝑺𝑬 =  ඩ
1

𝑛
 ෍(𝑦௜ − 𝑦ො௜)

ଶ

௡

௜ୀଵ

 (2)

where 𝑦௜and 𝑦ො௜i are the actual and predicted values as defined above and  𝑛 is the total number of 
observations. Lower RMSE values signify fewer large deviations, reflecting greater prediction 
accuracy. 
3. R-squared (R²) (Equation 3): Represents the variance explained by the model, with values 

closer to 1 indicating strong predictive fit [Error! Bookmark not defined.,Error! Bookmark not 
defined.,[37]. 

𝑹𝟐 = 1 −
∑ (𝑦௜ − 𝑦ො௜)

ଶ௡
௜ୀଵ

∑ (𝑦௜ − 𝑦ത)ଶ௡
௜ୀଵ

 (3)

where 𝑦ത is the mean of the actual values, ∑ (𝑦௜ − 𝑦ො௜)
ଶ௡

௜ୀଵ  represents the sum of squared errors of the 
predictions, and, ∑ (𝑦௜ − 𝑦ത)ଶ௡

௜ୀଵ  is the total variance of the actual values. Higher R² values, closer to 1, 
indicate better fit and predictive robustness. 

4.3. Results 

4.3.1. Performance of Base Models 
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Each base model—Linear Regression, Random Forest, XGBoost, and CatBoost—was evaluated 
independently to establish a baseline. Table 2 summarizes the performance metrics for each model. 
Linear Regression displayed the highest errors, while XGBoost and CatBoost exhibited better 
accuracy due to their ability to capture non-linear relationships within the data [Error! Bookmark not 
defined.]. 

Table 2. Base Model Performance Comparison. 

Model MAE RMSE R² 
Linear Regression 2.5 3.1 0.82 

Random Forest 1.8 2.4 0.87 
XGBoost 1.5 2.1 0.90 
CatBoost 1.4 2.0 0.91 

4.3.2. Ensemble Model with Meta-Learning 

The performance of the VotingRegressor ensemble model, both with and without meta-learning 
optimization, was evaluated. As shown in Table 3, the meta-learning-optimized VotingRegressor 
outperformed the non-optimized version and each base model. The integration of meta-learning 
through Tree-structured Parzen Estimator (TPE) optimization enabled dynamic weight adjustments, 
which significantly improved the model's capacity to adapt to varying meteorological conditions 
[Error! Bookmark not defined.]. 

Table 3. VotingRegressor Performance with Meta-Learning. 

Model MAE RMSE R² 
VotingRegressor (no meta-learning) 1.6 2.2 0.89 

VotingRegressor with Meta-Learning 1.3 1.9 0.92 

4.3.3. Comparative Performance by Weather Condition 

To assess the model’s adaptability, performance was further evaluated under various weather 
conditions: clear, cloudy, and partly cloudy. Table 4 shows the model’s performance across these 
conditions. The meta-learning-optimized VotingRegressor maintained low error rates, 
demonstrating improved adaptability in different atmospheric scenarios. 

Table 4. Model Performance by Weather Condition. 

Weather Condition MAE RMSE R² 
Clear 1.1 1.6 0.94 

Cloudy 1.4 2.0 0.91 
Partly Cloudy 1.2 1.8 0.93 

Figure 2 shows how the model adjusted weights for each base model over time in response to 
changing data patterns. This visualization underscores the dynamic nature of the ensemble, as it 
optimized the contribution of each base model according to prevailing conditions. 
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Figure 2. Dynamic Weight Adjustments in Meta-Learning VotingRegressor. 

4.3.4. Feature Importance in Tree-Based Models 

Figure 3 provides a feature importance analysis from the ensemble’s tree-based models 
(XGBoost and CatBoost). This analysis identifies key features influencing the model’s predictions, 
such as temperature and humidity, which align with established predictors in solar radiation studies. 

 

Figure 3. Feature Importance in Tree-Based Models. 

4.3.5. Error Trend Over Time 

Figure 4 displays the trend of absolute prediction errors over a sample period, illustrating the 
model’s consistency. The stable trend line indicates that the meta-learning model maintains 
performance over time, even with varying atmospheric conditions. 
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Figure 4. Feature Importance in Tree-Based Models. 

4.3.6. Interpretation of Results 

The experimental results demonstrate that the meta-learning-optimized VotingRegressor 
significantly outperforms both individual base models and the non-optimized ensemble. This 
improvement in performance can be primarily attributed to the model’s ability to dynamically adjust 
the weights of base models through meta-learning, which is a notable advancement over traditional 
static ensemble methods [Error! Bookmark not defined.]. Each of the following elements underscores 
the robustness and versatility of the model, setting it apart from conventional approaches and 
highlighting its potential for real-world applications. 
1. Enhanced Predictive Accuracy: Performance analysis indicated that the meta-learning model 

decreased MAE by 19% and RMSE by 14% relative to traditional baselines, demonstrating 
notable accuracy gains [38]. These reductions reflect the model’s capability to effectively 
minimize prediction errors, thereby enhancing the reliability of solar radiation forecasts [39]. 
Such accuracy is especially critical in solar radiation applications, where even minor errors can 
lead to inefficient resource allocation, suboptimal energy storage, or imbalances in energy grid 
stability [40]. By capturing both linear and non-linear patterns within the data through its 
dynamic weighting mechanism, the model ensures consistent performance across diverse 
conditions [41]. This capability not only emphasizes the robustness of the meta-learning 
approach but also highlights its practical utility in addressing the variability and complexity 
inherent in solar radiation data [42]. Moreover, the reduction in RMSE indicates the model’s 
capacity to mitigate large prediction deviations, further solidifying its role as a reliable 
forecasting tool in renewable energy systems [Error! Bookmark not defined.,Error! Bookmark 
not defined.]. 

2. Dynamic Adaptability to Atmospheric Conditions: One of the key contributions of this study 
is the model’s demonstrated adaptability across different weather conditions, including clear, 
cloudy, and partly cloudy days. Table 4 shows that the meta-learning model maintained 
consistent performance under all scenarios, showcasing its ability to recalibrate in response to 
changing atmospheric conditions. This adaptability is essential for real-world applications 
where atmospheric factors are highly variable and traditional models may falter [43]. By 
dynamically adjusting weights based on prevailing weather conditions, the model effectively 
balances contributions from linear and non-linear predictors, enhancing resilience in volatile 
environments [Error! Bookmark not defined.]. 

3. Weight Adjustment Visualization and Model Transparency: Figure 2 illustrates the dynamic 
weight adjustments made by the meta-learning framework over time, showing that different 
base models were prioritized based on the data patterns encountered. This weight adjustment 
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visualization provides transparency into how the ensemble model adapts and allocates 
emphasis to base models like Random Forest and CatBoost when non-linear patterns dominate, 
or to Linear Regression during periods of linear variation [9]. This transparency is crucial for 
stakeholders who need to understand the model’s inner workings, especially in sectors like 
renewable energy, where interpretability fosters trust and improves decision-making [Error! 
Bookmark not defined.]. 

4. Feature Importance Analysis: Figure 3 offers insights into the feature importance from the tree-
based models (XGBoost and CatBoost) within the ensemble. Features such as temperature, 
humidity, and atmospheric pressure emerged as primary predictors, aligning with existing 
literature on solar radiation forecasting [Error! Bookmark not defined.]. This feature importance 
analysis not only reinforces the model’s alignment with physical principles of solar radiation but 
also provides actionable insights for domain experts to focus on the most impactful variables. 

5. Consistency and Stability Over Time: The error trend analysis in Figure 4 reveals a stable 
pattern in prediction errors over the test period, indicating the model’s consistency in 
performance. This stability is a critical aspect of the model’s contribution, as it suggests that the 
meta-learning mechanism enables the model to perform reliably even with fluctuations in 
atmospheric conditions [Error! Bookmark not defined.]. For applications in solar farm 
optimization and energy grid management, such stability is valuable for long-term planning and 
operational reliability [44]. 

6. Implications for Renewable Energy Forecasting: The demonstrated improvements in 
predictive accuracy, adaptability, and stability position the meta-learning VotingRegressor as a 
highly applicable tool for renewable energy systems. By ensuring accurate forecasts across 
diverse conditions, this model can support solar farm operators in optimizing energy storage 
and supply strategies, reduce the need for non-renewable backup power, and enhance grid 
stability [Error! Bookmark not defined.]. Furthermore, its adaptability and robustness provide 
a benchmark for future developments in solar radiation forecasting models, setting a precedent 
for the integration of meta-learning techniques in energy forecasting applications [Error! 
Bookmark not defined.]. 
In summary, the meta-learning-optimized VotingRegressor addresses several limitations in 

traditional ensemble methods, offering a model that is both accurate and adaptable to real-world 
conditions. The integration of dynamic weight adjustments not only improves predictive accuracy 
but also enhances the model's resilience in highly variable atmospheric scenarios. These contributions 
underscore the model’s potential impact in advancing solar radiation forecasting for renewable 
energy management, setting a foundation for future research that integrates adaptive machine 
learning models in environmental forecasting. 

5. Discussion 

The results of this study provide valuable insights into the performance of a meta-learning-
enhanced VotingRegressor model for solar radiation prediction, showcasing advancements in 
predictive accuracy, adaptability to varying meteorological conditions, and practical utility for 
renewable energy applications. 

The meta-learning VotingRegressor outperformed traditional base models and static ensemble 
methods, as evidenced by reduced Mean Absolute Error (MAE) and Root Mean Squared Error 
(RMSE) values. The ability of the model to dynamically adjust the weights of its base learners—Linear 
Regression, Random Forest, XGBoost, and CatBoost—contributes to its robustness in capturing both 
linear and non-linear relationships within solar radiation data [Error! Bookmark not defined.]. This 
flexibility is crucial for maintaining high accuracy across diverse environmental conditions, 
providing an essential improvement over models that rely on fixed weights. These findings align 
with recent research that demonstrates the effectiveness of adaptive models in energy forecasting and 
highlight the need for scalable, accurate models in renewable energy management [Error! Bookmark 
not defined.]. 

The adaptability of the meta-learning model was tested across various weather conditions, 
including clear, cloudy, and partly cloudy scenarios. The model’s consistent performance, with lower 
MAE and RMSE under each condition, underscores its ability to respond effectively to atmospheric 
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variability. This adaptability is critical in real-world applications, where solar radiation levels 
fluctuate frequently due to changing weather [Error! Bookmark not defined.]. By dynamically 
adjusting to these fluctuations, the meta-learning ensemble model offers a significant advantage over 
static models, making it particularly useful for environments with unpredictable or rapidly changing 
meteorological conditions. 

While the meta-learning model demonstrated high accuracy and adaptability, the introduction 
of dynamic optimization does incur additional computational costs. Future research could explore 
methods to improve computational efficiency, such as implementing more advanced meta-learning 
optimizers or leveraging distributed computing frameworks. For instance, adopting meta-gradient 
descent or reinforcement learning-based optimizers could enhance real-time adaptability while 
reducing the model’s overall computational demands [45]. Additionally, edge computing and 
distributed architectures may enable this model to scale effectively, supporting real-time applications 
in resource-constrained environments like remote solar farms or smart grids [46]. 

The high accuracy, adaptability, and resilience of the meta-learning VotingRegressor make it an 
ideal candidate for renewable energy applications, including solar farm optimization, grid 
management, and energy trading. For example, accurate solar radiation forecasting can help solar 
farm operators optimize energy storage and distribution, reducing dependency on non-renewable 
energy sources [47]. In smart grids, this model's adaptability to varying conditions supports efficient 
load balancing, minimizing reliance on backup power sources and contributing to grid stability 
[Error! Bookmark not defined.]. Additionally, the model’s ability to handle diverse weather 
conditions makes it suitable for deployment in regions with fluctuating solar radiation levels, 
enhancing the feasibility of solar power as a primary energy source [Error! Bookmark not defined.]. 

This study contributes to the growing field of adaptive forecasting models in renewable energy. 
Future research could build upon these findings by exploring hybrid models that combine deep 
learning architectures with meta-learning, such as CNN-LSTM hybrids, to improve both spatial and 
temporal pattern recognition [48]. Moreover, integrating additional atmospheric features—such as 
aerosol concentration, albedo, and cloud movement—could further enhance prediction accuracy [49]. 
The model’s applicability could also extend beyond solar radiation forecasting, potentially aiding in 
wind and hydropower prediction, thereby broadening its impact on renewable energy forecasting 
[50]. 

In summary, this research underscores the effectiveness of the meta-learning-enhanced 
VotingRegressor as a robust, adaptable, and practical tool for solar radiation forecasting. By 
dynamically optimizing model weights based on prevailing atmospheric conditions, the proposed 
model addresses critical limitations in traditional forecasting methods, offering a benchmark for 
future developments in renewable energy forecasting. This advancement marks a step forward in 
supporting the sustainable integration of renewable energy into the grid, paving the way for more 
adaptive and reliable energy management systems. 

6. Conclusions 

This study introduced a meta-learning-enhanced VotingRegressor model specifically designed 
to improve solar radiation prediction accuracy and adaptability in diverse meteorological conditions. 
The model demonstrated significant improvements in prediction metrics—particularly Mean 
Absolute Error (MAE) and Root Mean Squared Error (RMSE)—compared to traditional ensemble 
and individual base models. By leveraging meta-learning for dynamic weight adjustments among 
base models, the VotingRegressor achieved a high level of adaptability, allowing it to respond 
effectively to the varying atmospheric conditions critical for real-world applications. 

The proposed model’s robust performance across different weather scenarios highlights its 
practical utility for renewable energy systems. In applications such as solar farm optimization, energy 
grid management, and renewable energy trading, accurate solar radiation forecasting enables more 
efficient energy allocation and storage. Moreover, the adaptability demonstrated by the model under 
conditions like clear, cloudy, and partly cloudy skies suggests its resilience in dynamic environments, 
making it suitable for deployment in regions with fluctuating weather patterns. 
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While the meta-learning approach enhances predictive accuracy and flexibility, the added 
computational complexity associated with dynamic weight optimization suggests an area for 
improvement. Future work could explore more computationally efficient meta-learning techniques, 
such as reinforcement learning-based optimizers or meta-gradient descent, to reduce processing time 
and support scalability for real-time applications. Additionally, distributed and edge computing 
frameworks could be employed to extend this model’s applicability in resource-constrained 
environments. 

This study’s contributions underscore the potential of meta-learning in advancing renewable 
energy forecasting models. By bridging theoretical advancements in machine learning with practical 
implementation, this research sets a benchmark for future studies in solar radiation prediction and 
renewable energy forecasting. Expanding on this work, future research could explore hybrid 
architectures that incorporate deep learning techniques, such as CNN-LSTM combinations, to 
enhance spatial and temporal accuracy in energy predictions. Furthermore, integrating additional 
atmospheric and environmental features—such as aerosol concentration, cloud movement, and 
albedo—could yield even higher accuracy and broader applicability across renewable energy sectors, 
including wind and hydropower forecasting. 

In conclusion, the meta-learning-enhanced VotingRegressor model presented in this study 
provides a robust, adaptable, and highly accurate approach to solar radiation forecasting. These 
advancements support the broader integration of renewable energy into the power grid, enabling 
more sustainable and reliable energy management systems. The findings lay the groundwork for 
continued innovation in adaptive forecasting models that will drive efficiency and resilience in the 
renewable energy industry. 
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