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ABSTRACT: Knowing the influence of the size of datasets for regression models can help in improving the accuracy
of a solar power forecast and make the most out of renewable energy systems. This research explores the influence
of dataset size on the accuracy and reliability of regression models for solar power prediction, contributing to better
forecasting methods. The study analyzes data from two solar panels, aSiMicro03036 and aSiTandem?72-46, over 7, 14, 17,
21, 28, and 38 days, with each dataset comprising five independent and one dependent parameter, and split 80-20 for
training and testing. Results indicate that Random Forest consistently outperforms other models, achieving the highest
correlation coefficient of 0.9822 and the lowest Mean Absolute Error (MAE) of 2.0544 on the aSiTandem72-46 panel
with 21 days of data. For the aSiMicro03036 panel, the best MAE of 4.2978 was reached using the k-Nearest Neighbor
(k-NN) algorithm, which was set up as instance-based k-Nearest neighbors (IBk) in Weka after being trained on 17 days
of data. Regression performance for most models (excluding IBk) stabilizes at 14 days or more. Compared to the 7-day
dataset, increasing to 21 days reduced the MAE by around 20% and improved correlation coefficients by around 2.1%,
highlighting the value of moderate dataset expansion. These findings suggest that datasets spanning 17 to 21 days, with
80% used for training, can significantly enhance the predictive accuracy of solar power generation models.

KEYWORDS: Correlation coeflicients; dataset size; machine learning; mean absolute error; regression; solar power
prediction

1 Introduction

Producing solar power is crucial for meeting the world’s energy needs and reducing the environmental
effects of traditional energy sources. With advancements in solar technology and growing ecological con-
sciousness, solar power is increasingly becoming a pivotal component of the renewable energy landscape [1].
However, to effectively harness solar energy, accurate prediction of solar power generation is essential, as it
depends on variables like location, weather, and time of day.

Applying machine learning (ML) techniques has significantly improved solar power forecasting by
enabling models to learn from historical patterns and predict future outputs more accurately [2]. Recent
research has demonstrated the superior capability of deep learning and ensemble-based methods, such as
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LSTM, CNN, Random Forest, and Gradient Boosting, in capturing non-linear dependencies and improving
predictive performance compared to traditional statistical methods. For instance, Ref. [3] used a hybrid
LSTM-XGBoost model for solar irradiance prediction and reported substantial accuracy gains under
dynamic weather conditions. Similarly, Ref. [4] showed that ensemble models like Random Forest and
AdaBoost outperformed standalone algorithms regarding reliability and stability in solar forecasting tasks.

Regression, in particular, remains widely adopted for solar power prediction tasks due to its suitability
for modeling continuous output variables such as energy generation levels. Recent advances also highlight
integrating feature selection and data preprocessing techniques to boost regression model performance.
For example, Ref. [5] demonstrated that applying Min-Max normalization significantly reduced RMSE in
SVR and ANN-based solar prediction models, while Ref. [6] highlighted how normalization improves
convergence in neural networks.

The performance of ML algorithms in predicting solar power generation is highly dependent on the
quality and quantity of the data used for training. Dataset size is essential in determining a model’s accuracy
and generalization capability. Larger datasets yield better performance by reducing overfitting, although they
come with increased preprocessing and computational demands [7]. However, Ref. [8] argued that increasing
data size shows diminishing returns beyond a certain threshold unless accompanied by relevant feature
selection and data refinement strategies.

There isn't a single accepted definition of what constitutes an optimal dataset; instead, different
researchers [9] have explored diverse heuristics and empirical methods to define ideal dataset compositions
regarding volume, diversity, and quality.

This study investigates the impact of dataset size on the regression performance of ML algorithms for
predicting solar power generation. By systematically varying training dataset sizes and evaluating model
performance, the study aims to understand how data volume affects accuracy and robustness in solar
prediction tasks.

The key contributions of this study include: (i) a comparative analysis of normalized vs. raw data input
on various machine learning models for solar energy prediction; (ii) evaluation of model robustness across
different data split percentages; and (iii) evidence of improved prediction accuracy with normalization,
especially for neural network-based models. These contributions extend prior works by providing a detailed
quantification of normalization impacts.

This study offers a novel contribution by systematically investigating how the size of short-term datasets
affects the predictive performance of regression models in solar power generation. This topic has received
limited attention in prior research. While earlier research mainly looked at comparing models or predicting
over long periods, our study examines explicitly how different dataset lengths (7-38 days) affect six standard
regression models using actual solar panel data. Unlike most literature that emphasizes either model
optimization or feature selection, this study offers numerical details about the minimum effective dataset
length required to achieve reliable predictions, focusing on MAE reduction and correlation improvements.
Furthermore, using two different panel types enhances the generalizability of the findings. This research
provides practical guidelines for solar energy analysts and researchers regarding the trade-off between data
volume and model accuracy, particularly when data availability is limited.

2 Dataset
2.1 Data Source

The National Renewable Energy Laboratory (NREL) is a national laboratory of the United States
Department of Energy that provided the data utilized in this study. Every day, NREL uses the Internet to
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retrieve the data stored in a database. Data that did not meet quality requirements were excluded using quality
assurance (QA) techniques [10].

This study used data from 40 days to ensure high-quality, consistent data with minimal missing values
and noise. The limited timeframe allowed for a controlled evaluation of the effects of data normalization on
model performance without introducing seasonal variability. It also enabled faster experimentation, aligning
with the study’s focus on methodology rather than long-term forecasting. Table 1 presents an overview of the
data specifications.

Table 1: Data specifications

Parameter Specification
Date and time 21 January 2011 onward (8:00 a.m.-5:00 p.m.) at 5-min
intervals
Geographic location Cocoa City, FL, USA
Latitude 28.39° N
Longitude -80.46° W
Time zone UTC-5
PV module identifier (i) aSiMicro03036 (ii) aSiTandem72-46
PV technology (i) Amorphous silicon/microcrystalline silicon (ii)
Amorphous silicon tandem junction
Construction (i) Glass front/Tedlar back (ii) Glass front/Glass back
Pseudo Manufacturer/Model (i) 7 H (ii) 8,1
Elevation 12 m above sea level
PV module tilt 28.5°
PV module azimuth 180°

3 Software and Methodology

The study evaluates five machine learning algorithms for solar power prediction: a simple method of
linear Regression that captures linear relationships (as a baseline model); support vector machine learning
for regression tasks (SMOreg), which can model non-linear relationships using kernel tricks; Multilayer
Perceptron (MLP/ANN), a type of neural network that accommodates complex non-linearities; random
forest, an ensemble of decision trees that are robust to noise; and k-Nearest Neighbors (k-NN/IBk), an
instance-based learner who employs local averaging. Due to their diverse regression methods, we included
these models with random forest and k-NN showing the most promise in preliminary studies. The study
compares their performance across dataset sizes, using Weka’s implementation for fairness.

3.1 Weka Software

This investigation employed the dependable and popular open-source machine-learning program
Weka, created at the University of Waikato. Weka covers a wide range of machine learning algorithms, has
an intuitive interface, and is particularly well-accepted for research and teaching. Its credibility is enhanced
by its thriving open-source community, frequent updates, and favorable user feedback [11].
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3.2 Methodology

In the data collection and preprocessing phase, datasets are gathered from two solar panels and then
subjected to preprocessing steps to ensure data quality. This involves handling missing values, normalizing
features, and performing other necessary data-cleaning tasks.

To ensure the accuracy and reliability of the predictive models, several data preprocessing steps were
applied to address potential quality issues such as missing values, outliers, and extreme values. First, we
looked at the raw dataset to find any missing entries; we filled these gaps using linear interpolation based
on nearby time-series data to keep the data smooth without creating false trends. The study employed the
interquartile range (IQR) method to identify outliers, identifying points more than 1.5 times the IQR away
from the first or third quartile. Detected outliers were carefully reviewed, and if they were found to be due
to sensor anomalies or data logging errors, they were either corrected (when ground truth was available) or
removed from the dataset. Additionally, all input features were normalized using Min-Max scaling to ensure
uniformity and enhance model convergence during training. These preprocessing steps ensured a clean and
consistent dataset, forming a robust foundation for accurate model development and evaluation [12].

Moving on to model selection, suitable machine learning algorithms for regression tasks in Weka
are chosen. These include Linear Regression (Eq. (1)), Support Vector Machine for Regression (SMOreg)
(Eq. (2)), Multilayer Perceptron (MLP) (Eq. (3)), Random Forest (Eq. (4)), and k-Nearest Neighbor (k-NN)
(Eq. (5)). Following model selection, the datasets are split into 80:20 training and testing sets using Weka’s
built-in functions or manually. The machine learning models, formulations, and workflows are shown below.

3.2.1 Linear Regression

Equation:

y:B0+zﬂ:6[3ix,-+e (1)
i-1

where y is the solar power output, x; is the feature (e.g., irradiance, temperature), f; are the coefficients, and
¢ is the error.

Workflow:
Fit coefficients via ordinary least squares (OLS) minimization.

Predict using the linear combination of features.

3.2.2 Support Vector Machine Regression (SMOreg)

SMOreg is a Support Vector Machine (SVM) variant modified for regression tasks. It effectively
captures complex relationships in high-dimensional feature spaces and is less susceptible to overfitting.
However, it can be computationally intensive, especially with large datasets, and requires careful selection of
hyperparameters [13].

Equation (Kernel-Based Prediction):

y:ﬁo+i(ai—a*,~)K(xi,x)+b )

i=1

where K(x;, x) is the RBF kernel exp(—y||x;—x||*), and ;s are the Lagrange multipliers.
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Workflow:
Transform features using the RBF kernel.

Solve the dual optimization problem via sequential minimal optimization (SMO).

3.2.3 Multilayer Perceptrons (MLPs)

Multilayer Perceptron (MLP), or Artificial Neural Network (ANN)), is a versatile algorithm inspired by
the structure and function of biological neurons. It consists of multiple layers of interconnected neurons
that process input data and propagate information through the network to produce output predictions.
MLPs can capture complex non-linear relationships in data and can learn from large and diverse datasets.
Training MLPs can be computationally expensive and require careful tuning of hyperparameters to prevent
overfitting [14].

Equation (Forward Propagation):

D = o (WD) 4 1) 3)

where ¢ is ReLU activation, and W" are layer weights.
Workflow:
Initialize weights and biases.

Train via backpropagation with Adam optimizer (default: learning rate = 0.3).

3.2.4 Random Forest

Random Forest is an algorithm that constructs multiple decision trees during training and combines
their predictions through averaging (Regression) to improve accuracy and reduce variance. Random forests
are robust enough to overfit, handle numerical and categorical data well, and provide feature-importance
rankings. They may be prone to overfitting with noisy datasets and can be computationally expensive,
especially with many trees [15].

Equation (Ensemble Prediction):

1 T
y=;§ﬁ@) (4)

where T is the number of trees (default: 100), and f;(x) is the individual tree predictions.
Workflow:
Bootstrap sample training data for each tree.

Split nodes using mean squared error (MSE) reduction (default: mtry = \/n).

3.2.5 k-Nearest Neighbors (k-NN)

k-Nearest Neighbor (k-NN) is a simple, instance-based learning algorithm commonly used for regres-
sion tasks. It predicts the target parameter by averaging the values of the k nearest neighbors in the
feature space. k-NN is easy to understand and implement and can handle complex relationships in the data
without making strong assumptions about the underlying distribution. It can be computationally expensive
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during prediction, especially with large datasets, and the choice of the k parameter may impact the model’s
performance [16].

Equation (Prediction):

y=- 2 i (5)
xi€N(x)

where N(x) is the k nearest neighbors (default: k = 1).

Workflow:

Compute Euclidean distance between test and training points.

Average outputs of the k nearest neighbors.

Subsequently, model evaluation takes place. Weka’s training functionality trains each selected model on
different dataset sizes. The trained models are then tested on the corresponding testing sets to evaluate their
performance. Performance metrics such as correlation coefficients or mean absolute error are calculated
using Weka’s evaluation tools to assess the effectiveness of each model.

The analysis stage involves interpreting the evaluation results to comprehend the impact of dataset
size on regression performance for each machine learning algorithm. Fig. 1 illustrates the methodological

flowchart. Appendix A provides a detailed list of the model hyperparameters, including their default settings
as configured in the Weka software.

Data Collection and
Preprocessing

v

Model Selection

!

Dataset Splitting

!

Model Training and
Evaluation

|

Analysis of Results

Figure 1: Flowchart outlining the steps of the methodology

3.3 Evaluation Metrics

The correlation coefficient and MAE are valuable evaluation metrics in comparing regression algorithms
for predicting solar power generation.

The correlation coefficient indicates the direction and strength of the linear relationship between two
variables. In the case of Regression, it quantifies the degree of association between the predicted values and
the actual values. A correlation coefficient closer to 1 indicates a strong positive correlation, while a value
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closer to —1 indicates a strong negative correlation. A value near 0 suggests little to no linear relationship.
A high correlation coeflicient signifies that the predictions made by the regression model closely follow the
actual values, indicating good predictive performance [17].

Mean Absolute Error (MAE) measures the average absolute difference between actual and predicted
values. It provides a clear-cut assessment of the model’s predictive accuracy, regardless of the direction of
errors. A lower MAE indicates better predictive performance, as it signifies that, on average, the model’s
predictions are closer to the actual values [18]. The rationales for selecting these measures were as follows:

Correlation reflects the coherence between the directions of two solar power predictions and is essential
for solar power grid integration and energy planning [19].

MAE is resistant to outliers and is directly interpretable in power production units (W/m?), which is
useful for operation decisions [18]. They jointly considered both the linear relationship (correlation) and
absolute size of error (MAE), producing a balanced evaluation of overall model performance.

4 Results and Discussion

When analyzing 80% of the training data, all machine-learning algorithms utilized in this study, except
for IBk, exhibit similar responses across datasets lasting 14 days or more for both the aSiMicro03036 and
aSiTandem72-46 solar panel models. Patterns demonstrated by SMOreg, Linear Regression, and ANN
(MLP) remain consistent across datasets of varying sizes for both types of panels. Table 2 presents the
correlation coefficients for the aSiMicro03036 panel, and a graphical representation is provided in Fig. 2.
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Figure 2: Graphical representation of data from Table 2

Regarding the aSiMicro03036 panel, when the dataset spans 17 days, all machine-learning models
perform optimally with an 80% training set. Random Forest surpasses others with the highest correlation
coefficient (0.9822). IBk shows a response akin to Random Forest, producing the second-highest correlation
coeflicient (0.9786) under the same conditions.

For the aSiTandem72-46 panel, with a dataset spanning 21 days, all Machine Learning models achieve
peak performance with an 80% training set. Random Forest again outperforms the others with the highest
correlation coefficient (0.9647). At the same time, ANN (MLP) exhibits a response similar to Random Forest,
yielding the second-highest correlation coefficient (0.9531) under identical conditions. Table 3 presents the
correlation coefficients for the aSiTandem?72-46 panel, and a graphical representation is provided in Fig. 3.
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Table 2: Correlation coefficient of deployed ML algorithms for Cocoa_aSiMicro03036 solar panel across various dataset
sizes at 80%-20% training-testing split

Dataset size Linear regression SMOreg MLP (ANN) Random forest IBk (k-NN)

7 Days 0.9547 0.9514 0.9743 0.9559 0.9568
14 Days 0.9489 0.9492 0.9628 0.9635 0.9643
17 Days 0.9537 0.9523 0.9702 0.9822 0.9786
21 Days 0.9514 0.9505 0.9665 0.978 0.9752
28 Days 0.9372 0.9365 0.9531 0.9694 0.9587
38 Days 0.9323 0.9315 0.9444 0.9545 0.9382
097
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Figure 3: Graphical representation of data from Table 3

Table 3: Correlation coefficient of deployed ML algorithms for Cocoa_aSiTandem72-46 solar panel across various
dataset sizes at 80%-20% training-testing split

Dataset size Linear regression SMOreg MLP (ANN) Random forest IBk (k-NN)

7 Days 0.9474 0.9447 0.9602 0.9535 0.9368
14 Days 0.9246 0.9221 0.9445 0.959 0.9312
17 Days 0.9222 0.9195 0.9354 0.9478 0.9519
21 Days 0.9408 0.9409 0.9531 0.9647 0.9328
28 Days 0.9241 0.9234 0.9372 0.9459 0.913

38 Days 0.9336 0.9326 0.9457 0.952 0.9188

In Figs.2 and 3, a different trend in results is observed. This can be attributed to the various
characteristics of technological and manufacturing variations.

Regarding MAE, SMOreg, and Linear Regression, they exhibit similar responses for both solar panels.
Random Forest and IBk demonstrate nearly identical patterns for both solar panels, comparatively better
than those of SMOreg and Linear Regression. MLP (ANN) follows a similar pattern in the aSiMicro03036
panel, but it displays sharp non-linearity in the pattern for the aSiTandem?72-46 panel. Table 4 presents the
Mean Absolute Error for the aSiMicro03036 panel, and a graphical representation is provided in Fig. 4.
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Figure 4: Graphical representation of data from Table 4

Table 4: Mean absolute error of deployed ML algorithms for Cocoa_aSiMicro03036 solar panel across various dataset
sizes at 80%-20% training-testing split

Dataset size Linear regression SMOreg MLP Random forest IBk

7 Days 8.3736 7.9614 6.0181 5.4779 5.4023
14 Days 8.8156 8.4069  6.9365 5.4676 5.5007
17 Days 8.5792 8.4721  6.7868 4.5324 4.2978
21 Days 9.0252 8.9147 7.5914 4.963 4.5457
28 Days 10.1852 9.988 8.6829 5.8323 5.805
38 Days 9.7504 9.5165  9.5866 6.1313 6.3483

For the aSiMicro03036 panel, when the dataset spans 17 days, all Machine Learning models perform
optimally with an 80% training set. IBk outperforms others with the lowest MAE of 4.2978. Random Forest
shows a response similar to IBk, yielding the second-lowest MAE under the same conditions.

For the aSiTandem?72-46 panel, with a dataset spanning 21 days, all Machine Learning models achieve
peak performance with an 80% training set. Table 5 presents the Mean Absolute Error for the panel, and
a graphical representation is provided in Fig. 5. Random Forest outperforms the others with an MAE of
2.0544. At the same time, IBk demonstrates a response similar to Random Forest, yielding the second-lowest
MAE (2.1463) with a dataset spanning 17 days. In Figs. 3 and 5, IBk (k-NN) at 17 days and MLP (ANN) at
28 days show unexpected results. This can be attributed to using default parameters in those models without
proper tuning.

Datasets ranging from 17 to 21 days can be effectively utilized for predicting solar power generation,
with 80% of the data allocated to the training set to enhance prediction accuracy.

The approach presented in this section is highly scalable due to its reliance on publicly available data
and open-source tools like Weka. It is also applicable across different geographic regions by retraining the
model using location-specific meteorological data.
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Figure 5: Graphical representation of data from Table 5

Table 5: Mean absolute error of deployed ML algorithms for Cocoa_aSiTandem72-46 solar panel across various dataset
sizes at 80%—20% training-testing split

Dataset size Linear regression SMOreg MLP Random forest IBk

7 Days 2.9499 2.8879  2.5866 2.1858 2.4203
14 Days 3.7027 3.6431  2.9921 2.1538 2.3207
17 Days 3.5797 3.5423  4.1051 2.424 2.1463
21 Days 3.4111 33178  5.0443 2.0544 2.3963
28 Days 3.8285 3.79 7.9118 2.4845 2.4852
38 Days 3.5802 3.4942  3.4232 2.3456 2.5496

5 Conclusion

This study explored the relationship between dataset size and the performance of machine learning
algorithms in predicting solar power generation. Datasets from two solar panels over various periods
were analyzed, and the performance of five algorithms—linear Regression, Support Vector Machine for
Regression (SMOreg), Multilayer Perceptron (MLP), Random Forest, and k-Nearest-neighbor (IBk)—was
evaluated. Across datasets lasting 14 days or more, except for IBk, algorithms showed similar responses for
both aSiMicro03036 and aSiTandem72-46 panel models. Random Forest consistently outperformed others,
achieving the highest correlation coeflicients for both panels. Additionally, when the dataset spans 17 days,
all models performed optimally for aSiMicro03036, with IBk showing the lowest MAE. Random Forest
achieved the lowest MAE for aSiTandem?72-46 with a dataset spanning 21 days. The study concluded that
datasets ranging from 17 to 21 days, with 80% allocated to training, effectively predict solar power generation,
enhancing prediction accuracy. From these insights, in the case of Regression, it can be recommended
that the suitable dataset sizes for the aSiMicro03036 and aSiTandem?72-46 solar panels are 17 and 21
days, respectively.
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6 Implications and Future Research Opportunities
6.1 Study Limitations

Short Period and Small Geographic Scale: The data was collected over 40 days in only one location
(Cocoa City, FL, USA). This limits the results’ applicability to other seasons and regions, as solar PV power
production can vary significantly with climate and season.

Univariate Normalization Only: The paper employed only min-max scaling as the data normalization
method. Other normalization techniques, such as Z-score Normalization and robust scaling, were not
explored and may influence the results.

Default Model Parameters: Some models (IBk and MLP) were used with default hyperparameter settings
without tuning. This could explain particular unfavorable outcomes (e.g., the performance of IBk at 17 days
or the excessive non-linearity of the MLP), which may not have revealed their optimal capabilities.

External Factors Not Considered: The study did not include other influential factors, such as variations
in cloud cover, dust accumulation on panels, and regional differences in energy consumption patterns, which
may be pertinent to the accuracy of our solar power predictions.

Short-term Data: This analysis focuses on short-term data (7 to 38 days), which may not capture long-
term changes or cyclical variations in solar power generation.

6.2 Future Research Directions

Long-term Data Collection: Subsequent research should gather data over extended periods (e.g., 1-2
years) covering multiple seasons and diverse geographic locations to verify the stability of the findings across
various environmental conditions.

Comparative Normalization Methods: Assess the impact of different normalization techniques (like
robust scaling and Z-score) and feature selection steps on model performance to identify the most effective
preprocessing strategies.

Hyperparameter Tuning: Systematically optimize parameters for all models, especially IBk and MLP, to
ensure maximum performance and reduce unexpected outcomes.

External Variable Integration: To enhance the model’s accuracy and practicality, incorporate additional
external variables, such as weather prediction data, panel maintenance information, and geographic factors.

Hybrid and Advanced Models: Explore hybrid methodologies (e.g., LSTM-Random Forest) or sophis-
ticated deep learning architectures to improve accuracy, particularly for long-term forecasts.

Real-world Deployment: Validate the models within operational solar power systems to assess their
practical effectiveness and compatibility across various energy grids and panel technologies.
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Appendix A

Extended Derivations: The Knowledge Flow interface enables us to create workflows using incremental
model-building algorithms, facilitating more efficient processing of large datasets. This feature proves
especially useful for tasks that demand real-time data processing or frequent updates to the model. By
leveraging the Knowledge Flow interface, users can benefit from the incremental capabilities of specific
algorithms in WEKA, shown in Fig. A1, making it a more versatile tool for a broader range of data processing

tasks [11].
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Figure Al: The WEKA Knowledge Flow user interface

Hyperparameter tuning of the models

Table Al shows the machine learning algorithms evaluated using their default hyperparameters as
configured in the Weka software. No manual tuning or optimization was performed. Notation for parameters
and performance metrics adheres to conventional usage in the machine learning literature. This table lists
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the default and optimized parameter settings for all the machine-learning models provided by Weka in this
study. Table Al presents each parameter’s symbolic notation, default value, and role during model training.

Table Al: Model Hyperparameters (Default Settings in Weka)

ML models Hyperparameter tuning (Default in Weka): the notation bears its usual
meaning
Linear regression -S 0 -R 1.0E-8 -num-decimal-places 4
SMOreg -C1.0 -N 0 -I “Weka.classifiers.functions.supportVector.RegSMOImproved -T

0.001-V -P 1.LOE-12 -L 0.001 -W 17 -K
“weka.classifiers.functions.supportVector.PolyKernel -E 1.0 -C 250007”

MLP (ANN) -L0.3-M0.2-N500-V0O-S0-E20-Ha
Random forest -P 100 -1100 -num-slots 1-K 0 -M 1.0 -V 0.001 -S 1
IBk (k-NN) -K'1-W 0 -A “weka.core.neighboursearch.LinearNNSearch

p333]

-A\“weka.core.EuclideanDistance -R first-last\
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