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ABSTRACT

The increasing adoption of solar photovoltaic systems necessitates accurate forecasting of solar energy production
to enhance grid stability, reliability, and economic benefits. This study explores advanced machine learning (ML)
and deep learning (DL) techniques for predicting solar energy generation, emphasizing the significant impact of
meteorological data. A comprehensive dataset, encompassing detailed weather conditions and solar energy metrics,
was collected and preprocessed to improve model accuracy. Various models were developed and trained with
different preprocessing stages. Finally, three datasets were prepared. A novel hour-based prediction wrapper was
introduced, utilizing external sunrise and sunset data to restrict predictions to daylight hours, thereby enhancing
model performance. A cascaded stacking model incorporating association rules, weak predictors, and a modified
stacking aggregation procedure was proposed, demonstrating enhanced generalization and reduced prediction
errors. Results indicated that models trained on raw data generally performed better than those on stripped data.
The Long Short-Term Memory (LSTM) with Inception layers’ model was the most effective, achieving significant
performance improvements through feature selection, data preprocessing, and innovative modeling techniques.
The study underscores the potential to combine detailed meteorological data with advanced ML and DL methods
to improve the accuracy of solar energy forecasting, thereby optimizing energy management and planning.
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1 Introduction

Solar photovoltaic (PV) systems are among the most popular renewable energy alternatives [1].
Many countries are transitioning to solar PV systems for large-scale electricity generation because
they provide a clean, renewable energy source with minimal maintenance costs. However, photovoltaic
energy production is highly dependent on uncontrollable weather and environmental factors such as
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module temperature, solar radiation, wind speed, wind pressure and direction, atmospheric temper-
ature, and humidity. The power output of a photovoltaic system fluctuates dynamically over time
due to the variability of these environmental factors. As a result, accurately forecasting photovoltaic
energy production is quite challenging. The unpredictability of PV output significantly impacts the
stability, reliability, and planning of power system operations, as well as economic benefits. Despite the
numerous advantages of photovoltaic power generation systems over other renewable energy sources,
there are still challenges to their large-scale integration. Variations in solar radiation, humidity, the
presence of dust in the air, temperature, and wind speed can all significantly affect the variability
of output power generated by photovoltaic systems. The uncertainty of these weather parameters
complicates the accurate forecasting of expected output power from solar photovoltaic generation
systems [2]. Consequently, this poses an obstacle to effective planning and pricing within the electricity
system and networks.

Ukraine’s electricity system is a critical infrastructure, burdened with morally and technically
outdated assets that still rely on carbon-intensive generation. Ukraine is facing serious energy security
challenges due to missile attacks on energy facilities conducted by Russia. These attacks cause
significant damage to the infrastructure, necessitating a rapid reorientation of the electrical grid
towards a distributed generation system. One of the most urgent challenges is the rapid restoration
of damaged infrastructure and its modernization to accommodate distributed generation.

The integration of large volumes of renewable energy sources, such as solar and wind power,
requires the development and implementation of new network management algorithms. This includes
predictive models for forecasting energy production, as well as management systems that can effec-
tively respond to fluctuations in generation and energy consumption. The application of machine and
deep learning methods in this context is becoming increasingly popular due to their ability to process
large volumes of data and identify complex patterns.

Linear and Polynomial Regression: Linear regression is often used to forecast energy production
based on historical data. Polynomial regression can be applied to account for nonlinear relationships
between variables, such as solar radiation intensity and temperature. The biggest disadvantages of
these methods are their ability to forecast only one point and their dependence on data drift, which is
common for weather parameters [3]. The k-nearest neighbors method forecasts energy production
by finding similar days in historical data and averaging their results. This method is simple to
implement but may be inefficient with large datasets. Additionally, machine learning techniques, such
as clustering, can be used to minimize the computational complexity of this method [4]. The support
vector machine (SVM) method is used for forecasting by finding the optimal hyperplane that separates
different classes of data. This method can be effective for short-term changes in energy production.
SVM can also be used as part of an explainable module, offering insights into which features are most
influential in the forecasting process [5]. Random Forest (RF), an ensemble method based on decision
trees, provides more accurate predictions by combining the results of multiple trees. It is also robust to
overfitting and performs well on various datasets. Additionally, RF can be part of feature extraction
techniques [6].

Neural Networks: Neural networks are used for forecasting due to their ability to detect complex
patterns in data. Specifically, Multilayer Perceptrons (MLP) and Recurrent Neural Networks (RNN)
are popular for this task [7]. Recurrent Neural Networks (RNN) [8] and Long Short-Term Memory
(LSTM) RNNs [9] are effective for processing time series data, as they consider dependencies between
data points over time. LSTM is particularly useful for forecasting long-term trends. Convolutional
Neural Networks (CNN) excel at identifying local patterns in data, such as seasonal trends, abrupt
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changes, and periodic behavior in energy production data. Although CNNs are typically used for
image processing, they can also be applied to forecasting tasks where local patterns in data need to be
considered. For example, in [10], CNNs are used to process meteorological maps and make predictions
based on them.

Combining different machine and deep learning methods can improve forecasting accuracy. For
example, combining CNN and LSTM allows for considering both local and temporal patterns in data
[11]. Using ensemble models, such as gradient boosting or random forests, reduces forecasting error
by combining the results of several base models [12–14].

Feature selection is a crucial step in the forecasting process, as it involves identifying the most
relevant variables that influence solar energy production. Proper feature selection can enhance model
performance, reduce computational complexity, and improve interpretability [15,16].

Forecasting solar panel energy production is a complex task requiring the use of advanced
machine and deep learning methods. Literature sources indicate that applying various models. Each
method has its advantages and disadvantages, and the choice of a specific model depends on the
task’s characteristics and available data. This paper presents a comprehensive approach to predicting
solar energy generation by leveraging detailed meteorological data and advanced machine learning
techniques. The main contributions of this study include:

• Data Collection and Preprocessing: A rich dataset was curated, spanning 14 months and
comprising 10,464 rows with 27 features, detailing various weather conditions and solar energy
metrics. Data was thoroughly preprocessed, including logarithmic transformations and the
addition of sunrise and sunset information. This preprocessing helped in removing non-
daylight hours, which corresponded to near-zero energy generation, thus refining the dataset
to 6048 rows.

• Model Development and Training: Multiple models were developed and trained, including
SVM, KNN, H2O AutoML, CatBoost, LSTM, and LSTM with Inception layers, each tailored
to handle the specificities of the dataset. Specific adaptations were made for each model type,
such as one-hot encoding for LSTM models and specifying categorical features for CatBoost.

• Rule-Based Prediction Wrapper: A novel rule-based (hour-based) prediction wrapper was
introduced to enhance model performance by restricting predictions to daylight hours. This
wrapper utilized external sunrise and sunset data, ensuring that predictions were only made
during hours with potential solar energy generation.

• Stacking Model Enhancement: The cascaded stacking model for enhancing solar energy
production forecasting was proposed, incorporating association rules, weak predictors, and
a modified stacking aggregation procedure to enhance generalization and reduce prediction
errors.

The rest of the paper is organized as follows: Section 2 presents the main models utilized in the
paper; Section 3 explains the obtained results of the proposed model; Section 4 compares the results;
and finally, the last section concludes the paper.

2 Materials and Methods
2.1 Data Exploratory Analysis

The dataset appears to contain weather and solar energy production data. Meteorological data
for the analysis were obtained from https://www.visualcrossing.com/ (accessed on 02 July 2024), which
provides historical and forecasted weather data. The location of the solar power station studied
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is Radekhiv, Lviv region, Ukraine. An important aspect is that the nearest weather stations are
located at distances of 64 and 72 km from the solar station, which can cause significant errors in
the meteorological data. This affects the accuracy of energy production forecasting, as even minimal
errors in input data can lead to substantial deviations in the forecasts [17]. The hourly generated solar
energy data are obtained from a commercial accounting metering point. A dataset spanning 14 months
of solar generation activity was gathered to train and evaluate the prediction models. The raw dataset
contains 10,464 rows of data and 14 columns that describe generation, solar radiation, solar energy,
UV index, temperature (Celsius), humidity level, cloud cover, visibility (kilometers), and the elevation
and azimuth angles of a solar panel at a certain hour, day, month, and year.

Initially, instance selection was performed, resulting in the removal of 0.2% of missing data.
Subsequently, an analysis of the initial features was conducted. The dataset contains comprehensive
meteorological data, which can be utilized for forecasting solar energy production. The distribution
of various features in relation to the target variable, “generation,” is presented in Fig. 1.

(c) Generation-Solar radiation

(a) Generation-humidity

(d) Generation-Solar energy

(b) Generation-temperature

Figure 1: Initial data distribution

Generally, there is an inverse relationship between humidity and solar energy generation (Fig. 1a).
Higher humidity means more water vapor in the air, which can scatter and absorb solar radiation,
reducing the amount of sunlight that reaches the solar panels. Therefore, as humidity increases, solar
energy generation typically decreases. Temperature affects solar panel efficiency. Generally, solar
panels are less efficient at higher temperatures (Fig. 1b). There is often an optimal temperature range
where solar panels operate most efficiently. Outside this range, especially at higher temperatures,
efficiency drops. The graph shows a peak where the temperature is optimal for maximum generation
(parabolic trend), with generation decreasing at temperatures above and below this peak. Solar
radiation directly impacts the amount of energy generated by solar panels. More solar radiation
generally results in higher energy production (Fig. 1c). This relationship is typically positive and linear.
The graph shows an upward trend, indicating that increased solar radiation leads to higher solar energy
generation. Fig. 1d shows the relationship between the total solar energy received (input) and the solar
energy generated (output). This is a direct correlation between the solar energy received and the energy
generated, but inefficiencies and losses in the system can affect this relationship. The graph shows a
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linear trend with a slope of less than 1, indicating that not all received solar energy is converted into
electrical energy due to inefficiencies.

To better understand the nature of data, a self-organizing map (SOM) is used (Fig. 2). SOM uses a
neighborhood function to preserve the topological properties of the input space [18,19]. The majority
of the hexagons are blue (Fig. 2), indicating that most of the data points fall within the 0–200 range.
There are a few hexagons with other colors, such as green, yellow-green, and yellow, indicating higher
densities in those regions. The areas with light yellow hexagons represent the highest density of data
points (≥800). Finally, a white box indicates that the correlation is not significantly different from 0
at the specified significance level (in this example, at α = 5%) for a couple of variables. A correlation
not significantly different from 0 means that there is no linear relationship between the two variables
considered in the population (there could be another kind of association, but not linear).

Figure 2: SOM result

To determine whether a specific correlation coefficient is significantly different from 0, a corre-
lation test has been performed based on two factors: the number of observations and the correlation
coefficient. The more observations and the stronger the correlation between 2 variables, the more likely
it is to reject the null hypothesis of no correlation between these 2 variables. The ranked cross-correlated
features are given in Fig. 3. The significance level for the correlation test used as less than 0.05.

Based on this result, one feature from each pair must be removed. To do that, feature selection
methods are used.

2.2 Data Preparation

Feature selection remains a vital step in the development of accurate and efficient solar energy
production forecasting models. Traditional methods like filter, wrapper, and embedded techniques
continue to be widely used, while advanced and hybrid approaches offer promising improvements in
handling complex and high-dimensional data [20,21].
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Figure 3: 15 Most correlated features

Firstly, embedded methods for feature extractions are used. These methods perform feature
selection during the model training process. Random Forest and Decision tree were implemented.
The results are as follows:

• Random forest: hour, solarradiation, humidity, solarenergy, feelslike, month;
• Decision tree: solarradiation, hour.

Both methods show that “solarradiation” and “hour” are the most important features for
generation prediction. On another side, “solarenergy” can be excluded as a highly correlated feature.

Secondly, an extension of the Random Forest algorithm, Boruta [22] algorithm was implemented.
Boruta performs a more comprehensive search for relevant features by comparing the importance
of original features to that of randomized shadow features. Column “solarradiation” has the highest
importance score, indicating it is the most significant variable in the model. Columns “solarenergy”
and “temp” also have high importance scores, making them key contributors to the model’s predic-
tions. Features “shadowMin” and “shadowMax” have the lowest importance scores, suggesting they
contribute the least to the model. Variables like “feelslike,” “month,” “uvindex,” “windgust,” and
“winddir” fall in the middle range of importance scores. As a result, for the classical machine learning
algorithm, “solarradiation”, “feelslike”, “hour”, “humidity” and “month” features were selected.

Next, data normalization is used. All the features, except hour, day, month, and year, have been
logarithmically transformed (log1p). Additionally, the dataset was enriched with the sunrise and sunset
hours scraped for every row from external sources (https://dateandtime.info/) (accessed on 02 July
2024). The resulting sunrise and sunset columns are linked to the month, day, hour, and year columns.
This additional information was used to remove all the rows where the hour column does not fall into
the daylight hours range of a specified day. This resulted in the removal of about 45% of all the rows
which correspond to near- or zero energy generation. Finally, the year column is removed from the
dataset. The final size of the stripped dataset is 6048 rows.

The dataset was split into training and evaluation parts utilizing time split with ratios of 80/20,
respectively.

2.3 Utilized Models

Three alternative versions of the raw and stripped datasets were created:

https://dateandtime.info/
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• A dataset for training the ML-based models and ensemble;
• A dataset for training the LSTM-based models;
• A dataset for training the CatBoost and H2O AutoML models.

When it comes to the former versions, every value that corresponds to hour, day, and month
columns has been column-wise one-hot encoded [23]. Moreover, the data was transformed into sliding
windows of size 8 h and stride 1. The grid search was implemented for hyperparameter tuning. The
latter versions, however, do not have such transformations applied since libraries that are used to train
CatBoost [24] and H2O AutoML [25] come with specific functionalities implemented to specify the
categorical columns before or during the training.

ML-based models and ensembles benefit from one-hot encoding and sliding windows to capture
temporal dependencies and handle categorical data. LSTM models excel at time series predictions,
utilizing the sequential structure of the data without needing extensive preprocessing like one-hot
encoding. CatBoost and H2O AutoML offer the flexibility to handle categorical features without
preprocessing, streamlining the workflow while delivering high performance through automated and
gradient-boosting techniques. In comparison to other similar models, these techniques were selected
because they are known for their robustness, scalability, and ease of use in practical applications.
The LSTM with Inception layers was selected for its ability to capture long-term dependencies
in time-series data, which is crucial in solar energy generation tasks. Each of these models and
data preprocessing steps was chosen to leverage the specific strengths of different machine learning
techniques in handling time-dependent, categorical, and numerical data for solar energy forecasting.
A few different models were utilized to predict the power generated by the solar panel:

• ML-models such as:
• linear regression (lm), k-nearest neighbors (knn),
• SVM with linear kernel (ksvm),
• SVM with polynomial kernel (svm polynomial),
• SVM with the radial-basic kernel (svm rb),
• FNN with one hidden layer and 4 neurons in this layer, 200 epochs, with weight decay

of 0.01 to prevent overfitting (NN),
• regression tree (CART algorithm, 5 trees, max depth 5) (regression tree);

• Novel ensemble model;
• H2O AutoML;
• CatBoost;
• LSTM;
• LSTM with Inception blocks.

The novel cascaded stacking model. The baseline of the proposed cascaded stacking model for
enhancing solar energy production forecasting consists of the following steps:

1. In the first layer, association rules are built for hidden dependencies mining. Apriori algorithm
was implemented. The whole dataset is used.

2. In the second layer, weak predictors are chosen for the dataset consisting of important features.
3. A modified stacking aggregation procedure is implemented.

The main disadvantage of the existing stacking models is that the meta-attributes on training and
the test are different [26]. The meta-attribute in the training sample is not the answers of a particular
regressor; it consists of pieces that are the answers of various regressions (with different coefficients).
The meta-attribute on the control sample, in general, is the answer to a completely different regression,
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tuned to the full training. In classic stacking, the situations can arise when a meta-attribute contains
few unique values, but many of these values do not intersect in training and testing. The developed
stacking model also combines several weak predictors. In addition, the meta-features are deformed
based on the results of pairwise multiplication. The meta-features are the results of weak predictors
training. In the end, contorted features are used together with the training dataset in the meta-
model. This combination avoids the correlation of weak predictors results and increases the model
generalization. On the other hand, the correlation matrix shows a lot of weak dependencies in the
dataset, which can be found using association rules. It means the possibility of discovering interesting
relations between variables in the database. It allows the creation of new features based on the presence
of certain itemsets and patterns found in the rules. These features are added to the original dataset.

The general proposed schema is given in Fig. 4. As a metamodel, random forest is used. Grid
Search was used for parameters choosing. Parameters of RF are the following: max dept = 3, max
number of trees = 100, Mean Squared Error as criteria, the minimum number of samples required to
split an internal node is equal to 3, bootstrap usage.

Association
classification

Bootstrap sample
1

Bootstrap sample
2

Bootstrap sample
4

Bootstrap sample
4

Ranked features

Jaccard-index

Correlation matrix Decision tree Boruta Random forest

performed for
selected features

performed for whole dataset
First layer

Second layer

Third layer

Results on
training
dataset

2) Weak predictors
training

Training dataset (with
cross-validation)

4) Meta-algorithm training: initial dataset with
deformated metafeatures

X XX

3) Metafeatutres deformation using pairwise
multiplication

1) Data preprocessing

Figure 4: Proposed cascaded stacking model for enhancing solar energy production forecasting

H2O AutoML. H2O AutoML is an automated machine-learning platform that aims to simplify
the process of building machine-learning models. It is part of the H2O.ai ecosystem, which provides
tools and libraries for scalable and distributed machine learning. H2O AutoML explores a variety of
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machine-learning models and techniques to find the best-performing model for a given dataset. Some
of the models it may try include gradient boosting machines (GBM), random forest ensembles, deep
neural networks, generalized linear models (GLM), XGBoost, and LightGBM. In this work, H2O
AutoML was initialized with the max_models parameter set to 30 to reduce the training time. Both
training and evaluation splits of the dataset were transformed into H2OFrame objects, and the factor
method was called on categorical columns such as hour, day, and month.

CatBoost. CatBoost is a powerful gradient-boosting library that is specifically designed for
categorical feature handling and efficient training. It employs gradient boosting, which is an ensemble
learning technique that builds a series of decision trees iteratively, each tree correcting errors made by
the previous ones. This leads to improved predictive accuracy and robustness. CatBoost can handle
categorical variables directly, using techniques like target encoding and one-hot encoding internally.
This simplifies the preprocessing steps and often leads to better model performance. CatBoost was
initialized with the iterations parameter set to 2000 and task_type set to ‘GPU’ to utilize the graphics
card available for training and inference. The fit method was supplied with a cat_features parameter
specifying the categorical features of the dataset.

LSTM. LSTM was initialized with TensorFlow and Keras libraries. The model is defined as a
Sequential model, which means layers are added sequentially [27]. The architecture is as follows:

• The first layer added is an LSTM layer with 24 units, using the ReLU activation function and
set to return sequences (return_sequences = True). X_train determines the input shape.shape
[1] (number of time steps or features) and X_train.shape [2] (number of features per time step).

• The second layer is another LSTM layer with 48 units, also using the ReLU activation function
and set to return sequences.

• The third layer is an LSTM layer with 96 units, again using the ReLU activation function but
this time set not to return sequences (return_sequences = False).

• Finally, a Dense layer with 1 unit is added, representing the regression task output layer.

Adam optimizer is used for training with an initial learning rate set to 0.001; the loss function is
a mean squared error, while tracked metrics also include mean absolute error. The number of train
epochs and batch size were set to 100 and 128, respectively. Early stopping is used with val_loss
monitored metric, patience set to 10.

LSTM with Inception Layers. LSTM with Inception layers’ architecture combines convolutional
layers with an LSTM layer, incorporating an inception module for feature extraction [28]. Description
of the utilized steps:

1. The input data goes through a series of convolutional layers (Conv2D) with different kernel
sizes and strides, followed by LeakyReLU activation functions. This block extracts features
from the input data. After the convolutional block, an inception module is constructed. It
includes three branches: convolutional layers with kernel size (3, 1) for capturing local patterns,
convolutional layers with kernel size (5, 1) for capturing larger patterns, and max pooling
followed by a convolutional layer for downsampling and feature extraction.

2. The outputs from these branches are concatenated along the channel axis. The concatenated
output from the inception module is reshaped and then passed through a dropout layer with
a dropout rate of 0.2. Dropout helps in regularizing the model by randomly setting a fraction
of input units to zero during training. The reshaped and dropout-transformed data is fed into
an LSTM layer with 64 units.
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3. Finally, the output from the LSTM layer is passed through a Dense layer with 1 unit (for
regression tasks).

The model is compiled with the Adam optimizer, mean squared error loss, and mean absolute
error metric. The number of epochs and batch size are 200 and 128, respectively. During training,
model checkpoints are saved based on the validation loss to track the best-performing model.

Hour-Based Prediction Wrapper. An additional rule-based (hour-based) prediction wrapper was
introduced to maximize the performance of prediction models. It is specifically tailored to utilize the
trained models only during daylight hours of a given day [29]. This functionality is enabled given
the sunset and sunrise data. It is supplied as a separate data frame with sunset and sunrise hours
of specified days and months, covering a year, preferably one with 29-day February for completeness.
Internally, implemented in this study class checks if the input hour corresponds to daylight hours using
the provided daylight data frame. Predictions are made using the trained model, and non-daylight hour
predictions are set to zero before returning the final predicted values. The use of this wrapper is aimed
at maximizing the performance of trained models by ensuring their applicability only during daylight
periods, contributing to more accurate solar energy predictions.

3 Results

Metrics such as Mean Squared Error (MSE), Coefficient of determination (R2), and Mean
Absolute Error (MAE) are used for ML-models while MSE and MAE are implemented for the rest
of models. CatBoost and H2O AutoML models are gradient-boosting techniques and automated
machine learning systems, respectively, that excel at handling large datasets with complex relationships.
These models are optimized for minimizing prediction error, and therefore metrics like MSE and MAE
are often prioritized because they give a direct indication of how close the predictions are to the actual
values. R2, while informative in some cases, can be less interpretable for gradient-boosting models,
especially when dealing with datasets that have complex interactions between features, as in solar
energy forecasting. These models may produce highly accurate predictions, but the variance captured
by R2 may not fully reflect the performance of the model in terms of minimizing error. MSE and MAE
provide more tangible insights into how well the model is performing by focusing on error magnitude,
making them more appropriate metrics for this task.

Table 1 presents the results of ML models implementation. K-Nearest Neighbors (knn) performs
best among the models, with very low MSE, high R2, and low MAE. Regression Tree is also a strong
performer, while Neural Networks (NN) and Linear Model (lm) have the worst performance.

Table 1: Baseline ML models results comparison

Model MSE train MSE test R2 train R2 test MAE train MAE test

lm 149.5045 154.9732 0.5508596 0.5156654 191.4607 196.5858
knn 6.427511 8.253521 0.9993722 0.9965662 3.671574 5.8585975
ksvm 118.9179 126.4564 0.7166261 0.6995664 61.30737 61.858584
svm polynomial 151.9264 169.56464 0.5374785 0.5188684 85.98619 88.869893
svm rb 118.9454 122.6556 0.7164952 0.6985843 61.33532 65.898598
NN 261.664 269.55546 0.3663174 0.3474764 136.6176 139.895598
Regression tree 102.5545 105.868689 0.855656 0.8439996 52.50630 56.8883677
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Table 2 presents the result of ensemble implementation. One additional feature was created based
on association rules mining.

Table 2: Cascaded stacking model results

Model MSE train MSE test R2 train R2 test MAE train MAE test

Ensemble 5.956812 6.237556 0.9992132 0.9989865 3.641244 4.13208

The Ensemble model outperforms all the previous models (including knn) in terms of MSE, R2,
and MAE. It provides the best fit to the data with minimal prediction errors and explains the variance
in the data almost perfectly. This suggests that the Ensemble model is highly effective for this particular
dataset. Minimizing absolute error (AE) is crucial in generation prediction, as it directly impacts the
accuracy and reliability of forecasts. AE at the test dataset for several ML models is presented below
(Fig. 5).

Figure 5: Error distribution for several models

The significant spread and presence of large errors suggest that the linear regression model may
not be capturing the underlying patterns in the data well. High errors, especially negative ones, indicate
that the model might be underfitting. The scatter plot for the KNN model shows a much more
concentrated error distribution around the 0% line, indicating better accuracy and reliability than
the linear regression model. The scatter plot for the Random Forest model indicates a high degree
of accuracy, with errors becoming more concentrated and smaller as predicted values increase. This
pattern suggests that the Random Forest model is particularly effective for higher predicted values
and generally maintains a lower error rate than linear regression and KNN models. The overall
error distribution highlights Random Forest’s robustness and reliability in generation forecasting.
Compared to the Linear Model and KNN, the Random Forest model likely has lower AE and more
tightly clustered errors, suggesting better overall performance. The error distribution for a novel
ensemble is small for large numbers (300 and higher) and sufficient for small numbers. This model
shows the best results but still has huge errors especially for small value of generation.
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Although KNN demonstrated strong performance (R2 = 0.997), the authors introduced advanced
ML and DL models to improve prediction accuracy, especially in handling complex patterns in data.
KNN, while effective, may struggle with large datasets and does not generalize as well when compared
to more sophisticated models like Random Forest or ensemble methods. More advanced techniques
such as LSTM and ensemble models are used to capture nonlinear dependencies and temporal
patterns, which are critical for solar energy forecasting. DL models are developed and tested. All the
DL models were trained and scored on both raw and stripped versions of dataset, contributing to 8
models trained. All the trained models were additionally wrapped into hour-based prediction wrappers
described above to maximize their prediction performance. Trained model names are composed as
<model type>_<train dataset type> (Table 3).

Table 3: Metrics of non-wrapped models on raw dataset

Model MAE_train MAE_val MAE_test MSE_train MSE_val MSE_test

h2o_raw 0.0563 0.1001 0.1306 0.1000 0.1697 0.2470
h2o_stripped 0.1427 0.1534 0.2179 0.2005 0.2020 0.3138
catboost_raw 0.1032 0.1013 0.1453 0.1905 0.1715 0.2638
catboost_stripped 0.1613 0.1737 0.2243 0.2205 0.2227 0.3061
lstm_raw 0.0892 0.1132 0.1244 0.1587 0.1908 0.2330
lstm_stripped 0.4851 0.4404 0.5674 0.6558 0.6233 0.7284
lstm_inception_raw 0.0248 0.1073 0.1224 0.0424 0.1949 0.2415
lstm_inception_stripped 0.2430 0.2332 0.3009 0.4597 0.3926 0.4937

The h2o_raw model demonstrates efficient performance with low errors across all sets. Its MSE
values are also low, indicating minimal prediction errors. The h2o_stripped model, on the other
hand, shows higher errors compared to h2o_raw. This indicates a decrease in efficiency due to the
reduced feature set. The catboost_raw model is also efficient. The catboost_stripped model shows
higher errors compared to catboost_raw. This follows the trend observed in the h2o models, where
the stripped feature set reduces efficiency. The lstm_raw model is highly efficient. Its MSE values are
low and stable, indicating a strong performance comparable to h2o_raw. The lstm_stripped model
shows significantly higher errors. The lstm_inception_raw model exhibits very low errors in training.
The lstm_inception_stripped model shows higher errors compared to lstm_inception_raw. The most
efficient models are lstm_inception_raw, h2o_raw, and lstm_raw, with consistently low errors.

Table 4 presents the metrics of wrapped models on the raw dataset. Some models, such as the
LSTM with Inception layers and H2O-based models, achieved low MAE values. The ensemble model
with an MAE of 4.13208 and R2 = 0.999 indicates very high accuracy, and models with even lower
MAEs (between 0.1 and 0.2) would likely reach similarly high R2 values, close to 1. However, R2
might not change significantly with small decreases in MAE since it is more sensitive to the explained
variance, and not just prediction error. The most efficient models are lstm_inception_raw, h2o_raw,
and lstm_raw, with consistently low errors across all sets.

Figs. 6 and 7 demonstrate the metrics of non-wrapped and wrapped models, respectively.
Wrapped models generally show improved performance, with reduced prediction errors. Models like
lstm_inception_raw demonstrate even better accuracy. The lstm_raw model exhibits the widest range
of errors, indicating higher variability and possibly lower stability. Models trained on the stripped
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dataset tend to have slightly different error distributions compared to those trained on the raw dataset,
but the pattern of stability in certain models (like h2o_stripped and catboost_stripped) remains.
Models like h2o_stripped and catboost_stripped show lower and more stable error distributions.

Table 4: Metrics of wrapped models on the raw dataset

Model MAE_train MAE_val MAE_test MSE_train MSE_val MSE_test

h2o_raw 0.0534 0.0973 0.1234 0.0119 0.0288 0.0613
h2o_stripped 0.0587 0.0879 0.1244 0.0135 0.0238 0.0618
catboost_raw 0.0980 0.0993 0.1313 0.037 0.0294 0.0674
catboost_stripped 0.0891 0.0954 0.1307 0.0299 0.0272 0.0656
lstm_raw 0.0833 0.1081 0.1162 0.0254 0.0356 0.0533
lstm_stripped 0.1589 0.1843 0.1915 0.1004 0.1069 0.1406
lstm_inception_raw 0.0257 0.1060 0.1217 0.004 0.038 0.0601
lstm_inception_stripped 0.1223 0.1453 0.1609 0.0987 0.092 0.109

Figure 6: Metrics of non-wrapped models on raw dataset

Figure 7: Metrics of wrapped models on raw dataset

Figs. 8 and 9 represent model scores on stripped data, emphasizing the error metrics. The
h2o_stripped and catboost_stripped models consistently show lower and more stable error distribu-
tions across all datasets and stages. The lstm_raw model exhibits the widest range of errors, indicating
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higher variability and possibly lower stability. Models trained on the stripped dataset tend to have
slightly different error distributions compared to those trained on the raw dataset, but the pattern of
stability in certain models (like h2o_stripped and catboost_stripped) remains.

Figure 8: Scores of non-wrapped models on stripped dataset

Figure 9: Scores of wrapped models on stripped dataset

4 Discussion

The discussion of the results is framed around the broader context of Sustainable Development
Goals (SDGs). In particular, this study directly contributes to SDG 7: Affordable and Clean Energy,
SDG 9: Industry, Innovation, and Infrastructure, and SDG 13: Climate Action. The ensemble
models, especially on raw data, provide a more accurate and robust approach for predicting solar
energy generation, as demonstrated by their lower MSE, R2, and MAE values. These improvements
in prediction accuracy have direct implications for enhancing the efficiency of renewable energy
integration into power grids, which is crucial for SDG 7. By optimizing solar energy forecasting, the
study supports more reliable and sustainable energy management, reducing the need for fossil fuel
backup and improving the overall stability of renewable energy systems.

The LSTM with Inception layers performed best across all datasets, particularly when trained
on raw data. This aligns with the goals of SDG 9, as adopting advanced machine learning models
can lead to smarter and more resilient energy infrastructure. Applying a rule-based wrapper further
enhanced model performance by optimizing predictions during daylight hours. This result underscores
the potential for practical applications in real-time energy management systems, supporting SDG 13
by enabling more responsive and efficient use of solar energy resources. By improving the ability to
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predict energy output based on temporal patterns, the models contribute to reducing carbon emissions
by promoting the use of clean energy sources. In comparing the performance of models on raw vs.
stripped data, it is clear that maintaining rich, unprocessed datasets leads to better outcomes. This
further emphasizes the importance of harnessing comprehensive datasets to support SDG 9. The
ability to capture hidden dependencies in the data, particularly through the cascaded stacking model,
supports better decision-making processes in implementing renewable energy systems.

5 Conclusion

A comprehensive dataset spanning 14 months of solar generation activity was analyzed, con-
taining detailed meteorological data critical for forecasting solar energy production. This study
demonstrates the potential of combining detailed meteorological data with advanced machine learning
techniques to accurately predict solar energy generation. The integration of feature importance anal-
ysis, robust preprocessing, and innovative model architectures, along with rule-based enhancements,
significantly improves prediction accuracy, making this approach highly valuable for efficient solar
energy management and planning. Models trained on raw data generally performed better than those
trained on stripped data. The hour-based prediction wrapper improved performance, especially for
models trained on raw data. LSTM with Inception layers model, particularly on raw data, proved to be
the most effective for predicting solar energy generation, with significant performance improvements
achieved through feature selection, data preprocessing, and innovative modeling techniques. The novel
cascaded stacking model for enhancing solar energy production forecasting shows good results too for
the prediction of one-point data.

To further enhance the prediction accuracy and reliability of solar energy production forecasts,
the following steps are planned:

• To explore additional meteorological features and their interactions to improve model input.
• To incorporate real-time meteorological data for dynamic and adaptive forecasting models.
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