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Abstract
In the modern world, effective management of electric grids is impossible without 

achieving an energy balance between electricity production and consumption. The 
stability of power grids directly depends on the ability of network operators to 
accurately predict energy production, especially when it comes to photovoltaic 
installations. These energy sources, which are actively integrated into electrical 
networks, are influenced by many factors, including changeable weather conditions, 
which makes the task of forecasting especially difficult.

As part of this study, an attempt was made to improve the accuracy of forecasting 
the output power of a 20 kW photovoltaic system by collecting and analyzing data 
on weather conditions and energy production for a typical year covering all four 
seasons. Special attention was paid to the evaluation of two machine learning 
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methods: long-term memory (LSTM) and multilayer perceptron (MLP), which 
were chosen because of their potential in processing and analyzing time series of 
data.

The results of the study demonstrate the high efficiency of both methods in 
predicting the output power of photovoltaic systems, which opens up new 
opportunities for improving the management of electric networks. The use of 
LSTM and MLP makes it possible not only to accurately predict energy production, 
but also helps to optimize network utilization, minimize losses and increase the 
overall efficiency of the electric power system.

It is important to note that the success of these models depends on the quality 
and volume of the data collected, as well as on the thorough preparation of the data 
for analysis. The study highlights the importance of integrating advanced machine 
learning technologies into the field of energy system management, offering practical 
recommendations for energy companies and power grid operators.

Keywords:  Solar power generation, LSTM, MLP, short term forecasting, 
Machine learning
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Аннотация. Электр энергиясын өндіру мен тұтыну арасындағы 
энергетикалық тепе-теңдікке қол жеткізбестен қазіргі әлемде электр 
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желілерін тиімді басқару мүмкін емес. Электр желілерінің тұрақтылығы желі 
операторларының энергия өндірісін дәл болжау қабілеті әсіресе фотоэлектрлік 
қондырғыларға тікелей байланысты. Электр желілеріне белсенді түрде 
біріктірілген бұл энергия көздеріне көптеген факторлар, соның ішінде ауа-
райының құбылмалы жағдайлары әсер етеді, бұл болжау міндетін ерекше 
қиындатады.

Бұл зерттеу барлық төрт маусымды қамтитын жылдағы ауа-райы мен 
энергия өндірісі туралы деректерді жинау және талдау арқылы 20 кВт 
фотоэлектрлік жүйенің шығыс қуатын болжау дәлдігін арттыруға тырысты. 
Машиналық оқытудың екі әдісін бағалауға ерекше назар аударылды: ұзақ 
мерзімді жады (LSTM) және көп қабатты перцептрон (MLP), олар деректердің 
уақыт серияларын өңдеу және талдау әлеуетіне байланысты таңдалды. Зерттеу 
нәтижелері фотоэлектрлік жүйелердің шығыс қуатын болжауда екі әдістің де 
жоғары тиімділігін көрсетеді, бұл электр желілерін басқаруды жақсартудың 
жаңа мүмкіндіктерін ашады. LSTM және MLP пайдалану энергия өндірісін 
дәл болжауға ғана емес, сонымен қатар желінің жүктемесін оңтайландыруға, 
шығындарды азайтуға және электр жүйесінің жалпы тиімділігін арттыруға 
мүмкіндік береді.

Модельдерді қолданудың сәттілігі жиналған деректердің сапасы мен 
көлеміне, сондай-ақ деректерді талдауға дайындаудың мұқият болуына 
байланысты екенін ескеру маңызды. Зерттеу энергетикалық компаниялар 
мен электр операторлары үшін практикалық ұсыныстар ұсына отырып, 
энергетикалық жүйелерді басқару саласына машиналық оқытудың озық 
технологияларын біріктірудің маңыздылығын көрсетеді.
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Аннотация. В современном мире эффективное управление электри
ческими сетями невозможно без достижения энергетического баланса 
между производством и потреблением электроэнергии. Стабильность 
работы электросетей напрямую зависит от способности операторов 
сети точно прогнозировать производство энергии, особенно когда речь 
идет о фотоэлектрических установках. Эти источники энергии, активно 
интегрируемые в электрические сети, подвержены влиянию множества 
факторов, в том числе и изменчивых погодных условий, что делает задачу 
прогнозирования особенно сложной.

В рамках данного исследования была предпринята попытка повысить 
точность прогнозирования выходной мощности фотоэлектрической системы 
мощностью 20 кВт, собрав и анализировав данные о погодных условиях и 
производстве энергии за типичный год, охватывающий все четыре сезона. 
Особое внимание было уделено оценке двух методов машинного обучения: 
долгосрочной памяти (LSTM) и многослойного персептрона (MLP), которые 
были выбраны из-за их потенциала в обработке и анализе временных рядов 
данных.

Результаты исследования демонстрируют высокую эффективность 
обоих методов в прогнозировании выходной мощности фотоэлектрических 
систем, что открывает новые возможности для улучшения управления 
электрическими сетями. Использование LSTM и MLP позволяет не только 
точно прогнозировать производство энергии, но и способствует оптимизации 
загрузки сети, минимизации потерь и повышению общей эффективности 
электроэнергетической системы.

Важно отметить, что успех применения этих моделей зависит от качества 
и объема собранных данных, а также от тщательности подготовки данных 
к анализу. Исследование подчеркивает значимость интеграции передовых 
технологий машинного обучения в сферу управления энергетическими 
системами, предлагая практические рекомендации для энергетических 
компаний и операторов электросетей.

Ключевые слова: солнечная энергетика, LSTM, MLP, краткосрочное 
прогнозирование, машинное обучение
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Introduction
In the modern world, when environmental and sustainable development issues 

are becoming more and more relevant, energy efficiency and resource management 
are gaining new importance. Balancing energy production and consumption is one 
of the key aspects of ensuring the sustainability of electric power systems. With 
the increasing share of renewable energy sources such as solar panels, accurate 
forecasting of their production is becoming an important element of energy planning. 
Thus, the development of accurate predictive models for energy systems capable 
of adapting to the dynamics of changing conditions is of strategic importance. In 
this context, this paper evaluates the effectiveness of various forecasting methods 
such as LSTM and MLP by collecting data on weather conditions and the output 
power of photovoltaic systems. These studies are essential to ensure the stability 
and efficiency of power grids in a rapidly changing energy paradigm.

Related work
Modern research on solar radiation prediction and photovoltaic energy generation 

uses a variety of approaches, including deep learning, portfolio theory integration, 
machine learning and hybrid models. Let's consider the key works presented in this 
literature review.

Lima and co-authors (2020) explore improving solar energy forecasting through 
deep learning and portfolio theory integration. Their approach demonstrates how 
modern data analysis techniques can optimize resource management and improve 
forecast accuracy.

Jung and colleagues (2020) describe the use of recurrent neural networks with 
long-term short-term memory (LSTM) to model time patterns in long-term power 
forecasting for solar photovoltaic installations using the example of South Korea. 
This highlights the importance of LSTM in processing time sequences to improve 
prediction accuracy.

Gao and co-authors (2019) focus on forecasting next-day power generation for 
large-scale photovoltaic installations based on weather classification using LSTM, 
demonstrating how categorization of weather conditions can improve forecast 
accuracy.

Wang and colleagues (2019) are comparing next-day photovoltaic power 
prediction models based on deep neural networks, highlighting the potential and 
benefits of deep learning in this area.

Jallal and co-authors (2020) are developing an artificial intelligence data-based 
approach using endogenous inputs to predict global solar radiation, illustrating the 
importance of adaptive data processing techniques to improve predictive models.

Kisi and his team (2020) apply innovative machine learning techniques to 
estimate solar radiation in the Mediterranean climate using weather variables, 
which highlights the importance of selecting appropriate algorithms for specific 
climatic conditions.

Ağbulut and colleagues (2021) compare various machine-learning algorithms 
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for predicting daily global solar radiation, highlighting the importance of a 
comprehensive comparison to determine the most effective method.

Alizamir and co-authors (2020) conducted a comparative study of several 
machine-learning methods based on nonlinear regression to estimate solar radiation, 
considering the cases of the regions of the USA and Turkey. This study highlights 
the importance of choosing an appropriate algorithm based on geographical location 
and climatic conditions to improve the accuracy of estimates.

Yu, Cao, and Zhu (2019) focused on short-term solar radiation forecasting using 
LSTM in difficult weather conditions. Their work demonstrates how LSTM can 
adapt to changing weather conditions, providing high prediction accuracy.

Aslam and his team (2019) investigated deep learning models for long-term 
prediction of solar radiation, taking into account the installation of microgrids. A 
comparison of various deep learning models in this context offers valuable insights 
for choosing optimal forecasting methods in microgrid conditions.

Monjoly and co-authors (2017) presented a hybrid approach to hourly forecasting 
of global solar radiation based on multi-decomposition methods. This technique 
combines various algorithms to achieve more accurate and reliable forecasts, 
demonstrating the potential of hybrid models in predicting solar radiation.

Berrizbeitia, Gago, and Muneer (2020) conducted a review and experimental 
analysis of empirical models for estimating scattered solar radiation in the sky. Their 
research highlights the importance of developing and adapting models specific to 
different lighting conditions and atmospheric conditions.

These studies show a variety of methods and approaches in the field of solar 
energy forecasting, from deep learning to machine learning and hybrid models, 
highlighting their potential to improve accuracy and efficiency in a variety of 
settings and contexts.

Methods
LSTM (Long Short-Term Memory) and MLP (Multilayer Perceptron) methods 

are common machine learning approaches for solving forecasting problems, 
including predicting photovoltaic power generation.

The article discusses two different machine learning models, Long Short-Term 
Memory (LSTM) and Multilayer Perceptron (MLP), which are widely used to 
solve forecasting problems, including forecasting photovoltaic energy generation.

LSTM is a specialized type of recurrent neural networks (RNNs) designed to 
process data sequences and prevent the vanishing gradient problem, which is an 
obstacle for traditional RNNs. A distinctive feature of LSTM is its ability to store 
information for long periods of time, which makes it exceptionally suitable for 
tasks related to time series, where long-term dependencies between data must be 
taken into account. In the context of predicting photovoltaic energy generation, 
LSTM models are able to analyze data on weather conditions and historical energy 
production, identifying patterns that can be used to predict future generation.
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Ağbulut and colleagues (2021) compare various machine-learning algorithms for predicting daily 
global solar radiation, highlighting the importance of a comprehensive comparison to determine the most 
effective method.

Alizamir and co-authors (2020) conducted a comparative study of several machine-learning methods 
based on nonlinear regression to estimate solar radiation, considering the cases of the regions of the USA and 
Turkey. This study highlights the importance of choosing an appropriate algorithm based on geographical 
location and climatic conditions to improve the accuracy of estimates.

Yu, Cao, and Zhu (2019) focused on short-term solar radiation forecasting using LSTM in difficult 
weather conditions. Their work demonstrates how LSTM can adapt to changing weather conditions, 
providing high prediction accuracy.

Aslam and his team (2019) investigated deep learning models for long-term prediction of solar 
radiation, taking into account the installation of microgrids. A comparison of various deep learning models in 
this context offers valuable insights for choosing optimal forecasting methods in microgrid conditions.

Monjoly and co-authors (2017) presented a hybrid approach to hourly forecasting of global solar 
radiation based on multi-decomposition methods. This technique combines various algorithms to achieve 
more accurate and reliable forecasts, demonstrating the potential of hybrid models in predicting solar 
radiation.

Berrizbeitia, Gago, and Muneer (2020) conducted a review and experimental analysis of empirical 
models for estimating scattered solar radiation in the sky. Their research highlights the importance of 
developing and adapting models specific to different lighting conditions and atmospheric conditions.

These studies show a variety of methods and approaches in the field of solar energy forecasting, 
from deep learning to machine learning and hybrid models, highlighting their potential to improve accuracy 
and efficiency in a variety of settings and contexts.

Methods
LSTM (Long Short-Term Memory) and MLP (Multilayer Perceptron) methods are common machine 

learning approaches for solving forecasting problems, including predicting photovoltaic power generation.
The article discusses two different machine learning models, Long Short-Term Memory (LSTM) and 

Multilayer Perceptron (MLP), which are widely used to solve forecasting problems, including forecasting 
photovoltaic energy generation.

LSTM is a specialized type of recurrent neural networks (RNNs) designed to process data sequences 
and prevent the vanishing gradient problem, which is an obstacle for traditional RNNs. A distinctive feature 
of LSTM is its ability to store information for long periods of time, which makes it exceptionally suitable for 
tasks related to time series, where long-term dependencies between data must be taken into account. In the 
context of predicting photovoltaic energy generation, LSTM models are able to analyze data on weather 
conditions and historical energy production, identifying patterns that can be used to predict future generation.

Figure 1. Conceptual LSTM Model Structure

The conceptual structure of the LSTM model presented in Figure 2 serves as the basis for the 
development and understanding of methods for predicting solar energy generation. Understanding the role of 
each component of the model helps engineers and researchers effectively apply LSTM to optimize the 
operation of solar power plants and ensure sustainable energy production from solar sources.

MLP, on the other hand, is a classical architecture of artificial neural networks consisting of three or 
more layers: an input layer, several hidden layers and an output layer. The layers are interconnected by 
weights that adapt during the learning process. MLP is able to approximate almost any function, so it finds 
application in a wide range of machine learning tasks, including regression and classification. In photovoltaic 
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Figure 1. Conceptual LSTM Model Structure

The conceptual structure of the LSTM model presented in Figure 2 serves as the 
basis for the development and understanding of methods for predicting solar energy 
generation. Understanding the role of each component of the model helps engineers 
and researchers effectively apply LSTM to optimize the operation of solar power 
plants and ensure sustainable energy production from solar sources.

MLP, on the other hand, is a classical architecture of artifi cial neural networks 
consisting of three or more layers: an input layer, several hidden layers and an 
output layer. The layers are interconnected by weights that adapt during the learning 
process. MLP is able to approximate almost any function, so it fi nds application in 
a wide range of machine learning tasks, including regression and classifi cation. 
In photovoltaic power generation forecasting tasks, MLP can be used to create 
models that predict power output based on weather conditions and other relevant 
parameters.

power generation forecasting tasks, MLP can be used to create models that predict power output based on 
weather conditions and other relevant parameters.

Figure 2. Conceptual MLP Model Structure

The conceptual structure of the MLP model presented in Figure 1 is the basis for the development 
and understanding of methods for predicting solar energy production. Understanding the role of each 
component of the model helps researchers and practitioners effectively apply MLP to optimize the operation 
of solar power plants and integrate solar energy into the energy system.

Both LSTM and MLP models offer different approaches to data processing and analysis for 
forecasting. LSTM is ideal for tasks where time dependencies and long-term memory are important, while 
MLP stands out for its flexibility and ability to approximate complex relationships between input and output 
data, making both models valuable tools in the arsenal of machine learning specialists.

Case study
As an example, information on the power of energy generated from solar panels located in Germany 

in 2016 was used, as well as meteorological data from open sources. In particular, we use two data sets:
Results and discussion
The correlation of solar power generation using the initial data parameters shown below is shown in 

Figure 3. The greatest correlation in solar electricity production, as shown in the figure, is temperature 0.5,
the sign indicating the sunrise is 0.6, and the UF index is 1.

An experiment was conducted using two models, that is, with all data (1) and data with a high 
correlation(2).

Output Layer
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Figure 2. Conceptual MLP Model Structure

The conceptual structure of the MLP model presented in Figure 1 is the basis 
for the development and understanding of methods for predicting solar energy 
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production. Understanding the role of each component of the model helps 
researchers and practitioners effectively apply MLP to optimize the operation of 
solar power plants and integrate solar energy into the energy system.

Both LSTM and MLP models offer different approaches to data processing and 
analysis for forecasting. LSTM is ideal for tasks where time dependencies and long-
term memory are important, while MLP stands out for its fl exibility and ability to 
approximate complex relationships between input and output data, making both 
models valuable tools in the arsenal of machine learning specialists.

Case study
As an example, information on the power of energy generated from solar panels 

located in Germany in 2016 was used, as well as meteorological data from open 
sources. In particular, we use two data sets:

Results and discussion
The correlation of solar power generation using the initial data parameters shown 

below is shown in Figure 3. The greatest correlation in solar electricity production, 
as shown in the fi gure, is temperature 0.5, the sign indicating the sunrise is 0.6, and 
the UF index is 1.

An experiment was conducted using two models, that is, with all data (1) and 
data with a high correlation(2).

Figure 3. Correlation analysis
Figure 3. Correlation analysis

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = {𝑠𝑠𝑠𝑠, 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠,𝑇𝑇𝑇𝑇, 𝑝𝑝𝑝𝑝, 𝑐𝑐𝑐𝑐, 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, 𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡,𝐸𝐸𝐸𝐸, ,𝑃𝑃𝑃𝑃,𝑈𝑈𝑈𝑈}                             (1)
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Table 1 shows a comparison of two types of neural networks: multilayer perceptron (MLP) and long-
term short-term memory (LSTM) based on five indicators: Loss, Validation Loss, root of mean square error 
(RMSE), average absolute error (MAE) and coefficient of determination (R2).

The multilayer perceptron (MLP) shows losses of 0.0003 and validation losses of 0.0005. The RMSE 
value for this model is 374.3, MAE is 308.1, and the coefficient of determination (R2) is 0.83, which 
indicates a fairly high degree of compliance of the predicted values with real data.

In turn, the LSTM model demonstrates lower losses: 0.0002 and validation losses of 0.0003. The 
RMSE and MAE indicators are 267.2 and 212.8, respectively, which is lower than that of MLP. The 
coefficient of determination for LSTM is 0.91, which indicates a more accurate prediction of the model 
compared to MLP.

Thus, according to the presented data, the LSTM model surpasses the MLP model in all five 
estimated parameters. Lower values of losses and errors, as well as a higher coefficient of determination in 
LSTM, indicate greater accuracy and reliability of this model in predictive tasks.

Table 1. Comparison of models: MLP and LSTM

Model Loss Validation 
Loss

RMSE MAE R2

MLP 0.0003 0.0005 374.3 308.1 0.83
LSTM 0.0002 0.0003 267.2 212.8 0.91

   (1)

Figure 3. Correlation analysis
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Table 1 shows a comparison of two types of neural networks: multilayer perceptron (MLP) and long-
term short-term memory (LSTM) based on five indicators: Loss, Validation Loss, root of mean square error 
(RMSE), average absolute error (MAE) and coefficient of determination (R2).

The multilayer perceptron (MLP) shows losses of 0.0003 and validation losses of 0.0005. The RMSE 
value for this model is 374.3, MAE is 308.1, and the coefficient of determination (R2) is 0.83, which 
indicates a fairly high degree of compliance of the predicted values with real data.

In turn, the LSTM model demonstrates lower losses: 0.0002 and validation losses of 0.0003. The 
RMSE and MAE indicators are 267.2 and 212.8, respectively, which is lower than that of MLP. The 
coefficient of determination for LSTM is 0.91, which indicates a more accurate prediction of the model 
compared to MLP.

Thus, according to the presented data, the LSTM model surpasses the MLP model in all five 
estimated parameters. Lower values of losses and errors, as well as a higher coefficient of determination in 
LSTM, indicate greater accuracy and reliability of this model in predictive tasks.

Table 1. Comparison of models: MLP and LSTM

Model Loss Validation 
Loss

RMSE MAE R2

MLP 0.0003 0.0005 374.3 308.1 0.83
LSTM 0.0002 0.0003 267.2 212.8 0.91

     (2)
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Table 1 shows a comparison of two types of neural networks: multilayer 
perceptron (MLP) and long-term short-term memory (LSTM) based on five 
indicators: Loss, Validation Loss, root of mean square error (RMSE), average 
absolute error (MAE) and coefficient of determination (R2).

The multilayer perceptron (MLP) shows losses of 0.0003 and validation losses of 
0.0005. The RMSE value for this model is 374.3, MAE is 308.1, and the coefficient 
of determination (R2) is 0.83, which indicates a fairly high degree of compliance of 
the predicted values with real data.

In turn, the LSTM model demonstrates lower losses: 0.0002 and validation 
losses of 0.0003. The RMSE and MAE indicators are 267.2 and 212.8, respectively, 
which is lower than that of MLP. The coefficient of determination for LSTM is 
0.91, which indicates a more accurate prediction of the model compared to MLP.

Thus, according to the presented data, the LSTM model surpasses the MLP 
model in all five estimated parameters. Lower values of losses and errors, as well 
as a higher coefficient of determination in LSTM, indicate greater accuracy and 
reliability of this model in predictive tasks.

Table 1. Comparison of models: MLP and LSTM
Model Loss Validation Loss RMSE MAE R2

MLP 0.0003 0.0005 374.3 308.1 0.83
LSTM 0.0002 0.0003 267.2 212.8 0.91

Figure 4. Comparison of models: MLP and LSTM

The visualization of the results was presented in the form of a bar chart (Figure 
4), where each column corresponded to the RMSE of one of the models. It followed 
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from the chart data that the LSTM model surpassed MLP, showing a lower RMSE 
value of 267.26 versus 374.38 for MLP. These results indicate that the LSTM 
model, with its ability to efficiently process and store information about long-term 
dependencies, is better suited for analyzing and predicting data sequences, which 
makes it the preferred choice in time series applications.

Table 2. Comparison of activation function: relu, sigmoid and tanh
Model Loss Validation Loss RMSE MAE
relu 0.011 0.006 1286.15 807.979
Sigmoid 0.016 0.012 2427.929 1774.908
tahn 0.013 0.008 1653.537 1262.15

In this study, three activation functions are compared (Table 2): Real, sigmoid 
and tanh, according to several key metrics. The table shows the results, including 
Loss, Validation Loss, root of mean square error (RMSE) and mean absolute error 
(MAE) for each of the activation functions. The following results are observed for 
the ReLU activation function: losses are 0.011, validation losses are 0.006, RMSE 
is 1286.15, and MAE is 807.979. The sigmoid activation function shows losses at 
0.016, validation losses at 0.012, RMSE is 2427.929, and MAE is 1774.908. In 
the case of using the thanh activation function, losses are 0.013, validation losses 
are 0.008, RMSE is 1653.537, and MAE is 1262.15. These data allow an analysis 
of the effectiveness of various activation functions in in the context of the task for 
which they were used, demonstrating the differences in their impact on the learning 
process of the model.

Figure 5. Forecast using LSTM model and solar power generation
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Figure 6. Forecast using MLP model and solar power generation

Figure 5 and Figure 6 show a line diagram tracing two variables in a time 
period covering the period from October 21, 2016 to October 23, 2016. The X-axis 
labeled "date and time" represents the date and time, suggesting that data points 
are drawn based on a specific time of day. The Y-axis labeled "production volume, 
MW" indicates the amount of electricity generation in megawatts (MW). The blue 
line represents the estimated electricity generation, and the red line represents the 
actual solar power generation data. The interaction between predicted and actual 
values can be used to assess the accuracy of forecasts and analyze the patterns of 
electricity generation.

Discussion 
The discussion of the results of this study opens up significant directions for 

the development and improvement of forecasting systems for electricity generation 
based on renewable sources. The use of the latest machine learning methods, 
in particular LSTM (Long Short-Term Memory) networks, for the analysis and 
forecasting of photovoltaic energy generation has shown their high efficiency. 
The effectiveness of these methods is especially noticeable when working with 
meteorological data that have a high correlation with energy production.

A key aspect highlighted in the study is the acute sensitivity of forecasts to 
weather changes. This confirms the need to use accurate and relevant meteorological 
data in modeling production processes in the field of renewable energy. The choice 
of correlated meteorological data for training the model allows you to significantly 
increase the accuracy of forecasts, which is confirmed by the standard error and the 
coefficient of determination (R2) as a result of using the latest model.

Comparing the latest model with previous approaches shows a significant 
improvement in forecasting accuracy. This indicates that the introduction of 
algorithms capable of adapting to dynamic changes in weather data and energy 
production can lead to a significant increase in forecasting efficiency. However, to 
achieve the best results, it is critically important to select data with a high degree of 
correlation and relevance.

To further improve the accuracy of predicting photovoltaic power generation, 
the study highlights the importance of expanding the amount of training data and 
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scenarios. This may include using a broader set of meteorological data, as well 
as data on energy production over longer time periods. This approach will allow 
the model to better adapt to different conditions and improve the ability to predict 
energy production in a variety of weather conditions.

Conclusion
This study was developed using the LSTM machine learning method to solve 

the problem of predicting electricity generation based on meteorological data from 
open sources. The prediction of photovoltaic energy production showed an acute 
sensitivity to weather changes.  Various sets of meteorological data have been 
used to increase the accuracy of forecasts for historical solar energy production in 
renewable energy sources. The LSTM model with high correlation meteorological 
data surpassed the LSTM with all meteorological data sets. In particular, for the 
LSTM model with correlated meteorological data, RMSE 267.2, MAE 212.8 
and R2 was 0.91%. Using an LSTM model with correlated meteorological data is 
effective, but for more accurate forecasting, it is necessary to increase the number 
of training data and scenarios.
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