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Abstract

The growing population and industrialization have resulted in an increased demand for energy, which has worsened environmental
problems such as pollution and climate change. Renewable energy sources are considered a promising solution due to their
environmental benefits and limited potential. This study examines the use of neural networks and time series analysis to predict
electricity generation rates from renewable energy sources in Turkey. We use the LSTM, NNAR, and ELM models, all of which utilize
the backpropagation algorithm for neural network forecasting. Additionally, we apply ARIMA, Holt’s trend, linear regression, mean,
and exponential smoothing models for time series analysis. We evaluate the performance using the mean absolute error and root mean
square error on the training and test data. The study showed that LSTM models outperformed the ARIMA (1,2,1), ARIMA (2,2,1),
ARIMA (3,2,1), and NNAR methods in forecasting accuracy. Although the NNAR model initially had the lowest error, its linear
predictions made it less suitable for practical applications. This study highlights the effectiveness of neural networks and time series
analysis in predicting renewable energy sources. The ARIMA (1,2,1), LSTM and ARIMA (3,2,1) modeling methods are useful for
optimizing the planning and management of Turkey's renewable energy future, contributing to a more sustainable energy landscape.
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Tiirkiye'de Yenilenebilir Enerji Tahmini: Analitik Yaklasimlar

Oz

Artan niifus ve sanayilesme, enerji talebinin artmasina neden olmus, bu da kirlilik ve iklim degisikligi gibi ¢evre sorunlarini daha da
kotiilestirmistir. Yenilenebilir enerji kaynaklari, ¢cevresel faydalari ve smirsiz potansiyelleri nedeniyle imit verici bir ¢dziim olarak
degerlendirilmektedir. Bu ¢alisma, Tiirkiye'de yenilenebilir enerji kaynaklarindan elektrik {iretim oranlarini tahmin etmek i¢in sinir
aglarnin ve zaman serisi analizinin kullanimin1 incelemektedir. Sinir ag1 tahminleri i¢in her ikisi de geri yayilim algoritmasini temel
alan LSTM, NNAR ve ELM modellerini kullaniyoruz. Ayrica zaman serisi analizi icin ARIMA, Holt trendi, dogrusal regresyon,
ortalama ve listel diizeltme modellerini kullaniyoruz. Performansi, egitim ve test verilerinde ortalama mutlak hata ve kok ortalama kare
hata kullanarak degerlendiriyoruz. Caligma, LSTM modellerinin tahmin dogrulugunda ARIMA (1,2,1), ARIMA (2,2,1), ARIMA
(3,2,1) ve NNAR yontemlerinden daha iyi performans gosterdigini gostermistir. NNAR modeli baslangigta en diisiik hataya sahip
olmasina ragmen dogrusal tahminleri onu pratik uygulamalar i¢in daha az uygun hale getirdi. Calisma, yenilenebilir enerji
kaynaklarinin tahmin edilmesinde sinir aglarinin ve zaman serisi analizinin etkinligini vurguluyor. ARIMA (1,2,1), LSTM ve ARIMA
(3,2,1) modelleme yontemleri, Tiirkiye'nin yenilenebilir enerji geleceginin planlanmasi ve yonetimini optimize etmek ve daha
stirdiiriilebilir bir enerji ortamina katkida bulunmak i¢in kullanighdir.

Anahtar kelimeler: Yenilenebilir enerji, Tiirkiye, zaman serileri, sinir aglari, iklim degisikligi, ARIMA, LSTM

1. Introduction with a nearly limitless supply, ensuring sustainability

- . . . over time (“Renewable energy explained - U.S. Energy
Energy, in its basic form, is a system's ability to perform Information Administration (EIA),” 2023). Renewable
work or generate heat, while renewable energy refers to energy sources may vary among countries. Turkey
naturally replenished sources of energy (Coburn and possesses a diverse range of renewable energy sources,
Farhar, 2004). Renewable energy is a source of energy including hydropower, wind, and solar energy.
continually replenished by natural processes (Hersh, According to information from the YTBS website,

2006). Renewable energy can be obtained from sources
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Turkey's renewable energy usage rates in 2023 were as
follows: biomass accounted for 2.65%, solar for 5.83%,
geothermal for 3.43%, and wind for 10.52%. To
increase energy production, it is important to utilize
different sources and invest in renewable energy. In this
regard, energy prediction studies are of critical
importance in accurately forecasting future energy
demand and planning necessary investments. Many
studies have demonstrated the success of methods such
as artificial neural networks (ANNS) in numerical
estimation problems. In this study, various prediction
models were employed, including neural network
autoregression (NNAR), extreme learning machines
(ELM), exponential smoothing, Holt's trend, linear
regression, mean model, autoregressive integrated
moving average (ARIMA) and long short-term memory
(LSTM). ANNSs can learn dispersed relationships in data
(Mossalam and Arafa, 2018). ANNs models possess a
structure that mimics the learning functions of the
human brain. Information is transmitted through
connections between neurons, and the network is trained
with preexisting datasets. The goal is to find the network
configuration that will produce the most accurate
prediction. Various components, such as the learning
algorithm and the activation function, contribute to
achieving this configuration. Determining the optimal
network structure can be considered an optimization
problem. Once this structure is established, the
developed network model can be used to make future
predictions with minimal inaccuracy. Typical ANN
models use simplified neuron models similar to human
neurons (Nastos et al., 2013). ANN, ARIMA, NNAR,
and LSTM models are widely used and effective
methods for energy prediction. ANNs have the ability to
learn from complex datasets and forecast future trends,
enabling the prediction of energy production and
consumption levels, price fluctuations, and other factors.
Many of these methods have been tested to establish
standards, and the selection of the estimation model is
based on error rates.

A time series consists of observations produced
sequentially over time. A set is considered continuous if
it is continuous; otherwise, it is discrete (Baskan, 2008).
The primary objective of time series analysis is
prediction. The fundamental idea is to utilize past
observations to forecast the future, and the model that
best describes the data is then employed to predict future
outcomes based on historical records (Baccar, 2019).
This study investigated the usability of current methods
such as artificial neural networks, ARIMA, ELM,
NNAR and LSTM in estimating Turkey's renewable
energy production rate.

This study aims to guide Turkey's decision-making
process for its renewable energy future and identify the
most effective methods. The use of new technologies
such as ANNSs is important for improving Turkey's
energy production capacity and ensuring energy
security. Forecasts regarding Turkey's energy
production capacity in the future are important for

planning investments and ensuring energy security. In
this study, the findings of these predictions obtained
from the most up-to-date methods are presented.

2. Literature Review

The literature has been surveyed to provide brief
summaries of studies conducted chronologically in
Turkey and around the world that employ forecasting
methods related to renewable energy sources.

Paoli et al. employed neural network (MLP), ARIMA,
the k-nearest neighbors algorithm, Bayesian
decipherment, and Markov chain estimation methods to
predict preprocessed daily solar radiation time series
(Paoli et al., 2010a). Hocaoglu and Karanfil utilized
Granger causality and impulsive response analysis
estimation methods in their study, adopting a time
series-based approach to renewable energy modeling
(Hocaoglu and Karanfil, 2013a). Golestaneh et al.
employed the ELM estimation method (Golestaneh et
al., 2016). Jiang et al. utilized the ELM estimation
method. Additionally, the investigation incorporated the
bacterial-foraging optimization algorithm (BFOA) and
empirical mode decomposition (EMD) as estimation
methods. This study applied empirical mode
decomposition and an advanced ELM optimized with
the BFOA to estimate China's renewable energy
terminal power consumption (Jiang et al., 2019).
Tharani et al. utilized various machine learning
techniques to comprehensively examine and project
renewable energy trends (Tharani et al., 2020).
Goncalves et al. utilized vector autoregression, privacy
preservation, and distributed learning prediction
methods. Additionally, they conducted a study on
confidentiality-preserving distributed learning for
renewable energy prediction (Goncalves et al., 2021). In
their research, Gullu and Kartal focused on the
electricity  production  objectives derived from
renewable energy sources, including solar, wind, and
hydroelectric power. They adopted the Box-Jenkins
ARIMA methodology to estimate the individual
installed capacities of these various renewable energy
types. (Giilli and Kartal, 2021). In another study
conducted by Cetin et al., future energy production was
predicted using real data from a solar power company
and employing machine learning algorithms. This study
utilized the LSTM method, a type of ANN, to conduct
predictions and analyses. The results revealed an error
rate ranging from 1% to 15%. Future studies will focus
on other renewable sources like wind, geothermal, and
hydro energy (Cetin and Isik, 2021).

Erturk et al. developed ANN models using MATLAB
for four provinces located in different climatic zones of
Turkey (Kayseri, Rize, Hakkari, and Izmir) to accurately
determine the amount of solar radiation. The solar
radiation predictions made by the model yielded the best
results for the province of Hakkari, with an R? value of
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0.93, followed by Izmir, Kayseri, and Rize. There was a
consistent agreement between the values predicted by
the ANN models and the measured values for each
province (Ertiirk et al., 2023).

Kaysal et al. conducted a study using data from a wind
farm located in the Mediterranean region, spanning the
years 2018 to 2020. They employed convolutional
neural network (CNN) and binary long short-term
Memory (BLSTM) algorithms for prediction purposes
(Kaysal et al., 2023). Cakir (2023), highlighted the
increasing challenge of forecasting REG for effective
energy management. Various time series models,
encompassing physical models, statistical techniques,
and artificial intelligence algorithms, have been
proposed to address this challenge. Notably, fuzzy time
series (FTS) models were applied to forecast Turkey's
REG between 2000 and 2020. The results indicate that
the proposed integrated model demonstrates high
accuracy and serves as a valuable tool not only for REG
forecasting but also for addressing other time series
forecasting problems. Cakir suggested further
exploration of this integrated model (Cakir, 2023).

Rajni et al. examined monthly energy production data
spanning from January 1973 to December 2019. They
conducted a study on renewable energy production in
the United States from January to December 2020. This
investigation employed ARIMA time series analysis
techniques to forecast ten future time periods (months),
specifically considering total renewable energy
production (Rajni et al., 2024).

In a 2024 study, Bquet et al. developed an Al-based
framework at the Swiss Federal Institute of Technology
(EPFL) using a Long Short-Term Memory (LSTM)
model to predict solar energy for different time horizons.
The dataset consisted of 17,297,280 Global Horizontal
Irradiance (GHI) measurements taken every 10 seconds
between January 1, 2016, and November 1, 2021. The
LSTM model proved highly effective for short-term
forecasts, particularly for horizons a few hours ahead
(Bouquet et al., 2024).

Solano et al. used Support Vector Regression (SVR),
Extreme Gradient Boosting (XGBT), Categorical
Boosting (CatBoost) machine learning algorithms for
solar radiation prediction and proposed an ensemble
feature selection method to select the most relevant
input parameters and their past observations. The
method called Voting Average (VOA) is an ensemble
learning method that includes SVR, XGBT and
CatBoost. As a result of the study, they proved that VOA
outperformed the other algorithms (Solano et al., 2022).

In this study, in comparison to other studies identified
through a literature review, the commonly utilized
forecasting methods were ARIMA, employed by Paoli
etal., Giillii and Kartal, Rajni et al. Golestaneh et al. and
Jiang et al. utilized ELM in their studies. Additionally,
LSTM was utilized by Cetin and Isik, Kaysal et al...

Furthermore, Cetin and Isik, Erturk et al. and Han et al.
employed ANNSs.

Previous studies by Cetin and Isik and Ertiirk et al. had
a narrower focus, examining a single company's
production capacity or a localized region, respectively.
Giilli and Kartal used the ARIMA methodology to
predict solar, wind, and hydroelectric power. In contrast,
this study estimates the share of renewable energy in
total energy production, excluding hydroelectric power.
Unlike previous studies, this research evaluates the most
recent data from 1960 to 2023, encompassing all
renewable energy sources in Turkey. Additionally, it
compares several established algorithms using the most
recent data. This study stands out by testing eight
different  forecasting methods on the most
comprehensive dataset and demonstrating the suitability
of the ARIMA and LSTM algorithms predictive models
by focusing on the top five results.

Upon reviewing the literature, it is evident that studies
have focused on forecasting solar energy alone (Cetin
and Isik, 2021; Ertiirk et al., 2023; Goncalves et al.,
2021; Paoli et al., 2010b), wind energy (Kaysal et al.,
2023), both solar and wind energy (Cakir, 2023), and a
combination of solar, wind, and hydropower
(Golestaneh et al., 2016; Giillii and Kartal, 2021; Jiang
et al.,, 2019). Additionally, numerous studies explore
renewable energy consumption (Jiang et al., 2019),
trends (Tharani et al., 2020), and the relationships
between various parameters of renewable energy
(Hocaoglu and Karanfil, 2013b).

When examining studies on renewable energy sources
in Turkey, Cetin et al. employed the LSTM algorithm,
but their work was limited to a specific region within
Turkey, and similar to Erturk et al., they only forecast
solar energy. Our study, on the other hand, covers the
entire country and focuses on predicting energy
generation from all renewable sources, excluding
hydropower. Hocaoglu et al. investigated the
relationships between parameters of renewable energy
in their study, while Gilli and Kartal included
hydropower among renewable energy sources. Cakir
aimed to forecast solar and wind energy generation
using a dataset spanning 2000 to 2020. An analysis of
Cakar’s predictions reveals that the aim was to estimate
total production volume. However, our study focuses on
predicting the share of renewable energy in Turkey's
total energy production as a percentage. When
comparing the trends, both studies indicate an upward
trend. Moreover, while Cakir's study produced forecasts
only up to 2020, our work extends the predictions to
2028, offering continued insights beyond 2020, thus
contributing to a more sustained forecasting approach.

3. Method
3.1. Methods Used for Prediction
3.1.1. Extreme Learning Machine (ELM) Method
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The single hidden layer feed-forward neural network
consists of three neural layers. Its name derives from the
nonlinear hidden layer in the model, which processes
input layer data features. When the hidden layer
performs no computations, the output layer becomes
linear and is devoid of any transformation function or
bias (Akusok, 2016). The single-layer hidden-layer
neural network model with L, a number of training
samples in with N, a weight vector between the input and
hidden layers with w, an activation function with g, a vias
vector with b and an input vector with x. The ELM
method is formulated as equation g(x) as shown in
Equation 1 (Erdem, 2020), which includes hidden
neurons and an activation function.

L
ZB] g((Wj'Xi) + b])zyl, i=1,2,..,N (1)
j=1

Extreme Learning Machine (ELM) is a fast algorithm
for Single-Layer Feedforward Networks (SLFN),
randomly assigning input weights and biases, while
analytically determining output weights using the
generalized inverse of the hidden layer's output, thus
greatly improving learning speed and generalization
performance (Guang-Bin Huang et al., 2004).

3.1.2. Neural network autoregression (NNAR) model
method

The neural network autoregression (NNAR) model is a
three-layer feedforward neural network (Maleki et al.,
2018), as illustrated in Figure 1.

Input Layer [ Output Layer
(tx)
F (1) .
FIE2) Hidden Layer
rw
yep) +

et}

Figure 1. Schematic representation of the NNAR model
(Gibson, 2020).

The NNAR (Neural Network Autoregression) model is
a data-driven, feedforward neural network that uses the
backpropagation algorithm for training and parameter
estimation (Sadia et al., 2022). The input layer of the
network receives the lagged values of the time series,
representing past observations and in the hidden layer,
the model learns complex nonlinear relationships
between these past values (Daniyal et al., 2022). The
backpropagation algorithm is used to minimize the error
between the predicted and actual values by adjusting the
network's weights. This error is propagated backwards

from the output layer through the network, updating the
weights to improve future predictions.

3.1.3. Autoregressive Integrated Moving Average
(ARIMA) Modeling Method

The ARIMA model was developed according to the
methodology described by Box and Jenkins (Box et al.,
1994). There are three basic types of ARIMA models:
the moving average (MA) model, autoregressive (AR)
model, and integrated (1) model (Yang et al., 2020). The
nonseasonal model is one of the various ARIMA
models. The general equation for the ARIMA (p, d, q)
model is formulated in Equation 2 and approximated as
shown in Equation 3. In these equations, d represents the
number of differences, t denotes the discrete time, @,, is
the autoregressive parameter, e represents the residual
and 6, is the moving average parameter. Additionally,
X.and U,are both reliable variables. The symbol d
represents the difference (Nyatuame and Agodzo,
2018).

UL’ = ®1UL'—1 + ®2Ut—2+ "+®pUt—p + & — 9185_1 (2)

— Oy6i5— .. 0454

U= X — Xiq 3)

During the tuning of the ARIMA models,
autocorrelation ~ function (ACF) and  partial
autocorrelation function (PACF) plots were constructed
to identify the optimal ARIMA parameters based on the
lag observations. An automatic configuration was
preferred for the lambda parameter. Additionally, the
ACF graph is shown in Figure 2, and the PACF graph is
shown in Figure 3.

ACF

Figure 2. Representation of the ACF Graph
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Figure 3. Representation of the PACF Graph

3.1.4. Holt’s trend method

Holt's trend method estimates the parameter for trend
correction using the Holt-Winters method. The
multiplicative model for Holt's trend method is
formulated in Equation 4, while the additive model is
expressed in Equation 5. In Equation 5, when examining
the equation symbols, the symbol S: represents
exponential correction at time t, Sii signifies
exponential correction at time t-1 corresponding to
seasonal elements, b denotes trend elements at time t
and bya represents trend elements at time t-1
(Nurhamidah et al.,, 2020). In addition, B is the
smoothing factor for the trend and F is the forecast at
steps ahead (Mrutyunjaya, 2020).

By = B (Fi—q1 — Fip) + (1 — B)B—» (4)

by = B (St — Se-1) + (1 = B) b4 (%)

3.1.5. LSTM neural network model

The LSTM model (Hochreiter and Schmidhuber, 1997)
is a powerful recurrent neural system specially designed
to overcome the exploding/vanishing gradient problems
that typically arise when learning long-term
dependencies, even when the minimal time lags are very
long (Van Houdt et al., 2020).

LSTMs are a type of recurrent neural network (RNN)
designed to capture long-term dependencies in time
series data, utilizing “cell states” to store important
information and “gates” to determine which information
should be remembered and which should be forgotten
(Olah, 2015)

An LSTM neural network model typically comprises an
input sequence layer, one or more LSTM layers
arranged sequentially to capture time dependencies in
the data, a fully connected layer to transform the output
size of preceding layers into the number of classes to be
recognized, and a softmax layer to compute the

probability of belonging to each class. Additionally, it
includes a classification output layer to calculate the cost
function (Ghislieri et al., 2021). LSTM networks offer
several advantages, including dynamic system modeling
capabilities in diverse application domains such as
image processing, speech recognition, manufacturing,
autonomous systems, communication, and energy
consumption (Lindemann et al., 2021).

The adaptive moment estimation (Adam) stochastic
gradient descent method, which is based on the adaptive
estimation of first and second-order moments, was
employed for optimizing the LSTM algorithm.

3.2. Criteria used in the analysis of the results
3.2.1. Mean absolute error (MAE)

The MAE is calculated as the average of the absolute
differences, referred to as errors, between the expected
and actual observations. As shown in Equation 6, the
MAE is calculated as the average of the absolute
differences (errors) between the expected and actual
observations a,, represents the actual value, is the
observed value, n is the number of observations and N
is the number of observations.

N -
MAE = Zn=t8n=2n] (6)

3.2.2. Root mean square error (RMSE)

As indicated in Equation 7, the RMSE is employed to
calculate the average magnitude of the differences
between the predicted and observed values. In this
equation, o,, represents the observed value, a,
represents the actual value, n is the number of
observations and N represents the number of tuples in
the test dataset.

N -
RMSE = _|Zn=1(0n=an)® )
N

3.3 Dataset

In the experiments, we utilized a dataset encompassing
the total rate of electrical energy obtained by Turkey
from  renewable energy  sources, excluding
hydroelectricity, for the years 1960-2023. The data for
the years 1960 to 2015 were sourced from the World
Bank website, while the data for the years 2015 to 2019
were obtained from the Ministry of Energy.
Subsequently, data for the years 2019 to 2023 were
acquired from the YTBS-TEIAS website (“Yiik Tevzi
Bilgi Sistemi (YTBS)-Tiirkiye Elektrik Istatistikleri,”
2023).
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The dataset contains two attributes: "Date" and
"Electricityproduction”. Since the dataset was provided
as structured Excel and .csv files by the relevant
institutions, no additional data cleaning was performed.
However, due to the absence of records for the year
1982, the Kalman Filter method was employed to
impute the missing data in the time series. Using this
method, the data for 1982-1983 was automatically filled
in without disrupting the integrity of the series.

The R programming language, with the R-Studio
application, was used for the data analysis. In the
experimental results section, the outcomes of the
estimation processes are discussed in depth. The R
programming language is employed for statistical
analysis, particularly by data scientists, academics, and
health researchers (Lanovaz and Adams, 2019).

4. Experimental Design

The available data were partitioned into training and
testing sets, and the dataset underwent time series
estimation using the most preferred methods. Among
the time series analysis estimation methods, we
employed the ARIMA, Holt’s trend, linear regression,
mean, and exponential smoothing models. On the other
hand, artificial neural network estimation methods
include the use of the ELM method, the LSTM neural
network model and the neural network autoregression
(NNAR) method. The methods employed in the study
were implemented using the R programming language
in the R-Studio application. The 'Keras3' library and the
"TensorFlow' library were utilized within the R software
environment to employ the LSTM algorithm. The data
used in the analysis from 1960 to 2018 are labeled
training data, while the data from 2019 to 2023 are
designated test data. The reason for selecting the data
from the last few years as the test set is to evaluate the
model's predictive ability based on recent trends and
variables. This approach may help the model to better
predict future trends. We developed several prediction
models using training data from 2019 to 2023. The
performance of these models was then evaluated using
the MAE and the RMSE. This sequence represents a
widely accepted approach to solving this type of
problem. Furthermore, these values were compared to
determine which method yielded better results. Five
results were obtained from each estimation method for
the years 2019-2023. Finally, future projections were
made for the years 2024 to 2028. As a result of this
process, 5 outcomes were obtained, contributing to the
overall assessment.

5. Experimental Results

The dataset used is displayed in Figure 4. Upon
examination of the graph, it becomes evident that certain
irregular increases and decreases occurred in the

percentage share lines. Consequently, the observed
dataset is identified as having a trend component. The
absence of a seasonality component is attributed to the
uneven distribution of lines in the graph.

Electricity Production From Renewable Sources
Excluding Hydroelectricity (Percentage of Total)

N
o

2023

n
w
o

Electricity Production (%)
S S

50e.

L anad

0
1960 1970 1980 1990 2000 2010 2020
Year

Figure 4. Graphical Representation of the Data Set

Forecasting for the years 2019-2023 was conducted
using the training data. First, we tested popular models,
and the results are presented in Table 1. Table 2 lists the
five estimation methods that yielded the best results.
Among the five methods, NNAR demonstrated the best
performance when examining the test data segment of
the estimation process.

The second-best method was the LSTM modeling
method, followed by the ARIMA (1,2,1) modeling
method as the third-best estimation approach. The
fourth-best estimation method was the exponential
smoothing method, followed by the ARIMA (3,2,1) as
the fifth best.

Table 1. Performance Values of All Methods

Forecasting Method MAE RMSE
NNAR 0.99 1.48
ELM 7.54 8.49
Exponential Smoothing 6.52 7.00
Holt’s Trend 7.54 8.50
Linear Regression 20.27 20.42
Mean (constant) Model 22.91 23.05
ARIMA (1,2,1) 1.65 1.84
ARIMA (2,2,1) 7.24 8.28
ARIMA (3,2,1) 6.52 7.18
LSTM 1.40 1.73

Table 2. The Accuracy Values of the Test Data of the Five
Methods That Give the Best Results

Forecasting Method MAE RMSE
NNAR 0.99 1.48
LSTM 1.40 1.73
Exponential Smoothing 6.52 7.00
ARIMA (1,2,1) 1.65 1.84
ARIMA (3,2,1) 6.52 7.18

Table 3 displays the estimated values and the actual
values for the methods that produced the best results.
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The table clearly shows that the values obtained using
the ARIMA (3,2,1) and ARIMA (2,2,1) modeling
methods are closely aligned. Although they exhibit an
increase compared to the exponential smoothing
method, they do not align well with the actual values.
Conversely, it has been revealed that the values obtained
through the NNAR method and the LSTM method are
more congruent with the actual values than those
obtained through other methods.

The actual values in Table 3, along with the estimated
values, are depicted in Figure 5. While the estimated
values of the ARIMA (3,2,1) and ARIMA (2,2,1)
models closely align on the graph, an unrelated pattern
is evident in the graph line representing the actual
values. The graph shows that the estimation values of
the NNAR method, the LSTM method and the ARIMA
(1,2,1) modeling method are closer to the graph line of
the actual values than those of the other estimation
methods.

Table 4 displays the estimated energy percentage values
projected for the years 2024-2028, utilizing the five
estimation methods that demonstrated the best results on
the test data by leveraging the entirety of the training
dataset.

Table 3. Estimated and actual values of the models

Table 4. Forecasts of the Models for the Next 5 Years

ARIMA ARIMA

Year NNAR LSTM Exp. Smooth. 1.21) (321)
2024 26.072  34.087 28.453 31875 31.245
2025 25.303 37.958 28.453 35.422  35.306
2026 25.029 40.576 28.453 39.254  38.903
2027 24928 43.130 28.453 43.377 42874
2028 24.890 45.017 28.453 47806 47.412

Estimated Values on Test Data (2019-2023)

60-

Percentage

Models

s

Actual Values

ARIMA (1,2,1)

ARIMA (2,2,1)

ARIMA (3,2,1)
Exponential Smoothing
LST™

’

~~ NNAR

Model /

Ve 2019 2000 2021 2022 2023
NNAR  21.639 24182 26.143 27547 28.499
LSTM 2279 24466 26435 28249 29.393
Exp. 18.344 18344 18344 18344 18.344
Smooth.

ARIMA 5 029 21551 23166 24.879 26.697
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Figure 5. Estimated Values of the Models versus the
Actual Values

Estimated Values of the Models

While the percentile values estimated in the NNAR
model and the exponential smoothing model, as shown
in Table 4, remained relatively stable, those calculated
using the LSTM, ARIMA (1,2,1), and ARIMA (3,2,1)
modeling methods increased over the years. Notably, the
increase observed in the ARIMA (1,2,1) modeling
method surpassed that of ARIMA (3,2,1).

In addition, upon examining the estimated values on the
graph shown in Figure 6, it is evident that the graph line
representing the percentile values obtained in the neural
network autoregression (NNAR) model remains
constant. In contrast, the values obtained through the
LSTM, ARIMA (1,2,1) and ARIMA (3,2,1) modeling
methods increase.
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6. Conclusions and Discussion

We are witnessing the escalating impacts of global
warming each day, and it is evident that carbon dioxide
emissions, in particular, are the primary cause of this
situation. One of the most effective methods for
mitigating this effect is to accelerate the adoption of
renewable energy resources. Understanding the
potential of existing renewable energy sources and
assessing the degree to which this potential is already
being harnessed will provide valuable insights into the
broader landscape. Additionally, for planners and
strategists, envisioning the future utilization of
renewable energy sources is a crucial consideration.
Examining our renewable energy potential and
strategizing its future utilization allows us to formulate
a comprehensive plan. In this study reviews various
estimation approaches for forecasting the future
utilization of renewable energy sources and these
approaches can be applied to other countries and
regions.

The dataset includes information on the electricity
generated from renewable sources in Turkey spanning
64 years (1960-2023). For modeling purposes, the
initial 59 years of data were used as training data, while
the remaining 5 years served as test data. Various time
series estimation methods were applied to the dataset,
revealing that the NNAR method, a type of artificial
neural network method, demonstrated the best
performance. However, NNAR consistently iterated a
constant value for its future predictions. In contrast, the
series exhibited an upward trend, which NNAR failed to
capture. The NNAR model makes predictions by
establishing a linear relationship from past observations.
This may have resulted in an inability to adequately
capture the non-linear dynamics inherent in complex
and variable processes such as energy production, which
is the focus of this study. As a result, NNAR's linear
predictions may fail to account for these complexities,
making them less suitable for long-term and precise
forecasting. Therefore, LSTM algorithm, which had the
second-best prediction results, was considered more
suitable for forecasting.

Considering the upward trend, the LSTM, ARIMA
(1,2,1) and ARIMA (3,2,1) modeling methods produced
the best results. According to our findings, it can be
predicted that the share of renewable energy in Turkey's
total energy production (excluding hydroelectric) from
2024 to 2028 will fall within the range of 34.09% to
45.02%. The techniques employed in this study can be
tested for the quantitative estimation of both
underground and surface resources. In similar tests,
researchers may opt for LSTM and ARIMA modeling
methods.

Unlike previous studies that focused on specific regions
or types of renewable energy, this study aimed to
forecast the share of all renewable energy production in
Turkey, excluding hydroelectric power. Furthermore,
the study employs eight distinct forecasting methods,

thereby offering a more comprehensive understanding
of the predictive models applied in the field. Notably,
the study validates the effectiveness of well-performing
algorithms such as ARIMA and ELM, further
contributing to the empirical knowledge base in
renewable energy forecasting.

Furthermore, the fact that these forecasting methods can
be applied to other resource types and geographical
areas implies that comparable approaches can be applied
to provide reliable energy projections on a global scale.
For their forecasting requirements, researchers and
practitioners might investigate the usage of LSTM and
ARIMA models. Researchers by modifying the models
to take into consideration local characteristics and data
accessibility, they can improve future predictions.

In conclusion, by highlighting the advantages of both
conventional and modern modeling approaches and
offering useful data for future studies and policy
formulation, this work seeks to add to the body of
knowledge on renewable energy forecasting.
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