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Abstract

Turkey has a great potential for renewable energies. The number of power plants (PP) producing electricity from renewable energy
sources and accordingly the installed power has risen over the years. As of the end of December 2021, the cumulative installed power
of Turkey reached 99819.6 MW and the share of the total installed power of the PPs generating electricity from renewable energy
sources was 53.72%. Although the installed power has increased, the percentage of PPs using renewable energy sources in total
electricity generation is not yet at the desired level. However, geothermal energy is being used more and more in electricity generation
alongside the other most well-known types of renewable energy. It can be observed that the installed power of geothermal power plants
(GPP) in Turkey started to increase gradually after 2007, and as of the end of December 2021, the cumulative installed power reached
1676.2 MW. In this study, with the data for the cumulative installed power of GPPs in Turkey in the 2007-2021 period, the cumulative
installed power of GPPs in Turkey for 2022 was predicted by using Artificial Neural Network (ANN) and Bidirectional Long Short-
Term Memory (BLSTM) methods, and the results were compared and interpreted.
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Tirkiye’deki Jeotermal Enerji Santrallerinin Kiimiilatif Kurulu
Giiciiniin Yapay Sinir Ag1 ve Iki Yonlii Uzun-Kisa Vadeli Bellek
Kullanilarak Tahmini

Oz

Tirkiye biiytik bir yenilenebilir enerji potansiyeline sahiptir. Yenilenebilir enerji kaynaklarindan elektrik iireten santrallerin sayist ve
buna bagli olarak kurulu gii¢ yillar iginde artig gostermistir. Aralik 2021 sonu itibariyla Tiirkiye'nin kiimiilatif kurulu giicii 99819,6
MW'a ulagsmistir ve yenilenebilir enerji kaynaklarindan elektrik iireten enerji santrallerinin toplam kurulu gii¢ i¢indeki pay1 %53,72
olmustur. Kurulu gii¢ artmasina ragmen toplam elektrik {iretiminde, yenilenebilir enerji kaynaklar1 kullanan enerji santrallerinin oran
heniiz istenen diizeyde degildir. Bununla birlikte, jeotermal enerji, en ¢ok bilinen diger yenilenebilir enerji tiirlerinin yani sira elektrik
iretiminde giderek daha fazla kullanilmaktadir. Tiirkiye'de jeotermal enerji santrallerinin (JES) kurulu giiciiniin 2007 yilindan sonra
yavas yavas artmaya basladig1 ve Aralik 2021 sonunda kiimiilatif kurulu giiciin 1676,2 MW'a ulastig1 goriilmektedir. Bu ¢aligmada,
Tiirkiye'deki JES'lerin 2007-2021 dénemindeki kiimiilatif kurulu giicii verileriyle, Yapay Sinir Ag1 ve Iki Yonlii Uzun-Kisa Vadeli
Bellek kullanilarak Tiirkiye'deki JES'lerin 2022 yili kiimiilatif kurulu giici tahmin edilmistir ve sonuglar karsilagtirilarak
yorumlanmugtir.

Anahtar Kelimeler: Kurulu gii¢, Jeotermal enerji, Tahmin, Yapay sinir ag1.
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1. Introduction

The rapidly increasing world population, industrialization
and widespread use of electronic devices in daily life increase the
demand for energy [1]. However, in order to make a certain
quality of life sustainable, it is necessary to create a sustainable
energy production system [2]. Although fossil energy sources,
which are exhaustible and harmful to the environment, are still
widely used today, the mentioned necessity has brought
renewable energy sources to the agenda [3].

The installed power of PPs generating electricity from
renewable energy sources in Turkey is increasing rapidly.
According to the data by the end of December 2021, the total
installed power of the PPs in Turkey is 99819.6 MW, and the total
installed power of the PPs generating electricity from renewable
energy sources is 53626.8 MW. Accordingly, the share of PPs
generating electricity from renewable energy sources in the total
installed power is 53.72%. However, the share of electricity
produced from fossil energy sources in total production is still
very high. When the data for December 2021 are analyzed, it is
seen that the share of PPs generating energy from renewable
energy sources in electricity generation is 33.2% [4, 5].

Geothermal energy is being used more and more in electricity
generation alongside the other most well-known types of
renewable energy. The number of GPPs has been increasing in
recent years and as of the end of December 2021, the cumulative
installed power of GPPs in Turkey has reached 1676.2 MW [5].
In Table 1, the cumulative installed power of GPPs in Turkey by
years since 2007 is given.

Table 1. Cumulative installed power of GPPs in Turkey [5, 6]

Year Cumulative installed power in
MW
2007 23.0
2008 29.8
2009 77.2
2010 94.2
2011 114.2
2012 162.2
2013 310.8
2014 404.9
2015 623.9
2016 820.9
2017 1063.7
2018 1282.5
2019 1514.7
2020 1613.2
2021 1676.2

In this study, with the data for the cumulative installed power
of GPPs in Turkey in the 2007-2021 period, the cumulative
installed power of GPPs in Turkey for 2022 was predicted by
using ANN and BLSTM methods.

The rest of the study is structured as follows: A literature
review is given in the second section. In the following section, the
methods used in the study are explained. This is followed by the
application in the fourth section, and the results are discussed in
the fifth section. The conclusion is included in the sixth section.
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2. Literature Review

The global issue of climate change and declining indigenous
fossil fuels reserves have pushed the world to opt for renewable
and clean energy resources. Geothermal energy is increasing its
importance day by day. Various studies exist that made
predictions related to geothermal energy. Shi et al. [7] effectively
predicted the geothermal productivity using LSTM and Multi-
Layer Perceptron (MLP) combined ANN. In this, MLP was
utilized to learn the nonlinear relationship between the constraint
conditions and productivity of geothermal resource, whereas the
LSTM system was utilized to memorize the sequential relation for
the production data. They claimed their method was inexpensive
as compared to numerical simulations. Moreover, they advocated
that the combined model of LSTM and MLP provided better
accuracy, generalization ability and stability, precision and
forecasting efficiency as compared to original LSTM, MLP,
Recurrent Neural Networks (RNN). The following claim was also
supported by Gudmundsdottir and Horne [8]. They utilized
standard feedforward neural network and RNN model for
predicting geothermal reservoir through deep learning. Their
study supported that feedforward neural network performed better
than the complex RNN model and it should be implemented in
prediction modeling for geothermal reservoirs. Similarly, Jiang et
al. [9] also used RNN as Machine Learning (ML) architecture for
the prediction of dynamic or sequential data in order to predict the
long-term geothermal energy production. In addition to this, they
utilized multiscale RNN to improve the generalization power (as
simple RNN is challenged where extrapolation beyond the
training range is needed) of the model and learning capability to
predict both short-term and long-term trends in geothermal fields.

Diaz and Kim [10] opted ANN to predict and improve the
rate of penetration (ROP) by training the system from data
collected from an adjacent well in the geothermal project. They
claimed that this method led to mean percentage error of 18.5%.
ROP was also predicted using ANN model for the nearby well in
a geothermal field and this methodology was found to be quite
accurate [11, 12]. Pérez-Zarate et al. [13] also utilized three-layer
ANN to predict the geothermal reservoir temperatures and
ultimately predict the potential energy extraction from that
geothermal reservoir. They found out that the ANN model
predicted the reservoir temperature with quite an accuracy with
mean percentage error to be ranging from 2% to 11% between
simulated and measured data. Similarly, Haklidir and Haklidir
[14] also utilized ML approach to predict the reservoir
temperature using hydrogeochemical data set for western
Anatolia geothermal system in Turkey. Their study advocated that
Deep Neural Network (DNN) showed the least root mean square
error and mean absolute error and predicted the reservoir
temperature most accurately. Contrary to the methodology
utilized by Shi et al. [7], Jalilinasrabady et al. [15] used numerical
simulation for assessing and predicting production for Takigami
geothermal reservoir under two scenarios: 25 MW and 36 MW
power production.

Coro and Trumpy [16] worked on predicting geographical
feasibility of geothermal-based PPs through Maximum Entropy
ML model. They claimed that their work would increase the
transparency in the assessment of geothermal sites and help in
saving time and money. Mao and Zhang [17] designed a transient
temperature prediction model for analyzing the distribution of
temperature in horizontal-wells during the drilling process for
geothermal energy and shale gas. They modeled the transient
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temperature prediction system depending upon un-steady, two-
dimensional convection-diffusion equation and utilized finite
volume method to solve the iteration model. Baruque et al. [18]
developed a geothermal heat exchanger prediction model based
on times series and optimization of monitoring sensors. In their
study, they utilized statistical regression training tools (Ridge
Regression ARIMA and Decision Tree) and ANN training tools
(MLP, Time Delay Neural Network - TDNN). They found out
that TDNN provided the best results in term of accuracy and
predicted the state of installation up to 6h in advance. Zhang et al.
[19] designed a prediction model based on scaling deposition
kinetics (utilizing Ramey model and inorganic scaling model) to
accurately predict scale layer thickness and assess the blockage
risk in the reinjection wellbore at different conditions.

3. Methodology

In this section, the methods used in the study will be briefly
introduced.

3.1. Artificial Neural Network (ANN)

ANNSs are a learning method that uses artificial intelligence
and machines together to work exactly like nerve cells [20]. They
usually contain the input layer, followed by single or more layers
which are hidden, and then layer for the output, all of which are
covered in neurons and weights. With this method, prediction and
classification can be made with the aid of existing data. After
training the system with real-life data, it may be possible to obtain
outputs suitable for testing the complete system. There is a large
number of application areas for ANNSs, i. e. skin cancer level
determination [21], detection of automobile engine faults [22],
drug classification [23], electric load estimation [24], stock
market forecast [25], wind speed estimation [26] and electricity
energy demand forecasting [27].

3.2. Bidirectional Long Short-Term Memory
(BLSTM)

ANNs s give inspiration for several algorithms, including deep
learning. Deep learning is used in many areas such as processing
languages, processing images, and, classification work [28]. Its
network differs from a classical ANN in many ways, for example,
the number of layers [29]. The most popularly used algorithms for
deep learning are CNN and RNN. A particular version of the
regular RNN is Long Short-Term Memory (LSTM). One-way
normal LSTMs tend to fail time series and other sequential
operations as they are programmed for just one operation [30].
Bidirectional LSTMs run two LSTMs on the same input data in
time series problems. The initial LSTM runs on the input data
from backward to forward, and the next LSTM runs on the same
data from forward to back [31]. In this way, by running two
LSTMs on the same input data, the system is provided to be faster
and the learning deficiencies in one-way LSTM are completed.

4. Application and Results

In this study, with the data in Table 1 for the cumulative
installed power of GPPs in Turkey in the 2007-2021 period, the
cumulative installed power of GPPs in Turkey for 2022 was
predicted by using ANN and BLSTM methods. No Ethics
Committee Permission is required because the data were gathered
from the website of TEIAS (Turkish Electricity Transmission
Corporation).
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First, the data were converted into a series with three inputs
and one output. Then ANN and BLSTM methods were applied.

For both ANN and BLSTM, the values of cumulative
installed power of GPPs in Turkey from three successive years in
Table 1 were used as input 1 (I11), input 2 (12) and input 3 (I3).
The value of cumulative installed power of GPPs in Turkey after
these successive years was used as the only output O in Table 2.
The 11, 12, 13 and O values in the first row of Table 2 are the
cumulative installed power values of the GPPs in Turkey for the
years 2007, 2008, 2009 and 2010, respectively. Those in second
row are from the years 2008, 2009, 2010 and 2011. This is
continued until the year 2021.

Table 2. Data set values from cumulative installed power of
GPPs in Turkey

1 12 I3 0)
23 29.8 77.2 94.2
29.8 77.2 94.2 114.2
77.2 94.2 1142 1622
94.2 114.2 162.2 [310.8
1142 [162.2 310.8 [404.9
162.2 |310.8 404.9 1623.9
310.8 |404.9 623.9 [820.9
404.9 623.9 820.9 |1063.7
623.9 |820.9 1063.7 | 1282.5
8209 [1063.7 |1282.5 |1514.7
1063.7 | 1282.5 |1514.7 | 1613.2
1282.5 | 1514.7 |1613.2 |1676.2

Different number of layers and neurons were tested in the
training phase to obtain the best prediction with the ANN method.
In order to form a network structure of 3-10-5-1, three inputs, one
output and two hidden layers with 10 and 5 neurons respectively
were used. Learning rate was adjusted as 0.5 and the sigmoid was
used as activation function. The ANN training was executed with
200 epochs, and a value of 1642.8749608 was predicted for the
actual value of 1676.2 in 2021 with a relative error of -1.99%.

Then BLSTM method was trained with 50 epochs. A value
of 1672.2921 was predicted for the actual value of 1676.2 with a
relative error of -0.23%.

Table 3. Predictions in MW for the value of cumulative installed
power in 2021 (Two decimal places were used.)

2021 2021 Predictions

Actual ANN Relative BLSTM Relative

Value error error
1676.2 1642.87 -1.99% 1672.29 -0.23%

Table 3 shows that BLSTM vyields a better prediction than
ANN. To predict the value of cumulative installed power in 2022
given in Table 4, ANN and BLSTM methods were applied with
the training and optimization parameters obtained before.
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Table 4. Predictions in MW for the value of cumulative installed
power in 2022

2022 Predictions
ANN BLSTM
1705.69077345 1756.3717

5. Discussion

In this study, with the data for the cumulative installed power
of GPPs in Turkey in the 2007-2021 period, the cumulative
installed power of GPPs in Turkey for 2022 was predicted by
using ANN and BLSTM methods.

The cumulative installed power of GPPs in Turkey will
increase by approximately 29.49 MW according to ANN method
and by approximately 80.17 MW according to BLSTM method in
2022.

6. Conclusion

Geothermal energy is a renewable, sustainable and
inexhaustible type of energy. It is an important natural resource
for Turkey. It is clean and environmentally friendly as it is not
used in combustion technology and has close to zero emissions.
Geothermal energy is also ideal for multipurpose heating
applications. Therefore, it is used in housing, agriculture, industry
and greenhouse heating. In addition, being independent of
meteorological conditions makes it different from other
renewable energy sources. It is a ready-made energy type and
GPPs are base load PPs in electricity generation. It is cheaper than
fossil and other alternative energy sources. It is also a reliable
form of energy. There is no risk of explosion and poisoning in
fire. Unlike hydro and solar energy, it requires minimal space.
GPPs can be commissioned easily and quickly and have a long
life span. Since geothermal energy is a domestic energy, it is not
imported or exported and has no international price. Moreover, it
does not cause international problems.

The importance of renewable energy is better understood
with each passing day. Turkey has a great potential for renewable
energies. The number PPs producing electricity from renewable
energy sources and accordingly the installed power has increased
over the years but the percentage of PPs using renewable energy
sources in total electricity generation is not yet at the desired level.
However, geothermal energy is being used more and more in
electricity generation alongside the other most well-known types
of renewable energy such as wind energy and solar energy. The
results obtained in this study show that the installed power of
geothermal power plants would increase in 2022, which gives rise
to hope that the share of PPs using renewable energy sources in
total electricity generation will increase in the future.
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