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ABSTRACT
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Considering thal industrialization is increasing rapidly, and technological enhancement is developing exponentially compared
lo the past, and considering that electrical energy is al the center of all these, it is one of the essentials of our age that this energy
reaches ils end users efficiently and at low cost. The aim of this study is lo predict electricity generation with the help of the NARX
model, an artificial neural network model, with the help of hourly data of Tirkiye between 2016 and 2022 and to reveal the success
of the model. As a result of the analysis, 99.83% coefficient of determination value was obtained with the NARX model.

1. INTRODUCTION

Energy resources are basically divided into two areas.
These are primary and secondary energy sources.
Primary energy sources are also divided into
traditional and renewable energy sources. Oil,
natural gas, and coal are traditional energy sources
and wind, solar, and hydro powers are renewable
energy sources. Electricity generaled using these
sources plays a central role in people’s professional
and daily work. As a result of the rapid development
and changes in technology and industry, our need for
electricity in almost every field is increasing day by
day. With this increase in energy demand, it is
possible to prevent uncertainties, supply-demand
imbalances, and disruptions that may occur in the
sector by using a reliable forecasting method. It can
be said that the use of reliable forecasting methods in
the energy sector reduces energy costs as well as
provides uninterrupted energy (Soliman and Al-
Kandari 2010).

In order to manage energy policies well, it is very
important for countries to determine their future
energy needs. There are basically three time horizons
in electrical energy forecasting: short-term  load
forecasting, medium-term load forecasting and long-
term load forecasting. These load forecasts are highly
affected by periodic events and situations. There are

significant  differences  between the  electricity
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required in summer and winter, and these
differences can be daily and weekly. By making short-
term load forecasts, a significant cost reduction in
electricity prices can be achieved. In line with an
accurale forecast,a | percentreduction in the margin
of error for a 10 GW service can result in a profit of
approximately 1.6 million dollars (Dudek 2015). One-
hour-ahead forecasting is an important element of
the intraday electricity market and is also an
important component and complement to the day-
ahead market. Machine learning and deep learning
techniques are frequently used to forecast electricity
generation data. In addition, machine learning
techniques produce much more successful results in
situations where the amount of data is quite high,
such as one hour ahead and a day-ahead, and
therefore play a major role in stakeholder decision-
making (Lantz 2019). When the studies using electric
energy data are examined, it is seen that artificial
neural networks are also used quite frequently in
studies.  Nonlinear Autoregressive  (NAR) and
Nonlinear Autoregressive model with exogenous
variable (NARX) models, which are also used in this
study, are also used for different purposes with

similar data.

In this context, Tiirkiye, as a developing country, can
have the opportunity to consolidate its position in the
region and keep up with the progress of developed

countries more easily by managingits energy policies
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correctly and increasing energy efficiency.

According to the daily production amounts
announced by the Energy Exchange Istanbul
(EXIST), Tiirkiye's average hourly electricity demand
is 28000 megawatt hours. This amount varies during
the day. These data have been available since 2012.
Approximately 20 percent of the hourly average
electricity demand of 28000 MWh is met from coal,
19 percent from dams, 16 percent from wind and the

rest from various other sources.

A brief review of the recent literature on forecasting
the production, consumption and prices of electricity
energy reveals that some authors forecast demand,
some forecast price and some forecast load. In the
studies on electricity load forecasting, authors have
made short-term load forecasts using various models
for only one region with a narrow scope (Seker 2022;
Shirzadi et al. 2021) and emphasized that the NARX
model gives the most accurate results (Kim, Son, and
Kim 2019). They have also forecasted long-term
electricity load forecasts for the whole country using
several models, including the NAR and NARX
models (Essallah and Khedher 2022). In addition,
some authors have also investigated price
forecasting in addition to load forecasting and
proposed a new NARX model (Mujeeb and Javaid
2019). It has been argued that by combining different
models, they overcome each other's weaknesses and
increase the success of the models in predicting
electricity prices (Lehna, Scheller, and Herwartz
2022).

There are studies in the literature where energy
demand is met by using renewable energy sources
and this demand is estimated using artificial neural

y@® = fly(t—1),y(t—2),..,y(t—dy)]
y@® = fly(t— 1, y(t—2),..,y(t—dy),x(t—

where f is the nonlinear function; y(t=1), y(t=2), ---,
v(t=dy) are the past values of the time series v x(1),

1), x(t—2),...,x(t — dx)
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networks, machine learning and other methods.
Some of these studies used solar energy data, which
is one of the renewable energy sources, and made
forecasts with artificial neural networks and machine
learning algorithms (Demolli et al. 2019; Gok, Yildiz,
and  Sekkeli 2019; Yousif and Kazem 2021).
Krechowicz et al. (2022) examined the studies on
machine learning forecasting using data from three
different renewable energy sources and concluded
that it has an important place in recent studies. In this
study, forecasting is performed with the NARX
model using hourly electricity data published by
EXIST between 2012 and 2022.

2.MATERIALAND METHOD

The datais collected from EXIST website for Tiirkiye
with a time array of 2016 and 2022. The production
and consumption values are normalized in order to
get better results from the analysis. All the analyses
are conducted using the MATLAB R2022a program.
The normalization is done with MATLAB with the
[0,1] and the code wused for

range between

normalization was;

“‘normalize(variable_name,range’)".

The Nonlinear Autoregressive (NAR) and with
exogenous (NARX) neural network models used in
the study are input-output based Recurrent Neural
Networks (RNN) (Leontaritis and Billings 1985). NAR
uses historical data to forecast the future of the same
data. In addition to NAR, NARX uses exogenous
input data together with the output data (Rogier and
Mohamudally 2019). The NAR model can be
interpreted mathematically in Equation 1 and the
NARX model in Equation 2.

X(t=1), ===, x(t=dx), are the current and past values of

the exogenous time series X.
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Figure 1. The Visualization of NAR and NARX Models
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The performance of the models was determined by
the coefficient of determination (R* and mean
(MSE).  The

interpretations of the values are given in Equations 3

squared  errors mathemaltical

and 4, l'espectively.
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predicted values, N is the period. The coefficient of
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determination refers to how well the data fits, and the
degree of the fit is evaluated by its distance to 1.

3. FINDINGS

Since the NAR and NARX models used in the study
contain autoregTessive conditions, correlation test
was first applied to both electricity generation and
consumption data. As a result of the test, the
autocorrelation of generation data is shown in Figure
2 and consumption data in Figure 3. As can be seen
from the figure, the auto-correlation of both data sets
is almost the same. The analysis shows that the
correlation first decreases and then increases again
as the lag increases.

Figure 2. Autocorrelation of Electricity Production
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A correlation value of 50% was determined for the lag
to be used in both data sets and this percentage
corresponds to a lag of 5 units in the data sets.
Therefore, while constructing the NARX model, a lag

of 5 lines was applied to both production and
consumption data and the model was made ready for

analysis.

Figure 3. Autocorrelation of Electricity Consumption
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The NARmodel using lagged data is shown in Figure
4. In the model, electricity generation data is used
both as input and output. 70% of the data is allocated
for training, 15% for validation, and the remaining
15% for testing. Levenberg-Marquardt algorithm was
used for training the network. The success of the
algorithm in solving non-linear real-life problems
and its ability to produce fast solutions played amajor
role in the selection of this algorithm. Since there is
no definite rule for determining the number of
hidden layers and the number of layers is determined
by trial and error in the literature, the trial-and-error

method was used in this study.
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Figure 4. NAR Model with 10 Hidden Layers for
Electricity Production
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Inthe NARmodel, models with 2,5,10,15,20,and 40 and it was concluded that increasing the number of
hidden layers were created and analyzed respectively. — layers would only increase the analysis time and the
When the R* and MSE values of the models were  performance of the NAR models with only 10, 15, and
examined, no significant difference was observed 20 hidden layers are given in Table 1 below.

Table 1. Performance Values of NAR Models with Different Hidden Layers

Number of llidden Layers R MSE
10 0.9846 0.0009156
15 0.9848 0.0009063
20 0.9850 0.0008952

When the results are analyzed, it is seen that the 20-  The performance values of the 20 hidden layer NAR
layer model performs better with the lowest error  model for training, validation, and test data are also
and the highest level of coefficient of determination.  given in Figure 5.

Figure 5. The Performance Values of the NAR Model with 20 Hidden Layers
Model Summary

Train a neural network to predict series y(t) from past values of y(t).

Data
Responses: output - [61196x1 double]

output: double array of 61196 time steps with 1 features.

Algorithm

Data division: Random

Training algorithm: Levenberg-Marquardt
Performance: Mean squared error

Training Results
Training start time:  28-Dec-2022 05:25:16

Layer size: 20
Time delay: &

Observations MSE R
Training 42836 8.9529e-04 0.9850
Validation 9179 9.4537e-04 0.9842
Test 9179 9.1097e-04 0.9848

After the analysis results of the NAR model are  Figure 6. NARX Modelwith 20 Hidden Layers to Forecast

obtained, pI‘Odll(’tion and consumption data with 5 Electricity Production by Using Electricity Consumption
hours lags are used in the NARX model as explained I e
earlier. As in the NAR model, 75% of the data is
reserved as training data and the Levenberg- T
Marquardt algorithm is again chosen as the training & O
algorithm. The NARX model with 20 hidden layers El IIl
and 2 input and 1 output variable is shown in Figure 6. ©)
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In the NARX model, as in the NAR model, models
with 2,5, 10, 15 and 20 hidden layers were created

respectively.  Although  there is  almosl

no
performance difference between these models, the

best performance, albeit very small, is obtained from
the model with 20 hidden layers. The R? and MSE
values of the models are given in Table 2.

Table 2. Performance Values of NARX with Different Hidden Layers

Number of llidden Layer R MSE
10 0.9982 0.00010596
15 0.9982 0.00011014
20 0.9983 0.00010269

As a result of the analysis of NARX models, the
highest R* value of 0.9983 was obtained. This high
value indicates the success of the prediction
performance of the model. In addition, compared to
the NAR model, an R?increase of more than 1% and a
lower error rate were obtained.

4. CONCLUSION

Regardless of the source, the uninterrupted, high
quality, and low cost of the electrical energy
produced affect both the daily and professional lives
of people. Considering that industrialization is
increasing rapidly, and technological enhancements
are developing exponentially compared to the past,
and considering that electrical energy is at the center
of these, it is one of the essentials of our age that this
energy reaches its end users uninterrupted,
efficiently, and at low cosl.

In this study, Tiirkiye's hourly electricity generation
planning is forecasted by including both its own data
and hourly electricity consumption data. With this
forecasting, the performances of NAR and NARX
models from RNN models were compared, and
according to the results of the analysis, the NARX
model, that is, the use of past and delayed data of
electricity consumption as well as past and delayed
data of electricity generation, increased the
performance in the forecasting of hourly generation
and allowed to obtain a result that will contribute to
the planning for the uninterrupted supply of
electricity with less margin of error. At the end of the
study, a prediction accuracy of 99.83% was obtained
with the NARX model, which shows the success of

the model. Likewise, the error rate measured by the

MSE value of the model was also found to be quite
low.

When the analysis results are analyzed, it is seen that
increasing the number of hidden layers does not
affect the model performance to a great extent. This
is thought to be due to the high autocorrelation with
61,196 lines of hourly data between 2016 and 2022 It
is also thought that the study can be improved by
adding other variables affecting electricity
generation to the model. In addition, itis thought that
more meaningful and useful results can be obtained
from electrical energy data by using different
machine learning and deep learning methods if

sufficient data is available.
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