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ABSTRACT

The efficient operation of power systems and future planning, electricity load forecast is very
important. Load estimation is based on predicting future electric load by examining past
conditions. Short-term load prediction plays a decisive role in the load sharing of power plants.
It also allows to overcome shortcomings caused by sudden load increases and power plant
losses. Weather conditions are effective in short-term electrical load estimation. Daily or hourly
electricity consumption data is generally used for short-term load estimation. In this study, daily
electrical energy consumption of Turkey in the four years of data were used. Short-term load
prediction modeling has been carried out. In this modeling, past electrical load values and
temperature values were used as input, and in order to increase the prediction accuracy, the
characteristics of the days were categorized weekly and classified according to the seasons.
Different Artificial Neural Network models have been created according to input data, weekly
categorization, and season criteria. In the study, mean absolute percentage error values were
calculated. Among the models developed with ANN, the best MAPE value was 2.51% and the
worst MAPE value was 4.48%. When the season criterion is added, the MAPE value is more
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1. Introduction

Short-term electrical load estimation is important for power
systems. To provide economic reliability to consumers, load
estimation should be made meticulously [1]. Planning the
transmission and distribution of electrical load increases
reliability. Planning decisions are based on estimates known
as spatial load. Load forecasts can also help managers with
financial planning [2]. Planning electrical energy correctly is
important for the economy. When planning ahead of the day,
it helps to determine the working programs of the production
sites [3]. Better forecasting enables more accurate planning,
accurate investment in terms of performance, time, and cost.
Forecasting studies for the future are not an easy process.
There are many electrical load estimation studies. However, it
is not healthy to use them in any country's estimation request.
It is not possible to use a general model for the environment
and environmental conditions for each country [4].

Electricity load estimation has great importance for the
efficient operation of power plants. High error value in

estimating the load value may cause to activate too many
power units or may cause unnecessary use of reserves and this
leads to waste [5]. Many operating decisions are determined
by load estimates. The production capacity, distribution
planning and maintenance plan of the business depend on the
load forecast decision [6]. Electric load demands should be
estimated as accurately as possible to make planning studies
healthier. It is very important for decision makers to estimate
electricity demand in the energy sector with minimum error.
Making the planning of work, sharing the load, and
determining the best group, making the production in the most
economical way increases the importance of short-term
electrical load estimation. Electric load estimates are made to
make a good system planning.

Electricity estimation is examined in three classes. Short term
(hourly, daily and weekly), medium term (monthly, quarterly)
and long term (year or more than a year) [7]. Short-term load
forecasts usually include estimates to be made from the hourly
forecast up to one week. Short-term load estimates are
required for planning functions such as power generation
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coordination. This coordination can be used to create hourly
schedules of production resources, thereby minimizing
operating costs for energy power systems [5]. Short term
electrical load estimation is essential for control and planning
of the power system. Long and medium term electrical load
prediction is used to determine the capacity of the generation,
transmission and distribution system [8]. Short term load
forecast plays a very important role in improving the
economy. It becomes more important with the development of
power markets [9].

There are different studies in the literature for the purpose of
performing electrical load estimation. In the literature
research, it was investigated that artificial neural network gave
successful results in estimation processes. Es et al. (2014), by
using ANN, conducted the study of Turkey's net energy
demand forecast. In this study, ANN and prediction models,
which are widely used in the energy field, were examined.
Regression and time series models were developed, and
comparisons were made with the ANN model to evaluate the
success of the prediction study and to measure its
performance. Time series error rate was calculated as 3.21%
and ANN error value as 1.75%. As a result of the analyzes and
comparisons, ANN technique has been determined to make
more successful predictions [10].

Yavuzdemir et al. (2014) has made Turkey's short-term
electricity demand study. Three different methods were used.
Fuzzy logic, time series and regression methods are discussed.
Performance evaluation was made by comparing the average
absolute error rates of the methods. Time series error rate is
2.75%, fuzzy model error rate is 4.81% and linear regression
model error rate is 7.64%. The methods used in applications
have yielded successful results [11].

Kaysal et al. (2015) conducted a hybrid (ANN and
Regression) model study for load estimation. Artificial neural
networks and regression methods are used. What makes the
study different is that it has been predicted at micro scale and
a hybrid system has been used. The MAPE value was
calculated as 6.67% in the ANN model, 7.49% in the
regression model and 5.26% in the hybrid model. In this study,
the hybrid model gave more successful results [12].

Estimation of unbalance cost due to demand prediction errors
using artificial neural network study was conducted by Timer
et al. (2018). The imbalance loss caused by electricity has
been estimated. ANN model is used. Load estimation study of
Nigde province has been handled. Two different methods are
used. Methods, nonlinear trend analysis moving average
methods and artificial neural network backpropagation
algorithm. The correlation coefficient value by using ANN
was 0.78 for the test data set. It was determined that the best
results were obtained with the ANN model [13].

Estimation of the electricity consumption of Turkey through
artificial neural networks study was conducted by Tiimer et al.
(2016). ANN was used in this study. The high correlation
between estimated electricity load consumption and actual
load consumption has reached up to 0.95. Therefore, ANN has
been successful in electricity load estimation. In this study, it
was seen that ANN is very good at predicting [14].

In the study carried out by Haliloglu et al. (2018), the
electricity loads, and daily totals taken from the EPIAS
website at the hourly frequency were taken. Model is created
by using least squares method for prediction model.
According to the model, daily electricity load estimation study
has been made for the period January - April 2018. When
electricity demand is brought to the monthly frequency, there
is a deviation of 1.64% for January, 1.49% for February,
1.34% for March and 1.30% for April. The success of short-
term electrical load estimates is directly proportional to the
length of the data set used [15].

A short-term electrical load estimation study was carried out
in Nigeria by Adepoju et al. In 2007 using ANN. Using the
data used in the training, the electric load of the previous hour,
the electric load of the previous day, the electric load of the
previous week, the day and hour of that week, a 3-layer ANN
was created. There are 3 layers, and these layers are called
input layer, hidden layer and output layer. The input layer has
5 neurons. Hourly load estimation study has been done with
past load value electrical load data. In this study, 2.54%
absolute mean error (MAE) value was obtained. As a result of
the obtained results, the applicability of ANN for short term
electric load estimation has been approved [16].

Short term load prediction study was carried out by Fan and
Hyndman in 2011. The proposed model for estimating the
relationship between load demand and independent variables
such as calendar and temperature is the semi-parametric
regression model. Load estimation study from half an hour
prediction to seven days prediction has been conducted for
Australian National Electricity Market power systems. In the
study, 2.81% MAPE value was obtained [17].

Lee and Tong conducted China's electrical load prediction
study using the gray model supported by genetic algorithm in
2011. The gray prediction model can lead to large prediction
errors. In order to minimize such errors, a gray model was
created in this study using a genetic algorithm. 26.21%,
20.23%, 20.23% and 27.76% MAPE values were achieved in
2004-2007, respectively [18].

Himanshu and Lester developed an experimental model based
on regression analysis in 2008 and made the electrical load
estimation study of Jordan. Its largest unit is around 120 MW.
The approximate error value is 6% and represents a very
significant difference [19].
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Electric load demands should be predicted as accurately as
possible to make planning studies better. Reliable and
accurate estimates are needed for the future. The most
economical way of electricity generation is important for
distribution companies and consumers. The aim of this study
is to minimize the error in electrical load estimation. It is
aimed to minimize the error rate by handling daily electrical
load data.

2. Material method

Daily, hourly, or weekly electricity consumption data is used
in short-term load estimation. In this study, daily electrical
load data and feed forward backpropagation algorithm of
artificial neural network are used. Daily electricity
consumption in Turkey in the four years of data are used.
Daily energy consumption data of 2016, 2017 and 2018 will
be used in the training of artificial neural network. Daily
energy consumption data for 2019 was handled as test data. In
addition, the seasonal criterion is discussed in application to
investigate the importance of electrical energy consumption in
seasonal conditions. Daily electricity load data for years were
examined. It has been found that there are differences in the
daily electrical load data and similarities in the load data and
accordingly, the feed forward backpropagation algorithm has
been applied by categorizing the data.

2.1. Data Set

Data in the short-term electricity load estimation study
belongs to 2016, 2017, 2018 and 2019. Load data were
obtained from open access EPIAS website [20]. Temperature
data were obtained from the open access Turkey weather
websites [21]. Daily load data for 2016, 2017 and 2018 were
used in the training of ANN. Daily electricity load data for
2019 was used for model testing. First of all, charts of daily
electricity load data are examined by years. In the data used in
the developed model, the data of the weeks with the public
holiday were removed from the dataset. The electricity load
data for the remaining 303 days of the year were estimated. In
Figure 1, the daily electricity load amount graph for 2016,
2017, 2018 and 2019 were given.
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Figure 1. Daily electricity load amount graphic for 2016, 2017,
2018 and 2019.

In Figure 2, the average graph of the daily electricity load data
by years was given.
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Figure 2. Average graph of daily electric load data by years.

When the graphs given in Figures 1 and 2 are analyzed, it is
seen that the electricity load data for Tuesday, Wednesday,
Thursday and Friday are similar. It is the days when the daily
electricity load data falls on the weekend and becomes the
lowest on Sunday. Fall and rise of load data on Saturday,
Sunday and Monday are different. On weekdays, Monday has
a lower load consumption than other days. On Tuesday,
Wednesday, Thursday and Friday, the load values have an
almost equivalent load.

Daily electricity load data for 2016, 2017, 2018 and 2019 are
grouped by seasons. Table 1 contains grouping according to
the seasons. When Table 1 is analyzed, the highest load
consumption occurred in summer. The least load consumption
occurred in the spring season. When the electrical load
consumption data for years are analyzed, it is seen that the
seasonal factor has an important role in load consumption.
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Table 1. Comparison of daily electricity load data for years according to seasons.

Season Load Consumption  Load Consumption  Load Consumption Load Consumption
in 2016 (GWh) in 2017 (GWh) in 2018 (GWh) in 2019 (GWh)
Spring 65363,42008 68393,82538 70126,25309 69991,54880
Summer 73689,86612 77602,41288 77908,35579 76836,94134
Autumn 65766,43777 70830,37170 70215,09600 70101,31634
Winter 70045,24512 73148,56772 73921,64717 73517,11743

In Figure 3, the graph of the comparison of daily electricity
load data for 2016, 2017, 2018 and 2019 by seasons is given.

2016 Year

(GWh)
80000

75000
70000
65000

60000

2017 Year 2018 Year 2019 Year

Spring Summer

Figure 3. Comparison chart of daily electricity load data for years
by seasons.

In this study, firstly, all of the load data are modeled without
categorizing. Later, due to the similarities and differences of
the load data, the data were divided into categories and applied
to the model. Similarities of load data were taken into
consideration in the categorization process. It was evaluated
in a different category because the load data of Tuesday,
Wednesday, Thursday and Friday were similar. The
remaining days were evaluated in separate categories due to
the change difference in load data.

Days of the week divided into categories in load
estimates:
e Category 1. Tuesday, Wednesday, Thursday and
Friday
o Category 2: Saturday
e Category 3: Sunday
e  Category 4: Monday

Electricity market development report for 2016, 2017 and
2018 has been examined. In 2016, the highest electricity
consumption was realized in Istanbul with 36.96 TWh. It
corresponds to 17.39% of the total consumption [22]. In 2017,
the highest electricity consumption was realized in Istanbul
with 36.93 TWh. It corresponds to 17.39% of the total

consumption [23]. The highest amount of electricity
consumption in 2018 was realized in Istanbul with 40.45
TWh. It corresponds to 17.32% of the total consumption [24].
Considering the electricity consumption data by years, the
highest consumption belongs to the city of Istanbul. The
highest electricity consumption level is in Istanbul. That is
why the temperature of Istanbul is discussed in this study.

In this study, the load data of the previous week (t-7) of that
day is considered as the past load value. For example, Sunday
data was taken one week ago as the past load data of Sunday.

2.2. Artificial Neural Networks

Artificial Neural Network (ANN), which forms a sub-branch
of artificial intelligence, was developed by being inspired by
the working structure of the human brain [25]. Artificial
neural network is a system developed through learning. In
addition to learning, it has the feature of establishing a
relationship between data [26]. The ANN can be trained with
past data and use them to make forward predictions.

The data set obtained for the training of ANN is categorized
according to the day and season. The data were used in
training and testing ANN. Daily load data of 2016, 2017 and
2018 were used in the training of ANN, and daily electricity
load data for 2019 was used for model testing. Neural Network
Toolbox was used in MATLAB program to train ANN.
Models were created with the feed forward back propagation
algorithm. Temperature and past (t-7) electrical load values
were used as input data in all models. For some models, the
season is considered as input value. In the models where the
season is considered as the input variable, the value 1 for the
winter day, 2 for the spring day, 3 for the summer day, and 4
for the autumn day. Load data of the previous week (t-7) of
that day is considered as the past load value. Using the
obtained data, models consisting of single hidden layer and
number of hidden neurons in the range [2, 20] were
performed. In the studies, the error values are minimized by
adjusting the weights in the network.

The data used in models developed for short-term electricity
load prediction with ANN are shown in Table 2.
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Table 2. Data and data type used in ANN models.

ANN Data Type Day Season Past Load Temperature
Models Categorization  Input Data Input Data(t-7) Input Data
Model 1 All Days No No Yes Yes
Model 2 All Days No Yes Yes Yes
Model 3 Tuesday, Wednesday, Yes No Yes Yes
Thursday, Friday
Model 4 Tuesday, Wednesday, Yes Yes Yes Yes
Thursday, Friday
Model 5 Saturday Yes No Yes Yes
Model 6 Saturday Yes Yes Yes Yes
Model 7 Sunday Yes No Yes Yes
Model 8 Sunday Yes Yes Yes Yes
Model 9 Monday Yes No Yes Yes
Model 10  Monday Yes Yes Yes Yes

The MAPE values of the models consisting of single layer and
hidden neurons in the range [2, 20] were calculated with ANN.
The MAPE values of the developed models according to the
number of hidden neurons are given in Figure 4. The best
MAPE value of the models was obtained when the number of
hidden neurons was 8.

Madel 1

— Model 2

L || —e—Moder 3

—H— Model 4

Model &

(MAPE (%))

~d| —F— Model 6
w
Model 7

=4 Model 8

2| =%~ Model 9

Model 10

LY TR T T O T
8§ 9 10 1 12 13 14 15 16 17 18 19 20
(Number of Neurons in Hidden Layers)

Figure 4. Comparison graph of MAPE values according to the
number of hidden neurons of the developed models.

The best number of epochs for the model with 8 neurons in
the hidden layer was found to be 1000 by trial and error. Table
3 includes the parameters used in ANN training.

Table 3. Parameters used in ANN training.

Algorithm Feed Forward Back Propagation
Algorithm

Training function TRAINGDX

Learning function LEARNGDM

Activation function TANSIG

Number of layers Single layer

Number of hidden layer 8
neurons

Number of iterations
Learning coefficient

1000
0.01

The model using temperature, past load input variables and
estimated load output variable is shown in Figure 5.

Figure 5. ANN model developed for the first application.

The model using temperature, past load and seasonal input
variables and estimated load output variable is shown in
Figure 6.

stimated Load

Figure 6. ANN model developed for the second application.

"Mean Absolute Percentage Error" was calculated in the
developed models. In Equation 1, the MAPE calculation
formula is applied.

Estimated Value = E,

Actual Value = A,

100
MAPE = — Y31 |(Ex — A)/ Al - 1)
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3. Developed load forecast models

Daily short-term electricity load and temperature values for
2016, 2017 and 2018 were obtained. These data were used in
the training of the network. The daily short-term electricity
load amount for 2019 has been calculated. Data on the weeks
of public holidays are not processed. In MATLAB program,
training was carried out using feed forward back propagation
algorithm. After the network is trained, the test output data
given as predicted by the network was compared with the
actual values.

3.1. ANN Models

Temperature of the days and past electrical load data were
used as input data in Model 1, 3, 5, 7 and 9. Temperature of
days, season and past electrical load data are used as input data
in Model 2, 4, 6, 8 and 10. The models were created using the
estimated load output variable. Load data of the previous
week's (t-7) was considered as the past load value. Output
variable is the daily short-term electric load amount. In
determining the seasonal input value, the value 1 for the day
of the winter season, the value 2 for the day of the spring
season, the value 3 for the day of the summer season, the value
4 for the day of the autumn season were used.

Figure 7 shows the graphical comparison of the estimated
value of model with the actual values for all days of the week
in the Model 1. In Model 1, the MAPE value was obtained as
2.53% between the actual electrical load values and the
estimated electrical load values.

(GWh)

7] AN U BV NN S S SR B R B
0 30 80 90 20 150 180 210 240 270 303
(Day)

Figure 7. Graphical comparison of actual values and estimated
values in the Model 1.

Figure 8 shows the graphical comparison of the estimated
value of model with the actual values for all days of the week
in the Model 2. In Model 2, the MAPE value was obtained as
2.51% between the actual electrical load values and the
estimated electrical load values.
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Figure 8. Graphical comparison of real values and estimated
values in the Model 2.

Figure 9 shows the graphical comparison of the estimated
value of model with the actual values in the Model 3 for
Tuesday, Wednesday, Thursday and Friday. In Model 3, the
MAPE value was obtained as 4.36 % between the actual
electrical load values and the estimated electrical load values.
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Figure 9. Graphical comparison of real values and estimated
values in the Model 3.

Figure 10 shows the graphical comparison of the estimated
value of model with the actual values in the Model 4 for
Tuesday, Wednesday, Thursday and Friday. In Model 4, the
MAPE value was obtained as 3.52 % between the actual
electrical load values and the estimated electrical load values.
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Figure 10. Graphical comparison of real values and estimated
values in the Model 4.

Figure 11 shows the graphical comparison of the estimated
value of model with the actual values in the Model 5 for
Saturday. In Model 5, the MAPE value was obtained as 3.12
% between the actual electrical load values and the estimated
electrical load values.

Figure 12. Graphical comparison of real values and estimated
values in the Model 6.

Figure 13 shows the graphical comparison of the estimated
value of model with the actual values in the Model 7 for
Sunday. In Model 7, the MAPE value was obtained as 2.77 %
between the actual electrical load values and the estimated
electrical load values.
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Figure 11. Graphical comparison of real values and estimated
values in the Model 5.

Figure 12 shows the graphical comparison of the estimated
value of model with the actual values in the Model 6 for
Saturday. In Model 6, the MAPE value was obtained as 2.55
% between the actual electrical load values and the estimated
electrical load values.

Figure 13. Graphical comparison of real values and estimated
values in the Model 7.

Figure 14 shows the graphical comparison of the estimated
value of model with the actual values in the Model 8 for
Sunday. In Model 8, the MAPE value was obtained as 2.75 %
between the actual electrical load values and the estimated
electrical load values.
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Figure 14. Graphical comparison of real values and estimated
values in the Model 8.

Figure 15 shows the graphical comparison of the estimated
value of model with the actual values in the Model 9 for
Monday. In Model 9, the MAPE value was obtained as 4.48
% between the actual electrical load values and the estimated
electrical load values.
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Figure 15. Graphical comparison of real values and estimated
values in the Model 9.

Figure 16 shows the graphical comparison of the estimated
value of model with the actual values in the Model 10 for
Monday. In Model 10, the MAPE value was obtained as 3.73
% between the actual electrical load values and the estimated
electrical load values.

Figure 16. Graphical comparison of real values and estimated
values in the Model 10.

3. Results

ANN has been used in this study for short term electrical load
estimation. Feed forward back propagation algorithm is used
as algorithm. Studies based on electric load estimation have
been examined. The actual electrical load data and estimated
electrical load data are compared.

Data must be obtained before making a forecast. Analysis of
these data should be done well. Turkey's daily electricity
consumption data are used as electrical load data. Load data
for the years 2016, 2017 and 2018 were taken for training of
ANN. Load data of 2019 was considered as test data. The
effect of temperature on load consumption varies according to
the seasons. Temperature is the most important factor in short-
term electrical load estimation. The temperature of Istanbul
which is Turkey's most electricity consumption province was
considered.

Models were created according to data entry and the number
of hidden neurons with the feed forward back propagation
algorithm. seasonal data was used in some models. Due to the
similarities and differences of the load data, the data were
categorized and models were created. Also an evaluation was
made between models. MAPE value of the models is
calculated.

The graph of the MAPE values of the models created by using
the feed forward back propagation algorithm is given in
Figure 17. Among the models developed with ANN, the best
MAPE value was obtained as 2.51% (Model 2). The addition
of the season criteria has yielded a successful result.
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Figure 17. MAPE values of models developed with feed forward
back propagation algorithm.

Table 4 shows the comparison of seasonal MAPE values of
models developed with ANN. The red colored areas in the
table show the worst MAPE values and the green colored
areas show the best MAPE values. The best MAPE values
were obtained in the winter season, and the worst MAPE
values were obtained in the autumn and spring seasons.

Table 4. Comparison of seasonal MAPE values of models developed with ANN.

ANN Model Spring MAPE Summer Autumn MAPE Winter MAPE
Value (%) MAPE Value Value (%) Value (%)
%
Model 1 3,14% (2,0())% 2,52% 2,35%
Model 2 3,10% 2,33% 2,51% 2,11%
Model 3 5,40% 2,85% 5,97% 2,81%
Model 4 3,13% 3,23% 4,97% 2,64%
Model 5 3,94% 2,35% 3,08% 3,20%
Model 6 2,75% 1,79% 2,87% 2,63%
Model 7 2,89% 3,59% 2,93% 2,62%
Model 8 2,84% 2,55% 2,34% 3,49%
Model 9 6,86% 4,12% 4,59% 2,82%
Model 10 3,65% 3,79% 527% 2,52%

5. Conflicts of interest

The results of prediction of the electrical load studies in the
literature are given in Table 5. In this study, the best MAPE
value was calculated as 2.51% with the ANN model. The past
load has been obtained in accordance with the categorization.
The categorization of the past load data and the handling of

the seasonal input data enabled the MAPE value to give a
successful result. It has been determined that the seasonal
criterion has an important role in the estimation of the
electrical load. In future studies, by using different algorithms,
error values can be reduced to minimum levels, or successful
results can be achieved by determining the factors affecting
electrical load consumption in the input data and reducing the
error rate.

RRRVNSN MANAS Journal of Engineering, Volume 9 (Special Issue 1) © 2021

www.journals.manas.edu.kg


http://www.journals.manas.edu.kg/

V. Evren, I.A. Ozkan / MANAS Journal of Engineering 9 (2021) 24-34 33
Table 5. Comparison of the MAPE values of the studies.
Country Year The Data used The Models Used MAPE Load Reference
Value Estimated
(%) Time
Turkey 2014  Past electrical load, Levenberg — % 7.52  Short Term (Var & Tirkay,
time zones during the Marquardt Model 2014)
day, Developed by
temperature and Backpropagation
humidity, Algorithm
meteorological data
Turkey 2015  One week prior load ANN Model % 6,67  Short Term (Hocaoglu,Kaysal
data and seasonal Regression Model % 7,49 & Kaysal, 2015)
data Hybrid Model % 5,26
Turkey 2014  Gross national product  Fuzzy Logic Model % 4,81  Short Term (Yavuzdemir &
and energy demand Time Series Model % 2,75 Yearly Gokgoz, 2014)
Regression Model % 7,64
Australia 2011  Calendar, Temperature  Semi Parametric % 2,81  Short Term (Fan &
Regression Model Hourly Hyndman, 2011)
Engineering and Architecture Faculty, 19.3, (2004),
227-233.
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