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The market clearing price is the equilibrium monetary value of a traded asset
or good and is an important metric in the calculation of electricity prices. In our
country, when the electricity price is determined by the companies and in the price
changes, market clearing prices are calculated. In this study, forecasting models
consisting of 24 forecasts were created in order to make one day forecasts using
hourly market clearing price data. The main objective of this thesis is to estimate the
market clearing price of electricity using Multilayer Perceptron (MLP), Recurrent
Neural Network (RNN), Convolutional Neural Network (CNN) and Long Short
Term Memory (LSTM), which are machine learning and deep learning methods and
to create appropriate models. The performance of the predicted models was
evaluated by calculating the Mean Absolute Percent Error (MAPE) value. The
results generally show that LSTM (Long Short Term Memory) and CNN
(Convolutional Neural Network) based models perform better than other methods.

Keywords: Machine and Deep Learning, Forecast, Market Clearing Price




0z

YUKSEK LiSANS TEZi

MAKINE OGRENME VE DERIN OGRENME YONTEMLERI
KULLANILARAK ELEKTRIK PiYASA TAKAS FiYATININ TAHMIiNi

Abdulhalim YANAR

CUKUROVA UNIVERSITESI
FEN BiyiMLERi ENSTIiTUSU
BIiLGiSAYAR MUHENDISLiIGi ANABILIiM DALI

Danisman : Prof. Dr. M. Fatih AKAY
Yil: 2020, Sayfa:75
Jiiri : Prof. Dr. M. Fatih AKAY
: Dog. Dr. Mehmet Ugras CUMA
: Dr. Ogr.Uyesi Onur ULGEN

Piyasa takas fiyat1 islem goren bir varligin veya malin denge parasal
degeridir ve elektrik fiyatlarinin hesaplanmasinda da oOnemli bir metriktir.
Ulkemizde de firmalar tarafindan elektrik fiyat1 belirlenirken ve olusacak fiyat
degisimlerinde, piyasa takas fiyatlar1 hesaplanir. Bu ¢aligmada, saatlik piyasa takas
fiyati verileri kullanilarak bir giinliikk tahminler yapabilmek amaciyla 24 adet
tahminlerden olusan tahmin modelleri olusturuldu. Bu tezin temel amaci, makine
6grenimi ve derin 6grenme yontemlerinden Cok Katmanli Algilayici (Multilayer
Perceptron, MLP), Tekrarlayan Noéral Ag (Recurrent Neural Network, RNN),
Konvoliisyonel Sinir Ag1 (Convolutional Neural Network, CNN) ve Uzun Kisa
Siireli Bellek (Long Short Term Memory, LSTM) kullanarak elektrigin piyasa takas
fiyatin1 tahmin etmek ve buna uygun modeller olusturmaktir. Olusturulan tahmin
modellerin performansi Ortalama Mutlak Yiizde Hata (Mean Absolute Percentage
Error, MAPE) degeri hesaplanarak degerlendirilmistir. Sonuclar, genel olarak Uzun
Kisa Siireli Bellek (Long Short Term Memory, LSTM) ve Konvoliisyonel Sinir Ag1
(Convolutional Neural Network, CNN) tabanli modellerin diger yontemlerden daha
iyi performans elde ettigini gdstermektedir.

Anahtar Kelimeler:Makine ve Derin Ogrenme, Tahmin, Piyasa Takas Fiyat1
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EXTENDED ABSTRACT

Rapid development is observed in the electricity and energy market in
Turkey. The competition in the electricity and energy markets and the determination
of the electricity prices of the companies are of great importance. Market clearing in
economics is the process in which the supply of trading in any economic market is
equal to the demand. In this direction, clearing price is the equilibrium monetary
value of a traded asset or good. PTF formed in the day-ahead electricity market is
one of the most important parameters in determining the price of electricity and
estimating the price of electricity. This price is determined by the bid-ask process of
buyers and sellers, prices always adjust up or down and these also apply to the
electricity market. Therefore, estimating market clearing prices for price changes is
very important for electricity producers and electricity distribution companies in the
market. In this process, accurate estimation of the market clearance price plays an
important role in creating the supply-demand balance. While electricity prices are
determined by companies in our country, production, demand and market clearing
prices are calculated. Therefore, the resulting prices have made the forecast of
market clearing prices, which can be foreseen before, very important.

There are different studies in the literature on market clearing price
estimation. In studies conducted to date, it is seen that the general market clearing
price estimate is not sufficient. Research and results related to this issue reveal the
necessity of creating new prediction models and making prediction models more
accurate and developing new prediction models accordingly.

Today, it is very popular to use machine and deep learning methods in
predicting the future. In this thesis, the market clearing price of electricity is
estimated by using machine learning and deep learning methods.

The main objective of this thesis is to estimate the market clearing price of
electricity using Multilayer Perceptron (MLP), Recurrent Neural Network (RNN),

Convolutional Neural Network (CNN) and Long Short Term Memory (LSTM),
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which are machine learning and deep learning methods and to create appropriate
models. In this thesis, market clearing price data sets was used for the prediction
attempts the period of 01.01.2016 to 01.01.2018. Datasets have been provided from
(https://seffaflik.epias.com.tr) website. The performance of machine learning and
deep learning methods used were compared and evaluated by calculating the Mean
Absolute Percent Error (MAPE) value.

This software contains some basic parameters of artificial neural networks
produced using machine learning and deep learning methods. These parameters play
an important role in the creation of artificial neural networks and significantly affect
the results of artificial neural networks. In this study, parameters such as hidden layer
size, time delays, number of periods and hidden units have been optimized in
artificial neural networks, thus increasing the efficiency of artificial neural networks.
Machine learning and deep learning methods used in this thesis, time series analysis
was used to forecast future values. The values in the data set consist of time-acquired
data and time delays are effectively used for methods. Time lag in time series
forecast is a parameter used in time series analysis. It is usually obtained by shifting
the data as necessary. In this thesis, the autocorrelation values of the data sets were
calculated using the delay values.

Autocorrelation in data sets is an important element in time series.
Autocorrelation can be expressed as the correlation between any time shift and itself.
In this thesis, feedback delays, one of the optimizations applied to the neural
network, are established by using autocorrelation values.

Using the market price clearing database, 24 forecasts were made and
forecasting models were produced based on time delays and autocorrelation values.
In the generated estimation models, learning has been made by increasing the parts
of the dataset from the last 500 to 1500 by 100. The prediction models developed
contain parameters appropriate to the machine and deep learning method whichever

machine and deep learning method was used. Different error rates were obtained by
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using time delay and autocorrelation values. 66 tables and 594 different models were
produced from prediction models.

The average MAPE values obtained while optimizing the time delays used
in the applied MLP, LSTM, CNN and RNN machine and deep learning methods
ranged between 15.97 and 18.31. These two values were obtained when the
autocorrelation threshold was greater than 0.8 and the autocorrelation values were
from 1 to 25. The mean MAPE values obtained for LSTM ranged between 9.49 and
11.72, and these two values were obtained when the autocorrelation threshold was
greater than 0.8 and the autocorrelation values were from 1 to 25. The mean MAPE
values obtained for CNN ranged between 5.06 and 6.51, and these two values were
obtained when the autocorrelation threshold was greater than 0.9 and the top 10
autocorrelation values were used. The mean MAPE values obtained for RNN ranged
between 18.67 and 25.11, and these two values occurred when the top 10
autocorrelation values were used and the autocorrelation threshold was greater than
0.9. Based on these results, the lowest mean MAPE value obtained from prediction
models was 5.06 and obtained from CNN method, and the highest mean MAPE
value was 25.11 and obtained from the RNN method.

The average MAPE obtained from CNN and LSTM based forecasting
models has a lower average MAPE value than other applied machine learning and
deep learning methods when evaluated based on the average MAPE results obtained
from market clearing price estimates. The values obtained from the market clearing
price estimates based on the average MAPEs based on their performances are 5.82
for CNN, 10.54 for LSTM, 17.25 for MLP and 21.77 for RNN, respectively. The
ranking of the applied machine learning and deep learning methods in terms of
performance considering the average lowest MAPEs can be evaluated as CNN,
LSTM, MLP and RNN for market clearing price estimation. According to these
results, it is vitally important which machine and deep learning method will be used
to make the most accurate prediction and develop the most accurate prediction

models.
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When the average MAPE values obtained are evaluated, it is observed that
the amount of teaching used from the highest performances dataset is different.
Therefore, the amount of learning to be used in the dataset has been proved to be a
very important parameter in order to obtain more stable and lower error rates than
the prediction models. According to the results obtained from the models, it has been
proved that the LSTM, MLP, CNN and RNN machine and deep learning methods
can be used in an acceptable degree of accuracy of the electricity market clearing

price.
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GENISLETILMIS OZET

Tiirkiye’de elektrik ve enerji piyasasinda hizli bir gelisim gozlenmektedir.
Elektrik ve enerji piyasasinda goriilen rekabetle birlikte firmalarin elektrik
fiyatlarinin belirlenmesi biiyiik onem arz etmektedir. Ekonomide, piyasa takas
olarak adlandirilan islem goren arzin herhangi bir ekonomik piyasada talebe esit
oldugu siirectir. Bu dogrultuda, piyasa takas fiyati islem goren bir varligin veya
malin denge parasal degeridir. Giin Oncesi elektrik piyasasinda olusan PTF,
elektrigin fiyatinin belirlenmesinde ve elektrik fiyatinin tahmin edilmesinde en
onemli parametrelerden biridir. Bu fiyat, alic1 ve saticilarin teklif isteme siireci ile
belirlenir ve fiyatlar her zaman yukar1 veya asag1 yonde ayarlanir. Bununla birlikte
belirlenen fiyatlar da elektrik piyasasina uygulanir. Bu nedenle, fiyat degisimleri i¢in
piyasa takas fiyatlarin1 dogru tahmin etmek piyasada elektrik iiretici ve elektrik
dagitimi yapan sirketler i¢in ¢ok 6nemlidir. Bu siiregte piyasa takas fiyatin1 dogru
tahmin etmek, arz talep dengesinin kurulmasinda da 6nemli bir rol oynamaktadir.
Ulkemizde firmalar tarafindan elektrik fiyat1 belirlenirken, iiretim, talep ve piyasa
takas fiyatlar1 hesaplanir. Bu nedenle, ortaya c¢ikacak fiyatlar daha Once
ongoriilebilecek piyasa takas fiyatlarinin tahminini ¢ok 6nemli hale getirmistir.

Literatiirde piyasa takas fiyati tahmini iizerine yapilmis farkli ¢aligmalar
bulunmaktadir. Bugiine kadar yapilan ¢aligmalarda genel olarak piyasa takas fiyati
tahmininin yeterli miktarda olmadig1 goriilmektedir. Bu konu ile ilgili yapilan
arastirmalar ve alinan sonuglar yeni tahmin modellerinin olusturulmasi ve tahmin
modellerinin daha dogru tahminler yapmasi ve buna uygun yeni tahmin modellerinin
gelistirilmesi gerekliligini ortaya ¢ikarmaktadir.

Giiniimiizde gelecege yonelik yapilan tahminlerde makine ve derin 6grenme
yontemlerinin kullanilmasi oldukga popiilerdir. Bu tezde, makine 6grenimi ve derin
O0grenme yontemlerini kullanarak elektrigin piyasa takas fiyati tahmini yapilmistir.

Bu tezin temel amaci, makine 6grenimi ve derin 6grenme yontemlerinden

Cok Katmanli Algilayict (Multilayer Perceptron, MLP), Tekrarlayan Noral Ag
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(Recurrent Neural Network, RNN), Konvoliisyonel Sinir Agi (Convolutional Neural
Network, CNN) ve Uzun Kisa Siireli Bellek (Long Short Term Memory, LSTM)
kullanarak elektrigin piyasa takas fiyatini tahmin etmek ve buna uygun yeni modeller
olusturmaktir. Tez ¢aligmasi boyunca gelistirilen tahmin modellerinde 01.01.2016 -
01.01.2018 doénemi piyasa takas fiyat1 veri seti kullanilmistir. Veriseti Tiirkiye'de
Enerji Piyasalar1 Isletme A.S (EPIAS) tarafindan PTF fiyatlarinin yayimlandig
(https://seffaflik.epias.com.tr) web sitesinden saglanmistir. Kullanilan makine
Ogrenimi ve derin 6grenme ydntemlerinin performansi ortalama mutlak yiizde hata
(MAPE) degerleri hesaplanarak karsilastirilmis ve degerlendirilmistir.

Makine 6grenimi ve derin 6grenme yontemleri kullanilarak iiretilen yapay
sinir aglar1 bazi temel parametreler igermektedir. Bu parametreler yapay sinir
aglariin olusturulmasinda 6nemli bir yer tutmaktadir ve yapay sinir aglarinin
sonuclarini 6nemli 6lgiide etkiler. Bu ¢alismada da gizli katman boyutu, zaman
gecikmeleri, donem sayist ve gizli birimler gibi parametreler yapay sinir aglarinda
optimize edilmis, bdylece yapay sinir aglarinin verimliligi artirilmistir. Tezde
kullanilan makine 6grenimi ve derin 6grenme yontemleri, gelecekteki degerleri
tahmin etmek i¢in zaman serileri analizi kullanilmigtir. Veri setindeki degerler
zamandan elde edilen verilerden olusur ve zaman gecikmeleri yontemler igin etkin
bir sekilde kullanilir. Zaman serisi tahmindeki zaman gecikmesi, zaman serisi
analizinde kullanilan bir parametredir. Genellikle verilerin gerektigi gibi
kaydirilmasiyla elde edilir. Bu tezde, veri kiimelerinin otokorelasyon degerleri
gecikme degerleri kullanilarak hesaplanmustir.

Veri kiimelerinde otokorelasyon zaman serilerinde 6nemli bir unsurdur.
Otokorelasyon, herhangi bir zaman kaymasi ile kendisi arasindaki korelasyon olarak
ifade edilebilir. Bu tezde, sinir agina uygulanan optimizasyonlardan biri olan geri
besleme gecikmeleri otokorelasyon degerleri kullanilarak tespit edilmistir.

Piyasa fiyat takasi veriseti kullanilarak 24 adet tahminlerde bulunulmus ve
zaman gecikmeleri ve otokorelasyon degerleri baz almarak tahmin modelleri

iiretilmistir. Uretilen tahmin modellerinde verisetinin son 500'den 1500'e kadara olan
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kisimlar1 100'er arttirilarak 6grenme yapilmistir. Gelistirilen tahmin modelleri hangi
makine ve derin 6grenimi yontemi kullanildiysa o makine ve derin 0grenimi
yontemine uygun parametreler icermektedir. Gelistirilen tahmin modelleri zaman
gecikmeleri ve otokorelasyon degerleri kullanilarak farkli hata oranlari elde edildigi
goriilmiistiir. Tahmin modellerinden 66 tablo ve 594 farkli model iiretilmistir.

Uygulanan MLP, LSTM, CNN ve RNN makinesinde kullanilan zaman
gecikmeleri ve derin 6grenme yontemleri optimize edilirken elde edilen ortalama
MAPE degerleri, MLP'de 15.97 ve 18.31 arasinda degismektedir. Bu iki deger
otokorelasyon degeri 0.8’den biiyiik oldugunda ve 1°den 25’e kadar otokorelasyon
degerine sahip oldugunda elde edilmistir. LSTM icin elde edilen ortalama MAPE
degerleri 9.49 ve 11.72 arasinda degismektedir. Bu iki deger otokorelasyon esigi
0.8'den biiyilkk ve otokorelasyon degerleri 1°den 25’e¢ kadar oldugunda
hesaplanmistir. CNN i¢in elde edilen ortalama MAPE degerleri 5.06 ve 6.51 arasinda
degismektedir. Bu iki deger, otokorelasyon degerleri otokorelasyon esigi 0.9'dan
biiyiik ve en iyi 10 otokorelasyon degeri kullanildiginda elde edilmistir. RNN igin
elde edilen ortalama MAPE degerleri 18.67 ile 25.11 arasinda degismektedir. Bu iki
deger otokorelasyon degerleri en iyi 10 otokorelasyon degeri kullanildiginda ve
otokorelasyon degerleri 0.9'dan biiyiik oldugunda meydana gelmistir. Bu sonuglara
dayanarak, tahmin modellerinden elde edilen en diisiik ortalama MAPE degeri CNN
yonteminden elde edilen 5.06'dir ve en yiksek ortalama MAPE degeri RNN
yonteminden elde edilen 25.11'dir.

CNN ve LSTM tabanli tahmin modellerinden elde edilen ortalama MAPE
degerlerinin, piyasa takas fiyat tahminlerinden elde edilen ortalama MAPE
sonuclarina gore degerlendirildiginde, uygulanan diger makine 6grenimi ve derin
O0grenme yontemlerinden daha diislik bir ortalama MAPE degerine sahiptir. Piyasa
takas fiyat tahminlerinden elde edilen ve performanslarina gore ortalama
MAPE'lerin degerleri LSTM ig¢in 10.54, MLP i¢in 17.25, RNN i¢in 21.77 ve CNN
icin 5.82'dir. Uygulanan makine 6grenimi ve derin 6grenme yontemlerinin piyasa

takas fiyati iizerinde yapilan tahminlerinden elde edilen ortalama en diisiik
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MAPE'leri dikkate alarak performans agisindan siralamast CNN, LSTM, MLP ve
RNN olarak degerlendirilebilir. Bu sonuglara gore, en dogru tahmini yapmak ve en
dogru tahmin modellerini gelistirmek i¢in hangi makine ve derin 6grenme
yonteminin kullanilacagi hayati 6nem tasimaktadir.

Elde edilen ortalama MAPE degerlerine gore gelistirilen tamin modelleri
degerlendirildiginde, en yiiksek performanslar veri setinden kullanilan &gretme
miktarlarinin farkl oldugu gézlenmektedir. Bu yiizden tahmin modellerinden daha
kararli ve daha diislik hata oranlar1 elde etmek ic¢in veri kiimesinde kullanilacak
O6grenme miktarlarinin cok 6nemli bir parametre oldugu kanitlanmistir. Modellerden
elde edilen sonuglara gore, elektrik piyasa takas fiyatinin kabul edilebilir bir
dogruluk derecesinde LSTM, MLP, CNN ve RNN makine ve derin 6grenme

yontemlerinin kullanilabilecegi kanitlanmistir.
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1. INTRODUCTION

1.1. Overview of Market Clearing Price

Due to the technological developments in our age, the production and use of
electrical devices has increased rapidly, and the predetermined price of electricity
has become an important factor in the behavior of supply and demand firms in the
market.

Market clearing in economics is the process in which the supply of trading
in any economic market is equal to the demand. In this direction, clearing price is
the equilibrium monetary value of a traded asset or good. This price is determined
by the bid-ask process of buyers and sellers, prices always adjust up or down and
these also apply to the electricity market. The electricity prices, which are
determined before the electricity generation and consumption is introduced to the
market, are called the market clearing price.

Market clearing prices are calculated when determining the price of
electricity. Estimating hourly market prices and quantities in daily energy markets is
one of the most fundamental tasks and decisions in any decision making. The
approach to forecasting market conditions is to use past prices and quantities to
estimate future prices and quantities to be placed on the market.( Gao et al, 2000)

Estimating market clearing prices plays a key role in keeping the costs of
investors and sector representatives active in the market as low as possible and
maximizing profit rates. Therfore, prediction of market clearing price are very
important for price changes. In addition to, weather condition and stock index also
affect the market price of electricity. It is not easy to predict market prices and to be
suitable for reality, and neural networks are often used to reach this conclusion.( JJ

Guo et al, 2004 ).
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1.2. Motivation and Purpose of this Thesis

Rapid development is observed in the electricity and energy market in
Turkey. The competition in the electricity and energy markets and the determination
of the electricity prices of the companies are of great importance. In this process,
accurate estimation of the market clearance price plays an important role in creating
the supply-demand balance.

Machine learning is widely used to predict the future based on an analysis
of the most common trends of the past. Numerous studies have been done in the field
of machine learning and many articles have been written, and among them Neural
Networks are more than other machine learning methods(Makridakis et al., 2018).

The subject of this project is to estimate the market clearing price of
electricity using machine learning and deep learning methods. The following works

will be carried out within the scope of the project:

e  Creating different models with variables affecting market clearing
price.

e  Separate each data set into training set and test set when creating
models.

e  Using MLP, CNN, RNN and LSTM methods as machine learning and
deep learning methods for machine learning and modeling.

e Calculation of performance MAPE values of models and performance

analysis of the methods according to the results.

The aim of this thesis is to estimate the market clearing price of electricity
by using machine learning and deep learning methods. The machine learning
methods that will be employed are Multilayer Perceptron (MLP), Recurrent Neural
Network (RNN), Convolutional Neural Network (CNN) and Long Short Term
Memory (LSTM).
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1.3. Literature Review

Several academic studies have been done in literature which forecast market
clearing price of electricity with machine learning methods. In(Ni et. al., 2001) a
new model was developed to estimate the market clearing price by using the
classification method and the automatic regression model, and it was observed that
this method had better performance than the RBF according to the estimation results
obtained. In(Guo et. al., 2003) when Gaussian functions were created by using
Gaussian radial basic function (GRBF) networks, an education model was applied
in contrast to standard deviations and it was found to have a significant effect on
market clearing price forecast performance.

In(Foruzan et. al., 2015) artificial neural networks (ANNs) and support
vector machines (SVM) were used for electricity price prediction. In the methods
used by the authors, SVM has a higher error rate.

In(Abedinia et. al., 2015) Wavelet Transform (WT), AutoRegressive
Integrated Moving Average (ARIMA) and Radial Basic Function Neural Networks
(RBFN) and mixed method to estimate the day ahead price of the electricity market
and the results were shown to be acceptable.

In(Saini et. al., 2016) in order to estimate the electricity price, a mixed model
was obtained by using linear regression and Support Vector Machine (SVM)
together and this mixed model gave better results than the others.

In(Chinnathambi et. al., 2016) Automatic Regressive Integrated Moving
Average (ARIMA), Random Forest (RF), Generalized Linear Model (GLM) and
Support Vector Machines (SVM) methods were used. When the mean Absolute
Percentage Error (MAPE) values were measured, it was concluded that MAPE
values were better for ARIMA-GLM method.
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In(Kumar et. al., 2016) in this study, Artificial Neural Network (ANN) and
Regression model are used by the authors to predict Market Clearing Prices in Indian
Electricity Markets.

In this study, Artificial Neural Network (ANN) and Regression model are
used by the authors to predict Market Clearing Prices in Indian Electricity Markets.
ANN and Regression methods were applied in the models and it was found that
Regression model gave more consistent and better results than ANN model by
evaluating Mean Absolute Percent Error (MAPE) values.

In(Chinnathambi et. al., 2018) hourly spot prices forecast for electricity
markets Automatic Decline Integrated Moving Average (ARIMA) and one of the
other methods were selected and variables such as price, load and temperature were
used together. According to the results of the Mean Absolute Percentage Error
(MAPE), it was stated that ARIMA-SVM method had better performance for short
periods, whereas ARIMA-GLM merhod had better performance for longer periods.

In(Yu et. al., 2018) this study shows that the automatic regressing moving
average (ARMA) model can be used in electricity price estimation and better results
can be obtained by developing the ARMA model for the day ahead forecast.

In(Kuo et. al., 2018) Convolutional Neural Network (CNN) and Long Short
Term Memory (LSTM) by authors to accurately estimate the price of electricity. In
this study using deep learning neural networks, it has been proved that these methods
and models can be applied while making electricity price estimation. In this study,
Mean Absolute Error (MAE) and Root Mean Frame Error (RMSE) evaluation
methods were used and it was seen that the model used together with CNN and
LSTM gave lower error values.

Summarizes some of the important studies in the literature related to the
market clearing of the estimated electricity price ordered by a chronological order in

Table 1.1.
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Table 1.1. Summary of the recent studies about prediction of market clearing price
Study Methods Writers

A Comparative Study of
Different Machine Learning
Methods for Electricity Prices
Forecasting

ANN, SVM Foruzan et. al., 2015

Day ahead Price Forecasting

of Electricity Markets by a WT, ARIMA, Abedinia et. al., 2015

New Hybrid Forecast RBFN

Method

Electricity Price Forecasting

by Linear Regression and LR, SVM Saini et. al., 2016
SVM

Market clearing price ANN and

prediction using ANN in Regression Kumar et. al., 2016
indian electricity markets model

Investigation of forecasting ARIMA. RE

methods for the hourly spot | ) \1"Sym’ | Ghinnathambi et. al., 2016
price of the day ahead ARIMA-GLM

electric power markets

Day Ahead Electricity Market

Clearing Price Forecasting ARMA Yuet.al, 2018
A Multi-Stage Price ARIMA,

Forecasting Model for Day- [ ARIMA-SVM, Chinnathambi et. al., 2018
Ahead Electricity Markets ARIMA-GLM

An electricity price

forecasting model by hybrid CNN, LSTM Kuo et. al., 2018
structured deep neural

Networks

ANN, Artificial Neural Network; ARIMA, Auto-Regressive Integrated Moving Average;
ARIMA-GLM, Auto-Regressive Integrated Moving Average-Generalized Linear Model; ARIMA-
SVM, Auto-Regressive Integrated Moving Average-Support Vector Machine; ARMA, Auto-
Regressive Moving Average; CNN, Convolutional Neural Network; GLM, Generalized Linear Model;

5
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LR, Linear Regression; LSTM, Long-Short Term Memory; MLP, Multilayer Perceptron; MLP,
Multilayer Perceptron; RBFN, Radial Basis Function Network; RF, Random Forest; SVM, Support
Vector Machine; WT, Wavelet Transform;

In the period from 2001 to the present day, it is seen that the studies about
the daily market clearing price prediction are generally used machine learning and
deep learning methods. It has been observed that these studies have been using
traditional models in previous years, especially with the development of modern era
since 2015, it is seen that more machine learning and deep learning methods are used
in maximum levels and this progress is revised and error rates are approached to

more minimized results.

1.4. Contributions of the Thesis

When the studies related to the prediction of the electricity market clearing
price in the literature are examined, it is seen that the prediction models developed
are generally machine learning based. Although many different machine learning
methods are used in the development of prediction models, it has been observed that
deep learning methods are less used besides machine learning based prediction
models and studies in this field are inadequate. Within the scope of the project, this
gap in the literature will be filled by using machine learning and deep learning
methods and with the models created using machine learning and deep learning

methods;

1. low error rate estimation results will be achieved.

2. In this way, performances of machine learning and deep learning based
methods will be measured and more accurate predictions will be
produced.

3. New forecasting models will be produced and therefore more accurate

market clearing price forecasts will be made in this sector.
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1.5. Overview of the Dataset

In this thesis, market clearing price data sets will be used for the prediction
attempts the period of 01.01.2016 to 01.01.2018. Datasets have been provided from
(https://seffaflik.epias.com.tr) website.
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Figure 1.1. Hourly PTF dataset
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2. OVERVIEW OF METHODS

The machine learning methods to be used will be Multilayer Sensor (MLP),
Recurrent Neural Network (RNN), Convolutional Neural Network (CNN) and Long
Short Term Memory (LSTM).

2.1. Multi-Layer Perceptron

A multi-layer perceptron(MLP) is a forward-looking artificial neural
network. In an MLP, it basically consists of three node layers. These are considered
as input layer, hidden layer and output layer.

Artificial neural networks are found mainly in layers. The layers in a layered
network contain neurons, and the information in these layers passes through these
three complementary units. All elements receive input signals and transmit output
signals to elements in subsequent layers. Thus, the flow of information in the
functioning neurons can be observed in the Multilayer Perceptron. (MLP) (Figure

2.1).

C\ ]Iiliii['ll Eil..\'l'l'.“'

output layer

input laver {

Figure 2.1. A Standard MLP Network
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Although MLP networks typically contain three element layers, which are a
hidden layer, there may be an increase in the number of layers relative to usage. The
purpose of the input layer is to take the external information and transfer it to the
next layer. The hidden layer receives the weighted sum of the signals from the input.

2.1)

SUM = ¥, XiWi 2.1)

Enters the found sum to the activation function. The sigmoid (2.2) and

hyperbolic tangent (2.3) functions are frequently used as activation functions.

1
1+e™*

f&) =

(2.2)

o) = £ 23)

eX+e*

The multilayer neural network is trained using input and output values. The
neural network generates an output value for each input value. The accuracy of the
generated output value is measured by an error E defined as the difference between

the current op and the desired output tp (2.4).
-1 2
E = Ezj(tp] — Opj) (24)

In order to minimize the total error, the values of the weights are changed
and the calculated E error is propagated from the output towards the input layer.
Appropriate adjustments are made by replacing the weights in the neural network

with a ratio d of the total error E.

10



2. OVERVIEW OF METHODS Abdulhalim YANAR

2.2. Long Short Term Memory

Long Short Term Memory (LSTM) was discovered in 1997 by S. Hochreiter
and J. Schmidhuber. With repetitive back propagation of the information, it costs a
lot of time to learn to store the information over long periods of time, and because
of the ever-decreasing error backflow. Long short term memory (LSTM) is the
solution to this problem, and it has been found to be effective in solving this problem.
LSTM applies constant error flow by using the fixed error carousel in its special

units and provides learning in this way.( Hochreiter and Schmidhuber 1997)

output
L
i /<—/ <>,:( g o
CEC ) 4—/ «t 'gate
"{\/l.o 7
1_. T<— S g: e

il
L 8

input
Figure 2.2. Provides an illustration of a single-cell LSTM memory block.

The LSTM method consists of interconnected subnets and memory blocks.
These blocks include memory cells with variable number of write, read and reset
functions in the cells, and three multiplicity entry doors, exit doors, and forget doors.

The structure of the LSTM network is the same as with RNN, but memory blocks

11
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must be used instead of nonlinear units in the hidden layer. LSTM blocks can be
used with other units in some cases. Further, as with RNN method, the hidden layer

may be added to the derivatizable output layer as desired.

output
5 recurrent

recurrent

Legend
LSTM block

—— unweighted connection
= weighted connection

Ve e connection with time-lag
input

recurrent @®  branching point
mutliplication

sum over all inputs

gate activation function
(always sigmoid)

©
input activation function
(usually tanh)

{ forget gate
input

output activation function

block input
(usually tanh)

input recurrent

Figure 2.3. Design of the memory unit of LSTM

The LSTM network, which acts as a hidden layer memory unit, is a type of
RNN and allows the expression and understanding of the correlation between time
series over short and long periods of time. The structure of a standard memory unit
is shown in Figure 2.3. a memory cell is located in the center of the unit. It also
contains input data and output data. Output data represents the estimate result. The
memory unit contains three doors, as shown in the entry door, entrance door and exit

door.(Zhao et. al., 2017)

12
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2.3. Recurrent Neural Network

Recurrent neural networks are used in conjunction with feedback links, and
RNNSs are capable of expressing some computational structures. In the training of
RNNs, short-term dependencies are more likely to be calculated, and long-term
dependencies tend to be neglected.(Giles et. al., 2001)

Although conventional neural networks have full connections between
adjacent layers, there is no connection between nodes within the same layer. Since
there are often some interactions between nodes in the temporal network, such
networks may face temporal problems. The sections in the RNN contain feedback

from the previous state to the current state..(Zhao et. al., 2017)

O Ot-1 o, 0441

A A
VT - Vv Vv Vv
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X xl—l xl xr+l

Figure 2.4. Basic structure of RNN

Figure 2.4 illustrates a basic RNN architecture. RNN shows a folded
network in the time domain for two time stages. This structure does not have a fixed
number of input vectors, and unlike conventional network structures, the input
vectors are introduced into the network. This architecture can benefit from the input
information it uses. Furthermore, due to this structure, it can be seen that the output
is not only connected to the current input but also to the output of the previous hidden

layer.(Zhao et. al., 2017)
13
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2.4. Convolutional Neural Network

Convoluted Neural Network (CNN) is a deep learning class and has proven
to be very efficient when used in pattern recognition. It has also been used
successfully in speech recognition and image classification. It performed well in the
ImageNet competition held in 2012 in the field of image classification(Botalb et. al.,
2018). Also, convolutional network was presented as a method of estimating time
series using a Relu activation function and applying multiple convolution filters, and
this convolutional network with extended convolutions enabled rapid processing of
thedata (Borovykh et. al., 2017). One-dimensional convolutional neural networks
can be used to predict time series and to learn time series dependencies.The one-
dimensional convolution and pooling layer is presented in Figure 2.5. Lines of the
same color indicate the same share weight. After convolution, inputs x1, x2, x3, ...,
x6 are converted to feature maps c1, c2, c3, c4. The next step in Figure 2.5 is pooling,
where the property map of the convolution layer is the size of the sample
shadows.For instance,in 4 dimensions exist in the feature map in Figure 2.5, after

the pooling process the number of dimensions is reduced to 2. The process of pooling

is an important step to demonstrate the convolution network characteristics.(Kuo et.

Pooling layer

al., 2018)

Figure 2.5. 1-D Convulution Layer
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3. DEVELOPMENT OF PREDICTION MODELS

3.1. Time Series Analysis

Machine learning and deep learning methods used in this thesis, time series
analysis was used to forecast future values. The values in the data set consist of time-
acquired data and time delays are effectively used for methods. Thus, time series

forecasting is used to estimate future data.

3.2. Environment

In this thesis, MLP, LSTM, RNN forecast models are developed by using
MATLAB R2018a and CNN forecast models are developed by using Keras libraries.
In addition, Neural Network Toolbox produced by MATLAB was used for the neural

network when forecast models and methods were created.

3.3. Time Lag and Autocorrelation function

Time lag in time series forecast is a parameter used in time series analysis.
It is usually obtained by shifting the data as necessary. In this thesis, the
autocorrelation values of the data sets were calculated using the delay values.
Autocorrelation in data sets is an important element in time series. Autocorrelation
can be expressed as the correlation between any time shift and itself. In this thesis,
feedback delays, one of the optimizations applied to the neural network, are

established by using autocorrelation values.

Autocorrelation graphs for the dataset used in this thesis are shown in

Figures 3.1.

15
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Figure 3.6. Autocorrelations for dataset

3.4. Optimization Parameters

This software contains some basic parameters of artificial neural networks
produced using machine learning and deep learning methods. These parameters
significantly affect the results of artificial neural networks. In addition to, the hiden
layer size, feedback delays, epoch number and hidden units described below have
been optimized by the user and the software, thereby increasing the efficiency of the

artificial neural networks.

3.4.1. Feedback Delays

Feedback delays, which are used as one of the main parameters in time series
forecast, are obtained by calculating the delayed state of the dataset. In this software,
feedback delay values can be optimized by specifying an index number with a
desired autocorrelation value, entering the number of indices with the highest

autocorrelation of the user, or using indices whose autocorrelations are higher than

16
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a certain threshold. In addition to, autocorrelation graphs can be obtained upon

request from the user.

3.4.2. Hidden Layer Size

Different hidden layer sizes are used for the artificial neural network
prediction model in this software. The user-specified hidden layer size includes one,
two, or three layer sizes. When the user selects a layered hidden layer, the program
calculates the optimal value by experimenting one by one with a specific value or
any other value. The last 500 and 1500 value ranges of the data set used in the
software were divided into training data set and models were created. In addition,
after the hidden layer size is determined by one, two or three layer sizes, the values
up to that value are calculated by the software and the highest performance layer
sizes are calculated in the results section of the program and shown to the user. In
the software, this hidden layer is optimized and sub-models are created which give

the lowest error rate.

3.4.3. Number of Epoch

The performance of models created using artificial neural networks is tested
after training and weights are updated using back propagation. In order to calculate
the most appropriate weight values in the obtained model, it is repeated in each
training step and these steps which are called as epoch are determined according to
the performance of the model. When the performance of the model reached the
highest levels, approximately the number of epochs was determined. In this study,
models were created by taking into account the number of epochs while applying

LSTM and CNN deep learning methods.

17
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3.4.4. Hidden Units

The hidden unit of an LSTM layer is an important parameter in measuring
the dependencies between the data set in time series when learning from deep
learning methods with long short term memory. The number of hidden units
corresponds to the amount of information recalled between time steps and may
include information of the data from previous time steps independent of the data set.
In this thesis, different models have been formed by applying different hidden unit
numbers while using LSTM method.

3.5. Model Configuration

In this thesis, MLP, RNN, LSTM and CNN methods, which are machine
learning and deep learning methods, are applied by the software developed in
MATLAB environment. In the software, the data set is loaded into the system firstly
and one of the specified machine and deep learning methods is selected by the user.
The method chosen is of great importance for the structure of the artificial neural
network. The required parameters for MLP, RNN, LSTM and CNN methods are
displayed in the artificial neural network to be created. Necessary index dataset
information is entered by the user to teach the artificial neural network. The index
values of the range to be taught of the data set loaded into the learning part of the
software's prediction section are entered in the 1st and 2nd text boxes. The
autocorrelation graph of the data to be used for training can be drawn graphically by
the program.

After loading the dataset on the artificial neural network, one of the machine
and deep learning methods, MLP, RNN, LSTM and CNN methods are selected.
After the determined machine and deep learning method, the required value ranges
are entered in the learning index section according to the prediction model. Any
interval specified in the data set can be entered according to the prediction model to

be used.

18
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If 5000 and 10000 values are entered as an example, it means that the data
in this range will be used for learning. The remaining data after the training data
determined from the data set are the data to be estimated. One of the delay
optimizations determined according to artificial neural network models is
determined. Delay values are entered according to the forecast models created. For
example, 7.3.12 delay values or 2.26.52.61.143 delay values can be used. After
determining the required optimization values, the program is run. After learning, the
values after the learning data in the dataset are estimated. After the data entered into
the system to learn during the prediction process, new values that are not present
after the program data set are estimated. The estimates obtained and the actual values
in the data set are printed in the table on the results page and the graphics of them
are drawn. As a measure of the relationship between these values, mape (average

absolute percent error) is calculated and this value is printed on the screen.

3.6. Functions used in Prediction Models

This software has benefited from some of the functions offered by MATLAB
R2018a and Keras libraries. These functions have a significant impact on the creation
of MLP, LSTM, RNN and CNN prediction models while coding in the software.
Therefore, it will be explained in which tasks the important functions are used.

Functions used to load, read and graph the data set:

uigetfile: Allows the user to specify the file path to load the dataset.

csvread: Provides the reading of the data set with the csv extension
determined by the user.

plot: Creates a 2 dimensional line chart of data in Y against corresponding

values in X.

Main functions used for MLP and RNN neural network models:
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narnet: NAR (nonlinear autoregressive) function that creates neural
network.

layrecnet: The main method used to create a model of recurrent neural
networks.

preparets: prepares time series data using the narnet network.

train: Used for training the created network model.

Main functions used for LSTM neural network models:

sequencelnputLayer: A sequence input layer inputs sequence data to a
network.

IstmLayer: An LSTM layer learns long-term dependencies between time
steps in time series and sequence data.

fullyConnectedLayer: A fully connected layer multiplies the input by a
weight matrix and then adds a bias vector.

trainingOptions: Options for training deep learning neural network

trainNetwork: Train neural network for deep learning

predictAndUpdateState: Predict responses using a trained recurrent neural
network and update the network state.

Main functions used for CNN neural network models:

Sequential: Groups an ordered and linear layer stack into a model.

Add: Adds a layer to the created model.

Conv1D: 1D convolution layer creates a convolution kernel that passes over
a single spatial dimension to produce a tensor of outputs..

MaxPoolingl1D: Reduces the size from the convolutional layer over the
window according to the pool size.

Fit: Used to train the convolutional network Model.

Predict: The function used to predict the convolutional network model.
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3.7. Performance Metric

The performance of the prediction models was evaluated by calculating the
values of Mean Absolute Percentage Error (MAPE), which is the metric popularly
used for the forecasting applications.

The formula of MAPE is given by

1

|A¢= Fel
MAPE = —y1 €

Ft

where n is the number of the forecast, A; is the actual value, and F; is

the forecast value (Benzer et al., 2015).

3.8. Screenshots
(4] S ctio x

Train Options
Delay Selection
Forecast Option 1: Enter The Range Of Hidden 2
Units
Option 1: Enter
Option 2: Enter Leaming Rate @®
Custom Train Index: 1 476
@ Defautt Uses the whole set to train the network

QOusetton |
Option 3: Determine Number Of Epoch
Number of Forecasts: | 2

Data Set AC

Load Data Set Default: Try Optimal Values
— 1F e | e | o | and hope for the best

PTF_476.csv (476
rows)

Predict

Go

Data Set AC |

Figure 3.1. Data set loaded and one of the machine and deep learning methods was
selected
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Forecast

Custom Train Index: | 1 478
Defaut: Uses the whole set to train the network

Number of Forecasts: zl
| DatasetAc

Load Data Set ‘

PTF_476.csv (476
rows)

] [ e ][ o

Predict

Data Set AC

Train Options
Option 1: Enter The Range Of Hidden
Units
‘ 200 205
Option 2: Enter Learning Rate

0.005

Option 3: Determine Number Of Epoch

150 i

Default: Try Optimal Values
and hope for the best

Load

e

Delay Selection

Option 1: Enter

| J

Qusetton | ‘

Option 3: Determine the best X AC values |

Figure 3.2. Necessary optimization values were entered according to the selected
machine and deep learning method
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Train Options

Forecast Option 1: Enter The Range Of Hidden
Units

[ a0 [ =5 |

Option 2: Enter Leaming Rate

Custom Train Index: | 1 l 476 ‘

0.005
®  Defautt: Uses the whole set to train the network

Option 3: Determine Number Of Epoch

Number of Forecasts: I:24 ]
1 156 1
DataSetAC |

Default: Try Optimal Values
CNN and hope for the best

| |
[ e |

PTF_476.csv (476
rows)

Predict I
R Load
Go
Data Set AC

Delay Selection

Option 1: Enter

|
Ousetton |

Option 2: Enter Threshold AC Value

07

Option 3: Determine the best X AC values

Figure 3.3. One of the delay optimizations determined according to artificial neural

network models is selected
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X
RESULTS
Table of Values
380
: Test Value
Forecasted |Actual Values| e Forecasted Value
1 3433276 314.4200 " .
2 3347444 269.9900
3 3236432 3144200 340
4 3107230 250
5 3009954  303.4300 320
6 3074424 303.4300
7 317.4282 225
8 2396538 3042100 el
9 2368943 3557200
10 3506584  357.3400 280
1 3561814 357.2800 v
260
Number of Hidden Units :200 240
Learning Rate :0.01
Number of Epoch :150 220
Feedback Delays:1 0 5 10 15 20 25
Number of Forecasts:24
Forecast MAPE:8.1345

Choose Data for Forecast Mape ‘ ‘ Calculate Forecast Mape 1\ Save Model

PTF_24.csv (24 rows)

Figure 3.4. The estimates obtained and the actual values in the dataset are printed in
the table and the mape value is calculated
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4. RESULTS AND DISCUSSIONS

In this thesis, MLP, LSTM, RNN and CNN are used to estimate the market
clearing price. A combination of 80% for training and 20% for the test was used to
generate prediction models. Prediction models were developed by increasing the last
500 to 1500 part of the dataset by 100. Prediction models include 24 step estimates
and 1, 2 and 3 hidden layer sizes are used. In the delay selection, the highest
autocorrelation indexes 5, 7 and 9, autocorrelation indexes greater than 0.7, 0.8 and
0.9 and indexes 1 to 5, 15 and 25 were used.

Tables 5.1 to 5.78 show MLP results, tables 5.79 to 5.156 show LSTM
results, tables 5.79 to 5.156 show CNN results, tables 5.79 to 5.156 show RNN

results.

Table 4.1. MAPE values (476, 1 layer, MLP)

— (/2]

$s/8| 35 |5 2 w
£ L": %- = 5 ° <

30 | 4 0§ 2 a S
24 1 Best 5 A.C. 6 1,2,25,49,73 14.57
24 1 Best 7 A.C. 5 1,2,25,49,73,97,169 9.52
24 1 | Best10A.C. | 10 | 1,2,24,25,26,49,73,97,121,169 | 8.98
24 1 A.C. >0.7 10 1 13.13
24 1 A.C. >0.8 10 1 12.09
24 1 A.C.>0.9 3 1 12.31
24 1 1ton 6 1to5 10.36
24 1 1ton 3 11015 13.99
24 1 1ton 8 1to 25 7.8
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Table 4.2. MAPE values (476, 2 layers, MLP)

S 7 a b4 »
s 8| 55 | B h 3
EY 3] 28 | 2 8 =
2
24 2 | Best5A.C. | 9,8 1,2,25,49,73 8.83
24 2 Best 7 A.C. 7,8 1,2,25,49,73,97,169 714
24 2 | Best10A.C. | 74 | 1,2,24,25,26,49,73,97,121,169 | 8.99
24 2 A.C. >0.7 8,9 1 14.11
24 2 A.C. >0.8 9,7 1 15.33
24 2 A.C.>0.9 9,7 1 14.9
24 2 1ton 9,5 1t05 12.48
24 2 1ton 9,10 11015 12.03
24 2 1ton 8,8 11025 10.24
Table 4.3. MAPE values (476, 3 layers, MLP)
S [72]
2818 85 | & G g
£ L": %- = 5 ° <
30 | 4 0§ KT a S
24 3 Best 5 A.C. 6,4,10 1,2,25,49,73 12.87
24 3 | Best7A.C. | 8,510 1,2,25,49,73,97,169 9.08
24 3 | Best10 A.C. | 10,10,8 | 1,2,24,25,26,49,73,97,121,169 | 10.18
24 3 A.C.>0.7 8,6,5 1 9.8
24 3 A.C. >0.8 10,7,7 1 14.53
24 3 A.C.>0.9 8,2,10 1 11.74
24 3 1ton 10,10,9 1t05 15.57
24 3 1ton 8,10,8 1to 15 17.76
24 3 1ton 9,6,4 11025 10.22

26




4. RESULTS AND DISCUSSIONS

Abdulhalim YANAR

Table 4.4. MAPE values (576, 1 layer, MLP)

f- [72]

gs/8| 5 |5 2 W
g %- = 5 ° <
3o |4 o8& 2 a S
24 1 Best5A.C. | 1 1,2,25,49,73 12.56
24 1 Best7AC. | 8 1,2,25,49,73,97,169 9.97
24 1 | Best10A.C.| 5 | 1,2,25,49,73,97,121,145,169 | 14.98
24 1 AC.>0.7 |10 1 13.75
24 1 A.C.>0.8 10 1 12.46
24 1 A.C.>0.9 8 1 17.11
24 1 1ton 6 1to5 13.02
24 1 1ton 6 1t0 15 16.36
24 1 1ton 10 11025 7.78

Table 4.5. MAPE values (576, 2 layers, MLP)

S [72]

£s|¢8 %5 |5 2 W

3% |3 o8& 2 =] S
24 2 | Best5 A.C. | 47 1,2,25,49,73 9.01
24 2 | Best7A.C. | 9,8 1,2,25,49,73,97,169 8.69
24 2 | Best10A.C. | 10,8 | 1,2,25,49,73,97,121,145,169 | 7.6
24 2 A.C.>0.7 9,2 1 15.69
24 2 A.C.>0.8 47 1 15.86
24 2 AC.>09 |10,9 1 15.44
24 2 1ton 8,4 1t05 9.48
24 2 1ton 8,2 1t0 15 14.06
24 2 1ton 9,9 11025 8.03
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Table 4.6. MAPE values (576, 3 layers, MLP)

f- (2]
8¢/ z§ | § 2 g
E L > ] 5 ® S
30 | J o8& 2 [a] S
24 3 | Best5AC. | 748 1,2,25,49,73 12.11
24 3 | Best7A.C. [ 10,3,8 1,2,25,49,73,97,169 10.25
24 3 | Best10A.C. | 9,7,5 |1,2,25,49,73,97,121,145,169 | 12.64
24 3 A.C.>0.7 |10,1,6 1 11.26
24 3 A.C.>0.8 |9,10,9 1 10.4
24 3 A.C.>0.9 938,10 1 10.29
24 3 1ton 9,9,6 1t05 15.77
24 3 1ton 10,6,5 1t0 15 17.46
24 3 1ton 9,10,1 1to 25 7.71
Table 4.7. MAPE values (676, 1 layer, MLP)
f- (]
g8 55 |5 2 b
£ “'": :- 0= 5 ° s
3o | J Q 8‘ 2 (=] S
24 1 | Best5A.C. | 9 1,2,25,49,73 12.68
24 1 | Best7A.C. | 1 1,2,25,49,73,97,169 12.34
24 1 | Best10A.C.| 8 | 1,2,25,49,73,97,121,145,169 | 11.22
24 1 A.C.>0.7 4 1 13.13
24 1 A.C.>0.8 4 1 11.39
24 1 A.C.>0.9 2 1 12.98
24 1 1ton 7 1t05 13.47
24 1 1ton 10 1t0 15 14.71
24 1 1ton 8 11025 13.21
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Table 4.8. MAPE values (676, 2 layers, MLP)

f- (2]

gs|8| 2§ 5 2 w
EWL | > = 5 = <

2% |3 o8 2 a =
24 2 | Best5AC. | 7,10 1,2,25,49,73 14.05
24 2 | Best7A.C. 6,8 1,2,25,49,73,97,169 9.72
24 2 | Best10 A.C. | 8,10 | 1,2,24,25,26,49,73,97,169,217 | 10.84
24 2 A.C.>0.7 4,8 1 16.54
24 2 A.C.>0.8 10,10 1 14.54
24 2 A.C.>0.9 4,6 1 15.31
24 2 1ton 29 1105 10.3
24 2 1ton 7,8 1to 15 10.8
24 2 1ton 9,8 11025 13.74

Table 4.9. MAPE values (676, 3 layers, MLP)

f (2]

8¢18| 75 | & 2 3
EL > = 5 s <

é‘ o | 4 Q 8‘ = (=] S
24 3 | Best5A.C. 57,1 1,2,25,49,73 13.02
24 3 | Best7A.C. | 6,8,10 1,2,25,49,73,97,169 12.63
24 3 | Best10A.C. | 9,4,7 |1,2,24,25,26,49,73,97,169,217 | 12.53
24 3 A.C.>0.7 10,8,10 1 17.35
24 3 A.C.>0.8 3,1,7 1 13.87
24 3 A.C.>0.9 5,10,6 1 17.62
24 3 1ton 10,9,6 1105 14.33
24 3 1ton 6,10,1 1to0 15 10.88
24 3 1ton 10,9,6 11025 12.54
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Table 4.10. MAPE values (776, 1 layer, MLP)

f- [72]

§g/8| 5 |5 2 g
gEw %- k= 5 o <
2% | 3 o8& 2 [a] S
24 1 | Best5A.C. | 7 1,2,25,49,73 14.68
24 1 | Best7A.C. | 8 1,2,24,25,49,73,97 17.81
24 1 | Best10A.C. | 2 | 1,2,24,25,26,49,72,73,97,169 | 19.54
24 1 A.C.>0.7 8 1 13.37
24 1 A.C.>0.8 6 1 15.14
24 1 A.C.>0.9 5 1 17
24 1 1ton 10 1to5 22
24 1 1ton 9 1to 15 7.21
24 1 1ton 7 1t025 16.87

Table 4.11. MAPE values (776, 2 layers, MLP)

— [72]

g8 5 |5 2 a
£ “"': > T = 5 o <

3o | 3 Q OQ' 2 o S
24 2 | Best5A.C. | 7,10 1,2,25,49,73 18.17
24 2 | Best7A.C. | 45 1,2,24,25,49,73,97 23.06
24 2 | Best10 A.C. | 10,3 | 1,2,24,25,26,49,72,73,97,169 | 17.04
24 2 A.C.>0.7 5,4 1 15.81
24 2 A.C.>0.8 53 1 12.87
24 2 A.C.>0.9 6,3 1 14.14
24 2 1ton 9,5 1to5 12.17
24 2 1ton 7,2 1t0 15 9.44
24 2 1ton 6,6 11025 17.07
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Table 4.12. MAPE values (776, 3 layers, MLP)

[ (/2]
8818 55 | ¢ & 4
gEw g- k= 5 o <
3% | 3 o8& 2 a S
24 3 | Best5A.C. | 10,10,4 1,2,25,49,73 12.37
24 3 | Best7A.C. | 10,6,8 1,2,24,25,49,73,97 18.95
24 3 |Best10A.C. | 9,6,2 | 1,2,24,25,26,49,,72,73,97,169 | 16.49
24 3 A.C.>0.7 9,10,8 1 11.84
24 3 A.C.>0.8 |10,7,10 1 15.17
24 3 A.C.>0.9 9,7,9 1 15.83
24 3 1ton 9,9,9 1to5 11.52
24 3 1ton 9,7,7 11015 7.22
24 3 1ton 9,6,4 11025 18.11
Table 4.13. MAPE values (876, 1 layer, MLP)
f- (]
8g18| 35 |8 : g
£ “'": % = 5 ° s
é‘ o | 4 o 8‘ g (=] S
24 1 | Best5A.C. | 6 1,2,25,49,73 11.10
24 1 | Best7A.C. | 9 1,2,25,49,73,97,169 11.65
24 1 | Best10A.C. | 7 | 1,2,24,25,26,49,73,97,121,169 | 16.86
24 1 A.C.>0.7 7 1 14.71
24 1 A.C.>0.8 5 1 16.65
24 1 A.C.>0.9 6 1 10.37
24 1 1ton 10 1to5 18.14
24 1 1ton 10 1to 15 7.7
24 1 1ton 8 1to 25 15.79
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Table 4.14. MAPE values (876, 2 layers, MLP)

P [72]
2518 55 | ¢ & 4
gL 3 e 5 = <
2% | 3 o8 2 a =
24 2 | Best5A.C. [10,9 1,2,25,49,73 11.7
24 2 | Best7AC. | 57 1,2,25,49,73,97,169 11.56
24 2 | Best10A.C. | 84 | 1,2,24,25,26,49,73,97,121,169 | 16.6
24 2 A.C.>0.7 6,7 1 15.1
24 2 A.C.>0.8 5,5 1 10.31
24 2 A.C.>0.9 |8,10 1 16.90
24 2 1ton 7,6 1105 10.33
24 2 1ton 8,7 1to 15 9.07
24 2 1ton 10,7 1to 25 16.95

Table 4.15. MAPE values (876, 3 layers, MLP)

— [72]

$s/8| =5 £ 2 W
£ “"': > o= 5 = <

2 o | a OQ' = (=] =
24 3 Best 5 A.C. 8,7,8 1,2,25,49,73 11.35
24 3 Best 7 A.C. 8,6,4 1,2,25,49,73,97,169 14.5
24 3 | Best10A.C. | 9,75 | 1,2,24,25,26,49,73,97,121,169 | 15.35
24 3 A.C.>0.7 5,10,9 1 14.11
24 3 A.C.>0.8 9,9,8 1 13.25
24 3 A.C.>0.9 7,5,10 1 12.49
24 3 1ton 9,5,8 1t05 12.18
24 3 1ton 8,7,6 11015 13.46
24 3 1ton 9,9,10 11025 16.63
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Table 4.16. MAPE values (976, 1 layer, MLP)

[ (/2]

§g/8| 5 |5 2 g
gEw %- k= 5 o <
2% | 3 o8& 2 a S
24 1 | Best5A.C. | 5 1,2,25,49,73 10.49
24 1 | Best7A.C. | 8 1,2,25,49,73,97,169 11.35
24 1 | Best10A.C. | 7 | 1,2,24,25,26,49,50,73,97,169 | 10.83
24 1 A.C.>0.7 8 1 16.38
24 1 A.C.>0.8 2 1 14.47
24 1 A.C.>0.9 5 1 16.43
24 1 1ton 10 1to5 15.32
24 1 1ton 10 1to 15 9.91
24 1 1ton 8 1to0 25 13.62

Table 4.17. MAPE values (976, 2 layers, MLP)

S D | @ a = »

5508 FE @ g <
Es| 85| o§ 3 8 S

=

24 2 | Best5AC. | 1,2 1,2,25,49,73 13.38
24 2 | Best7AC. | 9,9 1,2,25,49,73,97,169 11.95
24 2 | Best10A.C. | 9,4 | 1,2,24,25,26,49,50,73,97,169 | 11.31
24 2 A.C.>0.7 9,8 1 16.1
24 2 A.C.>0.8 7,8 1 13.23
24 2 A.C.>0.9 5,6 1 15.7
24 2 1ton 8,8 1t05 18.9
24 2 1ton 10,4 1t0 15 8.75
24 2 1ton 10,9 11025 11.12
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Table 4.18. MAPE values (976, 3 layers, MLP)

f- [72]
858 55 | ¢ & 4
gEw g- = 5 ° <
3% 4 o8& 2 a S
24 | 3 | Best5A.C. | 8,51 1,2,25,49,73 13.14
24 | 3 | Best7A.C. | 104,5 1,2,25,49,73,97,169 12.13
24 | 3 | Best10A.C. | 9,89 | 1,2,24,25,26,49,50,73,97,169 | 11.96
24 | 3 A.C.>0.7 8,9,9 1 15.28
24 | 3 A.C.>0.8 9,49 1 10.44
24 | 3 A.C.>0.9 9,7,9 1 14.36
24 | 3 1ton 8,10,7 1to5 10.29
24 | 3 1ton 3,8,9 1to 15 8.46
24 | 3 1ton 4104 1to 25 15.05
Table 4.19. MAPE values (1076, 1 layer, MLP)
f [72]
gs|g| 35 |5 2 g
£ “'": = o5 5 o <
é‘ o | 4 o 8‘ é’ (=] S
24 1 | Best5A.C. | 5 1,2,25,49,73 13.10
24 1 | Best7A.C. | 7 1,2,24,25,49,73,97 12.52
24 1 | Best10A.C. | 4 | 1,2,24,25,26,48,49,50,73,97 | 16.29
24 1 A.C.>0.7 |10 1 18.94
24 1 A.C.>0.8 8 1 18.75
24 1 A.C.>0.9 7 1 18.12
24 1 1ton 7 1105 13.02
24 1 1ton 1 1t0 15 10.53
24 1 1ton 9 11025 15.23
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Table 4.20. MAPE values (1076, 2 layers, MLP)

S ?D | o a L n
Sg|3| 98 |2 8 =
24 2 | Best5A.C. |88 1,2,25,49,73 12.72
24 2 | Best7A.C. | 6,2 1,2,24,25,49,73,97 15.44
24 2 | Best10 A.C. | 5,5 | 1,2,24,25,26,48,49,50,73,97 | 16.82
24 2 AC.>0.7 |75 1 15.54
24 2 AC.>08 |78 1 14.36
24 2 AC.>09 |85 1 17.16
24 2 1ton 8,2 1t05 16.58
24 2 1ton 9,6 1to 15 8.72
24 2 1ton 9,3 1t025 13.76
Table 4.21. MAPE values (1076, 3 layers, MLP)
S [72]
g8 5 | § 2 g
EL | > ] 5 b <
3% |3 o8 g [a] S
24 3 | Best5A.C. | 9,10,9 1,2,25,49,73 14.64
24 3 | Best7A.C. | 10,2,5 1,2,24,25,49,73,97 14.74
24 3 | Best10 A.C. | 8,10,7 | 1,2,24,25,26,48,49,50,73,97 | 10.46
24 3 A.C.>0.7 8,3,6 1 13.72
24 3 A.C.>0.8 9,19 1 18.8
24 3 A.C.>0.9 |10,9,10 1 18.22
24 3 1ton 9,8,10 1t05 15.31
24 3 1ton 10,9,7 1t0 15 17.08
24 3 1ton 10,6,10 11025 12.55
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Table 4.22. MAPE values (1176, 1 layer, MLP)

f- (2]

2618 55 |G & 4
gEw % = 5 o <
3% |3 o8 2 a S
24 1 | Best5A.C. | 8 1,2,25,49,73 16.12
24 1 | Best7A.C. | 9 1,2,24,25,49,73,97 12.45
24 1 | Best10A.C. | 2 | 1,2,24,25,26,48,49,50,73,97 | 16.83
24 1 A.C.>0.7 7 1 16.43
24 1 A.C.>0.8 8 1 18.82
24 1 A.C.>0.9 8 1 19.69
24 1 1ton 8 1to5 17.81
24 1 1ton 10 1t0 15 14.93
24 1 1ton 7 1to 25 16.32

Table 4.23. MAPE values (1176, 2 layers, MLP)

f- (]

8g18| 35 | : g

£ “"': > T = 5 o <

é‘ o | 4 o 8‘ é’ (=] S
24 2 | Best5A.C. | 8,8 1,2,25,49,73 18.19
24 2 | Best7A.C. | 9,10 1,2,24,25,49,73,97 19.54
24 2 | Best 10 A.C. | 9,10 | 1,2,24,25,26,48,49,50,73,97 | 18.46
24 2 A.C.>0.7 7,6 1 20.37
24 2 A.C.>0.8 |10,8 1 13.08
24 2 A.C.>0.9 1,4 1 16.29
24 2 1ton 10,8 1to5 15.01
24 2 1ton 8,10 1t0 15 16.65
24 2 1ton 10,3 11025 14.71
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Table 4.24. MAPE values (1176, 3 layers, MLP)

S (2]

$s|8| =5 5 2 w
gw | k= 5 = <
3% | S8 g a =

2 (@] 2

24 | 3 | Best5A.C. | 9,36 1,2,25,49,73 15.11
24 | 3 | Best7A.C. | 6,95 1,2,24,25,49,73,97 20.17
24 | 3 | Best10A.C. | 56,7 | 1,2,24,25,26,48,49,50,73,97 | 18.24
24 | 3| AC.>07 | 797 1 18.92
24 | 3| AC.>0.8 | 9,98 1 16.46
24 | 3| AC.>09 | 898 1 19.45
24 | 3 1ton 9,9,6 1105 15.18
24 | 3 1ton 9,7,5 110 15 10.45
24 | 3 1ton 10,7,6 11025 13.12

Table 4.25. MAPE values (1276, 1 layer, MLP)

f [72]

8518 &5 |5 & d
£ “"': > = 5 = <

é‘ o | 4 o OQ' é’ (=] =
24 1 Best5A.C. | 4 1,2,24,25,49 25.27
24 1 Best7A.C. | 8 1,2,3,24,25,26,49 28.68
24 1 | Best10A.C. | 10 | 1,2,3,4,24,25,26,49,50,73 | 25.15
24 1 A.C.>0.7 10 1 16.43
24 1 A.C.>0.8 8 1 18.82
24 1 A.C.>0.9 8 1 19.69
24 1 1ton 9 1t05 17.81
24 1 1ton 6 1t015 14.93
24 1 1ton 6 1t025 16.32
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Table 4.26. MAPE values (1276, 2 layers, MLP)

S @ w» ] b4 »
Es| 8| o% | 2 3 S
2
24 2 Best 5 A.C. 9,8 1,2,24,25,49 25.03
24 2 Best 7 A.C. 9,1 1,2,3,24,25,26,49 24.42
24 2 | Best10A.C. | 10,2 | 1,2,3,4,24,25,26,49,50,73 | 16.87
24 2 A.C. >0.7 8,5 1 15.48
24 2 A.C. >0.8 1,9 1 20.16
24 2 A.C.>0.9 7,8 1 23.49
24 2 1ton 10,9 1t05 21.96
24 2 1ton 7,6 11015 29.47
24 2 1ton 7,10 11025 32.56
Table 4.27. MAPE values (1276, 3 layers, MLP)
S [72]
gg18| 2§ | ¢ 2 g
£ _"": = T 5 o s
30 | 4 0§ = a S
24 3 Best 5 A.C. 6,6,6 1,2,24,25,49 20.31
24 3 Best 7 A.C. 9,9,6 1,2,3,24,25,26,49 23.26
24 3 | Best10A.C. | 10,9,8 | 1,2,3,4,24,25,26,49,50,73 | 23.3
24 3 A.C. >0.7 9,8,5 1 2411
24 3 A.C. >0.8 10,5,10 1 18.36
24 3 A.C.>0.9 10,8,7 1 21.99
24 3 1ton 48,8 1t05 27.35
24 3 1ton 8,5,2 1to0 15 3713
24 3 1ton 7,48 11025 26.54
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Table 4.28. MAPE values (1376, 1 layer, MLP)

2s 8| 5 | & : g
e k= 5 = <
2% | 3 o& 2 a =
24 1 Best5 A.C. | 3 1,2,24,25,49 26.32
24 1 Best7A.C. | 9 1,2,3,24,25,26,49 30.15
24 1 | Best10A.C. | 9 | 1,2,3,4,24,25,26,49,50,73 | 17.28
24 1 A.C. >0.7 10 1,2,25 17.68
24 1 A.C.>0.8 6 1 22.26
24 1 A.C.>0.9 8 1 18.52
24 1 1ton 8 1to5 18.19
24 1 1ton 8 1to 15 34.34
24 1 1ton 9 1t025 32.93

Table 4.29. MAPE values (1376, 2 layers, MLP)

Bgle| =5 |8 , g

EWL| > T = 5 = <

25| 3| 2§ 3 8 S
24 2 Best5A.C. | 75 1,2,24,25,49 27.54
24 2 Best7A.C. | 89 1,2,3,24,25,26,49 24.77
24 2 | Best10A.C. | 8,10 | 1,2,3,4,24,25,26,49,50,73 | 27.43
24 2 A.C.>0.7 10,7 1,2,25 29.52
24 2 A.C.>0.8 7,8 1 26.37
24 2 A.C.>0.9 10,9 1 19.12
24 2 1ton 6,4 1to5 15.26
24 2 1ton 10,2 1to 15 36.78
24 2 1ton 9,8 1to 25 31.52
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Table 4.30. MAPE values (1376, 3 layers, MLP)

Esis| 35 | & : g
EL | > ° % 5 < <
é o -l a le) é’ a =
24 3 | Best5A.C. 8,8,8 1,2,24,25,49 31.71
24 3 | Best7A.C. 4,9,5 1,2,3,24,25,26,49 30.71
24 3 |Best10A.C.| 7,88 | 1,2,3,4,24,25,26,49,50,73 | 28.99
24 3 A.C.>0.7 9,8,6 1,2,25 24.77
24 3 A.C.>0.8 |8,10,10 1 19.52
24 3 A.C.>0.9 8,8,8 1 20.56
24 3 1ton 5,9,4 1to5 22.51
24 3 1ton 8,8,5 1t0 15 31.8
24 3 1ton 8,7,3 1t025 32.92
Table 4.31. MAPE values (1476, 1 layer, MLP)
Eslgl z8 |5 % g
£ "": = °© g 5 o <
é’ o -l a le) é’ a =
24 1 | Best5A.C. | 1 1,2,24,25,49 33.03
24 1 | Best7A.C. | 7 1,2,3,24,25,26,49 32.73
24 1 | Best10 A.C. | 10 | 1,2,3,4,24,25,26,49,50,73 | 29.37
24 1 A.C.>0.7 5 1,2,25 29.42
24 1 A.C.>0.8 6 1 24.64
24 1 A.C.>0.9 7 1 27.51
24 1 1ton 8 1t05 32.23
24 1 1ton 10 1to 15 29.23
24 1 1ton 7 1to 25 32.41
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Table 4.32. MAPE values (1476, 2 layers, MLP)

- (7)) (/2]
818 75 |8 £ &
EL > ° = 5 ° <
é o | a (o) é’ [a] =
24 2 | Best5A.C. | 9,8 1,2,24,25,49 31.14
24 2 | Best7A.C. | 9,7 1,2,3,24,25,26,49 36.09
24 2 | Best10A.C. | 94 | 1,2,3,4,24,25,26,49,50,73 | 32.36
24 2 A.C.>0.7 8,8 1,2,25 29.23
24 2 A.C.>0.8 8,3 1 23.41
24 2 A.C.>0.9 8,6 1 15.3
24 2 1ton 6,9 1t05 35.55
24 2 1ton 6,10 1to0 15 33.79
24 2 1ton 10,1 1to 25 33.37
Table 4.33. MAPE values (1476, 3 layers, MLP)
[ (7)) [2)
8¢|5| &5 5 2. B
EL | > B 5 i g
2% | 3 o8 a S
- (©) -4
24 3 | Best5A.C. | 9,10,10 1,2,24,25,49 34.12
24 3 | Best7A.C. 9,7,7 1,2,3,24,25,26,49 32.06
24 3 | Best10A.C. | 5,72 | 1,2,3,4,24,25,26,49,50,73 | 31.96
24 3 A.C.>0.7 9,9,8 1,2,25 34.26
24 3 A.C.>0.8 7,49 1 10.49
24 3 A.C.>0.9 10,3,8 1 26.89
24 3 1ton 10,9,8 1to5 11.21
24 3 1ton 10,9,3 1to 15 34.94
24 3 1ton 10,4,1 1to 25 34.51
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Table 4.34. MAPE values (476, LSTM)

£1{%89 zg |§e 2 i
EJEW g2 | BE 5 <
2129 ©°§& T > a S
24 | 150 | Best5 A.C. 50 1,2,25,49,73 10.16
24 | 150 | Best7 A.C. 25 1,2,25,49,73,97,169 11.02
24 | 150 | Best10 A.C. | 25 | 1,2,24,25,26,49,73,97,121,169 | 9.72
24 | 150 A.C.>0.7 50 1 9.15
24 | 150 A.C.>0.8 100 1 8.9
24 | 150 A.C.>09 50 1 8.05
24 | 150 1ton 50 1to5 10.73
24 | 150 1ton 25 1to 15 10.44
24 | 150 1ton 50 1to 25 10.42

Table 4.35. MAPE values (576, LSTM)

£g088| 55 |8 g 4

35(35| 6§ %3 8 =
24 150 Best 5 A.C. 25 1,2,25,49,73 10.03
24 150 Best 7 A.C. 25 1,2,25,49,73,97,169 11.08
24 150 | Best 10 A.C. | 50 | 1,2,25,49,73,97,121,145,169,193 | 9.59
24 150 A.C.>0.7 100 1 8.95
24 150 A.C.>0.8 50 1 8.93
24 150 A.C.>09 25 1 10.77
24 150 1ton 50 1to5 10.04
24 150 1ton 200 1to 15 10.88
24 150 1ton 25 1to 25 10.81
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Table 4.36. MAPE values (676, LSTM)

35 35 4§ |E° 8 >
24 | 150 | Best5 A.C. | 100 1,2,25,49,73 11.38
24 | 150 | Best7A.C. | 50 1,2,25,49,73,97,169 9.83
24 | 150 | Best 10 A.C. | 25 | 1,2,24,25,26,49,73,97,169,217 | 10.38
24 | 150 | A.C.>0.7 50 1 9.95
24 | 150 | A.C.>0.8 25 1 9.36
24 | 150 | A.C.>0.9 | 200 1 10.16
24 | 150 1ton 200 1t05 11.25
24 | 150 1ton 25 1t0 15 10.35
24 | 150 1ton 25 110 25 10.22

Table 4.37. MAPE values (776, LSTM)

25|25 6§ |£3 8 =
24 150 | Best5A.C. | 100 1,2,25,49,73 10.55
24 150 | Best7A.C. | 25 1,2,24,25,49,73,97 11.45
24 150 | Best 10 A.C. | 100 | 1,2,24,25,26,49,72,73,97,169 | 11.10
24 150 A.C.>0.7 25 1 9.7
24 150 A.C.>0.8 | 100 1 9.73
24 150 A.C.>0.9 | 200 1 9.13
24 150 1ton 200 1t05 11.09
24 150 1ton 100 1t0 15 11.23
24 150 1ton 200 1t025 14.94
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Table 4.38. MAPE values (876, LSTM)

25|25 96 |z7 a =
24 150 Best5 A.C. | 50 1,2,25,49,73 11.23
24 150 Best7A.C. | 25 1,2,25,49,73,97,169 10.77
24 150 | Best10 A.C. | 50 | 1,2,24,25,26,49,73,97,121,169 | 9.75
24 150 A.C.>0.7 25 1 10.64
24 150 A.C.>0.8 50 1 10.06
24 150 A.C.>0.9 200 1 10.13
24 150 1ton 50 1t05 10.78
24 150 1ton 25 1to 15 10.94
24 150 1ton 50 1to 25 10.65
Table 4.39. MAPE values (976, LSTM)
25| 2% Qg T =) a S
24 150 Best 5 A.C. | 200 1,2,25,49,73 10.49
24 150 | Best7 A.C. | 50 1,2, 25,49,73,97,169 10.65
24 150 | Best10A.C. | 50 | 1,2,24,25,26,49,50,73,97,169 | 11.05
24 150 A.C.>0.7 50 1 10.39
24 150 A.C.>0.8 50 1 9.97
24 150 A.C.>0.9 25 1 9.75
24 150 1ton 200 1t05 11.47
24 150 1ton 100 1to 15 11.3
24 150 1ton 25 11025 11.38
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Table 4.40. MAPE values (1076, LSTM)

T EEE § s
25| 35| 8§ |£3 8 =
24 150 | Best5A.C. | 200 1,2,25,49,73 10.96
24 150 | Best7 A.C. | 50 1,2,24,25,49,73,97 10.93
24 150 | Best10A.C. | 50 | 1,2,24,25,26,48,49,50,73,97 | 11.18
24 150 A.C.>0.7 25 1 10.16
24 150 A.C.>0.8 25 1 9.92
24 150 A.C.>0.9 25 1 10.5
24 150 1ton 50 1t05 10.43
24 150 1ton 25 1t015 11.6
24 150 1ton 25 11025 12.65
Table 4.41. MAPE values (1176, LSTM)
85 35 |1 § s
25| 25| 8§ |£3 8 =
24 150 | Best5A.C. | 25 1,2,25,49,73 11.61
24 150 | Best7 A.C. | 100 1,2,25,49,73,97 11.13
24 150 | Best 10 A.C. | 25 | 1,2,24,25,26,48,49,50,73,97 | 10.6
24 150 A.C.>0.7 25 1 10.84
24 150 A.C.>0.8 25 1 9.72
24 150 A.C.>0.9 25 1 10.34
24 150 1ton 50 1t05 10.67
24 150 1ton 50 1t0 15 10.76
24 150 1ton 25 11025 12.05

45



4. RESULTS AND DISCUSSIONS Abdulhalim YANAR

Table 4.42. MAPE values (1276, LSTM)

13 3 (/)]

0G| ©9 > c S o o w

22 | o o 9 >

EC|EQ 32 |BE 5 S

28|29 95 |I£° Q =
24 150 | Best5A.C. | 50 1,2,24,25,49 10.13
24 150 | Best7A.C. | 25 1,2,3,24,25,26,49 12.99
24 150 | Best 10 A.C. | 200 | 1,2,3,4,24,25,26,49,50,73 | 11.09
24 150 A.C.>0.7 200 1 9.02
24 150 A.C.>0.8 200 1 10.29
24 150 A.C.>0.9 25 1 11.35
24 150 1ton 25 1to5 11.51
24 150 1ton 50 1to 15 11.01
24 150 1ton 50 1to 25 10.52

Table 4.43. MAPE values (1376, LSTM)

B S [7)]

£§¢188 55 |8 2 W
E L": Ew ) g S E % <<
25|25 f¢6 |I° a =
24 150 | Best5A.C. | 100 1,2,24,25,49 10.71
24 150 | Best7 A.C. | 50 1,2,3,24,25,26,49 9.3

24 | 150 | Best 10 A.C. | 25 | 1,2,3,4,24,25,26,49,50,73 | 17.71

24 | 150 | A.C.>0.7 50 1 10.24
24 | 150 | A.C.>0.8 | 100 1 8.88
24 | 150 | A.C.>0.9 50 1 8.71

24 | 150 1ton 50 1t05 9.68
24 150 1ton 200 1to 15 11.34
24 1150 1ton 25 11025 14.14
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Table 4.44. MAPE values (1476, LSTM)

= = (2]
35|33 4§ |3 g >
24 150 | Best5A.C. | 50 1,2,24,25,49 10.42
24 150 | Best7A.C. | 50 1,2,3,24,25,26,49 9.52
24 150 | Best 10 A.C. | 100 | 1,2,3,4,24,25,26,49,50,73 | 10.51
24 150 A.C.>0.7 50 1,2,25 9.22
24 150 A.C.>0.8 100 1 8.66
24 150 A.C.>0.9 100 1 8.06
24 | 150 1ton 50 1t05 9.44
24 | 150 1ton 50 1to 15 9.3
24 150 1ton 50 1to 25 11.24
Table 4.45. MAPE values (476, CNN)
§ g § 2 § é ;,% E
24 150 Best 5 A.C. 1,2,25,49,73 4.88
24 150 Best 7 A.C. 1,2,25,49,73,97,169 5.91
24 150 Best 10 A.C. | 1,2,24,25,26,49,73,97,121,169 | 7.77
24 150 A.C.>0.7 1 5.34
24 150 A.C.>0.8 1 9.69
24 150 A.C.>0.9 1 4.12
24 150 1ton 1t05 5.95
24 150 1ton 1to 15 5.03
24 150 1ton 1t025 6.45
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Table 4.46. MAPE values (576, CNN)

= A= (2]
35|23 5§ 8 :
24 100 | Best5A.C. 1,2,25,49,73 6.64
24 100 | Best7 A.C. 1,2,25,49,73,97,169 3.8
24 100 | Best 10 A.C. | 1,2,25,49,73,97,121,145,169 | 4.52
24 100 A.C.>0.7 1 7.8
24 100 A.C.>0.8 1 5.73
24 100 A.C.>0.9 1 3.76
24 100 1ton 1t05 5.2
24 100 1ton 1to 15 7.87
24 100 1ton 11025 4.86
Table 4.47. MAPE values (676, CNN)
s8] 3t 2 g
EL | Ew = = <
2% 25| 9§ a =
24 100 | Best5A.C. 1,2,25,49,73 8.68
24 100 Best 7 A.C. 1,2,25,49,73,97,169 6.48
24 100 | Best 10 A.C. | 1,2,24,25,26,49,73,97,169,217 | 4.08
24 100 A.C.>0.7 1 4.79
24 100 A.C.>0.8 1 5.42
24 100 A.C.>0.9 1 4.89
24 100 1ton 1t05 4.9
24 100 1ton 1to 15 5.28
24 100 1ton 1t0 25 5.69
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Table 4.48. MAPE values (776, CNN)

T 3 (/)]

86188 35 > &
EL | Ew k] < <

25|25 °§& o =
24 | 100 | Best5A.C. 1,2,25,49,73 6.28
24 | 100 | Best7 A.C. 1,2,24,25,49,73,97 7.05
24 | 100 | Best 10 A.C. | 1,2,24,25,26,49,72,73,97,169 | 7.8
24 | 100 | A.C.>0.7 1 5.59
24 | 100 | A.C.>0.8 1 5.98
24 | 100 | A.C.>0.9 1 5.63
24 | 100 1ton 1t05 6.38
24 | 100 1ton 1t0 15 5.53
24 | 100 1ton 1t025 5.98

Table 4.49. MAPE values (876, CNN)

S| 89 > € 4 w

o< | 29 & o -y Q
EL | Ew 0 = < g

v |35 485 : s
24 | 100 | Best5A.C. 1,2,25,49,73 5.96
24 | 100 | Best7 A.C. 1,2,25,49,73,97,169 9.32
24 | 100 | Best 10 A.C. | 1,2,24,25,26,49,73,97,121,169 | 9.44
24 | 100 | A.C.>0.7 1 9.15
24 | 100 | A.C.>0.8 1 6.64
24 | 100 | A.C.>0.9 1 5.57
24 | 100 1ton 1t05 5.35
24 | 100 1ton 1t0 15 6.16
24 | 100 1ton 1t025 6.25
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Table 4.50. MAPE values (976, CNN)

35335 46§ 8 =
24 | 100 | Best5A.C. 1,2,25,49,73 5.46
24 | 100 | Best7 A.C. 1,2,25,49,73,97,169 5.67
24 | 100 | Best 10 A.C. | 1,2,24,25,26,49,50,73,97,169 | 6.82
24 | 100 A.C.>0.7 1 5.26
24 1100 A.C.>0.8 1 419
24 | 100 A.C.>0.9 1 5.68
24 1100 1ton 1t05 5.94
24 1100 1ton 1to 15 7.23
24 100 1ton 1to 25 6.37
Table 4.51. MAPE values (1076, CNN)
;| 30 > & (4 w
EC [ Ed 5 g S
35|23 9§ g s
24 100 | Best5 A.C. 1,2,25,49,73 5.7
24 100 | Best7 A.C. 1,2,24,25,49,73,97 6.23
24 100 | Best 10 A.C. | 1,2,24,25,26,48,49,50,73,97 | 8.48
24 100 A.C.>0.7 1 5.72
24 100 A.C.>0.8 1 4.51
24 100 A.C.>0.9 1 4.85
24 100 1ton 1105 5.04
24 1100 1ton 11015 6.13
24 | 100 1ton 11025 5.09
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Table 4.52. MAPE values (1176, CNN)

8589 38 2 g
EWL | EwW ° = ] g
25|25 93 = =
24 100 | Best5A.C. 1,2,25,49,73 6.04
24 100 | Best7 A.C. 1,2,24,25,49,73,97 4.6
24 100 | Best 10 A.C. | 1,2,24,25,26,48,49,50,73,97 | 6.5
24 100 A.C.>0.7 1 4.5
24 100 A.C.>0.8 1 4.44
24 100 A.C.>0.9 1 717
24 100 1ton 1105 5.06
24 100 1ton 1to 15 6.38
24 100 1ton 1to 25 4.61
Table 4.53. MAPE values (1276, CNN)
S g g ® W
e EG S8 g S
3535 0§ 8 =
24 | 100 | Best5A.C. 1,2,24,25,49 6.59
24 | 100 | Best7 A.C. 1,2,3,24,25,26,49 4.27
24 | 100 | Best 10 A.C. | 1,2,3,4,24,25,26,49,50,73 | 5.01
24 | 100 A.C.>0.7 1 4.35
24 | 100 A.C.>0.8 1 4.63
24 | 100 A.C.>0.9 1 4.81
24 (100 1ton 1105 5.54
24 (100 1ton 1to 15 4.73
24 | 100 1ton 11025 6.39
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Table 4.54.

Table 4.55.

MAPE values (1376, CNN)

2589 3zt 2 A
EL EwW = T <
2325 838 8 =
24 | 100 | Best5A.C. 1,2,24,25,49 6.52
24 | 100 | Best7 A.C. 1,2,3,24,25,26,49 5.27
24 | 100 | Best 10 A.C. | 1,2,3,4,24,25,26,49,50,73 | 5.06
24 | 100 | A.C.>0.7 1,2,25 9.1
24 | 100 | A.C.>0.38 1 6.2
24 1100 | A.C.>0.9 1 4.89
24 | 100 1ton 1to5 4.04
24 | 100 1ton 11015 4.99
24 | 100 1ton 11025 6.08
MAPE values (1476, CNN)

o [3) 3 o > & 4 w
e EG S8 g S
2325 838 8 =
24 | 100 | Best5A.C. 1,2,24,25,49 5.01
24 | 100 | Best7 A.C. 1,2,3,24,25,26,49 6.82
24 | 100 | Best 10 A.C. | 1,2,3,4,24,25,26,49,50,73 | 6.2
24 | 100 | A.C.>0.7 1,2,25 7.31
24 | 100 | A.C.>0.38 1 4.02
24 | 100 | A.C.>09 1 4.34
24 | 100 1ton 1t05 4.71
24 | 100 1ton 11015 4.91
24 | 100 1ton 11025 5.77
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Table 4.56. MAPE values (476, RNN)

25 |3 o8& |2 & =
24 1 Best5A.C. | 10 1,2,25,49,73 12.14
24 1 Best7AC. | 5 1,2,25,49,73,97,169 10.18
24 1 | Best10A.C. | 9 | 1,2,24,25,26,49,73,97,121,169 | 10.73
24 1 A.C.>0.7 8 1 18.02
24 1 A.C.>0.8 9 1 14.41
24 1 A.C.>0.9 4 1 20.08
24 1 1ton 2 1t05 15
24 1 1ton 8 1to 15 14.16
24 1 1ton 10 1to 25 10.88
Table 4.57. MAPE values (576, RNN)
25| 3| o8& |8 & =
24 1 Best5 AC. | 9 1,2,25,49,73 9.81
24 1 Best7A.C. | 7 1,2,25,49,73,97,169 16.43
24 1 | Best10A.C. | 8 | 1,2,25,49,73,97,121,145,169,193 | 14.38
24 1 A.C.>0.7 9 1 19.46
24 1 A.C.>0.8 6 1 12.34
24 1 A.C.>0.9 6 1 17.97
24 1 1ton 9 1t05 13.02
24 1 1ton 6 1to 15 14.63
24 1 1ton 24 11025 13
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Table 4.58. MAPE values (676, RNN)

P 7)) (2]
8¢/ 8| 35 |8 £ &
£ q"': > ° = 5 < <
é o | a o é’ [a] =
24 1 Best5A.C. | 9 1,2,25,49,73 15.49
24 1 Best7A.C. | 9 1,2,25,49,73,97,169 10.75
24 1 | Best10A.C. | 4 | 1,2,24,25,26,49,73,97,169,217 | 14.58
24 1 A.C.>0.7 7 1 8.7
24 1 A.C.>0.8 24 1 17.38
24 1 A.C.>0.9 10 1 30.6
24 1 1ton 7 1t05 17.38
24 1 1ton 8 1to 15 22.79
24 1 1ton 10 1to25 21.37
Table 4.59. MAPE values (776, RNN)
= 7]
8618 35 ) 8
£ “"': > °© -g_ ] <
é’ o | s o [a] =
24 1 Best5A.C. | 9 1,2,25,49,73 17.82
24 1 Best7A.C. | 7 1,2,24,25,49,73,97 26.67
24 1 | Best10A.C. | 5 | 1,2,24,25,26,49,72,73,97,169 | 14.29
24 1 A.C.>0.7 5 1 14.55
24 1 A.C.>0.8 10 1 26.52
24 1 A.C.>0.9 7 1 18.06
24 1 1ton 6 1to5 20.85
24 1 1ton 3 1t0 15 18.04
24 1 1ton 7 1to 25 20.93
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Table 4.60. MAPE values (876, RNN)

3% |8 og |2 a S
24 1 Best5AC. | 9 1,2,25,49,73 25.94
24 1 Best7AC. | 8 1,2,25,49,73,97,169 18.93
24 1 | Best10A.C. | 7 | 1,2,24,25,26,49,73,97,121,169 | 19.28
24 1 A.C.>0.7 7 1 21.18
24 1 A.C.>0.8 6 1 16.53
24 1 A.C.>0.9 10 1 28.16
24 1 1ton 10 1t05 23.03
24 1 1ton 2 1to 15 21.01
24 1 1ton 4 1to 25 17.39

Table 4.61. MAPE values (976, RNN)

25 |3| 8§ |2 3 S
24 1 Best5 A.C. | 10 1,2,25,49,73 12.27
24 1 Best7A.C. | 10 1,2,25,49,73,97,169 20.28
24 1 | Best10A.C. | 7 | 1,2,24,25,26,49,50,73,97,169 | 14.65
24 1 A.C.>0.7 6 1 16.92
24 1 A.C.>0.8 9 1 19.76
24 1 A.C.>0.9 8 1 33.63
24 1 1ton 7 1t05 27.41
24 1 1ton 5 1to 15 18.54
24 1 1ton 3 1to 25 18.58
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Table 4.62. MAPE values (1076, RNN)

o

§ 3 Q& 2 Q S
24 1 Best 5 A.C. 6 1,2,25,49,73 25.45
24 1 Best 7 A.C. 8 1,2,24,25,49,73,97 19.99
24 1 | Best10A.C. | 7 |1,2,24,25,26,48,49,50,73,97 | 19.47
24 1 A.C.>0.7 5 1 21.18
24 1 A.C.>0.8 6 1 18.96
24 1 A.C.>0.9 10 1 20.34
24 1 1ton 6 1t05 20.84
24 1 1ton 2 1t0 15 20.06
24 1 1ton 2 11025 20.35

Table 4.63. MAPE values (1176, RNN)

3]

§ 3 o & 2 Q S
24 1 Best 5 A.C. 9 1,2,25,49,73 21.73
24 1 Best 7 A.C. 1,2,24,25,49,73,97 22.96
24 1 | Best10 A.C. 1,2,24,25,26,48,49,50,73,97 | 19.10
24 1 A.C.>0.7 10 1 23.39
24 1 A.C.>0.8 6 1 23.38
24 1 A.C.>0.9 8 1 23.29
24 1 1ton 3 1t05 22.35
24 1 1ton 6 1t0 15 25.02
24 1 1ton 9 1to 25 21.89
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Table 4.64. MAPE values (1276, RNN)

f- (7)) (/2]

8|8 35 |8 £ &
£ _.'-': = °© = 5 o <

é o - a (o) é’ (=] =
24 1 Best5A.C. | 6 1,2,24,25,49 27.33
24 1 Best7 A.C. | 10 1,2,3,24,25,26,49 30.7
24 1 | Best10A.C. | 6 | 1,2,3,4,24,25,26,49,50,73 | 24.33
24 1 A.C.>0.7 9 1 26.02
24 1 A.C.>0.8 4 1 30.16
24 1 A.C.>0.9 7 1 28.6
24 1 1ton 9 1to5 35.66
24 1 1ton 9 1to 15 33.06
24 1 1ton 7 1to 25 30.01

Table 4.65. MAPE values (1376, RNN)

je 7)) [/2)

8¢|8| 35 |8 £ &
£ "": = © 3 5 o <
é’ o -l a le) é’ [a) =
24 1 Best5A.C. | 4 1,2,24,25,49 29.44
24 1 Best7A.C. | 3 1,2,3,24,25,26,49 28.02
24 1 | Best10A.C. | 2 | 1,2,3,4,24,25,26,49,50,73 | 25.24
24 1 A.C.>0.7 5 1,2,25 29.7
24 1 A.C.>0.8 10 1 28.49
24 1 A.C.>0.9 5 1 28.09
24 1 1ton 8 1t05 28.2
24 1 1ton 7 1to 15 27.94
24 1 1ton 7 11025 30
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Table 4.66. MAPE values (1476, RNN)

f- (7)) (/2]

8|8 35 |8 £ &
EL | & 82 |5 5 <

é o - a le) é’ a =
24 1 Best5A.C. | 10 1,2,24,25,49 324
24 1 Best7A.C. | 4 1,2,3,24,25,26,49 32.73

24 1 | Best10A.C. | 7 | 1,2,3,4,24,25,26,49,50,73 | 29.35

24 1 A.C.>0.7 9 1,2,25 34.84
24 1 A.C.>0.8 7 1 29.13
24 1 A.C.>09 |10 1 27.39
24 1 1ton 7 1105 29.82
24 1 1ton 9 1t0 15 29.68
24 1 1ton 9 11025 32.83
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Figure 4.5. MAPEs in average for feedback delay options with MLP and other
prediction models
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Figure 4.6. The comparison of the number of hidden layers for MLP-based
prediction models
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Figure 4.7.

MAPESs in average for feedback delay options with one layer prediction
models
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Figure 4.8.

MAPE: s in average for feedback delay options with two layers prediction
models
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Figure 4.9. MAPE:s in average for feedback delay options with three layers prediction

models
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Figure 4.10. MAPEs in average for feedback delay options with layers prediction
models
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Figure 4.11. MAPEs in average for MLP-based models with feedback delay options
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Figure 4.12. MAPE: s in average for LSTM-based models with feedback delay options
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Figure 4.13. MAPEs in average for CNN-based models with feedback delay options
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Figure 4.14. MAPEs in average for RNN-based models with feedback delay options
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Figure 4.15. Average MAPE’s of the prediction models with feedback delay options

4.1. General Discussion of the Results

The results obtained in this study show that CNN and LSTM based
prediction models perform better than MLP and RNN based prediction models
compared to general average mape values. CNN, LSTM, MLP and RNN are the
overall ranking of the highest accuracy obtained in forecasting models developed

using time delays for forecasting performances based on MAPEs. In more details:

* In this study, 24 estimations are applied in all forecasting models in
order to generate hourly market clearing price 1 day forecasts. The
results obtained in this thesis are based on the data sets of the market
clearing price values from 500 to 1500. The results, parameters and
values obtained from the machine and deep learning methods used in
this study are presented in tables and graphs. In this respect, a total of
66 tables and 11 graphs were created. Time delays and autocorrelation
optimizations are crucial for the neural networks used in machine and

deep learning methods in order to obtain the best performance and
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produce the most accurate estimation of the estimation models based on
the obtained MAPE values.

*  Inthis study, some optimizations are used to determine feedback delays
in forecasting models. The autocorrelation value is greater than 0.7, 0.8
and 0.9, the highest 5, 7 and 10 autocorrelation values and the
autocorrelation values range from 1 to 5, 15 and 25 respectively.
According to the results, it was not observed that changing the feedback
delays used in the prediction models significantly decreased or
increased the MAPE values.

*  The average MAPE obtained from CNN-based forecasting models has
a lower average MAPE value than other applied machine learning and
deep learning methods when evaluated based on the average MAPE
results obtained from market clearing price estimates. The ranking of
the applied machine learning and deep learning methods in terms of
performance considering the average lowest MAPEs can be evaluated
as CNN, LSTM, MLP and RNN for market clearing price estimation.
The values obtained from the market clearing price estimates based on
the average MAPEs based on their performances are 5.82 for CNN,
10.54 for LSTM, 17.25 for MLP and 21.77 for RNN, respectively.

. In MLP prediction models, the networks formed include one, two or
three hidden layers. According to the obtained average MAPE values,
it is 17.31 for one hidden layer, 17.21 for two hidden layers and 17.22
for three hidden layers. According to these results, it is seen that the
estimates obtained with two hidden layers on average are more
accurate. However, when evaluated together with other hidden layers,
it is seen that there is no significant difference in forecast performance.
In MLP estimation models, the lowest MAPE values obtained for one,

two and three hidden layers are 7.21, 7.14 and 7.22, respectively. The
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number of neurons used in these prediction models is 9 for a hidden
layer, 7 and 8 with two hidden layers, and 9,7 and 7 with three hidden
layers, respectively. In addition, the most efficient optimal neuron
numbers vary according to the performance of the hidden layers in the
prediction models made with MLP.

*  When optimizing the time delays used in the MLP, the average MAPE
values for 1 hidden layer range between 16.77 and 18.39, and these
values are observed when the autocorrelation values are from 1 to 15
and the autocorrelation values are from 1 to 25. Average MAPE values
for the 2 hidden layers ranged between 16.18 and 18.49, and these
values were obtained when the autocorrelation values were from 1 to 5
and the autocorrelation threshold is greater than 0.7. Average MAPE
values for the 3 hidden layers ranged from 14.66 to 18.78, and these
values were obtained when the the autocorrelation threshold was greater
than 0.8 and the autocorrelation values were from 1 to 15. According to
the average MAPE values for the 1,2 and 3 hidden layers, the best mean
MAPE value is 15.56 and the worst mean MAPE value is 18.78.
According to these results, it is seen that autocorrelation values and
related delay values are very important factors in producing the best
performance models with the highest performance.

. The average MAPE values obtained while optimizing the time delays
used in the applied MLP, LSTM, CNN and RNN machine and deep
learning methods ranged between 15.97 and 18.31. These two values
were obtained when the autocorrelation threshold was greater than 0.8
and the autocorrelation values were from 1 to 25. The mean MAPE
values obtained for LSTM ranged between 9.49 and 11.72, and these
two values were obtained when the autocorrelation threshold was

greater than 0.8 and the autocorrelation values were from 1 to 25. The
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mean MAPE values obtained for CNN ranged between 5.06 and 6.51,
and these two values were obtained when the autocorrelation threshold
was greater than 0.9 and the top 10 autocorrelation values were used.
The mean MAPE values obtained for RNN ranged between 18.67 and
25.11, and these two values occurred when the top 10 autocorrelation
values were used and the autocorrelation threshold was greater than 0.9.
Based on these results, the lowest mean MAPE value obtained from
prediction models was 5.06 and obtained from CNN method, and the
highest mean MAPE value was 25.11 and obtained from the RNN
method. When these results are taken into consideration, the highest
performance according to the average MAPE values are CNN, LSTM,
MLP and RNN respectively. According to these results, it is vitally
important which machine and deep learning method will be used to
make the most accurate prediction and develop the most accurate
prediction models.

* In this thesis, the results were obtained by increasing the market
clearing price data set from the last 500 to 1500 by 100 and learning for
them. The lowest MAPE values obtained from each of the applied
machine and deep learning methods were 5.06 with CNN, 7.14 with
MLP, 8.05 with LSTM, and 8.7 with RNN, respectively. The learning
amounts used from this lowest MAPE values dataset are the last 500 of
the dataset for MLP, the last 500 of dataset for LSTM, the last 700 of
dataset for RNN, and the last 1200 of dataset for CNN. When the
amount of learning applied from the dataset used is evaluated, it is seen
that it is less in MLP and LSTM and it is more in CNN. In order to
obtain more accurate and acceptable estimates based on these results, it

has been proved that the amount of learning in the dataset can be
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obtained with the lowest MAPE values at different values in the

methods.
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S. CONCLUSION

Today, it is very popular to use machine and deep learning methods in
predicting the future. In this thesis, the market clearing price of electricity is
estimated by using machine learning and deep learning methods. The machine
learning and deep learning methods used are MLP, LSTM, CNN and RNN. The
performance of the machine learning and deep learning methods used was compared
and evaluated by calculating the mean absolute error values. In this thesis, the
estimated market clearing price data sets for the period 01.01.2016 - 01.01.2018 were
provided from the website (https://sparlik.epias.com.tr). By using market clearing
price datas, 24 estimations have been made and estimation models have been
produced based on time delays and autocorrelation values. In the generated
estimation models, learning has been made by increasing the parts of the dataset from
the last 500 to 1500 by 100. The prediction models developed contain parameters
appropriate to the machine and deep learning method whichever machine and deep
learning method was used. Different error rates were obtained by using time delay
and autocorrelation values. 66 tables and 594 different models were produced from
prediction models. When the average MAPE values obtained are evaluated, it is
observed that the amount of teaching used from the highest performances dataset is
different. Therefore, the amount of learning to be used in the dataset has been proved
to be a very important parameter in order to obtain more stable and lower error rates
than the prediction models. According to the results obtained from the models, it has
been proved that the LSTM, MLP, CNN and RNN machine and deep learning
methods can be used in an acceptable degree of accuracy of the electricity market

clearing price.

69



5. CONCLUSION Abdulhalim YANAR

70



REFERENCES

Abedinia, O.,& Amjady, N. (2015). Day-ahead price forecasting of electricity
markets by a new hybrid forecast method. Modeling and Simulation in
Electrical and Electronics Engineering, 1(1), 1-7.

Borovykh, A., Bohte, S., & Oosterlee, C. W. (2017). Conditional time series
forecasting with convolutional neural networks. arXiv  preprint
arXiv:1703.04691.

Botalb, A., Moinuddin, M., Al-Saggaf, U. M., & Ali, S. S. (2018, August).
Contrasting Convolutional Neural Network (CNN) with Multi-Layer
Perceptron (MLP) for Big Data Analysis. In 2018 International Conference
on Intelligent and Advanced System (ICIAS) (pp. 1-5). IEEE.

Chinnathambi, R. A.,& Ranganathan, P. (2016, December). Investigation of
forecasting methods for the hourly spot price of the day-ahead electric power
markets. In 2016 IEEE International Conference on Big Data (Big
Data) (pp. 3079-3086). IEEE.

Chinnathambi, R. A., Mukherjee, A., Campion, M., Salehfar, H., Hansen, T. M., Lin,
J., & Ranganathan, P. (2018). A Multi-Stage Price Forecasting Model for
Day-Ahead Electricity Markets. Energies, 1(1), 1-21.

Foruzan, E., Scott, S. D., & Lin, J. (2015, October). A comparative study of different
machine learning methods for electricity prices forecasting of an electricity
market. In 2015 North American Power Symposium (NAPS) (pp. 1-6). IEEE.

Giles, C. L., Lawrence, S., & Tsoi, A. C. (2001). Noisy time series prediction using
recurrent neural networks and grammatical inference. Machine
learning, 44(1-2), 161-183.

Guo, J. J.,& Luh, P. B. (2003). Selecting input factors for clusters of Gaussian radial
basis function networks to improve market clearing price prediction. [EEE

Transactions on Power Systems, 18(2), 665-672.

71



Hochreiter, S.,& Schmidhuber, J. (1997). Long short-term memory. Neural
computation, 9(8), 1735-1780.

Kumar, N. (2016, April). Market clearing price prediction using ANN in indian
electricity markets. In 2016 International Conference on Energy Efficient
Technologies for Sustainability (ICEETS) (pp. 454-458). IEEE.

Kuo, P. H.,& Huang, C. J. (2018). An electricity price forecasting model by hybrid
structured deep neural networks. Sustainability, 10(4), 1280.

Kuo, P. H.,& Huang, C. J. (2018). An electricity price forecasting model by hybrid
structured deep neural networks. Sustainability, 10(4), 1280.

Ni, E.,& Luh, P. B. (2001, January). Forecasting power market clearing price and its
discrete PDF using a Bayesian-based classification method. In 200! IEEE
Power Engineering Society Winter Meeting. Conference Proceedings (Cat.
No. 01CH37194)(Vol. 3, pp. 1518-1523). IEEE.

Saini, D., Saxena, A., & Bansal, R. C. (2016, December). Electricity price
forecasting by linear regression and SVM. In 2016 International Conference
on Recent Advances and Innovations in Engineering (ICRAIE) (pp. 1-7).
IEEE.

Yu, X, Li, Y., Yang, Q., Li, G., Cao, R., Cheng, C., & Chen, F. (2018, May). Day-
Ahead Electricity Market Clearing Price Forecasting: A Case in Yunnan.
In World Environmental and Water Resources Congress 2018: Watershed
Management, Irrigation and Drainage, and Water Resources Planning and
Management (pp. 141-151). Reston, VA: American Society of Civil
Engineers.

Zhao, Z., Chen, W., Wu, X., Chen, P. C., & Liu, J. (2017). LSTM network: a deep
learning approach for short-term traffic forecast. IET Intelligent Transport

Systems, 11(2), 68-75.

72



Zhao, Z., Chen, W., Wu, X., Chen, P. C., & Liu, J. (2017). LSTM network: a deep
learning approach for short-term traffic forecast. IET Intelligent Transport
Systems, 11(2), 68-75.

Benzer, R., & Benzer, S. (2015). Application of artificial neural network into the

freshwater fish caught in Turkey. International Journal of Fisheries and
Aquatic Studies, 2(5), 341-346.

73






CURRICULUM

Abdulhalim YANAR was born in Hatay-Turkey in 1994. After completing
elementary and high school at Sivas, he graduated from Computer Engineering
Department of Ankara University in 2017. He started the MSc program at the
Department of Computer Engineering, Cukurova University, Adana, in 2017 under

the supervision of Prof. Dr. M.Fatih Akay, and graduated in 2020.

75



