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FOREWORD

In this thesis, a novel deep learning method for short-term load forecasting for a real-
world case has been considered. First of all, some state-of-the-art deep learning
methods and some machine learning methods for short-term electricty load forecasting
with our data are investigated. According to the results, the-state-of-the-art methods
outperformed conventional machine learning methods used in the thesis, hence the
significance of using contemporary deep learning methods instead of using
conventional machine learning methods in short-term load forecasting. Then, some
variants of the used deep learning methods along with newly proposed deep learning
method are deployed for the same problem. A demand side electricty load data
collected between 2015 and 2017 years are used as the real-world case problem. We
hope that this thesis will contribute to short-term load forecasting literature as well as
deep learning literature. This study emphasizes using intelligent methods in
forecasting area in so called big data regime, and provides insights about proposing
novel deep learning methods for short-term load forecasting tasks into researchers.

I would like to give special thank to Scientific and Technological Research Council of
Turkey (TUBITAK) which supported me financially during my Ph.D. under grant
number 2228-B Doctorate Scholarship Programme for Master Students 2014/2.

February 2022 Ibrahim YAZICI
(M.Sc.Industrial Engineer)
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SHORT TERM ELECTRICITY LOAD FORECASTING WITH DEEP
LEARNING

SUMMARY

With the introduction of industrial revolutions, humanity has benefited from new
technologies. In the third revolution, rise of electronics, telecommunications and
computer systems occupied a large space. In the meantime, several learning algorithm
developments began in computer science part in accordance with the rises in the third
revolution. These rises and developments enabled high-level automation in the
industries. In the years after the third industrial revolution, learning alogorithm
developments have gone underway by researchers. Perceptrons were extended to
neural networks by backpropagation introduction. As a universal function
approximator, neural networks proved their efficacy in pattern recognition, function
approximation, time series modelling, clustering tasks. However, depth of the
networks left as a problem due to computational burdensome, lack of big data
availability for training the networks, lack of enooguh powerful hardware. Support
Vector Machines were also introduced for the context of classification, and extented
to the context of regression later on. Several machine learning algorithms were
developed in this era. These developments belonged to mainly supervised or
unsupervised learning types since learning is the central theme in algorithm
development efforts. On the other hand, another type of learning, that is reinforcement
learning, was being deployed for sequential decision making problems by trial and
error manner which is neither a fully supervised learning type nor a fully unsupervised
learning type. In this type of learning, a decision making unit, especially called an
agent, tries to maximize the total cumulative reward with the aim of achieving a goal
in an uncertain environment by trial and error manner. Bellman operator, and Bellman
optimality operator tried to yield solution ways for the problems by utilizing Markov
Decision Processes in dynamic programming part. On the other hand, Q-learning,
SARSA, Monte Carlo methods tried to yield solution ways for the problems in
reinforcement learning part. In this type of the learning problems, very large state-
spaces hinder traditional reinforcement learning algorithms to solve these learning
problems. These developments and available solutions were the base for booming
artificial intelligence till the first and the major breakthrough in deep neural network
training came out. AlexNet introduced by a famous computer scientist Alex
Krizhevsky achieved the best performance ever in the ImageNet Large Scale Visual
Recognition Challenge. His work was based on training the network with many depth
since it is an integral part for achieveing high performance. Hence, he created a
network that incorporates convolutional layers and fully connected layers. The
breakthrough came up with the introducing utilization of Graphical Processing Unit
(GPU) in the training stage. The utilization of GPU in the training overcame the
problem of computational burdensome of deep neural networks, and made training of
them feasible. These deep networks enabled to solve the problems of traditional
reinforcement learning algorithms by deep reinforcement learning. After this depth
breakthrough, the depth of the networks was exploited by the researchers, thereby
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boosting the performance of the networks with a great extent when compared to their
counterpart machine learning algorithms. Since deep neural networks are data hunger
for the training, they have benefited from the big data surge in recent times as well.
Massively Parallel Processing (MPP), Graphical Processing Units utilizations for the
training of deep neural networks enhanced the spread of the deployment of deep neural
networks in diverse set of applications. Continuing algorithmic developments along
with the big data regime, new hardware solutions supercharged the spread of the deep
networks deployments. These developments in learning systems in turn contributed to
the last industrial revolution that is Industry 4.0. In this revolution, transition from
high-level automation extended to high-level cyber-physical systems in the industries
along with technological advents. Artificial Intelligence (Al) plays important roles in
this revolution, and its success is mainly based on deep neural networks in software
part. Deep learning , deep reinforcement learning have been deployed for diverse set
of application areas mainly including robotics, natural language processing, audio
processing, computer vision, finance, healthcare, object tracking and localization, self-
driving cars, however, its deployment areas are not limited to these mentioned ones.

In the big data regime and Industry 4.0, data becomes more valuable assets for the
businesses. Velocity, Variety, Veracity, Value, and Volume stand for 5Vs of big data.
Real-time data streaming, cloud systems, 10T, digitalization in business concepts
rapidly make a stimulus for big data surge. By the time of new technological
developments and algortihnmic developments, increase of these 5Vs has been
supercharged, creating business value from the big data has been in turn emerged as
an efficient management tool for businesses. As mentioned earlier, diverse set of
application areas are open for deployment of artificial intelligence techniques. In these
areas, deep neural networks and deep reinforcement learning have gained importance
to benefit from the data.

Energy sector is one of the beneficiary business sector that can create business value
from their data available. Smart Grids (SG), Distributed Generations (DG), Energy
5.0, 10T in energy entail more intelligent techniques in part of providers since
intelligent system utilization will make contributions to different levels of
organizations. These contributions incorporate operational, tactical and strategical
ones. Security of power supply systems, reduction in maintenance cost, efficacy of the
supply system operator scheduling, reduction in penalty costs created by
overestimation and/or underestimation of forecasting, market share growth, and
enhancement of competitiveness among shareholders are some of these called
contributions for businesses.

For the electricity provider firms, load forecasting task has a landmark importance
among their operations. Beside methods to be used in forecasting, forecasting horizon
is important in forecasting task since model settings are defined by regarding the
horizon and the methods to be used. Forecasting horizons for electricty load
forecasting are classified into four groups. These horizons are Very Short-Term Load
Forecasting (VSTLF), Short-Term Load Forecasting (STLF), Medium-Term Load
Forecasting (MTLF), and Long-Term Load Forecasting (LTLF). In this study, STLF
is considered for the real-world case application. STLF horizon spans of half-hour-
ahead up to several-day-ahaed timesteps. Energy market establishments have been
developed by introducing market regulations in Turkey since 2001. After many
regulations and transitions from state-run-market to a non-governmental regulated
market, Energy Markets Enterprise Corporation (EPIAS in Turkish)was established in
2015. In this market, the day-ahead-market, intraday market and balancing market
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mechanisms play important roles for the electricity system management in Turkey.
These mechanisms plays complementary roles for each other.

In this market, stakeholders aim to avoid extra costs arose in balancing market where
deficient and excessive amounts of electricity are compensated by purchase and sale
among stakeholders since the market imposes 3% penalty costs for these deficient and
excessive amounts. And this avoidance can be facilitated by efficient forecasting
performance. Hence, forecasting task arises as an important tool for decision makers
in forecasting. Before transtion to a regulated market by EPIAS, predctions are
performed mainly weekly or more than one-week-ahead. The error margins for the
predictions made were in turn very high and flexible. This flexibility provided the
electricty providers in the market to compromise their excessive and deficient amounts
easily when compared to the regilated market situations. Flexibility in the prediction
error margins enabled the providers to meet their requirements in the market in the ong
horizon with less price charge. In the regulated market, the day-ahead market and
intraday market mechanism have turned out to be the integral part of the market
mechanisms. Sustaining the competition in the market, growing the market share,
reducing the operational costs, and penalty costs created by overestimation and
underestimation of the load forecasting, tasks of one-hour-ahead forecasting and one-
day-ahead forecasting located at the heart of major concerns for the electricity provider
firms in the regulated market. The provider firms in turn focused on these tasks to
achieve the aforementioned goals, then create business value through performing these
tasks. Thus, this study focuses on the major concerns for the providers by deploying
deep learning algorithms for a real-world case.

In this study, electricty load data which consists of hourly load demands, for 3 years
collected between 2015 and 2017 years were utilized. The granularity of the time series
data obtained was composed of load values and temperature values as it is used for the
regular forecasting task by the provider firm. In the first stage of applications,
preliminary data examinations were performed which provides a guide for time series
problem handling for both applications of conventional machine learning, and deep
learning methods. These data examinations contained data normalization, dummy
variable inclusion, autocorrelation identification tasks for each method type. This stage
is followed by input set preparation for the methods deployed. We framed our dataset
into a supervised learning dataset by shifting values according to the results of
autocorrelation identification, that is time lag. Weekly time lag was found the best
choice, hence we used this time lag value in our framing. In addition, since neural
networks are at the heart of the applications in this study, we used data normalization
as zero-mean normalization to facilitate fast convergence and numerical stability for
the networks in training and testing. After preliminary data examinations, we
conducted comprehensive comparative analyses of the methods. In the first round of
the comparative analyses, two deep learning methods and some popular machine
learning methosds were compared whether deep learning methods overcome the
conventional methods in STLF task. The deep learning methods were in turn found
superior to the conventional methods used which the results were validated by
statistical significant test. In the second round of the comparative analyses, just deep
learning methods were compared. This round of the comparisons was the central theme
in this study since the aim was to propose a deep learning method for the real-world
case. For this reason, we proposed a new method based on one-dimensional
convolutional neural networks, and compared its performance with the other deep
learning methods by applying them to the real-world case. As per the results obtained
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from this round of comparisons, the proposed method proved its efficiency for both
one-hour-ahead, and one-day-ahead prediction tasks. This fact was also validated by
statistical significance test as well.

In brief of this study, there are some level of takeaways from the results of the study.
At the organizational level takeaways, intelligent techngiues use especially in energy
sector such as deep learning, deep reinforcement learning tools will make contributions
to organizations with different levels. Secondly, energy sector is one of the businesses
that enormous amount of data is hoarded even hourly. Hence, creating business value
by utilizing intelligent systems in their operations will enable short-term, mid-term,
and long-term achievements for them when considered big data regime, advents in
hardware and software solutions, and developments in artificial intelligence methods
especially in neural networks. At the most conceptual level, deep learning methods
provide high-performance forecasting engine for the providers for STLF as per the
results obtained. Deployment of these type of artificial intelligence method will make
them at the front line in the market. At the method-level takeaways, calendar effects
have landmark importance in time series modelling for STLF. Rare time issues, and
dual calendar effects are another landmark important issues in time series modelling
as well. Efficient feature extraction ability of Convolutional Neural Networks (CNN),
and auto-capturing long-term relations in long sequences make them a rival for Long-
Short Term Memory (LSTM) and Gated Recurrent Unit (GRU) in time series
modelling tasks besides the tasks of audio recognition, speech recognition, natural
language processing. In addition, the proposed method’s exogenous variable inclusion
for modelling the time series problems boosts the performance of the method since
different level of resolutions are captured by this setting. Hence, this setting can be
extended for later method developments of deep learning methods.
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DERIN OGRENME iLE KISA DONEMLI ELEKTRIiK YUK TALEP
TAHMINI

OZET

Endiistriyel devrimlerin ortaya ¢ikmasiyla birlikte, insanlik gelistirilen yeni
teknolojilerden fayda saglamaktadir. Uciincii endiistri devriminde, elektronik,
telekomiinikasyon ve bilgisayar sistemlerindeki artis ¢ok biiyiik bir yere sahiptir. Ayni
zamanda, bilgisayar bilimleri alaninda gesitli 6grenme algoritmalarinin gelistirilmesi
yine {iciincii endiistri devrimindeki ortaya ¢ikan ilerlemelere paralel olarak baslayip
devam etmistir. Bu ilerlemeler endiistrilerde yiiksek diizeyli otomasyon sistemine
gecisi  saglamistir. Ugiincii endiistri  devrimi sonrasi algoritma diizeyindeki
ilerlemelerde, yapay sinir aglarinin temelini olusturan perseptron algoritmasi geri
yayilimli egitim algoritmasi sayseinde gelistirilerek ayni katmanda ¢ok perseptronlu
yapay sinir aglarina donustiirilmiistiir. Yapay sinir aglart genel bir fonksiyon
yakinsamasi alogritmasi olarak Oriintli tanima, fonksiyon uydurma ve yakinsama,
zaman serisi modelleme ve kiimeleme analizleri alanlarinda etkinligini kanitlamistir.
Ancak derin yapay sinir aglarmin egitimi i¢in gerekli biiylik veri, hesaplama giicliigi,
hesaplamalar ve egitim i¢in gerekli giiclii donanim eksikligi yapay sinir aglarindaki
derinlik meselesini problem olarak birakmistir. Destek vektor makineleri de ayrica
siniflandirma amacli Onerilen algoritmalardan olup, daha sonra regresyon amacli
versiyonu da literatiire kazandirilmistir. Sayilan iki 6nemli algoritma disinda cesitli
makine 0grenmesi algoritmalar1 yine bu donemde gelistirilmistir. Bu gelistirmelerin
cogu algoritma gelistirmedeki ana amag 6grenme oldugu i¢in gozetimli ve gozetimsiz
O0grenme alanlarina aittir. Bunun yaninda ii¢iincii bir 6grenme tipi olan sirali verilerin
oldugu durumlarda karar verme yontemi olan pekistirmeli 6grenme tipi de, ne tam
olarak gozetimli ne de tam olarak gdzetimsiz 6grenme sinifina diisen, deneme yanilma
metodolojisine dayal1 olarak kullanilan bir yapay zeka metodlart sinifidir. Pekistirmeli
o0grenme metodolojisinde, ajan ismi verilen bir karar verme tinitesi, deneme yanilma
yoluyla etkilesimde bulundugu belirsiz ¢evrenin dinamiklerine gore toplam kiimiilatif
0diil degerini maksimize etmeyi amaglamaktadir. Bellman operatérii ve Bellman
optimallik operatorii dinamik programlama perspektifinden Markov Karar Siireclerini
kullanarak pekistirmeli 6grenme problemleri i¢in ¢dziim yollar tiretmeye ¢alismistir.
Bunlarin yaninda, Q-6grenmesi, SARSA, Monte Carlo metodlar1 pekistirmeli
o0grenme perspektifinden pekistirmeli 6grenme problemleri i¢in ¢6ziim yollari
tiretmeye calismistir. Pekistirmeli 6grenme tipinde biiyiik uzay-durum kiimeleri klasik
pekistirmeli 6grenme algoritmalarinin bu problem tiplerinin ¢dziimiinde etkinligini
kisitlamaktadir. Anlatilan gelismeler ve mevcut ¢oziimler yapay zekanin ilk ve en
biiyiik atilimindan dnceki en dnemli etkenlerdi. Unlii bir bilgisayar bilimcisi olan Alex
Krizhevsky tarafindan 6nerilen AlexNet modeli 2012 yilinda ImageNet Biiyiik Olgekli
Gorsel Tanimlama Yarigmasi’nda tiim zamanlarin en iyl performansini
gerceklestirmistir. Calismasinin temeli, yapay sinir aglarinin yiiksek performansini
saglayan en Onemli etken olan yapay sinir aglarindaki derinligin artirilmasina
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dayanmaktadir. Bundan dolay1 Alex Krizhevsky evrigimli katmanlar ve full bagiml
katmanlar1 igeren bir model olan AlexNet’i dnermislerdir. AlexNet’in biiyiik basarisi
Onerilen yapay sinir ag1 modelinin grafik islemcileri {izerinde -egitilmesiyle
saglanmistir. Grafik islemcilerinin kullanilmas1 derin yapay sinir aglarinin
egitilmesindeki hesaplama giicii zorlugunu kolaylsatirmis ve onlarin bu sekilde
egitimini miimkiin hale getirmistir. Uretilen bu derin yapay sinir aglar1 klasik
pekistirmeli 6grenme algoritmalariyla ¢oziilemeyen problemler i¢in de ¢dziim olarak
ortaya ¢ikmistir. Bu derinlik devriminden sonra arastirmacilar yapay sinir aglarinin
derinligi konusunda arsatirmalari artirarak, bu sekilde yapay sinir aglarinin
performansini diger klasik makine Ogrenmesi algoritmalarina oranla daha da
artirmiglardir. Derin yapay sinir aglar1 veri agisindan biiylik ¢apli veriye ihtiyag
duydugundan son zamanlardaki trend olan biiyiik veri artist durumundan ¢ok fazla
fayda saglamistir. Derin yapay sinir aglar1 egitiminde yogun paralel isleme iiniteleri,
grafik isleme {iiniteleri kullanimlar1 ¢ok c¢esitli uygulama alanalarinda bu aglarin
kullanimin1 yayginlagtirmistir. Derin yapay sinir aglarinin hizli bir sekilde yiikselise
geemesi biiylik veri rejiminin hzili yiikselisi, buna paralel olarak algoritmik
gelismelerin de devam etmesi ve yeni donanimsal ¢oziimlerin gelistirilmesi sonucunda
olugmustur. Bunun sonucunda ise son endiistri devrimi olan Endiistri 4.0 bu 6grenme
sistemlerinin gelismesi ile katki saglanmistir. Bu devrimde yiiksek seviyeli
otomasyondan daha da ileri nokta olan siber fiziksel sistemlere gecis bu yeni
gelismeler temelli teknolojilerle saglanmistir. Yapay zeka bu devrimde ¢ok biiyiik bir
yere sahiptir ve de bu 6enmli konuma sahip olma etkinligi yazilimsal agisindan derin
yapay sinir aglarina bagimhidir. Derin 6grenme, derin pekistirmeli 6grenme robotik,
dogal dil isleme, ses isleme, bilgisayarla gorii, finans, saglik, nesne takibi ve
konumlandirma, otonom ara¢ gibi alanlarda basta olmak iizere c¢esitli alanlarda
uygulama sahalarina sahiptir.

Biiytik veri rejimi ve Endiistri 4.0 caginda veri isletmeler acuisndan ¢ok degerli bir
varlik olmaktadir. Hiz, cesitlilik, deger, hacim ve dogruluk biiylik verinin 5
ozelligindendir. Ger¢ek zamanli veri akisi, bulut sistemleri, nesnelerin intenreti,
dijitalesme gibi konseptler biiyiik veri ylikselisine ivme katmaktadir. Yeni algoritma
ve teknoloji gelistirmeleri, biiylik datanin sayilan 6zelliklerindeki nitelik artisini ¢ok
hizl bir sekilde ivemlendirmis ve bunun sonuncunda biiyiik veriden is degeri liretmek
sirketler acisindan 6nemli bir yonetim araci haline gelmistir. Daha 6nce de belirtildigi
gibi yapay zeka uygulamalari i¢in ¢esitli uygulama alanlari mevcuttur. Bu uygulama
alanlarinda derin yapay sinir aglar1 ve derin pekistirmeli 6grenme konular1 veriden
deger liretme konusunda 6nem kazanmaya devam etmektedir.

Enerji sektorii elindeki mevcut veriler sayesinde bunlarin is degerine
doiintistiiriilebilecegi ve bu sekilde biiyiik veriden fayda saglanabilecek alanlardan
birisidir. Akilli sebekeler, dagitik sistemler, Enerji 5.0, enerjide nesnelerin interneti
gibi konseptler elektrik saglayicilart agisindan daha akilli teknolojilerin kullanilmasini
gerektirmektedir ¢linkii akilli teknolojilerin kullanilmasi organizasyonlara ¢esitli
seviyelerde katkilar saglamaktadir. Bu katkilar operasyonel, taktiksel ve stratejik
katkilar1 icermektedir. Enerji tedarik sisteminin emniyeti ve stabilizasyonu, bakim
maliyetlerinde azalma, tedarik sistemi operatorii ¢izelgeleme etkinliginin artigi, tahmin
hatalar1 kaynakli maliyetlerde azalma, pazar payr artisi, pazarda rakiplere karsi
rekabet¢iligin artig1 vb. Katkilar bahsi gecen katki tiirlerinin bir kismudir.

Elektrik iiretici firmalari i¢in elektrik talep tahmini operasyonlari i¢inde hayati bir yere
sahiptir. Talep tahmininde kullanilan metodlarin yaninda, tahmin ufku da 6énemli bir
yere sahiptir. Tahmin ufkuna gore metod se¢imi yapilmasi ve girdi degiskenleri
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ayarlanmasi yapilmasi tahmin ufkunun 6nemini vurgulamaktadir. Elektrik talep
tahmini konusunda tahmin ufku doért ana grupta incelenmektedir. Cok kisa donemli,
kisa donemli, orta dénemli ve uzun donemli talep tahmini ufuklar1 bu dort grubu
olusturmaktadir. Bu ¢alismaya konu olan problem gercek bir kisa donemli talep
tahminidir. Kisa donemli talep tahminin ufku bir saatten birkac¢ giin 6teye kadar
olabilmektedir. Enerji  piyasast diizenlemeleri Tiirkiye’de piyasa yasal
diizenlemelerinin  bagladigt 2001 yilindan itibaren stliregelmektedir. Devlet
kontroliindeki piyasadan serbest piyasaya gegisteki yasal diizenlemeler ve
uygulamalardan sonra Enerji Piyasalar1 Isletmeleri Anonim Sirketi (EPIAS) 2015
yilinda kuruldu. Bu piyasada giin Oncesi, giin i¢i ve dengeleme piyasalari
mekanizmalar1 Tirkiye’deki elektrik sistemi yonetimi agisindan Onemli rol
oynamaktadir. Bu mekanizmalar birbirlerini tamamlayici roller de oynamaktadirlar.

Bu piyasada paydaslar eksik ya da fazla elektrik iiretiminden kaynaklanan farklarin
paydaslar arasinda al-sat mekanizmasiyla tazmin edildigi dengeleme piyasasinda fazla
maliyetlerden kaginmak istemektedirler. Bunun nedeni gereginden diisiik ya da fazla
olan miktarlar dolayisiyla %3 oraninda ceza maliyeti ddemektir. Bu ceza maliyetinden
kacinma etkin bir tahminleme ile miimkiin olabilmektedir. Bu nedenlerden dolay1
tahminleme isi bu alandaki yoneticiler igin énemli bir ara¢ olmaktadir. EPIAS’in
yonettigi piyasadan onceki donemde tahminlemeler haftalik ya da birka¢ hafta
otesinden gergeklestirilmekteydi. Bundan dolay1 da hata marjlar yiiksek ve esnekti.
Bu esneklik elektrik tedarik¢ilerine gereginden fazla ya da diisiik olarak {irettikleri
miktar1 dengelemek i¢in yeni diizenlenen piyasa sartlari diisiiniildiiglinde kolayliklar
sagliyordu. Hata marjlarindaki esneklikler tedarik¢ilere uzun vadede distlik
maliyetlerle piyasadaki teminatlarin1 gerceklestirmeye imkan veriyordu. Yasal
diizenlemeler sonucu olusan piyasada giin dncesi ve giin i¢i piyasalart bu piyasanin
vazgecilmez parcalar1 olmustur. Piyasadaki rekabetciligin siirdiiriilmesi, pazar pay1
artis1, operasyonel giderlerin azaltilmasi, tahmin hatalar1 sebebiyle ortaya ¢ikan ceza
maliyetlerinin diisliriilmesi, bir saat sonrast ve bir giin sonras1 tahminlemelerin bu
piyasada merkezi konuma gelmesini saglamistir. Bunun sonucunda bu tahminleme
operasyonlari tedarik¢iler acisindan odaklanilan bir alan olmus ve bu operasyonlarla
veriden i degeri elde etme islemlerine de imkan saglamistir. Bu degerlendirmeler
1s1g¢1nda teze konu olan ¢alisma tedarik¢iler i¢in 6nem arz eden kisa donemli elektrik
talep tahmini konusunda gercek bir tahminleme problemi icin derin 6grenme
tekniklerinin uygulanmasini icermektedir.

Bu ¢alismada Istanbul’da bir bolgede 2015-2017 yillarina ait ii¢ yillik elektrik tiiketim
verisi kullanilmistir. Elde edilen zaman serisi verisi igerik olarak ilgili saatlere ait
tilketim ve sicaklik degerleri ile birlikte giin ve saat degerlerini igermektedir. Bu
ozellikler ayrica ilgili tedarik¢i firma tarafindan da tahminleme islemleri igin
kullanilmaktadir. Uygulamalarin ilk agamasinda hem derin 6grenme hem de makine
O0grenmesi yontemlerinin zaman serileri problemlerine uyarlanmasi dikkate alinarak
yonerge halinde veri inceleme ¢aligmalar1 gergeklestirilmistir. Bu incelemeler her bir
metod i¢in veri normalizasyonu, kategorik veri eklenmesi, otokorelasyon belirlenmesi
caligmalaridir. Bu asama uygulanan yontemler i¢in girdi seti olusturmayi takip
etmistir. Zaman serisi verisi otokorelasyon incelemesi sonucu belirlenen geri bakma
stiresine gore veriler otokorelatif sekilde geriye dogru dtelenerek veri seti gdzetimli
0genme veri setine ¢evrilmistir. Bunun yaninda tezin odak noktasinda yapay sinir
aglar1 oldugundan dolay1 hizli yakinsama ve sayisal stabilizasyon saglamak adina sifir
ortlamali normalizasyon yoéntemi kullanilmistir. Ilk asama veri incelemeleri
sonrasinda ilgili yontemlerin genis kapsamli karsilastirilmalari gerceklestirilmistir. Tlk
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karsilastirma ¢alismasinda zaman serileri i¢in popiiler makine 6grenmesi metodlari ve
iki derin yapay sinir ag1 modeli karsilastirilmistir. Bu karsilastirmada derin 6grenme
metodlarinin klasik makine 6grenmesi metodlarina uygulmaya konu olan verinin kisa
donemli talep tahmininde istlinliik saglayip saglayamadigi belirlenmeye ¢alisilmistir.
Bu karsilagtirmalarin sonucunda istatistiksel testlerin de gerceklemis oldugu sonuglara
gore derin yapay sinir aglar1 uygulanan klasik makine 6grenme metodlarindan daha
iyi sonuglar iiretmistir. Ikinci karsilastirmada ise sadece derin yapay sinir aglari
modelleri karsilagtirilmis olup tezin odak noktasi bu karsilastirmalardan olusmaktadir.
Ciinkii tezin amaci gercek bir problem icin yeni bir derin yapay sinir ag1 metodu
Onermeyi amaglamaktadir. Bu amaglar dolayisiyla bu tez calismasinda bir boyutlu
evrisimli sinir aglarina dayali bir metod ilgili problem ele alinarak 6nerilmis ve de bu
metodun performansi diger derin yapay sinir aglar1 metodlarinin performanslari ile
karsilastirilmstir. Tkinci karsilastirmalar sonucunda elde edilen sonuglara gore bir saat
sonrast ve bir gilin sonrasi talep tahmini islemlerinde Onerilen metod etkinligini
kanitlamis olup bu durum istatistiksel 6nem testleriyle de desteklenmistir.

Tezin kisa Ozeti olarak, bu calismadan c¢ikarilacak farkli diizeyde c¢ikarimlar
bulunmaktadir. Organizasyonel diizeyde bu ¢ikarimlara bakilirsa, derin yapay sinir
aglar1 ve derin pekistirmeli 6grenme gibi akilli metodlarin 6zellikle enerji sektoriinde
kullanilmas1 organizasyonlara taktiki operasyonel ve stratejik seviyelerde farkli
katkilar saglayacaktir. Ikinci olarak ise enerji sektdrii anlik verilerin toplandigi
sektorlerden birisidir. Biiylik veri rejimi, yazilimsal ve donanimsal ¢oziimlerin
gelismesi, yeni derin yapay sinir aglart modelleri gelistirilmesi konular1 goz 6niinde
bulunduruldugunda kisa, orta ve uzun vadeli basarilarin kazanilmasi i¢in ismi gegen
akilli yontemlerin kullanilmasiyla veriden is degeri liretilmesi konusu énemli bir yer
tutmaktadir. Kavramsal diizeyde ise elde edilen sonuglar neticesinde kisa donemli
talep tahminleri i¢in derin yapay sinir aglar yiiksek performans iireten tahminleme
araglar1 olmaktadir. Bu tip yapay zeka metodlarinin uygulanmasi onlarin piyasada 6n
plana ¢ikmasii saglamistir. Metod diizeyinde ise takvimsel etkilerin kisa donemli
zaman serisi modellenmesinde ¢ok dnemli bir yere sahip oldugu goriilmiistiir. Ayrica
nadir zamanlarda kaynaklanan durumlar ve ¢ift takvim etkileri de kisa donemli zaman
serisi problemlerinin modellenmesinde énemli bir yer tutmakta oldugu goriilmiistiir.
Evrisimli yapay sinir aglarinin etkin 6zellik ¢ikarma 6zelligi ve verideki uzun donemli
iliskileri otomatik yakalama kabiliyetleri, evirsimli yapay sinir aglarinin ses tanima,
dogal dil isleme iglemlerinin yanm sira zaman serisi problemleri i¢in de bu aglarin
LSTM ve GRU karsisinda rakip olarak ortaya ¢ikabilecegini gostermektedir. Digsal
veri ekleme kabiliyetine sahip olan Onerilen metod bu sayede diger derin 6grenme
metodlarina gére daha iyi sonug iiretmistir. Bunun nedeni ise evrigimli sinir aglarina
uygulanan veri girdisi ayarlarinin veri i¢indeki farkli diizeydeki oOriintiileri etkin
sekilde tanimasi olarak gosterilebilir. Bundan dolay1 bu ayarlar daha sonraki derin
yapay sinir aglari metodlar gelistirilmeleri i¢in kullanilabilir.
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1. INTRODUCTION

Anrtificial Intelligence (Al) is considered the new electricty nowadays when considered
Industry 4.0 concept. It shapes our world again as the previous advancements did
before, hence seems to transform every industry by creating economic value. Big data
surge in recent years, software and hardware advancements such as Massively Parallel
Processing (MPPs), Tensor Processing Units (TPUs), Graphical Processing Units
(GPUs), and novel algorithm developments for neural networks contribute to the
emergence of Artificial Intelligence. Coincidence of big data surge and advancement
of data hunger deep learning algorithms supercharged the widespread of artificial
intelligence and its impacts accross industries. Healthcare [1], computer vision [2],
fault detection and identifiction in sensory systems [3], human activity recognition [4],
natural language processing [5], robotics [6], autonomous driving [7], marketing and
advertising [8], finance [9], recommendation systems [10] are some exemplary studies
of artificial intelligence applications in different industries.

Al technigques mainly work by extracting patterns in the enormous amount of data.In
this extraction task, learning manner of algorithms used determines the type of
learning. Supervised and unsupervised learning are the types of learning used for
Al.Supervised learning scheme works by knowing in advance what to look for, namely
it knows the labels of the problem considered. On the other hand, unsupervised
learning scheme works-without knowing what to look for in advance and try out to
propose an intuitive result for underlying pattern hidden in data observed. Another
scheme that is one of the integral part of Al techniques is reinforcement learning which
uses netiher supervised nor unsupervised learning scheme, but instead uses trial and
error scheme for the pattern extraction in data. Support Vector Machines (SVMs),
Neural Networks (NNs), k-means clustering, Logistic Regression, Lasso Regression
and so forth are the basic examples of Al methods. After the aforementioned
advancements in data amount, hardware and software, and algorithms, neural networks
benefited extensively from those. While there were no clear performance differences

among conventional machine learning algorithms and neural networks, deepening the



neural networks and short processing time for training them with massive data in
shorter time with respect to old era supercharged the performance of these networks,
hence paved the way for outperformance of the novel deep neural networks with
respect to traditional machine learning algorithms. Long-Short Term Memory
(LSTM), Gated Recurrent Units (GRU), Convolutional Neural Networks (CNN),
Transformers are the novel neural network types that use deep architectures in their
layers. As mentioned before,these novel deep networks are prevalently used across
many areas such as natural language processing, healthcare, recommender systems,
robotics, autonomous vehicles, computer vision, image processing, human activity
recognition, visual tracking and so forth. One of the areas that can benefit from the
novel deep networks is electricity load forecasting area in which several different
statistical and machine learning algorithms are already in use. Decision makers and
managers in electricity provider firms may benefit from the intelligent methods
emerged instead of conventional machine learning methods and statistical methods.

For the forecasting task of electricity load, forecasting horizons are classified into four
categories as per their forecast steps. Very Short-Term Load Forecasting (VSTLF),
Short-Term Load Forecasting (STLF), Medium-Term Load Forecasting (MTLF), and
Long-Term Load Forecasting (LTLF) are these mentioned four forecasting horizons.

This study aims to provide a novel deep learning method for Short-Term Load
Forecasting for an electricity provider firm in Istanbul, Turkey. To pursuit the goal of
proposing a novel deep learning method that can challenge its existent deep learning
counterparts in the literature, several comparative studies between machine learning
and deep learning methods, and within deep learning methods are made through
utilizing a real-world application data. In the first stage of deploying machine learning
methods and some of deep learning methods, three different deep learning methods
and seven different machine learning methods, which are frequently used for STLF,
are compared, and it was found that deep learning methods outperformed the rest of
the methods deployed. In the second phase of the methods’ deployment, a novel
method, one-dimensional Convolutional Neural Networks based on Video Pixel
Networks (VPNs), and some other existent deep learning methods and their variants
are compared. As the real world-case application in this thesis, demand-side electricity

load data collected between the years 2015 and 2017 in Istanbul are used.



The organization of the thesis is as follows; in the next sub-sections of the first chapter
of this study, STLF and its integral parts in relation to Turkish electricity market is
introduced. This sub-section was followed by motivation behind the study, purpose of
the thesis, and unique aspects of the study sections. In the second chapter, the literature
contemporary literature of deployments of deep learning methods for STLF is combed,
similar and different sides of the extant literature with this study are reviewed. In the
third chapter, background of the methods used in the comparative studies, STLF data
preparation and model settings are extensively presented, and discussions of the results
of the comparative studies are made. In the final chapter of the study, concluding

remarks and future research directions are given.

1.1 Short-Term Electricity Load Forecasting

Electricity load forecasting has great importance for different components in the
market which consists of reasearchers, producers, providers firms, public
adminstrators, contarctors [11]-[13]. Load forecasting issue has different levels of
impacts for power suppliers in the market, and these impacts include operation, tactical
and stratgeical level impacts. Operational cost management, sustainability and
security of the power supply systems are significant impacts of efficient load
forecasting in the short and mid-term [14]-[16]. On the other hand, market share
growth, increase in the competetion of the firms are some significant impacts of the
forecasting in the long term [17]. Several reasons are behind the developments of novel
forecasting methods, and forecasting engines to obtain more accurate results than the
current ones, in turn to create business value from data through using the
developments. Transitions to regulated electricity markets [12], [18], more efficient
and flexible forecasting engines or methods due to big data availability in the
electricity markets [19], [20], intelligence requirements in the electricity markets due
to new technologies such as smart grids, distributed generations, Internet of Things
(IoT)[21], [22] may be considered the main reasons behind the novel methods
developments. Many researchers study on the forecasting area, and big data surge,
advents in hardware solutions, and developments in neural networks by deep
architectures have lent impetus for introducing novel methods in this area as well, and
the primary aim of this thesis is relevant to this mentioned fact that is to propose a

novel deep learning method for STLF task of a provider firm.



As mentioned before, the forecasting horizons are grouped into four classes. VSTLF
timesepan is between a few minutes and one hour [23], MTLF timespan is between
several weeks and several months while LTLF timespan is between one year and
several years [24]. On the other hand, STLF timespan is between one hour and one
week. Even diffeent forecasting horizons are interrelated, they have different impacts
and contributions for different management levels for the provider firms. LTLF makes
contributions in strategic level, MTLF makes contributions to sustainability of the
power supply systems. STLF contributes to planning and management of the power
supply systems for the providers. Moreover, since the day-ahead and intraday
electricity prices are spotted by STLF, it turns out to be the integral part of managerial

decision makers of the providers in forecasting tasks [25].

1.2 Motivation

Dynamics of the energy markets of the countries may vary due to regulations and
policies in the countries. After transitions to regulated markets, the provider firms
adjust themselves to newly introduced regulations and polices through making
streamlines of their operations. In Turkey, the first step of changing the dynamics of
the energy markets started by introducing regulations for the market in 2001. Since
then, many regulations have been put in place. In Turkish energy markets,
establishments in the energy market including day-ahead-market planning, financial
consolidation and hourly pricing were put in place in 2009 as per the regulations. This
was followed by down-payment and assurance, incentives for enforce renewable
energy programs were established after two years. In 2013, legislation for foundation
of Energy Market Enterprise Corporation (EPIAS) was done, and EPIAS has been
ruling the electricity market since 2015. In the same year, intraday market mechanism
for electricty was introduced. In the electricity market regulated by EPIAS, day-ahead,
intraday and balancing market mechanisms are the integral part of operating the
market. Before transitioning to a regulated market by EPIAS, prediction horizons for
the provider firms were very flexible which can vary from one-week-ahead to several
months ahead, hence these flexible ranges were providing large error margins in the
tasks of forcasting for the provider firms when the regulated market conditions are
considered. Hence, balancing the excessive or deficient amounts of the electricity with

less price was the result of the market before transtioning to the regulated market. Day-



ahead and intraday market mechanisms introduced by EPIAS started to restrict the
aforementioned flexibility in the forecasting horizons for the provider firms, then cost
management and competitiveness in turn gained landmark importance in the market.
In these two market mechanisms, one-hour-ahead prediction task is the integral part of
intraday market. On the other hand, one-day-ahead prediction task is the integral part
of the day-ahead market mechanism. Since day-ahead market and intraday market
mechanisms along with balancing market mechanism interact and complement each
other, reducing the costs caused by overestimation/underestimation depends on
efficiently manage these mechanisms for STLF. And, this efficient management
depends on accurate predictions in STLF where one-hour-ahead and one-day-ahead

predictions are the most important subjects [26].

Importance of short term load forecasting has been the subject of many studies. The
significance of short term load forecasting which contributes to security and
sustainability of the power supply system, reduction in operational costs, efficient
scheduling and management of the power supply systems is emphasized by many
studies in the extant literature [18], [27]-[31]. These mentioned achievements can be
provided by accurate forecasting task. Due to the tarnsformations in all areas made by
Al boosting, technological advancements transforms the electricty providing sector as
well. Introduction of smart grids (SGs), distibuted generations (DGs), Smart Grid Plus,
Energy 5.0, the Energy Internet, the 10T concepts entail the use of more intelligent
systems in the electricty providing sector [21]. This entailment will in turn help the
providers primarily create business value besides contributing to different levels of
management levels [22], [29], [30]. On the other hand, use of the intelligent methods
provided by new algorithm developments in energy-related problems has been gaining
huge importance recently [31]-[33]. While conventional machine learning methods
and statistical learning methods may provide acceptable forecasting results for the
forecasting tasks, deep neural networks supersede conventional machine learning
methods and statistical learning methods in this area by taking advantage of coincided
with big data surge, technological advancements, and broadly use of the intelligent

methods in the load forecasting area.

The motivation behind this study stems from above mentioned facts which are the
major concerns for the providers in STLF in the newly regulated market that are one-
hour-ahead and one-day-ahead predictions, and emergence of deployments and



proposing intelligent methods for STLF which are majorly based on deep neural

networks.

1.3 Purpose of the Thesis

Al has been gaining huge importance in recent years, and transforming the industries
as well as the way of our ordinary lives. Aforementioned big data surge, advents in
hardware and software solutions, developments of novel algorithms based on deep
neural networks boosted Al spread across the businesses. One of the businesses that
can benefit from Al spread is electricity providing sector in which regulated market
transitions in many countries, and the requirement of the use of intelligent systems for
accurate predictions that will in turn create business values beside helping the
providers manage the power supply systems securely and more effieciently. By
considering these facts, both theoretical and practical advents of deep neural networks
emerge in many areas due to their outperformance over conventional methods since
massive amounts of data, new hardware and software solutions work complementarily
with them by supercharging their performances. Long-Short Term Memory, Gated
Recurrent Units, and their variants are prevalently used for STLF tasks. Convolutional
Neural Networks has proved their efficacies in many tasks such as natural language
processing, audio recognition, image processing, computer vision, object tracking,
human activity recognition. Recently, CNN use has emerged in STLF tasks as well.
By considering intelligent method development and deployment in STLF tasks, we
aimed to propose a novel method based on CNN that can be used for STLF task for a
provider firm in Turkish electricty market, and challenge with the extant deep learning
methods such as LSTM, GRU, and their variants. A real-world case problem is
considered by developing the novel method. Demand-side electricity load data which
consist of hourly temperature and load collected between 2015 and 2017 in Istanbul,

Turkey are used in this thesis.

Reducing the forecasting error of the provider firm by introducing an intelligent
method is the primary aim of this thesis. In addition, proposing a novel intelligent
method based on deep learning is the another aim of this thesis.



1.4 Unique Aspects of the Study

In the method deployment stage of this thesis, firstly, ten methods including some of
deep learning methods and machine learning methods frequenty used in STLF tasks
were compared for the tasks of one-hour-ahead forecasting and one-day-ahead
forecasting. This first comparative analysis of the methods showed the superiority of
deep learning methods over conventional machine learning methods for data used.
Secondly, main comparative analysis was conducted by deploying LSTM, GRU, some
of their variants and newly proposed one-dimensional CNN method based on Video
Pixel Networks (VPNs). We aimed to make some contributions to STLF area with this

study at the most conceptual level;

e For sequential data, 1-D CNN use is rare when LSTM, GRU, and their variants
use in this type of data. Even 1-D CNN use has appeared in recent studies, to
the best of our knowledge, 1-D CNN based on VPNs method for STLF is not
available in the extant literature. Hence, this study deploys a novel method used
with three-dimensional video data for one-dimensional sequential data of time
series for STLF,

e The proposed 1-D CNN based on VPNs is used by some adjustments in gating
mechanisms of VPNs. We don’t only deploy VPNs based CNN method, also
make some modifications in its gates to bring a novelty in this thesis. In this
sense, our modifications produce promising results discussed in the later

sections of the thesis,

e The comparative studies provide insights about data processing, model
deployement, and feature selection in STLF area into the manegarial decision-
makers in this area by their results especially through deep learning method

deployments [26].






2. RELATED WORKS AND LITERATURE REVIEW

Application of deep learning methods in the extant literature are reviewed under two
settings as the applications of their machine learning counterparts. One of these
settings is the application of single method that the method solely is a deep learning
method. On the other hand, the second setting consists of a hybrid method application
of deep learning methods, machine learning methods and/or decomposition methods.
The single method applications is intuitive for both of the practitioners and the
researchers in STLF area, and provide off-the-shelf application methods while the
hybridized method applications provide promising results as the single method
applications though they require extensive domain knowledge, method-level
knowledge. Moreover, they may not exploit the nature of deep neural networks
efficient pattern extraction in data by correlation spotting by CNN, recurrency in
RNNSs, forget and update gates in RNN. However, there is no an absolute solution
whether to use single method application settting or hybrid method application one.
The existent studies in the literature on STLF support the mentioned fact, and both of

these two settings are prevalently encountered ones in the literature.

In this part of thesis, we combed the literature on short-term electricity load forecasting
by deep learning methods, discussed the implementations of the methods and nexus of
them with our study.We give the related works as per the used deep learning methods

in sub-sections of the literature review.

2.1 RNN, GRU and LSTM in STLF

Recurrent Neural Networks and its variants, LSTM and GRU, are good at processing
sequential data that exhibit trend, seasonality, time dependency and cycles. Since
STLF task contains sequential data to process, both single method application or
hybrid method application settings of RNN and its variants are extant in the literature.
[34] used three inference approaches for forcasting that are direct, recursive and multi-
input multi-output ones. The authors applied different models by considering these

approaches. The models are only use of recurrent blocks, use of bi-directional



recurrent blocks, and recurrent and bi-directional recurrent block use on top of a 1-D
CNN for STLF. [35] used both of one-layer RNN and a deeper RNN to benefit from
the potential of efficacy of deep networks. They performed prediction for different
levels of power systems which one of them is New England system’s regionally
aggregated load and data of 100 Irish disaggregated households. [30] combined
attention mechanism and rolloing update with bi-LSTM in their study. The attention
mechanism used for reflecion of spatial importance of historical data in different time
intervals. The rolling update with bi-LSTM used to improve the prediction accuracy
to simultaneously providing past and future information available in data used.
Australian electricity load data set was used to prove the efficacy of the combined
method. [36] dealt with online prediction task for smart meter data. The authors
proposed an approach by RNN which is able to adaptively tune its parameters for
streaming data. They tested the proposed approach with several other methods with
five different data sets. According to the results obtained by the proposed approach,
not only higher accuracy was obtained but also computation time advantage gain for
this type of data was shown. [37] aimed to show efficacy of uses of LSTM and GRU
methods for STLF. GRU method was found superior to LSTM with used load data.
[38] proposed a GRU based deep RNN (DRNN-GRU), and applied it for one-hour-
ahead prediction task. Both aggregated and disaggregated demands of residential
hourly load data in Texas, USA were used to show efficacy of the proposed method.
The proposed method was compared with DRNN-LSTM, simple RNN, multi-layer
perceptron (MLP), Autoregressive Moving Average (ARIMA), Support Vector
Machine (SVM) and Multiple Linear Regression (MLR).

[39] used LSTM method for STLF with 10-year electricity load data belonging to
Ontario in Canada. LSTM method yielded better results than shallow NN and ARIMA
as per the obtained results. [40] used an LSTM method based on attention mechanism,
and applied the method for six-timestep-ahead forecasting task. The method was
compared with several other machine learning methods and deep learning methods.
[41] used GRU and LSTM methods for STLF task, and GRU method produced better
results than LSTM method with data applied. [42] used LSTM method for the tasks of
one-day-ahead, two-day-ahead, one-week-ahead, and one-month-ahead forecasting.
The authors compared the method with Autoregressive Moving Average (ARMA),
Seasonal Autoregressive Moving Average (SARIMA), Autoregressive Moving
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Average with Exogenous inputs (ARMAX) methods. Ref. [43] applied LSTM and
GRU methods under different scenarios in which different time steps and different
input combinations were used. They used the methods in hybrid form with lasso
regression and partial correlation methods. These supplemantary methods were used
to extract features for factors affecting the load consumption. Ref. [44] applied LSTM
method in their study. First of all, the authors used Density-based Spatial Clustering
Applications with Noise (DBSCAN) method for detecting differences between
aggregated loads and individual loads for Australian Smart Grid Smart City data set.
LSTM method used for predictions by considering three aspects which were load
forecasting for individual households,aggregated loads and aggregating forecast vs
forecasting aggregate. LSTM was compared with several outstanding machine
learning methods, and outperformed the compared methods in general as per the

results given.

[45] proposed a hybrid alogirthm that combines Wavelet Transform (WT), feature
selection with LSTM for STLF and electricity price forecasting. Comparison of the
proposed method was performed with different time series data sets and different
machine learning methods. Ref. [46] used sequence2sequence RNNs for STLF. The
authors considered different time resolutions with the used data sets for different
prediction settings. Ref. [47] presented a hybrid method which combines different
machine learning methods, a decomposition method and LSTM. The method
comprises of Empirical Mode Decomposition (EMD), LSTM, similar days’ selection,
extreme gradient boosting-based k-means algorithm for STLF, and they applied the
proposed method to a piblicly available time serises data set. [48] presented a
comparative study of smart building data for STLF task. In the study, comparison of
LSTM, Random Forest (RF), Extreme Gradient Boosting (XGB), ARIMA and
SARIMA methods were performed. In the first part of the study, ARIMA and
SARIMA methods used to identify modeling of the stationarity and seasonality issues
in data. Later on, deep learning method and machine learning methods were compared.

XGB method outperformed the rest of the methods as per the results obtained. [49]

2.2 DNN and Its Variants in STLF

DNNs are advanced type of neural networks in which depth of networks are increased

in contrast to shallow neural networks. This fact is also the central theme in
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development of variants of deep neural networks such as LSTM, GRU, CNN. By
adding more layers to the networks or different training of the networks with more
layers, it is aimed to get more abstraction from data, and increase the ability of

represantation learning of the neural networks.

[50] proposed an integrated method by combining kernel density estimation, quantiled
regression and deep neural networks. In the study, interval predictions were performed
by combined deep neural networks and quantile regression method. As per the results
obtained in the study, the combined approach outperformed gradient boosting and
random forest methods. [51] proposed an integrated method which combines auto-
encoder network with Support Vector Regression (SVR). The authors performed input
construction by feature extraction through using stacked denoising auto-encoders in
load data used, then prediction task was performed with SVR method. The proposed
method outperformed single SVR, and NN methods. Ref. [52] proposed a deep
ensemble learning method which is based on clustering and Lasso method. The
proposed method was compared with quantile regression gradient boosting, quantile
LSTM, quantile regression forest for prediction tasks of one-hour-ahead and one-day-
ahead by utilizing a real-world load data that belong to Irish Commission for Energy
Regulation. The data contain half-hourly load records of 800 residents and 400 SMEs
customers. [53] used a public available data set in a machine learning repository. They
deployed five different methods for the tasks of VSTLF, STLF and MTLF. Two of the
deployed methods were Factored Conditional Restricted Boltzman Machine
(FCRBM), and Conditional Restricted Boltzman Machine (CRBM) which are some
type of deep neural networks, and the rest of the methods were SVR, NNs and RNNs.
FCRBM outperformed the rest of the methods used as per the results obtained. [54]
used an integrated methodology to perform one-day-ahead and one-week-ahead
forecasting tasks with load data of three USA power grids that is publicly available at
PJM electricity market. The used methodology consisted of modified mutual
information for data preprocessing and feature selection, factored conditional
Boltzman machine for forecasting, and newly proposed genetic wind-driven
optimization algorithm for fine tuning of the model parameters. Comparison of the
methodology was performed with bi-level, mutual information-based artificial neural
network method, NN-based accurate and fast converging method, LSTM method to

show the efficacy of the methodology. [55] deployed a hybrid method by combining
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EMD and Restricted Boltzman Machine (RBM). Comparison of the hybrid method
was performed with some papers that used Australian Electricity Operator Market
(AEMO) data, and the deployed method performed better than the compared methods
as per the results obtained. [56] deployed a hybrid method for STLF. The authors
combined a DNN type of stacked RBMs with genetic algorithm to exploit the potential
of DNNs’ability of feature extraction in depth. Four concatenated RBMs performed
prediction task while genetic algorithm was deployed for optimization of the weights
and thresholds of DNNs. [57] used an integrated method which combines EMD, Deep
Belief Networks (DBNs) and Local Predictor. EMD made decomposition of data used,
DBN trained the weights of stacked RBMs, and Local Predictor constructed neighbor
set among forecast samples, then the selected forecast sample were fed into
backpropagation algorithm of NN to perform prediction task. The integrated method
yielded better results than Least Squares Support Vector Machines (LSSVR), ANN,
and DBN with EMD methods as per the results obtained. [58] proposed a new deep
neural network method, and deployed it to two public available data sets. Comparison
of the proposed method was performed with the methods in the literature that used the
same data sets. [24] applied DNNs and RNNSs in their study. They performed feature
extractions for the factors that affect load consumption characteristics by making
analyses in time and frequency domains, and extracted features wer used in the
prediction task. They considered different scenarios in their applications, and DNNs
and RNNs produced promising results as per the results obtained. [59] used a hybrid
method which combines DBN and Copula method. One-year load data of Texas were
used for STLF, the hybrid method used was compared with several machine learning
methods, and it performed better than NN, SVR, Extreme Learning Machine (ELM)
as per the comparison results. [60] proposed a new loss function in their study.
Comparisons of CNN, LSTM and MLP by using different metrics were performed
with the proposed loss fucntion. The authors utilized two publicly available data sets
for the comparisons, and CNN produced better results than the rest of the methods
used as a result of the comparisons. [61] proposed a method which is based on
ensemble and residual networks. Two public available data sets were used, and
comparisons of the proposed method was performed with GRU, LSTM, a proposed
basic structure based GRU and LSTM, and several other machine learning methods.
As a result of the comparisons, the proposed method outperformed the rest of the
methods used. [62] proposed a hybrid method that composes of DBN based EMD and
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ensembling technique. The authors used AEMO data set to show the applicability of
the proposed method by performing comparative study with ELM, RF, SVR, DBN
and EMD-based SVR. [63] proposed a novel method called Deep Neural Networks
Centered Architecture Evolution (DNN-CAE). The novel method was based on neural
architecture search that uses centered architecture evolution for spotting the best DNN
architecture for STLF task performed for a real-world case data. The authors made
comparison of the proposed method with several different MLP with different sttings,
LSTM with different settings, and DNN-CAE shared wegihts method.

2.3 CNNin STLF

CNNs proved their efficiency for many tasks which its efficiency stems from its ability
of local feature extraction, then use it for the whole picture by parameter sharing.
Extracting underlying temporal correlation and/or spatial correlation in processed data

is mainly based on the mentioned ability of CNNs.

Ref. [64] proposed a CNN model based on bagging technique. The authors reshaped
load data used by transforming them from one-dimensional data into two-dimensional
image data to benefit from correlation between consecutive input sequences. The
proposed model deployed inb three phases which the first phase trained CNN model
with a big data set of electricty load, the second one included generating subsets of the
data used by sampling newly obtained data, and making fine-tuning of CNN bagging
models. As a resultant of the second phase applied, sub-models of weak forecasting
were created, then these sub-models were merged to create a strong forecasting model.
The proposed method produced better results than LR, NN, SVR, and LSTM in the
study. Ref. [65] were performed a comparative study by deploying several deep
learning methods and machine learning methods for a real-world data set collected in
Jiangsu Province in China. They made one-day-ahead prediction by comparing
ARIMA, conventional regression models of Multiple Linear Regression (MLR),
Regression Tree, Multivariate Adaptive Regression Splines (MARS), SVR, Gaussian
Process Regression (GPR), NN, DNN, and a CNN-based model. MLR, SVR and
MARS outperformed the rest of the methods used as per the results obtained in the
study. [66] proposed a CNN method that uses two-dimensional CNNs for a real-world
case application for power consumption data belonging to Algeria. The authors

performed VSTLF task by 15-min-ahead forecasting, and STLF task by one-day-ahead

14



forecasting in the study. They made comparisons of the results of the proposed method
with some other intelligent methods used in the extant literature.

[67] proposed a new method by combining fuzzy sets with CNN. In the proposed
method, fuzzy logic was used for avoiding the over-fitting problem. Hourly electricity
load of a power supply system in Malaysia were used, and one-hour-ahead prediction
task was performed. The authors compared the proposed method with SARIMA,
probabilistic weighted fuzzy time series method, weighted fuzzy time series method,
integrated weighted fuzzy time series method, LSTM and some of its variants. [68]
proposed a hybrid method that combines CNN with k-means clustering in their study.
In the proposed method, k-means clustering was used for grouping data into smaller
subsets according to their similarities since the data processed consist millions of data
points collected from different regions, and they in turn exhibit different patterns. The
load data from a power industry belonging to 2012-2014 with volume of more than
1.4 million data points were used, and comparisons of the method with linear
regression, SVR and NN were performed. As a result of the comparisons, the proposed
method yielded better results than the rest of the methods used in the study. [69] used
a pyramidal architecture of CNN layers for data obtained from SGs for STLF task.
Subsets of customers based on their similarities were constructed by utilizing
DBSCAN. CNN extracted relevant features from the data for each cluster constructed,
then the pyramidal CNN model performed predictions for the clusters for energy-

profile customers.

2.4 CNN-RNN Combinations in STLF

RNN, its variants and CNN can be used in hybrid form to take their advantages
synergistacally to exploit their natures of efficient sequence modelling, and feature
extraction for load forecasting tasks, in turn, they may produce promising results by

this application setting.

[70] proposed a hybrid method by blending an attention-based CNN with LSTM and
bi-directional LSTM to make short-term load forecasting for an integrated energy
system. Feature extraction from data was performed by CNN, LSTM combined with
bi-directional LSTM layers made the forecasting. A real-world case application of an
integrated energy park in North China was used, and comparisons of the hybrid method

with some deep learning methods and machine learning methods were performed.Ref.
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[71] compared Seasonal Autoregressive Integrated Moving Average with Exogenous
variable (SARIMAX), newly proposed gated RNN and gated CNNin their study. In
the comparisons, recursive and direct multi-step forecasting settings were adapted, and
the methods were deployed for three real data sets collected in some US schools for
the tasks of one-hour-ahead and one-day-ahead predictions. The methods were
compared by their accuracies, computational efficacies, generalizations and
robustnesses in the study. Ref. [72] proposed time-dependent CNN (TD-CNN) by
exploiting the feature extraction ability of CNNs, and Cycle LSTM (C-LSTM) to
extract information about time dependence in sequential data, and create shorter
number of time steps in their study. One-dimensional load data transformed into two-
dimensional images to be used in STLF task, and the authors performed four
experiments with the data. The performance comparisons of the proposed method was
made with LSTM method in the study. Ref. [73] used a hyrbid form of CNN and RNN.
In this hybrid form, parallelly structured CNN modules were used for extraction of
valuable features from sequential data while RNN was used to spot and include
temporal dynamics of load data used. Weather informations including hourly
temperature and humidity, holidays, and special hour(s) or day(s) as inputs for the
method. Three-year load data that belong to a city in North China were used in this
study, and the proposed method outperformed the compared methods which they are
linear regression, SVR, CNN-RNN, DNN. Ref. [74] proposed a hybrid method by
combining RNN with one-dimensional CNN, and the authors deployed the method for
half-hourly power usage data in South Korea for one-day-ahead forecasting task.
Comparisons of the proposed method with MLP, RNN, 1-D CNN were performed,
and the proposed method outperformed the rest of the methods compared as per the
results obtained. In addition to one-day-ahead forecasting task, 3-day-ahead, 5-day-
ahead and 7-day-ahead forecasting tasks were performed in this study. Ref. [75] used
one-dimensional data transforming into two-dimensional one. In this study, CNN was
used to extract underlying latent features in data, then LSTM performed prediction
task with these extracted data. The proposed method was compared with MLP,
ResNet, LSTM, and ResNet-MLP for STLF task, and the proposed method
outperformed the rest of the methods used in the study as per the results obtained. Ref.
[76] compared nine different RNN/CNN and their hybrid forms in their study by
utilizing five different data sets, and they presented some concluding remarks about
prediction tasks with the methods used in the study. Ref. [77] used hybrid CNN-LSTM
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model for STLF of individual households. Firstly, a clustering technique was applied
to spot number of outliers, and to discover regularity in daliy power consumotion
profiles of individual household data. Next, a hybrid model was proposed which is
based on a combination of LSTM and CNN. The developed framework was tested on
a publicly available residential smart meter data from Smart Grid Smart City (SGSC)
project initiated by the Australian Government. Ref. [78] proposed a hybrid method
which combines EMD and similar day methods with CNN-LSTM method. Extracting
underlying multimodal spatio-temproal features in used load data was aimed by the
proposed hybrid method. Comparative experiments were conducted by using a real-
world electricity load data from electricity marker in Singapore. The proposed method
was compared with time-dependency CNN, CNN-LSTM, ResNet-LSTM combined
model, Similar day based Wavelet Neural Networks (SIWNN), and the proposed

method outperformed the compared methods as per the results given.

2.5 Nexus of the Thesis with Related Works

Several different frameworks for the related works are presented in previous sub-
sections which shows RNN, LSTM, GRU, CNN, DNN, and their variants’
applications for STLF task. The related works use etiher single method or hybrid
methods. From the related works, it is obvious that use of deep learning methods for
STLF produce promising results when compared with use of conventional methods for
STLF, hence deep learning methods supersede conventional machine learning
methods in STLF area as well as other areas. By considering this fact, proposing a
novel method based on deep learning methods for a real-world case problem is aimed

in this study.

Even CNN method uses are extant in the literature, their volumes are smaller when
compared to RNN, LSTM, GRU, and their variants’ uses. However, CNN use for
STLF has gained momentum recenntly, and CNN use for STLF will be likely to
surpass the uses of other deep neural networks for STLF. Video Pixel Networks
(VPNs) method proposed by Ref. [79] proved its efficacy for video processing for
which the method deals with four-dimensional data to generate video frames in simple
term. The main part of this method is based on CNNSs, and in these CNNs, newly
introduced residual multiplicative blocks that contain modified gating mechanisms

were utilized. When the extant STLF literature is combed in this thesis scope, VPNs
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based CNN deployment for STLF task is not available. Hence, we aim to deploy this
novel method by some modifications in its gating mechanism for STLF task in this

study.

Some distinctive sides of this thesis in relation to the extant litearture are as follows:

e This is the first study which deploys VPNs based one-dimensional CNN for
STLF in the literature,

e All deployed methods in this study, mainly deep learning methods, provide an
end-to-end learning example unlike hybridized methods. By keeping this
genuine, and providing an intiutive method for STLF deployments, this study
provides a stepping stone for researchers in STLF area to make contributions
to the developed method to extend it, and, develop and compare new methods

with the developed method,

In addition to the contributions to the literature, this study provides insight into the
decision makers in STLF area by presenting extant off-the-shelf methods of deep

neural networks and a novel one.
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3. METHODOLOGY AND APPLICATIONS

In this section we introduce our methodolgies for applications. To pursuit this goal, we
present data collection, and data pre-processing stages which include feature
identification and providing, periodicity and seasonality identifications, framing our
data set into a supervised data set are given in detail. Accordingly, methods used in the
comparative studies are introduced in this section, and deep learning methods are
especially given in detail since the central theme in this study is their applications for
an STLF task for a real-world case. In the application stage, model settings for each of

the methods are given.

3.1 Data Collection and Pre-processing

In this study, hourly electricity load and temperature data belonging to the period of
2015-2017 collected in Istanbul, Turkey were used as the real-world case problem. We
signed a confidentiality and nondisclosure agreement so that the extracted and
tabulated data were provided us in a raw format by the electricity provider firm. Since
the firm uses the temperature values of the relevant data along with load demand
values, the granularity of the data given to us contains the same values as well for our
utilization. In this sub-section, we will present data normalization, lag identification,

dummy variable inclusion as the data pre-processing tasks [26].

To facilitate numerical stability in computation in the training of neural networks and
fast convergence of the methods, we performed feature normalization with a zero-
mean normalization procedure for both load and temperature values given in Equation
3.1

x, =k (3.1)

where x/, u and o denote to zero-mean value of i*" training example, x;, in a time
series dataset, the mean, and standard deviation of the dataset, respectively. After that,
underlying periodicity, cycles, pattern shifts in a time series dataset plays a landmark

roles for model construction phases to obtain the desired results as a result of method
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deploymnets for STLF task. Hence, we examined these in detail by presenting some

visuals for them. First of all, we plotted the whole time series dataset which is depicted
in Figure 3.1.
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Figure 3.1 : The whole time series.

According to Figure 3.1, the time series has a stationary mean. Seasonal, weekly and
daily cycles are available in the series that must be considered in modelling stage.
Weekly cycles for a month is provided by Figure 3.2.
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Figure 3.2 : Weekly cycles.
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Including seasonality for STLF task is not prevalent since its effects are not so
powerful in prediction task, and the firm doesn’t use it in their predictions in real-world
as well, however, it is not fully disregarded in the studies in the extant litearture. For a

preliminary examination of the methods used in this study, this fact is considered
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whether the inclusion is worthy for getting better results. As a result of this preliminary
examination, the models including seasonality effects did not produce promising result
with respect to it non-inclusive counterpart, hence we did not include it modeling
stage. On the other hand, daily cycles play another landmark role for STLF task.Thus,
we inserted the effects of daily cycles by dummy variables. Providing dummy
variables for daily cycles improved the prediction results since distinct consumption

characteristics are obvious in the dataset which they are depicted in Figure 3.3.
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Figure 3.3 : Daily cycles in the series.

Moreover, we investigated lag value identification for the dataset. By examining the
lag value for the dataset, we tried to justify the use of 168 time lags for the methods.

Hence, we plotted Partial Autocorrelation Function depicted in Figure 3.4.
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Figure 3.4 : PACF results for the series.
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As seen from Figure 3.4, 168 time step back values affect the value to predicted in
169" time step as a result of Autoregressive (AR) process. PACF results presented in
Figure 3.4 justifies the plausibility of previous 168 time steps of the value to be
predicted beside the majority of STLF studies provide this same lag value in their

method deployments in the literature.

After performing these data pre-processing tasks, we performed converting the time
series data set into a supervised data set. Each input feature were shifted by one-time-
step-ahead for its relevant output, then the time series data set was in turn framed as a
supervised learning problem that is the suitable structure for deep learning methods
deployed in the study. In machine learning methods and some of deep learning
methods deployed application, that is the first appliaction, the data set was also framed
into a supervised learning problem by providing them as a two-dimensional matrix
rather than a tensor used with deep learning methods. An examplary input set, and the
corresponding output for the inpur set were given in Equation 3.2.

Dt-1681 Di-1687 Tt-168 Lt-168
Dt—167,1 Dt—167,7 Tt—167 Lt—167
Input = : : , Output = L; (3.2)
Dt—2,1 Dt—2,7 Tt—Z Lt—2
D¢_14 Di-1p Tesq Ley

where dummy variable for a day is represented by D, temperature value of a day is
represented by T while load value of a day is represented by L. D; ; denotes to dummy

variable for day ;s i'" time step, T; and L;denote the temperature and the load values
of the time step i, respectively. Here, L, denotes the load value to be predicted through
using a relevant input set. As a result, constructed input set forms a matrice that is
168x9 dimensional. For the deployments of the deep learning methods, 1-D CNN
based on VPNs use this data set with a tiny difference by providing the demand, load
and dummy variables separately in the first layer of the method, then concatantes them
to feed this concatenated form into successive layers in it. Hence, the method tries to
get more abstraction about the load and the temperature by local feature extraction
through treating the input set fed into the first layer of the method in an exogenous
variable processing manner. In this variable processing manner, the outputs of load
and the temperature were convolved separately, then the resultant outputs of the load
and the temperature was concatenated along with raw dummy variables. This idea was

also deployed for LSTM, GRU, and their variants deployed in the study to exploit the
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nature of the exogenous variable providing manner, however, it did not perform better

than the original setting that is 168x9 dimensional matrix providing to the methods.

Prediction strategies are also considered for this study. Since we perform multi-step-
ahead prediction task in addition to one-step-ahead prediction task, we have to use one
of the prediction strategies for multi-step-ahead predictions. Different prediction
strategies have been proposed for the task of multi-step-ahead prediction in the
literature [71], [80]. The pravelantly used multi-step-ahead prediction settings are
recursive strategy, direct strategy, and Multi-Input Multi-Output (MIMO) strategy in

the literature.

Multi-Input Multi-Output (MIMO) Strategy: A given multi-input sequence performs
prediction task for a whole output sequence with a single shot by constructing an

individual model for the prediction task.

Since we aim to perform one-day-ahead-prediction task along with one-hour-ahead
prediction task, the study entails choosing one of the strategies mentioned above for
multi-step-ahead prediction task in this study. MIMO strategy does not fit used data,
and direct strategy use entails much more complicated model construction for every
individual predictions, and entails burdensome computations for each model
constructed, thereby increasing computation time significantly in total. Moreover,
direct strategy cannot include AR process for the whole sequence to be predicted that
a pre-defined time lags affect the value to be predicted. The most suitable strategy for
the multi-step-ahead prediction for this study appears as the recursive strategy.
Recursive strategy has both computational time advantage, and inherent AR process
inclusion for the prediction task. For these reasons, we utilized the recursive strategy

for all multi-step-ahead predictions tasks in this study [26].

3.2 Background of the methods used

In this sub-section, we give background information about the methods used. We made
two comparative studies throughout this thesis. First one contains deployment of
frequently used machine learning methods and some of deep learning methods as
preliminary comparative analysis. This deployment was made to show the superiroity
of the deep learning methods over conventional machine learning methods. After

proving the superiority, we aimed to compare some of the existent deep learning
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methods with newly introduced 1-D CNN method which is the main theme of this
thesis. We partitioned this sub-section into two sections. First section includes
background information about machine learning methods deployed, and second
section includes background information about deep learning methods deployed. The
second section contains more theoretical background while the first one contains the
background information straightforwardly with respect to the deep learning methods
since the first section methods has supplementary role instead of main one in this
thesis. In the first section, SVR, ELM, Gradient Boosting Method (GBM), Extreme
Gradient Boosting Method (XGB), Light Gradient Boosting Method (LGBM), RF
were presented. Since the central theme in this study is deployment of existing deep
learning methods and newly introduced 1-D CNN method, their background
information are given in detail with respect to the machine learning methods used in
the thesis.

3.2.1 RF, GBM, XGBoost, and LGBM

A model which is made up of many models is called ensemble model. Within the scope
of machine learning models, two kinds of ensemble learning are available. One of
these is bagging while the other one is boosting. In the boosting, a set of weak learners
evolves over time, and forms a model that has strong learners at the end of evolution
over time through using weighted average of the learner algorithms iteratively. Any
succesive model teachs the upcoming model, then learners are boosted by this teaching
mechanism. On the other hand, random sampling with replacement is used to form a
learning model in boosting, and this sampling process is repeated many times to form
a learning model in boosting. In this mechanism, a sample is chosen randomly from a
data set used, then this sample is fitted to a regression or classification tree as per the
task of the method used. Randomly choice of a sample with replacement done for
boosting is called bootstrapping [81]. Ensemble learning methods are frequnetly used
for both of classification and regression tasks, and one of the areas in which ensemble

learning methods used is STLF in the literature.

RF method is a kind of bagging method, and classification and regression tasks can be
performed by the method. Several samples which are randomly selected from a
training data set by bootstrapping which has independent and identically distributed
feature are chosen to form a set of prediction trees. Then, Classification and Regression
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Tree (CART) algorithm is deployed to this set of prediction trees formed by
bootstrapping. By each set of prediction trees, the resultand predictions of the formed
trees are collected, and final predictions of these trees are aggregated to get a result of
the method.

In RF method, there are a few important points to be considered in modelling. One of
them is to identify the best cutting number that is where the node cretaed in a tree will
be split. Selection among the features of a model is done to spot the best cutting
number. Another important point in RF method is out-of-bag-error (OOBE).OOBE
can be considered as the generalization error which is the performance of a method for
an unseed data set, and gauges the generalization of RF method. More theoretical

information about RF methods can be found in [82].

Gradient Boosting Method (GB), Extreme Gradient Boosting (XGB), Light Gradient
Boosting Method (LGBM) are kinds of boosting methods as their name suggests in
ensemble learning categories. In boosting, the model’s evolves over time, and the final
model is formed by constructing a set of stronger learners from a set of weak learners
iteratively throughout this evolution process. GBM is based on additive models in
boosting, and may perform both of classfication and regression tasks. The additive
model constructs GBM works by forward step-wise manner, and loss function is
minimized by utilizing selected weak learner, current model and corresponding fit to
the model in each step of model construction phase. The solution of the minimization
problem is made by gradient descent algorithm which is the prevalently used iterative
algorithm in machine learning domain. In RF method, Variable Importance (V1) is an
important factor. Splits for each tree to get the loss function minimized are performed
by computing the VI for each variable. A variable having high importance contributes
to minimization of the loss function more, and makes more improvement of the model
predictions while less important variable one makes less contributions to both
minimization of the loss function, and improvement of the model predictions. The
more VI has a variable, the more VI it will have [83]. More information about GBM
can be found in Ref. [84].

Extreme Gradient Boosting (XGBoost) method is another boosting type in ensemble
learning categories. The method was proposed by Ref. [85], was based on decision
trees. In general, GBM and XGBoost works in the same way, however, XGBoost
differs from GBM in a few manners. First difference is that XGBoost uses second
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order derivative of the loss function unlike GBM. This second order derivative use
boosts the performance of XGBoost by enabling it to get into a better places in the loss
surface. Second difference is that XGBoost’s providing L1 and L2 regularization. This
regularization prevents overfitting of model thereby improving the generalization
ability of the model. Third difference is that XGBoost provides parallel computing,
and this parallelization in computing reduces the burdensome of the computations
regiured by the model especially caused by introduced second order derivation taking.

More information about XGBoost method can be found in [85].

Another boosting type of method used in this thesis is LGBM. Computation of
information gain of each possible split points for all training examples in a data set
creates a computational time complexity thereby this computational time burdensome
turns out to be a problem in model deployment for GBM. LGBM addresses this
problem by introducing two novel approaches. One of them is Gradient-based One-
Side Sampling (GOSS), and the other one is Exclusive Feature Bundling (EFB) [86].
GOSS aims to put emphasis on under-trained training examples with less change in
their distributions. Augmentations for the sampled data with small gradients are
performed by GOOS approach, and this approach contributes to inclusion of the under-
trained examples into model by the augmentations since the largest information gain
is considered by making split at each node in a decision tree [86]. On the other hand,
EFB approach aims to reduce feature space into a single feature space. This is because
mutually exclusive feature space creates a sparse feature space, and hence bundling
exclusive features into an individual feature will speed up computation by decreasing
the computational complexity from O(#data x #features) into the one
O(#data x #bundle). In this complexity measures, the number of bundles are pretty
much less than the number of features. These mentioned approaches contributes to
efficacy and scalability of the high feature spaces, reducing the computational
burdensome thereby emerging as an alternative method for machine learning

applications. More information about LGBM can be found in Ref. [86].

3.2.2SVR

Support Vector Machine (SVM) method was proposed by Ref. [87]. This method is
based on statistical learning theroy, and used in many works for both classification and

regression tasks even the method was originally developed in the context of
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classification tasks. By proving its efficacy in classification tasks, the method was
extended for regression tasks, and dubbed Support Vector Regression (SVR). The
motivation behind SVR is to construct a robust regression which reduces the effects of
outliers in the regression task dealt with [88]. SVR provides a unique solution for a
problem since it delas with a constrained optimization problem if the properties of the
problem are met. The basic idea in SVR deployment is that it tries to solve optimization
problem by a non-linear mapping of an input set into a higher dimensional feature
space by utilizing kernel trick. It also benefits from duality theorem of the optimization
theory in its mechanism [89]. More information about SVM and SVR can be found in
[84].

3.2.3ELM

[90] proposed a distilled version of neural network by introducing ELM. A new
training alogirthm for a single-hidden layer feed-forward neural networks was
proposed by the authors. In this training scheme, hidden nodes in a single-hidden layer
feed-forward neural networks are chosen randomly, then analytical solutions for
outputs of the networks are performed unlike the regular training algorithms does it
iteratively. By this manner, the problem is converted into a leas squares problem, hence
an analytical solution is obtained for the networks. ELM can be used for both

classification and regression tasks.

In most of problems that use the neural networks, number of training examples are
more than number of hidden nodes. Hence, the matrix of hidden nodes to be inversed
will not be a square matrix thereby reaching the zero training error under this condition
is impossible. ELM helps the network be an over determined linear system for
solution, and it provides a special solution by utilizing Moore-Penrose (MP) which is

a generalized inverse used for the hidden nodes in the neural networks by ELM.

3.24LSTM and GRU

Long-term computing dependency in sequential data makes to process the data and get
promising results hard for shallow neural networks. RNNs provides a solution for this
type of data by introducing recurrence of feedback within layers of the neural networks
by a time delay ability [38]. In a typical RNN, output value at time step t is computed

by means of input value at current time step and output value conveyed from earlier
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time steps obtained by the recurrences. A hidden state computation at time step t for
an RNN is given in Equation 3.3.

hy = f(wix; + wphe_y + b) (3.3)

where h; is the hidden state value at time step t, x; and h;_, denote the input value at
current time step t and the output value (hidden state) of one time step before,
respectively. w; and wj, denote weights for the input, and the hidden state of the
previous time step, respectively. b denotes bias term for a hidden layer, and f denotes

a non-linear activation function.

As it was mentioned that RNNs are superior over feed-forward neural network in
processing sequential data that have long term dependency, even RNN may suffer
from this long term dependency. This long term dependency creates gradient vanishing
and exploding in backpropagation since too small numbers or too large numbers will
be multiplied within a chain of sequence in the succesive layers. Hence, gradients will
explode or vanish. As a result, RNNs efficacy will degrade. Within these problems,
much more complicated one is vanishing gradient problem since “exploding gradient
problem” was addressed by a simple solution that is gradient clipping proposed by
[91]. On the other hand, attempts to address “vanishing gradient problem” have been
made by researchers. In these attempts, use of gating mechanisms to prevent the
problem is the central theme. LSTM proposed by [92] and GRU proposed by [93]
addressed “vanishing gradient problem” by utilizing gating mechanism in RNNs, and
got promising results. LSTM method has some variants in which some modifications
are done by some merging operations in its gating mechanisms. Clockwork RNN,
Depth-Gated LSTM, and GRU is some of the modified versions of LSTM, however,
the most prevalently used modified version of LSTM is GRU method. Hence, we will
present LSTM and GRU methods, which are the subject of this thesis, in detail.

An LSTM cell is comprised of input, output and forget gates. Each of these gates some
part of information of the LSTM cell. An exemplary visual of an LSTM cell is depicted
in Figure 3.5.
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Figure 3.5 : An LSTM cell.

According to Figure 3.5, input state and hidden state are concatenated where they are
denoted by x; and h;_, in Figure 3.5, respectively. Accordingly, this concatenated
inputs is taken in a sigmoid function, hence forget gate which spots the information to
be retained and forgotten is formed. This gate is denoted by f; in Figure 3.5, and its

computation is given in Equation 3.4.
fe = O'(Wf[ht—bxt] 0 bf) (3.4)

In Equation 3.4, Wy and by denote weights and bias term for the forget gate,
respectively. o denotes sigmoid activation function, and concetanation operation is

symbolized by the square bracket.

Cell state denoted by c; is rsponsible for storing the relevant information to be carried
into successor layers of LSTM. Cell state is formed by f;, c,_4, i, and C;. c,_,and C,
correspond to previous time step’s cell state and candidate values conveyed for the
next cell state, respectively while i; corresponds to input gate. Computations for an

input gate and a candidate values are given in Equations 3.5-3.6.

iy = o(Wilhe—1, x] + b;) (3.5)
Ct = T(W,[h¢—1, %] + b.) (3.6)

In Equations 3.5-3.6, weights for input gate and matrices of candidate values are
denoted by W; and W, respectively. Bias terms of input gate and matrices of candidate
values are denoted by b; and b, respectively. T corresponds to hyperbolic tangent
activation function. Cell state computation is given in Equation 3.7 in which O

represents element-wise multiplication.
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¢ =fiOci 1 +i, OC (3.7)

In Equations 3.8-3.9, output gate and hidden state for current time step computations

are given, respectively.

o = o(W,[he—1, x¢] + by) (3.8)
h: =0, ©T(c.) (3.9

GRU is a modified version of LSTM, and it merges forget and inputs gates into a single
update gate z,. In addition to that, cell state and hidden state are also merged in GRU.
GRU is comprised of two gates which are update and reset gates while LSTM has three
gates. In GRU mechanism, what information to be conveyed through the succesive
time steps are spotted by update gate. On the other hand, what information to be
forgotten are spotted by reset gate, r;. An exemplary visual of an GRU cell is depicted

in Figure 3.6.

ey

Zr

\

Figure 3.6 : A GRU cell.
In the following equations, Equations 3.10-3.11 give computations for update and reset

gates in order, and Equations 3.12-3.13 give computations for current memory content

and final memory content, respectively.

ze = o(Wg[he-1, xc]) (3.10)
1 = o(Welhe—q, x]) (3.11)
Et =TWlry = heoq, x¢]) (3.12)
he=(1—-2)0hi1+ 2 Oh, (3.13)
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In this thesis, stacked LSTM and stacked GRU methods with three layer stacks, and
their encoder-decoder versions are deployed. Stacked LSTM and encoder-decoder

LSTM methods are depicted in Figure 3.7 and Figure 3.8, respectively.
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Figure 3.7 : Stacked LSTM.

In the interest of brevity, stacked GRU visual is not given since replacement of LSTM

cells with GRU cells in Figure 3.7 gives the visual for stacked GRU.

Encoder

T T Decoder

(5] [5)
Z
1L
:
:

Figure 3.8 : Encoder-decoder LSTM.

In the interest of brevity again, visual for encoder-decoder GRU is not given since
replacement of LSTM cells with GRU cells in Figure 3.8 gives the visual of encoder-
decoder GRU. In Figure 3.7, each of rectangle boxes corresponds to an LSTM cell

depicted in Figure 3.5. Here x; denotes input of time step t. Dense box at the top of
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the rightmost of the figure refers to a fully connected layer, and y corresponds to
predicted value by the method. In Figure 3.8, encoder-decoder model is comprised of
two parts. The encoder state part includes stacked parts of cells, and encoder state is
constructed by the last LSTM cell’s output computed at the end of the sequence of the
first stacked part in the encoder. Accordingly, this encoder will feed the decoder part
which is a stacked part as well, and predictions will be performed by this part. Since
the information stored in the encoder part feeds the decoder part, and contributes to its
representation learning ability, the encoder-decoder architecture has proven its efficay
in representation learning, and it produces promising results alongside stacked
versions of LSTM and GRU. Thus, we include the encoder-decoder architecture as
well as stacked architecure. Since we will use lag value as 168 time steps, x; will
correspond to 168" input instance of an input set. In other words, x, in Figures 3.7-
3.8 will correspond to 168" input instance in stacked LSTM, stacked GRU, encoder-
decoder LSTM, and encoder-decoder GRU.

3.2.5 Proposed 1-D CNN based on VPNs

CNNs are different kind of neural networks which benefits from local connectivity
between layers by shared parameters. CNNs are used in many areas such as computer
vision, image recognition, pattern recognition, healthcare, robotics, natural language
processing. CNN deployments seems to be rare when compared to LSTM and GRU
deployments for time series problems, however, its deployments for time series
problems have gained momentum in recent times in the literature [68]-[70], [77], [94],
[95]. By considering this momentum combined with CNNs’ power, and the main
theme of this thesis, we aim to propose a novel method of CNN for a real-world case
of STLF, and compare the proposed method’s with with exsiting deep learning
methods ,and show the applicability and efficacy of it. As mentioned in earlier section
of the thesis, we try to develop 1-D CNN method based on VPNs which is a powerful
methods for video processing to address time series forcasting problem. In this sub-

section, background of the proposed method will be given in detail.

A CNN typically applies convolution operation with a fixed length kernel, k, by sliding
over an input x with a cretain stride. Hence, by this overlapping of each kernel on the
input patches, a representative output of the input is generated as a result of this

convolution operation. In this operation, element-wise multiplication of kernel with
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the input patches is performed, then the resultant outputs of this multiplication is
summed up, hence feature maps of the input are cretaed which is mentioned as the
representative output. The depth of output is relied on number of filters used in the
convolution operation. On the other hand, the spatial dimensions of the feature maps

are relied on stride for the convolution and padding for the input [26].

1-D CNN used in the proposed method is regarded as the suitable one for time series
type of problems. The convolution operation with a one-dimesional CNN is given in
Equation 3.14.

gi = (xxw)(@) = XI2hx(i — k)w(k) (3.14)

where x corresponds to one-dimensional input thatis x € R%, w corresponds to weight
for the one-dimensional kernel applied that is w € R/ for the convolution’s

ithelement.

One type of convolution is causal convolutions which they do not violate the order of
data procossed thereby not allowing a value to be predicted reliance on values of future
time steps [96]. An illsutrative example of a causal convolution structure is given in

Figure 3.9.

Hidden Layer
Hidden Layer

Hidden Layer

Tnput

Figure 3.9 : Structure of causal convolutional layers.

One advantage of using causal convolutional layers instead of RNNs is that they do
not contain reccurrent conncetions within their layers thereby their compuation times
are significantly lesser than the ones of RNNs. When long sequences are modeled,
superiority of the causal convolutional layers over RNNs appears saliently. However,
there arises the risk of augmenting the receptive fields of a network as a result of
entailment of using many layers and/or large filters in causal convolutions. To address
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this problem, dilated convolutions comes in for solution in CNNs. It has similar
manner with causal convolutional layers except for the fact that the convolution
operations are performed over an input by striding with a determined stride rate [96].
An illustrative example of structure of a dilated causal convolutional layers is depicted

in Figure 3.10.
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Figure 3.10 : Structure of a dilated causal convolutional layers.

A dilated causal convolution operation for an input x with weight w and dilation rate

d is given in Equation 3.15.

hy = (x % w)(©) = Sh_g x(i — d)w(k) (3.15)

where the input x € R%, the weight for one-dimensional kernel is w € R’. Receptive
fields grows exponentially in dilated causal convolutions while their growth is linear
for causal convolutions. Exponential growth rate is computed as r = 271k, and the
linear one is computed as r = k(L — 1) where L corresponds to the length of the
sequnce (time-series data length) processed. Long-range temporal dependencies
available in sequences is efficiently processed by this exponentially grown receptive
fields. This growth also helps the network preserve resolution of input, work with
fewer parametrs thereby contributing the computational efficiency of the network [96].
Besides the dilated convolutions, residual connections are also another remarkable
property for CNNs. Depth is important feature in deep neural networks since making
abstractions in low/mid/high levels primarily depends on depth of a network. Hence,
it may boost performance of the network. Recently, architectures of networks that has
many depths have been producing promising results through using aforementioned

residual connections [97], [98]. However, deepening the networks may cause

34



degradation of these deep networks thereby making training of the deep networks hard.
This degradation problem is created by adding more layers to the networks rather than
being as a result of conventional overfitting problem of neural networks. This problem
in turn affects training error of the networks. [97] proposed an approach to address this
problem by introducing identity mapping of added layers. Desired underlying mapping
of an input H, is defined as F(x) :== H(x) — x, and original mapping is recasted into
F(x) + x. This recasted mapping facilitates identity mapping within succesive layers
of the deep networks [97],[26]. Hence, providing these identity mappings into the
neural networks prevents degradation problems in the neural networks, and contributes
to performance of the networks. An illustrative example of such an identity block is

depicted in Figure 3.11.

F(X) X identity

F(X)+X

Figure 3.11 : An identity mapping by a residual connection.

Residual Multiplicative Block (RMB) and Multiplicative Unit (MU) modules
proposed by [79] are another main ingredients used in the proposed 1-D CNN method.
They were originally developed for video processing task, however, we adopted MU
and RMB ideas with some modifications in their gtaing mechanisms for the proposed
method. Rather than deploying VPNs proposed by Ref. [79] directly, we deployed a
variant of this method for the essence of proposing a novel method in this thesis. A
typical MU has gates merged into a convolutional layer. This convolutional layer takes
in an input h which has T x c size. Here T corresponds to length of the input given,
and c corresponds to size of channels in the convolutional layer. A MU takes in the
input, and four gates are structured by this input which are update gate denoted by wu,
and other gates g,_s3. Consecutively, output of the MU is produced by element-wise
multiplications and summations performed on these gates [79], [26]. Computations for

the gates and resultant output are given in Equations 3.15-3.19.

35



g1 = oW = h) (3.15)

g2 =Wy * h) (3.16)
g3 =0(Ws *h) (3.17)
u = ReLU(W, * h) (3.18)
MU(h; W) = g, O ReLU(g, *h + g3 O u) (3.19)

where © corresponds to element-wise multiplication, and ReLU denotes rectified

linear unit activation function.

In the proposed 1-D CNN method, we replaced tanh activation function in the original
paper with ReLU presented in Equations 3.18-3.19. When tanh activtion is used in
update gate and for the resultant output of a MU, vanishing gradient may be
encountered for deeper layers thereby affecting the performance of the neural
networks. Hence, we proposed to replace tanh activations there with ReLU with the
aim of introducing more robust gradients againist vanishing problem where ReLU does
not attenuate magnitude of gradients of the input unlike tanh activation , and we in turn
got better results than the original setting of VPNs [26].

One of the main ingredients in the proposed methods is RMB module. In this module,
consecutive two layers are stacked. After this stacking, gradient propogation
throughout the networks used is performed easily by means of a residual connection
between input and output in this module. At the beginning part of a MU layer, channel
sizes of an input h is halved. This operation is done by performing 1x1 convolution
with linear transformation. Subsequently, resultant output of the first MU is conveyed
to second MU layers for processing. At the end of the second MU layer, 1x1
convolution with a linear transformation is done. As a result of this transformation, the
size of channels of resultant output of the sesond MU are doubled to comply with the
input input h. Finally, the resultant output and the input are added by using residual
connection [79].

Computations for an RMB module are given in Equations 3.20-3.24.

hy =W, *h (3.20)
h, = MU (hy; Wy) (3.21)
hz = MU (hy; W3) (3.22)
hy =W, % hs (3.23)
RMB(h;W) = h + hy (3.24)
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A MU structure is depicted in Figure 3.12.
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Figure 3.12 : Structure of a MU layer.

In Figure 3.12, R denotes ReLU activation function, and o denotes sigmoid activation

function.

An RMB structure is shown in Figure 3.13.
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Figure 3.13 : Structure of an RMB.

As mentioned before, an RMB module is comprised of two succesive MU layers
which have one convolution layers before and after them that controls the channel size
of the input provided to MU layers. By merging residual connection idea, dilation and
causal onvolutions along with MU layers and RMB modules, we generate the proposed
method which its architecture is depicted in Figure 3.14 [26].

In Figure 3.14, L denotes load input for a provided training dataset while T and H
denote temperature value, and hour cycle value for the training dataset. On the other
hand, D denotes dummy variables for weekdays. FC denotes a fully connected layer
for a network, and ¥ denotes predicted value by the method. We set the method to to
process inputs in exogenous variable manner to get more abstraction from data in

earlier layers. Hence, load data is provided seperately in the first layer of the proposed
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method, and temperature data along with hour cycles are provided into other branch
of the method as seen from Figure 3.14. After this processing, extracted feature maps
of the data for each feature are concetaned with dummy variables for weekdays, and
this whole input is fed into subsequent layers of the network [26].
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Figure 3.14 : The proposed 1-D CNN method architecture.
3.3 Applications and Comparative Studies

In this sub-section, we provide implementation details for the comparative studies, and
discuss their results in depth. Throughout all computations for all the methods
deployed in this thesis, we utilized Keras 2.2.2 with Tensorflow 1.10.0 as backend in

Pyhton 3.6 enviroment.
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In the first comparative study, we compared stacked LSTM, stacked GRU, ELM, SVR,
RF, GBM, XGB, LGBM. In all studies, we used Mean Squared Error (MSE) metric
for loss functions, it penalizes the error quadratically theeby performing efficiently
with respect to its conuterprts. Hence, we selected it for the loss functions. On the other
hand, Mean Absolute Percentage Error (MAPE) metric was used for comparing results
of the methods deployed in each comparative study since it is commnly used metric
by the provider firms. MSE and MAPE computations are given in Equations 3.25-
3.26, respectively.

MSE = = 2K, (y; — 9,)? (3.25)

MAPE = (= {<=1|y"y;f"

) «100 (3.26)

where K denotes size of the data set, y; and y; correspond to actual value and predicted

value of the time step i in the data set, respectively.

For each of the methods deployed, extensive parameter search by the grid search for
each method was conducted, and their best settings were included studies. We run each
of the methods ten times to get an ensemble results for them since randomization of
parameters of the methods may have huge effects on a single run. Thus, we aim to
prevent randomization effect on the method deployments by making ensembling of
the individual prediction results. In addition, we present statistical tests for the
ensemble results to identify whether the result of the best performing method
significantly better than the rest of the methods deployed. For this purpose,
MannWhitneyU test for the ensemble results were conducted since this non-parametric
test does not entail strict assumptions unlike its parametric counterparts. By taking the
advantage of this non-parametric test, we tried to identify the significance of the best
performing method with respect to the rest of the methods deployed in the study. In
the comparative studies, we present the monthly prediction results for the methods in
comparison tables. In the tables, the result of the best performing method was given in
bold, and the second one was italicized for convenience of tracking the results. In
comparison tables, difference column wass presented in which the percentage of
performance difference for the first and the second best performing methods were

computed [26].

In Table 3.1, one-hour-ahead predictions of the preliminary comparative analysis was

given.

39



Table 3.1 : One-hour-ahead predictions for the first comparisons.
GRU LSTM LGBM XGB GBR SVR RF ELM Difference

(%)
Jan. 094 0093 1.47 278 175 241 194 357 1.06
Feb. 100  1.03 1.27 296 184 159 223 3.08 2.91
Mar. 106  1.04 1.09 270 170 129 191 3.04 1.89
Apr. 093 098 1.19 292 187 133 253 3.29 5.1
May 107 103 150 343 217 164 257 370 3.74
Jun. 109 110 221 367 282 241 320 460 0.9
Jul. 095 099 164 347 216 179 250 3.48 4.04
Aug. 096 101 126 332 204 124 247 288 4.95
Sep. 110 101 203 401 251 268 299 432 8.18
Oct. 08 103 0.87 257 131 100 172 299 1.14
Nov. 098 085 1.06 251 156 105 176 2.80 13.27
Dec. 104  1.00 1.24 201 178 149 207 3.13 3.85
Mean 1.00  1.00 140 310 196 1.66 232 341 28.57

Stacked GRU and stacked LSTM methods outperformed the rest of the methods as per
the results given in Table 3.1. Only month that the overall best performing methods
falls behind the best performing one is October. However, the difference is minuscule
according to difference column. On the other hand, the best performing methods
majorly made predictions around 1% while the others’ predictions were dispersed.
Mainly, the performance differences between the best performing one and its succesor
method are clear for the months of April, August, September, November. The overall
difference between the best performing methods, stacked GRU and stacked LSTM,
and LGBM is 28.57%. The performance differences between the methods in
September and August are noteworthy. A religious holiday and a national holiday
concatenated when the latter one fell on the end days of August, and the former one
fell on the first days of September. Their combined effects have hugely impacted the
prediction ability and performance differences of the methods. The difference on
November is between the top two methods, it may have been caused by a random

effect since there is no clear explanation for difference.

A graphical illustration for the one-hour-ahead predictions is depicted in Figure 3.15.
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One-step-ahead prediction results for two days
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Figure 3.15 : One-hour-ahead predictions for the first comparisons.

Top four performing methods are depicted in Figure 3.15. After predictions,
significance of the performance differences will be investigated by MannWhitneyU

test. Results for the tests are given in Table 3.2.

Table 3.2 : First test results for the first comparisons.

Methods p-value Methods p-value
S.GRU-S.LSTM 0.155 S.LSTM-S.GRU 0.155
S.GRU-LGBM 0.00017  S.LSTM-LGBM  0.00018
S.GRU-XGB 0.00016  S.LSTM-XGB 0.00018
S.GRU-GBR 0.00017  S.LSTM-GBR 0.00018
S.GRU-SVR 0.00005  S.LSTM-SVR 0.00006
S.GRU-RF 0.00016  S.LSTM-RF 0.00017
S.GRU-ELM 0.00017 S.LSTM-ELM 0.00018

In the tests, p-value as equal to 0.01 is used to keep confidence inetrval tight. As per
the results given in Table 3.2, there is no an obvious performance difference between
stacked GRU and stacked LSTM, they both perform well for one-hour-ahead
predictions. On the other hand, they outperformed the rest of the methods for this
prediction task as the p-values are siginificantly smaller than the confidence interval.
Hence, by regarding the results in Table 3.2, we conclude that deep learning methods
outperformed the conventional machine learning approaches in one-step-ahead
prediction task with the data. As the second deployment for the first section of the
comparisons, we present multi-step-ahead predictions of deep learning methods and

machine learning methods. Table 3.3 presents one-day-ahead prediction results.
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Table 3.3 : One-day-ahead predictions for the first comparisons.
GRU LSTM LGBM XGB GBR SVR RF ELM Difference

(%)
Jan. 265  3.06 2.69 512 296 349 436 447 1.49
Feb. 206 228 2.21 563 338 243 471 3.97 6.79
Mar. 207 214 187 468 279 226 372 4.03 9.66
Apr. 194 201 221 481 315 237 411 439 3.48
May 263 274 3.30 605 3.97 360 454 551 4.01
Jun. 536 433 5.06 687 542 576 597 7.67 14.43
Jul. 292 294 424 684 519 342 621 480 6.8
Aug. 282 302 294 642 436 266 582 3.96 5.67
Sep. 480 462 5.62 881 671 538 908 645 3.75
Oct. 118 130 1.35 359  1.96 212 264 3.90 9.23
Nov. 136  1.72 1.88 388 256 191 320 3.66 20.9
Dec. 166 201 229 496 285 286 423 412 17.41
Mean 262 268 2.97 564 378 318 488 474 2.24

Results in Table 3.3 is somehow different from the results in Table 3.2 with respect to
some months. This may be because multi-step-ahead prediction is more challenging
than one-step-ahead predictions. Reguarly, multi-step-ahead predictions produce more
error than one-step-ahead predictions. As per the results given in Table 3.3, the most
successive method emerges as stacked GRU with a total MAPE of 2.62. It is followed
by stacked LSTM with a total MAPE of 2.68. The difference between the best
performing method and its successor is 2.24 % in total. Unlike one-step-ahead
prediction results, performance difference of predictions for September and August is
relatively low with respect to high error having months in the predictions. However,
prediction results are very high for September when investigated in methodwise
manner. The best performing method’s MAPE result is 4.62, and this result may be
caused by the aformentioned holiday concatenations at the end of August and at the
beginning of September. The other noteworthy prediction error appears on June. This
high error rate may be attributable to summer season since load consumption pattern
distincly can change. In addition, some part of June contained the Ramadan month that
night consumption patterns change. This effect may be combined with summer
season’s effect, and they may have synergystical effects on the load predictions. This
rare time issue modelling in load prediction area especially dual calendar effects

remains an open area for researchers.

We present a visual for one-day-ahead predictions for the first comparions by the best

performing 4 methods in analyses in Figure 3.17.
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Multi-step-ahead prediction results for one week
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Figure 3.16 : One-day-ahead predictions for the first comparisons.

We repeated the test with the same p-value whether the best performing method’s

results significantly differ from the rest of the methods. The test results are presented
in Table 3.4.

Table 3.4 : Second test results for the first comparisons.

Methods p-value
S.GRU-S.LSTM 0.342
S.GRU-LGBM 0.0018
S.GRU-XGB 0.00013
S.GRU-GBR 0.00013
S.GRU-SVR 0.00005
S.GRU-RF 0.00014
S.GRU-ELM 0.00015

As per the results obtained in Table 3.4, the ensemble performance of stacked GRU is
significantly better than the rest of the methods except for stacked LSTM. We have no
evidence to reject the null hypothesis that the results of stacked LSTM and stacked
GRU significantly differ from each other. As a result of the first comparsions, deep
learning methods significantly outperforms the conventional machine learning
methods for STLF with the data used. Hence, we extend our study to compare deep
learning methods. In these comparisons, stacked GRU, stacked LSTM, encoder-
decoder GRU, encoder-decoder LSTM, and the proposed 1-D CNN method will
perofrm the tasks for STLF predictions.
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In Table 3.5, we present one-hour-ahead prediction results for deep learning methods.

Table 3.5 : One-hour-ahead predictions for the second comparisons.
S.GRU S.LSTM E.D.GRU E.D.LSTM 1-D

CNN
Jan. 099997  0.99997  0.99997 0.99997 0.99997
Feb. 1.00002  1.00002 1.00002 1.00002 1.00002
Mar. 1.00012  1.00012 1.00012 1.00012 1.00012
Apr. 100033 100033 1.00033 1.00033 1.00033
May 100054  1.00054 1.00054 1.00054 1.00053
Jun. 100055  1.00055 1.00055 1.00054 1.00054
Jul.  1.00022  1.00022 1.00022 1.00022 1.00022
Aug. 100017 100017 1.00017 1.00017 1.00017
Sep. 100044  1.00043 1.00044 1.00043 1.00043
Oct.  1.00037  1.00037 1.00037 1.00037 1.00037
Nov. 100013  1.00013 1.00012 1.00012 1.00013
Dec. 1.00003  1.00003 1.00003 1.00003 1.00003

Mean 1.000241 1.000240 1.000240 1.000238 1.000238

As per the results obtained in Table 3.5, prediction performance of the methods are
nearly the same for one-step-ahead prediction tasks since they are powerful methods
for this task, and their feature extraction abilities far beyond the conventional machine
learning methods. The results of the first comparisons showed this fact clearly in the
previous analyses. Table 3.6 presents the test results of one-hour-ahead predictions for

the second (main) comparisons.

Table 3.6 : First test results for the main comparisons.

Methods p-
value
1-D CNN-S.GRU 0.368

1-D CNN-S.LSTM 0.942
1-D CNN-E.D.GRU 0.942
1-D CNN-E.D.LSTM  0.190

Since the prediction error differences are minuscule for all the methods, we directly
give the test results without presenting difference column for the method comparisons
in Table 3.5, and presented test results in Table 3.6. As per the results presented in
Table 3.6, there is no significance difference between methods in the task of one-step-
ahead prediction. A visual for this one-step-ahead predictions is depicted in Figure
3.17.
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One-step-ahead prediction results for two days
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Figure 3.17 : One-hour-ahead predictions for the second comparisons.

One-day-ahead prediction results for the second comparisons are given in Table 3.7.

Table 3.7 : Second prediction results for the main comparisons.

S.GRU S.LSTM E.D.GRU E.D.LSTM

1-D Difference

CNN (%)

Jan. 265 3.06 3.39 3.07 2.43 8.3

Feb. 206 2.28 2.35 2.16 1.74 155

Mar. 207 2.14 2.05 2.06 1.56 23.9
Apr. 194 2.01 1.96 1.87 1.54 17.6

May  2.63 2.74 3.02 2.68 2.55 3

Jun. 5.6 4.33 4.68 4.12 3.95 4.1
Jul. 292 2.94 3.56 2.70 2.47 8.5

Aug. 282 3.02 3.09 2.62 2.25 14.1
Sep. 480 4.62 4.50 4.66 3.88 13.8

Oct. 118 1.30 1.18 1.13 1.10 2.7

Nov.  1.36 1.72 1.49 1.63 1.24 8.8
Dec. 166 2.01 1.88 1.89 1.79 7.3

Mean  2.62 2.68 2.76 255 221 13.3

Unlike Table 3.5 results, results in Table 3.7 show the noteworthy differences between

the best performing method, the proposed 1-D CNN, and the rest of the methods for

the task of one-day-ahead predictions. As per the results presented in Table 3.7, the

proposed method outperforms the rest of the methods for all months except for

December. Stacked GRU outperforms the method in this month. In total, the

performance difference of the proposed method with respect to its successor is 13.3%

as given in the last row of the difference column in Table 3.7. Predictions for June and
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September are high as well as multi-step-ahead predictions of the first comparisons.
The same situation is encountered here as it will be mentioned in conclusions. The test
results for multi-step-ahead predictions for the main comparisons are given in Table
3.8.

Table 3.8 : Second test results for the main comparisons.

Methods p-value
1-D CNN-S.GRU 0.00018
1-D CNN-S.LSTM 0.00018
1-D CNN-E.D.GRU  0.00025
1-D CNN-E.D.LSTM 0.00033

A visual for multi-step-ahead predictions is given in Figure 3.18.
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Figure 3.18 : One-day-ahead predictions for the second comparisons.

As per the results given in Table 3.8, the proposed method has significantly better
results than the rest of the methods. The method outperformed the rest of the methods
in one-step-ahead predictions, however, performance differences were not clear, and
there was no significant difference between the methods. In contrast, the method
dominantly outperforms the rest of the methods according to the ensemble results for
the multi-step-ahead predictions, and the test results justify efficacy of the proposed
method for this prediction task. In the following sub-section discussions will be given
in brief.
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3.4 Dicussions of the Results

Two comparisons are made for this thesis. First one which is the supplementray one
to the second (main) comparisons contains the comparisons deep learning and machine
learning methods for the tasks of one-step-ahead prediction and multi-step ahead
prediction. According to the results of the one-step-ahead prediction and multi-step-
ahead predictions for the fitst comparisons, deep learning method, stacked GRU,
outperforms the rest of the methods.In these first comparisons, the performance
differences between the best performing method, deep learning, and the conventional
machine learning methods are spotted significant. One exception is that stacked GRU
outperformed stacked LSTM as well, but the performance differences between two
deep learning methods are not spotted as statistically significant in these tasks. As a
result of the first comparisons, two deep learning methods proved their efficacies.
Then, we extended the scope of the deployment to the main comparisons. In these
main comparisons, the proposed 1-D CNN method slightly goes beyond the other
methods in the prediction results, and performance differences of the predictions
between the proposed method and the rest of the deep learning methods are so
minsucule. Hence spotting any performance differences between deep learning
methods deployed does not produce any desired statistically significant result for one-
step-ahead prediction task. On the other hand, according to the multi-step-ahead
predictions deployed as one-day-ahead predictions, the proposed 1-D CNN method
outperformed the rest of the methods, and its prediction performance difference
suggests that there are significantly difference between the results of the proposed
method and the rest of the methods. At the end, the proposed 1-D CNN method
produced better results than the extant deep learning methods for the application data.
As per the results of the main comparisons, proposed 1-D CNN method emerges as a
challenger for extant deep learning methods. In the method-level regarding, all the
methods for each comparison, especially in the multi-step-ahead predictions, capturing
the rare time issue pattern emerged as a problem for all the methods. Prediction errors
for June and September are high with respect to other months. As mentioned before,
coincidence of some days of June with Ramadan month may have synergystically
affected the load consumption pattern on June with temperature effect. Another
noteworthy high errors are available for July, August and September. July and August
errors may be relatively low with respect to the errors for September, and these errors
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may be primarily caused by combined effects of high temeprature and humidity. In the
summer seasons, the combined effects lead to extensive air-conditioner use, the load
consumption characteristic in turn changes and diverges from the regular pattern. The
models may not be spotted these changes and divergences. Another landmark issue in
the prediction errors is the September errors. This is caused by two holidays’
coincidence on this month. This appears as the second rare time issue caused by dual
calendar effects [26].

In the prediction tasks, CNN’s feature extraction ability contributes to the proposed
method’s performances in the comparisons. Even LSTM and GRU have efficiency in
capturing patterns in sequential data. CNN also introduces pattern capturing like
LSTM and GRU, but local connectivity by parameter sharing and correlation capturing
with kernels boost its performance in many tasks including time series forecasting.
Hence, the proposed method exploited these natures for CNN, and outperformed the

other methods for the data used.
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4. CONCLUSIONS

In recent times, the emergence of Artificial Intelligence has been becoming more
apparent. Surge in big data regime, novel arcihtecture developments for neural
networks, advents in hardware and software supercharge the spread of Al deployments
in many industrial areas. In these developments and improvements, neural networks
has central importance since deep neuraal networks achieves good performances as
compared to their counterparts, machine learning and statistical learning methods, in
the context of regression and classification tasks. Supervised, unsupervised and
reinforcement learning types are supported by deep neural networks, they in turn get
promising results in computer vision, robotics, self-driving cars, natural language
processing, audio recognition, speech recognition, and so forth. Furthermore, other
industrial areas are also the subject of deployments Al techniques. Short-term
electricty load forecasting area is one of the areas that a supervised type of deep
learning methods are deployed that is the main aim of this thesis.

In this thesis, first of all, data preprocessing tasks were performed, and feature
extraction and preparations for each method were made. These preliminary tasks were
followed by first round of method comparisons. In this sense, we compared two deep
learning methods, stacked GRU and stacked LSTM, with conventional machine
learning methods widely used for STLF whether deep learning outperforms the
methods. As a result, the deep learning methods outperformed saliently the compared
methods for the tasks of one-hour-ahead and one-day-ahead predictions for which the
results were boosted by the statistical significance tests. This first stage is followed by
the second round of comparisons. In this sense, deep learning methods were compared.
Stacked LSTM, stacked GRU, encoder-decoder LSTM, encoder-decoder GRU, and
the proposed CNN 1-D method were compared. As a result, the proposed method
outperformed the rest of the methods in one-day-ahead prediction task which is proved
by statistical significance test. On the other hand, the proposed method outperformed

the rest of the method, however, the performance gain was minuscule to conclude that
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the proposed method is also superior to the rest of the methods in one-hour-ahead
prediction task. This fact is validated by the significance test as well.

This study has versatile contributions for both researchers and decision makers. In this
study, an end-to-end deep learning method was proposed for a real-world case, and its
efficacy was gauged by comparing it with some other end-to-end deep learning
methods. Hence, the results of the study presents a new method for the field of time
series prediction. On the other hand, the methods deployed in this study does not
contain hybridized methods that may move the practitioners out of the scope of deep
neural networks so that deployment of the methods are intiutive for managerial
decision makers in STLF area. Furthermore, elaboretaly designed application stages

provide insights and guide into the practitioners in this area [26].

Method-level and organizational level takeaways from this study are present as a result

of the method deployments. Method-level takeaways may be stated as followings [26]:

e Calendar effects are significant for modelling time series problemsi hence
boosts the performance of the methods when properly inserted for the methods
deployed,

e \With a nexus to above effects, dual calendar issue and its effects have central
importance in time series modeling. Hence, this problem can be addressed by

different approaches such as some business rules and adjustments,

e Beside recurrent neural network architectures, ability of CNNs appears as a
result of this study for time series problems. Not only with time series
problems, but also with all sequence problems, CNNs will likely compete

with recurrent neural network architectures,

e In this study, CNNs’ abilities of spatio-temporal feature extraction available
in data and capturing the correlation in long sequences emerge CNNs as a

challenger for its ciounterpart deep learning methods,

e The proposed method provides exogenous variable inclusion to modelling the
time series problem thereby enhancing the feature extraction ability in early
layers of the method by boosting the peroformance of it. This is because using

larger time-frequency resolution captures high-level features in advance
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separately for each feature. This enhancement works for only the proposed
method since exgoneous variable inclusion input setting for other deep

learning methods did not boost the performances of them.

As the organizational-level takeaways, the followings can be stated;

Due to big data regime, advents in hardware, GPUs, TPUs, MPPs, and software
solutions, Keras, Tensorflow, PyTorch, and so forth, for deep neural networks,
and introduction of novel architectures for deep neural networks, creating
business value by utilizing the aforementioned advancements will provide
many benefits for businesses. Electricty provider firms may be one of the
businesses which can benefit from these advanets to create business value in
the stated manner by using more intelligent methods such as deep learning and
deep reinforcement learning for their operations instead of conventional

statistical-based and machine-learning-based methods,

According to the results obtained in this study, deep learning methods
outperformed conventional machine learning methods for STLF. This fact
states that using the intelligent methods will contribute to decision making
process for predictions in the electricity provider firm. Furthermore, using
these methods will contribute different levels of the organizations. Some of the
contributions of the accurate predictions are reduction in maintenance costs,
stable and secure power supply system, low penalty costs for overestimating
or underestimating the load consumption, enhancement in competetiveness,

the market share growth.

Smart Grids, Distributed Generations, Smart Grid Plus, Energy 5.0, the Energy
Internet, the 10T concepts in the energy sector also entails intelligent method
use for efficient system management with low cost and agile response.
Introducing deep learning and deep reinforcement learning methods with
available big data for these concepts will enhance competitiveness of the

provider firms as well as load prediction tasks,

This study provides an off-the-shelf method(s) for both tasks of one-hour-
ahead and one-day-ahead predictions which are the major concerns for the
providers operating in Turkish electricty market regulated by EPIAS. Provided

off-the-shelf methods can readily be used by decision makers of the provider
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firms in STLF area in addition to the researchers in this area since it does not

require any theoretical knowledge of the methods.

Some future directions can be addressed as a result of this study. Some of these future

directions may be as followings;

To make the method deployment in large scale, real-case data of different
regions of Turkey can be used to compare the performance of the methods.

Firthermore, new architectures can be introduced to the comparisons,

We compared the proposed method with some of the prevalent machine
learning methods for STLF. Other machine learning methods can be
included for the comparisons such as Gaussian Process Regression, Lasso

Regression along with other real-case data,

Very Short-Term Load Forecasting and Medium-Term Load Forecasting
tasks can be preformed by using proper input settings with the proposed
method. Furthermore, performance of the proposed method can be
compared with other deep learning methods and machine learning methods

for these tasks.
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