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Short-term electrical energy consumption forecasting is crucial for efficient,
reliable, and economic operations of hospitals due to serving 24/7, and they require
round-the-clock energy. The main objectives of this thesis are to gather real-time
electrical energy consumption and meteorological data of a large hospital complex
by utilising an energy logger connected to a humidity-temperature transducer on-site
and MERRA-2 data to form a very-short term raw data set in RStudio environment
wherein R programming language is used; to develop a novel methodology that has
the capability of identifying missing and erroneous values in the raw data set,
replacing these values with NA values, imputing the NA values with different
methods, and completing the conversion process by creating a cleansed short-term
data set; to forecast short-term electrical energy consumption of the hospital by
using artificial intelligence based techniques; and to present benchmark analyses of
the obtained results by evaluating coefficient of determination, coefficient of
variation, mean absolute error, root mean squared error, mean absolute percentage
error, and discussing the future perspectives respectively.

Key Words: Short-Term, Electrical Energy Consumption Forecasting, Artificial
Intelligence Techniques, Imputation Methods, Hospital.
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7 giin 24 saat siirekli caligmalari nedeniyle enerji ihtiyaci devamlilik arz
eden hastanelerin verimli, giivenilir ve ekonomik isleyisi icin kisa donem elektrik
enerjisi tiiketim tahmini hayati onem tasimaktadir. Bu tezin ana hedefleri sirasiyla
sahadaki nem-sicaklik sensoriine bagh bir enerji kayit cihazindan ve MERRA-2
verilerinden faydalanarak, R programlama dilinin kullanildigr RStudio ortaminda
cok kisa donem bir ham veri seti olusturmak i¢in biiyiik bir hastane kompleksinin
gercek zamanli elektrik enerjisi tiiketim ve meteorolojik verilerini toplamak;
olusturulmug ham veri setindeki kayip ve hatali degerleri saptama, bu degerleri NA
ile degistirme, NA degerlerinin yerine farkli metotlar ile veri atama ve doniistiirme
islemini tamamlayarak temizlenmis bir kisa donem veri seti yaratma yeteneklerine
sahip 0zgiin bir metodoloji gelistirmek; yapay zeka tabanli yontemler kullanarak
hastanenin kisa donem elektrik enerjisi tiiketimini tahmin etmek; belirleme
katsayisi, varyasyon katsayisi, ortalama mutlak hata, kok ortalama karesel hata ile
ortalama mutlak yiizdesel hatay1 degerlendirerek ve gelecek ongoriilerini tartigarak
elde edilen sonuglarin karsilagtirmali analizlerini sunmaktir.

Anahtar Kelimeler: Kisa Donem, Elektrik Enerjisi Tiiketim Tahmini, Yapay Zeka
Yontemleri, Veri Atama Metotlari, Hastane.
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EXTENDED SUMMARY

More recently, energy forecasting applications not only on the grid side of
electric power systems, but also on the customer side for load and demand
prediction purposes have become crucial after the deregulation of electricity market
and advancements in the smart grid technologies. In this manner, short-term
electrical energy consumption forecasting (STEF), which covers hour, day, and
week ahead predictions, is essential to energy management and planning of all
buildings from households and residences in the small-scale to huge building
complexes in the large-scale.

Hospitals may be described as highly sophisticated organisations from the
point of view of functional, technological, economic, managerial, and procedural
aspects. The reliability of uninterrupted energy flow has utmost importance for
hospitals owing to their continuous duty for 24/7 operation without any excuses.
STEF is an essential tool that is not merely required for the integration of smart
grids to current electric power systems, but enhances hospital’s quality of energy
management and planning as well by monitoring energy consumption, finding base
and peak demands, reducing losses, minimising risks, securing reliability for
uninterrupted operation, playing an active role in making viable decisions in regard
to maintenance planning and future investments including both renewable and
non-renewable energy technologies such as photovoltaic (PV), landfill,
tri-generation fuelled by natural gas.

In this thesis, a study of research and application of real-time STEF using
artificial intelligence (AI) based techniques has been realised for a large hospital
complex in Adana, Turkey. Initially, in order to form a very-short term raw data set

with a sampling period of 10 minutes in RStudio environment wherein R
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programming language is wused, an energy logger connected to a
humidity-temperature transducer has been utilised for gathering real-time electrical
energy consumption and meteorological data on-site, and MERRA-2 (Modern-Era
Retrospective analysis for Research and Applications, Version 2) data of Global
Modelling and Assimilation Office of the US National Aeronautics and Space
Administration.

Very short-term raw data set has 3 input variable categories and 1 target
variable. The input variable categories are electrical, meteorological, and calendar
variables. Target variable is the actual electrical energy consumption. Electrical
variables can be stated as the historical electrical energy consumption variables
belonging to previous 10 minute, previous 1 day (the same time in the previous day),
and previous 1 week (the same time and day in the previous week). Meteorological
variables have been obtained from two different sources. The first source is on-site
humidity-temperature transducer which provides the indoor relative humidity and
temperature of the ambient where the transducer is located with the energy logger.
The second source is MERRA-2 data consisting of outdoor temperature, relative
humidity, pressure, wind direction, wind speed, rainfall, and short-wave irradiation.
Calendar variables include month of year, week of year, day of month, hour of day,
sample number of hour, and day type. The very short-term raw data set is
represented as a 52,416 x 19 matrix in RStudio environment.

Afterwards, the created very-short term raw data set is converted to a
cleansed short-term data set by applying a novel methodology named as forecast
time horizon converter (FTHC) which is developed to identify missing and
erroneous values in the very short-term data set, replace these values with NA
values, impute the NA values with different methods, and complete the conversion

process.
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Missing and erroneous values in the very short-term raw data set is occurred
due to power outages in the hospital. For this case, the actual variables where data
are missing are not the cause of the incomplete data. Instead, the cause of the
missing data is due to some other external influence which is power outage for the
case of hospital, and hence missing data mechanism for this case is missing at
random (MAR).

The number of variables possessing NA values for the very short-term data
set is 6 and they are actual, previous 10 minute, previous 1 day, and previous 1 week
electrical energy consumption, indoor relative humidity, and indoor temperature
acquired from the energy logger and the humidity-temperature transducer. The
number of rows having NAs varies between 379 and 398, while the proportion of
NAs for each variable changes from 0.723% to 0.759%. In total, 2,333 NAs in a
52,416 x 19 matrix correspond to a proportion of 0.234%.

To the best of one’s knowledge, first and foremost there is no certain
threshold to ignore the imputation, but the most of the literature suggests applying
complete case analysis to a data set with a missing data mechanism of MAR if the
proportion of missing data is below 5%. However, imputation looks very tempting,
because performing complete case analysis (CCA) by using listwise deletion to a
data set with a missing data mechanism of MAR sometimes wastes a whole row for
just one NA value in the row and frequently introduces bias which causes a loss in
efficiency. Therefore, Kalman filters (KalmanARIMA and KalmanStructTS),
interpolation (linear, Stineman, and spline), weighted moving average (simple,
linearly weighted, and exponentially weighted), kNN imputation, and persistence
(last observation carried forward and next observation carried backward) methods
are employed to compare the performances of different imputation methods and

reveal the impacts of each method on a data set especially prepared for energy



forecasting. After the completion of the conversion process, the cleansed short-term
data set is represented as 8,736 x 18 matrix in RStudio environment and names of
all variables remain the same except previous 10 minute owing to renaming as
previous 1 hour. In addition to those, sample number of hour variable is not used in
the short-term data set.

Next, STEF of the hospital is implemented by using multiple linear
regression (MLR) as a statistical technique for benchmarking purposes and Al based
techniques containing support vector machines (SVM), gene expression
programming (GEP), gradient boosted decision trees (GBDT), and artificial neural
networks (ANN) consisting of multilayer perceptron neural networks (MLPNN),
radial basis function neural networks (RBFNN), generalised regression neural
networks (GRNN), and group method of data handling polynomial neural networks
(GMDHNN) under identical constraints such as random sampling for training and
validation.

Furthermore, an algorithm containing sensitivity analysis is utilised for all
statistical and artificial intelligence techniques to calculate relative importance of
input variables in which the values of each variable are randomised and the effect on
the quality of the model is computed out of hundred. Depending on the results of
this analysis, within all input variables; electrical variable previous 1 hour,
meteorological variable short-wave irradiation, and calendar variable hour of day
have been identified as prerequisite for one hour ahead STEF. In order to reach
satisfactory results for one hour ahead STEF problem; the necessity of having at
least electrical variables containing previous 1 hour, 1 day, and 1 week;
meteorological variables including short-wave irradiation, indoor and outdoor
temperatures and rainfall; and calendar variables consisting of hour of day, week of

year, and month of year has been emphasised.
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As a consequence, benchmark analyses of the achieved results; in which
GBDT surpass other statistical and Al techniques, and imputed data sets with
KalmanARIMA, linear interpolation, and next observation carried backward are
ranked among the top three; are presented meticulously by evaluating coefficient of
determination (R?), coefficient of variation (CV), mean absolute error (MAE), root
mean squared error (RMSE), mean absolute percentage error (MAPE), and the

future perspectives are discussed after conclusions respectively.
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GENISLETILMIS OZET

Elektrik piyasasinin serbestlesmesi ve akilli gebeke teknolojilerindeki
gelismeler sonrasinda elektrik gii¢ sistemlerinin sadece sebeke tarafinda degil, yiik
ve talep tahmini amaglariyla miisteri tarafinda da enerji tahmin uygulamalar1 yakin
zamanda Oonem kazanmigstir. Bu sebeple, saatlik, giinliik ve haftalik ileriye doniik
ongoriileri kapsayan kisa donem elektrik enerjisi tiikketim tahmini (KDET) kiiciik
Olcekteki konut ve meskenlerden genis Olcekteki devasa bina komplekslerine kadar
tiim binalarin enerji yonetimi ve planlamasi i¢in gereklilik arz etmektedir.

Hastaneler iglevsel, teknolojik, ekonomik, yonetimsel ve prosediirel bakig
acilarindan son derece karmasik organizasyonlar olarak tanimlanabilirler. Mazeret
olmaksizin 7 giin 24 saat siirekli ¢alismalari nedeniyle kesintisiz enerji akisinin
giivenilirligi hastaneler icin azami Onem tagimaktadir. KDET yalmzca akilli
sebekelerin mevcut elektrik gii¢ sistemlerine entegrasyonu icin gerekli degil; enerji
tiiketimini gozlemleyerek, dip ve tepe taleplerini bularak, kayiplar1 azaltarak, riskleri
en aza indirgeyerek, kesintisiz ¢alisma i¢in giivenilirligi tesis ederek, fotovoltaik
(FV), kat1 atikk ve dogal gaz yakith trijenerasyon gibi hem yenilenebilir hem de
yenilenemeyen enerji teknolojilerini iceren gelecek yatirnmlar ve bakim planlamasi
ile ilgili uygulanabilir kararlarin alinmasinda aktif rol oynarak hastanenin enerji
yonetimi ve planlamasinin kalitesinin arttirilmasinda da gerekli bir aractir.

Bu tezde, Adana, Tiirkiye’deki biiyiik bir hastane kompleksi icin gercek
zamanli kisa donem elektrik enerjisi tiiketim tahmininin yapay zeka tabanlh
yontemler kullanilarak arastirilmasi ve uygulanmasi calismasi gergeklestirilmisgtir.
Ik olarak, R programlama dilinin kullamldigi RStudio ortaminda 10 dakika
ornekleme zamanli ¢ok kisa donem bir ham veri setini olusturmak amaciyla

sahadaki nem-sicaklik sensoriine bagli bir enerji kayit cihazindan ve ABD Ulusal
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Havacilik ve Uzay Dairesi Global Modelleme ve Asimilasyon Ofisi’nin MERRA-2
(Arastirma ve Uygulamalar Icin Modern Cag Retrospektif Analizi, Versiyon 2)
verilerinden faydalanilmisgtir.

Cok kisa donem ham veri seti 3 kategoride giris degiskenine ve 1 hedef
degiskenine sahiptir. Giris de8iskeni kategorileri elektriksel, meteorolojik ve takvim
degiskenlerinden olusmaktadir.  Hedef degiskeni ise giincel elektrik enerjisi
tilketimidir. Elektriksel degigskenler ge¢cmis 10 dakika, gecmis 1 giin (bir dnceki
giinlin ayn1 zamani1) ve ge¢mis 1 haftay1 (bir 6nceki haftanin aymi giin ve zamani)
blinyesinde barindiran gecmis elektrik enerjisi tiiketim degiskenleri olarak
belirtilebilirler. Meteorolojik degiskenler iki farkl1 kaynaktan elde edilmislerdir. Tlk
kaynak enerji kayit cihazinin bulundugu ortamin bina i¢i bagil nem ve sicakliginin
olciimiinii saglayan sahadaki nem-sicaklik sensoriidiir. Ikinci kaynak ise bina digt
sicaklik, bagil nem, basing, riizgar yonii, riizgar hizi, yagis miktar1 ve kisa dalga
1simmini iceren MERRA-2 verileridir. Takvim degiskenleri yilin ay1, yilin haftasi,
ayin giinii, gilinilin saati, saatin érnekleme numarasi ve giin tipini icermektedir. Cok
kisa donem ham veri seti RStudio ortaminda 52.416 x 19’luk bir matrisle
gosterilmektedir.

Sonrasinda, olusturulan ¢ok kisa dénem ham veri seti, tahmin zaman ufku
doniigtiiriicii (TZUD) olarak adlandirilan ve gelistirilme amaci bu veri setindeki kayip
ve hatali degerleri saptamak, saptanan degerleri NA ile degistirmek, NA degerlerinin
yerine farkli metotlar ile veri atamak ve kisa donem veri setine doniistiirme iglemini
tamamlamak olan 6zgiin bir metodoloji uygulanarak temizlenmis bir kisa donem veri
setine doniistiiriilmektedir.

Cok kisa donem ham veri setindeki kayip ve hatali degerler hastanedeki
enerji kesintileri nedeniyle meydana gelmektedir. Bu durumda, eksik verinin sebebi

kayip verinin bulundugu mevcut degiskenler degildir. Buna karsilik, eksik veri
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bagka bir dig etki nedeniyle meydana gelmis olup, bu etki hastane 6rnegi i¢in enerji
kesintisidir ve bu yiizden bu 6rnek icin kayip veri mekanizmasi rastlantisal kayiptir.

Cok kisa donem veri setindeki NA degerlerine sahip degiskenlerin sayisi 6
olup, enerji kayit cihaz1 ve nem-sicaklik sensoriinden elde edilen giincel, gecmis 10
dakika, gecmis 1 giin ve gecmis 1 hafta elektrik enerjisi tiiketimi, bina i¢i bagil nem
ve sicaklik degiskenleridir. Her degisken icin NA’lara sahip satirlarin sayis1 379 ve
398 arasinda c¢esitlenmekteyken, NA’larin oranlari ise %0,723 ile %0,759 arasinda
degismektedir. Toplamda, 52.416 x 19’luk matristeki 2.333 NA degeri %0,234’liikk
bir orana karsilik gelmektedir.

Bilindigi kadariyla, veri atamanin goz ardi edilmesi i¢in her seyden 6nce bir
esik bulunmamakta, fakat literatiiriin biiyiilk kismu kayip veri mekanizmasi
rastlantisal kayip olan bir veri setinin eger kayip veri orant %35’in altinda ise tam
vaka analizi (TVA) uygulamay:r onermektedir. ~ Bununla birlikte, kayip veri
mekanizmasi rastlantisal kayip olan bir veri setine listesel silme yontemiyle tam
vaka analizi uygulamanin bazen satirdaki tek bir NA degeri i¢in tiim satir1 bosa
harcamasi ve verim kaybina neden olacak sekilde siklikla sapma eklemesi yiiziinden
veri atama ¢ok cazip goriinmektedir. Bu nedenle, 6zellikle enerji tahmini igin
hazirlanmig bir veri seti {izerinde farkli veri atama metotlarinin performanslarini
karsilastirmak ve her metodun etkilerini ortaya cikarmak i¢in Kalman filtreleri
(KalmanARIMA ve KalmanStructTS), enterpolasyon (dogrusal, Stineman ve
spline), agirlikli hareketli ortalama (basit, dogrusal agirliklandirilmig ve iissel
agirliklandirilmig), k en yakin komsu ve siirerlik (6nceki gozlemi ileriye tasima ve
sonraki gozlemi geriye tasima) yontemleri kullanilmaktadir. Doniistiirme isleminin
tamamlanmasindan sonra, temizlenmis kisa donem veri seti RStudio ortaminda
8.736 x 18’lik bir matrisle gosterilmektedir ve adin1 gegmis 1 saat olarak degistiren

gecmis 10 dakika diginda tiim degiskenlerin adi ayn1 kalmaktadir. Ek olarak, saatin



ornekleme numarasi degiskeni kisa donem veri setinde kullanilmamaktadir.

Bundan sonra, hastanenin KDET, karsilastirma amaciyla bir istatistiki
yontem olan ¢oklu dogrusal regresyon (CDR) ve yapay zeka tabanli yontemlerden
destek vektor makineleri (DVM), gen ifadeli programlama (GiP), gradyan artirmali
karar agaclari (GAKA) ve yapay sinir aglarina (YSA) dayanan cok katmanl
algilayici sinir aglari (CKASA), radyal temelli fonksiyon sinir aglari (RTFSA),
genellestirilmis regresyon sinir aglar1 (GRSA) ve veri igleme grup yontemi polinom
sinir aglar1 (VIGYPSA) egitim ve dogrulama igin rastgele érnekleme gibi 6zdes
kisitlar altinda kullanilarak uygulanmaktadir.

Ayrica, tiim istatistiki ve yapay zeka yontemlerinin giris degiskenlerinin
bagil 6neminin hesaplanmasinda, her degigkenin degerlerinin rastgelelestirildigi ve
modelin kalitesine olan etkisinin yiiz lizerinden hesaplandigi hassasiyet analizi
iceren bir algoritma kullanilmaktadir. Bu analiz sonucuna bagh olarak, tiim giris
degiskenleri arasinda ge¢mis 1 saat elektriksel degiskeni, kisa dalga 1sinimi
meteorolojik degiskeni ve giiniin saati takvim degiskeninin bir saat sonraki KDET
icin 6n kosul olduklart tespit edilmistir. Ayrica, bir saat sonraki KDET probleminde
kabul edilebilir sonuclara ulagsmak i¢in ise en azindan ge¢mis 1 saat, 1 giin ve 1
hafta elektrik degiskenleri; kisa dalga 1g1nmimu, bina ici sicakligi, bina dig1 sicakligi ve
yagis miktar1 meteorolojik degiskenleri ile giiniin saati, yilin haftasi ve yilin ay1
takvim degiskenlerinin kullanilmasinin gerekliligi vurgulanmugtr.

Sonug olarak, belirleme katsayis1 (R?), varyasyon katsayis1 (VK), ortalama
mutlak hata (OMH), kok ortalama karesel hata (KOKH) ve ortalama mutlak
yiizdesel hatanin (OMYH) degerlendirilmesi ile GAKA’nin diger istatistiki ve yapay
zeka yoOntemlerini geride biraktigi, KalmanARIMA, dogrusal enterpolasyon ve
sonraki gozlemi geriye tagima ile veri atamasi yapilan veri setlerinin ilk 3 siray1

aldig1 sonuglarin kargilagtirmali analizleri titizlikle sunulmakta ve gelecek
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ongoriileri sonuglarin ardindan sirasiyla tartisitimaktadir.
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1. INTRODUCTION Kasim ZOR

1. INTRODUCTION

In this chapter, background and motivation, objectives, methodology,

contributions, and organisations of the thesis are emphasised respectively.

1.1. Background and Motivation

Recently, energy forecasting applications not only on the grid side of
electric power systems, but also on the customer side for load and demand
prediction purposes have come into prominence after the privatisation and
deregulation of electricity market and technological advancements in the smart grid.

According to time horizon, there are four categories of electrical energy
consumption forecasting (EF): (1) long-term electrical energy consumption
forecasting (LTEF), among 3-year and 50-year energy consumption is predicted, (2)
if the forecast ranges from 2 weeks to 3-year, then it is considered as medium-term
electrical energy consumption forecasting (MTEF), (3) short-term electrical energy
consumption forecasting (STEF) refers to hour, day, or week ahead predictions, and
(4) very short-term electrical energy consumption forecasting (VSTEF) which
includes few minutes to an hour ahead forecasting of energy consumption (Hong
and Fan, 2016).

LTEF is utilised for the long-term power system planning in accordance
with the future energy demand and energy policy of a country. MTEF is being used
for the efficient operation and maintenance of the large facilities in the power
system. MTEF is especially interesting for companies and large state facilities
operating in a deregulated environment, as it provides them valuable insights on the
market need of energy, maintenance schedule, fuel supplies, and occasional needs

for further investments related to renewable energy technologies (Kaboli et al.,
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2017). VSTEF and STEF play a crucial role in optimum unit commitment, control
of spinning reserve, evaluation of sales or purchase contracts between several
companies (Raza and Khosravi, 2015). EF applications and classification are

illustrated in the following figure.

Electrical Energy
Consumption Forecasting

7

Very Short-Term | ! Short-Term : Medium-Term : Long-Term

1 hour 2 weeks 3 years

Energy Purchasing ®

@&—— Transmission and Distribution Planning —— @

® Demand Side Management ®
&——— Operations and Maintenance ——@

&—— Financial Planning ——— @

Figure 1.1. EF applications and classification (Zor et al., 2017b)

The motivation of the thesis are expressed as follows:

e  After the deregulation of electricity, STEF is a necessity of energy
management and planning of all buildings from households and
residences in the small-scale to huge building complexes in the
large-scale.

e In Turkey, hospitals are seeking for renewable energy investment
opportunities such as installation of a PV system to supply electricity
as a reliable alternative to the grid and to sell excess electrical energy
to the grid with an advantageous tariff price containing incentives

which starts from 13.3 US cents/kWh up to 20.0 US cents/kWh in case
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of using domestically manufactured equipment (EMRA, 2019).

e The hospitals are also planning to install tri-generation plants (so
called CCHP plant which stands for combined cooling, heat, and
power plant) fuelled by natural gas due to a directive (Teksan et al.,
2017) by Republic of Turkey Ministry of Health which states that
hospitals equipped with more than 200 beds and spanning over 20,000
m? of closed area shall install either co-generation (so called CHP
which stands for combined heat and power) or tri-generation plant in
order to supply their own energy demands for improving energy
efficiency in health facilities (Teke and Timur, 2014; Teke et al., 2015).

e Before installing the mentioned plants for generating electricity to
hospitals operating in a deregulated environment; STEF, which is
implemented by statistical and Al (S&AI) techniques, is an essential
tool that is not only required for the integration of smart grids to
present electric power systems, but also improves hospital’s energy
management and planning quality by monitoring energy consumption,
finding base and peak demands, reducing losses, minimising risks,
ensuring reliability for continuous operation, taking an active role in
making viable decisions related to maintenance planning and future
investments including both renewable and non-renewable energy

technologies such as PV, landfill, tri-generation fuelled by natural gas.

1.2. Objectives

The main objectives of the thesis are described as follows:

e  To acquire real-time electrical energy consumption and meteorological

data of a large hospital complex by utilising an energy logger
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connected to a humidity-temperature transducer on-site and MERRA-2
data to form a very-short term raw data set with a sampling period of
10 minutes in RStudio environment,

e To develop a novel methodology named as forecast time horizon
converter (FTHC) which has the capability of identifying missing and
erroneous values in the raw data set, replacing these values with NA
values, imputing the NA values with different imputation methods, and
completing the conversion process by creating a cleansed short-term
data set with a sampling period of 1 hour,

e To forecast short-term electrical energy consumption of the hospital by
using multiple linear regression (MLR) as a statistical technique for
benchmarking purposes and Al based techniques containing support
vector machines (SVM), gene expression programming (GEP),
gradient boosted decision trees (GBDT), and artificial neural networks
(ANN) consisting of multilayer perceptron neural networks (MLPNN),
radial basis function neural networks (RBFNN), generalised regression
neural networks (GRNN), and group method of data handling
polynomial neural networks (GMDHNN) under identical constraints,
and to calculate relative importance of input variables,

e To present a benchmark analysis of the obtained results by evaluating
coefficient of determination (R?), coefficient of variation (CV), mean
absolute error (MAE), root mean squared error (RMSE), and mean

absolute percentage error (MAPE).
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1.3. Methodology
Steps of the applied methodology for the thesis are summarised in the

previous figure and given as follows:

e  Primarily, in order to form a very-short term raw data set with a
sampling period of 10 minutes in RStudio environment wherein R
programming language is used, an energy logger connected to a
humidity-temperature transducer is utilised for gathering real-time
electrical energy consumption and meteorological data on-site, and
MERRA-2 data.

e  Very short-term raw data set has 3 input variable categories and 1
target variable. The input variable categories are electrical,
meteorological, and calendar variables. Target variable is the actual
electrical energy consumption. Electrical variables can be stated as the
historical electrical energy consumption variables belonging to
previous 10 minute, previous 1 day (the same time in the previous
day), and previous 1 week (the same time and day in the previous
week). Meteorological variables are obtained from two different
sources. The first source is on-site humidity-temperature transducer
which provides the indoor relative humidity and temperature of the
ambient where the transducer is located with the energy logger. The
second source is MERRA-2 data consisting of outdoor temperature,
relative humidity, pressure, wind direction, wind speed, rainfall, and
short-wave irradiation. Calendar variables include month of year, week
of year, day of month, hour of day, sample number of hour, and day

type. The very short-term raw data set is represented as a 52,416 x 19
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matrix in RStudio environment.

e  Afterwards, the created very-short term raw data set is converted to a
cleansed short-term data set by applying a novel methodology named
as FTHC which is developed to identify missing and erroneous values
in the very short-term data set, replace these values with NA values,
impute the NA values with different methods, and complete the
conversion process.

e  Missing and erroneous values in the very short-term raw data set is
occurred due to power outages in the hospital. For this case, the actual
variables where data are missing are not the cause of the incomplete
data. Instead, the cause of the missing data is due to some other
external influence which is power outage for the case of hospital, and
hence missing data mechanism for this case is missing at random
(MAR).

e  The number of variables possessing NA values for the very short-term
data set is 6 and they are actual, previous 10 minute, previous 1 day,
and previous 1 week electrical energy consumption, indoor relative
humidity, and indoor temperature acquired from the energy logger and
the humidity-temperature transducer. The number of rows having NAs
varies between 379 and 398, while the proportion of NAs for each
variable changes from 0.723% to 0.759%. In total, 2,333 NAs in a
52,416 x 19 matrix correspond to a proportion of 0.234%.

e To the best of one’s knowledge, first and foremost there is no certain
threshold to ignore the imputation, but the most of the literature
suggests applying complete case analysis (CCA) to a data set with a

missing data mechanism of MAR if the proportion of missing data is
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below 5%. However, imputation looks very tempting, because
performing CCA by using listwise deletion to a data set with a missing
data mechanism of MAR sometimes wastes a whole row for just one
NA value in the row and frequently introduces bias which causes a loss
in efficiency. Therefore, Kalman filters, interpolation, weighted
moving average, kNN imputation, and persistence methods are
employed to compare the performances of different imputation
methods and reveal the impacts of each method on a data set especially
prepared for energy forecasting.  After the completion of the
conversion process, the cleansed short-term data set is represented as
8,736 x 18 matrix in RStudio environment and previous 10 minute is
renamed as previous 1 hour because of the conversion. In addition to
those, sample number of hour variable is not used in the short-term
data set.

e Next, STEF of the hospital is implemented by using MLR as a
statistical technique for benchmarking purposes and Al based
techniques containing SVM, GEP, GBDT, and ANN consisting of
MLPNN, RBFNN, GRNN, and GMDHNN under identical constraints
such as random sampling for test and validation. Moreover, an
algorithm employing sensitivity analysis is performed to all S&AI
techniques for computation of relative importance of input variables
where the values of each variable are randomised and the effect on the
quality of the model is measured out of hundred.

e  Consequently, a benchmark analysis of the achieved results, in which
GBDT surpass other S&AI techniques, while imputed data sets with

KalmanARIMA, linear interpolation, and next observation carried
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backward are ranked among the top three, is presented meticulously by

RZ, CV, MAE, RMSE, and MAPE.

1.4. Contributions

The main contributions of the thesis are detailed as follows:

o It is the first time in Turkey, an application of real-time electrical
energy forecasting study with comprehensive meteorological
observations and high reliability is conducted for a large-scale
nonindustrial building complex in order to create a novel data set with
sampling periods in accordance with very short-term and short-term
horizon by utilising FTHC. The created data set may be used for
undergraduate and graduate level courses in relation with management,
planning, economics, and analytics of electrical energy in electrical
and electronics engineering. For future studies, researchers may
benefit from the data set for electrical energy consumption, electric
load and demand studies from 10 minutes to 1 hour ahead forecasting
by the FTHC. In addition to those, studies in the STEF literature is
limited especially for real-time applications, and this thesis is thought
to fill the gap in the STEEF literature.

e R programming language and thereby RStudio are valuable assets in
terms of S&AI applications, data manipulation, wrangling, and
visualisation. Despite this, it is considered that electrical energy
studies in the related literature do not give R the well-deserved credit
for its capabilities. One of the key contribution of the thesis is using R
from beginning to end for a sophisticated problem in power

engineering by presenting R from the electrical and electronics
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engineering’s point of view.

e  Missing data are almost never processed in the energy forecasting
literature apart from a few studies. One of the most significant
contribution of the thesis is to investigate the individual effects of a
variety of imputation methods on an energy forecasting data set by not
just performing CCA and deleting the rows having NAs. To the best of
our knowledge, this thesis is the first study in the literature that
implements Kalman filtering, interpolation, weighted moving average,
persistence, and kNN imputation approaches to missing data for a
real-time STEF problem. It is suggested that KalmanARIMA and
linear interpolation may be applied to energy forecasting data sets for
STEF problem in future studies.

e The novel FTHC methodology debuting in the thesis is mainly
developed for energy forecasting applications due to the steady nature
of electric power systems where fluctuations are evaluated as unwanted
circumstances.  Nonetheless, it is considered that deviation and
tolerance structure of the FTHC may be employed for applications
where sudden changes in the magnitude of parameters are undesirable.

e  An algorithm including sensitivity analysis is used to calculate the
relative importance of input variables. = Comprehensive analyses
conducted by using the algorithm indicated that previous 1 hour,
short-wave irradiation, and hour of day variables should be underlined
as prerequisites among all input variables for one hour ahead STEF. By
the way, electrical variables containing previous 1 hour, 1 day, and 1
week; meteorological variables including short-wave irradiation,

indoor and outdoor temperatures and rainfall; and calendar variables

10
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consisting of hour of day, week of year, and month of year should be at
least provided for one hour ahead STEF.

e  STEEF is performed for a 1-year period using S&AI techniques under
identical constraints. Carrying out analyses with the same criteria
unveils the genuine performance of the S&AI techniques for a better
comparison in terms of R2, CV, MAE, RMSE, and MAPE. It can be
inferred from the acquired detailed results that GBDT delivered an
outstanding performance by any measure in comparison with other
S&ALI techniques for STEF. Therefore, it is recommended that GBDT
should employ for STEF more frequently.

e  Obtained results from benchmark analyses fulfilled in the scope of this
work are invaluable in reference to administrations of both university
and hospital owing to the fact that they may utilise this work for
hospital’s interest not only in the forthcoming integration of the smart
grid, but also in improving energy management and planning quality
by reducing losses, minimising risks, securing reliability for
uninterrupted operation, making viable decisions particularly for
maintenance scheduling and future investments related to PV, landfill,
or natural gas fuelled tri-generation.

e  The last contribution of the thesis is to find out the correlativity of
seasonality and electrical energy consumption of heating, ventilation,
and air-conditioning (HVAC) systems. The experimental results
revealed that seasonality has a dominant influence on STEF
performance of the hospitals in which HVAC systems constitute the
major part of electrical energy consumption. On the other hand, it is

seen that day type variable, which determines whether a day is either
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weekend and public holiday or working day, is a preeminent classifier

in STEF of hospitals thanks to the operation of polyclinics.

Much of the work in this thesis is an extension on the work presented in the

following publications:

e Teke, A., Zor, K., and Timur, O., 2015. A simple methodology for
capacity sizing of cogeneration and trigeneration plants in hospitals: A
case study for a university hospital. Journal of Renewable and
Sustainable Energy, 7(053102):1-15. DOI:|10.1063/1.4930064

e Zor, K., Timur, O., and Teke, A., 2017. |A state-of-the-art review of
artificial intelligence techniques for short-term electric load
forecasting. Proceedings of the 6th International Youth Conference on
Energy (IYCE2017), Budapest, 1-7. DOI:
10.1109/1YCE.2017.8003734

e Zor, K., Timur, O., Celik, O., Yildinim, H. B., and Teke, A., 2017.
Interpretation of error calculation methods in the context of energy
forecasting. Proceedings of 12th Conference on Sustainable
Development of Energy, Water and Environment Systems
(SDEWES2017), Dubrovnik, 0722:1-9.

e Zor, K., Celik, 0., Timur, O., Yildinnm, H. B., and Teke, A., 2018.
Simple approaches to missing data for energy forecasting applications.
Proceedings of the 16th International Conference on Clean Energy
(ICCE-2018), Gazimagusa, FORC-03:1-4.

e Zor, K., Timur, O., Celik, 0., Yildirim, H. B., and Teke, A., 2018. Very
Short-Term Electrical Energy Consumption Forecasting of a Household

for the Integration of Smart Grids. Official Conference Proceedings of
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the European Conference on Sustainability, Energy & the Environment
2018 (ECSEE2018), Brighton, 1-14.

e Timur, O., Zor, K., Celik, 0., Teke, A., and ibrikgi, T., In Press.
Application of Statistical and Artificial Intelligence Techniques for
Medium-Term Electrical Energy Forecasting: A Case Study for a
Regional Hospital. Journal of Sustainable Development of Energy,

Water and Environment Systems, 1-17. DOI: |Unassigned

1.5. Organisation of the Thesis

Organisation of the thesis is summarised and demonstrated as follows:

e  Chapter 1: An introduction to the thesis with elucidate designs is
presented by stating background and motivation, objectives,
methodology, original contributions, and organisation of the thesis.

e  Chapter 2: A brief summary of related literature including PhD theses,
journal and conference publications are given meticulously.

e  Chapter 3: In this chapter, data acquisition stage for the realisation of
STEF, a brief introduction to R programming language, and data
wrangling and visualisation with RStudio are rigorously explained.

e  Chapter 4: The novel FTHC is expressed in details by the help of an
explanatory flowchart and graphics with high visuality.

e  Chapter 5: Individual effects of a variety of imputation methods on
a real-time energy forecasting data set is investigated throughout this
chapter.

e Chapter 6: MLR as a statistical technique and Al based techniques
containing SVM, GEP, GBDT, and ANN consisting of MLPNN,
RBFNN, GRNN, and GMDHNN are thoroughly processed.
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o  Chapter 7: The detailed results of benchmark analyses are discussed
during this chapter.
e  Chapter 8: Conclusions and future perspectives belonging to the thesis

are presented respectively.

In the following chapter, literature review of the thesis is given according to

journal and conference publications, and PhD theses.
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2. LITERATURE REVIEW

In this chapter, a brief summary of related literature including PhD theses,
journal and conference publications, which are contained by ProQuest Dissertations
and Theses Database, Institute of Electrical and Electronics Engineers (IEEE) Xplore
and ScienceDirect Digital Libraries, and other databases and libraries, are presented

meticulously.

2.1. Related PhD Theses in the Literature

The related theses in the literature start with Al-Madfai’s thesis work named
as “Weather Corrected Electricity Demand Forecasting” which was published in
2002. According to Al-Madfai, the complexity of short-term load forecasting
(STLF) problem is based on the multiple seasonal components, the change in
consumer behaviour during holiday seasons, and other social and religious events
which affect electrical energy consumption. The purpose of his research was to
create models for electric demand that can be utilised to further the understanding of
the dynamics of electrical energy consumption in South Wales, to generate weather
corrected forecasts, and to obtain short-term load forecasts. In his work, a novel
explanatory collective measure of temperature, entitled “Fair Temperature Value”
(FTV) was introduced, and two time series modelling approaches, namely profiles
auto-regressive integrated moving average (PARIMA) and variability decomposition
method (VDM) were employed to model the daily, weekly, monthly, and quarterly
demand series. VDM model with FTV was used for weather correction because of
the fact that it was the most successful model in the analyses (Al-Madfai, 2002).

Topall1 proposed a method which employs recurrent neural networks (RNN)

in order to perform one day ahead forecasting for Turkey’s total electric load. In her
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work, she developed a hybrid learning scheme, which integrates off-line learning
with real-time forecasting, to utilise historical data for adjusting the weights and
neuron relations with respect to the changing conditions. She offered a solution for
all load types such as working days, weekends, and public holidays, and she also
suggested a technique based on principal component analysis (PCA) for the
selection of input variables. As a consequence, she compared her model with an
auto-regressive moving average (ARMA) model for the same data, and the proposed
method provided lower errors (1.60% as MAPE), especially for loads belonging to
public holidays (Topalli, 2003).

Owing to the introduction of deregulated market structure, Fay presented a
strategy to reduce costs from electric demand forecast error employing models
developed particularly for the Irish system under three categories including data
segmentation, modelling technique, and the approach to minimise the impact of
errors exist in weather inputs. In his work, a variety of segmentation strategies were
analysed and the one suitable for Irish data was determined. Linear and non-linear
techniques are compared to find the optimal model (2.89% as MAPE), and a novel
method is offered for minimising the impact of weather forecast errors (Fay, 2004).

Yang suggested applying forward second order difference (FSOD) and
backward second order difference (BSOD) in Shanghai Power Grid and German
data to detect bad sectors between the adjacent continuous segments by regressing in
a quadratic form for power system STLF. After detecting the bad data and replacing
them with reasonable data, regression trees (RT), support vector regression (SVR),
and a combination method of RT and SVM were proposed (2.63% as MAPE).
According to Yang, proposed methods should not only be limited to STLEF, but also
be used for other horizons of load forecasting (Yang, 2006).

Hassnain preferred to use particle swarm optimisation (PSO) algorithm in
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order to train ANN due to the drawbacks of back-propagation (BP) algorithm for
STLF. In addition, Hassnain employed modularised approach for capturing the trend
to overcome the effects of seasonality. From the point of view of Hassnain, the
developed approach gave better trained models and resulted in fairly accurate
forecasts (Hassnain, 2009).

According to Hong, with the advancements in the smart grid technologies,
load forecasting comes into prominence by the reason of its broad applications in
the planning of demand side management, electric vehicles, distributed energy
resources, and so on. In his work, he proposed an integrated forecasting framework
with the focus on STLF engine which can be easily connected to several forecasts.
Hong implemented MLR, possibilistic linear model (PLM), and ANN based load
forecasters, and compared them as a benchmark (2.96% as MAPE) for STLF (Hong,
2010).

Zhao applied a variety of SVM methods for the prediction of building
energy consumption. An approach based on recursive deterministic perceptron
neural networks was proposed for the enhancement of a diagnostic method which
may detect faults of a particular equipment. Also, a feature selection method is
suggested to reduce the input dimension of SVR. Lastly, a new parallel approach
was developed to optimise the training of SVM for multi-core and multiprocessor
systems, and compared the approach with Libsvm and Pisvm. According to the
benchmark tests conducted in Zhao’s thesis, the new approach overwhelmed the
others (Zhao, 2011).

Matijas applied meta-learning to electric load forecasting on two levels which
are meta-level and task level. For forecasting multivariate time series, the proposed
approach employed an ensemble of seven algorithms for classification at the meta-

level, and seven different algorithms at the task level of load forecasting (Matijas,
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2013).

Guan presented a method of multilevel wavelet neural networks with data
prefiltering. The main idea was to utilise a spike filtering technique in order to
perceive load spikes and smooth them without changing the ordinary load. After
filtering, wavelet decomposition was employed and separate neural networks were
implemented (Guan, 2013).

Ben Taieb managed to narrow the gap at the intersection of time series
forecasting and machine learning by addressing the problem of multi-step-ahead
time series forecasting from the perspective of machine learning. In his work, he
conducted a detailed study by decomposing the multi-step mean squared forecast
errors into the bias and variance components and analysing their behaviour over the
forecast horizon for different lengths of time series. He also developed multi-stage
forecasting strategies that seek to combine the best features of the recursive and
direct strategies. As a last contribution, he created and analysed multi-horizon
forecasting strategies that utilise information of other horizons while learning the
model for each horizon (Ben Taieb, 2014).

Grant designed a real-time energy monitoring system for a large
government building to reduce the peak demand. Data set was obtained from the
monitoring system, and implementation of ANN model (3.9% as MAPE) was
compared to simple moving average (SMA), linear regression, and multivariate
adaptive regression splines (MARSplines) models (Grant, 2014).

Tuunanen suggested a methodology, which consists of a spatial analysis,
clustering, end-use modelling, and scenarios and simulation methods, to forecast
electrical energy consumption in the distribution networks by using automatic meter
reading (AMR) data. Tuunanen’s thesis work also contained a case study, and for

the case study, the effects of future energy technologies on the distribution network
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were analysed by means of electrical energy and power (Tuunanen, 2015).

For STLF problem, Li presented two models based on ANN and modified
statistical learning techniques (2.56% as MAPE) to predict future electric demands
depending upon historical hourly load and hourly weather data (Li, 2015).

In Liu’s thesis work, both point and probabilistic load forecasting were
embroidered. In the thesis work, Tao’s vanilla benchmark (TVB) model was
conducted firstly, and then an STLF model with recency effect was developed to
produce sister models and forecasts. Liu also reduced the computation duration of
the forecasting process using high performance computing techniques (Liu, 2016).

Torres proposed three main contributions to the load forecasting literature
such as improving the accuracy of forecast (3.73% as MAPE) and the adaptiveness
of model, and automatising the execution of applied load forecasting strategies by
implementing machine learning, computational intelligence, evolvable networks,
expert systems, and regression approaches (Torres, 2017).

Lastly, Jain designed a Mamdani fuzzy inference system (FIS) for STLF
with three input membership functions which are load, temperature, and humidity
differences using trapezoidal memberships, and one output membership function
that is the correction factor using triangular membership. Moreover, Jain combined
clustering and regression to form a framework of clustering based regression

methodology for STLF (Jain, 2018).

2.2. Related Journal and Conference Publications in the Literature
In this section, related journal and conference publications in the literature
are mentioned. It should be noted that the literature is narrowed according to the

following criteria:

e  Firstly, “short-term” is determined as the time horizon of the literature
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survey,

e  Among all other applications, “building” is identified,

e Then, the combination of the terms “electric”, “electrical”,
“electricity”, and ‘“energy”’; ‘“power”, ‘“demand”’, ‘“use”, and
“consumption”; “forecast”, “forecasting”, “prediction”, “predicting”,
“estimation”, and “estimating” are searched,

e  Afterwards, studies appertaining to “household” and ‘“residential”
buildings are excluded,

e  Finally, temporal granularity is limited as an hour or less than an hour.

After sorting irrelevant studies out rigorously, the number of the related
journal and conference publications are counted as 60 and 18 respectively.
Quantitative information of studies with respect to the name of publishers and
publication type is visualised in Figure 2.1. Similarly, quantitative information of
studies in reference to the name of journal and on-line access of proceedings is

illustrated in Figure 2.2.
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IEEE
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Figure 2.1. Distributions with respect to publisher name and publication type

22



2. LITERATURE REVIEW Kasim ZOR

arXiv of
Others Cornell University —————
17% N 6%

Energy and Buildings
Energy 33%

5%

Distribution of
Conference Publications

Applied Energy Distribution of
7% Journal Publications

Energies ,
8%

Journal of Solar R i
enewable and Sustainable
R 2
Energy Engineering ~ Energy Reviews '_El?E Xplore
10% o L———— Digital Library
o 20%
94%

Figure 2.2. Distributions in reference to journal name and access of proceedings

As a beginning, Seem and Braun presented an adaptive algorithm containing
a deterministic and a stochastic model with three auto-regressive (AR) parameters
to forecast from one hour to 24-hour ahead electrical demand for a grocery store
and a restaurant (Seem and Braun, 1991). Kreider et al. used RNN for one hour
ahead building energy prediction of an engineering centre without historical energy
consumption (Kreider et al., 1995). Dhar et al. employed Fourier series functional
forms for modelling of both weather independent and dependent hourly energy use
in commercial buildings (Dhar et al., 1998). Similarly, they performed temperature
based Fourier series to predict hourly heating and cooling energy use in commercial
buildings in which only meteorological variable is the outdoor temperature (Dhar
et al., 1999a). Also, they suggested a generalised Fourier series approach for the
modelling of hourly energy use in commercial buildings by separating the days of
the year (Dhar et al., 1999b).

Kalogirou and Bojic utilised RNN with dampened feedback for the
prediction of hourly energy consumption of a passive solar building (Kalogirou and
Bojic, 2000). Krarti reviewed Al-based methods for building energy systems such as
STLF and weather forecasting and systems modelling by ANN, controls of thermal

energy storages by ANN and genetic algorithms (GA), and fault detection and
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diagnostic by a fuzzy logic (FL) model based approach (Krarti, 2003). Dodier and
Henze applied ANN to the building energy use data of the Energy Prediction
Shootout II Contest by excluding irrelevant inputs according to the Wald test
(Dodier and Henze, 2004).

Yalcintas and Akkurt managed to predict electrical energy consumption of a
42 storey building in downtown Honolulu, Hawaii by implementing ANN in
consideration of climate and a variety of building functions (Yalcintas and Akkurt,
2005). Yang et al. proposed two adaptive ANN models with different training
algorithms named as accumulative and sliding window training for the hourly
energy prediction of synthetic data belonging to The Laval office building located in
Montreal (Yang et al., 2005). Gonzalez and Zamarreno employed a feedback ANN
model trained by means of a hybrid algorithm for the prediction of hourly energy
consumption in buildings (Gonzalez and Zamarreno, 2005). Karatasou et al.
predicted building hourly energy consumption acquired from two data sets
consisting of the energy use data of the Energy Prediction Shootout I Contest and an
office building in Athens by performing ANN (Karatasou et al., 2006). Neto and
Fiorelli compared a physical model and ANN model in forecasting hourly energy
consumption of the administration building of the University of Sao Paulo (Neto and
Fiorelli, 2008). Pedersen et al. developed a load prediction method for heat and
electricity demand in buildings for the planning of mixed energy distribution
systems (Pedersen et al., 2008).

Zhao and Magoules brought parallel implementation of SVM in the
literature to accelerate model training process in the prediction of multiple buildings
energy consumption (Zhao and Magoules, 2010). They also introduced an
implementation for multi-core and multiprocessor systems named as MRPsim

which outperforms Libsvm and Pisvm by means of training speed in building
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energy consumption predictions (Zhao and Magoules, 2011). Cherkassy et al.
suggested a computational technique that combines regression and clustering
methods for the prediction of electric power consumption of commercial buildings
(Cherkassy et al., 2011). Li et al. compared ANN and hybrid neuro-fuzzy system
for forecasting hourly energy consumption obtained from the Energy Prediction
Shootout I and a library located in Zhejiang University, Hangzhou (Li et al., 2011).
Mathieu et al. described new ways of visualising electric load data, introduced a
time-of-week indicator variable for electric load regression models, avoided the use
of change-point models but tried to capture a nonlinear relationship between
electrical and meteorological variables, defined new parameters to characterise
electric load profiles and demand response behaviour, and applied the modelling
methods to evaluate demand response effectiveness (Mathieu et al., 2011).

Zhao and Magoules reviewed on the prediction of building energy
consumption by highlighting the prediction methods including engineering methods,
statistical methods, and AI methods (Zhao and Magoules, 2012a). In addition, they
proposed a feature selection method for building energy consumption prediction that
can ensure the prediction accuracy and reduces the SVR computational time for data
analysing (Zhao and Magoules, 2012b). Durijic and Novakovic identified important
variables of energy utilisation in low energy office building in Trondheim, Norway
by implementing multivariate analysis (Durijic and Novakovic, 2012).

Twanabasu and Bremdal addressed demand side flexibility in a smart grid
oriented building of Ostfold University in Halden by employing ARIMA, ANN, and
SVM (Twanabasu and Bremdal, 2013). Yoo and Hur developed a load forecast
model switching scheme which provides improved robustness to changes in building
hourly electrical demand by utilising auto-regressive moving average with

exogeneous inputs (ARMAX) and Kalman filtering (Yoo and Hur, 2013). Foucquier
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et al. reviewed the state-of-the-art studies in building modelling and energy
prediction by depicting physical models for building thermal behaviour modelling,
statistical methods for machine learning, and hybrid models with their advantages
and limitations (Foucquier et al., 2013). Roldan-Blay et al. enhanced an upgrade,
which employs a time temperature curve forecast model, for ANN in forecasting
hourly electrical consumption (Roldan-Blay et al., 2013).

Mocanu et al. presented a comparison of machine learning methods
including conditional restricted Boltzmann machine (CRBM), ANN, and hidden
Markov models (HMM) for estimating total and lighting energy consumption of a
Dutch office building (Mocanu et al., 2014). Mai et al. applied RBFNN to
Shenzen’s 39 storey commercial office building’s hourly electric load forecasting
model utilising meteorological and historical load data (Mai et al., 2014). Gulin et
al. implemented ANN to STLF of a building belonging to the Faculty of Electrical
Engineering and Computing of the University of Zagreb for microgrid power flow
optimisation (Gulin et al., 2014). Ahmad et al. reviewed on the applications of ANN
and SVM for building EF by emphasising the potential of hybrid method merging
GMDHNN and least squares SVM (LSSVM) (Ahmad et al., 2014). Jetcheva et al.
employed neural network model ensembles for building-level hourly electricity load
forecasts in comparison with seasonal auto-regressive integrated moving average
(SARIMA) (Jetcheva et al., 2014). Lazos et al. presented a comprehensive review
on the optimisation of energy management in commercial buildings with
meteorological forecasting inputs (Lazos et al., 2014).

Vinagre et al. preferred an ANN based methodology for forecasting
short-term electrical energy consumption by utilising external facility data obtained
from supervisory control and data acquisition system along with meteorological

variables (Vinagre et al., 2015). Heylman et al. acquired hourly electric power data

26



2. LITERATURE REVIEW Kasim ZOR

from over 200 buildings on the University of Virginia’s campus to apply linear
model and SARIMA in order to forecast energy trends and especially peak power
(Heylman et al., 2015). Paudel et al. used pseudo dynamic approach with SVM in
energy demand prediction of Ecole des Mines de Nantes office building in France
(Paudel et al., 2015). Liu et al. implemented a time series forecasting method for
building hourly energy consumption employing SVR (Liu et al., 2015). Raza and
Khosravi conducted a review on Al based load demand forecasting techniques for
smart grid and buildings by explaining all stages of STLF in details (Raza and
Khosravi, 2015). Touretzky and Patil used ARMAX models and physics based
modelling approaches for forecasting power demand of a commercial building
(Touretzky and Patil, 2015). Li et al. performed an improved PSO algorithm to
modify the weights and thresholds of ANN along with PCA for electricity
consumption prediction of two data sets containing Energy Prediction Shootout
Contest I and a campus building situated in East China (Li et al., 2015). Tardioli et
al. summarised data-driven approaches for building energy consumption prediction
at urban level by classifying prediction methods as white-box, gray-box, and
black-box approaches (Tardioli et al., 2015). Platon et al. conducted hourly
electricity consumption prediction of an institutional Canadian facility located in
Calgary, Alberta by applying case-based reasoning and ANN as Al techniques and
PCA for feature selection of inputs (Platon et al., 2015). Chitsaz et al. proposed
self-recurrent wavelet neural network with Levenberg-Marquardt learning algorithm
for hourly electric load forecasting of a building within a microgrid (Chitsaz et al.,
2015). Massana et al. implemented MLR, MLPNN, and SVR to forecast short-term
loads of office building of University of Girona, and analysed to find the most
relevant variable in forecast (Massana et al., 2015).

Manjhi and Dhar performed a hybrid algorithm containing PSO in the
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training stage of ANN and gravitational search algorithm in the optimisation stage
of ANN to short-term energy consumption forecasting (Manjhi and Dhar, 2016). Ke
et al. employed three different method consisting of direct fitting method, similar
day approach, and MLR to forecast short-term loads of Centennial Campus of North
Carolina State University (Ke et al., 2016). Khosravani et al. compared nonlinear
auto-regressive with exogeneous inputs (NARX) ANN model and ANN based
models generated by multi objective genetic algorithm (MOGA) to predict
short-term energy consumption of Solar Energy Research Centre (CIESOL) located
in the south-east of Spain (Khosravani et al., 2016). Ruiz et al. presented a case
study application of nonlinear auto-regressive (NAR) neural networks and NARX
neural networks for energy consumption prediction of public buildings in University
of Granada (Ruiz et al., 2016). Chae et al. performed ANN model with Bayesian
regularisation algorithm to forecast sub-hourly electricity usage in a commercial
office building complex (Chae et al., 2016). Sarduy et al. employed linear and
nonlinear models to forecast the peak load of a campus of the University of Sao
Paulo in order to choose the best one for generalisation (Sarduy et al., 2016).
Massana et al. implemented SVR for STLF of non-residential buildings by
highlighting artificial occupancy attributes (Massana et al., 2016). Zhang et al.
utilised the energy data belonging to a university campus in Singapore to forecast
half-hourly electrical energy consumption by using weighted SVR with differential
evolution algorithm (Zhang et al., 2016).

Xypolytou et al. focused on the accurate energy consumption prediction of
office buildings and conducted a case study by applying ANN (Xypolytou et al.,
2017). Yildiz et al. presented a review and analysis of regression and machine
learning models for electricity load forecasting of Kensington Campus and Tyree

Energy Technologies Building at the University of New South Wales, and according
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to their study ANN with Bayesian regulation BP overwhelmed other models (Yildiz
et al., 2017). Wang and Srinivasan contrasted single and ensemble prediction
models for Al based building energy consumption prediction within a review study
(Wang and Srinivasan, 2017). Deb et al. conducted an in-depth review on times
series forecasting techniques for building energy consumption by expressing
advantages and disadvantages of each technique (Deb et al., 2017). Daut reviewed
on the building electrical energy consumption forecasting analysis using
conventional and Al methods rigorously (Daut et al., 2017). Li et al. proposed an
extreme deep learning (DL) approach, which is a combination of stacked
autoencoders and extreme learning machines (ELM), and compared with
back-propagation neural networks (BPNN), SVR, generalised RBFNN, and MLR
for energy consumption forecasting of a retail store in Freemont, CA (Li et al.,
2017). Pombeiro et al. compared MLR, fuzzy modelling, and ANN to assess
low-complexity models for the prediction of electricity consumption in an
institutional building (Pombeiro et al., 2017). Pino-Mejias et al. tried to develop and
compare linear regression models and ANN in order to predict the electrical energy
consumption and other demands of office buildings in Chile (Pino-Mejias et al.,
2017). Molina-Solana et al. carried out a review to indicate how data science has
been implemented to solve the most difficult problems in the field of energy
management, particularly for the building-scale (Molina-Solana et al., 2017). Liu et
al. proposed sliding window empirical mode decomposition, a new feature selection
algorithm, and a hybrid forecast engine for building energy consumption prediction
(Liu et al., 2017). Chen et al. used SVR model for STLF to calculate the baseline of
the demand response for office buildings (Chen et al., 2017). Chen and Tan created a
hybrid model combining wavelet decomposition and SVR for the application of

hourly electric demand forecasting to buildings including a hotel and a mall (Chen
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and Tan, 2017). Ahmad et al. compared ANN and random forest models for HVAC
short-term electrical energy consumption prediction (Ahmad et al., 2017).

Naug and Biswas implemented long short-term memory (LSTM) networks
as a data driven method to predict energy demand of commercial buildings and they
also compared the performance of LSTM networks with SVR and AdaBoost
regression on a data set belonging to Alumni Hall building at Vanderbilt University
(Naug and Biswas, 2018). Chandramitasari et al. preferred a combination of LSTM
neural networks and ANN to forecast half an hourly electricity consumption of a
manufacturing company in Japan (Chandramitasari et al., 2018). Nichiforov et al.
applied LSTM layers to RNN for forecasting hourly electric loads of two buildings
from university campuses in Chicago and Zurich (Nichiforov et al., 2018). Wang et
al. employed ensemble bagging trees to predict hourly energy consumption of
Leadership in Energy and Environmental Design (LEED) Gold certificated Rinker
Hall building in the University of Florida (Wang et al., 2018a). Wei et al. presented
a review of data-driven approches for prediction and classification of building
energy consumption by mentioning practical applications of the approaches (Wei et
al., 2018). Similarly, Amasyali and El-Gohary reviewed data-driven building energy
consumption prediction studies by particularly focusing on the scopes of prediction,
data properties and preprocessing methods, machine learning algorithms, and
performance measures (Amasyali and El-Gohary, 2018). Sala-Cardoso et al.
developed a hybrid methodology using RNN and adative neuro-fuzzy inference
system (ANFIS) for STLF of HVAC thermal power demand and tested the
metholodogy in a smart building which is also a research ecosystem of the
Polytechnic University of Catalonia (Sala-Cardoso et al., 2018). Li et al. enhanced a
modified deep belief network based hybrid model to predict energy consumption of

buildings and contrasted the enhanced model with BPNN, generalised RBFNN,
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ELM, and SVR by testing the model on a data set of a retail store in Freemont, CA
(Li et al., 2018). Seyedzadeh et al. reviewed four machine learning techniques
containing ANN, SVM, Gaussian process and mixture models, and clustering
algorithms for estimation of building energy consumption and performance
(Seyedzadeh et al., 2018). Wang et al. utilised random forest approach for hourly
energy consumption prediction of two institutional buildings, namely Rinker Hall
Building and Fine Arts Building C in the University of Florida, and compared with
RT and SVR approaches (Wang et al., 2018b).

Haque et al. conducted a study to determine the impact of HVAC set point
adjustments on building-level by performing SVR based hourly electric load
forecasting in a commercial building in Chicago area (Haque et al., 2019). With the
same data set, Jing et al. applied Levenberg-Marquardt, scaled conjugate gradient
(SCG) BP, and Bayesian regularisation training algorithms to ANN-based
building-scale hourly electric load forecasting from HVAC point of view (Jing et al,
2019). Fan et al. employed DL based feature engineering methods along with MLR,
ANN, SVR, and extreme gradient boosting trees (XGBoost) for an improved energy
prediction for an educational building in Hong Kong (Fan et al., 2019). Shan et al.
proposed an ensemble prediction model integrating the gated recurrent unit (GRU)
model and the proposed logarithmic electricity consumption gravity model to
forecast hourly electricity consumption of a five-star hotel building in Shangai and
an office building in Hangzhou by comparing 9 benchmarks mainly containing
generalised linear regression, SVM, nearest neighbour, decision trees (DT),
MLPNN, ARIMA, and LSTM (Shan et al., 2019). Liu et al. introduced a deep
reinforcement learning algorithm named as deep deterministic policy gradient for
hourly energy consumption prediction of a HVAC system belonging to a 9 storey

office building in Henan, China (Liu et al., In Press).
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In addition to the related journal and conference publications, studies in
energy forecasting literature for hospitals or healthcare facilities are very limited and
specifically expressed as follows:

Chen et al. proposed STEF of air-conditioners of a hospital by using ANN
for three scenarios (Chen et al., 2005). Morinigo-Sotelo et al. presented STEF by
using MLPNN with a sigmoid activation function for a hospital in Castile and Leon
region of Spain (Morinigo-Sotelo et al., 2011). Bagnasco et al. performed a day
ahead STEF by using ANN for both a large university hospital located in Rome
(Bagnasco et al., 2014) and the Cellini medical clinic of Turin (Bagnasco et al.,
2015). Guillen-Garcia et al. presented a methodology for VSTEF in a hospital in
Castile and Leon region of Spain considering harmonics, inter-harmonics, and
power quality disturbances (Guillen-Garcia et al., 2017). Damrongsak et al.
analysed the factor impacts on the energy usage of 14 hospitals in Thailand by
executing MLR for MTEF (Damrongsak et al, 2018). Gordillo-Orquera et al.
performed MTEEF in a hospital and primary care centre in Fuenlabrada, Madrid for a
1-year horizon by using multivariate analysis (Gordillo-Orquera et al., 2018).

In the next chapter, data acquisition, wrangling, and visualisation with R are

explained.

32



3. DATA ACQUISITION AND WRANGLING WITH R Kasim ZOR

3. DATA ACQUISITION AND WRANGLING WITH R

In this chapter, data acquisition stage for the realisation of STEF, a brief
introduction to R programming language, and data wrangling with RStudio are

rigorously explained.

3.1. Data Acquisition
A general information about the hospital, which is the data acquisition
terminal and case study of the thesis, has to be mentioned before explaining the data

acquisition stage of STEF.

3.1.1. General Information about Hospital

Hospitals may be described as highly sophisticated organisations from the
point of view of functional, technological, economic, managerial, and procedural
aspects. The reliability of continuous energy flow has utmost importance for hospitals
owing to their uninterrupted duty for 24/7 operation without any excuses.

With its full name, Cukurova University Balcali Health Application and
Research Hospital, is a large hospital complex and a pioneer health institution
situated in Campus Balcali of Cukurova University in Saricam district of Adana,
Turkey.

Since 1987, the hospital has been serving unceasingly to a region in the
Southern Turkey that covers the area containing Adana, Mersin, Hatay, Osmaniye,
Kahramanmarag, Gaziantep, and Kilis. Therefore, it has nonstop demands to supply
electricity for one emergency service, forty-two polyclinics, twelve intensive care
units, twenty-three operating rooms, forty-three clinical services, five laboratories,

one radiology unit, nuclear medicine, one blood centre, one burn unit, one
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sterilisation unit, and one pharmacy, laundries, kitchens, and a morgue (Timur et al.,

In Press).
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Figure 3.1. Aerial view of the hospital complex

The hospital has 1,200 beds, serves more than 3,500 patients per day with
over 4,000 academic and administrative staff, and has an installed transformer
capacity around 18 MVA (Zor, 2015; Timur, 2018). Aerial view of the hospital is

illustrated in Figure 3.1.

3.1.2. Data Acquisition Stage

Data acquisition terminal for the hospital is the medium-voltage switchgear
building where electricity meter of the hospital is located. The building is situated in
the same campus with the hospital.

Geographical information related to the building is as follows:
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e Latitude : 37.05891623°N,
e  Longitude: 35.36113376°E,
e  Altitude : [144.774 meters.

Energy logger connected to the humidity-temperature transducer properly
logged electrical energy consumption, indoor temperature, and indoor humidity data
between 13:52:57 on 22 September 2017 to 11:10:00 on 11 December 2018. In
order to have historical electrical energy consumption data such as a certain time in a
certain day of the previous week, starting period of data is specified as “2017-10-02
00:00:00” in POSIXct format in RStudio (to include 25 September 2017’s data as
the previous week’s same day). Thus, data period of the thesis is also determined as
between 2 October 2017 and 1 October 2018 as 1-year (52,416 rows).

Energy logger conducts logging by using the connections of current and
voltage transformer in the terminal box of the electricity meter. Energy logger
settings are adjusted to the multiplying factors of current and voltage transformers
properly.

Equipment list contains the equipment necessary for the data acquisition is
given in Table 3.1. In addition, data acquisition stage is visualised in Figure 3.2 by a

connection schematic that combines hardware and software components.

Table 3.1. Equipment List

Equipment Name Features

Portable, Three-phase
with USB Memory
Energy Logger with Auxiliary Cable
with High Sensitive Current Probes
with Kensington Lock Mechanism

Humidity-Temperature Transducer | 4-20 mA Dual Output
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By using the equipment in Table 3.1; voltage, current, total harmonic
current and voltage distortion, frequency, active power, reactive power, apparent
power, power factor, active energy, nonactive energy, apparent energy, and auxiliary
values such as relative humidity and temperature can be obtained as minimum,
maximum, average, and total series.

Meanwhile, MERRA-2 data set is a database available worldwide of
meteorological variables hosted by NASA and generated by the Goddard Space
Flight Center. All results are produced by a numerical weather forecast model. The
spatial resolution is 0.625° in latitude and 0.5° in longitude (approximately 50 km)
(Soda-Pro, 2019).

The MERRA-2 reanalysis shares time series of temperature (K) and relative
humidity (%) at 2 meters above ground, pressure (hPa) at ground level, wind speed
(m/s) and direction (°) at 10 meters above ground, rainfall (kg/m?), snowfall (kg/m?),
snow depth (m), and short-wave irradiation (Wh/m?) for global horizontal irradiance
from 1 minute up to 1 month (Gelaro et al., 2017).

MERRA-2’s nearest grid point for the hospital has a site altitude of 81 meters,
but the data acquisition terminal building is 144.774 m. In order to modulate the
temperature with the actual altitude of the selected point, the following equation is

given as

(All‘itudeMERRA,Z —All‘itudeAcmal)
100

°C=K—-272.15-0.65 x

where K stands for temperature in Kelvin taken from MERRA-2, Altitudeyprra—2 is
the site altitude of MERRA-2 nearest grid point, Altitudeacsq represents the actual
altitude (it is the data acquisition terminal building for the case of the thesis), and °C
corresponds to the temperature in Celcius degree (Zor et al., 2018b).

For calendar variables, month of year (1-12), week of year (1-53), day of
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month (1-31), day type (0 for working days and 1 for weekends and public holidays),
hour of day (0-23), sample number of hour (0-5) variables are employed by using
lubridate (Grolemund and Wickham, 2011) package in RStudio environment for very
short-term data set.

After converting very short-term data set to short-term data set, there is no
need to use the sample number of hour variable, hence it is removed during the
conversion process.

Furthermore, public holidays in Turkey between 2 October 2017 and 1

October 2018 are listed as follows:

e  Republic Day: 29 October 2017 (Half-holiday for Saturday, Sunday),

e New Year’s Day: 1 January 2018 (*Monday),

e  National Sovereignty and Children’s Day: 23 April 2018 (*Monday),

e  Labour and Solidarity Day: 1 May 2018 (*Tuesday),

e Commemoration of Atatiirk, Youth, and Sports Day: 19 May 2018
(Saturday),

e Religious Holiday: 15-17 June 2018 (*Half-Holiday for Thursday,
*Friday, Saturday, and Sunday),

e Religious Holiday: 21-24 August 2018 (*Half-Holiday for Monday,
*Tuesday, *Wednesday, *Thursday, and *Friday),

e  Victory Day: 30 August 2018 (*Thursday).

For listed public holidays above, it should be noted that if the name of the day
is marked with an asterisk (*), then the day type variable corresponding to that day
is evaluated as weekends and public holidays. For half-holidays, the starting period
of holiday is determined as 13:00 of each day having half-holiday. For example on
June 14, 2017; the rows between 00:00 and 13:00 are assigned as 0, but from 13:00
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to 24:00 are marked as 1 under the column of day type.

3.2. Data Wrangling and Visualisation with R

R is a programming language and environment for statistical computing and
graphics. R provides a variety of statistical, Al, and graphical techniques. R is
designed to write programs as functions. For computationally-intensive tasks, C,
C++, and Fortran code can be linked and called at run time. Advanced users can
write C code to manipulate R objects directly. R can be simply extended via
packages. There are about eight packages supplied with the R distribution and many
more are available through the CRAN family of Internet sites covering a very wide

range of modern statistics (R Core Team, 2018).

O -0 lae- - Addins ~ Rl Project: (None) ~
VSTD « O ATekeR VSTD.KalmanARIMA VSTD.Slice VSTD Slice KalmanARIMA [ Environment History Connections =il

Sourceonsave = O /- SRun | °% Source - 2 [ [ Import Dataset ~ & List ~

7k Global Environment ~

21

22 datetimel<-seq.POSIXt(ISOdatetine(2019,01,01,0,0,0), ISOdatetime(2019,02,26,11,50,0), by="hour') Eoen

23 datetime2<-seq.POSIXt(ISOdatetime(2019,01,01,1,0,0), ISOdatetime(2019,02,26,12,0,8), by="hour') A Envi t

24 HourlyDate<-seq.POSIXt(ISOdatetime(2017,10,02,1,0,0), ISOdatetime(2018,10,1,0,0,0), by="hour') nvironmen
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2 ©Apr.14.2018  Large gg (9 elements, 4.8 Mb)
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32 total [index]-mean(UncleanData$SWI[(i):(i+5)1) ©Aug.20.2018  Large gg (9 elements, 4.8 Mb)
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20~ for (i in seqCfroml, to=52411, by-6) { © CYSENI.Octobe.. 4307 obs. of 5 variables
Data 52416 obs. of 3 variables

41 index<-(i %% 6)+(i %/% 6)

42 total[index]=mean(VSTD. StineSHumidity[(i):(i+5)1) Nata0n A0 ohs  of S variahlas
ﬁ ¥ Files Plots Packages Help Viewer =0
P . © | New Folder | © Delete 4 Rename 43 More -
53:2  (Top Level) = R Script + A& Home
Console | Terminal -0 A Name Size Modified
@] Rpata 229.4MB  Jul 23,2019,
IypE uEmUL  TUP SUmE EmUS,  TELPL) 1UF Un-LLIe neLp, o | Rhistory 223K8 Aug2, 2019,
*help.start()' for an HTML browser interface to help.
Type "0’ to quit R. Adim
AhmetTeke.csv 74.3 KB Mar 8, 2019,
During startup - Warning messages: 5 Applications
1: Setting LC_CTYPE failed, using "C"
2: Setting LC_COLLATE failed, using "C" Applications (Parallels)
3: Setting LC_TIME failed, using "C" T Ateke.pdf 125K Mars, 2019,
4: Setting LC_MESSAGES failed, using "C" 07 ATekeR 14Ke n22) 2018
S: Setting LC_MONETARY failed, using "C" . : !
[Workspace loaded from ~/.RData] @] cler 98 Oct 19, 2018
©] DayGenerator.R 0B Feb 11, 2019
> Desktop

Figure 3.3. A screen shot of RStudio environment

RStudio is an open source integrated development environment for R

programming language. In the context of the thesis, packages including tidyverse
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(Wickham, 2017), dplyr (Wickham et al., 2018), tidyr (Wickham and Henry, 2018),
ggplot2 (Wickham, 2016), scales (Wickham, 2018), gridExtra (Auguie, 2017),
imputeTS (Moritz and Bartz-Beielstein, 2017), VIM (Kowarik and Templ, 2016),
naniar (Tierney et al., 2018), mice (Van Buuren and Groothuis-Oudshoorn, 2011),
and lubridate (Grolemund and Wickham, 2011) are utilised for data wrangling and
visualisation purposes.

For the thesis, a version 1.1.456 of RStudio is executed on a MacBook Pro
(Retina-Late 2013) whose processor is 2.4 GHz Intel Core i5, memory is 8 GB 1600
MHz DDR3, graphics is Intel Iris 1536 MB, and operating system is macOS Mojave
10.14.6.

In the following chapter, FTHC is described by elucidate graphs and a

detailed flowchart.
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4. FORECAST TIME HORIZON CONVERTER

For a safe data logging, sampling periods should be determined by regarding
the worst case scenarios in the future.

For instance, selecting the demand interval as 1 hour may initially seem
advantageous for 1 hour ahead forecasting because of the fact that this kind of
selection ordinarily lightens the work load for data wrangling and stores much more
data belonging to a longer period indeed, but the selection brings major drawbacks
with it.

At first, it is not possible to divide a data set with a sampling period of 1
hour into 1 minute, 5, 10, 15, and 30 minutes. In addition to this, vice-versa is
possible. Combining very-short intervals to short, medium, or long intervals is an
accomplishable task.

Another drawback reveals in case of a power outage or equipment failure.
Assume a power outage takes half an hour long. In case of a sampling period selection
of 1 hour, it is impossible to determine the exact correspondence of 30 minutes within
1 hour. If the sampling period is chosen as 5 minutes, then it will be easier to examine
the precise interval of loss. One simple solution to forenamed drawbacks is to pick the
least possible alternative for sampling period as demand interval which is provided
by the logger device according to its measuring sensitivity.

On the other hand, conversion of data sets from one time horizon to another
is an arduous challenge. To the best of our knowledge, there is not a customised
converter as a toolkit or a software program in the literature especially for energy
forecasting applications. Therefore, a novel FTHC is developed for both satisfying
the need and filling the gap.

Throughout this chapter, the FTHC is expressed in details by giving examples
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from the hospital as part of this thesis.
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Figure 4.1. Monthly power outages at the hospital

In the context of this thesis, the target is 1 hour ahead STEF of the hospital,
but the data acquisition sampling period is selected as 10 minutes because the

aforementioned benefits. To do so, a converter methodology is required.
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Figure 4.2. Daily power outages at the hospital

Only converting very short-term raw data to short-term data is not adequate
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for a methodology owing to the needs of any electrical energy consuming facility. As
an example from the hospital case, the hospital had power outages for 3,620 minutes
between October 2017 and September 2018 as indicated in Figure 4.1 and Figure 4.2
with respect to months and days respectively.

Due to these events, missing and erroneous (partially missing) data occurred
in electrical energy consumption, indoor temperature, and indoor relative humidity
data as illustrated in Figure 4.3. Thus, the converter has to detect missing and

erroneous data, and perform either an imputation or deletion process.
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Figure 4.3. Very short-term raw data of the hospital

Novel FTHC methodology was divided into three phases named as phase 1,

2, and 3 respectively as visualised in Figure 4.4.
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Figure 4.4. Flowchart of forecast time horizon converter
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In phase 1, an energy logger measuring from the electricity meter of the
hospital and connected to a humidity-temperature transducer has been utilised for
gathering real-time electrical energy consumption and meteorological data on-site,
and MERRA-2 data in order to form a very-short term raw data set with a sampling
period of 10 minutes. Electrical and meteorological variables are imported into
RStudio environment, then calendar data are prepared by using lubridate
(Grolemund and Wickham, 2011) package in RStudio, and finally very-short-term
raw data set is constituted.

In phase 2, very short-term raw data set has been formed. This data set has 3
input variable categories and 1 target variable. The input variable categories are
electrical, meteorological, and calendar variables. Target variable is the actual
electrical energy consumption. Electrical variables can be stated as the historical
electrical energy consumption variables belonging to previous 10 minute, previous 1
day (the same time in the previous day), and previous 1 week (the same time and
day in the previous week). Meteorological variables have been obtained from two
different sources. The first source is on-site humidity-temperature transducer which
provides the indoor relative humidity and temperature of the ambient where the
transducer is located with the energy logger. The second source is MERRA-2 data
consisting of outdoor temperature, relative humidity, pressure, wind direction, wind
speed, rainfall, and short-wave irradiation. Calendar variables include month of
year, week of year, day of month, hour of day, sample number of hour, and day type.
The very short-term raw data set is represented as a 52,416 x 19 matrix in RStudio
environment.

Tolerance check mechanism is the core of FTHC methodology. It checks
every column of the data set cell by cell and detects outliers according to a user

defined deviation parameter in order to create an allowed region for both
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unidirectional and bidirectional tolerance check as demonstrated in Figure 4.5.
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Figure 4.5. Tolerance check mechanism of FTHC

Before expressing the mechanism, the deviation parameter which is a
percentage value and symbolised as 0; must be defined. Then, according to the type
of variable, operational scenario of the mechanism must be chosen -either
bidirectional, negative unidirectional, or positive unidirectional tolerance check.
Assume that a cell in a data column is indicated as x;. The mechanism firstly creates

an allowed region for bidirectional tolerance check by using the equation
xi(l — 5d) <Xyl < x,'(l + 6d)

similarly an allowed region for negative unidirectional tolerance check by the

equation
Xip1 > xi(1—6y)
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and an allowed region for positive unidirectional tolerance check by the following

equation
xiv1 < xi(1+4684)

where x;, stands for the next cell after x;.

Note that if the next cell x; ;1 does not satisfy the equation corresponding to
the selected operational scenario of the mechanism, then it is out of the allowed region
and evaluated as an outlier, hence the value within the cell will be replaced by NA for
the application of imputation or deletion. Additionally, bidirectional tolerance check
has lower threshold x;(1 — §,) and upper threshold x;(1+ J,), negative unidirectional
tolerance check possesses the lower threshold with no upper threshold, and positive
unidirectional tolerance check owns the upper threshold without a lower threshold.
Deviation parameter should be carefully determined for different types of variables.
Since, a deviation for electrical energy consumption data should not be the same
with a deviation for temperature data. Selecting the optimal deviation is considered
diversely.

In this thesis, a negative unidirectional tolerance check mechanism with
deviations of 15% for electrical energy consumption and 20% for indoor
temperature is performed. An example of implementation is illustrated in Figure 4.6
for the power outages at the hospital on 12, 17, and 18 November 2017. The dots
surrounded by red circles in the figure are out of allowed region according to the
lower threshold x;; > x;(1 —0.15) and hence the values of the dots are replaced
with NA. For data wrangling and data visualisation, dplyr (Wickham et al., 2018),
tidyr (Wickham and Henry, 2018), and ggplot2 (Wickham, 2016) packages under
tidyverse (Wickham, 2017) package were used along with scales (Wickham, 2018)
and gridExtra (Auguie, 2017) packages.
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Figure 4.6. An example of tolerance check mechanism

The number of variables possessing NA values for the very short-term data
set is 6 and they are actual, previous 10 minute, previous 1 day, and previous 1 week
electrical energy consumption, indoor relative humidity, and indoor temperature
acquired from the energy logger and the humidity-temperature transducer. The
number of rows having NAs varies between 379 and 398, while the proportion of
NAs for each variable changes from 0.723% to 0.759%. In total, 2,333 NAs in a
52,416 x 19 matrix correspond to a proportion of 0.234%. For further details
regarding NAs, Figure 4.7 can be glanced over. For the application of imputation or
deletion, and visualisation of NAs; imputeTS (Moritz and Bartz-Beielstein, 2017),

VIM (Kowarik and Templ, 2016), naniar (Tierney et al., 2018), and mice (Van
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Buuren and Groothuis-Oudshoorn, 2011) packages are employed in RStudio.
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Figure 4.7. Details of variables having missing data

In Figure 4.8, linear interpolation is performed for NA values in electrical
energy consumption, indoor temperature, and indoor relative humidity very-short
term data before the conversion.

In phase 3, conversion process of treated very short-term raw data to
short-term data was expressed by defining a conversion function (sum function for
electrical variables, rainfall, and short-wave irradiation; and mean function for other
meteorological variables) for each input parameter.

After phase 3, the cleansed short-term data set is represented as 8,736 x 18

matrix in RStudio environment and is ready for implementation of statistical and Al
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techniques not only for energy related applications, but also for a variety of
applications which may have suitable structure with the FTHC methodology.

Points to be paid attention to the end of the conversion, names of all variables
remain the same except previous 10 minute owing to renaming as previous 1 hour. In

addition to those, sample number of hour variable is not used in the short-term data
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Figure 4.8. Linearly interpolated part of very-short term clean data set

In the following figures, graphs belonging to historical electrical variables

and several meteorological variables of short-term clean data set are indicated.
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Figure 4.9. Historical electrical variables and outdoor temperature graphs
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Figure 4.10. Outdoor relative humidity, pressure, wind speed and direction graphs

52



4. FORECAST TIME HORIZON CONVERTER Kasim ZOR

Rainfall (kg/square meter)
= T

N

| U J‘I,MU

Oct 2017 Jan 2018 Apr 2018 Jul 2018 Oct 2018
Time Interval

1000~

@ ~
S a
3 S

Short-Wave Irradiation (Wh/square meter)
g

. . . ' .
Oct 2017 Jan 2018 Apr 2018 Jul 2018 Oct 2018
Time Interval

Figure 4.11. Rainfall and short-wave irradiation graphs

In the next chapter, fundamentals of imputation methods for missing data and

their individual effects on a real-time energy forecasting data set are expressed.
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5. IMPUTATION METHODS FOR MISSING DATA

In this chapter, the individual effects of a variety of imputation methods on a

real-time energy forecasting data set is investigated.

5.1. Missing Data

Data sets are inseparable parts of energy forecasting studies and tackling the
presence of missing values in the data sets improves the quality of data wrangling
while enhancing the accuracy. Missing data are ubiquitous that reveal not only in
energy forecasting applications, but also appear in many real-world situations.
Frequently, missing data can show up owing to a power outage or a malfunctioned

sensor during data acquisition stage of energy forecasting (Zor et al., 2018a).

5.1.1. Missing Data Mechanisms

In the literature, there are three missing data mechanisms named as missing
completely at random (MCAR), missing at random (MAR), and not missing at
random (NMAR).

First of all, data are MCAR when the probability of a case having a missing
value for a variable does not depend on either the known values or the missing data.
Assume that Y = y;; is a (n x K) data set having each row y; = (yi1, ..., yi) set of y;;
values of feature Y; for instance i. Consider that Y, states the observations of ¥ and
Y,iss that represents the missing values. Suppose that M expresses the identity matrix
M = m;; for missing data, where m;; = 1 if y;; is missing and m;; = 0 if y;; is not

missing. MCAR can be defined as
f(M]Y,¢) = f(M[9) VY, ¢

where ¢ corresponds to unknown parameters.
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Secondly, data are MAR when the probability of a case having a missing
value for a variable may depend on the known values but not on the value of the

missing data itself. Hence, it is less delimiting than MCAR and can be expressed as

f(M|Y7¢) = f(M|Y0bsa¢) vsz‘ssv(p'

Lastly, the pattern of missing data is non-random and depends on the missing
variable. In this situation, the missing variable in the NMAR case cannot be predicted

only from the available variables in the database. NMAR can be described as

f(M|Y7¢) = f(M|Ymissa¢) vYmissv(p'

Missing data in the context of this thesis is occurred due to power outage
in the hospital. For this case, the actual variables where data are missing are not
the cause of the incomplete data. Instead, the cause of the missing data is due to
some other external influence (power outage) which obviously states that missing
mechanism for this case is MAR (Little and Rubin, 2002; Schmitt et al., 2015; Poulos
and Valle, 2018).

5.1.2. Proportion of Missing Data

For the missing data mechanism MAR, there is not a certain threshold for the
proportion of missing data in a data set to apply either complete case analysis (CCA)
so called listwise deletion, or single or multiple imputation methods (Dong and Peng,
2013).

In the literature, Schafer proposed that 5% missing data in a data set is a
lower threshold below which multiple imputation benefits negligibly (Schafer, 1999).
Munguia and Armando emphasised that if the missing data mechanism is either MAR

or NMAR, CCA may introduce bias which causes a loss in efficiency that cannot be
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negligible (Munguia and Armando, 2014). In contrast to Schafer, Alice stated that 5%
missing data is the maximum upper threshold for large data sets (Alice, 2018). More
recently, Hughes et al. mentioned that multiple imputation is a valid approach for
all MAR mechanisms when compared to CCA, and Madley-Dowd et al. pointed out
that multiple imputation with auxiliary information enhanced estimation efficiency
at any proportion of missing data in comparison with CCA (Hughes et al., 2019;
Madley-Dowd et al., 2019).

Due to the aforementioned arguments, a variety of imputation methods are

implemented instead of CCA in this thesis.

5.2. Imputation Methods

In this section, imputation methods applied to missing data in the scope of
this thesis are expressed in depth. In order to do so, imputeTS (Moritz and
Bartz-Beielstein, 2017) and VIM (Kowarik and Templ, 2016) packages of RStudio
are employed for imputation of missing data. Furthermore, tidyverse (Wickham,
2017) and scales (Wickham, 2018) packages of RStudio are used to manipulate

imputed data sets for visualisation of figures illustrated throughout the chapter.

5.2.1. Kalman Filters

In this subsection, two approaches for the imputation of missing data namely,
KalmanARIMA and KalmanStructTS are described. Briefly, KalmanARIMA utilises
Kalman smoothing on the state-space representation of an ARIMA model, while
KalmanStructTS adopts the same smoothing method on structural time series models
for the imputation (Moritz and Bartz-Beielstein, 2017).

Mathematically, Kalman filters implemented in two phases that are
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fundamentally based on the state-space models given in the following equations as

xx=Fx_1+¢& S.D

e = Hx + o (5.2)

where x; is the state vector of a given system at an instant in time ¢, y; is the
reciprocating measurement vector at ¢, F; is the state-transition parameter of the
system, & is the random state noise term, H, is the measurement parameter, and @,
is the measurement error term.

In the first phase, the state and the corresponding variance of the system is

estimated by using eq. (5.I). In the second phase, the estimated phase is updated

Actual Data with Missing Values
KalmanARIMA
< > KalmanStructTS

g Missing Data g

260~

Energy Consumption (kWh)

0000 0300 06:00
January 4 and 5, 2018

Figure 5.1. Missing data imputation with Kalman filters
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by performing both eq. (5.I) and eq. (5.2). In this thesis, KalmanARIMA and
KalmanStructTS are employed as transition models. KalmanARIMA utilises forecast
(Hyndman et al., 2018) package’s auto.arima function that carries out a search in
order to find the possible model and the auto.arima function returns the best ARIMA
model (Hyndman and Khandakar, 2008). On the other hand, a linear state-space
model, which is named as local level model with Gaussian errors where & and @,
follow Gaussian distribution at the same time by StructTS function of stats (R Core
Team, 2018) package, is fitted to apply KalmanStructTS (Demirhan and Renwick,
2018).

An illustration of missing data imputation with Kalman filters is presented in

Figure 5.1 to impute the longest missing data sequence in the data set.

5.2.2. Interpolation

Interpolation methods employed in the context of this thesis can be classified
as linear interpolation (LI), spline interpolation (Spl), and Stineman interpolation
(StD).

The simplest form of interpolation is called as LI which is used to connect

two data points with a straight line (Kassam et al., 2014). Using similar triangles,

Jilx) = fxo) _ f(x1)—f(xo0),
— = — (x—xp)
X — Xp X1 —X0

which can be arranged to yield

flx) = flxo)

x—Xp)
X1 — X0

fix) = f(xo) +

which is the formula of LI. The notation fj(x) indicates that this is a first-order
interpolating polynomial. In general, a smaller interval between the data points

results in a better approximation. This is due to the fact that, as the interval
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decreases, a continuous function will be better approximated by a straight line
(Chapra and Canale, 2010). For LI, approx function of stats (R Core Team, 2018)
package is performed within na_interpolation function of imputeTS package.

Spl utilises a nonlinear spline function which can be expressed as

Py(x), x€ (—o0,11);
S(X): Pj(x), xE(Tj,Tj+1), jzl,...,l"—l;

Py(x), x€ (Tp,)

where S: R — R, {Py(x),P>(x),...,P.(x)} is a sequence of cubic polynomials, and
T < Tp < ... < 7,18 a sequence of real numbers called knots of spline space (Villiers,
2012). For Spl, spline function of stats package is performed within na_interpolation
function of imputeTS package.

The last interpolation method employed in the scope of this thesis is StI that
utilised stinterp function of stinepack (Johannesson et al., 2018) package within
na_interpolation function of imputeTS package. The function returns the values of
an interpolating function that runs through a set of points in the xy-plane according
to the algorithm of Stineman (Stineman, 1980). According to Stineman, polynomial
interpolation such as Spl frequently gives undesirable results near an abrupt change
of slope. To avoid those kinds of results, Stineman offered the following

interpolation procedure,

1. If values of the ordinates of the specified points change monotonically,
and the slopes of the line segments joining the points change
monotonically, then the interpolating curve and its slope will change
monotonically.

2. If the slopes of the line segments joining the specified points change
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monotonically, then the slopes of the interpolating curve will change
monotonically.

3. Suppose that the conditions in (1) or (2) are satisfied by a set of points,
but a small change in the ordinate or slope at one of the points will
result conditions (1) or (2) being not longer satisfied. Then making this
small change in the ordinate or slope at a point will cause no more than

a small change in the interpolating curve (Stineman, 1980).

More mathematically, consider that x; and y; are rectangular coordinates on
a curve’s jth point, while y; is the slope of the curve at jth point for j=1,...,n and
xj <xjy for j=1,...,n—1. Afterwards, the interpolated value y can be computed

by following the steps given as

1. For a given x fulfilling x; < x < x;,1, compute the slope of the line
segment joining the points jand j+1 by s; = (yj41 —y;)/(xj41 —x;).

2. Compute the ordinate corresponding to x by yo = y; +s;(x —x;).

3. Compute the vertical distance from the point (x — yg) to a line through
(xj —y;) with the slope y; by Ay; =y;+¥j(x —x;) — yo for the points j
and j+1.

4.  Compute the interpolated value y = yo(Ay;Ayjt1)/(Ayj+ Ayjt1) if
Ay;jAyjy1 > 0, and also compute for the other scenario as
y = yolAyjAyj1(2x — xj — xj11)]/[(Ayj — Ayji1) (xj1 — x;)] else if
AyjAyj <0.

In order to apply the above algorithm, y; must be foreknown. If y; for interior
points and Y, for the end point m are not known in the first place, these values should
be computed as follows. Consider that /, J, and K are any three successive points

fulfilling either (IJ) < y i< (JK) or (I]) > ¥ > (JK), where (-) represents the slope

61



5. IMPUTATION METHODS FOR MISSING DATA Kasim ZOR

of inner curve segment. The slope y; is computed for interior points as shown in the
below equation
Oy — )% + e —y) ]+ O —y) [ —x0) + (v — vi)?]
(xj —xi) [(xe = x7)% 4 ke = 3]+ (v = x) [ = xi)? + (3 — 1))

J
and for the end point m, the slope y,, is computed as shown in the below

ymzzsf);j

where s represents the slope of line segments joining points J and end points

(Demirhan and Renwick, 2018).
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Figure 5.2. Missing data imputation with interpolation methods

A demonstration of missing data imputation with interpolation methods is

illustrated in Figure 5.2 to impute the longest missing data sequence in the data set.
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5.2.3. Weighted Moving Average

Weighted moving average (WMA) approaches utilised in this thesis can be
classified as simple moving average (SMA), linearly weighted moving average
(LWMA), and exponentially weighted moving average (EWMA). In general, all
WMA approaches employ a semi-adaptive window size to satisfy the fact that all of
missing values in the data set are imputed. For all WMA approaches, na_ma
function of imputeTS package is used. In order to change the weighting scenario,
the weighting option in the function can be declared as “simple” for SMA, “linear”

for LWMA, and “exponential” for EWMA respectively.

' Missing Data '

Actual Data with Missing Values

Simple Moving Average

Linearly Weighted Moving Average
Exponentially Weighted Moving Average

260~

250~
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Figure 5.3. Missing data imputation with weighted moving average methods

Missing data imputation with WMA approaches is indicated in Figure 5.3 to
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impute the longest missing data sequence in the data set.

Theoretically, the average in WMA obtained from the same number of
observations on either side of a central value. In SMA, all observations in the
window are evenly weighted to compute the average. On the other hand, in LWMA,
weights reduce by arithmetical sequence such as 1/2, 1/3, 1/4, and so on. Similarly,
EWMA implements weighting factors that reduce exponentially such as 1/2, 1/4,
1/8, and so forth (Moritz and Bartz-Beielstein, 2017).

Mathematically, a general expression satisfying all WMA approaches can be

derived for one-step ahead WMA forecast such that

k
V=) oY
i=—k
where w_j, W_¢+1,..., @ symbolise the weights by paying attention to the fact that

{Y;,t =1,...,T} is the time series of interest (Demirhan and Renwick, 2018).

5.2.4. kNN Imputation

In kNN imputation, an aggregation of k values of the nearest neighbours is
employed to impute the individual missing value. Gower distance is the baseline for
distance calculation of the nearest neighbours (Gower, 1971). The distance among
two observations is the weighted average of the contributions of each variable, while
the weight corresponds to the importance of the variable. Thus, the distance among

the ith and jth observation can be stated as

g = L OB
iLj — ZP o
k=1 Yk

where @y is the weight and §; jk 18 the contribution of the kth variable. 0;, jk can be

calculated for continuous variables as shown below

| Xik — %)k |

S ir=
ok
Tk
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where x;  is the value of kth variable of the ith observation and r is the range of the
kth variable (Kowarik and Templ, 2016).

In order to implement kNN imputation, kNN function of VIM (Kowarik and
Templ, 2016) package is performed. For k = 2 and k = 144 values, missing data
imputation with kNN is demonstrated in Figure 5.4 to impute the longest missing

data sequence in the data set.
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Figure 5.4. Missing data imputation with kNN

5.2.5. Persistence
Persistence approaches used in the context of this thesis can be divided into
two categories, namely last observation carried forward (LOCF) and next observation

carried backward (NOCB).
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For both LOCF and NOCB imputation methods, na_locf function of
imputeTS package is employed in RStudio. LOCF imputes the missing observations
in the forward direction by replacing NAs with the last observed value, while NOCB
fills the missing observations in the backward direction by replacing NAs with the
next observed value as indicated in Figure 5.5 in order to impute the longest missing

data sequence in the data set.

0 Missing Data 1

Actual Data with Missing Values
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Figure 5.5. Missing data imputation with persistence methods

In the following chapter, fundamentals of S&AI techniques utilised in the

thesis are investigated in details.
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6. STATISTICAL AND AI TECHNIQUES

In this chapter, MLR as a statistical technique and Al based techniques
containing SVM, GEP, GBDT, and ANN consisting of MLPNN, RBFNN, GRNN,
and GMDHNN are thoroughly investigated.

6.1. Statistical Technique
Statistical techniques are not in the scope of this thesis, but one of the most

common of them, MLR is expressed and employed for benchmarking purposes.

6.1.1. Multiple Linear Regression

In the field of electrical energy consumption modelling, the goal of MLR
as a statistical technique is to formalise the relationship among various explanatory
variables such as weather and calendar information, and a dependent variable which
is the amount of electrical energy demand as a linear function in order to predict the
consumed energy amount as closely as possible (Hong et al., 2010). Model using

MLR is expressed as

y=PBo+PBixi+Bxr+...+Buxn+e

where y is the consumed energy amount, x; is the value of independent variables, f; is
regression parameters with respect to x;, and e represents error (Amral et al., 2007).
In MLR, the error term corresponds to a set of random variables independent and
identically distributed with a Gaussian distribution having zero mean (Hong et al.,
2010).

The main reasons of the selection of MLR in this thesis as the only statistical
technique are its simplicity for understanding, its ease to use, and its faster operation

in comparison with other techniques. For MLR, stats package (R Core Team, 2018)
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is used in RStudio environment. Benefits and drawbacks of MLR are described in the

below table.

Table 6.1. Benefits and drawbacks of MLR (Timur et al., In Press)

Benefits Drawbacks

1. Easy to calculate 1. Its nature of assuming a linear relationship
2. Fast between dependent and independent variables
3. Has good interpretability | 2. Oversimplifies real-world problems

4. Requires less memory 3. Can cause severe multicollinearity

4. Prone to outliers

6.2. Artificial Intelligence Techniques
In this section, Al techniques including SVM, GEP, GBDT, and ANN
containing MLPNN, RBFNN, GRNN, and GMDHNN are expressed in details.

6.2.1. Artificial Neural Networks

The interpretation of the neuron doctrine was initially credited by
McCulloch and Pitts in 1943, Frank Rosenblatt actualised mathematical analysis,
digital computer simulation, and experiments with special purpose parallel analog
systems that neural networks with variable weight connections can be trained for the
classification of spatial patterns into prespecified categories (Nagy, 1991). Nearly
five decades after Rosenblatts approach, a variety of ANN methodologies are very
trendy as Al techniques, especially for energy forecasting applications (Zor et al.,
2017b).

In this thesis, ANN methodologies are investigated by dividing into 4
categories named as MLPNN, RBFNN, GRNN, and GMDHNN.
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6.2.1.1. Multilayer Perceptron Neural Networks

Input Layer | Hidden Layers | Output Layer
Figure 6.1. A basic feed-forward MLPNN topology

The simplest and smallest unit of ANN is an artificial neuron which has the
capability of managing complex behaviours between the operative neurons and
weight parameters (Yildirim et al., 2018). In general, the fundamental topology of
ANN is represented by a feed-forward MLPNN with one hidden layer which is
constituted as demonstrated in Figure 6.1 by three types of neuron layers, namely
input layer, hidden layer, and output layer

H I
$=bo+ Y bug(8oi+ Y Guipi)
h=1 i=1
where I represents the number of inputs p; and H is the number of hidden nodes in the
network. The weights @ = (b,5), where b = [by,...,by] and 8 = [J11,...,O1], are
for the hidden and output layer sequentially. by and &; are the biases of each node,
and the transfer function g(-) may be nonlinear and is usually either the sigmoid

logistic or the hyperbolic tangent function (Barrow and Kourentzes, 2016; Timur et
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al., In Press).

The fundamental reasons behind the selection of MLPNN in this thesis as
Al techniques are its fully approximation for any complex nonlinear relationship, its
high-speed search in determining the ideal number of hidden layers and the optimal
number of neurons within the layers, and capable of learning and adapting to
unknown or uncertain systems. For MLPNN, RSNSS package (Bergmeier and
Benitez, 2012) is employed in RStudio environment. Benefits and drawbacks of

MLPNN are described in the following table.

Table 6.2. Benefits and drawbacks of MLPNN (Timur et al., In Press)

Benefits ‘ Drawbacks

1. Needs less formal statistical training 1. Its nature of being a black-box
2. Implicitly detects complex relationships 2. Has greater computational cost
between dependent and independent variables | 3. Tends to overfitting

3. Detects all possible interactions between 4. The empirical nature of the
predictor variables model development

4. Has access to multiple training algorithms

6.2.1.2. Radial Basis Function Neural Networks

Recently, RBFNN have been considered as a prospering alternative to
MLPNN owing to their broad spectrum of applications and quicker learning ability.
In comparison with traditional sigmoidal MLPNN, RBFNN have minimal
interaction between RBF units, because each RBF unit is typically influenced by
smaller portions of input patterns (Yu et al., 2011). In RBFNN, merely one hidden
layer is in existence and neurons of the hidden layer contain radial basis activation

functions as shown in Figure 6.2. Hence, output of an RBF network is tantamount to
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the weighted summation of the responses of the hidden neurons can be explained as

n
yi= Y, 0;0(||lx—cil) +boj, (j=12,...,n)
i=1

Input Layer ' Hidden Layer | Summation | Output Layer
Layer

Figure 6.2. RBFNN topology

where the number of nodes in the hidden layer is n, input vector is x, the centre of the
ith hidden node is c;, the weight of ith node of the hidden layer is ®;;; the radial basis
function with ¢; being its centre is @;, and the bias of the jth node of output layer is
bo;. The mapping from the input layer to the hidden layer is nonlinear, while it is
linear from the hidden layer to the output layer (Timur et al., In Press). Herein, the
radial basis function is a Gaussian function and input-to-centre distance is designated
by utilising simple Euclidean distance as indicated below

[l —cil
-

i(x) = exp( )
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where ¢ < 0 is a predefined spread value of the function. It should be noted that three
key parameters are decided in RBFNN which are spread, centres, and inter-network
weights (Hossain et al., 2017).

The basic reasons of the selection of RBFNN in this thesis as Al techniques
are its fast on-line learning ability, its strong tolerance to noisy input data, and its easy
implementation. For RBFNN, RSNSS package (Bergmeier and Benitez, 2012) is
executed in RStudio environment. Benefits and drawbacks of RBFNN are described

in the following table.

Table 6.3. Benefits and drawbacks of RBFNN (Mai et al., 2014)

Benefits Drawbacks

1. Fast on-line learning ability 1. Its black-box structure

2. Strong tolerance to noisy input data | 2. Cannot be operated without training
3. Good generalisation data owing to supervised learning

4. Easy implementation 3. No guarantee of success

6.2.1.3. Generalised Regression Neural Networks

GRNN are highly paralle]l RBFNN based on a nonlinear regression analysis
named as kernel regression (Liang et al., 2019).

GRNN are constituted of four layers, namely input layer, pattern layer,
summation layer, and output layer as visualised in Figure 6.3. Each layer has a
certain function to perform nonlinear regression. The input layer has p number of
neurons resulting in p dimension input features of the samples.

Every one of the neurons in the pattern layer is the centre of a cluster, that
computes the exponential form of Euclidean distance between prediction sample xg

D(x;)

and training sample x;, and the output of each neuron i is e”/. In the pattern layer,

the number of neurons is the same with the number of training samples.
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The neurons in the summation layer take the outputs of the neurons in the
pattern layer. Summation layer consists of two units named as numerator and
denominator. In order to reach the output layer, the units in the summation layer are

divided to acquire the final output.

Input Layer ' Pattern Layer | Summation | Output Layer
Layer

Figure 6.3. Visualisation of GRNN

The joint probability density function having random variables x and y is
represented as f(x,y). x is a vector for input random variable, while y is a scalar that
indicates output random variable. If f(x,y) is known, then condition mean of y on a

given xg can be computed by the following equation

J2yf(x0,y)dy
50 f(x0,y)dy

In spite of the fact that f(x,y) is rarely known in most of the systems, hence

$(x0) = E(y|x0) =

estimation of f(x,y) is a necessity for output parameter calculation. GRNN utilise

measured x and y values together for the estimation of f(x,y). Assume that a
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measured sample data point {x;,y;|i =1,2,.

probability density function can be stated as

. 1 n
Hey) = g &
2
X — X
Dlxi) = = 262)
2
y—Ji
D) = -2

..,N} is given. Then the estimated joint

eP i) D)

where n represents the number of measured samples, p corresponds to the dimension

of x, and o stands for the spread factor of the Gauss function for smoothing.

For a given xp, the condition mean of y can be updated as the division of

numerator (Sy) by denominator (Sp) for the summation layer

Z?:l yieD(xi)
er.’:l eD(x:)

The estimated condition mean can be considered as the weighted average belonging

to all observed values of y; in which each observed value is exponentially weighted

with respect to its Euclidean distance from xj (Xie et al., 2019).

Table 6.4. Benefits and drawbacks of GRNN (Onwubolu, 2015; Stepashko et al.,
2017)
Benefits ‘ Drawbacks

1. Presents adaptive network topologies
which can be customised to the given
problem

2. Finds locally good weights owing to
the reliability of the fitting technique

3. Can be trained rapidly by sparse
connectivity

1. Tends to produce quite complex
polynomials for simple systems

2. Do not guarantee building up
the true structure

3. Biased estimates of coefficients
due to the least squares method

In this thesis, GRNN are chosen as an Al technique due to its ability to

perform excellent approximation, to have fast learning speed, and to converge to the
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optimal regression surface (Li et al., 2013). For GRNN, grnn package (Chasset,
2013) is employed in RStudio environment. Benefits and drawbacks of SVM are

described in the previous table.

6.2.1.4. Group Method of Data Handling Polynomial Neural Networks
GMDHNN principally operate as self-organising networks where neuron
connections, number of selected neurons, layers, and neurons in hidden layers are
not constant and are self-acting along with training in order to reach an optimal
model for maximum accuracy without overfitting (De Giorgi et al., 2016). To do so,
GMDHNN uses least squares regression to find the best mathematical relation
among input and output variables by a reference function which can be expressed as
n n n non on
y= a0+2aixi+z Zaijxixj+z Z Zaijkxixjkar...
i=1 i=1j=1 i=1 j=1k=1
where y corresponds to the output, X = (x1,x2,...,x,) represents the input vector,
and a symbolises either the coefficient or weight vector (Xiao et al., 2018).
Ordinarily, the previous equation is utilised in the quadratic form of two

variables such that

2
J

Yy =ap+aix;+axx; +asxx; —|—a4xl-2 +asx
In GMDHNN, input layer contain neurons for each input variables indicated
by v. Each neuron in the first layer acquires its inputs from two of the neurons in
the input layer. The neurons in the second and the third layers obtain their inputs
from two of the neurons in the previous layer and this process continues to output
layer. The output layer takes two of its inputs from the previous layer and generates

the final result that shows the most suitable mathematical expression in satisfying the

relationship between input and output variables.
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(O Eliminated Model

. Reserved Model

Input Layer | First Layer | Second Layer | Third Layer | Output Layer
Figure 6.4. Modelling process of GMDHNN

If n is the number of neurons in a layer in GMDHNN, then the number of
candidate neurons in the next layer will be calculated as n x (n —1)/2 for two
variable polynomials. Additionally, it should be noted that one neuron also may skip
layers directly from the input variables to one of the next layers in GMDHNN as
demonstrated with dashed lines from vs to z¢ in Figure 6.4 as an example.

The best GMDHNN model acquired from the data set imputed with EWMA

76



6. STATISTICAL AND AI TECHNIQUES Kasim ZOR

in the scope of this thesis can be computed and found as

N(4) =2,729.142 — 10.703 x InTemp — 5.419 x InTemp® + 1,270.456 %
P1h—1.425 x P1h* —0.211 x InTemp x P1h
N(7) =2,728.972 4 18.535 x SWI —5.167 x SWI> +1,255.867 x P1h—
4.762 x P1h* +8.236 x SWI x P1h
N(3) =—1.196—0.315 x N(4) —0.011 x N(4)> +1.316 x N(7) —0.011x
N(7)*40.023 x N(4) x N(7)
N(1) =15.503 +8.136 x WSpeed —0.397 x WSpeed* +0.987 x N(3) +2
x 1079 x N(3)%> — 0.004 x WSpeed x N(3)
N(11) =1.694 x e'® x DayType —1.694 x '3 x DayType® + 1,242.292x
Pld —56.781 x P1d*> — 85.375 x DayType x P1d
N(10) =0.520+0.003 x N(11) =6 x 107® x N(11)2 +0.997 x N(7) — 5%
100 X N(7)2+ 11 x 1078 x N(11) x N(7)
N(14) =—5.934 —2.091 x HoD +4.125 x HoD* + N(7) +4.870 x ¢ ¥
N(7)452x 107 x HoD x N(7)
N(9) =12.536+0.812 x N(10) —0.317 x N(10)> +0.182 x N(14) —0.316
X N(14)> +0.633 x N(10) x N(14)
y =0.655—0.082 x N(1) —0.011 x N(1)2+1.081 x N(9) —0.011 x

N(9)*+0.022 x N(1) x N(9)
where for a quadratic reference function used by the network which is stated as
Y= pi+ pa+xi+ paxi + paxa + psxs + pexix

In this thesis, GMDHNN are chosen as an Al technique due to its ability to
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create mathematical model for analyses, its structural and parametrical
configurability (Ahmad et al., 2014). For GMDHNN, GMDH package (Dag and
Yozgatligil, 2012) is utilised in RStudio environment. Benefits and drawbacks of

SVM are described in the following table.

Table 6.5. Benefits and drawbacks of GMDHNN (Onwubolu, 2015; Stepashko et
al., 2017)

Benefits ‘ Drawbacks

1. Presents adaptive network topologies | 1. Tends to produce quite complex
which can be customised to the given polynomials for simple systems
problem 2. Do not guarantee building up

2. Finds locally good weights owing to | the true structure

the reliability of the fitting technique 3. Biased estimates of coefficients
3. Can be trained rapidly by sparse due to the least squares method
connectivity

6.2.2. Support Vector Machines

X ?(x)
Figure 6.5. Nonlinear to linear mapping (Sayad, 2019)
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SVM is an Al technique for binary classification problems. With an
extension to SVM, the technique can also be applied to regression problems (i.e.
SVR) for function estimation (Avsar, 2017). SVR is utilised to constitute a quite flat
function f(x), which is a linear regression function, that has the capability to get the
nearest vector representing the real output with a tolerance € indicating error term.
Energy forecasting has nonlinear solutions just as most problems encountered on the
Earth, hence input data are mapped into a higher-dimensional space by using SVR
in order to find out probable linearities for training data, and linear regression

technique can be applied to the consequent space

f() = 0-0() +b

where @(x) is a function used for mapping from nonlinear space to linear space as
shown in Figure 6.5, and b corresponds to the bias (Zendehboudi et al., 2018). In
order to guarantee the flatness of f(x), a function having a minimum norm value of
||||* should be obtained for each residual possessing a value smaller than & (Timur
et al., In Press). In practice, a cost can be defined for residuals that are not smaller
than or equal to €, because such function may not be obtained. For this optimisation

problem, formulation of nonlinear €-insensitive SVR (£-SVR) is as follows
S PR
rg}gliw +Ci§{(§i+ &)

yi—flx) <e+§
st fx)—yi<e+g
gl'a éi* Z 0
where the penalty imposed on observations that lie outside the € margin is controlled

by C and shown by &; and &;*. Dual optimisation problem of €-SVR can be acquired
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by introducing a Lagrangian function with multipliers c; and o/;. Each instance must
conform to Karush-Kuhn-Tucker (KKT) conditions as well. Lagrangian multipliers
for all instances throughout the margin are zero. Instances having multipliers, that

are not equal to zero, are support vectors. In that case, the function f(x) is stated as
‘
flxi) = Z (aj—a})K(xi,x;) +b
j=1

where K(x;,xj) is a nonlinear kernel function (Vrablecova et al., 2018). Linear,
sigmoid, polynomial, and Gaussian RBF are universally utilised kernels. Due to its
simpleness and computational efficiency over the years, RBF kernel has been
qualified as one of the best kernels (Yaslan and Bican, 2017). RBF kernel function is
expressed as

2
[bxi =]

K(xi,xj) = exp(—— ) =exp(~7[lxi —x;|1%)

where x; and x; are input instances, 6 is variance, and ||x; —x;||* can be described
as the squared Euclidean distance among two instances (Vrablecova et al., 2018).

Moreover, cost (C) controls the SVR model’s empirical risk degree, gamma
(7) controls the Gaussian function width, and epsilon (&) controls the €-insensitive
zone’s width sequentially. For the performance of SVR models, C, 7, and €
parameters should be well-determined in order to have a more accurate €-SVR
model (Zhang et al., 2017; Timur et al., In Press).

In this thesis, SVM are chosen as an Al technique due to its ability to be
performed with less parameters, its kernel trick which simplifies nonlinear
relationships into linear ones by mapping, and its capability in improving
generalisation performance. For SVM, el071 package (Meyer et al.,2019) is
executed in RStudio environment. Benefits and drawbacks of SVM are described in

the following table.
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Table 6.6. Benefits and drawbacks of SVM (Timur et al., In Press)

Benefits

Drawbacks

1. Avoids overfitting by regularisation
parameter

2. Kernel trick

3. Can be defined by an optimisation
problem having no local minima and
there are efficient methods for solution
of it

1. The first and biggest limitation
depends on the choice of kernel
2. The second limitation in speed
and size for both in training and
testing stages

3. Significantly slow in the testing
stage

6.2.3. Gene Expression Programming

GEP is an enhanced methodology primarily based on GA and genetic
programming (GP) (Ferreira, 2001). GEP contains five basic components, namely
function set, terminal set, fitness function, control parameters, and termination
condition. Although parse tree demonstration is used in traditional GP, GEP
employs a fixed length of character strings for illustrating solutions to the problems,
which are then visualised as parse trees (Hosseini and Gandomi, 2012). The

illustration of trees in GEP is named as expression tree (ET) and shown in Figure

6.6.

Figure 6.6. An example of GEP’s expression tree
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The ET indicated in Figure 6.6 corresponds to the below equation

y = Bix1 + Baxz

Among GEP applications, symbolic regression is a broadly utilised method
to obtain a mathematical formula for a desired output from input variables of a given
data set. Each sample of the data set contains input variables and outputs which can

be stated as

{xi,la-xi727 cee 7xi,n70i717 ce 70i7m}

where n represents the number of input variables and m corresponds to the number
of outputs, x; ; and o; ; are the jth input and output of the ith sample. RMSE is
frequently used for the accuracy of fitting. The symbolic regression needs to find the

optimal I"* which minimises the RMSE for the given data set
I' = argr-min f(I")

where I is the quality of the formula, f(I") gives the fitting error of I" (Zhong et al.,

2017).

{o b

Figure 6.7. The best GEP model for the data set imputed with KalmanARIMA

The best GEP model obtained from the data set imputed with

KalmanARIMA in the context of this thesis is demonstrated in Figure 6.7 and yields
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the following equation
y = (OutTemp x —0.367) + ((P1h+ (2 x (SWI/(HoD —1.068)))) —2.726)

where y is forecasted electrical energy consumption, OQutTemp and SW1I represents
the outdoor temperature and short-wave irradiation values taken from MERRA-2,
P1h corresponds to the electrical energy consumption value for the previous one hour,
and HoD is the value of calendar variable standing for hour of day.

In this thesis, GEP is chosen as an Al technique due to its capability of being
universal, its simpleness to understand, and its capability in containing advantages of
GA and GP. For GEP, gepR package (Liu, 2018) is operated in RStudio environment.

Benefits and drawbacks of GEP are described in the following table.

Table 6.7. Benefits and drawbacks of GEP (Li et al., 2005; Gan et al., 2007)

Benefits Drawbacks
1. Extremely versatile 1. Does not ensure that the levels of functional
2. Easy to understand with complexity in the phenotype are also directly
3. Faster than old GAs reflected in the genotype
its linear and ramified structure | 2. The best individual is maintained, but some
4. Has no invalid individuals of better individuals may be lost
5. Overcomes the shortcomings | 3. Needs much additional computation owing
of GA and GP to mutations, crossovers, and rotations before
reaching an optimal solution
4. Indicates premature convergence

6.2.4. Gradient Boosted Decision Trees
Boosting is a series approach for aggregating weighted outputs of several
simple models recurrently to obtain an enhanced accuracy of prediction by

minimising loss functions (Touzani et al., 2018).
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\ MSE Loss Function

- Fy)? >

Figure 6.8. An illustration of GBDT (Parr and Howard, 2019)

Gradient boosting employs additive models which are trained in a forward

stage-wise manner of the form
Fin(x) = Fyp1(x) + by (x)

where Ay, (x) are decision trees of constant size, F;,(x) is the summation of m decision
trees, and x is the set of input variables. In order to predict the response Y; ;1 from

the training set for the best A,
Fn(Xig) = Fin—1(Xig) +hm(Xig) = Yigsk
which yields to

hm(xi,t) = Yi,t+k —Fy (xi,t)

where hj, also corresponds to r,;, which stands for the model fitting the current

residuals at iteration m. Note that current residuals are the negative gradients of the
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squared error loss function

a% (Yi,t+k —Fy (xi,t))z
aFm—l (xi,t)

Ymit = —

which also indicates that &, equals to the negative gradient of the squared error loss
function.

In GBDT, a learning rate v so called shrinkage factor, is defined to scale the
contribution of each decision tree for a regularisation strategy which is utilised to

avoid overfitting, may be stated as
Fu(x) = Fp_1(x) + vhy(x) v e [0:1]

where small values of v is recommended for better test error (Persson et al., 2017).
In this thesis, GBDT are chosen as an Al technique due to its capability of
superior accuracy of prediction, being computationally fast and efficient, and being
flexible for different loss functions. For GBDT, gbm package (Greenwell et al., 2019)
is used in RStudio environment. Benefits and drawbacks of GBDT are described in

the following table.

Table 6.8. Benefits and drawbacks of GBDT
Benefits Drawbacks

1. Superior accuracy 1. Complex models can not be visualised
2. Computationally fast and efficient | 2. Computationally expensive

3. Flexible for different loss functions | 3. Requires a large grid search during
and hyper-parameter tuning options tuning

4. Imputation is not necessary 4. Less interpretable

In the next chapter, experimental results and discussion of the thesis are

presented.
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7. EXPERIMENTAL RESULTS AND DISCUSSION

In this chapter, the detailed results of benchmark analyses are discussed
from both imputation methods and S&AI techniques’ point of view after expressing

normalisation and evaluation criteria.

7.1. Normalisation and Evaluation Criteria

Normalisation process is essentially performed to eliminate the units of
different data types in the data set, to maintain data integrity for decreasing
execution time and occupying less memory, and to compare performances of
heterogeneous data in a similar manner (Timur et al., In Press). In order to have a
data distribution between 0 and 1 for each column vector representing different data
type, the following formula can be applied for yyi, = 0 and ypx = 1

X — Xmin

Xnorm = (ymax _Ymin) X ( )+Ymin

Xmax — Xmin

where x is a column vector, Xy, and Xy, correspond to minimum and maximum
values of the x, ymin and ymax are boundaries for distribution, and x;,,,,, represents a
normalised column vector converted from x respectively (He and Zheng, 2018).

Before evaluation, normalised data have to be de-normalised to calculate
performance metrics which can only be compared between models whose errors are
measured in the similar units such as MAE and RMSE. De-normalisation formula is
the same with normalisation formula, but yn,x and ypni, represent the minimum and
maximum known values of the previously normalised column vector x.

In order to evaluate the performances of different S&AI techniques, R?, CV,
MAE, RMSE, and MAPE are employed in this thesis. Firstly, R? corresponds to the
coefficient of determination which is the proportion of the variance in the dependent

variable that can be predicted from the independent variables (Celik et al., 2016).
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Secondly, the CV of the RMSE evaluates the relative closeness of the predictions to
the actual values and can be calculated as dividing the RMSE by the mean. Thirdly,
MAE measures the accuracy of continuous variables by the mean of errors without
taking their direction into account. Mathematically, the MAE is the average over the
verification sample of the absolute values of the differences between predicted and
the actual observation. The MAE is a linear score which means that all the individual
differences are weighted equally in the average.

Furthermore, RMSE is a quadratic scoring rule for the square root of the
variance which also represents the average of the root forecasting error squares (Akay
and Abasikeles, 2010). However, there is no precise criterion for an optimum value of
the RMSE, hence it is based on the scales of the measured variables and the size of the
sample. The RMSE can be only compared among models whose errors are measured
in the same units (Salkind, 2010). On the other hand, MAPE performance metric does
not depend on the magnitude of the unit of measurement. Similar to the CV, MAE,
and RMSE, if the MAPE is small, then the model is accurate. The MAPE is the most
widely used error measure in energy forecasting (Zor et al., 2017a). Formulae of the
R2, CV, MAE, RMSE, and MAPE are as follows

R Lia(i=9)?
= —
i1 (vi—Y)

100 /XL 0i=5i)

CVruse(%) = "

I ¢ .
MAE =~} [vi =i
i=1

Y (vi—Ji)?

n

RMSE =

100
S il

88



7. EXPERIMENTAL RESULTS AND DISCUSSION Kasim ZOR

where y; is actual or measured output, § is predicted output, y is mean of y;, and n

indicates the number of observations (Timur et al., In Press).

7.2. Benchmark Analyses of Experimental Results
In this section, benchmark analyses of experimental results are presented by

evaluating according to R, CV, MAE, RMSE, and MAPE.

7.2.1. Application of Identical Constraints to S&AI Techniques
For all S&AI techniques, the following constraints are applied identically as

follows:

e  The same number of input categories and variables are implemented to
each technique in order to produce results for the same target variable,

e For input and output variables, identical resolution is performed as
temporal granularity,

e  For model testing and validation, random sampling method is applied
to all S&AI techniques in such a manner that 20% of data set is used
to constitute training data and 80% of the data set is employed to form
validation data randomly,

e  For calculation of the relative importance of input variables, the same
algorithm executing sensitivity analysis is implemented to all S&AI
techniques in which the values of each variable are randomised and the

effect on the quality of the model is measured out of 100 as percentage.

7.2.2. Experimental Results of Imputation Methods
Under this subsection, experimental results of the data set imputed with

different methods for missing data are presented according to the best average
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MAPE performances. The data set imputed with NOCB persistence method
appeared in the first place according to the mean MAPEs of S&AI techniques as
shown in Table 7.1. NOCB was followed by the data set imputed with LWMA

method which were ranked as the second as illustrated in Table 7.2.

Table 7.1. Results of the data set imputed with NOCB

Imputation S/AT R? CV | MAE | RMSE | MAPE
Method Model (%) (%) | (kWh) | (kWh) (%)

GBDT 99.982 | 0.620 | 11.154 | 16.867 | 0.427
SVM 99.975 | 0.727 | 12.994 | 19.798 | 0.491
GMDHNN | 99.959 | 0.934 | 16.783 | 25.426 | 0.625
GEP 99.951 | 1.026 | 17.935 | 27.926 | 0.674
GRNN 99.972 | 0.777 | 17.748 | 26.566 | 0.678
MLR 99.955 | 0.986 | 17.882 | 26.826 | 0.683
MLPNN; | 99.957 | 0.959 | 18.019 | 26.091 | 0.696
RBFNN | 99.941 | 1.121 | 20.873 | 30.517 | 0.826
MLPNN, | 99.932 | 1.204 | 23.457 | 32.759 | 0.927

Average | 99.958 ‘ 0.928 | 17.427 | 25.844 | 0.670

NOCB

Table 7.2. Results of the data set imputed with LWMA

Imputation S/AT R? CV | MAE | RMSE | MAPE
Method Model (%) (%) | (kWh) | (kWh) | (%)

GBDT 99.982 | 0.613 | 11.275 | 16.681 | 0.431
SVM 99.976 | 0.710 | 12.799 | 19.325 | 0.484
GMDHNN | 99.961 | 0917 | 16.589 | 24.958 | 0.623
MLPNN; | 99.960 | 0.919 | 17.443 | 25.029 | 0.670
GRNN 99.972 | 0.779 | 15.587 | 21.218 | 0.670
MLR 99.956 | 0.973 | 17.740 | 26.486 | 0.677
GEP 99.954 | 0.993 | 18.517 | 27.021 | 0.707
RBFNN | 99.934 | 1.188 | 21.727 | 32.346 | 0.868
MLPNN, | 99.931 | 1.215 | 23.922 | 33.068 | 0.947

Average | 99.958 | 0.923 | 17.289 | 25.126 | 0.675

LWMA
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The data set imputed with KalmanARIMA method took the third place as
indicated in Table 7.3, while the data set imputed with Spl were ranked fourth as

demonstrated in Table 7.4.

Table 7.3. Results of the data set imputed with KalmanARIMA

Imputation S/AT R? CV | MAE | RMSE | MAPE
Method Model (%) (%) | (kWh) | (kWh) | (%)

GBDT 99.984 | 0.593 | 10.952 | 16.137 | 0.423
SVM 99.976 | 0.714 | 12.812 | 19.441 | 0.484
GMDHNN | 99.960 | 0.921 | 16.674 | 25.067 | 0.620
GEP 99.955 | 0.980 | 17.159 | 26.660 | 0.641
GRNN 99.973 | 0.760 | 15.186 | 20.680 | 0.655
MLR 99.956 | 0.974 | 17.765 | 26.513 | 0.679
MLPNN; | 99.956 | 0.976 | 18.343 | 26.558 | 0.701
RBFNN | 99917 | 1.337 | 22.462 | 36.381 | 0.914
MLPNN, | 99.907 | 1.409 | 27.363 | 38.343 | 1.075

Average | 99.954 ‘ 0.962 | 17.635 | 26.198 | 0.688

KalmanARIMA

Table 7.4. Results of the data set imputed with Spl

Imputation S/AT R? CV | MAE | RMSE | MAPE
Method Model (%) (%) | (kWh) | (kWh) | (%)

GBDT 99.981 | 0.632 | 11.329 | 17.212 | 0.437
SVM 99.975 | 0.735 | 13.019 | 19.991 | 0.493
GMDHNN | 99.959 | 0.939 | 16.842 | 25.553 | 0.627
GRNN 99.972 | 0.772 | 15.431 | 21.019 | 0.665
MLR 99.954 | 0.991 | 17.944 | 26.965 | 0.686
GEP 99.951 | 1.020 | 18.424 | 27.752 | 0.695
MLPNN; | 99.955 | 0.978 | 18.278 | 26.612 | 0.705
RBFNN | 99.908 | 1.405 | 22.201 | 38.237 | 0.906
MLPNN, | 99.922 | 1.292 | 25.728 | 35.171 | 1.031

Average | 99.953 | 0.974 | 17.688 | 26.501 | 0.694

Spl
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Moreover, the data sets imputed with LOCF persistence method and
KalmanStructTS were ranked the fifth and sixth as visualised in Table 7.5 and Table

7.6 respectively.

Table 7.5. Results of the data set imputed with LOCF

Imputation S/AI R? CvV MAE | RMSE | MAPE
Method Model (%) (%) | (kWh) | (kWh) (%)

GBDT 99.983 | 0.607 | 11.125 | 16.511 | 0.429
SVM 99.975 | 0.726 | 13.040 | 19.762 | 0.492
GMDHNN | 99.961 | 0.919 | 16.728 | 25.011 | 0.622
GRNN 99.972 | 0.777 | 15.549 | 21.158 | 0.669
MLPNN; | 99.960 | 0.924 | 17.525 | 25.139 | 0.676
MLR 99.955 | 0.976 | 17.748 | 26.566 | 0.678
GEP 99.953 | 1.004 | 18.158 | 27.342 | 0.688
RBFNN | 99.866 | 1.691 | 22.746 | 46.016 | 0.935
MLPNN, | 99.902 | 1.450 | 27.882 | 39.468 | 1.088

Average | 99.947 | 1.008 | 17.833 | 27.441 | 0.697

LOCF

Table 7.6. Results of the data set imputed with KalmanStructTS

Imputation S/AI R2 CV | MAE | RMSE | MAPE
Method Model %) | (%) | &kWh) | (kWh) | (%)

GBDT 99.982 | 0.621 | 11.405 | 16.892 | 0.435
SVM 99.976 | 0.712 | 12.815 | 19.377 | 0.485
GMDHNN | 99.960 | 0.921 | 16.671 | 25.080 | 0.620
GRNN 99.973 | 0.761 | 15.209 | 20.710 | 0.656
GEP 99.955 | 0.978 | 17.670 | 26.614 | 0.670
MLR 99.956 | 0.973 | 17.759 | 26.496 | 0.679
MLPNN; | 99.953 | 1.007 | 19.167 | 27.408 | 0.746
RBFNN | 99.937 | 1.163 | 20.439 | 31.656 | 0.822
MLPNN, | 99.902 | 1.449 | 29.792 | 39.435 | 1.218

Average | 99.955 | 0.954 | 17.881 | 25.963 | 0.703

KalmanStructTS

92



7. EXPERIMENTAL RESULTS AND DISCUSSION Kasim ZOR

Furthermore, the data sets imputed with SMA and EWMA took the seventh

and eighth place as given in Table 7.7 and Table 7.8 sequentially.

Table 7.7. Results of the data set imputed with SMA

Imputation S/AL R2 CV | MAE | RMSE | MAPE
Method Model (%) | (%) | kWh) | (kWh) | (%)

GBDT 99.982 | 0.623 | 11.456 | 16.955 | 0.437
SVM 99.977 | 0.703 | 12.782 | 19.140 | 0.485
GMDHNN | 99.961 | 0.916 | 16.549 | 24.973 | 0.622
GRNN 99.972 | 0.770 | 15.397 | 20.955 | 0.663
SMA GEP 99.953 | 1.003 | 17.881 | 27.292 | 0.677
MLR 99.956 | 0.973 | 17.730 | 26.483 | 0.677
MLPNN; | 99.956 | 0.965 | 18.448 | 26.261 | 0.718
RBFNN | 99.925 | 1.267 | 23.207 | 34.486 | 0.945
MLPNN, | 99.898 | 1.480 | 28.458 | 40.296 | 1.109

Average | 99.953 | 0.967 | 17.990 | 26.316 | 0.704

Table 7.8. Results of the data set imputed with EWMA

Imputation S/AI R? CV | MAE | RMSE | MAPE
Method Model (%) | (%) | (kWh) | (kWh) | (%)

GBDT 99.982 | 0.618 | 11.451 | 16.823 | 0.437
SVM 99.976 | 0.711 | 12.655 | 19.365 | 0477
GMDHNN | 99.960 | 0.920 | 16.554 | 25.050 | 0.619
MLR 99.956 | 0.974 | 17.759 | 26.523 | 0.678
EWMA GRNN 99.970 | 0.805 | 16.074 | 21.906 | 0.688
GEP 99.952 | 1.012 | 18.486 | 27.558 | 0.704
MLPNN; | 99.945 | 1.089 | 21.404 | 29.639 | 0.854
RBFNN | 99.876 | 1.629 | 22.942 | 44.342 | 0.941
MLPNN, | 99916 | 1.341 | 27.032 | 36.498 | 1.087

Average | 99.948 | 1.011 | 18.262 | 27.523 | 0.720
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Additionally, StI and kNN for £ = 2 imputed data sets were ranked as the

ninth and tenth.

Table 7.9. Results of the data set imputed with StI

Imputation S/AI R? CvV MAE | RMSE | MAPE
Method Model (%) (%) | (kWh) | (kWh) (%)

GBDT 99.982 | 0.615 | 11.292 | 16.738 | 0.433
SVM 99.977 | 0.704 | 12.586 | 19.173 | 0.476
GMDHNN | 99.960 | 0.921 | 16.694 | 25.071 | 0.628
MLR 99.956 | 0.976 | 17.819 | 26.560 | 0.681
Stl GRNN 99.970 | 0.804 | 16.064 | 21.897 | 0.687
GEP 99.953 | 1.001 | 18.243 | 27.242 | 0.696
MLPNN; | 99.958 | 0.949 | 18.456 | 25.840 | 0.731
RBFNN | 99.802 | 2.060 | 22.707 | 56.066 | 0.922
MLPNN, | 99.872 | 1.657 | 34.204 | 45.104 | 1.397

Average | 99.937 | 1.076 | 18.674 | 29.299 | 0.739

Table 7.10. Results of the data set imputed with kNN for k = 2

Imputation S/AI R? CV | MAE | RMSE | MAPE
Method Model %) | (%) | (kWh) | (kWh) | (%)

GBDT 99.966 | 0.847 | 12.237 | 23.055 | 0.473
SVM 99.959 | 0.933 | 13.221 | 25.405 | 0.507
GRNN 99.973 | 0.758 | 15.142 | 20.637 | 0.654
GMDHNN | 99.937 | 1.157 | 18.435 | 31.487 | 0.695
kNN for k =2 GEP 99.931 | 1.217 | 18.819 | 33.142 | 0.726
MLR 99.930 | 1.225 | 19.064 | 33.358 | 0.738
MLPNN; | 99.927 | 1.246 | 20.190 | 33.925 | 0.780
RBFNN | 99.879 | 1.612 | 24.440 | 43.879 | 1.008
MLPNN, | 99.892 | 1.517 | 27.972 | 41.303 | 1.130

Average | 99.933 | 1.168 | 18.835 | 31.839 | 0.746
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Lastly, the data sets imputed with LI and kNN for k = 144 took the eleventh

and the last place.

Table 7.11. Results of the data set imputed with LI

Imputation S/AL R2 CV | MAE | RMSE | MAPE
Method Model (%) | (%) | kWh) | (kWh) | (%)

GBDT 99.983 | 0.603 | 11.109 | 16.404 | 0.427
SVM 99.976 | 0.709 | 12.621 | 19.309 | 0.476
GMDHNN | 99.960 | 0.919 | 16.665 | 25.024 | 0.627
GRNN 99.972 | 0.767 | 15.343 | 20.885 | 0.661
LI MLR 99.956 | 0.974 | 17.784 | 26.518 | 0.679
GEP 99.953 | 1.000 | 18.084 | 27.223 | 0.683
RBFNN | 99.932 | 1.203 | 20.824 | 32.750 | 0.826
MLPNN; | 99.947 | 1.069 | 21.095 | 29.102 | 0.848
MLPNN, | 99.754 | 2.296 | 46.484 | 62.505 | 1.833

Average | 99.937 | 1.060 | 20.001 | 28.858 | 0.784

Table 7.12. Results of the data set imputed with KNN for k = 144

Imputation S/AT R? CV | MAE | RMSE | MAPE
Method Model (%) | (%) | (kWh) | (kWh) | (%)

GBDT 99.965 | 0.864 | 12.751 | 23.530 | 0.504
SVM 99.967 | 0.846 | 13.671 | 23.041 | 0.546
GMDHNN | 99.943 | 1.106 | 17.960 | 30.125 | 0.686
MLR 99.936 | 1.169 | 18.877 | 31.828 | 0.739
kNN for k = 144 GEP 99.934 | 1.189 | 19.388 | 32.385 | 0.758
MLPNN; | 99.934 | 1.190 | 20.624 | 32.409 | 0.821
GRNN 99.949 | 1.040 | 20.547 | 28.320 | 0.846
RBFNN | 99918 | 1.326 | 23.350 | 36.113 | 0.956
MLPNN, | 99.887 | 1.556 | 29.790 | 42.364 | 1.213

Average | 99.937 | 1.143 | 19.962 | 31.124 | 0.785
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7.2.2.1. Summary of Results of Imputation Methods

A variety of imputation methods applied in combination with S&AI
techniques to identify individual impact of each imputation method on forecasting
performance by means of R%, CV, MAE, RMSE, and MAPE. Summary table that
states the rankings based on average MAPE values of each imputation method for

all S&AI techniques is given in Table 7.13.

Table 7.13. Summary of results of imputation methods

Imputation R? CV | MAE | RMSE | MAPE
Method (%) | (%) | kWh) | (kWh) | (%)
NOCB 99.958 | 0.928 | 17.427 | 25.844 | 0.670
LWMA 99.958 | 0.923 | 17.289 | 25.126 | 0.675

KalmanARIMA [ 99.954 | 0.962 | 17.635 | 26.198 | 0.688
Spl 99.953 [ 0.974 | 17.688 | 26.501 | 0.694
LOCF 99.947 | 1.008 | 17.833 [ 27.441 | 0.697
KalmanStructTS | 99.955 | 0.954 | 17.881 | 25.963 | 0.703
SMA 99.953 | 0.967 [ 17.990 | 26.316 | 0.704
EWMA 99.948 | 1.011 | 18.262 | 27.523 | 0.720
Stl 99.937 | 1.076 | 18.674 | 29.299 | 0.739

kNN fork=2 [99.933 | 1.168 | 18.835 | 31.839 | 0.746
LI 99.937 | 1.060 [ 20.001 | 28.858 | 0.784

kNN for k =144 | 99.937 | 1.143 | 19.962 | 31.124 | 0.785
Average 99.947 | 1.014 | 18.290 | 27.669 | 0.717

In regard to the Table 7.13; NOCB, LWMA, and KalmanARIMA imputation
methods took the first three place with respect to the experimental results for the

evaluation of their general performance on all S&AI techniques.

7.2.3. Experimental Results of S&AI Techniques
Experimental results of the S&AI techniques imputed with different

imputation methods for STEF are presented according to the best average MAPE
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performances.

GBDT models came in the first among all S& Al techniques, the experimental
results of the models are illustrated in Table 7.14, and parameters employed for each

GBDT model in the conducted analyses for all imputation methods are stated as

follows:
e  Minimum and maximum number of trees in a series: 10 and 400,
e  Depth of individual trees: 5,
e  Minimum size node to split: 10,
e  Proportion of rows for each tree: 50%,
e  Quantile cut-off for Huber’s loss function: 90%,
o Influence trimming factor: 1%,
e  Number of minimum spikes for smoothing: 5,
e  Pruning of series is carried out according to minimum error.
Table 7.14. Results of GBDT models
S/AI Imputation R? CV | MAE | RMSE | MAPE
Model Method (%) (%) | (kWh) | (kWh) (%)
KalmanARIMA | 99.984 | 0.593 | 10.952 | 16.137 | 0.423
LI 99.983 | 0.603 | 11.109 | 16.404 | 0.427
NOCB 99.982 | 0.620 | 11.154 | 16.867 | 0.427
LOCF 99.983 | 0.607 | 11.125 | 16.511 | 0.429
LWMA 99.982 | 0.613 | 11.275 | 16.681 | 0.431
Stl 99.982 | 0.615 | 11.292 | 16.738 | 0.433
GBDT | KalmanStructTS | 99.982 | 0.621 | 11.405 | 16.892 | 0.435
EWMA 99.982 | 0.618 | 11.451 | 16.823 | 0.437
SMA 99.982 | 0.623 | 11.456 | 16.955 | 0.437
Spl 99.981 | 0.632 | 11.329 | 17.212 | 0.437
kNN fork=2 | 99.966 | 0.847 | 12.237 | 23.055 | 0.473
kNN for k = 144 | 99.965 | 0.864 | 12.751 | 23.530 | 0.504
Average 99.979 | 0.655 | 11.461 | 17.817 | 0.441
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SVM models took the second position between all S&AI techniques, the
experimental results of the models are demonstrated in Table 7.15, and parameters

used in the experimental analyses are given as

e  Regression type: e-SVR,

e  Kernel function: Gaussian radial basis function,

e  Grid and pattern search for parameter optimisation,

e  5-fold cross validation for parameter optimisation,

e  Parameter optimisation in reference to minimising total error,

e  Search range for model parameters:

e Cfrom 10~ to 5000,
e  ybetween 103 and 50,
e  camong 10~*and 100.

Table 7.15. Results of SVM models

S/AL Imputation R2 CV | MAE | RMSE | MAPE
Model Method %) | (%) | &Wh) | kWh) | (%)
Stl 99.977 | 0.704 | 12.586 | 19.173 | 0.476

LI 99.976 | 0.709 | 12.621 | 19.309 | 0.476

EWMA 99.976 | 0.711 | 12.655 | 19.365 | 0.477

LWMA 99.976 | 0.710 | 12.799 | 19.325 | 0.484
KalmanARIMA | 99.976 | 0.714 | 12.812 | 19.441 | 0.484

SMA 99.977 | 0.703 | 12.782 | 19.140 | 0.485

SVM | KalmanStructTS | 99.976 | 0.712 | 12.815 | 19.377 | 0.485
NOCB 99.975 | 0.727 | 12.994 | 19.798 | 0.491

LOCF 99.975 | 0.726 | 13.040 | 19.762 | 0.492

Spl 99.975 | 0.735 | 13.019 | 19.991 | 0.493
KNNfork=2 | 99.959 | 0.933 | 13.221 | 25.405 | 0.507

kNN for k = 144 | 99.967 | 0.846 | 13.671 | 23.041 | 0.546

Average 99.974 | 0.744 | 12.918 | 20.260 | 0.491
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GMDHNN models ranked the third in all S&AI techniques, the experimental

results of the models are demonstrated in Table 7.16, and parameters used in the

experimental analyses are expressed as

e  Reference function: Quadratic function with two variables

e  Number of maximum network layers: 20,

e  Maximum polynomial order: 16,

e  Convergence tolerance: 1074,

e  Number of neurons per layer: A fixed number of 20 neurons,

o Allowed network configurations: Previous layer and original input

variables,

e  Opverfitting protection control: Hold-out sample 20%.

Table 7.16. Results of GMDHNN models

S/AI Imputation R? CV | MAE | RMSE | MAPE
Model Method (%) | (%) | (kWh) | (kWh) | (%)
EWMA 99.960 | 0.920 | 16.554 | 25.050 | 0.619
KalmanStructTS | 99.960 [ 0.921 | 16.671 | 25.080 | 0.620
KalmanARIMA [ 99.960 | 0.921 | 16.674 [ 25.067 | 0.620

SMA 99.961 | 0.916 | 16.549 | 24.973 | 0.622

LOCF 99.961 | 0.919 | 16.728 | 25.011 | 0.622

LWMA 99.961 | 0.917 | 16.589 | 24.958 | 0.623

GMDHNN NOCB 99.959 | 0.934 | 16.783 | 25.426 | 0.625
LI 99.960 | 0.919 | 16.665 | 25.024 | 0.627

Spl 99.959 | 0.939 | 16.842 | 25.553 | 0.627

Stl 99.960 | 0.921 | 16.694 | 25.071 | 0.628

kNN for k =144 | 99.943 | 1.106 | 17.960 | 30.125 | 0.686

kNN for k=2 [99.937 | 1.157 [ 18.435 | 31.487 | 0.695

Average 99.957 | 0.957 | 16.929 | 26.069 | 0.634

GRNN models took the fourth place among all S&AI techniques and the
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experimental results of the models are demonstrated in Table 7.17. Herein, it should
be noted that GRNN had better R2, CV, MAE, and RMSE averages in comparison
with GMDHNN during the analyses, but this ranking was constituted based on

MAPE averages. Parameters used in the experimental analyses are expressed as

e  Kernel function: Gaussian radial basis function,

e o configuration: o for each input variable,

e  Search range for model parameter o: from 10~ to 10,

e  Step size for searching: 20,

e In order to find the optimal ¢ values, conjugate gradient algorithm is

executed.

Table 7.17. Results of GRNN models

S/AI Imputation R? CV | MAE | RMSE | MAPE
Model Method (%) | (%) | kWh) | (kWh) | (%)
kNN fork=2 | 99.973 | 0.758 | 15.142 | 20.637 | 0.654
KalmanARIMA [ 99.973 [ 0.760 | 15.186 | 20.680 | 0.655
KalmanStructTS | 99.973 | 0.761 [ 15.209 | 20.710 | 0.656

LI 99.972 [ 0.767 | 15.343 | 20.885 | 0.661

SMA 99.972 [ 0.770 | 15.397 [ 20.955 | 0.663

Spl 99.972 [ 0.772 | 15.431 [ 21.019 | 0.665

GRNN LOCF 99.972 | 0.777 | 15.549 | 21.158 | 0.669
LWMA 99.972 [ 0.779 | 15.587 | 21.218 | 0.670

NOCB 99.972 [ 0.777 | 17.748 | 26.566 | 0.678

Stl 99.970 [ 0.804 | 16.064 | 21.897 | 0.687

EWMA 99.970 [ 0.805 | 16.074 | 21.906 | 0.688

kNN for k = 144 | 99.949 | 1.040 | 20.547 | 28.320 [ 0.846
Average 99.970 | 0.797 | 16.106 | 22.166 | 0.683

MLR models ranked the fifth between all S&AI techniques, the experimental
results of the models are demonstrated in Table 7.18, and parameters used in the

experimental analyses are denoted as
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e  Confidence interval: 95%,
o Intercept term is included in MLR models as error term e,
e  Statistically significant variables for all MLR models according to p-

values of hypothesis test results:

e  Electrical variable: Previous 1 hour,
e  Meteorological variables: Indoor temperature, indoor humidity,

outdoor temperature, and short-wave irradiation.

Table 7.18. Results of MLR models

S/AI Imputation R? CV | MAE | RMSE | MAPE
Model Method (%) (%) | (kWh) | (kWh) | (%)
SMA 99.956 | 0.973 | 17.730 | 26.483 | 0.677
LWMA 99.956 | 0.973 | 17.740 | 26.486 | 0.677
LOCF 99.955 | 0.976 | 17.748 | 26.566 | 0.678
EWMA 99.956 | 0.974 | 17.759 | 26.523 | 0.678

KalmanStructTS | 99.956 | 0.973 | 17.759 | 26.496 | 0.679
KalmanARIMA | 99.956 | 0.974 | 17.765 | 26.513 | 0.679

MLR LI 99.956 | 0.974 | 17.784 | 26.518 | 0.679
Stl 99.956 | 0.976 | 17.819 | 26.560 | 0.681

NOCB 99.955 | 0.986 | 17.882 | 26.826 | 0.683

Spl 99.954 | 0.991 | 17.944 | 26.965 | 0.686

KNN fork=2 | 99.930 | 1.225 | 19.064 | 33.358 | 0.738
kNN for k =144 | 99.936 | 1.169 | 18.877 | 31.828 | 0.739

Average 99.952 | 1.014 | 17.989 | 27.593 | 0.689

GEP models took the sixth place in all S&AI techniques, the experimental
results of the models are demonstrated in Table 7.19, and parameters used in the

experimental analyses are explained as

e  Model building parameters,

e  Population size: 50,
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e  Number of the maximum tries for initial population: 10,000,
e  Genes per chromosome: 4,

° Gene head length: 8,

e  Number of maximum generations: 2,000,

e  Number of generations without improvement: 1,000,

° Stop for the best chromosome’s fitness score: 1.0
e  Fitness properties,

e  Fitness function: Mean squared error,
° Hit tolerance: 1%,

e  Selection range: 100,
e  Expression simplification,
e Algebraic Simplification: Allowed,
e  Parameter values managing to simplify after training,
e  Number of generations for simplification: 500,
e  Number of generations without improvement: 200,

e Allowed functions,

° Addition (+),

° Subtraction (-),

e  Multiplication (),

e  Division (/),

e  Square root /)
e  Evolution parameters,

° Mutation rate: 4.4%,

° Inversion rate: 10%,
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e  Insertion sequence transposition rate: 10%,

e  Root insertion sequence transposition rate: 10%,
e  Gene transposition rate: 10%,

e One-point rate: 30%,

e  Two-point rate: 30%,

° Gene rate: 10%,

Link function used for all genes: Addition (+),

Features of random constants,

e  Random real constants per gene: 10,

° Minimum and maximum constant values: -10 and 10,

° Mutation rate: 1%,

e  Nonlinear regression did never enhanced the models.

Table 7.19. Results of GEP models

S/AI Imputation R? CV | MAE | RMSE | MAPE
Model Method (%) | (%) | (kWh) | (kWh) | (%)
KalmanARIMA | 99.955 | 0.980 | 17.159 | 26.660 | 0.641
KalmanStructTS | 99.955 [ 0.978 | 17.670 | 26.614 | 0.670
NOCB 99.951 | 1.026 | 17.935 | 27.926 | 0.674

SMA 99.953 | 1.003 | 17.881 | 27.292 | 0.677

LI 99.953 [ 1.000 | 18.084 | 27.223 | 0.683

LOCF 99.953 | 1.004 | 18.158 | 27.342 | 0.688

GEP Spl 99.951 | 1.020 | 18.424 | 27.752 | 0.695
Stl 99.953 | 1.001 | 18.243 [ 27.242 | 0.696

EWMA 99.952 | 1.012 | 18.486 | 27.558 | 0.704

LWMA 99.954 [ 0.993 | 18.517 [ 27.021 | 0.707

kNN fork=2 |99.931 | 1.217 | 18.819 | 33.142 | 0.726

kNN for k =144 | 99.934 | 1.189 | 19.388 | 32.385 | 0.758
Average 99.949 | 1.035 | 18.230 | 28.180 | 0.693
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MLPNN; models ranked the seventh among all S&AI techniques, the
experimental results of the models are showed in Table 7.20, and parameters used in

the experimental analyses are explained as

e  Number of hidden layers: 1,

e  Search for the optimal number of neurons in the hidden layer,

° Minimum and maximum neuron number: 2 and 20,
e  Neuron step size: 1,
e  Maximum steps without change: 8,

e  Evaluation of each model’s quality: Hold-out sample 20%,

e  Test data are used to detect overfitting,

e  Overfitting parameters,

e  Percentage of training rows for hold-out: 20%,

e  Number of maximum steps without change: 10,
e  Activation functions,

e  Hidden layer activation function: Logistic sigmoid,

e  OQOutput layer activation function: Linear,

e  Training method: Scaled conjugate gradient,

e  Conjugate gradient parameters,

e  Number of convergence trials: 4,

e Number of maximum iterations: 10%,

e Number of iterations without improvement: 100,
° Convergence tolerance: 107,

e Minimum improvement in residuals: 107°,

e  Minimum gradient: 1079,
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Table 7.20. Results of MLPNN; models

S/AT Imputation R?> | CV | MAE | RMSE | MAPE
Model Method (%) | (%) | &Wh) | kWh) | (%)
LWMA 99.960 | 0.919 | 17.443 | 25.029 | 0.670

LOCF 99.960 [ 0.924 | 17.525 | 25.139 | 0.676

NOCB 99.957 [ 0.959 | 18.019 | 26.091 | 0.696
KalmanARIMA | 99.956 | 0.976 | 18.343 | 26.558 | 0.701

Spl 99.955 1 0.978 [ 18.278 | 26.612 | 0.705

SMA 99.956 [ 0.965 | 18.448 | 26.261 | 0.718

MLPNN; Stl 99.958 | 0.949 [ 18.456 | 25.840 | 0.731
KalmanStructTS | 99.953 | 1.007 | 19.167 [ 27.408 | 0.746
kNN for k=2 | 99.927 | 1.246 | 20.190 | 33.925 [ 0.780

kNN for k = 144 [ 99.934 [ 1.190 | 20.624 | 32.409 | 0.821

LI 99.947 [ 1.069 | 21.095 | 29.102 | 0.848

EWMA 99.945 [ 1.089 | 21.404 | 29.639 | 0.854

Average 99.951 | 1.022 | 19.083 | 27.834 | 0.745

RBFNN models took the eighth place between all S&AI techniques, the

experimental

results of the models are showed in Table 7.21, and parameters used in

the experimental analyses are given as

Network parameters,

e  Number of maximum neurons: 100,

e  Minimum network tolerance for mean squared error: 1075,
e  Minimum neuron tolerance for mean squared error: 107>,
e  Minimum and maximum spread: 0.01 and 400,

e  Minimum and maximum lambda: 0.001 and 10,
Tuning parameters for neurons,

e  Size of population: 200,

° Number of maximum generations: 20,
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Number of consecutive generations without improvement: 5,

Number of maximum iterations: 50,

Boosting tolerance: 10~*

Table 7.21. Results of RBENN models
S/AI Imputation R? | CV | MAE | RMSE | MAPE
Model Method (%) | (%) | &Wh) | kWh) | (%)
KalmanStructTS | 99.937 | 1.163 | 20.439 | 31.656 | 0.822
LI 99.932 | 1.203 | 20.824 | 32.750 | 0.826
NOCB 99.941 | 1.121 [ 20.873 [ 30.517 | 0.826
LWMA 99.934 | 1.188 | 21.727 | 32.346 | 0.868
Spl 99.908 | 1.405 | 22.201 | 38.237 | 0.906
KalmanARIMA | 99.917 | 1.337 | 22.462 | 36.381 | 0.914
RBFNN Stl 99.802 | 2.060 | 22.707 | 56.066 | 0.922
LOCF 99.866 | 1.691 | 22.746 | 46.016 | 0.935
EWMA 99.876 | 1.629 | 22.942 | 44.342 | 0.941
SMA 99.925 | 1.267 | 23.207 [ 34.486 | 0.945
kNN for k = 144 [ 99.918 [ 1.326 [ 23.350 | 36.113 | 0.956
kNN for k=2 [ 99.879 | 1.612 [ 24.440 | 43.879 | 1.008
Average 99.903 | 1.417 | 22.326 | 38.566 | 0.906

MLPNN; models ranked the last in all of the S&AI techniques, the

experimental results of the models are depicted in Table 7.22, and parameters used

in the experimental analyses are highlighted as

e  Number of hidden layers: 2,

e  Search for the optimal number of neurons in the first hidden layer,

Minimum and maximum neuron number: 2 and 20,

Neuron step size: 1,

Maximum steps without change: 8,

Evaluation of each model’s quality: Hold-out sample 20%,
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Table 7.22. Results of MLPNN, models

S/AT Imputation R?> | CV | MAE | RMSE | MAPE
Model Method (%) | (%) | &Wh) | kWh) | (%)
NOCB 99.932 | 1.204 | 23.457 | 32.759 | 0.927

LWMA 99.931 [ 1.215 | 23.922 | 33.068 | 0.947

Spl 99.922 | 1.292 [ 25.728 | 35.171 | 1.031
KalmanARIMA | 99.907 | 1.409 | 27.363 | 38.343 [ 1.075

EWMA 99.916 | 1.341 [ 27.032 | 36.498 | 1.087

LOCF 99.902 [ 1.450 | 27.882 | 39.468 | 1.088

MLPNN, SMA 99.898 | 1.480 [ 28.458 | 40.296 | 1.109
kNN fork =2 [99.892 [ 1.517 [ 27.972 | 41.303 | 1.130

kNN for k = 144 | 99.887 | 1.556 | 29.790 | 42.364 | 1213
KalmanStructTS | 99.902 | 1.449 | 29.792 | 39.435 | 1218

St 99.872 [ 1.657 | 34.204 | 45.104 | 1.397

LI 99.754 [ 2.296 | 46.484 | 62.505 | 1.833

Average 99.893 | 1.489 | 29.348 | 40.526 | 1.171

e  Number of neurons in the second hidden layer: 4,
e  Test data are used to detect overfitting,

e  Opverfitting parameters,

e  Percentage of training rows for hold-out: 20%,

e Number of maximum steps without change: 10,
e  Activation functions,

e  Hidden layer activation function: Logistic sigmoid,

e  Output layer activation function: Linear,

e  Training method: Scaled conjugate gradient,

e  Conjugate gradient parameters,

e  Number of convergence trials: 4,

° Number of maximum iterations: 10%,
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e  Number of iterations without improvement: 100,
e  Convergence tolerance: 107,
e  Minimum improvement in residuals: 107°,

e  Minimum gradient: 1079,

7.2.3.1. Summary of Results of S&AI Techniques

Several S&AI techniques implemented along with different imputation
methods to forecast one hour ahead electrical energy consumption of the hospital
and performance of the techniques evaluated with respect to R, CV, MAE, RMSE,
and MAPE. Summary table that indicates the rankings based on average MAPE
values of each S/AI technique in combination with variously imputed data sets is

demonstrated in Table 7.23.

Table 7.23. Summary of results of S&AI techniques

S/AI R2 CV | MAE | RMSE | MAPE
Model (%) (%) | (kWh) | (kWh) | (%)

GBDT 99.979 | 0.655 | 11.461 | 17.817 | 0.441
SVM 99.974 | 0.744 | 12.918 | 20.260 | 0.491
GMDHNN | 99.957 | 0.957 | 16.929 | 26.069 | 0.634
GRNN 99.970 | 0.797 | 16.106 | 22.166 | 0.683
MLR 99.952 | 1.014 | 17.989 | 27.593 | 0.689
GEP 99.949 | 1.035 | 18.230 | 28.180 | 0.693
MLPNN; | 99.951 | 1.022 | 19.083 | 27.834 | 0.745
RBFNN | 99.903 | 1.417 | 22.326 | 38.566 | 0.906
MLPNN; | 99.893 | 1.489 | 29.348 | 40.526 | 1.171

Average | 99.947 | 1.014 | 18.290 | 27.669 | 0.717

According to the Table 7.23, GBDT and SVM techniques overwhelmed the
others in terms of the experimental results for the evaluation of their overall

performance on diversely imputed data sets.
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7.2.4. Experimental Results of Importance of Variables

Along with the conducted experimental analyses, relative importance of each
input variable was computed meticulously in reference to an algorithm which uses
sensitivity analysis in which the values of each variable are randomised and the effect
on the quality of the model is measured out of 100 as percentage.

In Table 7.24, ranking of variable importance for all S&AI techniques is
given by means of elaborating the best model having minimum MAPE for each S/AI
technique. In details, GBDT-KalmanARIMA, SVM-Stl, GMDHNN-EWMA,
GRNN-kNN (for £ = 2), MLR-SMA, GEP-KalmanARIMA, MLPNN;-LWMA,
RBFNN-KalmanStructTS, and MLPNN;-NOCB combinations are emphasised in
Table 7.24. Abbreviations of input variables are given in the footnotes.

Rankings in Table 7.24 are sequenced between 1 to 17 for each row. If a
cell in the table is depicted with a hypen (-), then column variable corresponding to
that cell is not used in the analysis of the cell’s row implying an S/AI technique. For
instance, pressure variable is not employed for MLR implementation. The first three
ranked variables in each row are marked in bold.

Table 7.25 states percentage values of each variable’s relative importance for
each S/AI technique with respect to the algorithm utilised for calculating the relative
importance of input variables. The distribution of algorithm is from 0% to 100%. If
the value of the cell is between 1% and 100%, it is written in numbers. Else, it is
represented by a smaller or less than sign (<). Similarly, unused cells are illustrated
by a hypen (-) in Table 7.25 too. Detailed explanation is also provided in the footnote.

In the following pages, Table 7.24 and Table 7.25 are presented

consecutively.
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Table 7.24. Ranking of variable importance
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Figure 7.1. Importance of variables: 1st, 2nd, and 3rd

Distribution of the first three most important variables is visualised in Figure
7.1. Previous 1 hour is the most important variable and took the first place for all
S&AI techniques according to the relative importance analysis. Week of year, short-
wave irradiation, rainfall, previous 1 day, and indoor temperature variables came in
second in the conducted analysis. Month of year, hour of day, week of year, previous
1 week, outdoor temperature, and short-wave irradiation ranked the third during the
analyses.

In Figure 7.2, distribution of all used variables for the first three positions is
shown on the left of the figure which are also mentioned in Figure 7.1 separately,

distribution of unused variables in any of analyses is illustrated on the right of the
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figure and they are month of year, week of year, day type, day of month, wind

direction, wind speed, pressure, outdoor relative humidity, outdoor temperature,

indoor relative humidity, rainfall, indoor temperature, previous 1 week, and previous

1 day.

MoY

WoY
9%

HoD _
1%

swi
1%

9%

P1d

MoY 4%
o]
9% P1h 8% P1w

/ 9 8”/
1% WoY °
8% N InTemp
P1d T 49
10% DayType
a% ___ Rainfall
8%
Used Variables in _ Plw DoM Distribution of
1st, 2nd, and 3rd 8% Unused Variables
9% !
___InRH
8%
WnDirection /
\____ InTemp 8% ~_____ OutTemp
10% 4%
WSpeed /

N\ OutRH

Rainfall OutTemp 4%
10% 8%
Pressure

13%

Figure 7.2. Importance of used and unused variables

7.3. Discussion

Based on the results obtained from the comprehensive benchmark analyses

conducted rigorously, the significant findings are discussed and deduced as follows:

The first three best MAPE performances of the combination of both
imputation methods and S&AI techniques were found as
GBDT-KalmanARIMA  (0.423%), GBDT-LI (0.427%), and
GBDT-NOCB (0.427%). Therefore, it is recommended that GBDT can
be employed as an Al technique for STEF problem, and
KalmanARIMA, LI, and NOCB may be the first choices for the
imputation of energy forecasting data sets having missing, erroneous,

and anomalous values.
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e In terms of each S/AI technique separate performance evaluation,
S&AI techniques having MAPE values below the average (0.717%) as
indicated in Table 7.23 were detected as GBDT (0.441%), SVM
(0.491%), GMDHNN (0.634%), GRNN (0.683%), MLR (0.689%),
and GEP (0.693%) sequentially. Thus, implementation of GBDT and
SVM techniques may yield satisfactory results for STEF problem,
while GMDHNN, GRNN, MLR, and GEP techniques can produce
reasonable outcomes. Herein, it should be noted that GBDT resulted in
an overwhelming performance by any statistical or computational
measure in comparison with other S&AI techniques for STEF.

e When FTHC methodology with its tolerance check mechanism is
assessed with respect to R? values acquired from the analyses, it is
thought that the proposed methodology can be performed to any
application in which sudden changes in the magnitude of parameters
are considered as unwanted circumstances.

e  Moreover, within all input variables; electrical variable previous 1
hour, meteorological variable short-wave irradiation, and calendar
variable hour of day should be emphasised as prerequisite for one hour
ahead STEF. In order to reach satisfactory results for one hour ahead
STEF; electrical variables containing previous 1 hour, 1 day, and 1
week; meteorological variables including short-wave irradiation,
indoor and outdoor temperatures and rainfall; and calendar variables
consisting of hour of day, week of year, and month of year should be at
least employed.

e Lastly, a correlativity between seasonality and electrical energy

consumption of HVAC systems at the hospital was founded out. For
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this reason, it is inferred from the experimental results that seasonality
has a dominant influence on STEF performance of the hospitals where
HVAC systems constitute the major part of electrical energy
consumption. In addition to those, it is understood that day type
variable, which determines whether a day is either weekend and public
holiday or working day, is a preeminent classifier in STEF of hospitals

owing to the operation of polyclinics.

In the following chapter, conclusions and future perspectives belonging to

the thesis are presented respectively.
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8. CONCLUSIONS AND FUTURE PERSPECTIVES

8.1. Conclusions

In this thesis, a study of research and application of real-time STEF using
artificial intelligence (AI) based techniques has been conducted for a large hospital
complex in Adana, Turkey. To do so, real-time electrical energy consumption and
meteorological data of a large hospital complex are acquired at first by utilising an
energy logger connected to a humidity-temperature transducer on-site and
MERRA-2 data to form a very-short term raw data set with a sampling period of 10
minutes in RStudio environment. After then, a novel methodology is developed and
named as forecast time horizon converter which has the capability of identifying
missing and erroneous values in the raw data set, replacing these values with NA
values, imputing the NA values with different imputation methods, and completing
the conversion process by creating a cleansed short-term data set with a sampling
period of 1 hour. Next, short-term electrical energy consumption of the hospital is
predicted by using MLR as a statistical technique for benchmarking purposes and
Al based techniques containing SVM, GEP, GBDT, and ANN consisting of
MLPNN, RBFNN, GRNN, and GMDHNN under identical constraints. Moreover,
an algorithm involving sensitivity analysis, in which the values of each variable are
randomised and the effect on the quality of the model is computed out of hundred, is
implemented to all S&AI techniques for calculation of relative importance
belonging to each input variable. Eventually, benchmark analyses of the obtained
results are presented by evaluating R%, CV, MAE, RMSE, and MAPE.

Consequently, detailed results of benchmark analyses indicated that
KalmanARIMA (with GBDT resulting in MAPE of 0.423%), LI (via GBDT
calculated as MAPE of 0.427%), and NOCB (by performing GBDT computed as
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MAPE of 0.427%) may be applied to energy forecasting data sets for STEF problem
in future studies. Electrical variables containing previous 1 hour, 1 day, and 1 week;
meteorological variables including short-wave irradiation, indoor and outdoor
temperatures and rainfall; and calendar variables consisting of hour of day, week of
year, and month of year should be at least utilised in order to reach satisfactory
results. Herein, previous 1 hour, short-wave irradiation, and hour of day variables
should be underlined as prerequisites within all input variables for one hour ahead
STEF. In addition, it can be inferred from the results that GBDT (with
KalmanARIMA resulting in MAPE of 0.423%) delivered an outstanding
performance by any measure in comparison with other S&AI techniques for STEF.
Hence, it is suggested to employ GBDT for STEF more frequently in the energy

forecasting literature.

8.2. Future Perspectives

Future perspectives of the thesis are described as follows:

e  The created data set may be used for undergraduate and graduate level
courses in relation with management, planning, economics, and
analytics of electrical energy in electrical and electronics engineering.

e  For future studies, researchers may benefit from the data set for
electrical energy consumption, electric load and demand studies from
10 minutes to 1 hour ahead forecasting by the FTHC.

e In addition to current data set, hospital related new variables may be
incorporated into the data set such as occupancy, number of hourly
inpatients and staff, number of hourly registered patients at emergency
services, polyclinics, or entire hospital, etc.

e In the thesis, R programming language is executed in RStudio
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environment from beginning to end. Conducted analyses in the thesis
may be verified in another environment utilising Python programming
language as a future work.

e In the scope of the thesis, scaled conjugate gradient training algorithm
is employed for MLPNN. Additionally, other back-propagation
training algorithms may be performed to produce a benchmark study
as one more future work. Moreover, logistic sigmoid activation
function is used for MLPNN. Other activation functions, for instance,
rectified linear unit may be performed to MLPNN as another activation
function for a comparative study.

o In the context of this thesis, shallow ANN methodologies are generally
used for forecasting purposes. Deep network methodologies including
gated recurrent unit networks, convolutional neural networks, and long
short-term memory networks may be considered to be implemented in
the future.

e In this thesis, best results were obtained by using GBDT technique. An
advanced version of GBDT, XGBoost technique may be managed to
adapt STEF problem for future studies.

e  Throughout this thesis, point forecasting approaches are applied.

Probabilistic forecasting approaches may be adapted for future works.
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