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TIME SERIES FORECASTING
VIA COMPUTATIONAL INTELLIGENCE METHODS

SUMMARY

Information technologies have many improvements about data storage and its usage
in the last decades and it will have more according to technological breakthroughs.
Data storage and data obtaining will be much easier than now after the Internet of
Things revolution. This revolution can call as differently according to governed
country. It named as Industry 4.0 in Germany, the Factory of the Future in France
and Italy and Catapult in United Kingdom. The data explosion will also make the
data analysis techniques especially in forecasting more important.

A forecast is a prediction of some future things or events. Forecasting is an important
problem that link many fields such as economics, industry, environmental sciences
and much more.

Most of usage, the forecasting involves from the time series data. Many applications
of forecasting about the business exploit daily, weekly, monthly or any defined
interval of the data. These applications can be listed in the areas such as operations
management, marketing, finance and risk management, economics, industrial process
control and, demography. These are only a few where forecast is required to make
good decisions.

The forecast model always aims to represent best estimate of the future value of the
variable of interest. As it might be expected, these forecasts are not always accurate.
Therefore, there is a definition between estimated and real data values named as
forecast error. Eventually, it is a good practice to accompany a forecast with an
estimate of the error bounds to represent the interval about how large a forecast error
might be expected. Prediction Interval (PT) and Confidence Interval (CI) are the most
used ones for representing the errors.

The CIs handle with the accuracy of the prediction of the regression while the Pls
consider the accuracy with the prediction to the targets values. A PI is constructed
from interval bound that covers the future unknown value with a prescribed
probability called a confidence level. The availability of PIs allows the decision
makers to quantify the level of uncertainty associated with the point forecasts. A
relatively wide PI indicates the presence of high level of uncertainties in the
underlying system operation. On the other hand, narrow PIs give the decision makers
the opportunity to decide more confidently with less chance of confronting an
unexpected condition in the future. This useful information can guide the decision
makers to avoid the selection of risky actions under uncertain conditions. Thus, the
construction of PIs has been a subject of much attention. Thus, different methods
haven been proposed for the construction of Pls such as delta technique, Bayesian
technique, bootstrap, mean-variance estimation, lower and upper bound estimation
method.
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In this thesis, alternative approach to the error bounds will be represent. Fuzzy
linguistic term generation and representation via Fuzzy Logic based Lower and
Upper Bound Estimator (FLUBE) based Triangular Fuzzy Number (TFN) is
presented to estimate the uncertainty in the forecast. As it can be noticed via the
titles, the thesis mainly based on the fuzzy logic. Fuzzy logic has been successfully
implemented in various engineering areas including control, robotics, image
processing, decision-making, estimation and modelling. Therefore, the proposed
representation includes two different methodologies which will give the opportunity
to the decision maker to quantify the uncertainty of the point forecasts with linguistic
terms which might increase the interpretability. Moreover, the proposed approaches
will provide valuable information about the accuracy of the forecast by providing a
relative membership degree with respect to the target data. The proposed approaches
consist of two main phases, the offline FLUBE design and the online TFN generation
part as Linguistic Generation and Representation Approach (LinGRA) and Enhanced
Linguistic Generation and Representation Approach (ElinGRA).

In the context of the thesis, firstly, the time series concept and its analysis
methodologies are discussed in addition to the basic information of the forecasting.
Time series concept is also a basis of forecasting especially in our daily life’s events.
Therefore, the components and characteristics of the time series are handled to be a
light for the time series analysis. The modelling techniques is the key factor of the
forecasting models and the error evaluations of the forecasts. They are handled as
concisely to give information as much as needed.

Secondly, the error terms obtained from the real data values and the forecast models’
outputs are modelled via the fuzzy modelling approach. Thanks to both fuzzy model,
the error bounds can shape as nonlinear and nonsymmetrical conversely the classical
erro bounds like PI. Furthermore, the forecasting error bounds, fuzzy logic systems,
fuzzy time series and fuzzy modelling approaches are introduced as the basis of the
proposed linguistic term generation approaches. The methodologies have differences
on the determination of the linguistic terms phase that also illustrated as
comparatively.

Finally, the linguistic forecast generation approaches are used on the several data sets
in comparison with conventional PI bounds to prove the efficiency. The
methodologies can also follow at the part named as experimental results.

Thanks to the membership degree of the proposed linguistic terms, the error
evaluation of the forecast can be done with fuzzy numbers. Rather than the classical
PIs, the proposed bounds utilize the realized value of the project not only bound-in or
out consideration but also grading the forecast via the triangular fuzzy numbers.
Therefore, the decision can have the opportunities to critize the last forecasts and
their methods.
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ZAMAN SERILERi TAHMINLEMEDE
BILGI ISLEMSEL ZEKA UYGULAMALARI

OZET

Bilgi islem teknolojileri son yillarda énemli gelismeler gostermektedir. Ozellikle veri
kaydetme ve isleme alanindaki gelismeler gelecekte verilerin nasil kullanilacagi
konusunda da yol haritasin1 sekillendirmektedir. Giiniimiizde adi sik¢a duyulan
Nesnelerin Interneti devrimi ile herhangi bir alanda elde edilebilecek verilerin
miktar1 ve igerigi onemli Ol¢lide degisecektir. Bu devrim farkli iilkelerde farkli adlar
ile de amlmaktadir. Almanya’da Endiistri 4.0, Fransa ve Italya’da Gelecegin
Fabrikasi, Ingiltere’de ise Mancinik olarak adlandirilmaktadir. Temel igerik aynidir.
Bu devrimlerin sonucu olarak karsilasilacak veri miktarindaki patlama ile veri
islemenin gerekliligi daha da belirgin sekilde hissedilecektir. Data isleme
tekniklerinin gelismesi ile birlikte bu alanin en 6nemli iceriklerinden biri olan
tahminleme islemlerinin daha da 6nem kazanacagi diisiiniilmektedir.

En basit anlami ile tahminleme gelecekte gerceklesecek bir olay hakkinda ¢ikarimlar
oner siirmektir. Tahminleme etkiledigi alanlar diisiiniildiigiinde en Onemli
problemlerden biridir. Ekonomi, endiistri, ¢cevresel etkenler sadece belli basli calisma
alanlar1 olmakla beraber, sadece ufak bir kismidir. Birgok kullanimda da goriildigi
gibi tahminleme zaman serileri {izerinden uygulanmaktadir. Birgok alanda giinliik,
haftalik, aylik veya tanimlanacak olan herhangi bir aralik iizerinde ¢alismalar sikc¢a
goriilmektedir. Bahsedilen alanlarin baslica uygulamalar1 ise yonetim, pazarlama,
risk yonetimi, siire¢ kontrol gibi dallarda karsilik bulmaktadir. Bahsedilenler iyi
tahminlemenin gerektigi alanlardan sadece bazilaridir.

Tahminlemeyi saglayan baslica yap1 olan tahminleme modeli, daima ilgilenilen
alanin gelecekteki degerlerini en iyi sekilde tahmin etmeye calismaktadir. Literatiirde
tahminleme modelleri Tlizerine bir¢ok c¢alisma bulunmaktadir. Tahminleme
modellerin baglicalar1 duragan giirtiltiileri modellemek igin Onerilen Otoregresif
hareketli ortalamalar modeli (ARMA) ve duragan olmayan giiriiltiileri modellemek
icin Onerilen Otoregresif biitiinlesik hareketli ortalamalar modelidir (ARIMA). En
¢ok kullanilan yontemler bunlar olmakla birlikte karmasik olaylart modellemek igin
Onerilen dogrusal olmayan modeller de bulunmaktadir. Tiim bu modellerin temel
amaci1 ise hatasiz modelleme saglayabilmektir. Bu beklenti genelde bos ¢ikmaktadir
clinkii miikemmel model diye bir karsilik neredeyse imkansizdir. Bu durumu ifade
etmek i¢in ise hata tanimi yapilmistir. Hata, tahmin degeri ile gergcek deger
arasindaki farkin karsiligidir. Genelde iyi bir tahminlemenin yaninda saglanacak olan
hata bandi tahmini son kullanici i¢in oldukc¢a onemlidir. Tanimlanan hata bantlar1
aynt zamanda tahminlemenin, tahminleme yapilan zamanda ne kadar hata
yapilabilecegi ifade etmektedir. Hata bantlarin i¢cinde en yaygin kullanima sahip olan
iki yap1 Giiven Aralig1 ve Kestirim Araligi’dir.

Giliven Araligi, kestirimlerin parametrik dogrulugu konusunda ¢ikarimlarin
yapilmasint saglarken Kestirim Aralig1 ise kestirimlerin hedef degerler ile
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karsilastirilarak tutarlhiliklar1 konusunda ¢ikarimlar yapmaktadir. Bu kapsamda
Kestirim Aralig1 ve Giiven Aralifi, tanimlanan giiven seviyesi (confidence level)
dogrultusunda gelecek tahminleri etrafina onlar1 g¢evreleyecek bir aralik degeri
tiretmektedir. PI, karar verici kisi veya sistemlere tanimlanan giiven seviyesi
dogrultusunda tahminlerin degerlendirme imkani sunar. Teoride genis Kestirim
Araligi, calisilan sistemin gelecek tahminlerinin yiiksek belirsizlik belirttigini ifade
etmektedir. Diger taraftan dar Kestirim Araliklar1 karar verici sisteme gelecek
tahminlerin oldukca giiven i¢inde yapildigini ve belirsizliklerin olmadigini ifade
etmektedir. Uretilen bu bantlar karar verici sistemin gereksiz riskli hareketlerden
kaginmasini saglayarak, belirsizlik iceren durumlarda karar verici sisteme yardimci
olur. Kestirim Araligi tahminlemeler i¢in hayati oldugu diisiintildiiglinde bu konu
tizerinde bircok c¢aligma yapilmasi gerektigi ve yapildig1 fark edilebilir. Literatiirde
Kestirim Aralig1 bandi tiretimi konusunda birgok ¢alisma vardir bunlardan baslicalari
ise Bayes teknigi, bootstrap, ortalama-varyans kestirimi, alt ve iist bant kestirim
metodudur. Kestirim araliginin baslica sorunlarindan biri ise simetrik olarak olmasini
saglayacak tek bir degerin iiretilmesi tahminlemenin etrafina art1 ve eksi olmak tizere
ilave edilmesidir. Birgok durumda tahminlemenin gerg¢eklesenden fazla olarak devam
etmesi (iistte kalma) ve tam tersi (altta kalma) durum uzun siiregler boyunca devam
etmektedir. Bu durumda simetrik bantlarin fayda saglayip saglamadig: tartismalara
agik bir konudur.

Bu tez kapsaminda, tahminleme hatalar1 ve belirsizlikleri ifade etmede bahsedilen
hata bantlarindan yeni ve alternatif bir yontem &nerilmektedir. Onerilen yap: Uggen
Bulanik Sayilar araciligryla bulanik mantik tabanli alt ve iist bant kestirici ile bulanik
dilsel terimlerin tretilmesi ve ifade edilmesidir. Farkedilecegi lizere Onerilen yapi
temel olarak Bulanik Mantik iizerine kurulmaktadir. Bulanik mantik tabanl sistemler
kontrol, robotik, goriintii isleme, karar verme, tahmin, modelleme gibi bir¢ok farkli
miithendislik uygulanasinda basariyla uygulanmistir. Bulanik Mantik uygulamalari
sunulan alanlar i¢inde 6zellikle belirsizlik modelleme 6zelligi ile 6ne ¢ikmaktadir.
Bu dogrultuda, karar verici sistemleri desteklemek ve belirsizlikleri daha uygun bir
sekilde modellemek adina, 2 farkli dilsel terim {iretim yaklasimi bu tez kapsaminda
sunulacaktir. Sunulan yaklagim ile tahminlemeler ve onlar icin tretilmis Bulanik
Ucgen Sayilar araciligiyla kazandiklar1 bulanik dilsel terimler ve aitlik dereceleri
araciligiyla, tahminleme dogruluklari daha efektif  bir sekilde
degerlendirilebilmektedir. Onerilen iki yapida temelde Kestirim Araligi ile aym
islevde olan FLUBE’u kullanmaktadir. Bunun yaninda Bulanik Uggen Sayilari
tiretecek olan kisimda ise ekstradan bir modelleme ile temel sunu olan dilsel
terimlerin iiretilmesi ve ifadesi ve bu versiyonun gelistirilmis halidir.

Tez igeriksel olarak oOncelikle zaman serileri konsepti ve bunlarin analizine
deginmektedir. Analiz  yOntemleri, tahminlemenin temelleri ile birlikte
aktarilmaktadir. Giinliik hayatta da siklikla kullandigimiz zaman serisi kavrami,
tahminlemenin de temelini olusturmaktadir. Kavramlarda bu dogrultuda
verilmektedir. Zaman serilerinin analizi ise tahminlemenin temelini olusturmaktadir.
Ozellikle duraganlik kavrammnin &nemi iizerinde durularak bir sonraki asama olan
modelleme kismina nasil gegilebilecegi konusunda fikirler de bu giris boliimiinde
verilmektedir. Tahminleme esas onemli kisim olan modelleme ydntemleri de bu
kavramlarla birlikte ilk boliimlerde anlatilmaktadir. Modelleme yoOntemleri
literatiirde oldukca genis olarak islenmesine karsin tez kapsaminda ve literatiirde en
cok kullanilan yontemlerin aktarilmasi amag¢lanmugtir.
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Ikincil olarak ise tahminleme ve bagli alanlarda siklikla kullanilan hata tanimlar
tizerinde durulmaktadir. Hata tanimlamalar1  bir tahminlerme yOntemini
degerlendirmede en Onemli birim olmakla beraber bir¢ok cesidi bulunmaktadir.
Bunlarin arasindan kullanim1 en yaygin ve giincel yontemlerin literatiirdeki
karsiliklart bu boliimde aktarilmaktadir. Hata degerlendirmelerinin yaninda tezinde
baslica kapsaminda bulunan hata bantlar1 hakkinda bilgilendirme ve 0zellikle
Kestirim Araligr hakkindaki literatiir 6zeti takip eden basliginda yapilmaktadir.
Devam edene basliklarda ise yine sunulan yontemin gelismesinde vaslica etken olan
kavramlar aktarilmaya devam etmektedir. Bulanik mantik bunlardan bir digeri
olmakla beraber tezin gelisimindeki her asamasinda katkis1 goriilmektedir. Bulanik
mantik 1965 yilinda 6nerilmis ve 6zellikle belirsizlikleri modellemede oldukea etkili
olan matematiksel bir aragtir. 1965’ten giintimiize kullanim1 olduk¢a yayginlasan bu
ara¢ gilinlimiizde oOzellikle dil ve kelime isleme gibi insan-makine etkilisimindeki
belirsizlikleri modellemede kullanilmaktadir. Tez kapsaminda yine belirsizlik
modelleme 6zelligi kullanilacak olan Bulanik Mantik, aym1 zamanda dilsel terim
karsilig1 iiretmede de yardimer olacaktir. Onerilen yapilarin olusturulmasinda katkida
bulunan bir diger kavram olan Bulanik Zaman Serileri ise belirsizlikleri ifade etmede
zaman serilerini kullanmaktadir. Bu yaklasim ile zaman serilerinin Bulanik Uggen
Sayilari ile veya farkl dilsel terimler ile de ifade edilebilecegi kesfedilebilmektedir.
Bulanik modelleme teknikleri ise 6zellikle belirsizliklerin modellenmesi 6nemli bir
arac olarak tez kapsaminda kullanilmistir. Bu kapsamda iki adet bulanik modelleme
teknigi aktarilmaktadir. Tiim bu 6n kavramlarin devaminda ise 6nerilen yontem olan
bulanik mantik tabanli alt ve iist bant kestirici ve bulanik mantik tabanli alt ve {ist
bant kestirici yardimiyla dilsel terim {lireteci olarak kullanilan yaklasimlar1 en son
boliimde aktarilmadir.

Son olarak ise sunulan yontemlerin gorsel olarak da gosteriminin saglandigi deneysel
caligmalar yapilmistir. Deneysel ¢alismalar i¢in farkli veri setleri kullanilmustir.
Sunulan yontemler, klasik Kestirim Aralig1 ile karsilastirmali olarak farkl veri setleri
tizerine uygulanmistir. Kestirim Aralig1 karsilastirmasinda onerilen yapinin ilk kismi
ile karsilagtirma s6z konusudur. Bulanik mantik tabanli alt ve iist bant kestirici
hatalar1 modelleyerek Kestirim Araligmin sundugu bilgiye alternatif olmay1
amaglamakta ve saglamaktadir. Bunun yaninda karar verici sistemlerin dilsel olarak
tahminlerini ve ayn1 zamanda hata bantlarin1 degerlendirebilecegi dilsel terim
iireticilerinin ¢iktilar1 olan Bulamk Uggen Sayilar araciliiyla tahminleme hakkinda
cikarimlar yapilabilmektedir. Burada Bulanmik Uggen Sayilarin aitlik degerlerinin
ortalamalarin  bir ¢ikarim olarak kullanilabilecegi goriilmektedir. Sunulan
yontemlerin tasar1 adimlar1 bu boliimden de sirasiyla takip edilebilir.

Tez kapsaminda sunulan yapilar aracilifiyla Ozellikle tahminleme yOnteminden
bagimsiz olarak sadece hatalari modelleme {izerine sunulan yontem ile hatalarin
dogrusal olmayan modelleme teknigi olan bulanik mantik araglar1 ile modellenmistir.
Modellenen hatalar klasik Giliven Araliginin aksine simetrik degilken daha da dar
olmas1 sebebiyle karsilastirma dahilinde klasik Kestirim Araligina istiinliik
kurabilmektedir. Onerilen yapmin dilsel terim iiretme araclar1 sayesinde ise son
kullanicilarin  gerceklesen veriler aracilifiyla iiretilen hata bantlarmin kalitesini
inceleyebilecekleri, klasik Kestirim Araliginin degerlendirme yontemi olan igeride
disarida (0-1) degerlendirmesi aksine yeni bir degerlendirme yontemi sunulmustur.
Bulanik iiggen sayilar ile ifade edilen yeni araliklar sayesinde tahminlemeler birer
aitlik degerine sahip olurken, bunlarin toplu olarak degerlendirilmesi sonucunda
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tahminleme ve hata bantlar1 birbiri ile aitlik degerleri baglantisiyla tahminlemenin
kalitesi konusunda son kullaniciya bilgilendirme yapabilmektedir.
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1.INTRODUCTION

Information technologies have many improvements about data storage and its usage
in the last decades and it will have more according to technological breakthroughs.
Data storage and data obtaining will be much easier than now after the Internet of
Things revolution. This revolution can call as differently according to governed
country. It named as Industry 4.0 in Germany, the Factory of the Future in France
and Italy and Catapult in UK (Davies, 2016). The data explosion will also provide
that data-acquiring process getting easier day after day, for several sector such
informatics and bioinformatics (Ashton, 2009). Wide data scope of the several
sectors will make the data analysis techniques more important especially in

forecasting.

A forecast is a prediction of some future things or events. Forecasting is an important
problem that link many fields such as economics, industry, environmental sciences
and much more. Most of usage, the forecasting involves from the time series data.
Many applications of forecasting about the business exploit daily, weekly, monthly
or any defined interval of the data. These applications can be listed in the areas such
as operations management, marketing, finance and risk management, economics,
industrial process control and, demography. These are only a few where forecast is

required to make good decisions (Montgomery et al, 2015).

The forecast model always aims to represent best estimate of the future value of the
variable of interest. As it might be expected, these forecasts are usually wrong; so
there is definition between estimated and real ones named as forecast error. It has
been stated that there are two main problems with state of art forecasting methods: (1)
the models become unreliable in the presence of uncertainty and (ii) no indication of
the accuracy of the single point forecasts is provided (Khosravi et al, 2014). The
accuracy of the forecast is usually measured with performance indexes such as Mean
Absolute Percentage Error (MAPE), Percentage of Error (POA), etc. (Hyndmann &
Koehler, 2006). However, since there is always an error margin in the predictions,

there is a need to define error bounds in the forecast with its Confidence Interval



(CI), Prediction Interval (PI) or using other novel approaches (Khosravi et al, 2014b).
Eventually, it is a good practice to accompany a forecast with an estimate of the error
bounds to represent the interval about how large a forecast error might be
experienced. Prediction Interval (PI) and Confidence Interval (CI) are the most used

ones for representing the errors (Montgomery et al, 2015).

The main motivation for the construction of error bounds is to quantify the likely
uncertainty in the point forecasts. Availability of error bounds allows the decision
makers to quantify the level of uncertainty associated with the point forecasts. Error
bounds that are relatively wide indicate the presence of high level of uncertainties in
the underlying system operation. This useful information can guide the decision
makers to avoid the selection of risky actions under uncertain conditions. On the
other hand, narrow error bounds give the decision makers the opportunity to decide
more confidently with less chance of confronting an unexpected condition in the

future (Khosravi et al, 2011c¢).

The applications of the PIs increased in the last decade because of the increasing
complexity of the man-made systems. Manufacturing enterprises, industrial plants,
transportation systems, and communication networks are the some of the examples
of these systems. More complexity adds to high levels of uncertainty in the operation
of large systems. Operational planning and scheduling in large systems is often
performed based on the point forecasts of the system’s future. The reliability of these
point forecasts is low and there is no indication of their accuracy. Therefore, the

systems meet the interval bounds (Khosravi et al, 2011d).

In literature, several PI construction methods for many applications is proposed.
Delta (Hwang and Ding, 1997; De Vieaux et al, 1998), Bayesian (Bishop, 1995;
MacKay, 1992), mean-variance estimation (MVE) (Nix and Weigend, 1994),
bootstrap (Efron, 1992; Heskes, 1997) and Lower Upper Bound Estimation (LUBE)
method (Khosravi et al, 2011b) are proposed for construction of the PIs. PIs have
been completed in a variety of disciplines, including transportation (van Hinsbergen
et al, 2009; Khosravi et al, 2011¢c; Khosravi et al, 2011d), energy market (Zhao et al,
2008; Khosravi et al, 2010), manufacturing (Papadopoulos et al, 2001), and financial
services (Benoit et al, 2009).



In this thesis, alternative approach to the error bounds will be represent. Fuzzy
linguistic term generation and representation via Fuzzy logic based Lower and Upper
Bound Estimator (FLUBE) based Triangular Fuzzy Number (TFN) is presented to

estimate the uncertainty in the forecast.

Zadeh firstly introduced the fuzzy logic concept in 1965 (Zadeh, 1965). Mamdani
accomplished the first industrial application example of the fuzzy logic in 1974 in the
area of control theory by constructing to the linguistic control rules of a skilled
human operator (Mamdani, 1974). Nowadays, Fuzzy Logic Systems (FLSs) have
been successfully implemented in various engineering areas and their applications
including control, robotics, image processing, decision-making, estimation and
modelling. The FLSs become more and more popular and take part in many studies
from that date. One of the most well known structure fuzzy logic systems is Takagi-
Sugeno-Kang fuzzy logic system that was first proposed in 1985. That system is
widely used in control applications (Takagi and Sugeno, 1985). Moreover, since
most of the systems and processes are characterized by uncertainties and
nonlinearities, various fuzzy modeling and fuzzy control strategies have been

successfully implemented in many engineering problems (Babuska et al., 2012).

The proposed method and its approaches will give the opportunity to the decision
maker to quantify the uncertainty of the point forecasts with linguistic terms that
might increase the interpretability with using Fuzzy Logic and its modelling tools.
Fuzzy Logic modelling provides not only nonlineer modelling but also non
symmetrical bounds for errors while classical PlIs only concludes the one value for
the creation of the error bounds. Moreover, the proposed approaches will provide
valuable information about the accuracy of the forecast by providing a relative
membership degree with respect to the target data. The proposed approaches consist
of two main phases, the offline FLUBE design and the online TFN generation part as
Linguistic Generation and Representation Approach (LinGRA) and Enhanced
Linguistic Generation and Representation Approach (ElinGRA). By the help of
mentioned linguistic terms, the decision makers will have oppurtunities to compare
the forecasting methods. Classical PIs only ensure the binary conclusion that
determined from the realized value of the forecast, is it in the interval or not, while

the mentioned methodologies will provide the membership degrees of the realized



values of the forecasts that can be determined from the Triangular Fuzzy Numbers of

the created linguistic terms.

The thesis organized in five sections including conclusion. In Section 2, the general
information about the time series is represented in terms of the components of the
time series and its modelling approaches especially the basic ones like
AutoRegressive (AR), Moving Average (MA), and ARMA. The basic forecasting
concept is also mentioned at this part of the thesis. Section 3 is the main part of the
thesis. The proposed method is represented at the Section 3 with its concepts that
provide to comprising the structure of the method. Evaluation of the forecast errors
in special interest with forecast error bounds, Fuzzy Logic, Fuzzy Modelling, Fuzzy
Time Series and the proposed method is presented respectively. In section 4, the
experimental results of the proposed method is illustrated on several data sets.

Consequently, the results are concluded and discussed in the conclusion section.



2. TIME SERIES FORECASTING

In the last decades of the information technologies includes many improvements
about data storage and its usage. Getting data from anything will be much easier than
now after the Internet of Things revolution named as Industry 4.0 in Germany, the
Factory of the Future in France and Italy and Catapult in UK (Ashton, 2009).
Obtaining the data from the cheap way also stimulates the analysis of the data

especially in forecasting.

In this chapter, the data analysis from the point of the view of the time series will be
discussed. First subsection is representing the time series concept and its inferior
parts. Second subsection tries to explain the forecasting and forecasting process
briefly. The studies will be present at the next chapter construct on the forecasting
and tries to improving the forecasting approaches. Third and Fourth subsection will
present the time series analysis via the residual concept and its modelling
approaches. The modelling approaches are selected according the most used ones

according selective references.

2.1 Time Series

A time series is a sequence of observations x;, each one taken sequentially in time t.
In other word, an ordered sequence of values of a variable at equally spaced time
intervals like hourly, daily, weekly or yearly. Examples occur in a diversity of fields,
ranging from engineering to economics, and methods of analyzing time series
constitute an important area of statistics. A monthly sequence of the quantity of
goods shipped from a factory, a weekly series of the number of road accidents,
hourly observations made on the yield of a chemical process, and so on can be listed
(Box et al, 2015) . In the following chapters, some representative time series are

illustrated with their statements (Chatfield, 1995).



2.1.1 Economic time series

Time series have always been used in the field of econometrics. Tinbergen is firstly
constructed the first econometric model for the United States and thus started the
scientific research programme of empirical econometrics (Tinbergen et al, 1939).
After that first application, many time series arise in economics. Figure 2.1 shows the
Beveridge wheat price index time series that consist of the average wheat price in
nearly 50 places in various countries measured from 1500 to 1869 as yearly. The
complete time series is presented by Anderson as also published as online at Url-1

(Anderson, 2011; Url-1, 2016).
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Figure 2.1 : Beveridge monthly wheat price index time series.

Figure 2.2 shows weekly closings indexes of the Dow-Jones industrial average also
called DJIA from July 1970 to August 1974 (Hsu, 1979). DJIA is a stock market
index, and one of several indices created by Wall Street Journal editor and Dow
Jones & Company co-founder Charles Dow. The industrial average was first

calculated on May 26, 1896.

2.1.2 Physical time series

Various types of the time series occur in the physical sciences, especially in
meteorology, marine science and geophysics. Rainfall on successive days, air
temperature in successive hours, days or months, water level of the lakes are
examples about the physical time series. Figure 2.3 shows the surface temperature at

Edirne, in Turkey, averaged over successive months. The data comes from



HadCRUT3, a gridded dataset of global historical surface temperature anomalies
produced by the Met Office Hadley Centre and the Climatic Research Unit at the
University of East Anglia (Url-2, 2016).
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Figure 2.2 : Dow Jones weekly industrial average index.
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Figure 2.3 : Monthly surface temperature at Edirne in Turkey.

Some mechanical recorders take measurements continuously and produce a
continuous trace. In process control, the problem is to detect changes in the
performance of a manufacturing process can be evaluate as physical problems and
includes clarified categories. Figure 2.4 shows time series of chemical process

concentration observes from readings every 2 hours with 197 observations (Box &



Jenkins, 2015). According to Box & Jenkins, the unit of the concentration is

currently unknown.
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Figure 2.4 : Chemical process concentration readings every 2 hours.
2.1.3 Marketing time series

The analysis of sales and stock figures in successive days, weeks or months is a
critical management problem. It may also be of interest examine the relationship
between sales and other time series such as advertising expenditure. Figure 2.5
shows the monthly sales (in thousands of liters) of red wine by Australian
winemakers from January 1980 through July 1995 (Brockwell and Davis, 2002). The
sales data clarify that sales performance of the red wine. Like the preceding one,
Figure 2.6 states the quarterly clay brick production from March 1956 to September
1994 (Makridakis et al, 1998).

2.1.4Demographic time series

Demographic time series occur from the study of population, generally. Most of
times, changes are tried to predict for as long as ten or twenty into the future (Brass,
1974). Figure 2.7 shows the change of the population of the U.S.A., measured at ten-
year intervals (Brockwell and Davis, 2002).

2.1.5Other time series

The observations can take only two values mostly denoted with 0 or 1. Nevertheless,

in some cases it could be changes as -1 or 1. These types of time series called binary



processes. All-star baseball games’ results are instance for binary processes

(Brockwell and Davis, 2002).
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Figure 2.5 : Australian monthly red wine sales time series.
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Figure 2.6 : Australian quarterly clay brick productions time series.
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Figure 2.7 : Population of the U.S.A at ten-year intervals: 1790-1990.
2.2 Forecasting

A forecast is a prediction of some future things or events. According to Neils Bohr, it
is not always easy. In book Bad Predictions (Lee, 2000), there are several forecasts
that can be evaluated as ‘bad’ forecasts as the most famous ones (Montgomery et al,

2015):

e “The population is constant in size and will remain so right up to the end of

mankind.” (Diderot & d’Alembert, 1756)

e “1930 will be a splendid employment year.” U.S Department of Labor, New
Year’s Forecast in 1929, just before the Dow Jones crash on October 29

(Mannermaa, 2004).

e “Computers are multiplying at a rapid rate. By the turn of the century there
will be 220,000 in the U.S.” Wall Street Journal, 1966 (Montgomery et al,
2015).

In consideration of the given examples, it can be said that forecasting is an important
problem which link many fields such as economics, industry, environmental sciences
and much more. Forecasting can be classified according to their scopes such as short
and long-term forecasts. As it can clearly have noticed that short-term forecasting

problems involve predicting a few times of the event into the future. Because of the
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forecasts obtaining from the historical data sets especially time series, the sort-term

forecast are mostly more reliable than the long ones.

Most of usage, the forecasting involve from the time series data. Many applications
of forecasting about the business exploit daily, weekly, monthly or any defined
interval of the data. These applications can be listed in the areas such as operations
management, marketing, finance and risk management, economics, industrial process
control and, demography. These are only a few where forecast are required to make
good decisions. Although the wide range of the problems, there are two extensive
types of the forecasting techniques — qualitative and quantitate forecasting techniques

(Montgomery et al, 2015).

Qualitative forecasting techniques depends on the judgment of the experts. It is
useful where there is not much more historical data for forecasting. It depends not
only experts’ decision but also the surveys of potential customers, and experiences

about the similar products or services.

Quantitave forecasting techniques is under the scope of this thesis that use the
historical data and forecasting models. Most of times, the model formally
summarizes patterns and express statistical relations between observations.

Therefore, the model use for estimating past and current behavior into the future.

The forecast model always aims to represent best estimate of the future value of the
variable of interest. As it might be expected, these forecasts are usually wrong; so
there is definition between estimated and real ones named as forecast error.
Eventually, it is a good practice to accompany a forecast with an estimate of the error
bounds that represent the interval about how large a forecast error might be
experienced. Prediction Interval (PI) and Confidence Interval (CI) are the most used
ones for representing the errors. In the context of the thesis, alternative approach to

the error bounds will be represent (Montgomery et al, 2015).

All of the mentioned process can be illustrated as a flow chart given at Figure 2.8.
First two part is mentioned before chapter as time series data and third part will be
discussed at Time Series Analysis chapter. Model selection part of the process will
be discussed briefly at the next chapters. Model validation, deployment and

monitoring will be the part of the implementation section of the thesis.
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Figure 2.8 : The forecasting process.
2.3 Time Series Analysis

In this chapter, time series analysis will be discussed by presenting the components
of the time series that are effects the characteristics of the time series. Most of times,
time series occurs from the sum of a specified trend, and seasonal and random terms.
By the means of definitions, the trend is evolutionary movement, either upward or
downward. It will be long-term or relativity short duration with its dynamics.
Seasonality is the component that repeats on regular basis, such as each month. The
remove process of components named as seasonal adjustment is important to
recognizing of the time series or data for not to confuse basic model of the time

series.

The selection of a suitable probability model or class is the most important part of the
time series analysis. The fitting of the time series models can be an ambitious
undertaking at literature. There are many methods of model fitting including,
AutoRegressive Integrated Moving Average (ARIMA), Multivariate, and Holt-
Winters Exponential Smoothing. In this chapter, the basic ones and at the same time

the easiest ones according to given methods are discussed.

2.3.1 Random walk

The simplest model for a time series is one is which is there is no trend or seasonal
component. The observations of the time series are independent and identically
distributed (iid) random variables with zero mean. The random walk is obtained by
cumulatively integrating iid random variables. According to Brockwell, it can be

obtained by defining its starting value S, as 0 and
St:X]_ +X2+“‘Xt, fOT'tZ 1,2 ‘e (21)

where {X;} is iid noise. As another aspect, it can be defined for each time period that
going from left to right, the value of the variable takes an independent random step

up or down, a so-called random walk. If up and down movements are equally likely
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at each intersection, then every possible left-to-right path through the grid is equally
likely a priori. In addition to zero mean version, random walk with drift provides

addition with nonzero member and it can be represent as below:
St = St—l + Xt (22)

The daily change of the exchange rates can be model with random walk according to

its characteristics like many peaks and valleys.

2.3.2Models with trend and seasonality

In several of the time series examples of Section 2.1 contains a clear trend in the
data. The Australian electricity consumption and the air passenger data sets also
includes trend components that are represented at Figure 2.9 and Figure 2.10
(Makridakis et al, 1998). First data set involves the electricity consumption values
from January 1956 to August 1995, thus the data set has 476 samples. Second data
set involves monthly counts of the international airline passengers, measured in
thousands, for the period January 1949 through December 1960, thus the data set has
144 samples.
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Figure 2.9 : The Australian monthly electricity consumption data set.
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Figure 2.10 : The air passenger data set.

The zero mean models, as random walk is inappropriate for these type data.

Therefore, the trend component of the time series is expressed as follows:
Xe=m +1; (2.3)

where m; is an evoluting function kown as the trend component and Y, has zero
mean. Most general method for the estimating m; is the least squares (LS) method.

The LS method is a parametric method like given as follow:
my = Ly + It + 1,t? (2.4)

where [y, 1, and l; are the weight of the time vector. In addition to the trend
characteristics, many time series are influenced by seasonally varying factors such as
the weather that can be modeled by a periodic component with fixed known period.
For example, the Australian electricity consumption data set (Figure 2.9) shows
repeating annual patterns with peaks and trend in July and troughs in February,
strongly suggesting a seasonal factor with period 12. In order to represent the
seasonal effect with assumption of there is no trend; the simple model can be defined

as follow:

Xe=st 1 (2.5)
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where s; is a periodic function of t with period d (s;_4 = S¢). S¢ 1S a sum of

harmonics which is given by:

k
St =ag+ Z(aj cos(ljt) + b; sin(/ljt)) (2.6)
j=1

where ag, ay, ...,a; and by, ..., b, are unknown parameters and A, ..., A, are fixed

frequencies, each being some interger multiple of 2m/d (Brockwell and Davis,

2002).

The illustrative examples about the trend and seasonality modelling, and the
component decompositions will be discuss at the next section.

2.3.3 General approach to time series modelling

The overview of the time series modelling is gave by Brockwell (Brockwell and
Davis, 2002). According to this flow, the time series can be model with applying

items given below:

e Plot the time series and then checking any outlying observations and apparent

sharp changes,

e After the remove process of the outliers, seasonal and trend components, the

stationary residuals obtain,
e Choose a model to fit the residuals,
e Forecasting will be achieved by forecasting the residuals,

e Inverting the transformations described at the previous steps to arrive at

forecast of the original series.
According to the given items, the stationary term and the model decomposition
process must be define. Both two concepts will be discussed at the next subsections.
2.3.4 Stationary concept

The stationary of a time series is related to its statistical properties in time. In general
manner, a time series {X;,t=0,%1,..} will be stationary if it has statistical
properties similar to its time shifted version {X;,,,t = 0,%1, ...} for each time shift

integer(h). If these statistical properties depends only on the first (E X t))and second
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order E(X?) moments of the time series (X,) and also provides the following
definitions, it can be said that the time series is stationary (Brockwell & Davis,

2002):
{X.} is weakly stationary while E(X?) < oo for all ¢:
e Ifthe mean function My (t) is independent of t
e Ifthe covariance function yx(t + h, t) is independent of t for each h

where the mean and covariance function defined as below:
My (8) = E(X,) (2.7)
VX(T" s) = Cov(erXs) = E[(Xr - MX(T))(XS - .uX(S))] (2.8)

For example, if {X,} is iid noise and E(X?) = 02 < oo, then the first requirement of
the conditions is obvious satisfied, since E(X,) =0 for all t. By assumed
independence:

_ (a?, ifh=0

which does not depend on t. Hence iid noise with finite second moment is stationary.

2.3.5Estimation and elimination of trend and seasonal components

Elimination of trend and seasonal components also named as decomposition that is
used after the outliers’ elimination to the time series data. Decomposition process
apply for getting stationary time series to modelling by the forecast models. In this
section, the decomposition process will be discussed and it applied on Australian

monthly electricity consumption data set given at Figure 2.9.
The classical decomposition model can be define as:
Xe=mg+se+ Y, (2.10)

where m; is a slowly changing function known as a trend component, s; is a periodic
function with d period known as a seasonal component, and lastly Y; is a random
noise component which provide stationary condition given at previous section

(Brockwell and Davis, 2002). In other world, the purpose of the decomposition is
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determination of the deterministic components (m, and s;) and after the elimination

of these components, getting the stationary residuals (Y;).

Another decomposition approach is developed by Box and Jenkins that apply
differencing operators repeatedly to the time series {X,;} until the differenced
observations. Therefore the model can be construct with remain residuals (Box et al,

2015).

The first step of the decomposition is the trend elimination stage. According to
Brockwell and Davis, the trend elimination can be done with four different method:
Smoothing with a finite moving average (MA), Exponential smoothing, Smoothing

by elimination of high-frequency components, polynomial fitting.

The moving average based filter applied to get raw trend components given as

follow. It illustrated as m; because of that is the estimated one.
fﬁ,t = O'SXt—q + xt_q+1 + -+ xt_q_l + O.Sxt+q/d (21 1)

where q is shifting operator and d is the window length of the moving average.
While g < t < n — q, the shifting operator is the half of the period (q = d/2) if the
period is even. Therefore, the raw trend can be obtained according to simple version
of the equation:

P ?=—q(xt—j)

i, = ==L —= (2.12)

The time series definable at 0 < t and t < n. Therefore the observations with t < g
or t > n — q are not numerable. The estimated raw trend M, is illustrated according
to the Australian monthly electricity consumption data set at Figure 2.11 with the

knowledge of the seasonality term as 12 month.

Following the estimated raw trend taking out from the raw data, the next step will be
determining the seasonal component of remain data. Therefore, an average deviation
(wy) is determining according to period (d) and complete season count of the data

(r)wherek=1,..,dandj =0,1, ..., 7

W = Xk+jd — Mk+ja
k r+1

(2.13)
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under circumstance of g < k + jd < n — q. By the help of average deviation, the
seasonal component determines as without any condition about the zero mean:

1 d

Se=wk—3) Wi (2.14)
1=

where k =1,...,d. The seasonal component $; is illustrated according to the
Australian monthly electricity consumption data set at Figure 2.12 with the
knowledge of the seasonality term as 12 month. As it can be noticed, the
consumption is maximized at the month July and minimized at the month February.

Therefore, the seasonal pattern of the data set can be defined by the help of average

deviations.

16000 —T ,

----- Raw data :
14000 H Estimated raw trend | -

12000

10000

8000 —

6000

Consumption [m.kWh]

4000

2000 e

1960 1965 1971 1976 1982 1987 1993
Year

Figure 2.11 : Estimated raw trend (/M) illustration on Australian monthly electricity
consumption data set.

After the determination of the seasonal component, the rest of the part of the time
series will include only the residual and trend components. The trend component
determination will define again without any seasonal components at the next stage.

Thus, the remainder components define as follow:

de = X¢ — St (2.15)
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Figure 2.12 : Seasonal component (8;) illustration on Australian monthly electricity
consumption data set.

Deseasonalized time series of the example data is illustrated at Figure 2.13 on the
Australian monthly electricity consumption data set. As it can be noticed on
deseasonalized data, the seasonal component is determined according to the general
seasonal behavior of the time series. Therefore, sometimes the seasonal component
decomposition cause creating new seasonal effect on the beginning and end of the

time series.
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5000

1960 1965 1971 1976 1982 1987 1993
Year

Figure 2.13 : Deseasonalized data (d;) illustration on Australian monthly electricity
consumption data set.
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The trend component determination of the decomposition process is occurred after
the getting deseasonalized data (d;). As it can clearly seen at Figure 2.13
deseasonalized data has trend. The trend component can be defined with polynomial
function by the help of the Least Squares (LS) algorithm. The model can be selected
as first or second order to help the create simple model as possible (Brockwell and
Davis, 2002). Thus second order polynomial is obtained frorm the example data by
the help of LS algorithm given as follow equation. The second order polynomial

regulation can be seen at Figure 2.14:

m, = 0.0266t2 + 16.1250¢ + 1042.5 (2.16)

15000 —————— ,

Deseasonalized data |-

| e Polynomial model |\

10000

5000

Consumption [m.kWh]

1960 1965 1971 1976 1982 1987 1993
Year

Figure 2.14 : Estimated trend function for Australian monthly electricity
consumption data set.

The residual data (y,) of the time series is determined after decomposing the trend

components on deseasonalized data according to equation given as follow:

Ve =de—my (2.17)

The residual data of the example data given at Figure 2.15. The residual modelling is

discussed at the next sections with its modelling approaches.
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Figure 2.15 : Residuals of the Australian monthly electricity consumption data set.

2.4 Forecasting Methods

In time series modelling, the selection of the forecasting methods is the most
influential factor of fitting to the data. The fitting process can be done with model
and its parameters selection. In this chapter, several types of time series models are

discussed.

2.4.1 Stationary models

The stationary or weak stationary condition is discussed at previous chapter. In this

chapter, the forecasting methods for stationary time series will be discussed.

2.4.1.1 Moving Average (MA) models
The Moving Average (MA) model is a common approach for modelling univariate
time series. The notation MA(q) refers to the moving average model of order q:

Ve = U + &t + 91€C_1 + -+ qut—q (218)

where p is the mean of the series, 6y, ..., 8, are the parameters of the model which
aim to weighting the previous error terms, and &, &1, ..., &4 are the white noise

error terms which obtains from the subtracting the estimated value and the real

observation given as follow:
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& =Ye— Ve (2.19)

g™ order MA model state as MA(q) and includes g parameter which are the weights

of previous error terms.

2.4.1.2 Autoregressive (AR) models

Autoregressive (AR) model specifies that the output variable depend linearly on its
own previous values and on a stochastic term. Therefore, the autoregressive model

can be formulized depend on the model order p:

Ve =CHP1Yeo1+ GoYea+ o+ PpYip T &
p
ye=c+ z b Vei T & (2.20)
i=1 j

where ¢4, ¢y, ..., P, are the parameters of the model which aim to weighting the
previous observations, &, is white noise, and ¢ is the model constant. p” order AR
model state as AR(p) and includes p + 1 parameter which are the weights of

previous observations and the constant.

2.4.1.3 Autoregressive — Moving Average (ARMA) models

Autoregressive moving average (ARMA) model is the combination of the two
polynomials, one for the auto-regression and the second for the moving average. The
general ARMA model was described by Whittle in 1951 (Whittle, 1951). Box and
Jenkins popularized it in the book in 1971 (Box and Jenkins, 2015). The ARMA

model can be formulized depend on the model order p and q:

p q
=c+eg+ -t 0 &_;
Ve t E L_=1¢i3’t i E 0 e 2.21)

ARMA(p, q) includes p +q + 1 parameter which are the weights of previous
observations, error terms and the constant.
2.4.2 Nonstationary models

It is often the case that while the processes may not have a constant level, they
exhibit homogeneous behavior over time. Consider, for example, the linear

processes. It can be seen that different snapshots taken in similar behavior.
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Therefore, there are several modelling approaches for these type data. In this chapter,

they will discussed as respectively.

2.4.2.1 Autoregressive—Integrated—Moving Average (ARIMA) models

The autoregression integrated moving average (ARIMA) model is a generalization of
the ARMA model. The model is applied in some cases where data show evidence of
nonstationary. ARIMA models form an important part of the Box-Jenkins approach
to time-series modelling (Box and Jenkins, 2015). ARIMA models generally denoted
ARIMA (p,d, q) where parameters p, d, and q are non-negative integers, p is order
of the AR model, d is the degree of differencing, q is order of the MA model. The
ARIMA model can be formulized as:

(1 = Z;@Bt) (1-B)ly, = c + (1 + Zj=19iBi) & 2.22)

where L is the lag operator, where ¢; are the parameters of the AR model which aim
to weighting the previous observations, ¢ is the model constant, 8; are the MA
parameters of the model which aim to weighting the previous error terms, and &; are
the white noise error terms. The random walk process, ARIMA(0,1,0) is the simplest
nonstationary model. It is suggesting that first differencing eliminates all serial

dependence and yields a white noise processes.

2.4.2.2 Seasonal Autoregressive—Integrated—Moving Average (SARIMA) models

The Seasonal ARIMA (SARIMA) models are usually denoted ARIMA(p,d,q)
(P,D,Q),, where m refers to the number of periods in each season. They are
enhancements of ARMA class in order to include more dynamics, respectively, non-
stationary in mean and seasonal behaviors. Distinctly from the ARIMA models, the
uppercase P, D, Q refer to the autoregressive, differencing, and moving average terms
for the seasonal part of the ARIMA model. The SARIMA model can be formulized

as:

(1 - EilqbiBi) (1-B)¢ (1 — Z;cbiﬁ) (1—B™)Py,
=c+ (1 + Zj=19i3i> (1 + Z;@igim) &

(2.23)
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where B is the lag operator, where ¢; and @ are the parameters of the AR and SAR
model which aim to weighting the previous observations, ¢ is the model constant, 6;
and © are the MA and SMA parameters of the model which aim to weighting the

previous error terms, and &; are the white noise error terms.

2.4.3 Other models

In addition to ARMA or ARIMA models, there are several forecasting methods in
literature. Vector ARIMA models are used for forecasting on multivariate time
series. Multivariate time series models involve several variables that are not only
serially but also cross-correlated. The state space model and its Kalman recursions
applications used as forecasting techniques in different approaches (Brockwell and

Davis, 2002).

The constant variance assumption is often taken as a given for most of the models. In
many practical cases and particularly in finance, it is common to observe the
violation of this assumption. Autoregressive Conditional Heteroskedastic (ARCH)
models proposed by Engle for dealing heteroskedastic data (Engle, 1982). The
notation also enhanced as Generalized ARCH (GARCH) by Bollerslev (Bollerslev,
1986).
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3.FUZZY LINGUISTIC TERM GENERATION AND REPRESENTATION

In the recent years, computational intelligence methods have been widely employed
as prediction and estimation approaches (Wang et al, 2009). It has been stated that
there are two main problems with state of art forecasting methods: (i) the models
become unreliable in the presence of uncertainty and (ii) no indication of the
accuracy of the single point forecasts is provided (Khosravi et al, 2014). The
accuracy of the forecast is usually measured with performance indexes such as Mean
Absolute Percentage Error (MAPE), Percentage of Error (POA), etc. (Hyndmann and
Koehler, 2006; Makridakis, 2003; Armstrong, 2001). However, since there is always
an error margin in the predictions, there is a need to define error bounds in the
forecast with its Confidence Interval (CI), Prediction Interval (PI) or using other

novel approaches (Khosravi et al, 2014b).

The main motivation for the construction of error bounds is to quantify the likely
uncertainty in the point forecasts. Availability of error bounds allows the decision
makers to quantify the level of uncertainty associated with the point forecasts. Error
bounds that are relatively wide indicate the presence of high level of uncertainties in
the underlying system operation. This useful information can guide the decision
makers to avoid the selection of risky actions under uncertain conditions. On the
other hand, narrow error bounds give the decision makers the opportunity to decide
more confidently with less chance of confronting an unexpected condition in the

future (Tsay, 2005).

The construction of PIs has been a subject of much attention and has been
implemented in temperature prediction, travel time prediction in baggage handling
system, watershed simulation; solder paste deposition process, and time series
forecasting (Heskes, 1997). In literature, different methods exist for the construction
of PIs as delta technique (Chryssolouris et al, 1996; Hwang and Ding, 1997),
Bayesian technique (MacKay, 1992), bootstrap method (Dybowski and Roberts,
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2001), mean-variance estimation (Nix and Weigend, 2001), Lower and Upper Bound

Estimation (LUBE) method (Khosravi et al, 2011b).

In this study, fuzzy linguistic term generation and representation via Fuzzy logic
based Lower and Upper Bound Estimator (FLUBE) based Triangular Fuzzy Number
(TFN) is presented to estimate the uncertainty in the forecast. The representation
includes two different methodologies that will give the opportunity to the decision
maker to quantify the uncertainty of the point forecasts with linguistic terms which
might increase the interpretability. Moreover, the proposed approaches will provide
valuable information about the accuracy of the forecast by providing a relative
membership degree with respect to the target data. The proposed approaches consist
of two main phases, the offline FLUBE design and the online TFN generation part as
Linguistic Generation and Representation Approach (LinGRA) and Enhanced
Linguistic Generation and Representation Approach (ElinGRA).

Thus, the chapter includes methodologies and its basics. The chapter will start with
the forecast error evaluation to clarify that what are the approaches mainly model.
The first subsection also includes the literature survey of the error modelling via PI.
Second subsection gives brief information about the fuzzy logic to use it as tool by
the presented methodologies to modelling errors. Third subsection presented Fuzzy
Time Series methodology to use for the development of the presented approaches
from the beginning. Fourth subsection is also related with the fuzzy logic. It clarifies
the tools with its mathematical background. The last subsection presented the
approaches as two part as FLUBE and Linguistic Generation and Representation

Approaches.

3.1 Forecast Errors Evaluation

Box wrote, "Essentially, all models are wrong, but some are useful" in his book on
response surface methodology with Norman R. Draper (Box et al, 2015). In other
words, all models include modelling errors. Thus, several assessments presented to
evaluate the forecast models via their errors according to original data and forecasted

ones. Conventionally forecasting error (e) can be state as:

e=f—-y (3.1)
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where f is forecasted value and y is the real data.

In this chapter, the measures of forecast accuracy and forecast error bounds will be
discussed. In general definition, forecast accuracy measures provide the evaluation of
the forecast model while the error bounds derive the foresight for the future to the

decision maker or the system.
3.1.1 Measures of forecast accuracy

In statistics, the accuracy of forecast is the degree of closeness of the statement of
quantity to that quantity’s actual (true) value. The actual value usually cannot be
measured at the time the forecast is made because the statement concerns the future.
For most businesses, forecasts with more accuracy increase their effectiveness to

serve their aims.

According to Hyndmann and Koehler, there are four type error measures for
determining the accuracy of the forecast. Most commonly used two ones are listed as
respectively below. In addition to these, relative error based measures and relative
measures for forecasting can be found at different sources (Hyndmann and Koehler,

2006; Chatfield 1988; Gardner, 1990).
3.1.1.1 Scale dependent measures

Some commonly used accuracy metrics can be defined as this type of measures like
Mean Square Error (MSE) or Mean Absolute Error (MAE) (Thompson, 1990).
Scale-dependent measures are useful when comparing different methods on the same
set of the same data but should not be used while there are different scales across the

data.

The most commonly used scale-dependent measures are based on absolute or

squared errors listed as below:

e Mean Square Error (MSE)
_1 2
MSE = -¥i_q(er) (3.2)

e Root Mean Square Error (RMSE)
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RMSE = 37, (e (33)

e Mean Absolute Error (MAE)
1
MAE = ;Z?=1|et| (3.4)
where n is the sample size, e is the error term.

3.1.1.2 Percentage errors based measures

Percentage errors have the advantage of being scale-independent, and frequently
used to compare forecast performance across different data sets (Armstrong and

Collopy, 1992). The most commonly used measures are listed below:
e Mean Absolute Percentage Error (MAPE)

100 wp, et

MAPE = w &t=1|), (3.5)
e Root Mean Square Percentage Error (RMSPE)
N A O 2
RMSPE = |23, (%) (3.6)
e Percentage of Accuracy (POA)
POA = Yiy fr / Xi=1 ) (3.7)

where n is the sample size, e is the error term, f is the forecast term and y is the real

data value.

These measures have the disadvantage of being infinite or undefined if y, = 0 for
any t in the period of interest, and having an extremely skewed distribution when
any y; is close to zero. A further disadvantage of methods based on percentage errors
is that they assume a meaningful zero. For instance, measures for temperatures on the

Fahrenheit or Celsius scales are meaningful.
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The MAPE also have the disadvantage that it puts a heavier penalty on positive
errors than on negative errors. This observation led to the use of the so-called
“symmetric” measures defined by Makridakis (Makridakis, 1993; Goodwin and
Lawton, 1999).

e Symmetric Mean Absolute Percentage Error (SMAPE)

SMAPE =22yn

n

et
Yet+fe

(3.8)

where n is the sample size, e is the error term, y is the real data value, and f is the

forecast value.
3.1.2Forecast error bounds

Forecast accuracy measure can only evaluate the point forecast quality. Since there is
always an error margin in the forecasts, there is a need to define error bounds in the
forecast with its Confidence Interval (CI), Prediction Interval (PI) or using other
novel approaches (Nakagawa and Cuthill, 2007; Hosmer and Lemeshow, 1992;
Briggs et al, 1997). A point estimate is a single value given as the estimate of a
population parameter that is of interest, for example the mean of some quantity. An
interval estimate specifies instead a range within which the parameter is estimated to
lie. The main motivation for the construction of the error bounds is to quantify the
likely uncertainty in the forecasts. ClIs are commonly reported in tables or graphs
along with point estimates of the same parameters, to show the reliability of the

estimates.

A confidence interval is ideal for quantifying the degree of uncertainty around
common parameters of interest such as the center of a sampled population, or its
spread. For normally distributed data, the CI for the mean looks like (Ramirez,

2009):

Xn+1 _—i_ t(l—%,n—l)o- . (3.9)

n

where x,,1 is the sample which is needing to construct the interval, t( 1-Zn-1) is the
>

t distribution quantile with degrees of freedom equal to the number of observations
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minus one (n — 1) and its confidence level a, o is the standart deviation with the
sample size n. Similarly, the CI for the standard deviation gives lower and upper

bounds for the variation of the standard deviation estimate.

Cls are constructed at a confidence level, such as 95 %, selected by the user. It
means that if the same population is sampled on numerous occasions and interval
estimates are made on each occasion, the resulting intervals would bracket the true
population parameter in approximately 95 % of the cases. A confidence stated at a

1 — a level can be thought of as the inverse of a significance level, a.

While a CI describes the uncertainty in the prediction of an unknown but fixed value,
a PI deals with the uncertainty in the prediction of a future realization of a random
variable. The PI is an interval associated with a random variable yet to be observed,
with a specified probability of the random variable lying within the interval. It is
wider the CI because it takes into account the prediction noise by adding a 1 to the

expression inside the square root (Ramirez, 2009):

1
Xp1 t(l_%,n_l)a /1 +- (3.10)

It is known that the intervals are widely used at point forecasting and its related
works. The PIs and its utility helps the decision makers and operational planners to
provide uncertainties bounds around the point forecasts. It also provides multiple of
solutions/scenarios for the best and worst conditions. Wide PIs are an indication of
presence of a high level of uncertainty in the operation of the underlying system. In
the circumstances, the decision makers avoid the selection of risky actions under
uncertain conditions. Narrow PIs mean that decisions can be decide more confidently
with less chance of threatening an unexpected condition in the future (Khosravi et al,

2011a).

The applications of the Pls increased in the last decade because of the increasing
complexity of the man-made system. Manufacturing enterprises, industrial plants,
transportation systems, and communication networks are the some of the examples
of these systems. More complexity adds to high levels of uncertainty in the operation
of large systems. Operational planning and scheduling in large systems is often

performed based on the point forecasts of the system’s future. The reliability of these
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point forecasts is low and there is no indication of their accuracy. Therefore, the

systems meet the interval bounds.

In literature, several PI construction method for many application is proposed. Delta
(Hwang and Ding, 1997; De Veaux et al, 1998), Bayesian (Bishop, 1995; MacKay,
1992), mean-variance estimation (MVE) (Nix and Weigend, 1994), bootstrap (Efron,
1992; Heskes, 1997) and Lower Upper Bound Estimation (LUBE) method
(Khosravi, 2011b, Quan et all, 2014) are proposed for construction of the Pls. Pls
have been completed in a variety of disciplines, including transportation (Hinsbergen
et al, 2009; Khosravi et al, 2011c; Khosravi et al, 2011d), energy market (Zhao et al,
2008; Khosravi et al, 2010), manufacturing (Papadopoulos et al, 2001), and financial
services (Benoit et al, 2009). These represented studies are the few of the all studies

to give the general information about the PI construction.

In addition to that, the new approach to representing the forecast errors will be
clarified in this thesis. Therefore, there will be need of the assessments measurement

for error bounds like PI and CI to compare the classical ones and the new one.
3.1.2.1 Quantitave measures for error bound assessments

Khosravi proposes PI assessment methods at the last decade in several studies
(Khosravi et al, 2010, Khosravi et al, 2011a). PI and CI can be evaluated as the same
for the comparison. Therefore, the error bounds mostly named as PI for this study.
The most important characteristic of PIs is their coverage probability. PI coverage
probability (PICP) is measured by counting the number of target values covered by

the constructed Pls:

1 n
PICP = —Z :
2P (3.11)

where n is the number of the samples and p; is:

(L ifyi € [L; U]
_{o, if v; & [L; U] (3.12)

i

where y; is the i*" real data value, L; and U; are the lower and upper value of the it"
interval, respectively. According to Khosravi, PICP should be very close or larger

than the nominal as ideally (Khosravi et al, 2011c). Otherwise, Pls are invalid and
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should be discarded. The ideal case for PICP is the case where PICP = 100%,

which means all the targets are covered by Pls.

If the upper and lower bounds of PIs are chosen as extreme values of the targets
(maximum and minimum values), a high PICP (even 100% PICP) can be easily
achieved. Too wide PIs carry a little information and not useful for decision-making.
Width of PIs determines their informativeness. In the literature, a quantitative
measure of the width is defined as PI normalized average width (PINAW) (Khosravi
etal, 2011e, Quan et al, 2014):

100
PINAW = ﬁZ(Ui ~ L) (3.13)
l=

where R is the range of the targets in other words universe of discourse of the targets
(maximum value of the targets minus minimum value of the targets). R is normalized
the PI average width in percentage. The format of PINAW is similar to the MAPE

used for point forecasts. It gives equal weights to each width of Pls.

3.2 Basic of Fuzzy Logic

Fuzzy Logic (FL) is a powerful tool for complexity modelling especially on the
things that includes uncertainty, vagueness and imprecision while classical
methodologies has inadequate models for them. L. A. Zadeh (Zadeh, 1965)
introduced the fuzzy logic theory in 1965. In the last 50 years, fuzzy sets and fuzzy
logic theory have found a great variety of applications in control engineering, power
systems, telecommunication, pattern recognition, machine intelligence, qualitative
modeling, motor industry, robotics, and so on. This chapter introduces the basic
concepts and components of the Fuzzy Logic Systems (FLSs) that will be needed in
the following chapters. In what follows, firstly introduce the basic concepts of fuzzy
sets, and membership functions (MFs). Then the typical structure of a fuzzy

inference system with its four components are introduced.
3.2.1 Fuzzy sets and membership functions

Fuzzy logic starts with the concept of a fuzzy set (Klir and Yuan, 1995; Mendel,
2001; Zadeh, 1996). A fuzzy set is a set that does not have a crisp boundary. It can
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contain elements with only a partial degree of member-ship. The main advantage of
fuzzy logic is that words or sentences can be used as expressions instead of numeric
values. The inverse of this process is also invalid for the fuzzy sets. Associative
expressions are involved our daily life. The velocity example can be selected to
express the concept of the fuzzy logic. Velocity can be stated with three linguistic
variables: slow, medium, and fast and they can be represented as Figure 3.1. Each

linguistic variable is represented by membership function in the universe of

discourse.
Velocity Fuzzy Variable
Slow Medium Fast Linguistic Variables
My
1
Membership Function
} 4 —» Universe of Discourse
0 40 80 120 km/h

Figure 3.1 : Terms of Fuzzy Logic.

Consider a universe of discourse U, whose elements are denoted as x. A fuzzy set

A in U may be defined as follows:

A ={(x, 1) Ix € U} (3.14)

where pu(x) is the MF of x in A, which represents the degree of the x belongs to A.
The MF (pu(x)) maps each element in U to a continuous unit interval [0, 1]. If
Ha(x) = 0, it means that x is definitely not an element of fuzzy set A and if 0 <
Ha(x) < 1, it indicates that x falls in the fuzzy boundary of fuzzy set A. It is
obvious that a fuzzy set is an extension of a classical crisp set by generalizing the

range of the characteristic function from the crisp numbers 0, 1 to the unit interval

[0, 1].

A MF is a curve that defines how each point in the input space is mapped to a
membership value (or degree of membership) between 0 and 1. The input space is
some-times referred to as the universe of discourse (Hanss, 2005). The only

condition a MF must really satisfy is that it must vary between 0 and 1 and the
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function itself can be an arbitrary curve. Figure 3.2 depicts a variety of MFs to use in
FLSs. The mathematical characterization of the triangular MF and Gaussian MF use

extensively in defining MFs in FLSs which are defined as below (Hanss, 2005).

=
>
&

(b) (©)

—_

Membership value

|
|
|
|
|
|
| >
m

o b—————-

Figure 3.2 : Different shapes of membership functions. (a) triangular, (b) gaussian,
(c) singleton.
e Triangular Membership Function: A triangular MF is illustrated at Figure 3.2
which is specified by three parameters a,b,c, which determine the x

coordinates of three corners as (Dodurka et al, 2015; Yesil et al, 2014):

0, x<0
xX—a
b —a’ as<x<b
px) =52 (3.15)
, b<x<c
c—b>b
0, c<x

where the parameters a and c locate the x coordinates of the feet of the triangle and

the parameter b locates the x coordinate of the peak of the triangle.

The triangular membership function also defines with different names like Triangular
Fuzzy Number (TFN) or Linear Fuzzy Number (Hanss, 2005). In this work, the TFN

will use as extremely.

e (Gaussian Membership Function: A Gaussian MF is illustrated at Figure 3.2

which is determined completely by m and o

—(x —¢)?

u(x) = exp lT (3.16)

where ¢ represents the MFs center and ¢ determines the MFs width.
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e Fuzzy Singleton: Crisp numbers can be considered as a special case of fuzzy
numbers, for they all their properties. The membership function of the fuzzy

singleton can be defined as:

0, x<x

ux) =41, x=x (3.17)
0, x>x

where X is a crisp number expressed by the membership function.
3.2.2Fuzzy reasoning

Fuzzy reasoning is performed using if-then rules (Tanaka, 1997; Zadeh, 1978). The
fuzzy rules state the connection between input and output fuzzy variables. An
antecedent and a consequence part are the two parts of the rule. A classical fuzzy rule

can be defined as follow:

IF inputl is big AND input2 positive small

THEN output is negative small (3.18)

First part is the antecedent part and the second part is the consequence part. Big,
positive small, negative small are the linguistic variables which are stated as fuzzy
sets. AND is a connective operation which aggregates the results within the premise

part.

The Fuzzy Inference System (FIS) performs fuzzy reasoning which was first
introduced by Zadeh (Zadeh, 1965). A typical structure of a FIS consists of four
components: The "fuzzification" block converts the crisp inputs to fuzzy sets, the
"rule base" contains a selection of fuzzy rules, the "inference mechanism" uses the
fuzzy rules in the rule base to produce fuzzy conclusions and the "defuzzification"
block converts the fuzzy conclusions into the crisp outputs. The basic structure of a

FLS can be seen in Figure 3.3.

e Fuzzification: The fuzzification block comprises the process of transforming
crisp values (e.g. x,) into grades of membership for linguistic terms of fuzzy sets.

The MF use to associate a grade to each linguistic term.
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Figure 3.3 : The structure of the fuzzy logic inference system.

e Rule Base: The classical if-then rule is already defined before. The rule
structure of FLS with p inputs (x; € X;,...,x, € X,) and one output y € Y is as

follows:.

Rule I*" : [F x; is Ay and ...and x, is A, Theny is B (3.19)

where l = 1,...,M, M is the number of rules and 4, , ... ,Ap are the values for each
input linguistic variables in the universes of discourse. This rule represents a relation
between the input space X; X -+ X X, and the output space, Y, of the fuzzy logic

system.

e Inference Mechanism: After inputs fuzzified, we know the degree to which
each part of the antecedent is satisfied for each rule. If the antecedent of a given rule
has more than one part, the fuzzy operator is applied to obtain one number that
represents the result of the antecedent for that rule. The input for the implication
process is a single number given by the antecedent, and the output is a fuzzy set.
Implication is implemented for each rule. Since decisions are based on the testing of
all of the rules in a FIS, the rules must be combined in some manner in order to make
a decision. Aggregation is the process by which the fuzzy sets that represent the

outputs of each rule are combined into a single fuzzy set.

The operators can be defined in several ways, but the best-established ones are

presented as follows (Yager and Zadeh, 2012; Ross, 2009):

Intersection

AND (py, pp) = min{uy, up} (3.20)
AND (ug, ug) = Uallp
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Union
OR (uy, 1) = max{py, pp} (3.21)

Complement
NOT (pa) =1— iy (3.22)

where p, and pup are membership values which are combined by operators. The

firing angles are calculated according to these rules.

e Defuzzification: Defuzzifier refers to the way a crisp value is extracted from a
fuzzy set as a representative value, which is a necessary step as in often case a crisp
number is required for real application. In general, there are five methods for
defuzzifying a fuzzy set but the center of area (COA) and the mean of maximum
(MOM) are the two most commonly used methods in generating the crisp system

output. A brief explanation of these defuzzification methods are presented as follow:

COA method produces the center of the fuzzy output area. The crisp system out-put

for discrete universe of discourse will be calculated as

_ YitoXitta(x;)

2o ta(x;) (3.23)

where m is the number of the discrete elements in the universe of discourse, x; is the
value of the discrete element and p,(x;) represents corresponding MF value at the

Xi.

The MOM defuzzification calculates the mean value of all the m output points. In

the case of a discrete universe, the crisp output is expressed as:

XX

m

y (3.24)

where x; is the support value at these points, whose MF reaches the maximum value
U4 (x;)- The MOM method does not consider the shape of the fuzzy output, however

the defuzzification calculation is simplified.
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The fuzzy inference process discussed so far is Mamdani’s fuzzy inference method
(Mamdani, 1974), the most common methodology. The Takagi-Sugeno (TS) Type
Fuzzy Inference System was proposed by Takagi and Sugeno in an effort to develop
a systematic approach to generating fuzzy rules from a given input-output data set
(Takagi and Sugeno, 1985). The first two parts of the fuzzy inference process,
fuzzifying the inputs and applying the fuzzy operator, are exactly the same as
Mamdani method. The main difference that the TS output membership functions are

either linear or constant. A typical rule in a TS fuzzy model has the form as:

Rule 1™ : [F x, is Ay AND ...AND x,, is A,

3.25

THEN y = f1(X1, .., Xp) (3-25)

where | = 1,...,M, M is the number of rules, A;,...,A, are the values for each
input linguistic variables in the universes of discourse and y = f(xq,...,%p) is a

predefined function of the input variables for output. A simple expression is the

linear and affine functions as:

Rule I*" : IF x, is Ay AND ...AND x,, is A,

3.26
THENy = a,x, - +a, ( )

If ap; = 0, then the f; mapping is a linear mapping and if ay # 0, then the
mapping is called affine. When f; is constant, then the mapping is called "zero-order
TS", which can be viewed as a special case of the Mamdani inference system, in

which each rule’s consequent is specified by a fuzzy singleton.

3.3 Fuzzy Time Series

Fuzzy Time Series (FTS) is one of the unique research fields, and it contributes to
the conventional time series analysis by data clustering and rule-based features. The
FTS can be stated as the union of the fuzzy sets according to their time properties.
Basically, it used for the modelling uncertainties. The illustration and more detail
about the fuzzy time series also clarified by Moller and Reuter. (Mdller and Reuter,
2007). The classical illustration of the FTS can be seen at Figure 3.4 on the Air
Passenger data set as 2D. 3D illustration of the FTS via Triangular Fuzzy Numbers

can be seen at Figure 3.5.
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Figure 3.4 : The illustration of the Fuzzy Time Series in 2 Dimension.
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Figure 3.5 : The illustration of the Fuzzy Time Series in 3 Dimension.

In respect of forecasting activities in daily life, it can be said that it has an important
role, obviously. Traditional forecasting methods cannot deal with the problems
where they are mainly related with the linguistic terms as the historical data sets.
With the aim of to solve the drawback of the traditional forecasting methods, Song
and Chissom first defined the FTS forecasting method to predict university
enrollment levels in 1993 (Song and Chissom, 1993; Song and Chissom, 1994).

However, this model used max—min composition operations that is significantly
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complicate the computational process. It was improved by Chen which is generally

accepted by researchers and is the common form of FTS (Chen, 1996).

As mentioned precedings declaration, FTS and its modelling approaches are based
on rule-based structures. Therefore, there is need to declare the relations between the
observations. First, FTS samples states with their intervals in other name its universe
of discourse. If the historical time series data set is distributed among n intervals (i.e
ay, a,, ..., a,) then n linguistic variables A, 4,, ..., A, which can be represented by

fuzzy sets , as shown below (Chen, 1996):

Ay =1/a; +05/a, +0/az + -+ 0/ay_; + 0/a,
A, =0.5/a; +1/a, +0.5/az + -+ 0/a,_, + 0/ay (3.27)
4,

=0/a; +0/a, +0/az +---+0.5/a,_1 + 1/a,

The degree of membership of each time series value belonging to each A; are obtain
after the determination of the interval of the intervals. The maximum degree of
membership of fuzzy set occurs at interval a;, and 1 < i < n. Then, each historical
time series value is fuzzified. For ease of computation, the degree of membership
values of/Tj(j = 1,2, ...,n) are considered as either 0,0.5 or 1, and 1 < j < n (Chen

and Hwang, 2000; Huarng, 2001)

If F(t) consists of linguistic variables f;(t)(i = 1,2, ...), F(t) is defined as a fuzzy
time series on Y (t)(t =---,0,1,2,...) where Y(t) is a subset of real line of the
observations with time parameter t. The relationship between F(t) and F(t — 1) can

be symbolized by:
Fit—1)->F(@®) (3.28)
The relation can also define with relation matrix:

F(t) =F(t—1)oR(t,t —1) (3.29)

where the symbol o is the Max-Min composition operator and R(t,t — 1) can be
define as a fuzzy relationship if F(t) is caused by F(t — 1) (Chen and Tanuwijaya,
2002).
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The relation of the observations can be extend with group and multivariate version of
the FTS. More details can be found at different sources (Sahin et al, 2015; Singh,
2014). FTS modelling is the one of the inspiration of the thesis with its uncertainty
modelling techniques and its rule-based approaches. Therefore, using the time series
time series modelling with fuzzy modelling is decided after the review study about

the FTS approaches (Sahin et al, 2015).

3.4 Fuzzy Modelling

Fuzzy Logic is the powerful tool for modelling the uncertainties and nonlinearities
where will be several cases like noises at signal processing, error distributions
forecasting processes, parameter uncertainties at several estimation processes, and
nonlinearities at several cases like bioprocess. Fuzzy modelling is the solution which
use the Fuzzy Logic to overcome the uncertainties and nonlinearities (Pedrycz, 2012;
Yager and Filev, 1994). In preceding chapter, the Fuzzy Inference System (FIS) is
already discussed which is the basis of the fuzzy modelling. Within the context of the
thesis, two fuzzy modelling approaches will use for modelling the forecast error
uncertainties: the Interval Fuzzy Modelling (INFUMO) and Adaptive Network based
Fuzzy Inference System (ANFIS).

3.4.11Interval fuzzy modelling (INFUMO)

The interval fuzzy model was introduced by Skrjanc as a means of robust system
identification, and it was used in the work to provide a functional description of a
static nonlinear area approximation (Skrjanc and Blazic, 2005; Oblak and Blazic,

2006; Oblak et al, 2007).

The modelling of the upper and lower bound of the observations (]_c(x, t) and f(x, 1))

will be carried out using an interval fuzzy model. The procedure of obtaining the
exact lower and upper bounds for the family of functions and assigning the INFUMO
to them will be briefly reviewed. Let C € R be a compact set and G = {g(y): C -
R} be a class of nonlinear functions. Let us assume that there exist the exact upper

bound g and the exact lower bound g that satisfy the following conditions for an

arbitrary € > 0 and for each observationy € C:
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gly) = Igggg(y), g €G:g(y) <gy) te

90) <maxg(y), 3g€G:i gy >g()+e (3:30)

The exact upper and lower boundary functions will be approximated by fuzzy

functions, and the Stone—Weierstrass theorem is extended to prove that there exist
fuzzy systems 7 and f such that the bounds of an arbitrary nonlinear area can be
approximated with any precision, i.e.,

0<f)—gly) <e Vi
—e<f)—gl) <0 Vi (3.31)

The INFUMO is the Tagaki Sugeno (TS) type fuzzy model with one antecedent

variable and it can be defining as a set of rules:

. s =T .
R; : IF x, is AjTHEN f(y;) =0 x.,j = 1,...,m

i 3.32
i(.'Vi):Q]Txc,]zl,...,m ( )

The antecedent variable x, € R denotes the input or variable in premise, and
variables ]_C, f € R are the outputs of the interval fuzzy model that provide the upper

and lower boundary function. The antecedent variable is connected with m fuzzy sets

4j, and each fuzzy set Aj(j =1,...,m) is associated with a real-valued function
uAj(xp): R — [0,1], that produces a membership grade of the variable x, with
respect to the fuzzy set A;. The consequent vector is denoted x; = [uy 1] € R%. As
the output functions are in affine form, 1 was added to the vector x., The system

outputs are linear combinations of the consequent states, and 6, 6 € R? are vectors of

fuzzy parameters. The system can be described in closed form

= BT (x,)0x,, (3.33)

_T _ _
where @ =[04,..,0,,] and OT =[0,..,0,,] denote the upper and lower

coefficient matrices for the complete set of rules, and ,BT(xp) =
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[B1 (xp), s Pm(xp)] 1s a vector of normalized membership functions with elements

that indicate the degree of fulfilment of the respective rule. Functions f; (xp) can be
defined as

#Aj(xp) .
; = —, =1,..,
) S Gy T @3

if the partition of unity is assumed. Note that B; (xp) and x. are equal in both the

upper and lower boundary-function calculations at before.

Ilustration of the presented fuzzy modelling can be seen at Figure 3.6 according to
Skrjanc and Blazic for nonlinear input-output signals with Interval Fuzzy Model

(INFUMO) (Skrjanc and Blazic, 2005).
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Figure 3.6 : Nonlinear static curve and membership functions of INFUMO.

The membership functions Ha; (xp) and the fuzzy parameters in ©,0 of the

INFUMO have to be determined for optimal approximation of the bounds. While the
proper arrangement and shape of the membership functions will not be considered-

the mentioned can be approached by different clustering methods for the optimal
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fuzzy parameters the minimization of the maximum modelling error € over the

completely input set X is performed.

According to Oblak, the minimization of the modelling errors have done with the
implementation of the min—max optimization method, and [,,-norm. In the context of
the forecasting error modelling which will presented at the next chapter about the
proposed approach, the membership functions and fuzzy parameters of the nonlineer
bound are defined by MATLAB Adaptive Network based Fuzzy Inference System
(ANFIS) Toolbox with selected boundary points as training data set. Therefore, the
ANFIS structure will be discussed at the next chapter.

3.4.2 Adaptive Network based Fuzzy Inference System (ANFIS)

Fuzzy Logic (FL) and Neural Network (NN) or Artificial Neural Networks (ANN)
are capable of learning nonlinear mapping of numerical data. However, the operation
of NN have also many weaknesses. The classical most popular form of the NN,
Multilayer Perceptron (MLP) has some complication about the uncertainties. Fuzzy
Logic uses human understandable linguistic terms to express the knowledge of the

system.

The origin of the ANFIS is to incorporate neural concepts, such as learning and
parallelism, into fuzzy logic systems (Jang, 1993; Jang et al, 1997). ANFIS can be

implemented as a five layer neural network as illustrated at Figure 3.7.

Layer-1 Layer-2 Layer-3 Layer-4 Layer-5

D R 1

I
K
KL

I
Linguistic Rule L
: Variables Connectives | Normalization Consequences —>
N
X2
—>
/\B gl
| | | I
| | I
—_——— - - - — d
Fuzzification Rule Inference Defuzzification

Figure 3.7 : Illustration of the Adaptive Network based Fuzzy Inference System.
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The illustrated network is the most common among network based fuzzy inference
systems. It uses Takagi Sugeno type fuzzy rule defined at the preceding chapter. The
operation of the ANFIS can be described layer by layer as follows:

. Layer-1: Fuzzification

The linguistic variables which can also be named as fuzzy sets are found at this layer.
The crisp inputs are fuzzified by using membership functions. The fuzzification

process is clarified at the FIS chapter.
. Layer-2: Rule Nodes

The layer includes one node for each fuzzy if-then rule. Each rule node performs
connective operation between rule antecedents. The minimum or the dot product is
used as intersection AND as usually. The union OR is done using maximum

operation as usually.
. Layer-3: Normalization

The fuzzy rules are normalized according to:

ut = Hr
im0 Hi (3.35)

. Layer-4: Consequence Layer

According to T-S type, the values of the singletons are multiplied by normalized

firing strengths:

m
Yr = Z ik (3.36)
-

. Layer-5: Summation

It determines the overall output:

m
y= Z Yr (3.37)
i=0

The parameters and structure identification of the ANFIS is the main concern of the

modelling via the ANFIS. Suitable number of fuzzy rules and a proper partitioning of
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the input and output space related with the structure identification. Most of times it

depends on the user of the ANFIS.

The backpropagation is probably the most popular neural network learning
technique. It can be used for the adjustment of the system parameters, such as
membership functions and other parameters (Sun, 1994; Takagi et al, 1992). It is an

application of the gradient descent algorithm originally for MLP.

Jang combines the LS method and gradient descent methods for tuning the ANFIS as
a hybrid approach. It is initialized with a number of membership functions and a
fixed rule base. The learning process can be done with two part: the forward pass and
the backward pass. Forward pass provides the determination of the consequent
parameters via the LS method. The antecedents are updated at backward pass via the

gradient descent method.

In the context of the thesis, the ANFIS is used at the modelling of the forecasting
errors via MATLAB Fuzzy Logic toolbox. The usage process of the ANFIS will be

represented at the next chapters.

3.5 Forecast Representation via Triangular Fuzzy Numbers

In recent years, the research works on point forecast and prediction approaches using
computational intelligence methods have been widely increased. It has been reported
by Wang that there are two main problems with forecasting methods presented in
literature: (i) the models become unreliable in the presence of uncertainty and (ii) no
indication of accuracy of point forecasts is provided (Wang et al, 2009). The
accuracy of the forecast is measured with performance indexes such as Mean
Absolute Percentage Error (MAPE), Percentage of Error (POA), etc. (Khosravi et al,
2014c). However, since there is always an error margin in predictions, there is a need
to define error bounds in forecast like Confidence Interval (CI) and Prediction

Interval (PI).

The main motivation for the construction of PIs is to quantify the likely uncertainty
in the point forecasts. Availability of PIs allows the decision makers to quantify the
level of uncertainty associated with the point forecasts. Pls that are relatively wide
indicate the presence of high level of uncertainties in the underlying system

operation. This useful information can guide the decision makers to avoid the
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selection of risky actions under uncertain conditions. On the other hand, narrow PIs
give the decision makers the opportunity to decide more confidently with less chance

of confronting an unexpected condition in the future.

Fuzzy logic based Lower and Upper Bound Estimator (FLUBE) provides the
intervals from the forecast errors which are generated according to the forecast
models without any dependency of the specific one. Thus, instead of a classical
statistical approaches, the level of uncertainty associated with the point forecasts will
be defined within the FLUBE bounds and these bound can be used for defining fuzzy
linguistic terms for the forecasts. Then, the FLUBE is used for the Linguistic Term
Generation and Representation Approach (LinGRA) so that the forecasts are
represented with the linguistic terms, which are defined with Triangular Fuzzy
Numbers (TFNs). In the LinGRA, the support of the TFN is constructed on the
output interval generated by the FLUBE while its center is directly assigned to the

forecast value.

Enhanced LinGRA (ElinGRA) is enhanced version of the FLUBE based LinGRA
which use an extra FLS to generate a Center Point Correction Term (CPCT) for the
TFN. In comparison with the LinGRA, ElinGRA will increase the information about
the accuracy and success of the single point forecast by providing a relative

membership degree (u).

In the context of the forecast representation, both methodologies will give the
opportunity to the decision maker to quantify the uncertainty of the point forecasts
with the linguistic terms that might increase the interpretability for further
assessments. The proposed approaches consist of two main parts, the FLUBE design
and the linguistic forecast generation with the ElinGRA and LinGRA via TFNs.
Thus, the chapter will start by presenting the internal structure and the design steps of
the FLUBE. Then the LinGRA and the ElinGRA will present in comparison with
each other. To illustrate the methodology steps, the Australian monthly electricity

consumption data set is used as example data.

3.5.1Fuzzy Logic based Lower and Upper Bound Estimator (FLUBE)

The FLUBE consists of two Fuzzy Logic Systems (FLSs) which will define the
uncertainty bounds of the point forecast error. It tries to determine two bounds for the

determination of the interval as nonsymmetrical conversely PI bounds. By the
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looking of that point, the FLUBE approach intercept with the Interval Fuzzy
Modelling (INFUMO) (Skrjanc and Blazic, 2005). According to error modelling
idea, the FLUBE is constructed by choosing the input to be the target data (x) and
the output as the forecast (f) error terms (e = f — x). It will be known that the
decomposition and modelling approaches of the time series are realized by

MATLAB as automatically.

The required data sets are chosen by the Selection Algorithm (SA) to inhibit the
general approximation and the creating a bound around the mean value of the

forecasting error given at Table 3.1.

Table 3.1 : Selection Algorithm.

1: Choose design parameter P.
2: Divide the universe of discourse of the target data (x) for P subpiece with

its ranges.

3: for each sub piece

4: for each member of the sub piece

5: ife<O0

6: select minimum error term in response of the sub piece
target data range.

7: save the points for training data set of the LFLS
[xminr emin]

8: ife>0

9: select with the same procedure for the maximum one.
10: save the points for training data set of the UFLS [X;,,4x,
emax] :

After the determination of the training data sets via the SA, FLUBE has two unique
data sets which are symbolized as [X;in €min] and [X;mqx €max] for the next
notations. [X,in, €minl] for the training of the Lower FLS (LFLS) and [X;,4x) €max]
for the training of the Upper FLS (UFLS). The ANFIS toolbox/MATLAB will be
used to generate the LFLS and UFLS for the training of the FLUBE in the context of
the all study. The fuzzy rule base structures of the LFLS and UFLS are as follows:

LFLS: RL:IF x is AL, THEN e" is D}, (3.38)

UFLS: RU:IF x is AU, THEN eV is DU (3.39)
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where AL and AY, are the antecedent membership functions (MFs), DL and DY are
the consequent crisp sets and W (w = 1, ...W) is the total number of rules. e and

eY represent the lower and upper error forecast values.

In Figure 3.8, the flow chart of the training procedure of the FLUBE is presented
which consists of two main steps. The first step is to construct a conventional
forecast model while in the second step the FLUBE is designed. The presented
analysis will apply on Australian monthly electricity consumption data set for

illustrative purposes.
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Figure 3.8 : The flow chart of the training procedure of the FLUBE.
. Step-1: Forecast phase

Here, the time series forecast model is constructed, by using the target data (x) to

predict the forecast value (f). The forecast model can be constructed from different
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structures such as time series regression, conditional means/variance and multivariate
models (Box and Jenkins, 2015). In general, the forecast model should provide a
satisfactory performance to result with an acceptable FLUBE training. In this study,
a SARIMA forecast model would prefer since it results with an acceptable forecast
performance for the handled electrical consumption data set. Note that the FLUBE

can be also easily employed if other forecast models are preferred.
. Step-2: FLUBE training

In this step, we will collect the required training data sets which are defined as

follows:

ex = fi — Xk (3.40)

where fj, is the forecast value at the k" sample. In Figure 2.5, the training data set is
illustrated for the electricity consumption data set. Then, the SA is employed to
collect the required the data sets which will be used at the training of FLUBE. The
data set for LFLS will be constructed with negative error terms and will be labeled as
[Xmins €min] Which are illustrate with red circles in Figure 3.9. In a similar manner,
the dataset for the UFLS will be labeled as [X,,4x, €max] Which are illustrate with

blue circles in Figure 3.9.
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Figure 3.9 : Selected error terms by Selection Algorithm according to target data of
the Australian monthly electricity consumption data set.
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As it has been asserted, these two data sets will be chosen by the SA with a tuning
parameter P. The design parameter (P) of the SA decomposes the minimum and
maximum target data with equal and fixed subintervals. The SA picks the
maximum/minimum error values for each decomposed subinterval. Thus, it can be

concluded that the parameter P defines the maximum size of the training data set.

For the collection of training data set of the UFLS [X;,0x €max], the SA will perform

as follows:

e If e, > 0, then the SA will select and insert the corresponding data into training

data set of the UFLS [X,0x, €max]-
o Ife, <0, then the SA will not update the training data set for this subinterval.
In a similar manner, the [X,,;,,, €min] data set will be collected.

It can be observed that selection of the SA parameter P affects size of the train data
sets. The SA will collect more training data points for relatively big P values. Thus,
the generated FLUBE might result with a general approximation while neglecting the
characteristics of the error values. Therefore, P is an important design parameter and
needs to be tuned for each handled data set. To illustrate this concept, for the Data
Set-1, the performance of the FLUBE is illustrated in Figure 3.10a for the P values
P =60 and P = 320. (Note that, we have employed P = P,,;;, = Pyqx throughout
the paper). It can be clearly seen that the relatively small value of P (P = 60)
provides bounds which cover almost all error terms while the relatively big value of
P (P = 320) results a smoother bound characteristic as van be seen at Figure 3.10b.
Hence, it can be concluded that the P parameter must be selected such that to provide

a tradeoff between coverage performance and bound characteristic.

Remark: The mean value of the error distribution must be shifted from the error
terms (€min, €max) to make the expected value of the error as zero. Thus, the shifted

mean value, at the end, has to be added to the output of the FLUBE.
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Figure 3.10 : The selection parameter effect on the FLUBE bounds determination on
the Data Set-1 for a) P=60, b) P=320.

3.5.2 Linguistic Forecast Generation

Linguistic forecast generation is a data analysis approach based on the forecast error
terms. The main purpose of the method helping the last decisions and the decision
makers. Classical error bounds like Pls are only interested the bounds convergence
performance Therefore, they cannot help the decisions makers when the decision
makers need to evaluate the forecasting method because the evaluation measurement

like PICP cannot be helpful with bound-in or out counts. Linguistic forecast
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generation become a part of the evaluation at this stage while providing the

evaluation of the forecasting methods with TFNs’ membership degrees.

In this subsection, the ElinGRA, which is the improved version of the online
LinGRA and ElinGRA will be presented. In this context, two novel approaches that
try to explain how the target values (x) are similar to the forecast values (f) by using
linguistic terms are presented which cannot be accomplished by the conventional PI
representations. As it has been asserted, the FLUBE has been constructed where the
target data (x;) is the input. However, since the x; value will not be available for
evaluating FLUBE at the k” sample, the single point forecast value fj, will used as
the input of the FLUBE by assuming the expected value (mean) of the error terms is
zero. This will give the opportunity to the FLUBE to generate the ek and e!. Thus,
firstly a brief overview of LinGRA and then the ElinGRA will be give.

3.5.2.1 Linguistic Generation and Representation Approach (LinGRA)

In this subsection, the novel online TFN representation and generation of the
uncertainty in the forecast will be explained. This presentation tries to explain how
the target values are similar to the forecast values by using linguistic terms, instead
of the conventional PI representations in literature. Here, at each sample, the forecast
uncertainty of the next sample will be approximately defined by TFN. Consequently,
the TFN generation will be accomplished in an online manner as shown in Figure

3.11a.

In this context, we will prefer and employ TFNs which are represented with triplet
(L,C,U) (Yesil et all, 2014) which can be seen at Figure 3.11b. Thus, at each sample

k, the TFN parameters will be assigned in an online manner as follows:

Ly = fi + e
Cie = Ji (3.41)
Ue = fi + e

where ef and e} are the lower and upper error forecasts generated from the FLUBE.
Thus, the decision maker has the opportunity to evaluate the success of the forecast
by using linguistic terms. This can be accomplished by calculating the membership
degree of the TFN. Thus, for a crisp target value (x'), the success of the forecast can

be defined as follows:
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Figure 3.11 : Illustration of (a) the TFN generation method and (b) generated TFN
according to LinGRA

The membership degree will represent the success of the forecast that is represented
by TFNs. Thus, for a u value of the TFNs that is close to 1, the success of the

forecast will be relatively high.

3.5.2.2 Enhanced Linguistic Generation and Representation Approach

(ElinGRA)

As it has been asserted in LinGRA, the support of the TFN will be generated by
using the outputs of the FLUBE. Furthermore, the center of the TFN is determined
by the forecast value, which is generated by forecast model, since the forecast value
is expected to be equal to the Target value at k” sample. However, the error of the
forecast is not always equal to zero since forecasting model cannot overcome with
uncertainness and nonlinearities in the data to be forecasted. Likewise, this fact is

not considered in the LinGRA, so a correcting mechanism for the center of the TFN
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is needed. To overcome the above mentioned problem, the proposed ElinGRA
inherits an extra fuzzy logic system called CPCT-FLS (Center Point Correction Term
- FLS) to define the center of the TFN with a correction term (e®) as shown in

Figure 3.12a.
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Figure 3.12 : Illustration of (a) the TFN generation method and (b) generated TFN
according to ElinGRA

The CPCT-FLS is constructed by choosing the inputs to be target data (x,_;) and the
error term (e_4) at the (k — 1)*"* sample and the error term e,_; which is defined
with respect to the seasonality of the target data. (ef), which is the output of the
CPCT-FLS, will be the extra input to the TFN generation block as shown in Figure
3.12a. The fuzzy rule base of the CPCT-FLS is as follows:

RE:1F x;,_, is AS, e_, is BS, e_g is CS THEN e€ is D (3.43)

where AS, BS and Cf, are the antecedent MFs, D is the consequent singleton and
W (w =1,..W) is the total number of rules. The CPCT-FLS will be designed via
the ANFIS toolbox/MATLAB in an offline manner.
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The extra information about the forecast error will be used to evaluate the linguistic
term to represent the forthcoming target value. In this context, we will use the output
of the Extra FLS e to redefine the center of the TFN (C,,) while keeping the L, and
Uy as given in Equation 3.41 in order to provide an identical PINAW and PICP
values of the LinGRA. Thus, the triplet of the TFN will be defined as follows:

Ly = fi + ek
fi +ex > fi — ek, fi + ek
Ce=Afi+tel <fe—ei, fite (3.44)
else, f —er
Ue = fi + e

where ef is the error forecast value at the k" sample generated from the extra FLS.
Note that, since the CPCT-FLS trained with all error terms distinctively from other

FLS (emmax > 0, emin < 0), the signal of the error forecast terms are different from

each other at Equation 3.44.

In a similar manner, the success of the forecasts will be evaluated with the
membership degrees for LinGRA. Thus, for a crisp target value (x'), the success of

the forecast can be defined as follows:

( 0, if x' &[L U]

ubfN (x") = { ekl , (3.45)
LU"—_" if ¥ € [C, Uy]

It can be observed that at each sample (k) the interval of the forecast uncertainty (i.e.
the support of the TFN) varies with respect to the current forecast value and thus
nonsymmetrical TFNs will are generated for both the LinGRA and ElinGRA.
However, since their center definition is not identical, both approaches resulted with
unique TFN representation for the same forecast uncertainty. In order to clearly

illustrate this concept, we have presented the generated TFNs of the LinGRA and
ElinGRA for certain samples.

To compare two approaches, two samples are illustrated for two approaches that are

obtained from different data sets at Figure 3.13. First one generated for the 357"
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sample on the Australian monthly electricity consumption data set and second one

generated for the 120" sample on the airlines passenger data set.
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Figure 3.13 : Enhancement of the membership degree with ElinGRA: (a)
357" sample on the Australian monthly electricity consumption data set (b) 120"
sample on the airlines passenger data set.

For the 357" sample of the Australian monthly electricity consumption data set, the
current forecast and consumption values are f, = 11265 and x;, = 1145,
respectively. Since the success of the forecast is measured with respect to the u
value, and as mentioned previously a value close to one shows the success of the
forecast which is represented with TFN. For the studied samples, the u values of the
TFNs generated from the LinGRA and ElinGRA are calculated as p;jncra = 0.21
and Ugiinera = 0.57, respectively. It can be concluded that ElinGRA was able to
represent the success of the forecast about 2.8 times better in comparison to the
LinGRA. A similar analysis can be also done for the 120" sample of the airlines
passenger data set given in Figure 3.13b where the ElinGRA resulted with a 4.5

times better representation of forecast success in comparison with the LinGRA.

Thanks to the membership degree of the proposed linguistic terms, the error
evaluation of the forecast can be done with fuzzy numbers. Rather than the classical
PIs, the proposed bounds utilize the realized value of the project not only bound-in or
out consideration but also grading the forecast via the triangular fuzzy numbers.
Therefore, the decision can have the opportunities to critize the last forecasts and

their methods.
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The further usage of the proposed methodologies will be discussed at the next section
of the thesis. Proposed methodologies will used on different data sets in comparison

with the conventional PlIs.
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4. EXPERIMENTAL RESULTS

In this section, the proposed approaches, fuzzy linguistic term generation and
representation, will apply on two data sets. The data set can be evaluated as
benchmark data sets that have been widely used in several forecasting studies
(Makridakis et al, 1998; Sahin et al, 2014, Sahin et al 2015b). The proposed
methodology is applied and illustrated as respectively both on two data sets. Applied
methodology has two part, FLUBE and linguistic term generators. FLUBE is
proposed for the same purpose as Prediction Intervals (PIs). Therefore, FLUBE will
compare with the conventional PI on data sets. Then the linguistic term generators

and their inferences are also evaluated in comparison with each other.

4.1 Data Set-1: The Australian Monthly Electricity Consumption Data Set

The Australian monthly electricity consumption data set (Makridakis et al, 1998) will
be used to illustrate the proposed approach. This data set involves the electricity
consumption values from January 1956 to August 1995, thus the data set has a total
of 476 samples. As it can be clearly seen in Figure 2.9, the consumption of the
electricity has always increased with respect the time which shows the trend property
of the data. Moreover, the data has a seasonality characteristic of 12 months
described with parameter s which can be clearly seen from subplots presented in
Figure 2.9. Thus, the data has trend and seasonality characteristics which are
commonly encountered in time series analysis (Box et al, 2015; Brockwell and

Davis, 2002).

The design step starts with the choosing the forecast model to getting error terms. As
mentioned in the FLUBE design, the bound characteristics are determined via the
error terms e, which are calculated from forecast model. Accordingly, since the
handled data sets inherit trend and seasonality characteristics, the model have

designed as SARIMA (2,1,2)(15,1,2),, for Data Set-1.
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The performance values of the SARIMA models are can be listed as 1.95 % and
99.01 % as MAPE and POA. It can be observed that the performances of the
SARIMA models are satisfactory since they resulted with relatively low MAPE
values while providing high POA values (Frechtling, 2001).

Consequently, to design the FLUBE, the error terms e, are calculated via SARIMA
forecast model as given at Figure 4.1. The error terms (e,) with respect to the
consumption values (x;) will be used for the error model training. As it has been
mentioned in the FLUBE subsection as remark, there is need to shift the error terms

by their mean values which are calculated as —3.04.
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Figure 4.1 : Error terms of Data Set-1 according to SARIMA model.

The Selection Algorithm has been employed on data set with the tuning parameter of
the SA (P) as 60 to collect the training data sets [X,,in, €minl and [Xmaxr €max] for
LFLS and UFLS, respectively. The selected points of the data set are also illustrated
at Figure 4.2.

The LFLS and UFLS are constructed with 5 Gaussian antecedent MFs and 5 linear
consequent MFs (W = 5) to provide an approximate bounds on the uncertainty (E*

and EY). The outputs of the FLUBE are given in Figure 4.3.
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Figure 4.2 : Selected error terms of Data Set-1 via Selection Algorithm.
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Figure 4.3 : Illustration of the FLUBE bounds on the Data Set-1’s error terms.

Here the classical PI bounds which is already formulated at Section 3.1.2 can be
compared with the proposed FLUBE bounds. Therefore, PI bounds construct with
the parameter o as 0.95. The constructed bounds and their coverage properties are

illustrated at Figure 4.4.

61



1.65 [ RS TSTNE NA
TFN Support
1611 x Forecast
O  Consumption [

1.55 Prediction Interval i
'51-45:.,; 9
= B 1. FoiE o
RIS i I i : OO LI el , i
c : I LiLid : T} L : H R : Ll
S 135hH—g——+—¢ L ¥ - =
5 & ¥ & f ,

) : {0

o I o B 5 e ’
o 13 % [

O o . S 'CERRIRN | REIUUE LIOUR OO RO 0N O[OV 00 KIPONP NN SN O00 | NNR NN RANE N . > 4

125 a a)

1.2

434 436 438 440 442 444 446 448 450 452 454
Time [Month]

Figure 4.4 : The error bounds on the Data Set-1’s last 20 samples.

The forecast coverage performances of the FLUBE and conventional PI are
evaluated with respect to the performance indexes; PICP and PINAW which are also
presented in Table 4.1. It can be concluded that the FLUBE provided a satisfactory
performance since they resulted with a relatively small PINAW value and a high

PICP value (Khosravi et al, 2010).

Table 4.1 : Performance values of the FLUBE and Conventional PI on Data Set-1.

Performance values

Modelling Tool
PICP PINAW
FLUBE 92.72% 22.04%
PI 94.54% 57.56%

After the construction of the FLUBE, to generating TFN representation can be done
for both approaches (LinGRA and ElinGRA) with outputs of the FLUBE. The main
difference between these two approaches is the representation of the center point of
the TFN. In the LinGRA, the center point will be assigned directly to the forecast
value, while in the ElinGRA the center point of the TFN is redefined with the center
point correction term (e¢) which generated from the Extra FLS. For the handled data
set, the Extra FLS of the ElinGRA is constructed by defining the antecedent parts of
its fuzzy rules with 4 Gaussian antecedent MFs while their consequent part with 4

linear MFs.
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In the TFN generation of LinGRA, the outputs of the FLUBE at the k* sample (e
and e?) to define the uncertainty bounds of the forecast value via Equation 3.41 will
be used. In a similar manner, are used for ElinGRA with Equation 3.44 instead of
Equation 3.41 to generate the TFNs. For instance, the uncertainty bounds of the
forecast (L, and Uy) is shown in Figure 4.4 for the Data Set-1. Now, the TFN can be
generated by using Equation 3.41. Since the TFN will naturally results with an extra
dimension (u), the forecast is illustrated in a 3-D plot as shown in Figure 4.5 for Data
Set-1 where the generated TFNs for each sample can be clearly seen for both
approaches. It must be said that conventional PI bounds did not illustrate at the

figures due to the extra dimensions which PIs did not have.
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Figure 4.5 : 3-D representation of the LinGRA and ElinGRA for the Data Set-1.

Moreover, to analyze the overall forecast quality of the LinGRA and ElinGRA, the
distribution of the membership grades (i) of the studied data set is illustrated in
Figure 4.6. It can be clearly observed that the membership grades of both approaches
are mostly distributed around the maximum membership grade value 1. However, in
comparison to the LinGRA, the count numbers of the p values of the ElinGRA
around 1 are relatively higher. In order to make a fair comparison, the mean values of
the Urincra and Ugincra have been calculated and presented in Table 4.2. It can be
clearly observed that the ElinGRA approach was able to represent overall forecast

quality almost by 9% better in comparison to LinGRA.
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Figure 4.6 : The histogram of the membership degrees generated from the LinGRA
and ElinGRA for the Data Set-1.

Table 4.2 : Success of the LinGRA and ElinGRA on Data Set-1.

Mean u values

Data Set
LinGRA ElinGRA

Data Set-1 0.57 0.62

4.2 Data Set-2: The Air Passenger Sata Set

The air passenger data set will also be used to illustrate the proposed approach. This
data set involves monthly counts of the international airline passengers, measured in
thousands, for the period January 1949 through December 1960, thus the data set has
a total of 144 samples (Makridakis et al, 1998). Just as electricity consumption data

set, air passenger data set has same characteristic as it can be seen in Figure 2.10.

The design steps are the same that also mentioned for the first data set. Therefore, the
error term determination is done via the forecasting model which is design as

SARIMA (0,1,2)(13,1,14),, for Data Set-2.

The performance values of the SARIMA models are can be listed as 3.13 % and
99.32 % as MAPE and POA. It can be observed that the performances of the
SARIMA models are satisfactory since they resulted with relatively low MAPE
values while providing high POA values (Frechtling, 2001).
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Consequently, to design the FLUBE, the error terms e, are calculated via SARIMA
forecast model as given at Figure 4.7. The error terms (e,) with respect to the
consumption values (x;) will be used for the error model training. As it has been
mentioned in the FLUBE subsection as remark, there is need to shift the error terms

by their mean values which are calculated as —0.26.

Error (e)
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Figure 4.7 : Error terms of Data Set-2 according to SARIMA model.

The Selection Algorithm has been employed on data set with the tuning parameter of
the SA (P) as 60 to collect the training data sets [X,,in, €minl a0d [Xmax €max] for

LFLS and UFLS, respectively. They are also illustrated at Figure 4.8.
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Figure 4.8 : Selected error terms of Data Set-2 via Selection Algorithm.
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The LFLS and UFLS are constructed with 5 Gaussian antecedent MFs and 5 linear

consequent MFs (W = 5) to provide an approximate bounds on the uncertainty (E*

and EY). The outputs of the FLUBE are given in Figure 4.9.

Error (e)

50

LAVl f—

30

e

g [vee

10 o, N e
/ e \
20 — .
N N . N
30 N :
-40
.
50 : : :
100 150 200 250 300 350 400 450 500 550 600

Person (x) [Thousands]

Figure 4.9 : Illustration of the FLUBE bounds on the Data Set-2’s error terms.

Here the classical PI bounds which is already formulated at Section 3.1.2. It can be

compared with the proposed FLUBE bounds. Therefore, PI bounds construct with

the parameter a as 0.95. The constructed bounds and their coverage properties are

illustrated at Figure 4.10.
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Figure 4.10 : The error bounds on the Data Set-2’s last 20 samples.

66



The forecast coverage performances of the FLUBE and conventional PI are
evaluated with respect to the performance indexes; PICP and PINAW which are
presented in Table 4.3. Same as the first example, the FLUBE provided a satisfactory
performance since they resulted with a relatively small PINAW value and a high

PICP value (Khosravi et al, 2010).

Table 4.3 : Performance values of the FLUBE and Conventional PI on Data Set-2.

Performance values

Modelling Tool
PICP PINAW
FLUBE 92% 12.28%
PI 96% 25.77%

After the construction of the FLUBE, generating TFN representation can be done for
both approaches (LinGRA and ElinGRA) with outputs of the FLUBE. The Extra
FLS of the ElinGRA constructed by the antecedent parts of its fuzzy rules with 4

Gaussian antecedent MFs while their consequent part with 4 linear MFs.

In the TFN generation of LinGRA and ElinGRA, the outputs of the FLUBE at the k"
sample (ef and ef) to define the uncertainty bounds of the forecast value via
Equation 3.41 and Equation 3.44 will be used. The uncertainty bounds of the forecast
(Ly and Uy) is shown in Figure 4.10 for of the handled data set. Since the TFN will
naturally results with an extra dimension (u), the forecast is illustrated in a 3-D plot
as shown in Figure 4.11 for Data Set-2. The PIs did not represented for the same

reason which mentioned at the first example.

Moreover, to analyze the overall forecast quality of the LinGRA and ElinGRA, the
distribution of the membership grades (i) of the studied data set is illustrated in
Figure 4.12. Same as the first example, the mean values of the y;;incra and UEiingra
have been calculated and presented in Table 4.4. It can be observed that the ElinGRA
approach was able to represent overall forecast quality almost by 28% better in

comparison to LinGRA.
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Figure 4.11 : 3-D representation of the LinGRA and ElinGRA for the Data Set-2.
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Figure 4.12 : The histogram of the membership degrees generated from the LinGRA
and ElinGRA for the Data Set-2.

Table 4.4 : Success of the LinGRA and ElinGRA on Data Set-2.

Mean u values

Data Set
LinGRA ElinGRA

Data Set-2 0.52 0.67

After two illustrative examples, the proposed approaches’ efficiency has been shown

in comparison between the conventional PIs. PIs have compared with the proposed
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error bounds constructed by the FLUBE. According to coverage results named as
PICP and PINAW, FLUBE can provide better coverage probability as much as Pls
can do while FLUBE has narrower intervals according to the PIs” width. Therefore, it
can be said that the first part of the proposed method, FLUBE, can be more effective

approach to modelling the errors via the fuzzy modelling tools

Basically, the error bounds are provided by FLUBE and the extra degree via the
TFNs constructed by Linguistic term generator LinGRA and ElinGRA. By the help
of TFN and its membership degree according to the forecasted value, the decision
maker will be decide the forecast methods’ efficiency on the data set. The decision
can be made from not only the classical error terms like MSE and MAE but also the
membership degree or the mean of the membership degrees. Linguistic term
generation can provide the opportunities to the decision makers at the evaluation
phase of the forecast accuracy. For example, the decision maker can evaluate the
forecast via the membership degree. If the constructed TFN via the linguistic term
generator such as ElinGRA provides a closer prediction to the real data value, it will
be scale on the interval around 0.8 to 1.0 as the membership degree. Then the
decision maker can deduct from the membership degree to evaluate as the linguistic
terms like “Very Good” for the interval around 0.8 to 1.0, “Well” for the interval

around 0.6 to 0.8, etc. It can be vary with such a wide terms.

In addition to these, ElinGRA also provides more accuracy via the extra FLS on the
error terms in comparison with LinGRA. The enhancement can be seen via the tables

about the mean of the memberships.
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5. CONCLUSION AND DISCUSSION

In this Master thesis, two alternative linguistic term generation approaches to the
representation of the forecast values are proposed, the fuzzy approaches named as
FLUBE is also proposed to the modelling of the forecasting errors with the same
purpose of the classical error bound named as PI. For this purpose, first, the times
series and forecasting concept are investigated to clarify that what are approaches
proposed for, then the general structures of the linguistic terms generation
approaches and FLUBE are examined in detail, and the experimental studies are

performed in order to show the effectiveness of the proposed approaches.

Firstly, the time series concept are examined as briefly to give information about the
data which is used by the proposed approaches. The significant of the time series
concepts especially in the future of the forecasting approaches are another topics
which are highly related to why this thesis is proposed. The components of the time
series are examined for the modelling of the time series. It will be known that the
decomposition and modelling approaches of the time series are realized by
MATLAB as automatically. Represented models are a few of the models when
considering the all models in literature but they are selected as extremely concise to

examine

Secondly, the main part of the thesis, fuzzy linguistic term generation and
representation, is examined in throughout the section from the beginning of the
method to the linguistic terms. The concept of the forecasting errors and evaluation
assessments are presented in detail. These examined as widely when considering for
what the method was proposed. The convenient error bound approaches like PI and
CI with their literature surveys are also investigated. The FL and fuzzy modelling
approaches are also presented according to its usage in FLUBE and linguistic term

generation. Then the FLUBE and linguistic term generation are examined in detail.

The experimental studies are performed in order to show the effectiveness of the
proposed approaches on several data sets. The first part of the experiments includes

the comparison of the convenient PIs and FLUBE as the first part of the proposed
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method. PIs will be have more coverage probability according to the PICP index but
the width of the interval is the another important measurement for the comparison.
FLUBE bounds always has the more narrow intervals according to the Pls. In
according to this comparison, the first part of the proposed method has good

coverage probability as well as convenient Pls and also narrow intervals.

The second part of the proposed method provides to the decision makers to deduce
linguistic terms for their daily life usage. Linguistic term generation can provide the
opportunities to the decision makers at the evaluation phase of the forecast accuracy.
For example, the decision maker can evaluate the forecast via the membership
degree. If the constructed TFN via the linguistic term generator such as ElinGRA
provides a closer prediction to the real data value, it will be scale on the interval
around 0.8 to 1.0 as the membership degree. Then the decision maker can deduct
from the membership degree to evaluate as the linguistic terms like “Very Good” for
the interval around 0.8 to 1.0, “Well” for the interval around 0.6 to 0.8, etc. For both
approaches, LinGRA and ElinGRA, the deduction can be done. By the help extra
FLS, ElinGRA can be have more accuracy with its membership degree in
comparison with LinGRA. Correction terms will be have more effective performance
to fix the top point of the TFN, in other meaning the forecasted point. The
membership degree can also be provide the comparison for forecasting method. The

mean value of the TFNs gives information about the forecast method quality.

Furthermore, the proposed method depends on the performance of the forecasting
method. If the forecasting method has the nonsense errors, the fuzzy modelling tools
will be limited in side of the performance. Therefore, it should be known that the
methodology could be use on the consistent forecasting projects. The Selection
Parameter, P is the important key for the interval width and coverage probability. It
will be arrange by the user according to the circumstances. The fuzzy modelling
tools (Upper and Lower FLS, CPCT FLS) have different parameters like the type of
the membership functions and the count of its. It should also be arrange by the user.
Therefore, the performance of the proposed methodology is also depend on the user

decisions.
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