
Chapter 2
Fuzzy Time Series Modeling Approaches:
A Review

Although this may seem a paradox, all exact science is
dominated by the concept of approximation.

By Bertrand Shaw (1872–1970)

Abstract Recently, there seems to be increased interest in time series forecasting
using soft computing (SC) techniques, such as fuzzy sets, artificial neural networks
(ANNs), rough set (RS) and evolutionary computing (EC). Among them, fuzzy
set is widely used technique in this domain, which is referred to as “Fuzzy Time
Series (FTS)”. In this chapter, extensive information and knowledge are provided
for the FTS concepts and their applications in time series forecasting. This chapter
reviews and summarizes previous research works in the FTS modeling approach
from the period 1993–2013 (June). Here, we also provide a brief introduction to
SC techniques, because in many cases problems can be solved most effectively by
integrating these techniques into different phases of the FTS modeling approach.
Hence, several techniques that are hybridized with the FTS modeling approach are
discussed briefly. We also identified various domains specific problems and research
trends, and try to categorize them. The chapter ends with the implication for future
works. This review may serve as a stepping stone for the amateurs and advanced
researchers in this domain.

Keywords Fuzzy time series (FTS) · Artificial neural networks (ANNs) · Rough
set (RS) · Evolutionary computing (EC)

2.1 Soft Computing: An Introduction

The term “soft computing” is a multidisciplinary field which pervades from a math-
ematical science to computer science, information technology, engineering appli-
cations, etc. The conventional computing or hard-computing generally deals with
precision, certainty and rigor (Zadeh 1994). However, the main desiderata of SC is

© Springer International Publishing Switzerland 2016
P. Singh, Applications of Soft Computing in Time Series Forecasting,
Studies in Fuzziness and Soft Computing 330, DOI 10.1007/978-3-319-26293-2_2

11



12 2 Fuzzy Time Series Modeling Approaches: A Review

to tolerate with imprecision, uncertainty, partial truth, and approximation (Yardimci
2009). SC is influenced by many researchers. Among them, Zadeh’s contribution
is invaluable. Zadeh published his most influential work in SC in 1965 (Zadeh
1965). Later, he contributed in this area by publishing numerous research articles
on the analysis of complex systems and decision processes (Zadeh 1973), approx-
imate reasoning (Zadeh 1975a, b), knowledge representation (Zadeh 1989), design
and deployment of intelligent systems (Zadeh 1997), etc. According to Jang et al.
(1997), “SC is not a singlemethodology.Rather, it is a partnership inwhich eachof the
partners contributes a distinct methodology for addressing problems in its domain.”
Therefore, SC has been evolving as an amalgamated field of different methodologies
such as fuzzy sets, ANN, EC and probabilistic computing (Dote and Ovaska 2001;
Herrera-Viedma et al. 2014; Kacprzyk 2010; Szmidt et al. 2014). Later, RS, chaos
computing and immune network theory have been included into SC (Castro and Tim-
mis 2003; Mitra et al. 2002). The main objective of hybridizing these methodologies
is to design an intelligent machine and find solution to nonlinear problems which
can not be modeled mathematically (Zadeh 2002).

2.1.1 Time Series Events and Uncertainty

A time series represents a collection of values of certain events or tasks which
are obtained with respect to time. Advance prediction of some significant time
series events such as temperature, rainfall, stock price, population growth, economic
growth, etc., aremajor scientific issues in the domain of forecasting. Imprecise knowl-
edge or information cannot be overlooked in this domain. Because of the nature of the
time series data, which is highly non-stationary and uncertain, the decision-making
process becomes very tedious. For example, sudden rise and fall of daily tempera-
ture, sudden increase and decrease of daily stock index price, sudden increase and
decrease of rainfall amount indicate that these events are very uncertain. The charac-
teristics of all these events cannot be described accurately; therefore, it is referred to
as “imprecise knowledge” or “incomplete knowledge”. Due to these problems, math-
ematical or statistical models can not deal with this imprecise knowledge, thereby
diluting the accuracy very significantly.

Future prediction of time series events has attracted people from the beginning of
times. However, forecasting these events with 100% accuracy may not be possible,
their forecasting accuracy and the speed of forecasting process can be improved.
To resolve this problem, Song and Chissom (1993a) developed a model in 1993
based on uncertainty and imprecise knowledge contained in time series data. They
initially used the fuzzy sets concept to represent or manage all these uncertainties,
and referred this concept as “Fuzzy Time Series (FTS)”.

Forecasting the short term time series events are frequently attempted by the
researchers, and its accuracy is better than long termpredictions. From1994 onwards,
researchers have developed numerous models based on the FTS concept to deal with
the forecasting problems of short term as well as long term events. This study focuses
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on the application and use of fuzzy sets concept in forecasting of such events. The
basic knowledge of ANNs, RS and EC are provided complimentary with the sound
background of fuzzy sets, because in many cases a problem can be solved most
effectively by hybridizing these techniques together rather independently. Hence,
one of the objectives of this chapter is also to introduce the SC methodologies (such
as ANNs, RS and EC) that are employed by the FTS modeling approach to represent
and manage the imprecise knowledge in time series forecasting.

2.2 Definitions

In this section, we provide various definitions for the terminologies used throughout
this book.

Definition 2.2.1 (Time Series) (Brockwell and Davis 2008). A time series is a set of
observations xt , each one being recorded at specific time t . When observations are
made at fixed time intervals, then it is called a “discrete-time series”. If observations
are recorded continuously over some time interval, then is called a “continuous-time
series”.

The main objective of time series forecasting is reckoning the future values of the
series. In literature, several time series forecasting models are available (Chatfield
2000). Forecasting model finds optimal forecasts based on the type of data and
condition of the model. Suppose we have an observed time series x1, x2, . . . , xN and
wish to forecast future values such as xN+h . Forecasting model can make the lead
time forecasts (denoted as h), or make forecast h steps ahead of time N .

This survey is concerned with the study of SC techniques and its application in
FTS modeling approach. Therefore, in the next, we will discuss initially the fuzzy
sets concept and its application in time series forecasting.

In 1965, Zadeh (1965) introduced fuzzy sets theory involving continuous set
membership for processing data in presence of uncertainty. He also presented fuzzy
arithmetic theory and its application in these articles.1

Definition 2.2.2 (Universe of discourse) (Song and Chissom 1993a). Let Lbd and
Ubd be the lower bound and upper bound of the time series data, respectively. Based
on Lbd and Ubd , we can define the universe of discourse U as:

U = [Lbd , Ubd ] (2.2.1)

Definition 2.2.3 (Fuzzy Set) (Zadeh 1965). A fuzzy set is a class with varying
degrees of membership in the set. Let U be the universe of discourse, which is
discrete and finite, then fuzzy set A can be defined as follows:

1References are: (Zadeh 1971, 1973, 1975a).
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A = {μA(x1)/x1 + μA(x2)/x2 + . . .} = �iμA(xi )/xi (2.2.2)

where μA is the membership function of A, μA: U → [0, 1], and μA(xi ) is the degree
of membership of the element xi in the fuzzy set A. Here, the symbol “+” indicates
the operation of union and the symbol “/” indicates the separator rather than the
commonly used summation and division in algebra, respectively.

When U is continuous and infinite, then the fuzzy set A of U can be defined as:

A = {
∫

μA(xi )/xi },∀xi ∈ U (2.2.3)

where the integral sign stands for the union of the fuzzy singletons, μA(xi )/xi .

Definition 2.2.4 (FTS).2 Let Y (t)(t = 0, 1, 2, . . .) be a subset of Z and the universe
of discourse on which fuzzy sets μi (t)(i = 1, 2, . . .) are defined and let F(t) be a
collection ofμi (t)(i = 1, 2, . . .). Then, F(t) is called aFTSonY (t)(t = 0, 1, 2, . . .).

With the help of the following two examples, the notions of FTS can be explained:
[Example 1] The common observations of daily weather condition for certain region
can be described using the daily common words “hot”, “very hot”, “cold”, “very
cold”, “good”, “very good”, etc. All these words can be represented by fuzzy sets.
[Example 2] The common observations of the performance of a student during the
final year of degree examination can be represented using the fuzzy sets “good”,
“very good”, “poor”, “bad”, “very bad”, etc.

These two examples represent the processes, and conventional time series models
are not applicable to describe these processes (Song and Chissom 1993b). Therefore,
Song and Chissom (Song and Chissom 1993b) first time used the fuzzy sets notion
in time series forecasting. Later, their proposed method has gained in popularity in
scientific community as a “FTS forecasting model”.

Definition 2.2.5 (Fuzzification) (Zadeh 1975a). The operation of fuzzification trans-
forms a nonfuzzy set (crisp set) into a fuzzy set or increasing the fuzziness of a fuzzy
set. Thus, a fuzzifier R is applied to a fuzzy subset i of the universe of discourse U
yields a fuzzy subset R(i; T ), which can be expressed as:

R(i; T ) =
∫

U
μi (u)T (u), (2.2.4)

where the fuzzy set T (u) is the kernel of R, i.e., the result of applying R to a singleton
1/u:

T (u) = R(1/u; T ) (2.2.5)

where μi (u)T (u) represents the product of a scalar μi (u) and the fuzzy set T (u);
and

∫
is the union of the family of fuzzy sets μi (u)T (u), u ∈ U .

2References are: (Song and Chissom 1993a,b, 1994).
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Definition 2.2.6 (Defuzzification) (Ross 2007). Defuzzification of a fuzzy set is the
process of “rounding it off” from its location in the unit hypercube to the nearest
vertex, i.e., it is the process of converting a fuzzy set into a crisp set.

Definition 2.2.7 (FLR).3 Assume that F(t − 1) = Ai and F(t) = A j . The relation-
ship between F(t) and F(t − 1) is referred to as a FLR, which can be represented
as:

Ai → A j , (2.2.6)

where Ai and A j refer to the left-hand side and right-hand side of the FLR, respec-
tively.

Definition 2.2.8 (FLRG).4 Assume the following FLRs as follows:

Ai → Ak1,

Ai → Ak2,

Ai → Ak3,

Ai → Ak4,

· · ·
Ai → Akm (2.2.7)

Chen (1996) suggested that FLRs having the same fuzzy sets on the left-hand side
can be grouped into a FLRG. So, based on Chen’s model (Chen 1996), these FLRs
can be grouped into the FLRG as:

Ai → Ak1, Ak2, Ak3, Ak4 . . . , Akm . (2.2.8)

Definition 2.2.9 (High-order FLR) (Chen and Chen 2011a). Assume that F(t) is
caused by F(t − 1), F(t − 2), . . . , and F(t − n) (n > 0), then high-order FLR can
be expressed as:

F(t − n), . . . , F(t − 2), F(t − 1) → F(t) (2.2.9)

Definition 2.2.10 (M-factors FTS). Let FTS A(t), B(t), C(t), . . . , M(t) be the fac-
tors/observations of the forecasting problems. If we only use A(t) to solve the fore-
casting problems, then it is called a one-factor FTS. If we use remaining secondary-
factors/secondary-observations B(t), C(t), . . . , M(t) with A(t) to solve the fore-
casting problems, then it is called M-factors FTS.

3References are: (Chen 1996; Song and Chissom 1993a, 1994).
4References are: (Chen 1996; Song and Chissom 1993a, 1994).
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One-factor FTS models (referred to as Type-1 FTS models) employ only one
variable for forecasting (Hsu et al. 2003; Huarng 2001). For example, researchers
in these articles (Chen et al 2008; Hsu et al. 2003) consider only closing price in
the forecasting of the stock index. However, the stock index price consists of many
different observations, such asopening,high, low, etc. If these additional observations
are used with one-factor variable, then it is referred to as M-factors FTS model. The
model proposed by Huarng and Yu (Huarng and Yu 2005) is based on M-factors,
because they use high and low as the secondary-observations to forecast the closing
price of TAIEX.

Definition 2.2.11 (Type-2 fuzzy set) (Greenfield and Chiclana 2013). Let A(U ) be
the set of fuzzy sets in U . A Type-2 fuzzy set A in X is fuzzy set whose membership
grades are themselves fuzzy. This implies that μA(x) is a fuzzy set in U for all x ,
i.e., μA : X → A(U ) and

A = {(x, μA(x))|μA(x) ∈ A(U )∀x ∈ X} (2.2.10)

The concept of Type-2 fuzzy set is explained with an example as follows:

[Explanation] When we cannot distinguish the degree of membership of an element
in a set as 0 or 1, we use Type-1 fuzzy sets. Similarly, when the nature of an event is so
fuzzy so that determination of degree of membership as a crisp number in the range
[0, 1] is so difficult, thenwe use Type-2 fuzzy sets (Mencattini et al. 2005). This Type-
2 fuzzy sets concept was first introduced by Zadeh (1975a) in 1975. In Type-1 fuzzy
set, the degree of membership is characterized by a crisp value; whereas in Type-2
fuzzy set, the degree of membership is regarded as a fuzzy set (Chen 2012). Thus,
if there are more uncertainty in the event, and we have difficulty in determining its
exact value, then we simply use Type-1 fuzzy sets, rather than crisp sets. But, ideally
we have to use some finite-type sets, just like Type-2 fuzzy sets (Mencattini et al.
2005). Based on this explanation, we present an example which is based on article
Huarng and Yu (2005) as follows:

Let us consider a fuzzy set for “Closing Price” of stock index, as shown in Fig. 2.1
(left). Here, we have a crisp degree ofmembership values 1.0 and 0.5 for the “Closing
Price = 1000” and “Closing Price = 500”, respectively. Based on the above expla-
nation, the “Closing Price = 1000” can have more than one degree of memberships.
For example, in Fig. 2.1 (right), there are three degrees of memberships (0.4, 0.5 and
0.6) for the “Closing Price = 1000”. In other words, there can be multiple degrees
of membership for the same “Closing Price = 1000”, as shown in Fig. 2.1 (right). In
Fig. 2.1 (right), the highest degree of membership (0.6) indicates the positive view
about the occurrence of event, whereas the lowest degree of membership (0.4) indi-
cates the negative view about the occurrence of event. We can use these positive
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Fig. 2.1 A Type-1 (left) and Type-2 (right) fuzzy sets

and negative views together in FTS modeling approach. In summary, we can use
more observations/information from the positive and negative views for forecasting
in each time period.

Definition 2.2.12 (Type-2 FTS model) (Huarng and Yu 2005). A Type-2 FTS model
can be defined as an extension of a Type-1 FTS model. The Type-2 FTS model
employs the FLRs established by a Type-1 model based on Type-1 observations.
Fuzzy operators such as union and intersection are used to establish the new FLRs
obtained from Type-1 and Type-2 observations. Then, Type-2 forecasts are obtained
from these FLRs.

2.3 FTS Modeling Approach

Chen (1996) proposed a simple calculation method to get a higher forecasting accu-
racy in FTS model. Still this model is used as the basis of FTS modeling. The basic
architecture of this model is depicted in Fig. 2.2. This model employs the following
five common steps to deal with the forecasting problems of time series, which are
explained below. Contributions of various research articles in different phases of this
model are also categorized in this section.

step 1. Partition the universe of discourse into intervals. The universe of discourse
can be defined based on Eq.2.2.1. After determination of length of intervals,
U can be partitioned into several equal lengths of intervals. For determining
the universe of discourse and to partition them into effective lengths of
intervals, many researchers provide various solutions in these articles (Chen
andTanuwijaya 2011;Cheng et al. 2008a; Lee andChou 2004; Li andCheng
2007; Liu and Wei 2010; Yu 2005a). Some recent advancement in this step
can be found in these articles (Bang and Lee 2011; Chen and Wang 2010;
Cheng et al. 2011; Egrioglu et al. 2010, 2011a, b; Gangwar and Kumar



18 2 Fuzzy Time Series Modeling Approaches: A Review

Fig. 2.2 Architecture of Chen’s Model

2012; Huarng and Yu 2006b; Li et al. 2010, 2011; Liu et al. 2009; Wong
et al. 2010).

step 2. Define linguistic terms for each of the interval. After generating the inter-
vals, linguistic terms are defined for each of the interval. In this step, we
assume that the historical time series data set is distributed among n intervals
(i.e., a1, a2, . . . , and an). Then, define n linguistic variables A1, A2, . . . , An ,
which can be represented by fuzzy sets, as shown below:

A1 = 1/a1 + 0.5/a2 + 0/a3 + . . . + 0/an−2 + 0/an−1 + 0/an,

A2 = 0.5/a1 + 1/a2 + 0.5/a3 + . . . + 0/an−2 + 0/an−1 + 0/an,

A3 = 0/a1 + 0.5/a2 + 1/a3 + . . . + 0/an−2 + 0/an−1 + 0/an, (2.3.1)

...

An = 0/an + 0/a2 + 0/a3 + . . . + 0/an−2 + 0.5/an−1 + 1/an .

Then, we obtain the degree of membership of each time series value belong-
ing to each Ai . Here,maximumdegree ofmembership of fuzzy set Ai occurs
at interval ai , and 1 ≤ i ≤ n. Then, each historical time series value is fuzzi-
fied. For example, if any time series value belongs to the interval ai , then it
is fuzzified into Ai , where 1 ≤ i ≤ n.
For ease of computation, the degree of membership values of fuzzy set
A j ( j = 1, 2, . . . , n) are considered as either 0, 0.5 or 1, and 1 ≤ i ≤ n.
In Eq.2.3.1, for example, A1 represents a linguistic value, which denotes
a fuzzy set = {a1, a2, . . . , an}. This fuzzy set consists of n members
with different degree of membership values = {1, 0.5, 0, . . . , 0}. Similarly,
the linguistic value A2 denotes the fuzzy set = {a1, a2, . . . , an}, which
also consists of n members with different degree of membership values
= {0.5, 1, 0.5, . . . , 0}. The descriptions of remaining linguistic variables,
viz., A3, A4, . . . , An , can be provided in a similar manner.
Since each fuzzy set contains n intervals, and each interval corresponds to
all fuzzy sets with different degree of membership values. For example,
interval a1 corresponds to linguistic variables A1 and A2 with degree of
membership values 1 and 0.5, respectively, and remaining fuzzy sets with
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degree of membership value 0. Similarly, interval a2 corresponds to lin-
guistic variables A1, A2 and A3 with degree of membership values 0.5, 1,
and 0.5, respectively, and remaining fuzzy sets with degree of membership
value 0. The descriptions of remaining intervals, viz., a3, a4, . . . , an , can be
provided in a similar manner.
Liu (2007) introduced an improved FTS forecasting method in which the
forecasted value is regarded as a trapezoidal fuzzy number instead of a
single-point value. They replace the above discrete fuzzy sets (as discussed
in Eq.2.3.1) with trapezoidal fuzzy numbers. The main advantage of the
proposed method is that the decision analyst can accumulate information
about the possible forecasted ranges under different degrees of confidence.

step 3. Fuzzify the historical time series data set. In order to fuzzify the historical
time series data, it is essential to obtain the degree of membership value of
each observation belonging to each A j ( j = 1, 2, . . . , n) for each day/year.
If the maximum membership value of one day’s/year’s observation occurs
at interval ai and 1 ≤ i ≤ n, then the fuzzified value for that particular
day/year is considered as Ai .
In FTS model, each fuzzy set carries the information of occurrence of the
historic event in the past. So, if these fuzzy sets would not be handled effi-
ciently, then important information may be lost. Therefore, for fuzzification
purpose, many researchers provided different techniques in these articles
(Cheng et al. 2006; Hwang et al. 1998; Sah and Degtiarev 2005).

step 4. Establish the FLRs between the fuzzified time series values, and create the
FLRGs. After time series data is completely fuzzified, then FLRs have been
established based on Definition 2.2.7. The first-order FLR is established
based on two consecutive linguistic values. For example, if the fuzzified
values of time t − 1 and t are Ai and A j , respectively, then establish the
first-order FLR as “Ai → A j”, where “Ai” and “A j” are called the previous
state and current state of the FLR, respectively. Similarly, the nth-order FLR
is established based on n + 1 consecutive linguistic values. For example, if
the fuzzified values of time t − 4, t − 3, t − 2, t − 1 and t are Aai , Abi ,
Aci , Adi and Aej , respectively, then the fourth-order FLR can be established
as “Aai , Abi , Aci , Adi → Aej”, where “Aai , Abi , Aci , Adi” and “Aej” are
called the previous state nd current state of the FLR, respectively.
Most of the existing FTS models5 use the first-order FLRs to get the fore-
casting results. In these articles,6 researchers show that the high-order FLRs
(see Definition 2.2.9) can improve the forecasting accuracy. The main rea-
son of obtaining high accuracy from these high-order FTS models is that
it can consider more linguistic values that represent the high uncertainty

5References are: (Chang et al. 2007; Chen 1996; Cheng et al. 2006; Huarng 2001; Hwang et al.
1998; Song and Chissom 1993a,b, 1994).
6References are: (Aladag et al. 2009, 2010; Avazbeigi et al. 2010; Bahrepour et al. 2011; Chen
2002; Chen and Chen 2011a, b; Chen and Chung 2006b; Chen et al 2008; Gangwar and Kumar
2012; Jilani and Burney 2008; Own and Yu 2005; Singh 2007a, c, 2008, 2009; Tsai and Wu 2000).
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involved in various dynamic processes. On the other hand, to extract rule
from the fuzzified time series data set, Qiu et al. (2012) utilized C-fuzzy
decision trees (Pedrycz and Sosnowski 2005) in FTS model. They intro-
duced two major improvements in C-fuzzy decision trees, viz., first a new
stop condition is introduced to reduce the computational cost, and second
weighted C-fuzzy decision tree (WCDT) is introduced where weight dis-
tance is computed with information gain. In this approach, the forecast rule
are expressed as “if input value is . . . then it can be labeled as . . .”.
Based on the same previous state of the FLRs, the FLRs can be grouped into
a FLRG (see Definition 2.2.8). For example, the FLRG “Ai → Am, An”
indicates that there are following FLRs:

Ai → Am,

Ai → An.

Step 5. Defuzzify and compute the forecasted values. In these articles (Song and
Chissom 1993a; Tsaur et al. 2005), researchers adopted the following
method to forecast enrollments of the University of Alabama:

Y (t) = Y (t − 1) ◦ R, (2.3.2)

where Y (t − 1) is the fuzzified enrollment of year (t − 1), Y (t) is the
forecasted enrollment of year t represented by fuzzy set, “◦” is the max-min
composition operator, and “R” is the union of fuzzy relations. This method
takes much time to compute the union of fuzzy relations R, especially
when the number of fuzzy relations is more in Eq.2.3.2 (Chen and Hwang
2000; Huarng et al 2007). Therefore, some researchers in these articles7

introduced various solutions for the defuzzification operation. One of the
solution introduced by Chen (Chen 1996) is presented below.
This includes the following two principles, viz., Principle 1 and Principle
2. The procedure for Principle 1 is given as follows:

• Principle 1: For forecasting F(t), the fuzzified value for F(t−1) is required,where
“t” is the current time which we want to forecast. The Principle 1 is applicable
only if there are more than one fuzzified values available in the current state. The
steps under Principle 1 are explained next.

Step 1. Obtain the fuzzified value for F(t − 1) as Ai (i = 1, 2, 3 . . . , n).
Step 2. Obtain the FLR whose previous state is Ai and the current state is

A j1, A j2, . . . , A jp, i.e., the FLR is in the form of “Ai → A j1, A j2,

. . . , A jp”.

7References are: (Chen 1996, 2002; Cheng et al. 2008b; Huarng 2001; Huarng et al 2007; Hwang
et al. 1998; Jilani and Burney 2008; Kuo et al. 2009; Lee et al. 2006; Li et al. 2008; Qiu et al 2011;
Singh and Borah 2012, 2013b; Singh 2007a, b, 2009; Yu 2005b).
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Step 3. Find the interval where the maximum membership value of the fuzzy
sets A j1, A j2, . . . , A jp (current state) occur, and let these intervals be
a j1, a j2, . . . , a jp. All these intervals have the corresponding mid-values
C j1, C j2, . . . , C jp.

Step 3. Compute the forecasted value as:

Forecastedvalue =
[

C j1 + C j2 + . . . + C jp

p

]
(2.3.3)

Here, p represents the total number of fuzzy sets associatedwith the current
state of the FLR.

• Principle 2: This principle is applicable only if there is only one fuzzified value
in the current state. The steps under Principle 2 are given as follows:

Step 1. Obtain the fuzzified value for F(t − 1) as Ai (i = 1, 2, . . . , n).
Step 2. Find the FLR whose previous state is Ai and the current state is A j , i.e.,

the FLR is in the form of “Ai → A j”.
Step 3. Find the interval where the maximum membership value of the fuzzy set

A j occurs. Let these interval be a j ( j = 1, 2, 3, . . . , n). This interval a j

has the corresponding mid-value C j . This C j is the forecasted value for
F(t).

2.4 Hybridize Modeling Approach for FTS

Recently, several SC techniques have been employed to deal with the different chal-
lenges imposed by the FTS modeling approach. The main SC techniques for this
purpose include ANN, RS, and EC. Each of them provides significant solution for
addressing domain specific problems. The combination of these techniques leads to
the development of new architecture, which is more advantageous and the expert,
providing robust, cost effective and approximate solution, in comparison to conven-
tional techniques. However, this hybridization should be carried out in a reasonable,
rather than an expensive or a complicated, manner.

In the following, we describe the basics of individual SC techniques and their
hybridization techniques, along with the several hybridized models developed for
handling forecasting problems of the FTS modeling approach. It should be noted
that still there is no any universally recognized method to select particular SC tech-
nique(s), which is suitable for resolving the problems. The selection of technique(s)
is completely dependent on the problem and its application, and requires human
interpretation for determining the suitability of a particular technique.
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2.4.1 ANN: An Introduction

ANNs are massively parallel adaptive networks of simple nonlinear computing ele-
ments called neurons which are intended to abstract and model some of the func-
tionality of the human nervous system in an attempt to partially capture some of its
computational strengths (Kumar 2004). The neurons in an ANN are organized into
different layers. Inputs to the network are entered in the input layer; whereas outputs
are produced as signals in the output layer. These signals may pass through one or
more intermediate or hidden layers which transform the signals depending upon the
neuron signal functions.

The neural networks are classified into either single-layer or multi-layer. In multi-
layer networks hidden layers exist between input layer and output layer. A single-
layer feed-forward (SLFF) neural network is formed when the nodes of input layer
are connected with output nodes with various weights. A multi-layer feed-forward
(MLFF) neural network architecture can be developed by increasing the number of
layers in SLFF neural network. Feed-forward ANNs allow signals to travel from
input to output. There is no feed-back loop. Feed-back networks can have signals
travelling in both directions by introducing loops in the network. Feed-back networks
are also referred to as interactive or recurrent networks.

Usually FFNN are used in time series forecasting. Recurrent networks are also
used in some cases. Researchers employ ANN in various forecasting problems such
as electric load forecasting (Taylor and Buizza 2002), short-term precipitation fore-
casting (Kuligowski and Barros 1998), credit ratings forecasting (Kumar and Bhat-
tacharya 2006), tourism demand forecasting (Law 2000) etc., due to its capability
to discover complex nonlinear relationships (Czibula et al. 2013; Donaldson and
Kamstra 1996; Indro et al. 1999) in the observations. More detailed description on
applications of ANN (especially BPNN) can be found in article written by Wilson
et al. (2002).

Multi-layer FFNN uses back-propagation learning algorithm, therefore such net-
works are also known as back-propagation networks (BPNN). The main objective of
using BPNN is to minimize the output error obtained from the difference between
the calculated output (o1, o2, . . . , on) and target output (n1, n2, . . . , nn) of the neural
network by adjusting the weights (see Fig. 2.3). So in BPNN, each information is
sent back again in the reverse direction until the output error is very small or zero.
BPNN is trained under the process of three phases: (a) feed-forward of the input
training pattern, (b) the calculation and back-propagation of the associated error, and
(c) the adjustment of the weights.

Due to large number of additional parameters (e.g., initial weight, learning rate,
momentum, epoch, activation function, etc.), an ANN model has great capability
to learn by making proper adjustment of these parameters, in order to produce the
desired output. During the training process, this output may fit the data very well,
but it may produce poor results during the testing process. This implies that the
neural network may not generalize well. This might be caused due to overfitting or
overtraining of data (Weigend 1994), which can be controlled bymonitoring the error
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Fig. 2.3 A BPNN
architecture with one hidden
layer

during training process and terminate the process when the error reaches a minimum
threshold with respect to the testing set (Sivanandam and Deepa 2007; Venkatesan
et al. 1997). Another way to make the neural network generalize enough so that it
performs well for training and testing data is to make small changes in the number
of layers and neurons in the input space, without changing the output components.
However, choosing the best neural network architecture is a heuristic approach. One
solution to this problem is to keep the architecture of neural network relatively simple
and small (Beale et al. 2010), because complex architectures are much more prone to
overfitting (Gaume and Gosset 2003; Haykin 1999; Liu et al. 2008; Piotrowski and
Napiorkowski 2012). Therefore, Hornik et al. (1989) suggested to design the neural
network architecture with optimum number of neurons in the single hidden layer.
Tan et al. (2009) also stated that one of the best ways to do this is to construct a fully
connected neural network with a sufficiently large number of neurons in the hidden
layer, and then iterate the architecture-building process with a smaller number of
neurons.

Hybridization of ANN with FTS is a significant development in the domain of
forecasting. It is an ensemble of the merits of ANN and FTS, by substituting the
demerits of one technique by the merits of another technique. This includes various
advantages of ANN, such as parallel processing, handling of large data set, fast
learning capability, etc. Handling of imprecise/ uncertain and linguistic variables are
done through the utilization of fuzzy sets. Besides these advantages, the FTS-ANN
hybridization help in designing complex decision-making systems.

ANN can be used in different steps of FTS modeling approach. These steps
are discussed in Sect. 2.3. In Fig. 2.4, three different hybridized architectures are
presented, where applications of ANN are demonstrated in different steps of FTS
modeling approach. In the first architecture, ANN is responsible for determination
of FLRs (top); in the second architecture, ANN is responsible for partitioning the
universe of discourse (middle); and in the third architecture, ANN is responsible
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Fig. 2.4 Block diagrams of FTS-ANN hybridized models

for defuzzification operation (bottom). The roles of ANN in these architectures are
explained below.

(a) For defining FLRs: In this case, primary inputs for connection-oriented neural
network are fuzzified time series values. The neural network is trained in terms
of the number of input nodes, hidden nodes and desired outputs. One or more
hidden layers are employed to automatically generate the FLRs, which may later
be clustered into similar FLRGs.
In the articles (Aladag et al. 2009, 2010), researchers employ FFNN to define
high-order FLRs in FTS model. Both these models are applied in forecasting
the enrollments of the University of Alabama. Similar to these two approaches,
many researchers (Egrioglu et al. 2009; Huarng and Yu 2006a, 2012; Yolcu et al
2011; Yu and Huarng 2010) use the ANN in FTS model to capture the FLRs for
improving the forecasted accuracy.
For defining high-order FLRs, a neural network architecture for the nth-order
FLRs is shown in Fig. 2.5. Here, each input node take the previous days F(t −
n), . . ., F(t − 2), F(t − 1) fuzzified time series values, e.g., Al, . . . , Am, An

respectively to predict current day F(t) fuzzified time series value, e.g., A j . Here,
each “t” represents the day for corresponding fuzzified time series values. Based
on the input and output fuzzified values, the nth-order FLRs are established as:
Al, . . . , Am, An → A j . During simulation, the indices of previous state fuzzy
sets (e.g., l, . . . , m, n) are used as inputs, whereas index of current state fuzzy
set (e.g., j) is used as target output.



2.4 Hybridize Modeling Approach for FTS 25

(b) For partitioning the Universe of discourse: Data clustering is a popular approach
for automatically finding classes, concepts, or groups of patterns (Gondek and
Hofmann 2007). Time series data are pervasive across all human endeavors,
and their clustering is one of the most fundamental applications of data mining
(Keogh and Lin 2005). In literature, many data clustering algorithms (Estivill-
Castro 2002; Ordonez 2003; Wu et al. 2008) have been proposed, but their
applications are limited to the extraction of patterns that represent points in mul-
tidimensional spaces of fixed dimensionality (Xiong and Yeung 2002). In these
articles (Bahrepour et al. 2011; Singh and Borah 2012), researchers employ
SOFM clustering algorithm for determining the intervals of the historical time
series data sets by clustering them into different groups. This algorithm is devel-
oped by Kohonen (Kohonen 1990), which is a class of neural networks with
neurons arranged in a low dimensional (often two-dimensional) structure, and
trained by an iterative unsupervised or self-organizing procedure (Liao 2005).
The SOFM converts the patterns of arbitrary dimensionality into response of
one-dimensional or two-dimensional arrays of neurons, i.e., it converts a wide
pattern space into a feature space. The neural network performing such a map-
ping is called feature map (Sivanandam and Deepa 2007).

(c) For defuzzification operation: (Singh and Borah (2013b) develop an ANN based
architecture and hybridize this architecture with FTS model to defuzzify the
fuzzified time series values. The neural network architecture as shown in Fig. 2.5
can be employed for this purpose. In this case, the arrangement of nodes in input
layer can be done in the following sequence:

F(t − n), . . . , F(t − 2), F(t − 1) → F(t) (2.4.1)

Here, each input node take the previous days (t −n), . . . , (t −2), (t −1) fuzzified
time series values (e.g., Al , . . . , Am, An) to predict one day (t) advance time
series value “A j”. In Eq.2.4.1, each “t” represent the day for considered fuzzified
time series values.

2.4.2 RS: An Introduction

RS is a new mathematical tool proposed by Pawlak (Pawlak 1982). The RS concept
(Cheng et al. 2010) is based on the assumption that with every associated object
of the universe of discourse, some information objects characterized by the same
information are indiscernible in the view of the available information about them.
Any set of all indiscernible objects is called an elementary set and forms a basic
granule of knowledge about the universe. Any union of elementary sets is referred
to as a precise set; otherwise the set is rough. A fundamental advantage of RS
theory is the ability to handle a category that cannot be sharply defined from a given
knowledge base (Pattaraintakorn andCercone 2008). Therefore, theRS theory is used
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Fig. 2.5 ANN architecture
for the nth-order FLRs

in attribute selection, rule discovery and various knowledge discovery applications
as data mining, machine learning and medical diagnoses (Chen and Cheng 2013).

To understand the RS theory in-depth, we need to review some of the basic defi-
nitions as follows (Pawlak 1991):

U is a finite set of objects, i.e.,U = {x1, x2, x3, . . . , xn}. Here, each x1, x2, x3, . . . ,
xn represents the object.

Definition 2.4.1 (Equivalence relation). Let R be an equivalence relation over U ,
then the family of all equivalence classes of R is represented by U/R.

Definition 2.4.2 (Lower approximation and upper approximation). X is a subset of
U , R is an equivalence relation, the lower approximation of X (i.e., R(X)) and the
upper approximation of X (i.e., R(X)) is defined as follows:

R(X) = ∪{x ∈ U | [x]R ⊆ X} (2.4.2)

R(X) = ∪{x ∈ U | [x]R ∩ X 
= ∅} (2.4.3)

The lower approximation comprises of all objects that completely belong to the set,
and the upper approximation comprises all objects that possibly belong to the set.

Definition 2.4.3 (Boundary region). The set of all objects which can be decisively
classified neither as members of X nor as members of non-X with respect to R is
called the boundary region of a set X with respect to R, and denoted by RSB .

RSB = R(X) − R(X) (2.4.4)

Based on the notions shown in Fig. 2.6, we can formulate the definitions of crisp
set and RS as follows:

Definition 2.4.4 (Crisp set). A set X is called crisp (exact) with respect to R if and
only if the boundary region of X is empty.
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Fig. 2.6 Basic notations of
the rough set

Definition 2.4.5 (RS). A set X is called rough (inexact) with respect to R if and only
if the boundary region of X is nonempty.

The role of RS in FTS modeling approach is discussed below.

• For rule induction: In FTS model, each fuzzy set carries the information of occur-
rence of the historic event in the past. So, if these fuzzy sets would not be handled
efficiently, then important information may be lost. Therefore, after generating the
intervals, the historical time series data set is fuzzified, and can be used to prepare
an information table. To mine reasonable rules from the information table, the RS
based rule induction technique can be used, because the RS (Pawlak 1982) acts as
a powerful tool for analyzing data and information tables. Teoh et al. 2008, 2009
employ this concept in FTS modeling approach to generate rules from the FLRs.
The rules produced by RS rule induction method are in the form of “if-then” by
combining a condition value (Ai ) with several decision values (A j , Ak, . . . , An).
For example, these decision values can be represented with “Then” as follows:

I f (condition = Ai ) Then (decision = A j , Ak, . . . , An) (2.4.5)

2.4.3 EC: An Introduction

EC is a collection of problem solving techniques that includes paradigms such as
Evolutionary Strategies, Evolutionary Programs and GAs (Bonissone 1997). GA
concept was first proposed by (Holland (1975). All GAs contain three basic oper-
ators: reproduction, crossover, and mutation, where all three are analogous to their
namesakes in genetics (Ross 2007). In GAs, a population consists of chromosomes
and a chromosome consists of genes, where the number of chromosomes in a pop-
ulation is called the population size (Lee et al. 2007). In the following, we briefly
review the basic concept of GA (Gen and Cheng 1997; Goldberg 1989; Sivanandam
and Deepa 2007).
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Step 1. Create a random initial state. An initial population is created from a ran-
dom selection of solutions (chromosomes).

Step 2. Evaluate fitness. A value for fitness is assigned to each solution depending
on how close it actually is to solving the problem.

Step 3. Reproduce. Those chromosomes with a higher fitness value aremore likely
to reproduce offspring.

Step 4. Next generation. If the new generation contains a solution that produces
an output that is close enough or equal to the desired answer then the
problem has been solved. Otherwise, iterate the whole process with the
new generation.

PSO is a new algorithm of EC, which is applied to solve the bilevel program-
ming problem (Wan et al. 2013). To deal with complicated optimization problem,
recently many researchers hybridize this optimization technique with FTS modeling
approach. In the following, we briefly review the basic concept of the PSO (Jiang
et al. 2013; Lee 2006; Montalvo et al. 2008).

The PSO algorithm was first introduced by Eberhart and Kennedy 1995. It is
a population-based evolutionary computation technique, which is inspired by the
social behavior of animals such as bird flocking, fish schooling, and swarming theory
(Eberhart and Shi 2001; Lin et al. 2010a, b). The PSO can be employed to solve many
of the same kinds of problems as genetic algorithms (Kennedy and Eberhart 1995).
The PSO algorithm is applied to a set of particles, where each particle has been
assigned a randomized velocity. Each particle is then allowed to move towards the
problem space. At each movement, each particle keeps track of its own best solution
(fitness) and the best solution of its neighboring particles. The value of that fitness
is called “pbest”. Then each particle is attracted towards finding of the global best
value by keeping track of overall best value of each particle, and its location (Trelea
2003). The particle which obtained the global fitness value is called “gbest”.

At each step of optimization, velocity of each particle is dynamically adjusted
according to its own experience and its neighboring particles, which is represented
by the following equations:

V elid,t = α × V elid,t + M1 × Rand × (P Bid − C Pid,t )+
M2 × Rand × (PGbest − C Pid,t ) (2.4.6)

The position of a new particle can be determined by the following equation:

C Pid,t = C Pid,t + V elid,t (2.4.7)

where i represents the i th particle and d represents the dimension of the problem
space. InEq.2.4.6,α represents the inertiaweight factor;C Pid,t represents the current
position of the particle i in iteration t ; P Bid denotes the previous best position of the
particle i that experiences the best fitness value so far (pbest); PGbest represents the
global best fitness value (gbest) among all the particles; Rand gives the random value
in the range of [0, 1]; M1 and M2 represent the self-confidence coefficient and the
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Algorithm 1 Standard PSO Algorithm
Step 1: Initialize all particles with random positions and velocities in the d-dimensional problem

space.
Step 2: Evaluate the optimization fitness function of all particles.
Step 3: For each particle, compare its current fitness value with its pbest . If current value is better

than pbest , then update pbest value with the current value.
Step 4: For each particle, compare its fitness value with its overall previous best. If the current

fitness value is better than gbest , then update gbest value with the current best particle.
Step 5: For each particle, change the movement (velocity) and location (position) according to

Eqs. 2.4.6 and 2.4.7.
Step 6: Repeat Step 2, until stopping criterion is met, usually a sufficiently gbest value is obtained.

social coefficient, respectively; and V elid,t represents the velocity of the particle i
in iteration t . Here, V elid,t is limited to the range [−V elmax , V elmax ], where V elmax

is a constant and defined by users. The steps for the standard PSO are presented in
Algorithm 1.

The role of EC in FTSmodeling approach is categorized below based on different
functions.

(a) For determination of optimal interval lengths using GA: GA used in FTS mod-
eling approach to arrive optimal interval lengths using certain genetic operators.
In this case, some chromosomes are defined as the initial population based on the
number of intervals, where each chromosome consists of genes. Initially each
chromosome is randomly generated by the system. Then, the system randomly
selects chromosomes and genes from the population to perform the crossover and
mutation operations, respectively. The whole process is repeated until optimal
interval lengths are achieved. The achievement of optimality can be measured
with the performance measure parameters (refer to Sect. 2.6), such as AFER,
MSE, etc. Based on this concept, researchers in these articles (Chen and Chung
2006a, b) presented the methods for forecasting the enrollments by hybridiz-
ing GA technique with FTS modeling approach. However, the basic difference
between the models presented in these articles (Chen and Chung 2006a, b) is that
the first model (Chen and Chung 2006b) is based on high-order FLRs, whereas
the second model (Chen and Chung 2006a) is based on first-order FLRs. Similar
to above approach, Lee et al. (2007, 2008) presented new methods for temper-
ature and the TAIFEX forecasting based on two-factors high-orders FLRs.

(b) For finding best intervals using PSO: Recently, many researchers8 show that
appropriate selection of intervals also increases the forecasting accuracy of the
model. Therefore, in order to get the optimal intervals, they used PSO algorithm
in their proposed model.9 They signify that PSO algorithm is more efficient
and powerful than GA as applied by the researcher (Chen and Chung 2006b) in
selection of proper intervals.

8References are: (Huang et al. 2011a, b; Kuo et al. 2009, 2010).
9References are: (Huang et al. 2011a, b; Kuo et al. 2009, 2010).
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Algorithm 2 Type-2 FTS Forecasting Model
Step 1: Select Type-1 and Type-2 observations.
Step 2: Determine the universe of discourse of time series data set and partition it into differ-

ent/equal lengths of intervals.
Step 3: Define linguistic terms for each of the interval.
Step 4: Fuzzify the time series data set of Type-1 and Type-2 observations.
Step 5: Establish the FLRs based on Definition 2.2.7.
Step 6: Construct the FLRGs based on Definition 2.2.8.
Step 7: Establish the relationships between FLRGs of both Type-1 and Type-2 observations, and

map-out them to their corresponding day.
Step 8: Apply fuzzy operators (such as union or intersection) on mapped-out FLRGs of Type-1

and Type-2 observations, and obtain the fuzzified forecasting data.
Step 9: Defuzzify the forecasting data and compute the forecasted values.

(c) For determination of membership values using PSO: The PSO technique is first
time employed by the researcher Aladag et al. (2012) to obtain the optimal mem-
bership values of the fuzzy sets in the fuzzy relationship matrix “R” (refer to
Eq.2.3.2). In this approach, first FCM clustering algorithm is used for fuzzifica-
tion phase of time series data set.

2.5 Financial Forecasting and Type-2 FTS Models

The application of FTS in financial forecasting has attractedmany researchers’ atten-
tion in the recent years. Many any researchers focus on designing the models for the
TAIEX10 and the TIFEX11 forecasting. Their applications are limited to deal with
either one-factor or two-factors time series data sets. However, forecasting accu-
racy of financial data set can be improved by including more observations (e.g.,
close, high, and low) in the models. In Type-2 FTS modeling approach, observa-
tion that is handled by Type-1 FTS model can be termed as “main-factor / Type-1
observation”, whereas observations that are handled by Type-2 FTS model can be
termed as “secondary-factors / Type-2 observations”. Later, both these observations
are combined together to take the final decision. But, due to involvement of Type-
2 observations with Type-1 observation, massive FLRGs are generated in Type-2
model. For this reason, Type-2 FTS model suffers from the burden of extra compu-
tation. Therefore, most of the researchers still use to prefer Type-1 FTS modeling
approach for forecasting. But, as far as accuracy of forecasting is concerned, Type-2
FTS models produce better result than Type-1 FTS models. Basic steps involve in
Type-2 FTSmodeling approach that can deal with multiple observations together are
presented in Algorithm 2.

10References are: (Cheng et al. 2013; Huarng and Yu 2012; Wei et al 2011; Yu and Huarng 2010).
11References are: (Aladag et al. 2012; Avazbeigi et al. 2010; Bai et al. 2011; Kuo et al. 2010).
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Contributions of various researchers in Type-2 FTS models are presented below:

• Huarng and Yu (Huarng and Yu 2005) model: This model first time employs the
Type-2 FTS concept in financial forecasting (TAIEX) by considering close, high,
and low observations together. In this model, they suggested some improvement
in Algorithm 2 as:
(i) Introduction of union (∨) and intersection (∧) operators. This operators are
applied in Step 8 of Algorithm 2. Both these operators are used to include Type-
1 and Type-2 observations., and (ii) For defuzzification operation, they employ
Principal 1 and Principal 2 (as discussed in Sect. 2.3) in Step 9 of Algorithm 2.

• Bajestani and Zare (Bajestani and Zare 2011) model: This model is the enhance-
ment of the model proposed by Huarng and Yu (2005). In this model, researchers
employ the four changes as:
(i) Using triangular fuzzy set with indeterminate legs and optimizing these trian-
gular fuzzy sets. This improvement is applied in Step 3 of Algorithm 2., (ii) Using
indeterminate coefficient in calculating Type-2 forecasting. This improvement is
applied in Step 9 of Algorithm 2., (iii) Using center of gravity defuzzifier. This
improvement is applied in Step 9 of Algorithm 2., and (iv) Using 4-order Type-2
FTS. This improvement is applied in Step 5 of Algorithm 2.

• Lertworaprachaya et al. (Lertworaprachaya et al. 2010) model: Based on these
articles (Huarng andYu 2005; Singh 2007b), a novel high-order Type-2 FTSmodel
is proposed in this article (Lertworaprachaya et al. 2010). This model is divided
into twoparts: high-order Type-1FTS forecasting andType-2FTS forecasting. The
high-order Type-1 FTS model is employed to define the FLRs. This improvement
is suggested in Step 5 of Algorithm 2. The high-order FLRs can be defined based
on Definition 2.2.9. Then the rules in the high-order Type-1 FTS is used in Type-2
FTS forecasting.

• Singh and Borah (Singh and Borah 2013a) model: This Type-2 FTS model can
utilize multiple observations together in forecasting, which was the limitation of
previous existing Type-2 FTS models. Detail discussion on this model is provided
in Chap.6.

2.6 Performance Measure Parameters

To assess the performance of the time series forecastingmodels (especially FTSmod-
els), researchers use numerous performance measure parameters, such as AF E R,
M SE , RM SE , Ā, SD, U , T S, D A, δr , R, R2, P P , etc. All these parameters and
their statistical significance are presented in Table2.1. In this table, each Fi and Ai is
the forecasted and actual value of day/year i , respectively, and N is the total number
of days/years to be forecasted.

http://dx.doi.org/10.1007/978-3-319-26293-2_6
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Table 2.1 Performance measure parameters and its statistical significance

Parameter Significant

AF E R = |Fi −Ai |/Ai
N × 100% Smaller value of AF E R indicates good

forecasting

M SE =
∑N

i=1(Fi −Ai )
2

N Smaller value of M SE indicates good
forecasting

RM SE =
√∑N

i=1(Fi −Ai )
2

N Smaller value of RM SE indicates good
forecasting

Ā=
∑N

i=1 Ai
N For a good forecasting, the observed mean

should be close to the predicted mean

SD =
√

1
N

∑N
i=1(Ai − Ā)2 For a good forecasting, the observed SD

should be close to the predicted SD

U = A
B Here, A =

√∑N
i=1(Ai − Fi )2 and

B =
√∑N

i=1 A2
i +

√∑N
i=1 F2

i

The U is bounded between 0 and 1, with values
closer to 0 indicating good forecasting accuracy

T S = Rs f e
Mad

A T S value between −4 and +4 indicates that
the model is working correctly

Here, Mad=
∑N

i=1 |(Fi −Ai )|
N and

Rs f e=
∑N

i=1(Fi − Ai )

A Mad > 0 indicates that forecasting model
tends to under-forecast

A Mad < 0 indicates that forecasting model
tends to over-forecast

D A = 1
N−1

∑N−1
i=1 ai Here, ai =

{
1, (Ai+1 − Ai )(Fi+1 − Ai ) > 0

0, Otherwise

D A value is measured in % and its value closer
to 100 indicates good forecasting

δr=
|Fi −Ai |

SD A value of δr less than 1 indicates good
forecasting

R = n
∑

Ai Fi −(
∑

Ai )(
∑

Fi )√
n(

∑
A2

i )−(
∑

Ai )
2
√

n(
∑

F2
i )−(

∑
Fi )

2
A value of R greater than equal to 0.8 is
generally considered as strong

The R2 lies between 0 < R2 < 1, and indicates
the strength of the linear association between
Ai and Fi

P P = 1 − (RM SE/SD) A P P value greater than zero indicates good
forecasting and vice-versa
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2.7 Conclusion and Discussion

From 1994 onwards, numerous time series forecasting models have been proposed
based on the FTS modeling approach.12 Due to the uncertain nature of time series,
scope of extensive applications in this domain raised simultaneously with the devel-
opment of new algorithms and architectures. The FTSmodeling approach is currently
applied to a diverse range of fields from economy, population growth, weather fore-
casting, stock index price forecasting to pollution forecasting, etc. Various aspects
of complexities arise in this research domain, if the number of factors in time series
data sets is large. These complexities can be evolved in terms of (a) Determination
of length of intervals, (b) Establishment of FLRs between different factors, and (c)
Defuzzification of fuzzified time series values.

Present research in the FTS modeling approach mainly aims at designing algo-
rithms for discretization of time series data set, rule generation from the fuzzified
time series values, proposing techniques for defuzzification operation, and design-
ing various hybridized based architectures for resolving complex decision making
problems.

SC techniques comprise of ANN, RS, EC, and their hybridizations, have recently
been employed to solve FTS modeling problems. They endeavor to provide us
approximate results in a very cost effective manner, thereby reducing the time com-
plexity. In this survey, a categorization has been presented based on utilization of
different SC techniques with the FTS modeling approach along with basic architec-
tures of different hybridized based FTS models.

Fuzzy sets are the oldest component of SC, which is known for representation
of real time or uncertain events in a linguistic manner, and can take decisions very
faster. ANNs are especially used in discovering the rules, and can establish a linear
association between the inputs and outputs. RSs is mainly employed for extracting
hidden patterns from the data in terms of rules. EC provides efficient search algo-
rithms to select based intervals from the discretized time series data set, based on
some evaluation criterion.

FTS-ANNhybridization exploits the features of bothANNand fuzzy sets in estab-
lishment of FLRs/linguistic rules, data discretization, and defuzzification of fuzzified
time series data set. FTS-RS hybridization uses the features of both RS and fuzzy
sets in discovering meaning full rules from the fuzzified time series data set, thereby
employing these rules in defuzzification operation. FTS-EC hybridization utilizes
the characteristics of both EC and fuzzy sets in the determination of optimal interval
lengths of the discretized time series data set, which are further used to represent time
series data set in terms of fuzzy sets/linguistic terms. From this survey, it is obvious
that the research scope in FTS will be increased in the near future for its flexibility in
representing real life problems in a very natural way. This study also describes elab-
orately different phases of the FTS modeling approach. Various research issues and
challenges in the FTSmodeling approach are presented in the subsequent section. All

12References are: (Egrioglu et al. 2010, 2011a; Sah and Degtiarev 2005; Wong et al. 2010; Yu
2005a).



34 2 Fuzzy Time Series Modeling Approaches: A Review

these inclusions may help the researchers to identify: (a) What are the problems in
the FTS modeling approach?, (b) How to resolve all these problems using heuristics
approach?, and (c) How to employ different SC methodologies in the FTS modeling
approach to improve its efficiency?
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