
Chapter 2
Theory and Background

This chapter overviews the background and main definitions and basic concepts,
useful to the development of this investigation work.

2.1 Neural Networks

Neural networks are composed of many elements (Artificial Neurons), grouped into
layers and are highly interconnected (with the synapses), this structure has several
inputs and outputs, which are trained to react (or give values) in a way you want to
input stimuli (R values). These systems emulate in some way, the human brain.
Neural networks are required to learn to behave (Learning) and someone should be
responsible for the teaching or training (Training), based on prior knowledge of the
problem environment problem [1].

Artificial neural networks are inspired by the architecture of the biological
nervous system, which consists of a large number of relatively simple neurons that
work in parallel to facilitate rapid decision-making [2].

An artificial neural network (ANN) is a distributed computing scheme based on
the structure of the nervous system of humans. The architecture of a neural network
is formed by connecting multiple elementary processors, this being an adaptive
system that has an algorithm to adjust their weights (free parameters) to achieve the
performance requirements of the problem based on representative samples [3, 4].

The most important property of artificial neural networks is their ability to learn
from a training set of patterns, i.e. is able to find a model that fit the data [5, 6].

The artificial neuron consists of several parts (see Fig. 2.1). On one side are the
inputs, weights, the summation, and finally the adapter function. The input values
are multiplied by weights and added:

P
xiwij. This function is completed with the

addition of a threshold amount i. This threshold has the same effect as an entry with
value −1. It serves so that the sum can be shifted left or right of the origin. After
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addition, we have the function f applied to the sum, resulting in the final value of
the output, also called yi [7], obtaining following the equation:

yi ¼
Xn
i¼1

xiwij

 !
ð2:1Þ

where f may be a nonlinear function with binary output ±1, a linear function f
(z) = z, or as sigmoid logistic function: f zð Þ ¼ 1

1þ e�z.
A neural network is a system of parallel processors connected as a directed

graph. Schematically each processing element (neuron) of the network is repre-
sented as a node. These connections establish a hierarchical structure that is trying
to emulate the physiology of the brain as it looks for new ways of processing to
solve real world problems. What is important in developing the techniques of
Neural Networks (NNs) is if its useful to learn behavior, recognize and apply
relationships between objects and plots of real-world objects themselves. In this
sense, artificial neural networks have been applied to many problems of consid-
erable complexity. Its most important advantage is in solving problems that are too
complex for conventional technologies, problems that have no solution and/or that
the algorithm of the solution is very difficult to find [8].

2.2 Ensemble Neural Networks

An Ensemble Neural Network is a learning paradigm where many neural networks
are jointly used to solve a problem [9]. A Neural network ensemble is a learning
paradigm where a collection of a finite number of neural networks is trained for the
same task [10]. It originates from Hansen and Salamon’s work [11], which shows
that the generalization ability of a neural network system can be significantly
improved through a number of neural networks in ensemble, i.e. training many
neural networks and then combining their predictions. Since this technology
behaves remarkably well, recently it has become a very hot topic in both neural
networks and machine learning communities [12], and has already been success-
fully applied to diverse areas such as face recognition [13, 14], optical character
recognition [15], scientific image analysis [16], medical diagnosis [17, 18], seismic
signals classification [19], etc.

Fig. 2.1 Scheme of an
artificial neuron
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In general, a neural network ensemble is constructed in two steps, i.e. training a
number of component neural networks and then combining the component
predictions.

There are also many other approaches for training the component neural net-
works. Examples are as follows. Hampshire and Waibel [20] and Wei and Cheng
[21] utilize different objective functions to train distinct component neural net-
works. Cherkauer [16] trains component networks with different number of hidden
layers. Maclin and Shavlik [22] initialize component networks at different points in
the weight space. Liu et al. [23] and Soltani [24] employ cross-validation to create
component networks. Krogh and Vedelsby [25] and Opitz and Shavlik [26] exploit
genetic algorithm to train diverse knowledge based component networks. Yao and
Liu [27] regard all the individuals in an evolved population of neural networks as
component networks [28].

2.3 Type-2 Fuzzy Systems

The basics of fuzzy logic do not change from type-1 to type-2 fuzzy sets, and in
general, will not change for any type-n [29–33]. A higher-type number just indi-
cates a higher “degree of fuzziness”. Since a higher type changes the nature of the
membership functions, the operations that depend on the membership functions
change; however, the basic principles of fuzzy logic are independent of the nature of
membership functions and hence, do not change. Rules of inference like
Generalized Modus Ponens or Generalized Modus Tollens continue to apply.

The structure of the type-2 fuzzy rules is the same as for the type-1 case because
the distinction between type-2 and type-1 is associated with the nature of the
membership functions. Hence, the only difference is that now some or all the sets
involved in the rules are of type-2 [34, 35].

As an example: Consider the case of a fuzzy set characterized by a Gaussian
membership function with mean m and a standard deviation that can take values in
r1; r2½ � i.e.,

l xð Þ ¼ exp �1=2
x� m
r

h i2� �
; r � r1;r2½ � ð2:2Þ

Corresponding to each value of r we will get a different membership curve (as
shown in Fig. 2.1). So, the membership grade of any particular x (except x = m)
can take any of a number of possible values depending upon the value of r i.e., the
membership grade is not a crisp number, it is a fuzzy set. Figure 2.2 shows the
domain of the fuzzy set associated with x = 0.7; however, the membership function
associated with this fuzzy set is not shown in Fig. 2.2.
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2.3.1 Gaussian Type-2 Fuzzy Set

A Gaussian type-2 fuzzy set is one in which the membership grade of every domain
point is a Gaussian type-1 set contained in [0, 1].

2.3.2 Interval Type-2 Fuzzy Set

An interval type-2 fuzzy set is one in which the membership grade of every domain
point is a crisp set whose domain is some interval contained in [0, 1].

2.3.3 Footprint of Uncertainty

Uncertainty in the primary memberships of a type-2 fuzzy set, Ã, consists of a
bounded region that we call the “footprint of uncertainty” (FOU). Mathematically,
it is the union of all primary membership functions [36, 37].

2.3.4 Upper and Lower Membership Functions

An “upper membership function” and a “lower membership functions” are two
type-1 membership functions that are bounds for the FOU of a type-2 fuzzy set Ã.
The upper membership function is associated with the upper bound of the FOU(Ã).
The lower membership function is associated with the lower bound of the FOU(Ã).

Fig. 2.2 A type-2 fuzzy set
representing a type-1 fuzzy
set with uncertain standard
deviation
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2.3.5 Operations of Type-2 Fuzzy Sets

2.3.5.1 Union of Type-2 Fuzzy Sets

The union of eA1 and eA2 is another type-2 fuzzy set, just as the union of type-1 fuzzy
sets A1 and A2 is another type-1 fuzzy set. More formally, we have the following
expression:

eA1 [ eA2 ¼
Z
x2X

leA1 [ eA2
ðxÞ=x ð2:3Þ

2.3.5.2 Intersection of Type-2 Fuzzy Sets

The intersection of eA1 and eA2 is another type-2 fuzzy set, just as the intersection of
type-1 fuzzy sets A1 and A2 is another type-1 fuzzy set. More formally, we have the
following expression:

eA1 \ eA2 ¼
Z
x2X

leA1 \eA2
ðxÞ=x ð2:4Þ

2.3.5.3 Complement of a Type-2 Fuzzy Set

The complement of a set is another type-2 fuzzy set, just as the complement of
type-1 fuzzy set A is another type-1 fuzzy set. More formally we have:

fA0 ¼
Z
x

leA01
ðxÞ=x ð2:5Þ

where the prime denotes complement in the above equation. In this equation leA01
is

the secondary membership function.

2.3.6 Type-2 Fuzzy Rules

Consider a type-2 Fuzzy System having r inputs x1 2 X1; . . .; xr2Xr and one output
y 2 Y. As in the type-1 case, we can assume that there are M rules; but, in the
type-2 case the lth rule has the form:
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R1 : IF x1 is eA1
1 and. . . xp is eA1

P; THEN y is bY 1 I ¼ I; . . .M ð2:6Þ

The rules represent a type-2 relation between the input space X1 � � � � � Xr, and
space output set space Y, of the type-2 fuzzy system. In the type-2 fuzzy system
(Fig. 2.3), as in the type-1 fuzzy system crisp inputs are first fuzzified into fuzzy
input sets than then activate the inference block, which in the present case is
associated with type-2 fuzzy sets [38].

2.4 Optimization

Regarding optimization, we have the following situation in mind: there exists a
search space V, and a function:

g : V ! R ð2:7Þ

And the problem is to find: arg ming(v).

v 2 V ð2:8Þ

Here, V is vector of decision variables, and g is the objective function. In this
case we have assumed that the problem is one of minimization, but everything we
say can of course be applied mutatis mutandis to a maximization problem.
Although specified here in an abstract way, this is nonetheless a problem with a
huge number of real-world applications.

In many cases the search space is discrete, so that we have the class of com-
binatorial optimization problems (COPs). When the domain of the g function is
continuous, a different approach may well be required, although even here we note
that in practice, optimization problems are usually solved using a computer, so that

Fig. 2.3 Structure of a type-2 fuzzy logic system
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in the final analysis the solutions are represented by strings of binary digits (bits)
[39, 40].

There are several optimization techniques for neural networks, some of these are:
evolutionary algorithms [41], ant colony optimization [42] and Particle swarm [43].

2.5 Genetic Algorithms

Genetic algorithms were introduced for the first time by a Professor of the
University of Michigan, John Holland [44]. A genetic algorithm is a mathematical
highly parallel algorithm that transforms a set of mathematical individual objects
with regard to the time using operations based on evolution. The Darwinian laws of
reproduction and survival of the fittest can be used, and after having appeared of
natural form a series of genetic operations that can be used [45, 46]. Each of these
mathematical objects is usually a chain of characters (letters or numbers) of fixed
length that adjusts to the model of the chains of chromosomes, and one associates to
them a certain mathematical function that reflects the fitness.

A Genetic Algorithm (GA) [47] assumes that a possible solution to a problem
can be seen as an individual and is represented by a set of parameters. These
parameters are the genes of a chromosome, representing the structure of the indi-
vidual. This chromosome is evaluated by a fitness function, providing a fitness
value to each individual, as to the suitability it has to solve the given problem.
Through genetic evolution using crossover operations (matching of individuals to
produce children) (example: one point crossover, see Fig. 2.4) and mutation that
simulates the biological behavior, combined with a selection process (example:
single mutation, see Fig. 2.4), the population of individuals is eliminating those
with less ability, and tends to improve overall fitness of the population, to produce a
solution close to optimal performance for the given problem. John Holland was
aware of the importance of natural selection [48], and in the late 60s developed a
technique that allowed incorporating it into a computer program. His goal was to
get computers to learn for themselves. The technique proposed by Holland was
originally called “reproductive plans” [49].

Fig. 2.4 Example of genetic operators
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The fitness function determines the best individual where each individual must
represent a complete solution to the problem that is being optimized. Therefore the
three most important aspects of using genetic algorithms are:

(a) Definition of the fitness function.
(b) Definition and implementation of the genetic representation.
(c) Definition and implementation of the genetic operators.

Therefore, to solve a problem using a GA should take the following steps:

1. Define the chromosome or individual’s structure and its representation.
2. Determine the evaluation criteria or adaptation of individuals.
3. Determine the genetic operators to use.
4. Define the stopping criterion of the algorithm.
5. Define a criterion for replacement between consecutive generations.

The basic genetic algorithm is as follows:

Step 1 Represent the problem variable domain as a chromosome of a fixed
length; choose the size of a chromosome population N, the crossover
probability pc and the mutation probability pm.

Step 2 Define a fitness function to measure the performance, or fitness, of an
individual chromosome in the problem domain. The fitness function
establishes the basis for selecting chromosomes that will be mated
during reproduction.

Step 3 Randomly generate an initial population of chromosomes of size
N ¼ x1; x2; . . .; xn.

Step 4 Calculate the fitness of each individual chromosome:
f ðx1Þ; fðx2Þ; . . .; fðxnÞ

Step 5 Select a pair of chromosomes for mating from the current population.
Parent chromosomes are selected with a probability related to their
fitness.

Step 6 Create a pair of offspring chromosomes by applying the genetic opera-
tors—crossover and mutation.

Step 7 Place the created offspring chromosomes in the new population.
Step 8 Repeat Step 5 until the size of the new chromosome population becomes

equal to the size of the initial population, N.
Step 9 Replace the initial (parent) chromosome population with the new (off-

spring) population.
Step 10 Go to Step 4, and repeat the process until the termination criterion is

satisfied.
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2.6 Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a bio-inspired optimization method pro-
posed by Eberhart and Kennedy [50] in 1995. PSO is a search algorithm based on
the behavior of biological communities that exhibits individual and social behavior
[38, 51], and examples of these communities are groups of birds, schools of fish and
swarms of bees [52–54].

A PSO algorithm maintains a swarm of particles, where each particle represents
a potential solution. In analogy with the paradigms of evolutionary computation, a
swarm is similar to a population, while a particle is similar to an individual. In
simple terms, the particles are “flown” through a multidimensional search space,
where the position of each particle is adjusted according to its own experience and
that of its neighbors. Let xi denote the position i in the search space at time step t;
unless otherwise stated, t denotes discrete time steps. The position of the particle is
changed by adding a velocity, vi(t), to the current position, i.e.

xi tþ 1ð Þ ¼ xi tð Þþ vi tþ 1ð Þ ð2:9Þ

With xi 0ð Þ�U Xmin;Xmaxð Þ.
It is the velocity vector the one that drives the optimization process, and reflects

both the experimental knowledge of the particles and the information exchanged in
the vicinity of particles.

For PSO, the particle velocity is calculated as:

vij tþ 1ð Þ ¼ vij tð Þþ c1r1j tð Þ yij tð Þ � xij tð Þ
� �þ c2r2j tð Þ ŷij tð Þ � xij tð Þ

� � ð2:10Þ

where vij(t) is the velocity of the particle i in dimension j at time step t, c1 and c2 are
the positive acceleration constants used to scale the contribution of cognitive and
social skills, ŷij tð Þ is the best position, respectively, and r1j(t), and r2j tð Þ�U 0; 1ð Þ
are random values in the range [0, 1].

The best personal position in the next time step t + 1 is calculated as:

yiðtþ 1Þ ¼ yi tð Þ if f ðxi xi tþ 1ð Þð Þ� f yi tð ÞÞ
xi tþ 1ð Þ if f xi xi tþ 1ð Þð Þ[ f yi tð Þð Þ

�
ð2:11Þ

where f : Rnx ! R is the fitness function, as with EAs, the goal is measuring the
fitness function closely corresponding to the optimal solution, for example the
objective function quantifies the performance, or the quality of a particle (or
solution).

The overall best position ŷðtÞ, at time step t, is defined as:

ŷðtÞ� yo tð Þ; . . .; ys tð Þf gf ðyðtÞÞ ¼ min f yo tð Þð Þ; . . . f ðys tð ÞÞ;f g ð2:12Þ

where s is the total number of particles in the swarm, more importantly, the above
equation defining and establishing ŷðtÞ the best position is uncovered by either of
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the particles so far as this is usually calculated as the best personal best position.
The global best position can also be selected from the particles of the current
swarm, in which case is expressed as:

ŷ tð Þ ¼ min f xo tð Þð Þ; . . . f xns tð Þð Þ;f g ð2:13Þ

A few important and interesting modifications in the basic structure of PSO are
as follows:

Shi and Eberhart [55] introduced a new parameter called inertia weight (x) into
the velocity vector, Eq. (2.10), after which the equation becomes:

vij tþ 1ð Þ ¼ x � vij tð Þþ c1r1j tð Þ yij tð Þ � xij tð Þ
h i

þ c1r1j tð Þ ŷij tð Þ � xij tð Þ
h i

ð2:14Þ

The inertia weight x is employed to control the impact of the previous history of
velocities on the current velocity, thereby influencing the trade-off between global
and local exploration abilities of the particles. It can be a positive constant or even a
positive linear or nonlinear function of time. A larger inertia weight encourages
global exploration while a smaller inertia weight tends to facilitate local exploration
to fine-tune the current search area. Suitable selection of the inertia weight provides
a balance between global and local exploration abilities and thus requires less
iteration on an average to find the optimum [46]. Initially the inertia weight was
kept static during the entire search process for every particle and dimension.
However, with the due course of time dynamic inertia weights were introduced.

Clerc [56, 57] introduced a new parameter called constriction factor ‘K’ that
improves PSO’s ability to constrain and control velocities. Eberhart and Shi [45]
later verified that K, combined with constraints on Vmax, significantly improved the
PSO performance. The value of the constriction factor is calculated as follows:

K ¼ 2

2� u�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
u2 � 4u

p��� ��� ;u ¼ c1 þ c2;u[ 4 ð2:15Þ

With the constriction factor K, the PSO equation for computing the velocity is:

vij tþ 1ð Þ ¼ K vij tð Þþ c1r1j tð Þ yij tð Þ � xij tð Þ
h i

þ c1r1j tð Þ ŷij tð Þ � xij tð Þ
h in o

ð2:16Þ

Usually, when the constriction factor is used, u is set to 4.1 (c1 = c2 = 2.05),
which gives the value of constriction factor K as 0.729. Carlisle and Dozier [58]
showed that cognitive and social values of c1 = 2.8 and c2 = 1.3 also yield good
results for their chosen set of problems.

The constriction approach is effectively equivalent to the inertia weight
approach. Both approaches have the objective of balancing exploration and
exploitation, and thereby improving convergence time and the quality of solution
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found. It should be noted that low values of x and K result in exploitation with little
exploration, while large values result in exploration with difficulties in refining
solutions [51].

2.7 Time Series

A time series is a set of observations for the sequence of data xt each one being
recorded at a specific time. A discrete time series is one in which the set TO of times
at which observations are made is a discrete set, as is the case, for example, when
observations are made at fixed time intervals. A continuous time series are obtained
when observations are recorded continuously over some time interval, e.g., when
T0 2 0; 1½ �

Loosely speaking, a time series {Xt, t = 0, ±1,…} is said to be stationary if it has
statistical properties similar to those of the “time-shifted” series {Xt, t = 0, ±1,…},
for each Restricting attention to those properties that depend only on the first-and
second-order moments of {Xt}, we can make this idea precise with the following
definitions. Let {Xt} be a time series with EX2

t

� �
\1. Then mean function of {Xt}

is lx tð Þ ¼ EðXtÞ.
The covariance function of {Xt} is:

Yx r; sð Þ ¼ Cov Xr; Xsð Þ ¼ E Xr � lxðrÞð Þ Xs � lxðsÞð Þ½ � ð2:17Þ

for all integer r and s.
{Xt} is (weakly) stationary if:

(i) lx tð Þ is independent of t.
(ii) Yxðtþ h tð ÞÞ is independent of t for each t.

Remark 1 Strict stationary time series {X1, t = 0, ± 1,…} is defined by the con-
dition that (X1 . . .Xn) and (X 1þ hð Þ . . .X nþ hð ÞÞ have some joint distributions for all
integers h and n > 0. It is easy to check that if {Xt} is also weakly stationary.
Whenever we the use term stationary well shall mean weakly stationary.

Remark 2 In view of condition (ii), whenever we use term covariance function with
reference to a stationary time series {Xt} we shall mean the function Yx of one
variable, defined [40, 59–64] as:

Yx hð Þ := Yx h; 0ð Þ ¼ Yx tþ h; tð Þ ð2:18Þ

The function Yx (.) will be referred to as the auto covariance function and Yx(h) as
its value at log h [60].

Let {Xt} be a stationary time series. The autocovariance function (ACVF) of
{Xt} at log h is:
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Yx hð Þ ¼ CovðX 1þ hð Þ;XtÞ ð2:19Þ

The autocorrelation function (ACF) of {Xt} at log h is

px 	 YxðhÞ
Yxð0Þ ¼ CorðX 1þ hð Þ;XtÞ ð2:20Þ

2.8 Human Iris Biometrics

The biometrics systems can operate like a identification system or like a verification
system. In the first case the objective of the system is identify the individual taking the
biometric characteristic and comparing with the biometric characteristics existents in
the database. In the first case, the objective of the system is identify the individual, this
action is achieved with the obtaining the biometric characteristic of the individual and
compares with the biometric characteristics in existence in the database.

In the second case the individual provide at system their identity, the system
compare their biometric characteristic that is associated with the database to confirm
that the individual really is he.

The first use of the iris was presented in Paris, where criminals were classified
according to the color of their eyes following a proposal by the French ophthal-
mologist Bertillon [65]. Research in visual identification technology began in 1935.
During that year an article appeared in the ‘New York State Journal of Medicine’,
which suggested that “the pattern of arteries and veins of the retina could be used
for unique identification of an individual” [66].

After researching and documenting the potential use of the iris as a tool to
identify people, ophthalmologists Flom and Safir patented their idea in 1987 [67];
and later, in 1989, they patented algorithms developed with the mathematician
Daugman. Thereafter, other authors developed similar approaches [66].

In 2001, Daugman also presented a new algorithm for the recognition of people
using the biometric measurement of Iris [68].

In 2005, Roy proposes an iris recognition system for the identification of persons
using support vector machine [69].

In 2006, Cho and Kim presented a new method to determine the winner in LVQ
neural network [70].

In 2009, Sarhan used the discrete cosine transform for feature extraction and
artificial neural network for recognition [71]; Abiyev and Altunkaya presented the
iris recognition system using neural network [72].

The literature has well documented the uniqueness of visual identification. The
iris is so unique that there are no two irises alike, even twins, in all humanity. The
probability of two irises producing the same code is 1 in 1078, becoming known
that the earth’s population is estimated at approximately 1010 million [73], it is
almost impossible to occur.
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2.9 Historical Development

The backpropagation algorithm and its variations are the most useful basic training
methods in the area of research of neural networks. However, these algorithms are
too slow for practical applications.

When applying the basic backpropagation algorithm to practical problems, the
training time can be very high. In the literature we can find that several methods
have seen proposed to accelerate the convergence of the algorithm [3–5].

There exists many works about adjustment or managing of weights but only the
most important and relevant for this research will be considered here.

Momentum method—Rumelhart, Hinton y Williams suggested adding in the
increased weights expression a momentum term b, to filter the oscillations that can
be formed a higher learning rate that lead to great change in the weights [7, 74].

Adaptive learning rate—focuses on improving the performance of the algorithm
by allowing the learning rate changes during the training process (increase or
decrease) [74].

Conjugate Gradient algorithm—A search of weight adjustment along conjugate
directions. Versions of conjugate gradient algorithm differ in the way in which a
constant bk is calculated.

• Fletcher-Reeves Update [75].
• Polak-Ribiere Update [75].
• Powell-Beale Restart [76, 77].
• Scaled Conjugate Gradient [78].

Kamarthi and Pittner [79], focused in obtaining a weight prediction of the net-
work at a future epoch using extrapolation.

Ishibuchi et al. [80], proposed a fuzzy network where the weights are given as
trapezoidal fuzzy numbers, denoted as four trapezoidal fuzzy numbers for the four
parameters of trapezoidal membership functions.

Ishibuchi et al. [81], proposed a fuzzy neural network architecture with sym-
metrical fuzzy triangular numbers for the fuzzy weights and biases, denoted by the
lower, middle and upper limit of the fuzzy triangular numbers.

Feuring [82], based on the work by Ishibuchi where triangular fuzzy weights are
used, developed a learning algorithm in which the backpropagation algorithm is
used to compute the new lower and upper limits media weights. The modal value of
the new fuzzy weight is calculated as the average of the new computed limits.

Castro et al. [83], uses interval type 2 fuzzy neurons for the antecedents and
interval of type 1 fuzzy neurons for the consequences of the rules. This approach
handles the weights as numerical values to determine the input of the fuzzy neu-
rons, as the scalar product of the weights for the input vector.

Gedeon [84], using a discrete selection (following the Hebbian paradigm) per-
forms the weight adjustment. Monirul and Murase [85], as a strategy used the same
weights in epochs where the output does not change. Meltser et al. [86], performed
a weight adjustment of the network through the BFGS Quasi-Newton method
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(Broyden-Fletcher-Goldfarn-Shanno). Barbouinis and Theocharis [87], performed
the weights updating using the identification of recursive error prediction (RPE).
Yeung et al. [88], used a new training objective function to adjust the weights for a
network with radial basis functions.

Neville et al. [89], worked with sigma-pi networks, which are transformed for
performing a second task of assignation for which they were initially trained.
Casasent and Natarajan [90] used weights with complex values and the non linear
square law. Yam and Chow [91] developed an algorithm to find the initial optimal
weights of feed forward neural networks based on the Cauchy inequality and a
linear algebraic method. Draghici [92], calculates a range of weights for a category
of given problems and ensures that the network has the capacity to solve the given
problems with integer weights in that range.

There are also recent works on type-2 fuzzy logic that have been developed in
time series prediction, like that of Castro et al. [93], and other researchers [29, 94,
95].

In literature, the bio-inspired algorithms have proved that using them for opti-
mization in different areas of research is possible find an optimal results. There are
many works of different bio-inspired algorithms, but only works of the genetic
algorithm and particle swarm optimization and the most important and relevant for
this paper will be considered here: Valdez et al. [96], performed a hybridization of
GA and PSO algorithm and integral the concept of fuzzy logic in it, and other
researchers [97, 98].
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