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ABSTRACT
A NEW HYBRID METAHEURISTIC ALGORITHM APPLIED ON
A CLASSIFICATION PROBLEM

Armir KACABETI
Master, Computer Science and Engineering
Thesis Advisor: Asst. Prof. Dr. Amir SEYYEDABBASI
August-2021, Page: 56
Working with datasets has become a very complex task nowadays due to the large number
of data which are formed. Data science and data mining are two of many fields that are
affected by the rapid growth of data and high data dimensions. Large data causes
problems like high computational costs, memory costs and poor execution accuracy in
these fields. The above mentioned problems occurs because datasets are mainly machine
learning classifiers; however, the accuracy of machine learning can be affected by noise
and irrelevant functions too. Feature selection has been presented as one of the solutions
of these problems. Feature selection reduce the dimensionality of the data by selecting
the best subset of features. This reduction helps in speeding up the learning process,
simplify the learnt model and in the same time increases the performance. During this
process the accuracy performance should be maintained too, which is the main aim of the
feature reduction problem. In this thesis study, a new feature reduction approach has been
invented to improve and approximate the solutions of the feature selection problems. To
achieve this goal a new hybrid metaheuristic algorithm is proposed. In the hybridization,
three well-known metaheurstic algorithms were used, while performance of each of them
is significant. Exactly, Salp Swarm Algorithm, Grey Wolf Optimization and Whale
Optimization Algorithm were used. The hybrid algorithm follows the main structure of
these algorithm since each algorithm has specific nature behavior. Two main
improvement have been included in this study. The first is improving the population
diversity in the search space by using the three of the algorithms, and the second

improvement is made in the exploitation phase by mostly using GWO and WOA.

Keywords: Salp Swarm Algorithm, Grey Wolf Optimization, Whale Optimization

Algorithm, Feature Selection, Meta-heuristic Algorithms, Swarm Intelligence
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OZET
BiR SINIFLANDIRMA PROBLEMINE UYGULANAN YENI BiR
HiBRIT METASEZGISEL ALGORITMA

Armir KACABETI
Yiiksek Lisans, Bilgisayar Bilimi ve Miithendisligi
Tez Damigmani: Dr. Ogr. Uyesi Amir SEYYEDABBASI
Agustos-2021, 56 Sayfa

Veri kiimeleri ile ¢aligmak, verilerin ¢ogalmasiyla nedeniyle giinlimiizde ¢ok karmagik
bir gorev haline gelmistir. Veri bilimi ve veri madenciligi, verinin hizli biiyiimesinden ve
yiiksek veri boyutlarindan etkilenen bir¢ok alandan ikisidir. Biiylik veri, bu alanlarda
yiiksek hesaplama maliyetleri, bellek maliyetleri ve zayif yiirlitme dogrulugu gibi
sorunlara neden olur. Yukarida bahsedilen sorunlar, veri kiimelerinin temel olarak makine
ogrenimi siniflandiricilart olmasi nedeniyle olusur; ancak makine 6greniminin dogrulugu
giiriiltiiden ve alakasiz islevlerden de etkilenebilir. Bu problemlerin ¢oziimlerinden biri
olarak Oznitelik secimi sunulmustur. Ozellik secimi, dzelliklerin en iyi alt kiimesini
secerek verilerin boyutsalligini1 azaltir. Bu azalma, 6grenme siirecini hizlandirmaya,
ogrenilen modeli basitlestirmeye ve ayn1 zamanda performansi artirmaya yardimci olur.
Bu islem sirasinda, 6zellik azaltma probleminin temel amac1 olan dogruluk performansi
da korunmaldir. Bu tez ¢alismasinda, Oznitelik se¢imi problemlerinin ¢dzumlerini
tyilestirmek ve yaklasik ¢Ozlimleri tahmin etmek i¢cin yeni bir Oznitelik indirgeme
yaklasimi icat edilmistir. Bu amaca ulasmak i¢in yeni bir hibrit metasezgisel algoritma
onerilmistir. Hibridizasyonda, her birinin performans1 6nemli olmakla birlikte, iyi bilinen
iic metasezgisel algoritma kullanilmistir. Salp Siirli Algoritmasi, Gri Kurt Optimizasyonu
ve Balina Optimizasyon Algoritmas1 kullanildi. Hibrit algoritma, her algoritmanin
kendine 6zgii doga davranis1 oldugundan, bu algoritmalarin ana yapisini takip eder. Bu
calismaya iki ana iyilestirme dahil edilmistir. Birincisi, algoritmalarm tigiinii kullanarak
arama uzayimdaki popiilasyon ¢esitliligini iyilestirmek, ikincisi ise daha ok GWO ve
WOA kullanilarak somiirii asamasinda yapilir.

Anahtar Kelimeler: Salp Siru Algoritmasi, Gri Kurt Optimizasyonu, Balina
Optimizasyon Algoritmasi, Ozellik Se¢imi, Meta-sezgisel Algoritmalar, Siirii Zekasi
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CHAPTER |

INTRODUCTION

Nowadays the real-global issues usually consist of a massive range of records which
shape datasets. Handling this records has end up a complicated task. As we know, a
dataset consists of a massive range of attributes/features. Most of the time not all the
features contain useful information for the datasets. Irrelevance and redundancy take part
in some of those features, which causes the degradence of the performance of the model,
reduce the learning speed and increase the computational complexity of built models.
This is a major problem in the field of data mining, knowledge discovery, and machine
learning. Feature reduction one of the solutions of this problem. It selects a subset of
salient features, eliminates irrelevant and redundant features, and reduce the
dimensionality of the dataset. This reduction helps to accelerate the learning process,
simplify the learnt model and improve the performance. While reducing the size of
datasets we have to maintain the accuracy performance too, which is the principle goal of

feature reduction problem.

Feature reduction can be made in two ways: by feature construction or by feature
selection. The feature construction creates a new feature set from original datasets.

Feature selection is composed of choosing the relevant features from the original dataset.

Feature selection based on the subset evaluation process can be grouped in two major
categories which are: filter-based method and the wrapper-based method. In the filter-
based methods, features are being evaluated without considering any classification
algorithms. Firstly, features rank by using measures such as distance, dependency and
consistency and then the model is created by learning on train data with the selected
features. Wrapper is the opposite of the filter method as it utilizes a learning algorithm to
evaluate a candidate feature subset. The wrapper method is more accurate than the first

method, but it is computationally more expensive.

Feature selection is in fact a binary optimization problem, in which solutions are bounded

to 0 or 1 as binary values. Every solution in this problem is represented in a binary vector.

1



The number of the features that exists within the dataset is represented by the length of
the vector. If the value is one means the feature is selected; otherwise, the feature is not
selected. Using a stochastic search approach like metaheuristic algorithms to explore a
large portion of the search space and exploit near-optimal solutions is a way of tackling
feature selection. In recent years, metaheuristic algorithms due to their ability in solving
different problems in various fields have attracted the eye of the many researchers.
Accordingly, there have been proposed many metaheuristic algorithms inspired from
almost different phenomena in the nature, math, or physics. Population-based
metaheuristic algorithms applied on feature selection had shown improved results. For
instance, ant colony optimization (ACO), which mimics the foraging behavior of ants,
has been employed as a wrapper feature selection method. Bat algorithm (BA) is another
algorithm that has been successfully used in feature selection problem. Gravitational
search algorithm (GSA), based on law of motion and gravitation (invented by Newton),
has been employed as a wrapper feature selection too. Whale Optimization Algorithm
(WOA) is another recent algorithm that mimics the social behavior of humpback whales
was used as a wrapper feature selection method. Dragonfly algorithm (DA) is another

recent metaheuristic algorithm has been applied on feature selection problem.

In this thesis, a feature selection approach is proposed. The approach is evaluated on
hybridizing three metaheuristic search algorithms, Salp Swarm Algorithm (SSA), Gray
Wolf Optimizer (GWO) and Whale Optimization Algorithm (WOA). The proposed new
hybridized algorithm is called SSAGWOWOA. The process starts with the SSA and in
the other steps, based on the conditions of the iterations and random values the other two
algorithms are executed too. The purpose is to improve the SSA in the phases of
exploration and exploitation and then to use the new approach for the feature selection,

exactly for image feature reduction.

Chapter 2 is focused in giving an overview of metaheuristics, also describing in details
the algorithms that are hybridized in this thesis. The 3™ chapter introduces the proposed

approach while in the 4™ chapter simulation and results are explained.



CHAPTER I

LITERATURE REVIEW

2.1 Metaheuristic Algorithms

In computer science exists some problems that are difficult to solve by classic methods
and why not sometimes impossible to solve, which are known as NP problems. To solve
those problems heuristic techniques had been invented. A heuristic, in short, is a
technique designed for solving NP problems, or for finding an approximate/acceptable
solution when the exact solution is not founded by classic methods. Meanwhile, a
metaheuristic is an iterative approach that guides a subordinate heuristic by combining
intelligently different concepts for exploring and exploiting search space. They are mostly
inspired by the phenomenas that occure in nature. We can define a metaheuristic also as
a higher-level procedure or heuristic created to find or select a heuristic that may offer an
approximate solution to an optimization problem. Metaheuristics make few assumptions
while solving the optimization problems, which make them usable for a variety of

problems.

Metaheuristic techniques have gain popularity over the past two decades and have been
applied in different branches of science and industry. This popularity is due to the below

reasons:

a) Simplicity: Most of them have been inspired by simple concepts which are related
to physical phenomenas, animals’ behaviors, or evolutionary concepts. It is precisely
the simplicity that allows scientists and researchers to simulate various natural
concepts, improve current meta-heuristics, hybridize two or more of them or
recommend new meta-heuristics.

b) Flexibility: The meta-heuristics are easily applicable to various problems without
making any particular changes in it’s structure. They also take issues (problems) as
black boxes. This means that the most important thing of a system for a meta-

heuristic is the input and output.



c) Derivation-Free (Gradient-Free) Mechanism: The problems are optimized
stochastically in metaheuristics, which means that the optimization begins with
random solutions, and for finding the optimum there is no need to calculate the
derivative of search spaces.

d) Local Optima Avoidance: Meta-heuristics have better capabilities to avoid local
optima. The stagnation in local solutions is avoided and the entire search space is
being searched due to the stochastic nature of metaheuristics. So meta-heuristics
seems to be a good solution for optimizing problems that have a massive number of
local optima.

Meta-heuristic algorithms can offer reasonable solutions within an appropriate time. Just
as from time to time meta-heuristic algorithms won’t assure the best solutions,
additionally from time to time the solution founded won’t be acceptable. In other words,
the overall performance of the evolved algorithms may differ based in the problem that
they are applied. Just as an algorithm may be very successful in the solution of a problem,
in the other hand at the same time it may not be a good solution for another problem. As
said above, the meta-heuristic algorithm is independent from the problem and is executed
based on random inputs and acquired outputs. The purpose is to have an efficient

algorithm which is able to make good and acceptable solutions.

2.1.1 Characteristcs of Metaheuristic Algorithms

The two main classes of Meta-heuristics are:

e Single Solution Based

e Population Based

In the first class the search process begins with one candidate solution and then is
improved during the iterations, while Population-based meta-heuristics make the
optimization using a set of solutions (population). In contrast with single solution base,
in population based the search process begins with a random population (a couple of

solutions), which is improved through iterations.



Even though meta-heuristics differs from each other, they have a common feature too.
The search process of both is divided into two phases: exploration and exploitation. The
exploration phase consists of searching the promising area(s) of the search space as
broadly as possible. This phase is supported by stochastic operators of algorithms which
(stochastic operators) randomly and globally search the search space. The exploitation
consists of the local search capability around the promising regions obtained in the

exploration phase.

The performance of an algorithm is specifically influenced by a fine balance among these
two phases. Also, balancing these two phases is taken into consideration as a tough task.
If the exploration is too little and the exploitation is too much the system may be trapped
in local optima. In this case, it’d be very hard or perhaps not possible to find the global

optimum.

2.1.2 Classification of Metaheuristic Algorithms

Metaheuristic
Algorithms
Evolution based Swarm Intelligence Physics based Human behaviour
Algorithms based Algorithms Algorithms related Algorithms

Figure 1 Classification of Metaheuristic Algorithms

According to their behavior, the metaheuristic algorithms can be grouped in 4 categories:
i. Evolution-Based

As may be understood by the name, this group is inspired from the natural evolution. To

begin their process, they fisrtly generate random population of solutions. In those kind of
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algorithms, the best solutions come together to create new individuals, which are formed
by using mutation, crossover and pick out the best solution. The most well known
algorithm of this category is with no doubt, the algorithm inspired by Darwin Evolution,
Genetic algorithm (GA). We can mention here other algorithms like Evolution Strategy
(ES), Tabu Search (TS), Genetic Programming (GP), Differential Evolution (DE) etc.

ii. Swarm Intelligence-Based

Social behaviors of creatures like insects, animals, fish or birds etc. have been the main
inspirer for this group of algorithms. Particle Swarm Optimization (PSO) is the most
famous technique which is developed by Kennedy and Eberhart. In this case the behavior
of a group of birds have been the inspiration of the authors. They can find their best
location by flying acros the search space. We can mention here other algorithms like: Ant
Colony Optimization (ACO), Monkey Optimization etc.

iii. Physics-Based

The rules of physics in the universe have also been an inspiration to scientists which for
inventing the physic based group algorithms. Harmony Search (HS), Simulated

Annealing (SA), etc. are examples of mentioned group.
iv. Human-Related

The last group of algorithms are inspired by human behaviors. Researchers have
developed the algorithms by analyzing the human being activities, always keeping in
mind that every human being (person) has its manner of doing activities, which has its
affect in performance. Some of the famous algorithms are: Teaching Learning-Based

Optimization Algorithm (TLBO), League Championship Algorithm etc.

2.1.3 Related Work

The majority of the metaheuristics have been developed before and in the early of the
2000’s. We can mention here three major metaheuristic algorithms: Genetic Algorithm
(GA) (Goldberg, 1989), Particle Swarm Optimization (PSO) (Wei and Qigiang, 2004)
and Ant Colony Optimization (ACO) (Dorigo and Birattari, 2010).

6



Genetic algorithm is the most popular algorithm. Evolution theory of Charles Darwin was
the main impact in developing this algorithm. GA consists of generation reproduction
which includes phases like selection, crossover and mutation. It has been successfully
applied in fields like soft computing, health sciences and civil engineering.

Inspired by social behavior of birds, Particle Swarm Optimization (PSO) is another
populary algorithm in this category. In PSO particles communicate between each other,
which move on search space. The best solution is determined by fitness function. Many
of optimization problems has been solved by solutions that PSO can provide. It is mostly
used as a solution in the best route-finding issues. Finding routes in these kind of problems
seems to be an esssential issue especially in case of changing paths frequently. Other
parameters such as power, delay, delivery rate etc. have their effect in the decision
mechanism too. In those class issues, PSO can construct the most beneficial solutions and

routing paths.

Ant Colony Optimization (ACO) is the perfect example of swarm intelligence algorithms.
It simulates behaviors of ants as they find their way in foraging. ACO influences some
factors that each ant needs to find path according to the experience of other ants in the
path. The most used field of ACO is routing in wireless sensor networks. Finding the

optimal route is a critical issue in these networks.

Maybe not as known as the previous algorithms, the below algorithms have been

developed too:

Genetic Programming (GP) (Banzhaf et al., 1998), Differential Evolution (DE) (Storn
and Price, 1997), Simulated Annealing (SA) (Van Laarhoven and Aarts, 1987), Tabu
Search (TS) (Glover and Laguna, 1998), Greedy Randomized Adaptive Search Procedure
(GRASP) (Marques-Silva and Sakallah, 1999), Artificial Immune Algorithm (AlA)
(Dasgupta, 2012), Iterated Local Search (ILS) (Louren,co et al., 2003), Chaos
Optimization Method (COM) (Li and Jiang, 1997), Scatter Search (SS) (Mart’1 et al. in
2006), Shuffled Frog-Leaping Algorithm (SFLA) (Eusuff and Lansey, 2003), Variable
Neighborhood Search (VNS) (Mladenovi'c and Hansen, 1997) etc.



Despite the successful achievements of the metaheuristic algorithms in the early 2000’s,
new and evolving approaches have also emerged successfully in the last decade. SSA,
GWO and WOA metaheuristics are three of them that are described in detail below. They
have been in the attention of many researchers and have been cited many times in recent
years. Each of them is based on its kind swarm behaviour, all of these algorithms are
modified for solving feature selection problems. For each of the algorithms, are provided
details about their inspirations, mathematical models and pseudocodes.

A. SSA

Authors have been inspired by the swarming behavior of
Salps. They have a complex life cycle and live in
environments that are too difficult to access. Their shape
is given in Fig. 2, and in the next Fig. 3 is also shown the
ability of these creaters to live in chain, which illustrates
the swarming behavior. We have to keep in mind that the
extreme environments in which they live cannot be
created in laboratory environments which make the

Figure 2 Shape of Salp
researches even more difficult.

Follower salp

I_eader salp

. Salps chain

\.Direction of motion

>~

Figure 3 Salp Swarm (Salp Chain)
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Mathematical Model

The population of salps consists of the leader and the followers. The first salp of the chain
is considered as the leader and the rest are followers. The duty of the leader is to lead the
swarm while the followers has to follow each other. In some way they indirectly follow
the leader, because all the chain follows the previous salp except the leader. The
mathematical model of the chain is developed by defining the positions of the salps in an
n-dimensional search space (n represents the number of the variables of the given
problem). So in this model too, as in the other swarm-based techniques, the position of
all salps is stored in a two dimensional matrix which is called x. Also, the food source F

is assumed as the swarms target.

The leader updates its position by the below equation (1)

1 Koy * ((ub; — 1b))c, + 1by) if c3 2 05 "
! XBestj - ((ubj - lbj)cz + lb]-) else
where X ]-1 and X Best; represent the new position of the leader and food source respectively

in the j dimension. The upper and lower bounds of j* dimension are represented by ubj
and Ib;. ¢, and c5 are variables that are generated randomly in the interval [0, 1]. In SSA,
the balance between exploration and exploitation is controlled by the ¢, parameter. c, is
calculated by the Eqg. (2), where t is the current iteration and T is the maximum number

of iterations.

4t
c, = 2e” " (2)

The position of the followers is updated by using the Newton’s law of motion as in Eq.

(3):

Xi = ~gt?+ wot,i =2 (3)

where in represents the position of i" follower salp in the j" dimension. The time t

corresponds to the current iteration, g indicate the acceleration and w, indicate the

9



velocity. In Eq.(3) having the initial speed w, fixed to 0 and the discrepancy fixed to 1
(At = 1), means that the updating process of followers is expressed by a new equation as
in Eq.(4):

Xf= X+ X" (4)

Pseudocode of SSA is shown in the below figure (4)

Initialize the population size N and max iterations number T
Set the initial iteration number ¢ := ().

Generate the initial population X which contains N.
Evaluate solutions the fitness function of all individuals X.

) S e 0N e

Denote the best solution in the population as Xg .
6: Repeat

Update ¢; according to Eq.(5).

8: fori-1to N do

-3

9: if (X, leader) then

10: Update the position of the leader salp as in Eq.(4).
11: else

12: Update the position of the follower salp as in Eq.(7).
13: end if

14:  end for

15: Sett=t+41.
16: until (1< 7).
17: Produce the best solution.

Figure 4 Pseudocode of SSA

As each metaheuristic algorithm the SSA has its own advantages and disadvantages too,

which are mentioned as follows:
1) Easy to implement

2) During optimization process, SSA uses only the optimal solution in the actual iteration

as food.

3) Simplicity

10



The disadvantages of SSA are as follows:

1) The leader is followed by the followers, if the leader falls to the local optimum, the
entire population will be missleaded into the local optimum too.

2) The position of the leader is being updated based on the food’s location. The
calculating process reduces the direct interaction between leader and food.

3) The mathematical model of SSA expresses a low precision of algorithm because there

IS no transition between exploitation and exploration.

B.GWO

Grey Wolf take part in the Canidae family. Grey wolves are considered top predators,
which means that they are at the top of the food chain. Grey wolves usually choose to live
in a pack, which average size is 5-12. Their social hierarchy is shown in Fig. 5

Decision makers ‘ A
Decision can be made by
supporting alpha from beta

Figure 5 Hierarchy of GWO

Obeys the decistons of
alpha and beta

The alpha group is also known as the leader group and is made by a male and a female
wolf. The alphas have the responsibility of deciding about hunting, time to wake, sleeping
place etc. Their decisions are forwarded and must be followed by the pack, which makes

them to be known as dominant wolf. An interesting fact is that the alpha has to be the best
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in managing the pack and does not have to be the strongest member of the pack. This

means that the organization of a pack is far more important than its strength.

Beta comes after the alpha group and is the second level in the hierarchy of grey wolves.
They are also known as co-leaders because they assist the alpha in decision-making and
other pack activities. As alphas, the betas gender is not important too, they can also be
female or male. Also if one of the alpha wolves dies or “retires” the wolves of this group
are the best candidate to replace the alpha. Role of this group suits to the role of an advisor
for the alpha.

The third group of wolves are the delta wolves. As it can be understood by the hierarchy
they dominate the 4" group but have to submit to alphas and betas. This group is
responsible for protecting, watching the territory, hunting, providing food and caring for
the pack. The safety of the pack has to be guaranteed by this group and in case of any
danger they have to warn the pack too.

The lowest level of grey wolf hierarchy is omega. They must submit to all the upper level

wolves. Also, they are the last wolves that are allowed to eat.
Mathematical Model

Analyzing the hunting process of the wolves have helped the authors to develop the

mathematical model. This process consists of three steps which are:

= Track, chase and approach the prey
= Pursuit, encircle and harass the prey until it stops moving
= Attack

As we mentioned above, gray wolves surround prey throughout the hunt. The following

equations are proposed to mathematically model encircling behavior:
D = |CX,(t) — X(t)| (5)
X(t+1)=X,(t)— AD (6)
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where t is the current iteration, 4, C are coefcient vectors, X is the position vector of the

grey wolf, and XT, is the position vector of the prey. A, C,and d are calculated as Egs. 7,

8, and 9, respectively

i=2(1-2)(9

where d is linearly decreased from 2 to 0 through the iterations. It is used to get closer to

the solution range. 77 and 7, are the random vectors in range of [0,1].

Dispite the ability of grey wolves to surround prey position, in the mathematical model
the position of the prey is uncertained. Three best candidate solutions are represented by
alpha (which is the frst best solution), beta, and delta. Omega wolves update their
positions according to the wolves in the above layer, the delta wolves. The below Eqgs. 10,
11, and 12 have been proposed:

—

D = |C; Xz — X|
Dg = |C; X — X|
Ds = |C; X5 — X| (10)
X; = |Xq — A, Dy
X, = |Xg — A Dyl

X; = |Xs — A; Ds| (11)

)_(’(t + 1) — Xl(t)+ X23(t)+X3(t) (12)
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As we already know, exploration and exploitation have critical importance in meta-
heuristic algorithms. GWO attempts to trade-of among those phases. In GWO, d value in
each iteration decreases from 2 to 0. 4 value is also decreased by a. The value of Ais
critical to a grey wolf. When |A|<1, wolves try to search other prey, which proves the
exploration and exploitation concepts. ¢ parameter gives random values in each iteration.

This value has an efect in exploration all time, even in the final iteration, authors say.

to o oy ether Rimnters

Extimated position af the
prey

0000

Figure 6 Position updating in GWO
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Pseudocode of GWO is shown in the below figure (7)

Initialize the grey wolf population X, (i = 1, 2, ..., n)
fnitialize a, A, and C
Calculate the fitness of each search agent
X, =the best search agent
Xy=the second best search agent
Xi=the third best search agent
while (t < Max number of iterations)
for each search agent
Update the position of the current search agent by equation (3.7)
end for
Update a, A, and C
Calculate the fitness of all search agenis
Update X, Xp and X;
i=t+l1
end while
return X,

Figure 7 Pseudocode of GWO

Advantages and Disadvantages

GWO shows a good performance against alternative metaheuristic algorithms, such as
PSO or GSA. Compared to others, in the exploitation phase seems to be very competitive,
while having good results in the exploration phase too.

Anyway, GWO has troubles almost about the stability (balance) among exploration and

exploitation. Another disadvantage of it is being not able to solve nonlinear equation
systems.
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C. WOA

Has been inspired by the bubble-net hunting strategy. They have a special hunting method
which consist of hunting small fishes close to the surface by creating bubbles in the shape
of 9. This method has been showed in the Fig. 8.

Figure 8 Bubble-net encircling strategy of WOA

In the beginning, this behavior has been investigated from surface while later some tag
sensors are set to investigate more accurately this behaviour. They found two main
maneuvers associated with bubble, named as ‘upward-spirals’ and ‘double-loops’.
Firstly, humpback whales dive around 12 m down and then start to create bubble in a
spiral shape around the prey and then swim up toward the surface. The second maneuver
consists of three different stages which are: coral loop, lobtail, and capture loop. As a
result, has been discovered that they own a unique behaviour that can not be found in

other whales.
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Mathematical Model

Humpback whales have the potential to understand the placement of prey and so can flank
them. In WOA, the best candidate solution is the target prey. When the best search agent
is defined, the rest of search agents try to update their positions towards the best agents

by using the following equations:
D = |CX*(t) - X(t)| (13)
X(t+1)=X"(t) — AD (14)

where t is the current iteration, A and C are coefficient vectors, X* is the position vector
of the best solution obtained, X is the position vector and | | is the absolute value. If a
better solution is found then the X* should be updated in each iteration. The vectors A and

C are calculated as follows:

where a is linearly decreased from 2 to O through iterations (in both exploration and

exploitation phases) and # is a random vector which values are in [0,1]. The region of the

whale in which close to the prey can be managed by values of A and C vectors. The new

position of the search agent can be diagnosed among the current position of the whale and

the best position by assigning values for A within the range [- 1 and 1].

The distance between the best position X; and the current position X, is calculated by the

Eq. (17) which also is being used to create a spiral-shaped approach.
X(@i + 1) = e’ cos(2mk) D* + X* (i) (17)
where the distance between the whale and prey (which is the best solution) is represented

by D*.
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D* = |[X*(i) — X()| (18)

b is a constant value that identifies the logarithmic spiral shape and k represents a random
number in the range [- 1 and 1]. The circular contraction mechanism and spiral
mechanism have both a 50% chance of being chosen during the iterations as shown in Eq.
(19).

X*—AD ,if p<05

—_ — (19)
eb® cos(2mk) D* + X* (i), if p = 0.5

)?(i+1)={

where p is a number between [0 and 1].

The exploration phase is a random search method. This method extends the exploratory
phase, where hunting for prey depends on changing the position of each whale. At this
stage, the position of the whale will change, depending on the random search, not the
optimal position. This technique is resulted in performing global optima and overcoming
local optima:

P —

X(i+1) =X,.q0—AD (20)
D = |C Xpnq — X| (22)

where m is the randomly selected position of the whale among the whales. As can be
seen in the pseudo-code of WOA, the population is being initialized randomly, and then
the applicability of each search agent is evaluated. This process continues until the best
solution is found. Then, the variable coefficients are updated and a random number used

to update the location of the agent using equations (14) and (20) or equation (17).

Convergence is being guaranteed by WOA because the position is updated based on the
best fit. Therefore, WOA can be maintained at the local optimum, and since it linearly

decreases from 2 to 0, a is the main factor affecting the two-phase balance.
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Pseudocode of WOA is shown in the below figure (9)

Initialize the whales population X; (i =1, 2, ..., n)
Calculate the fitness of each search agent
X*=the best search agent
while {t < maximum number of iterations)
for each search agent
Update a, A, C, |, and p
ifl (p<0.5)
if2 (|4 < 1)
Update the position of the current search agent by the Eg. (2.1)
else if2 (|4/ = 1)
Select a random search agent (X, 454
Update the position of the current search agent by the Eg. (2.8)
end if2
else ifl (pz0.5)
Update the position of the current search by the Eg. (2.3)
end ifl
end for
Check if any search agent goes bevond the search space and amend it
Calculate the fitness of each search agent
Update X* if there is a better solution
t=t+1
end while
return X*

Figure 9 Pseudocode of WOA
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2.2 Feature Selection in Metaheuristic Algorithms

Feature selection techniques were implemented to classification problems in order to
select a reduced feature set which improves the classifier by making it more accurate and
faster. For a large number of features, comparing all states is computationally non-
feasible requiring meta-heuristic search methods. These methods try to solve the
challenges that related to real world problems with competition and cooperation strategy
between agents. Many studies have been done in the feature selection, which are
intersection with swarm intelligence. Advanced binary ACO (ABACO) was proposed for
feature selection and dimension reduction. In 2005, Sahan et al. applied the Attribute
Weighted Artificial Immune System (AWAIS) to diagnose Heart and Diabetic diseases.
In this study has shown the negative effects of irrelative features in diseases diagnosis
process. In other study, Huang proposed a hybrid method of ACO and SVM for feature
selection. Inbarani et al. offered a model based on PSO and rough sets strategy for selected

features. Nahar et al. used the computational intelligence to diagnose Heart disease.

c45 J48 D3 pr
ANN2% 2% 171% _ KELM
‘ — 1%

RE 4%

KNN
42%

SVM
29%

Figure 10 Role of different classifiers in solving feature select problems
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2.2.1 Related Work of SSA in Feature Selection

Ibrahim used SSA to solve the feature selection problem (SSAFS) for the first time in
2017 applying a threshold of 0.5 to construct a binary vector. SSAFS is implemented to
health records like breast, bladder, and colon cancer records and compared with other
algorithms. SSA with ten chaotic maps and transfer functions. The KNN classifier is used
to asses the classification accuracy and applied to twenty reference data sets. Faris has
evolved an efficient binary SSA with S-shaped and V-shaped transfer functions, which
incorporates a crossover operator in place of an intermediate operator to enhance scanning
quality. The proposed method is used with the KNN classifier and applied to 22 known
ICU data sets, and it is found that the S-shaped transfer function gives the best results. In
order to remove the traps in the local optimization and improve the exploration and
utilization of SSA, the Salpa position is updated with the chaotic singer map and local
tubisat search algorithm. Applied to twenty reference records and three hadith records.
Hegazy improves SSA (ISSA) by adding weights to match the best solution for KNN
classifier rendering and classification. ISSA was used for 23 ICU records and compared

with baseline SSA and four other meta-heuristic algorithms.

2.2.2 Related Work of GWO in Feature Selection

In the first binary version of GWO, Amari used the sigmoid transfer function to obtain
the binary vector (0GWO). The KNN classifier was applied to 18 different ICU data sets
in order to calculate the classification accuracy. In addition, for good research, small,
random and large initialization methods are used in the initialization phase. A modified
version of GWO was proposed by Sharma for identifying symptoms of Parkinson's
disease using random forest, KNN, and decision tree classifiers. Patak proposed to charge
GWO. Flight is used to select the appropriate attributes of the Random Forest A classifier
to analyze the image strategy and apply it to the Bossbase version 1.01 data set. The
results obtained show excellent performance to achieve excellent convergence. To
diagnose cardiovascular diseases, AlTashi uses the GWO algorithm to select the best

traits and uses SVM as a classifier. The proposed method has been applied to the
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Cleveland dataset, which is free to use and has very good performance. In addition, the
author proposes a binary version (BMOGWS), which uses a sigmoid function to solve
the multi-criteria feature selection problem using artificial neural networks for
classification. BMOGWS was applied to fifteen reference data sets and compared with
MOGWO with tanh transfer function. Hu proposed a new transfer function and a new
scheme to update GWO parameters. Advanced GWO (ABGWO) was applied to 12 ICU
data sets and showed better results than other algorithms. GWO has different versions for
classification in different areas such as medical diagnosis, cervical cancer,

electromyography (EMG) signals, facial emotion detection, and text function selection.

2.2.3 Related Work of WOA in Feature Selection

Hussien used S-shaped and V-shaped transfer functions in conventional WOA in order to
solve the binary optimization problem, and in 2017 used 11 UCI data sets to solve the
feature selection problem. Their relevance. bWOA has proven that it can provide
maximum accuracy by minimum selected features. In order to improve the proposed
method, Syed proposed a chaotic whale optimization algorithm (CWOA) with ten chaotic
cards. The best balance between the two important attributes of the study and the use of
the algorithm. Tubishat classifies the Arabic sentiment analysis dataset by proposing an
improved WOA (IWOA). IWOA contains evolutionary operators, such as crossover,
mutation, and selection, just like in differential evolution. Data sets are available and
compared with other methods. Jalili proposed two binary variants of WOA, including
crossover and mutation operators and the use of roulette and tournament selection in
WOA. 20 records are used in this method. A new version of WOA was proposed by
Agrawal based on the quantum concept, using a qubit representation that is applicable to
everyone, and applying the new version to fourteen data sets. There are several other

versions of WOA to solve the problem of feature selection.
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2.3 Hybrid Metaheuristic Algorithms

Hybrid meta-heuristic algorithm refers to combining the best operators in different meta-
heuristic algorithms to develop a new and improved algorithm. In recent years, hybrid
algorithms have received a lot of attention in solving optimization problems. Developed
to obtain a subset of relevant and best features from the original data set. There are many
ways to build better algorithms to find the best solution. The improved algorithm helps
to eliminate the traps in the local optima, eliminate premature convergence, effectively
explore the search space and effectively use weaknesses. In addition, the improved
algorithm provides the best or near-optimal solution, as well as the best compromise

between research and the quality of algorithm use.

Several algorithms are described, which combine the best features of different algorithms
to develop a new algorithm. Hafez et al. proposed the MAKHA algorithm, in which the
jumping process is taken over from the monkey algorithm, and the evolution operator
(mutation, crossover) of the krillherd algorithm is used to quickly find the optimal
solution. The MAKHA algorithm was tested with the KNN classifier on 18 ICU data sets

and achieved the classification accuracy.

One of the most popular and promising algorithm in the physics-based category is
Simulated annealing (SA). Therefore, in order to improve the whale optimization
algorithm, Mafarj and Mirjalili added SA to the WOA. They accelerate the use of WOA
by improving the best solution after each solution. The performance of the hybrid
WOASA algorithm was tested on 18 data sets using the KNN classifier.

The location update quality of the Crow search algorithm is used in the gray wolf
optimizer, and a good balance is found between exploration and exploitation (Arora).
They mixed an algorithm similar to GWOCSA, which was applied to the 21 known
records in the UCI repository. Space uses transfer function S. The accuracy of the
considered ANN classifier is compared with other meta-heuristic algorithms of the latest

generation.
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In order to get rid of the local optimum in the sine and cosine algorithm, Abd Elaziz
proposed a hybrid algorithm using differential evolution algorithm for local search
methods. An improved version of the sine-cosine algorithm was tested on eight ICU data
sets and showed the best results in terms of performance and statistical analysis.

Tawhid and Dsuza developed a hybrid algorithm that uses the bat algorithm and an
improved version of the PSO algorithm to solve the feature selection problem in binary
space. In order to convert the position of the bat in the binary space, the V-shaped transfer
function is used, and the S-form transfer function is used in the same way. The transfer
function is used to obtain the binary position of the particle in the PSO. Get the algorithm.
The hybrid HBBEPSO algorithm combines a good insight into the bat algorithm and the
convergence characteristics of the PSO algorithm, and achieves the best performance
from 20 standard data sets. Compared with all algorithms, the accuracy is high. Binary
black hole algorithm and PSO algorithm are used to select the pre-processing method of
genes for cancer classification, in order to more effectively improve the research and
utilization rate. Various classifiers used to evaluate performance accuracy and obtain

results from two standard microarrays and three clinical data sets.

Neggaz et al. proposed a hybrid algorithm that uses a sine-cosine algorithm to control a
group of Salps to solve the feature selection problem. Baliarsingh built a social
engineering optimizer in EPO to improve the performance of EPO. SVM classifier
modified by memetic algorithm. And apply it together with the hybrid method proposed
for medical records. The proposed hybrid algorithm is compared with other known meta-

heuristic algorithms and is superior to other algorithms.

Another hybrid EPO method proposes a face recognition cultural algorithm. This method
improves the ability of existing methods and is applied to face recognition together with
the SVM classifier. It gives better results in terms of convergence and reliability. The sine

cosine algorithm improves the research stage and avoids premature convergence.

In order to obtain the optimal gene from gene expression data, Shukla combines TLB
with the SA algorithm. The SA algorithm is used to improve the solution quality of the

TLBO algorithm and help find suitable cancer detection genes. A function to convert
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variables into binary variables is proposed. The SVM classifier was used to evaluate the

classification accuracy and tested on ten sets of microarray data sets.

Various hybridizations of different meta-heuristic algorithms have been developed to
solve different applications of feature selection problems. Jaya algorithm is used for
genetic selection of forest optimization algorithm. The use of enhanced JA is used to
optimize the two parameters of the forest optimization algorithm. Gray wolf optimizer
and Grasshopper optimization algorithm are used to select text function, PSO algorithm
and gravity search algorithm are used in industrial foam injection process. Use random
fractal search algorithm and optimization algorithm of locust and cat colony to select

features.

Below have been shared tables of modification and hybridization of both WOA and GWO

algorithms:

Table 1 WOA modifications

Meodification Name

Purpose

Conclusion

WOA m Neural
Networks

WOA is used as an optimizer to control
weight and biases in neural networks

Fesults presented that neural network by
using WOA performs better compared to
the Backpropagation algorithm

Chaotic WOA

Chaos was used to control the status of
WOA and to improve the performance of
convergence speed, and achieve a better
result

Ten maps were tested in order to develop
a chaotic set. CWOA improved the
efficiency of WOA and balances
between exploration and exploitation by
using 0.7 as an initial point

Memetic WOA

Awoiding local optima is drawback of
WOA. Therefore, MWOA was proposed
in order to prevent WOA from this
problem.

MWOA added a chaotsc search
embedded inside the exploration phase
and creates stability between exploration
and exploitation

The decreasing cloud physical machine

ILWOA was tested on 25 mathematical
functions and then the resault compared

I WOA b the aim of i ing ILWOA
MBer qas te arm o unpi.’ovmg to WOA, which showed that ILWOA
due to the available bandwidth. . )
improved WOA performance
The control parameter a is linear, so, it
cannot work well with nonlinear problems  The result showed that IWOA performed
TWOA inside the search process. IWOA used well compared to standard WOA in

some nonlinear strategies to overcome
this problem.

convergence speed
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Table 2 WOA Hybridizations

WOA Hybridization

with Purpose Conclusion
Improving the exloration of WOA and The WOA-BAT improved the quality of
BAT obtaining a better solution in the exploitation results against standard WOA and other
phase was the aim of WOA-BAT algorithims
Artificial Neural Results of the neural network based on

Network based on
WOA

Using WOA to overcome the balancing
difficulties related to parameter settings

WOA showed better performance, which is
9.9 % accuracy

PSO

The aim of PSO-WOA was to obtain better
results for solving numerical functions that
are global

PSO embedded inside the hunting phase and
the result was more efficient compared to
the standard WOA

BS (Brain Storm)

Privacy is a big challenge in cloud computing,
so the secret key of data was identified by
BS-WOA

Results showed that BS-WOA obtained
better security by protecting the
confidentiality and effectiveness of data in
the cloud

CBO (colliding
bodies optimization)

The aim od WOA-CBO was to improve the
accuracy result, reliability and convergence
speed

WOA-CBO compared with the standard
WOA and results showed that WOA-CBO
performed better than WOA

MFO

Avoiding time consuming for determining the
best optimal thresholding in multi-threshold
was the aim of WOA-MFO

Compared with five algorithms, WOA-MFO
showed a better result in terms of speed. the
best fitness value and the ANOWA test

LS (Local Search)

Reducing computational cost and avoiding
local optima

The best result could be achieved quickly by
using various techniques like swamp
mutation, local search strategy and insert-
reversed block

Table 3 GWO Modifications

Modifications

Purpose

Conclusion

Meodified GWO

MGWO was proposed to tune recurrent
neural network parameters, which then used
for classifving students performance

As a result. MGWO could find the best
solution than other competitive models.
MGWO has a greater impact to improve the
result of a recurrent neural network

Chaotic GWO

Increasing the convergence speed was the
purpose of this modification by adding
different chaotic methods

10 chaotic maps were used and the best was
chosen in order to use it with GWO. The
results showed that CGWO improved GWO

Binary GWO

There are different large-scale problems.
Unite conunitment problem was one of these
problems that could be solved by BGWO

It was compared to the standard GWO and
a varietv of binarv algorithms. The resulis
showed that BGWO outperformed well

Intelligent GWO

The aim of IGWO was at solving different
problems (predict the future energy price) in
companies, which sale power in the energy
market.

IGWO was tested on 22 benchéark
functions. IGWO was compared with GWO,
Oppositipnal GWO and PSO. Results
showed IGWO superior to other algorithms

GWO

The aim of this work was to improve
performance of the human recognition
system

Results are compared to GA and Firefly
Algorithm The GWO outperformed well
compared to GA and FA

Power GWO

GWO was used to solve complex
optimization problems based on power local
optimization approach, which was essential
for clustering

PGWO was tested on 7 benchéark fimctions
and tested on 9 data sets for clustering.
Results showed that PGWO performed well
against the most recent algorithms
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Table 4 GWO Hybridizations

GWOo
Hybridizations with

Purpose

Conclusion

Dragonfly (DA)

The renewable energy system has some
problems, such as voltage deviation, power
loss and decreasing fuel cost, solution of
which is the aim of this approach

The result showed that it was faster and
improved its performance when the TEEE 30
bus system was used to test

Recurrent Neural
Network

The learning experince and forecasting
outcome of the students results was the aim
of this hybridization

Results proved that the hybridized system
improved the forecasting task in terms of
accuracy compared to other models

Long Short Term
Mermory (LSTM)

The recurrent neural network has some
drawbacks related to accuracy, convergence
speed. GWO was used to train the LSTM
recurrent neural network

Simulation results presented that GWO can
improve the performance of the recurrent
neural networks by training the LSTM
recurrent neural networks

Fireworks Algorithm
(FWA)

The aim of this hybridization was to combine
the 2 most efficient algorithms

The FWA-GWO was tested on 22
benchmark functions and been compared to
FWA and GWO. The resulis showed that
FWA-GWO outperformed other two
standard algorithms

Hybridizing both algorithms to have a better

The hybridized approach was verified on 6

Flower Pollination .. . . . benchmark functions and then compared
Algorithm (FPA) solution in solving real-world applications against PSO, FPA and GWO. GWO-FPA
was the aim of this hybridization C ..

showed superiority in its performance

The results were compared with standard
Sine Cosine To improve the quality solution of GWO, GWO, SCA, WOA, ALO and PSO. The
Algorithm (SCA) GWO was hybridized with SCA GWO-SCA performed well in solving test

functions and real-world problems

GWO was hybridized with a crossover and
GA Solving the economic dispatch problems was  mutation mechanism for improving the

the aim of this approach

performance. The results showed equality in
some cases and better results m others
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CHAPTER 111

RESEARCH METHODOLOGY

This section describes the proposed method of the thesis. The main goal of this study is
to propose a hybrid metaheuristic algorithm. Besides, image features are one of the big
datasets in the science and engineering. The optimal image feature selection is also
important, since the optimal feature selection is one of the NP-hard (nondeterministic
polynomial) problems, the proposed hybrid method is applied on an image data set. The
proposed hybrid algorithm is made by using the SSA, GWO and WOA algorithms. These
algorithms are the well-known algorithms also the performance of each of them is
significant. In this way, the mechanism of each algorithm is used on the hybrid algorithm.
The hybrid algorithm follows the main structure of these algorithm since each algorithm
has specific nature behavior.

3.1 Description of Proposed Method

The metaheuristic algorithm tries to find the optimal solution. The search agents in the
metaheuristic algorithms select the optimal solution from the search space. They follow
a mechanism to update the search space. One of the main problems in the heuristic
algorithm is trapping on the local optima. The metaheuristic algorithm avoids local
optimum trapping by the two phases; exploration and exploitation. In the exploration
phase, the search agents search on the environment (area) to find an approximate solution
and the optimal solutions which are found on the exploration phase are selected on the

exploitation phase.

The hybrid metaheuristic algorithm mainly used two algorithms, newly the hybrid
metaheuristic algorithms used three different metaheuristic algorithm. The proposed
algorithm combines different nature behaviors of each algorithm to find optimal solution.
As mentioned before, the main goal of the metaheuristic algorithm is trapping on local
optimum avoidance, also the hybrid algorithms try to improve performance on trapping

on local optimum avoidance. The metaheuristic algorithm not guarantee to find the best
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solution while they try to find optimal solution as well as the hybrid metaheuristic

algorithms. Each algorithm is described in the previous section in depth.

In the SSA algorithm the leader search agent has the main role in the algorithm, in this
way the other search agents follow the leader behavior and position. If the leader search
agent chose the good solution the search agents remaining on the swarm select this
solution to follow, on the other hand the bad selection of the leader effects the whole
swarm. The GWO algorithm is the well-known algorithm but has some disadvantages
such as; low solving precision, slow convergence, and bad local searching ability. The
WOA algorithm suffers from improving approximate solutions during in each iteration
in this way the WOA in the exploitation phase has not respectable performance. The
proposed hybrid algorithm uses the advantages of the SSA, WOA, and GWO algorithms.
The disadvantage of these algorithms are also improved in the hybrid algorithm. The main
goal of hybrid algorithm is to avoid trapping on the local optimum, besides improve the
exploration and exploitation phases, which is the one the issues that faced in the

metaheuristic.

The hybrid algorithm consists of the three metaheuristic algorithm, SSA, WOA and GWO
algorithms. As known in the metaheuristic algorithm there is a search space that
initialized from random solutions. The search agents include salp swarm, whales, and
grey wolves try to find optimal solution from the search space. The fitness value for each
of the search agents is calculated based on the objective. There are three level fitness
value, first, second and third based on the objective function is maximizing or minimizing

the problem the fitness values are ordered.

Initially, the i search agents (i=1, 2, ..., n) are divided two groups. In the first group the
i" search agent in the search space updates the current position based on the SSA
algorithm structure (Eq.22). The remaining search agents between the second and i/2™
update the position based on the GWO algorithm. In the GWO algorithm the position
update is followed by the alpha, beta, and delta wolves. In this way, the hybrid algorithm
update the omega wolves based on the first three wolves. The second group of the search

agents in the hybrid algorithm follows the WOA algorithm structure. As mentioned in the
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previous section on thesis, the WOA algorithm consists of the two condition on position
update. The random number between zero and one is selected. If the random number is
smaller than 0.5 the search agent update, follow the eq. 30 or 31 on the other hand the
search agents use the Eq. 32.

XE= Xpese, + 1 ((ubj — 1b)c, + 1by) (22)
Dy = |C; X, — X| (29)
Dg =1C; X5 — X| (24)
D5 =G5 X5 — X| (25)
X, = X, — A; D,| (26)
X, = |Xs — A, Dg| (27)
X; = |X5 — A3 Dg| (28)

X1(0)+ X5 () +X3(0)

X(t+1)= .

(29)
D =|CX(t)— X(®)| (30)
X(i+1) = X,qna — AD (31)

X(@i + 1) = eP* cos(2mk) D* + X* (i) (32)

As mentioned before, the image data set has many features. Some of these features maybe
not important to save and use on the other studies. If the data set with many feature is
used in the machine learning there are many time and cost to train the features to the
machine. In this way, the reduced data set is important to use. Besides the reduced data

set should be benefits the more effective features which has the significant role in the
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image retrieval. In this thesis, the hybrid algorithm is used to reduce the ionosphere data
set. The reduced data set with more effective feature is evaluated by the two well-known
classifier like SVM and KNN.

SVM classifier is a kernel-based supervised learning algorithm that can divide data into
two or more classes. SVM is specially developed for binary classification. In the training
phase, the SVM creates a model that displays the decision limits of each category and
displays the hyperplane that separates the different categories. Increasing the distance
between classes by increasing the hyperplane field helps to improve the classification

accuracy.

The KNN algorithm is an instance-based learning method, which is used to classify
objects according to their closest training instance in the feature space. Objects are
classified by the majority decision of their neighbors, that is, the object is assigned to the
category with the highest frequency among its nearest neighbors, where Kk is a positive
integer. In the KNN algorithm, the classification of the new vector test attribute is
determined by the classification of its "most complex™ neighbor.

Feature selection can be modeled as a general optimization problem, in which two goals
must be achieved; the minimum number of selection functions and the maximum
classification accuracy. The optimal solution is to select a solution with few features and
high classification accuracy. The KNN classification accuracy is used as a fitness function

to evaluate the performance of all search agents.

In this thesis, the proposed hybrid algorithm has been used as a wrapper feature selection
mode by applying the two of above mentioned classifiers as a fitness function. The
proposed algorithm can be used with any other classifiers too. SVM and KNN are used
one by one as a classification algorithm to evaluate the quality of the selected features. It
can be seen from Figure 11 that the proposed model consists of two main stages; feature
selection and classification. The model first takes the original data set as input, then the
proposed hybrid algorithm tries to select valuable features, and then uses the obtained
features to feed once the KNN and then the SVM classifier. The results have been

compared and shared in the next section.
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3.2 Pseudocode of Proposed Hybrid Algorithm

1 Initialize Population

2 while iter <= maxiter

3 Check if any agents go beyond the search space

4 Calculate the Fitness values for each search agent

5 Calculate Alpha, Beta and Delta

] Update cl param

7 ifl i=<=Nf2

B if2i==

9 Update the Leader using 554 (Eq. 22)

10 else if2 i'=1

11 Update the Followers of the Leader group using GWO (Eq. 23-29)
12 end if2

13 else ifl i= N2

14 Calculate the Best Fitness value of search agents using WOA

15 if3 P<0.5

16 if4 A==1

17 Update the position of current search agent by Eq. 31
18 else ifd A<l

19 Update the position of current search agent by Eq. 30
20 end if4

21 else if 3 P>=0.5

22 Update the position of current search agent by Eq. 32

23 end if3

24 end ifl

25 end while

26 return results

Figure 12 Pseudocode of Proposed Hybrid Algorithm
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3.3 Flowchart of Proposed Hybrid Algorithm

Initialize the population of SSA,
GWO and WOA

_.[

Y
[Check if any agents go beyond

the search space

Calculate the best Fitness val
of search agents (using WOA)

Update the Position
of current search
agent by eq 32

Update the position of
current agent by eq
30

Calculate the Fitness Value for

each search agent ]

A 4

(

Calculate Alpha, Beta and
Delta

A 4

Update ¢4 ]

No

Update the position of

current agent by eq 31

No

A 4

GWO (Alpha, Beta and

| 4
[Update the Followers using
23-29)

[ Update the Leader using

Delta) SSA by eq 22

Iter (t) <=

A

maxiter

Print Results

Figure 13 Flowchart of Proposed Hybrid Algorithm
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CHAPTER IV

FINDINGS AND DISCUSSION

As mentioned before, the optimal features in data set is obtained. In this section we want
to discuss and evaluate about reduced data set. The importance of this chapter is due to
the simulation results performed in Matlab 2016 software. This software has a high ability
in programming ultra-innovative algorithms. It will also be seen in this chapter that we
have reached the optimal solutions by implementing an optimization algorithm based on
proposed hybrid algorithm.

The ionospheric data set from the UCI machine learning database repository is used to
evaluate the impact of feature selection methods on data classification. lonospheric
Dataset represents the data obtained from the classification of the ionospheric radar
reflection signal. There are two classes of "good™ and "bad", and each instance contains
34 attributes. As mentioned above, two shell-based methods have been used to create the

best subset of functions as classifiers.

The main data set has 34 features and 351 records. Besides, the 35" column shows the
result of the feature row being good or bad. With the help of four optimization algorithms,
we have been able to make this database smaller. The main purpose of this dissertation is
to reduce the specificity of the main data set to get solution close to the main database,
for example, the time complexity and cost in calculating of 34 x 351 database is much
more than calculating a database in Dimensions are 6 x 351. In the table 5, an example is

presented.

Table 5 Results of feature selection for all optimizers

Algorithm Name No. of features | No. of selected Feature indices
Proposed algorithm 34 7 5,7,8,18,24,27,34
WOA 34 7 1,7,8,11,18,23,34
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SSA 34 6 5,6,9,13,23,31

GWO 34 7 1,6,8,12,24,27,34

In this thesis, the proposed method based on a hybrid metaheuristic algorithm is applied
on ionosphere data set to reduce image features. In this way, the data set is reduced to an
optimal dataset with some features that has main role on the image classification. This
study follows two data classifier algorithm named as SVM and KNN. The obtained result
is the accuracy rate of this two algorithm. The hybrid metaheuristic algorithm is combined
with SSA, GWO and WOA algorithms. To evaluate the obtained results each classifier
algorithm runs 30 times. The metaheuristic algorithm simulation parameters are presented
in the table 6.

Table 6 The Simulation Parameters

Algorithm Parameter value
GWO a [2,0]
a [2,0]
A [2,0]
WOA C 2.rand(0,1)
| [-1.1]
b 1
SSA C2,Cs [0,1]

We used random selection to distribute the records because the learning functions must
first acquire knowledge of the properties and the results of the properties and then extract
new information from the knowledge gained. As mentioned, we have 351 feature records,

so a number of these records must be selected as knowledge. That we can determine the
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percentage that the result of learning is directly related to this percentage, that is, the more
records learned, the closer we are to the optimal answer. Therefore, we have done the
learning algorithms once the learning rates of 0.3, 0.5 and 0.8 to have a comparison in

terms of learning rates.

Finding the optimal answer is calculated by calculating the area under the curve, which
is a numerical value between zero and one. The closer the value is to one, the more
predictable the learning outcome is. Now, after executing the learning algorithms, Table
7, 8, 9 presents the obtained results. The accuracy of each algorithm is calculated by the
sum of TP (True positive) and TN (True negative) divided by the TP, TN, FP (False
positive), FN (False negative) that given by the Eq. 33:

TP+TN
TP+TN+FP+FN

accuracy = (33)

Table 7 KNN and SVM classifier with 0.3 train rate. (30 runs)

Algorithm Classifier Average Standard division
KNN 0.793 4.1E-02
Proposed Method
SVM 0.781 3.32E-02
KNN 0.763 3.2E-02
SSA
SVM 0.775 3.1E-02
KNN 0.761 3.33E-02
WOA
SVM 0.769 6.31E-02
KNN 0.788 2.82E-02
GWO
SVM 0.775 3.65E-02

While the train rate is 0.5, the proposed approach is superior in KNN classifier, while in
the SVM the GWO seems to be superior than the other algorithms, including the proposed

approach too.

36



Table 8 KNN and SVM classifier with 0.5 train rate. (30 runs)

Algorithm Classifier Average Standard division
KNN 0.816 3.33E-02
Proposed Method
SVM 0.772 1.02E-02
KNN 0.810 2.27E-02
SSA
SVM 0.806 4.14E-02
KNN 0.793 3.15E-02
WOA
SVM 0.796 4.91E-02
KNN 0.811 2.98E-02
GWO
SVM 0.823 1.51E-02

In the another part of the discussion on the results of this thesis, we increased the random
selection variable to 0.8 which means increasing the number of learing records. In other
words, if we have 400 records in the database and considering 0.8 as the rate Learning
means that 320 records from this database are considered as training. The remaining 80
records will be considered as experiments. In this section, due to the randomness of the
selection of two databases on four learning algorithms, it is repeated 30 times and the
results consists of an average of 30 repetitions. At the table 9 the results for the 0.8 train
rate are shown, and as we can see, the proposed approach is superior in both of the

classifiers with the highest accuracy compared to other algorithm.

Table 9 KNN and SVM classifier with 0.8 train rate. (30 runs)

Algorithm Classifier Average Standard division
KNN 0.843 1.25E-02
Proposed Method
SVM 0.853 2.12E-02
KNN 0.821 7.95E-02
SSA
SVM 0.833 4.2E-02
KNN 0.816 4.31E-02
WOA
SVM 0.824 1.26E-02
GWO KNN 0.833 4.36E-02
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SVM

0.837

3.24E-02

Here, to clarify the evaluation the obtained results are shown in the figures 14,15,16. As

shown in the figure, the proposed method has good performance in comparison other

metahehuritis algorithms. The obtained results also clarify the KNN and SVM algorithm

get optimum results.

Train Rate 0.3

g 0.793
0.79
0.785
0.78
0.775
0.77
0.765
0.76
0.755
0.75
0.745

PROPOSED METHOD SSA

Figure 14 Comparison by 0.3 Train Rate

EKNN BESVM
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Train Rate 0.5

0.83

0.823

0.82
0.81

0.8
0.79
0.78
0.77
0.76

0.75

0.74
PROPOSED METHOD SSA WOA GWO

EKNN ESVM

Figure 152 Comparison by 0.5 Train Rate

Train Rate 0.8

0.86

0.853
0.85
0.84
0.83
0.82

0.81

0.8

0.79

PROPOSED METHOD SSA WOA GWO

EKNN ESVM

Figure 16 Comparison by 0.8 Train Rate
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CHAPTER V

CONCLUSION

The process of selecting a subset of features, which can maximize the performance of the
learning algorithm and reduce the dimensionality of the problem space is known as
feature selection. In this study, a new and efficient approach for image feature reduction
have been proposed based on a new hybrid metaheuristic algorithm. This approach aimed
to optimally select the best feature set and obtain comparable or better classification
accuracy from using all features of images. The goal of this study is reached by the new
hybrid metaheuristic algorithm which also was proposed in this study. It consisted of
hybridizing the SSA, GWO and WOA nature inspired algorithms to optimally select the
best feature set of the dataset. The performance of the proposed algorithm has been
evaluated and compared with the basic metaheuristic algorithms of SSA, GWO and
WOA. The proposed approach has outperformed the other algorithms in classification
accuracy, being the one that has selected the best minimal number of features. The results
showed that our method can reduce the image datasets by finding optimal combination of
features with maximum classification accuracy. The main role of these results has been
played by the new hybrid metaheuristic algorithm which based on the results

demonstrated that achieves a better performance than other algorithms.
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