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Abstract

Metaheuristic algorithms have proven to be quite effective at solving global optimization issues, particularly feature
selection difficulties. This class of algorithms often uses a specialized local search technique as an inner component
or as a post-processing mechanism to improve the performance of their search process. This paper presents a
comprehensive survey of the use of local search methods integrated into metaheuristic algorithms for optimizing
the feature selection process. Based on the manner of operation, the local search methods examined in this study
were classed as one-way or two-way. In addition, practical suggestions were also discussed to point out possible
future directions.
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1. Introduction

Optimization is the process of finding the optimal option from among a variety of alternatives. It is primarily
employed in situations where decisions must be made in a specific set of circumstances (Sun et al., 2020).
Optimization problems emanate from various fields and disciplines such as engineering design, agricultural
services, manufacturing systems, economics, etc. Several studies have been conducted to solve optimization
challenges by introducing new approaches or improving existing ones. Optimization problems come in different
types but are majorly divided into continuous and discrete or combinatorial optimization (Vesselinova et al., 2020).

Combinatorial optimization involves selecting the most optimal subset of variables from a set of finite
variables to minimize or maximize the objective function, which frequently entails not just single but several
objectives (Ramos-figueroa et al., 2020). Combinatorial optimization has piqued the interest of scientists in fields
as diverse as artificial intelligence, and operations research among others. Many of these issues are simple to define,
but the process of solving them is quite difficult and complex (Ramos-figueroa et al., 2020). Such types of
combinatorial optimization problems have been categorized as NP-hard problems (Vesselinova et al., 2020).
Examples include the traveling salesman problem, knapsack problems, decision subset sum problem, and feature
selection among others. However, in this paper, we solely discuss feature selection as a combinatorial optimization
problem. The Feature Selection (FS) problem involves the selection of the most informative features from the total
available features. For example, a dataset "A" with a total of "n" features, selects a feature subset B consisting of
“m" relevant features, where m < n and B — A (Xue et al., 2013).
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Several authors have categorized FS into three categories, namely the filter, wrapper, and embedded techniques
(Adamu et al., 2021; Chaudhuri & Sahu, 2021; Huda & Banka, 2020). The filter approach assesses features using
statistical information, the wrapper method evaluates the goodness of the selected feature subset using a learning
algorithm (classifier), and the embedding method incorporates the benefits of both the filter and wrapper methods
(Alzagebah et al., 2020; Chaudhuri & Sahu, 2021; Huda & Banka, 2020; Tubishat et al., 2021). “Fig. 1” presents the
general taxonomy of the FS methods.
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Fig. 1. General taxonomy of the feature selection method

Several studies on optimizing the FS process have been conducted, beginning with exhaustive, heuristic,
and metaheuristic methodologies (Chaudhuri & Sahu, 2021). Exhaustive and heuristic approaches are regarded as
impractical, computationally inefficient, and still stuck in local optima (Huda & Banka, 2020; Mafarja et al., 2020).
As a result, metaheuristics methodologies were created to improve the efficiency of heuristic approaches (Sarhani
et al., 2018).

Metaheuristic Algorithms (MAs) are based on global search theory and are designed to address the
shortcomings of exhaustive and heuristic approaches (Mafarja et al., 2020). MAs such as the Particle Swarm
Optimization (PSO) (Kennedy & Eberhart, 1995), Salp Swarm Optimization (SSA) (Mirjalili et al., 2017), Genetic
Algorithm (GA) (Holland, 1984), Moth Flame Algorithm (MFA) (Mirjalili, 2015b), Spotted Hyena Optimization
(SHO) (Dhiman & Kumar, 2017), Whale Optimization Algorithm (WOA) (Mirjalili & Lewis, 2016), Harmony
Search Algorithm (HSA) (Geem et al., 2001), Dragonfly Algorithm (DA) (Mirjalili, 2016), Coral Reef Optimization
(CRO) (Salcedo-Sanz et al., 2013), Water Cycle Algorithm (WCA) (Eskandar et al., 2012), Ant Lion Optimization
(ALO) (Mirjalili, 2015a), Clonal Selection Algorithm (CSA) (Castro & Zuben, 2002), Sailfish Optimization (SFO)
(Shadravan et al., 2019), Harris Hawks Optimization (HHO) (Asghar et al., 2019), Ant Colony Optimization (ACO)
(Dorigo & Stiitzle, 1999), Bat Algorithm (BA) (Yang, 2010), and Symbiotic Organisms Search (SOS) (Cheng &
Prayogo, 2014) are some of the most used in solving FS problems available in the literature.

Because of the recognized issue with these MAs' exploitation phase, which causes local optima stagnation,
the hybridization of these algorithms with specific local search algorithms such as the Simulated Annealing (SA)
(Kirkpatrick et al., 1983), the Variable neighborhood search (VNS) (Hansen & Mladenovi¢, 2005) among others
have been studied (Ghosh et al., 2020). These local search algorithms are metaheuristics in and of themselves, but
they are categorized as a trajectory or local search techniques since they deal with a single solution rather than a
population of possible solutions like population-based metaheuristics (Chantar et al., 2021).
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The main focus of our survey study is on integrating population-based MA with these local search
algorithms to solve the FS process. To the best of our knowledge, there has been no work of this nature. However,
Blot et al., (2018) presented a similar work but focuses on multi-objective combinatorial optimization not restricted
to only feature selection problems. Other survey works carried out in a similar context to the proposed topic can be
found in (Wang, 2019). According to Xue et al., (2016), works on MAs application for FS problems started around
the early 90s, becoming most popular in 2007. As a result, our research solely covers works published between
2000 and 2021. Our goal is to provide researchers with a comprehensive survey of the state-of-the-art works on the
subject matter, as well as a discussion of potential future work, which we believe will be of great benefit to
prospective and contemporaneous researchers who wish to conduct a more in-depth investigation of the topic.

The remainder of the paper is laid out as follows: Section II has a brief introduction to key concepts on the
issue; Section III contains a study of works in the literature arranged based on the type of local search method
incorporated; Section IV presents the discussion on works in literature as well as recommendations for future works.
Finally, section V contains the conclusion.

2. Preliminaries

In this section, we present the basic ideas to help understand the proposed topic. First, a brief explanation of
population-based metaheuristic algorithms is presented, followed by a general overview of local search algorithms
in the literature.

2.1 Population-Based Metaheuristic Algorithms

The phrase "metaheuristics" can be broken down into "meta," which means "beyond," and "heuristics," which means
"to seek or direct a study or examination" (Sarhani et al., 2018). These metaheuristic algorithms provide high-
quality solutions in a fraction of the time it takes to use typical traditional optimization techniques. Aside from
population-based and single-point search (trajectory), Ghazali, (2009) classified MAs into several other categories
based on selected characteristics i.e., nature-inspired against non-nature inspired, dynamic against static objective
function, memory usage against memory-less methods, swarm Intelligence inspired against evolutionary inspired,
etc.

The key idea behind MAs is to maintain a balance between exploration and exploitation during the search
process. During the exploration or diversification phase, they are expected to explore un-visited regions, while in
the exploitation or intensification phase, focusing on already-visited regions is required (Chakrabarti et al., 2019).

2.2 Local Search Algorithms

In this section, we choose to categorize the local search algorithms into two according to their mode of operation:
i.  One-way Local Search and
ii.  Two-way Local Search or Trajectory methods

Note that the justification behind the classification is due to the exploitation-only nature of (i) and the exploration-
exploitation nature of (ii). The one-way LS is based solely on exploitation, that is, it makes local adjustments or
perturbs a single solution until it improves. An example of LS methods in this class is the paired swap (Liao & Kuo,
2017), where the positions of two selected features in a solution are swapped to achieve a better result. The two-way
LS, on the other hand, is based on both exploration and exploitation, which means that as a result of the changes
made to the initial solution, several neighboring solutions are formed. The best among is then substituted and used
as the new solution. An example is the Simulated Annealing.
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2.2.1  One-way Local Search (exploitation only)

This category of local search algorithms operates in a most similar way to the mutation operator in the evolutionary
genetic algorithm. It involves selecting one or more bits (features) in a solution and performing an operation mostly
flipping or perturbance i.e., changing from 1 to 0 and vice versa (where ‘1’ represents selected features and ‘0’ for
unselected features). The idea behind this is that, by flipping the bits, there is a possibility of de-selecting an irrelevant
or redundant feature as well as a possibility of selecting a highly relevant feature. The presence of these irrelevant or
redundant features causes a degradation in the classification performance (Alhamidi, 2020; Mafarja, 2019).
Therefore, performing this perturbance provides room for possible improvement. Examples of local search
algorithms in this category include the Sequential One Point Flipping (SOPF) (Ghosh et al., 2020), and NBChange
(Alzagebah et al., 2020) among others.

2.2.2  Two-way Local Search (exploration-exploitation)
This category of local search algorithms is also known as metaheuristics, single-point search, or trajectory methods
(Ghazali, 2009). This class of local search algorithms also employs the exploration and exploitation phase (Al-betar,
2016). However, they operate by improving only a single solution (Chantar et al., 2021) unlike in the population-
based metaheuristic where a population of possible solutions is considered. The two-way local search algorithm
begins operation on a single initial solution and gradually evolves it into a better solution using the neighborhood
concept (Ghosh et al., 2019). They are either incorporated into the inner workings of the corresponding population-
based metaheuristic or used as a post-processing mechanism to refine the solution produced (Blot et al., 2018).

Hill Climbing (HC) is the most basic of all the two-way local search algorithms, and it serves as the foundation
for the majority of the others (Al-betar, 2016). The HC does not involve any random component and is used to
strengthen the exploitation abilities of population-based MAs (Blot et al., 2018). However, reports have been made
that the HC is easily trapped in a local optimum (Blot et al., 2018). As a result of this constraint, multiple extensions
to the classical HC have been developed, all to include various intelligent random operators (Al-betar, 2016). Some
of the most common extensions of the HC include the Simulated Annealing (SA) (Kirkpatrick et al., 1983), the
Tabu Search (TS) (Glover, 1986), the Greedy Randomized Adaptive Search Procedure (GRASP) (Feo et al., 1995),
the Variable neighborhood search (VNS) (Hansen & Mladenovi¢, 2005), the Guided Local Search (GLS)
(Voudouris, 1998), the Iterated Local Search (ILS) (Kohlhardt et al., 1972), the Stochastic Local Search (SLS)
(Hoos & Stiitzle, 2005) and their variants (Al-betar, 2016; Blot et al., 2018).

In general, both one-way and two-way local search algorithms have their advantages in the
intensification/exploitation phase, since they can quickly find better solutions in the vicinity of the provided initial
solution (Jia et al., 2019).

3. Existing works on the proposed topic

Following a thorough search on Google Scholar and Scopus, about 100 papers were collected with approximately 71
from Google Scholar and 29 from Scopus. Feature selection, metaheuristic algorithms, and local search are among
the keywords used. However, only about 26 were deemed relevant for inclusion in the literature. The inclusion criteria
restrict to only the integration of local search methods in population-based MAs for solving the FS problem from
2000 to 2021. These literary works are grouped into two parts based on the type of local search strategies employed
and are sorted chronologically (from oldest to the most recent). Tables 1 and 2 present works on the topic that use
one-way and two-way local search algorithms respectively, with each describing its proposed strategy, strengths, and
weaknesses.
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Table 1. works in literature with the one-way local search

S/N  Reference MAC(s) Description Strength/Weakness
of Local Search
1 (Oh et al, Rem-g and Add-g local search GA's  exploitation capability  was
2004) operators. Operates by choosing g strengthened as a result of the
features simultaneously and moving improvements. Random particle

2 (Zhu et al.,
20006)

3 (Kabir et al.,
2011)

4 (Meena et al.,
2012)

5 (Moradi &
Gholampour,
2016)

6 (Liao & Kuo,
2017)

GA

GA

ACO

PSO

SOS

them between feature subsets.

Performs the Add and Delete
operation in the solution vector of an
offspring using the concept of
mutual information.

Performs the Add and Delete
operations using three basic steps to
enhance the exploitation capability
of an offspring. The Add operator
selects a required number of features
while the Delete operator throws
away desired number of features
from the feature set of an offspring.

Make a forward and a backward
search in the search space on the best
ant for a fixed distance to upgrade its
solution

Performs the Add and Delete
operations using two basic steps to
enhance the exploitation capability
of an offspring. The Add operator
selects a required number of features
while Delete throws away desired
number of features.

Paired Swap: Involves swapping the
values of two randomly selected
features in the solution vector.

© The Author(s), under exclusive license to SLUJST 2022
Special Issue on Computing & Advances in Information Technology

initialization employed, on the other hand,
may result in a loss of population diversity,
resulting in  sub-optimal  results.
Furthermore, microarray gene datasets
were used without any suggestions for
reducing the potentially high computing
cost.

GA's  exploitation  capability  was
strengthened as a result of the
improvements. However, The filter

technique of fitness evaluation, i.e., mutual
information, resulted in sub-optimal
performance due to a lack of proper
interaction among features.

As a result of the enhancements, GA's
exploitation capabilities have improved.
The use of correlation information in
selecting features, on the other hand, does
not guarantee proper feature interaction. As
a result, performance may be sub-optimal.

Parallelization was used to deal with the
ACO's great computational power. Using
forward and backward search, on the other
hand, may result in a nesting effect,
resulting in sub-optimal performance.

PSO exploitation capabilities have been
enhanced as a result of the improvement.
On the other hand, using correlation
information in selecting features does not
guarantee proper feature interaction. As a
result, performance may fall short of
expectations.

It may not be effective to select and swap
simply two randomly selected features
without considering the complete feature
space of a solution vector.
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S/N  Reference MAC(s) Description Strength/Weakness
of Local Search
7 (Alzagebah et MFA  NBChange: Randomly select a As a result of the enhancements, MFA's
al., 2020) feature from each solution in the exploitation  capability = has  been
population and change it from 1 to 0 strengthened. Small adjustments in a
and vice versa. NBMove: Randomly solution vector, on the other hand, may
select a feature from each solution in  ©nly result in minor improvements.
the population and change its
position. NBSwap: Randomly select
two features from each solution in
the population and swap their
positions.
8 (Tubishat et SSA  Randomly select three features from As a result of the enhancements, SSA’s
al., 2020) the best solution and change from 1 exploitation  capability = has  been
to 0 and vice versa. strengthened. Small adjustments in a
solution vector, on the other hand, may
only result in minor improvements.
9 (Ghosh et al., PSO+ Sequential One Point Flipping: Goes Performing perturbation on a solution
2020) GA through the entire solution making vector in a sequential manner may result in
changes from 1 to 0 and vice versa. significant  improvement. However,
Only accept a better solution. because of the multiple fitness evaluation,
it is computationally expensive.
10  (Tubishat et SSA  Randomly select two or five features As a result of the enhancements, SSA’s
al., 2021) from the best solution and change exploitation  capability = has  been
from 1 to 0 and vice versa strengthened. Small adjustments in a
solution vector, on the other hand, may
only result in minor improvements
Table 2. works in literature with the two-way local search
S/N Reference MAC(s) Description Strength/Weakness
of Local Search
1 (Blum & PSO  Variable Neighborhood Neighbor solutions are generated for each
Hutchison, Search (VNS) particle by the VNS in each iteration until the
2013) number of neighbors for each particle is equal

to the number of particles in the population.
this provides room for particle exploitation in
a smaller swarm inside the whole swam.
However, it incurs additional computational
costs as a result of the hybridization and also,
multiple fitness evaluation steps due to
neighbor solutions generation.
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S/N Reference

MAC(s)

Description
of Local Search

Strength/Weakness

2 (Nekkaa
Boughaci,
2015b)

3 (Nekkaa
Boughaci,
2015a)

4 (Marinaki
Marinakis,
2015)

5 (Mafarja
Mirjalili,
2017a)

&

&

&

&

GA

HSA

CSA

WOA

Stochastic  Local Search

(SLS)

Stochastic  Local Search

(SLS)

Iterated Local Search (ILS)
and Variable Neighborhood
Search (VNS)

Crossover and Mutation

operators

SLS is embedded in the core of GA to
enhance its exploitation ability. The SLS is
applied after every iteration to the best
chromosome in the population to improve its
fitness. However, it incurs additional
computational costs as a result of the
hybridization and also, multiple fitness
evaluation steps due to frequent calling of the
local search.

Based on an empirically set probability,
generate neighborhood solutions for the
selected individuals in the population by
randomly adding or dropping a feature from
the feature vector of size ‘n’. The neighbor
solution with the best fitness is selected as the
current solution for the next generation. Small
adjustments in a solution vector, on the other
hand, may only result in minor improvements.

Hybridize the CSA+ILS+VNS to improve the
search procedure and evolve a reduced feature
set having high classification performance.
More computational cost due to hybridization
of CSA with two different local search
methods.

The crossover and mutation operators from
GA were used to enhance the exploitation
capability of the WOA by applying to the best
or a randomly selected solution. Small
adjustments in a solution vector i.e. low
mutation rate, may, however, result in minor
improvements.

6 (Mafarja
Mirjalili,
2017b)

7 (Yan et
2018)

&

al.,

WOA

CRO

Simulated Annealing (SA)

Simulated Annealing (SA)
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Development of two FS methods based on
WOA and SA. First, is the incorporation of
SA in the core of WOA to enhance its
exploitation. Secondly, apply SA to the best
solution returned by WOA after each
generation. SA aims to solve the local optima
problem of SHO. However, due to the
hybridization and many fitness evaluation
steps required by repeated calls to the local
search, it incurs significant computing costs.

SA is embedded in the core of CRO to
enhance its exploitation ability. The SA is
applied to the best solution in the population
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S/N

Reference

MAC(s)

Description
of Local Search

Strength/Weakness

10

11

12

(Mirjalili,
2018)

(Alomari et
al., 2018)

(Jia et
2019)

al.,

(Al-rawashdeh
etal., 2019)

(Ghosh et al.,
2019)

ALO

BA

SHO

WCA

GA

Incremental
(IHC)

Hill-Climbing

Beta Hill Climbing (BHC)

Simulated Annealing (SA)

Simulated Annealing (SA)

Late Acceptance
Climbing (LAHC)
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Hill

after each generation. Additional computing
costs as a result of hybridization and repeated
calls to the local search.

Proposed two FS methods based on
ALO~+QuickReduct and ALO+ CEBARKCC.
The two local search methods are hybridized
in the core of the ALO to enhance the quality
of the initial population and also to
subsequently achieve optimum results.

BHC is embedded in the core of BA to
enhance its exploitation ability to select the
most informative subset of genes. The BHC is
applied to the best solution in the population
after each generation. Hybridization and
frequent calls to the local search result in
higher computing expenses.

Development of two FS methods based on
SHO and SA. First, the incorporation of SA in
the core of SHO and apply to the best solution
after each iteration. Secondly, apply SA on
the final solution returned by SHO. SA aims
to solve the local optima problem of SHO.
Hybridization and frequent calls to the local
search result in higher computing expenses.

The development of three FS methods based
on WCA and SA. Low-level: The SA is
applied to the best solution of the WCA after
a predefined number of generations.
Interleave: The best solution is passed to the
SA after each generation. High-level:
Explorative capability of WCA and the fine-
tuning capability of SA are explored at each
generation. Hybridization and frequent calls
to the local search result in higher computing
expenses.

LAHC is embedded in the core of GA to
enhance its exploitation ability. The LAHC is
applied after every generation to each
chromosome in the population a specified
number of times. Hybridization and frequent
calls to the local search result in higher
computing expenses.
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S/N Reference MAC(s) Description Strength/Weakness
of Local Search
13 (Ghosh et al, SFO  Adaptive Beta Hill Climbing Incorporated the A-BHC into the SFO to
2020) (A-BHC) enhance both its exploration and exploitation

capabilities. Additional computing costs as a
result of hybridization.

14  (Elgamal et HHO Simulated Annealing (SA) SA is embedded in the core of HHO to
al., 2020) enhance its exploitation ability to escape local
optima stagnation. The SA is applied to the

best solution in the population after each

generation. Hybridization and frequent calls

to the local search result in higher computing

expenses.
15 (Alzagebah et PSO Late Acceptance Hill LAHC is embedded in the core of PSO to
al., 2021) Climbing (LAHC) enhance its exploitation ability. The LAHC is

applied conditionally when no further
improvement is possible or the solution is
stuck in local optima. Additional computing
costs as a result of hybridization.

16  (Chantar et al., DA Simulated Annealing (SA) SA is embedded in the core of DA to enhance
2021) its exploitation ability. The SA is applied to
the best solution in the population after each
generation. Hybridization and frequent calls
to the local search result in higher computing
expenses.

4. Discussion and Future Directions

It is observed from works in the literature presented that few out of the population-based MAs recorded a fair number
of occurrences in the last two decades concerning the proposed topic. Table 3 presents the entire MAs reviewed in
our literature based on the type of local search algorithm employed.

Table 3. Categorization of MAs reviewed in literature based on the type of local search algorithms employed

from 2000 to 2021
Metaheuristic Number of Times Applied Total
Algorithms
One-Way LS Two-Way LS
GA 4 2 6
PSO 2 2 4
SSA 2 0 2
WOA 0 2 2
MFA 1 0 1
SHO 0 1 1
HSA 0 1 1
DA 0 1 1
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Metaheuristic Number of Times Applied Total
Algorithms

One-Way LS Two-Way LS
1

CRO
WCA
ALO
CSA
SFO
HHO
ACO
BA
SOS

— O, OO OO oo
O = O = e e
— e = e = e = e e

It is observed that only PSO, GA, SSA, and WOA recorded more than one occurrence in total over the last two
decades, with GA attaining the highest. One possible reason for GA recording the highest occurrence is due to its
adverse limitation in exploitation i.e., the mutation operator in GA responsible for the exploitation is insufficient.
PSO also recorded a fairly high number of occurrences after GA. Although the PSOs exploitation phase has been
described as noteworthy (Ghosh et al., 2020), works in the literature demonstrated that further strengthening it with
specific local search algorithms yields better performance. Judging from table 3, it is clear that not much work has
been done in hybridizing population-based MAs with one-way local search algorithms. Therefore, this should draw
the attention of researchers in this field. Contrary to this, hybridizing population-based MAs with two-way local
search algorithms has been commendable with HC, SA, VNS, SLS, and their variants being the most frequently
used. However, in most research, higher computing costs as a result of hybridization and frequent calls to the local
search have been identified as the major downsides. Although several researchers have suggested parallelization in
MAss to share the workload among CPUs or GPUs, establishing specialized approaches for reducing high computing
costs, such as developing a low-cost fitness evaluation strategy, will surely assist (Xue et al., 2016). Nonetheless,
none of the hybridized techniques reviewed in the literature can be said to have solved the local optimum stagnation
problem maximally. Therefore, there is still a need for more superior techniques to be developed.

In the future, researchers in this field should study the effectiveness of hybridizing these population-based
MAs and the local search algorithms that have yet to be tried in the literature. However, an utmost investigation
should be carried out when selecting a combination as not all of them complement each other. Additionally, other
new and promising population-based MAs such as the Black Widow Optimization (BWO) (Hayyolalam et al.,
2020) effectiveness with either of the local search algorithms should be investigated. Finally, more focus should be
placed on developing unique local search methods that are properly adapted to the peculiarities of population-based
metaheuristic algorithms. This would increase their effectiveness and efficiency significantly.

5. Conclusion

The sole aim of this paper was to provide a comprehensive survey for the hybridization of population-based MAs
with local search algorithms in solving feature selection problems. 17 population-based MAs that were hybridized
with different specific local search algorithms to strengthen their exploitation capabilities were reviewed. The local
search algorithms discussed in this paper were categorized into one-way and two-way local search algorithms based
on their mode of operation. This survey reveals that different population-based MAs have over the years drawn the
attention of several researchers to address feature selection problems. The most profound approaches are the PSO
and GA which are among the oldest population-based MAs in literature. Concerning the local search methods, the
HC, SA, SLS, VNS, and their variants were the most employed methods in the literature mostly because of their
strength in exploitation thereby achieving optimum results.
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