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Abstract

This paper proposes a binary adaptation of the recently proposed meta-heuristic,

Equilibrium Optimizer (EO), called Discrete EO (DEO) to solve binary opti-

mization problems. A U-shaped transfer function has been used to map the

continuous values of EO into the binary domain. To further improve the ex-

ploitation capability of DEO, Simulated Annealing (SA) has been used as a local

search procedure and the combination has been named as DEOSA. The pro-

posed DEOSA algorithm has been applied over 18 well-known UCI datasets and

compared with a wide range of algorithms. The results have been statistically

validated using Wilcoxon rank-sum test. In order to test the scalability and

robustness of DEOSA, it has been additionally tested over 7 high-dimensional

Microarray datasets and 25 binary Knapsack problems. The results clearly

demonstrate the superiority and merits of DEOSA when solving binary opti-

mization problems.
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1. Introduction

With the invention of modern hi-tech sophisticated devices, it has become

possible to generate tons of data within a very short interval. However, there

is a two-fold question: do we need the entire set of data to retrieve some useful

information, and is it always feasible to analyze such a huge quantity of data?

Statisticians may help to answer these questions. According to Petrov (2020),

by the end of 2025, there will be around 180 zettabytes of data which is a stag-

gering number and 90% of this data have been generated in the last two years.

As a matter of fact, only 0.5% of data have been analyzed in the year 2012, and

the percentage must have decreased more in recent times. One of the reasons

for this small percentage is due to the lack of enough tools to analyze this enor-

mous quantity of data. This has increased the need for data processing, and

among which one important technique is known as dimension reduction Chizi &

Maimon (2005). The motive of dimension reduction is to extract the meaningful

information from a large dataset while reducing the number of dimensions of

the dataset under consideration.

One of the most sought-after dimension reduction procedures is feature se-

lection (FS) Ghosh et al. (2018a). The objective of FS is to search for the most

optimal set of useful and relevant features from the entire feature vector. It is a

difficult research problem and its difficulty increases exponentially proportional

to the number of features in a feature set. For a feature set with n number

of features, a total of 2n feature combinations are possible, and selecting one

combination out of these 2n combinations becomes extremely complex when the

value of n increases significantly. FS algorithms try to search for a significantly

good and acceptable solution within a suitable time-bound.

FS procedures can be categorized into two different variants: wrapper and

filter. Filter methods look for statistical interpretations of data to find the

most informative and appropriate subset of features. Wrapper methods, on the
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other hand, use learning algorithms (e.g. classifiers Allan (1977)) to evaluate

candidate feature subsets and guide the next round of searches according to the

evaluation outcomes. Although wrapper methods are more resource intensive

(require lots of processing power) than filter methods (due to not requiring

learning algorithms), they are able to find superior solutions in comparison to

filter methods. In order to improve performance of such algorithms, a recent

trend is to blend multiple algorithms to combine advantages of the individual

algorithms. Such hybrid algorithms tend to perform better by improving their

exploration and exploitation ability (through inclusion of local or global search

techniques). Some researchers also use a combination of filter and wrapper to

reach a better solution by using advantages of both the models. These models

are known as embedded models Ghosh et al. (2019a); Guyon et al. (2005).

The quality of such models depends a lot on how wrapper and filter parts

interact with each other which requires an extra level of tuning leading to higher

computational complexity.

The wide use and superiority of hybrid methods in the domain of FS have

intrigued us to develop a new hybrid procedure that can efficiently perform

search operations in the binary search space. In this paper, we have made an

effort to address the FS problem using a hybrid variant of a recently proposed

optimization algorithm known as Equilibrium Optimizer (EO) Faramarzi et al.

(2020). It mimics the process of control volume mass balance used to predict

equilibrium and dynamic phases, where the equilibrium state is treated as the

optimal solution to the optimization problem. FS can also be considered as an

optimization problem, where the goal is to find an optimal feature subset sub-

ject to constraints like high classification accuracy and a low number of features.

This intuitive similarity between FS and optimization problems has motivated

us to modify the EO and apply it to solve FS problems. The highlights of this

paper are mentioned below:

1. Modification of EO by mapping continuous values into the binary domain
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using a U-shaped transfer function, thereby making it applicable to binary

optimization problems.

2. Enhancement of EO’s exploitative abilities through the use of Simulated

Annealing (SA). The hybrid version is known as DEOSA.

3. Validation of the proposed hybrid FS framework (DEOSA) over 18 well-

known UCI datasets.

4. Additional experimentation of DEOSA through applications over 7 high-

dimensional Microarray datasets and 25 binary Knapsack datasets in order

to test the robustness and scalability of the proposed model.

The remaining paper is structured in the following format: Section 2 provides

a detailed literature study of the similar kinds of work carried out by different

researchers across the globe. Section 3 provides a comprehensive illustration

of the proposed FS model. The experimental outcomes of DEOSA over the

UCI datasets are explained in Section 4 while the outcomes of the additional

experiments are reported in Section 5. In the end, Section 6 concludes our work

and provides directions for future extension of this work.

2. Literature Study

It is quite interesting how solutions to many complex optimization prob-

lems are lying hidden in nature waiting to be discovered by us. Throughout

the years, researchers have proposed various algorithms to solve FS problems

getting inspired by natural phenomena. Starting from the concept of chromo-

some formation in the Genetic Algorithm (GA) to the concept of control volume

mass balance in EO, there is a large number of algorithms that are derived from

simple natural occurrences.

The journey of nature-inspired FS algorithms started with GA Leardi (1996).

Leadi et al. introduced GA to the domain of FS by using 0 and 1 to denote

the absence and presence of a feature (variable) in a chromosome (agent). GA

is one of the most popular evolutionary algorithms which mimics the procedure
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of child chromosome formation using the concepts of chromosome crossover and

mutation. While crossover in GA tries to improve exploration, mutation pro-

vides perturbation of the solution to bring exploitation in the search space.

Due to its simplicity in nature, GA has been widely used in various optimiza-

tion and FS problems. In search of a proper trade-off between exploration and

exploitation, researchers have proposed different variants of GA. In Ma & Xia

(2017), Ma et al. have divided the chromosome population in different tribes

and introduced tribe competition to support the evolution process. A modified

GA (MGA) has been proposed in Jiang et al. (2017) where the authors have

updated certain operations of GA to provide guidance to the chromosomes. For

example, in place of typical crossover, they have proposed a crossover procedure

which is guided by the objective measures of the parent chromosomes. MGA

has been used to perform FS before demand forecasting in outpatient depart-

ment. Apart from these recent additions, there are numerous other work on GA

which can be found in Yang & Honavar (1998); Huang et al. (2007); Oh et al.

(2004); SIEDLECKI & SKLANSKY (1993); Ghosh et al. (2018a,b).

After the application of GA in FS, a large number of other nature-inspired

optimization algorithms have been modified to solve FS problems. Meta-heuristic

algorithms like Ant Colony Optimization (ACO), Gravitational Search Algo-

rithm (GSA), Particle Swarm Optimization (PSO), etc. have gained huge pop-

ularity among researchers because of their intuitive simplicity and competent

optimization capabilities. PSO is the brainchild of Kennedy and Eberhart. In

Kennedy & Eberhart (1995), they have proposed PSO trying to replicate the

motion of organisms like birds in a flock or fishes in a school. Different varia-

tions of PSO have been proposed by researchers over the time Tran et al. (2019);

Shang et al. (2016); Moradi & Gholampour (2016). ACO is based on the food

searching process followed by ants in nature. Dorigo et al. have introduced

ACO in Dorigo & Di Caro (1999). Rashedi et al. have developed GSA Rashedi

et al. (2009) which is inspired by mass interactions and the law of gravity.
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All these algorithms are very popular and highly used in the FS domain.

As per the No-free Lunch theorem related to optimization, however, all op-

timization procedures behave equally well when they are averaged over all the

problems Joyce & Herrmann (2017); Gómez & Rojas (2016); Adam et al. (2019).

Intuitively it means that there is no perfect algorithm to solve all optimization

problems Wolpert et al. (1995). If algorithm A outperforms another algorithm

B in some areas, there must be some other areas where algorithm B outper-

forms algorithm A. That is why researchers continue to propose various new

algorithms to solve different optimization problems including the FS problem.

One of the main challenges in any FS problem is to find proper stability between

exploitation and exploration. Many FS algorithms are getting formulated on a

regular basis to address this balance.

Even in recent times, researchers have found enormous inspiration from na-

ture to formulate various other meta-heuristic algorithms for the FS problem.

Binary Grey Wolf Optimizer (bGWO) Emary et al. (2016b) tries to mimic the

hunting strategies and leadership ranking in a pack of grey wolves. Whale Op-

timization Algorithm (WOA) proposed in Mirjalili & Lewis (2016) has been

modified in Hussien et al. (2018) using an S-shaped function to adapt it in FS

domain. WOA follows the bubble-net hunting strategy of humpback whales

using shrinking encircling and spiral movements to perform optimization or FS

procedures. Emary et al. Emary et al. (2016a) have proposed the binary variant

of Ant Lion Optimizer (ALO) Mirjalili (2015) which uses the five hunting steps

of antlions namely random walk, trap building, entrapment of ants, catching

preys and finally rebuilding the traps. Various binary variants of Salp Swarm

Algorithm (SSA) Mirjalili et al. (2017) have been proposed to perform FS Sayed

et al. (2018); Ibrahim et al. (2017). SSA is basically based on the swarming be-

havior of salps observed in oceans. Binary Butterfly Optimization Algorithm

(BBOA), proposed in Arora & Anand (2019), replicates the way butterflies move

in search of food using their sense receptors (mainly known as chemoreceptors)

to follow the fragrance of food/flowers.
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Binary Thermal Exchange Optimization (BTEO), proposed in Taradeh &

Mafarja (2019), is based on Newton’s law of cooling. A multi-objective FS

variant of Artificial Bee Colony Optimization Marinakis et al. (2009) is pro-

posed in qiu Zhang et al. (2019) where the authors have introduced two new

operators based on searches guided by convergence and diversity for employed

and onlooker bees respectively. They have named the proposed algorithm as

Two-archive Multi-objective ABC (TMABC-FS). Yan et al. have proposed a

modified version of Coral Reefs Optimization (CRO) using tournament selection

and SA Yan et al. (2019). Another hybridized version of CRO using Adaptive β

Hill Climbing can be found in Ahmed et al. (2020). A chaotic version of Chicken

Swarm Optimization has been proposed in Ahmed et al. (2017). Some of the

researchers have also invested their effort to utilize common human behaviors

to solve optimization problems. Social Mimic Optimizer Ghosh et al. (2020) is

proposed following the human nature of mimicking more successful humans. For

example, Yuhui Shi has acquired a pattern from human brain storming process

and developed Brain Storm Optimization (BSO) algorithm in Shi (2011). In

2019, the algorithm has been modified by Zhang et al. to make it applicable in

FS qiu Zhang et al. (2019). Apart from the aforementioned algorithms, many

more meta-heuristic algorithms have been formulated getting inspired from var-

ious natural phenomena. Bat Algorithm Gupta et al. (2020), Tree Growth Algo-

rithm (TGA) Cheraghalipour et al. (2018), Garter Snake Optimization (GSO)

Naghdiani & Jahanshahi (2017), AntStar Faisal et al. (2016), Locust Search

(LS) Cuevas et al. (2015), Social Spider Algorithm (SSA) Yu & Li (2015), Fruit

Fly Optimization (FFO) Pan (2012), Emperor Penguins Colony (EPC) Harifi

et al. (2019), Artificial Feeding Birds (AFB) Lamy (2018), Crow Search Al-

gorithm (CSA) Zolghadr-Asli et al. (2017), Spotted Hyena Optimizer (SHO)

Dhiman & Kumar (2018), Sailfish Optimizer Shadravan et al. (2019); Ghosh

et al. (2020), Water Wave Optimization (WWO) Zhang et al. (2018b), Queuing

Search Algorithm Zhang et al. (2018a), are few of such algorithms proposed in

the last decade. All these algorithms try to find a near-optimal solutions of the
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problem under consideration using different mathematical expressions imitating

various processes occurring as parts of a natural phenomenon.

EO is one of the most recent algorithms in the domain of optimization. Fara-

marzi et al. have proposed EO in Faramarzi et al. (2020). EO uses the concept

of control volume mass balance where each particle represents a solution and

its concentration represents the position. The best solutions are termed, equi-

librium candidates. Other candidates update their concentration based on the

equilibrium candidates to reach the final equilibrium state which can be consid-

ered as the optimal solution of an optimization problem. The EO algorithm was

tested on 58 benchmark problems and three engineering case studies. EO out-

performed a wide range of algorithms including GA, PSO, SSA, GA, and GWO.

In Menesy et al. (2020), EO has been used to extract the best combination of pa-

rameter values for the mathematical model of Proton Exchange Membrane Fuel

Cell (PEMFC). The accuracy of the model is computed using the squared error

between the experimental voltage and the voltage obtained by the EO-based

PEMFC model. Seven important parameters are estimated using different opti-

mization procedures like Shark Smell Optimizer (SSO), ALO, JAYA algorithm

and Nelder-Mead simplex method (JAYA-NM), Hybrid GA (HGA), Teaching

Learning Based Optimization - Differential Evolution (TLBO-DE), GWO. In

every scenario, EO has outperformed the other algorithms.

In regards to the existing binary variants of EO in the literature, there are

two popular methods, where one uses s-shaped Gao et al. (2020) and the other

uses V-shaped Zhao & Gao (2020) transfer functions. But recently a new U-

shaped transfer function has emerged in the domain of FS Ahmed et al. (2021);

Mirjalili et al. (2020) that has surpassed the performance of the pre-mentioned

two transfer functions. Depending on the basin width and height of the U, the

exploration and exploitation range can be controlled through the parameters

of the function. This flexibility and some other properties make the U-shaped

function a favorable choice for many researchers. For this reason, we have used
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the U-shaped transfer function to map the continuous values of EO to the bi-

nary counterpart.

This has motivated us to modify EO and make it applicable to solve FS

problems. In this paper, we have mapped EO to the binary space of FS using a

U-shaped transfer function and hybridized it by utilizing the exploitative capa-

bilities of SA. The final hybrid model termed DEOSA has been applied over 18

well-known datasets taken from UCI machine learning repository to prove its

usefulness in the FS domain. On the other hand, as additional experimentation,

it has been tested over 7 Microarray and 25 binary Knapsack datasets to prove

its applicability in other binary optimization problems as well.

3. Proposed Work

3.1. Equilibrium Optimization: An Overview

EO, first proposed in Faramarzi et al. (2020), is a physics based optimization

algorithm inspired by dynamic source and sink models for estimating equilib-

rium states. This method is based upon straightforward properly fused dynamic

mass balance on a control volume, where a mass balance equation is used to

determine the concentration of an impassible component in a control volume

as a function of its different sink and source procedures. The generic equation

of mass-balance is identified with a first order differential equation Nazaroff &

Alvarez-Cohen (2001) given by Equation (1).

V
dC

dt
= QCeq −QC +G (1)

where V is the control volume, C is control volume concentration, Ceq is equi-

librium state concentration without any production inside control volume, G

is the mass generation rate, V dC
dt denotes mass changing rate, Q is the flow

rate, in volume, into and out of the control volume. Equation (1) indicates that

change of mass in time is equivalent to the mass entering the system plus mass-

generated inside minus mass leaving the system. An equilibrium state is reached
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when V dC
dt reaches zero. A rearranged Equation (1) is given in Equation (2).

dC

λCeq − λC + G
V

= dt (2)

where λ = Q
V , implies turnover rate. Equation (3) indicates integration of

Equation (2) over time.

∫ C

C0

dC

λCeq − λC + G
V

=

∫ t

t0

dt (3)

where e0 and C0 are initial start time and initial concentration. Equation (4)

shows the result of Equation (3).

C = Ceq + (C0 − Ceq)F +
G

λV
(1− F ) (4)

F = e−λ(t−t0) (5)

As followed by Equation (4), there are three terms representing the updating

rule of the concentration of a solution. First-term is equilibrium concentration.

One of the best solutions that appeared till the current iteration is used as

equilibrium concentration and it is selected randomly from a pool, namely equi-

librium pool. The second term indicates the concentration difference between a

solution and equilibrium state. The third term is involved with the generation

rate. Mathematical expressions and explanations of these components are given

in the following subsections.

3.1.1. Equilibrium Pool and Candidates

The equilibrium state is the state in which the algorithm converges, and

it is expected to be the global optima of the problem under consideration. In

the beginning, the equilibrium concentration is not known to the algorithm,

rather equilibrium candidates provide the particles with a search pattern. As

per Faramarzi et al. (2020), we have considered an equilibrium pool consisting of

five concentrations: four best-so-far concentrations obtained during the process

and their arithmetic mean. These four concentrations help in the exploration

capability of EO and the arithmetic mean helps in exploitation.

~Ceq,pool = {~Ceq(1), ~Ceq(2), ~Ceq(3), ~Ceq(4), ~Ceq(avg)} (6)
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3.1.2. Exponential Term, F

The term F in Equation (4) helps EO find a balance between exploration

and exploitation. The turnover rate λ is a random vector in [0, 1] since, in

general, the turnover rate varies w.r.t. time in a real control volume and t is a

function of iteration.

t = (1−
iter

maxIter
)
(a2

iter

maxIter
)

(7)

where iter and maxIter are current and maximum number of iterations, re-

spectively. a2 is a constant, higher a2 indicates lower exploration and better

exploitation ability.

~F = e−
~λ(t−t0) (8)

For guaranteed convergence, the search speed needs to be slowed down, and to

perform that t0 is considered as:

~t0 =
1

~λ
ln (−a1sgn(~r − 0.5)[1− e−

~λt]) + t (9)

where, a1 is a constant and higher a1 value implies higher exploration ability.

~r is a random vector in [0, 1]. sgn function indicates the direction of the search

process. As per Faramarzi et al. (2020), we have set a1 = 2 and a2 = 1. By

substituting Equation (9) in Equation (8), we obtain:

~F = a1sgn(~r − 0.5)[e−
~λt − 1] (10)

3.1.3. Generation Rate, G

In EO, the generation rate (G) plays an important role to provide the opti-

mum solution. G is calculated as:

~G = ~G0e
−
~λ(t−t0) = ~G0

~F (11)

where

~G0 =
−−−→
GCP ( ~Ceq − ~λ~C) (12)

GCP =











0.5r1 r2 ≥ GP

0 r2 < GP

(13)
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−−−→
GCP is obtained by repeating the value obtained from Equation (13). r1 and

r2 are random numbers, r1, r2 ∈ [0, 1]. GCP implies a Generation rate Control

Parameter, which indicates the probability of generating the term’s contribution

towards the concentration updating process. GP means Generation Probabil-

ity, which indicates the probability that informs the number of particles using

the last term in Equation (4) to update their states. GP = 0.5 is set balanc-

ing the exploitation and exploration Faramarzi et al. (2020). So, finally, the

concentration updating rule in this algorithm is given by:

~C = ~Ceq + ( ~C − ~Ceq)~F +
~G

~λV
(1− ~F ) (14)

V is considered as unit, i.e. V=1.

3.2. Simulated Annealing

In metallurgy and materials science, annealing van Laarhoven & Aarts (1987)

is a heat treatment in which a solid is heated up to a maximum temperature,

where the solid becomes liquid and then it is cooled by slowly lowering the

temperature. SA Kirkpatrick et al. (1983), inspired from the annealing process,

is a single solution based meta-heuristic algorithm which is an enhanced version

of the hill climbing Ackley (1987). SA uses a certain probability to accept a bad

‘move’ to overcome the problem of being trapped in locally optimal solutions.

For a particular solution (agent), a neighboring solution is generated Mafarja &

Mirjalili (2017) and evaluated using an objective function. If the objective value

of the neighbor is better than the current solution, then the current solution is

replaced with the neighbor. If the objective value of the neighbor is worse than

the current solution, the neighbor is accepted with a probability value generated

by the Boltzman equation, p = e−θ/Tk . So, the acceptance probability function

is given as:

p =











e−θ/Tk if θ > 0

1 if θ ≤ 0

(15)

Here, θ = fit(neighbor)− fit(curr.soln) is the difference between the objective

values of the generated neighbor and current solution. Tk denotes temperature

12



at kth instance of accepting a new solution. Initially Tk = 2 ∗ |D| is considered,

where, |D| is dimension of the problem. For further iterations, Tk+1 = αTk

where αǫ[0, 1] is the cooling coefficient,

3.3. Proposed Discrete EO

Now, the main challenge in an FS problem is to search for the best possi-

ble feature subset. Especially, in wrapper-based algorithms, since each feature

subset needs to be evaluated using a learner (classifier), searching for the best

feature subset is highly time-consuming. Hence, a proper optimization tech-

nique is desired to reduce the required number of subset evaluations. The com-

parative results of EO with other methods present in the literature Faramarzi

et al. (2020) have inspired us to propose this algorithm as a search technique

in a wrapper-based FS method. EO is originally designed for continuous search

space, but since FS deals with binary search space, we have designed a binary

version of EO to deal with the FS problem. Binary search space implies Mafarja

& Mirjalili (2017) that solutions are restricted to binary {0, 1} values. In the

binary version, each concentration is expressed as a vector of 0’s and 1’s, where

the value of 1 represents the corresponding feature is selected and the value of

0 implies that the corresponding feature is not selected.

In the continuous version of EO, the concentration of the solution is up-

dated as Equation (14). Here we need to use a transfer function Mirjalili &

Lewis (2013) to make the binary version of EO. There are numerous transfer

functions being used in the domain of FS to convert continuous optimization

algorithms into binary approaches. In this work, a U-shaped transfer function

is used whose applicability is proved in Mirjalili et al. (2020).

The U-shaped transfer function is provided in Equation (16).

T (x) = α · |x|
β

(16)

where α and β are the two controlling parameters. α defines the slope and β
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controls the basin width of the transfer function. The utilized transfer function

is depicted in Figure 1.

The concentration in the real domain will be converted to binary vector as

per Equation (17) using the probability value generated by Equation (16).

Xd
t =











1 if rno < T (Xd
t )

0 if rno ≥ T (Xd
t )

(17)

where Xd
t is dth dimension of the concentration in tth iteration, rno is a random

number, rno ∈ [0, 1].

6 4 2 0 2 4 6

x

0

50

100

150

200

250

T(
x)

|x|

U-Shaped Transfer Function

Figure 1: Utilised U-shaped Transfer Functions

EO performs exploitation mainly using the Equilibrium pool Faramarzi et al.

(2020). This pool controls both exploration and exploitation. During initial it-

erations, the distance among the equilibrium candidates is high, and the use

of these candidates for updating concentrations helps perform a global search.

With the increasing number of iterations, the equilibrium candidates come closer

to each other and then using these candidates to update the concentrations

helps perform local search encircling the candidates, which results in exploita-

tion. Exploration is exclusively taken care of using Generation Probability (GP,

Equation (13)). However, there is no such thing to consider exploitation partic-

ularly. Hence, we have incorporated the concept of SA to perform a local search

,i.e., take care of exploitation specifically. The hybrid version of EO is labeled

as DEOSA (Discrete EO with SA).
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FS is considered as a multi-objective optimization problem with two different

criteria to evaluate the feature subset in consideration: classification accuracy

and the number of selected features. To be specific, the objective of FS is to

achieve maximum classification accuracy with the minimum number of features.

These two criteria are contradictory in nature Emary et al. (2016b), so we

have considered the classification error rate instead of accuracy. Equation (18)

aggregates both of the objectives together and converts the multi-objective FS

problem into a single objective problem.

↓ Objective = η × ǫ+ µ×
|υ|

|D|
(18)

where, ǫ denotes the classification error rate, |υ| represents the number of fea-

tures in the subset being evaluated, and |D| represents the total number of

features in the dataset. µ and η respectively represent the weight (importance)

of the subset length and the classification error, and η + µ = 1. We have

used the K-Nearest Neighbor (KNN) classifier Altman (1992) to compute the

classification error (ǫ).

4. Experimental Results

This section reports the experiments used to demonstrate the applicability

of EO in the FS domain. We have used the KNN Altman (1992) classifier to

compute the classification accuracy. According to the format followed in Emary

et al. (2016b); Mafarja & Mirjalili (2017), we have set the value of k as 5. The

datasets are divided in 80–20 train-test format. The proposed DEOSA is de-

veloped using Python3 programming language while the graphical illustrations

are prepared using MATLAB.

4.1. Dataset Description

To evaluate the performance of DEO and DEOSA, 18 popular UCI datasets

have been used from the repository Blake (1998). The datasets are adopted
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from diversified backgrounds to ensure the effectiveness of the proposed model.

A brief overview of these datasets is outlined in Table 1. Out of the 18 datasets,

there are 15 bi-class and 3 multi-class datasets. The datasets vary in terms of

both the number of attributes (features) and instances. These variances help in

providing a proper evaluation of the proposed algorithm.

Table 1: Description of the datasets used for the FS purpose

Sl. No. Dataset Domain No. of instances No. of features No. of classes

1 Breastcancer Biology 699 9 2

2 Tic-tac-toe Game 958 9 2

3 Exactly Biology 1000 13 2

4 Exactly2 Biology 1000 13 2

5 HeartEW Biology 270 13 2

6 M-of-n Biology 1000 13 2

7 CongressEW Politics 435 16 2

8 Vote Politics 300 16 2

9 Lymphography Biology 148 18 2

10 SpectEW Biology 267 22 2

11 BreastEW Biology 569 30 2

12 IonosphereEW Electromagnetic 351 34 2

13 KrvskpEW Game 3196 36 2

14 SonarEW Biology 208 60 2

15 PenglungEW Biology 73 325 2

(a) Two-class datasets

16 WineEW Chemistry 178 13 3

17 WaveformEW Physics 5000 40 3

18 Zoo Artificial 101 16 6

(b) Multi-class datasets

4.2. Parameter Tuning

For any population-based evolutionary algorithm, the population size and

the maximum number of allowable iterations significantly affect the searching

procedure. Hence, it is very important to tune these parameters to retrieve

optimal results from the algorithm. Population size maintains the extent of

interaction of agents in a population and the maximum number of iterations

16



guides the convergence policy of the algorithm. In an attempt to find a proper

combination of values for these parameters, DEO and DEOSA are simulated for

different combinations of these parameters.
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Figure 2: Parameter variation for 18 UCI datasets
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Population size for DEO and DEOSA has been varied with the values of

[10, 20, 30, 40, 50, 60] while the number of iterations has been varied as [20, 30, 40],

Classification accuracies are plotted against the varying parameters for each

dataset in Figure 2. It is evident from the graphs shown Figure 2, the combina-

tion of (50, 30) for population size and the maximum number of iterations works

the best in the given scenario. Therefore, for the rest of the experimentation,

we have fixed these values.

Another very important aspect of any evolutionary algorithm is the iteration-

wise improvement in performance. Convergence graphs help to visualize the

evolutionary strength of any algorithm. For this analysis, convergence graphs

of DEO and DEOSA have been plotted in Figure 3. The graphs indicate that

both DEO and DEOSA are able to provide steady and fast convergence over

the iterations. As the best value for the maximum number of iterations is found

to be 30, the convergence graphs are provided for 30 iterations.

4.3. Results and Discussion

This section reports the results obtained by DEO and DEOSA over the 18

UCI datasets outlined in Table 1. To get a generalized overview of the algo-

rithms, both the algorithms have been run 10 times and the best and average

classification accuracies obtained by these experiments have been provided in

Table 2. Inspecting the results in this table, it is evident that DEOSA is able

to achieve better accuracy in most of the cases as compared to DEO. However,

both algorithms have become successful in providing a steady result which is ev-

ident from the low standard deviation values. In order to compare these results

with the results obtained before FS, a simple comparison is provided in Table 3.

For all the datasets, classification accuracy has improved after FS (with huge

margins in multiple cases).

Both algorithms provide ≥ 90% accuracy on 15 datasets but the accuracies

19



(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n) (o)

(p) (q) (r)

Figure 3: Convergence graphs for 18 UCI datasets
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are higher for DEOSA. Moreover, DEO has got 100% accuracy on four datasets

while DEOSA has scored full for five datasets which are quite remarkable. If

we consider only the number of features used to obtain these impressive results,

DEO and DEOSA still perform exceptionally well. DEO and DEOSA use only

50% or even a lesser number of features for classification in most of the cases.

The contribution of SA is evident in Table 3 from the superiority of DEOSA in

providing better results over DEO.

In the case of BreastCancer, Exactly, HeartEW, Lymphography, M-of-n,

SpectEW, Wine, and Zoo datasets, both the variants of EO have shown a huge

increase in classification accuracy after FS. For the rest of the datasets, we can

see increments of about 1−10% which are quite significant improvements as well.

From this discussion, we can safely comment that DEO and DEOSA are

able to successfully select the optimal set of features from the datasets. The

accuracy provided by both the models using very few features makes both the

algorithms very competitive in the field of FS.

Overall, we can say that although DEO and DEOSA perform really well in

FS, the results obtained by DEOSA are better than DEO. Hence, it can be con-

cluded that SA plays a significant role in improving the performance of DEO.

Basically, in DEO, exploration in the search space is guided by the four parti-

cles present in the equilibrium pool. The fifth particle in the pool, which is the

average of the other four particles, mainly helps in exploitation. Whereas, the

stability between exploitation and exploration is maintained by the exponen-

tial term mentioned in Section 3.1.2. However, there may be situations when

particles in the equilibrium pool become similar in nature which indicates that

they belong to the same part of the search space. As a consequence, it leads

to massive exploitation of that specific part. On the other hand, it limits the

algorithm to explore the entire search space to look for the global optima. Here

comes the role of the SA that actually assists DEOSA with exploring the search
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space, and therefore superior performance in DEOSA. In this context, it is to

be noted that even though SA increases the exploratory ability of DEO by cir-

cumventing local optima, the exploration-exploitation trade-off remains stable

due to the usage of the exponential term.

Table 2: Representation of best and average classification accuracies obtained by DEO and

DEOSA. The standard deviations of the accuracies are also provided in the table.

Dataset Criteria DEO DEOSA

BreastCancer

Best Accuracy 96.42857143 96.42857143

Avg. Accuracy 95.85714286 96.42857143

Std. Deviation 0.947607083 0

BreastEW

Best Accuracy 95.61403509 96.49122807

Avg. Accuracy 95.1754386 96.05263158

Std. Deviation 0.438596491 0.438596491

CongressEW

Best Accuracy 95.40229885 96.55172414

Avg. Accuracy 94.82758621 95.63218391

Std. Deviation 0.574712644 0.860151123

Exactly

Best Accuracy 100 100

Avg. Accuracy 93.3 99.35

Std. Deviation 8.1 0.807774721

Exactly2

Best Accuracy 76 76

Avg. Accuracy 76 76

Std. Deviation 0 0

HeartEW

Best Accuracy 90.74074074 90.74074074

Avg. Accuracy 87.77777778 90.18518519

Std. Deviation 2.644973492 1.185763748

Ionosphere

Best Accuracy 97.14285714 95.71428571

Avg. Accuracy 94.28571429 94.85714286

Std. Deviation 1.428571429 0.699854212

KrVsKpEW

Best Accuracy 95.93114241 96.5571205
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Avg. Accuracy 94.8513302 95.77464789

Std. Deviation 0.796278825 0.533001138

Lymphography

Best Accuracy 93.33333333 96.66666667

Avg. Accuracy 90.66666667 93.33333333

Std. Deviation 1.333333333 1.490711985

M-of-n

Best Accuracy 100 100

Avg. Accuracy 98.95 99.7

Std. Deviation 1.171537451 0.9

PenglungEW

Best Accuracy 93.33333333 100

Avg. Accuracy 93.33333333 94

Std. Deviation 1.42E-14 2

Sonar

Best Accuracy 97.61904762 97.61904762

Avg. Accuracy 94.52380952 95.95238095

Std. Deviation 1.859583256 1.52455339

SpectEW

Best Accuracy 92.59259259 90.74074074

Avg. Accuracy 90.92592593 90.74074074

Std. Deviation 0.997252742 0

Tic-tac-toe

Best Accuracy 83.33333333 83.33333333

Avg. Accuracy 83.28125 83.33333333

Std. Deviation 0.15625 0

Vote

Best Accuracy 96.66666667 96.66666667

Avg. Accuracy 96 96.66666667

Std. Deviation 0.816496581 1.42E-14

WaveformEW

Best Accuracy 84.4 84.9

Avg. Accuracy 83.14 83.78

Std. Deviation 0.917823512 0.746726188

Wine

Best Accuracy 100 100

Avg. Accuracy 99.72222222 100

Std. Deviation 0.833333333 0

Zoo

Best Accuracy 100 100
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Avg. Accuracy 100 100

Std. Deviation 0 0

Table 3: Performance of DEO and DEOSA in terms of classification accuracy and no. of

selected features over UCI datasets

Sl. No. Dataset
Total DEO DEOSA

Accuracy #Features Accuracy #Features Accuracy #Features

1 BreastCancer 60.71428571 10 96.42857143 3 96.42857143 3

2 BreastEW 91.22807018 30 95.61403509 6 96.49122807 8

3 CongressEW 91.95402299 16 95.40229885 3 96.55172414 5

4 Exactly 76.5 13 100 6 100 7

5 Exactly2 69 13 76 1 76 1

6 HeartEW 74.07407407 13 90.74074074 3 90.74074074 5

7 Ionosphere 88.57142857 34 97.14285714 5 95.71428571 7

8 KrVsKpEW 95.08763693 36 95.93114241 13 96.5571205 15

9 Lymphography 73.33333333 18 93.33333333 8 96.66666667 9

10 M-of-n 88.5 13 100 7 100 6

11 PenglungEW 93.33333333 325 93.33333333 98 100 86

12 Sonar 88.0952381 60 97.61904762 26 97.61904762 25

13 SpectEW 75.92592593 22 92.59259259 12 90.74074074 9

14 Tic-tac-toe 82.89583333 9 83.33333333 5 83.33333333 5

15 Vote 90 16 96.66666667 1 96.66666667 1

16 WaveformEW 79.7 40 84.4 19 84.9 27

17 Wine 63.88888889 13 100 3 100 3

18 Zoo 85 16 100 5 100 4

4.4. Comparison

In this sub-section, we present the results of the proposed DEOSA and high-

light how it performs w.r.t. state-of-the-art methods. We have compared the

results of DEOSA with some classical (GA, PSO, GSA), some modern (BBA

Mirjalili et al. (2013), bALO-V, bALO-S), and some hybrid (HGSA, CPBGSA

Guha et al. (2020a), DGA Guha et al. (2019), WFACOFS Ghosh et al. (2019b),
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HSGW, RSGW, ASGW Mafarja et al. (2019)) algorithms. This wide range of

algorithms provides a proper comparison environment which, in turn, helps to

establish the superiority of DEOSA in FS.
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Figure 4: Performance comparison of the proposed FS method with other meta-heuristic based

FS methods in terms of classification accuracy over 18 UCI datasets
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Figure 5: Average classification accuracy achieved by each method over UCI datasets. The

figure clearly demonstrates that this binary version of EO is able to provide competitive results

on UCI datasets.

Figure 4 shows the performance of DEOSA in terms of classification accu-

racy over UCI datasets. Inspecting Figure 4, it can be observed that DEOSA

performs best in 7 cases. This algorithm is the second-best over HeartEW and

Sonar datasets while HSGW and RSGW perform the best over them respec-

tively. For SpectEW and Tic-tac-toe, it secures the third rank. In Figure 5,

the average classification accuracy achieved by each method over all the 18

UCI datasets is reported. In terms of the average accuracy, DEOSA provides

94.35612% classification accuracy, which is the highest among all the algorithms.

HSGW and ASGW are the second and third rank holders in terms of average

classification accuracy.
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Figure 6: Comparison of no. of selected features for 18 UCI datasets
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Figure 7: The average number of features selected by each method. The numbers clearly

demonstrate that DEOSA uses significantly low dimensional feature vectors to provide the

competitive accuracy reported in Figure 5

.

Figure 6 shows the performance of DEOSA in terms of another important

aspect of FS and the very purpose of this research field, which is the number

of selected features. We can observe that the DEOSA has selected the lowest

number of features in 8 cases. On average over all 18 datasets (Figure 7), DE-

OSA selects 13.90555556 features, which is second best, following HGSA (10.8).

In order to determine the significance of the obtained results, we have per-

formed the Wilcoxon rank-sum test Wilcoxon (1992) with 5% significance level

for each pair of methods used in this section. Table 4 shows the obtained p-

values, p ≤ 0.05 is shown in bold.
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Table 4: p-values of the Wilcoxon rank-sum test obtained for UCI datasets

DEOSA GA PSO GSA BBA bALO-S bALO-V HGSA CPBGSA DGA WFACOFS HSGW RSGW ASGW

DEOSA - 0.000 0.003 0.001 0.001 0.000 0.000 0.000 0.002 0.023 0.012 0.020 0.029 0.022

GA 0.000 - 0.000 0.000 0.000 0.314 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.000

PSO 0.003 0.000 - 0.012 0.305 0.001 0.433 0.070 0.102 0.052 0.102 0.039 0.03 0.032

GSA 0.001 0.000 0.012 - 0.001 0.000 0.070 0.006 0.005 0.005 0.008 0.004 0.014 0.008

BBA 0.001 0.000 0.305 0.001 - 0.000 0.355 0.040 0.015 0.040 0.053 0.013 0.013 0.01

bALO-S 0.000 0.314 0.001 0.000 0.000 - 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.002

bALO-V 0.000 0.000 0.433 0.070 0.355 0.000 - 0.295 0.214 0.016 0.067 0.035 0.03 0.039

HGSA 0.000 0.000 0.070 0.006 0.040 0.000 0.295 - 0.177 0.016 0.139 0.076 0.07 0.072

CPBGSA 0.002 0.000 0.102 0.005 0.015 0.000 0.214 0.177 - 0.088 0.170 0.191 0.19 0.19

DGA 0.023 0.000 0.052 0.005 0.040 0.000 0.016 0.016 0.088 - 0.587 0.959 0.91 0.9

WFACOFS 0.012 0.000 0.102 0.008 0.053 0.000 0.067 0.139 0.170 0.587 - 0.865 0.85 0.82

HSGW 0.020 0.000 0.039 0.004 0.013 0.000 0.035 0.076 0.191 0.959 0.865 - 0.61 0.071

RSGW 0.029 0.001 0.03 0.014 0.013 0.000 0.03 0.07 0.19 0.91 0.85 0.61 - 0.053

ASGW 0.022 0.000 0.032 0.008 0.01 0.002 0.039 0.072 0.19 0.9 0.82 0.071 0.053 -

5. Additional Testing

As evident from the previous discussion, DEOSA is an effective algorithm for

FS. In this section, additional experiments are performed to check how DEOSA

can scale to bigger datasets and other challenging binary optimization problems.

5.1. Application on Microarray Data

Microarray datasets Guha et al. (2020b) are high-dimensional in nature and

pose greater problem against FS models due to the requirement of extreme

searching. Therefore, such datasets are very effective for assessing the robustness

of any FS model. For this experimentation, 7 publicly available Microarray

datasets have been considered, and details of which are presented in Table 5.
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Table 5: Description of the Microarray datasets used in the present work

Sl. No. Dataset No. of instances No. of features No. of classes

1 SRBCT 83 2308 4

2 Leukemia 72 5147 2

3 DLBCL 77 7070 2

4 Colon 36 7464 2

5 MLL 102 12533 2

6 Prostrate 72 12533 3

7 AMLGSE2191 54 12616 2

The classification accuracies obtained over the seven Microarray datasets

have further been compared with some classical as well as recently proposed

meta-heuristics that include GA, Memetic Algorithm, WFACOFS, and Embed-

ded Chaotic Whale Survival Algorithm (ECWSA). The results of these algo-

rithms are reported in Guha et al. (2020b). Table 6 contains the classification

accuracy obtained by these algorithms over the 7 Microarray datasets. The

number of features used to achieve the accuracy has been provided in parenthe-

sis corresponding to the accuracy.

Table 6: Performance comparison of the proposed method with some existing methods on

Microarray datasets

Dataset

Accuracy (in %)

GA MA WFACOFS ECWSA-1 ECWSA-2 ECWSA-3 ECWSA-4 DEOSA

AMLGSE2191 100(98) 100(91) 96.3(17) 96.67(17) 100(9) 95.83(16) 95.83(18) 100(35)

Colon 100(81) 100(81) 100(3) 100(36) 100(41) 100(30) 100(43) 100(21)

DLBCL 100(88) 100(105) 100(3) 100(29) 100(24) 100(26) 100(31) 100(9)

Leukemia 100(85) 100(65) 100(5) 97.22(7) 100(8) 100(4) 97.22(5) 100(17)

MLL 100(99) 100(107) 100(22) 96.30(16) 98.15(16) 96.30(9) 96.30(19) 100(24)

Prostrate 100(94) 100(80) 100(25) 100(16) 100(17) 100(8) 100(15) 95.24(12)

SRBCT 100(78) 100(50) 100(19) 100(45) 100(32) 100(34) 100(30) 100(17)

For 6 out of 7 Microarray datasets, DEOSA has obtained 100% classifica-
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tion accuracy which is quite remarkable. One thing which is really intriguing is

the number of features selected by DEOSA. These numbers are extremely low

compared to the total number of features mentioned in Table 5. The count of

the features is still less than most of the algorithms used here for the comparison.

5.2. Application on 0/1 Knapsack Problem

In order to check the applicability of DEOSA in other binary optimization

problems, it has been further applied over 0/1 knapsack problems, which are

considered as a popular combinatorial optimization problem with various appli-

cations. The problem states that there are some items where each item contains

some value and some weight. The objective is to select a set of items that will

maximize the accumulated value subject to a constraint on the total weight.

The mathematical formulation of 0/1 knapsack can be stated as:

maximize Z =

n
∑

i=1

vixi (19)

subject to :

n
∑

i=1

wixi ≤ W (20)

where xi is the state of ith item which is 1 if the item is selected, else 0,

vi and wi are the value and weight of the ith item respectively and W is the

maximum allowable weight.

For the experimentation with the binary knapsack problem, 25 popular knap-

sack datasets have been selected Kreher from. The results of 30 independent

runs have been tabulated in Table 7. The mean and standard deviation of these

runs are provided in the table. The results of some other U-shape function-based

models have been taken from Mirjalili et al. (2020) for comparison. To main-

tain a neutral computation environment, the population size and the number of

iterations are set to 20 and 500 respectively as mentioned in the paper.
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Table 7: Comparison of obtained results for binary Knapsack problems.

Name Nvar
UBPSO1 UBPSO2 UBPSO3 UBPSO4 DEOSA

Mean Std Mean Std Mean Std Mean Std Mean Std

Ks 8a 8 3920000 5160 3920000 0 3924400 0 3910000 18100 3924400 0

Ks 8b 8 3813700 0 3813700 0 3813700 0 3813700 0 3740776 0

Ks 8c 8 3347500 0 3347500 0 3347500 0 3350000 3530 3347452 0

Ks 8d 8 4187700 0 4187700 0 4180000 17500 4187700 0 4082475 0

Ks 8e 8 4955600 0 4955600 0 4930000 47500 4940000 43100 4857227 0

Ks 12a 12 5690000 2730 5680000 9210 5680000 27700 5680000 27500 5688887 0

Ks 12b 12 6480000 14300 6480000 13200 6480000 14800 6490000 13200 6498597 0

Ks 12c 12 5170000 11800 5170000 11800 5160000 15700 5160000 18900 5169676 0

Ks 12d 12 6990000 9950 6980000 31400 6990000 9870 6990000 9950 6992404 0

Ks 12e 12 5337500 0 5337500 0 5330000 20200 5330000 15100 5227215 0

Ks 16a 16 7840000 11200 7840000 13400 7830000 16600 7830000 22400 7842384.5 11703.51

Ks 16b 16 9320000 44300 9330000 39100 9310000 46900 9320000 49900 9341431.3 19418.63

Ks 16c 16 9120000 24900 9130000 24200 9120000 34000 9120000 34600 9141289.3 14477.44

Ks 16d 16 9320000 23300 9330000 21900 9330000 19700 9330000 30300 9326519.033 22462.72

Ks 16e 16 7760000 8230 7750000 33800 7740000 42400 7760000 8470 7760444.8 8221.736

Ks 20a 20 10700000 32100 10700000 39300 10700000 34700 10700000 23500 10659381 31178.24

Ks 20b 20 9790000 33200 9770000 35200 9760000 35500 9770000 45200 9740663 33023.79

Ks 20c 20 10692000 38823 10700000 44100 10700000 27500 10700000 50900 10624542.63 44763.87

Ks 20d 20 13900000 33000 8910000 25000 8880000 38800 8870000 52100 8863593.933 31942.57

Ks 20e 20 9350000 13300 9340000 24700 13912000 32994 9350000 10600 9309090.733 18480.36

Ks 24a 24 13493000 36247 13500000 43500 13500000 37100 13500000 60000 13398986.3 50160.74

Ks 24b 24 12202000 23838 12200000 44000 12200000 34000 12200000 62500 12075179.07 34645.94

Ks 24c 24 12202000 23838 12200000 44000 12200000 34000 12200000 62500 12345731 31244.35

Ks 24d 24 12416000 22522 12400000 27100 12400000 33800 12400000 43200 11715570.53 32635.66

Ks 24e 24 13865000 21572 13900000 28100 13900000 30600 13900000 44000 13829445.6 52481.85

From Table 7, it is clearly visible that DEOSA is able to provide results

comparable with the other U-function-based models. The knapsack is a maxi-

mization problem, so the higher the mean, the better the result. DEOSA has

obtained very high mean values over all 25 datasets. One important thing to

observe here is that the standard deviation for the proposed method is signifi-
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cantly low which indicates the stability of the algorithm in providing such good

solutions.

After analyzing the results obtained by DEOSA over UCI, MIcroarray, and

Knapsack datasets, the advantages of DEOSA can be clearly stated as:

• DEOSA is able to provide very high classification accuracy for all the 18

UCI datasets while utilizing a very low percentage of features from the

entire feature set. It proves the applicability of the proposed model in the

domain of FS.

• Successful application over Microarray datasets proves the scalability of

DEOSA because Microarray datasets are high-dimensional in nature and

contain > 2000 features. In 6 out of 7 datasets, DEOSA has achieved

perfect accuracy of 100% which is very impressive, On the other hand, the

number of features to obtain these accuracies is lesser than most of the

algorithms used for comparison in Table 6.

• 0/1 Knapsack problems are used to prove the robustness and applicability

of DEOSA in other binary optimization problems. The high values ob-

tained for the 25 binary Knapsack problems demonstrate that DEOSA is

suitable for other binary optimization problems also. Further, low stan-

dard deviations for all these datasets indicate that DEOSA is very stable

while achieving these results and it has very high chances of providing

good results for every run of the algorithm.

6. Conclusion

In this work, we have proposed a binary variant of EO (DEO) to make it ap-

plicable to the field of FS. To map the continuous values of EO to binary search

space, a U-shaped transfer function has been used. The exploitation ability of
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DEO has been further enhanced through the application of SA which forms a

hybridized variant of DEO, called DEOSA. Both the proposed models have been

tested on 18 popular UCI datasets. From the results and comparison with other

contemporary FS algorithms, we can conclude that DEO and DEOSA have per-

formed significantly well. We have further carried out a test for the statistical

significance of the obtained results using the Wilcoxon rank-sum test. The test

results also indicate that the performance of DEO and DEOSA is satisfactory.

To prove the scalability and robustness of DEOSA over FS or any binary op-

timization problem, it has been additionally applied over 7 high-dimensional

Microarray datasets and 25 binary Knapsack problems. The results for these

sets of experiments are also very convincing. Thus, through this rigorous ex-

perimentation, it has been proved that the binary variant of EO works pretty

well in the FS domain and the addition of SA leads to further improvement.

For future works, we want to try out other transfer functions for the mapping

and apply the proposed models in other domains like FS for Facial Emotion

Recognition, Human Activity Recognition, etc. We are also interested to test

other hybridized variants of DEO by using different meta-heuristic approaches

apart from SA.
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