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Abstract

This paper proposed an improved version of recently developed swarm-based metaheuristic algorithm elephant herding
optimization (EHO) called Improved Elephant Herding Optimization (IEHO). In this IEHO, the opposition-based learning
(OBL) rule and chaos-embedded sequences are incorporated with each iterative stage of EHO to maintain the proper bal-
ance between the exploration and exploitation phase. It regulates the movement of the search agents and avoids premature
convergence. The effectiveness of the proposed model is evaluated in terms of finding the optimal threshold value in Mul-
tilevel thresholding (MTH) of image segmentation which separates the different objects of the images. The methods such
as the Kapur entropy, Otsu and masi entropy are used as the objective function in this problem to determine the optimal
threshold. The proposed IEHO’s performance is compared with the different variants of EHO, artificial bee colony (ABC)
and artificial hummingbird algorithms (AHA). The simulation results regarding convergence speed, stability, and solution
quality performance indicators, such as the structural similarity index (SSIM), feature similarity index (FSIM), and peak
signal-to-noise ratio (PSNR) verify the viability of the above hybrid algorithm.
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1 Introduction
1.1 Background

Multilevel image thresholding is a method of separating
an image into different non-overlapping regions. These
techniques work as the pre-processing step for image
analysis, and nowadays, they are used to aid diagnosis in
medical imaging, automate locomotion for robotics and
self-driving cars, and identify objects of interest in sat-
ellite images. In case of complex medical images, MTH
has become the most preferred choice among researchers
as it can affect all spatial domains of the images, which
helps to reducing the effect of noise. Among the various
advances accessible in the literature for image segmenta-
tion, thresholding-based segmentation approaches based
on pixel value intensity have gained massive popularity
due to their simplicity and accuracy. Threshold-based seg-
mentation is a non-parametric approach to image segmen-
tation in which a set of optimal thresholds is determined
using optimization methods. The objective functions like
Masi’s entropy [29], Otsu’s between class variance [22]
and, Kapur’s entropy method [17] are commonly utilized
strategies for image thresholding. Hence, thresholding-
based segmentation’s primary challenge is to select the
best sets of thresholds that maximize the thresholding pro-
cedure. In most cases, traditional optimization algorithms
become inefficient in solving real-world problems because
they fail to search for the best set of optimized threshold
values. Nature-inspired meta-heuristic optimization algo-
rithms are thought recently to be a promising solution in
this regard.

1.2 Objectives and significance

In recent years, various swarm-based meta-heuristic
algorithms have been reported in the literature to find the
global optimization of various non-linear, non-convex, and
non-differentiable optimization issues across a continuous
search space. Swarm-based meta-heuristic algorithms are
designed according to social animals’ collective and clever
behavior, such as ants, birds, fish, wolves, etc. have proved
their potentiality to unravel different real-life troubles in
the various areas of science and engineering.
Exploration and exploitation are the two leading fac-
tors of any meta-heuristic optimization algorithm. Proper
balancing between these two factors leads to achieving
global optima. Therefore, any optimization algorithm’s
main challenge is to preserve a reasonable adjustment
between these two aspects. But most of the meta-heuristic
techniques use the stochastic property to explore its search
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space, which causes weak convergence, and it stuck into
local optima.

Therefore, developing and improving meta-heuristic
algorithms is continuously needed to solve different types
of optimization problems. Besides this, according to the
No Free Lunch (NFL) theory [39], a single meta-heuristic
algorithm may not produce a better result for all kinds of
optimization. This fact motivates the researchers to devel-
oped or update the existing algorithms. Keeping this in
mind, in this study, we modify the EHO to make strides
in the performance of the basic EHO within the areas of
multilevel image thresholding.

1.3 Literature review

A swarm-based meta-heuristic optimization technique has
become very useful in achieving this target. During the last
few years, several such optimization techniques and their
improved version have been reported in the literature for
image segmentation. Example of few of the meta-heuristic
algorithm are Genetic Algorithm (GA) [43], Biogeography
Based Optimization (BBO) [30], Particle Swarm Optimiza-
tion (PSO) [44], Artificial Bee colony (ABC) [3], Differen-
tial Evolution (DE) [32], Bacterial Foraging Optimization
(BFO) [26], Ant Colony Optimization (ACO) [16], Cuckoo
Search (CS) [7], Honey Bee Mating Optimization (HBMO)
[15], Social Spider Optimization (SSO) and Flower Pollina-
tion (FP) [33], BAT Algorithm [41] etc. Fitness-Dependent
Optimizer (FDO) [21], Ant Nesting Algorithm (ANA) [13],
Learner Performance Based behavior algorithm (LPB) [8],
Child Drawing Development Optimization (CDDO) [2]

In the literature, the OBL strategy has been integrated
with many meta-heuristic algorithms to avoid sub-optimal
issues, which causes premature con-vergence. It is math-
ematically proved that the inverse appraises of a solution
are closer to the global solution than the arbitrary ones [35].
Hence, many authors have incorporated the concept of OBL
with several evolutionary algorithms (EA) such as particle
swarm optimization [46], artificial bee colony (ABC) [42],
krill herd algorithm [31], differential evolution [24], etc. to
avoid the local optima in searching the best optimal values.

Besides the OBL technique, chaotic-based optimization
has also been used to prevent the algorithm from sticking
at suboptimal points in exploring the search space compre-
hensively. Recently, the thought of employing chaotic orbits
rather than a random number in the algorithm has become
an active research area to bargain with the issue of prema-
ture convergence of meta-heuristic optimization. Examples
of such chaos-based optimization are differential evolution
algorithm [25], Darwinian particle swarm optimization [28],
particle swarm optimization algorithm [11], firefly algorithm
[10], bat algorithm [9], and cuckoo search algorithm [37].
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In recent past various work has been reported in lit-
erature of multilevel segmentation. Sharma et al. (2022)
[27] used hybrid Genetic Algorithm and Particle Swarm
Optimization (GA-PSO) to detect brain cancers by mul-
tilevel segmentation of brain MRI data. Kim and col-
leagues (2023) [18] utilized the Firefly Algorithm to seg-
ment retinal images and identify diabetic retinopathy. In
a subsequent investigation, Gupta et al. [12] proposed an
enhanced whale optimization algorithm (EWOA) for the
segmentation of lung CT images to identify lung cancer.
Salima Ouadfel et al. [33] have used two recent nature-
inspired meta-heuristics algorithms named SSO and FP
algorithm for multilevel image thresholding. Pare [23]
proposed modified fuzzy entropy as the segmentation
method with the Levy flight firefly algorithm for threshold-
ing of color images. In [6], authors have focused on color
image segmentation using a different optimization tech-
nique. Khairuzzamanet al. [1] have used grey wolf opti-
mizer (GWO) for image segmentation. In [14], the author
proposes an altered firefly algorithm based on multilevel
thresholding for color image segmentation. Aziz et al. [5]
have utilized the whale optimization algorithm and moth-
flame optimization for multilevel image thresholding.

1.4 Novelty and contributions

In this study, we have coordinated both the chaotic and
opposition-based learning with the basic EHO to explore
the better performance of the EHO. Combining these two
strategies would help the EHO algorithm preserve the
correct adjustment between exploration and exploitation.
This proposed algorithm is evaluated to find the best suit-
able thresholds for image segmentation of some standard
images using Masi’s entropy, Otsu’s between-class vari-
ance and Kapur’s entropy method as the objective func-
tion. Also, we evaluated the algorithm performance statis-
tically and checked the quality of the images using some
quality metrics.

The following are the highlighted contributions of this
work:

e An efficient OBL and chaotic-based EHO called IEHO
to improve the performance of the basic EHO.

¢ Evolution of the effectiveness of the proposed algorithms
for determining the optimal threshold in multilevel image
thresholding for some standard images.

e An extensive comparative study among the different vari-
ants of EHO and other algorithms

e valuate the quality metrics such as FSIM, SSIM, and
PSNR for verifying the quality of the images.

e The robustness of the proposed algorithm is proven in the
present study by accessing the statistical analysis.

1.5 Structure of the paper

The remaining portion of the paper is structured as fol-
lows. The mathematical model of the image segmentation
problem with the different image segmentation techniques
is discussed in Sect. 2. Section 3 presents some recently
proposed meta-heuristic optimization algorithms used for
image segmentation. The proposed algorithm is described
in Sect. 4. The Results, along with discussions, are presented
in Sect. 5. Finally, we conclude in Sect. 6.

2 Mathematical model of the problem

Image segmentation problem is mathematically represented
as:

Rg, < Rif0 <R <TH,

R, < Rif TH, <R < TH,
R < Rif TH, | <R <TH,
R; < Rif TH,<R<L-1

ey

where TH, < TH, < ....... < TH,_, < TH, are the thresh-
olds values which divided the image into R , Rg,, ..., Rg,
regions.. The optimized threshold values TH ,TH,..., TH, can
be obtained by maximizing the following objective function

(TH?, TH}, ......, TH?) = argmax(f(TH,, TH,, ..., TH,)) (2)

In the image segmentation problem, the optimized thresh-
old values used for segmenting the images can be achieved
by optimizing an objective function f{.). In the proposed
research work, two popular segmentation methods, namely
Otsu’s between class variance [22] and Kapur’s [17] method
are chosen. Moreover, one of the high performance-based
segmentation methods namely, Masi’s [29] entropy is used
as the objective function.

The additive or non-additive properties are the two char-
acteristics of images. Most entropy-based segmentation
methods deal with the image’s additive or non-additive
properties. But masi entropy deals with both additive and
non-additive properties. As a result, these methods produce
better segmentation than the other objective functions. The
details of the above objective functions are as follows:

2.1 Objective function
2.1.1 Kapur’s objective function

Kapur’s entropy is one of the well-known objective func-
tions [17] used for computing the optimized thresholds for
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image segmentation. Kapur’s objective function (in terms of
entropy) for dividing an image into n + 1 different regions
using n number thresholds is defined as follows:

fO=Hy+H +H,+ ... +H, (3)

where t = [t.1,, 13, ..., 1,,]
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Hy,H,, ...,H,, are the Kapur’s entropy for segmented region.
The set of optimum thresholds () using Kapur’s entropy is
obtained by maximizing the following function:

" =[t],6,8,....t)] = argmax(f (1)), 5)

2.1.2 Masi's objective function

Masi’s entropy of j segmented region of an image is com-
puted by

L
1 Pi Pi
M; = ——log| 1 = (1 —r)g <5>log<a—)> (6)

J J

For n + 1 regions and n thresholds, 0 <j < n, and r is the
entropic parameter which is set to 0.8. For segmenting n
non-overlapping regions the Masi’s objective function (f(¥))
is defined as follows:

f(t):M0+M1+M2+ ...... +Mn (7)

where t; < t, < t5..... < t, and the optimal thresholds (¢*) are
calculated by optimizing the Masi’s entropy as below:

=1, 85,15, ... t,] = argmax(f (1)), (8)

2.1.3 Otsu’s objective function

Apart from these entropy-based objective functions, Otsu’s
between-class variance is another popular objective func-
tion for image thresholding. For n number of thresholds, the
Otsu’s objective function is given by,
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where p; is the mean intensity of the whole image. The
cumulative probability of each region can be calculated as:

Hh=1 . -1 i1l . L1

p; ip; ID; ip;

MOZ _7/41= _’szz_’ﬂl’l:Z_
iz @i i=t, @; iz, @i i=r, @i

(11)

The set of optimal thresholds (¢*) can be obtained by maxi-
mizing the objective function of the Eqn.(12)

=1, 65,6, ... 1] = argmax(f(t)) (12)

3 Improved elephant herding optimization
(IEHO)

3.1 Elephant herding optimization (EHO)

Elephant herding optimization (EHO) is a newly developed
meta-heuristic algorithm proposed by Wang et al. [36]. The
herding behavior of the elephant in nature is mathematically
modeled in two phases: clan updating operator and separat-
ing operator with the following assumption.

1. The elephant group comprises a fixed number of clans,
and matriarch is the head of each clan.

2. Male elephants like to live alone, and they leave the
group while developing.

3.1.1 Clan updating operator

In this phase, since the matriarch is the leader of each clan,
other clan individuals overhaul their position by the impact
factor of the matriarch by the following equation.

X X tax (xbm,cl - xchj) Xr (13)

new,c;j —

Where x,,, ; represents the matriarch of the clan ¢; and
X is the newly updated position of the j* elephant of
the clan ¢;; matriarch influence factor is decided by the con-
trol parameter @ € [0, 1], and r € [0, 1], which follows the
uniform distribution.

However, as the best elephant of the clan cannot be
updated by the above equation, it is overhauled by the fol-
lowing equation.

new,cij
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Assess the fitness value of each
member of the clan C;

Produce the inverse populations by the OBL
hypothesis and marge this populations with the
arbitrarily chosen populations and choose the fittest
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*
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Fig. 1 Flowchart of OEHO
xnew,ci,j = ﬂ X xcenter,ci (14)

is decided by the
of the clan c; is

The influence factor of X e, i ON X,y i
control parameter § € [0, 1]. The x
calculated as follows.

center,ci

s)

Jj=1
Xeenter.cpd = I’l_ X 2 Xe,

where 7, is the sum of elephants of each clan of the d'h
dimension where 1 < d < D, here D is dimension of the clan.

Table 1 List of chaotic maps

Chaotic map

S.no Neme
LOGISTIC

2 TENT

3 CHEBYSHEV
GAUSSIAN

5 SINE

6 ITERATIVE

7 SINUSOIDAL

8 SINGER

9 CIRCLE

10 CUBIC

Xi=4x,(1-x,) for 0<A<4
X .. = HX, lf 0< X, <0.5
" u(l=x)x, if 05<ux,<1

X

n+i

0 x,=0
Xovi = leodl x, >0

Xy = {sin(rx;) 0<a<4
X = %sin(‘;—f)a e[0,1]1 xe€[0,1]

X = axzsin(ztxi) a=23,xe[0,1]

X, = mu(7.86x; — 23.31xi2 + 28.75xi3 - 13.30287x?) where p =1.07
Z,4; = mod(x; + b — T-sin(2mx;, 1)

Z,.; = Ax, (1 —xi) for 0<A<4

u=125

= cos(kcos™ 1x,)
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i

Partitioned the total populations into the
settled number of clans (MaxClan)

=

Upgrade the position of the all elephants of clan C;
by Eqn.(13)using chaotic sequences

‘ elephant of the clan C;
- I
Select the best population of
clan C;
\
(
Replace the worst elephant of
each clan by Eqn.(16)
usingchaotic sequences
"
YES
e C;=MaxClan
Print the optimal
Stop solution

Fig.2 Flowchart of CEHO

3.1.2 Separating operator

Male elephants in elephant group take off their clans when
they reach adulthood. This herding behaviour is mathemati-
cally modeled as a separating operator. In each era, the most
noticeably awful elephant (Minimum fitness value) of each
clan changed their position by the following equation.

X — X,

min) xXr (16)

wrost,c; = Xmin + (xmax

where x,,,,, . represents the most noticeably awful elephant
of the clan c; of elephant group; search space boundary is
defined in between x,,,. and x,,, and r € [0, 1]is arbitrary
chosen from a group of uniformly distributed numbers.

3.2 Opposition based learning (OBL)

Generally, the starting population of evolutionary algo-
rithms is arbitrarily characterized within the search space,
and after that, it is overhauled in each consequent iteration
and reaches the ideal solution. The convergence speed is
relatively connected to the starting populations of the solu-
tions. Therefore, closer to the starting assumption, less time
is required to converge. Thus, to improve the initial solu-
tion, Tizhoosh [34] has proposed opposition-based learning
(OBL) by concurrently assessing the current and contrary

@ Springer

Update the position of the best elephant of the
clan by Eqn (14)using chaotic sequences

Marge all the clans and calculate the
fitness values of all the elephant.

]

Is end criteria
come to?

populations and selecting the fitter one as the introductory
solution. In the probability theory, 50% of the time, a guess
is an advance from the ideal solution than the inverse estima-
tion. In this IEHO, the OBL strategy is incorporated in two
ways: firstly, it is used to generate the initial population for
quick convergence, and secondly, at the end of each itera-
tion of the basic EHO based on the jumping probability, this
OBL concept is used to dodge the ideal local solution.

Definitions of some useful term associated with OBL is
given below.

3.2.1 Opposite number and opposite point

Opposite number (x ) of a real number is calculated as
X =a+ b —x, where x € [a, b] similarly the opposite point

of X(x,x,, ..., xp) in D-dimensional space f(x1 3 Xgs e s Xp)
is defined as

X=a;+b,—x; where X, € [a;b,] (17)
3.2.2 Opposition based optimization

Let in D-dimensional problem f(xl s Xy, ..., Xp) be the oppo-

site point of X(x;, x,, ..., xp), fAX) and f(X) are fitness values
of current population and opposite population, respectively.
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In maximization problem, if ()_() > f(X), then X point is
replaced by the X.

3.2.3 Opposition based generation by jumping probability

The same method may be followed to improve the solu-
tion in each iteration depending on the jumping rate J,. The
jumping rate is a control parameter defined by the user to
jump or skip opposite population creation at a certain gen-
eration to save the computation time.

Three different jumping rate or jumping probability have
been defined as per literature [35] to explore the tuning abil-
ity of the proposed algorithm are defined as follows:

vag — (J;nax + J:mn)/z
J: = (J;rnux - J:m'n) * ((NFme( - NFC)/NFCmax)

J? = (Jmax — Jminy s (NFC,, — NFC)/NFC,,,,) — (JI — jmim)
(13)

where maximum (J**) and minimum (J:’1i’1) limits of J, are
0 and 0.6, respectively. NFC,, . is the maximum number of
function calls, NFC is the number of function calls at the
current iteration.

3.2.4 Opposition based EHO (OEHO)

The concept of OBL is utilized in basic EHO to enhance its
performance [30]. The application of OBL helps generate
a better starting population for quicker convergence on one
side, and it helps the algorithm come out from local optima
on the other side. The detailed flowchart of the opposition-
alEHO (OEHO) is shown in Fig. 1.

3.3 Chaostic based learning (CBL)

Chaos is a branch of mathematics utilized to engender arbi-
trariness by the basic deterministic framework. It is excep-
tionally touchy to its starting condition. The astronomically
immense number of chaotic sequences with diverse chaotic
orbits can only be incited by transmuting the initial con-
dition. The uncertainty, ergodicity, and stochastic property
[40] of chaotic systems help produce the non-repetitive set of
random numbers, which can help cover all the possible states
in the search domain, confirming the visit to each stage a sin-
gle time. It improves the stochasticity of the heuristic search
process and avails in eluding local optimality [4].

This non-repetitive property of chaotic sequences moti-
vates the researchers to use the chaotic sequence in the
meta-heuristic algorithms to improve global optimiza-
tion performance. In different real-life problems, various
chaotic maps are successfully used to generate globally
accepted solutions. Some widely used chaotic functions
are collected from the literature [20] and shown in Table 1.

We have chosen 0.7 within the limiting range of values
from O to 1 as the starting point. Among all maps, the
robust performance of the Tent map makes it suitable for
this problem domain. Hence, for this problem, Tent maps
are used as the chaotic sequence generator, which replaces
the stochastic nature of the EHO algorithm in each stage.

3.3.1 Chaos-based EHO (CEHO)

In this study, we have incorporated these chaotic phenomena
with the basic EHO to expedite the convergence speed of the
basic EHO. The detailed outlines of Chaotic EHO (CEHO) is
shown in Fig. 2

3.4 Improved EHO (IEHO)

In IEHO, the initial populations are generated through the
OBL, which helps to start with a better population that acceler-
ates the search for global optima and also it helps to come out
from local optima. The CBL concept is incorporated in clan
updating operator and separating operator phases of the basic
EHO. It replaces the stochastic nature of the variable with the
chaotic sequence, which helps to search for better solutions by
increasing the problem’s search space.

The updated clan updating operator and separating operator
of basic EHO are as follows:

3.4.1 Clan updating operator in IEHO

j™ elephant of clan c; is updated as,

xnew,c[‘/- =xc,’/- +r X (xbesl,c, - xc[\,-) X1 (19)

'xnew,cl-‘/ =r; X xcemer,ci (20)

where r,,r, and r; are the chaotic sequences and are generated
by the Tent map with the different initial values

3.4.2 Separating operator in [IEHO

In IEHO, the separating operation is done by using the fol-
lowing equation

X = Xin + ('xmax - xmin) X1y 21

wrost,c;

Where the values of r; are generated by using the Tent cha-
otic map with the different initial values. Besides, we apply
the opposition based learning with chaotic EHO to get it out
of sticking at local optima.
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Fig.3 List of test images along with its histogram of red, green and, blue band in RGB color space
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Table 2 Parameters used for EHO, ABC, AHA algorithms

Algorithms Parameter Value
EHO Number of nests 30
No. of iterations 100
Matriarch influence parameter (a) 0.9
Influence factor of clan canter (f) 0.25
ABC Swam size 30
No. of iterations 100
Lower bound and upper bound 1,256
Value of ¢ [0,1]
AHA Population size (P) 30
No. of iterations 100
Migration coefficient 2%p

4 IEHO in multilevel image thresholding

The following are the steps for implementing IEHO algo-
rithm in multilevel image thresholding.

o Initialize ecosystem :

e Population size
e Number of thresholds to calculate
e Set the generation limit (Maxg,,,)

e Select the starting population by concepts of OBL
theory.

e Evaluate fitness value of all the population of the ecosys-
tem for selected color band of RGB color space.

e Repeat

e Choose the best organism (maximum fitness value)..

¢ Clan update operator Phase.

Each member of the clan are adjusted through
Eqn.(19) except the finest elephant.

Upgrade the position of the most excellent ele-
phant by the Eqn.(20).

Determine fitness value for new reformed ele-
phant.

e End

. Separating operator phase.
e Update the position of the most exceedingly bad
member of each clan by the Eqn. (21).
e End

e Determine fitness for altered elephants
e Merge all the clans to generate the population again.

e Alter the population according to OBL theory, when the
jumping rate is J, < 0.35
o Until (Max_Gen)

5 Experimental setup

The essence of the proposed IEHO-based multilevel image
thresholding has been verified on a set of images with dif-
ferent intensity distributions collected from the benchmark
database of Berkeley University. Images with their histo-
gram are shown in Fig. 3. Experiments are carried out on
a workstation with a PC with a 2.30 GHz CPU, 8.00 GB
RAM, and a Windows 10 environment. MATLAB 2022b is
used for writing and executing the codes.

As the performance of any population based optimi-
zation approach largely depends on its input parameters,
they should be properly selected. To find its optimal input
parameters, it is initially tested on "red band of the boat
image" with different combination of input parameters.
Table 3 shows average fitness value and computational
time for twenty-five independent trials with different com-
binations of input parameters. It is found that the optimal
settings of the input parameters i.e. Jumping probability,
population size, iterations of IEHO for the red band of the
boat image are found to be 0.4, 30 and 100 respectively.
The increase of population size and iteration will unneces-
sarily increase the computation time without improving its
fitness value. Therefore, throughout the experiment, the
present authors fixed the population size to 30, and the
halting condition with 100 iterations for all the algorithms
to achieve an impartial assessment. The remaining param-
eters of all the algorithms are taken from the literature and
are also shown in Table 2

5.1 Performance analysis

The proposed algorithm is applied separately for each image
to find 5, 6, and 7 levels of thresholding. In this study the
Otsu, Kapur’s, and Masi’s entropy-based segmentation tech-
nique are used as the objective function that are maximized
with the proposed algorithms. The result accuracy and effi-
ciency is validated by compared against chaotic and oppo-
sitional based EHO and two recently developed algorithms
ABC, AHA. For the color images, the optimum threshold
value is calculated separately for each red, green, and blues
band for RGB color space. The optimum threshold values
together with the maximum objective function values of the
red, green, and blue bands of different segmentation meth-
ods are shown in Tables 5, 6 and 7. From the above table,
It is established that the maximum calculated fitness values
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for the Otsu, Kapur and Masi’s objective functl.o.n obtained Zj” ij\i MG, j) = SG )
through the proposed IEHO secure the 1st position among ~ RMSE = (23)

all the algorithms.

Segmented images of the proposed algorithm and the
other chaotic and oppositional combination of EHO and
others algorithms are shown in Figs. 4, 5, and 6. Images
are reconstructed using the optimized red, green, and blue
band of the RGB color space. The red band is optimized
using Kapur’s segmentation method, and the green and the
blue band are optimized by Otsu’s and Masi’s entropy-based
segmentation methods.

5.1.1 Evaluation metrics for segmented images

Peak signal-to-noise ratio (PSNR), structural similarity
index metric (SSIM) [45] and feature similarity index met-
ric (FSIM) [19] are the three quality matrices utilized in
this study to measures the quality of the segmented images.

Peak signal-to-noise ratio (PSNR):

PSNR is used to measure the similarity of original and
segmented images. It calculates the root mean square error
(RMSE) of each pixel to find the difference of quality of
original I(i, j) and segmented S(i, j) images. The PSNR can
be defined as follows,

M« N

The higher value of PSNR indicates better segmentation,
which reflects a more effective segmentation process.

Structural similarity index metric (SSIM):

The SSIM [45], is another metric used to measure the
internal structures between original (X) and segmented image
(Y). It considers luminance, contrast, and structure to evaluate
the image quality. Higher the value of SSIM shows the better
internal similarity between the original and segmented images
which indicates better segmentation SSIM and it is defined
as under:

(zﬂxﬂy + C])(ny + CZ)

SSIM (x,y) =
() (u? + /4}2, +c)(o? + (73 +¢,)

(24)

where y, and p, are mean intensities of original and seg-
mented image; o, and o, are the standard deviations (SD) of

the original and segmented image; o,, is the co-variance of
original and segmented image. c, and ¢, are two constants,
where ¢, and ¢, are taken as 0.01 and 0.03, respectively.
Feature similarity index metric (FSIM):
FSIM [19] is used to find feature similarity of two images

f1(X) and f,(X) and is defined by:

2 S;(X)PC, (X
PSNR =10Log, (%) (22)  FSIM = ZXEQZ L0PE, D (25)
X,QPC,,(X)
Table 4 Statistical analysis of Image K  IEHOvs. IEHO vs. IEHO vs. EHO  IEHO vs. ABC IEHO vs.
the proposed algorithm using CEHO OEHO AHA
Wilcoxon rank sum test using
Otsu’s method as objective p h p h »p h »p h p h
function
BOAT 5 >0.05# 0 >005# 0  <0.05*% 1 <0.05* 1 <0.05* 1
6 <0.05* 1 <0.05* 1 >0.05# 0 <0.05* 1 >0.05* 0
7 <0.05* 1 <0.05* 1 <0.05* 1 >0.05# 0  <0.05* 1
STARFISH 5 <0.05* 1 >0.05# 0  <0.05* 1 <0.05* 1 <0.05* 1
6 <0.05* 1 <0.05* 1 <0.05* 1 >0.05# 0 >0.05%* 0
7 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1
FISHING 5 >0.05# 0  <0.05% 1 >005# 0  <0.05* 1 <0.05* 1
6 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1 >0.05% 0
7 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1
LENA 5 <0.05* 1 <0.05* 1 >0.05# 0  <0.05*% 1 <0.05* 1
6 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1
7 <0.05* 1 <0.05* 1 <0.05* 1 >0.05# 0 >005* O
MAN 5 >0.05# 0  >0.05# 0  <0.05*% 1 <0.05* 1 <0.05* 1
6 <0.05* 1 <0.05* 1 >0.05# 0  <0.05* 1 >0.05* 0
7 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1
PEPPERS 5 <0.05* 1 >0.05# 0  <0.05*% 1 <0.05* 1 <0.05* 1
6 <0.05* 1 <0.05* 1 >0.05# 0  <0.05* 1 <0.05* 1
7 <0.05* 1 <0.05* 1 <0.05* 1 <0.05* 1 >0.05% 0
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Fig.4 5, 6, and 7-level segmented starfish images by the IEHO, CEHO, OEHO, EHO and, AHA algorithms

where Q represents the spacial domain of entire image and
S.(X) = S,c(X)SG(X). S,c(X) and S(X) are given by:

2PC{(X)PCy(X) + T, 2G,(X)G,(X) + T.
S,c(X) = 21( ) 2(2) landSG(X)=—1( ) ZE )+ 1
PCI) +PC; +T, G:X)+GX)+ T,

(26)

where PC; and PC, are the phase congruence maps taken out
from two images f;(X), and f,(X), respectively; T, and T, are
constants which are taken as 7; = 0.85and 7, = 160, respec-
tively. Higher value of FSIM indicates better segmentation.

Calculated PSNR, SSIM, and FSIM values of the seg-
mented images in reference to the original images are
shown Table 8. The result demonstrates that the quality of
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Fig.5 5,6, and 7-level segmented lena images by the IEHO, CEHO, OEHO, EHO and ABC algorithms
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Fig.6 5,6, and 7-level segmented Peppers images by the IEHO, CEHO, OEHO, EHO and ABC algorithms
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the segmented images is improved after integrating both
the chaotic and oppositional ideas into the EHO instead of
separately integrating the chaotic and oppositional with the
EHO. It is also shown that the proposed algorithm is more
suitable for a higher level of segmentation, which represents
higher instability.

5.2 Stability

Due to the pseudo-random nature of the meta-heuristic
search, we cannot make a concrete decision on an algo-
rithm’s performance by executing it only once. Therefore, an
algorithm should be repeatedly executed to decide the per-
formance of the algorithm. The optimal results are obtained
by computing the mean and standard deviation. The process
is useful to determine the stability of the algorithm. Higher
mean values imply better performance in segmentation, and
the lower standard deviation values indicate the algorithm’s
stability factor. Hence, the present authors have executed
each algorithm 30 times and recorded the mean and standard
deviation of the metrics. Table 9 shows the recorded values
of an Otsu method for the selected images. The results reveal
that the performance of IEHO comes in the 1st position in
terms of mean and SD values among all the other algorithms
followed by OEHO, CEHO, EHO, and others. This indicates
that the proposed IEHO has less tends to get stuck into local
optima, producing a stable result every time.

5.3 Convergence property

The convergence characteristics curve (objective function
value vs. the number of iteration) of different algorithms
obtained for the 5, 6, and 7-level thresholding of different
images are shown in Fig. 7. for different fitness functions.
Figure 7(a) and (b) show the convergence rate for 5-level
thresholding of starfish and man images using Kapur’s
and Otsu’s objective functions in IEHO, OEHO, CEHO,
EHO,ABC and AHA algorithms. Figure 7(c) and (d)
show the algorithms’ convergence behavior for the 6-level
thresholding of the same set of images for all the algo-
rithms. Figure 7(e) and (f) show the convergence plots
for 7-level thresholding of the same images.The plots
reveal that the IEHO appears to be most steady among
all approaches by accomplishing the ideal fitness in fewer
iterations. It demonstrates its capacity to maintain a stra-
tegic distance from the chances of premature convergence
by getting away from being caught in local optima.

5.3.1 Statistical analysis

Wilcoxon rank-sum [38], a non-parametric statistical
investigation test, has been conducted with a 5% signifi-
cant level to test the critical contrast among the proposed
algorithm with the other considered algorithms. The mean
value of Otsu’s objective function of the blue band is
taken for comparing the performance of IEHO and the
OEHO, CEHO, EHO, ABC, AHA. Table 4 shows the
p-value and the h-value of Wilcoxon’s test of the four
groups namely, IEHO vs OEHO, IEHO vs. CEHO, IEHO
vs. EHO, IEHO vs. ABC and IEHO vs. AHA. A null
hypothesis [(p > 0.05) and (7 = 0)] assumes that there is
no critical contrast between mean values which is indi-
cated by the ‘#” symbol, whereas ‘*’ signifies the alterna-
tive hypothesis [(p < 0.05) and (h = 1)] reflects a critical
distinction between the four algorithms. The results in
Table 4 explore that, for most of the cases, the proposed
IEHO provides better performance than the others dis-
cussed algorithms.

6 Conclusions and future research
directions

Premature convergence is the main challenge of any nature-
inspired meta-heuristic algorithm. Most evolutionary algo-
rithms used the stochastic property to utilize the search
space, comprehensively influencing premature conver-
gence. This study proposed a novel IEHO to find the optimal
thresholds in multilevel image thresholding by integrating
the concepts of oppositional and chaos into the basic EHO
algorithm to maintain a strategic distance from premature
convergence and improve the performance of the essential
EHO.The proposed algorithm has been compared with a dif-
ferent combination of oppositional and chaotic EHO algo-
rithms. The performance is measured by optimizing three
image segmentation techniques: Otsu, Kapur, and Masi’s
entropy-based objective function for standard test images
to find the ideal thresholds in multilevel image segmenta-
tion. This study’s qualitative and quantitative investigation
exposes the proposed algorithm’s efficiency over the other
algorithms. Thus, using chaotic sequence and the opposi-
tional concepts with the basic EHO is an excellent alterna-
tive to avoid local optimality by diversifying its searching
ability, reducing the chances of premature convergence.
Hence, the IEHO confirms a more stable and robust algo-
rithm in multilevel image segmentation. Thus, the proposed
algorithm can be effectively used in the medical domain
to accurately identify the various objects in the medical
images, which helps diagnose diseases properly.

In future, the proposed algorithm can be used to optimize
other research domain problems. Moreover, the proposed
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algorithm can be combined with the machine learning model
and it can be applied to different real-time medical applica-
tions to predict or classify diseases of various categories. On
the other hand, the proposed algorithm can also be used in
feature selection and shape optimization problemss.
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